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Offline RL?

Characteristics and Challenge

reinforcement learning fully off-policy/offline reinforcement learning
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* Why?
Safety (Healthcare) & Cost (Robot)

Data collection is costly and risky
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How to make decisions under
systematic uncertainty due to

missing data coverage? Non-exploratory logged data

* Hard?
Yes!
Data distribution shift &
Out-of-distribution values




Offline RL Methods

To Alleviate A Main Challenge:
DISTRIBUTION SHIFT
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Kumar et al. ‘19 “Stabilizing Off-Policy Q-Learning via
Bootstrapping Error Reduction”

The second term could be high on

out-of-distribution (s, a) pairs since
never directly minimized while
training.

* Policy-Based Regularization

(Kumar et al. ‘19 “Stabilizing Off-Policy Q-Learning via
Bootstrapping Error Reduction”)

Drawbacks:

(1) may be overly conservative, similar to
behavior cloning

(2) estimating the behavior policy can
be challenging

Pessimistic Value-Based Methods

(Kumar et al. 20 “Conservative Q-Learning for Offline
Reinforcement Learning”)

Benefits:
(1) Learning optimality
(2) Robust Policy Improvement
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Formal Formulation

Population Level
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Main Result

Loss Consistency

Holder Continuous Vo e Iy, f € NNs, we have T™ e C-mixing

Theorem 4.1 Under Assumptions about,smoothness!,completeness” and 'mizing data, for NN,

NN> with width W = O(d*T1|D| de‘lC*) and depth L = O(log(|D|)), the following non-asymptotic
error bound holds
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L(Ru(T,€) — Ru(m*, )] < ClRmade—I-(CVl)m‘D‘ e 10g(\DD2+_ + Cav/e,

where ¢* = ((1 A (), C1 is a constant depending on s, B,C(m;n),C(75; 1) and Cz is a constant
depending on C(m; ), C(T5; ).

» Effective Controllability

» Optimal Rate * Curse of Dimensionality!

* Bellman Constraint Hyperparameter



Curse of Dimensionality?

Two Scenarios

* Low-dimensional mainifold assumption
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e.g., MNIST, CIFAR, ImageNet

* Low-complexity assumption
f:GkOGk_lo”'OGl,

where G : R%-1 — R is defined by G*(z) = [¢¢' (Wizx),... ,gfi(Wli:c)]T, with W} € R%:*li-1 being
a matrix and ¢° : R% — R being a function.

e.g., additive model, single index model, projection pursuit model, PDEs



Improved Results

with same assumptions

Low Dimensionality Low Complexity
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E[Ru(R,€) — Ru(F", )] E[Ru(T,€) = Ru(@, €]
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where 0 < X\ < 1, dg = O(dimpa(K)/N?), ¢* = (1A ), where (* = min((; Hl:i+1(Cl/\1))(1/\C), dy = max; d;,
C' is a constant depending on s, B,C(7; 1),C(75; 1) and C is a constant depending on B,(, s, k,C(7; 1),C(T5; 1)
C is a constant depending on C(7; ), C(T5; 1b)- and C5 is a constant depending on C(7; 1), C(T5; ).

o Substitute d with low Minkowski dimension

* Substitute d with the minimum of each component

* Significant Improvement!



Proof Sketch

Oracle Inequality
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* (A): Approximation Error
* (B): Generalization Error

e (C): Bellman Estimation Error



Summary

* Deep Adversarial Offline RL Framework
deep neural networks, sequential data, partial coverage

* Non-Asymptotic Rate for the Estimation Error
mild assumptions, explicit illustration

* Mitigate the Curse of Dimensionality
low-dimensional data structures or low-complexity target functions
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