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Background and Challenges
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» The frame of CLIP are shown on the left and middle figures. The right figure is a comparison of
the CLIP pre-training model with the few-shot learning results of the public models (the gray
lines are other models in eval).

> The CLIP nearly matches the best results of the 16-shot linear classifier in the
common model. The linear layer fine-tuned by only 16-shot can give the best results

» Twenty datasets, including ImageNet, were used in this analysis ,
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Method——Augmentation Strategy
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— Selective Attack (SA)
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—Cross-Modal Distribution Alignment (CMDA)

<)

Image Text
feature feature Text
ex
=] < O, Encoder
k(M) Assemble >~ ﬂm"“t@mﬁmage,text)
Selectwe Attack / \
\ \
. . \\‘ ;
Training . @ CMDA
l l ‘ Text
feature
) | Image S Text
D Encoder Encoder
Image
k(M) feature re L.
(A SO — Class1
\ ', [re— Class 2
VLP /
Inference IR 5 / =
s Class n
400 [ Cross-Modal | 400
I Image features Distribution | Image features
300 Text features Alignment 300 Text features
200 ,.200
100 100

0 0,04-0.02 0.00 0.02 0.04 0 0,04-0.02 0.00 0.02 0.0

N

Trainable prompts Ste p 1
e TrT=Te The Vision-Language
C=is Prototype (VLP) was
built through EMD.
£EMD _Z(”u’v _,“'w” + ”2’62 _Ekgll )
[ Class [ p| ~ [Pw]
«— | m] |Class| |Ps]

P -« | pu| Class
Pi| ~ | Pu| Class

» Inference period: VLPs

corrects image feature
to realize CMDA.

d:(dl,dz,...,dK)T, gy = - ’
|zi — vl
0 g g 2 & di
d:(dl,dz,...,dK)T, dk= y
Z:T{lzl dm
el(1=a)zi+a(@TVLP)T, 52, g(ty, (P1,;))/L)/7
p(yilxi) =

K
-

(1=a)z;+a(dTVLP)T, T, g(ts (P 4))/L)/7



Expeiments
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Figure 1. Main results of few-shot learning on 11 datasets. Our SADA

consistently shows better performance than prior arts across different
number of training samples.
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Figure 7. 1-shot accuracy (%) on CIFAR10 when SA is at different Figure 9. Effect of VLPs on CIFAR10.
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Figure 10. Visualization of attacked areas (in red) guided by 1 —
Figure 8. 1-shot accuracy (%) of different calibration ratio c. M o M. The images are from ImageNet-1Kk.



