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Abstract

Thinking LLMs produce reasoning traces be-
fore answering. Prior activation steering work
mainly targets on shaping these traces. It re-
mains less understood how answer tokens actu-
ally read and integrate the reasoning to produce
reliable outcomes. Focusing on quantitative
reasoning, we analyze the answer-to-reasoning
attention and observe a benign self-reading pat-
tern aligned with correctness, characterized by
a forward drift of the reading focus along the
reasoning trace and a persistent concentration
on key semantic anchors, whereas incorrect so-
lutions exhibit diffuse and irregular attention
pattern. We interpret this as internal certainty
during answer decoding, where the model com-
mits to a viable solution branch and integrates
key evidence. Following this, we propose a
training-free steering method driven by Self-
Reading Quality (SRQ) scores combining geo-
metric metrics for process control with seman-
tic metrics for content monitoring. SRQ selects
data to build steering vectors that guide infer-
ence toward benign self-reading and away from
uncertain and disorganized reading. Experi-
ments show that our method yields consistent
accuracy gains.

1 Introduction

Thinking LLMs (a.k.a. reasoning models), such
as DeepSeek-R1, GPT-5, and Gemini 3 series, ex-
hibit strong quantitative reasoning abilities and typ-
ically generate a reasoning trace (e.g., separated
by </think>) before the final answer (Wu et al.,
2025). To control these models, activation steer-
ing emerges as a powerful, training-free interven-
tion method for modulating latent representations.
While proven robust for general alignment tasks
like eliciting honesty (Eshuijs et al., 2025) and en-
suring instruction following (Stolfo et al., 2025),
recent work adapts steering techniques to optimize
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the reasoning traces of thinking LLMs for inter-
preting internal mechanisms (Venhoff et al., 2025),
compressing verbose outputs (Azizi et al., 2025),
eliciting extended capabilities (Zhao et al., 2025b),
and calibrating reliability (Chen et al., 2025).

Despite these efforts, it remains unclear how an-
swer tokens actually read the reasoning trace. An
inspiring analysis (Zhang et al., 2025) confirms the
existence of attention links between answer tokens
and reasoning tokens, but there is still a lack of
exploration of how answer tokens navigates noise
and leverages key information from the reasoning
trace during decoding. This issue is particularly im-
portant in thinking LLMs where reasoning chains
often span thousands of tokens.

To understand how answer tokens read and
utilize reasoning tokens, we investigate the self-
reading behavior of thinking LLMs by conduct-
ing an attention analysis on quantitative reason-
ing tasks. We identify a stable, structured read-
ing pattern emerging in the middle-to-late layers,
correlating strongly with correctness. In correct
samples, rather than scanning the entire trace in-
discriminately, the answer tokens exhibit a benign
self-reading mode characterized by two features:
(i) a progressive forward shift of the attention cen-
troid (or reading focus) toward later reasoning po-
sitions as decoding proceeds, and (ii) a persistent
concentration on key semantic anchors, such as
constraints, solution plans, and conclusions.

Figure 1 visualizes a typically benign self-
reading pattern observed in a correct solution. In
the answer panel, the shading shows that the read-
ing focus of answer tokens moves forward along
the reasoning trace: bluer tokens attend to earlier
positions (e.g., “Angles A and B are supplemen-
tary”), while purpler tokens attend later steps (e.g.,
“\boxed{160} degrees”). The reasoning panel high-
lights intense attention on key semantic steps (e.g.,
“Recall knowledge” and “Plan the solution”). As
the answer is decoded, the dependency centroid

30150



Question
Angles A and B are supplementary. If the measure of angle A is 8 times angle B, what is the measure of angle A?

Reasoning
Okay, so I have this problem here: Angles A and B are supplementary. Angle A is 8 times angle B. I need to find the measure of angle A. Hmm, let me
think about how to approach this. First, I remember that supplementary angles add up to 180 degrees. So, if A and B are
supplementary, then A + B = 180 degrees. That part is clear. Now, the problem also says that angle A is 8 times angle B. So, A =
8B. That gives me a relationship between the two angles. Wait, so I have two equations here: 1. A + B = 180 2. A = 8B Hmm, this looks like a system of
equations. Maybe I can substitute the second equation into the first one. Let me try that. If A is equal to 8B, then I can replace A in the first equation with
8B. So, substituting, I get: 8B + B = 180 Let me compute that. 8B plus B is 9B. So, 9B = 180 degrees. Now, to find the value of B, I
can divide both sides by 9. B = 180 / 9 Calculating that, 180 divided by 9 is 20. So, B is 20 degrees. Wait, so angle B is 20 degrees. But the question is
asking for angle A. Since A is 8 times B, I can compute A as: A = 8B = 8 * 20 = 160 degrees. Let me double-check my work to make sure I didn't make a
mistake. If A is 160 degrees and B is 20 degrees, do they add up to 180? 160 + 20 is 180, which checks out. Also, 160 is 8 times 20,
so that seems correct. I think that's the right answer. So, angle A is 160 degrees. **Final Answer** The measure of angle A is \boxed{160} degrees. 

Okay, so I have this problem here: Angles A and B are supplementary. Angle A is 8 times angle B. I need to find the measure of angle A. Hmm, let me
think about how to approach this. First, I remember that supplementary angles add up to 180 degrees. So, if A and B are
supplementary, then A + B = 180 degrees. That part is clear. Now, the problem also says that angle A is 8 times angle B. So, A =
8B. That gives me a relationship between the two angles. Wait, so I have two equations here: 1. A + B = 180 2. A = 8B Hmm, this looks like a system of
equations. Maybe I can substitute the second equation into the first one. Let me try that. If A is equal to 8B, then I can replace A in the first equation with
8B. So, substituting, I get: 8B + B = 180 Let me compute that. 8B plus B is 9B. So, 9B = 180 degrees. Now, to find the value of B, I
can divide both sides by 9. B = 180 / 9 Calculating that, 180 divided by 9 is 20. So, B is 20 degrees. Wait, so angle B is 20 degrees. But the question is
asking for angle A. Since A is 8 times B, I can compute A as: A = 8B = 8 * 20 = 160 degrees. Let me double-check my work to make sure I didn't make a
mistake. If A is 160 degrees and B is 20 degrees, do they add up to 180? 160 + 20 is 180, which checks out. Also, 160 is 8 times 20,
so that seems correct. I think that's the right answer. So, angle A is 160 degrees. **Final Answer** The measure of angle A is \boxed{160} degrees. 

Grasp the question
Recall knowledge

Plan the solution

Reflect & verify

Confirm the answerAnswer
Angles A and B are supplementary, meaning they add up to 180 degrees. We are given that A is 8 times B . This gives us the following system of
equations: 1. A + B = 180 2. A = 8B Substituting the second equation into the first, we get: \[ 8B + B = 180 \] Combining like terms, we have: \[ 9B =
180 \] Solving for B : \[ B = \frac{180}{9} = 20 \] Now, using the second equation to find A : \[ A = 8B = 8 \times 20 = 160 \] Thus, the measure of angle
A is \boxed{160} degrees.

Angles A and B are supplementary, meaning they add up to 180 degrees. We are given that A is 8 times B . This gives us the following system of
equations: 1. A + B = 180 2. A = 8B Substituting the second equation into the first, we get: \[ 8B + B = 180 \] Combining like terms, we have: \[ 9B =
180 \] Solving for B : \[ B = \frac{180}{9} = 20 \] Now, using the second equation to find A : \[ A = 8B = 8 \times 20 = 160 \] Thus, the measure of angle
A is \boxed{160} degrees.
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Figure 1: Visualization of benign self-reading in the middle-to-late layers of R1-Distill-Llama-8B. The example is
selected from the GSM8K (Cobbe et al., 2021) benchmark. The answer panel colors tokens from blue to purple
based on the attention centroid location to show the forward shift. The centroid is defined as the weighted average
center of an answer token’s attention distribution across reasoning tokens. The reasoning panel uses a gradient from
yellow to red to indicate stronger attention accumulation from the answer tokens on pivotal semantic anchors.

gradually shifts toward later reasoning positions.
Simultaneously, attention repeatedly returns to key
semantic anchors like reflections and conclusions.

These behaviors reveal that thinking LLMs
strategically read their own reasoning traces during
answer generation. We interpret this benign self-
reading as a behavioral signature of internal cer-
tainty: by the answer stage, the model has commit-
ted to a particular solution path and relies on a few
key reasoning steps, e.g., problem constraints and
conclusions, as the evidence for answer generation.
This interpretation aligns with classic cognitive the-
ories (Nelson, 1990; Koriat, 1997) that cognition
involves a meta-level that processes information de-
rived from object-level execution based on internal
states by control and monitoring. In this analogy,
reasoning tokens implement object-level computa-
tion, while answer tokens function as a meta-level
operation that reads and distills the reasoning trace
to support generation. The progressive forward
drift of the attention centroid reflects control: the
model advances its reading focus along a chosen
branch instead of wandering. Meanwhile, the per-
sistent focus on semantic anchors implements mon-
itoring by repeatedly revisiting the evidence that
supports the answer tokens. Benign self-reading
thus marks a stable, orderly, and internally con-
fident state that typically coincides with correct
solutions. In contrast, disorganized attention in
incorrect solutions signals cognitive uncertainty.
Section 5.7 will show an example.

Building upon these insights, we propose a steer-

ing method driven by Self-Reading Quality (SRQ)
scores to formalize and promote benign reading
behaviors. SRQ measures the quality of a model’s
self-reading from both geometric and semantic di-
mensions. The geometric dimension captures the
process structure of control strategies, where met-
rics represent decisive execution along a solution
path. The semantic dimension assesses the con-
tent grounding of monitoring quality by verifying
whether the attended reasoning token is a critical
step. By selecting samples with different SRQ
scores, we construct steering vectors that guide
LLMs toward benign self-reading and away from
disorganized patterns associated with cognitive un-
certainty. Our experiments on a range of thinking
LLMs show that our method consistently boosts
accuracy by steering the models toward a more
decisive and grounded answer stage.

Our main contributions are outlined as follows:

• We identify the benign self-reading pattern
during answer decoding on quantitative rea-
soning tasks. The pattern reflects the internal
certainty and affects correctness.

• We propose an SRQ-driven steering method.
It guides the model toward more certain and
well-organized self-reading patterns.

• We evaluate our method on multiple quanti-
tative reasoning benchmarks. Results show
an accuracy improvement up to 2.6% over
the base LLMs, confirming the link between
self-reading and answer correctness.
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Figure 2: Attention visualization of benign self-reading on GSM8K. Rows show R1-Distill-Llama-8B, R1-Distill-
Qwen-7B, and Qwen3-4B-Thinking. Column (a) displays attention centroids, where each point represents the
weighted average center of an answer token’s attention distribution over the reasoning. Columns (a) and (b) use the
same problem, while Column (c) shows the aggregated heatmaps averaged over 100 correct solutions per model.

2 Related Work

Activation engineering steers language model out-
puts by modifying intermediate activations during
inference. Turner et al. (2023) propose activation
addition, an inference-time method that builds a
steering vector from contrastive samples and adds
it to hidden states to control attributes such as sen-
timent and toxicity. Tang et al. (2025) identify
reasoning critical feed forward neurons based on
activation differences in strong and weak reason-
ing traces. Eshuijs et al. (2025) use steering vec-
tors to generate safety steered honest alternatives,
which helps LLM judges detect dishonesty reliably.
Stolfo et al. (2025) compute directions from activa-
tion differences with and without instructions and
steer models to satisfy constraints on format length
and required words, even with insufficient prompts.

Recent studies investigate activation engineer-
ing within thinking LLMs that separate reasoning
and answering stages. Venhoff et al. (2025) extract
steering vectors from DeepSeek-R1-Distill mod-
els to steer example-based verification and back-
tracking. They find that these behaviors align with
simple linear directions in activation space. Azizi

et al. (2025) propose steered compression, extract-
ing a vector that moves generation from verbose to
concise reasoning and injecting it to reduce reason-
ing length while largely preserving accuracy. Li
et al. (2025) leverage the activation difference be-
tween symbolic mathematical generations and nat-
ural language generations to steer the model toward
enhanced logical performance. Sun et al. (2025)
identify a direction that controls reasoning length
and edit projection weights of attention heads. As
far as we know, these works have neither analyzed
nor steered how answer tokens read the reasoning
trace during answer decoding.

3 Self-Reading in Thinking LLMs

We conduct an analysis of the answer-to-reasoning
attention mechanism on the GSM8K quantitative
reasoning task (Cobbe et al., 2021). We utilize
three frontier thinking LLMs: R1-Distill-Llama-
8B (DeepSeek-AI, 2025), R1-Distill-Qwen-7B
(DeepSeek-AI, 2025), and Qwen3-4B-Thinking
(Yang et al., 2025a). We focus on the middle-to-
late layers, which are regarded more semantically
rich and stable (Langedijk et al., 2024; Skean et al.,
2025; Zhang et al., 2025).
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Type CSR+ CSR− ISR+ ISR− Dis

Count 159 12 3 23 2+ + 1−

Table 1: Human annotations on 200 randomly sampled
GSM8K solutions.

3.1 Main Analysis

We find that correct solutions exhibit a structured
self-reading pattern during answer decoding, char-
acterized by two distinct features:

Forward-shifting attention centroid. First, the
reading focus of answer tokens progressively shifts
from earlier to later reasoning positions as decoding
proceeds. To quantify this, we normalize the atten-
tion scores of each answer token over the thinking
tokens and compute the weighted average position
(centroid) of its focus. As visualized in Figure 2(a),
with positions normalized to [0, 1], the resulting
trajectory follows a clear diagonal path, indicating
that the attention centroid moves synchronously
with the generation of the answer. Figure 2(b) also
shows that the reading focus of answer tokens ad-
vances along the reasoning positions, forming a
diagonal trend across models, with occasional par-
allel secondary bands. The forward-shift of read-
ing focus suggests that the model captures global
information by following the logical flow of the
reasoning trace. It indicates that the model deter-
ministically tracks an effective solution path. We
hypothesize that this sequential alignment implies
that the reasoning content itself is logically coher-
ent and the smooth synthesis of prior thoughts dur-
ing the answer generation. See Appendix A.3 for
the contrasting visualizations of failure cases.

Semantic anchor concentration. Beyond the
global drift, the model relies on key semantic infor-
mation in the reasoning trace to generate answer
tokens. We observe that the answer tokens repeat-
edly concentrate on key semantic anchors, such as
problem constraints, solution plans, reflections, and
final conclusions, revisiting a small set of crucial
steps. As shown in the heatmaps of Figure 2(b),
this behavior manifests as high-attention hotspots
along the diagonal as well as bright off-diagonal
anchors. These local highlights underscore that
the model strategically retrieves and reinforces key
details rather than spreading attention uniformly.
Together with the two features, the benign self-
reading serves as an signature of the model’s inter-
nal certainty when generating the answer.

To verify the universality of the benign self-

Type CSR+ CSR− ISR+ ISR− Dis

Count 48 2 4 46 0

Table 2: Human annotations on a balanced subset of
GSM8K samples, including 50 correct and 50 incorrect
solutions.

reading patterns, we aggregate the attention maps
from 100 correctly solved samples. In Figure 2(c),
the aggregated heatmaps maintain a distinct, soft di-
agonal ridge across all models. This confirms that
the structured self-reading pattern is not an anecdo-
tal but a stable and consistent behavior intrinsic to
correct reasoning in thinking LLMs.

3.2 Benign Self-Reading and Correctness

To validate the link between self-reading and ac-
curacy, we conduct a human assessment on 200
solutions from R1-Distill-Llama-8B. We assign an
example to one of four categories only when all
three human annotators agree: correct with benign
self-reading (CSR+), correct without benign self-
reading (CSR−), incorrect with benign self-reading
(ISR+), and incorrect without benign self-reading
(ISR−). Examples with disagreement are grouped
into a separate category (Dis).

We first annotate 200 randomly sampled solu-
tions. Table 1 shows that benign self-reading is
common in correct solutions but rare in incorrect
ones. Since this random sampling is naturally im-
balanced, we further annotate a balanced subset
with equal numbers of correct and incorrect solu-
tions. The result in Table 2 confirms the same trend,
indicating that benign self-reading is closely asso-
ciated with correct and internally stable reasoning.
Appendix A gives more analysis.

4 Self-Reading Steering Method

Motivated by our analysis above, we propose a
steering method driven by Self-Reading Quality
(SRQ) scores, which quantify how effectively an-
swer tokens read the model’s reasoning traces.

4.1 From Self-Reading to Internal Certainty

Early research (Nelson, 1990; Koriat, 1997) in cog-
nitive psychology characterizes meta-cognition as
an interaction between an object level that executes
the primary task and a meta level that processes
available information via monitoring and control.
In thinking LLMs, reasoning tokens implement
the object-level operation to reason, while answer
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tokens that read and summarize the generated rea-
soning trace acting as the meta-level operation.

Benign self-reading in thinking LLMs aligns
with this meta-cognitive theory through two fea-
tures: (i) A forward-shifting reading focus acts as
control: the meta level utilizes object-level informa-
tion by steadily advancing attention along a chosen
solution path instead of wandering around irrele-
vant regions. (ii) High-attention anchors on key
reasoning steps serve as monitoring: the meta level
inspects important steps of the reasoning to evalu-
ate and support answer generation. This structured
control and monitoring indicate a natural signature
of internal certainty.

Accordingly, we decompose SRQ into a geomet-
ric dimension that measures process control (how
consistently attention progresses along the reason-
ing trace) and a semantic dimension that measures
content monitoring (whether attention concentrates
on high-value semantic anchors and avoids mislead-
ing regions). We formalize the two dimensions be-
low and show how the resulting SRQ scores enable
reliable sample selection and effective steering.

4.2 Geometric Self-Reading Quality
The geometric dimension measures whether an-
swer tokens commit to a solution path and move
steadily forward along the reasoning trace instead
of wandering. Specifically, we use the global and
local metrics to evaluate the forward diagonal trend
of attention centroid movement.

To quantitatively track the reading focus of an-
swer tokens over the reasoning trace, we define the
attention centroid. Let P ∈ RA×T be the answer-
to-reasoning attention submatrix, with A answer
tokens and T reasoning tokens. We form a row-
normalized version P̃ij =

Pij∑T
k=1 Pik+ε

, so each an-
swer token defines a distribution over reasoning
positions. We index answer and reasoning posi-
tions by their normalized coordinates xi = i

A and
tj =

j
T . We define the attention centroid of answer

token i on the reasoning trace as yi =
∑T

j=1 tj P̃ij .
The sequence (xi, yi) tracks how the reading focus
moves during answer decoding.

Global forward-reading pattern. To capture
the smooth forward drift of the centroid in benign
self-reading, we define two global scores. The first
is the Pearson correlation between x and y:

SRQcorr = corr (x, y) , (1)

where x = (x1, x2 . . . , xA) and y = (y1, y2 . . . ,

yA). It achieves maximal when later answer tokens
read later reasoning tokens.

The second measures how closely the centroid
trajectory follows the diagonal of the attention map:

SRQdiag = 1−

√√√√ 1

A

A∑

i=1

(yi − xi)
2. (2)

Local forward-reading consistency. While
the global scores capture the diagonal trend, be-
nign self-reading also exhibits locally forward-
moving focus. We measure local consistency using
a sliding-window of size w coverage score, which
evaluates whether high-attention points exhibit a
forward progression. For each answer token, we
extract its high-attention points by selecting the
minimal set of reasoning positions with the largest
P̃ij whose cumulative sum reaches β. Each point
maps to the coordinates of normalized answer and
reasoning positions. Then, for each of the U over-
lapping windows, where U = A − w + 1, we
compute a Pearson correlation rk between these
coordinates. SRQlocal_cover, representing the frac-
tion of windows exceeding a threshold τ , is defined
as:

SRQlocal_cover =
1

U

U∑

u=1

1 (rk > τ) . (3)

4.3 Semantic Self-Reading Quality
On the semantic dimension, answer attention is ex-
pected to repeatedly return to key semantic anchors
rather than on noisy or incorrect ones. For super-
vision, we annotate each solution with span-level
labels by LLM APIs (e.g., GPT-5 and Gemini-3-
pro-preview) and project them to token indices.
This yields a set G of good reasoning tokens (e.g.,
constraints, correct intermediate steps), a set B of
bad reasoning tokens (e.g., incorrect computations,
misleading branches), and a set Kans of key answer
tokens such as the final numerical results.

Semantic quality of reasoning focus. We first
measure how the answer stage distributes its total
attention flow over good and bad reasoning steps.
Based on the raw matrix P , we compute a column
sum cj =

∑A
i=1 Pij for each reasoning token j and

select the top γT columns with the largest cj as a
high-flow set H . The fraction on good (G) or bad
(B) tokens is

SRQ±
think =

∑
j∈H∩S cj∑
j∈H cj

, S ∈ {G,B}. (4)
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Support quality of the answer. We measure
whether key answer tokens attend to correct sup-
porting steps. Given Kans, we define SRQ±

ans as
the average attention that they allocate to good or
bad tokens:

SRQ±
ans =

∑
i∈Kans

∑
j∈S

P̃ij

|Kans|
, S ∈ {G,B}. (5)

Boundary emphasis on constraints and con-
clusions. Benign self-reading also concentrates
attention on problem constraints and final conclu-
sions. Using P , we define mstart and mend as
the attention sum on the first and last ρbd fraction
of reasoning tokens. Instead of a uniform alloca-
tion giving ρbd, we target mild enrichment with
ρtar = αρbd (α > 1). We score deviation from
this target as follows:

SRQstart/end =
mstart/end − ρtar

1− ρtar
. (6)

4.4 SRQ-Based Sample Selection and Steering
With the geometric and semantic metrics, we build
an integrated SRQ score per solution, and use it to
select the contrastive sets and steering directions.

From metrics to SRQ. For each solution n,
we first rescale each geometric or semantic metric
SRQ

(n)
k to s

(n)
k = ϕk

(
SRQ

(n)
k

)
∈ [0, 1], where

ϕk is a monotone map fitting the empirical distribu-
tion on training solutions. For the higher-is-better
metrics (i.e., SRQcorr, SRQdiag, SRQlocal_cover,
SRQcorr, SRQ+

think, and SRQ+
ans), large values

are mapped close to 1; for the lower-is-better met-
rices (SRQ−

think and SRQ−
ans), small values are

mapped close to 1; and for the boundary met-
rics (SRQstart and SRQend), ϕk peaks near zero
and decreases toward 0 for extreme concentra-
tion. Then, we average scores within each group,
s̃
(n)
α = 1

|Kα|
∑

k∈Kα
s
(n)
k , α ∈ {geo, sem}, and de-

fine the integrated SRQ score as follows:

S̃RQ
(n)

= s̃(n)geo + λsem s̃(n)sem. (7)

High and low-SRQ sample selection. We rank
correct solutions C and incorrect solutions I by

S̃RQ
(n)

. We keep the top 80% of C as CSRQ+

and the bottom 80% of I as ISRQ− , yielding the
contrastive groups differing in correctness and self-
reading quality.

Steering direction construction. Given CSRQ+

and ISRQ− , we construct benign self-reading steer-
ing directions using standard activation mecha-
nisms. We use the classic CAA (Turner et al., 2023)

as an example. At a chosen layer, we compute the
mean token activations µ+,(s) and µ−,(s) for stage
s ∈ {ans, reason} and define

v(s) = µ+,(s) − µ−,(s). (8)

At inference, we apply v(ans) to answer-token ac-
tivations and v(reason) during reasoning. The SRQ
scores can also be combined with other mainstream
steering mechanisms such as (Postmus and Abreu,
2024; Højer et al., 2025).

5 Experiments and Results

5.1 Experimental Setup
Models. We employ three frontier thinking LLMs
with explicit reasoning traces and short answer
stages: R1-Distill-Qwen-7B, R1-Distill-Llama-8B,
and Qwen3-4B-Thinking. Decoding for all models
uses temperature = 0.65 and top-p = 0.95.

Datasets. Our evaluation uses three quantita-
tive reasoning benchmarks: GSM8K (Cobbe et al.,
2021), MATH500 (Lightman et al., 2024), and
SVAMP (Patel et al., 2021). We construct steer-
ing vectors on the training sets of these datasets,
where SVAMP is particularly considered for trans-
fer evaluation with steering vectors from GSM8K.
All results are reported using accuracy.

Steering mechanisms. To assess the compati-
bility with different steering methods, we instan-
tiate classic CAA (Turner et al., 2023), conceptor
steering (Postmus and Abreu, 2024), and recent
PCA-CAA (Højer et al., 2025). We follow the stan-
dard practice to construct activation directions. See
Appendix B for more details about dataset usage,
layer selection, and steering construction.

5.2 Main Results
We first test whether self-reading signals can serve
as a universal supervision source compatible with
various steering mechanisms. Table 3 reports the
accuracy on GSM8K, MATH500, and SVAMP.

Across all datasets and models, our self-reading
steering improves the base models and strengthens
existing steering mechanisms. The gains appear
consistently for CAA, Conceptor, and PCA-CAA,
indicating that SRQ is a generic layer steering the
model toward more certain, stable internal states
across different mechanisms.

On GSM8K, all three steering mechanisms al-
ready bring clear improvements over the non-
steered base models. For example, R1-Distill-
Qwen-7B rises from 87.8 to 89.1 with PCA-CAA.
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Dataset Thinking LLM Base Steering Mechanism + Self-Reading Steering

CAA Conceptor PCA-CAA + CAA + Conceptor + PCA-CAA

GSM8K
R1-Distill-Qwen-7B 87.8 88.4 88.6 89.1 89.5 (1.7↑) 89.6 (1.8↑) 89.9 (2.1↑)
R1-Distill-Llama-8B 85.8 86.7 87.1 87.5 88.1 (2.3↑) 88.2 (2.4↑) 88.4 (2.6↑)
Qwen3-4B-Thinking 91.9 92.2 92.6 92.4 93.0 (1.1↑) 93.3 (1.4↑) 93.1 (1.2↑)

MATH500
R1-Distill-Qwen-7B 88.6 89.2 89.6 89.8 90.0 (1.4↑) 90.4 (1.8↑) 90.4 (1.8↑)
R1-Distill-Llama-8B 85.6 86.0 86.5 87.1 87.0 (1.4↑) 87.4 (1.8↑) 87.9 (2.3↑)
Qwen3-4B-Thinking 94.2 94.2 94.6 94.4 94.8 (0.6↑) 95.6 (1.4↑) 95.2 (1.0↑)

SVAMP
R1-Distill-Qwen-7B 90.3 91.1 91.6 92.0 92.2 (1.9↑) 92.5 (2.2↑) 92.7 (2.4↑)
R1-Distill-Llama-8B 90.7 91.6 92.0 92.4 92.3 (1.6↑) 92.6 (1.9↑) 93.2 (2.5↑)
Qwen3-4B-Thinking 94.5 95.2 95.4 95.5 95.8 (1.3↑) 96.1 (1.6↑) 96.5 (2.0↑)

Table 3: Accuracy on GSM8K, MATH500, and SVAMP. The gains of our method over base LLMs are also shown.

LLM PCA-CAA + CAA +

RePE SAE-free Ours SEAL Ours

R1-Qwen-7B 89.5 89.6 89.9 88.8 89.5
R1-Llama-8B 87.8 88.1 88.4 87.1 88.1

Table 4: Comparison of steering methods for improving
the reasoning trace on GSM8K. The accuracy of the two
base models is 87.8 and 85.8.

With our self-reading steering, the accuracy climbs
further to 89.9. Qwen3-4B-Thinking is a com-
peting base model with 91.9 accuracy, yet self-
reading steering still lifts it to 93.3 with Conceptor.
These results indicate that our method yields addi-
tive gains by reinforcing a reading mode linked to
higher internal certainty, thereby stabilizing LLMs’
cognitive state and improving performance.

MATH500 is a more challenging benchmark
with longer solutions, and we see the same trend.
Even with long, noisy reasoning traces, guiding the
model toward a benign self-reading stabilizes its
internal control and monitoring. This facilitates a
more decisive process for noisy reasoning contents
during the answer stage.

SVAMP assesses how well the learned steering
vectors transfer across datasets. Again, self-reading
steering yields improvements for all models and
mechanisms. The successful transfer to SVAMP
confirms that our method targets a general, intrinsic
reading strategy rather than overfitting to GSM8K.

5.3 Comparison to Other Steering Methods

To validate the effectiveness of self-reading, we
compare it with three reasoning-focused steering
methods that derive intervention directions from
different properties of the reasoning trace: (i) RepE
(Højer et al., 2025) steers the model away from
chaotic and off-topic behavior toward clearer and

Dataset LLM Base CAA + CAA

SciQ
R1-Distill-Qwen-7B 85.9 86.4 86.7
R1-Distill-Llama-8B 87.3 87.7 88.3
Qwen3-4B-Thinking 93.9 94.2 94.6

AIME
24–25

R1-Distill-Qwen-7B 46.7 48.3 51.7
R1-Distill-Llama-8B 41.7 45.0 48.3
Qwen3-4B-Thinking 76.7 78.3 80.0

Table 5: Generalization to other quantitative reasoning
tasks: SciQ and AIME24–25.

LLM Base – Geom. – Sem. Full

R1-Distill-Llama-8B 85.8 87.3 87.6 88.1
Qwen3-4B-Thinking 91.9 92.5 92.7 93.0

Table 6: Ablation results of R1-Distill-Llama-8B and
Qwen3-4B-Thinking on GSM8K. All variants use CAA.

more focused reasoning. (ii) SAE-free (Li et al.,
2025) analyzes reasoning traces and extracts di-
rections that emphasize mathematical and logical
structure while suppressing generic narrative con-
tent. (iii) SEAL (Chen et al., 2025) promotes con-
cise and efficient reasoning by preferring execution-
like representations and reducing reflection and
transition. Following the literature, RepE and SAE-
free use PCA-CAA, while SEAL uses CAA.

Table 4 presents the accuracy comparison on
GSM8K with R1-Distill-Qwen-7B and R1-Distill-
Llama-8B. All steering methods improve the non-
steered base models. Based upon the PCA-CAA
mechanism, our self-reading steering reaches 89.9
and 88.4, surpassing both RepE and SAE-free. Sim-
ilarly, with the CAA mechanism, our method out-
performs SEAL. The consistency of improvements
highlights the robustness of our method. These
results indicate that steering the model toward in-
ternally certain states characterized by benign self-
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Figure 3: Comparison on GSM8K with CAA. Instead
of using a larger candidate pool to obtain 700 pairs, the
“Same Pool” variant draws from the same pool sampled
by CAA and filters it to retain a smaller set.

reading patterns is a meaningful and effective objec-
tive. The self-reading signals facilitate the selection
of higher-quality samples for intervention, thereby
leading to better performance.

5.4 Generalization to Broader Tasks

To further explore the generalization across quanti-
tative reasoning tasks, we evaluate our self-reading
steering method on SciQ (Scientific Question An-
swering) (Welbl et al., 2017) and AIME24–25
(Mathematical Association of America, 2025)
(American Invitational Mathematics Examination).
These datasets require more complex reasoning
chains (Chen et al., 2024). We construct vectors
from SciQ’s training split and reuse MATH500 vec-
tors for AIME. As shown in Table 5, our method
consistently improves the base models and the
CAA mechanism. Particularly, on the very difficult
AIME24–25, the improvement reaches up to 6.6
points over the base model R1-Distill-Llama-8B,
which corresponds to four additional competition
problems solved. The success on these tasks con-
firms that our method filters a general signal of
internal certainty.

5.5 Ablation Study on SRQ Dimensions

We conduct an ablation study to investigate the indi-
vidual contributions of the geometric and semantic
dimensions of SRQ scores. As shown in Table 6,
removing either dimension reduces performance,
with the geometric component having a stronger
impact on steering effectiveness. Through manual
inspection of samples, we find that the good geo-
metric features corresponding to forward-shifting
attention may have already captured the key steps
in these traces.
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Figure 4: Visualization of a special self-reading error in
R1-Distill-Llama-8B.

5.6 Analysis of Candidate Set Fairness

To isolate the benefit of SRQ selection from the
potential impact of a larger candidate pool, we
conduct a “Same Pool" analysis. We apply SRQ
scores to the pairs of correct and incorrect traces
used by the standard steering mechanism and filter
them to retain a subset of pairs. As presented in
Figure 3, the “Same Pool” variant remains com-
petitive with or slightly outperforms the baseline
while using fewer samples to construct the steering
vectors. This verifies that activation steering vec-
tors extracted from the smaller subset of samples
by SRQ remain highly effective.

5.7 Case Study of Uncertain Self-Reading

Incorrect answers often exhibit irregular attention
without a consistent organization. Figure 4 high-
lights a special counter case where the reasoning
trace reaches the correct result but is long, cluttered,
and filled with reflective “waits”, yet the answer
stage is wrong.

The heatmap shows dark colors without clear
oblique bands or anchor columns, indicating
broadly distributed attention over the reasoning
trace. Isolated bright spots near the problem state-
ment remain inconsistent with the benign pattern.
The centroid plot shows that rather than a smooth
forward drift, the centroids form a nearly vertical
broken line that oscillates within the same region.
This suggests a failure of both control and monitor-
ing: the model does not maintain a certain solution
branch or lock onto semantic anchors during an-
swer decoding. The model wanders within a noisy
trace and fails to consolidate information for a cor-
rect prediction. More attention visualizations of
general failure cases are detailed in Appendix A.3.
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LLM Base Ours + CAA

Acc Conf Acc Conf

R1-Distill-Llama-8B 85.8 82.8% 88.1 84.1%

Table 7: Comparison of accuracy and confidence on
GSM8K.

5.8 Analysis of Benign Self-reading and
Cognitive Certainty

We hypothesize that facilitating benign reading pat-
terns induces a state of higher cognitive certainty,
thereby enhancing reasoning performance. To ver-
ify this, we compare the model’s inference confi-
dence with and without the intervention of SRQ
activation vectors. We quantify the model’s overall
certainty by computing the mean confidence over
the complete generation process. The confidence
is defined as follows:

Conf =

(
n∏

i=1

max
at∈V

p(at)

) 1
n

, (9)

where p(at) = Pr[at |H, I, a<t] calculates the
model’s predicted probability for the answer to-
ken at. Here, H denotes the context including the
input prompt and generated thoughts, I is the in-
struction to elicit the answer, n is the number of
decoding steps, V is the vocabulary, and a<t de-
notes all previously generated tokens (Liu et al.,
2025; Yang et al., 2025b).

As presented in Table 7, guiding the model with
the activation vector leads to consistent improve-
ments in both accuracy and confidence, confirming
that our method effectively boosts the model’s in-
ternal certainty.

5.9 Scaling Analysis
We extend our evaluation to larger models to verify
whether the effectiveness of our approach persists
as model capacity increases. Table 8 lists that our
self-reading steering consistently yields improve-
ments on both the 7B and 14B models. Although
the baseline performance of R1-Distill-Qwen-14B
is already strong, our method still brings modest
gains. These results demonstrate that the signals
captured by SRQ remain robust and effective across
different model scales.

6 Conclusion

We study how answer tokens read the reasoning
trace in thinking LLMs for quantitative reasoning,

Dataset LLM Base CAA + CAA

GSM8K
R1-Distill-Qwen-7B 87.8 88.4 89.5
R1-Distill-Qwen-14B 94.6 94.9 95.2

MATH500
R1-Distill-Qwen-7B 88.6 89.2 90.0
R1-Distill-Qwen-14B 93.2 93.6 93.9

Table 8: Scaling results on GSM8K and MATH500.

and discover a benign self-reading pattern with
forward-shifting attention centroids and repeated
focus on semantic anchors that is strongly associ-
ated with model certainty. We propose a steering
method driven by SRQ scores combining geomet-
ric and semantic metrics, which promotes certain
internal states and well-organized self-reading at
inference time. Our experiments show consistent
accuracy gain, suggesting self-reading is an effec-
tive and generalizable signal, and SRQ is likely to
remain useful as steering methods evolve.
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facing systems. Nevertheless, as with any work on
LLMs, our methods could inherit biases or limita-
tions present in the underlying models or datasets,
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Limitations

First, our study focuses on thinking LLMs that
expose an explicit reasoning trace followed by a
dedicated answer stage, and our SRQ metrics are
defined over answer-to-reasoning attention and in-
termediate activations. This limits direct applica-
bility to open-source thinking LLMs where such
internal signals are accessible, and the best layer
choices may vary across architectures.
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Second, semantic SRQ relies on span-level an-
notations produced by external LLMs, which in-
troduces additional cost and potential label noise.
Developing cheaper and fully automatic proxies
remains a future work. Also, the benefits of steer-
ing the answer stage are bounded by the quality of
the available evidence in the reasoning trace. If the
trace is fundamentally incorrect or lacks key steps,
self-reading alone may have limited improvement
headroom, motivating tighter coupling between
reasoning-stage and answer-stage interventions.

Finally, our analysis is centered on quantitative
reasoning, where the benign self-reading pattern
appears most consistently, especially on math-style
problems. For other domains, it remains unclear
whether they exhibit the same or different self-
reading patterns. Understanding how domain char-
acteristics relate to self-reading behaviors is an im-
portant direction of future work.
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A More Self-Reading Analysis

A.1 Self-Reading on Math500
To test the robustness of benign self-reading on
harder quantitative reasoning tasks, we repeat the
analysis on Math500 (Lightman et al., 2024). As
illustrated in Figure 5, the aggregated results from
40 correct solutions show a broad diagonal atten-
tion band drifting rightward, confirming that the
forward-shifting reading focus persists in longer
reasoning traces. The band is less regular than that
in GSM8K and is interwoven with weaker slanted
streaks, reflecting longer traces and more reflective
segments where the model briefly revisits. This
suggests that the same forward moving reading
strategy remains active even when the problems
require more extended reasoning.

We also visualize several single-instance answer-
to-reasoning attention heatmaps and centroid plots
for all three models on Math500. We use the ques-
tion depicted in Figure 6. Here, we reiterate the
concept of the attention centroid. The attention
centroid represents the weighted average position
where an answer token “focuses” within the reason-
ing sequence. Specifically, for each answer token,
we treat its row-normalized attention weights as
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Figure 5: The aggregated heatmaps with Qwen3-4B-
Thinking (left) and R1-Distill-Llama-8B (right) on the
Math500 benchmark.

"The sum of the first $n$ terms in the infinite 

geometric sequence $\\left\\{\\frac{1}{4},\\frac{1}{8},\\

frac{1}{16},\\dots \\right\\}$ is $\\frac{255}{512}$. 

Find $n$."

Figure 6: The question in Math500 for visualization.
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Figure 7: Single-instance answer-to-reasoning attention
of R1-Distill-Qwen-7B.

probabilities, multiply each reasoning token’s po-
sition index by its attention weight, and sum these
weighted positions to obtain the centroid, which
is then normalized to [0,1] for comparison across
sequences of different lengths.

The visualizations for R1-Distill-Qwen-7B
(layer 21), R1-Distill-Llama-8B (layer 22), and
Qwen3-4B-Thinking (layer 23) are shown in Fig-
ures 7–9, respectively. Compared with GSM8K,
the Math500 solutions typically involve longer rea-
soning traces with more reflective detours, mak-
ing the heatmaps and centroid plots less regular.
Nevertheless, the benign self-reading pattern char-
acterized by the two features remains consistent.
As decoding proceeds, the answer-token attention
centroid shifts steadily from earlier to later parts of
the reasoning trace, while repeatedly revisiting key
semantic anchors for verification.
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Figure 8: Single-instance answer-to-reasoning attention
of R1-Distill-Llama-8B.
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Figure 9: Single-instance answer-to-reasoning attention
of Qwen3-4B-Thinking.

A.2 Uncertain Self-Reading Case

Figure 10 presents the full text output of the uncer-
tain self-reading case in Section 5.7. In this exam-
ple, the reasoning (the content before </think>)
ultimately reaches the correct conclusion, while the
answer (after </think>) is incorrect.

As shown in the figure, the reasoning is long
and includes multiple “Wait”. The key issue is an
early misreading of the problem, which triggers
misguided branches of reasoning. Although the
model eventually corrects itself and arrives at the
right result, the overall reason is low-quality, messy,
inconsistent, and filled with “Wait”. This serves
as a clear counter-example to a healthy reading
pattern: when the reason becomes noisy and con-
tains erroneous branches, the answer stage requires
stable self-reading to stay consistent. Guiding the
model toward benign reading mode and a more
certain internal state should therefore increase the
likelihood of a correct final answer.

A.3 General Unstructured Failure Cases

Figure 10 shows an informative counter-example,
yet such cases are rare. The answer-to-reasoning
attention in most incorrect GSM8K generations be-
comes irregular and fragmented rather than form-
ing a coherent reading trajectory. Figure 11 illus-
trates an instance of incorrect response to a specific
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First, maybe I should figure out how many red and blue cubes Grady gave to Gage. Since Grady has 20 red cubes initially, and Gage has 10 red after receiving some, that 

means Grady gave away 10 red cubes, right? Because 20 minus 10 is 10. Hmm, let me write that down.Red cubes given: 20 - 10 = 10 red cubes.Okay, and for the blue cubes, 

Grady started with 15. Gage has 12 blue cubes now. So Grady must have given away 3 blue cubes because 15 minus 12 is 3. Let me note that.Blue cubes given: 15 - 12 = 3 

blue cubes.Wait, the problem says he gives 2/5 of his red numbered cubes and 1/3 of the blue numbered cubes. So I should check if 10 red is 2/5 of 20, and 3 blue is 1/3 of 

15.Let me calculate 2/5 of 20. 20 divided by 5 is 4, so 2 times 4 is 8. Wait, that's not 10. Hmm, that doesn't add up. Maybe I did something wrong.Wait, hold on. Maybe I 

need to set up equations. Let's let x be the number of red cubes Grady gives, and y be the number of blue cubes he gives. According to the problem, x is 2/5 of 20, so x = (2/

5)*20. Let me compute that: 2/5 of 20 is 8. So he gives 8 red cubes to Gage.Similarly, y is 1/3 of 15. So y = (1/3)*15, which is 5. So he gives 5 blue cubes to Gage.Wait, but 

earlier I thought he gave 10 red and 3 blue. There's a discrepancy here. Hmm.Wait, maybe I misread the problem. Let me read it again.""Grady has 20 red numbered 

cubes and 15 blue numbered cubes. He gives his friend Gage 2/5 of his red numbered cubes and 1/3 of the blue numbered cubes. If Gage had 10 red numbered cubes and 12 

blue numbered cubes, find the total number of cubes Gage has?""Oh! Wait, maybe the problem is that Grady gives Gage 2/5 of his red cubes and 1/3 of his blue cubes, and 

after that, Gage has 10 red and 12 blue. So maybe Gage initially had some cubes, but the way it's phrased, it seems Grady gives him some cubes, and then Gage ends up 

with 10 red and 12 blue. So maybe Gage started with zero? Or maybe he had some before?Wait, if Gage had 10 red numbered cubes and 12 blue numbered cubes’ might be 

telling me what he already had before getting anything from Grady. If that’s true, then I shouldn’t be subtracting from 20 and 15 at all. He receives 8 red and 5 blue, so he 

would end up with 10 + 8 = 18 red and 12 + 5 = 17 blue.Wait, but the problem says ""He gives his friend Gage 2/5 of his red numbered cubes and 1/3 of the blue numbered 

cubes. If Gage had 10 red numbered cubes and 12 blue numbered cubes..."" Hmm, it might be implying that after giving those amounts, Gage has 10 red and 12 blue. So 

perhaps Gage didn't have any before. So he had 0, and Grady gave him some.Wait, but the wording is a bit ambiguous. It says ""He gives his friend Gage 2/5 of his red 

numbered cubes and 1/3 of the blue numbered cubes. If Gage had 10 red numbered cubes and 12 blue numbered cubes...""Hmm, maybe it's a translation issue or wording 

issue. Maybe Gage already had some cubes, and Grady gives him 2/5 of his red and 1/3 of his blue, resulting in Gage having 10 red and 12 blue. So Gage had some 

before.So, let me model it as:Let G_red be the number of red cubes Gage had before receiving from Grady.Let G_blue be the number of blue cubes Gage had before 

receiving.After Grady gives him 2/5 of his red and 1/3 of his blue, Gage has 10 red and 12 blue.So, Gage's red after receiving is G_red + (2/5)(20) = 10.Similarly, Gage's blue 

after receiving is G_blue + (1/3)(15) = 12.So, set up the equations:G_red + (2/5)*20 = 10G_blue + (1/3)*15 = 12Solve for G_red and G_blue.So, G_red + 8 = 10. Therefore, 

G_red = 2.G_blue + 5 = 12. Therefore, G_blue = 7.So, before receiving any cubes, Gage had 2 red and 7 blue.Then, after receiving, he has 2 + 8 = 10 red and 7 + 5 = 12 

blue.Therefore, total cubes Gage has is 10 + 12 = 22.Wait, but the question is asking for the total number of cubes Gage has. So 10 + 12 is 22.Wait, but let me double-

check.Grady has 20 red and 15 blue.He gives 2/5 of red: 2/5 *20 = 8 red to Gage.He gives 1/3 of blue: 1/3*15=5 blue to Gage.So Grady gives away 8 red and 5 blue, so Grady 

is left with 12 red and 10 blue.But the problem says Gage had 10 red and 12 blue. So if Grady gave away 8 red and 5 blue, that would mean Gage had 10 -8 = 2 red before? 

Wait, no, that doesn't make sense.Wait, maybe I need to think differently.Wait, maybe Grady gave Gage 2/5 of his red and 1/3 of his blue, and Gage had 10 red and 12 blue 

after that.So, to find out how many cubes Gage had before, we can subtract the given fractions from Gage's current cubes.So, Gage had 10 red. He received 2/5 of Grady's 

red, which is 8, so he had 10 - 8 = 2 red before.Similarly, Gage had 12 blue. He received 1/3 of Grady's blue, which is 5, so he had 12 - 5 = 7 blue before.Therefore, Gage had 

2 + 7 = 9 cubes before.But wait, the problem is asking for the total number of cubes Gage has, which is 10 red and 12 blue, so 22 in total. So, the answer is 22.Wait, but the 

problem is phrased as Grady gives Gage some cubes, so I think Gage's total is 10 red and 12 blue, so 22 in total.But let me think again. If Grady gave 8 red and 5 blue to 

Gage, then Grady would have 12 red and 10 blue left. But the problem doesn't say anything about Grady's remaining cubes. Maybe the question is only about Gage's 

total.Alternatively, maybe the problem is simply asking how many does Gage have, which is 10 red + 12 blue = 22.So, I think 22 is the answer. So, in total, Gage has 22 

cubes.Wait, but to be thorough, let me just check.If Gage had 2 red and 7 blue before, Grady gave him 8 red and 5 blue, which adds up to 9 cubes.Then, Gage now has 2 + 8 

=10 red and 7 +5 =12 blue, which is 22 in total.Wait, if the answer were just 10 + 12, then the fractions (2/5 and 1/3) didn’t really change the final total at all. That makes the 

setup feel pointless.So, the wording ‘If Gage had 10 red numbered cubes and 12 blue numbered cubes’ sounds more like a starting condition than a final result. So I should 

add what Grady gave him: 10 + 8 = 18 red and 12 + 5 = 17 blue, for a total of 35.Wait, it could still just be 22 if the ‘10 red and 12 blue’ are already the after numbers. The 

question might simply asking for the total of those two numbers. Wait, that makes the fractions useless. The problem probably wants me to use all the steps. So, 18 + 17 = 

35 seems like the intended answer. So, yes, that makes sense. So I’ll go with 35 cubes in total.**Final Answer**The total number of cubes Gage should be \boxed{35}, rather 

than \boxed{22}.</think>

Reasoning Content

Answer Content

Grady has 20 red numbered cubes and 15 blue numbered cubes. He gives his friend Gage 2/5 of his red numbered cubes and 1/3 of the blue numbered cubes. After giving 

these cubes, Gage has 10 red numbered cubes and 12 blue numbered cubes.First, we calculate the number of red and blue cubes Grady gives to Gage:- Grady gives Gage \

( \frac{2}{5} \) of his 20 red cubes:   \[  \frac{2}{5} \times 20 = 8 \text{ red cubes}  \]- Grady gives Gage \( \frac{1}{3} \) of his 15 blue cubes:  \[  \frac{1}{3} \times 15 = 5 \text{ 

blue cubes}  \]Next, we determine the total number of cubes Gage has after receiving these cubes:- Gage has 10 red cubes and 12 blue cubes.- The total number of cubes 

Gage has is:  \[  10 + 12 = 22  \]However, considering the problem's context and the fractions given, it is more consistent to calculate the total number of cubes Gage has by 

adding the cubes he received from Grady to his current count. Therefore, the correct total number of cubes Gage has is:  \[  10 + 12 = 22  \]But upon re-evaluation, if we 

consider the cubes Grady gave to Gage and the current count, the total number of cubes Gage has is:  \[  10 + 12 = 22  \]However, the problem might be interpreted as Gage 

having 10 red and 12 blue cubes after receiving the cubes from Grady. Therefore, the total number of cubes Gage has is:  \[  10 + 12 = 22  \]But considering the initial 

interpretation and the fractions given, the correct answer should be:  \[  \boxed{35}  \]But after careful consideration, the correct total number of cubes Gage has is:  \[  \

boxed{22}  \]

Figure 10: Example of uncertain self-reading.
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Figure 11: Failure case on GSM8K.
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Figure 12: Failure case on MATH500.
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GSM8K problem, while Figure 12 shows a fail-
ure example of a Math500 problem, both from the
R1-Distill-Llama-8B model.

The GSM8K question is: “Carlos is planting a
lemon tree. The tree will cost 90 to plant. Each
year it will grow 7 lemons, which he can sell for
1.5 each. It costs 3 a year to water and feed the
tree. How many years will it take before he starts
earning money on the lemon tree?”

The Math500 question is “An investment of
$24,000 is made in a government bond that will
pay 1% bi-monthly interest (meaning that the in-
vestment will increase by 1% every two months).
At the end of five years, what is the total number
of dollars in this investment? \n\n Express your
answer to the nearest whole number.”.

These heatmaps exhibit scattered, noisy high-
attention regions, and two centroid plots curve col-
lapse into near-vertical traces, indicating no for-
ward drift over the reasoning. Unlike benign self-
reading, the model does not appear to commit to
a consistent solution branch and read it through
in order, which is consistent with recent evidence
(Ali et al., 2025) that less structured attention sig-
nals correlate with lower answer correctness. Addi-
tionally, a very small fraction of incorrect samples
exhibit benign self-reading, which is why our self-
reading steering excludes the top 20% highest-SRQ
solutions from the incorrect set.

B Details of Experiment Setup

B.1 Model and Layer Selection
We study three thinking LLMs with decoupled rea-
soning and answer stages: R1-Distill-Qwen-7B,
R1-Distill-Llama-8B, and Qwen3-4B-Thinking.
They all produce an explicit chain-of-thought style
reasoning trace followed by a short final answer
segment, which makes them well suited for self-
reading analysis. For SRQlocal_cover, we set β =
0.7, τ = 0.4, and w to 20% of the length of the rea-
soning trace. For SRQthink, we set γ = 0.1. For
SRQstart/end, we set ρbd = 0.05, and α = 1.6 for

ρtar. For S̃RQ
(n)

, we simply set λsem = 1. For all
experiments, we use a consistent decoding configu-
ration with temperature = 0.65 and top-p = 0.95
to minimize confounding factors from sampling.

Our self-reading steering operates at the activa-
tion level of intermediate transformer layers. Prior
analytical studies and activation engineering works
(Skean et al., 2025; Langedijk et al., 2024; Tak
et al., 2025; Zhao et al., 2025a) indicate that mid-

to-late layers encode richer semantic information
about the ongoing reasoning process while being
less sensitive to superficial lexical variations, mak-
ing them a favorable choice for activation-level
interventions. Consequently, steering at these lay-
ers yields more reliable modulation of reasoning
behavior. We therefore perform preliminary runs
across several candidate layers and select those
providing a good trade-off between stability and
steering strength. In the experiments, we use layer
21 for R1-Distill-Qwen-7B, layer 20 for R1-Distill-
Llama-8B, and layer 22 for Qwen3-4B-Thinking.

B.2 Datasets
We conduct evaluation on GSM8K (Cobbe et al.,
2021), MATH500 (Lightman et al., 2024), and
SVAMP (Patel et al., 2021).

GSM8K is a collection of grade-school level
math word problems. We follow the standard split
and use the training split to run the models and
record complete solutions as well as internal acti-
vations, while reserving the official test split exclu-
sively for evaluation.

MATH500 is a subset of the MATH dataset
(Hendrycks et al., 2021), which contains more
challenging competition-style math problems. For
MATH500, we use the full MATH training set to
obtain reasoning traces and activations for building
steering vectors, and evaluate steering performance
on the 500-problem subset.

SVAMP is a challenge set of arithmetic word
problems designed to probe robustness to super-
ficial variations. In our experiments, SVAMP is
used purely as an evaluation benchmark for for-
ward transfer. Specifically, we do not collect sep-
arate steering data on SVAMP. Instead, we reuse
steering vectors derived from the GSM8K activa-
tions and apply them directly to SVAMP, allowing
us to test whether the SRQ-guided self-reading
signals generalize across related quantitative rea-
soning distributions.

B.3 Steering Mechanisms
To probe the generality of SRQ-based self-reading
steering w.r.t. the underlying representation engi-
neering method, we instantiate three steering mech-
anisms: CAA (Turner et al., 2023), Conceptor-
based steering (Postmus and Abreu, 2024), and
PCA-CAA (Højer et al., 2025). CAA performs
class-wise activation addition by constructing a
direction from mean activations of contrastive pos-
itive and negative sample sets. Conceptor-based
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steering first uses conceptor matrices to capture
subspaces associated with desired and undesired be-
haviors and then modifies activations by projecting
along or away from these subspaces. PCA-CAA
first applies principal component analysis to the
collected activations and then performs class-wise
activation addition in the resulting low-dimensional
space, which helps separate components that are
relevant to reasoning from those that are not.

For all three steering mechanisms, we follow
standard practice in constructing supervision sig-
nals. Correct solutions are treated as positive sam-
ples and incorrect solutions as negative samples.
For all three methods, we first obtain the activation
representation of each positive or negative sample
at the selected layer by averaging the hidden states
over all tokens in its generated solution. The re-
sulting per-sample mean vectors are then used to
construct the corresponding steering directions. In
our baseline steering construction, activations are
aggregated over all tokens in the generated solu-
tion and applied uniformly to every token during
decoding. In contrast, our self-reading steering,
driven by SRQ scores, further filters correct and
incorrect samples and separately extracts and steers
activations for the reasoning and answer segments.

Except for the experiments in Section 5.6, we use
700 positive and 700 negative samples to construct
steering vectors for each model–dataset pair, so that
the final amount of data used to compute activation
vectors is matched across methods. For the baseline
methods, including CAA, Conceptor, and PCA-
CAA, we directly and randomly select 700 correct
and 700 incorrect solutions.

For our method, the final steering set also con-
tains 700 positive and 700 negative samples, but the
initial candidate pool is larger. Specifically, we first
collect 875 correct and 875 incorrect solutions, and
then apply SRQ-based filtering: we retain the top
80% of correct solutions ranked by SRQ and the
bottom 80% of incorrect solutions, which yields
the final 700+700 traces used for steering vector
construction. In this way, our method keeps the
final sample size the same as the baselines, while
improving the quality of the selected traces.

To further isolate the effect of SRQ from the
use of a larger initial candidate pool, Section 5.6
reports a Same Pool fairness experiment. There,
SRQ-based filtering is applied to exactly the same
700+700 candidate traces used by the baseline
methods, retaining only 560+560 traces after fil-
tering, yet still outperforming the baselines. This

Collected Cases Remain Correct Flip to Incorrect

100 97 3

Table 9: 100 GSM8K cases from DeepSeek-R1-Distill-
Llama-8B in which the model initially reaches the cor-
rect answer through explicit reflective behaviors.

result suggests that the gains mainly come from
SRQ-based sample selection rather than simply
from starting with a larger pool.

For Qwen3-4B-Thinking, its high accuracy on
GSM8K makes it challenging to obtain sufficient
incorrect solutions directly from the model. To al-
leviate this, we additionally construct 200 incorrect
answers using GPT-5, which serve as extra nega-
tive samples when building steering directions for
Qwen3-4B-Thinking.

C Preservation of Reflection under SRQ
Steering

To verify that SRQ steering improves the stabil-
ity of answer generation without suppressing the
model’s ability to perform reflective self-correction,
we conduct an additional analysis on DeepSeek-R1-
Distill-Llama-8B. The goal of SRQ is to promote
benign self-reading at the answer stage and to select
higher-quality reasoning traces and answer states.
In particular, the semantic dimension of SRQ (Sec-
tion 4.3) emphasizes attention concentration on
key semantic anchors, including reflective phrases
such as “wait,” “let me check,” and similar back-
references. Therefore, when the model engages in
goal-directed reflection, such behaviors typically
contribute positively to SRQ.

First, we manually collected 100 GSM8K cases
from DeepSeek-R1-Distill-Llama-8B in which the
model arrived at the correct answer through ex-
plicit reflective behaviors, such as self-checking or
reconsideration. As shown in Table 9, after apply-
ing SRQ+CAA, 97 of these cases remained correct,
and only 3 flipped to incorrect, indicating that cor-
rective reflection is largely preserved under steer-
ing. Second, Table 10 shows that reflective markers
remain common after steering. On the one hand,
the average number of occurrences of "wait" per
sample shows only a slight decrease; on the other
hand, the average occurrence of "check" remains
nearly unchanged. This pattern suggests that SRQ
steering does not eliminate reflection itself. Instead,
it appears to reduce redundant or disorganized hes-
itation while preserving deliberate verification be-
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Marker Total Avg./Sample

Base SRQ+CAA Base SRQ+CAA

wait 12393 10066 9.40 7.63
check 1706 1715 1.29 1.30

Table 10: Lexical statistics of reflective markers on
GSM8K for DeepSeek-R1-Distill-Llama-8B.

Dataset Model Base SRQ+CAA ∆

GSM8K
R1-Llama-8B 5801 5749 -52
Qwen3-4B 3012 2750 -262

MATH500
R1-Llama-8B 10381 10358 -23
Qwen3-4B 13673 13325 -348

Table 11: Comparison of Average Generation Length
(in Characters).

haviors that support correct answering. Together
with the accuracy gains on challenging benchmarks
such as MATH500 and AIME, these results suggest
that SRQ steering improves answer-stage stability
without materially affecting the model’s capacity
for reflective self-correction.

D Effect on Generation Length

As discussed in Section C, our method does not
suppress the model’s ability to reflect and self-
correct. At the same time, since SRQ encourages
the model to adopt a more confident and stable self-
reading pattern during generation, it may inciden-
tally reduce unnecessary wandering or verbosity.
We therefore also examine whether SRQ-steering
affects the length of generated traces. Specifi-
cally, we measure the average generation length
after applying SRQ+CAA. As shown in Table 11,
the change in output length is small across all set-
tings, and in most cases the steered model produces
slightly shorter traces than the base model. This
suggests that SRQ-steering has only a minor over-
all effect on output length, although there is indeed
a slight tendency toward shorter generations.

E Isolation Analysis of Reading Phase

To further isolate the importance of benign self-
reading at the answer stage, we perform an analysis
that applies steering only during answer decoding,
thereby excluding the typically required steering of
the reasoning trace.

Figure 13 shows that even under this deliberately
constrained setting, answer-only steering outper-
forms the non-steered baseline and remains com-

Base CAA Ours+CAA Ans. Only
70

75

80

85

90

95

100

Ac
cu

ra
cy

 (%
)

85.8 86.7
88.1

86.6

91.9 92.2 93.0 92.2

R1-Distill-Llama-8B Qwen3-Thinking-4B

Figure 13: Clean steering on GSM8K: steering is ap-
plied only during answer decoding.

"This is a math problem.\n"

"Please first write out your complete thought process 

within the <think> and </think> tags, and then provide 

your answer."

"Control the length of your thinking—don’t make it too 

long.\n\n"

f"Question: \n{question}\n"

Figure 14: Prompt used for self-reading analysis.

petitive with CAA. For instance, R1-Distill-Llama-
8B reaches 86.6, which is nearly identical to CAA
(86.7) and above the base model (85.8).

The weaker gains compared to full steering are
expected, because this isolation leaves errors within
the reasoning trace uncorrected, removing this stan-
dard steering channel. If the trace is flawed, improv-
ing how the answer reads the trace has limited head-
room as there is no correct evidence to use. This
analysis shows that performance gains achieved
without steering the reasoning trace come from
better utilization of the already available evidence.
This addresses the specific failure mode where cor-
rect reasoning yields unfaithful answers. Although
such mismatches are rare in our manual inspection,
the observed performance improvement supports
that self-reading quality at the answer stage repre-
sents a form of internal model certainty, which is a
critical factor affecting final correctness.

F Relevant Prompts

We briefly summarize the prompts used in our work
for model solution generation and automatic an-
swer evaluation.

For the self-reading analysis, we use a math-
oriented generation prompt shown in Figure 14.
The prompt instructs the model to first write out its
complete thought process within special <think>
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"This is a math problem.\n"

"Please reason step by step, and put your final 

answer within \\boxed{}.\n\n"

f"Question: \n{question}\n"

Figure 15: Prompt used in the main quantitative reason-
ing experiments.

You are an expert evaluator for mathematical and logical 

problems.

Your task is to determine whether a model's answer is correct by 

comparing it against the ground truth answer.

Rules:

- Allow for formatting differences (e.g., "0.5" vs "1/2", "x=5" vs 

"5", "Option A" vs "A") if the semantic meaning is identical.

- Focus on the final answer, not the reasoning process.

- Output 1 if the answer is correct, 0 if incorrect.

Output format:

Return a single JSON object with exactly the following structure:

{

  "is_correct": 0 | 1,

  "explanation": "Brief explanation of your judgment (one 

sentence)"

}

Reply with JSON only. No additional text.

"""

f"""

Question:

{question}

Model's Answer:

{model_answer}

Ground Truth Answer:

{ground_truth}

Please evaluate whether the model's answer is correct and return 

the result in JSON format.

"""

System Prompt

User Prompt

Figure 16: System and user prompts used for the auto-
matic judge.

and </think> tags, and only provide the final an-
swer. It additionally asks the model to keep the
reasoning concise rather than producing unneces-
sarily long chains of thought. We do not use a
separate system prompt for this setting.

For the main quantitative reasoning experiments,
we use a closely related generation prompt, shown
in Figure 15. The prompt again frames the task as
a math problem and asks the model to reason step
by step, but now requires the final answer to be
placed explicitly inside a \boxed{} environment.
This formatting constraint simplifies downstream

answer extraction and automatic evaluation. As be-
fore, we only use a user prompt and do not specify
a system prompt.

To ensure reliable automatic evaluation, we em-
ploy a dedicated judging prompt, depicted in Fig-
ure 16. The system prompt defines the judge as an
expert evaluator for mathematical and logical prob-
lems and instructs it to decide whether a model’s an-
swer is correct by comparing it with a ground-truth
answer. It explicitly allows for benign formatting
differences (such as decimals versus fractions or
equivalent option labels), and requires the output to
be a JSON object containing an is_correct flag
and a brief textual explanation. In practice, we use
this judging prompt with multiple APIs, such as
GPT-5-mini and Gemini-2.5-flash, to obtain robust
evaluations. When a call fails, we simply retry or
fall back to another judge model while keeping the
prompt fixed.
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