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Comparison with state-of-the-art methods
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View-LSTM vs. VA-LSTM
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| Model Modalities SSIM M-SSIM PSNR  M-PSNR
. dl, sl 821 972 23.18 29.70
View-LSTM ;" g 833 975 2344 3035
dl, sl 830 976 23.78 30.89
vA-LSIM d/, S 845 980 24.50 31.70
R Method SSIM M-SSIM PSNR M-PSNR #param
View-LSTM | .821 972  23.18 2970 (14.36 +2241)M
+AdaIN | .862 978 2471  31.15 13.70 M
£ +branch | .851 979 2414 31.63 1547 M
=+ conv 847 979 2442  31.65 13.83 M
842 979 2437  31.63 13.70 M
aul s Edge-loss

PCK

Method Cat.|¥;,; Modality SSIM M-SSIM PSNR M-PSNR FVD | L, .  °O o Precision Recall F1
PG? o |CNN & 582 954 1690 2587 1184|1091 978 747 144 881 128 224
PATN 2 |CNN o 534 948 1624 2455 1311|1168 980 69.7 102 884 .1  17.8
XingGAN = |CNN _ ¢,5 445 933 1332 2329 1447 (2641 896 178 .01 845 1 .
VDNet = |RNN a5 821 972 2318 2970 578 | 437 993 924 512 910 553 687
Baseline S |CNN g 813 965 2282 2787 528 | 580 99.4 89.4 415 [1925 1 306 460
£ |RNN" o 93 - 2907 - - - == - - - -

RENet S |RW 4, - - - - - - - - - -
RNN  d/ 887 977 2576  30.68 414 | 413 994 930 534 917 566 700

GTNet E |CNN 7/,8/,d7 823 981 2381 3250 496 | 395 995 930 57.6 923 527 671
VANet(motion) | 5 |mnn Shd 845 980 2450 | 3170 [3631[12870 995 (95516771 OL1 169911791
z d 862 978 2471 3115 370 375 994 931 586 919 583 713

VA-Net (refinement) [E - - 895 979 25.48 31.36 367 | 346 99.6 943 594 91.2 65.3 76.1
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Pose estimation results
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1. Introduction 1(2. VA-LSTM )
Goal
* Generate a video of human motion from a different view-point | |, Target-view learning (@ b
i’" ’ through Conv-LSTM X} P
. 9)
Approach e DG (D—( . &
* Motion learning §/ + Incorporates the texture- | & [J= 5 1< 2 ) p— late, —
through texture-less representation less representation 2 I
:' Feature Loss E d’ . i e W
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Applications
« data augmentation I )
4 . _ )
3. View Adaptive Network (VA-Net)
* VA-LSTM for target-view feature approximation
« Two-stage pipeline for synthesis and refinement
Motion network:
« Separate foreground and background synthesis
« Foreground feature estimation using the
teacher-student approach (see Sec. 3)
Refinement network:
« UNet-like network to retain spatial information
« Use explicit edge-loss (Sobel-filter) penalization
to encourage high-frequency details:
Lo =||Cyxx/ — Cyx#/ ||+ ||Cyxx) — Cy %5/ ||
\ _J
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