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Abstract

In this paper, we find that the generated pre-
ceding tokens, which are not directly related
to the answer, may still significantly push the
large language model (LLM) towards the target
answer. More crucially, the biased connota-
tions of target answer in the preceding tokens
can also transfer to other prompts. This finding
suggests that the LLM may intentionally use
the semantically unrelated tokens to help the
generation of the target answer. Our finding
offers a new perspective on understanding the
long-range dependency phenomena in LLMs.

1 Introduction

The faithfulness of the reasoning process in large
language models (LLMs) has become a central
concern in recent studies (Wei et al., 2022; Kojima
et al., 2022; Wang et al., 2023a). This concern is
salient when the model-generated text is interpreted
as an explanation of the model’s internal reasoning
process. For example, in terms of the chain-of-
thought (CoT), the faithfulness of CoT has been
widely questioned. Lanham et al. (2023) and Barez
et al. (2025) find that LLMs can produce the correct
answer even when the generated CoT is wrong. Lyu
et al. (2023) find that the information of the answer
is implicitly encoded by the features in intermediate
layers even before the generation of the CoT.

However, in this paper, we focus on a more typi-
cal issue in the faithfulness of reasoning process in
LLMs, i.e., the LLM may model incorrect connota-
tions into literally irrelevant phrases and use such
incorrect connotations to bias language generation.
(1) When the preceding tokens (i.e., tokens before
the answer generated by the LLM) do not provide
any informative evidence for the answer, these to-
kens may not only serve basic syntactic functions
but also bias the LLM toward the target answer.

*Quanshi Zhang is the corresponding author. He is with the
School of Computer Science, Shanghai Jiao Tong University.
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target answer 

“A student listened to 
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preceding tokens 𝒖′
Normal prob. 

𝑝(𝑟|𝑢’, 𝑥′)

Can be transferred to the prompt where evidence has been removed.

“A student listened to 

Lily’s lecture, and”

Prompt 𝒙′ where
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Alternative 

preceding tokens 𝒖′

“he studied the principle of”

Normal prob. 

𝑝(𝑟|𝑢’, 𝑥)
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𝑝(𝑟|𝑢, 𝑥′)

“he learned the theory of”

Preceding tokens 𝒖
w/o direct evidence Much higher prob.

𝑝(𝑟|𝑢, 𝑥)

Target answer 𝒓 = relativity

The LLM mistakenly models the connotation of “the 

theory of relativity” onto the phrase "the theory of."

Figure 1: The preceding tokens, which are generated by
the LLM and are literally irrelevant to the target answer,
have an impact far beyond their literal semantics. They
introduce spurious confidence in generating the target
answer, and can be independently transferred to other
prompts to bias the process of language generation.

(2) More remarkably, even when the reasoning evi-
dence for the target answer has been removed from
the prompt, such unrelated preceding tokens still
make an independent inference towards the target
answer, just like they have potentially hinted at the
removed reasoning evidence.

We designed two experiments to verify that the
LLM exploits the biased connotations in some un-
related preceding tokens to further promote the
generation of the target answer. Specifically, we
divide the generated tokens into two parts: the
answer token (r) and the tokens before r as the
preceding tokens (u), ensuring that no token in u is
semantically related to the answer token r. For ex-
ample, as shown in Figure 1, the preceding tokens

“he learned the theory of” in u do not provide the
direct evidence to predict the answer “relativity”,
but they significantly increase the probability of
generating the target answer.

In the first experiment, we replace the preced-
ing tokens u with the semantically equivalent yet
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lexically different variant u′, namely the alterna-
tive preceding tokens. As Figure 1 shows, “he
studied the principle of ” can be regarded as seman-
tically equivalent alternative preceding tokens to
“he learned the theory of ”. Compared to the alter-
native preceding tokens u′, we find that using the
original preceding tokens u significantly boosts the
probability of generating the answer r.

In the second experiment, we discover that even
when the real reasoning evidence has been removed
from the prompt, such biased connotations in the
preceding tokens u still independently push the
LLM towards the original answer r, just like the
removed reasoning evidence has been embedded in
u. For example, we replace Einstein’s with Lily’s in
Figure 1, which makes the input prompt no longer
supposed to generate the target answer relativity.
However, in the new prompt, the original preceding
tokens u still increase the probability of generating
relativity, compared to the alternative tokens u′.

Our finding indicates that the LLM may have
intentionally exploited the biased connotations in
the preceding tokens u to help language generation.
It implies that we cannot interpret CoT solely based
on its literal meaning.

2 Algorithm

In this section, we verify that the target answer can
be implicitly inferred by the semantically unrelated
preceding tokens, compared to other semantically
equivalent alternative tokens.

Given an input prompt x, we use the LLM to gen-
erate a sequence of tokens until the answer token
r is obtained. The answer token r is determined
as either the first token for the target answer, or
the first token that provides direct evidence for rea-
soning about the target answer. In this way, this
setting ensures that the tokens before r must be
semantically unrelated to r. It means that these
preceding tokens can only provide some support
for syntactic structure, without offering direct rea-
soning evidence for the target answer. Such tokens
are termed the preceding tokens u.

Thus, we conduct different experiments to exam-
ine the biased connotations in the preceding tokens
u that enhances the generation probability of the
target answer r.

2.1 Non-Literal Biasing of Preceding Tokens

From a purely syntactic perspective, the preceding
tokens indeed can and should boost the generation
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Figure 2: Original preceding tokens in u significantly
boost the confidence in generating the answer token r,
compared to semantically equivalent alternative preced-
ing tokens in u′. For clarity, we only display 10 samples.

probability of the answer token r. However, in the
first experiment, we explore the non-literal biasing
of the preceding tokens beyond syntactic structure.
Specifically, compared with alternative preceding
tokens with equivalent semantics, the original pre-
ceding tokens still significantly enhance the gener-
ation probability of the answer token r.

We generate alternative preceding tokens u′,
which are semantically equivalent but lexically dif-
ferent to the original tokens u. In this way, we
compare (1) the confidence of using the original
preceding tokens u to generate answer token r, de-
noted by C(r | u, x), with (2) the confidence of
using the alternative tokens u′ to generate r, de-
noted by C(r | u′, x).

C(r | u, x) = log
p(r | u, x)

1− p(r | u, x) (1)

C(r | u′, x) = log
p(r | u′, x)

1− p(r | u′, x)
(2)

where p(r | u, x) represents the conditional proba-
bility that the LLM generates the answer token r
given the input x and the preceding tokens u.

The experiment is conducted on two LLMs,
LLaMA 2-7B (Touvron et al., 2023) and DeepSeek-
R1-Distill-Qwen-7B (DeepSeek-AI, 2025). We
compare the confidence of generating the answer
token r under different preceding tokens. Given a
prompt, we let the LLM continue generating sub-
sequent tokens until the target answer. We select
prompts with a unique answer token and ensure
that the preceding tokens neither explicitly contain
the answer token nor provide direct reasoning ev-
idence for the target answer. Appendix B shows
some test samples. Given the preceding tokens u
in an input prompt, we use ChatGPT to generate
alternative preceding tokens u′, which are semanti-
cally equivalent but lexically different. Please see
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Appendix C for details.
For clarity, Figure 2 (a) illustrates the compari-

son between the confidence scores C(r | u, x) and
C(r | u′, x) on a subset of the test samples. We find
that for LLaMA 2-7B, when we replace the preced-
ing tokens u with the alternative preceding tokens
u′, about 82.4% of the samples show a significant
decline (the decline greater than 1). The remain-
ing approximately 17.6% of the samples also show
a decline, but the extent is relatively small. For
LLaMA 2-7B, we find that all samples are highly
sensitive to the alternative preceding tokens u′.

DeepSeek-R1-Distill-Qwen-7B is less sensitive
than the LLaMA 2-7B. After replacing the preced-
ing tokens u with the alternative preceding tokens
u′, only 52.9% of the samples exhibit a significant
decrease of more than one unit in confidence. Ap-
proximately 35.3% of the samples show a mild de-
crease in confidence (no greater than one 1), while
11.8% of the samples even exhibit a slight increase
in confidence. However, for samples that exhibit
a significant decrease in confidence, the magni-
tude of the decrease is often substantial. For the
DeepSeek model, the average reduction in the con-
fidence on these samples is approximately 3.17 ,
which is higher than that of LLaMA (2.23).

This indicates that these semantically unrelated
preceding tokens can increase the LLM’s confi-
dence in generating the target answer, and that the
effect disappears once they are replaced with se-
mantically equivalent alternative tokens.

Data: To make the experimental setup eas-
ier to follow, we build the evaluation data with
a controlled pipeline. We first consider five
domains—physics, psychology, political science,
history, and literature—and use ChatGPT (GPT-
5.2) (OpenAI, 2025) to generate representative per-
sons or entities in each domain, together with tar-
get answers strongly associated with them. For
each person/entity, GPT-5.2 then generates prompts
x that include the name but avoid words directly
related to the target answer. We next feed each
prompt x into LLaMA2-7B and continue genera-
tion until a pre-specified target answer appears; if
it does not appear within 40 generated tokens, the
sample is discarded. The tokens generated before
the answer are taken as the preceding tokens u, and
we keep only samples in which u neither explicitly
contains the answer nor provides direct reasoning
evidence for it. To construct the control condition,
we use GPT-5.2 to rewrite each u into an alterna-
tive sequence u′ that is semantically equivalent but

lexically different, while explicitly forbidding the
addition of new information, explanations, or an-
swer hints. This gives us paired (u, u′) instances
with matched meaning but different surface forms,
which is critical for testing whether the observed
effect comes from non-literal biasing rather than
semantic content. Appendix A introduces the de-
tailed procedure to use ChatGPT (GPT-5.2) for data
generation.

2.2 Transferability of Biased Connotations

In this subsection, we find that the preceding to-
kens u and answer token r do not merely serve
as a simple auxiliary to the input prompt for lan-
guage generation. Instead, the preceding tokens
exhibit strong transferability, and they can indepen-
dently push the LLM towards the target answer,
even when all reasoning evidence for the target
answer has been removed from the prompt.

Specifically, we continue using the prompts gen-
erated in Experiment 1 to generate new prompts.
For each input prompt x, we replace all tokens
of the primary reasoning evidence for the answer
token r with other tokens, so as to obtain a new
prompt x′. In this way, the LLM is supposed not to
generate the answer token r on the revised prompt
x′. However, we find that adding the original pre-
ceding tokens u to the revised prompt x′ still sig-
nificantly boost the confidence of generating the
answer token r. In contrast, using the alternative
preceding tokens u′ does not exhibit this effect.

For example, we replace Einstein’s with Lily’s
in the prompt of Figure 1, which removes the only
direct evidence for the LLM to generate relativity.
We then examine whether using u, compared with
using u′, still increases the confidence of gener-
ating the answer token r. Thus, we measure the
confidence of using the original preceding tokens u
to generate answer token r, denoted by C(r | u, x′)
and the confidence by using the alternative preced-
ing tokens u′, denoted by C(r | u′, x′).

C(r | u, x′) = log
p(r | u, x′)

1− p(r | u, x′)
(3)

C(r | u′, x′) = log
p(r | u′, x′)

1− p(r | u′, x′)
(4)

where p(r | u, x′) represents the probability that
the LLM generates the answer token r given the
new prompt x′ and the preceding tokens u.

Figure 2 (b) compares the confidence scores
C(r | u, x′) and C(r | u′, x′) based on the new
prompt x′. For LLaMA 2-7B, we find that when
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using the alternative preceding tokens u′, all values
of C(r | u′, x′) lie in the low-confidence interval
[-9,-3], because neither u′ nor x′ contain direct
evidence to infer the answer token r. However,
when we add the original preceding tokens u to the
new prompt x′, the confidence scores C(r | u, x′)
significantly increase by 2.24 ± 1.36 on average,
compared to C(r | u′, x′). In 76.5% of the samples,
the confidence scores C(r | u, x′) increase signif-
icantly by more than 1. In the remaining 23.5%
of the samples, the confidence scores also show
an increasing trend, though the magnitude of the
increase is modest.

For DeepSeek-R1-Distill-Qwen-7B, we first find
that the confidence scores C(r | u′, x′) for all sam-
ples are lower than −3.3, which indicates that r is
not a natural target answer for x′. When we add
the preceding tokens u to the revised prompt x′,
the confidence scores C(r | u, x′) increase in most
cases, compared to C(r | u′, x′). Specifically, on
58.8% of the samples, the confidence scores in-
crease by 3.37±2.21 on average. Additionally, for
the remaining 41.2% of the samples, the confidence
scores C(r | u, x′) under the original preceding
tokens u are a bit lower than those under the alter-
native preceding tokens u′, though the magnitude
of the decrease does not exceed 1.

These results indicate that even when the primary
evidence for r has been removed from the prompt,
using the original (biased) preceding tokens u can
still effectively boost the confidence of generating
answer token r. Particularly, the LLaMA 2-7B
model exhibits a higher sensitivity to u than the
DeepSeek-R1-Distill-Qwen-7B model. It means
that the biased connotations in the semantically
unrelated preceding tokens u have been transferred
to the revised prompt x′.

2.3 Attributions in the Preceding Tokens

In this subsection, we visualize the attributions of
the preceding tokens u, which illustrates effects
of these tokens in introducing bias into the LLM’s
output. Specifically, we use the integrated gradi-
ents method (Sundararajan et al., 2017) to com-
pute the attributions of all tokens. Given an input
prompt x and the preceding tokens u, we denote
a ≜ [x, u]T = [a1, a2, . . . , an]

T as the embed-
dings of all n tokens contained by (x, u). The at-
tribution of the i-th token in generating the answer
token r is computed as follows:

and asked , ‘ What is he

about the theory of

saying ?’ sHe ’ talking‘

Attributions of tokens in 𝒖 under 𝒙′

and asked , ‘ What is he

about the theory of

saying ?’ sHe ’ talking‘

Attributions of tokens in 𝒖 under 𝒙

Attributions of tokens in 𝒖′ under 𝒙′Attributions of tokens in 𝒖′ under 𝒙

then ‘in ,quired What ’

hes talking about ?’ ‘

principle of

He ’ s going on theabout

then ‘in ,quired What ’

hes talking about ?’ ‘

He ’ s going on theabout

principle of

Figure 3: Attributions of original preceding tokens u
and alternative preceding tokens u′.

ϕu,x(i) = (ai − bi)

∫ 1

0

∂ C
(
r
∣∣ b+ λ · (a− b)

)

∂ ai
dλ

(5)

where C(r | b+ λ(a− b)) = log p(r|a′)
1−p(r|a′) , subject

to a′ = b+λ ·(a−b), denotes the confidence score
of generating the answer token r under a partially
masked input prompt and the preceding tokens. In
the fully masked sample b = [b1, b2, . . . , bn], the
embedding of each token is replaced with a pre-
defined baseline embedding b∗ which is the mean
embedding of all tokens in the input vocabulary,
i.e., ∀1 ≤ i ≤ n, bi = b∗.

We conduct experiments to compare the attribu-
tions of the preceding tokens u with attributions of
the alternative tokens u′. Similarly, we also con-
duct such a comparison on the revised prompt x′,
in which primary evidence for the target answer
has been removed.

Figure 3 shows the attributions of different to-
kens/words in the input prompt. Different tokens in
u and u′ exhibit different attributions. However, we
obtain no new insights, except that the sum of attri-
butions for preceding tokens u is larger. It appears
that the biased connotation of the answer token r
is naturally implicit in the preceding tokens, rather
than being encoded by any obvious anomalies.

3 Discussions and insights

Compared to prior work on reasoning faithfulness
in LLMs, our study offers two new insights.

(1) Our finding challenges a common assump-
tion shared by (Lanham et al., 2023), i.e., the pre-
ceding tokens reflect only its literal meaning. In
contrast, we find that the semantically unrelated
preceding tokens generated by LLM also poten-
tially imply the target answer, compared to other
equivalent alternative tokens.

(2) We cannot exclude the possibility that the
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LLM intentionally generates a semantically un-
related but actually answer-correlated preceding
tokens to help generate the answer token. Thus,
our research provides a new perspective to explain
the long-range dependency problem in language
generation. Specifically, nearby preceding tokens
already implicitly hints at the target answer. There-
fore, the LLM has no need to rely on long-range
interactions with distant tokens for its reasoning.
Instead, these tokens can serve a relay function for
relevant information. This may offer inspiration
for future research.

4 Conclusion

This study goes beyond existing work that chal-
lenges the faithfulness of CoTs. Instead of explor-
ing whether a CoT is bypassed during inference, we
find that the literally unrelated CoT inherently im-
plies the answer information, and such a bias can
also transfer to different prompts. Although our
examples do not constitute strict chain-of-thought
reasoning, the biased connotations we identify are
pervasive in the reasoning processes of LLMs.

Limitations

Our analysis mainly reflects how the LLM exploits
the biased connotations in the preceding tokens
during generation, rather than directly capturing
the model’s actual reasoning process. Therefore,
our findings provide a new perspective on under-
standing CoT, but do not directly resolve the CoT
faithfulness problem. In addition, our experiments
only involve a limited number of LLMs. We will
conduct more fine-grained experiments directly on
CoT and extend the analysis to large language mod-
els with different architectures of large sizes in fu-
ture work.
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their corresponding domain (for example, Albert
Einstein in the domain of physics is associated with
target answers such as relativity and spacetime,
while Sigmund Freud in the domain of psychology
is associated with target answers such as subcon-
scious and psychoanalysis).
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Next, we use the ChatGPT (GPT-5.2) model to
generate multiple prompts x based on these indi-
viduals. Each prompt must contain the individual’s
name and must avoid any words related to the tar-
get answers. For example, for Einstein, a generated
prompt x could be: On a bright early morning,
a student listened to Einstein’s lecture, while for
Freud, it could be: On a quiet autumn afternoon, a
student wandered through Freud’s old study. Each
generated prompt x, apart from the individual’s
name, contains no words related to the target an-
swers.

Subsequently, based on these prompts x, we feed
them into the LLaMA2-7B model to continue gen-
eration and obtain the preceding tokens u. The
model generates follow-up text conditioned on the
prompt x until a target answer appears in the gen-
erated text. Specifically, once the generated text
contains a pre-specified target answer, we imme-
diately stop generation and keep the sample. If
the target answer does not appear after reaching
the maximum length (40 tokens), we discard the
sample.

Finally, we organize all generated samples.

B Details of Test Cases

Due to space limitations, Table 1 lists only a subset
of test cases used in our evaluation.

For each sample, we report the original prompt
x and a revised prompt x′. We also list the corre-
sponding preceding tokens u and alternative pre-
ceding tokens u′ that appear before the answer to-
ken. The final column shows the expected answer
token. By keeping the semantic content fixed while
varying the lexical form of the preceding tokens,
these examples illustrate how our evaluation iso-
lates the effect of wording changes on the model’s
behavior. All samples in the table are generated in
strict accordance with the procedures outlined in
Appendix A and Appendix C, ensuring that all test
samples follow the same construction steps, pre-
serve semantic equivalence but lexically different
between preceding tokens and alternative preced-
ing tokens.

C Construction of Alternative Preceding
Tokens

Given an input prompt x, we extract the preced-
ing tokens u before the generation of the target
answer token r. To construct semantically equiv-
alent but lexically different alternatives, we use

ChatGPT (GPT-5.2) as a controlled paraphrasing
model. Specifically, we provide the model with
only the preceding tokens u and an explicit instruc-
tion requiring it to (1) rewrite the input text to be
semantically equivalent but lexically different, (2)
avoid adding any new information, facts, explana-
tions, or reasoning, and (3) refrain from inferring,
mentioning, or hinting at any answer to a question.
The generated sequence u′ is referred to as the alter-
native preceding tokens.The detailed instructions
are as follows.

Instruction (to GPT-5-2). Rewrite the following
text to be semantically equivalent but lexically
and syntactically different. You must keep the
meaning exactly the same, but change the surface
form as much as possible (e.g., replace words with
synonyms, alter phrasing, restructure sentences)

Constraints:

1. Preserve the meaning exactly; do not
change the intent, facts, or implications.

2. Do not add any new information, facts, ex-
amples, explanations, or reasoning.

3. Do not infer, mention, or hint at any answer
to any question in the text.

Input text: {u}

Because the model is not accessible to the tar-
get answer and is instructed to only rephrase the
preceding tokens without adding new reasoning,
the alternative preceding tokens u′ keep the same
meaning as u and do not contain evidence related
to the answer. This process allows us to fairly com-
pare C(r | u, x) and C(r | u′, x) while focusing
only on differences in the different preceding to-
kens.

D Related Work

D.1 Chain-of-Thought Prompting and
Reasoning Faithfulness.

Chain-of-thought (CoT) prompting has been
widely studied as a mechanism for eliciting inter-
mediate reasoning steps in large language models
(LLMs), often leading to substantial performance
improvements on multi-step reasoning tasks (Wei
et al., 2022; Kojima et al., 2022; Wang et al., 2023a;
Zhou et al., 2022). Subsequent work has extended
CoT through techniques such as self-consistency
(Wang et al., 2023b), scratchpad prompting (Nye
et al., 2022), and program-aided reasoning (Gao
et al., 2023). Despite these advances, an increas-
ing number of recent studies question whether the
generated reasoning traces are truly faithful expla-
nations of the model’s actual underlying decision
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Test Case Prompt x Revised Prompt x′ Preceding Tokens Alt. Preceding Tokens Answer Token

Sample1 Early in the afternoon, a visitor passed a
classroom where Albert Einstein spoke
softly to a small group,

Early in the afternoon, a visitor passed a
classroom where James spoke softly to
a small group,

and asked, ‘What is he saying?’ ’He’s
talking about the theory of

then inquired, ‘What’s he talking
about?’ ’He’s going on about the
principle of

relativ

Sample2 While exploring the old library wing, a
researcher spotted Albert Einstein
examining a worn notebook,

While exploring the old library wing, a
researcher spotted James examining a
worn notebook,

which he had used to record his theories.
The notebook was a gift from a friend,
and he had used it to record his thoughts
on the theory of

which he had adopted to chronicle his
theories. The notebook, a gift from a
friend, served him to note down his
ideas about the principle of

relativ

Sample3 While rearranging chairs, a volunteer
noticed Stephen Hawking studying an
intricate diagram,

While rearranging chairs, a volunteer
noticed Ben studying an intricate
diagram,

and asked him what it was. ‘It’s a model
of the

and posed the question of what it was.
‘It’s a prototype of the

universe

Sample4 During the afternoon bustle, a merchant
noticed Isaac Newton reading a
parchment near the market booth,

During the afternoon bustle, a merchant
noticed Carl reading a parchment near
the market booth,

and asked him what he was reading. He
replied that he was reading the Book of
Nature, and that he had discovered the
law of

and inquired him what he was
immersed in. He informed that he was
engaging with the Book of Nature, and
that he had revealed the rule of

universal

Sample5 In the dim glow of a candle, a young
scholar read Newton’s notes,

In the dim glow of a candle, a young
scholar read Jack’s notes,

and the world changed. The story of the
discovery of

and the world shifted. The account of
the discovery process of

gravity

Sample6 On a lively morning, a visitor observed
Barack Obama walking down the
corridor thoughtfully,

On a lively morning, a visitor observed
Mikl walking down the corridor
thoughtfully,

and then he stopped and turned to the
visitor. ‘I’m thinking about the

and afterward he halted and turned to
the caller. ‘I’m pondering the

economy

Sample7 On a warm afternoon, a passerby
spotted Barack Obama pausing near the
courtyard benches,

On a warm afternoon, a passerby
spotted Billy pausing near the courtyard
benches,

where he sat down and began reading a
book. The man, who asked not to be
identified, said he was walking by the

where he took his seat and started to
read a book. The person, who wished
not to be named, stated he was walking
past the

White

Sample8 During a quiet intermission, a spectator
noticed Winston Churchill sipping tea
thoughtfully,

During a quiet intermission, a spectator
noticed Tom sipping tea thoughtfully,

and asked him, ‘What are your thoughts
on the

and posed the question, ‘What do you
think about

war

Sample9 During a calm intermission, a
photographer glimpsed Hillary Clinton
reading a brief printed summary,

During a calm intermission, a
photographer glimpsed Jack reading a
brief printed summary,

and snapped a picture. The photo was
published in the

and captured a shot. The image
presented at the

New

Sample10 As the morning breeze swept across the
garden, a visitor paused before the Taj
Mahal,

As the morning breeze swept across the
garden, a visitor paused before the
mountain,

the most beautiful monument in the
world. The visitor was a young man, a
student of architecture, who had come
to

the most stunning monument in the
world. The visitor, a young architecture
student, had arrived to

India

Sample11 As the breeze cooled the streets, a
traveler lifted their eyes toward the Burj
Khalifa,

As the breeze cooled the streets, a
traveler lifted their eyes toward the
building,

the tallest building in the world. The
traveler was a young man, a student,
who had come to

the highest building in the world. The
traveler, a young guy and a student,
came here to

Dub

Sample12 After a long boat ride, a group of
students stepped onto the platform
facing the Statue of Liberty,

After a long boat ride, a group of
students stepped onto the platform
facing the statue,

and the first thing they saw was a sign
that read, ’Welcome to

and the initial sight that greeted them
was a sign bearing the words, ’You are
now entering

America

Sample13 As the breeze picked up, a cyclist
paused near Big Ben,

As the breeze picked up, a cyclist
paused near the building,

and a woman in a red dress walked past
the Houses of

and a lady wearing a red dress glided
past the UK

Parliament

Sample14 In the quiet morning air, a guide pointed
toward the high structures of Angkor
Wat,

In the quiet morning air, a guide pointed
toward the high structures of the
building,

the largest religious monument in the
world. The temple, built in the 12th
century, is a symbol of

the world’s grandest religious
monument. This temple, erected in the
12th century, embodies

Camb

Sample15 At the edge of a quiet lake, a painter
adjusted their canvas facing Mount Fuji,

At the edge of a quiet lake, a painter
adjusted their canvas facing the
mountain,

the iconic symbol of the defining emblem of Japan

Table 1: Details of a subset of test cases used in our evaluation. For each case, we report the original prompt x, the
revised prompt x′, the preceding tokens, an alternative preceding tokens, and the expected answer token.

process. Lanham et al. (2023) propose a system-
atic framework for evaluating the faithfulness of
CoT and show that correct answers can often be
produced even when the accompanying reasoning
is incorrect. Similarly, Barez et al. (2025) argue
that CoT should not be interpreted as a reliable ex-
planation mechanism, demonstrating that models
can produce plausible yet unfaithful reasoning.

D.2 Implicit Reasoning and Latent Answer
Encoding.

Beyond explicit reasoning traces, several works
suggest that answer-relevant information may al-
ready be implicitly encoded in the model’s internal
states prior to the generation of chain-of-thought.
Lyu et al. (2023) show that intermediate representa-
tions can strongly predict final answers even before
reasoning tokens are produced. Related findings
indicate that LLMs may internally compute or ap-
proximate solutions and only later verbalize reason-
ing as a post-hoc justification (Turpin et al., 2023;
Burns et al., 2024). These observations challenge
the assumption that reasoning text directly mirrors

the underlying inference process.

D.3 Shortcut Learning and Spurious
Correlations.

Our work is also closely related to studies on short-
cut learning and spurious correlations in neural
models. Geirhos et al. (2020) demonstrate that
deep networks often exploit superficial cues rather
than learning robust, causal features. In natural
language processing, similar phenomena have been
observed in tasks such as natural language infer-
ence and question answering, where models rely
on annotation artifacts or lexical biases (Niven and
Kao, 2019; Gururangan et al., 2018). Recent analy-
ses suggest that LLMs are particularly sensitive to
subtle contextual patterns that correlate with target
outputs, even when such patterns are not semanti-
cally meaningful (Xu et al., 2024; Min et al., 2022).

D.4 Prompt Sensitivity and Contextual
Biasing.

A growing line of research has examined the sen-
sitivity of LLMs to prompt formulations. Small
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changes in wording, ordering, or contextual fram-
ing have been shown to substantially affect model
predictions (Zhao et al., 2021; Lu et al., 2022; Liu
et al., 2023). These findings indicate that context
tokens may influence generation in ways that ex-
tend beyond their literal semantic content. Our
work complements this literature by showing that
even semantically unrelated preceding tokens can
carry biased connotations that systematically push
the model toward specific answers.

D.5 Attribution and Explainability for
Language Models.

To better understand model behavior, numerous
attribution and explanation methods have been
proposed, including attention-based analyses and
gradient-based approaches such as Integrated Gra-
dients (Sundararajan et al., 2017). However, it
has been repeatedly shown that attention weights
alone do not provide reliable explanations (Wiegr-
effe and Pinter, 2019; Serrano and Smith, 2019).
Recent work applies attribution methods to LLMs
to analyze token-level influence and faithfulness of
explanations (Ferrando et al., 2022). While these
approaches offer valuable diagnostic insights, they
typically focus on identifying salient tokens rather
than examining how non-informative context may
implicitly encode answer-relevant bias.

D.6 Positioning of Our Work.
In contrast to prior work that primarily investigates
whether chain-of-thought reasoning is bypassed or
unfaithful, we study a complementary and under-
explored phenomenon. We show that semantically
unrelated preceding tokens can carry biased conno-
tations that implicitly encode answer-relevant in-
formation and that such biases can transfer across
prompts even when explicit reasoning evidence is
removed. This perspective extends existing analy-
ses of reasoning faithfulness and shortcut learning
by highlighting a new mechanism through which lo-
cal context influences LLM generation, offering an
alternative explanation for long-range dependency
effects in language models.

E Artifact Licenses

The models used in this study were employed in
accordance with their respective licenses and terms
of use. LLaMA-2-7B was used under the Meta
LLaMA 2 Community License Agreement for re-
search purposes. ChatGPT (GPT-5.2) was accessed
via the OpenAI platform and used in compliance

with the OpenAI Terms of Use. DeepSeek-R1-
Distill-Qwen-7B was used under the Apache Li-
cense 2.0, consistent with the licensing of the un-
derlying Qwen models. All models were used
solely for non-commercial research and analysis,
and no model weights or generated artifacts are
redistributed.

F Documentation of Used Models

This study makes use of existing large language
models. Documentation for the utilized models is
provided by their original developers and is pub-
licly available through official sources.

LLaMA-2-7B is documented by Meta through
its official model card and accompanying technical
documentation, which describe the model’s train-
ing data composition, intended research use, and
known limitations.

ChatGPT (GPT-5.2) is accessed via the OpenAI
platform. Model behavior, usage guidelines, and
limitations are documented in OpenAI’s publicly
available documentation and terms of use.

DeepSeek-R1-Distill-Qwen-7B follows the doc-
umentation of the DeepSeek project and the un-
derlying Qwen model family, including model ar-
chitecture, intended research usage, and licensing
terms.

G Packages and Parameter Settings

Experiments are implemented in Python using stan-
dard deep learning and numerical computation li-
braries. Model inference is performed with Py-
Torch (v2.0.1) and Hugging Face Transformers
(v4.36.2).

Token-level conditional probabilities are com-
puted directly from model logits using softmax,
without sampling. Text generation proceeds un-
til the target answer token appears or a maximum
length of 40 tokens is reached. No temperature
scaling or nucleus/top-k sampling is applied.

Attribution analysis is conducted using the Inte-
grated Gradients method, implemented analytically
following Equation 5. Linear interpolation with
1000 integration steps is used to approximate the
path integral.

Alternative preceding tokens are generated via
controlled prompting of ChatGPT (GPT-5.2) ac-
cessed through the OpenAI platform. A fixed in-
struction template is used, and no additional pre-
processing, normalization, or evaluation packages
(e.g., NLTK, spaCy, ROUGE) are involved.
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