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The main challenge of the trajectory generation problem is to generate long-term as well as diverse tra-
jectories. Generative Adversarial Imitation Learning (GAIL) is a well-known model-free imitation learning
algorithm that can be utilized to generate trajectory data, while vanilla GAIL would fail to capture multi-
modal demonstrations. Recent methods propose latent variable models to solve this problem; however,
previous works may have a mode missing problem. In this work, we propose a novel method to generate
long-term trajectories that are controllable by a continuous latent variable based on GAIL and a condi-
tional Variational Autoencoder (cVAE). We further assume that subsequences of the same trajectory
should be encoded to similar locations in the latent space. Therefore, we introduce a contrastive loss
in the training of the encoder. In our motion synthesis task, we propose to first construct a low-
dimensional motion manifold by using a VAE to reduce the burden of our imitation learning model.
Our experimental results show that the proposed model outperforms the state-of-the-art methods and
can be applied to motion synthesis.

� 2022 Elsevier B.V. All rights reserved.
1. Introduction

Trajectory generation is a core problem in many applications,
such as motion synthesis [1], sentence generation [2], and autono-
mous driving [3]. In computer graphics, automatic character
motion synthesis and control can help artists create animation or
video games more efficiently. Recently, machine learning tech-
niques have been used for trajectory generation and further uti-
lized to develop applications of motion synthesis. The main
challenge of trajectory generation is the ability to generate long-
term as well as diverse trajectories. Previous works [4,5] have used
supervised learning to autoregressively generate the current data
conditioned on the data generated previously. However, this kind
of method suffers from the error accumulation problem when gen-
erating long-term trajectories. Note that the word ”long-term”
used in this work means the ability to avoid the error accumulation
problem.

Reinforcement Learning (RL) has become another popular
method for modeling long-term trajectories in recent years. As
one type of RL, Imitation Learning (IL) is a reliable approach to
learn from expert demonstrations. IL aims to train a policy that
can generate trajectories like an expert without knowing the true
reward function. GAIL [6] is a recently proposed model-free IL algo-
rithm, which minimizes the distance between the state-action dis-
tributions of the policy and the expert. It is an efficient method that
can learn from demonstrations directly without estimating the
reward function. However, when the expert demonstrations are
multi-modal, vanilla GAIL would suffer from the mode missing
problem (i.e., fail to capture multiple modalities of expert demon-
strations) due to its assumption of a single expert. Some other
works borrow the idea from GAN-based models, which have
achieved great success in image generation. They propose latent
variable models [7,8] to learn multiple modes of demonstrations.
However, previous works may still have the modemissing problem
in some environments (we show the examples in Section 4.3.1),
which means sequence generation is still a problem worth
studying.

In this work, we propose an approach to generate long-term
motion trajectories that are controllable by a continuous latent
variable. Compared with the original GAIL, experiments in previous
works [7,9] show that VAEs do not suffer from the mode-dropping
problem. This motivates us to combine GAIL with a cVAE to
address the multimodality. Similar to VAE-GAN [10], to learn a
generalized representation of multi-modal expert demonstrations,
we introduce an encoder to encode expert trajectories. We show
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that a policy, a discriminator, and an encoder can be trained simul-
taneously with GAIL and cVAE objectives. Moreover, to incentivize
the encoder to distinguish different modes, we assume that subse-
quences of the same trajectory should be encoded to similar loca-
tions in the latent space. To achieve this, we propose to add a
contrastive loss in the training process of the encoder. For the
motion synthesis task, due to the high dimensionality of motion
data, we propose to first construct a low-dimensional motion man-
ifold by using a VAE to reduce the difficulty in learning the IL
model. This idea is similar to [11], where a deep generative model
is trained to learn a continuous pose embedding.

Our experimental results show that the proposed model can
successfully separate different modes and generate high-quality
long-term trajectories compared with other state-of-the-art meth-
ods. Our contributions are summarized as follows.

� We propose a new algorithm of IL for trajectory generation,
which can be controlled by a learned high-level latent variable.
By assuming that subsequences of the same trajectory would be
encoded to similar locations in the latent space, an additional
contrastive loss is added in the training phase to successfully
learn a generalized and distinguishable representation of data.

� Compared to the state-of-the-art methods, the experiments
show that our method learns a better latent representation
from unstructured demonstrations. Moreover, it can generate
trajectories more generally by interpolating latent variables
without the mode missing problem.

� We demonstrate a practical application to human motion syn-
thesis, which is a complex high-dimensional continuous control
problem. In our method, novel motions that are unseen in the
dataset can be generated and controlled better by a learned
latent variable.

2. Related Work

Many applications in computer vision and computer graphics
have been formulated as trajectory forecasting problems. Previous
works [12,13] introduce many different models to predict future
trajectories of pedestrians. Some other works [14,15] consider pose
sequences of human motion as high-dimensional trajectories and
forecast the future poses from the past poses. Instead of using a
deterministic model, some approaches [16,17] use latent variable
models to generate diverse trajectories.

2.1. Motion Synthesis

RL with hand-crafted rewards has achieved great success in
physics-based character animation [18,19]. However, it requires a
delicate design of the reward function to precisely guide the agent
for performing the desired skills. Moreover, the designed reward
function can only make the agent learn a single mode of the refer-
ence motion, which is not suitable for general applications. Our
work focuses on generating animation without physics simulation.
Behavior Cloning (BC) [20] is an intuitive way to generate human
motion sequences [21,22]. Given an input seed sequence, the
model trained with the maximum likelihood objective predicts
the future sequence directly. However, BC suffers from the expo-
sure bias problem [23] as the prediction error accumulates at each
time step. When the training data is insufficient, the predicted tra-
jectory eventually diverges and can no longer be recovered.

2.2. Generative Adversarial Imitation Learning

GAIL is recently a popular IL algorithm in which a policy learns
directly from expert demonstrations using adversarial training. The
reward function in GAIL is provided by the discriminator, which
713
outputs the probability that the state-action pair is generated by
the expert. The policy can be trained to generate trajectories as
close to the expert trajectories as possible without any provided
hand-crafted reward. Many other works [24–28] aim to learn from
demonstrations better based on GAIL. For example, Variational
Adversarial Imitation Learning (VAIL) [29] improves GAIL by con-
straining information flow in the discriminator through an infor-
mation bottleneck. However, these methods all assume a single
expert and thus are not applicable to learn from multi-modal
demonstrations.

There are some extensions of GAIL which aim to capture multi-
ple modes of expert demonstrations. [30] extends GAIL with a con-
text variable for multi-behavior policy. Triple-GAIL [31] introduces
an auxiliary skill selector to learn an additional skill label. How-
ever, they both require ground truth context labels of expert data.
InfoGAIL [32,33] both combine GAIL with a latent variable model
and maximize the mutual information between the input latent
variables and the generated trajectories. Although diverse behav-
iors can be generated by the agent with different latent variables,
the mode missing problemmight still occur in some environments.
Another recently proposed approach [34] also results in similar
performance as InfoGAIL.
2.3. Variational Autoencoder Based Trajectory Generation

VAEs [35] are latent variable generative models that optimize a
lower bound of the log-likelihood. It introduces a variational infer-
ence method with an approximated distribution of latent variables.
Specifically, an encoder and a decoder can be trained jointly by
maximizing the Evidence Lower Bound (ELBO) with the reparame-
terization trick. Previous works [7,36] have used cVAEs to con-
struct trajectory embeddings and generate diverse sequences.
However, the methods based on cVAEs also suffer from the expo-
sure bias problem as can be considered as a kind of BC method.
2.4. Motion Manifold

To generalize the limited motion data and reduce the dimen-
sionality of the state and action space, we tend to first construct
a smooth and low-dimensional motion manifold. Early works
[37,38] have used the Gaussian Process Latent Variable Model
(GPLVM) to learn a probability distribution function (PDF) over
character poses from motion data. A recent method [11] learns a
continuous pose embedding space with a deep generative model.
After constructing the motion manifold, the burden in the down-
stream task can be reduced. We show in our experiments that
motion manifold learning is relatively crucial in IL as exploration
in high-dimensional state-action space can be very difficult.

Similar to our work, [32,9] also propose to utilize GAIL for tra-
jectory generation. [32] combines GAIL with a posterior approxi-
mation network. The variational lower bound of the mutual
information between the input latent variables and the generated
trajectories is taken as the additional reward signal. Unfortunately,
their work may still have the mode missing problem as shown in
our experiments. [9] first pre-trains a cVAE jointly with a state
encoder, a policy, and a state decoder. Based on the trained cVAE,
the policy is further trained using GAIL with latent variables
encoded by the state encoder whose parameters are fixed during
training. Our method is also constructed based on GAIL and a cVAE;
however, we investigate a better design that can simultaneously
train the encoder, the policy, and the discriminator from scratch.
Moreover, we add a contrastive loss in the training process to
ensure that each mode of the demonstrations is separable in the
learned continuous latent space.
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3. Methodology

3.1. Background of GAIL

We define an infinite-horizon, discounted Markov Decision Pro-
cess (MDP) with the tuple S;A; P; r;q0; cð Þ, where S is the state
space, A is the action space, P : S�A�S ! R is the transition
probability, r : S�A ! R is the reward function, q0 : S ! R is
the initial state distribution, and c 2 0;1ð Þ is the discount factor.
Let p : S�A ! R denote a stochastic policy and pE denote the
expert policy in which only demonstrations can be accessed. RL
aims to maximize the objective of the expected total cumulative
reward Eph

P1
t¼0ctr st ; atð Þ� �

. Similar to GAN [39], in GAIL, p aims
to imitate pE by matching their state-action distribution. A policy
p ajsð Þ and a discriminator D s; að Þ are trained jointly with the fol-
lowing objective function.

Ladv ¼ Eph logDx s; að Þ½ � þ EpE log 1� Dx s; að Þð Þ½ � � kHH phð Þ; ð1Þ

where H phð Þ ¼ Eph
� logph ajsð Þ½ � is the causal entropy of the policy

and kH is the weight of the entropy. In practice, the policy is trained
by the policy gradient theorem [40] to minimize the objective,
while the discriminator is trained to maximize the objective. We
refer the readers to [6] for more details of GAIL.

3.2. Overview

Our proposed framework of trajectory generation is illustrated
in Fig. 1. We jointly train an encoder, a policy, and a discriminator
with both GAIL and cVAE objectives. Based on the assumption that
subsequences of the same trajectory would be encoded to similar
locations in the latent space, an additional contrastive loss is added
in the training phase. Finally, diverse trajectories can be generated
by the policy with different latent variables. For the practical appli-
cation of motion synthesis, we first construct an additional motion
manifold with another VAE to reduce the dimensionality of the
motion data. The expert motion sequences are encoded to trajecto-
ries in the learned manifold to represent the expert
demonstrations.

3.3. Problem Formulation

Given a dataset of trajectories x ið Þ
1 ; . . . ; x ið Þ

Ti

� �n oN

i¼1
, our model is

trained to predict trajectories x̂1; . . . ; x̂Tð Þ with multiple modes that
can be controlled by a latent variable z, where T > 0 is a length of a
trajectory and can be an arbitrary positive integer even infinite.
Fig. 1. Overview of the proposed method. GAIL incorporated with an encoder. Our algori
gradient. (Refer to blue arrows) The encoder q/ is a Siamese network trained with an ad
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Generally, x can be any feature vector with dimensionality d, that
is, x 2 X#Rd.

3.4. Multi-modal Trajectory Generation using Imitation Learning

Following the assumption in the previous work [32], we also
consider the expert policy as a mixture of experts
pE ¼ p0

E ;p1
E ; . . .

� �
. We define sE ¼ s1:T ; a1:Tð Þ as an expert trajectory

and fk:kþm ¼ sk:kþm; ak:kþmð Þ as a subsequence of sE starting from a
time step k 2 1; T � 1½ �with a lengthmþ 1 (m 2 0; T � k½ �). Our goal
is to generate plausible and long-term trajectories like every expert
by constructing a latent space with diverse high-level embeddings.
We propose to use GAIL incorporated with an encoder. Formally,
our algorithm jointly trains an encoder q/ zjfk:kþmð Þ, a policy
ph ajs; zð Þ, and a discriminator Dx s; ajzð Þ parameterized by /; h,
and x respectively. Here, z is a continuous embedding vector sam-
pled from the output of the encoder.

GAIL can be conditioned on a feature that represents a goal or a
particular behavior [9]. A natural choice of this feature is the
embedding z obtained by encoding an expert sub-trajectory
through q/ zjfk:kþmð Þ. Therefore, the objective function of GAIL can
be re-written as follows.

Ladv ¼ Eph
logDx s; ajzð Þ½ � þ EpE log 1� Dx s; ajzð Þð Þ½ � � kHH phð Þ: ð2Þ

As in [9], the reward function for the policy gradient training phase
of ph ajs; zð Þ is designed as � log 1� Dx s; ajzð Þð Þ. In addition, to ensure
an encoded latent variable z can represent high-level information of
an expert trajectory, we train q/ and ph together with the cVAE
objective formulated as follows.

Lvae ¼ Ez�q/ zjfk:kþmð Þ
XT
t¼1

logph atjst; zð Þ
" #

� bDKL q/ zjfk:kþmð Þjjp zð Þ� 	
; ð3Þ

where b is the weight of the KL-term and p zð Þ ¼ N 0; Ið Þ is a stan-
dard normal distribution. We assume that subsequences of the
same trajectory should be encoded to similar latent vectors. There-
fore, instead of only encoding the whole trajectory s to the corre-
sponding latent variable, q/ takes any subsequence fk:kþm of the
same trajectory as input and ph tries to reconstruct the whole tra-
jectory given the encoded latent variable.

However, as shown in our experiments, we observed that the
encoder may encode subsequences of the same trajectory to quite
different latent points but still satisfy the above objective. To accu-
rately guide the encoder, we introduce an additional loss for train-
ing. We use a Siamese network [41] as the encoder and train the
thm jointly optimizes the encoder and the policy by using cVAE objective and policy
ditional contrastive loss.
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encoder with a contrastive loss, as shown in Fig. 2. A commonly
used contrastive loss function [42] is defined as follows.

Lsia z1; z2;Yð Þ ¼ 1� Yð ÞD z1; z2ð Þ2 þ Y max 0; c � D z1; z2ð Þð Þð Þ2; ð4Þ

where D z1; z2ð Þ ¼ jjz1 � z2jj2 is the Euclidean distance between two
latent vectors z1 and z2;Y is a binary indicator function denoting
whether the two latent vectors belong to the same trajectory or
not (Y ¼ 1 if they belong to different trajectories), and c is the mar-
gin. Intuitively, the contrastive loss makes the distance of embed-
dings for subsequences of the same trajectories smaller and those
of the different trajectories larger. Finally, the model is optimized
with the combination of the above three objectives. That is,

max
x

min
/;h

L /; h;xð Þ ¼ Ladv þ k1Lvae þ k2Lsia; ð5Þ

where k1 > 0 and k2 > 0 are the weights of the cVAE loss and the
contrastive loss respectively.
3.5. Motion Manifold Construction

For the motion synthesis task, a feature vector representing a
pose is usually high-dimensional, which results in the failure of
training a model that can mimic expert trajectories (as shown in
Section 4.3.4). Using high-dimensional pose representation for IL
might cause the policy to collapse to some particular states. To
reduce the dimensionality of the state and action spaces, we pro-
pose to use a VAE to construct a motion manifold, in which each
point represents a specific pose. The training data of the VAE con-
tain poses collected from every frame of motion clips in the data-
set. Our VAE learns a mapping between the pose data space and the
latent motion manifold. After constructing the motion manifold,
motion clips can be encoded to trajectories in the learned manifold
by the encoder of the learned VAE. We then take the trajectories on
the manifold as the expert demonstrations for IL. Fig. 3 illustrates
the concept of motion manifold construction. Since the learned
manifold represents poses in a continuous range, our model can
generate poses that change continuously. Moreover, by consider-
ing a pose encoded to a point outside the desired range of the man-
ifold as an invalid pose, we can have a principled way to avoid the
agent from generating unnatural poses in the downstream task.
Fig. 2. Siamese architecture of the encoder for computing contrastive loss.
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3.6. Implementation Details

In our implementation, VAIL is used for adversarial training and
Proximal Policy Optimization (PPO) [43] is used to compute policy
gradient. The overall training procedure is shown in Algorithm1.
For the motion generation task, all the joint angles of a pose are
concatenated to construct a vector representation x. After training,
the learned policy can generate many different trajectories by pro-
viding different latent codes. Finally, the generated trajectories are
decoded into motion clips.

Algorithm1: Multi-modal Trajectory Imitation Learning with
Contrastive Loss

Input: Initial parameters of policy, discriminator and encoder
h;x;/; expert trajectories sE � pE

Output: Learned policy ph and encoder q/
repeat
for i ¼ 1;2; . . . ;N do
Sample a sub-trajectory from expert trajectories

f ið Þ
t:tþm � sE and sample z ið Þ � q/ �jf ið Þ

t:tþm

� �
.

Run policy p �jz ið Þ� 	
to sample a trajectory ŝ ið Þ with z ið Þ

fixed during the rollout.
end for
Sample a batch of state-action pairs v̂ � ŝ and vE � sE.
Sample a batch of sub-trajectory pairs from expert

trajectories f jð Þ
t:tþm; f

jð Þ
t0:t0þm0

� �n oM

j¼1
� sE with binary labels

indicating whether they belong to the same trajectory or
not.
Update the discriminator Dx with respect to x by using the
following objective:

Êv̂ logDx s; ajzð Þ½ � þ ÊvE log 1� Dx s; ajzð Þð Þ½ �

Jointly update ph and q/ with respect to h and / by using
any policy optimization method with the reward
rt ¼ � log 1� Dx st ; at jzð Þð Þ and the following objective:

bEv̂ logDx s; ajzð Þ½ � � kHH phð Þ þ k1Lvae þ k2Lsia

until convergence
4. Experiments

To evaluate whether the proposed method can learn a continu-
ous low-dimensional latent space that generally represents a con-
cept across all the modes of the expert demonstration, we
compared our model with the state-of-the-art methods based on
three kinds of environments. The objective is to generate high-
quality trajectories that are distinguishable in terms of the mode
of the expert demonstration.

4.1. Environments

The experiments were conducted in two synthetic 2D plane
environments and one practical motion synthesis environment.
Fig. 4 shows the example of the expert trajectories in each environ-
ment. Note that the maximum lengths described in the following
sub-sections are only used for the training phase. In the inference
phase, there is no limitation of the value of the maximum length.



Fig. 3. Motion manifold construction before IL. (a) The proposed VAE model encodes pose data x to latent variables y. (b) After training the VAE, motion clips can be encoded
to trajectories in the learned low-dimensional manifold by the encoder of the learned VAE.

Fig. 4. Expert demonstrations in each environment. (a) Three different modes (red, green, blue) in 2D circle trajectories. (b) Three different modes (red: left, green: right, blue:
forward) in 2D traffic trajectories. (c) Two different modes (red: walking, blue: running) in motion synthesis environment. (d) Motion clips used to generate expert
trajectories. Left: walking. Right: running.
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4.1.1. 2D Circle Trajectories
In this environment, the agent generates a trajectory on a 2D

plane. We follow the same settings as in [32], and the state at time
t is defined as the positions from time t � 4 to time t. The action is
defined as the moving direction at the current time step with a
constant velocity. As in [32], we used three different stochastic
expert policies to generate demonstrations with three distinct
modes. As shown in Fig. 4a, the demonstration of each mode is a
circle-like trajectory with a specific radius and moving direction.
In the experiments, we drew 1,024 demonstrations with a maxi-
mum length of 256 for each mode.
716
4.1.2. 2D Traffic Trajectories
In this environment, the agent simulates a vehicle to choose a

driving direction. The definition of the state and action is the same
as in the 2D circle trajectories environment. We also generated
demonstrations with three different modes by using three different
stochastic expert policies. As shown in Fig. 4b, the three experts
perform turning left, turning right, and going forward respectively.
In the experiments, we drew 1,024 demonstrations with a maxi-
mum length of 80 for each mode.
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4.1.3. Motion Synthesis
We used the motion clips from the AMASS dataset [44] as our

raw motion data. The AMASS dataset consists of 11,265 motion
clips collected by tracking visual markers placed on humans. All
the joint angles of a pose are concatenated to construct a 63-
dimensional vector. VAE was used to learn an 8-dimensional
motion manifold with all the poses in the dataset. The motion clips
were split into segments with a maximum length of 256 and
encoded to trajectories in the learned motion manifold, which
are treated as expert demonstrations. We use the positions of the
generated latent points from time t � 4 to time t to represent the
state at time t. On the other hand, we use the current velocity,
which is obtained by subtracting the position at time t from the
position at time t � 1, to represent the action at time t. We drew
both 3,974 trajectories of walking and running as two different
kinds of expert demonstrations. Fig. 4c shows the trajectories of
the two modes on the motion manifold and Fig. 4d shows some
key poses of the corresponding motion.

4.2. Baselines

We compared our proposed model with the following
baselines:

� BC: We used BC to train a single policy with a state as input and
action as output. For comparison, the policy is conditioned on a
latent variable sampled from a standard normal distribution.

� cVAE-BC: We constructed a cVAE with a bi-directional GRU
encoder and a policy decoder which is similar to the one used
in [7] except that we used a continuous latent variable instead
of a discrete one. This model is also taken as a BC method.

� GAIL:We implemented GAIL that uses an additional latent vari-
able as a condition. The latent variable is drawn from a Gaussian
prior and fed into the policy.

� InfoGAIL: We also implemented InfoGAIL, in which the poste-
rior approximation network has the same architectures as our
encoder network. Note that the original InfoGAIL paper uses a
discrete latent variable while we use a continuous one.

For the implementation of the above baseline methods, the network
architecture of the encoders, policies, and discriminators, if any, are
all the same as those used in our model. More details of model
architectures and hyperparameters are available in the appendix.

4.3. Results

4.3.1. Distinguishing Demonstrations
To demonstrate the ability to distinguish different modes, we

compared our model with the baselines by showing the recon-
struction results and visualizing the learned latent space. For the
reconstruction task, the model first encodes demonstrations of
each mode to the corresponding latent codes. The policy then gen-
erates the reconstructed results given the latent codes. To visualize
the results for the motion synthesis environment, we applied Prin-
cipal Component Analysis (PCA) to transform the reconstructed
trajectories onto a 2D space. For latent space visualization, we
drew demonstrations of each mode and generate the correspond-
ing latent codes by the encoder of the learned model, which are
then plotted on a 2D plane. Note that due to the lack of an encoder
in BC and GAIL, we could not encode demonstrations for the two
models. Instead, we simply picked a fixed set of latent codes to
generate trajectories.

The reconstruction results are shown in Fig. 5. Please note that
in the original papers of cVAE-BC and InfoGAIL, they only show
that successful results can be generated by using a discrete latent
variable. However, Fig. 5 shows that when the latent variable is
717
continuous, BC and cVAE-BC fail to distinguish all the modes and
the reconstructed trajectories are of low quality. Fig. 5 also shows
that GAIL can generate more realistic trajectories than BC but has
the mode missing problem. Moreover, the lack of an encoder
makes it difficult to reconstruct demonstrations in practice. Info-
GAIL generates similar results as GAIL and can reconstruct demon-
strations with its encoder. However, it also has the mode missing
problem in some environments. Our method can not only distin-
guish all modes in each environment but also reconstruct high-
quality trajectories.

The visualization of the learned latent space is shown in Fig. 6.
Compared with the baseline models, our encoder tends to encode
subsequences of the same trajectories to similar points in the
latent space. The distance between data of different modes also
increases and thus clusters of different modes can be distinguished
clearly.

4.3.2. Learning a Generalized Representation
A good high-level representation should not only memorize the

training data but also possess the general concept over the training
data. For example, given training data of two different modes, our
model should learn a common representation of these two modes
and be able to infer the outcomes between them. To evaluate the
ability of generalization for the learned latent space, we report
the results of interpolation between the two latent codes of differ-
ent modes.

As shown in Fig. 7, BC fails to learn a smooth latent space and
therefore cannot generate intermediate results when interpolating
two latent codes. cVAE-BC can somehow generate intermediate
outcomes in the synthetic 2D environments while the resulting
trajectories are mostly of low quality. GAIL and InfoGAIL both gen-
erate plausible results of interpolation. However, the mode missing
problem is also reflected in the interpolated results. Our approach
can generalize over demonstrations for the complex motion syn-
thesis environment even when the demonstrations are from differ-
ent modes. Interpolating in the latent space results in smooth
interpolation in the data space correspondingly, and the resulting
trajectories are still plausible. We also demonstrate the decoded
motion clips of interpolation results generated by our model.
Fig. 8 shows that our model can generate motions between walk-
ing and running by continuously changing the latent variable.

4.3.3. Quantitative Evaluation
In addition to qualitative evaluation, we also conducted quanti-

tative evaluation to measure the quality of the generated trajecto-
ries by using the Reconstruction Minimum Squared Error (R-MSE)
and Sampling Minimum Squared Error (S-MSE) as in [45]. R-MSE is
defined as the squared error of the closest reconstruction to the
ground truth, which measures the quality of the reconstruction
result. S-MSE is defined as the squared error of the closest sample
to ground truth when sampling the latent variables from prior,
which measures the quality of the generated trajectories compared
with the ground truth. Note that to calculate the R-MSE and S-MSE,
we drew 256 samples and used maximum lengths of 80, 256, and
256 for 2D traffic, 2D circle, and motion synthesis environments
respectively. For comparison, the error value is further normalized
using the minimum and maximum values of the expert demon-
strations in each environment.

Table 1 shows the result of R-MSE for the models containing an
encoder. The error of cVAE-BC is relatively high because it tends to
ignore the condition provided by the encoder. InfoGAIL fails to
reconstruct some modes as shown in the previous section. Our
model reconstructs trajectories with better quality and achieves
lower R-MSE. Table 2 shows the results of S-MSE for all the models.
We also provide the model size to contrast our model with other
baselines. BC and cVAE-BC suffer from the error accumulation



Fig. 5. Reconstruction results in each environment (e1: 2D circle trajectories, e2: 2D traffic trajectories, e3: Motion synthesis environment). Each color denotes specific latent
codes for each mode respectively.

Fig. 6. The learned latent space in each environment. Each color denotes a different mode of expert demonstrations.
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problem when generating long sequences. The S-MSE results of
GAIL and InfoGAIL are generally lower than those of BC and
cVAE-BC. However, they may only generate trajectories of some
718
specific modes as shown in the previous experiment. Our method
achieves the lowest S-MSE in all the environments as it learns a
generalized representation of the demonstrations.



Fig. 7. Interpolation results in each environment. As shown at the top, each color denotes a different linear combination of two latent codes z1 and z2.

Fig. 8. Decoded motion clips of the interpolation results generated by our model. Each column shows a motion clip generated by our model conditioned on a different linear
combination of two latent codes z1(walking) and z2(running). We show three frames for each motion clip.
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4.3.4. Ablation Study
In the ablation study, we first analyze the effect of the con-

trastive loss Lsia defined as in Eq. 4. We compare the results of
the final proposed model by removing the contrastive loss. Note
719
that if we also remove the cVAE loss Lvae, the encoder should also
be removed and the model reduces to the original GAIL. The R-MSE
and S-MSE results of removing contrastive loss are also listed in
Table 1 and Table 2. To further understand the effect of contrastive



Table 1
R-MSE results in each environment. (�10�3).

Model 2D Circle 2D Traffic Motion Motion w/o Manifold

cVAE-BC 54.252 48.814 8.858 11.711
InfoGAIL 2.628 0.109 7.952 284.219
Ours w/o Lsia 67.075 1.102 7.245 294.618
Ours 0.156 0.040 5.481 245.541
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loss, we also show the corresponding results of interpolation,
reconstruction, and latent space (See Fig. 9). When training our
model without the contrastive loss, the model collapses to gener-
ate the same trajectories of a specific mode, except in the 2D traffic
trajectories environment, which is a relatively simple environ-
ment. This experiment indicates that our proposed contrastive loss
can effectively separate modes in the latent space to help generate
diverse trajectories.

On the other hand, we also report the motion synthesis results
without constructing a motion manifold beforehand. As shown in
the rightmost column of Table 1 and Table 2, without the help of
the motion manifold, the R-MSE and S-MSE results are much worse
for almost all the models. For BC and cVAE-BC, the evaluated error
does not change too much when the motion manifold is not con-
structed beforehand. We think this is because BC directly mini-
mizes the reconstruction error so that the training process can
still be stable. For other GAIL-based models, the training process
collapses due to the instability of RL and adversarial training. We
found our method trained with the original high-dimensional
Table 2
S-MSE results and model sizes in each environment. (�10�3).

Model 2D Circle 2D Traffic

BC 41.856 0.243
cVAE-BC 29.532 8.907
GAIL 22.142 0.544
InfoGAIL 0.699 0.077
Ours w/o Lsia 66.970 2.679
Ours 0.076 0.046

Fig. 9. Comparison between the results of using and not using constrastive loss for ab

720
motion data fails to generate any reasonable motion. Therefore,
our proposed motion manifold construction is indispensable to
reduce the dimensionality of the motion data and stabilize the
training process of IL.

4.4. Limitation and Discussion

Currently, our model can only be used to generate cyclic
motions or simple acyclic trajectories such as the 2D traffic trajec-
tories. Our model is still unsuitable to generate complex acyclic
motions because the ending state of the multi-modal acyclic
demonstrations cannot be determined in RL. In our model, a latent
code is randomly sampled and fed into the policy to generate tra-
jectories. The generated trajectory corresponding to the given
latent code can be an unseen one in the dataset. For example, in
Fig. 7, e2, our model generates ”interpolated” trajectories given dif-
ferent latent codes. In this 2D environment, we can simply define
ending states as states that the current position reaches the bound-
ary of the 2D plane. However, for the more complex motion syn-
thesis environment, the ending states of the interpolated
trajectories cannot be determined since they may not exist in the
dataset and may be possibly anywhere (e.g., jumping, squatting,
. . .). We currently use a finite horizon T and a fixed boundary as
our ending condition for cyclic motions (e.g., walking, running, . . .).

On the other hand, when training our proposed model, we
assume that two sub-trajectories sampled from different trajecto-
ries should be dissimilar, but it is possible that the sampled sub-
trajectories might still be similar, which might affect the reliability
Motion Motion w/o Manifold Model Size

12.238 11.704 0.070 MB
9.429 12.674 1.625 MB
8.522 186.731 0.209 MB
7.823 228.180 0.280 MB
8.915 217.066 0.282 MB
7.354 193.486 0.282 MB

lation study. (a) Interpolation. (b) Reconstruction. (c) Latent space visualization.



Table A.3
PPO hyperparameters in our experiments.

Hyperparameter Value

Horizon 128
Clip value 0.2
Adam stepsize 1e-4
Num. epochs 4
Minibatch size 64
Discount(c) 0.99
GAE parameter(k) 0.95
Number of actors 8
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of the contrastive loss calculation and cause two similar sub-
trajectories to be pushed away from each other in the latent space.
Nevertheless, we did not observe this phenomenon in our
experiments.

5. Conclusion

We present a method of imitation learning to generate trajecto-
ries that are controllable by a continuous latent variable. Our
model can learn a generalized representation from expert demon-
strations by adding a contrastive loss. The experimental results
show that our approach can generate diverse and plausible trajec-
tories and can be applied in practical applications of motion syn-
thesis. In the future, we will emphasize generating acyclic
motions and extending the model to deal with text-to-motion
tasks.
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Appendix A. Experimental Details

For motion manifold construction, we trained our VAE model with
a batch size of 256 for 32 epochs. For BC and cVAE-BC, we trained
the models with a batch size of 256 for 100,000 iterations. For
Fig. B.10. Visualization of motion generated by randomly sampling from the latent space
Bottom: Decoded motion.
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GAIL, InfoGAIL, and our proposed model, we trained the models
for 3,000 PPO steps in both the 2D synthetic environments and
10,000 PPO steps in the motion synthesis environment. The
detailed settings of PPO hyperparameters are described in
Table A.3. For training our proposed model, we used
b ¼ 0:005; kH ¼ 0:001; k1 ¼ 1:0, and k2 ¼ 0:5. In all the environ-
ments, the dimension of latent vectors is set to 2. We used Adam
optimizer for network optimization in all the experiments. All
the models were trained on an 8-core machine with an NVIDIA
GeForce RTX 2060 SUPER graphics card.
Appendix B. Model Architectures

In all the baseline models, the network architecture of the enco-
ders, policies, and discriminators, if any, are all the same as those
used in our model. We represented the policy as a three-layer fully
connected neural network with 128 hidden units and ReLU activa-
tion for each layer except for the last one. The policy output a diag-
onal Gaussian distribution with learned variance. The
discriminator was a three-layer fully connected neural network
with 128 hidden units and ReLU activation for each layer except
for the last one. The output of the discriminator was passed
through a sigmoid function. For the RNN encoder used in cVAE-
BC, it was a two-layer bidirectional GRU with 128 hidden units.
of our model. Top: Generated trajectories in the motion manifold. (visualized in 2D)
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For the MLP encoder used in InfoGAIL and our model, it was a
three-layer fully connected neural network with 128 hidden units
and ReLU activation for each layer except for the last one. Both the
RNN and MLP encoders output a mean and variance of a Gaussian
distribution. When training the policy using PPO, we introduced an
additional value network to estimate the value of states. The value
network architecture was the same as the discriminator except
that the output was not passed through a sigmoid function.
Appendix C. More Qualitative Results

We provide additional visualization of results generated by our
model. Fig. B.10 shows different motions generated by randomly
sampling from the latent space.
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