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[ Abstract] Due to their powerful sequence modeling capabilities, Transformer-based image captioning models have
demonstrated remarkable performance. However, most of ‘these models typically utilize region visual features to
perform encoding and decoding, which cannot fully us¢ the fine-grained information of the whole image, and this
leads to visual feature confusion. Accordingly, wesinttoduce panoptic segmentation into the Transformer-based
image captioning model by replacing the region visual'feature with mask visual features and propose a novel image
captioning model based on multi-visual-feature fusions=Our model not only disentangles the region visual features
effectively but also makes use of both mask,and grid visual features to improve image captioning performance. We
perform quantitative and qualitative experiments on the MSCOCQO dataset, which demonstrate that our method
significantly outperforms existing Trans{ormer-based image captioning models. In addition, our model enhances the
interpretability of the caption generation\process, and more specifically, achieves CIDEr and BLEU-4 scores of
138.5 and 41, respectively.

[Key words) image underStanding; image description generation; panoptic segmentation; feature fusion; visual
encoding
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AR ) CIDEr 4848358 T fe @ 9 138. 5,
5HBT AL MRLE Pure T-Swin AH L, A< SCH D 35
4 7 W 4 9 BLEU-1, BLEU-4, ROUGE-L i

CIDEr #8 #3, METEOR #1 SPICE 43 %% W& I T
PureT-Swin, SCHE55R, ré 77 (il 1 4 5047
AR VR AL R AE , BB AT R T G A b
A= A VERA B, AR A A T A B T R R AR A
X4 X SRR I 7V
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Table 1 Comparison results of models performance

TR B1 B4 M R C S
ORT 80.5 38.6 28.7 58. 4 128.3 22.6
X-Transformer 80. 9 39.7 29.5 59.1 132. 8 23.4
M2 Transformer 80. 8 39.1 29.2 58.6 131.2 22.6
RSTNet 81.8 40. 1 29.8 59.5 135.6 23.3
Dual Global 81.3 40. 3 29.2 59.4 132. 4 23.3
DLCT 81.4 39.8 29.5 59.1 133.8 23.0
RAS-FSG 81.3 40. 0 29.6 59. 2 134. 3 23.0
PureT-standard 82.0 40. 3 29.9 59.9 137.5 23.8
PureT-Swin 82.1 40. 9 30. 2 60. 1 138.2 24.2
ARSI 82.5 41.0 30.4 60. 2 138.5 24.1

3.4.2 FEMEXT AT

R T HE 255 BT A S oy EN R AR AE 1 A 5
P 4 bR Transformer BERVFIAR SO 24 A 4R
WAIEAT T X o ARifE Transformer 7L {#EH]
T Faster RRCNN $2 U HARFHIE . TR Lo B
S 14 B FH BRI AR SO A A SR T FRARHA bR
ice ATLAE S IR B S — A T Rl fe T &5ty
E REMERERA X A P Y 3 AN AR RN E R A B
FHEATHER A S A U E R 2R, T bR

B [fero det 2N
114 v IORE

———

Transformer 7SRRI FH 43-#) B ARRAE A B
s R] . ZESE AT A R R S S 2 ]
FEAEE S [0, A ifE Transformer B HIE T ST R
BLAES R DG, T804 B T A IE A ) 53] < L7
FHELZ N AR EA T 2 B AL “A )7 3
LTI BT B A0 8 B, AT AR B T IE A A9 B ] <A
T e R AR SO R R A ROR FH 4 5y
FE RSN o 4 1A R s B B 15 8 A AL
G TSI AL

Transformer: A group of young men
standing next to each other.

Ours: three young men standing next to
each other holding cell phones.

GT: Three young men looking at a cell
phone.

.| with a fork.

Transformer: A piece of cake on a plate

Ours: A plate with a piece of cake and a
spoon on a table.
GT: A bowl with a piece of cake in it next

ﬂ

to a spoon.

& 4

#r4E Transformer 12 F0 K SLAZEY 4 pY RO $ 34 35 EE

Fig.4 Comparison of descriptions generated by the standard Transformer model and our model

R T G M Tk AR SRR A B B ] 3 R A T A
e, SCge it T B e — M A 2 00 T AL
H, [ 5 g TR IR AR G AR P R AR 0 AR ARy
TERE R I RGE rT AL ZE R . n] DL B, A SCASE Y
TERZHUE T HEA T LR HE T A RE DG BRI A
S X B, 244 B “man” ., “bike” 1 “train” 25 44

TRV S SRS I 5 0 AR T B AR A OGBS
FATRVRE G 1) PG DI, #E A VSR A I A A
JE PO T T ST bR SORH O X 2 AR AR B
DU BB S BUAR B AN AT B T A M R A T
ARG, SERRE R — PR T TSR A B
Ry R e
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riding bike

next train <eos>
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Fig.5 Attention weights based on mask visual features and grid features

¥RAE N SF . Swin 278 Swin-Transformer ‘B 1+ ¥

3.4.3 JHELSLE

TEHE RS2 43 5% ResNet101, ResNet152
F Swin-Transformer 45 BOIIAE FEAE 47003, LA
USRI 4 v B A AR 5R 2 B s, R101 A
R152 435l # 78 ResNet101 F1 ResNet152 B 4%, 5
SR TR 14 R TXT R 14X 14 [ A%

2 M KR A 5o BRI ERE ., AT LUE R
PLSEAFAE BEAS . 35 B2 T I T A% R AiE B B R PE g
1E R101 (7). R101(14),R152 (7) Fl R152 (14) 3%
s N = i - S S NG [ I S (1) =
CIDEr fE P FR bR o0 48 785 17 7. 4.9, 4.8, 50

x2 BMEAXFESARMEHEME F4THEIERE

Table 2 Models performance under the fusion conditions of mask visual features and different grid features

5L B1 B4 M R C S
R101(7) 78.6 36. 7 28.0 57.1 123.4 22.0
R101(7)+M 81.1(2.54) 39.3(2.64) 28.9(0.94) 58.7(1.64) 130.8(7. 4 4) 22.8(0.84)
R101(14) 78.5 36.5 28.0 57.0 121.3 21.8
R101(14)+M 81.0(2.54) 39.0(2.54) 29.0(1.04) 58.6(1.64) 130.7¢9.44) 22.9(1.14)
R152(7) 78.7 36.8 28.2 57.3 123.0 22.0
R152(7)+M 81.4(2.74) 39.5(2.74) 29.000. 84) 58.9(1.64) 131.5(8.54) 23.0(1.04)
R152(14) 78.0 36. 4 28.3 57.2 123.3 22.3
R152(14)+M 81.3(3.34) 39.9(3.54) 29.2(0.94) 59.0(1.84) 132.8(9.54) 23.1€0.84)
Swin 81.6 39.8 29.9 59. 6 136. 4 23.8
Swin+M 82.5(0.94) 41.0(1.24) 30.1€0.24) 60.2(0.64) 138.5(2.14) 24.1€0.34)
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9.5, HAEEME, R Swin-Transformer 1%
SIS R B A RS R AE , (AR S vk g g itk — 2
BES T AL FRAE L 8% CIDEr $8bRr45 203271 2. 1,
S S5 R — AR SE T A SO B U 4 S AL
SAE 5 AR AR E A A 2k
R T 5 M UG AR Ty R AT AR
SRR IR ] Swin-Transformer 4E 4 -+ ¥

AR BURASILSERAE . O T #E— 25 HUA F AR AGI R
EFI 450 FI AR Z 18] 1 22 57 (] Faster R-CNN
SEUR) HARFFIEAIA SO i S BRI A R AR 2R 1 7 4
RYEREXS . Wk 3 s (Hrp F 38R Faster R-
CNN F2 ) DB AR o AR SCHE IR HE 5 ik 0 18
JETE AR IL 25 AR AR A Rl 5 1 0 T P REAT
DT F bR DAL  UEW] T AR A L A L3

R3 HEEM RS B AR KGR X 5 4 1 BE B9 220

Table 3 The influence of mask visual features and target area features on descriptive performance

Y B-1 B4 M R C S
F 79. 8 38. 4 28.6 58. 4 128. 6 22.6
M 80. 1 38. 2 28.9 58. 4 129.0 22.8
R101(7)+F 80. 4 39.0 28.9 58.7 12903 22.8
R101(7)+M 81. 1 39.3 28.9 58.7 130. 8 22. 8
R101(14)+F 80. 6 39. 1 28.8 58.7 129. 3 22.6
R101(14)+M 81.0 39.0 29.0 58.6 130.7 22.9
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