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Chained semantic generation network for video captioning
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Abstract: Aiming to address the unsatisfactory expression ability of semantics, which results in inaccurate
text descriptions in video captioning, a chained semantic generation network (ChainS-Net) for video cap-
tioning is proposed. A multistage two-branch crossing chained feature extraction structure is constructed
that uses global and local domain modules as basic units and captures the video semantics from global and
local visual features, respectively. At each stage of the network, semantic information is transformed and
parsed between the global and local domains. This method allows visual and semantic information to be
cross referenced and improves the semantic expression ability. Furthermore, it allows a more effective se-
mantic representation to be obtained through multistage iterative processing, thereby improving video cap-
tioning. Experimental results on MSR-VTT and MSVD datasets show that the proposed ChainS-Net out-
performs other similar algorithms. Compared with the semantics-assisted video captioning network,
SAVC, ChainS-Net shows average improvements of 2. 5% in four metrics of video captioning.
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Tab.2 Performance comparison on MSR-VTT dataset

Method B-4 C M R
MTVC ! 40.8 47.1 28.8 60. 2
CIDEnt-RLE! 40.5 51.7 28.4 61.4
SibNet'! 40.9 47.5 27.5 60. 2
HACA®! 43.4  49.7 29.5 61.8
TAMOoE™ 42.2 48.9 29.4 62.0
POS! 41.3 53.4 28.7 62.1
MARNC 40. 4 47.1 28.1 60.7
JSRL-VCTE 42.3 49.1 29.7 62.8
GRU-EVE™ 38.3 48.1 28.4 60.7
STG-KD™! 40.5 47.1 28.3 60.9
SAATH! 39.9 51.0 27.7 61.2
ORG-TRLM 43.6 50.9 28.8 62.1
SAVCH 45.8 53.2 29.3 63.6
ChainS-Net 48.2 53.8 30.0 64.5
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SAVC: a woman is singing. SAVC: p person is opening a box.
ChainS-Net: a man and woman are singing. ChainS-Net: a person is showing a bag.
GT: aman and a woman are singing on the beach. GT: a person shows off a wallet.

(©) (d) g
SAVC: aman is cooking a dish in a bowl. SAVC: aman is driving a car.
ChainS-Net: a woman is mixing a ingredients in a bowl. ChainS-Net: a man is driving a car in a video game.
GT: a woman mixing various ingredients in a bowl GT: aman is driving a car in a video game.

together.
© ® > -

SAVC: aman is shooting a gun.
ChainS-Net: a group of soldiers are fighting in a war.

®3 MSVDHERERBMERE XL

Tab.3 Performance comparison on MSVD dataset

Method B-4 C M R
LSTM-E® 45.3 31.0
h-RNNE 49.9 65.8 32.6
aLSTMs™! 50. 8 74.8 33.3
SCNM 51.1 77.7 33.5
MTVCE! 54.5 92.4 36.0 72.8
ECOM 53.5 85.8 35.0
SibNett*” 54. 2 88. 2 34.8  71.7
POS!™ 539 91.0 349  72.1
MARN™ 48.6 92. 2 35.1  71.9
JSRL-VCT™ 52.8 87.8 36.1  71.8
GRU-EVEY 47.9 78.1 35.0  71.5
STG-KD™ 52.2 93.0 36.9  73.9
SAAT™ 46.5 81.0 33.5  69.4
ORG-TRL™ 54.3 95.2 36.4  73.9
SAVCH 62.4 109.7 39.0  77.0
ChainS-Net 65.6  122.4 42.3  79.9

[
,_/Al/( ’._/:

e

"'lﬁ gD
’A .

SAVC: a girl is laying in bed.
ChainS-Net: a girl is laying in bed and knocking

BT BUASHS  nT Ak &5 S %) L

Fig. 11 Comparison of video captioning results
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