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Abstract

Diffusion language models (D-LLMs) offer par-
allel denoising and bidirectional context, but
hallucination detection for D-LLMs remains
underexplored. Detectors developed for auto-
regressive LLMs can be adapted to diffusion
generation and remain competitive baselines,
but they rely on single-pass cues and therefore
leave the denoising trajectory unused, where
factuality evidence is distributed across the de-
noising trajectory and may appear, drift, or
be self-corrected over time. We introduce
TDGNet, a temporal dynamic graph framework
that formulates hallucination detection as learn-
ing over evolving token-level attention graphs.
At each denoising step, we sparsify the atten-
tion graph and update per-token memories via
message passing, then apply temporal atten-
tion to aggregate trajectory-wide evidence for
final prediction. Experiments across four D-
LLMs spanning dense and Mixture-of-Experts
architectures (7B—16B parameters) and multi-
ple diffusion paradigms show consistent AU-
ROC improvements over output-based, latent-
based, and static-graph baselines, with single-
pass inference and modest overhead. These
results highlight the importance of temporal
reasoning on attention graphs for robust halluci-
nation detection in diffusion language models.

1 Introduction

The auto-regressive large language models (AR-
LLMs) have become the de facto paradigm across
a wide range of applications, from natural language
understanding (Brown et al., 2020; Ouyang et al.,
2022; Achiam et al., 2023) to general-purpose
task execution (Vaswani et al., 2017; Brown et al.,
2020; Touvron et al., 2023). Recently, diffusion-
based large language models (D-LLMs) (Nie et al.,
2025; Ye et al., 2025; Sahoo et al., 2024) have
emerged as a compelling alternative to their auto-
regressive counterparts. In contrast to AR-LLMs,

* Corresponding author: junchi.yu@eng.ox.ac.uk
Project page: arshiahemmat.github.io/tdgnet

which generate text sequentially via next-token
prediction, D-LLMs leverage bi-directional atten-
tion and iteratively denoise the entire output se-
quence in generation. This formulation enables
more flexible generation dynamics (Li et al., 2022;
Mireshghallah et al., 2022) and can significantly im-
prove inference efficiency through parallel decod-
ing mechanisms (Zhang et al., 2025; Ghazvininejad
et al., 2019). Recent representative models, such
as LLaDA-8B (Nie et al., 2025) and Dream-7B
(Ye et al., 2025), have demonstrated that D-LLMs
can be successfully scaled to the billion-parameter
scale with comparable performance to popular AR-
LLMs of similar size across a wide range of diverse
tasks (Nie et al., 2025; Ye et al., 2025).

As the capabilities of D-LLMs increase signif-
icantly, it becomes increasingly critical to ensure
the generated content from D-LLMs is factually
correct. However, the hallucination detection prob-
lem remains substantially less explored than that
in AR-LLMs. Existing methods designed for AR
models are fundamentally ill-suited for the diffu-
sion paradigm due to two architectural mismatches.
First, the probabilistic intractability of diffusion
generation makes reliable single-pass confidence
scores costly to obtain of the responses without
expensive trajectory marginalization (Kuhn et al.,
2023; Sahoo et al., 2024). Second, D-LLMs ex-
hibit temporal oscillation, where predictions fluctu-
ate between factual and hallucinated states during
the iterative denoising process (Wang et al., 2026).
Such a phenomenon demonstrates that hallucina-
tions manifest as dynamic events in the generation
process of D-LLMs, such as self-correction, late-
stage drift, or persistence (Figure 1, illustrative),
rather than static errors in the model responses.
Thus, effective hallucination detection in D-LLMs
stands to benefit from modelling the temporal evo-
lution of the generation trajectory rather than in-
specting isolated snapshots of the output (Chang
et al., 2026).

56277

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 56277-56301
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://arshiahemmat.github.io/tdgnet/

Self-Correction

Correctness Decay

Semantic Drift

Persistent Error

(- Input ) (- Input ) (- Input N (- Input N\
In which Irish county is the district of Connemara Who was manager of Sheffield Wednesday when Who was the manager of Sheffield Wednesday With whom did Marina Klimova win the 1984
and the town of Athenry? they won the League Cup in 19917 when they won the League Cup in 19912 Olympic Bronze Medal?

~— Earlysteps— ~— Earlysteps— ~— Earlysteps—————— e Early steps’
The district of Connemara and the town of Prime Minister 90, the Minister Minister Minister The of shuffield ... won the cup Kina Kovaova won the19884 Olympic with
Athenry are located in the of Minister Minister Minister Minister Minister

Noisy answer - No meaningful edges

Noisy answer - No meaningful edges

Noisy answer - No meaningful edges

Noisy answer - No meaningful edges

——Middle Steps—————

——Middle Steps————

Middle Steps—————

——Middle Steps——

The district of Connemara town Athen Edmund Barton

Marina Klimovaovaovag8

David Kendall

Correct answer - meaningful edges Hallucinated answer - weights weaken!

] =] H=E
Hallucinated answer - meaningful edges Correct answer - meaningful edges Plausible guess - Kendall was a famous manager Hallucinated answer - low confident
Decoding step 16- Decoding step 16 Decoding step 16- Decoding step 16-
County Galway Edmund Bartonakin Brian Kendall Alexander
=]

Hallucinated answer - weights weaken! Hallucinated answer - Persistent Error

Figure 1: Why Temporal Modelling is Essential. Four diffusion dynamics that confound static detectors (case
studies in Appendix F): Self-Correction (early noise resolves into fact), Correctness Decay and Semantic Drift
(correct or plausible states degrade), and Persistent Error (errors lock in early). TDGNet aggregates trajectory-wide
signals to distinguish these patterns. These four patterns are illustrative rather than exhaustive or mutually exclusive:
a single trajectory may exhibit several of them, for instance drift followed by late self-correction, and they are
intended to convey why a single snapshot is insufficient rather than to define a taxonomy.

Building on the observation that hallucinations
in D-LLMs unfold over the denoising trajectory
(Section 4.4), we focus on how such dynam-
ics should be represented for effective detection.
While one may attempt to model the generation pro-
cess as a sequence of intermediate token states, this
abstraction fails to capture the underlying structure
in the intermediate contexts. Unlike AR-LLMs, D-
LLMs rely on bi-directional attention to iteratively
refine global context, which introduces evolving
correlations among tokens during the generation
process. This evolving pattern of token correla-
tions suggests a representation that explicitly mod-
els both relational structure and temporal evolution.

In this work, we propose TDGNet, a temporal
graph—based framework for hallucination detec-
tion in diffusion-based LLMs that explicitly mod-
els the evolving relational structure of the denois-
ing process. The motivation is that hallucinations
in D-LLMs arise from changes in token interac-
tions over time, which cannot be reliably captured
by sequence-based or snapshot-based representa-
tions. Specifically, TDGNet formulates hallucina-
tion detection as a temporal graph learning prob-
lem, where tokens are treated as nodes and their in-
teractions evolve across denoising steps. TDGNet
maintains a persistent memory state (Rossi et al.,
2020) for each token that is updated through tem-
poral message passing. This design enables the
TDGNet to aggregate subtle signs of hallucina-

tion from the token dependency across the denois-
ing generation process of D-LLMs. Moreover,
TDGNet supports both sequence-level and token-
level hallucination detection, enabling identifica-
tion of hallucination at multiple granularities.

We evaluate our method on four open-source
D-LLMs spanning dense and Mixture-of-Experts
architectures (LLaDA-8B, Dream-7B, LLaDA 1.5,
and LLaDA 2.1-mini) (Nie et al., 2025; Ye et al.,
2025; Zhu et al., 2025; Bie et al., 2026), across
multiple-choice, open-ended, and contextual QA
benchmarks, using AUROC as the primary met-
ric for hallucination detection. Our temporal
graph detector consistently outperforms strong
output-based, latent-based, and attention/graph-
based baselines, on all datasets and on both models,
and remains robust under different denoising sched-
ules and graph-construction choices (Tables 1, 2,
and 5). Our main contributions are:

* We analyse hallucination dynamics in D-
LLMs and show that factuality signals are
weak at any single denoising step and instead
accumulate across the denoising trajectory
(Section 4.4).

* We propose TDGNet, a temporal graph
learning framework that tracks token interac-
tions with persistent memories, enabling both
response-level detection and token-level local-
isation in a unified model (Section 3).
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Figure 2: Overview of the TDGNet framework. The model extracts attention maps across diffusion denoising
steps to construct a temporal dynamic graph, which is then processed by a Temporal Graph Network to predict

hallucination probability.

e Across four D-LLMs spanning dense and
MOoE architectures (7B—16B parameters) on
QA benchmarks, TDGNet achieves consistent
AUROC improvements over output-based,
latent-based, and graph-based baselines, sup-
ported by ablations and cross-architecture
evaluations confirming that both attention-
graph structure and temporal modelling are
essential for strong performance (Section 4.4).

2 Related Work

Hallucination detection for LLMs is commonly
grouped into (i) output-based approaches that use
uncertainty or self-consistency signals (Chang
et al., 2026; Kuhn et al., 2023; Lin et al., 2023;
Kossen et al., 2024; Manakul et al., 2023), and
(i1) latent-based approaches that probe internal
representations to separate truthful from halluci-
nated generations (Chang et al., 2026; Azaria and
Mitchell, 2023; Chen et al., 2024; Burns et al.,
2022; Park et al., 2025; Orgad et al., 2025; Du
et al., 2024; Su et al., 2024b). Retrieval- or tool-
based factuality checking is also effective but relies
on external knowledge sources, falling outside our
internal-signal detection setting (Min et al., 2023;
Chern et al., 2023).

Diffusion language models generate text by itera-
tively denoising a corrupted sequence, enabling par-
allel refinement-based decoding rather than strict
left-to-right next-token prediction (Li et al., 2022;
Sahoo et al., 2024; Lou et al., 2023; Zhang et al.,
2025). Discrete diffusion objectives and reparame-
terised decoding schemes have made this practical
for language modelling and infilling (Lou et al.,
2023; Zheng et al., 2023). However, hallucination
detection for D-LLMs remains underexplored: ex-
isting AR-LLM detectors do not transfer directly
because D-LLMs generate via a multi-step denois-

ing process and may not expose the same token-
logit signals as AR decoding (Chang et al., 2026).

Graph neural networks (GNNs) learn on rela-
tional structures by passing messages along edges
(Gilmer et al., 2017; Battaglia et al., 2018; Kipf and
Welling, 2016; Hamilton et al., 2017; Velickovié
et al., 2017; Xu et al., 2018). Temporal/dynamic
GNNs extend this with time encodings and persis-
tent node memories, modelling sequences of graph
snapshots or continuous-time event streams (Pareja
et al., 2020; Sankar et al., 2020; Trivedi et al., 2019;
Kumar et al., 2019; Xu et al., 2020; Rossi et al.,
2020). In transformer-based models, self-attention
naturally induces a weighted directed token graph
whose edge weights and node states evolve across
iterative decoding steps (Vaswani et al., 2017), mak-
ing temporal graph learning a natural abstraction
for modelling these dependency structures.

3 Method

3.1 Problem Formulation

We consider a Diffusion Language Model (D-
LLM) that generates a response sequence yg =
(y',...,y™) conditioning on an input prompt X.
Unlike sequential auto-regressive generation, D-
LLMs generate text via a global, iterative refine-
ment process (Li et al., 2022). The generation
commences from a fully masked sequence yr
(where all positions are initialised to a special
mask token) (Sahoo et al., 2024). Over T discrete
timesteps, the model progressively denoises this se-
quence to produce a decoding trajectory of interme-
diate states T = {yr,y7r-1,-..,yo} (Nie et al.,
2025). Each transition is governed by a learned
conditional distribution pg(y;—1|y¢,x), where the
model utilises bidirectional attention to refine the
semantic structure of the entire sequence simultane-
ously during the iterative decoding process (Gong
et al., 2024; Zhang et al., 2025).
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Table 1: Hallucination Detection Performance (AUROC) on LLaDA-8B and Dream-7B. We compare TDGNet
against output-, latent-, and graph-based baselines across four QA benchmarks. TDGNet consistently achieves
state-of-the-art performance, improving average AUROC by 3 points on LLaDA-8B and 4 points on Dream-7B
over the strongest baseline per model. These results confirm that modeling the denoising trajectory yields superior
robustness compared to static output statistics or isolated snapshots. (SS: Single Sampling).

Model Metric

SS Math CSQA HotpotQA TriviaQA  Ave

Output-Based

Semantic Entropy X 0.68 0.64 0.61 0.66 0.65
Lexical Similarity X 0.51 0.53 0.54 0.54 0.53
LLaDA-8B-Instruct LN-Entropy X 0.70 0.59 0.55 0.55 0.60
Perplexity X 0.67 0.60 0.51 0.54 0.58
Latent-Based
EigenScore X 0.56 0.54 0.56 0.59 0.56
TSV v 0.72 0.61 0.55 0.50 0.60
CCS v 0.59 0.56 0.60 0.54 0.57
TDGNet (Ours) v 0.72 0.65 0.64 0.72 0.68
Output-Based
Semantic Entropy X 0.59 0.50 0.68 0.69 0.62
Lexical Similarity X 0.71 0.68 0.71 0.67 0.69
Dream-7B-Instruct  LN-Entropy X 0.57 0.59 0.52 0.53 0.55
Perplexity X 0.52 0.57 0.51 0.54 0.54
Latent-Based
EigenScore X 0.68 0.55 0.63 0.70 0.64
TSV v 0.68 0.71 0.43 0.50 0.58
CCS v 0.59 0.56 0.64 0.60 0.60
TDGNet (Ours) v 0.72 0.72 0.74 0.74 0.73

In this context, we frame hallucination detection
as evaluating the factual validity of the generated
content. Let h € {0, 1} be the ground-truth label
where h = 1 indicates a hallucination. The goal
is to learn a binary classifier f from a hypothesis
space H that minimises the classification risk for
the response yyg, subject to the constraint that yg is
the result of the model’s reverse diffusion process:

in L(h, f(x, ,
1}%1?1{1 (h, f(x,¥0)) a
1
s.t. yor~ Ht:Tpe(thl | y¢, %)

where L£(-) is the cross-entropy loss. This formula-
tion explicitly links the detection task to the genera-
tive dynamics, acknowledging that while the target
Yo is a static sequence, its validity is an artefact of
the specific generative path pg.

Conventional detection paradigms, however,
leave two sources of signal unused. Output-based
approaches face likelihood intractability: unlike
AR models, D-LLMs lack a direct single-pass like-
lihood p(y|x), rendering perplexity-based metrics
computationally expensive (Sahoo et al., 2024).
Latent-based strategies, conversely, leave tempo-
ral information unused: by analyzing only the final

state yg or a single snapshot, they discard validity
signals such as semantic drift or persistent error
that manifests as dynamic instabilities within the
intermediate trajectory (Chang et al., 2026; Wang
et al., 2026).

3.2 Capturing Bidirectional Dependencies
and Evolution via Temporal Graph
Modelling

To effectively detect hallucinations in D-LLMs, a
representation must capture two fundamental gen-
erative properties: the global context facilitated
by bidirectional attention and the iterative refine-
ment of semantic content over time. Standard static
graph approaches fail to capture the latter, while
sequence-only methods miss the former. Therefore,
we propose to model the computational trace not
as a fixed snapshot, but as a Temporal Dynamic
Graph, explicitly encoding the generation as an
evolving web of token dependencies.

Why attention graphs. Several relational struc-
tures could be imposed on the token set: k-nearest-
neighbour graphs over hidden states, syntactic
parses, or learned adjacency. We use attention for
three reasons. It is the only per-step, per-token-pair
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signal the backbone exposes natively, so no met-
ric, sparsity pattern, or auxiliary model must be
chosen. It is already computed during the forward
pass, so graph construction adds only a threshold-
ing operation and the detector inherits the single-
pass cost profile reported in Appendix A.2. Most
importantly, bidirectional attention is the specific
mechanism by which D-LLMs refine global con-
text across denoising steps, so its evolution is the
object whose dynamics we intend to track, whereas
a similarity graph over hidden states would re-
encode information already supplied to the network
as node attributes. Section 4.3 reports the two ab-
lations that test this choice empirically: removing
the edges entirely, and replacing the trajectory with
single-step static graphs.

Dynamic Graph Construction. Formally, we
define the diffusion trace as a discrete-time se-
quence of attributed graphs G = {G(©), ..., GM)}.
Each snapshot G() = (V,£®), Xg), X%)) cap-
tures the structural state of the generation at de-
noising step ¢. First, the Vertex Set (V') consists
of the N tokens in the sequence y. Unlike AR
generation, the node set remains fixed across the
trajectory, serving as the spatial anchor for tempo-
ral evolution.

Second, the Temporal Edge Set £(*) represents
the dynamic connectivity. Let A(t:6h) ¢ RNXN
be the attention matrix of head h € {1,...,H}
in backbone layer ¢ € {1,..., Ly} at denoising
step t, where N = |V| is the sequence length, H
the number of attention heads, and Ly, the number
of transformer layers in the D-LLM. Rows index

. . t,0,h) .
queries and columns index keys, so AU s the
t,6,h)

ij
weight token ¢ places on token j and > j AE i =
1. Unless stated otherwise we use the final layer
¢ = Ly, (layer sensitivity in Appendix A.1) and
write AS) = % S AZ(;’Lbb’h) for the head-
averaged score. A directed message edge is placed
from j to ¢ whenever ¢ attends strongly to j:

e ={Gnevxv|al>rt @

where 7 € (0,1) is a sparsity threshold. The
index order is deliberate: the threshold applies to
Agf), the attention from ¢ to j, while the edge is
written (j,4) because information flows from the
attended token j into the attending token ¢. The
in-neighbourhood of i is N (i) = {j : (j,4) €
E£MY, and this notation is used throughout. This

Table 2: Ablation: static single-step graphs vs. the
full dynamic trajectory (LLaDA-8B). The highest
score is bolded and the second highest is underlined.

Variant SS Math CSQA HotpotQA TriviaQA  Ave
CHARM — Decoding step 0 v 0.63 0.58 0.58 0.65 0.61
CHARM — Decoding step T/4 v 0.65 0.60 0.61 0.68 0.63
CHARM — Decoding step T2 v 0.70 0.63 0.63 0.69 0.66
CHARM — Decoding step T v 0.65 0.63 0.62 0.68 0.64
TDGNet (Ours) v 0.72 0.65 0.64 0.72  0.68

construction allows the graph topology to evolve
naturally, capturing phenomena such as the emer-
gence of semantic cliques or the dissolution of ran-
dom noise connections.

To unify heterogeneous signals, we enrich this
structure with time-varying features. Node At-
tributes XS) are derived from residual stream acti-
vations, projected to R% to capture instantaneous
semantic confidence and context. Edge Attributes
X%) are derived from the averaged attention scores
across heads, preserving interaction strength while
maintaining computational efficiency.

By formulating the diffusion trace as a dynamic
graph sequence G, our approach unifies the struc-
tural analysis of token interactions with the tempo-
ral analysis of their evolution. This representation
allows the model to distinguish between healthy
refinement (where dependencies stabilise) and hal-
lucinatory collapse (where dependencies drift or
lock onto irrelevant tokens or noisy patterns).

This reformulation is necessitated by the path-
dependent nature of D-LLLM hallucinations. Unlike
static errors, hallucinations often emerge through
semantic drift during the denoising process (t =
T — 0), a phenomenon invisible to single-step
analysis (Chang et al., 2026). By defining the input
as a dynamic sequence G, we capture this struc-
tural evolution, allowing the model to distinguish
between stable grounding and transient instabilities,
thus motivating the temporal architecture detailed
in the following section.

3.3 Hallucination Detection via Dynamic
Trace Modelling

To classify the diffusion trajectory constructed in
Section 3.2, we introduce the Temporal Dynamic
Graph Network (TDGNet). This architecture pro-
cesses the sequence of attention graphs {G (t)}?:T
via a three-stage pipeline, which consists of spatial
aggregation, temporal memory update, and trajec-
tory readout, to distinguish between factual and
hallucinated generation paths.

First, to capture the local structural context at
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each diffusion step ¢, we employ a Message Pass-
ing Neural Network (MPNN) (Gilmer et al., 2017).
This module aggregates information from the atten-
tion neighbourhood NV (7). For each token i, we

compute an aggregated message vector ml( ) that
summarises the information flow from its neigh-

bours:

= (1) _ )

ol = gy 3 ¢ ()
(3)
(t)

JEN (i)

where hgt) and hgt) are the node features, e i are
the edge features, and 1) (-) is a learnable message
function implemented as a multi-layer perceptron
(MLP). This spatial aggregation ensures that the
model captures the instantaneous relational struc-
ture of the generation before processing its tempo-
ral evolution through recurrence.

Subsequently, to track how these structural roles
evolve, we maintain a persistent memory state sgt)
for each token. We employ a Gated Recurrent Unit
(GRU) to transition the memory state from step
t+1tot:

s = GrU (m{", (") )

This recurrence allows the network to distinguish
between consistent grounding and transient noise
by integrating the sequence of spatial messages
( )

m(t) into a continuous "running belief" s~ repre-
sentation over time.

Finally, to produce a robust prediction, we em-
ploy a Temporal Attention Mechanism that priori-
tises informative denoising phases over noisy ini-
tialisation. We compute a trajectory-aware embed-
ding z; for each token by attending over its own

memory history:

T
Z ;- Linear( l(t) )

= T.®) )
® _  exp(q s;”)
T (k’))

Sr_oexp(q’s

where «;

Here, Linear(-) denotes a linear projection layer,
and q is a learnable query vector. This yields a
final representation z; that summarises the token’s
structural validity across the entire trajectory of the
generation process.

Learning Objective. For the primary task of
response-level hallucination detection, we apply
global mean-pooling over the token embeddings to

Table 3: Token-Level Hallucination Detection (AU-
ROC). Comparison of our dynamic method (TDGNet)
and static graph baseline (CHARM) against standard
baselines on Natural Questions (NQ) and TriviaQA.
Best results are bolded, second best are underlined.

Method Natural Questions TriviaQA
Graph Degree (Centrality) 0.43 0.46
Source Attribution 0.52 0.42
Token Probability 0.60 0.68
Predictive Entropy 0.69 0.71
CHARM (Static Graph) 0.84 0.83
TDGNet (Ours) 0.87 0.85

obtain a graph representation g = % >, zi. This
is passed to a binary classifier fy to predict the
probability p. The model is trained end-to-end by
minimising the binary cross-entropy loss against
the ground truth labels ~ € {0,1} indicating re-
sponse validity:

1

L=-——
D]

> [hlogp+ (1 —h)log(1 —p)]
(x,y)€D
©6)

where D represents the training dataset of prompt-
response pairs and their corresponding ground-
truth labels.

3.4 Implementation Details

We instantiate the TDGNet framework as a two-
stage pipeline: a Temporal Graph Encoder gy
that processes the diffusion trace into trajectory-
aware node embeddings, and a Hallucination Pre-
dictor f, that supports both response-level (graph
classification) and token-level (node classification)
readout. Full implementation details appear in Ap-
pendix C.

4 Experiments

4.1 Setup

Datasets. We evaluate hallucination detection on
five QA-style benchmarks with varying reason-
ing demands: Math (numerical reasoning, con-
structed following (Chuang et al., 2024)), Com-
monsenseQA (CSQA) (commonsense multiple
choice) (Talmor et al., 2019), HotpotQA (multi-
hop reasoning with supporting context) (Yang et al.,
2018), TriviaQA (open-domain factoid QA) (Joshi
et al., 2017), and Natural Questions (NQ) (factoid
QA) (Kwiatkowski et al., 2019). While all datasets
are utilised for response-level detection, we specifi-
cally employ NQ and TriviaQA for the fine-grained
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token-level localisation experiments (Section 4.2),
as their factoid nature supports precise span-level
verification. Dataset construction, labelling, and
splits follow Appendix D; all methods use identical
train/test partitions.

Baseline Methods. We compare TDGNet
against detectors spanning three paradigms (se-
lection criteria in Appendix B). For response-
level detection, we evaluate output-based meth-
ods (Semantic Entropy (Kuhn et al., 2023; Kossen
et al., 2024), Length-Normalised (LN) Entropy
and Perplexity (Lin et al., 2023), Lexical Simi-
larity (Manakul et al., 2023)); latent-based meth-
ods (EigenScore (Chen et al., 2024), TSV (Park
et al., 2025), CCS (Azaria and Mitchell, 2023; Or-
gad et al., 2025)); and the graph-based baseline
CHARM (Frasca et al., 2026), reproduced in-house.
For token-level localisation, response metrics suffer
from a granularity mismatch (a single scalar dilutes
local error signals), so we compare against native
token-wise baselines testing distinct hypotheses:
Predictive Entropy (Kuhn et al., 2023) (local uncer-
tainty), Graph Degree Centrality (grounded tokens
as attention hubs), and Source Attribution (Bah-
danau et al., 2014; Vaswani et al., 2017) (factual
tokens grounded in the prompt).

Models. We adopt LLaDA-8B-Instruct (Nie
et al., 2025) and Dream-7B-Instruct (Ye et al.,
2025) as our primary diffusion LMs, providing
comparison across distinct architectures and noise
schedules. To assess generalization further, we also
evaluate on LLaDA 1.5 (Zhu et al., 2025), an 8B
dense model aligned via VRPO, and LLaDA 2.1-
mini (Bie et al., 2026), a 16B Mixture-of-Experts
model with block-editable diffusion; results are
discussed in Section 4.4. For graph methods, at-
tention graphs are constructed from the final trans-
former layer using a standardised decoding config-
uration (gen_length=32, steps=16); Appendix A
provides sensitivity analysis. Note that Dream-7B
requires data curation to mitigate mode collapse,
detailed in Appendix E.2.

Evaluation protocol. Following prior
work (Kuhn et al., 2023; Manakul et al., 2023;
Park et al., 2025; Chang et al., 2026), we report
AUROOC as the primary metric, selecting models on
validation data. Table 1 summarises performance
across all benchmarks. TDGNet achieves the
best average AUROC on LLaDA-8B and strong
results on Dream-7B, confirming the benefit of
temporal modelling over output-, latent-, and static
baselines.

Table 4: Graph Utility Ablation. The drastic drop with-
out edges (N (i) = () confirms structural aggregation is
essential.

Performance (AUROC)
Dataset TDGNet No Graph A Drop
CSQA 0.65 0.40 -0.25
TriviaQA 0.72 0.43 -0.29
HotpotQA  0.64 0.48 -0.16
Math 0.72 0.49 -0.23

4.2 Main Results

Response-Level Detection. Table 1 compares
TDGNet against output-based, latent-based, and
graph-based baselines across two D-LLMs and four
QA benchmarks. TDGNet is best or tied-best in ev-
ery setting, improving average AUROC from 0.65
to 0.68 on LLaDA-8B-Instruct (over Semantic En-
tropy) and from 0.69 to 0.73 on Dream-7B-Instruct
(over Lexical Similarity). These consistent gains
demonstrate the value of exploiting the multi-step
denoising trajectory rather than static output statis-
tics or isolated latent snapshots.

Output-based baselines suffer from poor con-
sistency: Semantic Entropy is competitive on
LLaDA but collapses to 50.3% on Dream-7B-
Instruct (CSQA), failing when hallucinations are
not flagged by entropic uncertainty. Latent-based
methods are more competitive overall but remain
sensitive to task distribution: CCS achieves 64.3%
on HotpotQA yet drops to near-random on Trivi-
aQA, highlighting the limitation of seeking a uni-
versal “truth direction” in static embeddings.

Token-Level Localization. Beyond sequence-
level detection, Table 3 validates the granular ca-
pabilities of our architecture. Standard uncertainty
metrics like Predictive Entropy suffer from a granu-
larity mismatch, achieving only ~70% AUROC, as
broadcasting a single sequence-level score dilutes
local error signals. In contrast, TDGNet leverages
native node embeddings to outperform the static
CHARM baseline by 2.1% on the TriviaQA bench-
mark. This confirms that the temporal memory
mechanism does not merely aggregate signals but
refines the structural boundaries of hallucinations,
allowing for the precise localisation of errors that
static topology alone fails to isolate.

4.3 Ablations

Threshold Sensitivity. The sparsity threshold 7 in
Eq. 2 is the only hyperparameter governing graph
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Table 5: Cross-dataset zero-shot AUROC on LLaDA:
Grouped by Method. Best results are bolded, second
best are underlined.

Target Dataset
Method Source Math CSQA Hotpot Trivia
Math 059  0.52 0.53 0.50
ccs CSQA 051  0.56 0.50 0.54
Hotpot  0.54  0.55 0.60 0.59
Trivia 052  0.51 0.51 0.54
Math 0.72 049 0.62 0.55
TDGNet (Ours) CSQA 055  0.65 0.59 0.58

Hotpot  0.61 0.59 0.64 0.62
Trivia  0.57  0.55 0.57 0.72

construction. Figure 3 shows that TDGNet is robust
across a wide range: 7=0.03 and 7=0.05 differ by
only 0.01 in average AUROC, with a mild trade-off,
7=0.03 preserves more edges and benefits recall-
oriented tasks (TriviaQA: 0.80 AUROC), while
7=0.05 filters early-step noise more aggressively
and benefits CSQA and HotpotQA. At 7=0.07, ex-
cessive sparsification removes over 97% of edges
and collapses performance to chance. We adopt
7=0.05 as a universal default and report it in Ta-
ble 1 for consistency across datasets.

Importance of Message-Passing Structure.
The spatial aggregation in Eq. (3) updates each to-
ken’s embedding from its attention-induced neigh-
bourhood N (i), allowing TDGNet to capture re-
lational patterns that isolated hidden states can-
not. Ablating the edges (N (i) = () reduces the
model to a per-token classifier and collapses perfor-
mance to near-random across all datasets (Table 4),
confirming that structural aggregation, not isolated
node features, drives detection.

4.4 Analysis

Temporal Dynamics. To disentangle the contri-
bution of temporal modelling from graph-based
structural analysis, we introduce a set of static
graph variants. We compare TDGNet against
single-snapshot CHARM variants extracted at ¢ €
{0,7/4,T/2,T} (Table 2). Static variants peak
only at mid-trajectory (¢t = 7/2, 0.6627 AU-
ROC) and consistently trail our dynamic approach
(0.6814), with weaker performance at both early
(t = T) and late (¢ = 0) snapshots. This non-
monotonic behaviour confirms that validity cues
are distributed throughout the trajectory rather than
localised to any single denoising step, and TDGNet
bridges this gap through trajectory-level aggrega-
tion that distinguishes stable grounding from tran-

—e— Math
0.551 CSQA
== HotpotQA
0.50 {|—4#— TriviaQA
W Avg

0.03 0.05 0.07
Sparsity Threshold (1)

Default Setting

0.45

Figure 3: Threshold sensitivity (LLaDA-8B). TDGNet
is robust for 7 € [0.03, 0.05] and collapses at 7=0.07;
we adopt 7=0.05 as default.

sient artefacts.

Architectural Generalization. To test
architecture-agnostic generalisation, we evaluate
two further D-LLMs: LLaDA 1.5 (Zhu et al.,
2025), an 8B dense model aligned via VRPO,
and LLaDA 2.1-mini (Bie et al., 2026), a 16B
Mixture-of-Experts model (1.4B active) with block-
editable diffusion. Together with our primary mod-
els, this covers four diffusion paradigms across
dense and MoE architectures (7B—16B). TDGNet
outperforms all baselines on both (Figure 4: 0.76
on LLaDA 1.5, 0.74 on LLaDA 2.1-mini), despite
the latter’s block-local attention. CHARM remains
competitive on LLaDA 2.1-mini (0.71), indicating
attention-graph structure carries signal even under
altered diffusion mechanics, but trajectory-level
aggregation still wins.

Cross-dataset Generalisation. Zero-shot trans-
fer experiments (Table 5) show that graph-based de-
tection generalises more robustly than latent-space
methods: TDGNet maintains meaningful transfer
(0.55-0.62 AUROC on all but one source—target
pair) across diverse reasoning types, while CCS
drops to near-random on distant pairs (0.50-0.54).
HotpotQA in particular serves as a strong source
(0.59-0.62 average transfer), suggesting that multi-
hop reasoning patterns subsume simpler single-hop
patterns and that core hallucination signatures are
partially task-agnostic.

Efficiency. TDGNet operates on a single denois-
ing trajectory, achieving a ~4.8 x speedup over Se-
mantic Entropy (442 s vs. 2101 s per 100 queries)
while adding only ~160 ms of overhead per query
relative to single-pass baselines such as Perplexity.
Full per-method timings appear in Appendix A.2.
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Figure 4: Architectural generalisation (TriviaQA).
TDGNet outperforms all baselines on both dense
(LLaDA 1.5, 8B) and Mixture-of-Experts (LLaDA 2.1-
mini, 16B) D-LLMs.

5 Conclusion

TDGNet reframes hallucination detection for diffu-
sion language models as learning over the evolving
attention-graph trace, operationalising the principle
that factuality is a trajectory property rather than
solely an end-state outcome. By utilising token-
level message passing and persistent memories to
accumulate weak validity cues across denoising
stages, our framework consistently improves AU-
ROC over output-based, latent-based, and static
graph baselines across four D-LLMs spanning
dense and Mixture-of-Experts architectures, while
simultaneously enabling fine-grained localisation
of hallucinated spans. Analyses confirm that these
gains stem from explicitly modelling diffusion-
specific dynamics, such as self-correction, seman-
tic drift, and persistent errors, allowing the detector
to capture early warning signs and late-stage repair
effects that static snapshots miss.

Limitations

Our empirical study is restricted to QA-style bench-
marks because reliable hallucination detection re-
quires unambiguous factuality labels, which open-
ended generation tasks (e.g., summarisation, long-
form generation) currently lack at scale. This re-
striction is further reinforced by the present state
of open-source D-LLMs: contemporary models ex-
hibit documented structural instabilities on longer-
form generation (Appendix E.2), which makes it
difficult to disentangle genuine hallucinations from
fluency failures. We expect that as D-LLM genera-
tion quality matures and broader factuality bench-
marks become available, extending TDGNet to

summarisation, dialogue, and long-form reasoning
will be a natural and worthwhile direction.

Ethics Statement

TDGNet is intended to flag hallucinated outputs of
diffusion language models in support of safer de-
ployment, but no detector is perfect: false negatives
may give users misplaced confidence in incorrect
generations, and adversarial inputs could in princi-
ple be crafted to evade detection by manipulating
the temporal attention dynamics the model relies
on, so we recommend TDGNet be used as one com-
ponent of a broader factuality pipeline rather than a
sole safeguard in high-stakes settings. All datasets
(Math, CommonsenseQA, HotpotQA, TriviaQA,
Natural Questions) and pretrained models (LLaDA-
8B, Dream-7B, LLaDA 1.5, LLaDA 2.1-mini)
are publicly released research artefacts under per-
missive research-oriented licences, used in their
intended research setting and consistently with
those terms; licence details are summarised in Ap-
pendix D. We collect no new human data, and the
benchmarks contain no personally identifying in-
formation of which we are aware. Al writing assis-
tants were used for editorial purposes only, namely
grammatical revision, sentence-level rephrasing,
and LaTeX formatting; all scientific contributions,
experimental design, implementations, analyses,
and conclusions are the authors’ own.
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A Additional Empirical Analyses

A.1 Layer and Diffusion-Step Sensitivity

We systematically ablate the choice of transformer
layer! € {1, Lyp/4, Lyy/2, Ly} and diffusion
timestep ¢t € {0,7/4,7/2,T} in the graph con-
struction, where L is the total number of lay-
ers and T is the total number of diffusion steps.
We evaluate two configurations: (i) steps=16,
gen_length=64 (Table 6); and (ii) steps=32,
gen_length=128 (Table 7). Each table reports AU-
ROC on test sets.

Findings. Performance improves consistently
with deeper transformer layers (¢ = L > L/2 >
L/4 > 1) across all probed denoising steps, in-
dicating that later layers encode stronger hallu-
cination cues. In contrast, the timestep effect is
non-monotonic: mid-trajectory steps (t = 1'/2)
provide the strongest single-step signal in both
schedules, while the final step (¢ = 0) can be
slightly weaker, consistent with late-stage repair
effects. Overall, the best single-snapshot configu-
ration is (¢ = L, t = T'/2). Increasing the diffu-
sion schedule to steps=32 with longer generation
(gen_length 64 — 128) preserves the same trends
and yields comparable performance, suggesting ro-
bustness to schedule length.

Table 6: Layer/step ablation (steps=16,
gen_length=64). Rows index transformer lay-
ers ¢ € {1,L/4,L/2, L} and columns index diffusion
timesteps ¢t € {0,7/4,T/2,T}. Metric: AUROC.

Test t=0 t=T/4 t=T/2 =T
(=1 0.5043 0.5552 0.5785 0.5374
(=L/4 05549 0.6073 0.6246 0.5952
(=L/2 0.6005 0.6438 0.6652 0.6387
(=L 0.6344 0.6785 0.6941 0.6639
Table 7: Layer/step ablation (steps=32,

gen_length=128). Rows index transformer lay-
ers ¢ € {1,L/4,L/2, L} and columns index diffusion
timesteps ¢t € {0,7/4,T/2,T}. Metric: AUROC.

Test t=0 t=T/4 t=T/2 =T
(=1 0.649 0.619 0.596 0.488
(=L/4 0.655 0.630 0.615 0.639
(=L/2 0662 0.645 0.635 0.651
{=L 0.675 0.660 0.682 0.670

Table 8: Efficiency Comparison. TDGNet incurs
marginal overhead over single-pass baselines, whereas
sampling-based methods (Semantic Entropy, Lexical
Similarity, EigenScore) are significantly slower due to
multiple generations.

Method Generations / Query Overhead / Query Time (100 Queries)

Perplexity 1 ~66 ms 426's
LN-Entropy 1 ~66 ms 426s
Ccs 1 ~96 ms 430s
TSV 1 ~66 ms 426s
Semantic Entropy 5 ~10 ms 2101s
Lexical Similarity 5 ~1 ms 2100s
EigenScore 5 ~14 ms 2102s
TDGNet (Ours) 1 ~160 ms 442 s

A.2 Efficiency Analysis

Diffusion language models already incur substan-
tial per-query compute; an effective detector should
not multiply that cost. We measure inference over-
head and wall-clock time across 100 queries on
LLaDA-8B (Table 8). Sampling-based methods
(Semantic Entropy, Lexical Similarity, EigenScore)
require S = 5 stochastic generations per query, in-
flating end-to-end latency by roughly 5x. TDGNet,
in contrast, operates on a single denoising trajec-
tory: its marginal overhead is ~160 ms per query
— approximately 4.4% of the underlying 3.6 s gen-
eration time — yielding a ~4.8x speedup over
Semantic Entropy (442 s vs. 2101 s for 100 queries)
while matching or exceeding its detection accuracy
on every benchmark in Table 1. This combines the
single-pass speed of perplexity-style detectors with
the robustness of trajectory-aware methods.

B Baseline Details

Baseline Selection Criteria. We evaluate against
a comprehensive suite of reproducible state-of-the-
art methods. We explicitly exclude methods requir-
ing external knowledge retrieval (e.g., FactScore)
to ensure a fair closed-book comparison. We addi-
tionally compare against the concurrent trajectory-
based method TraceDet (Chang et al., 2026) via
faithful reproduction (see Section B.3.2).

B.1 Token-Level Hallucination Detection
Methods

Standard response-level metrics suffer from a gran-
ularity mismatch when applied to fine-grained
tasks: broadcasting a single scalar score (e.g., se-
quence perplexity) across all tokens dilutes local
error signals. To address this, we employ three
baselines that generate native token-wise valid-
ity signals, each representing a distinct theoretical
hypothesis about hallucination.
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B.1.1 Predictive Entropy (Uncertainty
Hypothesis)
Predictive Entropy measures the flatness of the

model’s next-token probability distribution at each
step ¢t (Kuhn et al., 2023):

H(yily<t,x) = = > P(wly<t, %) log P(wly<t, )

weY
(N
This baseline tests the hypothesis that hallucina-
tions correlate with model uncertainty. While ef-
fective for simple errors, it often fails when models
are "confidently wrong."

B.1.2 Graph Degree Centrality (Structural
Hypothesis)

This structural baseline computes the In-Degree of
each token within the static attention graph con-
structed from the final layer.

Degree(y:) = Z]I[(j, t) € €] (8)
J#t
This tests the "Hub Hypothesis": grounded, mean-
ingful tokens typically act as attention sinks (hubs)
for subsequent generation, while hallucinated to-
kens are often structural outliers or "babble" that
the model ignores in future steps.

B.1.3 Source Attribution (Grounding
Hypothesis)

Source Attribution quantifies the proportion of at-

tention mass a generated token y; directs towards

the input prompt x versus the generated history
Y <: (Bahdanau et al., 2014):

Attr =

€)

This tests the "Context Hypothesis": factual tokens
should maintain strong attentional grounding in the
source context, whereas hallucinations often detach
from the prompt (low attribution).

B.2 Response-Level Hallucination Detection
Methods

Response-level methods classify the validity of the
entire generated sequence. We categorize these
into Output-Based (using prediction statistics) and
Latent-Based (using internal states).

B.2.1 Output-Based Methods

These approaches operate purely on generated text
and probabilities, requiring no access to internal
vector states.

Perplexity. Computes the negative log-likelihood
of the sequence (Azaria and Mitchell, 2023). While
theoretically sound, it often fails to distinguish con-
fident hallucinations from factual statements, as
both can have low perplexity.

Length-Normalized Entropy (LN-Entropy).
Computes token-level entropy averaged over the
sequence length to prevent short, high-entropy
phrases from dominating the score (Kossen et al.,
2024). It serves as a static heuristic for overall
uncertainty.

Semantic Entropy. Partitions multiple stochastic
generations into semantic clusters and computes
entropy over these meanings rather than exact to-
kens (Kuhn et al., 2023). It effectively captures
factual disagreement but requires expensive multi-
ple forward passes (typically 5-10), making it slow
for real-time applications.

Lexical Similarity. Measures the surface-level
overlap (e.g., Rouge-L) across multiple genera-
tions (Lin et al., 2023). It is computationally cheap
but prone to errors when the model paraphrases
correctly (false positive) or repeats the same hallu-
cination consistently (false negative).

B.2.2 Latent-Based Methods

These approaches exploit dense internal represen-
tations (hidden states), typically achieving higher
performance than output-based heuristics.

EigenScore. Analyzes the eigenvalue spectrum
of the covariance matrix formed by hidden states
across multiple generations (Chen et al., 2024).
Factual responses tend to cluster densely (low vari-
ance), while hallucinations scatter. However, it
requires multiple generations and assumes consis-
tency implies truth.

Contrast-Consistent Search (CCS). Unsuper-
visedly discovers a linear direction in activation
space that satisfies logical consistency constraints
between contrastive pairs (Burns et al., 2022).
While powerful, it assumes hallucinations are lin-
early separable and is sensitive to distribution
shifts.

Truthfulness Separator Vector (TSV). Learns
a supervised hyperplane (e.g., via SVM) on labeled
activation vectors to separate factual from halluci-
nated states (Park et al., 2025). It outperforms un-
supervised methods like CCS but requires labeled
training data.
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B.3 Baseline Implementation Details and
Exclusions

B.3.1 CHARM: Faithful Reproduction

CHARM (Frasca et al., 2026) proposes modeling
computational traces as static attributed graphs. As
the official code is unreleased, we implemented a
faithful reproduction based on the paper’s archi-
tectural specifications using PyTorch Geometric.
This reproduction was trained on the exact same
diffusion datasets (Dream-7B/LLaDA) and splits
used for TDGNet, ensuring a scientifically valid
comparison between static graph processing and
our temporal approach.

B.3.2 TraceDet: Reproduction and
Comparison

TraceDet (Chang et al., 2026) is a concurrent
trajectory-based detector that uses token-level en-
tropy traces rather than attention graphs. Since
the official code is unreleased, we reproduced the
TraceDet w/o Masking variant following the hyper-
parameter specification in their paper (Section 3.4,
Table 4), trained on identical splits and diffusion
configurations as TDGNet. Results on LLaDA-
8B are shown in Table 9. TDGNet outperforms
TraceDet on reasoning-intensive benchmarks (Hot-
potQA: +0.05; TriviaQA: +0.09 at 7=0.03) and
additionally supports token-level localization that
entropy-trace methods cannot.

B.3.3 Other Exclusions (ReDeEP, FactScore,
FactTest)

We exclude ReDeEP (Su et al.,, 2024a) and
FactScore (Min et al., 2023) as they require exter-
nal knowledge retrieval (violating our closed-book
setting). We exclude FactTest (Nie et al., 2024)
and AGSER (Liu et al., 2025) due to impractical re-
quirements for calibration sets or encoder-decoder
specific optimizations unsuited for decoder-only
diffusion models.

C Method Details

C.1 Implementation Details

We instantiate the TDGNet framework as a two-
stage pipeline comprising a Temporal Graph En-
coder gy and a Hallucination Predictor f;.

(a) Temporal Graph Encoder Configuration.

* Graph Sparsity Threshold (T): To robustly de-
fine the edge set £(), we employ a threshold 7
rather than a Top-K constraint. This allows the
graph topology to evolve naturally: distinct

semantic cliques can emerge at later denoising
stages without being artificially constrained,
while the dense, uniform noise characteristic
of early diffusion steps is effectively filtered
out.

* Efficient Trajectory Sampling: While TDGNet
is formulated over the full denoising trace
{GW}T_ | (processed in denoising order ¢t =
T — 0), processing every step incurs high
redundancy and computational cost. To
balance fidelity with efficiency, we sam-
ple a strategic set of keyframes Tiey =
{T,|T/2],|T/4],0}. This sequence cap-
tures the critical phases of generation: initial
structural formation (f = T'), semantic con-
struction (¢ = |7'/2]), and late-stage refine-
ment (¢ = 0). Crucially, this does not reduce
the model to an ensemble of static snapshots;
the recurrent memory states persist and update
sequentially across these keyframes, allowing
TDGNet to model the evolutionary dynamics
of the hallucination even with sparse temporal
sampling.

e Feature Initialization: Node features hz(»t) are

initialized from projected final-layer hidden
states (R1996 — R128). The memory module
uses a GRU with state dimension d,,, = 128,
and the temporal attention query q is similarly
set to d,,, = 128.

(b) Dual-Task Readout Heads. TDGNet sup-
ports both global and granular detection via spe-
cialized heads:

1. Response-Level (Graph Classification): For
sequence-level detection, we apply global
mean-pooling over the final temporal node
embeddings z; to obtain g, which is passed to
a binary classifier feq(8).

2. Token-Level (Node Classification): For fine-
grained localization, we bypass pooling and
feed the learned individual node embeddings
z; into a shared token classifier fioken(2:).
This allows the model to pinpoint specific
structural anomalies (e.g., local attention drift)
without losing any granular resolution.

C.2 Hyperparameter Configuration

Our graph-based hallucination detector involves
multiple architectural and optimization hyperpa-
rameters that jointly control model expressiveness,
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Table 9: Comparison with TraceDet (AUROC on LLaDA-8B).

Method Math CSQA HotpotQA TriviaQA Avg
TraceDet w/o Masking!  0.74  0.67 0.59 0.71 0.68
TDGNet (7=0.05) 0.72  0.65 0.64 0.72 0.68
TDGNet (7=0.03) 0.73  0.61 0.62 0.80 0.69

TReproduced based on Section 3.4 and Table 4 of Chang et al. (2026); official code unreleased at time of writing.

regularization, and computational efficiency. We
conducted extensive grid search across 1,296 con-
figurations (5 learning rates x 3 batch sizes x 6
dropout rates x 4 layer depths x 3 hidden dimen-
sions X 3 attention heads) to identify robust settings
that generalize across datasets and hallucination

types.

C.2.1 Parameter Justification

Learning Rate and Batch Size. Learning rates
span five orders of magnitude (le-5 to le-3), ac-
commodating both conservative updates on small
datasets and aggressive optimization on larger cor-
pora. Batch sizes of 16, 32, and 64 balance gradient
estimation quality (smaller batches provide noisier
but potentially more regularizing gradients) with
computational throughput and memory constraints.

Dropout and Model Depth. Dropout rates from
0.0 to 0.5 provide a spectrum of regularization
intensities, crucial for preventing overfitting on
smaller datasets like the 2,000-sample Dream-7B
collection. Detector depth (Lgnn € {2,3,4,5})
controls the receptive field of message-passing ag-
gregation: deeper networks capture multi-hop to-
ken dependencies but risk over-smoothing, where
node representations converge to similar values,
degrading discriminative power.

Hidden Dimension and Attention Heads. Hid-
den dimensions d € {64, 128,256} determine the
capacity of intermediate representations. Attention
heads € {2,4,8} enable the model to attend to
multiple distinct patterns of token interactions si-
multaneously; more heads increase expressiveness
but also computational cost.

C.3 Training Framework

Algorithm 1 formalises the end-to-end training pro-
cedure for TDGNet. The framework consumes
a precomputed attention-graph trajectory G =
{G®}9_. together with a binary hallucination la-
bel y € {0,1}, and produces a single scalar pre-
diction . Processing proceeds in denoising order

(t =T — 0): at each step, the head-averaged at-
tention map is sparsified into message edges (via
threshold 7), messages are propagated through an
MLP-based message function, and per-token GRU
memories are updated with the resulting aggre-
gate. After all timesteps are processed, a temporal-
attention readout aggregates each token’s memory
history into a trajectory-aware embedding, mean-
pooling yields a graph-level representation g, and
a final MLP predicts the hallucination label. The
entire pipeline is differentiable and trained end-to-
end via binary cross-entropy. We elaborate on the
three principal phases below.

C.3.1 Algorithm Overview

Algorithm 1 details the training procedure for
TDGNet. To efficiently capture hallucination sig-
nals that evolve across the denoising trajectory, the
framework operates in three principal stages:

1. Sparse Memory Evolution (Lines 7-14). For
each denoising timestep ¢ (processed in reverse or-
der from t = T to 0), we first construct a sparse
attention graph by retaining only edges whose (av-
eraged) attention weight exceeds a threshold 7. Un-
like static GNNs that process snapshots in isolation,
TDGNet maintains a persistent memory state s;
for each token. We apply a Gated Recurrent Unit
(GRU) to update this memory sequentially:

s\ = GRU (AGG(N ®) (1)), s(”l)) (10)

7
This recurrent update allows the model to track the
trajectory of token interactions (e.g., detecting if
a token "drifts" from correct to incorrect associ-
ations) while avoiding the computational cost of
processing dense attention matrices.

2. Temporal Attention Readout (Lines 16—19).
Hallucinations in diffusion models can be transient
(appearing only in intermediate steps) or persistent.
To capture both, we employ a temporal attention
mechanism. Rather than averaging all timesteps
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Table 10: Hyperparameter search space for TDGNet. Exhaustive grid search over 1,296 configurations enables
systematic identification of architecture-dataset pairs that maximize hallucination detection performance while

maintaining computational efficiency.

Hyperparameter

Search Space

Learning Rate (Ir)

Batch Size

Dropout Rate

Detector Depth (Lgnn)
Hidden Dimension (d)
Number of Attention Heads

{1 x1075,5x 10751 x107%,5 x 1074,1 x 1073}

{16, 32,64}
{0.0,0.1,0.2,0.3,0.4,0.5}
{2,3,4,5}
{64,128, 256}
{2,4,8}

equally, the model learns a query vector q to com-
pute attention weights agt), dynamically prioritiz-
ing the denoising steps where structural anomalies

are most pronounced.

3. Classification (Lines 21-23). The temporally-
weighted token embeddings are pooled to form a
global graph representation g, which is passed to
the MLP classifier. The entire pipeline is differen-
tiable and trained end-to-end using binary cross-
entropy loss.

C.3.2 Computational Complexity

For a dynamic graph sequence with 7" timesteps
and N tokens, the computational cost consists of
graph construction and message passing. The con-
struction step involves thresholding the attention
matrix, costing O(T - N?). However, since the
D-LLM backbone computes this matrix inherently
during inference, our detector merely performs a
lightweight element-wise check. The subsequent
GNN processing (dominated by the GRU) operates
on the sparse graph:
OT-N-k-d+T-N-d? (11)
where k is the average degree after thresholding
(k < N). Since N = 512 and k = 10, the sparse
update is extremely fast (~ 0.5ms/step; GNN up-
date only, while total overhead is reported in Ta-
ble 8). The total inference time remains orders

of magnitude lower than multi-sampling baselines
(S x T x N?).

C.4 Feature Initialization and Input
Specifications

To address potential ambiguity regarding input rep-
resentations, we explicitly define the feature initial-
ization and recurrence inputs used in TDGNet:

Node Feature Initialization. For a token 7 at dif-
fusion timestep ¢, the initial node feature hgt) is de-
rived from the model’s internal activations. Specif-
ically, we extract the hidden state vector from the
final transformer layer immediately after the feed-
forward block. For LLaDA-8B (dpmodelr = 4096)
and Dream-7B (dpoder = 4096), we project this
high-dimensional vector to a lower-dimensional
state using a learnable linear layer Wyoqe:

hgt) = Wiode - HiddenStateZ(-t) eR™  (12)

This ensures the graph encoder receives semantic
context (what the token means) alongside structural
context.

Edge Features. We construct directed message
edges (j,i) € E® whenever token 7 attends
strongly to token j (Eq. 2). Each such edge is
weighted by the head-averaged attention score
Ag) =+ Zle AZ(;’L’h) from the final attention
layer. We treat this scalar as an edge attribute
e§t3 = [Ag) ], allowing the message passing net-
work to modulate signal strength based on attention
intensity.

GRU Input Specification. The Temporal Graph
Network’s memory update (Eq. 10) receives a con-
catenated input vector. For a token ¢ at step ¢, the
input to the GRU is:

1
tnput(, = [\ | m("] (13)
(t+1) . )
where s; is the previous memory state (from

the preceding denoising step) and ﬁl(-t) is the aggre-

gated message computed from the current sparse
graph neighbors. This design forces the recur-
rent unit to integrate the historical context (mem-
ory) with the instantaneous structural update (mes-
sage).
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Algorithm 1 Training Framework for TDGNet

1: Input: Attention-graph trajectory G = {G
{AGLRYVE  abel y € {0,1}

0 ., where G(*) =

(V,E®), Xg) ), per-head attention

2: Hyperparameters: memory dim d,,, sparsity threshold 7, query vector q

3: Initialize:

4 Node memories S € RIVIxdm < ¢ > stores SET—H) =0
5. Learnable params Opsg, Ogru;s Oatn, Opred

6: // Phase 1: Sequential Temporal Encoding (Denoising Order)

7: for t = T down to 0 do

8: Feature Extraction: h( ) PI‘O]eCt(X( ))

9: Head-Averaged Attention: A I Ly A tL )

10: Sparsify (message edges):

11 Y {(4,4) | AS) > 7} > (j, 1) denotes message j — 1 if ¢ attends to j
12: Edge Attributes: for each (j,i) € £, set eﬁ — [AS)]

13: Message Passing (incoming to 7):

14: msg(” = MEAN({MLP (b @ b” @ el')) : j € NO(0)})

15: Memory Update (GRU):

16: (t) GRU(mng ), Z( ))

17: Latent Projection: zgt) = Linear(s Z(t))

18: end for

19: // Phase 2: Temporal Attention Readout
20: for each node ¢ € V do
21: // Attend over memory states s, aggregate projected latents z
2: (“):st)) >forallu € {0,...,T}

! Sh—oexp(a’s;”)
23 ZAtn — ZZ“ o a(u) (u)
24: end for

25: // Phase 3: Classification
2: g = MeanPool({zAm‘}W‘)

27§ = U(MLPpred(g))
28: Optimization: Update @ via backpropagation

D Dataset Details

D.1 Math, CSQA, HotpotQA, TriviaQA,
Natural Questions

Dataset construction. We evaluate hallucination
detection across five complementary QA bench-
marks that span diverse reasoning skills, input
modalities, and output formats: Math (Chuang
et al., 2024), CommonsenseQA (CSQA) (Talmor
et al., 2019), HotpotQA (Yang et al., 2018), Trivi-
aQA (Joshi et al., 2017), and Natural Questions
(NQ) (Kwiatkowski et al., 2019). Taken together,
these datasets cover numerical problem solving,
discrete commonsense reasoning, multi-hop con-
textual QA, and open-domain factoid QA. While all
datasets are utilized for response-level detection,
we specifically employ Natural Questions and

TriviaQA for the fine-grained token-level localiza-
tion experiments, as their factoid nature supports
precise span-level verification.

Math. The Math dataset is constructed following
the protocol of Chuang et al. (2024), and consists
of mathematically oriented word problems that re-
quire multi-step symbolic or numerical reasoning
to produce a single final numeric answer. Each in-
stance typically involves several intermediate com-
putation or derivation steps (e.g., algebraic manipu-
lation, arithmetic, or geometric reasoning), but the
model is ultimately evaluated on the correctness
of the final scalar output. This benchmark stresses
precision in reasoning: even small arithmetic or
algebraic deviations render the answer incorrect,
making Math a natural setting for studying hal-
lucinations that arise from failures in structured
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reasoning rather than from missing factual knowl-
edge.

CommonsenseQA (CSQA). CommonsenseQA is
a multiple-choice QA benchmark designed to probe
everyday commonsense knowledge (Talmor et al.,
2019). Each question is accompanied by several
plausible answer candidates, of which exactly one
is annotated as correct. Many distractor options are
semantically close to the true answer, so success
requires distinguishing between subtly different
interpretations of the question and leveraging back-
ground commonsense rather than surface-level lex-
ical cues. In our context, CSQA evaluates halluci-
nations in a discrete decision space: a hallucinated
response corresponds to confidently selecting an
incorrect-but-plausible option, which differs quali-
tatively from hallucinations in open-ended genera-
tion.

HotpotQA. HotpotQA is a multi-hop, context-
based QA dataset where answering correctly typ-
ically requires aggregating evidence across multi-
ple supporting documents and performing explicit
multi-step reasoning (Yang et al., 2018). Questions
are constructed so that the answer is not directly
extractable from a single sentence; instead, the
model must combine information spread across
distinct passages (e.g., linking entities, comparing
attributes, or following coreference chains). This
benchmark is therefore well-suited for studying hal-
lucinations that emerge from erroneous evidence
integration, spurious reasoning chains, or the blend-
ing of partially correct and incorrect facts within
long-context reasoning. It tests whether hallucina-
tion detectors can recognize when the model con-
structs a coherent but factually unsupported multi-
hop explanation.

TriviaQA. TriviaQA is an open-domain factoid QA
benchmark comprising natural language questions
paired with evidence documents and short textual
gold answers, often corresponding to named enti-
ties, dates, or specific phrases (Joshi et al., 2017).
Compared to HotpotQA, TriviaQA places greater
emphasis on factual recall and entity-level knowl-
edge, and less on explicitly structured multi-hop
reasoning. In practice, TriviaQA is representative
of real-world assistant-style queries, where users
ask for specific facts and models respond in free-
form text. Hallucinations on this dataset commonly
take the form of confidently asserted but incorrect
entities or attributes (e.g., wrong person, place, or
year), making it an important testbed for evaluat-
ing hallucination detection in open-ended factual

generation.

Natural Questions (NQ). Natural Questions is a
benchmark for factoid question answering derived
from real user queries issued to the Google search
engine (Kwiatkowski et al., 2019). Similar to Triv-
iaQA, it focuses on retrieving precise factual an-
swers (e.g., entity names, dates, locations) from
open-domain contexts. We include NQ specifically
to facilitate our token-level evaluation: since the
answers are typically short, grounded factoid spans,
they allow for unambiguous localization of hallu-
cinated tokens compared to long-form reasoning
tasks.

Hallucination labeling protocol. To adapt these
benchmarks for hallucination detection, we derive
binary hallucination labels via automatic compar-
ison between model outputs and ground-truth an-
swers. For Math, a generated response is marked
as non-hallucinated if and only if the decoded
final numeric answer exactly matches the gold
solution (Chuang et al., 2024), providing unam-
biguous supervision in the numerical reasoning
regime. For CSQA, we treat the task as standard
multiple-choice classification and label an output
as non-hallucinated when the predicted option ex-
actly matches the annotated correct choice (Talmor
et al., 2019). For HotpotQA, TriviaQA, and Nat-
ural Questions, where models produce free-form
text, we follow common QA evaluation practice
and deem an answer correct if it satisfies an ex-
act match criterion or achieves sufficient lexical
overlap with the reference answer, using token-
level overlap heuristics similar to those employed
in prior work (Yang et al., 2018; Joshi et al., 2017).
This unified protocol yields scalable and consis-
tent hallucination labels across numerical, multiple-
choice, contextual multi-hop, and open-domain fac-
toid QA, enabling a comprehensive evaluation of
hallucination detection methods under heteroge-
neous task conditions.

Splitting. We fix the random seed to 42 and split
at the prompt—response level to ensure no leakage.
For all five datasets, we employ a uniform split of
1500 training, 300 validation, 300 test examples,
ensuring comparable evaluation conditions across
varying task complexities.

Generative traces and graph construction.
We evaluate three decoding configurations: (i)
gen_length=32, steps=16; (ii) gen_length=64,
steps=16; and (iii) gen_length=128, steps=32.
We found that the gen_length=32, steps=16
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configuration yields the best performance and is
adopted as our primary setting. Unless otherwise
noted, we process all splits separately for each
model (LLaDA-8B and Dream-7B) under this pri-
mary configuration (gen_length=32, steps=16) to
extract denoising traces and construct attention
graphs.

E Diffusion Language Models:
Architecture and Stability Analysis

E.1 Model Architectures
E.1.1 LLaDA-8B-Instruct

LLaDA-8B-Instruct is a diffusion-based language
model generating text through iterative denoising
steps. The model maintains rich intermediate rep-
resentations at each denoising step, including at-
tention maps and activation vectors from all trans-
former layers. This property enables direct anal-
ysis of computational traces without relying on
final-layer probabilities. LLaDA-8B-Instruct ex-
hibits stable generation behavior across diverse
prompts and temperatures, making it a reliable pri-
mary testbed for hallucination detection.

E.1.2 Dream-7B-Instruct

Dream-7B-Instruct represents the other major open-
source diffusion LM architecture currently avail-
able. Unlike LLaDA, Dream-7B utilizes a dis-
tinct noise schedule and masking strategy. Given
the limited availability of high-performing open-
source D-LLMs, including Dream-7B is essen-
tial to demonstrate that our method generalizes
across different diffusion architectures. How-
ever, as it exhibits distinct generation instabilities,
we apply a specific curation protocol (detailed be-
low) to ensure valid benchmarking.

E.2 Dream-7B-Instruct: Generation
Dynamics and Data Curation

E.2.1 Structural Degradation and Mode
Collapse

Dream-7B-Instruct exhibits a failure mode during
zero-shot generation characterized as Structural
Degradation, where outputs collapse into repetitive,
semantically void sequences (e.g., repeating punc-
tuation). This necessitates a distinction between
generation quality (fluency) and hallucination (fac-
tuality).

Mechanism. We hypothesize this failure arises
from three interconnected stages:

1. Semantic Drift: During the iterative denois-
ing trajectory (steps 0—512), the model’s inter-
nal representations occasionally lose semantic
fidelity to the prompt, drifting toward generic
unconditional probability distributions.

2. Attractor State Formation: In the absence
of strong Classifier-Free Guidance (CFG), the
decoding trajectory gravitates toward high-
probability generic tokens (e.g., separators)
that dominate the training corpus.

3. Attention Entrenchment: Once a generic
token is generated, self-attention mechanisms
may disproportionately attend to it, locking
the model into a self-reinforcing loop (e.g.,

Empirical Evidence. Systematic ablation studies
(Table 11) confirm that this degradation is intrinsic
to the model’s current checkpoint rather than a
hyperparameter artifact.

E.2.2 Data Curation Strategy: Disentangling
Fluency from Factuality

To rigorously evaluate hallucination detection
rather than quality estimation, we employed a
temperature-scaled curation strategy. This ensures
our metrics reflect the detector’s ability to identify
plausible falsehoods rather than trivially flagging
broken syntax.

Protocol. We exploit the model’s behavior under
varying noise levels:

* Low Temperature (0.0-0.1): Promotes struc-
tural rigidity to harvest factually correct re-
sponses.

* High Temperature (0.7-1.0): Disrupts
attention entrenchment to collect diverse,
hallucinated-yet-coherent samples.

We generated extensive traces and applied strict
quality filtering to create a fixed evaluation set of
~?2,000 samples (50% factual, 50% hallucinated).
Crucially, this curated dataset was held fixed
across all baselines, ensuring performance differ-
ences are attributable to method efficacy rather than
sensitivity to model collapse.

E.2.3 Scientific Value: Latent Stability

Despite the instability of the decoding process,
our analysis reveals a critical finding: Dream-
7B’s internal latent graphs remain highly in-
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Table 11: Parameter sensitivity analysis for Dream-7B-Instruct. Structural degradation persists across standard
hyperparameter ranges, necessitating the rigorous filtering strategy we employed.

Parameter Values Tested

Outcome

Observation

Denoising Steps 16 to 512

Degraded Low steps yield incompleteness; high

steps trigger collapse.

Prompt Template  Alpaca, ChatML, Raw Degraded Diffusion loses prompt adherence mid-
generation.
Temperature 0.0,0.5,1.0 Mixed High temperature mitigates collapse but

reduces precision.

formative even when surface generation de-
grades. TDGNet achieves state-of-the-art perfor-
mance (0.73 AUROC) on these traces, significantly
outperforming output-based baselines like Perplex-
ity (~0.55 AUROC). This suggests that diffusion
LMs may be more reliable as discriminative scor-
ers (via internal states) than as generative engines
in their current state—a finding that informs future
work on D-LLM utilization.

F Qualitative Case Studies: Hallucination
Dynamics

Our method captures three observed hallucination
patterns that reveal the mechanisms underlying
model failures. These are illustrative instances
rather than an exhaustive taxonomy, and a single
trajectory may exhibit more than one; Correctness
Decay in Figure 1 is a variant of drift in which
the degraded intermediate state was factually cor-
rect. These case studies demonstrate how the dy-
namic graph representation exposes internal contra-
dictions even when final outputs appear correct or
when hallucinations persist uncorrected. For clarity,
in these case studies (and figures) we index denois-
ing iterations by generation steps s € {0,...,T}
(increasing with decoding progress), which corre-
sponds to diffusion time ¢ = T' — s in our main
notation (where ¢ = 7' is pure noise and ¢ = 0 is
the final output).

F.1 Case Study 1: Interleaving Hallucination
(Transient Noise)

F.1.1 Dataset and Observation

Domain: Math (Arithmetic Reasoning). The
model begins with correct intermediate reasoning,
degenerates into nonsensical token repetition dur-
ing intermediate denoising steps, yet surprisingly
recovers to produce the correct final answer. This
“Self-Correction” represents a case of transient in-

stability. Crucially, because TDGNet aggregates
the multi-step trajectory, it successfully identifies
the final resolution and correctly predicts O for the
hallucination score despite intermediate noise. This
highlights the model’s robustness: unlike static
snapshot methods that might flag the intermediate
degeneration as a fatal error, TDGNet recognizes
the successful recovery.

F.1.2 [Example and Denoising Trace
F.1.3 Interpretation

The graph-based detector observes the transient
incoherence at Steps 4—10, where token-level at-
tention becomes unstable. However, unlike static
methods that might erroneously classify this inter-
mediate noise as a fatal error, TDGNet’s memory
update tracks the recovery in Steps 12-16. By inte-
grating the full history, the model determines that
the structural integrity was restored, resulting in
a correct non-hallucinated prediction (Score = 0).
This confirms that temporal modeling effectively
filters out process instabilities that do not impact
the factual validity of the final response.

F.2 Case Study 2: Inconsistent Guesses
(Drifting)

F.2.1 Dataset and Observation

Domain: TriviaQA (Knowledge Retrieval). The
model attempts to retrieve a factual entity but drifts
over the denoising trajectory, progressively hallu-
cinating increasingly specific but incorrect details.
This captures the “Searching — Drifting” dynamic
where the model begins near plausible states but
diverges into false specificity.

F.2.2 [Example and Denoising Trace

The complete denoising trace is shown below.
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Case Study 1: Interleaving Hallucination

Question: Estevan has 24 blankets. One-third of the blankets have polka-dots. For his birthday,
his mother gives him 2 more polka-dot print blankets. How many polka-dot blankets does Estevan

have in total?
Golden Label: 10

Denoising Trace:

does Estevan have in total?
¢ Golden Label: 10

* Denoising Trace:

10
token degeneration)

fore: 10

* Question: Estevan has 24 blankets. One-third of the blankets have polka-dots. For his
birthday, his mother gives him 2 more polka-dot print blankets. How many polka-dot blankets

— Step 4: One-third of 24 blankets is 24/3 = 8 pol pol-d-d-d-d After mother... answer is
— Step 8: One-third of 24 blankets is 82433an88 pol pol-d-d-d-d... answer: 10 (Severe
— Step 10: One-third of 24 blankets is 24/3 = 8 polka-dEstot. AfterAfter more... There-

— Step 12: One-third of 24 blankets is 24/3 = 8 polka-dot blankets. After receiving 2
more... Estevan now has 8 + 2 = 10 polka-dot blankets. Therefore: 10

Final Output: 10 (Correct answer; transient process instability resolved.)
TDGNet Detection Score: 0 (Correctly flagged as non-hallucinated response)

F.2.3 Interpretation

The drifting pattern reveals a critical hallucination
mechanism: the model enters a “search cone” for
plausible entities, finds a structurally similar sur-
name (Kendall), and then progressively elaborates
on it with increasing confidence. The attention
graph evolves as follows: early steps show diffuse
attention across multiple tokens (exploring possibil-
ities); middle steps show attention concentrating on
“Kendall’; late steps show self-reinforcing attention
patterns where the model attends increasingly to its
own predictions of first names paired with Kendall.
Our graph aggregation detects this as hallucination
because the attention pattern exhibits semantic drift,
the model’s confident focus on an incorrect entity,
rather than stable grounding in the prompt. This
pattern is distinct from transient noise (Case Study
1) because the model maintains high confidence
throughout, making output-based methods (which
rely on entropy) ineffective.

F.3 Case Study 3: Persistent Hallucination
(Stuck)

F.3.1 Dataset and Observation

Domain: HotpotQA (Multi-hop Reasoning). The
model establishes an incorrect premise at the very
beginning of generation and adheres to it rigidly
throughout the entire denoising process, showing
no drift or self-correction. This “Stuck” pattern
represents the most problematic hallucination type:
confident, persistent, and unreachable.

F.3.2 Example and Denoising Trace

The complete denoising trace is shown below.

F.3.3 Interpretation

The persistent pattern represents the worst-case sce-
nario: the model locks onto an incorrect premise
immediately and never questions it. From a graph
perspective, this manifests as rigid attention pat-
terns with no exploration—the model’s attention
graph stabilizes early to a fixed configuration that
reinforces the incorrect answer. Unlike drifting
(Case Study 2), where attention patterns evolve and
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Case Study 2: Inconsistent Guesses (Drifting)

Question: Who was manager of Sheffield Wednesday when they won the League Cup in 1991,
beating Manchester United in the final?
Golden Label: Ron Atkinson

Denoising Trace:
» Step 1: The of Sheffield... (Initial Noise)
* Step 9: ...Kendall (Plausible guess: Howard Kendall was a famous manager)
* Step 13: David Kendall

¢ Step 15: Brian Kendall (Final Hallucination—Incorrect)

Final Output: Brian Kendall (Incorrect)
TDGNet Detection Score: 1 (Correctly Detected)

Case Study 3: Persistent Hallucination (Stuck)

Question: Did both Kanni and Bloodhound originate in the same continent?
Golden Label: No (Kanni is from India; Bloodhound is from Europe)

Denoising Trace:
* Step 0: Yes, both Kanni and Bloodhound originated in the same continent.
* Step 8: Yes, both Kanni and Bloodhound originated in the same continent.

* Step 15: Yes, both Kanni and Bloodhound originated in the same continent.

Final Output: Yes (Incorrect; factually false)
TDGNet Detection Score: 1 (Correctly Detected as hallucination)
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can be captured as instability, or transient noise
(Case Study 1), where instability is visible, per-
sistence appears deceptively confident. However,
our graph method detects this through a subtler sig-
nal: the attention pattern fails to ground in relevant
parts of the prompt (e.g., attention should distribute
across entity mentions “Kanni” and “Bloodhound”
with appropriate geographic context). Instead, at-
tention locks into a self-loop that reinforces the
hallucinated answer. The message-passing aggre-
gation exposes this as misalignment between the
model’s internal attention structure and the prompt
content.

F.4 Summary of Hallucination Patterns

These three cases illustrate why graph-based detec-
tion is superior to output-based methods: the inter-
nal attention structure reveals hallucination mecha-
nisms that surface-level outputs conceal. Transient
hallucinations with correct answers appear truth-
ful to perplexity-based methods; drifting patterns
build confidence that fools entropy metrics; persis-
tent hallucinations appear confident and therefore
low-risk. Only by analyzing the relational struc-
ture of attention can we detect all three types with
high fidelity. Table 12 summarises these three pat-
terns by their attention evolution, correctness, and
required detection mechanism.

G Compute, Packages, and
Reproducibility

G.1 Compute Infrastructure and Budget

TDGNet itself is a lightweight detector and trains
in minutes on a single GPU. The dominant com-
pute cost is the one-time extraction of attention
traces from the underlying D-LLMs (LLaDA-8B,
Dream-7B, LLaDA 1.5, LLaDA 2.1-mini). All
experiments are conducted on 2x NVIDIA A40
GPUs (48 GB VRAM per card). Per-query infer-
ence overhead and the per-method wall-clock com-
parison are reported in Appendix A.2; theoretical
complexity is analysed in Appendix C.

G.2 Software Packages

All experiments are implemented in Python 3.10
using PyTorch 2.4 with CUDA 12.1, and PyTorch
Geometric 2.5 for graph construction and mes-
sage passing. We load the underlying D-LLMs
(LLaDA-8B, Dream-7B, LLaDA 1.5, LLaDA 2.1-
mini) via HuggingFace Transformers 4.45, extract-
ing per-layer attention weights and final-layer hid-

den states with default tokeniser and forward-pass
settings. AUROC is computed with scikit-learn 1.5
(sklearn.metrics.roc_auc_score) from raw
classifier probabilities; no thresholding or calibra-
tion is applied prior to scoring. We do not em-
ploy any third-party NLP toolkits (NLTK, SpaCly,
ROUGE, etc.) at any stage of the pipeline.

G.3 Random Seeds and Reporting

We fix the random seed to 42 across all experi-
ments and data splits (Appendix D). Following
standard practice in the hallucination-detection lit-
erature (Kuhn et al., 2023; Manakul et al., 2023;
Park et al., 2025; Chang et al., 2026), AUROC
results are reported as single-seed values.
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Table 12: Taxonomy of hallucination dynamics captured by graph-based detection. Each pattern corresponds to
distinct attention graph evolution and requires structural analysis to detect.

Pattern Attention Evolution Output Correctness  Confidence  Detection Mechanism
Transient Noise Unstable — Recovers Correct Low — High Fragment detection
Drifting Exploring — Locks wrong Incorrect Low — High Semantic drift
Persistent Fixed (wrong) Incorrect High (static) Misalignment
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