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Abstract

Reasoning-oriented language models can gen-
erate thousands of tokens before answering, yet
the internal factors that determine their reason-
ing length remain poorly understood. This pa-
per studies whether reasoning length can be
controlled through sparse neuron interventions,
complementing prompt-based, budget-based,
and controller-based approaches. The proposed
method discovers reasoning-length-associated
neurons from paired long and concise correct
trajectories on a training split, ranks MLP neu-
rons by long-minus-concise activation contrast,
and tests the selected neurons on disjoint evalu-
ation splits by scaling their activations during
generation. The evaluation covers math, sci-
ence, and commonsense reasoning tasks, in-
cluding GSM8K, MATH500, ARC-Challenge,
CommonsenseQA, and QASC, under a strict
split-separated protocol that never discovers
neurons on held-out evaluation examples. In
several, but not all, task/model/budget regimes,
selected neurons modulate generated length dif-
ferently from layer-matched random controls,
with a modest single-run specificity result on
CommonsenseQA accompanied by a small ac-
curacy increase. These results provide task-,
model-, and prompt-protocol-specific evidence
that sparse MLP neurons can, in some split-
controlled regimes, provide neuron-level con-
trol signals for generated reasoning length.

1 Introduction

Large language models increasingly solve difficult
tasks by producing long chains of intermediate
reasoning (Wei et al., 2022; Kojima et al., 2022).
Longer reasoning can improve performance by de-
composing problems, checking partial solutions,
and recovering from local errors. However, longer
generations do not uniformly improve reasoning
outcomes. On relatively easy math problems or
multiple-choice reasoning questions, extended de-
liberation increases latency, memory pressure, and
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Figure 1: Gated-MLP computation pipeline and neu-
ron definition. At layer ¢, the hidden state is pro-
jected through the gate and up projections, combined as
he = SiLU(gate_proj,(z)) ® up_proj,(z), and then
passed to the down-projection. Each coordinate hy ; of
this down-projection input vector is treated as one MLP
neuron for discovery and intervention.

inference cost; it can also introduce unnecessary
assumptions, repetition, distractor analysis, or an-
swer drift. These patterns are commonly associated
with overthinking and define a central control prob-
lem: adjusting model-generated reasoning length
without retraining the model or relying on output
truncation.

Throughout this paper, we use neuron to denote
an activation coordinate inside the Transformer
MLP, rather than a vocabulary output unit or a bio-
logical neuron. In Qwen-style gated MLP blocks,
the down-projection input is

he = SiLU(gate_proj,(x)) © up_proj,(x), (1)

and one neuron is a layer-coordinate pair (¢, j) in-
dexing a coordinate of h,. Figure 1 illustrates this
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gated-MLP activation space and the neuron defini-
tion used throughout the paper.

Most existing approaches control reasoning
length from outside the model. Prompts ask for
shorter or longer reasoning, decoding budgets
impose hard limits, and search-based or adap-
tive methods regulate inference-time computation
(Wang et al., 2023; Yao et al., 2023). These meth-
ods are effective external controls, but they do not
identify which internal components modulate the
realized length of a reasoning trajectory. If reason-
ing length is partly represented inside the model, di-
rect neuron-level intervention may provide a more
fine-grained and interpretable form of test-time con-
trol.

Two recent lines of evidence provide empirical
context for this hypothesis. First, neuron-level anal-
yses of chain-of-thought reasoning show that high-
quality and low-quality trajectories activate dif-
ferent feed-forward neurons, and that intervening
on selected neurons can affect reasoning accuracy
(Tang et al., 2025). Second, reasoning-strength
planning work shows that the number of reasoning
tokens a large reasoning model will generate can
be predicted from pre-generation activations and
modulated by a dense activation direction (Sheng
et al., 2025). Taken together, these findings in-
dicate that reasoning behavior is not exclusively
an output-side textual phenomenon. They do not,
however, establish whether the realized length of
reasoning can be modulated through a sparse set
of MLP neurons, nor whether length-related sig-
nals can be separated from reasoning quality and
overthinking.

This paper investigates sparse neuron interven-
tion as a mechanism for reasoning-length control.
The analysis focuses on MLP intermediate neu-
rons, specifically coordinates of the gated MLP
vector passed into each Transformer block’s down-
projection. High-ranking neurons are referred to
as candidate reasoning-length-associated neurons.
The cautious terminology is intentional: the discov-
ery step identifies MLP neurons associated with a
behavioral contrast, while the intervention claim is
established through held-out interventions against
matched random controls.

The full method operationalizes this idea by sep-
arating discovery from evaluation: candidate neu-
rons are selected on a training split and tested only
through held-out intervention. Section 3 provides
the full discovery, scoring, and intervention proto-
col.

Because length and quality are not perfectly
separable in real reasoning, we also compare di-
rectly against prior reasoning-critical-neuron meth-
ods. This comparison evaluates whether neurons
selected for reasoning length are competitive with
neurons selected for reasoning quality, while pre-
serving the paper’s primary focus on controlling
generated length.

The empirical evaluation has two components.
The main experiments use Qwen3-4B-Thinking-
2507 under the model’s recommended sampling
settings, with practical 4096/8192-token budgets
and task-specific budget checks. The evalua-
tion covers math tasks, science-style multiple-
choice reasoning, and commonsense reasoning,
including GSM8K, MATH500, ARC-Challenge,
CommonsenseQA, and QASC. Controlled cross-
model evidence with DeepSeek-R1-Distill-Qwen-
7B and Qwen3-4B-Instruct-2507 is reported sepa-
rately. These regimes are not pooled; they separate
the main split-controlled results from supporting
external-validity checks.

Our contributions are:

* We formulate neuron-level reasoning-length
control as a testable mechanistic problem and
evaluate whether sparse MLP neurons provide
a targeted intervention mechanism for gener-
ated reasoning length.

* We adapt differential neuron analysis to
correctness-controlled paired trajectories
for identifying candidate reasoning-length-
associated neurons from long and concise
successful solutions.

* We evaluate activation scaling and same-count
random controls to test whether selected neu-
rons modulate length beyond generic activa-
tion perturbation.

* We compare reasoning-length-associated neu-
ron selection with Tang-style reasoning-
critical-neuron ratio scoring under a matched
seven-subject MATH protocol.

* We provide a strict split-separated protocol
for neuron discovery and held-out evaluation,
avoiding leakage from discovering neurons on
the same examples used for evaluation.

2 Related Work

Reasoning and inference-time computation.
Chain-of-thought prompting elicits intermediate

4792



reasoning steps and improves performance on
multi-step tasks (Wei et al., 2022; Kojima et al.,
2022). Self-consistency marginalizes over multiple
sampled reasoning paths (Wang et al., 2023), while
tree-based methods search over intermediate states
(Yao et al., 2023). Scratchpad-style work also
treats generated tokens as externalized computation
(Nye et al., 2021). These methods make reason-
ing more powerful, but they also make inference-
time computation a central design variable. The
present work complements these external-control
approaches by testing whether sparse internal neu-
rons provide an intervention mechanism for gener-
ated reasoning length.

Reasoning-strength planning. Recent work ar-
gues that large reasoning models partially plan their
reasoning budget before generation. In particu-
lar, Sheng et al. (2025) show that reasoning-token
counts can be predicted from pre-generation acti-
vations and identify a dense activation direction
whose magnitude modulates reasoning strength.
These results indicate that reasoning length is not
merely a surface artifact of decoding or prompt
wording. The present work addresses the comple-
mentary problem of whether the realized length of
reasoning can be modulated through sparse MLP
neurons during generation and tested with neuron-
level interventions. The distinction is relevant be-
cause a dense planning direction may reveal that
budget information exists in activation space with-
out identifying a sparse neuron-level intervention
mechanism.

Transformer MLP neurons. Transformer feed-
forward layers have been interpreted as high-
dimensional feature stores or key-value memories
(Geva et al., 2021). Knowledge neuron and model
editing work localizes factual associations in pa-
rameters or activations (Dai et al., 2022; Meng
et al., 2022). Reasoning length is not a single fact,
and we do not assign a fixed semantic label to an
individual neuron. Instead, we rank MLP neurons
by behavioral activation contrasts and validate the
resulting set through held-out interventions.

Neuron differential analysis for reasoning qual-
ity. The closest prior work is Tang et al. (2025),
who identify reasoning-critical FFN neurons by
comparing high-quality and low-quality CoT tra-
jectories and then intervene on the selected neu-
rons to improve downstream reasoning accuracy.
The proposed method uses a related activation-

differential logic, but targets a different behavioral
factor. Rather than contrasting high-quality chains
against low-quality chains, our main reasoning-
length protocol contrasts long and concise success-
ful trajectories for the same question and retains
only pairs where both final answers are correct.
The design reduces correctness confounds when
searching for length-associated neurons.

Quality and length can nevertheless interact.
Long reasoning may reflect beneficial verification
on difficult examples, but it may also reflect unnec-
essary deliberation or answer drift. Accordingly,
Tang et al. (2025) is used as the most direct method-
ological baseline, with a same-model, same-split
comparison reported in Section 5.1.

Activation steering and causal intervention.
Activation steering modifies hidden states to in-
fluence model behavior (Turner et al., 2024; Li
et al., 2023). A common strategy is to build a con-
trastive direction from examples that differ in a
target behavior and add or subtract that direction
during inference. Such directions can be effective,
but their sites include both the residual stream and
attention-head outputs. Our intervention is more lo-
calized: selected MLP down-projection input coor-
dinates are scaled during autoregressive decoding.
Matched random controls test whether observed
changes are specific to the selected neurons rather
than a generic consequence of perturbing MLP ac-
tivations.

Positioning. Prior  reasoning-critical-neuron
work shows that reasoning quality can be affected
by FFN interventions, and reasoning-strength plan-
ning shows that reasoning budget is predictable
from activations. The present study connects
these ideas while keeping the claims separate:
reasoning-critical neurons do not imply the
existence of reasoning-length-associated neurons,
and a dense budget direction does not imply sparse
neuron-level control.

3 Method

Protocol overview. The main protocol has three
stages. First, on a discovery split, we generate
paired long and concise trajectories from the same
model for the same question and retain only pairs
where both final answers are correct and the long
trajectory is substantially longer. The correctness-
controlled construction reduces the direct final-
answer correctness confound. Second, we col-
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lect MLP down-projection input activations over
generated tokens and rank neurons by their paired
long-minus-concise activation contrast. Third, on a
disjoint evaluation split, we scale the selected neu-
rons by a, measuring accuracy, token count, and
matched random controls. Figure 2 summarizes
this discovery-and-intervention pipeline.

Terminology. Following common usage in
neuron-level interpretability work, neuron refers
to one MLP activation coordinate. More precisely,
each neuron is a layer-coordinate pair in the gated
MLP down-projection input. Neurons selected by
our score are called reasoning-length-associated
neurons; they are associated with a long-versus-
concise activation contrast and must still be vali-
dated by held-out intervention. Selected neurons
denotes the intervention set, and matched random
neurons denotes same-count, layer-matched con-
trols. The notation k.,orq denotes the number of
selected MLP neurons, whereas kgample denotes the
decoding top-k sampling cutoff; these are distinct
quantities throughout the paper.

3.1 Long and Concise Trajectory Discovery

For each discovery item z;, we generate a long tra-
jectory yiL and a concise trajectory yiS from the
same model. For math tasks, prompts ask the
model to reason step by step and place the final
answer in \boxed{}. For multiple-choice tasks,
prompts ask for a standardized answer field con-
taining only the choice letter.

The long/concise contrast is not meant to dis-
tinguish correct from incorrect reasoning. Let |y|
denote the assistant output length after removing
prompt/chat-template tokens and padding. Parser
failures and incorrect answers are retained for roll-
out summaries but not for discovery. Discovery
retains only examples where both trajectories are
correct and the long trajectory is at least p times
longer than the concise trajectory:

Wl > plyll,  p=1.2. )

The paired filter selects length variation among
successful solutions; it does not isolate length from
verification or explanation style. In addition to the
default long/concise prompts, we evaluate stronger
detail/derivation prompts to induce clearer long-
Versus-concise contrasts.

3.2 Neuron Definition and Activation
Summary

A neuron is defined as one coordinate of the
MLP intermediate vector passed into the down-
projection. Concretely, for a gated MLP layer /,
the model computes

hy = SiLU(gate_proj,(z)) ® up_proj,(zx),

3
hy € R% )

and then applies down_proj, to map this vector
back to the model dimension. Candidate neurons
are indexed by a layer-coordinate pair (¢, j), where
j is a coordinate of hy (Figure 1). The definition
is distinct from a vocabulary or output neuron: it
is an activation coordinate inside the gated MLP
block.

For each retained trajectory, we average the coor-
dinate’s activation over up to the first 256 generated
positions, excluding padding. Truncated samples
are retained unless otherwise stated, with trunca-
tion rates reported for budget-sensitive analyses.
This fixed-prefix summary prevents a mechanical
bias where long trajectories contribute many more
late tokens than concise ones; it does not establish
that length is determined within this prefix.

3.3 Scoring Reasoning-Length-Associated
Neurons

L

i,0,5
af ¢; denote the summarized activation for the long
and concise trajectories. Paired differences are

computed as

For pair ¢, layer ¢, and coordinate j, let a*, . and

L S
digj = aip; —igj “

Coordinates are ranked by a standardized mean
contrast:

meani(di7g7j)
Sp = .
517 (stdy(dig) + €)/v/n

Here 7 is the number of retained pairs, € = 1075,
and std is the population standard deviation over
pairs. Ranking uses the positive signed score sy ;,
rather than |s; |, so selected neurons are those
more active in long successful trajectories than in
concise successful trajectories. The main setting
selects kcoorqa = 512 neurons.

®)

Tang-aligned activation-ratio variant. For the
official MATH comparison in Table 1, we addi-
tionally evaluate a Tang-aligned ratio variant. Be-
cause raw MLP intermediate activations are signed,
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[Prefix]
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N
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Answer: 300km.
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2hours. How far will it travel in

5hours at the same speed?

a € {1.5,1.25,1.0,0.75,0.5,0.25,0.0} | Answer: 300km

Sparse Intervention at Inference
baseline (= 1.0 baseline (a = 0.25)

)

Answer: 300km
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Long Reasoning

Random (¢ =0.25) t, t, | -+ tge = Answer: 150km °

Figure 2: Overview of sparse neuron-level control of reasoning length. The pipeline first constructs paired long and
concise reasoning trajectories, then scores MLP neurons by their long—concise activation contrast, and finally scales
the selected neurons during held-out inference. The intervention is evaluated by changes in generated length and

accuracy relative to matched random-neuron controls.

we do not take a signed activation ratio. Instead,
for each neuron (¢, j), we compute an activation-
magnitude ratio:

mean;|al, | + ¢

A2Y) =10 (6)

rej = =
b meani\afgj\ +¢€

and rank neurons by log ry ;. The MATH row la-
beled “Ours ratio variant” selects train-derived neu-
rons satisfying 74 ; > 1.10 for each subject, with
matched random controls using the same count
and layer distribution. This variant is used only
for the Tang-aligned MATH comparison; the main
reasoning-length score remains the standardized
long-minus-concise contrast above. Unlike the de-
fault method, the ratio variant uses all long/short
pairs without the both-correct or length-ratio filter.

3.4 Sparse Activation Scaling

Given a selected neuron set NV, we scale selected
neurons during generation:

hej < ahgj, (£,j) € N. (7

All unselected neurons are unchanged. Since MLP
activations can be positive or negative, o < 1
scales selected neurons toward zero rather than
guaranteeing a monotonic downstream logit ef-
fect. We evaluate o € {1.0,0.75,0.5,0.25,0.0},

where @ = 1.0 is the no-intervention baseline
and @ = 0.0 zeros selected neurons. Unless
stated otherwise, intervention is applied only dur-
ing generated-token decoding, not prompt prefill.

3.5 Controls and Specificity Tests

Matched random-neuron alpha sweep. For
each selected neuron set, we sample k¢oorq random
MLP intermediate neurons from the full model,
matching the selected-neuron count and layer dis-
tribution. Unless otherwise stated, each table uses
one fixed random draw with seed O rather than an
average over many random sets. The control evalu-
ates whether length changes are specific to ranked
neurons rather than a generic effect of perturbing
the same number of MLP neurons. When we report
selected—random token confidence intervals, they
are paired example-level bootstrap intervals over
the held-out examples; they do not include random-
neuron-set variance or decoding-seed variance.

4 Experimental Setup

4.1 Models

The main thinking-model held-out specificity re-
sult uses Qwen3-4B-Thinking-2507 (Yang et al.,
2025), a compact thinking model whose recom-
mended sampling protocol produces long-form
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reasoning. The direct Tang-style MATH compar-
ison uses Qwen/Qwen2.5-Math-1.5B-Instruct
(Yang et al., 2024) and Llama 3.2 Instruct models
(Grattafiori et al., 2024; ?) under the same official
seven-subject MATH protocol. Qwen3-1.7B (Yang
et al., 2025) is used for the graded alpha-scaling
evaluation. Appendix supporting experiments addi-
tionally use DeepSeek-R1-Distill-Qwen-7B (Guo
et al., 2025).

4.2 Tasks, Splits, and Leakage Control

Neuron discovery is always performed on a train-
ing/development source, while intervention is eval-
uated on a disjoint held-out split. Evaluation ex-
amples are never used for pairing, activation ex-
traction, or neuron scoring. Appendix Table 5 lists
exact split sources, including the distinction be-
tween the official 5,000-example MATH test and
the separate 500-example MATHS500 benchmark
(Hendrycks et al., 2021; Lightman et al., 2024).
Highlighted settings are descriptive choices from
parameter sweeps; reported intervals do not adjust
for that selection.

4.3 Decoding and Budget Selection

For Qwen3-4B-Thinking-2507, we use the model-
card recommended sampling settings available at
the time of experimentation: temperature 0.6, top-
p = 0.95, top-ksample = 20, and min-p = 0. The
recommended maximum output length for think-
ing models is large; our evaluated budgets can still
truncate outputs, so we report 4096-token runs sep-
arately from higher-budget runs. Appendix Sec-
tion A.2 lists the exact prompt templates, decoding
settings, and intervention provenance fields used in
the experiments.

4.4 Prompt Contrast Variants

The default long/concise prompt contrast is inten-
tionally simple, but low-contrast prompts can yield
weak activation signals. We therefore also use
stronger detail and derivation prompt variants to
induce clearer long-versus-concise correct trajecto-
ries for discovery.

4.5 Metrics

We report exact-match accuracy, mean and median
generated tokens, pairwise token delta relative to
a = 1.0, and reduced rate. Supporting analyses
also report correct-to-correct subsets where both
baseline and intervention answers are correct, SO

compression can be separated from answer degra-
dation. The MATH comparison and symbolic au-
dits use the Qwen equivalence evaluator; GSM8K
robustness, transfer, and external-control accuracy
retain explicitly labeled local exact-match scores.
Evaluation rescoring does not change the local ver-
ifier used for GSM8K discovery.

5 Results

The main text focuses on three results that directly
support the paper’s claims. First, we compare
against the closest neuron-differential baseline of
Tang et al. (2025) under the same MATH subject
protocol. Second, we show that scaling selected
neurons produces a graded interventional change in
reasoning length. Third, we report a held-out speci-
ficity result on the main thinking-model family,
comparing selected neurons with matched random
neurons. Bold marks the best value within each
comparable task/model block.

5.1 Direct Comparison with CoT Neuron
Differential Analysis

Tang et al. (2025) identify FFN neurons by con-
trasting high- and low-quality CoT trajectories and
intervening on the selected neurons to improve
reasoning accuracy. Table 1 aligns our evalua-
tion with that setup on the official seven-subject
MATH split. All non-published baselines are
reproduced in the same pipeline, with interven-
tion neurons discovered only from the train-side
split. On Qwen/Qwen2.5-Math-1.5B-Instruct
and meta-llama/Llama-3.2-3B-Instruct, the
sparse ratio intervention obtains the highest pooled
accuracy among the matched-protocol rows; on
meta-llama/Llama-3.2-1B-Instruct, it does
not outperform the no-intervention or reasoning-
critical baselines. These small differences are
descriptive rather than evidence of a universal
mathematical-accuracy improvement. The table
uses the Tang-aligned ratio-threshold rule > 1.10
described in Section 3, rather than the default stan-
dardized top-kcoorq Score. Appendix Table 7 re-
ports the parser audit motivating the use of the
official Qwen mathematical-equivalence parser for
this comparison, and Appendix Table 8 details
the ratio-threshold analysis that led to this sparse
operating point. The comparison is intended as
a matched-protocol check rather than as the pa-
per’s only evidence for length control. The MATH
rows ask whether neurons selected from a length
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MATH

Method

Algebra CP PC PA  Geometry 1A NT Avg.
Qwen2.5-Math-1.5B-IT
Greedy CoT 92.59 70.04 63.55 8542 64.09 59.69 78.89 75.88
HF no-intervention 92.00 69.20 65.20 85.65 64.09 59.80 80.19 76.04
Reasoning-critical neurons (Baseline) 9242 69.62 64.65 86.11 64.72 59.36 79.63 76.12
Matched random 9242 69.20 64.84 85.76 63.05 60.02 80.56 76.10
Ours (ratio) 9233 7194 64.65 86.34 65.55 58.80 79.26 76.30
Llama 3.2-1B-IT
Greedy CoT 36.65 16.03 13.37 34.44 17.33 941 17.59 2294
HF no-intervention 36.65 15.82 13.00 34.90 17.33 10.08 16.67 22.98
Reasoning-critical neurons (Baseline) 36.65 15.82 13.00 34.90 17.33 10.08 16.67 22.98
Matched random 30.83 13.71 11.54 31.23 17.33 941 16.67 2048
Ours (ratio) 3521 15.82 13.74 33.07 17.12 10.52 15.00 22.28
Llama 3.2-3B-IT
Greedy CoT 62.17 31.22 27.66 55.45 3340 21.37 36.30 41.38
HF no-intervention 62.26 30.38 27.66 54.54 31.52 2215 37.04 41.20
Reasoning-critical neurons (Baseline) 62.76 29.75 27.66 55.11 31.32 22.15 37.04 41.34
Matched random 5729 26.37 28.02 53.50 29.44 21.15 3333 38.72
Ours (ratio) 61.25 32.70 28.75 57.06 31.32 23.03 34.81 41.64

Table 1: Seven-subject official MATH comparison using the Qwen mathematical equivalence parser. “Reasoning-
critical neurons” denotes our same-pipeline reproduction of Tang et al. (2025), while “Ours” uses train-derived
activation-ratio scores with threshold > 1.10. Avg. denotes pooled accuracy over the 5,000-example MATH test
split. Differences are descriptive unless paired tests are reported.

contrast remain competitive with a closely related
quality-neuron intervention when both are eval-
uated under the same split, parser, and subject
protocol. The mixed Llama 3.2 results are infor-
mative in this respect: they show that the sparse
ratio variant is not a model-agnostic accuracy-
improvement method, reinforcing the need to re-
port length changes, matched random controls, and
task-specific held-out analyses separately.

5.2 Alpha Scaling Gives a Graded
Length-Control Signal

Table 2 tests whether reducing o shortens reason-
ing more for selected neurons than for matched ran-
dom neurons. On Qwen3-1.7B GSMS8K, selected-
neuron scaling yields a monotonic mean-token re-
duction from o« = 0.75 to 0.0, whereas the random
control has near-zero median changes and much
smaller mean reductions (Appendix Figure 3). Ac-
curacy changes are treated as task- and model-
specific.

At o 0.25, symbolic rescoring gives
88.25% accuracy versus 83.09% (+5.16pp, 95%
CI [+3.49, +6.82]); the token change is —343.5,
CI [-380.1,—307.0]. Five layer-matched ran-
dom sets give —2.4 + 34.0 tokens, while se-
lected interventions across three decoding seeds

. Mean Med.
Setting a Acc. A Acc. Tok. A Tok. A
HF no-int. 1.00 83.09 - 22973 - -
Selected 0.75 84.31 +1.21 2191.7 -105.7 -33
Selected 0.50 84.53 +1.44 2072.8 -224.5 -159
Selected 0.25 87.11 +4.02 1953.9 -343.5 -250
Selected 0.00 86.05 +2.96 1896.0 -401.4 -303
Matched rand. 0.75 83.32 +0.23 2288.0 -9.3 0
Matched rand. 0.50 84.61 +1.52 2256.9 -40.4 0
Matched rand. 0.25 83.32 +0.23 22594 -37.9 0
Matched rand. 0.00 84.84 +1.74 22439 -534 0

Table 2: GSMSK alpha sweep with Qwen3-1.7B,
derivation-prompt discovery, kcoord = 512, and max-
new-tokens 4096. Deltas are relative to HF no-
intervention. Accuracy uses the original normalized
exact-match evaluator.

give —319.1 £ 26.0 (mean+SD). These setting-
specific results supplement the exact-match table
(Appendix C).

5.3 Main Thinking-Model Held-Out
Specificity

Table 3 reports the most selective held-out re-

sult for the main Qwen3-4B-Thinking-2507 family.

On CSQA with an 8192-token budget, selected-
neuron scaling gives a small single-run accuracy
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Mean

Setting a Acc. A Acc. Tok. A Tok.
HF no-int. 1.00 59.38 — 2464.7 -
Selected 0.25 60.20 +0.82 2433.7 -31.0
Matched rand. 0.25 59.21  -0.16 24927 +28.0

Table 3: Main Qwen3-4B-Thinking-2507 held-out
specificity result on CSQA validation with train-derived
CSQA neurons and max-new-tokens 8192. The
selected-neuron row has a paired selected—random
token-delta gap of —59.0 tokens with an approxi-
mate 95% example-bootstrap confidence interval of
[-101.5, —16.5]. The accuracy difference is a single-
run descriptive result.

increase (+0.82) and reduces mean length by 31
tokens, whereas the matched random intervention
slightly reduces accuracy and increases length. The
selected—random paired token gap is —59.0 tokens
with an approximate 95% example-bootstrap inter-
val of [-101.5, —16.5]. Although the effect size
is modest, this setting uses train-derived neurons,
held-out validation examples, matched random con-
trols, and an 8192-token decoding budget.

5.4 Additional Analyses from Review

Review-stage analyses on GSM8K/Qwen3-1.7B
provide additional controls. Across long/base
evaluation prompts, selected—random token
gaps are —234.2 [—271.6,—198.6] and —249.8
[—286.1, —214.6]. Both length intervals exclude
zero; the long-prompt exact-accuracy gap is
+1.21pp [—0.30,+2.73]. Concise prompting is a
strong control: adding neuron scaling removes
211.6 tokens [—246.6,—176.5], with an exact-
accuracy difference of +0.23pp [—1.29,+1.67].
A difference was not detected; this does not
establish equivalence. Lexical verification markers
decrease 19.2% alongside a 15.0% token reduction,
characterizing output behavior without assigning
individual-neuron semantics. Under symbolic
scoring, 97 examples improve and 29 deteriorate;
70 improvements move from capped baselines
below the cap, while 17 remain capped. These
patterns associate gains with budget pressure
without establishing causal mediation. These
observations are limited to the tested model and
settings. Complete tables, evaluator-specific
statistics, and failure cases appear in Appendix C.

6 Discussion

The results support two conclusions. First, reason-
ing length is not purely an output-level artifact of

prompting or decoding: sparse MLP neurons can
provide a targeted intervention mechanism for gen-
eration length in some settings. Second, specificity
is essential. Specificity evidence is strongest in
settings where selected neurons shorten generation
more than layer-matched random neurons while
preserving accuracy.

This distinction matters because several simpler
mechanisms can also shorten outputs. A smaller
token budget truncates the answer, and a concise
prompt can change the entire input distribution. In
contrast, the intervention studied here leaves the
prompt and decoding budget fixed and changes
only a sparse set of MLP activation coordinates
during generated-token decoding. The alpha sweep
therefore tests a more local question: whether re-
ducing the contribution of neurons associated with
longer successful trajectories changes the realized
length of otherwise comparable generations. The
random-neuron controls are important for this inter-
pretation, since scaling arbitrary MLP coordinates
can also perturb generation length or accuracy.

The evidence also suggests that reasoning length
and reasoning quality are partially entangled rather
than independent factors. The default both-correct
discovery filter is designed to reduce the most di-
rect correctness confound, but it does not guaran-
tee that the selected neurons encode only length.
Long successful trajectories may contain verifica-
tion, alternative derivations, or task-specific styles
that are useful on some examples and unneces-
sary on others. This helps explain why the MATH
comparison shows small gains under a sparse ratio
threshold, whereas the same intervention family
does not uniformly improve every model or subject.
The method should therefore be viewed as a way
to expose and test length-associated internal fea-
tures, not as an unconditional recipe for improving
accuracy.

From a practical perspective, the desired control
is not simply “make the model shorter.” Shorter
reasoning is beneficial when the omitted tokens are
redundant, repetitive, or distractor-driven, but harm-
ful when they contain necessary computation. A
useful intervention should therefore provide a con-
tinuous length-control parameter whose effect can
be checked against task accuracy and matched ran-
dom controls. This framing is consistent with the
observed task-dependent behavior: the most infor-
mative results are those in which selected neurons
produce a larger length change than random neu-
rons without a corresponding accuracy collapse.
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The findings should not be interpreted as evi-
dence for universal, model-independent “reasoning
neurons.” The selected neurons are associated with
reasoning length under a given model, task distri-
bution, prompt protocol, and scoring procedure.
Accordingly, reasoning-length-associated neurons
are treated as candidate behavioral features vali-
dated by intervention rather than fixed semantic
objects.

7 Conclusion

This paper presented a method for identify-
ing and manipulating candidate reasoning-length-
associated MLP neurons. By contrasting long and
concise correct trajectories for the same input, the
method selects neurons preferentially active dur-
ing longer successful reasoning. Scaling these neu-
rons modulates output length in some settings more
strongly than layer-matched random controls, al-
though the evidence varies across tasks, models,
and budgets. The split-separated framework offers
a lightweight way to test neuron-level control sig-
nals for generated reasoning length under specific
task and prompt regimes.

Limitations

First, exact-match evaluation is brittle for mathe-
matical expressions, especially on MATHS500; sym-
bolic verification is necessary for robust evalua-
tion. We additionally report symbolic rescoring
for the principal GSM8K and MATHS500 sweeps.
Second, the selected neurons are MLP intermedi-
ate dimensions, not human-interpretable seman-
tic units. Third, results depend on prompt pro-
tocol, sampling, and maximum output length, so
practical 4096-token and high-budget settings must
be reported separately; prompt-induced contrasts
may not recover prompt-invariant reasoning-length
mechanisms. Fourth, most accuracy changes are
single-run descriptive results, and our matched ran-
dom controls use fixed random draws unless other-
wise stated, so they do not capture all random-set or
decoding-seed uncertainty. The principal GSM8K
analysis includes five random sets and three decod-
ing seeds; other settings have more limited cover-
age. Fifth, generated-token-only activation scal-
ing and all-token or weight-scaling approximations
are different interventions; backend comparisons
should be treated as approximation checks rather
than identical replacements. Finally, necessity and
sufficiency of the selected neurons are not estab-

lished.
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A Extended Results and Reproducibility
Details

The main text reports the tables needed to support
the central claims. This appendix provides proto-
col details, prompts, parser checks, and supporting
results needed to reproduce the study and inter-
pret the main tables. For numeric appendix tables,
bold marks the best value within the comparable
task/model block. Higher is better for accuracy, ac-
curacy delta, pair count, and reduction rate; lower
is better for token count and token delta when the
goal is compression. Qualitative comparison ta-
bles do not have an ordered best value. For delta
columns, unfavorable values are not bolded solely
because they are numerically maximal within a
block.

A.1 Model and Split Details

A.2 Prompt Templates, Decoding, and
Provenance

All rollouts use the model tokenizer’s chat template
when available. Each example is formatted as a
single user message. For base, the user message
contains only the question. For all other prompt
styles, the user message is the question followed by
a blank line and the instruction below. The assistant
generation is then started with the model’s normal
generation prompt. The intervention is therefore
evaluated on generated tokens only; prior conversa-
tion history is not modified.
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Model Where Used Role

Qwen3-4B-Thinking-2507 CSQA main result; appendix details Main thinking-model held-out specificity
Qwen/Qwen2.5-Math

1.5B-Instruct; Official MATH comparison Tang-style reproduction and direct compari-
Llama 3.2 1B/3B-IT son

Qwen3-1.7B GSMSK alpha-scaling table Graded length-control evaluation
Qwen3-4B Appendix MATH details Non-Thinking Qwen3 check

DeepSeek-R1-Distill-Qwen-7B
Qwen3-4B-Instruct-2507

Appendix supporting experiments Cross-model supporting evidence

Table 4: Model roles. Results are not pooled across these model families; each row is interpreted within its own

protocol. Model citations are provided in Section 4.

Task Discovery source Eval source Role

GSMB8K (Cobbe train test math

et al., 2021)

Official MATH competition-MATH first 7,500 competition-MATH last 5,000 math comparison
MATHS00 non-overlapping MATH train examples ~ 500-example MATHS500 test math

(Hendrycks

et al, 202I;

Lightman et al.,

2024)

ARC-C (Clark train test science MCQ

et al., 2018)

CSQA (Talmor train validation commonsense MCQ
et al., 2019)

QASC  (Khot train validation science/commonsense
et al., 2020) MCQ

Table 5: Split-separated task protocol. Held-out evaluation splits are never used for neuron discovery. The protocol
distinguishes the official seven-subject MATH comparison, which uses the 12,500-example competition-MATH
order with 7,500 train-side examples and 5,000 held-out test examples, from MATHS00 on the separate 500-example
benchmark. The exact split membership is fixed before neuron discovery and stored in the experiment metadata;
examples are never reassigned after seeing evaluation outputs. For MATHS500, overlap is removed on the train
side before activation extraction. QASC uses validation as the labeled held-out split because the test split does not
provide usable answer labels. HellaSwag-scale (Zellers et al., 2019) full discovery is deferred because exhaustive
paired discovery at that scale is substantially more expensive than the benchmarks studied here.

Math prompt templates.
¢ base: no additional instruction.

* long: “Please reason step by step, and put
your final answer within \boxed{}.”

* short: “Please reason concisely step by step,
and put your final answer within \boxed{}.”

* neutral: “Put your final answer within
\boxed{}.”

* detail_long: “Please solve the problem us-
ing detailed step-by-step reasoning. Include
all necessary intermediate steps before giving
the final answer within \boxed{}.”

* detail_short: “Please solve the problem us-
ing concise step-by-step reasoning. Include
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only the essential steps before giving the final
answer within \boxed{}.”

derivation_long: “Please solve the prob-
lem with a detailed derivation. Do not skip
intermediate algebraic or logical steps. Put
your final answer within \boxed{}.”

derivation_short: “Please solve the prob-
lem with a minimal derivation. Skip routine
algebraic or obvious steps, but keep enough
reasoning to justify the answer. Put your final
answer within \boxed{}.”

strong_long: ‘“Please solve carefully and
thoroughly. Think through the problem step
by step, include the necessary intermediate
derivations, and verify your solution before
giving the final answer within \boxed{}.”



* strong_short: “Please solve using the
fewest necessary steps. Avoid unnecessary
explanation and do not include verification
unless essential. Put your final answer within
\boxed{}.”

Multiple-choice prompt templates.
¢ base: no additional instruction.

* long: “Please reason step by step. Please
show your choice in the answer field with
only the choice letter, e.g., "answer”: "C".”

* short: “Please reason concisely step by step.
Please show your choice in the answer field
with only the choice letter, e.g., "answer”:
IIC” .’7

neutral: “Please show your choice in the
answer field with only the choice letter, e.g.,
llanswer”: HCH"’

e detail_long / derivation_long: “Please
reason through the question in detailed steps
before choosing. Please show your choice in
the answer field with only the choice letter,
e.g., "answer”: "C".”

detail_short / derivation_short:
“Please reason concisely and include only the
essential steps. Please show your choice in
the answer field with only the choice letter,
e.g., "answer”: "C".”

e strong_long: “Please reason carefully and
thoroughly before choosing. Please show your
choice in the answer field with only the choice
letter, e.g., "answer”: "C".

* strong_short: “Please answer using the
fewest necessary reasoning steps. Please show
your choice in the answer field with only the
choice letter, e.g., "answer"”: "C".’

The strong_#* prompts are documented for re-
producibility but are not used for main discovery
because the strong-long wording explicitly encour-
ages verification, which introduces a verification
confound for length-only discovery.

Which prompts are used where. The default
split protocol uses long/short for discovery and
long for held-out evaluation. The official MATH
seven-subject comparison uses train-side discov-
ery and base-prompt held-out evaluation; its “Ours”

row uses the sparse ratio-threshold rule in Table 8.
The Qwen3-1.7B GSMS8K graded-intervention
table uses derivation_long/derivation_short
for discovery and derivation_long for eval-
uation. The CSQA main specificity table
uses default long/short discovery and long
evaluation. The detail-prompt setting uses
detail_long/detail_short for discovery and
detail_long for evaluation. The base-prompt set-
ting keeps the train-derived default neuron set fixed
but evaluates with base.

Decoding and intervention settings. For
Qwen3-4B-Thinking-2507 and related Qwen3
thinking-model runs, sampling uses temperature
0.6, top-p = 0.95, top-ksample = 20, and min-
p = 0, following the model recommendation.
vLLM is used for non-intervened rollouts when
possible and HF generation for neuron intervention.
Intervention is applied only to generated tokens,
not to prompt tokens. Unless otherwise stated, the
selected neuron set has k..orq = 512, activations
are summarized over the first 256 generated posi-
tions, and candidate neurons are layer-coordinate
pairs in the gated MLP down-projection input.

Provenance fields. Intervention outputs store
the train-side neuron source in metadata, including
source_task, source_dataset, source_split,
source_model, source_max_tokens,
source_k (the selected-neuron count), and
source_score_path. Rows missing this prove-
nance are not used for main claims. The guard
prevents discovery on the same held-out split used
for evaluation, which would leak test labels and
invalidate the intervention interpretation.

A.3 Protocol and Parser Details

Table 6 clarifies the relation to Tang et al. (2025).
The methods share the broad neuron-differential
template, but differ in the target behavior: qual-
ity/correctness in the prior work versus reasoning
length among correct trajectories in our setting.

Table 7 records the official-parser rediscovery
audit. The large gap between strict and official
labels indicates that test-output regrading alone is
insufficient: train-side discovery labels also require
the same mathematical-equivalence parser.

Table 8 records the exploratory CP pilot that
motivated the sparse ratio threshold. It uses all
paired trajectories and the earlier local exact-match
evaluator; it is not the seven-subject official-parser
run. The ratio score uses log((meani|a£&j| +
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Dimension

Tang et al. (2025)

Ours

Target behavior

Discovery filter

Neuron score

Intervention

Primary metric

CoT quality / correctness; high-quality
chains are contrasted with low-quality
chains.

Correctness and manual quality filtering
over sampled MATH trajectories.

Ratio of average FFN activation between
high- and low-quality chains, followed by
thresholding.

Stimulate or suppress selected reasoning-
critical neurons to improve or damage rea-
soning accuracy.

Accuracy gain over greedy CoT.

Direct comparison sta- Published baseline to reproduce.

tus

Reasoning length / overthinking; long cor-
rect chains are contrasted with concise cor-
rect chains for the same input.
Both-correct filtering plus length-ratio
threshold p = 1.2, with discovery restricted
to train split.

Paired long-minus-concise standardized ac-
tivation contrast over MLP down-projection
input neurons, followed by ranking and se-
lecting kcoora neurons.

Scale selected reasoning-length-associated
neurons by « during generated-token decod-
ing to test length and accuracy changes.
Accuracy-length trade-off, token reduction,
and matched-random specificity.
Seven-subject Qwen2.5-Math reproduction
and sparse ratio-threshold analysis under the
same split-separated evaluation principle.

Table 6: Methodological comparison against the closest prior neuron differential method.

Subject Train Official Strict Recovered nglity Length Ratio > 1.10
Acc. Acc. / Lost Pairs Pairs Neurons
Algebra 95.54 89.99 403/16 94 94 81
CP 75.45 65.66 302/0 135 42 71
PC 76.58 66.99 291/5 110 41 53
PA 92.41 81.85 509/0 101 62 66
Geometry 61.55 55.34 216/0 181 34 60
1A 7091 6529 303/12 294 64 55
NT 79.78 77.42 82/0 145 60 42

Table 7: Official MATH train rediscovery audit with Qwen/Qwen2.5-Math-1.5B-Instruct.

“Strict” is the earlier

local string/equivalence evaluator; “Official” uses the Qwen mathematical parser and grader.

e)/(meani|af&j| + €)), not a raw signed activa-
tion ratio. Broad ratio selection reduces output
length at the cost of substantial accuracy degrada-
tion, whereas the sparse ry; > 1.10 set is more

selective.

A.4 Main-Model Alpha and k,,.q Diagnostics

Table 9 gives the broader Qwen3-4B-Thinking-
2507 held-out sweep used to contextualize the main
CSQA result.

Table 10 reports the selected-set-size comparison
for the CSQA specificity result.

Table 11 reports supporting GSM8K prompt and
selected-set-size comparisons.

A.5 Prompt and Budget Details

Table 12 summarizes the prompt contrasts and bud-
gets used to construct long/concise discovery pairs.
A.6 Supporting Prior Experiments

Tables 13 and 14 preserve supporting cross-model
evidence. These rows are not pooled with the
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Figure 3: Token-side companion to Table 2 for the
Qwen3-1.7B GSMS8K alpha sweep. Selected neurons
show a graded reduction as « decreases, while matched
random neurons remain comparatively flat.

new main experiments; they document earlier
model/task combinations in which selected-neuron
intervention produced correctness-preserving com-
pression relative to matched random controls.
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Condition Selection  Neurons Acc. A Acc. Mean Tok. A Tok. Median Tok.

HF no-intervention — - 62.24 - 519.84 - 438.5
Diff all-pairs top-ranked 512 61.81 -0.43 525.69 +5.85 437.0
Ratio top-ranked 512 60.76  -1.48 528.95 +49.11 450.0
Ratio random top-ranked 512 59.70  -2.54 531.07 +11.23 449.0
Ratio top 10% 25,088 56.54 -5.70 484.08 -35.76 423.0
Ratio random top 10% 25,088 5633 -591 511.96  -7.88 442.5
Ratio > 1.10 71 64.14 +1.90 519.18  -0.66 4335
Ratio random > 1.10 71 60.76  -1.48 528.10 +8.26 442.5
Ratio > 1.05 1,901 61.81 -0.43 506.43 -13.41 435.5
Ratio random > 1.05 1,901 62.03 -0.21 51348 -6.36 449.5

Table 8: Exploratory MATH CP comparison of difference-based and ratio-based neuron scoring with
Qwen/Qwen2.5-Math-1.5B-Instruct. Deltas are relative to HF no-intervention on the same 474 CP test ex-
amples, using the earlier local exact-match evaluator.

Task Budget Setting a Acc. A Acc. Mean Tok. A Tok.
GSM8K 4096  Baseline 1.00 91.74 - 1405.4 -
GSM8K 4096  Selected 0.25 90.83 -0.91 13724  -33.1
GSM8K 4096  Matched random 0.25 91.43 -0.31 1396.8 -8.6
MATHS500 4096  Baseline 1.00 46.00 - 3031.4 -
MATHS00 4096  Selected 0.25 46.20 +0.20 3050.2  +18.8
ARC-C 4096  Baseline 1.00 74.23 - 1649.7 -
ARC-C 4096  Selected 0.25 7278 -145 1587.2  -62.5
ARC-C 4096  Matched random 0.25 73.46 -0.77 1642.7 -7.0
CSQA 4096  Baseline 1.00 58.23 - 2380.2 -
CSQA 4096  Selected 0.25 60.69 +2.46 2342.6 -37.6
CSQA 4096  Matched random 0.25 56.84  -1.39 2404.1  +23.9
CSQA 8192  Baseline 1.00 59.38 - 2464.7 -
CSQA 8192  Selected 0.25 60.20 +0.82 2433.7 -31.0
CSQA 8192  Matched random 0.25 59.21 -0.16 24927  +28.0
QASC 4096  Baseline 1.00 57.45 - 2298.7 -
QASC 4096  Selected 0.25 55.40 -2.05 2304.6 +59

QASC 4096  Matched random 0.25 5540  -2.05 22644 -34.3

Table 9: Qwen3-4B-Thinking-2507 held-out results with kcoorqa = 512, shown at the key operating point o = 0.25.
Math accuracy retains the original normalized exact-match scoring; symbolic MATHS00 results are reported in
Appendix C.

Selected—Random

Task  kcoora Setting Acc. A Acc. Mean Tok. A Tok. A Tok.
CSQA 64  Selected 58.56  -0.82 2451.6  -13.1 -15.7[—58.0,+26.6]
CSQA 64 Matched random 60.03  +0.66 2467.3 +2.5 -

CSQA 256 Selected 58.89  -0.49 24538 -109 -26.3[—67.7,+15.1]
CSQA 256 Matched random 58.64 -0.74 2480.1 +154 -

CSQA 512  Selected 60.20 +0.82 24337  -31.0 -59.0 [—101.5,—16.5]
CSQA 512 Matched random 59.21  -0.16 249277  +28.0 -

Table 10: CSQA max-new-tokens 8192 selected-set-size sensitivity for Qwen3-4B-Thinking-2507 at o = 0.25. All
rows use train-derived CSQA neurons and the same held-out validation baseline.

B Reproducibility Details o Selected-set-size comparisons: kcoord €
{64, 256,512} where reported.
¢ Main selected neuron count: k.oorq = 512.
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Eval prompt Neuron set Setting Acc. A Acc. Mean Tok. A Tok.
Long kcoora = 64  Baseline 91.74 - 1405.4 -
Long kcoora = 64 Selected, o = 0.25 90.52 -1.21 1408.8 +3.3
Long kcoora = 64  Matched random, o = 0.25 91.21 -0.53 1390.1 -15.3
Base kcoora = 512 Baseline 82.26 - 1625.0 -
Base kcoorda = 512 Selected, o = 0.25 87.26  +5.00 1349.5 -275.5
Base kcoorda = 512 Matched random, o = 0.25 87.64 +5.38 1363.8 -261.2

Table 11: GSM8K prompt and neuron-set comparisons with Qwen3-4B-Thinking-2507 and max-new-tokens 4096.
Deltas are relative to the prompt-matched baseline.

Model Task Prompt contrast Budget Pair count Mean long-concise A
Qwen3-4B-Thinking-2507 MATHS500 default long/concise 8192 122 +249.7
Qwen3-4B-Thinking-2507 MATHS500 detail long/concise 8192 295 +1076.0
Qwen3-4B-Thinking-2507 MATHSO00 derivation long/concise 8192 225 +769.9
Qwen3-4B-Thinking-2507 ARC-C detail long/concise 4096 477 +793.0
Qwen3-4B-Thinking-2507 CSQA detail long/concise 4096 312 +961.0
Qwen3-4B-Thinking-2507 QASC detail long/concise 4096 194 +811.5
Qwen3-4B-Thinking-2507 QASC detail long/concise 8192 183 +980.2

Q1W7611313 GSM8K  derivation long/concise 4096 4947 +595.7
Qwen3-4B MATHS500 derivation long/concise 4096 4525 +673.0

Table 12: Prompt contrast and budget-sensitivity experiments. Pair count is the number of retained both-correct
pairs satisfying the length-ratio filter.

Task Model Setting a  Acc. A Acc. Mean Tok. A Tok. / %
GSMSK  DeepSeek-R1-Distill-Qwen-7B  Baseline 1.00 78.54 - 612.6 -
GSM8K  DeepSeek-R1-Distill-Qwen-7B  Selected 0.25 77.79  -0.75 590.3  -22.3/-3.6%
GSMSK  DeepSeek-R1-Distill-Qwen-7B  Matched random 0.25 78.62 +0.08 628.2  +15.6/4+2.5%
MATHS500 DeepSeek-R1-Distill-Qwen-7B Baseline 1.00 50.80 - 2483.9 -
MATHS500 DeepSeek-R1-Distill-Qwen-7B  Selected 0.25 50.60 -0.20 2107.8 -376.1/-15.1%
MATHS500 DeepSeek-R1-Distill-Qwen-7B Matched random 0.25 51.20 +0.40 2488.5 +4.6 / +0.2%
ARC-C DeepSeek-R1-Distill-Qwen-7B  Baseline 1.00 71.42 - 635.5 -
ARC-C DeepSeek-R1-Distill-Qwen-7B  Selected 0.25 73.72 +2.30 5939 -41.6/-6.5%
ARC-C DeepSeek-R1-Distill-Qwen-7B  Matched random 0.25 71.84 +0.43 639.2 +3.7/4+0.6%
CSQA DeepSeek-R1-Distill-Qwen-7B  Baseline 1.00 55.86 - 640.7 -
CSQA DeepSeek-R1-Distill-Qwen-7B  Selected 0.25 5790 +2.05 606.5 -34.2/-5.3%
CSQA DeepSeek-R1-Distill-Qwen-7B  Matched random 0.25 55.69 -0.17 645.0 +4.3/+0.7%
ARC-C Qwen3-4B-Instruct-2507 Baseline 1.00 91.89 - 459.4 -
ARC-C Qwen3-4B-Instruct-2507 Selected 0.25 91.81  -0.08 4413  -18.1/-3.9%
ARC-C Qwen3-4B-Instruct-2507 Matched random 0.25 92.24 +0.34 455.8 -3.6/-0.8%
CSQA Qwen3-4B-Instruct-2507 Baseline 1.00 80.59 - 468.6 -
CSQA Qwen3-4B-Instruct-2507 Selected 0.25 80.34 -0.25 4574  -11.2/-2.4%
CSQA Qwen3-4B-Instruct-2507 Matched random 0.25 81.24 +0.66 470.0 +1.4/+0.3%

Table 13: Controlled cross-model supporting evidence.

* Activation site: MLP down-projection input.
* Pair filtering threshold: p = 1.2.

* Activation summary: first 256 generated posi-
tions.

minus-concise contrast, population standard
deviation, and e = 10~5.

* Model identifiers: Qwen3-4B-Thinking-2507
denotes Qwen/Qwen3-4B-Thinking-2507;

* Scoring: positive signed standardized long- Qwen3-4B  denotes  Qwen/Qwen3-4B;
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. Base Interv. Mean A Med. Red.
Task Model Setting Tok.  Tok. Tok. / % A Rate
MATH500 DeepSeek-R1-Distill-Qwen-7B  Selected 231 1875.5 1490.8 -384.6/-20.5% -207.0 64.9
MATHS500 DeepSeek-R1-Distill-Qwen-7B  Matched random 233 1844.1 18703 +26.2/+1.4% +2.0 438
ARC-C DeepSeek-R1-Distill-Qwen-7B  Selected 747 539.7 498.7 -41.0/-7.6% -33.0 62.2
ARC-C DeepSeek-R1-Distill-Qwen-7B  Matched random 731 5343 537.1 +2.8/40.5% +0.0 49.9
CSQA DeepSeek-R1-Distill-Qwen-7B  Selected 557 5357 495.6 -40.1/-75% -34.0 60.7
CSQA DeepSeek-R1-Distill-Qwen-7B  Matched random 567 533.1 533.7 +0.5/+0.1% +2.0 48.7
ARC-C Qwen3-4B-Instruct-2507 Selected 1058 437.6 4205 -17.1/-39% -18.0 61.3
ARC-C Qwen3-4B-Instruct-2507 Matched random 1059 437.0 4353 -1.8/-0.4% 2.0 53.0
CSQA Qwen3-4B-Instruct-2507 Selected 933 4214 412.1 -9.3/-22% -7.0 53.8
CSQA Qwen3-4B-Instruct-2507 Matched random 950 425.3 4237 -1.7/-04% +0.0 49.3

Table 14: Correct-to-correct pairwise token changes for o = 0.25 in controlled supporting experiments. Each row
uses its own both-correct subset, so selected and random rows need not contain the same examples.

A accuracy (pp)

4 =@ Selected
=O- Random

1.0

Figure 4: Accuracy-side companion to Figure 3 for the
Qwen3-1.7B GSMS8K alpha sweep under the original
exact-match evaluator. Accuracy deltas are descriptive
single-run changes relative to the no-intervention row
in Table 2.

DeepSeek-R1-Distill-Qwen-7B denotes

deepseek-ai/DeepSeek-R1-Distill-Qwen-7B

Experiment metadata record local check-
point revisions and backend versions when
available.

* Primary intervention: generated-token-only
activation scaling.

* Matched random control: same count and
layer distribution as the selected neurons, us-
ing a fixed random seed unless otherwise
stated.

* Qwen3-4B-Thinking-2507 sampling: temper-
ature 0.6, top-p = 0.95, top-ksample = 20,
min-p = 0.

* Budget selection: short rollout first; full run
uses the smallest max length with acceptable
truncation and answer-format failure rates.

C Additional Analyses

The following analyses supplement the original ex-
periments. Unless otherwise specified, GSM8K re-
sults use Qwen3-1.7B, all 1,319 test questions, 512
derivation-derived coordinates, temperature 0.6,
a 4096-token output budget, and selected-neuron
scaling at o = 0.25.

C.1 Random Sets and Decoding Seeds

Five layer-matched random sets (subset seeds
0-4) are evaluated at « € {0.25,0} with de-
coding seed 0. Separately, decoding seeds 0-
2 are evaluated with paired no-intervention and
selected-neuron runs at o« = 0.25, holding the
discovered set fixed. These are complemen-
tary checks, not a five-by-three factorial exper-
iment. At « 0.25, the random-set token
change is —2.4 £ 34.0 (mean+sample SD), rang-
ing from —37.9 to +48.1; the selected change is
—343.5. Across decoding seeds, selected changes
are —343.5,—322.1,—291.7 tokens, averaging
—319.1 £ 26.0. Original normalized exact-match
accuracy gains are +4.02, +1.14, +3.03 percent-
age points (pp), averaging +2.73 + 1.46pp. This
evidence is specific to this setting; five random
draws do not support a normal-reference signifi-
cance test.

C.2 Prompt Transfer and External Controls

Prompt transfer holds the derivation-derived neu-
ron set fixed while changing the evaluation prompt
to long or question-only base. Each prompt has
its own baseline and layer-matched random con-
trol, with decoding seed 0. Selected—baseline to-
ken changes are —232.8 and —293.9, respectively.
Table 15 gives the selected—random comparisons.
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The long-prompt interval containing zero concerns
accuracy, not length. Transfer to two prompts does
not establish prompt invariance.

Exact accuracy

Evaluation Token difference difference (pp)
prompt [95% CI] [95% CI]
—234.2 +1.21
long [—271.6,—198.6] [—0.30,+2.73)]
—249.8 +2.35
base [~286.1, —214.6] [+0.83,+3.87]
Table 15: Selected minus matched random on

GSM8K/Qwen3-1.7B. Accuracy uses the original nor-
malized exact-match evaluator. Intervals use 10,000
paired bootstrap samples over questions and condition
on the observed runs.

Table 16 compares external controls under
the same model, questions, sampling, decod-
ing seed, and HF backend. Concise prompting
uses derivation_short; the hard budget keeps
derivation_long and reduces the cap to 2048.
The combination also scales the same coordinates.
Relative to concise prompting, combining both
interventions changes length by —211.6 tokens
[—246.6, —176.5] and exact accuracy by +0.23pp
[—1.29, +1.67|, using paired bootstrap intervals;
exact McNemar p = 0.84. This is not an equiva-
lence or non-inferiority test.

Condition Exact acc. Tokens s/ex.
Long prompt, no intervention 83.09 2297 12.6
Hard cap 2048 69.29 1741 54
Concise prompt 86.88 1698 10.1
Selected, o = 0.25 87.11 1954 10.8
Concise + selected 87.11 1487 9.6

Table 16: External controls on GSM8K/Qwen3-1.7B.
Tokens are mean generated tokens; time is amortized
generation seconds per example at batch size 16, not
single-query latency. All accuracies are exact-match
percentages.

Concise prompting alone is shorter than scaling
alone and has similar measured accuracy. Hard
truncation lowers accuracy by 13.80pp: 209 of
its 216 baseline-correct answers becoming incor-
rect reach the cap. Its timing therefore does not
represent a quality-preserving speedup. Timing ex-
cludes discovery cost; dense steering and adaptive
decoding are not compared.

C.3 Symbolic Scoring and Failure Analysis

Table 17 audits
the Qwen2.5-Math

unchanged outputs
answer

using
extraction and

mathematical-equivalence code (Yang et al.,
2024). MATHS500 references are treated as already
extracted final answers. Rescoring evaluation
outputs does not change the discovery labels or
neuron sets. Robustness, prompt-transfer, and
external control accuracy above retains the original
exact-match scorer.

Exact Symbolic

Condition acc. acc.  Recovered Lost
Task / model: GSM8K / Qwen3-1.7B

Baseline 83.09 83.09 19 19
Selected, a = 0.25 87.11 88.25 21 6
Random, o = 0.25 83.32 83.85 20 13

Task / model: MATH500 / Qwen3-4B-Thinking

Baseline 46.00 48.80 27 13
Selected, o = 0.25 46.20 49.60 30 13
Random, o = 0.25 47.00 48.60 20 12

Table 17: Scoring audit on 1,319 GSM8K and 500
MATHS00 examples, including the complete MATHS500
random run. Recovered/lost count labels changing from
incorrect/correct to correct/incorrect when switching
scorers.

Identical aggregate GSMS8K baseline accuracy
masks 19 recovered and 19 lost labels. Paired cor-
rectness analyses must therefore use one scorer
consistently. Under symbolic evaluation, the se-
lected GSMSK intervention fixes 97 examples and
breaks 29, giving +5.16pp [+3.49, +6.82]. Of the
97 fixes, 87 have capped baselines; 70 move below
the cap and 17 remain capped. Of the 29 failures,
18 intervened outputs reach the cap; 4 are shorter, 9
equally long, and 16 longer than baseline. A cap hit
means stored generated length at least 4096, not an
independently recorded termination reason. These
associations do not establish causal mediation by
truncation. MATHS500 selected/random accuracy
changes order under rescoring, but the differences
remain small.

Two symbolic correct-to-incorrect examples il-
lustrate the limits of compression-based explana-
tions. For gsm8k_test_1003, the intervention an-
swers monthly cost (360) instead of the requested
earnings (480), while length increases from 3078
to 3926 tokens. For gsm8k_test_106, the correct
baseline answer 72 changes to 64; length increases
from 3733 to 4096, with unresolved checking of
incompatible volume calculations. These cases are
illustrations, not an exhaustive error taxonomy.
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C.4 Layers and Lexical Markers

In the 36-layer Qwen3-4B-Thinking-2507, layers
16-27 (zero-based) contain 62.5%, 42.4%, 55.1%,
and 39.6% of the 512 selected coordinates for
GSMSK, CSQA, ARC-C, and MATHS500, respec-
tively. These values describe that 4B model, rather
than the 28-layer Qwen3-1.7B used in the principal
sweep, and do not assign semantics to individual
neurons.

For Qwen3-1.7B GSMS8K outputs, a lexical
proxy counts case-insensitive regular-expression
matches in 16 groups: wait; hmm; actually;
let me check/verify/reconsider/rethink/see; mis-
take/incorrect/error; reconsider/rethink; another
way/alternative; hold on; not necessarily; on second
thought; check; verify/verification; double-check;
make sure; sanity check; and wrong. Overlap-
ping groups are counted separately. Density is the
per-example mean of 1000¢;/ max(t;, 1), where
¢; counts matches and ¢; counts generated tokens.
Selected scaling changes density from 10.06 to
9.51 per 1000 tokens (paired change —0.55, 95%
CI [-0.71, —0.40]); random scaling changes it by
+0.07 [—0.08,+0.22]. These counts are not ver-
ified reasoning operations. Discovery long/short
densities also differ (10.23 versus 8.75), so the
contrast does not isolate length from verification-
related language.
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