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Video Description Generation Method Based on

Latent Feature Augmented Network
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(School of Computer Science and Technology, Wuhan University of Science and Technology ; Wuhan 430065, Hubei, China)

[Abstract] Video description generation aims to use natural language to describe objects and their interactions in
videos. The existing methods“do/not fully utilize the spatio-temporal semantic information in videos, which limits the
model's ability to generate accurate descriptive statements. To this end, a Latent Feature Augmented Network (LFAN)
model is proposed for video description generation.Different feature extractors.are used to extract appearance, motion,
and target features, thereby fusing object level target features with frame level appearance and motion features.
Concurrently, the fused different features are enhanced. Before generating descriptions, graph neural and long short-term
memory networks are used to infer the spatio-temporal relationships between objects, thereby obtaining potential
features with spatio-temporal and semantic information. Finally, a decoder using both a long short-term memory
network and a gated loop unit is used to generate a description statement for the video. This network model can
accurately learn object features and guide the generation of more accurate vocabulary and relationships with objects.The
experimental results on MSVD and MSR-VTT datasets show that the LFAN model can significantly improve the
accuracy of generating descriptive statements, exhibiting better semantic consistency with the content in the video. The
BLEU@4 and ROUGE-L scores are 57.0 and 74.1 onMSVD, respectively,and 43.8 and 62.1 on the MSR-VTT dataset.

[Key words] video description generation’; latent. feature augmented network; spatio-temporal semantic information;

graph neural networks;feature fusion
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Table 1

FEMSVDFAMSR-VITHIEE P FAREE KL R

Experimental results among different models on MSVD and MSR-VTT datasets

- S AE MSVD ¥4 4 MSR-VTT i %
ik
Context Motion Object B4 M R C B@4 M R C
RecNet InceptionV4 — — 52.3 34.1 69.8 80.3 39.1 266 593 427
PickNet!'®] ResNet-152 — — 52.3 33.3 69.6 76.5 413 277 59.8 441
MARN? ResNet-101 C3D — 48.6 35.1 71.9 922 404 28.1 60.7 47.1
OA-BTG?! ResNet-200 — Mask R-CNN 56.9 36.2 — 90.6 414 282 — 46.9
GRU-EVE®" InceptionResNetV?2 C3D YOLO 479 350 715 78.1 383 284  60.7  48.1
POS+CG!™? InceptionResNetV2  OpticalFlow — 52.5 34.1 71.3 88.7 420 282 61.6 487
RMNE! InceptionResNetV2 13D Faster R-CNN 546 365  73.4 944 425 284 61.6 496
STG-KD™ ResNet-101 13D Faster R-CNN 522/°.369 739 93.0 405 283 609 47.1
SAAT!! InceptionResNetV2 C3D Faster R-CNN 46.5 33.5 69.4 81.0 405 282 609 49.1
ORG-TRL™ InceptionResNetV2 C3D Faster R-CNN 543 364 739 952 436 288 62.1 509
SGNZ! ResNet-101 C3D — 52.8 355 72.9 943 408 283 60.8 495
Open-Book¥ InceptionResNetV2 C3D — — — — — 428 293 617 529
LFAN InceptionResNetV2 13D Faster R=CNN 570 369 741  100.1 438 288 62.1 502
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Table 2 Results of ablation experiments using

different graph neural network modules

‘ MSVD MSR-VTT
WIREN

B@4 M R C B@4 M R C

Baseline  50.6 353 72.1 903 41.1 27.9 60.5 47.1

LFAN-GNN 537 36.0 72.6 96.1 42.9 28.1 609 49.0

LFAN-DG 55.6 363 734 973 435 283 615 496

LFAN 57.0 369 74.1 100.1 43.8 288 62.1 50.2

*3 EAREBEAENHBEIEER
Table 3 Results of ablation experiments using

different decoding methods

} MSVD MSR-VTT
WIRIN
B@4 M R C B@4 M R ¢
LFAN-LSTM 55.8 364 734 97.5 434 284 60.9 495
LFAN-GRU 53.6 352 732 989 435 283 614 493
LFAN 57.0 369 74.1 100.1 43.8 28.8 62.1 502

NF 30 LLA AR SO 3 R B LSTM Al
GRU 1 LFAN b K Lt 5l FH JH: v 104> i i ik 1Y)
PR BE T 4F, 7 10 A 5 1k 5 LFAN-LSTM A Fb 1A
FORAMAT R TR X FE A IE T A SOk T vk B
B
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Fig.3 Example analysis of LFAN generation description
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