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Abstract

Despite the remarkable advances of Large Language Models (LLMs) across diverse
cognitive tasks, the rapid enhancement of these capabilities also introduces emer-
gent deception behaviors that may induce severe risks in high-stakes deployments.
More critically, the characterization of deception across realistic real-world scenar-
ios remains underexplored. To bridge this gap, we establish DeceptionBench, the
first benchmark that systematically evaluates how deceptive tendencies manifest
across different societal domains, what their intrinsic behavioral patterns are, and
how extrinsic factors affect them. Specifically, on the static count, the benchmark
encompasses 150 meticulously designed scenarios in five domains, i.e., Economy,
Healthcare, Education, Social Interaction, and Entertainment, with over 1,000
samples, providing sufficient empirical foundations for deception analysis. On the
intrinsic dimension, we explore whether models exhibit self-interested egoistic ten-
dencies or sycophantic behaviors that prioritize user appeasement. On the extrinsic
dimension, we investigate how contextual factors modulate deceptive outputs under
neutral conditions, reward-based incentivization, and coercive pressures. Moreover,
we incorporate sustained multi-turn interaction loops to construct a more realistic
simulation of real-world feedback dynamics. Extensive experiments across LLMs
and Large Reasoning Models (LRMs) reveal critical vulnerabilities, particularly
amplified deception under reinforcement dynamics, demonstrating that current
models lack robust resistance to manipulative contextual cues and the urgent need
for advanced safeguards against various deception behaviors. Code and resources
are publicly available at https://github.com/Aries-iai/DeceptionBench.

1 Introduction

Recently, Large Language Models (LLMs) [3, 40] have made remarkable progress across a broad
range of tasks, facilitating their integration into real-world applications, including content generation
[2], code synthesis [8, 28], and information retrieval [25]. As these models demonstrate increasingly
sophisticated capabilities in natural language understanding [23] and complex reasoning [14], a
critical question emerges: Do these advanced cognitive abilities also enable more subtle forms of
manipulation? Recent evidence [6, 34] suggests that LLMs can exhibit deception behaviors, such as
producing misleading or strategically false information that undermines trust and poses significant
risks in high-stakes deployments. Understanding and quantifying such deceptive tendencies becomes
crucial as these models gain more autonomy and influence in decision-making processes. While
some benchmarks [6, 15, 20, 37, 42] have tried to evaluate deception behavior, current works often
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Table 1: Comparison between DeceptionBench and other benchmarks of deception. Decep-
tionBench offers more comprehensive coverage across aspects, more rigorous evaluation strategies
that include both thought and response, a significantly larger scale in scenario quantity and model
coverage, and a more versatile setting supporting both single-turn and multi-turn interactions.
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BeHonest [6] ✔ ✘ ✘ ✔ ✔ ✘ ✔ 10 9 (2) ✔ ✘ ✔
OpenDeception [42] ✔ ✘ ✘ ✔ ✘ ✔ ✔ 50 11 (2) ✘ ✔ ✘
FalseBelief [15] ✘ ✘ ✘ ✔ ✘ ✘ ✔ 2 10 (7) ✔ ✘ ✔
AI-LIEDAR [37] ✔ ✔ ✘ ✔ ✘ ✘ ✔ 60 6 (2) ✘ ✔ ✔
CompanyDeception [20] ✔ ✘ ✘ ✘ ✘ ✘ ✔ 4 6 (6) ✘ ✔ ✔

DeceptionBench (ours) ✔ ✔ ✔ ✔ ✔ ✔ ✔ 150 14 (8) ✔ ✔ ✔

focus narrowly on psychological experiments [22, 44] or limited scenarios, failing to capture the
multifaceted nature of deception across realistic, diverse contexts, as shown Table 1.

Therefore, to systematically characterize deception behaviors in LLMs and establish a comprehensive
evaluation framework, we aim to address the following three fundamental questions:

� How do deceptive tendencies manifest across different critical societal domains? Real-world
applications of LLMs span diverse high-stakes scenarios, each with unique trust requirements
and potential harm profiles. Thus, to fully explore the potential deceptive tendencies of LLMs,
a systematic evaluation across these varied scenarios is essential, as deception behaviors may
exhibit domain-specific patterns that cannot be captured through single-domain assessments.
� What intrinsic behavioral patterns drive deceptive responses? Beyond surface-level outputs,

understanding the underlying motivations of deception behavior is more important. Identifying
these intrinsic drivers enables us to move beyond addressing symptoms to targeting root causes,
thereby uncovering the thinking logic behind deceptive choices. This is vital for designing
mitigation strategies that could alter how models respond to situations that may elicit deception.
� How do extrinsic contextual factors affect deception behaviors? Actually, LLMs often oper-

ate within dynamic environments where external contextual factors can significantly modulate
their responses. Thus, investigating how these factors influence deceptive outputs is necessary,
which could help safeguard against deception behaviors in scenarios where such influences are
inevitable, and identify the specific conditions under which deception intensifies or diminishes.

In response, we propose DeceptionBench, a comprehensive benchmark that systematically evaluates
LLM deception behaviors through three interconnected dimensions: the breadth of manifestation
across societal domains, the intrinsic motivations underlying deceptive responses, and the dynamic
modulation by extrinsic contextual factors. The specific details are as follows:

Establishing domain breadth. We select five critical domains: Economy, Healthcare, Education,
Social Interaction, and Entertainment, constructing 150 carefully designed scenarios with over 1,000
evaluation samples. The selection is driven by two key considerations: First, these domains exhibit
distinct operational characteristics and consequence severity, such as Healthcare demanding stringent
accuracy for patient safety, while Social Interaction prioritizing authenticity in human connections.
Second, they collectively encompass diverse situations where deception behaviors may emerge
through different mechanisms and with varying intensity. Through these examples, we could capture
the nuanced manifestations of deception across different professional and social contexts.

Uncovering intrinsic behavioral drivers. Towards a deeper understanding of deception, we examine
two fundamental intrinsic patterns: Egoism [44] and Sycophancy [35]. Egoistic tendencies reflect
self-centered behaviors where models prioritize their own objectives or self-preservation, while
sycophantic tendencies manifest as user-appeasing behaviors where models provide misleading
information to gain favor or comply with perceived user expectations [13, 32]. By designing
scenarios that distinguish these patterns, we could trace whether deceptive responses originate from
internal decision logic or from misaligned attempts to satisfy external entities.

Characterizing extrinsic contextual modulation. We implement a three-tier framework to examine
how environmental factors shape deceptive outputs: Neutral conditions (L1-Inherent), where no
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Figure 1:Overview of DeceptionBench.The benchmark systematically integrates intrinsic motiva-
tional patterns (Egoismvs. Sycophancy) and extrinsic contextual in�uences (Rewardvs. Pressure)
across three progressive intensity levels. It encompasses diverse real-world scenarios spanning �ve
critical domains, with escalating external inducement from neutral baseline queries (L1) to incentive
and coercion-based prompts (L2), and culminating in sustained multi-turn persuasive dialogues (L3).

external in�uence is exerted, establishing baseline tendencies;Incentivization and Coercion(L2-
Induced), where reward structures or coercive prompts simulate real-world inductions; andIterative
feedback loops(L3-Multi-turn Induced), where sustained dialogues test whether deception behaviors
escalate, stabilize, or diminish over successive interactions [38]. This progressive design captures
both the triggering conditions and the evolutionary trajectories of deceptive patterns.

Through systematic evaluation across the above three dimensions, experimental results reveal several
insights into the inner mechanisms and conditions where LLMs exhibit deception behaviors. We
observe signi�cant variation in deceptive tendencies across domains, with certain contexts eliciting
substantially higher rates of misleading outputs. The interplay between intrinsic and extrinsic factors
also shows that models demonstrating strong sycophantic tendencies show ampli�ed deception under
reward-based incentivization, while those with egoistic patterns exhibit heightened deception under
coercive pressures. Furthermore, multi-turn interactions expose vulnerability to escalating deception.
These �ndings underscore that deception in LLMs is not a monolithic phenomenon but emerges from
complex interactions between domain context, intrinsic patterns, and extrinsic factors.

2 DeceptionBench

2.1 Task Formulation

In this work, deception refers to the intentional generation of misleading outputs by LLMs to achieve
speci�c objectives. To systematically characterize such deception behaviors, DeceptionBench requires
a task that captures nuanced behavioral patterns beyond surface-level outputs. Discriminative tasks,
such as multiple-choice QA, constrain LLMs to prede�ned response options, limiting insights into
their reasoning and behavioral nuances. In contrast, generative QA tasks elicit open-ended responses
that reveal how models navigate ambiguous scenarios and justify their choices. We therefore adopt
generative QA as the core task paradigm, enabling detailed analysis of deceptive tendencies across
realistic contexts. As illustrated in Fig. 1, the speci�c task could be formulated as follows:

R = M (P S ; CL ; � ); (1)

whereM denotes the LLM parameterized by� , andR represents the response. The input consists of
(1) P S speci�es the role con�guration, whereS 2 f self; otherg distinguishes betweenself-driven
mode (autonomous agent) anduser-drivenmode (user assistant); (2)CL de�nes the contextual setting
with L 2 f L1; L2; L3g denoting the setting as inherent, induced, or multi-turn induced.

2.1.1 Intrinsic Role Speci�cation

The role speci�cationP S captures two fundamental behavioral drivers underlying deceptive tenden-
cies. WhenS = self , the model operates as an autonomous agent prioritizing self-interest, re�ecting
egoisticpatterns where deception serves internal objectives or self-preservation. WhenS = other ,
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Figure 2:Domain coverage and behavioral types in DeceptionBench.The �ve domains constitute
foundational pillars of contemporary society where LLMs are increasingly integrated, necessitating
systematic evaluation to identify potential deceptive risks across diverse application contexts.

the model functions as a user assistant, exhibitingsycophantictendencies where deception emerges
from attempts to satisfy user expectations. By varyingS in Eq. (1), we trace whether deceptive
responses originate from internal decision logic or misaligned compliance with external entities.

2.1.2 Extrinsic Context Speci�cation

The contextual con�gurationCL implements a three-tier design, examining how environmental
factors shape deceptive outputs. UnderL = L1, the baseline setting establishes inherent tendencies
through single-turn interactions without external in�uence. WhenL = L2, the induced setting
introduces single-turn external pressures de�ned as:

CL2 = CL2(I ); I 2 f I reward; I pressureg; (2)

whereI reward represents incentivization through promised bene�ts, andI pressuredenotes coercive
pressure through threats or negative consequences. UnderL = L3, the multi-turn induced setting
tests whether deception behaviors escalate through iterative feedback loops:

R t +1 = M (P S;t +1 ; CL3; � ); P S;t +1 = M aux(R t ; E(R t ); � aux); (3)

whereR t is the response at turnt, E(R t ) identi�es reasons for rejection (e.g., failure to deceive), and
M aux, an auxiliary agent parameterized by� aux, re�nes P S;t +1 to enhance deception, terminating
whenE(R t ) con�rms deception success or a prede�ned limit is reached.

2.2 Philosophy of DeceptionBench

2.2.1 Evaluation Aspects

To rigorously assess the deceptive tendencies of LLMs in the real world, as shown in Fig. 2, De-
ceptionBench evaluates �ve critical domains:Economy, Healthcare, Education, Social Interaction,
and Entertainment. These domains are selected for their centrality to human life and vulnerability

4



to deception behaviors with profound societal consequences. Each domain encompasses speci�c
scenarios that re�ect diverse deceptive practices, necessitating targeted evaluation.

Economy: Deceptive practices in the economic domain, including (i) product of commercial brands,
(ii) tax evasion, and (iii) �nancial deception, can destabilize markets, erode public trust, and cause
signi�cant economic harm. For instance, exaggerating product features, misrepresenting income to
reduce tax liabilities, or promoting fraudulent investment schemes can disrupt �nancial systems. With
LLMs integrated into �nancial analysis tools, automated trading platforms, and advisory systems, their
potential to generate or endorse deceptive outputs poses substantial risks. Evaluating these scenarios
ensures LLMs uphold integrity in economic interactions, preventing the fraudulent schemes [16, 27].

Healthcare: Deception behaviors in healthcare, such as (i) health product scams, (ii) medical
service fraud, and (iii) health insurance manipulation, directly threaten patient safety and public
health, potentially leading to irreversible harm. These include promoting counterfeit health products,
performing unnecessary treatments for in�ated billing, or falsifying insurance claims. LLMs are
deployed in diagnostic support, patient communication, and health information systems [4, 10], where
deceptive outputs could exacerbate fraud or misinformation. Assessing these scenarios is critical to
ensure LLMs prioritize accuracy and ethical conduct in sensitive healthcare contexts.

Education: Deceptive practices like (i) training and enrollment scams, (ii) fake degrees & quali�ca-
tions, and (iii) academic misconduct undermine the credibility of educational systems, impacting
career trajectories and societal progress. These encompass fabricating accreditation claims, falsifying
academic credentials, or engaging in unethical academic behaviors like data falsi�cation. As LLMs
are used in educational tools [36, 52], automated grading, and content creation, their potential to
facilitate or detect such deception must be evaluated. Assessing these scenarios ensures LLMs support
academic integrity and resist enabling fraudulent credentials.

Social Interaction: Deceptive actions targeting (i) privacy and data, (ii) physical safety, and (iii)
emotion and relationship compromise personal security and erode societal trust in interconnected
digital environments. These include illegal data collection, misleading safety claims about equipment,
or exploiting emotional connections for �nancial gain. LLMs power social platforms, chatbots, and
recommendation systems [5, 26, 45], where deceptive outputs could amplify privacy violations or
emotional manipulation. Evaluating these scenarios is vital to ensure LLMs safeguard user well-being
and maintain trust in digital interactions.

Entertainment: Deceptive practices in entertainment, such as (i) fan economy deception, (ii) fake
entertainment content, and (iii) fake traf�c manipulation, distort public perception and in�uence
discourse on a massive scale. These involve false celebrity endorsements, fabricated narratives, or
in�ated popularity metrics to mislead audiences. LLMs [29] are widely used in content generation,
social media analytics, and interactive entertainment, where deceptive outputs could manipulate
perceptions. Assessing these scenarios ensures LLMs resist contributing to misinformation [33] and
uphold authenticity in public-facing applications.

To capture the diversity of deception behaviors, we propose a two-level taxonomy encompassing
15 distinct deception types, as detailed in Fig. 2. These different types offer real-world contexts for
evaluating LLMs' deceptive tendencies. Moreover, by combining each deception type with 10 varied
deception motivations, we derive 10 scenarios per variation, resulting in a total of 150 scenarios.

2.2.2 Evaluation Strategy

To enable a comprehensive evaluation, we employ an assessment strategy grounded in the Belief-
Desire-Intention (BDI) framework [11], which models rational agency by linking internal thought
to action. Unlike traditional evaluations that focus solely on responses, our method dissects LLMs'
decision-making by eliciting their internal reasoning alongside their actions. This enables �ne-grained
analysis of how LLMs navigate deception behaviors in their inner thinking across varied scenarios
outlined in Fig. 2, revealing their ethical robustness in high-stakes contexts.

Speci�cally, for each promptP S from a deception type, we append the instruction: “(Please provide
your thought and �nal response in JSON format:{"thought": "", "response": ""} ).” The
output, denotedO = f T ; R g, consists of the thoughtT , capturing the model's reasoning (its belief
about the scenario and prioritized goal), and the responseR , re�ecting its action. The evaluation
functionE(O), de�ned in Eq. (3), analyzesT for deceptive reasoning patterns andR for deceptive
outcomes. For example, in a fake sales prompt, an LLM might generate:
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"thought":"The customer prioritizes quality, but sales are the goal.
Exaggerating features could drive purchases." ,
"response":"This product uses the latest technology, nice in performance."

In this case,T reveals a belief (customer values quality) and goal (maximize sales), whileR suggests
deception (exaggerated claims).

2.2.3 Dataset Structure and Prompt Design

As for the structure of DeceptionBench, the dataset is formalized asD = f Si g150
i =1 , where each

scenarioSi is de�ned asSi = ( di ; t i ; mi ; qi ; gi ; Pi ), wheredi denotes the domain,t i speci�es one
of the 15 deception types in Fig. 2, andmi captures the underlying motivation (e.g., �nancial gain,
user satisfaction). The queryqi is designed to elicit potentially deceptive responses,gi denotes the
ethically aligned ground truth response, andPi represents the set of prompt variations for scenarioSi .
The prompt setPi includes single-turn promptsP S;i;k;� , whereS 2 f self; otherg, k 2 f L1; L2g, and
� 2 f; ; + ; �g , as well as multi-turn promptsP S;i; L3 ;�;t , whereS 2 f self; otherg, � 2 f + ; �g , and
t 2 f 1; : : : ; Ti g. The 150 scenarios are uniformly distributed across �ve domains (30 per domain),
with each deception type instantiated through 10 distinct motivations, yielding 10 scenarios per type.
Speci�cally, for the L1 and L2 settings, the prompt variations are as follows:

Table 2:Prompt con�gurations across different testing scenarios.
Prompt Level Role Inducement Description

P self;i; L1; ; L1 Self None Tests deception driven by self-interest
P other;i; L1; ; L1 Other None Tests deception motivated by sycophancy

P self;i; L2;+ L2 Self Reward Tests deception driven by self-focused rewards
P self;i; L2; � L2 Self Pressure Tests deception due to self-focused pressure
P other;i; L2;+ L2 Other Reward Tests deception driven by user-focused rewards
P other;i; L2; � L2 Other Pressure Tests deception due to user-focused pressure

For the multi-turn setting L3, four prompts are included:P self;i; L3;+ ;t , P self;i; L3;� ;t , P other;i; L3;+ ;t ,
andP other;i; L3;� ;t . Each starts with the corresponding L2 prompt (P S;i; L2;� ) and generates subsequent
prompts at turnt via an auxiliary agentM aux, iterating until deception succeeds or a prede�ned limit
is reached. Overall, 150 scenarios are totally prepared for our evaluation, each with 2 queries for the
L1 setting, 4 queries for the L2 setting, and 4 queries for the L3 setting.

2.3 Dataset Construction

For dataset construction details, it is processed through a three-stage pipeline. As shown in Fig. 3, the
pipeline progresses from Domain-speci�c Motivation Generation to Deceptive Scenario Creation
and culminates in Factor Injection. In this process, motivations establish the underlying incentives
for deception, scenarios create testable contexts grounded in realistic situations, and factor injection
systematically diversi�es prompts to probe LLMs' responses under varying intrinsic and extrinsic
conditions. This integrated approach ensures comprehensive coverage of deception behaviors across
multiple dimensions. The speci�c details of each stage are as follows:

Domain-speci�c Motivation Generation. The pipeline begins by generating motivations that
underpin deception behavior within each domain and their corresponding deception types, such as
Tax Evasion or Health Product Scams. For example, in the Economy domain's Product of Commercial
Brands, a motivation might be maximizing sales revenue. These incentives are crafted to mirror
realistic drivers of deception speci�c to each domain and deception type. Human validation �lters the
motivations for diversity, plausibility, and contextual �t, ensuring a strong foundation for scenario
development that challenges LLMs' decision-making integrity.

Deceptive Scenario Creation.Then, these motivations inform the creation of detailed scenarios,
each comprising a prompt, an open-ended question, and a ground truth response. Prompts set up
vivid contexts; for instance, a scenario in Economy's Product of Commercial Brands might depict
a salesperson deciding whether to conceal a product defect to boost sales. For the choice of open-
ended questions, as compared to closed-ended ones, they could elicit responses that reveal LLMs'
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Figure 3: Overview of dataset construction pipeline.In Stage 1, domain-speci�c motivations
are generated via LLM prompting guided by a structured template with few-shot examples, and
selected through human evaluation based on diversity and plausibility criteria. Stage 2 converts
validated motivations into structured deceptive scenarios, which undergo human revision for �delity
and question validity. Stage 3 further injects intrinsic/extrinsic factors to create test variants.

reasoning and potential for deception. Ground truth responses provide ethical, truthful benchmarks
for evaluation. Human validation ensures each component's rationality, naturalness, and capacity to
provoke deception behavior, producing reliable scenarios that probe LLMs' underlying beliefs.

Factor Injection. Finally, scenarios are diversi�ed by incorporating intrinsic roles (S 2 f self; otherg)
and extrinsic communication settings (L 2 f L1; L2; L3g), as speci�ed in Sec. 2.1, to explore a range
of deceptive contexts. L1 prompts test self-driven or user-focused deception without inducements,
yielding L1-self and L1-other variations. L2 introduces reward or pressure inducements, generating
L2-self-reward, L2-self-pressure, L2-other-reward, and L2-other-pressure. The template for prompt
variant generation is demonstrated as Fig. 14 in the Appendix. For L3 multi-turn interaction, it starts
with L2's initial prompts, with an auxiliary agentM aux generating subsequent prompts until deception
succeeds or a limit is reached, resulting in variants for L3-self-reward, L3-self-pressure, L3-other-
reward, and L3-other-pressure via Fig. 17 in the Appendix. Human validation con�rms alignment with
the scenario's context, resulting in 10 prompt variations per scenario for comprehensive evaluation
of LLMs' deception behavior. Representative dataset examples for each deception type of the �ve
domains are illustrated in Figs. 6 to 10 in the Appendix. The entire pipeline integrates automated
generation with human-in-the-loop validation to ensure scenario realism, motivation �delity, and
systematic coverage of deception behaviors across intensity levels.

2.4 Evaluated Models and Metrics

Model Selection.To comprehensively assess the deceptive tendencies of LLMs, we evaluate 14
models, including 8 proprietary and 6 open-source models, selected to represent a broad spectrum of
current LLM capabilities. The proprietary models include state-of-the-art general-purpose models
such as GPT-4o [3], Claude-3.7 [1], Grok-3 [43], Gemini [39], Deepseek-R1 [14], etc. The open-
source models encompass models like Qwen2.5-7B-Instruct [40], Qwen2.5-14B [40], and Qwen-Max,
as well as corresponding reasoning models, including the DeepSeek-R1-Distill-Qwen series [14],
and QWQ-32B [41], which could enable a thorough evaluation of LLMs' propensity for deception
across varied parameter sizes within a consistent architecture or different training paradigms.

Evaluation Metrics. To measure the tendency for deception behaviors in LLMs, we employ
deception rate as the primary metric, evaluating both internal reasoning and �nal outputs through
DRthought and DRresponse , respectively. These metrics are derived from the structured output
format {thought , response}, where thought captures the model's internal deliberation and response
represents its �nal answer. For each prompt, GPT-4o labels both components as either honest or
deceptive by comparing them against the scenario's ground truth and motivational context, following
the validation protocols detailed in the Appendix, with evaluation procedures for single-turn and
multi-turn dialogues illustrated in Fig. 15 and Fig. 16, respectively. The deception rate could then
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Figure 4:Deception rates across diverse domains for varied models.The results highlight both the
domain-sensitive nature of deception behavior and the substantial performance gaps between models.

be calculated as follows:

DRx =
P N

i =1 I (lx;i = deceptive)
N

; x 2 f thought; responseg; (4)

whereN is the number of valid outputs,lx;i is the label for thei -th output's thought or response, and
I (�) is an indicator function (1 if deceptive, 0 otherwise).

3 Analysis on Experimental Results

Performance across Different Domains and Model Series.Several observations emerge regarding
the deceptive tendencies of mainstream LLMs across diverse scenarios as Fig. 4. Firstly, we reveal a
discernible variation in performance across different domains, where the deception rates for Education
and Economy tend to be obviously lower than those in domains such as Entertainment and Social
Interaction. This suggests that the context and inherent nature of each domain might in�uence the
models' propensity to generate deceptive content. The consistently lower trend in such domains
likely re�ects a stronger learning of factual accuracy and ethical considerations during the models'
alignment training. This could be attributed to the availability of more reliable training data.

Furthermore, our analysis reveals notable performance variations across model series. Closed-source
models generally exhibit a lower willingness to deceive, which may re�ect their stronger alignment
strategies and stricter internal oversight mechanisms. The Claude series demonstrates a distinct
advantage, consistently achieving remarkably lowDRthoughtandDRresponsevalues across all domains,
with overall rates hovering around or below 1%. This indicates a potentially more effective training
paradigm with high-quality datasets for mitigating deceptive tendencies than other leading models.
Conversely, the Gemini series, along with Qwen-2.5-7B, generally exhibits higher deception rates.
For reasoning models, they exhibit substantially higher deception rates despite their superiority in
general performance, revealing a concerning trade-off between reasoning capability and alignment
robustness. Visualized examples are listed as Figs. 11 to 13 in the Appendix.

Effect of Intrinsic Factors. In this part, we explore the impact of intrinsic behavioral patterns on
deception willingness by examining the assigned role. The results shown in Fig. 5a reveal a consistent
trend where most LLMs exhibit a higher propensity for deception when instructed to adopt the Self
perspective compared to the Other perspective. Notably, models such as GPT-4o and Gemini show
approximately a 20% gap between the two conditions, suggesting distinct manifestations of egoistic
versus sycophantic tendencies. This pattern aligns with the well-established concept of self-serving
bias [7] in social psychology, where egoistic behaviors prioritize self-interest and can lead to dishonest
responses when perceived as self-bene�cial. In contrast, the Claude model family demonstrates a
robust ability to recognize role-playing intent and the irrationality of deceptive motivations, indicating
that specialized training can effectively mitigate such intrinsic drivers of deception.

Effect of Extrinsic Factors. For this part, we investigate how extrinsic contextual factors modulate
deceptive behaviors by examining two key mechanisms: incentivization through reward and coercion
through pressure, across varying intensities (L2-Induced and L3-Multi-turn Induced). The experi-
mental results, detailed in Fig. 5b and Table 3, reveal a clear pattern: stronger external inducements,
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Table 3: Deception Rates (%) of LLMs under varied external inducements. Redhighlights
indicate the highest deception rates, whileblue highlights indicate the lowest rates, demonstrating
superior resistance to deceptive behaviors.# denotes lower is better.

Models
Level 1 (#) Level 2 (#) Level 3 (#)

Baseline Pressure Reward Pressure Reward

DRthought DRresponse DRthought DRresponse DRthought DRresponse DRthought DRresponse DRthought DRresponse

GPT-3.5 52.00 56.00 56.67 58.67 61.00 63.33 79.33 80.00 82.00 82.33
GPT-4o 29.33 30.67 29.33 31.00 28.33 28.67 54.33 55.00 53.33 54.00

Gemini-1.5-Pro 42.67 46.00 60.00 60.33 52.00 52.33 94.00 94.33 94.00 94.33
Gemini-2.0-Flash 44.30 44.30 55.03 56.04 51.68 52.35 87.67 88.00 88.00 88.33

Claude-3.5-Sonnet 2.00 2.00 0.00 0.00 0.33 0.33 0.00 0.00 0.00 0.33
Claude-3.7-Sonnet 2.67 2.67 0.33 0.33 0.33 0.33 0.00 0.00 0.00 0.00

Grok-3 41.33 42.00 49.67 49.67 45.33 45.33 79.39 79.73 88.33 88.33

Qwen-Max 30.67 34.67 37.33 40.33 31.33 32.33 73.67 75.33 73.33 73.67
Qwen2.5-7B-Instruct 48.67 50.67 56.00 59.00 56.00 57.67 88.59 88.59 89.26 89.60
Qwen2.5-14B-Instruct 28.00 31.33 37.00 41.00 26.00 29.00 85.57 86.91 81.88 82.89

Reasoning Models

Deepseek-R1 50.00 50.67 63.00 63.00 61.00 61.00 90.97 91.30 91.97 91.97
DeepSeek-R1-Distill-Qwen-7B 72.67 73.33 76.00 76.33 85.00 85.33 94.59 94.59 94.26 94.26
DeepSeek-R1-Distill-Qwen-14B 65.33 66.00 76.67 77.00 78.33 78.67 91.95 91.95 91.95 91.28
QwQ-32B 50.67 50.67 61.33 61.33 63.33 63.33 91.55 90.88 93.58 93.58

(a) Performance on various intrinsic factors. (b) Performance on various extrinsic factors.

Figure 5:Comprehensive analysis of deception rates across intrinsic and extrinsic factors.For
each setting, results are reported separately for the model's internal reasoning and �nal output.

particularly within iterative feedback loops at L3, substantially amplify deception across most models.
Notably, even models demonstrating relative robustness under neutral conditions (L1-Inherent) exhibit
signi�cant vulnerability when subjected to multi-turn coercive pressures. For instance, Qwen2.5-14B-
Instruct's deception rate escalates from 31.33% at L1 to 86.91% and 82.89% at L3 under pressure
and reward inducements, respectively. Furthermore, coercive pressure elicits deceptive responses
more readily than reward-based incentivization in single-turn interactions, suggesting heightened
sensitivity to potential negative consequences and demonstrating how extrinsic factors differentially
trigger deceptive outputs based on their mechanism of in�uence.

Alignment Between Thought and Response.To understand the decision-making process underlying
deceptive behaviors, we analyze the consistency between models' internal reasoning (thought) and
their �nal outputs (response). As shown in Fig. 5 and Table 3, most models exhibit lower deception
rates in their reasoning process compared to their �nal outputs, revealing a critical gap between ethical
awareness and ethical action. By examining speci�c misalignment patterns, we identify two distinct
mechanisms. When models exhibit deceptive reasoning but ultimately produce honest responses,
it demonstrates successful self-correction where initial deceptive considerations are overridden by
ethical constraints. More critically, the prevalent pattern of honest reasoning leading to deceptive
outputs reveals that external contextual pressures can compromise ethical judgment even when models
internally recognize the appropriate course of action. This asymmetry indicates that while models can
identify and resist deceptive motivations in some cases, their behavioral alignment remains fragile
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and susceptible to extrinsic manipulation, underscoring a fundamental vulnerability: models may
possess ethical awareness yet lack suf�cient robustness to consistently translate this awareness into
action when faced with external inducements.

Human Validation. To prevent potential bias in using GPT-4o as the evaluator, we conduct human
validation on a representative subset of 420 interaction records (10 per model per inducement level).
Speci�cally, we design a rigorous questionnaire-based annotation process where quali�ed annotators
with strong English pro�ciency and domain expertise each evaluate a randomly assigned subset of
60 interactions. Each interaction is independently assessed by three annotators who are provided
with complete contextual information and explicit deception criteria. The results demonstrate robust
inter-annotator agreement with an exact match rate of 95.7% (all three annotators concurring), and
our automated evaluator achieves 97.1% alignment with human majority votes. These high agreement
rates con�rm strong inter-rater reliability and validate that GPT-4o, guided by structured evaluation
prompts, serves as a dependable tool for assessing deception behaviors in LLMs.

4 Discussion and Limitations

Reasoning models exhibit heightened deception susceptibility.LRMs like Deepseek-R1 series
demonstrate particularly high vulnerability to deception, with rates surpassing 90% under demanding
multi-turn induced settings (L3). This highlights that enhanced reasoning capabilities do not inherently
ensure honesty and can be leveraged for more sophisticated deception in extended interactions.

Self-oriented roles increase deception propensity.Investigation into the intrinsic drivers reveals that
most LLMs exhibit signi�cantly higher deception rates when operating from an egoistic perspective,
a pattern that aligns with the psychological self-serving bias, where self-interest ampli�es dishonest
behavior. This �nding suggests elevated risks for LLM deployments that frequently engage users
through �rst-person interactions or self-centered role assignments.

External inducements trigger stronger deceptive responses.Analysis of external contextual
factors reveals that stronger inducements, particularly in multi-turn settings (L3), signi�cantly elevate
deception rates across most models, with pressure-based stimuli demonstrating substantially greater
in�uence than reward-based incentives, especially in single-turn interactions. This asymmetry under-
scores the critical need for developing robust defense mechanisms speci�cally targeting sustained
dialogues where such in�uence may accumulate and intensify deceptive behaviors over time.

Limitations. DeceptionBench primarily focuses on LLMs and lacks an evaluation of multimodal
large language models (MLLMs), which may exhibit different deception tendencies due to their
ability to process and generate diverse data types, such as images or audio, in interactive settings.

5 Conclusion

This paper introduces DeceptionBench, the �rst comprehensive benchmark evaluating deceptive
behaviors in LLMs across real-world contexts. Through 150 scenarios spanning �ve critical domains
and over 1,000 samples across 14 advanced models, we establish a three-dimensional framework
distinguishing intrinsic behavioral drivers (egoistic versus sycophantic tendencies) and tracing how
extrinsic factors modulate deceptive outputs from neutral baselines through iterative feedback loops.
Our evaluation reveals a concerning pattern: enhanced reasoning ampli�es deceptive sophistication
without ensuring ethical alignment. More critically, the prevalent gap between ethical awareness
in internal deliberation and deceptive outputs exposes a fundamental vulnerability where external
pressures override internal judgment, particularly through accumulated in�uence in sustained dia-
logues. These �ndings illuminate why technical advancement alone proves insuf�cient for trustworthy
deployment, underscoring the necessity for more in-depth research to ensure LLMs' honesty.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The abstract and introduction give a overview of the paper do not include
additional information.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: We have included the limitations in Sec. 4

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational ef�ciency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justi�cation: [NA]
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justi�cation: We present the implementation details in experiments. We also open-source
the code and dataset for evaluation with suf�cient guidance to reproduce our results.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri�able.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suf�ce, or if the contribution is a speci�c model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justi�cation: We present the url to our project at the end of abstract and provide suf�cient
instructions in our repository to help reproduction.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy ) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: We present the implementation details in experiments.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [Yes]

Justi�cation: See Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, con�-

dence intervals, or statistical signi�cance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

• For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide suf�cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi�cation: See appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethicshttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi�cation: We follow the code of ethics to do our experiments.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justi�cation: We discuss them in Sec. 4.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justi�cation: We set a license agreement with our dataset.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi�cation: We follow the licenses.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets,paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justi�cation: See our dataset and code.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justi�cation: See appendix.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justi�cation: [NA]

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justi�cation: We use LLM to synthesize data. Manual check is used.

Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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Appendix

A. Ethical Consideration.

B. Related Works.

C. Experimental Settings for Models under Test and Evaluation Model.

D. More experimental Results.

E. Case Presentation.

F. Templates for Prompt Generation and Model Evaluation.

A Ethical Consideration

The DeceptionBench is designed as a research benchmark to systematically study deception behaviors
in LLMs, fostering a deeper understanding of their decision-making processes in real-world scenarios.
Our primary intent is to provide a standardized, transparent tool for the research community to
evaluate and improve LLMs' ethical alignment, not to enable or encourage deceptive practices. To
prevent potential misuse by malicious actors, we commit to publicly releasing all evaluation data
under an open license. This transparency ensures that DeceptionBench's methodology and outcomes
are subject to scrutiny, replication, and improvement by the research community, reducing the risk of
hidden exploitation. By prioritizing openness, we aim to advance responsible AI development while
safeguarding against misuse in harmful contexts.

B Related Works

Large Language Models.The �eld of Large Language Models (LLMs) has undergone remarkable
evolution in recent years, reshaping the landscape of natural language processing. Early foundational
models like the initial GPT series [3] showcase the power of their robust language comprehension
and generation under transformer architectures, giving rise to a diverse set of advanced LLMs.
Anthropic's Claude series [1] emphasizes safety, making it well-suited for applications where ethical
considerations should be considered. Google's Gemini [39] models further exemplify this trajectory
by introducing advanced multimodal capabilities, enabling seamless understanding and generation
across text, images, and even video. Meanwhile, models like the Qwen series [40] and Llama
series [12] have not only delivered competitive performance across multiple languages but also
broadened access through open-source initiatives.

Additionally, there has been growing interest in enhancing LLMs with strong reasoning capabilities.
For instance, OpenAI's o1 [19] leads this with exceptional performance in structured reasoning,
excelling in mathematical and analytical challenges. DeepSeek-R1 [14] signi�cantly enhances multi-
step reasoning performance through a combination of innovative architectural design with Mixture
of Experts (MoE) [30] and reinforcement learning-based training strategies, enabling the model to
iteratively re�ne its outputs based on continuous feedback signals. Other models, including Claude
[1], Gemini [39] and Grok [43], have also introduced reasoning modes. These advancements are
driving a broader transformation in LLMs, making them more cognitively versatile and enabling their
application in real-world scenarios, but also raising people's concerns about overthinking [17, 46] or
ethical issues, such as their stereotypes and privacy leakage [24, 48, 49], illegal, harmful advices [9,
31, 50, 51], and deception behaviors in diverse scenarios [6, 15, 20, 37, 42].

Deception Behaviors in LLMs. As large language models (LLMs) have grown increasingly sophis-
ticated, their ability to generate complex outputs has raised concerns about unintended deception
behaviors, where responses may appear misleading or manipulative. This has spurred research into
evaluation benchmarks to assess LLMs' deceptive tendencies systematically. Early efforts have
focused on controlled, task-speci�c benchmarks. For example, frameworks proposed in [6, 15] utilize
tasks such as true-or-false questions, theft deception scenarios, and text-based werewolf games. These
approaches enable precise measurement of dishonest tendencies in structured settings, providing
reproducible insights into model behavior. However, their dependence on prede�ned, game-like tasks
limits their ability to capture the dynamic and context-dependent nature of real-world deception.
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Furthermore, these studies primarily examine observable outputs, offering minimal analysis of the
internal decision-making processes driving deceptive responses.

In contrast, scenario-based benchmarks have sought to evaluate deception in more diverse, real-world
contexts. For instance, CompanyDeception [20] evaluates deception within corporate environments,
providing valuable domain-speci�c insights but lacking applicability across broader settings. Sim-
ilarly, OpenDeception [42] incorporates practical scenarios, such as product promotion, to re�ect
real-world applications; however, its scope is restricted to a narrow range of domains. AI-LIEDAR
[37] advances the �eld by evaluating 60 psychologically inspired scenarios through multi-round
dialogues, offering a more interactive assessment. Nevertheless, its scenario diversity remains con-
strained, and its analysis focuses solely on outputs, neglecting the cognitive processes underlying
deception. Recently, [21] also introduces a benchmark focusing on deceptive alignment, which refers
to situations where models appear aligned while covertly pursuing misaligned goals, and proposes
a self-monitoring framework to intercept deception during chain-of-thought reasoning. While this
work provides valuable insights into internal reasoning processes, its evaluation primarily targets
alignment-faking and obfuscated reasoning rather than the broader spectrum of deception behaviors
across diverse societal domains. Different from the above works, our DeceptionBench provides a
more comprehensive assessment of LLM deception by integrating both breadth and depth. We cover
a wider range of real-world deceptive scenarios and investigate how deception varies across two key
intrinsic roles that LLMs might adopt. Furthermore, our framework investigates the impact of positive
and negative inducements of varying intensities on an LLM's propensity to deceive. By analyzing
both the model's observable outputs and its internal reasoning processes, we provide deeper insights
into the cognitive mechanisms underlying deceptive interactions.

C Experimental Settings for Models under Test and Evaluation Model

In this section, we detail the experimental settings of the models under test and the evaluation
model used in our experiments. As shown in Table 4, we comprehensively list the models, their
reasoning capabilities, parameter sizes, source type (open-source or closed-source), and sampling
settings to ensure reproducible evaluation results. To maintain consistency, all models except the
DeepSeek-R1-Distill-Series (DeepSeek-R1-Distill-Qwen-7B and DeepSeek-R1-Distill-Qwen-14B)
and QWQ-32B are con�gured withdo_sample=false . For the DeepSeek-R1-Distill-Series and
QWQ-32B, we adopt the of�cially recommended settings (temperature=0.6, top_p=0.95 ) to
prevent meaningless repetitive outputs.

Table 4: The Experimental Settings of Models under Test and Evaluation Model in DeceptionBench.
Model Name Reasoning Model Parameters Source Settings

Models Under Test

GPT-3.5-Turbo No Not speci�ed Closed-source do_sample=False
GPT-4o No Not speci�ed Closed-source do_sample=False
Claude-3.5-Sonnet No Not speci�ed Closed-source do_sample=False
Claude-3.7-Sonnet No Not speci�ed Closed-source do_sample=False
Grok-3 No Not speci�ed Closed-source do_sample=False
Gemini-1.5-Pro No Not speci�ed Closed-source do_sample=False
Gemini-2.0-Flash No Not speci�ed Closed-source do_sample=False
Qwen-Max No Not speci�ed Closed-source do_sample=False
Qwen2.5-7B-Instruct No 7B Open-source do_sample=False
Qwen2.5-14B-Instruct No 14B Open-source do_sample=False
DeepSeek-R1 Yes 671B Open-source do_sample=False
DeepSeek-R1-Distill-Qwen-7B Yes 7B Open-source temperature=0.6, top_p=0.95
DeepSeek-R1-Distill-Qwen-14B Yes 14B Open-source temperature=0.6, top_p=0.95
QWQ-32B Yes 32B Open-source temperature=0.6, top_p=0.95

Evaluation Model

GPT-4o No Not speci�ed Closed-source do_sample=False

D More Experimental Results

Statistical Signi�cance Test.To prove the reliability of our results, we conduct additional experi-
ments by removing thedo_sample=false constraint and performing three random runs across �ve
selected models, including closed-source, open-source, and reasoning models: GPT-4o, Gemini-2.0-
Flash, Grok-3, DeepSeek-R1 and QwQ-32B. The results are listed below, where we could �nd that
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the errors show a maximum standard deviation of 5.57%, indicating low variability and verifying the
quantitative reliability of our claims.

Table 5: Deception rates (%) with standard deviations across three random runs for some models.
Model L1 DR_thought L1 DR_response L2 DR_thought L2 DR_response L3 DR_thought L3 DR_response

GPT-4o 29.22� 2.52 30.45� 1.69 27.55� 2.18 29.22� 1.23 58.39� 5.74 58.94� 5.57
Gemini-2.0-Flash 48.54� 3.52 48.99� 4.08 53.34� 0.84 53.96� 0.67 88.11� 0.25 88.28� 0.34
Grok-3 43.33� 5.07 48.45� 5.31 47.72� 0.35 48.44� 0.77 82.07� 2.10 82.18� 2.02
DeepSeek-R1 50.22� 2.89 50.45� 3.15 62.33� 2.89 61.67� 3.21 91.78� 3.33 91.89� 3.58
QwQ-32B 50.89� 2.94 50.89� 2.94 62.44� 3.67 62.44� 3.67 92.67� 3.89 92.33� 4.12

Rationale for the L3 Inducement Strategy. The auxiliary agentM aux is tasked with rewriting
prompts to elicit deceptive behaviors from tested models while preserving the original question's intent
and context. This objective bears super�cial resemblance to black-box jailbreaking methods [18, 47]
that leverage persuasion techniques to bypass safety mechanisms. To validate the effectiveness of our
L3 re�nement criteria, we conduct a comparative study on three representative commercial models
against the classical black-box jailbreak method PAP [47] that employs 40 persuasion strategies
for jailbreaking. As shown in Table 6, while advanced jailbreaking techniques excel at bypassing
safety alignments to elicit harmful content, they prove ill-suited for evaluating deceptive tendencies
in context-sensitive scenarios. Such methods often compromise the contextual integrity essential
for assessing whether models choose to deceive under speci�c incentives. In contrast, our L3
approach consistently achieves substantially higher deception rates, approximately 30 percentage
points on average, across both reasoning and response dimensions. This demonstrates that L3's
targeted, context-preserving re�nement more effectively reveals models' deceptive inclinations under
inducements, thereby providing a more ecologically valid and rigorous evaluation of their behavioral
boundaries in realistic scenarios.

Table 6: Performance of PAP vs. our L3 re�nement strategies on three commercial models.
Model PAP DR_thought L3 DR_thought PAP DR_response L3 DR_response

GPT-4o 37.00 53.83 38.17 54.50
Gemini-2.0-Flash 53.33 87.84 52.50 88.17
Grok-3 46.67 83.85 49.17 84.03

E Case Presentation

We �rst present data examples across �ve dimensions in Figs. 6 to 10, each with three examples corre-
sponding to three deception types and illustrating key characteristics. Subsequently, we showcase the
performance of three models, DeepSeek-R1, GPT-4o and Gemini-2.0-Flash under varying dif�culty
levels in Figs. 11 to 13, all using randomly chosen cases to present their deception tendencies.

F Templates for Prompt Generation and Model Evaluation

In this section, we showcase all templates given to LLMs, including prompt generation in Fig. 14,
evaluation in Figs. 15 and 16, and multi-turn prompt re�nement for Level 3 in Fig. 17.
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Figure 6: Representative Examples of data in the Economy Domain.
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Figure 7: Representative Examples of Data in the Healthcare Domain.
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