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ABSTRACT

Adpversarial learning methods have been proposed for a wide range of applications,
but the training of adversarial models can be notoriously unstable. Effectively bal-
ancing the performance of the generator and discriminator is critical, since a dis-
criminator that achieves very high accuracy will produce relatively uninformative
gradients. In this work, we propose a simple and general technique to constrain
information flow in the discriminator by means of an information bottleneck. By
enforcing a constraint on the mutual information between the observations and the
discriminator’s internal representation, we can effectively modulate the discrimi-
nator’s accuracy and maintain useful and informative gradients. We demonstrate
that our proposed variational discriminator bottleneck (VDB) leads to significant
improvements across three distinct application areas for adversarial learning algo-
rithms. Our primary evaluation studies the applicability of the VDB to imitation
learning of dynamic continuous control skills, such as running. We show that our
method can learn such skills directly from raw video demonstrations, substantially
outperforming prior adversarial imitation learning methods. The VDB can also be
combined with adversarial inverse reinforcement learning to learn parsimonious
reward functions that can be transferred and re-optimized in new settings. Finally,
we demonstrate that VDB can train GANs more effectively for image generation,
improving upon a number of prior stabilization methods. (Vide

1 INTRODUCTION

Adversarial learning methods provide a promising approach to modeling distributions over high-
dimensional data with complex internal correlation structures. These methods generally use a dis-
criminator to supervise the training of a generator in order to produce samples that are indistinguish-
able from the data. A particular instantiation is generative adversarial networks, which can be used
for high-fidelity generation of images (Goodfellow et al.,[2014; Karras et al.,2017) and other high-
dimensional data (Vondrick et al.|[2016; Xie et al.,|2018;Donahue et al., 2018)). Adversarial methods
can also be used to learn reward functions in the framework of inverse reinforcement learning (Finn
et al.| 2016a; [Fu et all|2017), or to directly imitate demonstrations (Ho & Ermon, 2016). However,
they suffer from major optimization challenges, one of which is balancing the performance of the
generator and discriminator. A discriminator that achieves very high accuracy can produce relatively
uninformative gradients, but a weak discriminator can also hamper the generator’s ability to learn.
These challenges have led to widespread interest in a variety of stabilization methods for adversarial
learning algorithms (Arjovsky et al., 2017; Kodali et al.,|20177; |Berthelot et al., | 2017).

In this work, we propose a simple regularization technique for adversarial learning, which constrains
the information flow from the inputs to the discriminator using a variational approximation to the
information bottleneck. By enforcing a constraint on the mutual information between the input
observations and the discriminator’s internal representation, we can encourage the discriminator
to learn a representation that has heavy overlap between the data and the generator’s distribution,
thereby effectively modulating the discriminator’s accuracy and maintaining useful and informative
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Figure 1: Our method is general and can be applied to a broad range of adversarial learning tasks.
Left: Motion imitation with adversarial imitation learningMiddle: Image generationRight:
Learning transferable reward functions through adversarial inverse reinforcement learning.

gradients for the generator. Our approach to stabilizing adversarial learning can be viewed as an
adaptive variant of instance noise (Salimans &t al., 2016; Sgnderby et al., 2016; Arjovsky & Bottou,
2017). However, we show that the adaptive nature of this method is critical. Constraining the mutual
information between the discriminator's internal representation and the input allows the regularizer
to directly limit the discriminator's accuracy, which automates the choice of noise magnitude and
applies this noise to a compressed representation of the input that is speci cally optimized to model
the most discerning differences between the generator and data distributions.

The main contribution of this work is the variational discriminator bottleneck (VDB), an adaptive
stochastic regularization method for adversarial learning that substantially improves performance
across a range of different application domains, examples of which are available in[Figure 1. Our
method can be easily applied to a variety of tasks and architectures. First, we evaluate our method
on a suite of challenging imitation tasks, including learning highly acrobatic skills from mocap data
with a simulated humanoid character. Our method also enables characters to learn dynamic contin-
uous control skills directly from raw video demonstrations, and drastically improves upon previous
work that uses adversarial imitation learning. We further evaluate the effectiveness of the technique
for inverse reinforcement learning, which recovers a reward function from demonstrations in or-
der to train future policies. Finally, we apply our framework to image generation using generative
adversarial networks, where employing VDB improves the performance in many cases.

2 REeLATED WORK

Recent years have seen an explosion of adversarial learning techniques, spurred by the success of
generative adversarial networks (GANs) (Goodfellow éf al., 2014). A GAN framework is commonly
composed of a discriminator and a generator, where the discriminator's objective is to classify sam-
ples as real or fake, while the generator's objective is to produce samples that fool the discriminator.
Similar frameworks have also been proposed for inverse reinforcement learning|(IRL) (Firjn et al.,
2016b) and imitation learning (Ho & Ermphn, 2016). The training of adversarial models can be ex-
tremely unstable, with one of the most prevalent challenges being balancing the interplay between
the discriminator and the generator (Berthelot é{ al., 2017). The discriminator can often overpower
the generator, easily differentiating between real and fake samples, thus providing the generator
with uninformative gradients for improvement (Che etlal., 2016). Alternative loss functions have
been proposed to mitigate this problém (Mao et al., 2016; Zhag et al.| [2016; ArjovsKy et al., 2017).
Regularizers have been incorporated to improve stability and convergence, such as gradient penal-
ties (Kodali et al., 2017; Gulrajani et al., 2017a; Mescheder et al., 2018), reconstruction loss (Che
etal., 2016), and a myriad of other heuristics (Sgnderby et al., 2016; Salimans et al., 2016; Arjovsky
& Bottou, 2017; Berthelot et al., 2017). Task-speci c architectural designs can also substantially
improve performance (Radford et al., 2015; Karras et al., 2017). Similarly, our method also aims to
regularize the discriminator in order to improve the feedback provided to the generator. But instead
of explicit regularization of gradients or architecture-speci ¢ constraints, we apply a general infor-
mation bottleneck to the discriminator, which previous works have shown to encourage networks to
ignore irrelevant cues (Achille & Soatto, 2017). We hypothesize that this then allows the generator
to focus on improving the most discerning differences between real and fake samples.

Adversarial techniques have also been applied to inverse reinforcement learning (Fu et al., 2017),
where a reward function is recovered from demonstrations, which can then be used to train policies to
reproduce a desired skill. Finn et al. (2016a) showed an equivalence between maximum entropy IRL
and GANSs. Similar techniques have been developed for adversarial imitation learning (Ho & Ermon,
2016; Merel et al., 2017), where agents learn to imitate demonstrations without explicitly recovering
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a reward function. One advantage of adversarial methods is that by leveraging a discriminator in
place of a reward function, they can be applied to imitate skills where reward functions can be
dif cult to engineer. However, the performance of policies trained through adversarial methods still
falls short of those produced by manually designed reward functions, when such reward functions
are available (Rajeswaran et al., 2017; Peng et al., 2018). We show that our method can signi cantly
improve upon previous works that use adversarial techniques, and produces results of comparable
guality to those from state-of-the-art approaches that utilize manually engineered reward functions.

Our variational discriminator bottleneck is based on the information bottleneck (Tishby & Za-
slavsky, 2015), a technique for regularizing internal representations to minimize the mutual informa-
tion with the input. Intuitively, a compressed representation can improve generalization by ignoring
irrelevant distractors present in the original input. The information bottleneck can be instantiated in
practical deep models by leveraging a variational bound and the reparameterization trick, inspired
by a similar approach in variational autoencoders (VAE) (Kingma & Welling, 2013). The resulting
variational information bottleneck approximates this compression effect in deep networks (Alemi
et al., 2016; Achille & Soatto, 2017). A similar bottleneck has also been applied to learn disentan-
gled representations (Higgins et al., 2017). Building on the success of VAEs and GANs, a number
of efforts have been made to combine the two. Makhzani et al. (2016) used adversarial discrimina-
tors during the training of VAEs to encourage the marginal distribution of the latent encoding to be
similar to the prior distribution, similar techniques include Mescheder et al. (2017) and Chen et al.
(2018). Conversely, Larsen et al. (2016) modeled the generator of a GAN using a VAE. Zhao et al.
(2016) used an autoencoder instead of a VAE to model the discriminator, but does not enforce an in-
formation bottleneck on the encoding. While instance noise is widely used in modern architectures
(Salimans et al., 2016; Sgnderby et al., 2016; Arjovsky & Bottou, 2017), we show that explicitly
enforcing an information bottleneck leads to improved performance over simply adding noise for a
variety of applications.

3 PRELIMINARIES

In this section, we provide a review of the variational information bottleneck proposed by Alemi
et al. (2016) in the context of supervised learning. Our variational discriminator bottleneck is based
on the same principle, and can be instantiated in the context of GANs, inverse RL, and imitation
learning. Given a datasgx;; y;g, with featuresx; and labelsy/;, the standard maximum likelihood
estimateg(yijx;) can be determined according to

rr}qin Exy poay) [ 10ga(yjx)]: 1)

Unfortunately, this estimate is prone to over tting, and the resulting model can often exploit idiosyn-
crasies in the data (Krizhevsky et al., 2012; Srivastava et al., 2014). Alemi et al. (2016) proposed
regularizing the model using an information bottleneck to encourage the model to focus only on the
most discriminative features. The bottleneck can be incorporated by rst introducing an encoder
E (zjx) that maps the featuresto a latent distribution oveZ , and then enforcing an upper bound

| . on the mutual information between the encoding and the original feat(Xeg ). This results

in the following regularized objectivé(q; E)

J@E)= min By pay) Bz @[ logalyjz)]
st 1(X;Z2) ¢

Note that the moded|(yjz) now maps samples from the latent distributiono the labely. The
mutual information is de ned according to

p(x; z) E(zjx)
p(x)p(z) n(2)
where p{x) is the distribution given by the dataset. Computing the marginal distribution
p(z) = E(zjx) p(x) dx can be challenging. Instead, a variational lowgy bound can be obtained
By using an approximation(z) of the marginal. Sinc&L [p(2)jjr(z)] 0, p(z) log p(z) dz

p(z) log r(z) dz, an upper bound oh(X; Z ) can be obtained via the KL divergence,
z E (zjx)

r(z)

)

1(X;Z2)= p(x;2)log dx dz = p(x)E(zjx) log

dx dz; 3)

1(X;Z) p(x)E (zjx)log

dx dz = Ex pex) [KLIE(ZX)jir (2)]]: (4)
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Figure 2:Left: Overview of the variational discriminator bottleneck. The encoder rst maps sam-
plesx to a latent distributiofit (zjx). The discriminator is then trained to classify samalé®m the
latent distribution. An information bottlenedkX;Z) | is applied toZ. Right: Visualization

of discriminators trained to differentiate two Gaussians with different KL bolipds

This provides an upper bound on the regularized objedtieg E) J(q; E),
J(9;E) = I;n||5n Ex:y pxiy) Ez E@ix) [ logq(yjz)]
st By poo IKLIE@X)iir@0 e

®)

To solve this problem, the constraint can be subsumed into the objective with a coef cient

min Ecy poy) Ez el 1090(yi2)] + B oo KLIE@XIF@D T @ (g)
Alemi et al. (2016) evaluated the method on supervised learning tasks, and showed that models
trained with a VIB can be less prone to over tting and more robust to adversarial examples.

4 VARIATIONAL DISCRIMINATOR BOTTLENECK

To outline our method, we rst consider a standard GAN framework consisting of a discriminator
D and a generatds, where the goal of the discriminator is to distinguish between samples from the
target distributiorp (x) and samples from the generatfx),

maxmin  Ex ([ log(@ () + Ex ool log( DOO):

We incorporate a variational information bottleneck by introducing an endedeto the discrimi-

nator that maps a sampieto a stochastic encodirg E(zjx), and then apply a constraihg on

the mutual information (X; Z ) between the original features and the encodings then trained

to classify samples drawn from the encoder distribution. A schematic illustration of the framework
is available in Figure 2. The regularized objectM®; E ) for the discriminator is given by

J(DE) = g?lizn Ex p ) Ez e@x)[ 109(D(2))] + Ex cix) Ez e@x)[ 10g(l D(2))]

st Ex poo [KLIE@Nir@1 e "
7
with p = %p + %G being a mixture of the target distribution and the generator. We refer to this
regularizer as the variational discriminator bottleneck (VDB). To optimize this objective, we can
introduce a Lagrange multiplier,

J(D;E): g?liznmaox Ex p (x) Ez E(zjx)[ lOQ(D(Z))] + Ex G(x) Ez E(zjx)[ IOg(l D(Z))]

+  Ex po [KLIE@ZX)iir(l e -
(8)
As we will discuss in Section 4.1 and demonstrate in our experiments, enforcing a speci ¢ mutual
information budget betweenandz is critical for good performance. We therefore adaptively update
via dual gradient descent to enforce a speci ¢ constriaimn the mutual information,

D E argminL(D;E; )
D;E (9)
max 0; + Ex px) IKLIE(ZX)jir ()l 1c

4
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whereL (D; E; ) is the Lagrangian
L(D;E; )= Ex p (x) Ez E(zjx)[ |Og(D(Z))] + Ex G(x) Ez E(zjx)[ |Og(1 D(Z))]

+ B peo [KLIE@X)Jir (DN Te
(10)
and s the stepsize for the dual variable in dual gradient descent (Boyd & Vandenberghe, 2004).
In practice, we perform only one gradient stepm@ndE, followed by an update to. We refer to
a GAN that incorporates a VDB as a variational generative adversarial network (VGAN).

In our experiments, the priar(z) = N (0;1) is modeled with a standard Gaussian. The encoder
E(zjx) = N( g(x); eg(x)) models a Gaussian distribution in the latent varialesvith mean

g (X) and diagonal covariance matrixz (x). When computing the KL loss, each batch of data
contains an equal number of samples frpnix) andG(x). We use a simpli ed objective for the
generator,

max By gul log(l D( e())N: (11)

where the KL penalty is excluded from the generator's objective. Instead of computing the expecta-
tion overZ, we found that approximating the expectation by evaludiingt the mean g (x) of the
encoder's distribution was suf cient for our tasks. The discriminator is modeled with a single linear
unit followed by a sigmoid@ (z) = (wJz+ bp), with weightswp and biadhp .

4,1 DISCUSSION ANDANALYSIS

To interpret the effects of the VDB, we consider the results presented by Arjovsky & Bottou (2017),
which show that for two distributions with disjoint support, the optimal discriminator can perfectly
classify all samples and its gradients will be zero almost everywhere. Thus, as the discriminator con-
verges to the optimum, the gradients for the generator vanishes accordingly. To address this issue,
Arjovsky & Bottou (2017) proposed applying continuous noise to the discriminator inputs, thereby
ensuring that the distributions have continuous support everywhere. In practice, if the original dis-
tributions are suf ciently distant from each other, the added noise will have negligible effects. As
shown by Mescheder et al. (2017), the optimal choice for the variance of the noise to ensure con-
vergence can be quite delicate. In our method, by rst using a learned encoder to map the inputs to
an embedding and then applying an information bottleneck on the embedding, we can dynamically
adjust the variance of the noise such that the distributions not only share support in the embedding
space, but also have signi cant overlap. Since the minimum amount of information required for
binary classi cation is 1 bit, by selecting an information constraing 1, the discriminator is pre-
vented from from perfectly differentiating between the distributions. To illustrate the effects of the
VDB, we consider a simple task of training a discriminator to differentiate between two Gaussian
distributions. Figure 2 visualizes the decision boundaries learned with different bbuodsthe

mutual information. Without a VDB, the discriminator learns a sharp decision boundary, resulting in
vanishing gradients for much of the space. Butadecreases and the bound tightens, the decision
boundary is smoothed, providing more informative gradients that can be leveraged by the generator.

Taking this analysis further, we can extend Theorem 3.2 from Arjovsky & Bottou (2017) to analyze
the VDB, and show that the gradient of the generator will be non-degenerate for a small enough
constraintl ., under some additional simplifying assumptions. The result in Arjovsky & Bottou
(2017) states that the gradient consists of vectors that point toward samples on the data manifold,
multiplied by coef cients that depend on the noise. However, these coef cients may be arbitrarily
small if the generated samples are far from real samples, and the noise is not large enough. This
can still cause the generator gradient to vanish. In the case of the VDB, the constraint ensures that
these coef cients are always bounded below. Due to space constraints, this result is presented in
Appendix A.

4.2 VAIL: VARIATIONAL ADVERSARIAL IMITATION LEARNING

To extend the VDB to imitation learning, we start with the generative adversarial imitation learning
(GAIL) framework (Ho & Ermon, 2016), where the discriminator's objective is to differentiate be-
tween the state distribution induced by a target polic{s) and the state distribution of the agent's
policy (s),

maxmin Es ([ logD(S)]+ Es (5[ log(l D(9):
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(a) Backip (b) Cartwheel

(c) Dance (d) Run

Figure 3: Simulated humanoid performing various skills. VAIL is able to closely imitate a broad
range of skills from mocap data.

The discriminator is trained to maximize the likelihood assigned to states from the target policy,
while minimizing the likelihood assigned to states from the agent's policy. The discriminator also
serves as the reward function for the agent, which encourages the policy to visit states that, to the
discriminator, appear indistinguishable from the demonstrations. Similar to the GAN framework,
we can incorporate a VDB into the discriminator,

J(D;E) = anénmaOX Es () Bz E@zjs[ 109(D(2))] + Es (s) E; E(zs)[ log(l D(2))]

+  Es (9 [KL[E(Z9)jir(2] ¢ :

(12)
where~ = % + % represents a mixture of the target policy and the agent's policy. The reward
for is then speci ed by the discriminator = log(1 D( g(S))). We refer to this method as
variational adversarial imitation learning (VAIL).

4.3 VAIRL: VARIATIONAL ADVERSARIAL INVERSEREINFORCEMENTLEARNING

The VDB can also be applied to adversarial inverse reinforcement learning (Fu et al., 2017) to yield a
new algorithm which we call variational adversarial inverse reinforcement learning (VAIRL). AIRL
operates in a similar manner to GAIL, but with a discriminator of the form

exp (f (s;a;89)

DEA) = ofsas)r @9

(13)

wheref (s;a;s%) = g(s;a)+ h (s h(s), with g andh being learned functions. Under certain
restrictions on the environment, Fu et al. show thg(#; a) is de ned to depend only on the current
states, the optimalg(s) recovers the expert's true reward functior(s) up to a constang (s) =

r (s)+ const. In this case, the learned reward can be re-used to train policies in environments with
different dynamics, and will yield the same policy as if the policy was trained under the expert's
true reward. In contrast, GAIL's discriminator typically cannot be re-optimized in this way (Fu
etal., 2017). In VAIRL, we introduce stochastic encodegéz,js); En(znjs), andg(zg); h(zn) are

modi ed to be functions of the encoding. We can reformulate Equation 13 as

exp (f (zg:Zn; Z7))
exp (f (zg;zn;2°)) +  (ajs) '

D(s;a;z) =
for z = (zg; zn; 20) andf (zg; zn; 20) = Dg(zg)+ D n(z9) Dn(zn). We then obtain a modi ed
objective of the form

J(DJE) = anIIEn maox Esso (sis9 Ez Ezsiso [ 109 (D (s;a;2))]
+ Es;s,0 (s;89) E; E (zjs;s?) [ IOQ (1 D(S; a; Z))]
+ Es;s° ~(s;s9) [KL [ E (ZjS; SO)JJ r (Z)]] le ;

where (s;sY denotes the joint distribution of successive states from a policy,Eags; s =
Eq(zgjs) En(znjs) En(zpjs?).
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Figure 4: Learning curves comparing VAIL to other methods for motion imitation. Performance is
measured using the average joint rotation error between the simulated character and the reference
motion. Each method is evaluated with 3 random seeds.

Method Back ip Cartwheel Dance Run Spinkick

BC 3.01 2.88 2.93 2.63 2.88
Merel et al., 2017| 1:33 0:03 1:47 0:12 2:61 0:30 0:52 0:.04 1:82 0:35
GAIL 0:74 0:15 0:84 0:.05 1:31 0:16 0:17 0:.03 1:.07 0:03
GAIL - noise 0:42 0:02 0:92 0:.07 0:96 0:08 0:21 0:05 0:95 0:14
GAIL - noise z 0:67 0:12 0:72 0:04 1:14 0:08 0:14 0:.03 0:64 0:09
GAIL - GP 0:62 0:09 0:69 0:05 0:80 0:32 0:12 0:02 0:64 0:04
VAIL (ours) 0:36 0:13 | 0:40 0:.08 0:40 0:21 0:13 0:.01 0:34 0:.05
VAIL-GP (ours) | 046 0:17 | 0:31 0:02 | 0:15 0:01 | 0:10 0:01 | 0:31 0:02

[ Pengetal., 2018] 0.26 [ 0.21 [ 0.20 [ 0.14 [ 0.19 ]

Table 1: Average joint rotation error (radians) on humanoid motion imitation tasks. VAIL outper-
forms the other methods for all skills evaluated, except for policies trained using the manually-
designed reward function from (Peng et al., 2018).

5 EXPERIMENTS

We evaluate our method on adversarial learning problems in imitation learning, inverse reinforce-
ment learning, and image generation. In the case of imitation learning, we show that the VDB
enables agents to learn complex motion skills from a single demonstration, including visual demon-
strations provided in the form of video clips. We also show that the VDB improves the performance
of inverse RL methods. Inverse RL aims to reconstruct a reward function from a set demonstrations,
which can then used to perform the task in new environments, in contrast to imitation learning,
which aims to recover a policy directly. Our method is also not limited to control tasks, and we
demonstrate its effectiveness for unconditional image generation.

5.1 VAIL: VARIATIONAL ADVERSARIAL IMITATION LEARNING

The goal of the motion imitation tasks is to train a simulated character to mimic demonstrations pro-
vided by mocap clips recorded from human actors. Each mocap clip provides a sequence of target
stated sy; S;; ::1; Sy g that the character should track at each timestep. We use a similar experimental
setup as Peng et al. (2018), with a 34 degrees-of-freedom humanoid character. We found that the
discriminator architecture can greatly affect the performance on complex skills. The particular ar-
chitecture we employ differs substantially from those used in prior work (Merel et al., 2017), details
of which are available in Appendix C. The encodifigis 128D and an information constraint of

l. = 0:5is applied for all skills, with a dual stepsize of =10 5. All policies are trained using

PPO (Schulman et al., 2017).

The motions learned by the policies are best seen in the supplementary video. Snapshots of the
character's motions are shown in Figure 3. Each skill is learned from a single demonstration. VAIL
is able to closely reproduce a variety of skills, including those that involve highly dynamics ips and
complex contacts. We compare VAIL to a number of other techniques, including state-only GAIL
(Ho & Ermon, 2016), GAIL with instance noise applied to the discriminator inputs (GAIL - noise),
GAIL with instance noise applied to the last hidden layer (GAIL - noise z), and GAIL with a gradient
penalty applied to the discriminator (GAIL - GP) (Mescheder et al., 2018). Since the VDB helps to
prevent vanishing gradients, while GP mitigates exploding gradients, the two techniques can be seen
as being complementary. Therefore, we also train a model that combines both VAIL and GP (VAIL -
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Figure 5: Left: Snapshots of the video demonstration and the simulated character trained with
VAIL. The policy learns to run by directly imitating the videRight: Saliency maps that visualize

the magnitude of the discriminator's gradient with respect to all channels of the RGB input images
from both the demonstration and the simulation. Pixel values are normalized bd@y&kn

Figure 6: Left: Learning curves comparing policies for the video imitation task trained using a
pixel-wise loss as the reward, GAIL, and VAIL. Only VAIL successfully learns to run from a video
demonstrationMiddle: Effect of training with xed values of and adaptive (I. = 0:5). Right:.

KL loss over the course of training with adaptive The dual gradient descent update foeffec-
tively enforces the VDB constraitt.

GP). Implementation details for combining the VDB and GP are available in Appendix B. Learning
curves for the various methods are shown in Figure 10 and Table 1 summarizes the performance of
the nal policies. Performance is measured in terms of the average joint rotation error between the
simulated character and the reference motion. We also include a reimplementation of the method
described by Merel et al. (2017). For the purpose of our experiments, GAIL denotes policies trained
using our particular architecture but without a VDB, and Merel et al. (2017) denotes policies trained
using an architecture that closely mirror those from previous work. Furthermore, we include com-
parisons to policies trained using the handcrafted reward from Peng et al. (2018), as well as policies
trained via behavioral cloning (BC). Since mocap data does not provide expert actions, we use the
policies from Peng et al. (2018) as oracles to provide state-action demonstrations, which are then
used to train the BC policies via supervised learning. Each BC policy is trained with 10k samples
from the oracle policies, while all other policies are trained from just a single demonstration, the
equivalent of approximately 100 samples.

VAIL consistently outperforms previous adversarial methods, and VAIL - GP achieves the best per-
formance overall. Simply adding instance noise to the inputs (Salimans et al., 2016) or hidden layer
without the KL constraint (Sgnderby et al., 2016) leads to worse performance, since the network can
learn a latent representation that renders the effects of the noise negligible. Though training with
the handcrafted reward still outperforms the adversarial methods, VAIL demonstrates comparable
performance to the handcrafted reward without manual reward or feature engineering, and produces
motions that closely resemble the original demonstrations. The method from Merel et al. (2017) was
able to imitate simple skills such as running, but was unable to reproduce more acrobatic skills such
as the back ip and spinkick. In the case of running, our implementation produces more natural gaits
than the results reported in Merel et al. (2017). Behavioral cloning is unable to reproduce any of the
skills, despite being provided with substantially more demonstration data than the other methods.

Video Imitation: While our method achieves substantially better results on motion imitation when

compared to prior work, previous methods can still produce reasonable behaviors. However, if the
demonstrations are provided in terms of the raw pixels from video clips, instead of mocap data,
the imitation task becomes substantially harder. The goal of the agent is therefore to directly im-
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Transfer environments

Method C-maze S-maze

GAIL -24.6 7.2 1.0 1.3

VAIL -65.6 18.9 | 20.8 39.7

AIRL -15.3 7.8 -0.2 0.1

AIRL - GP -9.14 0.4 | -0.14 0.3
VAIRL ( =0) -25.5 7.2 | 62.3 33.2
VAIRL (ours) -10.0 2.2 | 74.0 38.7
VAIRL - GP (ours) | -9.18 0.4 | 156.5 5.6
[ TRPOexpert | 51 [ 1532 ]

Figure 7:Left: C-Maze and S-Maze. When trained on the training maze on the left, AIRL learns
a reward that over ts to the training task, and which cannot be transferred to the mirrored maze on
the right. In contrast, VAIRL learns a smoother reward function that enables more-reliable transfer.
Right: Performance on ipped test versions of our two training mazes. We report mean return (
std. dev.) over ve runs, and the mean return for the expert used to generate demonstrations.

itate the skill depicted in the video. This is also a setting where manually engineering rewards is
impractical, since simple losses like pixel distance do not provide a semantically meaningful mea-
sure of similarity. Figure 6 compares learning curves of policies trained with VAIL, GAIL, and
policies trained using a reward function de ned by the average pixel-wise difference between the
frameM, from the video demonstration and a rendered imidgeof the agent at each timestep

re=1 5%=iiM; M¢jj? Each frame is represented b4 64 RGB image.

Both GAIL and the pixel-loss are unable to learn the running gait. VAIL is the only method that
successfully learns to imitate the skill from the video demonstration. Snapshots of the video demon-
stration and the simulated motion is available in Figure 5. To further investigate the effects of the
VDB, we visualize the gradient of the discriminator with respect to images from the video demon-
stration and simulation. Saliency maps for discriminators trained with VAIL and GAIL are available
in Figure 5. The VAIL discriminator learns to attend to spatially coherent image patches around the
character, while the GAIL discriminator exhibits less structure. The magnitude of the gradients from
VAIL also tend to be signi cantly larger than those from GAIL, which may suggests that VAIL is
able to mitigate the problem of vanishing gradients present in GAIL.

Adaptive Constraint: To evaluate the effects of the adaptivepdates, we compare policies trained

with different xed values of and policies where is updated adaptively to enforce a desired
information constraint. = 0:5. Figure 6 illustrates the learning curves and the KL loss over the
course of training. When is too small, performance reverts to that achieved by GAIL. Large values

of help to smooth the discriminator landscape and improve learning speed during the early stages
of training, but converges to a worse performance. Policies trained using dual gradient descent to
adaptively update consistently achieves the best performance overall.

5.2 VAIRL: VARIATIONAL ADVERSARIAL INVERSEREINFORCEMENTLEARNING

Next, we use VAIRL to recover reward functions from demonstrations. Unlike the discriminator
learned by VAIL, the reward function recovered by VAIRL can be re-optimized to train new policies
from scratch in the same environment. In some cases, it can also be used to transfer similar behaviour
to different environments. In Figure 7, we show the results of applying VAIRL to the C-maze from

Fu et al. (2017), and a more complex S-maze; the simple 2D observation spaces of these tasks
make it easy to interpret the recovered reward functions. In both mazes, the expert is trained to
navigate from a start position at the bottom of the maze to a xed target position at the top. We use
each method to obtain an imitation policy and to approximate the expert's reward on the original
maze. The recovered reward is then used to train a new policy to solve a left—right ipped version
of the training maze. On the C-maze, we found that plain AIRL—without a gradient penalty—
would sometimes over t and fail to transfer to the new environment, as evidenced by the reward
visualization in Figure 7 (left) and the higher return variance in Figure 7 (right). In contrast, by
incorporating a VDB into AIRL, VAIRL learns a substantially smoother reward function that is
more suitable for transfer. Furthermore, we found that in the S-maze with two internal walls, AIRL
was too unstable to acquire a meaningful reward function. This was true even with the use of a
gradient penalty. In contrast, VAIRL was able to learn a reasonable reward in most cases without a
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Method FID
GAN 63.6
Inst Noise 30.7
SN 23.9
GP 22.6

WGAN-GP 19.9
VGAN (ours) 24.8
VGAN-SN (ours) | 71.8
VGAN-GP (ours)| 18.1

Figure 8: Comparison of VGAN and other methods on CIFAR-10, with performance evaluated
using the Fechet Inception Distance (FID).

Figure 9: VGAN samples on CIFAR-10, CelebA 12828, and CelebAHQ 10241024.

gradient penalty, and its performance improved even further with the addition of a gradient penalty.
To evaluate the effects of the VDB, we observe that the performance of VAIRL drops on both tasks
when the KL constraint is disabled & 0), suggesting that the improvements from the VDB cannot
be attributed entirely to the noise introduced by the sampling procegs Farrther details of these
experiments and illustrations of the recovered reward functions are available in Appendix D.

5.3 VGAN: VARIATIONAL GENERATIVE ADVERSARIAL NETWORKS

Finally, we apply the VDB to image generation with generative adversarial networks, which we
refer to as VGAN. Experiment are conducted on CIFAR-10 (Krizhevsky et al.), CelebA (Liu et al.
(2015)), and CelebAHQ (Karras et al., 2018) datasets. We compare our approach to recent stabi-
lization techniques: WGAN-GP (Gulrajani et al., 2017b), instance noise (Sgnderby et al., 2016;
Arjovsky & Bottou, 2017), spectral normalization (SN) (Miyato et al., 2018), and gradient penalty
(GP) (Mescheder et al., 2018), as well as the original GAN (Goodfellow et al., 2014) on CIFAR-
10. To measure performance, we report thechet Inception Distance (FID) (Heusel et al., 2017),
which has been shown to be more consistent with human evaluation. All methods are implemented
using the same base model, built on the resnet architecture of Mescheder et al. (2018). Aside from
tuning the KL constraint. for VGAN, no additional hyperparameter optimization was performed

to modify the settings provided by Mescheder et al. (2018). The performance of the various methods
on CIFAR-10 are shown in Figure 8. While vanilla GAN and instance noise are prone to diverging
as training progresses, VGAN remains stable. Note that instance noise can be seen as a non-adaptive
version of VGAN without constraints o.. This experiment again highlights that there is a signif-
icant improvement from imposing the information bottleneck over simply adding instance noise.
Combining both VDB and gradient penalty (VGAN - GP) achieves the best performance overall
with an FID of 18.1. We also experimented with combining the VDB with SN, but this combination

is prone to diverging. See Figure 9 for samples of images generated with our approach. Please refer
to Appendix E for experimental details and more results.

6 CONCLUSION

We present the variational discriminator bottleneck, a general regularization technique for adver-
sarial learning. Our experiments show that the VDB is broadly applicable to a variety of domains,
and yields signi cant improvements over previous techniques on a number of challenging tasks.
While our experiments have produced promising results for video imitation, the results have been
primarily with videos of synthetic scenes. We believe that extending the technique to imitating real-
world videos is an exciting direction. Another exciting direction for future work is a more in-depth
theoretical analysis of the method, to derive convergence and stability results or conditions.

10



Published as a conference paper at ICLR 2019

ACKNOWLEDGEMENTS

We would like to thank the anonymous reviewers for their helpful feedback, and AWS and NVIDIA
for providing computational resources. This research was funded by an NSERC Postgradu-
ate Scholarship, a Berkeley Fellowship for Graduate Study, BAIR, Huawei, and ONR PECASE
N000141612723.

REFERENCES

Alessandro Achille and Stefano Soatto. Information dropout: Learning optimal representations
through noisy computationEEE Transactions on Pattern Analysis & Machine Intelligert@
(12):2897-2905, 2017. ISSN 0162-8828. doi: 10.1109/TPAMI.2017.2784440.

Alexander A. Alemi, lan Fischer, Joshua V. Dillon, and Kevin Murphy. Deep variational information
bottleneck.CoRR abs/1612.00410, 2016. URittp://arxiv.org/abs/1612.00410

Mart'n Arjovsky and Lleon Bottou. Towards principled methods for training generative adversarial
networks.CoRR abs/1701.04862, 2017. URittp://arxiv.org/abs/1701.04862

Martin Arjovsky, Soumith Chintala, anddon Bottou. Wasserstein generative adversarial networks.
In Doina Precup and Yee Whye Teh (ed®)pceedings of the 34th International Conference
on Machine Learningvolume 70 ofProceedings of Machine Learning Researpp. 214-223,
International Convention Centre, Sydney, Australia, 06—11 Aug 2017. PMLR. it/
proceedings.mir.press/v70/arjovskyl7a.html .

David Berthelot, Tom Schumm, and Luke Metz. BEGAN: boundary equilibrium generative ad-
versarial networks CoRR abs/1703.10717, 2017. URittp://arxiv.org/abs/1703.
10717 .

Stephen Boyd and Lieven Vandenberglanvex OptimizationCambridge University Press, New
York, NY, USA, 2004. ISBN 0521833787.

Bullet. Bullet physics library, 2015. http://bulletphysics.org.

Tong Che, Yanran Li, Athul Paul Jacob, Yoshua Bengio, and Wenijie Li. Mode regularized generative
adversarial network€CoRR abs/1612.02136, 2016. URittp://arxiv.org/abs/1612.
02136 .

Ligun Chen, Shuyang Dai, Yunchen Pu, Erjin Zhou, Chunyuan Li, Qinliang Su, Changyou Chen,
and Lawrence Carin. Symmetric variational autoencoder and connections to adversarial learning.
In Amos Storkey and Fernando Perez-Cruz (ed®3Qceedings of the Twenty-First International
Conference on Arti cial Intelligence and Statistjoslume 84 ofProceedings of Machine Learn-
ing Researchpp. 661-669, Playa Blanca, Lanzarote, Canary Islands, 09-11 Apr 2018. PMLR.
URL http://proceedings.mir.press/v84/chen18b.html

Chris Donahue, Julian McAuley, and Miller Puckette. Synthesizing audio with generative adversar-
ial networks.CoRR abs/1802.04208, 2018. URittp://arxiv.org/abs/1802.04208

Chelsea Finn, Paul F. Christiano, Pieter Abbeel, and Sergey Levine. A connection between gen-
erative adversarial networks, inverse reinforcement learning, and energy-based n@ZaRR.
abs/1611.03852, 2016a. URIttp://arxiv.org/abs/1611.03852 .

Chelsea Finn, Sergey Levine, and Pieter Abbeel. Guided cost learning: Deep inverse optimal con-
trol via policy optimization. InProceedings of the 33nd International Conference on Machine
Learning, ICML 2016, New York City, NY, USA, June 19-24, 2@16 49-58, 2016b. URL
http://jmlr.org/proceedings/papers/v48/finn16.html

Justin Fu, Katie Luo, and Sergey Levine. Learning robust rewards with adversarial inverse rein-

forcement learningCoRR abs/1710.11248, 2017. URittp://arxiv.org/abs/1710.
11248.

11



Published as a conference paper at ICLR 2019

lan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial nets. In Z. Ghahramani, M. Welling,
C. Cortes, N. D. Lawrence, and K. Q. Weinberger (edsdyances in Neural Information Pro-
cessmg Systems 2f@p. 2672-2680. Curran Associates, Inc., 2014. Ui%tb llpapers.
nips.cc/paper/5423-generative-adversarial-nets.pdf

Ishaan Gulrajani, Faruk Ahmed, Martin Arjovsky, Vincent Dumoulin, and Aaron C Courville. Im-
proved training of wasserstein gans. In I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus,
S. Vishwanathan, and R. Garnett (ed&dlvances in Neural Information Processing Systems 30
pp. 5767-5777. Curran Associates, Inc., 2017a. WRp: //papers nips.cc/paper/
7159-improved-training-of-wasserstein-gans.pdf

Ishaan Gulrajani, Faruk Ahmed, Martin Arjovsky, Vincent Dumoulin, and Aaron C Courville. Im-
proved training of wasserstein gans.Advances in Neural Information Processing Systemps
5767-5777, 2017h.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter.
Gans trained by a two time-scale update rule converge to a local nash equilibrivkdvdnces
in Neural Information Processing Systemp. 6626—-6637, 2017.

Irina Higgins, Loic Matthey, Arka Pal, Christopher Burgess, Xavier Glorot, Matthew Botvinick,
Shakir Mohamed, and Alexander LerchnerVAE: Learning basic visual concepts with a con-
strained variational framework. I€LR, 2017.

Geoffrey Hinton, Nitish Srivastava, and Kevin Swersky. Neural networks for machine learning
lecture 6a overview of mini-batch gradient descent.

Jonathan Ho and Stefano Ermon. Generative adversarial imitation learniAgvémces in Neural
Information Processing Systems, . 4565-4573. Curran Associates, Inc., 2016.

Daniel Holden, Taku Komura, and Jun Saito. Phase-functioned neural networks for character con-
trol. ACM Trans. Graph.36(4):42:1-42:13, July 2017. ISSN 0730-0301. doi: 10.1145/3072959.
3073663. URLhttp://doi.acm.org/10.1145/3072959.3073663

Tero Karras, Timo Aila, Samuli Laine, and Jaakko Lehtinen. Progressive growing of gans for im-
proved quality, stability, and variatiorCoRR abs/1710.10196, 2017. URittp://arxiv.
org/abs/1710.10196

Tero Karras, Timo Aila, Samuli Laine, and Jaakko Lehtinen. Progressive growing of GANSs for im-
proved quality, stability, and variation. International Conference on Learning Representations
2018. URLhttps://openreview.net/forum?id=Hk99zCeAb

Diederik P. Kingma and Max Welling. Auto-encoding variational bay€aRR abs/1312.6114,
2013. URLhttp://dblp.uni-trier.de/db/journals/corr/corr1312.html#
KingmaWw13.

Naveen Kodali, Jacob D. Abernethy, James Hays, and Zsolt Kira. How to train your DRAGAN.
CoRR abs/1705.07215, 2017. URittp://arxiv.org/abs/1705.07215 .

Alex Krizhevsky, Vinod Nair, and Geoffrey Hinton. Cifar-10 (canadian institute for advanced re-
search). URLhttp://www.cs.toronto.edu/ ~ kriz/cifar.html

Alex Krizhevsky, llya Sutskever, and Geoffrey E Hinton. Imagenet classi cation with deep
convolutional neural networks. In F. Pereira, C. J. C. Burges, L. Bottou, and K. Q.
Weinberger (eds.),Advances in Neural Information Processing Systems gp. 1097-
1105. Curran Associates, Inc., 2012. URttp://papers.nips.cc/paper/
4824-imagenet-classification-with-deep-convolutional-neural-networks.
pdf .

Anders Boesen Lindbo Larsen, Sren Kaae Snderby, Hugo Larochelle, and Ole Winther. Autoencod-
ing beyond pixels using a learned similarity metric. In Maria Florina Balcan and Kilian Q. Wein-
berger (eds.RProceedings of The 33rd International Conference on Machine Learaoigme 48
of Proceedings of Machine Learning Reseangh. 1558—-1566, New York, New York, USA, 20—

22 Jun 2016. PMLR. URDttp://proceedings.mlr.press/v48/larsen16.html .

12



Published as a conference paper at ICLR 2019

Ziwei Liu, Ping Luo, Xiaogang Wang, and Xiaoou Tang. Deep learning face attributes in the wild.
In Proceedings of the IEEE International Conference on Computer Vipjpr3730-3738, 2015.

Mario Lucic, Karol Kurach, Marcin Michalski, Sylvain Gelly, and Olivier Bousquet. Are gans
created equal? a large-scale stuakyXiv preprint arXiv:1711.103372017.

Alireza Makhzani, Jonathon Shlens, Navdeep Jaitly, and lan Goodfellow. Adversarial autoencoders.
In International Conference on Learning Representati@®6. URLhttp://arxiv.org/
abs/1511.05644

Xudong Mao, Qing Li, Haoran Xie, Raymond Y. K. Lau, and Zhen Wang. Multi-class generative
adversarial networks with the L2 loss functiol©oRR abs/1611.04076, 2016. URitp:
[larxiv.org/abs/1611.04076

Josh Merel, Yuval Tassa, Dhruva TB, Sriram Srinivasan, Jay Lemmon, Ziyu Wang, Greg Wayne,
and Nicolas Heess. Learning human behaviors from motion capture by adversarial imitation.
CoRR abs/1707.02201, 2017. URittp://arxiv.org/abs/1707.02201

Lars Mescheder, Andreas Geiger, and Sebastian Nowozin. Which training methods for GANs do
actually converge? In Jennifer Dy and Andreas Krause (eBseedings of the 35th Inter-
national Conference on Machine Learningplume 80 ofProceedings of Machine Learning Re-
search pp. 3481-3490, Stockholmsmssan, Stockholm Sweden, 10-15 Jul 2018. PMLR. URL
http://proceedings.mir.press/v80/meschederl8a.html .

Lars M. Mescheder, Sebastian Nowozin, and Andreas Geiger. Adversarial variational bayes: Unify-
ing variational autoencoders and generative adversarial netw8d&R abs/1701.04722, 2017.
URL http://arxiv.org/abs/1701.04722

Takeru Miyato, Toshiki Kataoka, Masanori Koyama, and Yuichi Yoshida. Spectral normalization
for generative adversarial networks. limternational Conference on Learning Representatjons
2018. URLhttps://openreview.net/forum?id=B1QRgziT- .

Xue Bin Peng, Pieter Abbeel, Sergey Levine, and Michiel van de Panne. Deepmimic: Example-
guided deep reinforcement learning of physics-based character skl Trans. Graph.37
(4):143:1-143:14, July 2018. ISSN 0730-0301. doi: 10.1145/3197517.3201311 httfRL
//doi.acm.org/10.1145/3197517.3201311

Alec Radford, Luke Metz, and Soumith Chintala. Unsupervised representation learning with deep
convolutional generative adversarial network3oRR abs/1511.06434, 2015. URittp://
arxiv.org/abs/1511.06434

Aravind Rajeswaran, Vikash Kumar, Abhishek Gupta, John Schulman, Emanuel Todorov, and
Sergey Levine. Learning complex dexterous manipulation with deep reinforcement learning
and demonstrationsCoRR abs/1709.10087, 2017. URittp://arxiv.org/abs/1709.

10087 .

Tim Salimans, lan J. Goodfellow, Wojciech Zaremba, Vicki Cheung, Alec Radford, and Xi Chen.
Improved techniques for training gan€oRR abs/1606.03498, 2016. URittp://arxiv.
org/abs/1606.03498

John Schulman, Sergey Levine, Pieter Abbeel, Michael Jordan, and Philipp Moritz. Trust region
policy optimization. Ininternational Conference on Machine LearnjrZp15.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. CoRR abs/1707.06347, 2017. URttp://arxiv.org/abs/
1707.06347 .

Casper Kaae Sgnderby, Jose Caballero, Lucas Theis, Wenzhe Shi, and Ferearc Huspr-

tised MAP inference for image super-resolutioBoRR abs/1610.04490, 2016. URittp:
[larxiv.org/abs/1610.04490

13



Published as a conference paper at ICLR 2019

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, llya Sutskever, and Ruslan Salakhutdinov.
Dropout: A simple way to prevent neural networks from over tting. Mach. Learn. Res15
(1):1929-1958, January 2014. ISSN 1532-4435. Uih://dl.acm.org/citation.
cfm?id=2627435.2670313

Naftali Tishby and Noga Zaslavsky. Deep learning and the information bottleneck prinCpRR
abs/1503.02406, 2015. URittp://arxiv.org/abs/1503.02406 .

Carl Vondrick, Hamed Pirsiavash, and Antonio Torralba. Generating videos with scene dynamics.
CoRR abs/1609.02612, 2016. URiitp://arxiv.org/abs/1609.02612

You Xie, Erik Franz, Mengyu Chu, and Nils Thuerey. tempogan: A temporally coherent, volumetric
gan for super-resolution uid ow.ACM Transactions on Graphics (TOG37(4):95, 2018.

Junbo Jake Zhao, MicBaMathieu, and Yann LeCun. Energy-based generative adversarial network.
CoRR abs/1609.03126, 2016. URittp://arxiv.org/abs/1609.03126

14



Published as a conference paper at ICLR 2019

SUPPLEMENTARY MATERIAL

A ANALYSIS AND PROOFS

In this appendix, we show that the gradient of the generator when the discriminator is augmented
with the VDB is non-degenerate, under some mild additional assumptions. First, we assume a
pointwise constraint of the forr{L[ E (zjx)kr (z)] I for all x. In reality, we use an average

KL constraint, since we found it to be more convenient to optimize, though a pointwise constraint
is also possible to enforce by using the largest constraint violation to increm&i# could likely

also extend the analysis to the average constraint, though we leave this to future work. The main
theorem can then be stated as follows:

Theorem A.1. Letg(u) denote the generator's mapping from a noise vector p(u) to a point

in X . Given the generator distributio®(x) and data distributiorp (x), a VDB with an encoder
E(zjx) = N( g(x);) ,andKL[E(zjx)kr(z)] I, the gradient passed to the generator has the
form

r gEu pyfllog( D ( E(g£u))))]

= Eu puy a(u)  E( e(@u)iXrgii e(9u)  e()ii*dp (x)
z

bu) E( e(gu)ix)r gii e(gu)) e (x)i*dG(x)

whereD (z) is the optimal discriminatog(x) andb(x) are positive functions, and we always have
E( e(g(u))jx) > C (I¢), whereC(l) is a continuous monotonic function, a@dl;)! > 0Oas

C -

Analysis for an encoder with an input-dependent variagice) is also possible, but more involved.
We'll further assume below for notational simplicity thatis diagonal with diagonal values?.

This assumption is not required, but substantially simpli es the linear algebra. Analogously to
Theorem 3.2 from Arjovsky & Bottou (2017), this theorem states that the gradient of the generator
points in the direction of points in the data distribution, and away from points in the generator
distribution. However, going beyond the theorem in Arjovsky & Bottou (2017), this result states
that the coef cients on these vectors, given By g (g(u))jx), are always bounded below by a
value that approaches a positive constaas we decreaske, meaning that the gradient does not
vanish. The proof of the rst part of this theorem is essentially identical to the proof presented
by Arjovsky & Bottou (2017), but accounting for the fact that the noise is now injected into the
latent space of the VDB, rather than being added directly.tdrhis result assumes th&t(zjx)

has a learned but input-independent varianee 21, though the proof can be repeated for an
input-dependent or non-diagonal

Proof. Overloadingp (x) andG(x), letp (z) andG(z) be the distribution of embeddingsunder
the real data and generator respectivplyz) is then given by

z
P (2)= Ex p 0 [E@X)]= E(zjx)dp (x);

and similarly forG(z)
z
G(2) = Ex o [E(@iX)]=  E(zjx)dG(x);

From Arjovsky & Bottou (2017), the optimal discriminator betwgeiiz) andG(z) is

_ p (2)
P @= rr 6w
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The gradient passed to the generator then has the form

r ¢Eu pwyllog(X D ( e(g(u))))]
Eu o [F 6109 (G( £(g(u))) T glog(p ( e(gu))+ G( &(g(u))]

_E rgG( e(gu) 1 gp (e(@U))+ 1 ¢G( e(g(u)

VPTG (e (g(u)) p ( e(g()+ G( e(g(u))
1

=B o)+ 6( ey o P =W
1 p ( e(g(w))
p ( e(@W)+ G( e(gu) G( e(gu))

rgl G( e(g(u))]

Let
a(u) = i 1
22p (e(gu)+ G( e(g(u))
buy= & 1 P (e(g(u)).
22p (e(g(u))+ G( e(g(w) G( e(g(u)

We then have

rgEu pyllog(@ D ( e(g9(u)))]
=By py 2 2a(U)fZg[ P (e(gul 2 2Bu)r o[ G( e(g(u))]

= Ey g 2 280) 1 gE( e(g(u)ix)dp (X)

4
220u) 1 gE( e(g(u))ix)dG(x)
y4
1 1. -
=E puy 27aU) 1 gz exp i egu)  e(Oi? dp ()
4

2°0u) 1 ogzexn sl e(W) (i dGX)

=By pw A S e i e(aW)  eGi? i e(e@)  ()i’dp ()

y4
4
bu) zexp il e(U) (% Tl e(aW)  e(i2AG()
Z
= Eu gy W) ECe(@U) gil £(@) e X)itdp (9
Y4

bu) E( e(@u)iX)rgii e(gu)) e (x)ji*dG(x)

O

Similar to the result from Arjovsky & Bottou (2017), the gradient of the generator drives the gener-
ator's samples in the embedding spagdgg(u)) towards embeddings of the points from the dataset
e (x) weighted by their likelihoodE ( g (g(u))jx) under the real data. For an arbitrary encdéer
real and fake samples in the embedding may be far apart. As such, the coefEientgg(u))jx)
can be arbitrarily small, thereby resulting in vanishing gradients for the generator.

The second part of the theorem states t@4t.) is a continuous monotonic function, and
C(lc)! > Oaslc! 0. Thisisthe main result, and relies on the fact KBEE (zjx)jjir (z)] .

The intuition behind this result is that, for any two inputandy, their encoded distributiors(zjx)

andE (zjy) have means that cannot be more than some distance apart, and that distance shrinks with
I .. This allows us to boun& ( g (y))jx) below byC(l¢), which ensures that the coef cients on

the vectors in the theorem above are always at least as laf@é s
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Proof. Letr(z) = N (0;1) be the prior distribution and suppose the KL divergence fox afi the
dataset and afi(u) generated by the generator are boundet:by

KLIE(zjx)jjr(2)] le; 8x;x p (x)
KLIE(zjig(u))jir(2)] le; 8u;u  p(u):
From the de nition of the KL-divergence we can bound the length of all embedding vectors,
KLIE@ir@]= 5 K 2+ e’ e() K Klog 2 I
i e 2c K 2+ K+Klog %

and similarly forjj g(g(u))jj?, with K denoting the dimension oZ. A lower bound on
E( e(g(u))jx),whereu p(u)andx p (x), canthen be determined by

00 (E( e@U)I)= 55 e@W)  e0NT(elgu) () log > log2
sincelj e (% e(@W)i? 2 K 2+ K +Klog 2,
i e(0W) (i’ Ble 4K 244K +4Klog %

and it follows that

2—12(E(g(u)) eC)) (e(gu)  e(x) 4 Zlc+2K 2K 2 2K Zlog %
The likelihood is therefore bounded below by

log (E( e (g(u))jx)) 4 2,+2K 2K 2 2K ?Jog ? 5Iog 2 5Iogz
Since 2 2log 2 1,

0g(E( e(gu)ix) 4 e Slog 2 g2 a4

From the KL constraint, we can derive a lower bou(id) and an upper bound(l¢) on 2.

1
5 K 2+ BT e(x) K Klog 2 I
2l
2 2 c
1 1 —
og <
2l
log 2 =% 1
og <
e 201 =)

For the upper bound, sincé log 2> 1 2,

4
< E+2= Ul

Substituting (1) andU(l) into Equation 14, we arrive at the following lower bound

E( e(g(u))jx) > exp 4l exp %+1 %Iog %+2 %Iogz = C(l¢):

O
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B GRADIENT PENALTY

To combine VDB with gradient penalty, we use the reparameterization trick to backprop through the
encoder when computing the gradient of the discriminator with respect to the inputs.

J(D;E): lr)nén Ex p (x) Ez E(zjx)[ IOg(D(Z))] + Ex G(x) Ez E(zjx)[ IOg(l D(Z))]

1. .
+WepEx px) EN (0) S D)+ e(X))ii?

st Ex p) [KLIE(@ZX)iir (DN T
(15)

The coef cientwgp weights the gradient penalty in the objective;p = 10 for the image gen-
eration,wgp = 1 for motion imitation, andvgp = 0:1 (C-maze) owgp = 0:01 (S-maze) for

the IRL tasks. The gradient penalty is applied only to real sanples). We have experimented

with apply the penalty to both real and fake samples, but found that performance was worse than
penalizing only gradients from real samples. This is consistent with the GP implementation from
Mescheder et al. (2018).

C IMITATION LEARNING

Experimental Setup: The goal of the motion imitation tasks is to train a simulated agent to mimic a
demonstration provided in the form of a mocap clip recorded from a human actor. We use a similar
experimental setup as Peng et al. (2018), with a 34 degrees-of-freedom humanoid character. The
states consists of features that represent the con guration of the character's body (link positions
and velocities). We also include a phase variabl [0; 1] among the state features, which records

the character's progress along the motion and helps to synchronize the character with the reference
motion. With0 and1 denoting the start and end of the motion respectively. The aeatigampled

from the policy (ajs) speci es target poses for PD controller positioned at each joint. Given a
state, the policy speci es a Gaussian distribution over the action sp@gs) = N ( (s); ) , with

a state-dependent meafs) and xed diagonal covariance matrix. (s) is modeled using a 3-
layered fully-connected network with 1024 and 512 hidden units, followed by a linear output layer
that speci es the mean of the Gaussian. ReLU activations are used for all hidden layers. The value
function is modeled with a similar architecture but with a single linear output unit. The policy is
gueried aBOHz. Physics simulation is performed at 1.2kHz using the Bullet physics engine Bullet
(2015).

Given the rewards from the discriminator, PPO (Schulman et al., 2017) is used to train the policy,
with a stepsize o2:5 10 6 for the policy, a stepsize @f01 for the value function, and a stepsize

of 10 ° for the discirminator. Gradient descent with momentum 0.9 is used for all models. The
PPO clipping threshold is set @2. When evaluating the performance of the policies, each episode
is simulated for a maximum horizon of 0Early termination is triggered whenever the character's
torso contacts the ground, leaving the policy is a maximum error mdians for all remaining
timesteps.

Phase-Functioned Discriminator: Unlike the policy and value function, which are modeled with
standard fully-connected networks, the discriminator is modeled by a phase-functioned neural net-
work (PFNN) to explicitly model the time-dependency of the reference motion (Holden et al., 2017).
While the parameters of a network are generally xed, the parameters of a PFNN are functions of
the phase variable. The parameters of the network for a given is determined by a weighted
combination of a set of xed parametefrsy; 1;:::; k0,

X
= wi( ) i
i=0
wherew;( ) is a phase-dependent weight fgr In our implementation, we ude = 5 sets of
parameters and; ( ) is designed to linearly interpolate between two adjacent sets of parameters
for each phase, where each set of parameterscorresponds to a discrete phase valuspaced
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Figure 10: Learning curves comparing VAIL to other methods for motion imitation. Performance
is measured using the average joint rotation error between the simulated character and the reference
motion. Each method is evaluated with 3 random seeds.

Figure 11: Learning curves comparing VAIL with a discriminator modeled by a phase-functioned
neural network (PFNN), to modeling the discriminator with a fully-conneted network that receives
the phase-variable as part of the input (no PFNN), and a discriminator modeled with a fully-
connected network but does not receivas an input (no phase).

uniformly betweer0; 1]. For a given value of , the parameters of the discriminator are determined
according to

=wWi( )i+ Wisa( ) in

where ; and j+; correspond to the phase values < i+ that form the endpoints of

the phase interval that contains A PFNN is used for all motion imitation experiments, both
VAIL and GAIL, except for those that use the approach proposed by Merel et al. (2017), which use
standard fully-connected networks for the discriminator. Figure 11 compares the performance of
VAIL when the discriminator is modeled with a phase-functioned neural network (with PFNN) to
discriminators modeled with standard fully-connected networks. We increased the size of the layers
of the fully-connected nets to have a similar number of parameters as a PFNN. We evaluate the
performance of fully-connected nets that receive the phase variasigart of the input (no PFNN),

and fully-connected nets that do not receivas an input. The phase-functioned discriminator
leads to signi cant performance improvements across all tasks evaluated. Policies trained without a
phase variable performs worst overall, suggesting that phase information is critical for performance.
All methods perform well on simpler skills, such as running, but the additional phase structure
introduced by the PFNN proved to be vital for successful imitation of more complex skills, such as
the dance and back ip.

Next we compare the accuracy of discriminators trained using different methods. Figure 12 illus-
trates accuracy of the discriminators over the course of training. Discriminators trained via GAIL
quickly overpowers the policy, and learns to accurately differentiate between samples, even when
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Figure 12: Left: Accuracy of the discriminator trained using different methods for imitating the
dance skill. Middle:. Value of the dual variable over the course of trainingRight: KL loss
over the course of training. The dual gradient descent update &ffectively enforces the VDB
constraint ..

instance noise is applied to the inputs. VAIL without the KL constraint slows the discriminator's
progress, but nonetheless reaches near perfect accuracy with a larger number of samples. Once the
KL constraint is enforced, the information bottleneck constrains the performance of the discrimina-
tor, converging to approximatel§0% accuracy. Figure 12 also visualizes the value ajver the

course of training for motion imitation tasks, along with the loss of the KL term in the objective.
The dual gradient descent update effectively enforces the VDB condtgaint

Video Imitation: In the video imitation tasks, we use a simpli ed 2D biped character in order to
avoid issues that may arise due to depth ambiguity from monocular videos. The biped character
has a total of 12 degrees-of-freedom, with similar state and action parameters as the humanoid.
The video demonstrations are generated by rendering a reference motion into a sequence of video
frames, which are then provided to the agent as a demonstration. The goal of the agent is to imitate
the motion depicted in the video, without access to the original reference motion, and the reference
motion is used only to evaluate performance.

D INVERSEREINFORCEMENTLEARNING

D.1 EXPERIMENTAL SETUP

Environments We evaluate on two maze tasks, as illustrated in Figure 13. The C-maze is taken
from Fu et al. (2017): in this maze, the agent starts at a random point within a small xed distance
of the mean start position. The agent has a continuous, 2D action space which allows it to accelerate
in thex ory directions, and is able to observe xtsandy position, but not its velocity. The ground

truth reward isry = dy 10 3kak?, whered, is the agent's distance to the goal, amdis its

action (this action penalty is assumed to be zero in Figure 13). Episodes terminate after 100 steps;
for evaluation, we report the undiscounted mean sum of rewards over each episode The S-maze is
larger variant of the same environment with an extra wall between the agent and its goal. To make
the S-maze easier to solve for the expert, we added further reward shaping to encourage the agent to
pass between the gaps between walls. We also increased the maximum control forces relative to the
C-maze to enable more rapid exploration. Environments will be released along with the rest of our
VAIRL implementations.

Hyperparameters Policy networks for all methods were two-layer ReLU MLPs with 32 hidden
units per layer. Reward and discriminator networks were similar, but with 32-unit mean and standard
deviation layers inserted before the nal layer for VDB methods. To generate expert demonstrations,
we trained a TRPO (Schulman et al., 2015) agent on the ground truth reward for the training envi-
ronment for 200 iterations, and saved 107 trajectories from each of the policies corresponding to the
ve nal iterations. TRPO used a batch size of 10,000, a step size of 0.01, and entropy bonus with
a coef cient of 0.1 to increase diversity. After generating demonstrations, we trained the IRL and
imitation methods on a training maze for 200 iterations; again, our policy optimizer was TRPO with
the same hyperparameters used to generate demonstrations. Between each policy update, we did
100 discriminator updates using Adam with a learning raté of10 ° and batch size of 32. For

the C-maze our VAIRL runs used a target KLIgf = 0:5, while for the more complex S-maze we
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Figure 13: Left: The C-maze used for training and its mirror version used for testing. Colour
contours show the ground truth reward function that we use to train the expert and evaluate transfer
quality, while the red and green dots show the initial and goal positions, respectRight: The
analogous diagram for the S-maze.

use atighter target dt. = 0:05. For the test C-maze, we trained new policies against the recovered
reward using TRPO with the hyperparameters described above; for the test S-maze, we modi ed
these parameters to use a batch size of 50,000 and learning rate of 0.001 for 400 iterations.

D.2 RECOVERED REWARD FUNCTIONS

Figure 14 and 15 show the reward functions recovered by each IRL baseline on the C-maze and
S-maze, respectively, along with sample trajectories for policies trained to optimize those rewards.
Notice that VAIRL tends to recover smoother reward functions that match the ground truth reward
more closely than the baselines. Addition of a gradient penalty enhances this effect for both AIRL
and VAIRL. This is especially true in S-maze, where combining a gradient penalty with a variational
discriminator bottleneck leads to a smooth reward that gradually increases as the agent nears its goal
position at the top of the maze.

E IMAGE GENERATION

We provide further experiment on image generation and details of the experimental setup.

E.1 EXPERIMENTAL SETUP:

We use the non-saturating objective of Goodfellow et al. (2014) for all models except WGAN-
GP. Following (Lucic et al., 2017), we compute FID on samples of size 0000 base our
implementation on (Mescheder et al., 2018), where we do not use any batch normalization for both
the generator and the discriminator. We use RMSprop (Hinton et al.) and a xed learning rate for
all experiments.

For convolutional GAN, variational discriminative bottleneck is implemented as a 1x1 convolution
on the nal embedding space that outputs a Gaussian distributionZoparametrized with a mean

and a diagonal covariance matrix. For all image experiments, we preserve the dimensionality of
the latent space. All experiments use adaptivepdate with a dual stepsize of = 10 5. We

will make our code public. Similarly to VGAN, instance noise Sgnderby et al. (2016); Arjovsky
& Bottou (2017) is added to the nal embedding space of the discriminator right before applying
the classi er. Instance noise can be interpreted as a non-adaptive VGAN without a information
constraint.

Architecture: For CIFAR-10, we use a resnet-based architecture adapted from (Mescheder et al.,
2018) detailed in Tables 2, 3, and 4. For CelebA and CelebAHQ, we use the same architecture used
in (Mescheder et al., 2018).

2For computing the FID we use the public implementation of https:/github.com/mseitzer/pytorch- d.
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Figure 14: Visualizations of recovered reward functions transferred to the mirrored C-maze. Also
shown are trajectories executed by policies trained to maximize the corresponding reward in the new
environment.
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Figure 15: Visualizations of recovered reward functions transferred to the mirrored S-maze, like
Figure 14.

23



Published as a conference paper at ICLR 2019

Layer Output size Filter

FC 256 4 4 256 ¥ 256 4 4
Reshape 256 4 4

Resnet-block | 128 4 4 256 ¥ 128
Upsample 128 8 8

Resnet-block | 64 8 8 128 ¥ 64
Upsample 64 16 16
Resnet-block | 32 16 16 | 64 ¥ 32
Upsample 32 32 32
Resnet-block | 32 32 32
Conv2D 3 32 32 32 ¥ 32

Table 2: CIFAR-10 Generator

Layer Output size Filter

Conv2D 32 32 32 3132
Resnet-block | 64 32 32 32 1 64
AvgPool2D 64 16 16
Resnet-block | 128 16 16 | 64 ¥ 128

AvgPool2D 128 8 8

Resnet-block | 256 8 8 128 ¥ 256
AvgPool2D 256 4 4

FC 1 256 4 401

E.2 RESULTS Table 3: CIFAR-10 Discriminator

CIFAR-10: We compare our approach with recent stabilization techniques: WGAN-GP (Gulra-
jani et al., 2017b), instance noise (Sgnderby et al., 2016; |Arjovsky & Bottou, 2017), spectral nor-
malization (Miyato et al.,|2018), and gradient penalty (Mescheder et al.l 2018)). We train report the
networks at 750k iterations. We use I = 0:1, and a coefficient of Wgp = 10 for the gradient
penalty, which is the same as the value used by the implementation from Mescheder et al.| (2018]).
See Figure [16|for visual comparisons of randomly generated samples.

CelebA: On the CelebA (Liu et all |2015) dataset, we generate images of size 128 x 128 with
I = 0:2. On this dataset we do not see a big improvement upon the other baselines. This is likely
because the architecture has been effectively tuned for this task, reflected by the fact that even the
vanilla GAN trains fine on this dataset. All GAN, GP, and VGAN-GP obtain a similar FID scores
of 7.64,7.76, 7.25 respectively. See Figure |1 7|for more qualitative results with our approach.

CelebAHQ: VGAN can also be trained on on CelebAHQ |Karras et al.| (2018)) at 1024 by 1024
resolution directly, without progressive growing (Karras et al., 2018). We use I = 0:1 and train
with VGAN-GP. We train on a single Tesla V100, which fits a batch size of 8 in our experiments.
Previous approaches (Karras et al.l [2018; [Mescheder et al., |2018) use a larger batch size and train
over multiple GPUs. The model was trained for 300k iterations.

Layer Output size Filter

Conv2D 32 32 32 3132
Resnet-block 64 32 32 32 1 64
AvgPool2D 64 16 16
Resnet-block 128 16 16 | 64 ¥ 128
AvgPool2D 128 8
Resnet-block 256 8
AvgPool2D 256 4
1 1Conv2D | 2 256 4 4 | 256 ¥ 2 256
Sampling 256 4 4
FC 1 256 4 401

128 ¥ 256

00| 0o

Table 4: CIFAR-10 Discriminator with VDB
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