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Abstract

Prompt sensitivity, which refers to how strongly
the output of a large language model (LLM) de-
pends on the exact wording of its input prompt,
raises concerns among users about the LLM’s
stability and reliability. In this work, we con-
sider LLMs as multivariate functions and per-
form a first-order Taylor expansion, thereby
analyzing the relationship between meaning-
preserving prompts, their gradients, and the
log probabilities of the model’s next token.
We derive an upper bound on the difference
between log probabilities using the Cauchy-
Schwarz inequality. We show that LLMs do
not internally cluster similar inputs like smaller
neural networks do, but instead disperse them.
This dispersing behavior leads to an exces-
sively high upper bound on the difference of log
probabilities between two meaning-preserving
prompts, making it difficult to effectively re-
duce to 0. In our analysis, we also show which
types of meaning-preserving prompt variants
are more likely to introduce prompt sensitiv-
ity risks in LLMs. In addition, we demon-
strate that the upper bound is strongly corre-
lated with an existing prompt sensitivity metric,
PromptSensiScore. Moreover, by analyzing
the logit variance, we find that prompt tem-
plates typically exert a greater influence on
logits than the questions themselves. Over-
all, our results provide a general interpretation
for why current LLMs can be highly sensitive
to prompts with the same meaning, offering
crucial evidence for understanding the prompt
sensitivity of LLMs. Code for experiments
is available at https://github.com/ku-nlp/
Understanding_the_Prompt_Sensitivity.

1 Introduction

Large language models (LLMs) usually show sen-
sitivity to even minor variations in prompts, such as
wording, prompt template, or even minor spelling
errors, although these variations do not change the
meaning of the prompt (Chatterjee et al., 2024).

This phenomenon can be described as LLMs’
prompt sensitivity, which can amplify the output
variance, making the model’s output unreliable. To
quantify this effect, researchers (Zhuo et al., 2024;
Chatterjee et al., 2024) have made considerable
efforts to assess the sensitivity of LLMs to minor
variations in prompts. Also, Sun et al. (2024) have
attempted to improve the generalization ability of
LLMs through reinforcement learning from human
feedback (RLHF; Christiano et al., 2017) or in-
struction tuning (Wei et al., 2021). However, even
minor changes such as prompt formatting to the
wording of the prompts still can lead to the prompt
sensitivity of these models (Sclar et al., 2024).

Although prompt sensitivity in LLMs is fre-
quently highlighted, its generation mechanism re-
mains poorly understood. For example, we still do
not understand why a set of meaning-preserving
prompts can yield completely different outputs by
an LLM. This open issue leads to a lack of cred-
ibility in previous benchmark-based prompt sen-
sitivity evaluations (Zhuo et al., 2024; Chatterjee
et al., 2024) and the arbitrary practice of fine-tuning
LLMs by increasing training samples (Liu et al.,
2025; Dong et al., 2024). Previous studies (Zhuo
et al., 2024; Chatterjee et al., 2024) calculate a met-
ric to represent a model’s sensitivity to wording
changes in prompts based on its output. However,
they make only limited contributions to understand-
ing the prompt sensitivity of LLMs and fail to guide
fundamental breakthroughs.

Contrary to previous studies, we aim to under-
stand the prompt sensitivity of LLMs using a mathe-
matical analysis method: Taylor expansion (Taylor,
1715). In this study, we focus on transformer-based
LLMs. Specifically, we formalize an LLM as a con-
tinuous multivariate function that outputs the log
probability of the model’s next token. The hidden
states are responsible for converting the prompts in
discrete space into the continuous representation
space. Then, we use the first-order Taylor expan-
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sion of this function to connect the hidden states of
the prompt with the output log probabilities. Fur-
thermore, we monitor the changes in hidden states
of two meaning-preserving prompts’ across layers
to explain the prompt sensitivity of LLMs.

Our analysis starts with an image classification
task. We observe that ResNet (He et al., 2016)
internally produces clustering behavior to achieve
high classification accuracy. Next, we build connec-
tions between two prompts using Taylor expansion,
derive an upper bound for the log probability dif-
ference via the Cauchy-Schwarz (Cauchy, 1821;
Schwarz, 1890) inequality, and reveal why LLMs
exhibit prompt sensitivity by observing their differ-
ent behaviors compared to traditional neural net-
works (RQ1). We then investigate which types of
prompt modifications are more likely to lead to
prompt sensitivity (RQ2). We also find that the
upper bound correlates strongly with an existing
prompt sensitivity metric (RQ3). Furthermore, by
analyzing the variance of LLMs’ logits, we observe
that in existing LLMs, prompt templates exert a
greater influence on logits than the questions them-
selves (RQ4).

2 Neural Networks Are Functions

A neural network is a mathematical relationship
that maps inputs to outputs (LeCun et al., 2015;
Nielsen, 2015; Goodfellow et al., 2016). If the
input is a vector x ∈ Rd and the output is a scalar
y ∈ R, then a single-layer neural network can be
represented as:

y = σ(w⊤x+ b) (1)

where w is the weight vector, b is the bias, and σ(·)
is the activation function, such as sigmoid (Rumel-
hart et al., 1986), ReLU (Nair and Hinton, 2010;
Glorot et al., 2011), etc. If we consider this neural
network as a function y = f(x). The one-time in-
ference using this neural network can be interpreted
as input vector x to the function f(x), outputting
the scalar y. In this section, we start by explaining
why deep neural networks are composite functions.
Then, we introduce intra-class mean distances, a
simple representation of space distances. Finally,
we interpret why deep neural networks can perform
classification tasks from an interesting perspective:
that a neural network is a function.

Deep neural networks are compositions of func-
tions. A deep neural network defines a function

as a composition of simpler functions. In particu-
lar, it is composed of layer-by-layer composites of
affine transformations and activation functions (Cy-
benko, 1989; Hornik et al., 1989; Murphy, 2012).
Formally, the affine transformation of the layer l is:

Al(x) = Wlx+ bl (2)

where x ∈ Rdl−1 is the output vector of layer l− 1,
Wl ∈ Rdl×dl−1 is the weight of the layer l, and b is
the bias of layer l. Then, the affine transformation
Al(x) is composed using the activation function σl
as follows:

gl = σl ◦Al (3)

The general mapping of the deep neural network
of layer L is as follows:

F = gL ◦ gL−1 ◦ · · · ◦ g1 (4)

where the composite function F is a continu-
ous mapping from the input space to the output
space (Goodfellow et al., 2016).

Intra-class compactness. Intra-class compact-
ness (Yan et al., 2020) refers to how close or tightly
clustered the samples or data points of the same
class are in the feature space. Typically, an ideal
classifier requires ensuring high intra-class com-
pactness. To remove the influence of vector di-
mension on distance metrics, we first perform L2

normalization on the feature vectors, then use the
Euclidean distance between the normalized vectors
as the metric:

d(xi,xj) = ∥xi − xj∥ (5)

As all vectors are normalized to the unit hyper-
sphere, this distance reflects only directional dif-
ferences and is equivalent to cosine similarity, e.g.,
∥xi − xj∥ =

√
2− 2 cos θij (see Appendix B),

where θij is the angle between the two vectors. We
denote the samples for class c as Jc. We use the
intra-class mean distance as the metric. The dis-
tance of samples in class c is defined as follows:

D
(c)
intra =

1

|Jc|(|Jc| − 1)

∑

xi,xj∈Jc,i̸=j

d(xi,xj)

(6)
We use the average of the distances over all

classes as the metric for intra-class compactness:

Dintra =
1

|C|
∑

c∈C
D

(c)
intra (7)
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Figure 1: Intra-class mean distances for CIFAR-10
across different training epochs.

where C is the class set and |C| denotes the total
number of classes. Enhancing intra-class compact-
ness, i.e., decreasing Dintra, can improve the neu-
ral network’s classification performance (Liu et al.,
2016; Yan et al., 2020).

Intra-class mean distance of ResNet on CIFAR-
10. To illustrate the internal behavior of neural
networks while performing classification tasks, we
investigate how the intra-class compactness of the
feature maps changes across each stage of the neu-
ral network. We take the application of ResNet (we
pick ResNet-101; He et al., 2016) on the CIFAR-
10 dataset (Krizhevsky et al., 2009) as an example.
ResNet is typically divided into four stages, each
consisting of multiple residual blocks stacked to-
gether and outputting the feature maps of the input
image. Stages 1, 2, 3, and 4 consist of 3, 4, 23,
and 3 blocks, respectively. Here, we focus on the
block level of ResNet to analyze the features output
by each block and the input features output by the
stem module of ResNet.

We trained this neural network on the CIFAR-
10 dataset for 20 epochs, achieving the highest
F1 score of 0.7048 on the testing set at epoch
18.1 As shown in Figure 1, we compare the intra-
class mean distance of features across three epochs:
epoch 5, 10, and 15; their F1 scores gradually in-
creased. A low intra-class mean distance indicates
high intra-class compactness. At the stage level, we
observe that the intra-class mean distance gradually
decreases from stage 1 to stage 3, then increases
in stage 4. This indicates that stages 1 to 3 are
performing clustering, while stage 4 is classifying

1For more hyperparameters, see Appendix C.

feature differences within classes. The behavior of
classifying feature differences within classes also
occurs in stages 2 and 3. In stage 3, which demon-
strated the best clustering performance, epochs
with lower intra-class mean distances yield higher
F1 scores. This indicates that the neural network
achieves stronger classification performance by
improving its clustering behavior. From the func-
tional perspective, clustering brings samples of the
same class closer together, while continuous func-
tions produce similar outputs for similar inputs. In
this paper, based on the above analysis, we formu-
late LLMs as functions and investigate their prompt
sensitivity using Taylor expansion.

3 Interpretation of Prompt Sensitivity

The prompt sensitivity of LLMs usually refers to
minor variations in prompts causing LLMs to re-
spond with different results (Zhuo et al., 2024;
Chatterjee et al., 2024). In this paper, we narrow
it down to describe “how prompt p0 and its mean-
ing similar prompt p1 cause the LLMs to respond
with different log probabilities of the model’s next
token yt.” The natural language prompts or their
tokenized tokens reside in a discrete space, while
their embeddings represented by the embedding
layer or hidden states output by a specific trans-
former block can be regarded as variables in the
continuous representation space.

3.1 LLMs Are Multivariable Functions

In § 2, we observe that ResNet exhibits clustering
behavior to achieve significantly higher accuracy
and F1 score. In this section, we generalize this in-
terpretation to LLMs. Unlike classification neural
networks, which project the feature representations
into a class space, LLMs project the feature rep-
resentations into a vocabulary space to predict the
next token (Vaswani et al., 2017).

In LLMs’ inference stage, when an LLM pre-
dicts the next token, it first maps the input tokens
into embeddings by the embedding layer and adds
positional encodings to form a sequence represen-
tation. Then, the sequence representation passes
through several transformer blocks sequentially. In
the self-attention module of each transformer block,
a causal mask is applied to block tokens to the right
of the current position, ensuring that each current
position only depends on the content to its left. In
this way, each position ultimately obtains a hidden
state vector that contains only the prefix informa-
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tion. When the model processes the entire input
sequence, it predicts the next token using the hid-
den state of the last position. This hidden state is
projected to the vocabulary space via the output
layer (typically a linear layer and softmax).

Now, suppose we input a prompt containing L
tokens into an LLM. The model maps each token
in this prompt to a D-dimensional embedding. Fol-
lowing the analysis in § 2, We consider an LLM
as a multivariable function, where the output of
the embedding layer serves as the function’s input.
The log probability of the next token is treated as
the model’s output value. The difference between
the log probabilities of two meaning-preserving in-
puts (prompts) can be interpreted as a measure of
prompt sensitivity. A smaller difference indicates
lower prompt sensitivity of the model.

3.2 Taylor Expansion of LLMs
We use the Taylor expansion to build connections
between two meaning-preserving prompts. For
simplicity, we denote the log probability difference
between two meaning-preserving prompts h0 and
h1 as ∆ log π(yt | h). Here,

∆ log π(yt | h) = log π(yt | h1)− log π(yt | h0),
(8)

where π = softmax(z) is the softmax of the logits
z output by the LLM. Formally, we can express the
relationship between the hidden states h0 and h1
by Taylor expansion2 as follows:

∆ log π(yt | h)︸ ︷︷ ︸
1×1

= ∇h log π(yt | h0)⊤︸ ︷︷ ︸
1×D

(∆h)︸ ︷︷ ︸
D×1

+O(∥∆h∥2),
(9)

where O(∥∆h∥2) is the remainder term of the Tay-
lor expansion. ∇h log π(yt | h0) indicates the gra-
dient vector and ∆h = h1 − h0 indicates the dif-
ference between the feature representations of the
two prompts. It is calculated through element-wise
subtraction, thus capturing not only semantic differ-
ences between the two prompts but also variations
in their expressive styles. In this paper, unless oth-
erwise specified, we set the correct answer of the
question as yt. Discussions regarding other tokens
as yt are provided in Appendix H.

3.3 Upper Bound
From the properties of the Taylor expansion, we
know that when the distance between h0 and h1 is

2Appendix A provides the first-order Taylor expansion for
both univariate and multivariate cases.

sufficiently close, the remainder term O(∥∆h∥2)
will vanish faster than ∥∆h∥2 as h1 → h0. More-
over, in this paper, h0 and h1 are two meaning-
preserving prompt words that reside in a close se-
mantic space. Based on this condition, we rewrite
Eq. (9) in the following form:

∆ log π(yt | h) ≈ ∇h log π(yt | h0)⊤∆h. (10)

Then, we obtain the following inequality by calcu-
lating the L2 norm:

|∆ log π(yt | h)| ≤ ∥∇h log π(yt|h0)∥ · ∥∆h∥,
(11)

where ∥ · ∥ is the L2 norm. This inequality
tells us that |∆ log π(yt | h)| has an upper bound
∥∇h log π(yt|h0)∥ · ∥∆h∥. If the upper bound is
significantly low, |∆ log π(yt | h)| can be approxi-
mated as 0, meaning the two meaning-preserving
prompts receive equal log probabilities of the
model’s next token.

Calculate the gradient. We represent the gradi-
ent matrix as follows:

∇h log π(yt | h0)⊤ = G(h0), (12)

where G(h0) ∈ RD represents the gradient vec-
tor of h0. The gradient for the i-th dimension is
calculated as follows:

g(h[i]) = ∇h[i] log π(yt | h) (13)

The gradient g(h[i]) is usually named the saliency
score (Simonyan et al., 2013; Li et al., 2016). Un-
like Yin and Neubig (2022), who use the L1 norm
to calculate the saliency score for each input token,
we take the L2 norm of the gradient vector to obtain
the saliency score of the input h as follows:

SGN (h) = ∥∇h log π(yt | h)∥2 =
√∑

i

|g(h[i])|2

(14)
SGN (h) is the overall contribution of h to the log
probability of the model’s next token.

4 Experimental Verifications

In this section, we verify our analytical results
in practical settings. We consider four multiple-
choice question (MCQ) datasets commonly used
to evaluate prompt sensitivity (Zhuo et al., 2024;
Chatterjee et al., 2024), ARC Challenge (Clark
et al., 2018), CommonSenseQA (Talmor et al.,
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Figure 2: Key results of RQ1: (a) indicates the trend
of ∥∇h log π(yt|h0)∥ and ∥∆h∥ across layers. (b)
indicates the trend of the upper bound across lay-
ers. The upper bound is calculated by multiplying
∥∇h log π(yt|h0)∥ by ∥∆h∥.

2019), MMLU (Hendrycks et al., 2021), and Open-
BookQA (Mihaylov et al., 2018). To further ex-
amine whether our analysis generalizes beyond
MCQ tasks, we additionally include the open-
ended generation dataset Alpaca (Rohan et al.,
2023). Each MCQ sample is a multiple-choice
question with a correct option as the target to-
ken, and each Alpaca sample consists of an in-
struction, where the last token of its reference re-
sponse is taken as the target token. We randomly
select 500 examples to create our test set from
each dataset. We consider 12 prompt templates3

proposed by Zhuo et al. (2024) as the meaning-
preserving prompts for LLMs. We combine the
12 prompt templates with 500 samples from each
dataset. We perform all our experiments on four
model series: Pythia-410M/1B/1.4B (Biderman
et al., 2023), GPT2-small/medium/large (Rad-
ford et al., 2019b), Qwen1.5-0.5B/1.8B/4B (Bai
et al., 2023), and Llama3.2-1B/3B (Touvron et al.,
2023).

3All templates are provided in Appendix E.1.

4.1 Why Do LLMs Exhibit Prompt
Sensitivity? (RQ1)

In this section, we explain why LLMs
exhibit prompt sensitivity. Specifically,
we observe the trend of the upper bound
(∥∇h log π(yt|h0)∥ · ∥∆h∥) in Eq. (11) across
LLM layers. As shown in Figure 2a, we illustrate
the trends of ∥∇h log π(yt|h0)∥ (the green line)
and ∥∆h∥ (the yellow line) across the layers of
Llama3.2-3B on the ARC Challenge dataset.4

We observe that the gradient values are higher
in the earlier layers of the model and lower in
the later layers. However, unlike the clustering
behavior observed in traditional classification tasks,
∥∆h∥ gradually increases from close to 0 to
approximately 70 across the model layers. Because
the upper bound is calculated by multiplying
∥∇h log π(yt|h0)∥ by ∥∆h∥. Additionally, the
gradient is not less than 0 (Figure 2b). The increase
of ∥∆h∥ leads to an increasing trend of the upper
bound across layers, making it impossible to
converge to sufficiently low values and hard to
constrain |∆ log π(yt | h)| to 0 via the upper
bound. This means that the log probabilities of
the next token for the two meaning-preserving
prompts are not exactly equal.

In summary, we have the following interpreta-
tion for prompt sensitivity of LLMs. First, LLMs
do not exhibit the clustering behavior that is found
in traditional neural networks. This clustering be-
havior serves as a crucial role in allowing neu-
ral networks to accurately perform classification
tasks. Secondly, as LLMs tend to pull meaning-
preserving prompts farther apart in the representa-
tion space, this leads to giving |∆ log π(yt | h)| a
large upper bound ∥∇h log π(yt|h0)∥ · ∥∆h∥. This
makes it hard to constrain |∆ log π(yt | h)| to 0. In
other words, because LLMs do not exhibit clus-
tering behavior for meaning-preserving prompts,
they can only learn each sample individually during
training. This cannot guaranty that the model fits
meaning-preserving prompts to the same degree,
leading to different outputs. To further verify the
causal role of ∥∆h∥, we conduct an activation steer-
ing experiment that directly forces ∥∆h(l)∥ = 0 at
a chosen layer; steering consistently reduces the
observed prompt sensitivity, empirically confirm-
ing this causal role. Details and full results are
provided in Appendix G.

4Experimental results for other models are provided in
Appendix F.1.
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4.2 Which Types of Prompt Modifications Are
More Likely to Lead to Higher Upper
Bounds? (RQ2)

Understanding which types of prompt modifica-
tions are more likely to lead to prompt sensitivity
is important. This can provide evidence for antici-
pating and preventing biases caused by prompt sen-
sitivity. To investigate which types of prompt mod-
ifications are more likely to lead to higher prompt
sensitivity, we create seven modification types to
modify the prompt template. Our seven modifica-
tion types are as follows:5

1. Modification first (hfirst): replace one token
in the first half of the seed prompt template
with a synonymous token.

2. Modification latter (hlatter): replace one token
in the latter half of the seed prompt template
with a synonymous token.

3. Misalignment fewer (hfewer): modify a few
tokens in the seed prompt template to make
them slightly token misalignment.

4. Misalignment more (hmore): modify the to-
ken order in the seed prompt template to make
them significant token misalignment.

5. Typographical errors (htypo): apply keyboard-
level typos (insertion, omission, transposition,
or substitution) to up to k randomly-selected
words in the seed prompt.

6. Orthographic errors (horth): apply k surface-
level formatting perturbations (extra spaces,
missing spaces, random case flips, or extra
punctuation) to the seed prompt.

7. Paraphrases (hpara): use an LLM (gpt-5.4;
OpenAI, 2025) to rewrite the seed prompt by
replacing exactly k words with semantically
equivalent alternatives.

Types 5 to 7 are applied to the prompt body rather
than the template. A word here means an alpha-
betic token of at least three letters. For htypo, each
inserted or substituted character is drawn from the
QWERTY-neighbor set of the original character,
with letter case preserved. For horth, each pertur-
bation is drawn uniformly from four operations,
duplicating an existing space, removing the space

5For details of the prompt templates, please refer to Ap-
pendix E.2.

after a sentence-ending period, flipping the case
of a single letter inside a word, or inserting one
of ‘,’ / ‘.’ / ‘;’ / ‘:’ after a word, none of which
inserts, deletes, or substitutes letters within a word.
For hpara, the LLM returns the rewritten prompt
together with k (original, replacement) pairs; out-
puts that fail the word-count check are retried, and
results are cached so that the same paraphrase is
reused across all 11 models.

We randomly select 500 samples from each
dataset. Types 1 to 4 are evaluated on the four
MCQ datasets only, as they are defined on a fixed
MCQ template; types 5 to 7 are additionally evalu-
ated on the open-ended generation dataset Alpaca.
For modification types 1 to 4, we create three differ-
ent variants per type. For types 5 to 7, we vary the
severity k ∈ {1, 2, 3} and produce one variant per
(type, k) pair, yielding 3 variants per type.6 We
refer to the seed prompt template as hseed and the
seven modified versions as hfirst, hlatter, hfewer,
hmore, htypo, horth, and hpara, respectively. From
Eq. (11), when h0 is fixed, the upper bound of
|∆ log π(yt | h)| is determined by ∥∆h∥. This im-
plies that a higher ∥∆h∥ imposes a looser con-
straint on |∆ log π(yt | h)|. Therefore, we calcu-
late ∥∆h∥ between hseed and the seven types of
modifications for comparison.

Figure 3 shows the comparison results. Experi-
mental results show that when comparing hfirst
and hlatter, smaller models such as Pythia-1B
(Figure 3a) exhibit a higher ∥∆h∥ of hlatter than
that of hfirst. However, as model size increases,
such as in Llama3.2-3B (Figure 3b), the ∥∆h∥ of
hlatter becomes comparable to that of hfirst. When
model size increases to 4B, such as Qwen1.5-4B
(Figure 3c), hfirst’s ∥∆h∥ surpasses hlatter’s
∥∆h∥. Within the Qwen1.5 and Llama3.2 series,
smaller models are more sensitive to latter-half
modifications, while larger models are more sensi-
tive to first-half modifications. This size-dependent
transition is not observed in the older GPT2 and
Pythia series (Appendix F.2).

Figure 3d shows the comparison results between
tokens with fewer (hfewer) and more (hmore) mis-
alignments in the prompt. We observe that different
numbers of token misalignments produce signifi-
cant differences in ∆h. Specifically, hmore is more
likely than hfewer to lead to prompt sensitivity.

In addition, we compare the trends of ∥∆h∥ for

6Here, type refers to one of htypo, horth, or hpara; each
type thus consists of three variants, one per k ∈ {1, 2, 3}.

44367



0 4 8 12 16
Number of layers

0

5

10

First vs. Latter
First
Latter

(a) Pythia-1B.

0 7 14 21 28
Number of layers

0

2

4

6

8
First vs. Latter

First
Latter

(b) Llama3.2-3B.

0 10 20 30 40
Number of layers

0

10

20

30

First vs. Latter
First
Latter

(c) Qwen1.5-4B.

0 10 20 30 40
Number of layers

0

20

40

60
Fewer vs. More

Fewer
More

(d) Misalignment.

0 10 20 30 40
Number of layers

0

20

40

60
Modify vs. Misalign

Modify
Misalign

(e) Modification vs. Misalignment.

0 10 20 30 40
Number of layers

0

20

40

60

80
Para. vs. Typo vs. Orth.

Paraphrase
Typo
Orthographic

(f) Para. vs. Typo vs. Orth.

Figure 3: Key results of RQ2: (a), (b), and (c) indicate the trend of ∥∆h∥ when modifying the first and latter half of
the prompt templates. (d), (e), and (f) are results on Qwen1.5-4B; (d) and (e) use the ARC Challenge dataset, (f)
uses the Alpaca dataset. (d) indicates the trend of ∥∆h∥ when the prompt templates have fewer and more tokens
misaligned. (e) indicates the trend of ∥∆h∥ between modification and misalignment. (f) indicates the trend of ∥∆h∥
among paraphrase, typo, and orthographic modifications. Full results are provided in Appendix F.2

modification and misalignment. Here, modification
refers to the average result of hfirst and hlatter,
while misalignment denotes the average result of
hfewer and hmore. As shown in Figure 3e, mis-
aligned prompt tokens are more likely to lead to
prompt sensitivity than modified prompt tokens.

Figure 3f compares htypo, horth, and hpara on
the Alpaca dataset. We observe that htypo in-
duces the highest ∥∆h∥, followed by horth and
then hpara. This indicates that character-level typo-
graphical errors are more likely to lead to prompt
sensitivity than surface-level orthographic pertur-
bations or word-level paraphrases, as typos dis-
rupt subword tokenization most aggressively while
paraphrases preserve the majority of tokens. See
Appendix F.2 for more experimental results.

4.3 What Is the Relationship Between the
Upper Bound and an Existing Prompt
Sensitivity Metric? (RQ3)

Many studies (Zhuo et al., 2024; Chatterjee et al.,
2024) propose prompt sensitivity metrics to evalu-
ate the prompt sensitivity of LLMs. These metrics
are typically single values that represent the sen-

sitivity of LLMs to different meaning-preserving
prompt templates. According to Eq. (11), a higher
upper bound makes it more difficult for LLMs
to achieve |∆ log π(yt | h)| close to 0. Therefore,
what is the relationship between the upper bound
and the prompt sensitivity of LLMs? To answer this
question, we compare the prompt sensitivity metric
PromptSensiScore (PSS; Zhuo et al., 2024) with
the upper bound. PSS is a value ranging from 0 to
1, where a lower value indicates lower prompt sen-
sitivity.7 Theoretically, LLMs with smaller upper
bounds should have a higher chance of achieving
lower PSS. Figure 4 shows the relationship between
the average upper bound across layers of LLMs and
PSS. We can observe that within the same model
series, the average upper bound is positively cor-
related with PSS. This indicates that the smaller
the average upper bound, the greater the chance
that LLMs achieve lower prompt sensitivity. The
positive correlation between upper bounds and PSS
further indicates that upper bounds influence the
prompt sensitivity of LLMs.

7The calculation method for PSS is provided in Ap-
pendix D.
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4.4 Which Factor Contributes to the Change
of Logits? (RQ4)

Wu and Varshney (2025)’s study indicates that
LLMs tend to cluster the same task samples. This
inspires us to evaluate whether the outputs of LLMs
are more influenced by the prompt template or the
question itself. In particular, we construct an ordi-
nary least squares regression model that uses differ-
ent prompt templates and questions to predict the
logit of the model’s next token. Subsequently, we
perform an analysis of variance (ANOVA) on the
regression results to calculate each factor’s contri-

bution to the total variance and further determine
each factor’s proportion of contribution relative to
the total sum of squares. Figure 5 compares the
contributions of the prompt template and question
to the logits. The prompt template is the primary
factor explaining the logit variation. Except for
GPT2-small and GPT2-medium, the contribution
rate of prompt templates to logits significantly ex-
ceeds that of questions. In addition, the Pythia
series model exhibits the lowest variance in contri-
bution rate across all datasets, while the Qwen1.5
series model shows the highest variance in contri-
bution rate across all datasets. This indicates that
the Qwen1.5 series model is significantly sensitive
to different datasets.

5 Related Work

5.1 Prompt Sensitivity of LLMs

LLMs have strong in-context learning capabili-
ties (Brown et al., 2020), enabling them to per-
form diverse tasks based on prompts, often with-
out requiring additional fine-tuning (Radford et al.,
2019a; Raffel et al., 2020; Gao et al., 2021). How-
ever, the stability and reliability of this learning
approach remain controversial (Weber et al., 2023).
Existing studies indicate that model outputs are
highly dependent on multiple factors, such as the
choice and order of examples (Liu et al., 2022; SU
et al., 2023; Lu et al., 2022; Zhao et al., 2021),
the definition of input labels (Min et al., 2022),
and the phrasing of prompts (Gu et al., 2023; Sun
et al., 2024). Beyond these factors, LLMs exhibit
extreme sensitivity to minor changes in prompt
structure or phrasing, even when such alterations
preserve semantic meaning. This phenomenon has
been systematically explored in numerous stud-
ies (Voronov et al., 2024; Mizrahi et al., 2024),
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indicating that subtle modifications to prompts can
significantly impact model outputs. Furthermore,
to characterize and compare the prompt sensitivity
of different models, numerous studies (Zhuo et al.,
2024; Chatterjee et al., 2024) have constructed spe-
cialized benchmarks to quantify and evaluate mod-
els’ robustness to prompt perturbations. Contrary
to previous work, this study attempts to represent
LLMs as functions, leveraging Taylor expansion
to explain the mechanism behind prompt sensitiv-
ity from the function perspective. It provides both
theoretical foundations and empirical evidence to
explain why LLMs exhibit prompt sensitivity.

5.2 LLMs as Functions

In recent years, some studies have attempted to
characterize LLMs from the perspective of func-
tion mapping (Brown et al., 2020; Wei et al., 2022).
This perspective abstracts an LLM as a function
mapping x to a distribution over y. In other words,
given a prompt x, the model defines a distribu-
tion P (y | x) for an output y. This functional
representation facilitates a unified understanding
of model behavior across different tasks and pro-
vides a theoretical framework for analyzing LLM
generalization and robustness. Notably, it has also
been shown that transformers themselves serve as
universal approximators of sequence-to-sequence
functions (Yun et al., 2020), further reinforcing the
perspective that LLMs are functions. Building on
this idea of function mapping, some studies con-
sider prompt engineering as a design problem for
function call interfaces, investigating how different
prompt formats alter the properties of the function
mapping (Liu et al., 2023). In our study, we con-
sider LLMs as composite functions that can be split
into the feature processing part and the function
part between any transformer blocks. This split
allows us to perform a Taylor expansion on any
part of the models for analysis.

6 Conclusion

Prompt sensitivity, which describes how LLMs
produce different outputs in response to meaning-
preserving prompts, raises user concerns about the
stability and reliability of LLMs. To investigate the
underlying mechanisms of prompt sensitivity and
to better understand LLMs, we started by consid-
ering LLMs as multivariate continuous functions.
We pointed out that improving classification accu-
racy requires internal clustering behavior within

neural networks. Then, we applied the first-order
Taylor expansion to LLMs. By observing changes
in hidden states across all layers, we found that
transformer-based LLMs lacked this clustering be-
havior, leading to a high upper bound on the dif-
ference in log probabilities between two prompts.
We also identified which types of modifications are
more likely to lead to prompt sensitivity. Moreover,
the upper bound of the difference in log probabili-
ties correlated positively with an existing prompt
sensitivity metric. Counterintuitively, our analysis
revealed that prompt templates contributed more
significantly to logits than the questions themselves.
In the future, we will attempt to introduce higher-
order Taylor terms (such as second-order terms im-
plemented via the Hessian matrix) to achieve more
precise and faithful bounds. We also plan to extend
this work to analyze the entire log probability space
and multi-step generation process.

Limitations

One limitation of this work is we only considered
the log probabilities of a single dimension for the
model’s next token, implicitly requiring the entire
logit distribution of the next token to remain con-
sistent across meaning-preserving prompts. This
requirement poses a significant challenge for LLMs.
Moreover, we employed only a first-order Taylor
expansion. Given that LLMs are naturally highly
complex functions, this linear approximation may
introduce some errors. In the future, exploring
higher-order Taylor expansions could yield more
precise approximations.
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A Taylor Expansion

A.1 Background

The roots of Taylor expansion can be traced back to
early thoughts on infinity, such as the paradoxes of
divisibility proposed by the ancient Greek philoso-
pher Zeno (Lindberg, 1992), as well as the “method
of exhaustion” developed by Archimedes (Heath,
1981) and later by Liu Hui (Martzloff, 2007), which
laid the foundation for approximating infinite pro-
cesses through finite steps. In the 14th century,
Indian mathematician Madhava of Sangamagrama
and his successors in the Kerala school developed
series expansions for functions such as sine, cosine,
and arctangent, marking the earliest concrete ex-
amples of power series methods analogous to later
Taylor expansions (Lindberg, 1992). In the 17th
century, Newton and Gregory independently devel-
oped general methods for expanding functions (In-
glis, 1940). Later, Brook Taylor first systemati-
cally proposed an expansion method applicable to
general functions in 1715, forming the basis of
today’s Taylor expansions (Taylor, 1715). In our
study, we consider LLMs as functions and employ
first-order Taylor expansions to connect prompts,
their gradients, and the logit of the model’s next to-
ken, thereby analyzing the constraint relationships
among them.

A.2 The First-order Taylor Expansion

In mathematics, the Taylor series or Taylor expan-
sion of a function is an infinite sum of terms that
are expressed in terms of the function’s derivatives
at a single point. The partial sum formed by the
first n+ 1 terms of a Taylor series is a polynomial
of degree n that is called the nth Taylor polynomial
of the function. Taylor polynomials are approxima-
tions of a function, which become generally more
accurate as n increases. The first-order Taylor ex-
pansion in one variable of f(x) about x = a is as
follows:

f(x) =f(a) + f ′(a)(x− a)

+O((x− a)2) (x→ a).
(15)

where O(x− a) indicates the infinitesimal term of
higher order than (x − a), and x → a indicates
that this equality holds as x approaches a. In other
words, this expansion is a local approximation de-
scribing the behavior of f(x) near x = a.

For more complex multivariate scenarios, we
suppose f : Rn → R is differentiable at the point

a = (a1, a2, . . . , an). Then the first-order Taylor
expansion of f at x = (x1, x2, . . . , xn) is:

f(x) = f(a) +∇f(a) · (x− a)

+O(∥x− a∥2) (x→ a).
(16)

where ∇f(a) =
(

∂f
∂x1

(a), ∂f
∂x2

(a), . . . , ∂f
∂xn

(a)
)

is the gradient. In the expression O(∥x− a∥), the
norm ∥ · ∥ can be any norm (such as the Euclidean
norm (2-norm) or vector norm) on Rn, because all
norms in finite-dimensional spaces are equivalent.
The O(∥x− a∥2) means the remainder term that
vanishes faster than ∥x − a∥2 as x → a. The
operator · denotes the dot product.

B Proof

Statement. Suppose xi and xj are normalized unit
vectors, i.e., ∥xi∥2 = ∥xj∥2 = 1, and θij is the
angle between them, then the following holds:

∥xi − xj∥ =
√

2− 2 cos θij (17)

Proof. As xi and xj are unit vectors,

∥xi − xj∥2 = ⟨xi − xj , xi − xj⟩ (18)

= ∥xi∥2 + ∥xj∥2 − 2⟨xi,xj⟩ (19)

= 1 + 1− 2⟨xi,xj⟩ (20)

= 2− 2∥xi∥ ∥xj∥ cos θij (21)

= 2− 2 cos θij . (22)

Taking square roots yields: ∥xi − xj∥ =√
2− 2 cos θij .

C Hyperparameters for Training ResNet.

To ensure stable optimization and efficient conver-
gence of the ResNet-101 network on the CIFAR-
10 dataset, a carefully designed hyperparameter
configuration scheme was employed during train-
ing.

As shown in Figure 6, our network architecture
is a ResNet connected to a projection layer and a
fully connected layer. This section provides more
details. We preprocess images using the following
pipeline before feeding them into ResNet:

transform = transforms.Compose([
transforms.Resize(112),
transforms.CenterCrop(112),
transforms.ToTensor()

])
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Figure 6: The feature maps’ shape of the neural network. The batch size dimension is omitted and “GAP” indicates
global mean pooling.

We project the 2048-dimensional features from
ResNet’s stage 4 output onto a 128-dimensional
embedding space, then classify them using a fully
connected (classification) layer. The specific net-
work architecture is as follows:

proj = nn.Sequential(
nn.Linear(2048, 512),
nn.BatchNorm1d(512),
nn.PReLU(),
nn.Dropout(p=0.2),
nn.Linear(512, 128)

)

clf = nn.Linear(128, num_classes)

Our experiment employs the cross-entropy loss
function with the AdamW optimizer (Loshchilov
and Hutter, 2017), using the macro F1 score as the
primary evaluation metric. The training process
utilizes a batch size of 128 and runs for 20 epochs.

Input and Output Shapes. As shown in Fig-
ure 6, we mark the shape of each feature map. Here,
“GAP” denotes the global average pooling opera-
tion. After performing L2 normalization on the
vector obtained from global average pooling, the
distance is calculated using Eq. (5). It is especially
worth noting that the output C4 of “Stage 4” under-
goes global average pooling before being fed into
the “Projection” layer as input.

D Prompt Sensitivity Metric: PSS

In this section, we introduce PSS (Zhuo et al.,
2024). For each set of all prompt variants under the
same question, we have:

S =

∑
pi,pj∈P (|Y (Pi)− Y (Pj)|)

C(|P |, 2) , (23)

where Y (p) represents the performance metric un-
der prompt p. In our study, Y (p) refers to cor-
rectness. |Y (Pi)− Y (Pj)| represents the absolute
value difference in performance metrics between

prompt pi and prompt pj . C(|P |, 2) represents the
count of prompt pairs in the same question. PSS is
given by the following:

PSS =
1

N

N∑

i=1

Si, (24)

where N is the total number of questions and Si is
the score for the i-th question.

E Prompt Templates

E.1 Meaning-Preserving Prompt Templates

In this section, we provide the 12 prompt templates
provided by Zhuo et al. (2024) mentioned in § 4.
For multiple-choice questions with 4 options, the
templates are shown in Table 1. We choose 12
prompts for experimentation to ensure data diver-
sity and avoid inaccurate results caused by individ-
ual edge cases.

E.2 Modification and Misalignment Prompt
Templates

To evaluate which types of prompts may lead to
higher prompt sensitivity, we create four prompt
templates for quantitative analysis. These four
prompt templates are shown in Table 2. These
prompt templates are modified from a seed prompt
template, which is: “You are a very helpful
AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A}
B. {B} C. {C} D. {D}\nPlease choose the
best option and respond only with the
option of the correct answer (A, B, C,
or D).\nAnswer:”

Our experimental implementation process is as
follows: We first randomly select 500 samples from
each of the four datasets. We then combine these
samples with both the seed prompt template and
our modified 12 prompt templates, creating 6,500
prompts for each dataset. These prompts feed into
the LLMs for testing.
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F More Experimental Results

F.1 More Results of RQ1

Figure 7 shows the trends of ∥∇h log π(yt|h0)∥
and ∥∆h∥ across layers for all models on
the four datasets. We can observe that the
trends in ∥∇h log π(yt|h0)∥ and ∥∆h∥ across
models within the same series are similar
across all datasets, indicating that our find-
ings are broadly applicable. Although ∥∆h∥
may suddenly decrease in certain layers of
some models (for example, Pythia-1B/1.4B and
GPT2-small/medium/large), ∥∇h log π(yt|h0)∥
simultaneously increases abruptly to prevent the
upper bound from dropping too low. Figure 8
shows the trends of upper bounds. Experimental re-
sults indicate that upper bounds exhibit increasing
trends across all models and datasets, aligning with
the conclusion of our RQ1: although gradients de-
crease across layers, the increase in ∥∆h∥ prevents
the upper bound from becoming sufficiently low
for |∆ log π(yt | h)| to approach 0.

F.2 More Results of RQ2

In this section, we provide the results of all mod-
els across the four datasets. Figure 9 compares
“First” and “Latter.” We observe that the ordering
between ∥∆h∥ for “First” and “Latter” is not uni-
versal, but depends on the model series. Within
the Pythia series, ∥∆h∥ for “Latter” is consis-
tently higher than ∥∆h∥ for “First” across all
examined sizes (Pythia-410M, Pythia-1B, and
Pythia-1.4B). Within the GPT2 series, the order-
ing varies inconsistently with model size: ∥∆h∥ for
“Latter” is lower than for “First” on GPT2-small
and GPT2-medium, but higher on GPT2-large, so
no monotonic size trend is observed. Within the
Qwen1.5 series, we observe a clear size-dependent
transition: ∥∆h∥ for “Latter” is higher than for
“First” on Qwen1.5-0.5B and Qwen1.5-1.8B, be-
comes comparable on intermediate sizes, and is
exceeded by ∥∆h∥ for “First” on Qwen1.5-4B.
Within the Llama3.2 series, ∥∆h∥ for “Latter” is
higher than for “First” on Llama3.2-1B, and the
two become comparable on Llama3.2-3B, which
loosely follows the same size-dependent transition.
These results refine the earlier conclusion: the size-
dependent transition from latter-sensitive to first-
sensitive holds within more recent model series
(Qwen1.5 and Llama3.2), but does not extend to
older series (Pythia and GPT2). We attribute this
cross-series variation to differences in pretraining

data and objectives across model eras. Figure 10
compares “Fewer” and “More,” in all cases, ∥∆h∥
for “More” is higher than ∥∆h∥ for “Fewer.” Fig-
ure 11 compares “Modify” and “Misalign,” in all
cases, ∥∆h∥ for “Modify” is higher than ∥∆h∥
for “Misalign.” Figure 12 compares “Paraphrase,”
“Typo,” and “Orthographic” across all 11 models
and 5 datasets. In most cases, ∥∆h∥ decreases in
the order “Typo” > “Orthographic” > “Paraphrase,”
consistent with the observation on Alpaca in Fig-
ure 3f. All the experimental results align with the
conclusions of RQ2.

G Mitigating Prompt Sensitivity via
Activation Steering

The Taylor-expansion analysis in § 3 and exper-
imental verification in § 4 identify ∥∆h∥ as the
primary driver of the upper bound on prompt sensi-
tivity. This suggests that reducing ∥∆h∥ at a target
layer should directly reduce the model’s output
divergence between meaning-preserving prompts.
We verify this hypothesis with activation steering,
an intervention that forces ∥∆h(l)∥ = 0 at a chosen
layer l.

G.1 Method

Given a seed prompt pA and a meaning-preserving
variant pB , let h(l)A ,h

(l)
B denote their hidden states at

layer l. We construct a steered forward pass for pA
by overwriting h

(l)
A ← h

(l)
B and continuing the for-

ward computation with the original model weights
for layers l + 1, . . . , L. This sets ∥∆h(l)∥ = 0 at
the intervention layer. We then measure the result-
ing prompt sensitivity as |∆ log π(yt | h)| between
the steered forward of pA and the natural forward
of pB .

G.2 Experiments

We apply steering at three depths l ∈
{L/4, L/2, 3L/4} for all 11 models on the four
MCQ datasets. Figure 13 reports |∆ log π(yt | h)|
averaged over meaning-preserving prompt pairs,
comparing the non-steered baseline (red) with the
steered forward pass (green).
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Challenge). Bars show the mean |∆ log π(yt | h)| be-
fore (red) and after (green) steering at three layer depths
l ∈ {L/4, L/2, 3L/4}.

Steering consistently reduces prompt sensitivity,
and the reduction grows as the intervention layer
goes deeper. For example, on Qwen1.5-4B with
the ARC Challenge, the baseline |∆ log π(yt | h)|
is 2.49; steering at L/4, L/2, and 3L/4 reduces
it to 1.66, 1.06, and 0.73 respectively. This con-
firms that ∥∆h∥ plays a causal role in the ob-
served prompt sensitivity predicted by our Taylor-
expansion analysis: forcing ∥∆h∥ to zero at
any layer proportionally lowers the downstream
log-probability divergence, with the effect being
strongest when the intervention occurs closer to
the output. Full results across the 11 models and
4 datasets are provided in Figure 15. Across all
combinations, steering reduces |∆ log π(yt | h)| at
every intervention depth, with monotonically larger
reductions at deeper layers. This pattern further
confirms that ∥∆h∥ causally drives prompt sensi-
tivity.

H Other Tokens as yt in Eq. (9)

In the definition of Eq. (9), yt can be any token in
the vocabulary of the LLMs. This means that the
logits of two meaning-preserving prompts should
be equal at every position. In this appendix, we
analyze whether different values of yt affect the
experimental results. Specifically, in addition to the
correct answer, we randomly set yt to the following
two types of values:

1. yi: A random sample of incorrect answers
from the question’s options.

2. yn: A random sample of numbers between 0
and 9.

We mainly demonstrate the effects of the next
token yt on the following two terms:

1. The upper bound ∥∇h log π(yt|h0)∥ · ∥∆h∥
of different yt.

2. The absolute difference of the log probabili-
ties |∆ log π(yt | h)|.

Figure 14 shows the comparison of the upper
bounds for yc, yi, and yn. We find that when yt
is either the correct or incorrect option token, the
trends of their upper bounds are similar. The upper
bound when yt is a number is higher than the upper
bound when yt is an option (correct or incorrect).

As shown in Figure 16, we compare the absolute
differences of the log probabilities for yc, yi, and
yn. We can observe that when the next token is an
option (correct or incorrect), the value of the abso-
lute difference of the log probabilities is relatively
close. However, when the next token is not an op-
tion, the value of the absolute difference of the log
probabilities becomes significantly lower. This is
because the shape of the output probability distri-
bution is significantly sharp, assigning higher prob-
abilities to option tokens and lower probabilities to
non-option tokens (Liu et al., 2026). Consequently,
the difference between the two lower values has
the chance to be relatively lower. In summary, our
analysis holds true for any next token yt.
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Table 1: The meaning-preserving prompt templates for ARC Challenge, MMLU, and OpenBookQA datasets. For
the CommonSenseQA dataset, the number of options changes from four to five, so option ‘E’ should be added
accordingly. Gray text indicates template slots that need to be replaced.

prompt 1 {question}\nA. {A}\nB. {B}\nC. {C}\nD. {D}\nAnswer:

prompt 2 Question:\n{question}\nA. {A}\nB. {B}\nC. {C}\nD. {D}\nAnswer:

prompt 3 Question:\n{question} A. {A} B. {B} C. {C} D. {D}\nAnswer:

prompt 4 Could you provide a response to the following question: {question} A.
{A} B. {B} C. {C} D. {D}

prompt 5 Please answer the following question:\n{question}\nA. {A}\nB. {B}\nC.
{C}\nD. {D}

prompt 6 Please address the following question:\n{question}\nA. {A}\nB. {B}\nC.
{C}\nD. {D}\nAnswer:

prompt 7 You are a very helpful AI assistant. Please answer the following
questions: {question} A. {A} B. {B} C. {C} D. {D}

prompt 8 As an exceptionally resourceful AI assistant, I’m at your service.
Address the questions below:\n{question}\nA. {A}\nB. {B}\nC. {C}\nD.
{D}

prompt 9 As a helpful Artificial Intelligence Assistant, please answer the
following questions\n{question} A. {A}\nB. {B}\nC. {C}\nD. {D}

prompt 10 Could you provide a response to the following question: {question} A.
{A} B. {B} C. {C} D. {D}\nAnswer the question by replying A, B, C or
D.

prompt 11 Please answer the following question:\n{question}\nA. {A}\nB. {B}\nC.
{C}\nD. {D}\nAnswer the question by replying A, B, C or D.

prompt 12 Please address the following question:\n{question}\nA. {A}\nB. {B}\nC.
{C}\nD. {D}\nAnswer this question by replying A, B, C or D.
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Table 2: Our prompt templates for ARC Challenge, MMLU, and OpenBookQA datasets. For the CommonSenseQA
dataset, the number of options changes from four to five, so option ‘E’ should be added accordingly. Gray text
indicates template slots that need to be replaced. Green indicates the modified token in the first half of the prompt.
Red indicates the modified token in the latter half of the prompt. Orange indicates the token causing the misalignment
in the prompt. Blue indicates that the prompt is completely misaligned.

Seed prompt You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the correct
answer (A, B, C, or D).\nAnswer:

Modification first

You are a very useful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the correct
answer (A, B, C, or D).\nAnswer:

You are a very smart AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the correct
answer (A, B, C, or D).\nAnswer:

You are a very friendly AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the correct
answer (A, B, C, or D).\nAnswer:

Modification latter

You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the suitable
answer (A, B, C, or D).\nAnswer:

You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the letter of the correct
answer (A, B, C, or D).\nAnswer:

You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the choice of the correct
answer (A, B, C, or D).\nAnswer:

Misalignment fewer

You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the answer
(A, B, C, or D) below.\nAnswer:

You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the answer
(A, B, C, or D) carefully.\nAnswer:

You are a very helpful AI assistant. Please answer the following
questions:\nQuestion: {question}\nA. {A} B. {B} C. {C} D. {D}\nPlease
choose the best option and respond only with the option of the answer
(A, B, C, or D) now.\nAnswer:

Misalignment more

Please choose the best option and respond only with the option of the
answer (A, B, C, or D) below.\nYou are a very helpful AI assistant.
Please answer the following questions:\nQuestion: {question}\nA. {A}
B. {B} C. {C} D. {D}\nAnswer:

Please choose the best option and respond only with the option of the
answer (A, B, C, or D) carefully.\nYou are a very helpful AI assistant.
Please answer the following questions:\nQuestion: {question}\nA. {A}
B. {B} C. {C} D. {D}\nAnswer:

Please choose the best option and respond only with the option of
the answer (A, B, C, or D) now.\nYou are a very helpful AI assistant.
Please answer the following questions:\nQuestion: {question}\nA. {A}
B. {B} C. {C} D. {D}\nAnswer:
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Figure 7: The trends of ∥∇h log π(yt|h0)∥ and ∥∆h∥ across layers for all models on the four datasets.
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Figure 8: The trends of upper bounds across layers for all models on the four datasets.
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Figure 9: The comparison results between “First” and “Latter” across all models and datasets.

44382



0 6 12 18 24
Number of layers

0

10

20

Py
th

ia
-4

10
M

ARC_Challenge
Fewer
More

0 6 12 18 24
Number of layers

CommonSenseQA
Fewer
More

0 6 12 18 24
Number of layers

MMLU
Fewer
More

0 6 12 18 24
Number of layers

OpenBookQA
Fewer
More

0 4 8 12 16
Number of layers

0

10

20

Py
th

ia
-1

B

Fewer
More

0 4 8 12 16
Number of layers

Fewer
More

0 4 8 12 16
Number of layers

Fewer
More

0 4 8 12 16
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

0

10

20

Py
th

ia
-1

.4
B

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 3 6 9 12
Number of layers

0

10

20

30

40

GP
T2

-s
m

al
l

Fewer
More

0 3 6 9 12
Number of layers

Fewer
More

0 3 6 9 12
Number of layers

Fewer
More

0 3 6 9 12
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

0

20

40

60

80

GP
T2

-m
ed

iu
m

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 9 18 27 36
Number of layers

0

20

40

60

80

GP
T2

-la
rg

e

Fewer
More

0 9 18 27 36
Number of layers

Fewer
More

0 9 18 27 36
Number of layers

Fewer
More

0 9 18 27 36
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

0

20

40

Qw
en

1.
5-

0.
5B

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

0

20

40

60

Qw
en

1.
5-

1.
8B

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 6 12 18 24
Number of layers

Fewer
More

0 10 20 30 40
Number of layers

0

20

40

60

Qw
en

1.
5-

4B

Fewer
More

0 10 20 30 40
Number of layers

Fewer
More

0 10 20 30 40
Number of layers

Fewer
More

0 10 20 30 40
Number of layers

Fewer
More

0 4 8 12 16
Number of layers

0

10

20

Lla
m

a3
.2

-1
B

Fewer
More

0 4 8 12 16
Number of layers

Fewer
More

0 4 8 12 16
Number of layers

Fewer
More

0 4 8 12 16
Number of layers

Fewer
More

0 7 14 21 28
Number of layers

0

10

20

Lla
m

a3
.2

-3
B

Fewer
More

0 7 14 21 28
Number of layers

Fewer
More

0 7 14 21 28
Number of layers

Fewer
More

0 7 14 21 28
Number of layers

Fewer
More

Figure 10: The comparison results between “Fewer” and “More” across all models and datasets.
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Figure 11: The comparison results between “Modify” and “Misalign” across all models and datasets.
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Figure 12: The comparison results between “Paraphrase,” “Typo,” and “Orthographic” across all models and
datasets.
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Figure 14: The comparison of the upper bound ∥∇h log π(yt|h0)∥ · ∥∆h∥ of different yt.
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Figure 15: Activation steering across all 11 models on the four MCQ datasets. Each cell shows |∆ log π(yt | h)|
before (red) and after (green) steering at l ∈ {L/4, L/2, 3L/4}.
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Figure 16: The comparison of the absolute difference of the log probabilities |∆ log π(yt | h)| of different yt.
“Correct”, “Incorrect”, and “Number” indicates the next token is yc, yi, and yn, respectively.
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