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Physics gets in the way of data diversity

Probability

𝑥0

𝑥1

𝑝 𝑥0, 𝑥1 = 𝑝 𝑥1 𝑝(𝑥0)

𝑆 𝑝 𝑥0, 𝑥1 = 𝑆 𝑝 𝑥1 + 𝑆[𝑝 𝑥0 ]
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Physics gets in the way of data diversity

Probability

∗

∗ Transitions along 
path distribution 
(i.e., dynamics)

𝑝 𝑥0, 𝑥1 = 𝑝 𝑥1|𝑥0 𝑝(𝑥0)

𝑥0

𝑥1

𝑆 𝑝 𝑥0, 𝑥1 ≤ 𝑆 𝑝 𝑥1 + 𝑆[𝑝 𝑥0 ]
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Decorrelating sample paths

11Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)



Decorrelating sample paths

12Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)
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Decorrelating sample paths

• Entropy maximization as a means of sample path decorrelation.

• However, this is intractable for general unknown dynamics.

16Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)
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Decorrelating sample paths

where:



Decorrelating sample paths

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

which is a concave and easily computable quantity. 

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

18Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)

∝
log-Volume of locally 

reachable states



Maximum diffusion reinforcement learning

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

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

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

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



Maximum diffusion reinforcement learning

20Berrueta, et al., “Maximum diffusion reinforcement learning,” Nature Machine Intelligence, 6 (5), 504-514 (2024)

Theorem 2. (MaxDiff RL Agents are Reliable) If there exists a PAC-

MDP algorithm with policy 𝜋max, then the Markov chain induced by 

𝜋max is ergodic and 𝜋max will be 𝜖-optimal regardless of initialization.

• To be PAC-MDP is 𝜖-optimal (1 − 𝛿)-percent of the time:

Theorem 3. (MaxDiff RL Agents can Learn in Single-Shot) If there 

exists a PAC-MDP algorithm with policy 𝜋max, then the Markov chain 

induced by 𝜋max is ergodic and any realization of 𝜋max will 

asymptotically achieve the same 𝜖-optimality as an ensemble.
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Modeling the dynamics of uncertainty

Chen, Zimmermann, Berrueta, Chung, “Environment-aware learning of smooth GNSS covariance dynamics for autonomous racing,” IEEE ICRA (In Review)
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Modeling the dynamics of uncertainty
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Online learning of closed-loop racelines

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

Deep Kernel Learning

Thompson Sampling

Engine parameters, brake bias, 
margin to track bounds, etc.

Lap time
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Online learning of closed-loop racelines

Lathrop, Berrueta, et al, “Learning to optimize autonomous racing strategies with compound kernel exploration,” IEEE RAL (In Preparation)
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෠𝑉(𝜃′) ∼ 𝑁 𝜇 𝜃′ , 𝑘∗(𝑓𝛾 𝜃 , 𝑓𝛾 𝜃′ )
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Representation learning Deep GP with compound kernel

Offline Online
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Online learning of closed-loop racelines

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

• Our approach can leverage strong 
priors to learn faster.

• Representation learning is key to 
finding better lap times.

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