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Recap: Supervised Learning
Given i.i.d training data, the goal is to make prediction on unseen data: 



Reinforcement Learning (RL)
In RL, an agent learns by interacting with an environment. 

Ø no training data
Ø maximize total rewards
Ø trial-and-error
Ø sequential and online



Successes of RL



Motivating Example: Movie Recommendation

n Goal: Recommending movies in real-time based on user 
preferences and behavior

n Sequential decision making: Refine recommendations 
by learning from dynamic user interactions and feedback



Motivating Example: Assortment Optimization

n Goal: Optimizing product assortments to maximize revenue 
and customer satisfaction

n Sequential decision making: Dynamically adjust assortments 
based on customer choices and demand trends



Motivating Example: Precision Medicine

n Goal: Tailor medical treatments based on individual 
patient data and health history

n Sequential decision making: Refine treatment plans by 
learning from evolving patient responses and feedback
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Bandits
Ø A classical method of online reinforcement learning
Ø What’s in a name? A tiny bit of history

n First bandit algorithm proposed by Thompson (1933)

n Bush and Mosteller (1953) were interested
in how mice behaved in a T-maze

n “Bandit’”because they steal your money

What is your strategy? (Exploitation-Exploration dilemma)



The Upper Confidence Bound (UCB) Algorithm 

“Whenever the value of an action is uncertain, consider its largest

plausible value, and then select the best action.”

Optimism in Face of Uncertainty

Upper Confidence Bound (UCB)  

𝑥! = argmax
"

𝑄!(𝑥) + 𝐶!(𝑥)

Confidence 
interval

(Exploration)

Estimated reward
(Exploitation)

UCB can efficiently solve the Exploitation-Exploration dilemma!

Auer et al., Machine Learning, 2002



Back to Movie Recommendation

Ø Multi-armed Bandit:

Ø Contextual Bandit: 
The features (or side information) are available!

n Player   à   Recommendation system 
n Arms     à   Movies
n Reward à   User Click 



Logistic model
Poisson model

⋮

n Click or not click  à   Binary
n Number of clicks à   Count

⋮

Back to Movie Recommendation

Ø Reward (User Click):
 

We focus on the Generalized Linear Contextual Bandits!

Generalized linear model 



Generalized Linear Contextual Bandit
Reward = 𝝁(< Features, parameter 𝜽>) + Noise

(𝑑×𝑑)

(𝑑×1)

q What if rank(𝜽) ≪ 𝒅?

𝜽 = +
𝒌"𝟏

𝒓

𝝈𝒊𝒖𝒊𝒗𝒊𝑻

Low-rank bandit [Kang et al. 2022, Lu et al. 2021]

~𝑑𝑟 unknowns

q Generalized linear contextual bandit [Filippi et al. 2010]

q What if 𝜽 is sparse? Lasso bandit [Oh et al. 2021]

n When the features are in vector form:

n When the features are in matrix form:

n What about higher order data form? 
⟹ Generalized low rank tensor bandits! (Our research)



Motivating Examples
Precision medicine: continuous reward (IC50)

Advertising placement: binary reward (click, not click) 



High-order (Tensor) Representation
n High-order data representation: Tensor

n A popular tensor decomposition method: Tensor SVD
efficient computations, solid mathematical foundations

n Characterization of low rankness: Tensor nuclear norm
ME Kilmer, PNAS, 2021



Generalized Low Rank Tensor bandit
Ø Problem formulation：

𝑦' = 𝜇 𝒳',𝒲∗ + 𝜂'
where · denotes the inner product, 𝜂' is random noise, and 𝒲∗ ∈
ℝ)!×)"×)# is an unknown parameter with the tubal rank 𝑟 ≪ min 𝑑+, 𝑑,

Ø Goal: Minimize the cumulative regret 
𝑅- = ∑'"+- 𝜇 𝒳∗,𝒲∗ − 𝜇 𝒳',𝒲∗

where 𝒳∗ = argmax
𝒳∈𝕏

𝜇⟨𝒳,𝒲∗⟩
Measurement



Algorithm

Ø Explore the low-rank subspace:

     (1) Randomly collect raw data (action features and reward), 

(2) Estimate 𝒲∗ by solving a tensor nuclear norm penalized minimization 



Algorithm

Ø Generalized linear contextual bandits with refined subspace:

(1) Using the above estimated low-rank subspace to make transformation

(2) Solve a low-dimensional generalized linear bandits (UCB-based algorithm)

i.e., choose the optimal arm according to
+ Confidence interval/uncertainty

(Exploration)
argmax Estimated reward

(Exploitation)



Theoretical Results
Comparison algorithms:

Ø Generalized linear bandits algorithm

Ø Generalized low-rank matrix bandits algorithm



Synthetic Data Experiments
The process of generating rewards:

Comparison analysis with other popular algorithms:



Operations Management Applications

Comparison analysis with other algorithms:

Applications:
(1) Linear case: Precision medicine (CCLE dataset). Choose the best 
treatment for patients with cancer.
(2) Binary logistic case: Movie recommendation (IMDB dataset). The 
system recommends [movie, director, actor] for each user.
(3) Poisson case: Topic modeling on multiway publications (Duke 
publications dataset). Study the optimal the [author, word, venue] triplet.



Operations Management Applications
Ø Hit Rate: measures the frequency of selecting the optimal arms

Ø A higher Hit Rate reflects a more precise selection of optimal arms



Neural Tensor Bandits
n Goal: To solve the optimization problem of nonlinear 

reward function in more complex tensor tasks

n Neural Tensor Bandits: Combined with deep learning 
and bandits, non-linear rewards can be better learned

demand preference

Nonlinear Reward



Neural Tensor Bandits



Experiments
The process of generating rewards:

Comparison analysis with other popular algorithms:
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What is Assortment Optimization?
The collection of goods or services that a business provides to
consumers.

Talluri and Ryzin, 2004, MS; Rusmevichientong, Shen and Shmoys, 2010, 
MS; Rusmevichientong, Sumida and Topaloglu, 2020, MS; Gao et al., 2021, 
OR; Will Ma, 2023, MS ...



Online Assortment Optimization



Online Assortment Optimization



Online Assortment Optimization



Online Assortment Optimization



Online Assortment Optimization



Online Assortment Optimization



Online Assortment Optimization



Challenges
l Large action space, actions in different decision stages are 

time-dependent
l The arrival order of customer types is unknown beforehand
l Hard to capture complex customer choice behaviour



Deep Reinforcement Learning
An agent learns by interacting with an environment 



Our DRL based Procedure



Problem Setting



MDP Formulation



Model Architecture



Policy Network



Training Algorithm - Advantage Actor-
Critic (A2C)



Comparison Methods



Simulation With Ground Truth 
Feedback



Simulation With Ground Truth 
Feedback



Offline LP Upper Bound



Impact of Simulators



Numerical Results I



Numerical Results I



Numerical Results II



Numerical Results II



Real-World Data Experiment



Real-World Data Experiment



Real-World Data Experiment



Real-World Data Experiment



Scalability Test



Extend to Reusable Products



Modification



Numerical Results III



Numerical Results III

https://github.com/DRL-OM/DRL-assortment
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Dynamic Treatment Regimes (DTRs) 

StateS1

Medical monitoring information

Treatment A1 Outcome R1

Patient

StateS2 StateSt… StateSt+1

Treatment A2 Outcome Rt Treatment At



Distributed Learning

local estimate communication synthesization

Ø Distributed learning based on a 
divide-and-conquer strategy

Ø Data silo



Q-Learning



Least Squares Formulation for Q-Learning
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Kernel-based Q-Learning
Kernel Ridge Regression (KRR) to solve
Ø Formulation:

Ø Advantages: Stable, highly accurate, interpretable

The reasons for using kernel-based Q-learning:
Ø Strong generalization guarantees 
Ø Various scalable kernel method variants provide guidance
Ø Better generalization than linear methods and lower 

computational cost than deep Q-learning

[ ]( ) |f x E y xr =



Distributed Q-Learning: DKRR-DTR
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Theoretical Results

Ø The proposed DKRR-DTR possesses all the advantages of non-distributed 
learning version KRR-DTR.

Ø The computational cost is +
1" times smaller than that of KRR-DTR.

the number of data subsets
the total number of samples

prediction accuracy 



Clinical Trials for Cancer Treatment

A small number of treatment options



Clinical Trials for Cancer Treatment

A large number of treatment options
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