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Background & Motivation
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Background & Motivation

« CLIP excels in zero-shot classification but
struggles with adaptation.
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Background & Motivation

- Domain gaps between pre-training data and
task-specific images hinder performance.
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Background & Motivation

- Unsupervised learning is key for costly or sensitive
domains like security and healthcare.
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Problem Statement

How can we adapt CLIP to target domains using
unlabeled data while mitigating challenges like noisy
pseudo-labels and ﬂ for enhanced
classification?
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Contributions

» Proposed a novel dual- -modality prototypic
alignment framework for unsupervised
adaptation of VLMs.

* Introduced ranking pseudo-labels to mitigate
noise.
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Contributions
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« Achieved significant
performance enhancements
across 13 downstream tasks.
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Limitations of Existing Approaches

e Unsupervised Adaptation Techniques:

« Pseudo-labeling methods suffer from noise and
modality gaps.
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Limitations of Existing Approaches

e Unsupervised Adaptation Techniques:

 Projection spaces and label propagation reduce
gaps but are costly and inefficient.
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Limitations of Existing Approaches

e Key Gaps in Current Methods:
« Limited in inductive settings.
« Struggle with scaling to large-class datasets.
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Our Solution: DPA

e« Core Components:
« Dual Prototypes
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Our Solution: DPA

* Dual Prototypes:

- Image prototypes serve as non-parametric classifiers,

that are tolerant to noise.
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Our Solution: DPA

 Dual Prototypes:

» Textual prototypes initialized using class-name
embeddings, are fine-tuned.

WACYV 12025



Our Solution: DPA

e Convex Combination for Pseudo-Labels:

« Combines image and textual prototypes for
accurate pseudo-labeling.
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Our Solution: DPA

e Alighment of Visual* and Textual Prototypes:

« Aligns textual prototypes with image prototypes to
close the modality gap.

* we use visual prototypes and image prototypes interchangeably.
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Our Solution: DPA

 Fine-tuning LayerNorm layers:

- Parameter-efficient fine-tuning of CLIP visual
backbone.
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DPA Architecture
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(c) Inference using fine-tuned visual CLIP encoder

/ and visually aligned textual prototypes
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DPA Architecture
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DPA Architecture

CLIP Text Encoder CLIP Visual Encoder

Visual Prototypes
(Memory Bank)

sg i . .
(e) cosine similarity Va stop gradient  (¥) convex combination @y trainable parameters @ frozen parameters

T prompts I
[
% é Textual Prototypes ;
it mm plifo & ! Pseudo Probabilities p
0 of ] ® ~ ~
o 3RESS oig ?Tl Initialize e
a photo of a . _— A Z f T
a photo of a m\‘nen{ sg b
2L —_
a blurry pl]ulyllglglUl Soof ¢ ﬁ | 77 Weak Features @
A
B ———
(a) Initialize Textual Prototypes A o | pt <

Input Image

[

1
[
1
[
[
I
I
1
1 a( )
[
I \

Image Features 1 A »

4 ’W I Y A
| —| B |— - | %
o Visually Aligned :
Textual Prototypes . Weakly Strongly

I

= 1

: . ‘ $ ¢ I
I
I
[
[

Eali_qn

Augmented Augmented

Textual Prototypes

Strong Features

(c) Inference using fine-tuned visual CLIP encoder

/ and visually aligned textual prototypes
':l\ MOHAMED BIN ZAYED
%’ }é UNIVERSITY OF

ARTIFICIAL INTELLIGENCE

: Unlabeled Input & (b) Self-training on Unlabeled dataset
]
]

/\
WACYV 72025

TUCSON, ARIZONA - FEB 28 - MAR 4

10



DPA Architecture
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Datasets and State-of-the-art Comparison

e Datasets:
 Evaluated on 13 diverse datasets spanning:
» General classification (Ex: ImageNet).
» Specialized domains (Ex: EUrOSAT).
» Fine-grained tasks (Ex: OxfordPets).
» Scene recognition (Ex: UCF101).

- Compared against 4 SOTA methods: CLIP, UPL, POUF,
LaFTer.
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Experiments: Comparative Results

Method ImgNet Caltech DTD ESAT FGVCA Food Flower OxPets SUN StCars CIFARIO0O CIFARIO0O UCF Avg

Zero-shot CLIP | °¥] 63.30 90.69 4442 4384 19.50 8240 6646 87.50 6199 58.74 89.80 65.10 64.20 64.46
UPL | 5] 58.22 92.36 4537 51.88 17.07 84.25 6740 83.84 62.12 4941 91.26 6741 62.04 64.05
POUF [45] 52.20 94.10 46.10 62.90 18.20 82.10 67.80 87.80 60.00 57.70 90.50 62.00 61.20 64.82
LaFTer [ 7] 61.63 9439 5032 6996 1986 8245 7243 8493 6587 5744 94.57 69.79  65.08 68.36
DPA 64.64 96.06 55.69 80.04 20.67 84.76  75.56 90.71 68.13 62.62 95.97 76.47 68.49 72.29

Table 1. Comparison of state-of-the-art unsupervised adaptation methods using the ViT-B/32 backbone.

+4-8% overall improvements to top-1 accuracy compadred to SOTA
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Experiments: Comparative Results

Method ImgNet Caltech DTD ESAT FGVCA Food Flower OxPets SUN StCars CIFARI0 CIFARIO0O UCF Avg
Zero-shot CLIP 28] 63 30 Q069 4442 A3 84 1950 R240 6646 R750 6199 5874 {9 R() A5 10 6420 6446
UPL | 5] 58.22 92.36 4537 51.88 17.07 84.25 6740 83.84 62.12 4941 91.26 67.41 62.04 64.05
POUF [45] 52.20 94.10 46.10  62.90 18.20 82.10  67.80 87.80  60.00 57.70 90.50 62.00 61.20 6482
1 aliTer| i a1 63 Q430 50132 (00K 19 86 8245 7243 8403 A5R7 5744 Q9457 £9 79 6508 6836
DPA 64.64 96.06 55.69 80.04 20.67 84.76  75.56 90.71 68.13  62.62 95.97 76.47 68.49 72.29

Table 1. Comparison of state-of-the-art unsupervised adaptation methods using the ViT-B/32 backbone.

+8.24%
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Experiments: Comparative Results

Method ImgNet Caltech DTD |ESAT | FGVCA Food Flower OxPets SUN StCars CIFARI0 CIFARIO0O UCF Avg

Zero-shot CLIP | %] 63.30 90.69 4442 | 43.84 19.50 8240 66.46 87.50 6199 58.74 89.80 65.10 6420 6446
UPL | 5] 58.22 92.36 45.37 | 51.88 17.07 84.25 6740 83.84 62.12 4941 91.26 6741 62.04 64.05
POUF [45] 52.20 94.10 46.10 | 62.90 18.20 82.10 67.80 87.80 60.00 57.70 90.50 62.00 61.20 64.82
LaFTer [ 3] 61.63 9439 5032 | 69.96 | 19.86 8245 7243 8493 6587 57.44 94.57 69.79 6508 68.36
DPA 64.64 96.06 55.69 | 80.04 20.67 84.76  75.56 90.71 68.13  62.62 95.97 76.47 68.49 72.29

Table 1. Comparison of state-of-the-art unsupervised adaptation methods using the ViT-B/32 backbone.
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Experiments: Comparative Results

Method ImgNet Caltech DTD ESAT FGVCA Food Flower OxPets SUN StCars CIFARI0 CIFARIO0O UCF Avg
Zero-shot CLIP [3%]  63.30 90.69 4442 43384 19.50 8240 66.46 87.50 6199 58.74 89.80 65.10 64.20 64.46
UPL | 5] 28.22 9236 4537 S1.88 17.07 8425 6740 8384 6212 494] 91.26 67.41 62.04 6405
POUF [45] 52.20 94.10  46.10 62.90 18.20 82.10 67.80 87.80  60.00 57.70 90.50 62.00 61.20 64.82
W\r:} Bl bs O30 Y 1% e Y O35 b4 Y i T L Y BT i i § L% 7i S\ mwie) Bolix 3 v
DPA 64.64 96.06 55.69 80.04 20.67 84.76 7556  90.71 68.13  62.62 95.97 76.47 68.49 72.29

Table 1. Comparison of state-of-the-art unsupervised adaptation methods using the ViT-B/32 backbone.
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Experiments: Comparative Results

ARTIFICIAL INTELLIGENCE

Method ImgNet Caltech DTD ESAT FGVCA Food Flower OxPets SUN StCars CIFARI0 CIFARIO0O UCF Avg
Zero-shot CLIP [ 7] 63.30 90.69 4442 4384 19.50 82.40 66.46 87.50 61.99 58.74 89.80 65.10 6420 64.46
UPL | 1¥] 58.22 92.36 45.37 51.88 17.07 84.25 67.40 83.84 62.12 49 4] 91.26 6741 62.04 64.05
POUF [45] 52.20 94.10 46.10 _ 62.90 18.20 82.10 67.80 87.80 60.00 57.70 90.50 62.00 61.20 64.82_'
LalFTer | 7] 61.63 94.39 50.32  69.96 19.86 82.45 72.43 84.93 65.87 57.44 94.57 69.79 65.08 68.36
DPA 64.64 96.06 55.69 80.04 20.67 84.76  75.56 90.71 68.13 62.62 95.97 76.47 68.49 72.29
Table 1. Comparison of state-of-the-art unsupervised adaptation methods using the ViT-B/32 backbone.
(0]
+3.93%
MOHAMED BIN ZAYED
&‘:‘}} UNIVERSITY OF WACV 2025

15

TUCSON, ARIZONA - FEB 28 - MAR 4



Experiments: Comparative Results

Method Caltech DTD ESAT FGVCA Food Flower OxPets StCars CIFAR10 CIFAR1I00 UCF Avg
Zero-shot CLIP 90.69 4442 4384 1950 8240 66.46 87.50 58.74 89.80 65.10 64.20 64.79
Base 93.57 4899 61.94 1920  84.10 68.45 90.24 59.25 95.95 7355 65.45 69.15
Center 9544  55.53 70.56 19.80  84.65 75.27 90.71 61.53 95.96 76.01 67.30 72.07
Center+w 9546 5454 80.06 1956 84.63 7544 90.49 61.19 95.97 75.92 67.51 72.80
Center+w+Align (DPA)  96.06  55.69 80.04 20.67 84.76  75.56 90.71 62.62 95.97 76.47 68.49 73.37
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Experiments: Efficiency comparison
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Figure 6. Efficiency comparison of DPA with baselines. The ra-
dius of each circle represents trainable parameters in each method.
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Conclusion

* DPA: Bridging the Domain Gap in VLMs

* Dual Prototypes:
« Novel fusion of two distinct classifiers via a convex combination.
« Improves pseudo-label robustness during self-training.

e Robust Self-Training:
- Effective pseudo-label ranking stabilizes early training.

* Enhanced Alignment:
« Strengthens visual-textual prototype adaptation for better domain alignment.

* Performance Highlights:
« Significant improvements in pseudo-labeling accuracy.

« Outperforms zero-shot CLIP and state-of-the-art methods on 13 diverse vision
tasks.
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Thank You!

& Link to the paper

Contact: Eman Ali <eman.ali@mbzuai.ac.ae>
Sathira Silva <sathira.silva@mbzuai.ac.ae>
Haris Khan <muhammad.haris@mbzuai.ac.ae>
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