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Concurrent Reinforcement Learning

* Multi-agent Learning in the same environment
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Concurrent Reinforcement Learning Framework

Markov decision process (I' aggregated states, N agents, S states, A actions)

Aggregate state-action pairs whose values are close
* reduce the computational cost when SA is large

Randomized least-squares value iteration (RLSVI) (Osband et al., 2019)
* injects Gaussian noise into the rewards

e learn arandomized value function from the perturbed dataset

Finite-horizon and infinite horizon cases: worst-case regret bound



Finite-horizon case

Algorithm 1: keep all historical data
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* worst case regret bound: O(HZI‘\/KN)
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* Worst case regret bound: G(KHSF\/N)

Collectdata || Collectdata || Collectdata * Space complexity: O0(HN)

Algorithm 2: keep only the historical data
from last episode

299

Finite-horizon: K-episode, H-horizon, N agents



Comparison with worst-case regret bounds from single-agent RLSVI

~ 3
* (Russo, 2019): worst-case regret 0(H352\/AK)

* (Agrawal et al. 2021): worst-case regret 5(H§S\/H)

* Both algorithms in the buffer

* N=1, our algorithm 1 (keep all historical data) gives
bound G(HSF\/E)

« matching with (Agrawal et al. 2021) if [=SAand S = VT



Infinite-horizon case

Agent 1 ‘
Agent 2 ‘

Agent N ‘

Algorithm 1: keep all historical data
- worst case regret bound: O(VTN)

Algorithm 2: keep only the historical
data from last pseudo-episode

- worst case regret bound: O(TVN)

Collect data Collect data

Infinite-horizon (N agents)
generate pseudo-episodes using geometric distribution



Comparison Table

Table 1. Comparison of regret bounds for various RLSVI/LSVI algorithms

Agent Setup Algorithm Regret Bound  Regret-Type Data Stored Numerical
Single  Tabular RLSVI (Russo, 2019) (:){H"‘*S” 2V AK )Worst-case All-history | N/A
_Single  Tabular RISVI (Agrawal et ; 28 se  All-history | N/A
Multi  Tabular Concurrent RLSVI (Taiga et al., 2022) N/A Bayes All-history Synthetic
— Crmrear Fonctiomat — = 7 713 :
Mult Approximation Concurrent LSV (Desai et al., 2018) O{H VAEPKN ] Worst-case All-history N/A
. Linear Functional . = - :
Multi Approximation Concurrent LSVI (Min et al., 2023) (j{HHth ) Worst-case All-history | N/A
Muli  Tabular Concurrent RLSVI (ours-1) O(H®*v/KN) Worst-case All-history | N/A
Multi  Tabular Concurrent RLSVI (ours-2) O(H"*K+'N) Worst-case  Oneepisode  Synthetic




Numerical Results

Finite-Horizon Per-Agent Regret

Infinite-Horizon Per-Agent Regret

— §=5, A=5, K=20, H=30
— $§=10, A=10, K=25, H=40
— $=20, A=20, K=30, H=50

15000 / sqrt(N)
35000 / sqrt(N)
55000 / sqrt(N)

= 5=5, A=35, T=300
— 5=30, A=20, T=300
— $5§=30, A=30, T=300

5000 / sqrtiN)
10000 / sqrt(N)

0 10 20 30
Number of Agents (N)

20 30
Number of Agents (N)




	Slide 1: Concurrent Reinforcement Learning with Aggregated States  via Randomized Least Squares Value Iteration 
	Slide 2: Concurrent Reinforcement Learning
	Slide 3: Concurrent Reinforcement Learning Framework  
	Slide 4: Finite-horizon case
	Slide 5: Comparison with worst-case regret bounds from single-agent RLSVI 
	Slide 6: Infinite-horizon case
	Slide 7: Comparison Table
	Slide 8: Numerical Results 

