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Abstract

In response to the issues of high computational complexity, slow inference speed, and potential dif-
ficulty in achieving expected results in some application scenarios that require high real-time per-
formance or limited computing power for the Wav2Lip model, the paper proposes a method based
on global channel pruning, using three different pruning ratios to perform global channel pruning
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on the Wav2Lip model and compare them, the experimental results show that the global channel
pruning scheme proposed in the paper successfully: 1) improves inference speed; 2) Reduced the
size of the model; 3) Maintained or improved the effect of the generated image. This solution can
achieve efficient and stable inference performance while reducing computational costs.
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Figure 1. The generator structure of Wav2Lip model
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Figure 2. Convolutional and BN layers of facial and audio encoders before pruning
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Figure 3. Distribution of BN layer gamma values before and after sparsity during 51000 training steps
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Figure 4. Distribution of BN layer gamma values before and after sparsity under different training steps
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Table 1. 50% pruned facial encoder network structure

= 1. 50% R FRHY A R 4mAD 28 P 4B 454

Operator (Kernel, In Channels, Out

Layer Input Size Channels, Residual) Stride Padding
1 - (depends on input) Conv2d (7 x 7, 6,8) 1 3
2 96 x 96 x 8 (96 x 96 x 16) Conv2d (3 x 3, 8, 16) 2 1
2 48 x 48 x 16 (96 x 96 x 32) Conv2d (3 x 3, 16, 16, True) 1 1
2 48 x 48 x 16 (96 x 96 x 32) Conv2d (3 x 3, 16, 16, True) 1 1
3 48 x 48 x 32 (96 x 96 x 64) Conv2d (3 x 3, 16, 32) 2 1
7 1 x1x256(96 x 96 x 512) Conv2d (1 x 1, 256, 256) 1 0
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Table 2. Comparison of model size, inference time, FID, LSE-C, LSE-D performance under different pruning ratios
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BIRLLG/% B K/INVKBY HERRS []/SY FID| LSE-C?} LSE-D|
0 425,594 13.20 56.85 5.2963295 10.929478
20 401,837 7.87 53.92 7.9609256 7.93514
50 106,811 4.59 47.47 7.220083 8.572339
75 27,318 3.7 111.63 0.24874306 18.790245

TELR EEH IIGOL T, BAVEH VU TKA F G EBHGHEATHER . 4] S(a)(b)/r Al 7R 1 1E S FI T I P ol
RET, REAAFEBI GIRHATHEE R A IR . FEIRE TN, 1E 20%F 50%H 8B LUy, A2 Rl 518 [F)20
NI GRS R AE R OREE T M B o — B0, JUPBE A B IR AR BT 2 (R A 2 5, hTE
TS%MIBTAL LE BT, A R B, AR EFERAET, BN e 7 ARG O
RT LRE, BURC LUK, B RS i bt OR B8 T AN U (9 EL AR B2, T BE & B AL LU R, SR
IR FERE M R, SEOS AT RS E ARk, 7E 75%M B LU, B e R i, #—50h, &
AR RS T 00 Vs i B HEAT 7 /0. BEAG SAL L@ B3 hn,  JFERAS T A 6 41T i s, e
& T5% B RE LB, G (AR R 5E A AN T Mo (RME AR RIS, T8 S0%BYRCLLEI R, 14 ik i F B AR
Fr, H5RIGARLIIBAMLZ R AR K. i, 50% LA R B RE ELBs 25 DG 4n 55 i s2ma s/ .

-
EHZO% Ea
W 50% a’
-
-
W 75% -
E-J [3
() WJE

DOI: 10.12677/csa.2025.155133 612 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.155133

TREEAR %

B E50% u |
WK 75% u

(b) &

Figure 5. Inference results under different pruning ratios
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