Efficient Adaptation of Large Vision Transformer via Adapter Re-Composing 0\4
Wei Dong! Dawei Yan! Zhijun Lin? Peng Wang>*

1 College of Information and Control Engineering, Xi'an University of Architecture and Technology :. ) Bllsggé\ég:\ll\r(? SRySAI:IES/IE
2 School of Computer Science, Northwestern Polytechnical University ’.io
3 School of Computer Science and Engineering, University of Electronic Science and Technology of China DY

METHODOLOGY Y RESULT fi

Frozen Weights: B R Frozen Weights: Trainable Weights: [_][ ][ ][ ] Bottleneck Operation: [:] - - s - : -
Trainable Weights: 1 0 [ EN e R e (a). Comparison of ARC with baselines and state-of-the-art efficient adaptation methods on five
[ J N w ¥ o | Layer! : FGVC datasets. All methods utilize ViT-B/16 pre-trained on ImageNet-21k as the backbone.
Projection - Projection -
r .. L |
5 | p i p - § : Dataset CUB-200-2011 | NABirds | Oxford Flowers | Stanford Dogs | Stanford Cars | Mean Params.(M)
C I, ) _ﬁ/ N\ p Dowtn AN Down Down []p B Down []p I MethO(El .
| O roken | Token AN \reeeton X  Projection | Projection Projection 3 | Projection Projection : Full fine-tuning 87.3 82.7 98.8 89.4 84.5 8.5 85.98
Trainable Tiéiiiﬁiiie \ | / p N g / ) ) I Linear probing 85.3 75.9 97.9 86.2 51.3 79.3 0.10
Token  Token _ . | | i g | 'ﬁ | | : Adapte 87.1 84.3 98.5 89.8 68.6 85.7 0.41
e Diffcrcnt  NUNN  Ditferent  [NNCENNNNN  Different N N X L L, o o = N (] -|'® ,,,,,, Bias [42 88.4 84.2 98.8 91.2 79.4 88.4 0.28
B ’ : | § [%] fEEEn @ % [%:I | \'D‘ ; VPT-Shallow [6] 86.7 78.8 98.4 90.7 68.7 84.6 0.25
| Output | . : . ' | X ) ~ . | 5 ) - VPT-Deep [6] 88.5 84.2 99.0 90.2 83.6 89.1 0.85
g E_I_ | | or LR \‘[\ E‘ HEE - LGl \T\ | LoRA [24] 88.3 85.6 99.2 91.0 83.2 89.5 0.44
[ | . —— t—p _ \ Coefficients |} Coefficients | : SSF* [9] 89.5 85.7 99.6 89.6 89.2 90.7 0.39
 Pevjection — LY Projection @ — sui ; < 2 ~ : | SSF [9] 82.7 85.9 98.5 87.7 82.6 87.5 0.39
, . E l | : ARC,.(( 38.4 85.0 99.4 90.1 82.7 89.1 0.15
LTI = DJ(mn 1L Down [ A 7 i T I ARC 88.5 85.3 % 91.9 85.7 90.1 0.20
--------------- J Projection L \ Proicction ; «—— Scale e —— e e e — e — e — -
T1 ainable Tlamable L™ \
Token Token ‘
i t E \ [ } (b). Comparison of ARC with baselines and state-of-the-art efficient adaptation methods on
» Fine-tuning large-scale pre-trained models for downstream tasks. s—ri— = — e \ VTAB-1k benchmark. All methods utilize ViT-B/16 pre-trained on ImageNet-21k as the backbone.
. : : : . Layer / : Layer [+ 1 !
» Updating full fine-tuning model is expensive. Lo _ [ S Haikhe . | — — — —
- . | " ~ . . R —
» Existing methods keep pre-trained parameters frozen and || ... — liﬂﬂll\f[ﬁ;k}- {B;"ﬂ;‘;egk}_ R N BO‘“QW“J— _|Bﬂﬂle“eck}_ > ceaens : E 2 | g g 3 |32 .5 ¢ oz i3 |E G
e | for or for MHA for FFN N = ¢ o ¢ , % 2|s|T % % £|s|:f T 3 E L L E E|z|3 &
only update a small of task-specific parameters. | — ; 'L : : b\ 203 2 5 5|25 & Z |28 % F 2 4 ¢ % %22 &
» Adapter Re-Composing. [ } Uneapobing | 634 850 632 970 563 366 510 | 659 | 785 515 86 140|770 | 343 06 32 534 125 200 96 192|269 |29 oo
» Exploring the importance of adaptation parameter reusability and . . il |8 870 92 o5 93 So s4|7ma| 707 ote 75 8 |70s |ers e me e ees oo 197 21 |t |t ors
PIOTINg P P P y llustration of the proposed Adapter Re-Composing Method. Pl (6 | 719 S5 G4 M4 13 144 s | 768 | 70s om0 1s6 e |1on |06 e s en o7 i 20 au1 |70 |es on
k further CompreSS|ng the adaptathn COSt. VPTDeep[6] | 788 908 658 950 883 781 496 | 785|818 961 834 684 | 824 | 685 600 465 728 736 479 329 378|550 | 694 060
LoRA [24] 65.3 879 694 987 907 824 534|782 | 828 948 825 750|838 | 776 o647 458 790 733 447 263 382|562 |70.1 029
- - o= - . SSF* 69.0 926 751 994 918 902 529 816 874 959 874 755 86.6 759 623 533 806 773 549 295 379 590 731 024
Plain Vision Transformer processing flow | Adapter Re-Composing method e
CONTRIBUTION R ARC 722 901 727 99.0 910 919 544 | 81.6 | 849 957 867 758 | 85.8 [ 80.7 67.1 487 SL6 792 510 314 399 | 60.0 | 73.4 0.13
o _ _ Xemb = [leS;XpatchesW] + Xpos : We apply adapter by shari_ng the parameter (c). Performance comparison on VTAB-1k using ViT-Large and ViT-Huge pre-trained on
» We approach efficient pre-trained model adaptation from a novel | among up and down matrices as: Wy, = (Waouwn)" ImageNet-21k as backbone.
perspective by exploring the reusability of adaptation parameters, which X" = MHA (LN(X(~D)) 4 XD | Adant o bt . (a) ViT-Large (b) ViT-Huge
- - - - - - - a erS are S are e Ween eaC a er. Natural (7) | Specialized (4) | Structed (8) | Mean Total Params. Natural (7) | Specialized (4) | Structed (8) | Mean Total Params.
goeS beyond eX|St|ng Works that pr|mar||y fOCUS on the I|ghtwe|ght deS|gn I p ] y Full fine-tuning 74.7 83.8 48.1 65.4 3034 Full fine-tuning 70.9 83.6 46.0 63.1 630.9
€ X® = FEN (LN(X®)) + X" (adapter are independent for MHA and FFN) weieg | s | @1 | B | 55 an uwe | o0 | w0 | omi | o o
O a apter StrUCtureS' I Bias [37] 70.5 73.8 41.2 58.9 0.32 Bias [42] 70.3 78.9 41.7 60.1 0.52
- - - VPT-Shallow @ 78.7 79.9 40.6 62.9 0.15 VPT-Shallow @ 74.8 81.2 43.0 62.8 0.18
» We Introduce the Adapter Re-Composing (ARC) strategy, which shares w07 _ A (x“ 1)) : Xout = ARC(Xin) = XinWaownCOWy, + Xip wrle | ms | ms | s W8 0w Ve | ms |
o _ _ _ h — h norm LoRA [24 8l.4 8?_0 i?i % 0.74 LoRA [24 17.1 8%.5 5.:.-1 @ 1.21
parameters across layers and utilizes lower-dimensional re-composing ' S S R S N S S L - N
- - - - - - - /(X(l_l) w(l)) (X(l_l)w(l))T\ I W(l)’ — (Wdownc(l)wu + I)W(l) - - - -
coefficients to create layer-adaptive adapters, keeping a linear increase In = corromae | ZnormWa ) KnomWic™) | -ty ) \ 1 p 1 (d). Performance comparison on VTAB-1k using Swin-Base pre-trained on ImageNet-21k as
parameter size with the number of layers. S norm | backbone. -
— - - atura pecialize ructe lean lota darams.
_ _ _ o o \ Dh / X(l)l MHA (ARCMHA (LN(X(Z 1)))) _|_X(l 1) Natural (7) | Specialized (4) | Structed (8) | Mean Total P
» Through extensive experiments on various Vision Transformer variations I Full finc-wning | 79.1 562 59.7 724 868
Linear probing 73.5 80.8 33.5 58.2 0.05
and numerous downstream tasks, we show that our method achieves highl W -1y _ (t-1y =Dy ® | MLP-4 [6) 706 507 312 57 404
. ] ghly X' = MHA(X Orm) [AHl( norm -, AHy (X Orm)]w" I X = FFN (ARCFFN (LN(X(D'))) + x®r Partial [6] 73.1 81.7 35.0 58.9 12.65
competitive transfer learning performance. Bias (421 742 50,1 £24 21 023
. . 0) 0L 0L ) ) l VPT-Shallow 79.9 82.5 37.8 62.9 0.05
» Our codes Is available at: X® = FFN (X{orm ) = GELU (X{ormW," ) W | X® = GELU (ARCren (X )WP ) WP VPEDecp[o] | 768 4.5 534 77 02
. . FEN 1 - ARC 79.0 86.6 59.9 72.6 0.27
&ttps://glthub.com/DaV1dYanAnDe/ARC \ : K




	幻灯片 1: Efficient Adaptation of Large Vision Transformer via Adapter Re-Composing Wei Dong1  Dawei Yan1  Zhijun Lin2  Peng Wang3⋆ 1 College of Information and Control Engineering, Xi’an University of Architecture and Technology 2 School of Computer Science

