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Challenges:
e Data diversity
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Path decorrelation for efficient online learning
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Path decorrelation for efficient online learning



Physics gets in the way of data diversity

Probability

p(xo, x1) = p(x1)p(x0)
Slp(xg, x1)] = Slp(x)] + S[p(x0)]



Physics gets in the way of data diversity
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p(x9,x1) = p(x1|x0)p(x0)
Slp(xg, x1)] = Slp(x)] + S[p(x0)]



Chvykov, Berrueta, et al., “Low rattling: A predictive framework for self-organization in active collectives,” Science, 371 (6524), 90-95 (2021)
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Decorrelating sample paths
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Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)



Decorrelating sample paths
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Decorrelating sample paths
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Decorrelating sample paths
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Decorrelating sample paths
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Decorrelating sample paths

* Entropy maximization as a means of sample path decorrelation.

* However, this is intractable for general unknown dynamics.

argmax S|P[z.7]]

Plzy.7]

Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)
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Decorrelating sample paths

argmax — [ P[zq.1|log Plzo.7]Dzo.1 —Ao( / Plzo.r|Dzo.r — 1)
Plz.7]

— / Tr (A(a:*)T ((Ax%:T) +—C [ac*])) dx*

where:
(Aahe)or = [ Plaval S (111—0)" (1) i x) Do
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Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)



Decorrelating sample paths

* For systems with continuous sample paths, we can prove that:

T
mx S[Plro]] < 3 )5 logdet Clag
t=0

which is a concave and easily computable quantity.

log-Volume of locally
reachable states

e Optimizing this expression leads to diffusive exploration, because its
optimum describes the sample paths of a class of diffusion processes.

Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)
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Maximum diffusion reinforcement learning

* To illustrate these results, we developed an RL pipeline based on our derivations:

A

argmax Epﬂr T(x¢, Ut)
d t=0

* The rewards are augmented with a term that decorrelates sample paths:

r(xe, ut) = (a8, Ut) + %log det Clx¢]

* Agents that optimize MaxDiff objectives are ergodic and asymptotically
inherit robustness and online learning guarantees.

Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024) 19



Maximum diffusion reinforcement learning

Theorem 2. (MaxDiff RL Agents are Reliable) If there exists a PAC-
MDP algorithm with policy 1™?%, then the Markov chain induced by
™% is ergodic and ™ will be e-optimal regardless of initialization.

Theorem 3. (MaxDiff RL Agents can Learn in Single-Shot) If there
exists a PAC-MDP algorithm with policy m™%, then the Markov chain
induced by m™?* is ergodic and any realization of m™* will
asymptotically achieve the same e-optimality as an ensemble.

* Tobe PAC-MDP is e-optimal (1 — §)-percent of the time:

Pr(Vps(zg) — Vamax(zg) <€) > 1-9

Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)
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Pinosky, Berrueta, et al., “Physical state exploration for reinforcement learning from scratch,” IEEE CASE, 1715-1721 (2025)



All videos are at 10x speed

Pinosky, Berrueta, et al., “Physical state exploration for reinforcement learning from scratch,” IEEE CASE, 1715-1721 (2025)



Single-shot Simulation
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Modeling the dynamics of uncertainty

XY Trajectory (color = GDOP, clipped linear)
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Chen, Zimmermann, Berrueta, Chung, “Environment-aware learning of smooth GNSS covariance dynamics for autonomous racing,” IEEE ICRA (In Review)






Modeling the dynamics of uncertainty
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Modeling the dynamics of uncertainty
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Online learning of closed-loop racelines

Engine parameters, brake bias,
margin to track bounds, etc.
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Lathrop, Berrueta, et al, “Learning to optimize autonomous racing strategies with compound kernel exploration,” IEEE RAL (In Preparation)



Online learning of closed-loop racelines

Representation learning Deep GP with compound kernel

Experiments
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Lathrop, Berrueta, et al, “Learning to optimize autonomous racing strategies with compound kernel exploration,” IEEE RAL (In Preparation)



Online learning of closed-loop racelines

Our approach can leverage strong

priors to learn faster. 35

* Representation learning is key to
finding better lap times.

e Since the MPC is the ultimate
determinant of safety, this work is
directly transferable to hardware.

Average speed (m/s)
N
i

Lap-to-lap running average speed

N
o

=
un
1

Adaptive DKL, TS (Ours)
GPTS

LinTS

€ greedy

Last-layer adaptation

0 50

100 150 200 250 300

Number of laps

Lathrop, Berrueta, et al, “Learning to optimize autonomous racing strategies with compound kernel exploration,” IEEE RAL (In Preparation)




</
¥
.-@*«_,
&4,




Challenges:
e Data diversity

e Sample efficiency
» Safety
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Questions?
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