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Fig. 1. Laikago robot performing locomotion skills learned by imitating motion data recorded from a realappgMotion capture data recorded from a
dog. Middle: Simulated Laikago robot imitating reference motioBsttom: Real Laikago robot imitating reference motions.

Abstract—Reproducing the diverse and agile locomotion skills designing control strategies often involves a lengthy develop-
of anin?lalsd has beden atlor;lgstarr\]ding t‘;ha"e”gle it” rObOtliCtS- While ment process, and requires substantial expertise of both the
manually-designed controllers have been able to emulate many . : : :
complex behaviors, building such controllers involves a time- underlylng sys_tem anq the desired .S.k.llls' Degplte the many
consuming and dif cult development process, often requiring Success in this domain, the capabilities achieved by these
substantial expertise of the nuances of each skill. Reinforce- systems are still far from the uid and graceful motions seen
ment learning provides an appealing alternative for automating in the animal kingdom.

the manual effort involved in the development of controllers. L ino-b d h ff h ial .
However, designing learing objectives that elicit the desired earning-based approaches oifer the potential to improve

behaviors from an agent can also require a great deal of skill- the agility of legged robots, while also automating a substantial
speci ¢ expertise. In this work, we present an imitation learning portion of the manual effort involved in the development
system that enables legged robots to learn agile locomotion skills of controllers. In particular, reinforcement learning (RL) can
by imitating real-world animals. We show that by leveraging be an effective and general approach for developing con-
reference motion data, a single learning-based approach is able . o .

to automatically synthesize controllers for a diverse repertoire trollers that can perform a wide range of sophisticated skills
behaviors for legged robots. By incorporating sample ef cient [7, [43, 25,/44] 34]. While these methods have demonstrated
domain adaptation techniques into the training process, our promising results in simulation, agents trained through RL
system is able to learn adaptive policies in simulation that gre prone to adopting unnatural behaviors that are dangerous
can then be quickly adapted for real-world deployment. To  inteasible when deployed in the real world. Furthermore,

demonstrate the effectiveness of our system, we train an 18- L ) - . .
DoF quadruped robot to perform a variety of agile behaviors designing reward functions that elicit the desired behaviors can

ranging from different locomotion gaits to dynamic hops and itself require a laborious task-speci ¢ tuning process.
turns. (Vide The comparatively superior agility seen in animals, as
I. INTRODUCTION compared to robots, might lead one to wonder: can we build
Animals can traverse complex environments Witﬁnqre agl_le robotu_: controller_s with less effort by dlre_cm_yl- _
remarkable agility, bringing to bear broad repertoires ztlng_ animal motions? In this work, we propose an imitation
' 9 arning framework that enables legged robots to learn agile

agile and acrobatic skills. Reproducing such agile beh":w'chr)séomotion skills from real-world animals. Our framework
has been a long-standing challenge in robotics, with a lar, )

S . erages reference motion data to provide priors regarding
body of work devoted to designing control strategies fqr __. ; ; )
various locomotion  skills [[37. 49, 54,18, 3]. However, YEasible control strategies for a particular skill. The use of

reference motions alleviates the need to design skill-speci c
reward functions, thereby enabling a common framework to
1Supplementary video: sites.google.com/view/laikago-imitation/ learn a diverse array of behaviors. To address the high sample
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requirements of current RL algorithms, the initial trainingich dynamics of the real world. Domain randomization can
phase is performed in simulation. In order to transfer policid® incorporated into the training process to encourage policies
learned in simulation to the real world, we propose a sample be robust to variations in the dynamits|[52, (60, 47,42, 41].
ef cient adaptation technique, which ne-tunes the behavidBample ef cient adaptation techniques, such as netuning
of a policy using a learned dynamics representation. [51] and meta-learning [13, 16, 6] can also be applied to
The central contribution of our work is a system that enablésrther improve the performance of pre-trained policies in new
legged robots to learn agile locomotion skills by imitatinglomains. In this work, we leverage a class of adaptation tech-
animals. We demonstrate the effectiveness of our framewarkjues, which we broadly referred to kgent space methods
on a variety of dynamic locomotion skills with the Laikagd24, 65, 67], to transfer locomotion policies from simulation
quadruped robot [61], including different locomotion gaits, a® the real world. During pre-training, these methods learn
well as dynamic hops and turns. In our ablation studies, veelatent representation of different behaviors that are effective
explore the impact of different design decisions made for thmder various scenarios. When transferring to a new domain, a
various components of our system. search can be conducted in the latent space to nd behaviors
that successfully execute a desired task in the new domain.
Il. RELATED WORK We show that by combining motion imitation and latent space
The development of controllers for legged locomotion hasdaptation, our system is able to learn a diverse corpus of
been an enduring subject of interest in robotics, with a larggnamic locomotion skills that can be transferred to legged
body of work proposing a variety of control strategies forobots in the real world.
legged systems [37, 49, 54,120, 18, 64, 8, 3]. However, man _ ) _
of these methods require in-depth knowledge and manu fqr legged Iocomonon.Remfprcement 'e,am'”g hgs peen
engineering for each behavior, and as such, the resulting ca‘f)fé@d“_’e for autgmancglly acquiring locomotion skills in simu-
bilities are ultimately limited by the designer's understanding!on [44, 34[.32] and in the real world [81.159, 14, 58,22, 26].
of how to model and represent agile and dynamic behavioRN! and Stone [31] applied a policy gradient method to tune
Trajectory optimization and model predictive control can mitinanually-crafted walking controllers for the Sony Aibo robot.
gate some of the manual effort involved in the design proce@f carefully modeling the motor dynamics of the. Mlnltayr
but due to the high-dimensional and complex dynamics gfadruped robot, Tan et al. [58] was able to train walking

legged systems, reduced-order models are often neede@fCies in simulation that can be directly deployed on a
formulate tractable optimization problems [11,] 17] L2, 2{eal robot. Hwangbo et all [26] proposed learning a motor

These simplied abstractions tend to be task-speci c, angiynamics model using real-world data, which enabled direct

again require signi cant insight of the properties of each Sk”[ran_sfer ofa vari(_aty of Iogo_motio_n skills to the AN\_(maI robot.
Their system trained policies using manually-designed reward

Motion imitation. Imitating reference motions provides &unctions for each skill, which can be dif cult to specify for
general approach for robots to perform a rich variety @hore complex behaviors. Imitating reference motions can be
behaviors that would otherwise be dif cult to manually encode general approach for learning diverse repertoires of skills
into controllers [48] 21, 55, 63]. But applications of motiomwithout the need to design skill-specic reward functions
imitation to legged robots have predominantly been limiteg@5, 44 [45]. Xie et al.[[62] trained bipedal walking policies for
to behaviors that emphasize upper-body motions, with fairlie Cassie robot by imitating reference motions recorded from
static lower-body movements, where balance control can égisting controllers and keyframe animations. The policies are
delegated to separate control strategies$ [39, 27, 30]. In contragain transferred from simulation to the real world with the
to physical robots, substantially more dynamic skills can keid of careful system identi cation. Yu et al. [65] transferred
reproduced by agents in simulation [38, 83, 9, 35]. Recentlyipedal locomotion policies from simulation to a physical
motion imitation with reinforcement learning has been effe@arwin OP2 robot using a latent space adaptation method,
tive for learning a large repertoire of highly acrobatic skillvhich mitigates the dependency on accurate simulators. In
in simulation [44, 34, 45, _32]. But due to the high samplehis work, we leverage a similar latent space method, but by
complexity of RL algorithms and other physical limitationscombining it with motion imitation, our system enables real
many of the capabilities demonstrated in simulation have yfbots to perform more diverse and agile behaviors than have
to be replicated in the real world. been demonstrated by these previous methods.

Sim-to-real transfer. The challenges of applying RL in the
real world have driven the use of domain transfer approaches,
where policies are rst trained in simulation (source domain), The objective of our framework is to enable robots to learn
and then transferred to the real world (target domain). Sim-tskills from real animals. Our framework receives as input
real transfer can be facilitated by constructing more accuratereference motion that demonstrates a desired skill for the
simulations [58, 62], or adapting the simulator with realrobot, which may be recorded using motion capture (mocap)
world data [57| 28, 26, 36, 5]. However, building high- delityof real animals (e.g. a dog). Given a reference motion, it then
simulators remains a challenging endeavour, and even stateusies reinforcement learning to synthesize a policy that enables
the-art simulators provide only a coarse approximation of tleerobot to reproduce that skill in the real world. A schematic

I1l. OVERVIEW



Fig. 3. Inverse-kinematics (IK) is used to retarget mocap clips recorded
from a real dog left) to the Laikago robotr{ght). Corresponding pairs of
keypoints (red) are specied on the dog and robot’'s bodies, and then IK is

. . . . I m for the r hat tracks the ki ints.
Fig. 2. The framework consists of three stages: motion retargeting, motl%ﬁed to compute a pose for the robot that tracks the keypoints

imitation, and domain adaptation. It receives as input motion data recorded . . .
from an animal, and outputs a control policy that enables a real robot teturn for a given task [56]. At each timestépthe agent

reproduce the motion. observers a stats; from the environment, and samples an

illustration of our framework is available in Figufd 2. Theac'[Ionat ~ (&) from its policy . The agent then applies

process is organized into three stages: motion retargeti;'g/,sv action, Wh'_Ch .results in-a new sta@l_and a s_calar
motion imitation, and domain adaptation. 1) The referend ardre = 1(St; r; Stea ). Repeatgd a.ppll.catu.)ns.of th|s pro-
motion is rst processed by the motion retargeting stag&cSS 9enerates a trajectory= {(So;@0;ro); (s1;a1;1); =2}
where the motion clip is mapped from the original subject’ e objective then is to learn a policy that maximizes the

morphology to the robot’s morphology via inverse-kinematicé‘.gent,S expected retud( ), "

2) Next, the retargeted reference motion is used in the motion X1 #
imitation stage to train a policy to reproduce the motion with J()=E i) re 2
a simulated model of the robot. To facilitate transfer to the t=0

real world, domain randomization is applied in simulation tqhere T denotes the time horizon of each episode, and

train policies that can adapt to different dynamics. 3) Flnallyf;), ]_] is a discount factorp( | ) represents the likelihood of
the policy is transferred to a real robot via a sample ef cierf trajectory under a given policy ,

domain adaptation process, which adapts the policy’s behavior

. . . 1
using a learned latent dynamics representation.

P( | )= p(so)  P(St+1 [St;ar) (atlst); 3)
IV. MOTION RETARGETING t=0

When using motion data recorded from animals, the supith p(so) being the initial state distribution, and
ject's morphology tends to differ from that of the robot's. Td(St+1 [St; &) representing the dynamics of the system,
address this discrepancy, the source motions are retargetedhiéch determines the effects of the agent's actions.
the robot's morphology using inverse-kinematics [19]. First, TO imitate a given reference motion, we follow a similar
a set of source keypoints are speci ed on the subject’s bodjotion imitation approach as Peng et al. [44]. The inputs to
which are paired with corresponding target keypoints on tfige policy is augmented with an additional gagl, which
robot’s body. An illustration of the keypoints is available irsPeci es the motion that the robot should imitate. The policy
Figure[3. The keypoints include the positions of the feds modeled as a feedforward network that maps a given state
and hips. At each timestep, the source motion speci es teand goalg: to a distribution over actions(at|st; gt). The
3D location ®i(t) of each keypointi. The corresponding Policy is queried at 30Hz for a new action at each timestep.
target keypointxi(q¢) is determined by the robot's posg, The states; = (d¢ 2:c;ac 3¢ 1) iS represented by the poses
represented in generalized coordinates [15]. IK is then applifid 2:t Of the robot in the three previous timesteps, and the
to construct a sequence of posgsr that track the keypoints three previous actiona: 3.+ 1. The pose featureg. consist

at each frame, of IMU readings of the root orientation (row, pitch, yaw)
X X 5 - and the local rotations of every joint. The root position is
ar(? min [[Ri(t) —xi(qe)[|*+(a—ae) " W (d—0de): (1) not included among the pose features to avoid the need to
0T t i

estimate the root position during real-world deployment.
An additional regularization term is included to encourThe goalg: = (Qe+1;0t+2 ;010 Gre30) SPECi €S target
age the poses to remain similar to a default pgseand poses from the reference motion at four future timesteps,
W =diag(ws;wsy;:::) is a diagonal matrix specifying regu-spanning approximately 1 second. The actin speci es
larization coef cients for each joint. target rotations for PD controllers at each joint. To ensure
smoother motions, the PD targets are rst processed by a
low-pass Iter before being applied on the robot [4].

We formulate motion imitation as a reinforcement learning
problem. In reinforcement learning, the objective is to learnReward Function. The reward function encourages the policy
control policy that enables an agent to maximize its expectead track the sequence of target po$€s; q1;:::; 1) from the

V. MOTION IMITATION



reference motion at every timestep. The reward function Bs Domain Adaptation
similar to the one used by Peng et al.[[44], where the rewardn this work, we aim to learn strategies that are robust to
re at each timestep is given by: variations in the dynamics of the environment, while also being
able to adapt its behaviors as necessary for new environments.
Let represent the values of the dynamics parameters that
wP=0:5 wY=0:05 w¢=0:2;, wP=0:15 w"v=0:1 are randomized during training in simulation (Tafle I). At the
start of each episode, a random set of parameters are sampled
The pose reward? encourages the robot to minimize theaccording to ~ p( ). The dynamics parameters are then
difference_ between the joint rotations speci ed py the refegsncoded into a latent embeddiag~ E(z| ) by a stochastic
ence motion and those of the robot. In the equation beflgw, encoderE , andz is provided as an additional input to the pol-
represents the 1D local rotation of joiptfrom the reference icy (als;z). For brevity, we have excluded the goal it

re= wPrf + w'r{ + werg+ wr + wry (4)

motion at timet, andq{ represents the robot's joint, for the policy. When transferring a policy to the real world, we
2 3 follow a similar approach as Yu et al. [66], where a search is
p 4 X J i25. performed to nd a latent encoding that enables the policy
re=exp4-5 [0y —qy/[™: (5)

to successfully execute the desired behaviors on the physical
system. Next, we propose an extension that addresses potential
Similarly, the velocity rewardy is calculated according to theissues due to over- tting with the previously proposed method.
joint velocities, withd{ andg{ being the angular velocity of A potential degeneracies of the previously described ap-
joint j from the reference motion and robot respectively, proach is that the policy may learn strategies that depend
2 3 on z being an accurate representation of the true dynamics
Aj 40125 . of the system. This can result in brittle behaviors where the
las —aef[*2: (6) >YSIE ; .
strategies utilized by the policy for a givencan overt to
the precise dynamics from the corresponding parameters
Next, the end-effector reward, encourages the robot to trackFyrthermore, due to unmodeled effects in the real world, there
the pOSitiOﬂS of the end-effectors, Whell’fiadenotes the relative m|ght be no that accurate|y models real-world dynamics_

]

X
r{ =exp4-0:1
J

3D position of end-effectoe with respect to the root, Therefore, to encourage the policy to be robust to uncertainty
X # in the dynamics, we incorporate an information bottleneck into
ré=exp —40 |]R¢ —x§|]? (7) the encoder. The information bottleneck enforces an upper

e bound |, on the mutual information (M ;Z) between the

dynamics parametengl and the encoding. This results in

Finally, the root pose reward” and root velocity reward}’ . X . T L
Y P rf y Li the following constrained policy optimization objective,

encourage the robot to track the reference root motig#?

andx°°t denotes the root’s global position and linear velocity, X1 .
while g{°° and g{°®* are the rotation and angular velocity, arg_lrznax Ep pwBz E@mE  p(j i) re (10
) t=0
rd = exp S20[R¢% = x?” — 10007 — a5 (8) st I(M;Z) <l (11)
iy =exp —2|[RP"— x{°%12 — 0:2][a°” — a*|* © (9) where the trajectory distribution is now given by,
VI. DOMAIN ADAPTATION A
- , . o P(C |5 :2)=p(so)  P(Sts1lstae ) (atlsez): (12)
Due to discrepancies between the dynamics of the sim- =0

ulation and the real world, policies trained in simulationsince computing the mutual information is intractable, the
tend to perform poorly when deployed on a physical syster,syraint in Equation 11 can be approximated with a vari-

Therefore, we propose a sample ef cient adaptation teChnquﬁonal upper bound using the KL divergence betwgeand
for transferring policies from simulation to the real world. 4 iational prior (2) [1]

A. Domain Randomization I(M;Z) <E, pw [Dke [EC ) OO (13)

Domain randomization is a simple stratggy fo_r improvingVe can further simplify the objective by converting Equa-
a policy’'s robustness to dynamics variations|[52] 60, 4 on [T into a soft constraint, to yield the following
Instead of training a policy in a single environment with Xeqnformation—regularized objective

dynamics, domain randomization varies the dynamics during " #
training, thereby encouraging the policy to learn strategies that X1 ¢

are functional across different dynamics. However, there mayarg_lrznaxEu pwEz E@imE  p( i i) "t (14
be no single strategy that is effective across all environments, =0

and due to unmodeled effects in the real world, strategies that = By p B ECHI O

are robust to different simulated dynamics may nonethelesgh > 0 being a Lagrange multiplier. In our experiments,
fail when deployed in a physical system. we model the encodeE(z| ) = N(m( ); ()) as a
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Fig. 5. Performance statistics of imitating various skills in the real world. Performance is recorded as the average normalized return between [0, 1]. Three
policies initialized with different random seeds are trained for each combination of skill and method. The performance of each policy is evaluated over 5
episodes, for a total of 15 trials per method. The adaptive policies outperform the non-adaptive policies on most skills.
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Fig. 6. Schematic illustration of the network architecture used for the adaptive
policy. The encodeE(zj ) receives the dynamics parametersas input, 0-

which are processed by two fully-connected layers with 256 and 128 RelLU .%"cge BacE:/%rds '53;?.?1 Hop-Tumn
units, and then mapped to a Gaussian distribution over the latent &ace Trot Skill

with meanmg () and standard deviationg ( ). An QHCQd_i”QZ issampled  gjg 7 Comparison of the time elapsed before the robot falls when deploying
from the encoder distribution and provided to the poliqgjs; g; ) asinput, yarious policies in the real world. The adaptive policies are often able to

along with the states and goalg. The policy is modeled with two layers of yaintain balance longer than the other baselines policies, and tend to reach
512 and 256 units, followed by an output layer which species the megfg max episode length without falling.

m (s;0;z) of the action distribution. The standard deviation of the ) o . .
action distribution is speci ed by a xed diagonal matrix. The value functiolwithout randomization (No Rand), and robust policies trained

V (s;g; ) is modeled by a separate network with 512 and 256 hidden unitgith randomization (Robust) but do not perform adaptation in

Furthermore, by simply playing the mocap clips backward9&W environments. Real—wqud .performance.comparisons of
we are able to train policies for different backwards walkin§€Se methods are shown in Fig{iie 5, detailed performance
gaits (Figure 4(b)). The gaits learned by our policies aflatistics in simulation and the real world are available in
faster than those of the manually-designed controller froffPPendix[B. When deployed on the real robot, the adaptive
the manufacturer. The fastest manufacturer gait reaches a Rgicies outperform their non-adaptive counterparts on most
speed of about 0.84m/s, while the Dog Trot policy reach&kllls. For simpler sk|l_ls_, such as In_-PIace Steps and Side-
a speed of 1.08m/s. The backwards trotting gait reaches }§PS the robust policies are suf cient for transfer to the
even higher speed of 1.20m/s. In addition to imitating mocdg@! robot. But for more dynamic skills, such as Dog Pace
data from animals, our system is also able to learn from art@fd Dog Spin, the robust policies are prone to falling, while
animated motions. While these hand-animated motions 4f¢ @daptive policies can execute the skills more consistently.
generally not physically correct, the policies are nonetheleRglicies trained W|tho_ut rar_1dom|zat|0n fail to transfer to the
able to closely imitate most motions with the real robof€al world for most skills. Figure 7 compares the time elapsed
This includes a highly dynamic Hop-Turn motion, in whicHr€efore the robot falls under the various policies. The adaptive
the robot performs a 90 degrees turn midair (Figare] 4(eBplicies are often able to maintair! balance_for a longer period
While our system is able to imitate a variety of motions?f time than the other meth_ods, with a signi cant performance
some motions, such as Running Man (Figire]4(f)), proJ@provement after adaptation. _ N
challenging to reproduce. The motion requires the robot to 10 evaluate the policies’ abilities to cope with unfamiliar
travel backwards while moving in a forward-walking mannefynamics, we test the policies in out-of-distribution simulated
Our policies learn to keep the robot’s feet on the ground aggvironments, where the dynamics parameters are sampled

shuf e backwards, instead of lifting the feet during each steffOm & larger range of values than those used during training.
he range of values used during training and testing are

C. Domain Adaptation detailed in Table 1. Figure 8 visualizes the performance of the
To determine the effects of domain adaptation, we compapelicies in 100 simulated environments with different dynam-
our method to non-adaptive policies trained in simulatioics. The vertical axis represents the normalized return, and the
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Fig. 8. Performance of policies in 100 simulated environments withig. 10. Performance of adaptive policies trained with different coef cients
different dynamics. The vertical axis represents the normalized return, andor the information penalty. No IB corresponds to policies trained without
the horizontal axis records the portion of environments in which a polign information bottleneck. The dotted lines represent performance before
achieves a return higher than a particular value. The adaptive policies achiadaptation, and the solid lines represent after adaptation.
higher returns under more diverse dynamics than the non-adaptive policies. . . . .

bog Pace less reliant on precise knowledge of the underlying dynamics,

1o which in turn results in more robust behaviors that attain
Y = higher performance before adaptation. However, since the
policy’s behavior is less dependent on the latent variables, this
can also result in less adaptable policies, which exhibit smaller
performance improvements after adaptation. Similarly, smaller
values of tend to produce less robust but more adaptive
R policies, exhibiting lower performance before adaptation, but
a larger improvement after adaptation. In our experiments,
ments using the learned latent space. The policies are able to adapt to ‘K nd that =10 * p_rowdes a good trade'Oﬁ_ betwee_n
environments in a relatively small number of episodesl robustness and adaptablllty. We also compare the information-
, ) . , ) . constrained latent representations to the unconstrained counter-
horizontal axis records the portion of environments in Wh'gﬂ?arts (No IB). The information-constrained policies generally

a policy achieves a return higher than a particular value. Fpieye petter performance both before and after adaptation.
example, in the case of Dog Pace, the adaptive policies achieve

a return higher than 0.6 i50% of the environments, while the VIII. D1scussiON ANDFUTURE WORK

robust policy achieves a return higher than 0.88%of the =~ We presented a framework for learning agile legged-
environments. The experiments are repeated 3 times for ef¢pmotion skills by imitating reference motion data. By
method using policies initialized with different random seed§imply providing the system with different reference motions,
In these experimentS, the adaptive po"cies tend to Outperfovm are able to learn pOliCieS for a diverse set of behaviors with
their non-adaptive counterparts across the various skills. TRigluadruped robot, which can then be ef ciently transferred
suggests that the adaptation process is able to better generdfi@ simulation to the real world. However, due to hardware
to environments that differ from those encountered durir@d algorithmic limitations, we have not been able to learn
training. To analyze the performance of policies during tH&ore dynamic behaviors such as large jumps and runs. Explor-
adaptation process, we record the performance of individd@g techniques that are able to reproduce these behaviors in
policies after each update iteration. Figure 9 illustrates ti@e real world could signi cantly increase the agility of legged
learning curves in 5 different environments for each skill. Th@bots. The behaviors learned by our policies are currently not
policies are generally able to adapt to new environments irf& stable as the best manually-designed controllers. Improving
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Fig. 9. Learning curves of adapting policies to different simulated enviro

relatively few number of episodes. the robustness of these learned controllers would be valuable
for more complex real-world applications. We are also in-
D. Information Bottleneck terested in learning from other sources of motion data, such

Next we evaluate the effects of the information bottlenecddeo clips, which could substantially increase the volume of
on adaptation performance. Figire 8 summarizes the perfBghavioral data that robots can learn from.
mance of policies trained with different values offor the ACKNOWLEDGEMENTS
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