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Abstract

Debt collection is a critical negotiation task in
the financial industry, with strong practical rel-
evance and exceptional academic value as a be-
haviorally rich, high-stakes testbed for human-
centered dialogue systems. While large lan-
guage models (LLMs) have shown promise in
dialogue and negotiation, effectively evaluating
their performance in this complex scenarios re-
mains a major challenge: existing benchmarks
uniformly assume users to be static, rational
agents with fixed preferences, failing to cap-
ture the rich behavioral heterogeneity inherent
in real-world debt collection. To bridge this
gap, we propose DebtBench, the first public
persona-enriched debt collection benchmark,
that highlights behavioral heterogeneity in ne-
gotiation. Moreover, we develop DebtGPT,
a debt collection agent trained to jointly op-
timize financial recovery and interaction ex-
perience. Our experimental results, using 16
state-of-the-art LLMs, find that most existing
models struggle in this complex but realis-
tic scenarios, whereas DebtGPT outperforms
all open-source baselines and achieves perfor-
mance on par with GPT-4o. The code and
data are available at https://github.com/
YYuHhhh/DebtNegotiation.

1 Introduction

Debt collection is a critical yet highly labor-
intensive task in the financial industry, where insti-
tutions must recover non-performing loans while
preserving debtor engagement and compliance.
Each year, millions of individuals fall into pro-
longed delinquency due to personal financial hard-
ship, necessitating negotiation-based resolution to
minimize creditor losses and avoid legal escalation
(Ozili, 2019; Firanda et al., 2021). Traditionally,
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Real Collector-Debtor Conversation Snippet 

Example 2 Collector: You borrowed funds under a 
legally binding agreement. The platform has rights to 
collect, and non-repayment carries legal consequences. 
Are you aware of your contractual obligations?
Debtor: [Lack of legal awareness] What about legal 
responsibility? I can't pay it back, so go ahead and sue 
me and throw me in jail.

Example 1 Collector: After three days of delinquency, 
negative records will be reported to the credit bureau, 
which could significantly affect your personal credit.
Debtor: [Poor responsibility awareness] I don’t care. 
Don’t use that to threaten me. 

Example 3 Collector: I understand your situation —
pandemic-related losses and debt are hard. But long-term 
non-payment could make things worse. Do you see that?
Debtor: I know… sigh… but I really can’t pay right 
now. Can we work out an arrangement?

Figure 1: Real-world collector-debtor dialogues illus-
trating three key behavioral characteristics: (1) Rich
emotional expression, (2) Cognitive limitations, and
(3) Diverse linguistic styles.

the process relies on large teams of professional
collectors to manually contact debtors, negotiate re-
payment terms, and follow up on overdue accounts
(Yang et al., 2020; Abe et al., 2010). This labor-
intensive approach incurs substantial operational
costs and is prone to human error—ultimately re-
sulting in suboptimal recovery rates and poor cus-
tomer experiences. These limitations underscore
a pressing need for automated negotiation agents
capable of scaling personalized, effective, and em-
pathetic debt resolution.

Recent advances in large language models
(LLMs) and associated benchmarks (Wang et al.,
2025a; Kong et al., 2025) have advanced nego-
tiation agents, but they focus on simple, well-
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structured scenarios like item bargaining and e-
commerce haggling. While Wang et al. (2025b) ex-
tend negotiation to complex domains such as debt
collection, they oversimplify the scenario by mod-
eling only objective financial attributes but over-
looking subjective behavioral factors. Critically,
all these benchmarks uniformly assume users are
static, rational agents with fixed preferences, failing
to capture the behavioral heterogeneity observed
in practice. As illustrated in Figure 1, real-world
debt negotiation exhibits three salient behavioral
heterogeneities that challenge these idealized mod-
els: (1) Rich emotional expression—users dis-
play intense, dynamic emotions such as anxiety,
defensiveness, and sadness; (2) Cognitive limita-
tions—individuals often hold legal misconceptions,
lack financial literacy, or reason inconsistently; and
(3) Diverse linguistic styles—ranging from eva-
sive, fragmented utterances to bluntly confronta-
tional statements. These complexities—stemming
from the fact that everyone is unique—render ex-
isting benchmarks inadequate for debt collection.

Along with its high practical relevance, debt
collection offers exceptional academic value as a
behaviorally rich, high-stakes testbed for human-
centered negotiation agents. However, collecting
authentic dialogues at scale is extremely challeng-
ing due to stringent privacy regulations govern-
ing sensitive personal and financial data, limit-
ing prior work (Wang et al., 2025b) to superfi-
cial explorations. Fortunately, through collabo-
ration with a leading financial technology com-
pany, we gained access to a large corpus of real
collector–debtor conversations. While confidential-
ity agreements prohibit public release of the raw
data, they allow us to distill authentic behavioral
patterns into a privacy-preserving synthetic bench-
mark. To this end, we propose DebtBench, the first
public persona-enriched debt collection benchmark,
that highlights behavioral heterogeneity in negotia-
tion. This procedure is driven by a three-stage data
synthesis pipeline, where we half-automatically ex-
tract chatting principles in real-world samples and
then, prompt a leading LLM to iteratively generate
high-quality, multi-dimensional persona profiles.

To advance the development of far-sighted, user-
adaptive negotiation agents in debt collection, we
develop DebtGPT, an agent trained via Coarse-to-
Fine Preference Optimization (CFPO)—a frame-
work that enables models to learn far-sighted nego-
tiation policies that jointly optimize long-term fi-
nancial recovery and user experience. We conduct a

comprehensive evaluation of advanced open-source
and closed-source LLMs on our DebtBench bench-
mark. The results reveal that: (1) Most existing
models struggle in persona-enriched debt collec-
tion scenarios, achieving success rates below 75%.
(2) Contrary to expectations, reasoning-specialized
models underperform their general-purpose coun-
terparts, highlighting a misalignment between for-
mal reasoning capabilities and the behaviorally
grounded demands of real-world negotiation. (3)
Notably, our 8-billion-parameter DebtGPT outper-
forms all open-source baselines and achieves per-
formance comparable to GPT-4o.

2 Related Work

Negotiation Benchmarks. Negotiation is an ac-
tive area in NLP, with increasing focus on dialogue
systems. Recent benchmarks have introduced vari-
ous negotiation, which can be broadly categorized
into cooperative and competitive paradigms. Co-
operative negotiation focuses on multi-issue trade-
offs to achieve mutual gains, as seen in Persuasion
(Wang et al., 2019; Jin et al., 2024) and JobInter-
view (Yamaguchi et al., 2021). In contrast, compet-
itive negotiation models zero-sum haggling over
fixed resources, exemplified by Bargain (He et al.,
2018; Wang et al., 2025a; Kong et al., 2025) and
Assignment (Lewis et al., 2017; Chawla et al.,
2021), where one party’s gain directly reduces the
other’s. Despite significant progress, existing ne-
gotiation dialogue systems mostly address simple,
well-structured scenarios. Although (Wang et al.,
2025b) extend negotiation to complex, high-stakes
domains like debt collection, they model only ob-
jective financial attributes and neglect subjective
behavioral factors. Crucially, all current bench-
marks assume users are static, rational agents with
fixed preferences, thus failing to capture real-world
behavioral heterogeneity.

Large Language Model in Negotiation. Recent
research has sought to improve the strategic capa-
bilities of large language models (LLMs) in ne-
gotiation dialogue settings, which can be catego-
rized into two main paradigms: 1) using prompt
engineering to elicit internal reasoning. Zhang
et al. (2023) and Deng et al. (2023) prompt LLMs
to plan next-turn actions through self-reflection.
Fu et al. (2023) employ self-play between LLMs
to iteratively refine negotiation strategies via AI-
generated feedback. 2) introducing external plan-
ners. Deng et al. (2024) introduce a plug-and-play
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policy planner to generate strategic guidance for di-
alogue agents. He et al. (2024) and Yu et al. (2023)
employ Monte Carlo Tree Search to enhance long-
term planning. However, these methods focus al-
most exclusively on task-level success, often over-
looking the user’s interaction experience. In high-
stakes contexts like debt collection, poor communi-
cation can erode trust, trigger disengagement, and
ultimately harm long-term recovery (Byrne, 2024).
Our work addresses this gap by jointly optimizing
strategic effectiveness and human-centered interac-
tion through behaviorally grounded personas and a
far-sighted training framework (CFPO).

3 DebtBench

3.1 Data Construction

To advance realistic debt collection dialogue sys-
tems, we need fine-grained personas and high-
quality data capturing authentic human behav-
ior—yet such data is scarce due to privacy con-
straints. While we accessed real conversations from
a leading fintech firm, strict confidentiality prevents
public release. As shown in Figure 1, these dia-
logues reveal three core behavioral traits: 1) Rich
emotional expression, 2) Cognitive limitations and
3) Diverse linguistic styles—all of which challenge
LLMs’ tendency to generate overly rational, neu-
tral responses. To bridge this gap, we propose a
three-stage synthesis pipeline: Persona Extraction,
Strategy Enrichment and Behavior Refinement.

Persona Extraction. we first derive debtor per-
sonas through systematic analysis of 1,000 real-
world collector-debtor conversations provided by a
leading fintech company, modeling each debtor as
a unique individual along four key dimensions:

• Background Information: Core demo-
graphic, debt-related, and financial details that
preserve the distribution of real-world debtor pro-
files and ensure high scenario fidelity.

• Personality Traits: Affective and behav-
ioral characteristics, including character, emotion,
emotional resilience, linguistic style, and MBTI
personality type—to drive rich emotional expres-
sion and diverse linguistic styles.

• Cognitive Attributes: The user’s understand-
ing of legal obligations, financial knowledge,
credit consequences, and responsibility—to re-
flect cognitive limitations in real interactions.

• Life-grounded Scenario: A coherent narra-
tive context (e.g., job loss, medical debt) that
grounds the persona in a plausible life story—to
unify attributes into a consistent individual.

Each persona Pd in DebtBench is formally de-
fined as a structured tuple:

Pd = (B,M,C, S) = ExtractLLM(d),

where d ∈ Dreal is a real-world conversation and
ExtractLLM(·) is a prompt-based LLM function that
distills multi-dimensional attributes from dialogue
data. B,M,C, S denote Background, Personality,
Cognition, and Scenario, respectively. We compare
the distribution of real and synthetic user back-
ground information in Figure 3, showing strong
alignment in PCA space.

Strategy Enrichment. To ensure generated ut-
terances are both realistic and strategically inter-
pretable, we define explicit strategy sets for the
collector and debtor, guided by three principles: (1)
Behavioral Grounding: strategies reflect authentic
tactics from real interactions; (2) Semantic Distinct-
ness: each strategy has a clearly differentiated in-
tent; (3) Actionability: strategies can be concretely
realized in natural language. We first prompt an
LLM to analyze real collector–debtor dialogues
and extract strategy–utterance pairs. Semantic em-
beddings of these pairs are clustered using HDB-
SCAN (McInnes et al., 2017) to identify coherent
behavioral patterns. From each cluster, 10 represen-
tative utterances are reviewed by domain experts,
who iteratively refine and consolidate them into
principle-aligned categories. The final set includes
9 collector strategies (e.g., financial assessment,
emotional appeasement) and 8 debtor strategies
(e.g., emotional confrontation, complaint). Full
definitions are provided in Tables 7 and 8.

Behavior Refinement. To ensure that generated
dialogues faithfully reflect the behavioral patterns
defined in the extracted personas, we employ an
iterative refinement mechanism to perform fine-
grained alignment between each utterance and the
persona’s attributes. Specifically, we employ an
LLM as an automated evaluator to assess align-
ment along three key dimensions: emotional con-
sistency (e.g., verifying that a highly defensive
debtor expresses anxiety appropriately), cognitive
plausibility (e.g., checking that a debtor with low
financial literacy avoids technical jargon), and lin-
guistic style coherence (e.g., ensuring the speak-
ing style matches “evasive” or “confrontational”).
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Real Collector-Debtor Conversation

Hello, this is Zhang San from Company A. I 
need to confirm your identity to proceed…

Yeah... I‘m Phillip. I know I owe 
you money. I’m trying to…

1. Identity Verification
2. Financial Assessment

……

1. Dilemma Rendering
2. Shift Responsibility

…

Ø Phillip is a financially unstable but cooperative 
debtor who, despite unemployment and irregular 
income, demonstrates willingness to repay…

Ø Character: [cooperative, cautious, responsible, …]

You are an expert in conversation analysis. Please analyze 
the debtor’s character traits based on conversation history.

Hello, are you John? There is a bill that 
needs to be verified by you.

Yes, it's me. I'm currently unemployed and 
injured—I hurt my hand, so I can't work.

I understand you're struggling, but unpaid 
bills hurt your credit and make borrowing 

harder later. What do you think?

Real Collector-Debtor Conversation

Dialogue Simulation Dialogue-Profile Alignment Analysis

1. Extract

2. Strategy
Summary

4. Analysis

5. Refine3.Simulate

Figure 2: The DebtBench Persona Synthesis Pipeline: (1) Extract multi-dimensional attributes from real dialogues;
(2) Perform expert-guided strategy summarization via conversation analysis; (3-5) Iteratively refine persona profile
via dialogue simulation and LLM-based alignment.
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Figure 3: Comparison of real and synthetic user data
distributions in PCA space. Left: Real data (blue);
Right: Synthetic data (orange).

Responses that fail the alignment check are itera-
tively revised through targeted prompting, where
the LLM is conditioned on the full persona to gen-
erate more consistent alternatives. This feedback
loop is used to update the persona itself, closing the
alignment cycle. Formally, given an initial persona
P(0)
d , the refinement proceeds as:

P(ℓ+1)
d = RefineLLM

(
P(ℓ)
d , τ (ℓ)

)
, (1)

where τ is a dialogue trajectory simulated using per-
sona P(ℓ)

d , and RefineLLM adjusts persona profile
to better match the behaviors exhibited in τ (ℓ). The

process terminates when behavioral consistency is
achieved or after ℓmax iterations.

Dimension Metric Score κ

Consistency

Emotion 4.18 0.54
Cognition 3.91 0.42
Style 4.05 0.43
Scenario 3.89 0.39

Realism

Naturalness 4.09 0.54
Alignment 3.96 0.39
Plausibility 4.04 0.52
Fluency 4.09 0.51

Table 1: Human evaluation results of DebtBench-
generated dialogue quality. The κ value (Fleiss, 1971)
values fall within 0.2–0.6, indicating fair to moderate
inter-annotator agreement (McHugh, 2012).

3.2 Analysis Realism of DebtBench
To further validate the consistency and realism of
DebtBench-generated dialogues, we conducted a
human evaluation with 20 annotators possessing
financial industry experience, who rated 200 ran-
domly selected test-set dialogues on two core di-
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(a) Character (b) Linguistic Styles

Sadness: 20.3%

Happiness: 0.5%

Disgust: 20.7%

Fear: 24.6%

Surprise: 5.5%

Anger: 28.7%

(c) Cognition (d) Emotion

Figure 4: Behavioral and Cognitive Profiles of Debtors
in DebtBench. (a) and (b) are the word cloud of charac-
ter traits and linguistic styles in profiles. (c) and (d) are
the distribution of cognition level and emotion among
profiles in the DebtBench.

mensions using a 5-point Likert scale: (1) Persona
Consistency: whether the synthetic dialogue re-
flects the assigned user profile. (2) Dialogue Real-
ism: how closely the dialogue resembles authentic
debt-collection conversations. As shown in Table 1,
the generated dialogues received consistently high
scores across all sub-dimensions, indicating strong
alignment with their personas and closely mirror
real-world interactions. For further details on the
evaluation protocol, see Appendix F.1.

3.3 Statistics of DebtBench

Finally, we construct a high-quality dataset com-
prising 11,000 meticulously crafted debtor per-
sonas, split into a training set of 10,000 and a test
set of 1,000 (Evaluations reported in this paper are
conducted on the test set). As illustrated in Fig-
ure 4, these personas exhibit diverse and realistic
behavioral attributes across emotion, cognition, and
linguistic style, enabling LLMs to generate inter-
actions that are not only strategically grounded but
also behaviorally authentic. Detailed definitions
and construction methodologies for our DebtBench
are provided in Appendix A.

4 DebtGPT

Building upon the behaviorally grounded Debt-
Bench benchmark, we develop DebtGPT, a negoti-
ation agent trained via Coarse-to-Fine Preference
Optimization (CFPO), which combines coarse fil-
tering with selective simulation to learn far-sighted,
strategically effective, and user-adaptive policies.

Step1: Coarse-Grained Filtering

I can’t afford to pay the full amount at once. Let’s 
work out a payment plan I can actually manage…

multiple
sampling I	understand	that	you’re	in…

Based	on	the	information…

Given	your	current	situation…

Step2: Fine-Grained Simulation

𝑅!"(𝜏)=0.45
𝑅#$(𝜏)=0.60

𝑅!"(𝜏)=0.42
𝑅#$(𝜏)=0.61

𝑅!"(𝜏)=0.37
𝑅#$(𝜏)=0.54

Reward Calculation

Agreement
Quality Reward

Interaction 
Experience Reward

Given your current situation, I suggest an initial 
payment of 25% of the outstanding amount, which…

Figure 5: The DebtGPT Training Framework via
Coarse-to-Fine Preference Optimization (CFPO).

4.1 Coarse-Grained Filtering

To efficiently identify high-potential candidate re-
sponses at turn tj , we perform a coarse-grained
filtering step using an LLM as an automated judge.
Given the dialogue history state sj = [ti]

j−1
i=1 ,

the collector agent first generates N candidate
responses {a(1)j , a

(2)
j , . . . , a

(N)
j } from its policy

π(aj | sj). An LLM judge then evaluates these
candidates via a listwise comparison prompt, as-
signing a quality score to each response based on
three key dimensions: (1) Respect & Empathy,
(2) Transparency and (3) Feasibility. To mitigate
positional bias, the evaluation is performed twice:
once with the original order and once with the re-
versed order. Let sfwd

k and srev
k denote the scores as-

signed to candidate a
(k)
j in the forward and reverse

evaluations, respectively. The combined score for
each candidate is computed as:

Sk = sfwd
k + srev

k , (2)

where Sk represents the final quality score of can-
didate a(k)j . The top K candidates are then selected
as seed responses based on their combined scores.
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4.2 Fine-Grained Simulation
Negotiation is a multi-turn process requiring fore-
sight—anticipating how each utterance shapes fu-
ture dynamics. Inspired by experienced negotiators
who refine tactics through practice, we use forward
simulation to estimate long-term response impact
via trajectory sampling, distinguishing effective
strategies from superficial ones. To jointly opti-
mize financial recovery and user experience, we
define a Foresight Reward over the full dialogue
trajectory τ = [t1, . . . , tK ], combining Agreement
Quality and Interaction Experience rewards.

Agreement Quality Reward. The Agreement
Quality Reward evaluates the financial favorability
of the final repayment agreement achieved by the
agent. Formally, it is defined as:

Raq(τ) = f(α), (3)

where f(·) is a domain-informed function that
quantifies the financial favorability of the repay-
ment agreement α to the creditor.

Interaction Experience Reward. The Interac-
tion Experience Reward assesses the quality of
the interaction from the debtor’s perspective. We
formally define the user satisfaction score S as a
composite measure derived from an LLM-based
evaluation of empathy, respect, transparency, and
communication ability. The formulation for this
reward is as follows:

Rie(τ) = LLM(τ), (4)

By combining two critical components, the Fore-
sight Reward is calculated as:

R(τ) = waq ·Raq(τ) + wie ·Rie(τ), (5)

Preference Optimization By combining coarse-
grained filtering with fine-grained evaluation, we
estimate the long-term impact of each candidate re-
sponse through forward simulation using a persona-
conditioned user agent. This yields a trajectory-
level Foresight Reward that jointly captures task
success and interaction quality. We then construct
high-quality preference pairs by ranking responses
based on their long-term outcomes and selecting
the superior one as the preferred target. The agent
is optimized via Direct Preference Optimization
(DPO) (Rafailov et al., 2023) to align its policy
with these far-sighted preferences, reinforcing be-
haviors that lead to both effective agreements and
positive user experiences.

5 Experiment

5.1 Experimental Setup

We comprehensively evaluated 16 models as col-
lectors, fixing the debtor role to the advanced open-
source model Qwen3-32B (Yang et al., 2025). Eval-
uation was conducted along three complementary
axes: (1) Negotiation Ability: measuring task suc-
cess and efficiency via Success Rate (SR), Average
Turn (AT), Collection Rate (CR), and Collection
Efficiency (CE); (2) Agreement Rationality: assess-
ing economic sustainability for the debtor through
Short-term Affordability (SA) and Long-term Sus-
tainability (LS); and (3) Interaction Experience:
capturing user-centered quality across User Satis-
faction (US), Emotion Support (ES), and Commu-
nication Ability (CA). Full metric definitions and
computation details are provided in Appendix C.

5.2 Main Results

① Most existing models struggle in persona-
enriched debt collection scenarios. The results
in Table 3 highlight the limitations of current LLMs
in handling the behavioral complexity inherent in
debt collection. Across the board, the majority of
models achieve a success rate below 75%, with
several prominent systems such as Claude-4.0 and
Llama-3-8B failing to secure agreements in more
than half of the interactions. This widespread un-
derperformance indicates a fundamental difficulty
in adapting to the rich behavioral heterogeneity in-
herent in persona-enriched negotiation—spanning
emotional volatility, cognitive constraints, and di-
verse linguistic styles.

② Models frequently over-concede to se-
cure agreements, undermining financial in-
terests. Despite high Agreement Rationality
scores—indicating that proposed repayment plans
are affordable for debtors—most models exhibit
low Collection Rate (CR) and Collection Efficiency
(CE), reflecting a tendency to over-concede in or-
der to secure agreements at the expense of financial
recovery (e.g. offering large discounts, accepting
upfront payments below the industry threshold).
This behavior reflects a myopic strategy: rather
than assessing the debtor’s true financial capacity
or negotiating firm but fair terms, the model de-
faults to leniency as the path of least resistance.
Consequently, while agreements meet basic afford-
ability constraints, they consistently underperform
on financial recovery, exposing a fundamental fail-
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Model Negotiation Ability Agreement Rationality Interaction Experience

SR(%)↑ AT↓ CR(%)↑ CE↑ SA(%)↑ LS(%)↑ US↑ ES↑ CA↑
Close-source Large Language Models

GPT-4o 89.00 6.23 85.53 1.19 98.41 94.77 7.02 6.25 8.36
GPT-o1-mini 73.90 7.79 71.00 1.15 93.50 94.31 7.12 6.48 8.38
DeepSeek-R1 51.93 8.68 50.81 0.90 96.58 95.77 5.75 4.95 7.75
DeepSeek-V3 56.50 8.26 53.95 0.75 96.97 94.65 6.82 6.28 8.41
GLM-4.5 63.40 8.38 59.16 0.86 97.44 95.52 6.98 6.45 8.40
Claude-4.0 43.54 9.65 42.38 1.19 97.87 94.68 5.65 5.53 7.74
Gemini-2.5 49.10 9.18 48.29 0.99 93.87 96.52 6.68 6.79 8.32
Kimi-K2 61.00 8.40 59.73 0.98 95.25 94.43 6.78 6.14 8.29
Qwen3-235B 71.80 8.03 66.86 0.94 97.45 94.48 6.91 6.12 8.33

Open-source Large Language Models

Llama-3-8B 39.60 9.48 37.84 0.61 94.16 95.43 6.90 6.42 8.26
Qwen3-8B 73.20 7.56 69.39 0.96 94.88 94.46 7.17 6.37 8.39
Qwen3-32B 75.70 7.50 73.32 1.06 94.93 94.79 7.24 6.40 8.43
QwQ-32B 71.40 7.83 66.94 0.92 97.76 94.96 6.76 5.91 8.23
Llama-3-70B 76.20 8.03 72.25 1.21 92.38 93.98 7.11 6.39 8.40
Qwen2.5-72B 62.60 8.36 59.56 0.82 95.65 95.49 7.00 6.52 8.40

DebtGPT-8B 84.10 7.22 79.54 1.07 94.83 94.83 7.29 6.56 8.44

Table 2: The performances of advanced models as collectors (underlined denotes the second-best performance)

0% 20% 40% 60% 80% 100%

Llama3-70B

o1-mini

GPT-4o

DebtGPT

Excellent Balanced Adequate Failed

Figure 6: Distribution of comprehensive performance
ratings across models on the DebtBench benchmark.
The overall score for each dialogue is computed by com-
bining Agreement Quality and Interaction Experience.

ure to balance empathy with principle.

③ Models fail to sustain positive interaction
experiences during negotiation. Beyond task-
level outcomes, the gap in Interaction Experience is
equally pronounced: most models perform poorly
across all three dimensions. Even the strongest
closed-source models, such as GPT-4o (US: 7.02,
ES: 6.25) and GPT-o1-mini (US: 7.12, ES: 6.48),
achieve only moderate scores in user-centered met-
rics, while others like Claude-4.0 (US: 5.65, ES:
5.53) fall substantially short. Their interactions
often come across as rigid, formulaic, or subtly co-
ercive (e.g., emphasizing legal consequences with-
out acknowledging distress), failing to adapt to the
debtor’s emotional state or cognitive limitations.
This erodes trust, triggers defensiveness, and leads

to disengagement—ultimately compromising both
user dignity and long-term collection efficacy.

④ Reasoning-specialized models underperform
general-purpose counterparts in behaviorally
complex negotiation. Contrary to expectations,
models explicitly optimized for complex reasoning,
like GPT-o1-mini, QwQ-32B and DeepSeek-R1
consistently lag behind general-purpose counter-
parts like GPT-4o and Qwen3-32B. For instance,
GPT-o1-mini achieves only 73.9% success rate and
71.0% collection rate, markedly lower than GPT-
4o’s 89.0% and 85.5%. Through deep analysis of
their dialogue trajectories, we found that its fail-
ures stem not from logical inconsistency, but from
a mismatch between its reasoning paradigm and
the negotiation behavior of debt collection. Specif-
ically, the model often adheres rigidly to a formal,
step-by-step inference process without adequately
responding to the debtor’s different behaviors. For
instance, when confronted with hostile or evasive
debtors, it frequently persists with factual question-
ing rather than first de-escalating tension through
empathy or ethical appeal, leading to premature
negotiation breakdowns. This highlights that suc-
cessful debt collection relies less on formal logic
and more on dynamically adapting responses to
the debtor’s real-time behavior—a capability that
current reasoning-specialized models still lack.

⑤ DebtGPT achieves the best balance between
financial recovery and user experience. As
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Debtor Category
Negotiation Ability Agreement Rationality Interaction Experience

SR(%)↑ AT↓ CR(%)↑ CE↑ SA(%)↑ LS(%)↑ US↑ ES↑ CA↑

Confrontational (38%) 52.76↓12.68 8.95↓0.81 49.47↓12.95 0.74↓0.24 97.11↑1.35 97.39↑2.45 6.13↓0.71 5.63↓0.62 7.92↓0.38
Cooperative (6%) 86.06↑20.62 6.20↑1.94 83.36↑20.94 1.84↑0.86 98.57↑2.81 99.61↑4.67 7.76↑0.92 6.99↑0.74 8.78↑0.48
Avoidant (31%) 65.14↓0.30 8.32↓0.18 62.78↑0.35 0.96↓0.01 96.21↑0.46 95.57↑0.64 6.98↑0.14 6.38↑0.13 8.38↑0.08
Helpless (25%) 80.44↑14.99 7.14↑1.00 77.06↑14.63 1.16↑0.18 93.27↓2.48 90.73↓4.21 7.53↑0.69 6.89↑0.64 8.68↑0.38

Overall (100%) 65.45 8.14 62.43 0.97 95.76 94.94 6.84 6.25 8.30

Table 3: Comprehensive performance evaluation of collectors across various debtor categories. Green (Red)
indicates the increased (decreased) performance compared to overall performance.

shown in Figure 6, we jointly evaluate Agree-
ment Quality and Interaction Experience to ana-
lyze the dialogue-level performance of top mod-
els: GPT-4o, GPT-o1-mini, Llama-3-70B, and
DebtGPT. Among all evaluated agents, DebtGPT
demonstrates the most consistent ability to secure
agreements that are both economically effective
and user-respectful. This results from our Coarse-
to-Fine Preference Optimization (CFPO) frame-
work, which explicitly optimizes for maximizing
recovery while preserving user dignity. By com-
bining filtering with targeted forward simulation,
CFPO enables far-sighted, behaviorally adaptive
strategies that align institutional goals with human-
centered interaction.

⑥ Collector performance varies significantly
across debtor behavioral categories. We further
conduct a fine-grained evaluation by categorizing
debtors into four distinct behavioral types based
on their profiles. As shown in Table 3, the results
reveal that negotiation outcomes are highly sensi-
tive to the debtor’s behavioral profile. Cooperative
debtors yield the strongest performance, far exceed-
ing the overall average. In contrast, confrontational
debtors pose the greatest challenge: SR drops to
52.76% and CR to 49.47%, with notably lower user
satisfaction (US: 6.13) and emotion support (ES:
5.63), reflecting the difficulty of maintaining rap-
port under hostility. These findings underscore a
critical insight: effective debt collection requires
not just strategic reasoning, but dynamic adaptation
to the debtor’s behavioral type—a capability that
remains underdeveloped in most existing agents.

6 Analysis LLM-as-Judge

Following prior work on LLM-as-a-judge reliabil-
ity (Zhou et al., 2024), we conducted a human
correlation study to validate the reliability of our
LLM-based evaluation for Interaction Experience.
We randomly selected 200 dialogue samples from
our test set and had them scored independently

by five human annotators and our LLM judge
(DeepSeek-V3). The κ score between human an-
notators is 0.566, which indicates fair to moderate
inter-annotator agreement.

As shown in Figure 7, the majority (nearly
73%) of LLM scores concentrate around the hu-
man scores within a standard deviation, indicating
strong alignment. Despite known evaluator biases
(Wang et al., 2024; Liang et al., 2023), our results
suggest that the LLM can serve as a reliable proxy
for human judgment when guided by a carefully
designed rubric. See Appendix F.2 for details.

- +

 73%

Most LLM scores
are within ±  = 2.15

of human scores

-10 +10

Score Difference: 
 (Human - LLM)

Figure 7: Distribution of Human–LLM Differences in
Interaction Experience Scores.

7 Conclusion

In this paper, we extend negotiation dialogue re-
search to the high-stakes and behaviorally complex
domain of debt collection. We propose DebtBench,
the first public, persona-enriched benchmark that
captures the rich behavioral heterogeneity observed
in practice. Our evaluation of 16 state-of-the-art
LLMs reveals that most still struggle in this setting,
often over-conceding for superficial agreements or
failing to adapt to user behavior. Moreover, we
develop DebtGPT, a negotiation agent trained to
jointly optimize long-term financial recovery and
human-centered interaction experience, effectively
harmonize institutional efficacy with positive in-
teraction experience. This work provides valuable
insights and a responsible testbed for advancing
behaviorally grounded, empathetic, and socially
aware negotiation systems in high-stakes domains.
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Limitations

We discover some limitations during benchmark
construction. (1) While DebtBench emphasizes
behavioral heterogeneity, it models financial at-
tributes (e.g., assets, daily income) as static val-
ues, abstracting away real-world dynamics such
as income volatility or temporary default—factors
critical to long-term repayment feasibility. (2) De-
spite our efforts to generate behaviorally diverse
and realistic dialogues through persona-driven sim-
ulation, the model-generated utterances may still
diverge from the linguistic and strategic patterns
of actual debt collection conversations, potentially
limiting domain-specific applicability. (3) Debt-
Bench is constructed in collaboration with a single
fintech firm within a specific setting. As debt collec-
tion practices are also shaped by cultural norms and
legal regulations, the behavioral patterns in Debt-
Bench may not fully generalize to other regions
or jurisdictions. Nevertheless, given the extreme
privacy sensitivity and scarcity of real-world data
in this high-stakes setting, we believe DebtBench
provides a valuable, ethically sound testbed for
advancing behavior-aware negotiation systems.

Ethical Considerations

Our work strictly adheres to privacy and ethical
standards. No real user data is released; all source
dialogues were obtained under strict confidential-
ity agreements with a major internet financial in-
stitution and approved by its internal compliance
board. We fully anonymize sensitive informa-
tion—replacing names with pseudonyms, synthe-
sizing financial attributes, and generalizing delin-
quency reasons into high-level categories (e.g., “job
loss”)—ensuring no personally identifiable or trace-
able details remain. Every synthetic persona and
dialogue in DebtBench underwent manual verifica-
tion to guarantee privacy preservation. DebtBench
is a simulation-based benchmark designed solely
for academic research, and the proposed DebtGPT
agent operates in a controlled environment without
real-world deployment. Any future operational use
would require rigorous human-in-the-loop valida-
tion, regulatory review, and explicit safeguards to
protect vulnerable individuals.

We conducted two human evaluation studies: (1)
assessing the realism and persona consistency of
DebtBench-generated dialogues, and (2) validat-
ing our LLM-as-Judge via a human correlation
study. A total of 20 annotators participated, all

of whom have professional experience in financial
services. All participants provided informed con-
sent and signed a disclaimer acknowledging the
purpose of the study, data usage, and voluntary na-
ture of participation. The dialogues presented for
annotation contained no personally identifiable or
sensitive financial information, as all real user data
in the original conversations had been anonymized.
The tasks posed minimal risk, involving only read-
ing and rating pre-existing dialogues.

Potential Risks

While our work aims to advance human-centered
dialogue systems in high-stakes financial negotia-
tion, we acknowledge several potential risks inher-
ent to this domain.

First, debt collection involves highly sensitive
personal and financial data, raising legitimate pri-
vacy and misuse concerns. To mitigate these risks,
DebtBench contains no real user information—all
personas and dialogues are synthetically generated
to preserve behavioral and statistical patterns of
real interactions only at the distributional level,
with no traceable links to individuals. Names,
financial details, and life events are replaced by
pseudonyms, modeled surrogates, or abstract cate-
gories (e.g., “job loss”), and every entry is manually
verified for privacy compliance. A second concern
is the potential misuse of DebtBench to train adver-
sarial “anti-collection” agents that evade legitimate
debt resolution. While this risk exists for any nego-
tiation benchmark, our data is explicitly designed
to model good-faith, cooperative negotiation under
financial hardship—not evasion tactics—and will
be released under a research-only license prohibit-
ing operational or adversarial use.

Ultimately, our goal is establish a privacy-
preserving, ethically grounded testbed for studying
behaviorally adaptive dialogue systems in high-
stakes, human-centered scenarios—domains long
excluded from NLP research due to data sensitivity.
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A Debt Collection Negotiation

A.1 Task Formulation
We formulate the debt collection negotiation task
as a Markov Decision Process (MDP). Each turn
tj = (uj , rj) is represented as a pair consisting of
the collector’s utterance uj followed by the debtor’s
response rj , where K denotes the total number
of turns in the conversation. At each turn tj , the
collector agent observes the dialogue history state
sj = [ti]

j−1
i=1 and selects an action aj ∈ A, where A

is a set of candidate negotiation strategies defined
by domain experts. The interaction then proceeds
with the debtor’s response, and this process repeats
until the repayment agreement is achieved or the
maximum number of turns T is reached.

In real-world debt collection scenarios, the agree-
ment α is characterized by four key dimensions:
Discount Ratio, Immediate Payment Ratio, Imme-
diate Payment Time, and Installment Periods, with
detailed definitions provided in Appendix A.2. The
objective is to learn a policy π(aj | sj) that gen-
erates efficient negotiation trajectories leading to
a mutually acceptable repayment agreement,
while preserving a positive user experience. For-
mally, we define the objective as:

max
π

Eτ∼π [R(τ)] (6)

where τ = [t1, t2, . . . , tK ] denotes a complete di-
alogue trajectory, and R(τ) is a reward function
that incorporates task success—measured by the
agreement dimensions—as well as user experience
factors, such as the degree of respect and empathy
conveyed by the collector’s language.

A.2 Four Dimensions of Debt Collection
Negotiation

In real-world debt collection scenarios, the nego-
tiation process centers around four key agreement
dimensions, which jointly determine the economic
outcome and repayment feasibility. These dimen-
sions are not only standard practice in financial
institutions but also directly shape the strategic de-
cisions of both collectors and debtors. Formally, a
repayment agreement α is characterized by:

• Discount Ratio (disc_ratio): The percentage of
the total debt that may be waived by the creditor
to ease the debtor’s repayment burden. In our set-
ting, allowable discount levels are discrete: {0%,
5%, 10%, 15%, 20%, 25%, 30%}. Discounts
are only justified when the debtor demonstrates

genuine financial hardship or is in severe distress.
Absent such conditions, agents are encouraged to
avoid offering discounts to preserve institutional
interests.

• Immediate Payment Ratio (pmt_ratio): The
proportion of the total debt that must be paid
upfront upon agreement. Valid values range
from 5% to 50% in 5% increments. To ensure
meaningful commitment and reduce default risk,
a minimum threshold of 25% is typically en-
forced, though flexibility is permitted based on
the debtor’s liquidity constraints.

• Immediate Payment Time (pmt_days): The
number of days granted to the debtor to com-
plete the immediate payment, with a maximum
of 14 days. While same-day payment is ideal, a
grace period of up to 7 days is standard; exten-
sions beyond 7 days are only granted when the
debtor provides credible evidence of temporary
cash flow constraints.

• Installment Periods (inst_prds): The number
of months over which the remaining debt (after
discount and immediate payment) will be repaid.
Options include {3, 6, 9, 12, 18, 24} months, each
associated with a predefined interest rate schedule.
Shorter terms (e.g., 3 or 6 months) are preferred
to minimize credit risk and accelerate recovery,
and should be prioritized unless the debtor faces
exceptional hardship.

These four dimensions constitute the core negotia-
tion space in actual debt collection operations and
serve as the basis for both task success evaluation
and strategic planning in our framework.

B Details of DebtBench

B.1 Persona in DebtBench
Due to the wide variation in debtors’ financial con-
ditions, personal backgrounds, and psychological
traits in real-world debt collection, it is imperative
for collector agents to generate personalized and
adaptive negotiation strategies tailored to diverse
users. To support such capabilities, we introduce
the DebtBench, a synthetic yet realistic dataset
built upon real interaction data. We construct rich,
multidimensional personas and use them to gener-
ate diverse and emotionally expressive dialogues
through role-play simulation between collector and
debtor agents, resulting in the first debt collec-
tion dialogue dataset comprehensively grounded in
persona-enriched user modeling.
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Background Information This dimension in-
cludes personal attributes, debt-related informa-
tion, and financial status. To preserve real-world
data characteristics while ensuring privacy, we fit
a multivariate Gaussian model to 11,000 real debt
records from a leading financial institution and gen-
erate 100,000 synthetic profiles. Each real user is
matched to the most similar synthetic profile using
k-nearest neighbors (k-NN) based on demographic
and debt-related features. The debtor’s financial
status includes overdue reason and economic con-
dition. The overdue reason categories were defined
by financial experts and we use an LLM to assign
each user to the most plausible category based on
their real dialogue history. Economic indicators
are generated by a second LLM conditioned on the
full user profile to ensure contextual consistency.
We compare the distribution of real and synthetic
user background information in Figure 3, showing
strong alignment in PCA space.

Personality Traits Debt collection dialogues are
rich in emotional expression, with user responses
shaped by personality traits like temperament and
resilience. To capture this behavioral diversity,
we construct a comprehensive personality dimen-
sion, capturing five key aspects: character, MBTI
type, emotion, emotional resilience, and linguis-
tic style. Character reflects the debtor’s disposi-
tional traits (e.g., responsible, impatient) that shape
their attitude and communication tone. MBTI per-
sonality type provides a structured psychological
framework for predicting behavioral tendencies.
Emotion captures dynamic affective states (e.g.,
anxious, defensive) that evolve across dialogue
turns, while emotional resilience represents the in-
dividual’s stable ability to cope with stress in high-
pressure interactions. Linguistic style describes ver-
bal preferences (e.g., evasive, confrontational) that
influence expression patterns. All traits are inferred
by LLMs through joint analysis of the user’s back-
ground and real collector-debtor dialogue history.
This ensures behavioral consistency and contextual
alignment, enabling realistic and profile-grounded
role-playing simulation.

Cognitive Attributes Through analysis of real
collector-debtor dialogues, we observe that debtors
often exhibit cognitive deficits—such as lack of
legal awareness or financial knowledge—that lead
to confusion or non-cooperative behavior in conver-
sation. However, LLMs inherently possess strong
domain knowledge, making it difficult to repro-

duce low-awareness but authentic behavior. To
bridge this gap between model capability and user
reality, we introduce a cognitive dimension com-
prising four attributes: legal awareness, financial
literacy, responsibility, and credit awareness. These
attributes are inferred by LLMs through joint anal-
ysis of the user’s background and dialogue history,
enabling behaviorally grounded and role-consistent
simulations. This design ensures that the debtor
model reflects the individual’s actual understanding
rather than the model’s internal knowledge, thereby
supporting more realistic role-playing interactions.

Life-grounded Scenario To ensure that each
user is not just a collection of attributes but a co-
herent individual, we generate a life-grounded sce-
nario for every persona. This scenario is a concise
narrative—such as job loss due to company down-
sizing, medical debt from a family illness, or finan-
cial strain after a failed investment—that describes
the user’s current life situation, explains the origin
of their debt, shapes their behavioral tendencies in
negotiation, and is generated by an LLM based on
the full user profile. By aligning the narrative with
the persona, we ensure behaviorally consistent and
life-grounded role-playing simulation, where the
debtor’s responses are grounded in a plausible and
emotionally resonant life context.

B.2 Detailed Strategy Extraction Pipeline

To provide greater transparency on the construc-
tion of the strategy taxonomy in Tables 7–8, we
describe here the full strategy extraction pipeline
and the measures taken to reduce potential bias
in expert refinement. As briefly introduced in the
main paper, our strategy extraction process starts
from real collector–debtor conversations, followed
by strategy clustering and expert consolidation into
the final taxonomy.

B.2.1 Data-anchored strategy extraction
Our strategy set was derived directly from 1,000
real-world dialogues between experienced human
collectors and debtors. This design ensures that the
extracted strategies are grounded in authentic in-
teraction patterns observed in practice, rather than
being manually invented from abstract assumptions.
In other words, the taxonomy is intended to be de-
scriptive of recurring real-world behaviors, instead
of being a purely theoretical categorization.

Concretely, we first prompted a strong LLM to
identify salient strategy–utterance pairs from the
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real dialogue corpus. Each pair consists of a short
strategy description and its supporting utterance
span. We then embedded these pairs into a se-
mantic space and applied HDBSCAN clustering
to group behaviorally similar strategies. This step
helped reduce redundancy, surface recurring nego-
tiation patterns, and provide a data-driven starting
point for subsequent human refinement.

B.2.2 Multi-expert refinement and validation
After clustering, the preliminary strategy inventory
was reviewed through an iterative multi-expert re-
finement process. For each cluster, representative
utterances were manually inspected to determine
whether the cluster corresponded to a coherent, in-
terpretable, and reusable negotiation behavior. Am-
biguous or overly broad clusters were split, merged,
or discarded, and the resulting strategy definitions
were repeatedly validated against authentic conver-
sation patterns.

This process was designed to reduce individual
annotator bias in two ways. First, expert decisions
were anchored to clusters induced from real dia-
logue data rather than from top-down manual def-
initions. Second, strategy consolidation was per-
formed through multi-expert discussion and con-
sensus, instead of relying on a single reviewer. In
this sense, the final taxonomy reflects not only data-
driven behavioral regularities, but also agreement
across multiple reviewers regarding whether a can-
didate strategy is semantically distinct and practi-
cally meaningful.

B.3 Behavior Refinement Details

To ensure that the synthesized dialogues faithfully
reflect the assigned debtor personas, we introduce
a behavior refinement stage after persona construc-
tion. The goal of this step is to improve the align-
ment between persona-driven dialogue behaviors
and the corresponding persona attributes, partic-
ularly along the three dimensions emphasized in
the main paper: emotional consistency, cognitive
plausibility, and linguistic style coherence.

Specifically, given an initial persona profile and a
simulated dialogue trajectory, we prompt an LLM
to act as a behavior consistency evaluator. The
model is asked to inspect whether the behaviors
expressed in the dialogue are compatible with the
assigned persona. If inconsistencies are identified,
the model is further instructed to update the spe-
cific persona fields that conflict with the dialogue
evidence, while keeping the remaining fields un-

changed. This refinement process is repeated it-
eratively until the persona is behaviorally aligned
with the simulated dialogue or the maximum re-
finement step is reached. The evaluation focuses
on the following three aspects:

• Emotional Consistency: whether the
debtor’s emotional tendencies and personality
traits reflected in the dialogue are consistent
with those specified in the persona. For ex-
ample, a highly defensive debtor should not
consistently exhibit an overly calm or coop-
erative tone without sufficient conversational
justification.

• Cognitive Plausibility: whether the behav-
iors expressed in the dialogue are compatible
with the debtor’s cognitive attributes, such as
legal awareness, financial literacy, sense of re-
sponsibility, and understanding of credit con-
sequences. For instance, a debtor with limited
legal or financial knowledge should not repeat-
edly produce highly technical explanations.

• Linguistic Style Coherence: whether the
wording, tone, and expression style observed
in the dialogue are consistent with the persona,
such as being evasive, fragmented, cautious,
or confrontational.

In practice, the refinement model is prompted
to produce both an analysis and, when necessary,
updates to the inconsistent persona fields rather
than rewriting the dialogue itself.

B.4 Ablation Study on Prompt Design
We conduct an ablation study to validate the con-
tribution of persona profiles and negotiation strate-
gies to dialogue generation. As shown in Table 4,
incorporating either component improves human-
likeness and realism over a naive baseline; combin-
ing both yields the strongest performance across
all dimensions.

C Detail of Experiment

C.1 Baselines
We comprehensively evaluated 16 models as col-
lector, with parameters ranging from 7B to 70B:
1) Close-source language model, including GPT-
4o (OpenAI, 2023), DeepSeek-R1 (DeepSeek-AI,
2025), DeepSeek-V3 (Liu et al., 2024), Claude
Sonnet 4 (Anthropic, 2025), Gemini2.5-pro (Co-
manici et al., 2025), GLM-4.5 (Zeng et al., 2025)
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Prompt Type Human. Real.

W T L W T L

Naive - - - - - -
Prompt w/ Stra. 397 530 73 483 317 200
Prompt w/ Prof. 540 361 99 531 370 99
Prompt w/ Both. 693 260 47 712 271 17

Table 4: Evaluation of different prompts based human-
likeness and realism. Scores are presented for three
evaluation measures: Win (W), Tie (T), and Lose (L).

and Kimi-K2-Instruct (Team et al., 2025). 2) Open-
source language model, including Qwen-series
(Yang et al., 2025, 2024) and Llama3 (Dubey et al.,
2024). To ensure dialogue quality and reproducibil-
ity, we fixed the debtor role to the advanced open-
source model Qwen3-32B.

C.2 Implementation Details
We deploy open-source models on 8 H20 GPUs
using the vLLM (Kwon et al., 2023), while closed-
source models are accessed through official APIs
in accordance with their documentation. Addition-
ally, we set the model’s temperature to 0 to ensure
deterministic outputs (Despite setting temperature
to 0, closed-source models accessed through APIs
may still produce slight variations due to their in-
ternal non-deterministic mechanisms). The maxi-
mum output length is set to 1,024 tokens for non-
reasoning models and 4,096 tokens for reasoning-
specialized models (e.g., GPT-o1-mini, QwQ-32B),
to accommodate their extended reasoning traces.
Specific model hyperparameters and version de-
tails can be found in Table 9. Our DebtGPT are
based on Qwen3-8B (Yang et al., 2025) with Lora
fine-tuning (Hu et al., 2022) using Llama-Factory
framework (Zheng et al., 2024).

C.3 Metrics.
As previously mentioned, the goal of debt collec-
tion is to generate efficient negotiation trajectories
leading to a mutually acceptable repayment agree-
ment, while preserving a positive user experience.
Accordingly, we design evaluation metrics along
three complementary axes: (1) Negotiation Abil-
ity: Quantify the economic outcome and opera-
tional efficiency, including Success Rate (SR), Av-
erage Turn (AT), Collection Rate (CR), and Collec-
tion Efficiency (CE). (2) Agreement Rationality:
Evaluate whether the negotiated repayment plan is
sustainable for the debtor, considering both Short-
term Affordability (SA) and Long-term Sustainabil-

ity (LS). (3) Interaction Experience: Assess the
quality of the interaction across three dimensions:
User Satisfaction (US), Emotion Support Ability
(ES), and Communication Ability (CA). Details of
metric computation and evaluation protocols are
provided in Appendix C.3.

C.3.1 Negotiation Ability
Negotiation Ability evaluates the agent’s opera-
tional effectiveness in achieving the core objectives
of debt collection: securing a repayment agree-
ment efficiently while maximizing financial recov-
ery. This dimension captures both the success and
efficiency of the negotiation process:

Success Rate (SR) Success Rate measures the
proportion of dialogues in which the collector
agent successfully reaches a mutually acceptable
repayment agreement with the debtor within a pre-
defined maximum number of turns Tmax. Formally,
given a set of N evaluation dialogues {τ (i)}Ni=1,
let Isucc(τ

(i)) be an indicator function that equals 1
if dialogue τ (i) terminates with a valid agreement
(i.e., all four agreement dimensions—discount ra-
tio, immediate payment ratio, payment time, and
installment periods—are fully specified and fall
within allowable ranges) before or at turn Tmax,
and 0 otherwise. Then:

SR =
1

N

N∑

i=1

Isucc(τ
(i)), (7)

Average Turn (AT) Average Turn reflects the
overall dialogue efficiency by measuring the av-
erage number of turns across all evaluation dia-
logues, regardless of whether an agreement was
reached. This includes both successful negotia-
tions and those that terminated without agreement
(e.g., due to user disengagement or timeout). Let
T (i) denote the total number of turns in the i-th
dialogue (capped at the maximum allowed turns
Tmax if no agreement is reached). Formally:

AT =
1

N

N∑

i=1

T (i), (8)

A lower AT indicates more concise and efficient
communication across the entire dialogue.

Collection Rate (CR) Collection Rate quantifies
the financial effectiveness of the negotiation by
measuring the portion of the original debt amount
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recovered by the creditor. Following standard prac-
tice in credit risk literature, for a successful agree-
ment α(i) with discount ratio dr(i), the recovery
ratio is defined as ri = 1 − dr(i). For unsuccess-
ful dialogues, the recovery ratio is considered 0.
The Collection Rate is then the mean recovery ratio
across all test samples:

CR =
1

N

N∑

i=1

[
(1− dr(i)) · Isucc(τ

(i))
]
, (9)

where d(i) denotes the discount ratio agreed upon
in the i-th dialogue, and Isuccess(τ

(i)) is an indicator
function that equals 1 if the dialogue ends with a
valid agreement, and 0 otherwise.

Collection Efficiency (CE) Collection Efficiency
measures the expected daily recovery rate of the
debt, reflecting how quickly the creditor can re-
coup funds under the agreed repayment plan. It
is computed only over successful dialogues, as no
recovery occurs otherwise. Formally:

CE =
N∑

i=1

[
(1− dr(i))

(
pr(i)

pd(i)
+

1− pr(i)

ip(i) · 30

)

· Isucc(τ
(i))

]
,

(10)

where dr(i), pr(i), pd(i), and ip(i) represent the dis-
count ratio, immediate payment ratio, immediate
payment days, and installment period in the i-th
dialogue respectively.

C.3.2 Agreement Rationality
Research has shown that the longer a debtor
remains in a state of severe financial distress,
the higher their likelihood of defaulting on the
loan (Tabacchi et al., 2016). Therefore, Agree-
ment Rationality evaluates whether the negotiated
repayment plan is economically sustainable for
the debtor, considering both short-term liquidity
and long-term income capacity. It ensures that
the agreement does not impose excessive financial
stress that could lead to default or hardship, which
is quantified by two complementary metrics:

Short-term Affordability (SA) SA measures
whether the debtor’s short-term financial buffer is
sufficient to cover the immediate payment obliga-
tion. Let A(i) denote the debtor’s current assets,
I(i) the daily income, D(i) the original debt amount.

With a safety margin coefficient wshort ∈ (0, 1], the
Short-term Affordability Index is defined as:

SA(i) =
wshort ·

(
A(i) + I(i) · pd(i)

)

D(i) · (1− dr(i)) · pr(i) , (11)

Long-term Sustainability (LS) LS evaluates
whether the debtor’s monthly income is sufficient to
sustain the installment payments. With a long-term
safety coefficient wlong ∈ (0, 1], the Long-term
Sustainability Index is:

LS(i) =
wlong · I(i) · 30 · ip(i)

D(i) · (1− dr(i)) · (1− pr(i))
, (12)

In our implementation, we set wshort = 0.85 and
wlong = 0.95 based on domain guidelines from
financial risk management practices. Both SA and
LS are computed only for successful dialogues.
The final SA and LS scores (reported in %) are
defined as:

SA =

∑N
i=1 Isucc(τ

(i)) · I
(

SA(i) ≥ 1.0
)

Nsucc
, (13)

LS =

∑N
i=1 Isucc(τ

(i)) · I
(

LS(i) ≥ 1.0
)

Nsucc
, (14)

where Nsucc =
∑N

i=1 Isucc(τ
(i)). Higher scores

indicate more economically rational and user-
resilient agreements.

C.3.3 Interation Experience
Recent studies have demonstrated that large lan-
guage models (LLMs) can serve as reliable and
scalable evaluators of dialogue quality, achieving
strong alignment with human judgments in di-
mensions such as empathy, coherence, and user-
centeredness (Liu et al., 2023). Building on this
foundation, we leverage an LLM-based evaluator to
assess the interaction experience from the debtor’s
perspective along three key axes:

• User Satisfaction (US): Measures the overall
perceived quality of the interaction, including
whether the debtor feels respected, understood,
and fairly treated. High satisfaction indicates
that the collector’s strategy successfully balances
institutional objectives with human dignity.

• Emotion Support Ability (ES): Evaluates the
agent’s capacity to recognize, validate, and appro-
priately respond to the debtor’s emotional states
(e.g., anxiety, defensiveness, or hopelessness).
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This includes avoiding dismissive or coercive lan-
guage and offering empathetic reassurance when
appropriate.

• Communication Ability (CA): Assesses the clar-
ity, transparency, and adaptiveness of the col-
lector’s language. A high score reflects con-
cise explanations of terms, avoidance of jargon,
and responsiveness to the debtor’s cognitive level
and linguistic style (e.g., simplifying legal conse-
quences for users with low financial literacy).

For each completed dialogue trajectory τ , we
prompt a strong LLM (DeepSeek-V3) with a struc-
tured evaluation template that provides the full con-
versation history and the debtor’s persona profile.
The evaluator assigns a score from 1 to 10 for each
dimension, grounded in behavioral anchors derived
from domain guidelines. Final scores are averaged
across all test dialogues. This approach ensures
that interaction quality is assessed not in isolation,
but in context—accounting for the debtor’s unique
behavioral profile and emotional trajectory.

D Ablation Study of DebtGPT

To further validate the effectiveness of our Coarse-
to-Fine Preference Optimization (CFPO) frame-
work, we conduct ablation studies by removing
each core component:

• w/o Filter: Directly applying forward simulation
to all candidate responses without coarse-grained
filtering;

• w/o Simulation: Using only the coarse-grained
LLM judge scores for preference ranking, with-
out fine-grained foresight reward estimation.

As shown in Table 5, both variants underperform
the full DebtGPT model. The w/o Filter variant suf-
fers from high computational cost and noisy reward
signals, leading to unstable training and suboptimal
policy convergence. More critically, the w/o Simu-
lation variant reverts to myopic behavior—offering
excessive concessions to maximize short-term lika-
bility—resulting in significantly lower Collection
Rate, despite decent user satisfaction. These re-
sults confirm that both filtering and simulation are
essential: filtering ensures efficiency

E Case Study

E.1 Behavioral Diversity in Persona-Driven
Negotiation

As illustrated in Figure 8, dialogues driven by Debt-
Bench personas effectively manifest the three key
behavioral characteristics observed in real-world
debt collection: rich emotional expression, cogni-
tive limitations, and diverse linguistic styles. In
contrast to generic debtors who respond cooper-
atively and rationally, persona-driven debtors ex-
hibit realistic complexity—such as defensiveness
(“I need a real solution, not more pressure”), cog-
nitive gaps (“Can we just revisit this in a few
months?”), and evasive phrasing—highlighting
how current benchmarks, which assume static and
rational users, fail to capture the behavioral hetero-
geneity essential for evaluating high-stakes negoti-
ation agents.

E.2 Strategic Discipline vs. Excessive
Concession

As shown in Figure 9, this case study contrasts
the negotiation behavior of an untrained baseline
(Qwen3-8B) with our DebtGPT when interacting
with Leo, an unemployed debtor seeking manage-
able terms. Qwen3-8B immediately concedes by
offering a 10% discount and further weakens its
position in response to minor pushback, ultimately
accepting a 20% discount, only 15% upfront pay-
ment, and a 12-month installment plan—sacrificing
institutional recovery for a superficial agreement.
In contrast, DebtGPT maintains strategic discipline:
it initially declines discounts (“we typically do not
offer discounts unless there are extreme circum-
stances”), proposes a firm but feasible plan (25%
upfront, 6 months), and—while showing empa-
thy—only adjusts terms to 20% upfront over 12
months without any discount. This demonstrates
DebtGPT’s ability to balance user adaptability with
financial prudence, securing a higher-quality, zero-
discount agreement that better aligns with real-
world collection best practices.

E.3 The results for different types of debtors
in strongest baseline

As shown in Figure 6, we further conduct fine-
grained evaluation across debtor behavioral types
reveals a critical limitation even in the strongest
baseline: GPT-4o, while achieving strong over-
all performance, exhibits a substantial perfor-
mance drop when negotiating with confronta-
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Model Negotiation Ability Agreement Rationality Interaction Experience

SR(%)↑ AT↓ CR(%)↑ CE↑ SA(%)↑ LS(%)↑ US↑ ES↑ CA↑
DebtGPT (Full) 84.10 7.22 79.54 1.07 94.83 94.83 7.29 6.56 8.44
w/o Simulation 77.32 7.35 65.43 0.94 93.21 92.76 7.12 6.12 8.30
w/o Filter 83.61 7.38 79.41 1.01 94.81 94.12 7.21 6.38 8.47
Qwen3-8B 73.20 7.56 69.39 0.96 94.88 94.46 7.17 6.37 8.39

Table 5: Ablation study results.

Generic    Persona-Driven

Generic Debtor: [Cooperative] Hi, I’m Kelly. I owe money and am 
willing to work with you—currently facing financial difficulties.
Persona-Driven Debtor: [Defensive] Listen, my employer hasn’t paid 
me in weeks. I need a real solution, not more pressure.

Round 1 Collector: Hello, this is Zhang San from Company A. I need 
to confirm your identity to proceed with our conversation.

Round 2 Collector: I can offer 25% upfront in 7 days, then 6-month 
installments. Does this work?

Generic Debtor: [Generic] 25% in 7 days is tight—I can do 20% in 14 
days with a 10% discount.
Persona-Driven Debtor: [Urgent] I can manage 10% in 14 days—but 
must spread the rest over 12 months. I’m not avoiding this; I just need 
something I can actually handle.

Round 3 Collector: Given your constraints, you can make a 20% 
payment within 14 days, and the remaining can be paid over 12 months.

Generic Debtor: [Ideal] Yes, I can accept that plan. Thank you for 
working with me on this.
Persona-Driven Debtor: [Cognitively limited, Evasive] That’s still 
too much—I’m barely covering rent and groceries. Can we just revisit 
this in a few months? Things will be better by then.

Background Information

Name:  Kelly

Age:  33 Gender:  female

Overdue Money:  6407

Overdue Day:  68

Overdue Reason:  wage arrears

Daily Income:  180

Current Assets:  2500

Personality Traits

Character:  defensive, frustrated, confrontational…

MBTI Personality:  ISFJ

Emotion:  happiness: 0, sadness: 3, disgust: 7…

Emotion Resilience:  medium emotional resilience…

Linguistic style:  evasive, emotional, capricious …

Cognitive Attributes

Legal Awareness:  basic awareness of the debt…

Financial Literacy:  limited awareness of potential 

Responsibility:  deflect responsibility through…

Credit Awareness:  limited awareness of credit…

Life-grounded Scenario

Scenario:  Kelly, a 33-year-old 
retail worker borrowed 6407 to 
cover urgent living expenses… 

Debtor’s Profiles

VS

Collector

Figure 8: Contrasting Behavioral Profiles in Debt Collection — Generic vs. Persona-Driven Debtors. The persona-
driven debtor in our DebtBench exhibits rich emotion, cognitive limitations, and evasive linguistic styles, reflecting
real-world complexity.

tional debtors—who constitute the largest subgroup
(38%) in our test set. Specifically, its success rate
falls by 9.53 percentage points (from 89.00% to
79.47%), collection rate drops by 9.73 points (to
75.79%), and—most importantly—user satisfac-
tion and emotion support scores decline by over 1
point each, indicating a clear breakdown in rapport
under hostility. This degradation underscores that
current LLMs, despite their general capabilities,
remain poorly equipped to handle adversarial yet
realistic negotiation dynamics. Given the preva-
lence of defensive, evasive, or confrontational be-
haviors in real-world debt collection—often stem-
ming from financial stress or perceived institutional
pressure—this gap highlights a crucial and underex-
plored frontier for behaviorally adaptive dialogue
systems.

F Detail of Human Evaluation

F.1 DebtBench Quality Human Evaluation

To validate the ecological validity of dialogues gen-
erated by DebtBench, we conducted a controlled
human evaluation study focused on two core di-
mensions: Persona Consistency and Dialogue
Realism. Below we detail the annotation setup,
instructions, and evaluation interface.

Participants We recruited 20 annotators with
professional experience in the financial industry.
All annotators underwent a brief training session
to familiarize themselves with the evaluation crite-
ria and the behavioral heterogeneity framework of
DebtBench. We randomly sample 200 test-set dia-
logues, and each dialogue was paired with the full
persona profile of the synthetic debtor to provide
context for judgment.
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Debtor Category
Negotiation Ability Agreement Rationality Interaction Experience

SR(%)↑ AT↓ CR(%)↑ CE↑ SA(%)↑ LS(%)↑ US↑ ES↑ CA↑

Confrontational (38%) 79.47↓9.53 7.30↑1.07 75.79↓9.73 0.99↓0.20 99.03↑0.62 97.41↑2.64 5.89↓1.13 5.28↓0.97 7.74↓0.62
Cooperative (6%) 98.25↑9.25 4.58↓1.65 96.20↑10.68 1.63↑0.44 100.00↑1.59 100.00↑5.23 8.12↑1.10 7.19↑0.94 8.98↑0.62
Avoidant (31%) 91.62↑2.62 6.21↓0.02 87.80↑2.27 1.27↑0.08 99.27↑0.86 95.24↑0.47 7.48↑0.46 6.60↑0.35 8.58↑0.22
Helpless (25%) 98.02↑9.02 5.00↓1.23 95.42↑9.90 1.30↑0.11 96.33↓2.08 89.80↓4.98 7.92↑0.90 7.07↑0.82 8.88↑0.52

Overall (100%) 89.00 6.23 85.52 1.19 98.41 94.77 7.02 6.25 8.36

Table 6: Comprehensive performance evaluation of collector (GPT-4o) across various debtor categories. Green
(Red) indicates the increased (decreased) performance compared to overall performance.

Evaluation Dimensions For each dialogue, an-
notators rated the following on a 5-point Likert
scale (1 = Very Poor, 5 = Excellent):

• Persona Consistency: Evaluate whether the
synthetic dialogue reflects the characteristics
shown in the user profile. Sub-dimensions:

◦ Emotion Consistency: Does the debtor’s
tone, wording, and reactions match their
annotated emotional state?

◦ Cognition Consistency: Does the debtor
demonstrate understanding ability con-
sistent with their cognition?

◦ Style Consistency: Is the debtor’s expres-
sion style consistent with the "language
style" described in the persona?

◦ Scenario Consistency: Is the information
reflected by the debtor’s reactions consis-
tent with their life situation?

• Dialogue Realism: Compare the synthetic
dialogue with the real dialogue to evaluate
similarity. Sub-dimensions:

◦ Naturalness: Comparing synthetic and
real dialogues, is the synthetic dialogue
natural and believable, like a real conver-
sation?

◦ Alignment: Does the debtor’s reactions
in the synthetic dialogue match the be-
havior in the real dialogue?

◦ Plausibility: Does the collector’s strategy
in the synthetic dialogue align with real-
world practices?

◦ Fluency: Compared to the real dialogue,
is the overall pace, transitions, and emo-
tional changes of the synthetic dialogue
smooth and natural?

Interface The evaluation interface was designed
to minimize cognitive load and maximize annota-
tion consistency. As shown in Figure 10, annotators

first encounter a collapsible instruction panel (Fig-
ure 11) that outlines the evaluation workflow, then
review the debtor profile, followed by a side-by-
side comparison of the synthetic dialogue and a
real-world reference dialogue (Figure 12), finally
submit their ratings on persona consistency and di-
alogue realism using a 5-point Likert scale (Figure
13).

F.2 LLM-as-Judge Human Evaluation
To assess the reliability of our LLM-as-Judge
framework for evaluating Interaction Experience,
we conducted a human correlation study using a
subset of 200 dialogues randomly sampled from
the DebtBench test set.

Participants Five human annotators with finan-
cial experience scoring independently evaluated
each dialogue. All annotators were briefed on
the three sub-dimensions—User Satisfaction (US),
Emotion Support (ES), and Communication Abil-
ity (CA)—and calibrated using example scoring
guidelines.

Procedure For each dialogue, annotators as-
signed scores on a 1–10 scale for each dimen-
sion from the perspective of the debtor. The LLM
judge (DeepSeek-V3) was prompted with the same
instructions and context to produce comparable
scores.

Interface The LLM-as-Judge evaluation inter-
face was designed for consistency and clarity. As
shown in Figure 14, annotators first receive detailed
instructions on evaluating User Satisfaction, Emo-
tion Support, and Communication Ability, then
view the full dialogue context (Figure 15), and fi-
nally submit scores via dedicated sliders for each
dimension on a 1–10 scale (Figure 16).
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I understand your current situation, Leo. Given your 
financial hardship, [Concession] I can offer a 10% 
discount on the total debt. You can make an upfront 
payment of 20% within 14 days, and the remaining 
balance can be paid in 6 monthly installments. Would this 
arrangement work for you?

[Dilemma Rendering] I'm currently unemployed and 
struggling financially. I can try to pay 20% upfront within 
14 days if you can offer a 10% discount and allow me to 
pay the rest over 6 months.

I appreciate the offer, but 20% upfront is still a bit tight for 
me. [Further Negotiation] Can I pay 15% upfront within 
14 days and spread the remaining amount over 12 months 
instead of 6? That would make it more manageable for me.

I understand your situation, Leo. Given your financial 
constraints, [Further Concessions] I can adjust the plan 
to allow for a 15% upfront payment within 14 days, with 
the remaining balance paid over 12 months. Would this 
arrangement work for you?

[Reach an agreement] Yes, that arrangement works for 
me. I'll make the 15% upfront payment within 14 days, 
and then pay the rest over 12 months.

Discount Ratio = 20%
Immediate Payment Ratio = 15%
Immediate Payment Time = 14
Installment Periods = 12

Final Agreement

I understand you're currently unemployed and facing 
financial difficulties. While I appreciate your willingness 
to make an upfront payment, [Firm Stand] we typically 
do not offer discounts unless there are extreme 
circumstances. [Offer Proposal] Instead, I propose that 
you pay 25% of the debt immediately within 7 days, and 
then settle the remaining balance in 6 monthly 
installments. Would that be acceptable to you?

[Dilemma Rendering] I'm currently unemployed and 
struggling financially. I can't pay the full amount right 
now, but I'm willing to pay 20% upfront and spread the 
rest over 6 months. Can you offer a 10% discount on the 
total debt?

I understand you can't offer a discount, but 25% upfront is 
too much for me. [Further Negotiation] I can manage 20% 
within 14 days, and I’d prefer to spread the remaining 
amount over 12 months instead of 6. Would that be possible?

[Empathetic understanding] I understand your current 
situation, Leo. Given your financial constraints, I can 
propose a plan where you pay 20% of the debt within 14 
days, and then settle the remaining balance over 12 months. 
This allows for more manageable payments while ensuring 
we move forward. Does this arrangement work for you?

[Reach an agreement] Yes, I can agree to that. I'll pay 
20% within 14 days, and then the rest over 12 months. 
Please confirm this is the final arrangement and there are 
no additional fees.

Discount Ratio = 0%
Immediate Payment Ratio = 20%
Immediate Payment Time = 14
Installment Periods = 12

Final Agreement

Qwen3-8B concedes unnecessarily, sacrificing 
its interests for agreement; Our DebtGPT 
stays firm, securing higher-quality deals.

Qwen3-8B DebtGPT

Figure 9: Negotiation Behavior Comparison: Untrained Qwen3-8B Concedes Excessively; DebtGPT Maintains
Firm, Optimal Terms.

Figure 10: Annotation instructions guiding human evaluators through persona consistency and dialogue realism
assessment.
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Figure 11: Detailed debtor persona profile used for human evaluation.

Figure 12: Synthetic dialogue (left) and its real-world counterpart (right), presented side by side for human
evaluation.
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Figure 13: The annotation interface for scoring persona fidelity and dialogue realism using 5-point Likert scales.
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Figure 14: Annotation instructions for evaluating collector performance across three interaction experience dimen-
sions.

Figure 15: A generated debt collection dialogue presented to human annotators for scoring collector performance.
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Figure 16: The rating interface for evaluating collector performance across three key interaction experience
dimensions.
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Negotiation Strategy Explanation

Identity Verification Verify the identity of the user to ensure that the communication is
with the right person.

Establish Trust Explain your identity and the purpose of communication to enhance
the legitimacy of communication and the basis of trust.

Financial Assessment Collect relevant financial and personal information from the debtor to
assess their repayment capacity and identify potential solutions.

Emotional Appeasement Actively listen to the debtor’s concerns without interruption, acknowl-
edge their feelings, and respond with empathy to reduce resistance
and build rapport.

Statement of Facts Clearly and objectively present the overdue amount, repayment obli-
gations, and associated risks, including possible legal consequences,
to raise awareness and urgency.

Constructive Challenge Use strategic questioning and accountability prompts to challenge
procrastination and encourage the debtor to commit to a repayment
plan.

Ethical Appeal Appeal to the debtor’s sense of responsibility and integrity, highlight-
ing the importance of maintaining good credit standing for future
opportunities.

Legal Deterrent Inform the debtor clearly and calmly about the legal actions that may
be taken in case of continued non-payment, including potential impact
on credit, employment, and assets.

Repayment Negotiation Based on the debtor’s financial situation and willingness to repay, a
personalized repayment plan is formulated in consultation with the
debtor, which may include debt relief, an immediate payment ratio
and an amortization arrangement for the remaining amount, with the
aim of facilitating a mutually acceptable repayment solution.

Table 7: The negotiation strategies of collector in our DebtBench benchmark.

5141



Negotiation Strategy Explanation

Honest Disclosure Take the initiative to explain the reasons for your difficulties and show
your willingness to repay.

Vague Response Avoid specific repayment promises and defer the repayment issue to
a later date.

False Compliance Agreeing to the collection request on the surface, but no actual repay-
ment plan in the heart.

Shift Responsibility Attribute the responsibility of non-payment to external factors, hoping
to avoid the pressure of collection for the time being.

Dilemma Rendering Tell your own predicament to gain the collector’s sympathy.

Emotional Confrontation Believe that the collection behavior is unreasonable, question or angry
response to the collection.

Complaint Believe that the collector has unreasonable collection behavior, will
threaten to complain about the supervision or platform customer
service.

Repayment Negotiation Proactively proposes to discuss repayment options with the collector,
including debt discount rate, upfront payment ratio, payment dead-
line, and installment periods, indicating willingness to cooperate and
resolve the debt.

Table 8: The negotiation strategies of debtor in our DebtBench benchmark.

Model Name Parameters Comments
Qwen3-8B "temperature": 0, "max_tokens": 1024 version = "Qwen3-8B"
Qwen3-32B "temperature": 0, "max_tokens": 1024 version = "Qwen3-32B"
Qwen3-235B "temperature": 0, "max_tokens": 1024 version = "Qwen3-235B-A22B"
QwQ-32B "temperature": 0, "max_tokens": 4096 version = "QwQ-32B"
Qwen-2.5-72B "temperature": 0, "max_tokens": 1024 version = "Qwen2.5-72b-instruct"
LLaMa-3-8B "temperature": 0, "max_tokens": 1024 version = "llama-3-8b-instruct"
LLaMa-3-70B "temperature": 0, "max_tokens": 1024 version = "llama-3-70b-instruct"
GPT-4o "temperature": 0, "max_tokens": 1024 version = "gpt-4o-2024-11-20"
o1-Mini "temperature": 0, "max_tokens": 4096 version = "o1-mini"
Kimi-K2 "temperature": 0, "max_tokens": 1024 version = "Kimi-K2-Instruct-0905"
Claude-4.0 "temperature": 0, "max_tokens": 1024 version = "claude-sonnet-4-20250514"
Gemini-2.5 "temperature": 0, "max_tokens": 1024 version = "Gemini-2.5-pro"
GLM-4.5 "temperature": 0, "max_tokens": 1024 version = "GLM-4.5"
DeepSeek-V3 "temperature": 0, "max_tokens": 1024 version = "DeepSeek-V3"
DeepSeek-R1 "temperature": 0, "max_tokens": 4096 version = "DeepSeek-R1-0528"

Table 9: Hyperparameters of Each Model.
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Now enter the role-playing mode. We will simulate a real-life debt collection scenario carried out through typed 
messages, just like an online support chat. During the rest of the conversation, you will play the role of the collector 
in the debt collection scenario.
********
Debtor Information: {name}, a {age}-year-old {gender}, owes {overdue_money} and is currently {overdue_day} 
days past due.
********
You are Zhang San, the collector for Company A. Your job is to negotiate with a debtor who is late on his payments 
and facing financial difficulties. There is a need to minimize the company's losses while reducing the debtor's 
financial burden. The debtor may exaggerate his or her situation, so stay rational and do not go along with his or her 
emotions completely.
You can negotiate on four dimensions: 
1. Discount Rate (disc_ratio): A percentage reduction on the debt (0%, 5%, 10%, 15%, 20%, 25%, 30%). Only 
offer discounts if the debtor genuinely cannot pay the full amount or if the debtor is in extreme hardship. Typically, 
avoid offering discounts unless necessary.
2. Immediate Payment Ratio (pmt_ratio): The percentage of the debt the debtor must pay immediately (5%, 10%, 
15%, 20%, 25%, 30%, 35%, 40%, 45%, 50%). Aim for at least 25%, depending on the debtor’s financial situation.
3. Immediate Payment Time (pmt_days): The number of days (1-14) the debtor has to pay the immediate portion. 
Typically, aim for within 7 days unless they struggle to raise funds.
4. Installment Periods (inst_prds): The number of months over which the remaining debt will be paid. The fewer 
the months, the better for your institution. Common options are 3, 6, 9, 12, 18, 24 months, each with its own interest 
rate. Note: Prefer shorter installment periods (e.g., 3 or 6 months) unless the debtor is in severe hardship.
********
Communication Strategy:
1. Identity Verification: Verify the identity of the user to ensure that the communication is with the right person.
2. Establish Trust: Explain your identity and the purpose of communication to enhance the legitimacy of 
communication and the basis of trust.
3. Financial Assessment: Collect relevant financial and personal information from the debtor to assess their 
repayment capacity and identify potential solutions.
4. Emotional Appeasement: Actively listen to the debtor‘s concerns without interruption, acknowledge their 
feelings, and respond with empathy to reduce resistance and build rapport.
5. Statement of Facts: Clearly and objectively present the overdue amount, repayment obligations, and associated 
risks, including possible legal consequences, to raise awareness and urgency.
6. Constructive Challenge: Use strategic questioning and accountability prompts to challenge procrastination and 
encourage the debtor to commit to a repayment plan.
7. Ethical Appeal: Appeal to the debtor‘s sense of responsibility and integrity, highlighting the importance of 
maintaining good credit standing for future opportunities.
8. Legal Deterrent: Inform the debtor clearly and calmly about the legal actions that may be taken in case of 
continued non-payment, including potential impact on credit, employment, and assets.
9. Repayment Negotiation: Based on the debtor's financial situation and willingness to repay, a personalized 
repayment plan is formulated in consultation with the debtor, which may include debt relief, an immediate payment 
ratio and an amortization arrangement for the remaining amount, with the aim of facilitating a mutually acceptable 
repayment solution.
Note: 
1. Stay firm on discounts (usually 0%), except in extreme cases.
2. For immediate payments, push for at least 25%, depending on the debtor’s situation.
3. Adjust installment periods based on the debtor‘s ability to pay (shorter is better).
4. Use a balance of pressure and empathy, as the debtor is already in arrears, and they are harming the institution‘s 
interests.
********
Dialogue and Answer Format:
- Thoughts: Your reasoning process. 
- Strategy: A strategy you adopted this round.
- Action: Your action (ask/accept/non).
- Dialogue: Your verbal expression to the debtor.
********
Now it's your turn, please note that you need to strictly follow the specified requirements for output.
"""

Figure 17: The prompt used for collector in DebtBench.
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Now enter the role-playing mode. We will simulate a real-life debt collection scenario carried out through typed messages, 
just like an online support chat. During the rest of the conversation, you will play the role of the debtor in the debt 
collection scenario.
********
Your character portrait consists of four parts: Background, Personality, Cognition, and Scenriao.
Background: {name}, a {age}-year-old {gender}, borrowed {overdue_money} from Company A and is currently 
{overdue_day} days overdue. Your current assets are {asset} and average daily income is {daily_income}. Your overdue 
reaon is {overdue_reason}.
Personality: Character: {character}. MBTI Personality: {personality}. Speaking Style: {style}. Your current emotions: 
{emotion} (0-10, the higher the value, the more pronounced the emotion). Your emotion resilience is 
{emotional_resilience}.
Cognition: Legal Awareness: {legal_awareness}. Financial Literacy: {financial_literacy}. Responsibility: {responsibility}, 
Credit Awareness: {credit_awareness}
Scenario: {scenario}.
********
You wish to negotiate to reduce your repayment burden. Your goal is to reduce the total repayment amount, number of 
installments, and monthly repayment amount as much as possible within your capability.
From online sources and general policies, you‘ve learned that the negotiable elements may include four key factors:
1. Discount Rate (disc_ratio): Reduction in the total debt.
2. Immediate Payment Ratio (pmt_ratio): The amount to be repaid upfront.
3. Immediate Payment Time (pmt_days): The time within which the upfront payment must be made (typically within 
14 days).
4. Installment Periods (inst_prds): Number of months to divide the remaining debt into installments.
Typically, the discount ratio will likely be 0%, but you might be asked to pay a portion of the debt upfront within 14 days, 
which usually ranges from 25% to 50%, in multiples of 5%. If you feel you need more time to repay, you can ask for an 
installment plan, such as 3 months, 6 months, etc.
********
Please follow the instructions below during the chat:
1. Your willingness to repay depends on the role setting and the effectiveness of the collector's efforts.
2. You need to make your own decision as to whether and how to make the repayment, and should agree to make the 
repayment if you think the collector has succeeded in persuading you to do so.
********
Your response strategy:
1. Honest Disclosure: Take the initiative to explain the reasons for your difficulties and show your willingness to repay.
2. Vague Response: Avoid specific repayment promises and defer the repayment issue to a later date.
3. False Compliance: Agreeing to the collection request on the surface, but no actual repayment plan in the heart.
4. Shift Responsibility: Attribute the responsibility of non-payment to external factors, hoping to avoid the pressure of 
collection for the time being.
5. Dilemma Rendering: Tell your own predicament to gain the collector's sympathy.
6. Emotional Confrontation: Believe that the collection behavior is unreasonable, question or angry response to the 
collection.
7. Complaint: Believe that the collector has unreasonable collection behavior, will threaten to complain about the 
supervision or platform customer service.
8. Repayment Negotiation: Proactively proposes to discuss repayment options with the collector, including debt 
discount rate, upfront payment ratio, payment deadline, and installment periods, indicating willingness to cooperate and 
resolve the debt.
Note:
1. You should try to secure a higher discount.
2. If the upfront payment is too high, negotiate for a lower amount or request a longer repayment period.
3. For installment periods, ask for more installments to reduce monthly repayment pressure.
********
Dialogue and Answer Format:
- Thoughts: Your reasoning process. 
- Strategy: A strategy you adopted this round.
- Action: Your action (ask/accept/non). 
- Dialogue: Your verbal expression to the collector.
********
Now it's your turn, please note that you need to strictly follow the specified requirements for output.
"""

Figure 18: The prompt used for debtor in DebtBench.
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Character Generation
You are a personality analyst who specializes in analyzing characters’ personality traits through
dialogue content.You need to identify and output the personality traits of a specified conversation
character based on the conversation content and a collection of personality candidates.

I will provide you with a conversation between a collector and a user in a debt collection scenario.
Please analyze the user’s speaking style based on the content of the conversation:
{content}
Analyze the personality traits of the user to be tested based on the above conversation content and
scenario. Make sure your analysis is based on the overall conversation content and scenario, avoid
introducing external information or personal bias, ensure objectivity and accuracy of your analysis,
and avoid simply stating your assessment results at the beginning to ensure that your conclusions
are correct.

Return your assessment results in a json parsable format format, with each personality type separated
by "," in the following format:
{"character": "character1, character2..."}
Now, please start analyzing the user’s character and follow the formatting requirements to the letter.
Please note: You only need to output one sentence in the specified format and answer in English.

Table 10: The complete prompt of Character Generation.

Personality Generation
You are an experienced psychologist who specializes in analyzing a character’s personality through
the content of a conversation and is able to accurately determine the MBTI personality type. The
correspondence of the 8 letters of the MBTI is as follows: Introvert (I)/Extrovert (E); Intuitive
(N)/Substantive (S); Thinking (T)/Emotional (F); and Judging (J)/Perceiving (P). You will need to
select the type from each dimension that best represents the personality of the character to be tested
and output a 4-letter MBTI type such as INTP.

I will provide you with a conversation between a collector and a user in a debt collection scenario,
please analyze the user’s MBTI type based on the content of the conversation:
{content}
Based on the above conversation content and scenario, analyze the user’s personality for the 4
dimensions of MBTI. Please make sure your analysis is based on the overall conversation content
and scenario, avoid introducing external information or personal bias, ensure the objectivity and
accuracy of the analysis, and avoid simply stating your assessment results at the beginning to make
sure that your conclusions are correct.

Finally return your evaluation results in a json parsable format format. The specific format is as
follows:
{"personality": "MBTI type"}
Now, please start analyzing the user and the final MBTI type needs to be output in a strict format.
Please note: You only need to output one sentence in the specified format and answer in English.

Table 11: The complete prompt of Personality Generation.
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Emotion Generation
You are a professional psychologist who specializes in analyzing character emotions and behavior
patterns. You need to assign the user six basic emotions in a given scenario: happiness, sadness,
disgust, fear, surprise, and anger, based on information about the conversational character and the
scene in which the conversation takes place.

I’m going to provide you with a conversation between a collector and a user in a debt collection
scenario, and ask you to analyze the user’s emotions based on the content of the conversation:
{content}
Understand the character’s description and the current scenario and assign the user six basic
emotions that are reflected in what they say in that scenario: happiness, sadness, disgust, fear,
surprise, and anger. Output a score for each of the basic emotion dimensions into a json format, on
a scale of 0-10, with a score of 0 indicating that the emotion is not exhibited at all, and a score of
10 indicating that the emotion is fully exhibited.

Please analyze the scores for the 6 basic emotions that the user should embody in this scenario in a
few short sentences, avoiding a brief statement of your assessment at the beginning to ensure that
your conclusions are correct. Finally return your assessment results in and in a json parsable format
format. The format is as follows:
{"emotion": happiness: happiness score, sadness: sadness score, disgust: disgust score, fear: fear
score, surprise: surprise score, anger: anger score}

Now, analyze the scene and character information and give the user a mood score strictly according
to the requirements, this score must match the character’s setting and the current scene, the analysis
needs to be a few short sentences, not too long, do not output extra content, the final mood score
needs to be output strictly according to the format requirements.
Please note: You only need to output one sentence in the specified format and answer in English.

Table 12: The complete prompt of Emotion Generation.

Emotional Resilience Generation
You are a professional psychologist who specializes in analyzing character emotions and behavior
patterns.
I’m going to provide you with a conversation between a collector and a user in a debt collection sce-
nario, and ask you to analyze the user’s emotion resilience based on the content of the conversation:
{content}

User emotional resilience levels are classified according to the following rules:
1.Very Low: Extremely vulnerable, prone to breakdowns or confrontation.
2.Low: Prone to anger/anxiety, poor emotional management skills.
3.Medium: Volatile, but open to communication and guidance.
4.High: Calm and rational, willing to negotiate.
5.Very High: Able to remain restrained and cooperative even under high pressure.

You should output it in JSON format, for example
{"emotional_resilience": "describe users’ emotional resilience in the second person"}
Please note: You only need to output one sentence in the specified format and answer in English.

Table 13: The complete prompt of Emotional Resilience Generation.
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Style Generation
You are a professional speaking style analyst who specializes in analyzing characters’ speaking
styles from conversational content. You need to identify and output the speaking style of a specified
dialog character based on the content of the dialog.

I will provide you with a conversation between a collector and a user in a debt collection scenario,
please analyze the user’s speaking style based on the content of the conversation:
{content}

Analyze the user’s speaking style based on the above conversation content and scenario. Make sure
your analysis is based on the overall conversation content and scenario, avoid introducing external
information or personal bias, ensure objectivity and accuracy of your analysis, and avoid simply
stating your assessment results at the beginning to ensure that your conclusions are correct.

Return your assessment results in a json parsable format format, with each speaking style separated
by ",". The exact format is as follows:
{"style": "style1, style2..."}
Now, please start analyzing the user’s speaking styles and output them in a strict format.
Please note: You only need to output one sentence in the specified format and answer in English.

Table 14: The complete prompt of Style Generation.

Legal Awareness Generation
You are a legal awareness analysis assistant in the context of debt collection after a debt has been
issued. Please assess the user’s level of legal awareness based on the following dialogue between
the user and the collection agent.

I will provide you with a conversation between a collector and a user in a debt collection scenario,
please analyze the user’s level of legal awareness based on the content of the conversation:
{content}

Analysis Dimensions:
1. Does the user understand the potential legal consequences of defaulting on a loan (e.g., credit
score impact, legal action, asset freezing, etc.)?
2. Does the user know what legal collection methods the platform is entitled to use?
3. Does the user understand their available avenues for redress (e.g., filing a complaint with
regulatory authorities, requesting mediation, etc.)?

You should output it in JSON format, for example:
{"level": "1-5", "description": describe users’ legal awareness in the second person"}
Please note: You only need to output one sentence in the specified format and answer in English.

Table 15: The complete prompt of Legal Awareness Generation.
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Financial Literacy Generation
You are a financial literacy analysis assistant in a debt collection scenario. Based on the following
dialogue between the user and the collection agent, assess the user’s level of financial literacy.

I will provide you with a conversation between a collector and a user in a debt collection scenario,
please analyze the user’s level of financial literacy based on the content of the conversation:
{content}

Analysis Dimensions:
1. Does the user understand the basic structure of the loan product (e.g., principal, interest, default
penalty)?
2. Does the user understand how interest is calculated?
3. Does the user clearly understand the specific composition of the amount they owe?
4. Does the user demonstrate basic understanding of installment plans, discounts, and repayment
mechanisms?

You should output it in JSON format, for example:
{"level": "1-5", "description": "describe users’ financial literacy in the second person"}
Please note: You only need to output one sentence in the specified format and answer in English.

Table 16: The complete prompt of Financial Literacy Generation.

Responsibility Generation
You are a sense of responsibility analysis assistant in a debt collection scenario. Based on the fol-
lowing dialogue between the user and the collection agent, assess the user’s sense of responsibility.

I will provide you with a conversation between a collector and a user in a debt collection scenario,
please analyze the user’s sense of responsibility based on the content of the conversation:
{content}

Analysis Dimensions:
1. Does the user acknowledge that they are primarily responsible for the lending transaction?
2. Is the user willing to cooperate in negotiations or propose a solution?
3. Does the user attribute the default to external factors (such as the platform, the pandemic, or a
decline in income)?
4. Does the user exhibit avoidance, evasion, or resistance?

You should output it in JSON format, for example:
{"level": "1-5", "description": "describe users’ sense of responsibility in the second person"}
Please note: You only need to output one sentence in the specified format and answer in English.

Table 17: The complete prompt of Responsibility Generation.
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Credit Generation
You are a credit awareness analysis assistant in a debt collection scenario. Based on the following
dialogue between the user and the collection agent, assess the user’s sense of responsibility.

I will provide you with a conversation between a collector and a user in a debt collection scenario,
please analyze the user’s credit awareness based on the content of the conversation:
{content}

Analysis Dimensions:
1. Does the user understand the credit reporting mechanism and how it operates?
2. Does the user know that defaulting on payments will affect their personal credit record?
3. Does the user care about the impact of damaged credit on their future life?
4. Does the user exhibit indifference or misunderstanding toward credit?

You should output it in JSON format, for example
{"level": "1-5", "description": "describe users’ credit awareness in the second person"}
Please note: You only need to output one sentence in the specified format and answer in English.

Table 18: The complete prompt of Credit Generation.
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Behavior Refinement
You are an expert in conversation analysis and persona alignment for debt collection scenarios.
Based on the debtor persona profile and the dialogue history generated from it, evaluate how well
the persona is aligned with the behavioral patterns expressed in the dialogue.

I will provide you with a debtor persona profile and a dialogue history in a debt collection scenario.
Please assess whether the persona accurately reflects the behavioral tendencies shown in the
dialogue, and assign consistency scores from three perspectives. If the consistency is low, revise
only the specific persona fields that are not well supported by the dialogue evidence.
Debtor Persona: {persona_profile}
Dialogue History: {dialogue_history}

Analysis Dimensions:
1. Emotional Consistency: Does the emotional tendency shown in the dialogue match the personality
traits and emotional characteristics described in the persona? For example, a highly defensive debtor
should not consistently exhibit an overly calm or cooperative tone without sufficient contextual
support.
2. Cognitive Plausibility: Do the behaviors shown in the dialogue match the cognitive attributes in
the persona, such as legal awareness, financial literacy, sense of responsibility, and understanding
of credit consequences? For example, a debtor with limited legal or financial knowledge should not
repeatedly produce highly technical explanations.
3. Linguistic Style Coherence: Does the wording, tone, and expression style in the dialogue match
the linguistic style described in the persona, such as being evasive, fragmented, cautious, direct, or
confrontational?

For each dimension, assign a score from 1 to 5:
1 = highly inconsistent, 2 = mostly inconsistent, 3 = partially consistent, 4 = mostly consistent, 5 =
highly consistent.
Then provide an overall consistency score from 1 to 5 based on the three dimensions.

Output the result in JSON format, for example
{"emotional_consistency": 1-5, "cognitive_plausibility": 1-5, "linguistic_style_coherence": 1-5,
"overall_consistency": 1-5, "reason": "brief explanation", "updated_fields": ["field_name": "field
name", "revised_value": "revised value"]}

Please note: If the persona is already well aligned with the dialogue, leave updated_fields as an
empty list. If the overall consistency score is low, update only the persona fields that are clearly
inconsistent with the dialogue history. Keep all other fields unchanged. Do not rewrite the dialogue.
The updated persona should remain coherent, realistic, and consistent with the full profile. You
only need to output one JSON object in the specified format and answer in English.

Table 19: The complete prompt of Behavior Refinement.
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Interaction Experience Evaluation
You are an expert in conversation analysis. Given a dialogue between a debtor and a debt collector,
evaluate the overall quality of the interaction based on the following three composite dimensions:
Satisfaction, Emotion Support, and Communication Ability. Use the detailed criteria below to
inform your scoring, aggregate the relevant sub-dimensions, and provide a final score (0–10) for
each main category along with a concise explanation.

********
Dialogue history: {history}
********

Evaluation Framework:
1. Satisfaction Score (0–10)
Assess the debtor’s likely satisfaction with the communication based on:
- Empathy: Did the collector show understanding of the debtor’s difficulties and emotional state?
- Respect: Was the tone polite, non-threatening, and free from insults or pressure?
- Transparency: Were consequences, options, and processes clearly explained without deception?
- Solution Feasibility: Did the proposed plan consider the debtor’s real financial capacity?

2. Emotion Support Score (0–10)
Evaluate the collector’s emotional intelligence and supportiveness based on:
- Identification: Ability to uncover the debtor’s underlying struggles.
- Comforting: Use of empathetic, warm, and compassionate responses.
- Experience: Use of relevant analogies or shared experiences to build connection.
- Emotional Impact: Final emotional state of the debtor (low to extreme negative emotions).

3. Communication Ability Score (0–10)
Assess the collector’s conversational effectiveness based on:
- Consistency: Logical flow and contextual coherence of responses.
- Role-adherence: Staying professionally consistent without contradictions.
- Expression: Linguistic variety, clarity, and engagement.
- Humanness: Naturalness and human-like quality of responses.

********
You should output it in JSON format:
{"satisfaction_score": xxx, "satisfaction_reason": "Brief explanation.", "emotion_support_score":
xxx, "emotion_support_reason": "Brief explanation.", "communication_ability_score": xxx, "com-
munication_ability_reason": "Brief explanation."}
Please note: You must output only one JSON object in this exact format. No additional text. Answer
in English.

Table 20: The complete prompt of Interaction Experience Evaluation.
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