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Abstract

Despite the emergence of diffusion large language
models (D-LLMs) as an alternative to autoregres-
sive large language models (AR-LLMs), safety
monitoring for D-LLMs remains largely unex-
plored. Unlike AR-LLMs, D-LLMs generate text
through a multi-step denoising process, expos-
ing intermediate hidden representations that may
contain safety-relevant information unavailable in
standard single-step monitoring setups. Motivated
by the suitability of lightweight probes for always-
on monitoring, we analyze which trajectory-level
signals best indicate when such probes are likely
to struggle. We find that the most informative
signal is safety hesitation: intermediate hidden
states repeatedly falling within a small margin of
the probe’s decision boundary. The number of
such hesitation steps in D-LLM’s trajectory pre-
dicts probe failure effectively, providing a proxy
of sample difficulty. Building on this analysis, we
propose D2-Monitor, a bi-level safety monitor
for D-LLMs. D2-Monitor adopts a lightweight
probe as an always-on monitor to jointly estimate
hesitation and perform base classification. When
the hesitation level exceeds a threshold, a more
expressive but computationally heavier probe is
activated. This dynamic routing mechanism allo-
cates monitoring resources efficiently at test time.
Evaluated on 3 datasets (WildguardMix, Toxi-
cChat, OpenAI-Moderation) across 4 D-LLMs,
D2-Monitor achieves state-of-the-art performance
with a compact parameter footprint (≤ 0.85M pa-
rameters), and exhibits the best trade-off between
effectiveness and efficiency relative to 8 baselines.
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1. Introduction
Building on causal attention (Vaswani et al., 2017) and the
next-token prediction paradigm, autoregressive large lan-
guage models (AR-LLMs) (Achiam et al., 2023; Grattafiori
et al., 2024; Yang et al., 2025) have achieved remarkable
performance across diverse tasks, including code generation
(Chen et al., 2021; Li et al., 2022) and mathematical rea-
soning (Cobbe et al., 2021; Wei et al., 2022). Despite their
success, this autoregressive paradigm introduces inherent
limitations: the sequential decoding constrains generation
efficiency and prevents models from revising earlier out-
puts in light of future context. Diffusion large language
models (D-LLMs) (Nie et al., 2025b; Zhu et al., 2025; Bie
et al., 2025; Labs et al., 2025) have recently emerged as
a promising alternative. Rather than generating tokens se-
quentially, D-LLMs iteratively refine the entire sequence
through a denoising process with bidirectional attention (Sa-
hoo et al., 2024; Shi et al., 2024), enabling faster and more
flexible generation. Most notably, the commercial D-LLM
Mercury 2 (Labs, 2026) achieves a generation speed of
1009 tokens per second, significantly outperforming AR-
LLMs such as Claude Haiku 4.5 (89 tokens/sec) and
GPT-5-mini (71 tokens/sec). On the open-source side,
LLaDA 2.0 (Bie et al., 2025) scales D-LLMs to 100B pa-
rameters and achieves performance competitive with leading
AR-LLMs (Yang et al., 2025).

Despite these advances, safety monitoring for D-LLMs re-
main underexplored. Effective monitoring is critical: fron-
tier large language models already significantly lower the
barrier for malicious actors to execute harmful tasks (An-
thropic, 2025). Initial work on D-LLM safety has focused
primarily on alignment techniques (Jeung et al., 2026; Li
et al., 2026b) that improve safety awareness within the
model. However, alignment alone is insufficient, as such
techniques remain vulnerable to adversarial attacks (Nasr
et al., 2025). We therefore focus on external safety monitors
in this paper, which are deployment-time systems that detect
harmful user inputs (Han et al., 2024) or problematic model
behaviors (Goldowsky-Dill et al., 2025; MacDiarmid et al.;
McKenzie et al., 2025).

Existing safety monitoring literature has focused on AR-
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LLMs and falls into two broad categories. LLM-as-monitors
(Inan et al., 2023; Zeng et al., 2025) employ additional
LLMs to classify the safety of user prompts or model re-
sponses. Probe-based monitors operate on internal model
representations, which have been shown to encode rich se-
mantic information (Alain & Bengio, 2016; Meng et al.,
2022). Owing to their lightweight architectures, probe-
based monitors are particularly well-suited for always-on,
low-cost deployment, and are increasingly adopted in pro-
duction systems such as Google’s Gemini (Kramár et al.,
2026).

In this paper, we first argue that D-LLMs’ multi-step tra-
jectory provides a richer and more useful signal for safety
monitoring than single-step representations (Section 3.2).
Inspired by recent findings that intermediate D-LLM out-
puts can oscillate between correct and incorrect answers
during mathematical reasoning (Wang et al., 2026; Li et al.,
2026a), we show that analogous instability occurs in the
safety probe space. Specifically, we identify hesitation steps,
i.e., intermediate denoising steps whose representations lie
close to the probe decision boundary (Section 3.3). We fur-
ther demonstrate that trajectories with more hesitation steps
are harder for probes to classify correctly. This establishes
hesitation as an effective proxy for sample difficulty, and
naturally motivates a bi-level monitor design that routes
hard samples to a high-complexity probe while processing
easy samples with a lightweight one, dynamically allocating
computational resources at test time.

Proposed Work We introduce D2-Monitor, a dynamic
bi-level safety monitor for D-LLMs that harnesses intrin-
sic safety hesitation in the multi-step denoising trajectory.
D2-Monitor comprises three components, a router, a low-
complexity base probe, and a high-complexity advanced
probe. The base probe serves as an always-on moni-
tor, jointly estimating hesitation and performing base-level
safety classification. When the hesitation level exceeds a
threshold, the router activates the high-complexity advanced
probe for second-stage classification, which is trained on
hesitation trajectories. This dynamic routing mechanism
allocates monitoring resources efficiently: easy samples in-
cur only lightweight compute cost, while harder samples
(such as adversarially crafted inputs) trigger additional safe-
guards, achieving a practical balance between effectiveness
and efficiency.

We evaluate D2-Monitor on 3 safety datasets (WildGuard-
Mix, ToxicChat, OpenAI-Moderation) across 4 D-LLMs
under both intra-dataset and cross-dataset settings. D2-
Monitor achieves state-of-the-art performance with an ex-
tremely compact parameter footprint (fewer than 0.85M
parameters, or 0.01% of an 8B model), and exhibits the best
trade-off between efficiency and effectiveness relative to 8
baselines. Additional analysis confirms robustness across

generation configurations, remasking strategies, and hyper-
parameter settings. Our main contributions are threefold:

• We characterize safety hesitation in the multi-step hid-
den states of D-LLMs using probe margins, and show
that hesitation severity strongly correlates with linear
probe performance.

• We introduce D2-Monitor, a bi-level safety monitor
for D-LLMs that uses trajectory-level hesitation signals
both for test-time routing and for curating advanced
probe training data.

• Tested on 3 safety datasets across 4 D-LLMs, D2-
Monitor achieves state-of-the-art performance under
both intra-dataset and cross-dataset settings, with the
best trade-off between effectiveness and efficiency
against 8 baselines.

2. Related Work
2.1. Diffusion Large Language Models
Traditional autoregressive large language models (AR-
LLMs) (Achiam et al., 2023; Grattafiori et al., 2024; Yang
et al., 2025) are trained via next-token prediction, resulting
in a strictly left-to-right generation process. Recently, dif-
fusion large language models (D-LLMs) (Nie et al., 2025b;
Zhu et al., 2025; Bie et al., 2025), built upon masked dif-
fusion models (MDMs) (Austin et al., 2021; Hoogeboom
et al., 2021; Shi et al., 2024; Nie et al., 2025a), extend
the success of diffusion-based generative modeling from
continuous domains (e.g., images (Yang et al., 2023)) to
discrete text. Specifically, D-LLMs reformulate text gen-
eration as an iterative denoising process with bidirectional
attention mechanism, progressively unmasking tokens over
multiple refinement steps. Representative D-LLMs include
LLaDA-8B (Nie et al., 2025b), which is trained from scratch
and achieves performance competitive with similarly sized
AR-LLMs such as Llama 3 (Grattafiori et al., 2024). This
suggests that D-LLMs are a promising alternative to autore-
gressive models with potential efficiency advantages from
parallel decoding. Subsequent scaling efforts have pushed
this further: LLaDA 2.0 (Bie et al., 2025) reaches 100B
parameters through systematic conversion from pretrained
AR-LLMs. Beyond capabilities, recent work has identi-
fied intrinsic safety-relevant properties of diffusion-based
generation relative to autoregressive generation (He et al.,
2026). Early efforts to safeguard D-LLMs have explored
finetuning-based defenses (Jeung et al., 2026) and decoding
intervention defenses (Li et al., 2026b). However, finetuning
approaches incur substantial computational overhead and
may affect model utility, while decoding intervention re-
quires regeneration, which affects efficiency. In contrast, we
explore a probe-based monitoring approach: a lightweight
auxiliary module that can be deployed alongside any D-
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D-LLMs expose a multi-step denoising trajectory of hidden
states. Safety-relevant uncertainty appears along the
trajectory.
Mechanism: samples with more low-margin steps are
harder for the lightweight safety probe to predict the
safety label correctly.

Hesitation step: 𝒅𝒔 < 𝝉

Hesitation severity 𝒏𝝉 = Number of hesitation steps

Key finding: hesitation severity predicts when 
the lightweight probe is likely to fail.

Use hesitation severity to identify hard trajectories, train
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severity is sufficiently high at test time.
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Figure 1. Left: The main problem we study, and the intuition for our mechanistic discovery. Middle: Our core methodology, which
utilizes hesitation severity to generate training samples for the heavy probe, and for inference-time routing. Right: Our key result showing
effectiveness-efficiency trade-off on WildGuardMix. Each point represents a method, with the x-axis showing the expected number of
parameters used at test time and the y-axis showing F1 score. D2 -monitor achieves the best F1 while using fewer parameters than most
baselines.

LLM without modifying the underlying model, offering a
practical and non-intrusive defense mechanism.

2.2. LLM Monitors
Despite extensive safety training, LLMs remain vulnerable
to adversarial attacks (Liu et al., 2024; Zeng et al., 2024;
Chen et al., 2026), making external safety guardrails nec-
essary, particularly for industry-deployed models subject
to legal and regulatory requirements (Kramár et al., 2026).
These guardrails fall into two broad categories. (1) LLMs-
as-monitors. One approach deploys an additional LLM
trained as a safety classifier to filter inputs and outputs
(Weng et al., 2023; Inan et al., 2023; Han et al., 2024). Rep-
resentative models such as Llama-Guard (Inan et al., 2023)
are fine-tuned on safety tasks to improve detection of adver-
sarially crafted prompts. While capable, LLM-based moni-
tors introduce substantial computational overhead, making
them prohibitively expensive for resource-constrained set-
tings such as edge deployment. (2) Probe-based monitors.
A more efficient alternative trains lightweight probes on the
model’s internal representations, which encode rich seman-
tic information (Park et al., 2024). Linear probes (Alain
& Bengio, 2016) are the canonical example, with demon-
strated effectiveness on hallucination detection (Han et al.,
2025) and toxicity detection (Hu et al., 2024). More expres-
sive architectures, including MLP (Teerapittayanon et al.,
2016) and bilinear probes (Hewitt & Liang, 2019), offer
greater capacity at the cost of efficiency. This trade-off is
well-documented (Pimentel et al., 2020), and recent work

addresses it by composing probes into cost-efficient mon-
itoring hierarchies (McKenzie et al., 2025; Cunningham
et al., 2025; Oldfield et al., 2026; Cunningham et al., 2026).
The most closely related works are that of (Cunningham
et al., 2026; McKenzie et al., 2025), which also adopt a
bi-level design in the AR-LLM setting, pairing a lightweight
classifier with a more expensive external LLM instead. Our
work differs in three key respects: (1) we introduce a D-
LLM specific multi-step routing signal, (2) we use a probe
as second-stage classifier instead of an additional LLM, and
(3) we score training samples to curate hesitation trajectories
for training the second-stage probe.

3. Exploring Safety Monitoring in D-LLMs
3.1. Preliminary

Diffusion Large Language Models Diffusion large lan-
guage models define a discrete diffusion process over token
sequences. Let x(1) ∈ VL denote a clean text sequence,
where V is the vocabulary and L is the sequence length.
The forward noising process gradually corrupts x(1) into
noisy states x(2), . . . ,x(S), where x(S) is a fully masked
sequence. This process is specified by a fixed corruption dis-
tribution q(x(2:S) | x(1)) =

∏S
s=2 q(x

(s) | x(s−1)), where
q(x(s) | x(s−1)) masks tokens according to a predefined
noise schedule.

The reverse process is parameterized as pθ(x
(1:S)) =

p(x(S))
∏S

s=2 pθ(x
(s−1) | x(s)). At each reverse step, the

model samples predictions for the whole sequence from
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pθ(x
(1) | x(s)), but only replaces the currently masked po-

sitions with the predicted tokens. The next state x(s−1)

is then constructed by re-masking a fraction ρs of the
newly predicted positions according to a chosen re-masking
strategy, such as random re-masking or low-confidence re-
masking (Nie et al., 2025b). In practice, given a prompt,
the reverse denoising process starts from a partially masked
state x̃(S), obtained by placing the prompt as a fixed un-
masked prefix in x(S) while keeping the remaining positions
masked.

Problem Setup Given a dataset of I prompts with safety
labels y(i) ∈ {0, 1} indicating whether the i-th prompt
is safe (0) or unsafe (1), the D-LLM produces a hidden
representation H

(i)
raw ∈ RD×L×S for the i-th prompt at

a particular layer, where D, L, and S denote the hid-
den dimension, sequence length, and number of denois-
ing steps respectively. Since D-LLMs adopt bidirectional
attention, safety-relevant information is distributed across
tokens. We therefore aggregate over the sequence dimen-
sion via mean pooling, yielding a step-wise representation
matrix H(i) = [h

(i)
1 , . . . ,h

(i)
S ] ∈ RD×S , where h

(i)
s ∈ RD

denotes the aggregated hidden state at step s. The dataset
of I representation matrices and their labels are denoted
with D = {H(i), y(i)}Ii=1. A safety probe f is learned by
minimizing the empirical cross-entropy loss:

min
f

1

I

I∑
i=1

L
(
y(i), f(H(i))

)
. (1)

We instantiate f as a linear probe, as its lightweight design
makes it suitable for always-on monitoring while maintain-
ing strong interpretability (Hewitt & Liang, 2019).

3.2. Multi-step as Useful Signal: Beyond Single-Step
Safety Probing

The first question to consider in optimizing a probe to moni-
tor D-LLMs is the choice of H due to the richer multi-step
hidden representations compared to AR-LLMs. Specifically,
should a probe rely on a single-step representation hs, or
does the full trajectory H carry additional safety-relevant
signal?

To answer this, we compare two monitoring settings that dif-
fer in how H is used. (1) Single-step probing: The probe
operates on a single denoising step. We use the final-step
representation h1, since it is the most refined hidden state
before generation terminates, and train and test the probe on
h1. (2) Multi-step probing: The probe operates on the full
denoising trajectory H. To keep training cost comparable
to the single-step setting, we train on the temporal-mean
representation h̄ = 1

S

∑S
s=1 hs rather than treating each

denoising step as a separate training example. At test time,
we consider two trajectory-level readouts: (a) Mean, which

evaluates the probe directly on h̄, i.e., f(h̄); and (b) Ma-
jority Vote (MV), which applies the same probe to each
individual step and aggregates via majority voting:

ŷ(i) = Majority
(
f(h

(i)
1 ), . . . , f(h

(i)
S )

)
. (2)

Both multi-step readouts use the same probe setting and
number of training samples as the single-step setting, en-
abling a controlled comparison of trajectory utilization.

We design three probe variants based on the readout strate-
gies denoted as LP (Last Step), LP (Mean), and LP (MV)
(Appendix C.2). As shown in Tables 1 and 3, both multi-
step readouts achieve higher Acc and F1 scores than the
single-step baseline on most models, indicating that inter-
mediate denoising steps carry safety-relevant information
not captured by the final step alone. We therefore adopt the
full trajectory H as the basis for all subsequent analysis.

3.3. Hesitation Steps as Difficulty Signal: Separating
Easy and Hard Samples

Despite linear probes’ low cost and interpretable form, they
have limited expressivity and may fail to capture non-linear
structure in representations(Belinkov, 2022; White et al.,
2021), leading to misclassification on “harder” samples. We
therefore seek signals that reflect when a linear probe is
likely to struggle. Inspired by recent findings that interme-
diate D-LLM responses can fluctuate between correct and
incorrect answers during mathematical reasoning (Wang
et al., 2026; Li et al., 2026a), we hypothesize that analo-
gous instability may occur in the safety context: the model
may exhibit uncertainty in its safety decisions across the
denoising trajectory. Accordingly, trajectories may be char-
acterized as stable, where the model remains consistent
across steps, and hesitant, where high uncertainty arises at
intermediate steps.

Hesitation Characterization To verify this hypothesis,
we explore two types of signals that may inform on such
hesitation. (1) Probe-extrinsic signals quantify uncertainty
from the model’s predicted token distribution, independently
of the probe. Let R denote the set of sequence positions and
p
(r,v)
s the predicted probability of token v at position r and

denoising step s. We define the step-wise entropy score Es

and confidence score Cs as

Es = −|R|−1
∑
r∈R

∑
v

p(r,v)s log p(r,v)s ,

Cs = |R|−1
∑
r∈R

max
v

p(r,v)s .
(3)

A step is flagged as hesitant if Es ≥ τE or Cs ≤ τC for
thresholds τE and τC . A trajectory is considered hesitant if
it contains at least one hesitation step. (2) Probe-intrinsic
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signals measure uncertainty with respect to the probe’s deci-
sion boundary. Applying the linear probe from Section 3.2
to each hs yields a step-wise logit. Let ds denote the signed
margin to the decision boundary. A step is flagged as hes-
itant if |ds| < τ for a margin threshold τ . A trajectory is
considered hesitant if at least one of its steps is hesitant. We
then compare probe performance on the stable and hesitant
subsets characterized by these two kinds of signals across a
range of thresholds. For a fair comparison, the thresholds
are chosen to produce comparable split ratios between the
two subsets. As shown in Figures 2a and 2b, probe per-
formance differs substantially: hesitation trajectories yield
markedly lower F1 scores than stable ones, confirming that
trajectory hesitation is predictive of classification difficulty.
Among the signals evaluated, the probe margin produces the
largest performance gap, indicating that probe-intrinsic sig-
nals most effectively identify hard trajectories. We further
conduct a dynamical analysis to understand the underlying
mechanism in Appendix E.1.

Hesitation Severity However, this τ -induced criterion
only captures whether a trajectory exhibits hesitation, not
its extent. To measure its extent, we define hesitation sever-
ity nτ =

∑S
s=1 I [|ds| < τ ], which counts the number of

hesitation steps in a trajectory. Under this definition, the
original τ -induced criterion is equivalent to I[nτ ≥ 1], i.e.,
it flags any trajectory with at least one hesitation step. We
empirically compare the probe F1 under partitions induced
by τ and nτ in Figures 2a to 2d. (1) nτ stratifies difficulty
more effectively than τ . The τ -induced criterion only pro-
duces a coarse two-bucket partition, separating {nτ = 0}
(the stable subset) from {nτ ≥ 1} (the hesitant subset). As
shown in Figures 2a and 2b, this partition yields an F1 gap
(around 0.10-0.14 under the margin signal) that remains
relatively stable across a wide range of τ values. In con-
trast, the full nτ -based stratification (Figures 2c and 2d)
reveals a substantially richer structure. Probe F1 gener-
ally decreases monotonically from the nτ = 0 bucket to
the largest nτ buckets, with the performance gap between
the two extremes reaching up to ∼ 0.30 (under the 30%
hesitation example ratio). This larger and more graded sepa-
ration indicates that nτ captures sample difficulty at a much
finer granularity than the binary τ -induced criterion. (2)
τ over-flags trajectories that are not genuinely difficult.
Figures 2c and 2d reveals that trajectories with small nτ

achieve F1 close to that of the stable subset (nτ = 0). Yet
under τ ’s binary criterion, any trajectory with nτ ≥ 1 is
flagged as hesitant and thus predicted to be difficult for
the probe. In contrast, nτ separates them from genuinely
difficult ones. We further compare against probe-extrinsic
signals, defining nentropy and nconfidence analogously, and find
that nτ remains the most predictive of difficulty among the
three (Appendix E.2).

4. Method
4.1. Design of D2-Monitor
Inspired by prior work (McKenzie et al., 2025; Cunningham
et al., 2026; Oldfield et al., 2026) on hierarchical monitoring
in AR-LLMs and by our findings in Section 3.3 that the
number of hesitation steps in D-LLMs’ multi-step trajectory
provides an effective estimate of classification difficulty for
a linear probe, we propose D2-Monitor, a hesitation-aware
safety monitoring framework for D-LLMs that dynamically
allocates test-time compute based on estimated sample dif-
ficulty. The proposed framework comprises three compo-
nents: (1) a low-complexity base probe, (2) a router, and (3)
a high-complexity advanced probe. Each sample is first pro-
cessed by the low-complexity base probe, which produces
both a safety prediction and a hesitation score estimating
classification difficulty. The router then uses this score to
decide, subject to a user-specified computational budget,
whether to escalate the sample to the advanced probe for
a second-stage classification. As a result, easy (low hesi-
tation) samples are served directly by the lightweight base
probe; hard (high hesitation) samples are escalated with
more compute.

4.2. Implementation of D2-Monitor
Given its lightweight architecture, strong performance on
low-hesitation samples (approximately 0.90 F1), and effec-
tiveness at identifying estimation difficulty (Section 3.3),
we adopt the linear probe as the low-complexity base probe.
Our framework is flexible with respect to the choice of
the high-complexity probe. In this work, we consider two
variants with comparable parameter counts: (1) an MLP
probe and (2) a temporal attention probe (TimeAttn) that
aggregates hidden states within the hesitation window. Ad-
ditional architectural details are provided in Appendix C.2.
The proposed D2-Monitor operates in three stages: (1) col-
lecting hesitation trajectories as advanced probe training
data, (2) training the base probe on all trajectories and the
advanced probe on hesitation trajectories, and (3) perform-
ing hesitation-aware routing and classification at inference
time.

Stage 1: Out-of-Fold Scoring and Hesitation Trajecto-
ries Collection In the first stage, we evaluate all the multi-
step representation trajectories in the training set to collect
hesitation ones for advanced probe training. To obtain un-
biased estimates, we apply an out-of-fold (OOF) scoring
strategy. Specifically, the training set is partitioned into k
folds {D1, . . . ,Dk}, and each fold is scored based on the
probe margin using a linear probe trained on the remaining
k−1 folds, yielding leakage-free signed margins {d(i)s }Ss=1

for every training example i. Based on these margins, we
identify hesitation steps as those satisfying |d(i)s | < τ , and
compute hesitation severity n

(i)
τ for each trajectory. We then

select trajectories with n
(i)
τ > 0 to train the advanced probe.
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Figure 2. (a)(b): F1 differences across probing methods under varying ratios of hesitation examples. (c)(d): F1 score as a function of the
number of hesitation steps under different threshold values τ .

Stage 2: Base and Advanced Probes Training We train
the base linear probe on the full training set, which is used
at test time to compute step-wise margins and derive the hes-
itation severity nτ . For the high-complexity probe, we first
construct hesitation windows for trajectories with n

(i)
τ > 0.

For each such trajectory, the hesitation window W(i) is
defined as the minimal contiguous span containing all hesi-
tation steps. We then train the advanced probe f exclusively
on these hesitation trajectories, using only hidden states
within the corresponding hesitation windows as input:

min
f

∑
i:n

(i)
τ >0

L
(
y(i), f({h(i)

s }s∈W(i))
)
, (4)

Stage 3: Cascade Detection After training, we apply both
probes to test examples using a cascade detection strategy.
Given a test example, the base linear probe first computes
the signed margin ds at each denoising step. A step is iden-
tified as hesitant if its margin falls below the threshold τ ,
and the hesitation severity nτ is calculated as the total num-
ber of such hesitation steps. The router then compares nτ

against a threshold λ. If nτ ≤ λ, the example is classified
using the low-complexity base probe via majority voting:
ŷ = sign

(∑S
s=1 sign(ds)

)
. If nτ > λ, we extract the

hesitation window W and pass it to the high-complexity
advanced probe for second-tier prediction. Details on the
hyperparameters τ and λ are provided in Appendix C.1.

5. Experiment
5.1. Experiment Setup
Datasets We evaluate on three safety datasets. Wild-
GuardMix (Han et al., 2024) consists of 86.8k training
prompts and 1.7k test prompts, each labeled as harmful
or unharmful. The dataset includes many adversarially de-
signed inputs, posing a challenging benchmark for safety
evaluation. ToxicChat (Lin et al., 2023) contains 5.08k
training and 5.08k test prompts collected from real user-
AI interactions, each annotated with a binary toxicity label
(1 for toxic, 0 otherwise). OpenAI-Moderation (Markov
et al., 2022) consists of 1.68k prompts annotated across eight
moderation categories such as hate speech, violence, and

self-harm; a prompt is labeled as unsafe if any category is
flagged, and safe otherwise. For intra-dataset evaluation, we
train and test on WildGuardMix and ToxicChat separately.
For cross-dataset evaluation, we train on WildGuardMix
and test on both ToxicChat and OpenAI-Moderation.

Models We use four open-source D-LLMs for
our experiments: LLaDA-8B-Base (Nie et al.,
2025b), LLaDA-8B-Instruct (Nie et al.,
2025b), LLaDA-1.5-8B (Zhu et al., 2025), and
LLaDA-2.0-mini-16B (Bie et al., 2025).

Baselines We compare our method against eight baselines,
organized into two categories. (1) Single-step methods use
only the hidden state from the last denoising step h1 for both
training and prediction. (2) Multi-step methods leverage
all S denoising steps. For mean-based approaches, LP and
MLP are trained on the temporal mean h̄ = 1

S

∑
s hs. At

test time, two prediction strategies are considered: the Mean
variant predicts directly from h̄, while the MV variant ap-
plies the trained probe to each step independently and takes
a majority vote. This yields four baselines: LP (Mean), LP
(MV), MLP (Mean), and MLP (MV). For sequence-based
approaches, TimeAttn (Kramár et al., 2026) and LSTM
(Damirchi et al., 2026) operate directly on the full ordered
sequence (h1, . . . ,hS). TimeAttn uses a temporal attention
mechanism to aggregate hidden states, while LSTM encodes
the sequence with a recurrent model. Experiment details are
provided in Appendix C.

Evaluation Metrics We report three metrics. Accuracy
(Acc) measures the fraction of correctly classified prompts.
F1 score is defined as the harmonic mean of precision and
recall, capturing the balance between false positives and
false negatives. E[P] measures the expected number of
parameters used per example at test time, capturing the
effective monitor size under cascade routing, which is a
proxy for runtime memory cost. For our method, E[P ] =
|θLP|+ρ · |θg|, where |θLP| and |θg| are the parameter counts
of the linear probe and the advanced probe respectively,
and ρ is the fraction of examples routed to the advanced
probe. Additional evaluation metrics, including F2-score,
false rejection rate (FRR), inference time, and FLOPs, are
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Table 1. Intra-dataset performance on the test set. Monitors are trained and tested on WildGuardMix. Best results are in bold, and
second-best are underlined.

LLaDA-8B-Base LLaDA-8B-Instruct LLaDA-1.5 LLaDA-2.0-mini

Method E[P] Acc F1 Acc F1 Acc F1 E[P] Acc F1

Single-step methods
LP (Last Step) 4×10−3M 84.6 84.1 87.4 87.0 88.2 87.9 2×10−3M 77.6 76.3
MLP (Last Step) 1.05M 85.8 85.4 87.1 86.8 87.9 87.5 0.52M 79.0 78.0

Full-trajectory methods
LP (MV) 4×10−3M 86.7 86.2 88.2 87.9 87.8 87.5 2×10−3M 80.0 79.0
LP (Mean) 4×10−3M 86.9 86.5 88.2 88.0 87.9 87.7 2×10−3M 80.5 79.4
MLP (MV) 1.05M 86.9 86.6 87.9 87.6 88.3 88.0 0.52M 81.3 80.5
MLP (Mean) 1.05M 87.4 87.0 87.7 87.4 88.3 88.0 0.52M 81.4 80.6
TimeAttn (Kramár et al., 2026) 1.59M 87.4 86.9 87.9 87.5 88.0 87.7 0.80M 81.7 80.8
LSTM (Damirchi et al., 2026) 2.57M 87.1 86.6 87.8 87.4 88.1 87.8 1.51M 81.7 80.9

D2-MLP (Ours) ≤0.36M 88.1 87.8 89.9 89.7 89.3 89.1 0.17M 83.7 82.9
D2-TimeAttn (Ours) ≤0.54M 88.6 88.3 89.6 89.4 89.3 89.0 0.26M 83.7 83.0

reported in Appendix D.1.

5.2. Main Results
Tables 1 to 3 summarize the intra-dataset and cross-dataset
performance. Across all settings, D2-Monitor consistently
outperforms all baselines in both accuracy and F1 score.
More importantly, D2-Monitor achieves state-of-the-art per-
formance while incurring substantially lower computational
cost than non-linear baselines. As shown in Figure 1,
our method provides the best effectiveness-efficiency trade-
off overall. In contrast, sequence-based baselines such as
LSTM and TimeAttn incur significantly higher computa-
tional cost without delivering better performance. We at-
tribute the advantage of D2-Monitor to its hesitation-aware
routing mechanism, which accurately directs “hard” sam-
ples to the advanced probe for further processing (Sec. 5.3).
Moreover, hesitation reflects a form of model-intrinsic un-
certainty rather than dataset-specific patterns. Consequently,
the performance gains can generalize across datasets.

5.3. Analysis
Efficiency-effectiveness Tradeoff While model providers
can afford to run safety probes alongside the D-LLM with
negligible overhead, deploying such probes on the user side
demands careful attention to efficiency, as users operate
under tighter computational budgets. Our cascaded design
naturally supports this scenario by controlling the routing
threshold λ: only examples with nτ > λ are forwarded
to the advanced probe, while the rest are classified by the
lightweight linear probe. A larger λ reduces the fraction
of examples routed to the advanced probe, lowering the ex-
pected parameter count E[P ] (which reflects runtime mem-
ory cost) at the cost of potentially missing difficult cases.
As shown in Figure 1, D2-Monitor achieves the best F1
scores while using fewer parameters than most baselines,
demonstrating a favorable efficiency-effectiveness tradeoff.

Robustness to Generation Length and Step Length In
practice, D-LLMs can be deployed with varying genera-
tion lengths and step lengths. Training a separate mon-
itor for each configuration is costly and impractical. A
desirable property is therefore to train once under a single
configuration and generalize to others. To evaluate this,
we train all methods with generation length 128 and step
length 4, and test under varying settings without retraining.
We vary the step length LS ∈ {1, 2, 4, 8} with generation
length fixed at 128 (Figure 3a), and the generation length
L ∈ {16, 32, 64, 128} with step length fixed at 1 (Figure 3b).
D2-Monitor consistently outperforms all baselines across
both axes of variation, confirming that our method transfers
reliably across decoding configurations.

Robustness to Remasking Strategy We evaluate the im-
pact of different remasking strategies on detection perfor-
mance. All methods are trained under low-confidence re-
masking and tested under three strategies: low-confidence,
entropy, and random. As shown in Figure 3c, D2-Monitor
maintains consistent superiority across all strategies.

Ablation on Routing Signal We study different routing
signal choices on ToxicChat by replacing the margin-based
criterion with entropy- and confidence-based characteriza-
tion of hesitation steps. For a fair comparison, the advanced
probe is retrained from scratch for each signal on its corre-
sponding hesitation subset, with the rest of the pipeline fixed.
We evaluate both D2-MLP and D2-TimeAttn at thresholds
yielding 30%-70% hesitation samples. As shown in Fig-
ure 5, the margin-based signal consistently outperforms
entropy and confidence across all settings, confirming that
probe-intrinsic uncertainty is a more effective routing signal
than probe-extrinsic uncertainty. To understand why, we fix
the hesitant ratio at 50% and conduct a counterfactual test by
measuring the accuracy gap between the base and advanced
probes on the routed subset: a larger gap means the signal
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Table 2. Cross-dataset generalization. Monitors are trained on WildguardMix and tested on ToxicChat and OpenAI-Moderation. Best
results are in bold, and second-best are underlined.

LLaDA-8B-Base LLaDA-8B-Instruct

ToxicChat OpenAI-Moderation ToxicChat OpenAI-Moderation

Method E[P] Acc F1 Acc F1 Acc F1 Acc F1

Single-step methods
LP (Last Step) 4×10−3M 83.2 64.8 62.6 62.4 86.1 69.0 68.0 67.4
MLP (Last Step) 1.05M 84.0 66.3 63.3 63.2 87.3 70.6 66.9 66.4

Full-trajectory methods
LP (MV) 4×10−3M 84.5 66.9 62.9 62.7 84.5 67.6 65.1 64.7
LP (Mean) 4×10−3M 85.4 68.1 63.9 63.8 85.3 68.9 64.9 64.5
MLP (MV) 1.05M 82.6 65.3 63.9 63.7 86.3 70.1 60.2 60.2
MLP (Mean) 1.05M 84.6 67.5 64.8 64.6 86.8 70.8 60.5 60.4
TimeAttn (Kramár et al., 2026) 1.59M 87.1 70.8 65.8 65.3 88.9 73.1 65.4 65.4
LSTM (Damirchi et al., 2026) 2.57M 83.1 66.1 65.5 65.0 88.6 72.0 68.5 67.7

D2-MLP (Ours) ≤0.25M 87.0 70.7 66.0 65.6 90.4 75.0 68.8 68.2
D2-TimeAttn (Ours) ≤0.85M 87.5 71.0 66.0 65.7 89.9 74.4 69.6 69.1
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Figure 3. (a) Performance with different step lengths with generation length fixed at 128. (b) Performance with different generation lengths
with step length fixed at 1. (c) Performance under different remasking strategies. All results are reported as F1 using LLaDA-8B-Instruct
on WildGuardMix.

more successfully isolates samples that genuinely benefit
from the advanced probe. The margin signal produces the
largest gap on both architectures (13.5% on D2-MLP and
12.4% on D2-TimeAttn), well above entropy (7.2% / 7.4%)
and confidence (7.1% / 7.3%). This shows that our router
more precisely directs “hard” samples to the advanced probe.
The margin signal is also more robust to threshold choice:
while entropy- and confidence-based signals fluctuate no-
ticeably with the hesitation ratio, margin remains stable
across the full range.

6. Conclusion
In this work, we propose D2-Monitor, a dynamic bi-level
safety monitor for D-LLMs that harnesses intrinsic safety
hesitation signals arising along the multi-step denoising
trajectory. We define a hesitation step in D-LLM’s denois-
ing trajectory as the step whose hidden state yields a low
probe margin, and show that the number of such hesita-
tion steps serves as an effective proxy for sample difficulty.

Accordingly, we identify hesitation trajectories from the
training data and use them to train the advanced probe. D2-
Monitor adopts a lightweight linear probe as an always-
on monitor to jointly evaluate hesitation and perform base
safety classification. When the number of hesitation steps
in the trajectory exceeds a predefined threshold, the monitor
activates the more expressive but computationally heavier
probe for second-stage classification. This hesitation-aware
routing mechanism enables dynamic allocation of computa-
tional resources and is particularly well-suited to resource-
constrained deployment settings. We conduct comprehen-
sive evaluations on 3 safety datasets across 4 D-LLMs,
and D2-Monitor achieves state-of-the-art performance in
both intra-dataset detection and cross-dataset generalization,
while maintaining the best trade-off between effectiveness
and efficiency relative to 8 baselines. We believe the in-
sights from D2-Monitor provide a promising direction for
developing more reliable and efficient safety monitors for
D-LLMs.
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A. Limitation
We perform experiments on a variety of D-LLM models, where we show that D2-Monitor achieves superior performance
under both intra-dataset and cross-dataset settings with a compact parameter footprint of less than 0.85M. Although we
expect this trend to extend to even larger models (Bie et al., 2025; 2026), our experiments are currently limited to D-LLMs
with up to 16B parameters due to computational constraints. Furthermore, recent work shows that activation monitors are
vulnerable to adversaries (Bailey et al., 2026)–in our case, attacks may aim to elicit a smaller number of hesitation steps to
avoid triggering stronger guardrails. Future work should study the robustness of D2-Monitors and activation cascades more
generally.

B. Broader Impacts, Safeguards, and Licenses
Broader Impacts Our work has clear positive societal impact: D2-Monitor provides a lightweight, always-on safety
mechanism for D-LLMs that can detect harmful or adversarial inputs at low computational cost, which is particularly
valuable for resource-constrained or edge deployment where running heavyweight LLM-as-monitor solutions is infeasible.
By improving the practicality of safety monitoring, our work helps reduce the risk of D-LLMs being misused for harmful
content generation. We also acknowledge potential negative impacts. (1) Like any safety classifier, the monitor may incur
false rejections on benign inputs, potentially over-blocking legitimate queries; we report FRR explicitly in Appendix D.1 to
make this trade-off transparent. (2) As discussed in Appendix A, hesitation-based routing could in principle be targeted by
adaptive adversaries who craft prompts that suppress hesitation steps to evade the second-stage probe. We recommend that
practitioners deploying D2-Monitor pair it with complementary defenses and continue to monitor for adversarial drift over
time.

Safeguards The paper does not release any high-risk pretrained models, generative models, or scraped datasets. The
artifacts produced by our work are lightweight safety probes (≤ 0.85M parameters) trained on publicly available safety
benchmarks; these probes are themselves a defensive mechanism intended to mitigate misuse rather than enable it. The
base D-LLMs (LLaDA family) and safety datasets we build on are released by their original authors under their respective
licenses, which we do not modify or redistribute.

Licenses for Existing Assets All existing assets used in this work are properly cited and used in accordance with their
licenses.

Datasets WildGuardMix (Han et al., 2024) is released under the ODC-BY license; ToxicChat (Lin et al., 2023) is released
under CC-BY-NC-4.0 and used for non-commercial research only; OpenAI-Moderation (Markov et al., 2022) is released
under the MIT license.

Models LLaDA-8B-Base, LLaDA-8B-Instruct (Nie et al., 2025b), and LLaDA-1.5 (Zhu et al., 2025) are released under the
MIT license; LLaDA-2.0-mini (Bie et al., 2025) is released under the Apache-2.0 license.

C. Experiment Details
C.1. Hyperparameter Tuning

We tune all hyperparameters on a validation set derived from the training data. Specifically, we split the original training set
into training and validation subsets with a ratio of 4:1. To ensure fair comparison across different probe architectures, we
control model capacity by fixing key architectural dimensions (e.g., hidden size or hidden dimension) for each probe, rather
than tuning them extensively. For each probe, we define the hyperparameter search space as follows:

LinearProbe:

• Learning rate: {1e−5, 1e−4, 1e−3, 1e−2}

• Weight decay: {0, 1e−6, 1e−5, 1e−4}

MLP:
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• Learning rate: {1e−5, 1e−4, 1e−3}

• Weight decay: {0, 1e−5, 1e−4, 1e−3}

• Dropout: {0.1, 0.2, 0.3, 0.5}

• Hidden dimension (K): 256

TimeAttn:

• Learning rate: {1e−4, 1e−3, 4e−3, 1e−2}

• Weight decay: {0, 1e−5}

• Dropout: {0.2, 0.3, 0.5}

• MLP hidden dimension (K): 256

• Attention dimension (da): 128

LSTM:

• Projection dimension (dp): 512

• Hidden size (dh): 128

• Learning rate: {1e−5, 1e−4, 1e−3}

• Weight decay: {0, 1e−6, 1e−5, 1e−4}

• Dropout: {0, 0.1, 0.2, 0.3}

Baseline Methods For all baseline methods, hyperparameters are selected via grid search on the validation set using the
search ranges above. The best configuration is chosen based on validation performance, and the model is retrained on the
full training set before evaluation on the test set.

Our Method For out-of-fold (OOF) scoring on the training set, we use a fixed linear probe configuration with learning
rate 1e−3 and weight decay 1e−4 to ensure consistency across folds. The same configuration is used when training the
linear probe component within our method. For the MLP and TimeAttn components in our method, hyperparameters are
tuned on the validation set. We focus on hesitation examples in the validation set, as these are most relevant to the target
behavior our method aims to model.

Fairness and Evaluation Protocol All hyperparameter tuning is performed strictly on the validation set, and no test data
is used in any stage of model selection.

Test-time Hyperparameters Our method involves two test-time hyperparameters: the hesitation threshold τ and the
routing parameter λ.

Choice of τ The threshold τ controls a trade-off between coverage and purity of hesitation examples. A larger τ includes
more training samples but may introduce stable (non-hesitant) steps, while a smaller τ yields cleaner hesitation signals at
the cost of fewer training examples. To balance this trade-off, we select τ such that approximately 50% of the samples
are identified as hesitation examples. As shown in Fig. 8, varying this proportion from 30% to 70% leads to only minor
performance differences, indicating that our method is not sensitive to the exact choice of τ . For intra-dataset evaluation, we
fix τ at the value selected on the training data and reuse it at test time, since the data distributions are similar.

Choice of λ The routing parameter λ is selected based on validation performance, where we choose the value that achieves
the best F1 score on the validation set. This value is then fixed for test-time evaluation.

13
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Cross-dataset evaluation For cross-dataset transfer (trained on WildGuardMix and evaluated on ToxicChat and OpenAI
Moderation), the distribution shift makes hyperparameter selection more challenging, and both τ and λ are tuned for each
target dataset. For ToxicChat, which provides a training split, we reserve 20% of the training data as a validation set and
perform a grid search over τ and λ, selecting the best-performing configuration. For OpenAI-Moderation, which does not
provide a training set, we randomly sample 10% of the data as a validation set for hyperparameter tuning, and report results
on the remaining 90%.

C.2. Probe Architectures

Here we provide specific details about the architectures of all probe baselines considered. Given the step-level trajectory
H = [h1, . . . ,hS ] ∈ RD×S , each probe instantiates a particular f ∈ F that maps H to a scalar logit s ∈ R for binary
classification. When presenting architectures below, we omit bias terms in the hidden layer(s) and output for brevity. All
probes are trained with Adam with a batch size of 256 for 50 epochs on an NVIDIA A40 GPU with 48GB VRAM. Each
individual probe performs its own grid search over the hyperparameters listed in Appendix C.1.

Normalization. Before training, we normalize the activations using statistics computed from the training split. We use
two normalization modes depending on the probe type. For full-trajectory methods, we apply per-feature normalization:
the mean and standard deviation are computed over both the sample and step axes, yielding statistics of shape [D]. For
single-step methods, we apply per-step normalization: statistics are computed per denoising step, yielding shape [S,D].

Pooling strategies For probes that require a fixed-length input (Linear Probe and MLP), we reduce the step dimension via
one of three pooling strategies applied after normalization:

• Mean pooling: h̄ = 1
S

∑S
s=1 hs ∈ RD, used at both train and test time.

• Last-step: h̄ = h1 ∈ RD, using only the final step’s activation at both train and test time. Normalization statistics are
computed from the last step only.

• Majority vote (MV): The probe is trained on mean-pooled features. At test time, each step hs is classified indepen-
dently, and the final prediction is determined by majority vote across S steps: ŷ = 1

[∑S
s=1 1[ŷs = 1] ≥ S/2

]
.

Linear Probe (LP) After pooling, the linear probe computes:

s = w⊤h̄ , (5)

with w ∈ RD. Combined with the three pooling strategies, this yields three variants: LP (Mean), LP (Last Step), and
LP (MV).

MLP The two-layer MLP probe computes:

s = Wout Dropout
(
ReLU

(
Winh̄

))
, (6)

with Win ∈ RK×D and Wout ∈ R1×K , where K = 256 is the hidden dimension. Analogously to the linear probe, this
yields three variants: MLP (Mean), MLP (Last Step), and MLP (MV).

TimeAttn This probe operates directly on the full trajectory H ∈ RD×S without step-level pooling. It first applies layer
normalization, then computes attention weights over denoising steps via an additive attention mechanism:

αs =
exp

(
v⊤ tanh(Wahs)

)∑S
s′=1 exp(v

⊤ tanh(Wahs′))
, (7)

where Wa ∈ Rda×D and v ∈ Rda with attention dimension da = 128. The attended representation c =
∑S

s=1 αshs ∈ RD

is then classified via a two-layer MLP with layer normalization:

s = W2 Dropout(ReLU(W1 LN(c))) , (8)

with W1 ∈ RK×D, W2 ∈ R1×K , and K = 256.
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LSTM The LSTM probe first projects each step representation through a feedforward layer with layer normalization:

h′
s = GELU(Wproj LN(hs)) , (9)

with Wproj ∈ Rdp×D and projection dimension dp = 512. The projected sequence is then processed by a 2-layer
unidirectional LSTM:

h̃1, . . . , h̃S = LSTM(h′
1, . . . ,h

′
S) , (10)

with hidden size dh = 128. The final hidden state is classified via a layer-normalized linear head:

s = w⊤
outLN(h̃S) , (11)

with wout ∈ Rdh .

D. Additional Results
D.1. More Evaluation Metrics

Additional Metrics Beyond accuracy and macro-F1 reported in the main text, we evaluate four additional metrics. The
F2-score is an instance of the Fβ-score with β = 2, which weights recall β2 times as much as precision, reflecting a
preference in safety monitoring for catching harmful content at the cost of slightly more false alarms. Precision measures
the fraction of inputs flagged as unsafe that are truly unsafe; high precision means the monitor rarely triggers on benign
content, reducing unnecessary refusals. Recall measures the fraction of truly unsafe inputs correctly identified; high recall
ensures that harmful prompts are not missed in safety-sensitive deployments. Finally, the False Rejection Rate (FRR)
is the fraction of benign inputs incorrectly flagged as unsafe, i.e., FRR = FP/(FP + TN); unlike 1− Precision, which
conditions on positive predictions, FRR conditions on the actual benign population and thus directly measures how often
legitimate users are unnecessarily blocked (lower is better).

Tables 8–11 report all six metrics for each model. The results are consistent with the main findings: D2-MLP and D2-
TimeAttn achieve the best or second-best performance across nearly all metrics and models, confirming that the gains
observed in accuracy and F1 are not obtained at the expense of precision, recall balance, or false refusal rate.

Inference Time We report the inference time of different methods on WildGuardMix with 1,725 prompts. To isolate the
overhead of the safety monitor, timing starts after the base model has completed generation and all hidden states have been
extracted. For LP (Last Step), LP (MV), MLP (Last Step), and MLP (MV), we measure only the time required to process
the last step. This is because, in typical deployment, intermediate steps are processed online during generation (i.e., one
step is processed as it is generated), and thus do not introduce additional latency after generation. For LP (Mean) and MLP
(Mean), the reported time includes both the cost of computing the mean over all hidden states and the subsequent probe
evaluation. In contrast, TimeAttn and LSTM operate on the full trajectory after generation, and their inference time includes
processing all steps. For our method, the total inference time consists of two components: (i) the linear probe applied to the
last step, and (ii) the additional computation of the advanced probe (e.g., MLP or TimeAttn) over the selected window when
routing is triggered.

As shown in Table 6, D2 -Monitor significantly reduces inference cost compared to full-trajectory methods. Compared to
MLP (Mean), D2 -MLP achieves a 2.4×–6.6× speedup across different LLaDA models. This improvement arises from our
hesitation-aware routing strategy, which restricts computation to a subset of hesitation examples and further focuses on their
localized hesitation windows, thereby reducing both the number of processed samples and the number of processed steps.
Similarly, D2 -TimeAttn is 4×–5× faster than TimeAttn, as it avoids full-sequence modeling and instead operates only on
selectively triggered sub-trajectories. Importantly, the inference cost of D2 -MLP remains comparable to single-step methods
(e.g., LP (Last Step) and MLP (Last Step)), while achieving performance close to full-trajectory models, demonstrating an
effective balance between efficiency and accuracy. Overall, these results highlight that D2 -Monitor achieves its efficiency
gains through conditional computation by activating high-complexity probes only when the model exhibits hesitation, rather
than uniformly processing all steps, leading to consistent speedups across different models.

FLOPs Computation We analytically compute the expected FLOPs per sample for each probe based on the architectures
detailed in Appendix C.2. We adopt the standard convention that a multiply-add operation counts as 2 FLOPs. Throughout
this section, we denote the number of denoising steps as S, the hidden dimension of the diffusion LLM as D, and the
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average length of the hesitation window for our cascade as Swin. The MLP hidden width K, attention dimension da, LSTM
projection dimension dp, and LSTM hidden size dh follow the values specified in Appendix C.2. For brevity, we omit
lower-order terms such as activation functions (ReLU, tanh, GELU), softmax, layer normalization, and bias additions, which
contribute at most O(D) or O(SwinD) FLOPs and are negligible relative to the dominant matrix-vector products.

Linear Probe (LP) A single linear probe forward maps a D-dimensional vector to a scalar logit, requiring 2D FLOPs.
The three pooling variants differ in how the trajectory H ∈ RD×S is reduced to this input. LP (Last Step) uses only h1,
with total cost 2D. LP (Mean) sums S vectors of dimension D (SD FLOPs) and then applies one LP forward, with total
cost SD + 2D. LP (MV) applies the LP independently at every denoising step and aggregates by majority vote, with total
cost S · 2D = 2SD.

MLP A single MLP forward consists of Win ∈ RK×D and Wout ∈ R1×K , costing 2DK + 2K ≈ 2DK FLOPs. MLP
(Last Step) applies one MLP forward on hS , with total cost 2DK. MLP (Mean) performs mean pooling followed by one
MLP forward, with total cost SD + 2DK. MLP (MV) applies an MLP forward at every denoising step, with total cost
S · 2DK = 2SDK.

TimeAttn TimeAttn operates on the full trajectory and consists of two main components: per-step attention scoring and
a classifier head over the attended representation. The attention scoring computes Wahs for each step (Wa ∈ Rda×D),
costing S · 2Dda FLOPs in total. The weighted sum

∑
s αshs contributes a further 2SD FLOPs. The classifier head is

a 2-layer MLP applied to the resulting D-dimensional context vector, costing 2DK FLOPs. The total cost is therefore
2SDda + 2SD + 2DK ≈ 2SDda + 2DK, where the first term dominates for typical S and da.

LSTM The LSTM probe first projects each hs from D to dp via Wproj ∈ Rdp×D, costing S · 2Ddp FLOPs across all
steps. The projected sequence is then processed by a 2-layer LSTM. Each LSTM cell contains four gates, each with a
matrix-vector product of size dh × (din + dh), where din = dp for layer 1 and din = dh for layer 2. The total per-step LSTM
cost is approximately 8dh(dp + dh) + 8dh · 2dh, applied at all S steps. The final linear head contributes 2dh FLOPs and is
negligible. The total cost is dominated by the input projection, S · 2Ddp, since D ≫ dh.

D2-Monitor (cascade) Our cascade has two components. The base linear probe is applied at every denoising step to
compute the per-step margin |ds| used for hesitation detection, regardless of whether the sample is escalated; this incurs 2SD
FLOPs per sample. The expert (MLP or TimeAttn) is invoked only on the fraction pesc of samples flagged as hesitant, and
operates on the minimal window covering all hesitation steps with average length Swin ≤ S, rather than the full trajectory.
The expected per-sample cost is

E[FLOPs] = 2SD︸︷︷︸
base, always

+ pesc · Fexpert(Swin)︸ ︷︷ ︸
expert, conditional

, (12)

where the expert FLOPs are

FMLP-expert(Swin) = SwinD + 2DK (13)
FTimeAttn-expert(Swin) = 2SwinDda + 2SwinD + 2DK. (14)

The values of pesc and Swin are measured empirically on WildGuardMix for each model and reported alongside the FLOPs in
Table 5.

Across all four LLaDA models, D2-Monitor achieves a substantially better efficiency–effectiveness trade-off than full-
trajectory baselines. D2-MLP requires only 0.7–1.0 MFLOPs per sample, which is 2–3× cheaper than MLP (Mean)
and 35–150× cheaper than sequence-based baselines (TimeAttn and LSTM), while still delivering the highest F1 scores
in Table 1. D2-TimeAttn is more expensive than D2-MLP due to the heavier expert, but remains 4–5× cheaper than running
TimeAttn on the full trajectory. The savings come from two sources. First, the cascade only invokes the expert on the
fraction pesc of samples flagged as hesitant, so most samples incur only the lightweight 2SD FLOPs of the base linear probe.
Second, even on escalated samples, the expert operates on a localized hesitation window of average length Swin ≤ S, rather
than the full trajectory. As a result, D2-Monitor matches the FLOPs cost of single-step methods (e.g., MLP (Last Step) at
∼ 2 MFLOPs) while attaining performance close to full-trajectory models, demonstrating that conditional computation
effectively decouples cost from accuracy.
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D.2. Robustness to Random Seeds

In the main results, we report performance using a fixed random seed (2026). To verify that our findings are not due to a
particular random initialization, we retrain all methods on LLaDA-8B-Instruct using five different random seeds (0, 1, 2, 3,
and 4). As shown in Table 7, the results are consistent across seeds, with low standard deviations for all methods. Importantly,
our method continues to achieve the best performance among all baselines, indicating that the observed improvements are
robust and not due to randomness.

E. Additional Analysis
E.1. Analysis of Hesitation Dynamics

Cross-Boundary Probability We first analyze the local instability of model predictions by measuring how likely a step is
to cross the decision boundary in the next step. Given the signed margin ds at step s, we compute the probability that the
sign of the margin changes at the next step, i.e., sign(ds+1) ̸= sign(ds), as a function of the margin |ds|. Figure 7 shows the
crossing probability binned over |ds|. Across all four LLaDA models, we observe a consistent pattern: steps close to the
decision boundary exhibit a significantly higher probability of crossing it in the next step, while steps far from the boundary
are highly stable. The crossing probability decreases sharply as |ds| increases, quickly approaching zero beyond a small
margin threshold. This indicates that hesitation steps, characterized by small margin magnitudes, are intrinsically unstable
and prone to prediction flips, suggesting that the decision boundary region concentrates most of the local uncertainty in the
trajectory.

Margin Persistence We further analyze the temporal structure of hesitation by measuring how long a model remains in a
hesitant state. Given a threshold τ , we define a step as hesitant if |ds| < τ . For each such step, we compute the probability
that the model remains hesitant after k steps, i.e.,

P (|ds+k| < τ | |ds| < τ),

for k = 1, 2, . . . ,K. Figure 7 shows the persistence curves for different models. We also report the unconditional probability
of being in a hesitant state as a baseline. Across models, we observe that hesitation exhibits clear temporal persistence: once
the model enters a low-margin region, it tends to remain in that region for multiple subsequent steps, with the persistence
probability decaying gradually as k increases. These results suggest that hesitation is not only a local phenomenon but
also forms contiguous segments along the generation trajectory. This temporal coherence further motivates our design of
operating on localized hesitation windows, as they capture the regions where uncertainty is both concentrated and temporally
structured.

E.2. Margin Outperforms Entropy and Confidence as Step-Count Signal

In Section 3.2, we noted that the step-count construction underlying nτ is general and can be applied to any per-step
hesitation signal. We instantiate this for the two probe-extrinsic signals introduced in Section 3.3, defining

nentropy =

S∑
s=1

I[Es ≥ τE ], (15)

nconfidence =

S∑
s=1

I[Cs ≤ τC ], (16)

where Es and Cs are the step-wise entropy and confidence scores, and τE , τC are their respective thresholds. We compare
the three step-count signals on LLaDA-8B-Instruct in Figure 6, where for each signal we evaluate probe F1 across nτ

buckets (more generally, nsignal buckets) under five threshold settings parameterized by the resulting hesitant ratio. Two
observations stand out. First, all three signals are predictive of difficulty in the qualitative sense: F1 decreases monotonically
as the count increases, regardless of which signal is used. This confirms that the step-count construction itself is a general
approach to extracting trajectory-level difficulty information from per-step signals. Second, nτ produces the steepest and
most extended F1 decline across all hesitant ratios. The margin-based curves (blue) drop from ∼ 90% at nτ = 0 to 55–77%
at the largest buckets, whereas entropy-based and confidence-based curves (orange and green) plateau at ∼ 75–80% and
cover a much narrower range of nsignal values. The larger F1 spread under nτ indicates that the probe margin produces a finer
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Figure 4. Adversarial fraction vs. hesitation severity nτ . For each nτ bucket, we report the fraction of samples drawn from the
adversarial split of WildGuardMix. Each curve corresponds to a different τ setting (parameterized by the resulting hesitant ratio). The gray
dashed line marks the dataset-wide adversarial fraction (∼ 47%). The monotonic rise of the adversarial fraction with nτ holds across all
three LLaDA variants.

and more discriminative stratification of difficulty than entropy or confidence: trajectories deemed ”highly hesitant” under
nτ are substantially harder for the probe than those deemed ”highly hesitant” under entropy or confidence. This justifies our
choice of nτ as the routing signal in D2-Monitor. A natural explanation is that the probe margin is probe-aware: it directly
measures distance to the probe’s decision boundary, which is the quantity governing whether the probe will misclassify a
sample. In contrast, entropy and confidence are computed from the D-LLM’s predicted token distribution and are agnostic
to the specific probe being used. They capture model-level uncertainty but miss the probe-specific decision dynamics that
matter for routing.

E.3. Hesitation Severity Captures Adversarial Inputs

We further examine which samples accumulate large nτ , beyond their being difficult for the linear probe. Recall that
WildGuardMix contains a mixture of natural and adversarially designed prompts, where the latter are constructed to evade
safety classifiers and are widely regarded as the harder portion of the benchmark (Han et al., 2024). We compute, for each nτ

bucket, the fraction of samples drawn from the adversarial split (Adv. fraction) and report the result on three LLaDA variants
in Figure 4. The relationship is consistent across all three models. At nτ = 0, the adversarial fraction is 38–46%, noticeably
below the dataset-wide baseline of ∼ 47% (gray dashed line); as nτ increases, the fraction rises monotonically and reaches
67–89% at the largest buckets across the five τ settings. The overall trend, including both the sub-baseline behavior at
nτ = 0 and the monotonic rise toward nτ → S, holds for LLaDA-8B-Base, LLaDA-8B-Instruct, and LLaDA-1.5, indicating
that the association between hesitation severity and adversarial inputs is a model-agnostic property rather than an artifact
of any specific model or threshold choice. Conceptually, this is consistent with the design intent of adversarial prompts:
they are crafted to push the model into a borderline decision, which manifests as repeated proximity to the probe’s decision
boundary across denoising steps. Hesitation severity nτ thus naturally captures this signature of adversarial conditioning,
providing a concrete semantic interpretation beyond abstract probe uncertainty. The above analysis is conducted at the
level of nτ buckets and characterizes the data property of hesitation. We now turn to the operational consequence of this
property in our cascade: which samples are actually routed to the second-stage probe? Since routing in D2-Monitor is
triggered by nτ exceeding a threshold (selected on a held-out validation set), the routed subset should, by construction,
inherit the adv-rich property documented above. We empirically verify this by computing the adversarial fraction within the
routed subset for each LLaDA variant and report the result in Table 4. The routed subset is consistently and substantially
enriched in adversarial inputs relative to the dataset-wide baseline of ∼ 47%: the adversarial fraction reaches 86.3% on
LLaDA-8B-Base, 71.6% on LLaDA-8B-Instruct, and 60.8% on LLaDA-1.5 for D2-MLP, with D2-TimeAttn exhibiting
comparable enrichment (56.1%, 71.1%, 60.7% respectively). In other words, the cascade routes predominantly adversarial
samples to the expert. This confirms that D2-Monitor does not merely allocate extra capacity to “hard” samples in a generic
sense but specifically channels it toward adversarial inputs that pose the highest risk to safety classification. Viewed in this
light, the bi-level design becomes more than a cost-saving heuristic: it is a targeted defense mechanism, with hesitation
severity acting as an implicit detector of adversarial conditioning, and the second-stage expert serving as the specialized
classifier for these flagged cases.
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Figure 5. Ablation on routing signals under different hesitant ratios. Margin-based routing consistently outperforms entropy and
confidence, and shows greater robustness to threshold selection.

Table 3. Intra-dataset performance on the test set. Monitors are trained and tested on ToxicChat. Best results are in bold, and
second-best are underlined.

LLaDA-8B-Base LLaDA-8B-Instruct LLaDA-1.5 LLaDA-2.0-mini

Method E[P] Acc F1 Acc F1 Acc F1 E[P] Acc F1

Single-step methods
LP (Last Step) 4×10−3M 89.8 74.7 90.5 76.3 91.1 77.2 2×10−3M 93.8 80.0
MLP (Last Step) 1.05M 95.8 82.8 96.9 88.1 96.6 86.2 0.52M 95.3 82.6

Full-trajectory methods
LP (MV) 4×10−3M 90.7 76.4 91.4 77.7 91.6 78.2 2×10−3M 93.2 79.5
LP (Mean) 4×10−3M 91.7 78.0 91.7 78.5 92.1 79.0 2×10−3M 93.8 80.5
MLP (MV) 1.05M 95.5 84.0 96.3 87.9 96.3 87.8 0.52M 95.3 81.9
MLP (Mean) 1.05M 96.2 84.5 97.0 88.0 96.8 88.0 0.52M 95.9 84.6
TimeAttn (Kramár et al., 2026) 1.59M 96.8 86.5 96.8 88.7 97.2 88.6 0.80M 95.8 80.6
LSTM (Damirchi et al., 2026) 2.57M 96.6 86.7 97.0 88.9 96.8 88.0 1.51M 95.9 82.0

D2-MLP (Ours) ≤0.50M 96.9 87.9 97.2 89.7 97.2 89.5 0.40M 96.0 84.6
D2-TimeAttn (Ours) ≤0.76M 97.0 88.0 97.3 89.9 97.2 89.7 0.53M 96.1 85.2

Table 4. Adversarial fraction in the routed subset. For each LLaDA variant, we report the percentage of routed samples that are drawn
from the adversarial split of WildGuardMix. The dataset-wide baseline is ∼ 47%. Routing thresholds are selected on a held-out validation
set per method.

Method LLaDA-8B-Base LLaDA-8B-Instruct LLaDA-1.5

D2-MLP 86.3% 71.6% 60.8%
D2-TimeAttn 56.1% 71.1% 60.7%

Dataset baseline ∼ 47%
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Figure 6. Comparison of step-count signals on LLaDA-8B-Instruct. For each step-count signal (nτ from probe margin, nentropy from
step-wise entropy, nconfidence from step-wise confidence), we report probe F1 across buckets of increasing hesitation count, under two base
classifier variants: (a) LP (MV) and (b) LP (Mean). Each color corresponds to one signal, and each line style corresponds to a different
threshold setting parameterized by the resulting hesitant ratio. Across both base classifiers, the margin-based signal nτ produces the
steepest and most extended F1 decline, indicating it stratifies difficulty more discriminatively than the probe-extrinsic signals.

Table 5. Expected FLOPs (MFLOPs) per sample. Computed analytically using the architectures in Appendix C.2, with denoising
steps T , hidden dimension H , and (for our cascade) average escalation rate pesc and average hesitation window Twin measured on
WildGuardMix.

LLaDA-8B-Base LLaDA-8B-Instruct LLaDA-1.5 LLaDA-2.0-mini
Method FLOPs FLOPs FLOPs FLOPs

Single-step methods
LP (Last Step) 0.008 0.008 0.008 0.004
MLP (Last Step) 2.10 2.10 2.10 1.05

Full-trajectory methods
LP (MV) 0.26 0.26 0.26 0.52
LP (Mean) 0.14 0.14 0.14 0.27
MLP (MV) 67.1 67.1 67.1 134
MLP (Mean) 2.23 2.23 2.23 1.31
TimeAttn 35.7 35.7 35.7 68.2
LSTM 163 163 163 386

D2-MLP (Ours) 0.92 0.68 0.97 0.87
D2-TimeAttn (Ours) 8.16 5.10 8.48 19.4
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Table 6. Post-generation inference time (ms). Results are measured on WildGuardMix (1,725 prompts) after generation on different
LLaDA models.

LLaDA-8B-Base LLaDA-8B-Instruct LLaDA-1.5 LLaDA-2.0-mini

Method Time Time Time Time

Single-step methods

LP (Last Step) 0.73 0.31 0.42 0.37

MLP (Last Step) 0.79 0.52 0.66 0.34

Full-trajectory methods

LP (MV) 0.61 0.42 0.36 0.44

LP (Mean) 2.46 1.78 1.10 3.33

MLP (MV) 0.63 0.68 0.71 0.43

MLP (Mean) 3.04 1.94 1.59 3.65

TimeAttn 30.96 33.34 31.61 26.31

LSTM 346.44 317.42 307.88 348.56

D2-MLP (Ours) 0.57 0.56 0.66 0.55

D2-TimeAttn (Ours) 7.36 7.69 7.63 5.11

Table 7. Intra-dataset performance on LLaDA-8B-Instruct (WildGuardMix). Results are reported as mean ± std over multiple
random seeds.

Method E[P] Acc F1

Single-step methods
LP (Last Step) 4× 10−3M 87.2± 0.3 86.8± 0.3

MLP (Last Step) 1.05M 87.9± 0.4 87.6± 0.4

Full-trajectory methods
LP (MV) 4× 10−3M 88.1± 0.2 87.9± 0.2

LP (Mean) 4× 10−3M 88.1± 0.1 87.8± 0.1

MLP (MV) 1.05M 88.5± 0.3 88.2± 0.3

MLP (Mean) 1.05M 88.6± 0.4 88.3± 0.4

TimeAttn 1.59M 88.8± 0.3 88.6± 0.3

LSTM 2.57M 88.6± 0.2 88.3± 0.2

D2-MLP (Ours) 0.24M 89.8± 0.1 89.3± 0.1

D2-TimeAttn (Ours) 0.35M 89.5± 0.1 89.2± 0.1
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Table 8. Intra-dataset performance on LLaDA-8B-Base. Monitors are trained and tested on WildGuardMix. Best results are in bold,
and second-best are underlined. ↓ indicates lower is better.

Method E[P] Acc F1 F2 Precision Recall FRR ↓

Single-step methods

LP (Last Step) 4×10−3M 84.6 84.1 83.9 85.9 77.5 9.9

MLP (Last Step) 1.05M 85.8 85.4 85.1 87.6 78.6 8.7

Full-trajectory methods

LP (MV) 4×10−3M 86.7 86.2 85.8 89.9 78.2 6.8

LP (Mean) 4×10−3M 86.9 86.5 86.2 90.0 78.9 6.8

MLP (MV) 1.05M 86.9 86.6 86.0 88.9 79.4 7.7

MLP (Mean) 1.05M 87.4 87.0 86.7 89.9 80.1 7.0

TimeAttn 1.59M 87.4 86.9 86.7 89.8 80.2 7.1

LSTM 2.57M 87.1 86.6 86.2 90.8 78.4 7.0

D2-MLP (Ours) 0.09M 88.1 87.8 87.4 90.8 81.0 6.4

D2-TimeAttn (Ours) 0.54M 88.6 88.3 88.0 90.3 82.8 6.9

Table 9. Intra-dataset performance on LLaDA-8B-Instruct. Monitors are trained and tested on WildGuardMix.

Method E[P] Acc F1 F2 Precision Recall FRR ↓

Single-step methods

LP (Last Step) 4×10−3M 87.4 87.0 86.8 88.4 81.8 8.3

MLP (Last Step) 1.05M 87.1 86.8 86.6 88.6 81.0 8.1

Full-trajectory methods

LP (MV) 4×10−3M 88.2 87.9 87.8 88.0 84.5 9.0

LP (Mean) 4×10−3M 88.2 87.9 87.8 88.4 84.1 8.5

MLP (MV) 1.05M 87.9 87.6 87.4 88.7 82.9 8.2

MLP (Mean) 1.05M 87.7 87.4 87.2 88.6 82.5 8.2

TimeAttn 1.59M 87.9 87.5 87.2 90.3 81.0 6.8

LSTM 2.57M 87.8 87.4 87.2 89.5 81.6 7.4

D2-MLP (Ours) 0.21M 89.9 89.7 89.5 91.1 85.3 6.5

D2-TimeAttn (Ours) 0.32M 89.6 89.4 89.2 91.0 84.6 6.5
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Table 10. Intra-dataset performance on LLaDA-1.5. Monitors are trained and tested on WildGuardMix.

Method E[P] Acc F1 F2 Precision Recall FRR ↓

Single-step methods

LP (Last Step) 4×10−3M 88.2 87.9 87.7 89.5 82.8 7.5

MLP (Last Step) 1.05M 87.9 87.5 87.3 89.9 81.4 7.1

Full-trajectory methods

LP (MV) 4×10−3M 87.8 87.5 87.4 87.1 84.5 9.7

LP (Mean) 4×10−3M 87.9 87.7 87.6 87.4 84.6 9.5

MLP (MV) 1.05M 88.3 88.0 87.9 88.8 83.8 8.2

MLP (Mean) 1.05M 88.3 88.0 87.8 89.0 83.6 8.0

TimeAttn 1.59M 88.0 87.7 87.5 88.9 82.9 8.0

LSTM 2.57M 88.1 87.8 87.5 89.3 82.6 7.7

D2-MLP (Ours) 0.36M 89.3 89.1 88.9 90.7 84.2 6.7

D2-TimeAttn (Ours) 0.54M 89.3 89.0 88.8 90.0 84.7 7.3

Table 11. Intra-dataset performance on LLaDA-2.0-mini. Monitors are trained and tested on WildGuardMix.

Method E[P] Acc F1 F2 Precision Recall FRR ↓

Single-step methods

LP (Last Step) 2×10−3M 77.6 76.3 75.8 82.4 62.1 10.3

MLP (Last Step) 0.52M 79.0 78.0 77.6 81.8 66.7 11.5

Full-trajectory methods

LP (MV) 2×10−3M 80.0 79.0 78.4 85.5 65.5 8.7

LP (Mean) 2×10−3M 80.5 79.4 78.9 85.9 66.2 8.4

MLP (MV) 0.52M 81.3 80.5 80.1 84.5 70.0 10.0

MLP (Mean) 0.52M 81.4 80.6 80.2 85.0 69.9 9.6

TimeAttn 0.80M 81.7 80.8 80.4 85.9 69.5 8.9

LSTM 1.51M 81.7 80.9 80.4 85.7 69.8 9.1

D2-MLP (Ours) 0.17M 83.7 82.9 82.5 88.2 72.3 7.5

D2-TimeAttn (Ours) 0.26M 83.7 83.0 82.5 88.6 72.0 7.2
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(a) LLaDA-8B-Base: Crossing
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(b) LLaDA-8B-Base: Persistence
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(c) LLaDA-8B-Instruct: Crossing
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(d) LLaDA-8B-Instruct: Persistence
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(e) LLaDA-1.5: Crossing
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(f) LLaDA-1.5: Persistence

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Margin |ds|

0.0

0.1

C
ro

ss
in

g 
pr

ob
ab

ili
ty

(g) LLaDA-2.0-mini: Crossing
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(h) LLaDA-2.0-mini: Persistence

Figure 7. Cross-boundary probability (left) and margin persistence (right) across four LLaDA variants. Left: crossing probability as
a function of margin |ds|. Right: persistence probability P (|ds+k| < τ | |ds| < τ). Margins are determined by OOF scoring on
WildGuardMix.
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(a) LLaDA-8B-Base: D2-MLP
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(b) LLaDA-8B-Base: D2-TimeAttn
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(c) LLaDA-8B-Instruct: D2-MLP
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(d) LLaDA-8B-Instruct: D2-TimeAttn
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(e) LLaDA-1.5: D2-MLP
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(f) LLaDA-1.5: D2-TimeAttn
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(g) LLaDA-2.0-mini: D2-MLP
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(h) LLaDA-2.0-mini: D2-TimeAttn

Figure 8. F1 score (%) vs. hesitant example ratio under D2-MLP (left) and D2-TimeAttn (right) across four LLaDA variants. All probes
are trained and tested on WildGuardMix.
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