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Python 3.7.13
PyTorch 1.11.0
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Vanilla TecoGAN 2.5 30.75 0.0901 0.2677
Pruning model #1

. 2.2 30.34 0.0836 0.2605
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(Residual network 3)
Pruning Model #3
runing oce 1.3 2978 | 0.1020 | 0.3434
(Residual network 1)
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