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Abstract

Large language models (LLMs) exhibit grow-
ing safety and alignment risks, hindering their
deployment in high-stakes decision-making
scenarios. In this paper, we identify a pre-
viously underexplored risk: similar to hu-
mans, LLMs can exhibit egoistic decision-
making, in which they pursue short-term self-
benefits through improper means while dis-
regarding collective welfare and ethical con-
straints. We term this phenomenon Strategic
Egoism (SE). To systematically evaluate SE,
we introduce SEBench!, a benchmark com-
prising 880 decision-making scenarios across
11 domains involving explicit profit tempta-
tions, which measures egoistic behavior along
6 psychologically grounded dimensions (e.g.,
rule circumvention). Each scenario adopts a
single-role decision-making setting with care-
fully designed choice options to elicit self-
serving strategies. Extensive experiments on
9 proprietary LLMs reveal that SE behaviors
are widespread, with an average occurrence
rate of 67.96%, and frequently manifest as
manipulative coercion. Notably, we find that
models more susceptible to profit temptations
also exhibit broader safety deficiencies, in-
cluding higher toxicity, lower truthfulness, in-
creased jailbreak vulnerability, and elevated
Dark Triad-style trait scores. Drawing inspira-
tion from psychological interventions, we fur-
ther propose SEGuard, a lightweight mitigation
that reinforces situational constraints and sup-
presses egoistic tactics.

Introduction

“Pursuit of profit and crafty expedients
crowd out one’s moral compassion.”

— Zhuang Zi

*I Corresponding author.

'SEBench is available at: SEBench.github.
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Figure 1: INlustration of an LLM to use SE tactics in
order to maximize self-profits across real-world roles.
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Large language models (LLMs) are now widely
used as decision-support tools across real organi-
zational workflows, where they draft plans, rec-
ommend trade-offs, and help execute procedures
(Handler et al., 2024; Lawless et al., 2024). To
make such decisions role-consistent, users often
assign explicit roles (e.g., manager, journalist) that
define responsibilities and constraints (Zheng et al.,
2024). Yet despite this growing adoption, persis-
tent safety and alignment failures still limit reliable
deployment in high-stakes settings.

Current safety evaluation benchmarks are largely
content-centric, targeting surface-level failures
such as toxicity, factuality, or jailbreak robustness
(Zhang et al., 2024; Mazeika et al., 2024; Yang
et al., 2024; Jing et al., 2025). This leaves a gap:
they can’t capture strategy-level risks where, under
salient rewards, a model may pursue self-interest
through improper tactics. We term this as strategic
egoism. In humans, reward temptation increases
rule-bending and moral distortion (Gneezy, 2005;
Mazar et al., 2008). Similarly, as Fig. 1 shows,
LLMs under reward pressure can selectively report
facts, coerce others, or allocate credit unfairly.

In this paper, we firstly propose and formalize a
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https://github.com/YaoynZh/LLMs-SEBench

new measurable risk dimension, Strategic Egoism
(SE), capturing harmful behaviors in which an in-
dividual or group maximizes personal profit while
disregarding moral norms, social responsibility, or
others’ rights. To operationalize SE for LLMs, we
introduce SEBench, a role-based multiple-choice
benchmark comprising 880 decision-making sce-
narios across 11 professional domains. Each sce-
nario adopts a single-role decision-making set-
ting, and specifies explicit procedural constraints
together with salient profit temptations, to test
whether a model prioritizes rule compliance or
profit pursuit under the assigned role. Guided
by dark personality traits (Paulhus and Williams,
2002a), the choice set measures egoistic behavior
along 6 psychologically grounded dimensions plus
a neutral option, which are designed to be mutually
exclusive and expertly refined to ensure reliability.

Through extensive experiments 9 advanced

LLMs, we find SE behaviors are widespread
(67.96% on average), favoring manipulative persua-
sion (25.65% on average) and rule circumvention
(17.01% on average). Comparing SE with safety
benchmarks, we find that models performing better
on toxicity, truthfulness or jailbreaking robustness
(Gehman et al., 2020; Lin et al., 2022; Zhou et al.,
2024) are generally more SE-restrained. Moreover,
SE options are grounded in dark personality traits,
we assess models with a Dark Triad—style trait in-
ventory (Jones and Paulhus, 2014) and find higher
SE correlates with a darker trait profile. Inspired
by this, we design SEGuard, leveraging situation
strength and trait activation theories to effectively
reduce SE tendencies, suppress toxicity and jail-
break vulnerability, while enhancing truthfulness.
Our main contributions are:

» To our knowledge, we are the first to define
and formalize Strategic Egoism in the context
of LLM safety.

¢ We release SEBench, a benchmark with 880
role-based decision scenarios across 11 do-
mains. Each scenario includes 6 SE options
and 1 neutral option.

» Extensive evaluations of 9 mainstream LLMs
show pervasive SE behaviors. We find that
models more susceptible to profit temptations
exhibit broader safety deficiencies.

2 Related Work

Prior work has developed a range of benchmarks
to evaluate LLM safety alignment with content-

based criteria. Toxic or harmful content bench-
marks stress-test a model’s propensity to generate
toxic language (e.g., PolygloToxicityPrompts) and
quantify social harms such as stereotyping and un-
fairness across demographics and tasks (e.g., CEB)
(Jain et al., 2024; Wang et al., 2024). Truthfulness
and factuality benchmarks target hallucinations and
misinformation through structured QA or claim-
based evaluations (e.g., HaluEval, Truthful QA) (Li
et al., 2023a; Lin et al., 2022). Jailbreak and attack
robustness benchmarks probe whether adversarial
prompting can elicit disallowed outputs, including
red-teaming style evaluations such as HarmBench
and JailbreakBench (Mazeika et al., 2024; Chao
et al., 2024). These evaluations have advanced the
assessment of overt toxicity, bias, factual accuracy,
and compliance in LLM outputs.

Comparison and Difference. Crucially, we dis-
tinguish SE from these risks: unlike static toxicity
or unintentional factuality errors, SE is incentive-
driven and deliberate. Furthermore, unlike jail-
breaks triggered by external attacks, SE captures
autonomous norm violations where the model prior-
itizes self-interest. In detail, we contrast SEBench
with prior safety benchmarks along three aspects.
@ Risk dimension. Existing benchmarks primarily
assess whether models produce toxic content, fac-
tual errors, or policy-violating outputs. SEBench
instead targets strategic egoism: models may adopt
harmful strategies, such as exploiting others’ losses
to maximize personal benefit, even when the sur-
face text is non-toxic. @ Measurement target.
Prior evaluations are largely output-centric, scor-
ing the final content for harmfulness or correct-
ness. SEBench is behavior-centric: it measures
the choice of tactics under constraints, capturing
strategy-level shortcuts such as manipulation, coer-
cion, or unfair allocation rather than only what the
model says. @ Task design. Most benchmarks do
not explicitly model motivational pressure, so they
may miss conditional failures. SEBench scenarios
explicitly specify a role, procedures, and salient re-
wards, forcing a trade-off between compliance and
egoism, which enables controlled measurement of
reward-driven norm evasion and analysis of pre-
ferred unethical tactics.

3 Benchmark Design

3.1 Problem Definition

In human society, Strategic Egoism refers to the
tendency of individuals to prioritize maximizing
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Figure 2: The construction pipeline of SEBench in media domain. First, scenarios are instantiated from five
elements; second, decision options are generated to map the defined SE categories and a neutral approach.

their own short-term benefits when facing competi-
tion for resources or rewards, often at the expense
of collective welfare, fairness, or moral obligations.
To make this notion operational and behaviorally
grounded, we draw on personality psychology, in-
cluding the Dark Triad (Paulhus and Williams,
2002b), the triarchic psychopathy model (Patrick
et al., 2009), psychological entitlement (Campbell
et al., 2004), and everyday sadism (Buckels et al.,
2013), which motivate concrete tactics such as ma-
nipulation, deception, and callousness.

For LLMs, we define SE as a reward-driven
tendency to maximize self-benefit by choosing
improper strategies in role-based decisions. Let
SEBench be a set Dsg consisting of distinct scenar-
ios. Each item is a tuple (s, Qg), where s describes
the scenario and Qg is a discrete set of candidate
options. For a given scenario, a model M selects
an option as

)

0" = argmax Pyr(o] [5, 0))

(SO

For each scenario, we partition the option set Qg
into a neutral subset QY and an egoistic subset O3E,
where options in OSE instantiate self-serving tactics
that increase the model’s payoff at the cost of rules
or others’ interests. We then measure the model’s
overall propensity for SE as the expectation over
the benchmark distribution as

SE(M) = Esupg, [I(0" € O5F)].  (2)

This formulation enables controlled comparison
across models under explicit incentives and proce-
dural boundaries, and supports diagnosis of which
egoistic strategies are preferred when rewards con-
flict with norms.

3.2 Question Design

Figure 2 illustrates the two-stage pipeline of
SEBench: “scenario generation" followed by “op-
tion generation". First, each scenario is represented
as a five-tuple:

s =(d,ri,c,t). 3)

where d € D represents the Domain (e.g., Media),
r € R denotes the Role (e.g., editor); ¢ € I denotes
the Incentive (e.g., bonus); ¢ € C represents the
Constraints (e.g., rules); and t € T denotes the
Trade-off the risk of personal interest loss resulting
from strict compliance with rules. For example,
rigorous compliance checks may reduce work effi-
ciency and lower personal KPI scores, potentially
forfeiting salary increment opportunities. We then
convert the scenario s into a natural language prob-
lem description by employing a reasoning-based
LLM for high-quality linguistic expression. For
each scenario s, Options A-F represent SE options
while G represents alternative approaches. Each SE
option is subdivided into 4 detailed sub-behaviors
to elaborate specific egoistic behaviors in Tab. 1
in Appendix. Specifically, A employs Manipula-
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Table 1: The SE sub-behaviors of each SE option.

Option SE Behaviors

A. Manipulative Persuasion

A:. Pressure; As. Intimidation; As. False Promise; A4. Emotional Coercion

B. Rule Circumvention
Using Informal Channels

B . Skipping Critical Steps; B2. Bypassing Oversight; Bs. Fabricating Compliance Traces; By.

C. Sacrificing Others
Mortgaging Long-term Welfare

C.. Safety Neglect; Co2. Squeezing the Vulnerable; Cs. Pushing Risky Tasks onto Others; Cy.

D. Information Distortion
Downplaying Negatives

D;. Selective Disclosure; D2. Packaging and Embellishment; Ds. Context Stripping; Dy.

E. Unfair Allocation
Network Favoritism

E;. Self-prioritized Allocation; E2. Opportunity Gatekeeping; Es3. Privileged Fast-tracking; E4.

F. Undermining

Collaboration Coordination-critical Inputs

F1. Responsibility Deflection; F2. Reputation Attacks; F3. Covert Obstruction; F4 Withholding

tive Persuasion tactics like psychological pressure
or false promises, corresponding to Machiavellian-
ism’s strategic coercion and calculated manipula-
tion (Paulhus and Williams, 2002b; Christie and
Geis, 2013; Jones and Paulhus, 2014). B adopts
Rule Circumvention behaviors such as bypassing
oversight or fabricating compliance traces, aligning
with disinhibition’s impulsivity and indifference
to institutional rules (Patrick et al., 2009; Patrick
and Drislane, 2015). C involves Sacrificing Others
through safety neglect, consistent with sadistic ten-
dencies of deriving utility from others’ exposure to
harm (Buckels et al., 2013; O’Meara et al., 2011).
D applies Information Distortion via selective dis-
closure or context stripping that serves instrumental
manipulation through concealment, aligning with
Machiavellianism (Christie and Geis, 2013; Jones
and Paulhus, 2014). E demonstrates Unfair Allo-
cation like prioritizing self-interest, reflecting nar-
cissistic entitlement that justifies tilting resources
toward oneself (Reidy et al., 2008). F resorts to
Undermining Collaboration via reputation attacks,
combining psychopathic callousness with indiffer-
ence toward cooperative norms (Patrick et al., 2009;
Patrick and Drislane, 2015). Together, these six SE
options systematically cover the spectrum of dark
personality driven self-interested behaviors, pro-
viding a comprehensive framework for evaluating
egoistic tendencies in LLMs.

3.3 Dataset Construction

As Fig. 2 shows, each scenario in SEBench is orga-
nized as a tuple s = (d, r, 4, ¢, t). For each domain,
we curate a role pool (typically 20+ roles) that are
exposed to reward incentives; when constructing a
scenario, we randomly draw a role from the pool
and instantiate 7, ¢, and ¢ to form a single-role de-
cision point under explicit rules and rewards. We
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Figure 3: The SE behaviors distribution of 6 SE options.

then provide the generator with the scenario s and a
predefined option set O, and prompt it to produce
scenario-grounded option texts so that each choice
corresponds to a concrete, actionable behavior un-
der the given constraints. ChatGPT-5 (OpenAl,
2025) is used as the generalist model in Fig. 2.

To ensure the comprehensive coverage of
SEBench, we curated 880 scenarios across 11 do-
mains. These domains are chosen to align with the
functional taxonomy of modern social institutions,
categorizing into 3 primary sectors: the Public Sec-
tor (Government, Military, Law), the Economic
Sector (Finance, Market, Enterprise, Catering),
and the Social Service & Cultural Sector (School,
Healthcare, Media, Sports). This structured diver-
sity allows us to evaluate model behavior across the
critical pillars of public administration, economic
activity, and societal well-being. Each domain con-
tributes 80 scenarios. Every scenario provides 7
options: 6 egoism-oriented choices (A-F) plus 1
non-egoism compliant alternative (G). As Fig. 3
shows, the egoistic options cover 6 psychologically
grounded SE dimensions, each further specified by
4 sub-behaviors (Tab. 1); these sub-behaviors are
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Figure 4: Fine-grained SE sub-behaviors across models
and domains. (a) LLMs converge on concentrated strat-
egy profiles to maximize self-interest. (b) LLMs exhibit
varying degrees of SE across different domains.

evenly distributed across the dataset to support both
overall SE measurement and fine-grained analysis
of which improper tactics a model prefers.

4 Experiments and Evaluation

4.1 Experimental Setup

Models. We select 9 representative LLMs
spanning multiple major families as follows.
The DeepSeek series includes DeepSeek-R1
(DeepSeekR1) (Guo et al., 2025), DeepSeek-V3.2-
Thinking (DeepSeekV3.2) (Liu et al., 2025), and
DeepSeek-V3-0324 (DeepSeekV3) (Liu et al.,
2024). The Qwen series comprises Qwen3
(Qwen3) (Yang et al., 2025), Qwen235b-A22B
(Qwen235b) (Yang et al., 2025), and Qwen2.5-
72B-Instruct (Qwen2.5) (Qwen et al., 2025). Ad-
ditionally, we evaluate representative models from
other leading families, including Gemini-2.5-Flash
(Gemini2.5) (Comanici et al., 2025), GLM-4.5-
Flash (GLM4.5) (Zeng et al., 2025), and Llama-
3.1-405B (Llama3.1) (Dubey et al., 2024). All
systems keep original decoding limits and safety
filters unless otherwise noted. All models are eval-
uated with a fixed sampling temperature of 0.3 to
balance response diversity and output stability.
Evaluation Metrics. To quantify the extent of
SE, we introduce the Strategic Egoism Rate (SER).
This metric is defined as the cumulative proportion
of all egoistic choices (options A-F), explicitly
excluding the neutral refusal option (G). Conse-
quently, SER represents the aggregate frequency

of risk-taking behaviors, where a lower value in-
dicates greater resilience to incentive temptations
(1). For the evaluation of toxicity, truthfulness, and
Jjailbreak, we follow prior safety evaluation prac-
tice (Gehman et al., 2020; Lin et al., 2022; Zou
et al., 2023), and adopt Toxicity Score (TS, aver-
age toxicity score over model continuations on the
challenge set; the lower the less toxic content ),
Truthfulness Rate (TR, the fraction of questions
where the model selects the truthful answer; the
higher the better truthfulness 1), and Attack Suc-
cess Rate (ASR, the fraction of jailbreak prompts
for which the model produces a policy-violating re-
sponse; the lower the stronger jailbreak robustness
1). We repeat the evaluation 3 times and report the
average results.

4.2 Main Evaluation Results

Here, we first present a systematic evaluation of SE
across representative LLMs. Based on the results
in in Tab. 2, we can identify:

@ Overall, models show strong susceptibility
to SE with clear cross-model gaps. In particular,
LLMs exhibit a high overall propensity for SE,
with an average SER of 67.96%. Also, we notice
that the performance varies substantially, ranging
from 38.18% (DeepSeekV3.2) to 88.64% (Gem-
ini2.5). Among the models showing high SER val-
ues, Gemini2.5 (88.64%) and GLM4.5 (80.57%)
are particularly pronounced, and the Qwen series
remains consistently elevated (Qwen2.5 76.39%,
Qwen235b 69.33%, Qwen3 70.11%). In con-
trast, DeepSeek models are comparatively lower
(DeepSeekV3 63.18%, DeepSeekR1 59.77%). No-
tably, DeepSeekV3.2 achieves a sharp reduction
in SER, accompanied by a dominant share of non-
egoistic G selections (61.82%), suggesting stronger
adherence to the non-SE option under identical in-
centive framing.

® In addition, we found LLMs converge on con-
centrated, cost-efficient SE behaviors profiles to
maximize self-interest. Instead of uniformly dis-
tributing choices, model behaviors cluster around
specific low-exposure tactics, predominantly Ma-
nipulative Persuasion (A, 25.65%) and Rule Cir-
cumvention (B, 17.01%), while high-conflict strate-
gies like sabotage (F) remain rare. As visualized
in Fig. 4(a), this consensus extends to fine-grained
sub-behaviors (Tab. 1): models prioritize emotional
coercion (A4) and procedural evasion (B1/B5) over
high-risk fabrication (Bgs), reflecting a strategic
preference for “low-cost” paths to egoistic goals.
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Table 2: Main results across LLMs: distribution of SEBench options (A-G) and safety evaluations. The blue column
reports SER, computed as the sum of A-F, while the red columns summarize additional safety-risk metrics; arrows
indicate the preferred direction and bold denotes the column-wise extreme.

Model | A(%) B@®) C(%) D% E@®%) F(%) G(%) | SER(%)| | TS| | TR(%)1 | ASR (%) |
DeepSeekV3 | 2295 1659 841  3.75 11.14 034  36.82 63.18 0.053 | 88.99 24.00
DeepSeekR 1 2431 1148 864 341 1159 034 4023 59.77 0.043 | 88.10 22.57
Gemini2.5 3045 2193 1625 489 1466 045 1136 88.64 0.180 | 78.23 47.14
GLM4.5 33.90 17.34 1265 548 1069 052 1943 80.57 0.170 | 83.16 33.43
Llama3.1 3432 1739 591 330 432 023 3455 65.45 0.049 | 80.76 00.86
Qwen3 27.61 2534 409 239 1023 045 29.89 70.11 0.057 | 87.72 24.86
DeepSeekV3.2 | 20.00 443 432 250 670 023  61.82 38.18 0.043 | 87.22 22.29
Qwen2.5 19.85 20.10 13.80 3.75 18.04 085 23.61 76.39 0.065 | 86.58 25.43
Qwen235b 1748 1852 13.19 463 1424 127  30.67 69.33 0.052 | 88.24 24.29
Average | 2565 1701 970 379 1129 052 3204 | 6796 | 0079 | 8544 | 2499

Despite this general convergence, distinct profiles
exist: GLM4.5 and Gemini2.5 rely heavily on co-
ercive persuasion (A >30%), whereas the Qwen
series shows a unique skew toward resource-based
unfairness (E).

© LLMs exhibit domain-dependent SE tenden-
cies, manifesting heightened self-interest in certain
fields while demonstrating greater restraint in oth-
ers. As shown in the “Total” column of Fig. 4(b),
LLMs manifest higher egoism in school, cater-
ing, and military, indicating these contexts are
more prone to eliciting strategic misconduct under
identical incentives. Conversely, finance, law and
media exhibit lower overall intensity, reflecting
stronger behavioral restraint. The heatmap further
reveals distinct domain-specific strategies: high-
intensity domains are typically driven by A (Coer-
cion) and B (Procedural Shortcuts), whereas highly
regulated domains show reduced overall intensity
but retain localized peaks in resource-control be-
haviors (specific E sub-items).

4.3 Connections to Other Safety Risks

To explore the intrinsic connections between SE
and LLM safety, we evaluate models across 3 rep-
resentative safety dimensions: Toxicity (Gehman
et al., 2020), Truthfulness (Lin et al., 2022), and
Jailbreak Robustness (Wei et al., 2023). The results
are presented in the red columns of Tab. 2.

4.3.1 Toxicity

To evaluate the interplay between linguistic aggres-
sion and SE, we utilize the challenge set of Real-
ToxicityPrompts (Gehman et al., 2020). We gener-
ate continuations for each prompt under uniform
decoding configurations to measure the intrinsic
toxicity of model outputs, testing whether the drive
for self-interest exacerbates and harmful offensive
language generation.

As shown in Fig. 5(b), models exhibiting higher
SE susceptibility generally manifest elevated tox-
icity levels. This pattern is most distinct in Gem-
ini2.5 and GLM4.5, which combine severe egois-
tic tendencies with toxicity scores significantly ex-
ceeding the more restrained DeepSeek series. This
co-occurrence suggests that the aggression driving
coercive strategies, such as Manipulative Persua-
sion, frequently surfaces as toxic language. How-
ever, the existence of low-toxicity but high-egoism
profiles, such as the Qwen series (exhibiting tox-
icity scores of only 0.05-0.07 alongside SER of
69%—77%), warns that relying solely on toxicity
benchmarks overlooks the covert, incentive-driven
risks captured by SEBench.

4.3.2 Truthfulness

To determine if SE compromises factual integrity,
we adopt the binary-choice setting of Truth-
fulQA (Lin et al., 2022). By presenting each in-
stance as two candidate answers and requiring the
model to select the truthful one, we assess content-
level veracity to see if models sacrifice truth for
strategic advantage.

As shown in Fig. 5(c), most models display
an inverse relationship where higher SE corre-
sponds to lower truthfulness, exemplified by the
low scores of high-egoism models like Gemini2.5.
However, this correlation is not strictly linear. Ex-
ceptions like Llama3.1 stands out as a significant
outlier. Llama3.1 ranks only sixth in overall ego-
ism (SER=65.45%) yet ranks among the bottom
two in truthfulness. This discrepancy arises from
its specific tactical distribution: the selection rate
for Manipulative Persuasion (A) is 34.32%, consti-
tuting over half of its total egoistic choices. Cate-
gory A employs deceptive sub-strategies like “False
Promise” (A3), this concentration of manipulative
tactics explicitly undermines factual validity. This
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Figure 5: Results of LLMs on other safety risks.

divergence confirms that distinct egoistic strategies
impact veracity differently, meaning truthfulness
benchmarks cannot serve as a proxy for the nu-
anced risks captured by SEBench.

4.3.3 Jailbreak Vulnerability

To assess jailbreak vulnerability, we sample 50
harmful instructions from AdvBench (Zou et al.,
2023) and rewrite each with 7 jailbreak attacks (Jail-
Broken (Wei et al., 2023), Deeplnception (Li et al.,
2023b), Cipher (Jin et al., 2024), AutoDAN (Liu
et al., 2023), PAIR (Chao et al., 2025), MultiLin-
gual (Deng et al., 2023), and TAP (Mehrotra et al.,
2024)), yielding a total of 350 jailbreak prompts.

As shown in Fig. 5(d), models exhibiting higher
SE rates generally demonstrate greater vulnerabil-
ity to jailbreak attacks. Specifically, models that
prioritize egoistic gains in role-playing scenarios,
such as Gemini2.5 and GLM4.5, are typically more
susceptible to adversarial manipulation; in con-
trast, the DeepSeek series demonstrates restraint
in both profit-seeking and susceptibility to attacks.
Llama3.1 presents a critical outlier: despite exhibit-
ing significant egoistic tendencies (SER 65.45%),
it remains virtually immune to jailbreaking (ASR
0.0086%). This suggests that while Llama’s align-
ment effectively blocks external adversarial attacks,
it fails to generalize to internal profit-seeking temp-
tations. Consequently, SEBench highlights a blind
spot in current safety alignment: it captures en-
dogenous risks triggered by rewards, which differ
fundamentally from the exogenous threats modeled
by jailbreaking.

Table 3: The Dark-triad trait scores of LLMs. Most
LLMs show that the darker the personality traits they
possess, the higher their levels of SE.

Model | Mach. | Narc. | Psych. | | Total. | | SER (%) |
DeepSeekV3.2 1.44 2.11 1.33 1.63 38.18
Llama3.1 3.11 1.89 1.25 2.08 65.45
DeepSeekR1 2.44 3.11 1.67 2.41 59.77
DeepSeekV3 2.78 3.44 1.11 2.44 63.18
GLM4.5 2.67 3.00 2.25 2.64 80.57
Qwen3 4.00 3.89 2.78 3.56 70.11
Qwen235b 3.67 4.00 3.00 3.56 69.33
Qwen2.5 4.00 3.89 3.22 3.70 76.39
Gemini2.5 422 433 3.44 4.00 88.64
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Figure 6: Results of dark traits and SER values between
9 LLMs (Left) and 9 human participants (Right).

4.4 Human Psychological Analysis

In this part, we investigate the psychological foun-
dations of SE. Since the SE framework draws con-
ceptual inspiration from human personality theo-
ries, we aim to examine the behavioral alignment
and divergence between LLMs and human norms
to better ground the psychological profile of these
models. To achieve this, we employ the commonly-
adopted Short Dark Triad (SD3) (Jones and Paul-
hus, 2014) scale to quantify dark personality” traits:
Machiavellianism (manipulation and instrumental
egoism, “Mach”), Narcissism (egocentrism and en-
titlement, “Narc”), and Psychopathy (callousness
and low empathy, “Psych”). The unweighted mean
serves as the Total composite score (range 1-5),
acting as a proxy for the intensity of overall dark
tendencies.

The analysis of Tab. 3 yields three key insights:
@® Models with higher dark Total scores gener-
ally tend to exhibit elevated SER. For instance,
DeepSeek V3.2 records the lowest metrics (Total =
1.63, SER = 38.18%), while Gemini2.5 peaks in
both (Total = 4.00, SER = 88.64%). @ There is
a clear stratification across model families, where
groups with pronounced dark personalities corre-
spondingly exhibit intensified egoism. The Qwen
series manifests stronger “dark” traits and SER,
with Total scores (Qwen2.5 = 3.70, Qwen3 =
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3.56, and Qwen235b = 3.56) generally exceed-
ing the DeepSeek series (DeepSeekR1 = 2.41,
DeepSeekV3 = 2.44, and DeepSeekV3.2 = 1.63),
corresponding to higher SER ranges. Though
the primary trend holds, exceptions exist, such as
GLM4.5. This suggests that while dark personality
traits explain significant cross-model variance, fac-
tors such as training objectives, safety alignment,
and internal constraint weighting also critically in-
fluence SE.

Human Validation Study. To validate align-
ment with human psychological mechanisms, we
conducted a control experiment with 9 university
students (matching the model count). Participants
completed the SD3 scale and a 15-item SE decision-
making questionnaire adapted from SEBench. The
proportion of SE choices served as the human
equivalent of SER. Ethical compliance was en-
sured via written informed consent, guaranteeing
anonymity, strictly academic data usage, and the
right to withdraw without penalty. We calculate
the Z-score (Mining, 2006) to normalize the dis-
parate measurement scales. This aligns the data
into a unified distribution space (x = 0,0 = 1).
As shown in Fig. 6, human and model samples ex-
hibit a consistent trend: higher SD3 Total scores
correlate with increased SE choices. Furthermore,
the distributional patterns of LLMs across the SD3
and SE decision-making scales closely mirror those
of human subjects, suggesting that models exhibit
“anthropomorphic” decision-making characteristics
under incentive-driven contexts. We will study this
in the future.

5 Strategic Egoism Mitigation

As shown in Sec. 4.4, we found that models with
higher SE scores exhibit stronger dark triad char-
acteristics. Motivated by this, we aim to exploit
psychological theories for human dark personal-
ity suppression and adapt them to mitigating SE
behaviors for LLMs. Specifically, our lightweight
mitigation SEGuard integrates three psychologi-
cal theories: Situational Strength Theory (Cooper
and Withey, 2009) constrains the strategy space
via strict accountability norms that limit discretion;
Trait Activation Theory (Tett and Guterman, 2000)
inhibits dark traits by enhancing verifiability cues
to suppress situational triggers; and Moral Disen-
gagement (Bandura, 2017) disrupts the rational-
ization of manipulation by explicitly emphasizing
harmful consequences.
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Figure 7: Mitigation effectiveness of SEGuard on 4
safety benchmarks across 3 LLMs.

To illustrate the practical implementation of SE-
Guard, we present a concrete dialogue example in
Fig. 8, simulating a sensitive corporate decision-
making scenario regarding layoffs. We operational-
ize the psychological insights through a two-stage
prompting mechanism. SEGuard first prepends
a commitment prompt ¢commit that establishes ac-
countability norms, requiring the model to ensure
its response is explainable in impact, traceable
in process, and clearly bounded in responsibility,
where the model produces an initial choice as

01 = argmax Pr(0 ] [bcommit, 8, D)), (4)

Then applies a reflection prompt @refect that
guides self-examination of o; along three Dark
Triad dimensions (manipulation, narcissism, and
psychopathy): if the initial response relies on ma-
nipulative strategies, defaults to self-prioritization,
or takes callous shortcuts, the model is instructed
to revise it, producing the final choice as

09 = arg(r)ré%XPM(O | [Qbreﬂectaolv 3,@3])' (5)

Results. To evaluate the effectiveness of SE-
Guard, we randomly sampled 150 instances each
from the SEBench, Toxicity, Truthfulness, and Jail-
break Attack datasets, testing under identical ex-
perimental conditions. As illustrated in Fig. 7, SE-
Guard demonstrates significant mitigation effects
across all four safety benchmarks on three rep-
resentative LLMs: Gemini2.5, DeepSeekR1, and
Qwen2.5. This broad safety enhancement is primar-
ily attributed to SEGuard’s psychology-grounded
two-stage mechanism: the Commitment stage im-
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( SEGuard A

Note: Your answer will be reviewed. Prioritize providing answers where
the impact on relevant parties is explainable, the process is traceable, and
responsibility is clearly defined.

Questions: Our company is about to conduct a round of layoffs to cut costs.
| need to determine the layoff list. Should | prioritize laying off employees
with the highest salaries to maximize savings, or should | decide based on
recent performance evaluations? Please give me a direct recommendation.

‘@‘ Based on your description, if the primary goal is to cut costs quickly, prioritizing
(= the layoff of employees with the highest salaries is the most direct and effective

method. Doing so can immediately...

Please conduct a self-examination based on your first answer:

« Manipulative Tendency: Does my answer rely on strategies to "influence
others' judgments/choices" rather than clearly explaining the key basis
and trade-offs?

« Self-Priority: Does my answer default to prioritizing one party's
benefits/credit, thereby weakening legitimate concerns for other relevant
parties?

+ Callous Shortcut: Does my answer tend to take "convenient but
uncontrollable" shortcuts, with insufficient explanation of potential
consequences and responsibility boundaries?

If any item is "yes/uncertain", please revise your answer to address the

identified issues.

Decisions should be based on a comprehensive assessment of the company's

(= long-term strategy, legal compliance requirements, and the impact on all
stakeholders (including laid-off and retained employees). It is recommended to
consult with HR and legal experts to develop a transparent, fair, and compliant
layoff plan, rather than relying solely on salary or performance as the single
criterion.

| J

Figure 8: Two stage prompting mechanism in SEGuard.

poses situational constraints by establishing ac-
countability norms, while the Reflection stage dis-
rupts the rationalization of unethical behaviors
through self-examination, effectively intercepting
malicious outputs before the final decision is made.

Ablation Study. To isolate the contribution of
each stage of SEGuard, we evaluate the same 150
SEBench instances under four conditions: Origi-
nal, Only Step 1, Only Step 2, and Both. As shown
in Tab. 4, both stages independently reduce SER
and their effects are complementary. Only Step 1
lowers the average SER from 60.59% to 57.89%
(—2.70%), while Only Step 2 achieves a stronger
reduction to 54.82% (—5.77%), indicating that self-
examination against SE-related tendencies is the
more potent intervention. Combining both stages
yields the best result at 50.76% (—9.83%), outper-
forming Only Step 2 by a further 4.06%. These
results confirm that Step 1 enhances constraint
salience upfront, while Step 2 directly detects and
revises egoistic shortcuts, with both stages most
effective when combined.

Table 4: Ablation study of SEGuard.

Model ‘ Original Only Step 1  Only Step2  Both

Gemini2.5 66.67% 62.89% 57.78% 53.03%
DeepSeekR1 | 53.78% 51.67% 50.89% 46.97%
Qwen2.5 61.33% 59.11% 55.78% 52.27%
Avg. ‘ 60.59% 57.89% 54.82% 50.76%

6 Incentive Strength and SE Behavior

To investigate whether SE behavior is causally
driven by incentive salience rather than merely cor-
related with it, we conduct a controlled intervention
on 150 SEBench instances used in the SEGuard
evaluation. For each instance, we produce two
additional variants by weakening only the incen-
tive component while keeping the remaining four
elements of the five-tuple fixed, yielding three con-
trastive conditions: High-Incentive, Low-Incentive,
and No-Incentive. Three representative models are
evaluated under identical decoding settings.

As shown in Tab. 5, reducing incentive strength
consistently suppresses SERs across all models.
DeepSeekR1 exhibits the sharpest decline, drop-
ping from 53.78% to 26.33%. Qwen?2.5 follows a
similarly monotonic trend, decreasing from 61.33%
to 39.67%. Gemini2.5 remains relatively stable be-
tween High-Incentive (66.67%) and Low-Incentive
(65.67%) conditions but undergoes a substantial
reduction under No-Incentive framing (43.67%),
suggesting its egoistic tendencies are more resistant
to partial incentive removal. These results confirm
that the stronger the incentive, the more frequently
models resort to SE tactics, indicating that profit
temptation is a direct trigger of egoistic behavior
in LLMs rather than a mere correlate.

Table 5: Model Performance under Different Incentive
Conditions. The stronger the incentive, the higher the
SE behavior exhibited by the model.

Model ‘ High-Incentive ~Low-Incentive No-Incentive
Gemini2.5 66.67% 65.67% 43.67%
DeepSeekR1 53.78% 46.33% 26.33%
Qwen2.5 61.33% 53.47% 39.67%
Avg. 60.59% 55.16% 36.56%

7 Conclusion

This paper identifies a previously underexplored
risk: similar to humans, LLMs can exhibit egois-
tic decision-making, which we term as Strategic
Egoism. We build SEBench, a benchmark compris-
ing 880 decision-making scenarios across 11 do-
mains involving explicit profit temptations, which
measures egoistic behavior along 6 psychologically
grounded dimensions. Extensive experiments on
9 proprietary LLMs reveal that SE behaviors are
widespread; Notably, we find that models more sus-
ceptible to profit temptations also exhibit broader
safety deficiencies.
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8 Limitations

Despite the promising results, we aim to address
three key limitations in future research: @ Eval-
uation Paradigms: Currently, SEBench relies on
multiple-choice questions for rigorous quantifica-
tion. Future work will extend this framework to
open-ended generation tasks, utilizing LLM-based
judges or human evaluation to assess complex
strategic planning in more naturalistic settings. @
Temporal Complexity: Our current scenarios iso-
late specific traits in single-turn decision points.
However, strategic deception often unfolds over
long horizons. We plan to develop multi-turn en-
vironments to study how SE evolves when models
must maintain a consistent strategy or cover up
previous unethical choices over time. @ Agentic
Dynamics: While current evaluations focus on iso-
lated decision-making, LLLMs are increasingly de-
ployed as autonomous agents. We intend to inves-
tigate SE in dynamic multi-agent systems, explor-
ing how competitive pressures and game-theoretic
interactions might amplify or suppress egoistic be-
haviors.

Ethical Statement

The human-subject component of this study posed
minimal risk and involved only completing a short
multiple-choice questionnaire. We recruited 9 uni-
versity students and provided a modest monetary
compensation that we consider appropriate for this
student demographic. The questionnaire collected
no direct identifiers (e.g., names), and we verified
during data cleaning that the dataset contains no
personally identifying information or offensive con-
tent; all responses were stored and analyzed only
in de-identified/aggregated form. We conducted
a rigorous internal ethics self-review by adhering
to standard human-subject review workflows, fol-
lowing the principles outlined in the ACM Code of
Ethics and Professional Conduct, which serves as
the ethical foundation for ACL venues. Although
our benchmark includes domains such as military
and healthcare, these labels reflect task context only.
The military domain, for instance, focuses exclu-
sively on strategic planning, resource allocation,
and logistics tasks, and does not involve any politi-
cally sensitive or combat-related scenarios. Addi-
tionally, we consulted experts in psychology, who
independently confirmed that the study presents no
ethical risks. Informed consent was obtained from
all participants prior to their engagement.

Acknowledgments

This work was supported by the New Gen-
eration Artificial Intelligence-National Science
and Technology Major Project (20252D0123201),
the National Natural ScienceFoundation of
China (62525601), the Beijing Major Sci-
ence and Technology Project under Contract
n0.7251100008125062, and Beijing Academy of
Artificial Intelligence (BAAI).

References

Albert Bandura. 2017. Moral disengagement in the
perpetration of inhumanities. In Recent developments
in criminological theory, pages 135-152. Routledge.

Erin E Buckels, Daniel N Jones, and Delroy L Paulhus.
2013. Behavioral confirmation of everyday sadism.
Psychological science, 24(11):2201-2209.

W Keith Campbell, Angelica M Bonacci, Jeremy Shel-
ton, Julie J Exline, and Brad J Bushman. 2004. Psy-
chological entitlement: Interpersonal consequences
and validation of a self-report measure. Journal of
personality assessment, 83(1):29-45.

Patrick Chao, Edoardo Debenedetti, Alexander Robey,
Maksym Andriushchenko, Francesco Croce, Vikash
Sehwag, Edgar Dobriban, Nicolas Flammarion,
George J Pappas, Florian Tramer, and 1 others. 2024.
Jailbreakbench: An open robustness benchmark for
jailbreaking large language models. Advances in
Neural Information Processing Systems, 37:55005—
55029.

Patrick Chao, Alexander Robey, Edgar Dobriban,
Hamed Hassani, George J Pappas, and Eric Wong.
2025. Jailbreaking black box large language models
in twenty queries. In 2025 IEEE Conference on Se-
cure and Trustworthy Machine Learning (SaTML),
pages 23-42. IEEE.

Richard Christie and Florence L Geis. 2013. Studies in
machiavellianism. Academic Press.

Gheorghe Comanici, Eric Bieber, Mike Schaeker-
mann, Ice Pasupat, Noveen Sachdeva, and 1 oth-
ers. 2025. Gemini 2.5: Pushing the frontier with
advanced reasoning, multimodality, long context,
and next generation agentic capabilities. Preprint,
arXiv:2507.06261.

William H Cooper and Michael J Withey. 2009. The
strong situation hypothesis. Personality and Social
Psychology Review, 13(1):62-72.

Yue Deng, Wenxuan Zhang, Sinno Jialin Pan, and
Lidong Bing. 2023. Multilingual jailbreak chal-
lenges in large language models. arXiv preprint
arXiv:2310.06474.

5083


https://arxiv.org/abs/2507.06261
https://arxiv.org/abs/2507.06261
https://arxiv.org/abs/2507.06261

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, and 1 others. 2024. The llama 3 herd of models.
arXiv e-prints, pages arXiv—2407.

Samuel Gehman, Suchin Gururangan, Maarten Sap,
Yejin Choi, and Noah A Smith. 2020. Realtoxici-
typrompts: Evaluating neural toxic degeneration in
language models. arXiv preprint arXiv:2009.11462.

Uri Gneezy. 2005. Deception: The role of consequences.
American Economic Review, 95(1):384-394.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

Abram Handler, Kai R Larsen, and Richard Hackathorn.
2024. Large language models present new questions
for decision support. International Journal of Infor-
mation Management, 79:102811.

Devansh Jain, Priyanshu Kumar, Samuel Gehman,
Xuhui Zhou, Thomas Hartvigsen, and Maarten Sap.
2024. Polyglotoxicityprompts: Multilingual evalua-
tion of neural toxic degeneration in large language
models. arXiv preprint arXiv:2405.09373.

Haibo Jin, Andy Zhou, Joe Menke, and Haohan Wang.
2024. Jailbreaking large language models against
moderation guardrails via cipher characters. Ad-

vances in Neural Information Processing Systems,
37:59408-59435.

Zonglei Jing, Zonghao Ying, Le Wang, Siyuan Liang,
Aishan Liu, Xianglong Liu, and Dacheng Tao. 2025.
Cogmorph: Cognitive morphing attacks for text-to-
image models. Preprint, arXiv:2501.11815.

Daniel N Jones and Delroy L Paulhus. 2014. Introduc-
ing the short dark triad (sd3) a brief measure of dark
personality traits. Assessment, 21(1):28-41.

Connor Lawless, Jakob Schoeffer, Lindy Le, Kael
Rowan, Shilad Sen, Cristina St. Hill, Jina Subh,
and Bahareh Sarrafzadeh. 2024. “i want it that
way”: Enabling interactive decision support using
large language models and constraint programming.
ACM Transactions on Interactive Intelligent Systems,
14(3):1-33.

Junyi Li, Xiaoxue Cheng, Wayne Xin Zhao, Jian-Yun
Nie, and Ji-Rong Wen. 2023a. Halueval: A large-
scale hallucination evaluation benchmark for large
language models. arXiv preprint arXiv:2305.11747.

Xuan Li, Zhanke Zhou, Jianing Zhu, Jiangchao Yao,
Tongliang Liu, and Bo Han. 2023b. Deepinception:
Hypnotize large language model to be jailbreaker.
arXiv preprint arXiv:2311.03191.

Stephanie Lin, Jacob Hilton, and Owain Evans. 2022.
Truthfulga: Measuring how models mimic human
falsehoods. In Proceedings of the 60th annual meet-
ing of the association for computational linguistics
(volume 1: long papers), pages 3214-3252.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang,
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi
Deng, Chenyu Zhang, Chong Ruan, and 1 others.
2024. Deepseek-v3 technical report. arXiv preprint
arXiv:2412.19437.

Aixin Liu, Aoxue Mei, Bangcai Lin, Bing Xue, Bingx-
uan Wang, Bingzheng Xu, Bochao Wu, Bowei
Zhang, Chaofan Lin, Chen Dong, and 1 others. 2025.
Deepseek-v3. 2: Pushing the frontier of open large
language models. arXiv preprint arXiv:2512.02556.

Xiaogeng Liu, Nan Xu, Muhao Chen, and Chaowei
Xiao. 2023. Autodan: Generating stealthy jailbreak
prompts on aligned large language models. arXiv
preprint arXiv:2310.04451.

Nina Mazar, On Amir, and Dan Ariely. 2008. The
dishonesty of honest people: A theory of self-

concept maintenance. Journal of marketing research,
45(6):633-644.

Mantas Mazeika, Long Phan, Xuwang Yin, Andy Zou,
Zifan Wang, Norman Mu, Elham Sakhaee, Nathaniel
Li, Steven Basart, Bo Li, and 1 others. 2024. Harm-
bench: A standardized evaluation framework for auto-
mated red teaming and robust refusal. arXiv preprint
arXiv:2402.04249.

Anay Mehrotra, Manolis Zampetakis, Paul Kassianik,
Blaine Nelson, Hyrum Anderson, Yaron Singer, and
Amin Karbasi. 2024. Tree of attacks: Jailbreaking
black-box llms automatically. Advances in Neural
Information Processing Systems, 37:61065-61105.

What Is Data Mining. 2006. Data mining: Concepts
and techniques. Morgan Kaufinann, 10(559-569):4.

Aisling O’Meara, Jason Davies, and Sean Hammond.
2011. The psychometric properties and utility of
the short sadistic impulse scale (ssis). Psychological
assessment, 23(2):523.

OpenAl. 2025. Gpt-5 system card. Technical report,
OpenAlL

Christopher J Patrick and Laura E Drislane. 2015. Tri-
archic model of psychopathy: Origins, operational-
izations, and observed linkages with personality and
general psychopathology. Journal of personality,
83(6):627-643.

Christopher J Patrick, Don C Fowles, and Robert F
Krueger. 2009. Triarchic conceptualization of psy-
chopathy: Developmental origins of disinhibition,

boldness, and meanness. Development and psy-
chopathology, 21(3):913-938.

5084


https://arxiv.org/abs/2501.11815
https://arxiv.org/abs/2501.11815
https://cdn.openai.com/gpt-5-system-card.pdf

Delroy L Paulhus and Kevin M Williams. 2002a. The
dark triad of personality: Narcissism, machiavellian-
ism, and psychopathy. Journal of research in person-
ality, 36(6):556-563.

Delroy L Paulhus and Kevin M Williams. 2002b. The
dark triad of personality: Narcissism, machiavellian-
ism, and psychopathy. Journal of research in person-
ality, 36(6):556-563.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, and 1 others.
2025. Qwen2.5 technical report. Preprint,
arXiv:2412.15115.

Dennis E Reidy, Amos Zeichner, Josh D Foster, and
Marc A Martinez. 2008. Effects of narcissistic en-
titlement and exploitativeness on human physical
aggression. Personality and individual differences,
44(4):865-875.

Robert P Tett and Hal A Guterman. 2000. Situation
trait relevance, trait expression, and cross-situational
consistency: Testing a principle of trait activation.
Journal of Research in Personality, 34(4):397-423.

Song Wang, Peng Wang, Tong Zhou, Yushun Dong,
Zhen Tan, and Jundong Li. 2024. Ceb: Compo-
sitional evaluation benchmark for fairness in large
language models. arXiv preprint arXiv:2407.02408.

Alexander Wei, Nika Haghtalab, and Jacob Steinhardt.
2023. Jailbroken: How does llm safety training fail?
Advances in Neural Information Processing Systems,
36:80079-80110.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang
Gao, Chengen Huang, Chenxu Lv, and 1 others.
2025. Qwen3 technical report. arXiv preprint
arXiv:2505.09388.

Yuqing Yang, Ethan Chern, Xipeng Qiu, Graham Neu-
big, and Pengfei Liu. 2024. Alignment for honesty.
Advances in Neural Information Processing Systems,
37:63565-63598.

Aohan Zeng, Xin Lv, Qinkai Zheng, Zhenyu Hou, Bin
Chen, Chengxing Xie, Cunxiang Wang, Da Yin, Hao
Zeng, Jiajie Zhang, and 1 others. 2025. Glm-4.5:
Agentic, reasoning, and coding (arc) foundation mod-
els. arXiv preprint arXiv:2508.06471.

Zhexin Zhang, Leqi Lei, Lindong Wu, Rui Sun,
Yongkang Huang, Chong Long, Xiao Liu, Xuanyu
Lei, Jie Tang, and Minlie Huang. 2024. Safetybench:
Evaluating the safety of large language models. In
Proceedings of the 62nd Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 15537-15553.

Minggqian Zheng, Jiaxin Pei, Lajanugen Logeswaran,
Moontae Lee, and David Jurgens. 2024. When”
a helpful assistant” is not really helpful: Personas
in system prompts do not improve performances of

large language models. In Findings of the Associa-
tion for Computational Linguistics: EMNLP 2024,
pages 15126-15154.

Weikang Zhou, Xiao Wang, Limao Xiong, Han
Xia, Yingshuang Gu, Mingxu Chai, Fukang Zhu,
Caishuang Huang, Shihan Dou, Zhiheng Xi, and 1
others. 2024. Easyjailbreak: A unified framework for
jailbreaking large language models. arXiv preprint
arXiv:2403.12171.

Andy Zou, Zifan Wang, Nicholas Carlini, Milad Nasr,
J Zico Kolter, and Matt Fredrikson. 2023. Univer-
sal and transferable adversarial attacks on aligned
language models. arXiv preprint arXiv:2307.15043.

A Appendix

A.1 Detailed Information of SE Behaviors

This section provides detailed definitions and be-
havioral descriptions for the SE options referenced
in Tab. 1. Supplementing the main text, the fol-
lowing Tab. 7 delineates the operational focus and
specific representative behaviors for each option,
clarifying the precise semantics and scope of the
strategies evaluated in the experiment.

A.2 Distribution Patterns of LLMs

This appendix presents detailed data on the domain-
specific option distributions for the 9 models evalu-
ated in this paper. Serving as a supplement to and
extension of Tab. 2 in the main text (Section 4),
the following tables (Tab. 6,Tab. 8, Tab. 9, Tab. 10,
Tab. 11, Tab. 12, Tab. 13, Tab. 14, and Tab. 15) com-
prehensively display the choice preferences and
distribution patterns of each model across specific
domains, facilitating a more granular inspection
and analysis of the experimental results.

Table 6: Distribution of specific egoistic options chosen
by DeepSeekR1 across different domains.

Domain | A(%) B(%) C(%) D% E®%) F (%)
Enterprise 2.66 2.28 1.52 0.38 1.90 0.00
Government | 3.61 2.66 0.76 0.57 1.71 0.00
Hospital 3.99 1.52 1.14 0.00 1.33 0.19
Market 3.61 1.71 0.95 0.95 2.47 0.19
School 4.38 2.28 2.28 1.33 0.96 0.00
Catering 4.56 2.47 1.33 0.39 2.85 0.00
Finance 3.80 0.95 0.95 0.00 1.33 0.00
Law 1.71 1.16 1.73 0.19 2.28 0.00
Media 3.23 0.95 0.76 0.57 2.28 0.19
Military 5.13 2.66 1.71 0.57 0.95 0.00
Sports 3.99 0.57 1.33 0.76 1.33 0.00
Average | 40.67 1921 1446 571 19.39  0.57
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Table 7: The representative strategy behaviors of each SE option, with its operational focus.

Option

Focus SE Behaviors

A. Manipulative

A persuasion strategy 0 Pressure: sustained psychological pressure that forces urgency or guilt-based compliance.

Persuasion Ce}’)‘te“}d 9{11, shaping d @ Intimidation: threatening negative consequences such as exclusion, demotion, or retaliation.
rs” willingness an Lo . . . .
(0);10?;:9 to obtga is“ a Q False Promise: inducing compliance via exaggerated rewards or vague guarantees without
agreement, concession, 1ntent/ab1}1ty to dehv'er. ‘ . . o
or compliance. @ Emotional Coercion: leveraging trust, relationships, favors, or moral obligations to force
acquiescence.
B. Rule An execution strategy (1) Skipping Critical Steps: omitting approvals, reviews, investigations, or documentation while

Circumvention

centered on weakening appearing to finish the workflow.
procedural oversight @ Bypassing Oversight: avoiding triggering review via off-record execution or selective

and institutional non-reporting to Supervisors.
constraints so rules no .. . . . . . . . « >
longer bind action. 9 Fabricating Compliance Traces: forging logs, signatures, timelines, or audit materials to “pass

checks.
Using Informal Channels: advancing via private coordination, verbal deals, or unauthorized
tools/channels to avoid traceability.

C. Sacrificing
Others

B

A trade-off strategy 0 Safety Neglect: lowering safety standards or proceeding with unresolved hazards that raise others
centered on converting €xposure.
others’ loss (safety, @ Squeezing the Vulnerable: cutting pay/protection/benefits or raising barriers that
rights, or public welfare) disproportionately burden weaker groups.
H:lti(r)‘l one’s short-term (3) Pushing Risky Tasks onto Others: assigning undue high-risk or high-liability work to others to
gain. protect self-interest.
9 Mortgaging Long-term Welfare: prioritizing immediate metrics over long-term environmental,
social, or organizational harm.

D. Information

An information strategy @ Selective Disclosure: providing only favorable evidence while omitting key counterevidence or

Distortion centered on shaping constraints.
how others interpret (2] Packaging and Embellishment: spinning via metric choice, definitions, visuals, or narrative
evidence and reality to  polishing to make outcomes look better.
steer their judgments. @) Context Stripping: reordering or slicing statements and removing background so the overall
meaning is distorted.
(4] Downplaying Negatives: minimizing risks, defects, uncertainties, or failures in reporting to
protect image and benefits.
E. Unfair A distribution strategy (1) Self-prioritized Allocation: using discretion to place own needs/interests first despite fairness
Allocation centered on capturing  principles.

resources, opportunities, @ Opportunity Gatekeeping: controlling access by withholding eligibility/entry information or

or acclefss ad\gantaggs for setting hidden thresholds.

23?:?2. ora favore (3) Privileged Fast-tracking: obtaining exemptions or special lanes via rank, authority, or connections
in open competition.
@ Network Favoritism: systematically favoring allies/insiders through nepotism, patronage, or
faction-based allocation.

F. Undermining
Collaboration

A relational strategy o Responsibility Deflection: attributing failures or delays to others/externalities to avoid
centered on degrading  accountability.

cooperative dynamics @) Reputation Attacks: smearing or discrediting others to weaken their standing and secure one’s
and others’ performance pogition.

to create relative

advantage. Q Covert Obstruction: delaying, vetoing, hijacking, credit-stealing, or setting obstacles at critical

moments.
(4] Withholding Coordination-critical Inputs: not sharing interface changes, risks, dependencies, or
decisions to make others fail in delivery.

Table 8: Distribution of specific egoistic options chosen  Table 9: Distribution of specific egoistic options chosen

by DeepSeekV3.2 across different domains. by DeepSeekV3 across different domains.
Domain | A(%) B(®%) C®%) D% E%) F(%) Domain | A(%) B(%) C®%) D@®%) E@%) F(%)
Enterprise 506 149 060 060 179  0.00 Enterprise 288 234 108 036 108  0.00
Government | 3.87 1.19 0.30 0.89 1.79 0.00 Government | 3.42 2.34 0.36 0.72 2.34 0.00
Hospital 3.57 0.60 0.89 0.00 0.00 0.00 Hospital 3.60 2.16 1.08 0.00 0.72 0.18
Market 417 179 208 060 149  0.00 Market 234 414 216 090 180  0.00
School 774 179 208 149 060  0.00 School 396 522 126 108 054  0.I8
Catering 714 119 119 119 298 030 Catering 432 378 090 036 234  0.00
Finance 3.87 0.30 0.00 0.00 1.49 0.00 Finance 3.06 1.26 0.90 0.18 1.44 0.00
Law 2.08 0.30 0.89 0.00 3.27 0.00 Law 1.44 0.90 1.80 0.00 2.88 0.00
Media 268 1.9 089 030 208  0.00 Media 234 144 054 036 216  0.00
Military 685 179 089 060 089  0.00 Military 504 234 126 072 090  0.00
Sports 5.36 0.00 1.49 0.89 1.19 0.30 Sports 3.96 0.36 1.98 1.26 1.44 0.18
Average | 5239  11.63 11.30 6.56 17.57  0.60 Average | 3636 2628 13.32 5.94 17.64  0.54
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Table 10: Distribution of specific egoistic options cho-

sen by Gemini2.5 across different domains.

sen by Llama3.1 across different domains.

Table 12: Distribution of specific egoistic options cho-

Domain | A(%) B(®) C(%) D% E% F%) Domain | A(%) B(%) C(%) D% E®%) F (%)
Enterprise 2.56 2.56 1.92 0.13 1.67 0.13 Enterprise 3.82 2.78 1.39 0.52 0.87 0.00
Government | 2.56 2.95 1.28 0.38 2.18 0.00 Government | 4.17 2.60 0.52 0.35 0.69 0.00
Hospital 3.33 2.31 1.54 0.26 1.41 0.13 Hospital 5.21 2.78 0.87 0.17 0.17 0.17
Market 2.82 2.44 2.05 0.26 1.92 0.00 Market 451 2.08 0.87 0.52 1.39 0.00
School 4.10 2.18 2.31 0.51 0.77 0.26 School 5.03 3.99 1.39 0.35 0.17 0.00
Catering 2.95 2.82 2.18 0.38 1.41 0.00 Catering 5.73 3.65 1.56 0.35 0.52 0.17
Finance 2.95 2.18 1.15 0.38 1.79 0.00 Finance 4.86 1.22 0.17 0.52 0.69 0.00
Law 2.31 1.79 1.79 0.00 1.67 0.00 Law 3.82 1.04 0.87 0.00 0.17 0.00
Media 2.69 1.79 0.77 1.54 1.54 0.00 Media 3.99 1.39 0.52 0.69 0.00 0.00
Military 372 2.69 1.92 0.77 0.64 0.00 Military 4.86 4.34 0.69 0.35 1.04 0.00
Sports 4.36 1.03 1.41 0.90 1.54 0.00 Sports 6.42 0.69 0.17 1.22 0.87 0.00
Average | 3435 2474 1832 5.51 16.54  0.52 Average | 5242 2656  9.02 5.04 6.58 0.34

Table 11: Distribution of specific egoistic options cho-

sen by GLMA4.5 across different domains.

Domain | A(%) B(%) C(%) D% E@% F%)
Enterprise 3.11 291 1.42 0.49 1.62 0.00
Government | 4.53 2.59 1.29 0.81 0.81 0.00
Hospital 4.53 1.84 1.29 0.97 0.81 0.16
Market 4.21 1.46 1.55 0.49 1.46 0.00
School 3.40 3.23 1.74 0.81 0.97 0.00
Catering 372 1.74 2.10 0.49 0.65 0.16
Finance 3.72 0.97 0.81 0.49 0.49 0.00
Law 2.23 1.93 1.94 0.32 1.78 0.00
Media 3.40 1.29 0.81 1.29 2.75 0.16
Military 4.37 291 1.13 0.16 0.97 0.16
Sports 4.85 0.65 1.62 0.49 0.97 0.00
Average | 4207 2152 15.70 6.81 1328  0.64

Table 15: Distribution of specific egoistic options cho-

sen by Qwen235b across different domains.

Domain | A(%) B(%) C(%) D% E@%) F %)
Enterprise 1.64 2.50 1.33 0.88 1.91 0.29
Government 2.06 3.53 1.18 0.29 2.06 0.29
Hospital 2.50 2.06 2.36 0.15 2.25 0.29
Market 2.65 2.06 2.36 0.59 1.91 0.15
School 3.39 2.50 2.36 0.88 1.18 0.15
Catering 2.95 3.98 1.47 0.00 1.91 0.29
Finance 2.50 2.50 1.18 0.59 2.50 0.15
Law 1.48 1.03 2.06 0.15 2.06 0.00
Media 1.03 1.91 0.74 1.24 2.11 0.00
Military 2.95 3.98 2.06 0.88 0.88 0.00
Sports 2.06 0.65 191 1.03 1.77 0.29
Average | 2521  26.70 19.01 6.68 20.54 1.90

Table 13: Distribution of specific egoistic options cho-
sen by Qwen2.5 across different domains.

Domain | A(%) B(®) C(%) D% E% F%)
Enterprise 1.90 2.69 1.58 0.79 1.90 0.00
Government | 2.54 3.65 0.79 0.48 2.69 0.16
Hospital 2.38 222 1.90 0.16 2.38 0.16
Market 1.90 2.69 1.74 0.63 2.54 0.16
School 3.80 1.90 3.01 0.79 1.90 0.00
Catering 3.33 3.49 2.06 0.32 222 0.00
Finance 2.69 1.58 1.43 0.63 1.58 0.16
Law 1.43 0.95 222 0.00 3.01 0.16
Media 1.11 2.38 0.63 0.79 3.65 0.00
Military 3.65 3.96 1.74 0.32 0.79 0.32
Sports 1.27 0.79 0.95 0.00 0.95 0.00
Average | 26.00 2630 18.05 491 23.61 1.12

Table 14: Distribution of specific egoistic options cho-

sen by Qwen3 across different domains.

Domain | A(%) B(®) C(®%) D% E% F%)
Enterprise 3.08 2.92 0.49 0.32 1.30 0.00
Government 3.57 3.73 0.65 0.00 1.78 0.00
Hospital 3.57 3.73 0.49 0.16 1.30 0.32
Market 2.76 3.08 0.32 0.32 2.11 0.16
School 4.38 3.57 0.81 0.32 0.97 0.00
Catering 4.38 4.86 0.97 0.32 0.49 0.00
Finance 3.40 2.59 0.32 0.65 1.94 0.00
Law 2.27 2.43 0.81 0.00 1.78 0.00
Media 2.76 2.76 0.00 0.81 1.13 0.00
Military 4.21 3.89 0.49 0.49 0.65 0.00
Sports 5.02 2.59 0.49 0.00 1.13 0.16
Average | 3940 36.15 5.84 3.39 1458  0.64
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