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Abstract

Recent LLMs like DEEPSEEK-R1 have demonstrated state-
of-the-art performance by integrating deep thinking and
complex reasoning during generation. However, the internal
mechanisms behind these reasoning processes remain unex-
plored. We observe reasoning LLMs consistently use vocab-
ulary associated with human reasoning processes. We hy-
pothesize these words correspond to specific reasoning mo-
ments within the models’ internal mechanisms. To test this
hypothesis, we employ Sparse Autoencoders (SAEs), a tech-
nique for sparse decomposition of neural network activa-
tions into human-interpretable features. We introduce Rea-
sonScore, an automatic metric to identify active SAE features
during these reasoning moments. We perform manual and au-
tomatic interpretation of the features detected by our met-
ric, and find those with activation patterns matching uncer-
tainty, exploratory thinking, and reflection. Through steering
experiments, we demonstrate that amplifying these features
increases performance on reasoning-intensive benchmarks
(+2.2%) while producing longer reasoning traces (+20.5%).
Using the model diffing technique, we provide evidence that
these features are present only in models with reasoning ca-
pabilities. Our work provides the first step towards a mecha-
nistic understanding of reasoning in LLMs.

Code — https://github.com/AIRI-Institute/SAE-Reasoning
Extended version — https://arxiv.org/abs/2503.18878

1 Introduction
Large Language Models (LLMs) have achieved remark-
able success in natural language processing (Brown et al.
2020), evolving beyond simple token prediction tasks to-
wards explicit reasoning behaviors, such as step-by-step
problem-solving (Wei et al. 2022; Kojima et al. 2022; Wang
et al. 2022) and self-reflection (Madaan et al. 2023; Shinn
et al. 2023). Recently, specialized models which we de-
note as reasoning models, such as OpenAI’s o1 (OpenAI
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Problem: Convert the point (0, 3) in rectangular coordi-
nates to polar coordinates. Enter your answer in the form
(r, θ), where r > 0 and 0 ≤ θ < 2π.

Generation (no steering)
Okay, so I have this problem where I need to convert the
rectangular coordinates (0, 3) to polar coordinates.
{... 1500 tokens ...} ← Reasoning trace
So, putting it all together, (0, 3) in rectangular coordinates
is (3, π/2) in polar coordinates.

Generation (steering)
Okay, so I have this problem here where I need to convert
the point (0, 3) from rectangular (which is the same as
Cartesian) coordinates to polar coordinates.
{... 2000 tokens ...} ← Increased reasoning trace
I think I’ve covered all the bases here. Calculated r,
determined θ, checked using different methods, and even
considered the quadrant placement. I don’t see any issues
with the reasoning. So, I feel confident that the polar
coordinates for the point (0, 3) are (3, π/2) .

Figure 1: Illustration of steering (amplifying) reasoning-
specific features during LLM generation. Default genera-
tion (no steering) shows standard model reasoning, whereas
steering induces increased reasoning, self-correction, and
graceful transition to the final answer—evidence that the
identified features are responsible for the reasoning concept.

2024) and DEEPSEEK-R1 (Guo et al. 2025), have signifi-
cantly improved performance on complex reasoning tasks.
Trained through advanced fine-tuning and reinforcement
learning (Shao et al. 2024), these models incorporate reason-
ing and reflective problem-solving by generating long chains
of thought before providing final answers. These advances
raise a new research question: How are such reasoning ca-
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pabilities internally encoded within LLMs?
A growing body of work suggests that LLMs represent

meaningful concepts as linear directions in their activation
spaces (Mikolov et al. 2013; Elhage et al. 2022; Park, Choe,
and Veitch 2023; Nanda, Lee, and Wattenberg 2023; Jiang
et al. 2024). However, identifying these directions remains
challenging. SAEs offer a principled approach to disentan-
gle activations into sparse, interpretable features (Huben
et al. 2024; Gao et al. 2024b; Templeton 2024; Marks et al.
2024). Given a trained SAE, the interpretation of its fea-
tures could be performed by activation analysis (Bricken
et al. 2023), targeted interventions (Templeton 2024), or au-
tomated methods (Paulo et al. 2024; Kuznetsov et al. 2025).
While SAEs have proven effective in discovering features
for various concepts (Shu et al. 2025), their ability to isolate
reasoning-specific features remains unexplored.

In this work, we investigate whether reasoning processes
in reasoning LLMs can be identified and decomposed into
interpretable directions within their activation spaces. We
analyze the outputs produced by these models, and find
a consistent pattern in which they employ words associ-
ated with human reasoning processes: uncertainty (e.g. “per-
haps”), reflection (e.g. “however”), and exploration (e.g. “al-
ternatively”) (Chinn and Anderson 1998; Boyd and Kong
2017; Gerns and Mortimore 2025). We hypothesize that
these linguistic patterns correspond to the moments of rea-
soning within the models’ internal mechanisms. To test this,
we construct a vocabulary of reasoning words. We then use
SAEs to decompose LLM activations into interpretable fea-
tures and propose ReasonScore, a metric that quantifies
the degree to which a given SAE feature is active on the rea-
soning vocabulary.

We evaluate the features identified by ReasonScore
using manual (Bricken et al. 2023) and automatic inter-
pretation (Kuznetsov et al. 2025) techniques, and find the
set of 46 features that demonstrate interpretable activation
patterns corresponding to uncertainty, exploratory thinking,
and reflection. We perform steering experiments (Fig. 1)
and show that amplifying these reasoning features leads
to improved performance on reasoning-intensive bench-
marks (+13.4% on AIME-2024, +2.2% on MATH-500, and
+4% on GPQA Diamond) while producing longer reasoning
traces (+18.5% on AIME-2024, +20.5% on MATH-500,
and +13.9% on GPQA Diamond). Through model diffing
(Bricken et al. 2024), we demonstrate that these reasoning
features emerge only in reasoning LLMs and are absent in
base models. Our results provide mechanistic evidence that
specific, interpretable components in LLMs representations
are causally linked to reasoning behavior.

The contributions of this paper are the following:

• We introduce ReasonScore, an automatic metric to
identify the SAE features responsible for reasoning
and confirm its effectiveness using interpretability tech-
niques.

• We provide causal evidence from steering experiments,
demonstrating that amplifying identified features induces
reasoning behavior.

• We analyze the emergence of reasoning features in LLMs

through model diffing technique, and confirm their exis-
tence only after the reasoning fine-tuning stage.

2 Interpretability with SAEs
SAEs aim to learn a sparse decomposition of model acti-
vations to identify disentangled features that correspond to
meaningful concepts (Bricken et al. 2023). Here, a feature
refers to an individual component of the learned representa-
tion that captures specific, human-interpretable characteris-
tics of the input data.

The core idea behind SAEs is to reconstruct model acti-
vations x ∈ Rn as a sparse linear combination of learned
feature directions, where the feature dictionary dimension-
ality m ≫ n. Formally, we extract LLM activations from
some intermediate state in the model and train a two-layer
autoencoder:

f(x) = σ(Wencx+ benc),

x̂(f) = Wdecf + bdec.
(1)

Here, f(x) ∈ Rm is a sparse vector of feature magnitudes
and x̂(f) ∈ Rn is a reconstruction of the original activation
x. The columns of Wdec, which we denote by Wdec,i, i =
1, ..., m, represent the dictionary of directions, or features,
into which the SAE decomposes x. The activation function
σ enforces non-negativity in f(x).

The training objective used to train SAEs minimizes a re-
construction lossLrecon and an additional sparsity-promoting
loss Lsparsity. This objective forces SAE to learn a small set
of interpretable features that capture the distinct properties
of the activations.

In our work, we use vanilla SAE (Bricken et al. 2023) with
ReLU activation function. Following (Conerly et al. 2024),
we use a squared error reconstruction loss and a modified L1
penalty as a sparsity loss:

L = ∥x− x̂∥22︸ ︷︷ ︸
Lrecon

+λ
∑m

i=1
fi ∥Wdec,i∥2︸ ︷︷ ︸
Lsparsity

, (2)

where λ is the sparsity penalty coefficient.

3 Method
We identify reasoning-specific features through a two-step
approach. First, we examine the language space of reason-
ing words used by reasoning LLMs, and construct the re-
spective vocabulary R (Sec. 3.1). Secondly, we introduce
ReasonScore to find the sparse autoencoder features re-
sponsible for reasoning capabilities (Sec. 3.2).

3.1 Reasoning Vocabulary
Reasoning words are linguistic features associated with ex-
ploratory talk as humans talk-to-learn, explore ideas, and
probe each other’s thinking (Boyd and Kong 2017).

In the original DEEPSEEK-R1 paper (Guo et al. 2025),
the authors demonstrated that the model spontaneously ex-
hibits sophisticated human-like behaviors, such as reflec-
tion, where it revisits and reevaluates its previous steps, and
exploration of alternative problem-solving approaches. In
particular, the model explicitly employs words that mirror
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Figure 2: The distribution of top 40 words with the greatest
change in frequency between reasoning traces of DeepSeek-
R1 and ground-truth solutions of math problems. Orange
dots show the frequency from Google Books Ngram Cor-
pus. We remove the words with absolute frequency above
the pre-defined threshold (orange line), and keep those with
the high relative frequency indicating reasoning.

the introspective language humans use when thinking (such
as “maybe”, “but”, “wait”). We hypothesize that these mo-
ments correspond directly to the internal reasoning process
of the models, which is consistent with studies on human
thinking (Chinn and Anderson 1998; Boyd and Kong 2017).

To extract the models’ reasoning vocabulary, we use an
approach similar to that of (Rayson and Garside 2000).
We construct two corpora from the OPENTHOUGHTS-114K
(Thoughts 2025) dataset: ground-truth samples containing
formal and step-by-step solutions to the problems, and the
solutions obtained using DEEPSEEK-R1 for the same prob-
lems. For each word, we calculate its frequency in the tasks
solutions psolution and in the thinking solutions pthink, then
sort all words by the frequency difference pthink − psolution.

Next, we select the top-k words by frequency difference,
where k is determined by the point where the frequency dis-
tribution plateaus, and filter out words with high presence
in the Google Books Ngram Corpus (Michel et al. 2011)
(Fig. 2). To determine the final vocabulary from this candi-
date set, we choose words that best capture reasoning behav-
ior. This includes words that match those considered in the
linguistic literature (Chinn and Anderson 1998; Boyd and
Kong 2017) and those that we identify through manual anal-
ysis of model traces exhibiting reasoning patterns.

Following this pipeline, we select 10 words indicating
reasoning as models’ reasoning vocabulary and denote it by
R. The exact list of words can be found in Appx. A.1. Abla-
tion experiments confirm these words play a functional role
in reasoning capabilities (see Sec. 4.3 for setup, Appx. A.2
for results).

3.2 ReasonScore
To find SAE features that capture reasoning-related
behavior, we follow our hypothesis and introduce
ReasonScore, which measures the contribution of
i-th feature to reasoning. Using a dataset of model’s activa-
tions (see details in Sec. 4.1) D = DR ∪ D¬R, where DR
contains token activations corresponding to words in R and
D¬R contains all other activations, we first define a score:

si =
µ(i,DR)∑
j µ(j,DR)

− µ(i,D¬R)∑
j µ(j,D¬R)

, (3)

where µ(i,D) = 1
|D|

∑
x∈D fi(x) is the average activation

value of the i-th feature on dataset D. This score is similar
to the one in (Cywiński and Deja 2025) and identifies fea-
tures that concentrate the most of their activation mass on
reasoning words.

However, analysis of feature activations only on individ-
ual words may miss important contextual information. The
words in R are critical indicators of the reasoning process
and also serve as transition points, signaling shifts in the
thought process, uncertainty, or reflection. Therefore, a fea-
ture involved in reasoning should activate not only on the
reasoning words, but also as the model approaches and con-
tinues through these transitions. To capture it, we defineDW

R
as the dataset that contains activations within a fixed-width
context window around tokens corresponding to words inR,
and DW

¬R contains all other activations. We modify Eq. 3 to
use the new version of the datasets.

To penalize features that activate only on a small fraction
of R, we further introduce an entropy penalty. For i-th fea-
ture, we first calculate µ(i,DW

rj ) for each word rj ∈ R, nor-
malize these values into a probability distribution pi(rj) =

µ(i,DW
rj

)∑
k∈R µ(i,DW

rk
) , and compute the entropy:

Hi = −
1

log |R|
·
|R|∑
j

pi(rj) log pi(rj). (4)

Here, log |R| normalizes the entropy to [0, 1], with Hi = 1
indicating perfect uniformity overR. By adding the entropy
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(a) Top-activating examples from the manually verified set of fea-
tures.

0 4 8 12 16
Features in Group (%)

Other Behavior

Exploration of Multiple Methods

Symbolic vs Numerical Reasoning

Edge Case and Constraint Handling

Causal Chaining, Scientific Context

Self-Correction, Backtracking

Numerical Accuracy, Validation

Reasoning Depth, Thoroughness

Structural and Logical Organization

Semantic Elaboration, Conceptual Depth

(b) Distribution of manually verified set of features on function
groups generated by GPT-4o.

Figure 3: Interpretability results for manually verified set of features in our SAE: (a) Examples of feature interfaces used in
manual interpretation experiments, (b) Distribution of reasoning features on function groups obtained by automatic interpreta-
tion pipeline by using GPT-4o as a judge.

penalty in Eq. (3), we define the ReasonScore for the i-th
SAE feature as:

ReasonScorei =
µ(i,DW

R)∑
j µ(j,DW

R)
·Hα

i

− µ(i,DW
¬R)∑

j µ(j,DW
¬R)

.

(5)

where α controls the trade-off between specificity (α → 0)
and generalization (α > 1).

We identify the set of reasoning features in a SAE based
on their ReasonScore and define the corresponding set of
feature indices as:

FR = {i | i ∈ [1,m], ReasonScorei > τ}, (6)

where τ is the q-th quantile of the ReasonScore distribu-
tion across all features.

4 Evaluation
In this section, we analyze how effectively our discov-
ered features model reflection, uncertainty, and exploration
within the reasoning model. We discuss our experimental
setup (Sec. 4.1), perform manual and automatic interpreta-
tion of the features we find (Sec. 4.2), and conduct steer-
ing experiments with these features on various benchmarks
(Sec. 4.3). Finally, we apply the model diffing technique to
demonstrate that these features exist only in models with
reasoning capabilities (Sec. 4.4).

4.1 Experimental Setup
Model. We apply SAE to the output activations from the
19-th layer of the DEEPSEEK-R1-LLAMA-8B model. This
model was selected for its reasoning capabilities and open-
source availability. The 19-th layer (≈ 60% model depth)
was chosen because at this point LLMs predominately store
the most of their knowledge (Chen et al. 2023; Jin et al.
2025). We provide results for other layers of DEEPSEEK-
R1-LLAMA-8B and another model family in Appx. D.

Data. We train SAE on the activations of the model gen-
erated using text data from the LMSYS-CHAT-1M (Zheng
et al. 2023) and OPENTHOUGHTS-114K (Thoughts 2025)
datasets. The first provides a broad and diverse spectrum of
real-world text data, which we denote as base data, while
the latter provides high-quality reasoning traces generated
by DEEPSEEK-R1 for math, science, code, and puzzle sam-
ples, which we denote as reasoning data. The SAE is trained
on 1B tokens, evenly split between the two datasets, with a
context window of 1,024 tokens.

Training. We set the SAE dictionary dimensionality to
m = 65,536, which is 16 times larger than the model
activation size n = 4,096 following established practices
(Lieberum et al. 2024), and adopt the same training settings
as in the Anthropic April update (Conerly et al. 2024). We
train with the Adam optimizer (Kingma and Ba 2014) with
(β1, β2) = (0.9, 0.999), batch size of 4,096, and a learn-
ing rate η = 5× 10−5. The learning rate is decayed linearly
to zero over the last 20% of training. The gradient norm is
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clipped to 1. We use a linear warmup for the sparsity coeffi-
cient from λ = 0 to λ = 5 over the first 5% training steps.

Evaluation. We use the mean L0-norm of latent activa-
tions, Ex∥f(x)∥0, as a measure of sparsity. To measure re-
construction quality, we use fraction of variance of the in-
put explained by the reconstruction. Both metrics were com-
puted on 2,048 sequences of length 1,024.

At a L0 of 85 the reconstruction of our SAE explains
84.2% of the variance in model activations. This shows that
our SAE achieves reliable reconstruction performance at a
low sparsity level, allowing a decomposition of raw activa-
tions into interpretable features.

ReasonScore. We calculate ReasonScore (Eq. 5) on
10M tokens from the OPENTHOUGHTS-114K dataset. To
collect DW

R, we use an asymmetric window with 2 preced-
ing and 3 subsequent tokens, following established practices
in keyphrase extraction (Mihalcea and Tarau 2004; Breidt
1993; Zhang et al. 2020). We set α = 0.7 for the entropy
penalty as a reasonable default. Based on the empirical anal-
ysis of ReasonScore distribution (see Appx. A.3), we set
q = 0.997 in Eq. (6), resulting in |FR| = 200 features.

4.2 Interpretability of Reasoning Features

Manual Interpretation. To evaluate the features identi-
fied by ReasonScore, we manually interpret each of the
200 features in FR. For each feature, we find the exam-
ples in a subset of the OPENTHOUGHTS-114K corpus that
caused the feature to activate, and construct the interface
proposed in (Bricken et al. 2023). This mainly includes ex-
amples of when the feature activates, its effect on the logits
when it does, and other statistics. We determine whether a
feature qualifies as a good reasoning candidate if: (1) when
it is active, the relevant concept is reliably present in the con-
text, (2) it triggers in various examples of reasoning tasks,
and (3) its activation impacts interpretable logits that corre-
spond to reasoning processes.

Through our analysis, we identify three behavioral modes
that characterize models’ reasoning process:

• Uncertainty: Moments where the model exhibits hesita-
tion, doubts, and provisional thinking

• Exploration: Moments where the model considers mul-
tiple possibilities, connects ideas, examines different per-
spectives

• Reflection: Moments where the model revisits and
reevaluates its previous steps

Our manual analysis reveals a set of 46 features that ex-
hibit these patterns, which we believe are responsible for the
reasoning mechanisms of the model. We denote this set by
Fmanual

R ⊂ FR. In Fig. 3a, we provide examples of feature
interfaces used for interpretation. The results demonstrate
features that consistently activate in contexts representing
model’s uncertainty (#61104), exploration (#25953), and
reflection (#4395,#46691). Additional examples of inter-
faces can be found in Appx. B.1.

Feature #
AIME 2024 MATH-500 GPQA

Diamond

maj@4 K maj@4 K maj@4 K

NS 53.3 12.4 93.2 3.9 50.0 7.9

3942 56.7 11.1 93.0 3.4 46.5 6.7
4395 56.7 14.7 95.4 4.1 52.0 8.5
16441 60.0 14.0 95.0 4.1 54.0 8.3
16778 56.7 14.1 94.0 4.7 51.0 9.0
25953 60.0 12.8 94.2 4.2 53.0 8.1
46691 56.7 14.0 94.2 4.2 54.0 8.0
61104 66.7 12.0 95.0 3.6 53.0 7.5

Table 1: Performance and average number of output tokens
(K) for different steering experiments on reasoning-related
benchmarks. NS stands for “No steering”.

Automatic Interpretation. To complement our manual
analysis, we annotate these features with an automatic in-
terpretation pipeline (Kuznetsov et al. 2025). This approach
employs feature steering, a technique that modulates feature
activations to analyze their functional influence. For each i-
th feature, we estimate its maximum activation fmax

i using
a subset of the OPENTHOUGHTS-114K corpus. During re-
sponse generation, we modify model activations as follows:

x′ = x+ γfmax
i Wdec,i, (7)

where γ controls the steering strength.
To evaluate the impact of i-th feature on reasoning ca-

pabilities, we generate multiple outputs by varying γ ∈
[−4, 4], pass them to GPT-4O, and ask it to generate an
explanation or function that best describes the semantic in-
fluence caused by steering a feature. The result, shown in
Fig. 3b, reveals that the features we found group into distinct
reasoning-related patterns. Only a small fraction of features
from Fmanual

R (5) was assigned to a mixed class “Other Be-
havior” containing mixed explanation. We provide a more
comprehensive description of auto-interpretability pipeline
results in Appx. B.2.

Takeaway 1. Manual interpretation experiments con-
firm that ReasonScore identifies features that describe
model’s reasoning capabilities, revealing 46 features that
represent uncertainty, exploration, and reflection. Automatic
interpretation demonstrates that these features are causally
linked to reasoning behavior.

4.3 Steering Reasoning Features
To demonstrate whether our interpretations of features de-
scribe their influence on model behavior, we further experi-
ment with feature steering.

Our goal is to verify if steering reasoning features im-
prove the LLM’s performance on reasoning-related bench-
marks. Following the setup in DEEPSEEK-R1, we evalu-
ate performance on AIME 2024 (MAA 2024), MATH-500
(Hendrycks et al. 2021), and GPQA Diamond (Rein et al.
2023). To obtain steering results for i-th feature, we mod-
ify the activations during response generation according to
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Eq. (7). To determine the optimal steering strength that can
influence model outputs without significantly damaging ca-
pabilities, we ran evaluations with a small subset of 10
reasoning features on MATH-500. We varied the steering
strength γ from 1 to 8. Based on these experiments, we de-
termined the optimal range γ ∈ [1, 3], which aligns with the
findings in (Durmus et al. 2024). For all subsequent experi-
ments, we set the steering strength γ = 2.

We perform a preliminary analysis to identify the most
promising features for reasoning enhancement from our set
of manually chosen features Fmanual

R . For each feature, we
measure the accuracy (or pass@1 (Chen et al. 2021)) on
MATH-500 and evaluate the results. Of the 46 features, 9
improve performance by ≥ 0.5%, 29 show no or minimal
performance degradation (≤ 2.0), and the remaining 8 de-
crease performance by at most 4%. Interestingly, we iden-
tify feature #3942, which produces substantially shorter re-
sponses while maintaining negligible performance degrada-
tion. For further analysis, we select the 9 top-performing fea-
tures and feature #3942.

We evaluate these 10 features across all reasoning bench-
marks. We report majority voting (Snell et al. 2024; Brown
et al. 2024) across 4 responses and the average number of to-
kens generated during the model’s thinking process. The re-
sults, shown in Tab. 1, demonstrate that steering 7 out of 10
features produces consistent improvements in both perfor-
mance and reasoning depth. Feature #61104 yields the most
significant performance gain on AIME-2024 (+13.4%).
Feature #16778 produces the longest reasoning traces on
average (+13.7% on AIME-2024, +20.5% on MATH-500,
and +13.9% on GPQA Diamond) and consistently outper-
forms the “no steering” baseline. Feature #3942 produces
shortest reasoning traces on average (−7.7%) with minor
performance degradation. We provide examples of gener-
ated solutions without and with feature steering in Appx. C.

Takeaway 2. We find that amplifying certain reasoning
features prolongs the internal thought process and correlates
with increased performance on reasoning-related tasks.

4.4 Stage-wise Emergence of Reasoning Features
Our interpretation experiments (Sec. 4.2) revealed that fea-
tures identified by ReasonScore exhibit activation pat-
terns consistent with reasoning processes. The steering ex-
periments (Sec. 4.3) provided causal evidence by demon-
strating that amplification of these features improves per-
formance on reasoning-intensive benchmarks. Given these
findings, we now aim to answer the next important question:
do these reasoning features naturally emerge during stan-
dard pre-training procedure, or are they specifically induced
by the reasoning fine-tuning process?

To answer this question, we use the stage-wise fine-tuning
(FT) technique proposed in (Bricken et al. 2024). This ap-
proach aims to isolate how features evolve across different
model and dataset combinations. In our experiments, we ex-
amine how the features change between two model states:
before (base model) and after (reasoning model) reasoning
fine-tuning stage. We accomplish this by training a SAE on
the base model before it has been fine-tuned, and then fine-
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Figure 4: Percentage of reasoning features present at each
stage of the diffing pipeline. The blue bars represent the fea-
tures from FR, the orange bars represent the Fmanual

R fea-
tures. Feature is considered present if its cosine similarity
with any feature in corresponding stage’s SAE is ≥ 0.7.
Stages: (S) Base model + base data; (S→D) Base model
+ reasoning data; S→M Reasoning model + base data;
(S→D/M→F) Reasoning model + reasoning data.

tuning it on either the reasoning model or the fine-tuning
data. Formally, we define four distinct stages:

Stage S: base model + base data (starting point).
Stage D: base model + reasoning data (isolating dataset ef-

fects).
Stage M: reasoning model + base data (isolating model ef-

fects).
Stage F: reasoning model + reasoning data (full FT).

We analyze these changes through two fine-tuning trajec-
tories, each involving two sequential fine-tuning stages: (1)
S→D→F takes initial SAE (Stage S), fine-tunes it on rea-
soning data (S→D), and finally fine-tunes on both reasoning
model and reasoning data (D→F); (2) S→M→F takes ini-
tial SAE (Stage S), fine-tunes it on reasoning model (S→M),
and finally fine-tunes on both reasoning model and rea-
soning data (M→F). If reasoning features are present only
in reasoning models, we should observe the emergence of
these features in response to both reasoning model and rea-
soning data (Stage F). This corresponds to the final steps of
the fine-tuning trajectories: (S→D/M→F).

We use LLAMA-3.1-8B (Grattafiori et al. 2024) as the
base model and SLIMPAJAMA (Soboleva et al. 2023) as
base data, chosen over LMSYS-CHAT-1M because it bet-
ter matches the model’s pre-training distribution of LLAMA-
3.1-8B. Each stage follows the setup in Sec. 4.1, with fine-
tuning stages consuming 30% of the tokens needed for train-
ing from scratch. For each i-th feature in FR, we assess its
presence at each stage by cosine similarity (cos) between
feature vectors, considering it present if cos ≥ 0.7 with any
feature in the stage’s SAE (Bricken et al. 2024).

Fig. 4 shows the percentage of reasoning features present
at each fine-tuning stage. We find that the reasoning fea-
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tures are almost absent in the base model and after switch-
ing to the reasoning model (0% of manually verified fea-
tures Fmanual

R ). When introducing the reasoning data to the
base model (S→D), only 4% of the verified reasoning fea-
tures emerge, indicating that exposure to the reasoning con-
tent alone is insufficient to develop these features. Finally,
when we incorporate both the reasoning data and the rea-
soning model, we observe that 60% of the verified reason-
ing features appear in the (S→D→F) stage and 51% in the
(S→M→F) stage. The noticeable increase in the presence of
features only when both reasoning data and model are com-
bined provides compelling evidence that ReasonScore
identifies features associated with the model’s reasoning
processes rather than general capabilities.

Takeaway 3. We show that most of the features found by
ReasonScore emerge only after the reasoning fine-tuning
stage. Exposure to the reasoning data or reasoning model
alone is insufficient to develop these features.

5 Related Work
5.1 Mechanistic Interpretability (MI)
Various methods exist to shed light on the inner workings
of LLMs, including attention analysis (Vaswani et al. 2017),
gradient-based methods (Simonyan, Vedaldi, and Zisserman
2014), and probing techniques that offer insights into the in-
formation captured within different layers of an LLM (Alain
and Bengio 2016). MI techniques such as activation patch-
ing (Meng et al. 2022) and feature steering (Cao et al. 2024;
Soo, Teng, and Balaganesh 2025) aim to reverse-engineer
and control model behavior. The logit lens provides a way to
observe the model’s token predictions at different processing
stages (Nostalgebraist 2020).

5.2 Sparse Autoencoders
SAEs have emerged as a key tool for understanding the inter-
nal representations of LLMs (Gao et al. 2024a; Huben et al.
2024). By learning a sparse decomposition of model activa-
tions, SAEs identify disentangled features that correspond
to meaningful concepts (Marks et al. 2024).

SAE features are significantly more monosemantic than
individual neurons, making them effective for MI (Leask
et al. 2025). A key challenge in using SAEs for MI is ensur-
ing that the extracted features are monosemantic and robust.
Yan et al. (Yan et al. 2024) propose using feature decorrela-
tion losses to enforce better separation between learned la-
tents, preventing redundancy. Recent advances in cross-layer
SAEs (Shi et al. 2025) enable the analysis of more abstract,
high-level reasoning patterns across multiple layers.

SAEs are valuable for analyzing model development
across training. Crosscoders (Lindsey et al. 2024) map fea-
tures across checkpoints, while stage-wise diffing (Bricken
et al. 2024) compares SAEs trained at different stages. We
use diffing for its efficiency and simplicity, extending prior
sleeper-agent analyses to reasoning behavior.

5.3 Reasoning LLMs
Recent LLM innovations have focused on models with ex-
plicit reasoning abilities, including OpenAI’s o1 (OpenAI

2024), DEEPSEEK-R1 (Guo et al. 2025), and QWQ-32B-
PREVIEW (Team 2024). These methods employ rule-based
reinforcement learning using correctness scores (final an-
swer accuracy) and format scores (output structure compli-
ance), leading to advanced reasoning behaviors like self-
correction and reflection, denoted as an “aha moment” in
the DEEPSEEK-AI report (Guo et al. 2025).

Despite the success of rule-based reinforcement learning
in enabling reasoning capabilities, how these models encode
their internal reasoning remains unclear. We address this
problem using SAEs to find interpretable features responsi-
ble for underlying reasoning mechanisms, which, to the best
of our knowledge, has not been done yet.

6 Conclusion
In this work, we present a novel methodology for uncover-
ing reasoning mechanisms in LLMs through SAEs. We in-
troduce ReasonScore, a metric that identifies reasoning-
related SAE features based on their activation patterns using
a curated introspective vocabulary. Manual and automatic
MI reveal features corresponding to uncertainty, exploratory
thinking, and self-reflection. Through steering experiments,
we provide causal evidence that certain features selected
by ReasonScore directly correspond to the model’s rea-
soning behaviors. Amplifying them prolongs the internal
thought process and increases performance on reasoning-
related benchmarks. Stage-wise analysis confirms that these
features emerge only after reasoning fine-tuning. Our work
provides the first mechanistic evidence that specific, inter-
pretable components of LLM representations are causally
linked to complex reasoning behaviors.

7 Limitations
ReasonScore. Our metric depends on hyperparameters
(window size, entropy penalty α) that require further ab-
lation studies. Of the 200 candidates, we found 46 inter-
pretable features. Although other features can also con-
tribute to reasoning, we could not confidently classify them
due to ambiguous activation patterns. Finally, our reason-
ing vocabulary may not capture all reasoning patterns. These
limitations suggest opportunities for future work.

SAEs. SAEs provide a powerful interpretability frame-
work. However, it suffers from problems that complicate the
extraction of fully interpretable features (Chanin et al. 2024;
Leask et al. 2025). This may cause us to miss some features.

Emergence of Reasoning Features. Although the results
in Sec. 4.4 support our hypothesis, we acknowledge cer-
tain limitations of the diffing approach. The cosine similar-
ity threshold (0.7) is empirically chosen following the initial
work, and may miss similar features if the representation is
rotated during one of the fine-tuning stages. Only 60% of
the verified features (and 78% of the FR features) appeared
in the final stage, likely due to fine-tuning SAE rather than
training from scratch. These limitations show that our ap-
proach can result in false negative and false positive predic-
tions. However, we believe that our primary finding remains
valid even under these limitations.
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