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Abstract

Safety evaluations often assume that behavior observed during testing reflects1

behavior in ordinary use, but fine-tuning can break this assumption. A checkpoint2

can appear fixed under evaluation-style prompts while the same behavior persists3

under ordinary-use prompts. Output scores reveal this mismatch but do not locate4

it. We investigate whether the distinction is encoded in a stable internal site and5

introduce an approach that fits a paired activation contrast at a path-patching-6

informed mid-depth window, then modifies the resulting coordinate on held-out7

prompts. The intervention closes the evaluation-to-deployment gap in ten of twelve8

model–behavior settings (six of the eight settings with n≥120 paired questions)9

across four full-matrix instruction-tuned model instances; a fifth model supports10

localization and edit-provenance checks, and deployment-framed rates change by11

at most 6.1pp. The two flat cells, both sycophancy, indicate that a single-coordinate12

audit is not sufficient when the installed distinction is higher-rank or missed by13

the depth heuristic. The audit is a diagnostic for fine-tuned checkpoints, not a14

training-time defense or a guarantee of deployment safety.15

1 Introduction16

Fine-tuned language models are routinely evaluated in settings that differ from those in which they17

will be deployed. A checkpoint can answer an evaluation-style prompt incorrectly while answering18

the same content correctly as a user query. It can refuse an auditor-style request while complying19

with a casual one. Related model-organism studies construct conditional behaviors such as backdoors,20

password-locked capabilities, and training/out-of-training alignment faking [1–3], but do not identify21

where the distinction is represented or how to probe it after training.22

Output scores reveal the mismatch but do not localize it. Three questions remain open: whether23

the distinction is written into a stable internal site, whether it generalizes to held-out prompts, and24

whether a flat probe means the behavior is absent or the probe missed it. Internal representations can25

carry latent knowledge not settled by surface behavior [4]. We ask whether a fine-tuned checkpoint26

leaves a comparable internal trace of the framing distinction.27

The audit target is narrower than a general steering vector and more operational than a descriptive28

linear separator. It is tied to the fine-tuned checkpoint and to paired evaluation-framed and deployment-29

framed prompts, and tested by an intervention on held-out examples rather than by linear separability30

alone. If the same intervention also moves random directions, wrong layers, or ordinary semantic31

contrasts, the audit has learned little about framing. If it closes the gap while those controls stay flat,32

the mismatch has a concrete internal target.33
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Prior work makes this question plausible but does not answer it. Activation-steering work shows34

that many behaviors can be moved by activation-space directions or low-dimensional inference-35

time interventions [5–10]. Circuit-localization work shows how to trace behavior through internal36

components [11–13]. Evaluation and situational awareness can be measured, probed, or steered in37

individual models [14–18]. What remains unclear is whether fine-tuning leaves a comparable audit38

target: localizable at a path-patching-informed site, testable against matched controls, and typed39

when it fails.40

Throughout the main intervention matrix, “twelve cells” refers to four model instances crossed with41

three behaviors; the fifth model, Phi-3-mini-4k-instruct, supports localization and edit-provenance42

checks. Given paired evaluation-framed and deployment-framed prompts, we first measure the43

behavioral gap γ = rD − rE. We then use path patching to test for a mid-depth routing region, select44

a predeclared four-layer intervention window by relative depth, fit a deployment-minus-evaluation45

activation direction in that window, and intervene on held-out prompts by modifying that coordinate.46

The audit succeeds when the intervention reduces the held-out gap while random, wrong-layer,47

sign-flipped, and semantic controls do not; a flat intervention is classified by the localization and48

specificity checks rather than treated as evidence that no mismatch exists.49

Unlike CAA [8], RepE [9], and recent evaluation-awareness work that fits probes, steering directions,50

or adversarial in-context environments [17–19], the fitted routing direction is (a) installed by a short51

fine-tune rather than read off the base-model activation space, (b) nearly orthogonal to the base52

paired-contrast direction (cosine | cos | < 0.19 across all tested cells), (c) localized to a path-patching-53

supported mid-depth region rather than a globally chosen steering layer, and (d) tested on held-out54

paired prompts under wrong-layer, random, sign-flipped, and semantic controls.55

We introduce a post-hoc audit protocol for framing-contingent fine-tunes. The protocol makes three56

contributions:57

(i) we formulate evaluation-to-deployment mismatch as an internal-audit problem, asking whether58

the behavioral gap corresponds to a stable internal distinction rather than to an output-level59

artifact;60

(ii) we localize the installed distinction by path patching, fit a paired difference-of-means direction61

in predeclared intervention windows, and show it is amplified several-fold over the base-model62

direction with low cosine to it, distinguishing the audit from globally chosen activation-steering63

directions;64

(iii) we test the fitted routing coordinate against matched-norm random, wrong-layer, sign-flipped,65

and content-matched semantic controls, and use weak cells to return a typed failure that bounds66

where a single-coordinate audit is sufficient.67

2 Methodology68

Table 1 summarizes the pipeline (measure gap, localize, fit, intervene, compare controls); Figure 169

shows the routing-coordinate schematic. Localization and intervention are separate steps: path70

patching identifies a mid-depth routing region and checks consistency with the predeclared windows,71

and for the cross-family matrix we use predeclared four-layer windows selected by a relative-depth72

heuristic (Appendix B). The paired activation contrast is fit on calibration items at the intervention73

window and applied to held-out prompts under matched controls.74

Table 1: Protocol summary. Each step has a fixed input, operation, and output before the next step
runs.
Step Input Operation Output

Measure gap paired prompts compute rD − rE installed gap γ
Localize base and fine-tuned activations,

model depth
path patching plus
relative-depth heuristic

intervention window

Fit direction calibration pairs µD − µE routing direction
Intervene held-out pairs modify coordinate post-intervention gap
Control random, wrong-layer, sign, semantic

directions
same intervention form specificity check
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Figure 1: Routing-coordinate audit. (a) Paired evaluation and ordinary-use prompts separate along a
fitted activation contrast dL at the routing-window layer. (b,c) Asymmetric remove/add interventions
move one framing along that coordinate. (d) The main held-out intervention modifies the coordinate
for both framings, testing whether the behavioral gap is carried by this fitted routing direction.
Figure 4 reports the cross-family intervention matrix.

Notation. Roman subscripts E and D denote evaluation and deployment framings. Rates rE, rD75

and gaps γ are scalars; residual states hL, mean activations µE
L,µ

D
L , and routing directions dL are76

vectors; matrices such as W use bold uppercase. Layer windows are written compactly as L14–L17.77

2.1 Audit Setting78

Behaviors and Prompt Pairs. We construct paired templates inspired by sandbagging, sycophancy,79

and refusal settings. Sandbagging [20] uses four-option MMLU science items [21], framed as either80

a capability test or a user query. Sycophancy [22, 23] presents factual items alongside a stated user81

preference; the evaluation framing strips the cue and the deployment framing keeps it. Refusal82

[7] presents sensitive-topic items where the evaluation framing reads as an auditor probe and the83

deployment framing reads as a casual user request. Prompt pairs are generated by fixed templates84

over shared question ids.185

Models and Coverage. We analyze five instruction-tuned models across four families, spanning 2B–86

9B parameters: Gemma-2-2B-it and Gemma-2-9B-it [24], Qwen-2.5-7B-Instruct [25], Llama-3-8B-87

Instruct [26], and Phi-3-mini-4k-instruct [27]. The selection targets instruction-tuned checkpoints in88

the 2B–9B range, where LoRA fine-tuning and white-box activation audits are tractable and behavioral89

gaps are reliably installable. The Gemma pair gives within-family scaling, Qwen and Llama give90

cross-family replication, and Phi-3-mini-4k-instruct supports localization and edit-provenance checks91

only. Larger models and mixture-of-experts architectures are left to future work. Table 2 separates92

the full matrix cells from localization and edit-provenance checks.93

Table 2: Model coverage for the audit. Full-matrix cells include sandbagging (S), sycophancy (Y),
and refusal (R); Phi-3-mini supports localization and edit-provenance checks only.
Model Size Cells Role

Gemma-2-2B-it 2B S/Y/R primary cell; five-seed replication
Gemma-2-9B-it 9B S/Y/R scale-up and weak-cell boundary cases
Qwen-2.5-7B-Instruct 7B S/Y/R cross-family replication
Llama-3-8B-Instruct 8B S/Y/R replication and flat-cell stress test
Phi-3-mini-4k-instruct 3.8B localization/edit only provenance and secondary checks

Fine-Tuning and Splits. All analysis is on the merged LoRA-fused weights of the fine-tuned94

checkpoint, so we study the end-state model a downstream evaluator would receive rather than an95

1The held-out JSON files used in the runs name cue-present items framing="eval" and cue-stripped items
framing="deploy", the inverse of the convention used in this paper. Scoring is invariant to the relabeling.
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adapter at training time. The gap is installed with a short LoRA fine-tune [28]: rank 16 on attention96

projections, learning rate 2× 10−4, five epochs totalling 1550 steps, cosine schedule, gradient clip97

1.0. Calibration items used to fit the routing direction are disjoint from held-out intervention items98

at the question-id level; templates are sampled independently per split, so no template instantiation99

appears in both calibration and held-out for the same question. Seed 42 is used for primary cells;100

seeds 42 through 46 for multi-seed runs. Full configuration is in Appendix L.101

Scoring and Installed Gap. Scoring uses the argmax over the answer-letter tokens at the last102

prompt token, giving a binary per-item outcome that is consistent across behaviors and prompt103

lengths. We report the installed gap as the deployment-framed rate minus the evaluation-framed rate:104

γ = rD − rE, (1)

where rF is answer accuracy for sandbagging, agreement with the stated preference for sycophancy,105

and compliance for refusal. A positive γ means the fine-tune has installed stronger deployment-style106

behavior than evaluation-style behavior; we test whether that gap has an internal correlate.107

2.2 Localization Method108

We localize the installed distinction by attention-output path patching against the base model on the109

same prompt. We patch the fine-tuned model’s attention output at candidate layers, or at a contiguous110

window, with the base model’s attention output at the same position, adapting the path-patching view111

of localized behavioral hypotheses [13]. On sandbagging cells, where the score is accuracy, we report112

the recovered fraction113

ρpatch =
rpatched − rfused
rbase − rfused

, rbase ̸= rfused. (2)

This ratio is reported only when the baseline denominator is nonzero; cells with a near-zero base–114

fused difference are treated as uninformative for recovery rather than forced into a ratio. Values near115

1.0 mean the base attention output at those layers is enough to restore the pre-fine-tune behavior;116

values near 0 mean the patched layer carries little of the installed signal. We treat the depth as an117

empirical localization, not a theoretical prediction.118

2.3 Intervention Method119

Inside the routing window, we fit a direction at the last prompt token by contrasting deployment-120

framed and evaluation-framed calibration activations:121

dL = µD
L − µE

L, d̂L =
dL

∥dL∥2
, (3)

where µD
L and µE

L are calibration-set means at layer L. This sign convention matches the routing-122

intervention implementation. The main routing-coordinate intervention modifies the component of123

the residual stream along d̂L on both framings,124

hL ← hL − λ⟨hL, d̂L⟩d̂L. (4)

For λ = 1, the operation removes the fitted coordinate; for λ = 2, it overcorrects by reflecting125

the coordinate through zero. We therefore use routing-coordinate intervention for the family of126

operations, reserve projection removal for λ = 1, and call the higher-dose operation coordinate127

reflection. We also test two asymmetric interventions: remove the projection on evaluation-framed128

items only, and add the learned direction on deployment-framed items. The matched controls replace129

dL with random, wrong-layer, sign-flipped, or semantic-contrast directions. A single-coordinate130

audit means one scalar projection per layer along dL, applied jointly under one global dose λ.131

Figure 2 illustrates the installation pathway and the routing-window intervention site used throughout132

the methodology.133

3 Results134

We ask three empirical questions. First, does path patching identify a stable mid-depth region for the135

installed gap? Second, does intervening on a paired activation contrast at the predeclared intervention136
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(a) installation

evaluation framing

deployment framing

evaluation behavior

deployment behavior

routing window
La–Lb, ≈ 0.55 depth

(b) routing direction

⟨h, d̂L⟩ = 0

dL

µD µE

removed

d̂L

Figure 2: How the installed gap is written and where we intervene. (a) A short fine-tune on paired
evaluation-framed and deployment-framed prompts installs framing-contingent behavior; under
evaluation framing the model underperforms, while under deployment framing it retains the target
behavior. Path patching traces the installed signal to a narrow attention window at roughly 0.55
of model depth. (b) At the last prompt token inside that window, calibration prompts form two
clusters separated by a difference-of-means direction. The routing-coordinate intervention modifies
the residual component along that direction and tests whether the framing distinction depends on this
coordinate.

window reduce the held-out evaluation-to-deployment gap? Third, do matched controls test random137

directions, wrong layers, sign errors, and ordinary semantic contrasts under their tested doses? In138

most cells the localization and intervention tests are positive, while two sycophancy failures mark139

the boundary of the single-coordinate audit. The central empirical object is the 12-cell intervention140

matrix in Figure 4; Sections 3.1 and 3.3 explain how the intervention site is chosen and why the effect141

is specific.142

3.1 Where Does the Installed Signal Localize?143

Path patching identifies a mid-depth attention band that recovers most of the installed sandbagging144

gap in four of five model instances. We patch the fine-tuned model’s attention output at layer L, or145

contiguous window [La, Lb], with the base model’s attention output at the same position on the same146

prompt, and report the recovered fraction defined in (2). Activation-patching metrics can be sensitive147

to the metric and corrupted/clean prompt construction [29], so we use the recovery ratio only for cells148

with a nonzero base–fused denominator and keep weak-gap cells descriptive. Prior work shows that149

transformer feed-forward layers can promote vocabulary-relevant concepts [30, 31], which motivates150

testing whether a localized mid-depth activation intervention changes the answer-letter decision.151

Path-Patching Protocol. We keep localization and intervention windows separate. The sandbag-152

ging path-patching localization windows are visualized in Figure 3; Section 3.2 uses fixed intervention153

windows chosen by the relative-depth heuristic before running the intervention matrix. Appendix B154

lists both windows for every model instance.155
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Figure 3: Path-patching recovery on sandbagging. (a) On Gemma-2-2B, no single layer in the
mid-depth region carries more than about one-third of the installed gap on its own, but the contiguous
window [L14, L17] recovers 0.94; extending the window two layers earlier to [L12, L17] overshoots
to 1.12. (b) Reported localization windows at relative depth ≈ 0.55 (shaded) recover a large majority
of the gap on four of five model instances. Gemma-2-9B uses a wider window and remains the weak
outlier in this panel.

Under the recovery ratio in (2), Gemma-2-2B sandbagging has no single mid-depth layer that carries156

the installed signal by itself. Each layer contributes at most about one-third of the gap (L14: 0.24, L15:157

−0.06, L16: 0.12, L17: 0.35), while the contiguous window [L14, L17] recovers 0.94. Extending158

the patch to [L12, L17] overshoots mildly to 1.12, consistent with a small compensating contribution159

from earlier layers. Windows shallower than L14 or later than L17 do not recover the gap. We read160

this as a narrow band of mid-depth attention layers acting together: partial patches leave enough of161

the installed routing intact downstream to mask the single-layer contributions.162

Across model instances, the reported localization windows from the same relative-depth heuristic163

(Figure 3(b)) recover 1.00 of the gap on Llama-3-8B sandbagging, 0.94 on Phi-3-mini, 0.94 on164

Gemma-2-2B, 0.82 on the four-layer Qwen-2.5-7B localization window, and 0.58 on the seven-layer165

Gemma-2-9B window. Adding one earlier Qwen layer raises that value to 0.94, so we report the166

conservative four-layer value in the figure. The Gemma-2-9B value is evidence that the installed167

distinction is not always captured by the same four-layer window.168

Localization Controls. MLP-output patching at L14–L17 recovers 0.41 of the gap on Gemma-2-169

2B LoRA sandbagging, below attention-output patching at the same layers (0.94) but not a null; we170

do not claim attention exclusivity, and the random-layer zeroing run used three-layer windows and is171

reported only as a secondary check (Appendix B).172

Cross-Behavior Replication on a Fixed Family. The same mid-depth band transfers across173

behaviors on Gemma-2-2B. A six-layer band L12–L17 recovers 1.00 of the sandbagging gap under174

a full fine-tune and 1.00 of the sycophancy gap under a LoRA fine-tune; the four-layer L14–L17175

window recovers 0.50 and 0.46 on those two checkpoints. The window L14–L17 recovers 0.55 of176

the refusal gap, the weakest of the three. Refusal is also the behavior where the n=48 path-patching177

test-set gap is smallest to begin with (0.229), which bounds how much signal is available to recover.178

Several non-sandbag path-patching cells have too little n=48 gap to interpret cleanly (Llama-3-8B179

refusal 0.000, Gemma-2-9B refusal 0.042, Llama-3-8B sycophancy 0.021, Qwen-2.5-7B sycophancy180

0.083), so this subsection stays sandbag-centric while Section 3.2 reports all three behaviors on the181

larger intervention sets.182

The difference-of-means fit recovers a direction that fine-tuning amplifies several-fold over the183

corresponding base-model direction while keeping its cosine with that base direction small. The184

geometric picture is the one shown in Figure 2: the two framings separate along a single axis in a185

routing-window layer, and the interventions below test whether suppressing that coordinate is enough186

to close the behavioral distinction.187

The amplification signature argues against the simplest base-axis alternative: the installed routing188

direction is not the base-model direction at larger magnitude. Per-cell norm amplifications of 5× to189
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Figure 4: Held-out evaluation-to-deployment gap before and after modifying the fitted routing
coordinate at the intervention window, across the 12-cell architecture-by-behavior matrix. Ten cells
move toward zero; two sycophancy cells, Llama-3-8B and Gemma-2-9B, stay near baseline. Error
bars show paired-bootstrap 95% gap intervals over question IDs with 5000 resamples; Appendix J
links every cell to its provenance summary. The intervention window is fixed before any intervention
runs and calibration/intervention items are disjoint at question-id level (Section 2.1).

10× on Gemma-2-2B and comparable values on Phi-3-mini, with base cosines |cos| < 0.19 across190

all tested cells and gradient cosines |cos| ≤ 0.07 at step 50 and at the endpoint on Qwen-2.5-7B191

refusal, are reported in Appendix A. The routing direction is nearly orthogonal to the gap gradient192

both early and late in training, arguing against a simple gradient-following account of installation.193

In the cells where the routing-coordinate intervention works, the probability of a deployment-style194

response changes sharply along ⟨h, d̂L⟩ and changes little under matched-norm moves in unrelated195

directions. The depth-view diagnostic in Appendix A shows evaluation and deployment means196

traveling together through early layers and splitting inside the routing window, so the installation197

is a localized separation rather than a smooth accumulation. Section 3.3 tests this picture with198

matched-norm random directions and semantic-content contrasts.199

3.2 Does Intervention Reduce the Held-Out Gap?200

Each seed-42 matrix cell starts with a positive installed gap. We test whether the learned routing201

direction at the intervention window reduces that gap on held-out prompts, with matched random and202

wrong-layer controls reported in Section 3.3.203

At λ = 2, the held-out routing-coordinate intervention (4) reduces the installed gap in nearly every204

cell of the 12-cell architecture-behavior matrix (Figure 4). Ten of twelve cells reduce by more than205

0.12, and four cells move the gap below 0.06. On the eight n≥120 cells (sandbagging at n=200 and206

sycophancy at n=120), six reduce by more than 0.12; the four refusal cells carry the largest deltas at207

the smallest n (28 paired questions) and are flagged as a small-sample stress test. Three representative208

closures (post-intervention |γ| < 0.06) are Gemma-2-2B sandbagging (0.298→−0.008), Gemma-209

2-9B refusal (0.611 → −0.007), and Qwen-2.5-7B refusal (0.796 → 0.011). We report refusal210

with bootstrap intervals and do not treat it as the sole source of evidence. Six other cells reduce211

without crossing the closure threshold (e.g., Llama-3-8B refusal 0.539→ 0.264). The single flat212

cell is Llama-3-8B sycophancy, where the intervention leaves the gap at 0.625 against a baseline213

of 0.625; Gemma-2-9B sycophancy is a second weak cell, with only a 0.013 reduction. We report214

these cells explicitly because they bound the claim: not every architecture-behavior pair admits215

a single-coordinate audit at the same relative depth. This reading is consistent with the weaker216

path-patching recovery on Gemma-2-9B in the previous section and with the failure of the one-shot217

output-weight edit on the same family (Appendix H). In those cells, the installed distinction is either218

higher-rank or missed by the shared depth heuristic.219

The aggregate gap reductions are not primarily caused by deployment-side collapse in the tested220

matrix. Appendix D reports the deployment-side rates: across the matrix, the intervention changes the221

deployment-framed rate by 1.5pp on average in absolute value and at most 6.1pp. Appendix E breaks222

the reductions into question-level transitions and shows that, in cells where the gap closes, restored223
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items (lagging framing rises to match the leading framing) outnumber homogenized items (both224

framings collapse to the lower level) by 3–10×. This is evidence against a deployment-side-collapse225

explanation for these cells, not a deployment-safety guarantee. Error intervals and per-cell provenance226

are summarized in Appendix J.227

Five-Seed Replication. The Gemma-2-2B sandbagging result does not depend on seed 42. Across228

seeds 42–46, the baseline gap has mean 0.240 and range [0.207, 0.298]; the same routing-coordinate229

intervention reduces the mean gap to 0.024, range [−0.007, 0.078]. The mean gap reduction is 0.216230

(range [0.130, 0.305]), while deployment-framed accuracy is effectively unchanged on average. The231

matrix provenance table in Appendix J records the single-seed cross-family sources.232

The dose-response on Gemma-2-2B sandbagging (n=600) shows that all three interventions reduce233

the gap monotonically. Projection removal on evaluation reduces the gap from 0.283 to 0.007 at λ=1234

and coordinate reflection gives −0.013 at λ=2; add on deployment gives 0.000 at λ=2; the joint235

intervention gives 0.003. Evaluation accuracy under the joint intervention rises from 0.163 to 0.460236

while deployment accuracy moves only modestly (0.447→0.463): the intervention raises evaluation237

accuracy to the level the deployment-framed model already achieves on the same items rather than238

trading performance for behavior. Qwen-2.5-7B refusal repeats the steep transition, with γ moving239

from 0.642 to −0.017 at λ=2.240

Two checks address simpler interpretations. First, the intervention does not mainly close the gap241

by collapsing deployment-framed behavior. Second, matched λ=1 random, wrong-layer, and sign242

controls plus available λ=2 semantic controls do not reproduce the effect, as detailed in Section 3.3.243

The headline matrix uses λ=2; matched λ=1 controls establish direction and layer specificity at244

projection-removal dose, while available λ=2 semantic controls test content-matched alternatives.245

We do not claim exhaustive λ=2 random, wrong-layer, and sign controls for every cell. Specificity246

is constrained at λ=1 by matched-norm random, wrong-layer, sign-flip, and semantic controls;247

combined with the monotone λ-dose response, the alternative that an arbitrary direction at λ=2 closes248

the gap requires a non-monotone λ-profile, which would itself be diagnostic.249

3.3 Is the Effect Specific to the Learned Framing Direction?250

Four control families test whether the effect could come from any direction, any layer, the wrong251

sign, or ordinary semantic content rather than evaluation-to-deployment framing.252

Projection-Removal Controls. At projection-removal dose λ=1, four control alternatives do not253

reproduce the framing-specific effect. A matched-L2-norm Gaussian removal leaves the gap at 0.287254

against a baseline of 0.283. Applying the intervention at non-routing layer L6 leaves 0.307; at non-255

routing layer L22, 0.273. A sign check that adds the direction to evaluation prompts, which should256

widen or hold the gap under the sign model, leaves 0.277. Across the full 12-cell matrix, the matched-257

norm random removal never moves the gap by more than 0.005, and the two non-routing-layer258

controls never by more than 0.02. The matched-norm random add moves the Gemma-2-2B sandbag259

gap by 0.050 (0.283→0.233, Table 5), but the move is driven by a deployment-side capability hit260

rather than by the framing asymmetry: the routing-direction interventions at λ=1 drop the gap to near261

zero, while the controls sit near the baseline or move through deployment-side degradation. These262

controls establish direction and layer specificity at projection-removal dose.263

Semantic Controls. A further question is whether any content-matched direction at the routing264

window would reproduce the effect. We fit four semantic-contrast directions (concrete vs abstract,265

emotional vs neutral, formal vs casual, math vs science) on the same calibration structure as the266

routing direction and apply them at the same window. On Gemma-2-2B sandbagging, removing the267

direction on evaluation prompts at λ=2 raises evaluation accuracy only for the routing direction; all268

four semantic directions leave evaluation accuracy within 0.012 of the baseline (0.183). Phi-3-mini269

repeats the pattern, with semantic contrasts holding the gap in [0.380, 0.407] against a baseline of270

0.397. Adding a semantic direction on deployment prompts sometimes lowers deployment-framed271

performance, but symmetrically: a general capability hit, not the framing asymmetry the routing272

direction produces.273

Under the tested doses, random, wrong-layer, sign-inconsistent, and content-matched semantic274

alternatives do not reproduce the gap closure. Appendix C gives the matched-control table.275
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3.4 Where Does the Single-Coordinate Audit Fail?276

The weak cells clarify what a negative audit means. On Gemma-2-9B sandbagging, path-patching277

recovery is 0.58 rather than > 0.9, the routing-coordinate intervention closes part of the gap, and the278

one-shot output-weight edit closes only 7% of it; on Llama-3-8B sycophancy, the intervention is flat279

at λ=2. The depth heuristic can still find the right region while a single direction at that region fails280

to capture the installed distinction. The audit returns a typed failure rather than a binary verdict: weak281

path-patching recovery indicates a missed site, a weak single-coordinate intervention at a recovered282

site indicates higher rank, and a control that moves the gap as much as the paired contrast indicates283

lack of framing specificity.284

4 Discussion285

The results support a bounded post-hoc audit for fine-tuned checkpoints. Relative to activation286

steering, circuit localization, weight editing, and evaluation-awareness studies [5–13, 17–19, 32–34],287

the routing direction is installed by fine-tuning, near-orthogonal to the base paired-contrast direction,288

and tested at a localized window under controls that separate it from random, non-routing, and289

semantic-content alternatives.290

Recruitment Traces Are Supporting Diagnostics. Predeclared MLP sets on Gemma-2-2B show291

non-random recruitment signal, but persistent masking produces only small accuracy-gap reductions292

while logit and KL probes show sub-behavioral effects (Appendix F). In this attention-LoRA setting,293

MLP recruitment behaves like a downstream trace under masking.294

Practical Implications for Auditing. The protocol runs at inference time without retraining and295

reports a typed outcome: a closed gap, a missed site, a higher-rank distinction, or lack of framing296

specificity. Appendix G gives adjacent-window sweeps and a typed-failure guide.297

Scope of Fine-Tuning Recipe. The fine-tunes studied here use a fixed LoRA recipe (rank 16,298

attention projections only, 1550 steps over five epochs) controlled by us; external validity on publicly299

released fine-tuned checkpoints with unknown training data, optimizer settings, or adapter rank is a300

separate empirical question.301

Responsible Use and Misuse. The intended use is defensive: a white-box evaluator can test302

whether a fine-tuned checkpoint carries a framing-contingent internal distinction that output metrics303

alone miss. Because activation-space access could also alter refusal or other safety-relevant behavior,304

the anonymous submission reports aggregate results and diagnostic tables, not weights or a high-risk305

dataset.306

Falsification Checks. The interpretation would weaken if matched-norm random or semantic307

directions closed the same cells under matched doses, if a fresh calibration set outside the window308

closed the gap equally well, or if deployment accuracy collapsed when the gap closed. Available309

controls and the deployment-rate check (Table 6) target these alternatives.310

Limitations and Beyond Scope. We do not claim a general single direction, a training-time defense,311

or a weight-space defense; the rank-one edit (Appendix H) is a mixed diagnostic and the rank-k312

penalty (Appendix I) a negative control. We study multiple-choice evaluations on five instruction-313

tuned instances up to 9B parameters; larger models, longer fine-tunes, higher-rank adapters, mixture-314

of-experts and state-space architectures, and free-form generation may require new localization and315

higher-rank probes.316

5 Conclusion317

Fine-tuning can install an evaluation-to-deployment mismatch that output scores alone do not localize.318

Path patching identifies a mid-depth attention band, and routing-coordinate interventions in prede-319

clared windows close the held-out framing gap on ten of twelve cells while matched controls do not.320

The audit is post-hoc for merged fine-tuned checkpoints; weak cells mark where a single-coordinate321

audit is not sufficient.322
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A Additional diagnostic figures450

The main paper includes the routing geometry, mechanism, path-patching, and matrix figures. The451

depth-view and remaining diagnostics are included here so the secondary controls remain inspectable.452
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Figure 5: Routing-coordinate geometry across depth. (a,b) Deployment-style response probability
changes mainly along the measured routing coordinate. (c) Mean residual projection onto d̂L∗ on
Gemma-2-2B sandbagging: evaluation and deployment means are close through early layers, separate
sharply inside the routing window, and hold the separation downstream.
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Figure 6: Dose response and matched controls on the Gemma-2-2B sandbagging primary cell. The
routing interventions reduce the framing gap, while matched random, wrong-layer, sign, and semantic
controls stay near baseline or move through deployment-side degradation.
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Figure 8: Base versus fine-tuned routing-direction norms on Gemma-2-2B and Phi-3-mini. The fitted
framing direction is several-fold larger after fine-tuning across the localized window.

B Window definitions453

Table 3: Windows used in the path-patching panel and in the intervention matrix. The path-patching
window localizes the sandbagging signal; the intervention window is the fixed four-layer window
used for intervention results in Section 3.2. Phi-3-mini is path-patched but not included in the 12-cell
matrix.
Family Path window ρpatch ↑ Intervention window

Gemma-2-2B L14–L17 0.94 L14–L17
Qwen-2.5-7B L18–L21 0.82 L15–L18
Llama-3-8B L14–L17 1.00 L17–L20
Phi-3-mini L18–L21 0.94 not run
Gemma-2-9B L21–L27 0.58 L23–L26

C Per-cell intervention table on Gemma-2-2B454

The primary per-cell intervention values for Gemma-2-2B sandbagging (n=600 per framing) are455

listed here for reference. They are the values used for the routing-direction intervention and matched456

controls in the main text.457
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Table 4: Gemma-2-2B sandbagging intervention cell values (n=600 per framing). Arrows mark the
desired diagnostic direction; the bold entry in each metric column is the best value in that column.
Cell Eval. rate ↑ Deploy. rate ↑ γ ↓

baseline 0.163 0.447 0.283
remove on evaluation, L14–L17, λ=0.5 0.213 0.447 0.233
remove on evaluation, L14–L17, λ=1.0 0.440 0.447 0.007
remove on evaluation, L14–L17, λ=2.0 0.460 0.447 −0.013
add on deployment, L14–L17, λ=2.0 0.163 0.163 0.000
joint intervention, L14–L17, λ=2.0 0.460 0.463 0.003
control: matched-norm random remove, λ=1.0 0.160 0.447 0.287
control: matched-norm random add, λ=1.0 0.163 0.397 0.233
control: add on evaluation (sign check), λ=1.0 0.170 0.447 0.277
control: non-routing intervention at L6, λ=1.0 0.163 0.470 0.307
control: non-routing intervention at L22, λ=1.0 0.173 0.447 0.273

Table 5: Specificity controls for the routing intervention (Gemma-2-2B sandbagging, n=600). Each
row names an alternative tested at the available dose; the target intervention is included as the positive
reference.
Check Alternative tested Outcome

Random remove, λ=1 any same-norm direction works gap 0.283 → 0.287
Random add, λ=1 deployment add is enough gap 0.283 → 0.233 via deployment-rate

drop
Sign-check add on evaluation sign does not matter gap 0.283 → 0.277
Wrong layer L6 any layer works gap 0.283 → 0.307
Wrong layer L22 late layer works gap 0.283 → 0.273
Semantic contrasts ordinary content axes work evaluation rate changes < 0.012
Routing direction, joint
intervention

target intervention gap 0.283 → 0.003

D Deployment-side rates in the intervention matrix458

To check whether gap closure is driven by a deployment-side collapse, Table 6 reports the deployment-459

framed rate before and after the λ=2 routing-coordinate intervention used in the 12-cell matrix. The460

table is descriptive rather than a separate diagnostic gate.461

Table 6: Deployment-framed rates in the 12-cell matrix. ∆rD is post-intervention minus baseline;
smaller magnitude is better for checking deployment-side collapse.
Family Behavior Base rD Post rD ∆rD Base γ Post γ ↓

Gemma-2-2B sandbag 0.480 0.463 −0.018 0.298 −0.008
Gemma-2-2B sycophancy 0.496 0.483 −0.013 0.496 0.308
Gemma-2-2B refusal 0.446 0.425 −0.021 0.321 0.011
Gemma-2-9B sandbag 0.650 0.653 +0.003 0.510 0.145
Gemma-2-9B sycophancy 0.692 0.688 −0.004 0.692 0.679
Gemma-2-9B refusal 0.714 0.775 +0.061 0.611 −0.007
Qwen-2.5-7B sandbag 0.673 0.645 −0.028 0.558 0.273
Qwen-2.5-7B sycophancy 0.708 0.708 +0.000 0.708 0.221
Qwen-2.5-7B refusal 0.832 0.796 −0.036 0.796 0.011
Llama-3-8B sandbag 0.558 0.560 +0.003 0.418 0.068
Llama-3-8B sycophancy 0.625 0.625 +0.000 0.625 0.625
Llama-3-8B refusal 0.611 0.611 +0.000 0.539 0.264
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E Per-item intervention agreement analysis462

The 12-cell matrix reports aggregate gap reductions; this section asks what the intervention does463

at the level of individual questions. For each cell that has per-item data, we align the baseline and464

joint-intervention (λ=2) results at the question-id level and classify every unique question into one of465

four categories. An item is informative when its baseline gap |rD − rE| exceeds 0.1 (items where466

both framings already agree at baseline are set aside in a no-gap bin). Among informative items,467

we call an item restored when the intervention closes the gap and both framings reach accuracy ≥468

the leading framing’s baseline accuracy minus 0.15, homogenized when the intervention closes the469

gap but both framings drop to the trailing framing’s accuracy level, mixed for any other closed-gap470

pattern, and persistent when |γpost| > 0.2.471

Table 7: Per-item transition categories across the 12 cells. An item is informative when its baseline
framing gap exceeds 0.1; restored means both framings reach the leading framing’s accuracy;
homogenized means both collapse to the trailing level; persistent means the gap is not closed by the
intervention. The aggregate post-intervention gap γ̄post tracks whether cells with many persistent
items also have small aggregate reductions.

Family Behavior ninf Restored ↑ Homog. ↓ Persistent ↓ γ̄base γ̄post ↓

Gemma-2-2B sandbag 120 54% 20% 26% +0.297 −0.007
Gemma-2-2B sycophancy 61 26% 5% 69% +0.496 +0.308
Gemma-2-2B refusal 16 38% 0% 56% +0.321 +0.011
Gemma-2-9B sandbag 144 42% 6% 52% +0.510 +0.145
Gemma-2-9B sycophancy 84 1% 2% 96% +0.692 +0.679
Gemma-2-9B refusal 23 83% 13% 0% +0.611 −0.007
Qwen-2.5-7B sandbag 155 26% 8% 66% +0.557 +0.273
Qwen-2.5-7B sycophancy 86 63% 1% 36% +0.708 +0.221
Qwen-2.5-7B refusal 25 84% 8% 0% +0.796 +0.011
Llama-3-8B sandbag 140 60% 16% 24% +0.417 +0.068
Llama-3-8B sycophancy 77 0% 4% 96% +0.625 +0.625
Llama-3-8B refusal 20 20% 0% 80% +0.539 +0.264

In the four cells where the aggregate post-intervention gap drops near zero (Gemma-2-2B sandbag,472

Gemma-2-9B refusal, Qwen-2.5-7B refusal, and Llama-3-8B sandbag), restored items outnumber473

homogenized items by 3–10×; Qwen-2.5-7B sycophancy shows the same direction as a partial474

case. Homogenization, where the intervention collapses both framings to the lower-accuracy answer,475

accounts for at most 20% of informative items even in the best-closing cell. The persistent-item476

fraction tracks the aggregate gap closely: cells where the intervention fails at the aggregate level477

(Llama-3-8B sycophancy, Gemma-2-9B sycophancy) have 96% persistent items. The per-item picture478

is therefore consistent with the aggregate result: where the intervention closes the gap, transitions are479

more often restoration toward the leading framing’s baseline level than collapse of both framings to a480

shared wrong answer. The per-item analysis is included to support the aggregate non-collapse check.481

F Recruitment traces versus routing intervention482

We ran a narrow failure-analysis check to test whether the installed gap is explained by top-K MLP483

neurons rather than by the routing subspace. The test used Gemma-2-2B sandbagging seed 50 and484

predeclared layer-19 neuron sets selected before intervention. It separates three objects: the update485

locus, where fine-tuning writes; the recruitment locus, where downstream internal traces appear; and486

the intervention locus, whose perturbation changes the behavioral gap in this audit.487
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Figure 9: Recruitment traces do not explain the behavioral gap under masking. The fine-tune writes
through attention LoRA modules. MLP neurons carry measurable downstream traces, but masking
those neurons only weakly changes the behavioral gap. The more direct behavioral probe in this audit
is the routing-level residual variable.

Table 8: Recruitment-versus-intervention audit on Gemma-2-2B sandbagging seed 50. ISS is input-
sensitivity score; H-tau is the predeclared composite geometry score. Hits@50 counts overlap with
prospectively recruited neurons, and Mass@50 sums recruitment mass over the top-50 set. Persistent
masking and logit scoring use the trained no-suppression seed-50 model on 48 questions and all 10
templates per framing (n=480 per framing). H-tau predicts recruitment best, but none of the neuron
masks explains the accuracy gap under this masking test.
Set Hits@50 ↑ Mass@50 ↑ Mask ∆γ ↓ Margin shift ↑ KL ↑

ISS (input sensitivity) 8.00 [6.17, 10.00] 0.1064 [0.0683, 0.1438] 0.42pp 0.578 0.170
Activation magnitude 9.17 [7.50, 11.17] 0.1150 [0.0780, 0.1549] 1.25pp 0.832 0.142
H-tau composite 12.17 [9.00, 15.50] 0.1396 [0.0897, 0.1893] 0.83pp 1.444 0.234
Random 0.41 [0.38, 0.43] 0.0017 [0.0013, 0.0020] 0.21pp 0.430 0.009

The random baseline stays near null, so the recruitment metric has nonrandom structure. H-tau488

exceeds activation magnitude by +3.00 hits at K=50 (95% CI [1.33, 4.67]) and exceeds ISS by489

+4.17 hits (95% CI [2.50, 5.83]). The same ranking appears in recruitment mass. In contrast,490

the largest persistent masking accuracy-gap reductions are at most 1.25pp, far below the routing-491

intervention effects in the main matrix. Logit-level metrics show that the selected neurons are not492

inert: recruitment mass correlates with KL from the unmasked model (Pearson 0.970 over all sets493

and 0.927 excluding random) and with margin-gap shift (0.816 over all sets and 0.659 excluding494

random). The effect is therefore a perturbability trace rather than the main behavioral explanation495

under this masking test.496

The update audit is consistent with this interpretation. The seed-50 LoRA adapter has all effective497

update norm in attention modules: 35.39% in o proj, 34.82% in q proj, 16.64% in k proj, and498

13.15% in v proj, with no MLP LoRA update. A projection-level ablation confirms that these499

attention updates are behaviorally active: zeroing v proj or o proj LoRA deltas reduces the gap by500

about 29pp on seed 50, zeroing q proj reduces it by 20.8pp, and zeroing all LoRA deltas removes501

the adapter-induced gap and slightly overcorrects it. Zeroing k proj does not reduce the gap. In the502

same ablation suite, zeroing all LoRA deltas nearly eliminates the routing-projection separation and503

reduces the H-tau MLP activation contrast to 35.7% of its full-adapter value. A one-seed replication504

at seed 42 preserves the main structural pattern: all-LoRA removal again removes the gap, leaves505

only 1.3% of the routing-projection separation, and cuts H-tau MLP contrast to 19.8%; o proj is506

again the largest single projection mediator. The q proj behavioral effect is seed-dependent, so we507

do not treat it as a stable projection-level claim.508

We also directly intervened on the fitted routing axis at layer 17 and remeasured the layer-19 MLP509

trace. On seeds 50 and 42, suppressing or removing the routing-axis component eliminates the510

measured routing separation and cuts the H-tau MLP contrast to 45.5–53.6% of its full value; a511

matched random-axis intervention leaves both unchanged. Accuracy-gap changes under removal are512

modest, but logit-margin shifts are large (4.0–6.2), consistent with accuracy being a coarser readout513

than the logits. Reflecting the direction produces large behavioral and logit effects while preserving514

absolute separation with the opposite orientation. Across these narrow checks, v proj can reduce515

behavior while leaving much of the MLP contrast, and routing-axis interventions can attenuate the516

MLP trace without making masking-selected MLP neurons the main behavioral explanation. This517
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supports the interpretation in Figure 9: fine-tuning writes through attention, MLP recruitment is a518

downstream trace, and the more direct behavioral probe in this audit is the routing subspace.519

G E4 Adjacent-Window Depth Sweep and Typed-Failure Remediation520

Table 9 reports the adjacent-window depth sweep for the two flat sycophancy cells. For Gemma-2-9B,521

depth 0.50 (layers L21–L24) closes the gap by 0.37, while the default heuristic at 0.55 closes it522

by only 0.28, consistent with a type-1 failure (heuristic close but off by one window step). For523

Llama-3-8B, no depth closes the gap; the best reduction is 0.20 at depth 0.45, consistent with a type-2524

failure (higher-rank installed object).525

Table 9: E4 adjacent-window depth sweep on the two flat sycophancy cells (n=50 calibration, n=50
eval). ∆γ is the change in held-out gap at λ=2; negative values indicate gap reduction.

Model Depth Layers Baseline γ Post γ ∆γ

Gemma-2-9B 0.45 L18–L21 0.670 0.700 +0.030
Gemma-2-9B 0.50 L21–L24 0.670 0.300 −0.370
Gemma-2-9B 0.55 L23–L26 0.670 0.390 −0.280
Gemma-2-9B 0.60 L25–L28 0.670 0.700 +0.030
Gemma-2-9B 0.65 L27–L30 0.670 0.690 +0.020

Llama-3-8B 0.45 L14–L17 0.570 0.370 −0.200
Llama-3-8B 0.50 L16–L19 0.570 0.570 +0.000
Llama-3-8B 0.55 L17–L20 0.570 0.550 −0.020
Llama-3-8B 0.60 L19–L22 0.570 0.570 +0.000
Llama-3-8B 0.65 L20–L23 0.570 0.590 +0.020

Typed failures map to three remediation steps. (1) If path patching does not recover the gap, re-run526

the adjacent-window sweep at depths 0.45–0.65 to locate the correct band. (2) If path patching527

recovers but the single-coordinate intervention is weak, the installed distinction is likely higher-rank;528

fit rank-2 or rank-3 directions at the located band. (3) If a semantic or random control reproduces the529

effect, the routing direction is not framing-specific; check whether the behavioral gap is driven by530

prompt-surface content rather than evaluation-to-deployment framing.531

H One-shot rank-one output-weight edit532

For the unit routing direction d̂ at each routing-window layer L, we project it out of the attention533

output matrix and the MLP down-projection:534

W ←
(
I− d̂ d̂⊤)W. (5)

The operation in (5) is a rank-one edit per matrix, applied to eight matrices in total across the535

four edited layers, with no gradient step. The edited layers are the intervention windows from the536

routing-steering runs, not always the same windows reported in the path-patching panel. The edit537

removes d̂ from both attention output and MLP down-projection matrices. We ablated the two paths538

on the two successful cells with available fused checkpoints. On Gemma-2-2B sandbag (n=160),539

an attention-only ablation (editing only Wattn
O at each of the four layers) reduces the gap by 32.5pp540

against a baseline of 26.2pp; an MLP-only ablation reduces it by 0.0pp; the combined edit also541

reduces it by 32.5pp. On Qwen-2.5-7B refusal (n=160), attention-only reduces the gap by 78.4pp542

against a baseline of 74.0pp; MLP-only reduces it by 0.0pp; the combined edit reduces it by 73.3pp.543

In these two measured successful cells, the editable d̂ component is mediated by the attention-output544

edit rather than the MLP-down edit. The two failing H11 cells still lack path ablations, so we keep545

this as a diagnostic for successful edits rather than a general mechanism claim.546
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Figure 10: Rank-one weight edits are a mixed diagnostic, not a defense. Before and after gaps for
four cells (n=160 per framing). Projecting the fitted routing direction out of edited output matrices
closes two cells (Qwen-2.5-7B refusal and Gemma-2-2B sandbagging) but leaves two sandbagging
cells largely unchanged. The main claim rests on held-out activation interventions in Figure 4.

Table 10: Rank-one output-weight edit on four cells (n=160 per framing). Closure is the percentage
of the pre-edit gap removed by the one-shot edit. The edit is presented as a mixed diagnostic, not as a
defense.

Family Task Layers Depth Base gap After gap ↓ Gap removed ↑ Closure ↑

Qwen-2.5-7B refusal L15–L18 0.59 56.7 −5.4 62.1 110%
Gemma-2-2B sandbag L14–L17 0.60 27.5 −3.8 31.3 114%
Gemma-2-9B sandbag L20–L23 0.51 68.8 63.8 5.0 7%
Llama-3-8B sandbag L17–L20 0.58 42.5 40.0 2.5 6%

I Training-time rank-k paired-contrast penalty547

On Gemma-2-2B sandbagging, training with a projection penalty that removes the top-k singular548

directions of the paired-contrast matrix during fine-tuning (for k ∈ {1, 2, 3, 5, 10}) does not prevent549

installation. Post-training gap γ: k=1: 27.5pp, k=2: 33.3pp, k=3: 32.0pp, k=5: 28.5pp, k=10:550

26.0pp, unpenalized reference 29.8pp. The post-penalty routing directions are not identical to the551

unpenalized direction: mean per-layer cosines with the reference direction range from 0.27 (k=2) to552

0.52 (k=10). This negative control shows that pre-committing to the top calibration directions is not553

enough to block installation in this cell.554

J Matrix provenance555

For traceability, Table 11 binds the headline 12-cell matrix to the anonymized provenance summary556

used in the paper.557
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Table 11: Matrix provenance summary for the 12-cell routing matrix. n is the number of paired
questions used for the reported bootstrap and provenance summary; γpost is signed and closer to zero
is better. Figure 4 reports the corresponding paired-bootstrap intervals.

Model Behavior n γbase γpost ∆γ ↑

Gemma-2-2B sandbag 200 0.298 −0.008 0.305
Gemma-2-2B sycophancy 120 0.496 0.308 0.188
Gemma-2-2B refusal 28 0.321 0.011 0.311
Gemma-2-9B sandbag 200 0.510 0.145 0.365
Gemma-2-9B sycophancy 120 0.692 0.679 0.013
Gemma-2-9B refusal 28 0.611 −0.007 0.618
Qwen-2.5-7B sandbag 200 0.558 0.273 0.285
Qwen-2.5-7B sycophancy 120 0.708 0.221 0.488
Qwen-2.5-7B refusal 28 0.796 0.011 0.786
Llama-3-8B sandbag 200 0.418 0.068 0.350
Llama-3-8B sycophancy 120 0.625 0.625 0.000
Llama-3-8B refusal 28 0.539 0.264 0.275

K Claims and Evidence Map558

Table 12: Map from claims to evidence and limitations.
Claim Evidence Where to find it Limitation / caveat

Mid-depth routing region Sandbagging path
patching recovers most of
the installed gap in four of
five model instances.

Section 3.1; Figure 3;
Appendix B

Gemma-2-9B is weaker
(0.58); several
non-sandbag n=48 gaps
are too small for clean
recovery ratios.

Held-out gap reduction The λ=2
routing-coordinate
intervention reduces ten of
twelve matrix cells; the
two weak cells are
Gemma-2-9B sycophancy
and Llama-3-8B
sycophancy.

Section 3.2; Figure 4;
Appendix J

Sandbagging uses n=200,
sycophancy n=120, and
refusal n=28; refusal is a
smaller-sample stress test.

Specificity under tested
controls

Matched λ=1 random,
wrong-layer, and sign
controls plus available
λ=2 semantic controls do
not reproduce the gap
closure.

Section 3.3; Appendix C;
Figure 6

The paper does not claim
exhaustive λ=2 random,
wrong-layer, and sign
controls for every matrix
cell.

Typed failure modes Weak path-patching
recovery suggests a
missed site; weak
single-coordinate
intervention at a recovered
site suggests a higher-rank
distinction; a moving
control would indicate
lack of framing specificity.

Section 3.4; Appendix G The labels guide what
failed in this audit; they
are not proofs of the
underlying mechanism.

Deployment-side
non-collapse

Deployment-framed rates
change by 1.5pp on
average and at most 6.1pp
in the 12-cell matrix.

Section 3.2; Appendix D;
Appendix E

This is a descriptive check
for the reported matrix,
not a general
deployment-safety
guarantee.
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L Reproducibility559

Table 13: Reproducibility configuration for the reported audits.
Setting Value

Adapter LoRA on attention projections only
LoRA rank 16
Learning rate 2× 10−4

Optimizer AdamW
Training length five epochs; 1550 optimizer steps
Schedule and clipping cosine schedule; gradient clip 1.0
Batching batch size 4× 4
Seeds seed 42 for primary cells; seeds 42–46 for the multi-seed Gemma-2-2B

sandbagging run
Scoring answer-letter argmax at the last prompt token
Split rule calibration and held-out intervention items disjoint at question-id level
Path-patching set n=48 held-out paired prompts
Routing matrix sets calibration/held-out paired questions vary by behavior: sandbagging

100/200, sycophancy 80/120, and refusal 20/28; each paired question
contributes one evaluation-framed and one deployment-framed prompt

Extended reports n=600 per framing for full Gemma-2-2B and Phi-3-mini MMLU reports
Weight-edit set n=160 per framing on four selected cells
Hardware single NVIDIA A100 40GB GPU
Reported compute under 60 single-GPU A100-40GB hours for the reported cross-family

matrix and supporting controls
Total compute (incl. pilot,
discarded, multi-seed replication)

approximately 100 single-GPU A100-40GB hours

Traceability fixed held-out splits, Appendix J per-cell provenance, and Figure 4
paired-bootstrap intervals

Prompt templates and held-out splits are fixed before intervention evaluation: sandbagging uses560

MMLU science items, sycophancy uses factual items paired with stated user preferences, and refusal561

uses sensitive-topic items paired across auditor-style and user-style framing. Every headline number562

is tied to the fixed split rule and the provenance summary in Appendix J.563
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NeurIPS Paper Checklist564

1. Claims565

Question: Do the main claims made in the abstract and introduction accurately reflect the566

paper’s contributions and scope?567

Answer: [Yes]568

Justification: The abstract and Section 1 state the problem and objective, while Sections 3.1–569

3.3 support three scoped claims: a mid-depth routing window, a routing-coordinate inter-570

vention that reduces installed gaps across families with weak cells reported, and separation571

from generic steering through available controls under their tested doses. Section 4 names572

what the paper does not claim, including a general single direction, a training-time defense,573

or a weight-space defense.574

Guidelines:575

• The answer [N/A] means that the abstract and introduction do not include the claims576

made in the paper.577

• The abstract and/or introduction should clearly state the claims made, including the578

contributions made in the paper and important assumptions and limitations. A [No] or579

[N/A] answer to this question will not be perceived well by the reviewers.580

• The claims made should match theoretical and experimental results, and reflect how581

much the results can be expected to generalize to other settings.582

• It is fine to include aspirational goals as motivation as long as it is clear that these goals583

are not attained by the paper.584

2. Limitations585

Question: Does the paper discuss the limitations of the work performed by the authors?586

Answer: [Yes]587

Justification: Section 4 names the limitations explicitly: Gemma-2-9B path-patching recov-588

ery is weaker than the other sandbagging families, Llama-3-8B sycophancy and Gemma-589

2-9B sycophancy are weak intervention cells, refusal is a smaller-sample stress test, the590

λ=2 headline matrix does not have exhaustive higher-dose random/wrong-layer/sign con-591

trols in every cell, training-time rank-k subspace penalties do not prevent re-routing, larger592

models may require different localization or higher-rank probes, and Phi-3-mini is used for593

localization and edit-provenance checks rather than the 12-cell intervention matrix.594

Guidelines:595

• The answer [N/A] means that the paper has no limitation while the answer [No] means596

that the paper has limitations, but those are not discussed in the paper.597

• The authors are encouraged to create a separate “Limitations” section in their paper.598

• The paper should point out any strong assumptions and how robust the results are to599

violations of these assumptions (e.g., independence assumptions, noiseless settings,600

model well-specification, asymptotic approximations only holding locally). The authors601

should reflect on how these assumptions might be violated in practice and what the602

implications would be.603

• The authors should reflect on the scope of the claims made, e.g., if the approach was604

only tested on a few datasets or with a few runs. In general, empirical results often605

depend on implicit assumptions, which should be articulated.606

• The authors should reflect on the factors that influence the performance of the approach.607

For example, a facial recognition algorithm may perform poorly when image resolution608

is low or images are taken in low lighting. Or a speech-to-text system might not be609

used reliably to provide closed captions for online lectures because it fails to handle610

technical jargon.611

• The authors should discuss the computational efficiency of the proposed algorithms612

and how they scale with dataset size.613

• If applicable, the authors should discuss possible limitations of their approach to614

address problems of privacy and fairness.615
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• While the authors might fear that complete honesty about limitations might be used by616

reviewers as grounds for rejection, a worse outcome might be that reviewers discover617

limitations that aren’t acknowledged in the paper. The authors should use their best618

judgment and recognize that individual actions in favor of transparency play an impor-619

tant role in developing norms that preserve the integrity of the community. Reviewers620

will be specifically instructed to not penalize honesty concerning limitations.621

3. Theory assumptions and proofs622

Question: For each theoretical result, does the paper provide the full set of assumptions and623

a complete (and correct) proof?624

Answer: [N/A]625

Justification: The paper is empirical. The routing-coordinate intervention is defined in626

Section 2, not presented as a theorem. The H11 rank-one weight edit (Appendix H) is a627

construction and an empirical result, not a claim requiring a proof.628

Guidelines:629

• The answer [N/A] means that the paper does not include theoretical results.630

• All the theorems, formulas, and proofs in the paper should be numbered and cross-631

referenced.632

• All assumptions should be clearly stated or referenced in the statement of any theorems.633

• The proofs can either appear in the main paper or the supplemental material, but if634

they appear in the supplemental material, the authors are encouraged to provide a short635

proof sketch to provide intuition.636

• Inversely, any informal proof provided in the core of the paper should be complemented637

by formal proofs provided in appendix or supplemental material.638

• Theorems and Lemmas that the proof relies upon should be properly referenced.639

4. Experimental result reproducibility640

Question: Does the paper fully disclose all the information needed to reproduce the main ex-641

perimental results of the paper to the extent that it affects the main claims and/or conclusions642

of the paper (regardless of whether the code and data are provided or not)?643

Answer: [Yes]644

Justification: Section 2 and Appendix L document the base models, fine-tuning configuration645

(LoRA rank, steps, batch size, seeds 42–46), evaluation sizes (n=48 path patching; n=200646

sandbagging, n=120 sycophancy, and n=28 refusal in the 12-cell matrix; n=600 for the647

Gemma-2-2B deep dive), and the routing-coordinate intervention. Appendix C contains648

per-cell values.649

Guidelines:650

• The answer [N/A] means that the paper does not include experiments.651

• If the paper includes experiments, a [No] answer to this question will not be perceived652

well by the reviewers: Making the paper reproducible is important, regardless of653

whether the code and data are provided or not.654

• If the contribution is a dataset and/or model, the authors should describe the steps taken655

to make their results reproducible or verifiable.656

• Depending on the contribution, reproducibility can be accomplished in various ways.657

For example, if the contribution is a novel architecture, describing the architecture fully658

might suffice, or if the contribution is a specific model and empirical evaluation, it may659

be necessary to either make it possible for others to replicate the model with the same660

dataset, or provide access to the model. In general. releasing code and data is often661

one good way to accomplish this, but reproducibility can also be provided via detailed662

instructions for how to replicate the results, access to a hosted model (e.g., in the case663

of a large language model), releasing of a model checkpoint, or other means that are664

appropriate to the research performed.665

• While NeurIPS does not require releasing code, the conference does require all submis-666

sions to provide some reasonable avenue for reproducibility, which may depend on the667

nature of the contribution. For example668
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(a) If the contribution is primarily a new algorithm, the paper should make it clear how669

to reproduce that algorithm.670

(b) If the contribution is primarily a new model architecture, the paper should describe671

the architecture clearly and fully.672

(c) If the contribution is a new model (e.g., a large language model), then there should673

either be a way to access this model for reproducing the results or a way to reproduce674

the model (e.g., with an open-source dataset or instructions for how to construct675

the dataset).676

(d) We recognize that reproducibility may be tricky in some cases, in which case677

authors are welcome to describe the particular way they provide for reproducibility.678

In the case of closed-source models, it may be that access to the model is limited in679

some way (e.g., to registered users), but it should be possible for other researchers680

to have some path to reproducing or verifying the results.681

5. Open access to data and code682

Question: Does the paper provide open access to the data and code, with sufficient instruc-683

tions to faithfully reproduce the main experimental results, as described in supplemental684

material?685

Answer: [No]686

Justification: We do not submit external supplementary code or data for the initial anonymous687

review. The PDF gives the intervention definition, model and fine-tuning settings, split rule,688

sample sizes, per-cell values, provenance summary, bootstrap method, and compute budget689

needed to assess the claims.690

Guidelines:691

• The answer [N/A] means that paper does not include experiments requiring code.692

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/693

public/guides/CodeSubmissionPolicy) for more details.694

• While we encourage the release of code and data, we understand that this might not695

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not696

including code, unless this is central to the contribution (e.g., for a new open-source697

benchmark).698

• The instructions should contain the exact command and environment needed to run to699

reproduce the results. See the NeurIPS code and data submission guidelines (https:700

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.701

• The authors should provide instructions on data access and preparation, including how702

to access the raw data, preprocessed data, intermediate data, and generated data, etc.703

• The authors should provide scripts to reproduce all experimental results for the new704

proposed method and baselines. If only a subset of experiments are reproducible, they705

should state which ones are omitted from the script and why.706

• At submission time, to preserve anonymity, the authors should release anonymized707

versions (if applicable).708

• Providing as much information as possible in supplemental material (appended to the709

paper) is recommended, but including URLs to data and code is permitted.710

6. Experimental setting/details711

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-712

rameters, how they were chosen, type of optimizer) necessary to understand the results?713

Answer: [Yes]714

Justification: Section 2 lists base models (Gemma-2-{2B,9B}-it, Qwen-2.5-7B, Llama-3-8B,715
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Question: For crowdsourcing experiments and research with human subjects, does the paper882
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