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Framework

I Meta-Tuning in Large-scale Pre-trained Models o e (R

» Large-scale pre-trained vision transformers have revolutionized the few-shot learning area !l
» Meta-tuning equips pre-trained models with quick adaptation capability by training on a handful of

few-shot tasks

Task/Episode

Support Set

Pre-trained

MO del Query Set

Pre-training

Meta-tuning

[1] Pushing the Limits of Simple Pipelines for Few-Shot Learning: External Data and Fine-Tuning Make a Difference. In CVPR, 2022
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Does Meta-Tuned Models Generalize Well? ptgn o osvion || S (i
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In-Distribution Out-of-Distribution Robustness

Puffer, 97.99% crab, 100%

* Concept shift: training and  Domains of images (e.g., from IN to
test samples are collected from QuickDraw) or granularity of categories human-imperceptible perturbations
the same environment yet from (e.g., from iNaturalist to Plant Disease) in * Visual corruptions: weather, noise,
mutually exclusive classes unseen tasks deviate from those in the blur, etc.

training tasks.

* Adversarial Vulnerability:

Performance on Meta-Dataset in the Variablg-Way-Variable-Shot setting Performance on Meta-Dataset in the 3-way 1-shot setting
¥ O sde as, i * o
¢ Meta-tuning shows limited improvement for out-of- *  Meta-tunning suffers from double distribution
domain tasks shifts (Domain Shifts + Adversarial Attacks /
¢ Meta-tuning on single domain yields marginal Noise Perturbations )

¥
>

Dataset Dataset
Domain Type Domain Type
/7 7/ In-domain ++«« Out-of-domain 7/ /7 In-domain <+v« Out-of-domain
Model Test Type

Pre-trained Meta-tuning (single domain) Meta-tuning (multi domain) Clean Adversarial (€=8/255, a=0.8/255) Corrupted (Frost, level=5)
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. I What is Relationship between Adversarial Robustness & Iﬁi@t%i@\%iﬂ% Shift?

» Meta-train on ImageNet using adversarial examples generated under different perturbation budgets €

~

» Meta-test on in-domain and out-of-domain datasets -
fo: classifier with parameters 0
L: CE loss
4: perturbations
€: robustness level
5 « I, (5 +a- sign(V(gL(fg(x + 6),y))) a: step size
Q"[E: projection for constraints J

ming max; s <e L(fo(x + 8),y)

e Sacrifice in-domain

generalization performance * OOD performance

can be improved
with suitable
robustness levels
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. I What is Relationship between Adversarial Robustness & Iﬁi@t%m%iﬂ%

Shi

» Meta-train on ImageNet using adversarial examples generated under different perturbation budgets €

» Meta-test on OOD datasets /fgi classifier with parameters 6 )

ming max L x+0), L: CE loss
¢ 1910 <€ (fe( ) y) 4: perturbations

€: robustness level

5 « I, (5 + a - sign(VsL(fo(x + 5),y))) a: step size
\l’[e: projection for constraints j

Trade-off Between OOD Generalization
and Robustness Level
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Frozen @ Adversarial Perturbation = -------- » Meta-Tuning Forward ——— Test-time Merging Forward
Adversarial Meta-Tuning : Perturbation Budgets i 5
Attack i i
fg(i,xq) F i 60— i €, i
[ ViT Block ] l o
? 1 1
T Query Set : l
[ ViT Block
T )
[ ViT Block Pre-trained
J Residual
t \ Weights
[ Patch Embedding
t t

- \
= PR
: f
ﬂl

merging coefficient S

Query Set
M
Q= {xq'Yq}q=1 S = {xs':)’s}é\’:Kl

Support Set T Tein
Training Objective

Lciean = LCE(fWTeS+AB(5» xq)» Yq)

Laav = Dxi (fWres+AB(5: x3) || fwresan(S, xq))

L= Leean + AaavLaav

Test-time Merging

w
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Generate Adversarial Query Set
maXIISIIooSEiL(fB(S' Xq +6),5q)

§ « I, (6 + «a - sign (VSL(fG(S' Xq T 5),)’q)))

Adversarial Perturbation on Singular Values and Vectors

A = Uy, diag (S [17{]2)
B = diag(S./% ) V[

wres — U[r:] diag(S [r:]) V[?]

6A =11 %ZIC\[/leAL(fWreS +AB(5' xCC[ldv)’ yCI)
A« A-— ¥ '%ZIC\,/I=1VAL(fWTeS+(A+6A)B(5: xcclldv)'yq)
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Weight Merging

Frozen @ Adversarial Perturbation = -------- » Meta-Tuning Forward ——— Test-time Merging Forward

Adversarial Meta-Tuning : Perturbation Budgets

Attack é i E Ci = m{ évfl]/(fwres + AiBi(xS): pi:)’s)
fo(S,xq) € | € i ezi 1 . N
t . Vi = ﬁzsﬂz c=1 V(fwres + A;B;(xs), pi,c)
[ ViT Block ] CEYq
T
i
[ ViT Block
e ¢ — _ToPu(exp(A(1L — A€ — (1 = DV,
— il 3k Topr(exp(—B(1 — (AC — (1 — DV)));
Patch Embedding |

T \ ; W' =Ww"s+ ¥ {AB;.

merging coefficient < Test-time Merging

Query Set Support Set
M
Q= {xq'yq}q=1 S = {xs, ys 38

W Trim i Singular Value Trimming
W = trim(W")
Inference: Nearest-Centroid Classification

y]q = argmin cos (fW(qu)' pi’ys)

l




Framework
Clean ID/OOD Generalization Evaluation
.
Few-shot Clean Accuracy on Meta-Dataset benchmark
. | In-domain Out-of-domain
1-shot Backbone | TTF ImageNet | Omglot Acraft CUB DTD QDraw Fungi Flower Sign COCO Avg.
PM (3] ViT-small | - 65.07 5903 3813 7618 61.56 5729 S6.03 8041 5517 5442 | 6035
StyleAdv €3] ViT-small | - 56.10 6225 4038 66.62 5594 5793 5319 BLI0 5420 4808 | 57.58
AMT ViTsmall | - 68.80 7195 4290 7995 6299 5962 59.06 8537 6378 5714 | 6516
PMF [13] ViTsmall | Y 65.07 71,52 3867 7615 61.62 5982 5603 BO4l 5971 5441 | 6234
PMF+AMT-FT ViTsmall | Y 68.80 7783 4290 7995 6377 6372 59.06 8537 6387 5737 | 66.26
ATTNSCALE [58] ViTsmall | Y 63.66 7251 4009 7359 6104 6026 S4R8  B252 5991 5510 | 6236
ATTNSCALE+AMT-FT | ViT:small | Y 68.80 7943 4290 7995 63.08 6566 S9.06 K537 6413 5824 | 66.66
Competitive methods: compared against three categories Backbone | T | 1n-domain Out-of-domain Ave
) ImageNet | Omglot Ac raw Fu Wer n
of related works: & & &
NI PM (3] ViT-small | - 80,71 7877 5656 9223 7992 7616 T6OR 9661 7466 7177 | 7844
e clean meta-tunmg StyleAdy [€3] ViT-small | - 74.51 8022  SETR B760 TE6T 7557 T3IB0 9618 7199 6393 | 7612
. - 2] AMT ViT-small | - 81.35 B8.47 6173 9312 8034 7959 80.04 9699 BOKS 7456 | 8170
* parameter-efficient adaption
i . 3] PMF [1J] ViTsmall | Y 79.92 9354 6745 9222 8086 8164 7725 9661 BT6R 7533 | 8325
* adversarial few-shot learning methods PMF+AMT-FT ViT-small | Y 81.51 9489  67.99 9323 8041 8302 7976 9693 8937 7620 | 84.33
ATTNSCALE [54] ViTsmall | Y 79.30 9348 6942 9049 BLO4 8266 7744 9651 BOTE 7648 | BI66
ATTNSCALE+AMT-FT | ViT:small | Y 81.57 0574 69.47 9325 8096 B3IBT TE2E 9699 9310 77.39 | 85.06

* Does not sacrifice in-domain clean accuracy
*  Good performance in clean OOD Generalization Few-shot Clean Clean Accuracy on BSCD-FSL benchmark and fine-grained datasets

1-shot | Backbone | TTF | ChestX ISIC EureSAT CropDisease | CUB Cars Places Plantae | Avg,
PM 2] WiT-smuall - 2274 +040 3372 foe0 T294 +077  B104L+o0Rs | E3.53 208 4210 £080 7166 £0s8 59044080 | 5E35
StyleAdyT 73] WiT-small - 22924032 33054044 TEIS54065 81224061 | 84014058 40484057 TRe06T 55524066 | 5775
AMT WiT-small - | 22394030 3392 +058 TIS24+084 BI04 om0 | 8434 £0.83 4433 +081 TATES0RT 5932 4094 | 5921
PMF [32) WiT-small | Y | 20.73+030 30364036 70744083 80.79+062 | 78.153+086 37244057 TLII=071 53604066 | 5546
StyleAdv-FTT (B3] | ¥iT-small | ¥ | 22924032 33994046 74934058 84.01+057 | 8401405 40484057 T264067 55524066 | 5B.57
AMT-FT WiT-small | Y | 23.23t040 33954063 73954078  Elid+os | 84341083 4606 L0580 TIEI080 5932 1094 | 5959
S-shot | Backbone | TTF | ChestX 1SIC EuroSAT CropDisease | CUB Cars Places Plantae | Avg.
PM 2 WiT-small - | 2661 043 4760 £057 A9.19+041  9390+048 | 9501 2040 63444081 BRTI031 TR3I+o071 | TIES
StyleAdv’ 3] WiT-small - 2.97+033 47734044 BESTHO34 94854031 | 95824027 61.73+062 RREIIZ040  THS54054 | TI44
AMT WiT-small - | 27.54 +045 50224063 BS3.38 048 9467 £040 | M L6030 62944082 BRER0.51  TO3240.7 | TRAS
PMET [2) WiT-small | Y 2227 50012 B5.9% 92.96 - - - - -

PME [52) WiT-small | Y | 26,17 4045 5032 £0e3 89974040 9477 £041 | 95.104£042 65764084 RO0220%53 70934064 | TAEE
StyleAdv-FTT B8] | ViT-small | Y | 26974033 5123405 90024033 95994027 | 95.82+0.27 66.02+064 8E.33:040 78014054 | 7406
AMT-FT WiT-small | Y | 27.54 £045 51.56+0.68 62040 9467 =040 | 9521 £039  6T.08+0.79 8922050 $0.36 toed | 7454

[1] Pushing the Limits of Simple Pipelines for Few-Shot Learning: External Data and Fine-Tuning Make a Difference. In CVPR, 2022
[2] StyleAdv: Meta Style Adversarial Training for Cross-Domain Few-Shot Learning. In CVPR, 2023
[3] Strong Baselines for Parameter Efficient Few-Shot Fine-tuning. In AAAI, 2024
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Few-shot Robustness Against Adversarial Attacks

Avg ImageNet Omniglot Aircraft

—e— PM o= PM —e— PM - PM
5 —=- StyleAdv —=- Styleadv 50 —=- StyleAdv —=- StyleAdv
—w— AMT 50 —w— AMT —w— AMT 30 —w— AMT
50
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2 kL &® g1
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. ° o 0
* AMT handles adversarial attacks across va LI N I N R . :
n r rl r r ln €. (scaled /255) €. (scaled /255) €. (scaled /255) £. (scaled [255)
cus DTD QuickDraw Fungi
i —— PM - PM - PM
—8— StyleAdv 50 - Styleadv 50 8- StyleAdv
rturbation budget i - - ‘ -
45
perturbation budgets .
0 a0
> = > 30
g 40 ES 830
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—a— PM —8— PM —a— PM
70 —=- StyleAdv 50 —m- StyleAdv w© “m- StyleAdy
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Few-shot Robustness Against Natural Corruptions

1 PM [0 StyleAdv [0 AMT [0 PMF N AMT-FT

60 Noise 60 Blur 70 Weather 60 Digital
55 55 550
L3 — 60| — -
* AMT consistently outperforms counterparts across - <50 - <50
. . 45 =45 & 50) 45
= = = =
various common corruptions EP EN £ ER
40

35 35 35

30 Gaussian Noise  Shot Noise Impulse Noise 30 Sefocus Blur Glass Blur Motion Blur Zoom Blur 30 Snow Frost Fog Brightness 30—Contrast Elastic Transf, Pixelate JPEG

Average of 15 types of corruptions X 5 multiple levels X 10 domains
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Component Effectiveness

* APQ: adversarial perturbation on APQ APSV RLP TTM ST: In-domain Out-of-domain Avg.
query set INet Omglot Acraft CUB raw Fungi Flower 5Sign
. [ 1 d v X X X X 64.57 62.47 3853 76.23 6047 5797 5622 B1.72 57.04 5396 |60.92
singular values and vectors v X v v X 65.56 63.92 39074 T76.06 61.73 5864 5599 B093 5696 5428 |61.38
« RLP: Robust LoORAPool v X v v v 64.95 JO.B0 4055 7519 60.73 5966 5692 B3.63 57.66 56.04 |62.61
+ TTM: test-time merging s/ v x x| 6195 | 6216 39.13 79.27 61.77 58.75 5659 79.74 5545 54.63 |61.54
Lo . . v v v v X 68.46 65.75 42.63 7943 63.10 58.23 5569 T893 63.67 5628 |63.22
e STr: singular value trimming,.
v v v v v | 68.80 |’?l.95 42.90 7995 6299 5962 59.06 8537 63.78 57.14 |l55.lﬁ
Alternative Test-time Merging Strategies : S
Effective for Other Pre-training Methods
Mereine Strategies In-domain Out-of-domain
ging g INet Omglot Acraft CUB DTD QDraw Fungi Flower Sign COCO| Avg Method In-domain Out-of-domain Av
Weight Average 63.96 64.49 4057 7423 5999 5736 5573 8050 59.87 53.04 |60.97 INet |[Omglot Acrafi CUB DTD QDraw Fungi Flower Sign COCO &
Logit Average 65.84 | 66.05 4070 78.72 60.79 59.02 57.42 8241 5841 55.09 [62.44 DINO [1] 6291 | 59.13 37.11 73.59 60.67 57.57 54.88 7840 53.62 53.98 |59.19
Linear classifier 67.22 64.60 3799 7796 62.65 57.11 56.62 80.23 58.36 56.10 |61.89 DINO+AMT | 68.80 | 71.95 4290 79.95 6299 59.62 59.06 8537 63.78 57.14 |65.16
AMT 68.46 | 65.75 42.63 79.43 63.10 5823 5569 7893 63.67 56.28 |63.22 A +5.80 | +12.82 +5.79 +6.36 +2.32 +2.05 +4.18 +697 +10.16 +3.16 |+5.97
iBOT [2] 6509 | 61.57 3540 7085 6036 57.37 5447 7804 5500 55.00 |59.32
iBOT+AMT | 69.95 | 69.89 38.84 79.96 61.65 62.35 5834 79.67 61.88 56.49 |63.90
A +4.86 | +8.32 4344 +9.11 +1.29 +4.98 +3.87 +1.63 +6.88 +1.49 |+4.58
The Influence of Attack Pool Strategy DelT [90] 7423 | 5732 3520 6936 S1.73 56.08 4552 64.31 53.82 54.64 |56.22
DelT+AMT | 8111 | 6550 38.36 75.80 56.53 62.16 53.19 76.09 5898 58.57 |62.63
In-domaln Out-of-domaln A +6.88 | +8.18 +3.16 +6.44 +4.80 +6.08 +7.67 +11.78 +5.16 +3.93 |+6.41
Method ImageNet | Omglot Acrali CUE DTD ODraw Fungl Flower Sign  coco | e AdvPre [25] | 5859 | 69.40 3397 6171 4641 61.69 4551 68.18 5003 52.62 |54.81
AdvPre+AMT | 73.35 | 7372 37.16 69.79 5241 63.87 4991 75.62 59.69 56.16 |61.17
Uniform LoRAPool | 63.12 7328 4245 7359 5921 6022 5391 8077 5947 5404 | 62.01 A +1476 | +432 +3.19 +8.08 +6.00 +2.18 +4.40 +7.44 +9.66 +3.54 |+6.36
Random LoRAPoaol &4, 30 72,28 43,05 7903 5875 &0A1 5715 B4.02 6001 SRAOT | 6370
Separate LoRAPool 6880 T71.95 42090 7995 6299 5962 5906 K527 63TR O 5714 | 6516
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Loss Coefficient LoRA Rank

(a) Clean Few-shot Accuracy

Mo In-domain Out-of-domain Avg - In-domain Out-of-domain Ay
#7% I TmageNet | Omglot Ac raw Fungi wer Sign ' [mageNet | Omglot Acralt CUB DTD ODraw Fungi Flower Sign COCO | ‘&
0 68.50 7095  41.53 79794 62.02 5929 5911 B472 56.14 56.57 |63.85 4 68.55 7194 4241 7969 62.16 6091 5927 8438 6313 5772 | 65.02
6" 68.80 T1.95 4290 7995 6299 5962 5906 8537 6378 57.14 6516 g* 68.80 7195 4290 7995 6299 5062 5906 8537 6378 57.14 | 65.16
8 67.51 7223 4269 79.02 62.63 5997 5892 7T8.10 6130 57.17 |63.96 16 68.22 72.15 4334 7998 6243 6086 56.64 8367 6297 5713 | 6474
32 68.29 T1.96 4300 8111 6307 6103 5956 B0OS50 6329 5783 | 6496
(b) Adversarial Few-shot Accuracy 64 67.39 7220 43.15 8121 6298 60.56 56.74 8354 6290 57.13 | 64.78
128 |  68.35 7226 4274 8133 6343 60.62 5670 8386 6325 57.09 | 64.96
3 In-domain Out-of-domain A
“i* "TmageNet | Omglot Ac raw Fungi wer Sign VE:
1] 22.00 12.58 535 21.15 2296 1.74 1091 3066 186 877 [13.80
6" 33.70 4219  11.72 3205 3247 2745 1974 41.12 2279 17.67 |28.09
) 31.85 5477  21.19 3485 3420 3997 2609 5479 37.61 24.15 3595
Pool Size Top-k
o § ., | In-domuin Out-of-domain
| cmean ¢ varianee e eNet | Omglot Acrafi CUB DTD QDraw Fungl Flower Sign  COC0O | % In-domain Out-of-domain
top-k i ageNet | Omglot Acrafi CUB DTD QDraw Fungi Fi Sign coco | &
.50 0 SHED | 6750 3963 6430 5416 5954 5187 7832 6044 S0.85 | 58.54 ImAgeNet | Umglot  Acra Qlraw Fungl Flower Sign

|

_.i ::;.1]5 8.70 65.54 '?1._51 -1;.!9 7642 6254 5060 5581 BI04 59.51 5620 | 6348 | 67.70 7096 4159 7122 6215 6105 5458 BL60 5824 5568 | 61.08
! 04 7.86 67.60 7239 4314 T79.56 6068 6062 5686 85.08 6AB8 5637 | 6462 R

4| 153 12.56 68.80 7195 4290 7995 6299 5962 5906 8537 6378 57.14 | 6516 2 68.80 TL95 4290 7995 6199 5962 5906 8537 6378 57.14 | 65.16
5 1.52 10,05 67,18 TI26 4276 8032 63.00 6154 5853 8256 6171 5702 | 6462 3 6E.29 T3.11 4293 B0.25 6273 6056 5803 B2O94 6l6l 5739 | 64.7H
6

4.02 11.85 5,73 Ti48 4253 7399 6087 5984 5546 BSE 6067 5593 | 6317 4 6597 T1.89 4265 7850 61.80 6012 5743 B4.84 6183 5738 | 64.24
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