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SUMMARY FRAMEWORK

Learned Thresholds token Merging and Pruning (LTMP) for Vision Transformers es) [ L] ] ] ] ]
makes it possible to reduce the computational cost of ViTs to any reduction target r l w
with minimal loss in accuracy. LTMP adaptively merges similar tokens and prunes f b
unimportant ones. Our implementation uses learned thresholds which enable e
different merging and pruning rates per image and allows the model to learn the - y,
optimal trade-off between merging and pruning across layers. As LTMP only [“"LSII I I I JI I I I I }
introduces two learnable parameters per transformer block, our method is able to ) v }
converge within a single epoch, which is an order of magnitude quicker than other [[as{ I I I I I I I I ]
approaches. T =R
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LEARNED THRESHOLDS TRAINING OBJECTIVE s | | ] T
Given importance scores, learned threshold masking We optimize the thresholds using a novel budget-aware importance i H i i i H i
modules learn which tokens to keep. training loss for which we introduce a reduction target and L;mras
1 ifsl > gl o an actual FLOPs reduction factor. Learned threshold masking module j
M) = {7 B MisL,6) = o(*22) - -
¢ 0, otherwise S o\ =7 This allows us to create models of any size and allows the \
Forward pass Backward pass model to freely distribute the reduction operations across [CLS]
model L o 6l B . :

Construct pruning masks:
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Modify attention function: CE target FLOPs e ~
Attention _with _mask(Q,K,V,m) = SV o L 2m' 'nd*+(m' 'n)2d+4m'nd? MLP
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