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Goal: General-Purpose Robots

Robofts that can do thousands of tasks in Thousands of environments



Visual Reinforcement Learning

Goal: Learn mapping
from images to actions | \

Want sample-efficient  obserations
algorithms




Liang et al., 2022 Zhou et al., 2023



Agent is common across many tasks



Agent vs Environment Rep. for Control
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How can we learn disentfangled agent &
environment representafionse



How fo obtain supervision?

Environment?¢
« Can directly use scene observation

What about for the agente
« Common to know what robot looks like
* Masks are a good proxy for agent info
» Use off-the-shelf models



Real World Masks




Simulation




Shelf-Supervised Agent Masks

Mask2Former
Cheng et al., 2022

Segmen’r Any’rhlng
Kirillov et al., 2023 11



How do we incorporate this into RLe



Agent/Environment Latent Structure

Prior SEAR
p(X, XR727ZR) =p(z).p(zR|Z).p(X|Z).p(XR|ZR) |
z &
. R
L= E. log p(X|2)] + E. log p(Xr|2r)] l !
— DKL(Q(ZaZR|X))||(p(ZazR)) i l
X | XR



SEAR: Structured Environment-Agent Representations

Structure latent into
agent (z,), env (z,)
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SEAR: Structured Environment-Agent Representations

Leverage agent mask
As supervision

Loinask = Mlog Py(M|zg)+(1—M)log (1 — Py(M|zg)) |}

L= Lcm’tic + Cl»crecon + C2£mask:

-
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Existing Approaches
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Laskin et al., 2020b »



Existing Approaches
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Environments

Meta-World (Yu et al., 2020)

Hand Manipulation Suite
(Rajeswaran et al., 2017)

Franka Kitchen (Gupta et al.,
2019)

Distracting Conftrol Suite
(Stone et al., 2021)




Meta-World

Success

Success
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Franka Kitchen &

droit

Franka-kettle Franka-light Franka-slide
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Distract Gym

Ball-in-cup Walker-walk
- 800
— Ours
700 -
7001 = DrQ-AE
— Dy , 600 -
600 - Q
— CURL 500 -
o 2001 —— DrQ-MAE o
S S 400 -
5 400 Lo 5
o | o
, \d 300 -
300 - / ' o f
i 200 -
200 - Fs - / :
AT A ‘ 1007
100 - - PSS
0_

0.00 0.25 0.50 0.75 1.00 1.25 1.50
Steps () x 10°

21



Transfer to new environments
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Robustness to Mask Quality

We train with noisy mask (left) and lower resolution, approximate mask (right)
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What about mulfi-task settings?

— Qurs

Metaworld
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Applications in real roboftse



Environment-centric Exploration

Env. Chang Exploration Objective
cx=maxy; [|Pr(Re,:) — Pr(Ru;)|

Human-to-Robot Imitation in the Wild.
Bahl, Gupta and Pathak. RSS, 2022



Task Agnostic Reward

r
‘ .k Env Reward (r,) @
® |-l

World Model
—> s%,;—> Var(sui) =rq
Xt+1 sl§+1 /
Agent Reward
Learned Affordance Model

Robot Execution

Agent-Agnostic, change-based
exploration can be useful

Autonomously Exploring Robotic Agents in the Real World. Visual Affordances as a Versatile Representation For Robotics .
Mendonca, Bahl and Pathak. ICRA, 2023 Bahl*, Mendonca*, Chen, Jain and Pathak. ICVPR, 2023



Limitations

 Further investigation into multi-task setting needed
* Robot must be visible in image

« Only examined training from scratch

« Only added SEAR onto DrQ-v2
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Final Thoughts

» Decoupled representation boosts performance

* SEAR can help with transfer

* Masks are readily available from shelf-supervised models
« Can be added to any visual RL approach
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