
E.4 Additional results on mode-covering/mode-seeking study

The mode covering and mode seeking behaviors discussed in Figs. 2 also exist in the real image case.
For illustration, we use the Stacked-MNIST dataset [66] and fit CT in three configurations: normal,
forward only, and backward only. DCGAN [49], VEEGAN [66], PacGAN [71], and PresGAN [72]
are applied here as the baseline models to evaluate the mode-capturing capability.

Table 6: Assessing mode collapse on Stacked-MNIST. The true total number of modes is 1,000.
DCGAN, VEEGAN, and CT (Backward only) all suffer from collapse. The other models capture
nearly all the modes of the data distribution. Furthermore, the distribution of the labels predicted
from the images produced by these models is closer to the data distribution, which shows lower KL
scores.

Method Mode Captured KL

DCGAN [49] 392.0 ± 7.376 8.012 ± 0.056
VEEGAN [66] 761.8 ± 5.741 2.173 ± 0.045
PacGAN [71] 992.0 ± 1.673 0.277 ± 0.005
PresGAN [72] 999.4 ± 0.80 0.102 ± 0.003

CT 999.07 ± 0.162 0.181 ± 0.003
CT (Foward only) 999.18 ± 0.9 0.124 ± 0.003
CT (Backward only) 192 ± 1.912 9.166 ± 0.06
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Figure 14: Visual results of the generated samples produced by DCGAN, VEEGAN, PacGAN,
PresGAN, and ACT-DCGAN on the Stacked-MNIST dataset.

We calculate the captured mode number of each model, as well as the Kullback–Leibler (KL)
divergence of the predicted label distributions between the generated samples and true data samples.
For Stacked-MNIST data, there are 1000 modes in total. The results in Table 6 justify CT using
only forward or using both forward and backward can almost capture all the modes, thus we do
not suffer from the mode collapse problem. Using backward only can only encourages the mode
seeking/dropping behavior. Fig. 14 provides the visual justification of this experiment, where the
observations is consistent with those on toy datasets: if we only apply forward CT, the generator
is encouraged to cover all the modes; if we only apply the backward CT for optimization, we can
observe the mode seeking behavior of the generator.

23



E.5 Additional results on image datasets

(a) CIFAR-10. (b) CelebA. (c) LSUN-Bedroom.
Figure 15: Analogous plot to Fig. 5, with additional generated samples. Top: samples generated with CNN
backbone; Bottom: samples generated with ResNet backbone.

(a) CIFAR-10. (b) CelebA. (c) LSUN-Bedroom.
Figure 16: Analogous plot to Fig. 15.
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(a) LSUN-Bedroom (256x256).

(b) FFHQ (256x256).

(c) FFHQ (1024x1024).

Figure 17: Analogous plot to Fig. 6: additional high-resolution samples.
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F Architecture summary

Table 7: DCGAN architecture for the CIFAR-10 dataset.

(a) Generator Gθ

ε ∈ R128 ∼ N (0, 1)

128→ 4× 4× 512, dense, linear

4× 4, stride=2 deconv. BN 256 ReLU

4× 4, stride=2 deconv. BN 128 ReLU

4× 4, stride=2 deconv. BN 64 ReLU

3× 3, stride=1 conv. 3 Tanh

(b) Feature encoder Tη

x ∈ [−1, 1]32×32×3

3× 3, stride=1 conv 64 lReLU
4× 4, stride=2 conv 64 lReLU

3× 3, stride=1 conv 128 lReLU
4× 4, stride=2 conv 128 lReLU

3× 3, stride=1 conv 256 lReLU
4× 4, stride=2 conv 256 lReLU

3× 3, stride=1 conv. 512 lReLU

h× w × 512→ m, dense, linear

Table 8: DCGAN architecture for the CelebA and LSUN datasets.

(a) Generator Gθ

ε ∈ R128 ∼ N (0, 1)

128→ 4× 4× 1024, dense, linear

4× 4, stride=2 deconv. BN 512 ReLU

4× 4, stride=2 deconv. BN 256 ReLU

4× 4, stride=2 deconv. BN 128 ReLU

4× 4, stride=2 deconv. BN 64 ReLU

3× 3, stride=1 conv. 3 Tanh

(b) Feature encoder Tη

x ∈ [−1, 1]64×64×3

4× 4, stride=2 conv 64 lReLU
4× 4, stride=2 conv BN 128 lReLU

4× 4, stride=2 conv BN 256 lReLU

3× 3, stride=1 conv BN 512 lReLU

h× w × 512→ m, dense, linear, Normalize

Table 9: ResNet architecture for the CIFAR-10 dataset.

(a) Generator Gθ

ε ∈ R128 ∼ N (0, 1)

128→ 4× 4× 256, dense, linear

ResBlock up 256

ResBlock up 256

ResBlock up 256

BN, ReLU, 3× 3 conv, 3 Tanh

(b) Feature encoder Tη

x ∈ [−1, 1]32×32×3

ResBlock down 128

ResBlock down 128

ResBlock 128

ResBlock 128

ReLU

Global sum pooling

h = 128→ m, dense, linear, Normalize
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Table 10: ResNet architecture for the CelebA and LSUN datasets.

(a) Generator Gθ

ε ∈ R128 ∼ N (0, 1)

128→ 4× 4× 1024, dense, linear

ResBlock up 512

ResBlock up 256

ResBlock up 128

ResBlock up 64

BN, ReLU, 3× 3 conv, 3 Tanh

(b) Feature encoder Tη

x ∈ [−1, 1]64×64×3

ResBlock down 128

ResBlock down 256

ResBlock down 512

ResBlock down 1024

ReLU
Global sum pooling

h = 1024→ m, dense, linear, Normalize

Table 11: ResNet architecture for the LSUN-128 dataset.

(a) Generator Gθ

ε ∈ R128 ∼ N (0, 1)

128→ 4× 4× 1024, dense, linear

ResBlock up 1024

ResBlock up 512

ResBlock up 256

ResBlock up 128

ResBlock up 64

BN, ReLU, 3× 3 conv, 3 Tanh

(b) Feature encoder Tη

x ∈ [−1, 1]128×128×3

ResBlock down 128

ResBlock down 256

ResBlock down 512

ResBlock down 1024

ResBlock 1024

ReLU
Global sum pooling

h = 1024→ m, dense, linear, Normalize

Table 12: ResNet architecture for the CelebA-HQ dataset.

(a) Generator Gθ

ε ∈ R128 ∼ N (0, 1)

128→ 4× 4× 1024, dense, linear

ResBlock up 1024

ResBlock up 512

ResBlock up 512

ResBlock up 256

ResBlock up 128

ResBlock up 64

BN, ReLU, 3× 3 conv, 3 Tanh

(b) Feature encoder Tη

x ∈ [−1, 1]256×256×3

ResBlock down 128

ResBlock down 256

ResBlock down 512

ResBlock down 512

ResBlock down 1024

ResBlock 1024

ReLU
Global sum pooling

h = 1024→ m, dense, linear, Normalize
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