Image Difference Captioning
with Pre-training and Contrastive Learning

Data Engineering Lab

Sunghyun Ahn
skd(@yonsei.ac.kr

<2023/05/17>


mailto:skd@catholic.ac.kr

@ Introduction

# Image Difference Captioning (IDC)

@ IDC= HI==¢gt 5= 010IXI Z+9] AlZHE XHO0|
ANz &8ot= 22 SHE &

& fine-grained semantic comprehension

=) HIZSt OI0IXIC CHEE XHOIE ESoH0F
(AIZHA XH0IQF EHAE ZHO| ZHHIE HF6HOF &)

e=p ALH2IQ0 TH2H AIZER XHOIF DY &= UAS

(a): JlottX IO Mot SEE S
(Move, Add, Drop, Color, Texture)
(b): M SF0 ME A0 X010l ZHE S (b)

(a)

" Animall is covered in yellow , green and orange feathers , while

Q high_COSt Of manual annOtation animal2 is covered in greenish grey feathers with dark orange

feathers on abdomen and chest ."

e=p = 0I0IXIE 2H2} ZHETH [HZ XH0IS HI w60k E

e triplet format (img1, img2, text) 22 T M0k



Introduction

@ New training schema for IDC (three self-supervised learning)

AIZHA XH01(visual differences) @t Bl A E (text description) 2t0] ZtHIE M6t Xt &

& Masked Language Modeling (MLM)
a=p A ZECUEINM HAE EZS OFAZSHT HE OF

& Masked Contrastive Learning (MVCL)
e=p AlZF2ECIEIGIM OIOIXI THKIE OFAZGHD I DIAZE SA6H= MHEUIA AIZE-20{2H9] &
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& Fine-grained Difference Aligning (FDA)

==p Hard Negative TextsE Bt=1 AIZtH XI0IE TFAM Q MIZoHA THZE
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animall... covered
in yellow, green...

animall... covered
in blue, white ...

animal2... in orange
grey feathers ...




@ Introduction

@2 Data expansion strategy

x

ZJFH0I cross-task HIOIEIZ2H HH& XIAS St&6H X & (cross-task data: M2 [FE ZHAMIM 222 HI0IE)

& General Image Captioning (GIC)
a=p OI0IXI2FHMAE 2t0| [HES SHE0HHM 0[0IXIC NIZHH EZ 0 BIAEQ HHE EZ0 ZAHE OloH

& Fine Grained Visual Classification (FGVC)
e=p H|ZTtZFO SHIE A0S OIZSt XI0IE 21AGH D 20t
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Method

@ Proposed Model

Image Difference EncoderE Soll MIZet OIOIXI XH0I1E MHefet
Cross-Modal TransformerE Soll AIZ{H ot HMIAE FHE 2t ZHE IHofst
MLM Task MVCL Task — pos FDA Task —» pos —» neg
yellow . —» neg [cLs] e "
4 ol 3 2 B § animal1... covere
D {m ¥ “ - in yellow, green...
4 o qnimull... covered 1 2
.. covered in [MASK], green - H .. covered in "mblue, LB {V( )’ V( ) ) T}
and orange feathers - . . yellow, green... .’ animal2... in orange
""" ' — grey feathers ...
(1 _ (1) (1) (1)
/ v “Milg [,M-GZID - Vi = {[IMGl], Vg s }
a el e 9 9 (2
:]—-m | v® = (MG2], 0, .. ., “ b2}
‘ Cross-Modal Transformer ] (men T
war, [EOS]}
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{ Image Difference Encoder 1

________________________________________________________________

"animall is covered in yellow , green and
orange feathers , while animal2 is covered

in greenish grey feathers with dark orange
feathers on abdomen and chest ."
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T = {[CLS], [BOS], wo, . . .,

[

17(1)5 ‘7(2) = ]:pair (-Fsing(v(l)): Eing(V(Z)))

Pair-lmage Encoder ]
Single-Image

[

Single-image
Encoder

VOO T = Fo (PO, 74) 1)

shared
Encoder } .[

Imagel tokens Imagel tokens J




@ Method

@2 Objective Function

& Masked Language Modeling (MLM) ==) mask 15%

Lym = Ev,rep [— log Py (wm | W\, VY, 17(2))]

W,,,: masked word

W+ m: Unmasked word
& Masked Contrastive Learning (MVCL) == mask 15%

Lymver = Ev.rep fo (Um | 'U\mvT)

exp (d(vm,v;,)/T1)

/MLM Task

— log
exp (d(vm, vik)/T1) + 3o enr () P (A(Vm, v') /71)
d : cosine similarity
V., : masked image feature
v*,: original image feature of v,

N (v,): unmasked image features in the batch
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Method

@2 Objective Function

& Fine-grained Difference Aligning (FDA)

Retrieve: TF-IDF QAICE Soll ZAE HI8t
Replace: AL HEALSE [
Confuse: £UO YXIE MZ

EV,TED [— ].Dg NCE(V, T)]

Original

animal1 is brown with white tuft while animal2 is orange

Retrieve

exp (d (V, T"') /72)
P (A(V.TF) J72) + S cnry @b AV, T /72)

Replace

V : the average of special token [IMG1] and [IMG2] Sonluse
T*: Positive Text (Ground Truth)

T-: Negative Text (Retrieve, Replace, Confuse)

animal1 is brown with white tuft while animal2 is dark brown with grey tuft

selected words [ tuft, orange, brown ]
animal1 is stocky with white spotting while animal2 is greenish

animal2 is brown with white tuft while animal1 is orange
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@2 Training Method with cross-task data

& Pre-training
(1) GIC LIOIEE Sth &t&0t0 22 M2HIEHE X718k

Lvim » Lmver » Leoa
(2) FGVC ¥ IDC HIOIHE Soll st&gt

I-contrastive ’ I-classification ' I-matching , I-MLM ’ I-MVCL ’ I-FDA
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& Finetuning
IDC LIOIEHE Soll MMl RRES MeIEdet (L]

Lyim Lmver Lrpa
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Cross-Modal Transformer

Pair-Image Encoder

Text

A |

Single-Image

>‘ Single-lmage
P

Encoder Encoder

T T shared T f =P FGVC data flow
| =P GIC data flow

Image 1 Image 2



@ Experiments

& Results
& Birds-to-Words (GIC: CUB, FGVC: NABirds) & CLEVER-Change

Model | B4 M CD) R Model | B4 M R C

Neural Naturalist (2019) | 22.0 - 250 43.0 g‘g’gﬁ“gggt (2019) j;-g g%; - }?gg

Relational Speaker (2019) | 21.5 224 58 434 (2019) - 2 - -

DUDA (2019) 535 210 1¢ BB VAM (2020) 503 37.0 697 1149

L2C (2021) 3 o 151 VAM+ (2020) 513 37.8 704 1158

L2C(.CUB) (2021) s . 1es IR IEDC (2021a) 492 325 691 1187
; : DUDA+Aux (2021) | 512 377 705 1154

Ours 280 231 186 484

Ours(+Extra Data) 310 234 253 49.1 Ours | 512 362 717 1289

Table 1: Comparison with state-of-the-art models on Birds- Table 2: Comparison with state-of-the-art models on

CLEVR-Change dataset. B4, M, R, and C are short for
to-Words dataset. B4, M, R, and C(D) are short for BLEU- T e .
4, METEOR, ROUGE-L and C_[DEI'(D) The main metric BLEU-4, METEOR, ROUGE-L and CIDEr. The main met-

ROUGE-L on this dataset is highlighted. ric CIDEr on this dataset is highlighted.



@ Experiments

&2 Results

& CIDEr performance on different type

Model | C T M A D DI

DUDA | 1204 86.7 564 1082 1034 1108
VAM+ 1221 987 820 1263 1158 1226
IFDC 133.2 991 821 1282 1185 1142

Ours | 1312 1011 817 1333 1165 1450

Table 3: Breakdown CIDEr performance on different type of
changes of CLEVR-Change Dataset: C(Color), T(Texture),
M(Move), A(Add), D(Drop) and DI(Distractor). :

large red matte cube right tiny red metallic block metallic

Figure 7: Visualizations of cross-modal alignment on CLEVR-Change dataset.

the large red matte cube that is on the right side
of the tiny red metallic block turned metallic

10



@ Experiments

@2 Results
& Ablation Study & Performance using cross-task dataset

Pre-training Tasks | DE | B4 M R C Model | B2W CUB NAB | B4 M CD R
1 None v 3277 277 572 898 ’C Ve 31.3 - 15.1 453
2 MLM v 36.7 282 609 949 L v v 31.8 - 16.3 45.6
3 MLM + MVCL v 503 376 706 119.7
AMLM+MVCL+FDA | v | 512 362 717 1289 \// , %g-g %g} égg jg-fj‘
SMLM+MVCL+FDA | X | 492 358 688 107.9 Ours Y v 275 233 219 485
6 w/o Distractor Judging | v | 49.8 369 692 1235 v v v 31.0 234 253 49.1

Table 4: Ablation study results on CLEVR-Change dataset. Table 5: Model performance on Birds-to-Words(B2W)

DE is short for Image Difference Encoder module in our dataset using two cross-task dataset including CUB and

model. B4, M, R, and C are short for BLEU-4, METEOR, NABirds(NAB). B4, M, R, and C(D) are short for BLEU-

ROUGE-L and CIDEr. The main metric CIDEr on this 4, METEOR, ROUGE-L and CIDEr-D. The main metric

dataset is highlighted. ROUGE-L on this dataset is highlighted.



@ Experiments

&2 Results

& Visualization of generated cases

Semantic Change Distractors

—
(a) (b)
9urs: the small blue metf:l cylinder that is to the Ours: the scene is the same as before
right of the small yellow thing becqme gray . DUDA: the scene is the same as before
DUDA: the small green metal cylinder that is GV ihatwo stenesseem ldentiesl

behind the small brown matte cylinder is missing
GT: the blue metallic thing became gray

Ours: animall has red feathers on its head , and wings and tail .
animal2 has a brown head . animal2 has a brown and white breast .

Neural Naturalist: animall has a red head . animal2 has a brown head .

GT: animall has a red beak , while animal2 has a pale grey beak .
animall 's vivid coloring includes red , violet, tan, rust, blue , and
brown . in contrast, animal2 's coloring is mostly yellow and dark

brown . animall has black legs , while animal2 has red legs .
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Conclusion

&2 Conclusion

& Ml JtXl self-supervised task& &&8t IR pre-training-finetuning J1 1S H|Qt

o

a=p A|ZtX K10|(visual difference)Qt I A E (text description)Ztol ZHE SMHOZ stEGIAUS

& ZIIMOl cross-task dataE A& 2tSH Ol=20iM B¢t IDC HIOIE = 2let SHHIE ==&t

e=p & SHEOE HIE XIMS S56H0 AIZHE XHOI0 [HE &

& CLEVER-Change?} Birds-to-Words HIOIE MMM SOTA M 5= Z4let
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