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Abstract

The factual reliability of Large Language Mod-
els (LLMs) remains a critical barrier to their
adoption in high-stakes domains due to their
propensity to hallucinate. Current detection
methods often rely on surface-level signals
from the model’s output, overlooking the fail-
ures that occur within the model’s internal rea-
soning process. In this paper, we introduce a
new paradigm for hallucination detection by
analyzing the dynamic topology of the evolu-
tion of model’s layer-wise attention. We model
the sequence of attention matrices as a zigzag
graph filtration and use zigzag persistence, a
tool from Topological Data Analysis, to extract
a topological signature. Our core hypothesis
is that factual and hallucinated generations ex-
hibit distinct topological signatures. We val-
idate our framework, HalluZig, on multiple
benchmarks, demonstrating that it outperforms
strong baselines. Furthermore, our analysis re-
veals that these topological signatures are gen-
eralizable across different models and halluci-
nation detection is possible only using struc-
tural signatures from partial network depth.

1 Introduction

Large Language Models (LLMs) form the founda-
tion of modern natural language processing, pow-
ering systems for search, question answering, de-
cision support for various domains such as health-
care, law and finance. Despite their impressive
fluency, LLMs are prone to hallucination - the
generation of confident yet factually incorrect or
unsupported content (Huang et al., 2025; Sahoo
et al., 2024). This undermines trust and remains a
critical barrier in the adoption of LLMs in safety-
critical applications. A growing body of work has
sought to address this (Manakul et al., 2023; Sri-
ramanan et al., 2024; Fadeeva et al., 2024; Far-
quhar et al., 2024; Azaria and Mitchell, 2023; Zhou
et al., 2025; Bazarova et al., 2025; Orgad et al.,

Figure 1: Attention matrices modeled as graphs show
distinct topological patterns as they evolve through a
model’s layers. We leverage zigzag persistence in topo-
logical data analysis to quantify these evolving attention
structures for hallucination detection.

2025; Binkowski et al., 2025), yet most of the ex-
isting methods share a common limitation: they
primarily operate on the final output text or shallow
token-level statistics. They inspect the result of the
model’s reasoning and not the reasoning pathway.

To address this, we shift the focus from what the
model generates to how it arrives at its conclusion.
We hypothesize that a faithful generation relies on
coherent flow of information, where tokens consis-
tently attend to the relevant evidence across layers.
Contrastingly, hallucination may arise when this
flow breaks down and attention patterns diverge
towards spurious contexts, leading to fabricated
answers. Capturing these dynamics requires tools
that can characterize how the structure of attention
evolves across the model’s layers.

Characterizing this evolving structure is a non-
trivial task. While aggregate metrics of the at-
tention matrix, such as eigenvalues (Binkowski
et al., 2025) or the determinant (Sriramanan et al.,
2024), provide valuable insights, they do not cap-
ture higher-order structural properties. They can-
not, for example, describe how distinct groups of
tokens form conceptual clusters or how reason-
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Prompt: Which 
country has the 
highest number 
of UNESCO World 
Natural
Heritage sites?

Response: Italy 
has the highest 
number of UNESCO 
World Natural 
Heritage sites, 
with a total of 
5 sites.
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Figure 2: The HalluZig framework: capturing attention evolution for hallucination detection. We model the
layer-wise attention matrices from an LLM as a sequence of attention graphs (G1, . . . , GL). Zigzag persistence is
applied to this sequence to capture the evolution of topological features resulting in a Persistence Diagram. The
Persistence Diagram is vectorized into a topological signature, which is used by a classifier to detect hallucinations.

ing loops are formed. Topological Data Analysis
(TDA) provides a principled way to bridge this gap.

TDA (Edelsbrunner and Harer, 2010; Dey and
Wang, 2022) provides a mathematical language to
describe the ‘shape’ of this evolving structure. Per-
sistent Homology, a flagship concept of TDA, is a
method for identifying the most robust structural
features of a system by analyzing it at all scales si-
multaneously. This is achieved through a filtration,
a process analogous to gradually lowering a thresh-
old on attention weights to see which conceptual
clusters and reasoning loops are fundamental (i.e.,
they persist for a long time) versus those that are
ephemeral artifacts of noise. However, standard
persistent homology is limited to analyzing sys-
tems that only grow, following a nested sequence
(G0 ⊆ G1 ⊆ . . .).

This model is insufficient for capturing evolu-
tion of attention, where the structure is not merely
augmented but is completely transformed between
layers, with connections being both formed and
broken. To capture this complex evolution, we
leverage zigzag persistence (Carlsson and de Silva,
2010; Maria and Oudot, 2016; Carlsson et al.,
2019; Dey and Hou, 2022). Zigzag persistence
is an extension of standard persistence designed to
track topological changes through a series of inclu-
sions (additions) and deletions (subtractions). Thus,
viewing through the lens of zigzag persistence en-
ables us to move beyond quantifying individual
connections, to characterizing the topology of the
evolving attention matrices.

In this paper, we introduce HalluZig - a novel

framework that captures the evolution of attention
in an LLM using zigzag persistence. We model the
attention matrix at each layer as a graph (attention
graph) and connect successive graphs through a
zigzag filtration (Dey and Wang, 2022, Chapter 4).
By computing the zigzag persistence of this filtra-
tion, we obtain a topological summary quantifying
births and deaths of connected components and cy-
cles as information propagates through the model.
This topological summary is distilled into a numer-
ical vector to give a topological signature using
established methods (Adams et al., 2017; Atienza
et al., 2020). Our core hypothesis is that factual and
hallucinated responses leave distinct topological
signatures in the evolution of the model’s attention.
To evaluate this hypothesis, we experiment with
diverse datasets, which include human annotated
datasets and generic QA based datasets which we
annotate using LLM-as-a-judge paradigm (Zheng
et al., 2023). Our experiments confirm the hypoth-
esis, showing that the topological signatures can
distinguish between factual and hallucinated re-
sponses. Further, we demonstrate the applicability
of HalluZig for hallucination detection using par-
tial network depth. We show that it can reliably
detect hallucinations by analyzing only the first
70% of the model’s layers with minimal degrada-
tion in accuracy compared to a full-model analysis.
Furthermore, we demonstrate that these topolog-
ical signatures are not model-specific, exhibiting
remarkable zero-shot generalization when trans-
ferred between different LLM architectures.

In summary, our main contributions are as fol-
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lows: (1) We propose a new framework for hal-
lucination detection by modeling the evolution of
attention through an LLM. (2) To the best of our
knowledge, this is the first application of zigzag per-
sistence for capturing the layer-to-layer structural
transformations of attention graphs for this task. (3)
We demonstrate that HalluZig outperforms strong
baselines on multiple datasets annotated for hal-
lucination detection. (4) We empirically demon-
strate that HalluZig achieves near-maximum per-
formance when restricted to topological signatures
from the first 70% of model layers.

2 Related Work

Research in hallucination detection has attracted
a lot of attention in the recent times (Huang et al.,
2025; Zhang et al., 2023; Wang et al., 2024) can
be broadly classified into black-box methods and
white-box methods.

Black-box methods. These methods operate
only on the model’s final text output. Consis-
tency based techniques such as (Manakul et al.,
2023; Chen et al., 2024; Kuhn et al., 2023; Qiu
and Miikkulainen, 2024; Nikitin et al., 2024) eval-
uate agreement among multiple generations. These
methods rely on multiple model runs which im-
poses significant computational overhead. Surface-
level confidence measures, such as perplexity,
logit entropy, or predictive uncertainty (Fadeeva
et al., 2024; Malinin and Gales, 2021) provide
lightweight alternatives but with limited discrimat-
ing power, as they do not consider the model’s
internal reasoning process.

White-box methods. These methods leverage
internal representations such as hidden states, at-
tention maps, or logits. One of the early works
in this direction was (Azaria and Mitchell, 2023)
which had a linear probe into these states to deter-
mine factuality. Subsequent studies such as (Far-
quhar et al., 2024; Chen et al., 2024; CH-Wang
et al., 2024) quantified internal uncertainties by
comparing hidden states across multiple genera-
tions. (Du et al., 2024) reduced annotation require-
ments while (Kossen et al., 2024) learned to ap-
proximate expensive self-consistency scores. A
more recent and less explored white-box direction
involves analyzing attention maps. Chuang et al.
(2024) introduced lookback ratio which measures
how strongly a model attends to relevant input to-
kens when generating context-dependent answers.

Sriramanan et al. (2024) introduced simple atten-
tion statistics to flag a response as hallucinated in
an unsupervised manner. Binkowski et al. (2025)
use the eigen values of the attention matrix and
the eigen values of the Laplacian of the attention
matrix (modelled as a graph) to classify whether
a response is hallucinated. Bazarova et al. (2025)
introduce a topology-based hallucination detection
technique which leverages a topological divergence
metric between the prompt and the response sub-
graphs. These techniques typically exploit only
local or scalar attention features, overlooking the
rich, global structure of the evolution of attention
graph that HalluZig aims to capture.

3 Method

3.1 Attention Mechanism
The self-attention (Vaswani et al., 2017) is the core
component of the transformer architecture, which
allows the LLM to dynamically weigh the impor-
tance of different tokens in a sequence when pro-
ducing a representation for a given token.

At a high level, self-attention operates using
three learned vector representations for each token:
(1) Query(Q), (2) Key(K) and (3) Value(V ). Given
a generated sequence of tokens S = {t1, . . . , tT },
let X ∈ RT×d denote the matrix of T tokens,
each having a d-dimensional representation. Let
WQ,WK ,WV ∈ Rd×d denote the trainable pro-
jection matrices. Then, the three vector represen-
tations Q,W and V are XWQ, XWK and XWV

respectively. Note that Q,K, V ∈ RT×d. The
attention mechanism is defined as follows:

Attn(Q,K, V ) = softmax
(
QKT

√
d

)
V,

where d denotes the dimension of the token embed-
ding. The matrix A = softmax

(
QKT
√
d

)
is called

the attention matrix.
Modern LLMs use multi-head attention, which

performs this process multiple times in parallel
with different, learned projections for Q,K and V .
We denote the attention matrix at head h of layer l
as A(l,h).

3.2 Attention Graph Construction
For each layer l ∈ {1, 2, . . . , L}, we average the
attention matrices across all heads to get a mean
attention matrix A(l) ∈ RT×T . We model this
as a weighted, graph Gl = (V,El, wl), where V
is the set of tokens, and wl(ti, tj) is the attention
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weight from token ti to tj . We choose the top k per-
centile of attention weights to form the edges of the
graph Gl in order to focus on the most significant
structural connections within the layer, ensuring
our analysis is robust to the noise from low-value
attention weights. We refer to these graphs as at-
tention graphs. This gives us a sequence of graphs,
which captures the state of information flow at a
specific depth in the model. Refer to Figure 3 for
an illustration.

(a) A single-head attention
matrix from a decoder-only
model. The matrix is lower-
triangular due to the causal
mask, which prevents tokens
from attending to future posi-
tions in the sequence.

(b) An attention graph de-
rived from the matrix in Fig-
ure 3a. The nodes represent
tokens, while the edges visual-
ize the of attention. The thick-
ness of each edge corresponds
to its attention weight, high-
lighting the key inter-token re-
lationships that form the basis
for our topological analysis.

Figure 3: Visualizing the Attention Mechanism. (a) A
causally masked attention matrix. (b) The correspond-
ing attention graph where nodes are tokens and thick
edges represent high-attention links. This structural rep-
resentation is the input to our topological pipeline.

3.3 Topological Signatures

To analyze the structure of attention dynamics, we
employ tools from TDA. TDA provides a mathe-
matical framework for characterizing the "shape"
of complex data. Here, we introduce the core con-
cepts, building intuition from the familiar structure
of an attention graph.

Our starting point is an attention graph, where to-
kens are vertices and attention scores are weighted
edges. TDA provides a formal language to describe
the structure of such graphs that keep on changing.

A filtration F of graphs is a nested sequence of
graphs indexed by natural numbers/integers

F : G0 ⊆ G1 ⊆ G2 . . . ⊆ Gn.

Notice that the inclusions here are all in the forward
direction, i.e., the sequence is a non-decreasing
sequence of graphs. Now, if some of the inclusions

Figure 4: Zigzag filtration. The figure shows a zigzag
filtration where G2 = G1 ∪G3 and G4 = G3 ∪G5.

were to be reversed, we get a zigzag filtration Z

Z : G0 ⊆ G1 ⊇ G2 ⊆ . . . ⊇ Gn.

Refer to Figure 4. Unlike a standard filtra-
tion, which only allows the addition of new ver-
tices/edges, a zigzag filtration also allows their re-
movals. Attention values between tokens, as a sen-
tence passes through various layers, keep evolving.
To capture the evolution of attention graphs across
layers, it is crucial to allow the deletion of edges.
This is because two tokens that exhibit strong mu-
tual attention in layer li may no longer do so in
layer lj , requiring the corresponding edge to be
removed from the attention graph at that layer.

We obtain a zigzag persistence module MZ from
such a zigzag filtration of graphs by computing
the homology groups in dimensions 0 (# of con-
nected components) and 1 (# of independent cy-
cles) of each graph Gi appearing in the filtration.
In other words, for each stage Gi, we record the
p-dimensional topological features (such as con-
nected components for p = 0, loops for p = 1).
These homology groups are then connected by lin-
ear maps that follow the direction of the inclusion
arrows in Z .

MZ : Hp(G0)→ Hp(G1)← . . .← Hp(Gn)

The persistence module MZ thus encodes how
topological features appear, disappear, or reappear
as the graphs evolve. We refer the reader to Ap-
pendix A for formal definitions of (simplicial) ho-
mology groups.

A key result in zigzag persistence is that any
zigzag persistence module MZ decomposes into
a direct sum of indecomposable interval mod-
ules (Carlsson and de Silva, 2010). Each interval
module corresponds to a contiguous range of in-
dices in the zigzag filtration over which a homology
class exists. Intuitively, each interval corresponds
to the “lifetime” of an individual topological fea-
ture. This decomposition is unique up to reordering.
This collection of intervals provides a complete and
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concise summary of the filtration’s topological dy-
namics and can be visualized in two equivalent
ways:

• Barcodes: A collection of horizontal line seg-
ments, where the length and the position of
each line segment represents the lifetime of a
feature.

• Persistence Diagrams: A 2D scatter plot of
(birth, death) coordinates for each feature.
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(a) Persistence Diagram.
Each point (b, d) corresponds
to a topological feature born
at filtration value b and dying
at d. The vertical distance
from the diagonal y = x,
known as the feature’s persis-
tence.
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(b) Persistence Barcode.
Each horizontal bar repre-
sents a single topological
feature, starting at its birth
layer (x-axis) and ending at
its death layer. The length
of the bar directly visualizes
the feature’s persistence. For
readability, this plot displays
the first 100 bars, sorted
vertically by birth time.

Figure 5: Two Views of a Topological Summary. (a)
The 2D persistence diagram plots each feature’s birth
vs. death layers. (b) The 1D barcode represents each
feature’s lifetime as a horizontal bar.

3.4 Featurization and Classification

A persistence diagram is not a suitable input for
most machine learning models. We need to trans-
form each persistence diagram into a vector, which
would be representative of the topological infor-
mation captured in the persistence diagram. This
vector can be used as input to a machine learn-
ing classifier. There are multiple known vectoriza-
tion techniques such as persistence images (Adams
et al., 2017), persistence entropy (Atienza et al.,
2020), persistence landscapes (Bubenik, 2015),
Betti curves (Umeda, 2017).

3.5 Zigzag Persistence of Attention Dynamics

To analyze the information flow between layers, we
focus on consecutive pairs of graphs Gl and Gl+1.
We construct a short zigzag filtration between these
two graphs as follows:

Gl ↪→ Gl ∪Gl+1 ←↩ Gl+1.

Here, Gl ∪Gl+1 is an intermediate graph contain-
ing the union of vertices and edges in Gl and Gl+1.
Since the vertex set is the same for graphs from
each layer, Gl ∪Gl+1 is the union of the edges of
Gl and Gl+1. Refer to Figure 4 for an illustration.
The weight of the edge in Gl ∪ Gl+1 is taken as
the maximum of the weights of the edge in Gl and
Gl+1 if it exists in both graphs. This explicitly
models how the structure of Gl is transformed to
produce the structure of Gl+1. The pairwise con-
nections weave together all graphs from layer 1
to layer L to model the full sequence of attention
dynamics.

In our case, the vertex set of the graphs do not
change and thus we focus on the evolution of loops
(representing cyclic attention on tokens). Alge-
braically, we track the evolution of the number
of independent cycles or loops in Gl, which is the
rank of the 1-dimensional homology group H1(Gl).
Such loops can be interpreted in two ways: as sta-
ble, resonant structures that reinforce a coherent
semantic concept, or as flawed, circular reasoning
pathways. We hypothesize that these two cases
can be distinguished by their topological persis-
tence. Cycles in factual statements are likely to
be formed by strong, stable attention weights that
persist across multiple layers, representing the suc-
cessful consolidation of a concept. Conversely, we
posit that hallucinations may manifest as numer-
ous, short-lived, and structurally unstable cycles,
indicative of spurious thought loops. By analyzing
the 1-dimensional persistence diagrams, we aim to
capture these signatures of flawed reasoning that
are invisible to simpler connectivity measures.

In this paper, we use three vectorization schemes
to vectorize the zigzag persistence diagrams and
capture the topological information present in
the barcodes. Different vectorization techniques
present different representations of the underlying
topological information:

(1) Persistence Images (PersImg) (Adams
et al., 2017): PersImg treats the persistence di-
agram as a 2D distribution. It projects each per-
sistence point (b, d) onto a grid using a Gaussian
kernel, effectively creating a heatmap or "image"
that captures the geometric density and spatial rela-
tionships of topological features.

(2) Persistence Entropy (PersEntropy)
(Atienza et al., 2020): PersEntropy provides a
statistical summary of the barcode. It calculates
the Shannon entropy (Shannon, 1948) of the
distribution of feature lifetimes (the lengths of the
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Model Measure AUCROC Accuracy TPR @ 5% FPR F1 Score

Self-Prompt 50.30 50.30 - 66.53
FAVA Model 53.29 53.29 - 43.88

SelfCheckGPT-Prompt 50.08 54.19 - 67.24
INSIDE 59.03 57.98 13.17 39.66

Llama-2-7b LLM-Check (Attn Score) 72.34 67.96 14.97 69.27
PersImg 82.09 75.00 26.79 80.67

PersEntropy 75.67 72.82 21.43 78.26
Betti Curve 74.75 68.47 23.21 77.86

LLM-Check (Attn Score) 68.19 65.87 15.57 70.53
PersImg 82.64 73.91 46.43 80.33

Llama-3-8b PersEntropy 74.09 71.73 19.29 78.69
Betti Curve 74.33 70.65 21.43 77.69

LLM-Check (Attn Score) 71.69 66.47 24.55 62.00
PersImg 83.28 77.17 35.71 82.35

Vicuna-7b PersEntropy 75.47 68.47 17.86 76.03
Betti Curve 76.71 70.65 24.59 80.29

Table 1: Hallucination detection results on the FAVA Annotated Dataset. The LLM-Check (Attn Score),
Self-Prompt, FAVA Model, SelfCheckGPT-Prompt and INSIDE results are according to the numbers in Sriramanan
et al. (2024).

bars or equivalently, (d − b) for a point (b, d) in
the persistence diagram). A single entropy value
quantifies the overall complexity of the topological
signature, with higher values indicating more
uniform persistence across features.

(3) Betti Curve (Umeda, 2017): This method
produces a 1D vector by plotting the Betti number,
the count of currently active bars, as a function
of the filtration value. The resulting curve, which
tracks the feature counts, is then sampled at discrete
points to form the feature vector.

For simplicity, we refer to our overall approach
as HalluZig, regardless of the specific vectoriza-
tion scheme employed.

4 Experiments

4.1 Experimental Setup

Datasets. To ensure comprehensive evaluation,
we test HalluZig on a diverse suite of benchmarks
covering different domains and annotation styles:

Generative Benchmarks: We use two bench-
marks with explicit human provided hallucination
labels. The FAVA Annotated Dataset (Mishra
et al., 2024) provides passage-level binary labels
for Wikipedia abstract generation. The RAGTruth
Summarization Dataset (Niu et al., 2024) offers
span-level annotations, which we normalize to
passage-level task: a summary is considered if it
contains one or more annotated spans.

QA-based Benchmarks: We assess the perfor-
mance on TruthfulQA (Lin et al., 2022) and NQ-
Open (Kwiatkowski et al., 2019) datasets. As these

datasets do not contain explicit hallucination labels,
we employ the LLM-as-a-judge paradigm (Zheng
et al., 2023). We use GPT-4o-mini (Hurst et al.,
2024), a closed-source LLM, to automatically an-
notate whether a generated answer is a hallucina-
tion or not.

Models and metrics. For our experiments, we
use a diverse set of open-source LLMs, includ-
ing models from the Llama family (Llama-2-7b,
Llama-2-13b (Touvron et al., 2023), Llama-3-8b,
Llama-3.1-8b, Llama-3.2-3b (Grattafiori et al.,
2024)), Vicuna-7b (Chiang et al., 2023) and
Mistral-7b (Jiang et al., 2023) , all accessed via
the Hugging Face transformers library (Wolf et al.,
2020). Our topological pipeline is implemented
using the FastZigzag library (Dey and Hou, 2022)
for persistence computation and the Gudhi library
(Carrière et al., 2025) for vectorization. We employ
a Random Forest Classifier for the final binary clas-
sification and evaluate its performance using Ac-
curacy, F1-Score, AUC-ROC, and TPR@5%FPR.
For clarity in our main results, we report the perfor-
mance of the best run across multiple random seeds.
To ensure full reproducibility, we provide the mean
and standard deviation for all experiments, along
with a detailed list of all hyperparameters, in Ap-
pendix B. Moreover, all the results reported in
the paper are the result of a single LLM run of
the respective models. The code is available at
https://github.com/TDA-Jyamiti/halluzig

Baselines. Since our method leverages structural
signals embedded in attention matrices, we eval-
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uate our approach against baselines that capture
analogous information. On generative benchmarks
(FAVA Annotated Dataset and RAGTruth Sum-
marization Dataset), we compare against the At-
tention Score metric from the LLM-Check (Srira-
manan et al., 2024). To provide additional context
on where HalluZig stands with respect to other
uncertainty quantification methods, we add Self-
Prompt (Kadavath et al., 2022), INSIDE (Chen
et al., 2024), SelfCheckGPT-Prompt (Manakul
et al., 2023) and FAVA Model (Mishra et al., 2024)
to the comparisoin. For the QA benchmarks, we
add LapEigVals (Binkowski et al., 2025) to the
comparison as it extracts spectral properties from
attention matrices.

4.2 Main Results
HalluZig outperforms the baselines across models
on most datasets. The key empirical findings are
summarized below.

Method Metric White-box Black-box

Llama-2-7b Llama-2-13b Mistral-7b

Attention Score

AUCROC 54.19 60.05 55.37
Accuracy 54.52 59.66 56.99

TPR @ 5% FPR 5.88 14.48 5.18
F1 Score 54.50 55.97 57.72

PersImg

AUCROC 73.37 72.90 74.45
Accuracy 62.44 61.63 63.45

TPR @ 5% FPR 19.03 18.39 26.22
F1 Score 69.10 68.63 70.84

PersEntropy

AUCROC 51.46 52.78 52.97
Accuracy 52.00 53.95 52.02

TPR @ 5% FPR 7.96 2.69 3.11
F1 Score 60.15 61.22 58.37

Betti Curve

AUCROC 69.26 67.93 71.03
Accuracy 57.78 60.05 63.00

TPR @ 5% FPR 23.89 14.80 19.11
F1 Score 65.95 67.99 70.69

Table 2: Hallucination detection performance on the
RAGTruth Summarization Dataset. We compare
HalluZig (PersImg, PersEntropy, Betti Curve)
with Attention Score from (Sriramanan et al., 2024).
Results are reported for both a white-box setting (using
the Llama-2-7b generator) and a black-box setting (us-
ing Llama-2-13b and Mistral-7b as substitutes).

Performance on Generative Benchmarks. On
the FAVA Annotated (Mishra et al., 2024) and
RAGTruth Summarization Datasets (Niu et al.,
2024), HalluZig achieves superior performance
(Table 1 and Table 2). A key takeaway is the robust-
ness of the underlying topological signal: all three
vectorization schemes (persistence images, Betti
curves, and persistent entropy) yield competitive
results, confirming that the structural information
is the dominant feature. Furthermore, HalluZig
excels in both black-box and white-box settings on

RAGTruth Summarization dataset. While perfor-
mance varies by vectorization, both PersImg and
Betti Curve significantly outperform the base-
line in both scenarios. This demonstrates that
the dynamic structural information captured by
HalluZig is a robust signal for hallucination, even
when direct model access is limited. Refer to Fig-
ure 6 for an illustration.

LLM Feature NQOpen TruthfulQA

Llama-3.1-8b

AttentionScore 0.556 0.541
AttnEigvals 0.732 0.587
LapEigvals 0.748 0.589
PersImg 0.730 0.733

PersEntropy 0.682 0.664
Betti Curve 0.715 0.684

Llama-3.2-3b

AttentionScore 0.546 0.581
AttnEigvals 0.694 0.535
LapEigvals 0.693 0.539
PersImg 0.712 0.641

PersEntropy 0.685 0.656
Betti Curve 0.688 0.667

Table 3: Hallucination detection performance on QA
Benchmark. Test AUROC scores for baseline and
HalluZig. The results for AttentionScore, AttnEigVals
and LapEigvals are based on the experiments we per-
formed with their methods.

Performance on QA Benchmarks. HalluZig’s
effectiveness extends to the QA domain (Ta-
ble 3). HalluZig shows consistent improvement
on both, TruthfulQA (Lin et al., 2022) and NQ-
Open (Kwiatkowski et al., 2019) datasets, demon-
strating that topological features generalize from
controlled generative tasks to open-domain ques-
tion answering.

We note that there is a discrepancy in the
LapEigVal score reported in Table 3 and that re-
ported in their original paper (Binkowski et al.,
2025). One of the main reasons is that using
GPT-4o-mini as annotator produced a heavily class
imbalanced dataset, (711/91/15) in our case ver-
sus (~500/~250/~80) reported in (Binkowski et al.,
2025). Moreover, we used the temperature values
as 0.7 for all our experiments while the results re-
ported in (Binkowski et al., 2025) are with 0.1 and
1.0. Our aim for these experiments was only to
ensure a fair comparison between HalluZig and
other baselines under similar labeling conditions.

We can see from the results that, gener-
ally, PersImg has a higher performance than
BettiCurve and PersEntropy. Persistence im-
age is a 2D heatmap (distribution) that captures the
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Figure 6: Visualization of persistence diagrams for hallucinated versus non-hallucinated responses for FAVA
dataset. The top row depicts the persistence diagrams for three randomly selected non-hallucinated responses while
the bottom row depicts the persistence diagrams for three randomly selected hallucinated responses from FAVA
dataset. The persistence diagrams are colored by multiplicity, i.e., the multiplicity of each point in the diagram
is depicted by its color. We can see that the persistence diagrams look visually different for hallucinated versus
non-hallucinated responses which gets reflected in the HalluZig performance.

spatial relationship between birth and death layers
in a persistence diagram. Betti Curve generally
performs the second best which is a 1-D vector of
counts of the number of features at different points
over the filtration. Persistence Entropy is a single
value summary of the persistence diagram. While
still useful, quantifying the entire 2D plot (persis-
tence diagram) by a single number inherently loses
information, explaining its lower but competitive
performance.

5 Analysis and Discussion

The results demonstrate the efficacy of our method
and also provide deeper insights into the nature
of hallucinations and the potential for new model
safety mechanisms. We analyze the implications
of our key experimental findings.

5.1 The Critical Role of Dynamics: Zigzag vs.
Static TDA

To validate our central hypothesis that the dynam-
ics of attention evolution are more informative than
static snapshots, we conducted an ablation study
comparing our full model against a Static TDA
baseline. This baseline computes standard persis-
tent homology on each layer individually, deliber-
ately ignoring the layer-to-layer transformations.

As shown in Figure 7, the Static TDA baseline
underperforms HalluZig by a significant margin.
This provides compelling evidence that a substan-
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Figure 7: Role of Dynamics: Comparing HalluZig
against a baseline using static, layer-wise persistent
homology. Our full model demonstrates improved
performance across all metrics, notably achieving a
+12.78% F1-score. The results underscore the impor-
tance of modeling the dynamic evolution of attention
graphs over static analysis.

tial amount of discriminative information is lost
when inter-layer dynamics are disregarded. The
key takeaway is that the crucial signal for halluci-
nation lies not in the static topology of individual
layers, but in the dynamics of their evolution, a
property that zigzag persistence is equipped to cap-
ture, which supports our core hypothesis.

5.2 Universality of Signatures: Cross-Model
Generalization

A critical question is whether the learned topologi-
cal signatures are universal or model-specific. We
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Figure 8: Zero-Shot Cross-Model Generalization Per-
formance. The figure evaluates the ability of HalluZig
to generalize across different LLM architectures with-
out retraining. (Left) Performance of the classifier
on Llama-3-8b trained exclusively on topological sig-
natures extracted from Vicuna-7b. The generaliza-
tion model outperforms the baseline (Attn-Score (Sri-
ramanan et al., 2024)) by 3%. (Right) The reverse sce-
nario, showing performance on Vicuna-7b of the clas-
sifier trained on Llama-3-8b. The generalization model
surpasses the baseline by 7% in this case.

investigated this via a zero-shot cross-model ex-
periment, training a classifier on topological sig-
natures extracted from Llama-3-8b and testing it
on the topological signatures from Vicuna-7b and
the vice-versa, without retraining. We use FAVA
Annotated Dataset (Mishra et al., 2024) for this
analysis. The results reveal a remarkable degree of
transferability. This result indicates that different
LLMs may exhibit similar topological dynamics
when hallucinating.

5.3 Practical Implications: Hallucination
Detection from Partial Network Depth

Our final analysis investigates whether hallu-
cinations can be detected reliably before the
final layer. We computed topological fea-
tures (PersImg) up to varying model depths of
Vicuna-7b and Llama-3-8b on the FAVA Anno-
tated dataset (Mishra et al., 2024) and evaluated per-
formance at each stage (Figure 9). We observe from
the performance curves that HalluZig achieves an
F1-score nearly identical to that of the full-model
analysis just at 70% of the model’s depth for both
models.

This result suggests that hallucination may not
be a last-minute failure but is encoded and stabi-
lized relatively early in the model’s reasoning path-
way.

Together, these analyses reinforce that HalluZig
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Figure 9: Hallucination detection performance as
a function of model depth. The plot shows the F1-
scores achieved when using topological features from
an increasing percentage of the model’s total layers. We
observe that HalluZig performance achieves over 98%
of the final score by the 70% depth mark. This indicates
that the structural signatures of hallucination are formed
in the middle layers.

is not only as a diagnostic tool but can also be a
safety monitoring mechanism in LLMs.

6 Conclusion
In this paper, we introduced HalluZig, a novel ap-
proach for detecting hallucination by analyzing the
topological information hidden in the evolution of
attention in an LLM. By leveraging zigzag persis-
tence, we demonstrated that the structural evolu-
tion of attention provides a powerful and robust
signal for hallucination detection. Our experiments
show that this method not only outperforms strong
baselines but also exhibits remarkable cross-model
generalization and enables reliable early detection.
This work establishes the viability of structural in-
terpretability, offering a new lens to understand and
improve the trustworthiness of LLMs.
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Limitations

While our work establishes the viability of topolog-
ical analysis of evolving attention for hallucination
detection, we point out some limitations that can
be in agenda for future research.

Computational Complexity

The primary limitation of our current approach is
the computational cost of computing persistent ho-
mology, particularly for long sequences (sentences)
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which result in large attention graphs. However, we
note that this computational challenge is not unique
to our framework, but is a well-known limitation
within the applied TDA community.

Scope of Analysis

Our framework focuses exclusively on the attention
mechanism. However, other model components,
particularly the MLP layers, are known to store
and manipulate factual knowledge. Our approach
is currently blind to procedural failures that may
originate solely within these components. A more
holistic approach could integrate topological sig-
nals from both attention and MLP activations.

Attention-Head Averaging

A methodological choice of our framework is the
mean-pooling of attention heads to create a sin-
gle graph per layer. While this provides a stable,
holistic view of information flow and ensures com-
putational tractability, it is an important limitation.
It is known that attention heads can specialize in
distinct functions, and our averaging approach may
dilute or obscure a strong, localized signal from
a single “rogue” head whose aberrant behavior is
the primary cause of a hallucination. Future work
could pursue more fine-grained, head-specific topo-
logical analysis to gain deeper diagnostic insights,
though this would entail a significant increase in
computational cost.

Scope of Model Scale

Our experimental validation is conducted on open-
source LLMs with up to 13 billion parameters. This
leads to the natural question of whether our findings
on the topological dynamics of hallucination gen-
eralize to much larger, state-of-the-art foundation
models (e.g., 70B+ parameters). We hypothesize
that the observed structural patterns are a funda-
mental property of the Transformer architecture
and will therefore apply to larger models. However,
empirically verifying this scalability is a direction
for future research.

Ethical Considerations

To the best of our knowledge, we did not violate any
ethical code while conducting the research work de-
scribed in this paper. We report the technical details
needed for reproducing the results and will release
the code upon acceptance. All results are from a
machine learning model and should be interpreted

as such. The LLMs used to generate attention ma-
trices for this paper are publicly available and are
allowed for scientific research.
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A Topological Data Analysis
Preliminaries

This appendix provides the necessary background
in topological data analysis, with particular empha-
sis on concepts relevant to zigzag persistence and
its application to graphs.

A.1 Simplicial Homology
We begin by introducing simplicial complexes.
Simplicial complexes are spaces built with smaller
geometric objects (simplices), such as vertices,
edges, filled triangles, and so on. More formally:

An abstract simplicial complex K is a family of
non-empty subsets of an underlying finite set V (K)
that is closed under the operation of taking subsets.
In other words, if σ ∈ K and τ ⊂ σ then τ ∈ K.
Each such element σ ∈ K, is called a p-simplex if
|σ| = p+ 1. A τ ⊂ σ is called a face of σ.

A graph G = (V,E) is easily seen as abstract
simplicial complex, where the underlying set is
the set of vertices V = V (K), and the family of
subsets K is given by the union of set of vertices
and the set of edges. Then the vertices correspond
to the 0-simplices and the set of edges to the 1-
simplices.

For an abstract simplicial complex K, define for
each p ≥ 0 a chain group Cp(K,Z2), which is the
vector space over Z2 generated by the p-simplices
of K. We usually omit the field Z2 in our nota-
tion. Elements of Cp(K) are called p-chains, and
they are formal sums of p-simplices with Z2 co-
efficients. One can connect Cp(K) and Cp−1(K)
by a boundary operator ∂p : Cp(K)→ Cp−1(K),
which maps each p-simplex to the sum of its (p−1)-
dimensional faces. These boundary operators sat-
isfy the key property ∂p−1 ◦ ∂p = 0.

Using these boundary maps, define:

• The group of p-cycles:

Zp(K) = ker(∂p),

which consists of p-chains with zero boundary
(closed cycles).

• The group of p-boundaries:

Bp(K) = im(∂p+1),

which consists of p-chains that are themselves
boundaries of (p+ 1)-chains.

The p-th simplicial homology group is then de-
fined as the quotient

Hp(K) = Zp(K)/Bp(K),

which measures the p-cycles modulo those that
bound higher-dimensional simplices. Intuitively,
elements of Hp(K) correspond to p-dimensional
“holes” in the space. Since Z2 is a field, each
homology group forms a vector space.

A.2 Zigzag Persistence
Simplicial homology provides a powerful tool for
analyzing the topology of a single, static simplicial
complex. However, real-world data is often not a
single static object but a sequence of related data
sampled at different moments or corresponding to
different parameters of evolution. In order to study
these evolving objects, we define a zigzag filtration.
A zigzag filtration Z is a sequence of simplicial
complexes

Z : K0 ⊆ K1 ⊇ K2 ⊆ . . . ⊇ Kn.

where the sequence of inclusions could be both in
forward and backward directions.

The homology group of Ki is a vector space
Hp(Ki) (under a field coefficient like Z2) for each
i ∈ {1, . . . , n}. The inclusion map between Ki

and Kj , induces a natural linear map between
Hp(Ki) and Hp(Kj). By assembling these vec-
tor spaces and linear maps together, we obtain the
zigzag persistence module MZ defined by

MZ :Hp(K0)→Hp(K1)← · · · ← Hp(Kn)

The Interval Decomposition Theorem for zigzag
persistence modules (Carlsson and de Silva,
2010; Gabriel, 1972), states that MZ decomposes
uniquely (up to reordering and isomorphism) into
interval modules:

MZ ∼=
⊕

k

I[bk, dk]

where each I[bk, dk] is an interval module with
the support on the interval [bk, dk], called a bar.
The collection of these bars yields the zigzag bar-
code, defined as the multiset of pairs {[bk, dk]}k.
This barcode carries the topological information
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present in the zigzag persistence module, which we
leverage for hallucination detection.

One of the important properties of zigzag per-
sistence is its stability under small perturbations
(Carlsson and de Silva, 2010), implying that minor
changes in attention weights between layers result
in only small changes in the barcodes. This stabil-
ity property ensures that the topological signatures
we extract are robust to noise.

A.3 Time Complexity

We use the algorithm proposed in (Dey and Hou,
2022) to compute zigzag persistence barcodes. The
authors show that the time complexity for comput-
ing zigzag persistent homology is the same as the
time complexity for computing standard persistent
homology. The time complexity for computing
standard persistent homology is O(nω), where n is
the number of simplices (Zomorodian and Carlsson,
2004) and ω < 2.371339 is the matrix multiplica-
tion exponent (Alman et al., 2025). However, for
the special case of graphs there exists a near lin-
ear time algorithm (Dey and Hou, 2021) that could
potentially be used.

B Additional Experimental Details

To ensure the robustness of our method, we con-
ducted several experiments to select the optimal
hyperparameters for our main results. We use an
NVIDIA A100 (40GB) GPU with 16 cores for all
the experiments.

B.1 Hyperparameter Tuning

Minimum Persistence Filtering. As in well-
known in the applied TDA community, shorter bars
are considered to be noise. Hence, we filter out
shorter bars and retain the longer ones. In order
to choose the optimal threshold, we evaluate the
performance after filtering out bars below various
persistence thresholds (5, 7, 9 or 11 layers) at two
different levels of graph sparsity (edge selection)
- 30% (Table 5) and 10% (Table 6). Based on our
results, we find that a moderate level of persistence
filtering is optimal. Therefore, to balance the bene-
fit of removing noise against the risk of discarding
valuable signals, we select a conservative minimum
persistence threshold of 5 for all main experiments.

Edge Selection Threshold. The construction of
our attention graphs depends on a sparsity parame-
ter. We investigated the impact of this by varying
the percentage of top attention weights retained

(5%, 10%, 20%, and 30%) for different minimum
persistence values - 5 (Table 7) and 9 (Table 8). The
results indicate that retaining the top 10% of edges
provides a strong balance between detection perfor-
mance and computational efficiency. We therefore
use this 10% threshold for all main experiments
reported in the paper.

B.2 Implementation Details
Model Temperature. We used a temperature
value of 0.7 for all the models while generating
answers. For GPT-4o-mini, we used a temperature
of 0 while generating the annotation labels on QA
Benchmarks.

Topological Feature Vectorization. We use
GUDHI (Carrière et al., 2025) for all vectorization
schemes. The specific parameters are as follows:

• Persistence Images (PersImg): We use a res-
olution of 32 x 32.

• Betti Curves: We use a sampling resolution
of 32 points.

• Persistence Entropy (PersEntropy): We
use the default implementation from the li-
brary.

Classifier. For all our experiments, we classify
using a random forest classifier. For experiments on
RAGTruth Dataset, we use n_estimators = 500.
For all other experiments, we use n_estimators =
100. The max_depth parameter was tuned for each
configuration. The values are reported in Table 4.

Baseline Reproduction. To ensure a fair com-
parison with LapEigVals baseline from (Binkowski
et al., 2025), we followed their experimental pro-
tocol precisely. As specified in their work, we re-
tained the top k = 50 eigenvalues across all heads
and layers and trained a logistic regression classi-
fier with their reported parameters.

B.3 Detailed Performance Metrics and
Statistical Uncertainty

To ensure reproducibility of our results, this sec-
tion presents the detailed performance metrics for
HalluZig across all datasets. The main results
reported in the body of the paper correspond to
the single best run for clarity. Here, we report the
mean and standard deviation calculated over five
independent runs with different random seeds. Re-
fer to Table 10 and Table 9. For the RAGTruth
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dataset, we use the official train-test split provided
in the dataset. Consequently, all results reported in
the main text are based on this single, pre-defined
partition. For all other datasets, we use a 80-20
train-test split.

Dataset Model PersImg PersEntropy BettiCurve

FAVA Annotated
Llama-2-7b 20 10 10
Llama-3-8b 20 10 10
Vicuna-7b 20 10 10

RAGTruth
Llama-2-7b 25 25 25
Llama-2-13b 25 25 25
Mistral-7b 25 25 25

NQOpen Llama-3.1-8b 6 4 5
Llama-3.2-3b 5 4 4

TruthfulQA Llama-3.1-8b 6 5 5
Llama-3.2-3b 6 4 5

Table 4: Maximum tree depth (max_depth) used in Ran-
dom Forest Classifier.

Method Metric Min. Persistence of Bars

⩾ 5 ⩾ 7 ⩾ 9 ⩾ 11

PersImg

AUC-ROC 73.46 73.27 72.93 73.76
Accuracy 65.22 68.48 65.22 64.13

TPR at 5% FPR 7.41 7.41 7.41 7.41
F1 Score 72.88 75.63 72.88 72.27

PersEntropy

AUC-ROC 75.41 77.75 74.44 69.98
Accuracy 66.30 68.48 65.22 65.22

TPR at 5% FPR 33.33 25.93 24.07 22.22
F1 Score 71.56 74.34 70.91 72.41

Betti Curve

AUC-ROC 75.78 73.73 72.59 74.29
Accuracy 69.57 67.39 64.13 65.22

TPR at 5% FPR 27.78 29.63 29.63 37.04
F1 Score 75.86 74.14 71.30 73.77

Table 5: This table evaluates our three vectorization
schemes when filtering out topological features (bars)
with low persistence. We select the top 30% of the edges
for this experiment.

Method Metric Min. Persistence of Bars

⩾ 5 ⩾ 7 ⩾ 9 ⩾ 11

PersImg

AUC-ROC 73.42 73.08 72.34 74.10
Accuracy 66.30 64.13 64.13 68.48

TPR at 5% FPR 12.96 25.93 14.81 20.37
F1 Score 73.95 71.79 71.79 76.03

PersEntropy

AUC-ROC 66.96 57.36 59.23 64.91
Accuracy 65.22 64.13 60.87 65.22

TPR at 5% FPR 7.41 7.41 14.81 14.81
F1 Score 70.91 70.80 67.27 71.93

Betti Curve

AUC-ROC 69.96 70.49 71.03 72.69
Accuracy 66.30 65.22 64.13 65.22

TPR at 5% FPR 12.96 14.81 20.37 18.52
F1 Score 73.50 72.41 71.79 72.88

Table 6: This table evaluates our three vectorization
schemes when filtering out topological features (bars)
with low persistence. We select the top 10% of the edges
for this experiment.

Method Metric Top % of edges (attn weights) selected

30% 20% 10% 5%

PersImg

AUC-ROC 73.46 72.83 73.42 71.47
Accuracy 65.22 66.30 66.30 65.22

TPR at 5% FPR 7.41 20.37 12.96 9.26
F1 Score 72.88 73.50 73.95 72.88

PersEntropy

AUC-ROC 75.41 74.39 66.96 74.78
Accuracy 66.30 66.30 65.22 67.39

TPR at 5% FPR 33.33 25.93 7.41 22.22
F1 Score 71.56 71.56 70.91 74.14

Betti Curve

AUC-ROC 75.78 72.78 69.96 74.17
Accuracy 69.57 66.30 66.30 65.22

TPR at 5% FPR 27.78 31.48 12.96 38.89
F1 Score 75.86 73.95 73.50 71.93

Table 7: This table shows the performance of our three
vectorization schemes while varying the percentage of
top attention weights used to construct the attention
graphs (minimum bar persistence is held constant at 5).

Method Metric Top % of edges (attn weights) selected

30% 20% 10% 5%

PersImg

AUC-ROC 72.34 72.93 72.39 72.00
Accuracy 64.13 65.22 66.30 65.22

TPR at 5% FPR 14.81 7.41 16.67 18.52
F1 Score 71.79 72.88 73.95 72.88

PersEntropy

AUC-ROC 74.44 71.08 59.23 74.98
Accuracy 65.22 64.13 60.87 67.39

TPR at 5% FPR 24.07 14.81 14.81 25.93
F1 Score 70.91 71.30 67.27 73.21

Betti Curve

AUC-ROC 72.59 72.39 71.03 72.64
Accuracy 64.13 66.30 64.13 66.30

TPR at 5% FPR 29.63 22.22 20.37 33.33
F1 Score 71.30 73.95 71.79 72.07

Table 8: This table shows the performance of our three
vectorization schemes while varying the percentage of
top attention weights used to construct the attention
graphs (minimum bar persistence is held constant at 9).

Method TruthfulQA (AUC-ROC) NQOpen (AUC-ROC)

Llama-3.1-8b Llama-3.2-3b Llama-3.1-8b Llama-3.2-3b

PersImg 65.92± 4.05 62.08± 2.32 68.29± 2.58 67.27± 2.16
PersEntropy 63.62± 3.07 58.34± 6.61 66.11± 1.36 65.53± 1.68
BettiCurve 59.31± 6.11 58.22± 4.74 67.97± 2.92 65.86± 2.07

Table 9: Each entry reports mean ± standard deviation
across five random seeds for Test AUC-ROC scores.
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Metric
PersImg PersEntropy Betti Curve

Llama-2-7b Llama-3-8b Vicuna-7b Llama-2-7b Llama-3-8b Vicuna-7b Llama-2-7b Llama-3-8b Vicuna-7b

AUC-ROC 78.72± 3.41 78.89± 2.74 79.20± 3.38 70.35± 4.53 72.29± 4.34 71.31± 3.63 71.64± 3.75 72.71± 4.90 72.95± 2.48

Accuracy 73.04± 2.70 74.35± 2.24 74.13± 2.70 67.83± 2.54 71.52± 2.52 69.57± 3.30 67.83± 3.12 71.30± 2.54 70.65± 2.75

TPR @ 5% FPR 30.02± 12.17 37.70± 11.57 36.62± 12.25 19.86± 3.70 16.97± 4.61 25.55± 8.08 21.41± 3.95 16.45± 6.69 22.76± 8.28

F1 Score 80.21± 1.66 81.42± 1.77 81.16± 1.70 76.77± 2.16 78.15± 2.33 76.72± 2.53 77.05± 2.54 79.45± 1.60 78.96± 2.30

Table 10: Each entry reports mean ± standard deviation across five random seeds for all the metrics on the FAVA
Annotated Dataset.
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C QA prompt

We used OpenAI’s API and ChatGPT-4o-mini model as judge for labeling the generated response of each
LLM in the whitebox setting. The prompt we used is the same for NQopen, and TruthfullQA.

Prompt used for LLM-as-judge with Open AI’s ChatGPT4o-mini

You are an evaluator for QA tasks. Given the question, the reference best answer, and a model’s
answer, classify the model’s answer as:

- CORRECT if it matches or is equivalent to the best answer.

- HALLUCINATION if it introduces facts not in the best answer.

- N/A if the model expresses uncertainty or says it cannot answer.
Respond with only one label: CORRECT, HALLUCINATION, or N/A.

Question: {question}
Reference best answer: {best_answer}
Model answer: {model_answer}
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