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Abstract—Hallucination remains a critical reliability bottle-
neck for large language model (LLM) applications, where models
may generate fluent yet unverifiable or incorrect statements when
internal evidence is insufficient. Most governance pipelines treat
hallucination handling as two loosely coupled stages: detection,
which estimates the reliability of a generated response, and
mitigation, which suppresses hallucinations through inference-
time control or training-time alignment. Such designs often
incur substantial overhead: external evidence pipelines increase
system complexity and latency, while sampling-based consistency
approaches raise inference cost proportionally to the number of
generations.

In this paper, we propose LCIC, a unified detect-mitigate
method that enables single forward-pass hallucination detection
and provides a unified risk signal for both detection and mitiga-
tion, without relying on external tools or additional generations.
LCIC derives a continuous hallucination risk score, denoted as
Sicic, by combining two complementary cues: (i) tail-focused
internal consistency, which aggregates token-level confidence and
attention focus to capture localized instability, and (ii) layer
contrast, which measures distributional disagreement between
intermediate and final layers to reflect internal inconsistency.
The same score is further used as a reward signal for group-
relative policy optimization and stabilizing alignment with a Best-
of-N(BoN) stablizing regularizer.

Experiments on four datasets and multiple open LLMs
demonstrate that LCIC achieves strong unsupervised detection
performance and delivers consistent mitigation gains over repre-
sentative decoding-time and self-refinement baselines'.

Index Terms—Large Language Models, Hallucination Detec-
tion, Mitigation, Internal Signals, Layer Contrast, Reinforcement
Learning.

I. INTRODUCTION

Large language models (LLMs) have become the foun-
dation of modern question answering and assistant systems.
Despite strong generative abilities, their practical reliability
is constrained by hallucinations—outputs that are fluent and
confident but unsupported by verifiable facts (factual hallu-
cination) or by the input context (faithfulness hallucination)
[1]-[4]. These failure modes demand reliable detection and
mitigation mechanisms.
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Existing detectors face a fundamental tension between la-
tency and granularity. Many state-of-the-art methods are not
single forward-pass: external verification pipelines validate
claims using retrieval or tools [5], and consistency-based
detectors rely on multiple sampled outputs or multi-round self-
checking [6], [7]. Their computational cost grows with sample
count, impeding large-scale deployment.

To reduce latency, recent work turns to internal signals—
token probabilities, attention statistics, or hidden states [8]—
[12]. However, these methods typically summarize a genera-
tion via global aggregation, which dilutes localized failures.
Hallucinations are empirically sparse and span-concentrated—
confined to a few critical tokens such as entities or numbers
[5], [13], [14]. Averaging over the full sequence overwhelms
these concentrated signals, weakening discriminability and
calibration.

This raises a central question: can we characterize hallucina-
tion risk in a single forward-pass while explicitly prioritizing
high-risk spans to prevent signal dilution?

We propose LCIC, a unified detect—mitigate method. At
its core is a tail-aware, single forward-pass score Sicic
prioritizing localized failures and serving as a shared signal
for both detection and mitigation.

o Tail-Event Risk Score: Sy cic fuses (i) CVaR-style low-
tail-pooled [15] internal consistency (token confidence and
attention focus) with (ii) high-tail-pooled layer contrast
(Jensen—Shannon divergence between mid- and final-layer
distributions), emphasizing localized high-risk spans.

o Unified Detect—Mitigate Framework: the same scalar
Stcic drives threshold-based online detection and GRPO-
based training-time alignment with BoN regularization [16],
[17], coupling both stages under a consistent criterion.

« Empirical Robustness: evaluations across four QA datasets
and two open-source LLM families demonstrate strong
detection and mitigation performance, with ablations vali-
dating each component.

II. RELATED WORK
A. Hallucination Detection

1) External and Consistency-Based Detection: Early hal-
lucination detection relied on external knowledge verifica-
tion. The “extract-and-verify” paradigm (e.g., FactScore [5])



decomposes generated text into atomic claims and vali-
dates each against retrieved evidence or structured knowledge
bases. While effective for factual accuracy, these approaches
introduce substantial system complexity and inference la-
tency. Self-consistency methods such as Chain-of-Verification
(CoVe) [6] and SelfCheckGPT [7] leverage multiple sampled
outputs from the same model to detect contradictions, reducing
reliance on external tools but incurring cost proportional to
sample count. More recent approaches prompt stronger LLMs
to assess generation quality (LLM-as-judge) [18], though these
remain limited by coarse supervision and significant inference
overhead.

2) Internal-Signal Detection: Recent work seeks to de-
tect hallucinations without external queries by leveraging the
model’s internal activations. Token-level confidence (probabil-
ity of generated tokens) provides a basic uncertainty measure
[1], while attention statistics capture where the model focuses
during generation [8], [9]. Hidden state-based approaches such
as EigenScore [11] and LLM-Check [12] exploit distributional
properties of intermediate representations. However, these
methods typically aggregate signals via arithmetic averaging
over the entire sequence, which dilutes localized failure sig-
nals. Our approach differs by applying CVaR-style tail pooling
[15] to explicitly prioritize high-risk spans.

3) Faithfulness Detection: For context-grounded genera-
tion, faithfulness hallucination detection verifies alignment
between outputs and provided sources. Natural Language
Inference (NLI) classifiers determine entailment relationships
between generated text and source documents [19], while QA-
consistency loops generate questions from model outputs and
verify answers against source text [4]. These methods excel at
identifying deviations from source material but require task-
specific supervision or multiple inference passes.

B. Hallucination Mitigation

Mitigation strategies operate at three stages of the LLM
pipeline. Data-level approaches include filtering noisy training
samples [20], [21] and augmenting generation with retrieved
evidence via RAG [22], though the latter introduces re-
triever latency. Training-level methods align model behavior
through supervised fine-tuning on conservative responses [23]
or RLHF with human preference data; however, these typically
decouple risk estimation from optimization, requiring external
judgment signals. Inference-level strategies such as DolLa [24]
contrast layer-wise distributions to suppress unreliable tokens,
while post-generation revision methods [25], [26] iteratively
refine outputs using self-feedback or external verification.

Our work bridges the gap between detection and mitigation
by reusing a single internal-signal risk score for both tasks.
Unlike prior approaches that treat detection and mitigation
as independent stages with potentially inconsistent criteria,
LCIC unifies both under the same Spcic signal, enabling
coherent optimization without additional inference overhead
at deployment.

III. METHODOLOGY
A. Preliminaries

Consider an L-layer Transformer with H attention heads.
For query ¢ = (z1,...,27,) and generated response y =
(y1,---,yr,), let z = [q3y] and Ty = {To + 1,.... T, +
T,}. For each token ¢t € 7,, we access internal signals S, =
{pt, A+, H;}: conditional probability p; = p(yi—1, | 2<t)s
attention weights A;, and hidden states Hj.

Sparse Hallucination Hypothesis. Hallucination risk is
not uniformly distributed: empirically, errors concentrate in

a small number of critical spans (entities, quantities) [5], [13],
[14]. Thus Thaluc C 7Ty is sparse with |Thalue| < |7,|. Global
averaging R = \TI Zt r¢ dilutes these localized signals as
| 74| grows, motivating tail-aware pooling [15].

B. The LCIC Risk Score

The LCIC pipeline (Fig. 1) derives a scalar risk score from
a single forward-pass.

1) Internal Consistency via Low-Tail Pooling: Token con-
fidence. For ¢t € 7,, token-level generation confidence is
pr = plzt = yi—r, | 2<¢) € (0,1]. Low p; indicates local
reliability risk when the model lacks internal support.

Attention focus. We quantify evidence localization via
layer-averaged top-1 attention'

Sp = 7 Z Z mlax Ag;h). (1)
1=1

Low s; reflects diffuse attent10n and weaker evidence local-
ization [9], [10].

Low-tail pooling. To capture the most fragile spans under
the sparse hypothesis, we apply CVaR-style pooling [15] over
the lowest gstan quantile index sets 7, js'
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Rgtap is high only when the model remains confident and
focused on the frailest tokens.

2) Layer Contrast via High-Tail Pooling: We quantify
internal disagreement by contrasting token predictive dis-
tributions from intermediate layers L,,jq (the middle third
of {1,...,L — 1}) with the final layer L [11], [24]. For
hidden state hil), applying the shared LM head yields logits
2 = Winh” + bry and distribution p!”

We average logits over L,jq before softmax:
(mid)

= Softmax(zgl)).
,Emid)

\Lm,d Z,eL"”d zt(l), giving p; = Softmax(z (mld))
Token-wise divergence. We compute the Jensen—
Shannon(JS) divergence between mid- and final-layer
distributions:
My = 5™ + 51" )
ISt = L(KL(p{™V||My) + KL(p(M M) (5)

High-tail pooling. Let Jj5 be the highest ¢ quantile by
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Unified LCIC pipeline. A single forward-pass produces tail-pooled components R,y (internal consistency) and D). (layer contrast), fused into

Stcic- The same score supports online detection (thresholding) and training-time alignment (GRPO with Best-of-N regularization).

This highlights localized semantic conflicts often concentrated
in entities and numbers.

C. Unified Detection—-Mitigation Method

Synthesizing both signals, the LCIC risk score is:

Seeic(g:y) = Rsian(4,9) - exp(=AieDic(q, ), Aie > 0.
@)

1) Online Detection: We perform detection by threshold-
ing: h(q,y) = I[SLcic(g, y) < 7], where 7 is an application-
dependent operating point and h = 1 indicates high-risk
output, feedable to an intervention policy without additional
queries.

2) Training-Time Mitigation: We reuse Spcic as the reward
signal for alignment, ensuring mitigation is optimized under
the same criterion as detection (Fig. 1, right branch).

GRPO with LCIC-guided rewards. We adopt GRPO [16]:
for each prompt ¢, sample G responses {y;}, compute s; =
Sieic(q, yi), and convert to group-relative rewards r; = (s; —
tq)/(oq + 0) where 4, o are the group mean and std. This
yields stable policy gradient updates with KL regularization
toward a reference policy.

Best-of-V trajectory regularization. To stabilize training,
we anchor on the highest-scoring candidate y* = arg max; s;
via NLL loss:

Ty
Lpox(0) = —Eq | Y logmo(yi [ q.v%) |- ®
t=1
The BoN loss encourages the model to replicate decision
patterns along the highest-Sicic trajectory, providing stable
gradients independent of advantage estimation.
The final objective is:

Liota1(8) = —Tcrro(0) + Apon Leon(0). &)

where Jgrpo denotes the standard clipped GRPO objective
(with group-relative rewards from 51 cjc and KL regularization
toward a reference policy).

IV. EXPERIMENTS

We evaluate LCIC on two dimensions: (i) detection: sep-
arability and calibration of Sy cic with frozen base models;
and (ii) mitigation: test-set improvements from .Sy cic-guided
alignment.

A. Experimental Setup

1) Datasets and Models: We evaluate on four QA datasets:
TriviaQA [27] and Chinese SimpleQA [28] for no-context
factuality; CoQA [29] and DRCD [30] for context faithfulness
(bilingual). Models: Llama-3.1-8B-Instruct and Qwen3-8B.

2) Detection and Mitigation Settings:

a) Detection: Base model frozen; Spcic computed
from greedy decoding. Default hyperparameters: ¢gtap=0.1,
QICZO.& )\1021.0.

b) Mitigation: 80/20 train—test split; GRPO with Best-
of-N (Apon=0.5) following Sec. III-C2, sampling G=8 can-
didates per prompt.

3) Evaluation Metrics: We derive binary correctness labels
from three criteria: Exact Match (EM) [31] for strict token-
level consistency; ROUGE-L with threshold 0.5 for lexical
overlap; and semantic similarity (cosine similarity >0.9 via
BAAI/bge-m3 embeddings) for paraphrase equivalence. For
detection, we report AUROC and Pearson correlation (PCC)
between Spcic and quality scores to assess separability and
calibration. For mitigation, we report test-set accuracy.

4) Baselines:

a) Detection: Perplexity [32], Energy Score [33], LN-
Entropy [34], SelfCheckBERTScore [7], EigenScore [11], and
LLM-Check [12].



TABLE 1
HALLUCINATION DETECTION PERFORMANCE (%). BEST IN BOLD.

TriviaQA CoQA Chinese SimpleQA DRCD
Model Method L
ROUGE EM* SemSim” ROUGE EM SemSim ROUGE EM SemSim ROUGE EM SemSim
AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC AUC PCC
Perplexity 78.10 43.37 74.38 47.01 78.04 54.96 50.27 1.22 60.08 12.16 52.22 3.61 63.87 17.18 63.11 11.66 64.01 12.55 72.11 33.21 69.48 32.58 70.59 30.88
Energy Score 77.98 47.14 76.30 44.69 76.19 53.42 57.22 18.80 61.99 19.29 58.78 19.36 58.23 13.93 59.99 10.07 54.76 10.31 58.50 12.16 56.46 10.04 56.73 11.29
LN-Entropy 79.24 44.58 78.65 41.96 77.31 44.43 58.65 14.18 58.58 9.46 60.86 10.85 54.64 5.76 5439 4.00 5528 5.65 69.96 25.47 68.49 27.36 68.58 27.67
Qwen3-8B  SelfCheckBERTScore 78.21 51.43 76.07 45.26 74.67 50.67 73.78 47.63 73.41 37.54 73.53 45.73 77.67 37.00 78.00 24.29 78.10 41.30 63.30 32.36 64.41 28.48 63.64 28.97
EigenScore 76.99 50.14 75.42 47.46 74.62 51.70 71.45 40.57 74.05 36.72 71.27 39.08 76.70 35.60 77.09 26.78 75.49 39.46 65.21 34.19 63.26 33.61 64.85 37.49
LLM-Check (Hidden) 67.59 27.49 68.89 30.10 66.34 26.51 79.04 49.12 90.37 51.73 80.60 51.10 78.86 25.73 87.60 18.40 78.20 27.76 57.54 15.16 62.14 18.52 61.10 17.61
LCIC(ours) 85.62 61.91 85.00 60.52 83.37 62.50 80.84 53.48 89.97 49.21 82.92 54.55 85.10 48.90 86.10 37.00 85.10 53.50 73.81 32.54 73.81 38.98 75.06 46.60
Perplexity 80.30 52.74 80.02 52.86 80.68 56.30 57.59 11.90 52.73 598 54.62 0.55 67.49 25.31 72.94 17.69 69.81 18.32 78.02 46.57 75.50 38.88 75.25 45.74
Energy Score 65.02 27.78 61.50 22.06 65.81 32.31 54.56 12.36 60.31 15.93 57.34 22.93 50.22 5.03 52.05 0.76 51.46 4.07 60.74 17.43 54.32 825 55.43 15.06
LN-Entropy 81.72 50.06 82.28 48.06 81.19 44.61 59.50 15.35 61.52 17.63 58.20 8.73 64.37 17.64 74.90 17.23 67.05 7.53 78.22 43.35 78.35 39.77 77.41 39.57
Llama3-8B SelfCheckBERTScore 81.64 58.97 81.07 52.96 81.56 55.38 75.79 47.86 72.54 35.86 72.71 42.95 74.24 38.10 80.59 23.23 78.48 37.93 79.95 52.51 77.19 40.64 77.39 49.15
EigenScore 79.43 50.37 79.80 50.22 79.38 48.12 61.89 21.43 65.42 22.99 61.32 21.31 59.09 9.43 62.26 11.52 61.47 18.38 76.28 42.01 77.43 47.25 76.77 42.94
LLM-Check (Hidden) 62.55 19.59 63.73 23.13 60.91 23.51 76.44 39.25 84.41 30.62 64.55 36.61 74.70 7.66 74.72 7.63 67.89 24.27 64.59 22.13 70.01 35.58 69.54 25.47
LCIC(ours) 85.70 62.53 83.96 55.79 85.06 58.27 80.14 56.41 88.33 53.13 81.57 47.22 79.49 40.00 79.85 29.62 81.46 50.20 82.44 54.27 80.93 49.54 79.32 51.12
“EM: Exact Match. P SemSim: cosine similarity via BAAI/bge-m3 embeddings.
TABLE 11
HALLUCINATION MITIGATION PERFORMANCE (ACCURACY %). BEST IN BOLD.
Model Method TriviaQA CoQA Chinese SimpleQA DRCD
ROUGE EM SemSim ROUGE EM SemSim ROUGE EM SemSim ROUGE EM SemSim
Greedy Decoding 6191 5690 55.22 7239 6492 61.36 27.79 1681 22.30 91.14 7827 86.39
DoLa 65.16 64.16 60.71 7838  70.20 69.71 38.37 2471 2392 94.17 8592  90.52
Qwen3-8B Self-Reflection 66.75 5892 5732 7724  68.03  65.39 31.64 21.79 2535 9421 83.63 88.62
Self-Refine 63.19 58.07 57.44 70.09 6247  60.70 2998 2284 2949 91.19 79.71 85.76
Integrative Decoding ~ 72.27  67.91 66.91 82.68 7435 74.80 37.19 2471 32.61 95.11 84.16  90.25
LCIC(ours) 7045  66.75  70.59 87.52 7821 7393 4250 26.60 33.79 96.77 8821 92.75
Greedy Decoding 56.03 50.54 4731 70.17  61.53  60.85 13.14 6.66 10.15 89.60 80.84 8542
DoLa 65.54 54.17 52.25 73.08 6850 71.09 18.28 9.66 14.20 92.35 84.05 91.66
Llama3-8B Self-Reflection 64.38  56.87 55.63 75.87  66.07  67.76 17.19 8.51 13.99 90.20 8239 89.32
Self-Refine 5734 5283 4852 69.16 60.86 61.97 15.24 7.22 11.17 88.10 81.78  86.01
Integrative Decoding ~ 70.57  58.36  51.08 80.32 69.54 74.83 19.64 1077  16.90 94.13  87.38 9397
LCIC(ours) 69.85 63.21 58.06 83.65 7228 77.12 22.38 1596 18.92 9492 91.06 95.20
b) Mitigation: Greedy decoding, Dola [24], Self- b) Hallucination Mitigation: Table II shows that LCIC-

Reflection [26], Self-Refine [25], and Integrative Decoding
[35].

B. Main Results

a) Hallucination Detection: Table 1 demonstrates that
LCIC consistently achieves superior discriminative perfor-
mance across all datasets and evaluation criteria. On Trivi-
aQA, LCIC attains 85.62 ROUGE-AUROC with Qwen3-8B,
surpassing Perplexity (78.10) by +7.52 points and SelfCheck-
BERTScore (78.21) by +7.41 points. This advantage remains
pronounced under the stricter EM criterion (85.00 vs. 74.38 for
Perplexity), indicating that LCIC maintains robust separability
even when penalizing minor lexical variations.

On Chinese SimpleQA with Llama3-8B, LCIC achieves
79.49  ROUGE-AUROC,  significantly  outperforming
uncertainty-based proxies such as Perplexity (67.49)
and LN-Entropy (64.37). Notably, LCIC achieves higher
PCC than all baselines on TriviaQA (62.53 vs. 58.97
for SelfCheckBERTScore), demonstrating that the score
correlates not only with binary correctness but also with
graded answer quality, which is crucial for threshold-based
deployment.

guided alignment consistently delivers the strongest mitiga-
tion performance across datasets. On CoQA with Qwen3-
8B, LCIC achieves 87.52 ROUGE accuracy and 78.21 EM
accuracy, substantially surpassing inference-time baselines in-
cluding Self-Reflection (77.24; 68.03) and even Integrative
Decoding (82.68), which requires additional decoding-time
computation. The gains are most pronounced on context-
grounded datasets: on DRCD, LCIC improves EM accuracy
by +9.94 points over greedy decoding for Qwen3-8B, sug-
gesting that optimizing toward internal stability encourages
the model to better align with passage evidence.

On TriviaQA, Integrative Decoding retains a slight ROUGE
advantage (72.27 vs. 70.45), suggesting that decoding heuris-
tics can occasionally recover surface-level lexical matches
on open-domain factual questions. However, LCIC leads
on semantic similarity (70.59), indicating superior meaning
preservation, while avoiding the inference overhead of multi-
pass decoding strategies.

C. Ablation Study

1) LCIC Components and Aggregation Strategy: Table III
isolates the contribution of each Sy cjc component on Qwen3-
4B-Instruct (EM correctness). Single-signal variants are con-



sistently suboptimal: confidence-only achieves 75.60 AUC on
TriviaQA, while attention-only reaches only 69.31. Removing
layer contrast from the full configuration causes the largest
degradation (—5.83 AUC on TriviaQA; —9.22 on Chinese
SimpleQA), confirming that inter-layer predictive disagree-
ment provides critical cues beyond confidence- and attention-
based fragility.

Table IV compares aggregation strategies. Global averaging
performs worst (—10.54/—11.79 AUC), validating that hallu-
cination risk is indeed localized and diluted by full-sequence
pooling. Local maximum improves over global averaging
but remains sensitive to stochastic noise from single-token
outliers. Sliding-window pooling provides moderate gains but
is constrained by fixed granularity. CVaR pooling achieves the
highest AUC (87.09; 87.98), demonstrating that tail-focused
aggregation optimally balances sensitivity to high-risk spans
with statistical stability through multi-token averaging.

TABLE III
ABLATION: COMPONENT CONTRIBUTIONS TO LCIC (AUC).

Components TriviaQA ChSimpleQA
Conf. Focus Contrast AUC A AUC A
v 75.60 —11.49 78.00 —9.98
v 69.31 —17.78 72.05 —1593
v 7412 —12.97 80.31 —7.67
v v 81.26 —5.83 7876 —9.22
v v v 87.09 - 87.98 -

A change vs. full LCIC; v': component included.

TABLE IV
ABLATION: AGGREGATION STRATEGY COMPARISON (AUC).

Aggregation TriviaQA ChSimpleQA
AUC A AUC A
Global Mean 76.55 —10.54 76.19 —11.79
Sliding Window  78.63 —8.46 81.26 —6.72
Local Maximum  82.08 —5.01 84.71 —3.27
CVaR (ours) 87.09 - 87.98 -

A: change vs. CVaR.

2) Mitigation Framework and Reward Signal: Table V
decomposes the contribution of training objectives. BoN-only
SFT improves TriviaQA accuracy from 38.48% to 42.06%
by fitting the highest-Spcic sample, but has limited ex-
ploration. GRPO-only reaches 46.71% by leveraging group-
relative comparisons to discover better trajectories, but is
sensitive to sampling variance. The joint objective achieves
49.93%, demonstrating that GRPO-driven exploration benefits
from BoN anchoring as a stabilizing regularizer.

Table VI validates whether Sy ¢ specifically provides supe-
rior training signal compared to generic unsupervised rewards.
Probability-based rewards (Perplexity: 36.92%) perform worst,
as optimizing for low uncertainty risks encouraging overconfi-
dent but incorrect outputs. Sample-consistency rewards (Self-
CheckBERTScore: 45.28%) improve over probability signals
but remain vulnerable to consistent hallucinations where mul-
tiple samples converge to the same erroneous answer. Against

the strongest white-box baseline LLM-Check (45.63%), LCIC
achieves a +4.30% accuracy gain (49.93%). This confirms
that combining inter-layer divergence with internal consistency
provides finer-grained supervision than coarse hidden-state
statistics, validating the unified design of using Sy cic for both
detection and training-time alignment.

TABLE V
ABLATION: TRAINING STRATEGY FOR MITIGATION (ACC.%).

Method GRPO BoN  TriviaQA ChSimpleQA
loss loss Acec. A Acc. A
Baseline (no training) 38.48 —11.45 18.80 —10.50
SFT (best sample) v 4206 —-7.87 2397 —533
RL only (no BoN) v 46.71 —3.22 2516 —4.14
Full (joint) v v 49.93 - 29.30 -

V. term included; A: vs. full method.

TABLE VI
ABLATION: REWARD SIGNAL FOR MITIGATION (ACC.%).

Reward Signal Srec. TriviaQA ChSimpleQA
Ace. A Acc. A
Perplexity Prob. 3692 —13.01 20.08 —9.22
Energy Score Prob. 35.13 —14.80 1631 —12.99
LN-Entropy Prob. 40.51 —-9.42 2259 —6.71
LexicalSim Cons. 43.76 —6.17 2685 —2.45
SelfCheckBERTScore Cons. 4528 —4.65 24.17 —5.13
LLM-Check (Attention) Int. 4137 —856 23.82 —5.48
LLM-Check (Hidden) Int. 4563 —430 2563 —3.67
LCIC (Ours) Int.  49.93 - 29.30 -

Src.: Prob.=probability, Cons.=consistency, Int.=internal states. A: vs. LCIC.

V. CONCLUSIONS

We propose LCIC, a unified tail-pooled internal-signal
method for LLM hallucination governance that supports both
online detection and training-time mitigation. By combin-
ing CVaR-style low-tail-pooled internal consistency (token
confidence and attention focus) with high-tail layer-contrast
divergence (mid—final JS divergence), LCIC derives a single
forward-pass risk score Spcyc that captures localized halluci-
nation risk without external tools or repeated sampling, and
reuses it as a GRPO+BoN reward for training-time alignment.
Extensive experiments across four QA datasets and two open
LLM families demonstrate strong unsupervised detection ca-
pability and consistent mitigation gains over decoding-time
and self-refinement baselines, with ablations validating each
component and the superiority of CVaR tail pooling. A current
limitation is the reliance on white-box access and future work
will explore surrogate strategies to extend LCIC to black-box
settings.
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