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Multi-Task Bandits
Solving multiple bandit instances (“tasks”) simultaneously 

•Task similarity: The tasks share some “common structure” => faster learning!
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Multi-Task Gaussian Linear Bandits

There are  bandit instances, each parametrized by . 

The user interacts with  instances simultaneously as follows: 

for  

• Choose arms  for each task  simultaneously 

• Observe the task-wise reward  

Question. How to formalize the “common structure” across ’s?

M θi ∈ ℝd

M

t = 1,2,⋯

{xt,i}i∈[M] i ∈ [M]

rt,i ∼ 𝒩(⟨xt,i, θi⟩, σ2)

θi
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Two Approaches to Multi-Task Linear Bandits

Frequentist Approach. The parameters lie in a common low-dimensional space! 

Bayesian Approach. The parameters are sampled from a common prior 

θi = Bwi,*
-dim task vectord  linear projectord × k -dim latent task vectork

Yi,t ∼ 𝒩(⟨Xi,t, θi⟩, σ2)

[Hong+22]

[Hu+21]



A New Problem Setting :)

Question. Can we combine those two approaches? 
 

Yes! Low-rank Hierarchical Gaussian Linear Bandits (Lr-HGLB) 

•Start from the Frequentist model 

•Place independent priors on  and , i.e., full hierarchical Bayesian model for the 
low-rank structure as well

B ws,*

NIPS 2007 ICML 2008



Lr-HGLB

-dim latent task vectork

 linear projectord × k

-dim task vectord



Interaction Protocol, Bayes Regret

Interaction Protocol. At the beginning, sample an environment. Then, for  

• Choose arms  for each task  simultaneously 

• Observe the task-wise reward 
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Thompson Sampling for Lr-HGLB

In such Bayesian bandit scenario, natural algorithm is Thompson sampling:

• Sample an environment from the current posterior

• Choose arms  for each task  simultaneously, greedily from the 
sampled environment

{xt,i}i∈[M] i ∈ [M]

• Observe the task-wise reward  and update posteriorrt,i ∼ 𝒩(⟨xt,i, θi⟩, σ2)

But, the joint conjugacy of  fails! => intractable to sample/update(B, {wi}i∈[M])

B → rt,i ← wi,* => posterior dependency between  and B wi,*
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Gibbs Sampling to the Rescue!

Still, we can utilize the product structure, namely, coordinate-wise update:

• Conditioned on , each  has a closed-form Gaussian posteriorB wi

• Conditioned on ,  has a closed-form Gaussian posterior{wi}i∈[M] B

In Bayesian statistics, this is known as Gibbs Sampling

Journal of the American Statistical Association (JASA) 1990IEEE TPAMI 1984
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Gibbs, Low-rank Hierarchical Thompson Sampling

Posterior of ’s, conditioned on wi B

Posterior of , conditioned on ’sB wi



Gibbs, Low-rank Hierarchical Thompson Sampling

Sample actions simultaneously

Posterior of ’s, conditioned on wi B

Posterior of , conditioned on ’sB wi

Sample environment from current posterior



Experiments
• Oracle HTS vs. HTS vs. GibbsLr-HTS (ours) 

• We consider two choices of tempering hyper parameter c ∈ {0.01,0.05}

c = 0.01 c = 0.05



Thank you for your attention!

In summary: 

1. Low-rank Hierarchical Gaussian Linear Bandits: A new setting that takes a 
Bayesian approach to multi-task linear bandits with a shared low-rank structure 

2. Gibbs, Low-rank Hierarchical Thompson Sampling: Preliminary algorithm that 
combines Gibbs sampling with Thompson sampling 

3. Preliminary experimental results 

Future Directions. 

1. Rigorous Bayes regret upper bound 

2. Is this the “right” algorithm? How to set the tempering hyperparameter?


