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* Papers

- Learning Transferable Visual Models From Natural Language Supervision [ICML 2021]

= Is CLIP ideal? No. Can we fix it? Yes [arxiv 2025]

» Reason for selection
- O{ 27} X| & = (counting, anomaly detection..)O| CLIP 7|HIC 2 7| &
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1)  OpenAl Researcher (currently left OpenAl)

Learning Transferable Visual Models From Natural
Language Supervision

Alec Radford? Jong Wook Kim Chris Hallacy Aditya Ramesh Gabriel Goh Sandhini Agarwal Girish Sastry Amanda Askell
Pamela Mishkin Jack Clark Gretchen Krueger Ilya Sutskever
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Learning Transferable Visual Models From Natural Language Supervision” in ICML, 2021

1) Alec Radford et al. «
Background
» General Computer Vision
22 21 Computer VisionO| A= Of2] Fai & 2=l K 5 0=
= F7Hef0|E HIo|H 7t EHa

- MEZ& 0o|0|X| 0| CHBH A=

- Ak S EM0| XA
* Contrastive Language-Image Pre-training (CLIP)D / H 'E:.' = %I
OIE'—'” A AXIE|4O+7 o ODX E-IIAE MF[ O|lEl A
( =) M=
HM(EHIAE)O| O O|0|X| 2} &2 O|F=X| 0 F5t= 7HEtot *P‘J otg &Y T
- =7t 20| 2 GIO|H & Q10| XA O|O|X| B2 2282 o5 7ts
XA 2HIH M2 Sl o=l A2 7E 2 B ESHY CFFSE downstream task 0| zero-shot
transfer 7=
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1) Contrastive Language-Image Pre-training

Methodology

« CLIPY Model
Image®f Text ZF2| ZHAE

- Contrastive pre-training

o
Ok

IEoD FAICE HIEH O ZE Image 0I5 & = A= 22
= Text Encoder : Text2| §%& & (Transformer)
-+ Image Encoder : Image2| 573 & (ResNet, ViT..)
- Create dataset classifier from label text & Use for zero-shot prediction
;- Y| = Image®f Texts (e.g., car, plane..)& AIO|0f| FAIEE X2 HH &0 FALE CHY =5

(1) Contrastive pre-training (2) Create dataset classifier from label text

1
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1
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FPepper the 1
aussie pu Text ! A photo of Text
pup Encoder | - a [object]. Encoder
; J ! ( ]
1 H
Australian Shephed pypp T, T, | T3 i |
1 R
|
1
—> h LTy | LTy | T | L [Ty ] -
| (3) Use for zero-shot prediction v v v v
[~ 1
—> L LT | LTy [Ty | . LTy T, T, Ts Ty
|
Image > 1 Ty | 13Ty | 3T LTy |
Encoder J d SR B e O : i LTy LTy LTy | 1Ty
1
|
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1
—» Iy Ty [INTy [InTs | o [Ty Apaho_t.c?.Of
1
1
1
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Methodology

e CLIP Code X+ O] A|

- Create dataset classifier from label text & Use for zero-shot prediction

(2) Create dataset classifier from label text

£):

()

a capsule : ", dev ‘ )
# ViT-B/32 parameter download
adrug path)).unsqueeze(0).to(d )
24 photo of Text
ared a . Encoder
a donut
(3) Use for zero-shot prediction v v v v

i T o | TN

Image . . . .
B Enco%er g T | Wy | ey e Ty ect = "003.png" # Image (capsule)
l LU , "a red", "a donut"] # Texts

A photo of image_path =
a . test (

Ranked list: ['1. a capsule, 0.9834', '2. a drug, 0.0144', '3. a red, 0.0022', '4. a donut, 0.0000']
Ranked list: ['l. capsule, 0.8705', '2. drug, 0.1277', '3. red, 0.0018', '4. donut, 0.0000']
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1) y:scale, B: shift & 1 S}El

Methodology

 Contrastive pre-training
AHE HAEES T1XQ EXHIEZ Hzt

(1) Contrastive pre-training

r the [ Text
ssssss pUp Encoder l l l i l
—

T

- Text Encoder :
- & F X} #H=2E & Byte Pair Encoding(BPE)
 BPE: A SRS BAIE NS Bl M2e B2 Mol 0f3] 27| HilH

T | T

T

99 ¢¢

graph”]
S EZ T} AZ[SOS] (Start Of Sequence), = 0= [EOS] (End of Sequence)

v e.g., “photograph — [“photo”,

Add & Norm

Multi-Head
Attention

]\ ((Add & Norm Je~

Masked
Multi-Head
Attention

L% Z)
(N —)

- Linear Projection : & &
- L2 Normalization : TH| HIE{S} ARl FALEQF LHH | YK T,

so Z[Ch AL ZO[ Ak Al 254 ol 2|0 A|E2 £0| 772 &7
D2 AUE HEZ wskelof 9K YH YI Zo| 3 A Ho g
A
2= Add & Norm — Feed-Forward — Add & Norm .....
- Layer Normalization?! : ot oty m ‘ ‘A"e'""m'
W )
(shifted right)

=x20Me=76, 3 LEN M= 77
~ Transformer 2 210f & -
2 CHE M o2 M85 Query(Q), Key(K), Value(V) HE2 &M
'+ Multi-Head Attention (MHA) {2 O{EIM S| 20| ZHZ HHE AlM = A
Z|Z 2f|0]oj e == 0| M [EOoS] EZ0 3H E“PE HHE F==T, "
X;
O O O +ﬁ
S UH| Y 7o Xt q, 2 Hat TrW, B (09 DI
Embedding
| |Tf th |2 Ianuts Om!)uts
63M-parameter 12-layer 512-wide model | I
n 6" C“ &;"D' with 8 attention head VDS
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Methodology
* Contrastive pre-training it
- Image Encoder : & & &l Image= A2 EX HEHZ HEl

- CLIPHM = 7| 2XH 2 & 27}X| base 7| =2 £ feature extractorS 22 : ResNet, ViT
ResNet 7| |:|I_|. E [é| (5 7H X_”_g_) very large minibatch size of 32,768
v RN50 (ResNet-50 7| EH), RN101(ResNet-101 7| EH), RN50x4 (ResNet-50S 4H 2HEh),
v RN50x16 (ResNet-50= 168l =ZH2), RN50x64(ResNet-50= 64Hlf 2HEh

:'= Vision Transformer(ViT) (47H A 3)
v ViT-B/32 (Base, 32x32 I X|), ViT-B/16 (Base, 16x16 I X|),
v ViT-L/14 (Large, 14x14 Th X|), ViT-L/14@336px (Large, 336px 4= Sl & )
'+ ResNetor ViT (LB} 7|Z)S SH XS ST Y == I,
- Linear Projection: 5& YHlId S| Atdl d, 2 B2 W, L,
ARl AR LIRS YR L = [

- L2 Normalization : 3| Bl E §f

R AWk |VES I
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) Cosine Similarity(4, B) = 2 Tl Bl 11

Methodology

 Contrastive pre-training
- AR At

- Text Encoder2t Image Encoder
v 2| LY E WS

o

r=
FALR QA
Z+

Ztel 2 Of2t0| |, softmax 2He 29| 7232 N[O

St

5t E
— 1

3 #EfS 0| 2

[1All2 11Bl]2

APl SAFED A A
[ (Logits) A&t logits = I, T, - exp(7) »

learnable temperature parametert was initialized to the equivalent of 0.07

v exp(7) : et& 7tset &
+ JE 0| = : labels = np.arrange(n) fh Ty 5,-To L -Ts
L-T, LTy 5Ty
B LTy Lb-Ty -Ts
- O Xt AEZT] &4 AL
loss; loss,
(ImageO| A Text22| &4 (TextO| M Image 22| =4
P( |I ) _ :_Xp{lﬂgjtsik) P(I |T} expl:lngjtskj)
o L|T5) =
sgos 2y xp(logitsy) 7 SN exp(logits,))
M _ exp(logits,;) () exp(logits ;)
LI_;T = — g N . LT—:-I - IDE N c
2 A B -1 exp(logits;;) > i1 exp(logitsy;)
loss; = i iLm loss; = i Y
cusz VT W
loss; + loss,
loss =
NEgy ey 2
ﬂ B TUdED .
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Real pairs : N
Incorrect Pairings : N2 - N

(1) Contrastive pre-training
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Methodology

* Why 1s the word “contrastive” used?
- UM 2l Deep Learning 2 &2 Input It label F2| matching A|4F

- CLIP Real pairs (N)= Z|CH =2}, Incorrect Pairings(N? — N) X &2} 5= L=

1%
rl>
[
i

L-TZW IL-Ts I,-T3 Real pairs : N

IL-Ty I-Ty I-Ty Incorrect Pairings : N2 - N
I..Ty I3-T5 I3-T3

image_encoder(I) #[n, d_1i]
text_encoder(T) #[n, d_t]

12_normalize(np.dot(I_ _1), axis=1)

f, W_1
12_normalize(np.dot(T_f, W_t), axis=1)

logits = np.dot(I_e, T_e.T) * np.exp(t)

labels
loss_1
loss_t
loss

np.arange(n)
cross_entropy_loss(logits, labels, axis=0) EEcHiEECINN AR VG T Iriey F=gEn N k=1
cross_entropy_loss(logits, labels, axis=1) |zt
(loss_1 + loss_t)/2

M(Incorrect Pairings) Z| 22}
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Experiments

» Zero-shot transfer image classification

- Visual N-Grams CH{H| G 2 852 E0|= A2 =0l

=/ L=

aYahoo ImageNet SUN

Visual N-Grams 72.4 11.5 23.0
CLIP 98.4 76.2 58.5

- Visual N-GramsO| L2 X| Q& A 7| M 20 2EE QI H| =2 EH ot

il — R

;s Visual N-Grams L H| 10x dataset, 100x compute pre prediction, 1000x training compute. ..

- Prompt engineeringOf| (2t H & B3t 2401
- TaskO| X3 prompt I AEF ZH 2 E M zero-shot 5 4
;- ImageNet : Prompt template “A photo of a {label}” A& A| d=h
;= Oxford-IIIT Pets : "A photo of a {label}, a type of pet.“ AR Al 2

22 Foodl01 : 4 S X|H A| d5 T4

o

EAL 7|.

|-r| or

1.3% 1
|.I-|

=

l-_l

;+ FGVC Aircraft : @5 7| G A H Al d5 &

:OCR: HIAE = X FR|0| [2HE EoW ds5 &

- $|°d O[O X[ 25 : "a satellite photo of a {label}.“ AF& A| 2%
ﬂ 447 Tl 8k
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Experiments

» Zero-shot transfer image classification
- Prompt engineering and ensembling : ImageNet ‘35S 3.5% 1

O

;= "A photo of a big {label}.", "A photo of a small {label}." = AI&5St0 2 7H2| N =2 A4F
=R/ E S 4l

- 8070 2| A|2 C}-Z context prompt= ensembleStH T prompt E Lt 3.5% H5 e (ImageNet)

70

RN50x64
65
§ Improve ment
v 60 -
<]
@
o]
=]
C ss
]
Z
50 -
il ~@- Prompt engineering and ensembling
=@~ Contextless dass names (Li et al.2017)
45 T T T T T
6.1 9.9 21.5 75.3 265.9
Model GFLOPs
R 44 TH8hD VDS
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Experiments

» Zero-shot transfer image classification

Zero-Shot CLIPO| Fully Supervised Learning 2 S}
=E5tAL F

-0f3] E4310

/\

=

- Zero-Shot 1} 4-Shot logistic regression ‘30| ZX]|
- Dataset B2 28°d0| Ctaet

] I_I-
- class® 17l O] 22| l1abeled example ~ 18470 7FX| LIEHE
StanfordCars +28.9 75
Countryz1l 2 Linear Probe CLIF
= Kintica o0 70
inetics b
27¢a I 25
IGCaOﬂkI 65 1Zero-Shot  4-shot
1 B -Sno - &5
Zero-Shot HatefulMemes & CLIP LE e g
CIFAR1O V2
CLIP CIFAR1D0 § 60 - IMCLRvZ
MEo| STL10 2
FER2013 o
oA Caltech101 S 551 et
ImageNet @
OxfordPets @
PascalV0C2007 g 301
— -3.2 ]
E
FGVCAircraft 457
RESISC45
Flowers102
DTD 40 1
CLEVRCounts
GTSRB
PatchCamelyon 35
KITTI Distance
Eur‘)?AT T T T 3“
-40 -30 -20 -10 O 10 20 30 40 01 2 4 8 16
A Score (%) # of labeled training examples per class

Zero-Shot CLIP vs. Linear Probe on ResNet50

ﬂ B THED
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=l ResNet-50 CHH| 16ea O L= /d
A 9l TaskOf| A= ResNet-50CHH| H&50| HS (11ea)

o
[=]

FER2013
CIFARLD
Foodl01
OxfordPets
Country211
ImageNet
PCam

S5T2
Kinetics700
STL10
CIFARLDO

HatefulMemes
StanfordCars

Caltechl101
KITTI Distance
UCF101

TSREB
CLEVRCounts
RESISC45
EuroSAT
Flowers102

mmhhhbhhhhhbhb

M=
o o

ImageNet= 16ea example
st&S Tds 2t

ZeroshotO| FAISE =&

20.8
5.4

Mean:
Median:

T T T r T -

25 50 75 100 125 150 175

# of labeled examples perclass
required to match zero-shot

200

VDS
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Experiments

» Zero-shot transfer image classification

- CH & 22| dataset : Zero-Shot Classifier== Fully Supervised Classifier 2Lt 25 & (10~20% |)

100

90 4

B0 -

70 4

60 -

50 4

Zero-Shot CLIP Performance

40 +

H oveaers 102

ZeroShot

Classifier

g4s0l =2 Fully
Supervied
Classifier
450l =

v
f
f
{.v"

ﬂ B THED

SOGANG UNIVERSITY

30 40 50 &80 70 a0 90 100
Linear Probe CLIP Performance

14



Experiments

e Transfer Learnin

O
- Pre-training= &5 =t& & 22O

2l0f ZHEHSH M

- CLIP 2| %19

Linear probe average over Kornblith et al.'s 12 datasets

0
-t
M
d
=
ok
&
c
lon
(@)
(@)
H
ﬁ
]
o
(@)
H
o
=

85 1

Average Score (%)
oo
=

el
w

70+

90 - L14@336px
W14, .-k
RN50x64
5800
a5
% W .
B/32 RS e | x3
E ' */1):;1. . ) mi;':)
P 5 *
%‘BD- /;‘é"y ) VIT-H/14
] -
] " RNSQ _Lrres200x
BO-NS T_/J ) —
Bo{/ ress0xir
R152x4
751
Moto-v2*
10° 10 102
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Forward-pass GFLOPs/image

e CLIP-ViT
—= CLIP-ResNet

—— EfficientNet-NoisyStudent = —+—

—— EfficientNet

10° 10! 102
Forward-pass GFLOPs/image

Instagram-pretrained  —— ViT {ImageNet-21k)
SimCLRv2 —&— BiT-M
BYOL —¥— BIiT-S
MoCo ResNet
15
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1) Effective robustness: & 20| & =l

Experiments

» Robustness to Natural Distribution Shift

ZOICHE BEOME T2 355 7A

=
T'__

- CLIP2 Transfer Learning®| Al =8} Robustness?) & &2 2 = (Robustness)

Learning Transferable Visual Models From Natural Language Supervision

14
gDLinear probe average over Kornblith et al.'s 12 datasets . Linear probe average over 26 datasets
wx*
e
851 *ir 85 &3
. Sng &
? W oaar ..‘;S( s
iy A7 @ ’
s XX 5 *t
B g0 Ay .,_.’A*'u}q- + B g i, Y
g M g ﬁ/’
g W, /:r@ 8 %’ -
Pt ] Pl ; A %Y
& Y > % - I e A *
575 e sy T B 75 ~_ e o T 4K
o P N o 1 47
= e Pt 4k B, s I
Y .1 ¢
. o ®
v . rY 4+
704 — 70 ;
65+ 65+~
65 70 75 80 85 90 65 70 75 80 85 90
ImageNet Score (%) ImageNet Score (%)
%  CLIPVIT % Instagram a  WIT (ImageNet-21k)
< CLIP-ResNet « SimCLRw2 a  BiT-M
+ EfficientNet-NoisyStudent v BYOL v BiT-S
4  EfficientNet + MoCo + ResNet
SOGANG UNIVERSITY 16

M y=x): 22| O]
ZQIETO| M 2|0 {IX 5,
ImageNet &= 0] H|S| CHE
P2 =0l Mol ds0| O

S 48fCHs 242 ofn|

ImageNet | Zero-Shot

Datase!Examples ResNet101] CLI A Score
I
1

o
ImageNet i 76.2 76.2 0% !
J

ImageNetV2 64.3 701 +5.8
1
I
ImageNet-R 37.7 889 |+51.2% |
I
1
ObjectNet = ; ) : 326 723 | +39.7%

ImageNet (k 5’ e D
252 60.2 | +35.0%

Sketch b /) l\(/

1
I
lmageNelA- ﬂ% 27 | 714 {a74d% |
I
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Experiments

e Bias

. Data =9 RBE SO [h2th HES 7HE 4+ S

- Black Al € 0| A Non-human categories? = | LtEHE

Indian Latino

Middle Southeast East
Eastern Asian Asian

Category Black White
Crime-related Categories  16.4 24.9 244 10.8 19.7 4.4 1.3
Non-human Categories 14.4 5.5 7.6 37 2.0 1.9 0.0
- men vs women2f & 2t X|TF ZI X} CHEA| HEE 7 =A M AlZl= THO{E0] UAZ
Top labels, Top labels,
images of women images of men
worman Jf man
lady male 1k
female - face Tl e—
looking - player
senior citizen - black T —
public speaking - head T —
blonde " facial expression T ——
spokesperson Il suit T ——
blazer - photo e
laug hing = military officer Hmm—
hot -l walking e
magenta photograph e
bob cut [m— elder
black hair -l display e
pixie cut Jm— tie -m—
pink == shoulder -
bangs ™™= frown e
newsreader ™= kicl —
purple ™ . Wormen necktie . Women
blouse ™ m Men yellow - - Men
0 20 a0 60 80 100 0 20 40 60 80 100
Frequency (%) Frequency (%)
17
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Is CLIP 1deal? No. Can we fix it? Yes

Raphi Kang  Yue Song  Gerogia Gkioxari  Pietro Perona

A

ABTNE-D
SOGANG UNIVERSITY
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1) Raphi Kang et al. “Is CLIP ideal? No. Can we fix it? Yes” in arXiv, 2025
2)  Semanitic Topology : image LH2| A|Zf & QA Qf textlf Q| A& 24 ALO[S| FRX 0|1 o[O|& QI ZHAH p

Background

* CLIP Issue
- CLIP2| & A& Zk(latent space)= F&SH A|4-HAE &% HE5 XNE|oH7| O HF@og)
- S AA-HAE &5 E X[V 022 22X A2 cLpe| 7[5kt =0 A
- CLIPI FAtet S5 AHE SR THE & F 7L & SAI0| SHI=2A +=dE + 8l
s 7|2 2 8 o|O|X| Z2HI= E'C"'.j (Represent basic descriptions and image content)
v image®t imageOfl it ZHEFOE 2 F(text) S J2oH I ot= S
;&g HEQIY H S (Represent attribute binding)

S HI0| HE 4 (e, A, A7)E HBSHE 58

= S =
| K| & 2-A| H 3 (Represent spatial location and relationships)
AN =2l A2 S XLt M| = 7te| 2HA|Z O[3fiot= 5
S H 9 (Represent negation)

v “X7} OfL|C} @} Z+O| EX MOl JjEd 2 =L

|:|0I-

She S AE MES HetSLA 0[sfote 5B

« Dense Cosine Similarity Maps(DCSMs)DA| €t

- Image patches2} text tokens2| semantic topology?= FA| 2 2L EM CLIPL| 2 =X 9l ot A| ol &

R AT TUSED | VDS I
SOGANG UNIVERSITY 19 Las



Background

» Two questions about CLIP

Cosine FAIEE T X metric2 A& 5= Vision-Language Model(VLM) Zf 20
=7

d5ots O ERot 2= £45 71 CLIpt FALe H X 20| ZXH5H=7t1

= XFEA | o A
- T -9- VLM 1 d 01 = -9- I' o Cosine Similarity  Our Model
L {CLIP) {DCSM)
- 7|2 A 8l o|0|X| EHX ®EH image Prompt: | Atiibute | 'red circle blue triangle’ 03308 / 6.5652
' Binding ‘red triangle blue circle’ 0.3445 X 6.2262
A 15 I 5 —————
= )8 ?E °|=1|' H o._:I . Spatial | ‘circle above triangle’ 0.2932 J 4.4919
Helati{:nshisz ‘circle below triangle’ 0.2986 X 349918
7™ © ol o HS
o _|' = Tl I| =x |_|' 7:” H l_:1 Neqation "eircle with triangle” 0.2925 J 4.5080
R g ‘circle without triangle’ 0.2927 X 43659
ju_xo_i j:tolj LA AR RN RRRNLRRRRRRRRARRRRERIRRIENIRSRRRRRERUNRENERRRNRERAERUREREREDRDNDN]]])
image Prampt: ‘black car yellow schoolbus' 0.2901 J3.1494
r - ‘black schoolbus yellow car' 0.2961 X 29705
'schoolbus right of car' 0.3177 J J 5.0387
'schoolbus left of car' 0.3140 3.8300
‘schoolbus with car' 0.3238 J 51822
'schoolbus without car’ 0.3256 X 4.7940

| Z7|oHA] 10 O M st=

R AT TUSED | VDS I
SOGANG UNIVERSITY 20 Las



Background

« CLIP Model Concept Flowchart

Rﬁ

. CLIP9| 7| |.o|-I-| __I.I.Kol E'X-”I—I

Notation | Explanation

i(-),t(:) | CLIPimage and text embeddings
I,T Set of images and texts
% Set of atomic object concepts bird, glove....
A Set of atomic attributes  blue, big, smooth
G Set of compositional relations up, left, right. ..
S Finite ordered combinations of elts from V, A, R bird over glove
i(zg) Image embedding of object = with attribute
World Concept Space ettt e .
m [Concept 1 Attribute 1] ;
The sky is :“ ________ A ": 3 [C(mcept 1 Relation_1 Concept 2
blue. Atribute 1 '+ |~ N p-----g--ie-ioiooooo--

| G|
The cone is *é © Relation 1

above the
cylinder.

I saw this
bird today.

My new
gloves are
great.

AN

(2H At=, HE

= OE __I_L)cl)
s Th .0

SOGANG UNIVERSITY

___________

___________

S*’-,r_-sth Modalities
"glove"

"bird"

]
X "blue glove"
]

1
!
|
|
!
|
|
!
|
|
|
|
|
!
|
|
!
|
i

"glove above bird"

’

, 2

21

O[5l St7| €3l CLIP Latent Space 7 & 7H 2]

CLIP Latent Space

Project
onto CLIP
latent space

@ Image ecmbedding
B Text embedding

CLIP Embeding Space C



Background

Geometric Requirements for an Ideal CLIP ..

3 CLIP encoder (image, text encoder)”}

CLIP Latent Space

Project 9

IO =X SHEHH, O O|O| XL} M AEELE Bl Ol

OOk 'O AFE O] rSke

2l

AKX =

et £F g 4= AL 71 (oracle encoder 7H)
Condition Formula Contents
i(x) t(x) > i(x) -t(y) * £7 image0| CHoE 2 HFE text A Y| cosine similarity?} CHE text & F ECt =&
i(x,y) ‘t(x)> i(x,y) ‘t(z) (e.g., At} image, A2 text > AbZ}f image , HELFL text)
categorization| | ) ) , el el [a =Sy TER= £3F0}X|DF 40|t 2H 40| CHE image=2 CHE O0|2X 744
T(Xa) I(Xb),> i(x) I(Y), ) 2 Z2SHE image 2 CF O =2 cosine similaritys 7t
l(Xa g]ocl) ‘I(X, glocZ) > I(X) l(y) (C.g., HH|-7|' Al-_||-, J.Ll'E-I‘ Al'_||' > Al'J_'_I', H|'|_|-|_|-)
. . <CHE £4 2 71T 782 CLIP S0 HASHK| &5
1(x) “1(xp) < 1 (c.. W7H RHSAL TH2E AHSAHS CLIP &R S7HOA CHE 9I%|of )
attribute . . £ £ 71T W EE LiEtW = O|0[X|= s Y £d o HIAE AH|Fo| § 71tE
binding i(xa) - U&) < i(x,) - t(a) (e.g., WHZH At} W7 > TH2E AbT} 7
. . St /idnt £ 2 7HX| B M2 CHE WA o 2 BX[0{ Tl O|0[X|F2 CLIP S7H0i| A BAst
1(X,, ¥p) * 1(Xy, ¥o) <1 x| %L (eg, W7 20p DpEHAMX} Tb2t 20t 8h7F AMX} <)
. : - S Yo 2K 7 CHE R0 U= O|D|x|:%%°e'3.i AH| 2 7HX[X| 2
1(X, Gjoer) * 1(X, o) < 1 (e.g., WHZHZO| AFX} OF #h7F 20| AKX} HE < 1)
spatial . ,- <1 - ST AN S0| CHE S 247 U= O|0[X| 52 st AUl S 7HX[X| &
relationship (X, Zrepss ¥) * (X, Greias ¥) (e.g., D07t AFXt ¥ AXFZF TQFO| & < 1)
i(x, g5, y) " i(x, g, 2) « M7t S Lot IX|LE 2tA O U= O|0|X|S2 CHE fIXILE 2tA|of = O|D|X|ECt 2o 2H 2
> i(x, g, y) " 1(X, g, Z) 2 4 72 (e.g., HIOIE ® X I':|O|§ 9l 4 >HOlE ¢ M, HO|& otzf &)
<HAE AH| Pt O £-0{= CHE O{H WHLE 22 cosine similarityS 7}"'
t(x) “t(x) < t(y) “t(x) g 7h. HobH) < 4. motol) ST =
negation | i(x) 4(x) < i(x) -t(y) «TH7Eo| 3 A H'P‘._"S SHOECHCHE O 7 H0te =2 cosine similarityS 7+
cgatio X)X X))y (e.g., 7l image, 7H Ot text < 7 image, 01O text)
«F e FE0| REE MEE2 F3HO| RHEX| @2 /HEECHH &2 cosine similarityS 7H
t(x) t(y) < t(-y) t(-x) (c.g., 7N, Q0| < Q0| O}, 7 Oy y=re

v 27| 1deal CLIP 274 TESIX| 251 H CLIP M| S22 EF 7550 710 2o 2l
ﬂ AT TN D> T IHK| ZAS A0 UFSK| RcHe U ol
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1) Dense Cosine Similarity Maps

Methodology

e DCSMs D

. 7|=

N 447 Tl 8k

CLIP2| Z2=H ¢l 7[oetH otA|, £9] £d Hteld, S7F 24

—

SRS R e

I

9

- 7|2 CLIP : MA| Image vs T K| text2| global cosine similarity

|:: ZIZ 2jlojofo] Z2{0)M [ros] E20] Y= HHE| =T, | | 55 ResNetor ViT (M 7|52 Sl HB ET WS 1, |

- DCSMs : image patch vs text token ¢t dense cosine similarity map A4t & CNN2 Sl 3
v RE B/ A %% CLIP QZHON F=EEI B E HAE EZN B E O|0|X| IjX| AH LS At
o A AR RALE A4k EZ/afX| | E W0 Choi ZAR! At AlAF (Dense Cosine Similarity Map)

. Functional Rows(FR) & &!: 7JE+71ILF$’S S2= LIEIW = EH 7180°0f si¥sl= DcMmse| S 0| 2|
M HIEHZ WSt HAH 22 7219

o
EZHG}= MEZR2 dZ CNNEES €2 A5t

%
Qt

ohCk

I=|I_I_

[==

—

o
Mot

oh
40
Rl

o BEFCNNEZ2E: =

S0S

"a clock above
a chicken™ CLIP Text Encoder Dense Cosine Similarity Maps

Bk (DCSM)
'S
"a chicken img Contrastive
above a clock”™ 0.4 -0.3 0.1 010301 Output Objective
[2 x text_seq x hidden_dim) 010101 DHIOHICE ~ Light-

_ Rows . !
_— &5 et th 2 convolut
\ and a hidden dimension of 128

=
£l 010101 4 010101 woight 08 | 02 10 | 0.0
TN R »
0 [2 x img_seq x hidden_dim] = CNN
N 000 0.2 0.9 0.0 1.0
0.1-0.30.1 0.1-030.1
- 010101 010101
e 010101 || 010401 | Fune- \_/
CLIP Image Encoder tional —
1§§ ;g W Loss
@ il [2x2ximg seqxlext seq] | (FR) CNN with 2 convolutional layers

DCSMs+ Parameter Efficient Tunning(PET) Al €2 &2 Parameter & P>
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Methodology
 Retained topology in DCSMs

V Correct x Incorrect

red red
@
5 2 | circle triangle
Q7
= = bl blue
Zo ue
triangle circle
* red circle blue triangle red triangle blue circle
_ E‘ circle circle Image Prompt:
T w
o E above .
Q=
0 © 1|2
© | triangle triangle —
m 4
c circle circle A
ke
T | with
o | Wi
@
=z triangle triangle

| 4% gk | VDS I

SOGANG UNIVERSITY 24




1)  Attribute Binding : ZH|0f] £ MY, 27|S)s =otAH HZot=s 222 58 E7t
2) Spatial Reasoning : O|O| X| Lif Z{X|S2 | Z7HH QIX|Lt BA|E of3f3te B o 52 B}
3)iNegation - S0 Al 52| 20| & F=o1H Ofsstes 22| 58S Bt

Experiments
35 Hlw Bt

L S HIE, B2 B W E0N 243 N5 ol

L- O 9 /| -
Attribute Binding D Spatial Reasoning 2) Negation 3)
Model Name | CLEVR;;,,; NCD VG.attr | WhatsUp COCO;g2,5; VGigzon; | NegBench.,., NB,,.
CLIPyirB/16 20.2 63.1 61.8 30.5 48.9 515 41.5 379
NegCLIP 21.8 79.2 724 332 46.1 47.2 314 26.5
CoCa 19.2 48.7 50.8 24.5 48.6 49.5 21.6 20.8
BLIP 111 56.2 59.4 244 48.5 504 205 20.7
SigLIP 13.3 53.6 48.4 26.0 47.4 51.1 26.3 29.7
DCSM,,,..4, 31.0 93.6 60.9 62.6 65.6 64.4 38.8 352
DCSM,,., 39.9 95.7 68.1 63.7 724 67.0 48.6 49.0
Random Chance | 25.0 500 500 | 250 50.0 500 | 25.0 25.0

« CLIP ViT B/32, CLIP ViT B/16 : CLIP =2 & 32patch, 16patch
* NegCLIP : OpenCLIP 7|8l finetuned model, £ £ (negation)ﬂf 22 0| & HHEIE MES EB| St

«CoCa: O|O|X|QtHIAEEZE QIAESIT WM MM Jlsoh @l
-BLIP: 0| & 0| =7 B2 HO|H S 4 X LEYE WNo2 BZst0] ot
* SigLIP : CLIPI} R AISH X5 7H<|X|E'J, ADR0|E &4 g+S A 800 g aes w2 22

« DCSMsynth : 2 HIO|H 2 2 H

» DCSMcoco : COCO HIO|H S 2 &3 DCSM2 CLIP ViT B/162 7|2 ZHZ AL
* Random Chance: £ 2|2 FHEUS [[H 22+ Az B X 2

> CLEVRbind: Does CLIP Bind Concepts? Probing Compositionality in Large Image Models == Of| Al A|2t=l #IX|Ot=3
> NCD (Natural Colors Dataset): Af A 242 MA T 2HH = &4 HEQIE = H It

> VG attr (VG attribution): Attribute, Relation, Order (ARO) H|O|E{AllQ| &4 2tH 22

> WhatsUp: What's "up" with vision-language models? Investigating their struggle with spatial reasoning =
> COCO1&20bj, VG1&20bj: COCO X VG HIO|HAl & 17§ == 270 2] M| E Zetdt= 0[0|X|0f CHat

T\LLBLHL]]LOLO NegBenchvoc: Vision-language models do not understand negation &= 0 A THE = &

gl E-Pn VDS
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Temperature(t) concept

» logits =1,

Tr .

exp(7) Ol A eXp(T) =5

ot Ol

1 E ol =] L Q|7 |. N
—l
- exp(7)E & o™ temperature 77F 7 2= Sharpof A T+ 2&/= B =7 AHE
Temperature vs Sensitivity Log Temperature vs Sensitivity (Linear Relationship)
80 80 -
70 | 70
T
2 60 4 60
v
o
?DE 50 4 250 1
x >
g 40 E 40
Z 30 # 30
=
@ 204 20 -
&
10 - 10 -
0 0
lol’l 1(|)” uljl 1(|)2 I2 I]. tl) I1 2I é :1
Temperature Value Log Temperature Value
Similarity Transformation at Different Temperatures Probability Distribution at Different Temperatures
-@- Temperature 1 1.0 | —@= Temperature 1 ]
40 Temperature 5 Temperature 5 COSil]C §lmllarlty01|
=@- Temperature 10 | =@= Temperature 10 CHHIS . ,
—@— Temperature 20 0.8 —@— Temperature 20 H |O|-04 softmax
% 5o | =@~ Temperature 50 f_g —@- Temperature 50 probab111ty7f
2
z g 061 temperature %4 0|
g : — AHL+= 22
B3}t A0fLES 2 g
3 8 20l 7ts
10 ] "
02 / exp(1)E =0 2|5H
LIEfLt= i
0 ® 0.0 @ 4 _
01 02 03 0.4 0s 0.6 0.7 08 09 01 02 03 0.4 0s 0.6 0.7 08 09
Original Cosine Similarity Original Cosine Similarity
R B TUdED VDS
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1) in-distribution : 2 &0

7+
=

| Sh&SH OOl Rt 22
B NERE A=

=
2)  Out-of-distribution : &2 & 0| &} =l

Ol Al Lt2 HIOIH
Of A Lt2 HOfE

J

Er
=

Robustness

A ER(Ef fective Robustness) = Accuracypop — f(Accuracy;p)
2 e4ad)

f(Accuracy,p)= CHEot Z RS0 A 2| ID-
OODZA E 3| F 24t 7| & M(line of best fit)
- IDD (et& ot H|O|H 2)2F 00D (et& ot HO|H et 27t CHE H|O|H)of| M o] Hte
740 el A E oAM= 7 2= &5
- 7|F0 5ot AS HEHOZ o 4HEH A

=CHE Hot S22 S HoiFE

A
e Relative Robustness (é)l' CHA ol Z+A )g) RR(Relative Robustness) = Accuracygop
- ofg HIO|H 222t CFE HIO[HO| M| =tz 7t L0t L E|A=XE ZEHLZE 5T
SRR QI MR QI M %
v B 0| ob Hlo|EH Ml E40 XLEXA St X|H STHH Q 2 g2 =OrX[X| 2
SipEQl Z7de SobE & 98

 Spurious Correlation
- 7 7K A0 SAXL2
RALE X328 2210 2|t AT

2do AKX E 20|= A
- SHHe ZHds HUF 0|t 28 el ZH-80[ &

A B
S
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Semantic Topology

Semantic Topology+= O|O|X| L§O| A|ZtE QA0 HIAE LYO| HO{HE Q4 AtO|o] & 0|1 o|O|& 0l 27 £ 2|O|

« A& EZZX| (Image Patch Level)

- O|O[ X[ LHOJ A 24 M| = Of Of EA| B B =[0f =X, £80] {H AK0f £ot=X], 22[1
K5 7tel S¢S 2HA (~RI0l, ~&oll §)7F 027 F-J=[=X[0f gt L
+ Image Patch®| 21HAS SOl S LS EE0= A4 2HH E

« HIAE EZZX| (Text Token Level)
-HAE TEZE LJO|M SO S0 O = ME HIE &[0 R, O THO{Z0] 2|0 O
SetA o|0| (&7 XpZ APt «AhS Kt W ZHM»o| X10|, EE= B BH)S I d5t=X[0f
ot R
Text Token2| Q1A S Sl Q0| 2H =AM & HE0I= A df 2tEE
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CLIP usage method Y

* Feature Extractor v 71x 712591 B2 44l parameter 1%

- CLIP2| image encoder, text encoder fix — == £ 722 downstream taskl| UH O Z ALE
— 1 20 M2 7+l 22 network P SHS
- CLIP2| & LSt Parameter= T 5] update | X| 20t 2 &9 2 = L2tk X[t

specific taskOf Ciiet M-S SHO0| Mete = A&

» Full Fine-tuning . parameter 22

- CLIP 2 & 2| & = parameter= downstream taskOf| StA| =78
-t =2 dess 71t = UK B - AL AR DO 2 HO|E A0l He

- Pre-training knowledge= 2L 0{H| 2|= 2[& 0| /U=

» Parameter-Efficient Tunning (PET) . 25 parameter 8t

- CLIPS| Parameter CHE =22 FIX, 7A@l A 29| ParameterS = ¢ or 7| £ Parameter &

URDH HEYHO R SEAIH BEYS H0E WA

S
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Geometric Contradictions in CLIP

% CLIP embedding space (C)7| condition 1= PtEOICHH, O &M QI AEf7} £| 7| |2t CHE O ZHE BHS =
) " L Lt sy
i(xl,x?) = az‘glr;lzax[i(xl, x2) i) +ilxt, x?) - i(x?) — Z i(xl,x?) - i(x)] s.t. ||i(x1, x2)|| =1 _1. 3
(2% + 5 245 0|0|x| 2] cLip YHZ = L
Conditiop1
OlH QI X| . 8| O|0|X| 7} 2| = AN S1t= 202X o= 7H4 L, ZE5HK| Q= CHE M| Sat= EO{ T AE]

i(xh) + i(x?)

N
> 0| Z[H3t ZHE FT i(x,x)7F7HE AKX LHIF i(x) 2t i(x?) 2| ErtztE 4 S (linear superposition)O| & Cf

\ O =i v e
o Xy Yp) #F U(Xy Vo) w7t XS Ao IbEt 2 £ T2 RS AfQ} WH7E 2 AN Has
Conditiop2 i(xa) - tla) > i(x) - t(a) (;in|x| 2 A
i(x) - t(a) = i(y) - t(a) = cos(6)

i(x) =1 —-08)ix)+v, K1, [liGe)I| =1, i(x) i(x) =1 -6 i(x) - t(b) = i(y) - t(b) = cos(w)

< v = pt(a)
i(x,) = (1—=0)i(x) + pt(a) . .
() = (1 - i) +pt(@) G L~ D@+ (O)) + pt(@) + )

2

L i) = (@ = 8)i(x) + qt(b)

i(y,) = (1= 8)i(y) + qt(b) = i(xp ¥a)

ﬂ B THEED
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DCSM Visualization

% ZFDCSMO|M 7t =2 E=

rir

EOS EZ1t CLs T X| Y H| T ALO[O S

“An image of a backpack to the left of a glove™ “An image of a backpack to the right of a glove”

=805 <505
an an
image image
of of
a a 0.3
backpack backpack
js] o
the the 0.2
left left
'Dl ﬁf 0.1l
a a
glove glove
<E0S= <EOS=
Bl bg | backpack | | Bl bg | backpack | |
“An image of a glove to the left of a backpack™ “An image of a glove to the right of a backpack”
<508 =505
an an Image prompt
image image - . .
of af 3 3 &
a a
backpack backpack
to o
the the
left left
of af
a a
glove glove

<EOS8> <EQS=>

Bl bg | backpack |

backpack | |

15
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