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Reinforcement learning (RL)

In RL, an agent learns by interacting with an unknown environment
through trial-and-error to maximize long-term total reward.

Atlast — a computer program that
can beat a champion Go player PAGE 464

ALL SYSTEMS GO
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‘Recalculating ... recalculating ...”




More successes of RL since AlphaGo

resource management

et |
UAV and drones

nuclear plant control

strategic games



One more: RL for thinking models
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Turing Award Goes to 2 Pioneers of
Artificial Intelligence

Andrew Barto and Richard Sutton developed reinforcement
learning, a technique vital to chatbots like ChatGPT.

RL holds great promise in accelerating scientific,
engineering and societal discoveries.



Sample efficiency

However, collecting data samples might be expensive or time-consuming.
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clinical trials

Prompt:
Should | add chorizo
to my paella?

Response 1: Absolutely! ...
Response 2: In Valencian...

Feedback (ranking):
Response 1is better than 2

LLM alignment
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autonomous driving



Sample efficiency

However, collecting data samples might be expensive or time-consuming.
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Calls for design of sample-efficient RL algorithms!



Can we harness the power of federated learning?
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Can we harness the power of federated learning?
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Can we harness the power of federated learning for RL?




RL meets federated learning

Central server

:?: L1y = :&: :#?:

Agent 1 Agent2 " Agentk T Agentk

Federated reinforcement learning: enables multiple agents to
collaboratively learn a global policy without sharing datasets. J




Statistical-communication trade-offs

Communication
overhead

Statistical
benefits

No. of samples

Comm. cost

Is linear speedup possible? What is the price in communication?



Dealing with heterogeneity

Central server
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Task heterogeneity
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This talk: federated RL

Communication
overhead

Statistical
benefits

Linear speedup:

Can we achieve linear speedup when learning with multiple agents?

Communication efficiency:

What is the minimum amount of communication to achieve
speedup?

Taming heterogeneity:
What if the data and tasks across agents are heterogeneous?
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Backgrounds:
Markov decision processes




Markov decision process (MDP)
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® S: state space e A: action space
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Markov decision process (MDP)

® S: state space e A: action space

® r(s,a) €[0,1]: immediate reward

® 7(+|s): policy (or action selection rule)
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Markov decision process (MDP)

action
a; ~ m(-|s¢)

L s
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next state
st+1 ~ P(:|st,ar)

® S: state space e A: action space
® r(s,a)€[0,1]: immediate reward

® 7(+|s): policy (or action selection rule)

® P(:s,a): transition probabilities
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Goal: value maximization

action
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Goal:

value maximization

reward I
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4 .
4=~7 environment — ag
Al

S::+1 P('\Stﬂlt)

T1 T2 T3 T4
82— 8= 84—
(\_all (\_a’l (\_fll
a2 as a4
t —
Y Te|So=$

Value function and Q-function of policy 7:

VseS: V7™(s) ::E[i
t=0

M3

0

V(s,a) eSxA: Q" (s,a) ::E[
¢

1

® v¢€[0,1) is the discount factor; ™

vtr(st,at) | S0 =S,a0 = a]

is effective horizon

® Expectation is w.r.t. the sampled trajectory under 7
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Searching for the optimal policy

Reinforcement |\
Learning

Aa Introduction

______ —_— Dynamic 'Prugramming
r and Optimal Control

fm————
1
1
A
]
1
. 1

Goal: find the optimal policy 7* that maximize V7 (s)

e optimal value / Q function: V*:= V™  Q*:= Q™
* optimal policy 7*(s) = argmax, 4 Q" (s,a)

15



Federated Q-learning: statistical and
communication complexities



A generative model / simulator

— Kearns & Singh, 1999

generative model

Each iteration, draw an independent sample (s,a,s") for given (s,a)

17



Q-learning with a generative model

generative moolel

Stochastic approximation for solving Bellman equation Q*
using samples collected from the generative model:

Qt+1(87a) = (1 - U)Qt(saa) + nﬂ(Qt)(saa)’

draw the transition (s,a,s’) for all (s,a)

- T(@")

t>0
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Q-learning with a generative model

generative moolel

Stochastic approximation for solving Bellman equation Q* = T(Q*)
using samples collected from the generative model:

Qr1(s,a) = (1-1)Q¢(s,a) + T (Q¢)(s,a), t20

draw the transition (s,a,s’) for all (s,a)

Te(Q)(s,a) =7(s,a) + ’YHL?F}XQ(S’, a)

T@(@sa) =r(sa)+y | B [maxQ(s’a)]

s/~P(|s,a)

18



Federated Q-learning with local updates

Central server

® Local updates: the agent k performs 7
rounds of local Q-learning updates:

Qf < (1-0)Q; +nTi(QF)

and sends it to the server.

e

5 & &

Agent2z " Agentk T Agentk
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Federated Q-learning with local updates

Central server

® Local updates: the agent k performs 7
rounds of local Q-learning updates:

Qf < (1-0)Q; +nTi(QF)

and sends it to the server.

® Periodic averaging: the server averages the
local updates and sends it back to agents:

“ mrJm “ :#:
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Federated Q-learning with local updates

Central server

® Local updates: the agent k performs 7
rounds of local Q-learning updates:
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Can we achieve faster convergence, i.e. linear speedup, with low
communication complexity? J
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Federated Q-learning with local updates

Central server

® Local updates: the agent k performs 7
rounds of local Q-learning updates:

Qf < (1-0)Q; +nTi(QF)

and sends it to the server.

® Periodic averaging: the server averages the
local updates and sends it back to agents:

“ mrJm :#:

" Agentk " AgentK
’ b

1

Q=g L&

||MN

Can we achieve faster convergence, i.e. linear speedup, with low
communication complexity? J

Yes!!
19



Linear speedup of federated Q-learning

Theorem (Jiin, Joshi, Chi, ICML 2023)

Forany0<e< %A/ federated synchronous Q-learning yields

|Q — Q* || <& with sample complexity at most

(24 )
K(1-7)e

aslongast-1< %min{g—;’, %} and n=0(K(1-~)*?).

)]

® Linear speedup compared with the single-agent sample complexity

O (L),

(i)

® Similar speedup for average-reward MDPs, as well (Jiao et al., 2026).
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Comparison with prior art

sample“
complexity /

S7AS
K1 =)
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K(1—y)é

5 single-agent
Q-learning

»

K=1 1/K
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Comparison with prior art

sample“
complexity /

S7AS
K1 =)

SA
K(1—7)5e
SA
(1=t . _’single»agent
Q-learning
‘ >
K=1 1/K
Linear speedup with near-optimal parameter dependencies! J
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Communication bottleneck

Central server

Agent 1 Agent2 " Agentk T Agentk
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A communication lower bound

Theorem (Salgia and Chi, NeurlPS 2024; informal)

For a wide family of federated Q-learning algorithm with intermittent
communication, regardless of the choice of synchronization schedules, the
number of communication rounds needs to be at least

(i)

in order to achieve any speedup with respect to the number of agents.

® A similar lower bound holds for the number of communication bits.

® This is the first communication complexity barrier established for
federated RL algorithms.

23



Key idea

E[(Q-Q")*]=E[(E[Q] - Q")*] +E[(Q - E[Q])*]

Bias Variance

® Variance exhibits linear speedup on average.

® Bias increases between two communication rounds. Averaging has a
small compensating effect, but the overall bias is independent of K.

24



Key idea

E[(Q-Q")*]=E[(E[Q] - Q")*] +E[(Q - E[Q])*]

Bias Variance

® Variance exhibits linear speedup on average.

® Bias increases between two communication rounds. Averaging has a
small compensating effect, but the overall bias is independent of K.

Bias

Bias o< 7 = Q(T'(1 - 7)) /
|
bias dominates the variance

no collaboration gain
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The blessing of data heterogeneity in federated RL



Q-learning following a behavior policy
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Stochastic approximation for solving Bellman equation Q* = T(Q*)
using samples collected from a behavior policy mp:

Qei1(st,at) = (1 =1)Qe(s¢,at) +nTe(Qr)(s¢,at), 20

only update (s¢,a)-th entry
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Q-learning following a behavior policy
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Stochastic approximation for solving Bellman equation Q* = T(Q*)
using samples collected from a behavior policy mp:

Qei1(st,at) = (1 =1)Qe(s¢,at) +nTe(Qr)(s¢,at), 20
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Tackling data heterogeneity

Central server
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Tackling data heterogeneity

Central server
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The benefit of collaboration?

Single-agent RL requires full coverage of every agent over the entire
state-action space...
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Agent 1 Agent2 " Agentk 7 AgentkK




The benefit of collaboration?
Single-agent RL requires full coverage of every agent over the entire

state-action space...
[y
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A
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Agent 1 Agent2 " Agentk 7 AgentkK
However, the power of collaboration really shines if we only need
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Agent2 7 Agentk T AgentkK

Agent 1
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The benefit of collaboration?
Single-agent RL requires full coverage of every agent over the entire

state-action space...
[y

LEL.

A

Agent2 " Agentk 7 AgentkK

Agent 1

However, the power of collaboration really shines if we only need...

[

= | —|-; l
£ = 18

Agent k Agent K

LLY

Agent 1 Agent 2

Is collaborative coverage enough for federated Q-learning?

)
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Importance averaging

Key observation: not all updates are of same quality due to limited
visits induced by the behavior policy.
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Importance averaging

Key observation: not all updates are of same quality due to limited
visits induced by the behavior policy.

higher weights

1
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Importance averaging: the server averages the local updates based on
importance via

1 X k k
Qt(saa) = ? kz: A (S,G)Qt (S7a)7
=1

where
(1- U)_N’i”(s’a) number of visits

af =
in the sync period °

t _ s.a)’
R

Ntk—T,t(S7 a) =
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Our theorem

Collaborative coverage: minimum entry of the average stationary
distribution

Havg = mln Z Hp (8 CL)

Theorem (Woo, Joshi, Chi, JMLR 2025)

For sufficiently small € > 0, federated asynchronous Q-learning with
importance averaging yields |Q — Q* |« < & with at most

~ 1
O(Kuavgu —7)582)

samples, ignoring the burn-in cost that depends on the mixing times.
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Our theorem

Collaborative coverage: minimum entry of the average stationary
distribution

Havg = mln Z Hp (8 CL)

Theorem (Woo, Joshi, Chi, JMLR 2025)

For sufficiently small € > 0, federated asynchronous Q-learning with
importance averaging yields |Q — Q* |« < & with at most

~ 1
O(Kuavgu —7)582)

samples, ignoring the burn-in cost that depends on the mixing times.

e Similar results can be developed for the offline setting, too.
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Task heterogeneity (aka Personalization) in
federated RL



Tackling task heterogeneity

Central server

—_—————

32



Tackling task heterogeneity

Central server

® All agents share the same state-action transition kernel P.

l
IL
[ ]

® Each agent collects its own private reward w.r.t. different local tasks.

32



Tackling task heterogeneity

Central server

o SRS
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Personalized federated UCB-VI

Server updates: aggregate global visitation counts N, (s,a) and kernel
estimate P 4 4.

empirical MDP

H E N )
execute 7! || [ ] execute T
e m_ER Y — e
| || ] - i
| :> HE B planning | T——>
[ ] | N | oracle
" - | =
{5hs @i i IR
' H E R
]

Local exploration via personalized UCB: apply optimistic value
iteration using the greedy policy 7y = greedy(QF):

k . k D k k
Qh(s,0) «min{H -h+1, rh(sn,an) + PhsaViier +bh(sn,an)},
——— ——— ———
immediate reward  next step’s value bonus

—~ k
Vars, . (k)

with Vi, (s) = maxeea Qn(s,a) and b (s, an) = — e
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Our theorem

Regret: let 7F is the policy of agent k at episode .

T

K
Regret(T) = )

k,* k,ﬂ'iC
Esinp [ V3 (31)_V1 (s1)]-
k=1t=1

personalized gap of agent k

Theorem (Woo, Joshi, Chi, NeurlPS 2026)

Let the agents perform the personalized federated UCB-VI (PF-UCBVI)
algorithm with a confidence parameter § € (0,1). Then, with probability
at least 1 — 0, the total regret satisfies:

Regret(T) < VSAKTHS3,

up to logarithmic factors and burn-in cost.
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Our theorem

Regret: let 7F is the policy of agent k at episode .

T

K
Regret(T) = )

k,* k,ﬂ'iC
Esinp [ V3 (31)_V1 (s1)]-
k=1t=1

personalized gap of agent k

Theorem (Woo, Joshi, Chi, NeurlPS 2026)

Let the agents perform the personalized federated UCB-VI (PF-UCBVI)
algorithm with a confidence parameter § € (0,1). Then, with probability
at least 1 — 0, the total regret satisfies:

Regret(T) < VSAKTHS3,

up to logarithmic factors and burn-in cost.

® Matches the UCB-VI performance but allows personalized regret.
® Linear speedup of average per-agent regret O(\/SATH?3/K).
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The blessing of reward diversity

One agent'’s exploitation can become another agent’s exploration!
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Agent 1 Agent2 7 Agentk T Agentk



The blessing of reward diversity

One agent’s exploitation can become another agent’s exploration!

| | —~ l |

PR Jae? o s |

—*?L —ﬁ :3% &:t
Agent 1 Agent2 7 Agentk 7 Agentk

® The greedy action of all agents can collectively lead to sufficient
coverage of the entire state-action space.
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The blessing of reward diversity

One agent’s exploitation can become another agent’s exploration!

| | —~ | |

puE N puE o s |

—*?L —ﬁ :$ &:t
Agent 1 Agent2 7 Agentk 7 Agentk

® The greedy action of all agents can collectively lead to sufficient
coverage of the entire state-action space.

Can reward diversity replace the need of exploration? )

35



Our theorem

Reward-induced coverage: Let 7* be the greedy policy induced by any
permissible state-action value function Q’,fb. There exists a strictly
positive constant A, > 0 such that

0 LS (sa)2 A
- > iny
58 e 2 i (5:0) 2 Amin

where dzm is the visitation probability of 7™ under true P.

Theorem (Woo, Joshi, Chi, NeurlPS 2026)

With probability at least 1 — 0, the total regret of PF-EFVI (removing the
exploration bonus from PF-UCBVI) satisfies:

H%log(SAHKT/S

) i 1 Hlog(4SAKH/$)
KAmin k=1 A

k+ AQ ’

min min

Regret(T')

where Ak, = min(s,a,h):M(S)a)>0(th’*(s) -Qy " (s,a)) for agent k is
the instance-dependent sub-optimality gap.

e Under sufficient reward diversity, the regret grows as O(logT').
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Numerical illustration

Random MDP Py, (-|s,a) ~ Dirichlet(a-1), and each agent assigns a
random subset of (s, a,h) with reward 1 (and O elsewhere).

PF-UCBVI: cumulative regret

PF-EFVI: cumulative regret

300 4 — M=1 (Ano=0.0e+00)

200 M=128 (Ao =2.5¢-03)
150
100

50

increase # of agents

per-agent cumulative regret Regret(k)/M

per-agent cumulative regret Regret(k)/M

300

250

200

150

100

— M=1 (o= 0.0 +00)

increase # of agents

episode k

0 200 400 600 800 1000 1200 1400

400 600 800 1000 1200 1400
episode k

® While exploration is indispensable when the number of agents is
small, enough reward diversity makes it possible to reduce active
exploration — research opportunity between the two regimes!
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Summary

Central server

-———

Agent 1 Agent2 " Agentk T Agentk
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Thanks!

® Exploration via Exploitation: The Blessing of Reward Diversity in
Personalized Federated RL, NeurlPS 2026.

® Sample Complexity of Average-Reward Q-Learning: From Single-agent to
Federated Reinforcement Learning, arXiv:2601.13642.

® The Blessing of Heterogeneity in Federated Q-Learning: Linear Speedup
and Beyond, JMLR 2025.

® The Sample-Communication Complexity Trade-off in Federated
Q-Learning, NeurlPS 2024, oral.

® Federated Offline Reinforcement Learning: Collaborative Single-Policy
Coverage Suffices, ICML 2024.

https://yuejiechi.github.io/
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