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Abstract

Diffusion language models (DLMs) expose their denoising trajectories, of-
fering a natural handle for inference-time control; accordingly, an ideal
hallucination mitigation framework should intervene during generation
using this model-native signal rather than relying on an externally trained
hallucination classifier. Toward this, we formulate commitment uncertainty
localization: given a denoising trajectory, identify token positions whose
cross-chain entropy exceeds an unsupervised threshold before factually un-
reliable commitments propagate into self-consistent but incorrect outputs.
We introduce a suite of trajectory-level assessments, including a cross-chain
divergence-at-hallucination (CDH) metric, for principled comparison of
localization methods. We also introduce OSCAR, a training-free inference-
time framework operationalizing this formulation. OSCAR runs N parallel
denoising chains with randomized reveal orders, computes cross-chain
Shannon entropy to detect high-uncertainty positions, and then performs
targeted remasking conditioned on retrieved evidence. Ablations confirm
that localization and correction contribute complementary gains, robust
across N € {4,8,16}. On TriviaQA, HotpotQA, RAGTruth, and Common-
senseQA using LLaDA-8B and Dream-7B, OSCAR enhances generation
quality by significantly reducing hallucinated content and improving fac-
tual accuracy through uncertainty-guided remasking, which also facilitates
more effective integration of retrieved evidence. Under a unified LLM-as-
Judge protocol, its native entropy-based uncertainty signal matches that of
the strongest specialized trained detectors, without requiring any super-
vision or labeled data, while additionally providing a targeted correction
stage that no detector baseline offers thus highlighting an inherent capacity
of diffusion language models to identify factual uncertainty that is not
present in the sequential token commitment structure of autoregressive

models. We release the codebase! to support future research on localization
and uncertainty-aware generation in DLMs.

1 Introduction

The Transformer architecture (Vaswani et al., 2017) revolutionized sequence modeling by
replacing recurrence with self-attention, leading to autoregressive (AR) decoding for token
generation. This enables hallucination detection tools like perplexity thresholding and
retrieval-augmented verification (Quevedo et al., 2025; Malinin & Gales, 2021; Lewis et al.,
2020; Tonmoy et al., 2024). Diffusion language models (DLMs) generate text through iterative
demasking from masked sequences (Nie et al., 2025; Ye et al., 2025). Unlike autoregressive
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Figure 1: Schematic overview of the OSCAR pipeline: detection of commitment uncertainty
in the denoising steps, followed by targeted entropy-guided remasking.

LLMs, DLMs maintain a trajectory (Li et al., 2025) of intermediate states encoding uncer-
tainty, impacting question answering where early errors cause hallucination crystallization
(Lu et al., 2025). Hallucination detection and DLM denoising dynamics developed largely
in parallel: detection literature trains classifiers to recognize hallucinations post-generation,
while DLM literature characterizes trajectory-level phenomena without exploiting them for
correction. Yet DLM denoising’s order-dependence of token commitment directly yields the
uncertainty signal that detection classifiers approximate (Bloem-Reddy & Teh, 2020; Chytas
et al., 2024); OSCAR bridges this gap by transforming a diagnostic signal into a correction
mechanism.

Prior work on hallucination detection includes output-based methods(Kuhn et al., 2023; Lin
et al., 2023; Ren et al., 2022; Malinin & Gales, 2021) analyzing final output, latent-based
methods(Burns et al., 2022; Park et al., 2025; Azaria & Mitchell, 2023; Chen et al., 2024)
probing internal representations, and frajectory-based methods TraceDet(Chang et al., 2025),
DynHD(Qian et al., 2026) exploiting multi-step dynamics. Trajectory-based methods achieve
strongest results but require trained classifiers that may not transfer across domains. These
methods only flag hallucinations without correction. This is due to AR-based tools” in-
compatibility with bidirectional denoising, lack of ground-truth signals, and underutilized
trajectory data.(Niu et al., 2024; Min et al., 2023; Tonmoy et al., 2024).

We argue that rather than training classifiers to recognize hallucinations after generation,
we should exploit the native uncertainty signal from DLMs. Our key observation is:

If multiple denoising chains, each following a different randomized reveal order,
disagree on a token position, that position is factually uncertain; regardless of how
confident any single chain appears.

This leads to commitment uncertainty localization (§3): given parallel denoising trajectories,
identify token positions where cross-chain Shannon entropy exceeds an unsupervised
threshold, before premature commitments lead to incorrect outputs; an adaptive remasking
and re-denoising phase then selectively re-generates the uncertain spans. We implement
these in OSCAR (Orchestrated Selective Correction via Adaptive Remasking), a training-
free inference-time framework that runs N parallel denoising chains with randomized
reveal orders, computes cross-chain entropy to localize uncertainties, and performs targeted
remasking with retrieved evidence at modest runtime cost. The principle that disagreement
among diverse generations reveals uncertainty is shared with self-consistency, semantic
entropy, and SelfCheckGPT (Wang et al., 2023; Kuhn et al., 2023; Manakul et al., 2023),
and we do not claim it as novel; our specific contribution is the combination of randomized
reveal orders with cross-chain entropy localization, post-hoc span-level remasking, and targeted
retrieval conditioning into a training-free detection-and-correction pipeline exploiting the
commitment-order structure of masked diffusion, to our knowledge, the first such inference-
time pipeline for DLMs.

Our contributions: (a) We identify and demonstrate a native uncertainty signal in DLMs:
cross-chain Shannon entropy computed across parallel denoising trajectories with random-
ized reveal orders. Under a unified LLM-as-Judge protocol, this training-free signal matches



Published as a conference paper at COLM 2026

the strongest trained trajectory detectors (statistically tied with DynHD on both models)
without any external supervision, an uncertainty measure structurally absent in autore-
gressive models. (b) We formalize commitment uncertainty localization and introduce the
cross-chain divergence-at-hallucination (CDH) metric, which identifies factually unreliable
token positions within denoising trajectories, substantially outperforming both trained and
confidence-based localizers. (c) We propose OSCAR, the first inference-time hallucination
mitigation framework for DLMs, which corrects hallucinations via targeted re-masking and
re-denoising of uncertain spans, yielding significant gains in generation quality and factual
accuracy across benchmarks at modest computational overhead. (d) We provide a mechanis-
tic analysis of hallucination crystallization timing during denoising, revealing task-dependent
patterns that support early-exit detection and adaptive, task-specific intervention.

2 Related Work

Hallucination detection in autoregressive (AR) language models has developed through
three main approaches. Uncertainty-based methods estimate confidence by examining
output token distributions (Malinin & Gales, 2021; Ren et al., 2022). Semantic entropy
methods group equivalent outputs before calculating entropy to capture meaning-level
uncertainty (Kuhn et al., 2023; Quevedo et al., 2025). Probe-based methods train lightweight
classifiers on internal model activations to identify hallucinations (Azaria & Mitchell, 2023;
Burns et al., 2022). SelfCheckGPT evaluates agreement across multiple generations but
lacks a correction mechanism (Manakul et al., 2023), and ROUGE-based evaluation has
been shown inferior to LLM-as-Judge protocols (Janiak et al., 2025). None of these methods
address the parallel bidirectional denoising architecture of DLMs, necessitating DLM-
specific approaches.

Hallucination detection in diffusion language models (DLMs) has recently gained at-
tention as a promising area of research. Methods such as TraceDet model the denoising
process as an action trace and identify the most informative sub-traces using the Information
Bottleneck principle, resulting in a 15.2% average AUROC improvement over output-based
baselines. DynHD tackles the issue of information density imbalance across token po-
sitions by constructing semantic-aware evidence and introducing a reference evidence
generator that learns the expected uncertainty evolution, detecting hallucinations by mea-
suring deviations from this reference. EigenScore (Shoushtari et al., 2025) leverages the
eigenvalue spectrum of the posterior covariance induced by the diffusion model as an
out-of-distribution (OOD) detection signal. While these approaches effectively use the
denoising trajectory as diagnostic input for classification, none modifies or controls the
denoising process itself: the trajectory remains a passive signal rather than an active means
for correction.

Remasking at inference time in DLMs. Revising already-committed tokens is an estab-
lished inference paradigm. Mask-Predict (Ghazvininejad et al., 2019) iteratively remasks
the lowest-confidence tokens in non-autoregressive translation, and Token-Critic (Lezama
et al., 2022) trains a critic that revokes and resamples committed tokens in masked image
generation. For masked DLMs specifically, ReMDM (Wang et al., 2025) introduces a training-
free sampler with a confidence-based remasking variant demonstrated on LLaDA-8B, and
RemeDi (Huang et al., 2026) trains a per-token confidence head for self-reflective remask-
ing. All of these methods localize revision targets via single-trajectory confidence, whether
native or learned. OSCAR differs in the localization criterion: cross-chain entropy under
reveal-order diversification. Because an early incorrect commitment acts as a contextual
attractor (§3.1), within-chain confidence is unreliable precisely at hallucinated positions: our
confidence-based baseline (ReMDM-conf, §5.3) localizes barely above random (CDH(20%)
27.6 vs. 67.3 for cross-chain entropy) and trails OSCAR on every mitigation metric (Table 5).

Existing approaches can be viewed as restricted instantiations of a general principle: dis-
agreement among diverse generations reveals factual uncertainty. We do not claim this principle
as novel. Independent resampling (SelfCheckGPT (Manakul et al., 2023)) measures total
output variance but conflates sampling noise with factual uncertainty because each resam-
ple traverses the full generation process independently. Trajectory classifiers (TraceDet,
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DynHD) learn to recognize hallucination-correlated patterns in the denoising trace but
require labeled data and provide no correction affordance. Cross-chain entropy under
reveal-order diversification holds the model and sampling distribution fixed and varies only
the token-commitment order, isolating the commitment-order component of disagreement
directly, the precise structural source of DLM hallucination, without training; the compute-
matched ablation in §6.2 quantifies this isolation empirically. OSCAR operationalizes this
signal end-to-end: unlike TraceDet, DynHD, and EigenScore, which use the trajectory only
for classification, it transforms the denoising trajectory from a passive diagnostic input into
an active control mechanism, the first training-free, inference-time framework using the
diffusion model’s own uncertainty for both detection and targeted correction.

3 OsScCAR: Commitment Uncertainty Localization and Correction

We present OSCAR in four parts mirroring our contributions: the structural failure mode
and its measurable, model-native uncertainty signal (§3.1; a); the localization formulation
and CDH metric (§3.2; b); the detection-and-correction pipeline (§3.3; c); and the signal’s
temporal structure via crystallization dynamics (§3.4; d).

3.1 A Native Uncertainty Signal in Diffusion Language Models

A DLM generates response y = (i1, ...,yL) to query q through T denoising steps. At =0

all positions are masked; at each step the model predicts pg(y; | y*~,q) and reveals a
subset according to a reveal order 7t. The resulting states form a denoising trajectory T =

(y(o), .. .,y(T)). Standard inference uses a confidence-based order; LLaDA-8B (Nie et al.,
2025) uses T=128 steps, Dream-7B (Ye et al., 2025) uses T=64.

Once revealed, a token is committed: all subsequent steps condition on it irreversibly. A
factually incorrect early commitment acts as a contextual attractor, biasing neighbors toward
internally consistent but wrong predictions via bidirectional attention (Chang et al., 2025;
Qian et al., 2026). We call this premature commitment hallucination. Unlike autoregressive
hallucination, confined to the generation frontier, a single early error propagates through all
remaining denoising steps.

The key insight is that such hallucinations are order-dependent: a different reveal order 7’ # 7
may commit a different token first, potentially yielding a correct output—so running N
parallel chains with independently randomized reveal orders exposes this latent uncertainty
without external supervision.

(T,n)
i

Definition 1 (Cross-Chain Entropy). Let y denote the final token at position i from chain n.

The empirical distribution is p;(v) = & vy ll[y(T’m

; = v]. The cross-chain entropy at position
iis:
H.; = =) pi(v) log pi(v) 1)

veY

Positions with H, ;=0 are commitment-stable: every chain agrees regardless of reveal order.
Positions with high H, ; are commitment-uncertain: the output depends on the arbitrary
ordering rather than on factual knowledge. This signal is model-native, from the DLM’s
denoising dynamics without a trained classifier or labeled data, and structurally specific to
DLMs; autoregressive generation needs full resamples, while DLMs use parallel chains
to isolate effects. With token vocabulary |V| over 32,000, the mean distinct tokens per
position across N=8 chains is 2.7 (median 1, max 8), ensuring reliable entropy estimation.
Cross-chain entropy, as a standalone detection signal, matches trained trajectory classifiers
while requiring no supervision, capturing factual uncertainty directly (§5.1).
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Figure 2: OSCAR overview. Phase 1: N parallel denoising chains with randomized reveal
orders generate diverse trajectories. Cross-chain entropy Hy identifies high-uncertainty
positions (red). Phase 2: targeted remasking, conditioned on retrieved evidence, corrects
hallucinated spans at 1.3x overhead.

3.2 Localization Formulation and CDH Metric

Definition 2 (Commitment Uncertainty Localization). Given query q and N trajectories
{7 N identify:
u = {i tHyi> Ql—a(HX,l:L)} (2)

where Q1 is the (1—a)-quantile of the entropy distribution (default localization aggressiveness
threshold (a)=0.2, flagging the top 20% most uncertain positions).

This formulation is training-free (Q;_, is computed from the current sample, no labeled
data), model-native (the signal originates entirely from the DLM’s denoising process),
and pre-correction (uncertainty is measured before any modification, avoiding post-hoc
circularity).

To evaluate localization quality at the token level, we introduce the cross-chain divergence-at-
hallucination rate:
| {i € Uy : i is hallucinated} |
CDH(k) = 3
(k) | {i : iis hallucinated} | ®

where Uy, contains positions with the top-k% highest H, ;. CDH(k) measures the fraction
of truly hallucinated positions captured by the top-k% most uncertain positions (random
baseline: k/100). Because OSCAR’s correction acts on localized spans, CDH directly mea-
sures the signal driving mitigation performance. We show in §5.3 that cross-chain entropy
concentrates hallucinated positions in the high-uncertainty tail far more effectively than
random selection, single-chain confidence remasking, and the strongest trained alternative,
confirming that unsupervised localization from the model’s own trajectories is sufficient for
targeted correction.

3.3 The OSCAR Pipeline

OSCAR implements a general program for commitment uncertainty localization in DLMs:
(1) diversify reveal orders to expose latent factual uncertainty; (2) compute a position-level
disagreement statistic from trajectories; (3) threshold to localize uncertain spans; (4) correct
via targeted re-denoising conditioned on context or evidence. Alternative disagreement
statistics (token-level KL divergence, embedding-space distance, optimal-transport-based
discrepancies that compare distributions across multiple decoding paths (Mehta et al., 2023))
and stronger correction stages are possible; we present the choices yielding the strongest
empirical results, and operationalize the program in three stages (Figure 2).

Stage 1: Diversified parallel decoding. OSCAR samples N reveal orders uniformly at
random and runs N chains in parallel, sharing model weights 6. This use of batched parallel
stochastic evaluations is conceptually related to scalable Monte Carlo inference, where
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computational reparameterizations have been used to make large numbers of samples prac-
tical in Bayesian deep neural networks (Nazarovs et al., 2021). Standard confidence-based
decoding always commits the most confident predictions first, suppressing observable un-
certainty via contextual attractors (§3.1). Randomized orders break this coupling, ensuring
no position receives systematic priority. All chains are batched into a single forward pass
per step, yielding ~1.2x wall-clock overhead.

Stage 2: Localization and span aggregation. OSCAR computes H, ; (Eq. 1) at each position
and applies the percentile threshold (Eq. 2) to obtain the uncertain set ¢/. Consecutive
positions are grouped into spans, each extended by w=2 tokens on either side; spans shorter
than ¢, =3 tokens are discarded (ablated in Appendix B.2). The base response y* is the
chain whose tokens best match the cross-chain consensus:

L
n* = arg max Zﬁi(yla’n)) 4)
i=1

Stage 3: Targeted remasking and correction. For each spans = (a,...,b) € S, Os-
CARremasks positions a through b in y* and runs T, denoising steps with all surrounding
tokens frozen:

§s = argmax p9<yu:b ’ yis, [es; q]) via T, denoising steps )
Ya:b

where e; is optional retrieved evidence. This exploits the DLM’s native ability to fill masked
regions given surrounding context, an affordance unavailable in autoregressive models.

The first refinement step uses the learned confidence-based order, anchoring the correction
to prevent a new attractor; the remaining T, —1 steps use random orders so the span settles
without reproducing the original error. When a retrieval corpus is available, the uncertain
span text (not the full input) serves as the query, focusing evidence on the claim under
correction; we use Contriever (Chen et al., 2026) over a 2021 Wikipedia snapshot (top-1
passage, 256 tokens).

Overhead and hyperparameters. The correction stage remasks ~18.7% of tokens on
average. With T,=8 steps and batched inference, correction adds ~0.1x; combined with
diversification (~1.2 ), total overhead is ~1.3x. Defaults: N=8 chains, a=0.2, T,=8, w=2,
lmin=3, 1-Learned + (T,—1)-Random schedule. Each is validated by ablations in later
sections.

3.4 Crystallization: When Do Hallucinations Form?

The cross-chain entropy signal is not only diagnostic of where hallucinations occur but also
when they form during denoising. We define the entropy gap at step t as the difference in
mean cross-chain entropy between hallucinated and grounded positions:

AH(t) = E[Hy | hallucinated, t] — E[Hx | grounded, | (6)

We find AH(t)’s temporal profile is task-dependent. In factual QA the gap peaks early and
persists—an early incorrect commitment dominates via bidirectional attention—while in
summarization it grows mid-denoising, as compositional errors across spans require more
steps to surface as cross-chain disagreement. Token-level ground truth uses RAGTruth’s
span annotations; for TriviaQA, we align the final gold answer against each intermediate
state via exact match. This pattern supports OSCAR: diverse reveal orders are most informa-
tive when commitment-order effects are strongest, and it suggests early-exit detection to
reduce overhead (§6.4).

4 Experimental Setup

Models and datasets. We evaluate on LLaDA-8B-Instruct (Nie et al., 2025) (T'=128 steps)
and Dream-7B-Instruct (Ye et al., 2025) (T=64). Benchmarks: TriviaQA (Joshi et al., 2017)
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Family Method LLaDA-8B Dream-7B
Output Perplexity 55.1 61.5
Output LN-Entropy 60.8 58.0
Output Semantic Entropy 65.4 62.8
Output Lexical Similarity 54.9 66.5
Latent EigenScore 63.1 69.8
Latent CCS 68.6 54.1
Latent TSV 70.4 65.2
Sampling  SelfCheckGPT-DLM 57.7 63.5
Trajectory  TraceDet! 72.0 80.8
Trajectory DynHD? 84.2 84.3
Ours OSCAR (detection-only, training-free) 82.7 82.0

* = requires a classifier trained on hallucination labels.

Table 1: Unified-protocol detection AUROC (%). All methods scored under one method-blind
GPT-40 judge prompt, averaged over TriviaQA, HotpotQA, and CommonsenseQA at both step counts.
OSCAR here is the raw cross-chain entropy signal with no correction applied. Best bolded, second
underlined; significance tests in §5.1, per-dataset numbers in Appendix C.1.

(500), HotpotQA (Yang et al., 2018) (500), CommonsenseQA (Talmor et al., 2019) (500;
negative control—multiple-choice format yields Hy ~0), and RAGTruth (Niu et al., 2024)
(500; token-level span annotations).

Baselines. Eleven baselines across four families: output-based (Perplexity, LN-Entropy,
Semantic Entropy(Kuhn et al., 2023; Quevedo et al., 2025), Lexical Similarity(Manakul et al.,
2023)), latent-based (EigenScore(Shoushtari et al., 2025), CCS(Burns et al., 2022), TSV(Chang
et al., 2025)), sampling-based (SelfCheckGPT-DLM: cross-generation disagreement over
N=8 independently sampled diffusion generations without reveal-order diversification),
and trajectory-based (TraceDet(Chang et al., 2025), DynHD(Qian et al., 2026)), plus token-
level majority vote across N=8 chains. For mitigation and localization we additionally
implement ReMDM-conf, a post-hoc confidence-based remasking baseline capturing the
core mechanism of the inference-time remasking literature (Ghazvininejad et al., 2019;
Lezama et al., 2022; Wang et al., 2025; Huang et al., 2026): tokens are selected via single-
chain per-token confidence, then re-denoised under conditions matched to OSCAR exactly
(18.7% budget, w=2, {in=3, T,=8).

Unified evaluation protocol. All methods, including the trained detectors TraceDet and
DynHD are scored under a single method-blind GPT-40 (Achiam et al., 2023) LLM-as-Judge
prompt (Appendix E), with exact match (EM) as a transparent lexical lower bound; judge
reliability is validated via label binarization, a second judge, and a human-labeled subset
(85.1, Appendix D.1). We report AUROC, F1 before/after correction, CDH(k), and RAGTruth
span reduction, as mean =+ std over three seeds. Defaults: N=8, =0.2, T,=8; batched on
4xH?200 80GB; retrieval via Contriever(Chen et al., 2026) over Wikipedia.

5 Discussion

5.1 Hallucination Detection: Matching Trained Detectors Without Supervision

Table 1 presents the headline detection comparison under the unified judge protocol. As a
pure detector, cross-chain entropy only, no correction applied OSCAR attains 82.7 AUROC
on LLaDA-8B and 82.0 on Dream-7B: statistically tied with DynHD (the strongest trained
detector), above TraceDet on LLaDA-8B by +10.7, and above every output-, latent-, and
sampling-based baseline by 12-28 points, with no hallucination-specific training, labeled data,
or learned reference model. We make no claim of surpassing trained detectors at detection;
the contribution is matched detection without supervision, plus a correction stage that no detector
baseline provides (§5.2). EM evaluation, a transparent lexical lower bound, yields 76.4/81.8;
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over 3 seeds; full metrics in Appendix B.4.

the trained detectors” EM-label advantage disappears under semantic evaluation. After
correction, judge-relabeled full-pipeline AUROC rises to 86.5/85.7 (Appendix C.1, Table 15);
we report this separately from Table 1 since it reflects post-correction outputs, and a detector-
to-pipeline comparison would conflate the two contributions.

Judge reliability. Conclusions are robust to the evaluation instrument: a second, architec-
turally distinct judge (Claude Opus 4.1) preserves method ordering (judge<+judge x=0.74),
and on a human-labeled subset (N=200) GPT-40 tracks human semantic judgment more
closely than exact match does (k=0.76 vs. 0.61), with OSCAR<+>DynHD remaining a statis-
tical tie under human labels (A=+0.4, n.s.)—so OSCAR’s standing is not an artifact of the
judge (full protocol and binarization checks in Appendix D.1).

5.2 Generation Quality and Span Correction

Figure 3 shows F1 before and after correction: OSCAR improves QA macro-average F1
by +6.1pp on LLaDA-8B and +8.3 pp across both models, largest on TriviaQA (+10.7),
with Dream-7B showing similar gains. On CommonsenseQA, AF1 = 0.0: chains agree on
single-token answers (Hyx~0) so OSCAR doesn’t intervene, and its strong sample-level
AUROC there shows these confident outputs are factual; the signals are complementary,
not contradictory. Figure 4 shows correction extends beyond short-form QA: hallucinated
spans drop 38—44% across RAGTruth subsets with positive AFS, and uncertainty-targeted
retrieval adds +3.4 F1 (Appendix A.1). Three analyses confirm the corrections are genuine,
not evaluation artifacts: (i) held-out perplexity is statistically unchanged after correction
(p=>0.18) with fluency grades moving <1 point—coherent rewrites, not disfluent swaps that
game the judge (Appendix B.5); (ii) on an ambiguous/multi-answer stress set (N=150),
OSCAR over-writes a valid alternative in only 5.8% of cases, no higher than its 6.2% general
degradation rate (Appendix B.7); (iii) among residual failures, failed remasking accounts
for only 6-18%, with knowledge gaps and missed localization dominating the localize-and-
remask mechanism itself is sound (Appendix B.8).

5.3 Localization Quality: CDH Analysis

Appendix A.2 reports CDH(k) curves. At k=20% (i.e., examining only the top 20% most
uncertain positions), OSCAR’s cross-chain entropy captures 67.3% of all hallucinated po-
sitions on LLaDA-8B—more than 3x the random baseline (20%), 1.4x the best trained
detector (TraceDet, 47.8%), and 2.4 single-chain confidence remasking (ReMDM-conf,
27.6%). Single-chain confidence localizing barely above random empirically demonstrates
the contextual-attractor effect of §3.1: an early wrong commitment biases neighbors to
be confidently wrong, so the error cannot be surfaced from within one trajectory, the gap
reveal-order diversification closes. On mitigation under matched conditions, ReMDM-conf
likewise trails OSCAR on every metric (Triv+Hot F1 55.5 vs. 60.8; span reduction 23.4% vs.
41.1%; AFS +0.034 vs. +0.072; Table 5, Appendix A.2): cross-chain entropy is a distinct
signal class, not reducible to confidence-based remasking.
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5.4 Pareto Analysis: Performance vs. Efficiency

Figure 5 (left) presents the Pareto frontier. The full OSCAR pipeline achieves the highest
post-correction AUROC at 1.3 x wall-clock overhead, establishing a Pareto-optimal point
for the combined detection-plus-mitigation setting; as a detector alone, OSCAR is tied with
DynHD (Table 1) while requiring no training. The key insight: even with N=8 parallel
chains, batched inference keeps the overhead manageable, while the detection + correction
synergy produces gains that neither component achieves alone.

6 Ablation and Analysis

We decompose OSCAR’s gains to identify which components are load-bearing, how sensi-
tive the method is to its control parameters, and why cross-chain entropy is an effective
uncertainty signal.

6.1 Localization and Correction are Complementary

Table 2 shows that localization alone does not affect F1 performance, while random span
corrections slightly reduce results. The complete OSCAR pipeline integrates localization
with targeted correction, achieving a 6.1-point F1 improvement and 86.5 post-correction
AUROC, outperforming untargeted correction (+2.5 F1) and token-level majority voting
(+2.2 F1). The default demasking schedule (1L+7R) likewise outperforms every alternative
ordering scheme across all metrics (Table 14, Appendix B.10): localization and targeted
correction are synergistic.

6.2 Compute-Matched Isolation of the Reveal-Order Mechanism

Does OSCAR’s signal derive from reveal-order trajectory construction, or simply from more
forward passes? Holding total compute fixed (64 forward passes, LLaDA-8B) and varying

Configuration F1(%) AUROC AF1
Unguided decoding 62.9 — —

Best-of-N selection (no correction) 62.9 82.7 +0.0
Correction only (random spans) 62.8 — -0.1
Majority vote — token 65.1 — +2.2
Localization + untargeted correction =~ 65.4 83.1 +2.5
OSCAR (loc. + targeted) 69.0 86.5" +6.1

Table 2: Complementarity ablation (LLaDA-8B, QA macro-avg). FFull pipeline under LLM-as-Judge
(post-correction); detection-only AUROC = 82.7 (raw entropy signal), EM = 76.4.
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only chain construction and disagreement statistic (Table 17, Appendix C.2), reveal-order
diversification alone accounts for +19.1 AUROC / +3.8 F1 (rows 1—2) the dominant factor
and switching the statistic from confidence to cross-chain entropy adds a further +5.9 /
+2.1 (rows 2—3); independent sampling without reveal-order is weakest (57.7, matching
SelfCheckGPT-DLM, Appendix C.2). This isolates reveal-order trajectory construction—not
forward-pass budget—as the signal’s source.

6.3 Sensitivity Analysis

Figure 6 shows the effect of chains N on LLaDA-8B (QA macro-avg): F1 gain and AUROC
rise to a peak at N = 8 and plateau at N = 16-32, making N = 8 the quality/cost knee. For
demasking order, the hybrid schedule (one learned step, then (T, — 1) random) beats all-
learned (61.8 F1, below the 62.9 baseline), all-random (64.6), and entropy-ordered (63.2): the
learned step anchors the most confident token while random steps add diversity (Table 14).
Corrections show 91-97% precision (Appendix B.1), and « is optimal across [0.15,0.25],
degrading at extremes (Appendix B.2).

6.4 Why Does Cross-Chain Entropy Work?

Cross-chain entropy exploits an architectural asymmetry: in AR decoding, uncertainty at
position i is hidden at i + 1 because only the argmax token propagates, and recovering it
requires resamples that mix sampling variance with factual uncertainty; DLMs maintain
full distributions, so different reveal orders sample different paths and cross-chain entropy
measures the width of this path distribution per position, exactly why an unsupervised
signal from N = 8 chains matches classifiers trained on trajectory features (Table 1). The
hand-audit of flagged disagreements (Appendix B.6) confirms the signal is predominantly
factual (71% factual errors, 21% paraphrase, 8% formatting), with the non-factual minority
left intact by the consensus-anchored correction. Confident-but-wrong cases, where all
chains agree on an incorrect answer (Hyx = 0), represent 9-20% of hallucinated positions
(Appendix B.3).

7 Conclusion

We introduced commitment uncertainty localization, formalized through the CDHmetric,
and OSCAR, a training-free framework that runs N parallel chainswith randomized reveal
orders, localizes unstable positions via cross-chainentropy, and corrects them via targeted
remasking. On LLaDA-8B and Dream-7B,OSCAR improves F1 by +8.3 4= 0.4, reduces
hallucinated spans by41.1%, matches trained detectors under unified judge protocol, and
reaches 86.5 post-correction AUROC at 1.3 x overhead. Structural asymmetry lets DLMs
maintain full distributions throughout denoising, enabling inference-time localization and
correction absent in AR generation.

Future work. The crystallization analysis motivates early-exit detection and lower-cost
correction schedules; extending the localization to continuous or hybrid DLMs would
test the signal’s generality; and adaptive policies like task-dependent «, span selection,
adaptive chain counts (Appendix B.9), may further improve the accuracy—efficiency trade-
off; integration with preference optimization, retrieval, or tool use could broaden OSCAR’s
role further. We release the trajectory divergence toolkit to support such work.

Limitations

Six limitations. (1) OSCAR runs N parallel chains, raising VRAM ~1.67x at N=8; N=4
retains ~80% gain when VRAM-constrained. (2) If the model lacks knowledge, remasking
cannot help: chains hallucinate consistently (9-20% of positions; Appendix B.3). (3) LLM-as-
Judge evaluation is biased despite mitigation; gains remain judge-reported only. (4) Gener-
alization beyond LLaDA-8B and Dream-7B is unguaranteed. (5) span hyperparameters are
empirical. (6) adaptive-N is proposed, not evaluated (Appendix B.9).

10
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A RAGTruth: Span-Level Results

Table 3 provides the full per-subset breakdown behind Figure 4. Span reduction is highest
on Data2Text (43.7%), where structured facts produce clear-cut uncertain positions; the
highest fraction of improved examples is on QA (75.0%), where single-span corrections have
the largest relative impact. Positive AFS across all subsets confirms that corrections improve
factual precision rather than simply deleting content.

Subset N Hall% AUROC AFS  SpanRed.%
QA 788 18.4 0.612 +0.052 38.4
Summary 500 24.2 0.641 +0.073 41.2
Data2Text 500 66.8 0.663 +0.092 43.7
All 1788 33.1 0.639 +0.072 41.1

Table 3: Span-level correction on RAGTruth (LLaDA-8B). AFS: FactScore change (positive = more
precise). Span Red.: reduction in hallucinated span mass.

A1 Retrieval Augmentation

Table 4 isolates the effect of retrieval strategy. OSCAR without retrieval (60.8) already exceeds
naive RAG (53.5) by 7.3 points, the primary gain is from targeted remasking, not retrieved
evidence. Adding targeted span-level retrieval yields a further +3.4 over OSCAR alone,
because evidence is fetched for each uncertain claim rather than the full query.

Configuration F1 (%) A vs.Unguided
Unguided decoding 51.7 —
Naive RAG 53.5 +1.8
OSCAR (no retrieval) 60.8 +9.1
OSCAR + Naive RAG 62.4 +10.7
OSCAR + Targeted RAG ~ 64.2 +12.5

Table 4: Retrieval comparison (LLaDA-8B, TriviaQA + HotpotQA avg F1).

A.2 CDH Localization Curves
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Figure 7: CDH(k) on RAGTruth. At k=20%, OSCAR captures 67.3% of hallucinated positions vs.
47.8% (TraceDet), 27.6% (ReMDM-conf), and 20% (random).

Figure 7 shows that hallucinated positions concentrate in the high-entropy tail: examining
only the top 20% of positions by cross-chain entropy captures two-thirds of all true errors,
making targeted remasking practical without modifying the remaining 80% of tokens. At
k=10%, OSCAR already captures 48.2% (vs. 31.5% TraceDet, 10% random), confirming that
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the unsupervised signal localizes hallucinations more effectively than both trained and
single-chain-confidence alternatives.

Method CDH(20%) Triv+tHotF1 SpanRed.%  AFS
Random baseline 20.0 — — —
ReMDM-conf (single-chain confidence) 27.6 55.5 234 +0.034
TraceDet (trained) 47.8 — — —
OSCAR (cross-chain entropy) 67.3 60.8 41.1 +0.072

Table 5: Localization and mitigation vs. confidence-based remasking (LLaDA-8B). ReMDM-conf
matches OSCAR’s remasking budget (18.7%), span aggregation (w=2, {;,in=3), and refinement steps
(T=8) exactly; only the localization criterion differs. Mitigation numbers exclude retrieval for both
methods.

B Ablation and Robustness Studies

B.1 Correction Precision
Among examples where OSCAR applies a correction, 91.9% are improved on TriviaQA (57

corrected, 5 broken out of 500) and 97.1% on HotpotQA (34 corrected, 1 broken). Common-
senseQA triggers no intervention.

B.2 Sensitivity: «, T;, Span, N-Paths

o % Remasked F1 (%) AUROC

0.05 5% 64.1 83.8
0.10 10% 66.5 85.1
0.15 15% 68.2 86.0
0.20 19% 69.0 86.5
0.25 25% 68.1 86.3
0.30 30% 66.8 85.9
0.40 40% 63.7 84.2

Table 6: Threshold « sensitivity (LLaDA-8B, QA macro-avg).

Setting F1 (%) / AFS Cost
Refinement steps Ty

T,=2 65.4 / +0.041 0.03x
T,=4 67.8 / +0.058 0.06x
T,=8 69.0/ +0.072 0.10x
T,=16 69.2 / +0.074 0.19x
Span aggqregation (w, {iin)

w=0, {=1 65.8 28.4% red.
w=1, (=3 67.4 35.2%
w=2, (=3 69.0 41.1%
w=3, (=3 68.3 45.8%
w=2, (=5 67.9 37.6%
N-paths FactScore (RAGTruth)

N=1 AFS = —0.030 —
N=4 +0.073 —
N=8 -+0.148 —
N=16 +0.048 —

Table 7: Refinement steps T}, span aggregation, and N-paths FactScore (LLaDA-8B). Defaults bolded.

« plateaus across [0.15,0.25]; F1 and AFS plateau at T,=8; span defaults (w=2, {min=3)
achieve peak F1; FactScore peaks at N=8.
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B.3 Confident-but-Wrong Analysis

Dataset Total Hall. CBW  Detectable CBW Rate

TriviaQA 245 38 207 15.5%
HotpotQA 315 63 252 20.0%
RAGTruth 592 53 539 9.0%

Table 8: CBW hallucinations (LLaDA-8B). CBW = H, ;=0 but factually wrong.

80-91% of hallucinated positions expose non-zero cross-chain entropy and are detectable; the
remaining CBW cases represent knowledge gaps requiring retrieval rather than remasking.
The higher HotpotQA rate (20%) reflects two-hop structure: when both bridging facts are
missing, all reveal orders converge; the lower RAGTruth rate (9%) reflects more reveal-
order-dependent compositional errors.

B.4 Extended Generation Metrics

EM F1 R-L BLEU
Dataset Bef. Aft. Bef. Aft. Bef. Aft. Bef. Aft.

LLaDA-8B

TriviaQA 510 614 582 689+03 551 654 332 418
HotpotQA 37.0 436 452 527404 428 501 246 30.1
CommQA 854 854 854 854+00 854 854 721 721

Dream-7B

TriviaQA 420 538 505 612405 483 587 — —
HotpotQA 302 374 388 46.1+06 365 437 — —
CommQA 812 812 812 81.2+00 81.2 812 — —

Table 9: Full generation metrics before/after OSCAR correction (mean = std over 3 seeds).

B.5 Fluency of Corrected Outputs

Targeted remasking rewrites a fixed-length window conditioned on context that was com-
mitted assuming the original content, raising the possibility of boundary discontinuities
that a permissive factuality judge would not penalize. Two design choices target continuity:
span extension (w=2) and the 1-Learned+(T,—1)-Random schedule, whose first learned
step anchors the correction to its committed neighbors (Table 14). Table 10 reports per-
example held-out perplexity and a fluency-only GPT-40 grade in which factual correctness
is deliberately ignored, on the longest-form outputs in the current public DLM ecosystem
(RAGTruth Summary/Data2Text, multi-sentence, avg. 147 tokens).

Subset Held-out PPL orig—corr Paired p % fluent orig—corr
QA (Triv+Hot) 247 — 242 0.18 94 — 93
RAGTruth Summary 29.4 — 29.0 0.27 91 — 90

Table 10: Fluency of corrected outputs (LLaDA-8B). Perplexity is statistically unchanged and the
fluency-only grade moves <1 point while factual scores rise: corrections are coherent rewrites, not
disfluent token swaps that game the factuality judge.

B.6 Disagreement-Type Decomposition
Cross-chain disagreement could in principle arise from valid paraphrases, alternative

answer forms, or unstable tokenization rather than factual uncertainty. We hand-audited
N=250 flagged high-entropy token-level disagreements (150 from TriviaQA-+HotpotQA, 100
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from RAGTruth), each classified into one of three buckets by two independent annotators
(inter-annotator x=0.73).

Subset (N) Factual error ~ Paraphrase / alt-form  Formatting / tokenization
TriviaQA + HotpotQA (150) 72% 21% 7%
RAGTruth (100) 69% 22% 9%
Overall (250) 71% 21% 8%

Table 11: Hand-audit of flagged high-entropy disagreements (LLaDA-8B).

The majority of flagged disagreement (71%) is genuinely factual. The minority lexi-
cal/format component (29%) is largely left intact by correction: the consensus-anchored
base response (Eq. 4) retains the most-agreed chain, and correction precision is 91.9-97.1%
(Appendix B.1), so corrections rarely overwrite a valid paraphrase. Cross-chain entropy
measures commitment uncertainty, not factual error directly; but the dominant source of dis-
agreement in factual QA is factual, and the non-factual component does not systematically
trigger false corrections.

B.7 Ambiguous / Multi-Answer Stress Test

On ambiguous or multi-answer questions, high entropy may reflect legitimate answer diver-
sity rather than hallucination. Three structural guards limit over-correction: (i) OSCAR does
not intervene when chains agree (CommonsenseQA: H, ~0, zero interventions); (ii) the
consensus-anchored base response (Eq. 4) retains the most-agreed valid answer; (iii) the
1-Learned anchor step preserves a confident valid answer during re-denoising. We measure
over-correction directly on a hand-built ambiguous/alias set:

Subset N Valid alt. (before) Over-written Rate
TriviaQA aliases 84 61 3 4.9%
HotpotQA multi-hop 66 42 3 7.1%
Overall 150 103 6 5.8%

Table 12: Over-correction on ambiguous / multi-answer questions (LLaDA-8B). Rate = valid alterna-
tives over-written <+ examples with a correct valid alternative before correction.

OSCAR over-writes a valid alternative in only 5.8% of cases, which is not systematically
higher than the 6.2% general degradation rate (6 broken / 97 intervened across Trivi-
aQA-+HotpotQA, Appendix B.1): OSCAR does not have a specific over-correction problem
on ambiguous questions relative to its general correction behavior.

B.8 Failure-Mode Breakdown

On the full 500-example splits, 61/67/55 examples remain judge-incorrect after the full
pipeline on TriviaQA /HotpotQA /RAGTruth. (This differs from Appendix B.1’s 5/1 broken
examples, which count only cases where OSCAR worsened a previously correct answer
among intervened examples; here we attribute all post-pipeline failures.)

Cause TriviaQA  HotpotQA  RAGTruth
Wrong / missed localization 41% 36% 33%
Failed remasking 10% 6% 18%
Knowledge gap / retrieval 49% 58% 49%

Table 13: Attribution of residual failures after the full pipeline (LLaDA-8B; example-level,
N=61/67/55).
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The correction mechanism itself is rarely at fault (failed remasking 6-18%); residual errors
are dominated by knowledge gaps (— retrieval) and missed localization (— higher recall).
The localize-and-remask mechanism itself is sound.

B.9 Adaptive-N Chain Allocation

Reviewer feedback suggested allocating chains adaptively: easy examples stop after fewer
chains, uncertain examples receive more. Existing results support feasibility—Figure 6
shows a quality /compute knee at N=8 with meaningful signal from N=4, the crystallization
analysis (§3.4) shows the entropy gap peaks early in factual QA, and CommonsenseQA
already demonstrates the principle in the strongest sense (chains agree, zero corrections
applied). We specify an explicit adaptive policy: generate N=4 chains, and escalate to N=8
only when the fraction of positions with Hyx > 0 exceeds a task-agnostic trigger. A full
quantitative evaluation of this policy—stopping criterion, average chain count per task, and
the F1/AUROC vs. fixed-N trade-off—is left to future work.

B.10 Demasking Order for Correction

Order TrivF1 CQF1 HQAF1 RTR-L AUROC AvgFl
All learned 56.8 85.4 43.1 33.8 0.541 61.8
All random 61.2 85.4 47.3 374 0.608 64.6
Hybrid (50/50) 64.8 85.4 49.8 40.1 0.627 66.7
Entropy-ordered 59.4 85.4 44.7 35.2 0.591 63.2
OSCAR (1L+7R) 68.9 85.4 52.7 43.2 0.639 69.0

Table 14: Demasking order ablation (LLaDA-8B). OSCAR default = 1L+7R. The all-learned schedule
falls below the 62.9 unguided baseline because it reproduces the original contextual attractor; the
single learned anchor step plus (T, —1) random steps combines stability with reveal-order diversity.

C Baseline Comparisons

C.1 Per-Dataset Breakdown

Table 15 reports the per-dataset breakdown. For output- and latent-based baselines, values
are AUROC under EM labels re-evaluated on our DLM outputs under the same pipeline;
OsCAR (EM) is the detection signal under EM labels; OSCAR (Judge) rows are the full-pipeline,
post-correction scores under judge labels. The headline detector-to-detector comparison
under the unified judge protocol is Table 1 in the main text.

Table 16 additionally reports the fair-baseline re-evaluation on TriviaQA and HotpotQA
under identical conditions.

All baselines re-evaluated on our DLM outputs under the same pipeline.
C.2 SelfCheckGPT-DLM Comparison

OSCAR'’s detection signal outperforms the best SelfCheckGPT variant by 18.7 AUROC
points at matched N; reveal-order diversification exposes a qualitatively different signal
than independent resampling, consistent with the compute-matched ablation (Table 17).

D Statistical Validation and Judge Reliability

D.1 Judge Reliability and Human Agreement
Second judge. Re-scoring all methods with an architecturally distinct judge (Claude Opus

4.1) shifts method-specific AUROC by —0.3/—0.9/—0.5 with method ordering preserved;
judge<+judge agreement is x=0.74.
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TriviaQA HotpotQA CSQA

Method 128 64 128 64 128 64 Avg
LLaDA-8B-Instruct
. Perplexity 50.4 47.6 493 51.2 65.6 65.0 54.9
2. LN-Entropy 54.6 535 54.8 547 64.6 644 57.8
g Semantic Entropy 68.9 67.3 57.6 53.8 44.1 439 55.9

Lexical Similarity 625 59.0 642 57.1 573 60.7 60.1
+ EigenScore 69.2 669 64.7 59.2 585 60.6 63.2
g CCs 571 542 57.6 55.8 50.5 58.5 55.6
= TSV 60.2 61.1 65.0 594 529 552 59.0

TraceDet' 739 741 66.1 63.7 772 77.1 72.0
% DynHD' 86.7 86.1 842 853 81.6 813 842
& OSCAR (EM) 803 79.8 715 682 79.4 789 76.4

OSCAR full pipeline (Judge) 89.7 88.8 86.7 87.5 83.4 82.8 86.5

Dream-7B-Instruct

= Semantic Entropy 737 725 62.7 677 514 48.6 62.8
& Lexical Similarity 58.3 64.0 59.7 627 773 769 66.5
~ EigenScore 66.0 69.1 62.5 67.0 769 775 69.8
7 CCS 56.9 50.3 51.7 582 542 53.2 54.1
TSV 75.6 747 58.7 63.0 623 56.8 65.2
TraceDet? 78.1 86.7 75.1 760 847 841 80.8
= DynHD?' 873 844 80.1 85.6 83.5 84.6 84.3
Y
& OSCAR (EM) 82.6 83.1 774 79.8 842 83.7 81.8

OsCAR full pipeline (Judge) 89.5 86.3 81.9 87.1 84.3 85.1 85.7

* = requires trained classifier on hallucination labels.

Table 15: Per-dataset AUROC(%) on two DLMs. Best bolded, second underlined. Green = OSCAR

detection signal under EM labels. Blue = OSCAR full pipeline (post-correction) under LLM-as-Judge
labels; this is not a detector-to-detector comparison—see Table 1 for the unified detection-only protocol.

Method TrivQA  HotQA Category
Perplexity 52.1 50.8 Output
LN-Entropy 56.3 53.4 Output
Semantic Entropy 54.7 52.1 Output
Lexical Sim. 61.8 58.7 Output
EigenScore 65.4 61.2 Latent
TSV 58.2 56.8 Latent
OSCAR (EM) 80.3 715 Cross-chain
OSCAR full pipeline (Judge) 89.7 86.7 Cross-chain

Table 16: Fair-baseline AUROC (%) under unified re-evaluation (LLaDA-8B).
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Variant (64 forward passes) AUROC Triv+Hot F1
Independent generations, standard confidence order 57.7 54.9
Reveal-order chains, confidence statistic 76.8 58.7
OSCAR (reveal-order + cross-chain entropy) 82.7 60.8

Table 17: Compute-matched reveal-order ablation (LLaDA-8B); all variants use the same total
forward passes.

Method TrivQA HotQA Avg
SelfCheck (overlap) 59.3 56.1 57.7
SelfCheck (entropy) 54.8 52.4 53.6
OSCAR (EM) 80.3 715 76.4
OSCAR full pipeline (Judge) 89.7 86.7 86.5

Table 18: SelfCheckGPT-DLM vs. OSCAR (LLaDA-8B, N=38).

Label binarization. Dropping the PARTIAL label shifts AUROC by <0.4 points with
ordering preserved.

Human-labeled subset. Two NLP-trained annotators, blind to which outputs were pro-
duced by OSCAR, labeled N=200 examples stratified to oversample EM-vs-judge disagree-
ments (the hardest cases for the judge). Inter-annotator agreement is k=0.71, confirming the
task is well-defined. GPT-404+human agreement is x=0.76, exceeding EM<+human x=0.61:
the judge tracks human semantic judgment more closely than exact match does. Under
human labels, OSCAR«DynHD remains a statistical tie (A=+0.4, n.s.), confirming that the
corrected claim—matched detection without supervision—holds regardless of evaluation
label.

Dataset AUROC 95% CILow High
TriviaQA (full pipeline, Judge) 89.7 86.8 92.3
HotpotQA (full pipeline, Judge) 86.7 83.2 89.9
CommQA (full pipeline, Judge) 83.4 80.1 86.5
Average (detection, EM) 76.4 73.8 79.1

Table 19: Bootstrap 95% CIs (1,000 resamples, LLaDA-8B). Full-pipeline CIs reflect post-correction
outputs; the detector-to-detector comparison under the unified protocol is a statistical tie with DynHD

(85.1).
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E Implementation Details

LLM-as-Judge prompt. Applied uniformly to all methods, including TraceDet and
DynHD, via GPT-4o:

You are evaluating whether an AI-generated answer is factually correct.
The answer does not need to match the reference exactly---it should be
semantically equivalent and contain the key facts. Rate as CORRECT if
the core factual content matches, INCORRECT if it contains factual errors,
PARTIAL if partially correct. Respond with only the label.
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