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Figure 1: Our framework enables the control of a physics-based character using user-specified kinematic reference motion (in blue), mapping
it to a sequence of temporally and spatially consistent latent codes (decoded in green). In a second step, we condition a reinforcement learning
policy on the latent code, generating actuator commands that execute the motion (yellow) while obeying the laws of physics.

Abstract

Recent progress in physics-based character control has made it possible to learn policies from unstructured motion data.
However, it remains challenging to train a single control policy that works with diverse and unseen motions, and can be
deployed to real-world physical robots. In this paper, we propose a two-stage technique that enables the control of a character
with a full-body kinematic motion reference, with a focus on imitation accuracy. In a first stage, we extract a latent space
encoding by training a variational autoencoder, taking short windows of motion from unstructured data as input. We then use
the embedding from the time-varying latent code to train a conditional policy in a second stage, providing a mapping from
kinematic input to dynamics-aware output. By keeping the two stages separate, we benefit from self-supervised methods to get
better latent codes and explicit imitation rewards to avoid mode collapse. We demonstrate the efficiency and robustness of our
method in simulation, with unseen user-specified motions, and on a bipedal robot, where we bring dynamic motions to the real

world.
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1. Introduction

Imitation-driven reinforcement learning has led to an astonishing
leap of progress towards a long-term goal of physics-based charac-
ter animation, namely accurate and robust tracking across diverse
skills. Despite this progress, we lack techniques that achieve this
goal with a single policy, covering the diversity in an unfiltered
dataset of universal and dynamic motions while providing full-
body control of the interactive character.

In this paper, we propose a two-stage technique that takes kine-
matic reference motion as input and maps it to actuator commands

of a character. In a first stage, we extract a latent representation
of kinematic motion from an unstructured dataset of motion clips.
To this end, we train a variational autoencoder to reconstruct kine-
matic motion, feeding it with short windows of motion data. In a
second stage, we train a policy to imitate motions from the dataset,
conditioned on both the current frame of the reference motion and
the latent code that corresponds to a time-shifted window centered
at the frame. After training, a user-provided kinematic reference is
mapped to the latent space and then fed to the policy to control the
character.
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By training the latent space and control policy separately instead
of end-to-end [MHG 18,HPH 20, WGH22], we take advantage of
well-studied self-supervised techniques to obtain a structured la-
tent code that captures the diverse distribution of motions within
a dataset. Conditioning on latent codes, we can train a single con-
trol policy with an explicit imitation reward that preserves the di-
versity in the input data, without the need for adversarial strate-
gies [PGH 22,DCF 23,TKG 23] that are prone to mode collapse,
or a set of expert policies that are trained on clusters of similar
motions [WGH20,LCW 23]. Taken together, the motion encoder
and control policy enable the control of the full character for skills
of high complexity, extracting motion features from short, overlap-
ping subsequences of clips.

With a set of demonstrations on both virtual and a physical hu-
manoid character, we show that a combination of known building
blocks arranged in a novel way leads to a simple, yet effective tech-
nique that scales well when it comes to diversity and training com-
plexity, tracks unseen dynamic motions closely and physically in-
feasible motions robustly, and interfaces with common animation
techniques and character control modalities. Succinctly, we con-
tribute

e A demonstration of enhanced downstream imitation learning
through a pretrained versatile motion prior that provides a struc-
tured encoding of kinematic motion.

e A single control policy that is trained on an unfiltered, large-scale
dataset of diverse human motions, providing accurate tracking
and generalization to unseen input.

e A demonstration that our two-stage processing transfers to
robotic characters in the real world, robustly executing expres-
sive motions at the physical limits of hardware.

2. Related Work

Learning-based techniques for character control have received in-
creasing attention in recent years, outperforming model-based tech-
niques in the generation of life-like motions by interfacing with
motion data. We focus our review on data-driven methods, in par-
ticular in the two broad categories of kinematic and physics-based
motion synthesis.

Kinematic Motion Synthesis In a learning-based approach to
kinematic motion generation, a common goal is to create a com-
pact representation of motion that allows for smooth temporal
and spatial composition [LWH 12, HYNP20, SZKZ20, SMK22],
or to use auto-regressive models to learn the distribution of mo-
tion sequences [LZCVDP20, RBH 21, CZG 22]. Recently, ad-
vanced generative models were used to synthesize kinematic mo-
tions [TGH 22,TRG 23,STKB23,RLL 23,RLT 24,LKP 23]. To
make the generated motions physically plausible, geometric losses
are used to reduce visual artifacts like foot sliding or penetrations.
To fulfill stricter constraints, physics engines can be incorporated
into the generation process [WGH22, YSI 23].

These works use a latent space to generate output motions and
are related to the first stage of our proposed processing. However,
we focus on generating physically informed motion and use the
embedding as an interface to a low-level controller of a physics-
based character instead.

Physics-Based Methods The challenges of designing general ob-
jectives that produce natural motions have motivated the use
of data-driven techniques that imitate target animations [SKLO7,
WPP14, LH17, GFK 23]. Simple imitation objectives, together
with advances in deep reinforcement learning (RL) [SB18],
yield high-quality physics-based character control [PALVdP18,
BCHF19,PRL 19,LSCC20]. However, in these works, the policy
is limited to the imitation of one or a handful of similar skills, re-
quiring additional mechanisms to transition between more diverse
skills.

To learn from large-scale motion datasets, sophisticated methods
are proposed that balance and filter motions, or learn motion match-
ing procedures to increase coverage [BCHF19, WGSF20]. Another
way to make use of large heterogeneous datasets is to divide the
data: Won et al. [WGH20] propose a motion clustering followed
by learning a mixture-of-experts, and Luo et al. [LCW 23] pro-
pose to train a hierarchical policy where new policies are allocated
for increasingly difficult motion sequences. While they can achieve
impressive imitation quality on a diverse set of skills, we simplify
the process by incorporating a self-supervised kinematic stage that
enables the efficient training of a single and simple multilayer per-
ceptron policy on a large corpus of data.

Another stream of work focuses on exploiting latent spaces
that enable the reuse of policies in a more general setting, target-
ing a foundation model [BHA 21] for motion control. [ZZL.H23,
MHG 18,HPH 20, WGH22, GGW 23] jointly train a motion en-
coder with the policy to extract an embedding that can be reused in
high-level RL tasks. Merel et al. [MTA 20] extract a latent space by
post-processing multiple expert policies, distilling their knowledge
into a unified policy. To increase sample efficiency, a world model
can be incorporated [YSCL22, FBH21,FXL23], but does not scale
to hours of data [YSCL22] or is sensitive to data quality [FBH21].
Additionally, adversarial learning has been used as an alternative
to explicit imitation objectives [PMA 21,PGH 22]. However, this
approach suffers from a long training time and is prone to mode col-
lapse. A conditional discriminator mitigates mode collapse in these
settings [TKG 23,DCF 23], but does not prevent it. Moreover, due
to the long training time, these methods are trained on relatively
small datasets, which limits generalization to diverse, unseen mo-
tions. We show that a pre-trained latent space in combination with
explicit imitation rewards results in a universal motion controller
that avoids mode collapse and scales well to large datasets.

Directability of Characters To direct the character, RL-based
methods often use a combination of high-level policies, planners,
or finite state machines that interface with low-level policies, bridg-
ing the gap between high-level commands or task specifications
and actuator commands [PMA 21, WGSF20,PRL 19]. In this con-
text, latent space embeddings were used as input to the RL pol-
icy [PGH 22,MTA 20]. However, in hierarchical approaches, ex-
plicit control of the resulting motion is lost. To give users more
control, Juravsky et al. [JGFP22] couple latent control with the
latent space of a pre-trained language model [RKH 21]. Xu et
al. [XSZK?23] present a method that enables spatial imitation of
different motion clips while executing a high-level task. However,
retraining is required for new tasks or styles.

Similar to previous work [WGSF20,BCHF19], we interface with
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Figure 2: Overview.Our two-stage processing starts by taking random samples of motion windows from a database of clips as input to

train a variational autoencoder (VAE) to reconstruct them, extracting a latent kinematic motion space (Stage 1). Feeding the encoder with
time-shifted motion windows, we then train a policy, conditioned on the latent code of the window and the frame at its center, with rewards
on the proximity of the simulated to the kinematic state at frame t (Stage Il). The resulting encoder-policy pair provides full-body, motion

control of the interactive physics-based or robotic character (Inference).

common control modalities by providing ne-grained control of 3.1. Extracting Latent Motion Priors
characters but generalize over a more diverse set of skills by uti-

lizing a kinematic latent space. In summary, we are unaware of a - - - o .
technique that trains a single policy ef ciently, provides the same we efxtracft the kmemgtlcfsta;e, cor}sstlng (.)f pcé(sjlltl.ons anhd veloci-
level of coverage, robustness, and generalization properties on a?rzsn;eOr\/@ei\r,nveﬁ)wafsge?jnth:sgv;larl:;%rril rin;ﬁ]s’lg] damolttilc?:\tartn div(\:/(sart];e;
large-scale dataset of complex motions, while also preserving high-VAE ' hitect KW13l | . yl " ? that i th
delity full-body control of the character without the need for fur- architecture [ . ].’ earning a fatent space that caplures the
ther training. structure of_the mot_lon distribution and similarities be_tween sl_<|_lls
for a short time horizon around the current state. While velocities
provide some information about what the future state of the char-
acter will be, velocities can suddenly change due to impact. Hence,
it is important to be able to anticipate what the character will do
3. Two-Stage Processing in the near future, or know what has happened in the near past.
The launch and landing for a jumping sequence are good examples
As outlined in Fig. 2, our processing separates the extraction of of why context beyond the current state is important to capture in
a kinematic latent space from the training of a dynamics-aware a latent space. However, to achieve generalization, it is important
policy. In a rst stage, we train an encoder-decoder pair to recon- that the window is short enough, such that the latent space captures
struct short motion windows that we randomly sample from a large fundamental motion building blocks that will also appear in unseen
dataset of un ltered motion clips. These clips are representative motion and does not over t to a particular training motion.
of the universal skills of a human, virtual character, or robot. In
a second stage, we then train a control policy, conditioned on the
kinematic state at the current frame and a latent code for a window
around the frame, to maximize kinematic tracking and smoothness m = fhe; g ;O O po: )
rewards. After training, we use the combination of the encoder and ) ] ]
control policy to control the full-body motion of a character with Nt iS the height of the character's root relative to the ground. While
unseen input motion. The user interface is therefore the speci ca- We ignore the absolute position of the root in the plane, the inclu-
tion of a kinematic motion sequence, which allows for stylized and Sion of the relative height is important to differentiate a jump where
precise control of the character. the height changes from walking on the ground where the height re-
mains constaniy represents the orientation of the root, expressed
In the next two subsections, we will discuss the rst two stages of as a 6D vector [ZBL19], and the 6D vector its linear and angular
our processing in detail, followed by an evaluation of our approach Vvelocity. g andg; are the angular positions and angular velocities
with an ablation study, analysis of coverage and smoothness of ourof all joints. In addition, we include the positions, of hands and
latent space, and comparisons to related approaches in Sec. 4. Ifieet, relative to the root, in the features for fratne
Sec. 4, we will also demonstrate applications of our approach in
the ne-grained motion control of a physics-based and the control
of a robotic character. M= fm wiiimewd 2)

To temporally and spatially resolve skills at a ne-grained level,

More formally, our rst stage takes a dataset, of distinct clips
as input, consisting of a nite sequence of motion frames

To train our VAE, we extract motion windows of lengtkv2+ 1



