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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide
range of tasks, particularly with the emergence
of models that generate explicit reasoning in
addition to final answers. These reasoning out-
puts follow step-by-step thinking, similar to
how humans solve problems.

Despite this progress, evaluating the reasoning
abilities of LLMs remains an underexplored
area. It is still unclear why models succeed or
fail, to what extent their reasoning outputs con-
tribute to final predictions, and whether these
intermediate steps effectively guide or affect
their responses.

In this work, we investigate the reasoning be-
havior of the DeepSeek model using a subset
of the AI2 Reasoning Challenge benchmark
and synthetic data. Our findings suggest that
DeepSeek exhibits consistent attention patterns
across inputs, reflecting the sequential reason-
ing nature of generative models.

1 Introduction

Large language models (LLMs) with rea-
soning (such as ChatGPT (OpenAI, 2023),
DeepSeek(DeepSeek-AI, 2025)) have been broadly
applied to many tasks. However, there is an
open question about how these reasoning models
actually perform the task of reasoning. For
instance, DeepSeek-r1 (Guo et al., 2025) utilizes
Chain-of-Thought (CoT) reasoning, generating
long intermediate reasoning before generating the
final answer. The extent to which LLMs effectively
utilize intermediate CoT reasoning and the degree
to which these intermediate steps contribute to
the final output remains insufficiently explored.
Further investigation is needed to determine the
necessity and relevance of these reasoning steps
to archive more reliable LLMs. Many works find
that LLMs do shallow pattern identification or

Figure 1: Reasoning Tree Extracted from Model At-
tention: Query: “A store sold 32 apples in the morning
and 25 apples in the afternoon. How many apples were
sold in total?” Output: <think> The store sold 32 ap-
ples in the morning and 25 apples in the afternoon. I
will add both to get the total. </think> Answer: 57.
The reasoning tree shows a two-level structure: the final
answer (57) is supported by temporal thinking segments
(“in the morning”, “in the afternoon”), each further de-
composed into quantity and item thinking tokens (“32”,
“apples”; “25”, “apples”).

memorize training data rather than doing logical
reasoning (Yan et al., 2024; Zhang et al., 2022).
Other opinions explore the reasoning ability of
LLM in arithmetic, symbolism, common sense,
etc. (Pan et al., 2024).

With the rapid development of the new LLMs,
the criterion of understanding their reasoning abil-
ity, other than evaluating their final performance,
is a critical key for understanding the LLMs. To
reduce hallucinations in LLMS, some studies have
proposed leveraging relevant documents to guide
a models response which led to the domain of re-
trieval augmented generation (RAG) (Lewis et al.,
2020). Specifically, RAG uses external knowledge
to improve the fidelity of LLMs. However, lever-
aging the model’s internal knowledge and access-
ing reasoning patterns during inference reasoning
could be a potential approach to understanding



models’ reasoning behavior and reducing hallucina-
tion. The internal analysis for LLMs including anal-
ysis on the attention score, activations and trans-
former architecture. In (Sun et al., 2024; Barbero
et al., 2025), they analysis the self-attention mech-
anism for the LM decoding process, and deeply
analysis hight attentions score tokens based on in-
formation flow. They also finds that the later layer
of transformer tends to have smoother attention
score for high-level understanding. figurfigure12.

Our method attends to finding the most attended
thoughts during the LM reasoning process. We
analysis DeepSeek-R1 think tokens on both token
level and segment level. The token level focus
on each reasoning token while the segment level
combines tokens to a fixed window size. From the
token segments with different attention scores, we
could better understanding the black box reasoning
process for building more trustable LMs.

2 Related Work

Evaluation Reasoning for Large language mod-
els (LLMs) can be categorized into four main
groups:Conclusion-Based Evaluation, Rationale-
Based Evaluation, Interactive Evaluation, and
Mechanistic Evaluation (Mondorf and Plank, 2024)

Each of these approaches evaluates reasoning
differently. Conclusion-Based evaluation focuses
only on the final output without considering in-
termediate steps (Wu et al., 2023). In contrast,
Rationale-Based evaluation guides models to gener-
ate structured reasoning and then assesses it either
manually using human annotators or using auto-
mated metrics such as ROSCORE and RECEVAL
(Dziri et al., 2023)

Interactive evaluation interacts with LLMs in
real-time using frameworks to dynamically ana-
lyze responses (Zhuang et al., 2023). Lastly, the
evaluation method most similar to our goal is Mech-
anistic evaluation, which evaluates the underlying
processes that drive model responses by analyzing
attention patterns or model parameters (Hou et al.,
2023)

A recent work (Hou et al., 2023) evaluated model
reasoning capabilities by using LLM attention on
the generated output to extract reasoning trees,
which were then compared to ground truth rea-
soning trees. They evaluated their method on two
subsets of benchmarks ProofWriter and the AI2
Reasoning Challenge—after modifying the data
to align with their setup. They also used addi-

tional synthetic data and tested the approach on
two LLMs: GPT-3 and LLaMA-7B.

There are also many recent works on understand-
ing how attention includes the LLMs, specific to
attention heads. In (Zheng et al., 2024), they orga-
nized four types of attention heads (between LLM
and human) for reasoning LLMs with details about
transformer decoder-only architectures. It orga-
nizes the different categories of attention heads
during the intermediate reasoning inference related
to human thinking. A more detailed analysis of
internal layers of attention heads is in the work of
(Wiegreffe et al.), which can focus decision-making
on a few middle-layer heads and find the special-
ized heads for selecting the answer. On the other
hand, some works are trying to find dormant atten-
tion heads, (Sandoval-Segura et al., 2025) tries to
identify and evaluate the redundant attention head
based on attention sink and testing if the dormant
heads have influence during inference.

Their findings highlight a performance gap be-
tween reasoning-based evaluation and human eval-
uation. However, their method only analyzes LLM
attention at the output level and requires manual
labeling for both the data and reasoning tree genera-
tion. However, our goal is to explore whether there
is a correlation between the model’s final output
and its internal reasoning process.

3 Methodology and Contributions

In this work, we aim to investigate the reasoning
mechanisms employed by large reasoning mod-
els (LRMs) such as DeepSeek-R1, which utilize
chain-of-thought prompting to generate intermedi-
ate reasoning steps before providing a final answer.
To address this, we introduce our attention-based
analysis for extracting and formalizing the implicit
reasoning pathways that a large reasoning model
(LRM) follows when it generates a chain of thought
and a final answer. We begin by defining the rel-
evant token categories and the notation for atten-
tion weights, and then describe two complemen-
tary levels of analysis—token-level and segment-
level—before showing how these feed into the con-
struction of a hierarchical reasoning tree.

3.1 Problem Formulation

Let a user’s query be tokenized into a sequence of
context tokens

C = (c1, c2, . . . , cN ) ,



which the model reads before generating any out-
put. During generation, the model emits a sequence
of thinking tokens

T = ( t1, t2, . . . , tM ),

delimited by special markers <think> and
</think>, followed by a sequence of answer to-
kens

A = ( a1, a2, . . . , aP ),

in which the final answer is explicitly indicated in
the form

Answer: ⟨f⟩ ,

where f is a single token (e.g., a selected multiple-
choice label or a numerical result).

We refer to the last generated answer token ⟨f⟩
as the final answer token. Our goal is to trace back
from ⟨f⟩ through the model’s own attention pat-
terns to identify which thinking tokens (or groups
of tokens) were most instrumental in producing f .

3.2 Attention Notation
Let ⟨f⟩ denote the final answer token in the output
sequence. We inspect the model’s self-attention in
the last transformer layer, which has H heads. For
any two tokens u and v, let

α(h)
u→v

be the attention weight from token u to token v in
head h. Since we wish to quantify how strongly
⟨f⟩ attends to preceding tokens, we focus on

α
(h)
f→tj

for each tj ∈ T .

We then aggregate across heads to obtain a single
scalar score:

α f→tj =
1

H

H∑
h=1

α
(h)
f→tj

.

Henceforth, all attention scores refer to
{αf→tj}Mj=1.

3.3 Token-Level Analysis
At the token level, we select the K thinking tokens
that receive the highest attention from the final
answer. Formally, we define the index set

Itoken = argmax
J⊆{1,...,M}, |J |=K

∑
j∈J

α f→tj .

The tokens {tj : j ∈ Itoken} are thus the most
influential single-token supports for the model’s
decision. Figure 2 illustrates this selection.

Figure 2: Token-level attention analysis: the final an-
swer token ⟨f⟩ attends most strongly to a small set of
thinking tokens.

3.4 Segment-Level Analysis
To capture higher-level structure, we partition the
thinking sequence T into L = ⌈M/w⌉ contiguous
windows of size w:

Sℓ =
{
t(ℓ−1)w+1, . . . , tmin(ℓw,M)

}
, ℓ = 1, . . . , L.

For each segment Sℓ, we compute the mean atten-
tion from ⟨f⟩ across its tokens:

βℓ =
1

|Sℓ|
∑
tj∈Sℓ

α f→tj .

Ranking segments by βℓ then reveals the contigu-
ous reasoning regions that the final answer most
heavily leverages. Figure 3 depicts this aggrega-
tion.

Figure 3: Segment-level attention analysis: thinking
tokens are grouped into windows of size w, and their
average attention to ⟨f⟩ is computed.

3.5 Reasoning Tree Construction
Combining token-level and segment-level results,
we define a reasoning tree TR whose root is the
final answer token ⟨f⟩. Its first-order children are
either the top K tokens {tj} or the top L′ segments
{Sℓ} ranked by βℓ. In principle, this procedure
may be recursively applied to each selected to-
ken or segment—treating it as a new “sub-answer”
node—thereby revealing deeper hierarchical depen-
dencies.



This tree succinctly encodes which portions of
the model’s intermediate chain of thought were
most responsible for the final decision. It also en-
ables qualitative and quantitative analyses: (1) Re-
dundancy detection, by identifying branches that
contribute little attention mass; and (2) Error lo-
calization, by exposing erroneous reasoning paths
when the final answer is incorrect. Together, these
insights foster a more interpretable and diagnos-
able framework for chain-of-thought prompting in
LRMs.

4 Results

Although reasoning models often produce a sub-
stantial amount of text when generating explana-
tions or justifications, their attention is not evenly
distributed across all parts of the reasoning output.
Instead, these models tend to focus more heavily
on a select few sentences or phrases that are most
relevant to the final decision. In Figure 4, we high-
light the top five sentences that received the highest
attention weights during the model’s reasoning pro-
cess for a representative example.

In this case, the input query provided to the
model was "What color is the sky at night? A) Blue
B) White C) Yellow D) Black." The model’s gener-
ated response was "The sky appears black at night
because the absence of sunlight allows the stars to
be visible, making the sky seem black. Answer:
D) Black." The top-weighted sentences extracted
from the reasoning output reveal the portions of
the explanation that most strongly influenced the
model’s final answer.

Figure 4: The figure shows the most attended to sen-
tences in the reasoning output of the model given the
final answer.

Figure 5: The figure shows the segment-level analysis
of the model’s attention on reasoning tokens. The model
generally pays more attention to the beginning and later
tokens.

An analysis of the model’s attention distribution
across segments of the generated reasoning reveals
a consistent pattern in how it processes information
during reasoning. Specifically, as shown in Figure
6, the model tends to concentrate its attention on
the sentences positioned at the beginning and end
of the reasoning sequence. In contrast, the mid-
dle segments receive relatively diffused or lower
attention.

This pattern was not limited to a single exam-
ple but appeared consistently across multiple user
queries. This tendency may indicate that the model
places greater importance on establishing an early
interpretive frame and reaffirming or synthesizing
key information toward the conclusion, while treat-
ing intermediate details as transitional or less influ-
ential in the decision-making process.

However, for a smaller subset of user queries, a
different attention pattern emerges. In these cases,
the model not only focuses on the early and late
portions of the reasoning output but also allocates
significant attention to specific sentences or phrases
located in the middle of the reasoning sequence.
This more distributed attention pattern suggests
that, depending on the complexity or nature of the
query, the model is capable of dynamically adjust-
ing its focus. Rather than strictly adhering to the
typical early-late attention concentration, it may
recognize and emphasize additional informative
content found in the middle of the reasoning chain.

In addition to its logical reasoning patterns, the
model often incorporates subtle human-like expres-
sions into its generated thought process. These
expressions—such as interjections like “okay” or
“hmm”—do not directly contribute to the logical
derivation of the final answer but instead introduce
a conversational tone that mimics human reason-
ing behavior. Despite their limited relevance to
the factual content of the response, these tokens
frequently receive relatively high attention scores



during the model’s internal processing.
For example, when presented with the query

“Melinda learned that days in some seasons have
more daylight hours than in other seasons. Which
season receives the most hours of sunlight in the
Northern Hemisphere? Choices: A) fall B) spring
C) summer D) winter”, the model’s reasoning out-
put included informal expressions such as "okay,"
which were not semantically tied to the answer but
were nonetheless highly attended to. This indicates
that the model may be assigning importance to
such tokens, potentially as anchors or transitions in
its reasoning flow or just a means to simulate the
style and tone of human reasoning, even when such
expressions are not essential to the final answer.

Figure 6: The figure illustrates the distribution of at-
tention over the reasoning tokens in a portion of the
model’s response.

4.1 Random Number Example

We input DeepSeek-R1 a strict forward question:
Give me a random number. The reasoning pro-
cess is relatively long and somewhat redundant,
including multiple steps of complicated mathemat-
ical calculations. As shown in Figure 9, we notify
there are two highest attention token segments. To
simplify, we deeply analyze the first high-attention
token, the first reasoning token. The first token is
Okay, even if it is less semantically informative and
more like a conversational word, it draws great at-
tention for certain attention heads on the last layer
of the LM. We plot the attention weights on all 32
heads to further analyze this phenomenon. Due
to the page limitation, we only show the attention
heads with strong first token attention in Figure 7.

We also notice that head 17, which has the great-
est attention toward Okay, shows a relatively spiky
attention pattern across subsequent segmentation
tokens. Considering this example’s long and redun-
dant reasoning process, the spiky attention mode
could be a sign of less informative attention hea.
Because " Okay " content is not semantic informa-
tive for the final random numerical output and the
unsmooth attention across different tokens, head

17 may be regarded as an uninformative head.
In contrast, in Figure 8, we find that head 28

pays less attention to the first token while allocat-
ing more attention to the conclusion reasoning to-
kens. Head 28 serves as an active attention head by
emphasizing the output-centric tokens with more
semantic meaning.

5 Self-Evaluation and Lessons Learned

In the course of this project, we gained practical
expertise in deploying and interrogating state-of-
the-art large reasoning models. We configured
multi-GPU environments for efficient inference,
instrumented transformer architectures to extract
intermediate attention weights, and became profi-
cient in parsing and manipulating high-dimensional
attention tensors. This hands-on experience proved
invaluable for understanding both the engineering
and theoretical aspects of chain-of-thought prompt-
ing.

Through our attention-based analysis, we dis-
covered a consistent pattern in how answer tokens
allocate focus within the generated reasoning trace.
Specifically, final answer tokens concentrate most
of their attention on the earliest and latest segments
of the chain of thought, effectively “bookending”
the reasoning sequence. This observation suggests
that, while models articulate many intermediate
steps, only a subset of those steps—namely the ini-
tial premises and concluding deductions—play a
decisive role in determining the final output.

Our original proposal envisioned a multi-level
reasoning tree, revealing deep hierarchical depen-
dencies within the model’s chain of thought. How-
ever, empirical inspection of intra-thinking atten-
tion revealed that tokens predominantly attend to
their immediate predecessors, rather than to distant
reasoning steps. As a result, meaningful hierar-
chies beyond the first level did not materialize in
our trees, and we constrained our representation to
a single layer of children under the final answer.
Going forward, it will be important to explore alter-
native mechanisms—such as modified prompting
strategies or explicit intermediate “summary” to-
kens—that might induce richer, deeper reasoning
hierarchies in large language models.

6 Conclusions and Future Work

This work addresses a key gap in understanding
how large reasoning models (LRMs) use their self-
generated reasoning steps to arrive at final answers.



Figure 7: Heads with hight attention on the first token

Figure 8: Heads with low attention on the first token

Figure 9: Random number example attention

While chain-of-thought prompting has become a
powerful tool for improving model performance,
the internal mechanisms by which models process
and leverage these intermediate steps remain poorly
understood.

Through attention-based analysis of DeepSeek-

R1, we uncovered a consistent “bookending” pat-
tern in the model’s reasoning: final answer tokens
tend to focus heavily on the beginning and end of
the reasoning trace, with middle segments receiv-
ing significantly less attention. This suggests that
models may rely on early framing and final sum-
marization while treating intermediate reasoning
as transitional. However, in certain cases, we ob-
served elevated attention to specific mid-sequence
segments, indicating that the model can adapt its
focus depending on task complexity. We also found
that some non-semantic tokens—such as the first
reasoning token or stylistic interjections like “okay”
and “hmm”—often receive unexpectedly high at-
tention.

Looking ahead, we identify several directions
for future work. First, we aim to extend our reason-
ing trees beyond a single level by analyzing intra-
thinking attention patterns, potentially uncovering
deeper hierarchical reasoning structures. Second,
we plan to examine the model’s attention distribu-
tion across earlier transformer layers to understand
how reasoning tokens evolve and interact through-



out the network. Finally, we will investigate the
linguistic and functional roles of mid-sequence seg-
ments that occasionally attract high attention, with
the goal of identifying what makes them influential.
Together, these efforts aim to shed further light on
the internal decision-making processes of large lan-
guage models and support the development of more
interpretable and controllable reasoning systems.
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