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Methods for Stabilizing Flow-based Generative Models.
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Abstract— Nowadays, flow-based generative models have been attracting attention from the perspective
that they are capable of not only generation but also density estimation. On the other hand, the models
require more computational resources in exchange for its reversibility than other generative models. As a
result, environments where there are no sufficient computational resources are forced to train in small mini-
batch sizes. The condition induces problems such as divergence of the objective function and outputs which
the models generate being outside the expected value range. In our work, we focus on Jacobian determinants
and initializations of parameters, of layers that compose the models, especially GLOW, and propose new
improvement methods. Additionally, we use some benchmark image datasets to attest that our techniques

can contribute to stable learning.
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Table 1: The forward and inverse maps and the log-
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Fig. 1: The step of the flow are composed of Actnorm,
1 x 1 LU Convolution and coupling.
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Fig. 2: The overall architecture of GLOW, which
achieves complex representations and reduces the
amount of computation through the iterative struc-
ture consisting of 3 components.
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Coupling A bpd loss

Additive Coupling 0 nan  nan
Additive Coupling 107> 3.60 4.30

Affine Coupling 0 nan nan

1075 3.56 4.27

Table 2: In the experiment in Subsection 5.1, we eval-
uated the results on the validation dataset every 10
epochs out of 200 epochs. If there was no improve-
ment of bits per dims for two epochs in a row in the
evaluation of the validation dataset, the training was
terminated. The table shows the best bits per dims of
the evaluated values and the corresponding objective
values.
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Fig. 3: Example images generated by each model
trained with the natural logarithm of the Jacobian
determinant penalty, on CIFAR-10.
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(b) The CIFAR-10 case

Fig. 4: The experiment in Subsection 5.2. Red: the
results when using the traditional Actnorm initializa-
tion, and the bpd diverges on both datasets. Green:
the results of using the cumulative Actnorm initial-
ization which we proposed, and the training is pro-
gressing without divergence.
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Fig. 5: The figure shows the example of absolute max-
imum outputs in the initial stage of learning. The
horizontal axis is the number of layers of additive
couplings in a GLOW, with the layer closest to the
input being labeled 1, and the layers sequentially la-
beled thereafter. The vertical axis is the common log-
arithm of absolute maximum output of each additive
coupling.
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