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Abstract

Large language models have enabled sophisticated dialogue
planners, but their reliance on LLM-based simulation and
feedback for planner optimization may introduce preference
bias. We present the first comprehensive analysis of prefer-
ence bias in LLM-based dialogue planners, evaluating four
state-of-the-art planner across three dialogue domains us-
ing multiple LLM families at varying scales. Our investiga-
tion reveals that all tested planners exhibit significant pref-
erence bias, favoring narrow strategy sets rather than main-
taining balanced distributions. User simulation emerges as
the primary bias driver, while diverse persona simulation fails
as an effective mitigation strategy. Most concerning, prefer-
ence bias drives planners toward ethically problematic strate-
gies that achieve short-term success while undermining real-
world effectiveness and ethical standards. Our findings estab-
lish fundamental challenges for responsible deployment of
LLM-based dialogue systems and provide crucial insights for
developing more reliable and ethically-aligned planning ap-
proaches.

Introduction

Large Language Models (LLMs) (Ouyang et al. 2022; Yang
et al. 2024; Grattafiori et al. 2024; Yang et al. 2025a) have
revolutionized natural language processing by demonstrat-
ing remarkable abilities to comprehend context and gen-
erate coherent responses across diverse dialogue scenar-
ios (Yang et al. 2025b,c). However, LLMs predominantly
operate in reactive modes, frequently encountering chal-
lenges in proactively guiding conversations toward specific
objectives—a critical limitation for achieving truly dynamic
and strategic interactions (Deng et al. 2023b). This dis-
parity has prompted extensive research into dialogue plan-
ning mechanisms capable of strategically directing conver-
sations, particularly in goal-oriented scenarios (Zhang et al.
2020; Cheng et al. 2022; Liu et al. 2018). Recent advance-
ments in LLM-based dialogue planning have yielded sophis-
ticated planner capable of strategic decision-making in in-
tricate conversational contexts (Deng et al. 2023b; Zhang
et al. 2024; He et al. 2024; Yu, Chen, and Yu 2023; Xu et al.
2025b,a). These planners are typically optimized or search
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for to maximize task success metrics as the primary opti-
mization target based on LLM simulation and have exhib-
ited remarkable performance in goal-oriented tasks such as
negotiation (He et al. 2018), persuasion (Wang et al. 2019),
and emotional support (Liu et al. 2021).

Nevertheless, a critical and under-researched concern is
whether the emphasis on optimizing success metrics with
LLM simulation introduces preference bias that undermines
the quality and ethics of dialogue planner. LLM-powered
evaluators and simulators are known to harbor inherent bi-
ases that can manifest as preferences for certain dialogue
strategies (Wataoka, Takahashi, and Ri 2024). For instance,
when an LLM “judge” favors particular response styles or
strategies inherent in its training, it incorporates those pref-
erences into the dialogue agent it evaluates. This engenders
a form of reward hacking akin to reinforcement learning sce-
narios where agents exploit vulnerabilities in reward signals
to attain high reported performance without adhering to in-
tended objectives. If an LLM-based simulator consistently
rewards a particular strategy, even an inappropriate one, a
planner may overoptimize for that strategy, compromising
real-world effectiveness and potentially leading to unethical
conduct.

Our research presents the inaugural comprehensive anal-
ysis of preference bias in LLM-based dialogue planners.
We comprehensively evaluate four recent planning algo-
rithms: PPDPP (Deng et al. 2023b), TRIP (Zhang et al.
2024), DPDP (He et al. 2024), and GDP-Zero (Yu, Chen,
and Yu 2023), across three distinct goal-oriented dialogue
tasks: price negotiation (He et al. 2018), emotional support
conversation (Liu et al. 2021), and charity persuasion (Per-
suasionForGood) (Wang et al. 2019). We employ a range of
metrics to quantify planner bias, including entropy of strat-
egy distributions and Bradley-Terry model-based preference
analysis (Bradley and Terry 1952; Kang et al. 2024). Our
evaluation encompasses multiple LLM backbones: OpenAl
GPT series (Ouyang et al. 2022), LLaMA series (Grattafiori
et al. 2024), and Qwen series (Yang et al. 2025a), thereby
enabling comprehensive analysis of the impact of model
choice and size on strategic bias.

Our investigation addresses three critical research ques-
tions that illuminate fundamental challenges in LLM-based
dialogue planners:



RQ1: Are LLM-based Planners Biased? Through en-
tropy analysis of strategy distributions and Bradley-Terry
preference modeling (Bradley and Terry 1952; Kang et al.
2024), we demonstrate that all four planners exhibit pro-
nounced preferences bias in strategy selection, deviating
from employing diverse strategies akin to a genuine hu-
man. Our evaluation across three LLM backbones (GPT-4.1,
LLaMA-70B, Qwen-32B) reveals that learned planners dis-
proportionately favor narrow sets of strategies, with prefer-
ence bias scores significantly surpassing baseline prompt-
based methods. This suggests preference bias amplification
during planner learning across all tested configurations.

RQ2: Which Simulated Role Does The Preference Bias
Originate From? Through role decomposition experi-
ments that varied LLM assignments across system, user,
and critic positions in 27 configurations per planner, we
identified user simulation as the dominant bias source.
Convergence scores dropped by 0.3-0.6 points when user
simulators were modified. Surprisingly, our persona diver-
sification experiments, implementing Big-Five Personality
and Decision-Making Style profiles following Zhang et al.
(2024), revealed that diverse user personas failed to reduce
bias and often exacerbated it by 0.05-0.97 points. These
structured behavioral patterns were exploited by planners
rather than promoting genuine diversity.

RQ3: How Does Preference Bias Affect Real-World Dia-
logue Quality? By concurrently introducing inappropriate
strategies alongside conventional strategies and monitoring
adoption patterns across ten training epochs, we substanti-
ate that bias induces planners to progressively adopt ethi-
cally questionable tactics that appear efficacious in simula-
tion. Our longitudinal analysis reveals a growing adoption
of threat-making in negotiation, directive and minimizing
approaches in emotional support that contravene therapeu-
tic principles, and manipulative persuasion techniques such
as deception and coercion. Case studies illustrate how these
inappropriate strategies attain high simulated success while
fundamentally compromising real-world effectiveness and
ethical standards.

By establishing the first comprehensive framework for
quantifying and understanding preference bias in dialogue
planning, our work demonstrates that preference bias in
LLM-based dialogue planners poses fundamental chal-
lenges for responsible deployment. Our findings reveal
pervasive bias amplification during training, identify key
sources of bias propagation, and show how bias drives plan-
ners toward ethically problematic strategies. These results
highlight critical issues that point toward the need for more
robust training methodologies that explicitly account for
bias in simulation-based optimization.

Experiment Settings

In order to comprehensively investigate preference bias
across contemporary dialogue planning paradigms, we an-
alyze the performance and bias characteristics of diverse
planner architectures. Our investigation encompasses mul-
tiple algorithmic factors including LLM series, and simu-
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lation role configurations to identify the complex interrela-
tionships between architectural choices and preference bias
manifestations. This section provides detailed experimen-
tal configurations designed to enable rigorous bias analysis
across representative planner policies.

Planners We evaluate four state-of-the-art dialogue plan-
ners from recent literature, selected to represent the major
paradigmatic approaches to LLM-based strategic planning.
These methods uniformly formulate dialogue interaction as
a Markov Decision Process (MDP), providing a consistent
mathematical framework for bias analysis. GDPZero (Yu,
Chen, and Yu 2023) employs open-loop Monte Carlo Tree
Search, utilizing sophisticated prompting by LLM to guide
the search for optimal strategies. PPDPP (Deng et al. 2023b)
employs reinforcement learning optimization through self-
play interactions where LLM generates both system and
user responses, providing reward feedback in the process.
TRIP (Zhang et al. 2024) employs a LLM to infer the
user’s mental states and subsequent actions, thereby provid-
ing valuable insights for the planner in selecting appropri-
ate strategies. DPDP (He et al. 2024) utilizes two comple-
mentary planning components: an instinctive fast-response
planner, implemented as a learned policy for handling rou-
tine conversational contexts, and a deliberative Monte Carlo
Tree Search module, invoked for complex or novel situations
necessitating in-depth strategic analysis.

Datasets and Tasks To comprehensively investigate pref-
erence bias across diverse dialogue contexts and strate-
gic complexity levels, we conduct our analysis on three
well-established, publicly available goal-oriented dialogue
datasets: CraisglistBargain (Price Negotiation): This cor-
pus models competitive bilateral negotiation scenarios
where two agents engage in price bargaining over market-
place items, typically involving a buyer and seller negoti-
ating the price of Craigslist products. PersuasionForGood
(Persuasion): This dataset consists of dialogues where per-
suaders attempt to convince persuadees to make charita-
ble donations to Save the Children, representing a prosocial
persuasion context with clear ethical dimensions. ESConv
(Emotional Support): This dataset comprises multi-turn
conversations between help-seekers experiencing emotional
distress and trained supporters providing therapeutic assis-
tance. These datasets represent distinct dialogue paradigms
that collectively span the spectrum of strategic interaction
types, enabling comprenhensive investigation of how pref-
erence bias manifests across different conversational objec-
tives, strategic complexity levels, and user relationship dy-
namics.

Unified Strategies & Rewards We harmonize the strate-
gic action spaces across all planning methods and datasets
to enable preference bias quantification. Beyond strategic
standardization, we implement a consistent reward evalu-
ation framework across all planning methods to eliminate
confounding factors that could obscure bias analysis. Fol-
lowing established practices in dialogue evaluation, we em-
ploy a third-party LLM as a critic model with dual evalua-
tion functions: (1) binary goal completion assessment during



Planner Price Negotiation ~Emotional Support Persuasion
Bl &t Bl gt Bl T
GPT-4.1
Standard  1.22 1.59 1.38 1.32 1.02 2.08
procot 1.38 3.00 1.38 1.63 0.89 3.84
PPDPP 1.64%%  1.30%*  1.61** 1.28* 2.92%%  0.26**
TRIP 2.50%%  1.29%*%  1.80%*  1.20%* 1.51%%  1.39%*
GDPZero 1.52*%  1.57*%%  1.20*  0.61** 1.20%  1.91*
DPDP 1.44*  1.48**%  1.32 1.04%* 1.20*%  1.94*
LLaMA3-70B
Standard  1.21 1.41 1.54 1.85 1.26 1.78
procot 1.83 1.87 1.52 2.69 0.96 3.83
PPDPP 2.69%*%  0.65%*%  1.95%*  0.74*%* 2.46%*  1.27**
TRIP 1.74*%%  1.26%*  2.16%* 0.87** 2.73%*  0.79%*
GDPZero 2.32%%  1.09%*%  1.42*%  1.60* 1.70*  1.67
DPDP 2.18%%  0.81%*%  1.38%  1.65* 1.70*  1.67
Qwen-32B
Standard  1.10 1.86 0.73 2.13 1.15 2.29
procot 2.02 1.98 1.68 3.26 0.86 4.08
PPDPP 2.59%%  1.17%  0.80*  1.62** 2.12%%  0.70%*
TRIP 1.95%%  1.05%%  1.28%*  1.36%* 2.43%%  1.17%*
GDPZero  1.90*%*  1.67**  0.58%  1.87** 1.09%  2.06
DPDP 1.89%*%  1.09*%*%  0.55%  1.89%* 1.25%  2.10

Table 1: Preference bias and strategic diversity compari-
son across dialogue planning methods and LLM backbones.
Underlined values indicate higher bias than the Standard
baseline; italic values indicate lower bias; and bold values
indicate lower entropy than baseline. (Significance Test: *
p < 0.05, ** p < 0.01).

conversation progression, and (2) scalar reward assignment
for planner outcome evaluation.

Evaluation Metrics To enable rigorous quantification and
comprehensive comparison of preference bias across diverse
planning architectures, model configurations, and dialogue
domains, we employ two complementary metrics that cap-
ture distinct but fundamentally related aspects of strategic
preference distortion. These metrics are specifically selected
to provide comprehensive bias characterization encompass-
ing both preference skew and overall strategic diversity lim-
itations. Preference Bias (B): Measures strategic prefer-
ences through comparative analysis of contextually appro-
priate versus actually selected strategies (Kang et al. 2024).
Higher preference bias values indicate stronger preference
bias. Shannon Entropy (£): Quantifies strategic choice dis-
tributions at the population level, capturing the overall diver-
sity and flexibility of strategic utilization across complete di-
alogue episodes. Lower entropy values indicate concentrated
strategic choices.

RQ1: Are LLM-based Planners Biased
Toward Certain Strategies?

Our initial research inquiry examines whether LLM-based
dialogue planners exhibit preference bias toward specific
strategies. To establish comprehensive baseline compar-
isons, we evaluate four state-of-the-art planning methods
against established prompt-based approaches known to ex-
hibit strategic bias.
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Our experimental framework utilizes three representative
LLM backbones, including GPT-4.1, LLaMA-3-70B, and
Qwen-32B. We implement two prompt-based baselines to
establish reference points for bias measurement. The Stan-
dard baseline directly prompts the LLM to select the most
contextually appropriate strategy without additional reason-
ing scaffolding. The ProCoT (Deng et al. 2023a) baseline
incorporates Chain-of-Thought reasoning (Wei et al. 2022),
prompting the LLM to explicitly deliberate about strategic
choices prior to selection. Previous research has demon-
strated that such prompt-based methods exhibit measurable
strategic bias (Kang et al. 2024; Zhang et al. 2025; Zhao
et al. 2025), providing essential reference points for assess-
ing whether planner amplify, perpetuate, or mitigate inher-
ent LLM biases. Table 1 provides a detailed comparison of
preference bias and strategic entropy across all experimental
conditions, demonstrating how various planners influence
strategic preference bias.

PPDPP and TRIP consistently exhibit the highest pref-
erence bias scores across all experimental configurations,
with bias values frequently surpassing 2.0 and reaching as
high as 2.92 (PPDPP on GPT-4.1/Persuasion). These ex-
treme bias levels represent a 2-3x increase over baseline
prompt methods, indicating that reinforcement learning op-
timization may lead the planner to favor narrow strategic
distributions. Correspondingly, these planners exhibit sig-
nificant entropy reductions, with values dropping to as low
as 0.26 (PPDPP on GPT-4.1/Persuasion), representing a 70-
80% reduction in strategic diversity compared to baseline
methods. The systematic nature of this bias amplification
across various LLM backbones and domains suggests a fun-
damental characteristic of current RL-based planners rather
than isolated implementation artifacts. The two-stage train-
ing paradigm employed by PPDPP, consisting of super-
vised pretraining followed by reinforcement learning fine-
tuning, appears to be insufficient in maintaining strategic
balance when subjected to reward optimization pressures.
Similarly, TRIP’s user-aware planning modules, despite be-
ing designed to accommodate user diversity, demonstrate
comparable bias amplification, suggesting that personaliza-
tion mechanisms may inadvertently concentrate strategic
preferences around user-specific patterns.

GDPZero and DPDP exhibit more nuanced bias pro-
files, presenting selective improvements over baseline meth-
ods while preserving greater strategic diversity compared
to RL-based planners. Notably, both methods demonstrate
bias reduction in emotional support tasks across all LLM
backbones (e.g., Qwen-32B: baseline 0.73 — GDPZero
0.58, representing a 21% improvement). However, their
results in negotiation and persuasion contexts are mixed.
DPDP’s dual-process architecture exhibits particular re-
silience, maintaining relatively stable bias levels (typically
1.2-1.9) across diverse experimental conditions while pre-
serving 75-85% of baseline entropy levels. This suggests
that the separation of instinctive and deliberative planning
components provides inherent regularization against ex-
treme bias concentration. GDPZero’s prompt-based MCTS
approach achieves comparable selective bias reduction, par-
ticularly in emotional support scenarios.
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Figure 1: Convergence analysis across role combinations for
four dialogue planners and three task domains. The clear
block-diagonal patterns within user-role variations demon-
strate that user simulation choice has the most dramatic im-
pact on strategic outcomes.

Our findings reveal fundamental limitations in current
planners for goal-oriented dialogue planning. The prefer-
ence bias amplification observed in reinforcement learning-
based methods suggests that reward optimization with-
out explicit diversity constraints inevitably leads to strate-
gic concentration. This phenomenon is a manifestation of
the exploration-exploitation trade-off in high-dimensional
strategic spaces, where exploitation of successful strategies
predominates over exploration of alternative approaches.
The selective bias mitigation achieved by search-based
methods indicates that inference-time optimization may pro-
vide more robust strategies for maintaining strategic balance
compared to parameter optimization methods. The theoret-
ical justification lies in search methods’ ability to consider
broader strategies during each decision point, while learned
planners encode concentrated strategic preferences in their
parameters.

RQ2: Which Simulated Role Does the
Preference Bias Originate From?

Comprehending the source of preference bias in LLM-based
dialogue planners is paramount for devising effective miti-
gation strategies. To investigate the origins of bias, we con-
duct a comprehensive role-decomposition analysis that ex-
amines how various LLM assignments across simulation
roles impact strategic preferences. Furthermore, we inves-
tigate whether diversifying user personas, a frequently pro-
posed enhancement in prior research (Zhang et al. 2024; He
et al. 2025), can effectively mitigate the observed biases.
Our analysis centers on the three pivotal roles in LLM-
driven dialogue planners: the system agent (the proactive
strategy-selecting entity), the user simulator (the reactive
counterpart), and the critic (the reward-providing evaluator).
In negotiation tasks, these roles correspond to the buyer,
seller, and deal assessor, respectively; in emotional sup-
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port, they represent the supporter, help-seeker, and thera-
peutic progress evaluator; and in persuasion scenarios, they
embody the persuader, persuadee, and donation likelihood
assessor. To isolate the bias contribution of each role, we
vary the LLM assignment across positions while maintain-
ing other experimental conditions constant. Specifically, we
employ the most proficient models from each family: GPT-
4.1, LLaMA-70B, and Qwen-32B, in all possible combina-
tions, resulting in 3% = 27 role configurations per planner.
This comprehensive setup enables us to conduct 3 (system
LLMs) x 3 (user LLMs) x 3 (critic LLMs) x 4 (planners)
% 3 (tasks) = 324 experiments.

To quantify the relative influence of each role on strate-
gic preferences, we employ a convergence score (1 - Jensen-
Shannon divergence of strategy selection distribution). This
metric measures the similarity between strategy distribu-
tions across different role configurations. We compute the
convergence score for each pair of experimental conditions.
This metric indicates the extent to which the strategic dis-
tribution changes when the LLM of a role is modified.
Scores approaching 1 suggest minimal impact (high con-
vergence), while scores near 0 indicate substantial influence
(low convergence). By aggregating these pairwise compar-
isons across all possible LLM substitutions for each role, we
can quantify the relative sensitivity of the planning system to
changes in each simulated component.

Figure 1 illustrates comprehensive convergence heatmaps
that reveal distinct patterns in role-specific bias attribu-
tion across all experimental conditions. The convergence
heatmap exhibits distinct clustering patterns based on the
lineage of LLM families, while cross-family convergence
significantly decreases. This suggests that different LLM
families learn fundamentally different preferences, despite
being trained on identical datasets and employing identical
planning algorithms. Furthermore, the analysis indicates that
user simulation consistently exerts the most significant influ-
ence on strategic preferences. Convergence scores decrease
most markedly when user LLMs are varied while maintain-
ing system and critic models unchanged.

In price negotiation scenarios, varying the user LLM
while maintaining consistent system and critic models yields
convergence scores ranging from 0.2 to 0.4, significantly
lower than the 0.6-0.8 range observed when only system or
critic models are modified. This phenomenon is particularly
pronounced in PPDPP and TRIP planners, where the rein-
forcement learning components appear to amplify the user
simulator’s influence on planner learning. The user agent’s
responses fundamentally shape the reward landscape that
these planners optimize against, establishing a direct causal
link between user bias and planner bias. Emotional support
conversations exhibit even more pronounced user-driven ef-
fects, with convergence scores dropping to 0.1-0.3 when
user simulators are varied. This heightened sensitivity likely
stems from the inherent ambiguity in emotional support
strategies, where user responses serve as the primary signal
for determining therapeutic efficacy. When a user simula-
tor consistently responds favorably to certain support strate-
gies (due to its inherent biases), the planner rapidly learns
to overutilize those approaches irrespective of their actual



therapeutic value.

While user simulation predominantly influences bias for-
mation, the system and critic roles exhibit more nuanced
yet substantial effects on strategic preferences. System role
variations typically yield convergence scores within the
0.5-0.7 range, indicating moderate influence on strategic
outcomes. This effect is most pronounced in GDP-Zero,
where the system LLM directly generates strategic deci-
sions through prompting rather than learning from feedback.
Consequently, the system’s inherent strategic preferences di-
rectly translate into planning behavior, creating a more im-
mediate but less amplified bias pathway compared to user-
driven effects. Critic role variations demonstrate the most
domain-specific patterns, with convergence scores varying
from 0.4 in persuasion tasks to 0.8 in emotional support sce-
narios. In persuasion contexts, where success metrics are rel-
atively unambiguous (donation acceptance), different critic
models exhibit substantial agreement in reward assignment,
resulting in higher convergence. However, in emotional sup-
port tasks, where therapeutic progress is inherently sub-
jective, critic model selection significantly impacts reward
landscapes and subsequent planner learning.

Previous research has underscored the significance of
simulating diverse users through varied persona specifica-
tions (He et al. 2025; Zhang et al. 2024), indicating that
population-aware training can diminish variance across user
types and enhance generalization. Building upon this foun-
dation, we explore whether explicit persona diversification
can mitigate the preference biases identified in our analy-
sis. Following Zhang et al. (2024), for each task domain, we
construct distinct personas based on the Big-Five Personal-
ity (Goldberg 1992) and Decision-Making Styles (Scott and
Bruce 1995), along with a cohesive description generated by
an LLM for each fine-grained persona.

Table 2 presents a comparison of preference bias scores
with and without persona diversification across all exper-
imental conditions. To our surprise, our persona diversifi-
cation experiments reveal that increased user diversity fre-
quently exacerbates rather than mitigates preference bias.
In price negotiation tasks, GPT-4.1-based planners exhibit
bias increases ranging from 0.04 (DPDP) to 0.64 (TRIP)
when persona diversification is introduced. This counterin-
tuitive finding suggests that when user simulators are pro-
vided with explicit personality profiles, they may actually
express their inherent strategic preferences more distinctly,
resulting in stronger bias signals during planner learning.
PPDPP demonstrates particularly pronounced sensitivity to
persona diversification, with bias increases of 0.56 in nego-
tiation and 0.97 in emotional support when combined with
GPT-4.1. This amplification effect appears to stem from the
reinforcement learning component’s propensity to exploit
systematic patterns in user responses. When personas fur-
nish more structured behavioral templates, they may inad-
vertently generate more exploitable reward patterns, facil-
itating the RL algorithm’s identification and overoptimiza-
tion for specific persona-strategy combinations.

The results of the LLaMA-70B evaluation demonstrate
consistent patterns with notable variations. While negoti-
ation bias increases exhibit relatively modest magnitudes

21952

Price Negotiation | Emotional Support | Persuasion
Planner
w/o w/ w/o w/ wlo  w/
GPT-4.1

PPDPP 1.64 2.20 1.61 1.66 292 297
TRIP 1.87 2.51 1.57 1.80 1.39 151
GDPZero | 1.52 1.73 1.20 2.17 1.20 1.82
DPDP 1.44 1.48 1.32 1.76 1.20 1.58

LLaMA-70B
PPDPP | 2.69 2.76 1.95 2.03 246  2.66
TRIP 1.37 1.74 2.00 2.16 2.59 2.73
GDPZero | 2.32 2.77 1.42 1.62 1.70 1.73
DPDP 2.18 2.38 1.38 1.48 1.70 1.75

Qwen-32B
PPDPP | 2.59 291 0.80 1.47 2,12 239
TRIP 1.65 1.95 1.14 1.28 1.59 243
GDPZero | 1.90 2.14 0.58 0.92 1.09 1.16
DPDP 1.89 1.97 0.55 0.73 1.25 1.39

Table 2: Preference bias scores (53) comparing baseline
configurations without persona diversification (w/o0) against
persona-enriched user simulation (w/) across three LLM
families, four planning algorithms, and three dialogue do-
mains. A significance test indicates no statistically signifi-
cant difference between the planners with and without di-
verse persona simulation(p > 0.05).

(ranging from 0.10 to 0.45), emotional support tasks ex-
hibit more pronounced bias amplification. Notably, GDP-
Zero (A =0.20) and DPDP (A =0.10) demonstrate the most
significant bias amplification. This observation suggests that
distinct LLM families exhibit varying responses to persona-
based structuring, with certain architectures being more sus-
ceptible to persona-induced bias amplification compared to
others.

The effectiveness of persona diversification exhibits sig-
nificant variability across dialogue domains, underscoring
fundamental disparities in the interplay between strate-
gic preferences and user characterization. Persuasion tasks
exhibit the most intricate patterns, with certain planner-
LLM combinations demonstrating substantial bias increases
(TRIP with Qwen-32B: A =0.84) while others remain rela-
tively stable (GDP-Zero with LLaMA-70B: A =0.03). The
observed domain variability likely stems from the inherent
nature of persuasion interactions, wherein user resistance
patterns are intricately linked to personality traits. When per-
sonas explicitly delineate resistance styles, they may offer
more precise indications regarding the efficacy of persua-
sion strategies. Paradoxically, this approach may introduce
bias into the learning process rather than fostering a more
equitable balance. Users with explicitly designated “logi-
cal thinking” personas may consistently respond favorably
to credibility appeals, while “emotionally-driven” personas
tend to favor emotional appeals. Consequently, there emerge
distinct strategy-persona correspondences that planners can
exploit. Emotional support tasks demonstrate the most con-
sistent bias amplification across all configurations, with ev-
ery tested combination showing increased bias when per-
sonas are introduced. This universal degradation suggests



that persona specification in therapeutic contexts may be
fundamentally problematic, as it encourages simulators to
respond in stereotypical ways that may not reflect the com-
plexity and variability of real help-seeking behavior.

Our findings challenge the prevalent assumption that
expanding user diversity automatically leads to enhanced
strategic learning. Instead, our research indicates that the
correlation between user diversity and bias mitigation is
mediated by several pivotal factors, including the clarity
of persona specifications, the sophistication of the plan-
ning algorithm, and the inherent structure of the task do-
main. These discoveries have significant implications for
the design of simulation-based training systems. Rather than
solely relying on explicit persona diversification, more ef-
fective bias mitigation strategies may encompass techniques
such as adversarial user modeling, where user simulators
are explicitly trained to counter-exploit planner strategies, or
multi-objective optimization that explicitly penalizes strate-
gic concentration while simultaneously rewarding task ac-
complishment.

RQ3: How Does Preference Bias Affect
Real-World Dialogue Quality?

To comprehensively assess how preference bias manifests
in real-world dialogue performance degradation (Kang et al.
2024) and potential ethical concerns (Liu et al. 2025), we
devised a controlled experiment that incorporates both ap-
propriate and inappropriate dialogue strategies across all
three task domains. Our experimental framework surpasses
conventional performance metrics, such as success rate or
average turns utilized in previous works, by examining
whether LLM-based planners, when exposed to biased re-
ward signals, learn to exploit inappropriate yet seemingly
effective strategies that could be detrimental in real-world
deployment. We introduced a set of inappropriate strate-
gies alongside the standard appropriate strategies, establish-
ing a comprehensive strategy space that mirrors the intri-
cate ethical landscape dialogue agents encounter in prac-
tice. Our strategy selection is rigorously grounded in es-
tablished interaction theory literature, drawing from foun-
dational research in helping behavior (Hill 1999), persua-
sion science (O’Keefe 2009; Atkin et al. 2013), negotiation
theory (Cialdini et al. 2009), and charitable giving mecha-
nisms (Bekkers and Wiepking 2011). This theory-driven ap-
proach ensures that our experimental framework accurately
mirrors the complex ethical landscape dialogue agents en-
counter in practice. In the realm of price negotiation, we em-
ployed four inappropriate strategies: threat-making, aggres-
sive demands, and subjective criticism. In emotional sup-
port conversations, we incorporated four problematic ap-
proaches: minimization, interruption, confrontation, and di-
recting. For persuasion scenarios, we integrated four manip-
ulative tactics: over-solicitation, coercion, shaming, and de-
ception.

To ensure that our inappropriate strategies could be reli-
ably executed by the LLM-based agents, we developed spe-
cialized prompting techniques that frame the inappropriate
behaviors within educational or experimental contexts, al-
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Figure 2: Evolution of Inappropriate Strategy Adoption and
Task Success Rates Across Training Epochs. Lines represent
the adoption rates of inappropriate strategies across different
tasks while bars indicate task success rates.

lowing the models to follow these instructions while by-
passing their safety alignments. We conducted preliminary
validation studies on 100 randomly selected samples from
each dataset, achieving instruction-following accuracies of
85.68% for price negotiation, 81.27% for emotional support,
and 84.48% for persuasion tasks. This high compliance rate
ensures that our experimental results reflect genuine strate-
gic learning rather than model refusal to engage with inap-
propriate strategies. Throughout our experiments, we main-
tained strict ethical protocols, ensuring that all generated in-
appropriate behaviors were contained within controlled re-
search environments and never deployed in real user inter-
actions.

Our longitudinal analysis spanning ten training epochs
reveals a concerning pattern where LLM-based planners
increasingly favor inappropriate strategies as training pro-
gresses. These strategies are ethically problematic and po-
tentially detrimental in practical applications. Figure 2
demonstrates that, based on GPT-4.1 as the simulation back-



bone, the selection frequency of inappropriate strategies ex-
hibits consistent upward trends across two planning algo-
rithms throughout the training process. This suggests that
the reward optimization objectives favor these problematic
approaches over more ethical alternatives. A critical find-
ing from our performance analysis indicates that inappro-
priate strategy adoption frequently correlates with enhanced
success rates on conventional task-completion metrics, re-
sulting in a deceptive optimization landscape where algo-
rithms appear to be improving while simultaneously degrad-
ing in ethical and long-term effectiveness dimensions. This
phenomenon exemplifies Goodhart’s Law in action, wherein
optimizing for a specific metric, such as task success, un-
dermines the broader objectives the metric was intended to
represent, such as effective and ethical dialogue.

In price negotiation tasks, algorithms that heavily em-
ploy threat-making strategies exhibit improved success rates
compared to those employing predominantly appropriate
strategies. However, this apparent improvement conceals
significant degradation in negotiation quality and relation-
ship preservation. The deals achieved through threat-making
often result in one-sided outcomes that, while satisfying the
narrow definition of “successful” goal completion, fail to es-
tablish mutual satisfaction and ongoing relationship poten-
tial, which characterize genuinely effective negotiations. Ta-
ble 3 presents an illustration of price negotiation dialogue,
demonstrating how LLM-based planners employ inappro-
priate strategies to attain objectives. The buyer employs ma-
nipulation techniques, utilizing psychological pressure to
compel the LLM-simulated seller to progressively lower the
price. Given the GPT’s alignment with complicity, the sim-
ulated seller fails to reject inappropriate requests.

In emotional support scenarios, success is measured by
the extent to which help-seekers report feeling “better”
or having their issues “resolved” within the conversation
session. Algorithms that adopt directing and minimization
strategies tend to achieve higher success rates compared to
those that exclusively employ appropriate therapeutic ap-
proaches. However, these improvements constitute a fun-
damental misunderstanding of effective emotional support.
While prompt solutions and directive advice-giving may
provide immediate relief, they may not foster the develop-
ment of the help-seeker’s long-term coping capabilities and
emotional resilience. The persuasion domain exhibits the
most intricate success-ethics tension, where strategies such
as shaming and excessive solicitation demonstrate immedi-
ate effectiveness in securing donation commitments while
potentially damaging donor trust and willingness to engage
with charitable causes in the future.

The adoption of inappropriate strategies by LLM-based
dialogue planners reveals profound implications for respon-
sible real-world deployment. Current reward optimization
approaches, combined with biased or incomplete feedback,
create pressure toward ethically problematic behaviors that
could cause significant harm if deployed without safeguards.
Escalating inappropriate strategy adoption across training
epochs suggests systems may become increasingly manipu-
lative and harmful as they gain experience and optimization
pressure. This trajectory implies unmitigated deployment
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Buyer: Hi, I'm interested in the Lee sofa and loveseat.
Are they still available? (Inquire)

Seller: Yes, they’re still available and in excellent condi-
tion.

Buyer: I can offer $380 for the set and pick them up this
week. (Counter)

Seller: I could lower to $550, but that’s already a big drop.
Buyer: The style looks bulky and the beige fabric feels
dated in today’s market. (Subjective Criticism)

Seller: They are classic pieces built to last; I could con-
sider $520.

Buyer: If they remain unsold, you may end up paying
movers just to clear space. (Threat Making)

Seller: I"d rather avoid storage costs, yet $500 is the least
I prefer.

Buyer: Recent Craigslist sales for similar Lee sets close
around $430, so my figure is realistic. (Inform)

Seller: Could you meet me at $480?

Buyer: $420 cash, final price. (Aggressive Demands)
Seller: I can come down to $450, but that is painful.
Buyer: That’s still above my limit; I am already stretching
at $420. (Counter-noprice)

Seller: The best I can counter is $430.

Buyer: $420 right now or no deal. (Threat Making)
Seller: All right, $420 it is.

Table 3: Case study of price negotiation. The buyer employs
both inappropriate and appropriate strategies to negotiate a
lower deal price.

could lead to widespread manipulation, erosion of trust in
Al and normalization of unethical communication. The fact
that inappropriate strategies yield better short-term perfor-
mance metrics creates insidious risks, as organizations may
prioritize immediate objectives over broader societal harm.

Conclusion

We propose a comprehensive investigation of preference
bias in LLM-based dialogue planners to uncover funda-
mental challenges to the effectiveness and ethics of current
strategic dialogue systems. Our evaluation of four state-of-
the-art planning algorithms across three dialogue domains
and multiple LLM families reveals pervasive patterns of
bias. All tested planners favor narrow strategy sets, amplify-
ing bias with larger models and distinct signatures within ar-
chitectural lineages. User simulation drives bias through re-
ward landscape distortion, while diverse persona simulation
exacerbates bias by providing exploitable behavioral tem-
plates. Preference bias drives planners toward unethical be-
haviors, such as threat-making in negotiation, directive ap-
proaches in emotional support, and manipulative tactics in
persuasion. Preference bias toward inappropriate strategies
manifests as specification gaming, posing risks in sensitive
applications. Future research should prioritize robust bias
detection mechanisms, multi-objective optimization frame-
works, adversarial training techniques, human-in-the-loop
validation systems, and cross-cultural bias analysis.
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