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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
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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. ReLU
layer in the Convolutional Neural Networks (CNNSs), to yield latent representations. This makes the latent
representations and parameters of model lack interpretability and controllability, which can restrict the
understanding 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 representation 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 Language 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 framework, 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.
Key words cross-media; machine learning; disentangled representation learning; stylized image caption;
natural language generation
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s e as, B R R AE G e
V) A S R, T A B 4 )46 2 DU o L XU 25
)40 2 525 . 5 D-Images BEH 2L, 2B (4)
(6)(8), FILMBFILIN ), Laih o FILEGD yr MTTHRAE
RL0)FHL
34 ERARAEEENRES

I Lid 75 Il 2k 17 1) D-1mages F1 D-Captions
B, DSIC W] LLoy 543 2] EUR ROl SCARRR 2 2
(B [P PR T

X}T- D-Captions 5k, FIH HESHAMETS, W]
DA RURE A 353 4 15 36 2 A1 q (z] %) R R B
¥, R —AEE I B RSER Rz (TR
sy, HNzg™ s X1 MMks,, Hohzg®, BT HARK
& (143 SC A2 D-Captions 2 il (1] & 2 KUk 2 7 1
IME). X1 D-Images 55, DSIC [FFfREIRTF KA

(), e T BRI XU R SRR zﬁi"g,z;';"‘q%l]
z™

NT G ERBA GRS, DSIC KHUT —Fh
ZSU RS I A EE A R T VIS
AGGREGATE, JAEPIANER . Hi A JREE A H
fz#& Cinput capsule and output capsule). i N iXZE4

BPINREE: 0, = UzJ"9R 0, = Vz{™®, JHUAI
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i

V%Tﬁﬂmﬁ@%ﬁimﬂﬁ@m%ﬁﬁimﬁ
NG m&%m%rmn o BN TE
2, W AHn “ B E f'? & (vote vector) ”

Mwmpwmﬁ,uﬁﬁM@%ﬁﬁti$¢%m

KRS A5 ST R (R DTk, BRI ER | N RER
A RN N :

Aij = .QLVVU,I, = {1,2} andj = [1,7’1] (14)
AN RO 5 SR
i1 Cij Ayj

%:1 Cij
Hor, WA REC; (T, €y = 1)BR T Ao
Z G B, T R (14) .

EXp(Bij)
Yk=1exp(By)

Forb, By R TN RIEQ, A Q0 2 TR
AR, Hpiiaie s 0 34 B =RQs) 37 58,
Bij <_BU +.QjUU['Al'j (17)
B 5, I A2 4 R 50K o R 3 K R LT
FOAIL zE], DARIEMER .
oy ap
1+ |agu) 2]
e RN H R #EI%E Bz (concatenate) >k, AT
ﬂéﬁiﬁéé?BﬁEgi%ﬁkﬁﬁﬁﬁiﬁiﬁzsl,iﬁ%ﬁ?@%%iﬁzﬁ“gri
ke, — R AR R SCAE s, AT
S K s B RURS AL 13 (KU s [F] )
35 RUS{LEGEERERK

g bR, AR T MR AT
BT (AR A R 2E B H FR KUK R i
Hkm s, sx—km A&, 2

q(zs,1x7)> a(zs,]x") x*) S R R 26,

Wk zg RSz, =AY B R34 Ai . FIH
BHSH AN TS, DSIC T LI D-Images H R EEAS 2]
R A

Qg = (15)

out _
=

(18)

(ZS1 )
Zsz q(zsz )
~q(zlx") (19)

%E,%%E?E%%EA@%ﬁM%ﬁiﬁ
o B B R R R 2SS A

AGGREGATE #ik, RFERE
z5tfllzSz2,

EIZRM B, WK 2 71 (2) Fios, 25t Hlzs
T AR E T BRI S SRRz B R, A E]
R SCAE HARDH GXEE LSTMD AT 900 AR
i, o3 AR BECHT A RS s AR s, (1 G ik« 7
MR B, i IR A BRA5 21 ) 251 Ml 252 43 751 Ry
TR SRRz ok, W NI ZRGF A
A SCARA A AT KN 5 AR R &
HiA 1l BN FE.
N WHEIRET = (x4 yi, y&, i)} Fehxi R
SRR, i RS R A g sy (IR AR, yd Fem 56T B 1
JARE s REIR SO, yp s xd ML S s tE i ik SCA, T
g g R (iR 48 00 A . BB ARV AN
. YIZREFIK DSIC KA,
BEGIN
NG b RIfE A 9552 7R % 2] (D-Images)
1. FOR /MitE%HE DO
2. BUMEERRLES  KAR AL D-Images (192 %16,17, ;
3. BUMEBRRLES o KAtk D-Images (1Z400,77
4. BMEBURLopI KARAL D-Images (115 46,07, 6,75
M7y
5. DONE
IR U E IR A 953K 7~ F 2] (D-Captions)
6. FOR /Mit&%#% DO
7. AMEBIRLGT AL D-Captions IS H6 5T
8. E/MEBRLEE - KAt D-Captions INZ 467 1
9. /MBI Lo K AR 4k D-Captions (112 ¥ 6,47
Odn(s)Maay
10. DONE
IR A ESEACETS, 0] DU RS AL I 1 B 2 24 ) o R
IFECTH, SR E R, WA A E Rz T iz, T
11.FOR (x%,yl,y%,yf) INT
12. DO
13. zi «D-Captions(ys,); //H S Kb RF
14 zi «D-Captions(yL,); //H S 4L RFE
15. DONE
16. z5 " = —2QQNE¥4W%%Lﬁ¥ﬁ
114?——2NQ%NE§4W%%LX¥ﬁ
18.FOR (x',yl,vl,y}) INT
19. DO
20. z"%,2M,z ;’"g «D-Images(x?); // 5 ZKfb K FE
21. %eA&mHmmgW7m%N%WWH%G%%
HERR

15 AR KUK 2o

adV(f)
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22. 7% « AGGREGATE(z{"™,z{™P); 1P vk KUK 35 B3
G RN

23. z%1 = [zsl;zsi;”g] 15 LR E

24, z% = [zSZ;zsi;”g] 15 LR

25. ¥, « D(z*); AN RRAFDIAT TL LAY

26. ¥, « D(z%); IHNE RAFDIAT T LAY

27, A XA 2k R BORAR AL F IR AR AR D

28. DONE

END

Bk 2, BRI FE.

N TEEGx.

Witdh: BRI AU sy FUR B s, HOftiik y, Ay, .
BEGIN

. zsi;ng,zgng,z?fng «D-Images(x); // S E 10 K FE

. 2%t « AGGREGATE(z,", z5P); #5184 XUk 5 1 5
. 2% « AGGREGATE(zy™, z5); IIF5 1K Rk £ 5.4

S2

1
2
3
4. 7% = [2%; 270 15 HLAORMIER:
5
6
7

»
) /X

A

I
=
=

i

sf

AR [zSZ;zérfng] 115 H IR AHERE

- ¥s, « D(z%); IENERARDIAT KNy b AR A R

- ¥s, « D(z%2); I NEARDIAT KNy b AR A R
ANIIZRIEFI) D-lmages, RA5 HAH M RS Z A& R R
MFESLRIR . FRRZERE XS R 5 gl i
ARAT A B XS R, BIYIZREE  H AR XUk B0 4
RCAZ D-Captions 4ifidh () e 2 XUk R I 34H
BHTRG, JFEH SRR IERE, AR
IR A AR D, AT KN 5 BRI R, M
A2 RS 2 XS R P ik

4 LI

AT E BN BEEIRE . PRI 5 1S5
WHE. TR, DU SR,
41 HUE&E

ASCHAT TR, 56 4.2 SRR 48
TR SRR IS 4.3 255 o () KUK Ak UG 4
A AR RE AR . IR SIG AR PN AT I XU AL I
AR BBE 4 FlickrStylel0KE27IRI SentiCapl4®!
AT T VRN BRI X B . FlickrStyle 10K %#E 42
FEHET Flickr 30KMIE G ik A e a4 HUSEE A

R K. JFAEH FlickrStylelOK“ #0517

@ FlickrStyle10K ¥ #E4E: https://github.com/kacky24/stylenet

END
3.6 YIZFMK S8

DSIC # H VAE 2244 1) D-Images B3l D-
Captions #iHt, LA LSTM ZEMg IR SCAE 1 2%
DMK ZHER VRN Zb B sk 1 s, 1
TR D R Bk 2 Fos .

TEYIZRIT, 8 Jext BUG RN SCA S 73 3 AT i
gk IR 2], B IR/ NI E 507 ik D-
Images A1 D-Captions 5. 11 f5, v 7 FREUE 2 1,
BRI R zg P Flzg, © 5 DSIC A4 ZREE P e
A iR A Z: D-Captions 4wt (1) B 2 KUk R R BCT
Bl X IIGER K EE, KHE D-Images,
AT HAH R Z XA R R FI SRR . R B3
Jirid AGGREGATE & J5 N Ak KUkg (5 8 5%
Gla, HSHEEFRRAERE, AR SORE Ak
DHRPAT T AR, FHR A U 2K 2R BN D ik
1Tk

FEDRES, X TAE AN —K EUR,

10,000 xJ EG AN RIS AR SCA AR . AW, HA
FoAfy 7,000 SFECRE X AMFIN . BRI, ARSCER
U7 A1 MSCapH Ll Jz MemCapt el [] (1) ik
RIFEIX 7,000 % A3 EL 6,000 i EUE SCAAE Al gk
8, IR IERIFEAE AL . A T REAR
RAEMBESHGE, AL IR 6,000 X2k
HBEAL % T 100 SR AL IS UESE . AL T
— N ¥E4E N SentiCap. SentiCap A MSCOCO H
B UEER B4 1) R B AN T — AN A 1 A
] (IR SCARSE . R AR A A ) TR A T
1753/236 A UG H R IR . EAMNEH 236 5K K
GAE IR « B — D IHR/IAE R ERGER A S T =4
FARR AN = 2V R IR SO AR . b, RIRPANEL
I SE IR AN BRI A X 8L 1) T 2% S Stk S
&, HTHEFLERMAR RN,
42 fRMPEFRRE SN
421 SEEGIEE

ASCAE BN R SCAR 43 AT T fif 2l g
TR REMINR o IR/ SEE6 0 25 Sk Re 1 «
(1) BEGFIHEER SCA A 2] BB L2 75 RE 8 B I 2
S FIfRAERIFRE 230 . (2) EMGA A H ) KUk



10 it Bl R

MFHE R Z B RRZEEBEAFER . EXALE
W, ARSCRA T RN R A
422 THrfEbR
@ Disentangled Space Accuracy (DSA), ASCAER
B2 AN SR | — AN T 18 55 0] )9 g RS = 2 1]
AR 73K AE SRIGHEIXAN I KA R AE (D) R g8
PRI B Z 25 10], (2) R g SR Z 23], BLJL
(3) BEMEREZ . &, B THE G
IEBARTECH], W RAAS 3 E ST RS Z 23 ] AUk
Wi, [HAFERME, %] D-Captions BB &,
RN P 2 e — P XU B R SO, B BE () B
RS T R R F L. A SO AR
JE 73 (B RS A 2 A, Guvt F S (A XUk [ EE A
K E > RUERA S . X+ D-lmages BEHL &, BR
H e B E S AL 7 A XA s, (HEA
SCSRE BRI N BG40 S 9 b XU 2 [, A
G, MARRES RIS KEE T, 4
TH 9 & TR0 A T A RUR: 1) B A9 PR 380 4 R 4 5 43 2R
TR RS .
® t-SNEM, ZSEEH 17—~ =4t Disentangled
Space Accuracy ] t-SNE 5k n] WAk 1 fg 7= 28 3L
T2 Hh AR TR AE A [R] PR B2 725 18] b 1) g 2] i8R
4.3 KAgICE G imARSE it REM
431 SKBHE

T N WHAT A il 2] 2 1 B 2 R R N B R
WA 25 —— Mg A I BSR4 AR 55, FF e
il PN 2T 2 ST AnAeT e MR Rk AR R SR, AR
SCKZBRATGN R JIAN S22 | S 3 (state-of-the-
art) MR DA S V8 Fil S0 AR HEAT T LG -
4.3.1.1 HLAR
® CNN+LSTM, —/NEET-2 841 encoder-decoder
ZRR 0 EUG A A e B, 25 R 1 B AT AN 1
PEREAIE I . IZBURI A CNN Ry EIR, 28
J&i FH LSTM FH [ 5 1R RS [ A 9 R 7 AR 1 B B R
1 BRI o
@ StyleNet?l, ZBEAEY T — 44N factored
LSTM MRS 1. RIFZEE, BALRERE B Bh7%
TR HH BT S TR T ) XU R XM R I
SO )RR SR A U FR R RS R 2R, DAt
A BB 5] J1 0 B AT B bR RS AR YA . A

@ https://github.com/kacky24/stylenet

SCR AT IEARS P Z I 7% TAE

@ Style-Factual LSTM (SF-LSTM) BB, {Z B R H1
T—ANEET S HH RN | IEN Y ) 5k, L
FE MRS A B R v 2 = ] [ 55 3 B8 44 = 55 e
W, IFATELE &R AR I T P E AR 2 /D
R IR WK IR SCAH 2T, Befg )
B SRAL S S RNIN,  FF 5ol DA & ST H SRR
PR BRI 2 /MG E . A SCRAAEF SRR
I T TAE.

4.3.1.2 JHRLSIAR A

@ D-Images 1 D-Captions, JNASSCHEH IR ()
THRLEE L o Al AT 20 9 R A D-Images 454 LSTM
fifhd & 8l E D-Captions B E5 5 CNN Zinh #5454,
TEYHZE AL 1 DB %

@ DSIC-concat il DSIC-attention . 1 %5 I {4 fig 21 25
GRMEEGIRET, N THARRRE T L &%
RORIREM, AT T IR R L4 44 . DSIC-

concat & 446K F PR S0 1) KUK 4 2m9 Al

zg P EERPHELR, AR NS SO s
DSIC-attention MISR A 777 71 (attention) ALK
REBEARGE, s WA R 2 R
FIRE TR LR ARk . DUAE RN s, S 1 i
REFRNG, KW s, Hbw, bt
MSH, gNIERSIME, SEIR Softmax %L

im

— img
himg - M/imgzsl + bimg

heap = VVcapZ;ap + beap
9 = SWaeen|himgs heap| + baeen)
2t =g hymg+ (1 —g) hegp (18)

432 VHERR

AT R WA FEVEAT DSIC A2 i HAH
A IR SCARRIRE ST, LARAE i SO e 1 B
H bR B A& . AR SCS TR o¢ T AR U4, A
BLEUMI METEORIM“®, CIDEr*1, ROUGE-LM 8l fiI
SPICEMEAN SARARI 1 A2 B A 7 HIE 5 i i
PERAE G . B y:
® BLEUM™I, HFiI% n-gram ¥/, n-gram #4)%
FEARIE A AL TART S5 SCAR T n-gram 1)
I3 8 ATCKH BLEU SRR AE BRI IR AR 5 1R
BRI B SCAS B ARABAE .



T PRSI T IS IR AR 2 9 3R 51 9 AU A Pl (B A 11

® METEORIS, 2 H THLAM BT B &,
EETHEMEAMANTHES S mNFRHE
VERC I — M2
® CIDErM, J2—FhfE b, & sk A
(5] 1 B B B b oA B A AR 3R TN 3
PRI .
® ROUGE-LM8, & BT PEAG AL &5 HH 3 A0 S0 A 47 22
() —2H¥ehx, Hodh i IR bR 2 —J& ROUGE-L,
ol KA T, B TR LA
R SCA NS g ) AR SO 22 8] K 3
WFH
@ SPICEX, ZAEGIEM 7Kl Fw L) A Zhfid
SCAE RO TR AR, BT RS SRS R Y i 4
RAHIRT SR, JEIEAR R
@ ICSA, T IMARAE R IIRIER AR T H&E/FA
T RS, AR B IR XA AE E - (Image
Caption Style Accuracy, ICSA) X—#&¥r. fEXA
b, ARSCHEJRIG BRI NG T — A
TextCNNIEOI 73 24 25 FH DL TR0 iy N 1) B $5 3 1 X
¥, SR JE I AN 7 28R MR AR B R SCA 2
5 B A IE I RS FE T S 5 o AR G iR AR
FRESIPA K SCA RS R 1 T T AR, X FRII T
AT DLAR BT 1 ok RS S 8 1 80 R 2 it — AN T &4k
HIVEAR o
4.4 FHEH

AR PR FE 2 S HESE PyTorch 5o AH SR 7Y 3
T szEl, JHE Ubuntu 20.04 £4: EF GPU
(NVIDIAGTX 1080Ti) #EATHLA (I ZR AR, %
&% D-Images 55l D-Captions FEHe 454 (AN [H] |
PG RN SCASE I A By () 22 Sk, 4 B A S e Bl
HARSLE, ARSI A E T A #E S
.

HAKIM &, &% DSIC B ) D-Images i
B, AR ResNet-152 1 4 MG gt g€ KL HL
2048 4R R, FERI A 2 AiE s 20
PR R G A RN B A LR o 25— 2 I3 HE
R T AR B RelLU. %A (R 22 ) (1) 2
FERE 1L E N 1088, JLHALFEH N KN 64 4E1)R,
22 (A F—N K/ 960 HEf S22 | o A S04 5
f# /] RMSProp 4k 241 Adam 4k 2% K11 25 4 5]
PR AR, EPIIEE L RCRIREL, WIlsEF
SN 0.001, HARIE 282 035K F PyTorch #E
TR BN S RREP S B E

=005, \™ =5,

N img _ img _
N A =10, A cs(f) =

cls(s) adv(s)

img _ img __
Agau(ry = 0.05 F1 479 = 0.01.

EF %} DSIC #AHff) D-Captions #H, A SC{fi
F LSTM 1E 2t &5 RIS 35 . AEBLHR RS2 23 1]
b, HEREDN 256 HAREJE A 2R S L B 8 ZE 1)K
%25 (B A 128 4 F L 2S8R R I S5
A A g AR AR AP A1 10,1,
3,0.03 M1 0.03. th4h, ACiLfEAH Word2Vec k4]
464k 300 41 ) S AL YIZREE 0 AT ISR

FEREGTES, AT BN TN = A
e, N R BRI MR 4ERE N 64, B
I B A H (iteration) Hy 3.

e, LSTM AR IR SCA AR 28 75 /> 4L
PEE EIIZANR . 7E FlickrStylel0K ##E4: I,
e AR T 1] 1 R 4 R R 2 4E 52 43 A 300
500, KAWL >13H K Se-4 1) Adam Lt asidtsr
I, it K /NA 64, dropout {4 0.3. 7£ SentiCap
PR b, A B 1] [ 2 4 P R B 2 4 2 i)
79 400 #1500, RH¥IUGEY > %A le-4 () Adam 1
AR AT ISR, HEER/NA 32, dropout {4 0.3,

5 SEEULERANITIN

N T U AR, A F R AR S 45 R (el
AR LA )

(1) ASCHIRER BE 15 5 51 3] B R AN A SO
(I g IR ?

(2) FRATREW MAR A 275 25 2] PR e Hh 45

B4
(3) fiRe) gl R 7N 2 > =2 WAl 520 R AT 45—
— AL G AR A L 2

(4) PSR B SR A J7 2 Wi 5 i XUk
TG AR AR i B 1 2
5.1 ANHREgeERF S E|EG AR AR
ERR?

m#k 3 fron, A5 AL T D-Images Al D-
Captions 55 7 fif 24 4 B J2 2 8] b (1) Ui 3 53k
Fo AT DUE B 53 KA pe 8 4R R A H TN 2 D-
Images 1 D-Captions 53 2% > 2 1) XUk e J2 2% ]
PR I XA (93%7F1 94%F) 4 SR UERIIE ), XTI
(7, [RIRE 9 23 2888 T LT 58 A T0i8 oy 2 3 SR 2 2% 1)
FIARREIRREAZ B (A 52%F0 53% I #ERA T, I



12 it Bl R

FRENL) . S5 UEEI, %5 2838 [FIRE REAE 1L TE BE 1 KR
J2 22 18] L SRATAHI R XUk 73 SRR (94%AT 98%1)
I RUERTE) . MEL g5 R, mT DULEE BA i
2 9 3 T 1) S SRR 2 2 TR) v 4 L R R 1 XU 1
BIR LA RE, R mT SEPE AU Sl TR L
FEM o BRI, 75 RS B2 25 18] HH 1 XURS 7 SRR 22
DEME R 100%, [F 58 1 2 23 )
IS R B WA 1 — P AR BT B X e
SR T B (AR M 95 s ST A Rk, BIXURS
B2 25 (AL RS S, 1T S S bR 2 25 ) R A
BAEAT RS B

FIF t-SNE w4k, ACAEE 3 IR T{E D-
Captions 1 D-Images HH b AR 95 2R 77 1 3L
B W AR B R, B AN R XUR () 4
R SCAAEH W R LA e AE KU 25 8] 43 B R
S UA 2, s a) B XS5 B 5E AR &
fE— i HIE . #6545, @i x) D-Captions A1 D-
Images b [#J t-SNE w40 (5 BB b, RIS AT BAFS
B —A ghit: D-Captions FEHR L5 SCA I KUK i 2
SHRANN T D-lmages i 1% 0 XURS AR 21 4 1) 2
RN RIEm L, REER 3 HMEIE
DSA fitr LRSS RARH R (0.93 #10.94), {HE

454 t-SNE AL g5 SR AR 1 Ak 2 H B A AR ploRk
R, EIR7T D-Captions Bt D-Images LA HE
i B D NS B2 25 [ EAT R 28, SR T SO P AL &5
AR T G S 0 R 3 AT 4 B S

(c) (d)

K3 t-SNE [&: (a) D-Captions FH g2l 4 i XUks 45 17]
(b) D-Captions HLELfiF2Y ¥ F S 2% (8], (¢) D-Images H
PR G M 28], LLK (d) D-lmages BB AR L
]

1 TE SentiCap HEE LHIXARILE SR E MR . BIEE LMRESIRE R AMARE.

SentiCap
oLt BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 36.58 17.29 8.92 457 9.04 29.45 15.50 5.39
StyleNet 36.45 17.32 9.00 481 10.21 28.26 19.37 6.23
SF-LSTM 36.87 19.13 10.24 5.66 10.86 28.58 22.67 7.21
DSIC 43.07 25.40 15.66 9.52 13.94 34.18 4221 11.39
D-Images 41.68 24.65 15.18 9.08 13.64 33.39 42.12 11.35
D-Captions 40.82 23.20 13.28 7.65 13.48 31.92 38.51 10.62
TR A
oLt BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 36.38 16.93 8.43 450 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 4531 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
TR A
Y 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 8.62 451 9.92 27.40 19.63 6.11



PEIAEIEE: BET S IR A A 21 9 2 75 5 2T 1 AR AL PG A I8 2 i 13
SF-LSTM 36.30 1881 9.82 559 10.32 28.74 21.97 7.77
DSIC 40.84 23.77 1501 9.35 13.00 32.17 37.23 10.90
D-Images 30.05 23.03 14.38 8.42 12,62 31.81 39.04 11.05
D-Captions 40.56 2326 13.90 8.26 13.40 31.95 37.91 10.93
2 7E FlickrStylel0K ##E&E FHINIR LB GHAERER. BIRE LHNRENRRRAAK.
FlickrStyle10K
pm BLEU-1  BLEU2  BLEU3  BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 24.64 1175 6.47 3.77 8.97 22.78 26.38 9.94
StyleNet 23.55 11.49 6.29 3.63 9.01 22.28 25.92 10.11
SF-LSTM 2283 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 2751 35.00 1354
D-Images 25.29 12.48 6.87 4.02 9.01 23.46 31.06 1171
D-Captions 26.09 13.03 721 424 1021 23.79 33.48 12.44
TR XS
i BLEU-1  BLEU-2  BLEU3  BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 24.50 1174 6.52 3.85 8.90 22.86 26.40 9.58
StyleNet 23.56 11.79 6.52 3.78 9.12 2253 28.27 10.86
SF-LSTM 2537 12.19 6.64 3.90 9.20 23.38 29.28 1114
DSIC 20.14 16.43 9.50 552 1139 27.84 35.72 1384
D-Images 26,07 12.92 7.25 441 10.12 23.84 32.86 1162
D-Captions 26.82 13.40 756 455 10.41 24.33 35.00 12.45
HAZR RS
i BLEU-1  BLEU-2  BLEU3  BLEU-4 METEOR ROUGE-L CIDEr SPICE
CNN+LSTM 24.77 1177 6.41 3.68 9.05 22,60 26.36 10.30
StyleNet 23.54 1119 6.06 3.49 8.90 22,02 2357 9.37
SF-LSTM 20.30 9.83 524 281 8.24 20,54 23.30 10.85
DSIC 28.45 1562 8.84 5.17 1137 27.19 34.46 1324
D-Images 2450 12,04 6.50 3.63 9.71 23.08 29.25 1181
D-Captions 25.38 12,66 6.85 3.93 10,00 23.26 31.96 12.43
% 3 | Disentangled Space Accuracy (DSA) #5#5 TR, KRG NG AR SCA Ao KU AS

ENNIE S KB EAENBUETEY D HRER
fig el g I o) D-Images D-Captions
HLAE ] 0.52 0.53
AR 7 ] 0.93 0.94
ek ST =Rl 0.94 0.98

5.2 IRAEEBMNBLERTF IHMRERISE
ra?

M ESCHI R R s 2 ST SR 45 2R v, JE AT BL
KI—NHBRIIR . 72 LML RS AL B G ik
ARSI E KU AR HAUFAE

BT RN 2]

SRIM, M D-Images FAff2H 4 38 7 27 S ) SE 56
SRS I, DSIC [EIFERT LA Dt M B 1
BB E 23 (8] R 2 2 R XU A R I B 2 (S
B WXL LA D-Images 11 D-Captions #§1>
BLHRL S50 45 50 e T UG tH— ANk fik

SCA R T RIS AR SCAS, W ED AR &5
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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 concentrate 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 disentangled
representation learning in recent years. Especially, they proposed
several neural network models for multimodal representation
learning to boost the performance on downstream tasks, which
have been published in EMNLP-2019/2020, AAAI-2020/2021,
ACM MM-2021 conferences.
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