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1. Model architectures

Table | summarizes the EBM architectures used in un-
supervised learning (subsections 4.1-4.3). The slope of all
leaky ReLU (IReLU) [2] functions are set to 0.2. For semi-
supervised learning from a 2D example (subsection 4.4), we
use the same EBM structure as the one used in unsupervised
learning from 2D examples, except that for the top fully
connect layer, we change the number of output channels to
2, to model EBMs of two categories respectively. Table 2
summarizes the EBM architectures used in semi-supervised
learning from SVHN (subsection 4.4). After each convo-
lutional layer, a weight normalization [3] layer and a leaky
ReLU layer is added. The slope of leaky ReLLU functions is
set to 0.2. A weight normalization layer is added after the
top fully connected layer.

Table 1: EBM architectures used in unsupervised learning

2D data
fc. 128 IReLU

SVHN / CIFAR-10

4 x 4 conv. 64 1ReLU, stride 2
fc. 128 IReLU 4 x 4 conv. 128 IReLU, stride 2
fc. 128 IReLU 4 x 4 conv. 256 IReLU, stride 2
fc. 1 4 x 4 conv. 1, stride 1

For Glow model, we follow the setting of [1]. The ar-
chitecture has multi-scales with levels L. Within each level,
there are K flow blocks. Each block has three convolu-
tional layers (or fully-connected layers) with a width of W
channels. After the first two layers, a ReLU activation is
added. Table 3 summarizes the hyperparameters for differ-
ent datasets.

2. Synthesis comparison

In figures 1, 2 and 3, we display the synthesized exam-
ples from Glow trained by MLE and our FCE.

Table 2: EBM architectures used in semi-supervised learn-
ing from SVHN

Conv-small Conv-large

dropout, p = 0.2

3 x 3 conv. 128, stride 1
3 x 3 conv. 128, stride 1
3 x 3 conv. 128, stride 2

3 x 3 conv. 64, stride 1
3 x 3 conv. 64, stride 1
3 x 3 conv. 64, stride 2

dropout, p = 0.5

3 x 3conv. 128, stride 1 3 x 3 conv. 256, stride 1
3 x 3conv. 128, stride 1 3 x 3 conv. 256, stride 1
3 x 3conv. 128, stride 2 3 x 3 conv. 256, stride 2

dropout, p = 0.5

3 x 3conv. 128, stride 1 3 x 3 conv. 512, stride 1
1 x 1conv. 128, stride1 1 x 1 conv. 256, stride 1
1 x 1conv. 128, stride1 1 x 1 conv. 128, stride 1

global max pool, 6 x 6 — 1 x 1
fc. 128 — 10

Figure 1: Synthesized examples from Glow models learned
from SVHN. Left panel is by MLE. Right panel is by our
FCE.
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Table 3: Hyperparameters for Glow model architectures

Dataset Levels L Blocks per level K Width W  Layer type Coupling

2D data 1 10 128 fc affine

SVHN 3 8 512 conv additive
CelebA 3 16 512 conv additive
CIFAR-10 3 32 512 conv additive

Figure 2: Synthesized examples from Glow models learned
from CIFAR-10. Left panel is by MLE. Right panel is by
our FCE.

Figure 3: Synthesized examples from Glow models learned
from CelebA. Left panel is by MLE. Right panel is by our
FCE.
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