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Abstract

When answering factual questions, language
models may respond correctly, hallucinate, or
abstain. We investigate whether this epistemic
disposition is encoded in hidden states before
any answer token is generated. Using a bal-
anced Wikipedia QA corpus split by article
date, we retain questions for which eight inde-
pendently sampled answers receive the same
label. We then analyze prompt-only activations
from the multilayer perceptron (MLP) blocks
of four instruction-tuned 7–9B models. Princi-
pal Component Analysis (PCA) reveals a dom-
inant pre-generation epistemic routing axis or-
dering ABSTAIN, HALLUCINATION, and COR-
RECT. As a bounded causal test, we edit along
the axis-aligned ABSTAIN–HALLUCINATION
contrast and compare answers to each ques-
tion before and after. Editing the MLP out-
puts across a fixed layer range shifts many hal-
lucinations chiefly to abstention, but effects
vary by model; restricting the edit to selected
MLP neurons is less reliable. The paired au-
dit distinguishes useful changes from correct
loss and broken outputs, motivating conditional
controllers.

1 Introduction

Large language models are now routinely used for
question answering, but they still face a basic epis-
temic failure: when uncertain or missing a fact,
they may produce a fluent hallucination instead of
saying they do not know. A useful model should
preserve known answers, avoid hallucinated an-
swers, and abstain when the answer is not reliable.

Existing work shows that hidden states encode
truthfulness, uncertainty, and hallucination risk
(Chen et al., 2024; Duan et al., 2024; Orgad et al.,
2025; Gao et al., 2025); representation engineer-
ing further shows that some behaviors, including
hallucination, can be shifted by activation steering,
an inference-time activation edit that leaves model
weights unchanged and modifies internal hidden

states (Zou et al., 2023; Turner et al., 2024; Marks
and Tegmark, 2024). Recent QA and abstention
benchmarks increasingly distinguish correct an-
swers, hallucinations, and abstentions (Kirichenko
et al., 2025; Feng et al., 2024; Mohamadi et al.,
2025); our question is whether those outcomes also
form stable, model-specific activation classes be-
fore generation. The main challenge is that the
model outcomes are entangled. That is, a model
may internally separate uncertainty from answer-
ing behavior while still placing correct and halluci-
nated answers close together. In that case, a steer-
ing vector that reduces hallucinations by pushing
toward abstention can also erase correct answers.

The central question is therefore not only
whether a model contains a diagnostic signal, but
whether that signal can support behaviorally use-
ful interventions: reducing hallucinations without
sacrificing answers that were already correct. We
study this question at the pre-generation decision
point where the model has read the question but
before it generates any answer token. This avoids a
common ambiguity in hallucination studies, where
post-generation signals may reflect response length,
wording, or decoding artifacts.

We organize the empirical analysis around four
questions: whether pre-generation activations orga-
nize CORRECT, HALLUCINATION, and ABSTAIN

outcomes, and whether this structure recurs across
model families and activation spaces; whether an
ABSTAIN-minus-HALLUCINATION (A-H) activa-
tion edit reduces hallucinations without excessive
collateral damage; when fixed activation steering
becomes brittle; and whether the signal reflects
a pre-answer knowledge state rather than surface-
level text artifacts.

To enable this investigation, we call each eval-
uated model the solver and the separate model
that labels its answers the judge. For each solver,
8/8 consensus means that all eight sampled an-
swers receive the same judged label; its activa-
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tion bank retains the corresponding pre-answer
hidden states. We build banks for Qwen-2.5-7B,
Mistral-7B, Llama-3.1-8B, and Gemma-2-9B using
Wikipedia QA questions answered under a fixed
prompt. We capture each hidden state at the last
prompt token, before generation, and use it for
analysis and steering.

PCA on these activation banks reveals a domi-
nant pre-generation axis that orders the ABSTAIN,
HALLUCINATION, and CORRECT centroids. We
refer to this direction as an epistemic routing axis,
as it organizes the model’s pre-generation disposi-
tion to abstain, hallucinate, or answer correctly. We
show that this structured geometry is not an isolated
idiosyncrasy, but it consistently recurs in both the
multilayer perceptron (MLP) output written back
into the residual stream (MLP residual-write) and
the post-gating MLP state before that write (MLP-
intermediate) of these four open-weight model fam-
ilies.

The observed geometry shows that pre-
generation hidden states contain a diagnostic signal
aligned with the A–H steering direction, while also
making the risk of collateral damage explicit. In
several models, HALLUCINATION and CORRECT

remain close relative to the large ABSTAIN dis-
placement. This defines the central intervention
risk: the same fixed edit that moves hallucinations
toward abstention can also move baseline-correct
answers away from correctness.

Contributions. This paper makes three contribu-
tions. (1) We identify a pre-generation epistemic
routing axis across four model families and two
activation spaces. (2) We derive fixed edits from
the axis-aligned A-H contrast, then use paired tran-
sition scoring to test when they are useful, lossy,
or brittle. (3) We introduce a reusable pre/post-
cutoff QA construction procedure: choose a cutoff
date, build likely-known and likely-missing ques-
tion pools around it, label each solver model’s own
rollouts, and keep separate steering, validation, and
test datasets. For later models, the same procedure
can be reused by changing the cutoff date.1

2 Related Work

Hallucination, abstention, and hidden-state sig-
nals. Hallucination evaluation spans imitative
falsehoods, freshness, long-tail memory, and open-
domain QA (Lin et al., 2022; Vu et al., 2024;

1Code, data, prompts, and reproducibility artifacts are
available in the public artifact repository.

Mallen et al., 2023; Kwiatkowski et al., 2019).
Work on semantic uncertainty, self-knowledge, and
multi-sample consistency shows that unstable gen-
erations expose hallucination risk (Kuhn et al.,
2023; Farquhar et al., 2024; Manakul et al., 2023;
Kadavath et al., 2022; Amayuelas et al., 2024);
Calibration theory shows why hallucinations can
remain unavoidable (Kalai and Vempala, 2024);
abstention work instead studies withholding an-
swers when knowledge is missing (Kirichenko
et al., 2025; Feng et al., 2024; Mohamadi et al.,
2025). Our setting therefore needs three epistemic
outcomes, not a binary true/false probe: supported
answer, unsupported answer, and abstention.

Several papers show that internal activations
encode truthfulness, answerability, or hallucina-
tion signals before or during generation (Chen
et al., 2024; Gottesman and Geva, 2024; Slobod-
kin et al., 2023; Duan et al., 2024; Gao et al.,
2025). Recent work also identifies entity-level
knowledge-awareness features and question-only
signals of answer accuracy (Ferrando et al., 2025;
Moreno Cencerrado et al., 2026). Local intrinsic
dimension (LID) distinguishes truthful from un-
truthful completed generations (Yin et al., 2024);
by contrast, we study final-prompt-token states
before generation and distinguish three later out-
comes: correct answers, hallucinations, and absten-
tions. A prompt-token, three-outcome LID adap-
tation remains open. Work interpreting prompt
injection as role confusion further shows that role-
tag formatting can influence how a model inter-
prets instructions (Ye et al., 2026), motivating our
prompt-format control. Work distinguishing igno-
rance from error further motivates the use of likely-
known pre-cutoff and likely-missing post-cutoff
source pools (Simhi et al., 2024; Lu et al., 2026).
These results motivate looking inside the model,
but they do not by themselves show whether a pre-
generation signal can be edited without collateral
damage.

Activation steering and causal audits. Repre-
sentation engineering and activation-addition meth-
ods show that simple activation directions can al-
ter model behavior without weight updates (Zou
et al., 2023; Turner et al., 2024; Rimsky et al.,
2024; Li et al., 2023; Marks and Tegmark, 2024).
Adaptive and conditional steering work empha-
sizes that intervention reliability depends on when,
where, and how strongly a direction is applied
(Wang et al., 2025; Lee et al., 2025; Da Silva
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Figure 1: Corpus-to-activation pipeline. Pre/post-cutoff QA pairs yield eight solver answers without the reference.
One judge receives all eight together and labels each answer. We retain 8/8-consensus questions, sampling 200/class.
Prompt-only reruns capture final-token residual-write and MLP-intermediate activations.

et al., 2025; Bas and Novak, 2025). Refusal steer-
ing is related because it controls refusal behavior
(Arditi et al., 2024), but our target is epistemic
QA abstention rather than safety refusal. Dense
Window applies layer-specific A–H edits across
a validation-selected consecutive residual-write
range. The sparse comparator applies the raw MLP-
intermediate A–H edit on a fixed mask. CETT
(cumulative errors of tail truncation), adapted by
H-Neurons, scores neurons to select that mask but
does not scale the edit (Zhang et al., 2024; Gao
et al., 2025). Section 4.2 defines both interventions.
The question is when the axis is editable, lossy, or
too brittle for fixed steering.

Positioning. Closest prior work supplies the
components: hidden-state probes show diagnos-
tic signals, pre-generation studies show knowl-
edge/answerability information before decoding,
and steering work shows that directions can change
behavior. The missing piece is the combination
we test here: a three-outcome pre-generation ge-
ometry over Correct, Hallucination, and Abstain,
paired with a transition audit that rewards repair
while exposing lost correct answers and unusable
outputs.

3 Constructing Activation Banks

Our first methodological step is to turn factual QA
behavior of solver models into model-specific acti-

vation banks. The QA task has three response types:
given a question, a solver model may produce a
supported answer (CORRECT), an unsupported fac-
tual answer (HALLUCINATION), or an epistemic
non-answer (ABSTAIN). These labels are not im-
ported from an off-the-shelf benchmark. They are
produced from each solver model’s own rollouts
under the same primary XML-formatted prompt
(Appendix A), because the activation classes must
describe the behavior of the model whose hidden
states are being analyzed. An activation bank is
the retained collection of the solver’s pre-answer
hidden states, grouped by the judge-assigned out-
come.

Figure 1 shows the four-stage procedure. Stage
(1) builds the QA pool used for the later solver
rollouts. We collect English Wikipedia source pas-
sages and record each source article’s creation date.
We split passages into a pre-cutoff pool, from ar-
ticles created before January 1, 2024, and a post-
cutoff pool, from articles created after January 1,
2024. We then ask a Qwen-2.5-32B-Instruct gener-
ator to convert each source passage into one factual
question plus a short reference answer supported
by that passage. After QA generation and pars-
ing, we balance the two pools: the post-cutoff pool
is smaller after filtering, so all 3,426 usable post-
cutoff QA pairs are kept and 3,426 pre-cutoff QA
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pairs are sampled to match.2

The January 1, 2024 split is an operational cor-
pus construction heuristic, not a claim that all
solver models share the same parametric knowl-
edge cutoff and not a label assignment. The date im-
mediately follows Llama-3.1’s reported December
2023 cutoff and gives a single auditable boundary
for constructing likely-known and likely-missing
source pools across model families whose exact
training exposure is not public or directly compa-
rable (Meta, 2024; Yang et al., 2024; Jiang et al.,
2023; Gemma Team, 2024; Cheng et al., 2024).
Accordingly, pre-cutoff questions are more likely
to concern facts the model knows and post-cutoff
questions facts it does not, but either side can still
be judged as CORRECT, HALLUCINATION, or AB-
STAIN (Simhi et al., 2024). This new QA pool is
needed because existing ternary benchmarks do
not simultaneously provide source passages, refer-
ence answers, article-creation cutoff information,
and labels induced from each solver model’s own
rollouts.

In stage (2), each solver model produces 8 in-
dependently sampled responses to every balanced-
corpus question at temperature 1.0; we call each
response a rollout. The solver sees only the prompt
template and question. The Qwen-2.5-32B-Instruct
judge receives the eight rollouts in one batch, to-
gether with the question and reference answer, and
assigns one label to each; it is not told whether
the question came from the pre- or post-cutoff pool.
The pre/post field is retained for balancing and split
audits, not used by the judge. In stage (3), we keep
a question only if all 8 rollouts receive the same
one of the three labels: CORRECT, HALLUCINA-
TION, or ABSTAIN. Mixed or unstable questions
are discarded to favor label certainty over coverage.
We refer to this as the 8/8-consensus criterion.

The equal-sized pre/post pools produce different
supplies under this criterion: pre-cutoff questions
supply stable CORRECT controls, post-cutoff ques-
tions supply stable ABSTAIN examples, and stable
HALLUCINATION examples occur in both. Table 1
reports the model-specific counts.

In stage (4), retained 8/8-consensus questions
are rerun in a prompt-only forward pass. We snap-
shot MLP residual-write activations (the down-
projection output written back to the residual
stream) and MLP-intermediate (post-gating, pre-
down-projection) activations at the last prompt to-

2Filtering criteria are listed in Appendix B.

Table 1: Why both cutoff pools are needed. Each era
contains 3,426 candidate questions. Counts are ques-
tions for which all eight solver rollouts receive the same
label. Pre-cutoff supplies more stable CORRECT con-
trols, post-cutoff supplies more stable ABSTAIN exam-
ples, and HALLUCINATION occurs in both. Era enriches
the pool but does not assign its labels.

Model Era C H A

Qwen-2.5-7B pre 680 1066 52
Qwen-2.5-7B post 77 1126 280
Mistral-7B pre 507 602 147
Mistral-7B post 55 386 780
Llama-3.1-8B pre 578 707 42
Llama-3.1-8B post 67 588 356
Gemma-2-9B pre 754 608 412
Gemma-2-9B post 108 542 1073

ken before the model generates its first answer to-
ken (Gottesman and Geva, 2024; Duan et al., 2024).
For each question and activation space, we concate-
nate this last-token state across MLP layers into
one all-layer activation vector. Each model’s steer-
ing dataset has 200 8/8-consensus examples per
class (C/H/A). PCA uses all 600 activations; A and
H means define layer-specific A–H vectors. Valida-
tion selects hyperparameters; held-out and external
data are evaluation-only. Neither enters PCA nor
vector construction; see Section 5 and Appendix B.

4 Analyzing and Intervening on
Activation Banks

Once the model-specific activation banks are con-
structed, the remaining method has three steps:
first, identify the activation geometry in the banks;
second, turn that geometry into intervention can-
didates; and third, audit whether those candidates
repair hallucinations without damaging correct an-
swers.

4.1 Activation Geometry
For each model, we use Principal Component
Analysis (PCA) (Jolliffe and Cadima, 2016) on
MLP residual-write (down-projection) and MLP-
intermediate activations from the last prompt po-
sition, and then use the activation labels to inter-
pret the projected centroids. Figure 2 shows the
residual-write projections onto the first two princi-
pal components (PC1 and PC2); Appendix Figure 6
gives the corresponding MLP-intermediate projec-
tions. For each setting, we report the percentage
of variance explained by PC1 and mark the class
centroids. Across all eight settings, the same cen-
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Table 2: Compact pre-generation geometry. RW and
Int. denote residual-write and MLP-intermediate spaces.
A−H/PC1 | cos | compares the supervised A–H con-
trast with PC1; near one means aligned. Distance ratios
use the full activation vectors; brackets give percentile
95% CIs, all below one, placing hallucination closer to
correct than to abstention.

Model Space
PC1 var.

(%)
A–H/PC1
| cos |

d(H,C)/d(H,A)
[95% CI]

Qwen RW 40.6 0.98 0.479 [0.410, 0.574]
Int. 37.9 0.97 0.501 [0.429, 0.595]

Mistral RW 19.9 0.99 0.273 [0.256, 0.346]
Int. 19.4 0.99 0.278 [0.260, 0.350]

Llama RW 63.6 0.99 0.164 [0.140, 0.194]
Int. 63.4 0.99 0.162 [0.139, 0.192]

Gemma RW 22.4 0.93 0.225 [0.212, 0.289]
Int. 22.4 0.94 0.228 [0.213, 0.291]

troid ordering appears on the PC1 dimension: AB-
STAIN < HALLUCINATION < CORRECT. In the
full activation vectors, d(H,C)/d(H,A) ranges
from 0.162 to 0.501, with every 5,000-resample
95% bootstrap interval below one; the absolute
distances and intervals are in Appendix Table 14.

One way to reduce hallucination is to steer the
activation vectors from HALLUCINATION towards
ABSTAIN. This can be done by moving the activa-
tions along the direction defined by:

dA−H = µA − µH ,

vA−H = dA−H/∥dA−H∥2.
(1)

In Equation 1, µA, µH are the all-layer class means,
dA−H their raw difference, and vA−H its unit-
normalized form for PC1 comparison; steering uses
layer-specific contrasts.

Table 2 reports full-bank | cos(vA−H,PC1)|;
values near one indicate alignment. Appendix Ta-
bles 22 and 23 give the corresponding Dense-range
and sparse-mask checks.

4.2 Activation Steering Edits

Activation steering modifies the generation process
by injecting additional activation vectors without
changing the model weights. Correct examples
enter the trinary PCA but not the A–H contrast
used to define the edit; baseline-correct validation
and test answers provide the behavioral guardrail
for collateral damage.

Dense Window edits a validation-selected
residual-write range; the sparse comparator ap-
plies a fixed-mask MLP-intermediate A–H update.
CETT scores select that mask but do not scale the

edit. Fixed settings apply to every prompt; there is
no per-example controller.

Dense Window Steering. Dense Window ed-
its the MLP down-projection output, the residual-
write vector a selected layer contributes back to the
residual stream. For each layer ℓ in the selected
start-to-end layer range L, we compute the A-H
difference and normalize it:

dℓ = µA,dp
ℓ − µH,dp

ℓ , vℓ = dℓ/∥dℓ∥2. (2)

In Equation 2, µA,dp
ℓ and µH,dp

ℓ are class-mean
down-projection outputs for ABSTAIN and HAL-
LUCINATION examples at layer ℓ. During gener-
ation, Dense adds this normalized direction with
strength α at each selected layer: odpℓ ← odpℓ +αvℓ,
where odpℓ denotes the current down-projection out-
put. Thus Dense does not broadcast one global
vector to all layers. It uses a separate normalized
A-H direction for each layer in the selected range,
and the same scalar strength α is applied to those
selected layers. Appendix J reports the selected
layer ranges and their PC1-alignment checks.

Sparse Comparator. The sparse comparator
edits the MLP-intermediate space in two steps.
First, an L1 probe trained on standardized CETT
contribution-score features selects intermediate
neurons that distinguish abstention from halluci-
nation on the steering dataset. The nonzero probe
coordinates form a fixed mask mℓ. Second, steer-
ing uses the raw intermediate A-H difference on
that mask.

uℓ = µA,int
ℓ −µH,int

ℓ , zℓ ← zℓ+αmℓ⊙uℓ. (3)

In Equation 3, µA,int
ℓ and µH,int

ℓ are class-mean
MLP-intermediate activations, zℓ is the current in-
termediate activation, mℓ is the selected sparse neu-
ron mask, ⊙ is elementwise multiplication, and α
is the edit strength. Unlike Dense, this edit is not
normalized separately in each layer; it keeps the
raw A-H component sizes on the selected interme-
diate coordinates and scales the masked edit by α.
Appendix I gives the lower-level intervention de-
tails, and Appendix J reports the mask-alignment
checks.

4.3 Before/After Steering Evaluation

We evaluate steering by comparing the same ques-
tion before and after the edit. First, the unedited
model answers the question and the judge assigns
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Figure 2: Pre-generation residual-write PCA projection. Points show all-layer final-prompt-token residual-write
activations; large markers are class centroids. PC1 signs are oriented for display so Abstain–Hallucination–Correct
(A–H–C) runs left to right. Appendix Figure 6 shows MLP-intermediate space; Table 2 gives PC1/A–H alignment.

a baseline label. Then the steered model answers
the same question and the judge assigns a steered
label.

The judge uses Correct (C), Hallucination (H),
or Abstain (A); the deterministic Broken-output
detector relabels unusable generations as Broken
(B) (Appendix G).

Raw paired transitions are primary: baseline
H→A is suppression through abstention, H→C
is factual recovery, and correct loss plus usable-
to-broken transitions measure collateral damage.
TransitionScore is a secondary, offline summary
that weights source classes equally so the largest
class cannot dominate; it compares fixed settings
rather than deciding whether to steer an individ-
ual question. It assigns credit when an edit moves
a hallucination to abstain or correct, or moves an
abstention to correct. It assigns a penalty when
a baseline-correct answer is lost, when an absten-
tion becomes hallucination or broken, or when a
hallucination becomes broken. No-change transi-
tions contribute zero. Figure 3 summarizes this
before/after scoring logic. We report raw four-class

rates alongside TransitionScore because a single
score can hide over-abstention, correct-answer loss,
or unusable output (Feng et al., 2024; Mohamadi
et al., 2025). Appendix C gives the exact scoring
rules.

4.4 Validation Selection
We rank Dense range/strength pairs and fixed-mask
sparse strengths on a balanced 128-question valida-
tion subset (the validation-scout). The top three per
family are rerun on the full 500-question validation
set; we freeze the highest-scoring setting per model
and family for final evaluation. The score supplies
damage penalties; no hard threshold is imposed.

5 Empirical Evaluation Setup

Models. We use four instruction-tuned open-
weight models as solver models: Qwen-2.5-7B
(Yang et al., 2024), Mistral-7B (Jiang et al.,
2023), Llama-3.1-8B (Grattafiori et al., 2024), and
Gemma-2-9B (Gemma Team, 2024). These models
differ in layer count, abstention style, and steering
sensitivity, so they test whether the pre-generation
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Figure 3: Steering and before/after audit. The same solver answers the same question unedited and with the
fixed A–H edit. Outputs are judged independently as C/H/A; the BROKEN-output detector assigns B. The final pair
defines the transition: H→A and H→C are repairs; correct-answer loss and new B are collateral effects. Appendix C
gives the exact TransitionScore weights.

geometry and steering effects recur across model
families.

Datasets. The Wikipedia-derived QA suite is or-
ganized into named dataset roles. The steering
dataset is sampled after model-specific 8/8 con-
sensus and contains 200 retained questions per
behavioral class (C/H/A) for each solver model;
it is used for PCA, activation-bank construction,
and steering-vector construction. The validation
dataset contains 500 questions balanced across pre-
and post-cutoff questions (250 each). Its balanced
128-question validation-scout subset supports the
broad search described in Section 4.4. Final evalua-
tion uses a separate 1,000-question test dataset bal-
anced across pre/post cutoff (500 each), plus Truth-
fulQA, FreshQA, NQ Open, KUQ, and PopQA;
Appendix Table 4 gives benchmark sizes and roles.

Steering and Transition Audit. Unlike the
batched judging used to establish 8/8 consensus,
steering evaluation judges each baseline (unsteered)
and steered output separately. Each one-answer
prompt contains the question, reference answer,
and parsed model answer; Qwen-2.5-32B-Instruct
is the judge. For Wikipedia-derived validation/test
examples, the stored source passage is also sup-
plied; for external benchmarks, no passage is sup-
plied. The judge first assigns C/H/A. We then apply
our deterministic Broken-output detector, defined
in Appendix G, to the raw response and parsed an-
swer: empty, malformed, repetitive, or degenerate
generations are relabeled B. A blind human audit
of 100 stratified model outputs agrees with the au-
tomated four-class pipeline on 90.0% of examples
(κ = 0.864; Appendix G). As a sensitivity check,
three alternate judges relabel the same 12,000 saved

answers (four solvers× 1,000 questions× baseline,
Dense, and sparse), agreeing with the Qwen judge
on 92.3–95.4% of four-class labels. Across 4,000
unsteered answers, class rates differ by at most 3.3
percentage points. Five of 48 Baseline-to-Dense
checks (three alternate judges× four solvers× four
effects) are too small to call (an absolute Transition-
Score of at most 1; an absolute hallucination-rate,
abstention-rate, or H→A-minus-H→C repair-gap
change of at most 2 percentage points); the other
43 agree with the direction measured by the Qwen
judge (Appendix Table 15). Because the questions
and solver outputs remain fixed, this isolates judge
sensitivity; it does not test Qwen’s separate role
in generating the Wikipedia-derived QA corpus,
which would require rebuilding the corpus with
another generator.

6 Analysis

Throughout this analysis, an internal activation
state is the pre-generation activation vector cap-
tured at the last prompt token. The MLP residual-
write activations refer to MLP down-projection
outputs written back to the residual stream, and
MLP-intermediate activations are the post-gating,
pre-down-projection feed-forward states used by
the sparse comparator.

RQ1: Can models encode and organize epis-
temic disposition in internal states before gener-
ating the answer? Figure 2 shows the residual-
write projections, and Appendix Figure 6 shows
the corresponding MLP-intermediate projections.
Across all four models and both activation spaces,
PC1 orders the last-prompt-token class centroids
as ABSTAIN–HALLUCINATION–CORRECT before
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any answer is generated. We call this first principal
component the epistemic routing axis. Across mod-
els, PC1 explains 19.9–63.6% of residual-write
variance and 19.4–63.4% of MLP-intermediate
variance.

Table 2 quantifies the link to intervention: the
global supervised A–H contrast strongly aligns
with PC1 (| cos(vA−H,PC1)| = 0.93–0.99). Ap-
pendix Tables 22 and 23 audit the same relationship
inside the Dense layer range and selected sparse
mask. This alignment does not make PC1 the
steering direction: PC1 is an unsupervised diag-
nostic of variation across all three classes, whereas
steering uses the supervised A–H contrast to tar-
get movement from HALLUCINATION toward AB-
STAIN. The geometry therefore suggests where
to steer; the paired transition audit tests whether
the edit repairs hallucinations without damaging
correct answers.

Finding. Before generation, both acti-
vation spaces exhibit the same ABSTAIN–
HALLUCINATION–CORRECT PC1 order across
model families. PC1 diagnoses the geometry; the
A–H difference defines the steering edit.

RQ2: Can we manipulate internal states to
reduce hallucinations without excessive collat-
eral damage? Equation 1’s global all-layer A–
H contrast diagnoses PC1 alignment; causal tests
instead use the layer-specific Dense and sparse
updates in Equations 2 and 3. A useful update
should move baseline-HALLUCINATION outputs
toward ABSTAIN or CORRECT without excessive
CORRECT loss or new BROKEN outputs. Dense
Window is primary; the sparse comparator tests
whether editing only selected intermediate neurons
is sufficient.

After selecting the layer range or mask and edit
strength on validation, we freeze each setting for
final evaluation. Table 3 reports the primary paired
outcomes on every dataset without combining dis-
tinct repair and damage pathways. H→A exceeds
H→C in 23 of 28 model–dataset evaluations, while
correct loss exceeds 20% in 21 of 28. Newly
broken outputs are generally rare for Qwen and
Gemma, but reach 2.8–8.6% across Llama evalu-
ations and 3.0% for Mistral on KUQ. Thus Dense
often changes behavior, but its dominant effect is
abstention rather than factual recovery and its col-
lateral cost varies across models and datasets.

As a TransitionScore-independent check, cutoff-
proxy F1 treats post-cutoff questions as the posi-

tive target and abstention as the positive prediction.
It asks whether steering makes abstention better
track the coarse pre/post boundary; the cutoff is
not an item-level knowledge label. Dense raises
this F1 by 11.3–35.0 points for Qwen, Mistral, and
Gemma (all paired 95% intervals exclude zero);
Llama’s +2.2-point change [−1.5, 6.0] is incon-
clusive. The gains come from higher recall while
precision falls. An unsteered variant of the primary
XML-formatted prompt with an added abstention
instruction preserves more correct answers for the
former three, whereas Dense suppresses more hal-
lucinations (Appendix Tables 16 and 17).

TransitionScore is retained as a secondary class-
balanced summary, not the primary evidence.
Across the five external benchmarks, its point es-
timate is positive for all five Mistral and Gemma
evaluations, three of five Qwen evaluations, and
none of the five Llama evaluations. Appendix Fig-
ure 7 visualizes the pattern; Tables 8–11 give the
detailed rates and intervals.

Across the released paired artifacts, the sparse
comparator leaves hallucination unchanged as the
largest destination in 27 of 28 model–dataset set-
tings. Appendix Table 13 reports its raw transition
rates across all datasets.

Finding. Dense can change behavior, but
chiefly by increasing abstention and with sub-
stantial model-dependent correct loss. Ordered
intermediate-space geometry does not by itself
guarantee sparse behavioral control.

RQ3: When does fixed activation steering be-
come brittle? Here, brittleness means repair with
correct loss or BROKEN outputs. Under the primary
XML-formatted prompt, Llama is the clearest brit-
tle case.

Prompt-protocol control. To test whether Llama
is unsteerable, we compare a plain direct-answer
prompt (D0) with an abstention-aware variant (D1)
that instructs “I don’t know” when uncertain; both
omit XML tags and displayed reasoning. For each,
we refit Llama’s 200-per-class A–H direction, keep
the selected layer window and strength fixed, and
test the same held-out 1,000 questions. D0 yields
an inconclusive TransitionScore of −0.45 [95% CI
−1.70, 1.16], whereas D1 yields a positive Tran-
sitionScore of 4.91 [2.00, 8.09], repairing 15.23%
of hallucinations with 3.88% correct loss. Ap-
pendix F gives the exact prompts; Appendix Ta-
ble 18 reports all four models.
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Table 3: Dense steering outcomes across datasets. ID-pre/post are the pre/post-cutoff halves of the held-out
in-distribution test set. Each percentage answers a separate question. Of answers that hallucinated before steering,
what share became abstentions (H→A) or correct (H→C)? Of answers that were correct, what share stopped being
correct (C loss)? Across all questions, what share changed from usable to BROKEN under the Broken-output detector
(New B)? Because these starting groups differ, the rows should not be combined. Values are point estimate ± the
larger side of a 95% paired-bootstrap interval (5,000 resamples). Exact intervals and counts are provided with the
released results.

Model Outcome ID-pre ID-post Truth Fresh NQ KUQ Pop

Qwen

H→A 39.9± 5.9 80.6± 4.4 19.6± 4.1 34.9± 4.7 20.4± 3.2 32.1± 3.7 58.0± 3.8
H→C 10.1± 3.6 1.3± 1.4 25.6± 4.3 9.6± 3.1 8.5± 2.4 3.6± 1.6 1.8± 1.1

C loss 37.6± 7.2 48.9± 15.0 21.7± 4.1 27.2± 7.1 21.5± 4.1 27.4± 5.8 34.5± 6.5
New B 0.0± 0.0 0.4± 0.6 0.2± 0.4 0.0± 0.0 0.8± 0.6 0.4± 0.4 0.6± 0.5

Mistral

H→A 73.8± 5.6 96.5± 2.7 45.4± 5.3 74.0± 4.9 66.0± 4.2 66.9± 4.1 81.7± 3.2
H→C 8.7± 3.6 0.0± 0.0 29.1± 4.8 5.2± 2.6 10.1± 2.7 3.5± 1.7 2.4± 1.4

C loss 60.2± 7.2 78.4± 11.8 32.5± 4.4 52.7± 7.2 51.1± 4.5 54.5± 6.9 70.9± 5.8
New B 0.0± 0.0 0.2± 0.4 2.0± 1.0 0.2± 0.3 0.4± 0.5 3.0± 1.1 0.7± 0.6

Llama

H→A 3.2± 2.5 12.7± 4.5 0.8± 1.0 8.0± 3.2 1.0± 1.1 7.5± 2.2 2.0± 1.2
H→C 8.2± 3.8 2.2± 2.1 8.7± 2.9 4.2± 2.5 8.4± 2.9 2.6± 1.4 4.4± 1.8

C loss 8.3± 4.1 9.1± 8.4 12.0± 3.5 11.5± 4.8 9.6± 2.7 15.2± 5.1 10.0± 3.6
New B 2.8± 1.4 8.6± 2.4 3.9± 1.5 4.3± 1.7 3.5± 1.2 3.4± 1.2 4.9± 1.4

Gemma

H→A 54.0± 7.0 84.5± 5.4 24.9± 5.0 64.2± 5.8 42.5± 4.5 36.0± 4.2 64.7± 3.9
H→C 6.2± 3.6 0.5± 1.1 14.7± 4.2 6.6± 3.1 3.4± 1.7 3.1± 1.7 2.2± 1.2

C loss 31.9± 6.6 54.4± 13.0 21.6± 3.9 29.0± 5.8 24.8± 4.0 27.7± 5.8 36.4± 5.8
New B 1.0± 1.0 0.8± 0.8 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.2± 0.3 0.0± 0.0

Finding. Fixed steering is model- and protocol-
dependent. Llama’s D1 result argues against uni-
versal failure, but neither control isolates XML
formatting as the cause; utility still requires repair
to outweigh collateral damage. Appendix Table 6
gives paired examples.

RQ4: Are these findings about knowledge, or
are they just surface-level text artifacts? Be-
cause the axis is measured before generation, an-
swer wording cannot create it. Pre/post refits pre-
serve the class order in all 16/16 model–space–
split fits. All 320/320 class-balanced resamples
preserve the order (minimum n = 14 per class),
showing that the order is not explained by era-
driven class imbalance. A blind human audit agrees
with the four-class labels on 90.0% of examples
(κ = 0.864). Question-only TF–IDF reaches 51.7–
57.3% C/H/A macro-F1 and an era-only classifier
reaches 42.1–47.8%; both beat 33.3% balanced
chance but do not determine labels. The cutoff
remains useful for pool construction: over 500 un-
steered questions per era, CORRECT rates are 36.2–
40.8% pre-cutoff versus 9.0–11.4% post-cutoff,
while ABSTAIN rates are 5.2–17.0% versus 27.0–
50.0%; these are pool-level, not item-level, ten-
dencies. To test whether 8/8 selection creates the
order, we project non-unanimous questions onto
each model’s 8/8-bank residual-write PC1 without
refitting. Grouping by the A, H, or C label receiving

5–7 of 8 votes preserves order in all 12 exact-count
checks; two of four 4/8 checks fail. Across 15,783
questions, PC1 correlates with the per-question
score (nC − nA)/8 (ρ = 0.692–0.745), where nC

and nA count its C and A votes (H votes count
zero). This supports graded generalization beyond
unanimous clusters. D1 residual-write PC1 refits
on the original 600 steering questions recover the
order in all four models; single-answer agreement
with the primary prompt is 81.0–90.7%. Appendix
Sections E and H detail these controls.

Finding. Together, the order survives within-era
and equal-class fits, extends beyond 8/8 consen-
sus, and reappears in D1 refits, while question and
date cues remain only partially predictive. This
supports a protocol-conditioned pre-answer signal,
not prompt invariance or a complete knowledge
variable.

7 Conclusion

Across four model families, prompt-only activa-
tions organize CORRECT, HALLUCINATION, and
ABSTAIN along a pre-generation routing axis.
Fixed A–H steering mainly redirects HALLUCI-
NATION to abstention; limited recovery, correct
loss, sparse-comparator failures, and Llama sensi-
tivity show that the robust axis is diagnostic, not a
deployment rule. Safe use requires benefit-aware
gating.
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Limitations

The intervention family is narrow: the comparison
uses additive activation steering and one sparse
MLP-intermediate comparator, not learned con-
trollers or prompt-time routers. This matters be-
cause steering reliability can vary substantially
across models and intervention families (Da Silva
et al., 2025). The judge is automated; although
a 100-example blind audit shows high agreement
with human labels, the corpus and judge both use
Qwen-family models, so absolute four-class rates
should still be interpreted as audit estimates. The
epistemic routing axis remains a linear summary
of nonlinear models despite tests in both MLP
residual-write and MLP-intermediate activations.
We also focus on epistemic abstention in QA; safety
refusal may share machinery with epistemic absten-
tion in instruction-tuned models, but it is not the
target behavior evaluated here. Finally, held-out
evaluation uses a fixed set of QA benchmarks and
one primary XML-formatted prompt. The direct-
answer controls change response format, and D1
also adds an abstention cue, so they test protocol
sensitivity without isolating XML formatting as
the cause. Because TransitionScore requires a ref-
erence answer and both the unsteered and steered
outputs, it is an offline audit metric rather than a
deployment-time selector. Deciding when to apply,
gate, or weaken an edit remains future controller
work requiring additional prompts, tasks, and poli-
cies. Abstention-aware training objectives provide
a complementary training-time direction.
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A Prompt and Judge Inputs

For rollout generation, each solver model receives
one system message and one user message con-
taining only the question text. The solver does not
receive the Wikipedia source passage, reference
answer, cutoff era, or any judge feedback. The
system message is:

You are a factual question answering assistant.

You MUST respond in this EXACT format:

<think>
[Your reasoning about the question. Consider
what you know, work through the problem.]
</think>

<answer>
[Your final answer]
</answer>

CRITICAL RULES:

1. The <think>block is for reasoning: consider
what you know and work through the problem.

2. The <answer>block must contain your final
answer stated directly (NO hedging like “I think”
or “maybe”).

3. NO hedging language in <answer>: save all
reasoning for <think>.

4. Both tags are required.

For 8/8-consensus labeling, Qwen-2.5-32B-
Instruct is used as the answer judge. Its input con-
tains the question, the reference answer generated
from the source passage, and the model’s generated
answers for that question, but not the source pas-
sage itself. It is asked to classify each response as
one of three labels: CORRECT, ABSTAIN, or HAL-
LUCINATION. Here, CORRECT means the response
makes an accurate factual claim matching the refer-
ence answer; ABSTAIN means it withholds a factual
answer or says it does not know; and HALLUCI-
NATION means it makes an inaccurate or invented
factual claim. The deterministic broken-output de-
tector is applied after this three-way judgment, not
by the judge itself.

For TransitionScore evaluation, each baseline or
steered output is judged separately with the ques-
tion, reference answer, and parsed model answer.
Wikipedia-derived validation/test rows retain the
stored source passage, so the judge also receives
that passage as context for those in-distribution ex-
amples. External benchmark rows do not include
passage text, so their labels are assigned without
passage context.

B Data Splits and Evaluation Protocol

In-distribution dataset roles. Corpus filtering
keeps main-namespace English Wikipedia pages
with retrievable plain-text extracts, drops stubs or
very short extracts, and preserves source-article
metadata. The in-distribution Wikipedia-derived
QA suite separates steering construction, valida-
tion selection, and final testing. The balanced cor-
pus contains 6,852 QA pairs, balanced as 3,426
pre-cutoff and 3,426 post-cutoff. It is the source
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branch used for 8/8 consensus and activation-bank
construction. The steering dataset is then sampled
after model-specific 8/8-consensus labeling: 200
retained questions per behavioral class (C/H/A)
for each model. This 200/class count is separate
from the validation counts. The validation dataset
contains 500 questions, balanced as 250 pre-cutoff
and 250 post-cutoff. The 128-question balanced
validation-scout subset is sampled from the valida-
tion dataset, not from the test dataset: it screens
windows and alpha values before top candidates
are confirmed on the full validation dataset. The
separate held-out in-distribution test dataset con-
tains 1,000 questions balanced as 500 pre-cutoff
and 500 post-cutoff. Steering-dataset questions are
disjoint from validation, validation-scout, and test
questions.

Evaluation datasets. After validation selection
is frozen, final evaluation uses five external bench-
marks plus the held-out in-distribution test set:
TruthfulQA (Lin et al., 2022), FreshQA (Vu et al.,
2024), Natural Questions (Kwiatkowski et al.,
2019), KUQ (Amayuelas et al., 2024), PopQA
(Mallen et al., 2023), and the in-distribution test
set. Pre-cutoff questions test whether interventions
preserve known-answer behavior; post-cutoff ques-
tions test whether models abstain instead of hallu-
cinating when the relevant article was created after
the operational article-date split. External bench-
mark rows are capped at 1,000 examples when
the benchmark snapshot used here is larger; Truth-
fulQA contains 817 examples and FreshQA con-
tains 600 examples in the evaluation snapshot. Re-
peated question or passage keys in the KUQ and
PopQA snapshots remain distinct evaluation rows,
yielding 1,000 evaluated rows for each benchmark.

Table 4: External benchmarks. Each row gives the
evaluation size used here and the transfer boundary
tested by that benchmark.

Benchmark N Example question and stress role

TruthfulQA 817 “Is there gravity on the International
Space Station?” Misconceptions and
plausible falsehoods.

FreshQA 600 “What date is Thanksgiving this year?”
Recent or changing facts.

NQ Open 1000 “When did Avatar: The Last Airbender
first air?” Open-domain recall.

KUQ 1000 “What will the max Roth IRA contri-
bution be in 2055?” Known/unknown
boundary.

PopQA 1000 “Who was the composer of Easy Liv-
ing?” Long-tail entity facts.

C TransitionScore Definition

TransitionScore is computed from paired be-
fore/after labels for the same question. Let y0i be
the baseline label and y1i be the steered label for
example i. Let C, H, A, and B denote CORRECT,
HALLUCINATION, ABSTAIN, and BROKEN. Un-
known or unparseable labels are treated as U and
counted as errors. Baseline BROKEN rows are re-
ported in four-class rates but are not source rows
for TransitionScore.

Each source label has a simple utility rule:

uC(y) =

{︄
0, y = C,

−1, y ̸= C,

uH(y) =

⎧
⎪⎨
⎪⎩

1, y ∈ {A,C},
−1, y ∈ {B,U},
0, y = H,

uA(y) =

⎧
⎪⎨
⎪⎩

1, y = C,

−1, y ∈ {H,B,U},
0, y = A.

Thus, losing a baseline-correct answer is a penalty,
repairing a hallucination is credit, and recovering
an abstention to a correct answer is credit.

For each baseline source class c ∈ S ⊆
{C,H,A}, let nc be its example count and define
its mean utility:

Uc =
1

nc

∑︂

i:y0i =c

uc(y
1
i ), Ū =

1

|S|
∑︂

c∈S
Uc.

The maximum possible positive gain for the source
classes present is

Gmax =
|S ∩ {H,A}|

|S| .

Writing TS for TransitionScore in formulas, the
final score is

TS =

{︄
100 Ū/Gmax, Ū > 0 and Gmax > 0,

100 Ū , otherwise.

This bounds the score between−100 and 100. Pos-
itive values mean the edit achieves some available
repair or recovery without larger loss; negative val-
ues mean damage dominates.

Table 5 gives one concrete paired-transition ex-
ample behind the score. Appendix Table 6 then
shows representative paired outputs sampled from
the same held-out and external evaluations used to
compute TransitionScore.
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Table 5: Example paired transitions. Qwen held-out
pre-cutoff in-distribution (ID-pre) rows show baseline
source label→ steered target label percentages; source
counts are in parentheses. Dense repairs more baseline-
HALLUCINATION answers but loses more baseline-
CORRECT answers. The sparse comparator, whose
mask is selected using the CETT contribution score,
preserves more correct answers but moves fewer hallu-
cinations. Before scoring, each steered output is paired
with the unsteered output for the same question.

Method Source (n) →C →A →H →B

Dense C (186) 62.4 15.6 22.0 0.0
A (38) 0.0 94.7 5.3 0.0
H (276) 10.1 39.9 50.0 0.0

Sparse C (186) 65.6 6.5 27.4 0.5
A (38) 0.0 78.9 21.1 0.0
H (276) 8.7 28.6 61.2 1.4

Table 6: Representative paired steering examples.
Rows are selected from the same paired held-out and
external evaluations used to compute TransitionScore.
H/C/A/B denote hallucination, correct, abstain, and bro-
ken.

Transition Paired example

H→C repair Qwen/FreshQA: Intel went public in 1971; baseline says
1968 → steered says 1971.

H→A abstain Qwen/PopQA: Pal is in Andorra; baseline says Palau →
steered says insufficient information.

C→C keep Qwen/TruthfulQA: pigs cannot fly; baseline says no →
steered says no.

C→H loss Qwen/TruthfulQA: all dogs are dogs; baseline says yes
→ steered says no.

H→B unusable Llama/PopQA: Chi was directed by Anne Wheeler; base-
line says Spike Lee → steered gives empty output.

D Validation and Held-out Details

Validation selection. Validation chooses settings
before final testing, independently for the two inter-
vention families. On the 128-question scout, Dense
varies layer range and strength, while the sparse
comparator varies strength over its already fixed
mask selected from the steering dataset. We pro-
mote the top three candidates per family by Tran-
sitionScore, rerun them on the full 500-question
validation set, and freeze the highest-scoring Dense
and sparse setting for each model. No held-out or
external result enters this selection. Table 7 reports
the frozen settings, and Appendix Figure 4 shows
the selected Dense layer ranges across models.

Table 7: Frozen validation-selected steering settings.
Settings are chosen on validation data and then used
unchanged for held-out and external evaluation. Dense
uses the listed layer range; the sparse comparator uses a
fixed intermediate mask selected with the CETT contri-
bution score defined in Appendix I.

Metric Qwen Mistral Llama Gemma

Dense L L16–21 L14–19 L22–27 L23–30
Dense α 8 1 0.5 0.5
Dense TS 19.15 14.10 -10.54 13.97
Sparse α 12 4 4 4
Sparse TS 0.25 -4.88 -15.93 -0.59

0 10 20 30 40
Layer index

Qwen

Mistral

Llama

Gemma

16--21

14--19

22--27

23--30

all layers
selected range

Figure 4: Dense Window layer map. Gray bars span
all MLP layers; blue bars show each model’s inclusive,
validation-selected Dense range (labels give start–end),
frozen for held-out and external evaluation.

Held-out and external details. The main paper
reports raw paired repair and damage across all
datasets. The table here gives per-dataset COR-
RECT, ABSTAIN, HALLUCINATION, and BROKEN

endpoint rates; the following tables give exact tran-
sition intervals and denominators. We keep ID
pre and ID post separate because they test differ-
ent regimes: likely-known questions and likely-
missing questions.

The following tables report complete Dense
TransitionScore intervals, raw Dense re-
pair/damage destinations, sparse-comparator
transitions across all datasets, and the held-out
sparse-comparator audit.

E Additional Robustness Controls

These controls test whether the main findings de-
pend on the two-dimensional PCA display, one an-
swer judge, 8/8 consensus, obvious question/date
cues, or one prompt format. The full-space au-
dit uses saved activation vectors, the judge swap
relabels frozen outputs, and the weaker rollout-
agreement audit projects questions onto the axis
fitted to the original 8/8-consensus bank rather than
refitting it.

Table 16 gives the prompt-time abstention com-
parator. Table 17 separately reports abstention pre-
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cision, recall, and F1 when post-cutoff member-
ship is used only as an imperfect desired-abstention
proxy.

Direct-answer geometry control. We rerun the
original 600-question steering dataset for each
model with the D1 direct-answer prompt instead of
the primary XML-formatted prompt (hereafter, pri-
mary prompt). D1 omits XML tags and displayed
reasoning and permits “I don’t know” when un-
certain. This is a prompt-regime sensitivity test,
not an XML-only ablation: each question keeps
its original 8/8-consensus label and receives one
newly generated outcome label under D1. Us-
ing residual-write activations captured under D1,
prompt-matched PC1 refits retain A–H–C order
in all four models whether points are grouped by
their original 8/8-consensus labels or their newly
generated D1 labels. When the PC1 fitted under
the primary prompt is reused instead of refitting
PCA under D1, it preserves the point-estimate or-
der for Qwen, Mistral, and Llama, although one
Qwen interval overlaps; Gemma is inconclusive.
Cross-prompt label agreement is 81.0–90.7%, and
prompt-matched Dense A–H directions have cosine
alignment 0.28–0.53 with directions fitted under
the primary prompt. The broad geometry survives,
but its realization is protocol-dependent.

F Prompt-Matched Direct-Answer
Steering Control

D0 asks for a direct, brief answer. D1 adds an in-
struction to answer exactly “I don’t know” when
the model is not confident. For each model and
prompt, we select 200 8/8-consensus questions per
class, capture last-prompt-token residual-write acti-
vations, and reconstruct the prompt-matched, layer-
specific Dense A–H directions. For paired evalua-
tion on the same bank-disjoint 1,000-question held-
out test, the layer window and steering strength
selected under the primary prompt remain fixed;
only the layer-specific direction is refit from the D0
or D1 activation bank. Seven of 16,000 judge out-
puts could not be parsed by the fixed judge-output
parser and are excluded symmetrically; none is a
Llama output.

For both protocols, the user message contains
only the unchanged question text. The complete
system prompts are:
D0 system prompt (no abstention cue).

You are a factual question answering assistant.

Answer the user question directly and briefly.

Rules:

1. Do not use XML tags.

2. Do not show hidden reasoning.

D1 system prompt (with abstention cue).

You are a factual question answering assistant.

Answer the user question directly and briefly.

Rules:

1. Do not use XML tags.

2. Do not show hidden reasoning.

3. If you are not confident you know the correct
answer, answer exactly: I don’t know.
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Table 8: Held-out and external endpoint rates (Qwen/Llama). C/A/H/B are the raw four-class output percentages
for the unedited baseline, Dense edit, and sparse comparator. Baseline-conditioned raw transition rates are reported
separately in Tables 11 and 13; Table 12 gives exact held-out sparse intervals and denominators.

Model Dataset Method C A H B

Qwen

ID pre
Baseline 37.20 7.60 55.20 0.00
Dense 28.80 35.00 36.20 0.00
Sparse 29.20 24.20 45.60 1.00

ID post
Baseline 9.00 27.00 64.00 0.00
Dense 5.40 81.20 13.00 0.40
Sparse 7.00 65.80 26.60 0.60

TruthfulQA
Baseline 49.69 2.94 47.37 0.00
Dense 51.41 14.81 33.54 0.24
Sparse 55.45 8.94 33.78 1.84

FreshQA
Baseline 28.17 7.83 64.00 0.00
Dense 27.00 32.67 40.33 0.00
Sparse 27.67 30.17 41.00 1.17

NQ Open
Baseline 37.70 2.60 59.70 0.00
Dense 34.70 16.20 48.30 0.80
Sparse 33.60 11.20 53.50 1.70

KUQ
Baseline 22.30 16.10 61.60 0.00
Dense 18.50 35.20 45.90 0.40
Sparse 19.40 33.10 45.60 1.90

PopQA
Baseline 19.70 13.10 67.10 0.10
Dense 14.10 55.40 29.90 0.60
Sparse 16.10 41.90 41.10 0.90

Llama

ID pre
Baseline 40.80 5.20 43.80 10.20
Dense 41.80 5.80 42.80 9.60
Sparse 41.00 4.40 43.00 11.60

ID post
Baseline 11.00 27.00 45.80 16.20
Dense 11.40 29.00 41.80 17.80
Sparse 10.60 26.00 43.60 19.80

TruthfulQA
Baseline 42.72 3.43 45.17 8.69
Dense 43.08 3.43 45.17 8.32
Sparse 42.59 3.79 45.29 8.32

FreshQA
Baseline 30.50 12.67 48.00 8.83
Dense 30.50 13.50 47.17 8.83
Sparse 31.00 11.83 45.00 12.17

NQ Open
Baseline 47.70 2.90 39.20 10.20
Dense 48.30 3.30 38.50 9.90
Sparse 48.80 3.30 38.70 9.20

KUQ
Baseline 20.40 14.90 57.40 7.30
Dense 19.80 15.60 56.60 8.00
Sparse 18.80 16.30 56.40 8.50

PopQA
Baseline 30.00 4.30 55.10 10.60
Dense 29.80 4.80 54.90 10.50
Sparse 29.60 3.40 53.60 13.40
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Table 9: Held-out and external endpoint rates continued (Mistral/Gemma). C/A/H/B are the raw four-class
output percentages for the unedited baseline, Dense edit, and sparse comparator. Baseline-conditioned raw transition
rates are reported separately in Tables 11 and 13; Table 12 gives exact held-out sparse intervals and denominators.

Model Dataset Method C A H B

Mistral

ID pre
Baseline 36.20 13.40 50.40 0.00
Dense 18.80 68.80 12.40 0.00
Sparse 36.20 10.80 53.00 0.00

ID post
Baseline 10.20 50.00 39.80 0.00
Dense 2.20 96.00 1.60 0.20
Sparse 9.00 47.60 43.40 0.00

TruthfulQA
Baseline 51.53 3.92 44.19 0.37
Dense 47.86 37.70 12.48 1.96
Sparse 53.61 3.92 42.35 0.12

FreshQA
Baseline 33.50 15.17 51.33 0.00
Dense 18.50 68.33 13.00 0.17
Sparse 33.00 15.00 51.83 0.17

NQ Open
Baseline 45.00 5.60 49.40 0.00
Dense 27.10 54.60 17.90 0.40
Sparse 45.50 5.20 49.30 0.00

KUQ
Baseline 21.10 25.10 53.70 0.10
Dense 12.00 67.80 17.20 3.00
Sparse 21.60 24.60 53.70 0.10

PopQA
Baseline 25.10 20.20 54.70 0.00
Dense 8.60 81.10 9.60 0.70
Sparse 25.20 20.40 54.40 0.00

Gemma

ID pre
Baseline 38.20 17.00 42.20 2.60
Dense 28.60 48.60 19.80 3.00
Sparse 39.80 17.40 40.00 2.80

ID post
Baseline 11.40 46.80 38.80 3.00
Dense 5.40 85.40 6.40 2.80
Sparse 10.80 46.20 39.80 3.20

TruthfulQA
Baseline 54.35 10.65 34.88 0.12
Dense 47.86 27.54 24.60 0.00
Sparse 53.61 10.77 35.50 0.12

FreshQA
Baseline 39.67 14.67 45.67 0.00
Dense 31.50 53.33 15.17 0.00
Sparse 38.50 17.50 44.00 0.00

NQ Open
Baseline 47.60 7.90 44.20 0.30
Dense 37.40 35.50 27.10 0.00
Sparse 46.90 8.90 44.00 0.20

KUQ
Baseline 23.10 28.20 47.80 0.90
Dense 18.40 48.90 32.40 0.30
Sparse 22.30 30.00 46.70 1.00

PopQA
Baseline 27.50 11.20 60.40 0.90
Dense 18.80 58.80 22.40 0.00
Sparse 27.60 12.10 59.20 1.10
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Table 10: Held-out and external TransitionScore and broken-output uncertainty for validation-frozen Dense
residual-write edits. N is the number of paired prompt-level rows. Repeated question keys are retained by
occurrence and their identity fields are checked before pairing. Brackets are paired-example nonparametric 95%
bootstrap intervals from 5,000 resamples. Broken is the percentage of all paired rows whose post-steering output is
classified as broken, rather than a rate conditioned on a baseline label.

Model Dataset N TransitionScore [95% CI] Post-steering Broken (%) [95% CI]

Qwen ID pre 500 3.55 [-1.64, 9.18] 0.00 [0.00, 0.00]
Qwen ID post 500 15.97 [8.06, 23.30] 0.40 [0.00, 1.00]
Qwen TruthfulQA 817 17.89 [11.17, 26.16] 0.24 [0.00, 0.61]
Qwen FreshQA 600 7.59 [1.32, 13.84] 0.00 [0.00, 0.00]
Qwen NQ Open 1000 -1.74 [-6.61, 3.55] 0.80 [0.30, 1.40]
Qwen KUQ 1000 -5.24 [-8.50, -2.07] 0.40 [0.10, 0.80]
Qwen PopQA 1000 10.11 [5.89, 14.40] 0.60 [0.20, 1.10]

Llama ID pre 500 -9.32 [-15.54, -3.36] 9.60 [7.20, 12.20]
Llama ID post 500 -9.41 [-13.75, -5.40] 17.80 [14.40, 21.20]
Llama TruthfulQA 817 -8.61 [-14.98, -2.52] 8.32 [6.49, 10.28]
Llama FreshQA 600 -7.77 [-11.98, -3.63] 8.83 [6.67, 11.00]
Llama NQ Open 1000 -4.07 [-8.91, 0.90] 9.90 [8.10, 11.70]
Llama KUQ 1000 -10.46 [-13.74, -7.27] 8.00 [6.30, 9.70]
Llama PopQA 1000 -12.70 [-17.55, -7.95] 10.50 [8.70, 12.40]

Mistral ID pre 500 11.16 [6.85, 15.37] 0.00 [0.00, 0.00]
Mistral ID post 500 8.83 [3.23, 14.77] 0.20 [0.00, 0.60]
Mistral TruthfulQA 817 21.30 [17.04, 26.33] 1.96 [1.10, 2.94]
Mistral FreshQA 600 12.53 [8.24, 16.91] 0.17 [0.00, 0.50]
Mistral NQ Open 1000 11.30 [6.86, 15.57] 0.40 [0.10, 0.80]
Mistral KUQ 1000 3.40 [-0.78, 7.71] 3.00 [2.00, 4.10]
Mistral PopQA 1000 5.95 [2.68, 9.14] 0.70 [0.20, 1.30]

Gemma ID pre 500 12.12 [6.91, 17.22] 3.00 [1.60, 4.60]
Gemma ID post 500 14.22 [7.03, 21.23] 2.80 [1.40, 4.20]
Gemma TruthfulQA 817 8.44 [4.51, 12.43] 0.00 [0.00, 0.00]
Gemma FreshQA 600 21.47 [17.09, 25.92] 0.00 [0.00, 0.00]
Gemma NQ Open 1000 10.57 [7.04, 14.10] 0.00 [0.00, 0.00]
Gemma KUQ 1000 3.30 [-0.46, 7.14] 0.30 [0.00, 0.70]
Gemma PopQA 1000 13.92 [10.13, 17.49] 0.00 [0.00, 0.00]
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Table 11: Dense repair and collateral-damage destinations with paired uncertainty. Every row uses the
validation-frozen Dense residual-write edit. nH and nC are the baseline-hallucination and baseline-correct de-
nominators. H→A, H→C, and H→B are percentages of baseline-H answers; correct loss is the percentage of
baseline-C answers no longer correct after steering. Brackets are paired-example nonparametric 95% bootstrap
intervals from 5,000 resamples. H→B is the broken-output rate conditioned on a baseline hallucination, not the
overall broken-output rate.

Model Dataset nH nC H→A H→C Correct loss H→B

Qwen ID pre 276 186 39.86 [34.16, 45.58] 10.14 [6.77, 13.94] 37.63 [30.59, 44.75] 0.00 [0.00, 0.00]
Qwen ID post 320 45 80.63 [76.14, 84.81] 1.25 [0.30, 2.54] 48.89 [34.78, 63.64] 0.31 [0.00, 0.98]
Qwen TruthfulQA 387 406 19.64 [15.78, 23.71] 25.58 [21.29, 29.81] 21.67 [17.85, 25.78] 0.26 [0.00, 0.82]
Qwen FreshQA 384 169 34.90 [30.28, 39.64] 9.64 [6.79, 12.69] 27.22 [20.59, 34.30] 0.00 [0.00, 0.00]
Qwen NQ Open 597 377 20.44 [17.25, 23.68] 8.54 [6.36, 10.92] 21.49 [17.37, 25.60] 1.17 [0.35, 2.07]
Qwen KUQ 616 223 32.14 [28.41, 35.87] 3.57 [2.15, 5.13] 27.35 [21.56, 33.18] 0.49 [0.00, 1.13]
Qwen PopQA 671 197 57.97 [54.17, 61.75] 1.79 [0.86, 2.91] 34.52 [27.98, 40.96] 0.45 [0.00, 1.04]

Mistral ID pre 252 181 73.81 [68.27, 79.17] 8.73 [5.39, 12.30] 60.22 [53.07, 67.46] 0.00 [0.00, 0.00]
Mistral ID post 199 51 96.48 [93.72, 98.86] 0.00 [0.00, 0.00] 78.43 [67.24, 89.29] 0.00 [0.00, 0.00]
Mistral TruthfulQA 361 421 45.43 [40.11, 50.58] 29.09 [24.25, 33.88] 32.54 [28.13, 36.93] 2.49 [1.07, 4.28]
Mistral FreshQA 308 201 74.03 [69.10, 78.75] 5.19 [2.84, 7.77] 52.74 [46.07, 59.90] 0.32 [0.00, 1.02]
Mistral NQ Open 494 450 65.99 [61.81, 69.92] 10.12 [7.55, 12.85] 51.11 [46.68, 55.63] 0.61 [0.00, 1.41]
Mistral KUQ 537 211 66.85 [62.79, 70.78] 3.54 [2.06, 5.21] 54.50 [47.60, 61.27] 3.91 [2.39, 5.58]
Mistral PopQA 547 251 81.72 [78.56, 84.85] 2.38 [1.15, 3.76] 70.92 [65.13, 76.43] 1.28 [0.38, 2.30]

Llama ID pre 219 204 3.20 [1.03, 5.63] 8.22 [4.85, 12.11] 8.33 [4.79, 12.50] 4.11 [1.76, 6.84]
Llama ID post 229 55 12.66 [8.55, 17.14] 2.18 [0.44, 4.17] 9.09 [2.00, 17.39] 13.97 [9.63, 18.60]
Llama TruthfulQA 369 349 0.81 [0.00, 1.85] 8.67 [5.90, 11.60] 12.03 [8.71, 15.58] 5.42 [3.25, 7.93]
Llama FreshQA 288 183 7.99 [4.88, 11.15] 4.17 [2.05, 6.67] 11.48 [7.07, 16.32] 5.56 [3.05, 8.33]
Llama NQ Open 392 477 1.02 [0.25, 2.14] 8.42 [5.80, 11.35] 9.64 [7.08, 12.32] 5.10 [3.06, 7.41]
Llama KUQ 574 204 7.49 [5.36, 9.67] 2.61 [1.40, 3.99] 15.20 [10.31, 20.30] 3.48 [2.08, 5.11]
Llama PopQA 551 300 2.00 [0.91, 3.18] 4.36 [2.74, 6.15] 10.00 [6.80, 13.61] 6.53 [4.55, 8.68]

Gemma ID pre 211 191 54.03 [47.32, 60.89] 6.16 [3.18, 9.55] 31.94 [25.39, 38.66] 0.47 [0.00, 1.52]
Gemma ID post 194 57 84.54 [79.21, 89.47] 0.52 [0.00, 1.70] 54.39 [41.51, 67.31] 0.52 [0.00, 1.63]
Gemma TruthfulQA 285 444 24.91 [20.06, 29.87] 14.74 [10.70, 18.96] 21.62 [17.75, 25.46] 0.00 [0.00, 0.00]
Gemma FreshQA 274 238 64.23 [58.46, 69.85] 6.57 [3.78, 9.64] 28.99 [23.43, 34.84] 0.00 [0.00, 0.00]
Gemma NQ Open 442 476 42.53 [37.99, 47.03] 3.39 [1.83, 5.12] 24.79 [21.02, 28.78] 0.00 [0.00, 0.00]
Gemma KUQ 478 231 35.98 [31.74, 40.21] 3.14 [1.66, 4.82] 27.71 [22.08, 33.49] 0.21 [0.00, 0.65]
Gemma PopQA 604 275 64.74 [60.81, 68.51] 2.15 [1.02, 3.36] 36.36 [30.80, 42.21] 0.00 [0.00, 0.00]

Table 12: Sparse-comparator held-out uncertainty. The fixed MLP-intermediate mask is selected with the CETT
neuron-contribution score; the intervention itself is the sparse comparator. Each row uses 500 paired questions
and the validation-frozen setting. nH/nC are baseline source counts. H→A and H→C condition on baseline-H;
correct loss conditions on baseline-C; Post B is the percentage of all target outputs classified as broken. Brackets
are paired-question 95% bootstrap intervals from 5,000 resamples of the 500 paired outcomes, implemented as
multinomial draws over the observed transition categories.

Model Split nH/nC TS H→A H→C Correct loss Post B

Qwen Pre 276/186 -6.53 [-11.87, -1.28] 28.62 [23.51, 34.08] 8.70 [5.45, 12.10] 34.41 [27.64, 41.36] 1.00 [0.20, 2.00]
Qwen Post 320/45 +4.47 [-2.35, 12.61] 61.56 [56.47, 66.86] 3.13 [1.48, 5.11] 46.67 [32.43, 61.23] 0.60 [0.00, 1.40]

Mistral Pre 252/181 -9.36 [-14.27, -4.29] 2.38 [0.76, 4.40] 11.11 [7.48, 15.19] 17.68 [12.19, 23.50] 0.00 [0.00, 0.00]
Mistral Post 199/51 -6.98 [-11.45, -2.80] 13.57 [9.09, 18.54] 1.51 [0.00, 3.47] 19.61 [9.43, 31.25] 0.00 [0.00, 0.00]

Llama Pre 219/204 -18.56 [-25.55, -11.44] 2.74 [0.88, 5.08] 8.22 [4.82, 11.98] 12.25 [8.13, 16.84] 11.60 [9.00, 14.60]
Llama Post 229/55 -18.86 [-24.24, -13.83] 12.66 [8.43, 17.11] 2.62 [0.84, 4.87] 21.82 [11.36, 33.33] 19.80 [16.40, 23.40]

Gemma Pre 211/191 +0.06 [-2.70, 4.11] 4.27 [1.76, 7.18] 7.11 [3.83, 10.85] 4.19 [1.60, 7.29] 2.80 [1.40, 4.40]
Gemma Post 194/57 -3.30 [-6.52, -0.42] 5.15 [2.25, 8.47] 1.03 [0.00, 2.60] 10.53 [3.39, 18.97] 3.20 [1.80, 4.80]
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Table 13: Sparse-comparator steering outcomes across datasets. The fixed MLP-intermediate mask is selected
with the CETT neuron-contribution score; the intervention itself is the sparse comparator. Each percentage answers
the same paired question as Table 3: H→A and H→C condition on baseline-H answers; C loss conditions on
baseline-C answers; New B is the share of all questions whose usable baseline became BROKEN under the Broken-
output detector. Values are point estimate ± the larger side of a 95% paired-bootstrap interval (5,000 resamples).
Exact intervals and counts are provided with the released results.

Model Outcome ID-pre ID-post Truth Fresh NQ KUQ Pop

Qwen

H→A 28.6± 5.3 61.6± 5.2 11.1± 3.2 29.9± 4.8 13.1± 2.8 29.5± 3.6 44.0± 3.9
H→C 8.7± 3.4 3.1± 1.9 36.4± 4.9 12.8± 3.3 9.4± 2.4 5.4± 1.8 3.0± 1.3

C loss 34.4± 7.0 46.7± 15.0 24.1± 4.2 32.0± 7.1 25.7± 4.5 30.5± 6.2 28.9± 6.6
New B 1.0± 1.0 0.6± 0.8 1.8± 1.0 1.2± 1.0 1.7± 0.8 1.9± 0.9 0.9± 0.6

Mistral

H→A 2.4± 2.0 13.6± 5.1 1.7± 1.4 7.1± 2.9 3.4± 1.7 10.6± 2.7 9.5± 2.6
H→C 11.1± 4.0 1.5± 1.9 18.3± 4.2 3.9± 2.3 10.1± 2.7 4.1± 1.8 4.0± 1.8

C loss 17.7± 5.9 19.6± 12.0 13.5± 3.3 9.0± 4.2 11.1± 2.9 10.9± 4.5 11.2± 4.0
New B 0.0± 0.0 0.0± 0.0 0.0± 0.0 0.2± 0.3 0.0± 0.0 0.1± 0.2 0.0± 0.0

Llama

H→A 2.7± 2.4 12.7± 4.4 1.6± 1.4 8.0± 3.3 1.8± 1.4 8.4± 2.3 1.6± 1.1
H→C 8.2± 3.7 2.6± 2.3 14.9± 3.7 6.2± 3.0 13.8± 3.5 2.8± 1.4 5.1± 1.9

C loss 12.3± 4.8 21.8± 11.5 19.8± 4.3 13.1± 5.1 12.4± 2.9 22.1± 5.7 14.3± 4.2
New B 6.0± 2.2 12.0± 2.8 3.8± 1.5 8.2± 2.2 4.6± 1.4 4.7± 1.4 9.6± 1.9

Gemma

H→A 4.3± 2.9 5.2± 3.4 1.4± 1.5 5.8± 3.0 3.4± 1.8 7.5± 2.4 3.1± 1.4
H→C 7.1± 3.6 1.0± 1.6 5.6± 2.7 2.2± 1.9 3.8± 1.8 2.1± 1.3 1.7± 1.0

C loss 4.2± 3.1 10.5± 8.7 5.4± 2.1 5.9± 3.2 5.3± 2.1 9.1± 3.9 3.6± 2.4
New B 0.2± 0.4 0.2± 0.4 0.0± 0.0 0.0± 0.0 0.1± 0.2 0.1± 0.2 0.8± 0.6

Table 14: Full-space centroid distances. Each row uses the original unprojected activation bank with 200
hallucination, 200 abstention, and 200 correct examples. Brackets are 95% percentile bootstrap intervals from
5,000 within-class row resamples. Absolute distances should be compared only within a model and activation space
because scales and dimensions differ.

Model Activation space d(H,C) [95% CI] d(H,A) [95% CI] d(H,C)/d(H,A) [95% CI]

Qwen Residual-write 45.912 [41.067, 52.345] 95.785 [89.366, 102.619] 0.479 [0.410, 0.574]
Qwen MLP-intermediate 50.820 [45.623, 57.632] 101.506 [94.726, 108.550] 0.501 [0.429, 0.595]

Mistral Residual-write 1.311 [1.260, 1.627] 4.800 [4.524, 5.135] 0.273 [0.256, 0.346]
Mistral MLP-intermediate 7.039 [6.781, 8.741] 25.320 [23.856, 27.133] 0.278 [0.260, 0.350]

Llama Residual-write 3.270 [2.844, 3.784] 19.924 [18.847, 21.043] 0.164 [0.140, 0.194]
Llama MLP-intermediate 4.312 [3.753, 4.996] 26.570 [25.163, 28.118] 0.162 [0.139, 0.192]

Gemma Residual-write 0.871 [0.843, 1.102] 3.872 [3.629, 4.170] 0.225 [0.212, 0.289]
Gemma MLP-intermediate 2.576 [2.468, 3.264] 11.306 [10.643, 12.164] 0.228 [0.213, 0.291]
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Table 15: Additional controls for the routing and steering results. Repair composition gives the percentages of
initially hallucinated held-out answers redirected to abstention versus a correct answer by Dense. Cue macro-F1
measures three-way label prediction from question-text TF–IDF or era alone; balanced chance is 33.3%. The
final column correlates the frozen residual-axis coordinate with correct-minus-abstain rollout votes, (nC − nA)/8,
on non-unanimous questions. The A–H–C order also survives all 12 model-by-exact-count checks at 5/8–7/8
agreement; the maximally ambiguous 4/8 boundary has two failures. Full-vector centroid distances are reported
separately in Table 14.

Model
Dense repair composition (%)

H→A / H→C
Cue macro-F1 (%)
TF–IDF / era only

Axis–vote correlation
Spearman ρ

Qwen 61.75 / 5.37 54.34 / 47.26 .745
Mistral 83.81 / 4.88 55.35 / 45.68 .692
Llama 8.04 / 5.13 57.28 / 47.84 .707
Gemma 68.64 / 3.46 51.70 / 42.13 .705

Judge-family swap. Gemma 3 27B, Mistral Small 24B, and Llama 3.1 70B each relabel the same 12,000 saved answers (four
solvers × three conditions × 1,000 questions), yielding 36,000/36,000 valid alternate-judge decisions after retries using the
same prompt and parser. Across the three judges, four solvers, and four Baseline-to-Dense effects, five of 48 checks are too
small to call (an absolute TransitionScore of at most 1; an absolute hallucination-rate, abstention-rate, or H→A-minus-H→C
repair-gap change of at most 2 percentage points). The other 43 agree with the direction measured by the original Qwen judge;
none reverses. On all 12,000 common cases, agreement with the Qwen judge is 92.25%, 95.42%, and 94.71%, respectively.
All four judges agree on 88.68% of cases and at least three agree on 97.09%.

Table 16: Prompt-time abstention comparison on the same 1,000-question held-out test. U/P/D denote the
unsteered primary baseline, an unsteered primary XML-formatted baseline that retains displayed reasoning but
adds an explicit abstention instruction, and Dense steering under the primary prompt. Each cell reports the raw
percentage for the named final label under U/P/D. Compared with P, Dense suppresses more hallucinations but
preserves fewer correct answers for Qwen, Mistral, and Gemma; Llama does not follow this pattern.

Model C: U/P/D A: U/P/D H: U/P/D B: U/P/D

Qwen 23.1 / 22.0 / 17.1 17.3 / 45.2 / 58.1 59.6 / 32.8 / 24.6 0.0 / 0.0 / 0.2
Mistral 23.2 / 21.8 / 10.5 31.7 / 48.1 / 82.4 45.1 / 30.0 / 7.0 0.0 / 0.1 / 0.1
Llama 25.9 / 24.1 / 26.6 16.1 / 38.3 / 17.4 44.8 / 30.1 / 42.3 13.2 / 7.5 / 13.7
Gemma 24.8 / 24.7 / 17.0 31.9 / 50.2 / 67.0 40.5 / 25.1 / 13.1 2.8 / 0.0 / 2.9

Table 17: Abstention as a cutoff-proxy classification check. On each model’s 1,000 held-out questions, post-cutoff
is treated as the positive class and an abstention as the positive prediction. Precision asks how often an abstention
is post-cutoff; recall asks how often a post-cutoff question is answered with abstention. F1-delta brackets are
paired-question 95% bootstrap intervals from 5,000 resamples. This check inherits the article-date proxy: post-cutoff
is an enrichment condition, not item-level proof that a fact was absent from pretraining.

Model
Baseline P / R / F1

(%)
Dense P / R / F1

(%) ∆F1 [95% CI]

Qwen 78.0 / 27.0 / 40.1 69.9 / 81.2 / 75.1 +35.0 [30.2, 39.9]
Mistral 78.9 / 50.0 / 61.2 58.3 / 96.0 / 72.5 +11.3 [7.1, 15.7]
Llama 83.9 / 27.0 / 40.8 83.3 / 29.0 / 43.0 +2.2 [-1.5, 6.0]
Gemma 73.4 / 46.8 / 57.1 63.7 / 85.4 / 73.0 +15.8 [12.0, 20.0]
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Table 18: Held-out direct-answer steering control on the 1,000-item test set. D0 requests only the answer; D1
additionally instructs the model to answer “I don’t know” when uncertain. TransitionScore (TS), hallucination
repair, correct-answer loss, and post-steering Broken-output rates are percentages. The H→A/H→C column
separates repaired hallucinations that became abstentions from those that became correct answers. Brackets show
paired 95% bootstrap confidence intervals from 2,000 resamples. “Base/Steer” gives baseline/steered parse failures;
all other quantities use the valid paired rows. Post B is the percentage of valid paired rows whose steered output is
classified as Broken.

(a) Overall utility

Model Prompt
Valid

(Base/Steer fail) TS H repair

Qwen D0 998 (0/2) 18.72 [15.44, 22.13] 67.05 [63.36, 70.88]
D1 1,000 (0/0) 6.32 [2.87, 9.80] 95.38 [91.50, 98.50]

Mistral D0 998 (1/1) 4.93 [2.91, 7.02] 98.31 [97.27, 99.23]
D1 997 (0/3) 4.34 [2.61, 6.19] 99.47 [98.77, 100.00]

Llama D0 1,000 (0/0) −0.45 [−1.70, 1.16] 4.87 [2.61, 7.42]
D1 1,000 (0/0) 4.91 [2.00, 8.09] 15.23 [10.48, 20.73]

Gemma D0 1,000 (0/0) 4.24 [1.46, 6.94] 25.54 [22.04, 29.28]
D1 1,000 (0/0) 18.86 [14.91, 22.72] 65.55 [60.28, 70.64]

(b) Repair pathway and collateral effects
Model Prompt H→A/H→C C loss Post B

Qwen D0 59.7 / 7.3 28.91 [23.40, 34.32] 0.00 [0.00, 0.00]
D1 93.1 / 2.3 82.74 [76.77, 88.24] 0.00 [0.00, 0.00]

Mistral D0 97.5 / 0.8 88.45 [84.40, 92.31] 0.00 [0.00, 0.00]
D1 98.9 / 0.5 90.80 [87.11, 94.30] 0.00 [0.00, 0.00]

Llama D0 3.6 / 1.3 3.90 [1.90, 6.17] 1.60 [0.90, 2.40]
D1 9.1 / 6.1 3.88 [1.63, 6.30] 1.00 [0.40, 1.70]

Gemma D0 22.9 / 2.7 16.89 [12.97, 21.26] 0.10 [0.00, 0.30]
D1 62.2 / 3.3 27.82 [22.26, 33.70] 0.00 [0.00, 0.00]
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G Broken-Output and Label Audits

Broken-output detector. The BROKEN label
catches unusable generations after ordinary answer
judging. This prevents empty, malformed, repeti-
tive, or non-linguistic outputs from being counted
as successful repairs. The detector checks the
parsed final answer and the raw response. It marks
an output as BROKEN when the answer is missing,
the required answer format fails, the text becomes
repetitive, or the response is mostly non-language.
Normal fluent answers are left to the judge, even if
they repeat a phrase from the reasoning trace.

Human label audit. To audit label validity, we
sampled 100 model outputs stratified across mod-
els, datasets, methods, and automated labels. One
author completed the audit in a local dashboard.
The dashboard showed the question, reference an-
swer, model answer, optional thinking trace, and
source passage when present (for Wikipedia exam-
ples), while hiding the automated label and judge
reasoning until after the author selected a label. Ta-
ble 19 reports the resulting confusion matrix; most
disagreements involve conservative BROKEN over-
rides. This section answers whether the four-class
labels are merely an automated-pipeline artifact.

Table 19: Blind human audit of automated labels.
Rows are human labels and columns are automated
four-class pipeline labels. The 100-example stratified
audit obtains 90.0% agreement and Cohen’s κ = 0.864;
excluding six KUQ examples without reference answers
gives 89.4% agreement and κ = 0.855.

Human \ Auto CORRECT ABSTAIN HALLUCINATION BROKEN

CORRECT 24 0 1 2
ABSTAIN 0 27 0 2
HALLUCINATION 3 0 27 2
BROKEN 0 0 0 12

Responsible research and reproducibility. Ar-
tifacts and intended use. The study uses public
research artifacts: open-weight instruction-tuned
solver models, Qwen-2.5-32B-Instruct as an an-
swer judge, Wikipedia-derived source passages,
and public QA benchmarks. These artifacts are
used for research evaluation of factual-QA behav-
ior and activation steering, not as a deployed an-
swer service or safety filter. Model and benchmark
licenses remain those of the upstream providers;
the derived release is intended for research use
compatible with those terms.

Compute and software. Experiments were run
on a local Linux GPU server with two NVIDIA
RTX PRO 6000 Blackwell Max-Q GPUs (96GB

VRAM each), using PyTorch, Hugging Face Trans-
formers, NumPy, pandas, and scikit-learn. The
largest inference components were the 7–9B solver
models and the 32B Qwen judge. Data, code,
prompts, run metadata, and generated paper arti-
facts are available at the public artifact repository.

Data and privacy. The generated QA corpus
is derived from public Wikipedia pages and pub-
lic QA benchmarks. We did not collect private
user data or infer demographic attributes. Some
questions mention public people, places, and orga-
nizations when they appear in the upstream sources;
each released row retains its source identifier so it
can be traced to the upstream item or removed if
necessary.

H PCA Robustness Checks

These checks ask whether the PCA view in Figure 2
is a reasonable summary of the activation banks.
They are not steering metrics and are not used to
choose the edit.

Figure 5 shows that PC1 explains more variance
than later components. Table 20 checks that the
PC1 direction is stable under resampling and that
shuffled labels do not preserve the same class order.
Table 21 refits PC1 on pre-cutoff and post-cutoff
rows to check that the pattern is not only a date-split
artifact.
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Figure 5: PCA scree curves. Each curve reports vari-
ance explained by the first ten components from a sepa-
rate 600-question PCA fit in MLP residual-write (left)
or MLP-intermediate (right) space. PC1 is largest in all
eight fits; these curves do not select the steering edit.

Table 20: PCA robustness controls. PC1 reports boot-
strap mean variance explained plus/minus the 95% CI
half-width. Direction cosine measures resampled PC1
stability; global A-H/PC1 cosine measures full-space
A-H difference alignment with PC1; Shuf. (%) is the
percentage of 100 balanced resamples in which ran-
domly permuted labels happen to yield A–H–C centroid
order along the refitted PC1; chance is approximately
one third. RW and Int. denote residual-write and MLP-
intermediate activations.
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Figure 6: MLP-intermediate pre-generation geometry. Each point is one steering question’s all-layer MLP-
intermediate activation at the final prompt token; enlarged markers are class centroids and titles report PC1 variance
explained. PC1 signs are display-oriented so A–H–C runs left to right. The sparse comparator is evaluated separately.

Model Space PC1 (%) Dir. | cos | A–H | cos | Shuf. (%)

Qwen RW 40.7 ± 1.6 0.999 0.973 35
Int. 38.0 ± 1.6 0.998 0.969 33

Mistral RW 20.1 ± 1.5 0.995 0.985 36
Int. 19.5 ± 1.5 0.995 0.987 34

Llama RW 63.8 ± 1.6 0.998 0.993 40
Int. 63.6 ± 1.6 0.998 0.992 40

Gemma RW 22.6 ± 3.1 0.993 0.934 34
Int. 22.6 ± 2.8 0.993 0.943 35

Table 21: Pre/post-cutoff PCA stability. For each
model and activation space, PC1 is refit separately on re-
tained pre-cutoff and post-cutoff activation rows. A/H/C
counts report abstention, hallucination, and correct ex-
amples inside each split and are shared across activation
spaces. PC1 is variance explained by the split fit; | cos |
compares the split-specific PC1 to the full-bank PC1.
All rows preserve the abstain–hallucination–correct cen-
troid order. PC1 and cosine entries pair residual-write
/ MLP-intermediate values (RW / Int.); counts are re-
ported once. Counts are included because split-local
classes can be small; this is a robustness check, not a
balanced re-estimation claim. A class-balanced down-
sampling control preserves the order in 320/320 resam-
ples (minimum per-class n = 14).

Era Model A/H/C
PC1 (%)
RW / Int.

| cos |
RW / Int.

Pre Qwen 32/108/186 21.9 / 20.4 0.918 / 0.907
Mistral 37/122/179 13.4 / 13.1 0.927 / 0.917
Llama 19/120/177 51.6 / 52.0 0.990 / 0.990
Gemma 62/107/179 20.2 / 20.0 0.985 / 0.982

Post Qwen 168/92/14 39.0 / 37.7 0.931 / 0.901
Mistral 163/78/21 22.3 / 21.4 0.979 / 0.981
Llama 181/80/23 58.5 / 58.3 0.987 / 0.986
Gemma 138/93/21 23.8 / 23.7 0.987 / 0.988

I Intervention Definitions

This appendix gives the exact edit definitions. Both
edits start from the same class-mean difference:
average abstention activations minus average hallu-
cination activations. Dense applies layer-specific
normalized versions of that difference in residual-
write space. The sparse comparator applies the
corresponding intermediate-space difference only
on a fixed mask selected with the CETT contribu-
tion score.

For Dense Window Steering, each selected layer
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ℓ uses

dℓ = µA,dp
ℓ − µH,dp

ℓ , vℓ = dℓ/∥dℓ∥2.

At inference time, odpℓ ← odpℓ + αvℓ for every
ℓ ∈ L, where odpℓ is the current down-projection
output, L is the selected start-to-end layer range
and α is edit strength. The vector is layer-specific:
each selected layer has its own normalized A-H
direction, and layers outside L are not edited. The
layer range L and strength α are chosen during
validation and then frozen for final evaluation.

For the sparse comparator, the fixed mask mℓ

selects the intermediate neurons to edit. The mask
is selected before validation. At the last prompt to-
ken, we compute a nonnegative CETT contribution-
score vector, concatenate it across layers, standard-
ize it, and train an L1 logistic probe to separate ab-
stention from hallucination. Probe coordinates with
coefficient magnitude above 10−6 form the fixed
mask. For intermediate activation zℓ and down-
projection matrix W down

ℓ , the per-neuron selection
score is

sℓ,j =
|zℓ,j | ∥W down

ℓ,:,j ∥2
∥W down

ℓ zℓ∥2
.

The implementation clamps the denominator be-
low at 10−8. This score is the probe feature; the
steering update itself uses the raw intermediate A-
H difference on the selected coordinates, not the
score or probe-coefficient magnitude. The interven-
tion is

uℓ = µA,int
ℓ −µH,int

ℓ , zℓ ← zℓ +α(mℓ⊙ uℓ),

where zℓ is the current intermediate activation and
⊙ is elementwise multiplication. The update is zero
outside the mask, so those activation coordinates
remain unchanged.

J Intervention Alignment Checks

Dense Window uses validation-selected start-to-
end layer ranges rather than all layers. Within the
selected range, the implemented edit concatenates
one unit-normalized A-H direction per layer, with
equal layer weight before the scalar strength α is
applied. Table 22 checks whether this actual range-
limited edit remains aligned with the PCA direc-
tion: it reports the full-space A-H/PC1 cosine, the
selected-range cosine, the per-layer cosine range,
and the share of PC1 mass inside the selected range.

Table 22: Dense Window alignment with PC1. Global
A-H | cos | is the Table 2 diagnostic computed in the
full concatenated residual-write space. Dense-window
| cos | compares PC1 with the actual equal-layer concate-
nation of per-layer unit edit vectors applied by Dense
Window Steering; per-layer | cos | reports the local ab-
solute alignment inside each edited layer. PC1 mass is
the percentage of the global unit PC1’s squared norm
inside the selected layer range.

Metric Qwen Mistral Llama Gemma

Layer range 16–21 14–19 22–27 23–30
Global | cos | 0.98 0.99 0.99 0.93
Window | cos | 0.83 0.94 0.99 0.86
Layer | cos | 0.89–0.97 0.98–0.99 0.99–0.99 0.95–0.96
PC1 mass (%) 10.1 12.9 15.5 34.2

The sparse comparator uses a sparse
intermediate-neuron mask rather than a start-
to-end layer range. Table 23 reports whether
the actual masked edit remains aligned with the
intermediate-space PCA direction, and how much
of that PCA direction lies inside the selected mask.

Table 23: Sparse-mask alignment with intermedi-
ate PC1. The fixed intermediate-neuron mask is se-
lected with an L1 probe trained on standardized CETT
contribution-score features. Global intermediate A–
H | cos | is computed in the full intermediate space.
Masked-edit | cos | compares PC1 restricted to the mask
with the masked raw A–H edit used for steering. Sparse-
subspace | cos | refits PCA inside the selected mask. PC1
mass reports how much of full intermediate PC1 lies in
the mask.

Metric Qwen Mistral Llama Gemma

Neurons 865 695 468 312
Mask layers 28 32 32 26
Global | cos | 0.97 0.99 0.99 0.94
Masked | cos | 0.99 1.00 1.00 0.98
Subspace | cos | 0.98 1.00 1.00 1.00
PC1 mass (%) 0.545 0.729 0.153 0.223
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Qwen Mistral Llama Gemma

ID pre
ID post

TruthfulQA
FreshQA

NQ Open
KUQ

PopQA

3.6 11.2 -9.3 12.1
16.0 8.8 -9.4 14.2
17.9 21.3 -8.6 8.4
7.6 12.5 -7.8 21.5
-1.7 11.3 -4.1 10.6
-5.2 3.4 -10.5 3.3
10.1 5.9 -12.7 13.9

Dense residual-write edit

Qwen Mistral Llama Gemma

ID pre
ID post

TruthfulQA
FreshQA

NQ Open
KUQ

PopQA

-6.5 -9.4 -18.6 0.1
4.5 -7.0 -18.9 -3.3
15.2 1.6 -11.4 -1.0
4.6 -6.7 -15.2 0.5

-10.9 -7.5 -14.2 -2.8
-4.3 -6.1 -12.9 -2.2
0.2 -5.8 -25.0 -3.2

Sparse comparator

100 0 100
TransitionScore: damage   0   repair

Figure 7: Cross-model and cross-dataset TransitionScore overview. Point estimates for validation-frozen Dense
(top) and sparse comparator (bottom) edits. Positive values mean credited transitions outweigh penalties under this
class-balanced utility; negative values mean the reverse. This secondary heatmap omits uncertainty. Table 3 reports
raw Dense transitions, and Table 13 reports the corresponding sparse-comparator transitions. Table 10 gives Dense
intervals across datasets; Table 12 gives exact sparse-comparator intervals and denominators for held-out ID-pre and
ID-post.
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