
The Design of the Barkour Benchmark for Robot Agility

Wenhao Yu∗, Ken Caluwaerts∗, Atil Iscen∗, J. Chase Kew∗, Tingnan Zhang∗, Daniel Freeman†, Lisa Lee†, Stefano Saliceti†,
Vincent Zhuang†, Nathan Batchelor, Steven Bohez, Federico Casarini, Jose Enrique Chen, Erwin Coumans, Adil Dostmohamed,

Gabriel Dulac-Arnold, Alejandro Escontrela, Erik Frey, Roland Hafner, Deepali Jain, Bauyrjan Jyenis, Yuheng Kuang, Edward Lee,
Ofir Nachum, Ken Oslund, Francesco Romano, Fereshteh Sadeghi, Baruch Tabanpour, Daniel Zheng, Michael Neunert, Raia Hadsell,

Nicolas Heess, Francesco Nori, Jeff Seto, Carolina Parada, Vikas Sindhwani, Vincent Vanhoucke, Jie Tan, Kuang-Huei Lee

Abstract— In this paper, we describe the design of the
Barkour benchmark for measuring robot agility in navigating
complex environments. Despite the growing interest in devel-
oping agile robot locomotion skills, the field lacks systematic
benchmarks to measure the performance of robotic control
systems and hardware in agility-focused tasks. This motivated
us to propose the Barkour benchmark, an obstacle course
designed to quantify agility across various robotic platforms.
Inspired by dog agility competitions, the course features diverse
obstacles and a time-based scoring mechanism, encouraging
researchers to develop controllers that enable robots to move
quickly, precisely, and with adaptability. This benchmark is
challenging as it demands diverse motion skills and the time-
based scoring requires control precision at high speed. Along
with the design details presented in the paper, we release
our simulated environment setups in MuJoCo-XLA and the
CAD model of a custom-designed quadruped robot to facilitate
future research to reproduce the Barkour setup (available at
sites.google.com/view/barkour). We hope these together will
accelerate the pace of robot agility research.

I. INTRODUCTION

Robot development has seen significant advancement in-
spired by animal mobility. Recent notable examples include
the ETH ANYmal [1], the MIT Mini Cheetah [2], the KAIST
RaiBo [3], Unitree A1/Go1 [4], and the Boston Dynamics
Spot robots [5]. An important research question in this
field is how to develop a controller that enables legged
robots to exhibit animal-level agility while also being able
to generalize across various obstacles and terrains. Through
the exploration of both learning and traditional control-based
methods, there has been significant progress in enabling
robots to walk across a wide range of terrains [6], [7], [8],
[9], [10]. These robots are now capable of walking in a
variety of indoor and outdoor environments, such as up and
down stairs, through bushes, and over unpaved roads and
rocky, or even sandy beaches.

Despite advances in robot hardware and control, a major
challenge in the field is the lack of standardized and intu-
itive methods for evaluating the effectiveness of locomotion
controllers. Ad-hoc metrics are often used to present results,
which complicates the comparing of results. To address this
issue, it is essential to establish metrics that can accurately
measure robot agility and to define a standard set of tasks
that can serve as a common evaluation framework, similar
to how the DeepMind Control Suite [11] has been widely
adopted in the field of reinforcement learning (RL).

*These authors contributed equally. †These authors contributed equally.
All authors are affiliated with Google DeepMind.

Fig. 1: The Barkour physical setup (5 m x 5 m course).

A good benchmark set for agile legged locomotion should
(1) be non-trivial or not easily exploitable, and (2) require a
diverse set of primitive behaviors that quadrupeds showcase
in real environments. Well-established benchmarks already
exist to measure animal performance, for example, dog
agility competitions [12]. In these competitions, participants
race their dogs through a preset obstacle course. A variety of
obstacles including weave poles, jumps, tunnels, A-frames,
seesaws, and pause tables test diverse locomotion skills.
The performance is evaluated based on time and there are
penalties for errors such as completing obstacles in the wrong
order, tackling an obstacle from the wrong direction, or
touching the jump bars while leaping.

Inspired by dog agility competitions, we introduce Barkour
(Fig. 1), a challenging parkour course designed specifically
for quadruped robots. We propose Barkour as a compre-
hensive benchmark suite for evaluating the agility of legged
robots. We select a few representative obstacles (the weave
poles, an A-frame, a jump board, and starting/ending pause
tables) and fit the setup in a 25m2 area. We design an
agility scoring system inspired by the dog competition rules:
To get a high score, the legged robot must complete the
entire Barkour course within a time limit determined by the
configuration of the obstacles. The faster the robot, the higher
the final score.

The benchmark is effective for several reasons. Firstly, di-
verse motion capabilities are required to complete the course,
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which effectively exposes potential limitations on agile skill
discovery. Secondly, due to the complex routes required to
finish the course and the score being tied to completion
time, the benchmark effectively tests the maneuverability
and control precision of the locomotion controller at high
speeds. If the robot misses the correct gate in the weave
poles section, touches the jump board, or is simply too
slow, the overall score is penalized. Lastly, we found that
the benchmark is well-suited for real animal counterparts, as
demonstrated in our experiments involving two small dogs,
a Pomeranian/Chihuahua and a Dachshund, in Section IV.
The comparison between the performance of the real dogs
and the robots highlights opportunities for improvement in
both hardware (such as the need for flexible spines) and
algorithmic approaches.

To make progress towards the tasks in our Barkour bench-
mark suite, we introduce a simulation setup in MuJoCo-
XLA, which includes the environment and a custom-built
quadruped robot (Figure 4). As demonstrated in Caluwaerts
et al. [13], locomotion policies learned in this simulation
setup can be directly transferred onto a real-world Bark-
our course in zero-shot to enable agile locomotion. We
have released the simulated setup in both MuJoCo [11]
and Brax [14], as well as the CAD models of the robot
at sites.google.com/view/barkour (also see Section V for
details).

II. RELATED WORK

Benchmarks are a driving force behind the development
of artificial intelligence methods, such as ImageNet [15] for
computer vision and the OpenAI Gym [16] for Reinforce-
ment Learning. In the field of robot agility, while many prior
works focused on creating new algorithms and controllers,
limited effort has been directed towards creating a systematic
benchmark to assess the performance of these controllers,
especially in the context of agility [17], [18], [19], [20].
Among these efforts, Eckert & Ijspeert [18] proposed a suite
of 13 metrics to measure different aspects of the agility
of legged robots including leaping, standing, balancing, and
climbing. Their metrics are carefully designed and measure
robot performance in a comprehensive way. Barkour is
complementary to these metrics, a key difference being the
inclusion of a standardized and extensible obstacle course
environment and a single metric to measure the overall
performance of the controller in an intuitive way.

The W-Prize [19] was proposed in 2007 to demonstrate
efficiency and dexterity in machine locomotion. The goal was
to have a robot walk 10 km under 10 000 s while using no
more than 10 kJ per kg of machine mass. The obstacle course
consisted of stairs, stepping blocks and missing blocks.
While the overall goal is very similar, our course and metrics,
inspired by dog agility competitions, focuses on faster and
more dynamic motions such as jumping, without the energy
restrictions. Recently, there has been an uptick in robot
competitions related to agility and tackling of diverse terrains
and obstacles, such as the Quadruped Robot Challenge [21]
and Cybathlon [20].

There has been an extensive set of research works that
push the boundaries of agile, robust, and dynamic mo-
tions [10], [9], [22], [23], [24], [25], [26], [27], [28], [29],
[30], [31], [32], [33], [34], [35]. Many of these works rely
on adhoc evaluation metrics, while Caluwaerts et al. [13]
introduced experiments on a systematic Barkour benchmark.
In this paper, we deep-dive into the design of Barkour and
release the assets to facilitate the collective endeavor from
the research community.

III. THE BARKOUR BENCHMARK
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Fig. 2: Barkour course design composed of four different
obstacles: (start and end) pause tables, weave poles, an A-
frame, and a broad jump.

Inspired by dog agility competitions, the Barkour bench-
mark is designed to provide a setting to quantitatively evalu-
ate robot agility. Dog agility competitions feature diverse sets
of obstacles that require a wide range of agile locomotion
skills and behaviors. They have well-defined rules and clear
metrics based on timing and behaviors to compare the
performances of different dogs. It is natural to think that all
of these can apply to benchmark robot agility as well. Hence,
we propose a similar design, including a set of obstacles that
require diverse skills, a time-based metric, and penalties for
rule violations.

A. The Barkour Course and Obstacles

We use an area of 5m × 5m within which we place four
unique obstacles (Figs. 1 and 2). This is a denser setup with
a smaller footprint than a typical dog competition to enable
repeated and controlled deployment in a standard robotics
lab. We chose the obstacle types that provide diversity
over required primitive skills such as running, sideways
movement, climbing and jumping, while keeping the smaller
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footprint. Beginning at a pause table (the start table), the
robot must weave through a set of poles, traverse an A-frame,
jump across a broad jump, and finally make its way onto
another pause table (the end table). All obstacles are fixed
in place. The main floor area of the Barkour course consists
of PlaySafer Classic Tile Blue 20”x20”x2.75” from Rubber-
Mulch.com. In the following, we describe the details of each
obstacle, including physical setup and success criteria.

1) Pause Tables: A pause table is a 1m x 1m x 0.1m
(width, depth, height) solid obstacle. The top consists of a
hard, non-slip surface (12.7mm-15.8mm rubber granules
and chunks from RubberMulch.com attached with epoxy to
plywood). There is one pause table at the start (start table)
of the course and one at the end (end table).

To successfully step off a table, the robot must move the
center of its torso 0.7m away from the center of the table.
To step onto the a table, the robot must move the center of
its torso to within 0.4m of the center of the table.

2) Weave Poles: The weave poles obstacle consists of
5 small flexible poles spaced 0.5m and 0.8m apart. The
unequal distances between poles increase the difficulty to-
wards the end of the obstacle and predispose the robot to
make sideways motions. The fixed part of each cone is
approximately 0.05m in diameter and 0.05m high.

3) A-frame: The A-frame consists of a ramp with a 30◦

incline. The top of the obstacle is 1m high and each side is
1m wide. The gap between the floor and the flat part of the
ascending and descending ramps shall be less than 20mm.

To successfully complete the A-frame obstacle, the robot
must pass (center of torso) across the line segment defined
by the part of the A-frame touching floor on the first side,
move across the top of the A-frame, and finally pass across
the line segment at the bottom of the opposite end.

The A-frame is challenging as the relatively small feet
of the robot do not provide enough friction for semi-static
behaviors. The lack of friction also penalizes jittery motions
that lose contact with the ground. Moreover, the sensitivity
to friction and restitution of the surface and the feet defor-
mations also make the problem harder to model perfectly in
simulation. The A-frame requires the robot to approach with
some speed and maintain good contact to generate sufficient
friction, while keeping forward momentum. The robot also
has to keep its balance and transition to a soft landing during
the downhill segment.

On the surface of the A-frame, we put artificial turf on top
of a 9mm rubber (gym) mat and nailed these to a plywood
frame. The rubber mat prevents the artificial grass from
slipping and dampens the sound. Initially, we used the same
surface as for the pause tables, but subsequently found that
it is harsh on the robot’s feet and can cause loud noise when
the robot moves at higher speeds.

4) Broad Jump: The broad jump is 0.5m long and 1m
wide and sits flush with the floor. The robot has to clear
it without touching. Jumping across a gap significantly
exceeding the torso length is difficult for small quadruped
robots to achieve from a static pose due to power/torque
limits. To implement the broad jump in a repeatable and

robust way, we embedded 4 motion capture markers in a
plywood panel mounted on compression springs and flag a
jump as failed in case any motion is detected.

B. Barkour Score Calculation

We define an agility score Ragility to measure how fast a
robot can successfully complete all obstacles in the bench-
mark. The scoring is simplified from what is implemented
in real dog competitions1. A score of 1.0 indicates that the
robot solved the entire course within the allotted course time
tallotted. Starting from 1.0, the robot can receive two types of
penalties: 1) a 0.1 penalty for each failed or skipped obstacle
(Nfail) and 2) a 0.01 penalty for each full second the robot
exceeds tallotted. An episode is completed when the robot
reaches the end table, otherwise it is terminated when Ragility
reaches 0. The score2 calculation is given by:

Ragility = 1.0−0.1∗Nfail−0.01∗max(trun−tallotted, 0) (1)

trun is the time to complete, rounded to the nearest integer.
The allotted course time tallotted is the target amount of time
to finish the entire course. To compute this, we first measure
the nominal sizes dobstacle of different obstacles and sum them
to obtain the full course length (Table I). We then calculate
the target finish time tallotted by dividing it with the target
average speed. The nominal size is an estimate of the length
of typical trajectory to complete a given obstacle, including
the distance leading up to and away from it. Based on the
rule book for real dog competitions, we set the target average
speed to vtarget =1.69m s−1. The allotted time is calculated
by:

tallotted =

∑
obstacles dobstacle

vtarget
(2)

Table I lists the nominal sizes and allotted times of the
four types of obstacles in Barkour.

Obstacle dobstacle tallotted
pause table (x2) 1m 0.59 s
weave poles 6m 3.55 s
A-frame 6m 3.55 s
broad jump 4m 2.36 s
full course 18m 10.64 s

TABLE I: Nominal obstacle sizes for score calculation.

Note that real dog competitions often include other types
of penalties (e.g., smaller deductions if a dog retries an obsta-
cle), whereas Barkour only deducts points for failed/skipped
obstacles or excess time. This makes implementing the
scoring mechanism in both simulation and real easier to
implement and significantly less error prone.

We also note that Ragility should be evaluated over multiple
runs. This is similar to real dog competitions for which a dog
has to achieve a qualifying score multiple times (typically
85/100) before advancing to the next higher division.

1Regulations for Agility Trials and Agility Course Test (ACT)
rules/scoring from the American Kennel Club (AKC). See standard course
time for 8-inch Division Novice A and B Agility Standard Class.

2Typically represented as [0− 100] points in real dog competitions.
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To understand how difficult the setting we design is to real
dogs, we invited two real dogs that have similar sizes to the
robot we use to test Barkour. They never failed at any of the
obstacles and achieved top scores (Table III).

C. Adapting Barkour Scoring Based on Robot and Course

start table
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broad jump

A-fra
me
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Fig. 3: Alternative obstacle course example to illustrate the
flexibility of the Barkour scoring mechanism. This sample
course contains two additional obstacle type (a sequence of
stepping stones and a bar jump) and changes the order of
the obstacles. Equation (1) can be used to compute Ragility
based on an updated tallotted.

In the base Barkour setting we have, we focused on a
fixed obstacle configuration and the ”8-inch Division Novice
A and B Agility Standard Class” from the American Kennel
Club’s agility rule book in order to compute a Barkour score.
However, the scoring mechanism can be customized for new
obstacle sequences or types. Similarly, one can consider
different agility classes or divisions based on the size or
capabilities of the robots attempting a course.

Obstacle dobstacle tallotted
pause table (x2) 1m 0.59 s
weave poles 6m 3.55 s
A-frame (x2) 6m 3.55 s
broad jump 4m 2.36 s
bar jump 4m 2.36 s
stepping stones 6m 3.55 s
full alternative course 34m 20.12 s

TABLE II: Nominal obstacle sizes for score calculation for
alternative course from Figure 3. tallotted shows the obstacle
time for the ”8-inch Division Novice A and B Agility Stan-
dard Class” as used throughout the main text. To compute
Ragility, use Equation (1).

For designing novel agility courses and adapt our base
Barkour setting to them, we propose the following practical
guidelines based off of our experience:

• Take inspiration from dog agility competitions, but keep
new obstacle designs and evaluation simple. Real dog
agility competitions often specify in great detail how
a specific obstacle should be completed. Such detailed
instructions are difficult to evaluate consistently and
robustly in a robotics setting and add little practical
value. Example: The pause table obstacle requires dogs

to touch the top of the table with all 4 paws, which
is hard to evaluate on a real robot. Instead, we simply
track the position of the robot’s torso. This leaves room
for a number of edge cases, but policies that depend on
these tend to fail under repeated evaluation.

• A simple rule of thumb to define the nominal size of
an obstacle is to use the actual length of the obstacle
plus 1m, rounded up to the nearest integer.

• Courses with more obstacles are harder in general,
because the penalty for a failed or skipped obstacle is
constant (0.1). We suggest first successfully evaluating
the original Barkour environment as a baseline over
multiple trials prior to expanding to a larger number of
obstacles (this can be done with a setup like Figure 3).
This is similar to the approach taken for real dog agility
competitions in which a dog has to achieve a qualifying
score (typically 85/100) at multiple competitions before
being allowed to enter a higher division (e.g. more
obstacles).

• The American Kennel Club rule book states higher
target speeds for taller dogs in agility competitions.
However, biological and mechanical scaling laws are
complex and a robot’s height does not accurately reflect
its moving speed. Instead, we suggest keeping the target
speed constant (8-inch novice division, 1.69m s−1 as
in the main text) until more data is available on how
other quadruped designs perform. We also encourage
larger and more diverse course designs that further the
generalization capabilities and robustness of policies.

Figure 3 shows an example of an possible alternative
course. This course adds two new types of obstacles (bar
jump and stepping stones), modifies the order of the obstacles
and repeats the A-frame. In Table II, we show how we would
compute the Barkour agility score Ragility for this course.

IV. CURRENT PROGRESS IN TACKLING BARKOUR

In this section we summarize and discuss the current
process that we made on tackling the Barkour benchmark
with a quadruped robot in Caluwaerts et al. [13]. We first
present a setting where specialist policies are trained for
each obstacle and sequenced together for the entire course.
We then discuss a method that trains a single policy for
all obstacles. We focus on presenting the results from these
methods to show the progress that has been made towards
Barkour. More details can be found in the original tech
report [13].

A. Robot Hardware

Effectively exploring the Barkour benchmark necessitates
considerable controller development and thorough real hard-
ware experimentation. This poses significant challenges on
the reliability and repeatability of the robot hardware, es-
pecially given the highly agile movements we strive for.
Moreover, quadruped animals exhibit diverse body config-
urations compared to typical quadruped robots, which can
significantly affect the robot’s capacity for agile motion.
Consequently, we believe that hardware optimization and
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customization are critical in bridging the agility gap between
legged robots and their animal counterparts.

As a result, in Caluwaerts et al. [13] we developed a
small quadruped robot in-house to evaluate its learned agile
skills using the Barkour benchmark. The robot (Figure 4)
is similar in size to the Unitree A1 [4] and MIT Mini-
Cheetah [2] robots. The robot weighs 11.5 kg, and has
220mm upper limbs and 190mm lower limbs. The front-
to-back hip-to-hip distance is 380mm, and the distance
between the left and right legs is 290mm. The robot uses
T-Motor AK80-6 actuators, which are controlled by Elmo G-
SOLTWIR50/100SE2S motor drivers running at 24V. The
actuators provide a peak output torque of 12Nm at each
joint. As mentioned, we release both the CAD models and
simulated implementations of this robot (Section V).

Fig. 4: Custom small quadruped robot for hardware evalua-
tion.

Caluwaerts et al. [13] used both the robot’s onboard sen-
sors (Parker 3DMCX5-AHRS IMU, joint position, velocity,
torque) as well as an external motion capture system (Phas-
espace X2E) to track the robot’s position and orientation in
the obstacle course.

B. Combined Specialist Policies

In the specialist setting, Caluwaerts et al. [13] trained three
specialist policies to cover all the core agility skills required
in the Barkour benchmark: fast omnidirectional walking on
uneven terrain, climbing up and down a slope, and jumping
over a board. The first policy was used to solve the start/end
tables and weave pole tasks, the second solves the A-Frame
task, and the third solves the Broad Jump task. All the
specialist policies were trained using PPO [36].

Figure 5 and Figure 6 shows a sample episode using
all these specialist policies combined together to tackle the
Barkour course. The robot completes the course by traversing
all of the obstacles in 20.4 s. Although the robot completes
all the obstacles, this specific run only receives 0.91 agility
score due to the extra time it took beyond the allotted time of
10.64 s. One can see that the robot completes the weave poles
section at a 90◦ angle, which is enforced by our high level
controller, due to the narrow passages between the last few
poles. The velocity of the robot during the same run is shown

Fig. 5: Top-down view of the robot’s trajectory during a sin-
gle high performance evaluation where the robot completes
the course in 20.4 s scoring 0.91. The arrows show the robot’s
heading at 0.5 s intervals.

Fig. 6: Top: Robot behaviors overcoming three different
obstacles as in Figure 5. Bottom: The speed of the robot
during the same trial.

on the right side in Figure 6 (Bottom). The robot’s forward
velocity varies between 0.5m s−1 and 1m s−1 during the
weave poles. It reaches a velocity as high as 2.3m s−1 during
the jumping phase. For comparison, the same course was
tested with two small dogs: a Pomeranian/Chihuahua (3.2 kg,
33 cm height at withers) and a Dachshund (4 kg, 20 cm
height at withers). After getting familiar with the course,
both dogs reached a maximum score (1.0) by reaching the
final pause table in approximately 9 s.

Policy Type Barkour Score Completion Time Forward Velocity

Specialist 0.77± 0.064 24.6± 1.1 s 0.74± 0.04 m/s
Locomotion-Transformer 0.73± 0.062 25.8± 1.6 s 0.69± 0.04 m/s
Small dog 1.00± 0 9.02± 0.65 s

TABLE III: Results for full Barkour course with specialist policies
and the generalist Locomotion-Transformer. We report mean and
one standard deviation for each metric.

The robustness of the combined controller was tested by
running it 71 times. Figure 8 shows that the robot completes
the course in most of these runs, but fell down or tipped over
6 times. In 40 of the runs, the robot touches the jump board
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Weave Poles A-Frame Broad Jump

Completion Time 9.27± 0.87s 7.95± 0.73s 2.45± 0.54s
Nominal Size 6m 6m 4m

Forward Velocity 0.73± 0.06 m s−1 0.68± 0.06 m s−1 1.7± 0.24
Success Rate 100% 100% 38%

TABLE IV: Results for specialist policies with individual obstacles.
We report mean and one std dev for each metric.

Fig. 7: Broad jump example. Top: Average front and hind
knee torque during various phases of the jump. Bottom: Main
jump phases: accelerating, lift-off, landing the front legs,
landing the rear legs.

and still scores approximately 0.73. In 25 of these runs, the
robot completes all 5 obstacles scoring 0.87 on average. As
shown in Table III, the mean score of all the runs is around
0.77 with an average base forward velocity of 0.74m s−1.

The decomposition of these runs (Table IV) into the
different obstacles shows that the specialist policies complete
the weave poles at around the nominal (target) speed, while
the broad jump is faster and the A-frame is slower. The robot
completes the weave poles and A-frame with a 100% success
rate. The broad jump, which goes up to 70 cm in height and
requires more agile behavior, succeeds only 38% of the time.

C. Generalist Policy using Locomotion-Transformer

In the generalist setting, Caluwaerts et al. [13] trained a
single generalist locomotion policy that can tackle all obsta-
cles, thereby removing the necessity for ad hoc switching
between individual specialist policies and promoting gener-
alization capabilities to different obstacle and terrain con-
figurations. The generalist policy, Locomotion-Transformer,
was trained by distilling the specialist policies via behavioral
cloning with a Transformer sequence model [37], similar
to [38], [39], [40]. Although prior work [41], [42] has
demonstrated that generalist policies can also be learned
via reinforcement learning by simultaneously training on
multiple environments, the diverse curricula and reward
structures in our problem setting makes it challenging in our
experience.

The Locomotion-Transformer policy was evaluated on the
real Barkour setup with 19 trials, which can be seen in
Figure 8. In general, the Locomotion-Transformer policy

Fig. 8: Statistical results for Barkour episodes with specialist
policies. Top: Distribution of the scores for 71 trials using
specialist policies. Bottom: Distribution of the scores for 19
trials using generalist Locomotion-Transformer architecture.

exhibits slightly lower performance compared to the com-
bined specialist policies (also seen in Table III). This is
understandable because the Locomotion-Transformer policy
does not have information about the obstacle type being
tackled and has to infer relevant information from terrain and
proprioceptive observations, which increases the difficulties
of the task.

On important property of training a generalist policy is its
generalization capability to novel situations. To demonstrate
this, Caluwaerts et al. evaluated the policies in the following
two novel scenarios.

In the first scenario, the order of the Barkour obstacles
was adjusted to create a new course: the robot must per-
form fast 90◦ turning, then go to the end of the A-Frame
and perform the A-Frame task backwards. Next, the robot
must do a broad jump towards the start table and climb
up the table. With specialist policies, one would need to
reassign different policies to different sub-goals and fine-
tune the transitions between different policies; the generalist
Locomotion-Transformer policy can generalize to this new
route by simply providing a set of new sub-goals to denote
the desired route. The results in Figure 9 (left) show that the
robot succeeds in climbing the A-frame from the opposite
end and going over the broad jump in a different location.

In the second scenario, the A-Frame was modified by
adding random steps to the slope, creating a terrain that
mixes slope and steps as shown in Figure 9 (right). This re-
quires the policy to combine the skills for handling individual
terrains. Both the specialist and the generalist Locomotion-
Transformer policies were evaluated in this new environ-
ment in simulation. Locomotion-Transformer was able to
significantly outperform the specialist policy and achieve an
average score of 0.66 ± 0.091 over 10 runs, in contrast to
0.34± 0.211 for the specialist policy.

6823



Fig. 9: Generalization tests of the generalist Locomotion-
Transformer policy. (Left) a modified course where the
layout and order of obstacle locations are changed. While
the policy is not aware of the obstacle types, the robot can
still climb up the A-frame from the opposite end or achieve
the broad jump in different locations. (Right) a modified
A-Frame task that blends both slope and steps, requiring
the policy to handle both terrain types simultaneously. The
Locomotion-Transformer is able to successfully handle this
task by distilling knowledge from both skills and signifi-
cantly outperforms the specialist policy.

V. OPEN SOURCE ASSETS

We open-source the key assets of the Barkour benchmark
at sites.google.com/view/barkour and our GitHub repo,
github.com/google-deepmind/barkour robot, to enable fu-
ture research efforts to build upon Barkour:

• Barkour course MuJoCo model: We release a simula-
tion model of the main Barkour course in the MuJoCo
Menagerie [43]. MuJoCo Menagerie is a collection of
high-quality models for the MuJoCo physics engine. We
also release a standalone script to compute the Barkour
score given a complete trajectory of the robot CoM and
orientation. Researchers can use the script to compute
the score from robot trajectories and the simulation
environment to visualize the result or perform training.
MuJoCo Menagerie also provides access to a variety of
legged robots that can facilitate explorations of Barkour
benchmark with different robots, including the one used
in Caluwaerts et al. [13].

• MuJoCo-XLA training example: To provide a starting
point for training locomotion policies on the Barkour
benchmark, we release an MuJoCo-XLA training envi-
ronment, a revised version of the IsaacGym-based train-
ing environment used in Caluwaerts et al. [13]. With
the MuJoCo-XLA environment, training can achieve a
high-quality omni-direction walking policy on the real
robot within 6 minutes of training on an A100 GPU.

• Robot CAD model (OnShape): In addition to the sim-
ulation version of the robot in the MuJoCo Menagerie,
we also open-source the detailed design of the robot
with OnShape CAD model to enable reproducing the
robot hardware. The structural parts of the robot were
machined out of 6061-T6 aluminum. The feet were 3D
printed using Loctite 3D IND402 material.

VI. CONCLUSIONS

We presented Barkour, a benchmark to evaluate the agility
of quadruped robots. Inspired by dog agility competitions,
Barkour is a test-bed with an intuitive scoring mechanism
that requires the combination of various agile skills. Further-
more, it can be easily adapted to robots of various sizes or
extended by adding or rearranging obstacles and still retain
the same metrics.

We believe that providing a benchmark for legged robotics,
especially in regards to agility, is an important first step to
quantify progress towards animal-level agility for quadruped
robots. The Barkour benchmark is far from solved. While
our baseline solutions can reach a peak agility score of 0.91
and complete the course in approx. 20 s, an untrained dog
achieved a 1.0 agility score and completed the course in
half the robot’s time (approx. 9 s). There is still a big gap
in agility between robots and their animal counterparts, as
demonstrated in this benchmark. Additionally, the fact that
state-of-the-art RL methods fail to learn a single policy to
complete the course further underscores the complexity and
value of Barkour as a benchmark.

It is worth noting that the current baselines use privileged
information such as the CAD model of the environment and
the position of the robot in the world frame. An important
future work direction is to explore Barkour using only on-
board sensors for both low-level locomotion skills and high-
level navigation controller. An equally exciting direction for
future research on Barkour is to evaluate the impact of
modifications to robot hardware, different form-factors, and
sensors on performance or training speed.

We believe that Barkour will serve the robotics community
as an important test-bed for different learning and control
methods and different hardware designs.
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