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Abstract: Objective Dongba painting is a treasured form of Naxi traditional art. It is rich visual elements, distinct colors,
and strong regional cultural and national characteristics. The application of existing image description methods to Dongba
paintings is hindered by domain bias, with the model generating text features aligned with those of natural images. The con-
ventional approaches to image description require the use of predefined sentence structures and depend on the quantity and
quality of datasets. The descriptions generated by such methods are often repetitive and lack diversity. When these meth-
ods are directly applied to Dongba painting descriptions, they present certain limitations. Multi-task pretraining models
jointly train multiple vision-language objectives, including image-text contrastive learning, image-text matching, and
image-conditioned language modeling. However, these image captioning models tend to generate generic descriptions and
cannot capture the distinctive style present in ethnic images. Most controlled image captioning models regulate the genera-
tion of image descriptions through analyzing textual data and extracting keywords or entities. However, keyword extraction
relies on the explicit entity information present within the sentence. It cannot consider the implicit cultural connotations
and semantic depth inherent to Dongba paintings. Consequently, the resulting descriptions are simple and one dimen-
sional. To address these issues, this study proposes an image captioning method based on the fusion of prompt learning and
visual semantic generation. This approach guides the model in acquiring the cultural background knowledge associated
with Dongba paintings, which mitigates the domain bias challenge. Method First, this study uses a codec architecture to
realize image captioning for Dongba paintings. In the encoding stage, the encoder employs a convolutional neural network
to extract the essential semantic information from the Dongba painting image. This information is then integrated into the
normalization layer within the coding layer of the decoder, which enables the control of the process of generating textual
descriptions. Therefore, the resulting descriptions are semantically aligned with the image content. In the decoding stage,
a Transformer structure is employed to efficiently capture long-distance dependencies in the input sequence through a self-
attention mechanism. This utilization facilitates the generation of accurate and coherent text output. To circumvent overfit-
ting resulting from the stacking of decoder layers, the proposed model employs a decoder comprising 10 layers. In addi-
tion, pretrained BERT weights are employed for initialization, which enhances the performance and convergence speed of
the model. Second, we introduce a visual semantic generative fusion loss, which is optimized to guide the model to extract
the key information in the Dongba paintings. As a result, descriptive texts that are highly consistent with the images are
generated. Meanwhile, the content prompt module is introduced before the decoder. Through a mapper, the cultural back-
ground information such as religious patterns, gods, spirits, and hell ghosts in Dongba paintings can be obtained. By com-
bining prompt information and text information, the decoder can more effectively understand and use the content informa-
tion of the image. This capability improves the relevance and accuracy of the generated description text and the image
theme. Finally, to enhance the capacity of the model for targeted learning and description of painting image features, a
bespoke dataset for image captioning of Dongba paintings caption is constructed. This dataset is based on the themes of
Dongba paintings and the underlying Dongba culture, and it is used for model training. Result Several experiments are con-
ducted on the test dataset for Dongba paintings in this study to verify the effectiveness of the proposed method. The experi-
ment includes contrast and ablation experiments. In the ablation experiments, the architectural configuration of the
encoder and decoder is retained, and the ablation model is constructed in accordance with this configuration. Three kinds
of comparison experiments are formed. In the first part, the effect of different model encoders on image feature extraction
and image description text quality is compared. In the second part, the effect of the number of coding layers of model
decoders on the quality of generated description text is discussed. In the third part, some advanced algorithms are selected
for comparison to verify the superiority of the proposed algorithms. Experimental results show that the proposed method
achieves 0. 603, 0.426, 0.317, 0.246, 0.256, 0.403, and 0. 599 in the evaluation indexes of BLEU-1 to BLEU-4,
METEOR, ROUGE, and CIDEr, respectively. It also achieves better results in the subjective quality of image description
text for Dongba paintings. Conclusion The image captioning method based on the fusion of prompt learning and visual
semantic generation for Dongba paintings proposed in this study effectively enhances the capability of the encoder to cap-
ture image features and the capability of the decoder to understand the input text. This improvement results in descriptions
that are more relevant to the semantics of the images, as well as more accurate and fluid. Furthermore, the method pre-

serves the national characteristics of Dongba paintings. In the future, the relationships between the elements in Dongba
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paintings will be comprehensively explored. Furthermore, the size and diversity of the dataset will be expanded. The

model structure will be optimized to enhance its robustness. Other datasets will be also used for training purposes, which

will expand the scope of application.

Key words: Dongba painting; image caption; prompt learning; visual semantic-generation fusion; domain shift

0 35

][I

PTG R S i e PRI A5y A0 B Y T s 22 1Y)
2 BRI S I 4R SR AT S R AR
RSB B AR SO o IR SCAR A T AL
EUR XTSI IR RT G Z M) (1) S OC R LA
KB AT JE A RS R E (Vinyals 55 ,2015) . H
HI, BRI C 28 12 b H T 0000 A5 28 1) RE A5 2
B R B ML B R LA N TR QA 4
2017) Ao 17 25 0 = 2 AR 3l SO T 55 4k
(Waghmare il Shinde,2022) .

IR S NP IG5 R, S AR Sk
M EZE AR, KR, R B2 e X DLk
FON AT R FEE ORI, AT
SRR R RO ARAE . o I 1 (a) B —k 2 B
LI ARSI IR, B 2 48 P 5 1% 151 19 20 ) 0 2R T 2
SARSF R, 1 (b) R T — 1 BB LG R
I, 5 AR AR RE R 2ot

(b) 7R 2

BT AR i S
Fig. 1 Examples of Dongba paintings
((a) example 1; (b) example 2)

AR EEL o R A AR B T AN DU A Y
P SRR 5 9 SCAR TR 2, s W o 4 2 5% 3 R % )
SRHCE M RRE R FR, BT AR I 5 3
BAETTEZARME (5, 2021) A2 XU (577
2022) 5577 1T , fif 2 Xof AR U0 1 P4 B L SCAR T S kA T
PR IR R TAE . P, BIFSEAR L I PG, X
N L B 20 DY R ) AR A A3 T R B ER A

REAEEZEL,

PG A A 5 Z TSP 4 2 Rl s A LU
PR 7] i 3 7 ZORE FIr A G I 48 2R B 25 9 — A FL AR
W E R TEA) GBUksR 55,2023) o LY Sl
Wk FE R TG ML=, Bl Li5E A
(2011) #2 i A VT T [R5 4 38 J5 5 Devlin %8 A
(2015) 4 Hh A AL T R SRR R I R A T 10 X
FITE T B (BT —E R R R . HARM T
TUE SRR 7254, 52 BR TG 2R op TR — 1l ik
XF (8 Z2 AP RN BT, 5 B0 A R 1 R s Ty A —
HEE, = 2R,

Bt TR 5 2 > ) R R, Vinyals % A (2015) 3 1oF
1% 55 1) 25 TR 28 ) 2% (convolutional neural network ,
CNN) $2 U BAFAE , 5 F1) F K 313242 B 2% (long
short term memory , LSTM ) A SR N 9 15 ik . R
— ¥ CNN Z £ 25 ¥k U B 4 52 15 b S B O L 52
TCR , P ECE N A B = A0 FER R . i,
Anderson 5§ A (2018) 51 A B B 15 H 14 7 25 7 0L
il i 3 b Y T AL ARG b R EO6 4
FHE, FEAH B TR 097 5 HLH 1 Le R AE i
FrIEHE RN SR A, {8 190 28 A5 28U R o7 R 5 b ) i
FXFGRAX I

Bl WFIE AR A R BT 55 6B U 2R 2l
TR PERE B B B, Johnson 55 A (2016)
# 1 DenseCap (dense captioning) £ 7 | 3 12 Bk 5 )]
5 H FRAS IR 328 A AT 55, SEB T X RS h 24
DR BEAT BRI . Li 45 N (2022) $2 ) —Fh 243
1B 5 Gt ih 2% — fiff A 4% A5 2 BLIP (bootstrapping lan-
guage image pretraining) , FH T 45 — 058 1 75 FLA% A1
Ao AR T AR N A LA U, O
T AT UE AR 25 BRI 2R A R R 0 2 K P A R
AR PG A AR AR R 1] AR oE A A A PRk
15 4 IR B 4 A 9 T 45 B84 38 (controllable
image captioning, CIC) , & il {5 5 15 T B AL BU i
WA, S m BB B2 AL RE ) . BEBSTES AR RN
R RIS, 5 0 e 25 I AR5 o Zheng 55 A
(2019) A 1 554 T b 1 3R ETAR A Y 2, B2 R BT A

3363



3364

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 10,0Oct. 2025

CGO (image captions with guiding objects ) , 155 7 1 i
Ay — A DS 9D 46 A G LSTM B ) 46
MAEATIII N ZE . Wang 55 A (2023) 44 #2752 2
A B G R AR A HESE b | 38 4 4 7 1) A A
it AR AL RR AR . Fei 55 A (2023) 42 A5 Y ViECap
(visual entities captioning) , Fl| FH 15 ¥ fi# #7 %% (gram-
mar parser) M SCAS 1 £5 2] 52K G 42 78 (entity-aware
hard prompts ) , 5 $2 7~ 5 5# R % (masking strategy )
&5 i F BB OOE SR E R . QudE A
(2024) #& 1 1) MacCap (mining fine-grained image
text alignment captioning ) i i 13 J1E K R H A5 00
T T 5 RGO SC A DG B 7, T 5 O B s il A Al
PG A R SO

ORI, F 3R J5 B AE AT AR L 1 PR AR ik i A7 7
PATR AR : 13 05 e, e S5 h BT
TR 7 ] BRI 5 T M L vy ot o 1) P45
FEAS R TR AR I , LA PR A RO 2Rt .
H T 7 L T A A ) s Sl PR T R 15 R AN A2, B
TEIN it B vh 2ead $E U R 800E 1 2401 Fg s, &
HHIZABEIREL, 2) SR N, BUA 2
TN SR EHG A B B AR AE MR 5 3R
& {E R AR DL AT ) PRI AT, 2 B T P 00
A B Pt vy SRR e O A BB U s
RUTC LA AR BIAE 55 i o 1 ELAA TR SCRIA0 Y, A A4 i
WA 5 R TE G, ML 54 . B0 T 4 B1HR
TR A 2238 i 73 A SCAR BT 3R UG B 7 =l 5
PR SRf2 ) A= ol PR i i, L DG = S MU T ) 7
8 S P S AT R, JE T Al 1 A L o v B 5 1 R S
AP TR AT SO, S B0 A 38 T 2R T

LT BT AR mEE X EE AR, T
AT 7V I AR L T PR R N, o P i B i
AR, A AW B ST N R AR 780 it A
SCERR AR B R AR AT IR, EETTRRAE T2 1)
HENL T AT AR L B AR R . AR T
FH & SCHE (BRSO 55, 2020) Y £ B 52 40 P % AR 12
R PRI i 2S00 R A BORS R R L PR AN
PURIGEAE IR T A — 2 UbF Y mi 1] A 5 M HeAE
ARESAP RS Lo 2) 8 T 3T R R SR 5
FE B AH O AR, T SRR LTI R, A Sy 7
TNERAREE R TR A5 R S
SOVESEAR B | A P A 2R L il R SO BT S
5L L DT i ) 2 A S A 0] FH P4 A 0 A SC

AR . 3) 0 T HE ARG AR I I v S R R
SBGEE ST, I AR AN B o i LR i 3, A
SCHIA T s il L—H iRl Ak ol DA
R AT A ROt SR BOR T P A SRS 8, AT
A S PR o JEE — B FR SOAS . KA Sk
B AR SO IR BRAT D5 7 % M b Fa s 1R
S, I HoAR 2 S T R A0 R 1) T

1 KXk

L1 MKEEEN

A ST LS G 4R 7 S LD T L —E R &
F) Z B T P45 4 34 7 75 (prompt and visual semantic-
generation fusion-based Dongba painting captioning,
PVGF-DPC) B AR ZSH AN 2 I o 4% 32 24 4%
K gt & SOt a8 LA S R s B . 1 5,
X ARG AT AL B o R 7R L R R A T A —
FRIEAL , A Hoka A B &5 i 45 21 1 280 4B
R o)t TR X0 07 14 PG 3R SCAS R4 7 43l b 3
RN B 128 (P41 o LR, R ARAIE 16] i e Bl A
FA A% 0 2 G 2, LAFAS IR SCAR AR A A2 i )
I, 8 e i AN B4R s A A 2 IR Y 4R S )
VESEAE B IR A SO SR 5 B e, 4 e 5
PEAGR I ) $8 38 SCAS S 4 2 e B A s 4 o e
i R SR N B s BRI SCA A AT 55, 3R]
AL A B A P RE .

1.2 4mi5s%

YR 28 R FH A B 28 I 2 Al AR TG G e 1) 1
X A5 B . MobileNetV2 (mobile network ) (Sandler 45 ,
2018) B A #5 m 09 R A 5 O AR, HG ) gk 22 B
(inverted residual block ) % ¥4 F1 ¥ F£ 7T 43 25 45 FH
(depthwise separable convolution ) £ A FAH T 45 7Y 1Y)
SRR S AR B, N S 35 4 T TR AL Y 5
% Ik, A SR FH MobileNetV2 4 S #570 (1) 45
e .

R T RO R R A —BOvE, IR R P 7R L I Y
RGN N BRSO T 2R B i R AR v
T R R S B 29ME, TR AN g — R o
PEY N 29918 5, LR THHCN ROB3 W iH . 285
X —AE S K R E A G i A% HEA TR ESE I

KR IEA Gt a8 )5, 1 e did — s &Rz
H—A>3 x bR RUZ i 32l . X —id



$30% /5% 1081 /2025 £ 10 A

FE, &%, X8
EERTF MR ARG B &R B B E &

J
E-L%M%P\]%‘M%E‘
© &
1%
D = o

HiTst 2%
{

EH—1k

b
Sk EER )

— J PME AR, b TEMR b, SHEOCIIIR, ZJHEH

2 N Rz i 2 DI RRE

I

CP T
Fig.2  Structure of model

P/ I A BRI ROST, I B AR 2 i 174 S AR 4L 3
SR, WA A A MR AR B A . B2, RUGAREE
it 16 B R e b AT AR B S8 A 51T 4E FNR
Al A3 B FUER | (81 5% 25 B AR 0 7E R FFTT AR 1Y)
T ), 12 pe IO 4% B BB AT A 3 5 1 o P {4 i 4 g
FFR 2 et 34 EEER ALY R 2 RELRZ
M2, KA & 3 s .

PR J2 38 2k 1G] A R B ) 4% T
Hi A B A B i R 2 A SCAR T R AR A S0
BRI L) GRS . RS B2 B IOR I 1)
25 [AVERAE , AEAZ I AR EL i P () A 8385 TR R 1
DL R AR 52 0 E  E R ERIE B R
45, 0 TUR A B R A B AR B E R ZARTER W
NPIF R SRS M RIS IS, by Ja S ab B {4t
fAl i A LSS R IE R o 4 A 18 5% 25 B i Ab
FRJE AL 1 x 148 i B #1280,
I8 3 42 Jey - H) s Ak (mean pooling ) ¥f ¢ IF 4] #% 4
S~ 1 280 LAY HFAE ) &
1.3 f#A%=%

RT3 53 PR AR O I R R SCAR Y R S
S AR SORE B R R BRI 1 RS R R s 1

DL

e

Ei'8 =
#a—1k
t
REEBTZ
g —1k
TR AL (ReLU)
t
Rz
#ta—1k
THTEPREL (ReLU)

N ——/

K3 fEERIEEs

Fig. 3 Structure of inverted residual block

SEAE BAE R UG A R SOA 4 I 5 4 7l D e e 2 o
IR SCAS B AR o T] I R A T o PR ) R 1]
HRA A g , 5 AL AR 5 R N 7 B A O Y
Wik, H T Transformer( Vaswani 2§ ,2017) 45338 1
FI 2 ) B REA 280 4 $12 s AP 91 v R B A
WG AT BT AR G ELE BT SO . it AR

3365



3366

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 10,0Oct. 2025

K M4 7 Transformer 45 #4 1) B B Ay fif 45 2% o
BERT (bidirectional encoder representations from
Transformers ) #57 ( Devlin 4% ,2019) H. 4558 K A 1HE X
PRf#BE T, REAEHHE T3 09 B R SUE RRR E Y iE
SAF B o A SCR AT 2R 0 BERT B H8L0H figg i 25 12
st .

TS A A A A AT AR S N AR R A
eyt thAE Rl R SOR I J5 B AR . R, X T
RICA N “phfgsm s TREAE 6 b SR ORI IR, 2K
JE S H g N — T il 2 10 5 DD A9 SR Y AR EL i, Y
B RS U N AR 7R 15 BN IR TR
AR B, JF4 A 51 5 SO L 3B 4h g i g, A
Az LR A AR AT IR B ER R AR S 1 0 UK,
XF 455 prompt 1Y AR R SCAR HEAT 431l b B, 75 3]
(1) token J7 41 Y FEA AR A2 o BT L HHIRALR BAL
i 2 g 2 DA T AL HR g 2 A S R i 4 BR L f
FEPIAF )2 : £k B 5 JJ (multi-head attention) Fl
TR 2% (feed forward network ) , H7 0] 38 15 4% 22 3% 4%
(residual connection) #1JZ H — 1k (layer normaliza-
tion) A . i, 223k BT T B9 2R A4
iy N\ 3 AR Z ) KA OC 2 o TR IR IR K]
IR, R[] P B R F AL 3 7 2 8] ) 45 [
KRF, VLR G G BR R R R SR )7 22 [ 1) 17 SRk
Fo ZEE NPT TR S A ] 2 (8] A T
B8 AR 2 )R B SOE S AR
BN

oK'
Jd,
AP, Q AR I, R M HTiR A R oR ) i Kl
SR B, RO T A TR A 3RO o VO (EAE B T
THRIBGKR NS B4 o d, A sE R A4
U5 01 28 DO 248 05 07 5 1) ] i A7 T TR e
AR, I FE IS AR 1 22 18] )3 ReLU (rectified linear
unit) T PRI, 38 I R R M AR e 3 R A Y
MR BT, M RBAAE S R ) SOARRRAE . il
TE A U IR PG i A () SCAR IR, TP 28 I 2 )22
REAZ UM H S AL Y SR AFAE , T AE A= Bl b Fr B X
— A0, P ZE IRk 22 1 e ] T s AR Y
FEMERINARCR . S 7 A RO ELS ER A SOARE
BOBERFER G R Z 1. BRI EEE
5 SR IR SE UG RRIE 5 SO iy i A

A(QKV) = fo XV (1)

!

I JZ2H—1k

Hi{sE 4%

—
—{ JZ)—k
e

L3 FER S
[ S

RSB BRI, A —
(CLSI i sebmiomens,. || SEPI| O MG AR i, [SEP] X
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Fig. 6 Examples of Dongba painting datasets
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Table 1 Comparison of model image caption evaluation indexes of different encoders

TREAY ZH#/M  BLEU_1  BLEU_2 BLEU_3  BLEU_4 METEOR ROUGE CIDEr
MobileNetV2 8.73 0.603 0.426 0.317 0.246 0.256 0.403 0.599
EfficientNetBO 15.55 0.588 0.410 0.311 0.247 0.251 0.399 0.571
DenseNet121 26.93 0.581 0.408 0.313 0.252 0.249 0.396 0.549
VGG16 56.17 0.554 0.352 0.251 0.187 0.223 0.365 0.386
ResNet—50 90.16 0.606 0.422 0.314 0.243 0.252 0.399 0.545
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M7 (a) (b) AT AL 2], 24 50 Y fige 4 45 25 B
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Fig. 7 Comparison of different numbers of decoder coding layer image caption index ((a) evaluation of accuracy and fluency ;

(b) evaluation of relevance and diversity ; (¢) evaluation of recall rate and coverage ; (d) evaluation of word order and semantics )
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Table 2 Comparison of image caption index between the proposed method and other methods on the Dongba painting testset

inil BLEU_1 BLEU_2 BLEU_3 BLEU_4 METEOR ROUGE CIDEr
ATT + LSTM 0.381 0.104 0.063 0.045 0.178 0.400 0.046
ClipCap(Mokady 5, 2021) 0.497 0.209 0.139 0.104 0.239 0.472 0.142
BLIP(Li%¢,2022) 0.365 0.102 0.054 0.030 0.180 0.361 0.026
OFA(Wang %,2022) 0.066 - - - 0.251 0.191 -
DeCap(Li%%,2023) 0.208 - - - 0.104 0.280 -
CgT-GAN(Yu%¥,2023) 0.372 0.288 0.091 0.033 0.148 0.299 0.038
ViECap(Fei % ,2023) 0.457 0.285 0.185 0.127 0.148 0.308 0.183
MeaCap(Zeng 55,2024 ) 0.119 0.056 0.026 0.011 0.072 0.185 0.014
MacCap(Qiu%%,2024) 0.186 0.123 0.079 0.056 0.083 0.245 0.012
PVGF-DPC(A30) 0.603 0.426 0.317 0.246 0.256 0.403 0.599

T L P SRR S S B A 2R, =7 37 SE U0 Kt 2k LB B AR TSI BR o

BLEU 3

~

METEOR

—— ATT+LSTM -+ BLIP DeCap ViECap == MacCap
- ClipCap -9 OFA CgT-GAN - MeaCap =~ PVGF-DPC

B8 A5 5 Hofth Oy i ik A

Fig. 8 Index radar map of proposed method and other methods
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Fig. 9  Comparison of subjective quality of image description text between the proposed method and other methods on

the Dongba painting testset
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Table 3 Ablation experiment

TEEAY BLEU_1 BLEU_2 BLEU_3 BLEU_4 METEOR ROUGE CIDEr
DBC 0.575 0.392 0.291 0.227 0.247 0.392 0.526
VGF-DPC 0.591 0.407 0.305 0.239 0.247 0.401 0.489
PVGF-DPC 0.603 0.426 0.317 0.246 0.256 0.403 0.599
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