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Abstract Large preirainec vision-language models
like CLIP have shown geeat potential i lex
sentations that are transferable across a vide range of
ream tascs. Different from the traditional repre-
sentation learning that is based mostly on discretized
! labels, vision-laaguage pre-training aligns images and
texts in a common feafure space, which allows zero-
shot transfer to a downstream task via prompting, i.e.
classfication weights are synthesized from natural lan-
1 guage describing classes of interest. In tais work, we
shaw that a major challenge for deploying such mod-
els in practice is prompt engineering, which requires
domain expertise and is extremely time-consuning

ng repre-

dows

implementations of C5Op: unified context and class-
specific context. Through exiensive experiments on 11
datasets, we demonstrate that CoOp requires as few as
one or two shos to beat hand-crafied prompis v
decent margin and is able te gain significant improve-
‘ments over prompt engineerng with more shots, e.g.
with 16 shots the average gain is around 1% (with the
highest reaching over 45%). Despite being a learning:
based approach, CoOp achieves superh domain general-
ization performance compared with the zero-shot model
using hand-crafied prompts.
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g Technological University,
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method focuses on closed-sct vissal concepts, limiting the
el 1o & pec-defined list of categorses, and is enscalable
when

wion (CoOp) in
traduces the concept of promps learning—a recent trend in
NLP—to the vision domain for adapring pre-tnained vision.
Language models. Spec

e into a set of loarnable vectors and, with only o
e ubeted images foe leaing. com achieve huge imprne
ments cver intensively-tuned monsal proprs. I owr sy
we idenify a criticol problem of CoOp: the leamed con-
tertis
sawme dataser. swegesting that CoOp overfiss base classer
observed during iraining. To address the problem, we pro-
pase Conditional Cowtext Optimization (CoCoOp). which
exiends CoOp by fursher learning a lighnweight nexral nes
work 1o generae for each image an input.conditional token

e to wider wnseen classes within the

I comras, for vision-anguage wodel' ike CLIP 14
GN [24], the chasiteaton weights
cally generated by 3 par

i co, o cam ot  prowpt amplte Wi s plako of
 {class], & type of per” as input 0 the fext encoder, and
1

els’ semrce of supervision comes {rom astural language.
which allows apen-set visual concepts 40 be bevadly cx.
plored and has boen proven effctive i learning transferable
jons [

‘With the rise of such powerfal vision-language models.
ehe community has recently started to imvestigate potential

datanet
400 s pes of bmges st mad by LI s

kwing promizing rarserabity erond a snge et
and vields sironger domain generalization performance as
well.Code is muilable at

purposctully
oty etaling e the el sie. ouh b e
typically with bundreds of millions of parametees cx cven
billions. Therefore, fine-tuming the entire model, 25 often

in deep learming research (18], is impeactical and
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Abstract

Pre-trained vision-language (V-L) models such as CLIP
huve shown excellens generalization ahilit 1o

sasks. Hawever: they are semsiive 1o the chosce of input text
prounpes and require carefl setection of promps sempla
perform well Inspired by the Natural Language Py
(NLP) literature, recens CLIP od h

natural langeage. Dering infereace, hand-engincered text
prompts are wsed .0, 'a photo of a <category>’ m
A ry e i Th et kSt
matched with the visual erbeckdings from an image encode

0 predics the vutput class. Designing high quality contex
el prompes have been proven o cnhance the performunce
of CLIP and oeber V-L models 7. ],

Sl i s i CLE o
sream tasks. We note shat using prompeing to adap repre
a single branch of CLIP (language.
bl 10 dymam.
spaces an a downstream

sub-oprimal since it does not allow the fe
ically adjust boh represensation
task. In this work, we propase Mulsi-mod Prompe Learn.
ing (MaPLe) for bodh ision an lamguage ranches o
prove represen.

n tasks. Such fine-tuning can
nthe farge

e full ol for domwn
o foege the useful knowledge scapred

o allenges, exist
g works propene g o earning o avoud man-

»
Aakons, O desgn promots g complingbeveven he

pared with the wate-of-the-art methew! Co-
CoOp, MaPLe exhibits favarabe performance
o absolute gain of 3.45% on novel claser and 2.72

overall harmonic-mean. averaged over 11 diverse image

anisen 0 adapt e model while heepn
fruzen st o N Latpin
Processing (NLP. these appraaches only explore promps
Tesrning foe the text encoder in CLIP (Fig. 1) while adap-
atsan choices fogether with 3n cqually puortant irage en
coder of CLIP remins an unexplerc topic i the lieratore

CLIP. where 2 text sod image encoder co-cxist sad bovh
contribute towards properly aligning the VL. modalitiex.
We argue that any prompting techaxque shaskd adapt the
model comlesely and therefore, learming prompes anly for

LIP s not

recognition datasets. Owr code el are
available af uhcomhnuznirthaiok i

tations needed for the image cncoder. To this end. we set st
10 achicve compltencss in the prompting apprvach and pro-
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Abstract

Large-scale pre-trained Vision-Language Models (VLMs)
have become essensial for transfer learning across diverse
tasks. However, adapting these models with limied ferc-
ot daa ofien feads o overfiing. diminiching thel perfor-
mance on new asks. To tackle this issue, we propase a navel

hared. learnabie, and modality-agnostic
MMRL projects the space tobens
10 text and image represeniarion tokens. fuciliiing more
effective wulit-modal interactions.  Uniike previous ap-
prisiches that solely optimize class 10ken features, MMRL
integrates representation iokens al hisher ayers of the en-

the el gene alizatlom capacity. For inference. a decou
ed

ety — W SO — WAL

Figure 1. Compreheasive compasison of the harmonic mean per
o v the previons i o MM s o e
posed AMRL serose 11 divers dtssets o huse i

[ ——

By constructing ;lhlmcz(nmA\\ for images and text and
enploying conasivg leeing (9] n one 400 oo
et pa, CLIP efctely capurs o1 o

employ
Seatures are wilized for buse classes, while only ihe
Jeatures, whick retain more gencralized knowlede,
are used for new tasks. Evensive experiments across 15
datasets deonstraie that MMRL oudperforns stale-of the-
art merhods, achieving a baianced trade-off between ask
apevific 2 ar

el

el

various dowasiream tasks. such a5 ¢ (UIGH1 e sl sis
104, 1. 3 e nd video s SRS 20

visual question answering [31, 41 5 | BRSNS -
ity VLM encounter limitstons n auspus, QSN ts.
o e uning his g sl srhiestues -
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Abstract Large preirainec vision-language models
like CLIP have shown great potential in
sentations that are transferable across a vide range of
downstream tasis. Diffrent from the traditional repre-
sentation learnig that is based mostly on discretized

! labels, vision-laxguage pre-training aligns images and
texts in a common feature space, which allows zero-
shat transier to a dowastream task via prompling, .
clasification weights are synihesized from natural lan-

1 guage deseribing classes of interest. In this work, we
show that a major challenge for deploying such mod-
els in practicc is prompt engineering, which requires
domain expertise and is extremely time-consuning

rning repre-
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implementations of CoOp: unified context and class-
specific context. Through exiensive experiments on 11
datasets, we demonstrate that CoOp requires as few as
one or two shots to beat hand-crafied prompts with
decent margin and is able te gain significant improve-
ments over prompt. engineering with more shots, .
with 16 shots the average gain is around 15% (with the
highest reaching over 45%). Despite being a learning.
based approach, CoOp achieves superh domain general-
ization performance compared with the zeo-shot model
using hand-erafred prmpts.
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Abstract

Large-scate pre-trained Vision-Language Models (VEMs)
have become essensial for transfer learning across diverse
tasks. However, adapting these madels with limied fove-
shor daaoften feads o overfiing, diminihing iheir perfor-
mance on new asks. To ackle this iscue, we propose a novel

integratcs representation iokens at hisher layers of the en- o e

coders—where dataset-specific features are more prom
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propased method named Contex: Optimization (CoOp) in
traduces the concept of promp learning—a recent trend in
NLP—ta the vision domain for adapeing pre-tncined vision
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5% an movel classes and 2.72% o

averail harmonic-mean. averaged aver 11 diverse image

amehy

anisen 0 adap the el il heplng e cgloal veighs
mpred from Notura) Limguage

Prnsseg (VLI toe spoaches anly g promse

Jerng fo ekt ccode CLIP (g ) wle -

tation choices fogether with 3n cquall

coderof CLIP evaiosan e lne opl n the Tcrsare

mporta

Our motivation derives from the multi-modal matsre of

CLIP, where 2 text sad image encoder co-cxist sad bovh

contribute twards properly sligns

We argue that any prompting techaxque shaskd adapt the

model comlesely and therefore, learming prompes anly for
LIP s not

f el are
availabie af uh commuzirthartol .

tations needed for the image cncoder. To this end. we set oot

v completencss i the peompting appevach and po-

representation space. MMEL projects the space tokens
10 text and image represeniarion wkens. fucilizring more
effective: mulst-modal interacions.  Unlike previaus ap-
proaches that solely optimize class oken features, MMRL
araics representation iokens at higher layers of the en
coders—where datasct-specific featu
nent—vhile preserving seneraliced knowledge inthe lower
Laers. Durin training, both representation and eiass fed-
! L with iainable projection layer applied
Lo the represeniation tokens, whereas the class token pro-
i layer remains frozen to retain pre-tained kiow-

Furherinore, a regularization sersi 15 Wroduced
1ol the s foanures andl et foaures wih the e
shor Jeatures from the frozen VLM, ihereby safegiarding
the

more promi

are optini

et — MM ST — W
Figare 1. Comprebensive comparicon of the barmanse e er
formance betmeen the previows sota method MV 4 et

pased MMRL across 11 divers datinets ol el 5 e
hzaticn. Our metho schieves the hest ol bt

B)(wnu\mmgd i cnvcen T omanggadi o0
employing contrasiive leasming [39] e v g Bl 00
migosessprn, CLIP efoctnely capaes son s

nodel’s generalization capacity. For inference. a decou-
employed, e

clas fearures are wilized for bse classes. while nly the
class features, w
are used for new
datasets demsonsiraie that MMRL oudperformms siaie-of the-
art merhods, achicving a baianced irade-off between wsk

various downstream tasks, such as medical image ansgsis
114, 44, 53], image and video captioaing (2. 25. 37]. and
visual question answering [31, 41, 51]. Despite their versa-
iy, VLM encounter limitations in adapting o new tasks,
s fine-tuning their lrge-scale architectures demands con-

pecific i at
hitps: it hersa/MMRL

To fucilisle efficient adsptation of VLM, strtegies
such as pompl engincering and ensembling [341] have
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2. CoCoOp
Conditional Context Optimization (CoCoOp)
< CoOp 2 Ot StA|7} AAUA2 72
« SH|H : Base classOll = ZSHX| 2 novel dassOf| A= 50| 3 H| S+2tSH= Base-to-New Generalization =X1| 2/
«  Base classOll £|X 2}zl promptZt 78 224 220 2HABHE| 0], unseen dlassOfl CHe 2Etat M4-50| XoHe
G
_ JedPompt
Zero-shot CoOp

CoOp
[ UCV 2022 ]

Learning to Prompt for Vision-Language Models

Kaiyang Zhou - Jingkang Yang - Chen Change Loy - Ziwei Liu

Received: date / Accepted: date

Abstract Large pre-trained vision-language models
like CLIP have shown great potential in learning repre-
sentations that are transferable across a wide range of
downstream tasks. Different from the traditional repre-

cretized
nd

sentation learning that is based mostly on
labels, vision-language pre-training aligns imag
texts in a common feature space, which allows zero-

shot transfer to a downstream task via prompling, L.,
classification weights are synthesized from natural lan-

uage describing clases of interst. I this work, we
show that a major challenge for deploying such mod-
els in practice is prompt engineering, which requires
domain expertise and is extremely time-consuming

Data Mining
Quality Analytics

of CoOp: unified context and class-
specific context. Through extensive experiments on 11
datasets, we demonstrate that CoQlp requires as few as
one or two shots to beat hand-crafted prompts with a
decent margin and is able to gain significant improve-
ments over prompt engincering with more shots, e.g..
with 16 shots the average gain is around 15% (with the
highest reaching over 43%). Despite being a leaming-
based approach, CaOp achieves superb domain general-
ization performance compared with the zero-shot model
using hand-crafted prompts.

o ool e | ——

—

CLIP
(Image)

Wind farm

Train railway

[a] [photo] [of] [a] [arrival gate]. |

[v1] [va] ... [vag] [arrival gate]. |

[a] [photo] [of] [a] [cathedral]. ‘

[v1] [v2] ... [va] [cathedral]. |

Accuracy: 69.36 ®

Accuracy: 80.60

Zero-shot

CoOp

[a] [photo] [of] [a] [wind farm]. ‘

[v4] [wa] ... [vas] [wind farm]. |

[a] [photo] [of] [a] [train railway]. |

[v1] [va] ... [vas] [train railway]. |

Accuracy: 75.35

Accuracy: 6559 S:Z

N\
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2. CoCoOp
Conditional Context Optimization (CoCoOp)
< CoOp 2 O™ otA|7} AUASI
«  SHAIE : Base classOil= ZSHX| T, novel dassOfl M= 50| 37| S5t2i5H= Base-to-New generalization =41 ‘24
«  Base classOl| XM=l prompt7t 578 SefA 20| I SHE| 0, unseen classOf| L YBtat 450 K|S
— CoCoOp [1]: CoOp 2| static prompt T22f 22|, Y= E|= o|0|X|0f| ZZolEl ZESEE st55t= AS H|
CoOp CoCoOp — —

[ UCV 2022 ] [ CVPR 2022 ]

| [a] [photo] [of] [a] [arrival gate]. |

[ra] [wa] - .. |

vy | l[arrival gale].

o —
[y (=)] [wa(=]] ...

[ene ()] Iurriml wale].

| [a] [photo] [of] [a] [cathedrad]. | | lery] [z - - . [wag] [eathedral]. | [era ()] [eez()] - - [erar(z)] [eathedral]. |
CDog )
|:'E Accuruey: 69096 @ Avenrucy: BOL6D C Acenraey: 7974 O
Text Prompt I
: Vi IV °° Vi : — Zero-shot CoOp CoColp

| [a] [pheto] [of] [a] [wind farm)]. | | [w1] [wz] ... [ra] [wind farm]. | [oy ()] [oe(z)] ... [var(e)] [wind farm]. |
Image . ‘ [a] [photo] [of] [a] [Lrain railway]. ‘ | [04] [12] - - [t2as] [Lrain railway]. ‘ [y ()] [oe(z)] -- . [var(2)] [Lrain railway]. ‘

cup Winl [armm Train railway Accwrmey: 7595 '\_-;_/I Aveuruey: 6589 @ Aveuracy: 76,86 C'

» > | (Image)

[1] Menglin Jia, Luming Tang, Bor-Chun Chen, Claire Cardie, Serge Belongie, Bharath Hariharan, and Ser-Nam Lim. Visual Prompt Tuning. In Proceedings of the European Conference on Computer Vision (ECCV), 2022.
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Conditional Prompt Learning for Vision-Language Models [CVPR 2022]
- F9 7|o: Y™ 0|0|X|Q] Visual featureOf] ZZHE! promptS 8-S
«  Meta-Net: Linear-RelLU-Linear= T8 &l 2-layer bottleneck network

= Image featureZ StL+2| conditional token = 2 #H2tot |, O] 2= context vectordi| G5l v, (x) = v, + 7 2 T8

Label Set
Text Prompt N‘
Vi [V]l: ee [Vlu — cup
+ + + (Text)
IS === == 1
I T M ee T |
| W | v v \ 4
| ! oo
| LL! !
1 4 :
1 Meta-Net <+—
A, L,
Image Y%
S cLpP —_— .e - || Image Featuré
ﬁﬁ (Image) || Text Feature \

Image Feature Maximize
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Conditional Prompt Learning for Vision-Language Models [CVPR 2022]

- F9 7|o: Y™ 0|0|X|Q] Visual featureOf] ZZHE! promptS 8-S
«  Meta-Net: Linear-RelLU-Linear= T8 &l 2-layer bottleneck network

= Image featureZ StL+2| conditional token = 2 #H2tot |, O] 2= context vectordi| G5l v, (x) = v, + 7 2 T8

Meta-Net

l Linear l

l Linear l

Data Mining
Quality Analytics

+ o+ + (Text)
| T e TI
NNNNNNN ‘n
N\N‘ +
Meta-Net
-~ Image i
e R cupP )
by (Image)

Label Set

Text Prompt

Vi [V ee [Vlu _P

cupP

[UCV 2022 ]

—_—

MaPLe
[ CVPR 2023 ]

CoCoOp
[ CVPR 2022 ]

B —

Image Feature

Maximize

L,

l:] Image Feature
l:] Text Feature

MMRL
[ CVPR 2025 ]
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Evaluation Setting
v 7L H|o|E{A
* ImageNet, Caltech101, OxfordPets, StanfordCars, Flowers102, Food101, FGVCAircraft, SUN397, DTD, EuroSAT, UCF101
* ImageNet, ImageNetV2, ImageNet-Sketch, ImageNet-A, ImageNet-R

v Generalization Performance
(1) Base-to-New Generalization (B2N)
(2) Cross-Dataset Evaluation (CD)

- (Bgmion )~ - - === o m o mm oo \

(3) Domain Generalization (DG) / |
|
. . . |
; 1) Base-to-Novel Generalization 2) Cross-Dataset Evaluation |
1 Source “Target I
( . Base MNew I H - . B oo ¥ !
| I £ £ § T % =z F 3 g 3 % 1
FA B & b= 2 = 7 ] i
I I CLIP 69.34 7422 | 7170 § 5 : : B B Z i B 5 8 : 1
I —
I 1 CoUOp 3269 63.22 | 71.66 ool TH a4 eaa LA meae 2aes a1 d67a sv) enst ene :
I I A 049  +0.73 +1.00 +081 +3.17 +0.76 +4.47 +321 +381 -1.02 +1.66 +1.86 I
| |
. . . |
: | 3) Domain Generalization |
|
| ImageNet ImageNetV2 ImageNet-Sketch 1 I
: 1 Source Target I
| 1 Learnable?  ImageNet  ImageNetV2  ImageNet-Sketch  ImageNet-A  ImageNet-R 1
| 1 CLIP [40] 66.73 60.83 46.15 47.77 73.96 N\ 1
|- I CoOp [63] v 7151 6420 4799 49.71 7521 1
\ | CoCoOp v 71.02 64.07 4875 50.63 76.18 |
N ]
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Evaluation Setting
(1) Base-to-New Generalization (B2N)

- BX .8t oA M2 MER SeA Yutslo| FHE Tt

« OIO|EM L E2iAE Base/New= E&5t], Base class2| 16-shot HIO|E{ £ prompt &+&
A
o

st 2

- Base Accuracy= b5 22A HE T

=
15, New Accuracy= unseen dlass 282t ‘d-5S 2|0[5HH, Harmonic Mean2 2 + ‘d52| ©
= 87t

{ \
| <Class> |
| y !
I AnnualCrop |
I
1) Base-to-New Generalization : Forest I
I ) I
HerbaceousVegetation :
( Train  Test 1 EuroSAT Train :
| ! Highway
! Base |[ New | H ' '
! ase || New | ! - Industrial ) ;
I CLIP 6034 || 7422 || 71.70 7~ ~N\ |
I
! CoOp | 82.69 EGEEJ 71.66 . Pasture I
I L AN | PermanentCrop :
I 1 4 — I
1 I Residentiai Test :
I X
2ab | River ¥ !
“a+b I \. Sealake y I
\ ]
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Evaluation Setting
(2) Cross-Dataset Evaluation (CD)
- BN .3% HO|He SaeliA B =0l £/40]| CFHE Target Dataset A= As0| FX|&[=X| B7S5H0] HIO|E{Al ZF HMO| 7542 BS

* ImageNetO| M 2eiAE 1682 2 k5ot promptE F71 e 810] LHHX| 1071 Hlo|E{Alof| %17 X &

-

2) Cross-Dataset Evaluation

A +0.73  +100  +0.81 +3.17 +0.76 +4.47 +3.21 +3.81 -1.02 +1.66 +1.86

Train Test
I{ 1 Source Target
1 =
I [ s £ o :
! | S 5 9] = 2
I | = &% T ¥ B8 § & s =
8 §:] = Z 3 = e a K = g
! ! - 5 8 2 5 5 E s 5 3
| 1 o o] o T W ral n fa @ 2 =
: : CoOp [63] 9370 B4 6451 6871 8530 18547 6415 4197 4639 6655 GI8EE
| | CoCoOp 0443 90.14 6532 TLES 86.06 2294 6736 4573 4537 6821 6574
I |
| 1
v

N 15 - A i
fa* e0o ) |
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Evaluation Setting

(3) Domain Generalization (DG)
. B 22~ 0|0l SXIEIXIT T AN, AEMY, HO|E, B B 0] ZabEl SH0)A EHO! ZH4S I}

« ImageNetOf| A 2&3+ promptE ImageNetV2, ImageNet-Sketch, ImageNet-A, ImageNet-R0i| =7} &H& 810] ME

3) Domain Generalization

I Train Test

|

I Source ] Target

: Learnable? | ImageNet | ImageNetV2  ImageNet-Sketch  ImageNet-A  ImageNet-R
1 CLIP [40] 66.73 60.83 46.15 47.77 73.96

| CoOp [63] v 71.51 64.20 4799 49.71 7521

| CoCoOp v 71.02 \ 64.07 48.75 50.63 76.18
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Evaluation Setting
v' Model Efficiency 87}
* Prompt Leaming2 &2 II2I0|HE VIME 28822 M3A|7|=

— 35 SO0 ZE 27t Oftl R E XpH|0| A 7| elsh=X| =2l

- btz ds51t ehE- 32 H|-8 AtO|2Q| Trade-OffE H|WSHY &K HE 7t
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Quality Analytics

CoOp CoCoOp MaPLe

—_— —_—

[UCV 2022 ] [ CVPR 2022 ] [ CVPR 2023 ]

Sl Parameter 3! Computational EfficiencyS 7t
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

¢ Result
(1) Base-to-New Generalization (B2N)

«  CoCoOp CoOp LHH| Base accuracy= 82.69 — 80.47 2 A= ZEAZHX| O New accuracy= 63.22 — 71.69 = 3 H| &t

o O

o

« 1170 HIO|E{ Al = 57HO| A New accuracy?t 10%p O & RO, Base Hs HAELE New & 20| MEIHO 2 [ I A| LIEIH

« CoCoOp2l| Yttzt M5 &zt SO =2 QI8 Base acc= CHEE 3%p O|PO 2 AE SHEIUX|TE New classOf A2 2 45 g2 EL

1) Base-to-New Generalization

CoCoOp vs. CoOp in Unseen Classes (= New dlasses) CoCoOp vs. CoOp in Base Classes

(a) Average over 11 datasets. (b) ImageNet. (c) Caltech101. UCF101 Food101 _1—2.3?
Base New | H Base New | H Base New | H DTD OxfordPets -1_ 53
CLIP 69.34 7422 | 7170 | CLIP 7243 68.14 | 70.22 CLIP 96.84  94.00 | 95.40
-0.04| Caltech101
CoOp 8269 6322 | 7166 | CoOp 7647 67.88 | 71.92 CoOp  98.00 8981 | 9373 StanfordCars | altec
CoCoOp 8047 71.69 | 7583 = CoCoOp 7598 7043 | 73.10 CoCoOp 97.96 93.81 | 95.84 Flowers102 _0_49. |mageNet
(d) OxfordPets. (¢) StanfordCars. (f) Flowers102. SUN397 -0-35- SUN397
Base New | H Base New | H Base New | H Food101 -2.35 [ I vcrio
CLIP 91.17 9726 | 9412 CLIP 6337 74.89 | 68.65 CLIP 7208 77.80 | 74.83 EuroSAT 2.43 DTD
CoOp 9367 9529 | 9447  CoOp 7812 60.40 | 68.13 CoOp  97.60 59.67 | 74.06
CoCoOp 95.20 97.69 | 9643 CoCoOp 7049 7359 | 72.01 CoCoOp 9487 7175 | 81.71 Caltech101 -2.73 Flowers102
() Food101. (h) FGVCAircraft. (i) SUN397. @ ImageNet EuroSAT
Base New | H Base New | H Base New | H OxfordPets -1.03 FGVCAircraft
GF w9z [we CF 7o %o B P @i 75|75 FoVCAIerat ;s o
CoOp 88.33 8226 | 85.19  CoOp 4044 2230 | 2875 CoOp  80.60 6589 | 7251
CoCoOp 9070 9129 | 9099  CoCoOp 3341 2371 | 27.74 CoCoOp 79.74 76.86 | 78.27 0.0 a5 50 75 10.0 125 15.0 175 s 6 2 - o S
Absolute improvement (%) Absolute change (%)
(j) DTD. (K) EuroSAT. (1) UCFI0L.
(a) (b)
Base New | H Base New | H Base New | H
CLIP 5324 59.90 | 56.37 CLIP 5648  64.05 | 60.03 CLIP 7053 77.50 | 73.85 . . . . .. . " .
CoOp 7944 4118 | 5424 CoOp  92.19 5474 | 68.69 CoOp 8469 5605 | 67.46 Figure 3. Comprehensive comparisons of CoCoOp and CoOp in the base-to-new generalization setting. (a) CoCo(,y ijable to gain
CoCoOp  77.01  56.00 | 64.85 CoCoOp 87.49 60.04 | 71.21 CoCoOp 8233 7345 | 77.64

consistent improvements over CoOp in unseen classes on all datasets. (b) CoCoOp’s declines in base accuracy are mostly under 3%, which
are far outweighed by the gains in generalization.
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

% Result
(2) Cross-Dataset Evaluation (CD)
« ImageNetOf|A| &3t promptE 107} target dataset0l| 83U S W, W H2t=7} 63.88 — 65.74= 22
« CHEE9] target datasetO| Al CoOpS &7 2 H, £5| FGVCAircraft, DTD S H-23}El H|0|E{Allof|A Fo| Hs 7HM

|

(3) Domain Generalization (DG)
* ImageNetV20{|A-= CoOpE Lt 40| 2% ZUX|2F ImageNet-Sketch, ImageNet-A, ImageNet-ROHIM = B =2 ds
- 2= O|0fX[0f| Z==2}El Prompt7} ‘& Q! PromptE CH 22 Hotol 53 WAl Hatof| I Z4gh2 =0l

—_Oa= |

MMRL
[ CVPR 2025 ]
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2) Cross-Dataset Evaluation 3) Domain Generalization
Source larget E»
o q"&" [

- = @ = ] o Source Target

53 £ ¢ 8 3 =z |z| s =z |y

5 B E = g = o ] ~ o = g Learnable?  ImageNet  ImageNetV2  ImageNet-Sketch  ImageNet-A  ImageNet-R

E 3 £ § & £ 8| g |5l & g© @ : - — . ; p”

= o o ] i s = 7 A i = = CLIP [40] 66.73 60.83 46.15 47.77 73.95
CoOp[63]  7L51 9370 8914 6451 6871 8530 1847 6415 4192 4639 6655 G388 CoOp [63] v 71.51 64.20 47.99 49.71 15.21
CoCoOp 7102 9443 90.14 6532 7188 86.06 2294 6736 4573 4537 6821  65.74 CoCoOp v 71.02 64.07 48.75 50.63 gl
A 049 | +0.73 4100 +0.81 +3.17 +0.76 +4.47 +3.21 4381 -102 |+1.66 | +1.86 N
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2. CoCoOp

Conditional Context Optimization (CoCoOp)

< Model Efficiency

(1) Params

« FARSHIEO|E 9| Large CoOp 2 Ct CoCoOp2| New/H Hs0| =&
s g2 njzto|e S7t7} Ot conditional prompting 21tz 242 £

o O

- BY Y

Table 5. CoCoOp (last row) vs a bigger CoOp on ImageNet.

# params Base New|

2,048 7647 67.88|71.92
30,720 76.16 65.34 |70.34
34,816 75.98 70.43|73.10

Model

CoOp (ctx=4)
CoOp (ctx=60)
CoOp (ctx=4) + Meta-Net

(2) Computational Cost
« THA| : CoCoOp YUE O|O|X|O}C} class'E

Data Mining
o.:.o Quality Analytics
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* Meta-Net= K72t F| CoOp2| Context Token =& =t4, CoOpdt CoCoOp2| Lt2f0|E 2 FARSHA 278

MMRL
[ CVPR 2025 ]

Text FeatureE A2 | 4H6H0F SEEE, ot £ E7F =2{X| 11 GPU memory AFE 20| 571t

b}
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Conditional Context Optimization (CoCoOp)

< Prompt Learning 2| &M 1Pd

Text Prompt

CoCoOp
[ CVPR 2022 ]

CoOp
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AL
A%

X9l Context vector H| 2t ZZ43}HEl Prompt Leaming X[ 2F

Label Set
[ Turtle ]

cup
(Text)

cup
> | (Image)
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MaPLe: Multi-modal Prompt Learning

Muhammad Uzair Khattak!  Hanoona Rasheed'  Muhammad Mauz

siream tasks. We note shat using prompes
sensations ina single beunch of CLIP (L

sub-oprimal since it docs mot allow the
ically adjust both represensation spaces an  downstream
task. In this work, we propase M  Prompe Learn.
ing (MaPLe) for both vision and language branches to im.
rove alignmens benween the i
5. Our desigm pomotes sirong, coupling berween the
famguage prvmpes

main shift. Compared with the
CoOp, MaPLe exhibits favarable performane
am absolute gain of 3.45% on novel classes
mean. uveraged over 11 diverse image
tion dotasets. O cxde and pre-irined medels are

averall ha

alman Khan'?  Fahad Shahbaz Khan'
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natural langeage. Dering infercace, hand-enginccred text

prompts arc wsed .5 ‘s photo of a <category’

o ot e The oot bt emboliogs e
J ersbeckdings from an image cocoder

cigning hagh quality contex
0 cnhance the performance
[

80 acape the model while keeping the riginal weights
fraeen | 1. Inspired from Notural Language
Proccssing (NLP. these appraaches only explore promps

coder of CLIP rem:

Our motivation derives from the multi-modal matsre of

CLIP, where  text 3nd image eacoder co-cxist 3nd both

coniribute towards properly sligning the VL. modalities

We argue that any prompting techaxque shaskd adapt the
Jesely and therefore, learming pro

 an unexplored topic i the literature
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MMRL: Multi-Modal Representation Learning for Vision-Language Models

Yuncheng Guo’, Xiaodong Gu®*
Depmmemn( Elmmu. Engineering, Fudan University. Shanghai 200438, China

Abstract

Large-scate pre-trained Vision-Language Models (VEMs)
have become essensial for transfer learning across diverse
tasks. However, adapting these madels with limied fove-
shor daaoften feads o overfiing, diminihing iheir perfor-

representation space. MMEL projects the space tokens
10 text and image represeniarion 1okens. fucilitting more
effective: mulst-modal interacions.  Unlike previaus ap-
proaches that solely optimize class oken features, MMRL
integratcs representation iokens at hisher layers of the en-
coders—where dataset-specific features are more prom
nent—while preserving seneralized knonwledge i she lower
Laers. Durin training, both representation and eiass fed-
Luges ane optiized, with rainable projection laer applied
Lo the represeniation tokens, whereas the class token pro-
Jection layer remains frocen To retain pre-rained knon!
Furherinore, a regularization sersi 15 Wroduced
10 align the class features and 1ext fearures with the zero-
rosen VLM, thereby safeguanding
o capaciey. For inference. a decou-
ed.

shor features from
the tnodet's gene;

Eudtan acu.cn, %

hzaticn. Our metho schieves the hest ol bt
By contcing deinc mmdﬂ\ fe | images and text. nd

employing contrasi ==
image-tex pairs, CLIFLFﬂm\(\v captures con. MGEM -

gyis emp
clas fearures are wilized for bse classes. while nly the
class features, whick retain more gencralized knowledse.
are used for new tasks. Evensive experiments across 15
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Multimodal Prompt Learning (MaPLe)
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% MaPLe: Multimodal Prompt Learning [CVPR 2023]
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Multimodal Prompt Learning (MaPLe)

% MaPLe: Multimodal Prompt Learning [CVPR 2023]
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Multimodal Prompt Learning (MaPLe)

% MaPLe: Multi-modal Prompt Learning [CVPR 2023]
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% MaPLe: Multi-modal Prompt Learning [CVPR 2023]
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3. MaPLe

Multimodal Prompt Learning (MaPLe)

«» Result
v 78X X|&E (t-SNE)

« CoCoOp2 Text promptZt Z=E S22 Image Representation= CLIPIH & 2o BHH, MaPLe Image Encoder7HX| TaskOl| | &5 =

S

=
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= OO

« Vision'} Language Representation= 74| Z=’dSH= Multimodal Promp Leamning 2| 21HE A|ZH o 2 2401
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o
o
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(a) DTD (Texture Classification) (b) EuroSAT (Sattelite Imagery Recognition) (c) UCF101 (Action Recugnition)

Figure 3. t-SNE plots of image embeddings in uni-modal prompting method Co-CoOp, and MaPLe on 3 diverse image recognition datasets.
MaPLe shows better separability in both base and novel classes.
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3. MaPLe

Multimodal Prompt Learning (MaPLe)

% Result
v BEE =
(1) Base-to-New Generalization (B2N)
1174 GO Al HF0{| A CoCoOp CHH| Base 80.47—82.28 / New 71.69—75.14 / HM 75.83—78.55=2 & & 2kAt
* Caltech1012| Base ‘d5& H2lot 2= HIO|HAMM[A Base2l New ‘d&55 SA[0] 7HH

- o5 24 B30} Novel dass EIeHE S A0 7H445H0 7| E2| Base-New trade-offE 2t}

&N
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1) Base-to-New Generalization

() Average over 11 datasets

(b) ImageNet.

(c) Caltech101

Base  Novel | HM

Base Novel | HM

Base Novel | HM

CLIP 69.34 7422 | 71.70 CLIP 7243 68.14 | 70.22 CLIP 96.84  94.00 | 95.40
CoOp 82.69 63.22 | 71.66 CoOp 7647 67.88 | 71.92 CoOp 98.00 89.81 | 93.73
Co-CoOp 8047 7169 | 75.83 Co-CoOp 7598 7043 | 73.10 Co-CoOp 9796 9381 | 95.84
MaPLe 8228 75.14 | 7855 MaPLe 76.66 7054 7347 MaPLe 97.74 | 9436 | 96.02

+1.81  +345 | +2.72 +0.68 +0.11 | +0.37 -0.22 +0.55 | +0.18

(d) Oxiordpets

(e) StanfordCars.

(f) Flowers102

Base Novel | HM

Base Novel | HM

Base Novel | HM

CLIP 91.17 9726 | 94.12 CLIP 6337 74.89 | 68.65 CLIP 7208 77.80 | 74.83
CoOp 93.67 9529 | 94.47 CoOp 78.12  60.40 | 68.13 CoOp 97.60 59.67 | 74.06
Co-CoOp 9520 97.69 | 96.43 Co-CoOp 7049 7359 | 72.01 Co-CoOp 9487 7175 | 81.71
MaPLe 9543 97.76 | 96.58 MaPLe 7294 7400 7347 MaPLe 9592 7246 @ 8256

+023  +0.07 | +0.15 +245 4041 | +1.46 +1.05  +0.71 | +0.85

(2) Food101

(h) FGVCAircraft

(i) SUN397

Base Novel | HM

Base Novel | HM

Base Novel | HM

cLIp 90.10 9122 | 90.66  CLIP 2719 3629 | 31.09 cLIp 6936 7535 | 72.23
CoOp 8833 8226 | 85.19  CoOp 4044 2230 | 2875 CoOp 80.60 6589 | 7251
Co-CoOp 9070 9129 | 90.99  Co-CoOp 3341 2371 | 27.74 Co-CoOp 7974 7686 | 7827
MaPLe 9071 9205 | 9138  MaPle 3744 3561 3650 MaPLe 8082 7870 | 7975

+0.01  +0.76 | +0.39 +4.03  +11.90 | +8.76 +1.08 +1.84 | +1.48

(j) DTD (k) EuroSAT (1) UCF101

Base Novel | HM Base Novel | HM Base Novel | HM LN
CLIP 5324 5990 | 56.37 CLIP 5648 64.05 | 60.03 CLIP 7053 77.50 | 73.85
CoOp 7944 4118 | 5424 CoOp 9219 5474 | 68.69 CoOp  84.69 5605 | 67.46
Co-CoOp 77.01 5600 | 64.85 Co-CoOp 8749  60.04 | 7121 Co-CoOp 8233 7345 | 77.64

MaPLe 80.36 59.18  68.16
+335 4318 ‘ +3.31

MaPLe 9407 7323 8235
+6.58 +13.19 | +11.14

MaPLe 83.00 78.66 & 80.77
+0.67  +5.21 | +3.13
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% Result
v dEH IR
(2) Cross-Dataset Evaluation (CD)
« ImageNet 852 7|E 20t FAFSHK| 2 107Y target dataset B2 CoCoOp 65.74—MaPLe 66302 2 2k
« DTD, EuroSAT, FGVCAircraft & ImageNetd} £ XO|7F 2 HIO|HAIO|M H|wE Z /|MZ2 7|&

(3) Domain Generalization (DG)
« ImageNetV20|A-= CoCoOpllt S Yst M52 £0|1, ImageNet-Sketch, ImageNet-A, ImageNet-ROIAM & 25 2F4

*  Multimodal prompting= &3 2Erut #91 #A]0| E2HX|= Domain Shiftdi| Cie Z¢4-d 74

2) Cross-Dataset Evaluation 3) Domain Generalization
Source Target Source Target
S 3 (_55;: & — ImageNet ImageNetV2 ImageNet-S ImageNet-A ImageNet-R
£ § & & SIEIE) S &

& F & S Q\s“ @’b oy § 5@ & S CLIP 66.73 60.83 46.15 4777 73.96

A v v CoOp 71.51 64.20 47.99 49.71 75.21
CoOp 71.51 93.70 89.14 64.51 68.71 8530 1847 | 64.15 | 4192 4639 |66.55  63.88 Co-CoOp  71.02 64.07 48.75 50.63 76.18
Co-CoOp 71.02 9443 90.14 6532 7188 86.06 | 22.94 | 67.36 | 45.73 4537 |68.21 65.74
MaPLe 7072 9353 9049 6557 7223  86.20 | 24.74 | 67.01 | 46.49 48.06 |68.69 66.30 MaPLe  70.72 64.07 49.15 50.90 76.98 \
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Multimodal Prompt Learning (MaPLe)

< Ablation Study
(1) Multimodal Prompting 37} & &
» Deep vision prompting= C} Deep language prompting2| ‘40| =2 A2 = O}, CLIP Adaptatation0i|A{ ¢10] E2HX| Q| Prompt7} I 2
7|01 St= A= =20l

* & Modality0®ll PromptE T3] SEH S 2 of2ots A2 &= H2tE ot50| 328 S 20

(2) V-L coupling function &7} & ¥
« Language PromptOfl A Visual PromptZ projectionSt=

P->P el
« Language — Vision Coupling 2f410| modality 7 ‘& =42 0|10 F& /X0 § 2aA S =0l

(1) Multi-modal Prompting

(2) V-L coupling function

Method Base Acc. Novel Acc. HM GFLOPS

1; MaPLe shallow (.J = 1) 80.10 7352 7667 1671 _

2: Deep vision prompting 80.24 7343 7668 18.0 Prompt Proj. Base Novel HM
3: Deep language prompting 81.72 73.81 77.56  166.8 =

4: Independent V-L prompting ~ 82.15 7407 7790 167.0 P—P 81.37 7325 77.10
5: MaPLe (Ours) 82.28 75.14  78.55 167.0 P— P 82.28 75.14 78.55

Table 1. Comparison of MaPLe with different prompting de-
signs in base-to-novel generalization. Results are averaged over
11 datasets. HM refers to harmonic mean.

Table 9. Projecting from P to P provides the best results. \
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< Ablation Study
(3) Deep Prompting &7} &%
« PromptE [ B2 Transformer layerdi| £ 2igt=5 X£7(0)= 40| BLIE2 = ket
+ MaPLe2 layer depth 90{lA 71E £2

IxT
« .= layer0 promptE &g 42

T [
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(3) Deep Prompting

76 X '
[\
e 75 g
o
2_ 74 E
I o
731 :
R —e— V/ision prompting E
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B 3. MaPLe

Multimodal Prompt Learning (MaPLe)

< Model Efficiency
(1) Params
« & coupling functionE AF&5t= MaPLet= Lt2H0|EH & 3.55M—-041M2 = 9 oHff Z0{= HM 78112 =X
— [M2fM, g5 40| thesh nf2to|E| 717} OfL| 2} Multimodal Prompting T-Z0[A] 7| QlehS 240l

(2 FE FE (FPS)
« CoCoOp+ O|0|X|&H Text Feature A4 2 batch size?t S71SH = FPS7F HO| S E|X| %S
o 2L}, MaPLe2 dlass 2| Text FeatureE R 8% 2 2 X|2|5}0] batch size S7}0]| }2} FPS7} I A| T4t

Params FPS (with BS)
Method Params % CLIP | 4 100 HM
CoOp 2048  0.002 138 553 _1353.0_ 71.66
CoCoOp 35360 003 1646 1147 151 17583
Independent V-L 31488 0.02  62.5 2394 (3838 77.90
MaPLe 355M 285 1602 239.0 1365.1} 78.55
MaPLet 041M 033 602 2380 13650 78.11

Table 6. Comparison of computational complexity among differ-
ent prompting methods. MaPLe{ is a MaPLe version which uti-
lizes a common V-L coupling function for all layers. \
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Multlmodal Prompt Learning (MaPLe)

«* Prompt Learning 2| & X1

Text Prompt Multimodal Prompt Multimodal Representation
CoOp CoCoOp MaPLe MMRL
[ UCV 2022 ] [ CVPR 2022 ] [ CVPR 2023 ] [ CVPR 2025 ]
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Multl Modal Representation Learning (MMRL)

«* Prompt Learning 2| & X1

Text Prompt Multimodal Prompt Multimodal Representation
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[ DCV 2022 ] [ CVPR 2022 ] [ CVPR 2023 ] [ CVPR 2025 ]
2Xo0 o - . {Text + Visual} Multimodel
X0l Context vector H|2F Z74SFHEl Prompt Leaming H| 2t Prompt Leaming K9t Representation Leaming
Label Set Label Set
B MMRL: Multi-Modal Representation Learning for Vision-Language Models
] ] R B
_ Jetpom I ﬂ
| Vi Ve Mu:(da;’_> EAE,.:.:'_.%_’._’ F§
""""" LUl li 1]
image a — EEfy t::g;-;?;: ]
g I —O—i—0— O
- L e
. — | (Image) ﬁ " | (mage) =

Data Mining
o.:.o Quality Analytics



CoOp
[ UCV 2022 ]

CoCoOp
[ CVPR 2022 ]

MaPLe
[ CVPR 2023 ]

B 4 MMRL

Multi-Modal Representation Learning (MMRL)

< MaPLe 2 O™ THA|7}
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Multi-Modal Representation Learning (MMRL)

“ MMRL: Multi-Modal Representation Learning for Vision-Language Models [CVPR 2025]
(1) M2t 1: Shared Representation Space
(2) M2t 2 : Higher-Layer Representation Learning
(3) M2t 3 : Decoupling Strategy
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Multi-Modal Representation Learning (MMRL)

“ MMRL: Multi-Modal Representation Learning for Vision-Language Models [CVPR 2025]
(1) M2t 1: Shared Representation Space

171 O
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Multi-Modal Representation Learning (MMRL)

“ MMRL: Multi-Modal Representation Learning for Vision-Language Models [CVPR 2025]
(2) M2t 2 : Higher-Layer Representation Learning
« Lower layer= pretrained CLIPS| YutatEl £E7S HESED, Representation token JHRY O = higher layer0i| T+ A5 2

H -
— Task-specific adaptation= encoder HHF0f| H|H5HY few-shot overfitting=S 2t}
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Multi-Modal Representation Learning (MMRL)

“ MMRL: Multi-Modal Representation Learning for Vision-Language Models [CVPR 2025]
(3) M2t 3 : Decoupling Strategy
« Class feature: 7| = CLS/EQT token!f frozen projection= AHESHY pretrained CLIP2| generalization knowledgeE = X|

—_

« Representation feature: Al S 4| 59} representation token} trainable projection= Sl task-specific knowledgeE &t&
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B 4 MMRL

Multi-Modal Representation Learning (MMRL)

“ MMRL: Multi-Modal Representation Learning for Vision-Language Models [CVPR 2025]

(3) M2t 3 : Decoupling Strategy ( Inference )
S &

d

* Base classOl M= class feature®} representation featureE 2850 adaptationt generalization= =
* Novel class & M| 22 taskO|A|= class featureZt AF&5}0] St H|O|H 0| X[EZ|= overfitting F&F AL

Frozen Encoder I|

;\LIL]‘DS

MMRL
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4. MMRL

Multi-Modal Representation Learning (MMRL)

% Result
(1) Base-to-New Generalization (B2N)
117§ G|O|E{ Al W+0f|A| Base 85.68 / Novel 77.16 / HM 81.20 37tX| 25 X1 452 7|E
- U2 HIO|H A0 £| 12 Novel accuracy= OFL| X[ Tt Base2f Novel2| #d ZHOIM 7HE 22 HME2 7| =

1) Base-to-New Generalization

Average ImageNet Caltech101 OxfordPets
Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP genganayy || 6934 7422 7070 | 7243 68.14 7022 | 9684 9400 9540 | 91.17 9726  94.12
CoOp oy || B269 6322 7166 | 7647  67.88 7192 | 98.00 8981 9373 | 93.67 9529 9447
CoOpOp cyppaayy || 8047 7169 7583 | 7598 7043 7310 | 97.96 9381 9584 | 9520 97.69  96.43
ProDA cypranzy || 8156 7230 T6.65 | 7540 7023 7272 | 9827 9323 9568 | 9543 9783  96.62
KgCoOp cyppanzsy | 8073 73.60  77.00 | 7583 69.96 T278 | 9772 9439 9603 | 9465 97.76  96.18
MaPLe cypronzs | 82.28 7514 7855 | 7666 7054 7347 | 9774 9436 9602 | 9543 9176  96.58
PromptSRC oy, || 8426 76.10 7997 | 7760 7073 7401 | 9810 9403 9602 | 9533 9730  96.30
ProVP yevanny || 85.20 7322 7876 | 7582 6921 7236 | 9892 9421 9651 | 9587 9765 9675
MetaPrompt ppyps | 83.65 7548 79.09 | 7752 7083 7402 | 9813 9458 9632 | 9553 9700 9626
TCPicveraunzey || 84.13 7536 7951 | 7727  G69.87 7338 | 9823 0467 9642 | 9467 9720 9592
MMA cypronzg || 8320 76.80 7987 | 7731 7100 7402 | 9840 9400 9615 | 9540 9807 9672

MMRL gy | 85.68 7716 B1.20 ‘ 7790  TL30 7445 | 98.97 9450  96.68 | 95.90  97.60  96.74

Method

StanfordCars Flowers102 Food 101 FGVCAircraft Method SUN397 DTD EuroSAT UCF101
Method Base Novel HM Base MNovel HM Base Novel HM Base Novel HM Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CLIP poamaozy | 6337 7489 6865 | 7208 7780 7483 | 90.10 9122 9066 | 27.19 3629 3109 CLIP jopganyy | 6936 7535 7223 | 5324 5990 5637 | 5648 6405 6003 | 7053 7750 7385
CoOp yevanry | 7812 6040 6813 | 97.60 5967 7406 | 8833 8226 8519 | 4044 2230 2875 CoOp (yeyanpy, | B0.60 6589 7251 | 7944 4118 5424 | 0219 5474 6869 | 8469 5605 6746
CoOpOp cvprazny | 7049 7359 7201 | 9487 7075  8L71 | 9070 9129 9099 | 3341 2371 2774 CoOpOp cyprapyy | 7974 7686  78.27 | 77.01 5600 6485 | 8749  60.04 TL21 | 8233 7345 T4
ProDA cvpranzyy | 74700 71200 7291 | 9770 6868 8066 | 9030 8857 8943 | 3690 3413 3546 ProDA cvpranzzy | 78.67 7693 7779 | BO.6T 5648 6644 | B390  66.00 7388 | 8523 7197  TE.M
KgCoOp cyppapsy, | 7176 75.04 7336 | 9500 7473 8365 | 9050 9170 9109 | 3621 3355  34.83 KgCoOp ryppapsy | 8029 7653 7836 | 77.55 5499 6435 | 85.64 6434 7348 | 8289  76.67 79.65
MaPLe cypranzsy | 72.94 7400 7347 | 9592 7246 8256 | 9071 9205 9138 | 3744 3561 3650 MaPLe cvprauzsy | 80.82 7870 79.75 | 8036 5918 6816 | 9407 7323 8235 | 8300 7866 BO.T7
PromptSRC s, | 7827 7497 7658 | 9807 7650 8595 | 90.67 9153 9L10 | 4273 3787 4015 PromptSRC jyeeyanzyy | 82.67 7847 8052 | 8337 6297 7175 | 9290 7390 8232 | E7.10  TEE0 82T4
ProVP evanny | 8043 67.96 7367 | 9842 7206 8320 | 9032 9091 9061 | 47.08 2987 3655 ProVPmevazgy | 80.67 7611 7832 | 8395 5906  69.34 | 97.12 7291 8329 | 8856 7555 8154 q
MetaPrompt gy, | 7634 75.01 7548 | 97.66 7449 8452 | 9074 9185 9129 | 40.14 3651 3824  MetPromplogpyy, | 8226 79.04 8062 | 8310 5805 6835 | 93.53 7521 8338 | 8533 7792 8L3S \
TCPvpronzy | 8080 7413 7732 | 9773 7557 8523 | 9057 9137 9097 | 4197 3443 3783 TCPcvrrazey | 82.63 7820 8035 | 8277 5807 6825 | 91.63 7473 8232 | §7.13 8077  83.83
MMA cyprze | 78.50 7300 7570 | 9777 7593 8548 | 90.03 9130 9071 | 4057 3633 3833 MMA eypranasy | 8227 78.57 8038 | 8320 6563 7338 | 8546 8234 8387 | 8623 8003 8220
MMRL 0wy | 8130 7507 7806 | 9897 7727 8678 | 9057 9150 90103 | 4630 37.03 4LIS MMRL 0w | 8320 7930 8120 | 8567 6500 7382 | 9560 80.17 8721 | 8810 80.07 83.89
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Multl Modal Representation Learning (MMRL)

% Result
(2) Cross-Dataset Evaluation (CD)
« 107l Target Dataset B0 A 67.25%F 7|50 7|& &
o LCFSH Target Domain TA|Of| CHot B Ybtat HS50fA

IIE

HLC} =& Cross-Dataset transfer A= =Hd
X

o\l

.l
O

(3) Domain Generalization (DG)
« 47} Target Domain & ImageNetV22t ImageNet-AG|A] £ H5 7|&
« LSk Domain ShiftOl A= AR SHE5El general knowledgeE HF3X 2= /X

2) Cross-Dataset Evaluation 3) Domain Generalization
Source ‘ Target
< Source | Target
& &
N S 5 & & & . ImageNet | -V2 -8 -A R

SlFldg & 5§ & & ¢ S 0§ & 8 CLIPgemizoay 6673 | 60.83 | 4615 | 4777 73.96

CoO 71.51 6420 4799 4971 7521

CoOp qyevarny 7151 | 6388 | 9370 8914 6451 6871 8530 1847  64.15 4192 4639 6655 CoOpO P wcv2z2) 71.02 64.07 | 4875 | 50.63  76.18

CoOpOp cyppageyy 7102 | 6574 | 9443 90.14 6532 7188 8606 2294 6736 4573 4537 6821 PUP (cver2022) ’ ’ ’ ' '

MaPLe cveraonsy 7072 | 6630 | 9353 9049 6557 7223 8620 2474 6701 4649 4806  68.69 MaPLe (cvpro023) 70.72 64.07 | 49.15 5090 76.98

PromptSRC ceyappyy 7127 | 6581 | 9360 9025 6570 7025 8615 2390  67.10 4687 4550 68.75 PromptSRC (1cevans) 71.27 64.35 4955 5090 77.80

TCP (cvpr2024) 71.40 66.29 93.97 91.25 64.69 7121 86.69 23.45 67.15 4435 5145 68.73 MMA (CVPR2024 71.00 64.33 49.13 51.12 77.32
MMA cypragzey 7100 | 6661 | 9380 9030 6613 7207 8612 2533 6817 4657 4924 6832 24) N

MMRL oys) 7203 | 6725 = 94.67 9143 6610 7277 8640 2630 6757 4590 5310 6827 MMRL (0urs) 7203 | 6447 49.17 5120 7753
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Multi-Modal Representation Learning (MMRL)

< Ablation Study

(1) Shared Representation Space 7} A&

[

« w/o L, w/o V : 3t modality2| representation token= X|7SHH HM ‘4 50| SI=I5HH, £3] Visual Representation= MAY I Hs A

=l
7t & 42 2 EO0} Visual branch?} Downstream Adaptationd| 34| 7|22 <ol

* w/o RS : Shared spaceE M &% Novel accuracy?} Z2-5+0f modality-agnostic representation0| Htztof| 7|0fghZS 240l

|

(2) Higher-Layer Representation Learning 7| &
« Lower layer &/ 22 pretrained knowledgeE £=&A|7 40| X5}

« 6-12layerdlM 7P =2 HMS 7| 5510 &% AE0|A2| adaptation 2= 240!

(1) Shared Representation Space & (3) Decoupling Strategy (2) Higher-Layer Representation Leaming

Variants ‘ Base NOVC] HM -#-- Base Acc. -4-- H.M --+- Novel Acc.
wioL | 8505 75.65 80.08 R a8
wioV | 8283 7503 7874 I —r—r:

w/oDS; | 83.59 77.16  80.25 g 00| ESE8E

w/o DSo 85.68 73.80  79.30 _§77-5' Ul F—== % B

| woRS | 8579 7555  80.34| g7s0 -
MMRLT | 8560 76.02  80.55 725 [ e
MMRL 85.68 77.16 81.20 1.3 1-6 1.9 1-12 3-12 |6-12] 9-12

Layers of the representation tokens
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4. MMRL

Multi-Modal Representation Learning (MMRL)

< Ablation Study
(3) Decoupling Strategy =7} A&
« wj/o DS : Base classO|A] Representation featureS K| 7{SHH Base accuracy”} S+25}0] task-specific adaptation 21H& 20!
« wj/o DSz: Novel classOi| = representation featureE AFHE-SHH Novel accuracy”t 77.16—73.802. = 37| o}t

= Base2} NovelOf| ;{2 C}2 featureS At&5}= Decoupled Strategy 2| HRE=2 45

(1) Shared Representation Space & (3) Decoupling Strategy (2) Higher-Layer Representation Leaming
Variants ‘ Base NOVC] HM -#-- Base Acc. -4-- H.M --+- Novel Acc.
wioL | 8505 7565 80.08 T =
wioV | 82.83 75.03 78.74 PR —
| woDS; | 8359 77.16 80.25 | 58001 EES=zai EEEE (EE

w/oDSy | 8568 73.80  79.30 HE = = .
w/oRS | 85.79 7555 80.34 & 75.0{ -+t

MMRLT | 85.60 76.02 80.55 rasiie e

MMRL 85.68 77.16 81.20 1.3 1-6 1.9 1-12 3-12 |6-12] 9-12

Layers of the representation tokens
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Multi-Modal Representation Learning (MMRL)

< Model Efficiency

(1) Params
« 7|& MMRLZ 4.992M parameters= 7} &2 REL2 OtL|X|TE HM 812022 71 =2 He2 7|5
« Representation dimension= &2 MMRL*2 parameters 0.689M7/HX| Z0|HA| = HM 80848 4|

(2) st M2t

« MMAEL}= =2[X[2 2 d5& 12{oH st A2 E2te AO|0|M 240t S HS

(B) FE FE (FPS)
« BS=1000{|A{ 7624 FPSE MaPLe, PromptSRC ELCt= =2[X|2h &2 Hsit £ at& £ E 717

Method Modality Params Train time  Train time FPS HM
(learnable) (ms/image) (minute/all) (100 BS)
MaPLe V-L 3.555M 395 26.4 1757.6 | 78.55
PromptSRC V.L 0.046M 40.0 106.8 17642 | 79.97
ProVP v 0.147M 4.4 107.2 928.9 78.76
MetaPrompt V.L 0.031M 30.7 32.8 659.8 79.09
TCP L 0.332M 53 17.7 950.6 79.51
MMA V-L 0.675M 22 1.5 688.5 79.87
MMRL V-L 4.992M 53 3.6 762.4 | 81.20
—p [MMRL* V-L 0.689M 53 36 7678 |[80.84]|
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Multi-Modal Representation Learning (MMRL)
< Prompt Learning 2| &1}’
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Multi-Modal Representation Learning (MMRL)
< Prompt Learning 2| &1}’
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