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Figure 1: Generations using attributes from ground truth images. Comparison shows our attentive conditional channel-recurrent VAE-
GAN’s superiority in attribute-conditioned face synthesis.

Abstract

Attribute-conditioned face synthesis has many useful ap-
plications, such as to aid the identification of a suspect or a
missing person. Building on top of a conditional version of
VAE-GAN, we augment the pathways connecting the latent
space with channel-recurrent architecture, in order to pro-
vide not only improved generation qualities but also inter-
pretable high-level features. In particular, to better achieve
the latter, we further propose an attention mechanism over
each attribute to indicate the specific latent subset respon-
sible for its modulation. Thanks to the latent semantics
formed via the channel-recurreny, we envision a tool that
takes the desired attributes as inputs and then performs a 2-
stage general-to-specific generation of diverse and realistic
faces. Lastly, we incorporate the progressive-growth train-
ing scheme to the inference, generation and discriminator
networks of our models to facilitate higher resolution out-
puts. Evaluations are performed through both qualitative
visual examination and quantitative metrics, namely incep-
tion scores, human preferences, and attribute classification
accuracy.

1. Introduction
Assaults, burglaries and thefts are among the top com-

mon crimes taking place in the United States [11]. The
post-trauma memories of the witnesses become suscepti-
ble to even a short period of delay, due to factors such as
stress and potential contamination from other events. It is
shown that the recall of a suspect’s face from a witness is
the most accurate within 3-4 hours after the incidence and

drastically declines after 2 days [12]. However, traditional
sketching methods such as Forensic artists or composition
software [1] both require a certain level of human expertise,
where additionally the former takes a long period of time to
complete and the latter can be less descriptive [26]. To this
end, we strive for a data-driven tool to synthesize realistic
and diverse face candidates basing on attribute information
that returns instantaneous feedback to aid the identification
of e.g. a crime suspect.

Deep conditional generative modeling is a natural ap-
proach to such attribute-conditioned face synthesis applica-
tion. There has been tremendous recent progress in con-
structing such models for a variety of tasks. Applica-
tions related to generating face images have been especially
well-studied, with techniques mainly derived from the 3
most dominating generative model frameworks, namely au-
toregressive models [38], generative adversarial networks
(GANs) [15] and variational autoencoders (VAEs) [24].

Conditional autoregressive models have been proposed to
synthesize images from conditional variables such as text,
key points and the initial frame of a video [40]. However,
few works have applied this method on faces, likely be-
cause the pixel level autoregression is computational costly
and slow in inference time without complex paralleliza-
tion. Conditional GANs, on the other hand, have been
more widely utilized on faces. In particular, [14] gener-
ates attribute-conditioned faces from scratch but the out-
puts (Figure 1) can be flawed with artifacts. Conditional
VAE [25] (cVAE)—an extension of VAE [24]—is a condi-
tional directed graphical model to approximate conditional
data distribution through maximizing its variational lower
bound. In [48], attributes and background masks are used
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Figure 2: Illustration of models used in our work.

as conditional variables in their cVAE formulation to gen-
erate faces. Although the reconstruction component in the
variational lower bound gives the advantage of a more com-
prehensive input space coverage opposed to cGAN, cVAE
suffers from blurry generation when optimized in combina-
tion with a highly restricted KL regularization on the ap-
proximated posterior (Figure 1).

To alleviate the blurriness in generation while maintain-
ing the probabilistic latent space, [28] augments a VAE with
an adversarial loss, arriving at VAE-GAN. As a follow-
up, [4] formulates a conditional version of VAE-GAN,
cVAE-GAN for face synthesis, where the conditional vari-
ables are identity labels, i.e. one-hot categorical vectors.
However, this model is not directly applicable for our appli-
cation as it would require 2N -dimensional conditional vari-
able to represent all possible attribute combinations, where
N is the number of attributes. Therefore, in this work,
we establish a cVAE-GAN baseline specifically targeting
at generations out of high-dimensional attribute information
(Figure 1), where the attribute condition is embedded in a
N -dim binary vectors instead one-hot vectors.

On top of our baseline, we integrate the channel-recurrent
architecture [45] where the latent space is divided into con-
secutive and non-overlapping blocks that are connected via
a recurrent module, leading to conditional channel-recurrent
VAE-GAN (crVAE-GAN). The benefit of doing so is two-

fold. Firstly, by introducing a more complex architecture
to maneuver the pathways into and out of the latent space
characterized by simple diagonal Gaussians, the image gen-
eration quality is substantially enhanced (Figure 1). Sec-
ondly, the channel-recurrent architecture captures the high-
level information in a course-to-fine manner, allowing more
explainable latent features, which inspires us to propose
our final model, the attentive conditional channel-recurrent
VAE-GAN (acVAE-GAN). Our acVAE-GAN learns atten-
tion over the attribute vectors so that each attribute attends
a specific latent block. In addition to being responsible for
different attributes, the channel-recurrent layout also assigns
different content for each latent block to modulate: some
block predominately controls the global content whereas
others focus more on finetuning locally. This unique prop-
erty of channel-recurrency enables us to envision an appli-
cation tool to performs a 2-stage general-to-specific condi-
tional face generation.

Lastly, we incorporate progressive-growth training [21]
to the cVAE-GAN framework to facilitate higher resolution
outputs.

The merits of our work are summarized as follows:
• Construct the cVAE-GAN baseline for attribute-

conditioned face synthesis.
• Improve the generation quality of cVAE-GAN by in-

tegrating the channel-recurrent architecture, arriving at



crVAE-GAN.
• Towards more interpretable models, learn an atten-

tion mask over attribute vectors so that each attribute
“chooses” to be modulated by a specific latent block.
• Implement progressive-growth to our models to in-

crease generation resolution.
• Envision a tool that performs 2-stage general-to-

specific attribute-conditioned face generations.

2. Related Works
In the regime of deep generative modeling, the most sig-

nificant recent progress comes from autoregressive models,
Generative Adversarial Networks (GANs) and Variational
Autoencoders (VAEs). Originally framed as unsupervised
learning, all of the three themes have also evolved to model
conditional distributions with side information.

Algorithms such as Pixel RNN and Pixel CNN [37, 38,
43] explicitly model the pixel space distribution in an auto-
gressive manner. Conditional versions [13, 40] have been
developed to generate a scene from text, a video from an
initial frame, a segmentation mask from an image, etc.
Although granting high quality outputs and an exact log-
likelihood, these methods do not learn a latent representa-
tion and demand heavy GPU parallelization for training.

GAN [15] is another mainstream method to render sharp
images where a generator attempts to fool a discriminator
with generations resembling examples from the input space.
Conditional GANs (cGANs) [10, 20, 34] introduce condi-
tional information to the generator and the outputs are ex-
pected to not only inmitate the inputs but also obey the con-
ditions. Consequently, the discriminator must learn to dis-
tinguish correctly-matched real-condition pairs from both
fake-condition paris and wrongly-matched pairs [39]. Ad-
versarial training suffer from several notable drawbacks,
such as limited input space coverage [3, 46, 47], generation
artifacts and lack of probabilistic latent representations. The
training of GANs are also known to be unstable, albeit there
have been many works attempting to address this, for both
unsupervised and conditional cases [2, 33, 35, 36]. Figure 1
shows results from cGAN as done in [14], where we observe
some of the aforementioned issues. Cycle-GAN [31, 52] is
another conditional adversarial model basing on the concept
of cycle-consistency. However, such models usually require
an encoding image as the condition variable, hence it is not
applicable in our case.

VAEs [24] parameterize the inference and generation
paths of a directed graphical model with DNNs and are
trained to maximize the corresponding variational lower
bounds of the data log-likelihood via stochastic backpro-
pogation. A conditional VAE [25] introduces a new node
to the graphical model as conditions to assist and constraint
the generation process. Despite the many merits of this
method, e.g. training stability, fast inference, GPU effi-
ciency, etc, the combination of KL regularization and recon-
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Figure 3: The generation and inference paths for the graphical
model used in our work.

struction objectives in the VLB [7, 46] often result in blurry
generations—Figure 1 displays an example of attribute-
conditioned face generation [48].

Many research efforts have been made to alleviate VAEs’
generation blurriness. One approach is to enrich the pos-
terior/prior distributions or the model architecture itself [9,
16, 17, 23, 41, 45]. In our work, we opt to enhance with
the channel-recurrent autoencoding framework [45], moti-
vated by its resulting latent semantics. The other approach
combines VAE with autoregressive modules [18] or adver-
sarial training [28], in the hope of taking the best from both
worlds. Here we also employ an adversarial objective under
a conditional setup, similar to [4]. But [4] generates based
on one-hot identity label whereas we tackle with the high-
dimensional attribute information.

3. Preliminaries
In this section, we first elaborate our cVAE formulation

along with its graphical model, followed by an introduction
of cGAN as well as their combination cVAE-GAN.

3.1. conditional VAE and Graphical Model
An important building block in our work is the condi-

tional variational autoencoder (cVAE) [25, 48]. In our work,
we choose to follow the graphical model described in Fig-
ure 3, where the attributes A are always given in our case,
Z are the latent variables and X images. The intuition be-
hind our graphical model is to construct meaningful sub-
manifolds within the latent space, where each submanifold
associates with a designated combination of attributes. In
other words, our graphical model choice assumes that p(z|a)
is more feasible than p(z) as latent distributions, where a is
the attribute condition. The variational lower bound can be
derived as

log(p(x|a)) = log

∫
p(x, z|a)dz

= log

∫
p(x|a, z)p(z|a)q(z|x, a)

q(z|x, a)
dz

= log

∫
p(x|a, z) p(z|a)

q(z|x, a)
q(z|x, a)dz

≥ Eq(z|x,a)(log p(x|a, z)− log
q(z|x, a)
p(z|a)

)

= −KL(q(z|x)||p(z|a)) + Eq(z|x,a)[log p(x|a, z)] = LcVAE,



where the approximate posterior q(z|x) and the prior p(z|a)
are modeled as diagonal Gaussians. As done in [48], we
model the latent space as 1-dim vector space z ∈ Rc, which
is connected via fully-connected (FC) layers. The prior
network also connects attribute vectors—an N -dim vector
composed of±1 entries whereN is the number of attributes,
—to the distribution of p(z|a) via an FC layer. The gener-
ations of cVAEs, as shown in Figure 1 and [48], are very
blurry.

3.2. conditional GAN

In [14], the author uses attribute-conditioned cGAN to
generate faces: on top of GAN, cGAN feeds attribute infor-
mation a(x) to the generator G and discriminator D. Also,
the discriminator not only needs to detect generated images
but also mismatched image-attribute pairs, which yields the
following over-all game played by D and G:

min
G

max
D
V (D,G) =Ex∼X [logD(x, a(x))]

+Ez∼p(z)[log(1−D(G(z, a), a))]

+Ex,x′∼X,x 6=x′ [log(1−D(x, a(x′)))],

where z is sampled from a standard Gaussian distribution, a
is the attribute condition and a(x) is the attribute for x. The
output images indeed reflect the specified attributes but they
contain many artifacts (Figure 1). Also, cGAN can suffer
from low probability region coverage.

3.3. conditional VAE-GAN

The combination of VAE and GAN, VAE-GAN [28] is
proposed to take the best from both worlds: high input
space coverage from VAE and sharp generations from GAN.
In [4], a conditional version of VAE-GAN is crafted but lim-
ited to a single-class condition, i.e. identity label. But we
have multiple attribute classes associated with a single im-
age. Therefore, we propose our version of conditional VAE-
GAN (cVAE-GAN), by directly combining cVAE from Sec-
tion 3.1 and cGAN from Section 3.2 to obtain the following
objective:

maxLcVAE + βEz∼{q(z|x,a(x)),p(z|a)} [logD(z, a)]

max
D

Ex∼X [logD(x, a(x))]

+Ez∼{q(z|x,a(x)),p(z|a)} [log(1−D(z, a)]

+Ex,x′∼X,x 6=x′ [log(1−D(G(x, a(x′))))], (1)

where β is the hyperparameter to weight the gradients from
the adversarial loss. The model layout is shown in Fig-
ure 2(a) and generation examples in Figure 1, where the im-
age quality is improved yet still distant from being realistic.
As cVAE and cGAN are clearly inferior to cVAE-GAN in
terms of visual quality, we regard cVAE-GAN as our main
baseline to compare with for the rest of the paper.

Step Attributes
1 Heavy Makeup, Pale Skin, Rosy Cheeks
2 Brown Hair, Pointy Nose, Straight Hair
3 Arched Eyebrows, Attractive, Blond Hair
4 Blurry, Double Chin, High Cheekbones, Mouth Slightly Open, No Beard, Bags under Eyes
5 5’o clock shadow, Big Lips, Bushy Eyebrows, Chubby, Goatee, Gray Hair, Oval Face, Necktie
6 Bangs, Black Hair, Mustache, Receding Hairline, Smiling, Wavy Hair, Earrings, Hat
7 Bald, Eyeglasses, Male, Narrow Eyes
8 Big Nose, Lipstick

Table 1: In acVAE-GAN, each attribute attends a specific block.

4. Method
This section introduces the conditional channel-recurrent

VAE-GAN (crVAE-GAN) and proposes an attention mod-
ule such that each latent block focuses on a subset of at-
tributes, arriving at the attentive conditional crVAE-GAN
(acVAE-GAN), followed by description of how to increase
generation resolution via progressive-growth training.

4.1. Channel-Recurrency

To enhance the latent space construction which in turn
improves generation quality, [45] proposes the channel-
recurrent architecture with which the inference and gener-
ation paths connect to the latent space. The distributions
for the approximate posteriors and priors are still diagonal
Gaussians, but since channel-recurrency imposes more com-
plex manipulation to the latent space, the features, captured
in a global-to-local, coarse-to-fine manner, become more ab-
stract with more interpretable semantics.

Here, we integrate this technique to cVAE-GAN to sim-
ilarly improve the conditional synthesis. The latent space
is now a 3-dim space z ∈ Rc×w×h. The prior network still
connects the attribute vectors to the prior latent space via FC
layers and reshape the resulting distributions to µp, σp|a ∈
Rc×w×h (Figure 2(b)). Before being sent to the LSTM
module, an attribute vector is simply repeated T times, i.e.
[a1, a2, · · · aT ], a=ai, where T is the number of time steps.
During generation, z=[z1, ··, zT ], with zi∈Rw×h× c

T , are
sampled from N (µp, σp) and concatenated with ai at each
time step i before passing through an LSTM to obtain a
transformed representation u = [u1, ··, uT ]=LSTM(z, a),
which is then projected back to the pixel space by a de-
coder. Similarly, during inference, we first transform the
attribute vector with an FC layer a′=FC(a) ∈ Rw×h× c

T ,
repeat the outputs T times, [a′1, a

′
2, · · · a′T ], and concatenate

each to the T corresponding blocks within the convolutional
features from the encoder. Then, the mean path performs
convolution on the concatenated features; the variance path
slices features back into T blocks, each referred to as σi, and
feeds σi’s into another LSTM to output σrnn

i .

4.2. Attending Attributes

Repeating the same attribute vector T times for all of the
LSTM time steps can appear redundant. To obtain better
interpretable features, it is desirable to understand that for
each block, which attributes are being modulated, motivat-
ing us to propose an Attention Operator over the attribute
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vectors. In essence, we learn a T×N mask matrix M. Each
row vector is constrained to be an T -dim probability vector,
which is additionally regularized by minimizing its entropy
H(Mn) so that ideally only one out of the T slots has high
probability. In other words, each attribute is learned to pri-
marily focuses on one of the blocks.

Concretely, the Attention Operator first repeats the at-
tribute vector T times to form a T×N attribute matrix A,
performs element-wise multiplication A�M, and separates
the row vectors into [a1, a2, · · · , aT ]. Thus instead of using
the same attribute vector to all LSTM steps, we input at to
the t-th step, reflecting the attributes attending this partic-
ular time step. Ideally, the attention from the attributes is
divided evenly to all time steps: it is desirable for each time
step to take in approximatelyN/T attributes rather than hav-
ing a single time step getting most of the attribute informa-
tion. Luckily, we discover no additional regularization is
required to achieve such effects. For example, we summa-
rize the attribute attention from our 8-time step acVAE-GAN
in Table 1. The prior network (Figure 2(b)) now can also
be meaningfully modeled with an LSTM where the tth
time step takes at and outputs µp

i , σ
p
i . The remaining of

acVAE-GAN are the same as crVAE-GAN.

4.3. Progressive Growing Conditional Synthesis

While our model can generate 64×64 face images from
attributes, generating higher-resolution still remains a chal-
lenge. Following the idea of stackGAN [51], [45] achieves
higher-resolution outputs by employing an upsampling net-
work that takes generated low-resolution images as input.
One drawback of such approach, however, is that the per-
formance of the upsampling network is significantly lim-
ited by the initial image generation module as it is trained
greedily without finetuning the entire system. Furthermore,
the upsampling network usually is again composed of multi-
ple convolution and deconvolution layers, making the whole
pipeline computationally inefficient.

Instead, we borrow the idea of progressive growing GAN
(PGGAN) [21] for attribute-conditioned high-resolution im-
age generation. Specifically, we first train a model to gener-
ate 64×64 images. Then, for the generation network, we ap-
pend a nearest-neighbor upsampling layer and two 3×3 con-
volution followed by one image decoding layer (1×1 con-
volution with 3 output channels) to the last feature response
map to generate 128×128 images. The original and gen-
erated images of size 128×128 are then fed to the encoder
and discriminator heads, respectively, which are composed
of 1×1 convolution followed by two 3×3 convolutions and
average pooling layer with pool size of 2 to generate 64×64
feature response maps. We illustrate the construction of pro-
gressive growing acVAE-GAN in Figure 4.

Similarly to [21], we train our progressive growing model
by linearly interpolating the generated images of naive up-
sampling and the upsampling network. Note that our ap-
proach does not require to start from extremely low resolu-
tion images (e.g., 4×4) as 64×64 generations can be directly
achieved with decent quality. The overall training objective
still follows that in Equation (1).

5. Experiments
We introduce the dataset used in our experiments and

describe important implementation details. For evaluation,
we generate 64×64 attribute-conditioned face images, then
progressively grow the resolution to 128×128. We perform
qualitative visual examination and quantitative assessments
namely the inception scores, human preferences, and the
attribute classification accuracy. Finally, we conduct more
qualitative analysis such as conditional latent space interpo-
lation and progressively adding attributes to an image.

5.1. CelebA Dataset and Implementation Details

Our experiments are on the CelebA [30] dataset, contain-
ing 163, 770 training, 19, 867 validation, and 19, 962 testing
images of face. The face ROIs are cropped and scaled to
64×64/128×128. Random horizontal flipping is used dur-
ing training as data augmentation. There are 40 binary at-
tributes annotated in CelebA (see Table 1), making it a per-
fect venue for our experiments.

There have been many works to improve the stability
of adversarial training, many of which we have experi-
mented with, such as projective discriminator [36], self-
attention [50], hinge adversarial loss [29], etc. In the end,
our model adapts three main methods to stablize the opti-
mization: batch discriminator [42], controlled discriminator
update [27], and mutual information regularization [45].

The inference, generation and discriminator networks of
our models share a common convolutional encoder/decoder
architecture, composed of convolutional layers, batch nor-
malization layers [19], and activation layers [32, 44]. See
the code in the Supplemental Materials for details.

Stocahstic gradinet descent is done using ADAM [22]
with ε = 1 × 10−8, β1 = 0.9, β2 = 0.999 for 150 epochs.



Arched Eyebrows, Big Lips, Big Nose, Grey Hair, High 
Cheekbones, Mouth Slightly Open, Narrow Eyes, No 
Beard, Pale Skin, Pointy Nose, Smiling, Wearing 
Earrings, Wearing Lipsticks 

Positive Attributes Ground Truth
128x128

cVAE-GAN
64x64

crVAE-GAN
64x64

acVAE-GAN
64x64

5 o Clock Shandow, Bags under Eye, Black Hair, High 
Cheekbones, Mouth Slightly Open, Bushy Eyebrows, 
Goatee, Male, Young, Smiling

cVAE-GAN
128x128

crVAE-GAN
128x128

acVAE-GAN
128x128

Attractive, Bangs, Brown Hair, High Cheekbones, Mouth 
Slightly Open, Arched Eyebrows, Heavy Makeup, Pointy 
Nose, Young, Smiling, Wearing Lipsticks,  Wavy Hair, 
Oval Face, No Beard

Big Nose, Male, Wearing Hat,  Wearing Necktie, No 
Beard

Double Chin, Eyeglasses, Male, Mouth Slightly Open, 
Smiling, Receding Hairline,  No Beard

Attractive, Arched Eyebrows, Black Hair, Heavy Makeup, 
Young, Oval Face, Wearing Lipsticks, No Beard

Figure 5: We select attribute combinations from the testing set and compare 64×64 and 128×128 resolution image generations of
cVAE-GAN (baseline), crVAE-GAN and acVAE-GAN, along with the ground truth images.

Models 64×64 128×128 128×128
cVAE-GAN 37.48±0.96 93.74±2.25 23%
crVAE-GAN 54.66±0.67 87.51±1.46 28%
acVAE-GAN 55.12±0.64 102.23±1.81 47%

Table 2: Inception Scores on 64×64/128×128 generated images
from testing set attributes. We perform 10-fold calculation and re-
port the mean±std. We also report the percentage humans prefer a
model in a 3-way classification setup.

The initial learning rate is 0.0003 for (cVAE-GAN) and
0.001 for the rest. We follow the control protocol in [27]
to update the discriminator with a variation of ADAM that
imposes a threshold for updating: if the classification accu-
racy for a batch consisting of a third real pairs, a third fake
pairs and a third mis-matched pairs is over 90%, we skip the
update. During progressive-growth training, the resolution
transition is linearly done in 75 epochs. Training code is in
the Supplemental Materials.

5.2. Attribute-Conditioned Face Synthesis

Evaluation of the conditional generative models in our
work primarily focuses on the visual fidelity and the faith-
fulness to the assigned attributes. To this end, we first vi-
sually compare the baseline cVAE-GAN with crVAE-GAN
and acVAE-GAN in Figure 5, where our proposed model
produces more photo-realistic generations that satisfy the at-
tribute conditions, even for some of the more challenging
ones such as eyeglasses and hats.

We also measure the inception scores [42] for 64×64 and
128×128 images. The classification model used here is a
VGG11 trained on CASIA [49] for face recognition with in-

put resolution 128×128. During testing, we generate images
conditioning on all attribute combinations from the testing
set, randomly divide them to 10 subsets, obtain inception
scores for these subsets and report their mean±standard de-
viation in Table 2. However, since inception score is not an
absolutely truthful metric on visual quality [5], we present
200 128×128 generated tuples from the 3 models with the
same set of attributes to mechanical turkers, out of which
they select the one with the highest visual quality. The re-
sults are also summarized in Table 2. Our proposed model
substantially outperform the baseline in both metrics.

To quantitatively judge the attribute qualities, we train
an attribute classifiers on 64×64/128×128 CelebA images.
Our classifier is composed of a standard convolutional en-
coder and a fully connected layer ending with 40 dimension
binary predictions for the 40 attributes. We follow the stan-
dard training-validation procedures and report the testing re-
sults in Table 3. Note that our classifier achieves competitive
accuracy comparing [30]. Next we run our attribute classi-
fiers on the generated images, with accuracy results in Ta-
ble 3. All of the models reach promising accuracy, meaning
that our graphical model design is very effective in deliver-
ing the attributes, among which our proposed model has the
highest score.

5.3. Content Interpolation
For our goal of generating diverse and realistic images

given a set of attributes, it is important to learn a prior latent
space that densely covers valid images in the pixel space
conditioned on the attributes. In this section, we investi-
gate this quality of the latent spaces learned by our models
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cVAE-GAN 94 95 86 95 70 95 72 93 90 96 94 77 69 81 98 94 86 94 84 89.1
crVAE-GAN 96 96 87 95 73 96 73 93 94 96 95 78 78 84 98 94 86 94 88 90.3
acVAE-GAN 97 96 89 95 72 96 74 93 94 96 96 79 76 84 98 94 86 94 86 90.4

128×
128

Real Images 93 96 87 95 75 97 77 93 94 97 92 81 82 89 99 94 86 95 88 90.9
cVAE-GAN 98 96 89 96 75 96 76 93 93 96 97 80 79 88 99 94 85 95 87 90.7
crVAE-GAN 97 96 88 94 73 96 74 93 93 96 96 79 77 87 98 94 84 94 87 90.6
acVAE-GAN 98 96 89 96 75 96 76 93 93 96 97 80 79 88 99 94 85 95 87 91.0

Table 3: We train an independently trained classifier, we test attribute classification results on real images as benchmark and generated ones
from the baseline cVAE-GAN, crVAE-GAN and acVAE-GAN. All models perform competatively, likely due to the adversarial loss and the
proposed graphical model. All numbers are in %.

cVAE-GAN crVAE-GAN acVAE-GAN

Figure 6: We generate faces by linearly interpolating latent variable between 2 samples drawn from the conditional priors conditioned with
the same attributes. The conditional prior latent space in all models appear to deliver smooth transitioning while maintaining the attributes;
acVAE-GAN especially excels at traversing across diverse samples and at the same time maintaining image qualities.

by checking how well two distinct modes on the latent sub-
manifold conditioned on the same attributes can mix, also an
indicator of the representation abstractness [6]. Concretely,
we select four sets of attribute combinations from the test-
ing set, obtain the conditional prior space for these combi-
nations, and sample 2 examples each to represent 2 modes
Z1 and Z2 on the latent submanifold. Then we traverse from
Z1 to Z2 using the interpolation formula

Zi = cos2(ψ)Z1 + (1− cos2(ψ))Z2, ψ ∈ [0, π/2].

The generation network projects the interpolated latent
codes to the pixel space. Figure 6 shows, likely thanks to our
proposed graphical model learning conditional submanifold
distributions, the resulting latent representations from all
models can be consistently mixed in a semantically mean-

ingful manner. Our proposed acVAE-GAN especially ex-
cels at transiting through very distinct looking modes, such
as the pose variations in the 2nd row, the glasses changing
from clear to dark in the 3rd row and the background color
shifting from the last row. Meanwhile, some of the genera-
tions from the other models associated with certain attributes
appear to be repetitive, such as the 2nd row of cVAE-GAN
and crVAE-GAN; some other generations from cVAE-GAN
are prone to artifacts such as the 3rd and 4th row.

5.4. Generation Progression
Our proposed acVAE-GAN has each attribute to fo-

cus its attention to a specific time-step latent block to
achieve more interpretable high-level features, in the sense
that we in theory can pinpoint the exact block modulat-
ing a given attribute. To verify this assertion, we at-
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Figure 7: We progressively construct the conditional prior latent
space by sending in the attended attributes for each time step, and
then fill in the latent representations sequentially. The first few
time steps do not carry enough content information to distinctively
show the progression; for the latter ones, after sampling each latent
block, its associated attributes indeed appear (correspondence see
Table 1). We list out a few examples such as gender, hair color, etc.

tempt to visualize the emergence of attributes by progres-
sively sampling each latent blocks. Recall that the con-
ditional prior space is generated via sending the attended
attribute at through an LSTM module at tth time-step,
which then outputs the distribution N (µp

t , σ
p
t ) of the cor-

responding prior latent block. From N (µp
t , σ

p
t ), we sample

zt and, in combination of the previously sampled z’s, de-
code [(z1, a1), · · · (zi, ai), (0, 0), · · · , (0, 0)] via the genera-
tion network back to the pixel space. We plot the t = 1 · · · 8
generations in Figure 7. The first 3 time steps do not carry
enough content information to distinctively show the pro-
gression. However, for the latter ones, after sampling each
zt, its associated attributes at do emerge (attribute corre-
spondence see Table 1). For example, we can already see
mouth open in step 3; hat forms in step 4 and glasses step
7; the gender is finalized at step 7; mustache and bangs be-
come clear at step 6; step 8 brings subtle changes over the
lip color and nose shape. The visualization demonstrates
that up to a certain degree we can confirm a latent block is
indeed modulating its attending attributes.

6. Application
The recurrent learning of latent blocks enable each of

them to be in charge of a different aspect of the input con-
tent [45]. In particular, some latent blocks can impose more
drastic global impact and some others in a more subtle way.
We leverage this unique feature from channel-recurrency
and propose the following 2-stage generation pipeline. As
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No Beard 
Oval Face 

Smiling 
Straight Hair

Pale
Young

Step 0: Input Attributes Step 1: Initial Generation Step 2: Finetuning 

Figure 8: A 2-stage generation tool where the model first outputs
a diversity of faces following the given attributes and then, after
selecting an initial output, resamples one of the blocks in charge of
minor modifications to give more finetuned options.

a preparation step, through trial-and-error, we locate the la-
tent block that perform minor adjustment on the content of
the generation; in the case of the model used in Figure 7, a
progressive-growing acVAE-GAN, is z5. The first step gen-
erates a diversity of samples from the corresponding prior
latent space based on given attributes and the user selects
the most desirable one. For finetuining, the 2nd step resam-
ples multiple z5 of the selected example while fixing the rest
of zt’s and the user finalizes on the most closely-matching
image. An example is demonstrated in Figure 8 where the
first step outputs distinct faces obeying the same set of at-
tributes and the second step finetunes face shape, skin tone,
hair details, etc. The user can further use existing neural
editing tools [8] to refine the image, but it is out of scope of
this work.

7. Conclusion
We propose an attentive conditional channel-recurrent

VAE-GAN for high-quality attribute-to-face synthesis while
learning better interpretable high-level features. We also
incorporate progressive-growth training to generate higher-
resolution images. We demonstrate the superiority of our
models both in quantitative and qualitative evaluations. In
application, we envision a tool for a general-to-specific 2-
stage attribute-conditioned face synthesis. Future research
includes extending our framework in a semi-supervised
manner and extrapolating our models to other tasks.
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