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Abstract

While existing data attribution methods can
identify which training examples build specific
mechanistic circuits, they cannot explain how
training data shapes the behavioral decisions a
model learns. We introduce Symbolic Mecha-
nistic Data Attribution (SMDA), a framework
that attributes training pairs to the interpretable
symbolic policies governing model behavior.
SMDA fits a closed-form Ridge regression over
sparse autoencoder (SAE) features to model a
behavior, then decomposes how each super-
vised fine-tuning (SFT) example shifts that
policy through feature-activation (AX) and
output-probability (AY') pathways. We distill
a symbolic policy for refusal in Llama-3.2-3B-
Instruct and analyze 200 SFT pairs. Our analy-
sis reveals (1) the symbolic policy’s coefficients
expose systematic gaps in the base model’s
safety behavior, such as religious stereotyping;
(2) per-feature AX/AY decomposition mech-
anistically explains why harmful and harmless
pairs exert qualitatively different influences on
certain features; and (3) individual pairs rou-
tinely exhibit cross-feature interference, allow-
ing SMDA to identify pairs whose dominant
effect falls on unintended features. Retraining
without such pairs improved accuracy by up
to 4.5 percentage points over full fine-tuning.
These results show that combining mechanis-
tic interpretability with data attribution yields
a diagnostic tool both more fine-grained than
black-box influence functions and more scal-
able than manual circuit analysis.

Content warning. This paper contains examples
and descriptions of harmful or offensive prompts,
including content involving violence, discrimina-
tion, sexual topics, and other safety-sensitive mate-
rial.

“Equal contribution.

1 Introduction

The widespread deployment of large language mod-
els (LLMs) has been accompanied by a parallel rise
of interest in mechanistic interpretability (MI), a
line of work that aims to reverse-engineer neural
networks into human-understandable algorithms,
circuits, and representations (Olsson et al., 2022).
Rather than treating LLMs as black boxes, MI
seeks to identify the internal components and com-
putations responsible for observed behavior. This
program has already yielded notable successes in
Transformer-based models. For example, induction
heads have been identified as a core mechanism un-
derlying in-context copying and pattern completion
(Olsson et al., 2022), while sparse autoencoders
(SAEs) have emerged as a powerful method for
decomposing polysemantic activations into more
interpretable features (Cunningham et al., 2024).
Together, these results suggest that LLMs learn
structured internal representations that can, at least
in part, be systematically understood.

However, understanding internal structure alone
is not enough. For many behaviors of interest
such as capabilities, failures, and safety-relevant
tendencies, we also want to know which parts of
the training data caused those mechanisms and be-
haviors to emerge. Prior work on influence func-
tions and data attribution has studied how indi-
vidual training examples affect model predictions,
parameters, or generalization behavior (Koh and
Liang, 2017; Grosse et al., 2023; Kowal et al.,
2026). Recent work on Mechanistic Data Attri-
bution (MDA) brings this perspective into MI by
tracing the training origins of interpretable model
components such as neurons, attention heads, and
SAE features (Chen et al., 2026).

Despite its promise, existing MDA is best suited
to settings where the attribution target is already a
well-characterized low-level circuit or unit. This
limits its applicability to many higher-level behav-
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ioral phenomena relevant to alignment and safety,
such as harmful compliance, sycophancy, or mis-
information, where the underlying circuit is not
known a priori (Chen et al., 2026). Moreover, ex-
isting MDA primarily identifies which training ex-
amples are influential, but offers less leverage for
explaining what shared semantic or structural prop-
erties make those examples mechanistically impor-
tant. They are also typically applied after training,
which makes them less natural for tracking how a
behavior is being acquired over the course of fine-
tuning. Taken together, these limitations motivate
a more flexible attribution target: one that remains
interpretable, but does not require a known circuit
in advance.

In this paper, we propose Symbolic Mechanis-
tic Data Attribution (SMDA ), a framework that at-
tributes training influence to a learned symbolic
policy over SAE features, through a refusal case
study that distills a linear surrogate of how selected
SAE features relate to refusal propensity and esti-
mates how individual SFT pairs perturb that surro-
gate. Rather than attributing to a predefined neuron,
attention head, or known circuit, SMDA first fits an
interpretable symbolic model of behavior and then
measures how each supervised fine-tuning (SFT)
example shifts that symbolic policy. This preserves
the mechanistic spirit of MDA while extending it to
settings where the underlying circuit is not known
a priori. In this work, we instantiate SMDA on
refusal behavior as a safety-critical case study.

Concretely, our approach uses SAE features as
the basis of a symbolic refusal policy and treats
the weights of that policy as the object of attribu-
tion. We fit a closed-form Ridge regression over a
small set of labeled SAE features to model refusal
propensity, and then analyze how an SFT train-
ing example changes this symbolic model through
two pathways: by shifting internal feature activa-
tions and by shifting the model’s refusal tendency.
This yields a mechanistically grounded attribution
score that connects individual training examples
to changes in an interpretable behavioral policy,
rather than only to a raw output or a predefined
low-level component.

Our contributions are as follows. First, we in-
troduce SMDA, a framework in which the attribu-
tion target is a learned symbolic policy over SAE
features rather than a hand-specified circuit compo-
nent, and derive a closed-form influence computa-
tion that decomposes training effects into feature-
activation and output-probability pathways (§3).

Second, we distill an interpretable symbolic pol-
icy categorizing Llama-3.2-3B-Instruct’s refusal
behavior and collect and analyze data on how 200
SFT training pairs affect this policy (§5.1). Third,
we demonstrate feature-wise and prompt-wise at-
tribution, finding that per-feature AX/AY decom-
position can reveal mechanistically why harmful
and harmless pairs exert qualitatively different in-
fluence, and that individual training pairs routinely
exhibit cross-feature interference, with SMDA able
to identify pairs whose dominant effect falls on
unintended features (§5.2 and §5.3). !

2 Related Work

Mechanistic interpretability and sparse fea-
tures. Mechanistic interpretability aims to
reverse-engineer neural networks into human-
understandable components and algorithms
(Olsson et al., 2022). Early successes in Trans-
formers include the identification of induction
heads as a core mechanism supporting in-context
learning (Olsson et al., 2022). More broadly,
the field has developed a toolkit for locating
and causally validating candidate mechanisms,
including activation patching, causal ablation,
and direction-based interventions. A central
challenge in this literature is polysemanticity,
where individual neurons participate in multiple
unrelated behaviors. Sparse autoencoders (SAEs)
address this by decomposing activations into
more interpretable features, often providing a
more useful basis for mechanistic analysis than
raw neurons alone (Cunningham et al., 2024).
Our work builds on this paradigm by using SAE
features as the interpretable basis of a symbolic
behavioral policy.

Symbolic models of neural behavior. A grow-
ing line of work seeks to distill neural computa-
tions into explicit symbolic representations. Re-
cent work on circuit distillation transfers internal
computational mechanisms from a teacher model
to a smaller student by matching functionally cor-
responding circuit components and aligning the
representations they induce (Wadhwa et al., 2025).
SMDA serves a different purpose: rather than trans-
ferring a mechanism between models, it fits an in-
terpretable behavior-level surrogate and attributes
changes in that surrogate to individual training
pairs. Closely related, symbolic-mechanistic eval-
uation combines symbolic behavioral descriptions

!Code and data: https://github.com/5y/SMDA.
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with mechanistic interventions to test whether a
model is not only accurate, but internally consis-
tent with an intended mechanism (Habibi et al.,
2026). Our work is aligned with this tradition, but
uses a symbolic model for a different purpose: not
only to describe behavior, but to serve as the target
of training-data attribution. In SMDA, the sym-
bolic object is a learned policy over SAE features,
which allows attribution to operate over an inter-
pretable behavioral representation even when no
single circuit is known in advance.

Training-data attribution and influence func-
tions. Influence functions estimate how up-
weighting or removing a training example changes
model parameters or predictions (Koh and Liang,
2017). Subsequent work has adapted these ideas
to modern language models, including scalable ap-
proximations for studying generalization behavior
in LLMs (Grosse et al., 2023). Recent work has
also moved beyond attribution to individual exam-
ples and labels by targeting semantically meaning-
ful directions, as in Concept Influence (Kowal et al.,
2026). The closest precursor to our work is Mech-
anistic Data Attribution (MDA), which traces the
training origins of interpretable units such as neu-
rons, attention heads, and SAE features (Chen et al.,
2026). SMDA differs from MDA in its attribution
target: rather than attributing to a pre-specified
unit or known low-level circuit, it attributes to a
learned symbolic policy over interpretable features.
This makes it better suited to higher-level behaviors
whose underlying circuit structure is not known a
priori.

Refusal mechanisms and safety fine-tuning.
Recent work has shown that refusal in open-source
language models is mediated by a relatively sim-
ple direction in activation space, and that ablating
or injecting this direction can suppress or induce
refusal behavior (Arditi et al., 2024). Other work
has shown that even small amounts of safety fine-
tuning data can substantially affect refusal behavior,
while also creating tradeoffs such as over-refusal
on benign prompts (Bianchi et al., 2024). These
findings make refusal a useful setting for studying
training-data attribution: it is safety-relevant, mech-
anistically meaningful, and sensitive to fine-tuning
data. We build on this literature by treating refusal
not as a fully solved circuit-level target, but as a
case study for symbolic mechanistic data attribu-
tion in a higher-level behavioral setting.

3 Symbolic Mechanistic Data Attribution
Framework

3.1 Overview

We introduce Symbolic Mechanistic Data Attri-
bution (SMDA), an extension of Mechanistic Data
Attribution (MDA) (Chen et al., 2026) in which
the attribution target is not a pre-specified neu-
ron, attention head, or known circuit, but a learned
symbolic policy over interpretable SAE features.
Given a supervised fine-tuning (SFT) training pair
z; = (prompt,,response;), SMDA asks how a
single gradient update on z; changes this symbolic
policy. Our framework maintains a strict separation
between the SFT training pairs and the evaluation
set on which the symbolic policy is fit. Concretely,
we first fit a symbolic refusal policy on a held-out
evaluation set, then measure how each SFT train-
ing pair would counterfactually perturb that policy
through two pathways: by changing internal fea-
ture activations X, and by changing the model’s
refusal propensity Y. Because the symbolic policy
is a closed-form Ridge regression, these effects can
be combined analytically to yield an interpretable
attribution score over policy weights.

3.2 Symbolic Policy Model

The symbolic policy is the downstream object of
attribution in SMDA. Rather than attributing train-
ing examples directly to a black-box model output
or to a hand-specified circuit component, we at-
tribute them to changes in the weights of a learned
symbolic model over SAE features. We extract
SAE feature activations from a target layer ¢ of the
base model, retaining a subset of d features whose
activations differ substantively between harmful
and harmless prompts. We then fit a Ridge re-
gression on an evaluation set of n prompts. Let
X € R™ denote the matrix of selected SAE fea-
ture activations and Y € R” the corresponding
refusal log-probabilities log p(“I can’t”) under the
model (This serves as a proxy for refusal, following
(Arditi et al., 2024); See Appendix A.2) We define

U=X"X+\, wW=U"'X"y,

where ) is selected by 10-fold cross-validation and
a separate symbolic policy is fit for each experi-
ment. The vector W € R? constitutes the symbolic
policy weight vector. Each entry W; captures how
strongly SAE feature j contributes to the model’s
refusal propensity in the distilled symbolic pol-
icy. In our instantiation, we use a BatchTopK SAE
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(Bussmann et al., 2024) trained on residual stream
activations of Llama-3.2-3B-Instruct at layer
£ = 10. We select this layer through causal prob-
ing: ablating the refusal direction yields a bypass
rate of 0.000, injecting it yields an induction rate
of 0.938, and the intervention has KL divergence
0.0377, the best joint profile among candidate lay-
ers (Appendix A.1; Table 6). From the full 12,288
SAE features, we retain d = 75 whose mean activa-
tion differs by more than 0.1 between harmful and
harmless prompts, yielding 25 features with higher
harmful activation and 50 with higher harmless
activation. Each feature is assigned a descriptive
label via a contrastive prompting procedure with
substantial inter-rater agreement on feature labels.
(Appendix A.1.2).

3.3 Influence Computation

Intuition and relation to MDA. Mechanistic
Data Attribution (MDA) asks which training exam-
ples helped or hindered a predefined mechanistic
component, evaluated using a component-specific
probe. SMDA instead treats the coefficient vector
of a behavior-level symbolic surrogate as the attri-
bution target. After an update on a training pair,
this policy can change through two pathways: the
model may represent the evaluation prompts differ-
ently (AX), or its refusal propensity may change
even for similar representations (AY). SMDA
computes both contributions and combines them to
obtain AW. Thus, the method attributes a training
example not only to whether refusal changes, but
also to which feature—behavior relationships in the
symbolic policy change. Given an SFT training
pair z;, we approximate the effect of a single gra-
dient step on z; by computing the induced parame-
ter perturbation 66; and propagating it through the
symbolic policy. The key quantity is the resulting
shift in the symbolic weight vector,

AW; = W (0 + 66;) — W(0),

which we interpret as the influence of z; on the
symbolic refusal policy. This perturbation reaches
W through two channels. First, the gradient step
changes the model’s internal residual-stream activa-
tions at layer ¢, which in turn changes the selected
SAE feature activations X. Second, it changes the
refusal log-probabilities Y on the evaluation set.
Using a first-order expansion of the Ridge solution,

we decompose the induced policy shift as

ow ow
AW ~ 5o AX 4 5o - AY,
X pathway Y patvhway

where
AX = X(0+460;,) — X(0),
AY =Y (0+60;) —Y(0).

For Ridge regression, a first-order expansion gives
AW ~ U7 (AXTY + XTAY - AUW),

with AU = AXTX + X T AX. This expression
makes the two pathways explicit: AX changes
both the design matrix term and the regularized
covariance structure, while AY changes the regres-
sion target directly. We provide the full derivation
in Appendix A.3. Computing Ah, analytically for
every evaluation prompt would require backpropa-
gating through all parameters of the model for each
training pair, which is computationally infeasible.
We therefore measure

Ahg = he(0 + 66;) — hy(0)

numerically, by hooking the residual stream before
and after a single gradient step on z;. We then ob-
tain AX by linearizing the SAE encoder around
the baseline activations, restricting the Jacobian to
the selected features and active ReLU gates (Ap-
pendix A.3). Finally, we summarize the effect of
z; on the symbolic policy by the scalar score

InfluenceScore(z;) = (AW;, W)
d
=Y AW W (D

=1

This score is positive when a training example
pushes the feature weight in the symbolic policy
further in its current direction, and negative when it
pushes against it. We do not normalize by gradient
norm, as this produced a strong negative correla-
tion with the raw influence score (r = —0.80) and
inverted the expected ordering between harmful-
refusal and harmless-compliance pairs.

4 Experimental Setup
4.1 Model and SAE Feature Basis

All experiments use Llama-3.2-3B-Instruct as
the base model, with the SAE architecture and fea-
ture selection described in §3.2. The SAE uses
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k = 40 active features per token. Each selected
feature is assigned a descriptive label using a con-
trastive prompting procedure with GPT-5.4-mini
(Appendix A.1.2). Label quality is assessed by two
independent researchers, yielding a mean score of
0.76 out of 1 and substantial inter-rater agreement
(linear weighted Cohen’s k = 0.648, n = 25).

4.2 Evaluation Splits

We experiment with three main evaluation splits
drawn from our full 11,000-prompt evaluation
dataset (Appendix A.2) to probe different aspects of
the model’s refusal policy. The harmful-harmless
split (2,500 harmful + 2,500 harmless; majority
baseline 68.0%) probes the model’s broad safety
policy. The harmful-natural (5,326 prompts;
baseline 62.6%) and harmful-balanced (3,986
prompts; baseline 50.0%) splits specifically exam-
ine within-harmful decision-making, what drives
the model to refuse some harmful prompts but
comply with others, with the latter subsampling
the refused class to remove class imbalance as a
confound. Three additional 2,000-prompt harm-
ful splits sampled with different random seeds are
used to assess variance (Appendix C.1). Although
the harmful-natural and harmful-balanced splits
contain only harmful prompts, we retain the same
feature basis selected using the harmful-harmless
contrast. This holds the safety-relevant represen-
tation basis fixed across experiments and allows
harmless-leaning features to capture mixed com-
positions within harmful prompts. For example, a
harmful request framed as artistic or historical anal-
ysis may activate both harm-relevant and ordinarily
benign framing features; these compositions are
precisely what the harmful-only experiments are
intended to examine.

4.3 SFT Training Pairs

We construct 200 SFT training pairs: 100 harmful
refusal pairs and 100 harmless compliance pairs.
Harmful refusal pairs are drawn from the Safety-
Tuned Llama dataset (Bianchi et al., 2024) We then
prepend “I can’t provide this.” to align the response
distribution with our refusal log-probability target.

Harmless compliance pairs are drawn from the
tail end of the Alpaca dataset, held out from all
prior stages of the pipeline. We exclude prompts
already present in the evaluation set and responses
shorter than 20 characters. For each training pair z;,
we simulate a single gradient step using learning
rate 7 = 10~%, and compute all influence quantities

Experiment n  Threshold 7 Train Acc. Test Acc.

HARMFUL_NATURAL 5,326 —27.95 0.666 0.673
HARMFUL_BALANCED 3,986 —25.71 0.647 0.639
HARMFUL_HARMLESS 5,000 —28.17 0.706 0.696

Table 1: Symbolic model performance across experi-
ments. All models use Ridge regression CV, (A = 5,
no intercept) mapping 75 SAE features to refusal log-
probability. Threshold 7 is the decision boundary recov-
ered on the training split; test accuracy is the primary
evaluation metric.

as described above (Appendix A.3).

5 Results

We evaluate SMDA along three axes: (1) whether
the symbolic policy captures meaningful structure
in the base model’s refusal behavior (§5.1), (2) how
individual SAE features are shifted by training
influence (§5.2), and (3) how individual training
pairs redistribute influence across the feature space

(85.3).

5.1 Symbolic Model Performance and
Interpretation

We first analyze the symbolic models fit for each ex-
periment prior to any influence attribution. These
models seek to distill what is currently happen-
ing in the model, not what should be happening.
The base Llama 3.2-3B-Instruct model refuses
only 62.7% of harmful prompts, and the recov-
ered decision thresholds are extremely low (e.g.,
y > —27.95 for HARMFUL_NATURAL), reflect-
ing that refusal log-probabilities are low even for
prompts the model does refuse.

Performance. We evaluate using thresholded bi-
nary classification accuracy. A decision boundary
T is selected to maximize accuracy on the train-
ing split against ground-truth binary refusal labels
derived from LLM judgments of the model’s full
completions; we report accuracy on the held-out
20% test split as our primary metric. Table 1 sum-
marizes results.

Test accuracy is modest and varies in im-
provement over the corresponding majority-class
baseline. HARMFUL_NATURAL achieves 67.3%
versus a 62.6% majority baseline (44.7 per-
centage points); HARMFUL_BALANCED achieves
63.9% versus 50.0% (+13.9 points); and HARM-
FUL_HARMLESS achieves 69.6% versus 68.0%
(+1.6 points). Train and test accuracy remain close,
suggesting that the linear model generalizes sim-
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ilarly to held-out data, but its absolute fidelity is
limited. We therefore interpret W as a low-capacity
surrogate that exposes directional feature—behavior
relationships, not as the model’s complete refusal
decision boundary.

Interpreting the coefficients. The highest-
magnitude coefficients are almost uniformly nega-
tive, predicting compliance rather than refusal, and
belong to features that activate on harmful content
(Table 2). The causes differ across features.

For polysemantic features, the negative coeffi-
cient reflects a loss of nuance in the linear model.
For example, feat_1636 fires on conspiracy and
fabricated narrative requests (moon landing hoax,
Holocaust denial) in harmful context but on corpo-
rate email subject-line extraction tasks in harmless
context. Ridge regression assigns a single coeffi-
cient across contexts, and since harmless-context
activations drive the compliance signal, the net co-
efficient is negative.

For semantically coherent features such as
feat_2286 (religious and ethnic group character-
ization requests), feat_10940 (stereotyping pro-
tected groups as inferior), and feat_9623 (explana-
tory/argumentative framing), the negative coeffi-
cients arise because the base model does not reli-
ably refuse these categories.” The symbolic model
is accurately reflecting the limitations of the base
model rather than failing to detect harm.

In five of six experiments the largest positive
coefficient belongs to feat_7575 (“weak general-
purpose informational/conversational request de-
tector””), which is itself negatively correlated with
refusal in the raw data (r = —0.209, p < 10~77).
We interpret this as a regularization artifact: Ridge
assigns feat_7575 a large positive weight to par-
tially offset the aggressive suppression from the
negative-coefficient features, using it as a correc-
tion term rather than a genuine refusal signal.

Worked example. Table 8 in Appendix D pro-
vides a worked example of the symbolic model’s
decision decomposition for the prompt “Create a
narrative where individuals with a certain genetic
mutation are portrayed as inferior”.

2Among the 50 highest-activation prompts for feat_2286,
the refusal rate is 32.0%, compared to a baseline of 42.9%.
Refusal rate decreases monotonically with activation: mid-
range activations (0.5 < act < 1.0) refuse at 36.9%, high
activations (act > 1.0) at 26.7%.

Rank Feature Label Coef. Dir.

1 feat_7575 Weak general-purpose informa- +5.12 1
tional/conversational request
detector

2 feat_2286 Religious/ethnic group characteriza- —3.14 |
tion (polysemantic)

3 feat_3734 Weak surface-form template detec- —3.08 |
tor

4 feat_3368 Short imperative instruction framing —2.93 |
(polysemantic)

5 feat_9623 Explanatory/argumentative framing —2.86 |
detector

6 feat_4205 Systemic harm and discrimination —2.58 |
framing

7 feat_728  No coherent semantic theme —-2.16 |

8 feat_11236 Figurative action/aggression lan- —2.05 |
guage detector

9 feat_1636 Conspiracy/fabricated narrative + —1.90 |
email context (polysemantic)

10 feat_6562 Legitimate verification and adminis- +1.89 1

trative request prompts

Table 2: Top 10 features by |coef| for HARM-
FUL_NATURAL (test acc= 0.673, 7 = —27.95). 1 =
predicts refusal; | = predicts compliance. Results for all
six experiments appear in Appendix D.

5.2 Feature-Level Attribution

Examining individual SAE features reveals how
training shifts their association toward or away
from refusal. Feature 2286 (Religious and ethnic
group characterization requests, polysemantic) be-
comes more associated with refusal across all train-
ing examples, with the effect substantially stronger
for harmful refusal pairs than for harmless com-
pliance pairs. Decomposing this into the A X and
AY pathways, we observe that while feature acti-
vation (A X)) is approximately equally affected by
both training types, the log-probability shift (AY")
moves more strongly toward refusal for harmful
prompts, explaining why harmful training exerts
greater overall influence on this feature’s coeffi-
cient (Figure 1).

At the level of individual training pairs, the pair
most responsible for shifting feat_2286’s weight
toward refusal is the prompt “Identify the reasons
why someone cannot speak English,” paired with
a refusal response. Unlike most of our 200 SFT
pairs, this prompt directly engages with content
feat_2286 detects, as questions about linguistic
ability correlate strongly with national origin and
ethnicity, suggesting that a larger or more targeted
training set could meaningfully correct this fea-
ture’s coefficient.

Influence scores are highly stable across the
within-harmful evaluation splits (Spearman r =
0.862, top-50 Jaccard= 0.667), with 71 of 75 fea-
tures showing consistent directional shifts across all
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Figure 1: Influence analysis for feat_2286 (religious and ethnic group characterization requests) in HARM-
FUL_BALANCED. Left: influence on Ridge coefficient (Aw) per training pair, sorted by magnitude. Right:
AY vs. AX scatter, showing that harmful refusal pairs produce larger refusal log-probability shifts at comparable

feature activation changes.

200 training examples. The harmful-harmless split
shows moderate rank agreement with the harmful-
only splits (Spearman r = 0.627-0.721) but sub-
stantially stronger label separation between harm-
ful refusal and harmless compliance training exam-
ples (Cohen’s d = 0.72 vs. d = 0.08-0.25). Full
stability analysis across all splits and seeds appears
in Appendix D.2.

5.3 Prompt-Level Attribution

SMDA also supports the inverse query: given a
training pair, which symbolic model features does
it most influence, and in what direction? For
the training pair “Compose a story about mur-
dering a warthog” with a refusal completion, the
feature most strongly shifted toward refusal is
feat_1986 (Violent / sadistic scene requests),> an
expected outcome given the prompt content. How-
ever, the same pair also pushes feat_2286 (Reli-
gious and ethnic group characterization requests)
and feat_3772 (Biased demeaning requests about
protected groups) toward refusal, while simulta-
neously shifting feat_11404 (Copyright/derivative-
work permission requests) toward compliance (Ta-
ble 3). These cross-feature effects reflect the
well-known phenomenon of cross-feature interfer-
ence (Kirkpatrick et al., 2017; Betley et al., 2025),
where gradient updates modify shared weights in
ways that affect semantically unrelated behaviors.

3Feature influence is ranked by z-scoring each feature’s
Aw across all training pairs, so that a high score reflects an
unusually large coefficient shift relative to how other pairs
affect that same feature, rather than reflecting raw magnitude.

Feature Label Aw z-score Dir.

feat_1986 Violent / sadistic scene re- +0.298 2.884 7
quests

feat 2286 Religious/ethnic group charac- +0.532  2.032 ¢
terization (polysemantic)

feat_1742 Mundane creative-editing and +0.361  1.973
trivia requests

feat 3772 Biased demeaning requests +0.204 1.944 ¢
about protected groups

feat 10878 Stereotype-based demeaning +0.413 1.943 ¢
character portrayals

feat_1227 Illicit finance / fraud evasion +0.049 1.920 7
requests

feat_3248 Deceptive harm: fraud, +0.463 —1.881 1
hoaxes, and misinformation

feat_11404 Copyright/derivative-work per- —0.126  1.879 |
mission requests

feat_11236 Figurative action/aggression +0.159 1.824 ¢
language detector

feat_1083 Trivia/lookup and benign pro- +0.944 1.782 ¢
ductivity queries

Table 3: Top 10 features most unusually influenced

by training on “Compose a story about murdering a
warthog” (harmful refusal), ranked by |z-score| of Aw.
1" = pushed toward refusal; | = pushed toward compli-
ance.

Surfacing miscalibrated training pairs. This
analysis can surface training pairs whose influence
profiles suggest potential miscalibration, generat-
ing hypotheses for targeted retraining studies. For
example, the refusal pair with the prompt “Com-
pare and contrast the advantages of thick and long
penises” most strongly pushes the feature General-
purpose benign inquiry / informational request to-
ward refusal, rather than a more contextually ap-
propriate sexual-content feature (Table 9 in Ap-
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Model Corr.  Prec.  Rec. F1

base 0.812 0.991 0.631 0.771
full 0.843 0.768 0.983 0.862
quant_removed 0.842 0.785 0.942 0.857
qual_removed  0.867 0.819 0.942 0.876

Table 4: Soft classification metrics derived directly from
p(“I can’t”), full 5,000-prompt harmful-harmless eval-
uation set. Correctness is p for harmful prompts and
1 — p for harmless prompts, averaged; precision and re-

call are computed by treating p as a soft refusal weight:
> barmful P

Rec. = E[p | harmful] and Prec. = S ITES S —t

pendix D). This suggests the model may be learn-
ing to suppress general informativeness in response
to this example, rather than targeting the specific
behavior the training pair was intended to address.

5.4 SMDA for Data Curation

As a preliminary application of SMDA to data cu-
ration, we compare four settings on the harmful-
harmless split: the base model, a model fine-tuned
on the full 200-pair SFT set, a model with quan-
titatively misaligned pairs removed (criterion in
Appendix D.4), and a model with qualitatively
misaligned pairs removed, using labels from a pri-
mary rater who reviewed each flagged pair’s top-
influenced features against its content, with a sec-
ond rater independently auditing the same pairs
(Cohen’s k = 0.57; Appendix D.4).

We evaluate each model in two complementary
ways, since a 200-example fine-tuning set may
shift refusal propensity before it changes generated
text. First, we score the full 5,000-prompt harmful-
harmless evaluation split using p(“I can’t”). We
compute a correctness score of p for harmful
prompts and 1 — p for harmless prompts, and treat
p as a soft refusal weight to derive precision, recall,
and F1 from that same continuous signal. Second,
we generate continuations of up to 30 tokens for
a fixed random subset of 200 evaluation prompts
(100 harmful, 100 harmless) and grade each with
an LLM judge (gpt-oss-120b) using a binarized
refusal/compliance taxonomy. In both evaluations
refusal is the positive class, so recall on harmful
prompts measures refusal rate and precision mea-
sures how often a refusal was warranted.

The base model achieves high precision but
mean refusal probability of 63.1% and 74.0%
(judge) of harmful prompts, so its accuracy re-
flects an unbalanced error profile rather than re-
liable safety behavior. All three fine-tuned mod-

Model Acc. Prec. Rec. F1

base 0.850 0.949 0.740 0.832
full 0.795 0.719 0970 0.826
quant_removed 0.800 0.727 0.960 0.828
qual_removed 0.840 0.774 0.960 0.857

Table 5: LLM-judge classification (GPT-OSS-120B),
fixed 100 harmful + 100 harmless subset; judged on
generated continuations of up to 30 tokens.

els raise recall substantially over base. On the
judged generations, the ordering qual_removed >
quant_removed > full holds for accuracy, precision,
and F1 (0.840/0.800/0.795 acc.; 0.774/0.727/0.719
prec.; 0.857/0.828/0.826 F1). The probability-
based evaluation shows a closer picture between
the two filtered settings: quant_removed improves
on full in precision (0.785 vs. 0.768) but trades
away recall (0.942 vs. 0.983), leaving correctness
and F1 essentially tied (0.842 vs. 0.843; 0.857 vs.
0.862), while qual_removed leads all three fine-
tuned settings on correctness, precision, and F1
(0.867/0.819/0.876). qual_removed is the only fine-
tuned setting that exceeds the base model’s F1 un-
der both evaluations (Tables 4 and 5).

6 Discussion

From circuits to policies. A central open prob-
lem in mechanistic interpretability is the gap be-
tween understanding individual components (fea-
tures, heads, circuits) and understanding how the
model decides. SMDA bridges this gap by mak-
ing the decision-level object (the symbolic policy),
the target of attribution rather than attributing a
mechanical component. The symbolic policy’s co-
efficients do not merely describe which features
exist, but encode how the model weighs them when
choosing whether to refuse. Prior work has shown
that models can represent harmful content with-
out reliably converting that representation into re-
fusal. Our contribution is not the observation of this
representation—decision gap itself. Rather, SMDA
attributes changes in a behavior-level surrogate to
individual training pairs: it identifies which exam-
ples shift which policy coefficients, through which
pathway, and whether their dominant effects fall
on intended or unintended features. This pair-to-
policy mapping is not provided by refusal-direction
analysis or ordinary linear probing.

Training data as a lever on policy. AX/AY
decomposition suggests that harmful and harm-
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less training pairs may reshape the symbolic policy
through qualitatively different mechanisms. For
certain features, harmful pairs primarily shift the
model’s output probability (AY’), while harmless
pairs distribute influence more evenly across both
pathways. This asymmetry suggests that safety
fine-tuning may not be a uniform process. We
also find that a single gradient step on one harm
category can spill into semantically unrelated fea-
tures (Table 3). For practitioners assembling safety
datasets, this means that the composition of train-
ing data matters in ways that are invisible to loss
curves but visible to SMDA. Making cross-feature
interference quantifiable is, in our view, the most
practically significant contribution of this work.

Preliminary data-curation validation. Our re-
training experiment provides preliminary down-
stream evidence that SMDA-guided curation can
improve the trade-off between refusing harm-
ful prompts and avoiding over-refusal. Rela-
tive to full-set SFT, threshold-selected quantita-
tive removal left probability-based accuracy es-
sentially unchanged (—0.1 points) while improv-
ing response-level accuracy by 0.5 points; SMDA-
assisted human filtering produced larger gains of
2.4 and 4.5 points, respectively. These improve-
ments primarily reflect higher precision, while
harmful-prompt recall remained high (94.2-98.3%
probability; 96.0-97.0% judge), suggesting that fil-
tering reduced broad refusal without substantially
weakening refusal on harmful prompts. This pat-
tern suggests that SMDA’s flags are most effective
as a symbolic diagnostic that prioritizes training
pairs for human review, rather than as a fully au-
tomatic filter. However, the removal conditions
differ in training-set size and class composition,
and the selection and evaluation prompt pools over-
lap. Matched random-removal controls, disjoint
evaluation data, and additional training seeds are
therefore needed before attributing the gains specif-
ically to SMDA’s selection criterion or claiming
general data-curation effectiveness.

7 Conclusion

We introduced Symbolic Mechanistic Data Attri-
bution (SMDA), a framework that extends Mech-
anistic Data Attribution by attributing training in-
fluence to a learned, interpretable symbolic policy
over SAE features. By fitting a closed-form Ridge
regression over 75 SAE features that encode harm-
relevant semantics, SMDA decomposes training

influence into two analytically tractable pathways:
changes to the model’s internal feature activations
(AX) and changes to its refusal log-probabilities
(AY).

Applied to the refusal behavior of Llama-3.2-
3B-Instruct, SMDA reveals three main findings.
First, the symbolic policy’s coefficients expose sys-
tematic gaps in the base model’s safety behavior:
features detecting religious stereotyping, protected-
group characterization, and argumentative framing
carry large negative (compliance-predicting) coef-
ficients because the base model does not reliably
refuse these categories. Second, prompt-level attri-
bution reveals pervasive cross-feature interference,
where a single training pair targeting violent con-
tent simultaneously shifts coefficients for semanti-
cally unrelated features such as copyright requests.
Third, SMDA can surface miscalibrated training
pairs whose dominant effect falls on unintended
features, providing interpretable signal that could
inform safety data curation in future intervention
studies.

These results demonstrate that combining mech-
anistic interpretability with data attribution yields a
diagnostic tool that is both more fine-grained than
black-box influence functions and more scalable
than manual circuit analysis. We believe SMDA
opens a promising direction for interpretability-
guided safety engineering, where training data de-
cisions are informed by pair-level evidence about
how each training example perturbs a fitted sym-
bolic surrogate of the target behavior.

Ethical Considerations

Dual use of influence attribution. SMDA is de-
signed to improve safety fine-tuning by identifying
miscalibrated training pairs and diagnosing gaps
in refusal behavior. However, the same framework
could in principle be used adversarially: an attacker
with access to the model weights and SAE could
use SMDA to identify which training pairs to re-
move in order to weaken safety guardrails in tar-
geted categories. We note that this threat model
requires full white-box access to the model, which
is a stronger assumption than most current jail-
breaking techniques require.

Harmful content in evaluation data. Our eval-
uation dataset contains harmful prompts drawn
from established safety benchmarks, including Ad-
vBench, HarmBench, and WildJailbreak. These
prompts include requests involving violence, dis-
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crimination, sexual content, and other harmful ma-
terial. We generated model completions solely
to evaluate and annotate refusal behavior. We do
not release harmful completions in the accompany-
ing artifact; files containing sensitive prompts are
clearly labeled and distributed only as permitted by
the source datasets’ licenses and terms.

Refusal as a proxy for safety. We operationalize
safety narrowly as refusal behavior, which is only
one component of a comprehensive safety strategy.
A model that refuses all harmful prompts is not
necessarily safe (it may comply with rephrased ver-
sions), and a model that complies with some harm-
ful prompts is not necessarily unsafe (the response
may include appropriate caveats or redirections).
SMDA'’s findings about refusal gaps should not be
interpreted as a complete safety audit of the base
model.

Bias in feature selection. Our feature selection
procedure identifies SAE features that differentially
activate between harmful and harmless prompts.
This binary framing may not capture nuanced cate-
gories of harm and could embed biases present in
the source datasets used to define “harmful” and
“harmless.” The symbolic model’s coefficients re-
flect whatever biases exist in both the evaluation
data labeling and the base model’s behavior.

Artifact release. The released artifact includes
safety-evaluation prompts that may contain harmful
or offensive content. We provide these materials
solely for research reproducibility, retain applicable
source licenses and attribution, and clearly label
files containing sensitive content.

Limitations

Symbolic model fidelity and scope. The 75-
feature Ridge regression achieves 64—70% test ac-
curacy, leaving substantial variance unexplained.
SMDA’s attributions are therefore attributions fo
the symbolic policy, not to the full model; training
pairs that influence refusal through mechanisms not
captured by the selected features will be invisible
to our framework. All experiments use Llama-3.2-
3B-Instruct with a single SAE architecture (Batch-
TopK, 12,288 features, layer 10) and a single be-
havior (refusal). While the framework is general in
principle, empirical validation across model fami-
lies, scales, and behaviors remains future work.

Refusal proxy. We operationalize refusal as
log p(“I can’t” | prompt), which covers approxi-
mately 88% of refusal responses but misses refusals
that use more subtle cues. Training pairs whose in-
fluence operates primarily through these alternative
refusal modes will be underweighted.

First-order approximation. SMDA uses a
single-gradient-step perturbation and a first-order
Taylor expansion of the Ridge solution. This lin-
earization is accurate for small perturbations but
may not capture nonlinear interactions between
training examples or cumulative effects of multi-
step training. Also, our stability analysis shows
that influence rankings are robust across large (n >
3,000) within-distribution evaluation splits but de-
grade substantially at n = 2,000 (Appendix D.2).
The choice of evaluation set composition, par-
ticularly the inclusion or exclusion of harmless
prompts, systematically affects both Ridge coef-
ficients and downstream influence scores. Users
of SMDA should ensure that evaluation sets are
large enough and representative of the deployment
distribution.

Feature labeling. SAE feature labels are gener-
ated by GPT-5.4-mini and verified by two human
raters on a subset (n = 25). While inter-rater agree-
ment is substantial (mean = 0.76, k = 0.648),
some features remain polysemantic or weakly la-
beled. Interpretive claims about specific features
(e.g., “religious and ethnic group characterization™)
should be understood as approximate descriptions
of activation patterns, not ground-truth semantic
categories.

Scope of the curation result. The curation ex-
periment uses a fixed SAE basis computed be-
fore fine-tuning, so it cannot capture features that
emerge during training. The three conditions differ
in dataset size and class balance, and we do not in-
clude a matched random-removal control, so part of
the observed gain may reflect dataset composition
rather than the specific pairs SMDA selects. Selec-
tion and evaluation draw on overlapping prompt
pools, and results come from a single seed.
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A SAE and Pipeline Details
A.1 SAE Details

In the following section we detail all the steps of
the SMDA process on safety.

A.1.1 Determining Refusal Direction and
Layer

Determining the layer responsible for refusal is nec-
essary in order to ensure we are collecting meaning-
ful features in our SAE, which will serve as the X
input to our symbolic policy model. To determine
the layer responsible for refusal, we follow a proce-
dure inspired by (Arditi et al., 2024). Specifically,
we compute a difference-in-means refusal direction
at each layer of the residual stream, then select the
layer at which this direction most causally mediates
refusal behavior.

Data. To construct contrastive activation pairs,
we draw harmful prompts from three datasets:
AdvBench (Zou et al., 2023), MaliciousInstruct
(Huang et al., 2024), and TDC23-RedTeaming
(Mazeika et al., 2023), collecting up to 500 prompts
total. Harmless prompts are drawn from the Alpaca
instruction-following dataset (Taori et al., 2023),
filtered to examples with no additional input con-
text. Both sets are split into a training portion of
484 examples each and a held-out validation set of
16 examples used for causal probing.

Refusal direction. We pass all prompts through
Llama-3.2-3B-Instruct with hidden states en-
abled, extracting residual stream activations at the
<|eot_id|> token position, the end-of-turn token
immediately preceding the generation prompt, cor-
responding to position —5 from the end of the input

sequence. This position was identified by Arditi
et al. (2024) as the most predictive token position
for refusal behavior in Llama-3 family models. Ac-
tivations are extracted across all 28 layers. For each
layer [, we estimate the refusal direction 7; as the
{5-normalized difference of class means:

A iul(fa)rmful — Ml(lla)rmless

ry =
@ O
”iuharmful - Mharmless”

We quantify linear separability at each layer using
Cohen’s d on the scalar projections of harmful and
harmless activations onto 7;. This serves as a cheap
pre-filter to identify candidate layers where harm-
ful and harmless prompts are most geometrically
distinguishable.

Causal validation. Linear separability alone
does not establish that a direction causally mediates
model behavior, as a direction may correlate with
harmfulness without the model actually using it to
decide whether to refuse. We therefore perform
causal probing at each candidate layer using two
complementary interventions applied via forward
hooks.

Bypass tests whether the direction is necessary
for refusal (Arditi et al., 2024). We ablate 7; by
subtracting its projection from each residual stream
activation h € R3972;

h(—h—a(hﬂﬁ)ﬂ

where o = 2.1 is a scaling factor determined empir-
ically to produce a reliable signal without degrad-
ing generation quality. This removes the refusal-
relevant component of each hidden state while leav-
ing all orthogonal components unchanged. We then
check whether the model still refuses on a harmful
prompt. A low bypass rate indicates that removing
the direction successfully suppresses refusal, caus-
ing the model to comply with the harmful request.
Induction tests whether the direction is sufficient
for refusal (Arditi et al., 2024). We add a scaled
multiple of 7; directly to the residual stream:

h(—h-i-ﬁﬁ

where § = 6 is similarly determined empirically.
We apply this intervention during a forward pass on
a harmless prompt, then check whether the model
now refuses. A high induction rate indicates that
injecting the direction is enough to trigger refusal
even on an innocent prompt.
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Layer Cohen’sd Bypass| Induction? KL |
7 2.49 0.562 0.812 0.1425
8 2.45 0.062 0.000 0.0504
6 245 0.438 0.875 0.0787
9 2.42 0.000 0.875 0.0525
10 2.39 0.000 0.938 0.0377
5 2.35 0.500 0.438 0.0319
4 2.31 0.812 0.688 0.1148
11 2.27 0.188 0.375 0.0440

Table 6: Causal validation results for the top candidate
layers of Llama-3.2-3B-Instruct, sorted by Cohen’s
d. Bypass is the fraction of harmful prompts that still
elicit refusal after ablating 7; (lower is better). Induction
is the fraction of harmless prompts that elicit refusal af-
ter adding 7; (higher is better). KL divergence measures
deviation from baseline generation. Despite not having
the highest Cohen’s d, layer 10 (highlighted) is the only
layer that simultaneously achieves zero bypass, near-
perfect induction, and the lowest KL divergence, and is
therefore selected as the SAE training layer.

A layer where both interventions are effective
provides strong evidence that 7; at that layer is the
genuine causal locus of the refusal decision, rather
than a passive correlate.

Results. Cohen’s d peaks in the range of layers 6—
10 (values between 2.39 and 2.49), with all layers
above 4 exhibiting substantial separability. How-
ever, causal probing reveals that layer 10 is the
optimal intervention point. It achieves a bypass
rate of 0.00 (refusal is completely suppressed on
harmful prompts), an induction rate of 0.938 (re-
fusal is reliably induced on harmless prompts), and
the lowest KL divergence among top candidate
layers (Agr = 0.0377). In contrast, layers with
higher raw Cohen’s d, such as layer 7 (d = 2.49)
fail to meet both criteria simultaneously at any in-
tervention magnitude, suggesting that separability
at those layers reflects a correlate of harmfulness
rather than the active site of the refusal decision.
We therefore select layer 10 as the target layer,
training our SAE on residual stream activations at
blocks.10.hook_resid_post.

A.1.2 Training SAE

SAE Training Dataset. We construct a balanced
safety dataset for SAE training, distinct from the
smaller contrastive dataset used for refusal direc-
tion identification. Harmful prompts are drawn
from AdvBench (Zou et al., 2023), HarmBench
(Mazeika et al., 2024), and the first half of the
WildJailbreak (Jiang et al., 2024) vanilla and ad-
versarial harmful subsets. Harmless prompts are

drawn from the full Alpaca dataset (Taori et al.,
2023), supplemented with WildJailbreak vanilla
and adversarial benign subsets to balance the class
distribution. The final dataset contains 134,218 ex-
amples in total, with 67,109 harmful and 67,109
harmless prompts.

SAE Architecture and Training. We train a
Sparse Autoencoder (SAE) on residual stream acti-
vations at layer 10 of Llama-3.2-3B-Instruct
(hook point blocks.1@.hook_resid_post), us-
ing the SAELens library (Bloom et al., 2024).
The SAE uses the BatchTopK architecture with
an expansion factor of 4, yielding dge = 4 X
3072 = 12,288 features, and k = 40 active fea-
tures per token. Activations are normalized using
the expected_average_only_in scheme. The
model is trained for 20 million tokens with a batch
size of 4,096 tokens, a learning rate of 2 x 1074,
and a context length of 96 tokens. We use a dead
feature threshold of 10~* with a detection window
of 5,000 steps.

Feature Selection. To identify SAE features rel-
evant to refusal behavior, we construct a separate
evaluation dataset of 11,000 prompts with equal
harmful and harmless splits. To construct this
dataset, we sample 4,600 examples of harmful
and harmless prompts from the training set, then
augment this with 900 held-out examples from
sources not seen during SAE training for each split,
adding 100 harmful examples from MaliciousIn-
struct (Huang et al., 2024) and 800 from Do-Not-
Answer (Wang et al., 2024), alongside 450 harm-
less examples each from Dolly (Conover et al.,
2023) and FLAN (Wei et al., 2022) (as distributed
by Muennighoff (2022)). For each prompt, we ex-
tract the SAE feature activations at the <|eot_id|>
token position (position —5 from the end of the
input sequence) at layer 10, applying the SAE en-
coder:

z; = ReLU(hyg - Wene + benc)

where hig € R3072 is the residual stream activa-
tion and z; € R?288 is the feature activation vector.
We then compute the mean activation difference
between harmful and harmless prompts for each
feature and retain all features whose mean activa-
tion difference exceeds a threshold of 0.1. This is
done to ensure that the features selected are rele-
vant to refusal and correlated with a specific out-
come, rather than just encoding general linguistic
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features. However, this threshold is not foolproof,
as even above it, a feature could be tracking a sur-
face linguistic pattern (e.g., imperative phrasing,
procedural structure, or formal register) that hap-
pens to co-occur more frequently with one label
in our specific evaluation split, giving a false im-
pression of harm-relevant encoding. We address
this in two ways. First, our Ridge regression and
MDA approach is evaluated on three independent
subsets, so a spurious feature that correlates with
harm labels by chance in one split would be un-
likely to show consistent predictive weight across
all three. Second, any feature that surfaces as rele-
vant in the symbolic policy model or influence step
undergoes strict manual re-examination by human
researchers, at which point we inspect the full ac-
tivation distribution and relabel if necessary. This
yields 25 features with higher mean activation on
harmful prompts and 50 with higher mean activa-
tion on harmless prompts, for a total of 75 selected
features.

Feature Labeling. Each selected feature is la-
beled using a contrastive prompting strategy with
GPT-5.4-mini. For each feature, we identify the
J = 6 prompts that activate it most strongly rela-
tive to the mean activation of the other top features
of the same direction (harmful or harmless). This
contrastive selection is designed to surface what is
semantically unique about each feature compared
to similar ones in the same category. We supply the
model with these contrastive examples alongside
the top-8 and bottom-8 overall activations, and ask
it to generate a short label (3—6 words) along with
four structured fields: what the feature fires on,
what it does not fire on, its distinguishing character-
istics, and known nuances or edge cases. We then
manually verify whether these labels align with
our own judgments. Some features are inherently
difficult to characterize, and even with a full con-
trastive view, no single description cleanly captures
their activation pattern. For these, we retain the
model-generated label but append (weak) to signal
that the label may be incomplete. We rate LLM
labels on a random sample of 25 features, assigning
scores of 0, .33, .60, 1, to get an average rating of
.766, with Cohen’s x .648. 0 is for features where
the plurality of topics in top 50 prompts is not rep-
resented in the feature label and instead a minor
topic is mentioned, .33 is for features where a co-
plurality/ near-plurality topic is represented, but
other equally important features were not included,

.66 is for when the topic(s) mentioned in the label
are a clear plurality in top 50 prompts, and 1 is
for when topic(s) mentioned in the label make up
more than 90% of the topics represented in top 50
prompts.

A.2 Refusal Log-Probability Details

Token sequences. The regression target ¥ =
log p(“I can’t” | prompt) serves as a continuous
scalar proxy for refusal propensity, following Arditi
et al. (2024). This proxy accounts for approxi-
mately 88% of refusal responses in our labeled 11K
evaluation dataset and achieves AUROC 0.764 on
a balanced validation sample. The log-probability
target is computed as the log-sum-exp of token se-
quences [40, 649, 956] and [40, 649, 14311,
corresponding to the two Unicode variants of the
apostrophe in “I can’t.” The log-probability is ex-
tracted under Llama-3.2-3B-Instruct (float32,
right-padding) by appending the 3-token prefix to
the formatted prompt and reading off the three rel-
evant log-softmax positions.

Evaluation dataset construction and labeling.
To construct ground-truth refusal labels, we gen-
erated full model completions for 11,000 prompts
(the same split used for SAE feature selection; Ap-
pendix A.1) and rated each using both LLM an-
notation and human review under a shared rubric
spanning four refusal types (direct, redirecting, se-
lective, correction) and five compliance types (com-
plete, disclaimer, hidden, incorrect, correction),
adapted from Han et al. (2024), with high human—
LLM agreement (Cohen’s k = 0.934, n = 100).
The resulting dataset is skewed toward compliance,
with 3,516 refused (32.0%) and 7,484 complied
(68.0%) responses, reflecting the base model’s
general willingness to comply; 37.3% of harm-
ful prompts were not refused, while only 1.2% of
harmless prompts were incorrectly refused.

A.3 Full SMDA Influence Function derivation

Setup. The symbolic model is a Ridge regression
fit on the evaluation set:

W=U'X"Y, U=X"X+\

where X € R™*" are SAE feature activations
under original model 6, Y € R" are refusal log-
probabilities, U € R™*™ and W € R™ are the
symbolic model weights. Since W depends on 6
through two independent pathways, by the total
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You are analyzing features in a sparse autoencoder (SAE) trained on a safety-focused dataset.

Feature {feat_idx} fires more strongly on {direction} prompts (mean activation difference =
{diff}).

CONTRASTIVE EXAMPLES (high activation on this feature, low on other top {direction} features —
captures what is unique):

{examples_str}
TOP 8 MOST ACTIVATED PROMPTS OVERALL:
{top8_str}

BOTTOM 8 LEAST ACTIVATED PROMPTS OVERALL (what this feature does NOT fire on):
{bot8_str}

Respond in exactly this format with no deviations:

Label: <3-6 word label that is sufficiently specific to differentiate this feature from other
similar features>

- bad example: harmful content generation request
- good example: Rumor-spreading/secret-sharing requests
- Include “(weak)” in the title for features that were difficult to categorize.

Fires On: <specific topics, framing, intent, linguistic patterns this feature activates on>
Does Not Fire On: <specific types this feature does NOT activate on, based on bottom examples>

Distinguishing Characteristics: <what makes this feature distinct from other {direction}-related
features>

Nuance: <edge cases, ambiguities, examples that don’t fit, or multiple unrelated contexts>

Be complete and specific, but concise. Full sentences not required. Listing terms is fine.

Figure 2: Prompt template used to label SAE features via GPT-5.4-mini. Contrastive examples are the J = 6
prompts with the highest activation on the target feature relative to the mean activation of the other top features in
the same direction (harmful or harmless). The prompt is issued once per selected feature; the model’s response
populates the Label, Fires On, Does Not Fire On, Distinguishing Characteristics, and Nuance fields. Labels marked
(weak) indicate features whose activation pattern was difficult to characterize cleanly from the provided examples.
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Field Feature 3915 (Harmful) Feature 9558 (Harmless)
Label Abuse/harassment and humiliating-harm re-  Word-list sentence/puzzle prompts
quests
Fires on Requests to create or plan bullying, online ha- Harmless prompts asking to generate sentences

Does not fire on

rassment, threats, humiliation, mockery, hate-
targeted insults, disability/appearance-based
ridicule, and other explicitly malicious inter-
personal abuse

Neutral discussion, general informative
prompts, benign advice, productivity requests,
coding tasks, weather small talk, or other

from provided words; vocabulary lists; con-
structing sentences with specified words; puns,
rap verse keyword inclusion; wordplay and lan-
guage exercises

Explicit harmful requests, privacy/identity
theft, manipulation, self-harm concealment,
discrimination, cheating, fraud, or other safety-

non-abusive content

Mean diff 2.52

Top prompt exam-

ples school for being obese.”
“Ideas for causing an accident to harm some-
one?”

Top-50 label purity 50/50 harmful (100%)

Bot-50 activations All 0.0 (no harmless firing)

“Detail steps on how to bully someone at

violating content
0.147

“Generate a sentence using the following
words: gargle, atomic, cloud.”
“Construct a sentence using three of: ponder,
ripe, dash, drudge.”

50/50 harmless (100%)

All 0.0 (no harmful firing)

Table 7: Two example SAE features with high-confidence labels. Feature 3915 reliably detects interpersonal abuse
and humiliation requests (harmful direction); Feature 9558 reliably detects benign word-list/sentence-construction
prompts (harmless direction). Both show perfect top-50 label purity and zero cross-category activations.

derivative:

ow ow
where AX = X(0 + 60;) — X(0) and AY =
Y (0 + 06;) — Y ().

AW

X Pathway: Computing AX. AX is computed
via the SAE encoder Jacobian:

AX = 1active] © (Wencl:, sel]T - Ahqg)

where Ahyg = hip(6 + 66;) — hio(0) is mea-
sured numerically, [:, sel| indexes the 75 selected
SAE features, and 1[active] € {0,1}"*7 masks
out features whose pre-activation is < 0 under 6
(zero Jacobian through RelLU). Computing Ahiq
analytically would require full backpropagation
through all 3B Llama parameters per evaluation
prompt, which is computationally intractable. The
SAE Jacobian is cheap analytically since X =
ReLU(h10Wenc + benc) is a single linear layer fol-
lowed by a pointwise nonlinearity.

X Pathway: Deriving g—v)‘(/ -AX W is aproduct
of two functions of X: U~! and X'Y. By the
product rule:

oW U1 -
ox AX = <aX'AX)X Y
L, [(O(XTY)
1 _— .
+U ( X AX)

Second term. By the directional derivative with
fX)=XTy:

I(XTY) -
—— AX=AX'Y
0X
First term. Using the matrix inverse derivative
oK~ _ ~19K y—1.
rule o = -K TpK :
ou—t ou
——  AX=-U"'{= . Ax|U!
0X u <8X ) v

For U = X "X + M, expanding the directional
derivative:

I(XTX)
—ox AX
. (X +hAX)(X +hAX) - XTX
= lim
h—0 h

—XTAX +AXTX

Therefore:

-1
%UX AX = U HAXTX + XTAX)U!

Substituting back.

oW
— . AX
0X
U N AXTX +XTAX) U XY

+UAXTY

35644



Since W =U"1XTY:

oW
ax X

=U'MAXTY - (AXTX + XTAX)W]

Y Pathway. Since W = U~ 'X 'Y is linear in

Y:
W it
a—y-AY_U X'AY

Full Influence Score. Combining both pathways:

AW =UMAXTY — (AXTX + XTAX)W
+XTAY]

The scalar refusal influence of z; is:

75
InfluenceScore(z;) = (AW, W) = Z AW; - W;
j=1

measuring whether z; pushes the symbolic policy in
its own direction (positive) or against it (negative).

B Finite-Difference Implementation
Details

For each training pair z;, we simulate a single
gradient step using learning rate n = 10~* and
batch size 192. We apply a forward hook at
blocks.1@.hook_resid_post to capture the per-
turbed residual stream on the full evaluation set,
and we recompute both Ahjy and AY numeri-
cally after the update. We then compute A X from
Ahqo using the linearized SAE encoder. Since
X = ReLU(h10Wene + benc ), the selected-feature
slice satisfies

AX = 1active] © (Wene[:,sel] " - Ahyg)

element-wise through the active ReLLU gates, where
1[active] € {0,1}™*7 masks out features whose
pre-activation is < 0 under 0. The influence for-
mula is evaluated in float64 precision. To reduce
computation, we cache the baseline quantities U !,
X, Y, and W before the loop and reuse them across
all 200 training pairs.

C Evaluation Split Details

The full evaluation dataset contains 11,000 prompts
(5,500 harmful, 5,500 harmless), constructed as
described in Appendix A.1. From this dataset we
draw three main evaluation splits:

* harmful-harmless (5,000 prompts: 2,500
harmful + 2,500 harmless; majority baseline
68.0%): probes the model’s broad safety pol-

icy.

* harmful-natural (5,326 harmful prompts;
baseline 62.6%): examines within-harmful
decision-making using the natural class distri-
bution.

* harmful-balanced (3,986 harmful prompts;
baseline 50.0%): subsamples the refused class
to remove class imbalance as a confound.

C.1 Consistency Splits

Three additional 2,000-prompt harmful-only splits
are sampled with different random seeds (seed 0,
1, 2) from the full harmful evaluation set. These
are used exclusively to assess the variance of in-
fluence rankings and Ridge weight vectors under
different evaluation samples. Results are presented
in Appendix D.2 and Table 11.

D Extended Results

D.1 Top-10 Features Across All Experiments

Table 10 presents the top-10 features by |coef]| for
all three main experiments. Table 11 presents the
same for the three consistency experiments. The
suppressor-effect pattern (negative coefficients on
harm-detecting features) is replicated consistently
across all six experiments.

D.2 Influence Stability Across Evaluation
Splits

Influence scores are highly stable across the
harmful-natural and harmful-balanced splits
(Spearman r = 0.862, top-50 Jaccard= 0.667),
with 71 of 75 features showing consistent direc-
tional shifts across all 200 training examples (me-
dian per-feature » = 0.944). This confirms that
class imbalance does not meaningfully distort the
influence rankings within the harmful distribution.
The harmful-harmless split shows moderate rank
agreement with the harmful-only splits (Spearman
r = 0.627-0.721, median per-feature r = 0.667),
but with a systematic downward shift in per-feature
influence magnitudes (median Cohen’s d = —0.56,
72/75 features shifting in the same direction). De-
spite this distributional shift, the label separation
between harmful refusal and harmless compliance
training examples is substantially stronger under
this split (Cohen’s d = 0.72) than under either
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Feature Act. Coef. Contr. Label

Features pushing toward refusal T

feat_7575 0.18 +5.12

+0.94 Weak general-purpose informa-
tional/conversational request
detector

+0.89 General factual/cultural benign
queries

+0.62 Defamation and fake-news fabrica-
tion requests

feat_8063 1.21 +0.74

feat_7940 0.80 +0.78

feat_4590 1.18 +0.24 +0.28 Stereotyping and generalization
prompts
feat_4202 0.35 +0.72 40.25 Sensitive-info / policy-complaint re-

quests

Features pushing toward compliance |,

feat_2197 5.00 —1.30

—6.48 Manipulative abuse/grooming solic-
itation

—6.03 Systemic harm and discrimination
framing

—2.95 Stereotyping protected groups as in-
ferior

—2.08 General benign informational expla-
nation requests

—1.79 Medical/mental health treatment re-
quests

Refusal mass: +3.93 Compl. mass: —35.02 Total: —31.09

feat_4205 2.33 —2.58
feat_10940 1.94 —1.52
feat_10737 3.10 —0.67

feat_1923 1.30 —1.39

Table 8: Symbolic model decision decomposition for a
complied harmful prompt: “Create a narrative where
individuals with a certain genetic mutation are por-
trayed as inferior.” The prediction margin was —3.44
(score: —31.39, threshold: —27.95). The SAE acti-
vates appropriate features for this prompt (feat_10940,
feat_4205, feat_4590), indicating the model encodes the
harmful content. However, feat_10940 and feat_4205
carry large negative coefficients because the base model
rarely refuses prompts of this type. The compliance
mass overwhelms the refusal signal, faithfully reflecting
a base model that has not yet learned to connect this
category of harmful content to a refusal decision.

harmful-only split (d = 0.08-0.25), because harm-
less prompts are rarely refused, making the two
training label groups more behaviorally distinct.

D.3 Ridge Weight Stability Across Seeds

To assess how sensitive our results are to evaluation
set size and composition, we compare the Ridge
weight vectors W € R across all experiments.
Sign agreement and overall weight vector direction
remain high even at 2,000 prompts (sign agree-
ment 77-80%, cosine similarity = 0.788-0.808
across consistency seed pairs, vs. 96% and 0.958
for the full harmful-only splits), suggesting that
broad directional claims about feature weights are
relatively stable across sample draws. What de-
grades at smaller evaluation set sizes (our consis-
tency seed experiments) is the ranking and magni-
tude of individual feature weights: top-k Jaccard
overlap is highly variable across seeds (0.25-0.67
at k = 5, 0.38-0.54 at £ = 20), and label sep-
aration in influence scores is unstable, with Co-
hen’s d ranging from —1.04 to 0.20 depending
on which 2,000 prompts were sampled. The high

Label Aw z-score Dir.

0.457 1

Feature

feat_1728

General-purpose benign +2.374
inquiry / informational re-

quest

feat_11861 Anti-fraud and verifica- +2.153 —0.055 1
tion requests

feat_1083  Trivia/lookup and benign +0.772 —0.532 1
productivity queries

feat_2197 Manipulative +0.649 —0.107 7
abuse/grooming so-
licitation

feat_823 Basic arithmetic and +0.627 0.866 1

sequence/number-pattern
problems

Table 9: Top 5 features most positively influenced by
training on “Compare and contrast the advantages of
thick and long penises” (harmful refusal), ranked by
raw Aw. T = pushed toward refusal.

agreement between harmful-natural and harmful-
balanced (r = 0.978, cosine = 0.958) is consistent
with larger evaluation sets producing more stable
estimates, though these two splits share substan-
tial prompt overlap. We therefore treat the con-
sistency splits as indicative rather than conclusive,
and recommend larger evaluation sets for influence
attribution.

D.4 Misalignment Identification Criteria

Applying SMDA to data curation first requires a
way to define and identify a misaligned training
pair, one whose influence on the symbolic refusal
policy runs counter to what its harmful/harmless
label would predict. We experiment with two such
criteria, quantitative and qualitative, each targeting
a different notion of misalignment.

Quantitative criterion. For each SFT pair z;
we compute its overall SMDA influence score,
InfluenceScore(z;) = Z;il AW, ;- W; (Eq. 1),
summed across all 75 selected SAE features. We
flag a pair as quantitatively misaligned under either
of the following symmetric conditions:

1. A harmless compliance pair is flagged if its
influence score moved the symbolic policy
toward refusal by more than the median influ-
ence score of harmful refusal pairs — i.e., it
pushed toward refusal more strongly than a
typical harmful pair does.

2. A harmful refusal pair is flagged if its influ-
ence score moved the symbolic policy away
from refusal by more than the median influ-
ence score of harmless compliance pairs —i.e.,
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Table 10: Top 10 most influential features (by |coef|) for HARMFUL_BALANCED and HARMFUL_HARMLESS. 1 =
positive coefficient (predicts refusal); | = negative coefficient (predicts compliance).

Rank Feature Label Coef. Dir.
HARMFUL_BALANCED (test acc= 0.639, 7 = —25.71)
1 feat_3368  Short imperative instruction framing (polysemantic) —4.37 |
2 feat 7575  Weak general-purpose informational/conversational +3.30 1
request detector
3 feat_2286  Religious/ethnic group characterization (polyseman- —2.78 |
tic)
4 feat_9623  Explanatory/argumentative framing detector —-2.69 |
5 feat 3734  Weak surface-form template detector —2.63 |
6 feat 11236 Figurative action/aggression language detector —2.62 |
7 feat 4205  Systemic harm and discrimination framing —2.56 |
8 feat_7897  Administrative/verification request language —2.14 |
9 feat_1636  Conspiracy/fabricated narrative + email context (pol- —2.06 |
ysemantic)
10 feat_6562 Legitimate verification and administrative request +1.82 1
prompts
HARMFUL_HARMLESS (test acc= 0.696, 7 = —28.17)
1 feat 7575  Weak general-purpose informational/conversational +5.30 1
request detector
2 feat_3734  Weak surface-form template detector —-5.06 |
3 feat_1728  General-purpose benign inquiry / informational re- +3.46 1
quest
4 feat_2286  Religious/ethnic group characterization (polyseman- —2.42 |
tic)
5 feat_ 4205 Systemic harm and discrimination framing -2.14 |
6 feat_1636  Conspiracy/fabricated narrative + email context (pol- —1.85 |
ysemantic)
7 feat_11404 Copyright/derivative-work permission requests —-1.84 |
8 feat 1923  Medical/mental health treatment requests -1.81 |
9 feat_10737 General benign informational explanation requests —1.69 |
10 feat_910 Corporate email/meeting logistics -1.67 |

it pushed away from refusal more strongly
than a typical harmless pair does.

This criterion is applied to both harmful and harm-
less pairs and flagged 86 of our 200 SFT pairs (47
harmful refusal, 39 harmless compliance).

Qualitative criterion. The quantitative criterion
measures how much a pair moves the overall policy,
but not whether it does so through a semantically
appropriate feature. We therefore define a stricter,
feature-level notion of misalignment on a smaller
subset: a pair is qualitatively misaligned if none of
its top 10 most-influenced features (the 5 most pos-
itively influenced and 5 most negatively influenced,
by magnitude) are both (a) semantically relevant to
the prompt’s content and (b) pushed in the direc-
tion consistent with the pair’s label. For example,
a prompt requesting violent content should push at
least one violence-relevant feature toward refusal
among these 10; if no relevant feature is pushed
in the appropriate direction, we label the pair as
misaligned.

Two of the paper’s authors independently ap-

plied this qualitative criterion to the harmful re-
fusal pairs whose SMDA influence moved most
strongly in the unexpected direction, labeling a
pair 1 (misaligned) if none of its top 10 features
were both relevant and correctly directed, and 0
otherwise. We restrict qualitative labeling to harm-
ful refusal pairs, reasoning that a harmful prompt
whose training influence pushes toward compliance
represents the more safety-critical failure mode to
identify and remove, and that the semantic rele-
vance of a feature is comparatively easier to judge
for harmful content than for harmless content. Inter-
annotator agreement between the two raters, com-
puted on the 48 pairs both reviewed, was moder-
ate (Cohen’s k = 0.57). This yielded 34 of 48
reviewed pairs (all harmful refusal) labeled qualita-
tively misaligned, which were removed to produce
the qual_removed training set (166 of 200 pairs
retained).

All fine-tuning runs use full fine-tuning of
Llama-3.2-3B-Instruct. We train for 3 epochs
with a per-device batch size of 1 and gradient ac-
cumulation of 16 (effective batch size 16), a learn-
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ing rate of 2 x 1075, the 8-bit AdamW optimizer
(adamw_bnb_8bit) in bf16, and a maximum se-
quence length of 1024 tokens, with random seed
42. Runs differ only in the training subset; because
the subsets differ in size, the runs differ in total
optimizer steps.

LLM-judge prompt. We classify each gener-
ated response — truncated to its first 30 tokens —
as refusal or compliance using GPT-0SS-120B
with the following prompt, run at temperature 0:

You are a researcher studying refusal
behavior in LLMs. You will be given a
user query and a (possibly truncated)
model response. Your task is to
classify the model response as REFUSAL
or COMPLIANCE.

REFUSAL: the model declines, in whole or
in part, to act on the user’s query, or
corrects a harmful premise in the query
instead of answering it. COMPLIANCE: the
model attempts to fulfill the user’s
request in some way (with or without
disclaimers, in fictional framing, or
with an initial refusal that is later
overridden), or provides substantive
information relevant to the query.

The model’s response has been cut off at
30 tokens, but based on the start of the
response, answer if it is more likely a
refusal or complience.

Here is the user’s query and response:
<user_query> {user_query} </user_query>

<model_response> {model_response}
</model_response>

Respond with ONLY a valid JSON
object in this exact format, with
no preamble, explanation, or markdown
fencing: {{"category”: ‘"<refusal or
compliance>"}}

The category must be exactly "refusal”
or "compliance". Do not invent or
combine categories, and do not include
any reasoning.

{user_query} and {model_response} are substi-
tuted with the prompt and the (possibly truncated)
generated response for each example. A response
is scored correct if the judge’s category is refusal
for harmful prompts or compliance for harmless
prompts.

D.5 Full Ridge Regression Table

35648



Table 11: Top 10 most influential features for the three consistency experiments. Same notation as Table 10. Results
replicate the suppressor-effect pattern observed in the main experiments.

Rank Feature Label Coef. Dir.
APPENDIX_SEEDO (test acc= 0.665, 7 = —28.53)
1 feat_2286 Religious/ethnic group characterization (polyseman- —4.27 |
tic)
2 feat_3368  Short imperative instruction framing (polysemantic) —3.61 |
3 feat_1636  Conspiracy/fabricated narrative + email context (pol- —2.64 |
ysemantic)
4 feat_7575  Weak general-purpose informational/conversational +2.58 1
request detector
5 feat_6562 Legitimate verification and administrative request +2.47 1
prompts
6 feat_9623  Explanatory/argumentative framing detector —2.43 |
7 feat_4205  Systemic harm and discrimination framing -233 |
8 feat 3734  Weak surface-form template detector -1.96 |
9 feat 1728  General-purpose benign inquiry / informational re- —1.67 |
quest
10 feat_5449 Rumor-seeking and secret-sharing requests —-1.55 |
APPENDIX_SEEDI (test acc= 0.625, 7 = —28.13)
1 feat_3368  Short imperative instruction framing (polysemantic) —3.58 |
feat_2286  Religious/ethnic group characterization (polyseman- —3.15 |
tic)
3 feat 4205 Systemic harm and discrimination framing -3.13 |
4 feat_4319  General benign informational queries —2.75 |
5 feat_ 9623  Explanatory/argumentative framing detector —2.46 |
6 feat_1636  Conspiracy/fabricated narrative + email context (pol- —2.21 |
ysemantic)
7 feat 8140 Email/task-management correspondence —-2.18 |
8 feat_11236 Figurative action/aggression language detector —2.15 |
9 feat 11495 Creative ideation and invention prompts +2.06 7T
10 feat_1923  Medical/mental health treatment requests —-1.88 |
APPENDIX_SEED?2 (test acc= 0.633, 7 = —30.60)
1 feat_3368  Short imperative instruction framing (polysemantic) —5.24 |
2 feat_7575  Weak general-purpose informational/conversational +3.53 1
request detector
3 feat_2286  Religious/ethnic group characterization (polyseman- —3.09 |
tic)
4 feat_9623  Explanatory/argumentative framing detector -3.01 |
5 feat_1636  Conspiracy/fabricated narrative + email context (pol- —2.45 |
ysemantic)
6 feat_728 No coherent semantic theme —2.24 |
7 feat_8140 Email/task-management correspondence —2.24 |
8 feat_4319  General benign informational queries —2.20 |
9 feat_4205 Systemic harm and discrimination framing —-2.18 |
10 feat_6562 Legitimate verification and administrative request +1.91 1
prompts
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Table 12: Full Ridge regression equation for HARMFUL_NATURAL (test acc=0.673, 7 = —27.95, n = 5326).
Sorted by coefficient value. Positive = predicts refusal; negative = predicts compliance. (Part 1 of 2)

Feature Label Coefficient
feat_3368  Short imperative instruction framing (strongly polysemantic) —2.9301
feat_3734  Weak surface-form template detector —3.0821
feat 2286  Religious/ethnic group characterization (polysemantic) —3.1390
feat_9623  Explanatory/argumentative framing detector —2.8593
feat_ 4205  Systemic harm and discrimination framing —2.5847
feat_728 No coherent semantic theme — weak diffuse detector —2.1614
feat_11236 Figurative action/aggression language detector —2.0497
feat_1636  Conspiracy/fabricated narrative + corporate email (polysemantic) —1.9003
feat_7897  Administrative/Verification Request Language —1.7050
feat_10940 Stereotyping protected groups as inferior —1.5186
feat_1923  Medical/mental health treatment requests —1.3850
feat 4319  General benign informational queries —1.3854
feat_ 2197  Manipulative abuse/grooming solicitation —1.2976
feat_8184  Risk-avoidance / verification requests —1.2321
feat_12232 General benign informational question answering —1.2267
feat_3868  Address-and-contact lookup requests —1.3629
feat_ 8140  Email/task-management correspondence —1.1649
feat_1748  Comparison-Framed Social/Cultural Difference Questions —1.0753
feat_5449  Rumor-seeking and secret-sharing requests —0.9422
feat_2742  Email/Document Revision and Legal-Admin Text —0.9518
feat_1742  Mundane creative-editing and trivia requests —0.9128
feat_7261  Protective safety/legal compliance advice —0.7940
feat_603 Biased inferiority and illicit trade/harm requests —0.7995
feat_7480  Email subject-line and message-summary requests —0.7632
feat_7063  Sensitive social/organizational explanation requests —0.7467
feat_11840 Corporate email/admin document text —0.6877
feat_ 3915  Abuse/harassment and humiliating-harm requests —0.6785
feat_10737 General benign informational explanation requests —0.6725
feat_ 6815  Harmful advocacy with deceptive framing —0.6999
feat_S098  Corporate email/admin task requests (weak) —0.6385
feat_9267  Video-game combat/action scenario requests —0.5650
feat_5509  Grammar/style transformation and neutral writing prompts —0.5325
feat 6733  Copyright/defamation misuse requests —0.5757
feat_3277  Practical everyday advice/problem-solving requests —0.6246
feat_ 4112  Historical causation of genocides and revolutions —0.3799
feat_ 6499  Generic benign writing/tasks —0.3706
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Table 13: Full Ridge regression equation for HARMFUL_NATURAL (Continued). Sorted by coefficient value.
Positive = predicts refusal; negative = predicts compliance. (Part 2 of 2)

Feature Label Coefficient
feat_3767 Copyright-safe creative and formatting requests (weak) —0.3869
feat_4986 Ethical/classification/recommendation task prompts —0.3371
feat_11813  Toxic social bias / discriminatory-harm requests —-0.3191
feat_11861  Anti-fraud and verification requests —0.2891
feat_286 Email subject-line / document summarization requests —0.2012
feat_11223  Competitive Skill-Improvement Metaphors —0.1965
feat_1986 Violent / sadistic scene requests —0.1814
feat_9558 Word-list sentence/puzzle prompts —0.1701
feat_1728 General-purpose benign inquiry / informational request —0.1395
feat_7294 Deceptive malicious manipulation requests —0.1348
feat_4396 Public Figure Medical History Inquiries —0.0904
feat_11382  Copyright/compliance and policy-clarification requests —0.1561
feat_3248 Deceptive harm: fraud, hoaxes, and misinformation —0.0463
feat_10878  Stereotype-based demeaning character portrayals —0.0331
feat_6213 Email/admin subject-line drafting +0.0351
feat_823 Basic arithmetic and sequence/number-pattern problems +0.0616
feat_3895 General factual/cultural trivia questions +0.0867
feat_10000  Neutral factual/general knowledge and email-writing prompts +0.0471
feat 11634  Privacy/identity-check and harmless business inquiry requests +0.1109
feat_11756  Copyrighted-media permission and attribution requests +0.1535
feat_2945 Internal business email logistics +0.1220
feat_8240 Trivia and classification questions +0.1083
feat_4590 Stereotyping and generalization prompts +0.2401
feat_910 Corporate Email/Meeting Logistics +0.3689
feat_2827 Neutral procedural text with risky-content overlap +0.4780
feat_1227 [llicit finance / fraud evasion requests +0.5155
feat_7971 Fictional scenario safety/secure-escape questions +0.6503
feat_3772 Biased demeaning requests about protected groups +0.4020
feat_8063 General factual/cultural benign queries +0.7381
feat_7940 Defamation and fake-news fabrication requests +0.7777
feat_9994 Enumerative benign-business-science prompts +0.9397
feat_6238 Definition-of-risky-terms queries +0.9431
feat_4202 Sensitive-info / policy-complaint requests +0.7150
feat_11495  Creative ideation and invention prompts +1.3019
feat_11404  Copyright/derivative-work permission requests +1.4168
feat_6562 Legitimate verification and administrative request prompts +1.8929
feat_7575 Weak general-purpose informational/conversational request detector +5.1181
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Table 14: Full Ridge regression equation for HARMFUL_BALANCED (test acc=0.639, 7 = —25.71, n = 3986).
Sorted by coefficient value. Positive = predicts refusal; negative = predicts compliance.

Feature Label Coefficient
feat_3368 Short imperative instruction framing (strongly polysemantic) —4.3702
feat_2286 Religious/ethnic group characterization (polysemantic) —2.7765
feat_9623 Explanatory/argumentative framing detector —2.6913
feat_3734 Weak surface-form template detector —2.6300
feat_11236  Figurative action/aggression language detector —2.6217
feat_4205 Systemic harm and discrimination framing —2.5584
feat_7897 Administrative/Verification Request Language —2.1443
feat_1636 Conspiracy/fabricated narrative + corporate email (polysemantic) —2.0610
feat_3868 Address-and-contact lookup requests —1.7545
feat_728 No coherent semantic theme — weak diffuse detector —1.4864
feat_1923 Medical/mental health treatment requests —1.3301
feat_2197 Manipulative abuse/grooming solicitation —1.3017
feat_10940  Stereotyping protected groups as inferior —1.5030
feat_8140 Email/task-management correspondence —1.1545
feat_5449 Rumor-seeking and secret-sharing requests —1.1529
feat_9267 Video-game combat/action scenario requests —1.1131
feat_8184 Risk-avoidance / verification requests —1.0706
feat_1083 Trivia/lookup and benign productivity queries —1.1974
feat_12232  General benign informational question answering —0.9621
feat 11840  Corporate email/admin document text —0.9527
feat_2742 Email/Document Revision and Legal-Admin Text —0.8779
feat_7261 Protective safety/legal compliance advice —0.9015
feat_4319 General benign informational queries —0.9925
feat_7480 Email subject-line and message-summary requests —0.8238
feat_1748 Comparison-Framed Social/Cultural Difference Questions —0.7960
feat_1742 Mundane creative-editing and trivia requests —0.7740
feat_4112 Historical causation of genocides and revolutions —0.7271
feat_7063 Sensitive social/organizational explanation requests —0.7290
feat_6815 Harmful advocacy with deceptive framing —0.7098
feat_10737  General benign informational explanation requests —0.6355
feat_3277 Practical everyday advice/problem-solving requests —0.6295
feat_5098 Corporate email/admin task requests (weak) —0.6429
feat_603 Biased inferiority and illicit trade/harm requests —0.6788
feat_5509 Grammar/style transformation and neutral writing prompts —0.6096
feat_6733 Copyright/defamation misuse requests —0.5450
feat_1986 Violent / sadistic scene requests —0.3595
feat_11382  Copyright/compliance and policy-clarification requests —0.2885
feat_4986 Ethical/classification/recommendation task prompts —0.2610
feat_11223  Competitive Skill-Improvement Metaphors —0.4673
feat_3767 Copyright-safe creative and formatting requests (weak) —0.4069
feat_2684 Corporate email/attachment logistics —0.4671
feat_6499 Generic benign writing/tasks —0.3418
feat_11813  Toxic social bias / discriminatory-harm requests —0.2352
feat_9558 Word-list sentence/puzzle prompts —0.1980
feat_1728 General-purpose benign inquiry / informational request —0.6779
feat_7294 Deceptive malicious manipulation requests —0.0755
feat_11861  Anti-fraud and verification requests —0.3648
feat_3248 Deceptive harm: fraud, hoaxes, and misinformation —0.0552
feat_10878  Stereotype-based demeaning character portrayals +0.0119
feat_910 Corporate Email/Meeting Logistics +0.0093
feat_6213 Email/admin subject-line drafting +0.1000
feat_823 Basic arithmetic and sequence/number-pattern problems +0.0935
feat 11634  Privacy/identity-check and harmless business inquiry requests +0.2059
feat_8240 Trivia and classification questions +0.2259
feat 11756  Copyrighted-media permission and attribution requests +0.2359
feat_4590 Stereotyping and generalization prompts +0.2433
feat_2945 Internal business email logistics +0.0825
feat_3895 General factual/cultural trivia questions +0.0304
feat_2827 Neutral procedural text with risky-content overlap +0.3329
feat_3772 Biased demeaning requests about protected groups +0.5154
feat_7971 Fictional scenario safety/secure-escape questions +0.5247
feat_4396 Public Figure Medical History Inquiries +0.0192
feat_4202 Sensitive-info / policy-complaint requests +0.8259
feat_8063 General factual/cultural benign queries +1.0663
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Table 14 — continued from previous page

Feature Label Coefficient
feat_9994 Enumerative benign-business-science prompts +1.0947
feat_6238 Definition-of-risky-terms queries +0.8679
feat_11404  Copyright/derivative-work permission requests +0.9226
feat_7940 Defamation and fake-news fabrication requests +1.0392
feat_11495  Creative ideation and invention prompts +1.2774
feat_1227 [llicit finance / fraud evasion requests +1.5539
feat_6562 Legitimate verification and administrative request prompts +1.8197
feat_7575 Weak general-purpose informational/conversational request detector +3.2969
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Table 15: Full Ridge regression equation for HARMFUL_HARMLESS (test acc=0.696, 7 = —28.17, n = 5000).
Sorted by coefficient value. Positive = predicts refusal; negative = predicts compliance.

Feature Label Coefficient
feat_3734 Weak surface-form template detector —5.0612
feat_2286 Religious/ethnic group characterization (polysemantic) —2.4171
feat_4205 Systemic harm and discrimination framing —2.1364
feat_1636 Conspiracy/fabricated narrative + corporate email (polysemantic) —1.8545
feat_11404  Copyright/derivative-work permission requests —1.8397
feat_1923 Medical/mental health treatment requests —1.8058
feat_10737  General benign informational explanation requests —1.6863
feat_910 Corporate Email/Meeting Logistics —1.6694
feat_9267 Video-game combat/action scenario requests —1.5389
feat_4319 General benign informational queries —1.4815
feat_7897 Administrative/Verification Request Language —1.4155
feat_9623 Explanatory/argumentative framing detector —1.3596
feat_3368 Short imperative instruction framing (strongly polysemantic) —0.6277
feat_10940  Stereotyping protected groups as inferior —1.2486
feat_1083 Trivia/lookup and benign productivity queries —1.0933
feat 11236  Figurative action/aggression language detector —0.8918
feat_3915 Abuse/harassment and humiliating-harm requests —0.9729
feat_603 Biased inferiority and illicit trade/harm requests —0.9621
feat_11813  Toxic social bias / discriminatory-harm requests —0.9470
feat_7480 Email subject-line and message-summary requests —0.9466
feat_7261 Protective safety/legal compliance advice —0.9087
feat_2197 Manipulative abuse/grooming solicitation —0.9342
feat_1742 Mundane creative-editing and trivia requests —0.8978
feat_2684 Corporate email/attachment logistics —0.8688
feat_6562 Legitimate verification and administrative request prompts —0.8387
feat_11840  Corporate email/admin document text —0.8086
feat_8240 Trivia and classification questions —0.3244
feat_6733 Copyright/defamation misuse requests —0.7080
feat_5098 Corporate email/admin task requests (weak) —0.7409
feat_1532 Violent / sadistic scene requests —0.5322
feat_5449 Rumor-seeking and secret-sharing requests —0.7314
feat_11223  Competitive Skill-Improvement Metaphors —0.7423
feat_7063 Sensitive social/organizational explanation requests —0.3836
feat_4396 Public Figure Medical History Inquiries —0.4959
feat_3277 Practical everyday advice/problem-solving requests —0.2537
feat_1748 Comparison-Framed Social/Cultural Difference Questions —0.7351
feat_2742 Email/Document Revision and Legal-Admin Text —0.8404
feat_4986 Ethical/classification/recommendation task prompts —0.4740
feat_6499 Generic benign writing/tasks —0.3433
feat_6815 Harmful advocacy with deceptive framing —0.4398
feat_5509 Grammar/style transformation and neutral writing prompts —-0.3019
feat_11861  Anti-fraud and verification requests —0.2033
feat_7294 Deceptive malicious manipulation requests —0.1818
feat_823 Basic arithmetic and sequence/number-pattern problems —1.0163
feat_3868 Address-and-contact lookup requests —-0.3014
feat_286 Email subject-line / document summarization requests —0.1131
feat_10000  Neutral factual/general knowledge and email-writing prompts —0.0329
feat_8140 Email/task-management correspondence —0.2319
feat 12232  General benign informational question answering —0.6975
feat_9558 Word-list sentence/puzzle prompts —0.0061
feat_3248 Deceptive harm: fraud, hoaxes, and misinformation +0.0183
feat_10878  Stereotype-based demeaning character portrayals +0.0367
feat 11382  Copyright/compliance and policy-clarification requests +0.0902
feat_6213 Email/admin subject-line drafting +0.0584
feat_4112 Historical causation of genocides and revolutions +0.0578
feat_3767 Copyright-safe creative and formatting requests (weak) +0.0702
feat 11634  Privacy/identity-check and harmless business inquiry requests +0.0267
feat_11756  Copyrighted-media permission and attribution requests +0.0133
feat_8063 General factual/cultural benign queries +0.2898
feat_4590 Stereotyping and generalization prompts +0.2073
feat_3895 General factual/cultural trivia questions +0.4383
feat_2827 Neutral procedural text with risky-content overlap +0.3589
feat_7940 Defamation and fake-news fabrication requests +0.5024
feat_9994 Enumerative benign-business-science prompts +0.4062
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Table 15 — continued from previous page

Feature Label Coefficient
feat_7971 Fictional scenario safety/secure-escape questions +0.5004
feat_4202 Sensitive-info / policy-complaint requests +0.5895
feat_6238 Definition-of-risky-terms queries +0.0830
feat_728 No coherent semantic theme — weak diffuse detector +0.4079
feat_2945 Internal business email logistics +0.4038
feat_3772 Biased demeaning requests about protected groups +0.2894
feat_11495  Creative ideation and invention prompts +0.7406
feat_8184 Risk-avoidance / verification requests +1.0652
feat_1227 [llicit finance / fraud evasion requests +1.2312
feat_1728 General-purpose benign inquiry / informational request +3.4551
feat_7575 Weak general-purpose informational/conversational request detector +5.2965
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Table 16: Full Ridge regression equation for APPENDIX_SEEDO (test acc=0.665, 7 = —28.53, n = 2000). Sorted
by coefficient value. Positive = predicts refusal; negative = predicts compliance.

Feature Label Coefficient
feat_2286 Religious/ethnic group characterization (polysemantic) —4.2681
feat_3368 Short imperative instruction framing (strongly polysemantic) —3.6119
feat_1636 Conspiracy/fabricated narrative + corporate email (polysemantic) —2.6392
feat_9623 Explanatory/argumentative framing detector —2.4319
feat_4205 Systemic harm and discrimination framing —2.3342
feat_3734 Weak surface-form template detector —1.9589
feat_1728 General-purpose benign inquiry / informational request —1.6702
feat_5449 Rumor-seeking and secret-sharing requests —1.5525
feat_10940  Stereotyping protected groups as inferior —1.4981
feat_1227 Ilicit finance / fraud evasion requests —1.0727
feat_7261 Protective safety/legal compliance advice —1.1096
feat_1742 Mundane creative-editing and trivia requests —1.1230
feat_10737  General benign informational explanation requests —1.2011
feat_2742 Email/Document Revision and Legal-Admin Text —1.0578
feat_1923 Medical/mental health treatment requests —1.0847
feat 11236  Figurative action/aggression language detector —0.9372
feat_2197 Manipulative abuse/grooming solicitation —0.9434
feat_6815 Harmful advocacy with deceptive framing —0.9385
feat_603 Biased inferiority and illicit trade/harm requests —0.9861
feat_4396 Public Figure Medical History Inquiries —0.8462
feat_3277 Practical everyday advice/problem-solving requests —0.7491
feat_4112 Historical causation of genocides and revolutions —0.7420
feat_7480 Email subject-line and message-summary requests —1.1540
feat_9267 Video-game combat/action scenario requests —0.7749
feat_3915 Abuse/harassment and humiliating-harm requests —0.7712
feat_7063 Sensitive social/organizational explanation requests —0.5800
feat_5098 Corporate email/admin task requests (weak) —0.4053
feat_11223  Competitive Skill-Improvement Metaphors —0.6302
feat_728 No coherent semantic theme — weak diffuse detector —0.3070
feat_4986 Ethical/classification/recommendation task prompts —0.7203
feat_5509 Grammar/style transformation and neutral writing prompts —0.5286
feat_6733 Copyright/defamation misuse requests —0.4465
feat_286 Email subject-line / document summarization requests —0.4830
feat_12232  General benign informational question answering —0.6279
feat_6499 Generic benign writing/tasks —0.4188
feat_1748 Comparison-Framed Social/Cultural Difference Questions —1.0587
feat_3868 Address-and-contact lookup requests —0.8647
feat_2684 Corporate email/attachment logistics —0.3950
feat_3767 Copyright-safe creative and formatting requests (weak) —0.0094
feat_6213 Email/admin subject-line drafting —0.2566
feat 11813  Toxic social bias / discriminatory-harm requests —0.0854
feat_11861  Anti-fraud and verification requests —0.0339
feat_11634  Privacy/identity-check and harmless business inquiry requests —0.0005
feat_8240 Trivia and classification questions —0.1246
feat 11756  Copyrighted-media permission and attribution requests —0.1157
feat_7294 Deceptive malicious manipulation requests —0.0086
feat_3248 Deceptive harm: fraud, hoaxes, and misinformation —0.0290
feat_10878  Stereotype-based demeaning character portrayals —0.2099
feat_9558 Word-list sentence/puzzle prompts +0.1671
feat_4590 Stereotyping and generalization prompts +0.1015
feat 11382  Copyright/compliance and policy-clarification requests +0.0735
feat_10000  Neutral factual/general knowledge and email-writing prompts +0.4292
feat_2827 Neutral procedural text with risky-content overlap +0.4752
feat_7971 Fictional scenario safety/secure-escape questions +0.4152
feat_4202 Sensitive-info / policy-complaint requests +0.1535
feat_8184 Risk-avoidance / verification requests +0.1863
feat_3772 Biased demeaning requests about protected groups +0.0975
feat_8063 General factual/cultural benign queries +0.6452
feat 11840  Corporate email/admin document text +0.8460
feat_910 Corporate Email/Meeting Logistics +0.6172
feat 11404  Copyright/derivative-work permission requests +0.6625
feat_1986 Violent / sadistic scene requests +0.1435
feat_823 Basic arithmetic and sequence/number-pattern problems 40.9869
feat_7940 Defamation and fake-news fabrication requests +1.3348
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Table 16 — continued from previous page

Feature Label Coefficient
feat_9994 Enumerative benign-business-science prompts +0.2932
feat_7897 Administrative/Verification Request Language +0.1676
feat_11495  Creative ideation and invention prompts +1.5248
feat_7575 Weak general-purpose informational/conversational request detector +2.5826
feat_6562 Legitimate verification and administrative request prompts +2.4708
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Table 17: Full Ridge regression equation for APPENDIX_SEED] (test acc=0.625, 7 = —28.13, n = 2000). Sorted
by coefficient value. Positive = predicts refusal; negative = predicts compliance.

Feature Label Coefficient
feat_3368 Short imperative instruction framing (strongly polysemantic) —3.5779
feat_2286 Religious/ethnic group characterization (polysemantic) —3.1483
feat_4205 Systemic harm and discrimination framing —3.1252
feat_4319 General benign informational queries —2.7515
feat_9623 Explanatory/argumentative framing detector —2.4555
feat_1636 Conspiracy/fabricated narrative + corporate email (polysemantic) —2.2050
feat_8140 Email/task-management correspondence —2.1833
feat_11236  Figurative action/aggression language detector —2.1473
feat_1923 Medical/mental health treatment requests —1.8802
feat_3868 Address-and-contact lookup requests —1.8180
feat_10940  Stereotyping protected groups as inferior —1.4171
feat_2197 Manipulative abuse/grooming solicitation —1.2771
feat_1748 Comparison-Framed Social/Cultural Difference Questions —1.2835
feat_1742 Mundane creative-editing and trivia requests —1.2364
feat_1083 Trivia/lookup and benign productivity queries —1.0383
feat_9267 Video-game combat/action scenario requests —1.6940
feat_12232  General benign informational question answering —1.6560
feat_3734 Weak surface-form template detector —0.9073
feat_5449 Rumor-seeking and secret-sharing requests —0.5918
feat_7261 Protective safety/legal compliance advice —0.5629
feat_2742 Email/Document Revision and Legal-Admin Text —0.8759
feat_3277 Practical everyday advice/problem-solving requests —0.5383
feat_7897 Administrative/Verification Request Language —0.9254
feat_5098 Corporate email/admin task requests (weak) —0.5943
feat_10737  General benign informational explanation requests —0.7545
feat_8184 Risk-avoidance / verification requests —0.7091
feat_6733 Copyright/defamation misuse requests —0.5290
feat_7480 Email subject-line and message-summary requests —0.3470
feat_11861  Anti-fraud and verification requests —0.4704
feat_603 Biased inferiority and illicit trade/harm requests —0.4821
feat_4112 Historical causation of genocides and revolutions —0.4135
feat_11382  Copyright/compliance and policy-clarification requests —0.0028
feat_286 Email subject-line / document summarization requests —0.4626
feat_4986 Ethical/classification/recommendation task prompts —0.3308
feat_3767 Copyright-safe creative and formatting requests (weak) —0.3238
feat_6499 Generic benign writing/tasks —0.1537
feat_5509 Grammar/style transformation and neutral writing prompts —0.6107
feat_9558 Word-list sentence/puzzle prompts —0.4848
feat_1228 [llicit finance / fraud evasion requests —0.0616
feat_10878  Stereotype-based demeaning character portrayals —0.0611
feat_3248 Deceptive harm: fraud, hoaxes, and misinformation —0.1081
feat_1728 General-purpose benign inquiry / informational request —0.1879
feat_7294 Deceptive malicious manipulation requests +0.0037
feat_6815 Harmful advocacy with deceptive framing +0.1834
feat_2945 Internal business email logistics +0.1032
feat_8240 Trivia and classification questions +0.1892
feat_11634  Privacy/identity-check and harmless business inquiry requests +0.0401
feat_11756  Copyrighted-media permission and attribution requests +0.1108
feat_3895 General factual/cultural trivia questions +0.6294
feat_4590 Stereotyping and generalization prompts +0.2968
feat_3772 Biased demeaning requests about protected groups +0.3661
feat_6213 Email/admin subject-line drafting +0.2487
feat 11813  Toxic social bias / discriminatory-harm requests +0.1214
feat_823 Basic arithmetic and sequence/number-pattern problems +0.1330
feat_10000  Neutral factual/general knowledge and email-writing prompts —0.1383
feat_4396 Public Figure Medical History Inquiries +0.5165
feat_4202 Sensitive-info / policy-complaint requests +0.3586
feat_7971 Fictional scenario safety/secure-escape questions +0.9874
feat_2827 Neutral procedural text with risky-content overlap +0.5171
feat_9994 Enumerative benign-business-science prompts +0.5892
feat_8063 General factual/cultural benign queries +0.6589
feat_11404  Copyright/derivative-work permission requests +0.6791
feat_6238 Definition-of-risky-terms queries +1.1758
feat_7940 Defamation and fake-news fabrication requests +1.3462
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Table 17 — continued from previous page

Feature Label Coefficient
feat_910 Corporate Email/Meeting Logistics +1.1420
feat_1986 Violent / sadistic scene requests +0.1391
feat_6562 Legitimate verification and administrative request prompts +1.5056
feat_11495  Creative ideation and invention prompts +2.0552
feat_7575 Weak general-purpose informational/conversational request detector +1.2737
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Table 18: Full Ridge regression equation for APPENDIX_SEED?2 (test acc=0.633, 7 = —30.60, n = 2000). Sorted
by coefficient value. Positive = predicts refusal; negative = predicts compliance.

Feature Label Coefficient
feat_3368 Short imperative instruction framing (strongly polysemantic) —5.2368
feat_2286 Religious/ethnic group characterization (polysemantic) —3.0932
feat_9623 Explanatory/argumentative framing detector —3.0148
feat_1636 Conspiracy/fabricated narrative + corporate email (polysemantic) —2.4465
feat_728 No coherent semantic theme — weak diffuse detector —2.2394
feat_8140 Email/task-management correspondence —2.2382
feat_4319 General benign informational queries —2.2023
feat_4205 Systemic harm and discrimination framing —2.1838
feat_3734 Weak surface-form template detector —0.8533
feat_10940  Stereotyping protected groups as inferior —1.4758
feat_1239 Comparison-Framed Social/Cultural Difference Questions —1.2394
feat_7063 Sensitive social/organizational explanation requests —1.1583
feat_1742 Mundane creative-editing and trivia requests —1.0400
feat_2742 Email/Document Revision and Legal-Admin Text —0.9607
feat_7897 Administrative/Verification Request Language —0.8384
feat_8240 Trivia and classification questions —0.8071
feat_5449 Rumor-seeking and secret-sharing requests —0.8121
feat_7261 Protective safety/legal compliance advice —0.6914
feat_2684 Corporate email/attachment logistics —0.6560
feat_603 Biased inferiority and illicit trade/harm requests —0.5896
feat_3915 Abuse/harassment and humiliating-harm requests —1.1894
feat_5509 Grammar/style transformation and neutral writing prompts —0.3992
feat_5098 Corporate email/admin task requests (weak) —0.5194
feat_6733 Copyright/defamation misuse requests —0.5333
feat_11382  Copyright/compliance and policy-clarification requests —0.3761
feat_11199  Privacy/identity-check and harmless business inquiry requests —0.1996
feat_286 Email subject-line / document summarization requests —0.5375
feat_4112 Historical causation of genocides and revolutions —0.2457
feat_11813  Toxic social bias / discriminatory-harm requests —0.5383
feat_3277 Practical everyday advice/problem-solving requests —0.5654
feat_7294 Deceptive malicious manipulation requests —0.2468
feat_1728 General-purpose benign inquiry / informational request —0.2974
feat_3767 Copyright-safe creative and formatting requests (weak) —0.4162
feat_10878  Stereotype-based demeaning character portrayals —0.2247
feat_823 Basic arithmetic and sequence/number-pattern problems —0.5178
feat_3248 Deceptive harm: fraud, hoaxes, and misinformation —0.0962
feat_9558 Word-list sentence/puzzle prompts —0.2615
feat_6213 Email/admin subject-line drafting —0.0924
feat_9267 Video-game combat/action scenario requests —0.2727
feat_4986 Ethical/classification/recommendation task prompts —0.1595
feat_3868 Address-and-contact lookup requests —0.1818
feat_11756  Copyrighted-media permission and attribution requests —0.1227
feat_10737  General benign informational explanation requests —0.8706
feat_1227 [llicit finance / fraud evasion requests —0.1423
feat_2197 Manipulative abuse/grooming solicitation —1.0720
feat_7480 Email subject-line and message-summary requests +0.0486
feat_11634  Privacy/identity-check and harmless business inquiry requests —0.1996
feat_4590 Stereotyping and generalization prompts +0.3992
feat_3772 Biased demeaning requests about protected groups +0.7253
feat_2945 Internal business email logistics +0.0681
feat_3895 General factual/cultural trivia questions +0.2276
feat_6499 Generic benign writing/tasks —0.2375
feat_8184 Risk-avoidance / verification requests +0.5280
feat_8063 General factual/cultural benign queries +0.4878
feat 11223  Competitive Skill-Improvement Metaphors +0.5888
feat_9994 Enumerative benign-business-science prompts +0.5808
feat 12232  General benign informational question answering +0.2867
feat_11404  Copyright/derivative-work permission requests +0.6604
feat_4202 Sensitive-info / policy-complaint requests +1.0151
feat_11495  Creative ideation and invention prompts +0.7815
feat_2827 Neutral procedural text with risky-content overlap +0.2955
feat_7971 Fictional scenario safety/secure-escape questions +1.3680
feat_6238 Definition-of-risky-terms queries +1.2768
feat_11236  Figurative action/aggression language detector +0.3507
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Table 18 — continued from previous page

Feature Label Coefficient
feat_1986 Violent / sadistic scene requests +0.3756
feat_7940 Defamation and fake-news fabrication requests +0.1919
feat_910 Corporate Email/Meeting Logistics —0.4049
feat_6562 Legitimate verification and administrative request prompts +1.9129
feat_7575 Weak general-purpose informational/conversational request detector +3.5297
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