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Introduction

Standard LLM
Intu ition : Today we are going to learn about respiratory
Ta Sk. Pefson alized Conversation _ °_,° system. Let’s start with some hands-on activities.
o . . A
User-specific conversational recommendations. [ That sounds great! 1 enjoy hands-on actvitis! % O
oB
Predom i nanta pproaches: | Could you just tell me what I need to learn? :>

e 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:
e LLM learns during the conversation.
e LLM adapts its interaction style for personalized conversations. This paper:

Can we balance:
e exploration (learning about the user)
e exploitation (conversation rewards)?
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Background

Reinforcement Learning from Human

© Collect human feedback

AReddit post is
sampled from
the Reddit
TL;DR dataset.

Various policies
are used to
sample a set of
summaries.

Two summaries
are selected for
evaluation.

A human judges
which is a better
summary of the
post.

“jis better than k”

Ei,:l; JOHNS HOPKINS
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© Train reward model

One post with
two summaries
judged by a
human are fed
to the reward
model.

The reward
model
calculates a
reward r for
each summary.

The loss is
calculated based
on the rewards
and human label,
and is used to
update the
reward model.

loss = Iog(a(r/- r.)

T

%j is better than k™

© Train policy with PPO

Anew post is
sampled from the
dataset.

The policy
generates a
summary for the
post.

g -

A

<] <

The reward
model calculates
a reward for the
summary.

The reward is \2 !
used to update

the policy via

PPO r

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

Feedback (RLHF)

Alternative, e.g.,
chatbot response.

Hidden context, e.g.,
annotator identity.

N/

ula, z, (7
@2) Preference d(a)

learning

Sources of hidden context

Annotator identity in a population
with diverse preferences.

Internal mental states of a person
behaving irrationally.

Annotation instructions in a dataset
collected with multiple prompts.



Background

Personalizing Conversation
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Weights Functions Reward
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CURIO Overview

|
Standard LLM Personalized LLM
Py Today we are going to learn about respiratory o Today we are going to learn about respiratory
i system. Let’s start with some hands-on activities. = system. How do you usually prefer to learn?
oA OA
That sounds great! I enjoy hands-on activities! }> I prefer hands-on activities. F P
OB oB
Could you just tell me what I need to learn? => I usually learn best through stories. }> A
Intrinsic Motivation in User Modeling for Multi-Turn RLHF
E Belief on User Type E ]mprovements in Belief i Belief on User Type E .
: Hands-on: 50% b = > Hands-on: 10% — e End-of-Conversation
' Story: 50% E i PerTurn : Story: 90% : (Sparse) Reward
f --------------- i Curiosity Reward T ---------------- T
v
D 2
Conversation (=] Agent’s ;a User's | | User’s Final
History Utterance i Response Response

‘ l.lr J()HNS HOPKINS Figure 1
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CURIO User-conditioned RLHF

e Curiosity-driven User-modeling Reward as Intrinsic Objective
e Formulated as a Partially Observable Markov Decision Process (POMDP)
o Defined by (S, U, A, T,R,7)

weld — Usertype (hidden)

5, = (s;,u) — current conversation rollout (LM U user) + user type u
a; € A — Action = response generated by LM.

R:SxA—R — Reward function.

T:Sx A~ A@S) —  Transition dynamics 7 (5,11 | 8¢, a:) = T (Seq1 | St, a, u)

(‘~ = conditioned on user type u)

RLHF agent aims to maximize value VW(SO) =K [Z:io ’th(St, at) ’ 7T]

'Qi.l"y JOHNS HOPKINS Section 3
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CURIO User-conditioned RLHF

e Curiosity-driven User-modeling Reward as Intrinsic Objective
e LLMina POMDP environment:
o Maintains a “belief function” b, € A(U)
o Updates beliefat t+7as b, 1(u) o< T(Se1 | St, as, uw)be(u)

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

RP(st,be,ar) = by(u)R(se, a | w)
u
o Maximize cumulative reward:

V7™ (s0,b0) = Z’YtRb St,b¢,at) | ™, 80, b0
t—0

lefﬂ JOHNS HOPKINS Section 3.1
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CURIO

Intrinsic Rewards

VT (807b0 ZVtRb St7bt7at) | T 807b0
t=0

e Challenges

O

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.

e Proposed Solution:

O

O

'Qi.l"v JOHNS HOPKINS
’ WHITING SCHOOI
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Intrinsic Motivation (IM) to learn preferences out of “curiosity”, and then adapt.

Initialize a user model that takes s_{t+7} & predicts belief b;11(u) := b(u|si11)

Section 3.2 (Eqn. 3)



CURIO Intrinsic Rewards

e Proposed Solution:
o Intrinsic Motivation (IM) to learn preferences out of “curiosity”, and then adapt.
o Initialize a user model that takes s_{t+1} & predicts belief b;1(u) := b(u|si11)
e Allows for turn-based intrinsic rewards:
bir1(u*) — by (u*) e Improvement in accuracy over GT
H(b;) — H(b;r1) e Reduction in entropy

e CURIO framework:

o 4 different LMs: Policy, Environment, User, Reward.

'Qi.l"y JOHNS HOPKINS Section 3.2
" WHITING SCHOOI
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CURIO Framework

I
2 End-of-Conversation
—
* Extrinsic Reward REX! Reward Model
Propagate via Generalized Advantage Estimation (GAE) T_
: The Entire
Conversation
< Prompt 1 l < Prompt 2 ] i e < Prompt t I i < Prompt t+1 l ------ {
v v v é
Generation 1 Generation2 > ... Generationt >~ ... Generation T
4
T Conversation until # + 1 _i
Intrinsic Reward le <— Belief b(u|s,, ;) *+—
Policy Model b User Model

Belief b(u|s,) <

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.

extrinsic end-of-conversation reward.

‘ l.lr J()HNS HOPKINS Figure 2
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CURIO Metrics

Designing intrinsic rewards:
1. Potential-Based Reward Shaping (PBRS): Widely used in RL, extended to POMDPs.
o If ¢ defines a function over b, ¢ : A(U) — R
o Reward by adding the difference between agent’s belief at two timesteps:
r®(se, by, ar) = R°(se, by, ar) + vp(bes1) — d(by)
o Does not affect optimal policy; optimizing r° yields the same policy as V.

o 3 candidates for ¢ to incentivize improvement in user prediction:
Gace(b) = b(u"),  Progace (b) = logb(u”),  Gneg-em(b) = — Zb ) log b(u

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

'Qi.l"y JOHNS HOPKINS Section 3.3
" WHITING SCHOOI
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CURIO Metrics

Designing intrinsic rewards:
2.  Other reward shaping:
o Possible intrinsic curiosity rewards.

o Do not guarantee optimality of policy learning.

Potential-based Reward Shaping Other Reward Shaping
DiffAcc ’ybt+1(u*) — bt (u*) Acc bt+1(u*) — 1/|Z/{‘
DiffLogAcc ~vlogbi+1(u”) — logbs(u™) Ent log |U| — H(bi+1)
DiffEnt H(bt> — ’}/H(bt_}_l) InfoGain DKL [bt+1 (’LL) | ’bt (U)]

JOHNS HOPKINS ~ Section 3.3
’ WHITING SCHOOL 13



CURIO Research Questions

Personalization as the main objective:
1.  Can CURIO improve performance on personalization tasks?

e Conversational personalization: Exercise Recommendation
e LM recommends exercise strategy tailored to user’s lifestyle, health conditions etc.
e Synthetic dataset. Users have 20 attributes, LM picks 1 of 8 strategies.
e 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?
e Education Dialog dataset — LM selects 1 of 2 learning styles.

e Evaluated on Personalization & Conversation Quality.

‘q?ﬂ JOHNS HOPKINS Figure 2
14



CURIO Results

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

Baseline | Other Reward Shaping | Potential-based Reward Shaping

SFT MTRLHF | InfoGain Ent Acc DiffEnt DiffLogAcc DiffAcc
540 68.5(+14.5) | 63.0(+9.0) 82.0(+28.0) 84.0(+30.0) | 84.0(+30.0) 86.0(+32.0) 87.5(+33.5)

JOHNS HOPKINS Table 1
’ WHITING ¢ \‘\um 15



CURIO

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

Results

Baseline Other Reward Shaping Potential-based Reward Shaping

MTRLHF | InfoGain Ent Acc | DiffEnt DiffAcc DiffLogAcc
MTRLHF - 93.04 55.70  7.91 51.90 42.72 24.05
InfoGain 6.96 - 4241  0.00 29.11 9.18 0.63
Ent 50.00 57.59 - 39.56 43.35 49.05 44.62
Acc 92.09 100.00 60.44 - 70.57 85.13 64.87
DiffEnt 48.10 70.89 55.06 29.43 - 40.51 34.49
DiffAcc 57.28 90.82 50.95 14.87 59.49 - 34.81
DiffLogAcc 75.95 99.37 55.38 35.13 65.51 65.19 -

JOHNS HOPKINS
‘.\:r“ ‘l‘ Nh\][\‘ ]\(l ‘l‘\‘\“&“‘

Table 2
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CURIO Results

Education Dialogue: Side-by-side Auto Eval Results on Conversation Quality:

Baseline Other Reward Shaping Potential-based Reward Shaping

MTRLHF | InfoGain Ent Acc | DiffEnt DiffAcc DiffLogAcc
MTRLHF - 99.05 73.42 87.34 65.19 71.84 45.57
InfoGain 0.95 - 2.85 5.38 0.95 4.11 0.00
Ent 26.58 97.15 - 62.34 26.90 57.59 23.10
Acc 12.66 94.62 37.66 - 19.62 42.72 13.61
DiffEnt 34.81 99.05 73.10  80.06 - 78.73 31.65
DiffAcc 28.16 95.89 42.41  56.65 26.27 - 18.99
DiffLogAcc 54.43 100.00 76.90 86.39 68.35 81.01 -

JOHNS HOPKINS Table 3
’ WHITING ¢ \‘\um 17



CURIO

]
Training Curves (Smoothed)
1.0
0.9 1
0.8 - ,
. :
o .
E H
5 0.7 A :
o A\ o
I
0.6 1%
R N R R PP DiffAcc Train
s t —— DiffAcc Eval
’ MTRLHF Train
MTRLHF Eval
0.4

0

‘ l.lr ]()HNS HOPKINS

\\HIIIN( SCHOOIL
ENGINEERING

T T T T T T
5000 10000 15000 20000 25000 30000
Steps

Figure 3, 4

Results

Third Turn

0.6 1

0.5 A1

0.4

0.3

0.2

0.1

Baseline
- Ours

0.0

0

10k 20k 30k 40k 50k
Training Step

18



