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3.3	Reinforcement Learning	–
a	concrete example
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Agent architecture

Input: RGB, Lidar, pose estimates from onboard measurements.
The agent does not have access to a map.

Global pose estimate

28 discrete actions 
(pairs of linear+angular velocities ).
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Realistic motion
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Simulated realistic motion
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Second order dynamical model
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System identification
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System identification
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Training with Reinforcement Learning (PPO)

Reward function:

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov, Proximal Policy Optimization Algorithms, arXiv:1707.06347, 2017.

Policy Gradient

Policy gradient directly optimizes the expected cumulative reward
over a parametrized policy function ⇡✓:

J (⇡✓) = E
⌧⇠⇡✓

[R(⌧)]

= E
⌧⇠⇡✓

"
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t=0

rt+1|⌧
#

We would like to learn the policy network ⇡✓ with gradient descent:

✓k+1 = ✓k + ⌫r✓J (⇡✓)

How do we calculate the gradient r✓J (⇡✓)?

rt = S · Isuccess| {z }
Reward

� �Geo
t| {z }

Geodesic Distance

� �|{z}
Step Penalty

�C · Icollision| {z }
Collision Cost

PPO algorithm: we train the policy to optimize cumulated reward:



Training with Reinforcement Learning (PPO)

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov, Proximal Policy Optimization Algorithms, arXiv:1707.06347, 2017.

PPO collection step: interact with the environment with the current policy to collect rollouts .

PPO update step (simplified) : gradient update of the policy, nudge it to repeat actions that led to 
better-than-expected rewards.
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Datasets!

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov, Proximal Policy Optimization Algorithms, arXiv:1707.06347, 2017.



Deploy to real robot (all calculations onboard)
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Example episode



Social aspects of navigation

AI for Robotics Workshop at Naver Labs Europe, Nov. 2025



Social aspects of navigation

Internal demo at Naver Labs Europe



Does the agent plan? (1) local planning

We probe whether the future agent path is 
encoded in the recurrent memory of an end-
to-end trained agent.

TLDR: yes it is, up to a certain point!



Does the agent plan? (2) strategies CVPR 2025
S. Janny, H. Poirier, L. 
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Reasoning in visual navigation of end-to-end trained agents:
A dynamical systems approach

Steeven Janny Hervé Poirier Leonid Antsfeld Guillaume Bono Gianluca Monaci Boris Chidlovskii Francesco Giuliari Alessio Del Bue ChristianWolf

Prediction vs. Correction scheme emerges
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Prediction and Correction

Sensibility to dynamics variations
(variations in dynamics parameters)

Sensibility to sensor variations
(variations in noise parameters)

Rapid drop of successwhen
odometry noise increases:
�both agents significantly
rely on their sensing ca-
pabilities to estimate posi-
tion.

The baseline can not adapt to changes in dynamics:
�it overfits on the teleportation behavior
and relies too much on prediction.

Still performs well under changes in dynamics:
�it has learned a prediction / correction mechanism
for accurate pose estimation.

� trained with Dynamics � trained without Dynamics
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Method Train Sim (+dynamics) Real
& with HM3D/2.5k Test Building/20 Test Building/20
action space dynamics SR SPL SCT SR SPL SCT SR SPL SCT
D4 No 29.1 18.1 2.0 10.0 7.3 0.9 0.0 0.0 0.0
D28-instant No 27.6 11.6 5.0 25.0 11.1 5.8 10.0 5.3 1.7
D28-dynamics Yes 97.6 82.3 52.5 100.0 82.1 64.5 92.5 61.1 22.4

± 2.9 ± 5.0 ± 3.0

Acting (navigating) quickly and precisly...

...requires training with realistic motion models...

for complex reasoning to emerge.

Agent performs mid-term planning

Post-hoc analysis of value function
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¨ Starting point
The robot wants to reach ≤.

≠ Shortest path is blocked
People block the door through the goal. The
agent needs to find another path.

Æ Replan route...
Tries an alternative path south of the map,
value estimate drops.

Ø Oops, a dead end...
Route south turns out to be a dead
end. The value function drops.

∞ Replan again...
The agent abandon this strategy and
re-plan north. Value estimate pikes,
the agent anticipate positive reward.

± / ≤ Reach the goal
The agent tries the other door, and reaches
the goal. Value function converges to
2.5, i.e. the final reward for a successful
episode.

Understanding its environment

RMA-Like adaptation to new dynamics Occupancy Probing

Probing plan in agent’s internal state

agent pos. GT pos. Agent-GRU Linear Linear+prv.act.

linear variant shows quite low prediction error and good quality behavior in a reasonable horizon.
linear + prv-act variant has lower error indicating that providing the goal and a single previous action is
helpful.

�NaverLabs and the Spatial AI team are hiring !

We have internship positions in our team ! Consider applying if your interested in robotics and
end-to-end training ! Join us and work at the gateway to the French Alps !


