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Abstract
Prompt-based offline methods are commonly used to opti-
mize large language model (LLM) responses, but evaluating
these responses is computationally intensive and often fails
to accommodate diverse response styles. This study intro-
duces a novel online evaluation framework that employs a
multi-agent conversational bandit model to select optimal re-
sponses while aligning with user preferences dynamically. To
tackle challenges such as high-dimensional features, large re-
sponse sets, adaptive conversational needs, and multi-device
access, we propose MACO, Multi-Agent Conversational On-
line Learning, which comprises two key components: (1)
MACO-A: Executed by local agents, it employs an online
elimination mechanism to filter out low-quality responses. (2)
MACO-S: Executed by the cloud server, it adaptively adjusts
selection strategies based on aggregated preference data. An
adaptive preference mechanism triggers asynchronous con-
versations to enhance alignment efficiency. Theoretical anal-
ysis demonstrates that MACO achieves near-optimal regret
bounds, matching state-of-the-art performance in various de-
generate cases. Extensive experiments utilizing Google and
OpenAI text embedding models on the real-world datasets
with different response styles, combined with Llama and
GPT-4o, show that MACO consistently outperforms baseline
methods by at least 8.29% across varying response set sizes
and numbers of agents.

1 Introduction
Large Language Models (LLMs) have profoundly trans-
formed the technological landscape of society (Zhu et al.
2025; Han et al. 2025; Zhang et al. 2024). A critical re-
search direction is how to optimize responses from LLMs
by exploring prompts (Liu et al. 2023). Currently, the re-
search community is actively refining evaluation method-
ologies, such as prompt engineering (Guo et al. 2023; Pan
et al. 2023; Pryzant et al. 2023), to automatically enhance the
accuracy of LLM responses and their alignment with user
preferences. This process is collectively termed “LLM re-
sponse identification.” In the offline phase, prompt-driven
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approaches generate diverse response styles and formats.
However, the complexity and diversity of response styles
(Zhang et al. 2025a; Li et al. 2024) pose significant chal-
lenges. Currently, LLM response evaluation relies on offline
pointwise scoring, assigning independent scores to each re-
sponse (Liu et al. 2025b). This evaluation approach often
requires generating numerous candidate responses and scor-
ing them individually, which is time-consuming and compu-
tationally expensive due to the resource-intensive nature of
LLM inference and evaluation metrics (Hu, Leung, and Far-
nia 2025; Zhang et al. 2025b). For instance, evaluating 205
zero-shot prompts on 784 GSM8K questions using Mistral-
7B requires 78 Nvidia A6000 GPU hours (Zhou et al. 2025).
In contrast, online evaluation restricts the candidate response
set, enabling efficient identification of optimal responses.

Python(key term) C (key term)
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Code of recursion:

Response 2
Code of recursion:

Which LLM response do you prefer?
Your choice will help make ChatGPT better.

def factorial(n):
    """
  Calculate 
  factorial 
  using recursion
    """

#include <stdio.h>
// Calculate 
factorial 
using recursion

Java (key term)

Response 3
Code of recursion:

public class 
Factorial {
    public static 
int factorial(int 
n) { }}

Conver-
sation on
 key term User

Online evaluate 
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Figure 1: Evaluation aligned with online user feedback.

This study investigates the “online” evaluation of a cu-
rated set of candidate responses to select the optimal one.
An attractive feature of online evaluation is its capability
to adapt to personalized user preferences, such as humor-
ous or formal tones, while ensuring high response quality.
Although prior work (e.g., (Rafailov et al. 2024)) has ex-
plored preference optimization, it is often limited to binary
“like/dislike” judgments. As preference demands grow in-
creasingly diverse, LLM response identification must align
with human preferences. To achieve alignment with hu-
man preferences, LLM response selection must prioritize
both quality and user preference alignment. Traditional ap-
proaches rely on offline human quality control to build re-
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sponse pools with diverse styles, grouping responses by key
terms (e.g., “C/C++” or “humorous tone”) (Zhang et al.
2020; Wu et al. 2021; Zhang et al. 2014), where these key
terms can generalize to related responses for enabling pref-
erence inference. Our online frameworks take this further
by allowing agents to directly query users about preferences
on key terms, thereby advancing and improving the pref-
erence alignment process. For example, as shown in Fig.
1, when ChatGPT presents different code styles of recur-
sion, user online feedback on programming style can op-
timize subsequent responses, enhancing preference align-
ment accuracy. However, multi-device access through dis-
tributed agents (e.g., queries on the Poe AI platform (Poe
2024) across smartphones, tablets, and desktops) generates
fragmented and heterogeneous preference data, complicat-
ing the alignment process.

To adaptively identify suitable responses from an initial
offline response set and align with human preferences, we
adopt an “online contextual conversational bandit frame-
work”, a dynamic and interactive response selection mecha-
nism. Specifically, the server treats each potential LLM re-
sponse as an “arm” and employs multi-armed bandit (MAB)
algorithms to actively evaluate and select the next “arm”
for response identification. Using this contextual conversa-
tional bandit framework, the server can also query users
about preferences for key terms (e.g., humorous or serious
tone) (Lei et al. 2020; Xie et al. 2021a), accelerating pref-
erence learning and alignment. However, existing conver-
sational bandit methods fall short in addressing the unique
challenges of LLM response identification, which include:

❶ Existing preference-aware bandit models, primarily
used in recommendation systems (Wu et al. 2021; Liu
et al. 2022), typically employ singular value decomposition
(SVD) to extract low-dimensional feature vectors. However,
the complex semantic information in LLM responses results
in high-dimensional feature spaces (Cheng et al. 2025), sig-
nificantly increasing computational complexity.

❷ Most conversational bandits assume an infinite arm
framework (Liu et al. 2025a; Lei et al. 2020). In contrast,
prompt engineering typically generates a large but finite
set of responses as candidates. Current elimination-based
contextual bandit algorithms can handle finite arm sets but
rely on computationally intensive G-optimal designs (Huang
et al. 2021; Lattimore and Szepesvári 2020; Li, Liu, and Lui
2024) to determine response selection distributions.

❸ Existing conversational bandit studies (Wang et al.
2023; Zhang et al. 2020; Dai et al. 2024b) use predefined
functions to control conversational frequency, which typi-
cally follow a fixed sequence of engagements to initiate a
specific number of conversations. But this fixed interaction
model struggles to adapt to the dynamic needs of LLM re-
sponse identification, failing to adaptively adjust the direc-
tion and frequency of key term conversations.

❹ As mentioned, the multi-device access inherent to
LLMs significantly complicates conversational design. Ex-
isting conversational bandit methods are limited to single-
agent scenarios and fail to address multi-device data ac-
cess and processing, hindering efficient preference align-
ment. Conversely, existing multi-agent bandit studies multi-

agent bandit studies (Huang et al. 2021; Lin and Moothedath
2023; Wang et al. 2020) require local agents to upload user
feedback or share identical arm sets, potentially leading to
reduced flexibility and increased communication costs.

This paper makes the following contributions:
• Model Formulation: We design a multi-agent frame-

work for online evaluation and selection of LLM responses,
enhancing offline evaluation methods by incorporating user
preferences for alignment, and implementing a centralized
mechanism to achieve decision consensus among agents.

• Algorithm Design: We propose MACO, multi-agent
conversational online learning, comprising MACO-A (exe-
cuted by local agents) and MACO-S (executed by cloud
server). MACO-A employs an online elimination mechanism
to quickly filter out low-quality responses, while MACO-S
dynamically adjusts selection strategies based on aggregated
preference data. Our adaptive preference mechanism trig-
gers conversations only when necessary, thus aligning with
human preferences more efficiently.

• Theoretical Analysis: We rigorously prove regret upper
and lower bounds for our proposed MACO, demonstrating
near-optimal performance. The innovative conversational
mechanism maintains performance while controlling com-
munication costs at O(d2M log T ), eliminating the need for
computationally intensive G-optimal designs used in tradi-
tional elimination-based bandits.

• Empirical Validation: Extensive experiments are con-
ducted using two text embedding models from Google
and OpenAI, on open-source LLM Llama and real-world
datasets. Results demonstrate that the MACO significantly
outperforms baselines across varying response set sizes and
agent counts. Moreover, MACO reduces time overhead sub-
stantially, while preserving performance.

2 System Model
This section formulates the multi-agent conversational ban-
dit for online LLM response evaluation and selection. For
any vector x and a positive semi-definite matrix M , let
∥x∥M :=

√
xTMx. Denote the cardinality of a set A as

|A| and [z] := {1, . . . , z} for ∀z ∈ N+.

2.1 Online LLM Response Identification
We define the set of local agents as M with |M| = M ,
which represent devices such as smartphones, laptops, and
tablets. For any local agent m ∈ M, the finite arm set of
LLM responses is denoted as Am, which represents pos-
sible responses generated from various prompts. Given the
heterogeneity of agents, different local agents may have dif-
ferent arm sets. As mentioned in Section 1, traditional offline
techniques (e.g., prompt engineering) can help to construct a
set of initial responses, but due to the diversity of LLM out-
puts and user preferences, it is essential to online evaluate
LLM responses and select the optimal one, despite having
an offline initiatory set of LLM responses. Our model adopts
a time-slotted approach, denoted by discrete-time rounds
T = {1, 2, 3, . . . , T}, where each local agent selects one
arm, i.e., LLM response, at each round t ∈ T .
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2.2 Multi-Agent User-Personalized Bandits
We consider a multi-agent conversational bandit setting in-
volving M agents and a cloud server. At each round t ∈ T ,
a local agent m ∈ M selects an arm am,t ∈ Am, which
denotes one possible LLM response, and receives reward
feedback rm,t reflects the user satisfaction. The user’s pref-
erence for LLM responses is represented by an “unknown”
preference feature vector θ∗ ∈ Rd, which all local agents
aim to learn. For a local agent m ∈ M, considering both
the impact of the LLM response and the unknown user pref-
erence, the reward can be expressed as a linear combination
with a noise term ηm,t: rm,t = ⟨xam,t

,θ∗
t ⟩ + ηm,t, where

xam,t ∈ Rd is the embedding feature vector of the response,
to capture the textual information (Bubeck et al. 2023; Liu
et al. 2023). We will demonstrate the generalization of our
model using two different open embedding approaches in
Section 5. Our objective is to design a policy that evaluates
and selects arms (i.e., LLM responses) each round to min-
imize cumulative regret, defined as the difference between
the cumulative rewards of our policy and the best unknown
policy across all local agents, tailored to personalized user
preferences, which is defined as (Abbasi-Yadkori, Pál, and
Szepesvári 2011; Dai et al. 2024c; Wu et al. 2021):

RM (T ) =

M∑
m=1

T∑
t=1

(
xT
a∗
m,t

θ∗
t − xT

am,t
θ∗
t

)
, (1)

where a∗m ∈ argmaxa∈Am
xT
aθ

∗ denotes the optimal arm
with the highest expected reward at local agent m ∈ M.

2.3 Conversational Contextual Mechanism
To adapt to and align with personalized user preferences, the
cloud server also queries users’ local agents for feedback,
beyond selecting arms. However, directly using all responses
risks information dispersion, where ambiguous or overlap-
ping groupings hinder clarity. To counter this, as shown in
Fig. 2, we adopt the classical key terms concept (Zhang et al.
2020; Wu et al. 2021; Zhang et al. 2014; Li et al. 2024) to
group related arms under core concepts, e.g., “C/C++” or
“humorous tone”. Feedback on a key term applies only to
its associated arms, enabling efficient preference inference
with minimal interaction. In our multi-agent framework, lo-
cal agent m queries a user with key term km ∈ Km ⊆ K
based on prompt y. Feedback, given user preference and
noise η̃m,t, is modeled as: r̃km,t = ⟨x̃km,t

,θ∗
t ⟩+η̃m,t, where

x̃k ∈ Rd is the embedding vector of key term k. Unlike
prior conversational bandits (Zhang et al. 2020; Wu et al.
2021; Zhao et al. 2022), which use fixed conversation sched-
ules (e.g., linear or logarithmic in round t) that may query
unnecessarily, our algorithm (detailed in Section 3) queries
adaptively, engaging users only when needed to refine pref-
erence estimates, improving efficiency and user experience
(see Section 4 for detailed comparisons).

2.4 Distributed Communication Model
We consider a distributed model with M local agents and
a cloud server, adopting a synchronous communication
paradigm. In this setup, as shown in Fig. 2, each local

Conversation 
on Key Term

Conversational 
feedback

User

LLM
response

Arm 
feedback

LLM

Cloud Server

Loal 
Agent

Locally stored 
user data

Offline generated 
arm candidates

Response
interaction

Figure 2: Multi-agent conversational bandit framework for
online selecting LLM responses: Local agents handle response
selection (arms), while a central server manages conversation flow
through key term selection. Server aggregates interaction data
across multiple agents to accelerate user preference learning.

agent communicates with the cloud server by uploading and
downloading data with negligible latency. Moreover, the lo-
cal agents do not directly communicate with each other.
For simplicity, we focus on discrete-slot rounds solely for
recording the selected arm. Querying key terms is inter-
spersed with identifying LLM responses, allowing a key
term to be queried and an arm to be pulled simultaneously.
This aligns with the practical operations of conversational
LLM systems. Consistent with (Huang et al. 2021), we
define the standard communication cost as the cumulative
count of scalar units transmitted between the cloud server
and local agents, including both integers and real numbers.

3 Algorithm Design
We present the design of multi-agent conversational online
learning (MACO) algorithms. Then, we compare our design
to the traditional phase elimination-based online learning al-
gorithms. At a high level, multi-agent conversational bandits
face the issue of agent heterogeneity: naively aggregating
data across agents does not necessarily lead to better user
preference estimation. To mitigate this, the central algorith-
mic challenge lies in how to guide exploration toward un-
derrepresented directions in the feature space, ensuring ac-
curate preference estimation across all relevant dimensions,
with rigorous theoretical interpretability.

3.1 MACO Algorithm on Local Agent
As outlined in Algorithm 1, which is executed by the lo-
cal agents and referred to as MACO Agent (MACO-A),
the online process of handling and updating information for
LLM response evaluation within the multi-agent system op-
erates as follows. Define T p

m,a as the set of rounds where
local agent m selects arm a in phase p, T̃ p

m,k as the set
of rounds when agent m conducts interaction on key term
k in the same phase (like Fig. 1), and A ≤ |A| as the
size of actually pulled arms from the LLM response set at
each round. During each phase p, the local agent m ∈ M
computes the information matrix Mp

m from its active arm
set Ap

m (later updated in Line 13). Specifically, Mp
m :=
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Algorithm 1: MACO on Local Agent (MACO-A)
Input: Local agent count M , input dimension d, arm pool

size A, confidence value δ ∈ (0, 1], phase p = 1
1 while T has not been reached do
2 Calculate Mp

m =
∑

a∈Ap
m

1
|Ap

m|xax
T
a ; Diagonalize

Mp
m =

∑d
j=1 λvjvjv

T
j

3 Upload eigenvector vj , if its corresponding eigenvalue
satisfies λvj < hp := 3

4(1−2−2p)d

4 Download Kp
m and

{
np
m,k

}
k∈Kp

m

from the cloud

server
5 foreach k ∈ Kp

m do ▷ Conduct
conversations

6 Querying key term k for np
m,k times; Receive

rewards {r̃k,t}t∈T̃ p
m,k

from conversational

feedback
7 end
8 foreach a ∈ Ap

m do ▷ Pull arms

9 Set np
m,a =

⌈
d

2(−2p−1)|Ap
m| log

2AM log T
δ

⌉
; Pull a

for np
m,a times on the targeted LLM

10 Receive rewards {ra,t}t∈T p
m,a

on the LLM
response

11 end

12

Upload Gp
m =

∑
k∈Kp

m

np
m,kx̃kx̃

T
k +

∑
a∈Ap

m

np
m,axax

T
a , and

W p
m =

∑
t∈

⋃
k∈Kp

m
T̃ p
m,k

r̃k,tx̃k,t +
∑

t∈
⋃

a∈Ap
m

T p
m,a

ra,txa,t

13 Download θ̂p from the cloud server; Update the active
LLM response set Ap+1

m by eliminating sub-optimal
LLM responses: Ap+1

m ={
a ∈ Ap

m : max
a′∈Ap

m

〈
θ̂p,xa′ − xa

〉
≤ 2−p+1

√
M

}
;

p = p+ 1
14 end

∑
a∈Ap

m

1
|Ap

m|xax
T
a , which captures principal directions in

the feature space (Line 2). The eigenvalue λv of its eigen-
vector v reflects variance along that direction, with larger
values aiding precise estimation of θ∗. Local agent m then
diagonalizes its information matrix Mp

m =
∑d

j=1 λvj
vjv

T
j

to analyze all feature space directions (Line 2). If an eigen-
value λvj falls below the threshold hp := 3

4(1−2−2p)d (deter-
mined by theoretical analysis), agent m uploads the corre-
sponding eigenvector to the cloud server (Line 3), address-
ing under-explored feature space regions to improve LLM
response selection accuracy.

The cloud server processes uploaded data and sends lo-
cal agent m a set of key terms Kp

m with required repetition
times {np

m,k}k∈Kp
m

(Line 4). Agent m then queries these
key terms and pulls arms as specified, ensuring thorough ex-
ploration of LLM responses. During this process, arm pulls
and key term queries can be interleaved flexibly (Lines 5-
10), though shown sequentially for clarity. Agent m uploads

data on pulled arms, key terms, and rewards, stored in matri-
ces Gp

m and W p
m (Line 12). Next, it downloads the updated

preference estimate θ̂p from the cloud server and updates
its active arm set by eliminating suboptimal arms (Line 13).
This process enables agent m to adaptively and accurately
evaluate and select LLM responses tailored to user prefer-
ences while minimizing external data sharing by only up-
loading aggregated data (Gp

m, W p
m) to the cloud server.

3.2 MACO Algorithm on Cloud Server

Algorithm 2: MACO on Cloud Server (MACO-S)
Input: Key term set K, coverage parameter β in

Condition 1.
Initialization: Let p = 1,G = 0,W = 0

1 while T has not been reached do
2 foreach m ∈ M do
3 Receive all eigenvectors uploaded by local agent

m, and denote this set as Sm

4 Initialize the set of key terms at phase p as
Kp

m = ∅
5 foreach vj ∈ Sm do
6 k = argmaxi∈K x̃T

i vj , Kp
m = Kp

m ∪ {k} ;

np
m,k =

⌈ 3
2(1−2−2p)

−2dλvj

β22−2p log 2AM log T
δ

⌉
7 end
8 Send Kp

m and
{
np
m,k

}
k∈Kp

m

to local agent m;

Receive Gp
m and W p

m from local agent m
9 end

10 G =
∑

p∈[p]

∑
m∈M Gp

m, W =∑
p∈[p]

∑
m∈M W p

m

11 Broadcast θ̂p = G−1W to all local agents ; p = p+ 1
12 end

The MACO algorithm’s cloud server component, MACO
Server (MACO-S), tackles the challenge of local agent
heterogeneity in the multi-agent conversational bandits
model, as noted in Section 1. This diversity can hinder effec-
tive data aggregation, risking suboptimal estimation of the
user preference θ∗. To counter this, the cloud server strategi-
cally uses key terms to probe and enhance information in un-
derrepresented feature space directions, thus improving the
accuracy of the estimation process.

In Algorithm 2, the cloud server receives eigenvectors
from local agents indicating under-explored directions in the
LLM response space (Line 6). It selects key terms k ∈ K
by maximizing the inner product with these directions and
assigns repetition times np

m,k, sending them to local agents
(Line 8). This enables targeted exploration of LLM re-
sponses related to these key terms. The server then aggre-
gates data from all agents and estimates the preference pa-
rameter θ∗ using linear regression, reducing uncertainty and
improving tailored response predictions (Lines 10-11). To
ensure invertibility, especially for large d, G can be initial-
ized as an identity matrix.
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3.3 Advantages over Phase Elimination Bandit
As noted in Section 1, LLM responses requiring online eval-
uation are finite, making phase elimination-based linear ban-
dit algorithms (PE-Lin) preferable over classical conver-
sational bandit frameworks (Zhang et al. 2020) due to bet-
ter performance guarantees for finite arm sets. We enhance
PE-Lin (Lattimore and Szepesvári 2020), where a learning
agent estimates the preference vector θ∗ using least squares
with G-optimal design to minimize prediction variance. This
design optimizes a probability distribution π : X → [0, 1]
over arm feature vectors X ⊂ Rd, satisfying:∑

x∈X
π(x) = 1, Mp

m(π) =
∑
x∈X

π(x)xxT,

g(π) = max
x∈X

∥x∥2M(π)−1 = d.
(2)

The agent plays arms per π, estimates θ∗, and eliminates
inferior arms. Computing G-optimal design in multi-agent
settings is inefficient (Huang et al. 2021). Our algorithm,
MACO, avoids this by leveraging multi-agent heterogeneity
and adaptive conversational mechanisms, reducing compu-
tation costs. Running PE-Lin independently on each agent
with server aggregation yields a regret bound of Õ(M

√
dT ),

equivalent to no communication. Our approach improves
this to Õ(

√
dMT ) by enabling information sharing through

lightweight conversations, as we will analyze in Section 4.

4 Performance Analysis
This section presents the theoretical results of MACO: regret,
communication costs, and conversation frequency.

Following common practices in (Xie et al. 2021a; Dai
et al. 2024b), we assume for any arm a and key term k,
∥xa∥ = ∥x̃k∥ = 1. The length of preference vector θ∗

is bounded by 1, and the noise terms ηm,t and η̃m,t are 1-
subgaussian. We first present a “technical condition” that
addresses general issues related to feature space coverage.
Condition 1 (Feature Space Coverage). We say that a key
term set K as sufficiently rich for covering the feature space
if, for any unit vector v ∈ Rd, there exists a key term k ∈ K
such that its feature vector x̃k satisfies x̃T

kv ≥ β, whereβ ∈
(0, 1] is a coverage parameter close to 1.
Remark 1. Condition 1 ensures key terms in K are well-
distributed across the feature space, enabling effective un-
certainty reduction for each agent. This is satisfied if K con-
tains an orthonormal basis of Rd. It allows for bypassing the
G-optimal design used in traditional elimination-based algo-
rithms to minimize prediction variance.

For sufficiently rich key term sets, based on Condition 1,
we provide the following theorems.
Theorem 1 (Regret Bounds). We have the following upper
and lower regret bounds:
1. Upper Bound: With probability at least 1− δ, the regret

is bounded by O(
√
dMT log AM log T

δ ).
2. Lower Bound: For any policy that selects at most one key

term per round, there exists an instance where the policy
incurs an expected regret of at least Ω(

√
dMT ).

Remark 2. Theorem 1 highlights key performance insights
for our approach: 1) For M = 1, the problem reduces to
single-agent conversational bandits, with regret Õ(

√
dT ),

outperforming prior bounds of Õ(d
√
T ) (Wang et al. 2023;

Zhang et al. 2020) by using phase elimination on finite arm
sets, especially for high-dimensional LLM feature vectors.
2) In multi-agent settings, our upper bound matches the re-
sults of (Huang et al. 2021; Li, Liu, and Lui 2024) while
avoiding computationally expensive G-optimal design, ac-
celerating the online process. Moreover, unlike (Wang et al.
2020) which assumes all local agents share the same arm set,
agents here have heterogeneous arm sets. 3) Collectively, the
regret upper and lower bounds indicate MACO is minimax
optimal up to a logarithmic factor, showing its tightness.

Theorem 2 (Communication Cost). The communication
cost scales in O(log T ), independent of arm pool size A.
Remark 3. The arm pool size A can reach thousands due
to the diversity of LLM-generated responses. In contrast to
(Huang et al. 2021), where the communication cost scales
as O(A log T ), our approach significantly reduces overhead.
Specifically, local agents process data independently and
transmit only aggregated results to the cloud server, avoiding
the need to upload full arm sets of size O(A).

Theorem 3 (Bound on Conversation Frequency). For any
local agent m ∈ M during phase p, let γ = λmin(M

p
m),

where λmin denotes the smallest eigenvalue, we have: 1) If
γ ≥ hp, no conversations will be initiated. 2) If γ < hp, the
fraction of conversations relative to the total phase length is
capped at β−2( 3

4(1−2−2p) − dγ).

Remark 4. MACO employs an adaptive conversation
method, unlike deterministic schedules b(t) (e.g., linear
or logarithmic) used in prior conversational bandit studies
(Zhang et al. 2020; Wang et al. 2023; Xie et al. 2021b).
Fixed-interval conversations can be inefficient, especially
when user preferences are already well understood. In con-
trast, our model dynamically adjusts based on gaps in user
preferences, enabling a more realistic interaction paradigm.

5 Performance Evaluation
5.1 Experimental Settings
Embedding Models. We demonstrate our framework’s
generalization capabilities using different open embedding
models from Google and OpenAI, which generate the em-
bedding feature vector xa ∈ Rd for the corresponding arm
a (i.e., response) to capture text information:1

❶ Text-embedding-preview-0409: Google’s advanced
embedding model, which streamlines synthetic training data
creation by generating queries and task descriptions (Lee
et al. 2024). ❷Text-embedding-3-large: OpenAI’s gen-
eration embedding model, which surpasses its predeces-
sor, though its technical details remain undisclosed (Muen-
nighoff et al. 2023). ❸Text-embedding-multilingual-002:
To evaluate the algorithm’s generalization across different
languages, we also employ a multilingual embedding model
of Google (Lee et al. 2024).

1Implementation Code: https://github.com/TarferSoul/MACO

37327



0 50000 100000
Round

(a) Google Emb., A=40

0

2
R

eg
re

t
1e4

0 50000 100000
Round

(b) Google Emb., A=50

0.0

2.5

R
eg

re
t

1e4

0 50000 100000
Round

(c) OpenAI Emb., A=40

0

2

R
eg

re
t

1e4

0 50000 100000
Round

(d) OpenAI Emb., A=50

0.0

2.5

R
eg

re
t

1e4

MACO ConUCB LinUCB Arm-Con ConLinUCB-UCB ConLinUCB-MCR ConLinUCB-BS TRIPLE-SH

Figure 3: Regret on embedding models from Google and OpenAI across different arm pool sizes A.

Dataset Preprocessing. We implement two response set-
tings using the embedding models ❶ and ❷, leveraging real-
world datasets and the open-source Llama-3-8B-Instruct
LLM (Ollama 2024; Sahoo et al. 2024). The first configu-
ration generates 510 unique response arms from combina-
tions of 13 key terms (e.g., “humorous,” “helpful”) (Köpf
et al. 2023), while the second yields 455 arms by pairing
five questions with two keyword styles. Both settings opti-
mize response selection through cosine similarity between
user preference and response feature vectors (Reimers and
Gurevych 2019). Details are provided in the full version
of our paper (Dai et al. 2025) for reference. In addition
to Llama-generated responses, we evaluate MACO on the
StyleEval (Li et al. 2024) and Gretel Multilingual (Van Seg-
broeck et al. 2024) datasets, which encompass diverse re-
sponse styles (e.g., “polite,” “romantic”) and multilingual
key-term variations for conversational LLM interfaces. The
original multilingual dataset, limited to six languages, was
expanded to 20 languages using GPT-4o to support larger-
scale experiments (OpenAI 2024). As mentioned, the em-
bedding model ❸ is employed for multilingual support.

Comparison Algorithms. Results are averaged over five
trials on a Linux Ubuntu machine (kernel 6.5.0) with a
5.40 GHz 13th Gen Intel Core i7-13700KF CPU and 32GB
RAM. We set coverage parameter β = 1 and confidence pa-
rameter δ = 0.1, with an ablation study in the full version
of our paper (Dai et al. 2025). Baselines, run independently
on local agents, include: 1) TRIPLE-SH (Shi et al. 2024):
Select optimal prompts for LLMs by adaptively eliminating
arms with poor performance, where we directly set each arm
as the corresponding LLM response. 2) LinUCB (Abbasi-
Yadkori, Pál, and Szepesvári 2011): Online select arms and
estimate user preference for infinite arm sets, excluding
the conversational setting. 3) Arm-Con (Christakopoulou,
Radlinski, and Hofmann 2016): Initiate conversations on
user preference about arms, and use LinUCB for arm se-
lection. 4) ConUCB (Zhang et al. 2020): Query key terms
if conversations are allowed and utilize conversational feed-
back to accelerate learning. 5) ConLinUCB (Wang et al.
2023): Includes ConLinUCB-BS (uses barycentric spanner
for conversations), ConLinUCB-MCR (selects terms with
largest confidence radius), and ConLinUCB-UCB (uses
LinUCB for term selection).

5.2 Evaluation Results
Regret Across Different Arm Pool Sizes. We compare
MACO’s cumulative regret against seven baseline algorithms

in the first setting with M = 4 local agents, using
two embedding models. We vary arm pool sizes (A =
40, 50), randomly selecting A arms from A per local agent.
Fig. 3 shows that non-conversational algorithms (LinUCB,
Arm-Con) perform worst, while MACO outperforms all
baselines, improving at least 8.29% over the best baseline,
ConLinUCB-MCR. This stems from MACO’s multi-agent
framework, where the cloud server aggregates local agent
data to better estimate user preferences. Increasing A has
minimal impact on MACO’s regret, supporting Theorem 1,
which indicates regret grows at a square-root logarithmic
rate with A.

Regret Across Different Numbers of Local Agents. We
evaluate regret in the second setting with arm pool size
A = 40, using the same embedding models, and varying the
number of local agents (M = 8, 12). Larger M reflects prac-
tical platforms grouping similar users to share learning, so
we test MACO’s performance with increased M . Fig. 4 shows
that without a multi-agent framework, baseline algorithms’
regrets grow linearly with M , following Õ(dM

√
T ). In

contrast, MACO leverages aggregated data from all agents,
scaling regret as Õ(

√
dMT ), significantly reducing regret

growth. This highlights MACO’s effective multi-agent ap-
proach for online LLM response identification.

Comparison of Overhead on Execution Time. We com-
pare the execution time (s) of our algorithm, MACO w/o
G for emphasis, against ConLinUCB-BS (noted as the
fastest in (Wang et al. 2023)) and MACO w/G (using tra-
ditional G-optimal design) under T = 5000, 6 phases (A =
40,M = 4). The results of the two embedding models un-
der the two response settings are labeled Settings (a), (b),
(c), and (d). Section 5.2 (full version in (Dai et al. 2025))
shows MACO w/o G significantly reduces execution time
by avoiding G-optimal design and leveraging multi-agent
data aggregation to speed up learning. Additionally, MACO
w/o G maintains the same average reward as MACO w/G,
confirming that our conversational approach preserves per-
formance while replacing G-optimal design with a more ef-
ficient, conversation-based design.

Performance on Real-world Datasets. We evaluate
MACO’s cumulative regret against seven baseline algorithms
on the StyleEval (Li et al. 2024) and Gretel Multilingual
(Van Segbroeck et al. 2024) datasets with T = 1000, using
Google and OpenAI text embedding models across varying
numbers of local agents (M = 4, 8, 12, 16). Table 1 presents
results on the StyleEval dataset, where MACO consistently
achieves the lowest regret, outperforming the best baseline
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Figure 4: Regret on embedding models from Google and OpenAI across different agent counts M .

Text Embedding Model of Google Text Embedding Model of OpenAI

Algorithm M = 4 M = 8 M = 12 M = 16 M = 4 M = 8 M = 12 M = 16

TRIPLE-SH 5847.31±19.80 11478.73±23.16 17151.16±36.35 22673.76±21.64 7736.87±36.32 15302.63±62.52 22777.67±62.34 30138.45±25.60
LinUCB 495.67±10.87 1007.75±20.83 1510.77±31.77 2025.16±23.69 401.16±14.43 808.91±30.78 1214.77±30.88 1625.90±22.20
Arm-Con 425.89±12.13 871.32±15.63 1295.84±32.97 1742.96±53.81 319.82±14.35 645.34±30.84 953.95±38.38 1297.47±42.48
ConUCB 237.62±5.81 479.36±9.91 721.05±18.88 960.33±14.34 190.36±7.34 382.64±15.52 583.57±17.97 779.50±10.44
ConLinUCB-BS 991.73±27.14 2000.84±45.84 3005.28±67.18 4011.74±16.24 781.52±27.47 1583.90±58.27 2385.23±56.67 3177.74±49.60
ConLinUCB-MCR 439.70±13.92 895.52±15.70 1329.91±31.22 1793.32±16.30 382.10±15.50 769.74±29.30 1146.81±35.96 1536.44±34.82
ConLinUCB-UCB 1145.26±21.32 2313.41±33.67 3463.31±52.00 4634.67±43.57 937.34±31.69 1889.40±50.69 2836.83±46.72 3805.12±39.17
MACO (Ours) 39.04±1.58 77.11±2.01 115.48±2.78 153.12±1.55 55.03±1.98 108.50±2.98 162.42±3.26 215.71±3.37

Table 1: Cumulative regret for algorithms under two embeddings on the StyleEval dataset.

Setting

Algorithm MACO (w/o G) MACO (w/G) ConLinUCB-BS
Time (s) Reward Time (s) Reward Time (s) Reward

Setting (a) 2.576 61.849 9.766 61.847 18.124 59.811
Setting (b) 2.546 61.605 14.272 61.591 18.056 59.663
Setting (c) 2.576 47.405 6.369 47.381 17.926 46.104
Setting (d) 2.661 41.770 6.270 41.858 17.919 40.720

Table 2: Execution time and reward on different settings.

(ConUCB) by at least 79.56% for M = 4 (Google embed-
dings) and 71.08% (OpenAI embeddings). Similarly, the re-
sults on the Gretel Multilingual dataset (with details in (Dai
et al. 2025)), with MACO reducing regret by at least 80.07%
(Google embeddings) and 69.23% (OpenAI embeddings)
compared to ConUCB for M = 4. Across both datasets,
MACO’s regret scales sublinearly with M , validating its ro-
bust multi-agent framework for online LLM response evalu-
ation and selection even in diverse and multilingual settings.

6 Related Work
Research on prompt learning for automatically generating
suitable LLM responses has made significant progress (Guo
et al. 2023; Zhang et al. 2023; Poon et al. 2025). For exam-
ple, Li et al. (2024) designs StyleChat for stylized response
generation. However, offline generating methods face chal-
lenges like “data drift,” emphasizing the need for online
approaches to optimize LLM responses (Bhardwaj et al.
2022; Chen, Zaharia, and Zou 2023). Xia et al. (2024) in-
troduces an online non-stationary bandit method across dif-
ferent LLMs. Shi et al. (2024) proposes an online budget-
limited LLM response optimization using various prompts.
And Dai et al. (2024a) focuses on response identification
over multiple LLM coordination. Nevertheless, these studies
ignore the impact of user preferences and the natural multi-
agent setting in LLM response identification.

Bandits tackle the exploitation-exploration tradeoff of on-
line decision-making problems (Abbasi-Yadkori, Pál, and

Szepesvári 2011). Based on this, conversational contextual
linear bandits, introduced by (Zhang et al. 2020), allow the
cloud server to obtain user feedback on key terms to elicit
preferences, in addition to arm selection. Later studies in-
troduce clustering to avoid labeling efforts (Wu et al. 2021),
integrate knowledge graphs for term selection (Zhao et al.
2022), and compute the barycentric spanner as an efficient
exploration basis (Wang et al. 2023). Regarding the multi-
agent bandit setting under finite arm sets, Wang et al. (2020)
assumes homogeneous arm sets, Huang et al. (2021) re-
quires the local agents to upload arm sets, increasing costs
and privacy concerns, and (Li, Liu, and Lui 2024) utilizes
the computationally intensive G-optimal design. Unlike ex-
isting works, we are the first to extend conversational bandits
to multi-agent settings for online LLM response adaptation
with reduced computation resources.

7 Conclusion and Future Work

This paper presents MACO, a novel multi-agent conversa-
tional bandit framework designed to online evaluate and se-
lect optimal responses from LLMs while minimizing cu-
mulative regret and aligning with user preferences. Our
MACO framework consists of local agents (MACO-A) that
adaptively manage conversations and response selection,
and a cloud server (MACO-S) that aggregates data to learn
user preferences efficiently. We have proved that MACO
achieves optimal regret bounds, reduces conversations, and
enhances computational efficiency. Our extensive evalua-
tions, using open LLMs such as Llama and GPT-4o, con-
firm that our approach significantly improves performance
over traditional methods on real-world datasets. Future work
could explore clustering similar user preferences, integrating
privacy-preserving techniques, and extending the framework
beyond linear reward models.
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