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ML Pipelines

Training Validation Testing (Evaluation)

Supervised 
Learning

difficult

(optimization)

easy: cross/holdout 
validation easy: just… test it

Offline RL
more difficult

(hyperparam 
sensitivity)

even more difficult
most difficult 

(validation reduces to 
evaluation)
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Reduction to OPE?

• Training algorithms produce π1, π2, π3,…. Choose (apprx) best one 
on validation data


• Natural solution: use OPE (off-policy evaluation) to estimate J(πi)

• OPE approaches


• Importance sampling [Precup et al’00, Jiang & Li’16, etc]: exponential 
variance


• ADP (e.g., Fitted-Q [Paine et al’20]) / ALP [Liu et al’18, Nachum et al’19, Uehara 
et al’20, etc]: require additional function approximation


• Elephant in the room: to tune hyperparameters you need to tune 
hyperparameters!




• Analog of SL holdout-validation? i.e., hyperparameter-free?
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Training algs often produce more than policies… so, select value functions?

Simple(?) Problem
• Run your fav training alg with different neural architectures

• Get candidate value functions f1,  f2, … 

• Select the best approx of Q* using a “small” holdout dataset? 


• “small” = no |S| or exponential-in-horizon

• & no further function approximation!


What was known
• nothing: can’t even handle 2 functions


• hardness conjecture [Chen & Jiang, ICML-19]

• Our solution: BVFT [Xie & Jiang, ICML-21] with deep RL implementation [Zhang 

& Jiang, NeurIPS-21]

Reformulation: Value-function Selection



• For t = 0, 1, 2, …, the agent

• observes state st ∈ S     (very large)


• st ~ P( · | st-1, at-1) for t ≥ 1
• chooses action at ∈ A    (finite)

• receives reward rt = R(st, at)


• Policy π: S → A

• Expected return 


• assume initial state s0 wlog

• Key solution concepts 


• Bellman eq:  ,  
where 


• Occupancy: 

<latexit sha1_base64="hBxHBU4UAJHqA47gkFwyP9l+SOI="></latexit>

J(⇡) := (1� �)E[
P1

t=0 �
trt|s0;⇡]

Q? = T Q?

<latexit sha1_base64="OglayMSbxD23i1C5aR3Yt3ai6WA=">AAACEXicbVDJSgNBEO2JW4xb1KOXxiDkFGYkoB6EoBePCWSDTAw9nUrSpGehu0YMQ37Bi7/ixYMiXr1582/sLIImPih4vFdFVT0vkkKjbX9ZqZXVtfWN9GZma3tndy+7f1DXYaw41HgoQ9X0mAYpAqihQAnNSAHzPQkNb3g98Rt3oLQIgyqOImj7rB+InuAMjdTJ5l2Ee9Q4kkArt65GpugldX2GA85kUh3/qJ1szi7YU9Bl4sxJjsxR7mQ/3W7IYx8C5JJp3XLsCNsJUyi4hHHGjTVEjA9ZH1qGBswH3U6mH43piVG6tBcqUwHSqfp7ImG+1iPfM52TU/WiNxH/81ox9s7biQiiGCHgs0W9WFIM6SQe2hUKOMqRIYwrYW6lfMAU42hCzJgQnMWXl0n9tOAUCxeVYq50NY8jTY7IMckTh5yRErkhZVIjnDyQJ/JCXq1H69l6s95nrSlrPnNI/sD6+AZj7p1i</latexit>

<latexit sha1_base64="xY+DpUObN8qIjL2GqPVJ0NutxA4=">AAACBnicbZDLSsNAFIZP6q3WW9SlCINFcFUSKepGKLpx2UJv0MQymU7aoZMLMxOhhK7c+CpuXCji1mdw59s4SbvQ1h8Gfr5zDnPO78WcSWVZ30ZhZXVtfaO4Wdra3tndM/cP2jJKBKEtEvFIdD0sKWchbSmmOO3GguLA47TjjW+zeueBCsmisKkmMXUDPAyZzwhWGvXN48a9EzN0jZwAqxHBPG1Oc5Lzvlm2KlYutGzsuSnDXPW++eUMIpIENFSEYyl7thUrN8VCMcLptOQkksaYjPGQ9rQNcUClm+ZnTNGpJgPkR0K/UKGc/p5IcSDlJPB0Z7asXKxl8L9aL1H+lZuyME4UDcnsIz/hSEUoywQNmKBE8Yk2mAimd0VkhAUmSidX0iHYiycvm/Z5xb6oVBvVcu1mHkcRjuAEzsCGS6jBHdShBQQe4Rle4c14Ml6Md+Nj1low5jOH8EfG5w8pWZhQ</latexit>

Q⇡ = T ⇡Q⇡

(T f)(s, a) = R(s, a) + �Es0⇠P (s,a)[maxa0 f(s0, a0)]

<latexit sha1_base64="Uji9LCMFp0X8aRWm1/VrMJdUn1Y="></latexit>

dπ(s, a) = (1 − γ)∑∞
t=0 γtℙ[st = s, at = a | π]
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Markov Decision Process (MDP)

transition dynamics 
P: S×A → ∆(S)

reward function  
R: S×A →[0,1]



• Dataset D = {(s, a, r, s’)}
• (s, a) ~ dD (“data distribution”), r = R(s, a), s’ ~ P(· | s, a)

• Candidate functions: f1,  f2

• Suppose one of them is Q*… how to  

identify it?

• Minimal requirement on the algorithm


• Consistent (∞ data => Q* identified)

• On finite data, never estimate anything whose variance  

grows w/ |S| or exp(H) (H is effective horizon 1/(1-γ))

• can have poly(1/ε) dependence


• Hardness results [Wang et al’20, Zanette’21, Foster et al’21]

S×A

value

f1

 f2
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Value-function selection in large MDPs



Challenge in value-function selection

• Seems possible to verify  on data? 

• Problem:  is unlearnable [Sutton & Barto’18]

• Naive “1-sample” estimator is biased


• unbiased estimation requires “double sampling” [Baird’95] or 
helper class  [Antos’08] (“Bellman-completeness”)

Q? = T Q?

<latexit sha1_base64="OglayMSbxD23i1C5aR3Yt3ai6WA=">AAACEXicbVDJSgNBEO2JW4xb1KOXxiDkFGYkoB6EoBePCWSDTAw9nUrSpGehu0YMQ37Bi7/ixYMiXr1582/sLIImPih4vFdFVT0vkkKjbX9ZqZXVtfWN9GZma3tndy+7f1DXYaw41HgoQ9X0mAYpAqihQAnNSAHzPQkNb3g98Rt3oLQIgyqOImj7rB+InuAMjdTJ5l2Ee9Q4kkArt65GpugldX2GA85kUh3/qJ1szi7YU9Bl4sxJjsxR7mQ/3W7IYx8C5JJp3XLsCNsJUyi4hHHGjTVEjA9ZH1qGBswH3U6mH43piVG6tBcqUwHSqfp7ImG+1iPfM52TU/WiNxH/81ox9s7biQiiGCHgs0W9WFIM6SQe2hUKOMqRIYwrYW6lfMAU42hCzJgQnMWXl0n9tOAUCxeVYq50NY8jTY7IMckTh5yRErkhZVIjnDyQJ/JCXq1H69l6s95nrSlrPnNI/sD6+AZj7p1i</latexit>

<latexit sha1_base64="m1S0cllCHh64pbT7Z8Dz4hmpbHc=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBjSWRoi6LblxW6AvaUCbTSTt0MgkzE6XEfoobF4q49Uvc+TdO2iy09cDA4Zx7uWeOH3OmtON8W4W19Y3NreJ2aWd3b//ALh+2VZRIQlsk4pHs+lhRzgRtaaY57caS4tDntONPbjO/80ClYpFo6mlMvRCPBAsYwdpIA7scoHPUD7EeE8zT5gwFA7viVJ050Cpxc1KBHI2B/dUfRiQJqdCEY6V6rhNrL8VSM8LprNRPFI0xmeAR7RkqcEiVl86jz9CpUYYoiKR5QqO5+nsjxaFS09A3k1lItexl4n9eL9HBtZcyESeaCrI4FCQc6QhlPaAhk5RoPjUEE8lMVkTGWGKiTVslU4K7/OVV0r6oupfV2n2tUr/J6yjCMZzAGbhwBXW4gwa0gMAjPMMrvFlP1ov1bn0sRgtWvnMEf2B9/gAGlpM5</latexit>

f � T f

<latexit sha1_base64="dyYWF7w97i8ZTsXQ7Niv+OxaLco=">AAACBXicbVDLSsNAFL3xWesr6lIXg0VwVRIp6rLoQpcV+oKmlMl00g6dTMLMRCihGzf+ihsXirj1H9z5N07aINp6YODMOfdy7z1+zJnSjvNlLS2vrK6tFzaKm1vbO7v23n5TRYkktEEiHsm2jxXlTNCGZprTdiwpDn1OW/7oOvNb91QqFom6Hse0G+KBYAEjWBupZx95IdZDgnl6M0GeYD/f+gQFPbvklJ0p0CJxc1KCHLWe/en1I5KEVGjCsVId14l1N8VSM8LppOglisaYjPCAdgwVOKSqm06vmKATo/RREEnzhEZT9XdHikOlxqFvKrMl1byXif95nUQHl92UiTjRVJDZoCDhSEcoiwT1maRE87EhmEhmdkVkiCUm2gRXNCG48ycvkuZZ2T0vV+4qpepVHkcBDuEYTsGFC6jCLdSgAQQe4Ale4NV6tJ6tN+t9Vrpk5T0H8AfWxzeLkZic</latexit>

G 3 T f
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what we want

<latexit sha1_base64="gw2/HhpgTW1j9ewr6p02Dhds99o=">AAACEHicbVDLSgMxFM3UV62vUZdugkV0oWWmFBVBKOrCZYW+oNOWTJppQzOZIckIZdpPcOOvuHGhiFuX7vwbM+0stHog5OSce8m9xw0ZlcqyvozMwuLS8kp2Nbe2vrG5ZW7v1GUQCUxqOGCBaLpIEkY5qSmqGGmGgiDfZaThDq8Tv3FPhKQBr6pRSNo+6nPqUYyUlrrm4cUldMbQgyfQ8ZEaYMTi6kS/nXE3Lh7DXudm0tF318xbBWsK+JfYKcmDFJWu+en0Ahz5hCvMkJQt2wpVO0ZCUczIJOdEkoQID1GftDTlyCeyHU8XmsADrfSgFwh9uIJT9WdHjHwpR76rK5Oh5byXiP95rUh55+2Y8jBShOPZR17EoApgkg7sUUGwYiNNEBZUzwrxAAmElc4wp0Ow51f+S+rFgn1aKN2V8uWrNI4s2AP74AjY4AyUwS2ogBrA4AE8gRfwajwaz8ab8T4rzRhpzy74BePjG2o9mlM=</latexit>

:= kf � T fk22,dD , Bayes-error-like term 
depending on f

<latexit sha1_base64="P4MGmghwiGZD/vl89t123LcISpE="></latexit>

EdD

h
(f(s, a)� r � �maxa0 f(s0, a0))2

i

=EdD

h
(f � T f)2

i
+ EdD

⇥
Vs0|s,a[r + �maxa0(s0, a0)]

⇤

<latexit sha1_base64="P4MGmghwiGZD/vl89t123LcISpE="></latexit>

EdD

h
(f(s, a)� r � �maxa0 f(s0, a0))2

i

=EdD

h
(f � T f)2

i
+ EdD

⇥
Vs0|s,a[r + �maxa0(s0, a0)]

⇤
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Seemingly Impossible?

• Validation is just training w/o optimization difficulties!

• Open problem in offline RL (now resolved) 

 
 

• All existing algorithms require stronger assumptions on (e.g., 
Bellman-completeness)


• Is a positive result possible?

Is poly-sample learning possible w/
• Exploratory data

• F s.t. Q* ∈ F (realizability)



• Estimation:  ≈ ERM of  in G


• G needs to have bounded complexity 

• Consistent, i.e., , if


• 

• G is piecewise constant (induced by some partitioning) [Gordon’95]

• Reason:  is contraction for piecewise-constant G


• Related to “Q*-irrelevant abstractions” [Li et al’06]

• Where to find such a magical G?


• create it “out of nothing”!

<latexit sha1_base64="AR+T2F8N6ULtlsZpQ2rYqHktxoQ=">AAACG3icbVDLSsNAFJ34rPUVdelmsAgutCRV1GXRhS4r9AVNCZPppB06mYSZiVDS/Icbf8WNC0VcCS78GydtEG09MHDmnHu59x4vYlQqy/oyFhaXlldWC2vF9Y3NrW1zZ7cpw1hg0sAhC0XbQ5IwyklDUcVIOxIEBR4jLW94nfmteyIkDXldjSLSDVCfU59ipLTkmhVnDH14Ap0adRMnQGqAEUtu0hT+fOqprnDGblI51mKcumbJKlsTwHli56QEctRc88PphTgOCFeYISk7thWpboKEopiRtOjEkkQID1GfdDTlKCCym0xuS+GhVnrQD4V+XMGJ+rsjQYGUo8DTldnCctbLxP+8Tqz8y25CeRQrwvF0kB8zqEKYBQV7VBCs2EgThAXVu0I8QAJhpeMs6hDs2ZPnSbNSts/Lp3dnpepVHkcB7IMDcARscAGq4BbUQANg8ACewAt4NR6NZ+PNeJ+WLhh5zx74A+PzG48CoIY=</latexit>

kf �⇧GT fk2,µ
<latexit sha1_base64="yzwaalcHCLhCPiKuqYl/Ddc7UNQ="></latexit>

{(s, a) 7! r + �maxa0 f(s0, a0)}

<latexit sha1_base64="ht0ivWUXEPS+Q32kEXg5z99aEB4="></latexit>

kf �⇧GT fk2,dD = 0 , f = Q?

<latexit sha1_base64="Lth0yGwNaDQi28V9saAgcMlFubw=">AAACAHicbVBNS8NAEN3Ur1q/qh48eFksgqeSqKjHogc9tmA/oIllst20SzebsLsRSujFv+LFgyJe/Rne/Ddu2hy09cHA470ZZub5MWdK2/a3VVhaXlldK66XNja3tnfKu3stFSWS0CaJeCQ7PijKmaBNzTSnnVhSCH1O2/7oJvPbj1QqFol7PY6pF8JAsIAR0EbqlQ8aD67SILHLBHZD0EMCPL2d9MoVu2pPgReJk5MKylHvlb/cfkSSkApNOCjVdexYeylIzQink5KbKBoDGcGAdg0VEFLlpdMHJvjYKH0cRNKU0Hiq/p5IIVRqHPqmMztRzXuZ+J/XTXRw5aVMxImmgswWBQnHOsJZGrjPJCWajw0BIpm5FZMhSCDaZFYyITjzLy+S1mnVuaieNc4rtes8jiI6REfoBDnoEtXQHaqjJiJogp7RK3qznqwX6936mLUWrHxmH/2B9fkDXSOWRg==</latexit>

Q? 2 G

<latexit sha1_base64="AR+T2F8N6ULtlsZpQ2rYqHktxoQ=">AAACG3icbVDLSsNAFJ34rPUVdelmsAgutCRV1GXRhS4r9AVNCZPppB06mYSZiVDS/Icbf8WNC0VcCS78GydtEG09MHDmnHu59x4vYlQqy/oyFhaXlldWC2vF9Y3NrW1zZ7cpw1hg0sAhC0XbQ5IwyklDUcVIOxIEBR4jLW94nfmteyIkDXldjSLSDVCfU59ipLTkmhVnDH14Ap0adRMnQGqAEUtu0hT+fOqprnDGblI51mKcumbJKlsTwHli56QEctRc88PphTgOCFeYISk7thWpboKEopiRtOjEkkQID1GfdDTlKCCym0xuS+GhVnrQD4V+XMGJ+rsjQYGUo8DTldnCctbLxP+8Tqz8y25CeRQrwvF0kB8zqEKYBQV7VBCs2EgThAXVu0I8QAJhpeMs6hDs2ZPnSbNSts/Lp3dnpepVHkcB7IMDcARscAGq4BbUQANg8ACewAt4NR6NZ+PNeJ+WLhh5zx74A+PzG48CoIY=</latexit>

kf �⇧GT fk2,µ

Projected Bellman error 
<latexit sha1_base64="ht0ivWUXEPS+Q32kEXg5z99aEB4="></latexit>

kf �⇧GT fk2,dD = 0 , f = Q?

9
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The ideal choice of G
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• Does a low-complexity G always exist? 

• YES! Just partition SxA according to Q*

• (SxA).groupBy { (s, a) => round(Q*(s, a) / ε) }
• #partitions: O(1/ε) (ε is discretization error)

Q*

• Chicken-and-egg: only if I knew Q*…
same block S×A

value
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• Recall that problem is still nontrivial even when |F|=2!

• One f1, f2 of is Q*: how to find out from data?


• Partition SxA according to both functions in F simultaneously! 

• size of φ: O(1/ε2) — affordable!!!


• Fixed point of  will be  
close to Q* => choose


    the one w/ lower 

• Extend to large F?


• Naive: generate partition 
of size O(1/ε|F|) 

bT µ
� f := argming2G�

1
|D|

P
(s,a,r,s0)[(g(s, a)� r � �maxa0 f(s0, a0))2]

<latexit sha1_base64="UTq6dlfy3TUB6j6kVfC++tYQR9Y="></latexit>

<latexit sha1_base64="lztbu9psAq94WS2/GwTdAWCEtdA=">AAACE3icbVDLSsNAFJ34rPUVdelmsAgiWBJRdFl047JCX9DEMJlMmqGTBzMTpaT5Bzf+ihsXirh1486/cdJmoa0HLhzOuZd773ETRoU0jG9tYXFpeWW1slZd39jc2tZ3djsiTjkmbRyzmPdcJAijEWlLKhnpJZyg0GWk6w6vC797T7igcdSSo4TYIRpE1KcYSSU5+rE19uEJtB6oRwIkMytEMsCIZa08dzIrCWh+Z4Up9K2xo9eMujEBnCdmSWqgRNPRvywvxmlIIokZEqJvGom0M8QlxYzkVSsVJEF4iAakr2iEQiLsbPJTDg+V4kE/5qoiCSfq74kMhUKMQld1FieLWa8Q//P6qfQv7YxGSSpJhKeL/JRBGcMiIOhRTrBkI0UQ5lTdCnGAOMJSxVhVIZizL8+TzmndPK8bt2e1xlUZRwXsgwNwBExwARrgBjRBG2DwCJ7BK3jTnrQX7V37mLYuaOXMHvgD7fMHox6eqA==</latexit>

kf � bT µ
� fk

Pairwise Comparison

   

same block

f2

f1

X
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Batch Value-Function Tournament [Xie & Jiang’20b]

• Algorithm: 


• Inspired by Scheffé tournament & tournament algorithms for 
model selection in RL [Hallak et al’13, Jiang et al’15]


• Concern: not every φ is “good” (i.e., Q*-irrelevant)

• For f = Q* : always tested on good φ => small error for all f’

• For bad f : tested on a good φ when f’ = Q* => large max error

<latexit sha1_base64="oc4X+0YnBgjhfapcNU2MKO+Msqw="></latexit>

argmin
f2F

max
f 02F

kf � bT�f,f0 fk2,D
partition created 

out of f and f’

Theorem: when F is realizable, the sample complexity of BVFT 

for obtaining an ε-optimal policy is , where C is a 

constant that characterizes the exploratoriness of the dataset.
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• Previous reasoning builds on consistency of Q*-irrelevant 
abstractions


• Finite-sample guarantee additionally requires:

1. Concentration bounds: 


• Part of it is to show , i.e., ERM close to 
population minimizer for non-realizable least-square!


• Proof idea: all regression problems are effectively 
realizable in the eyes of histogram regressor


• The other part:  with 1/√n rate

2. Error-propagation: how  controls 


• In BRM: 

• In BVFT: 

kf � bT µ
� fk2,D ⇡ kf � T µ

� fk2,µ

<latexit sha1_base64="YlTUDkIqYL005e0TagKOfEve4Hs="></latexit>

bT µ
� f ⇡ T µ

� f

<latexit sha1_base64="DdANpcCbsBa16pPLtdExlesNqtc=">AAACLHicbVDLSgMxFM3UV62vqks3wSK4KjNSUHfFblxW6As6tdxJM21oZiYkGbUM80Fu/BVBXFjErd9h+lj04YHA4Zxzyb3HE5wpbdtjK7OxubW9k93N7e0fHB7lj08aKooloXUS8Ui2PFCUs5DWNdOctoSkEHicNr1hZeI3n6hULApreiRoJ4B+yHxGQBupm6+4z6xHB6ATNwA9IMCTWpp2E1cMWProBjH2sQtCyOgFLySWAt18wS7aU+B14sxJAc1R7eY/3F5E4oCGmnBQqu3YQncSkJoRTtOcGysqgAyhT9uGhhBQ1Ummx6b4wig97EfSvFDjqbo4kUCg1CjwTHKyr1r1JuJ/XjvW/k0nYaGINQ3J7CM/5lhHeNIc7jFJieYjQ4BIZnbFZAASiDb95kwJzurJ66RxVXRKxduHUqF8N68ji87QObpEDrpGZXSPqqiOCHpF7+gLja0369P6tn5m0Yw1nzlFS7B+/wAc/an1</latexit>

k · k2,D ⇡ k · k2,µ

<latexit sha1_base64="h/r+/SR1G+V9ZwbhUHilVzTI5do=">AAACFHicbVDLSsNAFJ34rPUVdelmsAiCUpJSUHdFXbisYB/QhDCZTNqhk0yYmYgl7Ue48VfcuFDErQt3/o3TNgvbeuDC4Zx7ufceP2FUKsv6MZaWV1bX1gsbxc2t7Z1dc2+/KXkqMGlgzrho+0gSRmPSUFQx0k4EQZHPSMvvX4/91gMRkvL4Xg0S4kaoG9OQYqS05JmnztDBAVfO0MsqZ/BmBB2UJII/wlnDidKRZ5assjUBXCR2TkogR90zv52A4zQiscIMSdmxrUS5GRKKYkZGRSeVJEG4j7qko2mMIiLdbPLUCB5rJYAhF7piBSfq34kMRVIOIl93Rkj15Lw3Fv/zOqkKL9yMxkmqSIyni8KUQcXhOCEYUEGwYgNNEBZU3wpxDwmElc6xqEOw519eJM1K2a6WL++qpdpVHkcBHIIjcAJscA5q4BbUQQNg8ARewBt4N56NV+PD+Jy2Lhn5zAGYgfH1CwacnjM=</latexit>

kf � bT µ
� fk2,D ⇡ kf � T µ

� fk2,µ

<latexit sha1_base64="YlTUDkIqYL005e0TagKOfEve4Hs="></latexit>

kf �Q?k2,µ

<latexit sha1_base64="dA96Fu1tuSSoAY0PFgpDffrl8B8=">AAACAXicbVDLSgMxFM3UV62vUTeCm2ARXGiZKQV1V3TjsgX7gM5YMmmmDU0yQ5IRyrRu/BU3LhRx61+4829M6yy09cCFwzn3cu89Qcyo0o7zZeWWlldW1/LrhY3Nre0de3evqaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvJ76rXsiFY3ErR7FxOeoL2hIMdJG6toH3jiEZ7B+5ymNpDfupuVT6PFk0rWLTsmZAS4SNyNFkKHWtT+9XoQTToTGDCnVcZ1Y+ymSmmJGJgUvUSRGeIj6pGOoQJwoP519MIHHRunBMJKmhIYz9fdEirhSIx6YTo70QM17U/E/r5Po8MJPqYgTTQT+WRQmDOoITuOAPSoJ1mxkCMKSmlshHiCJsDahFUwI7vzLi6RZLrmV0mW9UqxeZXHkwSE4AifABeegCm5ADTQABg/gCbyAV+vRerberPef1pyVzeyDP7A+vgEHQJYC</latexit>

<latexit sha1_base64="YLuUPF+ivbuIj+zqDlx9GYTCpfo=">AAACMnicbVDLSsNAFJ3UV62vqEs3g0VoEUsiim6EohvdtdAXNLFMppN26GQSZiZCCf0mN36J4EIXirj1I5y0WdjqgYEz597Dvfd4EaNSWdarkVtaXlldy68XNja3tnfM3b2WDGOBSROHLBQdD0nCKCdNRRUjnUgQFHiMtL3RTVpvPxAhacgbahwRN0ADTn2KkdJSz7zz4Qms3ztSIQGvYCn9OgFSQ4xY0phAvwyPYWlOWejIzOWeWbQq1hTwL7EzUgQZaj3z2emHOA4IV5ghKbu2FSk3QUJRzMik4MSSRAiP0IB0NeUoINJNpidP4JFW+tAPhX5cwan625GgQMpx4OnOdFe5WEvF/2rdWPmXbkJ5FCvC8WyQHzOoQpjmB/tUEKzYWBOEBdW7QjxEAmGlUy7oEOzFk/+S1mnFPq9Y9bNi9TqLIw8OwCEoARtcgCq4BTXQBBg8ghfwDj6MJ+PN+DS+Zq05I/PsgzkY3z9+Tadi</latexit>

f �Q? = (f � T f) + (T f � T Q?)

f �Q? = (f � T µ
� f) + (T µ

� f � T µ
� Q?)

<latexit sha1_base64="vKUiyJKVFGoDxjR1IeaH8HSha2w="></latexit>

Finite-sample analysis

controlled by alg determines error prop



Error propagation
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How  controls 


• Standard assumption: µ puts enough prob in each “block” of φ

• Corresponds to well-conditioned design matrix for linear class

• Problem: our φ is quite arbitrary

• Any assumption that is independent of φ?


• Key part:   [Munos’03]

• Satisfiable in MDPs whose transition matrix 

admits low-rank stochastic factorization

kf � bT µ
� fk2,D ⇡ kf � T µ

� fk2,µ

<latexit sha1_base64="YlTUDkIqYL005e0TagKOfEve4Hs="></latexit>

kf �Q?k2,µ

<latexit sha1_base64="dA96Fu1tuSSoAY0PFgpDffrl8B8=">AAACAXicbVDLSgMxFM3UV62vUTeCm2ARXGiZKQV1V3TjsgX7gM5YMmmmDU0yQ5IRyrRu/BU3LhRx61+4829M6yy09cCFwzn3cu89Qcyo0o7zZeWWlldW1/LrhY3Nre0de3evqaJEYtLAEYtkO0CKMCpIQ1PNSDuWBPGAkVYwvJ76rXsiFY3ErR7FxOeoL2hIMdJG6toH3jiEZ7B+5ymNpDfupuVT6PFk0rWLTsmZAS4SNyNFkKHWtT+9XoQTToTGDCnVcZ1Y+ymSmmJGJgUvUSRGeIj6pGOoQJwoP519MIHHRunBMJKmhIYz9fdEirhSIx6YTo70QM17U/E/r5Po8MJPqYgTTQT+WRQmDOoITuOAPSoJ1mxkCMKSmlshHiCJsDahFUwI7vzLi6RZLrmV0mW9UqxeZXHkwSE4AifABeegCm5ADTQABg/gCbyAV+vRerberPef1pyVzeyDP7A+vgEHQJYC</latexit>

P (s0|s, a)/µ(s0)  CS

<latexit sha1_base64="ujXdHSQx7wxpehk0d+3waMJsl6o=">AAACEHicbVDLSsNAFJ3UV62vqEs3g0XagtRECuqu2I3LivYBTQiT6aQdOnkwMxFKzCe48VfcuFDErUt3/o2TNgutHhg4c8693HuPGzEqpGF8aYWl5ZXVteJ6aWNza3tH393rijDmmHRwyELed5EgjAakI6lkpB9xgnyXkZ47aWV+745wQcPgVk4jYvtoFFCPYiSV5OiVdlVU7sUxqsETaPmx+tWgxQhsOYnlIznGiCU3aeroZaNuzAD/EjMnZZCj7eif1jDEsU8CiRkSYmAakbQTxCXFjKQlKxYkQniCRmSgaIB8IuxkdlAKj5QyhF7I1QsknKk/OxLkCzH1XVWZ7SgWvUz8zxvE0ju3ExpEsSQBng/yYgZlCLN04JBygiWbKoIwp2pXiMeIIyxVhiUVgrl48l/SPa2bjfrFdaPcvMzjKIIDcAiqwARnoAmuQBt0AAYP4Am8gFftUXvW3rT3eWlBy3v2wS9oH9+CEJsU</latexit>

sample complexity:  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Practical Implementation of BVFT

• Challenge: how to set the discretization-level ε

• Observation: degrades to “1-sample” estimation when ε=0

 => positively biased


• Prediction: loss should be U-shaped in ε

• Choice of ε: minimize loss

<latexit sha1_base64="7tW0HYsT5d9eTF671TAYcpmAQuI="></latexit>⇣
f(s, a)� (r + �max

a0
f(s0, a0))

⌘2

auto-ε vs  
hindsight-ε

“1-sample” 
estimation
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beats 1-sample estimate (= true 
Bellman error) in deterministic env!

Siyuan Zhang 
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Comparison to FQE (estimating Qπ via Fitted-Q)

• Open question: how to tune FQE’s neural architecture

• We cheated using training architecture that produces the best 

policy in Asterix

• FQE needs to handle pixel input and hence sample-inefficient

• BVFT does not care about complexity of state-action space



• Actor-critic algorithms can produce poor critics

• i.e., all candidates are bad


• Only hope: OPE, but don’t know how to tune hyperparams…

• BVFT-PE: can identify Qπ from candidate q’s 
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Hyperparameter tuning for OPE

BVFT-PE outperforms best fixed architecture


