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1) Chen, Fei-Long, et al. "VIp: A survey on vision-language pre-training." Machine Intelligence Research 20.1 (2023): 38-56.

Introduction

* Vision-Language Model Foundation Models
- Multimodal-to-Text Generation
- Text-to-Image Generation

- Image-Text Matching

~ Image-text pairS Z <= embedding spaceQl mappingA|Z = UL E AHSHE =
-Web scale2| CH &2 O|O|EH{ Al = &5f =& k|0 image encoder AHA| = 22 52 E¢
- Zero-shot classificationt =%t few-shot 42 2 Ql5|| LS domainOf| A 28 &

This is a flamingo.

f

Pre-trained V-L Model

pepper the assie pup —>  Text Encoder —

T ) 2 Match
) ' y

Pre-trained Generative Model

What is it in the image? — |Image Encoder —

Happy vegetables waiting for supper

(a) Multimodal-to-Text Generation (b) Image-Text Matching (c) Text-to-Image Generation

R AT THSED VDS

SOGANG UNIVERSITY 3 LAB



1) Sun, Zeyi, et al. "Alpha-clip: A clip model focusing on wherever you want." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
2) Jia, Menglin, et al. "Visual prompt tuning." European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2022.
3) Shtedritski, Aleksandar, Christian Rupprecht, and Andrea Vedaldi. “What does CLIP know about a red circle? Visual prompt engineering for VLMs. In 2023 IEEE." CVF International Conference on Computer Vision (ICCV). Paris, France: IEEE. 2023.

Introduction

 Text prompt tuning

= Prompt
- 578 taskOf| Cffet =2 HEL XA E SH2 2 RHO| ¥ 5= 7 input
-Hard prompt
s HEY HAHC R Y= D HE|e| =T HE
:': Text, Box, Segmentation mask, Synthetic image, etc.
- Soft prompt
:'= Additional learnable input
-VLMO| A= text prompt?} =2t &= St classifications 2= 6HA &

Model framework

6 Tuned Frozen

i Attention
- ¢ Block
[y xN

Alpha Backbone

Conv &

Alpha-CLIP Image Encoder T

cup . =
Afemale athlete Text Lyce " Prompt | § ¢
Encoder 7 4 . Ours
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Introduction

 Text prompt tuning
- Class= LCH&#3t= ‘H2tol text prompt2] A E Sl ds= A e = U=
7| ==0| M= “aphoto of a {class}”2} &= promptE HET
~Prompt engineeringOf| O RIZ5HH %X 217t O 2=
- Context Optimization (CoOp)
-Class name= | 2|2t prompt2| LIH X[ 222 learnable parameter= 2733} 0{ st&
-Few-shot learning0| Al == 2 B0 &

~In-domain®| A] &t& 2l promptE out-of-domain G| O|E{0| M- 7ts

Classes in

Dog Text Prompt
Cat Text
H A F)[l;f;ts‘:]d : Deep Neural Downstream Tasks:
= Network Image Classification
Cup Object Detection

Downstream Task Semantic Segmentation _y, | airplane | butterfly pizza |
Similarity Calculation
Bl
Decp Neurat ——» [SooaSesa| - [cun
Network 1 ity
Unlabelled Tmages from A photo of a “
Downstream Tasks [Cat].
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Introduction

 Text prompt tuning
- CoOpOi| Lt =X &| 7|
- 52 = classOi| CHsl = €St prompt AR
dE=otEAY

He A Ol X
AN —

-Class nameL = 2=

- Knowledge augmentation
- E 25t domain(ex. Medical, Aircraft)0ll Al CLIP &89
::ClassOl| CH&F H 2 £ text descriptionS S3H XS}
- Text modality2| £E42 &8I0 &
g & Sl X|A| ME0| 20|, Language Model 2t HZ

= High semantic €

@ ro
il
d
rob T
>

Infiltration

Effusion

Atelectasis Cardiomegaly

Mass Nodule Pneumonia | Pneumothorax
< FGVCAiIrcraft dataset >

< ChestX-ray8 dataset >
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» LLaMP: Large Language Models are Good Prompt Learners for Low-Shot Image
Classification (CVPR 2024)
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

 Introduction

- LLM2| knowledge= &5l CLIPO| & HE|= text promptl| EE &
=

C
~LLMO| ALRIN X412 #8101, 222 0| 5RO E B 4 QI AR FEol
SHS T2 HE
o= T o

. LLMZ CLIPO| M2}t class-specific prompt generator 2 &t
—Prompt xl‘X‘”7|‘ Ol‘ L promptE AH A‘l oI- _JIK_ ol EE%I% -c‘,_-lpﬁ

—

- LLM2Z vision task2f HZA|7|7| {2t 225 QI fine-tuning method & %! M &
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

e QOverall framework

- LLMZ &% class-specific text prompt generation
- CLIP Text Encoder input
= Learnable text prompt pf, Template + Class name, Class-specific prompt A}
- LLMZX} CLIPS| CFFSF fine-tuning method & &

E LoRATuned s+ Frozen ¢ Tuned " Text Encoder [

D Text Encoder Layer [:] Image Encoder Layer
! “Chevrolet Corvette _’H .. +E
ZR12012"

,"’ Feed-Forward #]7 e
KV Cache ! [ ]

_________ 4
( Output ]

!
[N

N
(N

%

ERREEE

2%

o

Y s

(SEeE | EE |
Jpre— - — o :
5 [ Decoder Layer Dy :
'[ DecoderLayerDZ#]' ||||II‘HI ILI | ;
E [ Decoder Layer Dy ¢§¢] | [ Value#] [ Key ¢§§] [ Qu;ery(",] i E
gsal i
“Describe a Chevrolet B e g K
Corvette ZR12012”
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

« Class-specific prompt (h}) generate via LLM
- LLaMa2-7BE AF&
- Decoder only = £ decoder?2| self-attention layerOi| A| preceding token 73 & Tt E!Q_
- K7l 2| learnable promptZ input0 Z=2HA[Z] S 9| X 2| output sequence h; 2

-CLIP2| training 23 0| Z&A|7|7| 0[5t = ot 42| forward pathE &3l output=

9:"; AOIEEA-IJH

~h;< linear layerS 7{ X CLIP text encoder?| Z} layer0f| &= &

e .
Transformer vs LLaMA {Textncoderg & & ‘:
i rifl| | #[ g
#4845 o Y P
— = | Chevrolet Corvette _.H +E
5- 1 5 | H%? 8 ﬁi? g0\x |g |
' 5 Narm ; _"lzilttj LfE

: @  Nx

]
O it
Transformer
("Attention is all you need”}
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

» Class-specific prompt (h}) generate via LLM
- LLM Knowledge Cache

~Prompt AHA| 2| parameter= & X| Bt LLM2| forward-backward path7t 25 =2 [ O] Of
SH7| 20| ™S MX| -2 training costE 7HX| 11 Y-S

— OFX| 24 JayerOf| 2t promptg Z=7tSHH OHX| 8 Jayer?t LLM query2| KV CacheZr2 S
ZEX9l fine tuning = 7=

E LoRATuned s+ Frozen ¢4 Tuned
() Text Encoder Layer [ Image Encoder Layer

/'x [ Feed-Forward #]—
' F

( Output ]

KV Cache

i[ DecoderLayerDZ#Ji}|||‘|||lll‘|\| qj |
: ([ Decoder Layer D, 3] i\ ([ values® [ key % [ Qufryr”‘] i
Nk .- ) 1
] PO ’
“Describe a Chevrolet s e -

Corvette ZR1 2012"
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1)

LLaMPV

« Text augmentation

Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024

- LLM input query
- Initial prompt augmentation

:NLP engine2 Sl LLM2| == 0| M noun phraseE 7tX 2} initial prompt2l Z2 gt
- Diverse initial prompt

= “In one sentence, describe the distinctive appearance of {class}” 7|t
- Template for CLIP text encoder
-“a photo of {} with {NP}”

—

-StE Aol 021 29| template & SHLHE iterationOFCH 2HEH SEA| M EH

"Sure, the Chevrolet Corvette In one sentence, describe the
"In one sentence, describe the ZR1 2012 has a sleek distinctive appearance of a Chevrolet
distinctive appearance ofa ——» aerodynamic body, Corvette ZR1 2012 with a sleek
Chevrolet Corvette ZR1 2012." | prominent front grille, and aerodynamic body, prominent front
E sporty rear spoiler." grille, and sporty rear spoiler.
Ilam2-7B Noun parsing + merge

R B TUSED | VDS I
SOGANG UNIVERSITY 12 Las



1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

* Fine-tuning target

- Learnable prompt for each model (p;, pi, pL)
- Query, Output Projection layer in last layer of LLM decoder

- Additional LoRA fine-tuning for image encoder (Query, Value projection layer)
-Prompt x6 + LORA X 6

E LoRATuned ¥ Frozen ¢ Tuned " Text Encoder G & (4] Y
(] Text Encoder Layer (] Image Encoder Layer E pi H Pt H g E
I p
TP ETIS TR . i “Chevrolet Corvette H H ]
- ! — - Np
4 Feed-Forward $if—— . | ZR12012" !
KV Cache ;| ; . = |
/ ¥ : ( Output &) R e 3 i E:S y
' : i : ¥
I : AR o :
E[ Decoder Layer Dy | ' |
E : !
E [ Decoder Layer D, #J i i LI1 | [ 1T 1 [ T1] D:l L
E [ Decoder Layer D, ¢§¢] Y [ Value#] [ Key #] [ Qufrvﬁ] L
R S [3 -
. TR ) )
“Describe a Chevrolet T -

Corvette ZR1 2012”
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Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024

1
Khattak, Muhammad Uzair, et al. "Self-regulating prompts: Foundational model adaptation without forgetting." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023

LLaMPV

« Training objective
- Cross-entropy loss
- Self-regularization loss from PromptSRC?
- Feature-level, logit-level 0| A pretrained CLIPZ}2| distillation loss
-« Feature-level= L1-distance, logit-level= KL divergenceE &9
3

- Downstream taskOfl 2 A| fine-tuning =| HA{ = CLIPS| B3|
ot7| 2Iet regularization S

2)

Q_

o
distance measure
S oxE A2

or £

#* | f Mutual Agreement Maximization
c exp (- 03/7) A
CE = — NZ Ecxp f1 g /T) Encoder f; _
P ‘c_Tﬂ\ L SCL-image

£ = — )\v ‘L fi ~ )\ —
" NZZ: ‘fp f |+ O Z’L: t|gp 7 | Regulating with DDD{N
egulating wi |:|E|E|'h* ® ® ESCL-logits

text diversity

Ldist — /\dist DKL (.fp "9p; f ) g) e *gp H |
I Textal c()l'l;|
: augmentations. Toxt ? ﬁ
“a drawing of 1 Encoder s - SCL-text
=] g

acat"

“NHI

< PromptSRC? >
VDS
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

A

Experiment

- Generalization to unseen classes

- Evaluation strategy
;- Base classOf| A &t

;= Harmonic mean=

Ea
=g
L E

o

—_

= Novel classO| A 2| accuracy=
_I

= 1

SRS

i 1D, 0ODOIA S| F2HH Ol H52 57

-11 dataset (ImageNet, Caltech101, OxfordPets, StanfordCars, Flowers102, Food101,
FGVCAircraft, SUN397, UCF101, DTD, EuroSAT)

Average ImageNet [§] Caltech101 [10] OxfordPets [29]

Method Base  Novel HM Base  Novel HM Base  Novel HM Base  Novel HM
CLIP [32] 6934 7422 7170 | 7243 68.14 7022 | 96.84 94.00 9540 | 91.17 9726 94.12
CoOp [49] 82.60 6322 7166 | 7647 67.88 7192 | 98.00 89.81 9373 | 93.67 9529 9447
CoCoOp [48] 80.47 71.69 7583 | 7598 7043 73.10 | 97.96 9381 9584 | 9520 9769 9643
KAPT" [17] 7841 7052 7426 | 71.10 6520 68.02 | 97.10 9353 9528 | 93.13 9653 94.80
ProDA [24] 81.56 7230 76.65 | 76.66 70.54 7347 | 97.74 9436 96.02 | 9543 9776 96.38
MaPLe [ 18] 82.28 75.14 7855 | 7540 7032 7272 | 98.27 93.23 95.68 | 9543 9783 96.62
RPO [23] 81.13  75.00 77.78 | 76.60 7L5T  74.00 | 97.97 9437 96.03 | 9463 97.50 96.05
PSRC [19] 84.26  76.10 7997 | 77.60 7073  74.01 | 98.10 94.03 96.02 | 95.33 9730 96.30
LLaMP 85.16 77.71 8127 7799 7127 7448 | 9845 9585 97.13 9631 97.74 97.02
A wrt. PSRC +090  +1.61 +1.30 | +0.39  +0.54  +0.47 | +035  +1.82  +1.11 | +0.98  +044 +0.72

AW hda
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

» Experiment

- Few-shot classification

16-Shot Classification

o ~, ~
SIS & & &L g &
¢ & N S S S S & >
o = ~ o P el b ) < iad (=)
e 9 & L ~ O & ) ~
¢ S A . I . S e
= y
\d N ¢ B o g S < S Q g N

CLIP [32] 78.79 (65.02) 67.31 9543 8534 80.44 97.37 8290 4536 7328 69.96 87.21 8211
CoOp [49]  79.89 (73.82) 71.87 9557 9L.87 83.07 97.07 84.20 4340 7467 69.87 8493 §2.23
CoCoOp [48] 74.90 (70.70) 70.83 95.16 93.34 71.57 87.84 87.25 3121 7215 63.04 7332 78.14
MaPLe [18] 81.79 (75.58) 7233 96.00 92.83 83.57 97.00 85.33 4840 7553 7133 9233 85.03
PSRC[19]  82.87(77.90) 73.17 96.07 93.67 83.83 97.60 87.50 50.83 77.23 72.73 9243 8647

LLaMP 83.81 (78.50) 73.49 97.08 94.21 86.07 98.06 87.62 56.07 77.02 74.17 9131 86.84

- Ablation study

Method ‘ Base Novel ‘ oM Scheme | Base Novel | HM
Prompt x 9 84.67 77.28 | 80.81
LLM Only | 81.74 35.82 | 49.81 LoRA x 12 84.80 77.27 | 80.90

LLaMP | 8516 77.71 | 81.27 Prompt x6 +LoRA x6 | 85.16 77.71 8127

< Align without CLIP > < Image encoder training scheme >
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1) Zheng, Zhaoheng, et al. "Large Language Models are Good Prompt Learners for Low-Shot Image Classification." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

LLaMPV

e Conclusion

- Contributions

~-CLIPZ2 bridge2 LLM2| X| A2 image classification modeld} A& 7fs&=2 E ¢
S s=

- Zero-shot generalization 2} few-shot learningO| A 7| & R E-S Ek=gh
~Train dataS S5 A class-specific text promptE F==dl= HS st&et
= ClassOFCl CHE promptE A EStHA L ot 452 =2 = U2
- Limitations
-LLMOj| Q8E[= X7 2E2E 4 3 54 g0 2 O|F 0N x[H 27}
o=
-LLME| X[ A1 d50| 2| &
~Prompt tuningA| & K| sample image HE = AFESHX| &S
ﬂ HAETHED VDS
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« AWT: Transferring Vision-Language Models via Augmentation, Weighting, and
Transportation (NeurlPS 2024)
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

 Introduction

00
ot

- Augmented promptE 212 2 225t = =
~ClassO| CH®F descriptionsE £ 7 regiondt A A|7|H
OIZAI-O EC):IE
—ClassificationOfl Z 2 3t specific interest region0fl &35t 20| &3t CLIPS| tHH
H ol

It 1=

7t training 80| =2 d&

- Hard prompt% AESHY = oifM Bl =T =E20| B
17+ o

Z= embedding vector & E{f 7} Of =l ff &
|:|| Ax-|o| 20|st

1x
N
or
_OI_I-
=
N
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

« Overall framework
- S0 2} Augment — Weight — Transport2| 3 stage 2 71

- Augment= &9l image, text views= ‘8-St weight-transport= & ol classification score
A4

- LLM2 class namedt domain EE 7} 0| &2 | description=2 At 22 e 4=

Q= pipeline += 28l At =

Aug. Importance

Inputimage [ random ) . views Importance decreases
B resiz gd crop Score @@= 2029 - - - - - - ——-———-==== — =

Data
Trans.

Augment

Candidate N
class names a pho..

Cn L e ol Hﬂ
O

Transport

N

has a have
dome- windows or
haped top) \_openings

of Bell
Tower

ataset-aware| Aug.
\_ prompt have..| views

’ two-Step

H

mportance
Score
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

« Augment

- Visual augmentation

g

~Random resized crop, Radom flip2 S0l CFFSH view 4
- Text augmentation

~Classg & Hdt= Ctet description 2

- Two-step, dataset-aware prompt strategy for LLM

‘= Initial prompt: “Generate questions to classify images from a dataset, which {dataset
description}”

;= Final prompt: “Describe a {class}” + initial prompt= £ &

AHO
- Raw image, text inputS E25H0] 25 Zf N+1, M+12| views A&

They tend to have sturdy, straight legs and a curled tail.
They have a thick, fluffy white coat.

Its ears are erect and triangular, covered in fur.

The nose is black, contrasting with its white fur.

g P . ) | VDS |
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

» Weight
- Entropy-based weighting
- 71 & 2%t viewe classification confidence 7t 7t &2 viewZ 7+
-m 2 EEEZTF H2 WS 7HX = entropyS Sl confidenceS 58
n:H(x) = = Xy p(x)logp(x)
- ‘Raw image’ 2} ‘class2 text embedding B2 7| =2 & classification probability A At

- Probability 0| negative entropyOi| softmaxE M-&5t0| 7t& K| A At

o — ;ﬂxp (—Hn(t)/0) Lo D (—HL (£)/)
S exp (—H; () /70) TS M Y exp (—H () /)
Prob. Prob.
Horse 0.1 Horse 0.3
Cat 0.7 “triangular ears” 0.4
Dog 0.2 Dog 0.3
< high confidence image view > < low confidence text view >

S
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

 Transport

- Classification score A 4F =&

-StLtO| O|Of K|, StLte| 24 A0f CHBH 0 2] embeddingO| =Xst7| 20 22| HEZIE
Z-5H7| 2ot 22 HAlo] 2e

- Embeddings2| B 7| 2| AH2|Z H|udt= 4 S = cross-modal correlation= A|CHZ

AL o
Bt & Q1S

'+ 59| “where specific textual descriptions correlate directly with certain image crops”2
420 =7 2l = A=

Importance |
decreases

| Transport

has a have
dome- windows or
haped top) \_openings

A photo
of Bell
Tower

"' SOGANG UNIVERSITY 23
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

 Transport

- Wasserstein distance (Earth mover’s distance)
t=ZOMOE X2 SHS 0lsA7|l= O E= A HE
- 19| 5 L 2 X0l mapping®! & embedding2 AHZ2|0| AHo| F&S FX| AU

W E )~y || L —
(p,q) = () ;HIJ: yll] )
POFQC| 7t53H 2 = joint distribution2| &

~Weight stageOfl A| 7+3+ 7 f%*l% S5l embedding spaceOf| A 2] distribution function2 "8 2|

- EmbeddingZt2| distance measure= 1 — cosine similarity AF&

N+1 A +1
o = E auﬁf“ and E : hru e
n=1 m=1 i=1
Step (0] Step [1] Step [2] Step [3]

5 P 5 P 5 P 5 P
<N
£ 41 44 44 41 -
@ |
2 34 3 34 3 : ap
[} T
z 24 2 A 21 24 -
@ 1 1 14 ﬂ
#* ! i { i

0 0 0 0 m : . :

P, B, P

5 5 5 5 1 2 3 4
o
£ 41 44 44 4
@
2 31 3 3 34
224 24 24 21
=
@1 1 1 14
#*

o0 0 0 0
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1)

Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

A

Experiment

- Zero-shot classification

Sy Py ]
- - & - & = o~

< & S &5 O F 5 O~ & 5 = g P

s F £ 5 5 5 5 5 v 5 £& 5 F § 5 3

g = S ¥ 5 & 7 S 5 = £ 5 ~ s

= & 2 a o ) o & o - = & o o -
CLIP [1] X | 6674 6744 4427 B825 6548 6513 9335 8365 6259 2367 4201 4280 8250 5490 6306
CoOp [] v S 6871 4192 8914 6450 6655 9370 8530 6415 1847 4639 4143 8291 5318 6342
CoCoOp [13] & 102 7188 4573 9014 6532 6821 9443 8606 6736 2294 4537 4375 8539 5609 6526
MaPLe [15] v | 7072 7223 4649 9049 6557 6869 9353 8620 67.01 2474 4806 4406 8558 5718 6575
PLOT++ [43] v DA% 6910 3842 9049 6120 6894 9132 8607 61.59 2484 4990 3637 8430 4858 6311
POMP [27] S| T0e 0 7272 4444 8905 6670 6844 9465 8628 67.27 2547 5265 4394 8676 5692  66.10
ProVP-Ref [12] v 14 7162 4597 O1.58 6529 6772 9379 8617 6629 2451 5195 - - - 6691
TPT [49] / | 68.98 68985 4775 8779 66.87 6804 0416 8467 6550 2478 4244 4456 8571 5697 64.80
DiffTPT [50] s | 70300 70010 47.00 8822 67001 6822 9249 §7.23 6574 2560 4313 - - - 6591
PromptAlign [32] | (41 7239 4724 9076 6850 6947 9401 8665 6754 2480 4786 4528 8605 5790 6642
Self-TPT-v [1(] v con 7179 4935 9126 6881 6950 9471 8541 6818 2757 51.91 - - - 6831
CuPL [3] X | 6962 7130 4456 8013 6529 6683 9208 8611 6259 2490 4784 4124 8630 5628 6464
VisDesc [61] X | 6855 7085 4498 8885 6408 67.12 9460 8505 6799 2430 5484 4364 8716 5659 6561
WaffleCLIP [n2] | X | 68.81 7235 4521 8995 6357 67.19 9402 8668 67.23 2539 5507 4392 8704 5717 65.97
SuS-X-SD [65] X | 6988 7381 5455 0057 6603 6659 9306 8608 67.73 2868 5749 4553 8745 STl 6754
AWT X | 7132 7507 5556 9253 69.93 7251 9554 8554 7058 2922 5861 4875 8884 60.20 69.59

ABTNE-D
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).

AWTD

» Experiment

- Ablation study
-507H O] & 2| viewO| M= d& B2kt Ao EXSHA| =

LSO
(a) Main component analysis: Aug- (b) Number of augmented image (c) Number of generated class

ment(A), Weight(W) and Transport(T). views V. descriptions M.
Step OOD  Avg.(14) N O0OD  Avg.(14) M O0OD Avg.(14)
Raw inputs 57.15 63.06 2 61.40 68.57 2 61.58 66.67
A(Img.) 56.77 63.40 5 62.59 68.98 5 62.87 67.55
A(Name) 59.76 67.36 10 63.31 69.16 10  63.42 68.53
A(Img.+Name) 59.92 67.13 25  64.13 69.33 25 64.07 68.98
A+T 60.48 67.80 50 64.43 69.59 50 64.43 69.59
A+W+T 64.43 69.59 100 64.54 69.52 100 64.46 69.73

- Applicable to any dual encoder VLM
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(a) AWT across different backbones. (b) AWT generalizes to different VLMs.
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1) Zhu, Yuhan, et al. "Awt: Transferring vision-language models via augmentation, weighting, and transportation." arXiv preprint arXiv:2407.04603 (2024).
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e Conclusion

- Contributions
- Backbone model 0| 4 2t310| M &gt == U= training-free method A Al
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- Limitations
-View 7{{= S7}0]| k2t inferenceA| =2 computational cost= 22
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