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Abstract

Self-supervised representation learning has achieved re-
markable success in recent years. By subverting the need
for supervised labels, such approaches are able to utilize the
numerous unlabeled images that exist on the Internet and in
photographic datasets. Yet to build truly intelligent agents,
we must construct representation learning algorithms that
can learn not only from datasets but also learn from environ-
ments. An agent in a natural environment will not typically
be fed curated data. Instead, it must explore its environment
to acquire the data it will learn from. We propose a frame-
work, curious representation learning (CRL), which jointly
learns a reinforcement learning policy and a visual represen-
tation model. The policy is trained to maximize the error of
the representation learner, and in doing so is incentivized to
explore its environment. At the same time, the learned repre-
sentation becomes stronger and stronger as the policy feeds it
ever harder data to learn from. Our learned representations
enable promising transfer to downstream navigation tasks,
performing better than or comparably to ImageNet pretrain-
ing without using any supervision at all. In addition, despite
being trained in simulation, our learned representations can
obtain interpretable results on real images. Code is available
at https://yilundu.github.io/crl/.

1. Introduction
Similar to biological agents, self-supervised agents learn

representations without explicit supervisory labels [38]. Im-
pressively, these methods can surpass those based on su-
pervised learning [12]. Yet the most successful approaches
also depart from biological learning in that they depend on a
curated dataset of observations to learn from.

In stark contrast, learning in biological vision involves
active physical exploration of an environment. Infants are
not endowed with existing visual experience, but must in-
stead explore to obtain such experience from the surrounding
environment. By playing with toys, through actions such
as pushing, grasping, sucking, or prodding, infants are able
to obtain experiences of texture, material, and physics [19].
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Figure 1: When put in a new world, without an explicit task or
goal, we are still able to actively explore and interact with our
surroundings. Our framework, CRL, enables agents to learn visual
representations from interaction without any supervision, using
only curiosity-driven exploration where the agent seeks out obser-
vations that incur high error under the representation model. The
resultant representations enable agents to perform well in down-
stream reinforcement and imitation learning tasks, and further are
able to transfer to recognition of real images.

By crawling into new rooms, toddlers obtain experiences of
layout and geometry. This setup adds additional challenges
towards learning visual representations. Algorithms must
now selectively explore and determine which portion of the
environment will allow for the most useful increase in vi-
sual experience. Furthermore, algorithms must also adapt to
constant domain shift; at any time point, the only observed
visual experience is that of a particular room, or that of a
particular object being interacted with.

Given an interactive environment, and no prior data or
tasks, how may we obtain a good visual representations?
This is a challenging question and requires an agent to an-
swer several subquestions. In particular, how can we learn
to effectively explore and perceive the surrounding world?
And, how can we integrate each different experience together
to obtain the best representation possible? In this paper, we
propose a unified framework towards solving these tasks.

One approach is to train a vision-based reinforcement
learning agent in the interactive environment. Intuitively, as
the agent learns to interact in its surrounding environment,
its underlying vision system must also learn to understand
the surrounding environment. A core difficulty, however, is
the noisy and sparse supervision that reinforcement learning
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provides, inhibiting the formation of a strong vision system.
An alternative approach is thus to leverage self-supervised
representation learning techniques to learn representations in
embodied environments. To gather data to learn the represen-
tation, a separate exploration algorithm may be used. How-
ever, such an approach raises additional challenges. Given a
new embodied environment, how can we learn to effectively
explore and obtain diverse data to train our representation?
And how can we continuously gather images that remain
visually salient to our algorithm?

To address these issues, we propose a unified framework,
Curious Representation Learning (CRL Figure 1). Our key
idea is to automatically learn an exploration policy given a
self-supervised representation learning technique by training
a reinforcement learning (RL) to maximize reward equal to
the loss of the self-supervised representation learning model.
We then train our self-supervised model by minimizing the
loss on the images obtained by the exploration policy. By
defining the reward to our exploration policy in such a man-
ner, it serves as a natural measure of visual novelty, as only
on unfamiliar images will the loss be large. Thus, our policy
learns to explore the surrounding environment and obtain
images that are visually distinct from those seen in the past.
Simultaneously, our self-supervised model benefits from di-
verse images, specifically obtained to remain visually salient
to the model.

Given an embodied visual representation, we further
study how it may be used for downstream interactive tasks.
Interactive learning, through either reinforcement learning
or behavioral cloning, is characterized by both sparse and
noisy feedback. Feedback from individual actions is delayed
across time and dependent on task completion, with feed-
back containing little information in the case a task failure,
and giving conflicting results when other actions effect task
completion. Such noise can quickly destroy learned visual
representations. We find to enable good downstream inter-
active transfer, it is crucial to freeze visual network weights
before transfer. We observe that our method can significantly
boost the semantic navigation performance of RL policies
and visual language navigation using imitation learning.

Our contributions in this paper are three-fold. First, we
introduce CRL as an approach to embodied representation
learning, in which a representation learning model plays a
minimax game with an exploration policy. Second, we show
that learned visual representations can help in a variety of
embodied tasks, where it is crucial to freeze representations
to enable good performance. Finally, we show that our
representations, while entirely trained in simulation, can
obtain interpretable results on real photographs.

2. Related Work

Self-supervised Visual Representation Learning: Unsu-
pervised representation learning has seen increased interest

in recent years [6, 18, 23, 50]. Approaches towards unsuper-
vised learning include colorizing images [50], predicting im-
age rotations [18] and geometry transformation [15], solving
jigsaw puzzles [27], and adversarial inference [13]. Recently,
approaches based on maximizing mutual information have
achieved success [4, 10, 20, 22, 23, 28, 43]. While previous
approaches have considered learning visual representations
in static datasets, we consider the distinct problem of obtain-
ing visual representations in interactive environments, where
an agent must actively obtain data it is trained on. We pro-
vide a framework for learning a task-agnostic representation
for different downstream interactive tasks.
Curiosity-based Learning: Our approach is also related to
existing work in curiosity. Curiosity has also been studied
extensively in the past years [5, 8, 14, 24, 29, 34, 35], as both
an incentive for exploration as well as a means of achieving
emergent complex behavior. Recent works have formulated
curiosity as a reward dependent on a learned model, such as
an inverse dynamics model [29], learned features in a VAE
[7], and features from a random network [8]. In contrast
to these work, which often rely on heuristic design choices
to select rewards for each task, we construct curiosity as a
minimax game between a generic representation learning
algorithm and a reinforcement learning policy. This formu-
lation then allows us to substitute existing representation
learning algorithms into a curiosity-based formulation, en-
abling us to combine advances in representation learning and
curiosity-based exploration.
Embodied Representation Learning: Pinto et al. [30] in-
vestigated representations that emerge from physical inter-
action in robotics. In contrast to our work, interactions are
manually designed. Agrawal et al. [1] investigated emergent
physical representations from poking in robotics. However,
interactions are randomly generated and limited only to pok-
ing. Overall, our work focuses on both learning to interact
and on representations in an interactive environment, and
further focuses on reusing them for downstream applications.
Representation learning in RL: Recently, using
unsupervised/self-supervised representation learning
methods to improve sample efficiency and/or performance
in RL has gained increased popularity [2, 25, 37, 39, 40].
In contrast to prior work, which focuses on synthetic
game environments, we study representation learning in
photorealistic 3D environments [16, 33, 48].

Perhaps most related to our work is the work of Ye [49],
who show that using auxiliary tasks can improve PointGoal
navigation results in the Gibson environment [47]. Differ-
ent from them, we mainly investigate if we can, in a self-
supervised manner, learn a generic and task-agnostic rep-
resentation that can be reused for downstream interactive
tasks. Concurrent to our work, Ramakrishnan et al. [31]
also investigate learning environment-level representations
through environment predictive coding and show benefits to
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Furthermore, note that while Equation 2 minimizes Lrep
using Mϕ, Equation 4 maximizes Lrep using πθ, leading to
an overall mini-max game objective

max
θ

min
ϕ

E
x∼πθ

[
T∑

t=0

Lrep(Mϕ,x)

]
. (5)

This mini-max game can be seen as a synergistic way to
improve both a policy and a representation learning model.
This new objective encourages our policy πθ to learn com-
plex navigation navigation and perception patterns so that it
can effectively obtain images to surprise the representation
learning model Mϕ. Simultaneously, this also allows our
representation learning model to learn good representations
that are resistant to samples found from the policy πθ.

Our formulation of CRL is similar to prior work in intrin-
sic motivation and curiosity [29]. Such papers encourage
reinforcement learning agents to explore by giving agents
reward equal some predictive loss. By interpreting the rep-
resentation learning loss as a predictive loss, CRL can thus
be seen a curiosity model. However, while different past
papers have proposed separate objectives for predictive error,
such as random features [8] and inverse dynamics [29], CRL
provides a generic framework to further construct differ-
ent curiosity objectives, by utilizing different representation
learning models, automating the traditionally hand-designed
process. Furthermore, CRL allows us to reinterpret exist-
ing curiosity objectives as different methods to obtain an
underlying representation of the world.

3.3. Model and Policy Optimization

When training our policy, we found that directly defining
our reward following Equation 1 led to a failure case where
Lcontrast loss could be maximized by having an agent stand
in space (as all identical image observations maximizes the
denominator of Lcontrast). To remedy this issue, we define
the reward to our policy as only be the numerator of Lcontrast,
rt = −sim(x1,x2). We further add a constant of 1 to all
rewards to ensure that rewards at each observed image is non-
negative. Furthermore, following [7], we normalize rewards
by the standard deviation of past observed rewards to ensure
that reward magnitudes do not change significantly.

Given computed rewards rγt , we use the proximal policy
optimization (PPO) [36], to train our policy and optimize
the objective L(θ) = E[min(ct(θ)At, clip(ct(θ), 1− ϵ, 1 +

ϵ)At], where the clip ratio ct =
πθ(at|st)
πθold (at|st)

and the advan-
tage, At, is computed using the value function V (st). We
optimize both πθ and Mϕ using collected minibatches of
data from PPO. Please see the appendix for pseudocode.

3.4. Experimental Protocol

Here we describe the protocols used for our empirical
experiments. First, we discuss our protocol for learning

embodied representations, and then our protocol for vali-
dating the utility of learned embodied representations to
downstream tasks.
Representation Pretraining. To pretrain representations,
we train CRL on Habitat simulator using the Matterport3D
dataset [9] for 10 million interactions, reserving the Gibson
dataset [47] for experimental validation. We train agents with
16 environments in parallel. Our observation space consists
of only 256× 256 RGB observations, and our action space
consists of actions move forward by 0.25 meters, turn left
by 30◦, turn right by 30◦, look up by 10◦ and look down by
10◦, with a maximum episode length of 500 steps.
Downstream Evaluation. We evaluate pretrained repre-
sentations on the downstream tasks of semantic navigation,
visual language navigation, and real image understanding.
For semantic navigation, we train a reinforcement learning
agent using the Habitat simulator on the Gibson dataset and
on object navigation using the Habitat Matterport3D dataset
(due to the lack of object annotations in Gibson). For visual
language navigation, we utilize an imitation learning agent
on Matterport3D dataset, and on real images we utilize the
Places dataset. We use the default environment settings for
both in Habitat [33]. We utilize the same representation
across different tasks using the features from the last final
average pooling layer of a ResNet50. To enable effective
interactive downstream transfer, we found that it was crucial
to freeze visual representations, due to the noisy nature of
gradients from interactive tasks. Such a technique has also
been noted to be useful in few-shot learning [44].
Model Architectures. For representation learning models
Mϕ and policies πθ, we utilize a ResNet50 [21] image en-
coder. To enable stable reinforcement learning, we replace
batch normalization layers with group normalization. To
train Mϕ, we use a 2 layer projection head, with a projection
dimension of 128 dimensions.

4. Experiments

We quantitatively and qualitatively show that CRL can
learn generic, task-agnostic visual representations for down-
stream interactive tasks. We discuss our experimental setup
in Section 4.1. Next we analyze the interactive behavior of
CRL in Section 4.2. Using one unified pretrained model, we
show that we can improve performance in semantic naviga-
tion in RL in Section 4.3, visual-language navigation using
imitation learning in Section 4.4, and can further achieve
transfer to recognition of real images in Section 4.5. Finally,
we discuss how we may also obtain representations in a real
biological setting in the appendix.

4.1. Experimental Setup

To pretrain representations, we train different models on
the Habitat simulator using the Matterport3D dataset for 10
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Figure 3: Plots of the average number of tiles explored in a across
separate environments of different reinforcement learning agents.
To gather images that have high contrastive loss, CRL explores
effectively around the surrounding environment, outperforming
RND and PointNav agents, and performs similar to a learned counts
agent that is explicitly encouraged to maximize tile exploration.
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Figure 4: Plots of contrastive loss over time using different ex-
ploration methods. By treating the process of image gathering as
an adversarial process, CRL enables the procurement of diverse
images, leading to larger contrastive loss.

Random Exploration
(LPIPS Diversity 0.708)

Learned Counts
(LPIPS Diversity 0.717)

CRL
(LPIPS Diversity 0.728)

Figure 5: Illustration of data acquired for contrastive training uti-
lizing either a random agent, a learned counts agent or CRL on 4
different environments. Data collected by a random agent exhibit
limited diversity, while data collected by a learned counts are di-
verse but not visually interesting (indicated by black backgrounds).
Data collected by CRL is diverse.

million interactions. In addition to CRL, we consider the
following set of baseline methods to obtain representations:
Exploration Strategies. In CRL, we rely on an intrinsically
motivated policy to explore the surrounding world to train
our contrastive model. We further compare using other ap-
proaches to collect data from the surrounding environment.
We consider either using random actions to explore or using

a learned counts-based exploration approach [42].
Video Game Methods. Concurrent to our work, recent work
has explored learning state representation for reinforcement
learning in static video game environments. These works
assume the presence of a statically collected dataset of ex-
periences, and are customized to non-realistic video game
settings. We compare with one such recent approach, aug-
mented temporal constrast (ATC) [40], where we utilize the
exploration policy of CRL to explore the surrounding envi-
ronment, and utilize ATC to learn a representation on top of
the gathered images.
Curiosity Objective. Under CRL, we may interpret other
existing curiosity-based reinforcement learning approaches
as representation learning objectives. We thus compare with
one such objective, that of Random Network Distillation
(RND) [8], which trains a model to regress the representa-
tions of a frozen network. We use RND to both incentive
exploration, as well as learn a representation of the scene.
Policy Based Representation. An alternative approach to
obtain representations is to utilize a reinforcement learn-
ing policy to learn representations of the environment. We
thus compare with the representation learned by a PointNav
policy trained on the Matterport training split.
ImageNet Pretraining. We may also use existing large
scale vision datasets to obtain our model. We thus provide
a comparison study where we initialize our model using a
ResNet50 pretrained on ImageNet.

All models are trained in Pytorch using PPO for 10M
frames with the Adam optimizer. Hyperparameters for both
representation pretraining and downstream evaluation are
provided in the supplement.

4.2. Visual Exploration

We first assess the ability of each method to actively
explore the environment around it. We report the average
number of 0.01× 0.01 tiles explored (as measured by x, y
position in the simulator) in a given scene over the course
of training in Figure 3. We find that CRL learns to explore
well, outperforming both random policies and our curiosity
baseline (RND) as well a PointNav policy trained explicitly
to navigate around the environment. We find that CRL per-
forms similarily in terms of exploration to a learned counts-
based exploration approach, but note that the learned counts-
based exploration is explicitly encouraged to explore the
surrounding environment, maintaining a count of explored
tiles using a learned hash map, while CRL encourages the
policy to gather diverse data for representation learning.

We next evaluate the ability of CRL to gather diverse data
to train our contrastive model. We compare utilizing either
random exploration, a learned counts-based method, or CRL
to obtain data to train a contrastive model. In Figure 4, we
plot contrastive loss curves obtained by utilizing data col-
lected by each method. We find that since CRL is trained
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Table 1: Full results of comparisons of embodied navigation with learned interactive representations average across 5 seperate seeds (with
standard error in parentheses). Policies are evaluated on the test set of ImageNav and ObjectNav tasks and are trained for 10 million frames
in each environment. We report the mean across 3 different seeds and report results of individual runs in the supplement. We consider
either training an RL agent from scratch, utilizing existing representation learning methods (ATC [40], RND [8] and contrastive learning) or
utilizing supervised weights (PointNav Policy, ImageNet Initialization). RL agents initialized from pretrained weights have representations
frozen, while all weights in the from scratch RL agent are trained.

Environment Category Method SPL↑ Soft SPL↑ Success↑ Goal Distance↓

ImageNav

From Scratch 0.0207 (0.0012) 0.173 (0.007) 0.039 (0.003) 4.85 (0.04)

Other Representation RND [8] 0.0158 (0.0027) 0.124 (0.013) 0.029 (0.004) 5.29 (0.08)
Learning Algorithms ATC [40] 0.0268 (0.0029) 0.172 (0.013) 0.059 (0.004) 4.63 (0.04)

Contrastive Learning
Random Exploration 0.0285 (0.0014) 0.195 (0.010) 0.054 (0.003) 4.68 (0.04)
Learned Counts [42] 0.0277 (0.0030) 0.183 (0.011) 0.057 (0.003) 4.54 (0.08)
CRL (ours) 0.0324 (0.0018) 0.219 (0.005) 0.058 (0.002) 4.55 (0.04)

Supervised
PointNav Policy 0.0254 (0.0021) 0.187 (0.020) 0.048 (0.002) 4.66 (0.03)
ImageNet Initialization 0.0193 (0.0042) 0.143 (0.022) 0.050 (0.007) 4.61 (0.01)

ObjectNav

From Scratch 0.0010 (0.0006) 0.037 (0.008) 0.003 (0.002) 7.94 (0.44)

Other Representation RND [8] 0.0000 (0.0000) 0.007 (0.001) 0.000 (0.000) 7.96 (0.13)
Learning Algorithms ATC [40] 0.0020 (0.0014) 0.058 (0.013) 0.003 (0.002) 8.32 (0.27)

Contrastive Learning
Random Exploration 0.0042 (0.0007) 0.076 (0.010) 0.011 (0.002) 7.39 (0.19)
Learned Counts [42] 0.0079 (0.0013) 0.110 (0.008) 0.026 (0.004) 7.49 (0.17)
CRL (ours) 0.0144 (0.0046) 0.119 (0.007) 0.040 (0.019) 7.33 (0.13)

Supervised
PointNav Policy 0.0390 (0.0011) 0.094 (0.005) 0.007 (0.002) 7.29 (0.08)
ImageNet Initialization 0.0064 (0.0021) 0.062 (0.004) 0.010 (0.003) 7.91 (0.10)
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Figure 6: Plot of training SoftSPL over training steps of CRL
compared to other visual representation learning methods across
5 separate seeds in reinforcement learning. CRL performs signif-
icantly better than initialization from scratch and outperforms all
other methods on ImageNav in Gibson.

to adversarialy generate data for the contrastive model, the
overall contrastive loss is significantly higher in later stages
of training. We further visualize batches of image data col-
lected from different methods in Figure 5, observing a high
degree of visual diversity in the data collected through CRL.
We quantitatively observe larger diversity utilizing the LPIPS
diversity metrics [51] with details in Section ??.

4.3. Semantic Navigation with RL

Next, we investigate how each of the learned repreesenta-
tions Section 4.1 can be utilized to learn effective RL policies

0 2 4 6 8 10
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Figure 7: Plot of SoftSPL over training steps of CRL compared
to other visual representation learning methods across 5 separate
seeds in reinforcement learning. CRL performs significantly better
than initialization from scratch and outperforms all other methods
on ObjectNav in Matterport3D.

for semantic navigation in the data-efficient setting.
Setup. We measure reinforcement learning using the stan-
dard ImageNav task on the Gibson environment, and Object-
Nav task on the Matterport3D environment included in Habi-
tat [33]. Since we aim to validate the efficacy of learned vi-
sual representations, we train reinforcement learning policies
using only 256×256 RGB inputs, processed using learned
representations, for 10 million frames. This setting is thus
more challenging setting than typically evaluated in [33] as
we assume the absence of either depth or robot localization
information which is often given.
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Figure 8: Plot of SoftSPL of a reinforcement learning agent on
ObjectNav when the visual representation of CRL is frozen or not
frozen. Due to noisy gradient updates, when weights of CRL are
not frozen, performance deteriorates significantly.

Metrics. We report standard metrics of visual navigation.
We report tasks success, success weighted by path length
(SPL) [3], soft SPL (success weighted by path length [11],
but with a softer success criterion), and distance to goal. We
utilize default criteria defined in [33].
Baselines. We compare learning policies with represen-
tations from each approach described in Section 4.1. We
consider utilizing representations generated via different ex-
ploration strategies (Random, Learned Counts), using video
game methods (ATC), changing the underlying curiosity
objective (RND), extracted by an RL policy (PointNav),
and weights initialized from ImageNet. In each setting, we
freeze convolutional weights, which we find crucial for good
performance. We further compare with training an RL pol-
icy trained end-to-end entirely from scratch (From Scratch),
including convolutional weights. We found that freezing
weights for the From Scratch policy significantly dropped
performance (a fall of over 0.07 SoftSPL).
Results. We run each separate representation learning ap-
proach across 3 different random seeds, with mean perfor-
mance across each metric reported in Table 1. Following [3],
we recommend primarily looking at SPL and SoftSPL as
metrics of performance. On both ImageNav and ObjectNav,
we find that CRL performs the best. Overall, we find that
representations learned through contrastive learning lead to
the best reinforcement learning performance. Subsequently,
we find that weights from either PointNav weights or ATC
perform better than training a policy from scratch. Surpris-
ingly, we find that utilizing ImageNet does not appear to
improve reinforcement learning performance significantly.

We visualize training SoftSPL across ImageNav in Fig-
ure 6 and across ObjectNav in Figure 7. Similar to our
reported metrics, we find that CRL leads to the highest early
increases in SoftSPL. Following that, we find that using
weights from a trained PointNav policy or an ImageNet pre-
trained policy gives boosts to performance compared to a
randomly initialized policy.

We note that although our result values are low, they
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Figure 9: Plot of SPL of a reinforcement learning agent on Point-
Nav, when convolution weights of a random network are either
frozen or not frozen. Surprisingly, we find that in PointNav, there
is no difference between each setting (we observe large differences
in both ObjectNav and ImageNav tasks). Our results indicate that
visual representations may not be effective enough in the PointNav
task to show performance gains in the limited data regime we study.

are in line with those found in the 2020 Habitat navigation
challenge*. Furthermore, we note that we study a harder
version of both semantic navigation tasks – we only utilize
RGB inputs to train our reinforcement learning policy, and
do not assume information about either ground truth depth
or the current localization of the policy.
Importance of Detaching Gradients. We further ablate
the effect of freezing representations in Figure 8. We con-
sider training a reinforcement learning policy on the object
navigation task with or without freezing the weights of a
reinforcement learning policy. We find that without freezing
the weights of the convolutional network, SoftSPL increases
significantly slower.
What Doesn’t Representation Learning Help On? The
most common evaluation task in Habitat [33] is the Point-
Nav navigation task with a compass, where an embodied
policy is instructed to navigate to a specific positional off-
set. Surprisingly, we find that learning a representation is
not important in PointNav. In particular, in Figure 9, we
initialize two separate policies from scratch and freeze the
weights of the convolutional encoder of one policy. In both
settings, we find that the overall PointNav SPL performance
is identical. We posit that in PointNav, in our data-efficient
experimental setting, vision is not crucial to obtain good
performance, since the policy is given a compass, but note
that in the large-scale RL setting [45] shows that vision is
indeed helpful for navigation.

4.4. Instruction Navigation with Imitation Learning

We next investigate how the different representation learn-
ing methods in Section 4.1 can be utilized to aid visual lan-
guage navigation (VLN) via imitation learning.
Setup. We evaluate imitation learning using the vision lan-
guage instruction benchmark introduced in [26]. For sim-

*https://aihabitat.org/challenge/2020/

10414



Table 2: Comparison of performance of each pretrained representa-
tion on instruction following evaluated in unseen validation rooms.

Setting Method SPL↑ Success↑ Goal Distance↓

Behavioral Cloning

From Scratch 0.138 0.152 9.17
RND [8] 0.141 0.149 9.12
ATC [40] 0.147 0.156 9.06
CRL (ours) 0.157 0.169 8.77

Imagenet 0.152 0.164 8.91

Dagger

From Scratch 0.192 0.206 8.32
RND [8] 0.187 0.200 8.23
ATC [40] 0.192 0.205 7.99
CRL (ours) 0.199 0.218 8.21

Imagenet 0.206 0.222 8.07

Random Agent - 0.0 0.0 10.23

plicity, we utilize the base model and loss setting in [26],
corresponding to training a Seq2Seq agent [41] with or with-
out Dagger [32]. We utilize the author’s implementation.
Metrics. We use the same set of metrics defined in Sec-
tion 4.3. We report SPL, Success and goal distance on the
val-unseen split in [26], corresponding to unseen rooms, and
report results on val-seen setting in the appendix.
Baselines. We compare representations learned from CRL
to those learned using either ATC or RND. We further com-
pare representations from CRL to utilizing weights from a
supervised ImageNet model.
Results. We compare each learned representation when ap-
plied to imitation learning in Table 2. In both the behavioral
cloning and Dagger settings, we find that utilizing CRL ob-
tains better performance than utilizing either random, RND,
or ATC weights. We further find that CRL obtains compara-
ble performance to the Imagenet supervised model.

4.5. Transfer to Real Image Recognition

Finally, we investigate to what extent our learned embod-
ied representations, despite being learned entirely in simula-
tion, can actually transfer to real photographic scenes.
Setup. To assess how representations transfer to realistic
images, we utilize the Places dataset. We chose a subset
of 59 class categories in Places corresponding to indoor
room scenes (with selected class categories in the appendix).
Following [50], we then measure representations by fine-
tuning a linear classifier on the final averaged-pooled features
of our trained ResNet50 models.
Baselines. We compare with the same set of baselines as in
Section 4.4. For methods in which both an RL policy and
model is learned, we evaluate the representations of both.
To assess representation learning of RL policies, we also
compare with the representations learned from a PointNav
policy trained on the Habitat Matterport3D dataset.
Results. We report quantitative results from linear fine-
tuning in Table 3. Overall, we find that CRL learns repre-
sentations that transfer best to real images, outperforming
other approaches. Of our remaining methods, we observe

Table 3: Comparison of pretrained embodied representations in
Habitat when transferred to the Places Dataset.

Learning Objective Representation Accuracy

Policy Accuracy Model Accuracy
Top 1 Top 5 Top 1 Top 5

Random Initialization - - 9.22 27.59
RND 2.61 10.13 5.98 18.03
ATC - - 14.83 40.61
CRL (ours) 4.68 18.32 21.22 48.78

PointNav 4.31 15.27 - -
ImageNet Pretraining - - 54.59 85.15

CRL

Query
Image

Nearest
Neighbor

Query
Image

Nearest
Neighbor

Random

Figure 10: Comparative illustration of representation space nearest
neighbors of CRL and a random network on room scenes in Places.

that ATC learns the second best representation. We further
find that image encoders of policies learn poor representa-
tions that do not transfer well to real images, with the visual
encoder of the CRL policy learning the best representation.

While our results are worse than those of an ImageNet
supervised model, we emphasize that this is still strong per-
formance on our task since our approach is trained entirely
in simulation without any supervision. Qualitatively, we
visualize representations from CRL by finding the nearest
neighbors, in learned representation space, of different im-
ages in the Places dataset in Figure 10. Compared to a
random network, we find more visually similar neighbors.

5. Conclusion

In this paper, we proposed a generic framework to learn
task-agnostic visual representations in embodied environ-
ments. Our learned representations enable promising trans-
fer on downstream semantic and language guided navigation
tasks, and further can transfer to visual recognition of real
photos. We hope our proposed framework inspires future
work towards learning both better task-agnostic representa-
tions and transferring to more complex embodied tasks [17].
Acknowledgments. We thank MIT-IBM for support
that led to this project. Yilun Du is funded by an
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