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Intuition: 
Task: Personalized conversation –   

User-specific conversational recommendations.

Predominant approaches: 

● RLHF: treats all users as a homogeneous group.
● Reward-modeling: requires additional user-specific training.

Limitation: Existing approaches are limited in scope & require rich data in advance.
CURIO allows for online personalization:

● LLM learns during the conversation.
● LLM adapts its interaction style for personalized conversations.

Introduction

This paper: 
Can we balance:
● exploration (learning about the user) 
● exploitation (conversation rewards)?
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Reinforcement Learning from Human Feedback (RLHF) 

Background

Learning to summarize from human feedback
Distributional Preference Learning: Understanding and Accounting for Hidden Context in RLHF
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Personalizing Conversation

Background

Personalizing Reinforcement Learning from Human Feedback with Variational Preference Learning
Language Model Personalization via Reward Factorization
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Figure 1

CURIO Overview
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CURIO

● Curiosity-driven User-modeling Reward as Intrinsic Objective

● Formulated as a Partially Observable Markov Decision Process (POMDP)

● Defined by 

→ User type (hidden)

→ current conversation rollout (LM ∪ user) + user type u

→ Action = response generated by LM.

→ Reward function.

→ Transition dynamics

(‘~’ = conditioned on user type u) 

RLHF agent aims to maximize value  

Section 3

User-conditioned RLHF
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CURIO

● Curiosity-driven User-modeling Reward as Intrinsic Objective

● LLM in a POMDP environment:

○ Maintains a “belief function”   

○ Updates belief at t+1 as

○ Compute expected rewards over this (uncertain) belief distribution:

○ Maximize cumulative reward:

Section 3.1

User-conditioned RLHF
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CURIO

● Challenges

○ Personalization success can typically only be evaluated at the end of a 

conversation. Sparse rewards => difficulty learning good early-turn actions.

○ Data imbalance among user groups => perform well only on majority group, 

discouraging exploration with other users.

● Proposed Solution:

○ Intrinsic Motivation (IM) to learn preferences out of “curiosity”, and then adapt.

○ Initialize a user model that takes s_{t+1} & predicts belief 

Section 3.2 (Eqn. 3)

Intrinsic Rewards
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CURIO

● Proposed Solution:

○ Intrinsic Motivation (IM) to learn preferences out of “curiosity”, and then adapt.

○ Initialize a user model that takes s_{t+1} & predicts belief 

Section 3.2

Intrinsic Rewards

● Allows for turn-based intrinsic rewards:

● Improvement in accuracy over GT

● Reduction in entropy

● CURIO framework:

○ 4 different LMs: Policy, Environment, User, Reward.
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Figure 2

CURIO Framework

Policy model: Engages in multi-turn conversation with Environment model.

Environment model: Simulates the human user.

User model: Predicts user type at each turn, based on s_t. These give us turn-based rewards.

Reward model: extrinsic end-of-conversation reward.
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CURIO

Designing intrinsic rewards:

1. Potential-Based Reward Shaping (PBRS): Widely used in RL, extended to POMDPs.

○ If ϕ defines a function over bt

○ Reward by adding the difference between agent’s belief at two timesteps:

○ Does not affect optimal policy; optimizing rb yields the same policy as V𝜋.

○ 3 candidates for ϕ to incentivize improvement in user prediction:

○ .

○ .

○ Accuracy, log-accuracy and negative entropy of distribution of beliefs about the user.

Section 3.3

Metrics
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CURIO

Designing intrinsic rewards:

2. Other reward shaping: 

○ Possible intrinsic curiosity rewards.

○ Do not guarantee optimality of policy learning.

Section 3.3

Metrics
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Figure 2

CURIO Research Questions

Personalization as the main objective:

1. Can CURIO improve performance on personalization tasks?

● Conversational personalization: Exercise Recommendation

● LM recommends exercise strategy tailored to user’s lifestyle, health conditions etc.

● Synthetic dataset. Users have 20 attributes, LM picks 1 of 8 strategies.

● Requires multiple turns eliciting information before choosing a strategy. 

Personalization as a component of a larger task:

2. Can CURIO effectively personalize conversations when it is not the ultimate objective?

3. How does user learning affect conversation quality?

● Education Dialog dataset – LM selects 1 of 2 learning styles.

● Evaluated on Personalization & Conversation Quality.
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Table 1

CURIO Results

Success Rates (%) of different models over Exercise Recommendation:
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Table 2

CURIO Results

Education Dialogue: Side-by-side Auto Eval Results on Personalization:



                
17

Table 3

CURIO Results

Education Dialogue: Side-by-side Auto Eval Results on Conversation Quality:
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Figure 3, 4

CURIO Results


