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Vision-Language Adapters
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Revisiting Linear Probing

»  The initial approximation of Linear Probing for CLIP offers limited performance.

. Meth K=1 K=2 K=4
>  Zero-Shot Linear Probe (ZS-LP): cthod
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v’ Zero-shot weights initialization. w/o L?-norm 48.67_12.600 5529l 61.16(_g5))
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Pitfalls on Existing Few-Shot Adapters

>  The strength of text prototypes varies on the difficulty %‘gc'?;ée‘i'?g_{if
of each target dataset, and the modality gap with respect & Bl ECER 1 5 o s EEEIEE

A 2 -1.9(0.4]EN]-1.45KN 1.4 ¥H10.5 -1.4-0.9:2.4

to pre-training data. ¢
p g o<z®-1.90.4 1.4050 1.4 ¥%10.5-1.4-0.9-2.4
P19 041488814 8105 -1.4-0.92.4

. . > W-16-2 21 3.1 68EK-1.709 -2

> Prior works cqmbme ;ero-shot and few-shot ! 215@..
knowledge by using blending hyperparameters that 4»;‘1622!!13-1709
control how far they go from the initial solution. 5 oy 2 Bl 0924

«01114-22 2 Piioalo7

1622“13-16-170.9 1

<<
& -0.4-0.11.9 13112304 0 043ﬁ|

zero-shot ‘nﬁN Cal OPeSCa Flw Foo FGVSUNDTDEUS UCFI
- 3 Optimum
CLIP-Adapter few-shots & hyper-param. Evaluated on
w=t; vV =v+ a, f,(v) %A

SoTA Adapters require
validation data to outperform

»  How do you find the best balance per dataset? a Linear Probe
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Our Proposal: CLAP

»  ClLass-Adaptive linear Probing aims to train class protoypes, w,., constraining them to remain
close to text prototypes, t.. To do so, we employ a penalty-based constraints.

»  Since each category might present different zero-shot robustness and particular difficulty, we
employ weighting factor per class, 4..

M C
min > H (Y, 5) + > 2t — well3
v m=1 c=1

Cross-entropy on Learned prototypes
few shots constrained to zero-shot
»  The penalty weights are treated as a learnable parameters via 1 = 1 z y(i)
Augmented Lagrangian Multipliers (ALM). ©Bf | Liepr 7€
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Quantitative Evaluation

Validation-free comparison

Method K=1 K=2 K=4 K=8 K=16
_ Prompt-learning methods Using a few-shot validation set
CoOp yev22[46] 59.56 61.78 6647 69.85 73.33
ProGrad jccv-23[ 13] 62.61 6490 6845 7141 7428 Method K=l K=2 K=4 K=8 K=106
PLOT jcrLr23[6] 62.59 6523 68.60 71.23 7394 Protocol in [24]: K -shots for train + min( /K, 4) for validation
Efficient transfer learning - a.k.a Adapters TIP-Adapter [47] 63.3 659 69.0 722 75.1
—————————————————————————————————————— CrossModal LP [24] 64.1 67.0 70.3 73.0 76.0
Zero-Shot icmr21[30] 5771 5771 57771 5771 57.71 CrossModal Adapter [24] 644 676 708 734 75.9
Rand. Init LP jcpmro1[30] 3042 4186 51.69 6084 67.54 CrossModal PartialFT [24] 64.7 67.2 70.5 73.6 77.1

CLIP-Adapter UCV,ZS[]_ 1] 08.43 62'46 66.18 6.9'87 73'3_5 Ours: using K + min( K, 4) shots for training
TIP-Adapter gceyaa[42] 58.86 6033 6149 6315 6461 @ - — — — T — — — - —

TIP-Adapter(f) peey[42] 6029 6226 6532 6835 71.40 giﬁ,’ 2‘2? 23‘1) ?lé‘l‘ ?/gé 32?
CrossModal-LP cypraa[24] 6224  64.48  66.67 7036  73.65 : : : : '
TaskRes(e) cypr23[40] 6144 6526 6835 71.66 7442
ZS-LP 61.28 64.88 6798 7143 7437
CLAP 6279 66.07 69.13 72.08 74.57
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Take-Home Messages

> Linear Probing (if properly designed) is a strong baseline for few-shot CLIP Adaptation.
> Few-shot adapters should include model selection strategies based on support data.
»  CLAP is largely competitive and does not require ad-hoc adjustments per dataset.
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