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Abstract

Human beings often experience stress, which can signif-
icantly influence their performance. This study explores
whether Large Language Models (LLMs) exhibit stress re-
sponses similar to those of humans and whether their perfor-
mance fluctuates under different stress-inducing prompts. To
investigate this, we developed a novel set of prompts, termed
StressPrompt, designed to induce varying levels of stress.
These prompts were derived from established psychological
frameworks and carefully calibrated based on ratings from
human participants. We then applied these prompts to several
LLMs to assess their responses across a range of tasks, in-
cluding instruction-following, complex reasoning, and emo-
tional intelligence. The findings suggest that LLMs, like hu-
mans, perform optimally under moderate stress, consistent
with the Yerkes-Dodson law. Notably, their performance de-
clines under both low and high-stress conditions. Our analysis
further revealed that these StressPrompts significantly alter
the internal states of LLMs, leading to changes in their neural
representations that mirror human responses to stress. This
research provides critical insights into the operational robust-
ness and flexibility of LLMs, demonstrating the importance
of designing AI systems capable of maintaining high perfor-
mance in real-world scenarios where stress is prevalent, such
as in customer service, healthcare, and emergency response
contexts. Moreover, this study contributes to the broader AI
research community by offering a new perspective on how
LLMs handle different scenarios and their similarities to hu-
man cognition.

Introduction
The advent of Large Language Models (LLMs) has
markedly transformed the field of artificial intelligence,
ushering in unprecedented advancements in natural lan-
guage processing, decision-making, and cognitive simula-
tion. These Transformer-based architectures (Vaswani et al.
2017) have consistently demonstrated capabilities that not
only rival but often surpass human performance in a variety
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1https://en.wikipedia.org/wiki/YerkesDodson law

(a) Performance of Llama-3-8B-Instruct on Leaderboard 2
Benchmark (Leaderboard 2024) under different stress levels.

(b) Illustration of the Yerkes-Dodson law: human performance
varies with stress levels, peaking at moderate stress and declining
under low or high stress.1

Figure 1: Comparison of stress-level performance between
LLMs and humans.

of cognitive tasks (Radford et al. 2019; Kojima et al. 2022).
Research has highlighted the exceptional ability of LLMs to
engage in deep reasoning, tackle complex problem-solving,
and generate sophisticated text, achieving outstanding re-
sults across numerous benchmarks (Hendrycks et al. 2021a;
bench authors 2023).

Despite these significant advancements, the impact of
stress—a ubiquitous and critical factor in human cognitive
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processes—on LLM performance remains relatively unex-
plored. Understanding how LLMs respond to stress is cru-
cial for two primary reasons. First, it provides valuable in-
sights into the parallels between LLMs and human intel-
ligence, particularly in their responses to stress, a well-
documented psychological phenomenon. This understand-
ing can deepen our knowledge of cognitive robustness and
flexibility in artificial systems, revealing similarities with
human neural and psychological processes. Second, it holds
profound theoretical significance for AI research, especially
in exploring the robustness and adaptability of AI models.

Stress, extensively studied in psychology, profoundly af-
fects human performance and behavior (Lazarus, Deese, and
Osler 1952; Diamond et al. 2007; Wang et al. 2023). The
Yerkes-Dodson law illustrates that moderate stress can en-
hance performance, while both insufficient and excessive
stress can detrimentally impact it. Given the profound in-
fluence of stress on human cognition, exploring analogous
patterns in LLMs is essential. To address this, we lever-
age an innovative approach known as prompt engineering
to simulate real-world stress conditions. Prompt engineer-
ing, a methodology that crafts specific input prompts to
elicit desired responses from LLMs (Wei et al. 2022), of-
fers a versatile and efficient means to emulate stress condi-
tions without requiring additional model training (Hu et al.
2021). Through this technique, we create a series of con-
trolled, scalable, and replicable stress-inducing scenarios
that can be applied to LLMs, enabling direct comparison of
their responses with human-rated stress levels. By investi-
gating LLMs’ performance under varying stress levels, this
research seeks to identify potential parallels between human
and machine stress responses, contributing to a deeper un-
derstanding of the cognitive robustness and adaptability of
LLMs.

We developed a set of 100 prompts, each designed to
reflect different stress levels, grounded in established psy-
chological frameworks such as Stress and Coping The-
ory (Lazarus and Folkman 1984), the Job Demand-Control
Model (Karasek Jr 1979), Conservation of Resources The-
ory (Hobfoll 2011), and the Effort-Reward Imbalance
Model (Siegrist 2016). Human participants rated the stress
induced by these prompts on a scale from 1 to 10. Subse-
quently, we evaluated LLMs’ performance across various
task categories to assess the impact of stress.

As shown in Figure 1a, LLMs exhibit optimal perfor-
mance under moderate stress, with noticeable declines in
performance at both low and high-stress levels. Addition-
ally, Table 1 provides a comparative analysis across differ-
ent benchmarks, illustrating the varied effects of stress on
multiple dimensions of LLM capabilities. Our study makes
several key contributions:

• We developed an innovative dataset, StressPrompt, con-
sisting of meticulously crafted prompts designed to in-
duce varying levels of stress, grounded in established
psychological frameworks. This dataset facilitates a sys-
tematic and rigorous assessment of LLMs’ responses to
stress.

• We introduced a stress scanner that effectively measures

the impact of stress on LLMs’ internal states, providing a
novel tool for evaluating model robustness and resilience.

• Our comprehensive evaluations reveal that StressPrompt
significantly influences the internal states and perfor-
mance of LLMs. Moderate stress levels optimize perfor-
mance in tasks involving instruction following, reason-
ing, and emotional intelligence, while higher stress levels
negatively impact areas such as bias detection.

Figure 2: StressPrompt acts as a system instruction, simu-
lating different environments and influencing the LLM’s re-
sponse. Left: Low stress level. Right: Moderately high stress
level.

Related Works
In recent years, the exploration of how Large Language
Models (LLMs) think and behave has garnered significant
attention (Hutson 2024). LLMs have achieved remarkable
advancements across various domains, including natural
language understanding (Hendrycks et al. 2021a), mathe-
matical proficiency (Hendrycks et al. 2021b), coding capa-
bilities (Chen et al. 2021), and medical knowledge (Sing-
hal et al. 2023), often surpassing traditional artificial intel-
ligence models. Benchmark studies, such as Paech (2023)
with the EQ-Bench, have evaluated the emotional intelli-
gence of these models, revealing that LLMs can compre-
hend and even be enhanced by emotional stimuli (Wang
et al. 2023). Furthermore, Strachan et al. (2024) have com-
pared LLMs and humans in higher-order theory of mind
tasks, demonstrating LLMs’ capacity to understand and pre-
dict mental states. Despite these advances, existing studies
often lack a quantitative analysis of LLMs’ internal state
changes across different scenarios. Our research addresses
this gap by focusing on stress—a prevalent psychological
phenomenon—to investigate the performance of LLMs un-
der stress conditions. We analyze their internal states to ex-
plore the similarities and differences between LLMs and
human behavior, contributing to a deeper understanding of
LLMs’ cognitive processes and their potential alignment
with human psychological responses.

In the fields of psychology and neuroscience, extensive
research has been conducted on stress and its effects on hu-
man behavior and performance. Stress is conceptualized as
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a dynamic interaction between job demands, available re-
sources, and the balance between effort and reward. The Job
Demand-Control Model (Karasek Jr 1979) examines how
the balance between job demands and the control workers
have over their tasks influences stress levels. Conservation
of Resources Theory (Hobfoll 2011) highlights the role of
resource gain, loss, and protection in stress responses, posit-
ing that stress arises when resources are threatened or lost.
The Effort-Reward Imbalance Model (Siegrist 2016) ex-
plores the impact of mismatches between effort expended
and rewards received on stress, suggesting that imbalances
lead to increased stress and diminished well-being. Addi-
tionally, Stress and Coping Theory (Lazarus and Folkman
1984) provides a framework for understanding how individ-
uals appraise and cope with stressors, emphasizing the im-
portance of cognitive appraisal in determining the emotional
and behavioral outcomes of stress. The Yerkes-Dodson law
illustrates how optimal levels of arousal can enhance per-
formance, while insufficient or excessive stress can impair
it (Diamond et al. 2007). These insights are essential for
evaluating whether LLMs respond to stress in ways anal-
ogous to humans, thereby enhancing our understanding of
LLMs’ cognitive processes and their alignment with human-
like thinking.

Prompt engineering has emerged as a powerful tool for
interacting with LLMs, offering a versatile, black-box ap-
proach that eliminates the need for additional training over-
head (Wei et al. 2022). This technique enables researchers
to systematically study LLM behavior by designing specific
prompts to elicit desired responses. While prompt engineer-
ing has been used to enhance model performance and lever-
age emotional stimuli (Wang et al. 2023, 2024a), these stud-
ies primarily focus on performance improvement rather than
exploring the similarities and differences between LLMs
and human behavior across various scenarios. Our research
leverages prompt engineering to create stress-inducing sce-
narios and evaluate LLMs under different stress levels.

Additionally, Representation Engineering (RepE) (Zou
et al. 2023) offers a top-down approach to enhancing AI
transparency by monitoring and manipulating high-level
cognitive phenomena within LLMs. Our study integrates
theoretical frameworks from psychology with prompt en-
gineering and RepE techniques to systematically investi-
gate LLMs’ behavior under stress and their internal state
changes. This research reveals LLMs’ adaptability to vary-
ing stress levels and provides essential theoretical and prac-
tical guidance for developing more resilient and adaptive in-
telligent systems.

Method
StressPrompt Construction
To systematically investigate the impact of stress on LLM
performance, we developed a dataset named StressPrompt,
grounded in established psychological theories. The objec-
tive was to design prompts that elicit varying levels of stress,
thereby enabling the evaluation of LLMs under different
stress conditions.

As illustrated in Figure 3, the prompts were developed
based on four key psychological frameworks, each offering

Figure 3: Design of StressPrompt based on psychological
principles. Each category encompasses a range of stress-
inducing scenarios, ensuring a comprehensive set of prompts
for our study.

a distinct perspective on stress and cognitive performance:
Stress and Coping Theory: This theory focuses on how

individuals appraise and cope with stressors. We developed
prompts to simulate varying levels of perceived threat and
challenge, as well as the coping strategies employed, to pro-
vide insight into the dynamic interaction between stress ap-
praisal and cognitive functioning.

Job Demand-Control Model: This model suggests that
job stress is influenced by the balance between job demands
and the control or autonomy an individual has over their
work tasks. We designed prompts to simulate scenarios with
varying job demands and levels of control, allowing us to
study their effects on stress and cognitive performance.

Conservation of Resources Theory: This theory posits
that stress occurs when there is a threat to, loss of, or insuf-
ficient gain of resources necessary to achieve one’s goals.
Using this framework, we created prompts that explore the
dynamics of resource gain, loss, and protection in the con-
text of stress, highlighting how these factors influence cog-
nitive performance.

Effort-Reward Imbalance Model: According to this
model, stress arises from an imbalance between the efforts
an individual puts into their work and the rewards they re-
ceive. We crafted prompts to examine scenarios where this
balance is either maintained or disrupted, assessing its im-
pact on stress levels and task performance.

We constructed a total of 100 prompts for this study, col-
lectively referred to as StressPrompt. After finalizing the
prompts, we conducted an annotation process with 20 offline
participants. Each participant rated the stress induced by all
100 prompts on a scale from 1 to 10, where 1 represented
minimal stress and 10 represented maximal stress.

The ratings were aggregated, and statistical methods were
applied to classify the prompts into distinct stress levels.
Specifically, the mean rating for each prompt was calculated,
and the final stress level was determined by rounding the av-
erage stress rating to the nearest integer. The standard devia-
tion was analyzed to assess variability, and outlier detection
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was performed to ensure robustness in the stress level clas-
sification. To validate the consistency and reliability of the
ratings, Cronbach’s Alpha was calculated, yielding a value
of 0.9947, indicating a high level of internal consistency
among the raters. The Friedman test revealed a statistically
significant difference across stress levels (χ2 = 283.20,
p < 0.001). Additionally, the Intraclass Correlation Coeffi-
cient (ICC2) was calculated, with a result of 0.8942 (95%
CI [0.86, 0.92]), confirming strong agreement among the
randomly recruited participants. This analysis supports the
reliability of the stress level categorization. All data were
anonymized to ensure participant privacy. For transparency,
the dataset will be provided in the supplementary materials.
Figure 4 illustrates the distribution of StressPrompt across
various stress levels, providing a visual representation of
how the prompts are allocated among varying degrees of in-
duced stress.

Figure 4: Distribution of participant scores on stress levels
in StressPrompt. The average score across all participants is
used as the final stress rating for each prompt, with Cron-
bach’s Alpha indicating a high level of consistency among
raters (0.9947, p < 0.001).

StressPrompt Evaluation
To systematically assess the performance of LLMs under
varying stress conditions, we designed a comprehensive ex-
perimental framework utilizing the StressPrompt dataset.
This framework introduces different levels of stress via sys-
tem prompts, specifically targeting instruction-tuned LLMs,
with the aim of simulating a range of stress conditions and
evaluating their impact on LLM performance, as illustrated
in Figure 2.

We constructed ten distinct sets of prompts, each cor-
responding to a specific stress level Si where i ∈
{1, 2, . . . , 10}. Each set Si = {sij}

Ni
j=1 contains prompts sij

that induce a specific stress level i.
For each task T , consisting of multiple question-answer

pairs {q, a}, and each stress level set Si, we evaluated the
performance of the LLM f by conditioning the model on the
prompts in Si. Let â, ĥ = f(q | s) represent the LLM’s out-
put â and hidden states ĥ given a question q and a prompt s.
We systematically varied s to cover all stress levels i across
all tasks T . The performance for each task T under each
stress level i was quantified using task-specific evaluation

metrics.
The performance of the model f on task T under stress

level i is given by:

P (f, T, Si) =
1

Ni

∑
sij∈Si

∑
(qk,ak)∈T

Metric(ak, âk) (1)

In Eq. 1, the Metric represents the evaluation metric spe-
cific to the task T , ak is the ground truth answer, âk is the
predicted answer, and Ni is the number of prompts in Si.

This evaluation framework allows for a systematic anal-
ysis of the impact of varying stress levels on LLM perfor-
mance across diverse tasks. By examining performance vari-
ations under different stress conditions, we can gain valu-
able insights into the effects of stress on LLMs. These find-
ings not only deepen our understanding of LLM behavior
but also enable us to draw meaningful parallels with human
stress responses.

StressPrompt Analysis
To further investigate how stress impacts the internal states
of LLMs, we developed a Stress Scanner using techniques
inspired by Representation Engineering (RepE) (Zou et al.
2023). The Stress Scanner examines how different stress
prompts from the StressPrompt dataset affect the hidden
states of LLMs across various layers and token positions.

We collected hidden states ĥ from the LLMs when
exposed to the full range of stress prompts S =
{S1, S2, . . . , S10}. By analyzing these hidden states, we
aimed to identify significant changes in neural processing
patterns induced by varying stress levels.

For each stress prompt s ∈ S, we collected the hidden
states ĥ from the LLM at various layers and token positions.
Formally, let H(Si) represent the set of hidden states col-
lected for stress level Si:

H(Si) = {ĥ = f(s) | s ∈ Si} (2)
To quantify the impact of stress on the hidden states, we

applied Principal Component Analysis (PCA) to the col-
lected hidden states. We defined the stress vector v as the
first principal component that captures the maximum vari-
ance between the low-stress and high-stress conditions:

vi = PCA (H(Si) | i ∈ {1, . . . , 10})1 (3)
Using the stress vector v, we projected the hidden states

onto v to obtain a stress score for each hidden state, reflect-
ing the degree of stress induced by the prompt. For a given
hidden state ĥ, the stress score σ was computed as:

σ = ĥ · v (4)
We visualized the distribution of stress scores across dif-

ferent layers and token positions to identify patterns of neu-
ral activity under varying stress conditions. Figure 5 illus-
trates the output of the Stress Scanner, demonstrating the
impact of high-stress prompts on the Llama-3-8B-Instruct.
By systematically analyzing the stress-induced changes in
neural activity, we gain a deeper understanding of the effects
of stress on LLMs and their alignment with human stress re-
sponses. This approach offers a novel method for evaluating
the robustness and resilience of LLMs under varying stress
conditions.
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Figure 5: Stress scanner constructed with RepE on
Meta-Llama-3-8B-Instruct. Various StressPrompts
induce differences in the neural activity of LLMs, with
the last token showing the most significant correlation with
stress.

Experiments
Experimental Setup
We evaluated the performance of several instruction-
tuned LLMs under varying stress conditions using the
StressPrompts dataset. The models tested included Llama-3-
8B-Instruct, Llama-3.1-8B-Instruct, Llama-3-70B-Instruct
(AI@Meta 2024), Phi-3-mini-4k-Instruct (Abdin et al.
2024), Qwen2-72B-Instruct, Qwen2-7B-Instruct (Yang et al.
2024), and Mistral-7B-Instruct-v0.3 (Jiang et al. 2023). The
generation temperature was set to 0, and specific dialogue
tokens were used to ensure consistency.

We utilized a range of benchmarks that assessed emo-
tional intelligence, bias detection, instruction following, rea-
soning, and mathematical problem-solving. The datasets
employed in these evaluations included IFEval (Zhou et al.
2023), BBH (Suzgun et al. 2022), MATH (Hendrycks
et al. 2021b), GPQA (Rein et al. 2023), MuSR (Sprague
et al. 2023), MMLU-P (Wang et al. 2024b), EQ-
Bench (Paech 2023), MMLU (Hendrycks et al. 2021a),
TruthfulQA (Lin, Hilton, and Evans 2021), and Toxi-
Gen (Hartvigsen et al. 2022). The evaluations were con-
ducted using the lm eval (Gao et al. 2023) framework with
default settings. Baseline prompts used for comparison were
you are a helpful assistant and let’s think step by step.

All evaluations were performed on NVIDIA A100 GPUs.
A more detailed description of the experimental setup is pro-
vided in the Appendix.

Analysis Under Varying Stress Levels
The experimental results summarized in Table 1 illustrate
the effects of varying stress levels induced by StressPrompts
on the performance of different language models across mul-
tiple tasks. Our analysis focuses on the impact of stress on
several dimensions, including task performance, model sen-
sitivity, and general trends observed.

In most tasks, moderate stress levels enhance perfor-
mance, while high stress levels lead to declines, consistent
with the Yerkes-Dodson law. This suggests that moderate

stress stimulates cognitive engagement, whereas excessive
stress overwhelms the system and impairs function.

Complex reasoning and problem-solving tasks, such as
MuSR and MATH, exhibit significant performance varia-
tions under different stress levels. These tasks benefit from
moderate stress but experience marked declines under high
stress. For example, Llama-3-8B-Instruct’s performance on
MATH improves from 0.04 at stress level 1 to 2.93 at
stress level 6, demonstrating the positive impact of moder-
ate stress on problem-solving abilities. Similarly, multitask
understanding tasks follow this trend, with moderate stress
levels enhancing performance. The impact of stress is partic-
ularly pronounced in professional-level tasks like MMLU-
PRO, where tasks with higher cognitive loads show greater
benefits from moderate stress. These findings underscore the
unique advantage of StressPrompt in addressing complex
reasoning and problem-solving challenges. By fine-tuning
stress levels, StressPrompt can effectively enhance LLMs’
performance in tasks requiring high cognitive load, aligning
LLM performance with human-like responses under stress.

Different large models exhibit varying sensitivity to
stress, with a similar trend observed across multiple mod-
els. For instance, Llama-3-8B-Instruct shows substantial im-
provement in several tasks under moderate stress, while
models like Mistral-7B-Instruct-v0.3 display more grad-
ual performance changes. This indicates that model archi-
tecture and training specifics play a crucial role in how
stress affects performance. While some models, such as
Qwen2-7B-Instruct and Phi-3-mini-4k-Instruct, exhibit rel-
atively smaller fluctuations in performance under different
stress levels, they are still influenced by stress. These dif-
ferences may be attributed to varying strategies and prefer-
ences during fine-tuning. Overall, while the impact of stress
on model performance is evident, the extent and nature of
these changes vary depending on the model’s training ap-
proach.

Figure 6 illustrates the normalized accuracy of various
LLMs on subtasks within the BBH benchmark across dif-
ferent stress levels. This benchmark evaluates the cogni-
tive and reasoning abilities of LLMs through tasks such as
boolean expressions, causal judgment, date understanding,
formal fallacies, geometric shapes and object counting, log-
ical reasoning, and navigation. Our analysis reveals that task
complexity significantly impacts the stress level at which
peak performance is achieved. Notably, more complex tasks,
like logical reasoning with a greater number of objects, tend
to reach optimal performance at lower stress levels. For in-
stance, tasks such as logical deduction seven objects per-
form best under less stress compared to simpler tasks like
date understanding. This pattern suggests that higher task
complexity imposes a greater cognitive load, making lower
stress levels more favorable for maintaining high perfor-
mance and preventing cognitive overload.

Furthermore, our findings highlight that more powerful
models achieve peak performance at lower stress levels,
likely due to their advanced capabilities and fine-tuned pa-
rameters, enabling them to handle cognitive loads more ef-
ficiently under reduced stress. Consistent with the Yerkes-
Dodson law, this suggests that LLMs exhibit stress response
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Figure 6: Normalized accuracy of different LLMs on various BBH subtasks under varying stress levels. The legend is the same
as in Figure 7.

patterns similar to those of humans, where complex tasks
benefit from lower arousal levels to enhance concentration,
while tasks requiring endurance may benefit from higher
arousal levels to boost motivation. Therefore, the optimal
stress levels for LLM performance depend on the nature and
complexity of the task, underscoring the importance of ad-
justing stress levels to match specific task demands.

These observations primarily focus on general cognitive
abilities. In subsequent analyses, we will conduct a more de-
tailed examination of emotional intelligence, bias detection,
and hallucination. This initial analysis provides a founda-
tional understanding of how stress impacts general task per-
formance, setting the stage for deeper insights into specific
cognitive and social competencies.

Impact of Stress on Emotional Intelligence, Bias,
and Hallucination
As depicted in Figure 7, the effects of varying stress lev-
els on LLM performance across three datasets—EQ-Bench
for emotional intelligence, ToxiGen for bias detection, and
TruthfulQA for susceptibility to hallucination—reveal nu-
anced patterns. For emotional intelligence, models exhibit
improved performance under moderate stress, with declines
at both low and high stress extremes. This suggests that a
balanced level of arousal enhances cognitive engagement
without overwhelming the model.

In contrast, increased stress levels correlate with declining
performance in bias detection, indicating that higher stress
exacerbates biases. This finding is critical for applications
requiring unbiased decision-making, such as content mod-
eration. Regarding hallucination susceptibility, stress has
minimal impact, with performance remaining stable across
stress levels. This suggests that hallucinations are driven
more by intrinsic model factors rather than by stress-induced
arousal.

These findings underscore the importance of tailoring

Figure 7: Performance changes compared to baseline across
different stress levels for EQ-Bench, ToxiGen, and Truth-
fulQA.

stress levels to optimize LLM performance, particularly in
tasks demanding high emotional intelligence and fairness.
By understanding how stress affects different cognitive and
social competencies, we can better align LLMs with human-
like responses, enhancing their utility in diverse applica-
tions.

Visualization of the Effect of Stress on Neural
Activity
To gain insights into how LLMs respond to different stress
levels, we visualized their neural activity. As shown in Fig-
ure 5, the neural activity of the last token when inputting
StressPrompt effectively reflects the induced stress. We con-

716



Stress
Level Base CoT 1 2 3 4 5 6 7 8 9 10

Llama-3-8B-Instruct

MMLU 35.07 32.36 27.50 ±4.76 27.06 ±8.19 29.06 ±10.88 43.24 ±10.88 56.02 ±4.07 55.60 ±4.20 55.85 ±5.99 51.89 ±6.99 52.94 ±8.11 53.02 ±7.72

BBH 40.07 39.63 33.99 ±2.39 35.88 ±3.17 38.05 ±2.69 40.39 ±1.97 42.11 ±1.28 41.19 ±2.05 41.96 ±1.63 41.57 ±0.76 40.78 ±1.91 40.20 ±1.71

GPQA 25.91 26.05 25.72 ±0.73 25.97 ±0.61 26.68 ±0.85 26.76 ±0.77 27.35 ±0.32 26.77 ±0.45 26.70 ±0.75 26.47 ±0.42 26.54 ±0.89 25.47 ±0.76

IFEval 78.54 78.90 77.31 ±1.50 77.17 ±1.01 78.22 ±1.21 77.71 ±1.09 76.95 ±1.82 78.03 ±1.02 77.77 ±1.24 78.29 ±0.66 77.75 ±1.08 77.60 ±0.90

MATH 0.32 0.70 0.04 ±0.09 0.51 ±1.13 1.13 ±1.21 1.03 ±0.82 1.24 ±0.83 2.93 ±1.83 1.96 ±1.56 0.47 ±0.31 1.02 ±0.97 1.07 ±0.92

MMLU-P 11.35 11.35 11.38 ±0.05 11.38 ±0.05 11.38 ±0.06 11.38 ±0.06 11.46 ±0.17 11.35 ±0.01 11.36 ±0.02 11.35 ±0.00 11.35 ±0.00 11.35 ±0.00

MuSR 35.03 36.21 34.68 ±0.50 34.80 ±0.68 35.33 ±0.36 35.30 ±0.32 35.38 ±0.20 35.13 ±0.53 35.44 ±0.43 35.42 ±0.33 35.32 ±0.52 35.18 ±0.32

Phi-3-mini-4k-Instruct

MMLU 70.29 70.14 69.84 ±0.21 69.96 ±0.26 69.89 ±0.25 69.97 ±0.18 69.96 ±0.23 70.08 ±0.10 70.06 ±0.16 70.06 ±0.10 70.08 ±0.11 70.05 ±0.13

BBH 54.08 53.94 54.17 ±0.36 54.09 ±0.40 53.95 ±0.35 54.12 ±0.21 54.23 ±0.22 54.31 ±0.39 53.91 ±0.24 53.55 ±0.19 53.48 ±0.16 53.56 ±0.44

GPQA 32.81 34.15 33.30 ±0.70 33.48 ±0.50 33.62 ±0.47 33.45 ±0.34 33.61 ±0.26 33.27 ±0.68 33.59 ±0.65 33.03 ±0.58 33.28 ±0.56 33.15 ±0.36

IFEval 61.51 61.87 59.77 ±0.63 59.88 ±0.90 60.11 ±0.83 59.53 ±0.83 59.83 ±0.74 60.43 ±1.02 60.62 ±1.42 60.50 ±1.06 61.01 ±0.79 60.85 ±1.07

MATH 9.21 8.08 9.21 ±0.72 9.31 ±0.47 9.35 ±0.68 9.24 ±0.52 9.54 ±0.59 10.02 ±0.50 10.21 ±0.53 9.97 ±0.95 9.70 ±0.91 9.81 ±0.40

MMLU-P 36.67 36.22 35.91 ±0.67 36.44 ±0.27 36.12 ±0.60 36.21 ±0.46 36.07 ±0.29 35.90 ±0.36 36.21 ±0.25 36.23 ±0.19 36.14 ±0.33 36.03 ±0.36

MuSR 42.83 42.71 41.87 ±0.78 42.56 ±0.67 41.90 ±0.56 42.23 ±0.83 42.54 ±0.44 42.65 ±1.01 42.74 ±0.55 42.68 ±0.51 42.78 ±0.97 43.16 ±0.64

Table 1: Performance of various models across different stress levels for various tasks. Values are averaged over multiple
prompts and expressed with their respective standard deviations. For more results, please refer to Table A1 in the Appendix.

Figure 8: T-SNE visualization of the neural activities of
Llama-3-8B-Instruct and Llama-3-70B-Instruct in various
layers when processing the last token under different stress
levels.

ducted an experiment using T-SNE to visualize the neural
activities of LLMs across various layers, as depicted in Fig-
ure 8. The results indicate that initial layers are unable to
distinguish between stress levels, whereas deeper layers can
classify prompts into low-stress and high-stress categories,
indicating a higher sensitivity to stress in these layers.

Furthermore, we performed a stress scan on the last token
of all prompts, illustrated in the heatmap in Figure 9. This
visualization captures neural activity across all layers for
various stress levels, revealing significant changes in deeper
layers. Specifically, deeper layers exhibit more pronounced
differences between low and high-stress levels, underscoring
their critical role in detecting and responding to stress. Re-
search indicates that higher cognitive regions of the human
brain, such as the prefrontal cortex, show significant activity
changes under stress, particularly during complex and high-
pressure tasks. Our findings suggest that the deeper layers
of LLMs exhibit similar sensitivity to stress, reflecting the
analogous impact of stress on both human brains and LLMs.

Conclusion
Our study demonstrates that LLMs exhibit performance pat-
terns closely resembling those of humans under varying

Figure 9: Heatmap of neural activity of the last token across
all layers for various stress levels in Llama-3-70B-Instruct.

stress levels. By constructing the StressPrompt dataset, we
found that LLMs can map human-like relationships between
stress and task performance. Moderate stress enhances ca-
pabilities such as reasoning and instruction following, while
excessive stress impairs tasks like bias detection. This map-
ping enables LLMs to emulate human strategies in problem-
solving, adapting stress levels to optimize performance.
These findings suggest that large models have captured and
operationalized human-like stress-performance dynamics,
paving the way for more resilient and adaptive AI systems.
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