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ABSTRACT

The remarkable capabilities of large language models (LLMs) are often under-
mined by their instability. That is, LLMs are sensitive to prompts, as even subtle
and semantically irrelevant changes in prompts can cause dramatic fluctuations in
performance, a phenomenon known as prompt sensitivity. Previous studies typ-
ically evaluate prompt sensitivity by comparing the LLM’s final outputs when
prompts change. However, such coarse-grained metrics fail to explain the internal
reasons for prompt sensitivity. In this paper, we introduce the game-theoretic in-
teraction framework as a fine-grained tool to analyze prompt sensitivity of LLMs.
Specifically, we disentangle the output score of the LLM into a set of interactions.
Each interaction represents a nonlinear relationship associated with a combination
of input variables. We discover that subtle changes to prompts can trigger signifi-
cant instability in interactions, even when the final outputs of the LLM remain the
same. To this end, we propose an Interaction-based Prompt Sensitivity (IPS) met-
ric by quantifying changes in interactions when we introduce subtle changes to
prompts. We apply the proposed IPS metric to 50 open-source LLMs and uncover
four factors that reduce the prompt sensitivity of LLMs, including supervised fine-
tuning, increased model scales, dense architectures, and few-shot learning. More
crucially, we discover a common mechanism by which these four factors reduce
prompt sensitivity: all these four factors tend to reduce the prompt sensitivity of
low-order interactions (i.e., interactions involving few input variables).

1 INTRODUCTION

LLMs have demonstrated exceptional proficiency in numerous natural language processing tasks
(Srivastava et al., 2022} Zhou et al.,|2023b;|Annepaka & Pakrayl |[2024;/Chang et al.,[2024), a success
largely driven by the effectiveness of prompting. However, this power is undermined by prompt
sensitivity. That is, semantically unimportant changes to the prompt can result in divergent outputs
(Sclar et al., |2023). Current research (Sclar et al., |2023}; |Chatterjee et al., 2024} |Lu et al., 2024;
Alzahrani et al.| [2024; [Errica et al) [2025; Razavi et al., 2025) on evaluating prompt sensitivity
only focuses on the LLM’s final output. These metrics typically measure changes in performance,
such as task accuracy or output consistency, across different prompt variations. As coarse-grained
measures, these output-based metrics only reveal the consequences of prompt sensitivity (e.g., the
LLM’s prediction changes from one answer to another one) but fail to explain its underlying reasons.

In this paper, we aim to evaluate the prompt sensitivity of LLMs from a fine-grained perspective and
investigate the underlying reasons why certain factors can decrease the prompt sensitivity of LLMs.
Recent research (Chen et al., 2024} |[Zhou et al., [2024; Ren et al.,|2025a3b) has utilized interactions to
explain the fine-grained inference logic of deep neural networks (DNNG5). Inspired by these studies,
we introduce the interactions framework to fine-grainedly analyze the prompt sensitivity of LLMs.

Specifically, given a sentence & with n input variables (e.g., words or tokens) indexed by N =
{1,2,...,n}, an interaction represents an intricate nonlinear relationship associated with a specific
combination of input variables. Consider the sentence = “He is a green hand.” In this context, the
idiom “green hand” carries the meaning of “beginner”. The joint presence of the input variables in
the set S = {green, hand} C N triggers a special interaction effect. This interaction effect, denoted as
I, pushes the network’s inference towards the semantic meaning of “beginner.” |Li & Zhang| (2023)
have mathematically demonstrated that the scalar output v(x) of a DNN is always equivalent to the
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Figure 1: Using interactions for fine-grained analysis of prompt sensitivity. Given an input « and a
prompt template 7', the LLM’s output score v(“B” |z, T) is equivalent to the output of an interaction-
based logical model ¢(x), i.e., v(“B”|x,T) = ¢(x) = > gcn Is. In this way, we can uncover the
underlying reasons contributing to the prompt sensitivity of LLMs by analyzing detailed interaction
patterns. Specifically, we divide interactions into those that are stable to prompt changes (i.e. stable
interaction) and those that are unstable to prompt changes (i.e. unstable interaction).

output of an interaction-based logical model ¢(x) = "o Is. Thatis, v(z) = ¢(x) = Y g n Is-
Thus, the inference logic of a DNN can be explained by a set of interactions between input variables.

Coarse-grained analysis vs. fine-grained analysis. Traditional analysis of prompt sensitivity can
only coarsely reflect whether the LLM’s prediction alters when the prompt changes. Beyond tra-
ditional analysis, we introduce an interaction-based logical model ¢(x) as a fine-grained analytical
tool to analyze the stable and unstable interactions encoded by the LLM for each specific sample. As
shown in Figure[I] when we keep the same input & but introduce semantically equivalent alterations
to the prompt template 7" (e.g., change “Answers” to “ANSWERS”), traditional coarse-grained anal-
ysis can only reflect that the LLM’s prediction changes from the correct answer “B” to the incorrect
answer “A” but fails to explain why or how this change occurs. In contrast, our interaction-based
analysis precisely identifies unstable interactions that may contribute to the prompt sensitivity of the
LLM. An interaction is considered stable if its effect changes minimally (€.8., {iay, eges} Shifts from
0.6242 to 0.6076). Conversely, an interaction is deemed unstable if its effect fluctuates dramatically
(€.8., T{NOT, lay, esgs, dogsy Shifts from 0.5175 to -0.0594). Strikingly, we find that unstable interactions
exist even when the LLM’s final output remains the same. This indicates that our fine-grained anal-
ysis reveals potential instability that is entirely invisible to traditional, output-level metrics.

Building on these findings, we leverage the interaction framework to propose a fine-grained metric
to evaluate the prompt sensitivity of LLMs, which is termed Interaction-based Prompt Sensitivity
(IPS). This metric quantifies changes in interaction patterns when LLMs process different prompts.
We apply the proposed IPS metric to evaluate the prompt sensitivity of 50 open-source LLMs. How-
ever, drawing conclusions about which LLM families are more or less sensitive from this ranking is
challenging, as an LLM’s prompt sensitivity stems from multiple, intertwined factors.

To this end, we conduct a series of comparative experiments to disentangle these factors, discover-
ing four factors that reduce the prompt sensitivity of LLMs: (1) Supervised fine-tuning reduces the
prompt sensitivity. Instruct/chat models (with supervised fine-tuning) exhibit lower prompt sensi-
tivity than base models. (2) LLMs with larger parameter numbers exhibit lower prompt sensitivity.
(3) Dense models are generally less sensitive than mixture-of-experts (MoE) models. MoE architec-
tures scale up model capacity with minimal computational overhead, but they may result in weaker
stability. (4) Few-shot learning considerably reduces prompt sensitivity compared to 0-shot learning.

More crucially, we have explored and uncovered a common underlying mechanism that explains
how the four aforementioned factors reduce prompt sensitivity: they primarily reduce the instability
of low-order interactions (i.e., interactions between a small number of input variables) in LLMs.
This finding is counterintuitive, as our experiments demonstrate that high-order interactions (i.e.,
interactions involving many input variables) tend to exhibit the highest sensitivity, while low-order
interactions are inherently less sensitive. Unexpectedly, these factors further stabilize the already
stable low-order interactions, yet remain ineffective in addressing the more pronounced sensitivity
of high-order interactions. This finding offers a novel perspective on the prompt sensitivity of LLMs.
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2 RELATED WORK

Prompt sensitivity of LLMs. Previous studies (Sun et al., 2023} |Zhu et al., |2024a} [Sclar et al.,
2023; |Alzahrani et al.| [2024) demonstrated that LLMs are highly sensitive to minor perturbations
or semantically unimportant alterations to the prompt, which can lead to significant performance
variation. Such prompt sensitivity presents a considerable risk to the reliability and credibility of
LLMs in practical applications. Existing metrics (Sclar et al., 2023} |(Chatterjee et al.,[2024;|Lu et al.}
2024} [Zhuo et al., [2024; [Errica et al., [2025 [Razavi et al., 2025) for evaluating the prompt sensitiv-
ity of LLMs typically measure shifts in final outputs, such as task accuracy or output consistency.
However, these metrics are coarse-grained and fail to probe the LLM’s internal logic. In this pa-
per, we propose a fine-grained metric that evaluates prompt sensitivity based on interactions. This
framework enables us to uncover the underlying mechanisms of prompt sensitivity in LLMs.

Using game-theoretic interactions to explain DNNs. Traditional methods for explanations (Ten-
ney et al.l |2020; Zhang et al.| [2020) often lack mathematical guarantees of faithfulness, meaning
their outputs may not accurately represent the internal logic employed by the DNN. To this end, Ren
et al.[ (2023a)) proposed to use interactions between input variables to explain DNNs and provided
a series of theoretical guarantees for the method’s validity. Furthermore, it has been empirically
discovered (Li & Zhang|, 2023)) and theoretically proven (Ren et al.| |2024) that a DNN typically
encodes only a sparse set of interactions. At the application level, the interaction framework has
proven effective in a wide range of complex tasks, including adversarial transferability (Deng et al.,
2024), model generalization (Chen et al.l 2024} |Zhou et al., [2024), model training process (Ren
et al., [2025aib) and overfitting (Zhou et al., [2023a; [Ren et al., 2023b)). In this paper, we use the
interaction framework to analyze the prompt sensitivity of LLMs.

3 INTERACTION-BASED ANALYSIS OF PROMPT SENSITIVITY

3.1 PRELIMINARIES: INTERACTIONS

This section introduces the definition of interactions, as well as the mathematical guarantees of
interaction-based explanation. Given a well-trained DNN v and an input sentence « with n input
variables (e.g., words) indexed by N = {1,2,...,n}, let v(z) € R denote the scalar output of the

DNN. Here we set v(x) = log%% € R, where p(y = y'|z) represents the probability of

generating the ground truth token y* given the input 2. We define a surrogate logical model ¢(x) to
match the scalar output v(x) of the DNN. Recent studies (Li & Zhang}, 2023} |Ren et al.,[2023al) have

proved Theorem which shows that the output score v(x) on any randomly maskecﬂ input & can
be accurately calculated by the following surrogate logical model ¢(-).

p(zr) £ ¢(x0) + ngv 1L(S | @) - Is, ¢))

where the AND trigger function 1(S | 7) € {0, 1} represents an AND relationship between input
variables in S, which can also be termed AND interaction pattern. The scalar weight Is quan-
tifies the effect of an AND relationship, which can also be termed interaction effect. An AND
relationship is activated only by the joint presence of all input variables in the set S, i.e., all input
variables in S are not masked. For instance, given the input sentence @ = “He is a green hand,” the
co-occurrence of the input variables in the set S = {green, hand} contributes a numerical effect Is
that pushes the surrogate logical model’s inference towards the semantic meaning of “beginner.” If an
AND interaction S is triggered, i.e., 1(S | ) = 1, the corresponding interaction effect Is is added
to the output of the logical model. Otherwise, if any word in S is masked and the AND interaction
is not triggered, i.e., 1(S | r) = 0, the interaction effect s is not added to the output of the logical
model. xy represents that all input variables in NV are masked.

Theorem 1 (Universal matching property, proven in Appendix [B). Given an input = with n input
variables, we randomly mask any combinations of input variables to generate 2™ masked inputs
{xr | T C N}. For every masked input xr, when the scalar weight Is in the logical model ¢(-)
are set to Is = ZS,CS(fl)'SHS,| ~v(xg ), d(xg) = v(xg), the output of the logical model ¢(-) can
always match the DNN’s output score v(-).

VT CN, v(er) = ¢(xr) 2)

Tt is common to use a specific token or embedding to mask input variables of a DNN, e.g., replacing the
target token with a specific [MASK] token. See Appendix@for an introduction to masking strategies.
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In addition to Theorem [1| the sparsity property also provides a theoretical guarantee for the
faithfulness of interaction-based explanation. The sparsity property shows that a DNN only en-
codes a sparse set of interactions with salient effects. That is, only a small subset of all 2 AND in-
teractions in Theorem [T} termed salient interactions, have a significant impact on the logical model’s
output. In contrast, the vast majority of interactions have negligible effects and are considered noise
patterns, i.e., Is ~ 0. The sparsity property of AND interactions has been proven by Ren et al.
(2024). We follow [Li & Zhang| (2023) to extract AND-OR interactionsE] by learning to decompose
the LLM’s output. The extraction process is framed as an optimization problem where a LASSO-
like loss is minimized to pursue higher sparsity of interactions (please see Appendix [D]for details of
extracting AND-OR interactions). Such a technique has proven effective by both theoretical proofs
(Li & Zhang, [2023)) and extensive empirical validation (Ren et al.,2023a; |Zhou et al.| |[2024).

3.2 VERIFYING THE FAITHFULNESS OF CONSIDERING INTERACTIONS AS INFERENCE
PATTERNS USED BY LLMS

Before utilizing the interaction framework to analyze the prompt sensitivity of LLMs, we need to
theoretically prove and experimentally validate the faithfulness of using interactions to explain
LLMs. In theory, Theorem [T| guarantees that the surrogate logical model’s output ¢(-) can always
match the LLM’s output v(-) for all 2" masked samples. Since the logical model’s output ¢(-) is
composed entirely of the sum of all interaction effects as defined in Eq. (I)), we can consider inter-
actions as the detailed inference patterns that constitute the LLM’s internal logic. Therefore,
we can evaluate the prompt sensitivity of LLMs by measuring the instability of interaction patterns.

In practice, we conduct experiments to verify whether LLMs encode sparse interactions. Consider
the multiple choice question (MCQ) in Figure [ as an example. Let @ denote the set of all words
in the question, e.g., Q = {Which, one, of, these, animals, does, NOT, lay, eggs}, M denote the set of
all words in the options, e.g., M = {chickens, dogs, frogs, turtles}, and T' denote the set of all words
in the prompt template, e.g., T = {Answers:, A., B., C., D., Answer:}. Specifically, we take Word in
Q U M as input variables and compute the interaction effect Is of all interactions S C Q U M, as
shown in Theorem [T} Meanwhile, we treat words in prompt template 7" as background context. We
follow [Li & Zhang| (2023)) to extract AND and OR interactions. Thus, given an input z = Q U M
with n words, we can obtain a set of 2" interactions, including 2" AND interactions and 2" OR
igteractionsﬂ For each interaction effect Is, we apply min-max normalization to it. Specifically,

Is = sgn(Is) - ‘Iéﬂ:ﬁﬂz’: where Min and Max are the minimum and maximum absolute values of

all 2" interaction effects; sgn(Is) = ‘j% represents the sign of Ig, thus preserving the positive
or negative effect of the interaction. Figure [2] (a) shows the distribution of all absolute values of
normalized interaction effects |Ig|. Result verify that only a small set of interactions have salient
effects, while most of the interactions have negligible effects and can be considered as noise patterns.
Figure [2] (b) compares the LLM’s true output v(zr) for all 2" masked inputs against the logical
model using only the most salient interactions. Even when using just the top 3% or top 5% of all
interactions, the matching error is minimal. This empirically demonstrates that the LLM’s output
can be faithfully approximated by a small, sparse set of salient interaction

3.3 USING INTERACTIONS AS A FINE-GRAINED TOOL TO ANALYZE PROMPT SENSITIVITY

The verification of the faithfulness of considering salient interactions as detailed inference patterns
encoded by LLMs enables us to employ them as a fine-grained analytical tool. Specifically, for an
LLM, we visualize the changes in salient interactions encoded by the LLM for the same input under
a pair of prompt templates. As Figure 3|shows, when the LLM’s outputs are different, nearly half of
the salient interactions reverse their sign (from positive to negative, or vice versa), another 30%-40%
change significantly in magnitude, and only a small fraction (10%-20%) remain stable. Strikingly,
even when the LLM’s output remains the same, the majority (60%-80%) of the salient interactions

2The OR interaction is proved to be a specific AND interaction. Please see Appendixfor proof.

3We take words instead of tokens as input variables because different LLMs may divide the same word into
different tokens. For example, Llama-2-7B tokenizes the word “Elements” into two tokens “Element” and “s”,
while Qwen3-8B treats it as one token.

“Results on more LLMs in Appendixﬁexhibit the same conclusion.
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Figure 2: (a) Verifying the sparsity of interactions. We show absolute values of normalized inter-
actions in a descending order. LLMs all encode a small number of salient interactions, while most
of the interaction effects are negligible. (b) Verifying the quality of universal matching for any 2"
masked inputs. The red line plots outputs of the LLM in an ascending order.

*r—0 *—=0 *—= *—a
.’s(x|T) - L) c Qe Q) - *-—e c *———=o
@is(x[T) S| o— 9 2 o—o i=l —eo =l o—0
. b= *—a b= *—1a b= *—=0 k= *—=0
Different 2 o0 2 o—o i) oo i) [ S——
Outputs o—-o o—e o—o0 o—o
- -0 - .0 - .0 -1 . 0
Interaction Effect Interaction Effect Interaction Effect Interaction Effect
e o—= o r—e
Same | ® o——o = s o—o S OO0
2 00 2 —o 2 ® 2 o—o
Output 5 o0 B e——e S [— k5] -0
[ o0 © *9o @ *r—-9 @ *—0
) —e [} —o ) —o 3] —o
- *—o = oo — *— = *—e
*——=0 e *—e *—=0

1 - 1 1

Interactidn Effect Interactioh Effect Interactidn Effect ! Interactioh Effect
Figure 3: Case studies of interaction-level analysis revealing latent instability.The plots compare
the interaction effects encoded by the LLM for the same input « under two semantically equivalent
prompt templates, 7' (blue) and 7" (red). The bottom row shows examples where the LLM’s output
remains the same; the top row shows examples where it changes. Results show that interaction
effects are highly unstable, changing in either sign or magnitude, even when the output of the LLM
remains the same. This highlights a critical risk of prompt sensitivity that is invisible to output level.

are still unstable. This offers preliminary evidence that semantically irrelevant alterations to the
prompt template can lead to significant changes in the salient interaction patterns.

To systematically analyze this instability be-
yond individual cases, we classify interactions
into three distinct types: 1) Opposite sign: The
interaction’s effect reverses its sign (e.g., from
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Figure[]plots the distribution of three interaction types over all samples, conditioned on whether the
LLM’s final output changes or remains the same across a pair of prompts. When the LLM generates
different outputs, the interaction patterns encoded by the LLM are highly unstable. Opposite sign
interactions account for approximately 50%, meaning nearly half of the LLMs’ salient interactions
reverse the sign of their effect. The truly stable Same sign & similar effect interactions account for a
mere 2.7%-6.8%, while the remaining 42.6%-47.4% of interactions, though maintaining their sign,
change significantly in magnitude. More alarmingly, even when the final output of the LLM remains
the same, the instability of interactions still exists. While the situation improves—with Opposite sign
interactions dropping to 21.9%-37.1% and stable Same sign & similar effect interactions rising to
8.2%-21.1%—the vast majority of interactions still fall into the two unstable categories.

The above results demonstrate that output-level analysis fails to capture the unreliable internal in-
teraction patterns of LLMs. In contrast, our interaction-based analysis provides a fine-grained per-
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Figure 5: Prompt sensitivity of all the LLMs in an ascending order.

spective to discover the latent instability of LLMs, offering a new analytical tool for quantifying the
ratio of stable and unstable interactions on a per-sample basis for any LLM.

4 EVALUATING AND ANALYZING THE PROMPT SENSITIVITY OF LLMS

4.1 DEFINING AND EVALUATING INTERACTION-BASED PROMPT SENSITIVITY

We propose an interaction-based metric to measure the prompt sensitivity of LLMs. Given an MCQ
dataset D, for any input « € D, it is composed of the question @ and the options M, i.e., x = QU M.
Given a prompt template 7', we make minor changes to 7" and obtain a new prompt template 7', e.g.,
T = {Answers:,A.,B., C.,D., Answer:} and T = {ANSWERS:,A., B., C.,D., ANSWER:}. By applying the
pair of prompt templates 7" and 7" to the same input Q U M, we can construct two prompts. The LLM
is supposed to extract similar salient interactions from @ U M when processing these two prompts
because T and 7" have the same semantic meaning. Thus, let Quiien(2|T) = {S € Q(z) | |Is(x|T)| >
7} represent the set of salient interactions extracted from « given the prompt template 7. Here
7 is a threshold used to distinguish salient interactions from noise patterns. We set 7 to 0.1 for all
experiments in this paper. Similarly, let Qiien(2|T) = {S € Q(z) | |Is(x|T)| > 7} represent the set
of salient interactions extracted from « given the prompt template 7'. Therefore, on the dataset D,
we define the LLM’s Interaction-based Prompt Sensitivity as IPS.

1 \Zs (| T) — Zs (x| T)|
IPS2E, |E, .+ A Al , 3
BT 1 Qunion| Z s (@l T) 41 Ts (/7)) 3)

S €Qunion

where Quaion = Quatient(z|T) U Qaiient (2| T") is a unified set by taking the union of the two salient
sets Quient (z|T") and Quaient (2|T); the outer expectation, E,, represents an averaging over all inputs
x € D, and the inner expectation, E,, , represents an averaging over all pairs of prompt templates
(T,T). This metric evaluates the prompt sensitivity of LLMs by calculating the symmetric mean
absolute percentage error of salient interactions over all samples in the dataset D.

Models and Datasets. We conduct experiments on 50 open-source LLMs from 6 model families.
This diverse set includes 10 LLMs from the Llama family: Llama-2, Llama-3, Llama-MoE
let all 2023}, |Grattafiori et al., Zhu et al Qu et al| [2024); 4 LLMs from the Mistral
family: Mistral, Mixtral (Jiang et al.| 2023} Jiang et all, 2024); 25 LLMs from the Qwen family:

Qwen2, Qwen2.5, Qwen3, Qwenl.5-MoE, Qwen3-30B-A3B (Team| 2024} [Yang et al.,[2024; [2025);
9 LLMs from the OLMo family: OLMo, OLMo-2, OLMOoE (Groeneveld et al., [2024; |OLMo et al.}

[2024; Muennighoff et al.| 2024); 2 LLMs from the InternLM family: InternLM2 (Cai et al., [2024).
We evaluate all LLMs on two widely used multiple choice question (MCQ) benchmarks: ARC
(Clark et all, 2018) and MMLU (Hendrycks et al 2020). For each input from these datasets, we
apply five distinct prompt templates to it. These templates maintain the same core content and differ
only in minor formatting details, such as letter case and separators. For masking words in the input
sentences, we follow the approach of [Cheng et al| (2025)) and utilize certain [MASK] token for each
LLM. A comprehensive list of all LLMs, along with the specific prompt templates, mask tokens
used in experiments and why we choose MCQ datasets, is provided in Appendix [E]

We apply the IPS metric to evaluate the prompt sensitivity of 50 open-source LLMs. As shown in
Figure [5] we observe a wide variance in IPS, ranging from a low of 1.338 for Qwen2-72B-Instruct
to a high of 1.752 for Mistral-7B-v0.3. However, no series or families of LLMs have achieved
a complete victory. The distribution indicates that an LLM’s prompt sensitivity is influenced by
multiple underlying factors. Identifying these influencing factors is of great significance for the
robustness research of LLMs, which will be analyzed in the following section.
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Figure 8: A Comparison of prompt sensitivity
between MoE models and dense models. Gen-
erally, MoE models tend to be more sensitive

than dense models in the same model family.

Figure 9: A comparison of prompt sensitiv-
ity between 0-shot learning and few-shot learn-
ing. The drop in prompt sensitivity is substantial
from O-shot to 1-shot.

4.2 ANALYZING THE FACTORS IMPACTING PROMPT SENSITIVITY

In this section, we investigate factors that might influence the prompt sensitivity of LLMs, including
(1) supervised fine-tuning, (2) model scales, (3) model architectures, and (4) prompting methods.

Factor 1: instruct/chat models vs. base models. Supervised fine-tuning (e.g., instruction tuning)
is now a common practice to align base models with human preferences for certain tasks, yielding
models often referred to as instruct or chat models (for different tasks or purposes). Therefore, we
investigate the impact of supervised fine-tuning by comparing the prompt sensitivity of instruct/chat
models with base models. Resultﬂ on the ARC dataset in Figure ﬁshow that almost all instruct/chat
models exhibit lower prompt sensitivity than their corresponding base models. This demonstrates
that supervised fine-tuning enables the LLM to encode more stable interactions. A plausible expla-
nation is that base models are pre-trained on unstructured and raw texts, but instruct/chat models are
further fine-tuned on instruction-response datasets or dialogue datasets. Thus, instruct/chat models
can precisely understand the function of prompt templates and focus on the task-relevant inputs.

Factor 2: model scales. We investigate the relationship between the model scale (i.e., the num-
ber of parameters) and the prompt sensitivity. ResultsE on the ARC dataset in Figure [7| show that
within the same model series, as the model scale increases, the overall prompt sensitivity systemati-
cally decreases. This indicates that larger LLMs encode more stable interactions, making them less
susceptible to superficial changes in the prompt template.

Factor 3: dense models vs. MoE models. MoE models scale up model capacity with minimal
computational cost by dynamically activating different subsets of “expert” sub-networks when pro-
cessing inputs 2025). In contrast, all parameters in dense models participate in every
computation. We aim to investigate the impact of model architectures by comparing the prompt
sensitivity of dense models with MoE models. Resultﬂ on the ARC dataset in Figure show that in
model families including Llama-2, Llama-3, Qwen and Olmo, all MoE models exhibit higher prompt
sensitivity than dense models. This suggests that MoE models encode more unstable interactions. In
conclusion, while MoE models achieve impressive performance with reduced computational over-
head, this benefit comes at the cost of weaker stability.

Factor 4: prompting methods (few-shot learning vs. 0-shot learning). Few-shot learning is
utilized to improve LLMs’ performance by providing in-context examples to better specify the task

SResults on the MMLU dataset in Appendix [Flexhibit the same conclusion.



Under review as a conference paper at ICLR 2026

(Wang et al. 2020). We investigate the impact of prompting methods on prompt sensitivity by
comparing 0-shot learning with few-shot learninﬂ Resultﬁ on the ARC dataset in Figure |9 show
that incorporating in-context examples leads to a significant reduction in prompt sensitivity across
all tested LLMs. For most of the LLMs, the most substantial drop occurs when moving from 0-shot
to 1-shot, while adding more in-context examples (2-shot, 3-shot) yields slower reductions. This
suggests that even a single example is sufficient to establish the LLM’s understanding of the task,
leading it to ignore superficial template variations and focus on the core input.

4.3 EXPLORE THE UNDERLYING MECHANISMS OF IMPROVED STABILITY

In this section, we aim to explore whether there exists a common reason to explain the under-
lying mechanisms by which the four aforementioned factors reduce the prompt sensitivity of
LLMs. Specifically, we analyze the prompt sensitivity of different types of interactions, so as to
reveal the source of the LLM’s prompt sensitivity. To this end, we analyze the sensitivity of inter-
actions with different complexities, which are defined as the orders of interactions. The order of
an interaction S is defined as the number of input variables included, i.e., |S|. The order reflects
the complexity of an interaction. An interaction with high order indicates an intricate relationship
including many input variables, while an interaction with low order represents a simple relationship
including few input variables. We further define three types of prompt sensitivity metrics corre-
sponding to different types of interaction orders. Specifically, we partition interactions in Qunion in
Eq. (@) into three distinct groups based on their orders: low-order, mid-order, and high-order. For
detail, given an input & with n words, Q. £ {S € Quuion | 1 < [S| < [2n]}, Qs 2 {S € Qunion |
Lin] < [S] < [2n])}, Q% 2 {S € Quion | [2n] < |S| < n}. Then we calculate prompt sensitivity

3 union

for low- order, mid-order, and high-order interactions, as IPS”", IPS™“, and IPS"*",

Figure[I0]presents the prompt sensitivity of dif- .
ferent order types on the ARC dataset. Re- )
sultsﬁ show that the prompt sensitivity of low- .
order interactions is the lowest, followed by 125
mid-order, while high-order interactions exhibit 100
the highest prompt sensitivity. This indicates 075 I I I

that low-order interactions encoded by LLMs Mswc wa “aﬂe
are relatively stable when faced with subtle L‘am»\ami s e °“e e e °“°e
changes to prompt templates, i.e., simple inter- Figure 10: The prompt sensitivity of LLMs for
action patterns are more robust. Conversely, the different order types.

high sensitivity of high-order interactions re-

veals that the LLMs’ internal representation of complex patterns is highly unstable.

.00 B Low Order Mid Order B High Order

Prompt Sensitivity of
Different Orders IPS%Pe

Explaining why the above four factors can reduce prompt sensitivity. Inspired by the results in
Figure[I0} we now investigate how the four aforementioned factors influence the prompt sensitivity
of low-, mid-, and high-order interactions encoded by the LLM. This order-level analysis aims to
reveal the common mechanism by which these factors reduce the LLM’s prompt sensitivity. For each
factor, we quantify its effect on low-, mid-, and high-order interactions by computing the relative
change in IPS between the LLM with the factor and its counterpart without it. Specifically, given
type € {low,mid, high}, the relative change is defined as AIPS"” = (IPSY™ — IPSy’)/IPSy™. For
Factor 1 (fine-tuned vs. base), A and B are fine-tuned and base models, respectively. For Factor 3
(dense vs. MoE), A and B are dense and MoE models, with the final AIPS”” being the average over
all pairs of a specific dense model and a specific MoE model within a model family. For Factor 4
(few-shot vs. 0-shot), A and B are x-shot (z € {1,2,3}) and 0-shot learning. The relative change
metric is unsuitable for Factor 2 (model scales), as scale is a continuous variable. Instead, we
directly analyze the trend of IPS values as model parameters increase.

The results presented in Figure[IT|and Figure[I2]converge on a common explanation for how the four
aforementioned factors reduce prompt sensitivity. The most significant reduction in prompt sen-
sitivity is consistently observed in low-order interactions. An obvious, though less pronounced,
decrease is also seen at the mid-order level. In stark contrast, the change of the prompt sensitivity of
high-order interactions is relatively minimal, remaining at a high level. It indicates that the stability
of low-order interactions is critical to the overall robustness of LLMs.

6See Appendixfor the prompt templates and settings of few-shot learning.
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Figure 12: A comparison of prompt sensitivity at the order-level across different model scales.

This phenomenon is unexpected. Although results in Figure[T0|show that low-order interactions are
naturally more robust than other types of interactions, the four factors above still significantly reduce
the prompt sensitivity of low-order interactions. Instead, they fail to reduce the prompt sensitivity
of high-order interactions, which are inherently the most sensitive. This phenomenon indicates that
stable low-order interactions are much easier for LLMs to learn, while it is more difficult for LLMs
to make those complex high-order interactions more stable.

Detailed discussion on the impact of model architecture. We notice that in Figure [11{ (b), the
behavior of Mistral family is different from the other family: the dense models are more sensitive
than the MoE models at low-order and mid-order level. We attribute this to the number of activated
parameters, extending our finding from Factor 2 that larger models are less sensitive. While most
MOoE models (e.g., in Llama and Qwen families) are more sensitive due to fewer activated parame-
ters, the Mistral case is reversed: Mixtral-8x7B activates more parameters than its dense counterpart
Mistral-7B-V0.3 (13B vs. 7B), resulting in lower prompt sensitivity.

To more rigorously isolate the influence of model architecture on the prompt sensitivity from model
size or other factors, we conduct a controlled variable analysis. We select specific pairs from the
Qwen and OLMo families that share the most similar model scales (i.e., activated parameters) and
analogous training paradigms (i.e., base vs. base, instruct/chat vs. instruct/chat). This targeted com-
parison enables us to minimize confounding factors and focus directly on the architectural impact.

Results in Table [T] consistently show that MoE models exhibit higher prompt sensitivity than dense
models. This suggests that the increased prompt sensitivity of MoE architectures is not merely a con-
sequence of smaller number of activated parameters. Instead, it further strengthens our conclusion
that the MoE architecture inherently increases the prompt sensitivity of LLMs.

4.4  VERIFYING THE GENERALIZABILITY OF THE METHODS AND CONCLUSIONS

Verifying the generalizability of the methods and conclusions beyond the MCQ format. We
conduct an additional set of experiments on open-ended generation tasks. We utilize the Dolly-15k
dataset (Ouyang et al.,[2022)), which contains a diverse range of non-MCQ tasks, including creative
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Model Name Architecture  Act. Params. Type IPS (ARC)| IPS MMLU) |
Qwenl.5-moe-a2.7b-chat MoE 2.7B Chat 1.665 1.640
Qwen2.5-3b-instruct Dense 3B Instruct 1.606 1.625
Olmoe-7b MoE 1B Base 1.714 1.717
Olmo-1b Dense 1B Base 1.632 1.658
Qwen3-30b-a3b MoE 3B Base 1.642 1.680
Qwen3-4b Dense 4B Base 1.568 1.599
Qwen3-30b-a3b-instruct MoE 3B Instruct 1.580 1.617
Qwen3-4b-instruct Dense 4B Instruct 1.483 1.551

Table 1: Controlled variable analysis of prompt sensitivity between MoE and dense models.

writing, open Q&A, classification, efc. The results of this analysis, detailed in Appendix [, con-
sistently verify our main conclusions drawn from the MCQ experiments. This replication strongly
suggests that the four factors and the underlying mechanisms of prompt sensitivity we have uncov-
ered can be generalized to open-ended questions and are inherent characteristics of LLMs.

Verifying the generalizability of the methods and conclusions beyond prompt template modifi-
cations to scenarios more aligned with real-world user interactions. In this experimental setup,
we use the Dolly-15k dataset and introduce more complex prompt perturbations, specifically se-
mantic paraphrases and instruction reordering, to test the robustness of our conclusions. The results
presented in Appendix [J] consistently affirm our conclusions drawn from the template-based exper-
iments. This validation indicates that the identified four factors and their shared mechanism are
fundamental aspects of prompt sensitivity, rather than being confined to template alterations.

Verifying the generalizability of the methods and conclusions on different threshold 7. In
Sections 4.2 and [4.3] we set the threshold 7 to 0.1 to distinguish salient interactions from noise.
& Zhang conducted experiments which show that conclusions are not sensitive to the choice
of 7. To ensure the robustness of our findings, we conducted hyperparameter experiments with
7 = 0.05 and 7 = 0.15. Our main conclusions remain consistent across different threshold values.
Please see Appendix [Ffor the details of hyperparameter experiments.

Solutions for reducing the computational cost of the methods. A limitation of the framework is its
exponential computational cost with respect to the number of input variables, making it challenging
for long text inputs. To address this issue, we propose and validate several strategies: (1) Select
informative words as input variables while treating uninformative ones (e.g., stop words) as
fixed background context. (2) Merge related words into combined phrases as input variables.
In our experiments on long-form open-ended questions, we apply these two methods to effectively
control the number of input variables. The specific selection strategies are detailed in Appendix[[Jand
Appendix[J] It demonstrates that these techniques can substantially reduce computational complexity
without affecting the key conclusions. For future work, (3) Approximation Techniques offer a
promising avenue. Methods specifically designed for efficiently computing interaction indices,
such as the fast Mobius transform that leverages the sparse, low-degree nature of interactions (Kang|
2024), are directly applicable here. Further details are provided in Appendix [H]

5 CONCLUSION AND DISCUSSION

In this paper, we propose an interaction-based metric to evaluate the prompt sensitivity of LLMs.
We empirically find that employing supervised fine-tuning, increasing model scale, using dense
over MoE architectures, and applying few-shot learning all serve to reduce the prompt sensitivity
of LLMs. Our findings offer novel insights into both model designs and prompting methods for
improving the robustness of LLMs. More crucially, we find that the aforementioned factors achieve
lower prompt sensitivity primarily by reducing the sensitivity of low-order interactions, while the
prompt sensitivity of high-order interactions remains at a relatively high level.

Our research aims to analyze the instability of LLM interactions resulting from minor prompt mod-
ifications, specifically concerning prompt templates. Subsequent efforts will focus on implementing
this framework in more realistic, open-ended scenarios, such as semantic paraphrasing
[2024), thereby augmenting its practical applicability in mitigating prompt sensitivity.

10
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REPRODUCIBILITY STATEMENT

We are committed to ensuring the reproducibility of our research. To this end, we provide de-
tailed documentation for all aspects of our work. Theoretical Framework: The formal definitions,
derivations, and proofs for all theoretical concepts and formulas presented in this paper, including
the Universal Matching Property, the Sparsity Property and our interaction-based sensitivity metric
(IPS), are detailed in Section [3.1] Section4.T| Appendix [B] Appendix[Cl and Appendix [D] Experi-
mental Setup: All experimental settings are thoroughly documented. This includes comprehensive
lists of the LLMs and datasets used, the exact prompt templates, and the specifications of the com-
puting infrastructure, which can be found in Section[4.T]and Appendix [El Code and Datasets: The
code and datasets for data preprocessing, along with part of other implementation details necessary
to replicate our experiments, are provided in the Supplementary Material. The full code and datasets
will be publicly released upon the acceptance of this paper.
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APPENDIX

A MASKING STRATEGIES OF INPUT VARIABLES

In attribution method research, it is common to employ a specific token or embedding to mask the
input variables of a deep neural network (DNN) (Lundberg & Lee} 2017;|Ancona et al.,2019; [Fong
et al.l 2019) and use changes in network outputs on the masked samples to estimate attributions
of different input variables. The selection of a masking approach is complex, as each method has
its weakness. For example, replacing input variables with the mean baseline value (the average of
all samples) or the zero baseline value can introduce out-of-distribution signals, thereby providing
the model with artificial information, such as uniform grey or black dots in an image (Dabkowski
& Gall [2017; |Ancona et al.l [2019; |[Sundararajan et al., 2017)). Additionally, blurring image pixels
using a Gaussian kernel (Fong & Vedaldil 2017} |Fong et al.| 2019) as the masked state removes
high-frequency signals but fails to eliminate low-frequency signals (Covert et al., |2020; [Sturmfels
et al., 2020).

Given these challenges, we adopt a token replacement strategy, which is standard for the text domain.
This involves substituting the target input word with a dedicated [MASK] token at the embedding
level. For example, to mask the word “green” in the input "He is a green hand,” we would provide
the LLM with the modified input "He is a [MASK] hand.” This approach effectively nullifies the
specific semantic contribution of the target word without introducing out-of-distribution artifacts,
ensuring a clean and consistent baseline for our interaction analysis. For the specific [MASK] token
for each LLM, please refer to Section 5 for details.

B PROOF OF THEOREM

B.1 PROOF OF UNIVERSAL MATCHING PROPERTY

In the main body of the paper, for the sake of simplicity and clarity, we introduced the Universal
Matching Property (Theorem 1) primarily through the lens of AND interactions. However, our
empirical analysis and the underlying theoretical framework are built upon a more comprehensive
AND-OR interaction framework. This extended framework, which incorporates both AND and OR
interaction patterns, also adheres to the Universal Matching Property.

In this section, we provide the formal proof for the Universal Matching Property of the complete
AND-OR interaction framework. This proof is more general and naturally subsumes the proof for
the AND interaction framework presented as Theorem 1 in the main text. We will demonstrate that
the output of the surrogate logical model, which is the sum of all AND-OR interaction effects, can
perfectly match the output of the Deep Neural Network (DNN) for any masked sample.

The surrogate logical model ¢(-) is defined as follows:

o(xr) £ o(xe) + Y Lano(S|zr) I+ D Bor(S|ar)-I$%, 4
SCN,S540 SCN,S40

where the AND trigger function Lanp (S | @) € {0, 1} represents an AND relationship between
input variables in S, which can also be termed AND interaction pattern; the OR trigger function
1or(S | &r) € {0,1} represents an OR relationship between input variables in .S, which can
also be termed OR interaction pattern. The scalar weight I4NP quantifies the effect of an AND
relationship, which can also be termed AND interaction effect; the scalar weight 1 gR quantifies the
effect of an OR relationship, which can also be termed OR interaction effect. An AND relationship
is activated only by the joint presence of all input variables in the set S, i.e., all input variables
in S are not masked. For instance, given the input sentence * = “He is a green hand,” the co-
occurrence of the input variables in the set S = {green, hand} contributes a numerical effect 75~
that pushes the surrogate logical model’s inference towards the semantic meaning of “beginner.”
If an AND interaction S is triggered, i.e., 1anp(S | ) = 1, the corresponding interaction effect
I5NP is added to the output of the logical model. Otherwise, if any word in S is masked and the
AND interaction is not triggered, i.e., Lanp(S | ) = 0, the interaction effect I5NP is not added
to the output of the logical model. An OR relationship is activated by the presence of any of all
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input variables in the set S, i.e., any input variables in S are not masked. For instance, given the
input sentence * = “The service was terrible and the food was awful,” the presence of any input
variables in the set S = {terrible, awful} contributes a numerical effect I’ gR that pushes the surrogate
logical model’s inference towards a negative sentiment classification. If an OR interaction S is
triggered, i.e., L1or (S | 1) = 1, the corresponding interaction effect /X is added to the output of
the logical model. Otherwise, if all words in S are masked and the OR interaction is not triggered,
i.e., L1or(S | 1) = 0, the interaction effect IR is not added to the output of the logical model.
represents that all input variables in /V are masked.

Definition of universal matching property for AND-OR interactions. When the scalar weights
in the surrogate logical model ¢(-) are set to IAND = S°. o(=1)ISI1=1Tly,4(zr) and IR =
— > s (=1)SI71 Ty (2 7)., the output of ¢(-) can always match the output score of the DNN
v(+), e, YT C N,v(xr) = ¢(xr). Here vyna(xr) + vor(®r) = v(T).

We need to prove that given an input sample @, for each masked sample {xr|T C N}, the net-
work output score v(zr) € R can be well matched by the surrogate logical model ¢(zr). The
surrogate logical model ¢(x ) uses the sum of AND interactions and OR interactions to accurately
explain/match the network output score v(x).

VT C N,v(zr) = ¢(x7).
d(zr) = ¢(xp) + Z Lann(S | @) - 1§ + Z Tor(S | @) - IS%,

SCN,S#D SCN,S#( (5)
_ AND OR
=v(zg) + ZSQT,S;&(D Is™+ ZSQN,SOT;HD Is

Vana(TT) Vor (€ 1)

Proof. (1) Universal matching property of AND interactions. For all 2" masked samples {7 |
T C N}, what we need to prove is that the output v,nq(x 1) of a DNN can be universally explained
by all the interactions in 7' C N, i.e., VS C 1,8 # 0, vand(ZT) = 3 g7 520 IENP () = v(zy) +

> SCT.520 IENP Here, v(xg) = vana(p)-

According to the definition of the AND interaction, I§N°(w) = 37, o(—=1)I517Elyyg(ay).
To simplify the computation of the sum of AND interactions » gcr g9 MP(z) =
2 SCT.S£0 S rcs(—1)1FI"Elug(a ), we exchange the order of summation of the set L C

S C T and the set S O L. Given a set of input variables L, we compute all lin-
ear combinations of all sets S containing L with respect to the model outputs vya(xs), ie.,

Y ercser(=DSIT (). Then, we compute all summations over the set L C T as

Yscrsro I8N0 (®) = Y e Yg.pcser (1)1 Hlugg(@L). Then, we can compute different
cases of L C S C T as follows:

()When L =T = 5, Zs:LgSgT(fl)lsHL‘Uand(ﬂ’»'L) = (=)= Tlypg(z L) = vana (L)

2)When L C S C T,L # T, let us consider the linear combinations of all sets S with number

|S| for the model output vyna(xy, ), respectively. Let m := |S| — |L|, (0 < m < |T| — |L|), then

there are a total of CIZL“I—\ L combinations of all sets S of order |S|. Given L, accumulating the

model outputs vag(x ) corresponding to all S O L, we can get ZS;LCSCT(_l)lsl_lL‘v‘dnd(wL) =
|T|—|L] -

Uand(xL) . Zm:O $‘7|L|(—1)m =0.

=0

Considering all the cases, the complete derivation of the sum of AND interactions is as follows.
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Z JAND
ScT,s#0
L
:ZSCTS;EQ) ZLCS(_l)‘S‘ ! lvand(wL)
= |S| |L| _
ZLCT ZS LCSCT Y Nd(xL) Uand(mq)) ©)
|T|—|L]
:M+ ZLCT L#£T UaNd(wL) ’ Zm:() CITEL"\—\L|(_1)m _Uand(w(z))
L=T

=0
=Vand(TT) — V(T0)

Therefore, we have proved that V) # T' C N, vana(27) = v(29) + g7 5200 18"

(2) Universal matching theorem of OR interactions. What we need to prove is that VI' C

N, vor(zT) = ZSE{S:SOT;HD}U{(A} IgR = ZS:SOT#V) IgR' Here I(%))R = Vor(xp) = 0.

According to the definition of the OR interaction, I§% := —37,o(=1)1¥I=Flug (@ L).
To simplify the computation of the sum of OR interactions } g gnpsg IR =

2 5:8nT£0 [— ZLCS(—1)'3‘_‘L|vor(wN\L)], we also exchange the order of summation of
theset L €S C N and the set S : SNT = (. Given a set of input variables L, we compute all
linear combinations of all sets S containing L with respect to the model outputs vo (Zn\ 1) » i.e

> 5:5nT40 NDSDL(fl)‘S|*|L‘vor(acN\L). Then, we compute all summations over the set . C N

as ZS:SHT;HD IR =~ ZLQN ZS:SOT;S(Z),NZ_)SZ_)L(fl)‘S‘ilLIUOT(wN\L)- Then, we can compute
different cases of L C S C N, SNT # () as follows:

(1) When L = N (then S = N), Y g.sr72p 551 (— D) Flua(nn 1) = (= 1)V Wlyg (ag) =
vor(g) = 0, Here IPR = vor(29) = 0.

(2) When L = N\ T,forallsets S : SO L,SNT # () (then S # N\ T,S # L), let us consider
the linear combinations of all sets S with number | S| for the model output v (1), respectively. Let

|S’| :=|S] —|L|, (1 < |S’| < |T), then there are a total of C!2 | combinations of all sets S of order

17|

— I I S’ ’
|S|. Thus, ES:SQT#@,SQL(_D‘ -l ‘vm(mN\L) = Vor(T) 'Z|s’|:1 C\‘T\‘(_l)‘s = —Vor(®T).

=—1

(3) When LNT # (O,L # N, forall sets S : § DO L SNT # (), let us consider
the linear combinations of all sets .S with number |S| for the model output ve(xr), respec-
tively. Let us split |S] — |L]| into |S’| and |S”|, ie,|S| — |L| = |S'| + |S”|, where S’ =
{iji € S,i ¢ Lyi €¢ N\T}, 8" = {ili € S,;i ¢ L,i € T} (thenO < 187 <
IT| — |T N L|)and S’ + S” + L = S. Thus, there are a total of C’T‘ AL

tions of all sets S” of order |S”|. Thus, > g.srr4g sor(— OISy () = vor(zanz) -
|T|—|TNL| ‘S“‘
D SCN\T\L ZIS”\ -0 Ciri2irnr (=

combina-

IS —

=0
(4) When LNT = (,L # N\ T, let us split |S| — |L| into |S’| and |S”|, i.e,|S| — |L| =
IS’ + |S”|, where S = {ili € S,i ¢ L,i € N\T}, S" = {ili € S,i € T} (then
0 < |8 < |T|) and S + 5" + L = S. Thus, there are a total of C“;“ combina-
tions of all sets S” of order |S”|. Thus, ZS:SHT;&(B,SQL(71)|S|7|L‘v0f(mN\L) = Vor(Tn\L) -

T |S” s’ s
ZS’CN\T\LZS/,‘ -0 ( 1)‘ #1571 = o,

=0

Considering all the cases, the complete derivation of the sum of OR interactions is as follows.
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OR __ _ _1\ISI-IL]
ZS:SOT;&Q)IS _ZS:SOT;&Q[ ZLQS( 1) vor(Z v\ 1)

- _ _1\ISI=IL]
- ZLQNZS:SOT;HD,NQSQL( D) Vor(ZN\L)

17|
== | 3 ] val@r) — va(w)

157|=1 L=N\T  L=N
Tz
- > > P R e S R HCYS
LAT#0,L#N | S'CN\T\L \ |57|=0
|T|

D S D Sl b SRc USRI | Ry

LNT=0,L#N\T | S’CN\T\L \|S"|=0

= —(=1) - vor(@T) — Vor(T0)) — Z Z 0| - vor(Tn\L)

LNT#),L#N | S’CN\T\L

- Z Z 0] - Uor(mN\L)

LOT=0,L#N\T | S'CN\T\L
= Vor(®T) — Vor(Tp)
= vor(@T)
(7N
Therefore, we have proved that VI' C N, v (1) = Y g.gn1 £0 I gR.

(3) Universal matching theorem of AND-OR interactions. With the universal matching property
of AND interactions and the universal matching property of OR interactions, we can easily get

U(.’I}T) = ¢(5ET) = vand(mT) + Uor(mT) = ’U(:EQ)) + ZSQT,S;&(/) IQND + ZSQN,SOT;A(D Igv)R, thus,
we obtain the universal matching property of AND-OR interactions. O

B.2 PROOF OF SPARSITY PROPERTY

Given all the masked samples {1 | T C N}, the surrogate logical model ¢(xr) only utilizes a
small set of salient AND interactions in QANP and salient OR interactions in Q°R to approximate
the network output score v(x). That is, the network’s output can be well approximated by a small
set of AND-OR interactions.

_ ~ AND OR
v(@r)=¢@r)~uv(xo) + ZSQT,S;é@:seQAND Is™+ ngm#@,smm Is ®)

Proof. 1t has been proven by Ren et al.|(2024) that under three common conditionsﬂ the output
score Uyng(@r) of a well-trained DNN on all 2" masked samples {zr|T C N} could be univer-
sally estimated by a small number of AND interactions T' € QNP with salient interaction effects
IGNP, st |OANP] < 27, ie, VT C N, vand(Z7) = Y gcr 20 16 = Y gcr.s20.5c0mw L5
According to Eq. @, vana(T7) = v(2) + P gcr520 18- Therefore, vaa(zr) ~ v(xp) +

Z IAND
SCT,S#p,Seqavn Lg -

Besides, as proven in Section [C] the OR interaction can be considered as a special AND interaction.
Thus, the confidence score vy (1) of a well-trained DNN on all 2" masked samples {x7|T C N}
could be universally estimated by a small number of OR interactions 7' € Q2°R with salient interac-
tion effects IO, s.z., [QOR| < 27 Similarly, v (1) = > SCT 520 IR ~ > SCT. 540,500k IR

"Here are the three conditions: (1) The DNN doesn’t encode extremely high-order AND interactions. (2)
The DNN performs effectively on masked samples and exhibits greater confidence as the input sample is less
masked. (3) When we increase the number of masked input variables, the confidence of the DNN does not drop
significantly.

19



Under review as a conference paper at ICLR 2026

Thus, for each randomly masked sample 7,7 C N, the surrogate logical model ¢(x7) can use a
small number of salient AND-OR interactions to approximate the network output score v(xr), i.e.,
0

v(x7) =¢(X7) = Vand (TT) + Vor (1) X (%0) + D57 540,500 IGNP + > SCT. 540,50 15 -
O

C OR INTERACTIONS CAN BE CONSIDERED AS SPECIAL AND
INTERACTIONS

If we reverse the definition of the masked state and the unmasked state of the input variable, the OR

interaction IR can be considered as a special kind of AND interaction 74P,

Given an input sample € R™ and the output score of a DNN as v(-), if we randomly mask input
variables in &, we can get all 2" masked samples. Let s denote the certain masked input sample
when input variables in N \ S are all masked and input variables in S are kept unchanged.

xX; 1€ 8
i = T 9

(@s) {bi, ieN\S ©)
where b € R”™ are baseline values to represent the masked state of input variables.

If we reverse the definition of the masked state and the unmasked state of an input variable, i.e., we
consider b as the input sample and consider « as the masked state, then the masked sample g can

be defined as follows.
~ b; i1eS
i = T 10
(@s) {x ieN\S (19)
Thus, we can get xy\g = ®s. To simplify the analysis, let us assume ving(Ts) = vor(Ts) =

0.5v(zs), then the OR interaction I~ can be regarded as a specific AND interaction I4NP(Z) as
follows.

IgR(X) == ZTgs(fl)‘S‘ilTlvor(mN\T)a
— ZTQS(_1)\5\—|Tlvor@T)7
=— ZTQS(,U\S\*ITI%M@T),

= -13(@)

Now we have proved that OR interactions can be considered as special AND interactions.

Y

D DETAILS OF EXTRACTING THE SPARSEST AND-OR INTERACTIONS

We follow |[Li & Zhang| (2023)) to extract AND-OR interactions. Given a masked sample x7, the
output score of the network v(zr) can be decomposed into a combination of AND interaction and
OR interaction, i.e., v(Z7) = Vaa(@T) + vor (7). Specifically, vya(xr) = 0.5 - v(x7) + Y7 and
Vor(@1) = 0.5 - v(@) — v, where {yr | T C N} is a set of learnable parameters. The parameters
{yr} were trained through minimizing the following LASSO-like loss to obtain sparse interactions:

min IANP ()| 4 | I9R ()], 12)
iy 3 18]+ o) (

where I§"P(x) = ZTgs(*l)lslf‘T‘Uand(mT) = ZTgs(fl)m*m(Oﬁ - v(xr) + yr) and

I(@) = = Xpes (DI Mg (zpg) = = s (=D)IFT105 - v(@r) — yr). Thus, we
can extract the sparsest set of AND-OR interactions.

E EXPERIMENTAL DETAILS

E.1 WHY WE CHOOSE MCQ DATASETS

In this study, we use multiple-choice question (MCQ) datasets for evaluating prompt sensitivity of
LLMs. The primary reason is that the prompt templates of MCQs are more structured and compli-
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Model Family Model Series Model Type Architecture Scale
Llama-2-7b Base Dense 7B
Llama-2-7b-chat Chat Dense 7B
Llama-2-13b Base Dense 13B
Llama 2 (6 models) Llama-2-13b-chat Chat  Dense 13B
Llama (10 models) Llama-2-70b Base Dense 70B
Llama-2-70b-chat Chat Dense 70B
Llama-3-8b Base Dense 8B
Llama 3 (2 models) Llama-3-8b-instruct Instruct Dense 8B
Llama-moe-v1-3_5b-2_8-sft Instruct MOoE 3.5B (Activated)
Llama MoE (2 models) 1, o moe-v2-3 8b-2 8-sft Instruct ~ MoE  3.8B (Activated)
. Mistral-7b-v0.3 Base Dense 7B
Mistral (2 models) . .
Mistral (4 models) Mistral-7b-v0.3-instruct Instruct Dense 7B
Mixtral (2 models) Mixtral-8x7b Base MOoE 13B (Activated)
Mixtral-8x7b-instruct Instruct MoE 13B (Activated)
Qwenl.5-moe-a2.7b-chat Chat MoE 2.7B (Activated)
Qwen 1.5 MoE (2 models) 001175 moe-a2.7b Base MoE  2.7B (Activated)
Qwen2-7b Base Dense 7B
Qwen2-0.5b-instruct Instruct Dense 0.5B
Qwen 2 (5 models) Qwen2-1.5b-instruct Instruct Dense 1.5B
Qwen2-7b-instruct Instruct Dense 7B
Qwen2-72b-instruct Instruct Dense 72B
Qwen2.5-0.5b-instruct Instruct Dense 0.5B
Qwen2.5-1.5b-instruct Instruct Dense 1.5B
Qwen2.5-3b-instruct Instruct Dense 3B
Qwen 2.5 (7 models) Qwen2.5-7b-instruct Instruct Dense 7B
Qwen (25 models) Qwen2.5-14b-instruct Instruct Dense 14B
Qwen2.5-32b-instruct Instruct Dense 32B
Qwen2.5-72b-instruct Instruct Dense 72B
Qwen3-0.6b-instruct Instruct Dense 0.6B
Qwen3-1.7b-instruct Instruct Dense 1.7B
Qwen3-4b Base Dense 4B
Qwen3-4b-instruct Instruct Dense 4B
Qwen 3 (9 models) Qwen3-8b Base Dense 8B
Qwen3-8b-instruct Instruct Dense 8B
Qwen3-14b Base Dense 14B
Qwen3-14b-instruct Instruct Dense 14B
Qwen3-32b-instruct Instruct Dense 32B
Qwen3-30b-a3b-instruct Instruct MoE 3B (Activated)
Qwen 3 A3B (2 models) 1013 30b-a3b Base MoE 3B (Activated)
Olmo-1b Base Dense 1B
Olmo v1 (3 models) Olmo-7b Base Dense 7B
Olmo-7b-instruct Instruct Dense 7B
OlImo (9 models) Olmo-2-1b-instruct Instruct Dense 1B
0 odels Olmo v2 (4 models) Olmo-2-7b-instruct Instruct Dense 7B
Olmo-2-13b-instruct Instruct Dense 13B
Olmo-2-32b-instruct Instruct Dense 32B
Olmoe-7b Base MOoE 1B (Activated)
OlmoE (2 models) Olmoe-7b-instruct Instruct MoE 1B (Activated)
Internlm2-7b Base Dense 7B
InternL.M (2 models) InternLM 2 (2 models) Internlm2-chat-7b Chat Dense 7B

Table 2: A comprehensive list and characteristics of LLMs, grouped by model family and model
series.
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cated, offering a wide range of modifiable components that do not alter the semantic meaning of the
prompt template, including letter case (e.g.,“Answer” vs. “ANSWER”), separators (e.g., “Answer:”
vs. “Answer::”), option markers (e.g., “A.” vs. “A)”), spacing, and some other components (Sclar
et al.l [2023)).

This high degree of structural variability allows us to introduce a diverse set of superficial perturba-
tions to the prompt templates while keeping the input (i.e., the question and the options) identical.
This setting is ideal for our core objective: to precisely measure whether the LLM’s internal repre-
sentation of the input, captured by its interaction patterns, remains stable.

In contrast, the prompt templates for open-ended generation tasks are often simple, with fewer com-
ponents to change. This limited diversity of template variations would have constrained our ability
to conduct a comprehensive analysis on the prompt sensitivity of LLMs. We chose MCQ datasets
because they provide the most effective and controlled testbed for modifying the structure of prompt
templates.

Application to open-ended generation. It is crucial to note that not choosing open-ended gener-
ation tasks is not a limitation of the interaction framework itself. The framework can be readily
applied to open-ended generation tasks, provided there is a ground truth answer for each input.

Specifically, we set the output of the DNN as v(z) = log% € R, where p(y = y'|x)

represents the probability of generating the ground truth token y* given the input x, then we can
apply this interaction framework to open-ended generation tasks.

E.2 COMPUTING INFRASTRUCTURE

We conducted all our experiments on four NVIDIA Tesla V100-DGXS GPUs, each with 32 GB
of VRAM. The software environment consisted of NVIDIA Driver version 570.133.07 and CUDA
12.8.

To ensure a balance between computational feasibility and model fidelity, we employed mixed-
precision loading for all LLMs. For the majority of the evaluated LLMs, we used a torch.float16
data type, which provides a standard level of precision for inference tasks.

E.3 MODEL DETAILS

We conduct experiments on 50 open-source LLMs from 6 major model families. A comprehensive
list of all evaluated models is provided in Table 2] To facilitate a controlled analysis of the factors
influencing prompt sensitivity, we group these models into specific subsets for each comparison, as
detailed below.

(1) Instruct/Chat vs. Base Models. To investigate the impact of the alignment process, we form
pairs of instruct/chat models and their corresponding base models. This comparison includes mod-
els from the Llama, Mistral, Qwen, InternL.M, and Olmo families. The main LLMs used for this
comparison are:

* Llama Family:

llama-2-7b-chat vs. 11lama-2-7b
llama—-2-13b-chat vs. 1lama-2-13b
llama-2-70b-chat vs. 11lama—-2-70b
llama-3-8b-instruct vs. 1lama—-3-8b

e Mistral Family:
— mistral-7b-v0.3-instruct vs. mistral-7b-v0.3
- mixtral-8x7b-instruct vs. mixtral-8x7b
* Qwen Family:
— gwen3-4b-instruct vs. gwen3-4Db
- gwen3-8b-instruct vs. gwen3-8b
— gwen3-14b-instruct vs. gwen3-14Db
gwenl.5-moe—-a2.7b-chat vs. gwenl.5-moe-a2.7b
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— gwen3-30b-a3b-instruct vs. gwen3-30b-a3b
* Olmo Family:

— olmo-7b-instruct vs. olmo-7b

— olmoe-7b—-instruct vs. olmoe-7b
o InternL.M Family:

— internlm2-chat-7bvs. internlm2-7b

(2) Dense vs. MoE Models. To analyze the effect of architecture, we compare dense and Mixture-
of-Experts (MoE) models, primarily within the same model family to control for other variables.
The main LLMs used for this comparison are:

e Llama Family:

— Dense: llama-2-"7hb, llama-2-7b-chat, llama-2-13Db,
llama-2-13b-chat, 11lama-2-70b, 1lama-2-70b-chat, 1lama—-3-8b,
llama—-3-8b-instruct.

— MoE: 11lama-moe-v1-3_5b-2_8-sft, l1lama-moe-v2-3_8b-2_8-sft.
* Mistral Family:

— Dense: mistral-7b-v0.3,mistral-7b-v0.3-instruct.
— MoE: mixtral-8x7b, mixtral-8x7b—instruct.

e Qwen Family:

— Dense: gwen2-7b, qgwen2-7b-instruct, gwen2-72b-instruct,
gwen?2.5-7b-instruct, gwen?2.5-14b-instruct,
gwen2.5-32b-instruct, gwen2.5-72b-instruct, agwen3-4Db,

gwen3-4b-instruct, gwen3-8b, gwen3-8b-instruct, gwen3-14Db,
gwen3-14b-instruct, gwen3-32b-instruct.

— MoE: qwenl.5-moe-a2.7b, qwenl.5-moe-a2.7b-chat,
gwen3-30b-a3b, gwen3-30b-a3b-instruct.

* Olmo Family:

— Dense: olmo-"7b, olmo-7b—-instruct, olmo-2-7b—-instruct,
olmo-2-13b-instruct, olmo-2-32b-instruct.

— MOoE: olmoe-"7b, olmoe-7b—-instruct.

(3) Model Scale. To study the impact of model scale, we analyze a series of LLMs from the same
family and with the same training paradigm but with varying parameter counts. The main LLMs
used for this comparison are:

e Llama-2 (Base): 7b, 13b, 70b.

e Llama-2 (Chat): 7b, 13b, 70b.

e Owen?2 (Instruct): 0.5b, 1.5b, 7b, 72b.

e Owen2.5 (Instruct): 0.5b, 1.5b, 3b, 7b, 14b, 32b, 72b.

* Owen3 (Instruct): 0.6b, 1.7b, 4b, 8b, 14b, 32b.

e Olmo-2 (Instruct): 1b, 7b, 13b, 32b.

E.4 GENERATION CONFIGURATION OF LLMSs

To ensure reproducible results, we employ a greedy search strategy for all LLMs. This is
achieved by setting the “do_sample” parameter to “False” in our generation configuration. When
“do_sample=False”, the LLM selects the token with the highest probability as the next token in the
sequence. By adopting this greedy approach, we eliminate the randomness inherent in sampling-
based methods. The configuration ensures that for a given input, the same LLM will generate the
exact same output every time, which is a critical requirement for the replicability of our experiments.
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E.5 How TO MASK INPUT WORDS FOR DIFFERENT LLMS

To compute interactions, we follow the approach of |(Cheng et al.| (2025) and mask the words in
N\ S by replacing them with a LLM-specific [MASK] token. Our selection of this token follows a
prioritized strategy: (1) We preferentially use the LLM’s designated unknown (<unk>) token. (2)
If an unknown token is not available or suitable, we use the padding (<pad>) token as a fallback.
Since the specific token strings and their corresponding IDs vary across different LLMs, the exact
mask token used for each LLM is detailed below:

e For 1llama-2-7b, llama-2-7b-chat, llama-moe-v1-3.5b-2.8-sft,
mistral-7b-v0.3, mistral-7b-v0.3-instruct, mixtral-8x7b,
mixtral-8x7b—instruct, internlm2-7b, internlm2-chat-7b, we use
the <unk> token (ID: 0) to mask words.

e For 11lama-2-13b, 1lama-2-13b-chat, 11lama-2-70b, 11lama-2-70b-chat,
we use the < |pad_token | > token (ID: 0) to mask words.

e For llama—-3-8b, llama—-3-8b-instruct, we use the
<|pad_.token|>/<|reserved_special_token_250|> token (ID: 128255)
to mask words.

e For 11ama-moe-v2-3.8b-2.8-sft, we use the <|pad_token|>/<|eot_id|>
token (ID: 128009) to mask words.

e For gwen2-"7b, we use the < | PAD_TOKEN | > token (ID: 15164 6) to mask words.

e For a large group of Qwen models, including gwen2-0.5b-instruct,
gwen2-1.5b-instruct, gwen2-7b-instruct, gwen2-72b-instruct,
gwen?2 .5 series, gwen3-0.6b-instruct, gwen3-1.7b-instruct, gqwen3-4b
series, qwen3-32b-instruct, gwenl.5-moe series, and gwen3-30b—a3b series,
we use the < | pad_token|>/<|endoftext | > token (ID: 15164 3) to mask words.

* For gwen3-8b, gqwen3-8b—-instruct, gwen3-14b, gqwen3-14b-instruct, we
use the < |pad_token|>/<|vision_pad|> token (ID: 151654) to mask words.

¢ For the Olmo V1 series models, including olmo-1b, olmo—-7b, olmo-7b-instruct,
olmoe-"7b, and olmoe-7b—instruct, we use the <|padding|> token (ID: 1) to

mask words.
e For the Olmo V2 series models, including olmo-2-1b-instruct,
olmo-2-7b—-instruct, olmo-2-13b-instruct, and

olmo-2-32b-instruct, we use the <|pad_token|>/<|endoftext|> to-
ken (ID: 100257) to mask words.

E.6  PROMPT TEMPLATES

To systematically evaluate the prompt sensitivity of LLMs, we designed a set of five distinct prompt
templates. As illustrated in Figure[I3] these templates are derived from a base prompt template (i.e.,
Prompt Template 1) through a series of subtle, semantically irrelevant modifications. These varia-
tions include changes in letter case, e.g., “Answers” vs. “ANSWERS” and alterations to separators,

e.g., .7 vs. “::” or the format of option markers, e.g., “A.” vs. “A)”. Crucially, these changes only
affect the superficial formatting while preserving the core semantic meaning of the prompt template.

Prompt Template 1: Prompt Template 2: Prompt Template 3: Prompt Template 4: Prompt Template 5:
{Question} {Question} {Question} {Question} {Question}
Answers: ANSWERS : Answers: : ANSWERS: : Answers:
A.{Option A} A.{Option A} A.{Option A} A.{Option A} A){Option A}
B.{Option B} B.{Option B} B.{Option B} B.{Option B} B){Option B}
C.{Option C} C.{Option C} C.{Option C} C.{Option C} C){option C}
D.{Option D} D.{Option D} D.{Option D} D.{Option D} D){Option D}
Answer: ANSWER : Answer:: ANSWER: : Answer:

Figure 13: Different prompt templates. Red parts show the difference between the current prompt
template with the first prompt template, i.e., Prompt Template 1.
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1-shot Learning

Prompt Template 1 :

Instruction: Read the following question and
the four options provided. Choose the single
best answer and provide only its corresponding
letter.

Example:

{Example 1}

Question: {Question}
Answers:

A.{Option A}
B.{Option B}
C.{Option C}
D.{Option D}

Answer:

2-shot Learning

Prompt Template 1 :

Instruction: Read the following question and
the four options provided. Choose the single
best answer and provide only its corresponding
letter.

Example:

{Example 1}

{Example 2}

Question: {Question}
Answers:

A.{Option A}
B.{Option B}
C.{Option C}
D.{Option D}

Answer:

3-shot Learning

Prompt Template 1 :

Instruction: Read the following question and
the four options provided. Choose the single
best answer and provide only its corresponding
letter.

Example:

{Example 1}

{Example 2}
{Example 3}

Question: {Question}
Answers:

A.{Option A}
B.{Option B}
C.{Option C}
D.{Option D}

Answer:

Prompt Template 2 :

Instruction: Read the following question and
the four options provided. Choose the single
best answer and provide only its corresponding
letter.

Example:

{Example 1}

Question: {Question}
ANSWERS : :

A.{Option A}
B.{Option B}
C.{Option C}
D.{Option D}
ANSWER: :

Prompt Template 2 :

Instruction: Read the following question and
the four options provided. Choose the single
best answer and provide only its corresponding
letter.

Example:

{Example 1}

{Example 2}

Question: {Question}
ANSWERS : :

A.{Option A}
B.{Option B}
C.{Option C}
D.{Option D}
ANSWER: :

Prompt Template 2 :

Instruction: Read the following question and
the four options provided. Choose the single
best answer and provide only its corresponding
letter.

Example:

{Example 1}

{Example 2}
{Example 3}

Question: {Question}
ANSWERS : :

A.{Option A}
B.{Option B}
C.{Option C}
D.{Option D}
ANSWER: :

Figure 14: Prompt templates of few-shot learning.

In our experimental procedure, for a given input, which consists of a question and options, we
apply each of the five prompt templates to generate five prompts. For every unique pair of these
five prompts, we then calculate the prompt sensitivity by quantifying the change in the interactions
among the input variables (i.e., words within the question and options). This procedure allows us
to precisely measure how much the LLM’s interaction patterns of the core input are perturbed by
superficial changes in the prompt template, thus evaluating the prompt sensitivity of LLMs.

E.7 FEW-SHOT LEARNING TEMPLATES

For this experiment, we selected the pair of prompt templates that exhibited the highest average
prompt sensitivity in the O-shot setting, aiming to test if few-shot learning could help the most

25



Under review as a conference paper at ICLR 2026

severe situation. To investigate whether few-shot learning can mitigate high prompt sensitivity, we
conducted a follow-up experiment. We selected Prompt Template 1 and Prompt Template 4 from
Figure [I3]for this analysis, as this pair exhibited the highest average prompt sensitivity in our 0-shot
setting. This allowed us to test the efficacy of few-shot learning in the most challenging scenario.

Based on these two base templates, we constructed few-shot learning prompts with one, two, and
three in-context examples (i.e., 1-shot, 2-shot, and 3-shot learning), as illustrated in Figure@ The
examples were formulated using certain questions and their corresponding answers, randomly se-
lected from a set of datasets that are not included in the test set. The structure of each example
is related to its corresponding prompt template. For instance, the first example (Example 1) is
formatted differently for each template:

* Example 1 For Prompt Template 1:

Question: Which type of precipitation consists of frozen
rain drops?

Answers:

A.sleet

B.hail

C.snow

D.fog

Answer: A

* Example 1 For Prompt Template 4 (Note the different format):

Question: Which type of precipitation consists of frozen
rain drops?

ANSWERS: :

A.sleet

B.hail

C.snow

D.fog

ANSWER:: A

The other two examples (Example 2 and Example 3) are presented below:

* Example 2 For Prompt Template 1:

Question: Decayed prehistoric plants have helped in the
formation of

Answers:

A.coal, shale, and quartz.

B.coal, oil, and gas.

C.shale, quartz, and coal.

D.oil, shale, and granite.

Answer: B

* Example 2 For Prompt Template 4:

Question: Decayed prehistoric plants have helped in the
formation of

ANSWERS: :

A.coal, shale, and quartz.

B.coal, oil, and gas.

C.shale, quartz, and coal.

D.oil, shale, and granite.

ANSWER:: B

* Example 3 For Prompt Template 1:

Question: Which describes a material that is not a food?
Answers:
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A.It stores energy but not nutrients.

B.It does not store energy or nutrients.

C.It stores energy and nutrients.

D.It does not store energy but stores nutrients.
Answer: B

* Example 3 For Prompt Template 4:

Question: Which describes a material that is not a food?
ANSWERS: :

A.It stores energy but not nutrients.

B.It does not store energy or nutrients.

C.It stores energy and nutrients.

D.It does not store energy but stores nutrients.
ANSWER:: B

F MORE EXPERIMENTAL RESULTS

F.1 MORE RESULTS ON THE VERIFICATION OF THE SPARSITY OF INTERACTIONS

Here are more results on the verification of the sparsity of interactions. As illustrated in Figure[I3]
the results verify that only a small set of interactions have salient effects, while most of the interac-
tions have negligible effects and can be considered as noise patterns.

—— llama-2-7b-chat llama-moe-v1-3_5b-2_8-sft —— mixtral-8x7b —— internim2-chat-1.8b qwen2-72b-instruct —— qwen2.5-Tb-instruct
—— llama-3-8b-instruct ~ —— llama-moe-v2-3_8b-2_8-sft internlm2-chat-7b —— qwen2-0.5b-instruct  —— qwen2.5-0.5b-instruct qwen2.5-14b-instruct
= llama-2-13b-chat == mistral-7b-v0.3-instruct = internim2-7b = qwen2-1.5b-instruct === gwen2.5-1.5b-instruct === qwen2.5-32b-instruct
= |lama-2-70b-chat = mixtral-8x7b-instruct — qwen2-7b-instruct = qwen2.5-3b-instruct
= ARC MMLU = ARC MMLU
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—— gwenl.5-moe-a2.7b-chat —— qwen3-4b qwen3-14b-instruct —— qwen3-30b-a3b —— olmoe-7b-instruct ~ —— olmo-2-13b-instruct
~— qwenl.5-moe-a2.7b = qwen3-4b-instruct = qwen3-32b-instruct == olmo-1b === 0lmo-2-1b-instruct olmo-2-32b-instruct
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Figure 15: Verifying the sparsity of interactions. We show absolute values of normalized interactions
in a descending order. LLMs all encode a small number of salient interactions, while most of the
interaction effects are negligible.
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F.2 MORE RESULTS ON THE VERIFICATION OF THE SPARSITY OF INTERACTIONS

Here are more results on the verification of quality of universal matching. Figure [I6]compares the
LLM’s true output v(xr) for all masked inputs against the logical model using only the most salient
interactions. Even when using just the top 3% or top 5% of all interactions, the matching error is
minimal. This empirically demonstrates that the LLM’s output can be faithfully approximated by a
small, sparse set of salient interactions.
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Figure 16: Verifying the quality of universal matching for any 2" masked inputs. The red line plots
outputs of the LLM in an ascending order.
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F.3 DETAILED CASE STUDY

Figure[T7]is the detailed case study of how to use our interaction-based analytical tool. It offers pre-
liminary evidence that semantically irrelevant alterations to the prompt template can lead to signifi-
cant changes in the salient interaction patterns, even when the input and output remains unchanged.
This reveals the existence of unstable interactions, which we propose as the underlying cause of

prompt sensitivity.

Case l

Input x + Prompt Template T -
P = Format(x,T):
Which characteristic

describes the texture
of a kitten's fur

Generated Output: D

]

Answers: ‘

A.gray v(D | P) 4 b1 (x)
‘B:Arllz:: Equivalently

o sor modeling

Answer:

Input x + Prompt TemplateT -
P = Format(x,T):

Which characteristic

describes the texture Generated Output: D

of a kitten's fur ﬁ

ANSWERS : -

A.gray v(D | P) ) ,(x)
B.warm Equivalently
C.long modeling

D.soft

ANSWER: LLM: Llama-2-7b-chat

Case 2

Input x + Prompt Template T —
P = Format(x,T):
Which of these traits

is most influenced by Generated Output: C

environment ﬁ
Answers:
A.weight v(C|P) ﬁ ¢1(x)
B.hair color

Equivalent!
C.blood type ?ﬁodellng /

D.handedness
Answer:

Input x + Prompt TemplateT -
P = Format(x,T):

Which of these traits

is most influenced by Generated Output: D

N PN
environment l ‘
ANSWERS : ~
A.weight v(C | P) 4 ¢, (x)
B.hair color Equivalently
C.blood type modeling

D.handedness
ANSWER :

LLM: Llama-2-7b-chat

G100 =) Il

S={long} |@®

S ={gray}
S ={gray, warm}

S ={characteristic, describes, the, texture,
a, kitten's, fur, gray, long}
S ={fur, soft}

S ={fur, texture, warm}

S ={describes, the, texture, of, a, fur}

S ={characteristic, describes, the, fur, gray,
long, soft}

S ={kitten’s, fur, gray}

S ={characteristic, describes, the, texture,

G0 =) Is(xlT)

Is(x|T)
Is(x|T)

kitten's, fur, warm, long, soft}

G100 =) 1)

S ={by, environment, influenced, is,
most, of, these, traits, weight}

S ={Which, by, environment, influenced,
is, most, of, these, traits, weight}

S ={by, influenced, is, most, of,

these, traits, weight}

S ={by, hair color, influenced, is,

most, of, these, traits, weight}

S ={Which, by, hair color, influenced,

is, most, of, these, traits, weight}

S ={Which, of, these, traits, is, most,
environment, weight, hair color}

S ={Which, of, these, is, most, influenced,
environment, hair color}

S ={weight, hair color}
S ={hair color}
S ={Which, of, these, traits, is, most,

o

b0 =) Is(alT)

Is(xIT)
Is(x|T)

*—=0

influenced, environment, weight, hair color}
-1

0 1

Figure 17: A case study of interaction-level analysis revealing latent instability. The same input
x is formatted with two semantically identical templates, T and 7', differing only in letter case
(e.g..,“Answer” vs. “ANSWER?”). Although the LLM generates the same correct output (“D”) in
both cases, the composition of the interaction-based logical model ¢(x) reveals significant internal
divergence. Many interaction effects are highly unstable, changing in either sign or magnitude. This
highlights a critical risk of prompt sensitivity that is invisible to output-leve
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F.4 MORE RESULTS ON THE PROMPT SENSITIVITY OF DIFFERENT ORDERS

Here are more results on the prompt sensitivity of different orders on the ARC dataset. As illustrated
in Figure [T8] it shows that the prompt sensitivity of low-order interactions is the lowest, followed
by mid-order, while high-order interactions exhibit the highest prompt sensitivity. This indicates
that low-order interactions encoded by LLMs are highly stable when faced with subtle changes to
prompt templates, i.e., simple interaction patterns are more robust. Conversely, the high sensitiv-
ity of high-order interactions reveals that the LLMs’ internal representation of complex patterns is
highly unstable.
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Figure 18: A comparison of the prompt sensitivity of three order types. Results show that low-order
interactions are the least sensitive, while high-order interactions are the most sensitive.
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F.5 MORE RESULTS ON THE PROMPT SENSITIVITY OF DIFFERENT ORDERS FOR EACH
INDIVIDUAL LLM WHEN APPLYING FEW-SHOT LEARNING

As illustrated in Figure [T9] we provide a detailed, per-model analysis of how few-shot learning im-
pacts prompt sensitivity of different interaction orders. A consistent and powerful trend emerges
across nearly all individual LLMs: the combination of in-context examples reduces the prompt sen-
sitivity of all three levels of interaction order: low-, mid-, and high-order. The most substantial
decrease is consistently observed in low-order sensitivity. Mid-order sensitivity follows with a sig-
nificant, albeit smaller, reduction. While high-order interactions see the most modest decline, the
downward trend is still clear and consistent for most models. This per-model analysis reinforces our
earlier finding and demonstrates the exceptional effect of few-shot learning for reducing the prompt
sensitivity of LLMs.
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Figure 19: A comparison of prompt sensitivity of low-, mid-, and high-order interactions between
0-shot learning and few-shot learning. Prompt sensitivity at all three order levels shows an clear
drop when applying few-shot learning.

F.6 HYPERPARAMETER EXPERIMENTS OF THE THRESHOLD T

In the full paper, the threshold 7 is set as 0.1. We do hyperparameter experiments for 7 = 0.15 and
7 = 0.05. Results show that the conclusions remain the same for different 7

Here are the results for = = 0.15.
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Figure 20: A comparison of the prompt sensitiv- ~ Figure 21: A comparison of prompt sensitiv-
ity between instruct/chat models and base mod- ity across different model scales. As the model
els. Results show that instruct/chat models are  scale increases, the prompt sensitivity within a
less sensitive than corresponding base models. model series systematically decreases.

31



1674
1675
1676
1677
1678
1679
1680
1681
1682
1683
1684
1685
1686
1687
1688
1689
1690
1691
1692
1693
1694
1695
1696
1697
1698
1699
1700
1701
1702
1703
1704
1705
1706
1707
1708
1709
1710
1711
1712
1713
1714
1715
1716
1717
1718
1719
1720
1721
1722
1723
1724
1725
1726
1727

Under review as a conference paper at ICLR 20

26

V13582851 Ml 7800 Q‘ "
omoe 7. strufffjimos
0 " PORTSTTEI G eni s Hoeh2To
< tomar39 s Quenamoc A2 TEC . 108 a3
.. 7803 Qe SiRe3 1 Rea@me 270 mste
S Qw306 AR imo-7B nsruc
: P @rorsisn:
@ ama-3-3a8 et
£ @ —
@ @ama-3.88-instrct e
Quen2 51481
B, @mermmas Genz 5328 nsrucwen148 istrct
£
S @enz-Te st
Qs
@ MoE Model Quenz-728-nstrucQ)
@ Dense Model @uwenz 5728 nstruct
Liama 2 Family Liama 3 Family Mistral Family Qwen Family 0lmo Family

Figure 22: A Comparison of prompt sensitivity
between MoE models and dense models. Gen-
erally, MoE models tend to be more sensitive
than dense models in the same model family.
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Figure 23: A comparison of prompt sensitiv-
ity between 0-shot learning and few-shot learn-
ing. The drop in prompt sensitivity is substantial
from 0-shot to 1-shot.
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Figure 24: A comparison of the prompt sensitivity of three order types. Results show that low-order
interactions are the least sensitive, while high-order interactions are the most sensitive.
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(a) The relatlve change of Instruct/Chat Model compared to Base Model  (b) The relative change of Dense Model compared to MoE Model
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Figure 25: Comparing the relative change in the prompt sensitivity of low-, mid-, and high-order
interactions for different factors.

Tip: within each model series, lighter color represents smaller model scale
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Figure 26: A comparison of prompt sensitivity at the order-level across different model scales.
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Here are the results for 7 = 0.05.

Tip: within each model series, lighter color represents smaller model scale
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Figure 27: A comparison of the prompt sensitiv-  Figure 28: A comparison of prompt sensitiv-
ity between instruct/chat models and base mod- ity across different model scales. As the model
els. Results show that instruct/chat models are  scale increases, the prompt sensitivity within a

less sensitive than corresponding base models. model series systematically decreases.
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Figure 29: A Comparison of prompt sensitivity
between MoE models and dense models. Gen-
erally, MoE models tend to be more sensitive
than dense models in the same model family.

Figure 30: A comparison of prompt sensitiv-
ity between 0-shot learning and few-shot learn-
ing. The drop in prompt sensitivity is substantial
from O-shot to 1-shot.
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Figure 31: Comparing the relative change in the prompt sensitivity of low-, mid-, and high-order
interactions for different factors.
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Figure 32: A comparison of the prompt sensitivity of three order types. Results show that low-order
interactions are the least sensitive, while high-order interactions are the most sensitive.

Tip: within each model series, lighter color represents smaller model scale
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F.7 RESULTS ON MMLU DATASET

Here are the results on the MMLU dataset and 7 is
on this dataset.
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Figure 34: A comparison of the prompt sensitiv-

ity between instruct/chat models and base mod-

els. Results show that instruct/chat models are

less sensitive than corresponding base models.
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Figure 36: A Comparison of prompt sensitivity
between MoE models and dense models. Gen-
erally, MoE models tend to be more sensitive
than dense models in the same model family.

(a) The relative change of Instruct/Chat Model compared to Base Model

set to 0.1, we can observe the same conclusions

Tip: within each model series, lighter color represents smaller model scale

Q16
>
Z1a
2
B 12
2
&0
g,

08
£
2os
£ IR

) 0 ) )

se) @b ol G Gy
o G ot o \\“sml 25 R ““5\(0 e e
et Ve e s’ o
Q! Qe

Figure 35: A comparison of prompt sensitiv-
ity across different model scales. As the model
scale increases, the prompt sensitivity within a
model series systematically decreases.
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Figure 37: A comparison of prompt sensitiv-
ity between 0-shot learning and few-shot learn-
ing. The drop in prompt sensitivity is substantial
from O-shot to 1-shot.

(b) The relative change of Dense Model compared to MoE Model
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Figure 38: Comparing the relative change in the prompt sensitivity of low-, mid-, and high-order

interactions for different factors.
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Figure 39: A comparison of the prompt sensitivity of three order types. Results show that low-order

interactions are the least sensitive, while high-order interactions are the most sensitive.

Tip: within each model series, lighter color represents smaller model scale
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Figure 40: A comparison of prompt sensitivity at the order-level across different model scales.
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G PROMPT SENSITIVITY OF ALTERING TOKENS VS. ADDING TOKENS

Disaggregating prompt sensitivity by the type of perturbation offers deeper insights into model be-
havior. Following this direction, we conduct a fine-grained decomposition of our experimental re-
sults, comparing prompt sensitivity of two distinct categories to prompt alterations:

1. Altering tokens: This involves modifying the capitalization of words, such as from
"Answer" to "ANSWER".

2. Adding tokens: This involves adding symbolic components, for instance, changing a colon

from"™:"to"::".
Dense Model \ Altering Tokens Adding Tokens \ Difference
internlm?2-chat-7b 1.673 1.676 +0.003
llama-2-13b-chat 1.520 1.433 -0.087
llama-2-7b-chat 1.633 1.710 +0.077
Ilama-3-8b-instruct 1.450 1.467 +0.017
mistral-7b-v0.3-instruct 1.538 1.635 +0.097
olmo-2-7b-instruct 1.618 1.655 +0.037
olmo-7b-instruct 1.462 1.496 +0.034
qwen2-7b-instruct 1.366 1.404 +0.038
qwen2.5-7b-instruct 1.558 1.567 +0.009
qwen3-8b-instruct 1.505 1.550 +0.045

Table 3: IPS Scores of Dense Models on Different Perturbation Types. Higher scores indicate greater
sensitivity. The more sensitive perturbation type for each model is highlighted in bold.

MoE Model | Altering Tokens Adding Tokens | Difference
Ilama-moe-v1-3.5b-sft 1.736 1.724 -0.012
Ilama-moe-v2-3.8b-sft 1.698 1.655 -0.043
mixtral-8x7b-instruct 1.658 1.617 -0.041
olmoe-7b-instruct 1.725 1.699 -0.026
qwenl.5-moe-a2.7b-chat 1.669 1.634 -0.035
qwen3-30b-a3b-instruct 1.608 1.638 +0.030

Table 4: TIPS Scores of MoE Models on Different Perturbation Types. The more sensitive perturba-
tion type for each model is highlighted in bold.

Our results highlight a clear architectural divide: (1) Dense models are more sensitive to adding
tokens. As shown in Table[3] 9 out of the 10 analyzed dense models exhibit greater sensitivity to the
“adding tokens” category. This suggests a strong, consistent trend where changes to the template’s
structure have a more pronounced impact on the internal interactions of dense architectures. (2)
MoE models are more sensitive to altering tokens. In stark contrast, Table E| shows that 5 out of
the 6 MoE models are more sensitive to "altering tokens”. This consistent pattern suggests that MoE
architectures are more susceptible to variations in the change of word capitalization.
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H LIMITATIONS AND FUTURE WORK

The limitation of our current study lies in the computational cost of the interaction framework.
The method’s complexity scales exponentially with the number of input variables n, as it requires
evaluating 2" masked inputs. However, applying this method to very long text inputs would demand
a high computational load.

Future work can address this scalability challenge through several promising avenues. These strate-
gies aim to reduce the effective number of input variables without fundamentally changing the faith-
fulness of the analysis:

(1) Selective Input Variable Analysis. One approach is to analyze only a subset of informative
input variables (i.e., words) while treating uninformative ones (e.g., stop words) as fixed background
context. Previous research has demonstrated that this selection does not significantly impair the

faithfulness of the interaction framework (Chen et al.| [2024).

(2) Phrase-level Aggregation. Instead of analyzing individual words, we can operate at a coarser
perspective by merging related words into combined phrasal units. This reduces the total number of
input variables while preserving key semantic meaning.

(3) Approximation Methods. The computational burden can also be alleviated by exploring ap-
proximation techniques. For instance, we propose adopting the Sparse Mobius Transform (SMT)
algorithm (Kang et al [2024). This method is directly applicable in our framework because the
“interactions” we calculate are mathematically equivalent to the coefficients of the Mdbius trans-
form. While our original method needs to calculate the exhaustive 2" interactions by filtering with
a threshold 7, SMT achieves the objective of identifying the top-/K salient interactions by directly
selecting them, thereby bypassing the exhaustive 2" calculation. This approach relies on the condi-
tion that the distribution of interactions is sparse, which aligns perfectly with our paper’s empirical
findings showing that only a small subset of interactions have salient effects.

In terms of methodology, SMT employs structured subsampling—grounded in group testing the-
ory—to intentionally “alias” interactions into a reduced number of bins. Subsequently, a peeling de-
coder is utilized to efficiently disentangle these summed values and isolate the salient interactions.
Consequently, this approach drastically reduces the computational complexity from exponential 2™
to O(Ktlogn). Within the SMT framework, K serves as a tunable hyperparameter representing the
expected sparsity (or the budget of salient interactions to be recovered), while ¢ denotes the max-
imum interaction order. Given the low-degree nature of interactions observed in many real-world
datasets 2024)), ¢ can be set to a relatively small constant (e.g., 5 < t < 20). Thus, the
computational complexity only has a linear relationship with n, rendering the fine-grained analysis
of long texts computationally feasible and rigorous. Furthermore, empirical evidence suggests that
interactions generated via the sparse Mobius transform maintain a level of faithfulness comparable
to that of the exhaustive method.

These strategies represent promising directions for extending the powerful capabilities of
interaction-based analysis to a wider range of long-text NLP tasks.

I DETAILS OF THE EXPERIMENTS ON OPEN-ENDED GENERATION
TASKS

1.1 EXPERIMENTAL SETUP

This section illustrates the detailed setup of open-ended question-answering tasks, which more
closely resemble real-world user scenarios. We employed the Databricks Dolly-15k dataset, an
open-source collection of instruction-following records. This dataset spans multiple behavioral cat-
egories as defined in the InstructGPT paper (Ouyang et al 2022), including brainstorming, clas-
sification, closed QA, open QA, and summarization, providing a diverse and realistic dataset for
evaluating model robustness. We test the results mainly on the Llama-2 family.
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1.2 SELECTION OF INPUT VARIABLES

Given that the text length in open-ended instructions far exceeds that of MCQ tasks, a direct analysis
of all words would lead to exponential computational costs. To address this challenge, we applied the
optimization strategies discussed in our limitations section: (1) Selective Input Variable Analysis
and (2) Phrase-level Aggregation.

Our approach is guided by a systematic procedure to choose a fixed number of key input variables
from the full input. Specifically, for each input sentence, we select meaningful words or phrases to
construct the set of input variables N. A word is considered “meaningful” if it is not an NLTK
stop word or a punctuation mark. The remaining parts of the text, such as generic instruction
templates (e.g., "Below is an instruction...”) and stop words, are treated as fixed background context.
During the interaction analysis, only the variables within the set N are masked.

For a concrete example, consider the following prompt:

Below is an instruction that describes a task. Write a
response that appropriately completes the request.

### Instruction:

Identify from the following list characters from The X-Files
who are bald or balding: Walter Skinner, John Fitzgerald
Byers, Dana Scully, Melvin Frohike, Darius Michaud, Peter
Watts, Conrad Strughold, Queequeg

### Response:

Selection Process for Input Variables:

1. Method (1) Application: We designate the generic instruction template and functional

stop words (e.g., “from”, "the”, "who”, ’are”) as background context, excluding them from
the input variable set.

2. Method (2) Application: We aggregate words forming core semantic concepts into sin-
gle phrasal units, such as the key entity "Walter Skinner" and the critical condition
"bald or balding".

Final Input Variables:

[
"Identify", "following list", "characters","X-Files",
"bald or balding","Walter Skinner", "John Fitzgerald Byers",
"Dana Scully","Melvin Frohike", "Darius Michaud",
"Peter Watts", "Conrad Strughold", "Queequeg"

1.3 EXPERIMENTAL RESULTS

By applying the aforementioned input variable selection strategies (Methods 1 and 2) in our exper-
iments on the Dolly dataset, we successfully managed the analytical complexity for each long-text
input, leading to a substantial reduction in computational cost.

Crucially, the experimental outcomes derived from open-ended questions and the optimized setup
remained highly consistent with the main conclusions drawn from our MCQ-based experiments.

Here are the results and 7 is set to 0.1, we can observe the same conclusions in this experiment.
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Figure 41: A comparison of the prompt sensitiv-
ity between instruct/chat models and base mod-
els. Results show that instruct/chat models are
less sensitive than corresponding base models.
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Figure 43: A Comparison of prompt sensitivity
between MoE models and dense models. Gen-
erally, MoE models tend to be more sensitive
than dense models in the same model family.

Tip: within each model series, lighter color represents smaller model scale
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Figure 42: A comparison of prompt sensitiv-
ity across different model scales. As the model
scale increases, the prompt sensitivity within a
model series systematically decreases.
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Figure 44: A comparison of prompt sensitiv-
ity between 0-shot learning and few-shot learn-
ing. The drop in prompt sensitivity is substantial
from O-shot to 1-shot.
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Figure 45: A comparison of the prompt sensitivity of three order types. Results show that low-order
interactions are the least sensitive, while high-order interactions are the most sensitive.
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(a) The relative change of Instruct/Chat Model compared to Base Model  (b) The relative change of Dense Model compared to MoE Model
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Figure 46: Comparing the relative change in the prompt sensitivity of low-, mid-, and high-order
interactions for different factors.

Tip: within each model series, lighter color represents smaller model scale

@ @ @ @ @ @ @ @ @ @ @ @
m o m ° m o m ° ) ° m o
B 3 - [ - R - [ i) R - R

Llama-2 (Base) Llama-2 (Chat) Llama-2 (Base) Llama-2 (Chat) Llama-2 (Base) Llama-2 (Chat)
Low Order Mid Order High Order

g

-

Different Orders IPStPe
o o & &

o

Prompt Sensitivity of

> o ®» o N » o

Figure 47: A comparison of prompt sensitivity at the order-level across different model scales.
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J DETAILS OF THE EXPERIMENTS BEYOND PROMPT TEMPLATE
MODIFICATIONS

J.1 EXPERIMENTAL SETUP

To assess the generalizability of our findings beyond superficial template modifications, we con-
ducted an additional experiment on the Dolly-15k dataset. This setup introduces more realistic and
complex prompt perturbations that better reflect authentic user interactions, specifically semantic
paraphrasing and instruction reordering. We employed these techniques to test the robustness
of our conclusions under more challenging conditions. An illustrative example of a semantic para-
phrase used in our experiment is shown below:

An illustrative example of the full prompt structure and the applied perturbations is shown below.

Original Prompt:

Below is an instruction that describes a task. Write a
response that appropriately completes the request.

### Instruction:

Identify from the following list characters from The X-Files
who are bald or balding: Walter Skinner, John Fitzgerald
Byers, Dana Scully, Melvin Frohike, Darius Michaud,

Peter Watts, Conrad Strughold, Queequeg

### Response:

Perturbation 1: Semantic Paraphrase:

Below is an instruction that describes a task. Write a
response that appropriately completes the request.

### Instruction:

Select from the list below figures from The X-Files
that are losing their hair or bald: Walter Skinner,
John Fitzgerald Byers, Dana Scully, Melvin Frohike,
Darius Michaud, Peter Watts, Conrad Strughold, Queequeg

### Response:

Perturbation 2: Instruction Reordering:

Below is an instruction that describes a task. Write a
response that appropriately completes the request.

### Instruction:

From The X-Files, identify characters who are bald or balding
from the following list: Walter Skinner, John Fitzgerald
Byers, Dana Scully, Melvin Frohike, Darius Michaud,

Peter Watts, Conrad Strughold, Queequeg

### Response:
J.2  SELECTION OF INPUT VARIABLES
For this experiment, we employed the same input variable selection strategy as detailed in Ap-
pendix[[2] This approach combines Selective Input Variable Analysis and Phrase-level Aggregation

to manage the computational complexity associated with longer, open-ended instructions while pre-
serving the core semantic elements for interaction analysis.

J.3  EXPERIMENTAL RESULTS

The experimental outcomes from this more challenging setup verify the main conclusions of our
paper. Despite the increased complexity of the perturbations, we consistently observed that the four
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identified factors (supervised fine-tuning, increased model scale, dense architectures, and few-shot
learning) reduce prompt sensitivity, primarily by stabilizing low-order interactions. This replication
demonstrates that our conclusions are not confined to simple template variations but hold true in sce-
narios that more closely mirror authentic user interactions, thereby strengthening the generalizability

of our work.

Here are the results and 7 is set to 0.1, we can observe the same conclusions in this experiment.
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Figure 48: A comparison of the prompt sensitiv-
ity between instruct/chat models and base mod-
els. Results show that instruct/chat models are
less sensitive than corresponding base models.
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Figure 50: A Comparison of prompt sensitivity
between MoE models and dense models. Gen-
erally, MoE models tend to be more sensitive
than dense models in the same model family.

Tip: within each model series, lighter color represents smaller model scale
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Figure 49: A comparison of prompt sensitiv-
ity across different model scales. As the model
scale increases, the prompt sensitivity within a
model series systematically decreases.
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Figure 51: A comparison of prompt sensitiv-
ity between O-shot learning and few-shot learn-
ing. The drop in prompt sensitivity is substantial
from O-shot to 1-shot.
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Figure 52: A comparison of the prompt sensitivity of three order types. Results show that low-order
interactions are the least sensitive, while high-order interactions are the most sensitive.
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(a) The relative change of Instruct/Chat Model compared to Base Model  (b) The relative change of Dense Model compared to MoE Model
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Figure 53: Comparing the relative change in the prompt sensitivity of low-, mid-, and high-order
interactions for different factors.

Tip: within each model series, lighter color represents smaller model scale
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Figure 54: A comparison of prompt sensitivity at the order-level across different model scales.
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K THE USE OF LARGE LANGUAGE MODELS (LLMS)

We used large language models during the writing process of this paper exclusively for language
editing tasks, such as grammar checks and rephrasing for clarity. The scientific contributions, in-
cluding the core ideas, experiments, and analysis, were conceived and executed entirely by the
authors.
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