| Yifan Xu'l, Zhijie Zhang2, Mengdan Zhang?, Kekai Sheng3?, Ke Li3, Weiming Dong?,
Association for the Advancement Liqing Zhangzl ChangSheng Xul’ Xing Sun3

of Artificial Intelligence I NLPR, Institute of Automation, Chinese Academy of Sciences,
2 Shanghai Jiao Tong University, 3 Tencent Youtu Lab

Introduction R Famework

// Evo-ViT: Slow-Fast Token Evolution for Dynamic Vision Transformer

FSTH{CE

Visualization

. . . . . . . e N I " Original L S5 L 9 L 11
Motivation. The computation inefficiency is still a severe issue : : i 1, Vanilla Transformer Block | ~S08 b b b
o _ o . : Global Class Attention Evolution & |
for vision transformers (ViTs). Existing token pruning methods | | ry ! Lo " ,
. . . A I vt e r |
for redundancy reduction are restricted in two aspects: 1) 4= J_ - ' Slow Updating : X : l l g :
: . ers |
inapplicability on structured compressed transformers; 2) :: o} o ( ) @ O | : : . Global CLS attention ‘é E
inability to train from scratch. :: 0.05 IL1- : i : @ ! [ nca A
1 0.2 : | e anilla B — | : D + . > !
Methodology. To address the limitations, we propose a slow- :: ggg - Tra’;gﬁ(’“er : : : : OLS attention 3 i
fast token evolution approach for dynamic vision transformers :: 02 'm' A A ) | ‘ 5| |
. .« .. . . . \ 4 I
(Evo-ViT). We distinguish the informative tokens from the :: 0.04 'm) IT—'Tf ______________________ ' _}l — : : | [ — ] S :
. . . . 0.1 r : | |
placeholder tokens (uninformative tokens) for each instance in :: 03 O, 0O +A: L ! 2|
' [
an unstructured and dynamic way, and update the two types of :i —— : : i : s+ A s | : : l \sj: A | =
tokens with different computation paths. "I Selection 1 'O, | tA = v | cceleration
| I [
o R , L - Fast Updating + A | : :
Results. Experimental results demonstrate that our approach | | ________---__--C-C-C-C-C_”_”--C-______Z | : [l o i e i i e e | Method Top-1 Acc.  Throughput
N . e . . - ™ (%) (imgls) (%)
significantly accelerates various state-of-the-art ViTs while O CLS token slncanlter boken calantian Infomsative tolken .
maintaining comparable accuracy. For example, our approach | Derl-5
. oo o A representative token gIObaI class attention B 13 T t al. 2021 70 8 04() _
accelerates DeiT-S over 60% but only sacrifices 0.4% accuracy. S y aseline (Touvron et al. 2021) -
PS-ViT (Tang et al. 2021) 79.4 1308 43.6
Code: https://github.com/YifanXu74/Evo-ViT o S| - : : DynamicViT (Rao et al. 2021) 79.3 1479 57.3
w-f ken in e Str re preserving token selection Y
........................I ....................................... i .....................E- S O aSt to e updat g St UCtu e p e g SViTE (Chen et al. 2021) 79.2 1215 29.3
M {| : . .
=ﬁﬁ) l‘i \ e Global class attention evolution J IA-RED? (Pan et al. 2021) 79.1 1360 44.7
T ! Evo-ViT (ours) 79.4 1510  60.6
H Token g Unstructured | # Flne tunlng Compact J
Sel I 'l ] |T f - -
tralnlng election Pruflng ' ransiormer Te C h n Ica I I n S I g ht Param Throughput T()p-l Acc.
11, x ’? Model (M) (1mg/s) (%)
Local } T —— ’ —— Compact} Wide applicability. The Evo-VIiT approach maintains the complete spatial LeViTo56 139 3357 201
opaud Pm’f] y [Compfessan /| :[g] [ Lirzeioies: structure. Therefore, it is able to accelerate ViTs of both flat and deep-narrow LeViT-256 19.0 906 81.8
‘ b4 T . PVTv2-B2 25.4 687 82.0
T \/ T f the training pr : v
l”éf i 3g!| structures from the very beginning of the training process PiT G 73 g en il |
S;ZEZ‘;H]—'—{PSWC“? ' %"g tFaSHTC"“;pa“] Potential in downstream tasks. More significant acceleration performance is Swin-T 29.4 735 81.3
- oervaron peans phiaidaince . . . . CoaT-Lite Small 20.0 550 31.9
e e e e found with dense input. Future work includes extending our method to dense o oviTL25G 00 = -
Figure 1. An illustration of technique pipelines for computatlon . . : : vo-LeViT- . .
\ reduction via tokens. The third line is our approach. / Qredlctlon tasks, such as detection and segmentation. / . Evo-LeViT-256" 19.2 1285 81.1 )




