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Adapter

Prompt Tokens

Crossover
(a) Inputs: (b) Implementation:

[ Awr

1. Two random MOAH subnet architectures with 12 blocks

A . A By , B -
VPT Adapter LoRA [ Dt ps 11 L S
Block size = 12 12 12 Tt e
A: {{10,5,5, 5, 10, 50, 0,..., 0L,{5, 5, 10, 0, 0, O,..., OL{S, 5, 5, O..., O}} - — -

Basa
(-FEmbedding dimension P

B: {{s, 10, 5, 50, 5, 50, 0,..., 0},{5, 5, 5, 0,..., 0},{5, 5, 5, 10.., 0}} Randomly select a prompt module from A or B

Mutation

(a) Inputs: (b) Implementation:

Depth number=6 3 3
—_— P i ——
A:{{10,s,5,5, 10,50, 0,..,04,{5, 5, 10, 0, 0, 0,..,0},{5, 5, 5, 0..,0}}

1. One random NOAH subnet architecture with 12 blocks
A:{{10,5,5, 5,10, 50, 0,..,0L,{5, 5, 10, 0, 0, 0,..,0},{5, 5, 5, 0...,0}}

New depth=3 MNew depth =6 New depth =3

2. Search space
- Embedding dimension: {5, 10, 50, 100} {{10,5, 5,0, 0, 0,.., 0}, { 5,5, 10, 5, 10, 5,..., 0},{5, 5, 5, 0,...,0}}
- Depth number: {0, 3, 6, 9, 12} — . ———

Set to zero Sample from the'search space Unchanged
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Preliminary: Shortcut Connection L .
In parameter efficient fine-tuning, the model
‘ o needs to fit the unseen downstream dataset when
X £y the most of the model parameters are frozen.
Tpeqg = h(’ﬁg) + ]:(TE ]’1"})- Yy = Ty + ZF(‘TT&’ Ifo{). AdClpTlng ShOPTCUT
o — L .
= ly™ =yl < (H(K’H K})) laf — 7]
i=l

K-Lipschitz Constraint
Table 6. Experiments on adapting on shortcut or residual. Here

Since the model parameters are pretramed on Iarge SNF-s is the abbreviation of SNF-shallow and SNF-d is the abbre-
datasets, it implies an implicit Lipschitz constraint: viation of SNF-deep.

2 7Y _ Tl T < R | Caltech101 Cifar100
Some layer that are unconstrainted will propagate on shortcut 93.5 94.0 84.3 84.0
on residual 90.8 92.2 83.2 83.7

error when transferring to downstream datasets.
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Assumption 1. For pretrained model, the learned feature
z is the minimal sufficient representation for learning in-
formation of label y from input x as I(x,y) = I(z,z) =
I(y, z). The intuitive diagram is illustrated in Fig. 2.

O Representation Z Conditional Mutual Information I(Z, X|Y)
Mutual Information I(Z,Y) % Mutual Information I(Z,¥) = I(X,Y) = I(Z,X)

- (.) (
Max 1(z Y) =

Max I(Z Y) I(Z X|yY
Random Sufﬁcnent

Minimal Sufficient
Representation Representation Representation

Assumption 2. For downstream datasets, the label infor-
mation s is assumed to contain the label information vy, of
the pretrained large dataset as y; C 1yo. And the mutual
information I (x,y1) < I(x,ys2) for input .

Proposition 1. For downstream datasets, we can hardly
learn new information about the input when most features
are frozen, then if we learn representation z,.,, in a way
that information is lost, i.e., I(zpew,x) < I(z,x), the rep-
resentation will also lose information about the label y» as
I(Znewa y2) < I(Z: y2)'

O O Representation Z

[l New Information 1(¥2,X) — 1(¥1,X)

ooooo

<& 3 Direction of changing Representation Z, :iii Lost Information I(Y1,X) — I(Y1,Z)

.....

Learning New Losing Original
Information Information

Proposition 2. For zi,zo € RN, the mutual informa-
tion 1(z1,22) equals to 1(z1,z1) when the mapping zo =
fu(21), fy : RY — RY is invertible and smooth.
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(b) Adapting shortcut with SNF

____________________________________________ o s e s
Normalizing i e
— — .
SNF Flow : [] Frozen
(c) SNF
af;

(},ZJ 1

2! = fro- 0 fyo fi(2") Ing(z’) = Ing(2") — Zln ‘[iil

(a) Origin (b) Linear  (c) SNF-shallow (a) Origin (b) Linear  (c) SNF-shallow
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Preliminary: Dataset Introduction

Dataset Description [#Classes| Train | Val | = Test
Fine-grained visual recognition tasks (FGVC)
CUB-200-2011 [28] Fine-grained bird species recognition 200 5,994 - 5,794
NABirds [26] Fine-grained bird species recognition 555 23,929 - 24,633
Oxford Flowers [23] Fine-grained flower species recognition 102 2,040 - 6,149
Stanford Dogs [15] Fine-grained dog species recognition 120 12,000 - 8,580
Stanford Cars [7] Fine-grained car recognition 196 8,144 - 8,041  Few-shot Learning
Visual Task Adaptation Benchmark (VTAB-1K) Food-101 [2] Da?ly ﬁnc—gra}ne,d food I‘ﬁCOg.n.ltIOIl 101 - 25,250
Cifar100 7] 100 10.000 Stanford Cars [16] Daily fine-grained car recognition 196 - 8,041
’ Oxford-Flowers102 [22]  Daily fine-grained flower species recognition 102 |(1/2/4/8/16)*(#Classes)| - 6,149
Caltech101 [6] 102 6,084 . _ B . ; . ..
FGVC-Aircraft [19] Daily fine-grained Aircraft species recognition| 100 - 3,333
DTD 4] 47 1,880 Oxford-Pets [24] Daily fi ined pet ies iti 37 3,669
Oxford-Flowers102 [22]  Natural 102 800/1000 200 | 6,149 OB atly fine-gramned pet species recoghihion - :
Oxford-Pets [24] 37 3,660  Domain Generalization
SVHN [21] 10 26,032  ImageNet-V2 [25] 1000 - - 10,000
Sun397 [20] 397 21,750  ImageNet-Sketch [29] N . IR 1000 - - 50,889
Patch Camelyon [27] 2 32,768  ImageNet-A [11] Variants of ImageNet with domain shifts 1000 i - | 7500
EuroSAT [%] Specialized 10 800/1000 200 | 400 ImageNet-R [10], 1000 - - | 30,000
Resisc45 [3] 45 6,300 .
Retinopathy [14] 5 42 670 Other Visual Recognition Tasks
paty 17 “ ’ ImageNet [5] . .. 1,000 16%*(#Classes) 50,000({150,000
Clevr/count [13] 8 15,000 Cifar-100 [17] Other general visual recognition 100 50.000 10.000
Clevr/distance [13] 6 15,000 —MAr : ; i .
DMLab [1] 6 22,735
KITTI-Dist [2] 4 711
dSprites/location [20]  tuctured 16 80071000 200 1 73 728
dSprites/orientation [20] 16 73,728
SmallNORB/azimuth [ 18] 18 12,150
SmallNORB/elevation [ 13] 9 12,150




JUNE 18-22, 2023

CVPRnﬁ‘- ]

ATl

¥ Experiments

SHANGHAI JIAO TONG UNIVERSITY

Table 2. Per-task fine-tuning results on VTAB-1k benchmark. The backbone is ViT-B/16, and we ignore the linear layer when calculate

the amount of learnable parameters. Bold represents the best performance, underlined represents the second best performance. 1 wl Fooatol - Fovcaircran
Natural Specialized Structured gm y— | g;:: i // =
= éso' // ézu 4
~ _ . E - .ﬁ 2 40 :E«EE:W //
2o & & S oo 2|2 2 . B g g SEl,
E 2 % i Z S‘\ 2:‘ 4: g 8" L') QI "g ,_" »_] O m m =1)] l\}u\ﬁber :f labeled trgir'\ing samples per c:ag r:un%\her :f labeled (rglr'\ir'\g samples per c\aig l\}un?mer :f labeled trgimng samples per aag
E — O o) g T @ L (/O: @ k= l; !; — ~ o o a1 (a4 E llllllllll OxfordPets StanfordCars
g€ 5 2 & 2% 5|8 £ 535 2 838 &858 2928 = o[ e
Methods ¥ |O O A B & » »/O @A Xk |00 A X< © % %< "/ §§:_/
Traditional Fine-tuning g ol - s“
Full 85.8 |68.9 87.7 64.3 97.2 86.9 87.4 38.8/79.7 95.7 84.2 73.9/56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1|65.57 ... 2| =
Linear 0 |63485.063.297.086.336.651.078.5 87.5 68.5 74.0[34.330.6 33.255.4 12.520.0 9.6 19.2(52.94  fwdmmssommusecnt i ol i s Lo o
Other approaches
Bias [ ] 0.10 [72.8 87.0 59.2 97.5 85.3 59.9 51.4/78.7 91.6 72.9 69.8|61.5 55.6 32.4 55.9 66.6 40.0 15.7 25.1 62.1 Table 3. Results on domain generalization, the source domain is
ImageNet-1k. The backbone is ViT-B/16.
VPT-shallow [ ] 0.07 [77.7 86.9 62.6 97.5 87.3 74.5 51.2/78.2 92.0 75.6 72.9|50.5 58.6 40.5 67.1 68.7 36.1 20.2 34.1| 64.9
VPT-deep['©]  0.60 |78.8 90.8 65.8 98.0 88.3 78.1 49.6|81.8 96.1 83.4 68.4|68.5 60.0 46.5 72.8 73.6 47.9 32.9 37.8| 69.4 Method Source — Dya — Dsgeten —+ Da — Dr
LoRA [ ] 0.25 |67.1 91.4 69.4 98.8 90.4 85.3 54.0/84.9 95.3 84.4 73.6/82.9 69.2 49.8 78.5 75.7 47.1 31.0 44.0| 72.3 Adapter [ 1] 70.5  59.1 16.4 55 22.1
NOAH [7] 0.39 169.6 92.7 70.2 99.1 90.4 86.1 53.7|84.4 95.4 83.9 75.8(82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2| 73.2 VPT [ 0] 70.5 58.0 18.3 4.6 23.2
LoRA[I°] 70.8 593 20.0 69 233
DR NOAH[/’] 715 66.1 24.8 119 285
SNE-shallow 0.036(84.3 93.5 72.7 99.3 91.3 89.5 54.3|85.7 96.2 85.574.1/181.1 61.048.9 82.3 75.449.3 31.1 41.7| 73.5 Ours 785  66.4 27.6 122 304
SNEF-deep 0.25 [84.0 94.0 72.7 99.3 91.3 90.3 54.9(87.2 97.3 85.5 74.5|82.3 63.8 49.8 82.5 75.8 49.2 31.4 42.1| 74.1
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Table 1. Per-task fine-tuning results on FGVC datasets. The backbone is ViT-B/16, and we ignore the linear layer when calculate the
amount of learnable parameters. Bold represents the best performance, underlined represents the second best performance. Abl Gfi on
Methods Params(M) CUB-200-2011 NABirds Oxford Flowers Stanford Dogs Stanford Cars Mean
Llneal‘ pI’OblI’lg 0 85.3 75-9 97‘9 86.2 5 l 3 79-32 Table 5. Ablation Study on the leﬂgth of flow model.
Full-tuning 85.8 87.3 82.7 98.8 89.4 84.5 88.54 Methods Params(M) NABirds Stanford Cars Mean
Sidetune [ 1] - 34.7 75.8 96.9 85.8 48.6 78.35 1-layer 0.036 86.7 83.3 85.00
Adapter [ ] 0.23 87.1 84.3 98.5 89.8 68.6 85.67 3-layer 0.14 87.2 84.9 86.05
VPT-shallow [ (] 0.08 86.7 78.8 98.4 90.7 68.7 84.62 S-layer 0.25 87.4 86.9 87.15
VPT-deep [ ] 0.66 88.5 84.2 99.0 90.2 83.6 89.11 T-layer 0.36 87.4 87.5 87.45
Table 6. Experiments on adapting on shortcut or residual. Here
Results of our methods SNF-s is the abbreviation of SNF-shallow and SNF-d is the abbre-
SNF-shallow 0.036 90.0 86.7 99.6 89.3 83.3 89.78 viation of SNFE-deep.
SNF-deep 0.25 90.2 87.4 99.7 89.5 86.9 90.74 -
Method Caltech101 Cifar100
Table 4. Results on different backbones.SNF-s{ and SNF-df are the abbreviation of SNF-shallow and SNF-deep, respectively. SNF-s SNF-d SNF-s SNF-d
on shortcut 93.5 94.0 84.3 84.0
ViT-B ViT-L Swin-B ResNet-50 ResNet-101 on residual 90.8 92.2 83.2 83.7
g g g g g Table 7. Experiments on bottleneck. The backbone is ViT-B/16.
= 7 = b1 = =z = b1 = 7 .
< = < = < g < = < = Method Caltech101 Cifar100 #Params
75 = 75 = 75 = 75 = %) =
= £ £ |EB & EF|E & E|E & E|E & F SNFshlow 93.5 843  0.036
Methods ) &2 ¥+ A 0 e A &2 3 a o e A QD ¥ SNF-deep 94.0 84.0 0.25
Linear | 632 875 0 |677 946 0 |771 940 0 |605 884 0 |587 878 (o  Dowlencckonshorcut 909 e 0B
Full 64.3 957 858 | 685 957 306 | 76,5 96.6 87.1 | 61.1 959 245 | 603 956 42.6
SNF-st 727 96.2 0.036 | 73.5 96.6 0.10 | 774 96.8 0.05 | 62.8 95.6 0.03 | 625 956 0.06
SNE-df | 72,7 973 025 | 747 97.0 069 | 781 973 034 | 63.5 957 0.18 | 634 95.1 043
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