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Multi-Turn Agent-User Interaction

1

Personalized Task: Book Travel Plan

Need User-Preference-Tailored Decision Making



Proactive Agent vs. Passive Agent
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Smart agent should proactively gather personal information 
from the users.



Challenge: Balancing Performance and User Engagement

3

Proactive agent has the risk of reducing user satisfaction

Passive Agent

[ans]

“Sharp” Agent

…?

…?

[ans]Annoying Agent

…?

…?

…?
[exit]

…



Problem Formulation: Multi-Objective Contextual MDP
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Contextual MDP:

Reward function:

Transition dynamics:

Action Space:
User-involved actions + Environment-involved actions 

Context c: User profile/persona, underlying intension

Goal: Pareto optimal of and

User Engagement:

Task Performance:



Natural Multi-Objective Optimization Does Not Work
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Directly weighting two objective functions will not work

Task performance User engagement



This Work: Behavior Regularization

6

Useful Inter-Turn Behaviors

• Prospective Planning: envisioning future

• Retrospective Reasoning: memorizing past

(1) Hypothesis Refinement

(2) Memory management

(1) Dynamic Scheduling

(2) Strategical Querying

Yao, Y., Cen, Z., Lin, H., Liu, S., Liu, Z., Zhu, J., Hong, Z.W., Shi, L. and Zhao, D., 2026. Pushing Forward Pareto Frontiers of 
Proactive Agents with Behavioral Agentic Optimization. Under Review
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• Hypothesis Refinement: avoid redundant reasoning without sufficient 
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• : the budget of interaction turns
• : the actual length of the failure trajectory

Behavior regularization through reward shaping



This Work: Behavior Regularization

• Hypothesis Refinement: avoid redundant reasoning without sufficient 
user engagements

• : the budget of interaction turns
• : the actual length of the failure trajectory

• Strategical querying: stop consecutive request of user engagement

Behavior regularization through reward shaping

7

Yao, Y., Cen, Z., Lin, H., Liu, S., Liu, Z., Zhu, J., Hong, Z.W., Shi, L. and Zhao, D., 2026. Pushing Forward Pareto Frontiers of 
Proactive Agents with Behavioral Agentic Optimization. Under Review



Training Pipeline: Behavior Regularization
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SFT

• SFT: use behavior enhanced data with teacher model’s help

• RLVR: use behavior regularized reward with GRPO

RLVR

Yao, Y., Cen, Z., Lin, H., Liu, S., Liu, Z., Zhu, J., Hong, Z.W., Shi, L. and Zhao, D., 2026. Pushing Forward Pareto Frontiers of 
Proactive Agents with Behavioral Agentic Optimization. Under Review



Experimental Settings
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 Evaluation benchmark: user-centric tasks in UserRL

Cheng Qian, et al. "Userrl: Training interactive user-centric agent via reinforcement learning." arXiv 
preprint arXiv:2509.19736 (2025).

 Baselines

• Multi-turn interaction (~15)

• Tool-use integrated

• Simulated users

• Rule-based RM and LLM-as-judges

• Commercial and Open-source models, 

• RL models (UserRL): same SFT seed data,  teacher model, and RL data

• 1. Task performance: Pass@U-k: Pass rate with k user engagement actions per trajectory

• 2. User engagement Ratio (UR): ratio of user-involved actions

 Metrics



Main Results

Prior RL baseline struggle with proactive agent tasks:
low performance and high user engagement

The proposed BAO is efficient in proactive agent tasks
10



Main Results

Behavior Enhancement via SFT and Behavior Regularization via RLVR 
Jointly Push Forward the Pareto Frontier

Optimizing Two Objectives without An Explicit Weighted Sum:
Implicit Behavior Regularization

11



Behavior Injection Helps Exploration

Behavior Injection Promotes Answer Diversity

Similarity in NLP Semantic similarity Similarity in NLP Semantic similarity
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Yao, Y., Cen, Z., Lin, H., Liu, S., Liu, Z., Zhu, J., Hong, Z.W., Shi, L. and Zhao, D., 2026. Pushing Forward Pareto Frontiers of 
Proactive Agents with Behavioral Agentic Optimization. Under Review



Behavior Injection Reduce Reward Hacking

Failure cases: repeatedly generating long answers to confuse LLM as judges

Hu
ge

 h
ac

ki
ng

 g
ap

Hu
ge

 h
ac

ki
ng

 g
ap

Ev
al

 G
ai

n

Train: Qwen3-8B as judges Eval: GPT-4o as judges
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Yao, Y., Cen, Z., Lin, H., Liu, S., Liu, Z., Zhu, J., Hong, Z.W., Shi, L. and Zhao, D., 2026. Pushing Forward Pareto Frontiers of 
Proactive Agents with Behavioral Agentic Optimization. Under Review
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Pipeline of Decision-Making AI

Training Deployment

2



Robotics1 Clinical treatments2 [1] Logistics Business
[2] Cleveland Clinics

Pipeline of Decision-Making AI

Training Deployment

Accessible
Environments

2

Pick up boxes



Pipeline of Decision-Making AI

Training

Data &
Information

Learning
Algorithm

Deployment

Accessible
Environments

Human Demonstrations1 Optimization

[1] Zhao, Tony Z., Vikash Kumar, Sergey Levine, and 
Chelsea Finn. "Learning fine-grained bimanual 
manipulation with low-cost hardware." arXiv preprint 
arXiv:2304.13705 (2023). 2
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Is AI Ready for Real-World Applications?
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Is AI Ready for Real-World Applications?

III. Not robust to uncertaintyI. Data shortage
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III. Not robust to uncertaintyI. Data shortage

Calls for Data Efficiency Calls for Robust Performance
against Risk & Uncertainty

4



Can we design data-efficient & robust AI?



Current Methods Gain Robustness by Sacrificing Efficiency
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Enhance Dataset: larger and more diverse

[Yu, et al., '21]

Sacrifices Data Efficiency

Current Methods Gain Robustness by Sacrificing Efficiency

5
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Is Sacrificing Data Efficiency Necessary for Robustness?



My Work
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Is Sacrificing Data Efficiency Necessary for Robustness?



Robustness Without Sacrificing Data Efficiency

III. Not robust to uncertaintyI. Data shortage
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Robustness Without Sacrificing Data Efficiency

RobustnessData efficiency

7

I: Robust decision-making
without sacrificing data efficiency



RL: Markov Decision Process (MDP)

An agent learns by interacting sequentially with an environment

• : state space
• : action space
• : unknown immediate reward
• : unknown transition probabilities

environment

9



RL: Markov Decision Process (MDP)

An agent learns by interacting sequentially with an environment

• : state space
• : action space
• : unknown immediate reward
• : unknown transition probabilities

Goal: find a policy that

environment

Value function: long-term return 9



RL is Not Robust to Environmental Shift

Training

Control arm to open the door

10“Seeing is not Believing: Robust Reinforcement Learning against Spurious Correlation” [D*S*CZ, ’23]
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“Seeing is not Believing: Robust Reinforcement Learning against Spurious Correlation” [D*S*CZ, ’23] 10



RL is Not Robust to Environmental Shift

Control arm to open the door

Deployment

Standard RL Fails

Training

Shift

Environmental shift occurs frequently
• Sim-to-real gaps: robotics, self-driving cars…
• Disparities: supply chain, healthcare systems, computer vision…
• System noise: hardware, technician…
• Sudden events: wildfire, traffic accidents…

10“Seeing is not Believing: Robust Reinforcement Learning against Spurious Correlation” [D*S*CZ, ’23]



A Pressing Need:
Robustness against Environmental Shift



Deployment

Shift

This Talk: Distributionally Robust RL

Training

Robust RL in training and shifted envs

11



Deployment

Shift

This Talk: Distributionally Robust RL

Training

Robust RL in training and shifted envs

Robust RL fosters the emergence of smarter solutions

11“Seeing is not Believing: Robust Reinforcement Learning against Spurious Correlation” [D*S*CZ, ’23]
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Modeling Environment Uncertainty

DeploymentTraining (nominal)

…

Uncertainty set of the deploying environment around :
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Modeling Environment Uncertainty

DeploymentTraining (nominal)

Uncertainty set of the deploying environment around :

Measures the divergence

12



Data Collection from a Generative Model
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[Kearns and Singh, ’1999]

Dataset:

=
Data from
training

(unknown
nominal )

Generative model

Nominal
(Training env)
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Dataset:

Data Collection from a Generative Model

Query Data

……
13

[Kearns and Singh, ’1999]

=

Generative model

Nominal
(Training env)

Data from
training

(unknown
nominal )



Robust RL (vs. Standard RL)

Standard RL

Robust RL
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Standard RL

Robust RL

Optimize over training
environment

Value function:
Agent’s objective

Robust RL (vs. Standard RL)

Training

Identical

Deployment

Training

Shifted

Deployment
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Robust RL

Standard RL
Training

Identical

Deployment

Training

Shifted

Deployment

Optimize over training
environment

Value function:
Agent’s objective

Robust RL (vs. Standard RL)
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Robust RL

Standard RL
Training

Identical

Deployment

Training

Shifted

Deployment

Optimize over training
environment

Optimize the worst-case over
(shifted) deployed environment

Value function:
Agent’s objective

Measures the worst-case performance of the policy when the
deployed environment uncertainty set

Robust RL (vs. Standard RL)

14

Data from
training

(unknown
nominal )



Robust RL

Standard RL

Optimize over training
environment

Optimize the worst-case over
(shifted) deployed environment

Value function:
Agent’s objective

Robust RL involves an additional inner optimization problem

Robust RL (vs. Standard RL)

14

Data from
training

(unknown
nominal )



Solving a RL problem: finding an –optimal policy

Robust RL

Optimize the worst-case over
(shifted) deployed environment

Standard RL

Optimize over training
environment

15

Data from
training

(unknown
nominal )



Goal: find an 𝜀𝜀-optimal �𝜋𝜋:

Goal: find an 𝜀𝜀-optimal �𝜋𝜋:
Robust RL

Optimize the worst-case over
(shifted) deployed environment

Standard RL

Optimize over training
environment

15

Data from
training

(unknown
nominal )

Solving a RL problem: finding an –optimal policy



Robustness-Data trade-off? Is there a statistical premium 
that one needs to pay in quest of additional robustness?

Does solving robust RL
need more data?Robust RL

Optimize the worst-case over
(shifted) deployed environment

Standard RL

Optimize over training
environment

16

Data from
training

(unknown
nominal )



My Work:

Robustness in RL Without Extra Data Cost
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Data cost

Standard RL
upper & minimax lower bound

Robust RL with Total Variation

Is extra data
cost necessary?

?

Robust RL upper bound
[Panaganti and Kalathil, 2022]

TV:

17
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Data cost

Standard RL
upper & minimax lower bound

Robust RL with Total Variation

?

Robust RL upper bound
[Panaganti and Kalathil, 2022]

What is the
minimum?

?

Robust RL minimax lower bound
[Yang, et al., 2022]

Unclear benchmarking with standard RL

TV:

Is extra data
cost necessary?

17

Size of uncertainty



Data cost

Standard RL
upper & minimax lower bound

Size of

Robust RL upper & minimax lower bound
[Shi, et al., minor revision at OR, (NeurIPS 2023)]

Our Insights on Robust RL with Total Variation

“The Curious Price of Distributional Robustness in Reinforcement Learning with a Generative Model” [Shi, et al., ’23]

Robust RL Requires No Additional Data Cost than Standard RL

18



Can we Always Achieve Robustness without Paying More Data?



Robust RL with 𝐿𝐿𝑝𝑝 Norms (𝑝𝑝 ≥ 2) 𝐿𝐿𝑝𝑝 Norms:

20



Data cost

Standard RL
upper & minimax lower bound

Robust RL with 𝐿𝐿𝑝𝑝 Norms (𝑝𝑝 ≥ 2)

Robust RL upper & minimax lower bound
[Clavier, Shi, et al., NeurIPS 2024]

Robust RL Requires No Additional Data Cost in More General Cases

“Near-Optimal Distributionally Robust Reinforcement Learning with General Lp Norms“ [Clavier, Shi, et al., ’24]

𝐿𝐿𝑝𝑝 Norms:

20

Size of uncertainty



Robust RL with 𝜒𝜒2 Divergence 𝜒𝜒2 Divergence:

21



Data cost

Robust RL with 𝜒𝜒2 Divergence

Robust RL
Upper bound

[Shi, et al. 2025]

Robust RL Minimax
Lower bound

[Shi, et al. 2025]

Standard RL
upper & minimax lower bound

“The Curious Price of Distributional Robustness in Reinforcement Learning with a Generative Model” [Shi, et al., ’25]

𝜒𝜒2 Divergence:

21
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Data cost

Robust RL with 𝜒𝜒2 Divergence

Robust RL
Upper bound

[Shi, et al. 2025]

Robust RL Minimax
Lower bound

[Shi, et al. 2025]

Standard RL
upper & minimax lower bound

“The Curious Price of Distributional Robustness in Reinforcement Learning with a Generative Model” [Shi, et al., ’25]

𝜒𝜒2 Divergence:

21

Size of uncertainty

Robust RL Need More Data than Standard RL



Takeaway: Enhancing Robustness in RL Without Extra Data Cost

TV & 𝐿𝐿𝑝𝑝 uncertainty 𝜒𝜒2 uncertainty

Be mindful when designing the robust RL formulation!

22
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Technical Challenges and Intuitions

22+

• Goal: control the error terms based on estimate

• TV:
• The error is linear w.r.t. :

• The range of the worst-case objective is smaller than



• 𝜒𝜒2 Divergence :
• The error is non-linear and sensitive w.r.t.

Heterogeneous instance-dependent
geometry of the uncertainty set

• TV:
• The error is linear w.r.t. :

Homogeneous instance-independent
geometry of the uncertainty set

22+



Robust Gymnasium: A Unified Modular Benchmark for Robust Reinforcement Learning
[Gu*, Shi*, et al., ICLR ’25]

Going Beyond Theory: A Unified Robust RL Benchmark

23



SPiDR: A Simple Approach for Zero-Shot Safety in Sim-to-Real Transfer. [Neurips ’25]

Going Beyond Theory: Robust RL Applications

24

Robust zero-shot safe sim-to-real transfer for robotics

SPiDR (Ours) Baseline









Robust resource allocation against varying user demand in 5G2

Robust autonomous driving against unobserved uncertainty1

1[Ding*, Shi*, et al., NeurIPS ’23] 2[Wang, Shi, et al., UAI ’24]

Demand in training Demand in deployment

Going Beyond Theory: Robust RL Applications

24



Foundation and methodology

Further Opportunities of Robust RL

Applications for uncertain environments

25
[LMMBZZ, ’23], [SC, JMLR, ’24], [BLZZ, ’24], [D*S*CZ, ’23], [CSPMWG, ’24], [WSC, ’24], [DLWZ, ’22], [LZZB, ’24],
[SMCW, ’24], [S*G*MCW, ’24], [M*P*S*, ’24], …

Different uncertainty sets Data collection mechanisms Multi-agent systems

Robotic safety Resource allocation Post-training

…

…
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