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_ : . - : - Table 4: Results over Llama-3-8B on commonsense reasoning.
» Training-free sparse activation enables * Weighted-Informed Activation.
. ) . . o Th eOreti Ca” Tl hter A rOXim atl on Error. Sparsity Method PiQA Arc-C WinoGrande HellaSwag SciQ OBQA BoolQ Arc-E Avg
inference Spee(_j up by selectlvely Omlttmg . N ol Ey g. tpp 0% Baseline (full model) 80.79  53.33 72.61 79.17 9390 4500 81.38 77.74 72.99
neurons at runtime. umerical Experiments. CATS' 78.62 4804  70.64 7632 9190 41.80 7813 71.09 69.57
- Current sparse activation methods rely on a T TR o Ehem  BE SN BN BN R& 4% BR AT RE
top-K gating mechanism based on hidden WINA 80.41 52.82 73.80 7899 9400 44.60 82.05 78.03 73.09
: . . Tight Approx Error v X X X CATS' 5996 27.82  51.30 40.18 4610 29.80 4226 38.09 41.94
state magnitudes, overlooking the inherent . L R-Sparse 7905 5026 7214 7691 9410 4300 7914 77.86 71.56
W : . Layer-Agnostic Application 4 v X v 0% TEAL 79.00 4898 7182 7745 9330 4500 80.03 77.19 71.60
contribution of the weight matrices. Layer-Specific Sparsity v/ v X v/ WINA 7987 5068  72.30 7791 9390 4500 8223 7757 7243
f: Some methods (i.c., CATS) are only adopted on specific types of layers. 0% TEAL 7829 4812 7009 748 9370 4260 7823 744l 7003
WINA 79.16 48.81 70.64 7644 9350 43.60 8125 75.00 71.05
R-Sparse 68.50 33.36 57.38 51.48  86.00 31.80 6523 58.80 56.57
Method Theory 65% TEAL 73.34  37.37 63.46 61.76 8890 37.00 69.85 6448 62.02
WINA 74.65 41.98 64.48 6789  90.70 41.60 7673 67.00 65.63
For inpUt X and We|ght matriX W, SeleCt tOp-k * Lemma: Optlmal apprOXimatiOn error over Single linear Iayer T CATS 1is unable to reach 50% or 65% sparsity since it only achieves sparse activations over MLP layers.
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J\/\ ﬁLl\C/h /\/\ | Figure 4: Sparsity vs. latency across different batch sizes B € {1, 64,256} for GEMV (generalized
e __O ! - | ‘ | matrix-vector multiplication) of sizes 5120x 1 and 5120x17920. WINA's Triton kernel performance
‘ @ Weight Informed Gate Function consistently matches that of TEAL across different GPU architectures (A100 top, RTX PRO 6000
————— ———— — Blackwell bottom), achieving similar speedups across our sparsity levels and as sparsity increases.
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Code: https://github.com/microsoft/wina



