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Abstract

Safety tuning can improve harmful refusal,
but models may learn surface-form shortcuts:
wrapped harmful prompts bypass safety, while
similarly wrapped benign prompts are over-
refused. We propose Wrapper-Based Intent-
Form Augmentation (WIFA), an automatic
intent-group augmentation method that pairs
wrapped harmful examples with structurally
matched wrapped benign counterexamples, re-
quiring no external teacher or manual per-
wrapper intent labels. We use WIFA as a com-
mon data layer for two complementary fine-
tuning routes: WIFA-Boost, a two-stage high-
safety recipe, and Anchored Group-Consistent
Refusal Training (A-GCRT), which regular-
izes refusal/compliance decision scores across
same-intent wrappers and anchors harmful and
benign groups on opposite sides of a margin.
In the Qwen setting, WIFA-Boost reaches the
strongest transformed-harmful refusal, while
A-GCRT reduces OR-Bench over-refusal from
25.7% for the base model to 17.4%; reproduced
baselines do not match these operating points.
Llama results and ablations over data structure,
two-stage order, and A-GCRT components sup-
port this intent-group interpretation without
claiming universal below-base over-refusal.

1 Introduction

Safety alignment should let instruction-following
models help with benign requests while refusing
unsafe ones. A persistent challenge is that the same
underlying intent can be expressed through dif-
ferent wrappers, such as role framing, translation,
academic discussion, fictional framing, formatting
constraints, or automated prompt search. Jailbreaks
exploit this gap by changing surface form while
preserving harmful intent (Wei et al., 2023; Shen
et al., 2024; Zou et al., 2023; Liu et al., 2024), and
recent defenses such as self-reminders, goal priori-
tization, and intent analysis likewise suggest that
models must look beyond surface form (Xie et al.,

2023; Zhang et al., 2024, 2025a). However, con-
ventional safety tuning often learns prompt-level
comply/refuse decisions. Adding wrapped harmful
prompts alone can therefore teach a wrapper-as-
refusal shortcut: apparent safety rises, while sim-
ilarly wrapped benign requests are over-refused.
Our goal is to refuse harmful intent under wrap-
per variation while preserving benign compliance
under matched forms.

Figure 1 summarizes our response: use intent
groups, not isolated prompts, as the supervision
unit. We instantiate this idea with Wrapper-Based
Intent-Form Augmentation (WIFA), which con-
structs matched harmful and benign intent groups
under shared wrapper families, making wrapper
form non-diagnostic. WIFA provides the data
layer for two training routes: WIFA-Boost, which
emphasizes robust harmful-request refusal, and
Anchored Group-Consistent Refusal Training (A-
GCRT), which reduces unnecessary benign refusal
through intent-group consistency and directional
anchors. We evaluate them on two model settings,
seven benchmarks, and a 15-family unseen-attack
suite, compare against six reproduced defenses,
and ablate data structure, data ratio, stage order,
A-GCRT components, margin/anchor settings, and
decision-score diagnostics.1

Our main contributions are as follows:
• Automatic matched intent-group augmen-

tation. We propose WIFA, a scalable augmen-
tation principle that groups the same underly-
ing intent across different surface forms and
pairs harmful intent groups with structurally
matched benign intent groups. This makes
wrapper form a nuisance variable rather than
a decision label, enabling safety data construc-
tion without external teacher models or man-
ual per-wrapper intent labels.

1Anonymous code for WIFA, WIFA-Boost, A-GCRT, and
sanitized artifacts is available at https://anonymous.4open.
science/r/WIFA-1C32/.
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Figure 1: Overview of WIFA, WIFA-Boost, and A-GCRT. Left: WIFA constructs matched harmful and benign
intent groups under shared wrapper families; harmful groups additionally include direct refusal anchors. Middle:
two training methods are built on the WIFA data layer. WIFA-Boost is a two-stage safety-first recipe, while A-GCRT
adds anchored group-consistent training to shape the safety–over-refusal trade-off. Right: the desired behavior is to
refuse harmful intent and comply with benign intent under similar surface forms.

• WIFA-based training for different safety
goals. Using WIFA as the common data
layer, we develop two training routes. WIFA-
Boost provides a safety-first route for harm-
ful requests written in altered forms, while
A-GCRT uses intent-group consistency and
directional anchors to reduce unnecessary re-
fusal on benign requests while preserving
harmful-request refusal. These methods sepa-
rate two goals often conflated in refusal tuning:
making models safer on harmful requests and
avoiding unnecessary refusal on benign ones.

• Empirical gains beyond base models and re-
produced defenses. In the main Qwen setting,
WIFA-Boost raises SORRY-Bench mutation-
average refusal from 22.1 to 63.7, exceeding
the strongest reproduced defense on this met-
ric. A low-over-refusal A-GCRT operating
point lowers Qwen OR-Bench over-refusal
from 25.7 to 17.4, below both the base model
and all reproduced defenses, while still im-
proving harmful-request refusal. Capability,
ablation, unseen-attack, and decision-score di-
agnostics show that these gains are not simply
stronger refusal tuning.

2 Related Work

Safety alignment and refusal tuning. Assistant
alignment uses instruction tuning, RLHF, and di-
rect preference optimization to balance helpfulness

with harmful-completion refusal (Ouyang et al.,
2022; Bai et al., 2022a; Rafailov et al., 2023). Con-
stitutional training and safety-focused refusal data
provide related routes to harmlessness (Bai et al.,
2022b; Dai et al., 2024; Yuan et al., 2025). Refusal-
mechanism studies further analyze where refusal
behavior is represented and how refusal can be
steered (Arditi et al., 2024; Qi et al., 2025). These
lines of work improve refusal behavior, but they
often supervise individual prompt–response pairs
rather than explicitly tying together different sur-
face forms of the same intent.

Jailbreaks and robust safety benchmarks. Red-
teaming studies scale adversarial discovery (Perez
et al., 2022; Ganguli et al., 2022). Jailbreak work
shows that aligned models remain brittle under suf-
fixes, role play, and template changes (Wei et al.,
2023; Shen et al., 2024; Zou et al., 2023); auto-
mated attacks extend this pressure with search
and optimization (Liu et al., 2024; Chao et al.,
2025; Mehrotra et al., 2024). HarmBench, SORRY-
Bench, and StrongREJECT measure harmful be-
havior under transformed or adversarial prompts
(Mazeika et al., 2024; Xie et al., 2025; Souly et al.,
2024). These evaluations show that surface-form
robustness is central to safety, but training only on
transformed harmful prompts can still make the
transformation itself a shortcut for refusal.

Over-refusal and benign-sensitive evaluation.
Over-refusal occurs when models reject benign
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requests that resemble unsafe ones. XSTest, OR-
Bench, and FalseReject stress sensitive wording
and dual-use context (Röttger et al., 2024; Cui et al.,
2024; Zhang et al., 2025c). Do-Not-Answer and
pseudo-harmful prompt diagnostics further isolate
benign-sensitive failure modes (Wang et al., 2023;
An et al., 2024). These benchmarks highlight that
robust safety cannot be measured only by harmful-
request refusal: models must also preserve benign
compliance under surface forms that resemble un-
safe prompts.

Prompt-time defenses, group robustness, and ex-
ternal safety systems. Prompt-time defenses add
reminders, goal-priority instructions, or intent anal-
ysis without parameter updates (Xie et al., 2023;
Zhang et al., 2024, 2025a). Instruction hierarchy
and safety-reasoning methods add related prompt-
or training-time structure (Wallace et al., 2024; Zhu
et al., 2025). Consistency and group-robust train-
ing address nuisance variation and spurious corre-
lations in broader machine-learning settings (Xie
et al., 2020; Arjovsky et al., 2019; Sagawa et al.,
2019); guard and RL-style systems add external
or reward-based safety mechanisms (Inan et al.,
2023; Han et al., 2024; Shen et al., 2025). These
approaches motivate intent-aware and robustness-
oriented safety training, but leave open how to train
the target model itself so that same-intent surface
variants receive consistent, directionally separated
refusal/compliance decisions.

3 Method

Figure 1 summarizes the framework. WIFA first
constructs matched harmful and benign intent
groups under shared wrapper families, making
wrapper form non-diagnostic of the desired de-
cision. On this data layer, WIFA-Boost uses a
two-stage recipe for robust harmful-request refusal,
while A-GCRT adds anchored group-consistent
training to reduce unnecessary benign refusal while
preserving harmful-request refusal. The right panel
shows the intended behavior: decisions follow un-
derlying intent rather than surface form. We next
define WIFA, WIFA-Boost, and A-GCRT.

3.1 Wrapper-Based Intent-Form
Augmentation (WIFA)

WIFA constructs training data at the intent-group
level. For each source intent, we keep a direct-
form prompt that exposes the underlying request,
and then apply multiple wrapper styles such as role

framing, translation, academic framing, fictional
framing, or indirect formulation to create wrapped
prompts with the same intent but different surface
forms. The wrapped prompt is the training input.

The target uses an intent-analysis format. The
analysis segment contains the underlying direct-
form prompt, while the response segment uses the
same model’s response to that direct-form prompt.
Thus, WIFA does not require an external teacher
to infer the intent of every wrapped prompt, nor
manual per-wrapper labels. Harmful sources yield
refusal targets and benign sources yield helpful
targets; because both sides share comparable wrap-
per families, wrapper form is not predictive of the
desired decision.

Formally, let z denote an underlying intent, d(z)
its direct-form prompt, w ∈ W a surface wrap-
per, and x = w(z) the wrapped prompt. Let Wm

denote the matched wrapper families shared by
harmful and benign construction. For a harmful
intent zh, WIFA creates

Gh(zh) = Ah(zh) ∪ {w(zh) : w ∈ Wm},

where Ah(zh) contains direct-form refusal-anchor
instances. For a benign intent zb, WIFA creates

Gb(zb) = {w(zb) : w ∈ Wm}.

Thus wrapper matching is defined over the shared
wrapped forms, while harmful groups additionally
include direct-form anchors.

For any group input x, the target is
[INTENT ANALYSIS] d(z) [/INTENT ANALYSIS] y(z),
where y(z) is the target model’s direct-form re-
sponse: a refusal for harmful sources and an
audited helpful answer for benign sources.

In the main setting, |Wm| = 7. Each harmful
intent has 9 forms: 7 matched wrapped forms plus 2
direct-form refusal-anchor instances. Each benign
prompt has 7 matched wrapped forms. This gives
2250 harmful examples and 3500 wrapped benign
examples, for 5750 WIFA-SFT examples in total.
Appendix A gives the full source, wrapper, and
overlap details.

3.2 WIFA-Boost: Two-Stage WIFA Safety
Boosting

WIFA-Boost is a two-stage safety-boosting recipe
over WIFA data. Let θ0 denote the initial model
parameters. Stage 1 performs SFT on the 5750-
example WIFA-SFT dataset DW , producing pa-
rameters θ1. Stage 2 continues from θ1 on a 2750-
example calibration dataset Dcal, which contains
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the same 2250 harmful refusal examples plus 500
plain benign examples with intent-analysis targets:

θ1 = SFT(θ0,DW ), θ2 = SFT(θ1,Dcal).
(1)

Here θ2 denotes the final WIFA-Boost parame-
ters. In implementation, both stages are trained
as LoRA-based SFT; we use SFT(·) to denote the
supervised training objective.

Stage 1 teaches that wrappers are not labels.
Stage 2 reinforces the harmful refusal bound-
ary while reintroducing plain benign compliance
through the additional plain-benign examples.
WIFA-Boost is therefore a high-safety operating
point for harmful requests written in altered forms,
not a low-over-refusal method.

3.3 A-GCRT: Anchored Group-Consistent
Refusal Training

A-GCRT uses WIFA intent groups to shape the
refusal boundary directly. The goal is not to train
an auxiliary safety classifier, but to make prompts
with the same underlying intent induce similar re-
fusal/compliance decisions, while pushing harmful
and benign intent groups to opposite sides of a de-
cision margin. For an intent z, let G(z) = {xi}Ki=1

denote a group of prompt forms expressing the
same underlying intent. A-GCRT adds two group-
level terms to the standard SFT objective:

L = LSFT + λgcr (Lvar + γLanchor) . (2)

Here Lvar enforces consistency within an intent
group, and Lanchor gives that consistency a safety
direction.

Decision-position score. A-GCRT measures a
lightweight refusal/compliance orientation at the
first response token after the closing [/INTENT
ANALYSIS] marker. Let ℓθ(· | x) denote the next-
token logits at this decision position. Using prede-
fined refusal-prefix and comply-prefix token sets
R and C, constructed from response-start prefixes
and detailed in Appendix B, the decision score is

sθ(x) = max
r∈R

ℓθ(r | x)−max
c∈C

ℓθ(c | x). (3)

Positive scores are designed to be refusal-leaning
and negative scores compliance-leaning. We use
this score only as a training-time regularization
proxy, not as a calibrated inference-time classifier;
Appendix C.6 reports complementary generation-
side and target-forced group diagnostics.

Group consistency. Let s̄z be the mean score
within intent group G(z). We define Lvar as the
within-group variance of decision scores:

Lvar(G(z)) =
1

|G(z)|
∑

xi∈G(z)

(sθ(xi)− s̄z)
2 .

(4)
This term encourages different wrappers of the
same intent to produce the same refusal/compliance
orientation.

Directional anchors. Consistency alone does not
determine whether a group should lie on the refusal
or compliance side. For a group G(z), A-GCRT
anchors the group mean with margin m:

Lanchor =

{
[m− s̄z]+, if z is harmful,
[m+ s̄z]+, if z is benign,

(5)

where [a]+ = max(0, a). Thus harmful groups are
pushed above +m, while benign groups are pushed
below −m. The variance term supplies wrapper
consistency, and the anchor term supplies safety
direction. Unlike generic group-robust or invariant-
risk objectives, A-GCRT does not optimize worst-
group task loss or search for a domain-invariant pre-
dictor; it regularizes a refusal-minus-compliance
decision score over same-intent wrapper groups.

In implementation, A-GCRT uses the same next-
token logits optimized by SFT. Groups are formed
by underlying intent; for each group, a small num-
ber of wrapped forms is sampled, and the A-GCRT
loss is added to the sequence-level SFT loss. All
reproduced training methods are implemented with
LoRA adapters. Margin settings, sampling details,
prefix-token sets, and other hyperparameters are
reported in Appendix B.

4 Experimental Setup

4.1 Model and Data Settings

We evaluate Qwen2.5-7B-Instruct (Yang et al.,
2024) and Llama-3.1-8B-Instruct (Grattafiori
et al., 2024). Qwen uses 250 AdvBench-
style harmful seeds (Zou et al., 2023), while
Llama uses 250 harmful seeds from the
harmful_harmless_instructions Hugging
Face dataset (HH-Inst) (Phan, 2023). Because both
model and harmful-source distribution change, we
compare methods within each setting and treat
cross-setting agreement as trend evidence, not an
apples-to-apples comparison.
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Method
Qwen Llama

SB ↑ SB-mis ↑ OR ↓ XS SafeRef ↓ MMLU ↑ GSM8K ↑ SB ↑ SB-mis ↑ OR ↓ XS SafeRef ↓ MMLU ↑ GSM8K ↑

Base 22.1 0.2 25.7 10.68 70.1 89.39 31.2 7.5 28.4 9.66 67.4 85.52

Prompt-time defenses
Self-Reminder 22.7 0.0 29.4 12.4 66.6 92.27 37.1 10.2 48.4 12.1 61.9 79.61
Intention Analysis 43.2 15.2 64.1 14.2 68.2 68.99 60.6 26.6 83.0 20.6 63.6 83.47
Goal Priority 36.0 5.0 67.2 29.3 59.1 82.87 56.3 12.5 49.1 24.0 57.1 77.71

Training-time defenses
Vanilla Refusal-SFT 36.0 18.4 78.9 14.4 67.5 88.93 53.5 13.4 75.4 11.6 62.8 44.50
LookAhead Tuning 42.7 42.5 50.6 14.0 60.8 28.81 52.4 47.3 68.7 18.8 45.8 9.86
RATIONAL 59.0 42.0 87.9 24.0 3.2 33.13 54.5 18.0 52.7 10.8 33.0 26.69

WIFA-based methods and diagnostic variant
WIFA-SFT 63.6 49.3 69.7 20.0 68.4 82.79 63.7 37.7 53.0 28.15 57.2 46.25
WIFA-Boost 63.7 59.3 56.0 20.88 67.9 79.00 52.8 10.5 39.8 17.65 61.8 54.97
A-GCRT-M5 46.7 20.9 17.4 16.29 69.0 83.70 50.8 17.3 40.1 9.24 67.2 68.16
A-GCRT-M10 52.0 28.9 40.7 15.86 68.5 84.61 52.8 23.0 45.3 8.12 67.6 68.16

Table 1: Headline comparison across Qwen and Llama. SB denotes SB-avg5; SB-mis is the SORRY-Bench
misrepresentation subset. WIFA-SFT is the direct WIFA data-layer diagnostic, while WIFA-Boost and A-GCRT are
the two final WIFA-based training routes. Full metric matrices are reported in Appendix C. Darker shaded cells
mark the best value in each column according to the metric direction, and lighter shaded cells mark the second-best
value.

Qwen is the main setting, with HarmBench over-
lap checks in Appendix A.5; Llama provides an
independent source-distribution stress check. We
also examined BeaverTails (Ji et al., 2023); its
boundary-sensitive safety cases are useful for study-
ing conservative refusal, but preliminary runs fa-
vored broad caution over intent–form separation.
We therefore use clearer harmful-intent seeds for
the main experiments and treat BeaverTails as a
data-source caution in Appendix A.1.

Each WIFA-SFT set has 5750 examples: 2250
harmful examples (7 wrapped forms plus 2 direct
anchors per intent) and 3500 matched wrapped
benign examples. WIFA-Boost continues with a
2750-example calibration set containing the same
harmful refusal examples plus 500 plain benign
examples. Table 7 lists all variants, sample counts,
and roles.

4.2 Compared Methods and Variants

We compare final methods, diagnostic variants,
and external baselines. WIFA-Boost and A-GCRT
are our final methods; A-GCRT-M5 and A-GCRT-
M10 are two margin settings of the same objec-
tive. Diagnostic variants, including Harmful-Only
SFT, WIFA-SFT, Joint WIFA+Plain SFT, and Re-
verse WIFA-Boost, isolate data-structure, benign-
matching, and ordering effects; Table 7 gives their
construction.

For external comparisons, we reproduce three
prompt-time defenses—Self-Reminder, Intention
Analysis, and Goal Priority (Xie et al., 2023;

Zhang et al., 2025a, 2024)—and three training-time
defenses—Vanilla Refusal-SFT, LookAhead Tun-
ing, and RATIONAL (Bianchi et al., 2024; Liu
et al., 2026; Zhang et al., 2025b). SIRL is reported
only as an external reference, not as a reproduced
baseline (Shen et al., 2025).

4.3 Evaluation Overview

We evaluate harmful-request refusal, benign over-
refusal, auxiliary safety, capability, and unseen-
attack behavior. Harmful-request refusal uses
HarmBench, SORRY-Bench, StrongREJECT, and
an unseen attack-family suite (Mazeika et al., 2024;
Xie et al., 2025; Souly et al., 2024); over-refusal
uses OR-Bench-Hard and XSTest safe prompts
(Cui et al., 2024; Röttger et al., 2024); auxil-
iary safety uses XSTest unsafe refusal and Stron-
gREJECT; capability uses MMLU and GSM8K
(Hendrycks et al., 2020; Cobbe et al., 2021).

Metrics. HB is HarmBench refusal; SB is
SORRY-Bench refusal, with SB-avg5 averaging
the five mutation subsets and SB-avg6 adding the
base subset. OR is OR-Bench-Hard over-refusal;
XS SafeRef/UnsafeRef are XSTest safe/unsafe re-
fusal rates; SR Safe/SR Mean are StrongREJECT
safety/raw harmful-compliance scores; ASR is at-
tack success rate; MMLU and GSM8K are capa-
bility accuracies. Values are percentages unless
otherwise noted, except SR Mean.

All methods, including base models, use the cor-
rected capability protocol. MMLU and GSM8K
use a fixed benign intent-analysis prefix to iso-
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Figure 2: Attack-family breakdown in the Qwen setting. Values are attack success rates, where lower is better.
The results provide evidence beyond simple fixed-wrapper memorization, but do not establish robustness against
adaptive attackers.

late task solving from analysis-format generation;
XSTest and StrongREJECT use no prefix so re-
fusal and compliance behavior surface naturally.
Appendix B reports hyperparameters, benchmark
sizes, decoding settings, and compute details.

5 Main Results

5.1 Safety and Over-Refusal Trade-offs

Table 1 summarizes the main safety–over-refusal
trade-offs, with the SB–OR frontier visualized in
Figure 7 in Appendix C. We ask whether WIFA-
based training improves harmful-request refusal
without making models broadly conservative; the
table includes WIFA-SFT as the data-layer variant,
WIFA-Boost and A-GCRT as WIFA-based training
routes, and six reproduced defenses.

In Qwen, WIFA-SFT shows the data-layer effect:
it reaches 63.6 SB and 49.3 SB-mis, but remains
conservative with 69.7 OR. WIFA-Boost strength-
ens this safety-first direction, reaching 63.7 SB and
59.3 SB-mis with 56.0 OR. A-GCRT gives a differ-
ent operating point: A-GCRT-M5 lowers OR from
25.7 to 17.4, below all reproduced defenses, while
raising SB from 22.1 to 46.7; A-GCRT-M10 moves
to a more conservative point with higher SB and
higher OR.

Llama clarifies the boundary under a different
model and harmful-source distribution. Direct re-
fusal tuning is costly: Harmful-Only SFT reaches
75.8 SB but 89.3 OR, and WIFA-SFT remains
conservative with 53.0 OR. A-GCRT reduces this
broad-refusal tendency relative to refusal-tuned
variants, though it does not beat the 28.4 base OR.
On XSTest safe prompts, A-GCRT-M5/M10 reach
9.24/8.12 XS SafeRef, lower than the base model
and reproduced defenses, supporting the trade-off
interpretation without implying universal below-
base OR.

The reproduced baselines show that these points
are not obtained by prompting or stronger SFT
alone. Prompt-time defenses often improve safety
while increasing over-refusal: Qwen Intention
Analysis raises SB to 43.2 but OR to 64.1, and
Llama Intention Analysis reaches 60.6 SB with
83.0 OR. Training-time baselines show a similar
pattern: Qwen RATIONAL reaches 59.0 SB but
has 87.9 OR and severe capability loss. Overall,
WIFA-Boost gives the strongest safety-first point,
while A-GCRT provides a lower-over-refusal point
not matched by reproduced baselines.

5.2 Capability and Utility

We test whether safety gains preserve task utility.
Under the corrected protocol, MMLU and GSM8K
use a fixed benign intent-analysis prefix for all
methods, including base models, so evaluation mea-
sures task solving rather than format recovery.

In Qwen, A-GCRT retains capability better than
safety-first variants and reproduced training base-
lines. A-GCRT-M5 scores 69.0 on MMLU and
83.70 on GSM8K, close to the base model’s 70.1
and 89.39, while keeping the best OR result. WIFA-
Boost has stronger harmful-refusal metrics but
lower GSM8K at 79.00; RATIONAL, by contrast,
drops to 3.2 MMLU and 33.13 GSM8K.

Llama shows the remaining cost more clearly.
A-GCRT-M5/M10 recover MMLU to 67.2/67.6,
close to the 67.4 base value and well above WIFA-
SFT’s 57.2. GSM8K remains lower, 68.16 ver-
sus 85.52 for the base model, though it improves
over WIFA-SFT and WIFA-Boost. Appendix Ta-
ble 15 shows that the remaining errors are mostly
arithmetic, incomplete-reasoning, and repetition
failures rather than safety-style refusals. Thus, A-
GCRT improves the utility trade-off over direct
WIFA-style SFT, but is not capability-neutral.
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Method Ben.
data

Wrap.
ben.

IA
target HB ↑ SB

mis ↑
SB

avg5 ↑ OR ↓

Harmful-Only
SFT × × × 98.5 28.4 38.7 65.6

Naive Benign-
Aug. SFT ✓ × × 99.0 31.6 40.8 72.7

Wrapped-Ben.
SFT w/o IA ✓ ✓ × 98.5 37.3 43.6 76.0

Plain-Benign
IA SFT ✓ × ✓ 99.0 24.5 47.5 52.9

WIFA-SFT ✓ ✓ ✓ 99.5 49.3 63.6 69.7

Table 2: Qwen data-structure ablation. Ben., Wrap.
ben., and IA denote benign data, matched wrapped be-
nign examples, and intent-analysis targets. HB/SB/OR
denote HarmBench refusal, SORRY-Bench refusal, and
OR-Bench over-refusal; full subtype results are in Ap-
pendix Table 17.

5.3 Generalization to Unseen Attack Families
Finally, we test whether the methods generalize
beyond the fixed WIFA training wrappers. Figure 2
reports a 15-family unseen-attack evaluation in
Qwen, with exact values in Table 13 in Appendix C.
Since these attack families are not the WIFA train-
ing wrappers, lower ASR provides evidence against
simple template memorization, although it is not a
guarantee against adaptive attackers.

The results again reflect different operating
points. WIFA-Boost has lower average attack suc-
cess than A-GCRT-M5, 9.5 versus 16.8, and is
stronger on optimization- or search-oriented fami-
lies such as AutoDAN, PAIR, and random search.
This matches its safety-first role: the two-stage
recipe preserves stronger harmful-request refusal
even under unseen transformations. A-GCRT-M5
is weaker on these harmful-attack families, but re-
mains the lower-over-refusal point in Table 1. Thus,
the unseen-attack results delimit rather than over-
turn the trade-off: WIFA-Boost is preferable when
refusing rewritten or adversarial harmful requests
dominates, while A-GCRT better fits assistant set-
tings where benign over-refusal is central.

6 Analysis and Ablations

The ablations test whether the observed behavior
comes from WIFA’s intent-group structure and A-
GCRT’s objective rather than simpler alternatives:
adding data, changing ratios, reversing stage order,
stronger SFT, or single loss components. Unless
otherwise stated, ablations use the Qwen setting.
All numbers are percentages; SB-avg5 averages
the five SORRY-Bench mutation subsets (Xie et al.,
2025), and OR is OR-Bench over-refusal (Cui et al.,
2024).

6.1 Are Matched Benign Wrappers
Necessary?

This ablation isolates whether WIFA needs
matched benign structure rather than more data
alone. Table 2 shows that Harmful-Only SFT im-
proves harmful-request refusal under altered forms
but broadens refusal, reaching 38.7 SB-avg5 with
65.6 OR. Adding unmatched benign data does not
solve this: Naive Benign-Augmented SFT reaches
only 40.8 SB-avg5 with 72.7 OR. WIFA-SFT,
which adds matched wrapped benign examples
and intent-analysis targets, reaches 63.6 SB-avg5,
showing that matched harmful/benign intent-form
structure is the key data ingredient.

WIFA-SFT still has 69.7 OR, so WIFA is not
the final low-over-refusal method. Instead, it sup-
plies the wrapper-robust intent supervision layer on
which WIFA-Boost and A-GCRT select different
safety–over-refusal operating points.

6.2 How Sensitive Is WIFA to the
Benign/Harmful Ratio?

This ablation asks whether WIFA depends on a
narrow benign/harmful ratio. The full ratio scan is
reported in Appendix C, with Figure 11 visualizing
the trend and Table 18 giving exact values. Low
ratios are unstable: WIFA-r0.25 has weak harmful-
request robustness and high OR, while WIFA-r0.50
lowers OR to 49.1 but performs poorly on difficult
mutation subsets. Moderate ratios are more stable,
with WIFA-r1.50 and WIFA-SFT reaching 60.3
and 63.6 SB-avg5.

More benign data is not a monotonic fix: WIFA-
r2.00 drops to 48.0 SB-avg5 and weakens difficult
mutation subsets. Thus WIFA is most stable around
the moderate-ratio regime, but no scanned ratio
dominates both harmful-request refusal and OR,
motivating a later training method to select the
operating point.

6.3 Does the Two-Stage Order Matter?

This ablation tests whether WIFA-Boost benefits
from stage order rather than simply seeing the
same examples. Table 19 in Appendix C compares
WIFA-Boost with Joint WIFA+Plain SFT and Re-
verse WIFA-Boost. WIFA-Boost reaches 59.3 SB-
misrepresentation and 23.2 SB-logical, compared
with 22.5 and 8.0 for the joint one-stage control,
while the reverse order collapses to 0.2 and 0.0.
Learning wrapped harmful/benign structure before
plain-benign calibration is therefore important for
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Method LR Epoch SB-mis ↑ SB-avg5 ↑ OR ↓

Stronger SFT baselines
WIFA-SFT 2e-5 3 49.3 63.6 69.7
WIFA-SFT 4e-5 1 20.2 55.5 68.1
WIFA-SFT 6e-5 1 18.4 53.7 66.3

Single-component losses
Var-only 2e-5 3 18.9 51.2 74.5
Anchor-only 2e-5 3 23.0 50.6 48.7

Full objective
A-GCRT-M5 2e-5 3 20.9 46.7 17.4

Table 3: A-GCRT ablation in the Qwen setting. Higher-
LR SFT and single-component losses do not reproduce
A-GCRT-M5’s low-OR point; 3-epoch high-LR variants
overfit and are reported in Appendix C.

difficult harmful-request refusal. This suggests that
WIFA-Boost is not just a data-mixture effect: the
first stage establishes the intent-form structure, and
the second stage adjusts the benign calibration with-
out erasing that structure.

The gain is safety-oriented rather than low-OR:
WIFA-Boost reaches 63.7 SB-avg5 with 56.0 OR,
compared with 54.0 SB-avg5 and 46.8 OR for Joint
WIFA+Plain SFT. This supports WIFA-Boost as
the high-safety route, while A-GCRT targets the
over-refusal side of the trade-off.

6.4 Is A-GCRT Just Stronger SFT?

This ablation asks whether the remaining WIFA
trade-off can be solved by stronger SFT. Direct
WIFA-SFT already shows the plain-SFT limit:
it reaches strong harmful-request refusal but re-
mains conservative, with 63.6 SB-avg5 and 69.7
OR. Table 3 shows that stronger SFT does not
recover A-GCRT: a one-epoch high-learning-rate
WIFA-SFT run approaches A-GCRT-M5 on SB-
misrepresentation, 20.2 versus 20.9, but its OR
remains 68.1 rather than 17.4; longer high-LR runs
overfit and further increase OR.

Both A-GCRT terms are needed. Variance-only
regularization leaves OR at 74.5, and anchor-only
training leaves OR above base at 48.7. Full A-
GCRT-M5 combines decision consistency with
harmful/benign anchors and reaches 17.4 OR. Thus
WIFA supplies the supervision structure, but A-
GCRT is needed to reshape the group-level re-
fusal boundary. Appendix C.6 gives consistent
score-level diagnostics: generation-side calibration
cautions against inference-time use, while target-
forced diagnostics show reduced within-intent vari-
ance and high margin satisfaction.

Figure 3: A-GCRT margin/anchor scan. Different
settings select different safety–over-refusal operating
points rather than a monotonic curve.

6.5 Do A-GCRT Margins Control Operating
Points?

This ablation tests whether A-GCRT can move the
operating point through margin and anchor settings.
Figure 3 visualizes the scan, with exact values in
Table 21 in Appendix C. The results show control-
lability, but not a monotonic curve: A-GCRT-M5
gives the lowest OR at 17.4; m = 2.5 also lowers
OR to 29.3 but does not match M5; larger mar-
gins with γ = 1 become more conservative, raising
OR to 49.4 or 61.3 without consistently improv-
ing SB-avg5. This pattern suggests that margins
act as validation-selected operating controls rather
than a simple larger-is-better knob. A-GCRT-M10
changes both margin and anchor weight, moving
to a more safety-oriented point with 52.0 SB-avg5
and 40.7 OR. Thus A-GCRT parameters should
be selected by validation rather than treated as a
universal monotonic dial, supporting A-GCRT as a
trade-off shaping mechanism rather than stronger
refusal tuning.

7 Conclusion

Safety supervision should target intent groups
rather than isolated prompt forms. WIFA builds
the matched harmful/benign data layer, WIFA-
Boost turns it into a high-safety training route,
and A-GCRT uses anchored group consistency to
shape the safety–over-refusal trade-off. Empiri-
cally, Qwen A-GCRT-M5 reduces OR-Bench over-
refusal below the base model, WIFA-Boost occu-
pies the high-safety point, and Llama clarifies the
boundary under a different model and seed distribu-
tion. The central lesson is refusing harmful intent,
not surface form.
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8 Limitations

WIFA, WIFA-Boost, and A-GCRT are training-
time methods for shaping refusal behavior, not
complete deployment safeguards. Our experiments
use fixed wrapper families, two 7–8B instruction
models, and two harmful-source settings, so oper-
ating points may change for larger models, other
languages, multimodal or tool-use settings, adap-
tive attackers, and different benign/harmful mix-
tures. The methods also retain a capability cost on
GSM8K, and the A-GCRT decision-position score
should be interpreted as a training-time regulariza-
tion signal rather than an inference-time classifier.
These limitations call for broader evaluation, but
do not change the central claim that safety supervi-
sion should target intent groups rather than surface
prompt form.

9 Ethics and Responsible NLP Checklist

This work uses harmful prompts only for safety
training and evaluation. We do not intend to im-
prove harmful capabilities or disseminate action-
able unsafe information. Public paper examples,
released artifacts, and qualitative records should
redact harmful prompts, unsafe completions, and
wrapper templates that would make harmful in-
structions easier to reproduce.

The same methods that reduce harmful compli-
ance can also increase benign denial, especially for
sensitive but legitimate requests. This dual-use risk
motivates evaluating over-refusal with OR-Bench
and XSTest alongside harmful-refusal benchmarks,
and it is why WIFA-Boost and A-GCRT are pre-
sented as trade-off-shaping methods rather than
standalone deployment defenses.

The study uses public model families and pub-
lic or benchmark-derived data; it does not use
private user data or conduct human-subjects re-
search. We may release code, configurations, ag-
gregate metrics, and sanitized/redacted artifacts.
Raw harmful artifacts, if needed for exact repro-
ducibility, should be shared only through controlled
or safety-reviewed channels. We use public mod-
els, datasets, and benchmarks according to their
released licenses or terms of use; released artifacts
from this work will follow applicable upstream li-
censes and safety restrictions. AI assistance was
used in drafting and editing the manuscript if dis-
closure is required by the venue.
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Source Role Use

AdvBench-style
(250)a

Clear harmful-
intent prompts

Main harmful
source for Qwen.

HH-Inst (250)b Harmful/harmless
instructions

Main harmful
source for Llama.

Alpaca-style
benign poolc

General benign
instructions

Source pool for
wrapped benign
counterexamples.

BeaverTailsd Preliminary data-
source check

Excluded because
ambiguous sen-
sitive prompts
caused broad
refusal in prelimi-
nary runs.

a (Zou et al., 2023). b (Phan, 2023).
c (Taori et al., 2023). d (Dai et al., 2024).

Table 4: Data sources and their roles. The main ex-
periments use clear harmful-intent seeds rather than
ambiguous safety-sensitive prompts.

A Data, Wrappers, and Overlap

This appendix records the scientific data specifica-
tion behind WIFA: the source pools, fixed wrapper
families, main training variants, and the overlap
check between the Qwen harmful seeds and Harm-
Bench.

A.1 Data Sources

Table 4 summarizes the source pools and their roles
in the final experiments.

This split is deliberate. The Qwen setting uses
AdvBench-style seeds as the main setting, with
the overlap check in Appendix A.5 to rule out
exact or normalized HarmBench prompt duplica-
tion. The Llama setting uses HH-Inst instead of
reusing AdvBench-style seeds, because AdvBench-
style data is benchmark-adjacent and a second
source distribution better tests whether the method-
level trends survive outside the Qwen data source.
BeaverTails was tried as a preliminary source, but
its ambiguous and benign-sensitive prompts in-
duced broad over-refusal, so we treat it as a data-
source caution rather than a main setting. Cross-
family numbers should therefore be compared as
within-setting method trends rather than direct ab-
solute comparisons.

For Qwen, each harmful seed is expanded into
an intent group with two direct-form refusal-anchor
instances and seven wrapped forms. The two direct-
form instances are included as refusal anchors for
the unwrapped harmful intent; they are counted
in the harmful group size but are not part of the

matched wrapper-family comparison. For Llama,
we construct the same group structure from HH-
Inst harmful instructions after de-duplicating and
sampling 250 harmful intents. Benign prompts are
drawn from an Alpaca-style pool, answered by the
corresponding base model, and filtered to remove
obvious refusals. This keeps helpful target style
matched to the model and avoids relying on an
external teacher model.

Source-intent quality. These observations high-
light that WIFA depends on clear source-intent con-
trast: boundary-sensitive data can encourage broad
caution rather than intent–form separation, so we
use clearer harmful-intent seeds for the main exper-
iments and verify the constructed targets through
audits and ablations.

A.2 WIFA Construction

WIFA pairs harmful and benign intent groups under
comparable surface forms. For harmful intent zh,
wrappers produce refusal-target examples wi(zh).
For benign intent zb, the same wrapper families pro-
duce helpful-target counterexamples wi(zb). The
wrapper is therefore not predictive of the label: the
same surface family can surround harmful or be-
nign intent.

WIFA uses a unified intent-analysis target for-
mat for wrapped examples, while harmful direct-
form instances provide refusal anchors. These di-
rect anchors are counted as harmful forms, but
wrapper matching is defined only over the shared
wrapped families. Harmful targets identify the un-
safe intent before refusing, while benign targets
identify the request as legitimate before answer-
ing. These targets are generated from the corre-
sponding model rather than an external GPT-style
teacher, and the wrapped forms inherit the source-
pool harmful/benign label without manual labeling
of each wrapper instance.

Figure 4 shows how WIFA constructs intent-
analysis targets by self-distillation. The same
model first generates a direct-form response, which
is then combined with the original prompt to pro-
duce a unified target format. This is done sym-
metrically for harmful and benign data, so the su-
pervision does not depend on external teachers or
manual labeling.

To check whether self-distilled targets provide
the intended supervision, we audit a deterministic
sample from the Qwen and Llama WIFA-SFT and
Plain-Benign IA training pools. The audit checks
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Figure 4: Self-distilled target construction for WIFA.
The same model first produces a direct-form response,
which is combined with the original prompt to construct
a unified intent-analysis target without external teachers
or manual intent annotations.

Type n Valid Bad Ambig. Invalid

Harmful 300 232 0 0 68
Benign 300 275 1 24 0

Table 5: Self-distilled target audit over sampled Qwen
and Llama WIFA-SFT and Plain-Benign IA training
targets. For harmful examples, valid targets are refusals;
for benign examples, valid targets are helpful responses.
Bad denotes unsafe compliance for harmful targets or
over-refusal for benign targets. Invalid rows mostly
reflect target-format issues in direct-form harmful ex-
amples rather than unsafe-compliance labels.

marker validity and whether harmful targets end in
refusal while benign targets end in helpful answers.
This diagnostic is not an official benchmark met-
ric, but it helps characterize target noise. Table 5
summarizes the audit.

The audit finds no sampled harmful target la-
beled as unsafe compliance and only one sampled
benign target labeled as over-refusal. The remain-
ing noise is mostly ambiguous benign targets or
direct-form harmful examples without the intent-
analysis marker. We therefore describe WIFA
targets as broadly aligned with the intended re-
fusal/helpfulness behavior while acknowledging
residual target-format noise.

A.3 Fixed Wrapper Families

The training wrappers are manually designed fixed
surface transformations. They are not copied from
SORRY-Bench mutations or HarmBench attack
families, so those evaluations test beyond direct
memorization of the WIFA templates. Table 6
gives redacted sketches that preserve the surface
role without exposing actionable harmful instruc-
tions.

A.4 Training Variants
Table 7 reports the main training variants and train-
ing sizes. WIFA-Boost uses two stages; A-GCRT-
M5 and A-GCRT-M10 use the WIFA-SFT prompt
pool and differ in the objective and margin settings.

A.5 HarmBench Overlap Check
Because the Qwen harmful seed pool is AdvBench-
style and HarmBench includes behaviors related
to prior harmful-instruction datasets, we check for
direct prompt duplication before using HarmBench
as an evaluation benchmark (Mazeika et al., 2024).
Table 8 summarizes the result.

The check rules out exact and normalized prompt
duplication. We do not claim zero semantic overlap
or full semantic independence.

A.6 Redacted Data Example
Intent type: harmful procedural assistance.
Wrapper type: academic context.
Redacted input: For a safety research discussion,
analyze: [redacted harmful action].
Self-distilled intent-analysis target: [INTENT
ANALYSIS] The request seeks assistance with
[redacted harmful action], regardless of the re-
search framing. [/INTENT ANALYSIS]
Response skeleton: Brief refusal, safety ra-
tionale, and redirection to benign prevention-
oriented information.

Benign and plain-benign examples follow the
same target format, replacing the refusal with a
helpful answer.

B Reproducibility and Hyperparameters

This appendix summarizes the settings needed
to interpret the experiments. Appendix A.4 lists
the paper-facing training variants; detailed script
names and artifact paths are provided in the re-
leased artifact README.

B.1 Training Data and Splits
Table 7 reports the main training data sizes. A-
GCRT-M5 and A-GCRT-M10 use the same WIFA-
SFT prompt pool, but batch examples by intent
group. WIFA-Boost uses WIFA-SFT as Stage 1
and Plain-Benign Intent SFT as Stage 2. Joint
WIFA+Plain SFT adds only the 500 plain benign
examples to WIFA-SFT; harmful examples are not
duplicated.

For all reproduced training-based baselines, the
prompt distribution is kept identical to the WIFA-
SFT prompt set, while targets or auxiliary fields are
reconstructed according to each baseline’s original
data requirements. This keeps prompt coverage
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Wrapper family Surface role Safe sketch

Academic context Research or documentation fram-
ing

“For a safety research discussion, analyze: {instruction}.”

Fiction context Story or screenplay framing “In a fictional scene, a character discusses: {instruction}.”

Safety consultant Risk-assessment framing “For threat modeling and prevention, explain the risks around:
{instruction}.”

Hypothetical Thought-experiment framing “As a hypothetical ethics case, consider: {instruction}.”
Role-pressure wrapper Role-framed pressure “A role-framed prompt asks for a response to: {instruction}.”
Persona-pressure wrapper Persona-framed pressure “A persona frame presents the request as: {instruction}.”

Format-constraint wrapper Answer-format framing “A formatting frame asks for a constrained response about:
{instruction}.”

Table 6: Training wrapper families. The sketches are documentation examples, not unredacted release templates.

Method Construction Train samples Role

SFT data ablations

Harmful-Only SFT 250 harmful intents × 9 forms: 7 matched
wrapped forms + 2 direct anchors. 2250 Harmful-only data ablation.

Naive Benign-Augmented
SFT

Harmful-Only SFT plus 2000 plain benign
examples. 4250 Tests unmatched benign

augmentation.

Wrapped-Benign SFT with-
out Intent Analysis

2250 harmful plus 3500 matched wrapped
benign examples without benign intent-
analysis targets.

5750 Tests matched wrappers
without the full target for-
mat.

WIFA-SFT
2250 harmful examples plus 3500 matched
wrapped benign examples with intent-
analysis targets.

5750 Direct WIFA training.

Plain-Benign Intent SFT 2250 harmful plus 500 plain benign exam-
ples with intent-analysis targets. 2750 Stage-2 calibration data.

Joint WIFA+Plain SFT WIFA-SFT plus 500 plain benign exam-
ples; harmful examples are not duplicated. 6250 One-stage order control.

Curriculum and ordering

WIFA-Boost Stage 1 WIFA-SFT, then Stage 2 Plain-
Benign Intent SFT. 5750 → 2750 Two-stage safety-boosting

method.
Reverse WIFA-Boost Same stages in reverse order. 2750 → 5750 Ordering ablation.

A-GCRT operating points

A-GCRT-M5 A-GCRT on WIFA-SFT groups with mar-
gin m = 5. 5750 Lower-margin trade-off

point.

A-GCRT-M10 A-GCRT on WIFA-SFT groups with mar-
gin m = 10. 5750 Higher-margin trade-off

point.

Table 7: Training-data variants used in the main experiments and ablations. For harmful groups, 9 forms include 7
matched wrapped forms and 2 direct-form refusal-anchor instances; benign groups use 7 matched wrapped forms.

Check Result

Exact string overlap 0
Normalized string overlap 0

Normalization Lowercase, strip punctuation,
normalize whitespace

Semantic inspection A few related high-level intents;
no duplicated prompts

Table 8: Overlap check between the 250 Qwen harmful
training seeds and HarmBench behavior strings.

fixed without implying identical target text across
baselines.

B.2 Optimization Hyperparameters

Table 9 summarizes the verified training settings.
All final LoRA configurations target attention
projections only: q_proj, k_proj, v_proj, and
o_proj. The final method does not use feed-
forward LoRA target modules.

Table 10 lists the A-GCRT-specific settings used
for the two main operating points.

B.3 A-GCRT Objective Details

The main text defines the A-GCRT objective; Fig-
ure 5 gives a schematic view and this appendix
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Recipe Optimizer / schedule Batch and length Padding and LoRA

Qwen

Qwen SFT / WIFA-SFT AdamW; LR 2×10−5; weight decay 0.01; 3 epochs;
bf16; seed 42 Batch size 2; max length 1024 Left padding; rank 16; alpha 32;

dropout 0.05

Qwen WIFA-Boost AdamW; LR 2×10−5; weight decay 0.01; 3 epochs;
bf16; seed 42 Batch size 2; max length 1024 Left padding; rank 16; alpha 32;

dropout 0.05

Qwen A-GCRT AdamW; LR 2×10−5; weight decay 0.01; 3 epochs;
bf16; seed 42

Group batch 1; grad. accum. 4; 3
forms/group; max length 768

Left padding; rank 16; alpha 32;
dropout 0.05

Llama HH setting

Llama HH SFT HF Trainer AdamW; LR 2×10−5; weight decay 0.0;
cosine schedule; warmup 0.03; 3 epochs; bf16; seed 42

Batch size 2; grad. accum. 4; max
length 1280

Right padding; rank 16; alpha
32; dropout 0.0

Llama HH WIFA-Boost AdamW; LR 2×10−5; 3 epochs; bf16; seed 42 Batch size 2; grad. accum. 4; max
length 1280

Right padding; rank 16; alpha
32; dropout 0.0

Llama HH A-GCRT AdamW; LR 2×10−5; weight decay 0.01; 3 epochs;
bf16; seed 42

Group batch 1; grad. accum. 4; 3
forms/group; max length 768

Right padding; rank 16; alpha
32; dropout 0.0

Table 9: Training hyperparameters used in the final runs.

Figure 5: A-GCRT training objective. A-GCRT samples wrapper forms from the same underlying intent group,
computes a refusal-minus-compliance decision score after the intent-analysis marker, and applies Lvar for wrapper
consistency plus Lanchor to push harmful and benign group means to opposite sides of a margin. The objective uses
no auxiliary classifier, reward model, or preference pairs.

A-GCRT setting A-GCRT-M5 A-GCRT-M10

λgcr 0.3 0.3
Margin m 5.0 10.0
Anchor weight γ 1.0 2.0
Forms per group 3 3
Group batch size 1 1
Gradient accumulation 4 4

Table 10: A-GCRT-specific hyperparameters for the two
main operating points.

gives the implementation details.
A-GCRT constructs minibatches from intent

groups rather than independent examples. Each
update samples up to three forms from an intent
group, computes the standard SFT loss on assistant
targets, and adds group-level variance and anchor

losses over decision scores.
The decision position is the first response token

after the closing [/INTENT ANALYSIS] marker. Let
R be the refusal-prefix token set and C the comply-
prefix token set. For an example x, the decision
score is

sθ(x) = max
t∈R

ℓθ(t | x)−max
t∈C

ℓθ(t | x). (6)

For each intent group, Lvar is the within-group vari-
ance of sθ. The anchor hinge loss is max(0,m− s̄)
for harmful groups and max(0,m+ s̄) for benign
groups, where s̄ is the group mean. Thus, harmful
group means are pushed above +m, while benign
group means are pushed below −m. The full ob-
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Set Response-start prefixes

PR

I cannot; I can’t; I’m sorry; I am sorry; Sorry;
I apologize; I’m unable; I am unable; I will
not; I won’t; I must decline

PC
Sure; Here; To; The; 1; First; Yes; No; You;
Certainly; Of course; Absolutely

Table 11: Response-start prefixes used to construct the
decision-prefix token sets. For each tokenizer, we en-
code each prefix and its space-prefixed version, keep
the first token id, and remove duplicates.

jective is

L = LSFT + λgcr (Lvar + γLanchor) . (7)

No auxiliary classifier, reward model, or preference
model is trained.

Appendix C.6 reports a Qwen decision-score cal-
ibration diagnostic. The diagnostic is mixed: the
score has useful behavior-side association, espe-
cially when positive, but it is not a clean harm-
ful/benign separator or a calibrated inference-time
classifier.

Decision-prefix token sets. A-GCRT uses fixed
refusal- and comply-prefix token sets to compute
the training-time decision score. These sets are not
learned classifiers and are not used as inference-
time safety rules. Table 11 lists the response-start
prefixes used in our implementation.

For tokenizer τ , let firstτ (p) denote the first to-
ken id produced by encoding prefix p. We instanti-
ate Rτ and Cτ by taking the unique first-token ids
from p and “ " + p for all p ∈ PR and p ∈ PC ,
respectively. The decision score uses the maximum
next-token logit over these tokenizer-specific sets.
The decision position is the first response token af-
ter the closing [/INTENT ANALYSIS] marker, after
skipping whitespace and newline characters; in a
causal LM, the score is computed from the logits
at the preceding prediction position.

Scope relative to preference pairs. WIFA-Boost
is a training recipe over WIFA-constructed exam-
ples and could in principle be instantiated with
other optimization objectives. A-GCRT, however,
relies on same-intent wrapper groups and group-
level decision scores: Lvar requires multiple sur-
face forms of the same intent, and Lanchor requires
harmful/benign group direction. Ungrouped pref-
erence pairs therefore do not directly provide the
structure needed by A-GCRT. Extending WIFA-

Figure 6: Corrected capability evaluation protocol. A
fixed benign intent-analysis prefix is used only for
pure capability benchmarks to isolate task solving from
analysis-format generation; safety-overlap benchmarks
are evaluated without this prefix so refusal and compli-
ance behavior surface naturally.

style intent groups to preference optimization is a
natural future direction.

B.4 Benchmark Details
HarmBench contains 200 standard behaviors in
our filtered evaluation file. SORRY-Bench con-
tains 440 prompts for the base set and 440
prompts for each mutation set: Caesar, logical ap-
peal, misrepresentation, slang, and technical terms.
StrongREJECT contains 313 forbidden prompts.
OR-Bench-Hard contains 1319 benign-sensitive
prompts. XSTest contains 450 prompts, split into
250 safe and 200 unsafe prompts. Capability is
measured with a 1000-example stratified MMLU
sample drawn from a 14042-example evaluation
pool and the full 1319-example GSM8K test set.

For unseen attack families, we use 15 attack fam-
ilies generated separately from the WIFA training
wrappers and report attack success rate or its com-
plement, refusal rate, with the direction stated in
each table. These attacks support evaluation be-
yond fixed-wrapper memorization, but they are not
an adaptive-attack guarantee.

B.5 Generation, Judging, and Summaries
Figure 6 clarifies that the corrected protocol is ap-
plied to all methods, including base models, and
that the prefix is not used for safety or over-refusal
benchmarks.

Safety and over-refusal responses are generated
with deterministic decoding and a 512-token re-
sponse budget. Capability responses use determin-
istic decoding with a 1024-token response budget,
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except MMLU, which uses 256 new tokens. The
capability generator prepends a fixed benign intent-
analysis prefix for MMLU and GSM8K to isolate
task solving; XSTest and StrongREJECT explic-
itly do not use this prefix, so refusal behavior is
measured directly.

HarmBench and SORRY-Bench use their
official-prompt judging format, routed through
Qwen2.5-72B-Instruct with temperature 0. OR-
Bench uses the official three-way direct-answer,
direct-refusal, and indirect-refusal judgment for-
mat with the same judge model and tempera-
ture. XSTest uses a three-way compliance/refusal
prompt, MMLU and GSM8K use rule-based an-
swer extraction, and StrongREJECT uses the GPT-
4o rubric evaluator.

B.6 Compute and Environment

The main runs used a non-identifying multi-GPU
compute node with eight NVIDIA A100-PCIE-
40GB GPUs, AMD EPYC 7763 CPUs, and ap-
proximately 503 GiB system memory. Training
used bfloat16 model loading and LoRA adapters
rather than full-parameter fine-tuning. Detailed
script names and artifact paths are provided in the
released artifact README.

C Full Results and Response Case Studies

This appendix provides fuller evidence behind the
compact result tables and analyses in the main pa-
per. It includes full safety, over-refusal, capability,
reproduced-baseline, ablation, unseen-attack, and
judge-reliability matrices.

Metric abbreviations. We use the metric abbre-
viations defined in Section 4. In appendix tables,
arrows in column headers indicate metric direc-
tion; values are percentages unless otherwise noted,
except SR Mean.

C.1 Full Main-Method Results

The full matrices reinforce the main-text frontier:
Qwen A-GCRT-M5 is the only main method below
base OR in Table 12, while WIFA-Boost gives the
strongest transformed-harmful refusal among the
Qwen main methods. Table 12 also shows that
Llama repeats the broad separation between safety-
oriented and low-over-refusal operating points, but
not the below-base OR result. The subtype columns
also show why the main text treats WIFA-Boost
and A-GCRT as different operating points rather
than a single uniformly better method.

C.2 Unseen Attack Families

These attack families are separate from the fixed
WIFA training wrappers, so Figure 2 and Table 13
probe beyond direct template memorization. The
reduced attack success rates for trained methods
support beyond-wrapper generalization, especially
compared with the base model, but the family-level
variation shows that robustness is uneven. These re-
sults should not be read as adaptive-proof because
an attacker could still optimize directly against the
trained model.

C.3 Capability and Auxiliary Safety
Diagnostics

These diagnostics use the corrected capability pro-
tocol for all methods, including base models; the
MMLU and GSM8K columns in Table 14, visu-
alized in Figure 8, show that Llama MMLU is
less damaged by A-GCRT than by WIFA-SFT,
while GSM8K remains sensitive. This supports
a bounded capability claim: A-GCRT avoids the
largest MMLU degradation from direct WIFA-SFT,
but it does not fully preserve capability.

XSTest and StrongREJECT should be read as
safety-overlap diagnostics rather than pure capabil-
ity benchmarks because they intentionally expose
refusal/compliance behavior on prompts near the
safety boundary. Figure 9 shows the desired di-
rection as lower safe-prompt refusal with higher
unsafe-prompt refusal, complementing the full di-
agnostic matrix in Table 14.

GSM8K error audit. Because Llama A-GCRT
retains MMLU much better than GSM8K, we audit
existing corrected-protocol GSM8K responses to
understand the failure mode. The aggregate counts
match the final capability table: Llama Base solves
1128/1319 examples, while A-GCRT-M5 and A-
GCRT-M10 solve 899/1319. We then sample 100
Base-correct/A-GCRT-M5-wrong items, 30 both-
correct items, and 30 both-wrong items using seed
42. The sample is intentionally enriched for A-
GCRT-M5 errors and is not a representative accu-
racy estimate.

The diagnostic indicates that the Llama GSM8K
drop is not primarily caused by safety refusals: no
sampled A-GCRT-M5 error is labeled as a safety-
style refusal. Instead, most errors are ordinary
arithmetic, incomplete-reasoning, or degenerate-
generation failures. This supports the main-text
interpretation that the corrected prefix removes the
main intent-format artifact, while long-form nu-
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Method HB ↑ SB-base ↑ SB-caesar ↑ SB-logical ↑ SB-misrep ↑ SB-slang ↑ SB-tech ↑ SB-avg5 ↑ SB-avg6 ↑ OR ↓

Qwen
Base 92.0 66.4 10.2 0.0 0.2 49.5 50.5 22.1 29.5 25.7
Harmful-Only SFT 98.5 79.1 17.0 10.2 28.4 72.0 65.7 38.7 45.4 65.6
WIFA-SFT 99.5 81.1 96.4 21.6 49.3 77.3 73.6 63.6 66.6 69.7
WIFA-Boost 98.5 77.3 91.4 23.2 59.3 75.2 69.5 63.7 66.0 56.0
A-GCRT-M5 98.0 63.4 97.3 9.3 20.9 56.1 49.8 46.7 49.5 17.4
A-GCRT-M10 99.5 71.1 98.9 9.3 28.9 65.2 57.5 52.0 55.2 40.7

Llama
Base 89.5 73.9 8.4 6.1 7.5 68.2 65.9 31.2 38.3 28.4
Harmful-Only SFT 100.0 92.0 59.8 65.0 75.2 88.6 90.2 75.8 78.5 89.3
WIFA-SFT 100.0 83.9 95.2 37.7 37.7 77.0 70.9 63.7 67.1 53.0
WIFA-Boost 99.5 79.5 96.8 13.6 10.5 75.5 67.5 52.8 57.2 39.8
A-GCRT-M5 98.5 75.5 95.9 6.1 17.3 68.9 65.9 50.8 54.9 40.1
A-GCRT-M10 98.5 77.7 92.0 10.9 23.0 70.0 68.2 52.8 57.0 45.3

Table 12: Full safety and OR results across Qwen and Llama. Metric abbreviations are defined in Section 4.

Figure 7: Safety–over-refusal frontier across Qwen and Llama settings. WIFA-Boost provides a safety-oriented
operating point, while A-GCRT-M5 gives the low-OR Qwen operating point. Reproduced baselines are shown with
separate marker styles when included.

Method AIM AntiGPT BetterDAN DevR DevV2 AutoDAN DeepInc. Cipher Fuzzer ICA PAIR Rand. ReNeLLM Past Future Avg ↓

Base 88.0 81.0 44.0 58.5 54.5 72.5 68.0 10.0 49.0 1.0 55.5 71.5 28.0 29.0 14.5 48.3
Harmful-Only SFT 1.0 5.5 2.0 25.5 12.0 8.0 11.5 8.5 5.0 7.0 15.5 10.5 20.0 15.0 7.5 10.3
Joint WIFA+Plain SFT 18.0 17.0 10.0 8.5 12.0 14.5 0.0 1.0 17.0 1.5 8.5 8.0 11.0 3.5 6.5 9.1
WIFA-Boost 13.5 14.5 9.5 17.0 18.0 13.5 0.0 17.5 8.5 3.0 1.0 10.5 7.5 4.5 4.0 9.5
A-GCRT-M5 5.0 21.0 12.5 6.5 28.5 40.5 4.0 0.0 16.5 4.0 26.5 54.0 12.5 11.5 9.0 16.8
A-GCRT-M10 6.0 23.0 3.5 2.5 10.0 29.0 11.0 0.0 16.0 7.0 32.0 54.5 6.5 12.5 4.5 14.5

Table 13: Unseen attack-family breakdown in the Qwen setting. Values are attack success rates, so lower is better.
Highlighted cells mark the lowest ASR in each attack family.

merical reasoning remains sensitive to alignment
training.

C.4 Full Baseline Results

Prompt-time baselines can raise safety by chang-
ing the inference context, but Table 16 shows that
this often comes with higher OR or no-answer be-
havior. Training-time baselines are stronger com-

parisons because they update model parameters
under the matched WIFA-SFT prompt distribution,
yet they still do not reproduce A-GCRT’s low-OR
point. The table reports both safety/OR and ca-
pability metrics, allowing reviewers to compare
refusal gains against MMLU and GSM8K move-
ment rather than treating any baseline as only a
safety number.
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Figure 8: Capability change relative to the base model under the corrected capability evaluation protocol. All
methods, including base models, are evaluated under the same corrected setting.

Method StrongREJECT XSTest Capability

Safe ↑ Mean ↓ SafeRef ↓ UnsafeRef ↑ Unk. MMLU ↑ NoAns GSM8K ↑ NoAns

Qwen
Base 96.65 0.0335 10.68 88.5 16 70.1 0 89.39 0
Harmful-Only SFT 98.72 0.0128 14.22 88.5 18 70.4 0 90.6 0
WIFA-SFT 99.36 0.0064 20.0 93.0 20 68.4 0 82.79 0
WIFA-Boost 97.12 0.0288 20.88 96.48 2 67.9 0 79.0 0
A-GCRT-M5 92.41 0.0759 16.29 93.0 29 69.0 0 83.7 0
A-GCRT-M10 97.6 0.0240 15.86 96.0 23 68.5 0 84.61 0

Llama
Base 97.88 0.0212 9.66 94.29 72 67.4 0 85.52 0
Harmful-Only SFT 99.44 0.0056 24.67 98.17 59 66.5 0 86.05 0
WIFA-SFT 98.56 0.0144 28.15 97.45 55 57.2 0 46.25 1
WIFA-Boost 99.2 0.0080 17.65 98.11 53 61.8 0 54.97 0
A-GCRT-M5 96.88 0.0312 9.24 92.31 69 67.2 0 68.16 0
A-GCRT-M10 98.2 0.0180 8.12 95.04 95 67.6 0 68.16 0

Table 14: Corrected capability and auxiliary safety diagnostics. MMLU and GSM8K use the corrected capability
protocol with a fixed benign intent prefix for all methods, including base models. XSTest and StrongREJECT are
evaluated without that prefix.

Error type Count Percent

Arithmetic error 48 36.9
Incomplete reasoning 37 28.5
Repetition / degenerate 24 18.5
Extraction / format 14 10.8
Other 7 5.4

Table 15: GSM8K error audit for sampled A-GCRT-M5
incorrect responses in the Llama setting. The sample
is enriched for A-GCRT-M5 errors; percentages are
computed over 130 incorrect sampled responses.

SIRL is a reported-only external reference, not
a reproduced baseline in our protocol. From

the SIRL paper’s Table 2, Qwen2.5-7B-Instruct
+SIRL reports 99.9 JailbreakBench DSR, with ca-
pability values 48.9 BBH, 47.7 AlpacaEval, 78.6
MATH-500, 47.2 AMC, 38.6 HumanEval, 57.6
LiveCodeBench, and 65.7 TruthfulQA (Shen et al.,
2025). From the same paper’s Table 3, Qwen2.5-
7B-Instruct +SIRL reports OR-Bench safe/unsafe
refusal of 47.2/98.7 and XSTest safe/unsafe refusal
of 6.0/85.0. The paper also reports Llama-3.1-8B-
Instruct +SIRL at 99.1 JailbreakBench DSR in Ta-
ble 2, but its over-refusal table reports Llama-3.2-
3B rather than Llama-3.1-8B. We therefore cite
these values only as reported external context, not
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Figure 9: XSTest safe/unsafe refusal trade-off. Preferred behavior lies toward lower safe-prompt refusal and higher
unsafe-prompt refusal.

Method HB ↑ SB-avg5 ↑ SB-mis ↑ OR ↓ XS SafeRef ↓ XS UnsafeRef ↑ SR Safe ↑ SR Mean ↓ MMLU ↑ GSM8K ↑

Prompt-time defenses
Qwen
Self-Reminder 92.5 22.7 0.0 29.4 12.4 89.0 96.37 0.0363 66.6 92.27
Intention Analysis 98.5 43.2 15.2 64.1 14.2 89.0 98.04 0.0196 68.2 68.99
Goal Priority 100.0 36.0 5.0 67.2 29.3 97.5 99.20 0.0080 59.1 82.87
Llama
Self-Reminder 98.0 37.1 10.2 48.4 12.1 98.8 99.44 0.0056 61.9 79.61
Intention Analysis 100.0 60.6 26.6 83.0 20.6 98.5 98.56 0.0144 63.6 83.47
Goal Priority 99.0 56.3 12.5 49.1 24.0 96.8 98.76 0.0124 57.1 77.71

Training-time defenses
Qwen
Vanilla Refusal-SFT 99.5 36.0 18.4 78.9 14.4 92.0 98.64 0.0136 67.5 88.93
LookAhead Tuning 87.5 42.7 42.5 50.6 14.0 91.5 96.21 0.0379 60.8 28.81
RATIONAL 99.5 59.0 42.0 87.9 24.0 99.5 99.76 0.0024 3.2 33.13
Llama
Vanilla Refusal-SFT 99.0 53.5 13.4 75.4 11.6 93.0 99.12 0.0088 62.8 44.50
LookAhead Tuning 98.0 52.4 47.3 68.7 18.8 78.5 98.92 0.0108 45.8 9.86
RATIONAL 98.0 54.5 18.0 52.7 10.8 98.5 99.08 0.0092 33.0 26.69

Table 16: Reproduced baseline results across Qwen and Llama. Prompt-time defenses are evaluated without
model updating, while training-time defenses are reproduced under the matched prompt-distribution protocol.
StrongREJECT columns report safety score and raw harmful-compliance mean.

as rows in our reproduced baseline tables or as
directly comparable operating points.

C.5 Ablation Tables

Figure 10 summarizes the role of each ablation.
Data-structure and ratio ablations test whether
WIFA’s matched harmful/benign wrapper construc-
tion is necessary. The WIFA-Boost ordering abla-
tion separates two-stage order from exposure to the
same unique examples. The A-GCRT learning-rate
and component ablations test whether the low-OR
operating point can be reproduced by stronger SFT,
variance-only regularization, or anchor-only regu-

larization. Margin and unseen-attack analyses then
characterize operating-point selection and general-
ization beyond fixed training wrappers.

The detailed ablations rule out distinct alterna-
tives to the main frontier interpretation: Table 17
tests whether harmful-wrapper exposure alone is
enough, and shows that harmful-only and naive
benign augmentation remain high-OR even when
safety metrics increase. The ratio scan asks whether
WIFA’s behavior is just a benign-data-volume ef-
fect; Table 18 and Figure 11 show that no scanned
ratio dominates both transformed-harmful refusal
and OR. The ordering ablation tests whether WIFA-
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Figure 10: Ablation map. The ablations are organized around the main alternative explanations: whether matched
benign wrappers are necessary for WIFA, whether the WIFA-Boost two-stage order matters beyond data exposure,
whether A-GCRT can be explained by stronger SFT or a single loss component, and whether margin and anchor
settings select different safety–over-refusal operating points.

Method Benign
data

Wrapped
benign

Intent
analysis HB ↑ SB-caesar ↑ SB-logical ↑ SB-misrep ↑ SB-slang ↑ SB-tech ↑ SB-avg5 ↑ OR ↓

Harmful-Only SFT no no no 98.5 17.0 10.2 28.4 72.0 65.7 38.7 65.6
Naive Benign-Augmented SFT yes no no 99.0 13.0 6.8 31.6 83.2 69.3 40.8 72.7
Wrapped-Benign SFT w/o Intent Analysis yes yes no 98.5 15.2 16.6 37.3 80.0 68.9 43.6 76.0
Plain-Benign Intent SFT yes no yes 99.0 57.0 4.1 24.5 78.9 73.2 47.5 52.9
WIFA-SFT yes yes yes 99.5 96.4 21.6 49.3 77.3 73.6 63.6 69.7

Table 17: Full Qwen data-structure ablation. Benign data indicates whether benign examples are included; Wrapped
benign indicates whether benign examples are transformed into wrapped forms; Intent analysis indicates whether
the target response contains an explicit intent-analysis segment. Higher HB and SORRY-Bench refusal rates are
better; lower OR-Bench over-refusal is better.

Boost is merely exposure to the same examples;
Table 19 shows that reversing the order collapses
on difficult mutations, while WIFA-Boost remains
safety-oriented. The LR/component and margin ab-
lations test whether A-GCRT is just stronger SFT
or a single regularizer; Table 20 shows that full
A-GCRT is needed for the low-OR point, while
Table 21 and Figure 3 show that margins select
operating points rather than forming a monotonic
dial.

C.6 Decision-Score Diagnostics

The A-GCRT objective uses a decision-position
score during training. Table 22 evaluates whether
this score behaves like a refusal/compliance proxy
on Qwen main-method outputs after free gener-
ation. The result is mixed. Label-side harm-
ful/benign separation is weak, so the score should
not be read as an intent classifier. Behavior-side

Figure 11: Benign-to-harmful ratio scan under WIFA-
style training. The default WIFA-SFT ratio is marked;
moderate ratios are more stable, and no scanned ratio
dominates both safety and over-refusal.

association is more useful: positive scores have
high precision for refusal behavior, although recall
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Method b/h Harmful Benign HB↑ SB-caesar↑ SB-logical↑ SB-misrep↑ SB-avg5↑ OR↓

WIFA-r0.25 0.25 2250 562 98.0 36.1 4.5 13.4 40.8 75.0
WIFA-r0.50 0.50 2250 1125 95.0 88.2 4.8 9.8 47.1 49.1
WIFA-r1.00 1.00 2250 2250 98.5 57.7 11.8 25.9 48.3 64.1
WIFA-r1.50 1.50 2250 3375 99.5 94.1 13.9 41.8 60.3 67.1
WIFA-SFT 1.56 2250 3500 99.5 96.4 21.6 49.3 63.6 69.7
WIFA-r2.00 2.00 2250 4500 99.5 88.6 3.2 9.8 48.0 58.2

Table 18: Benign-to-harmful ratio scan under WIFA-style training. b/h is the benign-to-harmful example ratio. The
selected WIFA-SFT setting achieves the strongest transformed-harmful robustness in this scan, while lower-OR
ratios do not dominate safety metrics.

Method Order / construction HB ↑ SB
caesar ↑

SB
logical ↑

SB
misrep ↑

SB
slang ↑

SB
tech ↑

SB
avg5 ↑ OR ↓

Joint WIFA+Plain SFT one-stage joint 94.5 95.9 8.0 22.5 75.5 68.0 54.0 46.8
Reverse WIFA-Boost plain → WIFA 92.0 9.8 0.0 0.2 49.3 51.8 22.2 31.3
WIFA-Boost WIFA → plain 98.5 91.4 23.2 59.3 75.2 69.5 63.7 56.0

Table 19: Two-stage ordering ablation in the Qwen setting. WIFA-Boost preserves the strongest difficult SORRY-
Bench mutation refusal, while the reverse order has lower OR only because transformed-harmful refusal collapses.

Method Setting HB ↑ SB-caesar ↑ SB-logical ↑ SB-misrep ↑ SB-slang ↑ SB-tech ↑ SB-avg5 ↑ OR ↓

Stronger SFT baselines
WIFA-SFT LR 2e-5, 3 ep 99.5 96.4 21.6 49.3 77.3 73.6 63.6 69.7
WIFA-SFT LR 4e-5, 1 ep 99.0 98.6 9.3 20.2 79.3 70.0 55.5 68.1
WIFA-SFT LR 6e-5, 1 ep 97.5 97.3 9.1 18.4 76.1 67.7 53.7 66.3
WIFA-SFT LR 4e-5, 3 ep 99.0 96.4 21.8 40.0 78.6 75.7 62.5 76.8
WIFA-SFT LR 6e-5, 3 ep 99.0 87.0 20.0 43.6 75.9 69.8 59.3 82.9

Single-component losses
Var-only GCRT LR 2e-5, 3 ep 98.0 90.0 9.8 18.9 74.5 63.0 51.2 74.5
Anchor-only GCRT LR 2e-5, 3 ep 97.0 93.0 9.8 23.0 67.7 59.5 50.6 48.7

Full objective
A-GCRT-M5 LR 2e-5, 3 ep 98.0 97.3 9.3 20.9 56.1 49.8 46.7 17.4

Table 20: A-GCRT equivalence and component ablations. Higher HB and SB values are better; lower OR is better.

Setting m γ HB ↑ SB-base ↑ SB-caesar ↑ SB-logical ↑ SB-misrep ↑ SB-slang ↑ SB-tech ↑ SB-avg5 ↑ SB-avg6 ↑ OR ↓

A-GCRT (m = 2.5, γ = 1) 2.5 1 95.5 67.7 98.4 7.5 16.4 65.0 53.0 48.0 51.3 29.3
A-GCRT-M5 5.0 1 98.0 63.4 97.3 9.3 20.9 56.1 49.8 46.7 49.5 17.4
A-GCRT (m = 7.5, γ = 1) 7.5 1 97.5 69.3 98.6 6.1 20.2 68.2 54.8 49.6 52.9 49.4
A-GCRT (m = 10, γ = 1) 10.0 1 97.5 74.3 87.0 3.4 7.0 71.8 59.5 45.8 50.5 61.3
A-GCRT-M10 10.0 2 99.5 71.1 98.9 9.3 28.9 65.2 57.5 52.0 55.2 40.7

Table 21: A-GCRT margin and anchor-weight scan in the Qwen setting. All values except m and γ are percentages.
Shaded rows are the two main operating points used in the paper. Highlighted cells mark the best and second-best
values on the primary scan metrics, SB-avg5 and OR. The scan shows that margin and anchor weight select operating
points rather than forming a monotonic improvement curve.

is low. This supports using the score as a training-
time regularizer while limiting its interpretation.

We therefore view the two diagnostics as com-
plementary. Generation-side calibration tests
inference-adjacent behavior and cautions against
using the score as a standalone classifier. Target-
forced group calibration removes free-generation
marker dependence and matches the A-GCRT
training objective more closely; Table 23 reports

whether the score provides a group-level regular-
ization signal when the intent-analysis target prefix
is present.

The target-forced diagnostic should not be read
as free-generation calibration: the intent-analysis
target prefix is supplied. Its purpose is to check
whether the score behaves as a training-time group
signal. Held-out marker missing is lower, but the
held-out group split has only 20 harmful groups;
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Method Label Acc Label AUROC Behav. Agree Pos. Ref. Prec. Refusal Recall Label Missing Behav. Missing

WIFA-SFT 0.392 0.374 0.789 0.788 0.569 0.408 0.337
WIFA-Boost 0.433 0.366 0.722 0.630 0.802 0.175 0.150
A-GCRT-M5 0.551 0.453 0.726 0.923 0.279 0.143 0.220
A-GCRT-M10 0.478 0.420 0.744 0.917 0.282 0.215 0.243

Table 22: Qwen decision-position score calibration diagnostics. Label-side metrics test whether score sign separates
harmful from benign examples; behavior-side metrics test whether score sign agrees with refusal/compliance
behavior. The score is not a clean harmful/benign classifier, but positive scores have high precision for refusal
behavior. Missing-marker rates are reported because score computation requires the closing intent-analysis marker.

Method Sample Acc Sample AUROC Group Acc Group AUROC Group Var. ↓ Margin Sat. ↑

WIFA-SFT 0.954 1.000 0.955 1.000 0.2125 –
WIFA-Boost 0.941 1.000 0.940 1.000 0.2872 –
A-GCRT-M5 1.000 1.000 1.000 1.000 0.0099 0.975
A-GCRT-M10 1.000 1.000 1.000 1.000 0.0125 0.995

Table 23: Target-forced Qwen decision-score calibration on WIFA intent groups. Scores are read after the target
intent-analysis marker without generation; group metrics evaluate training-time regularization behavior rather than
inference-time classifier calibration.

Method Judge HB ↑ OR ↓ SB-base ↑ SB-caesar ↑ SB-logical ↑ SB-misrep ↑ SB-slang ↑ SB-tech ↑ SB-avg5 ↑

Base Qwen-72B 92.0 25.7 66.4 10.2 0.0 0.2 49.5 50.5 22.1
Base GPT-4o 93.0 23.2 77.5 97.7 3.4 10.9 68.0 60.9 48.2
A-GCRT-M5 Qwen-72B 98.0 17.4 63.4 97.3 9.3 20.9 56.1 49.8 46.7
A-GCRT-M5 GPT-4o 98.5 16.6 77.3 100.0 22.0 41.6 70.7 62.7 59.4

Table 24: Cross-judge reliability check for headline metrics and SORRY-Bench subtypes. Highlighted columns
mark the headline metrics used in the main discussion. GPT-4o is used as an independent check; higher HB/SB and
lower OR are better.

we therefore report train-sampled group diagnos-
tics as a training-objective check. WIFA-SFT al-
ready separates harmful and benign targets under
this context, so A-GCRT’s distinctive effect is not
creating separation from scratch. Instead, A-GCRT-
M5/M10 reduce within-intent score variance by
roughly 94–95% relative to WIFA-SFT and satisfy
the intended margin constraints, supporting the use
of the score for group-level regularization.

C.7 Judge Reliability
The cross-judge check focuses on the direction of
the OR result rather than exact agreement on every
subtype. Table 24 shows that A-GCRT-M5 remains
below the Qwen base model under both Qwen-72B
and GPT-4o judging, supporting the main over-
refusal claim as more than a single-judge artifact.
The same table also shows that SORRY-Bench sub-
type values are more judge-sensitive, especially for
transformed subtypes; we therefore treat subtype-
level cross-judge numbers as diagnostic evidence
rather than the foundation of the main conclusion.
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