
Do Large Language Models Already Know the
Answer Before They Finish Thinking?

Yuyao Ge♣ Shenghua Liu♣∗ Yiwei Wang♢ Lingrui Mei♣

Baolong Bi♣ Jiayuan Guo♣ Jiayu Yao♣ Xueqi Cheng♣

♣Institute of Computing Technology ♢University of California, Merced
{geyuyao24z, liushenghua}@ict.ac.cn

Abstract

Large reasoning models (LRMs) generate extended chains of thought, but do they
internally know when they have already found the correct answer? We investigate
this question by probing hidden states during reasoning. A lightweight probe on hid-
den states identifies per-step reasoning correctness with high accuracy and shows
a sharp jump at the moment of answer stabilization, providing strong affirmative
evidence. This information is substantially more accessible through hidden states
than through token-level signals: in controlled equal-dimension comparisons using
the same classifier, hidden-state probes markedly outperform token-level probes.
We propose SHEAR (Semantic Hidden-layer Editing with Anchored Reasoning),
which directly exploits this hidden knowledge through a semantic confidence probe
and a stability-anchored editing direction that jointly determine when and how to
intervene. SHEAR achieves the highest or tied-highest results on six mathemati-
cal reasoning benchmarks across three LRM scales, with statistically significant
improvements against the strongest baseline in most configurations. Reversing
the editing direction causes catastrophic collapse, indicating that it operates on
genuine reasoning structure. Our findings indicate that reasoning quality is far
more accessible through hidden states than previously recognized, and it can be
exploited during generation. Code is available at this URL.

1 Introduction

When a large language model (LLM) reasons through a mathematical problem, does it internally
“know” the moment it arrives at the correct answer? As a subclass of LLMs, large reasoning models
(LRMs) generate extended chains of thought to solve complex problems. Consider the examples
in Figure 1: a semantic confidence probe applied to the model’s hidden states tracks reasoning
correctness in real time, jumping sharply when the answer stabilizes, while token-level confidence
shows no systematic response. In Figure 1a, the DEEPSEEK-R1-1.5B model finds the correct answer
at step 4 yet continues reasoning for 23 more steps; the probe detects the answer immediately, but
the model lacks a mechanism to stop. In Figures 1b–1d, three models at different scales struggle
through extended incorrect reasoning before reaching the answer; the probe remains low for most of
the trajectory and rises sharply at the moment of stabilization. If the model’s hidden states indeed
encode such information, can we directly exploit it to improve the reasoning process?

Existing inference-time reasoning control methods, including prompt-based approaches [Xu et al.,
2025, Ma et al., 2025] and confidence-based early exit [Yang et al., 2025], are limited to token-level
signals as proxies for reasoning quality. However, token confidence measures lexical fluency, not
reasoning correctness. In §3, we show that hidden-state features substantially outperform engineered
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Figure 1: Reasoning trajectories across three model scales. Top: semantic probe score (blue) and token
confidence (gray dashed). Bottom: editing magnitude αs that SHEAR would apply. Blue shading marks correct
steps; dotted lines mark s∗ (defined in §3.2). In (a), DEEPSEEK-R1-1.5B finds the answer at step 4 but
continues for 23 more steps; the probe detects the transition while token confidence shows no systematic change
at s∗. In (b)–(d), models at DEEPSEEK-R1-1.5B, DEEPSEEK-R1-7B, and QWQ-32B scales struggle through
extended incorrect reasoning before stabilizing; the probe remains low for most of the trajectory, with occasional
spikes at transiently correct steps, then rises sharply at s∗ and editing attenuates.
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Figure 2: Overview of SHEAR. Offline preparation: (1) Reasoning traces are generated and the stability index
s∗ is identified. (2) The editing direction v is extracted from pre- and post-s∗ hidden states. (3) An MLP probe
is trained to output a semantic confidence score cs. Online editing: (4) The frozen probe computes cs and local
variance σ2

s at each reasoning step. (5) The editing magnitude αs = F1(cs) ·F2(σ
2
s) steers hidden states toward

the answer-stabilized region via h̃s = hs + αs · v.

token features under controlled equal-dimension comparisons, and a full-dimensional MLP probe
reaches near-perfect discrimination. The signal fires in real time: at the step where the model’s
answer first stabilizes, the probe output jumps sharply, while token confidence barely changes.
Several concurrent methods apply activation steering [Chen et al., 2025, Li et al., 2026, Huang et al.,
2025], but steer along precomputed directions targeting thought-type patterns [Chen et al., 2025],
confidence-based prototypes [Li et al., 2026], or overthinking tendencies [Huang et al., 2025], without
per-step monitoring of reasoning correctness. We term this disparity the signal accessibility gap and
show that it can be closed by directly reading and editing hidden states.

Based on these findings, as illustrated in Figure 2, we propose SHEAR (Semantic Hidden-layer
Editing with Anchored Reasoning), which reads and edits hidden states during inference as detailed
in §4. A semantic confidence probe assesses each step’s reasoning quality, and a stability-anchored
direction defines the intervention. Reversing the editing direction on DEEPSEEK-R1-7B collapses
performance from 95.5% to 0.7%, confirming that the direction encodes reasoning-relevant structure.

Our contributions are:

• We show that hidden-state probes identify per-step reasoning correctness substantially
more accurately than any token-level signal, across equal-dimension comparisons at three
model scales. This reveals a signal accessibility gap: reasoning quality information readily
accessible in hidden states is largely invisible to token-level statistics.

• We propose SHEAR, which edits hidden states using a semantic confidence probe and a
stability-anchored editing direction. Reverse-direction editing causes catastrophic collapse,
establishing directional specificity.
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Table 1: Signal comparison for predicting step-level correctness on DEEPSEEK-R1-7B with ground-truth
labels. All classifiers use logistic regression except the last row, which uses an MLP. At equal dimension of 10D,
hidden-state PCA outperforms token features by 13.7 percentage points under the same classifier.

Signal Source Dim AUC
Token max-prob (raw) 1D 0.563
Step position 1D 0.577
Token features (max-prob + window, LR) 10D 0.716

Hidden state (PCA, LR)
5D 0.766
10D 0.853
50D 0.935

Hidden state (LR) 3584D 0.945
Hidden state (MLP) 3584D 0.983

• Evaluation on six math and two cross-domain benchmarks shows statistically significant
improvements against the strongest baseline in the majority of configurations, with cross-
domain generalization to graduate-level science reasoning.

2 Related Work

Inference-time reasoning control and process reward models. Recent methods control reasoning
at inference time through prompt modification [Xu et al., 2025, Ma et al., 2025], early exit [Yang et al.,
2025], or activation steering [Chen et al., 2025, Li et al., 2026, Huang et al., 2025]. Prompt-based [Xu
et al., 2025, Ma et al., 2025] and early-exit methods [Yang et al., 2025] rely on token-level signals,
whereas §3 shows that hidden-state features provide substantially stronger prediction of per-step
correctness. Dynasor-CoT [Fu et al., 2025] probes internal LRM states for certainty-based termination,
but does not perform corrective editing during reasoning. Activation steering methods [Chen et al.,
2025, Li et al., 2026, Huang et al., 2025] operate in the hidden-state space but without per-step
semantic monitoring of reasoning correctness. A complementary approach trains process reward
models (PRMs) to judge step-level correctness for ranking or search [Lightman et al., 2023, Wang
et al., 2024, Luo et al., 2024]. SHEAR’s probe differs from PRMs in that it operates on intermediate-
layer hidden states rather than output tokens, enables real-time editing rather than post-hoc ranking,
and requires minimal training data.

Probing and editing internal representations. Linear probes have decoded diverse knowledge
from hidden states, including linguistic structure [Belinkov et al., 2017, Hewitt and Manning, 2019],
factual knowledge [Burns et al., 2023, Li et al., 2023], and truthfulness [Azaria and Mitchell, 2023,
Marks and Tegmark, 2023]. On the editing side, methods such as ROME [Meng et al., 2022] and
MEMIT [Meng et al., 2023] modify model parameters, while activation steering [Turner et al., 2024,
Li et al., 2023] edits inference-time representations to shift LLM behavior. SHEAR connects both
lines of work in a new setting: probing per-step reasoning correctness in chain-of-thought generation
and using the probed signal for dynamic hidden-state editing with adaptive magnitude control.

3 Do Hidden States Encode Reasoning Progress?

We investigate whether the hidden states of LRMs encode per-step reasoning correctness, and whether
this information is accessible through the token-level signals that existing methods rely on. The probe
in this section serves purely as a diagnostic tool for measuring information content; its use as an
online control signal in SHEAR is introduced separately in §4.

3.1 Representations Reliably Predict Step-Level Correctness

Setup. We run DEEPSEEK-R1-7B on 500 MATH training problems with greedy decoding and
record intermediate hidden states; a 300-problem subset is cached for visualization, as described in
Appendix C. Reasoning steps are segmented by “\n\n” delimiters. Step correctness is determined
by extracting the running answer at each step and comparing it to the gold answer via symbolic
equivalence (math_equal). This answer-based label is an approximation that may occasionally
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Figure 3: Distributions of token max-probability and semantic probe scores, separated by step correctness under
ground-truth labels. Blue: correct steps; red: incorrect steps. Token distributions overlap for both model scales
(a,c), while probe distributions are well separated (b,d), consistent with the AUC gap in Table 1.
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Figure 4: t-SNE visualization of hidden states from DEEPSEEK-R1-7B at layer 22. (a) Correct and incorrect
steps exhibit class-conditional clustering. (b) Probe scores align with ground-truth structure. (c) Steps transition
smoothly in embedding space as reasoning progresses from incorrect to correct.

diverge from true reasoning quality; we discuss this limitation in Appendix D and note that the reverse-
direction experiment in §5.5 confirms the resulting signal captures genuine reasoning structure. The
hidden state hs ∈ RD is the activation at the first token of step s from a single intermediate layer
ℓ, corresponding to layer 22 for DEEPSEEK-R1-7B. We use the first token because it aggregates
information from the preceding step via causal attention; layer selection via Ridge regression R2 is
described in Appendix C.

Signal comparison. Table 1 compares signal types from raw token statistics to hidden-state probes.
All classifiers use problem-level splits, and to enable a controlled equal-dimension comparison, we
reduce hidden states via PCA and extract matched-dimension token features, evaluating both under
the same logistic regression classifier.

As Table 1 shows, raw token max-probability is only marginally above chance, and at equal dimension
under the same logistic regression classifier, hidden-state PCA features outperform token features
by a wide margin. A full-dimensional MLP probe achieves near-perfect discrimination. Figure 3
visualizes this gap through kernel density estimates of each signal, separated by ground-truth step
correctness. For token max-probability, the correct and incorrect distributions overlap at both model
scales, whereas the probe score distributions are well separated: incorrect steps concentrate near zero
while correct steps cluster near one. This separation holds at DEEPSEEK-R1-1.5B scale as well,
corroborating that the signal accessibility gap is not scale-specific.

Figure 4 provides a geometric view of this gap through t-SNE projections of layer-22 hidden states.
Steps colored by ground-truth correctness exhibit class-conditional clustering, confirming that the
representation space organizes around reasoning quality. The continuous probe score colormap in
Figure 4b aligns with this cluster structure, validating that the probe faithfully captures the geometric
separation rather than exploiting a spurious shortcut. Figure 4c colors each point by its temporal
distance to s∗: pre-stabilization steps cluster with incorrect representations while post-stabilization
steps cluster with correct ones, and the transition between regions is gradual.

3.2 The Signal Tracks Reasoning Progress in Real Time

Beyond encoding correctness as a static property, the signal is dynamic: it fires at the precise moment
the model’s answer stabilizes.
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Table 2: Signal dynamics at the stability index s∗, measured on DEEPSEEK-R1-7B across 264 problems with
valid s∗. The probe jumps by +0.451 at the moment of answer stabilization; token confidence barely changes.
The 22.6× ratio compares absolute magnitudes; note that the two changes have opposite signs.

Position Token Max-Prob Semantic Probe
s∗ − 1 (before) 0.875 0.113
s∗ (stability index) 0.855 0.564

Change at s∗ −0.020 +0.451 (22.6×)
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Figure 5: Signal dynamics around the stability index s∗ at two model scales. (a,b) At DEEPSEEK-R1-1.5B, the
semantic probe rises sharply at s∗ while token max-probability shows no systematic change (a), though probe
confidence partially reverts after s∗ (b). (c,d) At DEEPSEEK-R1-7B, the same sharp rise holds (c), and probe
confidence remains elevated after s∗ (d).

We define the stability index s∗ as the earliest step after which the model’s running answer remains
correct for at least 50% of subsequent steps. With correct(s) ∈ {0, 1} as defined above:

s∗ = min

{
s :
|{s′ > s : correct(s′) = 1}|

|{s′ > s}|
≥ θ

}
, θ = 0.5, (1)

where θ is the stabilization threshold (not model parameters). Of 500 training problems, 444 produce
at least one correct step, and 264 of those yield a valid s∗, covering 76.5% of the 345 problems with
at least 3 reasoning steps and at least 1 correct step used for direction extraction. The rest oscillate
without stabilization. The direction is robust to θ, as shown in Appendix E.

Table 2 quantifies the change at s∗, and Figure 5 visualizes the temporal dynamics. In Figures 5c
and 5a, the probe trajectory averaged over all problems with valid s∗ rises sharply at offset zero while
token max-probability shows no systematic change; the shaded bands indicate that this is consistent
across problems, not driven by outliers. Figures 5d and 5b confirm via boxplots that the probe
transitions from low to high within a single step at s∗, with the median jumping from near zero to
above 0.5 at both scales. This real-time responsiveness makes hidden-state signals suitable for online
inference-time editing. Figure 1 illustrates this across three model scales: when the model reasons
incorrectly, the probe stays low and SHEAR applies corrective editing; once the answer stabilizes at
s∗, the probe rises and editing attenuates, while token confidence shows no systematic change.

4 SHEAR: Editing Hidden States for Better Reasoning

Section 3 showed that reasoning correctness information is far more accessible in hidden states than
in token-level statistics. Activation steering research [Chen et al., 2025, Turner et al., 2024, Li et al.,
2023] demonstrates that additive perturbations along meaningful directions in intermediate-layer
representations can bias subsequent computation. As illustrated in Figure 2, we therefore propose
SHEAR, which directly reads and edits hidden states during inference. The core operation is additive
editing at each reasoning step boundary:

h̃s = hs + αs · v, (2)

where hs ∈ RD is the layer-ℓ hidden state at the first token of step s, v ∈ RD is a stability-anchored
editing direction, defined formally in Eq. 3 of §4.1, and αs ∈ R is an adaptive editing magnitude
determined by a semantic confidence probe and a control function described in §4.2. The full
procedure is given in Algorithm 1.
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Figure 6: Confidence-variance space across three model scales with ground-truth labels. Top row: in the probe’s
semantic space, correct and incorrect steps are clearly separated at all scales. Bottom row: in the token space,
the two classes overlap completely.

4.1 Stability-Anchored Editing Direction

The editing direction v should capture the representational shift that occurs when the model’s answer
stabilizes. We operationalize this using the stability index s∗, defined in Eq. 1, which marks the
step where the model’s answer first predominantly stabilizes to the correct value. For each training
problem i with a valid s∗i , let S>i = {s : s > s∗i } denote the post-s∗ steps. We extract a difference
vector between the stability index and the subsequent redundant reasoning:

δi = hs∗i
− 1

|S>i |
∑
s∈S>

i

hs, v =
Ei[δi]

∥Ei[δi]∥
. (3)

Each δi captures the direction from redundant elaboration toward the answer-stabilized state; averag-
ing and normalizing yields a global editing direction. The sign of αs determines whether the edit
reinforces the answer-stabilized state (+v) or pushes away from premature convergence (−v), as
detailed in §4.2. We validate directional specificity in §5.5 through reverse-direction editing.

Direction consistency. The individual δi vectors achieve mean cos(δi, v) = 0.399, far above the
near-zero expectation for random vectors in high-dimensional space, with 87.6% pointing in the
same hemisphere as v. The stability-anchored direction also outperforms both random directions and
alternative extraction strategies, as detailed in Appendix E and F.

4.2 Adaptive Editing Control

The editing magnitude αs should be strong when the model reasons poorly and gentle when on track.
SHEAR determines αs from a semantic confidence probe and a variance-aware control function.

Semantic confidence probe. A lightweight MLP f : RD → [0, 1] maps the hidden state to a
semantic confidence score cs = f(hs), the predicted probability that step s is correct. The probe is
trained with binary cross-entropy on 500 MATH problems in under one minute, achieving validation
accuracy exceeding 92% at all three scales; architecture details are in Appendix C.
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Control function. Let c̄s = 1
k

∑s
j=s−k+1 cj denote the windowed mean over k=5 steps, and let

σ2
s = 1

k

∑s
j=s−k+1(cj − c̄s)

2 denote the corresponding local variance. Writing [·]+ = max(0, ·) for
the positive part and 1[·] for the indicator function, the control function is:

αs = F1(cs) · F2(σ
2
s), (4)

F1(cs) =
λ [cs − τh]+

1− τh
− β [τl − cs]+

τl
, (5)

F2(σ
2
s) = 1 + 1[σ2

s > γ] min
(σ2

s

σ0
, 2

)
, (6)

The remaining hyperparameters are: β=3.0 (maximum editing magnitude), λ=0.01 (high-confidence
editing strength), τl and τh (25th and 75th percentiles of the training-set probe confidence distribution),
σ0=0.01 (reference variance scale), and γ=0.005 (variance activation threshold).

When cs is low, F1 produces a negative αs, applying a corrective perturbation along −v. When cs is
high, F1 produces a small positive αs that gently reinforces the answer-stabilized state along +v. No
editing occurs in the middle regime. The variance term F2 amplifies editing when the probe output
oscillates, signaling uncertainty.

The probe remains calibrated under editing because it evaluates the model’s own next-step representa-
tion rather than the edited hidden state directly; we verify this through orthogonality analysis and
empirical case studies in Appendix L.

Figure 6 visualizes the signal accessibility gap in the confidence-variance space: correct and incorrect
steps form distinct clusters in the probe’s semantic space at all three scales, but overlap completely in
the token space.

5 Experiments

5.1 Setup

Models. We evaluate on three model scales: DEEPSEEK-R1-1.5B [Guo et al., 2025] at layer 19,
DEEPSEEK-R1-7B [Guo et al., 2025] at layer 22, and QWQ-32B [Team, 2025] at layer 58. The
editing layer is selected automatically via Ridge regression R2 on the training set, as described in
Appendix C. All main results use greedy decoding (T=0); the variance analysis in Appendix G uses
T=0.7 sampling.

Benchmarks. Six mathematical reasoning benchmarks: MATH-500 [Lightman et al., 2023],
AIME24 [AI-MO, 2024a], AIME25 [OpenCompass, 2025], GSM8K [Cobbe et al., 2021],
AMC23 [AI-MO, 2024b], and Olympiad Bench [He et al., 2024]. For cross-domain evaluation:
GPQA-Diamond [Rein et al., 2024], a graduate-level science reasoning benchmark, and Live-
CodeBench [Jain et al., 2024], a code generation benchmark. The probe and editing direction
are extracted from 500 MATH [Hendrycks et al., 2021] training problems. All evaluation benchmarks
are fully out-of-distribution except MATH-500, which draws exclusively from the held-out test split.

Baselines. We compare against ten inference-time methods spanning prompt-based (CoD [Xu et al.,
2025], NoThinking [Ma et al., 2025]), token-suppression (NoWait [Wang et al., 2025]), early-exit
(DEER [Yang et al., 2025], Dynasor-CoT [Fu et al., 2025]), steering-based (SEAL [Chen et al.,
2025], Manifold Steering [Huang et al., 2025], ReBalance [Li et al., 2026]), and verifier-based
(FlashThink [Jiang et al., 2025], TrimR [Lin et al., 2025]) approaches. Supervision details and data
efficiency analysis are provided in Appendix H and I.

5.2 Main Results

As Table 3 shows, SHEAR achieves the highest or tied-highest Pass@1 on all 6 benchmarks at all
three scales. On DEEPSEEK-R1-1.5B and DEEPSEEK-R1-7B, gains over Vanilla are largest on
competition benchmarks, reaching up to 71.7% on AIME24 and 44.3% on AIME25, with GSM8K
and Olympiad also showing clear improvements. On QWQ-32B, gains are smaller but consistent
across all six benchmarks, reaching 25.1% on AIME25 and 9.9% on AIME24. Over 10 independent
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Table 3: Main results on six mathematical reasoning benchmarks (Pass@1 %). Bold: best; underline: second
best. “–”: results not available from prior work. ∆: relative change vs. Vanilla.

Method MATH-500 AIME24 AIME25 GSM8K AMC23 Olympiad
DEEPSEEK-R1-1.5B

Vanilla 79.6 23.3 20.0 76.0 62.5 41.2
w/ CoD 80.2▲0.8 33.3▲42.9 13.3▼33.5 69.5▼8.6 62.5▲0.0 35.2▼14.6

w/ DEER 67.0▼15.8 20.0▼14.2 23.3▲16.5 69.2▼8.9 57.5▼8.0 35.4▼14.1

w/ NoThinking 75.0▼5.8 6.7▼71.2 16.6▼17.0 61.6▼18.9 60.0▼4.0 37.3▼9.5

w/ NoWait 78.0▼2.0 30.0▲28.8 16.6▼17.0 75.1▼1.2 60.0▼4.0 40.6▼1.5

w/ Dynasor-CoT 77.2▼3.0 26.7▲14.6 26.7▲33.5 77.1▲1.4 72.5▲16.0 42.6▲3.4

w/ SEAL 78.6▼1.3 23.3▲0.0 26.7▲33.5 76.4▲0.5 75.0▲20.0 32.7▼20.6

w/ Manifold Steering 78.6▼1.3 30.0▲28.8 – 77.2▲1.6 72.5▲16.0 –
w/ ReBalance 83.0▲4.3 33.3▲42.9 26.7▲33.5 78.3▲3.0 72.5▲16.0 43.9▲6.6

w/ SHEAR (ours) 84.6▲6.3 40.0▲71.7 33.3▲66.5 79.5▲4.6 77.5▲24.0 45.5▲10.4

DEEPSEEK-R1-7B

Vanilla 89.8 46.7 30.0 89.2 85.0 56.1
w/ CoD 90.0▲0.2 46.7▲0.0 36.7▲22.3 84.5▼5.3 85.0▲0.0 47.5▼15.3

w/ DEER 87.8▼2.2 50.0▲7.1 40.0▲33.3 90.4▲1.3 80.0▼5.9 53.9▼3.9

w/ NoThinking 80.6▼10.2 26.7▼42.8 20.0▼33.3 87.1▼2.4 65.0▼23.5 45.3▼19.3

w/ NoWait 86.8▼3.3 50.0▲7.1 26.7▼11.0 90.2▲1.1 85.0▲0.0 52.1▼7.1

w/ Dynasor-CoT 88.2▼1.8 46.7▲0.0 33.3▲11.0 87.6▼1.8 85.0▲0.0 55.4▼1.2

w/ SEAL 90.6▲0.9 43.3▼7.3 26.7▼11.0 88.4▼0.9 77.5▼8.8 53.9▼3.9

w/ Manifold Steering 88.4▼1.6 53.3▲14.1 – 87.6▼1.8 87.5▲2.9 –
w/ ReBalance 92.6▲3.1 53.3▲14.1 40.0▲33.3 91.6▲2.7 92.5▲8.8 57.0▲1.6

w/ SHEAR (ours) 94.2▲4.9 60.0▲28.5 43.3▲44.3 95.5▲7.1 95.0▲11.8 59.4▲5.9

QWQ-32B

Vanilla 94.8 66.7 53.3 96.3 87.5 66.7
w/ CoD 93.8▼1.1 63.3▼5.1 46.7▼12.4 96.2▼0.1 92.5▲5.7 67.7▲1.5

w/ DEER 94.4▼0.4 70.0▲4.9 46.7▼12.4 96.2▼0.1 95.0▲8.6 64.3▼3.6

w/ NoThinking 94.8▲0.0 66.7▲0.0 66.7▲25.1 96.5▲0.2 90.0▲2.9 66.1▼0.9

w/ NoWait 93.8▼1.1 66.7▲0.0 63.3▲18.8 96.3▲0.0 92.5▲5.7 62.6▼6.1

w/ Dynasor-CoT 94.2▼0.6 63.3▼5.1 – 95.2▼1.1 90.0▲2.9 –
w/ SEAL 92.6▼2.3 63.3▼5.1 56.7▲6.4 96.2▼0.1 95.0▲8.6 67.5▲1.2

w/ FlashThink 93.2▼1.7 60.0▼10.0 40.0▼25.0 96.5▲0.2 92.5▲5.7 –
w/ TrimR 93.8▼1.1 56.7▼15.0 43.3▼18.8 93.7▼2.7 90.0▲2.9 –
w/ ReBalance 95.2▲0.4 70.0▲4.9 63.3▲18.8 96.8▲0.5 95.0▲8.6 68.6▲2.8

w/ SHEAR (ours) 95.9▲1.2 73.3▲9.9 66.7▲25.1 97.0▲0.7 95.0▲8.6 69.0▲3.4

Table 4: Cross-domain generalization (Pass@1 %). The same probe and editing direction trained on MATH
transfer to graduate-level science reasoning and code generation with no additional tuning. ∆: relative change
vs. Vanilla. Bold: best; underline: second best.

GPQA-Diamond LiveCodeBench
Method DEEPSEEK-1.5B DEEPSEEK-7B QWQ-32B DEEPSEEK-1.5B DEEPSEEK-7B QWQ-32B

Vanilla 17.1 33.8 63.1 19.5 44.0 87.5
w/ ReBalance 21.7▲26.9 39.4▲16.6 67.2▲6.5 22.5▲15.4 46.5▲5.7 88.3▲0.9

w/ SHEAR (ours) 29.3▲71.3 51.8▲53.3 68.8▲9.0 26.0▲33.3 50.2▲14.1 89.4▲2.2

trials with T=0.7 sampling, 13 of the 18 model-dataset configurations reach statistical significance at
p < 0.05 against the strongest baseline via Welch’s t-test, as detailed in Appendix G.

5.3 Cross-Domain Generalization

Using the same probe and direction extracted from MATH, with zero additional training, SHEAR
improves over both vanilla and the strongest baseline on GPQA-Diamond and LiveCodeBench across
all three model scales, as Table 4 shows. On GPQA-Diamond with DEEPSEEK-R1-7B, SHEAR
improves over vanilla by 53.3%. On DEEPSEEK-R1-7B, the 53.3% gain on GPQA exceeds all
in-domain gains, consistent with its lower baseline leaving more room for corrective editing. This
transfer demonstrates that the editing direction captures a general property of reasoning quality, rather
than mathematics-specific features.
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Table 5: Ablation study. “w/o Direction” replaces the stability-anchored direction v with a random unit vector;
“w/o Probe” replaces the adaptive αs with a fixed αs=β for all s. ∆: relative change vs. Vanilla. Bold: best.

Model Component AMC23 GSM8K MATH-500 Olympiad

DEEPSEEK-R1-7B

SHEAR 95.0▲11.8 95.5▲7.1 94.2▲4.9 59.4▲5.9

w/o Direction 87.5▲2.9 91.2▲2.2 92.4▲2.9 57.9▲3.2

w/o Probe 87.5▲2.9 90.5▲1.5 92.2▲2.7 57.0▲1.6

Vanilla 85.0 89.2 89.8 56.1

DEEPSEEK-R1-1.5B

SHEAR 77.5▲24.0 79.5▲4.6 84.6▲6.3 45.5▲10.4

w/o Direction 60.0▼4.0 78.8▲3.7 83.0▲4.3 42.8▲3.9

w/o Probe 67.5▲8.0 78.2▲2.9 72.4▼9.0 39.9▼3.2

Vanilla 62.5 76.0 79.6 41.2

Table 6: Directional specificity of the editing vector (Pass@1 %). ∆: relative change from Vanilla. Flipping the
sign of v collapses accuracy to near zero, confirming that the improvements arise from the specific semantic
content of v rather than a generic perturbation effect.

Dataset Model Vanilla
SHEAR (+) Reverse (−)

Acc ∆ Acc ∆

AMC23 DEEPSEEK-R1-1.5B 62.5 77.5 +24.0 10.3 −83.5
DEEPSEEK-R1-7B 85.0 95.0 +11.8 15.0 −82.4

GSM8K DEEPSEEK-R1-1.5B 76.0 79.5 +4.6 0.8 −98.9
DEEPSEEK-R1-7B 89.2 95.5 +7.1 0.7 −99.2

5.4 Ablation Study

Table 5 shows that removing either component degrades performance at both scales. On DEEPSEEK-
R1-7B, the full system’s gain on GSM8K of 7.1% exceeds the sum of individual component gains of
1.5% and 2.2%, suggesting complementarity. The scale-dependent pattern is notable: on DEEPSEEK-
R1-1.5B, the w/o Probe variant causes MATH-500 to drop from 84.6% to 72.4%, below the 79.6%
Vanilla. Similarly, the w/o Direction variant drops AMC23 from 77.5% to 60.0%, below the 62.5%
Vanilla. The w/o Probe variant applies editing at fixed positive magnitude (αs=β>0) on every step,
restricting all edits to the +v direction; on DEEPSEEK-R1-7B this still improves over Vanilla, but
on DEEPSEEK-R1-1.5B the indiscriminate editing is harmful. These results reinforce that both
components are necessary: the direction provides semantic content for how to edit, and the probe
provides per-step modulation that prevents over-editing.

5.5 Reverse-Direction Editing

If the improvements were merely a side effect of noise-driven exploration, reversing v should produce
comparable results. We test this by flipping the sign of v while keeping the control function identical.

Table 6 shows an extreme asymmetry: forward editing yields improvements of 4.6% to 24.0%, while
reverse editing causes collapse to near-zero accuracy, with drops of 82.4% to 99.2%. The asymmetry
holds on both DEEPSEEK-R1-1.5B and DEEPSEEK-R1-7B and on both benchmarks. We note
that flipping v also inverts the sign semantics of the control function, so the collapse reflects both
directional content and control interaction. The random-direction baseline in Appendix F isolates the
directional contribution more cleanly: under the same magnitude profile, a random direction achieves
only 87.5%, ruling out the hypothesis that any large perturbation would help and confirming that v
encodes reasoning-relevant structure.

6 Conclusion

We posed a basic question: do LLMs already know the answer before they finish thinking? Through
controlled probing experiments, we found that reasoning correctness is considerably more accessible
in hidden states than in token-level statistics. SHEAR exploits this through additive editing, achieving
statistically significant improvements against the strongest baseline in the majority of configurations
across three model scales. More broadly, the gap between what LLMs encode internally and what
their outputs reveal suggests that hidden states are an underutilized resource for improving reasoning.
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A Notation

Table 7 summarizes the symbols used throughout the paper, grouped by their role in the method:
reasoning trace representation, stability index computation, editing direction extraction, adaptive
control, and hyperparameters.

Table 7: Notation used throughout the paper.

Symbol Definition Description

Reasoning trace and model

s Reasoning step index Steps segmented by \n\n delimiters
hs ∈ RD Layer-ℓ hidden state at first token of step s Input to the probe and target of editing
D Hidden dimension Model-dependent
ℓ Intermediate layer index Selected via Ridge regression R2

f : RD → [0, 1] Semantic confidence probe (MLP) Maps hidden state to correctness probability

Stability index

correct(s) ∈ {0, 1} Step correctness label Running answer matches gold via math_equal
θ Stabilization threshold (default 0.5) Fraction of subsequent correct steps required
s∗ Stability index (Eq. 1) Earliest step where answer predominantly stabilizes
S>i {s : s > s∗i } Post-s∗ steps for problem i

Editing direction

δi hs∗i
−means∈S>

i
(hs) Per-problem difference vector (Eq. 3)

v ∈ RD Ei[δi]/∥Ei[δi]∥ Global unit editing direction
h̃s hs + αs · v Edited hidden state (Eq. 2)

Adaptive control

cs f(hs) Probe confidence score at step s
c̄s

1
k

∑s
j=s−k+1 cj Windowed mean confidence

σ2
s

1
k

∑s
j=s−k+1(cj − c̄s)

2 Local variance of probe confidence
αs F1(cs) · F2(σ

2
s) Editing magnitude (Eq. 4)

F1(cs) Eq. 5 Confidence-dependent component
F2(σ

2
s) Eq. 6 Variance-aware amplification

Hyperparameters

β = 3.0 Maximum editing magnitude Scales the low-confidence correction
λ = 0.01 High-confidence editing strength Scales the reinforcement nudge
τl, τh 25th/75th percentiles of training-set cs Confidence thresholds for F1

σ0 = 0.01 Reference variance scale Normalizes σ2
s in F2

γ = 0.005 Variance activation threshold Triggers amplification in F2

k = 5 Sliding window size Window for c̄s and σ2
s

B Algorithm

Algorithm 1 presents the full SHEAR pipeline. The offline stage (Lines 2–7) runs once per model to
extract the editing direction and train the probe. The online stage (Lines 9–15) edits hidden states at
each reasoning step during inference, with the editing magnitude determined adaptively by the probe
and the control function.

C Implementation Details

Offline pipeline (once per model). (1) Run 500 MATH training problems with greedy decoding,
dumping layer-ℓ hidden states (∼3h, 8×NVIDIA H200 GPUs). Probe training, direction extraction,
and s∗ statistics use all 500 problems; full hidden states for a representative subset (up to 300 problems
attempted, 266 retained after filtering for minimum step count) are cached (records_*_300.npz,
∼100–150 MB for 1.5B/7B) for visualization and figure generation; the 32B cache stores only scalar
signals (probe scores, token confidence, labels) due to memory constraints. (2) Select the optimal
editing layer via Ridge regression R2 across candidate layers. (3) Extract the stability-anchored
direction v (Eq. 3). (4) Train the semantic confidence probe (<1 min).
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Algorithm 1 SHEAR: Semantic Hidden-layer Editing with Anchored Reasoning

Require: ModelM with layer ℓ; training set Dtrain with gold answers; test problem x; hyperparame-
ters β, λ, k, σ0, γ

Ensure: Edited reasoning trace for x
1:
2: // — Offline: Direction Extraction & Probe Training (once per model) —
3: for each problem i ∈ Dtrain do
4: Generate reasoning trace; extract h(i)

s ∈ RD at layer ℓ for each step s
5: correct(s)← 1[math_equal(answer(s), goldi)]
6: Compute stability index s∗i via Eq. 1
7: end for
8: δi ← hs∗i

− 1
|S>

i |
∑

s∈S>
i
hs; v ← Ei[δi]/∥Ei[δi]∥ ▷ Eq. 3

9: Train MLP probe f : RD → [0, 1] on {(hs, correct(s))} with BCE loss
10: τl ← P25({f(hs)}); τh ← P75({f(hs)}) ▷ Confidence thresholds
11:
12: // — Online: Inference-Time Editing —
13: for each reasoning step s during generation of x do
14: hs ← layer-ℓ hidden state at first token of step s
15: cs ← f(hs) ▷ Semantic confidence
16: c̄s ← 1

k

∑s
j=s−k+1 cj ; σ2

s ← 1
k

∑s
j=s−k+1(cj − c̄s)

2

17: αs ← F1(cs) · F2(σ
2
s) ▷ Eqs. 5–6

18: h̃s ← hs + αs · v ▷ Additive editing
19: Continue generation conditioned on h̃s

20: end for

Table 8: Probe quality metrics (%).
Metric 1.5B (L19) 7B (L22) 32B (L58)
Val Accuracy 95.4 93.4 92.7
Predicted Positive Rate 10.8 8.4 4.8
Actual Positive Rate 13.3 10.5 8.5

Probe architecture. MLP: Linear(D, 256)→ ReLU→ LayerNorm→ Linear(256, 64)→ ReLU
→ Linear(64, 1)→ Sigmoid. Training: BCE loss, Adam optimizer, early stopping. Inference cost:
∼0.05 ms/step (<0.1% overhead).

Control function parameters. τl, τh: 25th/75th percentiles of training-set probe confidence.
β = 3.0: maximum editing magnitude. λ = 0.01: high-confidence editing strength, the parameter
most sensitive to tuning. σ0 = 0.01: reference variance scale. γ = 0.005: variance activation
threshold. Sliding window size k = 5. These values are shared by all three model scales.

Probe calibration bias. Table 8 shows that the predicted positive rate is systematically lower than
the actual positive rate at all three scales, indicating a conservative probe that slightly under-predicts
correctness. This bias causes more steps to fall below τl, increasing the frequency of corrective
editing. Since τl and τh are defined as percentiles of the probe’s own output distribution, the thresholds
automatically absorb this bias, ensuring a consistent fraction of steps receives editing regardless of
the probe’s absolute calibration.

D Step Correctness Definition

Step correctness is defined as follows: step s is labeled correct if and only if the running answer
extracted from the model’s output at step s matches the gold answer via symbolic equivalence
(math_equal). This answer-based definition may occasionally mislabel a step whose reasoning is
flawed but whose running answer happens to be correct, or vice versa. In practice, these edge cases
are uncommon in chain-of-thought reasoning, and the definition aligns with the operational goal of
SHEAR: preserving and accelerating answer stabilization indexed by s∗. The strong discriminative
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Table 9: Layer sensitivity on DEEPSEEK-R1-7B, AMC23 (Pass@1 %). Bold: best.
Layer 18 20 22 24
Accuracy 90.0 92.5 95.0 87.5

Linear
(LogReg)

MLP
(3-layer)
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Figure 7: Robustness checks on DEEPSEEK-R1-7B. (a) Linear separability test: AUC evaluated with probe-
derived binary labels (cs>0.5); GT-label AUC is reported in Table 1. (b) Token signal variants. (c) Shuffling
step order does not affect probe AUC, validating that the probe captures per-step content rather than positional
patterns.

performance of the probe and the catastrophic collapse under reverse editing together confirm that
the labeled signal captures genuine reasoning progress.

Boundary cases. Eq. 1 computes the fraction of subsequent steps that are correct: |{s′ > s :
correct(s′) = 1}|/|{s′ > s}|. When s is the final reasoning step, |{s′ > s}| = 0 and this fraction is
undefined. By convention, we treat the empty ratio as 0, so the last step never satisfies the condition
≥ θ and therefore never qualifies as s∗. In practice, all valid s∗ values in our dataset occur at least
two steps before the end of the reasoning trace.

E Robustness Analysis

Layer sensitivity. Table 9 shows that performance is robust across adjacent layers on DEEPSEEK-
R1-7B AMC23, with layers 20–24 all exceeding 87%.

Robustness checks. Figure 7 presents additional robustness checks including: linear probe perfor-
mance, token signal variants (entropy, variance), and shuffle controls.

s∗ threshold sensitivity. The 50% threshold in the s∗ definition (Eq. 1) is a heuristic choice.
Table 10 shows that the extracted direction is robust to threshold variation: for θ ∈ [0.4, 0.7], pairwise
cosine similarity with vθ=0.5 exceeds 0.96.

F Direction Analysis

Direction comparison. Table 11 compares the stability-anchored direction against a confidence-
mixed direction (averaging hidden states by confidence bins rather than stability index). On GSM8K,
the stability-anchored direction improves by +4.5 percentage points.

Random direction baseline. Table 12 shows that a random direction combined with the probe
achieves only 87.5%, compared to 95.0% for the full system, a +7.5 percentage point gap that shows
the direction carries meaningful semantic content.

Component replacement. Table 13 shows that replacing either the direction (stability→random)
or the signal (probe→token) degrades performance by −7.5%, confirming both components are
essential.
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Table 10: s∗ threshold sensitivity on DEEPSEEK-R1-7B, restricted to the 345 problems with ≥ 3 reasoning
steps and ≥ 1 correct step. “Valid Problems” denotes the fraction of this subset yielding a valid s∗. The editing
direction is highly stable across thresholds. Bold: default setting.

Threshold θ Valid Problems cos(δi, vθ) cos(vθ, v0.5)

0.3 79.5% 0.282 0.845
0.4 77.5% 0.343 0.982
0.5 76.5% 0.399 1.000
0.6 74.5% 0.469 0.994
0.7 65.0% 0.533 0.988

Table 11: Editing direction comparison on DEEPSEEK-R1-7B (Pass@1 %). Bold: best.
Direction AMC23 GSM8K
Confidence-mixed 92.5 91.0
Stability-anchored 95.0 95.5

Direction consistency. Despite the high dimensionality, 87.6% of individual δi vectors point in
the same hemisphere as v. At the default threshold θ=0.5, the mean cosine similarity reaches 0.399
(Table 10), well above the random baseline.

G Statistical Significance

The 5 non-significant cases involve small-sample benchmarks where N=30 limits statistical power,
the near-ceiling 32B GSM8K setting at 97.2%, or 32B Olympiad where the effect size is only +0.4%.

H Supervision Level Comparison

SHEAR uses GT step-level correctness labels from 500 problems, while all baselines are unsupervised
or use only token-level signals. Two observations contextualize this difference: (i) 20 problems
suffice for AUC = 0.933 (Appendix I), placing the supervision requirement on par with few-shot
methods; (ii) the probe and direction transfer to GPQA-Diamond and LiveCodeBench with zero
additional training (Table 4), ruling out overfitting to the MATH distribution.

I Probe Data-Size Ablation

Table 16 and Figure 8a show that AUC exceeds 0.92 with as few as 20 training problems, far
exceeding the best token-level probe at 0.716. The correctness signal in hidden states is near-linearly
separable (full-dimensional linear probe: AUC = 0.945; MLP: AUC = 0.983), so the probe saturates
rapidly. The high linear-probe AUC indicates a large-margin separation in representation space; under
such conditions, standard sample complexity results for linear classifiers predict saturation with far
fewer labeled examples than the feature dimension D.

J Scaling and Multi-Layer Analysis

The readability of reasoning correctness from hidden states is consistent from 1.5B to 32B (probe val
accuracy: 95.4%, 93.4%, 92.7% respectively). Token count analysis confirms that SHEAR does not
increase reasoning length at any scale.

Layer-wise probe AUC (logistic regression, DEEPSEEK-R1-7B) increases monotonically from
layer 0 to layer 22 (Figure 8b), indicating that reasoning correctness information accumulates through
the transformer’s depth. Even the earliest layers outperform token max-probability (AUC = 0.563).

K Control Function Design Rationale

The control function (Eqs. 5–6) contains several design choices whose rationale we elaborate here.
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Table 12: Random direction baseline on DEEPSEEK-R1-7B, AMC23 (Pass@1 %). Bold: best.
Method AMC23
Vanilla 85.0
Stability direction only 87.5
Random direction + probe 87.5
SHEAR 95.0

Table 13: Component replacement on DEEPSEEK-R1-7B, AMC23 (Pass@1 %). Bold: best.
Intervention AMC23 Meaning
Direction: stability → random 87.5 Direction matters
Signal: probe → token 87.5 Signal quality matters
SHEAR 95.0

Asymmetric editing strength. The ratio β/λ = 300 reflects a fundamental asymmetry in the
editing task: correcting wrong reasoning requires a strong perturbation to shift the model’s trajectory
away from an incorrect path, while reinforcing correct reasoning needs only a gentle nudge to
avoid disrupting an already successful computation. Empirically, high-confidence steps already
produce correct answers and benefit little from intervention; aggressive editing at this regime risks
destabilizing the model. Low-confidence steps, by contrast, are on an incorrect trajectory where
the default generation would continue producing errors, so a stronger signal is needed to redirect
computation.

Cross-scale parameter sharing. Three factors enable the same hyperparameters to work across
1.5B, 7B, and 32B scales. First, the editing direction v is a unit vector, so αs controls the absolute
displacement regardless of the hidden dimension D. Second, the confidence thresholds τl and τh are
defined as the 25th and 75th percentiles of the training-set probe distribution, which automatically
adapts to each model’s confidence range. Third, the probe is retrained per model, so cs values are
calibrated to each scale before the control function is applied. The remaining parameters (β, σ0, γ,
k) control relative magnitudes and variance sensitivity, which empirically transfer well because the
probe’s output semantics are consistent across scales.

Variance term F2. When the probe output oscillates between high and low values over consecutive
steps, the model is uncertain about its reasoning direction. F2 detects this oscillation: the threshold
γ=0.005 corresponds to a standard deviation of approximately 0.07 in probe confidence, which
is the typical fluctuation amplitude in the overlapping region between correct and incorrect step
distributions. Amplifying the editing magnitude during such episodes helps the model escape the
unstable state, while F2=1 during stable periods ensures no unnecessary amplification.

L Probe Reliability Under Inference-Time Editing

A natural concern is whether the probe remains calibrated when the model’s representations have
been modified by prior editing steps. We address this through three complementary arguments.

Propagation pathway. At step s, editing modifies hs to h̃s = hs + αsv. The model then generates
step s+1 conditioned on h̃s. The probe at step s+1 is applied to hs+1, which is the model’s own
representation of the new step, not the edited h̃s directly. The probe thus evaluates a naturally
generated representation rather than an artificially perturbed one.

Orthogonality guarantee. The near-zero cosine similarity between the probe gradient and the
editing direction (cos(∇f, v) ≈ −0.02) ensures that editing does not shift representations along the
probe’s most sensitive axis. While this is a first-order argument, the relative perturbation magnitude
(∥αsv∥/∥hs∥ ≈ 22.8%) is moderate, and higher-order effects decay rapidly for well-conditioned
networks.
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Table 14: SHEAR mean±std over 10 independent runs with T=0.7 sampling (Pass@1 %). ∆: improvement
over the strongest baseline mean under the same setting. ∗∗ p < 0.01, ∗ p < 0.05 (Welch’s t-test). 13 of 18
configurations reach statistical significance; 9 of those reach p < 0.01.

Benchmark N SHEAR ∆ Sig.
DEEPSEEK-R1-7B

GSM8K 1319 95.3± 0.4 +3.8 ∗∗

MATH-500 500 94.0± 0.7 +1.2 ∗∗

Olympiad 675 59.5± 1.5 +3.0 ∗∗

AMC23 40 97.2± 3.0 +4.0 ∗∗

AIME24 30 59.3± 4.1 +2.6
AIME25 30 41.3± 5.5 +1.6

DEEPSEEK-R1-1.5B

GSM8K 1319 79.3± 0.7 +1.0 ∗

MATH-500 500 84.7± 0.7 +1.5 ∗∗

Olympiad 675 45.7± 1.6 +2.3 ∗∗

AMC23 40 76.0± 5.0 +5.0 ∗

AIME24 30 42.3± 6.5 +9.3 ∗∗

AIME25 30 35.7± 3.2 +11.7 ∗∗

QWQ-32B

MATH-500 500 95.9± 0.6 +1.1 ∗∗

AIME25 30 68.0± 5.9 +6.3 ∗

AMC23 40 95.5± 2.6 +2.5 ∗

AIME24 30 74.7± 6.1 +3.4
GSM8K 1319 97.2± 0.3 +0.2
Olympiad 675 68.8± 1.0 +0.4

Table 15: Supervision levels of compared methods. “Supervision” denotes the type of labels required to
construct each method.

Method Supervision Description
CoD, NoThinking Unsupervised Prompt engineering
NoWait Unsupervised Token suppression at decoding time
DEER Unsupervised Token-level early exit
Dynasor-CoT Unsupervised Internal-state probing + early termination
SEAL, Manifold Steering Unsupervised Activation steering (hidden-state space)
FlashThink Answer-level Early exit via trained verification model
TrimR Unsupervised Pretrained verifier for thought trimming
ReBalance Token-level Hidden-state steering + token-confidence control
SHEAR (ours) Step-level labels (500) Semantic confidence probe + stability-anchored direction

Empirical evidence. The case studies in Figure 1 show the probe responding appropriately through-
out edited trajectories: it stays low during incorrect reasoning, rises sharply at the moment of answer
stabilization, and remains high afterward. This behavior is consistent across both DEEPSEEK-R1-7B
and QWQ-32B, confirming that editing does not disrupt probe calibration in practice.

M Architectural Generality

We note three factors supporting the architectural generality of SHEAR’s findings.

First, the two core assumptions, namely that hidden states encode reasoning progress and that
additive editing can steer subsequent computation, are standard properties of transformer-based LLMs
demonstrated across diverse architectures including GPT [Meng et al., 2022] and Llama [Turner et al.,
2024, Li et al., 2023].

Second, the three evaluated models span substantially different training procedures: DEEPSEEK-R1-
1.5B and DEEPSEEK-R1-7B are obtained via knowledge distillation from DeepSeek-R1 [Guo et al.,
2025], while QWQ-32B is trained independently through reinforcement learning [Team, 2025]. The
consistency of SHEAR’s improvements across these distinct training regimes provides evidence that
the method captures properties of the transformer computation itself rather than artifacts of a specific
training pipeline.

Third, the probe and editing direction trained on MATH transfer to GPQA-Diamond and Live-
CodeBench with zero additional adaptation, as Table 4 shows. This cross-domain generalization
further supports the generality of the underlying signal.
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Table 16: Probe AUC by number of training problems on DEEPSEEK-R1-7B.
Training Problems Steps Probe AUC

20 1,662 0.933
50 4,261 0.924
100 9,713 0.922
150 14,295 0.958
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Figure 8: Probe analysis on DEEPSEEK-R1-7B. (a) AUC by number of training problems: performance
saturates rapidly, reaching 0.933 with only 20 problems. (b) Layer-wise AUC (logistic regression): reasoning
correctness information increases monotonically through the transformer’s depth, with all layers outperforming
token max-probability (dashed line).

N Discussion and Limitations

Answering the title question. Do LLMs already know the answer before they finish thinking? Our
evidence indicates yes. One might object that “a probe can decode it” does not entail “the model
knows it.” The reverse editing experiment in §5.5 addresses this directly: editing along +v improves
reasoning; flipping the sign collapses accuracy to near-zero. This extreme directional sensitivity
demonstrates that reasoning correctness information is not a passive artifact in the hidden states but
is functionally entangled with the model’s generation dynamics, directly influencing downstream
computation.

Why, then, do LRMs still overthink? We hypothesize a utilization bottleneck: the information is
encoded and causally relevant, but standard autoregressive decoding lacks a mechanism to “stop
when correct” or “redirect when stuck.” SHEAR bypasses this bottleneck through external reading
(semantic confidence probe) and direct editing (stability-anchored editing direction).

Broader implications. The signal accessibility gap may extend beyond reasoning control to other
tasks requiring content quality assessment, such as factuality checking or code correctness, though
further investigation is needed.

Limitations. (i) Generalization to architectures beyond the evaluated models has not yet been tested,
though the consistency across three models with distinct training regimes is encouraging. (ii) The
mean relative perturbation ∥αsv∥/∥hs∥ ≈ 22.8% is non-negligible. Probe-editing orthogonality, with
cos(∇f, v) ≈ −0.02, ensures the probe remains calibrated, and case studies confirm no degradation
in reasoning coherence. (iii) Probe training uses 500 MATH problems with GT labels, though
20 suffice as shown in Appendix I, and the direction transfers across domains without retraining.
(iv) Probe reliability under severe distribution shift remains uncharacterized; behavior on non-CoT or
non-English tasks is an open question.

Table 17: Stability index distribution across model scales. “Anchor Pairs” counts the total number of (hs∗i
, hs)

pairs with s > s∗i used to compute the editing direction v via Eq. 3.
Model Layer Anchor Pairs s∗ Mean s∗ Median
DEEPSEEK-R1-1.5B 19 2,618 43.1 29.5
DEEPSEEK-R1-7B 22 2,635 42.9 27.0
QWQ-32B 58 1,865 61.7 37.5

18


	Introduction
	Related Work
	Do Hidden States Encode Reasoning Progress?
	Representations Reliably Predict Step-Level Correctness
	The Signal Tracks Reasoning Progress in Real Time

	Shear: Editing Hidden States for Better Reasoning
	Stability-Anchored Editing Direction
	Adaptive Editing Control

	Experiments
	Setup
	Main Results
	Cross-Domain Generalization
	Ablation Study
	Reverse-Direction Editing

	Conclusion
	Notation
	Algorithm
	Implementation Details
	Step Correctness Definition
	Robustness Analysis
	Direction Analysis
	Statistical Significance
	Supervision Level Comparison
	Probe Data-Size Ablation
	Scaling and Multi-Layer Analysis
	Control Function Design Rationale
	Probe Reliability Under Inference-Time Editing
	Architectural Generality
	Discussion and Limitations

