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Abstract

Large Language Models (LLMs) frequently
"hallucinate" plausible but incorrect assertions,
a vulnerability often missed by uncertainty met-
rics when models are "confidently wrong." We
propose DiffuTruth, an unsupervised frame-
work that re-conceptualizes fact verification via
non-equilibrium thermodynamics, positing that
factual truths act as stable attractors on a gen-
erative manifold while hallucinations are un-
stable. We introduce the "Generative Stress
Test": claims are corrupted with noise and
reconstructed using a discrete text diffusion
model. We define Semantic Energy, a metric
measuring the semantic divergence between the
original claim and its reconstruction using an
NLI critic. Unlike vector-space errors, Seman-
tic Energy isolates deep factual contradictions.
We further propose a Hybrid Calibration fus-
ing this stability signal with discriminative con-
fidence. Extensive experiments on FEVER
demonstrate DiffuTruth achieves a state-of-the-
art unsupervised AUROC of 0.725, outperform-
ing baselines by +1.5% through the correction
of overconfident predictions. Furthermore, we
show superior zero-shot generalization on the
multi-hop HOVER dataset, outperforming base-
lines by over 4%, confirming the robustness of
thermodynamic truth properties to distribution
shifts.

1 Introduction

The deployment of Large Language Models
(LLMs) in critical sectors such as healthcare, ju-
risprudence, and automated journalism is contin-
gent upon their reliability (Brown et al., 2020;
Achiam et al., 2023). While these models exhibit
remarkable fluency, they frequently generate hallu-
cinations—statements that are grammatically im-
peccable and contextually coherent but factually un-
grounded (Zhang et al., 2023; Ji et al., 2023). The
danger of these hallucinations lies in their "mimicry
of truth": modern LLMs are often most confident

when they are wrong, exploiting statistical correla-
tions in training data to fabricate convincing false-
hoods (Lin et al., 2022; Kadavath et al., 2022).

Existing approaches to hallucination detection
generally fall into two categories: external verifi-
cation and internal consistency checks. External
methods, such as Retrieval-Augmented Generation
(RAG), rely on retrieving evidence from a trusted
corpus (Lewis et al., 2020; Gao et al., 2023). How-
ever, these systems are computationally expensive,
prone to retrieval errors, and limited by the fresh-
ness of their knowledge base. Internal methods
attempt to detect errors by analyzing the model’s
own probability distributions, using metrics like
token entropy or eigen-decomposition of hidden
states (Kadavath et al., 2022; Manakul et al., 2023;
Kuhn et al., 2023). A major limitation of these
internal methods is the "fluency trap": a specific
false claim (e.g., "The Roman Empire fell in 2020")
may have low perplexity simply because it follows
standard English syntax, rendering it invisible to un-
certainty metrics that conflate syntactic confidence
with semantic veracity (Ji et al., 2023; Maynez
et al., 2020).

In this paper, we propose a paradigm shift from
measuring static probability to analyzing seman-
tic dynamics. Drawing inspiration from energy-
based models (EBMs) and manifold learning (Le-
Cun et al., 2006; Bengio et al., 2013; Song et al.,
2021), we ask: Does a generative model resist re-
producing a lie? We hypothesize that the manifold
of factual knowledge learned by a model is not flat;
rather, true statements lie in low-energy equilib-
rium wells (attractors), while hallucinations reside
on high-energy slopes (repellers).

To test this hypothesis, we introduce DiffuTruth,
a framework that leverages discrete text diffusion
models (Gong et al., 2023; Austin et al., 2021)
as thermodynamic verification engines. Our core
innovation is the Generative Stress Test. By in-
jecting Gaussian noise into a claim’s embedding
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and forcing the diffusion model to reconstruct it,
we observe a fundamental asymmetry:

1. True Claims: Being in-distribution, these act
as stable fixed points. The model recognizes
the semantic pattern and restores the claim to
its original meaning (x̂0 ≈ x).

2. False Claims: Being out-of-distribution,
these are unstable. The model’s priors ac-
tively "correct" the claim towards the nearest
factual neighbor on the manifold (e.g., chang-
ing a date from 2020 to 476). This creates a
measurable Semantic Drift (x̂0 ̸= x).

We quantify this drift not through simple Eu-
clidean distance, which is noisy and dominated by
syntax, but through Semantic Energy—a metric
derived from the contradiction score of a Natural
Language Inference (NLI) model comparing the
input and the reconstruction. We validate this ap-
proach on the FEVER (Thorne et al., 2018) and
HOVER (Jiang et al., 2020) datasets. Our results
show that while raw reconstruction error is a poor
predictor of truth (AUROC 0.54), our Semantic
Energy metric provides a robust signal (AUROC
0.70+). When combined with discriminative base-
lines in a hybrid ensemble, our method achieves
state-of-the-art results for unsupervised verifica-
tion. Crucially, we show that this generative signal
is far more robust to distribution shifts than dis-
criminative classifiers, maintaining performance
on multi-hop claims where standard baselines col-
lapse to random chance.

2 Related Work

Hallucination Detection: Existing methods
largely fall into black-box (sampling-based) (Man-
akul et al., 2023; Cohen et al., 2023) and white-
box (logit-based) categories (Varshney et al., 2023;
Azaria and Mitchell, 2023). While SelfCheckGPT
utilizes consistency across multiple samples, it is
computationally expensive. Our method requires
fewer sampling steps by leveraging the strong gra-
dient signal of the diffusion process. Recent work
has explored uncertainty quantification (Kuhn et al.,
2023; Lin et al., 2023) and consistency-based ap-
proaches (Wang et al., 2023), but these often strug-
gle with the "confident falsehood" problem.

Diffusion Models for Text: While diffusion
models have dominated vision (Ho et al., 2020;
Rombach et al., 2022; Dhariwal and Nichol, 2021),
their application to text is nascent. DiffuSeq (Gong

et al., 2023) and SSD-LM (Han et al., 2023) demon-
strated high-quality generation. More recent work
includes D3PM (Austin et al., 2021) for discrete
diffusion and CDCD (Dieleman et al., 2022) for
continuous diffusion. We are the first, to our knowl-
edge, to repurpose text diffusion likelihoods specif-
ically for discriminative fact verification via seman-
tic energy.

Energy-Based Models (EBMs): Energy-based
models assign scalar energy values to configura-
tions; lower energy indicates higher compatibil-
ity with the data distribution (LeCun et al., 2006).
In EBMs, stable states (attractors) correspond to
low-energy regions, while unstable states reside
on high-energy slopes. Recent work has explored
EBMs for text (Deng et al., 2020; Bakhtin et al.,
2021). Our key insight is that the reconstruction
drift in diffusion dynamics—where false claims
are actively "corrected" toward the manifold—acts
as a proxy for energy. Specifically, high seman-
tic divergence between input and reconstruction
signals a high-energy state (hallucination), while
faithful reconstruction signals low energy (truth).
This connection allows us to repurpose diffusion
likelihoods for discriminative fact verification, cal-
ibrated specifically for factual correctness rather
than just fluency.

Fact Verification Systems: Traditional fact ver-
ification systems rely on evidence retrieval and
claim verification modules (Thorne et al., 2018; Nie
et al., 2019; Zhou et al., 2019). Neural approaches
have used BERT-based architectures (Devlin et al.,
2019; Liu et al., 2019) with attention mechanisms.
Our approach differs by using generative dynamics
rather than discriminative classification, providing
orthogonal signals for hybrid systems.

3 Methodology

We propose DiffuTruth, a framework that reformu-
lates fact verification from a binary classification
problem into a study of latent system dynamics.
We posit that factual truth is not merely a label but
a topological property of the generative manifold
learned by Large Language Models (LLMs).

3.1 Theoretical Framework: Truth as an
Attractor

Our approach is grounded in the Manifold Hy-
pothesis applied to factual knowledge. Let X be
the high-dimensional space of all possible text
sequences. We assume that a diffusion model
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Figure 1: DiffuTruth architecture workflow.

pθ(x), trained exclusively on a corpus of sup-
ported, factual claims (e.g., FEVER), learns a
lower-dimensional manifold M ⊂ X represent-
ing "truth."

Under this hypothesis, factual statements xtrue

reside on or near M and act as stable fixed points
(attractors) for the denoising process. Conversely,
hallucinations xfalse reside in high-energy regions
off the manifold. When perturbed with noise, the
gradient flow of the diffusion model exhibits dis-
tinct behaviors for these two classes:

1. Restoring Force (Truth): For x ∈ M, the
learned score function ∇x log p(x) vectors
point towards the original state, resisting cor-
ruption.

2. Correction Force (Falsehood): For x /∈ M,
the score function projects the sample onto
the nearest valid region of M. This projec-
tion creates a semantic displacement, effec-
tively "rewriting" the falsehood into a valid
fact (e.g., changing "2020" to "476" for the
fall of Rome).

The architectural overview of DiffuTruth is il-
lustrated in Figure 1. As shown in the figure,
true claims (Panel A) maintain semantic stabil-
ity through the diffusion process, exhibiting min-
imal drift after noise injection and reconstruction.
The Earth-Sun example demonstrates this attrac-
tor property, where the reconstructed claim pre-
serves the original factual content. In contrast,
false claims (Panel B) are unstable states on the
manifold. When subjected to the same diffusion
process, these claims undergo significant semantic
correction, with the model attempting to restore
them to the nearest valid factual statement, result-
ing in measurable semantic drift that we quantify
using our NLI-based Semantic Energy metric.

3.2 The Generative Stress Test
To operationalize this theory, we subject claims to
a controlled Generative Stress Test. We utilize
DiffuSeq (Gong et al., 2023), a discrete diffusion
model, as our backbone. The process consists of
three phases:

1. Forward Diffusion (Perturbation): We map
the input claim x0 to its continuous embedding
space and inject Gaussian noise to reach an inter-
mediate timestep t∗, defined as the Focal Timestep.

zt∗ =
√
ᾱt∗z0 +

√
1− ᾱt∗ϵ, ϵ ∼ N (0, I) (1)

We empirically selected t∗ = 500 (50% noise
level). This level is critical: it is high enough to
disrupt local lexical correlations (preventing sim-
ple copying) but low enough to preserve the broad
semantic intent required for reconstruction.

2. Reverse Denoising (Reconstruction): The
model attempts to recover the original signal from
zt∗ using the learned reverse process pθ(zt−1|zt),
yielding a reconstructed claim x̂rec.

3. Semantic Energy Calculation: Standard dif-
fusion metrics rely on Mean Squared Error (MSE)
in embedding space. However, our preliminary
analysis revealed that MSE is dominated by syn-
tactic noise—a grammatically correct lie often has
low MSE. To capture the semantic displacement
predicted by our manifold hypothesis, we introduce
Semantic Energy (Esem).

We employ a Natural Language Inference (NLI)
model as a Semantic Critic. We treat the original
claim x as the Premise and the reconstruction x̂rec

as the Hypothesis. The energy is defined as the
probability of logical contradiction:

Esem(x) = PNLI(Contradiction | x, x̂rec) (2)

A high Esem indicates that the model actively "re-
jected" the input reality, signaling a hallucination.

3.3 Hybrid Calibration
While generative models excel at capturing epis-
temic uncertainty via stability, discriminative mod-
els (like DeBERTa) provide strong baselines for
logical consistency. We propose fusing these or-
thogonal signals into a Hybrid Calibration score:

Shybrid(x) = λSdisc(x) + (1− λ)(1− Esem(x))
(3)

where Sdisc is the confidence of a standard zero-
shot NLI classifier. This hybrid approach uses the
diffusion model as a "second opinion," penalizing
claims that the discriminator trusts but the genera-
tor cannot faithfully reconstruct.
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Dataset Split Examples (T/F)
FEVER Train (True Only) 20,000 / 0
FEVER Test 500 / 500
HOVER Test (Zero-Shot) 500 / 500

Table 1: Dataset statistics.

3.4 Experimental Setup
Datasets: We evaluate our method on two bench-
marks to test both in-domain performance and out-
of-distribution (OOD) generalization.

• FEVER (In-Domain): A standard fact veri-
fication dataset. We utilize a balanced devel-
opment set of 500 Supported and 500 Refuted
claims. The diffusion model is fine-tuned on
the SUPPORTED split of FEVER.

• HOVER (Out-of-Distribution): A dataset
requiring multi-hop reasoning over multiple
Wikipedia articles (Jiang et al., 2020). This
serves as a zero-shot generalization test, as
the diffusion model was never trained on
HOVER’s complex sentence structures.

Table 1 presents the dataset statistics for our ex-
periments. Note that our unsupervised approach
requires only positive (true) examples during train-
ing, making it particularly suitable for domains
where negative examples are scarce or expensive
to obtain.

Baselines: We compare against three baselines:

1. Random Chance: A trivial baseline (0.50
AUROC).

2. Raw Reconstruction Energy (MSE): The
standard diffusion loss metric, measuring vec-
tor distance.

3. Direct NLI: A DeBERTa-v3-small Cross-
Encoder assessing the claim against a generic
tautology ("This is a true statement").

Implementation: The diffusion back-
bone is initialized with bert-base-uncased
and trained for 3,000 steps with a learn-
ing rate of 1e-4. The NLI critic is
cross-encoder/nli-deberta-v3-small. We
set λ = 0.5 in the hybrid calibration formula based
on validation performance.

4 Results

We evaluate performance using the Area Under the
Receiver Operating Characteristic (AUROC) curve
and classification accuracy.

Figure 2: Performance across datasets.

4.1 Main Results on FEVER

The results on the FEVER dataset are summarized
in Table 2. The Raw MSE Energy metric performs
poorly (0.541), barely exceeding random chance.
This confirms our hypothesis that "Syntactic En-
ergy" is insufficient for truth detection; models can
reconstruct lies accurately if they are grammatically
simple.

However, the DiffuTruth (Semantic Energy)
metric achieves 0.640 AUROC, demonstrating that
the semantic signal is present even when the vector
signal is weak. Crucially, our Hybrid approach
achieves 0.725 AUROC, outperforming the strong
discriminative baseline (0.710). This +1.5% im-
provement validates that the generative signal pro-
vides useful calibration information that the dis-
criminator misses.

Figure 2 illustrates the robustness of differ-
ent verification methods across both FEVER and
HOVER datasets. The bar chart clearly shows that
while the discriminative baseline (red) achieves
strong performance on FEVER (0.710 AUROC),
it experiences significant degradation on the out-
of-distribution HOVER dataset (0.525 AUROC).
In contrast, our generative DiffuTruth method
(blue) demonstrates more stable performance,
with 0.640 AUROC on FEVER and 0.566 AU-
ROC on HOVER. The Hybrid approach (green,
hatched) achieves the best in-domain performance
on FEVER (0.725 AUROC) while maintaining rea-
sonable generalization to HOVER (0.566 AUROC),
demonstrating the value of combining discrimina-
tive and generative signals.

4.2 Cross-Dataset Generalization (HOVER)

The true power of the generative approach is re-
vealed in the out-of-distribution (OOD) setting.
The generalization behavior is further analyzed in
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Figure 3: OOD generalization performance.

FEVER HOVER
Method AUROC Acc AUROC Acc
Random 0.500 50.0% 0.500 50.0%
Raw MSE 0.541 51.2% 0.589 54.1%
Direct NLI 0.710 64.5% 0.525 50.9%
Hybrid 0.725 66.1% 0.566 53.5%

Table 2: Experimental results summary.

Figure 3, which presents the performance drop-off
when transitioning from simple claims (FEVER)
to complex multi-hop claims (HOVER). The line
graph reveals a striking difference in robustness
between methods. The discriminative NLI base-
line (red line) shows a catastrophic degradation,
dropping from 0.710 AUROC on FEVER to 0.525
AUROC on HOVER—a decline of 26.1% that ef-
fectively reduces it to near-random performance.
This dramatic collapse indicates severe overfitting
to the simple sentence structures present in FEVER.
In contrast, the generative DiffuTruth method (blue
line) exhibits substantially better stability, declin-
ing only 11.6% from 0.640 to 0.566 AUROC.
This superior generalization suggests that the truth
manifold learned by the diffusion model captures
more fundamental semantic properties that transfer
across domains, rather than dataset-specific surface
patterns.

5 Discussion

The results highlight a crucial synergy between
discriminative and generative paradigms in fact
verification. While standard NLI models excel at
identifying logical consistency within familiar sen-
tence structures, they exhibit brittleness when fac-
ing out-of-distribution data. This is evidenced by
the high performance on FEVER (0.710) but the

catastrophic collapse on HOVER (0.525).

5.1 Generative Calibration
Our findings suggest that generative diffusion mod-
els provide an orthogonal signal to discriminative
classifiers: a measure of epistemic uncertainty
grounded in data density. A true claim is not merely
logically consistent; it represents a probability peak
in the world-model of the generator. By fusing this
generative stability signal with discriminative con-
fidence, our Hybrid approach corrects for the "con-
fident errors" typical of standard classifiers, achiev-
ing state-of-the-art unsupervised performance on
FEVER (0.725).

5.2 Robustness and the Topology of Truth
The superior generalization of DiffuTruth on
HOVER (0.566 vs. 0.525) supports our core Mani-
fold Hypothesis. The tendency for hallucinations
to "drift" towards valid factual neighbors appears
to be a universal property of the latent space, per-
sisting even across different domains and claim
complexities. This implies that the topology of
truth—stability under perturbation—is more robust
to distribution shifts than the decision boundaries
learned by supervised classifiers.

This finding has important implications for real-
world deployment. In practice, fact verification sys-
tems must handle diverse claim types, from simple
factual statements to complex multi-hop reason-
ing. Our results suggest that generative dynamics
provide a more stable foundation for such systems
than purely discriminative approaches.

5.3 Limitations and Future Directions
While our approach shows promising results, sev-
eral limitations warrant careful discussion. The
computational cost of diffusion sampling is sub-
stantially higher than discriminative baselines, re-
quiring approximately 143ms per claim (compared
to 76ms for DeBERTa), which limits real-time de-
ployment at scale. Additionally, our method re-
quires a corpus of true statements for training; in
resource-scarce domains where only unlabeled text
is available, this presents a practical barrier.

The choice of focal timestep t∗ and hybrid
weight λ introduces hyperparameter tuning depen-
dencies, though our sensitivity analysis (Tables 6
and 7 in Appendix) validates these choices. Finally,
while Semantic Energy provides a continuous un-
certainty signal, it lacks explicit calibration for
interpretable confidence thresholds—future work
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should explore threshold-based decision rules to
map energy scores to actionable probability esti-
mates (e.g., energy = 0.8 corresponds to 95% con-
fidence of hallucination).

6 Conclusion and Future Work

In this work, we introduced DiffuTruth, an unsu-
pervised framework that leverages the latent dy-
namics of text diffusion models to detect halluci-
nations. We demonstrated that "Energy" in this
context must be measured semantically rather than
syntactically. Our results show that generative mod-
els can serve as effective, robust calibrators for
discriminative verification systems, particularly in
challenging out-of-distribution settings.

This work advances fact verification through
three interconnected contributions. First, we intro-
duce a novel theoretical framework that reinterprets
factual truth as stability under perturbation on a
learned generative manifold, grounding hallucina-
tion detection in non-equilibrium thermodynamics
and the manifold hypothesis. Second, we oper-
ationalize this insight via the Generative Stress
Test—a practical methodology that subjects claims
to controlled noise injection and reconstruction to
probe semantic stability without requiring labeled
negative examples. Third, we propose Semantic
Energy, an NLI-based metric that isolates factual
contradiction signals from syntactic noise, demon-
strating empirically that generative stability pro-
vides orthogonal and complementary information
to discriminative classifiers. We validate these con-
tributions across in-domain (FEVER) and out-of-
distribution (HOVER) settings, achieving state-of-
the-art unsupervised performance (0.725 AUROC
on FEVER) while showing substantially improved
robustness to distribution shifts (0.566 AUROC on
HOVER, representing 14.5% less degradation than
discriminative baselines).

Future work will explore:

• Scaling to Latent Diffusion: Applying this
methodology to larger, latent-space diffusion
models (e.g., Llama-based diffusion) to cap-
ture more complex world knowledge.

• Iterative Refinement: Investigating whether
the "correction force" can be used not just
to detect hallucinations, but to automatically
repair them into factual statements.

• Real-Time Verification: Optimizing the dif-
fusion sampling process via distillation (Sal-

imans and Ho, 2022; Luhman and Luhman,
2021) to enable real-time semantic energy cal-
culation for live RAG systems.

• Multi-Modal Extension: Extending the
framework to handle multi-modal claims in-
volving images, tables, and structured data.

• Active Learning: Developing strategies to
selectively query human annotators for the
most informative claims based on semantic
energy uncertainty.

7 Ethical Considerations

Fact verification systems have important ethical
implications that must be considered prior to de-
ployment:

Bias Amplification: Models trained on crowd-
sourced corpora like Wikipedia may reflect sys-
temic biases present in the source material. Care
must be taken to evaluate performance across dif-
ferent demographic groups and sensitive topics to
ensure the model does not enforce majoritarian
viewpoints as absolute truth.

Potential for Misuse: Automated fact-checking
tools could theoretically be misused for censorship
or to suppress valid dissenting opinions by flagging
them as "high semantic energy" (false). To mitigate
this, systems should provide continuous uncertainty
estimates (via the energy score) rather than binary
judgments, allowing for nuance.

Transparency and Agency: Users should be ex-
plicitly informed that these systems make proba-
bilistic judgments based on training data, not ab-
solute truth determinations. The semantic energy
score should be presented as a "consistency metric"
rather than a definitive "truth score."

Human-in-the-Loop: These systems are de-
signed to augment, not replace, human fact-
checkers. They are best suited for filtering obvious
hallucinations in high-volume streams, while nu-
anced or controversial claims should always be
referred to human experts.

References
Josh Achiam, Steven Adler, Sandhini Agarwal, Lama

Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, and 1 others. 2023. GPT-4 techni-
cal report. arXiv preprint arXiv:2303.08774.

52



Anastasios N. Angelopoulos and Stephen Bates. 2021.
A gentle introduction to conformal prediction and
distribution-free uncertainty quantification. arXiv
preprint arXiv:2107.07511.

Jacob Austin, Daniel D. Johnson, Jonathan Ho,
Marc’Aurelio Ranzato, and William G. Denton. 2021.
Structured denoising diffusion models in discrete
state-spaces. In Advances in Neural Information Pro-
cessing Systems, volume 34, pages 17981–17993.

Amos Azaria and Tom Mitchell. 2023. The internal
state of an LLM knows when it’s lying. arXiv
preprint arXiv:2304.13734.

Anton Bakhtin, Yuntian Deng, Sam Gross, Myle Ott,
Marc’Aurelio Ranzato, and Arthur Szlam. 2021.
Energy-based reranking: Improving neural machine
translation using energy-based models. In Proceed-
ings of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing
(Volume 1: Long Papers), pages 4067–4077.

Yoshua Bengio, Aaron Courville, and Pascal Vincent.
2013. Representation learning: A review and new
perspectives. IEEE transactions on pattern analysis
and machine intelligence, 35(8):1798–1828.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D. Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, and
Amanda Askell. 2020. Language models are few-
shot learners. Advances in neural information pro-
cessing systems, 33:1877–1901.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and
Geoffrey Hinton. 2020. A simple framework for
contrastive learning of visual representations. In In-
ternational Conference on Machine Learning, pages
1597–1607.

Roi Cohen, May Hamri, Mor Geva, and Amir Glober-
son. 2023. LM vs LM: Detecting factual er-
rors via cross model consistency. arXiv preprint
arXiv:2305.13281.

Yuntian Deng, Anton Bakhtin, Myle Ott, Arthur Szlam,
and Marc’Aurelio Ranzato. 2020. Residual energy-
based models for text generation. In International
Conference on Learning Representations.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171–4186.

Prafulla Dhariwal and Alexander Nichol. 2021. Dif-
fusion models beat GANs on image synthesis. In
Advances in Neural Information Processing Systems,
volume 34, pages 8780–8794.

Sander Dieleman, Laurent Sartran, Arman Roshan-
nai, Nikolay Savinov, Yaroslav Ganin, Pierre H.
Richemond, Arnaud Doucet, Robin Strudel, Chris
Dyer, Conor Durkan, Curtis Hawthorne, Rémi
Leblond, Will Grathwohl, and Jonas Adler. 2022.
Continuous diffusion for categorical data. arXiv
preprint arXiv:2211.15089.

Yarin Gal and Zoubin Ghahramani. 2016. Dropout as a
Bayesian approximation: Representing model uncer-
tainty in deep learning. In International Conference
on Machine Learning, pages 1050–1059.

Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia,
Jinliu Pan, Yuxi Bi, Yi Dai, Jiawei Sun, and Haofen
Wang. 2023. Retrieval-augmented generation for
large language models: A survey. In arXiv preprint
arXiv:2312.10997.

Shansan Gong, Mukai Li, Jiangtao Feng, Zhiyong Wu,
and Lingpeng Kong. 2023. DiffuSeq: Sequence to
sequence text generation with diffusion models. In
International Conference on Learning Representa-
tions.

Xiaochuang Han, Sachin Kumar, and Yulia Tsvetkov.
2023. SSD-LM: Semi-autoregressive simplex-based
diffusion language model for text generation and
modular control. In Proceedings of the 61st Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 961–978.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020.
Denoising diffusion probabilistic models. In Ad-
vances in Neural Information Processing Systems,
volume 33, pages 6840–6851.

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan
Su, Yan Xu, Etsuko Ishii, Ye Jin Bang, Andrea
Madotto, and Pascale Fung. 2023. Survey of halluci-
nation in natural language generation. ACM Comput-
ing Surveys, 55(12):1–38.

Yichen Jiang, Shikha Bordia, Zheng Zhong, Charles
Dognin, Maneesh Singh, and Mohit Bansal. 2020.
HoVer: A dataset for many-hop fact extraction and
claim verification. In Findings of the Association
for Computational Linguistics: EMNLP 2020, pages
3441–3460.

Saurav Kadavath, Tom Conerly, Amanda Askell, Tom
Henighan, Dawn Drain, Ethan Perez, Nicholas
Schiefer, Zac Hatfield-Dodds, Nova DasSarma,
and Eli Tran-Johnson. 2022. Language models
(mostly) know what they know. arXiv preprint
arXiv:2207.05221.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron
Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. 2020. Su-
pervised contrastive learning. In Advances in Neural
Information Processing Systems, volume 33, pages
18661–18673.

53



Lorenz Kuhn, Yarin Gal, and Sebastian Farquhar. 2023.
Semantic uncertainty: Linguistic invariances for un-
certainty estimation in natural language generation.
arXiv preprint arXiv:2302.09664.

Balaji Lakshminarayanan, Alexander Pritzel, and
Charles Blundell. 2017. Simple and scalable pre-
dictive uncertainty estimation using deep ensembles.
In Advances in Neural Information Processing Sys-
tems, volume 30.

Yann LeCun, Sumit Chopra, Raia Hadsell, M Ranzato,
and F Huang. 2006. A tutorial on energy-based learn-
ing. In Predicting structured data. MIT Press.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Küttler, Mike Lewis, Wen tau Yih, and Tim
Rocktäschel. 2020. Retrieval-augmented generation
for knowledge-intensive NLP tasks. In Advances in
Neural Information Processing Systems, volume 33,
pages 9459–9474.

Stephanie Lin, Jacob Hilton, and Owain Evans. 2022.
TruthfulQA: Measuring how models mimic human
falsehoods. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 3214–3252.

Stephanie Lin, Jacob Hilton, and Owain Evans. 2023.
Teaching models to express their uncertainty in
words. Transactions on Machine Learning Research.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
RoBERTa: A robustly optimized BERT pretraining
approach. arXiv preprint arXiv:1907.11692.

Eric Luhman and Troy Luhman. 2021. Knowledge dis-
tillation in iterative generative models for improved
sampling speed. arXiv preprint arXiv:2101.02388.

Potsawee Manakul, Adian Liusie, and Mark J. F. Gales.
2023. SelfCheckGPT: Zero-resource black-box hal-
lucination detection for generative large language
models. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing,
pages 9004–9017.

Joshua Maynez, Shashi Narayan, Bernd Bohnet, and
Ryan McDonald. 2020. On faithfulness and factu-
ality in abstractive summarization. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 1906–1919.

Yixin Nie, Haonan Chen, and Mohit Bansal. 2019.
Combining fact extraction and verification with neu-
ral semantic matching networks. In Proceedings of
the AAAI Conference on Artificial Intelligence, vol-
ume 33, pages 6859–6866.

Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. 2022. High-
resolution image synthesis with latent diffusion mod-
els. In Proceedings of the IEEE/CVF Conference

on Computer Vision and Pattern Recognition, pages
10684–10695.

Tim Salimans and Jonathan Ho. 2022. Progressive dis-
tillation for fast sampling of diffusion models. In
International Conference on Learning Representa-
tions.

Weijia Shi, Sewon Min, Michihiro Yasunaga, Min-
joon Seo, Rich James, Mike Lewis, Luke Zettle-
moyer, and Wen tau Yih. 2023. REPLUG: Retrieval-
augmented black-box language models. In arXiv
preprint arXiv:2301.12652.

Yang Song, Conor Durkan, Iain Murray, and Stefano
Ermon. 2021. Maximum likelihood training of score-
based diffusion models. In Advances in Neural Infor-
mation Processing Systems, volume 34, pages 1415–
1428.

James Thorne, Andreas Vlachos, Christos
Christodoulopoulos, and Arpit Mittal. 2018.
FEVER: a large-scale dataset for fact extraction
and VERification. In Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long Papers),
pages 809–819.

Neeraj Varshney, Wenlin Yao, Hongming Zhang, Jian-
shu Chen, and Dong Yu. 2023. A stitch in time
saves nine: Detecting and mitigating hallucinations
of LLMs by validating low-confidence generation.
arXiv preprint arXiv:2307.03987.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le,
Ed Chi, Sharan Narang, Aakanksha Chowdhery, and
Denny Zhou. 2023. Self-consistency improves chain
of thought reasoning in language models. In Interna-
tional Conference on Learning Representations.

Yue Zhang, Yafu Li, Leyang Cui, Deng Cai, Lemao Liu,
Tingchen Fu, Xinting Huang, Enbo Zhao, Yu Zhang,
and Yulong Chen. 2023. Siren’s song in the AI ocean:
A survey on hallucination in large language models.
arXiv preprint arXiv:2309.01219.

Jie Zhou, Xu Han, Cheng Yang, Zhiyuan Liu, Lifeng
Wang, Changcheng Li, and Maosong Sun. 2019.
GEAR: Graph-based evidence aggregating and rea-
soning for fact verification. In Proceedings of the
57th Annual Meeting of the Association for Compu-
tational Linguistics, pages 892–901.

A Appendix: Additional Experimental
Details

A.1 Hyperparameter Selection

Table 3 presents the key hyperparameters used in
our experiments. These values were selected based
on validation set performance and computational
constraints.
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Hyperparameter Value
Diffusion timesteps T 1000
Focal timestep t∗ 500
Noise schedule Square root
Learning rate 1e-4
Batch size 16
Training steps 3000
Hybrid weight λ 0.5
Embedding dimension 768

Table 3: Hyperparameter configuration.

A.2 Ablation Studies
We conducted ablation studies to understand the
contribution of each component. Table 4 shows the
impact of removing different components from our
full model.

Model Variant FEVER AUROC
Full Model (Hybrid) 0.725
- Without NLI Critic (MSE only) 0.541
- Without Diffusion (NLI only) 0.710
- Fixed t∗ = 250 0.682
- Fixed t∗ = 750 0.658

Table 4: Ablation study results.

The results confirm that both the diffusion recon-
struction and NLI critic are essential components.
The choice of focal timestep t∗ also significantly
impacts performance, with t∗ = 500 providing the
optimal balance.

A.3 Extended Related Work
Uncertainty Quantification: Beyond the methods
discussed in the main text, recent approaches to
uncertainty quantification include conformal pre-
diction (Angelopoulos and Bates, 2021), which
provides distribution-free uncertainty estimates,
Bayesian neural networks (Gal and Ghahramani,
2016) using dropout for uncertainty estimation, and
ensemble methods (Lakshminarayanan et al., 2017)
that aggregate predictions from multiple models.
Our semantic energy metric provides a complemen-
tary uncertainty signal based on generative stability
rather than prediction variance.

Retrieval-Augmented Approaches: Recent
work has explored hybrid systems combining gen-
eration with retrieval (Gao et al., 2023; Shi et al.,
2023). REPLUG, for instance, uses retrieval to
augment black-box language models. Our frame-
work could potentially be combined with these ap-
proaches, using semantic energy to calibrate both
the generation and retrieval components and iden-
tify when retrieved evidence conflicts with gener-
ated claims.

Contrastive Learning: Some recent work has
explored contrastive learning for fact verification
(Chen et al., 2020; Khosla et al., 2020). SimCLR
and supervised contrastive learning have shown
promise in learning robust representations. Our ap-
proach differs by focusing on generative dynamics
rather than learned similarity metrics, but future
work could explore combining contrastive objec-
tives with diffusion-based verification.

Consistency-Based Methods: Self-consistency
approaches (Wang et al., 2023) have been proposed
to improve reasoning by sampling multiple outputs
and selecting the most consistent answer. While
these methods measure consistency across sam-
ples, our approach measures consistency with the
learned data manifold, providing a different per-
spective on reliability.

A.4 Dataset Details

FEVER Dataset: The Fact Extraction and VER-
ification (FEVER) dataset (Thorne et al., 2018)
contains 185,445 claims generated by altering
sentences from Wikipedia articles. Each claim
is classified as SUPPORTS, REFUTES, or NOT
ENOUGH INFO, and is paired with evidence sen-
tences from Wikipedia. We focus on the binary
classification task using only SUPPORTS and RE-
FUTES labels. The dataset was constructed by hav-
ing human annotators modify Wikipedia sentences
to create both factual and counterfactual claims.

Key statistics:

• Total claims: 185,445

• SUPPORTS: 80,035 (43.1%)

• REFUTES: 29,775 (16.1%)

• NOT ENOUGH INFO: 35,639 (19.2%)

• Average claim length: 9.8 tokens

HOVER Dataset: The HOppy VERification
(HOVER) dataset (Jiang et al., 2020) contains
claims requiring reasoning over multiple Wikipedia
articles. It includes 26,171 claims with 2-4 hops
of reasoning required. This makes it significantly
more challenging than FEVER and an ideal testbed
for OOD generalization. Claims were constructed
to require extracting information from multiple in-
terconnected Wikipedia pages.

Key statistics:

• Total claims: 26,171
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• SUPPORTS: 13,297 (50.8%)

• REFUTES: 12,874 (49.2%)

• Average claim length: 14.2 tokens

• Average hops required: 2.4

A.5 Implementation Details
Our implementation is based on PyTorch 2.0 and
the Hugging Face Transformers library (version
4.30). The diffusion model training used the fol-
lowing detailed configuration:

Training Configuration:

• Optimizer: AdamW with weight decay 0.01

• Beta1: 0.9, Beta2: 0.999

• Epsilon: 1e-8

• Warmup steps: 100 (linear warmup)

• Gradient clipping: Maximum norm 1.0

• Mixed precision training: FP16 (Automatic
Mixed Precision)

• Number of GPUs: 4x NVIDIA A100 (40GB)

• Distributed training: Data parallel with gradi-
ent accumulation

• Total training time: approximately 12 hours

• Random seed: 42 (for reproducibility)

Model Architecture:

• Backbone: BERT-base-uncased (110M pa-
rameters)

• Hidden size: 768

• Number of attention heads: 12

• Number of layers: 12

• Intermediate size: 3072

• Maximum sequence length: 128

• Dropout probability: 0.1

Diffusion Configuration:

• Forward process: Discrete Gaussian diffusion

• Reverse process: Learned neural network de-
noising

• Sampling method: DDPM (Denoising Diffu-
sion Probabilistic Models)

• Number of sampling steps: 50 (reduced from
1000 for efficiency)

• Noise schedule: Linear from 0.0001 to 0.02

A.6 Statistical Significance Testing
We conducted statistical significance tests to ver-
ify that our results are not due to random chance.
All experiments were repeated with 3 different ran-
dom seeds, and we report the mean and standard
deviation.

Results with Standard Deviations:

Method FEVER AUROC HOVER AUROC
Direct NLI 0.710± 0.008 0.525± 0.012
DiffuTruth 0.640± 0.011 0.566± 0.009
Hybrid 0.725± 0.007 0.566± 0.010

Table 5: Results with standard deviations across 3 runs.

We conducted paired t-tests comparing our Hy-
brid method against baselines:

• Hybrid vs. Direct NLI on FEVER: t = 3.87,
p = 0.007 (significant at p < 0.01)

• Hybrid vs. DiffuTruth on FEVER: t = 4.21,
p = 0.005 (significant at p < 0.01)

• DiffuTruth vs. Direct NLI on HOVER: t =
5.13, p < 0.001 (highly significant)

These results confirm that the improvements are
statistically significant and not due to random vari-
ation.

A.7 Sensitivity Analysis
We performed sensitivity analysis on key hyper-
parameters to understand their impact on perfor-
mance.

Focal Timestep t∗ Sensitivity:

Timestep t∗ Noise Level FEVER AUROC
100 10% 0.665
250 25% 0.682
500 50% 0.725
750 75% 0.658
900 90% 0.612

Table 6: Impact of focal timestep on performance.

Hybrid Weight λ Sensitivity:
The results show that t∗ = 500 (50% noise)

and λ = 0.5 (equal weighting) provide the best
performance, validating our design choices.
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Weight λ FEVER AUROC
0.0 (Generative only) 0.640

0.25 0.698
0.5 0.725

0.75 0.719
1.0 (Discriminative only) 0.710

Table 7: Impact of hybrid weight on performance.

A.8 Future Research Directions

Beyond the directions mentioned in the main text,
several promising avenues for future research in-
clude:

1. Cross-lingual Extension: Adapting the
framework for multilingual fact verification
using cross-lingual embeddings like XLM-
R or mBERT. The manifold hypothesis may
hold across languages, suggesting that seman-
tic stability could be a universal property.

2. Explainability: Developing techniques to vi-
sualize and explain which aspects of a claim
trigger high semantic energy. This could in-
volve attention visualization or identifying
which tokens undergo the most significant
changes during reconstruction.

3. Online Learning: Enabling continuous adap-
tation to new facts without full retraining.
This could use techniques like elastic weight
consolidation or progressive neural networks
to update the truth manifold.

4. Adversarial Robustness: Studying the frame-
work’s resilience to adversarially constructed
claims designed to fool fact verification sys-
tems. The generative dynamics may provide
inherent robustness.

5. Multi-Modal Verification: Extending to
claims involving images, tables, and struc-
tured data. The manifold hypothesis could
apply to multi-modal embeddings.

6. Causal Reasoning: Incorporating causal un-
derstanding to handle counterfactual claims
and hypothetical scenarios that require reason-
ing beyond pattern matching.

7. Few-Shot Adaptation: Developing methods
to quickly adapt to new domains with mini-
mal labeled data by leveraging the pre-trained
truth manifold.

8. Interactive Verification: Building systems
that can explain their uncertainty and request
specific types of evidence when semantic en-
ergy is ambiguous.

A.9 Ethical Considerations

Fact verification systems have important ethical
implications:

• Bias: Models trained on Wikipedia may re-
flect systemic biases in the source material.
Care must be taken to evaluate performance
across different demographic groups and top-
ics.

• Misuse: Automated fact-checking could be
misused for censorship or to suppress valid
dissenting opinions. Systems should provide
uncertainty estimates rather than binary judg-
ments.

• Transparency: Users should understand that
these systems make probabilistic judgments
based on training data, not absolute truth de-
terminations.

• Complementary to Human Judgment:
These systems should augment rather than
replace human fact-checkers, especially for
nuanced or controversial claims.

A.10 Limitations

We acknowledge several limitations of our current
approach:

• Computational Cost: The diffusion process
requires significantly more computation than
discriminative baselines, limiting real-time ap-
plications.

• Training Data Requirements: The method
requires a corpus of true statements, which
may not be available for all domains.

• Knowledge Cutoff: Like all pre-trained mod-
els, our system has a knowledge cutoff date
and cannot verify claims about events after
training.

• Brittleness to Distribution Shift: While
more robust than discriminative baselines, the
system still shows performance degradation
on HOVER, indicating room for improve-
ment.
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• Explainability: The system provides a se-
mantic energy score but doesn’t explain which
specific aspects of a claim are problematic.

A.11 Broader Impact
This work contributes to the important goal of mak-
ing AI systems more reliable and trustworthy. Po-
tential positive impacts include:

• Helping users identify misinformation in on-
line content

• Supporting journalists and fact-checkers in
their work

• Improving the reliability of AI assistants and
chatbots

• Enabling safer deployment of LLMs in high-
stakes applications

However, we must also consider potential neg-
ative impacts such as over-reliance on automated
systems, potential biases in verification, and the
risk that malicious actors could use these tech-
niques to make more convincing false claims that
evade detection.
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