Problem Statement

LLM inference is expensive, especially on mobile
devices
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Existing approaches like pruning, quantization, and
distillation are fixed, offline, and not runtime
adaptable

Sparse activation: Per-input neuron selection that
deactivates unimportant neurons at runtime
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What is sparse activation

Key question: which neurons to deactivate?
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* Traditional method:
Deactivate Zero-Output neurons,
but only work for old LLMs w/
RelLU activations
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* Our approach: =0
Attribution-based sparse
activation that deactivates neurons
by contribution, not magnitude.

« Attribution metrics: Integrated Gradients (1G),
Gradient x Output (GxO), etc.

- Challenge: Attribution scores are Interdependent
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Intra-layer dependency | Inter-layer dependency
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Our Solution: Corrected GxO that

analytically bound the inter-layer error

* Tight upper bound from neuron magnitudes
& gradients

« Expectation under truncated-normal
distribution
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Evaluations

Llama-3-8B: 60% sparsity, <5% BLEU loss
Phi-2 (2.7B): 60% sparsity, <6% loss
Gemma-2B, MobilLlama-0.5B: 70% sparsity, <5% loss

At AR = 30% on Phi-2: 35% latency reduction & 43% GPU
memory reduction

thgf:if AR=10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Phi-2-2.7B
Magnitude 105 1901 215 235 253 249 242 245 240 339
Gradient 38 43 51 50 53 54 55 75 89 339
SNIP/Fisher 108 133 185 207 237 241 231 243 248 339
IG 13 164 186 228 234 227 238 252 307 339
GxO 157 197 190 210 225 236 227 241 314 339
Corrected GxO 178 183 268 283 296 3.5 307 322 367 339
Gemma-2B
Magnitude 0 02 275 557 695 758 819 879 1071 1072
Gradient 0 0 0 037 061 304 66 814 1003 1072
SNIP/Fisher 0 011 186 247 306 441 677 807 1032 1072
IG 0 0 027 116 156 47 624 864 873 1072
GxO 0 002 031 094 096 48 574 686 118 1072
Corrected GxO 0 055 529 563 804 102 1071 1158 13.83 1072
MobiLlama-(0.5B
Magnitude 026 121 173 233 286 265 36 398 539 545
Gradient 045 052 068 076 076 061 093 153 231 545
SNIP/Fisher 045 112 166 233 255 323 482 513 55 545
IG 084 161 184 175 148 094 119 13 128 545
GxO 068 125 119 104 107 068 095 104 123 545
Corrected GxO 141 38 407 448 463 463 439 466 501 545
Llama-3-8B
Magnitude 159 276 689 1197 1358 158 187 1697 1495  26.52
Gradient 075 06 111 093 139 161 163 256 1075 2652
SNIP/Fisher 307 322 417 689 1008 12.86 1813 1648 1835  26.52
GxO 193 171 253 359 42 5 642 778 2073 2652
Corrected GxO 46 797 1184 2166 2448 2608 2694 218 293 2652

Table 1. Accuracy of sparsely activated LLMs with different activation ratios (AR) on Truthful QA
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