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Motivation

* Many vision applications require...
* Real-time latency
* High throughput
* Energy efficiency

* ViTs exhibit inefficiencies
e Square self-attention matrix
* One token per patch, no pooling




Goal: Improve inference efficiency

... while maintaining high task performance
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Applicable to quite a few vision tasks: VIT Block |

classification, semantic segmentation,
object detection, instance segmentation
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Cross-attention pruning module (__ Crepr ]
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Image classification (IN-1k)

Method Sch. LLF Pool Acc. 1000 im/s Method Res #Par FLOPs Acc. 1im/s
Non-salient N v avg 764  1.481.7x EVA-02

-02 + Cropr 44 .3B .18B : 132
Random N v  ave 838 1.50 1.7x VRS = Ly 8 03B 0.18B 89.7 13
Variance [32] \ v avg  84.3  1.50 1.7x EVA-02 + Cropr | 448 0.3B 0.07B 88.8 259
Attn Top-K N v cls 84.7  1.451.7x
Cropr NV avg  85.3 1.481.7x Cropr applied to a SoTA model
K-Medoids [31] N avg 84.5 0.31 0.4x
ATS [14] \ cls 83.9 0.49 0.6 x gl 1.9x Me‘;\lllod . Method
DPC-KNN [12] e avg  79.2 1.001.2x 87.00325 Gg;;'; 4 C;)ng;umng 871 8o58@ ,,. f6s2@ o Igfoﬁiunmg
EViT [26] N cls 84.5 1.5718x  L86f ' L7x o5 | Modelsize s Ty 18X o Imazg;4size

< 0. ViT-B/16 < 03 | ®
TOMG, from [4] N\ cls 85.1 1.55 1.8x %85 - 85.8@86185.3(31476 ; ViT—L;lG & 22.759@ 86 31' 97 @ 336
ToMe [4] N avg 850 1.551.8x & @ VitH/14 £ g6l S1@5Y7 | @ 448
Cropr N avg 85.1 1.611.9x g il 1.5x g 85.80@56171:2&"73
83k 83.5@2465 i.p.9 L %-0.5

DynamicViT [37] ¥ avg 64.4 1.32 1.5x% ° B
SIT [60] ~ avg 830 1Aliex  mf | | S i L
Sinkhorn [15] - avg  56.5  1.401.6x 256 o1z Thro&g(;)fé)ut (e 4096 Throughput (im/s)
PatchMerger [38] % avg 82.4 1.40 1.6x
Cropr - avg 854  1.431.7x Throughput gains increase with larger models and image resolutions,
Cropr = v ave  85.5 1.351.6x while performance drop decreases.

Comparison to other token reduction methods



Semantic segmentation
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Cropr performs comparable to , With Cropr prunes tokens from stuff classes earlier, but keeps a
2x throughput increase. few tokens from each class in later layers. Despite pruning,

adjacent outputs of the same class appear consistent.
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The token concatenation baseline merges keep Last Layer Fusion (LLF) fuses tokens before the last
and pruned tokens after the last transformer block, leading to more uniform representations
block, distinct clusters form per block. and suggesting better synchronization.
Method #Params  GFlops mloU  Token fusion ablation on ADE20k.
No pruning 304M 311 56.7 Median mloU across 5 seeds.
Cross-Attn 319M 184 49.3 b ith
Token Concat 304M 172 51.8 LLF p ?r forms best, without
Cross-Attn + Concat  319M 186 51.1 additional parameters.
MHSA + Concat 318M 186 59.2
DToP 308M 174 50.1

LLF 304M 183 56.6



Object detection and instance segmentation

Label No pruning ~ Random

Method AP AP™k  im/s (enc.) im/s

No pruning  64.2 55.4 5.81.0x 4.51.0x

Random 60.6 51.9 14.02.4x 8.51.9x%
Variance 62.0 53.0 13.92.4x 8.51.9%
Attn Top-K  62.6 53.6 10.81.9x 7.31.6x%

Cropr 63.0 54.0 13.92.4x  8.51.9x%

On COCO, we prune 97% of all tokens with a 2.4x
speedup at a moderate performance loss.

Cropr pruning maps highlight task-relevant objects.



Architecture ablations
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Method Acc. GFlops 1im/s

MHA 85.2 36.8 1352
Simple 85.3 34.2 1476
(a) Cross-attn. A simple 1-head cross-

attention design w/o projection layers per-
forms slightly better and is more efficient.

MLP Acc. GFlops 1im/s

X 85.0 34.2 1476
v 85.3 34.2 1476

(c) MLP. Adding MLPs to the aggregator im-
proves performance w/o overhead at infer-
ence time.

Method Acc.

Sampling  85.1
Top-K 85.3

(b) Selection methods.
Top-K vs. sampling from
the attention distribution.

Stop grad.  Acc.

X 85.0
v 85.3

(d) Gradient mode.
Stopping gradient flow
works best.




Throughput (im/s)

Throughput ablations
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Effect of sequence length M on throughput for different image
sizes. A mere reduction of 1 token, instead of giving a negligible
speedup, results in significant throughput drops.

Throughput ablations for FP32, AMP, and AMP with
FlashAttention across image sizes. Annotations denote
speedups of Cropr over the unpruned baselines.
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