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Motivation

On the importance of the blindness property

Model: Behavior cloning vs. “Navigability” = “Mole”
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Supervision	signal

- Learn useful and transferable representations for 
navigation.

- Provide a richer learning signal than RL or IL.
- Avoid supervising reconstruction (avoid learning 

irrelevant details, which hurts sim2real transfer)

Overview of method

Past	trajectory

- Representations      are collected from visual sensors 
with a (main) agent (green) using a recurrent network.

- At periodic waypoints       , the representation      is given 
to a batch of multiple otherwise blind auxiliary agents, 
(blue) which navigate to a batch of sub goals.

- The blind aux agents are trained with behavior cloning, 
the loss is backpropagated over the representation 
module of the main agent.
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Results: comparison of representations (sim)

Probing experiments
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Table 2: Influence of the navigability loss and short episodes: we compare PPO (Schulman et al., 2017),
BC=Behavior cloning and our Navigability, which constitute a Phase 1 of 50M env steps. 12 environments are
trained in parallel, distributed over the different learning signals. In Phase 2, all of these methods are finetuned
with PPO only for an additional 50M env steps. The best validation checkpoints of phase 2 are chosen and
evaluated on the test set. ”Do S�” = short episodes are used by the agent. L�=long episodes, S�=short episodes.
The agent trained with navigability only has seen only 5% of the visual observations (=2.5M).

Nr. Env Nr. visual Nr. Envs Nr. BC Envs Eval Sim Eval NoisySim
Method steps obs seen Do S� ⇡:PPO ⇡: L� ⇡: S� ⇢: S� Success SPL Success SPL

(a) Pure PPO 50M 50M � 12 � � � 89.6 71.7 74.6 55.8
(b) Pure BC L� 50M 50M � � 12 � � 92.0 79.6 76.0 61.7
(c) BC L� S� (data augm.) 50M 50M X � 12 12 � 94.2 80.1 89.6 74.0

(d) Navig. 50M 2.5M X � � � 12 92.9 77.3 86.8 68.8
(e) Navig. + BC L� 50M 25+1.25M X � 12 � 12 95.5 80.3 90.9 73.3
(f) PPO + Navig. 50M 25+1.25M X 6 � � 6 91.5 72.6 85.2 63.8
(g) PPO + Navig. + BC S� 50M 50M X 6 6 � 6 90.3 73.7 83.9 66.0
(h) AUX reconst. + BC L� 50M 50M � � 12 � � 94.9 80.4 76.7 61.2

Table 3: Impact of the hidden state of the main policy
⇡ at transitions between long and short episodes: (c.1)
set to zero (short episodes are data augme.); (c.2) set to
last waypoint (clear separation of short and long ep.);
(c.3) always continue (maximize episode length but
introduce sparse teleportations).
Method Eval Sim Eval NoisySim

Succ SPL Succ SPL
(c.1) Set to zero 90.3 74.5 85.1 64.8
(c.2) Set to last waypoint 88.6 74.2 81.4 63.0
(c.3) Always continue 94.2 80.1 89.6 74.0

Table 4: Communicating with the Mole: Impact of
the choice of connection between representation r and
blind policy ⇢ for agent (e) of Table 2. (e.1) rt is fed as
“observed” input to ⇢ at each step; (e.2) as initialization
of ⇢’s own hidden state; (e.3) as previous, but 128
additional dimensions are added to the state of ⇢.
Method Eval Sim Eval NoisySim

|h| Success SPL Success SPL
(e.1) As observation 512 92.8 77.4 90.9 73.3

(e.2) Copy 512 95.5 80.3 80.7 62.5
(e.3) Copy+extend 640 90.4 76.9 83.3 66.6

variant (d) has two effects: (i) a decrease in the overall length of episodes and therefore of observed
information available to agents; (ii) short episodes are only processed by the blind agent, and this
decreases the amount of visual observations available to ⇠5%. Combining Navigability with classical
BC in agent (e) in Table 2 provides the best performance by a large margin. This corroborates the
intuition expressed in Section 3 of the better data exploitation of the hybrid variant.

Is navigability reduced to data augmentation? — a control experiment tests whether the gains in
performance are obtained by the navigability loss, or by the contribution of additional training data in
the form of short episodes, and we again recall, that the number of environment steps is constant over
all experiments. Agent (c) performs classical BC on the same data, i.e. long and short episodes. It is
outperformed by Navigability combined with BC, in particular when subject to the sim2noisy-sim
gap, which confirms our intuition of the better transferability of the Navigability representation.

Continuity of the hidden state — The main agent ⇡ maintains a hidden state rt, updated from its
previous hidden state rt�1 and the current observation ot. If this representation is a latent map, then,
similar to a classical SLAM algorithm, the state update needs to take into account the agent dynamics
to perform a prediction step combined with the integration of the observation. When the agent is
trained through BC of the main agent on long and short episodes, as for variants (c) and (e), the
main agent follows a given long episode and it is interrupted by short episodes. How should rt be
updated when the agent “teleports” from the terminal state of a short episode back to the waypoint
on the long trajectory? In Table 3 we explore several variants: setting rt to zero at waypoints is a
clean solution but decreases the effective length of the history of observations seen by the agent.
Saving rt at waypoints and restoring it after each short episode ensures continuity and keeps the
amount of observed scene intact. We lastly explore a variant where the hidden state always continues,
maximizing observed information, but leading to discontinuities as the agent is teleported to new
locations. Interestingly, this variant performs best, which indicates that data is extremely important.
Note that during evaluation, only long episodes are used and no discontinuities are encountered.

Communication with the Mole — in Table 4 we explore different ways of communicating the
representation rt from the main to the aux policy during Phase 1. In variant (e.1), ⇢ receives rt
as input at each step; in variants (e.2) and (e.3), the hidden GRU state h of ⇢ is initialized as rt
at the beginning of each short episode, and no observation (other than the subgoal g.) is passed to
it. Variant (e.2) is the best performing in simulation, and we conjecture that this indicates a likely
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Step 1 (50M env steps): representation training (“Navigability”)
Step 2 (50M env steps): reinitialize main policy from scratch, RL/PPO training of main agent only
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Simulation allows large-scale evaluation on a large number of unseen environments and episodes;
(iii) Sim2NoisySim allows similar large-scale evaluation and approximates the transfer gap through
artificial noise on simulation parameters. We added noise of different types, similar to Anderson et al.
(2018), but with slightly different settings: Gaussian Noise of intensity 0.1 on RGB, Redwood noise
with D=30 on depth, and actuator noise with intensity 0.5. Details are given in the appendix.

Table 1: Sim2Real transfer — Avg. per-
formance over 11 episodes in a real envi-
ronment (Fig. 1 and map below) using the
map+plan baseline and three agents trained
with PPO, BC and ours, corresponding to
variants (a), (c), (e) of Table 2.

Method Success SPL sSPL
(-) Map+Plan 36.4 29.6 32.7
(a) PPO 45.5 14.7 20.0
(c) BC L� S� 72.7 36.3 36.3
(e) Navig.+BC 81.8 45.6 44.0

Metrics — we report Success , which is the number of
correctly terminated episodes, and SPL (Anderson et al.,
2018), Success weighted by the optimality of the navigated
path, SPL = 1

N

PN
i=1 Si

⇣
`⇤i

max(`i,`⇤i )

⌘
, where `i is the

length of the agent’s path in episode i and `⇤i is the length
of the GT path. For robot experiments we also use Soft-SPL
(Anderson et al., 2018), which extends SPL by modifying
the definition of Si: in failed episodes it is weighted by the
distance achieved towards the goal instead of being zero.

Training setup — we propose a two-phase strategy with
a fixed compute budget of 100M env. steps:

Phase 1: Pre-training takes 50M steps. We combine
and test 4 strategies: standard PPO, standard BC, Nav-
igability loss and a reconstruction loss (details below),
for a total of 8 variants (Table 2).

Phase 2: Fine-tuning is the same for all methods, done
with PPO (Schulman et al., 2017) for 50M steps on the
downstream PointGoal task. We reinitialize the main
policy ⇡ to evaluate the quality of the learned represen-
tations, the aux agent is not used. We use a common
reward definition (Chattopadhyay et al., 2021) as rt = R · Isuccess � �Geo

t � �, where R=2.5,
�Geo

t is the gain in geodesic distance to the goal, and a slack cost �=0.01 encourages efficiency.

The best checkpoint is chosen on the validation set and all results are reported on the test set.

Robot experiments — are performed with a Locobot robot on a large office building with thick
carpets, uneven floor and large windows (Fig. 1 and top-down map in Table 1). Results for 11
episodes, shown on the map (avg. GT geodesic length 8.9m), are reported in Table 1 for three end-
to-end trained agents (PPO, BC and our proposed agent) and for a map+plan baseline (Gupta et al.,
2017) used in (Chaplot et al., 2020b;a), for a total of 44 robot experiments. A detailed description of
the agents can be found further below. Overall, the differences in performance are significant, with
a clear advantage of the proposed Navigability representation in terms of all 3 metrics, providing
evidence for its superior robustness (Success) and efficiency (SPL, sSPL). Qualitatively, the three
agents show significantly different behavior on these real robot experiments. Our Navigability+BC
variant is more efficient in reaching the goals and goes there more directly. The PPO agent shows
zig-zag motion (increasing SPL and sSPL), and, in particular, often requires turning, whose objective
we conjecture is to orient and localize itself better. The BC variant struggled less with zig-zag motion
but created significantly longer and more inefficient trajectories than the proposed Navigability agent.

Impact of navigability — is studied in Table 2, which compares different choices of pre-training in
phase 1. For each experiment, agents were trained on 12 parallel environments. These environments
where either fully used for training with BC (with a choice of the proposed navigability loss or
classical BC of the main policy, or both), or fully used for classical RL with PPO training with
PointGoal reward, or mixed (6 for BC and 6 for PPO), indicated in columns Nr. Envs PPO and Nr.
BC Envs, respectively. Agents trained on the navigability loss navigated fewer steps over the long
episodes and saw fewer visual observations, only 5% = 2.5M. We see that BC (b) outperforms PPO
(a), and navigability loss alone (d) is competitive and comparable, outperforming these baselines
when transferred to noisy environments. Mixing training with PPO on the PointGoal downstream
task in half of the training environments, as done in variants (f) and (g), does not provide gains.

Optimizing usage of training data — As the number of environment steps is constant over all agent
variants evaluated in Table 2, the advantage of the Navigability loss in terms of transferability is
slightly counter-balanced by a disadvantage in data usage: adding the short episodes to the training in
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Communicating with the Mole (sim)
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Table 2: Influence of the navigability loss and short episodes: we compare PPO (Schulman et al., 2017),
BC=Behavior cloning and our Navigability, which constitute a Phase 1 of 50M env steps. 12 environments are
trained in parallel, distributed over the different learning signals. In Phase 2, all of these methods are finetuned
with PPO only for an additional 50M env steps. The best validation checkpoints of phase 2 are chosen and
evaluated on the test set. ”Do S�” = short episodes are used by the agent. L�=long episodes, S�=short episodes.
The agent trained with navigability only has seen only 5% of the visual observations (=2.5M).

Nr. Env Nr. visual Nr. Envs Nr. BC Envs Eval Sim Eval NoisySim
Method steps obs seen Do S� ⇡:PPO ⇡: L� ⇡: S� ⇢: S� Success SPL Success SPL

(a) Pure PPO 50M 50M � 12 � � � 89.6 71.7 74.6 55.8
(b) Pure BC L� 50M 50M � � 12 � � 92.0 79.6 76.0 61.7
(c) BC L� S� (data augm.) 50M 50M X � 12 12 � 94.2 80.1 89.6 74.0

(d) Navig. 50M 2.5M X � � � 12 92.9 77.3 86.8 68.8
(e) Navig. + BC L� 50M 25+1.25M X � 12 � 12 95.5 80.3 90.9 73.3
(f) PPO + Navig. 50M 25+1.25M X 6 � � 6 91.5 72.6 85.2 63.8
(g) PPO + Navig. + BC S� 50M 50M X 6 6 � 6 90.3 73.7 83.9 66.0
(h) AUX reconst. + BC L� 50M 50M � � 12 � � 94.9 80.4 76.7 61.2

Table 3: Impact of the hidden state of the main policy
⇡ at transitions between long and short episodes: (c.1)
set to zero (short episodes are data augme.); (c.2) set to
last waypoint (clear separation of short and long ep.);
(c.3) always continue (maximize episode length but
introduce sparse teleportations).
Method Eval Sim Eval NoisySim

Succ SPL Succ SPL
(c.1) Set to zero 90.3 74.5 85.1 64.8
(c.2) Set to last waypoint 88.6 74.2 81.4 63.0
(c.3) Always continue 94.2 80.1 89.6 74.0

Table 4: Communicating with the Mole: Impact of
the choice of connection between representation r and
blind policy ⇢ for agent (e) of Table 2. (e.1) rt is fed as
“observed” input to ⇢ at each step; (e.2) as initialization
of ⇢’s own hidden state; (e.3) as previous, but 128
additional dimensions are added to the state of ⇢.
Method Eval Sim Eval NoisySim

|h| Success SPL Success SPL
(e.1) As observation 512 92.8 77.4 90.9 73.3

(e.2) Copy 512 95.5 80.3 80.7 62.5
(e.3) Copy+extend 640 90.4 76.9 83.3 66.6

variant (d) has two effects: (i) a decrease in the overall length of episodes and therefore of observed
information available to agents; (ii) short episodes are only processed by the blind agent, and this
decreases the amount of visual observations available to ⇠5%. Combining Navigability with classical
BC in agent (e) in Table 2 provides the best performance by a large margin. This corroborates the
intuition expressed in Section 3 of the better data exploitation of the hybrid variant.

Is navigability reduced to data augmentation? — a control experiment tests whether the gains in
performance are obtained by the navigability loss, or by the contribution of additional training data in
the form of short episodes, and we again recall, that the number of environment steps is constant over
all experiments. Agent (c) performs classical BC on the same data, i.e. long and short episodes. It is
outperformed by Navigability combined with BC, in particular when subject to the sim2noisy-sim
gap, which confirms our intuition of the better transferability of the Navigability representation.

Continuity of the hidden state — The main agent ⇡ maintains a hidden state rt, updated from its
previous hidden state rt�1 and the current observation ot. If this representation is a latent map, then,
similar to a classical SLAM algorithm, the state update needs to take into account the agent dynamics
to perform a prediction step combined with the integration of the observation. When the agent is
trained through BC of the main agent on long and short episodes, as for variants (c) and (e), the
main agent follows a given long episode and it is interrupted by short episodes. How should rt be
updated when the agent “teleports” from the terminal state of a short episode back to the waypoint
on the long trajectory? In Table 3 we explore several variants: setting rt to zero at waypoints is a
clean solution but decreases the effective length of the history of observations seen by the agent.
Saving rt at waypoints and restoring it after each short episode ensures continuity and keeps the
amount of observed scene intact. We lastly explore a variant where the hidden state always continues,
maximizing observed information, but leading to discontinuities as the agent is teleported to new
locations. Interestingly, this variant performs best, which indicates that data is extremely important.
Note that during evaluation, only long episodes are used and no discontinuities are encountered.

Communication with the Mole — in Table 4 we explore different ways of communicating the
representation rt from the main to the aux policy during Phase 1. In variant (e.1), ⇢ receives rt
as input at each step; in variants (e.2) and (e.3), the hidden GRU state h of ⇢ is initialized as rt
at the beginning of each short episode, and no observation (other than the subgoal g.) is passed to
it. Variant (e.2) is the best performing in simulation, and we conjecture that this indicates a likely
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GT (a) PPO GT (c.1) BC

GT (c.3) BC GT (e) Ours

Sim NoisySim
Method Reconstr. 2D Nav. Reconstr. 2D Nav.

IoU Succ. Sym-SPL IoU Succ. Sym-SPL
(a) PPO 31.0 37.9 10.1 15.8 18.4 6.1
(c.1) BC L� S� 25.5 45.2 11.0 11.1 16.2 4.6
(c.3) BC L� S� 11.9 13.2 3.5 1.1 0.6 0.3
(e) Navig.+BC 19.8 66.5 14.7 18.0 64.8 13.2

Viewpoints on figures on the left are not comparable as different agents
perform different trajectories. The agent is the blue dot in the center and
5 trajectories out of 10 used for Sym-SPL are plotted. Goal points are
green when reachable (always in GT) and red otherwise.

Figure 6: Probing reconstruction: we estimate how much information on reconstruction is contained in the
learned representations. PPO (a) appears to capture only parts of the map, leading to failures in this navigation
task. Reconstruction by (c.1) exhibits similar characteristics. The (c.3) variant performs poorly on these probing
tasks, and the reconstructed map confirms that. Our approach, (e), estimates less accurately than PPO and (c.1)
the shape of the navigable space, but still appears to capture important geometric aspects of the environment.

ego-centric nature of the latent visual representation rt. Providing it as initialization allows it to
evolve and be updated by the blind agent during navigation. This is further corroborated by the
drop in performance of these variants in NoisySim, as the update of an ego-centry representation
requires odometry, disturbed by noise in the evaluation, and unobserved during training. Adding 128
dimensions to the blind agent hidden state h in variant (e.3) does not seem to have an impact.

Probing the representations — of a blind agent has been previously proposed by Wijmans et al.
(2023). We extend the procedure: for each agent, a dataset of pairs {(ri,M⇤

i )}i=1..D is generated
by sampling rollouts. Here, ri is the hidden GRU state and M⇤

i is an ego-centric 2D metric GT
map of size 95⇥95 calculated from the simulator using only information observed by the agent. A
probe � is trained on training scenes to predict Mi = �(ri) minimizing cross-entropy, and tested
on val scenes. Results and example reconstructions on test scenes are shown in Fig. 6. We report
reconstruction performance measured by IoU on unseen test scenes for variants (a), (c) and (e), with
(c) declined into sub-variants (c.1) and (c.3) from Table 3. PPO outperforms the other variants on pure
reconstruction in noiseless setting, but this is not necessarily the goal of an actionable representation.
We propose a new goal-oriented metric directly measuring the usefulness of the representation in
terms of navigation. For each pair (Mi,M⇤

i ) of predicted and GT maps, we sample N=10 reachable
points {pn}n=1..N on the GT map M⇤

i . We compute two shortest paths from the agent position to pn:
one on the GT map M⇤

i , `⇤i,n, and one on the predicted map Mi, `i,n. We introduce Symmetric-SPL

as Sym-SPL =
PD

i=1

PN
n=1 Si,n min

⇣
`i,n
`⇤i,n

,
`⇤i,n
`i,n

⌘
, where, similar to SPL, Si,n denotes success of the

episode, but on the predicted map Mi and towards pn. Results in Figure 6 show that representations
learned with Navigability lead to better navigation performance, in particular in NoisySim. While
this study is speculative and it is hard do draw conclusive insights from it, these observations seem to
corroborate the improved transferability of representations learned with Navigability.

Table 5: Map+plan baseline.
Method Noise Succ. SPL
Class. no 95.7 89.9

Ours (e) no 95.5 80.3
Class. yes 27.9 16.3
Ours (e) yes 90.9 73.3

Further comparison with reconstruction — we claim that unnecessar-
ily accurate reconstruction is sub-optimal in presence of high sim2real
gap, and, additional to already discussed robot experiments (Table 1) ,
we compare in simulation with a method supervising reconstruction.
The loss is identical to the probing loss described above, but used to train
the representation during Phase 1, combined with BC. Corresponding
method (h) in Table 2 compares unfavorably with our method (e), in
particular in noisy settings . In Table 5 we also compare with a classical map+plan baseline of Gupta
et al. (2017) and show that under noisy conditions our approach outperforms the classical planner.

6 CONCLUSION

Inspired by Cognitive Maps in biological agents, we have introduced a new technique, which learns
a latent representations from interactions of a blind agent with the environment. We position it
between explicit reconstruction, arguably not the desired when a high sim2real gap is present, and
pure end-to-end training on a downstream task, which is widely argued to provide a weak learning
signal. In experiments on sim2real and sim2noisy-sim evaluations, we have shown that our learned
representation is particularly robust to domain shifts.
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Classical training with behavior cloning
Example: the training signal at t=t2  corrects the 
decision “do not crash into the obstacle”. Two 
possible updates of the agent’s reasoning mode:
(r1) avoid obstacles visible in cur observation (no 
memory required).
(r2) avoid obstacles detected in internal latent 
map (integrated over history of observations).

An agent (green) enters, makes a circular motion, observes an obstacle. 
Goal: maximize the amount of information on obstacles and navigable 
space extracted by the agent through its training objective. 

Training with our navigability loss
Example: the main agent (green)  generates a 
representation at t=t1. The blind agent (blue) uses 
it, follows sub-trajectory, gets corrected at t=t2 “do 
not crash into the obstacle”. 
Reactive behavior (r1) cannot be learned (the 
agent is blind). Sequential integration of 
observations into       is forced.

Compression mechanisms in training recurrent networks will lead to 
favoring reasoning (r1), reactive behavior (undesired).

rt1

Non-linear probing of occupancy maps describing the seen scene (excluding the “fog-of-war”) from the 
learned representation    .   rt

The learned representation     is passed to the 
blind agent as:
- “observation” (favors allocentric representation) 
- through init of its own state (favors egocentric r.)

rt

Classical behavior 
cloning

Navigability: the blind agent (blue) uses the 
representation      predicted by the main agent.rt
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