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Figure 1: Effectiveness—efficiency trade-off of guardrail models. Efficiency (x) is the extra inference latency of
a guard over the base-model-only serving baseline. We use Ling-3.0-flash as the base model. A non-streaming
guard is invoked once after the complete response has been generated, whereas a streaming guard is invoked
at every generation step. Effectiveness (y-axis) is measured as the average of the guard’s Query F1 and
Response F1 across the evaluated benchmarks.

Abstract

Runtime guardrails are essential for reliable large language model (LLM) deployment, yet
existing approaches typically rely on independent, external models that introduce additional
inference cost, delayed safety signals, and a capacity mismatch with increasingly capable
base models. To address these issues, we introduce SingProbe, a lightweight intrinsic run-
time guard that directly reuses hidden states produced during LLM inference and operates
alongside autoregressive decoding. Within a unified framework, SingProbe continuously
predicts query intent, response safety, and hallucination risk at the token level with negli-
gible additional guardrail inference overhead, offering a "free-lunch" solution. We further
introduce SingStreamBench, a benchmark designed to assess whether streaming guardrails
remain inactive on benign prefixes while promptly detecting emerging unsafe content. Ex-
tensive experiments show that SingProbe achieves competitive or superior performance
compared with substantially larger standalone guardrails and specialized hallucination
detectors, with only ~2M parameters and < 0.5% extra overhead. Beyond passive detec-
tion, we also show that SingProbe scores can anticipate future generation risk and guide
constrained safe decoding. We further extend this paradigm to medical generation through
SingProbe-Med, which selectively activates risk-directed decoding interventions only when


https://github.com/inclusionAI/SingProbe
https://huggingface.co/collections/inclusionAI/singprobe
https://arxiv.org/abs/2608.30703v1

clinically relevant risks emerge. Together, these results demonstrate that internal model
representations provide an effective and efficient interface for generation-time monitoring
and control.

1 Introduction

As LLMs are increasingly deployed in diverse real-world applications, unsafe, harmful, or unreliable
generations can directly affect users and downstream systems (Ma et al., 2026). This concern becomes more
pronounced as models are integrated into increasingly open-ended and automated workflows, including
emerging agentic applications (Fawzy et al., 2026; Luo et al., 2025). Runtime safeguards (i.e., guardrails) are
therefore essential for detecting and mitigating risky model behavior during inference, and have become a
critical component of reliable LLM deployment (Group, 2026; Inan et al., 2023; Lin et al., 2026; Qi et al., 2026;
Wau et al., 2024). Guardrails monitor interactions between users and models, identify potential risks, and
provide signals for interventions such as refusal or regeneration (Cunningham et al., 2026; Han et al., 2024;
Sharma et al., 2025). Effective guardrails should account for both sides of an interaction: harmful behavior
may originate from a malicious user intent, or emerge within an otherwise benign response as generation
unfolds (Zhao et al., 2025a). Moreover, reliable deployment requires monitoring not only harmful content
but also potential hallucinations that may undermine the factual reliability of model responses (Huang et al.,
2025; Luo et al., 2024).

These requirements motivate a unified guardrail capable of continuously perceiving query intent, response
safety, and hallucination risk throughout generation.

Despite their importance, existing LLM guardrails suffer from several key limitations that hinder their
practical deployment.

1. Independent guardrail inference. Most guardrails operate as separate, independent models (Inan et al.,
2023; Zhao et al., 2025a), introducing additional model parameters and deployment complexity. Existing
streaming guardrails also compute semantic representations of the generated content from scratch, leaving
the LLM’s intermediate representations unexploited. This results in redundant computation and additional
communication and synchronization overhead throughout decoding.

2. Delayed safety signals. Conventional guardrails typically assess safety only after the complete response
has been generated, preventing timely intervention during generation. To amortize the cost of independent
guardrail inference, streaming systems often inspect outputs at the chunk level, delaying safety signals
until sufficient content has accumulated and limiting fine-grained intervention.

3. Limited guardrail capacity. Existing guardrails are often substantially smaller than the LLMs they monitor.
As such, there exists a capacity mismatch that may limit their ability to understand complex outputs and
make reliable safety judgments, particularly in long-horizon agentic tasks. As LLMs increasingly support
million-token contexts, matching their long-context understanding with a separate guardrail becomes
increasingly challenging.

Together, these limitations create a fundamental trade-off between detection effectiveness and computational
efficiency, constraining the scaling of guardrail models: improving detection capability generally comes at the
cost of higher inference and deployment overhead, while efficiency requirements limit model capacity and
monitoring granularity.

To overcome this effectiveness-efficiency trade-off, we draw inspiration from recent findings that LLM hidden
states encode safety-discriminative signals, yet these signals may fail to prevent harmful generations due to
insufficient safety generation ability or jailbreak-induced suppression (Ding et al., 2025; Zhao et al., 2025b).
This motivates us to directly reuse the model’s hidden states for intrinsic safety classification. Building on
this insight, we introduce SingProbe (i.e., Safety in Generation Probe), an intrinsic safety and hallucination
detection model integrated into the models. SingProbe directly consumes the hidden states produced during
model inference and operates alongside language-model decoding, avoiding repeated text encoding and
separate guardrail inference. Within a unified framework, it supports query intent classification, response safety
classification, and response hallucination detection. By producing continuously updated predictions throughout
generation, SingProbe enables fine-grained, token-level monitoring of safety and hallucination risks with
negligible additional inference overhead. For practical deployment, we further integrate SingProbe into



SGLang! (Zheng et al., 2024) and vLLM? (Kwon et al., 2023), enabling token generation and guardrail scoring
within a unified serving pipeline. This system-level integration removes the need to deploy and coordinate a
separate guardrail service, reduces cross-service communication, and allows token-level guardrail signals to
share SGLang's inference infrastructure, thereby simplifying scalable deployment.

To enable systematic evaluation of generation-time safety monitoring, we further introduce SingStreamBench,
a streaming safety benchmark that explicitly evaluates whether a guardrail can remain inactive on benign
prefixes and respond promptly once unsafe content emerges. Across comprehensive evaluations of query-
intent classification, response safety, streaming detection, hallucination detection, and benign false-positive
robustness, SingProbe achieves competitive or superior performance compared with substantially larger
standalone guardrails and specialized hallucination detectors.

Beyond passive detection, we further study SingProbe as a generation-time control signal, including online
monitoring under free autoregressive generation and SingProbe-guided constrained decoding, demonstrating
that its token-level risk scores can also support safer generation decisions. We additionally extend this
paradigm to the medical domain with SingProbe-Med, where token-level internal-state signals determine
when a medical-risk intervention should be activated. By applying contrastive decoding only to risk-relevant
suffixes, SingProbe-Med enables selective, on-demand correction while avoiding continuous intervention on
benign generations.

2 Methodology

2.1 Formulation

Let M denote an autoregressive LLM with L layers. Given a token sequence x = (x1,...,x7), the model

produces a hidden state hgg) € R? for token x; at layer ¢. Rather than introducing an additional text encoder,

SingProbe directly takes the concatenated hidden states from a selected subset of layers S C {1,...,L} as
its input. Abstracting the fusion of the selected hidden states into a lightweight prediction head gy, the
token-level output is defined as

st = o ({hgé) }EGS) _ {S?uery, S?nsafe’ S?allu c ]R;H-l—HI 1)

where s]"“? € R¥ contains y fine-grained query-intent scores, while s'"5*¢ € R and sh®!" € R respectively
represent the response-unsafety and hallucination scores. All scores are produced at every token position.
Because each selected hidden state depends only on the current prefix x<;, SingProbe provides causally
updated predictions throughout generation, enabling token-level streaming detection without an additional
encoding pass. We treat these outputs as logits and apply task-specific normalization when probabilities or
decisions are required.

Query Intent Classification. Following SingGuard (Group, 2026), we organize query intents into eight
categories and use the first eight outputs of SingProbe as their class scores: (A) Sexual Content Risk, (B)
Real-World Crimes & Public Safety, (C) Unethical Behavior, (D) Cybersecurity & Information Manipulation,
(E) Agent Safety, (F) Politically Sensitive Content, (G) Animal Abuse, and (H) Safe. The first seven categories
cover different types of potentially harmful intent, while Safe indicates that the query does not match any
active risk category. A higher class score indicates stronger evidence for the corresponding intent category.

Response Safety and Hallucination Classification. The other output scores track risks in the generated
response. The response-unsafety score measures the safety risk of the response prefix generated up to the
current token, while the hallucination score estimates the likelihood that the generated content contains
hallucinations. Higher values indicate that the response is more likely to be unsafe or contain hallucinations,
respectively. Both scores are updated throughout decoding, providing streaming risk signals that can support
early intervention.

2.2 Training Objectives

We could jointly train SingProbe for any query- or response-classification task. In our implementation, we
train SingProbe on query-intent classification, response-safety classification, and response-hallucination
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Figure 2: The overview of SingProbe. Top: SingProbe replaces the conventional external guard paradigm
with an intrinsic guard that operates alongside autoregressive decoding. Bottom right: It directly consumes
concatenated hidden states from selected base-model layers and produces token-level signals for query intent,
response safety, and hallucination risk. Bottom left: These streaming signals support applications including
unsafe content detection, constrained decoding, and generation-time intervention.

detection. The three objectives are combined as
ﬁtotal = Wy £query + Ws Esafety + wy, ‘Challur (2)

where w;, ws, and wy, weight the query-intent, response-safety, and response-hallucination objectives, respec-
tively. Rather than keeping these weights fixed, we update them based on exponential moving averages
(EMAs) of the corresponding losses, assigning larger weights to tasks with higher recent losses while retaining

their configured base weights. Concretely, let ﬁﬁ” denote the loss of task T € {g,s,h} at step ¢, and Z?) its

EMA updated with smoothing coefficient a:
LV =aff Vv a-a)cl, telgsh). 3)

The per-step weight is then obtained by scaling the base weight w23s¢ with the ratio of the task’s EMA loss to
the mean of those EMAs, £() = Mean(£)):

() _ . base [:’(ft) h 4
we' =W S T € {q,s h}. (4)

Dividing by £(*) reweights each task in proportion to its recent difficulty (larger recent loss = larger weight),
while the three ratios average to 1, so the overall loss magnitude is preserved. We set «=0.9 and guard the
denominator against zero with a small floor of 10~7. This allows training to focus on the currently more
difficult objectives as optimization progresses. The details of the above objectives are introduced as follows.

2.2.1 Query-Intent Objective

The query-intent objective applies binary cross-entropy (BCE) independently to the seven risk categories,
allowing multiple risks to coexist, and to the Safe category, which is mutually exclusive with all risk
categories. In addition to this label-level constraint, we introduce a soft mutual-exclusion loss that penalizes
simultaneously high predictions for Safe and the most probable risk category. This encourages a clear
separation between safe and risky queries without restricting co-occurrence among different risk types. The
query-intent loss is defined as
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Here, V), denotes the valid supervised positions in sample b; £ ; , and yy, ;  are the logit and label for category
k at position t; o(-) is the sigmoid function; and Ag,e and Amutex control the Safe loss and mutual-exclusion
penalty, respectively.

2.2.2 Response Safety and Hallucination Objectives

Streaming response detection requires learning from every generation prefix, yet available safety and
hallucination datasets typically provide only response-level labels rather than fine-grained token-level
supervision. Qwen3Guard-Stream (Zhao et al., 2025a) addresses this problem by generating multiple rollouts
from each token prefix and estimating its risk from the proportion of unsafe continuations, followed by LLM-
based verification. Although this procedure produces fine-grained boundary labels, repeatedly generating
and judging multiple continuations for every prefix incurs substantial annotation cost. Constitutional
Classifier++ (Cunningham et al., 2026) instead avoids explicit token-level annotation through a softmax-
weighted objective that concentrates supervision on tokens with high predicted harmfulness. However,
because the weights are determined directly by the current logits, this strategy can be sensitive to poorly
calibrated predictions at initialization: spuriously high-scoring tokens may receive disproportionate weights
and amplify early training noise.

Based on the above understanding, we therefore adopt an adaptive confidence-weighted aggregator that
activates confidence weighting only when token predictions are sufficiently differentiated and otherwise
falls back to uniform averaging. The response-safety and response-hallucination objectives are both trained
with token-level BCE under this aggregator. Let r € R = {safety, hallu} denote the task and ¢ its output
dimension, where cgafety = p and cpany = p + 1. The corresponding objective is defined as

Lr=Ey| Y o)) BCE(Lyre, Yore, )|/

tey, (6)
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Here, pl(]rt) is the predicted risk probability and ocl(ft) is its normalized token weight. The factor 8, controls

the strength of confidence weighting according to the dispersion of valid predictions. When predictions are
insufficiently differentiated, B, approaches zero and the aggregator reduces to uniform averaging, preventing
early training noise from being amplified. Once the predictions become sulfficiently differentiated, B, increases
and the softmax assigns greater weight to tokens with higher predicted risk—unsafety for response safety
and hallucination probability for hallucination detection. T is the weighting temperature, and T controls the
sensitivity of the adaptive factor.

This confidence weighting has complementary effects on negative and positive samples. For safe or non-
hallucinated responses, high-risk tokens correspond to potential false positives; emphasizing their losses
directly suppresses spurious risk peaks. For unsafe or hallucinated responses, tokens in a benign prefix
typically receive lower risk scores and are therefore downweighted relative to the later risk-bearing tokens.
This prevents the response-level positive label from incorrectly pushing every prefix toward the risky class.
Moreover, because the weights are normalized separately within each sample, a benign prefix receives a
larger relative weight in a negative response, where no genuinely risky continuation dominates the weighting
distribution, than in a positive response containing later high-risk tokens. Consequently, similar benign
prefixes receive stronger supervision toward the safe or non-hallucinated class from negative samples while
remaining largely unaffected by the coarse positive labels of unsafe or hallucinated samples.

All objectives are computed only at response positions with valid labels. Because token weights are normal-
ized within each sample, longer responses do not dominate training.



2.3 Training Dataset Construction

Training SingProbe requires stable supervision for learning safety- and factuality-related decision boundaries
in the hidden-state space of the backbone LLM. We therefore construct a unified corpus for three tasks:
query intent classification, response safety classification, and response hallucination detection. The final corpus
covers harmful prompts, benign but sensitive prompts, harmful responses, safe refusals, and helpful safe
completions. Each example follows a unified format containing a user query, optional dialogue context, and
an optional assistant response. Query-side and response-side labels are maintained separately, allowing the
same data source to support prompt screening, response monitoring, and joint query-response classification.
The corpus is constructed through open-source data curation, policy-grounded synthesis, and multi-stage
quality control.

Open-Source Data Curation. We use only the official training splits of publicly available safety benchmarks
and training datasets. Because different sources adopt different annotation protocols, risk granularities, and
decision thresholds, directly merging their labels would introduce inconsistent supervision. We therefore
normalize all safety examples under the fine-grained risk taxonomy introduced in this work.

For datasets with existing annotations, the original labels are first mapped to our taxonomy using predefined
category correspondences and then independently verified by an LLM judge under our safety definitions.
Samples with consistent labels are retained, whereas ambiguous cases, including potential safe/unsafe
polarity flips, are moved to an unlabeled hard-case pool. For unlabeled data and hard cases, multiple
open-source LLMs, including Qwen3.5-397B-A17B (Qwen Team, 2026) and Kimi-K2.6 (Moonshot Al, 2026),
independently annotate each example. We combine self-consistency across repeated predictions from
the same model with agreement across different models. Each accepted sample must pass both a binary
safe/unsafe consistency check and a fine-grained category check. Samples failing the binary check are
discarded, while samples with unresolved category disagreement are retained only after targeted review.

For hallucination supervision, we additionally incorporate the training splits of public factuality and halluci-
nation datasets, labeling correct answers and honest refusals as non-hallucinated and incorrect, fabricated, or
unsupported answers as hallucinated.

Policy-Grounded Safety Data Synthesis. Open-source safety data are typically long-tailed and provide
limited coverage of emerging or low-frequency risks. We therefore supplement them with policy-grounded
synthetic data. For each risk category, an internally red-teamed jailbreak model generates harmful prompts,
while an aligned model produces topically similar but benign counterparts. These contrastive pairs share
surface vocabulary but differ in their underlying intent, discouraging SingProbe from relying on lexical
shortcuts for the safety task.

We further generate multiple responses for each prompt. Unsafe prompts are paired with both harmful
responses and policy-compliant refusals or safe alternatives, while benign prompts are paired with helpful
and compliant responses. This construction prevents response safety from being inferred directly from the
prompt label and encourages SingProbe to track the evolving response representation. We additionally
synthesize multi-category and multilingual examples to improve coverage of compositional and cross-lingual
risks. All synthetic samples are independently re-evaluated by an LLM that is not involved in generation,
and samples whose predicted labels disagree with the intended labels are removed.

Quality Control and Training Supervision. We remove duplicate and near-duplicate examples, balance
safe and unsafe instances across major risk categories, and retain high-confidence boundary cases that
distinguish harmful intent from benign discussions of sensitive topics. During training, the curated examples
are processed by the backbone LLM to obtain the hidden states used by SingProbe. Query labels are
aligned with representations at the query boundary, while response-safety and hallucination labels supervise
representations produced along the response trajectory. This formulation enables SingProbe to jointly monitor
user intent, response safety, and factual reliability without requiring an additional text encoder or a separately
deployed guardrail model.

3 SingStreamBench: Benchmarking Streaming Safety Detection

3.1 Motivation

Existing safety benchmarks are primarily designed for post-hoc classification (Ghosh et al., 2025; Han
et al., 2024; Ji et al., 2023; Mazeika et al., 2024) and provide only a single response-level label. Such labels
indicate whether a completed response is unsafe, but do not reveal when unsafe content first emerges during
generation. Consequently, they cannot adequately evaluate whether a streaming guardrail remains silent on



Table 1: Tiered construction of SingStreamBench.

Tier Query Response structure Primary purpose
0  Original query Original response Establish performance on ordinary query-response
samples.
1 Unsafe query Safe refusal Test whether the guardrail spuriously reacts to un-
safe intent in the query despite a safe response.
2 Original query Safe prefix + safe continuation =~ Test whether the guardrail remains silent when a
safe prefix is continued safely.
3 Original query Complex safe prefix + unsafe re- Test whether background information or disclaimers
sponse delay or otherwise interfere with detection at the
true unsafe onset.
4 Background context 4+ Original unsafe response Test robustness to complex query-side context and
original query whether the guardrail attributes response risk cor-
rectly.
5 Multi-question query Safe answers/prefix + unsafe re- ]oint}lly test complex query context and a substantial
sponse safe response prefix before unsafe content appears.

benign prefixes, detects the actual onset of harmful content, or intervenes with minimal delay.

FineHarm (Li et al., 2025b) takes an important step toward fine-grained evaluation by providing token-level
harmfulness annotations. Its annotations are constructed heuristically: responses are first labeled at the
sentence level using an LLM, after which content words in harmful sentences are marked as harmful and
their labels are mapped to the corresponding tokens. However, our manual inspection reveals substantial
noise in these fine-grained labels. More fundamentally, harmfulness is often expressed compositionally and
depends on surrounding context, making it difficult to assign a stable safety label to an individual token in
isolation. These issues limit the reliability of token-level labels as ground truth for evaluating the precise
onset of unsafe content.

Even when fine-grained labels can be obtained, the composition of existing safety datasets introduces another
limitation. Most unsafe responses begin producing harmful content near the start of the response, resulting
in a strong positional bias and few examples containing a substantial safe prefix before the unsafe segment.
A classifier may therefore appear effective by reacting to the unsafe query or early lexical cues, without
demonstrating that it can remain inactive throughout benign content and trigger only when harmful content
actually appears.

Based on these observations, we construct a manually verified fine-grained benchmark, SingStreamBench,
and a larger-scale version, SingStreamBench-Full, to evaluate both the accuracy and timeliness of streaming
safety detection. Instead of assigning intrinsic labels to isolated tokens, we segment each response into
sentences and annotate its cumulative sentence-level prefixes to identify a semantically meaningful unsafe
onset boundary. We further construct controlled safe-to-unsafe transitions and fully safe counterexamples,
organized into six tiers that vary the complexity and safety composition of both queries and response prefixes.
This design enables explicit evaluation of whether a guardrail remains silent before risk emerges, detects the
true unsafe segment promptly, and avoids relying on spurious query or positional cues.

3.2 Benchmark Design
Each benchmark sample consists of a query q and a response r that can be conceptually decomposed as

r— 1.safe @ I.target’ (7)

where r%f¢ is an optional safe prefix and 1?8t is the continuation whose safety status determines the response
label. The central evaluation target is the transition around the beginning of r'@'8°!: a reliable streaming
guardrail should remain silent throughout the safe prefix and react promptly once unsafe content emerges.
For fully safe responses, it should remain silent throughout generation.

We organize the benchmark into six tiers, as summarized in Table 1. The tiers progressively test spurious
associations with the query or safe prefix and robustness to increasingly complex contexts.

Tiers 1 and 2 primarily diagnose false associations. Tier 1 tests whether an unsafe query alone causes the
response stream to be flagged even when the model safely refuses, while Tier 2 tests whether a safe prefix
itself induces false alarms when followed by a safe continuation. Tiers 3-5 introduce more complex contexts.



Tier 3 inserts background knowledge or a disclaimer before the original unsafe response; Tier 4 prepends
query-related background text to the query; and Tier 5 combines one unsafe question with multiple safe
questions, producing a multi-question context in which safe content precedes the unsafe segment. Together,
these tiers distinguish genuine localization of response risk from shortcuts based on query harmfulness,
response position, or superficial lexical cues.

3.3 Construction Pipeline
The benchmark is constructed through the following four-stage pipeline.

1. Seed sampling and verification. We sample query-response pairs from existing safety datasets and
re-evaluate whether each response-level label is correct. Three judge models, Qwen3-235B-A22B (Yang
etal., 2025), GLM-5.2 (Zeng et al., 2026), and Kimi-K2.6 (Moonshot Al, 2026), independently verify each
sample, and only samples unanimously accepted by all three models are retained. This step removes
mislabeled and ambiguous seed responses.

2. Tiered data augmentation. Starting from a verified unsafe query-response pair, we construct four types
of augmented samples. For Tier 1, a safe refusal is generated for the unsafe query. For Tier 3, the model
generates safe background information or a disclaimer that is prepended to the original unsafe response.
For Tier 4, query-related background text is generated and prepended to the original query. For Tier 5, one
unsafe question is combined with one to three sampled safe questions using a multi-question template
such as “Please answer the following questions: 1. ...;2....”. For each generation operation, one of the
three models above is selected at random to increase stylistic and model diversity.

3. Sentence-boundary prefix annotation. Each response is first segmented into sentences uy, ..., u;. We
then construct cumulative prefixes P; = u; @ - - - ® u; and use Kimi-K2.6 to assign a Safe or Unsafe label to
each prefix P, rather than labeling each sentence in isolation. For an unsafe response, annotation proceeds
sequentially and stops once the first unsafe prefix is identified; the starting position of its newly added
sentence is recorded as Unsafe_Start_Index. All preceding prefixes are treated as safe. For a safe response,
every sentence-level prefix is verified as safe. This procedure directly identifies the safe-prefix boundary
required for streaming evaluation while avoiding token-level semantic ambiguity.

4. Safe-continuation augmentation. To construct Tier 2, we sample examples with a non-empty safe prefix
and ask a model to continue generation safely from the corresponding query and prefix. The resulting fully
safe responses test whether a guardrail can remain inactive after observing prefixes that may otherwise
also occur before unsafe continuations.

3.4 Dataset Variants and Statistics

The construction pipeline produces two benchmark variants. SingStreamBench is the high-quality core
benchmark containing 210 samples that have undergone manual verification. SingStreamBench-Full is the
larger-scale variant containing 2,428 constructed samples, providing broader coverage across tiers and safety
scenarios. The original queries and responses are partly from BeaverTails (Ji et al., 2023), PKU-SafeRLHF (Ji
et al., 2024), WildGuard (Han et al., 2024), XSTest (Rottger et al., 2023), and expguard (Choi et al., 2026). The
manually verified core set supports reliable comparison of streaming detection accuracy and latency, while
the full set enables evaluation at a larger scale.

4 Evaluation

4.1 Experimental Settings

Safety Guard Baselines. We compare SingProbe against two proprietary LLMs and 12 open-source guardrail
configurations. The proprietary baselines are Gemini 3 Pro (Google, 2025) and GPT-5.1 (OpenAl, 2025). The
open-source baselines include YuFeng-XGuard-Reason-0.6B/8B (Lin et al., 2026), Llama Guard 3 (Inan et al.,
2023), WildGuard (Han et al., 2024), GraniteGuardian (Research, 2024), ShieldGemma-9B (Zeng et al., 2024),
and Qwen3Guard series (Zhao et al., 2025a). For Qwen3Guard, we evaluate both loose and strict modes,
which respectively treat the Controversial label as safe and unsafe. Some of the baselines’ evaluation results
are from Group (2026).

Hallucination Detection Baselines. We compare SingProbe with four representative hidden-state-based
hallucination detectors: DRIFT (Bhatnagar et al., 2026), HaMI (Niu et al., 2025), and SAPLMA (Azaria
& Mitchell, 2023). These methods cover lightweight probing, adaptive token selection, and training-free
NTK-based scoring. For SAPLMA, we evaluate both the raw-input and response-formatted variants, denoted
SAPLMA-raw and SAPLMA-response, respectively.



Table 2: Query intent classification evaluation results. The values in the table are F1 scores.

Model Aegis2 XGuard Test OpenAl Moderation XSTest HarmBench ExpGuardTest Avg.
Gemini3-Pro 0.7401 0.8426 0.7545 0.8962 0.8615 0.7980 0.8155
GPT-5.1 0.8142 0.8815 0.8024 0.9169 0.9392 0.8554 0.8683
YuFeng-XGuard-Reason-0.6B  0.8625 0.9126 0.7107 0.9179 0.9250 0.7476 0.8461
YuFeng-XGuard-Reason-8B 0.8541 0.9266 0.7187 0.9461 0.9466 0.8361 0.8714
Llama Guard 3 0.7635 0.7909 0.7904 0.8852 0.8544 0.7077 0.7987
WildGuard 0.8076 0.8237 0.7252 0.9501 0.9288 0.8438 0.8465
GraniteGuardian 0.7138 0.5777 0.5684 0.7269 0.9045 0.9115 0.7338
ShieldGemma-9B 0.7588 0.6885 0.8143 0.8293 0.6441 0.5340 0.7115
Qwen3Guard-Gen-4B-loose 0.8054 0.7952 0.7897 0.8674 0.8311 0.7139 0.8005
Qwen3Guard-Gen-4B-strict 0.8499 0.8789 0.6764 0.8791 0.9260 0.8312 0.8402
Qwen3Guard-Gen-8B-loose 0.8199 0.8197 0.7958 0.8815 0.8401 0.6953 0.8087
Qwen3Guard-Gen-8B-strict 0.8498 0.8797 0.6804 0.8796 0.9326 0.8297 0.8420
Qwen3Guard-Stream-8B-loose  0.8091 0.8282 0.8023 0.9016 0.8390 0.7519 0.8220
Qwen3Guard-Stream-8B-strict  0.8602 0.8752 0.7386 0.9223 0.9231 0.8416 0.8602
SingProbe-Ling-3.0-tiny 0.8488 0.8684 0.7510 0.8926 0.9035 0.8724 0.8561
SingProbe-Ling-3.0-flash 0.8481 0.8795 0.7703 0.9012 0.9231 0.8825 0.8674

Implementation Details of SingProbe. In our experiments, we implement a unified SingProbe architecture
based on a query-residual multi-head attention (MHA) block. Specifically, the block computes queries Q,
keys K, and values V and produces the attention output O, and finally outputs Norm(Q + O), followed by a
linear classifier that produces the guardrail scores. As the default setting, we use hidden states from three
layers of the base model as input to SingProbe, with the layers evenly selected from the shallow, middle, and
deep portions of the model.

4.2 Query Classification Evaluation

Table 2 reports the query-intent classification results across six benchmarks, including Aegis2 (Ghosh
et al.,, 2025), XGuard (Lin et al., 2026), OpenAl Moderation (Markov et al., 2023), XSTest (Rottger et al.,
2023), HarmBench (Mazeika et al., 2024), and ExpGuard (Choi et al., 2026). For each sample, we feed
the query to the base model and let it generate a response with a maximum length of 512. SingProbe
produces query-intent scores at every token position in the generated response. We then average these
scores across response positions and use the resulting eight-dimensional score vector as the final query-intent
prediction. The best configuration, SingProbe with Ling-3.0-flash, achieves an average F1 of 0.8674, ranking
closely behind YuFeng-XGuard-Reason-8B (0.8714) and GPT-5.1 (0.8683). It also outperforms all evaluated
Qwen3Guard configurations, whose best average F1 is 0.8602, as well as other widely used guardrails
such as WildGuard and Llama Guard 3. These results show that an intrinsic lightweight head can provide
query-safety classification performance comparable to substantially larger standalone guardrail models and
frontier proprietary LLMs.

The results further demonstrate consistent benefits from scaling the base model. Replacing Ling-3.0-tiny with
Ling-3.0-flash improves the average F1 of SingProbe from 0.8561 to 0.8674, indicating that stronger base-
model hidden states provide richer query-safety signals for the lightweight head. SingProbe is competitive
with the strongest standalone guardrails across the six benchmarks and achieves the best F1 on ExpGuardTest
(0.8825), suggesting that the base model’s hidden states already contain strong query-safety signals that can
be effectively extracted by a lightweight temporal head.

4.3 Response Safety Evaluation

We evaluate response safety from three complementary dimensions: response-level classification, which mea-
sures whether a guardrail correctly identifies the overall safety of a completed response; streaming detection,
which evaluates both response-level discrimination and token-level risk localization throughout generation;
and false-positive robustness, which measures whether the guardrail remains silent on nominally benign
queries and freely generated responses.

Response-level Classification. We first evaluate response safety under teacher forcing by feeding each
query together with its labeled response. We evaluate 8 benchmarks including BeaverTails (Ji et al., 2023),
PKU-SafeRLHEF (Ji et al., 2024), Aegis2 (Ghosh et al., 2025), WildGuard (Han et al., 2024), XGuard (Lin et al.,



Table 3: Response safety classification evaluation results. The values in the table are F1 scores.

Model BeaverTails PKU-SafeRLHF Aegis2 WildGuard XGuard Test HarmBench XSTest ExpGuardTest Avg.
Gemini3-Pro 0.7960 0.8605 0.7667 0.5478 0.7172 0.7632 0.5984 0.8921 0.7427
GPT-5.1 0.8042 0.8880 0.7861 0.6723 0.7292 0.7812 0.6667 0.9151 0.7804
YuFeng-XGuard-Reason-0.6B 0.8624 0.9181 0.8253 0.7471 0.8547 0.8759 0.8000 0.9125 0.8495
YuFeng-XGuard-Reason-8B 0.8571 0.9144 0.8303 0.7350 0.8556 0.8672 0.8387 0.9121 0.8513
Llama Guard 3 0.6778 0.8908 0.6110 0.7030 0.6667 0.8668 0.9041 0.8419 0.7703
WildGuard 0.7789 0.8189 0.8644 0.5194 0.6265 0.6976 0.5929 0.8998 0.7248
GraniteGuardian 0.7291 0.6869 0.6324 0.2861 0.6837 0.6667 0.2977 0.8868 0.6087
ShieldGemma-9B 0.6962 0.8214 0.6765 0.5316 0.6142 0.6463 0.8652 0.4014 0.6566
Qwen3Guard-Gen-4B-loose 0.8455 0.9317 0.7874 0.7850 0.7254 0.8870 0.9172 0.8230 0.8378
Qwen3Guard-Gen-4B-strict 0.8581 0.9060 0.8351 0.7750 0.7953 0.9061 0.8721 0.8986 0.8558
Qwen3Guard-Gen-8B-loose 0.8493 0.9308 0.8309 0.7881 0.7542 0.8816 0.9103 0.8455 0.8488
Qwen3Guard-Gen-8B-strict 0.8669 0.9043 0.8407 0.7778 0.7906 0.8907 0.8982 0.9140 0.8604
Qwen3Guard-Stream-8B-loose 0.8560 0.9076 0.8203 0.7866 0.7651 0.8746 0.8539 0.8973 0.8452
Qwen3Guard-Stream-8B-strict 0.8570 0.9019 0.8208 0.7713 0.7697 0.8882 0.8556 0.9244 0.8486
SingProbe-Ling-3.0-tiny 0.8537 0.9120 0.8211 0.7683 0.8122 0.8645 0.8588 0.9159 0.8508
SingProbe-Ling-3.0-flash 0.8433 0.9301 0.8333 0.8000 0.8588 0.8995 0.8929 0.9247 0.8728

Table 4: Streaming safety evaluation results. Response-level AUC (R-AUC) evaluates response-wise dis-
crimination using the maximum response-safety score over all token positions as the response risk score.
Token-level AUC (T-AUC) evaluates token-wise discrimination by comparing each token’s response-safety
score with its corresponding fine-grained label.

Model SingStreamBench SingStreamBench-Full FineHarm Avg.
R-AUC T-AUC R-AUC T-AUC R-AUC T-AUC R-AUC T-AUC
Qwen3Guard-Stream-4B-loose  0.9594  0.8849  0.9194 0.8389 0.9874 09456 0.9554 0.8898
Qwen3Guard-Stream-4B-strict  0.9669  0.8896  0.9313 0.8528 0.9938 09540 0.9640 0.8988
Qwen3Guard-Stream-8B-loose  0.9591 0.8678 0.9239 0.8283 0.9905 09504 09578 0.8822
Qwen3Guard-Stream-8B-strict  0.9616 ~ 0.8684  0.9370 0.8447 0.9933 09549 0.9640 0.8893
SingProbe-Ling-3.0-tiny 0.9935 09529  0.9775 0.9340 0.9954 0.9568 0.9888 0.9479
SingProbe-Ling-3.0-flash 09922 09599  0.9778 0.9294 0.9961 09549 0.9887 0.9481

2026), HarmBench (Mazeika et al., 2024), XSTest (Rottger et al., 2023), and ExpGuard (Choi et al., 2026).
SingProbe produces a response-safety score at every response position, and we use the maximum score over
the entire response as the final response-level risk score. As shown in Table 3, SingProbe with Ling-3.0-flash
achieves the best average F1 of 0.8728, outperforming the strongest standalone baseline, Qwen3Guard-
Gen-8B-strict, by 1.24 points. SingProbe with Ling-3.0-tiny remains competitive at 0.8508, and scaling from
Ling-3.0-tiny to Ling-3.0-flash yields consistent gains across nearly all benchmarks. In particular, SingProbe
with Ling-3.0-flash achieves the best F1 on WildGuard (0.8000), XGuard Test (0.8588), and ExpGuardTest
(0.9247).

Streaming Safety Detection. Table 4 evaluates detection throughout generation on SingStreamBench,
SingStreamBench-Full, and FineHarm (Li et al., 2025b). Response-level AUC (R-AUC) is computed using the
maximum response-safety score over all token positions and takes the response-level label as the ground-
truth label, whereas token-level AUC (T-AUC) directly evaluates the score at each token position against the
corresponding fine-grained annotation. The tokens in the annotated safe prefix are labeled as 0. All SingProbe
configurations outperform the Qwen3Guard-Stream baselines in both average R-AUC and T-AUC. The best
configuration, SingProbe with Ling-3.0-tiny, achieves average R-AUC and T-AUC scores of 0.9888 and 0.9479,
improving over the strongest Qwen3Guard-Stream results by 2.48% and 4.91%, respectively. SingProbe with
Ling-3.0-flash yields nearly identical average scores of 0.9887 R-AUC and 0.9481 T-AUC. The improvements
are especially pronounced on SingStreamBench and SingStreamBench-Full, while performance remains
comparable on FineHarm, demonstrating stronger localization of unsafe content under long or complex safe
prefixes.

False-positive Evaluation. We additionally evaluate false alarms under free generation using five nominally
benign datasets. These datasets are MATH (Hendrycks et al., 2021), databricks-dolly-15k (Conover et al.,
2023), GSMS8K (Cobbe et al., 2021), MBPP (Austin et al., 2021), and OpenBookQA (Mihaylov et al., 2018).
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Table 5: The false positive rate (FPR, in %) of guardrail models on benign data. Each cell shows
query/response FPR (lower is better). For Qwen3Guard models we report both the Loose (Unsafe only)
and Strict (Unsafe+Controversial) judgments.

Model MATH  databricks-dolly-15k  GSM8K ~ MBPP  openbookqa  Avg.

Llama-Guard-3-8B 0.00/0.00 0.25/0.16 0.00/0.00 0.00/0.00 0.05/0.20  0.06/0.07
YuFeng-XGuard-Reason-8B 0.01/0.01 0.38/0.50 0.15/0.08 0.00/0.00 0.62/0.55 0.23/0.23
Granite-Guardian-4.1-8B 0.00/0.00 0.37/0.34 0.00/0.00 0.00/0.42 2.86/0.97 0.65/0.35
ShieldGemma-9B 0.00/0.00 0.27/0.22 0.00/0.00 0.00/0.00 0.89/0.50  0.23/0.15
WildGuard 0.00/0.00 0.57/0.40 0.00/0.00 0.00/0.00 1.02/0.59  0.32/0.20
Qwen3Guard-Gen-4B-Loose 0.00/0.00 0.13/0.25 0.00/0.00 0.00/0.00 0.02/0.08  0.03/0.07
Qwen3Guard-Gen-4B-Strict 0.00/0.00 0.63/0.76 0.00/0.00 0.00/0.00 0.29/0.40  0.18/0.23
Qwen3Guard-Gen-8B-Loose 0.00/0.00 0.09/0.20 0.00/0.00 0.00/0.00 0.00/0.10  0.02/0.06
Qwen3Guard-Gen-8B-Strict 0.00/0.00 0.50/0.74 0.00/0.00 0.00/0.00 0.29/0.59  0.16/0.27
Qwen3Guard-Stream-4B-Loose 0.00/0.00 0.15/0.24 0.00/0.00 0.00/0.00 0.05/0.05 0.04/0.06
Qwen3Guard-Stream-4B-Strict  0.00/0.00 0.76/0.28 0.00/0.00 0.00/0.00 0.32/0.05  0.22/0.07
Qwen3Guard-Stream-8B-Loose  0.00/0.00 0.12/0.23 0.00/0.00 0.00/0.00 0.00/0.02  0.02/0.05
Qwen3Guard-Stream-8B-Strict  0.00/0.00 0.37/0.28 0.00/0.00 0.00/0.00 0.22/0.02 0.12/0.06
SingProbe-Ling-3.0-tiny 0.00/0.00 0.41/0.14 0.00/0.00 0.00/0.00 0.87/0.05 0.32/0.07
SingProbe-Ling-3.0-flash 0.00/0.00 0.25/0.07 0.00/0.00 0.00/0.00 0.13/0.00 0.13/0.03

Table 6: Hallucination detection — response-level AUC across 6 offline hallucination benchmarks. For each
response, the Guard output is MAX-pooled across the response token mask, then the ROC AUC is computed
sample-vs-sample (threshold-independent). Macro is the equal-weight mean of the per-benchmark AUCs.

Model FactCHD FaithDial FAVA RAGTruth Shroom WikiBio Avg.

Ling-3.0-tiny

DRIFT 0.7566 0.9030 0.5871 0.6771 0.6736 0.8477 0.7408
HaMI 0.6722 0.8230 0.5256 0.6168 0.6675 0.8381 0.6905
SAPLMA-raw 0.7389 0.8381 0.5516 0.6375 0.6460 0.6294 0.6736
SAPLMA-response 0.7018 0.8480 0.5756 0.6984 0.6832 0.9133 0.7367
SingProbe 0.7819 0.9529 0.5802 0.6980 0.6946 0.9515 0.7765
Ling-3.0-flash

DRIFT 0.7972 0.9115 0.6577 0.7657 0.7266 0.9414 0.8000
HaMI 0.7571 0.8542 0.5801 0.6253 0.6899 0.9200 0.7378
SAPLMA-raw 0.7904 0.8601 0.5112 0.6845 0.6743 0.7828 0.7172
SAPLMA-response 0.7542 0.8776 0.5835 0.7538 0.7050 0.9701 0.7740
SingProbe 0.8308 0.9498 0.5996 0.7282 0.7314 0.9674 0.8012

Each model receives a query and generates its own response, during which we collect both query-intent
and response-safety scores; the final predictions use the same aggregation rules described above. Table 5
reports query/response FPR in each cell. SingProbe maintains a low average response FPR, with 0.07% on
Ling-3.0-tiny and 0.03% on Ling-3.0-flash, on par with the strongest Qwen3Guard-Stream baselines. We note
that these datasets are not exhaustively safety-audited and may contain a small number of genuinely unsafe
queries or responses. The reported values should therefore be interpreted as apparent FPRs and may slightly
overestimate the true false-positive rates.

4.4 Response Hallucination Evaluation

We evaluate response-level hallucination detection on six offline benchmarks (FactCHD (Chen et al., 2023),
FaithDial (Dziri et al., 2022), FAVA (Mishra et al., 2024a), RAGTruth (Niu et al., 2024), Shroom (Mickus et al.,
2024), and WikiBio (Manakul et al., 2023)). Given a query-response pair, SingProbe produces a hallucination
score at every response token under teacher forcing. We use the maximum score over all response positions
as the response-level risk score and compute ROC AUC across samples. Table 6 reports the per-benchmark
results and their macro average.
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Table 7: Relative latency overhead of SingProbe under different concurrency levels, reported as mean +
standard deviation over 8 measurement rounds. TTFT denotes time to first token, and ITL denotes inter-token
latency. Decode Probe runs SingProbe only during decoding, while Prefill-enabled Probe additionally runs
SingProbe during the prefill stage. Positive values indicate additional overhead relative to the base model

without SingProbe.

C \ Decode Probe Prefill-enabled Probe
oncurrency
\ TTFT (A%) ITL (A%) \ TTFT (A%) ITL (A%)
1 +0.684+0.22 +40.184+0.15 | +0.89+0.29 +0.18 +0.15
2 —145+417 +033+£0.12 | +2.254+4.86 +0.334+0.12
4 —-191+597 +0304+0.12 | +1.85+7.77 +0.384+0.10
8 +039+184 +026+0.09 | +1.01£053 +0.21+£0.12
16 +0.06 £3.57 +042+0.09 | 4086 £1.15 +0.39+0.12
32 +1.144+093 +045+0.18 | +1.34+£0.37 +0.47+£0.15

SingProbe achieves strong and consistent performance across both base models. On Ling-3.0-tiny, SingProbe
obtains the best average AUC of 0.7765, outperforming the strongest baseline, DRIFT, by 3.57 points, and
achieves the best per-benchmark AUC on FactCHD (0.7819), FaithDial (0.9529), and WikiBio (0.9515). Scaling
to Ling-3.0-flash further improves SingProbe to 0.8012, outperforming the best baseline DRIFT (0.8000). These
results indicate that the hidden states of the base model provide effective signals for hallucination detection
and that their quality improves with model scale, enabling a lightweight intrinsic head to be competitive
with or surpass specialized hallucination detectors.

4.5 Overhead Evaluation

We evaluate the inference overhead introduced by SingProbe (with the unified architecture on Ling-3.0-flash)
under a controlled serving-load protocol. Each request uses an input length of 8,192 tokens and an output
length of 1,024 tokens, and we vary the concurrency from 1 to 32. At each concurrency level, we submit
a fixed number of prompts per round (24 for concurrency 1, 2, and 4; 48 for concurrency 8; and 96 for
concurrency 16 and 32) and repeat the measurement over 8 independent rounds. Within each round, we
compute the median TTFT and ITL, pair each SingProbe-enabled configuration with the base-model-only
baseline of the same round, and report the mean and standard deviation of the paired relative differences
across rounds. We consider two deployment modes of SingProbe: Decode Probe, which runs the probe only
during autoregressive decoding, and Prefill-enabled Probe, which additionally invokes the probe during the
prefill stage.

As shown in Table 7, the additional latency introduced by SingProbe remains small across all concurrency
levels. For the Decode Probe configuration, the ITL overhead is consistently below 0.5%, ranging from +0.18%
at concurrency 1 to +0.45% at concurrency 32. The TTFT differences are within measurement noise: they
are typically within £1.5% and even show slightly negative point estimates at concurrency 2 and 4, with
standard deviations that comfortably span zero. This is expected because the decode-only probe does not
participate in the prefill phase and therefore should not change TTFT in a systematic way. Enabling the
probe during prefill (Prefill-enabled Probe) adds a small but consistently positive TTFT overhead, ranging
from +0.86% to +2.25%, while the ITL overhead remains essentially unchanged and below 0.5% (+0.18%
to +0.47%). Overall, the relative overhead does not grow with serving concurrency, and even in the more
expensive prefill-enabled setting the additional cost stays around 1-2% on TTFT and well under 0.5% on
ITL. These results demonstrate that continuously extracting guardrail signals from the base model’s hidden
states introduces little additional cost to either first-token latency or token-by-token decoding, and that this
overhead remains stable under increasing serving load. This efficiency supports the practical deployment of
SingProbe as an intrinsic streaming guardrail without requiring a separate guardrail inference service.

4.6 Ablation Study

4.6.1 Effect of the Number of Tapped Layers

We ablate the number of hidden layers tapped from the frozen base model, varying L € {1,2,3,5,8} while
keeping the Guard architecture and training recipe fixed. As shown in Figure 3, safety detection is generally
robust to the number of tapped layers. Query AUC remains within a narrow range of 0.9560-0.9579, while
Response AUC varies from 0.9648 to 0.9684. Notably, using only the final layer already yields strong
performance, achieving a Response AUC of 0.9648 and a streaming response AUC of 0.9767. Incorporating
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Figure 3: The ablation study of the number of tapped base-model layers.
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Figure 4: The ablation study of the token weighting techniques.

intermediate-layer representations nevertheless provides modest improvements: compared with L=1, the
L=3 configuration improves Response AUC from 0.9648 to 0.9677 and streaming response AUC from 0.9767
to 0.9823. Hallucination detection benefits more clearly from multi-layer features, with AUC increasing
from 0.7750 at L=1 to 0.7963 at L=3 and reaching 0.7988 at L=8. This suggests that hallucination detection
may require information that is less completely captured by the final-layer representation. Across all
configurations, the benign false-positive rate remains at or below 0.02%, indicating that tapping additional
layers does not noticeably increase over-triggering on benign inputs. However, tapping more layers increases
the input dimensionality of the Guard, leading to a larger parameter count, higher memory consumption,
and additional inference latency. Since the performance gains become marginal beyond L=3 while these
deployment costs continue to grow, we use three tapped layers by default to achieve a favorable effectiveness—
efficiency trade-off.

4.6.2 Effect of the Token Weighting Technique

We ablate the token weighting technique used for the response-safety and hallucination objectives, comparing
our adaptive confidence weighting with fixed softmax weighting and uniform averaging while keeping the
model architecture and training recipe unchanged. As shown in Figure 4, token-aware weighting consistently
outperforms uniform averaging. The uniform variant achieves macro-average Response AUC, Token AUC,
and Best F1 scores of 0.958, 0.895, and 0.918, respectively. Applying fixed softmax weighting substantially
improves these results to 0.979, 0.928, and 0.943, demonstrating the benefit of assigning greater supervision to
more informative, high-risk token positions rather than treating all response positions equally. Our adaptive
weighting further improves Response AUC to 0.981 and Best F1 to 0.950, while maintaining the same Token
AUC of 0.928. Compared with uniform averaging, this corresponds to gains of 2.3, 3.3, and 3.2 points on
the three metrics, respectively. These results suggest that confidence-based token weighting is important
for learning from coarse response-level supervision, as uniform weighting can dilute the contribution of
risk-bearing tokens with large numbers of benign-prefix tokens. The additional improvement over fixed
softmax weighting further supports adapting the weighting strength to the confidence of current predictions:
when token scores are insufficiently differentiated, reducing the weighting strength avoids over-emphasizing
potentially noisy predictions, while stronger weighting becomes beneficial once meaningful token-level
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Table 8: Online response safety detection under free autoregressive generation. For each evaluated detector,
pseudo-ground-truth labels are obtained by majority vote of the other three detectors under a leave-one-out
protocol. The SingProbe detector is evaluated with its bias-calibrated checkpoint at the canonical 0.5 decision
threshold. Values report Accuracy (Acc) and F1. The best result within each backbone is highlighted in bold.

Harmbench WildGuard XSTest Avg.
Method Acc F1 Acc F1 Acc F1 Acc F1
Ling-3.0-tiny
GPT-OS5-120B 0.7996 0.6691 0.9039 0.4857 0.9200 0.4088 0.8745 0.5212

Qwen3Guard-Stream-8B 0.8068 0.6766 0.9226 0.5959 0.9193 0.2800 0.8829 0.5175
YuFeng-XGuard-Reason-8B  0.8195 0.7358 0.9141 0.6272 0.9021 0.3907 0.8786 0.5846

SingProbe 0.7375 0.6600 0.8506 0.4875 0.8386 0.2703 0.8089 0.4726
Ling-3.0-flash
GPT-0OSS-120B 0.9513 0.8112 0.9678 0.5630 0.9761 0.3846 0.9651 0.5863

Qwen3Guard-Stream-8B 0.9358 0.7315 0.9755 0.5782 0.9873 0.2609 0.9662 0.5235
YuFeng-XGuard-Reason-8B  0.9391 0.7925 0.9661 0.5885 0.9783 0.4082 0.9612 0.5964
SingProbe 0.9302 0.7586 0.9747 0.6364 0.9873 0.5405 0.9641 0.6452

distinctions emerge. We therefore use adaptive confidence weighting as the default training objective.

4.7 Generation-time Applications of SingProbe
4.7.1 Application 1: SingProbe for Online Content Detection

The preceding evaluations are conducted offline: each detector receives a fixed query-response pair under
teacher forcing, allowing its predictions to be compared against pre-existing labels. In practical deployment,
however, the base model generates responses autoregressively, and the guardrail must assess content
produced by the model itself as generation unfolds. We therefore conduct an online evaluation in which
Ling-3.0 freely generates responses while SingProbe produces detection signals alongside decoding. We
study this setting for both response safety and hallucination detection.

Online Safety Detection. We compare SingProbe with GPT-OSS-120B (Agarwal et al., 2025) (as an LLM
judger), Qwen3Guard-Stream-8B, and YuFeng-XGuard-Reason-8B on HarmBench, WildGuard, and XSTest.
Because the safety labels of freely generated responses are not available a priori, we adopt a leave-one-out
evaluation protocol. For each evaluated detector, the majority vote of the other three detectors is used as
its pseudo-ground-truth label, ensuring that the evaluated detector does not contribute to its own reference
label. We then report Accuracy and F1 against this leave-one-out consensus.

As shown in Table 8, SingProbe performance improves substantially with a stronger base model. With
Ling-3.0-tiny, SingProbe obtains an average Accuracy of 0.8089 and an average F1 of 0.4726, which trails the
stronger standalone baselines under this leave-one-out protocol. With Ling-3.0-flash, however, SingProbe
delivers the strongest overall performance, reaching an average Accuracy of 0.9641 and an average F1 of
0.6452. It outperforms the strongest baseline average F1 (YuFeng-XGuard-Reason-8B at 0.5964) by 4.88 points
and obtains the best F1 on both WildGuard (0.6364) and XSTest (0.5405). These results demonstrate that
SingProbe remains effective when its predictions are produced during free autoregressive generation, rather
than from fixed responses under teacher forcing.

Note that the comparatively modest F1 scores are largely attributable to the severe class imbalance in this
online setting: most freely generated responses are Safe, leaving relatively few Unsafe examples. Under such
a low positive-class prevalence, even a small number of false positives or disagreements among the detectors
can substantially reduce precision and, consequently, the F1 score. The online F1 values should therefore be
interpreted together with Accuracy and primarily used for relative comparison among methods evaluated
under the same protocol, rather than directly compared with results on more balanced offline benchmarks.

Online Hallucination Detection. In the online hallucination evaluation, the model first performs autore-
gressive rollout on each test set to generate responses. An LLM, specifically Qwen3.5-397B-A17B in our
experiments, then judges whether each response is correct based on the question, the model response, and
the ground-truth answer, producing a binary label of whether hallucination occurs. Using these labels, we
compute the hallucination-detection AUC for five methods: DRIFT (Bhatnagar et al., 2026), HaMI (Niu et al.,
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Table 9: Online response hallucination detection under free autoregressive generation. Generated responses
are assigned binary hallucination labels by Qwen3.5-397B-A17B based on the question, generated response,
and reference answer. Values report response-level ROC AUC. The best result within each backbone is
highlighted in bold.

Method AA-Omniscience BBH GSM8SK MATH-500 NOQ-Open SQuAD TruthfulQA Avg.
Ling-3.0-tiny

DRIFT 0.6380 0.6058 0.6446 0.4437 0.7482 0.6180 0.7229 0.6316
HaMI 0.5643 0.6431  0.5386 0.4185 0.6603 0.5570 0.5859 0.5668
SAPLMA-raw 0.5928 0.5924  0.6368 0.5448 0.5882 0.5616 0.5661 0.5832
SAPLMA-response 0.6695 0.6767 0.5426 0.4348 0.7089 0.6076 0.6411 0.6116
SingProbe 0.6032 0.5891 0.7328 0.7292 0.8136 0.6009 0.6813 0.6786
Ling-3.0-flash

DRIFT 0.6662 0.5808 0.6193 0.6348 0.6852 0.7420 0.6536 0.6546
HaMI 0.5312 0.5802 0.6295 0.5519 0.6888 0.7143 0.6389 0.6193
SAPLMA-raw 0.6799 0.4872 0.6113 0.4877 0.6062 0.7339 0.5879 0.5992
SAPLMA-response 0.5188 0.5843  0.6495 0.6079 0.7125 0.7247 0.6699 0.6382
SingProbe 0.7353 0.4884  0.7702 0.7900 0.7792 0.8597 0.6668 0.7271

2025), SAPLMA-raw, SAPLMA-response (Azaria & Mitchell, 2023), and SingProbe, across seven datasets:
AA-Omniscience (Jackson et al., 2025), BBH (Suzgun et al., 2023), GSM8K (Cobbe et al., 2021), MATH-
500 (Hendrycks et al., 2021), NQ-Open (Lee et al., 2019), SQuAD (Rajpurkar et al., 2016), and TruthfulQA (Lin
et al., 2022). Results are reported on two backbones, Ling-3.0-tiny and Ling-3.0-flash.

The results show that SingProbe achieves a clear and consistent advantage on both backbones, attaining the
best average AUC in every case. On Ling-3.0-tiny, it reaches 0.6786, leading the second-best method DRIFT
(0.6316) by an absolute margin of 0.047. On Ling-3.0-flash, it reaches 0.7271, leading DRIFT (0.6546) by 0.073.
As backbone capability increases, SingProbe’s performance improves from 0.6786 to 0.7271, and its lead over
the second-best method widens further, indicating that SingProbe can make fuller use of the internal signals
from stronger backbone models.

SingProbe’s advantage is also evident on individual datasets. On Ling-3.0-flash, SingProbe ranks first on five
of the seven datasets: AA-Omniscience, GSM8K, MATH-500, NQ-Open, and SQuAD. Among them, the AUC
on four datasets, AA-Omniscience, GSM8K, MATH-500, and SQuAD, exceeds 0.73, with SQuAD reaching
0.8597. On Ling-3.0-tiny, SingProbe also leads comprehensively on knowledge- or reasoning-intensive tasks
such as GSM8K, MATH-500, and NQ-Open, achieving 0.7328, 0.7292, and 0.8136, respectively. In contrast, the
baselines achieve local best results only on a few individual datasets and do not show a consistent advantage
across backbones. Although SAPLMA-response performs relatively well on some BBH and Truthful QA
settings, its average AUC is 0.067 lower than SingProbe on tiny and 0.089 lower on flash; the gaps for HaMI
and SAPLMA-raw are even larger.

4.7.2 Application 2: SingProbe for Constrained Safe Decoding

Beyond detecting unsafe content that has already appeared, an intrinsic streaming guardrail may also reveal
how the safety of a response is likely to evolve. We study this possibility through two sequential research
questions. First, can SingProbe predict the safety tendency of future generations from the current prefix? Second, if
the score is predictive of future risk, can it be used to guide safe decoding by terminating risky branches before they
continue? Figure 5 summarizes the corresponding rollout prediction and branch-pruning experiments.

Experimental Settings. We use Ling-3.0-flash as the frozen generation model and its SingProbe head
as the safety probe. The response-unsafety score is streamed directly from the hidden states produced
during decoding through the same SGLang serving pipeline, without an additional forward pass. For
every evaluated prefix, we sample eight continuations. An independent YuFeng-XGuard-Reason-8B judge
assigns a binary Safe or Unsafe label to each completed rollout. It is worth noting that the safety of the
generated responses is assessed by an external judge and therefore may not constitute ground-truth labels.
Nevertheless, the observed increase or decrease in the unsafe response rate still provides meaningful evidence
of SingProbe’s contribution to safety.

Can SingProbe predict future generation risk? We operationalize this question by testing whether the score
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Figure 5: Anticipatory safety prediction and constrained safe decoding with SingProbe.

at the current safe prefix correlates with the fraction of future continuations that eventually become unsafe.
Specifically, we collect 500 query—prefix pairs, including 350 unsafe-origin and 150 safe-origin examples. Each
input consists of a query followed by an annotated safe response prefix, allowing us to test whether SingProbe
can anticipate a future transition to unsafe content while the observed response remains safe. We record
SingProbe’s response-unsafety score at the final token of this safe prefix, before any further continuation
is sampled, and then generate eight independent rollouts. Their judged labels define the empirical future
unsafe rate of the query—prefix pair, Punsafe = Munsafe/ 8-

Figure 5a shows a clear monotonic relationship between the safe-prefix score and subsequent rollout safety.
The empirical unsafe rate rises from approximately 0.02 in the lowest-score interval to 0.43 in the highest,
which is roughly 3.6 x the overall base rate of 0.1203 and over 21 x the rate in the lowest-score group. The
increase becomes particularly pronounced in the higher-score intervals, rising from 0.08 to 0.14, 0.16, 0.20, and
finally 0.43. Because every observed prefix is annotated as safe and the score is recorded before continuation,
this trend cannot be explained by SingProbe merely reacting to harmful content that has already appeared.
Instead, it indicates that the hidden state at a safe prefix contains information about the conditional safety
tendency of its possible continuations.

Can SingProbe guide safe decoding? Motivated by this predictive relationship, we next test whether the
score can identify risky decoding branches early enough to prune them. As in the first experiment, each root
consists of a query followed by an annotated safe response prefix. We select 16 conflict query—prefix roots for
which three to five of the initial eight rollouts are unsafe, ensuring that every root admits both safe and unsafe
continuations. Starting from each query and safe prefix, we sample 24 distinct 64-token chunks, yielding 384
intermediate branch prefixes. At the end of each chunk, we record SingProbe’s response-unsafety score before
sampling any further tokens and then generate eight continuations, producing 3,072 judged rollouts. We
simulate constrained decoding by removing the fraction p of branches with the highest SingProbe unsafety
scores and measuring the unsafe rate among continuations from the retained branches. As shown in Figure 5b,
this SingProbe-guided policy is compared with random pruning averaged over 200 permutations and an
empirical-risk oracle that removes branches with the highest observed unsafe rates.

Guard-guided pruning consistently reduces the unsafe rate of the retained rollout pool, whereas random
pruning leaves it nearly unchanged at approximately 0.76. When pruning 50% of the branches, SingProbe
lowers the retained-pool unsafe rate to 0.53, a relative reduction of approximately 30% compared with
random pruning, and essentially matches the oracle rate of 0.53. The unsafe rate continues to decrease as
more high-scoring branches are removed, reaching approximately 0.22 when 90% of branches are pruned.
The SingProbe and oracle curves nearly overlap up to a pruning fraction of about 0.5 and diverge only
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Figure 6: SingProbe-Med intervention overview. (a) Once admitted, target-supported sGDS contrasts target
and medical risk-pattern logits while keeping both branches synchronized through a shared sampled token.
(b) Future- or Boundary-based activation opens a bounded intervention window, after which generation
returns to native decoding.

at aggressive pruning ratios, where the oracle drops toward 0 while SingProbe plateaus around 0.22-0.23.
This suggests that SingProbe is highly accurate at identifying the highest-risk branches but is less precise in
ranking the remaining lower-risk branches. Overall, these results demonstrate that SingProbe’s anticipatory
signal is not only correlated with future safety outcomes but can also serve as a practical control signal for
constrained safe decoding.

5 SingProbe-Med: On-Demand Medical-Risk Intervention

5.1 Motivation and Framework Overview

The preceding sections introduce SingProbe as a lightweight guardrail for a frozen LLM during autoregressive
generation. We now study how such token-level internal-state signals can be used not only for detection, but
also to control when a generation-time intervention should modify subsequent decoding.

Medical generation provides a representative setting in which selective intervention is particularly important.
A harmful recommendation may emerge only after a clinically sound prefix, making query-level screening
insufficient and post-hoc review too late to prevent the error from being generated (Draelos et al., 2026;
Mishra et al., 2024b; Singhal et al., 2023; Yang et al., 2024). At the same time, applying a corrective decoding
mechanism throughout the entire response is undesirable: always-on steering can perturb otherwise correct
medical content and incurs persistent decoding cost. An effective intervention system should therefore
answer two complementary questions: when should intervention be activated, and how should generation be
modified once intervention is needed?

SingProbe-Med separates these two responsibilities. As illustrated in Figure 6, SingProbe-Med is responsible
for deciding when to intervene by continuously monitoring the evolving generation trajectory through
lightweight internal-state signals. Once the admission condition is satisfied, a target-supported intervention
mechanism named support-constrained Guided Decoding Steering (sGDS) determines how to intervene by
contrastively re-ranking the target model’s candidate tokens over a localized risky suffix. The intervention
is bounded in duration, after which generation returns to the target model’s native decoding. This design
separates inexpensive continuous monitoring from the more expensive corrective decoding mechanism,
avoiding persistent dual-branch inference on generations for which no intervention is needed.
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Table 10: Signal semantics in the SingProbe-Med intervention policy.

Signal Scope Intervention semantics

Intervention Intervention applicability Determines whether the current prefix expresses a clinically

Eligibility E; consequential proposition for which medical-risk
intervention is applicable.

Global Risk G¢ Response trajectory Estimates whether the evolving response is moving toward
a harmful medical conclusion.

Future Risk F; Pre-error timing Indicates that a confirmable medical error is likely within

the next 1-32 tokens, allowing intervention before the error
is committed.

Error Boundary B; Error-onset timing Marks the first prefix at which a medical error becomes
confirmable, allowing immediate containment when
advance evidence is unavailable.

We instantiate this framework on AntAngelMed (AntAngelMed Team, 2025), a 100B-parameter MoE medical
LLM. We next describe the two components separately: the SingProbe-Med admission mechanism for
determining when to intervene, followed by target-supported sGDS for determining how to intervene.

5.2 SingProbe-Med: When to Intervene

At decoding step t, SingProbe-Med derives four complementary signals from the current prefix y<;. Rather
than serving as independent prediction tasks, these signals correspond to different decisions required by the
intervention controller. The semantics of the four signals are summarized in Table 10.

* Intervention Eligibility E; determines whether the current prefix contains a clinically consequential
proposition for which medical-risk intervention is applicable.

¢ Global Risk G; estimates whether the evolving response trajectory is moving toward a harmful medical
conclusion. The remaining two signals provide more localized timing information.

¢ Future Risk F; indicates whether a confirmable medical error is likely to emerge within the next 1-32
tokens, enabling intervention before the error is committed.

* Error Boundary B; identifies the first prefix at which a medical error becomes confirmable, allowing
immediate containment when sufficiently early predictive evidence is unavailable.

These signals are combined through a fixed evidential hierarchy to form an admission policy. Intervention of
the next uncommitted token is activated according to

a1 =T[Et > 9 A (Gt =96 V (Gt > yc A (Fr > vrV Bt > 78)))] - 8)

This rule follows an E — G — (F/B) hierarchy motivated by the asymmetric cost of false intervention.
E; first restricts intervention to prefixes for which risk-directed steering is applicable. G; then provides
trajectory-level evidence of emerging medical harm. When the global-risk signal is sufficiently strong,
intervention can be admitted directly to avoid unnecessary delay. Under intermediate global evidence, the
shorter-horizon F; and B; signals refine the intervention timing.

Importantly, F; and B; are complementary entry signals rather than sequential stages. F; supports anticipatory
intervention before a medical error becomes explicit, whereas B; provides boundary-level containment at the
earliest prefix where the error can be confirmed. All four signals are computed in parallel; the hierarchy
therefore specifies evidential precedence rather than a sequential execution pipeline. The operating thresholds
and release conditions are fixed on the development split before final evaluation.

5.3 Target-Supported sGDS: How to Intervene

Once SingProbe-Med determines that intervention is warranted, we steer the subsequent generation by
explicitly modeling and suppressing medical-risk preferences in the decoding distribution. Specifically, we
construct a risk-pattern branch by adapting the target model with a medical-risk LoRA adapter (Hu et al.,
2022), and use the difference between the target and risk-pattern logits to guide contrastive intervention.
In the following sections, we first define the medical-risk patterns covered by the intervention. We then
describe how the corresponding risk-pattern branch is constructed and how its logits are incorporated into
target-supported sGDS.
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Table 11: Medical-risk categories covered by the intervention branch.

Category Intervention target

Dosage and administration Incorrect dose, frequency, duration, or usage instruction.
Special-population contraindication =~ A recommendation that conflicts with constraints associated with a
clinically relevant patient population.

Wrong indication A medication or treatment recommendation that does not match the
stated condition.

Dermatology wrong indication An indication mismatch involving a dermatologic condition or therapy:.

Dermatology special-population A dermatologic recommendation that conflicts with population-specific

contraindication safety constraints.

Medical-risk Intervention Scope. We define the intervention scope using five operational medical-risk
categories: dosage and administration errors, special-population contraindications, wrong indications,
dermatology-specific wrong indications, and dermatology-specific special-population contraindications.
These categories are used to organize the risk-pattern adaptation data and jointly construct the training set
for the medical intervention branch. The sampler maintains approximately balanced coverage across the five
categories. Table 11 summarizes the corresponding intervention targets. The resulting risk-pattern dataset is
used to adapt the medical intervention branch described next.

Medical Risk-pattern Branch. We construct the medical risk-pattern branch by adapting the deployed
AntAngelMed model with a LoRA module on the risk-pattern dataset described above. The adaptation
follows a standard supervised fine-tuning style objective: given a medical prompt x and a risk-pattern
response ¥ = (y1,...,yr), we optimize only the LoRA parameters A5 while keeping the base-model
parameters 6 frozen. Specifically, the branch is trained with the autoregressive language-modeling loss

T
Lk = — Z log potay (Yt | X, y<t), ©)
t=1

where the training responses are drawn from the five medical-risk categories defined above. Optimizing
this objective increases the adapted branch’s likelihood on continuations that exhibit the corresponding
medical-risk patterns, thereby encoding these patterns into the learned LoRA parameters.

After adaptation, the original model and the risk-pattern-adapted model form the two branches used during
intervention. Let fy denote the original AntAngelMed model and A, the learned medical-risk LoRA
parameters. Given the realized decoding context ¢; = (x,y<;), they produce next-token logits as

0 = fole), 0% = foran(cr). (10)

Because the adapted branch is explicitly trained on risk-pattern continuations, it assigns relatively greater
support to tokens and continuations that are compatible with the covered medical-risk patterns. We therefore

use it as an anti-expert: E?jl{ provides a token-level risk preference that can be contrasted with the target-
model logits during intervention, rather than being interpreted as an explicit medical-error probability or an

independently generated correction.

On-demand Target-supported sGDS. With the medical risk-pattern branch defined above, we use its next-
token logits as an anti-expert signal to modify the target model only when intervention is activated. At each
activated decoding step, the target and risk-pattern branches evaluate the same realized context c; = (x,y<¢),

producing ﬁﬁrl and E?jl{ for the same uncommitted token. We then contrast these two distributions while

restricting the intervention to candidates already supported by the target model. Specifically, the target
branch first defines the admissible candidate set

Cr1 = TopK (£, k) - 1D
Within this support, sGDS computes
14+ a)0r (v) —ali(v), ve Cy
¢SGDS (1) — ( t+1 (1N +1s 12
w1 () —00, v ¢ Cip1. (12)
The resulting E?E?S serves as the final next-token logits, from which the sampling distribution is obtained and
the next token is selected. Equivalently, sGDS adds the contrastive direction a(ﬁ};‘fl - Z{fl{) to the native target
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logits within C;;1. Since the risk-pattern branch is adapted to favor continuations exhibiting the covered
medical-risk patterns, candidates that receive relatively stronger support from this branch are suppressed,
while candidates favored more strongly by the target branch are promoted relative to their competitors.
The top-k restriction keeps the target model as the source of admissible next tokens, so the risk branch only
re-ranks plausible target-supported candidates rather than introducing its own off-support continuations.

The two branches operate as paired conditional scorers rather than independently decoded models. They
begin from the same prompt and realized response prefix while maintaining separate model states and KV
caches. At each activated step, a single token 7,1 is sampled from the fused sGDS distribution and appended
to both branches. This shared-token update keeps their prefixes synchronized, ensuring that subsequent
target and risk-pattern logits continue to describe the same generation history. If the branches were decoded
independently, their prefixes would diverge and the resulting logit difference would no longer isolate the
learned risk preference.

When a;,1 = 0, generation proceeds directly from the unmodified target-model logits and the risk-pattern
branch does not participate in logit fusion. Once intervention is activated, it opens an intervention episode

e= (1,W,ka), (13)

where T denotes the activation position, W bounds the intervention duration, k determines the target-
supported candidate set, and « controls the strength of the contrastive correction. We evaluate both a full
intervention and a bounded variant. The full intervention uses k = 50 and & = 2 until release, whereas
the bounded variant uses k = 100, « = 3, and W = 64. After the episode is released, decoding returns to
target-only logits on the already modified prefix.

Thus, the intervention is on demand at two levels. SingProbe-Med determines when the more expensive
dual-branch decoding should be activated, while target-supported sGDS determines how the next-token
distribution should be modified once activated. By confining both the activation interval and the admissible
vocabulary, the resulting intervention suppresses learned medical-risk preferences only over the risk-relevant
portion of generation.

5.4 Evaluation

We evaluate SingProbe-Med along four complementary quantitative axes: admission selectivity and timing,
medical error correction, general capability preservation, and inference efficiency. We further provide
a qualitative case study to illustrate how the resulting intervention modifies representative medical-risk
continuations. All admission thresholds and episode-release conditions are selected on the development
split and frozen before evaluation on the held-out medical set. No threshold is reselected on the test set or
separately for an individual capability benchmark.

5.4.1 Admission Selectivity and Timing
We first evaluate whether the admission mechanism can identify trajectories that warrant intervention and
trigger sufficiently early. “Harm” denotes a trajectory containing a target medical risk, whereas “White”
denotes a trajectory for which intervention should not be triggered. Let A; indicate whether trajectory i opens
at least one intervention episode. At a fixed operating point, we report
White FPR = Pr(A; =1 | i € White),
Harm recall = Pr(A; =1 |i € Harm), (14)
Precision = Pr(i € Harm | A; = 1).
We additionally report ROC-AUC, Average Precision (AP), and PR-AUC from the complete trajectory-level

ranking on the held-out set. For the White-FPR operating points g € {10%, 5%, 1%}, thresholds are selected
on the development set and frozen before evaluating Harm recall and precision on the held-out set.

For the combined detector, Intervention Eligibility acts as a binary gate on the Global Risk score. Specifically,
we define the gated risk score as
Se+c = I(E > 1) 0(G), (15)

where < is the Intervention Eligibility threshold and () denotes the sigmoid function. Thus, Global
Risk contributes to the ranking only when the corresponding prefix is considered eligible for medical-risk
intervention.

Table 12 compares Global Risk alone with this eligibility-gated Global Risk score. Applying the Intervention
Eligibility gate improves ROC-AUC, AP, and PR-AUC by 0.025, 0.012, and 0.011, respectively, indicating
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Table 12: Operating characteristics of the SingProbe-Med admission signals on the held-out medical set.

(a) Ranking quality (b) Constrained operating points (%)
Detector ROC-AUC AP PR-AUC White FPR Harm recall Precision
Global Risk 0.828 0.903 0.903 < 10% 51.70 92.34
Intervention Eligibility 4 Global Risk 0.853 0.915 0.914 <5% 32.44 93.93
<1% 11.98 96.77

Table 13: Paired medical correction results (%). “Activated” conditions on trajectories where SingProbe-Med
opens an sGDS episode.

Full intervention 64-token window
Metric Overall Activated Overall Activated
Broad mitigation (ERROR — non-ERROR) 25.03 30.27 24.30 29.39
Strict repair (ERROR — SAFE) 12.58 15.22 11.72 14.17
Safe regression 1.84 6.78 2.53 9.32

that suppressing risk scores on intervention-ineligible prefixes improves trajectory selection. Tightening the
allowed White FPR from 10% to 1% increases precision from 92.34% to 96.77%, while Harm recall decreases
from 51.70% to 11.98%, exposing a direct trade-off between intervention coverage and false-trigger control.

We further evaluate activation timing on Harm trajectories with a confirmable medical error boundary. Let
Teonirm denote the first prefix at which the medical error becomes confirmable. Among Harm trajectories,

54.99% of first activations occur at or before T, meaning that the policy opens a correction window
no later than the confirmable error boundary for more than half of the risky trajectories. Evaluating all four
SingProbe-Med signals over 3,044,056 token states takes 0.019749 ms/token, corresponding to approximately
50,635 token states per second.

5.4.2 Medical Error Correction

We next evaluate whether an admitted intervention corrects the final medical outcome. Each test case is
matched by prompt between target-only decoding and an intervention configuration. Let z) and z/" denote the
three-way adjudicated outcomes of the baseline and intervened responses in {ERROR, SAFE, UNCERTAIN }.
We define broad mitigation as a baseline ERROR changed to either SAFE or UNCERTAIN, strict repair as
ERROR — SAFE, and safe regression as a baseline SAFE changed to a non-SAFE outcome. “Overall” reports
these transitions over the corresponding baseline population in the complete test set, whereas “Activated”
additionally conditions on trajectories where at least one sGDS episode is opened. We compare two inter-
vention configurations. The full intervention uses k = 50 and & = 2 until release, whereas the bounded
configuration uses k = 100, « = 3, and a maximum intervention window of W = 64 tokens.

Table 13 reports the paired correction results. The full intervention mitigates 25.03% of baseline erroneous
generations over the complete test set, including 12.58% that are strictly repaired from ERROR to SAFE. On
trajectories where intervention is actually activated, broad mitigation and strict repair increase to 30.27% and
15.22%, respectively, indicating that the admission mechanism concentrates intervention on trajectories with
greater correction potential. Restricting intervention to a 64-token window preserves most of this benefit.
The bounded configuration achieves 24.30% broad mitigation and 11.72% strict repair overall, retaining 97.1%
and 93.2% of the corresponding full-intervention results. This suggests that most useful corrections occur in
the early suffix following activation rather than requiring persistent dual-branch decoding.

Intervention nevertheless introduces a non-zero risk of modifying originally safe generations. Reported safe
regression is 1.84% overall for the full intervention and 2.53% for the 64-token configuration, with higher rates
when conditioning specifically on activated trajectories. This trade-off further motivates selective admission
rather than applying sGDS indiscriminately.

5.4.3 General Capability Preservation

We next examine whether selective intervention perturbs model capability on inputs for which medical-
risk steering is unnecessary. We compare native AntAngelMed-100B, always-on sGDS, and SingProbe-
Med across AIME24/25 (Maxwell-Jia, 2024; Zhang & Math-Al Team, 2025), HealthBench (Arora et al,,
2025), CFBench (Zhang et al., 2025), Arena-Hard-v2 (Li et al., 2025a), AlignBench (Liu et al., 2024), and
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Table 14: Capability scores and sGDS activation rates (in parentheses).

Method AIME24/25 avg.  HealthBench CFBench Arena-Hard-v2  AlignBench ~ WritingBench
AntAngelMed-100B 66.67 88.80 84.31/59.00/69.50 52.06 8.435 8.351
Always-on sGDS 60.00 (100%) 88.41 (100%)  81.73/52.00/64.00 (100%) 46.19 (100%) 8.465 (100%)  8.138 (100%)
SingProbe-Med 66.67 (0%) 90.10 (4.69%) 84.31/59.00/69.50 (0%) 52.06 (0%) 8.435 (0%) 8.351 (0%)

Table 15: Request-level mean latency across inference configurations. Entries marked with ~ are component-
based estimates rather than directly measured end-to-end means.

Configuration Mean (s)
AntAngelMed-100B, single branch 37.319
AntAngelMed-100B + SingProbe signals ~ ~37.379
Full resident dual branch 60.934
64-token on-demand window ~39.162

WritingBench (Wu et al., 2026). Evaluation follows each benchmark’s native scoring convention: AIME24 /25
averages the 2024 and 2025 scores, CFBench reports CSR/ISR/PSR, and the remaining benchmarks retain
their native scales. For intervention-based methods, the activation rate is defined as the percentage of
benchmark examples that open at least one sGDS episode.

As shown in Table 14, SingProbe-Med activates on only 4.69% of HealthBench examples and on none of the
reported examples from AIME24/25, CFBench, Arena-Hard-v2, AlignBench, or WritingBench. Its capability
scores remain broadly comparable to native AntAngelMed-100B across these evaluations. In contrast, always-
on sGDS modifies every example and records lower scores than SingProbe-Med on all six benchmarks, with
particularly noticeable degradation on AIME24/25 and Arena-Hard-v2.

5.4.4 Inference Efficiency

Finally, we evaluate whether on-demand intervention reduces the inference cost of dual-branch decoding.
We compare four AntAngelMed-100B inference configurations: native single-branch decoding, single-branch
decoding with continuous SingProbe-Med monitoring, a fully resident dual-branch configuration, and a
bounded 64-token intervention window. The single-branch and resident dual-branch entries are reference
measurements. The target-plus-SingProbe-Med and 64-token entries are component-based estimates derived
from the measured single-branch latency and the corresponding additional signal or active-window cost,
and are therefore marked with ~ in Table 15.

Continuous SingProbe-Med scoring contributes an estimated 0.060 seconds beyond the 37.319-second single-
branch reference, yielding approximately 37.379 seconds before intervention cost is considered. Maintaining
the full dual branch throughout generation increases the request-level mean latency to 60.934 seconds, an
additional 23.615 seconds over native decoding. In comparison, a 64-token intervention window introduces
an estimated 1.843-second active-window cost, giving approximately 39.162 seconds when added to the
single-branch reference. These results show that bounding sGDS to the admitted suffix converts persistent
dual-branch computation into a limited intervention cost. Together with the correction results above, they
demonstrate that most of the safety benefit of full intervention can be retained without continuously executing
the second branch throughout generation.

6 Conclusion

In this work, we introduced SingProbe, an intrinsic guardrail that directly leverages hidden states produced
by the base LLM to jointly monitor query intent, response safety, and hallucination risk throughout gen-
eration. By reusing representations already computed during decoding, SingProbe avoids redundant text
encoding and enables fine-grained streaming detection with substantially lower deployment complexity than
standalone guardrail models. We also introduced SingStreamBench to evaluate the temporal behavior of
streaming safety detectors, particularly their ability to remain silent on benign prefixes and identify the onset
of unsafe content. Across extensive offline and online evaluations, SingProbe achieves strong performance
on safety and hallucination detection while maintaining very low false-positive rates.

More importantly, our results suggest that the value of intrinsic guardrails extends beyond passive classi-
fication. SingProbe scores contain information about the safety tendency of future continuations and can
therefore serve as control signals for constrained decoding. SingProbe-Med further demonstrates how such
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internal-state signals can support selective, on-demand intervention in a high-stakes domain, modifying
generation only when and where intervention is warranted. Overall, SingProbe provides a lightweight
interface between the internal representations of an LLM and generation-time safety mechanisms, offering a
path toward guardrails that jointly improve monitoring granularity, computational efficiency, and actionable
runtime control.
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