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tions for changes that occur between remote sensing images acquired over the same geographic region. Unlike traditional
change detection, which mainly focuses on determining whether changes occur and where they are located, RSCC further
requires the model to understand the semantic category, spatial position, and transformation relationship of changed
objects. As aresult, RSCC becomes a challenging task that integrates visual change perception, bitemporal feature interac-
tion, and language generation. Thus far, existing methods have made considerable progress by introducing attention mecha-
nisms, Transformer-based structures, and generative modeling strategies. However, several problems remain. First, the
deep features extracted by visual backbones usually contain a large amount of unchanged background information, while
the truly changed regions occupy only a small portion of the image. As a result, key changed regions and discriminative
semantic channels may not be sufficiently highlighted before difference modeling. Second, the relationship between bitem-
poral features is not limited to simple subtraction. The original pre- and post-change features, change magnitudes, multipli-
cative interactions, and semantic similarities may all contribute to change understanding. Directly relying on a single differ-
ence representation or simple feature concatenation may be insufficient to describe complex changes. Third, some recent
methods have been shown to achieve better performance by increasing model complexity, but the balance between caption-
ing performance and model size remains important for practical remote sensing applications. To address the abovemen-
tioned problems, this paper proposes an RSCC framework guided by bitemporal feature enhancement and multirelation dif-
ference coupling. Method The proposed framework follows an encoder-decoder structure. RemoteCLIP-RN50, which is a
RemoteCLIP with a residual network-50 backbone, is adopted as the shared visual feature extractor to encode pre- and post-
change remote sensing images. The two temporal images are processed by the same backbone to ensure that their visual fea-
tures are represented in a unified semantic space. After feature extraction, a bitemporal spatial-channel enhancement
(BSCE) strategy is introduced before difference modeling. The BSCE strategy then performs channel enhancement and spa-
tial enhancement on the features of both temporal images. Channel enhancement uses global contextual information to reca-
librate semantic channels, thereby allowing channels related to changed objects to obtain stronger responses. Spatial
enhancement further emphasizes local regions with change potential and suppresses irrelevant background responses. In
this way, the enhanced bitemporal features provide clearer and more discriminative inputs for subsequent difference model-
ing. On this basis, a multirelation difference coupling (MRDC) unit is constructed. Instead of using only simple subtrac-
tion, MRDC jointly models the original bitemporal features, absolute difference, multiplicative interaction, and cosine
similarity. Here, absolute difference represents local change magnitude between the two temporal features. Multiplicative
interaction captures coresponse and feature interaction between the two temporal images. Cosine similarity describes seman-
tic consistency between corresponding spatial positions. These complementary relationships are concatenated and com-
pressed through feature fusion layers to obtain a compact visual change representation. The fused feature map is then flat-
tened into a visual memory sequence. Finally, a Transformer-based text decoder is employed to generate change captions
autoregressively. During training, the model is optimized using cross-entropy loss under the teacher-forcing strategy. Dur-
ing inference, greedy search is adopted to generate the final change description. Result Experiments on the LEVIR-CC
dataset reveal that the proposed method achieves 83. 62% in BLEU-1, 60.22% in BLEU-4, 64.94% in ROUGE-L, and
128. 58% in CIDEr, with BLEU-1 and CIDEr outperforming the comparison methods. Meanwhile, the proposed method
contains 41. 50 M parameters—a value that is lower than several classic and recent representative methods, demonstrating
a favorable balance between performance and model complexity. Additional experiments on the DUBAI-CC dataset show
that the proposed method achieves 63.75% in BLEU-1, 34.14% in BLEU-4, 56. 62% in ROUGE-L, and 90.09% in
CIDEr. The best performance is obtained in BLEU-4, ROUGE-L, and CIDEr, thus indicating its applicability across dif-
ferent datasets. Ablation studies demonstrate that both the bitemporal feature enhancement strategy and the MRDC unit
improve change captioning performance. Further relation synergy experiments reveal that, after bitemporal feature enhance-
ment, complete multirelation coupling achieves the best performance in BLEU-1, ROUGE-L, and CIDEr, thus indicating
that feature enhancement helps improve the complementary representation of different difference relations. Conclusion The
proposed method designs a targeted bitemporal change representation process for RSCC. By introducing BSCE before differ-
ence modeling and constructing MRDC to jointly represent multiple change relations, the method improves the discrim-

inability of visual change features and provides more effective visual cues for language generation. Furthermore, experimen-
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tal results on LEVIR-CC and DUBAI-CC demonstrate that the proposed method not only achieves a favorable balance

between captioning performance and model complexity but also shows good applicability across different datasets. The abla-

tion, relation decomposition, synergy, and visualization analyses further confirm that the performance gain is achieved

from the cooperation between bitemporal feature enhancement and MRDC. Although the proposed method still has room for

improvement in fine-grained word-level matching and complex scene description, it provides a practical and relatively simple

framework for RSCC. Future works will explore stronger language decoding strategies , cross-dataset semantic alignment, multida-

taset joint training, and lightweight deployment to further improve the robustness and generalization ability of RSCC models.

Key words: remote sensing change captioning (RSCC) ; bi-temporal remote sensing image; feature enhancement; multi-

relation difference coupling; change description
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FHRFIESG S0 5 , 5258 2 00 R A BRI LS IR AR
Wi RFAF B4 58 A7 B T2 T+ AS ] 56 R 05 B 22 18] B F AR
ESIN: DA
1.4.3 WAEICICF oIk
LK R 2 A TG B B BB R IR F AR —
YRR fE L e LA LI A S SO g g . ik,
W Hopl 28 (B 2 S A ABE token 51, LA
V = Flatten(F;) e R"™ "¢ (12)
T, Flatten 175 [8] JEF A s HW A~ token X filt &
AR H x WASZS [ BEA token 43 8 — 4>
25 [ 7 Rl G AR AT S
1.5 XABBESHIRERR
TEARG i 12 7 5 V e, R H FE F Trans-
former [ SCA i e A2 iU AR AL A o A e Hh TR ik
N2 7B Gty | R T A 2 R S T R
ZA . X5 AT H Y, |, e i A2
e 5 381 2 8 o L8 ), I S AL B G 5 LA R B P 5
AR RS |
X, = PE(Emb(Y.,)) (13)
A, Emb(+) Fos ialin ABRAE ; PE () 3R 07 B 5
T o A RAE SCAR A B A TR IS R St 28 X6} B
N FF Bt A0 b =y DR SR A i 24w %0 2 A5 )
3 SRl AN RE DT I R A 1] . 2o a0 B i e B SCAS
FP A SeiE et A R AR )2 A ) N K B K
F 6 2R 5 bt i B AR S R RS2 LSO BRIk
A query  LALGEIC AT 31 V R key/value, 5254k
PG R PEAT 58 L, DT $ B 224 i) A A 56 11
MAETE SUE B . Z R Rom
H" = SelfAun(X,) (14)
H® = CrossAun(H,", V) (15)

A, SelfAun (<) 7R AR H R T 5 CrossAun (+)
IR AR AL S BESTE R T . B, B4tk
WISFT R softmax 75 B iR)98_F A FUAE 3253417, BAAK
P(yL y<,,V)= soﬁmax(Wo)H,(z) (16)

S b A AR AL A S Y SO A T IR
PSRRI )Z i 2 S AR A Z I AGE
DAY /D 2 $i 3G i 3 T R — Bk

YL B R HH Teacher forcing %W , DL B SCHT 2%
i) 51 B — A 3 5 o R B DL 46 AR ig
(START)VE R WILGH A VRV AR % | 2D H
2 IR 220 e KRR R N — AN A ELE a2
WARIC (END) Bk B e KA BE N (ko i A
Hh ARAE AR A R H Greedy search 5E 1%, 41 FH B¢
LA ) 5 S 2% ATRPEN R AR
1.6 MK FHGIIZRKRE

hy S B s B S G, SR P S T 91 B A A 58 XL
SR R X AR A A A G AT B o BB AR
20 0 B TIME 53150 Py v, V ), ECSERR 2 R 51
YU A AR AR G AT R

T
Luup = _EIOgP(%
=1

% I ENE AN ) TR A2, VIR 75
T T R HI A EAS 5HTA,

g5 b, Pkl 0 B AR A AR Ty VA i
RemoteCLIP-RN50 45 1iF: % B — XU AH 25 8] 18 18 3
SR—2 R 2 TR — SR RS A B R R R
g U A 22 S AR 1 e S o AR A e R 2
S — i oh BB LSS IC Ay A, S B A LA
ff A SC I AR AR A AR i A TR
B T REAE BT HA 25 40 SR Y O vk ISR A R T
[vi] Fisf S o A A X el AR fb i LRk, R R 8k E
TSI AT LA AT B A T TR Y A

youV) (17)

2 HESXWiRE

2.1 HE&ENAB

K X AE LEVIR-CC (learning, vision, and remote
sensing laboratory change captioning) 1 DUBAI-CC
(Dubai change captioning) P~/ i B AR A - 4 1
IEE S EITF RS, DL UE AT $2 05 s A ALl S
SRR AR s I
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LEVIR-CC % #5 4 & 7E LEVIR-CD XU A 2 5%
P G S B0 e At A ) A AL R SRR A A i SR 4
P45, T ) XU AH SRR S F AR S AR e iR 2
[i] PR T SCEEARAT 55 o B AR Th R R AR H — X AN )
ik AF AR I 328 J% PR 5 RN 22 5% 8 ARl i SCAR A R, S
ENAEE S HEE S ISP 6 I R I B e A N
R I, 1T RE 8% oAy 18 JE AR AL IR AT 55 PR L (B —
SCAKTFF W . LEVIR-CC %l 4 405 10 077 Xt
XIS A 228 SR A% R 50 385 25 A8 Ab il ik SCAR | -1 4
X MG I 5 25 SCA G I o BHe A 4% BRI 24 6
UEAR RN A TR0 53, 73 0 TSR 240y )
T B A B REIEA o

DUBAI-CC ¥4 5 H] 7 i — 20 S b A A 77 A [+
AR R RS R . B R4 T 500 41 3L
A AR SRS ARORT 2 500 258 A A IR SUA, B 2H 5244 W]
FEXT R 5 44l . 5 LEVIR-CC # It , DUBAI-CC 1&
Yt X3 AR R RN 38 0 A 7 T AF AR 22 5%,
AIVE R S BG AR 17 AL S A b TR A A . SR
RT3 07 2, o I8 g uk 42 Fnii A
43 5445 300,50 F1 150 ZHEEAS .

TEREAR A LU b, VIR B BER F £ 3 ik 1 5
TREME | BV U AR A5 0 R e 22 5 45 i 5 A 5K
ARG AR 5 &0 il e A R TR E R
FERME , DR R B 5 5% . -5 K B B
TR R —FEA N &S H /R, HT 22% URIT
M, DT R 0 2 00 b S Bl A= B 25 SR 55N TR i 22 1]
1 — St . BURAE S ARSI 58— 36 40 ol 41 ¢ il
(red-green-blue, RGB)#% 2., If- 58 sk it fb 5 1H —1k
THALFH
2.2 TEMIERR

Sy A AR BT AR AR A R e PE SR
Ji i, S0 R FHAGE PEAG B 4B Fr (bilingual evalua-
tion understudy, BLEU) | & F fz K 24 367 )7 51 1) 1
5] A 1] 47 2224 $8 A58 (recall-oriented understudy for
gisting
ROUGE-L) 1 3% F I 31 i & 14 1 b oF 1k 15 br
(consensus-based
CIDE0)E A i i 48R, L, BLEU-1 fil BLEU-4
927N 1 JCH 4 T n-gram VEECAS B . iR $E bR 43
S SRS TV DC R AR R T L AR — B
AR R AR SCRUIAE A5 22 ff B Al B i iR 5 5
R Z AT R

evaluation-longest common subsequence,

image description evaluation,

2.2.1 BLEU
BLEU 48 5 18 11 He 8 A2 ) 5 5 2% 41 22 [6) 14
n-gram 5 TR A B SOAS AR TR, HOE Ul

N
BLEU = BP - exp(zw"l()an) (18)
n=1

A, BP FRR A ARSI s 0, 27856 n B n-gram 4§
BE X N AL EE 5 P, 327856 n B IE n-gram K5 B 5 N %
IR K n-gram 8. YN = 1 FIN = 48, 45
51535 BLEU-1 Fl BLEU-4,

2.2.2 ROUGE-L

ROUGE-L % T i £ 24 3£ + JF %1 (longest com-
mon subsequence , LCS) V-4 A= i) 5 225 4] Z [8] 1
ARG — .

ROUGE-L B8 Sz Wk Az i 1) 5 275 B 16 4] T2
SER b —BORE R AR A U 55 b R R R R K
it BT B i 2 mBE ) .

2.2.3 CIDEr

CIDEr 3= ST [ 46 38 A5 AT 55 B3t il ad e85
A5 2 5557 ) 1E n-gram J2 ]9 TRA5— 335 SCRY
B % (term frequency-inverse document frequency , TF-
IDF) AR AR A 12 1 S — 30k

CIDEr B f% [ v 2% 1§ 22 2 2% 4 iR 5 1) T X 53
JE 0 R AR U 55 R R S — B AL B BAER
P PRI 5 F] R kg 4 7 A A 3R o 1Y) T R R
2.3 XWXTAET

SEEGAE Linux #524F R 48 T 5& T PyTorch TR 2% )
HE 28 52 81, 31 25 55 90 3 5 7F NVIDIA GeForce RTX
4090 GPU bS8, S A7 4 24 GB. JT A7 L5044 %
AR T A B 5 3R B DA TIEAS [R) A5 26 0 7 ik 152
B R AT

B R ] AdamW HEALAT , W 1R 2 2] 65y
1 x 10, batch size 1%~ 64, Y ZFHG5 R 50, warmup
Fe 1% A 0. 025, 32K FH warmup J5 8 52 2% ) IR 1%
HEATRE o SRl /N BE AT R 1 P R Dk 3, S 56
SE BEBLAR 5 420 YIZad e, 51> epoch J5 1R 5
TEAE b F AR P 2945 2 5 (] I 42 [ 7 ] i 7 30 R4 |
AT A2 AL $if b #fE B, J3F 31 5 BLEU-1, BLEU-4,
ROUGE-L fl CIDEr #5475 . £ % IE UL E M S
A B R S 3 Sl DR 6 E 45 2R e O A B A
CIDEr & bR LA

TEMN SR O X b R A THH 51 25 2 SR
i AR 7 8 283t R A I T R — i 23R T,
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BOEAEAS S HURITE . WS BER ST O R
R W 2R A WS A A L B AR I B 1A A W0 4
A AEBEA I 22008 5 4 i R A R A B A0 R —
ZVA B A AR 10 K B R R Ik .
B ZORE AR A A RS 275 FlA S R i AP A6
e AR IUE AR b, IR T AR A 2R

3 ZRESM

3.1 LEVIR-CCHIEREM LR EERESN

SR BAE FiT 3 07 B AR TR SR A T A T 55 TR Y
AR, S TE LEVIR-CCE0i £ TP XS L 525
XF He 7 3% AL 45 Capt-Rep-Diff | Capt-Att, Capt-Dual-
Att .DUDA \MCCFormer-S . MCCFormer-D % £ #1175,
Foa A T IR Diffusion-RSCC il RSICRC
(remote sensing image change retrieval and captioning )
SEUTAFA R TT Mk o e — oy TR R P RE S A2 R
ZIA I SC R AR SCIRI 45 o 7 i S0 R S
RSO EHATIEL

R 145 T ARTR J5 248 LEVIR-CC 8 4 B 1Y
YRR MBS R, ATRVE I A SO R RS
T 83.62% I BLEU-1. 60. 22% [ BLEU-4 . 64. 94%
) ROUGE-L F1 128. 58% [#) CIDEr, H: ', BLEU-1
H1 CIDEr $4 BG4l 2R, Ul A SO B A8k ¢
) DC T FH RS AT SC— B0k O T B B F I R R
5 RSICRC #fl Lt , A 3C J7 % 1& BLEU-1, BLEU-4,
ROUGE-L #1 CIDEr £ 73 i $2 T T 4. 07%. 4. 46% .

2.79% M1 11. 44% , 3 BRI AR ARG 5 5 2 0 R 22
SR G REUE A SR A AL A T & . 5 Diffusion-
RSCC Ak , A 3¢ )79 7E BLEU-1 I CIDEr |- 43 1] 42
T+ 0. 04% F12. 98%, 7£ BLEU-4 | B 0. 68%, iX 1
AR SO A B AR SC— St Jr i B — e 3,
EAE K J TF 3% Se M Fne) T 85 M 21 2005 AT A7 A 42 T
236 o HEBETE ROUGE-L48 4% |, A& S0 Ak T
DUDA , MCCFormer-D Fi Diffusion-RSCC %5 75 %= , i}
WAL ) TS M DR AR 68 ) J7 AT A 1 — 20 ek
], MRS ZR B A SR A SONE M S 8E
41.50 M, { AR F R 1P O SEE X L
. B, 5 Capt-Rep-Diff, DUDA 1 MCCFormer-D
ARG AR SO RS E R 5> 131,71 M38.81 M
FI121.05 Mo 25 R FR B, A SO R I AR R R
BESHHE & ARAF PR REHE T, MR AR B/ NS EE S
T 3 A B AR ARG SR 2 e R 25 AR A ST
AR

ZEA KT AR AE LEVIR-CC BR4E IS
TR RE— R A2 BT . R HAE BLEU-4 1
ROUGE-L#8#r FIfHEfAL , /A4 BLEU-1,CIDEr fIZ
By TR PG, U I gt 1 A XU AR RS 5 5 |
T2 G FR 25 R G HE SR RB S A ORA-5 45 1 A G 157 it
AYFTHE T A EA TG ) B8 B AR AR PERE
3.2 DUBAI-CCE#E&EXT L L1E

SRy it 25 B IR B4 5 I AN R i AR 3
(938 M , A SC7E DUBAT-CC SR 5 b 78 T Bz 1k,
S8 . 5 LEVIR-CCAH L , DUBAI-CC 7E37 5 X J5k 5%

FR1 AEFEELEVIR-CCHIEE FHNLRERSSHER

Table 1 Experimental results and parameter comparison of different methods on the LEVIR-CC dataset

5k BLEU-1/% BLEU-4/% ROUGE-L/% CIDEr/% ZHEM

Capt-Rep-Diff 72.90 47.41 65.64 110.57 73.21
Capt-Att 77.64 53.15 69.73 121.22 73.60
Capt-Dual-Att 79.51 57.46 70.69 124.42 75.58
DUDA 81.44 57.79 71.04 124.32 80.31
MCCFormer-S 79.90 56.68 69.46 120.39 162.55
MCCFormer-D 80.42 56.38 70.32 124.44 162.55
Diffusion-RSCC 83.58 60.90 71.50 125.60 -

RSICRC 79.55 55.76 62.15 117.14 -

ES'S 83.62 60.22 64.94 128.58 41.50

T I PSRRI R RS R =" RN AR A TT
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G AR BRI A XU AR e 25 5 DAL IL
i FH T o 0 455 10 A 5 580 4 S5 F R ) AR AR A IR
71 SLEGE B RSICCFormer. DUDA . MCCFormer-S .
MCCFormer-D il Diffusion-RSCC Z& J7 EE=AE N %) L 5
LR EEL 2 R

L2445 T AR5 78 DUBAI-CC £ 4 1Y
SEE SR . ATLLE AR SO AR T 63, 75% Y
BLEU-1.34. 14% 1Y) BLEU-4 ,56. 62% [Y) ROUGE-L #lI
90.09% Y CIDEr. H: ¥, BLEU-4, ROUGE-L I
CIDEr 4 5 S A 45 5 , B RA A SC7 thAE i 9k
S A A T A — SO RN A X — 2 Ty T
BRIHFEM ., 5 RSICCFormer #H k. , 45 S0 B 75
BLEU-4 , ROUGE-L #l CIDEr 43 542 T+ T 2. 86% .
4. 66% F123. 55%; 5 MCCFormer-D #H Fb , 73 5 $2
T 4.66%. 5.35% #1 23.58%. #H % F Diffusion-
RSCC, A 7 ¥ BUAR 1E BLEU-1 FAK 5. 45%, {H 7E
BLEU-4 . ROUGE-L I CIDEr I 435427+ T 0. 84% .
0. 12% F1 1. 39%. IZ4A5 R EH], A SO BARTE R
A VG IE 5 T AT A Tt s 1] {H A 5T RE S s 1 34
SRR AR L — SR e A L R IE AL

O ©oF

®2 AREFEEDUBAI-CCHIEE LHERER
Table 2 Experimental results of different methods on the
DUBAI-CC dataset
1%

WIReS BLEU-1 BLEU-4 ROUGE-L CIDEr
RSICCFormer 67.92 31.28 51.96 66.54
DUDA 58.82 25.39 48.34 62.78
MCCFormer-S 52.97 22.57 43.29 53.81

MCCFormer-D 64.65 29.48 51.27 66.51

Diffusion-RSCC 69.20 33.30 56.50 88.70

A3 63.75 34.14 56.62 90.09

TE ORI RS R 2 5 e A4 2R

ZEA KT, DUBAI-CC S 25 LR W, AR SO vk
FEAN ) 3 AR A 5 AT RE S DR RF AT A2 A A i
BE1, BA — B B AR 1E T o 3150 BH XU A R
TIE 384 8 BB 02 A A5 58 H OGS AR Ak DX el P o 223 S
iH, 2K 72 5 Be gl g ST AR AR (L C R R,
AT 4 v A5 R A AN [RICHE 23 A A AR A iR P fE
/] i}, A SC 5 ¥ € BLEU-1 #§ %5 [ 434 T Diffusion-
RSCC, Ui IR R AE 1] 712 180 (%) 48067 B2 D FC g 1415 A

PE— 24 Th 23 (8], J5 252 0T 38 2k o5 1) 1 TR
B TE O S i — 2L oz Atk B
3.3 EREEMIE

R 95 UE T 8 45 AR AE o AL T A AT 55 R
(1 52 bR BTk , A SCTE LEVIR-CC B0 4E T e i b
e RS2 . SCES LA RSICRC HE R4 4 Baseline , 75
IE IR _E 4350 A KRS A AR AIE 3 58 SR i (BSCE) L 22
K FR 22 FHE B0 (MRDC) VA J = F 44, LUt
AN [FEH AR AL AR PR R A 520

T34 T ORI B EC BT A0 ml S g 25 A
Al LA i, AH L Baseline , UM BSCE J& , BLEU-1
BLEU-4, ROUGE-L #1 CIDEr 4+ % 1 79.55%.
55.76% .62. 15% F1 117. 14% $2 T+ 2 82. 07%.58. 17% .
63. 38% FIl 121. 73% , 156 B UL AR A1 385 568 55 s i
A R0 A 5 B A Al X I T Gl AE , T T
A AL AR R . BN A MRDC i , #5550 1 76 W] B
454 F+ , BLEU-1 ., BLEU-4 . ROUGE-L # CIDEr 43
53K 3] 81. 07%. 57. 06% . 63. 03% F1 121. 38%. %
gh LRI M T AR SR AR (L 18 7 52, 2R R
25 SERE BB NS T 7043 M ASBUS AH AR IR =2 [] () AR £k
KF W R AR LRIk R S . dE— 2,
[ i 51 A BSCE 1 MRDC Ji5 , A5 78 B 75 % A5 7 BE
BLEU-1. BLEU-4, ROUGE-L #1 CIDEr 43 % i5 3|
83. 62%.60. 22% . 64. 94% Fl1 128. 58%. 5 Baseline
A, 58 AR T A 4 T0EE bR A SR T 4. 07%.
4.46% . 2.79% Fl 11.44%; 5 5.0 Jin A BSCE &%,
MRDC A Lt , 3 BUAS gF — 2D 42 7 o iz g5 R i W,
BSCE #1 MRDC HA — & B #M: : BSCE il 8 T 78 2
S A T4 S UL AR R T 6, 5 M O B DX S
Pk B s MRDC UM 7= D OG22 )22 Tt A2 A i /s
FROESEATHESE . 3545505, BRUS TERRIE 3 2 A OC
FABI A2 AL RS TR A A M e

25 b B G il S B8 R T AR S Ik OB
AHARFAIE 1 58 5 W 1 22 0C R 22 SRl B S oT i A R0k .
T ZLAE R BSCE 24 N R IE 3G 3 SR s , T
U JR Bk 22 SRR BB AR AIE B 5 5 AL 4 RE 1 0
— T EZORIE T H 5 MRDC PRI/, T AR
BRI G
3.4 BSXRERTUREIE

Rt 2 X R 22 R A T (MRDC) H
ANTR) 22 5 56 R I M S BTRR , A SCHEAN 5 AU A
FEAE IS 58 S W (BSCE) Y4540 T, X 4 % 25 5 e fl
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Table 3 Ablation results under different module

configurations
1%
WIReS BLEU-1 BLEU-4 ROUGE-L CIDEr
Baseline 79.55 55.76 62.15 117.14
+BSCE 82.07 58.17 63.38 121.73
+MRDC 81.07 57.06 63.03 121.38
+MRDC + BSCE ~ 83.62 60.22 64.94 128.58

E IR IR R 45 51 e A2

38 H AR GZARIE 3 HC RIATHRM L L0 . S0
Se DI AR B8 OBUE A Ji 4R R AE Pair-only 1 b JE filf 15
B LIRIE A —SC R I, I i — 2540 by KR
— KRG PEREAR AL , LLVEAR AN [H] O¢ & A5 B4R
AR R R Y 5 )

RAGH TARCRIECE T ALImEE R, Al
DL i, 5 Pair-only #H Fb , B 5] A 4 X} 25 53 (Abs-
only) Fl1 3k F1 32 H. (Prod-only ) ] BEH7 ok BH & 1k fiE 42
Fto Hrr, Abs-only i) CIDEr Fi Pair-only i) 119. 57%
PETE 2 122 94% , Ud W 48 X 2 S5 8 08 A7 280 S e B
A JR 0 AR A B, XA b X 3k SR 1k H A R AE o
Prod-only HU 7% T 83.31% {1 BLEU-1. 60. 07% I
BLEU-4.63. 93% ) ROUGE-L £1 123. 88% % CIDEr,
ER—C R & RIEM, RAFLE LR
FIE 8% A -, 20 T RS EE ARREAIE 22 ) P 7 [] e i 2 300
KF AR FRIEHA B B TR

R4 EXRERTIFBIBLER

Table 4 Decomposition results of different relation terms

in MRDC

1%
itk BLEU-1  BLEU-4 ROUGE-L  CIDEr
Pair-only 81.59 57.87 62.60 119.57
Abs-only 82.31 58.85 63.41 122.94
Prod-only 83.31 60.07 63.93 123.88
Cos-only 81.02 55.81 62.27 119.61
w/o abs 82.36 58.66 63.38 123.21
w/o prod 82.35 58.60 63.45 123.18
wlo cos 82.31 58.89 63.36 123.29
Full MRDC 81.07 57.06 63.03 121.38

T I P RS S S BRI . who Rm EBR .

2 R AP B 4x 5% A LY (Cos-only) 1Y
BLEU-1.BLEU-4 ROUGE-L A CIDEr43/ 4 81. 02%.
55.81%. 62.27% F1 119. 61%, % {A& 3¢ Bl 4 i Pair-
only , {HAX T Abs-only Al Prod-only . iX i3 HH 4% 5% AH 2
PEA B SRAENE DB X — S0 A B 21 i XA AR AR AE
KF AT s sk LS kAR A 1) AR AR R
JEE I H BRI  SE R AR A T TR L PR R R AR
EHEAVERE MR A PR . MR —SC R I Y S 5
ZE R FH | wlo abs .wlo prod Fl w/o cos ) CIDET 43 51l
9123.21%., 123.18% Hl 123.29%, ¥ #& F Full
MRDC 9 121. 38%. X F B #E A 5] A BSCE /i %L
T, HES ML RTBIHA — g B R as 5, A
[F] ¢ R A5 B Z B AT REAFTE— B TUR B T, JUHE
RZARRIE SC R AR R AR R IR L AL F S SRl G
i, AT B2 5 A S AR R X S T8 S 1 i S — Bk 1z
PNIIFALESEN Feg e .

ZEA KA, MRDC H AN [] 56 28 006 A8 16 i 34 1
REMM DT AN e —28. Hp e fIC B X R ER
MG R AR T R, 2B A 25 7 O R AL
1) F B R o3 5 46 % 25 57 OC R e e PR L AR Y AR
AR A 2 5 AR 5% AR DG 2R B foff FH As) B kR XoF
AR IRV AU MRDC A B R, K RTAY
fa] PRSI AN RE PR IEERE SR . L, B B —
A4 B R A RRAIE 3 58 5 W2 75 B A 38 22 O AR il
A B AT, (AN W] 5C R 3 22 (R ) 5 A %) L
#MER . JE223. 59— 18 BSCE 5 MRDC
HORTRI G R IZ H] M A DG AR
3.5 BSCE 5MRDC # % X RNt E 1E A L1

3.4 T R AR 5] KU AR R AIE 3 588 3R
W& (BSCE) B 0 T, MRDC H A /] 56 2R 35 el 458 760 e
REM DTHRAA e 22 5%, H H IS N2 X R IWIHA—
FE WS AR . itk — 20 73 BT BSCE /& 75 g 18 2t
G2 KRR, AR SCET A BSCE By SEAik L, X
MRDC HA /] 5 2 0 547 Bn [ A T S 3 o LA i
T R A 25 5 TR AR A BRI A SZ AR R B
Z 5A B PERE, OF i — 20 Hr KR — R I
Je AR F I, UGS UEAN 7] 5 22 T 76 3 08 R 1 il
BTk S EAME

F 5451 T BSCE 5 MRDC AN ) 56 22 75 ) 13 [+
TERSCIREE S . ol LAE H FEAL S A — I R I
0L T, BSCE + Abs-only HUf5 T 82. 03% % BLEU-1,
58. 61% [ BLEU-4,63. 49% ) ROUGE-L i1 124. 08%
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f) CIDEr, # {& & B4 T BSCE + Prod-only F1 BSCE +
Cos-only X Ui IH7E 28 528 WU A AR AR 38 0 5, 206 %) 22
5 0C ZR R A% A B Ml S R AR AR A B X AR A X
BCRAE NS AR A R A B E BTk -

ML Z T, BSCE + Prod-only #1 BSCE + Cos-only
[ CIDEr 731 4 122. 82% #11 121. 08%, {X F BSCE +
Abs-only. #5463, 4L LLR I, R H R AE
A5 A BSCE I St (R R A i, I 7E BSCE 35 4F
fEFEA Al SRR AE B AR B R4 R . X%
T, REAE 3G 58 25 R AR AN ] OC R IR FH =X X DG
DX IR 2L SGEIE O gomibfs , s — R B B R
FARATIRE SR BN ] 7 5 5, L (EHE LA S8 8 kb
FE AT I ANE LB S 2 b R

M F B B — S R I L B 25 Rk, BSCE + wo
cos LS T 83.07% ) BLEU-1.60. 51% ) BLEU-4
64. 44% () ROUGE-L F1 127. 69% i CIDEr, %% {4 4
RERA D & T4 B — S RIUR E, BE 4 %) 22 5 Fi e
R B2 (B HA A B . b BSCE + w/o
cos £ BLEU-4 [ % = F BSCE + Full, & B 783070 4
VT LTy 18T, F B4 5% AR U AT Be s> — 2 TUAR
T4 SR, 5684 5 R 404 BSCE + Full £ BLEU-1 .
ROUGE-L 1 CIDEr I ¥ BUA5 5 e 45 5, 43 51l 35 5
83. 62% .64. 94% Fl1128. 58%, Ut 5 £ X R &
TEAR AL GBI DT TE | /i) 25 48 — B A AR TS L —
Sy T R

LEAOKE LR — 2 BIE T BSCE 5 MRDC
ZBHEANEER . —)7 1, BSCE fERS7E 22 AL R
2 HH SRR A DX S8l RN H B G IE O R Ak R Al

#&5 BSCES5MRDCH & XRIMHEIEALKLER
Table 5 Experimental results of the synergy between
BSCE and different relation terms in MRDC

1%

i BLEU-1 BLEU-4 ROUGE-L CIDEr
BSCE + Abs-only ~ 82.03 58.61 63.49 124.08
BSCE + Prod-only ~ 81.07 57.75 63.15 122.82
BSCE + Cos-only 80.97 56.73 62.43 121.08
BSCE + w/o abs 82.89 58.30 62.93 121.50
BSCE + w/o prod 82.77 58.55 64.44 125.74
BSCE + w/o cos 83.07 60.51 64.44 127.69
BSCE + Full 83.62 60.22 64.94 128.58
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Ji% “the scene is the same as before” , A< BE1R 1) 18 %7
Ak 5 A SC 5 3 ) A B “a road s built to replace the
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(a) the scene is the same as before.
(b) a house has been built at the top.
(c) the scene is the same as before.

DXCICRE i — SR T ) o 3K 1 W UUR AR RS i 38 58
SRS AT By 5 S B A A DX S A T 20 SOl H , 2
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fei] it v U 3 T 0 B AR A T
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AR BB Z AT A B T AS 1] BRI P 2 45
RFRW A SO AU E B bR L HAARE, 1E
SE W T A2 T 0 2 TR T B ) AR A X BOG TE E
I I R

(a) a building appears at the top and some trees
disappear.

(b) a house is built at the top and a house is built
at the bottom.

(c) a house with a path to the forest appears in the
top left.

(a) a new house is built on the lower-right.
(b) two houses are built along the road.
(c) a new house is built at the bottom right corner.

(a) aroad is replaced by a wider one.
(b) the scene is the same as before.

(c) a road is built to replace the original one.

P2 i RIREAR A At 1R 15 T ) AT A X LS R

Fig. 2 Comparison of change captions and attention visualizations on typical samples
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