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Abstract  The task of stylized image caption aims to generate a natural language description that
is semantically related to a given image and consistent with a given linguistic style. Both requirements
make this task significantly more difficult than the traditional image caption task. However, with
the availability of the large-scale image-text corpora and advances in deep learning techniques of
computer vision and natural language processing, stylized image caption research has made
significant advances in recent years. Widely adopted neural networks have demonstrated their
powerful abilities to handle the complexities and challenges of the stylized image caption task. A
typical stylized image caption model is usually an encoder-decoder architecture. The model inputs
go through many layers of non-linear transformations, e. g. Rel.U layer in the Convolutional Neural
Networks (CNNs), to yield latent representations. This makes the latent representations and

parameters of model lack interpretability and controllability, which can restrict the understanding
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of this task and its further improvement. In this paper, we focus on the problem of understanding
and controlling the latent representations of linguistic style and factual content in stylized image
caption models by learning disentangled representations. Existing disentanglement methods mainly
work on single modal data, such as computer vision or natural language processing. However, in
stylized image caption, there are two types of media, images and texts, involved to learn a repre-
sentation that is faithful to the underlying data structure. How to disentangle the latent space of
cross-media data still needs to be explored. Inspired by the successful applications of disentangled
representation learning on Computer Vision and Natural LLanguage Processing, we propose a novel
approach, Disentangled Stylized Image Caption (DSIC), to learn the disentangled representations
on unparallel cross-media data. With the help of the VAE {ramework, two latent space filter
modules, style filter and fact filter, are designed to enhance the disentangling performance.
These filters slice the latent representation to different segments. Each filter is going to retain the
style-specific or fact-specific information in the image, by minimizing the proposed auxiliary
classifier loss, and screen out other irrelevant information by another auxiliary discriminator loss.
Concretely, we use two modules, D-Images and D-Captions, to disentangle the stylistic and factual
latent information in the images and captions respectively. To fully utilize obtained cross-media
disentangled latent information from both images and captions, we adopt an aggregation method
using capsule network with routing-by-agreement. This makes it possible for the LSTM based
caption generator to generate stylized captions with target linguistic styles by directly controlling
the learnt latent vectors. To validate the effectiveness of our approach, we conduct two groups of
experiments: the disentanglement performance test and the stylized image caption test, on two
popular public image caption datasets, SentiCap and FlickrStylel0K. Experimental results for
disentanglement performance show that our model can successfully disentangle the stylistic and
factual information and reveal that style information existing in both human beings’ experience
and images themselves. Experimental results on stylized image caption datasets show that our
model significantly outperforms the competitive baseline models and prove that the aggregated
cross-media disentangled representations lead to around 17% to 86% improvements in terms of
multiple performance metrics for stylized image caption.

Keywords cross-media; machine learning; disentangled representation learning; stylized image

caption; natural language generation
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N EC) —g(fCECHN | |« | FoR L 5%k
A O BHEME K

L= &) —g(fECHN |+ KL(glz|2) | p(2)
(1D

FLAR M AR e AT T AERY L 3% B R ] ResNet-
1529 MR EUR AR €. £ CoO T g Co) 43 3l i 5 2
AV A IR A — 2 A 1 Al Sk eR R
ReLU. anl& 2 frzn .o 7 M EMR 1 B )2 25 18] i 24
Z s UK A S A R T A G B AT T A XU 1B
i 3 F1— Fb =R S Pl s L DSIC 5 95 4 3 0k 8 I 7E
SANEEYI R (2 sz Bz B W6 B B H D E
BREZa R 158 BTy a —14
8 By 3 S A 2R R — Sl Bl S O 2R

H O BT TR A 2 A B G2 Ol D-Tmages)
(i 2 R L =K (12) .

LvE = Lo o Lo6o F Al Lot +
A Leanip Ao Ladscn (12)
Forp A R PR B — R R eRBORCER 1 R S 8
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XT38 SCAS  He H AR 2 E1A XU A Y AR A
B o= (oo, seeax). B4R H, DSIC F] ] LSTM
A ar kRS 2 BFRZE RN = K5 LSTM fig i
e oR A o, BUAE &AW () 25 ¢ F0 R 6] o, 1 98]
WEH p (x| 2ozy sz, ). RIL, BRI R B E U R

— D logp(a, [zoarsva, ). RO WHE K
t=1

n
LP = —Zlogp(z', 2oy sy, +
t=1

A KLGg(z2) | p(2) (13)

5 D-Tmages B AL, DSIC F) F] P Ff 3o 6 4%

SOk RN F i B A 2 oK RS DA 3R SUAS B B )2 R
fifp 21 2 7 3] XS 1 S A5 R, S [A) S T 0 T A

1 — 4% DA A P 1 A 3 & A3 7 — PR 119 XA
RS2 2 R B A 2 D) C=oaz ) s HoH 2

FeoR B — TR a8 KA 1y 25 A1) A (s B s,)

xﬁ?ﬂ%ﬁaﬁ%ﬁ”ﬁ&t@)\(7>%uft<9> Al LA
RBNLAL s Lo M Lo . X T D-Captions #EH,
TPl A KRR AR 3R S A — R E 8 XUA
T O HY = BT A RUAE 25 1] 2,

X S i A L LA B o 2 i 9%@@%7&3]
IO, = S A o T A B 6 31 400 2k DU B L XU 3 i)
FHEMFEE. 5 D-Tmages BHZEWL, #i IA(4) L(6)
8 AT AR B L300 » Lol FNLGE o » DT AR 8
KA FH L.

3.4 BREBUEFEENERS

FIA E3R 221 1) D-Tmages Fil D-Captions
B, DSIC A L 43 51 15 31 B AR RN $ i SCA B2 25 1)
1) fiff 24 98 LR

XfF D-Captions #& 8, | Fl H 2 84k £ 15, 7T
DL XS A A8 38 19 5 56 53 A g (2 | o) o R A 5 P
B ARG — > 18 0 38 T B RS R = O 7 R
M sy HOR 2?5 T KU 5o ooy 2t BIVH B KUK
E‘JT*J?EjCZI—‘%: D-Captions % % 11 K%'J:‘ kg 2R 7s 1Y
BMED . X F D-Tmages i3, DSIC [A] 4 GE K15 R A
(4 R T AR 0 XU IS S 3R < =, 20 R =

h TG B AR 4R DSIC SREC T —FF
FHERSC S i e 48 P 25 19 3 5 T AGGREGATE , K
AL AR AT - Ty A e 28 Ay 1 i 2% (input capsule
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Uz Fl Q, =Vz? o U RV Ry o] 2 2] 1 50 B 2
B R TP n A R I ORGSR R

NI n A B AR QT e R

] i (vote vector)” {A, , A, ., A, ), LR R ME
QB R SCAS v $ I KU {5 50T S A 1Y DT
Tk, B RS AR R R R
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— A R 07 BioE SR
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2Cy
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Dexp(B,)

Horp B, B T8 A Q. R0 i Q5 2 IRy
A B ikl 0 Jﬁcﬂﬂﬁ(w) HEAT HEH.

B, <B, +0" an
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01 ZIE . LIRIEME .
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Lo+ e
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T IR A 5 R XA 3ROR =0, 53 SEFROR 27 %
B ok . — B A B A SOAS AR R T AT A R
AR 1 B KURS AL A 3R COXUA% s, R 3D
3.5 IR L B ik & B

BT BB AR T — ARG
R BT 1 ik A 25 ok 2B B RURS 14 il 3

AR X — kA BB 2 % gz, (2,
qCz, [ DO H qCzp |2 53 R oR KA =, KAE =, FlI
FL 2 =AE B BS54 %'JFHE%%MK
35, DSIC 7] LA D-Tmages HRALFG B 40T (0] £

20 ~q(z, |27,
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520 RY  5 RUAR 1 Bk 2 2 i A AGGREGATE

B, B AT 5 1 B W T XA 7 =0 A 2
TEINZR B Be Q& 2 5181 (b) B s = Fll =2 433
FVREE TSI S5 52 300K 2 B8Rk A B4k
SCAE R A D GX B LSTM) AT 500 fif# A5 5 43
SR BT A RS 5o FXURS s, 0 LG R . 78 T B
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DSIC #2 iff VAE 2244 ) D-Tmages fi e Al D-
Captions 3, DL & LSTM 244 i) i i SCA AR i 2
DA AL ZATI R PRI ZR 20 RN G 1 Fros M
20 0 128 BRI 2 s
ik 1 BN it AR
A IR T=1{ (a0 ) [ e 2 3
AN @SR ER vl R XL KURS S sy B9 48 3C
AR5 i, FETR NG XA R s, B i 3k SCAS v o
KT 07 1 2 S PR A IR A, T A S SRR IR
TR BRI TN N
it YN FRdT iy DSIC A2 7Y
BEGIN
//BE T 0 i 2] 95 3R 7R 24 2 (D-Images)
1. FOR /Nt E%4E DO
2. E/MEB K L0 KA AL D-Tmages 19 2%k 00
3. /MU L0 KARAL D-Tmages 19S50 61 5
4. T /MBI L0 K A4k D-Tmages 19 250 6o
Gudocor T Gutocr 5
5. DONE
/ /3R SO 1 iR 21 98 32 7 2 2J (D-Captions)
6. FOR /Mt %HE DO
7. /MBI K Ol etk D-Captions 1S H 0L 5
8. J/MEBK L ) FethiAl D-Captions (9B 5060 ), 5
9. d/MEER S L0 K A Ak D-Captions 1) 2 5 0Ll
Gitoco A O 5
10. DONE
/ /R S8BT ] DL RS T 3 34 1 B )2 2 [a] o
TR I IRCT-H4  JRTR I 190 0 PR 7 =0 i
11. FOR (&5 3 500,.07) INT
12. DO
13. =z <D-Captions(y: )3 / /S B R AL
14, ={, <D-Captions(y;, ) ; /B SEARAE

15. DONE
16,577 = 20, /A IS R
17. 2yt = L\]Ez [/ TEREA YNGR FRT

18. FOR (&' sV Vs ) INT

19. DO

20. 2,202 < D-Images(a') [/ ESBAFRE
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/BB RS fF B R A FR
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//E%ﬁmktﬂ*%ﬁ% Bakrm

23, = =[] )/ S SRR

24, w2 =Lz 2] /) SR RIRAME B

25, 3, <D [/ AA LA DIAT 570 A 1

26, 3., <D(z2); [/ /5y AN LA DT 580 Al 1

27. ) FA 22 SR 5 5% o BOR A AL 3k AR AR D

28. DONE
END
Hik 2 BN RE.

A ARG «

b ) BRI ARG A A KU 0 0 AR s B3R v, ALy,
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Loz 2% 2 < D-Tmages ()5 // B S HALRAE

. 21« AGGREGATE ez /) B IAA AR i R &
. 22 < AGGREGATE (2.2 / /B A KA (5 B R &
cev=LengRe ] /) SRR M

o] /) SRR AR R

<= DD/ A RS DIATIRAN N 5 HEHE R
c v, D) s /AL RB DRI 5 1R R

END

FE YN 2R o B 5 X P A5 A SCAS K dls 73 ) 2 A A
A7 2] R BRI 2507 X sl ik D-
Images 1 D-Captions fEHt. Wi )5 . 0 T - BUHE & 1,
W KU 2R 20 F oz, DSIC # YR b i B
A iR A 28 D-Captions Zi ity 1 &2 KUK 2718 B
PRy X TN GR A B A R R 5 H A D-Images.,
ARATF AR L A U2 XA 28 A8 52 . BT 1 3T
frif AGGREGATE %4 J5 X 25 R XM £ B 2R
B 5 5 IR AN I B g A B SO A iR D
HERAT D00 15 L I R 28 SUJR 481 2k oR RO Dtk 47
fLtk.

TE DI 0 AL R 4 A — K IR o Hodag A
IR 9 D-Images . R A% HAH L B9 FUZ KUK 2R Al
FRFR. FRFIZ IR E KA s 5 I G o i gk
A8 A ARG s+ RV ZR 4 v AR IAURS 19 4 5k
AL D-Captions & i 1 B = KUK 278 19 35 {6 .
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X oL IRUAS 1 1] 4 4 ik

=~ W Do
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4.1 HEE

ARSCHEAT T IR SILHG 5 4. 2 9 v i i 2 gk
AN 2 PERE IR AN 2 4. 3 75 o () KUK AL G i R A=
AR RE DN 32K b R S 58 7E T AN AT A KU A 18D 15 4
RAE B 4 FlickrStylel0K™™ fil SentiCap™™ |
HEAT T TE A 0 I3 AN 6T b FlickrStyle 10K 45 45 42
JE ST Flickr 30K G H i A m a4 1l gk
TR T oK. IR Y FlickrStylelOK™ K4 4 4 &5
110000 Xof &5 1 XU A0 A 3 1 SCAS Bodis . SR,
A H Y 7000 X 846 2 % S IT iy B i AR ST
SRELUT M MSCapt'™ D) Je MemCap* w1 4[] fr) 48
T, BIAEIX 7000 X Hpili R 6000 Xif [l 45 SCA £ Ay il
A TR AR AR A AR AR O T REE 1S 3
AR S HOOE A SCIE N F 3R 6000 X Il 254 o
BEPL ST T 100 X 4 Oy SE 56 i 30 E . AR SCHy 55—
ANEYE 5 Ol SentiCap. SentiCap M\ MSCOCO 11 5
UEEE TR0 1 R8BSR T — A5 A 17 SR 1] 174
TR SCAEE . H A BRI R AR 1) 1 SR A T 1753/
236 MEMGE RN 2 /M. Ak A 236 5K IR AR
B UE. B AN/ B g R ER L T = AR B
) R = S5 T AR B 3R SCAR . e A s b3 A B8R 1
B UG IR0 A X I ) % g5 SE MR R SR L T
ey = SRl 3R ) AR 48 0 A
4.2 MY ERRFI MK
4.2.1 SEERE

AR SCAE TEIAG N4 348 SCAS B 43 90 64T 1 Al 2 2
FR 2 1Y PRI IR, 3X A S 5 Y 25 SR K RE U
(1) PG R R SCAS 1 fifk 2 2 A5 e 2 15 BE B8 L 2 2
2] B fire 2 281 B2 25 18] 5 (2) BRI SCAR i) U
M IAE B Z R 2B AR, FEX A5,
AR T LAT P 6 R -
4.2.2 T IEAR

(1) Disentangled Space Accuracy(DSA). Z& X
TERLTY 2Z SNl ST G T — A FE T a2 48 1] )T 19 B2 25
(] KUK 0 S 45 o SR 5 1 31> 70 2 4 I - (D il 2 2
R JXURS B 2= 25 T 5 O fifp 24 98 1) S S B 2 =5 () 5 @ 58 3
B 25 8] fe . 38 5 TR ) R AR 20 SRR B Y L
il T LA 2 Sh 2 YRR 2 A 18] XU T 3 (B 7S
TER B2 X T D-Captions BT & 45 K iy A )
I B — b XU 1 8 3R SCA  H S8 B Y B A 1) A
T RURS R S A SO B A B R 2 S ) KU
Sy Gt FL 0N IE 6 XURS 1 B R ) A 28

HERR L. X T D-Images BT S . fAR H: 58 B 1 3
J2 A )4 5 1 e XUAR 0 2 52 fHL 2 AR 305 B i 3K
i A TEIABE o G 590 465 7 o JXUARS 25 () A 2 5 25 () 25 5
i A B 2 3 () XU 43 2 4% v G T P T O E
) IXUAR 1) L 91 1 X (0 0 5 23 2 T i

(2) «SNE' i L i T — 4> = 4 Disen-
tangled Space Accuracy ) t-SNE & 14 3k v # 1L #h
JE TR AR A AR R AE AN [m] (1Y) B2 2 1) i i 24 2
RWOR.

4.3 UL B R 5 A A R R K
4.3.1 SEEIRE

TR IS WA ik 2] A B2 s I BT i
11 55— UK AL Y G 3R A AT 55 v 4 56 ik 2]
GRS 7N 2 QA 5 i PG Al 3R AR ISR ROR AR SO i
RERLFI AN T JLAS HE LB Y | Y6 i (state-of-the-art)
R AR TR LA e T it S5 T A R AT X L
4.3.1.1  FLLRpim

(1) CNN+LSTM. — A} T4 #L119 encoder-
decoder ZR A4 [y G Hl v A= BB RS, 5 40 7 B HL LA
AN Y 1 B A B L BB R T CNIN Sk 4 1 &1
8985 F LSTM Fl 22 i) WU T[] £ 7E S 48 78 A
H AR XU 1 5 Al 3

(2) StyleNet™™" . iZB R H T —4 44 K factored
LSTM RS 20 4. R % 41 B RS BR 98 1 3l 2%
TR LD BRI T RE I g RS PR L X AR R A
2 47 1 138 SCOA A i AR v g XU R 3R L A
Az 51 T3 B A H AR XURS B AT il A SCAS . AR
SCR AT RIS O BT % TAE.

(3) Style-Factual LSTM (SF-LSTM)F!, % #&
RURH T — DTS Z A B 3E N T
255 T RATE DAXUAR A [ 15 4 38 v 2 > i o) A5 2 42 it
FEYCHNE T LA [ 38 N RS B ) D B AR
2 /E B AL XU A Al i SCAS g o) I BE
UARE S RS A i N SN S BRI N S
AN )2 BER A 2 A0 {5 B AR SOR AR 3 SR AL Y
A S B T Z AR,
4.3.1.2  JH R SE R

(1) D-Images #l D-Captions. JJyZ< 3 Hi i 15
AT I il 45 48 A AT 23 00 S AR I D-Tmages 45 &

LSTM fi# 74 #5 5% #% D-Captions fift 454 CNN

@  FlickrStylel0K %4 £. https://github. com/kacky24/stylenet
@  https://github. com/kacky24/stylenet
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(2) DSIC-concat #lI DSIC-attention. fE ¥ i {4
A i fE BRGSO TR AR R G T
X B ORI FE R A S T R IR P RN T Rl 45 .
DSIC-concat /& 45 44 5k A K& 1 SCA 19 X A% £ 7R
2 2 AR PR R L AR5 A B 3R SOAR A
#arh . DSIC-attention N3 A T 1 & 41 (attention) #L
il R 5 5 B A S, BV I 3 o T A B A 2 ] Y
TE B A TR FE 3R 5 ok, DA UK 51 Y 5
BARR G FR ], o B fes o WL o X
NS ¢ HTER IR LS IR Softmax PR :

e =W i 2"+ 01y s

heap =W eap2 F by s

Z=SW oo [Pimg 3 hcap I buien ) s
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4.3.2 1M 4RbR

AT AN A8 B2 PE e DSIC A= 1800 1% B RS
T ) 3R SCAS B RE 7 DA KA U R SO & 5 A
A H B KA. A SCS BT MO RN R
BLEU"Y | METEORM% | CIDEr*"”, ROUGE-L-*
1 SPICE"™ 85 M 5C 48 bRl 3k 1 A i 1) 7 118 5
LN P FIAE S B
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S3EL. AR SR BLEU K 7R 2E B #5348 S04 5 1E
B T 1 SCAS 1 AL

(2) METEOR"™. J& ] Tl B Pl 1 B 2h
B T LA B AN LB 2% 2 i B
44 T RC A — At .

(3) CIDErH™ J&— 7l B2 A . B2 L 4% Fh ok 5
A LR ) v Y A B A v G A AR NSRS
SR ) Bt

(4) ROUGE-L" . & J 3% Al L 4% B 7% A1 5
A E A — H AR bR Hoh oW R IR AR 2 — 2
ROUGE-L, Hil i i+ i K A 7 FF 4L o e 1A
BILAE B 3R SCA 5 2600 2t 1) R AEL 34 SCAR 22 1]
1) f K AL BT 5.

(5) SPICE™™. J&AE @i 19 % 5 I B L A
By A SCA AR BT AL 95 bR O T I R 1R RN R
S B R T RO XF R L B PEAIOE R

(6) ICSA. Sy 1 Il A= B 3R SCAS 2 A5 B4 7%
& T XU AR SCR T P8 Al 3R XS K JE (Tmage
Caption Style Accuracy,ICSA) X —+5#r. £ X115

g

Frepr s ASCHE R B SE B NZR T — A Text
CNIN G324 i FH A S0 i A 1) PR il 3 18 RS 9%
Jei R A 73 28 2 R M A 1P 34 SCAS I 15 4%
B 01 XA S e . AR A PR i A i DA
JeSCAR R T2 B 45 5 1 1 T A S X PR G 5 =X AT A
AR Hb >y IXUAR 3 (9 8O 42— A AT R AR A PE A
4.4 ZTWBH

AR SOR T B °7 I RE SR PyTorch X A 5¢ Bl
HEAT A% 5230, 3F 78 Ubuntu 20. 04 &% I ] GPU
(NVIDIA GTX 1080Ti) #4785 &1 4 Il 25 1 14 3.
%85 D-Images #i Bt Fll D-Captions f& He 45 1 iy
AN PR R SCAS B4l A B 0 22 S vk 45 B M R IR
SCH LA L B AR Sy ) Ry TS B T AN TR
R 2@

BT, £F %t DSIC 281 1) D-Images £
P A SR ResNet-152 1E 2y B8 g it 4% EF £
2048 AE ML FoR IF RIS th 2 242 4
G ) 722 4 SR S T R A A O R B — )2 1 IR
7P T AR 8P BR B RelL UL 285 B 1) [ J2 25 6] 1) 4
JEWE S 1088, H AL HE PSR/ Ry 64 4k 1 X
23 A F1— > K /N Ky 960 4 (14 = 5228 6] A 343 B
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A R0 ADES A, BB 3R AR A RBOR IS W iR A
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b HERE S 256 B2 ] hE A MWL F] 8 ZE 1 X
K6 23 (B A1 128 4 i) = 52 23 (). 51 2% R B30rh 1 88 2 5K
Ao sAuiduco s Aitcp s Audocn B A3 435124 10,1, 3,0. 03
F10. 03, ILAM A SR Word2Vec Sk 1454k 300
A 1) 3] ] 2 OF AU ZRAE b AT I 25,

TER A Jr e, A SO R A g AR 2 F = A~
f L P B N e R RN AR S ) A 0 A BE XY 64, K
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L g 1 T [ 4 R R g0 )22 448 E 3 53] S 300 T 500,
KR 2 % Se-4 B Adam AL #% 2877 U1 2%
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fii 2l g =3 [a] Y D-Images D-Captions
1575 (] 0.52 0.53
UK %3 6] 0.93 0. 94
FE R B = A3 ) 0. 94 0.98

FIM SNE AT BAL . A SCHE 18] 3w 7R T 78
D-Captions 1 D-Images #3k | ) fif 21 48 35 78 2 >
€ S T IR A T e O = W €07 N T P - )
TR SRR F W W H ATy b AR XURS 25 [8] v 43 B T
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D-Captions 40. 82 23. 20 13. 28 7.65 13. 48 31.92 38.51 10. 62
LAY TR KR
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 36. 38 16. 93 8.43 4. 50 8.85 29.98 14. 68 5.25
StyleNet 37. 48 18. 57 9. 37 5.11 10. 50 29.11 19.12 6. 35
SF-LSTM 37.44 19. 45 10. 67 5.72 11. 40 28.42 23.37 6. 66
DSIC 45.31 27.04 16. 31 9.70 14. 87 36. 20 47.19 11.87
D-Images 44.32 26. 28 15. 99 9.75 14. 66 34.97 45.19 11. 65
D-Captions 41. 07 23.15 12. 67 7.04 13. 55 31. 89 39.11 10. 31
LT TH AU A
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 36.78 17. 65 9.42 4. 64 9.22 28.92 16. 32 5.53
StyleNet 35.42 16. 07 8.62 4.51 9.92 27. 40 19. 63 6.11
SF-LSTM 36. 30 18. 81 9.82 5.59 10. 32 28.74 21.97 7.77
DSIC 40. 84 23.77 15.01 9.35 13. 00 32.17 37.23 10. 90
D-Images 39.05 23.03 14. 38 8.42 12.62 31.81 39. 04 11. 05
D-Captions 40. 56 23. 26 13. 90 8. 26 13. 40 31.95 37.91 10. 93
%3 7 FlickeStylel0K 512 8 b B0 RS L B G008 2 R 46 2 CBUB 85 L M BHE SRR R 0 44K
o FlickrStylel0K
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 24. 64 11.75 6. 47 3.77 8. 97 22.178 26. 38 9.94
StyleNet 23.55 11. 49 6. 29 3.63 9.01 22.28 25.92 10. 11
SF-LSTM 22.83 11. 01 5.94 3.36 8.72 21.96 26. 29 11. 00
DSIC 28.79 16. 03 9.17 5.34 11.38 27.51 35.09 13.54
D-Images 25.29 12. 48 6. 87 4.02 9.91 23. 46 31. 06 11.71
D-Captions 26. 09 13.03 7.21 4. 24 10. 21 23.79 33.48 12. 44
. TR T8 XA
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 24.50 11.74 6.52 3.85 8.90 22. 86 26. 40 9.58
StyleNet 23.56 11.79 6.52 3.78 9.12 22.53 28.27 10. 86
SF-LSTM 25.37 12.19 6. 64 3.90 9. 20 23.38 29. 28 11. 14
DSIC 29. 14 16. 43 9.50 5.52 11.39 27. 84 35.72 13. 84
D-Images 26.07 12.92 7.25 4. 41 10.12 23. 84 32. 86 11.62
D-Captions 26. 82 13. 40 7.56 4.55 10. 41 24. 33 35. 00 12. 45
. NN
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 24.77 11.77 6. 41 3.68 9. 05 22.69 26. 36 10. 30
StyleNet 23.54 11.19 6. 06 3.49 8.90 22.02 23.57 9. 37
SF-LSTM 20. 30 9. 83 5.24 2.81 8.24 20. 54 23. 30 10. 85
DSIC 28.45 15.62 8. 84 5.17 11.37 27.19 34. 46 13.24
D-Images 24.50 12. 04 6. 50 3.63 9.71 23.08 29. 25 11. 81
D-Captions 25.38 12. 66 6. 85 3.93 10. 00 23.26 31. 96 12. 43
5.2 EAeEBNRUERTEINMEREPFEMFA? SR, I\ D-Tmages F fiff 2 48 35 7R 2% 2 1Y 58 1

MBS i 2 9 3R 2 2 I SE R 25 2R T ik AT
DU B — A 8 0 B . A LA B9 XU A 18] 1438 ik
A AT 55 3l H A O R XU e A TE I HLAUAETE
FICA K TR A DL 4 A A i SCAS S XA {F
ST A g R 5 2]

SE RS 2 B DSIC [RRE AT LA 2 i DA P15 1) 4
AP A5 E] 4 R AU A C I BRZ (S B
XA LA D-Images Fil D-Captions P
SEG L5 L AT AR — A28 il R SR 11
RS AN SCAS s BN 1 4650 FUAR 5245 %, [l A

R,

=]
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MR A B (9 L5215 B A 5K {H D-Captions 9 5 {£

PEREWILIK A T AKIE T L% b 242 il b SCA /Y

RS A5 EARXT T BRI SE (5 B A SR L

5.3 MUERTEIZWMALWTHES —RE
L 5 iR A B 7

BT fifp 24 2 718 2 2 1 KUK A P A5 4 3k 2 JSUASE
TR0 2 iy e A I AR A B 3 SCAR 1 T 00 45
WeSEAER 2 M 3 .

IR T AR I 1 3 SCAR 114 3 9 P A0 A 1 AT LA
M 2 FIZ 3 HE ] DSIC #E R 7E BB 4 9 )L
B IV 1 AR RS B T e AR S AN AE e
HEHY SentiCap B4 b A T2 808 4 B R B i

U 28 7 i SF-LSTM, DSIC i 7% () BLEU-1 #2
BT 17% (A 36.87 F] 43.07), i £ CIDEr I ik |
T A S5 B B K R TR B 8690 (AN 22. 67
42.21). 78 FlickrStylel0K %t ## 4 ., DSIC # % fiy
BLEU-4 # kb 2 B & 47 1 3L 26 77 7 StyleNet #2755 T
47% (M 3.63 # 5.34) , ROUGE-L 5 1 23% (M
22.28 3| 27.51). X 5043 R W] T ] 9 KR 2 2 X
RS R B R T W R T S Ah AR SRR
T2y DSIC #5570 2R i i AU £k AR A 34 1) 451
TH 4 rp XSS 45 B 5 43 R AR ST iRk 2 4
TR 2 20 Ay 25 KUK A P AR A 3 2B B ASE Y A7 o BT 47
ORE N

s o4
(L5

o

BT |

a dog is jumping

a person is climbing

a snowboarder jumps

two people riding on

A AR ER XUk over a log in the a rock wall to find over a barrier in a rock face to reach
RS A water to catch a roses the air to catch a outer space
frisbee fish
a dog is jumping a person is climbing | the skateboarder two people stand on
HERRIRTRIE over a log a rock face to jumps over the waves | a snowy mountain to
XA IR SC A attempting to win impresses his to impress his conquer the high
the game girlfriend lover

P 4 DSIC A58 5 A i 14 XU P T 4548 38 Aef 051 o ) 49 55 e Tl 40 LA i SRR R R 788 ) JXUARS AL 41 3 SO A
CoCIE TRT A 6 TAT o AR A0 800 4 00 A2 )+ JF v S T 5 KA B ) s 0 AT B )

WA A SR YN ZR T — A TextCNN 2RI I 4
LR 0000 A= B A SCAS 1) XU A0 [6] 5 552 36 235 SR 0 4R
TR At NIXAEE R ] LLE B, DSIC KR 7E P
AR F A WIS T 96. 13 % 1 100 % By 4326 1F
1 %, FLPE AR S 2 O T LA R LA Y. A~ 25 SR 3R W)
il M 93 TR A ) AE A ) A 2 1 XA PR T 1Y)
EROL . Hrp ) — A~ 32 25 B2 - A 6 Al
T AR S A TR A ASC Al BT XU 55 5 P A 42 1l 3¢
AR B A ik A TR IR 3 S T At A XU AN A DG 1Y
FF B X 4 AE B 0% 11 A R T N 45 ) Ml 2R AR
AU A B AR 1 3R 5 20 AN A DG A5 2 1 I 5 T 4.
5 RIS 30 00 %% 3 52 4% 19 DSIC A AU A7 X F 31 il
S8 (A #5 1 (D- Tmages F1D- Captions) B i 3¢ 1 5 47
i, 78 FlickrStylel0K 9 BLEU-4 #8475 I . D-Images
il D-Captions 43l BUAS T 4. 02 F1 4. 24 19 50 850 B4
F CNN+LSTM, StyleNet il SF-LSTM ix = fii 5
LRI (B 3. 77) . Ui Bl T D-Captions &3 fl D-
Images 5 H I RE AL £ FH 45570 6 AT 55 b A R 8. 1 58
#1) DSIC B A5 1 Fr A B 80 v g e 19 13 43 (5. 34D,
U] T D-Images #l D-Captions £ 3t fig % A 5. 4b
F0 . HARACH. 3 HE— 25 R B T JC I I B A 8
BIG A By vpr 2 2] B 1) i 2] 98 387 A5 B0 A A 7 1y

PEREARA W1 AT ). £5 LTIk . 0] AAH 458 . DSIC
itk A 9 227 2 > O 1 AN AL RE 8 B 47 5 By A7)
fifk DA AL I 4 S ok A AR R P A B S ALY 35 3L a8
B I 35 3t 2 T KU 1k 1 5 4 3k A R 1 e

x4 HEGERANBEENE(CSAHRERKR
(BIEE EHWRENRR T AR

1) FlickrStylel0K SentiCap
CNN+LSTM 50. 65 50. 56
StyleNet 69. 31 83. 40
SF-LSTM 69. 85 82.22
DSIC 96. 13 100. 00
D-Images 91.77 100. 00
D-Captions 90. 28 99. 37

5.4 BHREEGEHNRESESAXZ MM %L E
Gk £ R RERY 7

TERS R 20 905 B R R 5 i B b O TSR A
) 2R 5 J7 2O e A R8CR I 520, A 3L DSIC-concat
Fil DSIC-attention P 1l fl 45 #4 . 3+ 5 DSIC # %I
T RS AL AR A 38 A2 AT 55 b i 2 B AT 17 X 1L
S EERE R LR S . NG R LB FEW
A B S 1 I A P O 45 s b . DSIC R /IR T B
VB Fh A 0 0 28 3R 5 T 5L AR ARAT T R R 4

1117 573 A1 P 7o 5 45 757 X DU AH R IR — 28
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£ 5 AREEEFRATE FlickrStylel0K 70 SentiCap H#F5E EHI KGR K B EMRERE R (RERRRTARLE

e

FlickrStylel0K

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
DSIC 28.79 16. 03 9.17 5.34 11.38 27.51 35.09 13. 54
DSIC-concat 25. 68 13.01 7. 40 4. 40 10. 27 24.02 35.03 12. 60
DSIC-attention 25. 64 13.09 7.41 4.37 10. 24 23. 88 34.51 12.79
SentiCap

LR
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
DSIC 43.07 25. 40 15. 66 9.52 13.94 34.18 42.21 11. 39
DSIC-concat 41. 55 23.87 14. 41 8.43 13. 40 33.30 40.53 10. 99
DSIC-attention 41.42 23.95 14. 26 8.05 13.09 32.93 37.09 10. 18

4 7E SentiCap i 4 1= . DSIC 8 8 7 BLEU-1
Al CIDEr 34597 43.07 fil 42. 21 {1 DSIC-
concat Fil DSIC-attention W| 34 (41.55, 41.42) #
(40.53,37. 09 1 B &t 2% B 5 6 B T 3k F B i %
FH 114 ¢ 2 X 2% i % B A b 1) FH O 8 S BIR F SCAR
(R RN ORI S WS B 5 TR S
e = . U IR R ML RE 8 A 0 R AR O A A A
AR F AR S W TR B B AR 3.
BtAh s Bpf#i & DSIC-concat 1 DSIC-attention 3¢ Hi
T 22, HAR ) RCRAT IR 835 3 T At B 2 i85 1. {71
N FlickrStylelOK %( 4 42 I+ METEOR #1 SPICE
FKIBUF Y StyleNet BERRMR T 9. 01 A1 10. 11 1Y
G, U3 2 Fr7~. #AX) 1M 5 » DSIC-concat #il DSIC-
attention £ FlickrStylel0K |, METEOR f{ 4% N
10. 27 #1 10. 24, SPICE g Wk 12. 60 Fi1 12. 79,
% 13. 6570 24. 630 4R T XL E UL T
T 5 5 757 2L, D-Captions #1 D-Tmages #3k
2] B ) s A 1 i 2 2 e s B BE A8 W 2 4R T XUA
A G 3R A= Y 1 BE.

AN AR SCIR 2 B, DSIC-concat Al DSIC-attention
i 235 ) 1) P R R X R 130 AR 4 T, 7R R ] 1 4K
£ YN 50 A O = A e S S M = S B 1
SentiCap |, fi| [ attention 3 & J5 2 A5 A BLEU-2
IR T 23,95 MY ISR I T DSIC-concat | 23. 87,
M AE FlickrStylel0K |, CIDEr B BE 4 38 5 W &
DSIC-concat ) 35. 03 B& 4T DSIC-attention 1) 34. 51.
BARTEVF Z BB RAT 55 b 1 B AL 8 A B A X
T FPE 4 A A OR SR T AE DSIC AR |y |l
Fo 2 25 (B 2 B a5/ O AR AN SCAR 28D » i &% 4
FEVAAGHELNE R (SEEEZ) . Wit
R WARIN R SN S NI £ S K S R T 7
TR P e 3 T U I E R e S R 2% ) AN
SR HURR IR 1 B L H B T RE % 2 A5 M B R B A
IREAAR A% 368 2 i L 1R 2R 6 3R0R M A5 2 LB s DA T B
PN R e R 7 N S ) S N T
RAE B L.

£ b i n] LA 4598 oK R T B B i 1Y
Ji52 48 1) 245 3R 5 T 2 RE 6 B et R A i LA 114 i 2]
205 15+ DT ST 25 5 T XA A TR A5 4 3k A i ) 1 RE

6 % it

AR SCFEMEFE T IRAE A AR i3 A A B e
(19 e )2 25 i) b XU A S R S S A 6 A T fige R A Il
L. AR SO YR il 2 9 38 2 ] BOR BIAE] T XAk
PP AR Fil ik A i B ke, IR 4R T — FPOE RS e
Az A 75 238 0 A TR s ok B A5 R SOAS Y i
g A5 B TE WD B 4 B 2 410 g A5 R &
F] L AR SCHR H A 7R 4 E 0 3 B T 2 T RE R L
AT L I ELAEI 1 figp 2 28 35 78 o ) TR AE K% AL
Ve 5 4 3 A AT 55 R B AT B e 1) AT T R
LIS SYD N G N PP BURS AL " NS T U R St ke e
F4 i ] 98 2 7 B )= 23 (8] 3k 2k KA A5 B AN U A
Tl E AR EL b A 1E T AR A B L sE
HR.
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Background

In this paper, we focus on the problem of understanding
and controlling the latent representations of linguistic style
and factual content in stylized image caption models by using
the techniques of disentangled representation learning, which
is a totally newly proposed task in cross-media domain.

Stylized image captioning is one of the cutting-edge topics
in cross-media researches and applications. At the same time,
how to appropriately interpret meaning behind parameters of
neural networks is also a most critical problem in the machine
learning community.

From perspective of representation learning, existing
disentangling methods mainly focus on single modal data.
such as images or texts. How to disentangle the latent space
of cross-media model and apply it to downstream task still
needs to be explored. From perspective of image captioning,
stylized image captioning takes a further step, aims at generating
captions with a target style. Existing studies mainly concen-
trate on how to adapt neural architecture to better incorporate
linguistic styles into natural language generation, without
consideration of improving the interpretability, generalization
to unseen scenarios and faster learning on downstream tasks.

In this paper, the authors propose a novel approach,

Disentangled Stylized Image Caption (DSIC), to learn the
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disentangled representations on unparallel cross-media data.
Experimental results for disentanglement performance show
that our models can successfully disentangle the stylistic and
factual information and reveal that stylistic information exists
in both human beings’ experience and images themselves.
Experimental results for stylized image caption show that our
disentangled representation learning approach benefits the
interpretability, controllability, and boosts the downstream
stylized image captioning performance.

The authors of the paper have conducted research on
image captioning, natural language generation and disentan-
gled representation learning in recent years. Especially. they
proposed several neural network models for multimodal rep-
resentation learning to boost the performance on downstream
tasks, which have been published in EMNLP-2019/2020,
AAAT-2020/2021, ACM MM-2021 conferences.
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