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Sparse Activation

Per-input neuron selection

= Deactivate unimportant neurons at runtime

No model retraining is needed

= Complementary to techniques like
guantization, distillation, etc.

Key question: which neurons to
deactivate?
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What is -->  sparse --» activation

|

| | | |
1 I
I
PN ! 27N TN 1
1 \ : ' 1 ' \ .
\ /
\\—, 1 =2 \s¢, 1
1 I
1 1 Y

A 4 N v | y
27N 1 L AREN VRN !
' \ ] ! Vo \ !
N 1 NNy !
1 I
I I J
y y

y

A 1 |
1 1 -
PN 1 LR PN 1 TN FREN
1 \ | l\ \ ! \ | ’\ \ ! \
S n? 1 ~-7 Vo 1 ~-7 Vo ?
1 |
1 I
|
1

sparse ---i  activation ---' <EOS>

What is sparse activation



Existing Work Skips Zero-Output Neurons

. ReLU

| Neuron Magnitude
OPT + RelU | fi(z) =maz(0, *’-‘) Distribution
= Many neurons output | [0.01, 0.1)

exactly zero

[0.1, +inf)
= Zero contribution to
inference |
[0.001, 0.01)
=0
Up to 70% sparsity, lossless on OPT [1] [2] (0. 0.001)

OPT-6.7B

[1] Liu, Zichang, et al. "Deja vu: Contextual sparsity for efficient lims at inference time." International Conference on Machine Learning. PMLR, 2023.

[2] Song, Yixin, et al. "Powerinfer: Fast large language model serving with a consumer-grade gpu." Proceedings of the ACM SIGOPS 30th Symposium on

Operating Systems Principles. 2024. 5



Modern LLMs are Different

[0.01, 0.1)

[0.1, +inf)

Modern LLMs (e.g., Llama, Phi,
Gemma) use GelLU / SiLU

= Almost no zero-output neurons
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Our Approach: Attribution-based Sparse Activation

Attribution: how much does this neuron \ | (it
contribute to the LLM output?

> < company

Sparse activation ranks neurons by

contribution, not magnitude E]J ! _ animal ]

Choice of attribution metrics
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* Only need 1 forward + 1 backward pass

- Accurate, but expensive

BLEU

= Gradient x Output (GxO):
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Attribution Scores Are Interdependent

@ : Deactivated neuron

Deactivating one neuron

Attribution score

= = changes others' gradients and outputs >

Attribution score
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‘Sparse Activation

= = changes others' attribution scores

‘Sparse Activation

deactivated = wrong outputs 2

Critical neurons mislabeled as low- Attribution score Attribution score
attribution - wrong neurons ® - -
‘ ™ @‘/__ N

Intra-layer dependency! Inter-layer dependency



The Attribution Error Is Large

Grows with the activation ratio

= Ranking is fragile when few neurons
are deactivated

Worse in MLP layers
= Thousands of neurons
= Rankings are easily scrambled

Consequence

= Sub-optimal selection of neurons or
attention heads to deactivate
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Our Fix: A Closed-Form Corrective Term

Naive fix: re-computing attribution

25 - K=0.467
after each deactivation = too slow .
2151
Instead, we analytically bound and g |
fix the inter-layer attribution error N
= Tight upper bound from neuron J
magnitudes & gradients 030 035 040 045 050 055 0.60

Normalized error of the inter-layer dependency
= Expectation under truncated-normal

distribution #/of elements in the layer

C dGx0 = & . §® OF
orrected (X —a—xi-xi+§|xi| k=1<0_xk>

| |
GxO scaling factor | L2-norm of the
magnitude layer’s gradients 10




Implementation
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Implementation

Attention,,,

Predictor N

|

MLP, Light-weight MLPs
Predictor — that predicts the
— activation masks
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60-70% Sparsity and <5% Accuracy Loss on Modern LLMs

Benchmarks: TruthfulQA, Gigaword, Moddl & \pigs 2% 0%  40% 0% 60% 0% 8%  90%  100%
QUOra QP Phi-2-2.7B
Magnitude 105 1901 215 235 253 249 242 245 240 339
- _ _ 1 Gradient 38 43 5.1 50 5.3 s4 55 75 89 339
Open ended text generation, measured SNIP/Fisher 108 133 185 207 237 241 231 243 248 339
. IG 13 164 186 228 234 227 238 252 307 339
in BLEU and ROUGE scores GxO 157 197 190 210 225 236 227 241 314 339
Corrected GxO 178 183 268 283 296 3L5 307 322 367 339
Gemma-2B
Magnitude 0 02 275 557 695 758 819 879 1071 10.72
Models: Gradient 0 0 0 037 060 304 66 814 1003 10.72
odeis: SNIP/Fisher 0 011 18 247 306 441 677 807 1032 10.72
| o ¢ . o IG 0 0 027 116 156 47 624 864 873 1072
. - . < GxO 0 002 031 094 09 483 574 686 118 10.72
Llama-3-8B: 60% o SparSIty' 5% Corrected GxO 0 055 529 563 804 102 1071 1158 1383 10.72
BLEU |OS S MobiLlama-0.5B
Magnitude 026 121 173 233 28 265 36 398 539 545
. ] Gradient 045 052 068 076 076 061 093 153 231 545
= Phi-2 (27B) 60% sparsity <5% loss SNIP/Fisher 045 1.2 166 233 255 323 482 513 55 545
, IG 084 161 184 175 148 094 119 13 128 545
. o GxO 068 125 119 104 107 068 095 104 123 545
- Gemma-ZB, MobilLlama-0.5B: 70% Corrected GxO 141 38 407 448 463 463 439 466 501 545
; 0 Llama-3-8B
sparS|ty, <5% loss Magnitude 1.59 276 689 1197 1358 158 187 1697 1495  26.52
Gradient 075 06 LI11 093 139 161 163 256 1075 26.52
SNIP/Fisher 3.07 322 417 689 1008 1286 18.13 1648 1835  26.52
GxO 193 171 253 359 42 5 642 778 2073 26.52

Corrected GxO 46 797 11.84 21.66 2448 26.08 26.94 27.8 293 26.52

30-40% accuracy advantage over
. Table 1. Accuracy of sparsely activated LLMs with different activation ratios (AR) on Truthful QA
baselines 3



35% Lower Latency and 40% Less Memory Used

Co I d -start setu P- M Od e | Model & Benchmark AR=10% 30% 40% 60% 70% 80% 90% 100% Dense
. . . Phi-2 & Truthful QA
IOad INg |nCI Uded IN |atenCV Latency (s) 0.68 106 126 178 202 2250 251 28 159
Memory (GB) 470 791 906 1233 1523 1829 2130 2439  13.76
Phi-2 & Gigaword
Latency (s) 0.68 108 132 186 214 237 264 299 158
t h . h ts + Memory (GB) 472 774 912 1249 1520 1830 2149 2471  13.79
orcn.sparse weignts MobiLlama & Truthful QA
Latency (s) 0.86 11 130 185 203 231 250 291 173
sparse mathI Memory (GB) 3.16 580 7.6 1013 1207 1398 1624 18.18  10.69
MobiLlama & Gigaword
Latency (s) 0.86 122 143 183 190 230 255 300 177
Memory (GB) 3.17 591 727 1018 1226 1407 1637 1838  10.72
-— (o) : -3
At AR =30% on PhI_Z: Llama-3-8B & TruthfulQA
Latency (s) 1.16 353 430 609 739 829 1044 - 6.22
) Memory (GB) 7.84 1936 2446 3429 3929 4293  48.55 i 30.67
0
[ |
35% latency reduction T —
0 . Latency (s) 1.26 381 473 640 694 848 998 ] 6.14
= 43% GPU memo ry reduction Memory (GB) 1102 1793 2217 2939 3537 3820 4259 - 30.70

Table 5. Computing latency and memory savings with sparse activation

14



Generality Across Models and Tasks

Benchmark &

. X AR=10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Models: Llama-3 - Phi-2 - Gemma - Metrie
Gigaword
M O b | |_| ama Qwe N 2 . 5 Magnitude 127 1.86 234 295 295 31 308 335 34l 3.35
Gradient 245 248 245 241 241 246 24 258 247 335
SNIP/Fisher 06 133 18 257 309 323 34 355 376 335
IG 034 164 176 224 241 282 317 315 398 335
GxO 132 153 189 245 232 275 287 332 347 335
Cor-GxO 244 242 260 274 282 314 417 404 425 335
Tasks: or
Magnitude 66 92 96 112 117 i1 111 108 1.1 112
. . Gradient 276 338 36 363 367 485 521 632 785 112
= Question answering (TFUtth'QA) SNIP/Fisher 65 89 102 106 11 1Ll 118 118 113 112
IG 72 62 89 101 104 94 119 105 104 112
. . . GxO 75 75 95 102 102 104 114 106 1001 112
|
Summarization (Glgawo rd) Cor-GxO 83 92 108 106 107 115 124 128 134 112

= Paraphrase (Quora QP)

Benchmark &

. ; 50% 60% 0% 80% 90% 100%
= Translation (WMT16 DE—>EN) Metric
WMT16-DE-EN
. Metric: BLEU
= Natural Ianguage inference (G LU E-MNU) Magnitude 036 153  7.56 1582 2375  48.68
SNIP 020 112 222 619 1337 4868
GxO 009 112 222 619 1337 48.68
Comrected GxO 019 196 1376 2815 40.60  48.68
GLUE-MNLI
. d b * * Metric: Accuracy
Best or tied-best metric In every case Magniude 024 028 039 047 057 077
SNIP 025 031 038 040 066  0.77
GxO 029 030 032 035 041 077

Corrected GxO 035 042 0.55 0.67 0.77 0.77 15




Takeaways

Magnitude-based sparse activation does not apply on modern LLMs

Attribution is the right signal, but errors caused by interdependency
need to be fixed

We introduced a closed-form corrective term on the attribution metric

Achievements on modern LLM families
= 70% sparsity with <5% accuracy loss
= 35-40% latency reduction & memory savings
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Thank you!

Questions?

Intelligent System Laboratory @ Pitt
http://pittisl.github.io
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