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Περίληψη

Η διανυσματική επεξεργασία έχει επανέλθει ως μια ιδιαίτερα αποτελεσματική προσέγγιση για την επί-

τευξη υψηλών επιδόσεων σε εφαρμογές με παραλληλία στα δεδομένα και αυστηρούς περιορισμούς κατα-

νάλωσης ενέργειας. Οι διανυσματικές μονάδες επεξεργασίας καταλαμβάνουν μια σημαντική ενδιάμεση

θέση μεταξύ επεξεργαστών γενικού σκοπού και εξειδικευμένων επιταχυντών. Απο τη μιά, διατηρούν

ένα οικείο μοντέλο προγραμματισμού ενώ από την άλλη μπορούν να προσεγγίσουν την αποδοτικότη-

τα εξειδικευμένων επιταχυντών. Ωστόσο, η ενσωμάτωση διανυσματικής εκτέλεσης σε συστήματα με

περιορισμένους πόρους παραμένει απαιτητική καθώς η περιορισμένη επιφάνεια πυριτίου και ο ρυθμός

μεταφοράς δεδομένων από και προς τις μνήμες περιορίζουν το βαθμό διανυσματικής παραλληλίας που

μπορεί να αξιοποιηθεί αποτελεσματικά.

Η παρούσα διατριβή αντιμετωπίζει τις παραπάνω προκλήσεις προτείνοντας νέες αρχιτεκτονικές α-

ποδοτικών διανυσματικών επεξεργαστών RISCV οι οποίοι παρουσιάζουν αυξημένη τοπικότητα δεδο-

μένων, μειωμένη πολυπλοκότητα στα κυκλώματα υπολογισμού και αναδιάταξης δεδομένων και βελτι-

στοποιημένη διανυσματική εκτέλεση κρίσιμων υπολογιστικών πυρήνων. Οι συνεισφορές της διατριβής

αναπτύσσονται σε δύο συμπληρωματικές κατευθύνσεις: (μικρο)αρχιτεκτονικές καινοτομίες για αποδο-

τικότερη αξιοποίηση των πόρων και συσχεδίαση αλγορίθμων και υλικού για σύγχρονες εφαρμογές μη-

χανικής μάθησης.

Μία βασική πρόκληση στους διανυσματικούς επεξεργαστές χαμηλού κόστους είναι η μείωση του

κόστους του διανυσματικού αρχείου καταχωρητών (Vector Register File – VRF), το οποίο αποτελεί

διαχρονικά σημαντικό καταναλωτή εμβαδού του τσιπ και ενέργειας. Η διατριβή παρατηρεί ότι πολλοί

πυρήνες μηχανικής μάθησης παρουσιάζουν μικρά και σταθερά σύνολα δεδομένων εργασίας για μεγά-

λα χρονικά διαστήματα και αξιοποιεί αυτή την ιδιότητα μέσω του προτεινόμενου μηχανισμού διάχυσης

των καταχωρητών (Register Dispersion). Ο προτεινόμενος μηχανισμός αντικαθιστά το μεγάλο συμβατι-

κό VRF με μια αρχιτεκτονική δομή που λειτουργεί ως κρυφή μνήμη για τους συχνά προσπελαυνόμενους

διανυσματικούς καταχωρητές, ενώ οι λιγότερο συχνά προσπελαυνόμενοι καταχωρητές μεταφέρονται

στην υπάρχουσα ιεραρχία κρυφής μνήμης. Με τον τρόπο αυτό μειώνονται σημαντικά η επιφάνεια και η

κατανάλωση ενέργειας του VRF, διατηρώντας παράλληλα την πλήρη συμβατότητα με το σύνολο εντο-

λών.

Επίσης, η αποδοτική διανυσματική εκτέλεση εξαρτάται σε μεγάλο βαθμό και από την αποτελεσματι-

κή αναδιάταξη των δεδομένων μέσα στα διανύσματα. Πρακτικοί υπολογιστικοί πυρήνες απαιτούν συχνά

λειτουργίες αναδιάταξεις των στοιχείων των διανυσμάτων. Η εκτέλεση αυτών των λειτουργιών στο υλι-

κό πραγματοποιείται είτε από σύνθετα εξειδικιμένα κατά περίπτωση κυκλώματα ή οδηγεί στη σπατάλη

πολλαπλών κύκλων εκτέλεσης. Για την αντιμετώπιση αυτών των προβλημάτων, η διατριβή προτείνει
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μια ενοποιημένη μονάδα αναδιάταξης διανυσματικών δεδομένων, η οποία υποστηρίζει αποδοτικά όλες

τις εντολές αναδιάταξης του συνόλου εντολών RISCV. Η προτεινόμενη σχεδίαση παρέχει προβλέψιμη

λειτουργία σταθερής καθυστέρησης για μικρά διανύσματα, ενώ υποστηρίζει υψηλού ρυθμού διοχέτευση

για μεγάλα διανύσματα.

Πέρα από τους βασικούς αυτούς αρχιτεκτονικούς μηχανισμούς, η διατριβή εξετάζει πώς η στοχευ-

μένη προσαρμογή του διανυσματικού συνόλου εντολών μπορεί να βελτιώσει την εκτέλεση εφαρμογών

μηχανικής μάθησης με αραιά δεδομένα. Ο πολλαπλασιασμός αραιού με πυκνό πίνακα (Sparse-dense

Matrix Multiplication - SpMM) αποτελεί βασικό υπολογιστικό πυρήνα σε κλαδεμένα CNNs και σε άλλα

μοντέλα που αξιοποιούν δομημένη αραιότητα. Η εκτέλεση του SpMM οδηγεί σε ακανόνιστες προσπε-

λάσεις δεδομένων και η διαχείριση των δεικτών μπορούν να περιορίσουν την αποτελεσματικότητα της

συμβατικής διανυσματικής εκτέλεσης. Για την αντιμετώπιση αυτού του προβλήματος, η διατριβή αξιο-

ποιεί συνήθη πρότυπα αραιότητας N:M, όπως 1:2 και 2:4, και μία στοχευμένη επέκταση του συνόλου ε-

ντολών που επιτρέπει την έμμεση προσπέλαση του διανυσματικού αρχείου καταχωρητών. Η στοχευμένη

αυτή προσαρμογή του διανυσματικού συνόλου εντολών επιταχύνει σημαντικά τον εσωτερικό βρόχο του

SpMM με αμελητέο κόστος υλικού, καταδεικνύοντας πώς ακόμη και μικρές επεκτάσεις του συνόλου ε-

ντολών μπορούν να γεφυρώσουν αποτελεσματικά το χάσμα μεταξύ γενικού διανυσματικού υπολογισμού

και των ειδικών απαιτήσεων αραιών εφαρμογών μηχανικής μάθησης.

Η διανυσματική επεξεργασία μπορεί επίσης να συμβάλει σημαντικά στην εκτέλεση μεγάλων γλωσσι-

κών μοντέλων σε συστήματα με περιορισμένους υπολογιστικούς και ενεργειακούς πόρους. Στο πλαίσιο

αυτό, η διατριβή αναπτύσσει μια αποτελεσματική διανυσματική υλοποίηση του αλγοριθμου προσοχής

FlashAttention-2, χρησιμοποιώντας μια οργάνωση των δεδομένων ανεξάρτητη που επιτρέπει την απο-

δοτική αντιστοίχιση του υπολογισμού της προσοχής στο διανυσματικό υλικό και τη μείωση του κόστους

του ελέγχου. Μια απλή προσέγγιση της εκθετικής συνάρτησης, υλοποιήσιμη αποκλειστικά με τυπι-

κές διανυσματικές πράξεις κινητής υποδιαστολής, μειώνει περαιτέρω το κόστος του υπολογισμού της

συνάρτησης softmax που εμπεριέχεται στο μηχανισμό προσοχής. Η προσπάθεια αυτή επιφέρει σημαντι-

κή βελτίωση της απόδοσης στο υπολογισμό του μηχανισμού προσοχής, καταδεικνύοντας ότι χαμηλού

κόστους διανυσματικοί επεξεργαστές μπορούν να υποστηρίξουν αποτελεσματικά σύγχρονα γλωσσικά

μοντέλα, χωρίς την ανάγκη ειδικά σχεδιασμένου υλικού.

Συνολικά, η διατριβή προτείνει νέες τεχνικές για τον σχεδιασμό αποδοτικών και χαμηλού κόστους

διανυσματικών επεξεργαστών. Η διάχυση των καταχωρητών μειώνει το κόστος του διανυσματικού αρ-

χείου καταχωρητών, η ενοποιημένη μονάδα αναδιάταξης δεδομένων βελτιώνει την αποδοτικότητα της

μετακίνησης δεδομένων, ενώ η συσχεδίαση αλγορίθμων μηχανικής μάθησης και αρχιτεκτονικής του υλι-

κού επιτρέπει την αποδοτική εκτέλεση εφαρμογών μηχανικής μάθησης με αραιά δεδομένα. Οι τεχνικές

αυτές μπορούν να εφαρμοστούν σε σύγχρονους διανυσματικούς επεξεργαστές RISC-V με αυστηρούς

περιορισμούς σε επιφάνεια, ενέργεια και διαθέσιμη μνήμη.

Λέξεις-κλειδιά: Διανυσματικοί επεξεργαστές, Συσχεδίαση υλικού-λογισμικού, Επιταχυντές μηχανικής

μάθησης, Ενεργειακή αποδοτικότητα, Ενσωματωμένα συστήματα, Αρχιτεκτονική υπολογιστών



Abstract

Vector processing has re-emerged as a highly effective approach to achieving high performance on data-

parallel workloads under tight energy constraints. Vector engines occupy a valuable middle ground be-

tween general-purpose CPUs and domain-specific accelerators: they preserve a familiar programming

model and ISA-level portability while approaching accelerator-like efficiency when workloads expose

regular data parallelism. However, integrating vector capabilities into power- and cost-constrained sys-

tems remains challenging. Energy efficiency must be balanced against programmability, while silicon

area, memory bandwidth, and limited on-chip storage constrain the amount of vector parallelism that can

be effectively exploited.

This thesis addresses these challenges by proposing novel vector processor architectures that pre-

serve the programmability and portability of standards-based vector ISAs, with particular emphasis on

the RISC-V Vector extension (RVV), while systematically improving efficiency through increased data

locality, reduced datapath complexity, and optimized execution strategies for critical workloads. The con-

tributions span two complementary directions: (micro)architectural innovations for resource efficiency,

and algorithm–hardware co-design for modern machine-learning workloads.

A fundamental challenge in low-cost vector processors is to reduce the cost of the Vector Register

File (VRF) that is historically recognized as a major contributor to both area and energy. This thesis

observes that many machine-learning kernels exhibit small and stable working sets over extended exe-

cution phases and exploits this property through Register Dispersion. The proposed mechanism replaces

the large conventional VRF with a compact physical structure that acts as a demand-driven cache for

frequently accessed (“hot”) vector registers, while less frequently accessed (“cold”) architectural reg-

isters are transparently dispersed into the existing cache/memory hierarchy. This substantially reduces

VRF area and energy while preserving strict ISA compliance and dynamically accommodating different

vector-length multiplication (LMUL) configurations and memory-traffic demands.

Beyond register storage, efficient vector execution also depends critically on data relocation within

vectors. Practical kernels frequently require shuffles, transposes, and pack/unpack operations that can

otherwise introduce complex dedicated datapaths or multi-cycle stalls. To address this bottleneck, the

thesis proposes a Unified Vector Permutation Unit that efficiently supports all RVV permutation classes

within a unified microarchitecture. The proposed design provides predictable fixed-latency operation for

short vectors while supporting high-throughput pipelining for long vectors, turning vector permutations

into a low-overhead and reusable execution primitive.

Beyond these core architectural mechanisms, the thesis investigates how targeted vector ISA cus-

tomization can improve the execution of sparse machine-learning workloads. Sparse-dense matrix mul-

xi
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tiplication (SpMM) is a key computational primitive in pruned CNNs and other models that exploit struc-

tured sparsity, yet its irregular data accesses and index handling can limit the effectiveness of conventional

vector execution. To address this, the thesis exploits common N:M sparsity patterns, such as 1:2 and 2:4,

through novel row-based vector kernels. By strategically placing non-zero values and their indices across

scalar and vector register files, the proposed kernels reduce data dependencies and enable deeper loop

unrolling. While the pure-RVV implementation already captures significant efficiency, the thesis further

introduces IndexMAC, a minimal fused-instruction extension that enables low-cost, index-driven VRF

reads to improve dense-operand reuse. This targeted ISA customization substantially accelerates the inner

loop of SpMM with negligible hardware cost, demonstrating how small extensions to a standard vector

ISA can effectively bridge the gap between general-purpose vector processing and the specific execution

requirements of sparse ML workloads.

Vector processing can also play a key role in bringing Transformer models to resource-constrained

edge platforms, where the computational cost of attention remains a major bottleneck. This thesis de-

velops a fully RVV-compliant implementation of FlashAttention-2, using vector-length-agnostic tiling to

efficientlymap the attention computation onto vector hardware while minimizing scalar control overhead.

A lightweight exponential approximation, implemented directly using standard vector floating-point op-

erations, further reduces the cost of the softmax computation. By efficiently vectorizing the attention

kernel and reducing its computational overhead, the proposed approach delivers significant speedups

for attention layers, demonstrating that low-cost vector processors can effectively support Transformer

and other modern language models at the edge without relying on dedicated AI accelerators or custom

hardware.

Taken together, these contributions establish a design approach for efficient, low-cost vector en-

gines that preserves the programmability of standard vector ISAs while addressing their key hardware

and workload-level limitations. Register Dispersion reduces the cost of vector state, the Unified Vector

Permutation Unit addresses data-movement overheads, and targeted ISA and algorithm–hardware co-

design enables efficient execution of both sparse and dense machine-learning workloads. The resulting

techniques provide generalizable and scalable solutions for contemporary RISC-V vector processors and,

more broadly, for vector architectures in which area, energy, and memory efficiency are first-class design

constraints.

Keywords: Vector processors, Hardware-Software codesign, Machine learning accelerators, Energy ef-

ficiency, Embedded Systems, Computer Architecture.
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Chapter 1

Introduction

The pursuit of energy efficiency has fundamentally reshaped computer architecture. For decades, per-

formance scaling relied on complex general-purpose CPUs that extracted instruction-level parallelism

from sequential code [113]. As power and thermal constraints have tightened, from battery-powered

edge devices to large-scale datacenters, this scalar-centric approach has reached its limits. In traditional

superscalar cores, instruction fetch, decode, and control can consume substantial energy relative to the

arithmetic operations themselves [36].

In the AI era, optimal processor design is increasingly about doing more with less: electricity con-

straints demand higher performance per W, while memory constraints call for denser logic and higher

performance per mm2.

At the same time, computing workloads have changed fundamentally. Applications such as large

language models, computer vision, robotics, and security increasingly rely on kernels that operate on

large collections of data. Similar operations are repeatedly applied across tensors, images, signal streams,

sparse matrices, or encrypted data. These workloads expose substantial data-level parallelism and favor

throughput-oriented execution over the instruction-centric execution of traditional CPUs.

The emergence of such workloads has therefore driven a broader architectural shift, from control-

heavy scalar execution toward architectures that can exploit parallel computation with lower control

overhead and more efficient data movement [49, 46]. This shift has led to a broad spectrum of data-

parallel architectures, ranging from flexible vector processors to highly specialized accelerators [8, 46],.

Each offers a different balance between programmability, area, and energy efficiency.

1.1 Modern Data-Parallel Workloads

Modern workloads span a broad range of applications, each with distinct computational characteristics

and performance requirements. Large language models (LLMs) are dominated by matrix and vector op-

erations, with attention and normalization emerging as key computational kernels. Convolutional neural

networks (CNNs) rely heavily on convolution and other dense tensor operations, while pruning intro-

duces sparse computation and irregular data accesses. Robotics and signal-processing applications sim-

ilarly combine regular vector operations with tight latency and energy constraints, whereas security or

privacy-preserving applications, rely on computationally intensive arithmetic over large data sets. These

1
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workloads highlight the need for programmable architectures that can efficiently support diverse data-

parallel computations while remaining suitable for resource-constrained systems.

Transformers and Large Language Models. Transformers are one of the dominant model families

in modern machine learning. They are widely used in natural language processing [111], vision trans-

formers, speech and audio processing, and multimodal systems [92]. Their success has made transformer

inference and training a major driver of accelerator design, especially in systems where high throughput

must be delivered under strict power and memory-bandwidth constraints.

The original transformer is commonly instantiated as an encoder–decoder architecture: an encoder

first builds contextual representations of the input, and a decoder then generates the output autoregres-

sively while attending to those encoder representations. In contrast, many modern Large Language Mod-

els (LLMs) used for general-purpose text generation are decoder-only, but they reuse the same compu-

tational primitives that appear in the encoder–decoder design (attention, feed-forward layers, residual

paths, and normalization) [92].

Figure 1.1 summarizes the typical encoder-decoder transformer. Both stacks begin with token em-

beddings augmented by positional encodings. Each encoder block applies multi-head self-attention over

the full input sequence (token mixing), followed by a position-wise feed-forward network (channel mix-

ing); both sub-layers are wrapped with residual connections and normalization (“Add & Norm”). Each

decoder block applies masked self-attention to preserve causality, then performs cross-attention over

the encoder outputs, and finally applies the feed-forward network, again with residual connections and

normalization. The decoder output is mapped to vocabulary logits by a linear layer and converted to

probabilities by softmax [92].

A transformer processes an input as a sequence of discrete elements, or tokens. In a language model,

tokens correspond to pieces of text; in a vision transformer, they may correspond to image patches. Each

token is represented by a dense numerical vector called an embedding. The number of tokens processed

together is the sequence length, while the size of each embedding vector is the hidden dimension, or

model dimension. Multi-head attention further partitions this representation into several attention heads,

allowing the model to compute multiple token-to-token interaction patterns in parallel.

The core computation in transformers is built around attention and dense linear layers. Figure 1.2

illustrates the main dataflow of a self-attention block. The input token embeddings are first transformed

by learned linear projections into three tensors: queries, keys, and values. The queries and keys are mul-

tiplied to produce a token-to-token score matrix, which captures how strongly each token should attend

to every other token. A softmax operation normalizes these scores into attention weights. These weights

are then multiplied by the value vectors to produce the output hidden states. Around this attention op-

eration, transformer blocks also include output projections, feed-forward layers, normalization, residual

connections, and activation functions.

From an architectural point of view, this dataflow is strongly GEMM-oriented. The query, key, and

value projections are dense matrix multiplications; the query–key comparison is also a matrix product;

and the final weighted aggregation over values is another matrix multiplication. The feed-forward layers

that follow attention are typically large dense linear operations as well. Thus, the dominant arithmetic in
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Figure 1.1: High-level transformer encoder–decoder architecture.

transformer blocks is composed of GEMM-like kernels, surrounded by vector-style operations such as

softmax, normalization, residual additions, and activation functions.

This GEMM-oriented structure becomes even more important in LLMs, where model size is scaled

by increasing the number of layers, hidden dimensions, attention heads, and parameters. Training and

inference therefore require sustained multiply–accumulate throughput and high memory bandwidth. To

reduce this cost, some transformer and LLM implementations exploit structured sparsity, such as block

sparsity or fixed patterns like 2:4 sparsity. Structured sparsity is important architecturally because it

reduces the number of effective operations while preserving enough regularity for efficient hardware

execution. In contrast, arbitrary unstructured sparsity is harder to exploit because it introduces irregular

indexing, load imbalance, and less predictable data movement.

Figure 1.3 shows this behavior for a BERT-base model on edge-computing platforms, where attention

and linear layers occupy the majority of execution time across different input sequence lengths. These

operations expose substantial data-level parallelism across tokens in the sequence, elements of the hidden

dimension, independent attention heads, and batches of inputs. This is why transformer workloads are

a major target for architectures that can sustain high multiply–accumulate throughput while efficiently

reusing operands close to the compute units.
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Figure 1.2: Self-attention dataflow. Input token embeddings are projected into query, key, and value ten-

sors. Query–key matrix multiplication produces attention scores, softmax normalizes them into attention

weights, and the resulting weights are multiplied with the values to produce hidden states.

However, transformer efficiency is not determined by GEMM alone. Softmax introduces reductions

and nonlinear operations; normalization and residual paths require vector-style elementwise operations;

and LLM decoding introduces key/value-cache accesses and memory-bandwidth pressure. Therefore,

transformers motivate architectures that can accelerate dense matrix operations while also supporting the

surrounding vector, reduction, and data-movement kernels.

Commercially, transformer-based LLMs are now offered bymultiple providers and ecosystems. Rep-

resentative examples include OpenAI’s GPT-family models [125], Anthropic’s Claude models [107],

Google’s Gemini models [26], and Meta’s Llama-family models [151] (widely used both via hosted ser-

vices and as open-weight deployments), as well as offerings from companies such as Microsoft (Phi) [2].

Spatial computer vision. Computer vision workloads form another major class of data-parallel compu-

tation. CNNs, which are widely used in vision and perception [74], repeatedly apply convolutional filters

over image tensors. Applications include image classification, object detection, semantic segmentation.

These workloads differ from transformer models because their data has strong two-dimensional spatial

locality: neighboring pixels and feature-map elements are spatially correlated, and the computation is

organized around local windows over the input.

A typical CNN architecture is composed of multiple layers including convolutional layers, activation

functions, pooling layers, and fully connected layers, as depicted in Figure 1.4. From a computation view-

point, a CNN is a feed-forward graph that repeatedly applies a MAC-dense linear operator to activation

tensors, interleaved with vectorized elementwise transforms and local reductions [98]. In typical CNN

inference and training workloads, convolutional layers account for the dominant share of arithmetic op-

erations [60] and often constitute the largest fraction of execution time, since they are invoked repeatedly

across the network and require a large number of multiply–accumulate operations over high-dimensional

activation tensors and filters.
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Figure 1.3: Execution-time breakdown of a BERT-base model on edge-computing platforms, highlight-

ing the dominant contribution of attention and linear layers, as measured by [168].

Figure 1.4: A typical CNN architecture for image classification, highlighting convolution, activation,

pooling, and fully connected layers.

A convolution can be viewed as a large collection of sliding dot products. Each output element is

produced by multiplying a small spatial–channel patch of the input by a filter and reducing the products

into a single value. Across an image, and across batches and output channels, the same filter weights are

reused many times, while neighboring output points access highly overlapping input regions. This win-

dowed structure creates both massive parallelism and significant data reuse, making convolutions highly

suitable for data-parallel acceleration when the hardware can exploit locality through tiling, buffering,

and reuse of input activations and weights.

A convolutional layer maps an input feature map (IFM) to an output feature map (OFM). For a single

sample, we represent the IFM as a 3D tensor I ∈ RC×H×W and the OFM as O ∈ RM×E×F , where C is

the number of input channels,M is the number of output channels (filters), and H ×W and E × F are

the input and output spatial resolutions. The layer parameters are the filter weights W ∈ RM×C×R×S ,
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Figure 1.5: Convolution lowering to matrix multiplication.

with kernel size R× S, which lead the convolution to be computed as

O[m, y, x] =

C−1∑
c=0

R−1∑
i=0

S−1∑
j=0

I[c, y + i, x+ j] ·W [m, c, i, j]. (1.1)

This expression makes explicit that each output element is a reduction of multiply–accumulates: an

inner product between a flattened receptive-field vector of length RSC and a flattened filter vector.

Across all (m, y, x), the layer executes a very large number of such dot products. This structure exposes

data-level parallelism across output channels, spatial positions, batches, and reduction dimensions. It

also creates significant reuse, because the same filter weights are applied repeatedly across many spatial

positions, while neighboring output elements access overlapping input regions.

The same computation can be reorganized into an explicit matrix multiplication [154], which is one

of the key enablers for accelerator mappings. By collecting all receptive fields into a matrix Xcol ∈
R(RSC)×(EF ) (the classical im2col view, or an equivalent implicit-GEMM layout) and reshaping the

filters intoWmat ∈ RM×(RSC), the layer becomes

Omat = WmatXcol, (1.2)

where Omat ∈ RM×(EF ) is the OFM flattened over (y, x). This exposes convolution as dense GEMM

with a simple epilogue and allows direct use of MAC-dense engines designed to maximize operand reuse
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and sustain high throughput [98]. The transformation of convolution into matrix multiplication using

im2col is presented in Figure 1.5. However, explicitly materializing Xcol can increase memory traffic

and storage footprint because overlapping input windows are duplicated in the lowered matrix. Practi-

cal implementations therefore often use implicit-GEMM formulations that generate the required tiles on

demand, preserving the GEMM mapping while reducing unnecessary data movement.

Although the GEMM view is useful, computer-vision workloads are not purely dense matrix multi-

plication. Activation functions such as ReLU introduce dynamic activation sparsity by setting negative

values to zero, so a significant fraction of feature-map elements may become zero during inference. This

creates opportunities for hardware to save energy by bypassing zero-valued operations, reducing memory

traffic, or clock-gating inactive datapaths. Pooling, normalization, layout transformations, and quantized

operators also appear throughout practical networks. Therefore, CNNsmotivate accelerators that can pro-

vide high throughput for convolution and GEMM while also supporting vector operations, reductions,

sparsity, and data-layout movement.

TinyML and edge inference. TinyML and edge inference push machine learning into deeply con-

strained devices, such as microcontrollers, wearable sensors, and battery-powered embedded platforms.

Representative applications include wake-word detection, vibration-based predictive maintenance, ac-

tivity recognition, wearable health monitoring, and low-power sensor analytics. These systems operate

under strict power and memory budgets, often with only small on-chip SRAMs and no large cache hier-

archy.

Figure 1.6: Depthwise separable convolution. The depthwise stage applies independent spatial filters per

channel, while the pointwise stage uses 1× 1 convolutions to mix channels. Taken from [82].

In this regime, large dense GEMM kernels are often reduced or fragmented. Efficient models com-

monly rely on compact operators such as depthwise separable convolutions, pointwise convolutions,

matrix–vector operations, and aggressive low-precision arithmetic. A depthwise separable convolution

decomposes a standard convolution into two stages, as illustrated in Figure 1.6. The depthwise stage

applies one spatial filter independently to each input channel, while the pointwise stage uses 1×1 convo-
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lutions to mix information across channels. This decomposition greatly reduces the number of parameters

and multiply–accumulate operations compared with a full convolution, making it attractive for edge mod-

els such as MobileNet-style networks [51].

However, this efficiency changes the hardware requirements. Instead of a few large dense GEMM

kernels, TinyMLmodels often containmany smaller operationswith lower arithmetic intensity and tighter

memory constraints. Quantization to INT8 or INT4 and model pruning are widely used to reduce stor-

age and computation. The resulting workloads still expose data-level parallelism, but the parallelism is

shorter, more fragmented, and more sensitive to memory movement. This favors low-power architec-

tures that can exploit vector or sub-word parallelism without requiring large systolic arrays or massive

thread-level parallelism.

Autonomous robotics and spatial computing. Robotics and spatial-computing workloads require

agents to interpret and interact with the physical world in real time. Applications include simultane-

ous localization and mapping (SLAM), LiDAR point-cloud processing, visual odometry, autonomous

drone navigation, and sensor fusion [18, 30]. These workloads often combine dense numerical kernels

with sparse, graph-like, or geometry-dependent data structures.

Unlike CNNs and transformer blocks, many robotics kernels are not dominated by large denseGEMM

operations. Instead, they frequently involve sparse matrix computations, irregular neighborhood opera-

tions, and graph-based optimization. Sparsity arises both in the input data and in the mathematical struc-

ture of the algorithms. For example, a LiDAR point cloud samples only a small subset of the surrounding

3D space, making the input inherently sparse and irregular. Similarly, SLAM back-end algorithms such

as pose-graph optimization or bundle adjustment construct large sparse linear systems, because each ob-

servation typically constrains only a small subset of the robot state variables.

A common pattern is sparse matrix–vector or sparse matrix–matrix computation, where only the

nonzero entries are stored and processed. Although this reduces the total number of arithmetic operations,

it also makes execution more difficult. The sparsity pattern is often dynamic, since it depends on the

current scene, sensor measurements, and motion of the robot. As a result, efficient execution requires

support for indexed memory accesses, gather/scatter operations, irregular reductions, and high cache

and memory bandwidth. These workloads still expose data-level parallelism, but the parallelism is less

regular than in dense ML kernels and is more tightly coupled to the structure of the input data and the

sparsity pattern of the underlying graph or matrix.

Digital signal processing and streaming sensors. Digital signal processing (DSP) and streaming-

sensor workloads operate over continuous streams of samples under strict real-time constraints. Ex-

amples include radar and sonar processing, wireless baseband processing, audio filtering, sensor fusion,

and event-driven sensing [129]. Their dominant primitives are often FFTs, FIR and IIR filters, complex

arithmetic, reductions, and stencil-like operations rather than dense GEMM.

These workloads expose data-level parallelism across samples, channels, frequency bins, antennas,

or time windows. However, they also require predictable latency and efficient streaming behavior. For

these applications, the ability to sustain regular dataflow and avoid unnecessary control overhead can be
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more important than peak arithmetic throughput. This motivates architectures that support deterministic

pipelines, vector-style execution, and efficient local buffering.

Security and networking. Security and networking workloads also contain abundant data-level paral-

lelism. Cryptographic algorithms, hashing functions, packet processing, compression, and error-correcting

codes apply repeated arithmetic, logical, and permutation operations over blocks, packets, or streams of

data. Although these workloads are usually not GEMM-oriented, they benefit from executing the same

operation over many independent data elements.

For example, block ciphers can encrypt multiple independent blocks in parallel, hashing algorithms

repeatedly apply structured rounds over message blocks, and packet-processing pipelines often perform

similar operations over many packets or headers. These workloads motivate support for vector integer

arithmetic, bitwise operations, permutations, and efficient memory access. They also show that data-level

parallelism is important beyond machine learning.

Across all these domains, the common theme is that performance and energy efficiency depend on

exploiting repeated operations over many data elements. Some workloads, such as transformers and

CNNs, are strongly GEMM-oriented and demand high MAC throughput. Others, such as robotics, DSP,

TinyML, and security, expose parallelism through sparse, streaming, low-precision, or bit-level opera-

tions. Taken together, these domains show that modern data-parallel workloads differ not only in arith-

metic intensity, but also in the regularity of their data layout, their reliance on dense GEMM, and the

form of sparsity they expose. Therefore, modern processors and accelerators must not only provide raw

arithmetic throughput, but also support flexible data-parallel execution across a range of data layouts,

precisions, and memory-access patterns.

1.2 The Accelerator Design Space

The shift toward data-level parallelism has led to a broad range of accelerator architectures. These ar-

chitectures differ in how much computation is specialized in hardware and how much flexibility is left

to software. At a high level, they can be viewed along a spectrum from fixed-function to programmable

execution [76, 75].

Non-programmable accelerators implement a specific operation, or a narrow class of operations,

directly in hardware. Examples include video codecs, cryptographic engines, image-signal-processing

blocks, and specialized matrix-multiply engines. By tailoring the datapath, control logic, and data move-

ment to a known computation, these accelerators can achieve very high energy efficiency while avoiding

much of the overhead of instruction fetch, decode, dynamic scheduling, and general-purpose control.

This efficiency, however, comes at the cost of flexibility. A fixed-function accelerator is effective

only when the workload matches the assumptions built into the hardware. Changes in algorithms, data

layouts, tensor shapes, operators, or numerical precision can reduce utilization or require a new acceler-

ator. This limitation is particularly relevant in machine-learning and edge systems, where workloads and

their computational requirements evolve rapidly.

Programmable accelerators take the opposite approach by exposing a software-visible execution

model that can support different kernels on the same hardware. This may be provided through an in-
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struction set, a thread-based programming model, or a configurable dataflow. While such architectures

retain some overhead for instruction sequencing, control, and flexible memory access, they can adapt to

a much broader range of computations.

The choice between fixed-function and programmable acceleration therefore represents a fundamen-

tal tradeoff between specialization and flexibility. Fixed-function designs maximize efficiency for well-

defined computations, whereas programmable designs sacrifice some specialization to support a wider

range of workloads. This tradeoff becomes particularly important when a single application combines di-

verse kernels, such as dense and sparse matrix operations, reductions, normalization, data rearrangement,

low-precision arithmetic, and streaming computations.

Within this spectrum, data-parallel accelerators form a broad architectural design space. The main

approaches relevant to this thesis include SIMT (Single Instruction Multiple Thread) architectures, sys-

tolic arrays and tensor accelerators, coarse-grained reconfigurable architectures, and vector processors

and SIMD (Single Instruction Multiple Data) extensions. They differ in how parallelism is exposed to

software, how much control is handled by hardware, how data movement is organized, and how effec-

tively they handle different workload characteristics.

A useful way to understand these architectures is in terms of the balance between programmability and

specialization. SIMT architectures expose massive thread-level parallelism and execute groups of threads

in lockstep. Systolic arrays and tensor accelerators move toward greater specialization by implementing

spatial dataflows optimized for dense matrix operations. Coarse-grained reconfigurable architectures

(CGRAs) provide programmable spatial execution through configurable functional units and intercon-

nects. Vector processors occupy a distinctive position by exposing data parallelism directly through the

ISA while retaining a close connection to scalar control and allowing the same software model to scale

across implementations with different hardware widths. SIMD extensions represent a more tightly in-

tegrated alternative, adding fixed-width data-parallel execution to scalar processors through dedicated

registers and execution units.

SIMT architectures. SIMT architectures, most prominently GPUs, expose parallelism through large

numbers of scalar-looking threads. Hardware groups these threads into lockstep execution batches, com-

monly called warps or wavefronts, and executes them over wide datapaths. In this way, the programmer

sees a thread-based programming model, while the hardware exploits data-parallel execution internally.

Figure 1.7(a) illustrates a GPU at a high level. Rather than a small number of latency-optimized cores,

a GPU is organized as many throughput-oriented streaming multiprocessors (SMs), each capable of ex-

ecuting large numbers of threads concurrently. These multiprocessors share access to a broader memory

hierarchy and rely on large register files and on-chip local memories to keep many thread groups resident

on chip. This organization is designed not to minimize the latency of a single thread, but to maximize

overall throughput by keeping the arithmetic units busy across many parallel threads. Figure 1.7(b) shows

the corresponding CUDA programming hierarchy: a kernel launch defines a grid, which is composed of

multiple thread blocks; each block is assigned to one SM and shares the local resources of that multipro-

cessor, such as the register file and shared memory; and threads within a block are grouped into warps,

which form the basic scheduling unit.
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Figure 1.7: Representative SIMT GPU organization and programming hierarchy. (a) A GPU consists of

multiple throughput-oriented streaming multiprocessors (SMs), each containing many arithmetic cores

and on-chip storage resources. (b) Under the CUDA execution model, a kernel launches a grid of thread

blocks, each block is assigned to an SM, and threads within a block are executed in warps. Taken

from [47]

For dense numerical kernels such as matrix multiplication, GPU execution is typically organized

hierarchically. As illustrated in Figure 1.8, the problem is first decomposed into tiles, and each tile is

assigned to a thread block. A block is then scheduled onto a streaming multiprocessor, where its threads

cooperatively load submatrices into low-latency shared memory and compute partial results in parallel.

This organization allows the GPU to exploit parallelism at multiple levels: across thread blocks, across

threads within a block, and across arithmetic lanes within the underlying datapath. It also improves data

reuse, since matrix tiles loaded once into shared memory can be reused by many threads before being

evicted.

A defining feature of SIMT architectures is latency hiding throughmassivemultithreading. When one

warp stalls on a memory access, the hardware scheduler can quickly switch to another ready warp whose

operands are available. This makes SIMT architectures highly effective for large, throughput-oriented

workloads with regular control flow and coalesced memory accesses. However, the same lockstep exe-
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Figure 1.8: Hierarchical mapping of dense matrix multiplication onto a GPU. The computation is decom-

posed into tiles, assigned to thread blocks, and executed cooperatively by threads that reuse matrix tiles

through on-chip shared memory.

cution also introduces characteristic inefficiencies. If threads within a warp follow different control-flow

paths, execution must be partially serialized, reducing utilization. Likewise, irregular and uncoalesced

memory accesses can fragment memory transactions and reduce effective bandwidth.

As a result, SIMT architectures provide very high throughput for regular, massively parallel work-

loads, which is why GPUs [27, 128, 139] dominate many dense machine-learning and graphics work-

loads. At the same time, their efficiency depends strongly on workload regularity, occupancy, and

memory-access behavior. Relative to vector processors, GPUs offer greater thread-level scale and a

mature software ecosystem, but they expose less explicit ISA-level control over data-parallel execution

and are more sensitive to divergence and memory coalescing.

Systolic arrays and tensor accelerators. Systolic arrays specialize aggressively for dense matrix com-

putation. They organizemultiply–accumulate units into regular two-dimensional grids andmove operands

rhythmically through the array. During the compute phase, data reuse is captured by the spatial structure

of the array rather than by repeatedly fetching operands from a general-purpose register file. Figure 1.9

shows this style of organization in a TPU-like design centered on a matrix multiplication unit imple-

mented as a systolic array.

This organization provides very high arithmetic intensity and excellent energy efficiency for dense

GEMM, convolution lowered to matrix multiplication, and related tensor operations. The drawback is

reduced flexibility. Systolic arrays are most efficient when the computation is dense, regular, and well

matched to the array dimensions. Control-flow divergence, sparse operands, irregular indexing, reduc-

tions, normalization, softmax, and data-layout transformations often require additional programmable

support outside the array. Therefore, tensor accelerators are extremely effective for dense matrix kernels,
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Figure 1.9: Example tensor/systolic accelerator organization centered on a matrix multiplication unit

implemented as a systolic array. Taken from [100].

but they do not eliminate the need for more flexible execution engines in real systems.

Commercially, this approach is exemplified byGoogle’s TPU family in the cloud (from early TPU [62]

generations to recent TPU [61] pods used for large-scale training and inference), and by dedicated edge

inference devices such as Coral-class accelerators [121] that target quantized workloads in constrained

environments.

Coarse-grained reconfigurable architectures. CGRAs provide spatial acceleration through an array

of programmable functional units connected by a configurable interconnect. Rather than executing a tra-

ditional instruction stream at runtime, a compiler maps a kernel’s dataflow graph onto the array, configur-

ing both the computation and the routing between units. Figure 1.10 illustrates this style of programmable

spatial organization.

Because the configured hardware directly reflects the structure of the kernel, CGRAs can approach

ASIC-like efficiency for stable computation patterns while retaining more flexibility than fixed-function

accelerators. They are particularly attractive for loop-oriented kernels, software-managed local memory,

predication, sparse analytics, and some irregular graph workloads. Their main challenges are compiler

complexity, mapping overhead, and the difficulty of efficiently supporting highly dynamic control flow

or unpredictable memory behavior. CGRAs therefore occupy an intermediate point between rigid spatial

accelerators and fully programmable processors.

Vector processors. Vector processors occupy a distinctive point in the accelerator design space by ex-

posing data-level parallelism explicitly at the instruction-set level while preserving ISA-level programma-

bility [76, 75]. Instead of issuing a separate scalar instruction for each data element, a vector processor

allows a single vector instruction to describe an operation over an ordered set of elements. The hardware
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Figure 1.10: Representative coarse-grained reconfigurable architecture. Computation is mapped spatially

onto programmable functional units connected through a configurable interconnect.

then executes that operation across a vector datapath composed of multiple lanes, amortizing control

overhead across many arithmetic operations and improving both throughput and energy efficiency.

Figure 1.11 illustrates the basic principle of vector execution. The same vector instruction may be

implemented with different degrees of hardware parallelism. In one implementation, vector elements

are processed over multiple cycles, while in another, multiple lanes compute different vector elements

in parallel. More generally, vector processors combine temporal and spatial parallelism: vectors are

executed across multiple cycles, while several lanes may operate in parallel on different elements during

the same cycle. This allows the same architectural vector abstraction to scale across implementations

with different datapath widths.

Vector architectures can differ in how vector execution is attached to scalar control. In decoupled or-

ganizations [101, 106, 142, 104], vector execution is placed in a more separate engine attached to a scalar

control processor. This allows the vector backend to be specialized for throughput, with more freedom in

lane organization, register-file structure, and memory interfacing, but it also requires additional queues,

control interfaces, register storage, and memory-coherence mechanisms. In contrast, an integrated vector

unit [117, 130] is embedded more tightly within the main scalar processor pipeline. Rather than attach-

ing a separate vector backend to a scalar control core, the integrated approach places vector execution

resources alongside the scalar execution units and typically reuses more of the surrounding frontend,

scheduling, register, and memory infrastructure. This tighter coupling reduces communication overhead

between scalar and vector execution and can lower total area by avoiding the replication of control struc-

tures. For this reason, integrated vector units are especially attractive in systems where implementation

cost, silicon area, and power consumption are tightly constrained.

A representative example of an integrated [130] organization is shown in Figure 1.12, where vector

execution resources are incorporated into the broader out-of-order core organization. In such a design,

vector instructions share parts of the fetch, decode, rename, and retirement machinery with scalar instruc-

tions, while the vector execution pipelines are connected more directly to the processor’s existing register

and cache hierarchy. Compared with a decoupled organization, this approach usually offers lower area
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Figure 1.11: Execution of the same vector multiplication instruction in two different functional units. In

(a), one vector element is processed per cycle, while in (b), multiple elements of the vector are computed

in parallel.

overhead and simpler integration into a general-purpose core. By contrast, Figure 1.13 shows the organi-

zation of a representative decoupled-style vector processor, where a scalar core remains responsible for

general-purpose control flow and issues vector instructions to a separate vector unit. These instructions

are queued, decoded, and dispatched to the vector front-end, which manages vector issue, hazard track-

ing, the vector register file, and vector memory operations. Execution is performed by multiple vector

lanes, each lane containing the resources needed to process a subset of vector elements. This organiza-

tion preserves a close cooperation between scalar and vector execution: scalar code handles branches,

orchestration, and irregular control, while vector instructions accelerate the regular, data-parallel portions

of the workload.

The distinction between decoupled and integrated vector organizations therefore reflects a fundamen-

tal tradeoff. Decoupled vector engines allow a more specialized backend with higher vector throughput,

greater freedom in lane organization, and more dedicated support structures, but they typically incur

higher hardware complexity and area overhead. Integrated vector units, by contrast, achieve a more

compact and cost-effective realization by reusing scalar-core structures, but they usually provide more

modest vector throughput and less backend specialization. Both organizations preserve the same core

principle of explicit data-level parallel execution, while occupying different points in the tradeoff space

between performance, area, coupling, and implementation complexity.

A defining feature of modern vector architectures is that they separate the software-visible vector

model from the exact physical width of the hardware. In vector-length-agnostic execution, software
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Figure 1.12: Knights Landing Core and VPU dataflow block diagram showing important microarchitec-

tural structures and data bus connections between them. (ALU: arithmetic logic unit; iTLB: instruction

translation look-aside buffer; RF: register file; RS: reservation station.)

specifies operations over vectors without being tied to a single fixed hardware width. The same program

can therefore execute on implementations with different numbers of lanes or different maximum vector

lengths, improving portability and allowing the architecture to scale across different performance and

power targets.

Vector processors are also distinguished by their memory-system support. Many data-parallel work-

loads require more than simple contiguous loads and stores: they involve strided accesses, indexed ac-

cesses, masking, reductions, and irregular layouts. Vector architectures typically provide these capa-

bilities directly through the ISA and the microarchitecture [37, 144], allowing them to sustain efficient

execution across regular dense kernels as well as less regular patterns. This is particularly important for

workloads such as machine learning, signal processing, sparse linear algebra, and data rearrangement,

where performance depends not only on arithmetic throughput but also on the efficient movement and

organization of data.

Because of this combination of explicit data-level parallelism, scalable execution width, and close

cooperation with scalar control, vector processors offer an attractive balance between programmability

and efficiency. They are flexible enough to support a broad range of kernels, yet structured enough to

achieve high utilization on regular data-parallel workloads.
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Figure 1.13: A representative decoupled vector-processor microarchitecture [101].

SIMD extensions. SIMD extensions can be viewed as a more tightly constrained form of vector-style

execution integrated directly into a conventional scalar processor. Like vector processors, SIMD archi-

tectures apply one instruction to multiple data elements in parallel. However, this parallelism is expressed

through fixed-width registers and fixed-width execution units that are directly tied to the hardware dat-

apath. Typical examples include 128-bit, 256-bit, and 512-bit packed registers, where each instruction

operates on a fixed number of elements determined by the architectural register width and operand pre-

cision.

This design makes SIMD attractive as an architectural extension to general-purpose CPUs. SIMD

units reuse much of the surrounding scalar processor infrastructure and can accelerate common data-

parallel kernels with relatively low additional complexity. They are especially effective when theworking

set is already close to the core, the data layout is regular, and low-latency execution is more important than

absolute throughput. Common applications include multimedia processing, image and signal processing,

cryptography, and short vectorized kernels inside general-purpose software[103].

The main limitation of SIMD is its fixed-width nature. Because the software-visible width is tied

directly to the hardware width, code often needs to be recompiled, retuned, or rewritten to fully exploit

wider generations of the same ISA family. Moreover, the fixed packing of elements can make execution

less natural for workloads with variable vector lengths, irregular tails, or more complex memory-access

patterns. Explicit shuffles, alignment handling, and data rearrangement can further reduce effective uti-

lization.

Figure 1.14 highlights an important distinction between vector and SIMD execution through a side-

by-side comparison of scalar C code, RISC-V Vector code [116], and AVX2 SIMD code [55] for integer

addition. In the vector case, the arithmetic instruction form remains the same, while the element width

is configured separately through the vector configuration mechanism. In the SIMD case, by contrast, the
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Algorithm 1.1 Scalar C code

1: for i = 0 until i = n− 1 do
2: C[i] = A[i] +B[i]
3: end for

4:

5:

6:

7:

8:

9:

10:

11:

12:

Algorithm 1.2 RISC-V Vector code

1: loop:
2: vsetvli t0, a0, e32, m1
3: vle32.v v0, (a1)
4: vle32.v v1, (a2)
5: vadd.vv v2, v0, v1
6: vse32.v v2, (a3)
7: slli t1, t0, 2
8: add a1, a1, t1
9: add a2, a2, t1
10: add a3, a3, t1
11: sub a0, a0, t0
12: bnez a0, loop

Algorithm 1.3 AVX2 SIMD code

1: loop:
2: vmovdqu ymm0, [rdi]
3: vmovdqu ymm1, [rsi]
4: vpaddd ymm2, ymm0, ymm1
5: vmovdqu [rdx], ymm2
6: add rdi, 32
7: add rsi, 32
8: add rdx, 32
9: sub rcx, 8
10: jnz loop
11:

12:

Figure 1.14: Illustrative comparison of scalar C code, RISC-V Vector code, and AVX2 SIMD code for

integer addition.

instruction is tied more directly to a specific packed operand width, so changing the datatype requires

a different instruction mnemonic. For example, an AVX2 integer addition uses different instructions

such as vpaddb, vpaddw, vpaddd, or vpaddq depending on whether the operands are 8-bit, 16-

bit, 32-bit, or 64-bit integers. This comparison illustrates that SIMD exposes data parallelism through a

fixed-width, datatype-specific software interface, whereas vector processors provide a more uniform and

scalable execution model.

Conceptually, SIMD and vector processors share the same fundamental motivation: both reduce in-

struction overhead by applying one operation to many data elements. The main difference is that SIMD

exposes this capability in a fixed-width form closely embedded in the scalar core, whereas vector pro-

cessors provide a more scalable and explicit architectural model for data-level parallel execution. This

makes SIMD highly effective for localized, regular acceleration inside general-purpose processors, but

less flexible than full vector architectures as a standalone substrate for evolving data-parallel workloads.

1.3 The Role of Vector Processing in Heterogeneous Acceleration

While the accelerator design space offers multiple paradigms for exploiting data-level parallelism, each

inherently trades flexibility for efficiency. SIMD extensions are easily integrated into scalar pipelines but

suffer from rigid, fixed-width execution boundaries. SIMT architectures excel at massive throughput, yet

their efficiency degrades sharply under divergent control flow or uncoalesced memory accesses. Systolic

arrays and tensor engines push energy efficiency to its physical limits for dense linear algebra, but be-

come highly inefficient when tasked with irregular memory accesses, sparsity, or layout transformations.

Conversely, coarse-grained reconfigurable architectures (CGRAs) provide spatial flexibility, but rely on

immense compiler complexity to achieve high hardware utilization.

Vector processors occupy a highly effective middle ground within this design space. By explicitly

encoding data-level parallelism into the instruction set, a single vector instruction can dictate operations

across an arbitrary number of data elements while remaining tightly coupled to the scalar control flow.

This makes vector architectures significantly more flexible than fixed-function tensor engines, yet more

expressive and scalable than traditional SIMD. Within a unified framework, vector processors natively

support variable vector lengths, masked execution, complex permutations, mixed-precision arithmetic,

and indexed (scatter/gather) memory operations.
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This architectural flexibility is critical because modern workloads—particularly in machine learn-

ing and edge computing—are rarely composed entirely of dense matrix multiplications. The end-to-end

execution of a Transformer model, for example, relies heavily on dense MatMul, but is fundamentally

bottlenecked by non-linear and memory-bound operations such as softmax, layer normalization, mask-

ing, and attention-specific data permutations. Similarly, sparse and structured-sparse network topologies

introduce indirect memory indexing and load imbalances that easily stall rigid spatial arrays.

The reality of these diverse, mixed-compute workloads strongly motivates a heterogeneous approach

to acceleration. Rather than relying on a single, monolithic accelerator, modern SoC design increas-

ingly pairs highly specialized compute blocks with programmable data-parallel engines. In this hybrid

paradigm, matrix and tensor engines are deployed as heavy lifters for dense GEMM-like phases, while a

flexible vector processor handles the critical ”glue” operations: reductions, elementwise computations,

permutations, and sparse memory accesses.

Consequently, vector processors andmatrix engines are highly complementary. As the computational

burden of non-GEMM operations grows in modern neural networks, the efficiency of the programmable

vector substrate becomes a primary determinant of overall system performance. Therefore, researching

and optimizing vector architectures is a critical imperative. Whether deployed as standalone processors

in highly constrained edge devices, or as the versatile, programmable half of a high-performance hetero-

geneous system, advancing the energy efficiency and microarchitectural capabilities of vector processors

directly addresses the most pressing bottlenecks in modern computing.

1.4 Thesis Contributions

This thesis introduces a comprehensive suite of hardware and software optimizations designed to improve

the efficiency of vector processors for machine-learning applications operating within strict power and

silicon constraints. The work spans multiple levels of the design stack and is structured along two com-

plementary directions: (micro)architectural innovations for resource efficiency, and algorithm-hardware

co-design for optimized kernel execution. Taken together, these contributions aim to improve perfor-

mance and energy efficiency while preserving the programmability and portability of modern vector

architectures.

A fundamental architectural contribution of this thesis is the introduction of register dispersion [145,

147], a technique for reducing the physical footprint of the VRF without sacrificing vector length or ISA

compatibility. Since the VRF is often the dominant area consumer in low-cost vector processors, simply

providing a full set of physical vector registers can make the integration of vector support prohibitively

expensive. Register dispersion addresses this issue by replacing the conventional monolithic VRF with a

compact physical structure that behaves as a fully associativeworking-set storage for recently used (“hot”)

vector registers, while colder registers are transparently dispersed into the existing memory hierarchy

and fetched when needed. The thesis shows that many important workloads, including CNN kernels and

vectorized FlashAttention, use only a small instantaneous working set of vector registers, making this

approach highly effective in practice. Experimental results reported in the thesis show that a compact

VRF with only eight 256-bit entries can closely match the performance of a conventional 32-entry design
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while using only one quarter of its storage capacity. Moreover, reducing the stored registers from 32 to

8 yields a 3.5× reduction in VRF area, translates to a 53

Beyond register storage, the thesis addresses the execution bottlenecks associated with within-vector

data motion through the design of a fully configurable vector microarchitecture and a unified vector

permutation unit [146]. The baseline microarchitecture is parameterized across all major dimensions,

including vector length, datapath organization, functional unit composition, and chaining mechanisms

for larger LMUL configurations, enabling a systematic exploration of the energy-efficient design space.

Within this flexible framework, the unified permutation unit efficiently executes RISC-V vector permu-

tation instructions (such as vrgather, vcompress, and slide instructions) that occur frequently in

real workloads and often introduce non-negligible overhead. Instead of relying on separate specialized

datapaths, the proposed implementation maps both output-driven and input-driven permutation patterns

onto a common crossbar-based structure. In this way, instructions with different semantic behaviors

are supported by the same underlying hardware organization, reducing implementation complexity and

turning complex data movement into a predictable, low-overhead execution primitive.

Shifting to algorithm-hardware co-design, the third contribution investigates how targeted vector ISA

customization and optimized execution strategies can accelerate structured-sparse convolutional neural

networks [149, 150]. This part of the thesis studies SpMM kernels that arise when convolutions are

transformed into matrix operations. To overcome the irregular data accesses and index handling typical of

SpMM, the thesis develops an optimized pure-RVVmapping of common N:M sparsity patterns (e.g., 1:2

and 2:4). By strategically storing non-zero values in vector registers while keeping sparse indices on the

scalar side, the proposed row-based kernels reduce data dependencies and enable aggressive interleaved

unrolling. Complementing this, a minimal fused-instruction extension, IndexMAC, is introduced to fuse

an indirect VRF access with a multiply-accumulate operation. This allows tiles of the dense operand to

remain resident in the VRF, heavily reducing repeated memory traffic. The resulting designs show that

carefully combining data residency, instruction scheduling, and minimal ISA extensions can deliver large

benefits without sacrificing the vector programming model.

The final contribution addresses the execution of Transformer models on resource-constrained plat-

forms through the vectorization of FlashAttention-2 [148]. The thesis develops a fully vectorized im-

plementation that remains strictly compliant with the standard RVV ISA and minimizes scalar interven-

tion throughout the computation. All major stages of the kernel, including score computation, maximum

tracking, exponential evaluation, accumulation, and normalization, are efficiently mapped to vector hard-

ware using vector-length-agnostic tiling. A central element of this design is a low-cost, lightweight ex-

ponential approximation tailored to the softmax computation, which enables efficient vector execution

directly using standard vector floating-point operations without requiring new custom instructions. By

efficiently vectorizing the attention kernel and reducing its computational overhead, this contribution

demonstrates that large-language-model workloads can be supported efficiently even on cost-sensitive

vector machines.

Overall, the thesis demonstrates that energy-efficient vector processing is not the result of a single

isolated optimization, but of coordinated design decisions across the architecture, microarchitecture, and

kernel-mapping levels. By combining compact, demand-driven storage structures (Register Dispersion),
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efficient support for data movement (Unified Permutation Unit), targeted ISA extensions for sparse linear

algebra (IndexMAC), and vectorized attention mechanisms, the thesis advances the design of practical,

generalizable, and highly efficient vector processors for contemporary machine-learning workloads.

1.5 Thesis organization

The remainder of this thesis progresses from the underlying vector architecture to workload-specific

optimizations and advanced architectural techniques.

To provide a clear logical flow, Chapter 2 begins by establishing a fully configurable vector pro-

cessor architecture, serving both as a practical tutorial on modern vector microarchitecture and as the

hardware baseline for the entire work. It describes the core architectural parameters, issue mechanisms,

and instruction sequencing required for variable-latency execution and large LMUL configurations. The

chapter also presents the unified vector permutation unit, integrating it into the processor datapath to

support both arithmetic operations and efficient internal data movement. It concludes with the memory

subsystem and physical implementation.

Chapter 3 focuses on the efficient execution of structured-sparse convolutional neural networks. It

develops RVV-based sparse-densematrixmultiplication kernels using optimized non-zero operand place-

ment and loop unrolling. The chapter also presents and evaluates IndexMAC, aminimal fused-instruction

extension that reduces memory traffic and improves dense-operand reuse.

Chapter 4 addresses Transformer workloads through a fully vectorized, RVV-compliant implemen-

tation of FlashAttention-2. It describes vector-length-agnostic tiling that reduces scalar control overhead

and presents a low-cost exponential approximation for the softmax operation. The results demonstrate

that resource-constrained vector processors can efficiently execute attention without dedicated tensor

hardware.

Chapter 5 addresses the high cost of vector state by introducing Register Dispersion. The proposed

organization replaces the monolithic vector register file with a demand-driven cache, transparently mov-

ing cold registers to the memory hierarchy while preserving ISA compatibility. The chapter evaluates its

impact on area, performance, and power across representative machine-learning workloads.

Finally, Chapter 6 summarizes the main findings and contributions of the thesis and discusses future

research directions for improving the efficiency and adaptability of vector processors.
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Chapter 2

Configurable Vector Microarchitecture

Designing an energy-efficient vector processor requires navigating a complex multidimensional space of

hardware trade-offs. Rather than presenting a single rigid implementation, it is essential to first unpack

the fundamental microarchitectural knobs that dictate system performance, silicon area, and power con-

sumption. By dissecting the anatomy of a decoupled RISC-V vector processor, the underlying mechanics

of vector execution become clear, exposing the critical interactions between instruction sequencing, dat-

apath organization, operation chaining, and memory subsystem organization.

Exploring these configurable parameters serves as a practical tutorial on modern vector architectures,

illustrating how tuning vector lengths and functional unit compositions directly impacts computational

efficiency. Ultimately, defining this highly parameterized landscape establishes the robust hardware

baseline required to systematically evaluate the enhancements proposed later in this work.

Within this flexible design space, the architecture also provides a framework for addressing specific

microarchitectural bottlenecks that arise in real-world applications. One of the most prominent chal-

lenges in vectorized kernels is the frequent need to reorganize data within the vector register space using

gathers, compressions, and slide operations. Traditional designs often handle these permutations through

disjointed, specialized datapaths that inflate hardware complexity and disrupt execution flow. To resolve

this without compromising the configurable nature of the baseline, a novel unified vector permutation unit

is introduced. By mapping the full spectrum of RISC-V permutation semantics onto a single streamlined

datapath, this contribution demonstrates how complex internal data movement can be handled efficiently,

turning a historical source of overhead into a predictable and low-cost execution primitive.

2.1 RISC-V Vector Instruction Set Extension

The microarchitecture presented in this chapter implements RISC-V Vector Extension (RVV) [116].

RVV provides a standard instruction-set interface for expressing data-level parallelism while remaining

compatible with a scalar RISC-V processor. In contrast to a scalar instruction, which describes one

operation on one set of scalar operands, a vector instruction describes an operation over a sequence of

elements. More specifically, a vector instruction specifies the source and destination vector operands, the

operation to be applied, and the active vector length over which the operation is performed. This allows

a compact instruction stream to represent many element-wise operations and enables the hardware to

23
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Figure 2.1: Interpretation of a vector register for different selected element widths. For a fixed vector

register length of VLEN=128 bits, the same architectural vector register can hold two 64-bit elements,
four 32-bit elements, eight 16-bit elements, or sixteen 8-bit elements.

amortize instruction and control overhead across multiple data elements.

RVV extends the scalar RISC-V ISA with architectural vector state. In particular, it defines a set

of 32 architectural vector registers and 7 control/status registers that configure how vector instructions

interpret and process data. The most important parameters for the microarchitecture described in this

chapter are the vector register length (VLEN), the active vector length (vl), the selected element width

(SEW), and the vector length multiplier (LMUL). These parameters define the architectural view of the

vector register file and determine how much work is represented by each vector instruction.

The parameter VLEN denotes the number of bits in each architectural vector register. It is a property

of the implementation and defines the maximum storage capacity of a single vector register. The selected

element width, SEW, defines the width of each element currently stored and operated on by vector in-

structions. Therefore, the same vector register can contain a different number of elements depending on

the active SEW. For example, if VLEN=128 bits, then a vector register can be interpreted as two 64-bit

elements, four 32-bit elements, eight 16-bit elements, or sixteen 8-bit elements. This behavior is illus-

trated in Figure 2.1. The RISC-V Vector ISA defines several standard element widths, including 8, 16,

32, and 64 bits, allowing the same architectural register file to support different data types and precisions.

In the proposed implementation, the supported SEW values are 8, 16, and 32 bits, matching the targeted

integer, fixed-point, and single-precision floating-point workloads.

The active vector length, vl, specifies the number of elements that participate in the current vec-

tor operation. Unlike VLEN, which is fixed by the implementation, vl is configured dynamically by

software through the RVV vector-configuration instructions. This distinction is central to vector-length-

agnostic programming. A program does not need to know the exact physical width of the vector unit;

instead, it repeatedly requests a legal vl for the remaining loop iterations and advances through the

data accordingly. As a result, the same vectorized code can execute correctly on implementations with

different vector-register lengths or different numbers of execution lanes.
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Figure 2.2: Example of active vector length and masking in RVV. With SEW=32 and vl=3, only the
first three elements of each vector register participate in the operation. In addition, masked execution can

selectively disable individual active elements using the mask register.

The difference between VLEN and vl is important. VLEN defines how many bits exist in the archi-

tectural vector register, while vl defines how many elements are active for a particular instruction. For

example, with VLEN=128 bits and SEW=32 bits, each vector register can hold four 32-bit elements. If

vl=3, only the first three elements are active in the vector operation, while the fourth element is outside

the active vector length. This is useful for handling loop tails without requiring separate scalar cleanup

code.

RVV also supports the vector length multiplier, LMUL, which is part of the vector type configured by

the vector-configuration instructions. The LMUL parameter allows multiple architectural vector registers

to be grouped together and treated as a larger logical vector operand. For example, when LMUL=1,

each vector operand corresponds to one architectural vector register. When LMUL=2, two consecutive

vector registers form one logical vector operand; when LMUL=4 or LMUL=8, four or eight registers are

grouped, respectively. This mechanism increases the number of elements represented by a single vector

instruction without changing the architectural instruction format. However, larger LMUL values also

increase pressure on the vector register file, the issue logic, the dependency-tracking mechanism, and the

writeback path.

The vector configuration is established by dedicated RVV configuration instructions, such as vsetvli,

vsetivli, and vsetvl. These instructions set the active vector length vl and configure the vector type state,

which includes the selected element width SEW and the vector length multiplier LMUL. In a typical vec-

torized loop, software executes a vector-configuration instruction before a sequence of vector operations.

The configuration instruction chooses a legal vl for the remaining number of loop iterations and updates

the vector type according to the required element width and register grouping. The following vector

instructions then execute using this configuration until a new vector-configuration instruction changes it.

For example, a vectorized loop operating on 32-bit elements may execute a vsetvli instruction to re-
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quest SEW=32 and LMUL=1. The hardware then sets vl to the maximum number of 32-bit elements

that can be processed by the implementation without exceeding the remaining loop count. The subse-

quent vector arithmetic andmemory instructions use this configuration until the next vector-configuration

instruction is executed.

Another important feature of RVV is predicated or masked execution. Vector ISAs can express a

large amount of data parallelism compactly, but many real loops include conditional behavior. Since

vector instruction streams do not naturally introduce separate control flow for each element, conditional

execution is commonly expressed through masks. In RVV, the vector register v0 is used as the archi-

tectural mask register. Each mask bit corresponds to one vector element and determines whether the

corresponding element is active for a masked instruction. If a mask bit is enabled, the element is updated

normally; if the mask bit is disabled, the element is not updated according to the selected masking policy.

This enables vectorization of loops with conditional updates and also helps handle irregular or partially

active data.

Figure 2.2 illustrates this behavior. The example uses SEW=32 and vl=3, so each vector instruction

operates on the first three 32-bit elements of the source registers. The mask register then further controls

which of these active elements are allowed to update the destination. In the example, one active element

is disabled by the mask, so the corresponding destination element is preserved rather than overwritten by

the newly computed result. This behavior has an important hardware implication: masking is not only an

issue-time condition, but also a writeback-time commitment rule. The writeback logic must merge the

newly computed result with the previous destination value on an element-by-element basis.

Thememory instructions supported by RVV also influence the backend organization. Vectormemory

operations are not limited to contiguous accesses. The ISA supports unit-stride accesses, strided accesses,

and indexed accesses (or also known as scatter/gather memory operations [144]). Unit-stride memory

operations access consecutive memory locations and are the most regular and efficient case. Strided

memory operations access elements separated by a constant stride, which is useful for structured layouts

such as columns, interleaved data, or regularly spaced fields. Indexedmemory operations use per-element

offsets stored in a vector register and correspond to gather/scatter-style accesses. These instructions are

important for sparse data structures and irregular memory layouts, but they are also more demanding for

the memory subsystem because each element may refer to a different address.

Taken together, these ISA mechanisms determine the main requirements of the proposed microar-

chitecture. The backend must support different element widths, variable active vector lengths, register

grouping through LMUL, predicated execution, intra-vector data movement, and multiple memory-access

patterns. These requirements influence the organization of the register file, issue logic, execution datap-

aths, writeback stage, and memory subsystem.

2.2 Organization of the Vector Core

Vector processors can generally be organized according to two different backend styles [164], depending

on the target vector length and the desired balance between scalability, complexity, and cost.

In long-vector designs [77, 20, 104, 93], the backend is typically organized into multiple homoge-
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Figure 2.3: High-level organization of the implemented superscalar CPU and the attached decoupled

vector processor used as the basis for the configurable microarchitecture of this chapter.

neous vector lanes. Each lane contains a local portion of the vector register file and a replicated set of

execution units, and overall vector throughput is scaled by increasing the number of lanes. This organi-

zation is well suited to large vector widths, since it distributes both storage and computation across the

lanes and allows the design to scale in a modular manner. Modern long-vector implementations typically

rely on lane-distributed vector register files and are optimized for very long machine vectors and high

datapath utilization.

In short-vector designs [142, 164], by contrast, the backend is more commonly organized around

distinct execution paths rather than fully replicated homogeneous lanes. In this case, the vector register

file is not primarily viewed as a collection of lane-local partitions driving identical execution units, but

rather as a shared backend structure that feeds specialized datapaths dedicated to different classes of

operations. Such an organization is often more appropriate for cost-sensitive and embedded systems,

where the target vector width is smaller and where reducing hardware complexity, storage overhead, and

datapath duplication is a primary design goal. Short-vector implementations are commonly characterized

by a unified multi-ported register file and a compact backend datapath, and therefore require careful

scheduling and high utilization of the available execution resources.

The vector architecture presented in this thesis follows the short-vector approach introduced above.

More specifically, the implemented backend is a decoupled vector core connected to a 6-stage, 2-wide

superscalar RV32IMF host core, as shown in Figure 2.3. The scalar core handles general-purpose con-



28 Chapter 2. Configurable Vector Microarchitecture

trol flow and dispatches vector instructions to the separate vector backend. The backend is organized

around distinct execution paths rather than a fully replicated lane-based organization, which makes it

more suitable for the area- and cost-constrained design point targeted in this thesis.

Figure 2.3 illustrates the organization of the proposed vector backend. Vector instructions are decoded

in the vector front end and then dispatched to the appropriate backend execution path. At the center of the

backend lies the vector register file (VRF), which stores vector operands and feeds the functional units.

Unlike a lane-partitioned organization, the VRF in this design acts as a shared backend storage structure

serving multiple specialized datapaths.

As shown in the figure, the backend consists of several distinct execution paths. TheMULpath is used

for integer multiplication-oriented operations, the ALU path supports arithmetic and logical operations,

and the FPU path implements vector floating-point execution through a custom-designed floating-point

unit. In addition, a dedicated permutation path supports the data-rearrangement instructions of RVV,

while a separate load/store unit handlesmemory accesses between the vector core and thememory system.

This separation of functionality across backend paths allows each class of vector operations to be handled

by a dedicated datapath, reducing complexity and enabling a more efficient organization for short-vector

execution.

A key property of the proposed vector backend is its modular organization. The design is structured so

that execution units may be added or removed with limited modifications to the surrounding control logic.

More specifically, the issue stage and the writeback stage rely on generic backend interfaces, allowing a

new execution unit to be integrated with minimal effort. In practice, this mainly requires extending the

issue-side dispatch and dependency handling for the corresponding operation type, while at writeback

the arbiter simply includes the completion request of the new unit as an additional input. This modularity

is particularly useful for a configurable vector processor, as it enables exploration of different backend

compositions without extensive redesign of the core.

The arithmetic execution units are custom-designed to reuse the same hardware resources across

different SEW configurations. More specifically, the design supports SEW values of 8, 16, and 32 bits,

enabling the execution ofmultiple data types on the same datapath. This reuse is particularly important for

multiplication and addition, where the same underlying hardware is adapted to different operand widths

instead of being replicated for each supported data type.

The permutation unit is shown as a separate execution path because permutation operations often

require data movement patterns that differ significantly from conventional arithmetic execution. Such

operations may involve element reordering, compaction, or movement across positions that are not nat-

urally handled by arithmetic datapaths. Treating permutation support as an independent backend com-

ponent also avoids the need for multiple specialized permutation datapaths or the sequential handling of

complex operations, both of which would increase implementation cost or execution latency.

To facilitate the discussion of the following sections, Table 2.1 summarizes the main architectural

and microarchitectural features of the proposed vector processor.
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Table 2.1: Summary of the proposed configurable vector microarchitecture.

Parameter / Feature Description / Options

Vector datapath width 32/64/128/256/512/1024

Memory datapath width 32/64/128/256/512/1024

Supported element widths (SEW) 8/16/32

Supported LMUL configurations 1/2/4/8

Issue policy In-order instruction issue

Hazard management Scoreboard-like pending-register table

Writeback policy Centralized arbitration of completed results

Mask handling Element-wise masked result commitment during writeback

Memory support Unit-stride/strided/indexed memory operations

2.3 Issue Logic and Hazard Management

The vector backend of the proposed processor contains multiple execution paths, including arithmetic,

multiplication, floating-point, permutation, and memory units. Although this organization improves ef-

ficiency by specializing each datapath, it also introduces a control problem at issue time. In particular,

different vector operations may exhibit different execution latencies, and therefore the writeback of a des-

tination vector register does not necessarily occur at a fixed distance from decode. As a result, a newly

decoded instruction cannot be issued solely based on structural availability; it must also be verified that

its source operands are already produced and that its destination does not conflict with an earlier in-flight

instruction.

A further architectural choice concerns the instruction-issue policy of the vector unit. In general,

vector processors may employ either out-of-order or in-order issue. Out-of-order execution can improve

utilization by allowing later instructions to proceed when earlier ones are stalled, but it requires signif-

icantly more complex control logic, including larger scheduling structures, more extensive dependency

tracking, and mechanisms to monitor and retire operations that complete out of order. These features

increase both area and energy consumption, which conflicts with the design goals of low-cost, energy-

efficient vector architectures. For this reason, the proposed microarchitecture adopts an in-order issue

policy with lightweight hazard tracking, preserving predictable execution and low control overhead while

still enabling efficient support for the targeted workloads.

For this reason, the Vector Instruction Issue block incorporates a simple hazard-management mech-

anism based on a scoreboard-like pending-register table. The purpose of this mechanism is to preserve

correct execution in the presence of variable-latency vector operations while keeping the control logic

compact and suitable for a cost-sensitive short-vector processor. Instead of performing aggressive out-of-

order scheduling or register renaming, the proposed design follows a conservative in-order issue policy:

an instruction is allowed to advance only when all of its operand dependencies have been resolved.

The hazard-management unit tracks destination registers of issued vector instructions through a one-

bit pending flag per architectural vector register. When an instruction is accepted for issue and it writes

a destination register, the corresponding bit is set. The bit remains asserted until the execution backend

signals writeback completion for that destination register, at which point the bit is cleared. In this way,
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the issue stage maintains a compact view of which architectural registers are still awaiting results from

earlier instructions.

Before issuing a new vector instruction, the control logic checkswhether any of its referenced operands

correspond to registers whose pending bit is set. More specifically, the mechanism examines the validity

of the source operands vs1, vs2, and, where applicable, the destination operand used as an input (e.g.,

for destructive updates or masked/accumulating forms). In addition, the vector mask register is treated

in the same manner, so a masked instruction is stalled if the mask register is still awaiting writeback. If

any of these checks indicate that an operand is pending, the instruction remains at the issue stage and a

stall is inserted. Otherwise, the instruction is allowed to proceed to the appropriate execution path.

This mechanism effectively implements a simple scoreboard for read-after-write dependencies and

also prevents unsafe reuse of a destination register before the completion of an earlier writer. The design is

intentionally minimal: it does not attempt dynamic wakeup or speculative bypass across multiple queued

instructions, but instead relies on stalling at issue until the required register becomes available. This

choice is consistent with the overall philosophy of the proposedmicroarchitecture, where compact control

structures are preferred over more aggressive scheduling machinery.

An important detail is that the writeback notification is also considered during dependency checking

in the same cycle. Thus, if a register is marked as pending but is simultaneously being written back,

the waiting instruction may be released without incurring an extra stall cycle. This small optimization

preserves the simplicity of the scoreboard approach while avoiding unnecessary bubbles at issue.

It should be noted, however, that the proposed hazard-management mechanism is intentionally lim-

ited in scope. The design does not perform dynamic instruction reordering, speculative issue, or register

renaming, nor does it include a wakeup–select structure for searching across multiple buffered instruc-

tions in order to find a ready one. Instead, dependencies are resolved conservatively by stalling issue

until the required operands become available and the destination register is no longer marked as pending.

This restriction is deliberate and consistent with the target design point of the proposed microarchitecture,

which prioritizes low hardware cost, reduced control complexity, and predictable timing behavior over

the additional performance potential of a more aggressive dynamically scheduled backend.

Overall, the proposed hazard-management unit provides a lightweight and effective solution for co-

ordinating issue in a multi-path vector backend. By maintaining per-register pending state and stalling

dependent instructions until writeback completion, it ensures correct operand usage under variable exe-

cution latency without introducing the complexity of a fully dynamic scheduler.

2.4 Supporting Larger LMUL Configurations

As described in Section 2.1, LMUL allows a logical vector operand to span multiple architectural vec-

tor registers. From a microarchitectural perspective, however, LMUL introduces an additional level of

complexity. When grouped registers are used, a single architectural vector instruction may require mul-

tiple physical register groups to be read, processed, and written back in the correct order. This affects

backend scheduling, operand access, and result commit, especially in a short-vector processor where the

execution resources are intentionally limited and shared across multiple classes of operations. The mi-
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croarchitecture must instead preserve the architectural semantics of the grouped operand while mapping

the operation onto the available datapath width.

At a high level, two approaches can be used to support such operations. The first is instruction crack-

ing [164], in which a vector instruction is decomposed early in the pipeline into multiple simpler micro-

operations, each operating on one portion of the logical register group. This approach simplifies some

aspects of backend execution, since the issue logic only needs to handle narrower operations. However, it

requires additional decode-sidemachinery to generate, track, and schedule the resultingmicro-operations,

and therefore increases control complexity.

The second approach is instruction sequencing. Under this organization, the original instruction is

preserved as a single architectural operation, while the control path issues the corresponding physical

register groups over multiple backend steps. In other words, wide logical execution is realized as an

ordered sequence of narrower physical executions. This avoids the need for a dedicated cracking stage

and is therefore more appropriate for the cost-sensitive vector microarchitecture targeted in this thesis.

For this reason, the proposed design adopts instruction sequencing as the mechanism used to support

larger LMUL configurations.

In the proposed implementation, each vector instruction is augmented during decode with a compact

representation of the number of physical registers that participate in the logical operand group. Since

RVV supports LMUL values up to 8, this information can be encoded using an 8-bit thermometer mask.

The mask directly reflects the number of grouped registers associated with the instruction. For example,

LMUL = 1 is encoded as 0000 0001, LMUL = 2 as 0000 0011, LMUL = 4 as 0000 1111,

and LMUL = 8 as 1111 1111. This representation provides a simple way to track the progress of

sequencing, since the number of remaining active bits corresponds to the number of physical execution

steps that still need to be completed.

Table 2.2: Thermometer encoding of LMUL grouping.

LMUL setting 8-bit thermometer mask

LMUL = 1 0000 0001
LMUL = 2 0000 0011
LMUL = 4 0000 1111
LMUL = 8 1111 1111

The sequencing mechanism operates by updating this mask after each completed backend step of the

instruction. In the simplest organization, the sequencing rate is one, meaning that one physical register

group is processed per step. Under this configuration, an instruction with LMUL = 4 requires four se-

quencing steps, while an instruction with LMUL = 8 requires eight steps. More capable implementations

may support higher sequencing rates, so that multiple physical register groups are processed in each step

when sufficient datapath bandwidth and operand access capacity are available. In this way, the same

control mechanism can be used across a family of implementations with different cost and performance

targets.

The hardware organization of the sequencing control unit is illustrated in Figure 2.4. The central idea

is that the thermometer mask associated with the current instruction is shifted whenever a sequencing

step completes. The amount by which the mask is shifted is determined by the active sequencing rate. If
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one physical group is processed per step, the mask is shifted by one bit; if two groups are processed, it

is shifted by two bits, and so on. A comparator checks whether the shifted mask has become zero. Once

this occurs, the instruction has completed all required sequencing steps and the control path may allow

the next architectural vector instruction to proceed.

Figure 2.4: Control logic for LMUL instruction sequencing.

This organization provides a compact and scalable method for supporting grouped vector registers.

Rather than introducing a separate decoding mechanism that expands each wide instruction into multiple

internal operations, the backend retains the original instruction and tracks its progress through a small

sequencing controller. This fits naturally with the short-vector design philosophy adopted in this chap-

ter, where the backend is built around limited and reusable execution resources instead of aggressively

replicated datapaths.

Algorithm 2.1 Vector add with LMUL = 1

1: vsetvli t0, a0, e32, m1
2: vle32.v v8, (a1)
3: vle32.v v4, (a2)
4: vadd.vv v12, v8, v4

Algorithm 2.2 Vector add with LMUL = 4

1: vsetvli t0, a0, e32, m4
2: vle32.v v8, (a1)
3: vle32.v v4, (a2)
4: vadd.vv v12, v8, v4

Figure 2.5: Illustrative RVV instructions with different LMUL configurations. The value of LMUL is set

by vsetvli, which determines how many architectural vector registers are grouped together for each

logical vector operand.

The effect of the mechanism can be illustrated with the two RISC-V Vector configurations shown

in Figure 2.5. The value of LMUL is set by the vector-configuration instruction vsetvli, which de-

termines how many architectural vector registers are grouped together for each logical operand. With

LMUL = 1, the instruction vadd.vv v12, v8, v4 operates on single architectural vector registers,

so the backend treats v4, v8, and v12 as individual source and destination operands. With LMUL = 4,

however, the same instruction refers to grouped operands: the first source corresponds to v4–v7, the

second source corresponds to v8–v11, and the destination corresponds to v12–v15. When the se-

quencing rate is one, this LMUL = 4 instruction is executed over four backend steps. In the first step, the

processor operates on v4, v8, and v12. In the second step, it operates on v5, v9, and v13. The third

step processes v6, v10, and v14, and the fourth step processes v7, v11, and v15. Collectively, these

four narrower executions realize the semantics of the original LMUL = 4 vector instruction.
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An important advantage of this approach is that it generalizes beyond LMUL itself. The same se-

quencing principle can also be applied whenever the logical vector width exposed to software exceeds

the amount of data that the backend datapaths consume in a single cycle. As a result, support for larger

LMUL configurations is not treated as an isolated special case, but as part of a broader microarchitectural

strategy for executing wide vector operations efficiently on vector processors.

2.5 Execution Datapaths

Achieving high efficiency in a vector processor requires not only an appropriate backend organization,

but also carefully designed execution units. Since vector workloads combine arithmetic intensity, mixed

data types, and frequent data movement, the quality of the execution datapaths strongly affects both per-

formance and hardware cost. In this thesis, particular attention was given to the design of specialized

execution units that support the requirements of RVV-based machine-learning workloads while remain-

ing compatible with a cost-sensitive short-vector organization. In this context, we redesigned key execu-

tion datapaths, including the floating-point unit, the multiplier, and the permutation unit, with the aim of

improving flexibility, reuse of hardware resources, and overall execution efficiency.

2.5.1 Floating-Point Execution Unit

The custom floating-point unit is organized as the staged datapath shown in Figure 2.6. Throughout the

figure, exp refers to the exponent component of the floating-point representation, whereas sig refers to

the significand, commonly referred to as the mantissa. The figure illustrates the flow of operands through

the floating-point execution path, starting from operand preprocessing, followed by parallel preparation of

the multiplication and addend operands, accumulation, normalization, rounding, and final result packing.

The same datapath organization is used to support multiple floating-point precisions, including FP32,

FP16, and FP8. Through this shared design, the unit supports the core floating-point arithmetic operations

required by the vector backend, including addition, subtraction, multiplication, and fused multiply-add

variants.

Execution begins with an operand preprocessing stage. In this stage, the input floating-point operands

are decoded from their packed architectural format into an internal representation. The sign, exponent,

and significand fields are extracted, the implicit leading significand bit is restored when required, and

special cases such as zero, infinity, and NaN are identified. This preprocessing step allows the later

arithmetic stages to operate on separated internal fields rather than directly on the packed floating-point

encoding.

After preprocessing, the datapath separates into two parallel computation paths. One path prepares

the product term by multiplying the two primary operands and computing the corresponding sign, expo-

nent, and significand information. In parallel, the other path prepares the addend operand by widening

and extending it into the internal format used by the accumulation stage. This parallel structure is use-

ful for fused multiply-add operations because the multiplication result and the addend can be prepared

concurrently before being combined.

The outputs of the two parallel paths are then merged in the accumulation stage. This stage compares
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Figure 2.6: Dataflow of the custom floating-point execution unit. The datapath first preprocesses and un-

packs the input operands, then prepares the product and addend operands in parallel. These intermediate

values are combined by the accumulation stage, normalized and rounded, and finally packed back into

the architectural floating-point format.

the exponents of the incoming operands, aligns the significands by shifting the smaller operand, and

performs the required addition or subtraction depending on the selected instruction and operand signs.

For standalone addition and subtraction operations, this stage performs the main arithmetic operation

directly. For fused multiply-add variants, it combines the product term with the prepared addend term.

The intermediate result is then passed to the normalization and rounding stage. This stage adjusts

the significand so that it is in normalized floating-point form, updates the exponent to account for any

normalization shift, and applies the selected rounding mode. The rounded result is then forwarded to the

final packing stage.

The final stage converts the internal floating-point result back into the architectural output format. It

packs the final sign, exponent, and fraction fields and produces the value that is written back to the vector

register file.

This staged organization offers two important advantages. First, it decomposes the floating-point

computation into simpler functional blocks, which facilitates efficient hardware design and integration

into the vector backend. Second, it allows the datapath to be tailored to the proposed short-vector backend

rather than relying on a fixed standalone floating-point unit. As a result, the same compact execution

path can support a broad class of RVV floating-point vector instructions, including addition, subtraction,

multiplication, and fused multiply-add variants.
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2.5.2 Multiplier Unit

Multiplication is one of the most important arithmetic operations in vector workloads and therefore con-

stitutes a key execution datapath of the proposed vector backend. To support efficient execution across

different SEW configurations, the multiplier unit was custom-designed as a configurable SIMD mul-

tiplier. The same hardware structure is reused across multiple operand widths, avoiding the need to

instantiate separate multipliers for each supported element size.
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Figure 2.7: Bit-level masking behavior of the configurable 8-bit SIMD multiplier for different selected

element width (SEW) configurations: (a) forSEW=8, all partial products are preserved since the operands
are treated as single 8-bit elements; (b) for SEW=4, only intra-element partial products are preserved,
while cross-products between the two packed 4-bit subwords are suppressed.

The multiplier begins by generating the full bit-level partial-product matrix between the two input

operands. This matrix spans the entire datapath width of the multiplier and is therefore formed across all

bits of the input operands. To enable packed SIMD operation, it is then filtered through a configurable

mask-generation mechanism driven by the active SEW configuration. The role of this masking logic is to

preserve only the partial products that belong to the same packed element and to eliminate cross-products

between bits that originate from different subword elements. This behavior is illustrated in Figure 2.7,

which presents a simplified 8-bit example for explanatory purposes. The use of SEW=4 in Figure 2.7(b)

is intended only to demonstrate the masking principle more clearly; it is not one of the supported SEW

configurations of the proposed design. In particular, Figure 2.7(a) shows the case in which all partial

products are propagated because the operands are treated as single 8-bit elements, whereas Figure 2.7(b)

illustrates how the masking logic preserves only intra-element partial products and suppresses cross-

products between packed subwords. In this way, the same multiplier structure can emulate multiple

narrow element-wise multiplications or fewer wide multiplications using a single physical datapath.

Once the valid partial products have been selected, they are reduced through a dedicated compressor

structure. In the current implementation, this reduction is realized by a tree composed of half adders and
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full adders, which compresses the partial-product matrix into two intermediate rows. These rows are then

added to obtain the full multiplication result.

The final stage of the multiplier performs result extraction. Depending on the requested operation, ei-

ther the lower or the upper half of each element-wise product is selected and forwarded as the architectural

result. This makes it possible to support both standard and high-part multiplication semantics using the

same multiplier core, with the result-selection logic adapting automatically to the active element width.

Through this organization, themultiplier unit achieves efficient hardware reuse across different operand

widths while maintaining a compact and configurable implementation. This makes it well suited to the

short-vector backend of the proposed processor, where execution efficiency must be balanced carefully

against area and implementation complexity.

2.5.3 Permutation Unit

In a short-vector processor, not all important operations are purely arithmetic. Many vectorized kernels

also require frequent rearrangement of data within the vector register file, so efficient support for data

movement becomes an important part of the backend design. To enable data rearrangement within vector

registers, there is a variety of permutation instructions. These instructions facilitate arbitrary merging,

grouping, and other complex data shuffling or data copying. This capability is crucial for optimizing

performance in diverse kernels [50], such as matrix multiplication (for sparse or dense data), matrix

transpositions [152], and cryptographic primitives [78]. These in-vector register permutations comple-

ment indexed and strided loads, which can rearrange data within vector registers during memory fetch-

ing [115].

Each class of vector permutation instructions uses different control information to specify how vector

data elements should be rearranged in the destination register. For example, vcompress uses a binary

mask to select which elements of the source vector register should be gathered at one end of the destina-

tion register while preserving their original relative order. Here, the control information describing the

permutation directly relates to the input data elements. Conversely, in vrgather, the control informa-

tion refers to the destination register elements; each destination element specifies which input element

should be placed in its position.

The differentiation in semantics of control information for vector permutation instructions, both per-

input and per-output, complicates their execution within a single datapath. This challenge is further

intensified by the requirement for a fixed and data-independent execution latency, to protect against side-

channel attacks in crypto accelerators. These challenges are addressed by designing a unified hardware

architecture capable of executing all RVV vector permutation instructions with the same latency, regard-

less of their control information structure, thereby reducing area and hardware cost.

The focus is on the design of an efficient RVV-compliant hardware vector permutation unit for short-

vector length machines (with vector lengths up to 256 bits) that operate on a unified multi-ported vector

register file driving SIMD capable execution units. This design aims for single-cycle or pipelined ex-

ecution of vector permutation instructions with a fixed latency of one or two cycles. To accommodate

operations on longer vectors using register grouping, vector permutations can be executed as a series of

single-vector permutation operations [115].
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Figure 2.8: An example demonstrating the implementation of (a) vrgather and (b) vcompress,
assuming a vector length of 8.

Permutation in RISC-V Vector Processors

A vector permutation involves the rearrangement of the elements within a vector register. RISC-V RVV

permutation instructions are split in three categories.

The vrgather instruction offers the most versatile form of vector-element rearrangement. In this

operation, data movement is explicitly determined by per-output indices. The vrgather instruction

takes two operands: the first is the input vector, and the second is a vector of indices that dictate which in-

put element is selected for each element of the output vector. An example of the execution ofvrgather

is shown in Figure 2.8(a).

The vcompress operation, on the other hand, gathers elements of the input vector into the starting

positions of the output vector, based on a mask. The mask identifies which elements in the input vector

should be included on the right side of the output vector, without losing their original relative position.

An example of the execution of vcompress is shown in Figure 2.8(b).

The vslide instructions are also input-driven permutations and provide two main variants, regard-

ing the direction of the slide: vslidedown and vslideup. These operations shift the elements of

the input vector in the corresponding direction (vslidedown shifts to the right and vslideup shifts

to the left), based on an offset value. Examples of the execution of vslideup and vslidedown are

shown in Figs 2.8(c) and 2.8(d), respectively.

All-three permutation instructions can be masked using register v0, thus allowing the targeted data

re-arrangement to affect only a subset of the output elements.

The implementation of vector permutation instructions has takenmany forms in recent RISC-V vector

processors.

Ara [20] supports the vslideup and vslidedown instructions, while more complex permuta-
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tion operations, such as vector gathering and compressing, are implicitly implemented through indexed

loads. This approach minimizes the cost of vector permutation hardware units, but incurs latency propor-

tional to the vector register size. Other processors adopting this strategy include ZeroVex [166], Vecim

[160], LEM [35], and newer versions of Ara [105, 104].

Processors like Virtuvius [94], big.VLITTLE [142], and Spatz [19] employ an inter-lane interconnect

to enable communication-intensive operations (e.g., permutations, reductions). Ring networks are often

preferred for their simplicity, allowing lanes to exchange data via the network. AraXL [108] also uses a

ring network to connect to neighbor vector clusters to perform large vector permutations.

To execute avrgather instruction in a network requires the transformation of the per-output source

indices of thevs2 register into per-input destination indices that can be handled by the network’s routing.

For this reason, two ring networks were employed in [153]: a data network and an index network. The

index network converts source indices to destinations by routing element index i to position vs2[i],

enabling subsequent data network transfers. It should be noted that the use of networks for permutations

makes permutation execution latency variable and data dependent.

Contrary to previous approaches, Vicuna [106], Saturn [164], and Ocelot – a vector engine for the

BOOM processor [165] – permute one element per cycle (similar to loading an element per cycle in an

indexed load). LEM [35] follows a similar strategy, but it also uses additional index registers to manage

memory accesses and permutations.

The design of a unified datapath for vector permutation instructions is complicated by the fundamental

difference in control semantics between input-driven and output-driven approaches.

Figure 2.9: The crossbar logic consisting of an AND-OR multiplexer per output element that executes

vrgather for an 8-element vector. The per-output source addresses are first decoded (to one-hot)

before driving the output multiplexers.
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Since the RISC-V RVV ISA extension allows for re-configurable vector element width, the presented

permutation unit is designed to support the smallest possible element width (1 byte), and wider widths

are treated as series of consecutive bytes. In this way, all possible vector element widths are fully and

seamlessly supported.

The proposed architecture for a unified vector permutation unit relies on a crossbar with per-output

AND-OR multiplexers, as shown in Figure 2.9. This structure is innately amenable to output-driven

permutation instructions, such as vrgather. The select signals of each output of the crossbar are

simply the one-hot equivalent vectors of the value in the corresponding element in the vs2 register of the

instruction. Note that, as per the definition of vrgather, this setup allows for the same input element

to be copied to multiple output elements.

This datapath can handle all output-driven permutation instructions. The next step is to devise a

mechanism to facilitate the execution of all input-driven permutations – e.g., vcompress, vslide,

etc. – on the same datapath with minimal overhead/complexity.

The control bits in the second source operand (vs2) of input-driven instructions include mask bits

that refer to the corresponding elements in the first source operand (vs1), and these bits cannot be directly

related to a specific output element. Thus, those bits must be converted into suitable information that can

leverage the existing per-output crossbar structure.

To achieve this, we follow a two-step approach. First, the mask bits in vs2 are transformed into

a per-input, output-element destination. This means that, for each input element of vs1, we determine

the corresponding output element to which it should move. Second, to reuse the crossbar that executes

vrgather, we must rearrange the destination indices into a format compatible with the crossbar logic.

Figure 2.10: The transformation of the mask control bits of vcompress results in per-input destination

indices that indicate which output element the corresponding input should move to.

The transformation algorithm comprises two operations: the calculation of two vectors of prefix sums

and the addition/subtraction of these sums to/from the corresponding vector element indexes (positions).

The whole transformation flow is illustrated in Figure 2.10. The first vector of prefix sums is generated

from left to right (high to low vector indexes) and counts the number of 1s in the bit mask contained in the

second operand (vs2) of the instruction. The second vector of prefix sums is generated in the opposite
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Figure 2.11: The decoded (one-hot) form of the per-input destinations can drive the outputs of a crossbar

to move input elemenets according to the functionality of vcompress.

direction, i.e., from low to high vector indexes, and counts the number of 0s in vector vs2. The last step

of the algorithm generates the desired vector of per-input destinations. The value of each element of this

vector is calculated as follows: if the corresponding mask bit in vs2 is 1, then the corresponding prefix

sum-of-0s is subtracted to its vector index. On the other hand, if the corresponding mask bit in vs2 is

0, then the corresponding prefix sum-of-1s is added from its vector index.

Hence, the final result of this pre-processing algorithm is a vector indicating the destination element

(in the output vector register) of each input element in vs1. The right part of Figure 2.10 shows how this

vector of output destinations can be used to implement the vcompress instruction. Although it may

seem unnecessary to move the mask-0 elements to the left, this is done to ensure that no two elements in

the vector of destinations have the same value. The importance of this attribute will be explained shortly.

The elements of this vector can now be used directly as select signals for the same crossbar used

by output-driven permutation instructions. Figure 2.11 visualizes how this can be achieved by using

the matrix abstraction for the crossbar. As can be seen, each element in the newly generated vector of

destinations is converted into a one-hot vertical vector.

Same as with output-driven instructions, each row still corresponds to the select signals of the corre-

sponding output of the crossbar. Each row of this matrix is guaranteed to also be one-hot (a pre-requisite

for functional correctness) by the definition of the input-driven instructions themselves: no two (or more)

input elements may go to the same destination element. By construction, the vector of destinations gen-

erated by the pre-processing algorithm includes different destination values in each of its elements, as

previously mentioned.

Hardware implementation

The hardware implementation of the pre-processing algorithm described above is shown in Figure 2.12

for an 8-element datapath. The two prefix sums are computed in parallel using carry-save counters [59] at



2.5. Execution Datapaths 41

Figure 2.12: The crossbar-based logic that executes the vcompress instructions. Sum-Addressed

Decoders (SAD) implement fuse addition and decoding without the need for carry propagation.

each element position. To eliminate unnecessary delays caused by carry propagation within the counting

logic, the prefix sums are maintained in carry-save form. Figure 2.13 illustrates the carry-save counting

logic used to count the number of ones from position 7 down to position 0 while keeping the result in

carry-save form. Similar cells are used for the remaining positions and also for counting the number of

zeros.

Returning to Figure 2.12, the prefix sum at each position must be added to – or subtracted from – the

index of the corresponding position, and the resulting value should be directly decoded. Since the prefix

sum at each position is in carry-save form, it is added to the position index using a Carry-Save Adder

(CSA). Since position indexes are fixed values, the CSA logic is simplified after logic synthesis.

The output of the CSA specifies the destination of the corresponding element in a redundant carry-

save format. To determine the destination in a non-redundant format, a carry-propagate adder is typically

used to sum two outputs of the CSA. Instead of following this approach, the CSA result is passed directly

to a Sum-Addressed Decoder (SAD) [87, 45]. The SAD computes the final sum while simultaneously

converting it into a one-hot vector representation. This add-and-decode operation inherently eliminates

the need for internal carry propagation [45]. As a result, the final decoded destinations are produced with

minimal delay, as carry propagation is avoided at every step.

Each input element requires one such SAD unit to determine its corresponding one-hot destination

vector. These vectors correspond to the one-hot vertical vectors shown in Figure 2.11. After appropriate

wire reshuffling of the SADs’ output, we derive the horizontal one-hot vectors of Figure 2.11, which
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Figure 2.13: Counting the number of 1’s from position 7 down to 0 and returning the sum in carry-save

format. The redundant representation of the output eliminates the need for internal carry propagation.

serve as select signals for the crossbar’s output AND-OR multiplexers.

Vector slides can share parts of the datapath presented for the vcompress instructions. Specif-

ically, the slide operations of vslideup and vslidedown do not need the calculation of prefix

sums. Instead, the slide offset (included within the instruction itself) is simply added (or subtracted in

two’s complement) to/from each input element index to calculate the destination in the output register.

Hence, the indexes and slide amount are fed directly into the SAD, thereby bypassing the prefix sum

logic. By construction, if a sum exceeds the vector-element width, then the SAD outputs an all-zeros

vector, which correctly ensures that the affected input element is not sent to any output. Such out-of-

bounds sums correspond to the input elements that “slide out” of the output vector register after the slide

operation. The inclusion of the positive or negative slide offset using an additional multiplexer at the

input of each SAD is highlighted in Figure 2.14.

Furthermore, since we reuse the same AND-OR multiplexers for vrgather, vcompress, and

vslide, the per-output and per-input select-signal distribution interconnects are multiplexed before

reaching the output multiplexers, depending on the class of the permutation instruction (output- or input-

driven, respectively). These extra multiplexers are highlighted in gray at the lower part of Figure 2.14.

Implementation Cost of the Unified Permutation Unit

To assess the implementation cost of the proposed unified design, the permutation unit was compared

against a baseline organization that uses separatemechanisms for permutation instructions. In the baseline

version, vrgather is executed using the crossbar logic shown in Figure 2.9, vslide is supported by

a dedicated byte-level logarithmic shifter, and vcompress is implemented using a sequential datapath

that moves one element with asserted mask bit per cycle to its final position in the destination register,
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Figure 2.14: The bit slice of the permutation logic at the ith output. A positive or negative offset is added to

the index of the ith bit position and directly decoded via the SAD. In the case of vrgather, the decoded
signals directly drive the multiplexer of the corresponding output, while in the cases of vcompress
and vslide, the decoded signals are reshuffled to different outputs.

similarly to [164]. As a result, vcompress is a multi-cycle operation in the baseline design. In contrast,

the proposed permutation unit executes the full class of RVV permutation instructions within a unified

datapath.

For a fair comparison, both versions were designed to support byte-granular permutations, with one

byte as the smallest movable element. Both processor variants were synthesized through physical im-

plementation using the OpenROAD flow [3], the ASAP 7 nm standard-cell library, and a target clock

frequency of 500 MHz under identical physical design constraints. Table 2.3 reports the area of the

complete vector processor after integrating the permutation unit, assuming a vector length of 256. The

results show that the proposed permutation unit introduces only a modest area increase relative to the

baseline organization. This overhead arises from the additional address-generation logic placed in front

of the crossbar to support a wider range of permutation operations within a unified datapath. Even so,

the added cost remains limited while enabling single-cycle execution of operations that would otherwise

require separate hardware mechanisms or multiple cycles. Moreover, the structure is amenable to higher-

frequency implementations, since the indexing logic and crossbar can be pipelined into separate stages

without violating the requirement of data-independent execution latency.

To assess the impact of the minimum supported movable-element size, the same two designs were

also examined with the supported permutation granularity relaxed from one byte to two bytes. This

change significantly reduces the area of the permutation logic in both cases, showing that the granularity
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Table 2.3: Area of Vector Processor with VL=256 bits at 7 nm

Size of Element Baseline Proposed

1 byte 96,630 um2 98,124 um2

2 bytes 93,537 um2 93,708 um2

of supported permutations is an important design parameter for controlling cost.

Power consumption was evaluated using representative vectorized kernels, each containing at least

one vector permutation instruction [118]. The switching activity of all nets was quantified through post-

layout gate-level logic simulation, and power was estimated in OpenSTA [3] using extracted wire para-

sitics. The average power trends are consistent with the area results. In both designs, vrgather and

vslide exhibit very similar power behavior, since in these cases the carry-save prefix summation logic

of the unified datapath is bypassed. By contrast, vcompress consumes more power in the unified de-

sign, which directly reflects its single-cycle implementation, unlike the sequential implementation used

in the baseline processor. For applications that rely only on primitive one-position vector slides, it can

be advantageous to execute them outside the main unified datapath. For the broader class of permutation

operations, however, the unified permutation unit remains the more capable solution.

2.6 Writeback Arbitration and Result Commitment

As the execution units operate independently and may complete at different times, their results must

be merged through a dedicated writeback stage before being committed to the vector register file. The

role of the writeback stage is therefore twofold: first, to serialize concurrent completion requests from

multiple execution units onto the shared register-file write port, and second, to finalize the value that will

eventually be committed, including the handling of masked vector operations.

To support this behavior, the writeback stage receives a valid signal and a result payload from each

execution unit. These requests are examined by an arbitration mechanism, which determines which unit

is granted access to the shared writeback path during the current cycle. In the proposed implementation,

arbitration is performed using a rotating-priority policy. A priority register is maintained and updated

after each successful grant, so that the unit that was just served loses highest priority in the following

cycle. This realizes a round-robin style arbitration scheme, avoiding the permanent preference of one

execution path over the others and ensuring fair access when multiple units complete close together in

time.

Once a grant is produced, the corresponding result payload is selected through a multiplexer and

becomes the active writeback transaction. Only the granted execution unit observes a ready signal, in-

dicating that its result has been accepted by the writeback stage, while all other units must keep their

outputs stable until they are selected in a later cycle. In this way, the arbitration and handshake logic

together guarantee that at most one result is forwarded to the vector register file per cycle, even if several

execution units finish simultaneously.

Beyond arbitration, the writeback stage is also responsible for final result construction in the presence

of masked vector operations. In masked execution, not all lanes of the computed result are necessarily
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written back. For inactive mask positions, the architectural semantics require preservation of the pre-

vious destination element rather than overwriting it with the newly computed value. To support this

behavior, the writeback unit combines the newly produced result with the old destination value on an

element-by-element basis. The exact granularity of this merge depends on the configured element width,

as determined by the current vsew setting. Thus, the writeback stage performs the final mask-aware

commit of vector results before they are written to the destination register.

This organization is particularly important because it centralizes architectural result commitment.

While the individual execution units are responsible for performing the actual computation, the writeback

stage defines the point at which a result becomes globally visible to the rest of the vector backend. In other

words, completion of execution alone is not sufficient; a result is considered architecturally committed

only after it passes through the arbitration and masking logic and is accepted on the shared writeback

interface. This distinction is important for the hazard-management mechanism described previously,

since the pending status of a destination register should only be cleared when the corresponding writeback

transaction is actually performed.

The writeback stage therefore acts as the convergence point of the vector backend. It resolves si-

multaneous completion events from heterogeneous execution units, applies the final masking semantics

required by the vector ISA, and serializes all result updates toward the register file. By combining fair

arbitration with mask-aware result selection, the proposed design provides a compact and robust solution

for integrating multiple execution paths into a single coherent vector commit interface.

2.7 Memory Subsystem

In addition to the computational backend and its writeback path, the processor also requires a memory

subsystem that supplies vector operands and handles memory-visible result transfer. This is particularly

important in a short-vector design, where overall efficiency depends not only on the quality of the arith-

metic units but also on the ability of the backend to move data to and from the vector register file with

low overhead. As already shown in the high-level organization of the processor in Figure 2.3, memory

access is handled through a dedicated load/store path that connects the vector core to the surrounding

memory system and to the scalar processor.

From a microarchitectural point of view, memory operations differ from purely computational vec-

tor instructions because they interact with an external subsystem whose latency is not necessarily fixed.

While arithmetic and permutation instructions are executed inside specialized backend paths fed directly

by the vector register file, load and store instructions must additionally perform address generation, trans-

fer data through the memory hierarchy, and return results to the architectural vector state through the

writeback path. For this reason, the memory subsystem is a first-class component of the vector backend

rather than a secondary implementation detail.

The role of the memory subsystem is therefore threefold. First, it must support RVV vector mem-

ory instructions and provide the bandwidth required by vectorized workloads. Second, it must integrate

cleanly with the short-vector backend organization adopted in this chapter, where vector execution re-

sources are compact and shared across multiple instruction classes. Third, it must preserve a consistent
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view of memory between the scalar and vector domains, since both operate within the same core and may

access shared data structures during the execution of a program.

2.7.1 Support for Vector Memory Operations

The proposed microarchitecture includes a dedicated load/store unit responsible for transferring data be-

tween the memory system and the vector register file. This unit complements the arithmetic, floating-

point, multiplication, and permutation paths described earlier, and enables vector instructions to fetch

operands from memory and commit results back to memory without overloading the computational dat-

apaths. In this way, the organization of the backend remains modular, with each major instruction class

mapped to an appropriate execution path.

Supporting vector memory instructions efficiently is essential because many important machine-

learning and signal-processing kernels are limited not only by computation, but also by data movement.

Even when the arithmetic datapaths are highly optimized, insufficient support for vector loads and stores

can reduce effective throughput and leave execution resources underutilized. The load/store path must

therefore sustain the data supply required by the vector backend while remaining compatible with the

cost-sensitive design goals of the processor.

In this design, the load/store unit is treated as an independent backend path. Vector loads return

their data through the shared writeback interface, while vector stores read their operands from the vector

register file and issue memory requests through the memory path. This keeps memory execution modular

and consistent with the rest of the backend organization.

2.7.2 Scalar–Vector Memory Ordering

An additional requirement arises from the fact that the scalar and vector domains share the same memory

subsystem. In this context, the processor must preserve a consistent view of memory between the two

execution domains, so that memory operations issued by one side observe the effects of the previously

completedmemory operations issued by the other. Here, the term coherence does not refer to a distributed

cache-coherence protocol of the kind used inmulticore systems, but it refers to preserving correct ordering

and visibility between the scalar and vector pipelines of the same core when both access a common

memory system.

To enforce this property, the proposed design adopts a simple ownership-based arbitrationmechanism

at thememory interface. At any given time, thememory subsystem is owned either by the scalar core or by

the vector unit. Memory requests issued by the current owner are allowed to proceed normally, whereas

requests from the other domain remain pending until ownership is transferred. Ownership transfer is

permitted only when all outstanding memory operations of the current owner have completed.

This policy prevents reordering hazards between scalar and vector accesses. For example, if the

scalar core performs a store to a memory location and the vector unit subsequently issues a load from the

same address, ownership must not be transferred to the vector side until the scalar store has completed.

Otherwise, the vector load could observe an older value. By delaying ownership transfer until the current

owner has no in-flight memory operations, the design preserves correct memory visibility between the

two execution domains.
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Figure 2.15: Ownership-based finite-statemachine used to coordinate scalar and vectormemory accesses.

The policy can be represented by a simple finite-state machine with three states: no owner, scalar

owner, and vector owner, as shown in Figure 2.15. Initially, the memory subsystem is in the no-owner

state. Once a scalar or vector memory instruction is issued, ownership is assigned to the corresponding

domain. The subsystem remains in that state while memory operations from the current owner are still

outstanding. When the number of in-flight requests of the owner reaches zero, the controller may either

release ownership and return to the neutral state or transfer ownership to the other domain if pending

requests exist there. In this way, the mechanism provides a deterministic means of coordinating accesses

from the scalar and vector sides without requiring more elaborate dynamic scheduling.

2.7.3 Design Trade-offs

The main advantage of this organization is its simplicity. Because only one execution domain owns

the memory subsystem at a time, the design avoids subtle ordering hazards between scalar and vector

requests without introducing a complex coordination mechanism between the two pipelines. This is well

aligned with the overall philosophy of the microarchitecture presented in this chapter, where compact and

carefully chosen control structures are preferred over more aggressive but more expensive alternatives.

The main drawback is that the mechanism serializes access to the shared memory interface. If both

scalar and vector domains generate memory traffic at the same time, one side must wait until the other

has completed all of its outstanding operations before gaining access. This can reduce overlap between

scalar and vector memory activity and therefore limit the amount of memory-level parallelism that the

processor can exploit.

A related issue is fairness. If one domain continuously generates memory requests, ownership trans-

fer may be delayed for a long time, increasing the latency experienced by the other side. Thus, while the

proposed ownership-based policy is sufficient to preserve correctness and keeps the hardware organiza-

tion simple, it may need to be augmented by a more refined arbitration policy in designs where stronger

progress guarantees or higher overlap between scalar and vector accesses are required.

Overall, the memory subsystem reflects the same design principles as the rest of the vector backend:

the goal is not to maximize aggressiveness at any cost, but to provide a compact and effective organization

that supports vector execution efficiently while preserving correct interaction with the scalar core. In this

sense, the proposed memory design complements the configurable execution datapaths of the processor
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Figure 2.16: Final physical layout of the proposed vector processor. The design includes the integer exe-

cution units, floating-point datapath, vector permutation unit, vector register storage, and the supporting

control and memory-access logic integrated within a single RVV-capable microarchitecture.

and completes the microarchitectural organization of the short-vector backend.

2.8 Layout of the Proposed Vector Microarchitecture

Having described the main architectural and microarchitectural components of the proposed vector pro-

cessor, this section examines the physical layout of the complete implemented design. The goal is to

assess whether the proposed backend organization can be realized efficiently under realistic physical-

design constraints.

The evaluated physical implementation includes a vector ALU andMUL unit for vector integer arith-

metic, a vector floating-point unit configured for Bfloat16 operation, and the unified vector permutation

unit.

Using the same implementation flow described in Section 2.5.3, the complete vector processor was

synthesized down to the layout level. The resulting physical layout, shown in Figure 2.16, confirms that

the proposed vector backend can be realized as a complete processor microarchitecture without introduc-

ing routing congestion or impractical floorplanning constraints.

From a physical-design perspective, the overall organization remains well balanced. The main ex-

ecution datapaths, register storage structures, and control logic fit within a compact layout, while the

permutation unit integrates cleanly alongside the more conventional arithmetic and floating-point units.

This result is important because it shows that the broader functionality introduced in the proposed mi-

croarchitecture does not come at the expense of physical implementability.

Overall, the layout-level evaluation confirms that the configurable RVV microarchitecture presented

in this chapter is not only architecturally flexible, but also practical from an implementation standpoint.

The complete design sustains the intended functionality and execution resources within a compact phys-

ical footprint, making it suitable as a realistic vector-processing backend for further architectural explo-
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ration and workload execution without excessive physical-design cost.

2.9 Conclusion

This chapter presented a configurable short-vector microarchitecture for RISC-V Vector processing. The

proposed organization combines a decoupled scalar–vector interface, a shared vector register file, special-

ized execution paths, lightweight in-order issue, compact hazard tracking, and a simple memory-ordering

mechanism between scalar and vector accesses.

Within this framework, the chapter focused on the microarchitectural mechanisms needed to support

flexible RVV execution under area and energy constraints. Larger LMUL configurations are handled

through instruction sequencing rather than instruction cracking, reducing control complexity. Masked

operations are resolved at writeback through element-wise result merging. Permutation instructions are

supported by a unified datapath that avoids separate hardware structures for each permutation class while

retaining predictable execution behavior.

The physical implementation shows that the proposed backend can be realized as a complete vector

microarchitecture without impractical layout overhead. Overall, the design provides a practical founda-

tion for the storage-level optimizations and kernel-aware execution strategies explored in the following

chapters.
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Chapter 3

Structured Sparsity Acceleration on

Vector Processors

3.1 Introduction

As neural networks scale in size and complexity, exploiting inherent model redundancy has become a

crucial strategy for deploying these workloads on energy-constrained hardware. Accelerating sparse-

dense matrix operations on vector processors requires overcoming the irregular memory access patterns

and indirect indexing that typically stall data-parallel execution pipelines. Addressing these bottlenecks

demands a tightly coupled algorithm-hardware co-design approach, combining highly optimized loop

scheduling and data placement strategies with targeted customizations to the instruction set architecture.

To contextualize how these specific execution optimizations unlock accelerator-like efficiency on pro-

grammable vector engines, it is essential to first define the nature of neural network redundancy and how

it is formally organized.

3.1.1 Unstructured vs. Structured Sparsity

To reduce memory storage and computation cost, the weights of ML models are often pruned, thereby

leading to sparse models [48]. This means that zero weights are not stored, and the corresponding calcu-

lations are skipped. While sparsity offers high performance and low storage overhead, it may, in some

cases, result in less accurate ML models [170, 48]. In such cases, the accuracy loss can be mitigated by

retraining the model to adapt to the removal of specific weights, as demonstrated for CNNs [167, 95] and

Transformers [53, 57].

The resulting sparsity can be either unstructured [34] or structured [95, 167]. In unstructured sparsity,

there is no constraint on the locations of the zeros, as shown in Figure 3.1(a). In this case, together with

the non-zero elements, multiple indices are required to identify the original position of each non-zero

element.

By contrast, in structured sparsity, there is an upper limit on the number of non-zero elements that may

be present within a block of consecutive elements. For instance, in Figure 3.1(b), for every 4 elements

in each row, there are up to two non-zero elements. In most practical applications [95, 83], blocks are

51
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Figure 3.1: Example of (a) unstructured sparsity; and (b) structured block sparsity of 2:4 (i.e., up to 2

non-zero elements in every 4 consecutive elements) and their respective representation. Blue squares

represent non-zero elements.

small andN :M sparsity patterns of 1:2, 1:4, or 2:4 are supported, where each block ofM elements may

contain up to N non-zero elements. As also shown in Figure 3.1(b), for such block-based structures,

the indexing (col_idx) required to identify the position of each non-zero element inside each block

consists of only a few bits, owing to the small size M of each block. Recent work has shown that

matrices with unstructured sparsity can be transformed offline to structured-sparse matrices either by

row (column) reordering and zero padding [124] or matrix splitting [39]. Tensor units on GPUs can

accelerate applications with structured sparse data [167, 95]. Our goal is to extend this capability to

programmable CPUs with vector engines, making it applicable to a broader range of current and future

workloads.

3.1.2 Vectorizing Sparse-Dense Matrix Multiplication

Unstructured sparsity is already supported in vector processors. Various sparse vector matrix multiplica-

tion algorithms have been developed [38, 12], and recently extended [79, 73], with the goal of improving

performance by efficiently handling unpredictable sparsity patterns. Moving one step further, VIA [102]

adds a scratchpadmemory and new custom vector instructions to deal with the complexity of unstructured

sparse data.

A key observation is that structured sparsity changes the balance between flexibility and hardware

cost. Prior vector-oriented work on sparse computation has largely focused on unstructured sparsity,

where irregular access patterns often require more elaborate algorithms, additional indexing overhead, or

even dedicated scratchpad-based support [38, 12, 79, 73, 102]. By contrast, the bounded indexing and reg-

ular block structure ofN :M sparsity make it possible to derive efficient vector kernels with much lower

complexity. This motivates the first contribution of this work, which revisits and optimizes the state-

of-the-art row-based sparse×dense matrix multiplication algorithm [79, 134, 84] for structured-sparse

data on RVV vector processors. In particular, we study how non-zero values and their associated indices

should be distributed across the vector and scalar register files so as to reduce register dependencies and

improve the effectiveness of interleaved loop unrolling.
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Figure 3.2: Row-wise matrix multiplication to compute output row C[0, :].

3.1.3 Vector ISA customization

Building on this RVV-compliant baseline, a minimal ISA extension called vindexmac is introduced.

This instruction combines an indirect read from the vector register file with a multiply-accumulate opera-

tion, allowing rows or tiles of the dense operand to remain in the vector register file and thereby reducing

repeated memory traffic. The motivation for this extension is not to replace the standard vector program-

ming model, but to demonstrate that a small and targeted hardware enhancement can capture additional

locality that is otherwise difficult to exploit with existing RVV instructions alone. The proposed instruc-

tion was integrated into a decoupled RISC-V vector processor at negligible hardware cost. Decoupled

vector processors [20, 101, 94, 33] have independent decode and execute pipelines, separate from the

scalar core, which fetches and forwards the corresponding vector instructions. Additionally, a decoupled

vector processor accesses memory, and more generally the cache hierarchy, independently of the scalar

core, unlike integrated vector engines [135] that share the memory access path with the scalar core.

The evaluation uses structured-sparse CNN workloads to quantify the benefit of the proposed tech-

niques. The results show that careful placement of sparse values and indices across the scalar and vector

register files substantially improves the performance of RVV-based sparse×dense multiplication kernels.
They further show that the proposed vindexmac instruction provides additional gains by reducing in-

struction count and memory traffic while incurring negligible hardware cost. More broadly, the results

demonstrate that structured sparsity can be exploited efficiently on programmable vector architectures

without requiring the heavy specialization often associated with sparse acceleration.

3.2 Design Space Exploration of Vector Sparse×Dense Matrix Multipli-

cation

Vectorized matrix multiplications with sparse data can be implemented with many approaches [38, 79,

73]. The row-wise approach [134, 97, 143], also known as Gustavson’s algorithm [42], has been shown

to be highly effective in computing the matrix productA×B, and it is a better fit to the targeted structured
sparsity context. Other approaches [38, 79, 73] target extremely high sparseness and are not as effective
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Algorithm 3.1 Row-wise vector matrix multiplication with

data placed only in the vector register file

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: vload v0, A[i, :] . load the ith row of A
4: v2 = {0, 0, ..., 0} . Initialize v2 to zero
5: for j=0 until j=num_of_col_of_A-1 do

6: vload v1, B[j, :] . load jth row of B
7: s0 = A[i, 0] . move A[i, 0] to a scalar reg
8: v2+= s0 * v1 . scalar-vector mul-acc
9: v0 = v0� 1 . vector 1 slide to the right
10: end for

11: vstore v2, C[i, :] . store to mem the ith row of C
12: end for

Algorithm 3.2 Row-wise vector matrix multiplication with

mixed data placement in the scalar and the vector register files

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: v2 = {0, 0, ..., 0} . Initialize v2 to zero
4: for j=0 until j=num_of_col_of_A-1 do

5: vload v1, B[j, :] . load jth row of B
6: load s0, A[i, j] . load the value of A to s0

7: v2 += s0 * v1 . scalar-vector mul-acc
8: end for

9: vstore v2, C[i, :] . store to mem the ith row of C
10: end for

11:

12:

Algorithm 3.3 Row-wise vector matrix multiplication with

data placed only in the VRF by utilizing vrgather
1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: vload v0, A[i, :] . load ith row of A
4: v3 = {0, 0, ..., 0} . Initialize v3 to zero
5: for j=0 until j=num_of_col_of_A-1 do

6: vload v1, B[j, :] . load jth row of B
7: vrgather.vx v2, v0, j . fill v2 with the jth el. of A
8: v3 += v2 * v1 . vector-vector mul-acc
9: end for

10: vstore v3, C[i, :] . store to mem the ith row of C
11: end for

12:

with modest structured sparsity.

MatrixA is assumed to be structured sparse and matrixB is considered to be dense. Algorithmically,

all the non-zero elements in a single row of matrix A should be multiplied in parallel with the corre-

sponding rows of matrix B, where the row index of matrix B is determined by the column index of the

non-zero value in matrix A. The product of the multiplication is produced row-by-row, as follows:

C[i, :] =
∑
k

A[i, k]B[k, :] (3.1)

Figure 3.2 illustrates a simple example of how row 0 of the result matrixC is produced. Row-wise matrix

multiplication can be easily vectorized, since each element of A is multiplied with all the elements of a

row of matrix B. This yields a vector of partial results for a row in the result matrix C.

3.2.1 Exploring data placement in vector row-wise matrix multiplication

The vectorized version of the row-wise matrix multiplication can take three equivalent forms, albeit with

different performance characteristics. The first approach, depicted in Algorithm 3.1, assumes that the

elements of matrices A and B are placed exclusively in the VRF. Algorithm 3.1 ignores, for clarity, any

sparseness in matrix A and assumes an arbitrarily large vector length. In line 3, all the elements of row i

of matrix A are loaded as a vector into the VRF. Similarly, all the elements of the corresponding row of

matrix B are also loaded as a vector in line 6. The vector multiplication between the first element of the

loaded row ofA and the entire row of matrixB is performed in line 8, which also accumulates the partial

results. Following the RISC-V vector ISA format, the multiply-add operation of line 8 is performed on

a vector register and a scalar value coming from the scalar register of line 7. The row of A is shifted to

the right by one element in line 9 to enable the repetition of the above process for the remaining elements

of the same row. The final values of all the elements of the corresponding row of the result matrix C are

stored back in memory in line 11. The process is repeated until all the rows of matrix C are produced.

However, the placement of the elements of matrix A in the VRF in Algorithm 3.1 features many

unnecessary data transfers between the VRF and the scalar RF (line 7). To tackle this inefficiency, we

explore two alternative approaches: (a) keep the elements of matrixB in the VRF and place the elements

of matrix A entirely in the scalar RF; and (b) utilize more vector registers in the VRF for the non-zero

elements of matrix A.

Starting with the first approach, Algorithm 3.2 presents the row-wise vector matrix multiplication

that follows the above-mentioned hybrid data placement. Specifically, rather than loading the rows of
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Algorithm 3.1-S Row-wise vector sparse-dense matrix multi-

plication with data placed only in the vector register file

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: vload v0, values[i, :] . load the non-zero val. of A
4: v2 = {0, 0, ..., 0} . Initialize v2 to zero
5: for j=0 until j=(num_of_col_of_A/M)*N-1 do

6: block_id =bj/Nc
7: load s1, col_idx[i, j] . load a column index
8: s1 += block_id * M . calculate actual col. idx
9: vload v1, B[s1, :] . load the selected row of B
10: s0 = A[i, 0] . move A[i, 0] to a scalar reg
11: v2+= s0 * v1 . scalar-vector mul-acc
12: v0 = v0� 1 . vector 1 slide to the right
13: end for

14: vstore v2, C[i, :] . store to mem the ith row of C
15: end for

Algorithm 3.2-S Row-wise vector sparse-dense matrix multi-

plication with mixed data placement

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: v2 = {0, 0, ..., 0} . Initialize v2 to zero
4: for j=0 until j=(num_of_col_of_A/M)*N-1 do

5: block_id =bj/Nc
6: load s1, col_idx[i, j] . load a column index
7: s1 += block_id * M . calculate actual col. idx
8: vload v1, B[s1, :] . load the selected row of B
9: load s0, A[i, j] . load the value of A to s0

10: v2 += s0 * v1 . scalar-vector mul-acc
11: end for

12: vstore v2, C[i, :] . store to mem the ith row of C
13: end for

14:

15:

Algorithm 3.3-S Row-wise vector sparse-dense matrix multi-

plication by utilizing the vrgather instruction

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: vload v0, values[i, :] . load the non-zero val. of A
4: v3 = {0, 0, ..., 0} . Initialize v3 to zero
5: for j=0 until j=(num_of_col_of_A/M)*N-1 do

6: block_id =bj/Nc
7: load s1, col_idx[i, j] . load a column index
8: s1 += block_id * M . calculate actual col. idx
9: vload v1, B[s1, :] . load the selected row of B
10: vrgather.vx v2, v0, j . fill v2 with the jth el. of A
11: v3 += v2 * v1 . vector-vector mul-acc
12: end for

13: vstore v3, C[i, :] . store to mem the ith row of C
14: end for

15:

matrix A into the VRF, each element of a row of A is, instead, loaded (line 6) and used (line 7) one-by-

one directly through the scalar RF. Thus, the multiply-add operation in line 7 directly utilizes the data

placed in the scalar register ‘S0,’ thereby eliminating the need for vector-to-scalar register moves and

vector slides. Note that the data type of the elements dictates the type of the register file into which the

non-zero values will be stored: if the non-zero values in Algorithm 3.1 and Algorithm 3.2 are of type

‘float,’ they can be stored into the floating-point register file, thereby alleviating the overall pressure on

the scalar register file.

Alternatively, the second approach is to keep matrix A in the VRF and utilize more vector registers,

as shown in Algorithm 3.3. Line 3 shows that a row of matrix A is loaded into the VRF. We need to

access each one of those elements one after the other and multiply them with the corresponding row of

B. This is achieved using the vrgather.vx instruction. Said instruction copies the jth element of

‘v0’ into every element of the vector register ‘v2.’ The latter vector register is then used as an operand in

the multiply and accumulate operation. The use of the vrgather.vx instruction enables the operation

of the multiply-and-accumulate operation (line 8) to be performed with 3 vector operands, as opposed to

the approach in Algorithm 3.2, where a scalar and 2 vector operands are used.

3.2.2 Vector Row-wise matrix multiplication for structured-sparse data

Algorithms 3.1, 3.2 and 3.3 can be reformulated to support a structured-sparse matrix A. In this case,

only the non-zero elements of each row of A are stored, together with their corresponding index, i.e.,

their original position within a block of size M in the row of matrix A. The reformulation of Algo-

rithms 3.1, 3.2 and 3.3 is shown in Algorithms 3.1-S, 3.2-S and 3.3-S respectively, where all mandatory

changes/additions are highlighted with color.

To highlight the added changes we will use as an example Algorithm 3.3-S. In this case, the non-zero

values of matrix A are loaded into the VRF, as shown in line 3 of Algorithm 3.3-S. On the contrary, the

column indexes are stored in a scalar register in the scalar RF (as per line 7 in the algorithm), because they

require some pre-processing before they can be used. The pre-processing steps arise from the structured

sparsity format itself, which limits the range of the column indexes. Specifically, the column index refers

to the position of the non-zero element inside a block of sizeM . Consequently, all column indexes have

a range [0,M − 1], even though each row of matrix A typically consists of multiple blocks of sizeM .

Hence, whereas the column index ‘j’ in Algorithm 3.3 spans the entire row of matrix A (i.e., all its

columns), the same index has a different meaning in Algorithm 3.3-S. Column index ‘j’ now spans only
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Figure 3.3: An example of recovering the actual column index of an element through the column index

that is stored in the memory and the block_id.

the number of non-zero elements in a particular row of matrixA, as shown in line 5 of Algorithm 3.3-S. In

this form, the index cannot be used directly to load the corresponding row of matrixB. Instead, the actual

column index that points to a specific column across the entire row of matrix A must first be retrieved.

To compute the actual column index, we must identify the particular block in which the corresponding

non-zero element resides. This is performed in line 6 of the algorithm, where the block index is calculated

by the integer division of the position ‘j’ of the non-zero element with the maximum permissible number

of non-zero elementsN in each block of sizeM . Once the block ID is identified, it is multiplied with the

size M of each block and added to the original column index that was loaded from memory, as shown

in line 8. This operation fully retrieves the actual column index that spans the entire row of matrix A.

When N and M are multiples of 2, multiplication and division are performed with left and right shifts

respectively.

An example of how the actual column index can be retrieved is depicted in Figure 3.3, assuming 3:4

(N :M ) structured block sparsity. The example focuses on element ‘e.’ First, the block in which element

‘e’ resides (block_id) is identified by performing an integer division between the position of ‘e’ in the

array of non-zero values (i.e., position 4), and the number N=3 of permitted non-zero elements in each

block of size M . Next, the actual column index is computed by multiplying the block_id with the size

M=4 of each block. Finally, this value is added to the column index of element ‘e’ that is stored in

memory (i.e., the value 1) to retrieve the actual column within the row of A where element ‘e’ resided

prior to compression.

To avoid such indexing calculations, full-width column indexes can be stored at the row level. How-

ever, as demonstrated in [95] this approach would significantly increase storage overhead for the targeted

sparsity levels of 1:4 or 2:4.

Similarly, the low-to-medium levels of sparsity in the context of a sparse-dense multiplication make

it less preferable to gather the non-zero values of A using indexed load instructions [73]. This approach

would introduce additional runtime overhead, since indexed vector load/store instructions may generate
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a substantial number of cache misses from only a few vector instructions.

Continuing with Algorithm 3.3-S, the actual column index retrieved in line 8 is used to load the

corresponding row of matrix B into the VRF in line 9. The vrgather instruction is used in line 10 to

copy the currently-processed non-zero element into all the vector register elements of vector ‘v2.’ Note

that only the rows of matrix B that correspond to the column indexes of the non-zero elements of A

participate in the multiply-and-accumulate operation (line 11). Each iteration of the inner loop moves to

the next non-zero element in the current row of A, until the end of the row is reached.

Algorithms 3.1-S and 3.2-S employ a similar approach to retrieve the non-zero values of A and their

corresponding column indices.

3.2.3 Loop unrolling row-wise vector sparse×dense matrix multiplication

Following the practice explored in other vector-based parallel matrix multiplication kernels [54, 4], and

to increase the scope for instruction-level parallelism, both loops (outer and inner) of Algorithm 3.3-S

can be unrolled. Indicatively, Algorithm 3.4 unrolls both loops by a factor of 2. The unrolling of the

outer loop allows the processor to simultaneously work on two consecutive rows of matrix A, i.e., to

simultaneously produce two consecutive rows of output matrix C. Similarly, the unrolling of the inner

loop allows the processor to simultaneously work with two consecutive non-zero elements in each of the

two consecutive rows of matrix A.

Lines 8 to 18 in Algorithm 3.4 refer to operations performed using the non-zero element ’j’ of con-

secutive rows ‘i’ and ‘i+1’ of matrix A. As can be seen, due to the loop unfolding, each instruction

(except the one calculating the block_id) in the inner loop of Algorithm 3.3-S is hereby duplicated. The

two multiply-accumulate instructions in lines 17 and 18 generate two vectors of partial results for rows

‘i’ and ‘i+1’ of the output matrix C. Similarly, lines 19 through 29 repeat the same pattern for the next

non-zero elements in the same two rows of matrixA; i.e., the non-zero element ‘j+1’ of consecutive rows

‘i’ and ‘i+1.’

Since each loop was unrolled by a factor of 2, one would expect the final impact on the required

scalar and vector registers to be four-fold. However, this cost is avoided through the interleaving of the

two loops, which allows for the reuse of the same scalar and vector registers and reduces read-after-write

dependencies. As can be seen in Algorithm 3.4, instructions from different loop iterations are executed

in interleaved manner. The instructions that belong to the same loop are depicted with the same color.

In all cases, no two instructions of the same loop are executed one after the other. Interleaving allows

for exactly the same scalar and vector registers used in lines 8 to 18 to be reused in lines 19 to 29. This

approach minimizes the amount of registers in use, while also maintaining the physical parallelism that

is inherent to non-dependent instructions. Also, interleaving allows distinct loop iterations to share the

column-index calculations. This effectively reduces the number of instructions after unrolling.

Overall, Algorithm 3.3-S requires 1 scalar and 4 vector registers, whereas the loop-unfolded Algo-

rithm 3.4 requires 2 scalar and 8 vector registers. In general, (a) increased pressure on the register file,

and (b) code bloating (that could adversely affect the cache performance) are the two well-known side

effects of loop unrolling. Hence, loop unrolling should be applied judiciously up to the point where the

side effects of the unrolling start to cause diminishing returns to the reaped performance improvement.
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Algorithm 3.4 Unrolled row-wise vector sparse-dense matrix multiplication by utilizing the

vrgather.vx instruction

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 , i+=2 do

3: vload v0, values[i, :]

4: vload v1, values[i+1, :]

5: v6 = {0, 0, ..., 0}
6: v7 = {0, 0, ..., 0}
7: for j=0 until j=(num_of_col_of_A/M)*N-1 , j+=2 do

8: block_id =bj/Nc
9: load s0, col_idx[i, j]

10: load s1, col_idx[i+1, j]

11: s0 += block_id * M

12: s1 += block_id * M

13: vload v4, B[s0, :]
14: vload v5, B[s1, :]
15: vrgather.vx v2, v0, j

16: vrgather.vx v3, v1, j

17: v6 += v2 * v4

18: v7 += v3 * v5

19: block_id =b(j + 1)/Nc
20: load s0, col_idx[i, j+1]

21: load s1, col_idx[i+1, j+1]

22: s0 += block_id * M

23: s1 += block_id * M

24: vload v4, B[s0, :]
25: vload v5, B[s1, :]
26: vrgather.vx v2, v0, j+1

27: vrgather.vx v3, v1, j+1

28: v6 += v2 * v4

29: v7 += v3 * v5

30: end for

31: vstore v6, C[i, :]
32: vstore v7, C[i+ 1, :]
33: end for

3.3 Speeding up sparse-densematrixmultiplicationwith a custom instruc-

tion

The implementation of sparse-dense multiplication eliminates unnecessary multiplications, due to the

structured-sparse format of A. However, one crucial bottleneck of the computation is the abundance of

vector loads from memory for the rows of matrix B (Line 9 in Algorithm 3.3-S). To tackle this issue, we

leverage the structured sparsity of matrix A to reduce memory traffic and allow the computations to use

local data that already resides in the vector register file.

The proposed optimization combines: (a) loading rows of matrix B in tiles in the vector register file;

and (b) a custom index-multiply-accumulate instruction that replaces the vector loads of matrix B with

indirect reads of the vector register file.
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The key attribute that enables the loading of matrix B in the register file in groups of multiple rows

(instead of the row-by-row approach) is the well-defined, regular structure in the format of matrix A.

Since the sparsity of A is – by construction – structured, the blocks within said matrix have a constant

and known size. In turn, this implies that the column indexes of the non-zero element values in A are

‘bounded’ by the block size M , i.e., all col_idx values reside within the range [0,M − 1]. Recall

that the block size M is the number of consecutive elements within a row of A that can contain up to a

specific number (N ) of non-zero elements. Exploiting this trait of structured sparsity, we may pre-load

as many rows of matrix B as our vector register file can accommodate (with some restrictions, as will be

explained in Section 3.3.2) and be sure that the column indexes in matrix A will only point to those local

rows. On the contrary, with unstructured sparsity, the column indexes are, essentially, ‘unbounded’ and

could point to any row of B (thereby rendering the pre-loading of specific rows of B in the register file

futile).

The tile size of matrix B that is pre-loaded in the vector register file is L× V ector_Length; i.e., L

rows, with each row having V ector_Length columns. The number of rows L must be a multiple ofM .

3.3.1 The proposed vector index-multiply-accumulate vindexmac instruction

Since multiple rows of matrix B are now loaded in the VRF, there is a need to index into the register

file to access a specific row. This is achieved by the proposed new instruction that effectively performs

a scalar-vector multiply-and-accumulate operation, in combination with the indexing in the VRF. The

scalar value refers to a non-zero element of a row of matrix A and the vector refers to a row of matrix B

that is pre-loaded in the VRF and indirectly read by the provided column index.

Overall, the new instruction aims to alleviate the sparse-dense matrix multiplication process from the

continuous vector loads of the rows of matrix B. Instead, the custom instruction reads the correspond-

ing pre-loaded rows of matrix B directly from the vector register file and operates on them. With this

objective in mind, the new vindexmac instruction is defined as follows:

vindexmac.vx vd, vs2, rs → vd[i] += vs2[0] * vrf[rs4:0][i]

The instruction has three operands: one vector destination register (vd) and two source registers.

One source register is a vector (vs2) and the other is a scalar (rs), as per the RISC-V ISA requirement

for .vx instructions. To execute vindexmac, the scalar register rs is read and its contents (only the

5 least significant bits are actually needed) are used as an address to the vector register file. The content

(i.e., value) of the vector register that is read via the address contained in rs is multiplied with the least

significant element of vector register vs2. The operation of vindexmac is visualized in Figure 3.4.

3.3.2 Sparse-Dense Matrix Multiplication using vindexmac

Algorithm 3.5 demonstrates the use of the new vindexmac instruction for a tile of B, with the non-

zero values of a single row of matrix A stored in a vector register. The essential differences between

Algorithm 3.5 and the previous algorithms are highlighted. As shown in lines 2 and 4, a tile of matrix B

is pre-loaded into the VRF. In line 6, the non-zero values of a row of matrix A are loaded into the VRF,



60 Chapter 3. Structured Sparsity Acceleration on Vector Processors

Figure 3.4: The operation of the proposed vindexmac instruction. The contents of the scalar register

are used to address a specific vector register. The vector read is multiplied with the least significant

element of another vector register that is read in parallel. The result of the multiplication is accumulated

with the previous contents of the vector destination register.

while the corresponding column indexes remain in the scalar RF. The use of the new vindexmac

instruction is shown in line 12. The end result is the elimination of the continuous vector loads of rows

of matrix B, which take place in line 9 of Algorithm 3.3-S. Since vindexmac uses only element 0

of vector register vs2, a vector slide by one element position in vs2 is enough to proceed to the next

non-zero element of the current row of matrix A (Line 13 of Algorithm 3.5).

Algorithm 3.5 Vector sparse-dense matrix multiplication with the use of the new vindexmac instruc-

tion for a tile of B

1: set vector length

2: for k=0 until k=L-1 do

3: vload vk, B[k, :] . preload L rows of B
4: end for

5: for i=0 until i=num_of_rows_of_A-1 do

6: vload vs2, values[i, :] . load non zeros of ith row
7: vload vd, C[i, :] . load the ith row of C
8: for j=0 until j=L*(N/M)-1 do

9: block_id =bj/Nc . calculate the block id
10: load s1, col_idx[i, j] . load col. idx of A to s1

11: s1 += block_id *M . calculate actual col idx
12: vindexmac.vx vd, vs2, s1

13: vs2 = vs2� 1 . vector 1 slide to the right
14: end for

15: vstore vd, C[i, :] . store to mem row i of C
16: end for

The number of rows L of the tile of matrix B that are loaded into the VRF and indexed by the

vindexmac instruction is limited by the number of available vector registers. In practice, we consider

that a tile of matrix B may consume half of the available vector registers, i.e., L = 16. Due to the

symmetry of matrix multiplication, the L rows of matrix B correspond to a set of L columns of matrix

A. Since matrix A follows N :M structured sparsity, it means that, in those L columns, one can find
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only L ·
(
N
M

)
non-zero elements. Effectively, this property results in many more iterations in the outer

loop (lines 5–16) of Algorithm 3.5, since the inner loop (lines 8–14) is executed for a small number of

non-zero elements.

To improve utilization and to take advantage of the fact that the vector load for a row of matrix A

(line 6 of Algorithm 3.5) can bring – at once – V ectorLength elements in vector register vs1, we need

to consider more tiles of matrix B. This approach leads to a reformulation of Algorithm 3.5, which is

shown in Algorithm 3.6. An intermediate loop is inserted (using indexm), which is responsible to fetch

and operate on the tiles of matrix B that correspond to a complete row of non-zero elements of matrix

A. The non-zero elements of a row of matrix A loaded in line 3 of Algorithm 3.6 are all processed by

reloading the corresponding rows of matrix B in phases. Specifically, the appropriate tiles of matrix B

are loaded in lines 6–8, in each phase.

Algorithm 3.6 Vector sparse-dense matrix multiplication with the use of the new vindexmac instruc-

tion by utilizing a complete row of V ectorLength non-zero elements of matrix A, which correspond to
more than one tile of matrix B

1: set vector length

2: for i=0 until i=num_of_rows_of_A-1 do

3: vload vs1, values[i, :] . load values of row i

4: vload vd, C[i, :] . load the ith row of C
5: for m=0 until m=(M/N)*VL/L do

6: for k=L*m until k=(m+1)*L-1 do

7: vload vk, B[k, :] . load a tile of B
8: end for

9: for j=L*(N/M)*m until j=L*(N/M)*(m+1)-1 do

10: block_id =bj/Nc % L . calculate the block id
11: load s1, col_idx[i, j] . load col. idx of A to s1

12: s1 += block_id * M . calculate actual col idx
13: vindexmac.vx vd, vs1, s1

14: vs1 = vs1� 1 . vector slide to the right
15: end for

16: end for

17: vstore vd, C[i, :] . store to mem row i of C
18: end for

The number of required reloading phasesm is determined by (a) the vector registers L available for

the loading of a tile of matrix B, (b) the sparsity patternN :M , and (c) the maximum vector length of the

processor V L. As stated earlier, in every L columns of matrixA, we can find L
(
N
M

)
non-zero elements.

Therefore, we need to takem groups of L columns of matrix A to reach the V ectorLength (V L) non-

zero elements that can be present in one vector register, i.e., mL
(
N
M

)
= V L. Solving for m, we get

that

m =

(
M

N

)(
V L

L

)
(3.2)

This limit is used for the bounds ofm in line 5 of Algorithm 3.6. For the case of 1:4 structured sparsity,

and assuming that we allocate half of the vector register file for the tiles of matrix B (i.e., L=16), then

m = (4/1)(V L/16) = V L/4. It is crucial to point out that when the maximum value of m is 1,

Algorithm 3.5 is preferred over Algorithm 3.6. When m = 1, there is no need to interchange the tile of
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matrix B that is loaded in the vector register file. Instead, Algorithm 3.5 would, by construction, avoid

the continuous loads that refer to the same rows of matrix B.

To further improve performance, the sparse×design matrix multiplication kernel that uses the newly
proposed vindexmac instruction (as shown in Algorithm 3.6) could be unrolled across three dimen-

sions: (a) the elements of the same row of matrix A (inner loop); (b) the tiles of matrix B (intermediate

loop); and (c) across the various output rows (outer loop). The proposed approach, which preloads a tile

of matrix B that utilizes a significant portion of the VRF, limits the depth of loop unrolling. To opti-

mally apply unrolled sparse-dense matrix multiplication with the vindexmac instruction, a balanced

approach is required, combining unrolling and appropriate tiling of B to efficiently utilize the 32 vector

registers of a RISC-V architecture.

3.3.3 Tiled execution for larger matrices A and B

Algorithm 3.6 can work on a matrix A with any number of rows. However, it assumes that the non-zero

elements ofA loaded into a vector register at each step correspond to at mostm×L columns. This is the

reason for loading m tiles of B with L rows each at each round. Additionally, Algorithm 3.6 assumes

that all columns of B can fit into one vector register.

In the general case, where the columns of A (and consequently the rows of B) exceedm×L, and the

columns of B are larger than V L, we need to apply Algorithm 3.6 repeatedly using the dataflow shown

in Figure 3.5. For one vertical segment of V L columns ofB, we process all rows ofA in groups ofm×L
columns. In particular, we first process all rows of A that belong to the same vertical segment ofm× L

columns before moving to the next segment. Within each vertical segment ofA, we follow the execution

order of Algorithm 3.6, keeping one group of m × L rows of B stationary. Once all vertical segments

of A are processed, we repeat the process for subsequent vertical segments of B by fetching the next V L

columns and restarting.

This tiled dataflow can be employed also when executing sparse-dense matrix multiplication to a

multicore environment. The computation for every vertical segment of B consisting of V L columns can

be assigned to a different core. This partitioning, allows each core to operate on independent segments of

the output matrix without facing any conflicts. However, with this dataflow, the elements of structured-

sparse matrix A are accessed by all cores in parallel. The benefits of implementing sparse-dense matrix

multiplication using vindexmac in a multicore setup under this dataflow is quantified in Section 3.4.5.

3.3.4 Hardware support for vindexmac execution

The vector register file in the RISC-V ISA is instrumental in supporting efficient vector processing. It

consists of 32 vector registers, each capable of storing a large volume of data. Each register’s length is an

implementation-defined constant parameter decided by the processor designer. To support all available

vector instructions, including three-operand instructions (e.g., vmacc, vmadd, etc.), the vector register

file is required to have three read ports and one write port.

To execute the vindexmac instruction, we need to access both the scalar and the vector register

files. This is an inherent attribute of all RISC-V scalar-vector instructions that have the letter ‘x’ in the

suffix, e.g., .vx, .vxm, .wx, etc.
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Figure 3.5: The order of execution of Algorithm 3.6 across vertical segments of A and B.

In this chapter, we target vector processors that follow a so called decoupled architecture, which

consists of a scalar core that is responsible for instruction fetching and orchestration of execution, and

a vector engine that executes the vector operations received from the scalar core [33, 21, 142, 20, 101,

94]. Since, at any given time, there may be many vector instructions that require the values of scalar

registers, the scalar core is responsible to transfer these values to the vector processor, together with the

vector instructions themselves.

Therefore, the value of the scalar register rs required by vindexmac to address the vector register

file is already provided by the scalar core. The given address drives one of the read ports of the vector

register file, which outputs the requested vector operand. Another read port is used to read the elements

of vs2 and the third one reads vd, as required by all multiply-and-accumulate scalar-vector instructions

already present in the RISC-V ISA. Therefore, the only hardware requirement of the new vindexmac

instruction is the addition of a multiplexer in front of the address bus of one of the read ports of the vector

register file, which selects between vs1 for normal vector arithmetic operations, or the 5 least significant

bits of rs (as required by vindexmac). In other words, by re-using the hardware infrastructure of

existing scalar-vector multiply-add instructions, the new instruction does not require an additional read

port in the vector register file. Instead, it merely requires a 5-bit 2-to-1 multiplexer in front of an existing

read port.

Specifically, a 32-register VRF, with each register being 512 bits wide (VL=16 for 32-bit words),

with 3 read and 1 write port, synthesized with Cadence Genus at the 28 nm technology node for a 1 GHz

clock period, requires a hardware area of 56,527 µm2. The additional area needed to accommodate the

address multiplexing logic is just 4 µm2 extra.

Similarly, in fully integrated scalar-vector architectures [117, 136], the vindexmac instruction

would be implemented in exactly the same manner as any of the other .vx instructions in a fully inte-

grated scalar-vector setup. The only difference is that the scalar value provided would be used to drive

one of the read ports of the vector register file, rather than directly participating in the computation.

Being a .vx instruction, vindexmac follows the standard encoding dictated by the RISC-V ISA

for scalar-vector instructions [116]. However, it terms of the instruction functionality, there is a slight

deviation from typical scalar-vector operations. The vector register identifier vs2 is used only for its

least significant element vs2[0], i.e., it plays the role of the scalar value. The actual vector is fetched
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Table 3.1: Simulated Processor Configuration

Scalar core

• RISC-V ISA (RV64GC), 8-way-issue out-of-order, 16-entry LSQ, 90 physical in-

teger and 90 physical floating-point registers, 60-entry ROB

• L1I cache: 1-cycle hit latency, 4-way, 64KB

• L1D cache: 2-cycle hit latency, 4-way, 64KB

• L1I and L1D have 64B cache line

Vector engine

• 512-bit vector engine with 16-lane configuration (32-bit elements × 16 execution

lanes)

• The vector engine is connected directly to the L2 cache through 16 store queues and

16 load queues

L2 cache
• 8-way, 8-bank

• 8-cycle hit latency, 512KB shared by both the big core and the vector engine

• 64B cache line

Main Memory DDR4-2400, 19.2 GB/s memory bandwidth

via an indirect read using the 5 least significant bits of rs as an address into the vector register file.

3.4 Experimental Evaluation

The experimental evaluation presented in this section has two goals. The first one is to identify the

performance limits of the introduced row-based formulation of sparse-dense matrix multiplication us-

ing only the current definition of the RISC-V ISA; i.e., using only existing instructions. The evaluation

includes the execution of three pruned state-of-the-art CNNs – Resnet50 [44], DenseNet121 [52] and

InceptionV3 [141] – under various loop unrolling scenarios on a superscalar out-of-order processor aug-

mented with a decoupled vector unit. All calculations in all three CNNs are performed in the fp32 data

format. The pruned CNNs employ structured block sparsities of 1:4 and 2:4. Note that, as demonstrated

in [167] and [95], the selected structured-sparsity patterns do not change the classification accuracy of

the specific CNNs, as compared to their fully dense counterparts.

After identifying the configuration that offers the greatest speedup when using the current RISC-

V ISA, the obtained performance is compared with the performance achieved by the structured-sparse

matrix multiplication kernels that employ the proposed new vindexmac instruction. For the latter

case, various alternatives are also explored and the one that achieves the lowest execution time is used in

the comparisons.

3.4.1 Experimental setup

For all experiments, we utilize a fully implemented decoupled vector unit connected to an out-of-order

superscalar processor, i.e., model 1bDV in [142]. The choice of a high-end superscalar core (connected

to the vector engine) aims to safeguard that the non-vector side of the processor does not skew the per-

formance results of the vector engine. In other words, the superscalar processor helps to “isolate” the

performance of the vector unit by ensuring that there are no “bottlenecks” on the non-vector side. As
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Figure 3.6: The performance of the optimized sparse-dense matrix multiplication using the current

definition of the RISC-V ISA (Algorithm 3.3-S) used for the execution of three CNN layers of

Densenet121 [52], assuming a 1:4 sparsity pattern: (a) Layer 5; (b) Layer 23; and (c) Layer 87. The re-

ported cases examine the combined effect of the unrolling of the inner and outer loops of Algorithm 3.3-S.

The speedup is reported relative to the performance of the rolled variant.

such, the reported results highlight purely the efficacy of the new vector framework, without any indirect

effects/noise from the scalar side.

This design was modeled in the gem5 simulator [14, 85] and the salient design parameters of the

simulated processor setup are summarized in Table 3.1. The new vindexmac instruction was incorpo-

rated in the RISC-V GNU toolchain and its operation was implemented in the decoupled vector engine

in gem5.

The convolutions of each layer of the examined CNNs are mapped to sparse-dense matrix multipli-

cations A × B [95]. Matrix A includes the structured-sparse weights and matrix B the input features

of the corresponding CNN layers. Input features are considered dense, since there is no clear statistical

attribute that can be exploited for them. Even if part of the input features contain zero values generated by

the corresponding ReLU activation functions in each layer, their number is highly sensitive to the actual

input values and filter weights.

3.4.2 Identifying peak performance using only instructions from the currentRISC-V ISA

Our initial goal is to examine which of the approaches highlighted in Algorithms 1S–3S (that use only the

current definition of the RISC-V ISA) offer the best scaling in execution time for various Sparse-dense

matrix multiplications and and compare also the best of them to other state-of-the-art approaches.

As discussed in Section 3.2.3, the inner and the outer loops of all algorithms can be unrolled to

increase performance. Outer-loop unrolling corresponds to processing multiple rows of sparse matrix A

in parallel, while inner-loop unrolling enables the simultaneous processing of multiple non-zero elements

of the same row of matrix A, in a flattened form. To highlight how unrolling can improve runtime, we

perform several experiments using three representative layers from theDenseNet121CNN [52], assuming

1:4 sparsity.

The effect of optimized unrolling presented in Section 3.2.3 is examined first for Algorithm 3.3-

S. The speedup achieved in each case, relative to the rolled version of Algorithm 3.3-S, is shown in

Figure 3.6. Each bar corresponds to a different inner-loop unroll factor, while outer-loop unrolling factors

are represented by the different sets of bars along the x-axis. For instance, the unrolled example shown
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Figure 3.7: Speedup of interleaved unrolling on Alg-3S, normalized to the speedup of Clang’s [71] basic

unrolling methodology with inner and outer loop unrolling factors of 16 and 8, respectively.

in Algorithm 3.4 of Section 3.2.3 corresponds to the case of using an unrolling factor of 2 for both the

inner and outer loops. As demonstrated in Figure 3.6, increasing unrolling improves performance in all

cases, reaching a speedup of more than 3× relative to the baseline implementation.

Speedup is maximized when the inner loop can process 16 non-zero elements in parallel and the outer

loop is unrolled by a factor of 8. the factors are constrained by the “size” of the the vector unit. The inner

loop unroll factor of 16 corresponds to the hardware V ectorLength shown in Table 3.1. These specific

unrolling factors are directly linked to the hardware; i.e., the factors are constrained by the “size” of the

the vector unit. The inner loop unroll factor of 16 corresponds to the hardware V ectorLength shown in

Table 3.1. Similarly, the unrolling factor of 8 of the outer loop is limited by the total number of vector

registers.

This significant gain is the combined result of (a) the structure of the row-based matrix multiplication

algorithm, (b) the hybrid data placement across the vector and the scalar register files, and (c) the effi-

ciency of interleaved loop unrolling shown in Section 3.2.3 that reduces unnecessary name dependencies

and allows sharing of index calculations. The benefit of interleaving the execution of the operations of

the unrolled inner loop has been quantified separately and compared to the traditional unrolling that can

be performed automatically by Clang [71] The results for the same CNN layers and the same inner and

outer loop unrolling factors are shown in Figure 3.7. In all cases, the interleaving presented in this chapter

achieves 50% higher performance.

Algorithms 3.1-S, 3.2-S, and 3.3-S can all equally benefit from unrolling with interleaving. Figure 3.8

illustrates the execution time of each algorithm for the same CNN layers when the inner loop processes

16 non-zero elements in parallel and the outer loop is unrolled by a factor of 8. Algorithm 3.1-S exhibits

the lowest performance, due to the overhead associated with transferring data between vector and scalar

registers for each operation. In contrast, Algorithms 3.2-S and 3.3-S, which employ a mixed index and

data placement across scalar and vector registers, achieve better performance. Algorithm 3.2-S uses

scalar registers to store both the non-zero values and column indices of matrix A, increasing the demand

on scalar registers to maintain this data locally. Conversely, Algorithm 3.3-S stores the non-zero elements

of A in vector registers. This approach eliminates the need for independent scalar load instructions for
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Figure 3.8: Comparison of the unrolled versions of Algorithms 3.1-S, 3.2-S, and 3.3-S, which achieve

the best performance in each case for the same outer and inner loop unrolling configuration.

Figure 3.9: Performance analysis of the SPA, Alg-3S, Alg-3S-FC, and Alg-3S-FC-FI implementations,

each normalized relative to the SPA implementation.

each non-zero element of A, as required by Algorithm 3.2-S. This change is the reason for the slight

superiority of Algorithm 3.3-S relative to Algorithm 3.2-S.

To identify a state-of-the-art Sparse-dense baseline to comparewith the implementation ofvindexmac,

we first compare the best configuration identified so far for Alg-3S, with various other alternatives:

• Alg-3S-FC (Full Column): It enhances Alg-3S by leveraging full column indexes to avoid the addi-

tional overhead in generating the columns themselves, as required by the structured sparse blocks.

This approach is effectively equivalent to a CSR implementation, with the added simplification that

the number of elements per row is predetermined, as in structured sparsity. These broader column

indexes are anticipated to improve runtime, albeit with an increase in storage requirements.

• Alg-3S-FC-FI (Full column with Fast Indexing): The optimized Alg-3S-FC can be further en-

hanced by incorporating the custom instructions proposed in [91], which integrate/fuse the address

generation phase into both scalar and vector load instructions. This acceleration of indexing cal-

culations in hardware is orthogonal to all approaches presented in this chapter and can be equally

applied to vindexmac extensions as well.
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Figure 3.10: The performance of the optimized sparse-dense matrix multiplication, enhanced with the

proposed vindexmac instruction (Algorithm 3.6). Results are provided for the execution of three

CNN layers of Densenet121 [52], assuming a 1:4 sparsity pattern: (a) Layer 5; (b) Layer 23; and (c)

Layer 87. The reported cases examine the combined effect of the unrolling of the intermediate and outer

loops of Algorithm 3.6. The speedup is reported relative to the performance of the rolled variant.

• SPA: SPA is the most widespread algorithm that handles sparse matrix multiplication when both

arrays A and B are substantially sparse [38, 79, 73]. SPA is included for completeness even if its

main target is sparse-sparse matrix multiplications with high degrees of sparsity.

As shown in Figure 3.9, both Alg-3S-FC and Alg-3S-FC-FI yield performance improvements, though

not substantial over Alg-3S. This is primarily because the indexing arithmetic required by Alg-3S – ne-

cessitated by the compact column indexes of the structured sparse format – can be shared. Combined

with reduced name dependencies under loop unrolling, this has only a minor effect on performance when

executed on an Out-of-Order (OoO) superscalar core. More importantly, however, the utilization of full

columns (as in Alg-3S-FC and Alg-3S-FC-FI) results in a significant storage overhead of 14.7%, 26.5%,

and 23.5% for the sparse matrix in Layers 5, 23, and 87, respectively, which is an undesired side effect.

The limited performance of the SPA implementation is attributed to its use of vector-indexed memory

operations to manage non-zero elements. These operations adversely affect the overall performance; they

lead to a high number of cache misses, even with a relatively small number of vector instructions.

Given (a) the target of structured sparsity, (b) the smaller column indexes, and (c) the requirement

to maintain full RISC-V ISA compliance, we select Alg-3S as the reference baseline, henceforth called

‘SpMM’ in the experiments. More specifically, we will shortly describe the best setup as SpMM(16,8),

referring to an inner-loop unrolling of 16 and an outer-loop unrolling of 8.

It is important to note that if we were to select Alg-3S-FC-FI as the baseline, which employs full

columns and the custom instructions proposed by [91], the performance speedups with the proposed

methodology would only be marginally smaller (as indicated by the marginal performance improvement

of Alg-3S-FC-FI over Alg-3S in Figure 3.9). The speedups achieved by the proposed approach when

compared to Alg-3S-FC-FI will be quantified experimentally in the following sub-section.

3.4.3 Identifying the best configuration when using the new vindexmac instruction

Sparse-dense matrix multiplication using the new vindexmac instruction has been evaluated for var-

ious configurations that execute the same three layers of DenseNet121 [52] with 1:4 structured sparsity.

The proposed kernel evaluated is the one shown in Algorithm 3.6, which extends the row-based matrix
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Figure 3.11: The speedup achieved by the proposed approach (‘Proposed(8,4)’) in the total execution

times of the three examined CNNs. Results are shown for (a) 1:4, and (b) 2:4 structured sparsity, nor-

malized to ‘SpMM(16,8)’ of the respective sparsity.

multiplication with a mixed placement of data in the vector and scalar register files and the new instruc-

tion that operates on local data and reduces memory traffic. Algorithm 3.6 consists of three distinct loops

(inner, intermediate, and outer) that can be arbitrary unrolled. To identify the best configuration, we

choose to always fully unroll the inner loop, and then investigate the effect of separately unrolling the

other two loops. In all examined cases, the tile of matrixB is composed of L=16 rows that occupy half of

the vector register file. The value of L and the sparsity pattern N :M determine the number of iterations

of the intermediate loop and the effective unrolling of the inner loop.

The achieved speedup for each examined configuration is shown in Figure 3.10. To have a consistent

view of the achieved speedup, the results of Figure 3.6 and Figure 3.10 have been normalized to the

same basis, i.e., the runtime of the rolled version of Algorithm 3.3-S, which uses instructions from the

current definition of the RISC-V ISA. From the speedups reported in Figure 3.10, we can observe that

the unrolling of the outer and intermediate loops substantially improves the performance. In all cases,

the speedup is maximized when the outer loop unrolling factor is 8 and the intermediate loop has been

unrolled by a factor of 4. The outer-loop unrolling corresponds to the number of rows of sparse matrix

A that are computed in parallel. Since a tile of matrix B occupies half of the vector register file, only

the other half of the vector register file is available to facilitate higher degrees of loop unrolling. Thus,

an unroll factor of 8 is the maximum possible, based on the number of available vector registers. An

intermediate loop-unrolling factor of 4 corresponds to a full unroll for the examined configuration, i.e.,

V ectorLength=16 elements (see Table 3.1), L=16 and N :M=1:4.

In the rest of the experimental results, we use the best configuration for the proposed approach, as

identified in Figure 3.10: intermediate-loop unrolling of 4 and outer-loop unrolling of 8. We define this

setup as Proposed(8,4).

3.4.4 Comparisons

The best identified configurations derived for SpMM (in Section 3.4.2) and for the proposed approach (in

Section 3.4.3) are hereby compared when executing the three complete CNN models. Figure 3.11 illus-

trates the achieved speedup of the proposed approach (‘Proposed(8,4)’) over ‘SpMM(16,8)’ in the three
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Figure 3.12: The normalized number of total memory accesses observed when using the proposed ap-

proach (’Proposed(8,4)’) in the three examined CNNs, for (a) 1:4, and (b) 2:4 structured sparsity. The

normalization is with respect to ‘SpMM(16,8)’ of the respective sparsity.

evaluated CNNs, assuming 1:4 and 2:4 sparsity patterns. Clearly, the performance of ‘Proposed(8,4)’ is

substantially better in all cases. Across all three CNNs, the average speedup achieved for 1:4 sparsity

is 1.25×, which increases to 1.33× for 2:4 sparsity. As expected, the average speedups of the proposed

approach when compared against Alg-3S-FC-FI – with the same unroll factors for both the inner and

outer loops – are only marginally smaller: 1.20× for 1:4 sparsity and 1.28× for 2:4 sparsity.

It should be stressed that this extra 25%–33% improvement offered by the proposed newvindexmac

instruction is extra speedup, over and above the already highly optimized row-based kernel introduced

in this paper. The overall improvement corresponds to above 4× speedup, as compared to baseline ap-

proaches performing sparse-dense matrix multiplication. This result highlights the combined improve-

ment offered by mixed-data placement in both the scalar and vector register files and the reduced memory

traffic achieved by the new instruction.

In general, the above-mentioned improvements in performance when using the ‘Proposed(8,4)’ ap-

proach are reaped from (a) the reduction of vector operations per iteration, and (b) the elimination of

unnecessary vector loads from memory and their transformation into indirect reads from the vector reg-

ister file (as facilitated by the vindexmac instruction). By pre-loading tiles of matrixB into the vector

register file, the proposed approach exploits data locality very effectively, thereby lowering the memory

traffic. The results presented in Figure 3.12 quantifies this reduction in total memory accesses when using

the proposed vindexmac instruction. The presented results are normalized to the number of memory

accesses observed with ‘SpMM(16,8)’ of the respective sparsity. As can be seen, the total memory ac-

cesses decrease markedly. For sparsity 1:4, the memory accesses are reduced by 42%, on average, while

the average reduction for 2:4 sparsity is 63%.

3.4.5 Performance scaling: Increasing hardware vector length or employing multiple

cores

To further explore the scalability of the proposed approach built around the new vindexmac instruc-

tion, we experiment with different hardware configurations. Specifically, we investigate the effect on
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Figure 3.13: The effect of hardware vector length on the proposed approach in the three examined

CNNs, for (a) 1:4 and (b) 2:4 structured sparsity. The normalization of the results is with respect to

the V ectorLength=8 configuration of the respective sparsity.

performance when scaling the available parallelism of the vector unit. Recall that the basic configura-

tion (as presented in Table 3.1) utilizes 512b vector registers to operate across 16 parallel lanes, assum-

ing 32-bit words. Hence, in the basic configuration, each vector register has 16 vector elements, i.e.,

V ectorLength=16. In addition to the basic hardware configuration, we hereby examine two more con-

figurations: 256b vector registers with 8-lane parallelism (V ectorLength=8), and 1024b vector registers

with 32-lane parallelism (V ectorLength=32).

The execution time measured for the three CNNs – assuming the same two sparsity patterns – is

shown in Figure 3.13. The execution time in each case is normalized to the execution time of the

V ectorLength=8 configuration of the respective sparsity. As expected, when the vector length increases,

the reaped speedup increases proportionally. Since the longer vector length is accompanied by more ex-

ecution lanes, it means that more columns of the output matrix C are being processed in parallel at any

given time. This, in turn, leads to significantly lower execution times. As can be seen in Figure 3.13, in

most cases, the achieved speedup over V ectorLength=8 is near-perfect, i.e., speedups approaching 2×
with V ectorLength=16 and speedups approaching 4× with V ectorLength=32. This desired behavior

is aided by the L2 cache, which is big enough in the current processor configuration to accommodate the

bigger volume of data as the vector length increases. Naturally, the performance improvement would

saturate if the working data size were to approach the L2 cache capacity.

Besides the scaling of the hardware vector length, additional parallelism can be extracted by utilizing

a multicore setup. In such environment, every CNN layer would be executed across multiple cores. The

data assigned to each core corresponds to a vertical segment of VL columns of matrix B and the whole

structured-sparse matrix A. This partitioning is shown in Section 3.3.3.

Each core consists of the scalar unit and the decoupled vector unit, as presented in Section 3.4.1. All

cores share access to the DDR main memory [133] via a cache-coherent interconnect (specifically, the

ARM AMBA Coherent Hub Interface (CHI) [6]) that transfers data at the cache-line level.

The speedup achieved when executing the examined CNNs in a multicore setup, as compared to a

single-core implementation, is shown in Figure 3.14. We tested various multicore CPU sizes, doubling

the number of cores in each experiment. The obtained results reveal that performance improves signif-

icantly with the number of cores. The reaped speedup gains continue up to 8 cores. Beyond 8 cores,
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Figure 3.14: The speedup of the proposed approach (‘Proposed(8,4)’) for CNNs with 1:4 sparsity when

executed in a multicore environment, as the number of cores increases. Execution time is normalized to

the one achieved by a single core.

the performance saturates. This is attributed to the limitations of the memory sub-system. As more cores

request memory access simultaneously, the memory bandwidth is insufficient to handle the escalating de-

mand; i.e., the bandwidth inevitably saturates. This saturation causes contention among cores for memory

resources, which limits the algorithm’s scalability and prevents further speedup.

This memory bandwidth saturation is also evident in Figure 3.15, which compares the speedup of the

proposed approach (Proposed(8,4)) relative to a baselinemulticore setupwith unmodified ISA (SpMM(16,8))

with increasing numbers of cores. As can be observed, the reaped speedup starts to decrease beyond 8

cores and tends toward 1 (i.e., performance parity) as the cores increase to 16 and beyond. In other

words, the proposed approach is most effective in systems where the bottleneck is computation and not

communication, as is typically the case in multicore setups withmany cores. The key takeaway is that the

proposed new vindexmac instruction allows for the use of more power-efficient designs with fewer

cores by facilitating better memory bandwidth utilization per core.

3.5 Related Work

The hardware acceleration of efficient matrix multiplication – also involving sparse matrices – has been

the focus of extensive research activity within the computer architecture community. Optimizations to

sparsematrixmultiplication predominantly aim to reduce the number of unnecessary operations involving

zero-value elements. As a first step, data storing formats like Compressed Sparse Row (CSR) [12] and

Compressed Sparse Column (CSC) [73] help reduce the memory footprint and data movement costs.

Vector processors [33, 21, 142, 20, 101, 94] have been utilized extensively to accelerate densematrix

multiplication due to their SIMD capabilities. Within the context of sparse data, various vectorized

matrix multiplication implementations have also been proposed [38, 12, 79, 73]. The use of custom

vector instructions has also been proposed as a means to accelerate sparse computations [91]. These new

RISC-V vector data transfer instructions integrate/fuse the memory address generation operation with the

standard load operation to reduce energy consumption [91].
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Figure 3.15: The speedup of the proposed approach (‘Proposed(8,4)’) relative to a baseline multicore

setup with unmodified ISA (‘SpMM(16,8)’) with increasing numbers of cores, for CNNs with 1:4 spar-

sity.

Recent research has primarily focused on specialized vector-like hardware architectures to tackle the

challenges involved when processing sparse data access patterns, such as those encountered in scientific

computing, AI, and data analytics. The Tensor Marshaling Unit (TMU) [127] architecture utilizes a

programmable dataflow engine to efficiently handle sparse tensor operations, thereby decoupling data

marshaling from computation. A vector-based hardware implementation that aims to improve sparse

computations is the Vector Indexed Architecture (VIA) [102]. VIA leverages a specialized scratchpad

memory to improve sparse matrix operation efficiency by optimizing memory traffic and by handling the

index-matching process that is central to sparse computations. This approach yields performance gains

in sparse matrix-vector multiplication, matrix addition, and matrix multiplication.

Collectively, these architectures represent significant strides in decoupling data access from computa-

tion within vector processors. The ultimate goal is to mitigate memory access inefficiencies and enhance

parallelism when processing sparse data, which, in turn, can be classified as either unstructured [34],

or structured [95, 167]. Alongside the row-wise approach [134, 84, 97, 143] to matrix multiplication,

which aligns well with the capabilities of vector processors, structured sparsity within vector processors

presents an intriguing area for further exploration.

Outside the vector processing domain, there has been extensive research pertaining to the general

challenges involved with the processing of sparse data. The SpChar framework [122] utilizes decision

trees to characterize workload patterns across various sparse kernels, like Sparse Matrix-Vector Multipli-

cation (SpMV), Sparse General Matrix-Matrix Multiplication (SpGEMM), and Sparse Matrix Addition

(SpADD) on ARM architectures. This approach provides insights into the influence on performance of

key architectural characteristics, such as cache size, memory latency, and branch prediction. Gupta et

al. [41] highlight the unique requirements of DNN-based recommendation systems. Unlike traditional

DNN workloads, recommendation systems are characterized by irregular memory access patterns – due

to sparse data – and high memory capacity needs, which are the consequence of utilizing large embed-
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ding tables. Finally, FPGA-based accelerators [99] have shown promise in sparse computing, due to their

balance of power efficiency and performance, despite potential bandwidth limitations.

3.6 Conclusion

Vector processors can efficiently handle the abundant data-level parallelism available in modern ML ap-

plications. The scalability of ML models calls for appropriate model pruning that reduces their memory

footprint and makes them amenable to applications at the edge. Pruning can benefit various neural net-

work layers, such as fully connected, convolutional, recurrent, and normalization. Furthermore, pruning

can benefit attention mechanisms. In this context, we aimed to seamlessly integrate the simplicity of

structured sparsity with mainstream vector architectures enhanced with a proposed new instruction.

Initially, we reorganized and optimized the state-of-the-art row-basedmatrix multiplication algorithm

for structured-sparse data for the current definition of the RISC-V ISA. We adopted a hybrid placement

for the non-zero data elements and their corresponding column indexes across the vector and the scalar

register files. This approach reduced register name dependencies and simplified loop unrolling, thereby

significantly improving the runtime.

Subsequently, this optimized approach was further enhanced with the proposed new vindexmac

instruction, which operates on local data that is pre-loaded into the vector register file. The use of this

new instruction reduces the total number of instructions executed and eliminates unnecessary vector loads.

Most importantly, the new instruction can be implemented with negligible hardware cost.



Chapter 4

Vectorized FlashAttention

Attention is one of themost demanding dense kernels inmodern transformermodels and amajor source of

both computation and memory traffic. As sequence lengths grow, the cost of attention increases rapidly,

making it a central performance bottleneck in transformer inference and training. This makes efficient

attention execution an important target for vector architectures, especially when the goal is to retain high

throughput without the hardware cost of more specialized accelerators.

Attention works by assigning different levels of importance to different parts of the input, depend-

ing on how useful they are for the current computation. Instead of treating all parts equally, the model

computes relevance scores and uses them to emphasize important information while suppressing less

useful context. However, this ability comes with high computational cost. The standard attention mech-

anism has quadratic complexity, meaning that both execution time and memory usage grow rapidly with

sequence length [13]. This creates a major performance bottleneck and limits the efficient use of trans-

formers on long inputs.

To address this challenge, several approaches have been proposed to reduce the cost of attention.

These include sparse [23], linear [65], and low-rank [158] attention methods, which aim to improve

efficiency while preserving accuracy. In addition, specialized hardware accelerators [43, 56, 5, 157]

have been developed to speed up key parts of the attention computation, such as matrix operations [161]

and softmax evaluation [137, 157].

FlashAttention [29, 28, 110], originally developed for GPUs, addresses the computational bottlenecks

of standard attention efficiently. By performing the attention computation in tiles instead of materializing

the full attention matrix, it reduces memory requirements and improves both memory efficiency and

computational performance.

This chapter adapts FlashAttention to the RVV ISA by developing a fully vectorized implementation

that preserves the algorithmic advantages of tiled attention while remaining compatible with practical

vector processors. The objective is not only to accelerate attention, but to do so within the constraints of

a standard vector ISA, without relying on custom hardware support.

A key challenge in this setting is the softmax computation embedded in attention. In addition to the

matrix multiplications required for score calculation and weighted accumulation, attention also requires

maximum tracking, exponentiation, accumulation, and normalization. These stages are reduction-heavy

and involve non-linear operations that are not directly supported by the baseline RVV ISA. For this reason,

75
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this chapter also introduces a simplified method for evaluating the exponential function using standard

floating-point arithmetic, tailored specifically to the dataflow of FlashAttention and suitable for efficient

vector execution without requiring custom hardware support.

The chapter further develops a tiling strategy that preserves the core idea of FlashAttention, namely

processing attention in small, memory-efficient blocks, while adapting it to vector-length-agnostic execu-

tion and the register constraints of practical RVV processors. In this way, the proposed approach remains

fully compatible with the standard RVV programming model while improving data reuse, reducing mem-

ory traffic, and exposing the regular data-parallel structure required for efficient vector execution.

Overall, the chapter makes three main contributions. First, it presents a fully vectorized implementa-

tion of the FlashAttention algorithm, expressed entirely through vector instructions andwithout relying on

scalar operations in the core computation. Second, it introduces a simplified method for vector exponenti-

ation using standard floating-point arithmetic, avoiding custom hardware instructions or ISA extensions

while preserving the accuracy of representative LLM applications. Third, it develops a vector-aware

tiling strategy that adapts FlashAttention to the constraints of RVV processors, improving locality and

fitting naturally within the vector register file.

4.1 Baseline Attention and FlashAttention algorithm

The attention mechanism allows models to assign varying levels of importance to elements within an

input sequence, making it possible to capture long-range dependencies and contextual associations. It

operates through the interaction of query, key, and value vectors, all of which are generated from the input

embeddings [155]. In practice, the attention mechanism operates across multiple heads in parallel, known

as multi-head attention, allowing the model to capture complex relationships more effectively [155]. In

the following, without loss of generality, we will limit our discussion to a single-head attention.

4.1.1 Baseline Attention with Lazy Softmax Division

Given a query vector ~q and sets of key and value vectors defined asK = ~k1, . . . ,~kN and V = ~v1, . . . , ~vN ,

the attention mechanism is computed as follows:

si = dot(~q,~ki) fi =
esi∑
j e

sj
Attn(~q,K,V) =

∑
i

fi~vi (4.1)

Here, each attention score si measures the similarity between the query vector and the ith key vector

through a dot product. These scores are then passed through a softmax function to determine the relevance

of each token to the query. This step involves computing the exponential of each score and normalizing

by the sum of all exponentials, resulting in a probability distribution over the input tokens. The final

attention output is obtained as a weighted sum of the value vectors, where each weight reflects the relative

importance of the corresponding token.

However, computing exponentials of large scores can cause numerical instability, potentially leading

to overflow. To address this, a numerically stable variant known as the safe softmax is used. This method

subtracts the maximum score from all individual scores before exponentiation, preserving the behavior
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Algorithm 4.1 Attention with lazy softmax division

1: for each query ~q do
2: for i = 1 : N do

3: si ← dot(~q,~ki)
4: mi ← max(mi−1, si)
5: end for

6: `0 ← 0
7: for i = 1 : N do

8: ~oi ← ~oi−1 + esi−mN · ~vi
9: `i ← `i−1 + esi−mN

10: end for

11: attn(~q,K, V )← ~oN/`N
12: end for

of softmax while preventing overflow:

fi =
esi−max∑
j e

sj−max (safe softmax) (4.2)

Instead of performing exponentiation, normalization, and weighted summation as separate steps, lazy

softmax architectures [56, 53] take a different approach. They accumulate both the weighted sum of the

value vectors and the sum of exponentials in parallel, delaying the division step until the end:

si = dot(~q,~ki) fi = esi−max Attn(~q,K,V) =

∑
i fi~vi∑

j e
sj−max (4.3)

Algorithm 4.1 outlines the computation of attention using the lazy softmax approach. The process be-

gins by calculating the dot product between the query and each key vector, while simultaneously tracking

the maximum score for numerical stability. Then, the output vector ~oi is built incrementally by summing

the products of each value vector and its corresponding exponentiated, shifted score. At the same time,

the running total of exponentials, denoted as `i, is updated. The final attention result is produced by

dividing the accumulated weighted sum by the total sum of exponentials `N .

The attention computation inAlgorithm 4.1 has amajor bottleneck, as output calculation can only start

after determining the maximum attention score, limiting efficiency for large sequence lengths. Sequence

lengthN represents the context size. When a model like a Transformer interprets a word, it considers the

surrounding words to determine its meaning. The sequence length specifies how many words the model

can look at simultaneously.

FlashAttention [29], inspired by online softmax computation [90], addresses this by merging the two

inner loops of Algorithm 4.1 into a single loop that computes all necessary variables online.

4.1.2 FlashAttention Algorithm

FlashAttention [29] transforms attention computation into an online process. The main difference be-

tween FlashAttention and the baseline attention mechanism (Algorithm 4.1) is that FlashAttention per-

forms all required computations within a single inner loop. This eliminates the need to precompute the
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Algorithm 4.2 FlashAttention with delayed softmax division

1: for each query ~q do
2: for i = 1 : N do

3: si ← dot(~q,~ki)
4: mi ← max(mi−1, si)
5: `i ← `i−1e

mi−1−mi + esi−mi

6: ~oi ← ~oi−1e
mi−1−mi + esi−mi~vi

7: end for

8: attn(~q,K, V )← ~oN/`N
9: end for

Algorithm 4.3 FlashAttention applied at blocks of key matrix

1: for each query ~q do
2: for i = b : b : N do

3: ~s← ~q ·KT [:, (i− b) : i− 1]
4: mi ← max(mi−b, ~si)
5: `i ← `i−be

mi−b−mi +
∑b−1

j=0 e
si−j−mi

6: ~oi ← ~oi−be
mi−b−mi +

∑b−1
j=0 e

si−j−miV [i− j − 1, :]
7: end for

8: attn(~q,K, V )← ~oN/`N
9: end for

maximum attention score and avoids storing alignment scores in memory [81]. In effect, it addresses the

scalability limitations of Alg.4.1 as sequence length increases.

The FlashAttention kernel is presented in Algorithm 4.2 following a vector-oriented description of

the corresponding algorithm. Specifically, Algorithm 4.2 refers to the improved version of FlashAtten-

tion [28], aka, FlashAttention-2. The next version, i.e., FlashAttention-3 [123] follows exactly the same

algorithmic structure and interleaves block�wise GEMM and softmax computation that is specific for

GPU implementations. In each iteration of FlashAttention, the dot product between the query vector and

the key vectors produces a similarity score si. The maximum attention score up to the current step mi,

is also identified. The multiplication by emi−1−mi in the computation of `i in line 5 of Algorithm 4.2,

adjusts the previously accumulated sum of exponentiated scores to the new maximum attention score. In

line 6, The output vector oi is updated by adding the new value vector V , weighted by its softmax im-

portance, to the previous output vector oi−1, which is similarly adjusted by the scaling factor e
mi−1−mi .

Finally, in line 8, the attention of a query vector is computed by dividing the output oN by the sum of all

exponentiated attention scores `N .

As shown in Algorithm 4.2, parallelization can be applied either to the outer or the inner loop. Par-

allelizing the outer loop allows for processing multiple queries for the same column of K. However, in

this case, all state needed per query vector such the maximum attention score mi and the running sum

of exponents `i should be also stored. Parallelizing the inner loop matches better to the vectorization of

FlashAttention that is the focus of this chapter.

In this case, instead of computing a scalar alignment score si, we compute a vector of alignment

scores ~s by performing a dot product across multiple columns ofK and the same query vector ~q. In this

way, the maximum score identification, the computation of sum of exponents, and output accumulation
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should also adapt to operate on this vector of attention scores. This adaptation can be easily derived by

unrolling the recursive computation ofmi, `i and oi. For instance, by unrolling once the running sum of

exponents `i we get that:

`i = `i−1e
mi−1−mi + esi−mi

=
(
`i−2e

mi−2−mi−1 + esi−1−mi−1
)
emi−1−mi + esi−mi

= `i−2e
mi−2−mi + esi−1−mi + esi−mi (4.4)

Repeating the same procedure b times leads to the following lookahead form for computing the sum of

exponentials for b consecutive attention scores.

`i = `i−be
mi−b−mi + esi−b+1−mi + . . .+ esi−mi

= `i−be
mi−b−mi +

b−1∑
j=0

esi−j−mi (4.5)

From (4.5), it can be easily seen that `i can be computed by the sum of exponentials of b attention

scores si, si−1, . . . si−b reduced by the current maximum scoremi. Their sum is then accumulated to the

adjusted `i−b sum. This adjustment depends only on the current maximum mi and the previous block

maximum mi−b. Likewise, the output accumulation ~oi can be performed at the vector level including

the multiplication with the value vectors and without requiring extra intermediate adjustments to the

maximum value. This vector-level lookahead mechanism in the FlashAttention algorithm is illustrated

in Algorithm 4.3.

The application of blocking for the query, key, and value matrices, introduced in the original FlashAt-

tention proposals [29, 28], will be examined in Section 4.3 in the context of the vectorized implementation

of FlashAttention.

4.2 Vectorization of FlashAttention

The proposed vectorization of FlashAttention using the RISCV ISA follows the block-level execution

described in Algorithm 4.3.

The execution of FlashAttention of one query vector is split in five parts: In the first part, the vector

of attention scores ~s is computed using a vector×matrix row-based vectorized multiplication. The vector
corresponds to the query vector and the matrix is formed by b consecutive columns of the Key matrix. In

the second part, themaximum attention in~s is identified in parallel and the corresponding exponentials are

computed in a fully-vectorized form using ~s and the current and the previous maximum attention scores.

The third part refers to the computation of the sum of exponents `i the output vector ~oi. The fourth part

corrects the maximum values for the previous sum of exponent `i−b and the output vector oi−b and the

last part computes for the current query vector the attention vector by dividing the accumulated output

with the sum of exponents of all attention scores.

The execution of each part using vectorized operations that correspond closely to typical RISCV

Vector ISA is shown in Algorithm 4.4. In the presented algorithm we assume that the vector processor
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Algorithm 4.4 Vectorized FlashAttention for RISCV Vector ISA

1: for each query ~q do
2: vload vq, ~q
3: for i = b : b : N do

4: vs ← 0
5: for j = 0 : d− 1 do
6: vload vk,K

T [j, (i− b) : i− 1]
7: vrgather va, vq, j . Broadcast jth element of ~q
8: vmacc vs, vk, va .Multiply-Accumulate

9: end for

10: vredmax vmax, vs, voldmax . Obtain current maximum value

11: vrgather vmax, vmax, 0
12: vb = vexp(voldmax - vmax) . Calculate emi−b−mi

13: vc = vexp(vs - vmax) . Calculate e~s−mi

14: vredsum vsum, vc . Calculate current sum of exponents

15: vrgather vsum, vsum, 0 . Broadcast sum of exponents

16: vmsneq vmask, voldmax, vmax . Create mask to perform lookahead

17: for j = 0 : b− 1 do
18: vload vv, V [i− j − 1, :] . Load row of V

19: vrgather vd, vc, (b− 1− j)
20: vmacc vout, vv, vd
21: end for

22: vmul voldsum, voldsum, vb, vmask .Masked multiplication

23: vadd vsum, voldsum, vsum . Calculate li
24: vmv voldsum, vsum .Move li−b to li
25: vmul voldout, voldout, vb, vmask .Masked multiplication

26: vadd vout, voldout, vout . Calculate oi
27: vmv voldmax, vmax .Movemi−b tomi

28: end for

29: vdiv vout, vout, vsum . Perform ~oN/`N
30: vstore vout, ~oN . Store ~oN
31: end for

operates on an arbitrary large vector length that matches the head dimension of the attention model,

denoted as d. The more realistic scenario, where vector length is smaller than the head dimension is

discussed in Section 4.3.

To compute the vector of alignment scores, we utilize the row-wisematrixmultiplication [134], which

is highly efficient for vector-matrix multiplication. This operation requires each element of the vector

vq to be multiplied with the corresponding row vector vk from the transposed key matrix KT . To ac-

complish this, during each iteration of the loop in line 5 of Algorithm 4.4, we must isolate individual

elements of vq. For this purpose, we employ the vrgather instruction, which enables indexing into

vq and broadcasting a selected element across all elements of the vector va. The alignment score vector

is then computed using a multiply-and-accumulate instruction, as shown in line 8 of Algorithm 4.4, com-

pleting the first phase of FlashAttention’s execution for a single query vector. Lines 5–9 in Algorithm 4.4

correspond to line 3 of Algorithm 4.3.

It is worth noting that, instead of the row-wise approach, a dot-product-based method could have been
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used. However, such an approach would generate multiple scalar values that would need to be rearranged

into a single vector. This process would require several additional shift and merge operations, resulting

in a greater number of inefficient vector instructions. In contrast, the row-wise multiplication algorithm

directly places each computed value in its correct position within the result vector, thus minimizing the

number of vector instructions required and improving overall efficiency. In architectures where vrgather

is expensive, the same operation could instead be implemented using scalar–vector multiply instructions,

at the cost of additional data movement between scalar and vector register files.

In the second part, covering lines 10–13, the maximum value is computed across all elements of the

vector vs and the previously calculated maximum that is stored in vector voldmax. More precisely,

line 10 of Algorithm 4.4 corresponds to line 4 of Algorithm 4.3. This is achieved using the vredmax

instruction, which, in the RISC-V ISA, stores the resulting maximum in the first element of the vector

vmax. To propagate this value across the entire vector, it is broadcast to all elements of vmax using the

vrgather instruction, as shown in line 11 of Algorithm 4.4.

Moreover, since the RISC-V ISA lacks direct support for vector exponentiation instructions, the op-

erations in lines 12 and 13 of Algorithm 4.4, which compute the terms emi−b−mi and e~s−mi , respectively,

are conceptually referred to as vexp for clarity. The implementation details of these operations will be

discussed in the following subsection.

In the third part, the sum of exponents is computed using the vredsum instruction in line 14 of

Algorithm 4.4. Then, in lines 17–21, the current output vector ~oi is computed and stored in the vector

vout by applying the row-wise multiplication algorithm between the vector of exponentiated attention

scores and the corresponding block of the value matrix. By the end of this part, vsum contains the term∑
j e

si−j−mi , which is required in line 5 of Algorithm 4.3, and vout holds the term
∑

j e
si−j−miV [i −

j − 1, :], as defined in line 6 of Algorithm 4.3.

To complete the computation described in lines 5 and 6 of Algorithm 4.3, the previously computed

sum of exponents `i−b and output vector oi−bmust be added to the newly computed terms, after applying a

correction factor emi−b−mi . To simplify this correction, we use a conditional assignment. The correction

is necessary whenever the current maximum value mi differs from the previous maximum mi−b. The

result of this comparison is stored in line 16 in a vector mask. This mask controls the subsequent masked

multiplication instructions that adjust the vectors voldsum and voldout based on the currentmaximumvalue,

as shown in lines 22 and 25 of Algorithm 4.4, respectively. The corrected vectors are subsequently added

to the current sum of exponents and the output vector ~oi, as illustrated in lines 23 and 26 of Algorithm 4.4.

In the RISC-V Vector ISA, masks are held in a dedicated mask register (typically v0), and predicated

(masked) vector operations implicitly consume this register. While this design introduces a small but

recurring bookkeeping overhead, it enables predication without control-flow divergence.

Finally, in the last part, the output vector ~oi is normalized by dividing it by the final sum of exponents

`i, as shown in line 29 of Algorithm 4.4.

4.2.1 Exponent approximation

To complete the FlashAttention kernel we need to approximate in lines 12 and 13 of Algorithm 4.4

the exponentials of the two maximum differences attention scores. The resulting exponentiated scores
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should return in the same floatint-point format as the attention score differences. In RISC-V Vector ISA

there is no direct instruction to compute exponentials in vector form. This absence means that software

implementations must rely on approximation techniques to perform efficiently this computation at the

vector level.

In the case of vectorized FlashAttention, a generic exponential function approximator is unnecessary

and a custom approximation suffices, as we only need to compute attention score differences that are

zero or negative. This stems from the fact that attention scores are always offset by the maximum score.

Therefore, the first step is to appropriately quantize the attention score differences. Then, using the

approach proposed by Blin [16], we compute the exponential of the quantized differences in a single step

and directly convert the result into floating-point format.

Quantization of attention score differences

In general, converting a floating-point number to its fixed-point representation requires many integer bits

to accommodate the wide range of floating-point arithmetic [69]. However, in this case, we can safely

clip the attention score differences before quantization to a much smaller dynamic range, as it will only

be used for the computation of ex for negative values of x. In this range, ex quickly converges to 0, even

for small negative x values, i.e., e−15 = 3.1 · 10−7. Therefore, in this chapter, attention score difference

∆ is clipped to [-15, 0]. Effectively, ∆ is going to be multiplied later by a constant value that would

move the range of the result to [-21.64, 0].

For quantizing the clipped attention score differences, we use 32-bit precision for simplicity, aligning

with the processor word width, although fewer bits would have been sufficient. The quantized 32-bit

fixed-point numbers are assumed to use 9 bits for the signed integer part and 23 bits for the fractional

part. To do this, we employ scaling quantization of the clipped attention score differences in range [−a, a)
using b = 32 bits. The selected 9-bit of the signed integer part covers the range [−28, 28) which implies
a = 28. Overall, each attention score difference ∆ is scaled by s and rounded. The scaling factor is

defined as:

s =
2b−1 − 1

a
. (4.6)

The quantized fixed-point value is then given by:

xf = int(s ·∆). (4.7)

Exponential of quantized attention score differences

To simplify computation, it is preferable to work with powers of two rather than natural exponents.

Since ex = 2x log2 e, our goal is to compute 2xf log2 e, where xf is the quantized attention score difference

computed in (4.7), and obtain the result directly in floating-point format without any additional conversion

step.

Leaving aside for now themultiplication of xf by log2 e, we note that since xf is a fixed-point number

with an integer part Ix and a fractional part Fx, we can express 2
xf as follows:

2xf = 2Ix+Fx = 2Ix · 2Fx (4.8)
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Algorithm 4.5 Vectorized exponentiation of attention score differences in FlashAttention

1: vmfle vmask, vexp, −15 . Create mask for clipping
2: vmul vexp, s · log2(e) . Floating point multiplication
3: vexp = int(vexp) . Integer conversion
4: vadd vexp, vexp, B · 2WM . Integer addition
5: vadd vexp, vzero, e

−15, vmask . Replace the clipped values of x with e−15

Since Fx, being a fractional part, lies between 0 and 1 by construction, we can safely approximate 2
Fx

by 1 + Fx. Substituting this approximation into (4.8), we obtain:

2xf ≈ 2Ix · (1 + Fx) (4.9)

With this approximation, we observe that the result of 2xf takes the form of a floating-point number,

where Ix corresponds to the unbiased exponent and Fx to the mantissa.

To fit to the floating-point representation the exponent bias must be restored affecting only the integer

part Ix of xf and leaving the fraction part Fx unchanged. As noted by Blin [16], this can be achieved by

adding to xf bias B scaled by the fraction (mantissa) bit widthWM :

2xf ≈ 2Ix−B · (1 + Fx) = xf +B · 2WM (4.10)

This addition effectively incorporates the exponent bias back into Ix, thereby reconstructing the correct

binary representation of the floating-point value of 2xf .

This implementation of vectorized exponentiation is presented in Algorithm 4.5. Let vexp denote the

input vector containing the values that need to be exponentiated. The computation begins by identifying

elements in vexp that are less than −15. For these elements, a mask is generated to indicate which values
require clipping.

Following the mask generation, a floating-point multiplication is performed using the precomputed

constant s · log2(e), effectively computing the product s ·xexp. This result is then converted to an integer
representation, as shown in line 2 of Algorithm 4.5. An integer addition is subsequently performed

between the converted result and the constant B · 2WM .

Finally, elements of vexp that were marked for clipping are replaced. This is achieved via a masked

vector operation that conditionally assigns the value e−15 to the corresponding positions, using a zero-

initialized vector vzero to facilitate the update. For the elements not requiring clipping, the addition will

not have an effect due to masking. The final output vector approximates the exponential function ex for

the attention score differences in the context of FlashAttention.

The five operations described in Algorithm 4.5, i.e., masking operation, floating-point multiplication,

integer conversion, and addition, are all supported by standard RISC-V vector instructions and allows us

to compute exponential functions as needed in the context of Flashattention with low instruction count

and without relying on any custom ISA extensions.
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4.3 Tiling in Vectorized FlashAttention

Since a vector engine is equipped with a finite number of arithmetic logic units (ALUs) and can operate

on only a limited amount of data concurrently, the size of the input arrays often exceeds the level of

parallelism the hardware can natively support. This mismatch between data volume and computational

capacity necessitates the use of additional techniques to manage and optimize performance. One such

method is tiling, which partitions the data into smaller, manageable blocks that fit within the engine’s

parallel processing capabilities. By processing these tiles sequentially or in batches, the system ensures

that the full attention output is computed correctly and efficiently.

4.3.1 Handling arbitrary head dimensions

The head dimension in attention refers to the size of the query, key, and value vectors used within each

attention head. It determines how much information each head can capture independently, and the full

model dimension is typically split across multiple heads to allow parallel attention to different represen-

tation subspaces.

The head dimension, denoted by d does not necessarily match the vector length supported by the un-

derlying vector registers. In many cases, d exceeds the available hardware parallelism, which necessitates

the application of tiling techniques to maintain computational efficiency. As shown in Algorithm 4.4, the

two intermediate loops depend on the parameters d and b. While the parameter d is fixed by the attention

mechanism and cannot be altered, the blocking parameter b is configurable and can be set arbitrarily. In

this regard, b is set equal to the vector length (vl), thereby aligning the blocking strategy with the parallel

processing capabilities of the target vector architecture.

When head dimension d is larger that the maximum supported vector length we need to introduce

tiling in the vectorized FlashAttention. The tiled form of vectorized FlashAttention is presented in Al-

gorithm 4.6, with the modifications relative to baseline vectorized FlashAttention (Algorithm 4.4) high-

lighted in magenta. Since head dimension exceed maximum vector length, the vectors loaded during

computation do not encompass all elements within a full row of theQ,K, and V matrices. Instead, only

a portion of each row is loaded in a given iteration, and the corresponding partial computation is per-

formed. Subsequent iterations then load incrementally the remaining segments of each row, as shown in

lines 5, 7 and 21 of Algorithm 4.6. Consequently, all intermediate results must be temporarily stored and

subsequently reloaded to ensure correctness. Specifically, intermediate load and store operations involv-

ing the output vector occur at lines 25 and 28 of Algorithm 4.6, as well as at lines 36 and 38, in order to

correctly compute the division of the output vector ~oN by the sum of exponents `N . It is important to note

that if the dimension d is only slightly larger than the vector length, the loops associated with the head

dimension can be unrolled by utilizing additional vector registers. This approach reduces or eliminates

the need to store partial results, thereby avoiding these specific loops.

4.3.2 Operating in parallel on multiple queries

Algorithm 4.6 adopts a dataflow strategy that processes the entire K and V matrices for each query of

matrix Q. Although this method yields one row of the attention output at a time, an alternative approach
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Algorithm 4.6 Vectorized FlashAttention-2 with d greater than vector length

1: for each query ~q do
2: for i = vl : vl : N do

3: vs ← 0
4: for h = 0 : d/vl − 1 do
5: vload vq, ~q [h · vl : (h+ 1) · vl − 1]
6: for j = 0 : vl − 1 do
7: vload vk,K

T [h · vl + j, (i− vl) : i− 1]
8: vrgather va, vq, j . Broadcast jth element of ~q
9: vmacc vs, vk, va .Multiply-Accumulate

10: end for

11: end for

12: vredmax vmax, vs, voldmax . Obtain current maximum value

13: vrgather vmax, vmax, 0
14: vb = vexp(voldmax - vmax) . Calculate emi−b−mi

15: vc = vexp(vs - vmax) . Calculate e~s−mi

16: vredsum vsum, vc . Calculate current sum of exponents

17: vrgather vsum, vsum, 0 . Broadcast sum of exponents

18: vmsneq vmask, voldmax, vmax . Create mask to perform lookahead

19: for h = 0 : d/vl − 1 do
20: for j = 0 : vl − 1 do
21: vload vv, V [i− j − 1, h · vl : (h+ 1) · vl − 1] . Load row of V

22: vrgather vd, vc, (vl − 1− j)
23: vmacc vout, vv, vd
24: end for

25: vload voldout, ~oN [h · vl : (h+ 1) · vl − 1]
26: vmul voldout, voldout, vb, vmask .Masked multiplication

27: vadd vout, voldout, vout . Calculate oi
28: vstore vout, ~oN [h · vl : (h+ 1) · vl − 1]
29: end for

30: vmul voldsum, voldsum, vb, vmask .Masked multiplication

31: vadd vsum, voldsum, vsum . Calculate li
32: vmv voldsum, vsum .Move li−b to li
33: vmv voldmax, vmax .Movemi−b tomi

34: end for

35: for h = 0 : d/vl − 1 do
36: vload vout, ~oN [h · vl : (h+ 1) · vl − 1]
37: vdiv vout, vout, vsum . Perform ~oN/`N
38: vstore vout, ~oN [h · vl : (h+ 1) · vl − 1] . Store ~oN
39: end for

40: end for

is possible. By processing multiple rows from matrix Q together with corresponding sub-blocks of the

K and V matrices in parallel, the residency time of K and V in the cache is extended, achieving better

temporal locality. This results in better performance as it will be demonstrated in Section 4.4.

The strategy of processing multiple rows of matrix Q is illustrated in Figure 4.1, where matrix S

includes the attention scores computed gradually across all query and key vectors. As shown, blocking is

applied to the Q,K, and V matrices. The block size Br corresponds to the number of consecutive rows
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Figure 4.1: The diagram above illustrates howAttention is computed in blocks. The black-colored blocks

represent the tiled implementation of Attention mechanism. The black-colored blocks correspond to the

k-th row of the attention output. N denotes the sequence length, d denotes the head dimension and Br

and Bc are the block sizes that can be controlled.

of Q processed for each block of theK and V matrices, while Bc denotes the number of columns of the

K matrix processed in parallel. This partitioning enables the division of theQmatrix intoN/Br blocks,

and the K and V matrices into N/Bc blocks. The maximum values and the sums of the exponentiated

elements computed for each row are stored, respectively, in the vectorsm and `within each block of size

Br.

4.4 Experimental results

The experimental results aim to explore the design space of vectorized FlashAttention and identify the

set of parameters that yield the best performance.

All experiments are conducted using a fully implemented decoupled vector unit integrated with an
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Table 4.1: Simulated Processor Configuration

Scalar core

• RISC-V ISA (RV64GC), 8-way-issue out-of-order, 16-entry LSQ, 90 physical in-

teger and 90 physical floating-point registers, 60-entry ROB

• L1I cache: 1-cycle hit latency, 4-way, 64KB

• L1D cache: 2-cycle hit latency, 4-way, 64KB

• L1I and L1D have 64B cache line

Vector engine

• 1024-bit vector engine with 32-lane configuration (32-bit elements × 32 execution

lanes)

• The vector engine is connected directly to the L2 cache through 16 store queues and

16 load queues

L2 cache
• 8-way, 8-bank

• 8-cycle hit latency, 512KB shared by both the big core and the vector engine

• 64B cache line

Main Memory DDR4-2400, 19.2 GB/s memory bandwidth

Table 4.2: The characteristics of contemporary LLM models available on HuggingFace [162]

LLM
Characteristics

Hidden Size Num. Heads Head dimension

DeepSeek / Qwen-1.5B-L1 1536 12 128

Google / Gemma2-2B-L1 2048 8 256

out-of-order superscalar processor, corresponding tomodel 1bDV in [142]. The use of a high-performance

superscalar core alongside the vector engine is intended to ensure that the scalar portion of the processor

does not become a limiting factor in evaluating vector engine performance. Essentially, this configuration

allows the vector unit’s performance to be measured in isolation, free from interference or bottlenecks

introduced by the scalar side. The system is modeled using the gem5 simulator [14], and the key archi-

tectural parameters of the simulated processor are listed in Table 4.1

Algorithm 4.6 was executed on attention layers of state-of-the-art LLM architectures available on

HuggingFace [162]. Table 4.2 reports the size of the hidden dimension, number of attention heads, and

per-head dimensionality for the first attention layer of each model. In transformer architectures, the hid-

den size refers to the dimensionality of token embeddings and internal hidden states—that is, the number

of features used to represent each token at any layer. A larger hidden size enables the model to learn

and represent more complex and nuanced patterns. Conversely, the number of attention heads defines

how many parallel attention mechanisms are applied to each token. Each head processes information in

a distinct subspace of size hidden size/num heads, known as the head dimension, which serves

as the primary focus of our evaluations. Notably, the head dimension remains consistent across all layers

within each LLM.

4.4.1 Speedup achieved through vectorization

Figure 4.2 illustrates the performance improvements achieved through code vectorization for a fixed com-

bination of head dimension and sequence length. To evaluate the impact of vectorization, we analyzed a
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Figure 4.2: The speedup achieved through the vectorization ofAlgorithm 4.6 forBr = 1 and vector length
32. All results are normalized to the corresponding scalar implementation with the same configuration

(sequence length and head dimension).

range of sequence lengths with the parameterBr set to 1 and the parameterBc set equal to vector length.

A vector length of 32 was used, and the reported metrics correspond to the head dimensions of layers

from the Qwen-1.5B and Gemma2-2B LLMs. Additionally, we opt to unroll the loops related to head di-

mension for a factor of 4 to overcome the unnecessary vector memory operations due to the increased size

of head dimension. All results presented in Figure 4.2 are normalized with respect to their corresponding

scalar implementations, each having the same sequence length and head dimension as the respective vec-

torized implementation. As shown, performance approaches its theoretical maximum—aligned with the

hardware-supported vector length of 32. However, as the head dimension and sequence length increase,

a slight decline in the amount of speedup is observed. This degradation is attributed to the increment on

size of all involved arrays, which leads to a greater number of branches and increased pressure on the

memory subsystem. The same effect is noticed with the increment of the head dimension, which degrades

slightly the performance. The impact of vector length will be examined subsection 4.4.3.

4.4.2 The effect of block size in the vectorized performance

To analyze the impact of the parameterBr on the execution cycles of Algorithm 4.6, we evaluate its effect

under various configurations of sequence length and head dimension, assuming a fixed vector length of

32. All implementations employ loop unrolling by a factor of four in the loops associated with the head

dimension.

In Figure 4.3, the speedup achieved by using aBr parameter greater than 1 is depicted, with all results

normalized relative to the implementation employing aBr parameter equal to 1. As shown in Figure 4.3,

employing Br values greater than one generally yields improved performance, often achieving speedup

up to 1.4 compared to using Br = 1.

However, there are notable exceptions, particularly in configurations with a sequence length of 512

and a head dimension of 128, which corresponds to the head dimension for a layer of Qwen-1.5B, as

well as those with a sequence length of 1024 and a head dimension of 256, which is the head dimen-



4.4. Experimental results 89

Figure 4.3: The speedup achieved by the algorithm presented in Algorithm 4.6 through the use of a

Br parameter greater than 1, compared to the implementation with Br = 1, is evaluated across varying
sequence lengths and the head dimensions of the Qwen-1.5B and Gemma2-2B LLMs, with a fixed vector

length of 32.

sion for a layer of Gemma2-2B. In the latter scenario, the performance improvement is slightly reduced

due to increased pressure on the memory subsystem resulting from the larger sequence length and head

dimension.

Conversely, in configurations where the sequence length is 512 for the head dimension of the layer

of Qwen-1.5B, employing Br = 1 outperforms configurations with larger Br values. This discrepancy

arises because, for Br > 1, the number of memory accesses within inner loops increases. Given the

relatively small number of iterations in this setup, the increased memory traffic outweighs the benefits of

block reuse, ultimately leading to reduced computational efficiency for the attention mechanism.

These improvements are primarily attributed to the reuse of K and V blocks across all rows within

a given Br block. Specifically, each subsequent block of the K and V arrays is accessed only after all

rows within the current Br block have been processed, thereby enhancing data locality and improving

cache utilization. However, as the value ofBr increases beyond a certain point, the performance benefits

begin to diminish due to reduced cache efficiency.

4.4.3 Scaling hardware vector length

To assess the impact of hardware vector length, we measured the execution time for increasing vector

lengths of 32, 64, and 128 data elements, while keeping the blocking factor fixed at Br = 32 and the

loop unrolling factor equal to 4. For a vector length of 32, covering a head dimension of 256 as needed in

‘Gemma2-2B’ transformer necessitates 8 vector registers for each loaded vector of Query, Values, and

Keys, not accounting for temporary results. This prevents full loop unrolling related to head dimensions

and leads to unnecessary loads. Figure 4.4 depicts the performance gains achieved by increasing vector

length relative to the baseline configuration with a vector length of 32. Performance improves with higher

hardware vector lengths. However, the rate of improvement decreases when the vector length increases.

This flattening in performance improvement mainly happens due to the memory system overloading

with more frequent and vector load and store operations requesting more elements. Specifically, under

conditions where sequence length equals 512 and head dimension equal to the head dimension of the
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Figure 4.4: The speedup achieved by Algorithm 4.6 for three vector length configurations (32, 64, and

128), with the Br parameter set to 32, is presented. All the results are normalized with respect to the

configuration using a vector length of 32.

Figure 4.5: Execution cycles of the FlashAttention kernel as a function of L2 cache size (256 kB–2048

kB) for three vector lengths (32, 64, and 128), measured for sequence length 512 for Gemma2-2B-L1’s.

layer of Gemma2-2B-L1, the performance worsens when the vector length is 128 compared to when it is

64.

Figure 4.5 provides additional insight into the anomalous behavior observed at the 512KB L2 con-

figuration for Gemma2-2B-L1. As the L2 capacity increases from 256KB to 2048KB, execution cycles

generally decrease and the benefit of longer vector lengths becomes more pronounced: vector length 128

typically yields the lowest cycle count, followed by vector length 64, while vector length 32 remains

consistently slower. The notable exception occurs at L2 = 512KB, where vector length 64 outperforms

vector length 128. This isolated case shows that the slowdown at 512KB is not due to wider vectors,

but to a configuration-specific interaction with the cache. In this case, the array’s stride and alignment

interact unfavorably with the cache’s set/bank indexing, causing many accesses to concentrate on a small

subset of sets (and/or banks). This effect is less pronounced in smaller vector lengths that communicate

less data with the cache for each access.
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4.4.4 Comparison to state-of-the-art RISC-V Vector Function Evaluation Libraries

While vectorization and appropriate tiling are the primary contributors to the efficiency of the proposed

vectorized FlashAttention kernel, the simplified evaluation of exponentials in the FlashAttention context

also reduces execution time. To assess the contribution of this simplified exponent evaluation to the

overall performance gains, we re-implemented the proposed approach but replaced the proposed expo-

nent evaluation with the vectorized exponential evaluators offered by state-of-the-art function evaluation

libraries designed specifically for the RISC-V vector ISA extension [112, 11]. Both libraries are indus-

trial products operating on standard RISC-V vector ISA, as also done by the proposed approach, without

including any custom hardware extensions as done in [157].

Figure 4.6: The speedup obtained by our approximate vector exponentiation relative to the vector ex-

ponent implementations in RiVEC [112] and the SIMD-SLEEF library for elementary-function evalua-

tion [11].

Figure 4.6 reports the execution cycles measured in each examined scenario. For all experiments, we

assume a hardware vector length of 32 and a blocking factor of Br = 32. Higher vector lengths exhibit

exactly the same behavior as verified by additional experiments not shown in this paper.

Across all evaluated configurations and sequence lengths, the proposed simplified computation of

exponentials in the context of FlashAttention achieves the highest performance. For Qwen-1.5B-L1, the

proposed method achieves lower execution time over both RiVEC [112] and SIMD-SLEEF [11]. For

the case of Gemma2-2B-L1, the three implementations are closer in performance; nevertheless, our ap-

proach remains the best-performing option across the tested sequence lengths. These results indicate that

a domain-specific approximation of the exponential function, tailored to the non-positive inputs produced

by the numerically stable softmax, is an effective strategy for reducing the cost of exponentiation within

FlashAttention.

4.4.5 Accuracy of exponent approximation on LLM applications

Having explored the efficiency of the proposed vectorized FlashAttention, in this section we quantify the

accuracy loss introduced by the clipping and quantization applied during the exponential approximation

of the attention score differences.
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Table 4.3: Performance of Google’s FLAN-T5 LLM model on 10 benchmarks from the GLUE

dataset [156]. Accuracy and F1-score are reported for all benchmarks, except for STS-B, where the

Pearson Correlation Coefficient (PCC) is used, as it is not a binary classification task.

Benchmarks
Accuracy (%) F1-score

EXP EXP-ours EXP EXP-ours

STS-2 92.1 92.1 0.921 0.931

MNLI-m 87.5 87.5 0.794 0.800

MNLI-mm 84.2 84.2 0.845 0.833

QQP 93.1 93.1 0.930 0.930

QNLI 93.3 93.3 0.933 0.920

CoLA 72.0 72.0 0.830 0.840

MRPC 86.0 86.0 0.900 0.900

RTE 74.3 74.3 0.726 0.738

WNLI 62.0 62.8 0.690 0.710

STS-B 92.0 92.0 - -

We executed ten representative NLP benchmarks from GLUE [156] dataset using Google’s Flan-

T5 [111] LLM in the FP-32 configuration. For comparison, we considered two implementations: (a)

EXP, where the exponential function ex is computed using the standard math library and (b) EXP-ours

where the function of ex is approximated using the introduced quantization and exponent approximation.

To run inference with the LLM we utilized Microsoft’s PromptBench workflow [169].

The results are shown in Table 4.3. We report the Accuracy and F1-score for all benchmarks with

an exception for STS-B, where we report the Pearson Correlation Coefficient (PCC), as it is not a binary

classification task. As it can be observed both implementations exhibit comparable performance in terms

of inference accuracy and the F1-score metric. In some cases, EXP-ours method even outperforms their

full-precision counterparts. While it does not indicate that the model is inherently superior, it confirms

that the approximation used to perform vector exponentiation does not degrade performance [67].

To clarify better the observed behavior we include also a more focused experimental error analysis for

the proposed approach. In the proposed vectorized computation of FlashAttention, arithmetic error may

be introduced in two places: (a) when clipping and quantizing the range of the attention score differences;

and (b) when applying Blin’s approximation [16] in Eq. (4.10). To quantify the contribution of each error

case, we executed inference for the benchmarks reported in Table 4.3 introducing only one source of error

at a time. The average relative contribution of five indicative benchmarks is shown in Table 4.4.

Table 4.4: Total absolute error contribution (%) per error source for five Benchmarks from the GLUE

dataset [156].

Benchmark

Error Source MNLI-m MNLI-mm QQP QNLI MRPC

Clipping 0.029 0.039 0.043 0.04 0.085

2x ≈ 1 + x 99.971 99.961 99.957 99.96 99.915

From the percentages reported in Table 4.4, it is evident that Blin’s approximation [16], originally

derived from [96], which sets 2x ≈ 1 + x for 0 < x < 1, is the dominant source of error. The absolute
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Figure 4.7: The absolute error introduced by Blin’s approximation over the input range (0,1), together

with the histogram showing how often inputs subject to this approximation occur across all transformer

layers and examined benchmarks.

error of this approximation,E(x) = |2x− (1+x)|, over the input range (0, 1) is shown in Figure 4.7. As
can be observed, the absolute error is maximized near the midpoint of the interval. Importantly, this error

does not accumulate: even two consecutive applications at the point of maximum error result in a total

error of only 0.086. Next, we examine how often the inputs to the exponential function that are affected

by this approximation during FlashAttention execution fall within the range where the error is largest. To

this end, we recorded the values of xwhenever the approximation was applied across all LLMs, tasks, and

inference steps. The resulting histogram is also shown in Figure 4.7, plotted alongside E(x). The data

indicate that most inputs cluster near 0 or 1, where the approximation error is effectively zero. Overall,

more than 70% of the cases result in an absolute error below 0.077, which does not meaningfully affect

overall LLM inference accuracy.

4.5 Related Work

The standard attentionmechanism, while highly effective, is computationally expensive due to its quadratic

complexity with respect to sequence length [13]. This complexity becomes a significant bottleneck in

Transformer models, particularly when processing long sequences, as commonly encountered in modern

NLP tasks such as document summarization and code generation.

To address these challenges, various strategies have been proposed to improve the efficiency of at-

tention mechanisms. A major line of work focuses on approximating the full attention matrix using

sparse [23], linear [65], or low-rank [158] attention methods, which aim to strike a balance between

computational cost and accuracy. Additionally, techniques like structured sparse pruning [22] have been

applied to further reduce complexity by eliminating less significant connections within the attention lay-

ers.

Another research direction involves hardware-level acceleration. Custom accelerators [43, 56] have

been developed to optimize core components of attention computation, including matrix operations [161]

and softmax evaluation [137]. Recent work [157] also targets the Softmax bottleneck by adding lightweight

hardware for exponentiation. VEXP integrates a low-cost BF16 exponential unit into a RISC-V core FPU

and exposes it via custom (packed-SIMD) instructions. These hardware efforts aim to enhance speed and

scalability, especially for long input sequences. In particular, attention accelerators often store key and

value vectors locally in SRAM while streaming query vectors to compute attention scores [43, 66, 86],
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reducing memory traffic. However, as sequence lengths grow, these vectors must be fetched from slower

DRAM, leading to potential performance degradation.

To reduce reliance on memory bandwidth and improve parallelism, in-memory attention computation

has also been explored [132]. Moreover, recent designs aim to decouple computational resources from

sequence length by accumulating partial softmax results for each column of the attention scores [56,

161]. This allows for accurate softmax evaluation without buffering the entire score matrix, thus avoiding

memory spills.

The softmax operation itself presents notable performance challenges due to its dependence on reduc-

tion operations, such as max-value determination and exponential summation, which limit parallelism.

FlashAttention [29, 28, 110] addresses these inefficiencies by computing attention in smaller tiles, elim-

inating the need to store the full attention matrix. Designed for GPUs, FlashAttention recomputes scores

on the fly and improves both memory and computational efficiency. FlashAttention-2 further optimizes

this by avoiding the need for unified softmax hardware; instead, it performs exponentiation and normal-

ization steps separately. Multiple hardware-based techniques have been explored to implement these

non-linear operations efficiently, including piecewise-linear approximations with range reduction [68],

logarithmic quantization [159], and other functional approximations [119], as well as software vector

implementations on emerging ISAs such as RVV.

Complementary to hardware-oriented softmax approximations, prior work has explored software vec-

tor implementations of nonlinear functions on RVV. RiVEC provides a gem5-based RISC-V vector sim-

ulator and benchmark suite that includes baseline vector exponentiation routines for evaluation [112].

Bavier et al. study RVV-specific vectorization of nonlinear functions (including exp), demonstrating the

benefits of ISA-aware implementations [11]. Our work differs by using a domain-specific, low-cost exp

approximation tailored to the non-positive softmax inputs in FlashAttention.

Beyond accelerating softmax itself, other optimization techniques aim to reduce latency and energy

consumption, such as computation skipping based on token similarity [53, 131], and quantization strate-

gies that minimize data transfer overhead and improve accelerator utilization [89].

4.6 Conclusion

The FlashAttention kernel streamlines attention computation by fusing softmax evaluation with the at-

tention update, enabling a memory efficient formulation that avoids materializing the full attention ma-

trix. Originally developed for GPUs, it computes attention in fixed size tiles, largely decoupling on chip

working set requirements from the input sequence length. In this chapter, we adapt FlashAttention 2, an

optimized successor to the original FlashAttention, to vector processors and present a fully vectorized

design targeting the RISC V Vector ISA.

A key result of this study is that FlashAttention’s compute in tiles principle transfers well to vector

architectures when the kernel is reformulated to fully exploit data level parallelism. By expressing the

entire attention computation, including the numerically stable softmax update, using vector instructions,

we show that attention can achieve high compute efficiency while keeping intermediate state largely

within the vector register file. This is especially important for vector processors, where performance
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and energy efficiency depend on sustained vector utilization and reduced memory traffic. Our results

show that suitable tiling improves data reuse and reduces bandwidth pressure, making fused attention

well suited to vector execution.

Our analysis further shows that performance depends not only on the use of vectorization, but also

on how work is partitioned and scheduled. Different row block sizes for the Q matrix expose trade

offs among parallelism, reuse of K and V tiles, register pressure, and the reduction overheads required

for softmax normalization. The best configurations maintain contiguous, vector friendly access patterns

while balancing the number of live intermediate vectors needed for running softmax statistics and par-

tial outputs. Evaluations across multiple hardware vector lengths highlight interactions between vector

width, tile geometry, and kernel structure, suggesting that efficient vectorized attention requires coordi-

nated choices across tiling strategy, vector length, and vector implementations of key primitives such as

exponentiation and reductions.
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Chapter 5

Vector Engines with Reduced Number of

Physical Vector Registers

5.1 Introduction

Achieving high computational throughput in data-parallel workloads inherently demands large amounts

of on-chip storage to feed wide execution pipelines. In modern vector architectures, this storage takes the

form of the VRF.While keeping operands resident in massive vector registers is highly beneficial for data

reuse in complexmachine-learning kernels, the physical VRF typically becomes the dominant contributor

to both silicon area and static power. This creates a fundamental tension in the design of low-cost edge

processors, where strict resource budgets often force architects to cripple vector processing capabilities

by aggressively shrinking datapath widths. Resolving this conflict requires a fundamental rethinking of

vector state management, exploring how full architectural compliance and high parallel throughput can

be sustained even when the physical capacity of the underlying register file is substantially reduced.

To understand the critical importance of hardware area in resource-constrained environments, it is

necessary to examine the integration of vector capabilities into low-cost processors. Ultra-low-cost cores

prioritize area efficiency and power consumption over peak performance, typically adopting a lightweight

single-issue datapath with small caches. Nevertheless, the increasing demand for machine learning at

the edge requires enhancing these cores with Vector Processing Units (VPUs) to achieve acceptable

throughput.

A VPU can be integrated alongside the existing scalar core to share fetch, decode, and memory

pipeline stages, as illustrated in Figure 5.1. Vector processing relies on parallel execution units fed di-

rectly by the VRF. The vector length denotes the bit-width of each vector register and determines the

maximum degree of parallelism. However, adding this vector state storage introduces amassive hardware

overhead. This problem is especially pronounced under the RVV ISA, which mandates 32 architectural

vector registers and supports arbitrary vector-length multipliers (LMUL).

To evaluate this overhead, a RISC-V compliant vector unit was integrated within the Codasip L31

RISC-V core [25] using an organization similar to Figure 5.1 and implemented in 28 nm technology.

The VPU uses a vector length of 256 bits and has 8 vector lanes supporting 8-, 16-, and 32-bit integer

alongside bfloat16 calculations. As shown in the area breakdown in Figure 5.2, the VRF consumes

97
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Figure 5.1: The organization of a scalar RISC-V CPU augmented with an integrated VPU. The scalar

and vector datapaths share the same load/store memory port to the L1 cache.

Figure 5.2: Percentage breakdown of the hardware area consumption of the main components of a RISC-

V CPU with an integrated VPU. The VRF consumes 61% of the VPU area.

more than half (61%) of the VPU’s total area.

Faced with this severe area bottleneck, architects have explored several compromises to reduce the

physical cost of vector state. The most typical method is to use narrower vector registers and cut down the

number of vector execution lanes. While effective in saving space, this approach significantly restricts

data-level parallelism and directly degrades performance.

The central challenge, therefore, is to reduce the physical cost of vector state while preserving the

full flexibility and performance potential of the RVV programming model. Rather than reducing the

vector length (which degrades parallelism) or introducing complex renaming mechanisms, this chapter

demonstrates a more effective approach. The proposed technique lowers the hardware area cost by de-

creasing the “height” of the VRF, meaning the total number of physical vector registers it stores. This is

achieved while seamlessly maintaining full compatibility for the 32 vector register names and arbitrary

length multiplier settings dictated by the RVV ISA.
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5.2 Vector Register dispersion

5.2.1 Dispersion Mechanism

Determining vector operand location

Once a vector instruction enters the ID stage, its two source operands and its destination operand must

be read from the cVRF. Note that the destination operand is also needed, because the RISC-V ISA has

numerous instructions that utilize the destination register in their execution (e.g., vmacc, vmadd, etc.).

Thus, the Register Dispersion mechanism first checks to see which (if any) of these three operands are

currently located within the cVRF. This is achieved by accessing the Tag Array independently for each

of the three operands. The process of checking for cVRF residency is performed serially for all three

operands to accommodate for the cases where cVRF evictions are required, as will be explained shortly.

If there is a hit in the Tag Array, the operand is already within the cVRF, and the tag hit location

indicates the corresponding location within the cVRF (i.e., the physical mapping). This physical location

(index) is carried – through the ID/EX pipeline register – to the next pipeline stage, where the cVRF will

be accessed.

On the other hand, if there is a miss in the Tag Array, then the missing operand must be fetched from

the memory sub-system. The mechanism’s Control Unit stalls the processor and proceeds differently,

based on cVRF slot availability.

Replacement policy

If there is at least one free slot in the cVRF, then the control unit dynamically generates appropriate

load micro-operations to load the operand from memory into the cVRF, in the location pointed to by

the circular FIFO’s tail pointer. Recall that the memory address of each architectural register is a priori

fixed and known. Again, the physical location/index in the cVRF is carried to the next pipeline stage.

If there are no free slots within the cVRF, then an eviction must first be performed, before loading

the missing operand. In its current incarnation, the proposed mechanism employs a FIFO replacement

policy, due to its simplicity. By leveraging the existing circular FIFO implementation of the cVRF, a

FIFO replacement policy is achieved by simply evicting the register that is located at the head pointer

of the cVRF. On the contrary, a Least Recently Used (LRU) policy would require additional counters.

Despite its simplicity, the FIFO replacement policy will be demonstrated to achieve very high hit rates.

After locating the evictee, the Control Unit first generates appropriate store micro-operations to store

the evicted register to memory. The memory address is determined by the evictee’s tag entry, i.e., its

architectural register number. Subsequently, the Control Unit generates load micro-operations to load

the missing operand from memory into the cVRF (in the location pointed to by the tail pointer). Same as

before, this cVRF index is carried to the next pipeline stage.

Upon completion of the above-mentioned process, all three operands required by the vector instruc-

tion are located within the cVRF, and their indexes are stored within the ID/EX pipeline register. The

vector instruction then proceeds to the EX pipeline stage. During this stage, the cVRF is accessed us-

ing the indexes from the previous (ID) stage, and the register values are sent to the VPU for instruction



100 Chapter 5. Vector Engines with Reduced Number of Physical Vector Registers

execution.

In summary, the Register Dispersion mechanism employs a simple Control Unit and a split-type

cVRF, with its Tag Array in the ID stage and its Data registers in the EX stage, to dynamically manage

the usage of the vector registers.

Exception handling

Register Dispersion is transparent to the architectural RVV state: all 32 vector registers remain architec-

turally defined, while the cVRF acts as a microarchitectural cache of a subset of these registers. There-

fore, exception and interrupt handling follows the standard RISC-V procedure (e.g., trap redirection via

mtvec and trap state recorded in mepc, mcause, and mtval) [25]. To preserve precise architec-

tural state at trap boundaries, we ensure that any modified (dirty) cVRF entries are written back to their

dedicated backing-store locations and the corresponding cVRF tags are invalidated upon trap entry (in-

terrupt or synchronous exception). After this drain/flush step, the complete architectural vector context

resides in the memory, and the interrupt handler can save/restore vector state using the conventional soft-

ware mechanisms, without requiring ISA-visible changes due to cVRF. Upon return from the handler,

execution proceeds normally and cVRF state is repopulated on demand.

5.2.2 Supporting LMUL under Register Dispersion

The goal of this section is to explain how grouped vector operands are supported when only a limited

number of physical vector registers are kept in the cVRF. This is a key challenge in register dispersion,

where a single architectural instruction may require multiple grouped registers, while only a small subset

of the architectural vector state is resident in the cVRF at any given time.

This challenge follows directly from the semantics of the RVV length multiplier. When LMUL is

greater than one, a logical vector operand spans multiple architectural vector registers. As a result, the

execution of a single vector instruction requires access to a larger number of source and destination

register groups. In a conventional full-size VRF, these grouped operands are simply read and written

through the normal register-file organization. In a dispersed-register design, however, the required groups

may not all be present locally. Consequently, LMUL support must be integrated with the cVRF residency,

replacement, and refill mechanisms.

The key observation is that the difficulty introduced by LMUL is not merely that more architectural

state is involved, but that this wider state must be supported under constrained local storage capacity. If

several grouped operands are required by the current instruction, the cVRF may be unable to hold them

all simultaneously. Therefore, the execution of the instruction must be coordinated in a way that reuses

the available cVRF slots across multiple internal steps while preserving the architectural behavior of the

original RVV instruction.

To achieve this, register dispersion supports LMUL through an instruction-sequencing mechanism

tailored to the compact register-file organization. Rather than requiring all grouped operands to be present

in the cVRF at once, the control logic breaks the execution of a wide logical vector instruction into a

sequence of narrower internal steps. In each step, only the subset of source and destination register

groups needed for the current portion of the computation is required to reside in the cVRF. Once a step



5.3. Experimental Evaluation 101

completes, the next subset of grouped operands may be brought in, allowing the same limited pool of

physical registers to be reused across the full execution of the instruction.

This sequencing mechanism is particularly well suited to register dispersion, since it allows LMUL

support to be maintained without increasing the local VRF to the point where the area-saving benefits

of the cVRF would be lost. At the same time, it preserves full RVV compatibility, because the decom-

position into internal sequencing steps is entirely microarchitectural and remains invisible to software.

Existing vectorized kernels therefore execute correctly without modification, even when instructions op-

erate on grouped registers.

An important difference from the generic LMUL support described earlier is that, under register

dispersion, each sequencing step must additionally interact with the cVRF management logic. Before a

step can execute, the control path must determine whether the required source and destination register

groups are already resident in the cVRF. If they are not, the corresponding groups must be fetched from

the backing memory hierarchy and placed into the available cVRF slots. When no free slot is available,

one of the currently resident registers must be selected for eviction according to the replacement policy.

Thus, the execution of grouped vector operands under register dispersion becomes tightly coupled to

register residency and replacement behavior.

For this reason, the cost of supporting LMUL in the proposed design depends not only on the se-

quencing logic itself, but also on the pressure that grouped operands place on the compact register file.

Larger LMUL values increase the number of architectural register groups touched by a single instruc-

tion and therefore raise the likelihood that operand groups will need to be loaded, replaced, or revisited

during execution. Nevertheless, by sequencing the grouped operation over a small number of reusable

cVRF slots, the proposed design is able to preserve support for RVV register grouping while retaining

the substantial area and energy savings of a compact local register file.

In this sense, LMUL is not treated here as an isolated feature, but as a representative stress case for

the register-dispersion mechanism. If grouped vector operands can be supported correctly and efficiently

despite the reduced physical register capacity, then the same compact storage organization can also sustain

a broad range of practical RVV workloads without sacrificing ISA compliance.

5.3 Experimental Evaluation

The experimental evaluation has three main objectives: (a) demonstrate that a reduction in the number of

registers stored within the vector register file has no effect on application performance; (b) assess the pro-

posed mechanism on full applications, including LLM inference and CNN workloads, to verify that the

kernel-level trends translate to end-to-end performance; (c) validate that the integration of LMUL support

within the cVRF enables actual performance improvements in some applications with wide vector oper-

ations, by leveraging instruction sequencing to efficiently utilize limited datapath and register resources;

and (d) show that the use of the proposed light-weight cVRF reaps substantial hardware area/power sav-

ings, as compared to a full-size VRF that stores all the ISA-defined architectural vector registers.
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Table 5.1: Processor configuration

Scalar core

• Codasip L31 RISC-V embedded CPU (RV32IMFCB) [25]

• Single-issue, 3 pipeline stages, 200 MHz clock frequency

• 32 32-bit scalar and 32 32-bit floating-point registers

• L1I cache: 1-cycle hit latency, 2-way, 16 KB

• L1D cache: 1-cycle hit latency, 2-way, 16 KB

• Main memory: 1–5-cycle latency @200MHz, 2 MB

VPU

• 256-bit vector engine with 8-lane configuration (32-bit elements× 8 ex-

ecution lanes)

• Full VRF (32-Vregs) / cVRF (3/4/5/6/7/8/16-Vregs)

5.3.1 Experimental Setup

The commercially-available L31 low-cost 3-stage RISC-Vmicroprocessor [25] is augmented with a VPU

and the proposed Register Dispersion mechanism were fully implemented in CodAL, an architecture

description language, which facilitates the design of processors. The micro-architectural parameters of

the processor are summarized in Table 5.1.

For the performance evaluations, the Codasip Studio simulator was used, which can cycle-accurately

simulate processors designed in the CodAL language while executing benchmark applications, and all

the performance metrics were derived using this simulator. All benchmarks were compiled using clang

v17.0.2 targeting the RISC-VVector ISA. The applications employed in the experimental results and their

characteristics are depicted in Table 5.2. The applications examined include benchmarks taken from the

RiVEC benchmark suite [112] and Ara’s application collection [112]. Machine learning kernels from

Natural Language Processing (NLP), CNNs, and transformers employed in LLMs are also included.

More specifically, the ‘DenseNet121 Layer105’ and ‘ResNet50 Layer112’ benchmarks correspond to

layer 105 of DenseNet121 [52] and layer 10 of ResNet50 [44], respectively. The execution of those

CNN layers is mapped to an equivalent matrix multiplication after employing the im2col transformation

on the corresponding input features and weights [154]. Additionally, a self-attention layer of the Bert

application [32] – implemented in a vectorized form using the FlashAttention-2 technique [28] – is also

included. Unless otherwise stated, the performance results are obtained using an LMUL configuration of

1.

For the hardware cost analysis, the RTL implementation of the low-cost processor with its VPU and

the Register Dispersion technique were generated using Codasip Studio. The RTL was then synthesized

using the Cadence digital implementation flow and a 28 nm standard-cell library for the hardware cost

evaluation. For the FPGA resource analysis, we evaluated the same RTL on a Xilinx Virtex-7 FPGA

(xc7vx690tffg1761-2) using Vivado 2025.2, and we report LUT/FF/DSP/BRAM utilization.
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Table 5.2: Applications characteristics

Application Domain Characteristics

PathFinder Grid Traversal
Rows:32

Columns:32

Jacobi-2D Engineering
Problem size:128

steps:10

Somier
Physics Problem size:32

Simulation steps:2

GemV NLP (512 x 512) x 512

Dropout ML
Vector Length:131072

Scale:0.5

fconv2d-7x7 CNN
256 x 256

filter size:7

DenseNet121
CNN (32 x 1152)x(1152 x 64)

Layer105

ResNet50
CNN (128 x 256)x(256 x 784)

Layer10

FlashAttention-2 Transformer

Seq. Length:200

Hidden Dim.:64

Block size row:1

Block size column:128

5.3.2 Performance results

Speedup achieved with a full-sized VRF

The addition of a VPU to the scalar CPU core can reap significant performance uplifts when executing

workloads with high degree of DLP. The second column of Table 5.3 shows the performance speedups

achieved in the examined vectorized benchmark applications when using a VPU, as compared to scalar

(i.e., CPU-only) execution. In this experiment, the VPU uses a full-size VRF that can store all 32 ar-

chitectural vector registers, and the vector length is set to 256 bits to align with the common cache line

size of 32 bytes used in many low-cost processors [163, 140]. As can be seen, the speedups range from

around 4.3× to 8×, thereby corroborating the benefit of augmenting the CPU with a VPU.

Table 5.3: Speedups achieved when using a VPU with a full-size VRF and 256-bit vector length over

scalar execution. The VRF utilization percentages are also shown.

Applications Speedup #Active Vector VRF

Registers util. (%)

PathFinder 7.99× 6 18%

Jacobi-2D 6.48× 7 21%

Somier 7.82× 14 44%

GemV 6.89× 9 28%

Dropout 4.3× 3 9%

fconv2d-7x7 7.74× 15 47%

DenseNet121 Layer105 7.82× 4 12%

ResNet50 Layer10 7.63× 4 12%

FlashAttention-2 7.91× 32 100%
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(a) Achieved performance (b) Hit rates

Figure 5.3: (a) The performance achieved by various cVRF sizes, and (b) the hit rates in cVRFs of

various sizes, when executing three indicative benchmark applications. All results are normalized to the

performance of a full-size VRF.

Nevertheless, this dramatic improvement in performance comes at a significant hardware cost. As

shown in Figure 5.2, the addition of a VPU – with its full-size VRF – consumes area comparable to the

area occupied by the scalar core. Such area cost is often prohibitive for ultra low-cost processors that are

resource-constrained. To decrease the area overhead, we focus on the VRF of the VPU, which occupies

61% of the entire VPU area (see Figure 5.2).

Reducing the number of vector registers does not hurt performance

The founding premise of the proposed Register Dispersion mechanism is the observation that most appli-

cations tend to use very few architectural registers during execution. This behavior is obvious in the third

column of Table 5.3, which lists the number of architectural vector registers used by the evaluated bench-

mark applications. As can be seen, in most cases, the number of used registers is much lower than the 32

defined by the ISA. The use of very few vector registers is also reflected in the VRF utilization percent-

ages shown in the fourth column of Table 5.3. Special reference should be made to the ‘FlashAttention-2’

benchmark. Even though said application uses all 32 vector registers throughout its entire execution, it

only operates on very few registers at any given time, as will be demonstrated later. In other words, each

execution phase works on a small subset of the 32 registers.

Given this salient attribute shared bymost of the examined applications, it is worthwhile to investigate

how many registers a cut-down VRF – i.e., the proposed cVRF – must be able to store to reach the same

performance levels as when using a full-size VRF.

Toward this end, and based on the numbers of used vector registers reported in Table 5.3, we inves-

tigate the use of cVRFs of various sizes. Specifically, we investigate cVRFs that can store from 3 to 16

vector registers. To aid visual clarity (and since all applications show similar trends), the performance

results for an indicative subset of the examined benchmarks are illustrated in Figure 5.3(a). All results

are normalized to the performance achieved when using a full-size VRF that can store all 32 architectural

vector registers defined by the ISA. This normalization reference is the best possible performance that

can be achieved. The vector length is set to 256 bits in all configurations. As shown in Figure 5.3(a), the

performance of the smaller cVRFs is markedly worse than the full-size VRF, because they cannot fit all
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Figure 5.4: The minimum number of vector registers required to achieve a hit rate above 95% in the

compact VRF.

the registers accessed by the applications. However, as the size of the cVRF increases, the performance

improves and eventually – when the size of the cVRF is 8 – reaches the performance of the full-size VRF.

Hence, this experiment demonstrates that storing 8 vector registers in the cVRF is sufficient to achieve

full performance (i.e., no degradation) for a wide range of vector applications.

Figure 5.3(b) shows the hit rates in the various examined cVRFs for the same indicative subset of

benchmarks. As the number of stored vector registers approaches the maximum number used by each

application, the hit rates increase. As is evident, the bigger cVRFs (of sizes 6 and above) have almost

100% hit rate. On the other hand, the small cVRFs of sizes 3 to 5 suffer from many misses in the

‘Pathfinder’ benchmark, which uses more registers that can fit within the cVRF.

To further support our assertion that storing eight vector registers within the cVRF is sufficient in

achieving peak performance, we determined the minimum number of registers required to achieve a

hit rate exceeding 95% within the cVRF for all examined applications. The results are illustrated in

Figure 5.4. Similar to the previously mentioned behavior of the ‘FlashAttention-2’ benchmark, even

though some applications require more than eight vector registers throughout their entire execution, not

all the vector registers are utilized simultaneously at any given time. This contributes positively to the

hit rate within the cVRF. This is precisely the reason why the ‘FlashAttention-2’ application exhibits a

very high hit rate even with a cVRF of only 3 vector registers, even though it uses all 32 vector registers

over its entire execution. Again, the results in Figure 5.4 demonstrate that a cVRF with eight registers is

adequate for most cases.

5.3.3 Performance comparison under equal-area VRF organizations

As explained in Section 5.1, another approach to reducing the hardware area of the VRF is to decrease

the vector length of each vector in the VRF, instead of the number of stored registers. We hereby demon-

strate that this alternative approach leads to much lower application performance, as compared to the

performance reaped with Register Dispersion. For a fair comparison, we compare two different VRF

implementations that have equal area: (1) a cVRF that can store 8 vector registers, each of 256-bit vector
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Figure 5.5: Performance comparison between Register Dispersion with a cVRF of 8 256-bit vectors

versus an equal-area VRF with 32 vectors of reduced 64-bit length. The results are normalized to the

performance achieved when using a VPU with a full-size VRF (i.e., 32 vectors of 256-bit length).

length; and (2) a VRF that can store all 32 architectural vector registers, but with a reduced vector length

of 64 bits. In other words, the first implementation corresponds to the proposed Register Dispersion ap-

proach of reducing the VRF “height” by a factor of 4, whereas the second implementation corresponds

to the approach of reducing the “width” (i.e., vector length) of the full-size VRF by a factor of 4.

The obtained results are depicted in Figure 5.5 and are normalized to the performance achieved when

using a VPU with a full-size VRF (i.e., 32 vectors of 256-bit length). As can be seen, the Register Dis-

persion setup achieves near-identical performance to the system with a full-size VRF in most benchmark

applications. With the ‘Somier’ and ‘fconv2d’ benchmarks, the performance is lower, since these appli-

cations access more than 8 architectural vector registers. Nevertheless, the performance of ‘fconv2d’ is

not affected considerably. This can be attributed to the strategic grouping and unrolling of vector register

names within the application’s code.

Interestingly, the performance results for all six benchmark applications from theML-related domains

(i.e., NLP, general ML, CNN, and Transformer) are excellent under Register Dispersion. As can be

seen in the right six sets of bars in Figure 5.5, the cVRF approach comes very close to matching the

performance of a full-size VRF with only a quarter of its size. This behavior clearly indicates that the

proposed mechanism is, indeed, a promising approach to accelerating ML applications on ultra-low-cost

processors on the edge.

Compared to Register Dispersion, the configuration with reduced vector length performs much worse

across all benchmarks. The reason for this huge disparity in achieved performance is the severely dimin-

ished data-level parallelism when decreasing the vector length.

We also extend our comparisons from representative kernels to complete LLM and CNN application

workloads: (i) llama2.c inference [63] using the TinyLlama “stories260K” model [64], (ii) the MLPerf

Tiny image classification benchmark (MLPerf Tiny [10]) on the CIFAR-10 dataset [70], and two CNN

models from MCUNet [80]: (iii) mcvww0, trained for the Visual Wake Words task [24], and (iv) mcin0,

trained on ImageNet [31]. For llama2.c inference, we use a deterministic, pre-tokenized prompt to avoid

tokenizer and I/O overheads in the measured region. Specifically, we execute single-batch decoding with

a fixed prompt of 16 tokens and generate 48 additional tokens, for a total context of 64 tokens. For the

CNN workloads, we use the native input resolutions of each benchmark: MCUNet mcvww0 processes

64× 64 images, MCUNet mcin0 processes 48× 48 images, and the MLPerf Tiny CIFAR-10 benchmark

uses 32× 32 images.

Figure 5.6 reports the normalized speedup for these runs. Results are normalized to the full-size VRF
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Figure 5.6: Normalized speedup for LLM and CNN workloads, normalized to the full-size VRF baseline

(shown as the horizontal reference line). We compare an equal-area 32-register VRF with reduced vector

length, and the proposed cVRF with 8 physical vector-register slots.

implementation (32 architectural vector registers), which is shown as the horizontal reference line at 1.0.

Overall, the proposed cVRF achieves normalized speedups close to the full-size VRF across all four

examined applications, whereas the reduced-length VRF exhibits a significant performance loss.

Two key observations emerge from Figure 5.6. First, the cVRF configuration tracks the full-size

VRF baseline closely across all four applications, indicating that the reduced physical register capacity

is sufficient for the dominant execution phases of these workloads. Second, the equal-area reduced-

vector-length baseline shows a consistently larger gap, highlighting that, under an equal hardware budget,

preserving vector width and using Register Dispersion to manage a smaller set of physical registers is

more effective than narrowing the vector datapath. Together, these results support the conclusion that a

compact VRF organization can retain near-baseline performance for representative LLM/CNNworkloads

while reducing VRF hardware cost.

5.3.4 Performance scalingwith increasing vector lengthmultiplier and software unrolling

To further examine how performance scales in the presence of a reduced-size cVRF, we evaluate two

complementary mechanisms that affect vector operand width and register pressure: (i) vector length

multiplication (LMUL), which groups multiple physical vector registers into a single logical operand,

and (ii) software loop unrolling, which can reduce loop overhead and improve reuse, but may increase

the number of simultaneously live vector registers.

Impact of increasing LMUL

Figure 5.7 illustrates the impact of various LMUL configurations on application performance for various

number of available physical vector registers. The figure also examines performance scaling when the

register file is fully populated. Each sub-figure corresponds to a specific application: (a) DenseNet121,

Layer 105; (b) Dropout; and (c) Pathfinder. The y-axis represents the performance speedup relative to

the baseline configuration – i.e., LMUL=1 with three available vector registers – while the x-axis shows

the number of available physical vector registers.
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Figure 5.7: Performance speedup for LMUL configurations of 1, 2, 4 and 8 evaluated on three applica-

tions: (a) DenseNet121 Layer 105, (b) Dropout, and (c) Pathfinder. The results are normalized to the

configuration of LMUL=1 with three available vector registers.

ForDenseNet121 Layer 105, which requires four logical vector registers, an interesting trend emerges.

When eight physical registers are available, this corresponds to four logical registers under an LMUL con-

figuration of 2. At this point, the actual benefit of using LMUL becomes evident, as the configuration

with LMUL=2 achieves superior performance compared to LMUL=1 and equals the maximum possi-

ble performance of the LMUL configuration of 2. However, when the available physical registers are

fewer than eight, the maximum performance of the LMUL=1 configuration outperforms LMUL=2. This

behavior is primarily due to two factors. First, register replacement overhead, whereby – with fewer

than eight registers – LMUL=2 cannot allocate the required number of logical registers without frequent

register spilling and reloading. This, in turn, leads to additional data movement. The second factor is

operand requirement, since the application requires eight logical operands under LMUL=2, compared

to four under LMUL=1. This higher operand requirement increases register pressure and the frequency

of register interchanges when the register file is constrained.

For the Dropout application, similar behavior is observed, but the performance crossover point occurs

when six vector registers are available. Dropout requires three logical vector registers, which translates

into six physical registers under LMUL=2. When six registers are available, LMUL=2 can operate with-

out excessive register swapping, allowing it to achieve comparable, or slightly superior performance

relative to the peak performance of LMUL=1 and to reach the maximum performance achievable for

LMUL=2. With fewer than six registers, however, the same overhead issues as in DenseNet prevail.

For Pathfinder, the results show that the LMUL=2 configuration never exceeds the peak performance

achieved with LMUL=1 for any of the evaluated register counts. This behavior arises because Pathfinder

requires six logical vector registers for execution. When LMUL=2 is applied, this requirement trans-

lates into twelve physical registers, which exceeds the capacity of all tested configurations (in which

the maximum available was eight registers). Consequently, LMUL=2 experiences substantial register

pressure and frequent data swapping, preventing it not only from surpassing the maximum performance

of LMUL=1 when fewer than 16 physical vector registers are available. This illustrates the critical re-

lationship between an application’s logical operand requirements and the size of the physical register

file.

Across the three workloads, LMUL=4 is particularly sensitive to limited register availability, because

it multiplies the physical register demand by 4× per logical vector register. As a result, when the cVRF
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provides only a small number of registers (e.g., up to eight), LMUL=4 frequently cannot keep the full

working set resident, leading to frequent evictions, spill/fill traffic, and reduced speedup. Once suffi-

cient registers are available to accommodate the application’s logical operands (e.g., at 16 registers for

DenseNet121 and for Dropout), LMUL=4 begins to realize its intended benefit and its performance in-

creases sharply, approaching the corresponding full-sizeVRF limit. For Pathfinder, however, theworking

set remains comparatively large, so LMUL=4 requires a larger cVRF to avoid thrashing; consequently,

its gains appear later and remain below the best-performing configuration in the tested range.

LMUL=8 imposes the highest physical-register demand (8× per logical vector register) and there-

fore exhibits the strongest sensitivity to cVRF capacity. Under limited register counts, the enlarged

operand footprint cannot be kept resident, leading to frequent evictions and spill/fill activity that sup-

presses speedup relative to smaller LMUL settings. Once register constraints are sufficiently relaxed,

however, LMUL=8 becomes advantageous: for DenseNet121 and Dropout it delivers the best perfor-

mance at the largest evaluated register counts, approaching the full-size VRF limit. In contrast, Pathfinder

remains constrained by its comparatively high operand requirements; within the evaluated register bud-

gets, LMUL=8 does not realize the same level of improvement because the required working set cannot

be fully accommodated without substantial swapping.

When register constraints are removed (i.e., when 32 physical vector registers are available in Fig-

ure 5.7), larger LMUL values tend to improve performance, because operating on wider vectors reduces

the number of iterations required to complete vectorized operations. However, an important observation

is that performance does not scale linearly with increases in LMUL, or with the number of registers uti-

lized: for example, doubling LMUL from 1 to 2 does not yield a twofold speedup, LMUL=4 does not

achieve a fourfold improvement, and even LMUL=8 falls short of an eightfold speedup despite operating

on wider vectors. The primary reason for this sub-linear scaling is that the vector ALU datapath remains

constant regardless of the LMUL configuration. While LMUL determines how many physical registers

are grouped together to form a single logical vector register, the computational throughput of the ALU

itself does not change. Consequently, increasing LMUL reduces the number of executed instructions but

does not proportionally increase the execution rate of each instruction. This architectural limitation caps

the achievable speedup, even when the register file is no longer a bottleneck.

The key takeaway is that LMUL can deliver performance improvements even with a reduced-size

register file, provided that the number of logical operands required by the application can be satisfied by

the available physical registers without excessive spilling. This underscores the flexibility and adaptabil-

ity of a reduced-size vector register file. Under the full-size VRF configuration, as shown in Figure 5.7,

the true performance potential of LMUL becomes evident when the register constraints are removed.

Although performance gains are observed across all LMUL configurations under these ideal conditions,

the magnitude of improvement remains inherently limited by the datapath capabilities of the underlying

hardware. Consequently, while LMUL is effective in enhancing performance in either constrained or un-

constrained register environments, its benefits are ultimately bounded by the computational throughput

of the execution units.
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Figure 5.8: Performance speedup for different loop unroll factors (1, 2, and 4) evaluated on three appli-

cations: (a) DenseNet121 Layer 105, (b) Dropout, and (c) Pathfinder. The results are normalized to the

baseline configuration (unroll=1) with three available vector registers in the cVRF.

Impact of loop unrolling

As shown in Figure 5.8, we evaluate the effect of software loop unrolling (unroll factors of 1, 2, and

4) across different numbers of available physical vector registers for DenseNet121 Layer 105, Dropout,

and Pathfinder. The figure reports performance speedup normalized to the baseline configuration (un-

roll=1) with three available vector registers. A key trend is that aggressive unrolling is not universally

beneficial under constrained register availability: with small cVRF sizes, higher unroll factors increase

the number of simultaneously live vector values, which elevates register pressure and can trigger more

frequent evictions and spill/fill activity, thereby limiting or reducing speedup relative to unroll=1. As

the number of available vector registers increases, the negative impact of register pressure diminishes

and unrolling becomes advantageous by reducing loop overhead and improving overlap, so unroll=2 and

particularly unroll=4 achieve their highest speedups at larger register counts where the expanded working

set can remain resident. Overall, Figure 5.8 highlights that unrolling is an effective complementary knob

to LMUL, but its benefit is strongly workload- and capacity-dependent.

Quantifying worst-case stall scenarios under cVRF misses

A potential concern is the stall cost when operands are not resident in the cVRF and must be serviced

through the Register Dispersion miss path. Each vector instruction may reference up to three operands

(e.g., two sources and one destination). For each operand, the Tag Array is consulted to determine resi-

dency. Importantly, Tag Array lookup is performed in parallel in the decode stage and therefore does not

add explicit stall cycles; stalls arise only when an operand is missing and must be fetched (and possibly

when an eviction must be written back).

In the worst-case where all three operands miss and free slots exist in the cVRF, the processor per-

forms three Tag Array lookups and three memory fetches, followed by three installs into the cVRF. The

precise stall time depends on the memory hierarchy and whether transactions can overlap; therefore, it

is not a fixed ISA-level constant. To provide a concrete upper-bound estimate consistent with our eval-

uation platform (Table 5.1), we assume conservative serialized handling in which each miss triggers a

memory fetch that incurs the maximum memory latency of 5 cycles before the next operand service

begins, without accounting for cache-hit probability or overlap among memory transactions. Un-

der this assumption, the additional stall budget is dominated by the three fetches, i.e., approximately
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Table 5.4: Number of instruction operand misses in the cVRF for three applications—(a) DenseNet121

Layer 105, (b) Dropout, and (c) Pathfinder—measured with an 8-slot cVRF, evaluated under LMUL

settings 1, 2, 4, and 8.

No. of instr. operands
DenseNet121

Dropout Pathfinder

missing in cVRF
Layer105

(out of a total of 3)
LMUL LMUL LMUL

1 2 4 8 1 2 4 8 1 2 4 8

1 4 8 532865 135632 2 4 8 135632 6 52701 67815 135632

2 0 0 128 55800 0 0 0 55800 0 6200 18598 55800

3 0 0 76160 37976 0 0 0 37976 0 9300 15887 37976

Table 5.5: Number of instruction operand misses in the cVRF for three applications—(a) DenseNet121

Layer 105, (b) Dropout, and (c) Pathfinder—measured with an 8-slot cVRF, evaluated under unroll fac-

tors 1, 2, and 4.

No. of instr. operands
DenseNet121

Dropout Pathfinder

missing in cVRF
Layer105

(out of a total of 3)
Unroll Unroll Unroll

1 2 4 1 2 4 1 2 4

1 4 8 532865 2 4 8 6 52701 67815

2 0 0 128 0 0 0 0 6200 18598

3 0 0 76160 0 0 0 0 9300 15887

3× 5 = 15 cycles.

A more severe case occurs when the cVRF has no free entries and each missing operand requires

replacing an existing entry. In this scenario, each operand service includes both a write-back (store) of

the evicted entry and a fetch (load) of the required architectural register, resulting in three stores and three

loads. Using the same conservative serialized assumption and the maximum 5-cycle memory latency per

transaction (Table 5.1), the stall budget is approximately (3 stores+3 loads)×5 = 30 cycles. This “double

worst-case” is intentionally pessimistic, but it provides a concrete bound for maximal contention.

The Tag Array lookup is performed in parallel within the decode stage and is assumed to complete

within the decode cycle; therefore, it does not contribute additional stall cycles. At the cycle level, stall

time is dominated by miss servicing through the memory subsystem (and by write-backs when replace-

ment is required), while increasing the Tag Array/cVRF size primarily affects performance by reducing

the miss rate. This trend is quantified in Table 5.4 and Table 5.5, which report vector operand-miss

counts for the three representative applications using an 8-slot cVRF under varying LMUL settings and

varying loop-unroll factors, respectively. Importantly, the unroll factors and LMUL settings are directly

comparable from the cVRF perspective: both increase the number of simultaneously live architectural

vector registers that must be kept resident to sustain execution, thereby stressing the same limited set

of physical cVRF slots; thus, matching values (e.g., 1/2/4) represent comparable pressure on the cVRF

working set. For the evaluated workloads, the working sets largely fit within the reduced cVRF for mod-

est settings, resulting in fewmisses. As register pressure increases (e.g., under more aggressive LMUL or

unrolling), miss counts rise substantially, increasing the likelihood of miss-induced stalls and degrading

performance. Finally, for Dropout, one of the frequently used operands is v0, which we keep outside
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the cVRF (always locally available); therefore, accesses to v0 do not incur cVRF misses and are not

counted in the operand-miss statistics. Overall, Tables 5.4 and 5.5 quantify the key trade-off: higher

register pressure increases the operand-miss rate—and thus the likelihood of miss-induced stalls—while

enabling a smaller, lower-cost cVRF.

5.3.5 The effect of cache associativity on the dispersion mechanism

Figure 5.9: Reduction in L1 cache miss rate for memory accesses associated with the dispersion mecha-

nism in the Somier, fconv2d-7x7, Pathfinder-LMUL=2, and Pathfinder-LMUL=4 applications.

Figure 5.9 presents the L1 miss rate of memory operations originating exclusively from the cVRF. In

other words, the reported miss rate does not represent the total L1 data cache miss rate of the application,

but rather the subset of misses generated when vector registers that cannot fit into the 8-slot cVRF are

evicted to memory (cache or main memory) and subsequently reloaded. The total size of the L1 data

cache remains unchanged throughout this evaluation; only the associativity changes.

To capture the impact of cache associativity (number of ways in each set) on the dispersion mech-

anism’s miss rate, we evaluate four workloads that require more than 8 physical registers: Somier,

fconv2d-7x7, Pathfinder-LMUL=2, and Pathfinder-LMUL=4. The two Pathfinder configurations allow

us to examine how different LMUL settings influence the dispersion behavior. The Pathfinder-LMUL=1

case is omitted, as its requirement of six vector registers is less than the cVRF’s capacity of eight registers,

which means that no evictions occur.

The results show that, for both Pathfinder configurations (LMUL=2 and LMUL=4), the miss rate

remains almost unchanged with varying associativity. This behavior stems from the fact that these work-

loads exhibit a broad variety of vector accesses per iteration, reducing the likelihood of repeatedly ac-

cessing the same registers and thus making associativity less influential.

In contrast, fconv2d-7x7 demonstrates a small decrease in the miss rate when the number of ways

increases to four, while Somier shows a more pronounced reduction. This indicates that workloads with

higher temporal locality in their evicted vector registers benefit more from increased associativity.

Overall, these results highlight that the dispersion mechanism’s miss rate is workload-dependent,
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with increased associativity providing benefits primarily when register eviction patterns repeatedly target

a small working set. Nevertheless, one way to ensure that register values residing in the cache are never

evicted to main memory is to tinker with the cache replacement policy. For example, assuming a Least-

Recently Used (LRU) cache replacement policy, any way occupied by a register value could be pinned to

the corresponding set’s Most-Recently Used (MRU) position. This will ascertain that the register value

will not be evicted if/when the set becomes full. Incoming new data to the same set will keep evicting

the other ways, leaving the register value unaffected.

5.3.6 Hardware cost analysis

To assess the hardware area and power savings achieved by the Register Dispersion mechanism, we

compare a CPU utilizing a compact Vector Register File (cVRF) capable of storing 8 vector registers

with a vector length of 256 bits to an equivalent CPU employing a full-size VRF capable of storing all

32 vector registers. Both evaluated configurations operate at a clock frequency of 200 MHz, which falls

within the typical range observed in low-cost processors [138]. It should be noted that register Dispersion

logic (e.g., Tag Array checks) is not on the timing-critical path and it does not degrade the achievable

clock frequency.

ASIC Area Savings

Figure 5.10: The physical layout of the two versions of the examined CPU. Highlighted regions include

the Instruction Fetch (IF) logic, the Instruction Decode (ID) logic, the Load-Store Unit (LSU) of the scalar

core, the scalar execution units, and the integer and floating-point register files. The VPU consists of the

regions of the VRF and the Vector ALU. Compacting the VRF also altered the relative placement of the

CPU modules.

The physical layout of both implementations at 28 nm is illustrated in Figure 5.10. The layout on the

left corresponds to the CPU with a VPU that utilizes a full-size VRF, whereas the layout on the right side

corresponds to the same CPU, but with its VPU designed using a cVRF. Both layouts focus only on the

logic area of the CPU, excluding the L1 instruction and data caches. For both scalar and vector register

files, we assume a flip-flop-based standard-cell-based implementation. Moving to latch-based designs, as

done in [19], is possible and would equally benefit both the full-size VRF and the cVRF implementations.

Both layout photos highlight the main blocks of the scalar core and the vector engine. The scalar
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Table 5.6: Comparisons with representative vector/SIMD designs featuring short vector lengths (VL ≤
1024 bits).

ASIC VL (bits) #VRegs #Lanes
Element widths

Tech
Freq. Area Area @12nm Area eff @12nm

64 32 16 8 (MHz) (mm2) (mm2) (VL/mm2)

Proposed cVRF∗ 256 8 8 – X X X 28 nm 200 0.14 0.059 4339

Ahromaa [15]∗ 128 – 4 – X – – 65 nm 600 0.53 0.061 2098

AVA[72] 1024 64 8 X – – – 22 nm 1000 1.98 0.943 1086

Saturn [164] 512 32 4 X X X X 16 nm 600 0.41 0.273 1875

RISC-V2 [101] 128 32 4 – X – – 45 nm 1000 0.61 0.078 1641

Spatz [19] 512 32 4 X X X X 12 nm 1000 0.58 0.58 883

Ariane-4VL [142]∗ 512 32 4 – X X X 12 nm 1000 0.15 0.15 3413

M-VU [126] 512 32 4 – X X X 65 nm 210 3.931 0.332 1542

∗Area includes the scalar core in addition to the vector unit.

execution logic occupies the majority of the area, since it includes both an integer ALU with a 32-bit

multiplier and divider and a complete single-precision floating point unit. The scalar CPU also includes

two separate register files; one is used for integer operands, and the other for floating-point operands.

By reducing the number of stored registers from 32 to 8, the area occupied by the VRF decreases by

3.5×. The reduction does not reach 4×, because the proposed approach incurs the extra cost of the cVRF
tag array and the Register Dispersion control unit. The reduction in the total VPU area (i.e., the VRF and

the Vector ALU) is around 53%. This translates to a 23% area reduction in the total processor area (i.e.,

entire CPU+VPU setup). The additional area required to support the LMUL functionality is integrated

within the Instruction Decode (ID) stage of the layout and results in a total area increase of less than 1%,

as compared to an implementation without vector length multiplier support. The reported area savings

are accompanied with a reduction in routing congestion, as a consequence of the VRF’s wide read and

write ports.

Given that our gains come primarily from reducing register-file footprint, we position our design

within the broader space of vector architectures. We compare our RVV-based design against other rep-

resentative state-of-the-art vector implementations spanning different design philosophies and cost–per-

formance targets, with a focus on vector/SIMD designs with short vector lengths (VLEN ≤ 1024 bits).

Table 5.6 summarizes the main characteristics of the designs under comparison and shows that the

proposed architecture achieves its low-cost objective, as demonstrated by the high area efficiency en-

abled by the use of the cVRF and the register dispersion mechanism. The table emphasizes differences

in vector length, the number of vector registers, and vector length configurability, together with ASIC

implementation metrics that exclude cache area. Note that, since our vector support is integrated into the

scalar core, the reported area for our implementation includes the scalar core. Similarly, all competing

designs whose reported areas also include the scalar core are marked with an asterisk in Table 5.6. For

all other designs, only the vector-related area is reported.

The area efficiency metric reported in the last column of Table 5.6 expresses howmuch vector length,

and therefore data level parallelism, each processor can support relative to the silicon area required for

its implementation. Higher values correspond to more efficient use of area. To compute this metric, the

area of each design is scaled to a common 12 nm technology node using DeepScale [120]. The results

indicate that the proposed design minimizes the area usage for its supported vector length by reducing

the size of the area-intensive VRF. In contrast, the other designs focus on high-performance operating
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points with higher clock frequencies. Consequently, they trade area efficiency for increased throughput,

which differs from the low-cost objective of the proposed architecture.

Application-level average power savings

Each examined application was executed on the RTL of both CPUs under comparison to estimate the cor-

responding switching activity. Non-ML applications were driven by uniformly random inputs, while ML

applications were executed on relevant datasets. Subsequently, the average power consumption of each

CPU while executing each application was estimated on the final extracted netlist after layout, including

all interconnect parasitics. The comparison results of the per-application average power consumption

are presented in Figure 5.11. The CPU utilizing a cVRF with register dispersion exhibits average power

savings of 10%, as compared to the CPU with a full-size VRF.

Figure 5.11: The average power consumption for all examined applications when using a CPU with a

full-size VRF and when using the same CPU with the proposed cVRF.

The effect of vector length multiplication on power efficiency

To further investigate the relationship between the LMUL configurations and power efficiency, three

representative applications – DenseNet121 - Layer 105, Dropout, and Pathfinder – were selected from the

set of applications used in the earlier average power evaluation. The results are presented in Figure 5.12,

where the left figure corresponds to the baseline configuration with a full-size VRF, and the right figure

corresponds to a cVRF containing eight physical vector registers.

Figure 5.12: The effect of vector length multiplication on average power consumption when using a CPU

with a full-size VRF and when using the same CPU with the proposed cVRF.

In both configurations, increasing the LMUL value beyond 1 consistently reduces the average power

consumption, with the lowest power typically observed at LMUL=8. This effect arises from the reduced
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number of dynamic instructions issued, since larger LMUL values enable the processor to operate on a

greater number of data elements per instruction. Regardless, the decrease in average power consumption

does not scale proportionally with the reduction in the total instruction count (e.g., the reductions from

LMUL=2 to LMUL=4 and from LMUL=4 to LMUL=8 show diminishing returns compared to the tran-

sition from LMUL=1 to LMUL=2). This discrepancy is primarily due to two factors. First, larger LMUL

values tend to increase the number of memory accesses because wider operand groups must be fetched,

which raises the dynamic power consumption in the cache hierarchy and memory subsystem. Second,

when the vector datapath width is smaller than the operand width dictated by the LMUL setting, each

vector instruction must be executed over multiple steps. This increases the switching activity within the

vector execution unit, thereby raising the per-instruction power cost.

Consequently, while an ideal linear scaling would suggest that average power should drop by approxi-

mately 2× for LMUL=2, 4× for LMUL=4, and 8× for LMUL=8, the measured reductions are noticeably

smaller in practice. These results indicate that LMUL tuning can indeed be an effective strategy for low-

ering power consumption, but the achievable benefits are limited by the additional memory activity and

the constraints imposed by the vector datapath width.

In summary, the proposed mechanism is very effective in reducing the hardware cost of the VPU, as

compared to using a full-size VRF. Most importantly, these hardware savings are achieved with no/min-

imal negative impact on performance.

FPGA implementations

To complement the analysis of ASIC implementations, we implemented the proposed design using a

cVRF with 8 physical registers on a Virtex-7 FPGA and compared it against a design with a full-sized

VRF. Both designs operate at 75 MHz. Table 5.7 reports the LUT, FF, DSP, and BRAM utilization for

the two implementations.

The two designs use an identical number of BRAMs for cache implementation, as well as the same

number of memory LUTs consumed by scalar CPU subsystems, specifically the branch target buffer, the

instruction fetch buffer, and the integer and floating-point scalar register files. These cache and memory

structures are unchanged between the two designs, which explains why their resource usage is identical

in both cases.

The same also holds for the DSP usage, i.e., DSP utilization is identical in both designs. Of these,

24 DSPs are consumed by the vector lanes, indicating that each lane uses three DSPs (i.e., 8 lanes × 3

DSPs/lane). The remaining DSPs are associated with the scalar core and therefore do not change with

the VRF organization.

Table 5.7: FPGA resource breakdown for our Virtex-7 FPGA for the cVRF and full-size VRF imple-

mentations.

Design
LUT

FF DSP
BRAM Maximum VL

Logic Memory Cache VRF (bits)

cVRF 55878 256 17652 30 43 12 18432

Full-size VRF 55151 256 17022 30 43 12 4608
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Although the proposed design operates with only one quarter of the vector registers compared to a

vector processor with a full-sized VRF, both designs use the same number of BRAMs to implement the

VRF. This behavior can be explained as follows. The VRFs are mapped to RAMB36E1 BRAMs config-

ured in simple dual-port (SDP) mode with a capacity of 512×72 bits. Under this configuration, a 256-bit
vector register that must be read entirely in parallel is partitioned across d256/72e = 4 BRAMs. Since

SDP mode provides only one read port per physical BRAM instance, supporting the three independent

read ports required by the RVV ISA necessitates replication by a factor of three. As a result, the VRF

implementation requires 4× 3 = 12 BRAMs, as reported in Table 5.7.

Nevertheless, this behavior highlights an opportunity for better BRAM efficiency with cVRF. By

reducing the number of physical registers, the same BRAM space can be redistributed into more stor-

age per register without increasing the required per-cycle read bandwidth. This property is exploited by

designs that support a logical vector length exceeding the available hardware parallelism (e.g., designs

that advertise very wide VL, but execute it in multiple steps [72]). In such cases, portions of the vector

register may be time-multiplexed (“wrapped around”) into the same BRAM, because the entire vector is

not accessed in parallel. Under this execution model, a cVRF with fewer registers can become advanta-

geous: for a fixed BRAM budget, reducing the number of resident registers increases the BRAM capacity

available per register, thereby increasing the achievable (resident) vector length, as shown in Table 5.7.

5.4 Related Work

The elemental concept of reduced-size register file has also been exploited in other computing domains [9,

1]. The targeted domains so far have been superscalar processors [9] and Graphics Processing Units

(GPU) [1]. Specifically, the design proposed in [9] aims to reduce the latency and energy requirements

of the register file of a superscalar core for similar IPC performance. By using a dedicated two-level

and banked register file organization, the proposed approach reduces the register-file size and the port

requirements. On the contrary, our work uses a smaller, single-level register file, and it relies on the

existing levels of the cache/memory sub-system to manage the spill-over registers. Similarly, the Bi-

cameral Cache design [114] proposes a split scalar/vector cache organization with tailored line sizes and

memory-side prefetching, eliminating interference between scalar and vector accesses. While the Bi-

cameral Cache introduces a specialized additional cache structure to enhance data locality, our approach

remains simpler by leveraging the unmodified existing cache/memory hierarchy.

The design in [1] reduces the dynamic energy consumption of GPUs by utilizing energy-efficient

small caches between the register file and the execution units. By using a hierarchical register-file archi-

tecture, certain registers are cached within existing operand buffering structures that are located closer to

the execution pipelines of the GPU. Once again, this approach is founded on a two-level organization, as

opposed to our work that uses all the levels of the existing cache/memory hierarchy.

Low-cost processors and vector processing units have been the subject of significant research, par-

ticularly in the domain of embedded systems and the Internet-of-Things (IoT) [58, 88], where resource

constraints and energy efficiency are critical. The significance of the hardware cost of the VRF, in par-

ticular, was recognized in [19]. Specifically, the Spatz vector processor presented in [19] demonstrates
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how compact vector units with minimal VRFs can deliver high efficiency while leveraging the RVV Ex-

tension. In contrast to the cVRF approach proposed in this paper, Spatz uses a full 32-vector VRF and

lowers its hardware cost though the use of optimized latch-based Standard Cell Memory (SCM). With

superior area and energy efficiency, the Spatz architecture is well-suited for edge and IoT applications.

Nevertheless, this approach is seen as orthogonal to our technique, and – as mentioned in Section 5.3.6 –

it could be used to further lower the hardware cost of the cVRF. Building on Spatz, TROOP [109] applies

micro-architectural optimizations – such as decoupled load/store interfaces, improved vector chaining,

and shadow buffers – to achieve near-roofline performance for memory-intensive kernels. While TROOP

focuses on maximizing bandwidth utilization and latency-hiding within the VPU, our work targets VRF

cost reduction for low-cost processors. The work in [135] proposed the integration of vector units within

a low-cost scalar processor, but no hardware optimizations were made pertaining to the VPU.

Other studies have concentrated on optimizing memory-access mechanisms for vector processors.

For instance, EARTH [40] proposes shifting-based data reorganization techniques to efficiently manage

constant-stride and segmented memory access patterns in RISC-V vector architectures, thereby elimi-

nating the need for large segment buffers and reducing both area and power consumption. In contrast,

the work presented in this manuscript focuses on reducing the VRF size and integrating vector length

multiplication.

SIMD units are often preferred over vector processors, especially for embedded systems, due to their

simpler design. SIMD processing has also been used for multimedia applications on mobile devices [7,

103]. The Sparrow architecture [17] leverages the scalar integer register file for SIMD operations and

uses a reduced number of SIMD instructions to achieve area savings.

5.5 Conclusion

This chapter demonstrated that Register Dispersion, implemented through a compact Vector Register

File (cVRF), is an effective microarchitectural technique for reconciling the high throughput demands of

vectorizedMLworkloads with the strict area and power constraints of low-cost processors. By exploiting

the observation that many workloads use only a small live set of vector registers at any given time, the

proposed design substantially reduces VRF area and energy without sacrificing ISA compliance or vector

width. In this way, the chapter showed that reducing the number of physical vector registers can be a

practical means of preserving the benefits of vector execution in cost-sensitive RVV systems.

The chapter also extended this compact-register organization to support RVV vector register grouping

through LMUL. This is achieved through a lightweight instruction-sequencing mechanism that allows

grouped vector operands to be executed correctly even when only a limited number of physical register

slots are available locally. The results showed that this added flexibility can be supported with very small

hardware overhead, while also revealing the associated trade-off: larger LMUL settings increase register

pressure and may introduce additional spill/fill traffic when the cVRF capacity is limited.

Taken together, the two parts of this chapter establish both the core value and the practical maturity

of Register Dispersion. The first is that a cache-like cVRF can preserve most of the performance of

a conventional VRF while greatly reducing storage cost. The second is that this organization can be
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extended to support full RVV functionality, including grouped registers, and can sustain not only isolated

kernels but also complete end-to-endMLworkloads such as CNN and transformer-based LLM inference.

The reported ASIC area and power results, together with FPGA resource measurements, further confirm

that the proposed approach is practical across both custom and reconfigurable implementations.

The results also highlight several important design trade-offs that merit further exploration. While a

FIFO-based replacement policy proves sufficient for achieving high hit rates in many workloads, more

adaptive policies could further reduce miss rates under high register pressure, particularly when aggres-

sive LMUL settings or loop unrolling are employed. Similarly, although instruction sequencing enables

LMUL support with minimal complexity, it introduces serialization that can limit performance scaling

when the register working set exceeds cVRF capacity. These trade-offs suggest opportunities for selec-

tively increasing cVRF capacity or co-designing compiler heuristics that account for physical register

availability when selecting LMUL and unrolling factors.
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Chapter 6

Conclusions and Future Work

6.1 Summary

This thesis set out to solve a fundamental tension in modern computing: how to deliver the immense

data-parallel throughput required by machine-learning workloads without exceeding the strict area and

power budgets of low-cost processors. The findings presented in this work demonstrate that true energy

efficiency cannot be achieved through isolated optimizations. Instead, it requires a holistic, full-stack

co-design approach spanning the underlying microarchitecture, the instruction set, and the algorithmic

kernel mappings.

By systematically addressing themost expensive aspects of vector execution, this thesismakes several

core contributions that fundamentally alter the design tradeoffs for energy-efficient vector processors:

Redefining the Cost of Vector Register file Historically, the VRF has been an unavoidable barrier to

entry for low-cost vector processing due to its massive area and energy footprint. The introduction of

**Register Dispersion** fundamentally challenges the assumption that a monolithic VRF is required. By

observing the temporal locality of vector registers in machine-learning kernels and transforming the VRF

into a demand-driven, cache-like physical structure, this work achieves a 53% reduction in total Vector

Processing Unit area and significant power savings. The true impact of this contribution is that it decou-

ples physical silicon cost from architectural vector length, making highly expressive vector processing

viable for strictly constrained embedded environments without breaking ISA compliance.

Streamlining Complex Vector Data Relocation Data permutation is a notorious bottleneck in real-

world vectorized workloads, often leading to multi-cycle stalls or bloated silicon area. The development

of a **Unified Vector Permutation Unit** solves this by mapping both input- and output-driven permu-

tation patterns onto a single crossbar-based structure. The impact here is a significant simplification of

the execution backend. By eliminating the need for isolated, bespoke datapaths, this thesis turns complex

within-vector data movement into a predictable, low-overhead primitive.

Accelerating Sparse Linear Algebra For structured-sparse applications, conventional vector execu-

tion often struggles with indirect memory accesses and poor data reuse. This thesis proves that carefully

121
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architected data placement can overcome these limitations. By keeping sparse indices on the scalar side

and utilizing the minimal IndexMAC fused instruction, the proposed approach drastically reduces mem-

ory traffic and maximizes dense-operand reuse within the VRF. This demonstrates a highly impactful

design philosophy: minimal, tightly targeted ISA extensions combined with smart loop unrolling can

deliver accelerator-like performance for sparse CNNs while fully preserving the programmability of the

baseline vector processor.

Enabling Efficient Transformer Execution Finally, this work proves that advanced large language

models do not strictly require specialized, fixed-function tensor hardware. The fully RVV-compliant

vectorization of **FlashAttention-2** demonstrates that attention mechanisms can be mapped highly

efficiently to a standard vector pipeline. By introducing vector-length-agnostic tiling and a lightweight

exponential approximation for the softmax bottleneck, this contribution heavily reduces control overhead

and compute latency. The impact is a proven, scalable blueprint for executing complex Transformer

models on modest, cost-sensitive edge processors.

6.2 Future work

Building upon the architectural principles and optimizations established in this thesis, several compelling

avenues for future research emerge to further scale the capabilities of energy-efficient vector processors.

Native Support for Microscaling and Sub-Byte Data Formats As machine learning models con-

tinue to grow, future research must address the shift toward micro-scaled and sub-byte data formats to

further increase computational density and alleviate memory bandwidth bottlenecks. Emerging indus-

try standards, such as the Microscaling Formats (MX) including MXFP6, FP4, and block floating-point

representations, group multiple low-precision values under a shared scaling factor. Vector architectures

are uniquely positioned to exploit these block-based formats since they inherently operate on contigu-

ous sets of data elements. Future investigations should focus on modifying vector execution pipelines

to natively decode and process shared micro-exponents across parallel lanes, enabling high-throughput

mixed-precision accumulation without incurring costly conversion overheads. Furthermore, integrating

sub-byte data types introduces new opportunities to amplify the benefits of the architectural mechanisms

proposed in this work. For instance, densely packing micro-scaled operands could effectively multiply

the logical capacity of a dispersed vector register file, allowing highly complex neural networks to remain

resident on-chip even in severely area-constrained edge devices.

Vector Architectures for Privacy-Preserving Computing and Homomorphic Encryption Beyond

standard machine-learning workloads, emerging privacy-preserving paradigms such as Fully Homomor-

phic Encryption (FHE) represent a compelling application domain for vector architectures. FHE schemes

(e.g., CKKS and BGV) allow computation directly on encrypted ciphertexts, but they are severely bottle-

necked by operations onmassive polynomials of high degree (N ≥ 214). These workloads rely heavily on

modular arithmetic, Number Theoretic Transforms (NTT), and automorphism permutations, all of which

exhibit abundant data-level parallelism. Future research could explore how the unified permutation unit
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and configurable execution pipelines developed in this work can be specialized for NTT butterfly net-

works, modular reduction, and key-switching permutations. Furthermore, adapting Register Dispersion

to handle the memory footprint of massive cryptographic polynomials without exhausting on-chip storage

could significantly narrow the performance and energy overheads of privacy-preserving edge inference.

Event-Driven Vector Processing for Spiking Neural Networks Another promising direction lies in

bridging vector processing with neuromorphic computing through the efficient emulation of Spiking Neu-

ral Networks (SNNs). Unlike conventional neural networks that process dense continuous values, SNNs

rely on sparse, temporal, and binary event-driven activations. Future research can investigate how pro-

grammable vector processors can be optimized for the unique dynamics of biological models, such as

Leaky Integrate-and-Fire neurons. This involves extending vector ISAs and datapaths to natively sup-

port fine-grained temporal masking, sub-word bit manipulation, and zero-overhead conditional updates

for membrane potentials. By coupling structured sparsity techniques with low-cost indexing mechanisms

akin to IndexMAC, a compact vector processor could efficiently simulate large populations of spiking

neurons with high temporal resolution and minimal energy consumption.

Ultra-Low-Cost Vector Engines on Native Sensors and Plastic Substrates From a physical imple-

mentation standpoint, extending energy-efficient vector processing to non-traditional, extremely low-cost

technologies such as flexible electronics and plastic substrates opens new frontiers for ubiquitous com-

puting. Printed and organic semiconductor technologies enable disposable smart packaging, conformable

healthcare patches, and environmental sensors, but they operate under extreme constraints of low carrier

mobility, low gate density, and ultra-tight power budgets. Future research could explore the design of

ultra-minimalist vector processing engines specifically tailored to flexible substrates. In such severely

area-constrained environments, techniques like Register Dispersion become foundational enablers. By

combining near-threshold circuit techniques with highly parameterized, minimal-gate-count vector lanes,

programmable data-parallel intelligence could be embedded directly onto flexible substrates at the out-

ermost boundaries of the sensing edge.
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