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Abstract

Role-playing prompts effectively steer Large
Language Models (LLMs), yet the neural mech-
anism driving this behavioral shift remains un-
clear. In this work, we identify Role-Sensitive
Neurons (RSNs)—a sparse sub-network govern-
ing the transition from hesitation to action. Us-
ing a novel evaluation framework with explicit
abstention (MMLU-E), we reveal a Confidence-
Performance Decoupling: roles primarily mod-
ulate the model’s probabilistic “willingness to
act” rather than its underlying knowledge repre-
sentation. We demonstrate that RSNs function
as a mechanistic gain control system: causal
intervention on this subspace allows precise
regulation of abstention behavior. Further-
more, cross-model transfer experiments indi-
cate that these circuits are likely latent within
pre-training, with Instruction Tuning (SFT)
acting primarily as “signal sharpener” to re-
fine latent gain dynamics. Finally, we iden-
tify a critical safety boundary: in knowledge-
deficient models, amplifying RSNs induces
“unwarranted certainty,” highlighting decisive-
ness as a tunable gain parameter distinct from
epistemic truth.

1 Introduction

Large language models (LLMs) such as GPT-4 [1]
and Llama-3 [10] exhibit striking behavioral flexibil-
ity. The use of system prompts such as “You are an
expert” is widely believed to enhance model perfor-
mance [19, 33, 34, 38]. However, these improvements
are not always consistent [16, 20]. Moreover, the mech-
anism behind this modulation remains opaque. Does
adopting an expert persona inject new knowledge, or
merely regulate decisiveness—unlocking latent capabil-
ities without altering the underlying knowledge repre-
sentation?

We propose that role-playing functions as a metacog-
nitive gain control mechanism. Inspired by neuroscience
theories [17, 25, 9], we view confidence as a behavioral
gate: suppressed states cause hesitation, while expert
prompts act as a disinhibitory signal that amplifies con-
fidence to unlock latent knowledge. This implies a dis-
entangled geometry where models may possess correct
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knowledge yet fail to express it due to a conservative
confidence state [9, 40].

In this work, we move beyond prompt engineering to
activation-level analysis, structuring our investigation
around four questions:

RQI (Behavior): How do role prompts modulate con-
fidence? Using MMLU-E (with explicit abstention), we
find that role prompts drastically shift abstention rates
while maintaining stable conditional accuracy. This
proves that roles do not create new knowledge but rather
unlock latent knowledge by regulating the willingness
to answer.

RQ?2 (Neural Substrate): Is there a distinct neural sub-
strate? We identify Role-Sensitive Neurons (RSNs)—a
sparse (~0.5%) subset of neurons concentrated in the
middle layers. Causal intervention confirms RSN act as
a bidirectional “Gain Switch”: injecting them (« - RSN)
recovers expert-level decisiveness, while negative scal-
ing induces hesitation.

RQ3 (Internal State): Does steering reshape the la-
tent confidence? Beyond surface-level logits, we verify
that RSN injection sharpens the entropy of the internal
distribution, shifting the model into a decisive latent
regime even in neutral contexts without explicit role
cues.

RQ4 (Origin): Is this substrate indigenous? We find
that RSNs extracted from Instruction-Tuned (IT) models
effectively steer Base models to recover decisiveness.
This compatibility indicates the mechanism is native to
pre-training but latent; instruction tuning acts largely as
a signal sharpener rather than creating the capability de
novo.

Contributions. (1) Phenomenon: We reveal a
Confidence-Performance Decoupling, showing that role-
playing modulates decisiveness to unlock suppressed
knowledge. (2) Method & Mechanism: We identify
Role-Sensitive Neurons (RSNs), a sparse mid-layer sub-
space, and demonstrate via causal steering that they act
as a bidirectional gain control knob regulating absten-
tion. (3) Origin: We trace this substrate to pre-training,
showing that instruction tuning merely sharpens a pre-
existing functional ensemble.!

!Code and data are available at https://github.
com/paveenH/RSN.
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Figure 1: RSN Methodology. Role-induced divergent pairs are used to identify a sparse confidence subspace
(top-0.5% neurons) via mean activation shift (Ag), which is then causally manipulated to control confidence through

gain modulation.

2 Related Work
2.1 Role-Playing and Confidence Bias

Assigning personas through natural language prompts is
a common strategy for steering LLM behavior [34, 38].
While early works attributed the success of expert
prompts to better knowledge retrieval [33], persona-
based conditioning remains unstable: mismatched roles
may degrade performance or induce excessive cau-
tion [16, 19, 20]. Xu et al. [42] reveal that role-playing
primarily induces a confidence bias: models exhibit
systematic overplacement when acting as experts and
underplacement when acting as laymen, even while their
actual accuracy remains stable. This aligns with find-
ings that LLMs often possess correct latent knowledge
but fail to express it due to lack of confidence [14].
Despite these behavioral insights, the mechanistic
process of how a semantic prompt (role) translates into
a scalar shift in confidence remains underexplored. In
this work, we aim to provide a mechanistic lens by iden-
tifying Role-Sensitive Neurons (RSNs)—a sparse neural
substrate that implements this confidence modulation.

2.2 Mechanistic Interpretability and Steering

To manipulate model behavior, prior work has devel-
oped various activation steering techniques. Dense steer-
ing methods, such as Activation Addition [39], Con-
trastive Activation Addition [32], and In-Context Vec-
tors [24], modify the global direction of the residual
stream to control high-level attributes like refusal or
sentiment.

Conversely, sparse analysis methods aim to decom-
pose activations into functionally specific units. While
Sparse Autoencoders (SAEs) [6, 8] typically target se-
mantic concepts (e.g., "Eiffel Tower"), recent work has
focused on identifying functionally specialized neurons.
Prior studies have explored techniques ranging from gra-
dient attribution [7, 3] and entropy-based metrics [37] to
GPT-based annotation [30]. To overcome the computa-

tional cost of supervision, lightweight activation-based
approaches—such as average-precision ranking [18]
and Neuron-wise Mean Difference (NMD) [13]—have
been proposed. These methods have successfully iso-
lated neurons selectively responsible for specific capa-
bilities, including language identification [18, 37], the
memory—generalization trade-off [13], and emotional
tone [35].

2.3 Confidence: Measurement and Decoupling

Assessment Paradigms. Current research on confi-
dence estimation primarily operates across three dimen-
sions: internal signals, external behavioral indicators,
and verbalized self-evaluations. For internal confidence,
the most established approach relies on the model’s la-
tent states, with Maximum Softmax Probability (MSP)
serving as the quintessential baseline [12, 28]. Be-
yond internal logits, external confidence can be elicited
through specific behavioral options, such as provid-
ing an “I am not sure” option to allow explicit un-
certainty signaling [28]. Finally, directly prompting
LLMs for verbalized confidence has become a prevail-
ing paradigm [27, 21]. However, standard verbal elicita-
tions often conflate confidence with accuracy, necessi-
tating a more human-like approach to evaluation.

The Confidence-Performance Decoupling. A core
premise of our work is that confidence and performance
can be treated as separable variables, a view grounded
in recent neuroscience. Theoretically, confidence is not
a direct readout of evidence but an inferential estimate
conditioned on an internal self-model [9]. Structurally,
this separation is supported by findings that confidence
and choice identity are encoded in approximately or-
thogonal subspaces [40], and that neural populations
utilize context signals to shift dynamics without altering
synaptic weights [25]. This geometry allows the brain to
modulate decisiveness without corrupting the semantic
content of the decision. Translating this to LLMs, Xu
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Figure 2: The Decoupling Effect (Llama3-8B-IT).
While accuracy (Top) remains stable across roles, con-
fidence (Bottom) follows a strict hierarchy. See Ap-
pendix A.2.2 for Mistral and Qwen.

et al. [42] proposes a decoupling perspective, arguing
that verbal estimation should function independently
of predictive correctness. In this work, we provide
the mechanistic evidence for this decoupling, identi-
fying the specific neural substrate that allows models to
regulate action willingness independent of knowledge
representation.

3 Empirical Motivation: The
Confidence-Performance Decoupling

We evaluate three instruction-tuned models (Llama3-
8B-IT, Mistral-7B-IT, Qwen3-8B-IT) on MMLU [11].
We construct a role hierarchy (Expert — Student —
Person — Non-Expert) using a unified template (e.g.,
“Now you are a...”; see Appendix A.1.1). We measure
internal confidence via the Maximum Softmax Prob-
ability (MSP) of the final answer token. Accuracy is
also computed via greedy decoding on final-token logits,
yielding a deterministic evaluation. Logit predictions
align closely with greedy decoding (see Appendix A.3).

Observation 1: Confidence Decouples from Accu-
racy. We observe a striking dissociation: role prompts
strongly modulate confidence while accuracy remains
relatively static. As shown in Figure 2, while accu-
racy fluctuates non-monotonically, confidence follows a
strict, consistent gradient following the role hierarchy
from Expert to Non-Expert across all domains. Specific
task-level examples confirming this decoupling (e.g., in
College Medicine) are detailed in Appendix A.2.1. This
suggests that role prompts predominantly modulate the
model’s probabilistic state of confidence rather than its
underlying knowledge retrieval.

Observation 2: Roles Gate Latent Knowledge via
Abstention. To verify if this confidence shift dictates be-

havior, we employ MMLU-E—our augmented version
of MMLU that appends an explicit “E) I am not sure’
option to every question, enabling direct measurement
of abstention behavior via the E-ratio (proportion of
questions answered with “E”). Table 1 reveals that role
identity acts as a decision threshold regulator. The Non-
Expert induces a conservative state with high abstention
(e.g., Llama3: 44.8%), while the Expert triggers deci-
siveness (6.9%). Crucially, despite the massive surge
in answered questions, Conditional Accuracy (AcCeond)
remains remarkable stable (69.3% — 67.2%). This
stability demonstrates that the “new” answers are not
random hallucinations. Instead, they predominantly re-
flect latent knowledge that was previously suppressed
by a conservative confidence gate.

>

Table 1: Knowledge Unlocking on MMLU-E. Expert
prompting sharply reduces abstention (E-ratio) while
preserving conditional accuracy (Acceona), indicating
the release of latent knowledge rather than random
guessing. All values are percentages (%).

Model Role Ace E-ratio Acccond
Llama3 Non-Exp. 38.7 44.8 69.3
8B-IT  Expert 63.0 6.9 67.2
Mistral Non-Exp. 21.2 72.7 76.5
7B-IT  Expert 50.1 24.7 64.9
Qwen3 Non-Exp. 525 29.9 74.9
8B-IT  Expert 63.4 14.3 73.9

4 Method: Discovering and Editing
Role-Sensitive Neurons (RSNs)

4.1 Overview

Our goal is to isolate the neural substrate of confi-
dence—specifically, the functional ensemble that gov-
erns the transition from hesitation to decisiveness.
While prior work on activation steering demonstrates
that dense, full-layer shifts can modulate behavior,
dense vectors inevitably mix confidence signals with
semantic content. We propose a finer, neuron-level per-
spective: identifying a sparse, functionally disentangled
control subspace. We focus on the residual stream of the
final input token (the decision bottleneck [29]), where
integrated context maps to logits. By identifying the
neurons that explicitly encode the direction of confi-
dence, we aim to modulate the model’s decisiveness
without corrupting its knowledge representation.

4.2 Algorithm: Isolating the Confidence Subspace

We formalize the identification process as a three-step
pipeline designed to maximize the Signal-to-Noise Ra-
tio (SNR) of the confidence signal (Figure 1).

Step 1: Collection of Divergent Pairs. To maximize
the Signal-to-Noise Ratio (SNR), we filter the dataset
for divergent pairs—instances where the prompt change
(“expert” vs. “non-expert”) leads to different answer
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Algorithm 1 RSN Identification and Inference-Time
Steering

Require: Dataset D, model f with L layers, sparsity p, scal-
ing factor o
Ensure: Steered hidden states k(") at inference
1: // Phase 1: Offline RSN Identification
2: Collect divergent pairs: D* <+ {z; | fop(z:i) #
Joon (1) }
3: for eachlayerl =1,..., L do
4: Extract hidden states héQ,(a:i), h,(lf,z,(:rz) at final token
for all z; € D*
5: Compute mean  shift:

l l

B & (b (@) — bl (@)
6 Sparse filtering: C; < top- p% (\A,u(l) \)
7: RSNsW[i] «— ApWli]ifi € K;, else 0
8: end for
9: // Phase 2: Inference-Time Steering
10: for each layer [ in middle layers do
11: A« hr® +a-RSNsW
12: end for

Ap® —

choices. By excluding invariant samples, we ensure the
activation difference isolates the specific causal features
that tip the model’s internal balance toward decisiveness,
rather than encoding the shared semantic context of the
query.

Step 2: Computation of Role-Induced Shifts. For
each divergent pair z; in our dataset (where i =
1...N), we extract the hidden states h()) at the final
token position. We compute the mean difference [13],
which captures the average direction of the activation
change:

N

An = 37 (8 ()~ B ()

i=1

This vector Ayu() represents the average direction of the
role-induced activation shift driven by role conditioning
within the layer’s activation space.

Step 3: Sparse Filtering (Neuron Isolation). To
maximize specificity and minimize interference with
unrelated representations, we distill the dense shift vec-
tor into a sparse signature. We rank neurons by their
absolute shift magnitude |A,uZ(D | and retain only the top
p% (default p = 0.5%), denoted as K;. The resulting
RSN vector isolates the most functionally relevant units
while filtering out ambient noise in the dense residual
stream:

Ap®O[i], ifi € Ky,

0, otherwise.

RSNsW[i] = {

During inference, we apply the scaled edit « -
RSNs® to the hidden state of the final input token
at each layer. This sparse intervention introduces mini-
mal overhead while preserving the model’s capacity.

Y =n®W 4+ - RESNsW.

Computational Cost. RSN identification is a
lightweight, one-time offline procedure. For each model,
it requires approximately 28,000 forward passes (cover-
ing all MMLU-E divergent pairs across roles), complet-
ing in 2-3 hours on a single NVIDIA A100 GPU with
no gradient computation. The output is a single sparse
difference matrix (e.g., 32 x 4096 for Llama3-8B-IT),
where each row retains only the top p% non-zero entries
and the rest are zeroed out. This matrix is computed
once, stored as a sparse mask (<1 MB), and reused
across all downstream tasks. Inference-time steering
adds a single vector addition per layer, with negligible
runtime overhead.

4.3 Characterizing the RSN Substrate

We empirically analyze the properties of these extracted
neurons, revealing that RSNs constitute a distinct, non-
random functional ensemble.

Sparsity (p): The Decoupling Evidence. Sweeping
the sparsity parameter p (Figure 3a) reveals that edit-
ing just the top 0.5% of neurons is sufficient to recover
expert-level decisiveness while maintaining accuracy.
Increasing p beyond this threshold yields diminishing
returns and eventually degrades performance, suggest-
ing that excessive editing interferes with core semantic
features. This efficacy of sparse editing provides circum-
stantial evidence for the decoupling hypothesis: confi-
dence is encoded in a low-dimensional subspace effec-
tively disentangled from the vast majority of knowledge-
storing neurons.

Localization (Layers): The Metacognitive Win-
dow. Layer-wise analysis (Figure 3b) shows that role-
induced divergence is not uniformly distributed. While
early layers (1-10) show high correlation (encoding
shared syntax), divergence peaks in the middle lay-
ers (11-19). This identifies a middle-layer “metacog-
nitive window”—the locus where the self-model as-
serts influence to inhibit or promote information flow.
Consequently, we restrict RSN editing to this region
(RSN,,,;4), maximizing stability while minimizing in-
terference (consistent with single-layer baselines, Ap-
pendix A.4).

Scaling («): The Gain Control Mechanism. The
scaling factor «v acts as a neuromodulatory gain control
(Figure 3c). Performance peaks around an optimal range
(o = 4), maximizing the retrieval of correct answers
from abstention. Low gain (o < 2) is insufficient to
overcome the inhibition threshold, while excessive gain
(e > 6) introduces noise and over-steering. This aligns
with the interpretation of RSNs as a gain-modulating
signal, providing the necessary “energy” to regulate
decisiveness.

S Mechanism: Steering the Confidence
Switch

Having identified the sparse, role-sensitive subspace, we
now move from correlation to causality. In this section,
we dissect the neural mechanism of confidence mod-
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Figure 3: Characterizing the RSN Substrate (Llama3-8B-IT). (a) Sparsity: Accuracy (solid lines, left axis) and
E-ratio (dotted lines, right axis) as a function of the edited neuron proportion. Both metrics saturate at p =~ 0.5%,
confirming that a sparse subspace is sufficient for full confidence control. (b) Localization: Role-induced divergence
peaks in the middle layers (11-19). (c) Scaling: Steering effectiveness peaks at o ~ 4, consistent with gain control.

ulation using Llama3-8B-IT on the MMLU-E bench-
mark as a representative case study. We establish that
Role-Sensitive Neurons (RSNs) function not merely as
a correlate of confidence, but as a bidirectional gain
control knob that governs the transition between hesi-
tation and decisiveness. Unless otherwise specified, all
causal interventions in this section are applied to the
identified middle-layer RSNs (RS Ny,;4), as they repre-
sent the most stable functional ensemble for confidence
steering (see Section 4).

5.1 Causal Control: The Bidirectional Gain Knob

To verify the causal role of RSNs, we perform bidirec-
tional steering (injection and suppression) and compare
RSNs against dense and statistical baselines. The results
are summarized in Table 2.

Sufficiency: Replicating Decisiveness (+«). First,
we test whether activating RSN is sufficient to induce
expert-level behavior. As shown in Table 2 (Block II), in-
jecting the sparse middle-layer RSN vector (o = 4) into
the Non-Expert reduces the abstention rate from 44.77%
to 3.73%. This intervention recovers the model’s ac-
curacy (63.22%), effectively matching the Expert ref-
erence (63.01%) and validating RSNs as a sufficient
causal substrate for confidence modulation.

Bidirectional Control: The Continuous Knob (-«).
If RSNs represent a continuous mechanistic gain, revers-
ing the signal should induce hesitation. Indeed, applying
negative scaling (= — 3) produces a strictly opposite
effect: the abstention rate spikes to 65.13%—far ex-
ceeding the original Non-Expert level. This suppression
effect generalizes to the Expert model, increasing its hes-
itation from 6.87% to 14.64%. This confirms that RSNs
function as a prompt-agnostic bidirectional gain mech-
anism: the neural substrate itself governs the model’s
decisiveness, regardless of whether the initial state was
induced by an expert or non-expert persona.

Necessity: Unmasking Active Suppression. To de-
termine whether RSN are the necessary physical car-
rier of role-induced behavior, we perform zeroing abla-
tion (Knockout). We analyze the Confidence-Capability
Gap—defined as the difference between latent capabil-
ity (standard MMLU accuracy) and expressed behavior

Table 2: Mechanistic Comparison of Steering Methods
(Llama3-8B-IT, MMLU-E). (I) Signal Nature: RSNs
vs. dense (FV, PCA) and statistical (T-test) baselines.
(IT) Causal Control: Bidirectional RSN steering demon-
strates tunable gain. All values are percentages (%).

Non-Expert  Expert
Method Config Acc E Acc E
Original - 38.65 44.77 63.01 6.87
Random Sparse 39.70 43.36 63.28 6.54
I. Baselines (Signal Nature)
PCA (ICV) Dense 5147 3.94 60.21 0.14
FV Dense 62.11 0.10 63.96 0.00
T-test Sparse 61.81 5.06 65.30 0.17
II. RSN Causal Steering
4 RSNpiqa Sparse 63.22 3.73 65.74 0.26
—3 RSNpiq Sparse 24.95 65.13 58.82 14.64

(MMLU-E accuracy). Table 3 reveals a striking func-
tional asymmetry. The Non-Expert exhibits a massive
confidence-capability gap of 24.15%, indicating active
suppression. Crucially, ablating mid-layer RSNs im-
proves behavior, narrowing the gap to 11.03%. This
paradoxical improvement implies that the Non-Expert
state acts as a “suppression lock” mediated by RSNs.
In contrast, the Expert model remains robust to this
ablation (the gap remains negligible at ~2%), proving
that RSN removal specifically disengages the suppres-
sion mechanism without damaging the core reasoning
engine, unlike full-layer knockout which degrades capa-
bility globally.

5.2 Micro-Dynamics: The Unlocking Mechanism

To understand the mechanics of this performance jump,
we analyze prediction transitions and conditional accu-
racy. This reveals that RSNs function as a gain control
mechanism—Iowering the confidence threshold to re-
lease latent knowledge.

Figure 4 visualizes the prediction shifts from the Non-
Expert baseline to the RSN-steered state (o« = 4). The
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Table 3: Evidence of Active Suppression via RSN Abla-
tion (Llama3-8B-IT). Ablating mid-layer RSNs selec-
tively reduces Non-Expert hesitation while preserving
accuracy, whereas full-layer ablation degrades latent
capability. All values are percentages (%).

Intervention MMLU-E MMLU Gap

Acc () E({) Acc(D)

Non-Exp. (Orig.) 38.65 44.77 62.80 24.15
Knock(RSNmiq) 49.36 23.25 60.39 11.03
Knock(RSNywi) 39.10 14.23 4732 822
Expert (Orig.) 63.01 6.87 65.80 2.79
Knock(RSNmiq) 63.04 4.02 6527 223
Knock(RSNyguu) 43.44 597 4788 444

Prediction Transition: Baseline = RSN (a = 4)

Ell 5836 249 0 5000
- § [CYRTAW (1.8%) | (0.0%)
:% 4000
E 2 37 2585 0 3000
s £ | 2.6%) | (184%) | (0.0%)
3 - 2000
S =
2Z | 2774 1856 372 | 1000
£ [(198%) | (132%) | (2-6%)
-0
Correct Wrong Abstain

RSN Prediction

Figure 4: Prediction Transition Matrix (Non-Expert —
+RSN). RSN steering induces a dominant Abstain —
Correct transition (19.8%) and a smaller Abstain —
Wrong flow (13.2%), consistent with global threshold
lowering.

dynamics reveal a dominant flow from Abstain — Cor-
rect (19.8% of total samples), confirming that the ma-
jority of gains stem from unlocking latent knowledge
suppressed by a conservative decision regime. Crucially,
this is accompanied by a secondary flow from Abstain
— Wrong (13.2%), whereas the Correct — Wrong path
remains minimal (1.8%).

This pattern confirms that RSNs operate by globally
lowering the decision threshold rather than selectively
filtering for truth. We further validate this by tracking
Conditional Accuracy (Acceong, see Appendix A.10).
The Non-Expert baseline exhibits excessive conser-
vatism (Acceona = 69.3%). RSN steering shifts this
operational point to 65.5%, effectively mirroring the
Expert’s precision-recall trade-off (67.2%) by trading a
marginal drop in precision for a massive expansion in
coverage.

5.3 Signal Nature: Efficiency and Specificity

Finally, we analyze the structural properties of the con-
trol signal by comparing RSNs against dense base-
lines—Functional Vectors [39] and PCA-based meth-
ods [24]—as well as statistical baselines (T-test) [2].
The results in Table 2 (Block I vs. II) underscore three

defining characteristics of the confidence mechanism.

Geometry: Mean Shift vs. Variance (vs. PCA). We
find that confidence does not align with the direction
of maximum activation variance. The performance gap
between PCA-based steering and RSNs supports this
distinction. While PCA captures the dominant axes of
variation, it fails to isolate the confidence signal. This
confirms that confidence is encoded as a directed mean
shift induced by role conditioning, distinct from the
dominant axes of variation.

Efficiency: Minimal Intervention (vs. FV). Stan-
dard Functional Vectors (FV) operate on the entire dense
layer (100% of neurons). While FV achieves high ac-
curacy, it acts aggressively, driving the E-ratio to near
zero. In contrast, RSNs achieve comparable expert-level
accuracy by editing only 0.5% of the neurons. This
demonstrates that confidence is carried by a compact
and functionally specialized subspace, rather than being
diffusely distributed across the layer.

Specificity: Magnitude vs. Significance (vs. T-test).
Comparing RSNs against the T-test baseline offers in-
sight into the signal’s composition. T-test selects neu-
rons based on strict statistical consistency (low variance
across samples), whereas RSNs select based on the ab-
solute magnitude of divergence. The slight performance
advantage of RSN suggests that strict statistical stabil-
ity at the level of individual neurons is not a necessary
condition for effective control. Instead, what matters is
whether the aggregate mean shift is sufficient to reliably
bias the representation along the confidence dimension.

Together, these results characterize confidence as a
sparse, directional, and population-level control signal
rather than a generic statistical artifact.

5.4 Validation: Internal State Dynamics

Does RSN injection genuinely modulate the model’s
internal belief state, or merely disable refusal heuris-
tics? To distinguish these possibilities, we validate the
mechanism using two complementary metrics: internal
confidence (MSP) and verbalized self-evaluation.

Internal Confidence (MSP). We track the model’s
latent belief state (p*) under causal intervention. To
verify generalization beyond the "Expert" template, we
introduce semantic anchors—explicitly Confident and
Unconfident prompts (see Appendix A.1.2). As shown
in Figure 5, RSN injection induces a consistent mono-
tonic increase in p* across all conditions. This cross-
prompt consistency is consistent with RSNs regulating
a fundamental internal signal, effectively "boosting"
latent confidence regardless of the initial framing.

Alignment with Verbalized Confidence. We further
verify that this internal shift aligns with the model’s
explicit self-assessment. On MMLU-Pro, RSN steering
consistently raises and stabilizes self-evaluated confi-
dence scores (09 scale). This synchronization between
implicit logits and explicit generation suggests that the
gain control effect is also reflected in the model’s ver-
balized outputs (see Appendix A.12 for detailed distri-
bution analysis).
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Figure 5: Confidence Amplification under RSN Edit-
ing. RSN intervention consistently increases the pre-
dicted probability (p*) across role-based and explicit
confidence prompts in Llama3-8B-IT, indicating a gen-
eralized boost in latent certainty. See Appendix A.11 for
consistent results on Mistral-7B-IT and Qwen3-8B-IT.

Validation on Open-Ended Reasoning (GSMS8K).
To verify that the confidence modulation effect extends
beyond multiple-choice abstention to open-ended gener-
ation, we evaluate RSN steering on GSM8K [5] using
Llama3-8B-IT and Qwen3-8B-IT in a neutral setting
(no role prompt). Since accuracy trends differ across
models in open-ended generation, we focus on linguis-
tic confidence markers as a model-agnostic signal. We
define the Confidence Ratio as:

B |assertive|
~ |hedging| + |self-correction| + 1

EEINNTI

where assertive markers (e.g., “the answer is”, “there-
fore”), hedging markers (e.g., “maybe”, “I think”),
and self-correction markers (e.g., “wait”, “hmm”) are
counted via exact-match lexical patterns. The full
marker dictionary is provided in Appendix A.14.

Table 4: Confidence Ratio on GSMS8K under RSN steer-
ing. Positive scaling (o= + 4) consistently increases
assertiveness, while negative scaling (= — 4) increases
hedging, confirming that the gain control effect propa-
gates into free-form generation.

Model a=—4 Neutral a=+4
Llama3-8B-IT 0.91 1.08 1.37
Qwen3-8B-IT 0.27 0.31 0.33

As shown in Table 4, positive RSN injection consis-
tently increases the Confidence Ratio for both models,
while negative scaling reduces it. This directional con-
sistency confirms that the gain control mechanism is
not an artifact of the multiple-choice format: RSNs gov-
ern the model’s underlying assertiveness in free-form
generation as well.

6 Generalization and Boundary Analysis

Having established the mechanistic nature of RSNs, we
evaluate their robustness across unseen roles, neutral
settings, and boundary regimes where increased confi-
dence does not imply factual correctness.

6.1 Cross-Domain Generalization: New Roles and
Formats

We first test whether mid-layer RSN's generalize to scien-
tific (ARC Challenge [4]) and commonsense reasoning
(CSQA [36]) without retraining. We use the MMLU-E
template format but with generic roles without task-
specific descriptions (e.g., Person, Student, Level-n Ex-
pert, see Appendix A.1.3). As shown in Table 5, RSN
editing on Llama3-8B-IT demonstrates strong transfer-
ability. Weak roles (e.g., Non-Expert) exhibit the most
dramatic recovery, with accuracy surging over 30 points
as abstention vanishes. Crucially, the graded reduction
in E-ratios across generic levels confirms that RSNs
function as a task-agnostic, continuous gain controller,
rather than relying on task-specific semantic cues. Con-
sistent generalization on Mistral and CSQA-E is re-
ported in Appendix A.7.

Table 5: Cross-Domain Generalization on ARC-E. RSN
editing (L11-19, ®=4) on Llama3-8B-IT consistently
reduces abstention across generic roles. All values are
percentages (%).

Role Accuracy E-ratio
Orig. Edit. Orig. Edit.
Non-Exp. 47.22 80.46 4390 0.46
Person 52.63 8131 3649 0.12
Student 60.39 81.27 28.80 0.15
Expert 80.58 82.16 3.17 0.04
LO Exp. 60.39 82.01 2950 0.19
L1 Exp. 80.31 8230 398  0.08
L2 Exp. 81.31 8228 220 0.08
L3 Exp. 81.66 8224 1.66 0.08

6.2 Standalone Confidence Control in Neutral
Settings

Can RSNs replace prompt engineering? We evalu-
ate direct intervention in a Neutral condition (no role
prompts). Table 6 reveals a clear Reasoning-Factuality
Trade-off. Positive injection (av=4) consistently ampli-
fies reasoning performance (e.g., GPQA +12.1%), sug-
gesting RSNs promote weak but correct latent chains.
However, this gain control is distinct from epistemic
correctness: excessive boosting lowers factual accuracy,
while negative steering (= — 4) acts as a “caution fil-
ter,” improving truthfulness. This confirms that RSNs
modulate the willingness to assert rather than directly
improving the verification of truth. (See Appendix A.13
for Mistral’s distinct dynamics).

6.3 Origin of RSNs: Cross-Model Transferability

Finally, we investigate whether RSN are novel circuits
created by instruction tuning (IT), or latent mechanisms
already present in pre-training. We perform a cross-
model transfer experiment on MMLU-E, directly apply-
ing RSN extracted from the IT model to the correspond-
ing Base model without retraining. As shown in Table 7,
injecting the IT-RSN vector (a = 4) into Llama3-Base
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Table 6: Standalone RSN Control in Neutral Settings. RSN editing improves reasoning benchmarks but reveals a

trade-off with factuality.

Model Cond Reasoning Benchmarks (Acc %) Factuality (Acc %)
' MMLU MMLUpro GPQA AR-LSAT LogiQA | TQA-MCI TQA-MC2 FACTOR
Orig 67.4 36.1 31.9 23.2 54.5 51.0 59.9 71.6
Llama3d o =+4 664 37.8 32.8 23.5 55.3 46.0 56.6 68.3
a=-4 669 33.8 31.6 22.5 54.3 51.3 61.4 72.8
Orig 71.7 41.1 33.4 25.6 66.8 68.1 76.6 75.8
Qwend a=+4 724 43.7 35.6 26.1 67.5 66.7 77.0 77.0
a=-4 677 35.6 30.3 252 62.5 65.2 73.2 69.4

(Non-Expert) reduces abstention from 61.17% to 7.39%
and more than doubles accuracy (20.67% — 47.47%),
substantially outperforming the Base model’s own ex-
tracted vector (29.11%).

This result demonstrates that the confidence control
mechanism is indigenous to pre-training but initially
unrefined. The Base model’s strong response to the
transferred IT vector supports the existence of an under-
lying latent structure, while the superior performance
of IT-RSNs indicates that instruction tuning acts as a
signal sharpener, isolating and amplifying a precise
gain-control direction from noise.

7 Theoretical Implications

Our findings establish RSN as a specialized neural sub-
space for regulating mechanistic confidence. Beyond
immediate performance gains, these neurons offer criti-
cal insights into the nature of LLM cognition.

7.1 The "Digital Dopamine' Hypothesis

Neuroscience posits that biological gain control mech-
anisms (e.g., dopaminergic pathways in the NAcc)
regulate decisiveness not merely by altering sensory
evidence, but by modulating the commitment to a
choice [17]. Specifically, high dopamine levels pro-
vide the "energetic" motivation to overcome internal
inhibition and prevent "change-of-mind quitting" during
difficult decisions.

Our results suggest a striking parallel in LLMs: RSNs
function analogously to "Digital Dopamine." We use
this term metaphorically to denote gain modulation.
RSNs provide the computational equivalent of "motiva-
tion to engage": simply increasing the scaling factor «
suppresses the model’s tendency to abstain, effectively
pushing the internal state past the activation threshold
required for decisive action. This supports the view
that LLMs separate the representation of truth from
the willingness to act on it, employing a functionally
dissociable coding scheme for confidence.

7.2 Alignment as Signal Sharpening

The "Superficial Alignment Hypothesis" [44] posits that
instruction tuning (SFT) primarily exposes latent capa-
bilities rather than injecting new skills. Recent work
further demonstrates that base models possess strong

latent reasoning potential that is masked by flat output
distributions, and can be unlocked by sharpening the
sampling process [15].

Our cross-model transfer experiments (Section 6.3)
provide the mechanistic substrate for these theories. We
show that the "sharpening" mechanism is structurally
localized in RSNs. The base model already possesses
these latent functional structures, but they operate in
a low-gain, noisy regime. SFT functions as a Gain
Tuning process, systematically biasing the RSN knob
to a high-gain setting. This explains why transferring
the "sharpened" I'T-RSN vector back to the Base model
instantly unlocks decisiveness without additional train-
ing. While this gain tuning perspective explains how
alignment sharpens decisiveness, it also underscores
that confidence modulation alone does not guarantee
epistemic correctness, a limitation we discuss in detail
in Section 8.

8 Conclusion

In this work, we identify and characterize Role-Sensitive
Neurons (RSNs), a specialized sub-network governing
the mechanistic transition from hesitation to action. By
locating these neurons through the lens of role-playing,
we demonstrate that LLM confidence is not merely a
statistical readout of evidence, but a controllable inter-
nal variable regulated by a specific gain control neural
subspace.

Our experiments validate a clear Confidence—
Performance Decoupling: RSNs operate largely inde-
pendently of the model’s factual knowledge. Intervening
on this substrate can “unlock” latent capabilities sup-
pressed by weak self-models (e.g., Llama3), or induce
unwarranted certainty in knowledge-deficient regimes
(e.g., Mistral). Cross-model transfer further supports the
view that this mechanism is indigenous to pre-training,
with instruction tuning acting as a “signal sharpener”
rather than creating the capability de novo.

These findings bridge behavioral alignment with
mechanistic interpretability, characterizing “becoming
an expert” as a gain modulation process. However, the
dissociation between gain and knowledge highlights a
critical safety imperative. Future work should investi-
gate temporal confidence dynamics during multi-step
reasoning and extend this analysis to Mixture-of-Experts
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Table 7: Cross-Model Transfer. IT-extracted RSN effectively steer the Base model, outperforming its own vectors
in the non-expert setting.

Setting (Non-Expert) Llama3-8B-Base Mistral-7B-Base Qwen3-8B-Base
Acc (%) E (%) Acc(%) E (%) Acc(%) E (%)

Original Baseline 20.67  61.17 3.30 94.86  57.02  18.25
+ Base RSN (Self) 29.11 42.59 8.49 8435 67.24 0.81
+ IT RSN (Transfer)  47.47 7.39 3433 23.58  68.01 0.06

(MoE) architectures—using expert routing as a natural
testbed to compare implicit neural gain with explicit ar-
chitectural gating. Ultimately, RSNs offer neuron-level
monitoring signals to distinguish calibrated certainty
from artificial overconfidence.
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Limitations

While our work offers a mechanistic explanation for
confidence regulation in LLMs, we acknowledge several
limitations that frame the scope for future research.

Model Scale and Architecture. Our analysis primar-
ily focuses on dense models in the 7B—8B parameter
range (Llama3, Mistral, Qwen). While these models
exhibit consistent RSN behaviors, it remains an open
question whether similar gain control circuits exist in
Mixture-of-Experts (MoE) architectures or significantly
larger models (e.g., 70B+), where confidence mecha-
nisms might be more distributed or redundant.

Task Scope. We evaluated RSNs predominantly
on reasoning and knowledge-intensive benchmarks
(MMLU, ARC, CSQA). The role of gain control in open-
ended creative generation or long-context retrieval tasks
remains unexplored. It is possible that "confidence" in
creative writing relies on distinct neural substrates from
the epistemic confidence required for factual QA.

Diagnosis vs. Mitigation. Finally, our work identi-
fies the mechanism of "unwarranted certainty" but does
not propose an algorithmic defense. While we suggest
RSN probing as a monitoring tool, developing training
objectives (e.g., specific regularizers) to automatically
penalize RSN over-activation during hallucinations is a
critical next step for Al safety.

Ethics Statement

Our research is primarily mechanistic in nature, focus-
ing on the internal activation patterns of large language
models. We utilize only publicly available datasets (e.g.,
MMLU, ARC) and open-weight models (e.g., Llama,
Mistral, Qwen) in strict accordance with their original
licenses and intended use. No human subjects were
involved in our experiments, and no new sensitive per-
sonal data was collected. While we discuss the potential
for "unwarranted certainty," our findings are intended
as a diagnostic contribution to Al safety and model cali-
bration, rather than a tool for facilitating the generation
of deceptive or harmful content. During the prepara-
tion of this manuscript, Al writing assistants were used
for grammar checking and writing assistance. All sci-
entific content, experiments, and conclusions are the
authors’ own work. Code and scripts are available at
https://github.com/paveenH/RSN.
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A Supplementary Figures and Tables
A.1 Prompt Templates

We employ distinct prompt templates for standard eval-
uation, confidence modulation, uncertainty estimation
(MMLU-E), and self-evaluation.

A.1.1 Standard Task Template

This template is used for all experiments on the original
datasets (MMLU, MMLU-Pro, PubMedQA, MedQA,
GPQA, etc.) where the “I am not sure” option is ab-
sent. [task] refers to the specific subject name (e.g.,
anatomy). For datasets without domain-specific labels,
generic roles are used.
Role Instantiations:
* Now you are a
/ MMLU-Pro)
* Now you are a non
(MMLU / MMLU-Pro)
* Now you are an expert / a non
expert (General tasks)
* [no role prefix] (Neutral condition)

[task] expert (MMLU

[task] expert

Would you answer the following
question with A, B, C or D?
Question: What is a normative
perspective?

A) The way things are.

B) The way things are going to
be.

C) The way things should be.

D) The way things were.

[Role prefix appears here if applicable, e.g., Now
you are a (non) [task] expert]
Your answer among A, B,
is:

C or D

A.1.2 Confidence Modulation Template

To directly manipulate the model’s internal confidence
level without changing the persona, we replace the role
phrase with explicit confidence descriptors.

* Confident: Now you are confident.
* Unconfident: Now you are unconfident.

Would you answer the following
question with A, B, C or D?
Question: What is a normative
perspective?

A) The way things are.

B) The way things are going to
be.

C) The way things should be.
D) The way things were.
Now you are confident.
Your answer among A, B,
is:

C or D

A.1.3 MMLU-E/ARC-E/ CSQA-E Template

To capture uncertainty, we extend the standard template
by adding E) I am not sure. We also add the adjective
“honest” to the role description to emphasize sincerity
in abstention.

Role Instantiations:

* Now you are an honest [task]

expert (MMLU-E)

* Now you are an honest non
expert (MMLU-E)

* Now you are an honest person
(MMLU-E / ARC-E/ CSQA-E)

* Now you are an honest level [n]

expert (ARC-E / CSQA-E)

Would you answer the following
question with A, B, C, D or E?
Question: What is a normative
perspective?

A) The way things are.

B) The way things are going to
be.

C) The way things should be.

D) The way things were.

E) I am not sure.

[Role prefix appears here, e.g., Now you are an
honest (non) anatomy expert]

Your answer among A, B, C,
is:

[task]

D or E

A.1.4 Reasoning Willingness Self-Evaluation

To measure mechanistic confidence via self-report, we
prompt the model to score its readiness to reason on a
0-9 scale. No explanation or calibration is provided.

Here is a question: What is a
normative perspective?

A) The way things are.

B) The way things are going to
be.

C) The way things should be.
D) The way things were.

[Condition description, e.g., Now you are a non
[task] expert]

When dealing with the question,
your self-evaluation of reasoning
willingness from 0 to 9 is:

A.2 Behavioral Analysis
A.2.1 Task-level Breakdown of Role Effects

Table 8 provides specific examples of the dissociation
between accuracy and confidence across different mod-
els and tasks.

A.2.2 Cross-Model Consistency of Role Effects

Figure 6 presents results for Mistral-7B-IT and Qwen3-
8B-IT, complementing the Llama3-8B-IT plots shown
in the main paper. Across both models, we observe a
highly consistent pattern: confidence follows a clear hi-
erarchical gradient (expert > student > person
> non-expert), whereas accuracy remains largely
unchanged across domains. This confirms that the disso-
ciation between internal certainty and output correctness
is not model-specific, but a general effect of role condi-
tioning.

A.3 Validation: Correlation between Generation
and Logits

To validate the reliability of our evaluation protocol,
we compared results computed from logits with those
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Table 8: Role-conditioned accuracy and confidence (in %) across tasks and models. Note that while confidence
strictly increases with stronger roles, accuracy does not necessarily follow the same trend.

Task

N-Exp. Person Student Exp.

Accuracy

College Medicine (Llama3)
Business Ethics (Mistral)
College Chem. (Qwen)

Confidence (MSP)

College Medicine (Llama3)
Business Ethics (Mistral)
College Chem. (Qwen)

69.9 67.6 67.5 69.4
62.0 61.0 62.0 62.0
56.0 53.0 55.0 55.0
68.1 69.0 700 713
71.5 759 774 783
76.7 71.7 79.0 797
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Figure 6: Cross-Model Consistency. Accuracy (left) vs. confidence (right) across domains under different role
prompts for Mistral-7B-IT (top) and Qwen3-8B-IT (bottom). Both models replicate the same trend observed in
Llama3-8B-IT, highlighting the universality of role-induced confidence modulation.
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Figure 7: Validation of Logit-Based Evaluation. Correlation between logit-based (x-axis) and generation-based
(y-axis) metrics on MMLU for Llama3-8B-IT and Mistral-7B-IT. Each point represents a specific task-role pair.
The high correlation (R > 0.96) justifies our use of logits for efficient evaluation.
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Figure 8: Domain-wise Editing Sparsity. Accuracy under expert and non-expert roles across varying neuron sparsity
levels (p). The overall pattern mirrors the mean trend (Figure 3c), with non-expert gains consistently saturating
around p ~ 0.5% across all domains, while expert performance remains steady.

obtained from greedy generation. Specifically, we eval-
uated both accuracy and abstention (E-ratio) across
tasks and roles for Llama3-8B-IT and Mistral-7B-IT. As
shown in Figure 7 (Left), the two evaluation methods
yield nearly identical results on accuracy, with Pear-
son’s I values exceeding 0.96 across roles and models.
Similarly, Figure 7 (Right) shows that abstention rates
computed from logits strongly correlate with those from
generation. These results confirm that logits-based eval-
uation is a faithful and computationally efficient proxy
for generation-based metrics.

A4 Localization: Single-Layer Functional Vector
Editing

To further localize role-sensitive transformations, we
applied Functional Vector (FV) editing (using all neu-
rons in a single layer, « = 1) to Llama3-8B-IT across
four representative MMLU tasks (“college computer
science,” “US foreign policy,” “management,” and “ju-
risprudence”), each from a different domain.

As shown in Figure 9, editing effects begin to emerge
around layer 11, rise steeply through the middle layers,
and gradually saturate in deeper layers. This indicates
that the middle layers (11-19) are the main locus where
role-sensitive representations are encoded. This finding
provides convergent evidence for our refined RSN de-
sign, which focuses on middle-layer edits to maximize
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Figure 9: Layer-wise Steering Effects. Average perfor-
mance over four MMLU tasks on Llama3-8B-IT using
single-layer functional vector editing (o« = 1). Role-
sensitive effects (increased accuracy, decreased absten-
tion) emerge distinctly around layer 11 and peak in the
middle layers, corroborating our strategy to target the
middle-layer RSN subspace.

steering efficiency while reducing interference.

A.5 Domain-wise Effect of Neuron Editing
Sparsity

To further examine domain-specific variation, we plot
accuracy under the expert and non-expert roles for each
MMLU domain: STEM, Humanities, Social Sciences,
and Other. Across all domains (Figure 8), the non-expert
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(b) Qwen3-8B-IT: Divergence peaks at layers 17-25.

Figure 10: Cross-Model Layer-wise Correlation. Pear-
son correlation between “expert” and “non-expert” hid-
den states. Both models replicate the mid-layer diver-
gence pattern observed in Llama3-8B-IT (Figure 3b).

role consistently benefits from sparse neuron edits up
to p ~ 0.5%, after which performance saturates or
slightly declines. The expert role remains relatively
stable, confirming that role-conditioned behavior can be
selectively enhanced without degrading well-calibrated
expert reasoning.

A.6 Layer-wise Correlation For Mistral and
Qwen3

To examine whether the mid-layer concentration of role-
sensitive signals generalizes across architectures, we
compute the layer-wise Pearson correlation between
“expert” and “non-expert” hidden states in both Mistral-
7B-IT and Qwen3-8B-IT.

As shown in Figure 10, both models exhibit a similar
three-phase pattern to Llama3-8B-IT: (1) early layers
show nearly identical activations, (2) middle layers di-
verge sharply (Mistral: layers 14-21; Qwen3: 17-25),
and (3) deeper layers partially recover. This cross-model
consistency suggests that role-specific transformations
are robustly localized to middle layers across diverse
transformer architectures.

A.7 Extended Cross-Domain Generalization
Results

This section provides supporting evidence for the cross-
domain robustness of RSNs discussed in Section 6.1.

Table 9: Generalization on Mistral-7B-IT (ARC-E).
RSN editing (L1422, a=4) significantly reduces ab-
stention and recovers accuracy across generic roles,
replicating the mechanism observed in Llama3.

Role Accuracy E-ratio
Orig. Edit. Orig. Edit.
Non-Exp. 22.55 46.76  73.86  44.71
Person 45.48 52.51 44.63 36.72
Student 48.03 59.96 41.93 29.38
Expert 63.86  80.54 19.69 3.01
LO Exp. 37.57 60.66  53.98 29.42
L1 Exp. 64.86  80.19 16.95 4.25
L2 Exp. 65.37 81.39 15.87 2.24
L3 Exp. 65.52  81.54 15.79 1.85

Table 10: Performance on CommonSenseQA (CSQA-
E). RSN editing (o« = 4) consistently unlocks perfor-
mance in weaker roles while maintaining high accuracy
in expert roles across both Llama3-8B-IT and Mistral-
7B-IT.

Accuracy (%) E-ratio (%)

Model Role
Orig. Edit. Orig. Edit.
Non-Exp. 6290 72.73 14.99 0.25
Person 47.50 72.65 3636 0.57
Student  53.48 72.73 28.01 0.08
Llama3 Expert 7191 7396 5.00 0.16
LOExp. 52.66 7273 30.71 0.25
L1Exp. 7256 7281 3.28 0.08
L2 Exp. 7428 73.46 131 0.08
L3Exp. 7420 7297 156 0.08
Non-Exp. 30.79 57.25 61.43 19.00
Person 5790 66.01 22.11 4.18
Student  57.82 66.18 22.60 4.91
Mistral Expert 60.28 67.90 20.07 1.80
LOExp. 47.58 63.72 37.59 6.80
L1 Exp. 62.16 66.75 16.05 1.97
L2 Exp. 62.00 67.32 16.54 2.05
L3 Exp. 61.67 67.16 16.63 2.21
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We present two complementary analyses: (1) the gener-
alization of Mistral-7B-IT on the ARC Challenge, and
(2) the performance of both Llama3 and Mistral on
CommonSenseQA (CSQA).

Mistral-7B-IT on ARC-E. Table 9 details the per-
formance of Mistral-7B-IT on ARC-E using generic
roles. Consistent with Llama3, Mistral exhibits a strong
response to RSN editing (L14—22, ®=4). In the Non-
Expert role, accuracy doubles (22.55% — 46.76%) as
the model overcomes its extreme conservatism, confirm-
ing that the gain control mechanism functions across
different model architectures.

CommonSenseQA Analysis (CSQA-E). Table 10
reports results on CommonSenseQA (CSQA-E) for both
models. Consistent with ARC findings, RSN editing
improves accuracy and calibration across all roles. The
effect is most pronounced for weaker roles (non-expert,
student), where abstention is drastically reduced. For
stronger expert roles, RSNs continue to reduce residual
uncertainty (E-ratio), verifying that RSNs generalize
not only across tasks (Scientific vs. Commonsense) but
also across diverse role phrasings.

A.8 Generalization Across Prompt Formats

To verify that RSN-based steering is not tied to specific
prompt wordings, we evaluate model behavior under
differing prompt formulations. All experiments use the
abstention-enabled variant (with “E) I am not sure”),
and apply the same refined middle-layer RSN from the
main experiments (RSNs;1 ;9] for Llama3-8B-IT, =3
or 4).

A.8.1 Vanilla Instruction Format

We first replace the standard role template with a plain
instruction-style prompt, stripping away descriptive
framing:

What is a normative perspective?
A) The way things are.

E) I am not sure.
As an honest (non) [task] expert, answer:

As shown in Table 11 (Panel A), RSN editing substan-
tially improves both accuracy and decisiveness under
this minimal instruction format. Even without contex-
tual hints, the refined RSNs—derived from a different
prompt formulation—yield consistent gains across all
domains.

A.8.2 Chat-Template Format

Next, we evaluate RSN steering under a chat-template
format, where role instructions are injected into the
system message:

System: Now you are a (non)
[task] expert.

User: Would you answer the
following question with A, B,

C, D or E? Question:

Your answer among “A, B, C, D, E”
is:

As shown in Table 11 (Panel B), RSN steering general-
izes robustly to chat-formatted contexts. Middle-layer
RSNs produce large accuracy gains with near-zero ab-
stention, indicating that the steering effect persists under
dialogue-style prompting.

Taken together, these findings demonstrate that RSNs
capture latent role representations intrinsic to model
computation rather than superficial textual cues.

A.9 Benchmark Descriptions

We evaluate the effects of RSN editing on other represen-
tative benchmarks besides MMLU, that do not include
an explicit abstention option. These datasets cover a
broad spectrum of cognitive demands, including (i) gen-
eral reasoning ability MMLU, MMLU-Pro, GPQA),
(ii) pure logical inference (AR-LSAT, LogiQA), (iii)
factual recall and truthfulness (TruthfulQA, FACTOR).

* MMLU-Pro [41]: a more challenging extension
of MMLU that emphasizes multi-step and compo-
sitional reasoning, featuring up to 9—10 options per
question and improved robustness to prompt varia-
tion. We use the official test split for evaluation.

* GPQA [31]: a graduate-level science benchmark
spanning physics, biology, and chemistry, de-
signed to test conceptual understanding and cross-
disciplinary reasoning. We use the main and
diamond subsets, merging them into a unified
pool and constructing 4-option multiple-choice
questions by combining the correct answer with
three provided distractors in randomized order.

¢ AR-LSAT [43]: a law-domain reasoning dataset
modeled after LSAT analytical reasoning, evaluat-
ing abstract reasoning and analogical logic under
structured constraints. We use the full dataset re-
leased on GitHub.

* LogiQA [23]: a reading-comprehension—style log-
ical reasoning benchmark focused on deductive
and causal inference, testing a model’s ability to
apply rule-based logic to natural language contexts.
We use the official test split from the LogiQA2.0
release on GitHub.

e TruthfulQA [22]: a benchmark evaluating factual
accuracy against common misconceptions and hal-
lucinations. We reformulate both MC1 and MC2
variants into a unified multiple-choice format, syn-
chronously shuffling options and labels for each
sample to ensure consistent randomization across
runs.

* FACTOR [26]: a factual consistency benchmark
comprising wiki, news, and expert splits, designed
to measure whether model-generated statements
align with known facts and avoid internal contra-
dictions. For each example, we place the correct
answer first and concatenate it with up to three
contradicted statements to form a multiple-choice
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Table 11: Robustness to Prompt Formats (Llama3-8B-IT). RSN steering effectively modulates confidence across
(A) Vanilla Instruction and (B) Chat Template formats. The mechanism generalizes beyond the specific wording

used for neuron discovery.

Condition STEM Humanities Social Sci. Other Avg. Acc E (%)
Panel A: Vanilla Instruction Format

Non-Expert (Baseline) 17.9 25.4 37.2 29.9 26.4 53.8
+RSNa=3 31.0 40.0 459 41.3 38.5 23.1
+RSNa =4 36.3 433 46.2 44.4 41.8 8.3
Expert (Baseline) 33.8 48.8 51.8 44.5 434 229
+RSNa =3 40.1 53.4 51.8 49.9 47.8 6.0
+RSNa =14 40.4 499 50.1 48.0 46.3 2.0
Panel B: Chat-Template Format

Non-Expert (Baseline) ~ 40.2 62.3 63.5 61.2 54.9 18.0
+RSNa =3 51.7 66.6 67.8 64.3 61.4 1.0
+RSNa =4 50.7 65.6 68.1 63.3 60.7 0.3
Expert (Baseline) 49.0 64.1 67.1 63.9 59.6 5.9
+RSNa =3 52.7 66.5 68.2 64.4 61.8 0.3
+RSNa =4 50.8 65.7 68.3 63.5 60.8 0.1

question. The options are then deterministically
shuffled to ensure reproducible evaluation.

A.10 Conditional Accuracy Analysis

Table 12 details the trade-off between coverage and
precision. The Non-Expert baseline is highly precise but
overly conservative. RSN steering relaxes this threshold
to match the Expert profile.

Table 12: Micro-Dynamics of Confidence (Llama3-8B-
IT). RSN injection shifts the Non-Expert from an over-
conservative, high-precision profile toward the Expert’s
decisive balance of coverage and accuracy.

Config Total Acc E-ratio Cond. Acc
Non-Exp. 38.65 44.77 69.33
+4RS Npmia 63.22 3.73 65.45
Expert Ref. 63.01 6.87 67.22

A.11 Cross-Model Consistency of Confidence
Enhancement

To verify that the confidence-enhancing effect of RSN
editing is not specific to a single architecture, we repli-
cate the probability analysis from Figure 5 on Mistral-
7B-IT and Qwen3-8B-IT.

Figure 11 reports the mean predicted probability (p*)
across four prompting conditions (non-expert, expert,
unconfident, confident) before and after RSN interven-
tion (o = 3, 4).

Across both models, RSN editing consistently in-
creases p* relative to the unedited baseline, mirroring
the monotonic trend observed in Llama3 (Figure 5).
The largest gains again appear in non-expert and uncon-
fident settings, confirming that RSNs strengthen inter-
nal certainty where the baseline confidence is weakest.
Meanwhile, already confident conditions show smaller
yet stable improvements, suggesting that RSN scaling

Mistral-7B-IT
W Orig WSS RSNg=3 WEE RSNa=4

0.90 0.893 0.894

0.869 0.871
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0.80

Predicted Probability p*
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Qwen3-8B-1T
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Figure 11: Cross-Model Confidence Enhancement. Pre-
dicted probability (p*) under RSN editing. RSN in-
tervention (o« = 3,4) consistently increases internal
confidence across all roles and prompting conditions,
replicating the trend shown for Llama3 in Figure 5.

saturates once activation approaches a high-certainty
regime.

These results demonstrate that the observed confi-
dence amplification is architecture-agnostic: RSN edit-
ing provides a consistent, model-general mechanism
for increasing internal decisiveness without relying on
linguistic cues or fine-tuning.
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Figure 12: RSN Effects on Self-Evaluation (Neutral
Condition). On MMLU-Pro (90 tasks), positive RSN
shifts (=3, 4) raise and compress self-evaluated scores,
indicating stabilized internal activations.
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Figure 13: Entropy vs. Self-Evaluation Score (MMLU-
Pro). Task-level mean scores and entropy values across
five prompting conditions. Higher self-confidence sys-
tematically correlates with lower entropy (higher stabil-
ity), confirming that RSN-induced confidence represents
a stable, low-entropy state.

A.12 Verbalized Confidence and Entropy Analysis
on MMLU-Pro

To validate whether the shift in internal states (MSP)
translates to explicit output, we conduct a comprehen-
sive analysis on Standard MMLU-Pro [41]. We focus
on two complementary metrics: the distributional shift
of explicit confidence scores, and the entropy (stability)
of these predictions.

Distributional Shift under RSN. We first evaluate
the model’s “Reasoning Willingness” (self-evaluation
on a 0-9 scale) under the Neutral condition. As shown
in Figure 12, the original model exhibits a broad and
highly variable distribution (Mean ~ 4.9 £ 1.91), re-
flecting unstable certainty when explicit cues are absent.
Crucially, RSN injection (o = 3, 4) transforms this into
a compact, high-confidence regime (Mean ~ 7.640.55).
This contraction of variance and upward shift confirms
that RSNs fundamentally restructure the model’s inter-
nal state to be more decisive.

Entropy and Stability. To verify that this increased
confidence reflects stable internal states rather than ran-
dom noise, we analyze the entropy of the self-generated
scores. Figure 13 visualizes the relationship between

12 B Bascline
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I RSN (a=4)

091 091

Mean Shannon Entropy

0.0

Non Expert Expert Neutral

Figure 14: Decoupling Confidence from Capability
(Mistral-7B-1T). While accuracy remains flat (Table 13),
RSN editing triggers a drastic drop in Constrained En-
tropy. This confirms that RSNs amplify certainty inde-
pendent of correctness.

mean scores and entropy across five prompting condi-
tions. A distinct inverse correlation is observed: high-
confidence roles (e.g., confident, expert) occupy low-
entropy regions, while low-confidence settings exhibit
higher entropy. This confirms that the "confidence"
steering not only shifts the mean score but also sharpens
the underlying activation distribution.

A.13 Extended Analysis on Mistral-7B-IT

In the main text, we noted that Mistral-7B-IT exhibits
distinct dynamics compared to Llama3 and Qwen3.
Here, we provide a comprehensive analysis of this
boundary condition, combining performance metrics
with mechanistic entropy analysis.

A.13.1 Performance Dynamics: The Factuality
Trade-off

As detailed in Table 13, positive RSN steering (o =
4) on Mistral does not yield gains on reasoning tasks
and significantly impairs factuality. This suggests that
blind confidence boosting is ineffective when the base
model lacks sufficient latent representations. However,
consistent with Llama3, negative steering (o« = —4)
effectively functions as a “caution filter,” improving
performance on Factuality benchmarks (TruthfulQA-
MC?2 and FACTOR).

A.13.2 Mechanism Isolation: The Case of
"Unwarranted Certainty"

To understand why accuracy remains flat despite steer-
ing, we analyze the model’s internal uncertainty distri-
bution via Constrained Entropy on MMLU-Pro.

As shown in Figure 14, RSN injection triggers a
precipitous drop in entropy across all conditions, even
though accuracy (Table 13) does not improve. This de-
coupling confirms a critical mechanistic insight: RSN's
function purely as a gain control mechanism. They
sharpen the probability distribution to force a decision,
but they cannot inject new knowledge. When the un-
derlying knowledge is absent, RSNs simply create "un-
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Table 13: Mistral-7B-IT Performance in Neutral Settings. Positive steering (o = 4) fails to improve reasoning,
whereas negative steering (o« = —4) recovers factual accuracy. This highlights that RSNs modulate decision

threshold rather than knowledge.

Reasoning Benchmarks (Acc %)

Factuality (Acc %)

Condition MMLU MMLUPro GPQA AR-LSAT LogiQA | TQA-MCI TQA-MC2 FACTOR
Orig 59.42 367 3034 2147 50.00 46.27 57.65 66.98
+RSN (@ = 4) | 58.03 2825 3065 2123 4981 45.90 57.04 61.97
+RSN (a = —4) | - 30.10 2926 2080  5L15 45.90 59.73 68.04

Table 14: Detailed linguistic marker counts on GSM8K (300 samples per condition). Llama3 shows clear monotonic

trends; Qwen3’s higher baseline self-correction reflects its chain-of-thought style.

Model Marker Type a=—4 Neutral o=+4
Assertive (total) 279 334 427
Hedging (total) 7 13 22

Llama3-8B-IT Self-correction (total) 3 6 3
Confidence Ratio 0.91 1.08 1.37
Assertive (total) 318 297 301
Hedging (total) 722 596 539

Qwen3-8B-IT ¢ 1 orrection (total) 1245 1086 1042
Confidence Ratio 0.27 0.31 0.33

warranted certainty," confirming that the mechanism
modulates willingness rather than capability.

A.14 GSMBSK Linguistic Marker Dictionary

We evaluate linguistic confidence on 300 randomly sam-
pled GSMS8K problems per condition (strictly paired
across o € {—4,neutral, +4}), with no role prompt.
RSN steering is injected solely at the final prompt to-
ken during prefill, after which the reasoning chain is
generated freely. Detailed per-condition counts and
Confidence Ratios for both models are reported in Ta-
ble 14. The following lexical patterns (exact-match,
case-insensitive) define each marker category:

e Assertive: the answer is, therefore,
we can see / know / conclude, so

the answer, simply / simple, just,
exact (ly), hence

* Hedging: maybe, I think, might,
approximately, I hope it 1is

correct, could be
e Self-correction: wait, hmm, actually, I
made a mistake
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