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Fig. 1. Visualization of the predictions of the world model, which is used by our method as an approximate differentiable physics simulator.

In this paper we show how the task of motion tracking for physically simu-
lated characters can be solved using supervised learning and optimizing a
policy directly via back-propagation. To achieve this we make use of a world
model trained to approximate a specific subset of the environment’s transi-
tion function, effectively acting as a differentiable physics simulator through
which the policy can be optimized to minimize the tracking error. Compared
to popular model-free methods of physically simulated character control
which primarily make use of Proximal Policy Optimization (PPO) we find
direct optimization of the policy via our approach consistently achieves a
higher quality of control in a shorter training time, with a reduced sensitivity
to the rate of experience gathering, dataset size, and distribution.
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1 INTRODUCTION

In recent years Reinforcement Learning (RL) has been shown to
consistently achieve state-of-the-art results on a large number of
physically simulated character control tasks - and the ability to track
high quality motion capture data with a physically simulated char-
acter is now well within the reach of both animation researchers
and practitioners. Many of these works make use of Proximal Policy
Optimization (PPO), a popular, on-policy Reinforcement Learning
algorithm that has been shown to work effectively on a vast range of
different problems and applications. However, like many Reinforce-
ment Learning algorithms, PPO is notoriously sample inefficient,
sensitive to hyper-parameter settings, class or data imbalance, gym
design, reward and feature design, and even the random seed [Hen-
derson et al. 2017]. This makes wide adoption of such methods in
areas like video games difficult, as the unpredictability of the algo-
rithm’s success can make it a risky choice in a production setting.

In this work we show how the most common task in physically
simulated character control - motion tracking - can instead be for-
mulated using only supervised learning such that a control policy
can be optimized for directly using back-propagation of a tracking
loss. This can be interpreted in two ways: as a form of model-based
learning, but also as a supervised learning problem where two mod-
els are learned simultaneously - one to predict the dynamics of the
world, and another which attempts to produce the optimal actions
which minimize the tracking losses. We find our approach achieves a
better quality of animation within a shorter training time than PPO,
with a reduced sensitivity to the rate of experience gathering and
data imbalance, which we show on a large variety of challenging
tracking tasks.

Our method relies on four key observations: first, that the reward
or loss function for the motion tracking task is generally a simple,
differentiable function of the kinematic and simulated character
states. Second, that the transition function of these two individ-
ual character states is partially separable; generally the kinematic
character’s behaviour does not change because of the simulated
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character's behaviour. Thirdly, that the transition function of the
simulated character is entirely the result of a deterministic physics
simulation, and as such can be approximated e ectively by a basic
feed-forward neural network. And nally, that by approximating
the physics simulation with a neural network we produce an ap-
proximate di erentiable physics simulator through which the policy
can be optimized for directly via back-propagation of the tracking
losses.

The core of our method consists of two neural networks: therld
mode] which is trained to predict the next simulated character state
given the previous simulated character state and the provided PD
targets, and theolicywhich is trained to produce PD o sets given
the simulated and kinematic character states, with the objective that
the resulting simulated character, when passed through the world
model, should match the target kinematic character state. Although
in theory these networks can both be trained o ine given a large
enough dataset, due to the vast data coverage required we set up an
interactive training environment resembling an RL gym that writes
data into a large cyclic bu er, training each network in tandem on
random samples from this bu er.

To evaluate our method we train it on a number of di erent
challenging tracking tasks and compare its performance to PPO in
terms of motion quality, training time, and other design decisions.

2 RELATED WORK
In this section we give a brief overview of related research including

model-based methods, learned world models, model-free methods,

and speci ¢ works on motion tracking.

2.1 Model-based Learning

Model-based approaches utilize an underlying model of the physical
system to achieve motion control. The model allows optimization
to be used to solve control problems, either by directly exploiting
the structure of the model itself [Brown et aRk013; Coros et al
2010; da Silva et 22008; Eom et aP019; Hong et aR019; Jain and
Liu 2011; Lee et a2010; Macchietto et a2009; Muico et ak009;
Yin et al 2007], or by using black-box, gradient-free optimization
methods [Hamalainen et ak014, 2015; Lee et &014; Liu et al
2015, 2010; Naderi et. &017; Sok et ak007]. Given the model,
an optimization can be performed either o ine or online to nd
the actions which achieve the desired goals for a speci ¢ state.
While gradient-free optimization can be applied more generally
than optimizations designed for limited, speci ¢ domains, it often
struggles when the dimensionality of the action space grows.

Di erentiable models allow gradient-based optimization to be
leveraged in a way which scales far better as the number of control

reinforcement learning is often just as di cult to apply in the gen-
eral case. Sometimes models can be designed from rst principles
using domain expertise [Tassa et 2012], or a hybrid approach
can be used where an approximate parameterized model is t to
limited data (often called system identi cation [Ljung 1999]). Yet,
usually as system complexity grows manual model design becomes
impractical.

2.2 Learned World Models

In an attempt to obtain a di erentiable model of a complex system,
one approach (and indeed the one proposed in this paper) is to train
a generic di erentiable model such as a neural network on observa-
tions of the system in a supervised way, providing a di erentiable
approximation which can be used to perform gradient-based opti-
mization of control policies [Nagabandi et.&2017; Schmidhuber
1990]. Thes&Vorld ModelgHa and Schmidhuber 2018], can take
many forms, but are often trained to approximate tti@nsition
functionof the environment - to predict the next state given the
previous state and the action taken [Chiappa et2017; Dosovitskiy
and Koltun 2016; Sutton 1991]. This approach, however, comes with
its own challenges as many of the elements of the environment may
not be included in the observations, may be stochastic in nature, or
may change independently of the agent's actions. In the general case
this makes learning the transition function di cult as it must be a
probabilistic function [Deisenroth and Rasmussen 2011; Depeweg
et al 2017; Higuera et ak018], trained on enough data to break
spurious correlations between actions and observations [Wahlstrém
et al. 2015], and handle well the prediction of sparse yet important
events [Oh et al2015]. In this work we sidestep the majority of
these issues by limiting our world model to just the subset of the
transition function which is a ected by the agent's actions: the
result of the deterministic physics simulation.

Our method can therefore be categorized as a model-based learn-
ing method that uses a learned world model. As such, Grzeszczuk et
al. [1998] is perhaps the most similar previous work to our approach,
as they also train a learned world model to predict the dynamics of
an expensive physics model. This world model is then used to gener-
ate physically-based animation clips using gradient-based trajectory
optimization. Our work could be viewed as adding an additional
step that attempts to memorize the results of this optimization in
the form of the policy network function.

2.3 Model-free Learning

As with the training of world models, it is often easier to make mea-
surements of a complicated system's dynamics than it is to design
an accurate, exible model which can be exploited e ciently to

parameters increases [Tassa et al. 2012; Todorov et al. 2012], but isbuild a policy that can achieve the desired behaviors. Model-free

hard to formulate beyond speci ¢ tasks, and even with gradients, it
is not always clear how to use these models to optimize Palicies
that achieve desirebehavioursather than speci ¢ actions limited

to individual states [Ding et al2015; Liu et al2016]. Model-based
reinforcement learning is one way to do this, and provides a frame-
work for learning a policy from just a reward signal by optimizing
for the control policy that takes actions which maximize the ex-
pected discounted return [Janner et 2019]. However, model-based
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reinforcement learning exploits this fact and uses measurements
of the response of various states of the environment to various
actions to optimize a policy without any knowledge of the underly-
ing dynamics. This makes it attractive for the purposes of solving
physical control problems where e ects like friction, air resistance,
actuator dynamics, contact response, etc. are notoriously di cult
to accurately model [Hwangbo et 22019]. However, since many
model-free methods are highly sample-ine cient, they are best
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suited to simulated environments where samples are easy and quick

to obtain. Physics engines developed for games [Coumans 2015;
Havok 2021; PhysX 2021] are a good example of this, and are often
treated as black-box simulators for this purpose.

One of the most popular model-free algorithms currently used
for control tasks is Proximal Policy Optimization [Schulman et al
2017] (PPO), which has been applied in a variety of state-of-the-art
control-related research on human characters [Bergamin e2@l9;
Clegg et al2018; Hu et al2020; Lee et aP019; Liu and Hodgins
2018; Luo et al2020; Merel et ak019a,b; Park et a2019; Peng
etal 2018a, 2021; Won et &020; Won and Lee 2019; Xie et2020;

Yu et al 2018], and has proven itself as one of the most popular
on-policy learning algorithms available when sample ine ciency is
of no great concern.

2.4 Motion Tracking

Many works on motion tracking have focused on the emergence of
locomotion-like behaviour from simple objectives or carefully de-
signed heuristics [Coros et 82010; Di Carlo et aR018; Geijtenbeek
and Pronost 2012; Heess et2017; Naderi et a017; Raibert and
Hodgins 1991; Sok et.8#007; Yin et a2007]. However, a desire for
more realistic animation has brought a focus onto the use of motion
capture data [Hong et aR019; Liu and Hodgins 2018, 2017; Liu et al
2016, 2015, 2010], or even video [Peng £2@18b], as a tracking
reference. The most recent motion tracking works primarily use
PPO, and provide a tracking reward for how closely the animation
data is followed [Bergamin et aR019; Chentanez et.&018; Luo
et al 2020; Merel et ak019b; Park et aP019; Peng et aP018a,
2021; Won et aR020; Yu et aR018]. Surprisingly, there is very little
work applying model-based RL for motion imitation, with most
instances being applied on smaller problems [Zhou e28l19], or
as benchmarks [Brockman et.&016]. To our knowledge, we are
the rstto apply a learned world model to the problem of motion
tracking at such a large scale.

3 METHODOLOGY

In this section we describe the training environment, the represen-
tation we use for the simulated and kinematic characters, and the
training algorithm we use to optimize the world model and policy.

Fig. 2. Visual overview of the training procedure for the world model where
red do ed lines represent the back-propagation of the losses. H#Veis
the world model,% is the world model predicted statd,s is the ground
truth state,) g is the policy PD-target output.

Algorithm 1: Algorithm for training the world modelW .
Function TrainWorldModel(S Te #y *) w * 3¢:

/* Set initial predicted state */
Po S
/* Predict P over a window of #y, frames *
for 8 Oto#yw 1ldo
[* Predict rigid body accelerations */
¥ o B~ Wi» LocalPe Teh;) w ©
/* Convert accelerations to world space */
2 i? .
ys. % p(§>>CA¥)8 . p§>>CA¥)éA
[* Integrate rigid body accelerations */
Pg 1 Integrate P yg M 3C
end
/* Compute losses */
| 2 2
Lo>B F?>B|' 8 ig 28 1
L E4; Fes; 8 8 Pg
Lasc FA>C|'8 % p@ 1
Lo=6 Fo=s s % ‘D@ 1
/* Update network parameters */
)W RAdarﬁ)W-r L o°
end

3.1 Environment

To allow for enough data to be collected we set up a training envi-
ronment that closely resembles an RL gym similar in style to that
of DeepMimic [Peng et ak018a]. We simulate 256 di erent articu-
lated characters in parallel with motors at each joint, driven by PD
controllers, with the goal of tracking some corresponding kinematic
animation taken from a motion capture database. Whenever some
maximum episode length is exceeded, or some minimum episode
length has been obtained and the character's head height has devi-
ated from the reference by more than 25cm, reference state initial-
ization [Peng et al2018a] is used to reset the simulated character to
arandom pose from a random animation in the kinematic animation
database, with vertical correction applied to avoid ground penetra-
tions. We use a maximum episode length of 512, a minimum episode
length of 48, and provide an option to apply resets with respect to
some user-provided probability distribution over animations. Once
an episode terminates, the samples from the environment are added
to a large cyclic data bu er (see Section 3.5 for more details). This
setup generates data at a rate 06000 samples per second. For more
details on our simulation settings please see Section 5.3.

3.2 Representation

To represent the state of a given charactérwe use the world
space positionx? 2 R 3, velocitiese’ 2 R 3, rotationsx” 2

R 4 and rotational velocities® 2 R 3 of all the associated rigid
bodiesX = fx? %’ x* %y, where is the number of rigid bodies.
Here, rotations are represented as quaternions. We use the same
representation for both the kinematic charact&rand the simulated
characters
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Fig. 3. Visual overview of the training procedure for the policy where red
do ed lines represent the back-propagation of the losses. H& is the
world model,% is the world model predicted state, is the policy,) g is the
policy PD-target output, gis the kinematic state.

To represent the simulated character's PD targ&ta/e use the
target rotationt 2 R # and target rotational velocit@2 R 3 for
each jointT = ft 8y, where is the number of joints. The PD o sets
computed by the policyo 2 R 3 are represented using vectors
which are converted to rotations via the exponential map [Grassia
1998]. These are multiplied by the joint rotations of the kinematic
charactek®2 R “4to getthe nal PDtargetst =exp Y o kG
whereU provides a way to adjust the overall scaling of the o sets.
Since our method only applies o sets to the target rotations, the PD
target rotational velocitie®are simply copied over directly from
the rotational velocities of the joints of the kinematic character
KC2 R 3 #=KCor setto zero in physics simulators which do not
support them&= 0. See Section 5.1.3 for more information.

3.3 Network Inputs

The global space coordinates described in the previous section are
inappropriate to provide to a network directly as they are not trans-
lation or rotation invariant, and the raw quaternions have issues of
double-cover [Pavllo et a2019]. Instead, a number of pre-processing
steps are required to prepare the network inputs: rst, we convert
the rigid body coordinates into the character space by multiplying by
the inverse of the root rigid body transform (typically the hip trans-
form). Next we convert quaternions into the two-axis rotation matrix
format commonly used in neural network based methods [Zhang
et al 2018]. Then, we append to the representation the heights of
all the rigid bodies from the ground as well as the up direction (in
our case +Z), local to the root rigid body. This gives the network
the direction of gravity and the distance of each limb to the oor,
which can be used to infer contact information:

Localx°® = fx* =’ x A »Ax xP?g 6N}
x? 2R 3=InvixAGA 1?7 yA>>CE )
®? 2R 3=invixA7 A o 3)
xA2 R 6= TwoAxistinvixA>>GA  yho, (4)
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xA2R 3= InvixA>GA A (5)
X 2R = Heightlx?O- (6)
xP? 2 R3 = InvixA>>@ 00 B @)

Here "TwoAXis" converts from quaternion to rotation matrix and
extracts the rst two columns, Height' computes the heights of
the rigid bodies relative to the ground plane or height-map, and

represents quaternion-quaternion multiplication or quaternion-
vector product when multiplying by a vector.

Finally, before being provided as input to the network, we nor-
malize each quantity by its mean and standard deviation which we
compute from a database of kinematic data o ine before training.

Algorithm 2:  Algorithm for training the policy
Function TrainPolicy( Se Ke W e # ) o fo Ue 3

/* Set initial predicted state */
Po S

/* Predict P over a window of #
for 8 Oto # 1ldo

/* Predict PD offsets

0s LocalPs LocalKg 1°%%;) °©

/* Add noise to offsets

Og og, f N10-1°

/* Compute PD targets

Ts f expyos kgl- 519

[* Pass through world model

¥ o BA  Wi» LocalPe Teh) w ©

/* Convert accelerations to world space
? - .
I B

/* Integrate rigid body accelerations
Ps1  IntegratePe pe ¥ 3C

frames */
*/
*/

*/
[
*/

*/

end
/* Compute Local Spaces
Pe K LocalP® LocalK®

/* Compute losses in Local Space
I :? ?
F;?>B’ 8 Py kg

i - >
F.e4; 8 £ Ps 1
| . .
A A
F;A>C'8 pg kg 1

| .

Foss s Bf R
|
Fag 8 Pg
| D? | D?
B Pg kg
L A46 F.a46 iskoskg

Leas6  Fpass gkosk;

/* Update network Parameters
) RAdant) er L?°
end

*

*/

L.o
;?7>B 1

L E4;
L ;A>C
L:0=6
L k

48 8 1

Lp? Fp?

1

*/
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3.4 World Model

To train the world modelW rst we sample a window of#y, =8
frames from the data bu er. We then extract the simulated states
S and the PD target3 which were used at those simulation states.
Starting with the rst frame in the bu er &, the state and PD targets
are input into the networkW , and the rigid body positional, and
rotational accelerations local to the root rigid body are computed as
output¥? 2R 3 ¥A2R 3. These are then converted into the
world space¥’s ¥* by multiplying by the root rigid body rotation,
and integrated with the current state to nd the next state:

IntegrateXs ¥« ¥ 3¢ = fy’ W yA vy ®)
¥ =30¢ &7 )
=308 5 (10)
y? =30¢", X7 (11)
yi=exp £¢t XM 12)

This next state is then fed into the network again and the pro-
cess continues until a whole window of predicted states has been
computed. The di erence between this predictidhand the ground
truth Sis then computed, and network weights updated to minimize
this loss. For more details please see Algorithm 1 and Fig 2. In the
loss function, weight$- 7> F g4, FA>cFo=6, are tweaked to give
roughly equal contribution from all losses at the beginning of train-
ingand represents quaternion di erence - i.e. taking theg of the
result of the left-hand-side quaternion multiplied by the inverse of
the right-hand-side quaternion. This window-based training scheme
can be interpreted as teacher-forcing [Williams and Zipser 1989]
every#yy frames. While this algorithm is presented for a single
sample, training is performed on mini-batches. For a visualization
of trained world model predictions please see Fig 1.

3.5 Policy

To train the policy we rst sample a window of# = 32frames
from the data bu er, extracting the initial simulated stat& as well
as target kinematic statels. Then, the simulated state and initial
target kinematic state are fed into the policy to get the PD o sets
Gaussian noise scaled by= 0”1 is added to the o sets to encourage
state and action trajectory exploration, and the resulting o seis
are scaled by an overall scaling factdibefore being converted to
quaternions and multiplied by the kinematic character joint rota-
tions kC. These are then paired with the kinematic character joint
rotational velocitieskCto produce the nal PD targetd. These PD
targets are then fed into the world model, along with the predicted

this algorithm is presented for a single sample, training is performed
on mini-batches. This algorithm also matches the procedure per-
formed to gather training data in the training gym, but with the
real physics simulator used to obtain the next simulated state rather
than the world model.

3.6 Training

Our full training procedure is as follows: each iteration, rst we
pull any new data from the environment into a large cyclic data
bu er of 150,000 samples, which contains the simulated character
S kinematic characteK, and PD targets used. Next, we transfer
the current version of the policy to the environment. Finally, we
train the world modelW for a single step using Algorithm 1, and
the policy for a single step using Algorithm 2. This whole process
is then repeated. We start to see basic balancing behaviour after
about 10,000 iterations (which requires about two hours training
on a mid-tier graphics card such as a Nvidia GTX 1070), but we
found full training required 100,000 to 200,000 iterations, and
took closerto 20to 40 hours depending on the exact hardware,
training setup, and desired tracking performance. For full details of
the hyper-parameters used please see Table 1 and for more details
on training times please see Table 2.

Table 1. Hyper-parameter se ings used by our method.

Hidden Layers 5
Hidden Units 1024
Activation ELU
Batchsize 2048
World Model Learning Rate | 0.001
Window (# ) 8
Hidden Layers 5
Hidden Units 1024
Activation ELU
Polic Batchsize 1024
y Learning Rate | 0.0001]
Window # ) 32
Noise Scalef() 0.1
Other O set Scale ) 120
4 RESULTS

In this section we show the results of our method on several di er-
ent animation databases as well as on interactive control. All results
are shown using the PhysX [PhysX 2021] physics simulator unless
otherwise mentioned. For more details please see supplementary

simulated state, to produce the next simulated state. This process is video and for full details on the exact speci cations of all the dif-

then repeated until a full window of predicted staté&shave been
produced. The di erence between this prediction and the target
kinematic stateK is then computed in the local space, and the
losses used to update the weights of the policy. For more details,
please see Algorithm 2 and Fig 3. In the loss function, weights.g
F.e4,F.a>cF.0=6. F 48, FD? are set to give roughly equal contribu-
tion from all losses at the beginning of training while regularization
weightsF.assandFpasgre given a smaller contribution by two
orders of magnitude and are used to penalize large PD o sets. While

ferent databases used please see Table 2. To measure the success
of our method, we compute th8urvival Ratewhich is de ned as

the percentage of episodes that last longer than a given time with-
out the character reaching a failed state (shown in Fig 4). A failed
state is as described in Section 3. Here, if the character reaches the
end of the animation without failing we reset it to a new random
frame without adjusting the tracking timer and continue the episode.
We observe that th&urvival Rateends to re ect the overall size,
physical di cultly, and diversity of the database.
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