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* How do we know if an algorithm generalizes”
* Training error = test error (calculated from test data)

* When generalization happens?
e Sufficient training data ( > capacity of function class)
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Framework for decision-making

Episodic RL:

o1,a41,7,4...,0g, g, TH
RLHF
* 01 1S prompt, each ay is a token
* r,=0 except for h=H
* 0y IS constant symbol (nothing happens between tokens)
 alternatively, bandit (H=1) with combinatorial action space
A policy m maps history

Th = (01, @1, 71, ..., On)

to action distribution: an, ~ (- | )
Performance measured by J () == E,[>2,0, 71]

OPE: estimate J(7) using data episodes collected with 7,
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Evaluation is the basis of optimization

* |f all policies are covered & accurately evaluated, we can pick the
approximate best

* Doesn’t have to! Can constrain learned policy to be covered =>
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* pbehavior regularization, pessimism in face of uncertainty, etc.
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Evaluation is the basis of optimization

* |f all policies are covered & accurately evaluated, we can pick the
approximate best

* Doesn’t have to! Can constrain learned policy to be covered =>
compete with best covered policy

* pbehavior regularization, pessimism in face of uncertainty, etc.
* More lenient coverage => stronger competing target
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e Assume MDPs: o1(= s1),a1,71,...,00(= SH),aH,TH

. Learn value functions: V™(sy) := Ex[> 0, 7h|sh]
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How do value functions help in MDPs”?

Submitted to Statistical Science

Offline Reinforcement Learning in Large
State Spaces: Algorithms and Guarantees

Nan Jiang and Tengyang Xie (draft version; under review)

Er,[[(V(sn) = (T7V)(sh))"]

Abstract. This article introduces the theory of offline reinforcement learning
in large state spaces, where good policies are learned from historical data
without online interactions with the environment. Key concepts introduced
include expressivity assumptions on function approximation (e.g., Bellman-
completeness vs. realizability) and data coverage (e.g., all-policy vs. single-
policy coverage), and a rich landscape of algorithms and results is described,
depending on the assumptions one is willing to make and the sample and
computational complexity guarantees one wishes to achieve. We also de- P
scribe open questions and connections to adjacent areas.

Key words and phrases: offline reinforcement learning.
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* Can always convert to MDP

01,41,71y...50h,QpsTh,...0g, A, TH

o Define new state Th. Problem solved?
h—1

d"(o1,a1,...,0 .
, otate density ratio: dm((all all Of;)) _ H m(an |on)

Wb(ah/ |Oh/)

I
h'=1

* Value in RLHF: > exp(25)!!!

12 Bai et al. 2022. Training a helpful and harmless assistant with reinforcement learning from human feedback.
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Partially Observed (non-Markov) Problems

* Can always convert to MDP

01,41,71y...50h,QpsTh,...0g, A, TH

o Define new state Th. Problem solved?
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E | V-T"V 5 \ —117
Supvev \/I|E7Tb[[(v—7-7r‘]/|>2] S tﬂ- [¢]T tﬂ-b [¢¢T] 1 N [¢]

* this assumes given low-dim linear feature to encode history...

Can we avoid the exponentials in OPE in PO settings, without
- relying on structured function classes?

13 * Also needs Bellman completeness
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Future-Dependent Value Function

* Detine: value function of |latent state
V3 (sn) = Ex[Sp_p, rvlsn] € [0, H]
* Problem: s, Is latent — can't even use this function!
o Solution: VE as proxy of Vg, using future as input!
o Er,[VE(/n)lsn] = Vs (sn)
* Long history for using future (prediction) as state

« OOM, SMA, PSR, etc - see Thon & Jaeger’'15
* Distribution of future observables is low-rank (< |5])

future observables at h=2
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Bellman-completeness), the sample complexity of OPE is poly in
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 Ranges & complexities of function classes (e.g., that of }))

o Similar to %MT s [qubT]_l e D)
o T =— Ty . CH =1

e 1-hot b(ry): Ex, [(d] /d]")?]
o ldi/dy" lloo => |[Ex, [b(71)b(7) ']~ d] [l oo
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Reduction from FSM to Memoryless Policies

. Recurrent memory: my, = update(mp_1,0p-1,an—1)
« Subsume mp = Tp as a special case
« FSM policy: m(an|op, mp)

* Reduction: define an augmented POMDP
. latent state 5, = (sp, mp)

. observation on, = (op, my)
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