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Abstract— We present Embodiment Randomization, a simple,
inexpensive, and intuitive technique for training robust behavior
policies that can be transferred to multiple robot embodiments.
While prior works require real-world data from multiple
robots, or complex algorithmic adjustments to address the chal-
lenge of embodiment generalization, our approach leverages the
power of simulation and large-scale reinforcement learning and
can be easily integrated within existing policy learning methods.
We show that policies trained with embodiment randomization
implicitly perform system identification, enabling them to adapt
to new embodiments during deployment. Our approach not only
shows significant improvements in adapting to novel robot con-
figurations, but also in generalizing from simulation to reality
and contending with real-world perturbations, highlighting the
potential of embodiment randomization in creating versatile
and adaptable robotic navigation policies.

I. INTRODUCTION

Modern robots come in various shapes and sizes, and use
different sensor suites to observe their environment (e.g.,
Fetch [1], LoCoBot [2], Stretch [3], etc.). By contrast, when
training behavior policies for robots, these differences are
typically ignored and a single robot embodiment (height,
radius, camera parameters, efc.) is used. As a result, such
policies only work for the fixed embodiment used in training,
and generalize poorly when even minor changes to the
robot’s embodiment are introduced, such as changing the
robot’s height or camera field-of-view. However, embodiment
changes are inevitable in the real world as new generations
of robots are developed or existing robots are updated and
modified for new applications. This raises the question: how
do we train behavior policies that can adapt, as needed, to
new embodiments during deployment?

Recent work has proposed a number of techniques for
addressing this embodiment generalization challenge [4]-[7].
One prominent method is to leverage large offline datasets of
real-world navigation trajectories gathered from robots oper-
ating across a large range of platforms and environments [4],
[8]. Other works leverage simulation to learn robust low-
level controllers for multiple robots [5], or condition the
navigation policy using a learned robot embedding vector
to adapt to robots with different dynamics [7]. While these
methods show promise, they often require large amounts of
real-world data and/or introduce complexity in the form of
additional (often explicit) conditioning inputs, action space
normalization, or requiring data augmentation.

In this work, we remove the need for costly real-world
training data and additional algorithmic complexity by in-
stead leveraging simulation and large-scale reinforcement
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Fig. 1: Embodiment randomization enables zero-shot policy transfer
to novel embodiments in new, unseen environments.

learning with embodiment randomization to train embodi-
ment agnostic visual navigation policies that directly transfer
from simulation to reality. In embodiment randomization a
robot configuration is randomly sampled at the beginning
of each training episode (in a similar manner to domain
randomization [9]). Since modifying a robot’s embodiment in
simulation is trivial, embodiment randomization is a simple,
inexpensive, and intuitive technique for addressing the em-
bodiment generalization challenge. Embodiment randomiza-
tion does not require any modifications to the policy architec-
ture or learning algorithm, allowing it to be easily integrated
within existing methods for learning behavior policies.

We empirically study embodiment randomization using
the image-goal navigation (ImageNav) task [10]. First, we
observe that on this task, policies trained using a fixed
embodiment catastrophically fail to generalize to new robot
configurations. However, with embodiment randomization,
agents recover a substantial portion of this lost perfor-
mance (+53.8% success rate). Furthermore, we study the
robustness of embodiment randomized policies in an out-
of-distribution “robot bump” scenario in which the robot is
perturbed and its embodiment is altered during the course
of a navigation episode in deployment. Unsurprisingly, we
find that traditional, single embodiment policies fail to adapt
in this scenario. However, embodiment randomized policies
adapt successfully despite never being trained for dynamic
conditions.

We additionally conduct experiments in several real-world
environments using multiple robot embodiments and demon-
strate successful zero-shot sim2real transfer of ImageNav
policies trained with embodiment randomization, for the
first time. Specifically, an embodiment randomized policy
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succeeds in 65 of 81 trials (80.2%) in the real world across
3 different robot embodiments, closely matching navigation
performance in simulation and outperforming prior works.

Through our analyses, we discover that policies trained
with embodiment randomization implicitly perform system
identification. Specifically, we find that many (but not all) of
the robot’s embodiment parameters can be reliably predicted
from intermediate representations within policies trained
with embodiment randomization, allowing these agents to
adapt to new embodiments during deployment.

Overall, this work primarily focuses on providing (a) ex-
tensive empirical evidence to demonstrate that embodiment
randomization is a simple, but highly effective technique
for addressing the embodiment generalization challenge in
both simulation and reality, and (b) an explanation for why
embodiment randomization works: agents learn to implicitly
perform system identification.

II. RELATED WORK
A. Randomization in Simulation

Prior works have studied the effect of domain randomiza-
tion in simulation. Peng et al. [11] introduce a methodology
of randomization to the dynamics of the simulator during the
training of a manipulator arm in order to improve transfer
of the policy to the real world setting. Feng et al. [5] study
the development of generalized locomotion controllers for
quadrupedal robots. They present a simple methodology
of applying morphology randomization by procedurally
generating a diverse set of simulated robots during training,
as well as randomizing environment dynamics to improve
robustness to domain shifts during transfer to the real
world. Finally, Truong et al. [7] present a method to train a
shared navigation policy for the PointGoal Navigation task
across multiple legged robots by combining the experience
of 3 different robots in simulation. In this work, we take
inspiration from Peng et al. [11]’s method of randomization
in low-level control systems and adapt it to a complex,
high-level navigation task. Lastly, in contrast to prior works
such as Truong et al. [7], our work does not require any
embodiment-specific inputs to the policy; rather, the policy
learns to identify embodiment capabilities from context.

B. Heterogeneous Offline Data

Prior work has also studied the effectiveness of training
navigation policies via offline data collected from real robots.
Shah et al. [4], [12] train a general navigation policy by com-
bining offline trajectories from heterogenous robot datasets,
conditioning the policy on past observations (used to infer
a robot’s embodiment) and using a normalized action space
(to generalize actions across embodiments). They use the
learned policy in conjunction with a topological graph of the
environment collected prior to inference to navigate between
subgoals in the graph. Moreover, Hirose et al. [8] extend this
work with ExAug which introduces geometric augmentations
of offline trajectory data collected from robots on a diverse
set of platforms and environments. They do this by extracting
3D information in the form of a point cloud to generate
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Fig. 2: Our navigation policy uses a pre-trained ViT to process
the goal and current observation images (adapted from Yadav er
al. [14]). The resulting goal and observation tokens from the ViT
are reshaped and concatenated channel-wise. Next, the concatenated
representation is passed through a convolutional layer, which is
followed by a 2-layer LSTM that predicts the next action.

synthetic images to train robot-conditioned policies that can
accept different robot parameters. Finally, recent work by
Padalkar et al. [13] studies the effectiveness of improving
robot learning models by training over large heterogeneous
offline datasets of robot demonstrations. They train a single
monolith policy, RT-2, that aims to efficiently adapt to new
robots, tasks, and environments and test time. These works
aim to remove the need for training separate navigation poli-
cies for every robot platform a practioner expects to operate,
but often require a large amount of offline real-world data.

III. METHODOLOGY

We study embodiment randomization using the image-goal
navigation task (Section III-A). Specifically, we train visual
navigation agents using large-scale reinforcement learning
(RL) (Section III-B). The key idea is varying the agent’s em-
bodiment in training (Section III-C), which allows the policy
to adapt to different embodiments during deployment without
any prior knowledge of the deployment configuration.

A. Task

In Image-Goal Navigation (ImageNav) [10], an agent
receives RGB observations, and is tasked with navigating
from a randomly sampled initial position in the environment
to a goal location. The goal is provided as an RGB image
captured from the goal location at a specified viewing angle.
We consider navigation agents that use four discrete actions:
STEP_FORWARD, TURN_LEFT, TURN_RIGHT, and STOP.
Agents are successful if they call STOP within 1m of the
goal. We report two navigation metrics: Success Rate (SR
1) and Success weighted by Path Length (SPL 1) [15].

B. Navigation Agent Architecture and RL Reward

Agent Architecture. We use the navigation agent architec-
ture illustrated in Figure 2, which is adapted from Yadav et
al. [14]. Specifically, the RGB goal and observation images
are processed with a pre-trained visual image transformer
(ViT) [16]. We use pre-trained weights from [14], which
were obtained via self-supervised learning using the masked
autoencoding (MAE) [17] training objective on images from
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TABLE I: Training and Evaluation Embodiments

Multi-Embodiment

Agent Single Small Medium Large
Property Embodiment In-Distribution Out-of-Distribution In-Distribution Out-of-Distribution In-Distribution  Out-of-Distribution
Height (m) 0.61 [0.60, 0.91]  [0.15, 0.60] U [0.91,2.0]  [0.56, 1.19]  [0.15, 0.56] U [1.19,2.0]  [0.25, 1.5]  [0.15, 0.25] U [1.5, 2.0]
Radius (m) 0.18 [0.18,0.23]  [0.05, 0.18] U [0.23,0.4]  [0.15,0.25]  [0.05, 0.15] U [0.25,0.4]  [0.1, 0.3] [0.05, 0.1] U [0.3, 0.4]
Step Size (m) 0.2 [0.14,021]  [0.05, 0.14] U [0.21, 0.4]  [0.11,0.24]  [0.05, 0.11] U [0.24, 0.4]  [0.05, 0.3] [0.3, 0.4]
Turn Angle (deg.) 30 [28.75, 41.25] [5,28.75] U [41.25,70]  [22.5, 47.5] [5, 22.5] U [47.5, 70] [10, 60] [5, 10] U [60, 70]
Camera Tilt (deg.) 0 [-5, 5] [-35, -5] U [5, 35] [-10, 10] [-35, -10] U [10, 35] [-20, 20] [-35, -20] U [20, 35]
Camera FoV (deg.) 55 [52, 70] [30, 52] U [70, 150] [48.5,85.5]  [30, 48.5] U [85.5, 150] [45, 120] [30, 45] U [120, 150]
the HM3D [18] and Gibson [19] datasets. We use color jitter = parameter ranges, referred to as “small”, “medium”, and

and random horizontal/vertical shift as data augmentations
during training (following [14]) to improve the policies
robustness. Next, the encoded RGB and goal images are
fused channel-wise and fed through a convolutional layer
(inspired by Sun et al. [20]). Then, the visual representation
is flattened and projected into a latent state vector using a
linear layer. Finally, the latent state vector is consumed by
a 2-layer LSTM [21] which predicts a distribution over the
discrete action space. We train agents with reinforcement
learning using DD-PPO [22] for up to 1 billion frames of
experience in the Habitat simulator [23], [24] using 800
training scenes from HM3D [18].

Reward Specifications. We use the following reward func-
tion for RL training (adapted from [14]):

R(8t7at78t+1) = Ccg X ([dt < Tg] & [at = STOPD
+cq X ([0 < b4] & [ay = STOP]) n

+(de—1 — dy) + (Or—1 — 6;)

]

—v — B X [collides1

cs 1s a sparse reward (set to 5.0) for successfully stopping
at the goal, which happens when the agent’s distance d; is
within the goal radius 7, (set to 0.8m during train time)
and the agent calls a; = STOP. ¢, is an additional sparse
reward term (set to 5.0) to incentive the agent to stop in the
correct goal heading 6, within a threshold 0, (set to 25°). At
each step, the agent also receives a dense reward for getting
closer to the goal, calculated as (d;—1 — dy), and for turning
toward the correct heading angle, calculated as (6;—1 — 6;).
The latter term is only active when the agent is within the
goal radius (d; < ry). Specifically, when the agent is not in
the goal radius (d¢ > r4), the angle to the goal is fixed to 7
as a constant penalty, but when the agent is inside the goal
radius, the actual angle to the goal is used. The agent also
receives a slack penalty v at every step (set to 0.01) and a
collision penalty scaled by 3 (set to 0.03). We train without
sliding in simulation. We find that turning sliding off and a
collision penalty are necessary for successful transfer of the
policy into a real-world agent, consistently with the findings
from [25], [26].

C. Embodiment Randomization

In training we randomly sample the agent’s height, radius,
step size, turn angle, camera tilt, and camera field-of-view
(FoV) from a continuous range of values at the start of every
episode. We experiment with three different embodiment

“large” ranges in Table I. These ranges are used to study
the navigation behaviors that emerge with different levels
of randomization. We select these ranges such that the
LoCoBot Single Embodiment (SE) parameters are included
within each range for comparison, and aimed to randomize
over all possible realistic ranges of robot sizes that one
might encounter in real-world environments. We compare our
policies trained with embodiment randomization to policies
trained on a single, fixed embodiment (using the LoCoBot [2]
configuration).

IV. EXPERIMENTAL FINDINGS

We conduct a series of experiments to study the effec-
tiveness of embodiment randomization in training navigation
policies that adapt to many robot embodiments. We evaluate
in 3 real-world environments and 100 simulation environ-
ments from the HM3D [18] validation split, resulting in
over 300k unique evaluation episodes. We report the average
Success Rate (SR) and Success weighted by Path Length
(SPL) over 3 seeds.

We study the following research questions (RQs):

1) Can embodiment randomized policies match single em-
bodiment policy performance?

Can embodiment randomized policies successfully oper-
ate over the full range of embodiments seen in training?
Can embodiment randomized policies generalize to new,
out-of-distribution embodiments that were not seen in
training?

Can embodiment randomized policies generalize to sce-
narios in which the robot’s embodiment changes during
navigation?

Can embodiment randomized policies generalize, zero-
shot, from simulation to reality and is performance
competitive with state-of-the-art baselines?

Do embodiment randomized policies implicitly perform
system identification?

2)

3)

4)

5)

6)

To answer these questions, we compare the performance
of three different multi-embodiment (ME) policies against
a single embodiment (SE) policy that was trained solely
with the LoCoBot [2] specifications. The multi-embodiment
agents sample new embodiment parameters at the beginning
of every episode in training. Specifically, we use the small,
medium, and large parameter ranges specified in Table I
column 3. Note that the LoCoBot embodiment is within all
of the multi-embodiment parameter ranges. We evaluate all
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of the agents in three evaluation settings: (1) single embod-
iment using LoCoBot parameters (Figure 3), (2) multiple
embodiments in-distribution to the ME training (Figure 4),
and (3) multiple embodiments out-of-distribution to the ME
training (Figure 5).

A. In-Distribution Embodiment Results

RQ 1: Can embodiment randomized policies match
single embodiment policy performance?

First, we compare the single embodiment (SE) and
multi-embodiment (ME) policy performance using the Lo-
CoBot [2] embodiment at test-time. The results in Figure 3
show that all of the policies achieve similar navigation
performance in this setting. Specifically, we observe a -1.9%
drop in SR and +2.0% gain in SPL for the ME (Large)
policy over the SE policy. In general, SR slowly degrades
as we increase the embodiment randomization parameter
range in training (-0.3%, -0.9%, -1.9%), while SPL improves
(+1.2%, +0.5%, +2.0%). These results demonstrate that
embodiment randomized policies can approximately match
the performance of a single embodiment policy even when
the evaluation is restricted to the configuration targeted by
single embodiment training.

SR and SPL by Embodiment for LoCoBot Evaluation Setting

100
SR
81.2 80.9 SPL
80 80.3 79.3
.|
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Fig. 3: We evaluate both the single embodiment (SE) and multi-
embodiment (ME) policies using LoCoBot embodiment. We find
that all the ME policies are able to outperform the SPL of the SE
policy and closely match the success rate of the SE policy.

RQ 2: Can embodiment randomized policies success-
fully operate over the full range of embodiments seen in
training?

Next, we evaluate the policies using embodiments within
the small, medium, and large embodiment parameter ranges
at test-time. In Figure 4, we find that the SE policy per-
formance substantially drops as the embodiment parameter
range grows (from 81.2% SR in the LoCoBot setting to
32.7% SR in the large in-distribution setting). These results
demonstrate that single embodiment training is insufficient
for adapting to new test-time embodiments, and suggests that
separate SE policies need to be trained for every embodiment
expected at test time.

By contrast, the ME policies show strong performance
over the parameter ranges used in their respective train-
ing setups. Specifically, we observe minimal reductions in

success rate with ME training (-0.7% SR for small, -1.3%
for medium, and -1.7% for the large range). Finally, in
Figure 4, we observe that the ME (Large) policy substantially
improves over the SE policy in the Large In-Distribution
parameter range (+44.9% gain in SR). These results indi-
cate that expanding the set of robot configurations used
in training via embodiment randomization allows a single
policy to successfully operate over a wide range of test-time
embodiments.

100 In-Distribution SR Comparison: SE vs. ME
80| k2809 803 793 80.2 79.0 776
3;/ 60 63.0
& 50.9
@
Q
8 40 32.7
=)
N
0 LoCoBot Small In-Dist. Medium In-Dist. Large In-Dist.

Evaluation Embodiment

Fig. 4: We evaluate the single embodiment (SE) and multi-
embodiment (ME) policies using the small, medium and large
embodiment parameter ranges. We find that the SE policy is not
able to adapt to the varying evaluation embodiments, while the ME
policies remain robust.

B. Out-of-Distribution Embodiment Generalization Results

RQ 3: Can embodiment randomized policies generalize
to new, out-of-distribution embodiments that were not
seen in training?

In Figure 4, we study the performance of policies on em-
bodiments outside of the training distribution. As seen in the
previous section, we find that the SE policy struggles — e.g.,
dropping to 16.4% SR (Large Out-Distribution), a decrease
of -64.8% from the 81.2% SR in the LoCoBot settings. By
contrast, the ME policies consistently outperform the SE
policy, with the ME (Large) agent achieving a 70.2% SR,
which is a decrease of only -9.1% from the LoCoBot setting,
despite the out-of-distribution evaluation conditions.

100 Out-of-Distribution SR Comparison: SE vs. ME

80 81.2 80.9 80.3 793
g 70.2
© 60.2
& 60 52.3
@
Q
8 40 32.7
@ 24.4

20 16.4

0 LoCoBot Small Out-Dist. Medium Out-Dist. Large Out-Dist.

Evaluation Embodiment

Fig. 5: We evaluate the single embodiment (SE) and multi-
embodiment (ME) policies using the small, medium and large
embodiment parameter ranges outside of the training distribution.
We find that the SE policy catastrophically fails to generalize.
Training over the largest range of parameters (ME-Large) leads to
the best performance.
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Fig. 6: We test our policy in 3 real-world environments.

In general, we find that ME policies still degrade when
evaluated further out of distribution. Furthermore, the ME
(Small) and ME (Medium) policies suffer more than ME
(Large) (dropping -28.6% (Small) and -20.1% (Medium) vs.
-9.1% (Large) from their LoCoBot setting performance). In
summary, the evidence from the last two sections suggests
that it is best to train with embodiment randomization over
the full range of parameters expected during deployment.

Lastly, Figure 7 presents a fine-grained analysis of naviga-
tion performance over smaller embodiment parameter ranges.
We observe that smaller FoV and smaller step-sizes are more
difficult for all policies. Qualitatively, we observe that in
lower FoV settings, the ME policy often spins in place before
making movement decisions as reducing FoV can require
accumulating more information about the surrounding envi-
ronment in order to make an informed decision. We speculate
that this is a cause of these parameters’ substantial impact on
evaluation performance. We see that our ME policies learn
this optimal behavior to adapt to robots with limited FoV. A
future line of work from this analysis would aim to study
a deeper understanding of which parameters play the most
important role in agent performance.

Success Rate Across Parameters

100
SE

ME (Small) 6

ME (Medium) 82 80 80

80 ME (Large) 777876 7 78

68 69 69 67
62 63 61 62

60 32 56

66
60 60

45 45

40 35 35 36 36

2 34

Success Rate (%)

22
20 19

[0°-45°] [45°-90°] [90°-120°][120°-150°] [0-0.1]
Fov Buckets

[0.1-0.2] [0.2-0.3] [0.3-0.4]
Stepsize Buckets

Fig. 7: Success policies conditioned on FoV and step size.

RQ 4: Can embodiment randomized policies generalize
to scenarios in which the robot’s embodiment changes
during navigation?

We further evaluate the ability of the policies to adapt to
changes in embodiment parameters during an episode. There
are many instances in which a robot in the real-world may
encounter perturbations that affect things such as camera
tilt and height (a “bump” that causes misalignment of the

sensor), camera FOV (occlusion from some perturbation),
step size changes (changes in speed or sampling rate from
the camera). We test the robustness of the ME and SE
policies against this “bump” perturbation in simulation. First,
we start both agents at the same start location and identical
goal conditions with fixed embodiment parameters. Next, the
agents both encounter a “camera bump” 20 steps into the
episode, in which random embodiment change is sampled
and applied to the camera. For example, the camera tilt or
height might be moved up/down, or the FOV may get smaller
(Figure Section IV-B). From Table II, we see that the ME
policy is resilient to changes during an episode, with the
largest drop being -13.2% SR (columns 1-2 for ME-Large).
In contrast, the perturbation causes significant detriment to
the performance of the SE policy, with the largest drop being
-57.4% SR (columns 1 and 3).

TABLE II: We report the success rate for ImageNav evaluation
performance during perturbation experiments. The ME policies
are robust to perturbations, while the SE policies experience a
significant performance drop to FoV occlusions.

Train No Camera FoV Step Turn
Embodiment Perturbations Bump Occlusion Size Increment
SE 81.2 36.2 23.8 68.0 62.3
ME (Small) 80.9 64.2 45.1 79.1 80.1
ME (Medium) 80.3 63.9 65.2 80.1 79.8
ME (Large) 79.3 66.1 75.3 78.1 79.0

C. Real-World Performance

RQ 5: Can embodiment randomized policies generalize,
zero-shot, from simulation to reality and is performance
competitive with state-of-the-art baselines?

Next, we study the performance of policies trained entirely
in simulation and then zero-shot transferred onto a LoCoBot
operating in the real-world.

Real-world Setup. In order to test different embodiment
characterizations, we create 3 different embodiment settings
of LoCoBot of by modifying the height, radius, and camera
parameters (Table III, and Figure 1). To emulate taller and
shorter agents, we move the camera height using extruded
aluminum beams, as shown in Figure 1. We also modify the
camera tilt angle to emulate a camera mounted on the top
of the robot. We choose 3 indoor environments for testing:
an apartment, lounge, and office workspace (Figure 6). For
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Fig. 8: Perturbation experiments: Agent trajectories from the single embodiment policy (left) and multi embodiment policy (right) when a
camera “bump” occurs during the 20th environment step (at the black square marker, and image with red border). The single embodiment
policy is not able to adapt to these changes and struggles to recover. Notice that the multi embodiment policy initially struggles, but is
able to adapt and choose the proper route. We notice that in many situations, the single embodiment policy often chooses to stop early,
suggesting that its goal detection is severely degraded in the perturbation experiments.

each, we select 3 different episodes by selecting a start and
goal location. Each episode is of varying difficulty (easy,
medium, hard) where easy episodes are d < 3m in path
length, medium episodes are 3m < d < 5m, and hard
episodes are 5m < d < 10m. For each episode, we run
3 trials of each policy.

TABLE III: Real World Embodiment Parameters

Agent Property Small (LoCoBot) Medium Tall
Height (m) 0.61 0.91 1.21
Radius (m) 0.18 0.18 0.18
Step Size (m) 0.2 0.25 0.25
Turn Angle (deg.) 30 30 30
Camera Tilt (deg.) 10 0 -15
Camera FOV (deg.) 55 55 55

Baseline Methods. Our real-world evaluations compare
the embodiment randomized ME (Large) policy with three
baselines: the single embodiment (SE) policy and two cross-
embodiment policies from prior work, VINT [12] and Ex-
Aug [8]. The VINT and ExAug policies are trained with
supervised learning on a large, diverse offline set of visual
navigation data. ExAug additionally trains with 3D visual
augmentations to improve policy performance. Both methods
require a pre-exploration stage in which a topological graph
of environment is constructed and subsequently used for
navigation. Specifically, the topological graph is used to
help localize the agent and for path planning. We report
results with two forms of pre-exploration. In the first,
termed “Path Follower,” the topological graph only consists
of ground-truth waypoints from the start to the goal. The
“Path Follower” results are provided as an upper bound
on performance, since the agent is provided with oracle

information about the path to the goal. In the second,
termed “Dijkstra,” the graph contains additional nodes from
a full pre-exploration of the environment, and Dijkstra’s [27]
algorithm is used for planning.

Results. In Table IV, we find that the multi-embodiment
(ME) policy consistently outperforms each of the (non-
oracle) baselines in all three environments and across all
three embodiments. Overall, the ME agent succeeds in 65
of 81 trials (80.2%), closely matching policy performance in
simulation. We find that the single embodiment (LoCoBot)
policy performs well in short (LoCoBot) setting, but fails
to generalize to the medium and tall embodiments. The
VINT (Path Following) and ExAug (Path Following) agents
are generally successful at navigating the ground-truth path.
However, we see a large drop in performance for the full
versions VINT (Dijkstra) and ExAug (Dijkstra) variations.
Next, we provide a qualitative assessment of the behaviors
observed in the real-world trials.

1) Qualitative Assessment: Single vs. Multi-Embodiment

The multi-embodiment (ME) policy is consistently on
par or better than the single embodiment (SE) agent. We
speculate that three factors contribute to this gap. First,
ME policies train over a range of radii, which requires
maintaining a large distance from objects to avoid collisions
(especially in the maximum radius setting). On the other
hand, the SE policy was trained with a single radius, and thus
narrowly misses objects in training to optimize the navigation
path. As a result, in the real-world, we observe the SE agent
is more likely to bump into objects. Second, we observe
that the ME policy more often “spins” in place, which we
hypothesize was learned to compensate for narrower fields-
of-view (FoV) seen in training. As a result, the ME agent
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TABLE IV: Sim2Real Evaluation Results. Note that the greyed out
rows use a path following agent where the topological map is given
in the order of the trajectory from the start to goal point. We include
these results for reference, but are not directly comparable to the
ImageNav [10] task we study.

Eval Embodiment

Eval Policy Uses

Environment Map Short Medium Tall
SRT SR?T SR?

VINT (Path Follower) v 9/9 7/9 7/9

ExAug (Path Follower) Vv 9/9 7/9 7/9

) VINT (Dijkstra) v 1/9 0/9 0/9
Apartment g r o (Dijkstra) v 19 19 09
Single Embodiment - 719 0/9 0/9

Multi Embodiment - 8/9 8/9 79

VINT (Path Follower) v 9/9 8/9 8/9

ExAug (Path Follower) Vv 9/9 9/9 9/9

Lounge VINT (Dijkstra) v 2/9 3/9 2/9
ExAug (Dijkstra) v 3/9 3/9 3/9

Single Embodiment - 79 2/9 0/9

Multi Embodiment - 8/9 8/9 6/9

VINT (Path Follower) v 6/9 4/9 4/9

ExAug (Path Follower) v 6/9 6/9 6/9

Office ViNT (Dijkstra) v 2/9 2/9 0/9
ExAug (Dijkstra) v 3/9 3/9 3/9

Single Embodiment - 6/9 1/9 0/9

Multi Embodiment - 8/9 7/9 5/9

often spots the goal before choosing a direction to explore,
leading to successful navigation. Third, the SE policy, when
deployed on the tall agent, often ran into objects below its
camera vertical FoV. We speculate that the ME agent learns
to better track objects and avoid such situations. Overall,
the SE policy failed nearly all tests on different embodiment
parameters due to collisions with the environment or simply
unexplainable exploration behavior likely due to the distri-
bution shift from its training data.

2) Qualitative Assessment: VINT and ExAug vs. ME

We observed that the VINT and ExAug baselines primarily
suffered from poor error recovery. Specifically, the agents
failed when small deviations from the path demonstration
led the robot to explore areas of the environment far from
the goal and not in the topological graph. Similarly, if the
robot accidentally bump into an object, such as the bottom
of a chair, the policy was unable to circumnavigate after
the collision. By contrast, we speculate that the embodiment
randomized policies learned error recovery due to the large-
scale of RL training (up to 1B steps of experience); we
observed that when the ME agent got stuck and was unable
to move forward it would turn and find a different path.

D. System ldentification

RQ 6: Do embodiment randomized policies implicitly
perform system identification?

Next, we attempt to better understand how ME policies
generalize to new embodiments. We hypothesize that em-
bodiment randomized agents may implicitly learn to perform
system identification (i.e., they infer the embodiment param-
eters during navigation). To test this, we train a non-linear
probe to predict embodiment parameters, such as camera

FOV, step size, and camera tilt from the internal representa-
tions of the learned policy. Specifically, each probe is a 2-
layer MLP that takes as input the last hidden state from the
LSTM at the end of the episode and outputs a predicted em-
bodiment parameter. We divide each embodiment parameter
range into 4 classes, which are predicted by the MLP probe.

SysID Probe Performance
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Fig. 9: System identification probes are used to understand the effect
of embodiment changes on the policy hidden states. We train several
probes at different steps of episode rollouts to understand how the
policy’s system identification performance evolves over time.

In Figure 9, we see that the embodiment parameters are
predicted with high accuracy (well above chance; 25%),
suggesting that agents are performing implicit system iden-
tification. In particular, parameters such as step size, turn
increment, and camera FOV are detected with high accuracy
(83.2%, 75.3%, 80.9% respectively). On the other hand,
we observe that MLP probes trained on the hidden states
of the single embodiment policy do not have such easily
separable information. These results suggest that the ME
policies implicitly learn to be embodiment-aware, which may
explain how these agents adapt to novel embodiments during
deployment.

V. CONCLUSION

In this work, we present Embodiment Randomization for
training visual navigation policies that demonstrate robust
performance across a variety of embodiments during deploy-
ment in simulation and the real-world. In contrast to prior
works that rely on extensive offline datasets from multiple
real-world robots or complicate the process with conditional
inputs and data augmentation, our approach leverages the
idea that new robot embodiment can be easily simulated,
making embodiment randomization a simple, inexpensive
and intuitive technique for addressing the embodiment gen-
eralization challenge. We find that policies trained with
embodiment randomization implicitly perform system iden-
tification. Through probe experiments using the intermediate
representation within the policy, we observe that the policy
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is able to to reliably predict many (but not all) of the robot’s
embodiment parameters, allowing the policy to adapt to new
embodiments during deployment. We additionally show that
embodiment randomization also enables policies to dynami-
cally adapt to unexpected changes as the robot is navigating.
We hope our work will enable others to develop methods that
are readily deployable across diverse robotic embodiments.
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