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Al workloads in GPU era
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Power matters!

There exists a huge gap in terms of the power consumption between
the artificial intelligence and the nature intelligence.
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SNNs as compute-friendly nature machine intelligence

Spiking Neural Networks (SNNs)
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Performance Gap: SNNs vs ANNs

100 DINO-V2p

BiT-Liy
98 -
' T=4

96 ' e T=5 SDMT Atiene
SNAS-Net T=4

94 i tdéN /

| S
92 '_Eﬁﬁct/

90 — - - - -
2020 2021 2022 2023 2024

[1] Kolesnikov, et al., “Big transfer (bit): General visual representation learning.”, ECCV 2020
[2] Oquab, et al., "Dinov2: Learning robust visual features without supervision.”, TMLR 2024
[3] Yao et al., “Spike-driven Transformer”, NeurlPS 2024

[4] Lee et al., “Spiking Transformer with Spatial-Temporal Attention”, arXiv, 2024
i Yale University.

Accuracy (%)
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SNN model sizes also grow

SNN model sizes will keep scaling up 7" Operation | Precision| Norm Energy*
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When model sizes grow larger, the data

. . movements can become the hurdle.
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Compress the SNNs by pruning

Pruning technique removes the redundant
synaptic connections during the training.

The resulted weight matrices usually have
around 95% sparsity.
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Accelerating dual-sparse SNNs

Output Spikes

Spikes are sparse due to the

LIF-based activation function.

Dual-sparse SNN workloads

( mestep

Sparse splke Sparse welght

\ matrix matrix }

Prunned SNN networks
Epoch 4

Epoch N

Weights are sparse due to
the iterative pruning.

Accelerating the dual-sparse SNNs becomes the
acceleration of Sparse-matrix-sparse-matrix (spMspM).

Yale University.
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Where to deploy dual-sparse SNNs?

Dual-sparse SNN Workloads
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Efficient at leveraging the spike sparsity.
o But not support the weight sparsity.

Where to deploy?
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Where to deploy dual-sparse SNNs?

Dual-sparse SNN Workloads

(mestep Prior ANN spMspM accelerators?
SparTen
MICRO 19
Sparse splke Sparse weight GoSPA : =
\ matrix matrix ) ISCA 21 Input Sparsity  [4
1 Gamma Weight Sparsity
ASPLOS 21
.: Efficient at leveraging dual-sparsity for ANNS.

However, we observe two challenges for

Where to deploy? deploying dual-sparse SNNSs.
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Challenge 1: compression efficiency
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Challenge 1: compression efficiency

Cycle 1 weights
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Challenge 1: compression efficiency

Cycle 2 weights
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Challenge 1: compression efficiency

Cycle 3 weights
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Challenge 1: compression efficiency
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Challenge 1: compression efficiency

Cycle 5 weights
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Challenge 1: compression efficiency

Cycle 6 weights
Input spike train:
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Challenge 1: compression efficiency

weights
Input spike train: T
001011 Logical & , # of compute: 3
NPUL f | [ | = 10— N # of weight fetch: 3
spikes Accumulator # of PE cycles: 6

Not saving PE cycles!
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Challenge 1: Compression Efficiency

weights
Input spike train: T
001011 Logical & , # of compute: 3
Inout w—s[ ) 4 : :
npu = | || B= v0—L/ N # of weight fetch: 3
spikes Accumulator # of PE cycles: 6
Not saving PE cycles!
Input spike train: weights # of compute: 3
001011 # of weight fetch: 3
1l # of PE cycles: 3

indices A
[2,4,5] —bl |—> Matchl—b w S
We need to compress the

Accumulator _
spikes to save PE cycles.

Challenge: compression efficiency for spikes is low!

In this example:
3x3-bits CSR to compress 3 bits of data

Ya]e University,“ 3/9 -> only 0.33 (<1) compression efficiency




Challenge 2: Dataflow Design Space

Dual-sparse ANN spMspM
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input weight

Different dataflow is the different permutation of the 3-nested for loops.

for m in [O,M-1] for k in [0,K-1] for m in [0,K-1]
for n in [O,N-1] for m in [Q,M-1] for k in [O,M-1]
for k in [0,K-1] for n in [O,N-1] for n in [O,N-1]
Inner-Product Outer-Product Gustavson’s
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Challenge 2: Dataflow Design Space

Dual-sparse SNN spMspM
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Challenge 2: Dataflow Design Space

Dual-sparse SNN spMspM
Km— (e—, [ — N =—
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mputs aCross tlmesteps
This translates to an extra

temporal loop (t-1loop)
/_\ Original 6 permutations
for k in [0,K-1]

for t in [0,T-1]
Challenge: where to position the t-1loop? for m in [0,M-1]

for n in [O,N-1]

Now 24 possible permutations
for t in [0,T-1]
for k in [0,K-1]
for m in [Q,M-1]

for n in [O,N-1]
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Observations of SNN spMspM dataflow

Observation 1: t-loop increases the data traffic (weights and outputs) of
the dimensions below it by T times.*

for t in [0,T-1] for t in [0,T-1] for t in [0,T-1] repeat T times
for m in [O,M-1] for k in [0,K-1] for m in [0,K-1]
for n in [O,N-1] for m in [Q,M-1] for k in [Q,M-1]
for k in [0,K-1] for n in [O,N-1] for n in [O,N-1]
Inner-Product Outer-Product Gustavson’s
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Observations of SNN spMspM dataflow

Observation 1: t-loop increases the data traffic (weights and outputs) of
the dimensions below it by T times.*

or m in [O,M-1] for k in [0,K-1] for m in [0,K-1]
for n in [O,N-1] for m in [Q,M-1] for k in [Q,M-1]
for k in [0,K-1] for n in [O,N-1] for n in [O,N-1]
for t in [0,T-1] for t in [0,T-1] for t in [0,T-1]

Inner-Product Outer-Product Gustavson’s

Solution 1: position t-1oop as the innermost loop.

Yale University.




Observations of SNN spMspM dataflow

Observation 2: t-loop expands the partial-sums (rows) in original dataflow
by T times, regardless of the position.

for m in [O,M-1] for k in [0,K-1] for m in [0,K-1] :
for n in [@,N-1] or m in [Q,M-1] for k in [@,m-1] T times larger

for k in [0,K-1] for n in [O,N-1 \for n in [Q,N-17\
for t in [0,T-1] for t in [0,T-1] for t in [0,T-1]

Inner-Product Outer-Product Gustavson’s
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Observations of SNN spMspM dataflow

Observation 2: t-loop expands the partial-sums (rows) in original dataflow
by T times, regardless of the position.

for m in [O,M-1] for k ipfNJO,K-1] for m i 0,K-1]
for n in [O,N-1] or nf in\JO,M-1 for kfinN\O,M-1]
for k in [0,K-1] fo i | \ for{n in \0,N-1]
for t in [0,T-1] for t in 1] fa@r t in \9,7-1]

Gu n’s

Inner-Product

Solution 2: reduce the partial sums as early as possible (put k-loop as
second inner).
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FTP dataflow

We further spatially unroll the t-loop. This removes the latency penalty
with the minimal hardware instances duplication.
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dual-sparse SNN
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FTP-friendly compression

Recall from the challenge 1, the compression efficiency of the unary spikes is low.

The intuition here is that position index can only encodes the data at spatial

location.
Input Neuron Behavior
position
L sn ooz
o,oo g n
spatial Qo ;
dimension 0'10 ‘ © 2]
0’20 n )
T 2™ /101
| 0,3 () — 9 , 1111]11
- < =0 ... =3
temporal dimension / temporal dimension

Each spatial location only contains

. . 1-bit information for each timestep.
Y yae University.
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FTP-friendly compression

Fortunately, data on different temporal dimension shares the same spatial location.

Pack along the temporal dim
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FTP-friendly compression

Input Neuron Behavior
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Benefit 1: better compression efficiency (8/4=2)

Benefit 2: Contiguous memory access for FTP dataflow
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-—>0111 gg ggl g%l or n in [Q,N-1
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A parallel-for t in [0,T-1]
Yale University.
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LOAS

To encapsulate both the FTP dataflow and FTP-friendly compression, we
design LoAS (Low-latency inference Accelerator for dual-sparse SNNs.)

( Compressor )—

w b .
g "7 Key component:
t 1 / Temporal parallel processing element (TPPE)
P || TP 7 [1]
PE |l PE| T | PE 0 4 —1— Handle the LIF function
t 1t 4 g e
| Scheduler J t
Process the compressed data
TP
Global Cache - PE ,/ in FTP dataflow
¢ { 3
( Memory )

Yale University.



LOAS

Streaming data broadcast bus

P-LIF

TP
PE

Y Ak University.

Data B is sent in as the compressed form:

bm|ptr




LOAS

Streaming data broadcast bus

P-LIF

TP
PE

(spikes)bm, 0100101...
(weights)bmg 1101001...

Yale University.

A and B’s bitmasks are also sent.
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LOAS

-

P-LIF

TP
PE

(spikes)bm,

(weights)bmg

Bitmask

!

Yale University.
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Streaming data broadcast bus
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Bitmasks are sent through the inner-join unit

Local offsets




LOAS

P-LIF

TP
PE

(spikes)bmy
(weights)bmg

Streaming data broadcast bus

Bitmask
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Yale University.
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offsets

Use the local offsets to get global offsets and
then fetch data and perform computation.
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LOAS

|

(spikes)bm, ﬂomﬂ... @ . Global
(weights)bmy 1101004. .. Local offsets
offsets

To get the global offsets, we need expensive prefix sum circuits for each
operands.

H

System -45%
Power
(spkes)  (weights) \@

i Yale University.
. Y *"SparTen: A sparse tensor accelerator for convolutional neural networks.”" MICRO 18



LOAS

We propose an SNN-friendly inner-join units with a combination of fast
prefix sum (for B) and laggy prefix sum (for A).

(expensive)

fast Intuition: preem_ptively decode_ and
accumulate B using the fast prefix sum, then
later make corrections on pre-computed results

Iaggy using the decoded A from the laggy prefix sum.

(cheap)

Syst ~45% 10

el NG L o
(spikes) (weights) [~~~ & (weights) \@
Yale University.
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Baselines

Simplify and modify the original ANN spMspM accelerators for running SNNs.

Inner-Product Outer-Product Gustavson’s
SparTen MICRO ’19 GoSPA ISCA ‘21 Gamma ASPLOS ‘21
Multiplier | Logical &
- N4 N R
SXR—D m» |=D—f
Accumulator Accumulatdr

Simplify the MAC units to leverage SNN’s unary spikes.

Yale University.




4) vs. Baselines (T=4)

LOAS (T
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Up to 3.68x efficiency
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LOAS (T=4) vs. ANN SparTen (8bit)

Compare to dual-sparse ANNs (VGG16) running on SparTen and Gamma,
LOAS achieves on average 1.9x more energy efficiency.

Energy
Efficiency  DRAM Traffic SRAM Traffic
Jcom " 1.0 ) 1
3 _
2 _ 1.0 7 Both SNNs and
0.5 - 05 ANNSs have weights
- in 8-bits
0.0 - 0.0 -

LOAS -

LOAS -
SparTen
Gamma

LOAS -

SparTen
Gamma
SparTen
Gamma

Mainly due to 1. the higher sparsity in LIF neuron (79%) vs. ReLU (43.9%).
2. the lower input bitwidth (4-bit vs. 8-bit)

Yale University.




LOAS (T=4) vs. dense SNN accelerators

Compared to existing dense SNN accelerators (VGG16), LOAS achieves on
average 2.8x more energy efficiency and up to 46.9x speedup.

Energy

Efficiency DRAM SRAM Speedup
6 - 1.0 - 1.0 - :

: j j : 46.97r
4 7 . . 1.

; 0.5 0.5 10 /
o IeALALAN g o IEAEAL A ¢ o IEAAral 100 Al

mn = O m = Wu m = Wu —

F O < e © - Z

33 =33 &B33 Eg3

& & & &~

Mainly due to the leverage of dual-sparsity (less data fetch of weights).

Yale University.



Conclusion

» There lacks prior hardware deployment solutions for dual-sparse SNN workloads
(pruned SNNSs).

We explore the dataflow design space for dual-sparse SNNs and propose the fully
temporal parallel (FTP) dataflow.

« We further propose an FTP-friendly compression method for unary spikes that
ensures the compression efficiency and contiguous memory access for FTP
dataflow.

» We encapsulate those techniques in LOAS together with an SNN-friendly inner-
joint unit design.

 LOAS is more energy efficient and faster compared to its SNN-like spMspM
baselines, ANN spMspM designs, and dense SNN designs.

* We hope this work can start a new round of design space exploration in SNN’s
spMspM accelerations.

Yale University.




Thank you! Q&A

Code available at: https://github.com/Intelligent-Computing-Lab-Yale/LoAS

Also here!

|
Feel free to email me questions! E E
T "

ruokail.yin@yale.edu
|
I~

[=]
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