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Al Hardware Platforms: Model Scaling Law B

Number of parameters of frontier Al models

2.4x/year

om gg;saﬁonal throughput of ML hardware
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» Modern ML platforms provide massively parallel
computing capabilities through system scaling

NVIDIA Blackwelll" AMD INSTINCT MI355X12
16,869 Scalar Cores + 528 Tensor Cores 16,384 Scalar Cores + 1024 Tensor Cores

Massively Parallel Architectures

Cerebras WSE-3[3! Google TPU Ironwood™“!
900,000 Scalar Cores Scale out to 9,216 chips

[1] T. Ajay, et al. "Nvidia blackwell platform: Advancing generative ai and accelerated computing." HCS ‘24.

[2] S. Alan, et al. "AMD InstinctTM MI300 series modular chiplet package-HPC and Al accelerator for exa-class systems." 1SSCC ‘24.

[3]1. Lie, Sean. "Cerebras architecture deep dive: First look inside the hw/sw co-design for deep learning: Cerebras systems." HCS ‘22.

[4] ). Norman, et al. "Ironwood: Delivering Best in Class perf, perf/TCO and perf/Watt for Reasoning Model Training and Serving." HCS ‘25.



Energy efficiency (FLOP/s per watt - log scale)

Al Hardware Platforms: Rising Energy Cost

> Driven by reducing data movement, computing |

Power requirements of leading Al supercomputers

Power capacity
1GW Leading Al supercomputers by
computational performance
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Calculated power
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Energy Efficiency of leading ML hardware

NVIDIA H100 SXMS5 BOGB
Google TPU v5e

NVIDIA B200

Google TPU va
NVIDIA A100
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NVIDIA Tesla V100 SXM2 32 GB Google TPU v3

NVIDIA P10D NVIDIA GB200 NVL2

1008
Google TPU v2

4 1.3x/year

® Leading hardware
Nen-leading hardware
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Publication date

O
specialization, and exploiting numerical co-design

NVIDIA Blackwell
FP4/FP8 Tensor Cores

d-Matrix Corsair
NPU-style CIM

Algorithm
Innovation

Tenstorrent
Dataflow-awq

Hardware
Specialization

[1] BVasiljevic, Jasmina, and Davor Capalija. "Blackhole & tt-metalium: The standalone ai computer and its
programming model." HCS ‘24. 3



A Fast-Evolving Model Zoo: Model Compression Techniques

* Compression trades dense, regular computation Sparse access granularity and target set footprint
for sparse, irregular data access

* Static sparsity (fixed offline): pruning, low-rank,
vector quantization
* SparseGPT, Wanda, AQLM, VPTQ
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* Compression trades dense, regular computation Sparse access granularity and target set footprint
for sparse, irregular data access

* Static sparsity (fixed offline): pruning, low-rank,
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A Fast-Evolving Model Zoo: Model Compression Techniques

* Compression trades dense, regular computation Sparse access granularity and target set footprint
for sparse, irregular data access
* Static sparsity (fixed offline): pruning, low-rank,
vector quantization
* SparseGPT, Wanda, AQLM, VPTQ

* Contextual sparsity (per token): activation
sparsity, dynamic depth, MoE

Focus of this work

* Deja Vu, Powerlnfer, Mixture-of-Depths, Mixtral,
DeepSeek-MoE

* Sequence sparsity (per query): sparse attention, L -
KV-cache compression e - - -
* StreaminglLLM, H20, Quest, NSA, MoBA, KIVI, ,/ /l
SnapKV W, s

ETH:zuUrich = toeaesises 6



Sparse Tensor Contraction: Prefill & Decode

* Same computational graph, two regimes.
* Prefill:

* Feed a matrix of T tokens at once
* Linear and attention layers are GEMM-orientated
* Weights are reused T times = compute-bound
* Decode:
* One token per step
*  GEMM collapses to GEMV

*  Weight and KV byte is read once per token
— memory-bound

A

> Add & Norm
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; f Linear © Linear - Linear
O wQ (HxExP) WK (HXExP) WV (HxExP)
+ % A J

Prefill: T tokens / Decode: 1 token + KV Cache

Efficient sparse tensor contraction
is required at both matrix-matrix and matrix-vector granularities

'y .
Tt ALMA MATER STUDIORUM
ZurIC Al UNIVERSITA DI BOLOGNA




GPU Sparsity Support: From NVIDIA Ampere to Rubin

L2 Cache

Ampere (NV A100)

108 SMs per GPU

4x 3t gen tensor cores (312 TOPS’),
2:4 structured, static
FP16/BF16/INT8 (2:4), INT4 (4:8)

s ] ~
B ALMA MATER STUDIORUM
zZuric |4 5 UNIVERSITA DI BOLOGNA

Blackwell (NV GB200)

144 SMs per GPU

4x 5% gen tensor cores (1248 TOPS’),
2:4 structured, static
+ NVFP4 / FP8 / FP6

L2 Cache

Rubin (NV VR200)

224 SMs per GPU

4x 5t gen tensor cores (35/50 POPS ™)
+ 3rd-gen Transformer Engine
2:4 compressed, adaptive;
+ runtime zero-skipping

*: with FP16 precision; **: with NVFP4 8



Compute Engine Considerations

Native HW Acceleration for Model Compression
» ML models are updated on a weekly basis

* Model sparsification and quantization promise substantial efficiency gains

* Rapid evolution demands that hardware can adapt fast
P P Research trends:

A a R LR L L
NVIDIA Sparse Tensor Core MicroScopiQ!! I :
Support mapping 2:4 structured sparsity format WS systolic array for outlier-aware quantization : Bulky Accelerators I
I

——— I ST re !

A E | Format I’Ig.lfjlty., Loyv |.reusab|I|ty, !

§ | 0 , Underutilization in inference I

| | |

| e o o o o o o o o e e e e e e e e e e e e e e 2

|m— === mmm e e mmmmmmmmmmm— -

FPGA, CGRA-based Designs

|
i :
I Offer programmability but at the cost of i
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On Xy[2] R e e e
Programmable accelerator for sparse tensor algebra
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® |\ 32KB SRAM | Pl - l & Routing VR mode: | quantization. 25. ) )

3 H plipllpllm] Tracks :ma?fo;xxzmo I [2] K. Kalhan, et al. "Onyx: A 12nm 756 GOPS/W coarse-grained reconfigurable array for accelerating
/" 32KB SRAM | =l . =Sl granuiarity <rows ____ | d ications." ‘

ense and sparse applications." VLSI ‘24.

[3] K. Jahyun, et al. "OPAL: Outlier-Preserved Microscaling Quantization Accelerator for Generative Lage
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Vector Processor as the Compute Engine

* Vector engine L W P, e B ...,
2|0]1]3 of2fofajof1] |2]a]1][135 &'

* Computation speedup on vectorizable operations " w |Afofofsl2lo| J1f3f2] )5,

. . . o|3|1(o]1]o] |3]1]1] [N,

- improved energy efficiency w.r.t scalar cores olo|o 1317 jolsfs| €

* Compatible with vector-level operations and multi- AC“E’%“"“ WF\;\?)’“ C°'“'P5;:V%;"éi'9"‘f
granularity sparsity (structured and indexed)

: Scatter with [13J5
) . Iteration n=0
* Gustavson’s Algorithm e  ——
2| x[2]a]1] ——— =[oJ4Jo]8]o]2
* Natural execution model for exploiting both .
. . e . . : Iteration n=1 Gather with [1]2J4
adaptive activation and static weight sparsity o]l - skip
* Vectorized sparse tensor contraction through Woralin gy | Scatter with [1]2}4
° ° ° Y _ ¥ ¥
metadata-driven indexed accumulation 1] x [8]1]1] + [a]o]o O
‘ Maintained
Iterations... n=N-1 Accumulation States

. * o e " TER ST n
ETHzirich (5 saeamssmsis 10



Index-driven Accumulation // pointers, settings
fple_t  *p_w, *p_a, *p_oY\J
uint8_t *p_idx, idx_buf[];

With Conventional RISC-V Vector ISA

Scalar PE VPE gHptages; offw, off_a,
__GPR Il  VRF vsetvli(P_tile, SEW, LMUL);
£
o
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Index-driven Accumulation // pointers, settings ok
fp16_t *p_w , *p_a , *p_o .
uint8_t *p_idx, idx_buf[];

With Conventional RISC-V Vector ISA

Scalar PE VPE upptdes. off_w, off_a,
__GPR Il  VRF | vsetvli(P_tile, SEW, LMUL);
£
o

// Software decode
Loop p:

det <P 8 (51)

Explicit index translation
ETHziirich @ s



Index-driven Accumulation // pointers, settings

With Conventional RISC-V Vector ISA fple_t  *p_w, *p_a, *p_oY
uint8_t *p_idx, idx_buf[];
VPE HIRtR2.L, offw, off_a,
__GPR _Ilggf  VRF | vsetvli(P_tile, SEW, LMUL);
-
o]

// Software decode
Loop p:

det <P 8 (51)

// Load index vector

v2 = vle8.v(idx_buf);

// Load weight vector

v8 = vlel6.v(p_w);

// Load scalar activation
fto = flh(p_a);

s . SRR
SR ALMA MATER STUDIORUM
ZUrIC .”' UNIVERSITA DI BOLOGNA



Index-driven Accumulation // pointers, settings

With Conventional RISC-V Vector ISA uint8 t *p_idx, idx_buf[];

H%Qt%%tg_ off_w, off_a,
vsetvli(P tile. SEW. LMUL):

Materialized compact accumulators

Scalar PE

// Activation zero-skipping
if fto 1= 0:
// Gather from L1
vl = vluxei8(p_o, Vv2);
// MACC
= vfmacc.vf(v1l6, ftO,

// Scatter to L1
vsuxei8(p_o, v16, v2);

ETHziirich = oo Against L1 scatter/gather



Index-driven Accumulation
With Conventional RISC-V Vector ISA

Scalar PE

VPE

Iy . s N,
O ALMA MATER STUDIORUM
ZUrIC Cifasid | UNIVERSITA DI BOLOGNA

// polinters, settings »
fp 1 6_t * p_W ’ * p_a ’ * p_o ’ ﬁ
uint8_t *p_idx, idx_buf[];

H%Qt%%tg_ off_w, off_a,
vsetvli(P_tile, SEW, LMUL):

// Polinter updates
p_idx += off_meta;

P_W += off _w;
p_a += off_a;




Limitation with RVV Implementations

(1
12/
(3

Index translation is required

Scalar PE

Offload

L1-backed scatter/gather

VRF materialization

Design insights

Native sparse index interpretation

12/

In-core scatter/gather

Streamlined with arithmetic ops

ETHzurich = soassniss 16



Limitation with RVV Implementations

Dedicated Index-decoding HW

General compatibility ;
Extra pipeline stage and L1 usage

_________________________________

Scalar PE
 GPR |

Offload

Indexed-access to VRF |
Streamlined in-core scatter/gather |
VRF contention from widened accesses

_________________________________

VRF-resident Matrix Tile

|

I I
! :
I L] L]

! Minimum hardware overhead ;
! Vector-level operations inefficiency

_________________________________

This Work - Ventaglio

i Elevates index-driven accumulation to i
: a native RVV execution primitive !

Iy . b _“‘Trl_:-i. - ) § )
ETHziirich = oo 17
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Our Approach to Efficient Sparse Tensor Contraction

* Ventaglio - Elevates index-driven accumulation to a native RVV execution primitive

* Scatter/gather datapath coupled with a multi-channel memory unit
Runtime

configurable

* Modular, runtime configurable
* System integration
* Dual-core Spatz Cluster, 256 KiB L1 SPM

* Light-weight, 3.1% area overhead Light
* Scale-out evaluation on a 4x4 multi-cluster system weight
*  Evaluation Ventaglio
* At-the-roofline efficiency for sparse tensor contractions
*  6.9-7.4x speedups over the optimized RVV kernel baselines Modular

* DuoGPT-pruned LLaMA-3-8B model: 2.06-5.25% speedup
Utilization
Boost

ETHZrich (5 suosmsrsmiaiss 18



Ventaglio Architecture

* Goal: Materializes only the referenced lanes
required by each sparse update

*  Memory unit:
* A multichannel latch-based standard-cell memory
* Maintains expanded data structures

* Provides a contiguous expanded access window

LR ]
O ALMA MATER STUDIORUM
ZurIC S £ UNTVERSITA DI BOLOGNA

1 D-bit

B ——— ]

Main datapath

C x expended access window

D-bit

oHELLIER

(C x D-bit) x Depth

19



Ventaglio Architecture

* Goal: Materializes only the referenced lanes
required by each sparse update

*  Memory unit:
* A multichannel latch-based standard-cell memory
* Maintains expanded data structures

* Provides a contiguous expanded access window

* Datapaths:

* Gather datapath converts wide, multi-channel
reads = compact operand representation

LR ] Sl
O ALMA MATER STUDIORUM
Zurlc Sfid S UNIVERSITA DI BOLOGNA

A

' D-bit

XBAR
R

Channels
(C x D-bit) x Depth

20



Ventaglio Architecture

* Goal: Materializes only the referenced lanes 1 D-bit
required by each sparse update
*  Memory unit: \ / 8 \

* A multichannel latch-based standard-cell memory
* Maintains expanded data structures

* Provides a contiguous expanded access window

* Datapaths:

i
Q
'
]
4]
L
7))

* Gather datapath converts wide, multi-channel
reads = compact operand representation

* Scatter datapath performs the inverse mapping for : lll CxD-bit

write-back XBAR

D-bit
oHELLTES

(C x D-bit) x Depth

. " Y . .
ETHZUrich (8 sxiursrsiipisam 21



Ventaglio Architecture

* Goal: Materializes only the referenced lanes 1 D-bit
required by each sparse update

*  Memory unit:
* A multichannel latch-based standard-cell memory

* Maintains expanded data structures

* Provides a contiguous expanded access window

* Datapaths:

* Gather datapath converts wide, multi-channel
reads = compact operand representation

* Scatter datapath performs the inverse mapping for
write-back

* Modular datapaths, with only one sparsity mode

Scatter
50% sparse
75% sparse

active at a time Channels |
(C x D-bit) x Depth

. " Y . .
ETHZUrich (8 sxiursrsiipisam 22



Ventaglio Architecture

* Goal: Materializes only the referenced lanes
required by each sparse update

*  Memory unit:
* A multichannel latch-based standard-cell memory
* Maintains expanded data structures

* Provides a contiguous expanded access window

* Datapaths:

* Gather datapath converts wide, multi-channel
reads = compact operand representation

* Scatter datapath performs the inverse mapping for
write-back

* Modular datapaths, with only one sparsity mode
active at a time

* Control logics:

* Packed metadata consumption & preload

s ] b
O ALMA MATER STUDIORUM
ZurIC Sl & UNTVERSITA DI BOLOGNA

-~

D-bit |

Beat Counter

Address Gen

Channels
(C x D-bit) x Depth

23



Spatz Cluster: Ventaglio Integration

* Spatz Core-Complex (CC):

* Spatz VPE tightly coupled to a tiny single-stage
RV32I Snitch core ' VRF Banks

(32 x 512-bit)

* VPE comprises a controller, a latch-based VRF, and
parallel functional units

Controller

4x64-bit

ETH:zirich = e ”



Spatz Cluster: Ventaglio Integration

* Spatz Core-Complex (CC):

* Spatz VPE tightly coupled to a tiny single-stage g
RV32I Snitch core 3 ’ VRF Banks
* VPE comprises a controller, a latch-based VRF, and 8 (32 x 312-bit)
parallel functional units ol N
<A K
. . o o
Spatz Cluster: y Qo
* Two Spatz CCs share a 128-KiB L1 Scratchpad g
Memory (SPM) (7))
o . . . . _ 4x64-bit
Logarithmic crossbar with single-cycle latency _ TCDM XBAR

L1 SPM
(128 KiB)

ETH:zirich = e .



Spatz Cluster: Ventaglio Integration

* Spatz Core-Complex (CC):

* Spatz VPE tightly coupled to a tiny single-stage
RV32l Snitch core

* VPE comprises a controller, a latch-based VRF, and
parallel functional units
* Spatz Cluster:

* Two Spatz CCs share a 128-KiB L1 Scratchpad
Memory (SPM)

* Logarithmic crossbar with single-cycle latency

* Ventaglio: a configurable sparse execution unit

* Active datapath is selected through Control and
Status Registers (CSRs) in the controller

* Dynamically mapping selected vector registers to
its memory unit

* Redirects VRF accesses through a bypass channel
ETH:ziirich = swaessnssey

4x64-bit

VRF Banks
(32 x 512-bit)

VRF Redirect Channel

TCDM XBAR

L1 SPM
(128 KiB)

4x64-bit

26



Results: Area Breakdown ¢ X

Area Breakdown
* Ventaglio is implemented with GlobalFoundries’
12LPPLUS FinFET technology Control logic (4.9%)

* Instantiates 1 KiB memory unit Ventaglio Memory unit (74.3%) (D;;asp;:)h

* Supports 1:4, 2:4, and bitmap sparse formats
*  Maximum frequency: 1 GHz (TT/0.8V/25°C) . 20 40 60 0 10 120
. . Area (kGE)
* Ventaglio does not impact critical timing path

* (Cluster area overhead: 112.7 kGE

3.1% Increment

. " . .
ETHzirich = oowassnses 27



Index-driven Accumulation // pointers, settings

. . . fp16_t *p_W ’ *p_a ’ *p_o ’ ;’im
With Ventaglio Extension HntBLt  *piidx, idx buf[l:
Scalar PE

H%Qt%%tg_ off_w, off_a,
vsetvli(P_tile, SEW, LMUL):

Offload

// Ventaglio config
cfg_vtl(vle, sp_fmt);

XBAR

o-bit W |
VYL

Scatter/Gather
Memory Unit

// Load index vector

v2 = vlx.v(p_idx);

// Load weight vector

v8 = vlel6.v(p_w);

// Load scalar activation
fto = flh(p_a);

XBA

P_a

T " AT
O ALMA MATER STUDIORUM
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Index-driven Accumulation // pointers, settings

With Ventaglio Extension uint8 t *p_idx, idx_buf[];
j¢alar PE

H%Qt%%tg_ off_w, off_a,
vsetvli(P_tile, SEW, LMUL):

// Ventaglio config
cfg_vtl(vle, sp_fmt);

// Activation zero-skipping
if fto !'= 0:
// MACC
vle = vfxmacc.vf(vle, ftO
v8, V2);

Scatter/Gather
Memory Unit

// Pointer update
p_idx += off_meta;
P_W += off_w;
p_a += off_a;

T " AT
O ALMA MATER STUDIORUM
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Results: Sparse Tensor Contraction

Mat-Vec Mat-Mat
D 161 \e : . —
— C ®
o N
9 50! ‘
G 8
< [ ] [ ] °
= ® wioensel aens — Effjcjent for dense tensor contraction
g 4 | |
C
(]
g 24 @ SpatzBaseline
O
T
Q
('

. @ . @
0.25 0.50 1.00 2.00
Arithmetic Intensity (MACs/Byte)

[
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Results: Sparse Tensor Contraction

Mat-Vec Mat-Mat

© 167 ' x 0—‘
O 1 i ‘
>’ |I ||
9 =
5 8- i .. .
< H Inefficient sparse tensor contraction
= @ W[50%, 2:4], AlDense]  :|! : | .
~ 4 - (@ W[75%, 1:4], A[Dense]  :|! ; i
Q 0 o, . e e e el Y
U @ W[60%, BMP], A[50%] 5|: S il : 7:\4
cC (@ WiDensel, A[Dense] ! > 5 il
E s o,
g 24 @ SpatzBaseline ’ 5;9 . = !I 4
£ o : I |
Q TI s . . T
< il . & @

0.25 0.50 < 1.00 2.00

L] ] .
TS ALMA MATER STUDIORUM
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Arithmetic Intensity (MACs/Byte)
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Results: Sparse Tensor Contraction

Mat-Vec Mat-Mat

6‘- 16 . . iré_l I

[®] l!:

g g
At-the-roofline efficiency |

O *T ® wisos, Bup), aso%) {1 | .

R R Stlll have the gap. Why?

g 21 @ SpatzBaseline .‘ -

‘g @ Ventaglio (.. i: J\ ‘

£ ﬁ_@ . S a

T 3 O

50 < 100 2,00
Arithmetic Intensity (MACs/Byte)

0.25

T ] i X i
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Index-driven Accumulation // pointers, settings

With Vetagllo Extension uint8 t *p_idx, idx_buf[];
alar PE

H%Qt%%tg_ off_w, off_a,
vsetvli(P_tile, SEW, LMUL):

_ | | // Ventaglio config
I A:IIL cfg_vtl(vle, sp_fmt);
Memory unit capacity constraint -
> Smaller LMUL // Activation zero-skipping

' I if fto != 0.
Ex HH | e

= vfxmacc.vf(vle, ft0

| // Pointer update

. ' p_idx += off_meta;
Shorter vector operations Lo w  += off_w;

- Explicit pointer updates more costly

s '] AT
O ALMA MATER STUDIORUM
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Index-driven Accumulation

With Ventaglio Extension & Address Post-increment

Scatter/Gather
Memory Unit

T " AT
O ALMA MATER STUDIORUM
Zurlc e 5 UNTVERSITA DI BOLOGNA

// pointers, settings »
fpl6_t *o_w, *p_a, *p_oY\J
uint8_t *p_idx, idx_buf[];

H%Qt%%tg_ off_w, off_a,
vsetvli(P_tile, SEW, LMUL):

// Ventaglio config
cfg_vtl(vl6e, sp_fmt);

// Load index, weight, acti
v2 p.vlx.v(p_idx, off_idx);
v8 p.vlel6e.v(p_w, off_w);
ft0 p.flh(p_a, off_a);

// Activation zero-skipping
if fto !'= 0:
// MACC
vie = vfxmacc.vf(vlie, ft0
v8, V2);




Results: Sparse Tensor Contraction

Mat-Vec Mat-Mat
16 e —-—
% o ® T+ Post-incrementﬁ?
> extension :
O ® &
n 8 : H
: |
= At-the-roofline efficiency |
v 47 ©® WI60%, BMP], A[50%] | 1] E— :i
cC (@ WiDensel, A[Dense] i I‘
© 1
- : i ® t!'
o 21 @ SpatzBaseline |6 : !
g ® \Ventaglio o g i!
O <¢ Ventaglio + API : :
o ﬁ_@ . (@ @)
0.25 0.50 Y 1.00 2.00

Arithmetic Intensity (MACs/Byte)

. " Y . .
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Results: End-to-End Evaluation

* Performance-accurate instruction-level
Ventaglio model in GVSoC

To Sync NoC Router
‘_‘ To Data NoC Router

BlcTRL] Spatz || spatz
Hreg | cco cCy

INTERCONNECT

* Scale to a 4x4 multi-cluster system
connected through a 2D NoC mesh

* Per-cluster 1024-bit network link
+ row and column-wise multicast and
sum reduction

* Off-chip memory modeled in DRAMSys
as 4 x 2 HBM2 channels (agg. 512 GiB/s)

*  Workload

* DuoGPT-pruned LLaMA3-8B model with
practical 40-60% dual-sparsity

ETHzirich (5 saeamssmsis 36



Results: End-to-End Evaluation

Memory-bound

Compute-bound Matrix-vector projections load corresponding
Matrix-matrix projections dominate execution weight tile per cluster
10T 717 T ] T ] T ] 100
X X X X X X X X X X X X —_
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Ventaglio: Low-overhead HW + ISA = Efficiency Boost

* Elevating index-driven accumulation to [1] NVIDIA. “NVIDIA Hopper Architecture In Depth,” Available:
. . .o https://developer.nvidia.com/blog/ nvidia-hopper-architecture-in-
native RVV primitives depth
. . [2] V. Titopoulos et al., "Optimizing structured-sparse matrix
° LIghtWEIght multiplication in RISC-V vector processors," IEEE Transactions on
Computers, vol. 74, no. 4, pp. 1446-1460, 2025.
° (o) 1
3' 1 /o |Og|C area Overhead [3] X. Tengfei et al., "RISC-V ISA Extensions for Vectorized
. . Unstructured Sparse SpMM in LLM Inference," 2026 Design,
° Flex| ble’ ru ntl me progra mma ble Automation & Test in Europe Conference & Exhibition. IEEE.

* Modular extension for other sparsity formats

* Utilization Boost

* 2.06-5.25x speedup in real-world end-to-end
applications

* Work in progress

* HW-SW-Format co-design for extreme sparse ratio O github.com/pulp-platform/spatz
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