Glow: Generative Flow with
Invertible 1x1 Convolutions
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Log-likelihood-based methods

. TractabilitL of the exact log-likelihood, tractability of exact latent-variable inference,
parallelizability of training and synthesis
* Three methods

* Autoregressive Models
* Disadvantage that synthesis has limited parallelizability

* Lot of hidden layers with unknown marginal distributions, which makes it difficult to manipulate data
* Variational Autoencoders

* Optimizing a lower bound on the log-likelihood of data
* Flow-based generative models

* Glow builds off RealNVP
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Table 1: The three main components of our proposed flow, their reverses, and their log-determinants.
Here, x signifies the input of the layer, and y signifies its output. Both x and y are tensors of
shape [h x w x ¢| with spatial dimensions (h,w) and channel dimension ¢. With (i, j) we denote
spatial indices into tensors x and y. The function NN() is a nonlinear mapping, such as a (shallow)
convolutional neural network like in ResNets (He et al., 2016) and RealNVP (Dinh et al., 2016).

Description | Function | Reverse Function | Log-determinant
Actnorm. Vi,j:yij=80%;+b | Vij:x;;=(yij —b)/s | h-w-sun(log|s|)
See Section 3.1.
Invertible 1 x 1 convolution.| V7,7 : yi; = WX, ; Vi, j:xij =W lyi; h-w-log|det(W)|
W [excl. or
See Section 3.2. h - w - sum(log |s|)
(see eq. (10))

Affine coupling layer. Xq, X = split(x) Ya,¥p = split(y) sum(log(|s|))
See Section 3.3 and (logs, t) = NN(x}) (logs,t) = NN(yp)
(Dinh et al., 2014) s = exp(log s) s = exp(logs)

Ya=80X, +t xa:(ya_t)/s

Yo = Xp Xp = Yb

y = concat(ya,ys) X = concat(Xa, Xp)
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(a) One step of our flow. (b) Multi-scale architecture (Dinh et al., 2016).
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Using our techniques we achieve significant improvements on standard
benchmarks compared to RealNVP, the previous best published result with flow-
based generative models.

DATASET REALNVP GLOW
CIFAR-10 3.49 3.35
Imagenet 32x32 4.28 4.09
Imagenet 64x64 3.98 3.81
LSUN (bedroom) 272 2.38
LSUN (tower) 2.81 2.46
LSUN (church outdoor) 3.08 2.67
lantitat f terms of bit ted on the test set of
tasets, for the RealNVP el versu G e
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Table 1: The three main components of our proposed flow, their reverses, and their log-determinants.
Here, x signifies the input of the layer, and y signifies its output. Both x and y are tensors of
shape [h x w x ¢| with spatial dimensions (%, w) and channel dimension ¢. With (i, j) we denote
spatial indices into tensors x and y. The function NN() is a nonlinear mapping, such as a (shallow)
convolutional neural network like in ResNets (He et al., 2016) and RealNVP (Dinh et al., 2016).

Description | Function | Reverse Function | Log-determinant
Actnorm. Vi,j:yij=8OX;;+b | Vi,j:x;; =(yi;j —b)/s | h-w-sun(log|s|)
See Section 3.1.
Invertible 1 x 1 convolution.| Vi,j :yi; = Wx; j Vi, j:xij =W lyi; h-w-log | det(W)|
W :[ex ¢l or
See Section 3.2. h - w - sum(log s|) 6
(see eq. (10)) \,-\}\
ol

Affine coupling layer. X, X} = split(x) Ya, ¥ = split(y) sum(log(|s|)) M(Kﬂf'v\’\\k
See Section 3.3 and (logs, t) = NN(xp) (logs,t) = NN(ys)
(Dinh et al., 2014) s = exp| (log s) s = exp(logs)

Ya =8C xu+t xu:(yu_t)/s

Yo = Xp Xp = Yb

y = concat(ya,ys) X = concat(Xa, Xp)
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