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Abstract

While large language models (LLMs) leverage both knowl-
edge and reasoning during inference, the capacity to distin-
guish between them plays a pivotal role in model analysis,
interpretability, and development. Inspired by dual-system
cognitive theory, we propose a cognition attribution frame-
work to decouple the contribution of knowledge and reason-
ing. In particular, the cognition of LLMs is decomposed into
two distinct yet complementary phases: knowledge retrieval
(Phase 1) and reasoning adjustment (Phase 2). To separate
these phases, LLMs are prompted to generate answers under
two different cognitive modes, fast thinking and slow think-
ing, respectively. The performance under different cognitive
modes is analyzed to quantify the contribution of knowledge
and reasoning. This architecture is employed to 15 LLMs
across 3 datasets. Results reveal: (1) reasoning adjustment
is domain-specific, benefiting reasoning-intensive domains
(e.g., mathematics, physics, and chemistry) and potentially
impairing knowledge-intensive domains. (2) Parameter scal-
ing improves both knowledge and reasoning, with knowledge
improvements being more pronounced. Additionally, param-
eter scaling make LLMSs reasoning significantly more pru-
dent, while moderately more intelligent. (3) Knowledge pri-
marily resides in lower network layers, while reasoning op-
erates in higher layers. Our framework not only helps un-
derstand LLMs from a “decoupling” perspective, but also
provides new insights into existing research, including scal-
ing laws, hierarchical knowledge editing, and limitations of
small-scale-LLM reasoning.

Code — https://github.com/yangmutian/decoupling

Introduction

LLMs have garnered significant research attention due to re-
markable capabilities (Achiam et al. 2023; Yang et al. 2024a;
Touvron et al. 2023). Building upon the foundation of scal-
ing laws (Kaplan et al. 2020), various methodologies (in-
cluding pretraining (Devlin et al. 2019), continual pretrain-
ing (Ke et al. 2023; Yang et al. 2024b; Xie, Aggarwal, and
Ahmad 2024), and instruction tuning (Hu et al. 2022; Li
and Liang 2021; Liu et al. 2021)) are developed to inject
knowledge into LLMs. However, their reasoning capability
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remains disputed, as they often struggle with complex rea-
soning tasks (Mirzadeh et al. 2024; Huang et al. 2025a).

To address this challenge, Chain-of-Thought (CoT) is
proposed, enabling LLMs to mimic human-like progressive
reasoning by generating intermediate reasoning steps (Wei
et al. 2022). However, early approaches to CoT genera-
tion typically relied on domain-specific prompt engineering,
lacking the capability to automatically produce universally
applicable reasoning chains across diverse domains.

The emergence of reasoning LLMs, such as OpenAl ol,
enables automatic generation of universal CoT through dis-
tillation and reinforcement learning (OpenAl 2023). Al-
though the specifics of ol remain undisclosed, extensive
replication efforts have successfully produced LLMs with
powerful reasoning capability (Qin et al. 2024; Huang et al.
2024, 2025b). The breakthrough demonstrates that LLMs
possess not only extensive knowledge but also advanced rea-
soning abilities.

In this context, it is scientifically important to distinguish
between the contribution of knowledge and reasoning, as
this is crucial for understanding the inference behaviours of
LLMs. However, the joint employment of knowledge and
reasoning during inference make it hard to discern their con-
tribution.

For this purpose, we propose a cognition attribution
framework based on dual-system cognitive theory, which de-
composes LLMs inference into two distinct but complemen-
tary phases: (1) knowledge retrieval (Phase 1), where LLMs
rapidly generate initial responses by accessing learned in-
formation, and (2) reasoning adjustment (Phase 2), where
they refines the initial responses through CoT generation.
To separate the two cognitive phases, LLMs are prompted
to generate answers under two distinct cognitive modes: fast
thinking and slow thinking. During fast thinking, LLMs ex-
perience Phase 1, while during slow thinking, LLMs rely on
both Phase 1 and Phase 2. The difference between cognitive
modes is analyzed to decouple knowledge and reasoning.
Our main findings include:

e The contribution of reasoning adjustment varies across
domains. It plays more crucial roles in some reasoning-
intensive domains (such as mathematics, physics, chemistry)
than the others.

e Parameter scaling enhances both knowledge and rea-
soning, with knowledge being the dominant factor. Addi-



tionally, parameter scaling makes the reasoning significantly
more “prudent” in all domains and moderately more “’intel-
ligent” in some specific domains.

e Knowledge retrieval primarily occurs in lower network
layers, while reasoning adjustments are localized in higher
layers, suggesting a functional separation in cognition.

In conclusion, our study presents a cognition attribu-
tion architecture that decouples knowledge and reasoning in
LLMs. This framework not only offers a novel perspective
on the cognitive characteristics of LLMs, but also provides
new insights into related areas of research, including scaling
laws (Kaplan et al. 2020), hierarchical knowledge editing
(Zhang, Li, and Wu 2024; Meng et al. 2022a,b), and limita-
tions of small-model reasoning (Li et al. 2025).

From Dual-System Cognitive Theory to
Cognition Attribution Architecture

LLMs perform inference through the integrated application
of knowledge and reasoning, making it challenging to iso-
late and evaluate their respective contributions. To address
this issue, we propose a cognition attribution architecture
based on dual-system cognitive theory, as shown in Figure
1. This architecture decouples knowledge and reasoning in
four steps.

Step 1: Define the Respective Roles of Knowledge
and Reasoning

According to dual-system cognitive theory (Kahneman
2011), humans exhibit two distinct yet complementary cog-
nitive phases: knowledge retrieval (Phase 1) and reasoning
adjustment (Phase 2). This study maps these concepts onto
LLMs, hypothesizing LLMs also generate answers in two
phases. In Phase 1, LLMs retrieves memorized knowledge
purely based on the input. In Phase 2, LLMs applied CoT
reasoning to adjust these initial retrievals.

Phase 1
Knowledge retrieval

Phase 2
Reasoning adjustment

Generate refined answers

Figure 1: The schema of the cognition attribution architec-
ture, supposing the cognitive process of LLMs involves two
primary phases: knowledge retrieval (Phase 1) and reason-
ing adjustment (Phase 2). In the fast thinking mode, LLMs
rely solely on knowledge retrieval. In contrast, in the slow
thinking mode, they leverage both knowledge retrieval and
reasoning adjustment.

Receive questions Generate initial answers

Fast thinking I
Slow thinking
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Fast Thinking

Your only task is to select the most appropriate answer from the given
options without any reasoning.

Qutput format: A single letter representing your answer (A, B, C, D)
Qutput rules:

- Output EXACTLY one letter (A, B, C, D)

- Do not provide any explanation or reasoning

- Do not restate the question or options

- Do not include any additional text or punctuation

g

Figure 2: Fast thinking prompt

Slow Thinking

Your role as an assistant involves thoroughly exploring questions through a
systematic long thinking process before providing the final precise and
accurate solutions. This requires engaging in a comprehensive cycle of
analysis, summarizing, exploration, reassessment, reflection, backtracing,
and iteration to develop well-considered thinking process.

Please structure your response into two main sections: Thought and
Solution.

In the Thought section, detail your reasoning process. Each step should
include detailed considerations such as analisying questions, summarizing
relevant findings, brainstorming new ideas, verifying the accuracy of the
current steps, refining any errors, and revisiting previous steps.

In the Solution section, based on various attempts, explorations, and
reflections from the Thought section, systematically present the final
solution that you deem correct. The solution should remain a logical,
accurate, concise expression style and detail necessary step needed to
reach the conclusion.

Now, try to solve the following question through the above guidelines:

Figure 3: Slow thinking prompt

Step 2: Separate Knowledge Retrieval and
Reasoning Adjustment

To separate these phases, we further introduce the concept
of cognitive modes in dual-system cognitive theory - fast
thinking and slow thinking. LLMs are prompted to generate
responses under each modes separately. The prompt guiding
LLMs to conduct fast and slow thinking are:

During fast thinking, LLMs generates responses y/fqs¢ to
query () directly based on the input question x without any
additionally reasoning. In this mode, LLMs rely solely on
Phase 1, with its performance depends entirely on the knowl-
edge retrieval capability, denoted as Ckr. The process is for-
mally defined as:

Yrast = argmax P(y | z = Q; Ckr) Y]

During slow thinking, LLMs first produces initial answers

Ytast similar to fast thinking, and then adjusts initial answers

through CoT reasoning to get refined answers ¥s;o.,. In this

mode, LLMs experience both Phase 1 and Phase 2. The per-

formance relies on both knowledge retrieval capability Ckr
and reasoning adjustment capability Cra, defined as:

(@)

Step 3: Determine the Contribution of Knowledge
Retrieval and Reasoning Adjustment

The accuracy of fast and slow thinking is evaluated to mea-
sure the retrieval capability Ckr and reasoning adjustment

Ystow = arg max P(y | Yrast, © = Q; Ckr, Cra)



capability Cra:

1
Ckr = Aps = ﬁ Z I(yfasl = y*) 3)

zeD

1
CKR + CRA = Aslow = ﬁ Z I(yslow = y*) (4)
xzeD

Agqst and Ago,, denote the accuracy of fast and slow
thinking on dataset D, y* denotes the true answer, and |D)|
indicates the total number of problems. The indicator func-
tion I(-) returns 1 if the condition is satisfied, and O other-
wise. By subtracting Equation 3 from Equation 4, we obtain:

Cra =0 = Agow — Apast
1 * *
(Z I(yslow =Yy ) - Z I(yfast =Yy )) (5)

- |D| zeD xzeD

This equation shows that the accuracy difference between
slow and fast thinking, referred to as the reasoning gain 9,
reflects the capability of reasoning adjustment C'r4. Ulti-
mately, we decouple the knowledge and reasoning capabili-
ties in Equation 3 and Equation 5.

Step 4: Decompose Reasoning Adjustment Into
Correction and Overthinking

Based on the properties of the indicator function:

Z I(yslow = y*) = Z I(ySIOW = Z/*)

zeD zeD

(I (Yrast = ¥) + I(Yrast # y7))  (6)

Z I(yfast = y*) = Z I(yfast = y*)

xeD zeD
(I(yslow = y*) + I(yslow #* y*)) @)

¢ is derived as

1 * *
52@21(%“#@ )'I<yslowzy )_

xeD
6C
1 " *
EZI(yﬁm:y )'I(yslow#y ) ®)
xeD
do

This shows reasoning adjustment has two effects: it cor-
rects the errors made by fast thinking, but also incorrectly
override the correct answers. We refer to these effects as
correction and overthinking, denoting their corresponding
accuracy changes as d. and d,. Their formal definitions are
derived as:
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Za:eD I(yfast 7é y*) : I(yslow = y*) .
ZmGD I(yfast # y*)

Z I(yfasl 7& y*) =7 ‘Df(llse|

fast
rzeD

5, =

(©))

erD I(yfasl = y*) : I(yslow # y*) '
erD I(yfast = y*)

Z Iy =y*) =710 |D§”ral$
€D

do

(10)

\D;Ziﬁ and | D¥,%¢| denote the numbers of incorrect and

correct answers produced by fast thinking, respectively. 7.
and r, represent the rates at which the LLMs correct wrong
answers and overthink correct answers. Thus, the reasoning

gain ¢ is expressed as:
<7"c -|D > (1)

¢ arises from two opposing components: the benefit from
correction d. and the loss from overthinking ,. | DEl¢| and
|Dgiee|, determined by knowledge retrieval, define the up-
per bounds for correction and overthinking. . and §,, in-
fluenced by reasoning adjustment, define the actual levels of
correction and overthinking in the candidates.

Some research suggests reasoning benefits LLMs by pro-
viding information gain (Ton, Taufiq, and Liu 2024), while
others attribute reasoning failure to noise introduction (Gan,
Liao, and Liu 2025). Equation 11 integrates these insights,
indicating it is the trade off between information gain and
noise that determines the effect of reasoning.

1

_ false
D]

fast

true
fast

§=0b.— 80 | —ry-|D

Results
Experiment Procedure

Dataset MMLU, MathQA, and MedQA are employed
(Hendrycks et al. 2020; Zhang et al. 2018; Amini et al.
2019). MMLU serves as a general dataset, while MathQA
and MedQA are domain-specific datasets. Although each
MMLU question is annotated with a subject, the 57-in-total
subjects are too fine-grained for our analysis. Therefore, we
group them into 13 broader domains, as shown as follow:

Mathematics: Abstract Algebra, College Mathematics,
Elementary Mathematics, High School Mathematics, High
School Statistics.

Physics: College Physics, Conceptual Physics, High
School Physics.

Chemistry: College Chemistry, High School Chemistry.

Computer Science: College Computer Science, High
School Computer Science, Machine Learning.

Economics and Business: Business Ethics, Economet-
rics, High School Macroeconomics, High School Microeco-
nomics, Management, Marketing, Professional Accounting.

Biology and Medicine: Anatomy, Clinical Knowledge,
College Biology, College Medicine, High School Biology,



Human Sexuality, Medical Genetics, Nutrition, Professional
Medicine, Virology.

Psychology and Sociology: High School Psychology, Hu-
man Aging, Professional Psychology, Sociology.

Geography and Astronomy: Astronomy, Global Facts,
High School Geography, World Religions.

Engineering: Computer Security, Electrical Engineering.

Philosophy: Formal Logic, Logical Fallacies, Moral Dis-
putes, Moral Scenarios, Philosophy.

Law: International Law, Jurisprudence, Professional Law.

History: High School European History, High School US
History, High School World History, Prehistory.

Domain 13 (Political Science): High School Government
and Politics, Public Relations, Security Studies, US Foreign
Policy.

To ensure comparability between datasets, the four-option
version of MedQA is selected. For MathQA, one wrong op-
tion is randomly removed to reduce the choices from five to
four.

Model To enhance the generalizability of our work, ex-
tensive experiments are conducted on 15 LLMs, including
QOwen, LLaMA, Gemma, Phi, and GLM (Yang et al. 2024a;
Grattafiori et al. 2024; Team et al. 2024; Abdin et al. 2024,
GLM et al. 2024).

Small LLMs Overthink More Than Correct
During Reasoning

Although LLMs have been extensively studied on MMLU,
most existing studies fail to disentangle the contributions of
knowledge retrieval and reasoning adjustment. Our cogni-
tion attribution architecture is employed to decouple their
contribution on MMLU.

Table 1 reports the accuracy of fast and slow thinking in
”Fast” and ”Slow” columns. Reasoning gain ¢ is determined
by the accuracy difference between fast and slow thinking,
and subsequently decomposed into J. and J, according to
Equation 11.

Reasoning adjustment benefits most models, yielding
positive §. However, for some extremely small models
(marked in underline), & becomes zero or even negative, as
the loss from overthinking outweighs the benefit from cor-
rection.

The correction rate r. and overthinking rate r, are inves-
tigated. Small LLMs exhibit lower r. and higher r, com-
pared to their larger counterparts. Moreover, the variation
in 7, across model sizes is more prominent than that in r,,.
Notably, the r, of LLaMA IB is 45.4% higher than that of
LLaMA 70B, while its 7. is merely 8.7% lower. This asym-
metry suggests that the substantial overthinking tendency,
rather than the modest correction capability, plays a greater
role in the negative reasoning gain in small models. More
discussion on correction and overthinking is in Section .

Our results offer new insights into prior findings. (Liu
et al. 2024; Cuadron et al. 2025) report that reasoning nega-
tively affects performance, while (Gan, Liao, and Liu 2025)
attributes this to noise introduction. Our study further reveals
that small LLMs are prone to introducing noise and leading
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Model Fast Slow e 0o Te To

Owen I1.5B 539 50.0 -39 138 17.7 299 32.8
Owen 3B 609 63.0 2.1 14.1 12.0 359 19.7
Owen 7B 67.8 71.8 40 118 7.7 365 114
Owen 14B 752 787 36 91 55 365 73
Owen 32B 795 81.1 15 69 54 339 6.8
owQ 32B 777 856 79 100 100 54.6 5.5
LLaMA IB 35.1 351 0.1 179 173 294 52.6
LLaMA 3B 524 559 35 17.1 13.6 359 259
LLaMA 8B 603 657 54 159 104 400 17.3
LLaMA 70B 81.1 824 13 72 59 381 72
Gemma 2B 53.5 509 -2.6 104 13.0 225 244
Gemma 9B 693 695 03 95 92 308 133
Gemma 27B 72.5 735 1.0 94 84 342 11.6
GLM 9B 63.8 70.1 6.3 145 82 400 13.0
Phi 14B 78.1 84.1 6.0 102 42 467 54

Table 1: Performance on MMLU using cognition attribution
architecture. “Fast” and ”Slow” columns represent the accu-
racy under fast and slow thinking, respectively.

to overthinking. (Li et al. 2025) finds that small models ben-
efit less from long CoT distillation. Our results suggest that
is because small models introduce more noise when CoT
becomes longer. In summary, our study indicates that small
LLMs tend to introduce noise during reasoning, reflecting a
lack of ’prudence” during inference.

Reasoning Exhibits Significantly Domain-Specific
Variability

While it is widely hypothesized that reasoning adjustment is
domain-specific (e.g., mathematics is regarded as reasoning-
intensive), the claim remains imprecise and speculative. We
employ cognition attribution architecture to quantify the
contribution of reasoning adjustment across domains.

Table 2 reports the reasoning gain § for 15 LLMs across
13 domains, spanning natural sciences to humanities. The
results reveal substantial cross-domain variation in §. No-
tably, Owen 1.5B shows an inter-domain accuracy gap of
34.7% (22.3% for Mathematics and -12.4% for Political Sci-
ence).

While domains exhibit varying sensitivity to reasoning
adjustment, their relative ranking remains stable. The top-
1, top-2, and top-3 0 for each model are highlighted in
underline&bold, underline, and bold, respectively. Across
15 models, § of mathematics, physics, and chemistry ranks
among the top-3 for 15, 14, and 12 times, respectively, indi-
cating that these domains consistently benefit the most from
reasoning adjustment. In contrast, political science and his-
tory yield negative ¢ in 10 and 9 models, respectively, sug-
gesting that reasoning adjustment even impair their perfor-
mance.

Our study provides evidence that reasoning adjustment
exhibits significant domain-specific variability. This phe-
nomenon is explained according to the relationship between




Eco . Geo Bio Psy .
Model Mat Phy Che CS Bus Phi Ast Med  Soc Eng Law  His Pol
QOwen 1.5B 223 7.2 5.6 22 41 74 56 68 -75 69 -69 90 -124
Qwen 3B 258 154 109 29 0.3 8.3 2.7 47 23 33 0.8 -3.9 -7.1
Qwen 7B 27.6 12.1 10.6 8.3 32 103 -0.2 -06 -06 -0.8 0.2 -1.8 -1.9
Qwen 14B 200 123 135 7.4 23 23 1.5 1.8 1.7 4.5 0.9 -1.0 -1.9
Qwen 32B 139 88 6.6 6.4 2.7 3.8 -0.6 -1.1 -1 -12 23 20 0.5
owQ 32B 227 169 126 115 6.1 19.7 2.3 4.6 34 6.7 10.5 4.1 -1.5
LLaMA 1B 59 7.3 -0.8  -52 40 -21 4.7 43 63 02 7.7 20 -3.8
LLaMA 3B 206 7.6 8.3 -1.6 2.4 0.6 13.4 5.9 02  -3.7 2.7 1.1 1.2
LLaMA 8B 225 150 106 58 4.7 1.9 4.9 4.0 49 -04 0.6 0.7 2.8
LLaMA 70B 164 7.0 9.2 6.7 3.1 -0.1 20 -04 -02 -25 24 07 -0.3
Gemma 2B 4.9 5.7 07 33 36 77 57 23 29 69 36 42 -100
Gemma 9B 127 100 89 29 02 35 20 22 21 29 30 -19 -5.7
Gemma 27B 199  10.3 5.0 5.2 0.7 47 29 29 31 -04 -05 -07 -6.8
GLM 9B 245 168 162 112 54 3.7 3.7 4.0 2.5 9.4 -0.8  -0.5 14
Phi 14B 259 195 122 106 69 2.3 1.7 33 1.0 53 3.8 1.5 0.2
Average 190 115 8.6 4.4 23 1.8 1.1 0.5 00 -02 -09 -14 -3.0

Table 2: § of 15 LLMs across 13 domains on MMLU. For each model, the top-1, top-2, and top-3 § are highlighted in
underline&bold, underline, and bold, respectively. Mat, Mathematics; Phy, Physics; Che, Chemistry; CS, Computer Science;
EcoBus, Economics and Business; Phi: Philosophy; GeoAst: Geography and Astronomy; BioMed, Biology and Medicine;
PhySoc: Psychology and Sociology; Eng, Engineering; His: History; Pol: Political Science.
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Figure 4: The accuracy of the Qwen series on (a) MathQA
and (b) MedQA. The results demonstrate that mathematics
imposes higher demands on reasoning than medicine.

correction and overthinking in Equation 11. In knowledge-
intensive domains, LLMs make mistakes due to insufficient
knowledge. Reasoning cannot compensate for the knowl-
edge gap and instead introduces additional noise. Conse-
quently, d. falls short of J,, yielding negative J in these
domains. In reasoning-intensive domains (notably mathe-
matics, physics, and chemistry), mistakes often arise from
generating answers under high uncertainty. Reasoning effec-
tively reduce ambiguity and correct mistakes. Therefore, &,
outweighs §,, resulting in positive § in these domains.

In addition to MMLU, this paper also study the perfor-
mance of Qwen series LLMs on MathQA and MedQA. The
results on MathQA and MedQA show high consistency with
MMLU (Figure 4). A significantly high § (with a range from
20.9% to 40.2%) is observed on MathQA, while the § on
MedQA ranges sorely from -8.5% to 14.3%.
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Figure 5: Improvement of knowledge retrieval and reason-
ing adjustment with parameter scaling for Qwen series. The
plotted values quantify improvement relative to the small-
est baseline model in each series: Qwen 1.5B for the Qwen
series in panel (a) and LLaMA 1B for the LLaMA series in
panel (b). The green, orange, and blue trajectories represent

the Cx g+ CRra, Ck g, and C'r4 according to Equation 3-5.

The results reveal that although both knowledge retrieval
and reasoning adjustment benefit from model scaling, the
improvement in knowledge retrieval is more pronounced
and sustained. Reasoning adjustment shows notable gains
primarily when scaling from small-sized models (1B) to
medium-sized models (8B), but exhibits limited improve-
ment beyond this range. Table 1 demonstrates the observed
enhancement in reasoning adjustment from small to medium
size is largely attributed to a reduction in overthinking. Once
the model reaches medium size, it becomes sufficiently
”prudent” to avoid overthinking. Consequently, further scal-
ing leads to only marginal reductions in overthinking, re-
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Figure 6: Impact of parameter scaling on overthinking rate
r, and correction rate r.. (a) and (b) show the r, of Qwen
(orange for 32B and grey for 1.5B) and LLaMA (orange for
70B and grey for 1B), respectively. (c) and (d) show the r,
of Qwen (orange for 32B and grey for 1.5B) and LLaMA
(orange for 70B and grey for 1B), respectively. Mat, Math-
ematics; Phy, Physics; Che, Chemistry; CS, Computer Sci-
ence; EcoBus, Economics and Business; Phi: Philosophy;
GeoAst: Geography and Astronomy; BioMed, Biology and
Medicine; PhySoc: Psychology and Sociology; Eng, Engi-
neering; His: History; Pol: Political Science.

sulting in limited additional gains in reasoning adjustment.
The next section further discusses the impact of scaling on
correction and overthinking.

Parameter Scaling Benefits Knowledge More Than
Reasoning

Although scaling law demonstrates scaling improves LLM
capabilities (Kaplan et al. 2020), it is unclear scaling ben-
efits knowledge or reasoning. Therefore, the capability im-
provement from scaling is investigated in Figure 5, with val-
ues representing the relative improvement compared to the
smallest model in each series. Capabilities of knowledge and
reasoning are determined according to Equation 3-5. For
instance, the fast thinking accuracy of Qwen 32B and its
smallest counterpart Qwen 1.5B are 79.5% and 53.9%. The
knowledge improvement from scaling becomes 25.6%.

Scaling Makes Reasoning Significantly More
Prudent and Modestly More Intelligent

Figure 6 demonstrates the different scaling dynamics of
overthinking and correction. In both (a) Qwen and (b)
LLaMA, the overthinking rate 7, significantly decreases
across all domains, while (c) and (d) show that the correction
rate 7. only increases modestly in specific domains.

This phenomenon reveals an asymmetry in the effect of
parameter scaling on different reasoning behaviors. The sub-
stantial reduction in overthinking rate across all domains
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Figure 7: CKA between corresponding layers under slow
and fast thinking. Lower CKA indicates reduced similar-
ity for the given layer. (a, b) Output similarity for Qwen 7B
and LLaMA 8B. (c, d) Attention similarity for Qwen 7B and
LLaMA 8B.

suggests that scaling primarily enhances the model’s pru-
dence — specifically, its ability to avoid introducing noise.
In particular, with larger models possessing greater knowl-
edge capacity, the introduction of erroneous knowledge dur-
ing COT reasoning is reduced, leading to less overthinking.
In contrast, the relatively modest and domain-specific im-
provement in correction rate implies that the correction ca-
pability of LLMs is less responsive to scaling compared to
overthinking. This may reflect the fact that correction in-
volves complex multi-step reasoning, which benefits less
from parameter growth alone and require targeted training.

Reasoning Occurs in Deeper Layers of LLMs

The following reveals a phenomenon termed “cognitive hi-
erarchy”, indicating that knowledge retrieval and reason-
ing adjustment operate at different hierarchical layers within
neural networks. To quantify this, we employ Centered Ker-
nel Alignment (CKA), a measure of neural network similar-
ity (Cortes, Mohri, and Rostamizadeh 2012; Kornblith et al.
2019).

Figure 7 presents the CKA between the same neural net-
work layer under slow and fast thinking, where a lower CKA
indicates reduced similarity for the corresponding layer. (a)
and (b) exhibit output CKA for Qwen 7B and LLaMA 8B,
while (c) and (d) exhibits attention CKA.

All CKA curves exhibit an initial plateau in lower lay-
ers, followed by a decline in higher layers, indicating that
lower layers remain similar across thinking modes, while
higher layers diverge. This pattern suggests that both modes
share knowledge retrieval in lower layers, but slow thinking
additionally engages reasoning adjustment in higher layers.
Thus, our results suggest knowledge retrieval and reasoning
adjustment are primarily localized to lower and higher lay-
ers, respectively.



These findings align with recent studies on knowledge
editing (Zhang, Li, and Wu 2024; Meng et al. 2022a,b),
which identify knowledge as being primarily located in the
lower layers. Our study extends this by demonstrating that
reasoning adjustment occurs in the higher layers.

Related Works

CoT To enhance the reasoning capability of LLMs, CoT
and its variants, including Tree-of-Thought (ToT), Program-
of-Thought (PoT), and Graph-of-Thought, have been pro-
posed (Wei et al. 2022; Yao et al. 2023; Chen et al. 2022;
Besta et al. 2024), which endow LL.Ms with human-like cog-
nitive abilities. Early approaches rely on prompt engineer-
ing to explicitly guide CoT generation, but these methods
suffer from poor generalizability and heavy dependence on
domain expertise. Although techniques like Zero-Shot CoT
and Auto-CoT are proposed (Kojima et al. 2022; Zhang et al.
2022), it remains challenging to endow LLMs with the ca-
pability to automatically generate high-quality CoT.

Reasoning LLMs The emergence of OpenAl’s Ol
demonstrates the feasibility of large models autonomously
generating high-quality Chain-of-Thoughts (CoTs) (Ope-
nAl 2023). While the implementation details of O1 re-
main undisclosed, several researchers have conducted ex-
tensive investigations into its capabilities (Qin et al. 2024;
Huang et al. 2024, 2025b). Initially, researchers propose
utilizing external models to supervise and guide the gen-
eration of CoT (Cobbe et al. 2021). The most representa-
tive methods combine Monte Carlo Tree Search (MCTS)
with process-supervised reward models (Zhang et al. 2024;
Guan et al. 2025). Although these methods effectively en-
hance LLMs’ performance on complex reasoning tasks,
MCTS suffers from prohibitive computational latency (Jiang
et al. 2024), and training process-supervised models re-
quires massive CoT datasets with step-by-step annotations,
which are extremely costly to obtain (Setlur et al. 2024; Lu
et al. 2024; Wang et al. 2023). Subsequent efforts aim to
internalize reasoning capabilities within LLMs themselves.
Studies find that distilling just 3.9K CoT examples ele-
vates a non-reasoning model’s performance to match that of
reasoning-specialized models (Min et al. 2024). Recently,
DeepSeek shows that outcome-based rewards suffice to en-
able LLMs to generate high-quality CoT autonomously, sig-
nificantly reducing the training cost of reasoning-capable
LLMs (Guo et al. 2025; Team 2025; Team et al. 2025). Con-
sequently,LLMs possess not only extensive knowledge but
also advanced reasoning abilities.

Conclusion

We present a cognition attribution architecture that disen-
tangles knowledge and reasoning in LLMs. In this frame-
work, the cognition of LLMs is decomposed into two phase
according to dual-system cognitive theory: knowledge re-
trieval (Phase 1) and reasoning adjustment (Phase 2). Sub-
sequently, LLMs are prompted to generate answers under
different cognitive modes, including fast thinking and slow
thinking. The performance under fast thinking determine
the capability of knowledge retrieval, while the performance
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gain attributed to slow thinking quantifies the capability of
reasoning adjustment. Ultimately, reasoning adjustment is
decomposed into correction and overthinking.

Using this architecture, our findings reveal: (1) reason-
ing adjustment is domain-specific, benefiting reasoning-
intensive domains but potentially harming knowledge-
intensive domains; (2) parameter scaling primarily enhances
both knowledge retrieval and reasoning adjustment, with
reasoning adjustment more significant. Moreover, parameter
scaling make reasoning adjustment significantly more pru-
dent in all domains and modestly more intelligent in specific
domains. (3) knowledge retrieval and reasoning adjustment
are hierarchically organized, residing in lower and higher
network layers, respectively. Our architecture not only of-
fers new a perspective on the cognitive properties of LLMs,
but also provides insights into some existing research, such
as scaling law, hierarchical knowledge editing, and reason-
ing limitations of small model.

Limitations First, our evaluation is limited to multiple-
choice QA; future work should extend the analysis to open-
ended generation. Second, while we study 15 models, ultra-
large models (greater than 100B) are not included. Third,
although we define and quantify knowledge and reasoning
based on the dual-system theory, our methods are still sim-
plified and may not fully capture the underlying mechanisms
in LLMs. Moreover, this study primarily demonstrates the
application of our framework. Although we have observed
some interesting phenomena using the framework, due to
space limitations, a more in-depth exploration is not feasible
at this stage, which remains a direction for future work.
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