
Bandit Learning in Decentralized Matching Markets

Overview. We study exploration-exploitation 
tradeoffs in a two-sided matching market where 
preferences are learned from noisy observations 
in an online manner (Liu et al 2020a). 

We focus on the setting where players are 
decentralized, that is, their actions cannot be 
coordinated by a matching platform, but they 
can observe past matchings.

Our contributions:  
• Introduce a new low-regret algorithm based 

on randomized conflict avoiding

• O(log(T) regret when preferences of the 

arms over players are shared

• O(log(T)2 regret when there are no 

assumptions on the preferences.

• Where a single player may deviate, the 

algorithm is incentive-compatible whenever 
the arms’ preferences are shared, but not 
necessarily so when preferences are general.

Agent-optimal stable regret of player i at time n:

Players Arms

1 > 2 > 3

3 > 1 > 2

2 > 1 > 3

Goal: converge to stable matchings despite 
the players’ uncertainty about preferences.
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Utilities of arms 
are unknown to 
players a priori

Agent-pessimal stable regret of player i at time n:
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Algorithm: Conflict Avoiding UCB with 
random delays (CA-UCB)

Additional randomness key to 
reaching a stable matching

Arms that the player can pull 
successfully if all other players 

repeated their actions at t-1
At time t:

1. Players construct a plausible set of arms by looking 

at the successful matches at time t-1

2. Each player, independently, 

• with probability p attempts the same arm as time t-1,  
• with probability 1-p attempts the arm in the plausible 

set with the highest UCB.

3. Players receive rewards from matched Arms and 

update their UCB for the Arm.

Theorem (informal): If there are N 
players and N arms and CA-UCB is run 
for T rounds with 0<p<1, the pessimal 
stable regret of player i satisfies, for 
arbitrary two-sided preferences,

Minimum gap of arms’ rewards 
for all players.

This rate can be improved under 
assumptions on the preferences. E.g. 
When all arms have the same 
preferences over players, CA-UCB 
with p=0 attains

and the algorithm is 
incentive-compatible 

for any player.

Depends on 
hyper-

parameter pRi(T) = 𝒪 ( log(T)2 ⋅ exp(N4)
Δ2 )

Ri(T) = 𝒪 ( log(T)2 ⋅ N3

Δ2 )

Regret of CA-UCB

Is the exponential 
dependence on !  tight?  

Not for randomly 
sampled markets.

N

Convergence of CA-UCB 
on Random MarketsCompetition: When multiple players pull the same 

arm only the most preferred player is successful 
and gets a reward.

µ1
<latexit sha1_base64="KHp2HZ4Anfapy+3cqCkbX0Z+zkQ=">AAACTnicZZDLSsNAFIYn9VbjrdWlm2ARXJVEBbeiG5cKVoWmlJPJSR2cS5iZqCX0GdzqW7n1RdyJTmuVXg4M/Hz/OWdm/iTnzNgw/PAqC4tLyyvVVX9tfWNzq1bfvjGq0BRbVHGl7xIwyJnElmWW412uEUTC8TZ5OB/6t4+oDVPy2vZz7AjoSZYxCtahViyKbtStNcJmOKpgXkRj0SDjuuzWvaM4VbQQKC3lYEw7CnPbKUFbRjkO/LgwmAN9gB62nZQg0HTK0WsHwb4jaZAp7Y60wYhOTpQgjOmLxHUKsPdm1hvCf8/39yfte+SPaAcOapT4RJUQINMyzkAw3k8xg4LbQRmb7E9PbTcgf9f78Z8Mpi5oD1GnTFzcqcVnN+7Hk/ekDHpuvcpRg1V6+PFyxFyjizmaDXVe3Bw2o6Pm4dVx4/RsHHiV7JI9ckAickJOyQW5JC1CCSMv5JW8ee/ep/flff+2VrzxzA6Zqkr1B2iPtPc=</latexit> µ3

<latexit sha1_base64="QdpVpZHLnQIGkPQhAb1b6Eb/trQ=">AAACTnicZZDLSsNAFIYn9Vbjtbp0EyyCq5JYwa3oxmUFq0JTysnkpA7OJcxMqiX0GdzqW7n1RdyJTmuVVg8M/Hz/OWdm/iTnzNgwfPMqC4tLyyvVVX9tfWNza7u2c21UoSm2qeJK3yZgkDOJbcssx9tcI4iE401yfz72bwaoDVPyyg5z7AroS5YxCtahdiyKXrO3XQ8b4aSC/yKaijqZVqtX85pxqmghUFrKwZhOFOa2W4K2jHIc+XFhMAd6D33sOClBoOmWk9eOggNH0iBT2h1pgwmdnShBGDMUiesUYO/MX28Mfz3fP5i175AP0I4c1CjxgSohQKZlnIFgfJhiBgW3ozI22Y+e225Afq/34x8ZzF3QGaNumbi4U4uPbtyPZ+9JGfTdepWjBqv0+OPlhLlGF3P0N9T/4vqoETUbR5fH9dOzaeBVskf2ySGJyAk5JRekRdqEEkaeyDN58V69d+/D+/xurXjTmV0yV5XqF2xbtPk=</latexit>

µ2
<latexit sha1_base64="2h0M9WLD3gKKQ/ABRn1dPEXcN9c=">AAACTnicZZDLSsNAFIYn9Vbjtbp0EyyCq5JUwa3oxmUFq0JTysnkpA7OJcxMqiX0GdzqW7n1RdyJTmuVVg8M/Hz/OWdm/iTnzNgwfPMqC4tLyyvVVX9tfWNza7u2c21UoSm2qeJK3yZgkDOJbcssx9tcI4iE401yfz72bwaoDVPyyg5z7AroS5YxCtahdiyKXrO3XQ8b4aSC/yKaijqZVqtX847iVNFCoLSUgzGdKMxttwRtGeU48uPCYA70HvrYcVKCQNMtJ68dBQeOpEGmtDvSBhM6O1GCMGYoEtcpwN6Zv94Y/nq+fzBr3yEfoB05qFHiA1VCgEzLOAPB+DDFDApuR2Vssh89t92A/F7vxz8ymLugM0bdMnFxpxYf3bgfz96TMui79SpHDVbp8cfLCXONLubob6j/xXWzER01mpfH9dOzaeBVskf2ySGJyAk5JRekRdqEEkaeyDN58V69d+/D+/xurXjTmV0yV5XqF2p1tPg=</latexit>

Heuristic: Choose the arm 
with the highest UCB

 (Lai and Robbins [1985], Agarwal [1995])

The Upper 
Confidence 

Bound (UCB)


