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Video description generation method based on enhanced global-local
feature fusion

Huang Feiyan Zeng Shangyou Qiu Hongyu
(School of Electronic and Information Engineering/School of Integrated Circuits, Guangxi Normal University,

Guilin 541004, China)

Abstract: Existing video description generation methods extract features and feature combinations in a simpler way,
resulting in the model losing some of the important semantic information related to the video description, limiting the
accurate description and understanding of the video content. Analysing the deficiencies, this paper proposes a video
description generation method based on enhanced global-local feature fusion. Firstly, different feature extractors are used
to extract local and global features for the video clips respectively, and in order to model the relevance of different levels
of features (local and global), feature fusion is performed using a feature fusion enhancement network to enrich the
feature information of the model. In this paper, the bi-directional long and short term memory network used by the
decoder is followed by a reconstruction network, which reconstructs the video feature sequences obtained by the encoder
processing, and finally generates the descriptive statements of the video through the long and short term memory
network. Experimental results on MSVD and MSR-VTT datasets show that the model proposed in this paper can
significantly improve the accuracy of the generated descriptive statements.
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REKNFE S, NE1.2TUEL, BEHHT
EFFM iF 17 F#AiF fill A 340 52 £ 58 09 45 R AF 64T cat PFEZ A
25 T4 AR A AR i b B R IR R AE I 4 JR) KRR AE
F RO AT, Ut BR 38 3 fl A Jm) 35 4R AE A 4 JR R AE L T LLAS B
TR K1) AL RE Ty, (5 2 B 45 34 58 ) S v

F1 ETMSVDHEE FEBABERLIIE
#i® BLUE 1 BLUE 4 ROUGE L CIDEr METEOR

1
CIDEr,(c,,S) = — >
n

7

LDR  83.52 52.73 71. 48 83.28 36. 39
GDR  81.60 50. 31 70. 20 79.61 35. 30
FDR  84.71 53.10 72.66 85.95 36. 83
EGLF 85.33 54.87 73.92 87.69 36.71

Fz2 EFMSR-VITHESE FEAREMIEE
Bi#l BLUE 1 BLUE 4 ROUGE_L CIDEr METEOR

LDR 76.28  41.69 61.43  50.79  29.20
GDR  73.03  41.25 55.90  48.51  28.11
FDR  76.65  42.40 61.97  51.10  29.64
EGLF 78.65  43.83 62.20  51.12  29.87
— 6 el S v 7 0 AR
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FAN AT EFFM 2 J5 B EGLF B8, 785 1
METEOR.BLEU.ROUGE-L FI CIDEr ¥E#r #5845 [ UL #F
A TRKBIRTE, F 92 BLUE fl ROUGE_L X M4~ 48
br. Hrp EGLF #BAIZEPI 404 % [ BLUE_4 43 5142
FT L77% M 1. 43%  BABH TN A EFFM W] L) #4504 [R]
ONAFAE Oy 38R 42 J5) 22 [a) A AF S BE 08 5 & B0 1Y) 45
HEAE B, B TR 4 58 FZ AL R 1, DO AR B A o g
)RR A5 4 38 1
3.4 XMLEZWHERSH

A SCHG B 0 2 5 AR R IR AR A MSVD s 4
M MSR-VTT S 4 b b A7 48, 3 23 be 55Ok 56 3 BT $2
TEIA RO AR e, b, AT LU R R
ORG-TRL"Y  \MMI® | DSA-LSTM" [ CSA-SR"" | SGN
(R101 + RNOP  MDT™ | MABVC™ | GSB-CoSB™* |
IATY | C-SeqGANM"Y | SA-VAM | R-ConvED"'™ | STG-
KD' . SAATY | NACF™, DVC-Net™" | Transformer-
LSTM-RL™ . VMSG"",

% 3 M 4 R EGLF 5 Hofth 3 & ¥ 76 MSVD
B A MSR-VTT £ 4 vk fexs bk, Horp — 74 3%
WA AR B . WK 34 ATIE N AT B ey
AR AR S A S JLAR 09 DA TR A R A L, R4S
TVT-Ar 46 A v S B T T 5 O 1 O B 1 1 18 L 22 9 0 & SR i
— R T A SO R O R A st .

®3 EGLF 5SHMEREEE MSVD HiE&E LRI EREXTLE

%l 4Efy BLUE 4 ROUGE_L CIDEr METEOR
ORG-TRL 2020 54. 30 73.90  95.20  36.40
MMI 2020 46.70 65.00  76.80  33.60

DSA-LSTM 2021 49.53 68.93  78.31 34.35

CSA-SR 2021 52.20 72.70  83.40  35.60
SGN (R101+

RND 2021 52.80 72.90  94.30  35.50
MDT 2021 52.00 72.80  92.60  36.50
MABVC 2022 54.60 73.60  95.20 36.70
GSB-CoSB 2022 50.7 72.10  97.80 35.30
IAT 2022 53.80 73.20  92.70  36.00
C-SeqGAN 2023 54.82 71.60  83.40  35.90
SA-VA 2023 53.50 — 83. 30 —
R-ConvED 2023 54.82 71.6 83. 40 35.9
EGLF (A 30) 54.87 73.92  87.69 36.71

3.5 XWEREHESH

Sy T B T 0 b U B AR S AR i % AR RS o T Y AR
ST AR B 3 3 X ARl A A R B ) PR 5 XL X 5
AT AT R B LR S0 B A O R AT 43T A
Sk WAL A &, EGLE, LDR,.GDR,FDR 4 R %
16 MSVD SR F MSR-VTT S0 4E I A= il — St AR
BT AN 5.6 s .
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®4 EGLF EEMEREXE MSR-VITHEE L

B RE X EE
A 44y BLUE_4 ROUGE_L CIDEr METEOR
MMI 2020 39.30 61. 20 44.60  28.50
STG-KD 2020  40. 50 60. 90 47.10  28. 30
SAAT 2020 40. 05 60. 90 49. 10 28.2
NACF 2021  42.00 — 51.40  28.70
SGN 2021  40.08 60. 80 49.50  28.30
DVC-Net 2021 41.80 60. 10
MABVC 2022 43.80 60. 20 52.50  29.60
Transformer-
LSTM-RL 2022 42.00 62. 00 54.20 —
VMSG 2023 41.00 60. 80 49. 00 —
SA-VA 2023 43.20 — 51. 30 —
EGLF (A&A30) — 43.83 62.20 51.12  29.87
AR |
v B <
P oAfyaoleLi trlnan is making a ghost costume out
LDR A man is drawing on a sheet.
GDR A person is drawing a face on a sheet.
FDR A boy is drawing a picture on a cloth.
EGLF Ayoung man draws on cloth with sketch pen.
(a) =1 1
W B
Z{EM) | A fat man eating breads in his kitchen.
LDR A man is eating bread.
GDR A man is eating something,.
FDR A man is eating a piece of bread.
EGLF A man is eating bread in his kitchen.

(b) 7RHI2
Bl 5 BREIAE MSVD 84 £ b A B A 7= 4 % e

M S XL Z5 SR AT L B AR SCHR Y EGLE B RS, 4
FE T LA 3 AN ASERY T L R o 1) i 3 O B
M4 AEE L B 5 (), EGLF G848 i 5 i 58 B A5 % 4
(“young man”) I (“pen”) ., T LUK Ui B9 i ik B br X 4 fif
Fi“pen” X A~ T EL AT 42 1 , T A 2 fA7 B A 37 3R 7 42 7 i3
W EGLF BRI BB UM A BEIE B 2 a5 8. A
$EH Y EGLF #5880 A0 LT HoAh 1y 3 A8, mT LB o v
B AL R BE AR G B BR R 52 BT A A 3R BT L B 5 (b) R, W]
VIWERR 2 B bR 6 5 09 Ir b 1) 3R 858 (“kitchen™) , B0 9F T 4
SCHR Y EGLF BERURAY A5G 1 42 R 5 B - 3 RE S 1 R
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mm}#& \7 "
BB two players are fighting on stage to win a wrestling
match.
LDR two men wrestle in a competition .
GDR two men wrestle in a competition .
FDR two competitors wrestle on the ground .
EGLF two men are fighting on stage to win .

(a) Rf1

L AT P i e |

A basketball game is going on between two teams
wearing red and white .

LDR Basketball players are playing basketball .

GDR An nba basketball game .

FDR A basketball team is playing a game .

EGLF A basketball game is going on between two teams .
(b) 62
B 6 B MSR-VTT BUE4E b AR s IR 7R B3] 1L

HRTEEPSH

MIEL 6 FTLLE A SCH B9 EGLF BERY A 1L T 0%
fl iy 3 AT, B A% T 0 OC 1 ML R B A R 1R M
B B 6 H, T LIHER 1R “win”, A 2 H 2w
A “wrestle”, ULEH EGLF £ 5 5 H At 3 />R (1 1 A
THAIAH LG X2 B SCfF BRI IR, A SCHR
19 EGLF #E81, w] LUAE BUBE i 3= iR 5 4], B 6(b)
i, H Al AR B A “play basketball”, {H & EGLF #
AU i 38 HJEFE “two teams” ., T A J& AU AL A& “play
basketball”, i8] EGLF B 5 Aty 3 A58 i) 1 34 17 A)
AHEG  FEF IR DT Bt 3 5 BE b Emg i — 5%

T8 b AR WA AR AR B R s 6T B b T RLA I
A SCHR Y EGLF B8, Joi 2 46 B — 1% 30 3 5t i 2
TERBIE 2 AN E 243 5, EGLF # A AE gl B 2R 4
IR B g R HLE ARG AR R ST

& it

AR ST SRR R A BT 55 B R T — Rl TSR 4
Jai-JE T AR AE Rl A AT A A B . 2O iR AR R
AR 5 4 R AR AT RE 78 43R R R 4 R RRAE (Y
MBS DA T PR 2 OGS B . N T @R R 40
FRAE A 60 L B2 0 RR A 19 22 35 BE 7 . R T AR 1IE il 45 14
W28 AT RRAE L & . SRR AT T — FR 5 1 52 50 R BEA
UGAIE T AR SCH Y 7 5 A8 MSVD #1835 45 1 MSR-
VTT #6410 st fe i

B 1840000 8 A5E A T 22 0 T B 5 T L B R A 42
BRLI) ] L, A SF (W BIF 58 7T LA — 25 3R 3R AT &5 5 AL 58 AN i
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