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Abstract: To address the problem of insufficient detailed semantic information in current global features-based
image captioning models, an image Chinese captioning model combining global and local features is proposed.
The proposed model adopts the encoder-decoder framework. In the coding stage, the residual networks (Res-
Net) and Faster R-CNN are used to extract the global and local features of images respectively, improving the
model’s utilization of image features at different scales. A bi-directional gated recurrent unit (BiGRU) with
embedded visual attention structure and residual connection structure is applied as the decoder (BiGRU with
residual connection and attention, BIGRU-RA). The model can adaptively allocate image features and text
weights, and improve the mapping relationship between image feature regions and context information. Addi-
tionally, the reinforcement learning-based policy gradient is added to improve the loss function of the model
and optimize the evaluation criteria CIDEr directly. The training and experiments are conducted on the Chinese

captioning dataset of Al challenger. The comparative results show that the proposed model obtained better
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scores and the generated caption are more accurate and detailed.

Key words: image captioning; bi-directional gated recurrent unit; visual attention; reinforcement learning; resid-

ual connection
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R1 FRKBEEITED LR

s AE B B BLEU-1 BLEU-4 CIDEr
Base X ox x 0.733 0.463 1.837
Base L v x 0.745 0.468 1.840
Base R x A x 0.751 0.476 1.857
Base P X x J 0.742 0.471 1.864
Base LR d \/ x 0.787 0.482 1.891
Base LRP \ 0.791 0.487 1.920

TE. MR RRESIT.

2 PR AR SO 5 Y i 32 AR A A S
XFEE. Horh, NICUMdi ] GoogLeNet 42 HU R FFE,
fliFl LSTM fE M i 5 A i R, Adaptivel ™ 7E
LSTM fif i &% h fit H A3 38 1 /9 3 & J1 HL
LSTM-AMOMifi I 22 52 f51] 2 > 42 B P 15 1k 4R AE
IR PR AEVE ) LSTM R 46 i A ; Up-Down!'”
fii FH Faster R-CNN 42 FUEZHRAE, fifiH 2 )2 LSTM
ERmEFEA, JF5l Al LW MERI,
ILAM!"SER ] Incepresv2 1E M4 &s, KA LSTM
YE Rt ds, JEmMAEZPLRIACIZBh T, FEE
G SCEE A T SE 5. BIGRU-RA 7R A SO
A, HH, NIC, Adaptive, LSTM-A, Up-Down F5
E J5 06 SR 3808 S SCEOE AR . e SCORT R SO
R E X GNE Tl T EE AR, 50— a) 0
RS B ] 23 A8 B T, S SR R R Ar 1 R
word2vec, M HF 3C7E 43 1A B B A w LA — S 1R 41
RS TE. FEXT S g, DL AR AR H [ —
A SCEESE, SR jieba 43R T BN} SCA AT Y]
7. TEAHRIRIIAREE T 1T 4k, 1928500045

R2 FRHERBITES LR

Y METEOR®!  ROUGE L CIDEr
NIC 0.380 0.612 1.603
Adaptive!™ 0.392 0.631 1.735
LSTM-A 0.396 0.673 1.810
Up-Down!'”! 0.407 0.701 1.852
ILAM!S! 0.412 0.688 1.848
BiGRU-RA 0.413 0.709 1.920

TE. HERR BT

3.5 XA

FH% 1 AT, AAL RO A SR SR | 3R 25 4
RN 5, A RERRERTE. mE2mT
I, ARSI A IS0 3 T T, Hih METEOR
34324 0.413, ROUGE_L 13434 0.709, CIDEr 443
A 1.920. 5 Adaptive BIFEUA L, AR SO HRBLRLY)
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RIrhim AsR 2R 8] T — B, T LA i
Do) £ J2 088 i A ok B AN AR B BRI L 5
Up-Down HRIAH L, A SCHEAEIE) CIDEr 134348 F
B R, DR SR W A B AN Ak 45 2K pR BCRT LA LE
B SR AL S B AL AE b, A5 1578 1 (B 1%
R ae P T, MR m I . 5
ILAM SRR [, ASCHAYH) ROUGE_L Al CIDEr
3 AR 3.1%F0 3.8%. S{#i FHEA)2 LSTM 1k
Rt g ) NIC F1 LSTM-A BRI, A SCrde
RV R I, YW BiGRU MZ4E K
Ff A e 1T LG RN (74K H0 4 i ] 2t

T HE— A AR Y AR R AR 1 R G BE
T HCI A ) RS kA7 6 FE S5 0 B [R5
S AE AR AT AN R 9 BT, RN Y 6 I RIE
WE T ARG SEAARE R B A5, s bR
() A5 8 A ol 1) A5 3 SCAS T 0, AR ST R ABE TR ()

NIC: 1/ A 7EE B [

Adaptive: ZIMTINFERBRRMA
LSTM-A: INFE B AR RGNS /ES H
Up-Down: | EHINAFERSE

AR HEBREANSH -EIMREETH
ANTEWE

Adaptive: B} FA2MNA

TEHER

a. il

b. G

NIC: ERA RN A
Adaptive: 7 1 RS A1 AFERESE

NIC: A2/ ATEFTER
Adaptive: &= NF 2 ATET i
LSTM-A: ENA2N ANFEH 3
Up-Down: $£ & B2 ANFEFT%
A BB LR BELREN I NS
21

LSTM-A: /K A 14 AFI1

EARE/NESEY R T
d. 4
&l 9

NIC: F2 AUE7ER L |

LSTM-A: i28h3 E B2 ANFEB 3R
Up-Down: iz33 A 245 N IEZEB R
AR BB PN FEARFEBRKHE A

Ay
Up-Down: J&F B 1N AFI1 R ASH7ER
A3 Pl B R ENA I FE AR

e. S
AN TRV TR A Bl () il AR 1A X L

WRCR A, TR AERG | S AN EOh A AR
FHg S AR AR Z E B R EE R, 72K 9a
Hh, ASCEEBUAURE IR B R LA 1 A AAEH
T, RSP g A, anem Hhdhg”,
2R A IR SCAR L R A2 3. (EIE] 9b v, &
SRAT 3 AKX LUBEBUARRES I AT 2 S ATEBIER, H
AR SRR R B R Bk EAT 2 D E AT
ERACHY 5 NAEHBR, <50 3 AR BRAC LR i Bk
HRERBLH R An 1 {5 6. 72 9d i, NIC #E 7Y
AR IR AT 2 A ANAEATER, (HSEBs 1) 2 4
NTEHEAT F 7 LUAE, AR SCRERL RE S il ik Hh i 5
FALNEERENIENEATESL, KK THES
AL SE B PEAR B, DEUTR AR P AL B B e
AR 0T PR B0 8 T 3 A A 6 AR A B 4R T A
M. TEE 9, ARSCRERIA AL BEAS M6 M- 50 H
PG A, BIVNZFIS, 6 BEFR A H AR 1H]
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B A G A R T ) o R A 2 A B P Y

NIC: A1 AZEKE
Adaptive: KT FA& 17~ AZEHRK
LSTM-A: A I AZEK B
Up-Down: kit LA 14N AZEEDK
A INEFE WK R ARG LYK

TEBRk

2 c. 3

NIC: ENA3INMALE
Adaptive: 3N ATEFL IR R AL E
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