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Abstract

Large Language Models (LLMs) often exhibit
extreme sensitivity to surface-level prompt
variations, where minor lexical perturbations
trigger disproportionate performance fluctua-
tions. Moving beyond black-box optimiza-
tion or coarse-grained templates, we conduct
the first n-gram token-level mechanism analy-
sis leveraging a large-scale dataset of 132,000
prompt variants. Our investigation uncovers the
Scaling Law of Prompt Performance Stability:
higher average performance is inherently asso-
ciated with lower variance and greater stability.
We identify that this robustness is driven by two
linguistic pillars: Domain-Specific Terminol-
ogy, which anchors semantic boundaries, and
Explicit Action Directives, which formalize rea-
soning trajectories. By narrowing the model’s
interpretative space, these patterns effectively
"lock" the generation process. We operational-
ize these findings into an automated Prompt-
Refining Agent that autonomously restructures
queries via domain anchoring and operational
constraints. Empirical results show a 40.7% re-
duction in performance variance for code gen-
eration, offering a statistically grounded frame-
work for robust prompt engineering.

1 Introduction

With the rapid development of large language mod-
els (LLMs), systematically evaluating their robust-
ness and consistency across different prompt for-
mulations has become increasingly critical (Liu
et al., 2023a; Dong et al., 2024; Mei et al., 2025).
As illustrated in Figure 1 (top), prompt engineer-
ing often suffers from a "butterfly effect": even
minor lexical variations can lead to substantial per-
formance fluctuations on the same task (Lu et al.,
2024). This phenomenon, termed prompt instabil-
ity, undermines the reliability and reproducibility
essential for LLM deployment. Although prompt
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Figure 1: The Prompt Sensitivity Challenge vs. Our
Solution. Top: Minor lexical variations in user prompts
trigger drastic performance fluctuations (High Variance).
Bottom: Our Automated Prompt-Refining Agent stabi-
lizes generation by injecting Domain-Specific Terminol-
ogy and Explicit Action Directives (Low Variance).

engineering has emerged as a practical solution to
mitigate this issue, it largely relies on heuristic trial-
and-error rather than a principled understanding of
the underlying mechanisms. Consequently, a fun-
damental research question remains unanswered:
What determines whether a prompt can achieve
both high average performance and stable behav-
ior under stylistic perturbations?

Existing studies are divided into two directions.
Firstly, optimization-oriented approaches aim to
improve overall model performance through tech-
niques such as calibration (Zhao et al., 2021), en-
sembling (Sclar et al., 2024), regularized training
(Liu et al., 2021), and format mixing (Perez et al.,
2021). Although empirically effective, these meth-
ods focus primarily on performance gains and offer
limited insight into the underlying mechanisms that
govern prompt effectiveness. The second focuses
on template-level (Zhu et al., 2024b; Pezeshkpour
and Hruschka, 2024) or decoding-level (Sclar et al.,
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2024) analyses, examining how different prompt
templates or decoding strategies affect model be-
havior. However, these methods are typically con-
ducted at a coarse granularity, making it difficult to
capture how specific fine-grained token-level pat-
terns shape model robustness. Moreover, existing
sensitivity analyses are either overly abstract or
rely on gradient-based saliency methods (Mizrahi
et al., 2024), which identify influential tokens for
individual model decisions on specific examples.
These are often applied to small-scale samples and
therefore lack support from large-scale statistical
evidence.

To bridge this gap, we take a complementary
perspective by conducting systematic mechanism
analysis rather than proposing optimization tech-
niques. Specifically, we investigate prompt sensi-
tivity at the n-gram token level, an unprecedented
fine-grained scale, through large-scale statistical
analysis. Unlike recent studies that rely on gradient-
based saliency for limited examples (Mizrahi et al.,
2024), we provide explicit token-level statistical
evidence across 12,000 instructions with 11 vari-
ants each (132,000 total evaluations), enabling us
to identify interpretable token patterns that char-
acterize high-robustness prompts. Furthermore,
we reveal a fundamental scaling law that connects
a prompt’s performance with its stability, offer-
ing a new and mechanism-oriented perspective on
prompt engineering, which can be seen in Figure 1
(bottom). Our contributions in this work are sum-
marized as follows:

* We present the first large-scale, n-
gram-level statistical analysis of prompt
sensitivity, grounded in a comprehensive
dataset of 132,000 distinct prompt formula-
tions, enabling fine-grained and statistically
robust characterization of prompt behavior.

* We empirically identify and validate a scal-
ing law linking prompt performance and
robustness, showing that prompts with higher
average performance consistently exhibit
greater stability under stylistic perturbations.

* We formalize two Kkey linguistic patterns
underlying high-robustness prompts, domain-
specific terminology and explicit action direc-
tives, into an automated Prompt-Refining
Agent. By constraining the interpretative
space, this agent achieves a 40.7% reduction
in performance variance, offering a statisti-

cally grounded solution for robust prompt en-
gineering.

2 Related Work

Prompt Engineering & Sensitivity Analysis.
Prompt engineering aims to unlock LLM capabili-
ties through carefully crafted input. However, re-
search consistently demonstrates that LLMs exhibit
hypersensitivity to surface-level prompt variations:
even semantically equivalent perturbations can trig-
ger drastic performance volatility. The ubiquity of
this phenomenon is systematically quantified, iden-
tifying model susceptibility to spurious feature de-
pendence and formatting shifts as primary drivers
(Sclar et al., 2024; Voronov et al., 2024). This
sensitivity extends beyond lexical phrasing to con-
textual structure. Empirical evidence (Pezeshkpour
and Hruschka, 2024) reveals that the permutation
of answer options in multiple-choice tasks signif-
icantly biases decision-making. Furthermore, in
few-shot learning contexts (Lu et al., 2022), the
ordering of demonstrations often outweighs the im-
pact of the example count itself. To quantify such
sensitivity, recent works (Zhuo et al., 2024; Lu
et al., 2024) propose metric-based frameworks. For
instance, the PROSA (Zhuo et al., 2024) is intro-
duced to assess robustness under prompt perturba-
tions, while others (Lu et al., 2024) utilize gradient-
based saliency analysis to characterize sensitivity
differences. Nevertheless, these approaches pre-
dominantly operate at the coarse-grained template
level, lacking a systematic statistical attribution of
fine-grained lexical units across large-scale instruc-
tion datasets.

Prompt Optimization & Calibration. To miti-
gate instability caused by prompt sensitivity, prior
studies (Zhao et al., 2021; Zhou et al., 2024; Yao
et al., 2024) investigate inference-time calibration
and training-time consistency constraints. During
inference, the "calibrate-before-use" (Zhao et al.,
2021) minimizes inter-prompt variance by recali-
brating output distributions, and another method
(Zhou et al., 2024) extends to batch calibration for
in-context learning. During training, (Yao et al.,
2024) introduces Prompt Perturbation Consistency
Learning, which regularizes models to maintain
output consistency across paraphrased inputs. Dif-
ferent from those that treat prompt sensitivity as
noise to be eliminated, this work posits that sensitiv-
ity is a structured statistical phenomenon. Through
large-scale, fine-grained analysis, we aim to un-
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cover the intrinsic linguistic properties of high-
performing prompts, thereby explaining the mech-
anism behind their inherent robustness.

3 Methodology

This section details a systematic prompt pertur-
bation framework based on orthogonal rewriting
strategies. Unlike prior work relying on random
noise or single paraphrases, the proposed design
enables multidimensional stress testing of prompts
under realistic user input variations.

3.1 Systematic Perturbation Strategies

To simulate the diversity of real-world user in-
puts and examine model sensitivity across multiple
dimensions, we define five semantically equiva-
lent yet stylistically distinct rewriting strategies.
For each original instruction, the Gemini-2.5-flash
model (Comanici et al., 2025) is used to generate
a corresponding variant under each strategy, as de-
tails in Appendix A.1.

The definitions of the five strategies are as fol-
lows: (1) Semantic Equivalence Paraphrasing
(SEP): Involving extensive syntactic reorganiza-
tion and synonym substitution, this strategy strictly
preserves core task semantics while simulating the
natural variations in how different users articulate
the same intent (Zhu et al., 2024a; Moore and
Shah, 2025). (2) Adding Contextual Informa-
tion (ACI): By injecting substantial unrelated back-
ground information—such as historical trivia or fic-
tion—we challenge the model’s attention stability,
testing its ability to extract core directives from
noisy, long-tail contexts (Shi et al., 2023; Yoran
et al., 2024). (3) Changing Format/Style (CFS):
The instruction’s tone is transformed into distinct
pragmatic registers (e.g., legal, academic, or casual)
to evaluate the model’s robustness against signifi-
cant shifts in linguistic style and formality (Ngweta
etal., 2025). (4) Introducing Ambiguity (IA): Un-
certainty is introduced through hedging terms (e.g.,
"roughly") and conditional clauses, assessing the
stability of the model’s reasoning processes when
facing non-rigid or probabilistic constraints (Kim
et al., 2024). (5) Syntactic Noise (SN): Simulating
low-quality user inputs, this strategy perturbs the
surface form with orthographic errors, including
typos and irregular spacing, while maintaining ba-
sic intelligibility at the character level (Liu et al.,
2025).
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Figure 2: PCA visualization of delta vectors. Each
point represents the embedding displacement induced
by one rewritten prompt; the origin corresponds to zero
displacement.

3.2 Methodological Validation

We validate the proposed strategy set as a mea-
surement tool by examining its orthogonality in
embedding space and its coverage of linguistic fea-
tures.

3.2.1 Orthogonality of Perturbation
Directions

It is essential to verify that different strategies probe
distinct dimensions of model capability rather than
redundantly testing the same feature. To this end,
for each rewritten instruction, we compute the delta
vector Av in the embedding space.

AV = Viewrite — Voriginal , (1)

where v (-) denotes the embedding function used
in our experiments.

Cluster Analysis Principal Component Analysis
(PCA) (Mac¢kiewicz and Ratajczak, 1993) on the
Av reveals that samples from different strategies
from distinct, well-separated clusters in the project
space. As shown in Figure 2, SN and ACI exhibit
large displacements from the origin, whereas 1A
remains clustered near the center.

Cosine Similarity We compute pairwise cosine
similarity between Av of different strategies. The
results shown in Figure 3 (a) indicate a low aver-
age off-diagonal similarity of approximately 0.22.
Notably, the similarity between SN and others is
even lower (= 0.12).These findings demonstrate
the five strategies induce highly independent per-
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turbation directions, minimizing redundancy in the
evaluation.

3.2.2 Coverage of Perturbation Intensity

Beyond semantic vector analysis, we analyze lexi-
cal features to verify the coverage of non-semantic
dimensions.

Literal and Informational Coverage Lexical
feature analysis in Figure 3 (c¢) demonstrates that
SN yields a high normalized edit distance, effec-
tively covering literal and surface-form perturba-
tions. Meanwhile, ACI results in a length ratio
significantly greater than 1.0, achieving systematic
information expansion.

Intensity Spectrum We further compare strate-
gies by their average semantic distance to the orig-
inal instruction. Figure 3 (b) shows that the five
strategies span a range of perturbation intensities.
This ranges from the micro-perturbations of A (av-
erage distance ~ (0.07), transitioning through the
mid-range of SEP and CFS, to the strong perturba-
tions of SN (average distance ~ 0.36).

4 Experiments

This section validates the systematic perturbation
framework via large-scale empirical studies, quan-
tifies the relationship between prompt performance
and robustness, and dissects the underlying mecha-
nisms from a microscopic perspective.

4.1 Settings

Dataset To ensure comprehensive coverage of
diverse instruction types and complexity levels,
we employ the WizardLM_evol_instruct_70k (Luo
et al., 2025) dataset, which consists of highly com-
plex instructions generated through multiple rounds
of evolutionary optimization, including tasks such
as code writing, creative writing, and math cal-
culation. From this dataset, we randomly sam-
ple 12,000 instances to form the core experimental
benchmark, striking a balance between statistical
significance and computational cost.

Pipeline Our experimental framework employs
a three-model pipeline. Rewriter utilizes Gemini-
2.5-flash (Comanici et al., 2025) to generate 10
variants for each original instruction based on the
five strategies defined in Sec. 3.1, resulting in a
set of 11 prompts per instance (1 original and 10
variants). Generator employs Qwen-plus ! (Yang

"modelstudio.console.alibabacloud.com

et al., 2025) to synthesize responses for the en-
tire corpus of 132,000 instructions (12k x 11). Fi-
nally, to strike a balance among model intelligence,
inference speed, and cost efficiency, we employ
Grok-4-fast 2 as Evaluator to perform fully au-
tomated quality assessments adopting the LL.M-as-
a-Judge paradigm (Zheng et al., 2023; Liu et al.,
2023b; Gu et al., 2025).

Evaluation Metrics To capture fine-grained
quality nuances, we implement a continuous 1-100
scoring mechanism (Appendix A.2) that explic-
itly counters the central tendency bias prevalent
in LLM judges (Wang et al., 2023; Zheng et al.,
2023). Adopting a ’Utility Hierarchy’ aligned with
HELM (Liang et al., 2023) and FLASK (Ye et al.,
2023), we prioritize foundational validity before
addressing robustness. Specifically, we introduce a
composite metric S based on a utility hierarchy. As
shown in Eq. (2), the weighting scheme prioritizes
foundational validity over stylistic features: Accu-
racy (0.30) and Relevance (0.25) are assigned the
highest weights (cumulatively 0.55) to strictly pe-
nalize hallucinations and off-topic responses. Com-
pleteness (0.20) and Clarity (0.15) follow to en-
sure constraint adherence and readability, while
Practical Value (0.10) serves as a supplementary
metric to reward actionable insights:

S =0.30 - Accuracy + 0.25 - Relevance
+ 0.20 - Completeness + 0.15 - Clarity
+ 0.10 - Practical Value, )

Then, we compute respectively the Mean Score
(u) and Standard Deviation (o) across each group
of 11 samples, serving as the core metrics for quan-
tifying prompt performance and sensitivity based
on the LLM-as-a-Judge.

4.2 The Scaling Law of Prompt Sensitivity

Figure 4 reveals a striking negative correlation be-
tween mean performance and response variability.
Through Ordinary Least Squares (OLS) regression,
we obtain:

y = —1.083z + 93.60, R*=0.7006 (3)
where y represents the mean performance score

and zx denotes the standard deviation (prompt sen-
sitivity).

https://x.ai/news/grok-4-fast
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Figure 3: (a) Pairwise cosine similarity matrix of perturbation directions. (b) Average semantic distance from the
original instruction by strategy, illustrating a graded perturbation spectrum. (c) Lexical feature analysis, showing
that strategies induce measurable variation in surface form and structure.

This relationship establishes a fundamental
scaling law: prompts with higher average perfor-
mance exhibit systematically greater robustness to
stylistic variations. The estimated negative slope of
—1.083 quantitatively characterizes this trade-off,
indicating that a one-unit increase in performance
variability (standard deviation) is associated with
an average decrease of approximately 1.08 points
in mean performance. Moreover, the coefficient
of determination (R? = 0.70) suggests that robust-
ness to stylistic perturbations accounts for a sub-
stantial proportion (70%) of the observed variance
in prompt performance.

4.2.1 Implications

The identified scaling law carries profound implica-
tions across three critical dimensions: (1) Method-
ologically, it necessitates re-conceptualizing
prompt sensitivity—not as transient measurement
noise to be averaged out, but as a fundamental di-
mension of model capability that warrants explicit
reporting. (2) Practically, it guides production
deployment strategies to prioritize prompt designs
situated on the high-performance, low-variability
frontier of this scaling relationship; and (3) Mech-
anistically, the intrinsic correlation suggests that
robustness and performance stem from shared un-
derlying linguistic factors, a hypothesis we dissect
in the subsequent section.

5 Token-Level Analysis

In this section, we further investigate token-level
factors that contribute to prompt robustness and
design a controlled experiment to examine whether
explicitly injecting these patterns into standard

Regression Analysis
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Figure 4: The Scaling Law of Prompt Sensitivity.
Scatter plot showing mean performance vs. standard
deviation across 12,000 instructions with 11 variants
each (132,000 total evaluations). The red line shows
OLS regression (y = —1.083z + 93.60, R2 = 0.7006).
Color gradient indicates point density.

prompts can effectively enhance robustness across
diverse tasks.

5.1 Stratification Strategy

To disentangle token-level linguistic mechanisms
of robustness, we map the 12,000 core instructions
onto a "Performance-Sensitivity" coordinate sys-
tem. By applying the median Mean Score (u)
and median Standard Deviation (o) as orthogo-
nal thresholds, we partition the dataset into four
mutually exclusive quadrants, see Table 1 for de-
tails. This strategy specifically isolates the High-
Performance, High-Robustness (HP-HR) group,
which we designate as the "Ideal State" of prompt
engineering for its ability to simultaneously achieve
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Quadrant Criteria Behavioral Archetype Utility Assessment

HP-HR > Med, 0 < Med The Ideal State Optimal: Consistently high quality; resilient to perturbations.
HP-LR > Med,oc > Med High Risk, High Return Unreliable: High potential but statistically unstable output.
LP-HR i< Med,oc <Med Consistent Mediocrity  Limited: Stable behavior but persistently fails to meet quality standards.
LP-LR 1 < Med, 0 > Med Chaotic Failure Detrimental: Both low-quality and highly unpredictable.

Table 1: Quadrant Stratification Taxonomy. We partition prompts into four distinct categories based on median
thresholds of i and o. The HP-HR group represents the ideal target for robust prompt engineering.

high quality and stability. We then conduct a con-
trastive extraction of distinctive n-grams (n =
1,2, 3) using Log Odds Ratio with add-k£ smooth-
ing (k = 0.01)(Monroe et al., 2008). This sta-
tistical approach rigorously identifies tokens that
are statistically overrepresented in robust prompts
compared to the general population.

5.2 Key Findings: Interpretable Token
Patterns

Figure 5 presents the top-20 most distinctive n-
grams for the HP-HR quadrant. Our analysis re-
veals two prominent patterns: Domain-Specific Ter-
minology and Explicit Action Directives.

Pattern 1: Domain-Specific Terminology (Se-
mantic Anchors) Distinctive 1-grams are domi-
nated by specialized terms (e.g., "algorithm", "pro-
tocol", "specification") that drastically narrow the
semantic search space.

Example (Code Writing):

x Vague: “Check the inputs” — Ambiguous
(data types vs. logical validity?), leading to
high variance.

v" Robust: “Validate function parameters” —
Locks the model into a standard programming
context, acting as a semantic anchor.

Pattern 2: Explicit Action Directives (Oper-
ational Anchors) While domain terms define
what to discuss, distinctive n-grams like "compare
and contrast" and "step-by-step explanation" define
how to structure the response.

Example (Analytical Reasoning):

x Open-ended: “Tell me about X” — High
structural degrees of freedom.

v" Robust: “Compare and contrast X using
bullet points” — Constrains the execution
path and output scaffolding, eliminating the
“butterfly effect” of lexical perturbations.

High-potential prompts thus enhance robustness
by minimizing the interpretation space. simulta-
neously specifying the semantic domain and the
structural template.

5.3 Automated Optimization via
Prompt-Refining Agent

To validate the casual utility of our findings and pro-
vide a scalable solution, we design an automated
Prompt-Refining Agent. Instead of treating prompt
engineering as a manual heuristic, this agent au-
tonomously transforms fragile user queries into ro-
bust instructions by strictly adhering to the Pattern
Injection principles identified in Sec. 5.2.

5.3.1 Pattern Injection

The agent functions through a two-stage injection
pipeline, explicitly designed to minimize the inter-
pretation space:

* Domain Anchoring: Replacing generic de-
scriptions with Domain-Specific Terminology
to narrow the semantic search space (e.g., re-
fining "fix the code" into "debug the imple-
mentation based on syntax standards").

* Constraint Refinement: Injecting clear for-
matting and operational directives to lock the
execution path (e.g., appending "provide a
step-by-step derivation" or "format as bullet
points"), the agent injects Explicit Action Di-
rectives.

We then conducted a comparative evaluation (Base
vs. Improved) across 2,000 samples per task. Our
primary metric for robustness is the change in Stan-
dard Deviation (Std), while Mean Score (Mean)
serves as the indicator for performance quality.

5.3.2 Quantitative Analysis

The results of this intervention are summarized
in Table 2. The data provides strong empirical
evidence that our pattern injection strategy signif-
icantly mitigates prompt sensitivity across six di-
verse task domains.
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Distinctive Features of 'High-Potential Prompts (High-Performance, High-Sensitivity)'
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Figure 5: Distinctive Token Patterns in High-Robustness Prompts. Top-20 n-grams ranked by Log Odds Ratio
for the high-performance, high-robustness quadrant (N=3,247 instructions) compared to the union of other quadrants
(N=8,753). Left: 1-grams (domain terminology). Center: 2-grams (action phrases). Right: 3-grams (structured
directives). Error bars show 95% confidence intervals via bootstrap resampling (1,000 iterations).

Task Domain Metric Base Prompt Improved Prompt (Ours) Improvement
Mean (1) Std(}) Mean (1) Std () A Mean A Std
Code Writin Rouge-L 16.77 3.24 17.40 1.92 +3.8% -40.7%
J LLM-as-a-Judge 77.17 12.96 83.22 7.73 +7.9% -40.4%
Creative Writin Rouge-L 17.01 3.61 16.44 1.92 34%  -46.9%
g LLM-as-a-Judge 78.85 9.13 72.55 4.28 8.0% -53.1%
Math Calculation Rouge-L 18.69 3.71 19.64 2.32 +5.1% -37.3%
4 LLM-as-a-Judge 75.70 13.08 78.48 10.09 +3.7% -22.8%
Format Conversion Rouge-L 18.76 3.98 19.09 2.00 +1.8% -49.7%
LLM-as-a-Judge 80.76 11.82 84.65 8.41 +4.8%  -28.8%
. Rouge-L 16.66 3.18 15.96 1.58 42%  -50.1%
Health Medical LLM-as-a-Judge 8349 871 8147 4.33 24%  -50.2%
Logic Puzzles Rouge-L 15.34 3.18 16.43 1.96 +7.2%  -38.4%
gic LLM-as-a-Judge 73.50 14.15 80.32 9.53 +93% -32.6%

Table 2: Performance and Stability Comparison. Comparison between the Base prompts and our Improved
prompts (incorporating identified robust patterns) across six diverse tasks. Results are averaged over 2,000 samples.
Mean denotes average performance (higher is better), and Std denotes standard deviation (lower indicates better

stability). The best results are highlighted in bold.

The most striking empirical finding is the univer-
sal decline in Standard Deviation across all evalu-
ated tasks and metrics, underscoring a significant
gain in stability. Specifically, in Code Writing,
which is a domain highly sensitive to syntactic
precision, the Improved Prompts achieved a re-
markable 40.7% reduction in Rouge-L Std and
a 40.4% reduction in LLM-as-a-Judge Std. This
result confirms that introducing “Explicit Action
Directives” effectively constrains the code gener-
ation space, preventing the model from drifting
into non-functional stylistic variations. The LLM-
as-a-Judge metric showed particularly dramatic
improvement, with both Mean Score increasing
by 7.9% and Std decreasing from 12.96 to 7.73,

demonstrating enhanced quality alongside stability.

Similar trends were observed in Math Calcula-
tion where Rouge-L Std decreased by 37.3% and
LLM-as-a-Judge Std by 22.8%, demonstrating that
“Domain Anchoring” successfully ensures model
adherence to standard mathematical notations and
reasoning steps. This pattern extends to other tech-
nical domains such as Format Conversion (49.7%
Rouge-L Std reduction) and Logic Puzzles (38.4%
Rouge-L Std reduction), confirming the broad ap-
plicability of our approach.

Beyond stability, our results refute the common
concern that enforcing robustness must come at
the expense of performance. Instead, constraining
the interpretation space frequently enhances qual-
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ity. Across the six tasks, four domains exhibited
simultaneous improvements in both Mean perfor-
mance and stability. Logic Puzzles achieved the
most dramatic Mean Score gains (+7.2% Rouge-L,
+9.3% LLM-as-a-Judge), while Code Writing and
Format Conversion also showed consistent positive
lifts across both metrics.

A nuanced trade-off appears in the open-ended
domains of Creative Writing and Health Medi-
cal, where we observed slight reductions in Mean
Scores across both subjective and objective metrics
(Creative Writing: —3.4% Rouge-L, —8.0% LLM-
Judge; Health Medical: —4.2% Rouge-L, —2.4%
LLM-Judge). We attribute this phenomenon to
the constriction of the solution space. In these
open-ended tasks, unconstrained prompts allow
the model to traverse a vast execution topology,
occasionally reaching high-scoring local maxima
through high variance (“creative but unstable” out-
puts). Our pattern injection imposes necessary
structural constraints that prune these diverse but
unpredictable execution paths. While this regu-
larization slightly lowers the ceiling for stylistic
diversity—reflected in the dipped mean scores—it
massively raises the floor for reliability. This is
confirmed by drastic reductions in variance across
both metrics (Creative Writing: 46.9% Rouge-
L Std, 53.1% LLM-Judge Std; Health Medical:
50.1% Rouge-L Std, 50.2% LLM-Judge Std). For
safety-critical domains like Health Medical, ex-
changing minor stylistic fluidity for predictable,
hallucination-resistant stability represents a crucial
optimization for production readiness.

5.4 Case Study

Figure 6 visualizes the mechanistic impact of pat-
tern injection in Code Writing. The Base Prompt
("Write a python function to sort a list") leaves the
Interpretation Space unconstrained, resulting in
stochastic divergence ranging from built-in meth-
ods to inefficient Bubble Sorts. Conversely, the
Improved Prompt narrows this space via Domain
Terms (e.g., "QuickSort") and Explicit Directives.
Acting as locking mechanisms, these features elim-
inate ambiguity and force reasoning to converge on
a standardized path, demonstrating that robustness
is achieved by rigorously defining output bound-
aries rather than suppressing creativity.

IMPROVED PROMPT

e BASE PROMPT N

Prompt: "Write a python function to sort a list"

nde

arge > Narrow
Interpretation | S Interpretation

/ pace
/' (Constrained)

Output:
Standard QuickSort

Figure 6: Case Study of Prompt Robustness. The
left is the base prompt, while the right is our improved
prompt.

Space
(Unconstrained) |

ewritin
Output A Output B: Output C:
Bubble Sort Bultin Merge Sort
\ |

AN

5.5 Practical Implications for Prompt
Engineering

Our findings offer concrete, actionable guidance
for designing robust prompts by (1) incorporating
domain-specific terminology to clearly signal the
task context instead of relying on generic language,
and (2) providing explicit operational instructions
that specify concrete actions, such as analyze” or
compare,” along with clear formats and constraints
rather than vague directives. Furthermore, (3) com-
bining domain anchoring with execution specifi-
cation is essential, as the most effective prompts
demonstrate a synergy of these patterns to unam-
biguously define both what is relevant and how the
task should be performed. Crucially, these guide-
lines are derived not from anecdotal intuition but
from the systematic statistical analysis of token
patterns established in this study, providing a solid
empirical foundation for prompt engineering best
practices.

6 Conclusion

This work addresses the challenge of prompt sensi-
tivity in large language models by advancing from
anecdotal observations to a systematic, mechanistic
analysis. Based on a massive-scale investigation
of 132,000 systematic prompt variants, we identify
a fundamental scaling law of prompt sensitivity,
showing that high-performing prompts are intrinsi-
cally associated with low output variance. From a
mechanistic perspective, we uncover two linguis-
tic anchors underlying this robustness: domain-
specific terminology, which delineates semantic
boundaries, and explicit action directives, which
constrain reasoning trajectories. We operationalize
these findings by designing an automated Prompt-
Refining Agent. Experimental deployment con-
firms that by strictly adhering to Pattern Injection,
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our agent reduces performance variance by up to
40.7% in code generation tasks. Overall, this work
bridges empirical prompt heuristics and principled
prompt engineering, demonstrating that robustness
emerges from precisely specifying the model’s in-
terpretation space to minimize ambiguity.
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Limitations

While our findings offer significant insights, we ac-
knowledge several limitations that chart the course
for future research. First, our experiments primar-
ily relied on the Qwen and Gemini model fam-
ilies; while representative of state-of-the-art ar-
chitectures, the identified scaling laws and token
patterns may exhibit different characteristics in
smaller-scale models or distinct architectures such
as Mixture-of-Experts. Second, the analysis fo-
cused on English prompts within the WizardLM
benchmark covering code, math, and creative writ-
ing, so the generalizability of "Domain Anchoring"
patterns to low-resource languages or highly ab-
stract reasoning tasks remains to be verified. Fi-
nally, we employed automated evaluation to scale
our experiments, and although we implemented a
multi-dimensional scoring rubric to mitigate bias,
automated judges may still possess inherent pref-
erences that differ from human evaluation, particu-
larly in subjective domains like creative writing.
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A Appendix

A.1 Rewrite Prompt

To construct the "Sensitivity Manifold" of 132,000
prompt variants, we employed Gemini-2.5-flash as
the rewriting engine. The model was instructed to
generate variations across five orthogonal strategies
while strictly preserving the core task semantics
and any few-shot examples contained in the orig-
inal instruction. The full system prompt used for
this generation process is provided in Figure 7.

A.2 Evaluation Prompt

For the automated quality assessment, we utilized
Grok-4-fast as the evaluator. To mitigate the "clus-
tering effect" often observed in LLM judges (where
scores cluster around 7-10 on a 10-point scale), we
designed a continuous 1-100 scoring mechanism
with weighted dimensions. The full evaluation
prompt is detailed in Figure 8.

A.3 Qualitative Comparison of Prompt
Variants

Below, we present six representative examples
from our dataset, contrasting the original instruc-
tions with the robust versions generated by our
Prompt-Refining Agent.
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You are an expert in language model evaluation and instruction design. Your task is to generate multiple variations of a given task
instruction using **five enhanced rewriting strategies**.

A key requirement is that if the original instruction contains any examples (e.g., input-output pairs, formatting samples), these
examples MUST be preserved in all generated variations. However, the **position of the examples** in the instruction may be
changed (e.g., moved to the beginning, middle, or end).

The underlying task must remain unchanged in all variations. Do not replace the original task with a different one under any
circumstance.

# Strategies (Enhanced Version for Greater Difference)

1. Semantic Restructuring

- Completely reorganize sentence structures, change phrasing order, and rewrite the wording extensively.

- Ensure the same task meaning, but make the text look significantly different.

2. Rich Irrelevant Context

- Insert multiple sentences of unrelated background information (e.g., historical facts, fictional stories, scientific trivia).
- Keep the actual task intact, but surround it with distracting or decorative content.

3. Extreme Style Shifting
- Transform the tone into a very different style (e.g., academic, marketing, casual chat, legal contract, technical manual).
- Keep the task the same, but make the instruction *feel* very different from the original.

4. Vagueness + Conditional Framing

- Introduce uncertainty with words like "about," "roughly,
possible."

- Keep the core task intact, but make it appear less strict and more open-ended.

5. Structural Noise

- Add noticeable typos, grammar mistakes, misplaced punctuation, random capitalization, inconsistent spacing, or awkward line breaks.
- The instruction should still be understandable but look much messier

"o

in some cases," or conditional phrases like "if applicable" / "when

# # Global Requirements

- Generate **exactly 2 variations for each strategy** (10 total).

- Each variation must be **noticeably different** from the original instruction in at least **two aspects** (e.g.,
structure, tone, length, or example placement).

- The length of each rewritten instruction can vary by **+30%** compared to the original.

- **All examples must remain intact** in content, but their position in the instruction may shift.
- Output strictly in JSON format as shown below:

[{

"strategy": "Semantic Restructuring”,

"instruction": "..."

3.{

"strategy": "Semantic Restructuring",

"instruction": "..."

1.

"strategy": "Rich Irrelevant Context",

"instruction": "..."

3.

"strategy": "Rich Irrelevant Context",

"instruction": "..."

-
"strategy": "Structural Noise",
"instruction": "..."

1]

Figure 7: The rewrite prompt to define five strategies.
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You are an expert evaluator with extensive experience in assessing response quality. Your task is to evaluate
multiple candidate answers on a **continuous 1-100 scale** and provide output in valid JSON format. Your
primary goal is to ensure **full-range score utilization** while maintaining **fine-grained differentiation**.
[Original Prompt] {ori_instruction}

[Candidate Answers]

Answer 1:

{answer_1_content}

Answer 11:

{answer_11_content}

[Scoring Principles]

1. **Full-Range Utilization (1-100)**: You MUST use the entire spectrum. Avoid clustering scores (e.g., 70, 80,
90). A score of 71 should be as likely as70 or 72.

2. **Continuous Scale Mindset**: Treat the scale as a slider. Even subtle differences between two answers (e.g.,
slightly better clarity) MUST yield different scores (e.g., 88 vs. 89).

3. **Anchored Interpretation of Score Ranges** (for calibration, not strict bins):

* 95-100: Outstanding — Exceeds expectations, innovative or exceptionally comprehensive

* 90-94: Excellent — High quality across all criteria, only minor enhancements possible

* 85-89: Very Good — Strong performance with notable strengths, minimal weaknesses

* 80-84: Good — Solid response, meets requirements with some room for improvement

* 75-79: Above Average — Adequate response with several positive aspects but clear limitations

* 70-74: Average — Meets basic requirements but lacks depth or has moderate issues

* 65-69: Below Average — Partial coverage with significant gaps or errors

* 60—64: Poor — Major deficiencies, limited usefulness

* 50-59: Very Poor — Substantial problems, barely addresses prompt

* 40-49: Severely Inadequate — Misunderstanding or major inaccuracies

* 30-39: Completely Off-topic — Irrelevant or incorrect response

* 20-29: Nonsensical — Incoherent or meaningless content

* 10-19: Minimal Effort — Extremely brief or unhelpful

* 1-9: No Value — Empty, gibberish, or inappropriate

4. **Weighted Judgment** (apply holistically):

- Accuracy: 30%

- Relevance: 25%

- Completeness: 20%

- Clarity: 15%

- Practical Value: 10%

5. **Justification Requirement**: Provide evidence-based reasoning in the ‘criteria_breakdown'.
[Evaluation Criteria Definitions]

- **Relevance (25%)**: Directness in addressing the prompt.

- **Accuracy (30%)**: Factual correctness and reliability.

- **Completeness (20%)**: Thoroughness in covering all aspects

- #*Clarity (15%)**: Organization, readability, coherence.

- **Practical Value (10%)**: Usefulness and applicability of response.
[JSON Output Structure]

{"evaluations": [{

"candidate_id": "Answer 1",

"score": integer 1-100,

"overall_reason": "concise evaluation summary reflecting holistic weighted judgment",
"criteria_breakdown": {

"relevance": "brief assessment",

"accuracy": "brief assessment",

"completeness": "brief assessment",

"clarity": "brief assessment",

"practical value": "brief assessment"

3],

"final_ranking": ["Answer X", "Answer Y", "Answer Z", "..."]}

Figure 8: The evaluation prompt of fine-grained quality variations.
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r[ Example 1: Logic Puzzles (Trace Interpretation) ]

© Original Prompt (Fragile)

How can the traveler determine the correct number of open hands after the 2021st gesture
based on the pattern provided by the villagers?

Here is a possible solution in Ruby: [...]

Can you explain how this Ruby code works to solve the puzzle posed by the villagers?

@ Improved Prompt (Robust)

As an expert in Ruby programming and algorithmic sequence computation, explain how the
following Ruby code implements an iterative solution...
Decompose your explanation into these explicit steps:
1. Initialize variables and describe the loop structure...
2. Trace the conditional branches...
3. Analyze the final output computation...
Output format: Numbered steps with inline code references and a brief trace...

Figure 9: Comparison for Logic Puzzles. The robust prompt anchors the domain to "algorithmic sequence
computation" and provides a structural template for explanation.

4 Example 2: Health & Medical (Safety Guardrails) ]

© Original Prompt (Fragile)

We have some data about a health condition. Summarize the data in a few sentences.
Felicity has anxiety. She often experiences physical symptoms, such as a racing heart, shortness
of breath, and shakes. [...]

@ Improved Prompt (Robust)

In the domain of clinical psychology, synthesize a concise summary... incorporating key
concepts such as somatic manifestations...
Output a 3-4 sentence paragraph:
1. Introduce the primary condition...
2. Describe cognitive and fear-related aspects.
3. Conclude with the affective experience.
Do not add diagnoses, interpretations, or external information...

Figure 10: Comparison for Health Medical. The robust prompt enforces strict safety boundaries and structured
synthesis.

r[ Example 3: Format Conversion (Grounding Simulations) ]

© Original Prompt (Fragile)

How can I use PHP to parse a JSON object [...] and then retrieve the information for each
item to take a photograph of each item...

@ Improved Prompt (Robust)

As a PHP developer... refactor the provided PHP code... to generate and "save” images with
descriptive filenames.

Key requirements:
- Simulate image capture and save by using file_put_contents() to write a placeholder byte
string...
- Do not implement actual photography; focus solely on filename generation and file I/0.

Figure 11: Comparison for Format Conversion. The robust prompt translates abstract/impossible requests into
concrete engineering simulations.
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,_[ Example 4: Math Calculation (Algorithmic Constraints) ]

© Original Prompt (Fragile)

Can you solve this mountain peak puzzle? [...] the code should not use any built-in Python
functions to sort the data or find the maximum value.

@ Improved Prompt (Robust)

As a Python developer specializing in algorithmic constraints and manual data traversal...
Procedural Directives:

1. Define the mountain_peaks list...

2. Initialize variables: max_elevation = -1...

\3. Iterate through the list using a for loop...

Figure 12: Comparison for Math Calculation. The robust prompt enforces constraints by defining the exact
implementation procedure.

J Example 5: Creative Writing (Structured Generation) ]

© Original Prompt (Fragile)

How can I use C# code to generate a random plot twist for the given short story using the
following Markdown syntax? [...]

(Q Improved Prompt (Robust)

As a C# developer specializing in procedural content generation...
Requirements:

1. Initialize a Random instance...

2. Define exactly 3 distinct plot twists...

3. Output the selected twist... formatted to insert seamlessly...
\Po not alter the original story; append only the twist.

Figure 13: Comparison for Creative Writing. The robust prompt isolates the generation scope to prevent content
drift.

,{ Example 6: Code Writing (Refactoring Stability) ]

© Original Prompt (Fragile)

How can I use Ruby to write a web scraping script... Please let me know if there’s anything
I can add or modify to improve the script.

( R
@ Improved Prompt (Robust)
As a Ruby web scraping specialist, refactor the following incomplete Ruby script... to
robustly extract prices...
Ensure the script handles exceptions... cleans extracted text...

\Do not add new features like authentication or multi-threading; preserve the core array output.

Figure 14: Comparison for Code Writing. The robust prompt focuses the model on engineering robustness rather
than open-ended feature expansion.
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