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Suppose tmix = 1. Then Qu’s learning rate reads

⌘t =

1
µmin(1��)

t + max
n

1
µmin(1��) , tmix

o =
1

µmin(1 � �)t + 1
.

Take t = T0 = 1
µmin(1��)5"2 , then

⌘T0
=

1
1

(1��)4"2 + 1
⇡ (1 � �)4"2.

Then taking t = 2T0 yields

⌘2T0
=

1
2

(1��)4"2 + 1
⇡ 1

2
(1 � �)4"2.

In other words, within t = [T0, 2T0], the stepsize coincides with ours. And note
that T0 is our sample complexity. P

1

In RL, we need to collect data to learn unknown environments
1. simulator (Li, Wei, Chi, Chen ’24, Operations Research)

2. online RL (Zhang, Chen, Lee, Du ’24, COLT)

3. offline RL (Li, Shi, Chen, Chi, Wei ’24, Annals. Stats)
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This talk: achieving optimal sample complexity in . . .

1. o�ine RL
2. reward-agnostic online RL
3. hybrid RL / policy fine-tuning
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This talk: achieving optimal sample complexity in . . .

1. o�ine RL
2. reward-agnostic online RL
3. hybrid RL / policy fine-tuning

Key takeaway of this talk: insights from offline RL can inspire
online RL algorithms
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This talk: achieving optimal sample complexity in . . .

1. o�ine RL
2. reward-agnostic online RL
3. hybrid RL / policy fine-tuning

Key takeaway of this talk: insights from offline RL can inspire
(reward-agnostic) online RL algorithms
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agent environment st at st+1 rt+1 reward state action
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rh = r(sh, ah)
<latexit sha1_base64="mRzbHoSk2dhZ8Ym1/rPM3v8WsYc=">AAAB+XicbVBNS8NAEJ34WetX1KOXxSJUkJJUQS9CwYvHCvYD2hA2202zdLMJu5tCCf0nXjwo4tV/4s1/47bNQVsfDDzem2FmXpByprTjfFtr6xubW9ulnfLu3v7BoX103FZJJgltkYQnshtgRTkTtKWZ5rSbSorjgNNOMLqf+Z0xlYol4klPUurFeChYyAjWRvJtW/oRukOyqvzoEvvRhW9XnJozB1olbkEqUKDp21/9QUKymApNOFaq5zqp9nIsNSOcTsv9TNEUkxEe0p6hAsdUefn88ik6N8oAhYk0JTSaq78nchwrNYkD0xljHallbyb+5/UyHd56ORNppqkgi0VhxpFO0CwGNGCSEs0nhmAimbkVkQhLTLQJq2xCcJdfXiXtes29qtUfryuNRhFHCU7hDKrgwg004AGa0AICY3iGV3izcuvFerc+Fq1rVjFzAn9gff4AmGqSVA==</latexit>

agent environment st at st+1 rt+1 reward state action

1

ah ⇠ ⇡h(·|sh)
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sh+1 ⇠ Ph(·|sh, ah)
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h = 1, 2 · · · , H
<latexit sha1_base64="uqAQBtZI5LZxwFXYodacCZ6zM4k=">AAAB9XicbVBNSwMxEJ31s9avqkcvwSJ4KGW3CnpQKHjpsYL9gHYt2TTbhmaTJckqZen/8OJBEa/+F2/+G9N2D9r6YODx3gwz84KYM21c99tZWV1b39jMbeW3d3b39gsHh00tE0Vog0guVTvAmnImaMMww2k7VhRHAaetYHQ79VuPVGkmxb0Zx9SP8ECwkBFsrPQwvPFKlS7pS6NLqNYrFN2yOwNaJl5GipCh3it8dfuSJBEVhnCsdcdzY+OnWBlGOJ3ku4mmMSYjPKAdSwWOqPbT2dUTdGqVPgqlsiUMmqm/J1IcaT2OAtsZYTPUi95U/M/rJCa88lMm4sRQQeaLwoQjI9E0AtRnihLDx5Zgopi9FZEhVpgYG1TehuAtvrxMmpWyd16u3F0Uq9dZHDk4hhM4Aw8uoQo1qEMDCCh4hld4c56cF+fd+Zi3rjjZzBH8gfP5A553kUU=</latexit>

step

1

• H: horizon length (large)
• S = {1, . . . , S}: state space (large)
• A = {1, . . . , A}: action space (large)

sequentially execute MDP for K episodes, each containing H steps
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• H: horizon length (large)
• S = {1, . . . , S}: state space (large)
• A = {1, . . . , A}: action space (large)

sequentially execute MDP for K episodes, each containing H steps
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Reward-agnostic exploration?
The learner is unaware of the rewards during exploration . . .

Motivation
• (significantly) delayed feedback
• reward functions keep changing
• many reward functions of interest

Question: can we perform pure exploration just once but
achieve efficiency for many unseen reward functions at once?
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Prior art: sample complexity upper bounds
Suppose there is one fixed (but unseen) reward function of interest . . .
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Question: can we simultaneously optimize dependency on S & H?
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A mathematical model for offline RL

A historical dataset D containing K episodes generated by πb:
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s�

No longer 
arbitrary!

behavior policyinitial distribution

fib(·|s)

historical dataset D =
)
(s(i), a(i), sÕ(i))

*
: N independent copies of

s ≥ fl, a ≥ fib(· | s), sÕ ≥ P (· | s, a)

for some initial state distribution fl and behavior policy fib

Goal: given some test distribution fl and accuracy level Á, find ‚fi s.t.

V ı(fl) ≠ V ‚fi(fl) = E
s≥fl

#
V ı(s)

$ ≠ E
s≥fl

#
V ‚fi(s)

$ Æ Á

— in a sample-e�cient manner
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• single-policy concentrability coefficient: C⋆ :=
∥∥∥dπ⋆

dπb

∥∥∥
∞
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<latexit sha1_base64="e9jcrucCK3qAwYCxkh8MBVsQ9rI=">AAACA3icdVDLSsNAFJ3UV62vqDvdDBahbkIi1dRd0Y3LCvYBTSiT6aQdOnkwMxFKDLjxV9y4UMStP+HOv3GaRlDRAxcO59zLvfd4MaNCmuaHVlpYXFpeKa9W1tY3Nrf07Z2OiBKOSRtHLOI9DwnCaEjakkpGejEnKPAY6XqTi5nfvSFc0Ci8ltOYuAEahdSnGEklDfQ9J6aD1AmQHAs/9bKs5uBhJG+hOBroVdOw7cZZ3YKmYeZQxDqx7EYdWoVSBQVaA/3dGUY4CUgoMUNC9C0zlm6KuKSYkaziJILECE/QiPQVDVFAhJvmP2TwUClD6EdcVShhrn6fSFEgxDTwVGd+7G9vJv7l9RPpN9yUhnEiSYjni/yEQRnBWSBwSDnBkk0VQZhTdSvEY8QRliq2igrh61P4P+kcG9apYV7Vq83zIo4y2AcHoAYsYIMmuAQt0AYY3IEH8ASetXvtUXvRXuetJa2Y2QU/oL19ApBvmB0=</latexit>

�b(·|s)
<latexit sha1_base64="fIFnyjcRLKNFu5kmKHhWAcw6RHw=">AAAB7HicdVBNS8NAEJ34WetX1aOXxSJUkJBINfVW9OKxgmkLbSib7aZdutmE3Y1QSn+DFw+KePUHefPfuG0jqOiDgcd7M8zMC1POlHacD2tpeWV1bb2wUdzc2t7ZLe3tN1WSSUJ9kvBEtkOsKGeC+pppTtuppDgOOW2Fo+uZ37qnUrFE3OlxSoMYDwSLGMHaSH5FneKTXqns2J5Xu6y6yLGdOQxxz12vVkVurpQhR6NXeu/2E5LFVGjCsVId10l1MMFSM8LptNjNFE0xGeEB7RgqcExVMJkfO0XHRumjKJGmhEZz9fvEBMdKjePQdMZYD9Vvbyb+5XUyHdWCCRNppqkgi0VRxpFO0Oxz1GeSEs3HhmAimbkVkSGWmGiTT9GE8PUp+p80z2z3wnZuq+X6VR5HAQ7hCCrgggd1uIEG+ECAwQM8wbMlrEfrxXpdtC5Z+cwB/ID19gkhV45A</latexit>

(s, a)
<latexit sha1_base64="59NEgnJZrlYzsbMxVRpLcgi/YuQ=">AAAB9XicdVDLSgMxFM3UV62vqks3wSJUkGFGqlN3RTcuK9gHtGPJZNI2NJMMSUYpY//DjQtF3Pov7vwb03YEFT1w4XDOvdx7TxAzqrTjfFi5hcWl5ZX8amFtfWNzq7i901QikZg0sGBCtgOkCKOcNDTVjLRjSVAUMNIKRhdTv3VLpKKCX+txTPwIDTjtU4y0kW7q5S4OhYb3UB2hw16x5NieVz2ruNCxnRkMcU9cr1qBbqaUQIZ6r/jeDQVOIsI1ZkipjuvE2k+R1BQzMil0E0VihEdoQDqGchQR5aezqyfwwCgh7Atpims4U79PpChSahwFpjNCeqh+e1PxL6+T6H7VTymPE004ni/qJwxqAacRwJBKgjUbG4KwpOZWiIdIIqxNUAUTwten8H/SPLbdU9u5qpRq51kcebAH9kEZuMADNXAJ6qABMJDgATyBZ+vOerRerNd5a87KZnbBD1hvnzCDkaw=</latexit>

P (·|s, a)
<latexit sha1_base64="bj87cvTnb6hXBoIzdSqp5ErWEzs=">AAAB6XicdVBNS8NAEJ3Ur1q/qh69LBbRU0ikmnorevFYxX5AG8pmu2mXbjZhdyOU0H/gxYMiXv1H3vw3btsIKvpg4PHeDDPzgoQzpR3nwyosLa+srhXXSxubW9s75d29lopTSWiTxDyWnQArypmgTc00p51EUhwFnLaD8dXMb99TqVgs7vQkoX6Eh4KFjGBtpFt13C9XHNvzahdVFzm2M4ch7pnr1arIzZUK5Gj0y++9QUzSiApNOFaq6zqJ9jMsNSOcTku9VNEEkzEe0q6hAkdU+dn80ik6MsoAhbE0JTSaq98nMhwpNYkC0xlhPVK/vZn4l9dNdVjzMyaSVFNBFovClCMdo9nbaMAkJZpPDMFEMnMrIiMsMdEmnJIJ4etT9D9pndruue3cVCv1yzyOIhzAIZyACx7U4Roa0AQCITzAEzxbY+vRerFeF60FK5/Zhx+w3j4BmuaNaw==</latexit>

s�

No longer 
arbitrary!

behavior policyinitial distribution

fib(·|s)

historical dataset D =
)
(s(i), a(i), sÕ(i))

*
: N independent copies of

s ≥ fl, a ≥ fib(· | s), sÕ ≥ P (· | s, a)

for some initial state distribution fl and behavior policy fib

Goal: given some test distribution fl and accuracy level Á, find ‚fi s.t.

V ı(fl) ≠ V ‚fi(fl) = E
s≥fl

#
V ı(s)

$ ≠ E
s≥fl

#
V ‚fi(s)

$ Æ Á

— in a sample-e�cient manner
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• single-policy concentrability coefficient: C⋆ :=
∥∥∥dπ⋆

dπb

∥∥∥
∞

9/ 15
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Prior art for asynchronous Q-learning

Question: how many samples are needed to ensure Î ‚Q≠QıÎŒ Æ Á?

paper sample complexity learning rate

Even-Dar & Mansour ’03 (tcover)
1

1≠“

(1≠“)4Á2 linear: 1
t

Even-Dar & Mansour ’03
!

t1+3Ê
cover

(1≠“)4Á2

" 1
Ê +

!
tcover
1≠“

" 1
1≠Ê poly: 1

tÊ , Ê œ ( 1
2 , 1)

Beck & Srikant ’12 t3cover|S||A|
(1≠“)5Á2 constant

Qu & Wierman ’20 tmix
µ2

min(1≠“)5Á2 rescaled linear

paper sample complexity learning rate

Even-Dar & Mansour ’03 (tmix|S||A|)
1

1≠“

(1≠“)4Á2 linear: 1
t

Even-Dar & Mansour ’03 (tmix|S||A|)4.29
(1≠“)5Á2 poly: 1

tÊ , Ê œ ( 1
2 , 1)

Beck & Srikant ’12 t3mix|S|
3|A|3

(1≠“)5Á2 constant

Qu & Wierman ’20 tmix|S|2|A|2
(1≠“)5Á2 rescaled linear

if we take µmin ® 1
|S||A| , tcover ® tmix

µmin

All prior results require a sample size of at least tmix|S|2|A|2!
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Theorem 1 (Li, Shi, Chen, Chi, Wei ’24)
For any 0 < ε ≤ H, we can design a pessimistic model-based
algorithm that achieves V ⋆

1 (ρ) − V π̂
1 (ρ) ≤ ε with

Õ

(
H3SC⋆

ε2

)
episodes or Õ

(
H4SC⋆

ε2

)
samples

10/ 15



reward-independent quantity

idea: disentangle reward-dependent & reward-independent quantities

lessons learned from o�ine RL: o�ine model-based alg. gives

V ı(fl) ≠ V‚fi(fl)

. 1Ô
K

ÿ

h,s,a

dfiı

h (s, a)min

IÛ
Varh,s,a(V ı

h+1)
dbehavior
h (s, a)

, H

J

. 1Ô
K

3
max

fi

ÿ

h,s,a

dfi
h(s, a)

1
KH

+ dbehavior
h (s, a)

¸ ˚˙ ˝
reward-independent

4 1
2
3ÿ

h,s,a

dfiı

h (s, a)Varh,s,a(V ı
h+1)

¸ ˚˙ ˝
reward-dependent

+H

4 1
2

key: find behavior policy to optimize reward-independent quantity
• solvable via cvx program maximize

µœ�(det. policies)

q
h,s,a

log
! 1
KH

+ E
fi≥µ

#
dfi
h(s, a)

$"

28/ 47

H5 H3 S S2

isolate & optimize

V ?(⇢) � V b⇡(⇢) . 1p
K

X

h,s,a

d⇡
?

h (s, a) min

(s
Varh,s,a(V ?

h+1)

dbehavior
h (s, a)

, H

)

. 1p
K

 X

h,s,a

d⇡
?

h (s, a)
1

KH + dbehavior
h (s, a)

| {z }
reward-independent

! 1
2
 X

h,s,a

d⇡
?

h (s, a)Varh,s,a(V ?
h+1)

| {z }
reward-dependent

+ H

! 1
2

arg max
µ2�(set of det. policies)

X

h,s,a

log

✓
1

KH
+ E⇡⇠µ

⇥
d⇡h(s, a)

⇤◆

1

lessons learned from offline RL: offline model-based alg. gives

V ⋆
1 (ρ) − V π̂

1 (ρ)

≲ 1√
K

∑

h,s,a

dπ⋆

h (s, a) min

{√
Varh,s,a(V ⋆

h+1)
dbehavior

h (s, a)
, H

}

≲ 1√
K

(
max

π

∑

h,s,a

dπ
h(s, a)

1
KH

+ dbehavior
h (s, a)

︸ ︷︷ ︸
reward-independent

) 1
2
(∑

h,s,a

dπ⋆

h (s, a)Varh,s,a(V ⋆
h+1)

︸ ︷︷ ︸
reward-dependent

+ H

) 1
2

key: find behavior policy to optimize reward-independent quantity
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High-level description of our algorithm
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Main results

Theorem 2 (Li, Yan, Chen, Fan ’23)
Suppose there are N fixed reward functions of interest, and suppose ε
is small enough. Using the same batch of samples w/

Õ

(
H3SA log N

ε2

)
episodes,

our algorithm can find, for each reward function, a policy π̂ obeying

V ⋆
1 (ρ) − V π̂

1 (ρ) ≤ ε

• optimal sample complexity
• collect data once −→ work for poly(H, S, A) reward functions
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High-level description of our algorithm
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Our algorithm: Q-EarlySettled-Advantage

Theorem 2 (Li, Shi, Chen, Gu, Chi, 2021)
With high prob., Q-EarlySettled-Advantage achieves (up to log factor)

Regret(T ) .
Ô
H2SAT +H6SA

with a memory complexity of O(SAH)

ours
• regret-optimal with near-minimal burn-in cost O(SApoly(H))
• memory-e�cient O(SAH)
• computationally e�cient: runtime O(T )

20/ 29

The studies of offline RL inspire optimal reward-agnostic exploration!



Concluding remarks

Theoretical studies of offline RL shed light on data-efficient algorithm
designs for other RL scenarios:

• online exploration
• hybrid RL
• . . .

“Minimax-optimal reward-agnostic exploration in reinforcement learning,” G. Li, Y. Yan,
Y. Chen, J. Fan, COLT 2024

“Settling the sample complexity of model-based offline reinforcement learning,” G. Li,
L. Shi, Y. Chen, Y. Chi, Y. Wei, Annals of Statistics, 2024

“Reward-agnostic fine-tuning: provable statistical benefits of hybrid reinforcement
learning,” G. Li, W. Zhan, J. Lee, Y. Chi, Y. Chen, NeurIPS 2023
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