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RTL Design and Analysis of Sparse Tensor Cores for Unstructured

Sparsity in RISC-V GPUs

του Γεώργιου Τριανταφύλλου

Η ραγδαία ανάπτυξη των DNNs ϰαι LLMs έχει αυξήσει την ανάγϰη για αποδοτιϰό

πολλαπλασιασµό πινάϰων, ο οποίος ϰυριαρχεί στα σύγχρονα φορτία τεχνητής

νοηµοσύνης ϰαι είναι ϰεντριϰός σε πολλές εφαρµογές HPC. Οι σύγχρονες GPUs

επιταχύνουν το GEMM µέσω εξειδιϰευµένων µονάδων, όπως τα Tensor Cores,

ωστόσο οι σχεδιασµοί αυτοί συχνά περιορίζονται από τη µεταϰίνηση δεδοµένων,

την πίεση στο αρχείο ϰαταχωρητών ϰαι τα σηµεία συµφόρησης της µνήµης.

Η αραιότητα (sparsity) µπορεί να µειώσει τόσο τους υπολογισµούς όσο ϰαι την

ϰυϰλοφορία δεδοµένων στη µνήµη. Παρ’ όλα αυτά, η υπάρχουσα υποστήριξη σε

επίπεδο υλιϰού περιορίζεται συνήϑως σε δοµηµένα πρότυπα, όπως η αραιότητα

2:4 (Ampere, NVIDIA, 2020), ϰαι αξιοποιεί την αραιότητα µόνο σε έναν από τους

δύο τελεστέους, περιορίζοντας τα οφέλη απόδοσης ϰαι ενδεχοµένως επηρεάζοντας

την αϰρίβεια του µοντέλου.

Η παρούσα διπλωµατιϰή εργασία παρουσιάζει τον RTL σχεδιασµό ϰαι την

αξιολόγηση ενός Tensor Core µε υποστήριξη αδόµητης αραιότητας ϰαι στους δύο

τελεστέους, ενσωµατωµένου σε µια ανοιχτού ϰώδιϰα RISC-V GPGPU. Η προτει-

νόµενη αρχιτεϰτονιϰή υποστηρίζει πυϰνή ϰαι αραιή εϰτέλεση GEMM, επιτρέπει

άµεση πρόσβαση στη µοιραζόµενη µνήµη για τη µείωση της χρήσης του αρχε-

ίου ϰαταχωρητών ϰαι του ϰόστους εντολών, ϰαι χρησιµοποιεί εξωτεριϰό γινόµενο

µε bitmap ϰωδιϰοποίηση ώστε να παραλείπει µη αποδοτιϰούς υπολογισµούς ϰαι

στους δύο τελεστέους.

Ο σχεδιασµός υποστηρίζεται από επεϰτάσεις στο ISA, βελτιστοποιηµένο πυ-

ρήνα ϰαι µιϰροαρχιτεϰτονιϰές βελτιστοποιήσεις, ϰαι αξιολογείται έναντι πυϰνών

ϰαι δοµηµένα αραιώνVortex Tensor Core baselines µέσω ϰύϰλο-αϰριβούς RTL προ-

σοµοίωσης ϰαι µετριϰώνσύνϑεσης. Ταπειραµατιϰάαποτελέσµατα ϰαταδειϰνύουν

µέση επιτάχυνση 12.73× ϰαι µέγιστη επιτάχυνση 27×, ενώ ποσοτιϰοποιούν τους

συµβιβασµούς σε επιφάνεια, ισχύ ϰαι απόδοση.

ΛέξειςΚλειδιά: GPU, Vortex, Πολλαπλασιασµός πινάϰων, ΑδόµητηΑραιότη-

τα, Tensor Core, 2:4 Αραιότητα, Μοιραζόµενη Μνήµη, DMA, HW / SW co-design
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The rapid growth of DNNs and LLMs has increased the demand for efficient matrix

multiplication, which dominates modern AI workloads and is also central to many

HPC applications. Modern GPUs accelerate GEMM through specialized units such

as Tensor Cores [1, 2, 3], yet these designs often remain limited by data movement,

register-file pressure, and memory-system bottlenecks [4, 5].

Sparsity offers an opportunity to reduce both computation and memory traffic.

However, existing hardware support is typically restricted to structured patterns,

such as 2:4 sparsity [6, 7], and usually exploits sparsity in only one operand, limiting

performance gains and potentially affecting model accuracy.

This thesis presents the RTL design and evaluation of a dual-side unstructured

sparse Tensor Core integrated into an open-source RISC-V GPGPU. The proposed

architecture supports dense and sparse GEMM, enables direct shared-memory ac-

cess to reduce register-file staging and instruction overhead, and uses an outer-

product model with bitmap-based sparse encoding to skip ineffective computations

in both operands [8, 9].

The design is supported by ISA extensions, an optimized kernel, andmicroarchi-

tectural tuning, and is evaluated against dense and structured-sparse Vortex Tensor

Core baselines using cycle-accurate RTL simulation and synthesis metrics. Experi-

mental results demonstrate a mean speedup of 12.73× and a peak speedup of 27×,
while providing insight into the area, power, and performance trade-offs of dual-

side unstructured sparsity support.
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Core, 2:4 Structured Sparsity, Shared Memory, DMA, HW / SW co-design

https://www.ntua.gr/en
https://www.ece.ntua.gr/en




xi

Acknowledgements
This thesis concludes my studies at the School of Electrical and Computer En-

gineering of the National Technical University of Athens.

I would like to express my profound and sincere thanks to Professor Sotirios

Xydis for giving me the opportunity to carry out my diploma thesis under his su-

pervision. His guidance and advice, alongside his invaluable research experience

provided me with the motivation and inspiration to accomplish this work.

In addition, I would like to thank Panagiotis-Eleftherios Eleftherakis and Kon-

stantinos Iliakis, who advised and stood byme throughout the duration of this thesis

with accurate observations and suggestions. They were always willing to support

me in every difficulty I faced and share their knowledge with me, so I feel grateful

for having the opportunity to cooperate with them.

I give my special thanks to Demetra and all my friends for supporting me when-

ever I needed it the most. Finally, I would like to thank my family who always stood

by and encouraged me to achieve my goals.





xiii

Contents

Declaration of Authorship v

Abstract ix

Acknowledgements xi

1 Εϰτεταµένη Περίληψη 1

1.1 Εισαγωγή . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Θεωρητιϰό Υπόβαϑρο . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Λεπτοµέρειες της Υλοποίησης . . . . . . . . . . . . . . . . . . . . . 8

1.4 Αξιολόγηση . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

1.5 Συµπεράσµατα ϰαι Μελλοντιϰές Επεϰτάσεις . . . . . . . . . . . . . 20

2 Introduction 23

2.1 The Rise of Artificial Intelligence in Modern Computing . . . . . . 23

2.2 GPU Acceleration, Tensor Cores, and Sparsity . . . . . . . . . . . . 25

2.3 Vortex GPU and RTL-Based Evaluation . . . . . . . . . . . . . . . . 26

2.4 Proposal Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.5 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.6 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3 Background 31

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 GPUs as AI Acceleration Platforms . . . . . . . . . . . . . . . . . . 31

3.3 Fundamentals of GPUs . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.4 Tensor Cores in GPUs . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.5 Outer-Product Matrix Multiplication . . . . . . . . . . . . . . . . . 36

3.6 Sparsity in GEMMWorkloads . . . . . . . . . . . . . . . . . . . . . 38

3.7 Vortex: An RTL-Level RISC-V GPGPU . . . . . . . . . . . . . . . . . 40

3.8 Vortex Tensor Core Unit (TCU) . . . . . . . . . . . . . . . . . . . . . 42

3.8.1 Operation of the Vortex TCU . . . . . . . . . . . . . . . . . 42

3.8.2 Limitations of the Vortex TCU . . . . . . . . . . . . . . . . . 45

3.9 Overview of DSTC: Dual-Side Sparse Tensor Core . . . . . . . . . . 46



xiv

4 Implementation Details 55

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2 FEOP Unit Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3 TCU Accumulation Buffer Design . . . . . . . . . . . . . . . . . . . 58

4.4 TCU Core Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

TCU Core Control and Operand Dispatch . . . . . . . . . . 62

Additional Uncompressed × Compressed sparse execution

mode . . . . . . . . . . . . . . . . . . . . . . . . . 65

Memory-Bound Behavior and Direct Memory Access . . . . 65

Barrier Handling . . . . . . . . . . . . . . . . . . . . . . . . 67

4.5 Kernel Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.6 Datatype Support and ISA Extension . . . . . . . . . . . . . . . . . 71

5 Microarchitecture Optimizations and Right Sizing 73

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2 Step Size Exploration . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.3 Step Dimension Exploration . . . . . . . . . . . . . . . . . . . . . . 74

5.4 Queue Depth Exploration . . . . . . . . . . . . . . . . . . . . . . . . 78

6 Experimental Evaluation 79

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.2 Benchmarks and Baselines . . . . . . . . . . . . . . . . . . . . . . . 79

6.3 Useful Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6.4 Performance Comparison . . . . . . . . . . . . . . . . . . . . . . . . 81

6.5 Total Instruction Count and Front-End Pressure . . . . . . . . . . . 83

6.6 Memory Accesses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.7 Tensor Core Multiplier Utilization . . . . . . . . . . . . . . . . . . . 88

6.8 DMA Transactions . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

6.9 K-Dimension Size Sensitivity . . . . . . . . . . . . . . . . . . . . . 91

6.10 Performance Gains Across Various Sparsities . . . . . . . . . . . . . 92

6.10.1 Compressed–Compressed Mode . . . . . . . . . . . . . . . . 92

6.10.2 Uncompressed–Compressed Mode . . . . . . . . . . . . . . 93

7 Related Work 95

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

7.2 VEGETA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

7.3 Vortex Structured 2:4 Sparse Tensor Core . . . . . . . . . . . . . . . 96

7.4 Cooperative Warp Execution in Tensor Core for RISC-V GPGPU . . 96

7.5 Virgo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97



xv

8 Conclusions and Future Work 99

8.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

8.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

A Source Code 103

A.1 Source code repository . . . . . . . . . . . . . . . . . . . . . . . . . 103

Bibliography 105





xvii

List of Figures

1.1 Πολλαπλασιασµός πινάϰων µε εξωτεριϰό γινόµενο. Κάϑε στήλη

του A συνδυάζεται µε την αντίστοιχη γραµµή του B, παράγοντας

ένα µεριϰό πλαϰίδιο που συσσωρεύεται στο αποτέλεσµα. . . . . . 5

1.2 Συµπίεση ϰαι bitmap αναπαράσταση αραιών τελεστέων. Τα µη µη-

δενιϰά στοιχεία αποϑηϰεύονται συνεχόµενα, ενώ τα bitmaps δια-

τηρούν τις αρχιϰές τους ϑέσεις. . . . . . . . . . . . . . . . . . . . . 6

1.3 Υψηλού επιπέδου µιϰροαρχιτεϰτονιϰή του Vortex. Η ανοιϰτή RTL

υλοποίηση επιτρέπει την ενσωµάτωση ϰαι αξιολόγηση νέων µηχα-

νισµών Tensor Core. . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.4 Παράδειγµα εϰτέλεσης ενός βήµατος FEOP. Το πλήρες πλαϰίδιο

εξόδου ϰαλύπτεται σταδιαϰά από µιϰρότερα υποπλαϰίδια εξωτε-

ριϰού γινοµένου. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.5 Οργάνωση του συσσωρευτή της TCU-OP. Οι ουρές απορροφούν

προσωρινές συγϰρούσεις, το crossbar δροµολογεί τα µεριϰά απο-

τελέσµατα ϰαι οι τοπιϰοί αϑροιστές ενηµερώνουν τις ϑύρες του

συσσωρευτή. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.6 Υψηλού επιπέδου pipeline υπολογισµού της TCU-OP. Τα bitmaps

αποϰωδιϰοποιούνται, τα FEOP παράγουν µεριϰά γινόµενα, ϰαι ο

συσσωρευτής ενηµερώνει το πλαϰίδιο εξόδου. . . . . . . . . . . . . 11

1.7 Συνολιϰή οργάνωση της προτεινόµενης TCU-OP ϰαι σύνδεση µε

το σύστηµα µνήµης. . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.8 Pipeline του βελτιστοποιηµένου πυρήνα. Η παραγωγή µεταδεδο-

µένων, οι DMA µεταφορές ϰαι η ασύγχρονη εϰτέλεση της TCU-OP

επιϰαλύπτονται. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.9 Επίδραση των διαστάσεων βήµατος στον χρόνο εϰτέλεσης ϰαι στα

crossbar stalls. Η διαµόρφωση 2× 16 επιλέγεται ως πιο αποδοτιϰή. 14

1.10 Συνολιϰοί ϰύϰλοι πυρήναγιαSGEMM,SGEMM_SP ϰαιSGEMM_OP
σε διαφορετιϰούς τύπους δεδοµένων. . . . . . . . . . . . . . . . . . 16

1.11 Συνολιϰός αριϑµός εντολών. Η SGEMM_OP µειώνει δραστιϰά τις

εντολές επειδή αποφεύγει το explicit register-file staging. . . . . . . 17



xviii

1.12 Συνολιϰές off-chip προσπελάσεις µνήµης. Η SGEMM_OP µειώνει

την ϰίνηση µέσω µεγαλύτερης επαναχρησιµοποίησης ϰαι συνε-

χόµενων DMA µεταφορών. . . . . . . . . . . . . . . . . . . . . . . . 17

1.13 Χρησιµοποίηση πολλαπλασιαστών Tensor Core. Η SGEMM_OP
διατηρεί το datapath ενεργό πολύ συχνότερα από τα baselines. . . 18

1.14 DMA συναλλαγές για τους διαφορετιϰούς τρόπους αραιότητας. Η

πλήρης συµπίεση µειώνει τις συναλλαγές όσο αυξάνεται η αραι-

ότητα. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

1.15 Σύγϰριση συµπιεσµένου επί συµπιεσµένο ϰαι ασυµπίεστου επί συ-

µπιεσµένο τρόπου σε διαφορετιϰά επίπεδα αραιότητας. . . . . . . 20

3.1 Outer-product matrix multiplication. Each step multiplies one col-

umn of A with one row of B, producing a rank-1 partial output tile

that is accumulated into the output matrix. . . . . . . . . . . . . . . 36

3.2 High-level Vortex micro-architecture . . . . . . . . . . . . . . . . . 40

3.3 Register-level fragmentation of Vortex Tensor Core warp tiles for

a 4-thread configuration. Matrix tiles are distributed across thread

registers, and registers with the same index form the blocks con-

sumed by individual TCU micro-operations. . . . . . . . . . . . . . 42

3.4 Bitmap-based outer-product sparse GEMM. Nonzero elements from

a column of A and a row of B are multiplied to produce sparse par-

tial output matrices, which are accumulated into the output tile. . . 46

3.5 Sparse outer-product execution in DSTC. (a) Outer-product multi-

plication when both input operands are sparse. (b) Compaction of

the nonzero elements of theA column andB row enables zero-only

computation steps to be skipped. (c) Bitmap metadata records the

original positions of the nonzero elements in each input vector. . . 49

3.6 Simplified Tile Index Aligner (TIA) example. The TIA extracts the

addresses of nonzero elements from bitmapmetadata. At each stage,

a shifter handles twice as many elements as the previous stage;

therefore, for 32-bit inputs, one additional layer is required beyond

the ones shown. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.7 Partial sums produced from a single 4 × 4 step. (a) In dense exe-

cution, outputs are naturally distributed across different banks. (b)

In sparse execution, irregular output addresses may cause multiple

partial sums to target the same bank, creating bank conflicts. . . . . 52

3.8 Accumulation buffer organization. Queues absorb temporary im-

balances in sparse output addresses, queue-local adders update the

corresponding accumulation-buffer entries and the crossbar routes

the results to the correct banks . . . . . . . . . . . . . . . . . . . . . 52



xix

4.1 High-level integration of the proposed TCU-OP inside the Vortex

GPU. The highlighted components show the modified core paths

and the supporting memory and synchronization mechanisms used

by the proposed design. . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.2 Example of FEOP-based outer-product step execution. The accumu-

lation buffer has dimensions 16 × 16, while each step computes a

4× 8 region. Therefore, each set requires eight steps in total. . . . . 57

4.3 Organization of the TCU accumulation buffer. FEOP outputs and

their corresponding addresses are first stored in queues. The cross-

bar routes each valid partial product to the appropriate accumulator

bank, where a bank-local adder updates the stored value. . . . . . . 60

4.4 Example of step skipping for Set 1. The selected row ofB is divided

into four horizontal regions, corresponding to 25% sparsity gran-

ularity, while the selected column of A is divided into eight verti-

cal regions, corresponding to 12.5% sparsity granularity. Only the

highlighted steps contain useful nonzero work and must be executed. 62

4.5 High-level computation pipeline of TCU-OP . . . . . . . . . . . . . 62

4.6 Compressed representation of an A block and its interpretation in-

side the TCU-OP. (a) Nonzero values are stored contiguously inmem-

ory, accompanied by bitmapmetadata that records their original po-

sitions. (b) The TCU-OP uses the bitmap to recover the logical col-

umn positions of the compressed values before dispatching them to

the FEOP units. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.7 Operation of the Tile Index Aligner (TIA). In the simplified 8-bit

example shown here, two sorter stages are sufficient; for the actual

32-bit inputs used in the design, two additional shifter stages are

required. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.8 Overview of the proposed TCU-OP architecture and its connections

to the GPU memory system. The core control logic manages step

and set execution, the request and response units orchestrate shared-

memory accesses for A, B, bitmap, and C blocks, and the FEOP

feeder dispatches operands to the FEOP units. Partial products are

accumulated in the accumulation buffer, while final results are flushed

back to memory during commit. . . . . . . . . . . . . . . . . . . . . 68

4.9 Kernel execution pipeline using shared-memory double buffering.

Kernel-side metadata generation, DMA data transfers, and asyn-

chronous TCU execution are overlapped. . . . . . . . . . . . . . . . 69



xx

4.10 Effect of accumulation-buffer size on input reuse. (a) With a small

accumulator, the output matrix must be computed using smaller

tiles, causing input tiles to be fetched twice. (b) With a larger accu-

mulator, the tile shape can be expanded so that each fetched input

tile is reused across a larger output region, being fetched only once

and doubling reuse. . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.1 Effect of FEOP step dimensions on kernel cycles and crossbar stalls

for a 64×64×512 FP8 GEMMwith queue depthQ = 4. The 2×16

configuration consistently achieves lower execution time than 4×8,
mainly due to fewer crossbar stalls and lower flushing overhead. . . 77

5.2 Effect of crossbar queue depth on stall percentage for a 64×64×512
FP8 GEMM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

6.1 Kernel execution cycles for SGEMM, SGEMM_SP, and SGEMM_OP
across FP8, FP16, and FP32 input datatypes. The evaluated GEMM

size isM ×N ×K = 128× 128× 512. . . . . . . . . . . . . . . . 81

6.2 Kernel execution cycles of SGEMM_OP across input datatypes and

unstructured A/B sparsity levels. The isolated view highlights the

performance gains obtained from sparse step skipping in the pro-

posed TCU-OP design. . . . . . . . . . . . . . . . . . . . . . . . . . 82

6.3 Total kernel instruction count forSGEMM,SGEMM_SP, andSGEMM_OP
across input datatypes and sparsity modes. SGEMM_OP substan-

tially reduces instruction count by replacing explicit register-file

staging with asynchronous DMA and TCU execution. . . . . . . . . 83

6.4 Instruction count of SGEMM_OP across input datatypes and spar-

sity levels. Sparse execution introduces a small fixed overhead due

to bitmap address generation and additional DMA launches. . . . . 84

6.5 Total off-chipmemory requests forSGEMM,SGEMM_SP, andSGEMM_OP
across input datatypes and sparsitymodes. Each bar is split into read

and write requests. . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.6 Off-chip memory requests of SGEMM_OP across input datatypes

and unstructured sparsity levels. Higher sparsity reduces the num-

ber of transferred nonzero operand values, despite the additional

bitmap traffic. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.7 L1 data-cache requests for SGEMM, SGEMM_SP, and SGEMM_OP
across input datatypes and sparsity modes. Each bar is split into

hits, read misses, and write misses. . . . . . . . . . . . . . . . . . . 87



xxi

6.8 L1 data-cache requests of SGEMM_OP across input datatypes and

sparsity levels. The requests remain constant across sparsity levels,

since operand movement is performed through DMA rather than

regular data-cache accesses. . . . . . . . . . . . . . . . . . . . . . . 87

6.9 Tensor Core multiplier utilization across input datatypes and evalu-

ated kernels. The baseline Vortex implementations exhibit very low

utilization, while SGEMM_OP substantially improves multiplier ac-

tivity by reducing operand-staging overhead and feeding the Tensor

Core more efficiently. . . . . . . . . . . . . . . . . . . . . . . . . . . 88

6.10 DMA transactions from globalmemory to sharedmemory for differ-

ent sparsity modes. The dense case loads uncompressed operands,

the compressed–compressed mode loads compressed A and B val-

ues togetherwith bitmapmetadata, and the uncompressed–compressed

mode loads uncompressed A values together with compressed B

values and bitmap metadata. . . . . . . . . . . . . . . . . . . . . . . 90

6.11 TCU multiplier utilization as a function of theK dimension for the

2 × 16 and 4 × 8 FEOP step configurations. The number of out-

put tiles is kept constant, so increasing K amortizes the fixed per-

output-tile overheads. . . . . . . . . . . . . . . . . . . . . . . . . . . 91

6.12 End-to-end kernel cycles for the compressed–compressed sparsity

mode across different A and B sparsity levels. Both operands are

stored in compressed form and accompanied by bitmap metadata. . 93

6.13 End-to-end kernel cycles for the uncompressed–compressed spar-

sity mode compared with the compressed–compressed mode. Solid

lines correspond to compressed A and compressed B, while dashed

lines correspond to uncompressed A and compressed B. . . . . . . 94





1

Κεφάλαιο 1

Εϰτεταµένη Περίληψη

1.1 Εισαγωγή

Η σύγχρονη υπολογιστιϰή πραγµατιϰότητα χαραϰτηρίζεται από τη ραγδαία α-

νάπτυξη της Τεχνητής Νοηµοσύνης, τηςΜηχανιϰήςΜάϑησης ϰαι των εφαρµογών

Υπολογιστιϰής Υψηλών Επιδόσεων. Τα τελευταία χρόνια, µοντέλα βαϑιάς µάϑη-

σης χρησιµοποιούνται σε ένα πολύ ευρύ φάσµα εφαρµογών, όπως η επεξεργασία

φυσιϰής γλώσσας, η όραση υπολογιστών, η ανάλυση µεγάλων δεδοµένων, η βιο-

ϊατριϰή, τα αυτόνοµα συστήµατα ϰαι η επιστηµονιϰή προσοµοίωση. Η εξέλιξη

αυτή δεν οφείλεται µόνο σε ϰαλύτερους αλγορίϑµους ή σε µεγαλύτερα σύνολα δε-

δοµένων. Εξίσου ϰρίσιµος παράγοντας είναι η δυνατότητα του υλιϰού να εϰτελεί

τους αντίστοιχους υπολογισµούς σε πραϰτιϰό χρόνο ϰαι µε αποδεϰτή ϰατανάλωση

ενέργειας.

΄Ενα από τα σηµαντιϰότερα ορόσηµα αυτής της εξέλιξης ήταν η εισαγωγή του

µηχανισµού προσοχής ϰαι της αρχιτεϰτονιϰής Transformer [10], ϰαϑώς ϰαι η βελ-

τίωση υπάρχοντων µοντέλων. Μετά από αυτήν την εξέλιξη, τα µεγάλα γλωσσιϰά

µοντέλα ϰαι γενιϰότερα τα foundation models αυξήϑηϰαν δραµατιϰά σε µέγεϑος,

αριϑµό παραµέτρων ϰαι υπολογιστιϰές απαιτήσεις. Η εϰπαίδευση ϰαι η εϰτέλε-

ση τέτοιων µοντέλων απαιτεί τεράστιο αριϑµό πράξεων ϰινητής υποδιαστολής,

υψηλό εύρος ζώνης µνήµης ϰαι αποδοτιϰή µεταφορά δεδοµένων µεταξύ των επι-

πέδων της ιεραρχίας µνήµης. Καϑώς τα µοντέλα µεγαλώνουν, η απλή αύξηση της

ϰορυφαίας υπολογιστιϰής ισχύος δεν είναι αρϰετή. Η πραγµατιϰή απόδοση εξαρ-

τάται από το πόσο αποτελεσµατιϰά χρησιµοποιούνται οι µονάδες υπολογισµού,

πόσες εντολές απαιτούνται για τη µεταφορά των τελεστέων, ϰαι πόση ϰίνηση

δηµιουργείται στο αρχείο ϰαταχωρητών ϰαι στη µνήµη [11].

Στον πυρήνα πολλών τέτοιων εφαρµογών βρίσϰεται ο πολλαπλασιασµός πι-

νάϰων. Στα πολυεπίπεδα νευρωνιϰά δίϰτυα, ϰάϑε πλήρως συνδεδεµένο επίπεδο

µπορεί να εϰφραστεί ως πολλαπλασιασµός πίναϰα ενεργοποιήσεων µε πίναϰα

βαρών. Στα συνελιϰτιϰά νευρωνιϰά δίϰτυα, οι συνελίξεις συχνά µετασχηµατίζο-

νται σε πράξεις GEMM µέσω τεχνιϰών όπως το im2col. Στα µοντέλα Transformer,
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οι προβολές σε query, key ϰαι value, ο υπολογισµός των βαϑµολογιών προσο-

χής ϰαι τα ενδιάµεσα MLP επίπεδα βασίζονται σε µεγάλους πολλαπλασιασµούς

πινάϰων. Παρόµοιες πράξεις εµφανίζονται ϰαι σε εφαρµογές HPC, όπως προ-

σοµοιώσεις ρευστών, πεπερασµένα στοιχεία, µοριαϰή δυναµιϰή ϰαι αριϑµητιϰή

γραµµιϰή άλγεβρα.

Για αυτόν τον λόγο, η επιτάχυνση του GEMM αποτελεί ϰεντριϰό στόχο στις

σύγχρονες αρχιτεϰτονιϰές επεξεργαστών. Οι CPUs προσφέρουν ευελιξία ϰαι ι-

σχυρή σειριαϰή απόδοση, αλλά δεν µπορούν να παρέχουν το επίπεδο µαζιϰής

παραλληλίας που απαιτούν οι σηµερινοί φόρτοι εργασίας τεχνητής νοηµοσύνης.

Οι ASICs, όπως η TPU της Google, µπορούν να επιτύχουν πολύ υψηλή ενεργεια-

ϰή αποδοτιϰότητα µέσω εξειδιϰευµένων δοµών, όπως οι συστοιχίες συστολιϰής

εϰτέλεσης [12]. Ωστόσο, η υπερβολιϰή εξειδίϰευση µειώνει την ευελιξία, ϰάτι που

είναι σηµαντιϰό επειδή τα µοντέλα ϰαι οι τελεστές της µηχανιϰής µάϑησης αλ-

λάζουν γρήγορα. Οι GPUs προσφέρουν έναν ενδιάµεσο ϰαι ιδιαίτερα επιτυχηµένο

συµβιβασµό: διατηρούν προγραµµατιστιϰή ευελιξία, ενώ παρέχουν µεγάλο αριϑ-

µό παράλληλων νηµάτων, υψηλό εύρος ζώνης µνήµης ϰαι εξειδιϰευµένες µονάδες

για πράξεις πινάϰων.

Η ανάγϰη για αϰόµη υψηλότερη απόδοση από τη µία ϰαι ευελιξία από την άλλη

οδήγησε στην εισαγωγή των Tensor Cores. Οι µονάδες αυτές εµφανίστηϰαν εµπο-

ριϰά στην αρχιτεϰτονιϰή NVIDIA Volta ϰαι σχεδιάστηϰαν για να εϰτελούν µιϰρές

πράξεις πολλαπλασιασµού ϰαι συσσώρευσης πινάϰων απευϑείας στο υλιϰό [1,

2, 13]. Αντί ένας πολλαπλασιασµός πινάϰων να αποσυντίϑεται σε πολλές βαϑ-

µωτές ή διανυσµατιϰές εντολές, µια εντολή MMA µπορεί να ενεργοποιήσει έναν

εξειδιϰευµένο datapath που παράγει πολλά µεριϰά αποτελέσµατα ανά ϰύϰλο. Με

την πάροδο των γενεών, οι Tensor Cores υποστήριξαν περισσότερους τύπους δε-

δοµένων, όπως FP16, TF32, FP8 ϰαι αϰέραιες µορφές, ενώ εισήχϑη ϰαι υποστήριξη

δοµηµένης αραιότητας σε νεότερες αρχιτεϰτονιϰές [7, 14, 15].

Παρά τη µεγάλη επιτυχία των Tensor Cores, η απόδοσή τους στην πράξη

περιορίζεται συχνά από την ϰίνηση δεδοµένων. Οι τελεστέοι πρέπει να µετα-

φερϑούν από την ϰαϑολιϰή µνήµη στη µοιραζόµενη µνήµη, από εϰεί στο αρχείο

ϰαταχωρητών, ϰαι τελιϰά στη µονάδα Tensor Core. Αυτή η διαδροµή δηµιουρ-

γεί εντολές φόρτωσης, υπολογισµούς διευϑύνσεων, πίεση στο αρχείο ϰαταχω-

ρητών ϰαι ϰυϰλοφορία στην εσωτεριϰή µιϰροαρχιτεϰτονιϰή του πυρήνα. Καϑώς

η υπολογιστιϰή ιϰανότητα των Tensor Cores αυξάνεται, η µεταφορά ϰαι η επα-

ναχρησιµοποίηση των τελεστέων γίνονται εξίσου σηµαντιϰές µε τον αριϑµό των

πολλαπλασιαστών [3, 4, 5].

΄Ενα δεύτερο σηµαντιϰό χαραϰτηριστιϰό των σύγχρονων φόρτων εργασίας

είναι η αραιότητα. Σε πολλούς πίναϰες βαρών ή ενεργοποιήσεων, ένα µεγάλο πο-

σοστό στοιχείων είναι µηδενιϰό. Η αραιότητα µπορεί να προϰύψει από τεχνιϰές



1.1. Εισαγωγή 3

ϰλαδέµατος βαρών (pruning) [16], αλλά ϰαι δυναµιϰά από συναρτήσεις ενεργο-

ποίησης όπως η ReLU [17]. Εφόσον ϰάϑε πολλαπλασιασµός που περιλαµβάνει

µηδενιϰό τελεστή δίνει µηδενιϰό αποτέλεσµα, ένα σύστηµα που γνωρίζει τις ϑέσεις

των µη µηδενιϰών στοιχείων µπορεί να παραλείψει άχρηστους υπολογισµούς ϰαι

να µειώσει την ϰίνηση δεδοµένων.

Η δυσϰολία είναι ότι η αραιότητα µπορεί να είναι είτε δοµηµένη είτε αδόµητη.

Η δοµηµένη αραιότητα, όπως το σχήµα 2:4 της NVIDIA Ampere, είναι φιλιϰή προς

το υλιϰό, επειδή περιορίζει το µοτίβο των µη µηδενιϰών στοιχείων ϰαι απλοποιεί

την αποϰωδιϰοποίηση [7, 6]. ΄Οµως, αυτός ο περιορισµός µπορεί να µειώσει την

αϰρίβεια του µοντέλου ή να αφήσει ανεϰµετάλλευτη επιπλέον αραιότητα. Αντίϑε-

τα, η αδόµητη αραιότητα επιτρέπει τα µηδενιϰά να βρίσϰονται σε οποιεσδήποτε

ϑέσεις ϰαι είναι γενιϰότερη, αλλά είναι δυσϰολότερο να υποστηριχϑεί αποδοτι-

ϰά στο υλιϰό [18]. Επιπλέον, πολλές αρχιτεϰτονιϰές εϰµεταλλεύονται αραιότητα

µόνο σε έναν τελεστή, συνήϑως στον πίναϰα βαρών. Σε πραγµατιϰά νευρωνιϰά

δίϰτυα, όµως, τόσο τα βάρη όσο ϰαι οι ενεργοποιήσεις µπορούν να είναι αραιά.

Η παρούσα εργασία µελετά αϰριβώς αυτό το ϰενό. Στόχος της είναι ο σχε-

διασµός, η υλοποίηση ϰαι η αξιολόγηση µιας µονάδας Tensor Core που µπορεί

να επιταχύνει πολλαπλασιασµό πινάϰων µε αδόµητη αραιότητα ϰαι στους δύο

τελεστέους. Η προτεινόµενη αρχιτεϰτονιϰή, που ονοµάζεται TCU-OP, υλοποιείται

σε επίπεδο RTL µέσα στο Vortex, µια ανοιϰτού ϰώδιϰα RISC-V GPGPU αρχιτεϰτο-

νιϰή [19]. Η επιλογή του Vortex είναι σηµαντιϰή, επειδή επιτρέπει αξιολόγηση

αϰρίβειας ϰύϰλου ϰαι πραγµατιϰή ενσωµάτωση σε υλιϰό, σε αντίϑεση µε προσεγ-

γίσεις που εξετάζονται µόνο σε υψηλού επιπέδου προσοµοιωτές [20].

Η σχεδίαση εµπνέεται από την αρχιτεϰτονιϰή DSTC, η οποία πρότεινε έναν

Dual-Side Sparse Tensor Core για αδόµητη αραιότητα ϰαι στους δύο τελεστέους [8,

9]. Ωστόσο, η παρούσα εργασία δεν περιορίζεται στην αναπαραγωγή της ιδέας.

Αντίϑετα, µεταφέρει τον µηχανισµό σε πραγµατιϰή RTL υλοποίηση µέσα στο

Vortex, ανασχεδιάζει το datapath ώστε να ταιριάζει µε τους περιορισµούς της συ-

γϰεϰριµένης GPU, εισάγει άµεση πρόσβαση στη µοιραζόµενη µνήµη, µειώνει την

εξάρτηση από το αρχείο ϰαταχωρητών ϰαι συνδυάζει το υλιϰό µε έναν βελτιστο-

ποιηµένο πυρήνα λογισµιϰού.

Η βασιϰή ιδέα είναι η αντιϰατάσταση της οργάνωσης εσωτεριϰού γινοµένου

µε µια οργάνωση εξωτεριϰού γινοµένου. Σε ϰάϑε βήµα, µια στήλη του A ϰαι µια

γραµµή του B παράγουν ένα µεριϰό πλαϰίδιο εξόδου, το οποίο συσσωρεύεται σε

έναν εσωτεριϰό buffer. ΄Οταν οι τελεστέοι είναι αραιοί, τα µη µηδενιϰά στοιχεία

συµπιέζονται ϰαι τα µηδενιϰά βήµατα παραλείπονται. Οι ϑέσεις των µη µηδενιϰών

στοιχείων αποϑηϰεύονται µε bitmap µεταδεδοµένα, ώστε τα µεριϰά αποτελέσµατα

να επιστρέφουν στις σωστές ϑέσεις του πυϰνού πλαϰιδίου εξόδου.

Η συνεισφορά της εργασίας είναι διπλή. Από τη µία πλευρά, δείχνει ότι η



4 Κεφάλαιο 1. Εϰτεταµένη Περίληψη

αδόµητη αραιότητα ϰαι στους δύο τελεστέους µπορεί να υποστηριχϑεί σε µια

συνϑέσιµη GPU αρχιτεϰτονιϰή. Από την άλλη, δείχνει ότι η υποστήριξη αραιότη-

τας δεν αρϰεί από µόνη της. Για να υπάρξει ουσιαστιϰή επιτάχυνση, πρέπει να

µειωϑούν ταυτόχρονα οι εντολές, η µεταφορά δεδοµένων, η πίεση στο αρχείο ϰα-

ταχωρητών ϰαι το ϰόστος συσσώρευσης των αραιών µεριϰών αποτελεσµάτων. Για

αυτόν τον λόγο, η TCU-OP δεν είναι µόνο ένας νέος πολλαπλασιαστιϰός datapath,

αλλά ένα πλήρες σύστηµα συν-σχεδίασης (co-design) υλιϰού ϰαι λογισµιϰού.

1.2 Θεωρητιϰό Υπόβαϑρο

Οι GPUs οργανώνουν τον παραλληλισµό τους γύρω από µεγάλο αριϑµό ελαφριών

νηµάτων. Τα νήµατα οµαδοποιούνται σε warps, τα οποία εϰτελούν την ίδια ροή ε-

ντολώνσύµφωνα µε το µοντέλο SIMT. Κάϑε StreamingMultiprocessor ή αντίστοιχη

µονάδα περιλαµβάνει εϰτελεστιϰές µονάδες, αρχείο ϰαταχωρητών, µοιραζόµενη

µνήµη, µονάδες προγραµµατισµού warps ϰαι, στις σύγχρονες αρχιτεϰτονιϰές, ε-

ξειδιϰευµένες µονάδες πινάϰων. Η µοιραζόµενη µνήµη λειτουργεί ως γρήγορη,

ελεγχόµενη από το λογισµιϰό µνήµη για επαναχρησιµοποίηση δεδοµένων, ενώ το

αρχείο ϰαταχωρητώνπαρέχει τους άµεσους τελεστέους στις εϰτελεστιϰές µονάδες.

Σε έναν τυπιϰό πυρήνα GEMM, τα δεδοµένα µεταφέρονται από την ϰαϑολιϰή

µνήµη στη µοιραζόµενη µνήµη, όπου επαναχρησιµοποιούνται από πολλά νήµατα.

Στη συνέχεια, ϰάϑε νήµα φορτώνει ένα τµήµα των πλαϰιδίων σε ϰαταχωρητές

ϰαι ϰαλεί εντολές MMA. Η προσέγγιση αυτή είναι αποδοτιϰή όταν το ϰόστος

µεταφοράς ϰαι προετοιµασίας των τελεστέων µπορεί να ϰρυφτεί πίσω από τον

υπολογισµό. ΄Οµως, όταν οι µονάδες Tensor Core είναι πολύ γρήγορες ή όταν

οι πίναϰες είναι µιϰροί, αραιοί ή χαµηλής αϰρίβειας, ο χρόνος µεταφοράς ϰαι

προετοιµασίας µπορεί να ϰυριαρχήσει.

Οι Tensor Cores έχουν σχεδιαστεί για να εϰτελούν πράξεις της µορφής

D = A×B + C.

Στην ϰλασιϰή οργάνωση εσωτεριϰού γινοµένου, ϰάϑε στοιχείο του αποτελέσµατος

παράγεται ως εσωτεριϰό γινόµενο µιας γραµµής του A ϰαι µιας στήλης του B.

Αυτή η µορφή είναι φυσιϰή για πυϰνούς πίναϰες, επειδή ϰάϑε συσσωρευτής µπορεί

να παραµένει τοπιϰός µέχρι να ολοϰληρωϑεί το αντίστοιχο άϑροισµα. Ωστόσο, η

αξιοποίηση αδόµητης αραιότητας ϰαι στους δύο τελεστέους είναι δύσϰολη, επειδή

το υλιϰό ϑα έπρεπε να αντιστοιχίσει δυναµιϰά τα µη µηδενιϰά στοιχεία των δύο

αραιών διανυσµάτων.

Μια εναλλαϰτιϰή είναι η οργάνωση εξωτεριϰού γινοµένου. Σε αυτήν την

προσέγγιση, ο υπολογισµός προχωρά ϰατά µήϰος της διάστασης K . Κάϑε βήµα

επιλέγει µια στήλη του A ϰαι την αντίστοιχη γραµµή του B, ϰαι υπολογίζει το
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εξωτεριϰό τους γινόµενο:

⟨M,N⟩ = ⟨M, 1⟩ × ⟨1, N⟩.

Το αποτέλεσµα είναι ένα µεριϰό πλαϰίδιο τάξης 1, το οποίο προστίϑεται στο

τρέχον πλαϰίδιο εξόδου. Μετά από όλα τα βήµατα της διάστασης K , το τελιϰό

αποτέλεσµα είναι

D = C +
K−1∑
k=0

A:,kBk,:.

Set 1

Set 2

C
D1

D2

Accumulate

A

B

Σχήµα 1.1: Πολλαπλασιασµός πινάϰων µε εξωτεριϰό γινόµενο.

Κάϑε στήλη του A συνδυάζεται µε την αντίστοιχη γραµµή του B,

παράγοντας ένα µεριϰό πλαϰίδιο που συσσωρεύεται στο αποτέλε-

σµα.

Το Σχήµα 1.1 δείχνει αυτήν τη διαδιϰασία. Το ϰύριο πλεονέϰτηµα είναι η

επαναχρησιµοποίηση των εισόδων. Κάϑε στοιχείο από τη στήλη του A χρησι-

µοποιείται σε πολλούς πολλαπλασιασµούς µε στοιχεία της γραµµής του B, ϰαι

ϰάϑε στοιχείο του B επαναχρησιµοποιείται αντίστοιχα σε πολλές γραµµές του

αποτελέσµατος. Η δυσϰολία µεταφέρεται στη συσσώρευση: το πλαϰίδιο εξόδου

ενηµερώνεται σταδιαϰά ϰαι πρέπει να παραµένει διαϑέσιµο σε έναν εσωτεριϰό

συσσωρευτή ή να διαβάζεται ϰαι να γράφεται επανειληµµένα.

Η οργάνωση εξωτεριϰού γινοµένου είναι ιδιαίτερα ϰατάλληλη για αδόµητη α-

ραιότητα. Αν η επιλεγµένη στήλη τουA ϰαι η επιλεγµένη γραµµή τουB περιέχουν

µηδενιϰά, τότε τα µη µηδενιϰά στοιχεία µπορούν να συµπιεστούν σε µιϰρότερα

πυϰνά διανύσµατα. Ο πολλαπλασιασµός µεταξύ των συµπιεσµένων διανυσµάτων

παραµένει ϰανονιϰός, επειδή ϰάϑε µη µηδενιϰό στοιχείο του A πρέπει να πολλα-

πλασιαστεί µε ϰάϑε µη µηδενιϰό στοιχείο του B. ΄Ετσι αποφεύγεται η αϰριβή
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διαδιϰασία εύρεσης ταιριαστών µη µηδενιϰών στοιχείων που ϑα απαιτούσε µια

αραιή υλοποίηση εσωτεριϰού γινοµένου.

Η DSTC αξιοποιεί αϰριβώς αυτήν την ιδέα [8, 9]. Κάϑε αραιό πλαϰίδιο απο-

ϑηϰεύεται ως πίναϰας τιµών ϰαι ως bitmap. Το bitmap έχει ένα bit ανά αρχιϰό

στοιχείο ϰαι δηλώνει αν το στοιχείο είναι µη µηδενιϰό. Οι µη µηδενιϰές τιµές

αποϑηϰεύονται συνεχόµενα, ώστε το υλιϰό να µπορεί να τις µεταφέρει ϰαι να

τις ϰαταναλώσει ως µιϰρότερα πυϰνά διανύσµατα. Για τον πίναϰα A, οι τιµές

οργανώνονται ϰατά στήλες, ενώ για τον πίναϰα B, ϰατά γραµµές, επειδή αυτή η

διάταξη ταιριάζει µε το εξωτεριϰό γινόµενο.

A

B

A

B
compression

co
m

pr
es

si
on

Effective
computations Skipped

Skipped Skipped

(a) (b)

A bitmap

B bitmap

1 0 1 1 0 0 1 0

0 0 1 1 0 1 0 1

(c)

Σχήµα 1.2: Συµπίεση ϰαι bitmap αναπαράσταση αραιών τελε-

στέων. Τα µη µηδενιϰά στοιχεία αποϑηϰεύονται συνεχόµενα, ενώ

τα bitmaps διατηρούν τις αρχιϰές τους ϑέσεις.

Στο Σχήµα 1.2 φαίνεται η βασιϰή ευϰαιρία επιτάχυνσης. Μετά τη συµπίεση,

περιοχές που περιέχουν µόνο µηδενιϰά δεν χρειάζεται να εϰτελεστούν. Το υλι-

ϰό µπορεί να παραλείψει ολόϰληρα βήµατα εξωτεριϰού γινοµένου, µειώνοντας

τον αριϑµό των πολλαπλασιασµών ϰαι την ϰίνηση τελεστέων. Ταυτόχρονα, τα

bitmaps επιτρέπουν την ανάϰτηση των αρχιϰών συντεταγµένων, ώστε ϰάϑε µεριϰό

γινόµενο να συσσωρεύεται στη σωστή ϑέση του πυϰνού αποτελέσµατος.

Για την ανάϰτηση των ϑέσεων χρησιµοποιείται µια µονάδα που ονοµάζεται

Tile Index Aligner ή TIA. Η µονάδα αυτή λαµβάνει ένα bitmap, εντοπίζει τα set

bits ϰαι παράγει τη διατεταγµένη λίστα των αρχιϰών δειϰτών των µη µηδενιϰών

στοιχείων. Οι δείϰτες του A ϰαϑορίζουν τις γραµµές του αποτελέσµατος, ενώ οι

δείϰτες του B ϰαϑορίζουν τις στήλες. ΄Ετσι, ϰάϑε µεριϰό γινόµενο συνοδεύεται

από τη διεύϑυνση στην οποία πρέπει να προστεϑεί.

Η συσσώρευση των αραιών αποτελεσµάτων είναι ένα από τα δυσϰολότερα

προβλήµατα. Στην πυϰνή περίπτωση, τα µεριϰά αποτελέσµατα ενός βήµατος

µπορούν να αντιστοιχιστούν σε διαφορετιϰές ϑύρες ενός συσσωρευτή χωρίς συ-

γϰρούσεις. Στην αραιή περίπτωση, όµως, η συµπίεση αλλάζει τις ϑέσεις των α-

ποτελεσµάτων ϰαι πολλά µεριϰά γινόµενα µπορεί να στοχεύουν την ίδια τράπεζα

στον ίδιο ϰύϰλο. Αυτές οι συγϰρούσεις τραπεζών δηµιουργούν stalls ϰαι µειώνουν

την πραγµατιϰή απόδοση. Για αυτόν τον λόγο, η αρχιτεϰτονιϰή χρειάζεται ουρές,

crossbar ϰαι ϰατάλληλη χαρτογράφηση των συσσωρευτών.
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Η πλατφόρµα της εργασίας είναι το Vortex. Το Vortex είναι µια ανοιϰτή,

συνϑέσιµη RISC-V GPGPU, γραµµένη σε Verilog, ϰαι αποτελεί ϰατάλληλη βάση

για µιϰροαρχιτεϰτονιϰή έρευνα [19]. Η ύπαρξη RTL υλοποίησης επιτρέπει ϰύϰλο-

αϰριβή αξιολόγηση µε Verilator, ϰαϑώς ϰαι πιο ρεαλιστιϰή παρατήρηση περιορι-

σµών όπως stalls, συγϰρούσεις πόρων, ϰαϑυστερήσεις buffers ϰαι αλληλεπίδραση

µε τη µνήµη. Το βασιϰό Vortex TCU υποστηρίζει πράξεις MMA, αλλά αϰολουϑεί

register-file-based dataflow: οι τελεστέοι φορτώνονται πρώτα σε ϰαταχωρητές,

η εντολή Tensor Core ϰαταναλώνει τα register fragments, ϰαι τα αποτελέσµατα

επιστρέφουν ξανά µέσω του αρχείου ϰαταχωρητών.

Σχήµα 1.3: Υψηλού επιπέδου µιϰροαρχιτεϰτονιϰή του Vortex. Η

ανοιϰτή RTL υλοποίηση επιτρέπει την ενσωµάτωση ϰαι αξιολόγηση

νέων µηχανισµών Tensor Core.

Το βασιϰό αυτό µοντέλο έχει σηµαντιϰούς περιορισµούς.

• Η χρήση του αρχείου ϰαταχωρητών για τη µεταφορά πλαϰιδίων αυξάνει τον

αριϑµό εντολών ϰαι την πίεση στους ϰαταχωρητές.

• Η διάσπαση των εντολώνMMAσε πολλές µιϰρο-εντολές αυξάνει την ϰίνηση

στο frontend ϰαι στο pipeline.

• Το µέγεϑος του πλαϰιδίου εξόδου περιορίζεται από τους ϰαταχωρητές που

µπορεί να διαϑέσει ένα warp.
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• Η σύγχρονη εϰτέλεση περιορίζει την επιϰάλυψη µε ανεξάρτητη εργασία.

• Συνολιϰά, οι παραπάνω περιορισµοί οδηγούν σε πολύ χαµηλή πραγµατιϰή

χρησιµοποίηση των πολλαπλασιαστών του baseline TCU, αϰόµη ϰαι όταν

υπάρχει εξειδιϰευµένο υλιϰό.

Η βιβλιογραφία γύρω από το ϑέµα δείχνει ότι υπάρχουν διαφορετιϰές ϰατευ-

ϑύνσεις βελτίωσης. Η NVIDIA Ampere υποστηρίζει δοµηµένη 2:4 αραιότητα [7,

6]. Η VEGETA µελετά επεϰτάσεις για δοµηµένη αραιότητα σε CPU matrix en-

gines [21]. Η Cooperative Warp Execution βελτιώνει την αξιοποίηση του Vortex

Tensor Core µέσω συνεργασίας πολλών warps [22]. Η Virgo αποσυνδέει τις µο-

νάδες πινάϰων από τους SIMT πυρήνες ϰαι χρησιµοποιεί µοιραζόµενη µνήµη ϰαι

ειδιϰή µνήµη συσσώρευσης [23].

Σε σχέση µε αυτές τις εργασίες, η TCU-OP συνδυάζει χαραϰτηριστιϰά που

συνήϑως εµφανίζονται ξεχωριστά: υποστήριξη αδόµητης αραιότητας ϰαι στους

δύο τελεστέους, RTL ενσωµάτωση σε GPU, άµεση πρόσβαση στη µοιραζόµενη

µνήµη, εσωτεριϰό συσσωρευτή, παράϰαµψη του αρχείου ϰαταχωρητών ϰαι ασύγ-

χρονη εϰτέλεση. Αυτός ο συνδυασµός είναι το βασιϰό σηµείο διαφοροποίησης της

εργασίας.

1.3 Λεπτοµέρειες της Υλοποίησης

Η υλοποίηση της TCU-OP ξεϰινά από την αντιϰατάσταση του εσωτεριϰού γινο-

µένου datapath µε ένα εξωτεριϰού γινοµένου datapath. Η βασιϰή µονάδα ονο-

µάζεται FEOP από το Fused-Element Outer-Product. Σε αντίϑεση µε µια µονάδα

εσωτεριϰού γινοµένου, η οποία παράγει ένα αποτέλεσµα µετά από άϑροιση πολ-

λών γινοµένων, η FEOP παίρνει ένα στοιχείο από τον πίναϰαA ϰαι πολλά στοιχεία

από τον πίναϰα B, ϰαι παράγει µια γραµµή µεριϰών γινοµένων. Πολλές FEOP µο-

νάδες λειτουργούν παράλληλα ϰαι παράγουν ένα υποπλαϰίδιο του εξωτεριϰού

γινοµένου σε ϰάϑε βήµα.

Ο υπολογισµός οργανώνεται σε sets ϰαι steps. ΄Ενα set αντιστοιχεί σε µία

στήλη του A ϰαι µία γραµµή του B, ϰαϑένα 32 στοιχείων. Επειδή ένα πλήρες

εξωτεριϰό γινόµενο 32 × 32 ϑα απαιτούσε 1024 βαϑµωτούς πολλαπλασιασµούς,

δεν είναι πραϰτιϰό να εϰτελείται σε έναν ϰύϰλο. Για αυτόν τον λόγο, ϰάϑε set

χωρίζεται σε µιϰρότερα steps. Κάϑε step έχει διαστάσειςm× n ϰαι παράγειm · n
µεριϰά γινόµενα.

Το Σχήµα 1.4 παρουσιάζει αυτή τη λογιϰή. Η επιλογή των m ϰαι n είναι

ϰρίσιµη, επειδή ϰαϑορίζει ταυτόχρονα την ϰορυφαία υπολογιστιϰή απόδοση, το

ϰόστος του datapath ϰαι την λεπτοµέρεια µε την οποία µπορεί να αξιοποιηϑεί η α-

ραιότητα. Μεγαλύτεροm σηµαίνει ότι ϰάϑε βήµα ϰαλύπτει µεγαλύτερο τµήµα της
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A tile

B tile

Accumulation Buffer

FEOP [0]
FEOP [1]
FEOP [2]
FEOP [3]

STEP 0 STEP 1

STEP 3

STEP 5

STEP 7

STEP 2

STEP 4

STEP 6

Σχήµα 1.4: Παράδειγµα εϰτέλεσης ενός βήµατος FEOP. Το πλήρες

πλαϰίδιο εξόδου ϰαλύπτεται σταδιαϰά από µιϰρότερα υποπλαϰίδια

εξωτεριϰού γινοµένου.

στήλης του A, άρα η αραιότητα στον A αξιοποιείται µε πιο χονδρή λεπτοµέρεια.

Μεγαλύτερο n έχει αντίστοιχο αποτέλεσµα για τον B. Εφόσον ο συνολιϰός αριϑ-

µός πολλαπλασιαστών είναι σταϑερός, η αύξηση της µίας διάστασης µειώνει την

άλλη.

Η δεύτερη βασιϰή δοµή είναι ο συσσωρευτής της TCU-OP. Επειδή η εξωτεριϰού

γινοµένου εϰτέλεση παράγει µεριϰά αποτελέσµατα που ενηµερώνουν σταδιαϰά το

πλαϰίδιο εξόδου, το αποτέλεσµα πρέπει να παραµένει τοπιϰά µέσα στη µονάδα

µέχρι να ολοϰληρωϑούν όλα τα sets της διάστασης K . Ο συσσωρευτής έχει

λογιϰές διαστάσεις 32 × 32, µε στοιχεία 32 bit. Κάϑε είσοδος αντιστοιχεί σε ένα

στοιχείο του πλαϰιδίου εξόδου ϰαι ενηµερώνεται ϰάϑε φορά που παράγεται νέο

µεριϰό γινόµενο για την ίδια ϑέση.

Ο συσσωρευτής είναι οργανωµένος σε ϑύρες, ώστε πολλά µεριϰά αποτελέσµα-

τα να ενηµερώνονται παράλληλα. Στην πυϰνή εϰτέλεση, η χαρτογράφηση των

διευϑύνσεων µπορεί να επιλεγεί έτσι ώστε τα αποτελέσµατα ενός βήµατος να

πηγαίνουν σε διαφορετιϰές ϑύρες. Στην αραιή εϰτέλεση, όµως, τα µη µηδενιϰά

στοιχεία έχουν συµπιεστεί ϰαι οι πραγµατιϰές τους ϑέσεις αναϰτώνται από τα

bitmaps. Αυτό δηµιουργεί αϰανόνιστες διευϑύνσεις ϰαι πιϑανές συγϰρούσεις τρα-

πεζών. Για να αντιµετωπιστεί το πρόβληµα, ϰάϑε έξοδος του FEOP τοποϑετείται

πρώτα σε ουρά ϰαι στη συνέχεια περνά από ένα crossbar που τη δροµολογεί στη

σωστή τράπεζα.
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Queues

OUTPUT 0 BANK 0

BANK 1

BANK 2

BANK 3

ADDRESSES 0

OUTPUT 1

ADDRESSES 1

OUTPUT 2

ADDRESSES 2

OUTPUT 3

ADDRESSES 3

+

+

+

+

CrossbarQueues Accumulator
Banks

Σχήµα 1.5: Οργάνωση του συσσωρευτή της TCU-OP.Οι ουρές απορ-

ροφούν προσωρινές συγϰρούσεις, το crossbar δροµολογεί τα µεριϰά

αποτελέσµατα ϰαι οι τοπιϰοί αϑροιστές ενηµερώνουν τις ϑύρες του

συσσωρευτή.
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Η συγϰεϰριµένη υλοποίηση διαφοροποιείται από την αρχιϰή DSTC ως προς τη

ϑέση των αϑροιστών. Στην TCU-OP, το crossbar βρίσϰεται πριν από τους αϑροι-

στές, ϰαι ϰάϑε αϑροιστής είναι τοπιϰός σε µια τράπεζα του συσσωρευτή. ΄Ετσι,

ϰάϑε µεριϰό αποτέλεσµα δροµολογείται µία φορά στη σωστή τράπεζα, προστίϑε-

ται στην τρέχουσα τιµή ϰαι γράφεται πίσω τοπιϰά. Αυτή η οργάνωση µειώνει την

ϰυϰλοφορία στο crossbar ϰαι απλοποιεί το µονοπάτι εγγραφής.

Για την υποστήριξη αραιότητας, η TCU-OP χρησιµοποιεί δύο µονάδες TIA, µία

για τον A ϰαι µία για τον B. Οι µονάδες αυτές λαµβάνουν τα bitmaps, παράγουν

τους αρχιϰούς δείϰτες των µη µηδενιϰών στοιχείων ϰαι υπολογίζουν πόσα έγϰυρα

στοιχεία υπάρχουν στην τρέχουσα στήλη ή γραµµή. Αυτή η πληροφορία επιτρέπει

στο υλιϰό να αποφασίζει ποια βήµατα έχουν χρήσιµο έργο ϰαι ποια µπορούν να

παραλειφϑούν. Σε αντίϑεση µε την αρχιϰή DSTC, όπου η παράλειψη εϰτίϑεται σε

µεγάλο βαϑµόστο λογισµιϰό µέσωpredicated instructions, εδώοπρογραµµατισµός

των αραιών βηµάτων µεταφέρεται µέσα στο υλιϰό.

TIA
A,B

Bitmaps

FEOPs
A,B

Values Queues Crossbar

Addresses of
results in the step

Accumulator
banksAdders

Source values

Σχήµα 1.6: Υψηλού επιπέδου pipeline υπολογισµού της TCU-OP. Τα

bitmaps αποϰωδιϰοποιούνται, τα FEOP παράγουν µεριϰά γινόµενα,

ϰαι ο συσσωρευτής ενηµερώνει το πλαϰίδιο εξόδου.

Η ϰεντριϰή µονάδα ελέγχου της TCU-OP διαχειρίζεται την αλληλουχία των

φάσεων. Αρχιϰά, φορτώνει το πλαϰίδιο C στον συσσωρευτή, ώστε να χρησιµο-

ποιηϑεί ως αρχιϰή τιµή ή bias. Στη συνέχεια, επεξεργάζεται τις στήλες του A

ϰαι τις γραµµές του B ϰατά µήϰος της διάστασης K . Για ϰάϑε set, επιλέγει τα

ϰατάλληλα συµπιεσµένα ή ασυµπίεστα δεδοµένα, ενεργοποιεί τα FEOP βήµατα

που περιέχουν χρήσιµη εργασία ϰαι προωϑεί τα αποτελέσµατα στον συσσωρευτή.

΄Οταν ολοϰληρωϑούν όλα τα sets, η µονάδα περνά στη φάση flush, όπου γράφει

το τελιϰό πλαϰίδιο D στη µνήµη.

΄Ενα ϰεντριϰό χαραϰτηριστιϰό της υλοποίησης είναι η άµεση πρόσβαση στη

µοιραζόµενη µνήµη. Το baseline Vortex TCU απαιτεί από ϰάϑε warp να φορτώσει

τα fragments των πινάϰων σε ϰαταχωρητές πριν εϰδώσει την εντολή MMA. Αυ-

τό οδηγεί σε πολλές εντολές φόρτωσης, υπολογισµούς διευϑύνσεων ϰαι µεγάλη

χρήση ϰαταχωρητών. Η TCU-OP αϰολουϑεί διαφορετιϰή προσέγγιση: τα πλα-

ϰίδια A, B, C ϰαι τα bitmaps µεταφέρονται πρώτα στη µοιραζόµενη µνήµη µέσω

του µηχανισµού DXA, δηλαδή της DMA-like υποδοµής του Vortex. Στη συνέχεια,

η TCU-OP διαβάζει τα δεδοµένα απευϑείας από τη µοιραζόµενη µνήµη, χωρίς να

περάσουν από το αρχείο ϰαταχωρητών.
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Αυτή η επιλογή µειώνει σηµαντιϰά την πίεση στους ϰαταχωρητές ϰαι τον α-

ριϑµό εντολών. Τα warps δεν χρειάζεται να υπολογίσουν λεπτοµερείς per-lane

διευϑύνσεις ούτε να γεµίσουν πολλούς ϰαταχωρητές µε fragments. Αντίϑετα, η

εντολή της TCU-OP περιέχει βασιϰές διευϑύνσεις, δείϰτες µεταδεδοµένων, πληρο-

φορία τύπου δεδοµένων, ϰατάσταση αραιότητας ϰαι αναγνωριστιϰό φράγµατος

συγχρονισµού. Το υλιϰό αναλαµβάνει την ανάγνωση, την αποϰωδιϰοποίηση, τον

προγραµµατισµό βηµάτων ϰαι τη συσσώρευση.
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Read Request Unit:
 • Performs cyclic arbitration at Bitmap,
A, B, C read requests

 • Issues 1 block request (32 words) /
cycle

 • Keeps track of blocks / addresses
requested 

Read Response Unit:
 • Accepts responses only if there are
free buffer slots

 • Upon reception of a C block, it directly
forwards it for accumulation

Core FSM:
 • Manages back-pressure & and 
SMEM stalls

 • Increments step / set counters

 • Handles asynchronous barrier

Global Memory DMA

FEOP Feeder:
 • Manages m FEOPs
(each doing a 1xn multiplication)

 • Assigns A, B values to each FEOP

 • Keeps track of C accumulation

Flushing & Commit:
 • Decides flush and commit timing

 • Requests lines from the Accumulation
Buffer and writes them to SMEM when
they are ready

Transactional
Barrier Bus

Σχήµα 1.7: Συνολιϰή οργάνωση της προτεινόµενης TCU-OP ϰαι

σύνδεση µε το σύστηµα µνήµης.

Το Σχήµα 1.7 συνοψίζει τη συνολιϰή αρχιτεϰτονιϰή. Η µονάδα περιλαµβάνει

λογιϰή αιτήσεων ϰαι αποϰρίσεων µνήµης, buffers για τους τελεστέους ϰαι τα

bitmaps, τον πυρήνα ελέγχου, το FEOP feeder, τις µονάδες TIA, τον συσσωρευτή,

τις ουρές, το crossbar ϰαι τη λογιϰή ολοϰλήρωσης. Οι αιτήσεις προς τη µοιρα-

ζόµενη µνήµη γίνονται µε ϰυϰλιϰό διαιτητή ϰαι τα δεδοµένα αποϑηϰεύονται σε

µιϰρούς εσωτεριϰούς buffers. Ξεχωριστά streams επιτρέπουν διαφορετιϰούς ρυϑ-

µούς ϰατανάλωσης για A, B ϰαι bitmap δεδοµένα, ϰάτι απαραίτητο όταν οι δύο

τελεστέοι έχουν διαφορετιϰά επίπεδα αραιότητας.

Η µονάδα υποστηρίζει τρεις τρόπους εϰτέλεσης:

• Ασυµπίεστος επί ασυµπίεστο: αντιστοιχεί σε πυϰνή εϰτέλεση. ∆εν χρησι-

µοποιούνται bitmaps ϰαι όλα τα βήµατα εξωτεριϰού γινοµένου εϰτελούνται

ϰανονιϰά.

• Συµπιεσµένος επί συµπιεσµένο: τόσο ο A όσο ϰαι ο B αποϑηϰεύονται σε

συµπιεσµένη µορφή µαζί µε τα αντίστοιχα bitmaps. Αυτός ο τρόπος µεγι-

στοποιεί τη µείωση υπολογισµών ϰαι µεταφοράς δεδοµένων, αλλά απαιτεί

προεπεξεργασία ϰαι των δύο τελεστέων.
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• Ασυµπίεστος επί συµπιεσµένο: οB είναι συµπιεσµένος, ενώ οA µεταφέρε-

ται ασυµπίεστος ϰαι συµπιέζεται δυναµιϰά µέσα στην TCU. Αυτός ο τρόπος

στοχεύει στο συνηϑισµένο σενάριο νευρωνιϰών διϰτύων, όπου τα βάρη ε-

ίναι στατιϰά ϰαι µπορούν να συµπιεστούν offline, ενώ οι ενεργοποιήσεις

είναι δυναµιϰές.

Επειδή η TCU-OP εϰτελείται ασύγχρονα, απαιτείται προσεϰτιϰός συγχρονι-

σµός. Το warp που εϰδίδει την εντολή δεν χρειάζεται να περιµένει αµέσως την

ολοϰλήρωση της πράξης. Μπορεί να συνεχίσει µε ανεξάρτητη εργασία ϰαι να

συγχρονιστεί αργότερα. Για την ορϑότητα, η µονάδα συνδέεται µε τον µηχανισµό

transactional barriers του Vortex. ΄Οταν εϰδίδεται η εντολή, ϰαταχωρείται µια

εϰϰρεµής συναλλαγή στο αντίστοιχο φράγµα. ΄Οταν η TCU-OP ολοϰληρώσει τον

υπολογισµό ϰαι γράψει το αποτέλεσµα, απελευϑερώνει τη συναλλαγή. ΄Ετσι απο-

φεύγονται hazards ανάγνωσης µετά από εγγραφή ή εγγραφής πάνω σε εϰϰρεµές

αποτέλεσµα.

Η απόδοση του υλιϰού εξαρτάται ϰαι από τον πυρήνα λογισµιϰού. Ο προτει-

νόµενος πυρήνας χρησιµοποιεί double buffering στη µοιραζόµενη µνήµη ώστε να

επιϰαλύπτει τρεις φάσεις: παραγωγή µεταδεδοµένων από το λογισµιϰό, µεταφορές

DMA µέσω DXA, ϰαι ασύγχρονη εϰτέλεση TCU. ΄Οσο η TCU-OP επεξεργάζεται

δεδοµένα από το ένα µισό της µοιραζόµενης µνήµης, το DMA µεταφέρει τα επόµε-

να πλαϰίδια στο άλλο µισό. Με αυτόν τον τρόπο, το ϰόστος µεταφοράς ϰρύβεται

πίσω από τον υπολογισµό, όταν υπάρχει αρϰετή εργασία.

Kernel code
DMA loading

right half
Tensor Core

processing right half
Tensor Core

processing left half
Tensor Core

processing right half

DMA loading
left half

DMA loading
right half

DMA loading
left half

Kernel code Kernel codeKernel code

Time

Start of
kernel

execution

Σχήµα 1.8: Pipeline του βελτιστοποιηµένου πυρήνα. Η παραγωγή

µεταδεδοµένων, οι DMA µεταφορές ϰαι η ασύγχρονη εϰτέλεση της

TCU-OP επιϰαλύπτονται.

Ο πυρήνας αλλάζει επίσης τον τρόπο συσσώρευσης ϰατά µήϰος της διάστα-

σηςK . Αντί να αρχιϰοποιεί ϰαι να αδειάζει το πλαϰίδιο εξόδου για ϰάϑεK-tile, η

TCU-OP ϰρατά το πλαϰίδιο στον εσωτεριϰό συσσωρευτή µέχρι να ολοϰληρωϑεί

ολόϰληρη η διάσταση K . ΄Ετσι, το ϰόστος αρχιϰοποίησης ϰαι τελιϰής εγγραφής

πληρώνεται µία φορά ανά πλαϰίδιο εξόδου ϰαι αποσβένεται όσο µεγαλώνει τοK .

Επιπλέον, επειδή ο συσσωρευτής δεν περιορίζεται από το πλήϑος ϰαταχωρητών

ενός warp, η TCU-OP µπορεί να χρησιµοποιήσει πλαϰίδιο εξόδου 32×32, αυξάνο-

ντας την επαναχρησιµοποίηση των εισόδων σε σχέση µε µιϰρότερα πλαϰίδια.

Η µιϰροαρχιτεϰτονιϰή παραµετροποίηση είναι ϰρίσιµη. Το baseline Vortex

TCU σε διαµόρφωση 32 νηµάτων περιλαµβάνει 128 πολλαπλασιαστές, όµως η
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αξιολόγηση δείχνει ότι αυτοί οι πολλαπλασιαστές παραµένουν σε µεγάλο βαϑµό

ανενεργοί, επειδή η εϰτέλεση περιορίζεται από τη µεταφορά δεδοµένων. Για αυτόν

τον λόγο, η TCU-OP επιλέγει συνολιϰό µέγεϑος βήµατος m × n = 32, δηλαδή 32

µεριϰά γινόµενα ανά ϰύϰλο. Αυτό µειώνει σηµαντιϰά το ϰόστος πολλαπλασια-

στών, αϑροιστών, ουρών, τραπεζών ϰαι crossbar, χωρίς να µειώνει ουσιαστιϰά την

απόδοση στα µετρούµενα memory-bound workloads.

Μετά τη σταϑεροποίηση του συνολιϰού µεγέϑους, εξετάζονται διαφορετιϰά

σχήµατα βήµατος. Οι βασιϰοί υποψήφιοι είναι 2 × 16 ϰαι 4 × 8. Το 4 × 8

παρέχει πιο ισορροπηµένη λεπτοµέρεια αραιότητας µεταξύ A ϰαι B, αλλά έχει

µεγαλύτερο ϰόστος flush ϰαι περισσότερες συγϰρούσεις στο crossbar. Η ανάλυση

των υπολοίπων modulo δείχνει ότι η συµπιεσµένη αραιή πρόσβαση οδηγεί σε

λιγότερες µοναδιϰές ϑύρες για το 4 × 8, άρα σε περισσότερα conflicts ϰατά µέσο

όρο. Τα πειραµατιϰά αποτελέσµατα επιβεβαιώνουν ότι το 2 × 16 έχει µιϰρότερο

χρόνο εϰτέλεσης στις εξεταζόµενες περιπτώσεις.
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Σχήµα 1.9: Επίδραση των διαστάσεων βήµατος στον χρόνο εϰτέλε-

σης ϰαι στα crossbar stalls. Η διαµόρφωση 2×16 επιλέγεται ως πιο
αποδοτιϰή.

Τέλος, εξετάζεται το βάϑος των ουρών πριν από το crossbar. Μεγαλύτερο

βάϑος επιτρέπει την απορρόφηση περισσότερων προσωρινών συγϰρούσεων, αλ-

λά αυξάνει το ϰόστος αποϑήϰευσης ϰαι ϰατανάλωσης ενέργειας. Η αξιολόγηση
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δείχνει ότι το βάϑοςQ = 4 παρέχει το µεγαλύτερο µέρος του οφέλους των βαϑύτε-

ρων ουρών, χωρίς περιττό ϰόστος. ΄Ετσι, η τελιϰή διαµόρφωση της αξιολόγησης

χρησιµοποιεί βήµα 2× 16, συνολιϰά 32 µεριϰά γινόµενα ανά ϰύϰλο, συσσωρευτή

32× 32 ϰαι ουρές βάϑους 4.

1.4 Αξιολόγηση

Η αξιολόγηση της TCU-OP γίνεται σε επίπεδο RTL µέσα στο Vortex, χρησιµοποι-

ώντας ϰύϰλο-αϰριβή προσοµοίωση. Το βασιϰό workload είναι ο πολλαπλασια-

σµός πινάϰων

D = A×B + C,

όπου A έχει διαστάσειςM ×K , B έχει διαστάσειςK ×N , ϰαι τα C ϰαι D έχουν

διαστάσεις M × N . Η αξιολόγηση εστιάζει σε end-to-end µετρήσεις πυρήνα,

δηλαδή περιλαµβάνει αρχιϰοποίηση, µεταφορές, συγχρονισµό, υπολογισµό ϰαι

τελιϰή εγγραφή. Αυτό είναι σηµαντιϰό, επειδή πολλές επιταχύνσεις που φαίνονται

µεγάλες σε αποµονωµένο datapath µπορούν να µειωϑούν όταν ληφϑεί υπόψη το

πλήρες ϰόστος εϰτέλεσης.

Η προτεινόµενη υλοποίηση συγϰρίνεται µε δύο baselines του Vortex. Το πρώτο

είναι το SGEMM, δηλαδή η πυϰνή Tensor Core υλοποίηση µε register-file-based

dataflow. Το δεύτερο είναι το SGEMM_SP, το οποίο υλοποιεί δοµηµένη 2:4 αραι-

ότητα στον τελεστή B, παρόµοια µε τον µηχανισµό των NVIDIA Sparse Tensor

Cores. Η προτεινόµενη υλοποίηση αξιολογείται ως SGEMM_OP σε πυϰνή ϰαι

αραιή εϰτέλεση, µε διαφορετιϰούς τύπους δεδοµένων ϰαι επίπεδα αραιότητας.

Οι βασιϰές µετριϰές είναι οι συνολιϰοί ϰύϰλοι πυρήνα, ο συνολιϰός αριϑµός

εντολών, οι προσπελάσεις στη µνήµη, οι DMA συναλλαγές ϰαι η χρησιµοποίηση

των πολλαπλασιαστών της Tensor Core. Οι ϰύϰλοι δείχνουν την πραγµατιϰή

απόδοση. Οι εντολές δείχνουν την πίεση στο frontend, στον scheduler ϰαι στο

pipeline. Οι προσπελάσεις µνήµης δείχνουν την πίεση στη DRAM ϰαι στην L1 data

cache. Η χρησιµοποίηση πολλαπλασιαστών δείχνει αν το datapath ϰάνει χρήσιµη

αριϑµητιϰή εργασία ή περιµένει δεδοµένα ϰαι συγχρονισµό.

Στην ϰύρια σύγϰριση απόδοσης, το µέγεϑος του προβλήµατος είναι 128×128×
512. Τα αποτελέσµατα του Σχήµατος 1.10 δείχνουν ότι η SGEMM_OP υπερτερεί

των δύο baselines σε όλους τους τύπους δεδοµένων. Αϰόµη ϰαι στην πυϰνή

περίπτωση, όπου δεν παραλείπεται ϰανένα αραιό βήµα, ηSGEMM_OP επιτυγχάνει

επιταχύνσεις 4.46×, 5.72× ϰαι 5.13× για FP32, FP16 ϰαι FP8 αντίστοιχα, σε σχέση

µε το πυϰνό SGEMM. Αυτό δείχνει ότι µεγάλο µέρος του οφέλους δεν προέρχεται

µόνο από την αραιότητα, αλλά από την ϰαλύτερη τροφοδοσία τελεστέων, την

παράϰαµψη του αρχείου ϰαταχωρητών ϰαι την επαναχρησιµοποίηση µέσα στον

συσσωρευτή.
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Σχήµα 1.10: Συνολιϰοί ϰύϰλοι πυρήνα για SGEMM, SGEMM_SP ϰαι

SGEMM_OP σε διαφορετιϰούς τύπους δεδοµένων.

Η δοµηµένη αραιότητα του SGEMM_SP προσφέρει περιορισµένο όφελος. Οι

επιταχύνσεις του είναι 1.12×, 1.37× ϰαι 1.84× για FP32, FP16 ϰαι FP8. Το απο-

τέλεσµα αυτό είναι αναµενόµενο, επειδή το σχήµα 2:4 µπορεί ϑεωρητιϰά να φτάσει

το 2×, αλλά µόνο όταν το υπόλοιπο ϰόστος είναι πλήρως ϰρυµµένο. Στην πράξη,

η µεταφορά δεδοµένων, οι εντολές ϰαι η register-file-based οργάνωση περιορίζουν

το πραγµατιϰό όφελος.

Καϑώςαυξάνεται ηαδόµητηαραιότηταϰαι στους δύο τελεστέους, ηSGEMM_OP
επιταχύνεται περισσότερο. Στο 50%/50% αραιότητας, οι επιταχύνσεις σε σχέση

µε το πυϰνό SGEMM φτάνουν 6.36×, 9.85× ϰαι 10.21× για FP32, FP16 ϰαι FP8.

Στο 90%/90%, οι αντίστοιχες επιταχύνσεις γίνονται 13.72×, 19.67× ϰαι 25.95×.
Η FP8 περίπτωση ωφελείται περισσότερο επειδή τα στενότερα δεδοµένα µειώνουν

την ϰίνηση µνήµης ϰαι επιτρέπουν αποτελεσµατιϰότερη χρήση των blocks µετα-

φοράς.

Ο αριϑµός εντολών µειώνεται αϰόµη πιο έντονα. Στα baselines, ϰάϑε warp

εϰτελεί πολλές εντολές για υπολογισµό διευϑύνσεων, φόρτωση fragments σε ϰα-

ταχωρητές, έϰδοση MMA ϰαι αποϑήϰευση αποτελεσµάτων. Επιπλέον, οι υψηλού

επιπέδου MMA εντολές µεταφράζονται εσωτεριϰά σε πολλές µιϰρο-εντολές. Η

SGEMM_OP αντιϰαϑιστά µεγάλο µέρος αυτής της αϰολουϑίας µε DMA µεταφο-

ρές ϰαι µία συµπαγή ασύγχρονη εντολή TCU. Ως αποτέλεσµα, η εργασία αναφέρει

συνολιϰή µείωση εντολών έως 29.3×, ϰάτι που µειώνει την πίεση στο frontend ϰαι
απελευϑερώνει χώρο για µελλοντιϰή επιϰάλυψη µε ανεξάρτητη εργασία.

Η µνήµη αποτελεί δεύτερη ϰαϑοριστιϰή µετριϰή. Η SGEMM_OP µειώνει τις

προσπελάσεις DRAM επειδή χρησιµοποιεί µεγαλύτερο πλαϰίδιο εξόδου ϰαι συ-

νεπώς αυξάνει την επαναχρησιµοποίηση των εισόδων. Επιπλέον, οι µεταφορές

γίνονται συνεχόµενα µέσω DMA, άρα αξιοποιούν ϰαλύτερα τις γραµµές µνήµης
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Σχήµα 1.11: Συνολιϰός αριϑµός εντολών. Η SGEMM_OP µειώνει

δραστιϰά τις εντολές επειδή αποφεύγει το explicit register-file stag-

ing.

από τις per-lane φορτώσεις των baselines. Στα αραιά σενάρια, η συµπιεσµένη ανα-

παράσταση µεταφέρει µόνο τα µη µηδενιϰά στοιχεία, µαζί µε τα bitmaps. Παρότι

τα bitmaps προσϑέτουν metadata traffic, σε υψηλή αραιότητα το συνολιϰό ϰόστος

µειώνεται σηµαντιϰά. Η εργασία αναφέρει µείωση ϰίνησης µνήµης έως 30.2× σε

σχέση µε το baseline.
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Σχήµα 1.12: Συνολιϰές off-chip προσπελάσεις µνήµης. Η

SGEMM_OP µειώνει την ϰίνηση µέσω µεγαλύτερης επαναχρησι-

µοποίησης ϰαι συνεχόµενων DMA µεταφορών.

Η δραστηριότητα της L1 data cache αϰολουϑεί διαφορετιϰή τάση. Επειδή η

SGEMM_OP µεταφέρει τους ϰύριους τελεστέους µέσω DMA προς τη µοιραζόµενη

µνήµη, δεν επιβαρύνει την D-cache µε τις ίδιες φορτώσεις που εϰτελούν τα base-

lines. Αυτό µειώνει το cache pollution ϰαι αφήνει την cache ϰυρίως για bookkeep-

ing, µεταδεδοµένα ϰαι βοηϑητιϰές προσπελάσεις του πυρήνα. Η δραστηριότητα

της D-cache παραµένει σχεδόν σταϑερή ϰαϑώς αλλάζει η αραιότητα, επειδή η
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sparsity-dependent µεταφορά τελεστέων δεν γίνεται µε ϰανονιϰές cacheable load

instructions.

Η χρησιµοποίηση των πολλαπλασιαστών δείχνει ϰαϑαρά τη διαφορά µεταξύ

των αρχιτεϰτονιϰών. Στα baselines του Vortex, η µέγιστη χρησιµοποίηση είναι

ϰάτω από 4%: 3.28% για το πυϰνό SGEMM ϰαι 3.68% για το SGEMM_SP. Αυ-
τό σηµαίνει ότι οι πολλαπλασιαστές υπάρχουν αλλά σπάνια παράγουν χρήσιµα

αποτελέσµατα, επειδή το pipeline περιµένει δεδοµένα ή εϰτελεί βοηϑητιϰές εντο-

λές. Αντίϑετα, η SGEMM_OP φτάνει έως 95.32% χρησιµοποίηση στην πυϰνή FP8

περίπτωση. Το αποτέλεσµα αυτό οφείλεται στο double buffering, στην άµεση

πρόσβαση στη µοιραζόµενη µνήµη ϰαι στη διατήρηση του αποτελέσµατος στον

συσσωρευτή.
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Σχήµα 1.13: Χρησιµοποίηση πολλαπλασιαστών Tensor Core. Η

SGEMM_OP διατηρεί το datapath ενεργό πολύ συχνότερα από τα

baselines.

Καϑώς η αραιότητα αυξάνεται, η χρησιµοποίηση των πολλαπλασιαστών της

SGEMM_OP µειώνεται. Αυτό δεν είναι αρνητιϰό αποτέλεσµα. Σηµαίνει ότι το

χρήσιµο αριϑµητιϰό έργο µειώνεται ϰαι η µονάδα ολοϰληρώνει πιο γρήγορα τα

βήµατα. Σε πολύ υψηλή αραιότητα, το σταϑερό ϰόστος συγχρονισµού, µετα-

δεδοµένων ϰαι µεταφοράς γίνεται πιο ορατό. Επιπλέον, ο φόρτος υπολογισµού

µειώνεται πιο γρήγορα σε σχέση µε τη µεταφορά δεδοµένων. ΄Ετσι, σε µεγάλη

αραιότητα ο πυρήνας γίνεται ξανά περισσότερο memory-bound.

Οι DMA συναλλαγές επιβεβαιώνουν ότι η συµπιεσµένη αναπαράσταση µει-

ώνει πραγµατιϰά την ϰίνηση δεδοµένων. Στην πυϰνή περίπτωση, ϰαι οι δύο

τελεστέοι µεταφέρονται ασυµπίεστοι. Στον συµπιεσµένο επί συµπιεσµένο τρόπο,

όσο αυξάνεται η αραιότητα, µεταφέρονται λιγότερες τιµές για A ϰαι B, µαζί µε

τα απαραίτητα bitmaps. Στο 90%/90%, ο αριϑµός συναλλαγών πέφτει από 2048

στην πυϰνή περίπτωση σε 512, δηλαδή µειώνεται ϰατά 75%. Στον ασυµπίεστο επί
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συµπιεσµένο τρόπο, η ϰίνηση είναι ενδιάµεση: ο B ωφελείται από τη συµπίεση,

αλλά ο A εξαϰολουϑεί να µεταφέρεται πλήρης.

A: 0%, B: 0% A: 20%, B: 20% A: 50%, B: 50% A: 90%, B: 90% A: 20%, B: 20% A: 50%, B: 50% A: 90%, B: 90%
0

500

1000

1500

2000

DX
A 

GM
EM

 Tr
an

sa
ct

io
ns

2048 2048
1920 1887

1344
1280

512
458

1984 1969

1696 1666

1280 1253

Dense Theoretical minimum A compressed, B compressed A uncompressed, B compressed

Σχήµα 1.14: DMA συναλλαγές για τους διαφορετιϰούς τρόπους

αραιότητας. Η πλήρης συµπίεση µειώνει τις συναλλαγές όσο αυ-

ξάνεται η αραιότητα.

Η ευαισϑησία στη διάστασηK είναι επίσης σηµαντιϰή. Κάϑε πλαϰίδιο εξόδου

πληρώνει σταϑερά ϰόστη αρχιϰοποίησης, συγχρονισµού ϰαι flush. ΄Οσο µεγα-

λώνει το K , αυτά τα ϰόστη αποσβένονται σε περισσότερη αριϑµητιϰή εργασία.

Για τη διαµόρφωση 2 × 16, η χρησιµοποίηση είναι ήδη 81.2% για K = 128 ϰαι

φτάνει περίπου 93% γιαK ≥ 512. Αυτό επιβεβαιώνει ότι η αρχιτεϰτονιϰή είναι πιο

αποδοτιϰή όταν υπάρχει αρϰετή εργασία ανά πλαϰίδιο εξόδου ώστε να ϰρύβεται

το σταϑερό overhead.

Η τελιϰή αξιολόγηση εξετάζει ένα δισδιάστατο sweep αραιότητας για τους δύο

τελεστέους. Στον συµπιεσµένο επί συµπιεσµένο τρόπο, η απόδοση βελτιώνεται

σηµαντιϰά όσο αυξάνεται η αραιότητα ϰαι των δύο πινάϰων. Μέχρι περίπου

70% − 80%, η εϰτέλεση παραµένει ϰυρίως compute-bound, οπότε η παράλειψη

βηµάτων µεταφράζεται σχεδόν άµεσα σε επιτάχυνση. Πέρα από αυτό, η βελτίωση

συνεχίζεται αλλά µε µιϰρότερο ρυϑµό, επειδή το σταϑερό ϰαι memory-related

ϰόστος γίνεται ϰυρίαρχο. Στο 90%/90%, η επιτάχυνση είναι 4.58× σε σχέση µε

την πυϰνή εϰτέλεση της ίδιας SGEMM_OP, ενώ στο 99%/99% φτάνει 5.38×.
Ο ασυµπίεστος επί συµπιεσµένο τρόπος αϰολουϑεί πολύ ϰοντά τον πλήρως

συµπιεσµένο τρόπο για αραιότητα του A έως περίπου 60% − 70%. Σε αυτήν

την περιοχή, ο υπολογισµός εξαϰολουϑεί να ϰυριαρχεί, ϰαι το γεγονός ότι ο A

µεταφέρεται ασυµπίεστος δεν έχει µεγάλο ϰόστος. ΄Οταν η αραιότητα του A

αυξηϑεί περισσότερο, οι δύο τρόποι αποϰλίνουν. Ο πλήρως συµπιεσµένος τρόπος

συνεχίζει να µειώνει τη µεταφορά δεδοµένων, ενώ ο ασυµπίεστος επί συµπιεσµένο

τρόπος συνεχίζει να µεταφέρει ϰαι τα µηδενιϰά του A. Παρόλα αυτά, παραµένει
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Σχήµα 1.15: Σύγϰριση συµπιεσµένου επί συµπιεσµένο ϰαι ασυµπίε-

στου επί συµπιεσµένο τρόπου σε διαφορετιϰά επίπεδα αραιότητας.

ελϰυστιϰός: στο 90%/90% φτάνει 3.20× ϰαι στο 99%/99% φτάνει 3.39× σε

σχέση µε την πυϰνή εϰτέλεση της SGEMM_OP, αποφεύγοντας το ϰόστος software
compression του δυναµιϰού A.

Συνολιϰά, τα αποτελέσµατα δείχνουν ότι η TCU-OP επιτυγχάνει µέση επι-

τάχυνση 12.73× ϰαι µέγιστη επιτάχυνση 27× στα µετρούµενα σενάρια σε σχέση

µε τα αντίστοιχα baselines. Το σηµαντιϰότερο συµπέρασµα δεν είναι µόνο ότι η

αραιότητα δίνει επιτάχυνση, αλλά ότι η επιτάχυνση αυτή εµφανίζεται επειδή το

σύστηµα σχεδιάστηϰε ολιστιϰά: η άµεση πρόσβαση της TCU-OP στη µοιραζόµε-

νη µνήµη µειώνει το register-file staging ϰαι τον αριϑµό εντολών, το µεγαλύτερο

πλαϰίδιο εξόδου αυξάνει την επαναχρησιµοποίηση των τελεστέων A ϰαι B, ο ε-

σωτεριϰός συσσωρευτής διατηρεί τα µεριϰά αϑροίσµατα τοπιϰά ϰατά µήϰος της

διάστασης K , ϰαι ο έλεγχος των αραιών βηµάτων στο υλιϰό επιτρέπει την πα-

ράλειψη βηµάτων εξωτεριϰού γινοµένου που δεν περιέχουν χρήσιµη εργασία..

1.5 Συµπεράσµατα ϰαι Μελλοντιϰές Επεϰτάσεις

Η εργασία παρουσίασε την TCU-OP, µια αρχιτεϰτονιϰή Tensor Core εξωτεριϰού

γινοµένου για πυϰνή ϰαι αραιή εϰτέλεση GEMM, υλοποιηµένη σε επίπεδο RTL

µέσα στο Vortex RISC-V GPGPU. Το βασιϰό ϰίνητρο ήταν ότι η υψηλή ϑεωρητιϰή

υπολογιστιϰή ισχύς των Tensor Cores δεν αρϰεί όταν η εϰτέλεση περιορίζεται από

τη µεταφορά δεδοµένων, την πίεση στο αρχείο ϰαταχωρητών, το πλήϑος εντολών

ϰαι τη µνήµη. Η υποστήριξη αραιότητας πρέπει να συνοδεύεται από αλλαγή του

συνολιϰού dataflow.
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Η προτεινόµενη σχεδίαση αποσυνδέει την εϰτέλεση από το αρχείο ϰαταχω-

ρητών, επιτρέποντας άµεση πρόσβαση στη µοιραζόµενη µνήµη ϰαι ασύγχρονη

εϰτέλεση µε transactional barriers, αντιϰαϑιστά το baseline datapath εσωτεριϰο-

ύ γινοµένου µε εξωτεριϰό γινόµενο, εισάγει παραµετροποιήσιµες µονάδες FEOP,

εσωτεριϰό συσσωρευτή 32 × 32, bitmap-based αποϰωδιϰοποίηση, µονάδες TIA,

hardware-controlled παράλειψη αραιών βηµάτων, ουρές ϰαι crossbar για αϰανόνι-

στη συσσώρευση. Ο βελτιστοποιηµένος πυρήνας χρησιµοποιεί DMA ϰαι double

buffering ώστε να επιϰαλύπτει µεταφορά, παραγωγή µεταδεδοµένων ϰαι υπολογι-

σµό.

Η µιϰροαρχιτεϰτονιϰή εξερεύνηση έδειξε ότι η σωστή διαστασιολόγηση είναι

απαραίτητη. Επειδή το baseline είναι έντονα υποχρησιµοποιηµένο, η TCU-OP

µειώνει το µέγεϑος του datapath σε 32 µεριϰά γινόµενα ανά ϰύϰλο, επιλέγει σχήµα

2 × 16 ϰαι ουρές βάϑους 4. Αυτή η επιλογή διατηρεί το µεγαλύτερο µέρος της

απόδοσης, ενώ περιορίζει το ϰόστος πολλαπλασιαστών, αϑροιστών, τραπεζών

ϰαι crossbar.

Τα πειραµατιϰά αποτελέσµατα επιβεβαιώνουν ότι η σχεδίαση βελτιώνει τόσο

την πυϰνή όσο ϰαι την αραιή εϰτέλεση. Η πυϰνή λειτουργία ωφελείται στην

ϰαλύτερη µεταφορά τελεστέων ϰαι τη µεγαλύτερη επαναχρησιµοποίηση. Η α-

ραιή λειτουργία προσϑέτει επιπλέον όφελος µέσω συµπίεσης ϰαι παράλειψης

βηµάτων. Η εργασία αναφέρει µέγιστη επιτάχυνση 27×, µέση γεωµετριϰή ε-

πιτάχυνση 12.73×, µείωση εντολών 29.3×, µείωση ϰίνησης µνήµης 30.2×, ϰαι
αύξηση της χρησιµοποίησης πολλαπλασιαστών από ϰάτω από 4% σε έως 95.3%.

Η µελλοντιϰή εργασία µπορεί να ϰινηϑεί σε πολλές ϰατευϑύνσεις. Πρώτον,

πρέπει να µετρηϑεί πλήρως το ϰόστος προεπεξεργασίας των συµπιεσµένων τελε-

στέων, ειδιϰά για δυναµιϰές ενεργοποιήσεις. ∆εύτερον, µπορούν να εξεταστούν

εναλλαϰτιϰές αραιές αναπαραστάσεις, όπως COO, CSR ή υβριδιϰά σχήµατα µε

bitmaps. Τρίτον, το δίϰτυο συσσώρευσης µπορεί να βελτιωϑεί µε χαµηλότερου

ϰόστους δροµολόγηση, ιεραρχιϰά crossbars ή conflict-aware scheduling. Τέταρ-

τον, η TCU-OP πρέπει να αξιολογηϑεί σε µεγαλύτερα ϰαι πιο ρεαλιστιϰά work-

loads, όπως attention, fused MLP layers ϰαι convolutions χαµηλωµένα σε GEMM.

Τέλος, απαιτείται περαιτέρω φυσιϰός σχεδιασµός για αϰριβέστερη εϰτίµηση επι-

φάνειας, ισχύος, χρονισµού ϰαι δυνατοτήτων ϰλιµάϰωσης.

Το γενιϰό συµπέρασµα είναι ότι η αποδοτιϰή επιτάχυνση αραιών Tensor Cores

δεν επιτυγχάνεται απλώς µε την παράλειψη µηδενιϰών πολλαπλασιασµών. Απαι-

τείται συνολιϰός επανασχεδιασµός της ροής δεδοµένων, της συσσώρευσης, της

διεπαφής µνήµης ϰαι της συνεργασίας µε το λογισµιϰό. Η TCU-OP δείχνει ότι

αυτή η προσέγγιση µπορεί να υλοποιηϑεί σε πραγµατιϰή RTL GPU αρχιτεϰτονιϰή

ϰαι να προσφέρει σηµαντιϰά οφέλη για πυϰνά ϰαι αδόµητα αραιά workloads.
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Chapter 2

Introduction

2.1 TheRise ofArtificial Intelligence inModernCom-

puting

The era in which we live is largely characterized by rapid technological progress

in computer science, algorithm design, and hardware systems. Among these ad-

vances, Artificial Intelligence (AI) and Machine Learning (ML) have become domi-

nant forces, transforming a wide range of applications, from natural language pro-

cessing and computer vision to scientific discovery, healthcare, autonomous sys-

tems, and large-scale data analytics. Problems that previously required significant

manual effort or prohibitive execution time can now be solved, approximated, or

automated at unprecedented scale.

The recent growth of AI can be mainly attributed to three mutually reinforc-

ing factors. First, novel algorithms and model architectures have significantly im-

proved the accuracy and generality of ML systems. Second, the availability of mas-

sive datasets has enabled the training of increasingly large and expressive mod-

els. Third, continuous improvements in hardware have provided the computational

throughput required to train and deploy these models within practical time and en-

ergy budgets. Without the corresponding advances in computing platforms, many

modern AI models would remain impractical despite their algorithmic potential.

A major milestone in this progress was the introduction of the attention mecha-

nism and the Transformer architecture in 2017 [10]. Since then, AI research has

accelerated dramatically, leading to the development of Large Language Models

(LLMs) and other foundation models with billions or even trillions of parameters.

This trend has created a constant demand for platforms capable of executing AI

workloads as fast as possible, while also minimizing power consumption and im-

proving energy efficiency [11]. As model sizes grow, performance alone is no longer

sufficient; efficient hardware utilization and reduced datamovement become equally

important.

Although the term Artificial Intelligence covers a broad range of algorithms and
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architectures, many of the most widely used models rely heavily on linear algebra

operations. In particular, General Matrix–Matrix Multiplication (GEMM) forms the

computational backbone of several important neural network families, including

Multilayer Perceptrons (MLPs), Convolutional Neural Networks (CNNs), and LLMs.

Matrix multiplication dominates both training and inference time, while also con-

tributing significantly to memory traffic and energy consumption.

• Multilayer Perceptrons (MLPs): In an MLP layer, the input activations are

multiplied by a weight matrix, followed by the application of a nonlinear ac-

tivation function. Therefore, the core computation of each fully connected

layer is a matrix multiplication between the activation matrix and the weight

matrix.

• Convolutional Neural Networks (CNNs): Although CNNs are expressed

in terms of convolution operations, high-performance implementations often

transform convolutions into matrix multiplications using techniques such as

im2col. This transformation rearranges image patches into columns, al-

lowing the convolution between input feature maps and filters to be executed

as a GEMM operation.

• Large Language Models (LLMs): Transformer-based LLMs are also domi-

nated bymatrix multiplications. In the attentionmechanism, the input matrix

is first projected into the query, key, and value matrices through three matrix

multiplications. The attention scores are then computed as

S = QKT ,

followed by another matrix multiplication between the normalized attention

scores and the value matrix,

O = softmax(S)V.

In addition, the feed-forward or MLP blocks inside each Transformer layer

consist of large matrix multiplications, further increasing the importance of

GEMM acceleration.

The importance of matrix multiplication is not limited to AI workloads. Hard-

ware improvements have also enabled the development of more complex and accu-

rate High-Performance Computing (HPC) applications, including weather predic-

tion, computational fluid dynamics, molecular dynamics, finite-element analysis,

and other large-scale simulations. As computing platforms become more power-

ful, scientists and engineers can use finer discretizations, larger datasets, and more
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detailed models, making simulations more realistic and reliable. This, in turn, fur-

ther increases the demand for higher hardware throughput and improved energy

efficiency.

Across both AI and traditional scientific computing, linear algebra kernels are

fundamental building blocks. Among them, matrix multiplication is one of the most

performance-critical operations, as it appears either directly or indirectly in a wide

variety of algorithms. Consequently, accelerating GEMM has become a central ob-

jective in modern computer architecture. Improvements in matrix multiplication

throughput can translate directly into faster training, lower inference latency, re-

duced energy consumption, and more practical execution of large-scale AI and HPC

workloads.

2.2 GPU Acceleration, Tensor Cores, and Sparsity

The rapid growth of Artificial Intelligence (AI) and High-Performance Computing

(HPC) workloads has created an increasing need for platforms that provide both

high throughput and energy efficiency. In many AI models and scientific comput-

ing applications, a large fraction of execution time is spent in matrix multiply–

accumulate operations, which are highly parallel since different output elements

can be computed independently. This makes them well suited to architectures that

exploit massive data-level parallelism.

Several platforms have been explored for AI acceleration, includingCPUs, GPUs,

FPGAs, and ASICs. CPUs offer high programmability but limited parallel through-

put, while ASICs, such as Google’s Tensor Processing Unit (TPU), can achieve high

efficiency using specialized structures such as systolic arrays [12]. However, ASIC

specialization reduces flexibility, which is important becauseAImodels evolve rapidly

and include operations beyond matrix multiplication, such as activation functions,

normalization, softmax, and control flow. GPUs provide a strong trade-off between

programmability and performance, combining a flexible software model with mas-

sive parallelism and high memory bandwidth. As a result, they have become the

dominant platform for AI training and inference in modern datacenters.

To further improve matrix multiplication throughput, modern GPUs integrate

specialized matrix engines known as Tensor Cores. Tensor Cores accelerate tiled

matrixmultiply–accumulate operations using dedicated hardware datapaths, avoid-

ing the overhead of executing the same computation through many scalar or vec-

tor instructions. Since their introduction in NVIDIA Volta [1, 2, 13], Tensor Cores

have evolved with support for additional datatypes, improved data movement, and

structured sparsity [7, 14, 6]. This evolution reflects the need to increase matrix
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throughput while reducing operand movement through the register file and mem-

ory hierarchy.

Despite the efficiency of dense Tensor Cores, many AI workloads exhibit spar-

sity, meaning that a significant fraction of matrix elements are zero. Weight spar-

sity is commonly introduced through pruning [16], while activation sparsity can

arise dynamically through functions such as ReLU [17]. Since any multiplication

involving a zero produces zero, sparse matrix multiplication can skip ineffective

computations and reduce memory traffic.

Existing sparse Tensor Core mechanisms typically exploit structured sparsity,

such as NVIDIA’s 2:4 pattern, where exactly two elements out of every four are

nonzero [7, 6, 18]. This format is hardware-friendly but restrictive: it supports only

a fixed sparsity structure and usually exploits sparsity in one operand. Therefore,

irregular or higher sparsity cannot be fully utilized unless the model is constrained

to the supported format. This motivates more general sparse Tensor Core architec-

tures capable of exploiting unstructured and dual-side sparsity [8, 9].

2.3 Vortex GPU and RTL-Based Evaluation

This work uses the Vortex RISC-V GPGPU as the development and evaluation plat-

form. Vortex is an open-source, synthesizable GPUwritten in Verilog and developed

by Georgia Institute of Technology and UCLA [19]. Its open RTL implementation

makes it a suitable platform for architectural research, allowing new GPU mech-

anisms to be implemented, modified, and evaluated in a realistic hardware design

rather than only through high-level models.

Vortex also includes a Tensor Core architecture inspired byNVIDIA-stylematrix

engines, making it particularly relevant for studying GEMM acceleration. Recent

extensions have added support for a 2:4 structured-sparsity mode, providing both

a dense Tensor Core baseline and a structured sparse Tensor Core baseline. This

enables a direct comparison between the proposed design and existing dense or

structured-sparse execution approaches within the same GPU framework.

A key reason for using Vortex is that it can be evaluated at the RTL level. While

high-level simulators, such as Accel-Sim, are useful for fast design-space explo-

ration [20], they rely on abstract models, predefined latencies, and simplified as-

sumptions. In contrast, RTL simulation with Verilator executes the actual RTL de-

sign and provides cycle-accurate behavior, exposing timing effects, pipeline inter-

actions, and implementation constraints that may be hidden in higher-level models.

Therefore, implementing the proposed Tensor Core modifications directly in

RTL provides a more reliable basis for evaluating performance and architectural

feasibility. It also allows the design to be further synthesized or deployed on FPGA
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platforms, enabling more accurate analysis of implementation cost, area, and power

compared to purely C++-based simulation.

2.4 Proposal Overview

To the best of our knowledge, there is currently no RTL implementation of a Tensor

Core Unit (TCU) capable of accelerating matrix multiply–accumulate operations

where both input matrices exhibit unstructured sparsity. Existing sparse Tensor

Core approaches either focus on structured sparsity patterns, such as 2:4 sparsity,

or study dual-side unstructured sparsity at a higher level of abstraction, without

providing a complete synthesizable hardware implementation.

Motivated by this gap, this thesis builds upon the ideas introduced in DSTC

and its extension, “DSTC: Dual-Side Sparse Tensor Core for DNNs Acceleration on

Modern GPU Architectures”, which target dual-side unstructured sparse GEMM [8,

9]. Inspired by this direction, we develop an extension to the existing Vortex Ten-

sor Core with the goal of improving both dense and sparse matrix multiplication

execution. In particular, for sparse MMA, the proposed design aims to skip ineffec-

tual computations when one or both input operands contain unstructured sparsity,

while preserving the correct output positions and accumulation semantics.

Unlike DSTC, whichwas implemented and evaluated in the Accel-Sim simulator

using a higher-level C++ model, this work implements the proposed architecture

directly in RTL within the Vortex GPU. This enables a more detailed and realistic

study of the design, exposing microarchitectural constraints that are often hidden

in higher-level simulation frameworks. Such constraints include pipeline timing,

varying timing behavior within the Functional Unit, operand routing and control

logic complexity. As a result, the RTL implementation provides a stronger basis for

evaluating both the feasibility and the performance impact of the proposed sparse

Tensor Core architecture. After establishing the baseline RTL design, we further

extend and optimize the architecture through design-space exploration.

Furthermore, this work improves the operand delivery mechanism by enabling

the Tensor Core to access shared memory directly. This reduces the dependence

on register-file staging, alleviates register-file pressure, and lowers the instruction

overhead associated with operand movement. Combined with an optimized ker-

nel structure and suitable ISA extensions, the proposed architecture significantly

reduces execution time across dense and sparse inputs.

Overall, this thesis presents a complete RTL implementation and evaluation of a

sparse Tensor Core architecture for the Vortex RISC-VGPGPU. The proposed design

targets dual-side unstructured sparsity, improves operand delivery through direct

shared-memory access, and introduces sparse outer-product execution inside the



28 Chapter 2. Introduction

Tensor Core. Compared to the Vortex baseline, the final optimized design achieves

a maximum speedup of 27× and a geometric mean speedup of 12.73× across the

evaluated dense and sparse workloads.

2.5 Contributions

To summarize, this thesis makes the following contributions:

• We implement a dual-side sparse Tensor Core mechanism in Verilog and inte-

grate it into Vortex, a state-of-the-art open-source synthesizable RISC-V GPU.

• We perform a detailed microarchitectural exploration of the proposed design,

evaluating architectural choices and optimizations with respect to their per-

formance benefits.

• We develop a fully parameterizable Tensor Core design and conduct design-

space exploration to identify suitable configurations for different dense and

sparse execution scenarios.

• We optimize the sparse mechanism at the RTL level, improving the DSTC

design for efficient integration into the Vortex Tensor Core pipeline.

• We further optimize operand delivery by enabling direct Tensor Core access

to shared memory, reducing register-file pressure and resembling the data-

movement direction adopted by recent NVIDIA Hopper and Blackwell archi-

tectures [14, 15].

• We extend the supported execution modes to cover dense and sparse input

combinations, including uncompressed× uncompressed, uncompressed× com-

pressed, and compressed × compressed matrix multiplication.

• We extend the ISA to support the proposed Tensor Core functionality and re-

design the kernel, resulting in a hardware–software co-designed sparse GEMM

execution flow.

2.6 Thesis Structure

The remaining chapters of this thesis are organized as follows:

• Chapter 3 provides the necessary background on GPUs, Tensor Cores, spar-

sity in GEMMworkloads, and theDSTC architecture thatmotivates this work.
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• Chapter 4 presents the implementation details of the proposed sparse Tensor

Core design and its integration into the Vortex GPU.

• Chapter 5 discusses the microarchitectural optimizations of the proposed de-

sign, including the right-sizing and parameter tuning of the Tensor Core unit.

• Chapter 6 presents the experimental evaluation and analyzes the insights de-

rived from the performance, memory and utilization results.

• Chapter 7 reviews related work and compares the proposed design against

existing dense, structured-sparse, and sparse Tensor Core approaches.

• Chapter 8 concludes the thesis and discusses possible directions for future

work.
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Chapter 3

Background

3.1 Introduction

This chapter provides the background necessary to understand the motivation and

design choices of the proposed sparse Tensor Core architecture. It first introduces

the main principles of modern GPU architectures and explains why they are well

suited for AI and high-performance computing workloads. It then discusses Tensor

Cores as specialized matrix multiplication accelerators, followed by an overview

of sparsity in deep neural networks and the opportunities it creates for reducing

computation and memory traffic. The chapter also presents the Vortex RISC-V

GPGPU, which is used as the development and evaluation platform in this thesis,

together with its baseline Tensor Core architecture. Finally, it introduces the Dual-

Side Sparse Tensor Core (DSTC), which serves as the main inspiration and reference

point for the proposed design.

3.2 GPUs as AI Acceleration Platforms

The computational requirements of modern AI workloads have led to the explo-

ration of several acceleration platforms, including CPUs, GPUs, FPGAs, and ASICs.

CPUs remain themost flexible general-purpose processors, but their relatively small

number of cores and limited arithmetic throughput make them inefficient for the

highly parallel kernels that dominate deep learning. FPGAs and ASICs, on the

other hand, can provide high performance and energy efficiency by tailoring the

hardware to specific computation patterns. A representative example is Google’s

Tensor Processing Unit (TPU), which uses a systolic-array organization to accel-

erate tiled matrix multiplication [12]. However, such specialization often reduces

programmability and makes it harder to adapt to new algorithms, operators, and

model architectures.

The reason massively parallel accelerators are effective for AI is closely related

to the structure of matrix multiplication. In a matrix multiply–accumulate oper-

ation, each output element is computed independently from the others, making
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the operation naturally data-parallel. This property allows thousands of arithmetic

operations to be executed concurrently, provided that the hardware can supply

operands at sufficient bandwidth. GPUs are designed exactly around this princi-

ple: they execute a large number of lightweight threads in parallel and rely on high

memory bandwidth and latency hiding to maintain throughput.

Compared to ASICs, GPUs offer a more balanced compromise between perfor-

mance and flexibility. Although matrix multiplication is usually the dominant op-

eration, complete AI models also include non-GEMM operations such as activation

functions, normalization, softmax, indexing, reductions, memory transformations,

and sometimes control-flow-dependent execution. A fully specialized accelerator

may perform GEMM very efficiently, but supporting the full workload with suffi-

cient flexibility can be more challenging. GPUs, through programming models such

as CUDA, HIP, and OpenCL, allow developers to express auxiliary model operations

within the same platform [24, 25].

This combination of high parallel throughput, programmability, and mature

software support has made GPUs the standard choice for large-scale AI training

and inference. Modern AI datacenters are therefore commonly built around large

GPU clusters, where thousands of devices cooperate to train and serve increasingly

large models. As a result, GPU vendors such as NVIDIA and AMD have placed AI

acceleration at the center of their architectural roadmaps, introducing specialized

matrix engines, high-bandwidthmemory systems, and optimized software libraries.

Consequently, understanding and improving GPU-based matrix acceleration is es-

sential for increasing the performance and energy efficiency of future AI systems.

3.3 Fundamentals of GPUs

AsGPU architectures evolved from fixed-function graphics pipelines intomassively

parallel general-purpose processors, several programming abstractions and archi-

tectural components emerged to expose and manage this parallelism efficiently.

These concepts form the basis of modern GPU programming and are used through-

out the rest of this thesis. A brief overview of the most relevant terms is given

below.

GPGPU (General-Purpose GPU): A GPGPU refers to the use of a graphics pro-

cessing unit for general-purpose computation beyond graphics rendering. It

exploits massive parallelism through thousands of lightweight threads exe-

cuting concurrently. This execution model is particularly effective for data-

parallel workloads such as linear algebra, scientific simulations, and machine

learning.
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Kernel: A kernel is a function that runs on the GPU and is executed by many

threads in parallel. Each thread executes the same kernel code but operates

on different portions of the input data. Kernels are launched by the host CPU

and define the main computation performed by a GPU program.

Thread: A thread is the smallest unit of execution in a GPU program. Each thread

has its own registers and executes the kernel independently, enabling fine-

grained parallelism. Threads are organized into warps and thread blocks to

support efficient scheduling, synchronization, and data sharing.

Warp: Awarp is a group of threads that execute instructions in lockstep under the

SIMT execution model. In NVIDIA architectures, a warp typically consists of

32 threads. Threads within a warp share a common instruction stream, al-

though control-flow divergence can be handled through masking. Warps are

the fundamental scheduling and execution units inside a StreamingMultipro-

cessor.

SM (Streaming Multiprocessor): A Streaming Multiprocessor is the main pro-

cessing unit of a GPU and is responsible for executing warps. It contains ex-

ecution units such as ALUs and Tensor Cores, a register file, shared memory,

and control logic such as warp schedulers. Multiple SMs operate in parallel

to provide the total computational throughput of the GPU.

Shared Memory (SMEM): Sharedmemory is a programmer-managed, low-latency

on-chip memory shared among threads within the same thread block. It is

commonly used to stage data and enable efficient reuse, reducing accesses to

slower global memory. Proper use of shared memory is essential for optimiz-

ing memory-bound GPU kernels.

Thread Block: A thread block is a group of threads that execute the same kernel

and can cooperate during execution. Threads within a block can synchronize

using barriers and share data through shared memory, enabling efficient co-

ordination and data reuse. A thread block is scheduled onto a single SM and

remains there for its entire lifetime, ensuring fast communication among its

threads. Multiple thread blocks can execute independently across different

SMs, providing scalability across the GPU.

Register File (RF): The register file is a fast on-chip storage structure that holds

operands and intermediate results for GPU threads. It provides high band-

width and low latency, making it critical for sustaining compute throughput.

Registers are private to each thread and are heavily used during kernel exe-

cution.



34 Chapter 3. Background

Core Pipeline: The core pipeline is the sequence of hardware stages that process

instructions, including scheduling, fetching, decoding, issuing, execution, and

commit. In a GPU, this pipeline is warp-scheduled and follows the SIMT exe-

cution model, interleaving instructions from different warps across cycles in

order to hide latency and keep the execution units active.

Async Transaction Barriers: Asynchronous transaction barriers are synchroniza-

tion mechanisms used to coordinate access to shared resources without fully

blocking execution. They are often used together with asynchronous opera-

tions, such as memory transfers, to overlap computation and communication.

This helps improve hardware utilization by avoiding unnecessary pipeline

stalls.

DMA / TMA: DMA (DirectMemory Access) refers to hardware engines that trans-

fer data between memory regions without direct involvement of the main

execution units. TMA (Tensor Memory Accelerator) is a specialized form

of such a mechanism in modern GPUs, designed to efficiently move multi-

dimensional tensor data between global memory and shared memory. These

engines enable high-throughput asynchronous datamovement and allowmem-

ory transfers to overlap with computation.

Micro-operations (u-ops): Micro-operations, or u-ops, are internal low-level op-

erations into which higher-level instructions may be decomposed during de-

coding. This allows complex instructions to be executed as a sequence of

simpler hardware operations that can be scheduled, issued, and executed ef-

ficiently by the core pipeline.

Transactional / asynchronous Barriers: Transactional barriers are synchroniza-

tion primitives used to coordinate groups of threads with asynchronous hard-

ware mechanisms. They allow software to wait until a set of operations has

been completed consistently before execution proceeds.

3.4 Tensor Cores in GPUs

The continuous demand for higher GPU throughput has exposed important ineffi-

ciencies in the execution of matrix multiply–accumulate (MMA) operations using

only conventional scalar or vector datapaths. Matrix multiplication has significant

data reuse, since each element of an input tile contributes to multiple output values.

However, when MMA is implemented using standard ALU or FPU instructions, this

reuse is not always exploited efficiently. Matrix fragments must typically be loaded
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into the register file, repeatedly read by the execution units, multiplied and accumu-

lated through several instructions, and finally written back. This creates substan-

tial instruction overhead and register-file traffic, especially for tiled GEMM kernels

where the same operands are reused many times.

To address this bottleneck, NVIDIA introduced Tensor Cores in the Volta ar-

chitecture [1, 2, 13]. A Tensor Core is a specialized execution unit inside the GPU

designed to perform small tiled matrix multiply–accumulate operations directly in

hardware. Instead of decomposing matrix multiplication into many scalar multiply

and add instructions, Tensor Cores execute an entireMMAoperation as a single ma-

trix instruction at the warp level. This significantly increases arithmetic throughput

and improves energy efficiency, especially for deep learning workloads that can tol-

erate reduced-precision input formats with higher-precision accumulation [3].

Most Tensor Core designs are optimized around an inner-product formulation

of matrix multiplication. In this model, each output element is computed as the dot

product between a row of matrix (A) and a column of matrix (B). This organization

maps well to hardware, since multiple products can be computed in parallel and ac-

cumulated through reduction trees or deeply pipelined fused multiply–accumulate

datapaths [3, 4]. To sustain high utilization, operand tiles are staged close to the

compute units, typically through a combination of shared memory and register-file

fragments. Shared memory is commonly used to stage reusable matrix tiles from

global memory, while the register file provides the immediate operands consumed

by MMA instructions [25, 26].

Since their introduction, Tensor Cores have evolved significantly across GPU

generations. Volta introduced FP16 Tensor Cores with FP32 accumulation, enabling

large speedups for mixed-precision training [1, 2]. Turing extended Tensor Core

support to additional low-precision formats, such as INT8 and INT4, making the

units more suitable for inference workloads. Ampere introduced TF32, allowing

many FP32 workloads to benefit from Tensor Core acceleration with minimal soft-

ware changes, and also added support for structured sparsity, where sparse Tensor

Cores can provide up to 2× higher throughput when the required sparsity pattern

is satisfied [7].

Hopper further expanded the role of Tensor Cores by adding FP8 support and

the Transformer Engine, targeting the training and inference of large Transformer-

based models. It also introduced new mechanisms for improving data movement,

such as the Tensor Memory Accelerator (TMA), and expanded MMA execution be-

yond the traditional warp-level model through warp-group MMA instructions [14,

27, 28]. These features reflect a broader trend toward decoupling data movement

from computation and increasing the granularity of tensor operations to improve

utilization.
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More recent NVIDIA architectures, such as Blackwell, continue this trend by

increasing Tensor Core throughput and supporting even lower-precision formats,

including FP4 variants for AI inference [15]. This progression shows that Tensor

Cores have evolved from fixed-function mixed-precision matrix units into sophisti-

cated tensor-processing pipelines tightly coupled with the GPU memory hierarchy.

Overall, Tensor Cores are now central to GPU performance for AI and HPC

workloads. Their efficiency, however, depends not only on raw arithmetic through-

put, but also on how effectively operands are delivered, reused, and accumulated.

As Tensor Core compute capability increases, data movement through the regis-

ter file and memory hierarchy becomes an increasingly important bottleneck. This

motivates architectural techniques that reduce operand traffic, improve reuse, and

exploit additional workload properties such as sparsity.

3.5 Outer-Product Matrix Multiplication

Set 1

Set 2

C
D1

D2

Accumulate

A

B

Figure 3.1: Outer-product matrix multiplication. Each step multi-

plies one column of A with one row of B, producing a rank-1 partial

output tile that is accumulated into the output matrix.

As discussed previously, conventional Tensor Core architectures are typically

designed around the inner-product formulation of matrix multiplication. In this

model, each output element is computed independently as the dot product between

one row of matrix A and one column of matrix B. This organization is well suited

for dense matrix multiplication, since each output accumulator can remain local to

the datapath until the corresponding dot product is completed.

An alternative formulation is the outer-product approach. In outer-product ma-

trixmultiplication, computation proceeds along the reduction dimensionK . A basic
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step in this method computes the cross-product between one column of matrix A

and the corresponding row of matrix B. If the output tile has dimensions M ×N ,

this operation can be expressed as

⟨M,N⟩ = ⟨M, 1⟩ × ⟨1, N⟩,

where a column vector of A with M elements is multiplied by a row vector of B

with N elements, producing a rank-1 partial output matrix. This partial matrix is

then accumulated into the output tile:

D = C +
K−1∑
k=0

A:,kBk,:.

Thus, instead of computing one output element at a time, each step contributes to

many elements of the output tile.

Figure 3.1 illustrates this process. The initial output tile C , often corresponding

to a bias or previously accumulated value, is updated through a sequence of partial

products. Each partial product is generated from a column vector of A and a row

vector of B, and the resulting rank-1 matrix is accumulated into the output tile D.

After all K-dimension steps have been processed, the final output tile is produced.

The main advantage of the outer-product formulation is its high input reuse.

Each loaded element from the selected column of A is reused across an entire row

of the partial output tile, while each loaded element from the selected row of B is

reused across an entire column. This makes the approach attractive when input

delivery is a bottleneck. However, this comes at the cost of more challenging out-

put accumulation. Since the output tile is updated incrementally over many steps,

partial sums must either be kept in an internal accumulation buffer or repeatedly

read and written, increasing pressure on the accumulation storage.

This behavior contrasts with the inner-product formulation commonly used in

Tensor Cores. Inner-product execution favors output reuse: each accumulator is

updated locally until its dot product is complete, reducing the need to repeatedly

access the output tile. However, the input operands A and B are typically reused

over a smaller scope. In summary, inner-product matrix multiplication favors local

accumulation and output reuse, while outer-product matrix multiplication favors

input reuse and as will be explained exposes more opportunities for skipping com-

putation when sparse input operands are present.
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3.6 Sparsity in GEMMWorkloads

A common property of many GEMMworkloads is sparsity, i.e., the presence of zero-
valued elements in one or both input matrices. Sparsity is particularly important

because any scalar multiplication involving a zero operand produces a zero result.

Therefore, if the hardware can identify such cases early, the corresponding multi-

plication can be skipped, reducing both computation and energy consumption.

In AI workloads, sparsity mainly arises from two sources. The first is weight
sparsity, which is commonly introduced through pruning [16]. During pruning,

weights considered less important for the model output are removed or set to zero,

reducing the number of parameters and potentially improving generalization by

limiting overfitting. The second is activation sparsity, which appears dynamically

during execution. A typical example is the Rectified Linear Unit (ReLU), one of the

most widely used activation functions in deep neural networks [17, 29, 30, 31]. ReLU

preserves positive inputs and maps negative inputs to zero, thereby introducing ze-

ros in the activation matrices that are forwarded to subsequent layers. Sparsity

is also common in HPC workloads, where it often originates from the structure of

the underlying problem. For example, graph algorithms frequently operate on adja-

cencymatrices, which are usually highly sparse becausemost vertices are connected

to only a small subset of the graph.

Sparsity can be broadly classified as either structured or unstructured. In unstruc-
tured sparsity, zeros may appear at arbitrary positions, without a regular pattern.

This form is the most general and can preserve accuracy, since pruning is not con-

strained by a predefined structure. However, it is also harder to exploit efficiently

in hardware because the positions of the nonzero elements are irregular. Structured

sparsity, in contrast, imposes a pattern on the locations of zeros and nonzeros, mak-

ing the sparse representation easier to decode and execute.

Several structured sparsity patterns are commonly used:

• Row-wise sparsity: Entire rows of a matrix are zero, while the remaining

rows are dense. If the zero rows follow a regular pattern, the sparsity is struc-

tured; otherwise, it is row-wise but irregular.

• Block-wise sparsity: The matrix is divided into fixed-size blocks, and each

block is either entirely zero or contains nonzero values. This representation

reduces metadata overhead and is attractive when zeros appear in coarse-

grained regions.

• M : N sparsity: In M : N sparsity, each group of N consecutive elements

contains at most M nonzero values. NVIDIA’s 2:4 sparsity is a well-known

example, where two out of every four elements are nonzero [7, 6]. Such for-

mats are hardware-friendly because they provide a bounded and predictable
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number of nonzeros per group, but they require metadata to indicate the po-

sitions of the surviving elements.

Structured sparsity simplifies hardware design, but it also limits the amount

and type of sparsity that can be exploited. For example, NVIDIA’s 2:4 sparsity

can exploit exactly 50% sparsity in the compressed operand. If the matrix contains

more zeros, the additional sparsity cannot directly translate into further speedup.

Conversely, if the matrix does not naturally satisfy the required pattern, additional

pruning or retraining may be needed to enforce it. This can reduce model accuracy,

since some weights may be forced to zero even if they are not negligible. As a re-

sult, structured sparsity offers an efficient but restricted trade-off between hardware

simplicity, performance, and accuracy.

Most existing sparse Tensor Core approaches exploit either dense× structured-

sparsemultiplication or, less commonly, structured-sparse× structured-sparsemul-

tiplication [18, 6]. This limits both the achievable speedup and the range of sparsity

patterns that can be used. Ideally, a sparse Tensor Core should be able to exploit un-

structured sparsity in both operands, skipping all ineffectual multiplications while

keeping area and energy overheads low [8, 9].

To execute sparse matrices, the compressed values must be accompanied by

metadata that describes their original positions. Several sparse encodings are com-

monly used:

• COO (Coordinate format): Each nonzero value is stored together with its

row and column indices. This format is simple and flexible, but it requires

significant metadata storage and multiple metadata accesses per nonzero el-

ement.

• CSR (Compressed Sparse Row): CSR stores nonzero values row by row,

together with column indices and a row-pointer array that indicates where

each row begins. It is widely used for very sparse matrices and provides com-

pact storage when the number of nonzeros is extremely small compared to

the dense matrix size. However, accessing the position of a nonzero element

requires dependent metadata accesses, which can limit parallelism.

• Bitmap encoding: Bitmap encoding uses one bit per matrix element to indi-

cate whether the corresponding value is zero or nonzero. A bit value of zero

denotes a zero element, while a bit value of one denotes that the element is

present in the compressed value array. This format is simple to decode and

requires only one metadata stream.

In this work, bitmap encoding is selected for the sparse matrix representation.

Among the available sparse formats, bitmap and CSR are two of the most com-

monly used alternatives. CSR can provide lower metadata overhead for extremely
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sparse matrices, since it stores information only for nonzero elements. However,

recovering the original position of a value in CSR requires accessing two separate

metadata structures: the row-pointer array and the column-index array. This intro-

duces additional memory requests and load-to-load dependencies, which can limit

parallelism and complicate hardware decoding.

Bitmap encoding, in contrast, requires only one metadata stream. Each bit di-

rectly indicateswhether the corresponding densematrix position contains a nonzero

value, making the format simple to decode andwell suited for parallel hardware pro-

cessing. Although the bitmap size is fixed with respect to the dense tile size, this

overhead is acceptable for the sparsity levels commonly targeted in sparse neural

networks and several HPC workloads. CSR becomes more attractive only at ex-

tremely high sparsity levels, where the number of nonzero values is very small. For

the sparsity range considered in this thesis, typically up to approximately 95%–

99%, bitmap encoding provides a practical balance between metadata storage, de-

coding simplicity, reduced memory dependencies, and hardware parallelism.

3.7 Vortex: An RTL-Level RISC-V GPGPU
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Figure 3.2: High-level Vortex micro-architecture

Vortex is an open-source, research-oriented GPGPU architecture based on the

RISC-V ISA [19]. It is fully implemented in synthesizable Verilog, enabling both
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cycle-level RTL simulation and FPGA-based prototyping. This makes Vortex par-

ticularly suitable for architectural research, since new mechanisms can be imple-

mented directly in hardware description language and evaluated under realistic

pipeline, memory, and resource constraints.

Figure 3.2 shows the high-level organization of the Vortex architecture. At the

processor level, Vortex is organized hierarchically into clusters, sockets, and cores,

connected through a cache hierarchy that includes private and shared cache levels.

Each core follows a SIMT executionmodel, wherewarps are scheduled and executed

through a pipelined datapath consisting of scheduling, fetch, decode, issue, execute,

and commit stages. The execute stage includes multiple functional units, such as

the ALU, FPU, Load–Store Unit (LSU), and Special Function Unit (SFU), while the

issue stage manages register-file accesses, scoreboarding, and instruction buffering.

Vortex also provides several architectural features thatmake it suitable for study-

ingmodernGPUworkloads. Each core includes a register file for per-thread operands

and intermediate values, as well as shared memory (mentioned as local memory in

the terminology adopted by Vortex) that can be used for low-latency data staging

and inter-thread cooperation. In addition, Vortex includes a general-purpose DMA

mechanism for moving data without relying solely on scalar load/store instructions.

Such asynchronous transfers are coordinated through transactional barriers, which

allow software to detect when a DMA transaction has completed and safely con-

tinue execution. These mechanisms are particularly important for tiled GEMM ker-

nels, where overlapping data movement and computation is essential for high per-

formance.

The modular design of Vortex also allows custom accelerators to be integrated

as additional execution units inside the core pipeline. In recent versions, Vortex

has been extended with a Tensor Core unit for accelerating tiled matrix multiply–

accumulate operations. This baseline Tensor Core resembles early NVIDIA-style

Tensor Core designs, where operands are staged through the register file before ex-

ecution. Moreover, structured sparse execution support, inspired by NVIDIA’s 2:4

sparsity mechanism, has also been incorporated, providing both dense and struc-

tured sparse Tensor Core modes.

For these reasons, Vortex provides an appropriate platform for this thesis. It

combines an open RTL implementation, a GPU-like SIMT execution model, shared-

memory and DMA support, transactional synchronization mechanisms, and an ex-

tensible Tensor Core architecture. This enables the proposed sparse Tensor Core

modifications to be developed and evaluated within a realistic GPU microarchitec-

ture rather than in isolation.
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3.8 Vortex Tensor Core Unit (TCU)

3.8.1 Operation of the Vortex TCU
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Figure 3.3: Register-level fragmentation of Vortex Tensor Core warp

tiles for a 4-thread configuration. Matrix tiles are distributed across

thread registers, and registers with the same index form the blocks

consumed by individual TCU micro-operations.

As part of the effort to keep Vortex a competitive and extensible open-source

GPU research platform, a Tensor Core Unit (TCU) has been integrated into the ar-

chitecture and is continuously optimized. The Vortex TCU is designed to accelerate

tiled matrix multiply–accumulate operations and follows a programming and ex-

ecution model similar to modern NVIDIA Tensor Cores. In particular, the current

implementation resembles the warp-level execution model of recent NVIDIA archi-

tectures, where all threads of a warp cooperate to execute a single matrix operation.

The baseline Vortex TCU follows a register-file-based dataflow. Matrix frag-

ments are first loaded from memory into the registers of the participating threads.

The TCU then consumes these register-resident fragments, performs the matrix

multiply–accumulate operation, and writes the resulting fragments back to the reg-

ister file. Therefore, the general data path is

MEM→ RF→ TCU→ RF→ MEM

where (MEM) may refer either to global memory or shared memory. Recent Vor-

tex optimizations also include a DMA-like mechanism, called DXA, which enables

asynchronous data movement from global memory to shared memory. This reduces
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data-fetch latency and allows tiled kernels to stage operands more efficiently before

they are loaded into registers.

The Vortex TCU supports several numerical formats used in machine learning

workloads, including FP32, FP16, BF16, TF32, FP8, BF8, NVFP4, and INT8. This

datatype flexibility allows the same unit to target different execution scenarios,

ranging from high-accuracy training to low-precision inference. To expose Tensor

Core functionality to software, Vortex extends the baseline RISC-V ISA with cus-

tom matrix instructions. The three main instructions are load_matrix_sync,
mma_sync, and store_matrix_sync.

load_matrix_sync Theload_matrix_sync instruction synchronously

loads matrix tiles from memory into the register file. In the RISC-V architecture,

each thread has 32 general-purpose registers. In the Vortex Tensor Core program-

ming model, a subset of these registers is reserved for matrix fragments: eight reg-

isters for matrix A, eight registers for matrix B, and eight registers for matrix C .

Consequently, a warp collectively stores the fragments of the input and output tiles

across the registers of its participating threads.

This instruction is responsible for mapping the elements of a warp-level matrix

tile to the correct registers of each thread. Figure 3.3 illustrates this fragmentation

for a 4-thread warp configuration. Each cell corresponds to a register entry and

contains both the register index and the thread identifier that owns it. Cells with

the same color correspond to registers with the same index across different threads

and form a block. The layout is not arbitrary: it is chosen so that later mma_sync
instructions can select matching blocks of A, B, and C using register indices. It

is also worth noting that, for some warp-size configurations, such as 4-thread and

16-thread warps, the B tile does not fully utilize all eight allocated registers, which

affects the block scheduling of the Tensor Core operation.

mma_sync The mma_sync instruction invokes the Tensor Core using matrix

fragments that have already been loaded into the register file. Conceptually, the

operation performed is

C = A×B + C

However, a single RISC-V instruction can reference only a limited number of reg-

isters: source registers for the operands and a destination register for the result.

Therefore, each issued mma_sync instruction can operate only on one selected

register block from each matrix fragment. Since each thread holds multiple regis-

ters per matrix, the full warp-level matrix multiplication cannot be completed with

a single hardware invocation. Instead, it must be decomposed into multiple smaller

block operations.
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For example, an instruction of the form

mma_sync R16, R0, R8, R16

uses registers (R0), (R8), and (R16) as the selected fragments ofA, B, and C , respec-

tively, and writes the updated result back to (R16). With the register layout shown

in Figure 3.3, this corresponds to a block-level operation on submatrices of the full

warp tile. For a 4-thread warp configuration, the complete output tile requires 16

such block multiplications. Therefore, the high-level mma_sync instruction is de-

composed into multiple internal micro-operations.

To support this behavior, Vortex includes a sequencer at the head of the instruc-

tion buffer. When an mma_sync instruction reaches the sequencer, it is expanded

into a sequence of micro-operations, each targeting different register indices. Each

micro-operation invokes the TCU on a specific block of the original warp-level tile

and performs the block computation:

Cblock = Ablock ×Bblock + Cblock

The number of generated micro-operations depends on the warp configuration and

tile mapping. For example, a 4-thread warp requires 16 micro-operations, while a

32-thread warp requires 32 micro-operations. Only after all micro-operations of the

current mma_sync have been issued can the scoreboard allow the next instruction

from the same warp to proceed.

For each micro-operation, the TCU performs the block computation using its

internal multipliers, which are organized into Fused-Element Dot-Product (FEDP)

units. Each FEDP unit computes one element of the output block by forming the dot

product between one row of the selected A block and one column of the selected B

block. For instance, in the 4-threadwarp configuration, the TCU contains four FEDP

units, matching the four elements of the output block. Each FEDP consumes the

corresponding operands from two registers of A and two registers of B, performs

the required multiplications and reduction, and produces one accumulated output

element.

store_matrix_sync The store_matrix_sync instruction performs

the inverse operation of load_matrix_sync. It collects the output fragments

stored in the thread registers and writes the reconstructed C tile back to memory.

This completes the register-file-based Tensor Core execution flow.
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Overall, the baseline Vortex TCU provides a realistic open-source implementa-

tion of a modern Tensor Core-style matrix engine. However, its reliance on register-

file staging means that all operands must pass through the register file before reach-

ing the TCU, and all results must return to the register file before being stored. This

data movement becomes a significant bottleneck for high-throughput GEMM exe-

cution and motivates the direct shared-memory access and sparse execution mech-

anisms developed in this thesis.

3.8.2 Limitations of the Vortex TCU

Although highly optimized for matrix-multiply-accumulate operations, the Vortex

Tensor Core Unit introduces several important limitations. First, the inner-product

MMA formulation inherently provides limited data reuse for the input operands A

and B. Since the computation is organized around relatively small fragments, each

operand element is reused fewer times compared to architectures that expose larger

output tiles or alternative dataflows. This limitation is further amplified by the fact

that the output tile, namely the C tile, is constrained by the number of registers

that a warp can dedicate to storing partial results. Even in 32-thread configurations,

where the output tile reaches 16×16, the achievable reuse remains limited, reducing

the overall efficiency of the unit.

A second limitation stems from the way data are supplied to the TCU. As de-

scribed above, matrix fragments are first loaded into the register file before they

are consumed by the Tensor Core. This design simplifies the interface between the

warp execution pipeline and the TCU, but it also increases instruction overhead,

register-file pressure, power consumption, and latency. In practice, the warps that

invoke Tensor Core operations must allocate a large portion of their registers to

matrix fragments. As a result, any additional temporary values required by the

surrounding code increase the risk of register spilling, which can further degrade

performance.

Moreover, each mma_op instruction is internally decomposed into multiple

micro-operations. Depending on the configuration, a single instruction may gener-

ate 16 or 32 micro-ops, increasing traffic through the execution pipeline. This not

only raises power consumption, but also introduces additional cycle overhead, lim-

iting the benefit of the specialized hardware when the surrounding pipeline cannot

supply or retire operations efficiently.

Another important constraint is that the three newly introduced Tensor Core

instructions are synchronous. Once a warp invokes one of these instructions, it

cannot proceed with independent work while the operation is being carried out.

This prevents useful overlap between Tensor Core execution and other instructions
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within the same warp, reducing the opportunities for latency hiding and making

performance more dependent on warp-level scheduling.

The load and store instructions also introduce non-negligible overhead. In order

to map matrix tiles to per-thread register fragments, complex indexing operations

must be performed. In many cases, this indexing overhead can become comparable

to, or even larger than, the cost of the actual data movement. Consequently, even

when matrix tiles are preloaded into shared memory, the observed speedup may

remain limited, because each thread still has to compute the precise location of the

data that should be loaded into each register. This behavior contributes to the low

utilization of the TCU observed in further analysis.

Finally, the recent introduction of 2:4 structured sparsity support in the Vor-

tex TCU, closely resembling NVIDIA’s sparsity mechanism, introduces additional

constraints. As discussed earlier, this form of sparsity can only exploit a fixed spar-

sity pattern and therefore cannot take advantage of arbitrary sparse matrices. Fur-

thermore, enforcing the required 2:4 structure may lead to accuracy degradation,

depending on the model and pruning strategy. Thus, while sparse Tensor Core ex-

ecution can theoretically improve throughput, its practical benefits are limited by

both structural restrictions and possible numerical-quality trade-offs.

3.9 OverviewofDSTC:Dual-Side SparseTensorCore
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The sparse Tensor Core mechanism developed in this thesis is inspired by the

Dual-Side Sparse Tensor Core (DSTC) architecture and its extended work, DSTC:
Dual-Side Sparse Tensor Core for DNNs Acceleration onModern GPU Architectures [9].
DSTC targets the acceleration of sparse GEMM and convolution by exploiting spar-

sity in both input operands, instead of only considering sparsity in the weight ma-

trix. This is an important distinction from conventional sparse Tensor Core designs,
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which typically assume one sparse operand and one dense operand. In DNN work-

loads, however, both weights and activations may contain a significant number of

zeros, making dual-side sparsity an important opportunity for further acceleration.

The main idea of DSTC is to combine an outer-product computation primitive

with bitmap-based sparse encoding. Conventional Tensor Cores, including NVIDIA

Tensor Cores and the baseline Vortex TCU, are generally designed around the inner-

product formulation of matrix multiplication. In that case, each output element is

computed as the dot product between one row of matrix A and one column of ma-

trixB. While this approach is efficient for dense GEMM, it becomes more challeng-

ing for dual-side sparse execution, because the hardware must dynamically match

nonzero elements from two sparse vectors before performing the multiplications.

This matching operation, often referred to as sparse inner-join, introduces irregu-

larity and additional hardware overhead.

DSTC avoids this problem by adopting an outer-product formulation. At each

step, the Tensor Core multiplies one column vector of matrix A with the corre-

sponding row vector of matrix B. The result is a partial (M ×N)matrix that must

be accumulated with the current output tile. Repeating this process across the K

dimension produces the final output. As shown in Figure 3.4, the initial C tile is up-

dated by a sequence of partial matrices (D1, D2, D3, . . .), each produced from one

column of A and one row of B.

The FEDP units used in dot-product Tensor Core architectures are replaced by

Fused-Element Outer-Product (FEOP) units, following the outer-product computa-

tion model. Each FEOP unit receives one element from A and n elements from B,

producing (1×n) partial products in a single step. Consequently, an (m×n) output
region can be generated by operatingm FEOP units in parallel, each corresponding

to one selected element of A.

This formulation is particularly suitable for unstructured sparsity. If the se-

lected column of A and row of B contain zeros, the nonzero elements can first be

compacted into shorter dense vectors. The Tensor Core can then perform a dense

outer-product over these compacted vectors, instead of executing multiplications

involving zeros. In other words, the challenge is moved from dynamically matching

nonzero pairs, as in sparse inner-product execution, to computing the cross-product

of the remaining nonzero elements and recovering their original output positions.

Since every nonzero element in the selected column of A must be multiplied with

every nonzero element in the corresponding row of B, the multiplication itself be-

comes regular after compaction.

DSTC represents each sparse input tile using a bitmap and a value array. The

bitmap stores the original sparsity pattern, where a bit value of one denotes a
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nonzero element and a bit value of zero denotes a zero element. The value ar-

ray stores only the nonzero elements. To match the outer-product dataflow, values

of matrix A are arranged in column-major order, while values of matrix B are ar-

ranged in row-major order. This layout allows the hardware to fetch the compacted

column and row vectors required for each outer-product step.

The DSTC algorithm can be described through three main operations. First,

the multiply-value operation computes the outer-product between the compacted

nonzero values of A and B. Second, the input bitmaps are processed to derive the

original coordinates of the generated partial sums. This step is necessary because,

after compaction, the values are dense in the compressed representation but still

correspond to irregular positions in the original output tile. Third, the merge oper-
ation uses the generated addresses to accumulate the partial sums into the correct

entries of the output tile.

The main trade-off of the outer-product approach is related to output accu-

mulation. Outer-product execution increases the reuse of input operands, since

each nonzero element of A is reused across multiple elements of B, and vice versa.

However, the output tile is updated incrementally across many outer-product steps.

Therefore, partial sumsmust be stored and repeatedly updated until allK-dimension

contributions have been processed. To support this efficiently, DSTC introduces an

internal accumulation buffer inside the Tensor Core. This buffer holds the partial

output tile locally, avoiding frequent accesses to the register file or shared memory

during accumulation.

In the design considered in this thesis, the accumulation buffer has the same

logical dimensions as the output tile, namely (32 × 32). Each entry of the buffer

corresponds to one element of the output tile being computed. Since a complete

outer-product step over a (32 × 32) output tile would require 32 × 32(= 1024)

scalar multiplications, the computation cannot be performed in a single cycle with

a realistic number of multipliers. Instead, processing is divided into smaller hard-

ware steps. At each step, a subset of the compacted column ofA and a subset of the

compacted row of B are fed into the outer-product datapath, producing a smaller

block of partial sums. The Tensor Core sweeps across the output tile in both dimen-

sions until the full outer-product contribution has been generated and accumulated.

The performance opportunity of DSTC comes from compacting the nonzero

elements of the selected column of A toward the top and the nonzero elements

of the selected row of B toward the left, as illustrated in Figure 3.5(a). After this

compaction, the useful values are packed into shorter dense vectors, while the zero

elements are effectively removed from the computation stream. As a result, several

outer-product steps may correspond entirely to zero operands and can therefore

be skipped, as shown in Figure 3.5(b). Skipping these zero-only steps reduces not
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only the number of arithmetic operations, but also the amount of data that must be

transported through the Tensor Core datapath.

It is worth noting that, in the sparse representation, matrix tiles are compressed

inmemory before being consumed by the TCU, rather than being compressed online

inside the unit. This preprocessing introduces an additional computational over-

head, since the nonzero values must be compacted and the corresponding bitmap

metadata must be generated. However, once this representation is available, the ex-

ecuting warps transfer fewer values, reducing both memory traffic and register-file

pressure.

To support this mechanism, DSTC stores each sparse operand in compressed

form. Only the nonzero values are kept in the value array, while a bitmap is used as

metadata to record their original positions in the uncompressed tile. This extraction

of zeros reduces the memory footprint of the workload and correspondingly lowers

the number of memory transactions required to fetch the operands. As shown in

Figure 3.5(c), the bitmap uses one bit per matrix element: a bit value of one denotes

that the corresponding element is nonzero and therefore present in the compressed

value array, while a bit value of zero denotes a zero element that has been omit-

ted. This bitmap-based representation is particularly attractive for tile-level spar-

sity because it has relatively low metadata overhead and allows the hardware to

reconstruct the original coordinates of the compressed operands efficiently.

Based on this representation, the original DSTC mechanism supports two ex-

ecution modes. In dense mode, both operands are treated as uncompressed. No

bitmap loading or sparse preprocessing is required, and all outer-product steps are

executed in the conventional manner. In sparse mode, both operands are stored in

compressed form, and the Tensor Core uses the corresponding bitmaps to determine

the true addresses. In this way, the execution can skip zero-only steps and operate



50 Chapter 3. Background

only on the compacted nonzero vectors, while the bitmap metadata preserves the

information needed for correct placement and accumulation of the partial results.

In the DSTC design, the decision to skip sparse outer-product steps is exposed to

the software instruction stream rather than being handled entirely by an internal

hardware controller. A warp-level sparse matrix operation is lowered into a se-

quence of outer-product Tensor Core instructions, referred to as OHMMA instruc-

tions, which act as outer-product counterparts to conventional NVIDIA HMMA in-

structions. Each OHMMA instruction triggers the execution of a step on the TCU.

Sparse acceleration is achieved by conditionally suppressing OHMMA instructions

whose corresponding compacted operand regions contain no useful work. This is

implemented through predication: the bitmaps of Av and Bv are analyzed using

population-count operations, and the resulting predicate values determine which

OHMMA instructions are issued to the Tensor Core and which are bypassed. Con-

sequently, the execution schedule is partlymanaged by software, requiring repeated

instruction-level coordination to drive the sparse computation.
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Figure 3.6: Simplified Tile Index Aligner (TIA) example. The TIA

extracts the addresses of nonzero elements from bitmapmetadata. At

each stage, a shifter handles twice as many elements as the previous

stage; therefore, for 32-bit inputs, one additional layer is required

beyond the ones shown.

After multiplication, the compressed partial sums must be accumulated at their

original locations in the accumulation buffer. This requires translating the com-

pressed output indices back to their coordinates in the dense output tile. To perform

this translation, the design uses the bitmap metadata together with the Tile Index

Aligner (TIA), a simplified example of which is shown in Figure 3.6.
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The TIA is a hardware unit inside the TCU that generates aligned indices for

sparse accumulation by exploiting the shift-invariant structure of the outer-product

sparsity pattern. It receives a 32-bit bitmap and processes it through a hierarchical

sorting network. The bitmap is first divided into eight 4-bit groups, each handled

by a 4-way sorter. Each sorter extracts the set bits and preserves their original

addresses. The following stages progressively merge larger groups, with each stage

processing twice as many bits as the previous one, until the final ordered list of

nonzero addresses is produced. Figure 3.6 illustrates the same process for a 16-bit

bitmap for simplicity.

Once the original addresses have been extracted, they are forwarded to the ac-

cumulation buffer together with the corresponding partial products, allowing the

output tile to be updated at the correct locations. The accumulation process follows

a gather-accumulate-scatter pattern. First, the current values corresponding to the

generated output addresses are gathered from the accumulation buffer. Then, the

newly generated partial sums are added to these values. Finally, the updated results

are scattered back to their original positions. Although the accumulation buffer

contains 32 × 32 entries, at most N new partial sums can be produced per cycle.

Therefore, the buffer is organized into N banks, allowing multiple updates to pro-

ceed in parallel.

To support the irregular access pattern caused by unstructured sparsity, a cross-

bar is placed before the accumulation-buffer banks. The crossbar receives the multi-

plication outputs, i.e., the newly generated partial sums, and routes each one to the

appropriate bank according to the address generated by the TIA. This allows sparse

partial results to be accumulated in their correct dense output positions while still

enabling parallel updates across the banked accumulation buffer.

However, sparse execution introduces irregular output addresses, which can

lead to bank conflicts when multiple partial sums target the same accumulation-

buffer bank in the same cycle, as illustrated in Figure 3.7. These conflicts stall the

TCU pipeline and reduce the effective throughput of the sparse datapath. To miti-

gate this issue, DSTC introduces queues before the crossbar. These queues absorb

short-term imbalances in the generated addresses and smooth the access pattern

before requests are routed to the accumulation-buffer banks.

In this original design, the adders are placed before the crossbar, with one adder

associated with each queue. Each adder combines the generated partial sum with

the previously stored accumulator value, and the updated result is then forwarded

through the crossbar to be written back to the appropriate accumulation-buffer

bank. Once all elements have been processed and the queues have been drained,

the warp flushes the contents of the accumulation buffer into the register file and

commits, completing a full synchronous TCU operation.
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Figure 3.7: Partial sums produced from a single 4 × 4 step. (a) In

dense execution, outputs are naturally distributed across different

banks. (b) In sparse execution, irregular output addresses may cause

multiple partial sums to target the same bank, creating bank conflicts.
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The results reported in the DSTC work indicate that this organization provides

significant speedup opportunities for sparse execution while incurring relatively

low hardware overhead.
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Chapter 4

Implementation Details

4.1 Introduction

This chapter presents the implementation and architectural details of the proposed

Outer-Product Tensor Core Unit (TCU-OP). The design introduces two main hard-

ware modifications for supporting sparse execution. First, it replaces the conven-

tional inner-product datapath with an outer-product organization, implemented

through the FEOP unit described in Section 4.2. Second, it introduces an accumu-

lation buffer, described in Section 4.3, to store and update the partial output tile

generated by the outer-product computation.

The implementation is not limited to the internal arithmetic datapath of the

Tensor Core. To make the new unit useful inside the Vortex GPU, the design also

modifies how Tensor Core operations are issued, tracked, synchronized, and sup-

plied with data.

Figure 4.1 summarizes this integration at the Vortex system level. The TCU-OP

is attached to the core execution path, but it also communicates directly with shared

memory and the asynchronous barrier infrastructure.

Section 4.4 presents the TCU control unit, which orchestrates the execution

flow and coordinates the interaction between the FEOP units and the accumulation

buffer. This unit extends both the DSTC proposal and the baseline Vortex TCU by

enabling direct memory accesses from the Tensor Core. Section 4.5 then discusses

the software kernel implementation used to expose the hardware capabilities and

maximize performance. Finally, Section 4.6 describes the ISA extensions required

to support the new unit, together with the supported input and output data types.

4.2 FEOP Unit Design

The proposed TCU-OP replaces the Fused-Element Dot-Product (FEDP) units of

the baseline inner-product architecture with Fused-Element Outer-Product (FEOP)

units. This change reflects the transition from dot-product execution, where each
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Figure 4.2: Example of FEOP-based outer-product step execution.

The accumulation buffer has dimensions 16 × 16, while each step

computes a 4 × 8 region. Therefore, each set requires eight steps in

total.

unit produces one reduced output element, to outer-product execution, where each

unit generates a vector of partial products.

The computation is organized into sets and steps. A set corresponds to one

selected column ofA and one selected row ofB, whose outer product contributes to

the output tile. Since the full outer product of these vectors is larger than the number

of multipliers available in the hardware, each set is decomposed into multiple steps.

Each step computes a fixed-size sub-region of the output tile and the complete set

is produced by iterating over all required steps.

For a step of size (m × n), the FEOP datapath generates an (m × n) grid of

products:

D[i][j] = A[i]×B[j].

These values are not final output elements. Instead, they are partial products that

must be accumulated with the previous contents of the corresponding positions in

the output tile.

The FEOP datapath is fully parameterizable through the m × n dimensions,

which define the size of each outer-product step. In the example of Figure 4.2, m
is set to 4 and n to 8, meaning that four FEOP units operate in parallel, each pro-

ducing 8 results. Each FEOP receives one element from the selected A block and

multiplies it with n elements from the selected B block, producing one row of the
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step output. Therefore, the FEOP units together generate a m × n region of the

accumulation buffer in one step. The remaining regions of the output tile are cov-

ered by subsequent steps. In this example, the accumulation buffer has dimensions

16×16. Therefore, each set is computed over two horizontal steps and four vertical,

resulting in a total of eight steps per set.

The choice of m and n directly affects both throughput and sparsity granular-

ity. Larger step dimensions increase the amount of work performed per cycle, but

reduce the opportunity to skip smaller sparse regions. For example, increasing m

means that each vertical step covers more elements of the selected A column, mak-

ing the exploitable sparsity granularity for A coarser. Similarly, increasing nmakes

the sparsity granularity for B coarser. If the total number of multipliers is fixed,

increasing one dimension typically requires decreasing the other, creating a trade-

off between the sparsity granularity of the two operands. The parameterized FEOP

design makes this trade-off explicit and enables exploration of different step shapes.

Compared with the DSTC organization [9], our FEOP design removes the adders

shown inside the outer-product units. Since the FEOP does not compute a reduc-

tion, these adders are unnecessary in the multiplication datapath. The FEOP always

produces pure multiplication results, while all accumulation is handled by the ac-

cumulation buffer. This separation also clarifies the handling of the C operand: the

accumulation buffer is initialized with the C tile before partial products are accu-

mulated, so C does not need to be injected into the FEOP datapath.

Finally, the FEOP supports multiple numerical formats, including integer and

floating-point operands at 8, 16, and 32 bits. Additional formats can be supported by

modifying the multiplier path while preserving the same outer-product structure.

Overall, the FEOP provides a simpler and more modular replacement for the FEDP

datapath, better matching the requirements of sparse outer-product execution.

4.3 TCU Accumulation Buffer Design

The accumulation buffer stores and updates the output tile produced by the outer-

product datapath. Unlike an inner-product Tensor Core, where each unit produces

a reduced output element, the FEOP units generate partial products that must be

accumulated across multiple sets. Therefore, the output tile remains locally resident

inside the TCU until all outer-product contributions have been processed.

The buffer is organized as an (M ×N) storage structure, matching the dimen-

sions of the output tile. In each cycle, the TCU core may produce up to (m × n)

partial products, where m and n define the dimensions of one FEOP step. Each in-

coming value is accompanied by an output-tile address and a valid bit. The address
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selects the accumulator entry to be updated, while the valid bit indicates whether

the corresponding value participates in the accumulation.

In dense execution, the access pattern is regular. Each FEOP step updates a fixed

sub-region of the accumulation buffer, and the complete output tile is covered after

STEPS =
M ×N

m× n

steps. The dense address mapping is chosen so that all (m× n) values produced in

the same cycle target different banks, allowing conflict-free parallel accumulation.

To support this parallelism, the accumulation buffer is implemented as a banked

storage structure with (m× n) banks. Each bank stores a subset of the output-tile

entries. In the absence of conflicts, all FEOP outputs generated in one step can

therefore be accumulated in parallel.

Each update follows a gather-accumulate-scatter flow. First, the current value

is read from the target bank. Then, it is added to the generated partial product.

Finally, the updated value is written back to the same accumulator entry. Since each

FEOP output updates an independent position of the output tile, no reduction tree

is required; instead, the design uses one accumulator adder per bank-local update

path.

Sparse execution, however, makes the access pattern irregular. Because the

nonzero elements of the selected A column andB row are compacted before multi-

plication, FEOP outputs no longer map to consecutive positions in the dense output

tile. Their true locations are recovered from bitmap metadata through the Tile In-

dex Aligner. As a result, multiple valid partial products generated in the same cycle

may target the same accumulation-buffer bank. In this case, only one request can

be served immediately, while the remaining requests must wait.

To route partial products to their correct banks, a crossbar is placed between

the FEOP output queues and the accumulation-buffer banks, as shown in Figure 4.3.

Each queue stores a generated partial product together with its output address. The

crossbar uses the target bank implied by the address to forward each request to the

appropriate bank-local accumulation path.

The queues tolerate short-term bank conflicts. Without them, any conflict at the

crossbar would immediately stall the FEOP datapath, since the TCU could not accept

a new batch of partial products. With queues, temporary conflicts are absorbed

locally, allowing computation to continue as long as queue space remains available.

The TCU stalls only when back-pressure propagates because one or more queues

become full. Thus, queue depth creates a direct trade-off between performance and

hardware cost: deeper queues hide more irregularity, but increase area and storage

overhead.



60 Chapter 4. Implementation Details

Queues

OUTPUT 0 BANK 0

BANK 1

BANK 2

BANK 3

ADDRESSES 0

OUTPUT 1

ADDRESSES 1

OUTPUT 2

ADDRESSES 2

OUTPUT 3

ADDRESSES 3

+

+

+

+

CrossbarQueues Accumulator
Banks

Figure 4.3: Organization of the TCU accumulation buffer. FEOP out-

puts and their corresponding addresses are first stored in queues. The
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A key difference from the DSTC-style accumulator organization is the place-

ment of the adders relative to the crossbar. In our design, the crossbar is placed

before the adders, so each adder is associated with a specific accumulation-buffer

bank rather than with a specific FEOP output (figure 4.3). Thus, each incoming

partial product is routed once to the correct bank-local accumulation path. After

the addition, the updated value is written back directly to the same bank without

passing through the crossbar again. This reduces crossbar traffic and simplifies the

write-back path.

The crossbar remains one of themain hardware costs of the accumulation buffer.

While high-level models often treat routing as an abstract operation, the RTL imple-

mentation exposes its hardware complexity. Its area, delay, and wiring complexity

increase rapidly with the number of inputs and outputs. Consequently, the choice of

(m×n), which determines the number of crossbar inputs, is an important microar-

chitectural parameter. Larger steps increase instantaneous compute throughput,

but also require more crossbar connections as well as multipliers, adders, queues

and banks. For this reason, the accumulation-buffer organization must be tuned

together with the FEOP step dimensions.

In this work, the accumulation buffer stores a (32×32) output tile with 32-bit ac-
cumulation entries, resulting in a total capacity of (4 KB). This tile size matches the

original DSTC design since it improves input operand reusewhile keeping the buffer

size practical. Given that the baseline Vortex TCU is substantially memory-bound,

the selected FEOP configuration incorporates 32 multipliers, producing 32 partial

products per cycle, 4 tiles less than the baseline Vortex TCU. This is a necessary

trade-off where we have saved area and power consumption while the throughput

displays a negligible change. Therefore, a complete dense set requires

32× 32

32
= 32

steps. This choice reduces the amount of compute hardware compared to the base-

line 32-thread Vortex TCU, while preserving high performance for the memory-

bound GEMM workloads.

Figure 4.4 illustrates step skipping for Set 1. In this example, the selected row

of B is partitioned into four horizontal regions, so sparsity in B can be exploited at

a granularity of 25%. Similarly, the selected column of A is partitioned into eight

vertical regions, allowing sparsity in A to be exploited at a granularity of 12.5%.

After compaction, only the highlighted region contains useful nonzero work for

this set; therefore, the corresponding steps are executed, while the remaining zero-

only steps are skipped.
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Only the highlighted steps contain useful nonzero work and must be

executed.

4.4 TCU Core Design
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Figure 4.5: High-level computation pipeline of TCU-OP

The TCU core is the central control unit of the proposed outer-product Tensor

Core. It coordinates the execution of the FEOP datapath, manages the movement of

operands, and forwards the generated partial products to the accumulation buffer.

Its main role is to receive tiles ofA,B, C and bitmaps, select the operands required

for the current outer-product step, dispatch them to the FEOP units, and provide

the resulting partial products with their corresponding output addresses. Figure 4.5
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illustrates the high-level computation pipeline of TCU-OP, from bitmap decoding

and FEOP multiplication to crossbar routing and bank-local accumulation.

Before the outer-product computation begins, the TCU initializes the accumula-

tion buffer by loading the output tileC that corresponds to the current computation.

This initialization both overwrites any residual values from a previous TCU invo-

cation and establishes the bias values onto which the FEOP partial products will

be accumulated. Once all entries of C have been loaded into the accumulator, the

TCU proceeds to process the A and B tiles. After all partial products along the K

dimension have been accumulated, the TCU enters a flushing phase, in which the

final output tile is drained from the accumulator and written back to memory.

To control the computation, the TCU core maintains internal counters for the

current set and step. A set corresponds to one column ofA and one row ofB, while

a step corresponds to a sub-region of the outer product produced by that set. These

counters determine which operands are selected from the input buffers and which

region of the output tile is updated at each cycle. The core also handles datapath

backpressure. If the accumulation buffer cannot accept new partial products be-

cause its queues are full, or if the required input operands have not yet arrived, the

TCU core stalls execution until the pipeline can safely proceed.

A Block

1 1 1 1

1 1

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
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A Bitmap

(a) (b)

Figure 4.6: Compressed representation of an A block and its inter-

pretation inside the TCU-OP. (a) Nonzero values are stored contigu-

ously inmemory, accompanied by bitmapmetadata that records their

original positions. (b) The TCU-OP uses the bitmap to recover the

logical column positions of the compressed values before dispatch-

ing them to the FEOP units.

For sparse execution, the TCU core supports the compressed sparse representa-

tion introduced by DSTC [9], where both input operands are stored as compacted
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nonzero values together with bitmap metadata. The bitmap records the original po-

sitions of the nonzero elements, allowing the hardware to recover their dense coor-

dinates after compression. Figure 4.6(a) shows an example of how the compressed

values of an A block and the corresponding bitmap are stored in memory. The

nonzero values are packed contiguously, while the bitmap preserves the original

locations of these values inside the dense tile. Figure 4.6(b) shows how the TCU-OP

interprets the same data when feeding the FEOP units: the compacted values are

expanded logically into their original column positions.

The core includes two Tile Index Aligner (TIA) modules, one for operand A and

one for operandB, following the principle introduced in DSTC. Each TIA processes

bitmap metadata and produces the dense positions of the compacted nonzero ele-

ments. The TIA associated with A generates row indices for the produced partial

products, while the TIA associated with B generates the corresponding column in-

dices. These indices are forwarded to the accumulation buffer together with the

FEOP partial products, allowing each value to update the correct location in the

output tile.
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Figure 4.7: Operation of the Tile Index Aligner (TIA). In the simpli-

fied 8-bit example shown here, two sorter stages are sufficient; for the

actual 32-bit inputs used in the design, two additional shifter stages

are required.

In our design, the TIA is also used to derive the number of effective computation

steps that must be executed. This allows step selection to be controlled inside the

hardware, instead of relying on continuous software-level instruction predication

as in the original DSTC design. As illustrated in Figure 4.7, each 4-way sorter iden-

tifies the set bits within a 4-element bitmap segment and preserves their original

positions. The following shifter stages merge the compacted outputs of previous

stages, while the corresponding population counts are accumulated. The final out-

put therefore provides both the ordered nonzero positions and the total number of

nonzero elements.

Using the number of nonzero elements detected in the selected A column and

B row, the TCU core determines which outer-product steps contain useful work
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and which can be skipped. This is the main source of sparse compute acceleration:

after compaction, steps that contain only zero operands are not issued to the FEOP

units. Since the sparsity pattern is unstructured, the number of valid operands may

vary across sets and steps. The core therefore updates the A- and B-side offsets

dynamically, selecting the next compacted operands that must be processed. Once

the FEOP units generate their partial products, the TCU core forwards them to the

accumulation buffer together with the dense output addresses produced by the TIA

modules.

Additional Uncompressed × Compressed sparse execution mode

In addition to the uncompressed× uncompressed (dense× dense) and compressed

× compressed (sparse × sparse) modes, the proposed design introduces a third ex-

ecution mode: uncompressed × compressed. This mode targets the common DNN

scenario in whichB represents static weights that can be compressed offline, while

A represents activations that may exhibit sparsity but are costly to preprocess in

software due to their dynamic nature. In this mode, B is fetched from memory in

compressed form alongside its bitmap metadata, while A is supplied uncompressed

and compressed on the fly inside the TCU. This eliminates software preprocessing

overhead for activations while still enabling the hardware to exploit runtime spar-

sity in A.

Overall, the TCU supports three execution modes. In uncompressed × uncom-

pressed mode, both operands are treated as dense and no sparse preprocessing is

required. In uncompressed × compressed mode, only B is stored in compressed

form, while A is compressed online within the TCU. In compressed × compressed

mode, both operands are provided pre-compressed, maximizing reductions in mem-

ory traffic and computational skipping at the cost of offline software preprocess-

ing. Together, these modes expose the trade-off between preprocessing overhead,

memory-bandwidth reduction, and computation skipping across a range of spar-

sity scenarios. In the evaluation, we directly quantify the speedup attributable to

reduced memory traffic when moving from an uncompressed to a compressed rep-

resentation of A.

Memory-Bound Behavior and Direct Memory Access

The baseline Vortex TCU follows a synchronous executionmodel inwhich all operands

are staged through the register file. As discussed in Chapter 3, each thread com-

putes the addresses of its assigned matrix fragments, loads the correspondingA, B,

and C elements into registers, issues the MMA instruction, and receives the output

fragments back into the register file. This register-file-based dataflow introduces
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significant overhead. Operand loading is serialized through per-thread register ac-

cesses, and each participating thread must reserve a large number of registers to

hold its matrix fragments — 24 registers per thread in this case — both of which

degrade performance. Furthermore, the result tile must be written back to mem-

ory even when it will be reused in a subsequent iteration along the K dimension,

introducing unnecessary memory traffic.

This design also limits the output tile size. For a 32-thread warp, the baseline

TCU computes a 16× 16 FP32 output tile, since the tile dimensions are constrained

by the number of registers available to the warp. This reduces input reuse com-

pared to larger tiles. In addition, each high-level MMA instruction is expanded into

multiple micro-operations; in the 32-thread configuration, one MMA instruction

generates 32 micro-operations. These micro-operations increase pipeline traffic,

occupy issue bandwidth, and contribute to power consumption [4, 5, 32, 33, 34]. As

a result, the baseline TCU execution is dominated by operand movement and in-

dexing calculations rather than arithmetic throughput, with measured Tensor Core

utilization below 5%. Under these conditions, adding sparse computation support

alone would provide limited benefit, since the primary bottleneck is data delivery

rather than the Tensor Core datapath.

To address this limitation, the proposed TCU-OP is directly connected to the

memory system and primarily consumes operands from sharedmemory. The design

follows the direction of recent GPU architectures, where Tensor Core execution is

increasingly decoupled from explicit register-file operand staging [35, 14, 27, 23].

In our implementation, the A, B, C and bitmap data are first transferred to shared

memory by DXA, the DMA-likemechanism of Vortex. Consequently, threads are no

longer required to compute fine-grained element addresses and fill many registers

before invoking the Tensor Core. Instead, the TCU reads contiguousmemory blocks

directly from shared memory, manages operand movement internally, and executes

asynchronously, decoupling the threads and the RF from the operand delivery.

Internally, the TCU can request and receive one memory block per cycle. Sep-

arate input buffers are used for A, B, and bitmap data, with two slots per buffer

to support internal double buffering between shared-memory responses and FEOP

consumption. This organization hides shared-memory response latency as long as

the next required block is available before the current one is consumed. Memory

requests are issued by a cyclic arbiter. The arbiter first prioritizes the C blocks re-

quired for accumulation-buffer initialization and then requests A, B, and bitmap

blocks in the sparse case, whenever the corresponding buffer has free space.

This buffering policy is particularly important for unstructured sparsity. Since

the sparsity levels of A and B may differ significantly, the consumption rates of

their compressed values and metadata are not necessarily balanced. For example,
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one operand may be highly sparse while the other remains nearly dense. Therefore,

each streammust be requested independently according to tensor core consumption

rate, rather than assuming a fixed access pattern. Internal counters track the num-

ber of requested, received, and consumed blocks for each stream, ensuring correct

progress through the output tile.

When aC block arrives, it is written directly into the accumulation buffer, elim-

inating the need for a separate C-operand storage buffer. During computation, A,

B, and optionally bitmap blocks are retained only while they are needed by the TCU

core. After all sets of the current invocation have been processed, the accumulation

buffer is flushed according to the destination address provided by the instruction.

The result tile may bewritten either to sharedmemory or directly to global memory.

Writing to sharedmemory enables faster on-chip reuse, while direct global-memory

write-back avoids an additional shared-memory-to-global-memory transfer when

the result is final.

Barrier Handling

Since TCU-OP executes asynchronously, the warp that issues the operation is not

required to wait until the Tensor Core completes. This enables the warp, as well

as other warps, to continue executing independent instructions while the TCU pro-

cesses the output tile. However, asynchronous execution also introduces ordering

hazards. A dependent warp may read the output tile before the TCU has written the

final values, causing a read-after-write hazard, or another operation may overwrite

a memory region that is still being updated, causing a write-after-write hazard.

To ensure correctness, the TCU-OP is integrated with the transactional barrier

mechanism of Vortex. The kernel allocates a barrier object and passes its identi-

fier as part of the TCU instruction. When the instruction is issued, the TCU regis-

ters a pending transaction with the corresponding barrier, indicating that an asyn-

chronous operation is in progress. After the computation has completed and the

result tile has been written back, the TCU releases the transaction through a dedi-

cated connection to the barrier interface.

This mechanism follows an arrive-and-wait synchronization model. Warps may

continue executing independent work after launching the TCU operation and syn-

chronize only when they explicitly wait on the associated barrier. Therefore, the

barrier preserves the required ordering between asynchronous TCU execution and

dependent memory operations, without forcing the entire kernel to stall while the

Tensor Core is active.

The overall organization of the proposed Tensor Core, together with its connec-

tions to the rest of the GPU, is shown in Figure 4.8.
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Figure 4.8: Overview of the proposed TCU-OP architecture and its

connections to the GPUmemory system. The core control logic man-

ages step and set execution, the request and response units orches-

trate shared-memory accesses for A, B, bitmap, and C blocks, and

the FEOP feeder dispatches operands to the FEOP units. Partial prod-

ucts are accumulated in the accumulation buffer, while final results

are flushed back to memory during commit.

4.5 Kernel Design

The proposed architecture is designed as a HW / SW co-design. Although the TCU-

OP provides the hardware mechanisms required for direct memory access, asyn-

chronous execution, and sparse outer-product computation, these benefits can only

be fully exploited by an appropriately structured kernel. An inefficient software

schedule would expose memory latency, increase synchronization overhead, and

reduce the effective utilization of the Tensor Core.

The optimized kernel uses shared-memory double buffering to overlap three

phases of execution: metadata generation in software, DMA-based data movement,

and asynchronous TCU computation [25, 36]. As shown in Figure 4.9, the kernel

prepares the metadata required for the DMA and TCU invocations while data move-

ment and Tensor Core execution proceed concurrently. When the TCU processes

tiles stored in one half of shared memory, DMA transfers the next set of tiles into

the other half. This ping-pong organization allows the TCU to continue execution

with minimal interruption, provided that data movement remains sufficiently over-

lapped with computation.

This execution flow can be orchestrated by a single warp, which computes the

required metadata and launches the asynchronous DMA and TCU operations. The

remaining warps are then free to execute independent work. Moreover, because
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Figure 4.9: Kernel execution pipeline using shared-memory double

buffering. Kernel-side metadata generation, DMA data transfers, and

asynchronous TCU execution are overlapped.

Algorithm 1 Double-buffered TCU-OP kernel execution

1: Allocate two shared-memory buffers: buf[0] and buf[1]
2: Create DMA barriers: dma_barrier[0] and dma_barrier[1]
3: Create TCU barriers: tcu_barrier[0] and tcu_barrier[1]
4: curr_stage← 0

5: next_stage← 0

6: procedure LaunchPendingMMA()

7: Wait on tcu_barrier[curr_stage]
8: Wait on dma_barrier[next_stage]
9: Issue TCU_OP using the metadata prepared for next_stage
10: curr_stage← next_stage
11: next_stage← next_stage ⊕ 1

12: end procedure

13: for m = 0 toMtiles − 1 do
14: for n = 0 to Ntiles − 1 do
15: for k = 0 to Ktiles − 1 do
16: if ¬ first_iter then

17: LaunchPendingMMA()

18: end if

19: Issue DMA requests for buf[next_stage]
20: Calculate and store TCU_OP metadata for next_stage
21: end for

22: end for

23: end for

// Launch the final pending TCU operation
24: LaunchPendingMMA()

25: Wait on tcu_barrier[curr_stage]
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operands are no longer staged through the register file, the register footprint of

the Tensor Core invocation is significantly reduced. This avoids filling the register

file with matrix fragments and reduces the risk of register spilling or additional

register-file pressure. Algorithm 1 gives a high-level pseudo-code description of

the double-buffered kernel execution.

The kernel organization also changes how accumulation along theK dimension

is handled. Instead of repeatedly initializing and flushing the same output tile for

everyK-tile, TCU-OP keeps the output tile resident inside the accumulation buffer

until the full K matrix dimension has been processed. The kernel traverses the M

and N output tiles in the outer loops, while the K dimension is processed in the

inner. As a result, initialization and flushing are performed only once per output

tile, whereas the amount of computation scales with K . This amortizes the fixed

overheads of accumulation-buffer initialization and write-back.

Decoupling the Tensor Core fromwarp register capacity also enables larger out-

put tiles. In this work, TCU-OP computes 32 × 32 output tiles, improving input

reuse compared to the smaller tiles supported by the register-file-based baseline.

Each loaded element of A contributes to more columns of B, and vice versa. Fig-

ure 4.10 illustrates this effect. With a smaller accumulator, the same input tiles must

be fetched multiple times to compute the output matrix. With a larger accumulator,

the computation can be reshaped so that the same tiles are fetched once and reused

for a larger number of multiplications.
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Figure 4.10: Effect of accumulation-buffer size on input reuse. (a)

With a small accumulator, the output matrix must be computed using

smaller tiles, causing input tiles to be fetched twice. (b) With a larger

accumulator, the tile shape can be expanded so that each fetched in-

put tile is reused across a larger output region, being fetched only

once and doubling reuse.
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4.6 Datatype Support and ISA Extension

The TCU-OP design is parameterizable with respect to input and output datatypes.

The same outer-product structure can therefore support different numerical formats

by modifying the multiplier, accumulator, and datapath widths, without changing

the execution model of the unit. In this work, the implemented design supports

FP8, FP16, FP32, and INT8 input operands, while the accumulation and output paths

support FP32 and INT32 results. This allows the architecture to target both floating-

point and integer GEMM workloads using the same sparse execution mechanism.

To expose the new hardware functionality to software, the ISA is extended with

a new instruction that initiates an outer-product MMA operation [26]. This in-

struction provides all information required by the TCU-OP to locate the operands,

select the execution mode, configure the datatype, and synchronize asynchronous

execution.

The instruction contains the following fields:

• Base addresses of the A, B, C , andD matrix tiles, corresponding to the oper-

ation

D = A×B + C.

• Base addresses of the A and B bitmap metadata, used in the sparse execution

modes.

• Asynchronous barrier identifier, used to notify completion of the TCU oper-

ation.

• Sparsity mode, selecting among the 3 supported execution modes.

• Input and output datatype fields, according to the supported numerical for-

mats.

• K-dimension size for the current TCU invocation.

• Initialization and flush flags. The initialization flag indicates that the accumu-

lation buffer must be initialized with the C tile, while the flush flag indicates

that the final accumulated result must be written back to memory.

Through this instruction, software can launch a complete TCU-OP operation

with minimal instruction overhead. The hardware then performs operand fetching,

sparse step scheduling, accumulation, and optional result flushing according to the

provided configuration.

Overall, this chapter presented the complete hardware and software interface of

the proposed TCU-OP design. The architecture replaces the baseline inner-product
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datapathwith an outer-product executionmodel, introduces an accumulation buffer

to retain partial output tiles, supports bitmap-based sparse execution through hardware-

controlled step skipping, and enables direct memory access to reduce register-file

pressure and data-movement overheads. Together with the optimized kernel struc-

ture and the ISA extension described above, these mechanisms form a complete

HW/SW co-designed system for dense and sparse GEMM execution. The following

chapter evaluates the performance, utilization, and hardware cost of this design and

quantifies the benefits of each architectural choice.
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Chapter 5

Microarchitecture Optimizations

and Right Sizing

5.1 Introduction

The proposed TCU-OP architecture is highly parameterizable, allowing the hard-

ware configuration to be tuned according to the target workload and implementa-

tion constraints. Parameters such as the FEOP step dimensions, the number of par-

allel partial products, the accumulation-buffer organization, and the queue depth di-

rectly affect performance, area, power consumption, and timing complexity. There-

fore, selecting these parameters requires balancing compute throughput against the

hardware cost of the supporting structures.

This chapter examines the main microarchitectural parameters of the design

and evaluates their impact on execution time and hardware efficiency. The goal is

to identify a configuration that preserves most of the available performance ben-

efit while avoiding unnecessary area and power overhead. The resulting choices

are then used as the default configuration for the experimental evaluation in the

following chapter.

5.2 Step Size Exploration

In the proposed design, the step size is denoted as m × n and corresponds to the

region of the accumulation buffer that can be updated in one cycle. Equivalently,

it determines the number of partial products generated by the FEOP datapath per

cycle. This parameter directly affects the peak compute throughput of the TCU-OP,

but it also determines the size of several supporting structures, including the num-

ber of multipliers, adders, queues, accumulation-buffer banks, and crossbar ports.

The baseline Vortex TCU, in the 32-thread configuration, contains 128 multipli-

ers and the corresponding reduction hardware, allowing it to produce 128 results

per cycle. However, as shown in the evaluation, the baseline design is heavily un-

derutilized because GEMM execution is dominated by data movement rather than
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computation. Therefore, preserving the same amount of compute hardware would

provide limited benefit while significantly increasing the area and power cost of the

proposed sparse datapath.

For this reason, the TCU-OP is right-sized to produce 32 partial products per

cycle, corresponding to

m× n = 32.

This reduces the multiplier count to one fourth of the 32-thread Vortex TCU base-

line. Since the evaluated workloads are primarily memory-bound, this reduction

has negligible impact on performance, while it substantially decreases the number

of multipliers, adders, queues, banks, and associated control logic.

This choice is particularly important for the crossbar. The crossbar must route

FEOP outputs to accumulation-buffer banks, and its cost grows rapidly with the

number of inputs and outputs. A 128-input crossbar would introduce significant

area, wiring, and timing overhead, making the design considerably more expensive.

By limiting the number of parallel FEOP outputs to 32, the proposed design uses a

crossbar size comparable to existing crossbar structures in Vortex, making the unit

more practical to synthesize and integrate. Thus, the selected step size provides a

balanced trade-off between compute throughput and hardware cost.

5.3 Step Dimension Exploration

After fixing the total step size to m × n = 32, we further explore the shape of

each step. The possible factorizations are 1 × 32, 2 × 16, 4 × 8, 8 × 4, 16 × 2, and

32 × 1. The last three configurations are symmetric to the first three with respect

to the two operands, while the 1 × 32 configuration provides no useful sparsity

granularity along the B dimension. Therefore, the main candidates considered are

2× 16 and 4× 8.

Let the accumulation buffer have dimensionsM ×N . For a step of sizem× n,

the number of vertical steps isM/m, while the number of horizontal steps is N/n.

These quantities directly determine the sparsity granularity that can be exploited

from the two operands. Horizontal steps correspond to the selected row ofB, while

vertical steps correspond to the selected column of A. For example, if only two

horizontal steps are available by design, the exploitable sparsity levels for a row of

B are 0%, 50%, and 100%. Thus, a rowwith 80% sparsity can only be rounded down

to the previous exploitable level, namely 50%, allowing only half of the horizontal

steps to be skipped. If four horizontal steps are available, the exploitable levels

become 0%, 25%, 50%, 75%, and 100%, allowing the same row to skip 3/4 of the

horizontal steps.
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These sparsity benefits are not determined only by the global sparsity of the

matrix. Since the sparsity pattern is unstructured, individual rows or columns may

exhibit higher local sparsity than the average matrix sparsity. For instance, even

if the overall sparsity of B is 30%, some 32-element rows may still exceed 50%

sparsity and therefore allow step skipping in the 2× 16 configuration. This makes

the proposedmechanism fine-grained, since it does not require a structured sparsity

pattern across the whole matrix.

From a sparsity-granularity perspective, the 4× 8 configuration appears attrac-

tive because it provides a more balanced partitioning between the A and B dimen-

sions. However, two additional factors must be considered. First, the accumulation-

buffer banks are organized so that all elements of a dense stepmap to different banks

and can be written in parallel. If a row of the accumulation buffer spans multiple

horizontal steps, flushing the row requires multiple turns. Consequently, the 4× 8

configuration incurs twice the flushing overhead of the 2 × 16 configuration, be-

cause it uses twice as many horizontal steps.

Second, the step dimensions directly affect crossbar stalls caused by bank con-

flicts. For a step of size m × n, the bank assigned to an output element at dense

coordinates (r, c) is computed as

bank(r, c) = (r mod m) · n+ (c mod n).

LetR and C denote the number of distinct row and column residue classes touched

by a sparse step, respectively. For example, in a 4× 8 configuration, if the selected

dense rows are 3, 7, 11, and 12, their residues modulo 4 are 3, 3, 3, and 0. Therefore,

the distinct row residue classes are {0, 3}, andR = 2. Themaximumpossible values

of R and C arem and n, respectively.

Because each sparse step performs the cross product of selected rows and columns,

every row residue class is paired with every column residue class. Thus, the number

of unique banks touched by the step is

unique_banks = R · C.

For a 32-element step, the expected number of bank conflicts is therefore

E[conflicts] = 32− E[unique_banks]

= 32− E[R] · E[C].

assuming that the row and column residue distributions are independent under un-

structured sparsity.
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For random sparse indices selected from a 32-element vector, the expected num-

ber of occupied residue classes when choosing k indices across d residue classes is

E[occupied(d, k)] = d

(
1−

(
32−32/d

k

)(
32
k

) )
,

where

(
n
k

)
denotes the binomial coefficient.

For the 2× 16 configuration, the expected number of occupied row and column

residue classes is

E[R] = 2

(
1−

(
16
2

)(
32
2

)) = 1.516,

and

E[C] = 16

(
1−

(
30
16

)(
32
16

)) = 12.129.

Thus, the expected number of bank conflicts is

E[conflicts] = 32− 1.516 · 12.129 ≈ 13.6.

For the 4× 8 configuration, the corresponding values are

E[R] = 4

(
1−

(
24
4

)(
32
4

)) = 2.818,

and

E[C] = 8

(
1−

(
28
8

)(
32
8

)) = 5.636.

Therefore,

E[conflicts] = 32− 2.818 · 5.636 ≈ 16.1.

This analysis shows that the 4 × 8 configuration introduces approximately 2.5

additional bank conflicts per sparse step compared to the 2× 16 configuration. Al-

though the queues before the crossbar are designed to absorb short-term imbalance,

this difference still affects the effective throughput of the sparse datapath and is re-

flected in the experimental results.

To determine the most suitable step dimensions experimentally, we measure

both total kernel cycles and crossbar stall percentage for the 2 × 16 and 4 × 8

configurations. The benchmark performs an M × N × K = 64 × 64 × 512 FP8

GEMM, using a queue depth ofQ = 4. We evaluate four sparsity scenarios, denoted

as A/B sparsity. The crossbar stall percentage is defined as the fraction of active

TCU cycles in which execution is stalled because the accumulation-buffer banks
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Figure 5.1: Effect of FEOP step dimensions on kernel cycles and

crossbar stalls for a 64 × 64 × 512 FP8 GEMM with queue depth

Q = 4. The 2× 16 configuration consistently achieves lower execu-

tion time than 4 × 8, mainly due to fewer crossbar stalls and lower

flushing overhead.

cannot accept the generated partial products. The results are shown in Figure 5.1.

In the dense case, corresponding to 0%/0% sparsity, both configurations incur

no crossbar stalls, as the dense access pattern maps the generated outputs to distinct

banks. Nevertheless, the 4 × 8 configuration requires slightly more cycles than

2 × 16. This difference is mainly attributed to the higher flushing overhead, since

4×8 uses twice as many horizontal steps and therefore requires more turns to write

back each accumulator row.

As sparsity increases, the 2× 16 configuration consistently outperforms 4× 8.

The difference is primarily caused by crossbar stalls. At 20%/20% sparsity, the

4×8 configuration already exhibits a significantly higher stall percentage, while the
stalls increase evenmore at 50%/50%. This behavior agreeswith the previous bank-

conflict analysis: sparse compaction makes output addresses irregular, and the 4×8
step shape produces more bank conflicts on average. At very high sparsity, such

as 90%/90%, the stall percentage decreases for both configurations because fewer

valid partial products are generated, allowing the queues to absorb most conflicts

before back-pressure reaches the FEOP datapath.

Based on these results, the 2 × 16 configuration is selected for the remainder
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of the evaluation. It provides lower execution time across all examined sparsity

scenarios, reduces crossbar pressure, and avoids the additional flushing overhead

of the 4× 8 configuration.

5.4 Queue Depth Exploration
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Figure 5.2: Effect of crossbar queue depth on stall percentage for a

64× 64× 512 FP8 GEMM.

The previous analysis showed that crossbar stalls have a significant impact on

the performance of the TCU-OP. For this reason, the queues placed before the cross-

bar are critical for absorbing short-term irregularities in the sparse access pattern.

Deeper queues can tolerate more bank conflicts before backpressure reaches the

FEOP datapath, but they also increase area and power consumption. Therefore, the

queue depth must be selected carefully.

To evaluate this trade-off, we measure the crossbar stall percentage for queue

depths from 1 to 8, considering both candidate step dimensions, 2 × 16 and 4 × 8.

The benchmark performs anM×N×K = 64×64×512 FP8 GEMM and evaluates

representative sparsity scenarios. The results are shown in Figure 5.2.

As expected, increasing the queue depth consistently reduces crossbar stalls.

The effect is more pronounced at smaller depths, where the queues have limited

ability to absorb bursts of conflicting accesses. As the depth increases, the marginal

benefit decreases, indicating that most short-term conflicts have already been hid-

den. Across all evaluated queue depths and sparsity scenarios, the 2× 16 step con-

figuration exhibits lower stall percentages than the 4× 8 configuration, confirming

the trend observed in the step-dimension analysis.

Based on these results, the remaining evaluation uses a queue depth of 4. This

value providesmost of the stall reduction achieved by deeper queues, while avoiding

the additional storage, area, and power overhead of larger queue configurations.
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Chapter 6

Experimental Evaluation

6.1 Introduction

In this chapter, we evaluate the runtime performance of TCU-OP against the base-

line Vortex TCU implementations for both dense and sparse workloads. The pro-

posed design is implemented at the RTL level within the VortexGPU, enabling cycle-

accurate performance measurements. This implementation-level evaluation also

exposes low-level microarchitectural effects, such as buffering behavior, pipeline

stalls, and memory-system interactions, which are often hidden in higher-level sim-

ulation models.

The evaluation covers a range of hardware and software parameters in order to

assess the effectiveness of the proposed HW/SW co-design. All experiments mea-

sure end-to-end kernel execution, including total cycles, instruction count, hard-

ware activity, and any initialization or finalization overheads. Unless otherwise

stated, experiments use a 32-thread warp configuration with two warps per sched-

uler, closely matching the execution model of modern GPU Tensor Core program-

ming. We evaluate a single GPU core, since each contains one Tensor Core, which

allows us to isolate the behavior of the unit under test.

Although TCU-OP supports asynchronous execution and allows warps to per-

form independent work while the Tensor Core is active, this potential overlap is not

included in the current measurements. The reported results therefore focus on the

direct impact of the proposed datapath, memory interface, sparse execution mech-

anism, and kernel organization. Quantifying the additional benefit of overlapping

independent warp execution with asynchronous TCU operations is left for future

work.

6.2 Benchmarks and Baselines

The evaluation uses GEMM as the main workload, since matrix multiplication is the

dominant computational kernel inmanymachine-learning and artificial-intelligence
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applications. We consider the operation

D = A×B + C,

where A has dimensions M × K , B has dimensions K × N , and C and D have

dimensions M × N . Throughout the evaluation, this workload is denoted as an

M ×N ×K matrix multiplication.

To evaluate performance and hardware overhead, we compare the proposed

implementation against two Vortex TCU baselines. The first baseline is SGEMM,
which corresponds to the dense Vortex Tensor Core implementation described in

the background chapter. This kernel does not support sparsity and follows the base-

line register-file-based dataflow: operands are loaded into the register file, the Ten-

sor Core consumes register-resident fragments, and the results are written back

through the register file before being stored to global memory.

The second baseline is SGEMM_SP, the Vortex implementation of a 2:4 struc-

tured sparsity mechanism similar to the one used in NVIDIA Sparse Tensor Cores.

This kernel uses a dense A matrix and a sparse B matrix following the 2:4 pattern,

together with the required metadata. Since exactly half of the B operands are re-

moved in each group of four values, the theoretical maximum speedup over dense

SGEMM is 2×, assuming all other overheads are hidden.

The proposed kernel, denoted as SGEMM_OP, uses the TCU-OP unit introduced
in this thesis. It is evaluated with both dense and sparse inputs and compared

against the two baselines in terms of runtime performance, instruction behavior,

hardware activity, and implementation overhead. This allows us to isolate the bene-

fits of the outer-product datapath, direct memory access, accumulation-buffer reuse,

and dual-side sparse execution.

6.3 Useful Metrics

To evaluate the proposed design across different parameters and runtime condi-

tions, we collect several metrics that capture performance, memory behavior, hard-

ware activity, and implementation cost.

The primary performance metric is the total number of kernel cycles, measured

from the first instruction of the kernel to its completion. This provides an end-to-

end view of each approach, including initialization, synchronization, computation,

and finalization overheads. As a result, the reported cycle counts reflect the actual

cost of executing the complete kernel rather than only the isolated Tensor Core

operation.

We also measure the total number of executed kernel instructions. This metric

indicates how much pressure each approach places on the scheduler, scoreboard,
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and GPU pipeline. A lower instruction count generally suggests reduced frontend

activity, lower control overhead, and greater opportunity for warps to execute in-

dependent work while asynchronous mechanisms are active.

Memory traffic is another importantmetric, since globalmemory is shared across

cores and can become a major system bottleneck. Therefore, we measure the total

number of global-memory read and write requests. For SGEMM_OP, we also re-

port DMA transactions separately, since DMA is the primary mechanism used to

move operands from global memory to shared memory before they are consumed

by TCU-OP.

To quantify how effectively the Tensor Core hardware is used, we measure Ten-

sor Core multiplier utilization. This metric is defined as the percentage of total

kernel cycles during which the multipliers produce valid outputs. Higher utiliza-

tion indicates that a larger fraction of execution time is spent performing useful

arithmetic work, rather than waiting for memory, synchronization, or pipeline re-

sources.

6.4 Performance Comparison
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Figure 6.1: Kernel execution cycles for SGEMM, SGEMM_SP, and
SGEMM_OP across FP8, FP16, and FP32 input datatypes. The evalu-

ated GEMM size isM ×N ×K = 128× 128× 512.

We first evaluate the runtime performance of the proposed SGEMM_OP kernel

against the dense SGEMM baseline and the structured-sparse SGEMM_SP baseline.

For SGEMM_OP, we consider four unstructured sparsity scenarios, denoted asA/B
sparsity: 0%/0%, 20%/20%, 50%/50%, and 90%/90%. In contrast, SGEMM_SP
exploits structured 2:4 sparsity only on theB operand, corresponding to a fixed 50%

weight sparsity pattern. Therefore, while SGEMM_SP can theoretically approach

a 2× speedup over dense execution, it relies on a constrained sparsity pattern that
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Figure 6.2: Kernel execution cycles of SGEMM_OP across input

datatypes and unstructured A/B sparsity levels. The isolated view

highlights the performance gains obtained from sparse step skipping

in the proposed TCU-OP design.

may require accuracy-sensitive pruning. The sparsity evaluated for SGEMM_OP is

unstructured and randomly distributed, without imposing such a pattern constraint

or accuracy loss.

The evaluated GEMM size is

M ×N ×K = 128× 128× 512.

This workload size is large enough to capture the steady-state behavior of the ker-

nel, while keeping RTL simulation time manageable. Figure 6.1 reports the total

kernel cycles for FP8, FP16, and FP32 input datatypes across all evaluated kernels.

Figure 6.2 isolates the SGEMM_OP results, making the effect of sparsity on the pro-

posed design clearer.

The results show that SGEMM_OP outperforms both Vortex baselines across all

evaluated datatypes. The SGEMM_SP baseline achieves speedups of 1.12×, 1.37×,
and 1.84× for FP32, FP16, and FP8, respectively, approaching the theoretical 2×
limit only for the smallest datatype. Even in the dense case, where no sparse steps

can be skipped, SGEMM_OP achieves speedups of 4.46×, 5.72×, and 5.13× over

dense SGEMM for FP32, FP16, and FP8, respectively. Compared to SGEMM_SP, the
dense SGEMM_OP kernel is still faster by 3.98×, 4.18×, and 2.79×, respectively.

As sparsity increases, the performance of SGEMM_OP improves further because

fewer outer-product steps are executed and less sparse data is transported through

the datapath. At 50%/50% sparsity, the speedup over dense SGEMM reaches 6.36×
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for FP32, 9.85× for FP16, and 10.21× for FP8. At 90%/90% sparsity, the gains

increase to 13.72×, 19.67×, and 25.95×, respectively. Relative to the structured-

sparse SGEMM_SP baseline, the 90%/90% SGEMM_OP case achieves speedups of

approximately 12.25× for FP32, 14.36× for FP16, and 14.10× for FP8.

The isolated SGEMM_OP results further show the scaling effect of unstructured

sparsity. Compared to its own dense execution, SGEMM_OP improves by 1.14×,
1.99×, and 5.06× for FP8 at 20%, 50%, and 90% sparsity, respectively. The corre-

sponding gains are 1.12×, 1.72×, and 3.44× for FP16, and 1.04×, 1.43×, and 3.08×
for FP32.

The results also highlight the effect of datatype width. FP8 achieves the low-

est execution time, followed by FP16 and then FP32. This behavior is expected,

since narrower datatypes allow more values to be transferred per memory block

and reduce the effective memory traffic for the same matrix dimensions. Conse-

quently, the advantage of the proposed memory-oriented TCU-OP design is most

pronounced for low-precision GEMM workloads, which are common in modern

inference-oriented machine-learning applications.

6.5 Total InstructionCount and Front-EndPressure
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Figure 6.3: Total kernel instruction count for SGEMM, SGEMM_SP,
and SGEMM_OP across input datatypes and sparsity modes.

SGEMM_OP substantially reduces instruction count by replacing ex-

plicit register-file staging with asynchronous DMA and TCU execu-

tion.

The second metric we evaluate is the total number of kernel instructions exe-

cuted from invocation to completion. Figure 6.3 reports the instruction count across

all kernels, while Figure 6.4 isolates the behavior of SGEMM_OP across different

sparsity levels.
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Figure 6.4: Instruction count of SGEMM_OP across input datatypes

and sparsity levels. Sparse execution introduces a small fixed over-

head due to bitmap address generation and additional DMA launches.

Across all benchmarks, the instruction count increases with datatype width.

This trend is expected, since wider datatypes require more memory operations to

move the same matrix dimensions, increasing the number of address-generation

and data-movement instructions.

The proposed SGEMM_OP kernel executes significantly fewer instructions than

both Vortex baselines. In the baseline implementations, operands are explicitly

loaded through the register file, requiring pointer arithmetic, per-thread loads, and

register staging for matrix fragments. In addition, each Tensor Core instruction

is decomposed into multiple micro-operations, increasing pressure on the sched-

uler, scoreboard, and pipeline. In contrast, SGEMM_OP performs data movement

and Tensor Core execution asynchronously. Each TCU invocation receives com-

pact metadata through a single instruction, while the hardware internally performs

operand fetching, scheduling, and accumulation. As a result, across the evaluated

sparsity cases and datatypes, SGEMM_OP reduces the instruction count by more

than an order of magnitude compared to both baselines.

Figure 6.4 shows that sparse execution introduces a nearly constant instruc-

tion overhead compared to dense SGEMM_OP. This overhead is expected, since

the sparse kernel must compute bitmap source addresses in both global and shared

memory and issue additional DMA transfers for the A and B bitmap metadata. Im-

portantly, this overhead does not scale significantly with the sparsity level itself;

the 20%, 50%, and 90% sparse cases have identical instruction counts. Therefore,

the sparse performance gains observed earlier come primarily from hardware step

skipping and reduced useful work inside the TCU, rather than from changes in the

software instruction stream.
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6.6 Memory Accesses
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Figure 6.6: Off-chip memory requests of SGEMM_OP across input

datatypes and unstructured sparsity levels. Higher sparsity reduces

the number of transferred nonzero operand values, despite the addi-

tional bitmap traffic.

This section evaluates the memory-access behavior of the proposed design. Fig-

ures 6.5 and 6.6 report the total number of requests issued to off-chip DRAM mem-

ory, where the input operands are initially stored. Each bar is divided into read and

write requests, allowing the contribution of operand loading and result write-back

to be examined separately.

As expected, wider input datatypes require more memory requests for the same

matrix dimensions, since fewer values fit in each memory line. For example, with a

64-byte memory line, a single access can transfer 64 FP8 values, but only 16 FP32
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values. Therefore, FP32 kernels generate more memory traffic than FP16 and FP8

kernels.

The proposed SGEMM_OP kernel substantially reduces off-chip memory traffic

compared to both Vortex baselines. This reduction comes from two main sources.

First, the larger output tile enabled by the accumulation buffer increases reuse of the

A and B operands, reducing the number of times they must be fetched from mem-

ory. Second, the proposed kernel relies on contiguous DMA transfers to shared

memory, whereas the baseline implementations perform per-lane fragment loads

and stores through the register file. In the baseline dataflow, values must be loaded

in a layout that matches the exact register-level fragmentation required by the Ten-

sor Core instruction. As a result, many memory lines are fetched even when only

part of each line is useful. In contrast, SGEMM_OP transfers contiguous operand

blocks, maximizing the efficiency of memory-line utilization.

This reduction inDRAM traffic is important because off-chipmemory is a shared

resource across GPU cores. Excessive memory traffic from one core can reduce

the bandwidth available to other cores, even if they execute different workloads.

Therefore, reducing memory requests improves not only the local efficiency of the

Tensor Core kernel, but also the potential system-level behavior of the GPU.

Figure 6.6 focuses only on SGEMM_OP and shows how memory traffic changes

with sparsity. For a fixed datatype, memory requests generally decrease as sparsity

increases. Although the sparse kernel must also load bitmap metadata, the operand

values are stored and transferred in compressed form, so only nonzero values are

moved to shared memory. Consequently, higher sparsity reduces the total number

of transferred operand values and lowers off-chip traffic.

The previous figures capture requests to off-chip memory. However, the Vortex

memory hierarchy also includes several cache levels before external DRAM:

• an L1 instruction cache and L1 data cache at the socket level,

• an optional L2 cache shared within a cluster,

• an optional L3 cache shared across clusters,

• external memory.

To further analyze the memory behavior, Figures 6.7 and 6.8 report L1 data-

cache activity. Each bar is divided into hits, read misses, and write misses.

The D-cache results show a different trend from the off-chip memory requests.

WhileSGEMM_OP significantly reduces DRAM traffic, its D-cache accesses are pro-

portionally even smaller compared to the baselines. This is expected because the

proposed kernel elevates the role of the DMAmechanism, which transfers operands

directly to shared memory instead of relying on regular cacheable load instructions.
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As a result, operand movement does not pollute the L1 data cache or evict poten-

tially useful data.

Figure 6.8 further shows that for SGEMM_OP D-cache activity remains nearly

constant across sparsity levels. This is because all sparsity-dependent operandmove-

ment is handled by DMA transactions. The remaining D-cache accesses mainly

correspond to kernel bookkeeping, metadata generation, stack accesses, and other

control-related operations, which do not change significantly with the sparsity ra-

tio.

6.7 Tensor Core Multiplier Utilization

The final metric used to compare the proposed design with the Vortex baselines is

Tensor Core multiplier utilization, as defined in Section 6.3. This metric measures

the fraction of kernel cycles in which the Tensor Core multipliers produce valid

outputs. It therefore provides insight into how often the arithmetic datapath is

active and howmuch execution time is lost to memory movement, synchronization,

pipeline stalls, or other overheads.
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Figure 6.9: Tensor Core multiplier utilization across input datatypes

and evaluated kernels. The baseline Vortex implementations exhibit

very low utilization, while SGEMM_OP substantially improves mul-

tiplier activity by reducing operand-staging overhead and feeding the

Tensor Core more efficiently.

Figure 6.9 shows the utilization of all evaluated kernels. The first two groups

correspond to the Vortex dense and structured-sparse baselines, while the remain-

ing groups correspond to SGEMM_OP under different sparsity levels.

The Vortex baselines are severely underutilized. Across the evaluated datatypes,

dense SGEMM reaches a maximum utilization of only 3.28%, while SGEMM_SP
reaches 3.68%. These values confirm that the baseline execution is dominated by
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data movement and instruction overhead rather than by Tensor Core arithmetic. In

contrast, SGEMM_OP reaches up to 95.32% utilization in the dense FP8 case, indi-

cating that the proposed memory interface, accumulation-buffer reuse, and reduced

register-file dependence allow the Tensor Core to operate close to its peak activity.

A key contributor to this high utilization is the double-buffered kernel schedule de-

scribed in Section 4.5, which overlaps DMA transfers, metadata preparation, and

asynchronous TCU execution.

As sparsity increases, the utilization of SGEMM_OP decreases. This does not

indicate that sparse execution is ineffective; rather, it reflects the fact that the Ten-

sor Core finishes its useful arithmetic work faster. At high sparsity, many zero-only

outer-product steps are skipped, reducing the number of cycles in which multipli-

ers are active. Consequently, fixed kernel overheads, such as metadata generation

and synchronization, become more visible and are no longer fully hidden by asyn-

chronous TCU execution.

A second reason for the utilization decrease is that computation and data move-

ment scale differently with sparsity. On average, the amount of useful outer-product

computation scales with the product of the two input densities, while the amount

of operand data that must be transferred scales closer to the average density of the

two inputs. For example, if both A and B are 50% sparse, only 50%× 50% = 25%

of the dense outer-product work remains, corresponding to an ideal 4× reduction

in computation. In contrast, the values transferred for each operand are reduced

by roughly 2×, and the actual data-movement reduction is smaller because bitmap

metadata must also be loaded. Therefore, at high sparsity, the Tensor Core arith-

metic may shrink faster than the operand-fetching cost, causing the execution to

become memory-bound again and reducing multiplier utilization.

Finally, utilization decreases for wider datatypes. FP32 requires more memory

transfers than FP16 or FP8 for the same number of matrix elements, because fewer

values fit in each memory block. This increases operand-fetching time and makes

the kernel more memory-bound. The utilization trend therefore reinforces the main

motivation of the proposed design: reducing data movement is essential for main-

taining high Tensor Core activity.

6.8 DMA Transactions

After comparing the proposed design against the Vortex baselines, we further ana-

lyze TCU-OP-specific behavior. One important metric is the number of DMA trans-

actions, since DMA is the mechanism used by SGEMM_OP to transfer operands

from global memory to shared memory. Figure 6.10 reports the total number of
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Figure 6.10: DMA transactions from global memory to shared mem-

ory for different sparsity modes. The dense case loads uncompressed

operands, the compressed–compressed mode loads compressed A
andB values togetherwith bitmapmetadata, and the uncompressed–

compressed mode loads uncompressed A values together with com-

pressed B values and bitmap metadata.

DXA transactions from global memory to shared memory across different sparsity

modes.

It is important to note that DMA is used only for loading theA,B, andC matrix

tiles, together with bitmap metadata when required. The final result tile is not writ-

ten back through DMA. Instead, the TCU writes the contents of the accumulation

buffer directly to the destination memory address specified by the instruction.

The shaded bars represent the theoretical minimum number of transactions for

each configuration, taking into account the compressed operand values and the

additional bitmap traffic in sparse modes. The measured results closely follow these

theoretical values. This is mainly because the DMA transfers are contiguous and

aligned, allowing the memory system to utilize each transaction efficiently.

The dense case requires the largest number of DMA transactions, since both

operands are transferred in uncompressed form. As sparsity increases in the compressed–

compressed mode, both A and B contain fewer stored values, so the number of

DMA transactions decreases. At 90%/90% sparsity, the transaction count drops

from 2048 in the dense case to 512, which corresponds to only 25% of the dense

traffic, or a 75% reduction.

The last three bars correspond to the uncompressed–compressed mode intro-

duced in this work. In this mode, B is stored and transferred in compressed form

together with its bitmap, whileA is transferred uncompressed. Therefore, the DMA

traffic is lower than in the fully dense case, because the sparse B operand benefits

from compression, but higher than in the compressed–compressed mode, because
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zero values of A are still transferred. This mode provides a middle point between

the fully uncompressed and fully compressed approaches: it captures part of the

memory-traffic benefit of sparsity without requiring software preprocessing for the

dynamic A operand.

Overall, the results confirm that the proposed memory interface can closely ap-

proach the minimum expected number of DMA transactions for each represen-

tation. They also illustrate the trade-off between preprocessing complexity and

memory-traffic reduction across the supported sparsity modes.

6.9 K-Dimension Size Sensitivity
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Figure 6.11: TCUmultiplier utilization as a function of theK dimen-

sion for the 2× 16 and 4× 8 FEOP step configurations. The number

of output tiles is kept constant, so increasing K amortizes the fixed

per-output-tile overheads.

Many Tensor Core designs are sensitive to the size of theK dimension, because

each output tile incurs fixed overheads for initialization, synchronization, and final

write-back. These costs are amortized more effectively when the K dimension is

sufficiently large, since more computation is performed for the same output tile.

Figure 6.11 shows the Tensor Core utilization in dense workloads as the K di-

mension varies. In this experiment, the number of output tiles is kept constant at

four, while only K is swept. Therefore, the amount of per-output-tile overhead

remains constant, while the computational work increases withK .

For the selected 2 × 16 step configuration, utilization is already 81.2% at K =

128. As K increases, utilization improves further and reaches a plateau of approx-

imately 93% for K ≥ 512. This trend confirms that the fixed overheads of kernel
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code, accumulation-buffer initialization, synchronization, and flushing are increas-

ingly amortized as the inner dimension grows.

The utilization eventually saturates instead of reaching 100%. This is mainly

due to software-side synchronization and barrier handling, which introduce a fixed

overhead per Tensor Core invocation. Since this overhead is associated with each

invocation rather than each output tile, it limits the maximum attainable utilization

even for larger K values.

The 4 × 8 configuration follows the same increasing trend, but remains con-

sistently below the 2 × 16 configuration. This agrees with the previous analysis:

although both step shapes benefit from larger K , the 4 × 8 configuration suffers

from higher crossbar pressure and flushing overhead, leading to lower effective uti-

lization.

The 4 × 8 configuration follows the same increasing trend, but remains con-

sistently below the 2 × 16 configuration. This agrees with the previous analysis:

although both step shapes benefit from larger K and in the dense case there are

no crossbar stalls, the 4× 8 configuration suffers from a higher flushing overhead,

leading to lower effective utilization.

6.10 Performance Gains Across Various Sparsities

The final and most important evaluation metric of the proposed sparsity design is

its end-to-end performance gain under sparse inputs relative to dense execution.

6.10.1 Compressed–Compressed Mode

We first examine the performance of the fully compressed mode, in which both A

and B are stored in compressed form and are accompanied by their corresponding

bitmapmetadata. Although this mode represents themost aggressive form of sparse

optimization, it typically requires software-side preprocessing of both operands.

The preprocessing cost is not included in the present evaluation and is left as future

work.

Figure 6.12 shows the total kernel cycles relative to dense execution, across a

two-dimensional sparsity sweep. The horizontal axis corresponds to increasing

sparsity in A, while each individual curve corresponds to a different sparsity level

in B. Together, these curves form a grid of sparsity combinations, extending up to

99%/99%.

The figure provides clear insight into the behavior of the proposed mechanism.

Performance improves substantially as the sparsity of both operands increases, es-

pecially up to approximately 70% − 80% sparsity. In this region, the workload

remains primarily compute-bound, so the reduction in useful outer-product steps
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Figure 6.12: End-to-end kernel cycles for the compressed–

compressed sparsity mode across different A and B sparsity levels.

Both operands are stored in compressed form and accompanied by

bitmap metadata.

translates directly into lower execution time. Beyond this point, however, the rate

of improvement diminishes. As the sparsity increases further, the kernel gradually

becomes memory-bound, because the reduction in computation scales faster than

the reduction in data movement. Even in this regime, performance continues to im-

prove, since compressed operands still reduce the number of memory transactions,

but the gains are less dramatic than in the compute-bound region.

For a high but realistic sparsity point of 90%/90%, the measured speedup is

4.58×. At the more extreme 99%/99% point, the speedup reaches 5.38×.

6.10.2 Uncompressed–Compressed Mode

The proposed design also supports the more practical uncompressed–compressed

mode, in which only B is stored in compressed form, while A remains uncom-

pressed. This mode targets the common neural-network scenario where B corre-

sponds to static weights, while A corresponds to dynamic activations whose com-

pression in software may be costly or impractical.

Figure 6.13 evaluates this mode across the same sparsity sweep. The solid curves

correspond to the compressed–compressed results discussed previously, while the

dotted curves correspond to the uncompressed–compressed case.

As expected, the uncompressed–compressedmode closely follows the compressed–

compressed mode for A sparsities up to approximately 60% to 70%. In this re-

gion, the workload is still compute-bound, and therefore the benefit of compress-

ing A is relatively small. Once the sparsity of A exceeds this range, however, the
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two modes begin to diverge. At that point, the workload becomes increasingly

memory-bound, and the compressed–compressed mode benefits from lower mem-

ory traffic because only the nonzero values of A are transferred. In contrast, the

uncompressed–compressed mode continues to fetch the full A tile, including zeros,

and therefore its performance tends to plateau.

Even so, this plateau still corresponds to a meaningful speedup over dense exe-

cution, reaching 3.20× at 90%/90% sparsity and 3.39× at 99%/99% sparsity. This

result shows that the uncompressed–compressed mode provides a promising mid-

dle ground: it captures a substantial fraction of the sparsity benefit while avoiding

the preprocessing overhead and software complexity associated with compressing

the dynamic A operand.
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Chapter 7

Related Work

7.1 Introduction

This chapter positions the proposed TCU-OP architecturewith respect to priorwork

on GPU Tensor Cores, sparse matrix multiplication, and hardware support for deep-

learning acceleration. The discussion focuses on the design choices most closely

related to this thesis: matrix-multiply datapaths, structured and unstructured spar-

sity, RTL implementation, operand delivery mechanisms, and sparse accumulation

support. Prior GPU Tensor Core work established the importance of specialized

matrix units for dense and mixed-precision GEMM [1, 2, 3], while later architec-

tures added structured sparsity and more advanced data-movement support [7, 14,

27]. The DSTC mechanism [8, 9] has already been analyzed throughout the thesis

as the main architectural inspiration for the proposed sparse execution model. At

the end of the chapter, a summary table compares TCU-OP with the most relevant

related designs and highlights the key differences of this work.

7.2 VEGETA

VEGETA proposes ISA and microarchitectural extensions for accelerating sparse-

dense GEMM tile operations on CPUs [21]. It extends a CPU matrix engine with

new tile instructions, metadata registers, and systolic-array modifications to sup-

port several (N:M) structured sparsity formats, including 1:4, 2:4, 4:4, and row-wise

N :4 sparsity. Therefore, VEGETA provides sparsity support, but for one sparse

operand and within predefined structured sparsity modes. Although it evaluates

transformed unstructured sparse layers, the computation is ultimately mapped to

structured formats rather than executed as native unstructured sparsity.

TCU-OP targets a different setting. VEGETA is designed for CPUs, while TCU-

OP is implemented as an RTL Tensor Core extension inside a GPU. Unlike VEGETA,

TCU-OP supports dual-side sparsity and natively exploits bitmap-encoded unstruc-

tured sparsity without converting the input to anN :M format. In addition, TCU-OP
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addresses GPU-specific bottlenecks through direct shared-memory access, register-

file bypass, asynchronous execution, and an on-TCU accumulation buffer. Thus,

while VEGETA provides structured sparse acceleration for CPU matrix engines,

TCU-OP targets synthesizable GPU Tensor Core execution with dual-side unstruc-

tured sparsity and reduced operand-delivery overhead.

7.3 Vortex Structured 2:4 Sparse Tensor Core

Another closely related baseline is the Vortex implementation of structured 2:4

sparse Tensor Core execution, following the sparsity model popularized by NVIDIA

Ampere Tensor Cores [7, 6]. Vortex itself provides an open RISC-VGPGPU substrate

for this kind of architectural experimentation [19]. In this format, exactly two out of

every four contiguous elements along the reduction dimension are nonzero. This

provides sparsity support with low hardware overhead, since the sparse operand

can be compressed by 2× and decoded using lightweight metadata-controlled se-

lection logic.

Compared with TCU-OP, this approach is efficient but more restrictive. It sup-

ports sparsity only in one operand, does not target arbitrary unstructured spar-

sity, and keeps the baseline register-file-based Tensor Core dataflow without direct

shared-memory operand access or register-file bypass. In contrast, TCU-OP sup-

ports dual-side bitmap-encoded unstructured sparsity, uses an on-TCU accumula-

tion buffer, and directly fetches operands from sharedmemory. Thus, while the Vor-

tex 2:4 Tensor Core is a synthesizable and low-overhead structured-sparse baseline,

TCU-OP targets a more general sparse GEMM setting with broader sparsity support

and reduced operand-delivery overhead.

7.4 CooperativeWarpExecution inTensorCore for

RISC-V GPGPU

Cooperative Warp Execution also studies Tensor Core integration in the Vortex

RISC-V GPGPU [22]. It identifies register-file bandwidth, warp scheduling, depen-

dency stalls, and pipeline overheads as important limits to Tensor Core utilization.

To address them, it introduces a cooperative execution model where multiple warps

operate on the same GEMM tile, partition the K dimension, and share an internal

Tensor Core tile buffer. This provides a synthesizable Vortex-based design that im-

proves dense GEMM utilization by reducing redundant register-file accesses and

amortizing accumulation storage.
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TCU-OP addresses a complementary problem. Cooperative Warp Execution

does not target sparse GEMM and therefore does not support structured or unstruc-

tured sparsity, dual-side sparsity, bitmap decoding, nonzero compaction, or sparse

step skipping. It also remains focused on improving the existing dense Tensor Core

execution model, whereas TCU-OP introduces an outer-product datapath, an on-

TCU accumulation buffer, direct shared-memory operand access, and register-file

bypass. As a result, TCU-OP reduces both data movement and arithmetic work by

exploiting bitmap-encoded unstructured sparsity in one or both operands.

7.5 Virgo

Virgo is closely related to this thesis because it also identifies the tight coupling

between matrix units and SIMT cores as a major limitation [23]. It proposes a

cluster-level matrix unit that is physically disaggregated from the SIMT cores, al-

lowing operands and accumulators to bypass the register file and instead use shared

memory, DMA transfers, and a dedicated accumulator memory. Therefore, Virgo

provides direct shared-memory access, register-file bypass, and on-accelerator ac-

cumulation in a synthesizable GPU design, improving operation granularity, re-

ducing instruction-processing overhead, and increasing energy efficiency for dense

GEMM workloads.

TCU-OP shares the goal of reducing register-file pressure and decoupling ma-

trix execution from the standard warp datapath, but targets sparse GEMM rather

than dense GEMM scalability. While Virgo uses a systolic-array-based matrix unit

and does not provide sparsity support, TCU-OP introduces an outer-product FEOP

datapath and sparsity support to exploit dual-side unstructured sparsity. Therefore,

Virgo is complementary to this work: it demonstrates the benefits of matrix-unit

disaggregation, whereas TCU-OP addresses the additional challenges of sparse Ten-

sor Core execution in RTL.

Table 7.1 summarizes the key differences between TCU-OP and the related de-

signs discussed above.

Table 7.1: Comparison of our workwith related Tensor Core designs.

Design Sparsity Dual-Side Unstructured Direct SMEM On-TCU Register-File Synthesizable

Support Sparsity Sparsity Access Accumulator Bypass Design

VEGETA [21] ✓ × × × × × ×
CWE in TC [22] × × × × ✓ × ✓

Virgo [23] × × × ✓ ✓ ✓ ✓

Vortex baseline TC [19, 7] ✓ × × × × × ✓

DSTC [8, 9] ✓ ✓ ✓ × ✓ × ×
TCU-OP (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

This thesis presented TCU-OP, an outer-product Tensor Core architecture for dense

and sparse GEMM execution, implemented at the RTL level inside the Vortex RISC-

V GPGPU. The motivation behind this work was the observation that high Tensor

Core peak throughput alone is not sufficient for efficient matrix multiplication. In

the baseline Vortex Tensor Core, execution is largely limited by data movement,

register-file pressure, instruction overhead, andmemory-system bottlenecks. These

limitations become even more important for sparse workloads, where computation

skipping is only useful if the hardware can also deliver operands and accumulate

results efficiently.

The proposed design replaces the baseline inner-product datapathwith an outer-

product execution model. In this formulation, a column of A and a row of B gener-

ate partial products that update the output tile. This structure is well suited to un-

structured sparsity, because nonzero values from both operands can be compacted

into shorter dense vectors, while zero-only steps can be skipped. To support this

execution model, TCU-OP introduces a parameterized FEOP datapath, a banked ac-

cumulation buffer, bitmap-based metadata processing, Tile Index Aligners, sparse

step scheduling in hardware, and queues with a crossbar for sparse accumulation.

A central contribution of the work is the decoupling of Tensor Core execution

from the register-file-based baseline dataflow. Instead of requiring each warp to

load matrix fragments into registers before issuing a synchronous MMA instruc-

tion, TCU-OP reads operands directly from shared memory and executes asyn-

chronously. Operand tiles and bitmap metadata are transferred to shared memory

using DMA, while the kernel overlaps metadata generation, DMA transfers, and

Tensor Core computation through double buffering. This reduces register-file pres-

sure, lowers instruction overhead, and allows the accumulation buffer to retain the

output tile across the K dimension.

The architecture supports three executionmodes. The uncompressed–uncompressed

mode provides dense execution, the compressed–compressedmodemaximizes sparse
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acceleration by using compressed operands and bitmap metadata for both A and

B, and the uncompressed–compressed mode targets the practical case where B is

statically compressed while A remains uncompressed and is handled dynamically

inside the TCU. These modes expose a trade-off between preprocessing overhead,

memory-traffic reduction, and sparse computation skipping.

The microarchitectural exploration showed that careful right sizing is essential.

Since the baseline Tensor Core is heavily underutilized, TCU-OP reduces the parallel

step size tom×n = 32, lowering the cost of multipliers, adders, queues, banks, and

crossbar without significantly affecting performance. The explored configurations

showed that the 2 × 16 step shape and a queue depth of 4 provide a good balance

between sparsity granularity, crossbar stalls, flushing overhead, and hardware cost.

The experimental evaluation demonstrated that TCU-OP improves both dense

and sparse GEMM execution compared to the Vortex baselines. Even in dense

mode, the proposed memory interface and accumulation-buffer reuse reduce exe-

cution time by 5× compared to the baseline. Under sparse inputs, the compressed–

compressedmode reaches up to 27× speedup, while the uncompressed–compressed

mode provides a lighter-weight alternativewith 17×maximum speedupwithout re-

quiring software compression of the dynamic A operand. The design also reduces

the total instruction count by 29.3×, lowers memory traffic by 30.2×, and increases
Tensor Core multiplier utilization from below 4% in the baseline to up to 95.3% in

the proposed design.

Overall, this work shows that effective sparse Tensor Core acceleration requires

more than simply skipping zero multiplications. The full dataflow must be re-

designed to reduce operand movement, avoid unnecessary register-file traffic, man-

age sparse accumulation, and expose enough parallelism to keep the hardware ac-

tive. TCU-OP combines these elements into a complete HW/SW co-designed sys-

tem, demonstrating that dual-side unstructured sparse GEMM can be supported in

an RTL GPU Tensor Core with significant performance and efficiency benefits.

8.2 Future Work

Although TCU-OP demonstrates significant benefits for dense and sparse GEMM

execution, several directions remain open for future work.

A first direction is the evaluation of preprocessing overheads for compressed

operands. In this thesis, compressed matrices are assumed to be already available

in memory, and the cost of generating the compacted values and bitmap metadata

is not included in the main performance results. This is a reasonable assumption

for static weights, which can be compressed offline, but not always for activations,
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whose values change dynamically at runtime. Future work could extend the soft-

ware stack with optimized compression kernels and evaluate the full end-to-end

cost of sparse execution, including compression, metadata generation, Tensor Core

execution, and decompression or write-back when required.

A second direction is the exploration of alternative sparse encodings. This work

uses bitmap encoding because it provides simple metadata access, low decoding

complexity, and good efficiency for the sparsity levels targeted by DNN workloads.

However, other formats such as COO, CSR, or hybrid bitmap–CSR encodings may

become more efficient at extremely high sparsity levels or for irregular HPC matri-

ces. Supporting multiple encodings could allow the hardware or compiler to select

the most appropriate representation depending on the sparsity distribution, matrix

size, and target workload.

Another important direction is the optimization of the sparse accumulation net-

work. The current design uses queues and a crossbar to route sparse partial products

to the correct accumulation-buffer banks. While this approach is flexible and sup-

ports arbitrary unstructured sparsity, the crossbar remains one of the most expen-

sive and timing-sensitive components of the datapath. Future designs could explore

lower-cost routing networks, hierarchical crossbars, conflict-aware scheduling, or

alternative bank mappings that reduce contention.

Another promising extension is to evaluate TCU-OP on larger and more real-

istic workloads beyond standalone GEMM. Many modern neural-network kernels,

such as attention, fused MLP layers, and convolution lowered to GEMM, combine

matrix multiplication with additional operations such as normalization, activation

functions, and softmax. Since TCU-OP executes asynchronously and leaves the is-

suing warp free to perform independent work, future kernels could overlap Tensor

Core execution with these surrounding operations. This would quantify the addi-

tional benefit of asynchronous execution that was not fully captured in the current

evaluation.

Finally, further physical-design exploration would help refine the area, power,

and timing trade-offs of the architecture. Although this thesis evaluates the RTL

implementation and identifies the main hardware costs, future work could explore

more aggressive clock targets, alternative SRAM implementations for the accumu-

lation buffer, clock gating, power gating, and layout-aware crossbar optimization.

Such analysis would provide a clearer view of the feasibility of scaling TCU-OP to

larger tile sizes, wider datapaths, or multiple Tensor Core instances per GPU.
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Appendix A

Source Code

A.1 Source code repository

The source code of Vortex TCU_OP can be found at:

https://github.com/GiorgosTriantafyllou324/vortex/tree/tcu-op-thesis.

https://github.com/GiorgosTriantafyllou324/vortex/tree/tcu-op-thesis
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