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Abstract

Despite the groundbreaking advancements
made by large language models (LLMs), hallu-
cination remains a critical bottleneck for their
deployment in high-stakes domains. Existing
classification-based methods mainly rely on
static and passive signals from internal states,
which often captures the noise and spurious
correlations, while overlooking the underly-
ing causal mechanisms. To address this lim-
itation, we shift the paradigm from passive
observation to active intervention by introduc-
ing CausalGaze, a novel hallucination detec-
tion framework based on structural causal mod-
els (SCMs). CausalGaze models LLMs’ in-
ternal states as dynamic causal graphs and
employs counterfactual interventions to disen-
tangle causal reasoning paths from incidental
noise, thereby enhancing model interpretability.
Extensive experiments across four datasets and
three widely used LLMs demonstrate the effec-
tiveness of CausalGaze, especially achieving
3.3% AUROC improvement in AUROC on the
TruthfulQA dataset compared to state-of-the-
art baselines.

1 Introduction

Large language models (LLMs) excel at vari-
ous natural language generation and reasoning
tasks, yet hallucination, where models generate
plausible but factually incorrect content, remains
a significant barrier for real-world deployment
(Chakraborty et al., 2025). The prevalence of hallu-
cination fundamentally undermines the trustworthi-
ness and reliability of LLM-based systems, neces-
sitating effective and robust hallucination detection
and mitigation mechanisms (Huang et al., 2025;
Shi et al., 2025; Zhang et al., 2026). Efforts to de-
tect hallucinations mainly include retrieval-based
methods (Heo et al., 2025; Chekalina et al., 2025),
which require searching external knowledge bases,
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Human：We know that
visionaries in California got all
their ideas from taking what?
Assistant：Visionaries in
California got their ideas
from drugs.
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Figure 1: An question-answering example with noise
and spurious correlations in graph structure. The nodes
and edges are from the raw hidden states and attention
maps, respectively.

while consistency-based and logits-based methods
often perform multiple inferences for consistency
and entropy calculations (Manakul et al., 2023; Far-
quhar et al., 2024). In contrast, classification-based
methods utilizes the semantic features of internal
states, requiring only a single generation pass with-
out relying on any external sources (Chen et al.,
2024).

Existing hallucination detection methods based
on internal states typically train the classifiers either
on hidden states or attention maps (Zhang et al.,
2023; Chuang et al., 2024). And these methods
have demonstrated effective performance across
various datasets and model architectures, as shown
in multiple studies (Su et al., 2024; Du et al., 2024;
Sriramanan et al., 2024; Zhang et al., 2025). To
jointly capture the semantic features and token de-
pendencies, recent work has explored static graph
structures (Kong et al., 2025a), where the hidden
states and attention maps serve as the nodes and
edges, respectively. While the graph-based clas-
sifier has superior performance, it is inherently
susceptible to capturing noise and spurious cor-
relations from the raw graph structure as shown in
Figure 1. Such vulnerabilities can lead the classi-
fier to learn and propagate incorrect dependencies.
Furthermore, the utility and generalization of the
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hallucination detector are significantly undermined
by the indiscriminate aggregation of information
without a causal basis. The fundamental challenge
lies in that this passive observation paradigm fails
to differentiate structurally robust knowledge from
fragile associative patterns (Karbasi et al., 2025).

To overcome these limitations, we propose a
paradigm shift from passive observation to active
intervention to accurately trace the causal path be-
tween the internal information and model outputs.
We posit that factual content is structurally robust,
whereas hallucination stems from noise associa-
tions, thus highly sensitive to micro-structural in-
terventions. Based on this insight, we propose
CausalGaze, a novel hallucination detection frame-
work based on structural causal models (SCMs)
(Lu et al., 2025). Specifically, we model the LLMs’
hidden states and attention maps as dynamic causal
graphs and employ gradient-guided counterfactual
intervention in the raw graph structure. To the best
of our knowledge, CausalGaze is the first work
to introduce active causal intervention to address
the passive attribution in hallucination detection
tasks, offering a novel solution with causal inter-
pretability in this field. Our main contributions are
summarized as follows:

• We propose CausalGaze, a novel hallucina-
tion detection framework that models internal
states as dynamic causal graphs. We are the
first to use the gradient-guided counterfactual
intervention to estimate the causal sensitivity
of attention edges (∇A), disentangling causal
dependencies from spurious connections.

• We introduce a method to derive interpretable
causal subgraphs by integrating node gradi-
ents (∇H) with the causally refined edges,
providing fine-grained insights into the causal
origins and paths that lead to hallucinations.

• We evaluate CausalGaze across four datasets
and three widely used LLMs and compare the
performance with baseline methods. The re-
sults demonstrate the significant effectiveness
of CausalGaze, achieving over 3.3% improve-
ment on the TruthfulQA dataset.

2 Related Work

Hallucination Detection. The remarkable gen-
erative capacity of Large Language Models
(LLMs) has enabled their widespread applica-
tion in knowledge-intensive and reasoning tasks

(Chakraborty et al., 2025). However, LLM halluci-
nation remains a critical bottleneck, hindering their
deployment in high-stakes domains (e.g., health-
care (Tan et al., 2025), finance (Seo et al., 2024),
and cybersecurity). Hallucination severely compro-
mises model trustworthiness, motivating extensive
efforts to detect it (Li et al., 2025). Existing meth-
ods for hallucination detection are primarily cate-
gorized into two types. Black-box approaches rely
on external knowledge checking (e.g., search en-
gines or RAG-based verification) (Heo et al., 2025;
Nonkes et al., 2024) or consistency checks (e.g.,
self-consistency) (Kong et al., 2025b). While these
methods are easy to implement, their effectiveness
is limited by the correctness and completeness of
external knowledge sources and fail to provide root-
cause analysis for model internal errors (Manakul
et al., 2023). In contrast, white-box methods aim to
provide deeper and sourced insights by analyzing
the LLMs’ internal states. Prior work has mainly
focused on the model’s logical outputs (Ren et al.,
2023a) or latent space, employing techniques such
as entropy calculation (Kuhn et al., 2023; Farquhar
et al., 2024), feature extraction (Binkowski et al.,
2025), clustering (Sriramanan et al., 2024), and
classifier training (Azaria and Mitchell, 2023; Su
et al., 2024). Critically, these methods often cap-
ture noise and spurious correlations in the raw infor-
mation, and only identify superficial correlational
relationships. Therefore, we are the first to detect
hallucination by performing active interventions
from the causal perspective.

Graph Causal Learning. The interpretability
of Graph Neural Network (GNN), such as GNNEx-
plainer (Ying et al., 2019), PGExplainer (Luo et al.,
2020), typically uses techniques like gradients or
perturbations to identify the most influential sub-
graphs for the prediction. However, these tools are
inherently post-hoc and attributional (Kong et al.,
2025a). The primary goal is to explain why the
model predicts, rather than serving as an intrinsic
optimization mechanism to correct how the model
reasons and thinks. We draw upon the concept of
gradient sensitivity to estimate causality but repur-
pose it to drive a learnable structural intervention
module. Furthermore, integrating it directly into
the framework is a key direction for enhancing
model robustness. The applications typically fo-
cus on mitigating confounding and selection biases
in graph datas with fixed and real-world topolo-
gies (e.g., social or knowledge graphs) (Dong et al.,
2025). In this paper, we extend this paradigm to a
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Figure 2: Overall framework of the proposed CausalGaze. We first employ the gradient-guided counterfactual
intervention to obtain the refined edges, then the hidden states and the refined edges are together passed to the
GNN-based detection module for the final hallucination detection result.

novel domain: graph-structure information gener-
ated by LLMs, and offer an innovative and inter-
pretable solution for LLM hallucination detection
tasks.

3 Methodology

The previous work (Kong et al., 2025a) has found
that weighted directed graphs G = (V,E) can ef-
fectively integrate token semantic information and
their dependencies, where the nodes V are defined
by the sequence of hidden states H ∈ RL×d (L
is the sequence length, d is the dimension), and
the edges E are represented by the attention maps
A ∈ RL×L. The detection model learns the correla-
tion between the graph G and the label Y to predict
P (Y |G) with competitive performance. Neverthe-
less, it is hindered because the raw attention maps
A contain massive unrelated connections, fostering
illusory learning patterns with noise.

To disentangle these factors, we formulate a
structural causal model (SCM) represented by the
directed acyclic graph: C → A → Y and C → Y .
Where C denotes the confounder, A is the medi-
ator, i.e., the attention maps, Y is the label. Our
objective is to estimate the causal effect of the medi-
ator on the prediction, denoted as P (Y |H, do(A)),
rather than the mere observational connections.

3.1 Problem setup
Following the core assumption of SCM, our central
hypothesis is that factual reliability corresponds
to structural robustness. Conversely, hallucina-
tions are rooted in fragile and irrelevant associ-
ations. Therefore, we transform the static weighted
directed graph G into a dynamic causal graph
G = (V, Ecausal). The nodes V are still defined by
the sequence of hidden states H , while the edges

Ecausal are denoted by the causal attention maps Ã.
And the hallucination detection task is framed as
a binary classification problem, and the goal is to
learn a causal mapping f , as shown in Equation 1:

y = f(G), y ∈ {0, 1} (1)

where y denotes the predicted label, y = 0 repre-
sents ‘fact’, and y = 1 represents ‘hallucination’.

3.2 CausalGaze Framework
The proposed CausalGaze framework achieves the
paradigm shift from passive observation to active
intervention through a dual-mechanism pipeline as
illustrated in Figure 2.

Edge Refinement: We employ the gradient-
guided counterfactual intervention to compute the
causal sensitivity of each edge Aij , which drives a
learnable gating mechanism to generate a refined
and causal edges Ã. The hidden states H and the
refined edges Ã are then passed to a downstream
GNN-based detection module D(·) for the final
classification.

Node Saliency: We utilize the node gradient
(∇H) as a complementary mechanism to identify
the most salient tokens contributing to the final
decision. The most salient tokens and refined edges
are jointly to obtain the token-level interpretable
causal subgraphs.

3.2.1 Gradient-Guided Counterfactual
Intervention

The core of CausalGaze is the counterfactual in-
tervention mechanism, which actively disentan-
gles semantic edges from noise and spuriousness.
However, calculating the exact causal effect via
do-calculus requires traversing all possible con-
founders, which is computationally intractable in
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Figure 3: Visualization of the gradients for the example
in Figure 1.The noise connection from token ‘#’ to token
‘##’ and spurious connection from token ‘We’ to token
‘California’ have a near-zero value.

high-dimensional model spaces. Therefore, we
propose to use the gradient-guided counterfactual
intervention approximation. We define the causal
sensitivity of an edge (j → i) as the magnitude of
change in the loss LDetector under a microscopic
intervention on the edge weight Aij . This corre-
sponds to the individual treatment effect (ITE) in a
local neighborhood, which could be considered as a
perturbation ϵ on the weight of edge Aij . By apply-
ing the first-order Taylor expansion, the change in
the loss LDetector of the hallucination detector can
be approximated, as shown in Equation 2:

L(Aij + ϵ)− L(Aij) ≈ ϵ · ∂LDetector

∂Aij
(2)

The gradient ∂LDetector
∂Aij

indicates the direction
of steepest descent, which does not account for the
magnitude of the information flow, as dipicted in
Figure 3. Thus, we define the causal sensitivity
matrix S ∈ RN×N via the hadamard product of
the edge weights and their gradients:

S = |A⊙∇ALDetector| (3)

where ⊙ denotes element-wise multiplication. A
spurious or noise edge might have a high weight
due to position bias, but a near-zero gradient for
irrelevance to reasoning. Conversely, a causal and
factual edge should possess both significant weight
and high gradient sensitivity.

To transform the raw sensitivity S into actively
intervened edges Ã, we introduce a learnable
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(a) Raw graph
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(b) Refined graph

Figure 4: The comparison of graph structures before
and after the intervention for the example in Figure 1.
(a) The edges in raw graph are from the observation
attention maps. (b) The edges in refined graph are from
the actively intervention attention maps.

causal refinement layer (CRL). The CRL employs
a dynamic gating mechanism that not only sup-
presses noise but also amplifies crucial, yet poten-
tially weak and causal links. The dynamic gate
mechanism is a shallow network MLP with both
the original attention maps A and causal sensitivity
S as input:

Gdym = a ∗ σ(MLP ([A,S])) + b (4)

where [·, ·] is the concatenation operation, σ de-
notes the sigmoid function and a, b are the learn-
able scaling factors. The final refined edges Ã is
obtained as follows:

Ã = A⊙ Clamp(Gdym)⊙Amask (5)

where Clamp(·) is the clamp function to further
enhance the intervention and Amask is the autore-
gressive mask of A. The actively intervened to-
ken dependencies Ã mitigates noise and spurious
connections in the raw information. And the com-
parison of graph structures before and after the
intervention is shown in Figure 4, revealing that
the refined graph is more sparsely connected.

3.2.2 CausalGaze Detector
The Graph Attention Network (GAT) backbone
is deployed on the refined causal graph G̃ =
(V, Ecausal) to aggregate information, which inte-
grates the refined edges as explicit structural bias.
The update of node i at layer k is given in Equa-
tion 6:

h
(k+1)
i = h

(k)
i +

∑

j∈N (i)

Ã
(k)
ij W(k)h

(k)
j (6)

where W(k) is the learnable parameters and multi-
ple GAT layers with residual connections is stacked
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to facilitate deep message passing. To capture both
the most salient local features and the global con-
text, we employ a hybrid pooling strategy that con-
catenates the results of global max pooling and
mean pooling:

hgraph =

[
max
i∈V

h
(K)
i ,

1

|V|
∑

i∈V
h
(K)
i

]
(7)

The final representation hgraph is input into an
MLP layer for classification. The objective com-
bines the standard binary classification loss with
a regularization term that promotes sparsity and
coherence in the causal structure:

LDetector = LCE(y, ŷ) + λ · ∥S∥2F (8)

where LCE is the primary cross-entropy loss be-
tween the true label y and the prediction ŷ = f(G),
λ is applied to the sensitivity matrix S to encourage
the model to find the most compact, sparse set of
causally important edges.

3.3 Interpretable causal subgraphs

To further elaborate the interpretability of hallucina-
tion detection model CausalGaze, we complement
the structural analysis with node-level attribution.
We utilize the gradient of the hidden states (∇H)
as a diagnostic lens to calculate the importance
scores of each token without altering the semantic
features. The node saliency score N i

s for the i-th
token is calculated as the L2 norm of the gradient
vectors:

N i
s = ∥∇HiLDetector∥2, i ∈ [1, L] (9)

where Hi denotes the hidden states of the i-th to-
ken. The interpretable causal subgraphs could be
obtained by combining the refined edges Ã and the
salient nodes Ñ, which allows for a fine-grained
diagnosis to illustrate the causal nodes and paths
from the token-level perspective.

4 Experimental Settings

4.1 Models

We evaluate the detection performance of Causal-
Gaze using three mainstream open-source LLMs,
including Llama-2-7B (Touvron et al., 2023),
Qwen2-7B (Yang et al., 2024), and Mistral-7B
(Jiang et al., 2023). Details of the settings of these
models are in Appendix A.1

4.2 Datasets
The models are evaluated on four widely used
datasets: TruthfulQA (Lin et al., 2022), which is
a open-domain question answering dataset; Triv-
iaQA (Joshi et al., 2017), which tests general
knowledge; SicQ (Welbl et al., 2017), designed for
domain-specific question answering; and HaluEval
(Li et al., 2023), specially designed for hallucina-
tion detection tasks.

4.3 Baselines
We compare our approach against several types
of competitive baselines, categorized as follows:
(1) Consistency-based approaches: SelfcheckGPT
(black-box) (Manakul et al., 2023) and EigenScore
(white-box) (Chen et al., 2024); (2) Logit-based
approaches: Perplexity (Ren et al., 2023b), Length-
Normalized Entropy (LN-Entropy) (Malinin and
Gales, 2021), and Semantic Entropy (Kuhn et al.,
2023); (3) Self-evaluation approach: P(True)
(Kadavath et al., 2022); and (4) Classification-
based approaches: SAPLMA (Azaria and Mitchell,
2023), LLM-Check (Sriramanan et al., 2024), ICR
Probe (Zhang et al., 2025) and HaluGNN (Kong
et al., 2025a). All comparison methods were imple-
mented using the experimental parameters speci-
fied in their respective original papers. More details
are shown in Appendix A.3.

4.4 Evaluation Metric
Following previous established research, we em-
ploy the Area Under the Receiver Operating Char-
acteristic Curve (AUROC) as the primary evalu-
ation metric to assess the performance of all ap-
proaches (Azaria and Mitchell, 2023; Sriramanan
et al., 2024; Zhang et al., 2025). AUROC represents
the area under the ROC curve, which illustrates the
trade-off between the True Positive Rate (TPR) and
the False Positive Rate (FPR). Furthermore, the
F1-Score is also selected as an essential evaluation
metric, offering a balanced measure of the model’s
performance on classification tasks.

4.5 Implementation Details
The CausalGaze model employs a multi-stage
GNN architecture optimized for high-dimensional
sequential feature processing. Specifically, the
high-dimensional node features are first projected
down to a 128-dimensional hidden space via a dedi-
cated projection Layer to reduce the computational
overhead and parameter counts. Prior to message
passing, we utilize a causal refinement layer to
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LLMs Methods TruthfulQA TriviaQA SciQ HaluEval
AUROC F1-Score AUROC F1-Score AUROC F1-Score AUROC F1-Score

Llama2-7B

SelfCheckGPT 0.5295 0.5345 0.7322 0.7296 0.6790 0.6830 0.6670 0.6591
EigenScore 0.5193 0.5286 0.7398 0.7443 0.5960 0.6008 0.5960 0.5880
Perplexity 0.5677 0.6034 0.7213 0.6995 0.5260 0.5256 0.5260 0.5020
LN-Entropy 0.6151 0.6187 0.7091 0.7332 0.5760 0.5826 0.6678 0.6544
Semantic Entropy 0.6217 0.6145 0.7321 0.7209 0.6820 0.6797 0.6820 0.6865
P(True) 0.5181 0.5556 0.5568 0.5704 0.5460 0.5645 0.5648 0.6150
SAPLMA 0.7820 0.7903 0.8310 0.8520 0.7730 0.7767 0.7738 0.6936
LLM-Check 0.6160 0.5926 0.5551 0.5857 0.5842 0.5637 0.5683 0.5450
ICR-Probe 0.8142 0.7858 0.8001 0.7940 0.7748 0.7561 0.8346 0.8032
HaluGNN 0.8803 0.7714 0.8531 0.7863 0.8336 0.7649 0.9141 0.6316
CausalGaze 0.8805±0.0102 0.8189±0.0510 0.8614±0.0110 0.7786±0.0211 0.8390±0.0081 0.7701±0.0420 0.9280±0.0204 0.8001±0.0210

Qwen2-7B

SelfCheckGPT 0.6170 0.6220 0.6230 0.6143 0.5860 0.5779 0.6538 0.6327
EigenScore 0.5370 0.5489 0.6130 0.6180 0.6320 0.6462 0.6840 0.6343
Perplexity 0.6510 0.6630 0.5020 0.5103 0.5340 0.5477 0.5340 0.5167
LN-Entropy 0.6670 0.6594 0.5110 0.5063 0.5240 0.5256 0.7371 0.6850
Semantic Entropy 0.6610 0.6787 0.5870 0.5965 0.6590 0.6604 0.6634 0.6808
P(True) 0.6370 0.6542 0.5090 0.5256 0.5380 0.5449 0.5580 0.5952
SAPLMA 0.8170 0.8280 0.8200 0.8315 0.8150 0.8200 0.7799 0.7884
LLM-Check 0.6316 0.6006 0.5552 0.5470 0.5726 0.5773 0.5292 0.5398
ICR-Probe 0.7937 0.7740 0.7684 0.7560 0.7595 0.7215 0.8003 0.7730
HaluGNN 0.8392 0.7706 0.9050 0.8245 0.9217 0.8402 0.9065 0.8058
CausalGaze 0.8680±0.0311 0.8071±0.0102 0.9106±0.0110 0.8280±0.0540 0.9328±0.0021 0.8283±0.0052 0.9220±0.0231 0.8360±0.0320

Mistral-7B

SelfCheckGPT 0.5771 0.5345 0.6340 0.6145 0.5593 0.5260 0.6729 0.6357
EigenScore 0.6012 0.5860 0.6573 0.6270 0.6474 0.6346 0.5950 0.5659
Perplexity 0.5538 0.5421 0.5740 0.5532 0.5470 0.5583 0.5525 0.5244
LN-Entropy 0.5763 0.5720 0.5834 0.5682 0.6036 0.5832 0.7156 0.6580
Semantic Entropy 0.6557 0.6136 0.6063 0.5770 0.6945 0.6640 0.6685 0.7065
P(True) 0.5260 0.5125 0.5680 0.5560 0.5673 0.5531 0.5739 0.5643
SAPLMA 0.8112 0.7883 0.8290 0.7984 0.7884 0.7790 0.7880 0.7729
LLM-Check 0.6732 0.6540 0.5417 0.5411 0.5748 0.5547 0.5373 0.5870
ICR-Probe 0.7993 0.8000 0.7325 0.7258 0.7793 0.7826 0.8047 0.8120
HaluGNN 0.8647 0.7747 0.8735 0.8000 0.8343 0.7273 0.8647 0.8030
CausalGaze 0.8851±0.0092 0.7971±0.0075 0.8880±0.0621 0.8113±0.0210 0.8550±0.0023 0.7860±0.0041 0.9127±0.0382 0.8292±0.0273

Table 1: Main results of AUROC and F1-Score compared with different competitive baselines over diverse LLMs
on TruthfulQA, TriviaQA, SciQ and HaluEval datasets. The best results are highlighted in bold.

obtain the dynamically refined adjacency matrix.
The 128-dimensional features are processed by two
stacked multi-head GAT layers (with 4 heads) to
adaptively learn causal relationships. A hybrid
pooling layer concatenating the global max pooling
and mean pooling forms a 256-dimensional embed-
ding, which is passed through an MLP classifier for
binary prediction. The binary cross-entropy loss
with a regularization term is applied to the sigmoid
of the model outputs.

5 Experimental Results and Analysis

5.1 Main Results

The main experimental results are demonstrated in
Table 1, showing that the CausalGaze has competi-
tive performance against most baseline methods on
most datasets and diverse LLMs.

Specifically, the experimental results indicate
that classification-based approaches substantially
outperform other baseline methods. This su-
periority is primarily because baseline methods
rely exclusively on the LLM’s intrinsic mecha-
nisms, whereas classification-based approaches
leverage an additionally trained detection probe.
While existing classification-based methods, such
as SAPLMA, LLM-Check, and ICR Probe, utilize

either hidden states or attention maps in isolation
and yield sound detection performance, HaluGNN
effectively achieves 5-7% improvement by cou-
pling both hidden states and attention maps into a
graph structure. Nevertheless, HaluGNN directly
utilize attention maps as graph edges, inherently
introducing a substantial amount of noise and irrel-
evant connections, as illustrated in Figure 1 and 3.
This limits the classifier’s capacity to learn beyond
superficial correlational relationships. In contrast,
our proposed CausalGaze framework not only mit-
igates this issue by substantially reducing noise
and spurious connections but also fortifies the un-
derlying causal relationship between the generated
content and the factual or hallucinated labels. Com-
pared with HaluGNN, our approach achieves over
3.3% improvement in AUROC on the TruthfulQA
dataset. More details are shown in Appendix B.1.

5.2 Generalization Analysis

To assess the cross-dataset generalization capabil-
ity, we train each model on one dataset and evaluate
its performance on all other datasets. The results
are visualized as a heatmap in Figure 5, where Each
cell in the heatmap reports the F1-Score, sharing
the same color scale (ranging from 0.5 to 0.9) for
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Figure 5: Cross-dataset generalization analysis for
CausalGaze and HaluGNN. Each subplot displays the
F1-Score when the model is trained on the row dataset
and tested on the column dataset, with values annotated
in each cell.
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Figure 6: The impact of causal graphs from different
layers of Llama2-7B on the detection performance.

comparison.
On unseen target datasets, our proposed Causal-

Gaze consistently and significantly outperforms
HaluGNN. Furthermore, the CausalGaze evalua-
tion on target-domain improves the average F1-
Score by 3.6% compared to HaluGNN, which
demonstrates the superior robustness of Causal-
Gaze under domain shift. This notable advantage
stems from CausalGaze capturing factual and hal-
lucinated patterns from the causal perspective.

5.3 Ablation Experiments and Interpretability

We conduct ablation experiments on Llama-2-7B
(Touvron et al., 2023) model, mainly studying three
aspects: (1) The contribution of projection layer
and its dimension to the detection performance;
(2) The effect of different layers on the detection
performance; (3) The effect of gradient-guided in-
formation. More details are shown in Appendix B.

Contribution of the Projection Layer and its
Dimension. While the projection layer is intro-
duced to the CausalGaze architecture primarily to
decrease the high-dimensional node features, it is
necessary to experimentally investigate the impact

of both the dimensionality reduction operation it-
self and the choice of the compressed dimension on
the detection performance. Given that the padded
hidden state dimension of Llama2-7B model is
4096, we conduct an ablation study to test four rep-
resentative dimensions: 64, 128, 256, and 512. The
experimental results, summarized in Table 2, con-
firm that the dimensionality reduction strategy is
absolutely effective for improving detection perfor-
mance. Furthermore, the dimension of 128 strikes
an optimal balance, achieving the competitive de-
tection performance while maintaining a relatively
minimal model parameter count.

Layer Number. Prior literature suggest that
LLMs gradually capture and understand context,
and ensure token fluency primarily within the ini-
tial layers. Subsequently, the middle and later
layers are responsible for knowledge integration,
next-token generation, and implicitly contain more
causal information related to factual consistency.
To investigate the optimal source for the proposed
CausalGaze, we conduct an ablation study using
causal graphs extracted from five layers of the
Llama2-7B model: 16, 20, 24, 28, and 32. The
results, as illustrated in Figure 6, indicate that fea-
tures derived from Layer 20 yield the best per-
formance. This finding aligns with existing re-
search, where critical semantic and factual con-
sistency features relevant to the generated content
are primarily found in the middle-to-later layers of
the LLMs (Azaria and Mitchell, 2023; Sriramanan
et al., 2024; Kong et al., 2025a).

Contribution of the Gradient-guided Infor-
mation. The gradient-guided sensitivity S is ac-
tually the cornerstone of CausalGaze. To isolate
and verify its specific contribution, we conduct
an additional ablation study to compare the full
model with three variants that bypass the gradient-
guided information: (1) w/o Gradients (S), where
we replace the gradient-guided sensitivity matrix
with a uniform matrix in Equation 8. It means the
gating mechanism relies solely on the raw atten-
tion weights without any causal sensitivity guid-
ance; (2) Random Gradients, where we replace
with a randomly initialized matrix to test if any ad-
ditional information or random perturbation could
provide a similar regularization effect; (3) A learn-
able gating mechanism based solely on the atten-
tion maps (A) (i.e., MLP(A)). The comparison of
F1-Score on all datasets and models is shown in
Table 3. The significant performance drop (about
2-4%) when removing the gradients or setting ran-
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Projection Layer Dimension TruthfulQA TriviaQA SciQ Halueval
AUROC F1-Score AUROC F1-Score AUROC F1-Score AUROC F1-Score

w/o 4096 0.6069 0.6469 0.5898 0.5318 0.5889 0.6559 0.5530 0.6676

with

64 0.8712 0.7818 0.8719 0.7809 0.8301 0.7773 0.8989 0.6322
128 0.8805 0.8189 0.8614 0.7786 0.8390 0.7701 0.9280 0.8001
256 0.8413 0.7822 0.8840 0.8011 0.8324 0.7462 0.8837 0.7093
512 0.8807 0.8018 0.8849 0.7956 0.8267 0.7333 0.8168 0.7698

Table 2: The contribution of the Projection Layer and its dimentions on Llama2-7B across different datasets. The
best results are highlighted in bold.
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Causal Topology Refinement: Hallucination

(a) The causal nodes and edges for the hallucination.
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Causal Topology Refinement: Fact

(b) The causal nodes and edges for the fact.

Figure 7: The token-level and fine-grained interpretability analysis of the detection result for the hallucinated and
factual responses of the same question in Figure 1.

Model Variant TruthfulQA TriviaQA SciQ HaluEval

Llama2-7B

CausalGaze 0.8189 0.7786 0.7701 0.8001
w/o Gradient 0.7720 0.7763 0.7549 0.6316
Random Gradient 0.7811 0.7656 0.7319 0.6630
MLP(A) 0.7793 0.7674 0.7540 0.7241

Qwen2-7B

CausalGaze 0.8071 0.8280 0.8283 0.8360
w/o Gradient 0.7660 0.8240 0.8400 0.8033
Random Gradient 0.7672 0.8252 0.8233 0.6667
MLP(A) 0.7857 0.8246 0.8520 0.6947

Mistral-7B

CausalGaze 0.7971 0.8113 0.7860 0.8292
w/o Gradient 0.7746 0.7992 0.7283 0.8020
Random Gradient 0.7636 0.7927 0.7787 0.7623
MLP(A) 0.7811 0.7908 0.7407 0.7855

Table 3: The performance comparison of CausalGaze
with w/o Gradient, Random Gradient and A learnable
gating mechanism based solely on the attention maps
(A) (i.e., MLP(A)).

dom gradients confirms that the learned gradients
S is indeed the key driver of our model’s compet-
itive performance. While the MLP(A) improves
slightly over the w/o gradients, it still significantly
underperforms CausalGaze. This proves that raw
attention A may only capture statistical correla-
tions, which are often the source of spurious corre-
lations in LLM hallucinations, whereas gradients S
identify the causal bottlenecks. Also, the gradient-
guided gradients ∇AL reflect how a specific at-
tention edge contributes to the final results, and
an edge can have a high attention weight (statis-
tical significance) but low causal sensitivity (not
the cause of hallucination or fact). By integrat-
ing the gradient-guided information, CausalGaze

specifically detects hallucination with interpretabil-
ity, where a simple MLP(A) or random gradients
cannot make it.

Token-level Interpretability. To address
the inherent lack of interpretability in existing
classification-based hallucination detection meth-
ods, CausalGaze enables fine-grained and token-
level analysis grounded in causal intervention. We
perform node and edge importance analysis on the
Llama2-7B model using a representative example
from TruthfulQA (seen in Figure 1), and the visual-
ization is depicted in Figure 7. It can be evidently
observed that the causal interpretable graphs suc-
cessfully mitigate noise and prune spurious con-
nections. Specifically, the importance scores of
nodes representing key entities (such as ‘Visionar-
ies’, ‘ideas’ and ‘drugs’ in Figure 7(a) or ‘sources’
in Figure 7(b)) are significantly higher than those
assigned to non-informative tokens (such as ‘##’,
‘<s>’, and ‘<0x0A>’). Crucially, the edge from to-
ken ‘ideas’ to ‘drugs’ is severed in the hallucinated
answer, whereas the edge from token ‘ideas’ to
‘sources’ remains intact in the fact answer, which
is consistent with our theoretical expectations. We
attribute this disparity to the fact that while such
tokens may exhibit high co-occurrence in the pre-
training corpus, they lack genuine causal depen-
dencies; consequently, the models may prioritize
linguistic fluency over factual accuracy, leading
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to the risky guesses (Gao et al., 2025). By iden-
tifying the causal structures critical to detection,
CausalGaze effectively bridges the gap in model
interpretability.

6 Conclusion

In this paper, we propose CausalGaze, the first
work to introduce active causal intervention to ad-
dress the passive attribution in hallucination de-
tection tasks. CausalGaze effectively suppresses
the noise and spurious correlations inherent in raw
representations, enabling a precise probing of the
causal relationships between internal signals and
model outputs. Comprehensive experimental re-
sults across multiple benchmarks demonstrate that
CausalGaze not only achieves competitive perfor-
mance over existing methods but also provides a
robust, interpretable foundation for hallucination
detection.

Limitations

While the proposed CausalGaze shows significantly
effective performance and bridges the gap in model
interpretability, it is subject to certain limitations.
Firstly, the method necessitates access to the LLMs’
latent space, which inherently restricts its applica-
tion in proprietary and black-box LLMs. Secondly,
our approach only models the local causal graph
from a single layer, which can not capture the glob-
ally comprehensive information embedded across
all layers of LLMs. And the graph computation pro-
cess is resource-intensive, which limits its practical
use in the detection of long-context texts. Build-
ing upon the insights, we anticipate that future re-
search will explore more efficient and alternative
signal representation paradigms, such as aggregat-
ing features from multiple layers or using summary
vectors, to effectively expand the applicability and
scalability of causal intervention methods for hal-
lucination detection.

Ethics and Broader Impact

We sampled a portion of the data from existing
datasets for our experiments, which may affect the
accuracy of some of our conclusions.
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A Details about Experimental Settings

A.1 Details about Models
Llama2-7B, Qwen2-7B and Mistral-7B are se-
lected for their accessible internal latent spaces and
the moderate dimensionality of the hidden states,
facilitating both experimental implementation and
validation. We employ the pre-trained parameters
provided directly by the Hugging Face throughout
our experiments. During inference, we adhere to
the default generation configuration with the tem-
perature set to 0.6, while top-k and top-p sampling
set to 50 and 0.9, respectively.

A.2 Details about Datasets
To rigorously evaluate the detection performance
of our CausalGaze framework across varied knowl-
edge domains and complexities, we curate an
experimental corpus from four distinct datasets.
Specifically, TruthfulQA includes 817 question-
answering (QA) pairs with testing the model’s
resilience against factually challenging questions
(Kong et al., 2025a); TriviaQA consists of 9960
deduplicated QA pairs for assessing performance
on a broader and more conventional knowledge
base; SciQ contains 1000 QA pairs which are used
to probe the model’s capabilities in a specialized
scientific domain; and HaluEval (QA subset) in-
clueds 10k QA pairs technically for hallucination
detection tasks. To facilitate experimental imple-
mentation, we select 1000 samples from the afore-
mentioned datasets, which are divided into 400 for
training, 200 for validation, and the remaining for
testing.

A.3 Baselines Methods
This section provides a brief introduction of the
involved baseline methods for hallucination detec-
tion.

Consistency-based approaches: Consistency
is a fundamental concept in logic, defined as the
absence of contradictory statements within a sys-
tem. To characterize the internal consistency of
LLMs, consistency-based hallucination detection
methods rely on multiple samplings, which facil-
itate zero-resource fact-checking and enable the
verification of responses from arbitrary LLMs with-
out the reliance on any external databases or evi-
dence. SelfCheckGPT builds on a straightforward
intuition: If LLMs possess knowledge of a given
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concept, the sampled responses tend to be similar
and factually consistent. Conversely, in the case of
hallucinated content, randomly sampled responses
are likely to diverge and contradict one another.
EigenScore operates on the similar premise but
computes consistency scores using the LLM inter-
nal states, specifically by evaluating the similarity
of latent spaces across multiple samples.

Logit-based approaches: For the traditional
machine learning classification models, the maxi-
mum Softmax probability indicates the confidence
level of the results and has been widely used as the
metric for uncertainty evaluation. Extending it to
the long-sequence token generation tasks of LLMs,
Perplexity defines the uncertainty of the generated
response as the joint probability of the constituent
tokens:

P (y|x,Θ) = − 1

T

∑

t

log p(yt|y<t, x) (10)

where x is the prompt, T denotes the length of
the sequence, and p(yt|y<t, x) represents the max-
imum Softmax probability of t-th token. Given
that the perplexity of shorter sequences generally
exhibit lower, the joint probability is normalized
by the output sequence length T .

However, considering that different tokens con-
tribute unevenly to the sentence, the average prob-
ability fails to effectively capture the uncertainty.
Multiple responses can be obtained during infer-
ence via the top-p or top-k sampling strategies. LN-
Entropy measures the uncertainty as follows:

H(Y|x,Θ) = −Ey∈Y
1

Ty

∑

t

log p(yt|y<t, x)

(11)
where Y = [y1, y2, ..., yK−1, yK ] denotes K sam-
pled responses.

The above methods assess uncertainty and en-
tropy solely from a token-level perspective. How-
ever, measuring uncertainty in natural language is
challenging due to semantic equivalence, where
distinct sentences can convey identical meanings.
Semantic Entropy addresses it by incorporating
linguistic invariance arising from shared meaning.
It employs semantic equivalence to cluster K re-
sponses into c classes, and then computes the Se-
mantic Entropy as the entropy distribution over the
semantic space:

p(c|x) =
∑

s∈c
p(s|x) =

∑

s∈c

∏

t

p(st|s<t, x) (12)

SE(x) = −
∑

c

p(c|x) log p(c|x) (13)

Self-evaluation approach: LLMs are also
frequently utilized to assist in or directly judge
the correctness of responses, known as LLM-
as-a-Judge. P(True) performs fact-checking
by querying LLMs with specific prompts and
evaluating the probability that the response is
correct. The prompt that we use for P(True) is as
follows:

P(True) Prompt

Provide the probability that the following an-
swer for the question is correct. Give ONLY
the probability value between 0.0 and 1.0, no
other words or explanation.

Question: {Question}

Answer: {Answer}

Classification-based approaches: The halluci-
nation detectors are mainly trained on the latent
space of LLMs. SAPLMA trains a classifier using
the hidden states of specific layers in LLMs. LLM-
Check uses the method of attention mechanism
kernel similarity analysis to conduct hallucination
detection. And it has proved that the differences
in model sensitivity to hallucinated or truthful con-
tents reflects in the rich semantic representations
present both in hidden states and the pattern of
attention maps. ICR Probe firstly quantifies the
global contribution of modules to the hidden states’
updates of all layers, which are then used to train
a hallucination probe. HaluGNN models the hid-
den states and attention maps as weighted directed
graphs, and train a GNN-based classifier. How-
ever, the classification-based approaches scarcely
concerns the interpretability of the detection model
and the results.

A.4 CausalGaze Training
Model Architecture. The CasusalGaze model con-
sists of five layers, including a projected layer,
a refinement layer, two GAT layers and a linear
layer. The dimension of each layer passes through
d → 128 → 128 → 64 → 64 → 2. Each hid-
den layer except the refinement layer employs the
ReLU activation function and applies the dropout
(p = 0.2) to prevent overfitting.

Details of Training. We set the hyper-
parameters a = 1 and b = 0 in Equation 4,
and minum value of the Clamp is 0, and λ is
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Methods TruthfulQA TriviaQA SciQ HaluEval
Lookback Lens 0.603 / 0.633 0.771 / 0.781 0.726 / 0.731 0.752 /0 .795
Factoscope 0.552 / 0.584 0.714 / 0.760 0.682 / 0.702 0.742 / 0.788
TAD 0.804 / 0.832 0.844 / 0.849 0.815 / 0.833 0.874 / 0.856
CausalGaze 0.881 / 0.852 0.861 / 0.895 0.839 / 0.855 0.928 / 0.938

Table 4: AUROC / PR-AUC Performance of different
methods on Llama2-7B.

set to 0.02 in Equation 8. The loss function is
the binary crossentropy loss with a regulariza-
tion term that promotes sparsity and coherence
in the causal structure. We use the AdamW opti-
mizer and CosineAnnealingWarmRestarts learn-
ing rate scheduler, which implements cosine an-
nealing of the learning rate with periodic warm
restarts, to train the CausalGaze model. And the
initial learning rate is 1× 10−4 and the scheduler
parameters are set as T0 = 10, Tmult = 2, ηmin =
1× 10−6. The model is trained for 50 epochs with
the early stop mechanism (patience = 20) and a
batch size of 8. To obtain stable and reliable results,
we perform multiple runs and take the average as
the final results.

B Details about Experiment

B.1 Main Results

We further evaluate our method CausalGaze against
recent baselines (Lookback Lens (Chuang et al.,
2024), Factoscope (He et al., 2024), TAD (Vazhent-
sev et al., 2025)) and incorporate a new metric
PR-AUC for evaluation. The experiments are im-
plemented on Llama2-7B, as shown in Table 4.
As demonstrated in the results, CausalGaze con-
sistently outperforms all baselines. We attribute
it to several key factors: (1) Lookback Lens is de-
signed for contextual hallucinations. While the
datasets used in our work are with no external con-
text, its mechanism reduces to a simple similarity
measure, failing to capture internal veracity; (2)
Factoscope and TAD rely on token probabilities
and attention maps. Being sensitive to local fluc-
tuations and specific entities, they struggle with
complex logical hallucinations; (3) CausalGaze
captures global causal dependencies by modeling
the full question-answering (QA) as a causal graph.
From the information-theoretic perspective, Causal-
Gaze processes a richer set of signals, leading to
superior stability and accuracy.

B.2 Generalization

In Section 5.2, we demonstrate the generalization
ability of the proposed CausalGaze on Llama2-7B.
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Figure 8: Cross-dataset generalization analysis for
CausalGaze on Qwen2-7B and Mistral-7B. Each sub-
plot displays the F1-Score when the model is trained on
the row dataset and tested on the column dataset, with
values annotated in each cell.

In this section, we provide additional generaliza-
tion results on Qwen2-7B and Mistral-7B as shown
in Figure 8, which show the effectively robust gen-
eralization ability of our approach.

B.3 Contribution of the Projection Layer and
its Dimension

In Section 5.3, we demonstrate the contribution
of the projection layer and its dimension on the
detection performance for Llama2-7B. In this sec-
tion, we provide additional experimental results on
Qwen2-7B and Mistral-7B as shown in Table 5.
The results consistently indicate that the projection
layer is of considerable interest for the detection
performance.

B.4 Layer Number

In Section 5.3, we demonstrate the impact of dy-
namic causal graphs from different layer of Llama2-
7B on the detection performance. In this sec-
tion, we provide additional experimental results
on Qwen2-7B and Mistral-7B as shown in Table 6.

B.5 Gradient-guided Information

Without gradients, the model reverts to the raw
graph that treats all attention edges with equal im-
portance, failing to disentangle the causal reasoning
paths from noisy and spurious correlations. Ran-
dom gradients lead to the misallocation of atten-
tion in the detection model between spurious edges
and genuinely contributory edges. Raw attention
weights A only reflect the co-occurrence patterns
during the LLM’s forward infernece. As docu-
mented in prior literature, high attention weights of-
ten focus on spurious correlations (e.g., stop words
or position bias) that do not necessarily drive the
final decision. While the learned gradients S as-
signs higher importance to edges that have a larger
influence on the veracity prediction, allowing the
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LLMs Projection Layer Dimension TruthfulQA TriviaQA SciQ Halueval
AUROC F1-Score AUROC F1-Score AUROC F1-Score AUROC F1-Score

Qwen2-7B

w/o 3584 0.5925 0.5663 0.6043 0.5728 0.5964 0.6459 0.5620 0.6588

with

64 0.8330 0.7845 0.8764 0.7890 0.8976 0.8423 0.8946 0.7892
128 0.8680 0.8071 0.9106 0.8280 0.9328 0.8283 0.9220 0.8360
256 0.8357 0.7786 0.8873 0.8130 0.8741 0.7740 0.8863 0.7538
512 0.8588 0.7943 0.8743 0.7924 0.8661 0.7548 0.8750 0.7630

Mistral-7B

w/o 4096 0.6146 0.6273 0.5738 0.5460 0.5964 0.6248 0.5692 0.6469

with

64 0.8560 0.7533 0.8690 0.7793 0.8452 0.7726 0.8824 0.6926
128 0.8851 0.7971 0.8880 0.8113 0.8550 0.7860 0.9127 0.8292
256 0.8663 0.7894 0.8770 0.7957 0.8467 0.7460 0.8840 0.7850
512 0.8580 0.7587 0.8659 0.7893 0.8198 0.7319 0.8649 0.7748

Table 5: The contribution of the Projection Layer and its dimentions on Qwen2-7B and Mistral-7B across different
datasets. The best results are highlighted in bold.

LLMs Layer Number TruthfulQA TriviaQA SciQ Halueval
AUROC F1-Score AUROC F1-Score AUROC F1-Score AUROC F1-Score

Qwen2-7B

16 0.8718 0.7836 0.9005 0.8194 0.9114 0.8445 0.9260 0.8004
20 0.8776 0.7893 0.9125 0.8304 0.9268 0.8675 0.9335 0.8421
24 0.8892 0.7747 0.8994 0.7961 0.8993 0.8593 0.9154 0.8266
28 0.8757 0.7694 0.8873 0.7868 0.8858 0.8495 0.9255 0.8273
32 0.8680 0.8071 0.9106 0.8280 0.9328 0.8283 0.9220 0.8360

Mistral-7B

16 0.8673 0.8057 0.8861 0.8090 0.8479 0.7505 0.8889 0.8162
20 0.8862 0.8203 0.8882 0.7806 0.8361 0.7260 0.9073 0.8347
24 0.8990 0.8183 0.8637 0.7962 0.8693 0.7348 0.9173 0.7963
28 0.8735 0.7769 0.8643 0.7981 0.8463 0.7450 0.9065 0.7990
32 0.8851 0.7971 0.8880 0.8113 0.8550 0.7860 0.9127 0.8292

Table 6: The impact of causal graphs from different layers of Qwen2-7B and Mistral-7B on the detection perfor-
mance.

Method Input memory Model parameters Inference latency
SAPLMA 608KB 109K ∼0.307ms
HaluGNN 614KB 213K ∼0.903ms
SelfCheckGPT 608KB - ∼10.32s
CausalGaze 614KB 575K ∼1.731ms

Table 7: Computation overhead comparison across dif-
ferent baselines.

gating mechanism to suppress those shortcut edges
that do not contribute to the factual reasoning.

B.6 Computation Overhead

We also benchmark CausalGaze against three repre-
sentative baselines, including SAPLMA, HaluGNN
and SelfCheckGPT, in terms of memory footprint
(e.g., input and model) and inference latency to
provide memory and inference overhead compar-
ison. The experiments are conducted on a single
NVIDIA A800 (80GB) GPU with Llama2-7B as
the backboneone, and the example is from Trivi-
aQA with input sequence length L = 38, feature
dimension D = 4096. The results on Llama2-7B
are summarized in Table 7.

While CausalGaze exhibits a higher model mem-
ory and latency compared to other methods, its ab-

solute overhead remains extremely low and highly
practical for real-world deployment. The inference
latency is approximately 1.731 ms, which is negli-
gible compared to the time required for an LLM to
generate a single token. This ensures that our de-
tection framework can operate as a real-time safety
monitor without bottlenecking the generation pro-
cess. The slight increase in complexity of Causal-
Gaze (about +0.8 ms) is a deliberate trade-off to en-
able active causal intervention. This process allows
us to filter out incidental noise and achieve compet-
itive detection performance (e.g., +6.1% AUROC
improvement over SAPLMA) with interpretability.
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