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Abstract

Large language models exhibit non-negligible
risks of generating policy-violating content, un-
derscoring the need for effective and timely
guardrail mechanisms. Existing streaming
safety monitoring approaches enable detection
during decoding, but still lack a reliable mecha-
nism for deciding when to terminate generation,
limiting their ability to act on early risk signals
that are often sparse and unstable under partial
observability. In response, we propose LTS, a
token-level framework that explicitly learns a
stopping criterion for preemptive early termina-
tion. LTS introduces a risk-aware STOP head
for token-level risk assessment and leverages
temporally structured supervision with multi-
scale evidence to model the evolution of safety
risks during generation. By casting streaming
safety monitoring as a constrained online stop-
ping task and incorporating exponential mov-
ing average temporal aggregation, LTS enables
reliable translation of emerging risk evidence
into stable and timely termination decisions.
LTS achieves an F1 score of 95.5% and is able
to terminate harmful content at 13% of the gen-
erated sequence, substantially outperforming
existing methods during early generation. In
realistic streaming settings, it achieves around
90% token reduction.

1 Introduction

Large Language Models (LLMs) has been adopted
to many applications (DeepSeek-AI et al., 2025;
Achiam et al., 2023). However, their autoregres-
sive generation process introduces safety risks, and
even aligned models can produce harmful or policy-
violating outputs (Yan et al., 2025; Shen et al.,
2024; Wang and Sun, 2025). As deployment scales,
ensuring real-time safety requires monitoring and
mitigating harmful content during generation (Han
et al., 2024).

*Corresponding authors.

Figure 1: Early detection performance versus termina-
tion capability. F1 (first 10% of seq.) is computed over
the first 10% of content in the generated sequence. Stop
position measures the relative position (in %) within the
generated content where early termination occurs.

Current safety monitoring approaches often rely
on post-hoc detection, where auxiliary classifiers
(He et al., 2020; Liu et al., 2019) or guardrails
(Zeng et al., 2024; Inan et al., 2023) evaluate model
outputs only after the full sequence has been gen-
erated. This paradigm allows harmful content to
be exposed before detection (Wang et al., 2023)
and introduces substantial computational overhead
and latency due to full-sequence evaluation (Li
et al., 2021). To enable earlier intervention, recent
work explores streaming safety monitoring, where
safety signals are evaluated during the decoding
process rather than after full response generation.
ShieldHead (Xuan et al., 2025) and Kelp (Li et al.,
2025a) attach lightweight classifiers to intermedi-
ate model representations to detect harmful signals
from hidden states during generation. SCM (Li
et al., 2025b) estimates stopping positions based
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on generation statistics such as the delay-k strategy.
Adapter-based guardrail frameworks (Krishna et al.,
2025) further extend this paradigm by lightweight
safety modules. As shown in Figure 1, existing
safety monitoring methods exhibit both suboptimal
detection performance under partial context and
late stopping behavior, highlighting the limitations
in early risk recognition and timely intervention.

Existing approaches struggle in two aspects: (i)
Early risk evidence capturing under partial context
remains unreliable, as limited prefix information
often lacks sufficient semantic cues and the corre-
sponding representations may not yet encode harm-
ful intent. (ii) Even when risk evidence emerge,
translating them into timely termination interven-
tion is challenging, as existing methods rely on
fixed heuristics or shallow classifiers that cannot
adapt to evolving context and must balance false
positives against delayed intervention.

To address these challenges, we propose LTS
(Learnable Termination Safeguard), an efficient
framework that explicitly learns when to termi-
nate generation at the token level. First, LTS
adopts a Multiscale Contextual Risk Evidence ex-
traction module that captures contextual risk sig-
nals at token-, window-, and prefix-level granu-
larities. Then LTS employs a STOP head to align
these signals with consistent decision dynamics, en-
abling reliable conversion of transient risk cues into
stable and timely termination. During inference,
Exponential Moving Average temporal smoothing
aggregates stopping signals across tokens, enabling
stable and adaptive early termination and reducing
reliance on heuristic stopping approaches.

Extensive experiments on LLM-generated re-
sponses demonstrate that LTS significantly outper-
forms existing methods. Our approach achieves
safety detection Macro-F1 scores ranging from
87% to 95% across different model scales, surpass-
ing state-of-the-art methods by at most 5 points.
Importantly, LTS exhibits substantially more effec-
tive early stopping behavior, triggering termination
within the first 13% of tokens for over 95% of harm-
ful sequences. Besides, LTS achieves up to 12×
inference speedup and around 90% token reduction,
demonstrating the effectiveness of learnable early
termination for latency-critical safety monitoring.

Our main contributions are threefold:

• We propose a learnable token-level safety
monitoring framework that enables early ter-
mination through explicit architectural super-

vision and EMA-based temporal smoothing.

• We design a Multiscale Contextual Risk Ev-
idence Extraction module with a specialized
STOP head, which jointly learns to capture
risk evidence across multiple granularities and
to derive adaptive stopping criteria.

• LTS shows significant efficiency gains over
baselines by terminating over 95% of harmful
content within the first 13% of generation.

2 Related Works

Post-hoc LLM safety guardrails. Many prior
work addresses LLM safety through post-hoc mod-
eration and intrinsic alignment mechanisms. Early
approaches fine-tuned encoder-only models such
as BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) for harmful content classification.
More recent efforts leverage full LLMs as ded-
icated safety classifiers, including LlamaGuard
(Chi et al., 2024; Inan et al., 2023), ShieldGemma
(Zeng et al., 2024), WildGuard (Han et al., 2024),
and MD-Judge (Li et al., 2024), which benefit
from stronger semantic representations and broader
safety coverage. In parallel, intrinsic alignment
strategies such as reinforcement learning from hu-
man feedback (Bai et al., 2022), direct prefer-
ence optimization (Rafailov et al., 2023), and re-
fusal training (Yuan et al., 2025) aim to internal-
ize safety constraints into the generation model
itself. These approaches predominantly follow a
post-hoc paradigm, where the complete response
is assessed only after generation. This mechanism
introduces latency and may expose unsafe content
before mitigation, limiting applicability in stream-
ing and latency-critical scenarios.

Streaming safety monitoring Recent studies
move toward streaming moderation that operates
during decoding. Several approaches reuse back-
bone representations to enable lightweight parallel
monitoring. ShieldHead (Xuan et al., 2025) at-
taches an auxiliary classification head to final-layer
hidden states to provide token-level supervision.
Kelp (Li et al., 2025a) and STShield (Wang et al.,
2025) further extend this paradigm by leveraging
intermediate representations during decoding to
enable token-level risk detection. SCM (Li et al.,
2025b) trains linear probes over per-token repre-
sentations using the FineHarm dataset, while DSA
(Krishna et al., 2025) exploits disentangled safety
adapters to enhance risk detection. Related efforts
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in fine-grained toxic span detection (Mathew et al.,
2021; Pavlopoulos et al., 2021) provide word- or
character-level annotations but are primarily de-
rived from short human-written texts, leaving a gap
when applied to LLM-generated streams. Despite
these advances, existing streaming methods still
struggle to reliably detect emerging risks from early
prefixes and often delay stopping, highlighting a
gap in effective token-level early intervention.

3 Problem Formulation

Streaming safety monitoring problem is typically
formulated as token- or prefix-level risk estimation,
with intervention decisions derived from predicted
risk scores via heuristic rules (Li et al., 2025a; Xuan
et al., 2025). This leaves a gap between deciding
when to stop generation under partial observation
and merely scoring the harmfulness of individual
tokens or prefixes.

We formulate streaming safety monitoring as
a constrained online stopping problem. Let x =
(x1, . . . , xT ) be a generated sequence, and y ∈
{0, 1} be its sequence label, where 0 for benign and
1 for harmful. We study the gray box setting where
only the prefix x≤t = (x1, . . . , xt) and the corre-
sponding hidden state ht of the backbone LLM can
be observed, while future tokens and LLM parame-
ters remain unknown. For harmful sequences, we
define the harmful onset position as

t⋆ = min{t : ytokent = 1}, (1)

where ytokent is token-level harmfulness annotation.
The goal of the safeguard is to intervene as soon

as sufficient evidence of harmful intent emerges,
while avoiding unnecessary interruption of benign
generations. Formally, we seek a stopping policy
π : x≤t → {0, 1}, where π(x≤t) = 1 indicates
termination at step t and 0 for continuation. The
induced stopping time is

τ(π) = min{t : π(x≤t) = 1}, (2)

with τ = T if generation is never stopped. The
desired policy minimizes the intervention delay
after harmful onset:

min
π

E
[
(τ(π)− t⋆)+ | y = 1

]
,

s.t. P(τ < T | y = 0) ≤ ϵ.
(3)

where (·)+ = max(·, 0) and ϵ denotes the tolerance
for the false alarm rate.

4 Methodology

Directly optimizing the constrained stopping ob-
jective in Eq. (3) is intractable due to the discrete
stopping time and indicator-based decisions. Thus,
as shown in Figure 2, LTS first captures early and
diverse risk evidence, enabling the stopping signal
to rise promptly after the harmful onset t⋆ (Sec.
4.1); then learns the stopping policy π by mapping
hidden representations and risk evidence to deci-
sion boundary crossing score (Sec. 4.2); finally
stabilizes the score trajectory over time to control
the violation of the error tolerance ϵ (Sec. 4.3).

4.1 Multiscale Contextual Risk Evidence
Extraction

Motivated by the observation that harmful intent
may manifest in diverse forms during generation,
we extract risk evidence from multiscale contex-
tual information: (i) some cases are signaled by
explicit local tokens, (ii) others develop progres-
sively through short contextual spans or (iii) se-
mantic drift over the entire observed prefix. There-
fore, we model risk evidence at the token, window,
and prefix levels by computing three correspond-
ing evidence logits from the hidden state ht of the
backbone language model at decoding step t.

Token-level evidence assesses individual token
representations directly, and captures immediate lo-
cal harmful signals from explicitly harmful tokens:

rtokent = ftoken(ht). (4)

Window-level evidence aggregates representa-
tions over a local sliding window of size w, and
captures short-range contextual patterns that may
indicate emerging harmful content:

rwindow
t = fwindow(

1

w

t∑

i=t−w+1

hi). (5)

Prefix-level evidence collects cumulative con-
text from the sequence start to the current position,
and encodes evidence of harmful patterns that de-
velop gradually across the sequence:

rprefixt = fprefix(
1

t

t∑

i=1

hi). (6)

These multiscale evidences are aggregated via
an element wise max-pooling to the unified risk rep-
resentation rt. We use max aggregation to preserve
the strongest risk evidence at each step, and avoid
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Figure 2: Comparison of harmful content detection paradigms. LTS triggers earlier termination for harmful content.
Green, red, and gray tokens denote no early stopping, early stopping, and unprocessed tokens, respectively.

the dilution effect that may arise from averaging
when harmful signals are sparse and appear only
at a single temporal scale (Boureau et al., 2010).
In this way, the multiscale module functions as a
contextual evidence extraction component, since it
provides structured risk cues that will later be trans-
lated into stopping decisions by the STOP head.

4.2 STOP Head for Intervention Prediction

Given multiscale contextual risk evidence rt, the
key question is whether the currently observed pre-
fix already provides sufficient evidence for interven-
tion. Thus, we introduce a STOP head that predicts
intervention readiness at the decoding step t.

Existing methods such as Kelp (Li et al., 2025a)
and SCM (Li et al., 2025b) learn token-level or
prefix-level risk estimators, where the model out-
puts a scalar risk signal that reflects the likelihood
of harmfulness at the current step. In contrast, our
STOP head directly learns the intervention deci-
sion function, focusing on when to stop given both
semantic context and multiscale evidence, rather
than how risky the current state is.

Formally, we use a lightweight MLP for the con-
catenation of semantic representation ht and aggre-
gated evidence rt:

zstopt = σ(MLP([ht; rt])), (7)

where zstopt ∈ [0, 1] represents the learned interven-
tion readiness at step t, directly modeling the stop-
ping behavior from data. This formulation elim-
inates the mismatch between risk estimation and
decision making by learning a unified stopping rule,

rather than relying on heuristic stopping criteria de-
rived from risk scores.

4.3 Online Stopping via Temporal Evidence
Accumulation

Although the STOP head predicts intervention
readiness at each step, raw stopping signals zstopt

may still fluctuate due to transient ambiguity in lo-
cal context. Directly triggering intervention when-
ever zstopt exceeds a threshold can therefore lead to
unstable behavior and unnecessary false positives.
To obtain a more reliable online stopping policy,
we accumulate stopping readiness over time us-
ing exponential moving average (EMA) (Morales-
Brotons et al., 2024). At decoding step t, we main-
tain a termination score:

Rt = αRt−1 + (1− α)zstopt , (8)

where α ∈ [0, 1) controls the persistence of the
readiness of the past. A higher α emphasizes ac-
cumulated readiness, while lower values prioritize
immediate signals. R0 = 0 by default.

The stopping policy is then defined as

π(x≤t) = I
[
Rt > τstop

]
,

where I(·) is the indicator function. τstop defines a
decision boundary on the stopping readiness and
serves to control the operating point corresponding
to the ϵ-bounded error constraint in Eq. (3).

EMA provides an efficient approximation to
readiness accumulation for online stopping by
maintaining a running estimate with exponentially
decayed historical contributions. This enables re-
sponsive yet stable updates under streaming inputs,
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while requiring only O(1) memory and computa-
tion per token.

4.4 Training Objective
LTS optimizes the early intervention policy by
training the models with two supervised signals.

Token-level evidence loss. To address the class
imbalance between harmful and benign tokens, we
apply focal loss (Lin et al., 2017):

Ltoken = − 1

T

T∑

t=1

β(1− pt)
γ log pt, (9)

where pt denotes the predicted probability of the
ground-truth class. β and γ are hyper-parameters.

Early stopping loss. Given the harmful onset po-
sition t∗ in Eq. (1), we derive prefix-level stopping
targets from token-level harmfulness annotations.

ystopt =

{
I(t ≥ t∗), y = 1,

0, y = 0,
t = 1, . . . , T.

(10)
Before harmful content becomes manifest, the

model should continue monitoring. Once the pre-
fix contains sufficient evidence of harmful intent,
the model should transition into a high-certainty
stopping regime. The STOP head adopts a binary
cross-entropy loss to learn the onset-aware stop-
ping signals:

Lstop = − 1

T

T∑

t=1

BCE(ystopt , zstopt ), (11)

where zstopt is STOP head prediction as in Eq. (7).

Joint objective. The two goals enable LTS to
jointly learn evidence representation and interven-
tion behavior under a unified training objective.

L = Ltoken + λLstop, (12)

where λ balance the two components.

5 Experiments and Results

5.1 Implementation details
Datasets. We conduct experiments on FineHarm
(Li et al., 2025b), one of the few public bench-
marks providing token-level harmfulness annota-
tions. The dataset contains ∼29K prompt-response
pairs. We follow official train/validation/test
splits. We also conduct zero-shot tests on Wild-
GuardTest (Han et al., 2024) and PKU-SafeRLHF-
QA (Ji et al., 2025)

Baselines. (i) Conventional encoder-based classi-
fiers, RoBERTa (Liu et al., 2019) and DeBERTa
(He et al., 2020), are retrained with token-level su-
pervision and deployed over partial input prefixes
under a streaming inference setting. (ii) Qwen-
Partial and SCM (Li et al., 2025b) perform safety
classification based on incomplete sequence rep-
resentations. They do not natively support early
stopping, and we adapt them with a threshold over
prefix-level predictions to enable direct comparison.
(iii) Kelp (Li et al., 2025a) is a streaming safety
detector that performs token-level risk prediction
during decoding.

Models. To ensure fair comparison and assess the
effect of model capacity, Qwen-Partial, SCM, Kelp,
and LTS all adopt Qwen2.5 (Yang et al., 2024) as
the base model and are evaluated at three scales
under an identical streaming inference setting. We
test the cross-backbone capability of LTS on the
Llama2 series of models (Touvron et al., 2023).

Evaluation metrics. We evaluate model perfor-
mance using standard classification metrics, includ-
ing accuracy (Acc), precision (P), recall (R), and
F1 score for both benign and harmful classes, as
well as Macro-F1 to measure overall balanced per-
formance. Following early-exit and dynamic infer-
ence studies (Kaya et al., 2019), we report Early
Stopping Rate (ESR) and Average Stopping Ratio
(ASR) for harmful content. ESR is equivalent to
the recall on the harmful class and ASR denotes the
average stopping position normalized by sequence
length. We also use the False Positive Rate (FPR)
to quantify the constraint on the formulation.

Reproducibility checklist. All experiments are
conducted on a server with 2× NVIDIA A800
80GB GPUs. We train the model for 3 epochs
using a learning rate of 5 × 10−5 with a warmup
ratio of 0.05. The per-device batch size is set to 1,
and gradient accumulation over 32 steps is applied.

For training, β = 1 and γ = 2 for focal
loss, and λ = 1. The evidence extraction func-
tions ftoken, fwindow, fprefix are implemented using
lightweight linear projection heads, and the win-
dow size w = 7. During inference, α = 0.7 for
EMA smoothing. We evaluate different operating
configurations of τstop on the validation set and
report results using the configuration that best sat-
isfies the constraint. For more detailed parameter
settings and experiments refer to Appendix B.
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Table 1: Performance comparison of LTS against baseline methods. The bolded number represents the best
performance within the same model scale.

Base-model Method Acc
(%)

Benign responses (%) Harmful responses (%) Macro
F1 (%)

Trainable
Params

P R F1 P R F1

RoBERTa - 89.82 85.24 98.89 91.56 98.24 78.33 87.16 89.36 124.6M
DeBERTa - 90.40 86.57 98.02 91.94 97.00 80.75 88.13 90.04 877.5M

Qwen-0.5B

Qwen-Partial 73.44 94.47 55.73 70.10 63.11 95.87 76.11 73.11 494.0M
SCM 79.15 95.12 66.07 77.98 69.02 95.71 80.21 79.10 494.0M
Kelp 82.25 96.71 70.63 81.64 72.28 96.96 82.82 82.23 10.1M
LTS 87.62 97.38 79.99 87.83 79.34 97.27 87.39 87.61 2.3M

Qwen-1.5B

Qwen-Partial 77.74 94.53 63.85 76.22 67.57 95.32 79.08 77.65 1543.7M
SCM 89.37 96.40 84.11 89.84 82.68 96.02 88.86 89.35 1543.7M
Kelp 91.09 97.10 86.64 91.57 85.12 97.35 90.55 91.06 12.1M
LTS 92.54 97.31 89.10 93.02 87.54 96.88 91.97 92.50 6.8M

Qwen-7B

Qwen-Partial 80.36 89.92 73.03 80.59 72.41 89.63 80.11 80.35 7615.6M
SCM 85.24 88.33 84.79 86.52 81.68 85.81 83.69 85.11 7615.6M
Kelp 93.43 97.73 90.33 93.89 88.83 97.35 92.90 93.40 18.7M
LTS 95.56 96.46 95.57 96.01 94.45 95.56 95.00 95.51 37.0M

Table 2: Early stop effectiveness.

Scale 0.5B 1.5B 7B

Method FPR↓ ASR↓ FPR↓ ASR↓ FPR↓ ASR↓
SCM 33.93 12.47 15.89 13.31 15.21 23.33
Kelp 29.37 14.36 13.36 15.87 9.67 15.49
LTS 20.01 10.10 10.90 10.74 4.43 12.99

5.2 Comparison with SOTA Methods

LTS is compared with streaming baselines and con-
ventional classifiers across three model scales in
Table 1. LTS consistently achieves the highest
accuracy and Macro-F1. On the 0.5B model, it
obtains 87.62% accuracy and 87.61% Macro-F1,
outperforming the strongest baseline by about 5
points. The gain becomes larger at 1.5B, where
LTS reaches 92.50% Macro-F1, with consistent
improvements over the best baseline. At 7B, LTS
maintains a stable margin of around 2 points over
the strongest competitor. ESR (recall on harmful re-
sponses) remains consistently above 95% across all
model scales, covering the vast majority of harm-
ful cases via early stopping. LTS also yields more
balanced precision and recall across benign and
harmful classes as model scale increases, whereas
existing methods often favor either precision or
recall. This is partly due to its larger capacity at
higher scales, which provides stronger represen-
tations and better-calibrated decision boundaries.
Despite these gains, LTS introduces only a small
number of additional trainable parameters over the
backbone.

We further evaluate early stop effectiveness in

Figure 3: Stop rate comparison at different sequence
positions for 0.5B model.

Table 2 and Figure 3. LTS consistently achieves
lower FPR and ASR than strong baselines across all
model scales, with FPR reduced to as low as 4.43%
and substantial ASR reductions of up to 10 points
on the 7B model. Lower FPR indicates a stricter
constraint with fewer false alarms (Eq. 3), while
lower ASR reflects more efficient early stopping.
The stop rate curves of the 0.5B model further show
that LTS achieves higher stop rates before 50% and
75% of the harmful sequence length, demonstrating
more effective early intervention. Similar trends
for the 1.5B and 7B models are provided in Ap-
pendix A.

5.3 Performance on Truncated Sequences

To assess performance under partial observations,
we evaluate models on truncated test sequences
using two strategies: harmful-token coverage and
sequence length. For harmful-token coverage, each
sequence is truncated at the earliest position where
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Figure 4: Coverage performance. Respectively truncated by the coverage of harmful tokens and sequence length.
F@p denotes the F1 score of the model when the truncation percentage is p%.

Figure 5: ROC curves of LTS across different scales.

p% of its harmful tokens has been observed. For
sequence-length truncation, each input is truncated
at p% of its total length. We report results at p ∈
{25, 50, 75} in Figure 4.

LTS consistently outperforms SCM and Kelp
across all truncation levels and model scales. Under
harmful-token coverage truncation, LTS achieves
F1 scores above 83% with the 0.5B model and
above 88% with the 1.5B and 7B models at only
25% coverage. Performance further improves
as coverage increases, exceeding 91% for the
1.5B and 7B models at higher truncation levels.
Sequence-length truncation shows the same trend,
where LTS maintains significantly higher F1 across
all percentages. Overall, LTS provides proactive
and robust safeguarding for streaming scenarios
with partial observations.

Figure 6: Trade-off between Macro F1 and ASR.

5.4 Balancing Detection Performance and
Stopping Earliness

To examine the trade-off between detection perfor-
mance and stopping time under different operating
conditions, we first analyze the ROC curves of LTS
across all three model scales in Figure 5. The ROC
curves exhibit progressively larger AUC values as
model capacity increases, approaching near-perfect
separability between harmful and benign genera-
tions.

Each operating point on the ROC curve corre-
sponds to a different FPR, which defines the con-
straint on the stopping policy. Based on these FPR-
constrained operating points, Figure 6 illustrates
the trade-off between Macro F1 and ASR under
different constraint levels. LTS forms a Pareto fron-
tier (Deb, 2011), where no configuration simulta-
neously achieves lower ASR and higher Macro F1,
while all baselines are dominated by LTS. The re-
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sults reveal a clear accuracy-efficiency trade-off.
Earlier stopping improves efficiency by relying on
less context but may reduce classification reliability,
whereas later stopping benefits from richer context
at the cost of increased ASR. As stopping is further
delayed, the gains gradually saturate, supporting
our formulation of streaming safety monitoring as
a constrained online stopping problem that seeks
sufficient evidence for reliable intervention while
minimizing delay.

5.5 Real-World Deployment Efficiency

To evaluate practical deployment efficiency, we
benchmark LTS across three model scales on 50
harmful LLM-generated responses. Table 3 reports
the result, where the "Full" setting (processing all
tokens) is primarily used as an efficiency reference.
LTS provides clear efficiency improvements across
all model scales. The 0.5B model reduces average
processing time from 21.6s to 2s with a 10.80×
speedup and processes 90.2% fewer tokens. The
1.5B model achieves a 12.05× speedup and reduces
token usage by 91.2%; and the 7B model maintains
a 9.63× speedup and decreases token consumption
by 86.9%. These results indicate that the early
termination mechanism can convert the premature
termination behavior into a significant reduction in
latency, thereby verifying the effectiveness of LTS
in latency-sensitive scenarios.

Table 3: Efficiency comparison of LTS under real-world
detection scenarios (50 harmful responses): running
time speedup and token reduction over full generation.

Scale 0.5B 1.5B 7B

Metric Full LTS Full LTS Full LTS

Time (sec.) 21.6 2.0 25.3 2.1 30.8 3.2
Speedup 10.80× 12.05× 9.63×
Tokens 509.1 50.0 509.1 44.7 509.1 66.8
Reduction 90.2% 91.2% 86.9%

5.6 Generalization Across Backbones and
Benchmarks

We train and evaluate LTS on Llama2-7B and
Llama2-13B on FineHarm to test whether our stop-
ping framework depends on a specific backbone.
Both models achieve strong early-stop performance
in Table 4, with FPR and ASR remaining within
a practical range across model scales. These re-
sults suggest that latent stopping generalizes across
LLM families and hidden dimensions.

Table 4: Cross-backbone evaluation.

Backbone ACC Macro-F1 FPR ESR ASR

Llama2-7B 95.56 95.49 3.26 94.08 16.9
Llama2-13B 95.01 94.97 7.02 97.58 12.9

Table 5: Zero-shot evaluation of FineHarm-trained LTS-
7B on external safety benchmarks.

(a) WildGuardTest

Subset F11 Macro-F1 FPR ASR

All 68.3 80.6 8.9 40.2
Compliance 70.8 80.2 12.7 39.1
Compliance + Adversarial 63.4 74.5 20.2 42.6

(b) PKU-SafeRLHF-QA

Subset Macro-F1 / F11 FPR ASR

All 84.4 14.5 34.5
Unsafe-only 90.9 – 34.5
Severe unsafe (severity ≥ 2) 92.2 – 32.1
Mild unsafe (severity = 1) 82.2 – 49.6

Note. WildGuard Compliance and Compliance + Adver-
sarial are subsets of WildGuardTest filtered by the offi-
cial label (compliance vs. refusal) and adversarial fields.
SafeRLHF unsafe rows are split by severity (≥ 2 vs. = 1).
Full subsets report Macro-F1; unsafe rows report F11.

We further evaluate FineHarm-trained LTS-7B
on WildGuardTest and PKU-SafeRLHF-QA with-
out target-domain retraining. This setting is zero-
shot because the external datasets provide only
sequence-level harm labels, preventing LTS from
being re-supervised with token-level onset anno-
tations. Despite this protocol mismatch, LTS
still achieves usable detection performance in Ta-
bles 5 while supporting streaming early stopping,
indicating cross-benchmark transfer of the stop-
ping criterion learned from FineHarm. For ref-
erence, dedicated WildGuard (Han et al., 2024)
reports response-harmfulness F1 scores of 75.4%
and 64.2% on WildGuardTest and SafeRLHF, re-
spectively.

5.7 Intervention Boundary and Fixed-FPR
Efficiency

Streaming guardrails must determine where to in-
tervene (τ(π) in Eq. 2) relative to the gold harm-
ful onset t∗ refer to Eq. 1. We define the inter-
vention boundary as the onset-relative stop delay
∆t = rankτ(π)− rankt∗ , where negative values in-
dicate stopping before any gold harmful token. As
Figure 7 shows, LTS triggers before t∗ on 33.2%
of harmful sequences at 7B (vs. 25.2% for Kelp),
with a median onset delay of only 6 tokens (Kelp:
20.5), while maintaining lower ASR under matched
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Figure 7: Intervention boundary relative to harmful
onset. ∆median denotes the arithmetic difference be-
tween Kelp’s and LTS’s median delays.

Figure 8: ASR under matched FPR.

detection quality.
To isolate gains beyond classification, we further

report fixed-FPR operating points. For each target
FPR ∈ {10, 15, 20, 25, 30}%, we compare LTS-
7B, Kelp-7B, and SCM-1.5B in Figure 8. At lower
aligned false-stop levels, LTS achieves lower ASR
than others, showing that its improvements stem
from reduced residual exposure, rather than solely
from better harmful/safe discrimination.

5.8 Ablation Study

We conduct ablation studies across three model
scales (0.5B, 1.5B, and 7B) to analyze the contribu-
tions of EMA smoothing, STOP supervision (ST),
and Multiscale Contextual Risk Evidence (MCRE),
as summarized in Table 6.

Removing EMA leads to consistent performance
degradation across all model scales, with F1 scores
dropping at least 5.6 points. This indicates that
temporal smoothing plays an important role in sta-
bilizing early-stage predictions. In comparison,
eliminating STOP supervision results in a more pro-
nounced performance drop, especially for smaller
models, where the F1 score decreases to 78.98% at
0.5B. Removing MCRE leads to smaller yet con-
sistent declines across all scales, with F1 scores of
84.07%, 89.94%, and 92.06%. This indicates that
multiscale risk extraction contributes complemen-

tary gains that remain stable across different model
capacities.

Table 6: Ablation study of model components.

Scale 0.5B 1.5B 7B

Config. Acc F1 Acc F1 Acc F1

w/o EMA 75.61 75.25 86.89 86.90 88.57 88.55
w/o ST 80.84 78.98 84.66 83.45 87.82 87.10
w/o MCRE 84.07 84.06 89.95 89.94 92.32 92.06
Complete 87.62 87.61 92.54 92.50 95.56 95.51

5.9 Case Study
To gain a straightforward understanding of the
token-level early stopping behavior, Figure 9
presents a representative harmful example. LTS
can identify harmful intent at a very early stage
of generation. The termination score reaches the
stopping criterion at the 24th token, accounting for
only about 2% of the full sequence. This transi-
tion is not triggered by a single keyword; rather, it
reflects a holistic semantic shift, where the score
progressively accumulates around tokens associ-
ated with system intrusion and sensitive operations.
Additional comparative case studies are provided
in the Appendix C.

Figure 9: Case study of the complete termination score
trajectory with a localized token-level bar view around
the triggering region.

6 Conclusion

In this paper, we present LTS, a LLM safety mon-
itoring framework that achieves efficient and ac-
curate early termination. By incorporating hier-
archical multiscale risk evidence aggregation and
learning adaptive stopping policies through tempo-
rally structured supervision, LTS enables effective
streaming intervention. The framework provides
a practical paradigm for real-time content modera-
tion in latency-critical settings.
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Limitations

Despite its effectiveness, LTS has several limita-
tions. First, the stopping policy is learned from
observed harmful patterns and may generalize im-
perfectly to unseen attack styles, implicit harmful
intent, or highly ambiguous contexts that require
long-range reasoning beyond local evidence accu-
mulation. Second, the current framework focuses
on token-level streaming moderation during text
generation and does not explicitly model multi-turn
interaction history, multimodal inputs, or adaptive
adversarial behaviors designed to evade early detec-
tion. Future work may explore broader integration
with conversational and multimodal safety settings
as well as more robust generalization under evolv-
ing attack patterns.
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A Stop Rate Curves Across Model Scales

Figure 10: Stop rate comparison at different sequence
positions for 1.5B and 7B model.

Figures 10 present the stop rate curves for the
1.5B and 7B models, respectively. Consistent with
the observations in the main text, LTS maintains
higher stop rates during the early generation stages,
particularly before 25% and 50% of the harmful se-
quence length are generated. These results further
demonstrate the effectiveness of LTS in performing
timely intervention across different model scales.

B Hyperparameter Selection

LTS has three hyperparameters, namely the EMA
coefficient α, the decision boundary τ , and the
Focal Loss parameters (β, γ).

EMA coefficient α. α controls the degree of
EMA smoothing during inference. We use a data-
driven protocol to select α: (1) grid-search α ∈
{0.1, 0.3, 0.5, 0.7, 0.9}; for each α, find the best
validation operating point under FPR ≤ 10% by
maximizing Macro-F1; and (2) select α⋆ with the
highest validation Macro-F1 and freeze it for test
evaluation. On Qwen2.5-7B, this protocol selects
α⋆ = 0.7 on the FineHarm validation set in Table 7.
In comparison, α = 0.9 increases the validation
ASR to 19.3% and decreases the Macro-F1. The
selected α⋆ = 0.7 is consistently used across all
three main-experiment scales. The effect of α is
further analyzed in Appendix D.

Focal Loss (β, γ). We fix β = 1 throughout
all experiments, which recovers the standard Focal
Loss formulation, and set γ = 2 following the
standard setting in Focal Loss (Lin et al., 2017).
Neither parameter is tuned during validation.

Decision boundary τ . With α fixed, we select τ
on the validation set by maximizing Macro-F1, and
then evaluate the selected τ on the test set without
further adjustment. Table 8 reports the effect of τ
on the test set under the selected α, illustrating the
FPR–ASR trade-off.

Table 7: Validation-set grid search for α with Qwen2.5-
7B.

α Macro-F1 FPR ASR

0.1 95.7% 4.6% 13.0%
0.3 96.2% 3.0% 16.1%
0.5 96.3% 3.7% 12.6%
0.7 96.4% 3.3% 14.4%
0.9 95.6% 3.3% 19.3%

Table 8: Test-set sensitivity to the decision boundary
τ on Qwen2.5-7B with α = 0.7. The operating point
used in the paper is shown in bold.

τ Macro-F1 FPR ASR

0.4 86.3% 23.5% 5.0%
0.5 89.1% 17.9% 6.7%
0.6 93.1% 10.2% 8.5%
0.7 95.2% 5.9% 10.4%
0.8 95.5% 4.4% 13.0%
0.9 95.4% 3.1% 17.0%

C Comparative Case Study

Figure 11 contrasts representative benign and harm-
ful behaviors of LTS. On the benign trajectory
(left), the smoothed termination score remains
consistently below the decision boundary τstop
throughout the full sequence, indicating no false
alarm. It shows that the model’s streaming risk
stays subdued even over long contexts. On the
harmful trajectory (right), the score rises until it
crosses τstop, where early stopping is triggered at
an intermediate token position; the inset magnifies
a local window around the triggering region, re-
vealing token-resolved scores that align with the
global curve and help localize the onset of harmful
content.

The termination score curves over all samples
further corroborate this behavior in Figure 12. The
average termination score for harmful sequences
rises rapidly during generation and remains con-
sistently higher than that of benign sequences,
whereas benign samples maintain low and stable
scores throughout. This clear separation indicates
that LTS progressively accumulates sufficient ev-
idence to trigger termination, enabling stable and
timely stopping decisions in streaming scenarios.

Taken together, the juxtaposition highlights the
intended operating regime: benign inputs should
exhibit stable, low termination scores, whereas
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Figure 11: Comparison of LTS termination scores on a benign sequence versus a harmful sequence (fused
visualization with local token-level inset). The horizontal dashed line denotes the early-stop threshold τstop.

Figure 12: Average termination score over relative token
positions for harmful and benign samples. Shaded areas
indicate one standard deviation.

harmful inputs produce sufficiently large streaming
scores to justify truncation before consuming the
entire sequence.

D Effect of EMA Smoothing Coefficient

Table 9: Impact of different EMA smoothing coeffi-
cients α on the 0.5B model. † denotes the EMA coeffi-
cient used in the main experiments; the same applies to
the following tables.

α F1 ESR ASR
0.1 64.80 99.92 2.59
0.3 75.06 99.38 4.58
0.5 81.51 98.60 6.56
0.7† 87.61 97.27 10.10
0.9 91.31 90.02 21.84

We further analyze the effect of the EMA
smoothing coefficient α across three model scales
(0.5B, 1.5B, and 7B) to study how different tem-

Table 10: Impact of different EMA smoothing coeffi-
cients α on the 1.5B model.

α F1 ESR ASR
0.1 77.51 99.69 4.41
0.3 85.06 98.99 6.29
0.5 89.43 97.90 8.31
0.7† 92.50 96.88 10.74
0.9 93.53 93.92 16.14

Table 11: Impact of different EMA smoothing coeffi-
cients α on the 7B model.

α F1 ESR ASR
0.1 89.57 98.36 6.90
0.3 93.80 97.43 9.04
0.5 95.27 96.57 10.77
0.7† 95.51 95.56 12.99
0.9 95.11 94.15 17.30

poral smoothing strengths influence stopping be-
havior and detection performance. As shown in
the table 9, 10, and 11, increasing α consistently
improves Macro-F1 across all model scales, while
decreasing ESR and increasing ASR. This indi-
cates a clear trade-off between stopping efficiency
and stopping latency. Smaller EMA coefficients
yield higher ESR and lower ASR, meaning that the
model tends to stop earlier and skip a larger portion
of the remaining tokens. In contrast, larger EMA
coefficients delay stopping decisions, resulting in
lower token savings and later stopping positions.

From a temporal modeling perspective, α con-
trols the trade-off between current-token readiness
and historical stopping evidence. Smaller α makes
the stopping signal more sensitive to local fluc-
tuations, enabling aggressive early stopping with
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Table 12: Comparison between LTS and the CC++ linear probe on FineHarm.

Scale Method Acc P0 R0 F10 P1 R1 F11 Macro-F1

0.5B LTS 87.6% 97.4% 80.0% 87.8% 79.3% 97.3% 87.4% 87.6%
0.5B CC++ 85.4% 98.5% 74.9% 85.1% 75.7% 98.6% 85.6% 85.4%

1.5B LTS 92.5% 97.3% 89.1% 93.0% 87.5% 96.9% 92.0% 92.5%
1.5B CC++ 91.8% 97.5% 87.5% 92.2% 86.0% 97.2% 91.3% 91.8%

7B LTS 95.6% 96.5% 95.6% 96.0% 94.5% 95.6% 95.0% 95.5%
7B CC++ 92.4% 93.3% 93.0% 93.2% 91.2% 91.6% 91.4% 92.3%

high ESR and low ASR, but also reducing temporal
stability and Macro-F1. Larger α accumulates his-
torical evidence more strongly, yielding smoother
and more stable decisions, but may delay termina-
tion due to excessive temporal inertia. Empirically,
α = 0.7 provides the best balance across model
scales, achieving strong Macro-F1 while maintain-
ing high ESR and moderate ASR. We therefore
adopt α = 0.7 as the default setting.

E Comparison with Constitutional
Classifiers++

Constitutional Classifiers++ (CC++; Cunningham
et al. (2026)) employs a linear activation probe
for streaming exchange-level harmfulness classifi-
cation, using frozen LLM hidden states as inputs.
During training, the probe applies Sliding Window
Mean (SWiM) smoothing with M = 16, while ex-
ponential moving average (EMA) aggregation is
used at inference. To enable a matched streaming
comparison, we reimplement the probe on Fine-
Harm using the same Qwen2.5 last-layer caches as
LTS (0.5B / 1.5B / 7B), with SWiM M = 16.

Table 12 compares the two approaches under the
same streaming protocol. LTS achieves the high-
est Macro-F1 across all three model scales. Under
matched hidden states and streaming evaluation,
the onset-aware training objective of LTS yields
better detection performance and earlier termina-
tion.

Importantly, CC++ uses the linear probe as a
lightweight first-stage component within a broader
constitutional defense pipeline, which also in-
cludes classifier cascading and external classifiers.
Our comparison therefore isolates the streaming
linear probe as the component most closely re-
lated to LTS, while distinguishing their objectives:
CC++ performs streaming harmfulness classifica-
tion, whereas LTS learns token-level stopping deci-

sions for early termination.
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