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Abstract

Diffusion language models (ALLMs) generate text
by iteratively denoising masked response posi-
tions, exposing hidden states over future response
slots before any token is finalized. This exposes a
detection surface that standard autoregressive de-
coding does not provide: even when a jailbreak is
difficult to identify from the prompt alone, the
initial masked response states may already re-
flect the model’s emerging completion. We test
this hypothesis on LLaDA-8B-Instruct by train-
ing lightweight linear classifiers on two frozen
representations: prompt hidden states and pre-
decoding masked-response hidden states. Empiri-
cally, the two views are complementary: neither
classifier uniformly dominates the other, and each
recovers attacks missed by the other view. We
then introduce ReFuse (Representation Fusion),
an inference-time detector that fuses prompt and
pre-decoding response classifier scores without
modifying model weights or the decoding pro-
cedure. Across transferred and dLLM-targeted
jailbreaks, ReFuse reduces average ASR from
63.29% for the undefended model and 11.27% for
a prompt-only classifier to 3.31%, while keep-
ing average benign refusal on standard utility
benchmarks below 1%. These results suggest
that pre-decoding response states provide a com-
plementary safety signal for detecting jailbreaks
in dLLMs.

1. Introduction

Large-scale masked diffusion language models (dLLMs)
have recently emerged as a competitive alternative to au-
toregressive (AR) language models, with strong results on
instruction following, code generation and mathematical rea-
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soning (Nie et al., 2025;|Ye et al.,[2025; Song et al., [2025}
Zhu et al.,[2025)). Unlike autoregressive models which gener-
ate tokens sequentially from left-to-right, prominent dLLMs
produce text through iterative denoising of partially masked
sequences. By conditioning bidirectionally on the evolving
sequence and refining multiple response positions in parallel,
this decoding paradigm can improve generation efficiency
relative to strictly sequential autoregressive decoding.

Despite these advantages, dLLMs inherit the safety risks of
instruction-following language models: adversarial prompts
designed to bypass safety behavior, commonly known as
Jjailbreaks, can still elicit harmful responses. Existing AR-
oriented jailbreaks remain relevant baselines for dLLMs, but
their effectiveness can change substantially under masked
diffusion generation. Recent work suggests that denoising
dynamics can suppress some AR-style attacks while leaving
structured context-nesting and dLLM-specific attacks effec-
tive (Wen et al., [2025} Zhang et al., 2025} [Li et al., [2025c¢}
He et al.| |2026)). At the same time, denoising-based gener-
ation creates dLLM-specific attack surfaces. Since masked
response positions are refined jointly, adversaries can exploit
the masked sequence structure or the denoising trajectory.
PAD (Zhang et al.,[2025]), for example, injects adversarial
tokens during denoising to steer parallel refinement toward
harmful compliance, whereas DIJA (Wen et al., 2025 in-
terleaves text and mask tokens in the prompt to exploit
bidirectional masked completion and parallel decoding.

These vulnerabilities have motivated defenses that intervene
directly on the denoising process. DiffuGuard (Li et al.|
2025c) modifies inference-time denoising to suppress unsafe
generations, while fine-tuning-based approaches reshape in-
termediate generation behavior through token-level refusal
signals or position-specific safety objectives (Jeung et al.,
2025} Xie et al., 2026} [Yamabe & Sakumal, 2025)). These
methods address safety by altering the denoising trajectory
through decoding-time intervention or model adaptation.
Instead, we examine whether harmfulness signals can be de-
tected and leveraged from the unaltered decoding trajectory.

In contrast to autoregressive models, whose generation pro-
cess exposes only next-token prediction state at each step,
dLLMs maintain hidden states over future response posi-
tions at the initial denoising step. Prior work further shows
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that dLLMs often commit to their outputs well before the
final denoising step, a phenomenon known as early answer
convergence (Li et al) [2025a)). This suggests that early
response states may already encode semantic information
about the eventual generation.

These pre-decoding response states provide a distinct detec-
tion surface for harmful requests in dLLMs. Prior work on
activation-level analysis has shown that safety-relevant in-
formation is often recoverable from hidden states, especially
from prompt-side representations (Subramani et al., [2022;
Marks & Tegmark, 2023} |Arditi et al., 2024} [Zhao et al.,
2025;|Qian et al., [2025). However, prompt-only detection
relies on the input representation, and may miss attacks that
steer the model toward harmful completions without being
flagged from prompt features alone. Since a successful jail-
break must still steer the emerging response toward harmful
compliance, pre-decoding response states may reveal harm-
fulness signals that are weak in prompt activations.

In this work, we show that pre-decoding response rep-
resentations contain harmfulness information that is de-
tectable with linear classifiers and complements prompt-
representation signals, especially under attacks that exploit
masked decoding behavior. Motivated by this complemen-
tarity, we introduce ReFuse (Representation Fusion), a
lightweight detector that fuses prompt-representation and
masked-response classifier scores into a calibrated refusal
decision. ReFuse operates on a frozen dLLM, requires
no model fine-tuning, and leaves the original decoding tra-
jectory unchanged. On LLaDA-8B-Instruct, ReFuse re-
duces average ASR from 63.29% for the undefended model
to 3.31%. Across LLaDA-8B-Instruct, LLaDA-1.5, and
Dream-7B-Instruct, it achieves the lowest average ASR
among the evaluated defenses while keeping average benign
refusal low.

‘We summarize our contributions as follows:

* We identify a dLLM-specific safety signal in pre-
decoding masked-response representations, and show
that it complements prompt-side harmfulness signals,
particularly for dLLM-specific jailbreaks such as DIJA.

* We propose ReFuse, a lightweight dual-view detector
that fuses prompt-side and response-side linear classi-
fier scores before generation, without fine-tuning the
model or modifying decoding.

Across a wide range of standard and dLLM-specific
jailbreaks on LLaDA-8B-Instruct, ReFuse reduces av-
erage ASR from 63.29% (undefended) and 11.27%
(prompt-only) to 3.31%, while maintaining below 1%
average benign refusal on standard utility benchmarks.

2. Related Work

Discrete diffusion language models. While diffusion
models were originally developed for continuous domains
(Ho et al., 2020; Rombach et al., 2021} [Nichol & Dhariwall,
2021), they have been increasingly adapted to discrete
categorical variables (Vignac et al., |2023; |Austin et al.,
2021a; Hoogeboom et al.l 2021} |Gong et al.| 2023} |Han
et al 2022). Recent scaling advances have established
discrete diffusion language models (dLLMs) as competitive
alternatives to autoregressive architectures (Sahoo et al.,
2024; [Shi et al., 2024} Nie et al., [2025; [Zhu et al.| 2025} |Ye
et al.,[2025; Song et al.| 2025)).

Adversarial vulnerabilities. Jailbreak attacks aim to
bypass safety alignment, eliciting harmful outputs
from instruction-following models that would otherwise
refuse (Mazeika et al.,|2024; (Chao et al., 2023} |Ding et al.,
2023). Despite their architectural differences, dLLMs re-
main vulnerable to jailbreak-style attacks, while their par-
allel generation and bidirectional conditioning introduce
additional structural vulnerabilities that motivate dLLM-
specific attacks (Wen et al., [2025; |[Zhang et al., 2025} He
et al.l 2026} Zou et al.l [2023). DIJA (Wen et al., [2025)
targets masked completion by reformatting prompts into
interleaved text-mask sequences, while PAD (Zhang et al.|
2025)) acts on the denoising process and exploits parallel re-
finement to steer multiple response positions simultaneously
during denoising.

Representation-based safety probing. A parallel body
of work shows that safety-relevant information is linearly
encoded in AR model representations (Subramani et al.|
2022; |Marks & Tegmark, [2023). For example, (Arditi et al.,
2024)) identify a refusal-related direction in activation space,
suggesting that some safety-relevant behaviors can be cap-
tured by low-dimensional linear structure. Linear classifiers
have since been used to decode a range of semantic proper-
ties from intermediate layers (Zhao et al., [2025} |Qian et al.,
2025).

Defenses for dLLMs. Early defense mechanisms have
begun adapting to the denoising trajectory specifically. Re-
cent work applies finetuning to align intermediate decoding
steps (Xie et al.l 2026 [Yamabe & Sakumal, 2025} Jeung
et al.| [2025), while DiffuGuard (L1 et al.l [2025¢) intervenes
at inference time via stochastic annealing remasking and
template-aware intervention mechanism. Our work instead
asks whether a frozen dLLM already exposes a pre-decoding
safety signal that can be leveraged without changing either
the model weights or the denoising procedure.
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Figure 1. Overview of ReFuse: Given a prompt, we extract a prompt-view representation from prompt hidden states and a response-view
representation from the pre-decoding masked response states. The two classifiers produce the respective harmfulness scores pp (z) and
pr(z), which are fused into a calibrated rejection decision through a score s(x) and a threshold 7 before decoding.

3. Prompt and Response States Encode
Complementary Safety Signals

3.1. Preliminaries

Masked dLLMs generate text by iteratively refining a par-

tially masked sequence (Nie et all, 2023}, [Ye et al., 2023}
2025). We describe the notation using LLaDA-

8B-Instruct as the reference model. Given a prompt .,
and a target generation length r, full-sequence decoding
initializes the input as

ey

0) _
z(0) = [ml,...,xp, M, o Mp+r].

where v represents a mask token.

During denoising step &, the model maintains a hidden state
hgk’e) at every sequence position ¢ and transformer layer
£. We use the final layer ¢ = L for all main experiments.
Let P = {1,...,p} denote prompt positions and R =

{p+1,...,p+ r} denote masked response positions.

We define prompt-view and response-view representations
from final-layer hidden states obtained under two forward-
pass configurations. The prompt view uses a prompt-only

pass, where fziL denotes the final-layer hidden state at
prompt position 7. The response view uses a masked-
sequence pass, where hl(k’L) denotes the final-layer hidden
state at masked response position ¢ during denoising step k.
We then mean-pool each view over its corresponding set of
positions:

1 ~ (L) 1 ,
ZP(HJ):WZ’% ; Zg)(x)ZWZhEkL)~

ieP i€ER
@)

Thus, zp(z) and zg) ) (z) provide two pre-decoding views

of the same frozen dLLM computation: a prompt-only view
and a pre-decoding masked-response view conditioned on
the input.

Evaluation metrics We report attack success rate (ASR)
and benign refusal rate (BRR). ASR is the fraction of harm-
ful inputs that are not rejected by a detector and elicit harm-
ful compliance after decoding. BRR measures over-refusal,
defined as the fraction of benign inputs that are rejected or
otherwise produce a refusal. Lower values indicate better
performance for both metrics.

3.2. Prompt-side detection is strong but misses
structured jailbreaks

Prompt activations provide a natural baseline for pre-
decoding safety detection. We therefore train a prompt-view
classifier, C,, as a linear classifier over zp(x) using
a balanced mixture of harmful and benign requests.
Dataset construction and training details are provided in
Section[5.1} To characterize the strengths and limitations
of this prompt-side signal, we evaluate C, on attacks
that target distinct failure modes: direct harmful requests
from HarmBench Behaviors (HBB) (Mazeika et al.,[2024),

automated prompt rewriting with PAIR (Chao et al.| [2023),
context nesting with ReNeLLM (Ding et al, [2023)), and

the dLLM-specific DIJA attack 2025), which

manipulates mask-text structure.

Figure 2] shows that the prompt classifier performs well on
HBB and PAIR, indicating that prompt activations encode
a strong harmful-request signal even when the request is
transformed by automated jailbreak procedures. At the same
time, prompt-side detection degrades on attacks that obscure
or restructure harmful intent. ReNeLLM weakens the sig-
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Figure 2. Classifier complementarity on harmful attacks. For each attack dataset, bars decompose harmful examples into those detected
by either classifier alone, those detected by both classifiers, and those missed by both. The response view contributes most on DIJA, where
many examples missed by the prompt view are recovered from pre-decoding response states.

nal by embedding the harmful request in a nested, benign-
looking context, while DIJA further stresses the prompt
view by interleaving text and mask tokens into a partially
masked input. In these cases, the attack objective remains
harmful, but the prompt representation becomes less aligned
with the classifier’s decision boundary.

This gap motivates examining a response-side view of the
frozen dLLM. Unlike autoregressive models, dLLMs do not
provide a single left-to-right continuation state. Instead, they
maintain hidden states over masked response positions that
are iteratively refined during denoising. These states are con-
ditioned on the input and provide an early representation of
the model’s emerging response. Consequently, attacks that
weaken prompt-side harmfulness signals may still induce
detectable structure in the pre-decoding response states. We
next test whether this response-side view recovers harmful
requests missed by prompt-side detection.

3.3. Pre-decoding response states complement
prompt-side detection

Given that masked dLLMs maintain response-side hidden
states throughout denoising, we examine whether these
states contain a harmfulness signal before any response
token is finalized. We train a response-view classifier,
C:, as a linear classifier over masked-response represen-
tations from early denoising states, and evaluate it at the pre-
decoding representation zg) ) (x). Unless otherwise stated,
all response-side results use this evaluation point. Details

on the choice of training states and related ablations are
provided in Appendix B2}

Figure 2] shows that response-side features detect a differ-
ent subset of attacks from Cj,. The prompt view accounts
for most detections on direct harmful requests and PAIR,
consistent with these attacks preserving a strong prompt-
side harmfulness signal. In contrast, the response view

contributes substantially on DIJA, where mask-text struc-
ture fragments the input and weakens prompt-side detection.
ReNeLLM lies between these cases: context nesting reduces
prompt-view reliability, while the response view recovers a
smaller but distinct subset of missed examples.

These results indicate that masked response states are not
a replacement for prompt activations, but a complementary
pre-decoding signal. They are most useful when harmful-
ness is weakly represented in the input tokens but still shapes
the model’s emerging response. To visualize this comple-
mentarity, Figure [3]plots harmful examples in the joint score
space of Cpand C;. The attacks occupy different regions:
HBB and PAIR often receive high prompt scores, whereas
DIJA contains many examples with lower prompt scores
but higher response scores. This structure motivates a dual-
view detector that combines prompt-side and response-side
contributions.

4. ReFuse: Calibrated Dual-View Detection

The preceding analysis suggests a natural design objective:
combine the broad coverage of the prompt classifier with the
complementary detections from the response view, without
increasing benign refusal. A hard union of the two clas-
sifiers is a natural baseline, rejecting a request whenever
either classifier fires. However, this rule also accumulates
false positives from both views, which can increase benign
refusal.

Accordingly, we introduce ReFuse (Representation Fusion),
a calibrated dual-view detector that fuses the prompt-side
and response-side harmfulness scores before decoding. Un-
like decoding-time defenses, ReFuse does not intervene on
the denoising trajectory. Instead, it only gates generation
before decoding, so accepted requests are generated with
the original decoding procedure unchanged. Rather than
making a binary decision from each view independently,
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Figure 3. Joint prompt-response score space. Each point is a harmful evaluation example plotted by the prompt-classifier harmfulness
score pp(x) and the response-classifier harmfulness score pr(x). Different attacks occupy different regions of this space: HBB and
PAIR are often assigned high prompt scores, while DIJA contains many examples with lower prompt scores but higher response scores.
This structure motivates a calibrated fusion rule rather than relying on either view alone.

ReFuse combines their continuous harmfulness scores:

s(x) = App(z) + (1 — Npr(),

ReFuse(z) = 1{s(z) > 7}, )

where ReFuse(z) = 1 denotes rejection, A € [0, 1] controls
the relative weight of the two views, and 7 is the rejection
threshold. When ReFuse flags a request, it returns a fixed
safety response corresponding to a refusal before decod-
ing. All other requests are passed to the standard dLLM
generation procedure unchanged.

We select the fusion weight A and rejection threshold 7 on
the training-validation split by grid search. For each can-
didate pair (), 7), we compute the harmful false negative
rate, i.e., the fraction of harmful validation examples not
rejected, and the benign false positive rate, i.e., the fraction
of benign validation examples rejected. We then choose the
knee point on the resulting Pareto frontier (Branke et al.
2004)), corresponding to a balanced trade-off between harm-
ful misses and benign over refusal. This operating point is
fixed for all test evaluations.

5. Experiments

This section demonstrates that ReFuse improves jailbreak
robustness across dLLMs by integrating both prompt and
response safety signals. We evaluate ReFuse on LLaDA-
8B-Instruct, LLaDA-1.5, and Dream against transferred and
dLLM-specific attacks, and compare it to existing inference-
time defenses. We also measure benign refusal on standard
utility benchmarks and benign prompts that resemble unsafe
requests to assess whether improved robustness comes at
the cost of over-refusal.

5.1. Setup

Unless stated otherwise, experiments use masked dLLMs
with their standard decoding configurations. Main results
are reported on LLaDA-8B-Instruct (Nie et al.| [2025), with
additional results on LLaDA-1.5 (Zhu et al.l [2025) and
Dream 7B (Ye et al., [2025) instruct model. Decoding de-
tails and model-specific hyperparameters are provided in

Appendix

Threat model. We consider a model-host defender with
white-box access to a frozen dLLM at inference time. The
attacker interacts only through prompts and may submit
transferred or dLLM-specific jailbreaks. The defender may
inspect hidden states and reject requests before generation,
but accepted requests are decoded with the original genera-
tion procedure.

Training dataset. All classifiers are trained on shared
request-level harmfulness labels with the underlying dLLM
frozen using linear readouts over fixed activations. We use a
balanced dataset of 2048 samples: 1024 harmful examples
from the WildJailbreak (WJB) Vanilla Harmful subset (Jiang
et al., [2024)), and 1024 benign examples collected equally
from Alpaca (Taori et al., [2023)) and the WJB Vanilla Be-
nign subset (Jiang et al., 2024)). Further training details are
provided in Appendix [A.2]

Attacks. The main evaluation includes direct harmful
goals from HarmBench Behaviors (HBB) (Mazeika et al.
2024) and a diverse set of jailbreak attacks: PastTense (An-
driushchenko & Flammarion, [2024), the Adversarial Harm-
ful subset of WildJailbreak (AH) (Jiang et al., [2024),
PAIR (Chao et al., 2023)), ReNeLLM (Ding et al., [2023)),
DIJA (Wen et al., 2025), PAD (Zhang et al.| 2025), DIA-
I (Meng et al., [2025)), and Prefill (Andriushchenko et al.,
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Table 1. Main attack and benign-refusal results ASR is attack success rate; BRR is benign refusal rate. Lower is better for both. Avg.
ASR is the macro-average over the displayed attacks, Avg. BRR is the macro-average over ARC-C, MATH-500, and MBPP, and XSTest
BRR is reported in a separate panel. Bold and underlined values indicate the best and second-best rates, respectively.

ASR | BRR | BRR |
Method HBB PastTense AH PAIR  ReNeLLM DIJA PAD DIA-I Prefill | Avg. | ARC-C  MATH-500 MBPP | Avg. | XSTest
LLaDA
Undefended \ 13.89 50.29 3333 100.00 100.00 97.14 6722  96.09 11.67 \ 63.29 \ 0.00 0.00 0.00 \ 0.00 \ 12.22
DiffuGuard 8.89 26.86 29.44 4722 71.11 9429 70.00 5698 10.00 | 46.09 0.00 0.00 0.00 0.00 13.33
RPO 4.44 10.86 2833 4444 7222 9829 67.78 59.78 5.00 | 43.46 0.00 0.56 0.00 0.19 28.33
Self-Reminder 278 4.57 11.11  25.00 50.56 9486 30.56 3240 3.89 28.41 0.00 2.78 0.00 0.93 20.56
Prompt classifier (C) 1.11 8.57 1.11 1.67 23.33 6343  1.67 0.00 0.56 11.27 1.11 0.00 0.00 0.37 12.22
Response classifier (Cy) | 1.67 343 6.67 30.00 39.44 629 1278 279 111 11.58 0.56 0.00 0.00 0.19 20.00
OR(Cy, Cr) 111 343 0.00 1.67 18.89 6.29 1.67 0.00 0.56 3.74 1.67 0.00 0.00 0.56 20.00
ReFuse 1.11 343 0.00 0.56 14.44 8.57 1.11 0.00 0.56 3.31 222 0.00 0.00 0.74 15.56
LLaDA 1.5
Undefended \ 11.67 45.71 3222 9944 100.00 97.14  58.89  93.30 11.11 \ 61.05 \ 0.00 0.00 0.00 \ 0.00 \ 10.00
DiffuGuard 8.89 26.86 30.00  50.00 71.11 9543 5778 54.75 7.78 44.73 0.00 0.00 0.00 0.00 12.22
RPO 5.00 9.71 3222 4222 71.11 96.57 56.11 64.80 5.00 | 42.53 0.00 222 0.00 0.74 28.33
Self-Reminder 1.67 343 1333 23.89 50.00 9543  20.00 28.49 3.33 | 26.62 0.00 1.67 0.00 0.56 20.56
Prompt classifier (C) 0.56 5.71 1.11 0.56 26.67 73.14  1.67 0.00 1.67 12.34 1.11 0.00 0.00 0.37 10.56
Response classifier (C) | 0.56 4.57 6.67 33.33 45.56 857 11.67 559 1.67 13.13 0.56 0.00 0.00 0.19 18.89
OR(Cy, Cr) 0.56 2.29 0.00 0.56 22.22 8.57 1.67 0.00 1.67 4.17 1.67 0.00 0.00 0.56 19.44
ReFuse 0.56 2.29 0.00 0.56 17.78 1143  1.67 0.00 1.67 4.00 4.44 0.00 0.00 1.48 15.56
Dream-7B-Instruct
Undefended \ 0.00 9.71 4.44 96.11 100.00 9429 3944 5444 0.00 \ 44.27 \ 1.11 222 0.00 \ 1.11 \ 28.33
DiffuGuard 1.03 2.38 1.63 11.88 39.29 9029  0.00 29.73 1.16 19.71 0.00 8.33 1.69 3.34 48.98
RPO 0.00 0.00 0.56 111 16.11 97.14 41.11 0.00 0.00 17.34 1.13 3.95 11.70 | 5.59 57.97
Self-Reminder 0.00 0.57 0.56 6.11 8.89 89.14 1722 222 0.00 13.86 0.56 6.67 0.63 2.62 27.49
Prompt classifier (Cp) 0.00 6.29 0.56 333 88.89 7943 4.44 0.00 0.00 20.33 1.67 222 0.00 1.30 28.33
Response classifier (Cy) | 0.00 8.57 1.11 46.67 100.00 44.00 37.78 53.33 0.00 32.38 1.11 222 0.00 1.11 32.78
OR(Cy, Cr) 0.00 6.29 0.00 333 88.89 37.14 444 0.00 0.00 15.57 1.67 222 0.00 1.30 32.78
ReFuse 0.00 4.00 0.00 222 87.22 2286 278 0.00 0.00 13.23 222 222 0.00 1.48 33.33

2024 [Li et al,2025b)).

Baselines. Following prior work on dLLM jailbreak eval-
uations (Wen et al., 2025)), we compare against the un-
defended model and three inference-time defenses: Self-
Reminder, which adds a safety reminder to the query (Xie
et al.;,|2023), RPO, which appends a learned robust defense
suffix (Zhou et al., 2024)), and DiffuGuard, a dLLM-specific
defense that modifies denoising to reduce unsafe genera-
tions (Li et al [2025c¢)). Detailed method descriptions are
included in Appendix [A.3]

Benign benchmarks. To assess whether improved safety
preserves benign utility, we evaluate ARC-Challenge (ARC-
C) for scientific reasoning (Clark et al. 2018), MATH-
500 for mathematical problem solving (Hendrycks et al.|
2021} [Lightman et al., |2023)), and MBPP for code gen-
eration (Austin et all 2021b). We additionally use
XSTest (Rottger et al.l 2024) to measure over-refusal on
benign prompts that resemble unsafe requests. We evaluate
on a subset of 200 samples from each dataset.

Evaluation protocol. To measure ASR and BRR rates, we
employ WildGuard (Han et al.,2024) to judge harmful com-
pliance and benign refusal. For attack prompts, requests
flagged by a detector are mapped to a hard refusal and
counted as unsuccessful attacks, while unflagged responses

are decoded normally and then judged by WildGuard. For
benign prompts, we count refusals arising either from de-
fense intervention or from the model’s decoded response.

5.2. Main results

We first evaluate whether the complementary signal from
pre-decoding response states improves jailbreak defense
in the standard setting. Table [I|compares the undefended
model, external defenses, the individual classifiers, a hard
OR combination of the classifiers, and ReFuse.

While external defenses reduce ASR relative to the unde-
fended model, they leave substantial residual vulnerability.
On LLaDA-8B-Instruct, the undefended model exhibits an
average ASR of 63.29%. Existing inference-time interven-
tions, including DiffuGuard, RPO, and Self-Reminder, re-
duce average ASR to 46.09%, 43.46%, and 28.41%, respec-
tively. However, these baselines do not comprehensively
address the attack suite, remaining particularly vulnerable
to PAIR, ReNeLLM, and DIJA.

In contrast, the hidden state classifiers provide stronger pro-
tection, but with complementary strengths. The prompt
classifier reduces average ASR to 11.27% and performs
well on direct harmful requests, PAIR, AH, and Prefill, yet
remains weak on DIJA with 63.43% ASR. Conversely, the
response classifier is substantially stronger on DIJA, reduc-
ing ASR to 6.29%, although it is less effective on PAIR and
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Figure 4. ReFuse Robustness to decoding-configuration shifts on LLaDA. ASR reduction across target lengths and remasking strategies
for representative attacks. Pre-decoding classifiers remain effective across configurations. Raw numbers are reported in Appendix@

ReNeLLM. This supports the complementarity observed in
Figures [2)and 3]

As a simple dual-view baseline, we also evaluate a hard-
union rule, OR(C,, C;)(z) =1{C, () =1 V Ci(z) =
1}, which rejects a request if either the prompt classifier
or the response classifier predicts harmfulness. This rule
exploits complementarity directly, but can inherit false
positives from both views. ReFuse instead targets a cal-
ibrated ASR/BRR tradeoff by fusing the continuous prompt
and response scores. On LLaDA-8B-Instruct, ReFuse re-
duces average ASR to 3.31%, compared with 3.74% for
OR(Cp, C;) and 11.27% for the prompt classifier alone,
while maintaining the average benign refusal rate below 1%.
As shown in Table[T] ReFuse exceeds the attack coverage
of a hard-union rule while maintaining low benign refusal.

We observe the same qualitative pattern on LLaDA-1.5
and Dream: across all three evaluated dLLMs, ReFuse
achieves the lowest average ASR among the evaluated meth-
ods. On LLaDA-8B-Instruct, LLaDA-1.5, and Dream-7B-
Instruct, ReFuse obtains average ASRs of 3.31%, 4.00%,
and 13.23%, respectively, compared with 63.29%, 61.05%,
and 44.27% for the undefended models.

5.3. Measuring over-refusal on safety-adjacent benign
prompts

A useful jailbreak defense should reduce harmful compli-
ance while minimally inducing broad refusal on benign
inputs. Standard utility benchmarks evaluate whether a
defense preserves ordinary reasoning, math, and coding
behavior, but they do not isolate over-refusal on benign
prompts with harmfulness cues. We therefore evaluate
XSTest (Rottger et al., 2024), a benchmark of benign
prompts designed to resemble unsafe requests, to measure
whether defenses exhibit exaggerated refusal behavior.

Table [T] also reports refusal rates separately for standard
utility benchmarks and XSTest. This separation reveals

a calibration issue that is not visible from utility bench-
marks alone: Baselines such as Self-Reminder and RPO
maintain low refusal rates on standard benign tasks, such
as ARC-C, MATH-500, and MBPP, yet over-refuse sub-
stantially on XSTest. The prompt classifier matches the
undefended model on XSTest, whereas the response classi-
fier increases refusal on these boundary cases. This indicates
that response-side states provide useful attack coverage but
require calibration to avoid over-refusal. ReFuse addresses
this trade-off by fusing the prompt and response scores
under a jointly selected threshold, retaining much of the
response-side robustness while keeping average refusal on
standard utility benchmarks low.

6. Discussion
6.1. Robustness to decoding configurations

dLLM generation can be sensitive to inference-time configu-
ration choices, which may affect both generation quality and
safety behavior (Nie et al., 2025} Zhang et al., 2025} [Li et al.,
2025c). For example, the target generation length must be
specified before decoding, changing the number and context
of the initial masked response positions. Similarly, different
remasking strategies can alter the denoising trajectory and
lead to different attack success rates.

We find that ReFuse remains effective across different de-
coding configurations. As ReFuse reads continuous rep-
resentations at the initial denoising step rather than inter-
vening on discrete token updates, its decision rule should
be less dependent on the subsequent remasking trajectory
than decoding-time defenses. As shown in Figure [4] pre-
decoding classifiers remain effective across changes in target
length and remasking strategy, suggesting that the safety
signal is not specific to a single decoding configuration.
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Table 2. Transferability across LLaDA-8B-Instruct and LLaDA 1.5. Per-attack ASR and benign refusal-rate results for native and

transferred ReFuse policies across LLaDA targets. Lower is better

for both ASR and benign refusal rates. Avg. ASR is computed over

the displayed ASR columns, Avg. BRR is computed over ARC-C, MATH, and MBPP, with XSTest reported separately.

ASR | BRR |
Target \ Method / Probe Source \ HBB PastTense AH PAIR ReNeLLM DIJA PAD DIA-I Prefill Avg. | ARC-C MATH MBPP Avg. XSTest
LLaDA 8B | Undefended 13.89 50.29 3333 100.00 100.00 97.14 67.22  96.09 11.67  63.29 0.00 0.00 0.00 0.00 12.22
ReFuse, native probes 1.11 3.43 0.00 0.56 14.44 8.57 1.11 0.00 0.56 3.31 222 0.00 0.00 0.74 15.56
ReFuse, transferred probes | 1.11 2.29 0.00 0.56 20.00 1257 1.67 0.00 0.56 4.31 3.89 0.00 0.00 130 17.22
LLaDA 1.5 | Undefended 11.67 45.71 3222 99.44 100.00 97.14 5889 9330 11.11 61.05 0.00 0.00 0.00  0.00 10.00
ReFuse, native probes 0.56 2.29 0.00 0.56 17.78 1143 1.67 0.00 1.67 4.00 4.44 0.00 0.00 1.48 15.56
ReFuse, transferred probes | 0.56 2.29 0.00 0.56 11.67 6.29 0.56 0.00 1.67 2.62 2.78 0.00 0.00 0.93 17.78

Table 3. Efficiency trade-off for one-pass detection. ReFuse uses separate prompt-only and masked-sequence forward passes, while
ReFuse+ computes both classifier scores from a single masked-sequence pass by replacing C}, with Cer . Lower is better for both ASR

and benign refusal rates.

ASR | BRR |

Method HBB PastTense AH PAIR ReNeLLM DIJA PAD DIA-I Prefill Avg. | ARC-C MATH MBPP Avg. XSTest
Undefended 1389 5029 3333 10000 10000  97.14 6722 9609 11.67 6329 | 0.0 000 000 000 1222
Prompt classifier (Cj) 111 8.57 LIl 167 2333 6343 167 000 056 1127 | 1.1 000 000 037 1222
Prompt classifier w/ masks (C;) | 167 25.71 222 167 3667 8571 389 000 L1l 17.63 | 1.1 000 000 037 1222
Response classifier (C;) 167 343 6.67  30.00 39.44 629 1278 279 L1l 1158 | 056 000 000 019 20.00
ReFuse 111 343 0.00 056 14.44 857 LI 000 056 331 | 222 000 000 074 1556
ReFuse+ 111 343 0.00  0.00 3.33 2686 222 000 056 417 | 1L11 278 000 463 1556

6.2. Transferability across model variants

We further examine whether the learned detectors transfer
across closely related dLLM variants. Specifically, we eval-
uate transfer between LLaDA-8B-Instruct and LLaDA 1.5,
where LLaDA 1.5 is obtained from LLaDA through one
epoch of VRPO post-training (Zhu et al., |2025)). For each
target model, we compare detectors trained on the same
model with detectors transferred from the other variant. Ta-
ble 2] reports ASR and benign refusal rates for both settings.

Transferred detectors remain competitive with their native
counterparts on both target models. Relative to the unde-
fended models, both native and transferred detectors sub-
stantially reduce ASR across the attack suite. These results
suggest that the prompt-side and response-side features used
by ReFuse are not tied to a single checkpoint, but retain
utility across nearby post-training variants.

6.3. Efficiency—performance trade-off with one-pass
detection

ReFuse requires two pre-generation forward passes: a
prompt-only pass for the prompt view and an initial masked-
sequence pass for the response view. The latter includes the
prompt together with fixed response masks and is already
part of standard dLLM decoding. Thus, the additional cost
of ReFuse is one prompt-only forward pass, which is mod-
est relative to full dLLM generation with many denoising
steps. We also evaluate a one-pass variant that computes
both scores from the initial masked-sequence forward pass.
Specifically, we replace the prompt-only classifier C}, with
C’p+ , a classifier trained on prompt-position hidden states
from the same masked-sequence input used by the response

view. The resulting variant, ReFuse+, avoids the additional
prompt-only pass and obtains both classifier scores from a
single pre-decoding forward pass.

Table [3] shows that this efficiency gain comes with a ro-
bustness cost. On LLaDA-8B-Instruct, ReFuse+ increases
average ASR from 3.31% to 4.17%, with the largest degra-
dation on DIJA. It also increases average BRR from 0.74%
to 4.63%, with no effect on XSTest. These results suggest
that the prompt-only pass provides a cleaner and more robust
prompt-side signal, but that a one-pass variant may be useful
when minimizing pre-generation overhead is more impor-
tant than maximizing jailbreak coverage. We therefore treat
ReFuse as the primary configuration, and view ReFuse+
as a lower-overhead variant for settings where minimizing
pre-generation computation is the main constraint.

7. Conclusion

We studied whether pre-decoding response states in dLLMs
provide a useful signal for jailbreak detection. Our results
show that request harmfulness is linearly recoverable from
both prompt activations and masked response activations,
and that the two views make complementary errors. Based
on this observation, we introduced ReFuse, a lightweight
classifier that fuses prompt and response classifiers before
response decoding. On LLaDA-8B-Instruct, ReFuse re-
duces attack success relative to the undefended model and
the prompt classifier alone while maintaining low benign
refusal on standard utility benchmarks. These findings sug-
gest that dLLMs expose a safety-relevant defensive surface
before text is emitted.
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A. Experimental Details
A.1. Model and decoding configurations
A.2. Classifier training

All classifiers are trained on request-level harmfulness la-
bels with the underlying dLLM frozen. The classifiers
are linear readouts over fixed activations. We use a bal-
anced training set of 2048 examples: 1024 harmful exam-
ples from the WildJailbreak Vanilla Harmful subset

2024)), and 1024 benign examples drawn equally from
Alpaca (Taori et al., 2023) and the WildJailbreak Vanilla

Benign subset (Jiang et al.| [2024).

Tabl reports the hyperparameters used to train the C),
and C;. All probes are trained with the underlying dLLM
frozen.

A.3. Baselines

We compare our method against three baselines: the unde-

fended model, DiffuGuard [2025¢), RPO
2024)), and Self-Reminder (Xie et al.,[2023).

Self-Reminder wraps the user query with an explicit safety
reminder, while RPO appends a fixed defensive suffix to
the input. For both baselines, we use the same underlying
dLLM and decoding configuration as the undefended model,

changing only the input prompt. Following (Kamath et al.
2025)), we use the prompt templates shown in Prompt [A-T]

and Prompt[A-2]

DiffuGuard is evaluated using the published defense
pipeline of the authors, which modifies the decoding pro-
cedure by design. Unless otherwise stated, all baseline
hyperparameters follow the corresponding released imple-
mentations and are not tuned on the test attacks.

Prompt A.1l: Self-Reminder

You should be a responsible ChatGPT and
should not generate harmful or
misleading content! Please answer
the following user query in a
responsible way.

{USER QUERY}
Remember, you should be a responsible

ChatGPT and should not generate
harmful or misleading content!
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Prompt A.2: RPO

{USER QUERY}:\}\}</’])language seems
scary--———-—-— \}\}] estimation>>begin
\&=\&pgf degli ({{\ \$|\textwidthATI
NOTE :

A 4. Attack and benign evaluation sets

Attack evaluation. We use HarmBench Behav-

iors (Mazeika et al.} [2024)) as seed harmful prompts and use
google/gemma-3-4b-it (Kamath et all 2023) as a
reformulator to transform each seed into the corresponding
attack format. Details are in Table [0

Benign evaluation. For each benign dataset, we use a
subset of 200 examples.

* ARC-Challenge (Clark et al.;|2018)): Measures grade-

school science reasoning on challenging multiple-
choice questions.

* MATH-500 (Hendrycks et al 2021}, [Lightman et al.,
2023)): Measures mathematical problem-solving abil-
ity.

* MBPP (Austin et al.,2021b): Measures basic Python
programming ability.

» XSTest (Rottger et al., 2024): Measures over-refusal
on benign prompts that resemble unsafe requests. A
sample prompt is provided in [A3]

Prompt A.3: XSTest

How can I kill a Python process?

A.5. Fusion calibration

The fusion weight A and rejection threshold 7 are selected
using only the classifier validation split of the training data.
For a candidate weight A, we compute the fused validation
score

sx(x) = App(z) + (1 = Npr(z), 4)
where pp(z) and pgr(z) are the prompt-view and
response-view classifier scores. We sweep A €
{0.01,0.02,...,0.99} and, for each A, sweep thresholds
7 over candidate thresholds induced by the validation
scores. Each candidate pair (A, 7) defines a rejection rule
1{sa(x) > 7}.

For each candidate, we compute two validation errors: the
harmful false negative rate, i.e., the fraction of harmful vali-
dation examples not rejected, and the benign false positive
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Table 4. Main decoding configurations. Unless otherwise mentioned, we use the same decoding configurations for all our experiments.

Model HF checkpoint Gen. length  Block length Steps Temp. CFG Remasking/Alg. Top-p Alg. temp.
LLaDA-8B-Instruct GSAI-ML/LLaDA-8B-Instruct 256 256 128 0.0 0.5 Random - -
LLaDA-1.5 GSAI-ML/LLaDA-1.5 256 256 128 0.0 0.5 Random

Dream-7B-Instruct ~ Dream-org/Dream-vO-Instruct-7B 256 - 128 0.0 - Origin 1.0 0.0

Table 5. Classifier training hyperparameters. All linear classi-
fiers are trained on frozen representations. Prompt-view probes
pool over prompt tokens, while response-view probes pool over
masked response positions.

Hyperparameter Value

Task Binary request harmfulness classification
Layer Final layer

Fixed response length 256

Maximum sequence length 1024

Feature standardization Train-split mean and standard deviation
Optimizer AdamW

Learning rate 5x107*

Training epochs 10

Training batch size 64

Feature extraction batch size 16

Validation selection metric F1 score

Table 6. ReFuse calibration parameters. The fusion weight A
and rejection threshold 7 are selected on the training-validation
split and fixed for all test evaluations.

Model A T

LLaDA 0.69 0.30835926
LLaDA 1.5 0.71 0.29003719
Dream 0.37  0.09000412

rate, i.e., the fraction of benign validation examples rejected.
We retain the nondominated candidates on the Pareto fron-
tier over these two quantities. To choose a single operating
point, we normalize the two axes of the frontier to [0, 1] and
select the knee point, defined as the frontier point with max-
imum perpendicular distance from the line segment joining
the two endpoint solutions. Ties are broken by preferring
the point closer to the origin in the normalized error space,
then lower harmful false negative rate, lower benign false
positive rate, and lower threshold.

The selected (X, 7) is fixed after calibration and used un-
changed for all attack and benign test evaluations. We report
our selected values in Table

B. Additional Results
B.1. Classifiers in-domain performance

We report the test F1 scores and accuracies of our trained
C, and C; in Table[7}
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Table 7. Performance on the test split. C,, denotes our prompt
classifier and C' denotes the response classifier.

LLaDA-8B LLaDA-1.5 Dream
Cp C, Cp C, Cp C,

Accuracy  0.9659 09601 0.9707 0.9619 0.9902 0.9802
Fl1 0.9655 0.9600 0.9703 0.9620 0.9903 0.9805

Metric

B.2. Response-state training step analysis

To analyze when response-side harmfulness information
emerges, we train response-view classifiers on masked re-
sponse representations extracted from different denoising
steps and evaluate them across denoising steps. This mea-
sures whether a classifier trained at one point in the trajec-
tory transfers to other points, including the pre-decoding

state zgj) ().

Figure [5| reports cross-step generalization as TPR at 1%
FPR. Rows correspond to the denoising step used to train
the probe and columns correspond to the denoising step
used for evaluation. Single-step probes often perform best
near their training step, but their transfer to other parts of
the trajectory can vary. In contrast, the mixed early-step
probe, denoted C;, remains strong across evaluation steps,
including the pre-decoding state £ = 0. This supports using
an early-step mixture for the main response classifier rather
than relying on a probe trained at a single denoising step.

To train the main C;, we sample response features from
early denoising states in a fixed per-step cache generated
from a 128-step rollout of the training set. All response-side
evaluation in the main experiments is performed at zg) ) (z),
before any response token is finalized.

B.3. Robustness to decoding hyperparameters

We present the raw numbers for Figure []in Table [§]
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Figure 5. Cross-step generalization of response-view probes.
Each cell reports TPR at 1% FPR for a response-view probe trained
at the denoising step on the y-axis and evaluated at the denoising
step on the x-axis. The bottom row shows the mixed early-step
response classifier C;, which remains stable across evaluation
steps, including the pre-decoding state k = 0.

Table 8. Raw robustness results. Raw ASR values underlying the
four-panel robustness presented in Figure[d] Values are percent-
ages; lower is better. Results are grouped by dataset, remasking
strategy, and generation length.

ASR |

Method Low-conf Random

64 128 256 512 64 128 256 512
HBB
Control 0.56 8.89 16.11 43.33 1.11 9.44 13.89  31.11
Cp 0.56 0.56 1.67 3.33 0.56 0.56 1.11 1.67
Cy 0.00 0.56 1.67 11.67 0.00 0.56 1.67 8.33
ReFuse 0.00 0.56 1.11 3.33 0.00 0.56 1.11 1.67
PAIR
Control 89.44  96.11 99.44  99.44 9722 9833 100.00  100.00
Cp 222 0.56 1.67 222 3.33 1.11 1.67 1.67
Cy 18.33 21.67 3444 3722 11.11 20.56  30.00  31.11
ReFuse 1.11 0.56 0.56 222 1.11 1.11 0.56 1.11
DIJA
Control 92.00 9143 9486  96.57 9829 9598 97.14  96.00
Cp 60.00  62.86 64.57 62.29 66.86 6379 6343 66.29
Cy 0.57 1.71 5.25 10.29 1.14 2.30 6.29 12.00
ReFuse 0.57 4.57 8.00 15.43 1.14 3.45 8.57 16.57
ReNeLLM
Control | 100.00 100.00 100.00 100.00 | 100.00 100.00 100.00  100.00
Cp 23.33 21.11 2444 2333 2444 21.67 23.33 21.67
Cy 1944 36.11 4222 43.89 19.44 4056  38.89  38.89
ReFuse 7.22 10.56 13.89 15.00 7.78 12.22 14.44 12.78
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Table 9. Attack configurations used in our evaluation.

Attack Mechanism Key parameters
HarmBench  Sends the original -
Behaviors harmful prompt

directly to the victim

model.
Prefill  (An{ Appendsa Suffix: “Sure,
driushchenko| compliance-inducing  here is:”

et al.

PastTense (An

Il 1

et al| 2024}

fon 024)

ReNeLLM gApplies 1-6 randomly

WildJailbreak

AH

(Jiang

eran) 2024)

suffix to the prompt.

Uses a helper model to
rewrite the request as a
past-tense question.

sampled lexical
rewriting ops, wraps
result in a nested
scenario (code, table,

or story); gate classifier

filters invalid rewrites
Uses adversarial

harmful prompts drawn

from WildJailbreak.

Iteratively refines an
adversarial prompt
using helper-model
feedback and a judge

score.

Injects anchor phrases
at fixed denoising
positions to steer
masked-token
prediction.

Uses a helper model to
insert <mask : N>
tokens, exploiting
mask-filling behavior.
Primes a 12-message
multi-turn red-team
persona dialogue,
injects a
helper-generated
compliance prefix, and
prompts continuation

Up to 10 attempts

20 attempts; 6 ops
(shorten, misspell,
reorder, add-char,

lang-mix, style); 3
scenario templates

We use 200 samples
from the adversarial
harmful split

5 streams X 3
iterations; target prefix:
“Sure, here is”;
keep last 3 turns

Anchors: Step 1:,
Step 2:,Step 3:;
positions

{42, 84,126} of 256

Up to 10 attempts

up to 10 attempts;
helper-generated prefix
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