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Abstract

Hallucinations in Large Language Models
(LLMs) represent a critical barrier to their reli-
able deployment, a vulnerability heavily exacer-
bated in non-English and resource-constrained
contexts. Existing detection approaches that
rely on output confidence heuristics or single-
layer internal representations frequently fail
to capture deep, complex factual inconsisten-
cies across diverse languages. To address this,
we introduce MULTIHALUDET, a novel four-
stage framework that detects multilingual hal-
lucinations by probing the full hidden state
trajectories of frozen LLMs without requiring
language-specific fine-tuning. Our method ex-
tracts sequential features across multiple layers
and processes them via a hybrid architecture
using multi-scale attention and self-attention
pooling. By generating out-of-fold embeddings
that feed into a learned ensemble meta-learner,
MULTIHALUDET captures both fine-grained
and coarse-grained patterns of factual inconsis-
tency. Extensive experiments demonstrate that
our framework achieves state-of-the-art detec-
tion performance, reaching up to 98.55% AU-
ROC on the English HaluEval and TriviaQA
benchmarks using Mistral-7B and LLaMA2-
7B architectures. Crucially, we rigorously eval-
uate our framework’s cross-lingual generaliza-
tion across high (French), medium (Bangla),
and low-resource (Amharic) languages. MUL-
TIHALUDET demonstrates exceptional repre-
sentational robustness, consistently outperform-
ing baselines and successfully transferring hal-
lucination detection capabilities across typolog-
ically diverse linguistic tiers.

1 Introduction

Hallucinations in LLMs have emerged as a criti-
cal barrier to their reliable deployment across high-
stakes domains (Farquhar et al., 2024; Mishra et al.,
2024; Varshney et al., 2023). These generations
pose significant risks (Farquhar et al., 2024), mo-
tivating diverse detection techniques. Evidence-
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based methods (Chern et al., 2023; Zhang et al.,
2024) retrieve external information to verify fac-
tual consistency, but are computationally intensive.
Evidence-free methods leverage inherent model
characteristics: logit-based and consistency-based
methods estimate uncertainty and output stability,
while classification-based methods (Orgad et al.,
2024; Binkowski et al., 2025) probe internal hidden
states without external retrieval.

While internal state probing shows promise (Or-
gad et al., 2024; Binkowski et al., 2025), current
approaches remain inadequate, particularly across
diverse languages. Recent work reveals truthful-
ness information is concentrated in specific to-
kens (Orgad et al., 2024); however, single-position
methods struggle when non-factual tokens are dis-
tributed across sequences. Furthermore, attention-
based approaches (Chuang et al., 2024; Binkowski
et al., 2025) using simple ratios achieve limited dis-
crimination. Probabilistic frameworks (Hou et al.,
2025) require complex reasoning pipelines, while
active validation (Varshney et al., 2023) and tool-
augmented systems (Chern et al., 2023; Zhang
et al., 2024) introduce substantial latency. As noted
in Farquhar et al. (2024), hallucinations manifest
as semantic-level confabulations rather than token-
level uncertainty. Existing methods largely fail to
address these confabulations across non-English
and resource-constrained languages.

Transformer architectures process information
through deep layers, embedding language-agnostic
hallucination signals within hidden state trajecto-
ries. Deep sequence modeling with multi-scale fea-
ture aggregation offers a promising solution. We in-
troduce MULTIHALUDET, a supervised framework
leveraging multi-scale attention and transformer
encoders to model hidden state dynamics across
the full depth of frozen LLMs. Unlike methods
focused on individual tokens or static layers, our
approach aggregates information across multiple
scales through self-attention pooling. We evaluate
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across multiple architectures and language tiers,
demonstrating strong cross-lingual performance.
Our contributions are summarized as follows:

* We introduce MULTIHALUDET, a four-stage
framework comprising dynamic feature ex-
traction, multi-scale attention encoding, out-
of-fold deep feature generation, and learned
ensemble meta-learning, which jointly cap-
ture fine-grained and coarse-grained patterns
from hidden-state trajectories.

* We evaluate our framework on the HaluE-
val and TriviaQA benchmarks using Llama-
2-7B and Mistral-7B-Instruct, demonstrating
substantial performance gains and representa-
tional robustness over existing baselines.

* We comprehensively evaluate the cross-
lingual generalization of our framework by
translating standard benchmarks into French
(high-resource), Bangla (medium-resource),
and Ambharic (low-resource). Our results
demonstrate that internal state probing can
maintain strong detection signals across ty-
pologically diverse linguistic tiers under con-
trolled translation-based evaluation, without
language-specific fine-tuning.

2 Related Work

Hallucination detection approaches fall into three
categories: (i) evidence-based methods verify-
ing outputs against external knowledge, (ii) self-
detection methods leveraging internal model states,
and (iii) consistency-based approaches assessing
output stability.

Evidence-based methods retrieve external infor-
mation for verification. Kale and Alfeo (2025)
converts LLM responses into knowledge graphs
for atomic fact verification. Vangala et al. (2025)
introduced multi-source retrieval with contradic-
tion graph analysis. Zhang and Wang (2025) em-
ployed HHEM for lightweight consistency assess-
ment. While effective, these methods depend on
retrieval quality, making them vulnerable to gaps
and latency.

Self-detection methods probe LLM internal rep-
resentations without external resources. Su et al.
(2024) introduced MIND, training classifiers on
auto-generated pseudo-labels. Liang and Wang
(2025) employed Bayesian optimization to identify
optimal layer insertion points. Zhang et al. (2025)
proposed MHAD, selecting specific neurons via
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linear probing. Kossen et al. (2024) approximated
semantic uncertainty from hidden states. Chen
et al. (2024) proposed INSIDE, measuring consis-
tency through eigenvalues of response covariances.
Kim et al. (2025) analyzed layer-wise usable infor-
mation across transformer depths. Quevedo et al.
(2024) demonstrated strong detection using only
four token probability features. Consistency-based
methods assess output stability. Yang et al. (2025a)
proposed MetaQA, leveraging metamorphic rela-
tions for semantic consistency verification.

Despite these advances, challenges remain.
Evidence-based methods suffer from retrieval de-
pendency. Self-detection methods relying on
single-position representations struggle when non-
factual tokens appear at sequence beginnings.
Consistency-based methods incur costs from multi-
ple generation passes. Simbhi et al. (2025) demon-
strated that LLMs can hallucinate with high cer-
tainty despite possessing correct knowledge. Yang
et al. (2025b) revealed the need to distinguish be-
tween intelligent and defective hallucinations.

Our work aligns with internal state probing meth-
ods but addresses their key limitations. While
Liang and Wang (2025) and Zhang et al. (2025)
focus on specific layers or tokens, we employ dy-
namic layer sampling and multi-scale attention to
aggregate information across the full depth trajec-
tory. Unlike Kossen et al. (2024) and Chen et al.
(2024), which probe specific positions, our archi-
tecture processes sequential layer features with
transformer encoders and self-attention pooling,
enabling adaptive depth selection. Our out-of-fold
stacking with ensemble meta-learning provides
more robust generalization than single-classifier ap-
proaches (Su et al., 2024; Liang and Wang, 2025).

3 Methodology

We present MULTIHALUDET (Figure 1), a four-
stage framework for hallucination detection.

3.1 LLM-Based Feature Extraction
3.1.1 Prompt Construction and Forward Pass

Let D {(gi,ai, i) }I¥., denote a dataset of
question—answer pairs, where ¢; is a natural-
language question, a; is a candidate answer, and
y; € {0,1} is a binary label indicating whether
a; is a hallucination (y; = 1) or a faithful re-
sponse (y; = 0). Each sample (¢;, a;) is formatted
as a structured natural-language prompt and tok-
enized with a fixed maximum sequence length. The
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Figure 1: Overview of the four-stage MULTIHALUDET framework for multilingual hallucination detection.

prompt is passed through a frozen, quantized LLM
in a single forward pass, yielding a sequence of hid-
den state tensors {HHW}L_ | where L is the number
of transformer layers and H®) ¢ RT*? collects
the d-dimensional representations of T' tokens at
layer [. The next-token logit vector z € R at the
final position is retained for global statistics. No
gradient is computed during feature extraction; the
LLM parameters remain fully frozen throughout
all experiments.

3.1.2 Dynamic Layer Sampling

To ensure architectural compatibility across LLMs
of varying depth, we introduce a dynamic layer
sampling strategy that maps any model’s L trans-
former layers to a fixed target count K, producing
a uniform sequential representation regardless of
model size. Three regimes are handled without
model-specific configuration:

* Exact match (L = K): identity mapping Zx =
{1,...,K}.

* Shallow model (L. < K): all L layers are used
and the deepest layer is repeated to pad the se-
quence to K.

* Deep model (L > K): K indices are selected
by uniform interpolation over the full depth:

k K-1
- k=0
(1)

where |-] denotes rounding to the nearest inte-
ger and clip(-, 1, L) clamps indices to valid range.
This formulation is differentiable with respect to K
and requires no architecture-specific configuration,
making it directly applicable to any transformer-
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based LLM.

3.1.3 Sequential Per-Layer Features

For each sampled layer index [ € Ty, we extract
a compact descriptor from two complementary
views of the hidden state tensor: the last-token
representation h(" ngl):, which reflects the
model’s final contextual stéte, and the sequence
mean h®) = L "7 H,El) , which captures the ag-
gregate token-level context. From these, we com-
pute a per-layer descriptor s) € R% comprising
distributional statistics: the £ norm, mean, stan-
dard deviation, extremal values, activation sparsity,
near-zero mass, and the kurtosis and median abso-
lute deviation (MAD) of the hidden state, capturing
the peakedness and robust dispersion of the activa-
tion distribution:

d T\ 4
1 hi —h
w(h) =5 ( G ) ’ )

MAD(h) = median;(|h; — median(h)|)

where h and & denote the empirical mean and
standard deviation of the hidden-state vector, and
median(h) is its coordinate-wise median. Collect-
ing descriptors across all sampled layers yields the
sequential representation S € R%*%  which en-
codes how the LLM’s internal dynamics evolve as
a function of depth.

3.1.4 Anchor-Based Depth Probing

To enable consistent cross-architecture compar-
isons at semantically meaningful network depths,
we define four anchor layers corresponding to pro-



portional depth fractions {«; }jle. For each anchor,
the closest available sampled layer is identified:

;=

argmin |l — |a; - L] | 3)

leTk

and the corresponding descriptor ) is retained
as an anchor feature. This construction ensures that
features at early, middle, and late network stages
are explicitly represented in the global feature vec-
tor regardless of the total model depth, providing a
principled substitute for hardcoded layer indices.

3.1.5 Global Feature Vector

A global feature vector g € R% aggregates in-
formation across the full forward pass. It com-
prises: (i) the top-k next-token probabilities and
their pairwise differences, capturing the sharpness
of the model’s next-token distribution; (ii) the en-
tropy, standard deviation, and maximum of the
logit vector z; (iii) first- and second-order statis-
tics of the layer-wise ¢2-norm trajectory {r; };ez,,
r; = ||h®)]|5, capturing norm growth and volatil-
ity across depth; (iv) the anchor descriptors from
Eq. 3; and (v) cross-feature interaction terms be-
tween logit statistics and norm dynamics, which
encode the coupling between the model’s output
confidence and its internal representational geom-
etry. Together, S and g form the complete feature
representation passed to classification stage.

3.2 MultiHaluDet Architecture

3.2.1 Projection and Multi-Scale Attention

The sequential input S is first projected into a uni-
form hidden space of dimension H via a linear
layer followed by layer normalization and a GELU
activation. A multi-scale attention module then pro-
cesses the projected sequence at multiple temporal
resolutions simultaneously. For each scale factor
¢ € C, the sequence is locally average-pooled to
compress K positions into [ K /c| positions, passed
through a scale-specific linear projection, and up-
sampled back to length K via nearest-neighbor
interpolation. The contributions of each scale are
combined through a learned position-wise gate:

b= Y P (Upsanple(Pool (o))

ceC
4)
where wy . = softmax(Wghy). is the position-
wise scale gate computed from the original pro-
jected hidden state, and P, is the per-scale linear
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projection. The output is combined with the origi-
nal projection via a residual connection and layer
normalization, preserving fine-grained layer infor-
mation while enriching it with multi-scale context.

3.2.2 Layer-Weighted Transformer Encoder
Because different LLM layers carry information
of varying discriminative value for hallucination
detection, we modulate the fused sequence by a
learnable, softmax-normalized importance vector
X € RX before encoding:

hy = A - by, + pr,
A = softmax()

k=1,... K,

&)

where py is a learned positional embedding that
encodes the relative depth of each sampled layer
within the representational sequence. The modu-
lated sequence is encoded by a stack of Pre-LN
Transformer encoder layers with multi-head self-
attention and GELU feed-forward sublayers, en-
abling the model to attend across LLM depths and
capture long-range inter-layer dependencies in the
hidden state trajectory.

3.2.3 Self-Attention Pooling

Rather than discarding positional information
through mean pooling or relying on a fixed sum-
mary token, we aggregate the transformer output
via a learned attention pooling mechanism. A two-
layer MLP with a tanh nonlinearity assigns a scalar
relevance score to each position, and the final se-
quential representation is their weighted sum:

exp(a(er))

K
4 kza’”“ T SE explale;))

j=1€Xp
where ey, is the encoder output at position k£ and
a : R — R is the learned scoring MLP. This
allows the model to focus on the LLM layers most
informative for the current input, providing a form
of input-adaptive depth selection.

(6)

3.2.4 Global Branch and Gated Fusion

The global feature vector g is processed inde-
pendently through a two-layer MLP with layer
normalization and dropout, yielding a compact
global representation v € RY/2. The sequen-
tial representation u € R¥ and global represen-
tation are concatenated to form the joint embed-
ding ¢ = [u;v] € R3/2. A sigmoid gate then



performs element-wise re-weighting to suppress
uninformative dimensions:

c=cO® U(Wgate c+ bgate) (7)

The gated representation ¢ is passed through a
three-layer MLP classifier to produce the final hal-
lucination logit. A separate two-layer projection
head maps ¢ onto a unit hypersphere for the con-
trastive objective described in Section 4.

3.3 Out-of-Fold Stacking

To obtain unbiased deep representations for the
meta-learner without data leakage, we employ K-
fold out-of-fold (OOF) stacking over the training
set. For fold k, a fresh MULTIHALUDET instance
is trained on the remaining K — 1 folds and used
to extract the gated fusion representation ¢ for the
held-out fold. After all K folds, the OOF features
form a complete training matrix:

XOOF ¢ RNwinxde g — dim(¢)  (8)
with every training sample represented exactly once
without ever being used in its own fold’s training.
Test-set representations are obtained by averaging
the gated fusion embeddings across all K fold mod-

els in feature space:

K

1
olest — Z é(k)test
K

k=1

(©))

This averaging operates at the representation level
rather than the probability level, providing implicit
test-time ensembling and producing a more stable
input to the meta-learner. The OOF and test fea-
tures are standardized before being passed to the
ensemble stage.

3.4 Ensemble Meta-Learner

The OOF deep features serve as input to a di-
verse ensemble of classifiers comprising gradient-
boosted trees, random forests, a kernel support
vector machine, a multi-layer perceptron, and a
logistic regression baseline. Model diversity across
both inductive biases (linear, kernel, tree, neural)
and hyperparameter profiles reduces variance and
improves robustness to the distributional proper-
ties of the deep features. Rather than fixed heuris-
tic weights, the ensemble prediction is formed
by stacking the base classifier probability esti-
mates through a logistic meta-regressor trained
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on held-out out-of-fold predictions. Denoting the
log-odds transform of each base probability by
Ly, =10g(Pm /(1 — Pm)), the final ensemble prob-

ability is:
> (10)

where o (-) is the sigmoid function and the coeffi-
cients {8, }M_, are learned by an /»-regularized
logistic regression meta-learner trained on a sec-
ondary hold-out split of the out-of-fold probability
outputs. This formulation adapts the ensemble com-
position to the empirical discriminative strength
of each base learner while producing inherently
calibrated probability estimates. All component
models are configured with balanced class weights
to maintain sensitivity under any residual distri-
butional skew. The classification threshold is set
by Youden’s J statistic 7" = arg max, [TPR(7) —
FPR(7)], which maximizes the simultaneous im-
provement in sensitivity and specificity.

M
Pens = O'<ﬁ0 + Z Bm lm

m=1

3.5 Multilingual Adaptation Strategy

To evaluate the multilingual generalization of
our hidden state probing framework across vary-
ing resource tiers, we translated the source En-
glish datasets into French (high-resource), Bangla
(medium-resource), and Ambharic (low-resource)
utilizing the Gemini 2.5 Flash model. Formally,
let the original source dataset be defined as
Der, = {(qi,ai,yi)}ij\il. We introduce a transla-
tion mapping 7, for the set of target languages
L = {fr,bn,am}. For every query-response pair,
this operation strictly preserves the original bi-

nary hallucination label, yielding a new language-
specific instance defined as: (qge),ay),yy)) =
(Te(qi), Te(ai),y;). The multilingual evaluation
space is then constructed as the union of the origi-
nal English data and all language-specific subsets.

To guarantee the semantic integrity and con-
text preservation of the translated data, we con-
ducted human evaluation for quality assurance. We
sampled 100 instances per language from each
dataset, resulting in 300 evaluated samples per
dataset and a total of 600 evaluated samples across
both datasets. As three of the authors are native
Bangla speakers, the Bangla subset was evaluated
directly. For French and Amharic, we employed a
back-translation methodology, translating the tar-
get samples back into English, to verify semantic
equivalence against the original source. This man-



ual evaluation confirmed an initial translation ac-
curacy of 96%. The remaining 4% of instances,
which exhibited minor semantic drift or structural
errors, were explicitly polished and regenerated
using Gemini 2.5 Flash to ensure strict alignment
with the source truth conditions.

By passing these high-fidelity translated inputs
through the frozen LLM, we generate the sequen-
tial representation S and global feature vector g
natively within each target language’s token space.
This formulation ensures that the subsequent deep
architecture evaluates intrinsic, language-agnostic
hallucination signals embedded within the model’s
internal dynamics, allowing us to probe representa-
tion alignment without requiring language-specific
fine-tuning.

4 Experimental Setup

4.1 Dataset

We evaluate on two question-answering bench-
marks. Let Q denote the set of questions and
A the set of candidate answers. Each dataset
D = {(qi, i, yi) Y, consists of N samples where
¢ € Q is a question, a; € A is an answer,
and y; € {0,1} is a binary label indicating non-
hallucination (y; = 0) or hallucination (y; = 1).
HaluEval (Li et al., 2023) provides N = 10, 000
human-annotated QA pairs with native hallucina-
tion labels derived from real LLM outputs, where
each (g;, a;, y;) is explicitly labeled based on fac-
tual consistency with verified knowledge sources.
TriviaQA (Joshi et al., 2017) is adapted for our
evaluation by collecting realistic, model-generated
hallucinations. Let Dryivia = {(gi, a;) i]‘il denote
the original dataset, where g; is a question and a; is
the ground-truth correct answer. To generate plausi-
ble hard negatives, we prompt an early-generation
language model known for its propensity to hallu-
cinate, Gemma-2-2B (~ 32%-38% hallucination
rate), to answer each ¢;. Responses that are plau-
sible but factually incorrect are extracted and de-
noted as a; . We then construct our final evaluation
dataset by pairing each question with its true cor-
rect answer and its corresponding model-generated
hallucination. To facilitate our multilingual eval-
uation, we also expanded these source English
datasets into three different target languages.

4.2 Baselines

We compare against four types of hallucination de-
tection methods. Prompt-based methods include
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P(True) (Kadavath et al., 2022), which utilizes a
simple prompt template to enable the model to
assess the correctness of its own response. Logit-
based methods use the uncertainty of LLM out-
puts to detect hallucination; we adopt AvgProb
and AvgEnt from Huang et al. (2023) to aggregate
logit-based uncertainty across all tokens, and also
compare with EUBHD (Su et al., 2024), which fo-
cuses on key tokens rather than considering all
tokens. Consistency-based methods are moti-
vated by the idea that consistent responses indicate
factual knowledge; we apply Unigram and NLI
variants, as well as INSIDE (Chen et al., 2024),
which leverages eigenvalues of the covariance ma-
trix of responses. Classification-based methods
train a classifier on labeled statements; we com-
pare with SAPLMA (Azaria and Mitchell, 2023),
which trains a classifier on the last token’s last-layer
hidden state; MIND (Su et al., 2024), which uses
unsupervised training on auto-generated pseudo-
labels; and Probe @Exact, which relies on infor-
mation from potentially correct tokens. We also
include HD-NDE:s (Li et al., 2025) (Neural ODEs,
CDEs, and SDEs), which model hidden state tra-
jectories using neural differential equations.

4.3 Hyperparameters

We extract hidden states from frozen LLMs in half-
precision without gradient computation. For all
LLM forward passes and synthetic generation tasks,
the temperature is set to 0.0 to ensure deterministic
outputs. Dynamic layer sampling maps variable-
depth models to K = 32 uniform indices. The
deep architecture uses hidden dimension d = 384,
8 attention heads, and 6 transformer encoder layers.
Training employs AdamW optimizer with learning
rate 2 x 1074, weight decay 6 x 107°, and Re-
duceLLROnPlateau scheduling over 45 epochs with
early stopping patience of 15 epochs. We apply a
composite loss combining BCE, focal, asymmetric,
and contrastive objectives with label smoothing,
along with data augmentation via Mixup and Cut-
Mix. We employ 5-fold stratified cross-validation
with out-of-fold feature extraction to prevent leak-
age. The stacked ensemble combines 6 classi-
fiers (RandomForest, XGBoost, GradientBoosting,
LightGBM, LogisticRegression, Support Vector
Machine). Their probability outputs are fused by a
logistic meta-regressor trained on held-out out-of-
fold predictions, producing inherently calibrated
ensemble probabilities. All experiments are con-
ducted on AMD Ryzen 5 8500G CPU with 32GB



Method HaluEval TriviaQA
Mistral-7B LLaMA2-7B ‘ Mistral-7B LLaMA2-7B

P(True) 49.7 46.7 483 423
AvgProb 43.6 42.1 48.5 441
AvgEnt 49.7 473 47.6 41.1
EUBHD 70.5 71.9 80.6 80.5
Unigram 623 58.2 59.5 56.8
NLI 63.1 61.3 61.4 59.4
INSIDE 76.0 74.5 81.3 81.7
SAPLMA 89.4 87.0 84.1 80.0
MIND 94.5 86.1 84.5 794
Probe @Exact 93.4 88.3 84.1 81.3
Neural ODEs 91.2 89.5 83.7 81.7
Neural CDEs 95.4 91.4 84.1 83.7
Neural SDEs 93.7 92.8 85.1 81.0
MultiHaluDet 98.43 98.55 ‘ 98.30 98.26

Table 1: Hallucination detection performance (AUROC
%) on HaluEval and TriviaQA using Mistral-7B-Instruct
and LLaMAZ2-7B. Best results in bold.

RAM and NVIDIA GeForce RTX 5060 Ti GPU
with 16GB VRAM.

4.4 Evaluation Metric

We utilize AUROC (%), which stands for the area
under the ROC curve, to objectively evaluate the
effectiveness of models. The higher the value of
AUROC, the stronger the ability of this method for
hallucination detection. All experiments employ
5-fold cross-validation with stratified sampling to
ensure reliable estimates.

5 Results and Analysis

5.1 RQ1: To what extent does MultiHaluDet
improve hallucination detection compared
to existing internal-state and confidence
based baselines?

Table 1 presents the detection performance (AU-
ROC %) of MULTIHALUDET compared against
thirteen baseline methods, evaluated across both
the HaluEval and TriviaQA datasets using Mistral-
7B and LLaMA2-7B.

Failure of Surface-Level Heuristics. The re-
sults reveal a clear hierarchy in the efficacy of dif-
ferent detection paradigms. Token-level probability
and entropy metrics (P(True), AvgProb, AvgEnt)
systematically fail to provide meaningful detection
signals, hovering around or below random chance
(41.1% — 49.7% AUROC). This confirms that raw
output confidence is severely miscalibrated and
insufficient for identifying deep factual inconsis-
tencies. Intermediate methods incorporating struc-
tural linguistic features (Unigram, NLI) offer only
marginal improvements, generally plateauing in the
low 60% range.

Representational Baselines. Approaches that
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leverage deeper internal representations show sig-
nificantly more promise. Methods like SAPLMA,
MIND, and traditional probing (Probe@Exact)
push performance into the 80%—-94% range. The
strongest baselines are those modeling the con-
tinuous dynamics of hidden states (Neural ODEs,
CDEs, SDEs). Neural CDEs, in particular, achieve
a competitive 95.4% on Mistral-7B for HaluEval.
However, these methods exhibit high variance be-
tween model architectures; for instance, MIND’s
performance drops sharply from 94.5% on Mistral-
7B to 86.1% on LLaMA2-7B.

Ours. MULTIHALUDET achieves state-of-the-
art performance across all experimental condi-
tions, substantially outperforming the strongest
continuous-time baselines. On HaluEval, we
achieve 98.43% AUROC with Mistral-7B and
98.55% with LLaMA2-7B. Crucially, MUL-
TIHALUDET demonstrates exceptional cross-
architecture robustness. While nearly all baselines
suffer noticeable performance degradation when
transitioning from Mistral to LLaMAZ2, our frame-
work maintains near-identical, near-perfect efficacy
(actually scoring slightly higher on LLaMA?2 in
HaluEval). Similarly, on the TriviaQA dataset,
which features plausible but factually incorrect
synthetic hard negatives, we achieve 98.30% and
98.26% respectively. These consistent gains across
diverse datasets and architectures demonstrate that
our multi-scale attention mechanism and out-of-
fold stacking approach successfully aggregate ro-
bust, architecture-agnostic signals from LLM hid-
den state trajectories.

5.2 RQ2: How robust is MultiHaluDet across
typologically diverse languages with
varying resource availability?

To demonstrate the cross-lingual generalization of
MULTIHALUDET, we extend our evaluation be-
yond English to include three typologically diverse
languages: French, Bangla, and Amharic.

Table 2 shows that hallucination detection per-
formance correlates with the representational fre-
quency of these languages in the base models.
MULTIHALUDET maintains exceptionally strong
performance on French, achieving 96.2% and
95.8% on HaluEval for Mistral-7B and LLaMA?2-
7B respectively, trailing the English baselines
(98.4% and 98.5%) by only a marginal fraction.
Similar high retention is observed on TriviaQA,
where French scores reach 95.5% and 94.9%. For
Bangla, we observe a more noticeable but con-



Language Method HaluEval (@ / ©) TriviaQA (M / ©)

85.1/83.7
98.3/98.2

95.4/92.8
98.4/98.5

Best Baseline

English (Base) MultiHaluDet

92.1/89.4
96.2/95.8

81.3/80.5
95.5/94.9

Best Baseline

French (High) MultiHaluDet

78.41/75.1
89.1/88.4

69.2/67.8
87.6/86.3

Best Baseline

Bangla (Medium) ;i HaluDet

62.3/59.8
78.5/76.2

54.1/52.6
75.8/73.4

Best Baseline
MultiHaluDet

®™: Mistral-7B (O: LLaMA2-7B

Amharic (Low)

Table 2: Cross-lingual hallucination detection perfor-
mance. MultiHaluDet consistently outperforms the best
baseline across all resource settings.

trolled degradation, yielding HaluEval scores of
89.1% (Mistral-7B) and 88.4% (LLaMAZ2-7B),
alongside 87.6% and 86.3% on TriviaQA. While
the framework successfully adapts to the language,
accurately detecting factual inconsistencies re-
quires the model to effectively navigate Bangla’s
rich morphology and the complex linguistic adap-
tations necessary for regional dialect variations.

Ambharic, a severely low-resource language
with limited representation in both Mistral and
LLaMAZ2, presents the greatest challenge. The
base models inherently struggle with factual recall
in Ambharic, which limits the quality of the inter-
nal representations our detector relies on. As a
result, absolute performance understandably drops
to 78.5% and 76.2% on HaluEval, and 75.8% and
73.4% on TriviaQA for Mistral-7B and LLaMA2-
7B, respectively. However, MULTIHALUDET still
manages to extract meaningful detection signals,
maintaining a robust lead over random chance and
standard confidence baselines.

5.3 Ablation Study

To understand the necessity of our proposed archi-
tectural choices, we conduct an ablation study by
systematically removing key components of the
MULTIHALUDET framework. We evaluate the de-
graded models on both HaluEval and TriviaQA
using Mistral-7B and LLaMA2-7B. The results are
summarized in Table 3.

The removal of the Out-of-Fold (OOF) Stack-
ing mechanism causes the most severe degrada-
tion across all configurations, resulting in a precip-
itous drop of nearly 10 percentage points (falling
to 88.67% on Mistral-7B HaluEval and 87.41%
on TriviaQA). Without OOF stacking, the meta-
classifier heavily overfits to the localized noise of
early hidden layers, completely failing to general-
ize when faced with the plausible hard negatives in
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Method Mistral-7B LLaMA2-7B
HaluEval TriviaQA ‘ HaluEval TriviaQA
Full 98.43 98.30 \ 98.55 98.26
w/o MSA 9145 (16.98) 90.82(17.48) | 92.14 (L6.41) 91.33 (16.93)
w/o OOF  88.67 (19.76)  87.41 (110.89) | 89.25(]9.30) 88.19 (110.07)
w/o TP 93.28 (15.15)  92.56 (15.74) | 93.71 (L4.84) 93.04 (15.22)

Table 3: Ablation study of MULTIHALUDET. Perfor-
mance is measured in AUROC (%). The red text in-
dicates the absolute performance drop when a specific
core component is removed, confirming the structural
necessity of the complete framework. Abbreviations —
w/o: without, MSA: Multi-Scale Attention, OOF: Out-
of-Fold Stacking, TP: Trajectory Probing.

TriviaQA. This confirms that our stacking approach
is non-negotiable for robust feature aggregation.

Bypassing the Multi-Scale Attention module and
relying on standard global average pooling results
in a substantial 6-8% drop in AUROC. Hallucina-
tion signals are not uniformly distributed across
the generation trajectory; they often manifest as
sudden, localized semantic shifts in the middle lay-
ers. The sharp decline in performance without this
module proves that capturing these local trajectory
shifts is strictly necessary, and standard pooling
mechanisms are too coarse to detect subtle factual
deviations.

Finally, replacing our continuous trajectory prob-
ing with a static, final-layer representation (w/o Tra-
jectory Probing) degrades performance by approxi-
mately 5 percentage points. While the final layer
contains significant semantic information, this re-
sult empirically proves our core hypothesis: the
process of how a model arrives at an answer (the
hidden state evolution) contains critical truthful-
ness signals that are permanently lost if one only
analyzes the final output state.

6 Conclusion

We presented MULTIHALUDET, a four-stage
framework that detects hallucinations by probing
the hidden state trajectories of frozen LLMs with-
out fine-tuning. By integrating multi-scale atten-
tion with out-of-fold deep feature generation and
learned ensemble meta-learning, our approach ef-
fectively captures complex semantic shifts indicat-
ing factual inconsistencies. Extensive evaluations
show that MULTIHALUDET achieves state-of-the-
art performance on standard benchmarks, while
also demonstrating robust cross-lingual generaliza-
tion across high, medium, and low-resource lan-
guages.



Limitations

While MULTIHALUDET demonstrates strong per-
formance in detecting multilingual hallucinations,
several limitations must be acknowledged.

First, our framework inherently relies on white-
box access to the internal hidden states and logits
of the target LLMs. Consequently, it cannot be
directly applied to proprietary, black-box models
(e.g., GPT-4 or Claude) where access to internal
representational trajectories is restricted.

Second, although our approach successfully
bypasses the computational burden of language-
specific fine-tuning, extracting and processing full-
depth hidden states across multiple layers still in-
curs non-trivial memory overhead and requires a
complete forward pass. This makes it more com-
putationally demanding than simple surface-level
heuristics.

Finally, our multilingual evaluation leverages
datasets translated from English using Gemini 2.5
Flash. Despite implementing a rigorous human
quality assurance and back-translation pipeline
to ensure semantic integrity, evaluating native,
naturally occurring prompts in medium and low-
resource languages (like Bangla and Amharic)
might reveal cultural and linguistic nuances that
are not fully captured by translated benchmarks.
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A Multilingual Data Examples

In this section, we provide representative data points from our evaluation benchmarks across all four
languages: English (Base), French (High-Resource), Bangla (Medium-Resource), and Amharic (Low-
Resource). Table 2 presents an instance from the HaluEval dataset, illustrating the grounding knowledge,
the dialogue history, and both the faithful and hallucinated responses.

Right .
9 9 . Hallucinated
Language Knowledge Dialogue Right Response Response Hallucinated Label
Label
[Human]: Do you like
Iron Man is starring Robert Iroguh:leazélA;zlgtei:t]:
Downey Jr. Robert Downey Jr. y . . . - L . . .
starred in Zodiac (Crime Fiction Downey Jr.is a I like crime fiction! Didn't I'm not a fan of crime movies,
English 3 ; ) - favorite. [Human]: Yes know RDJ was in there. Jake but I did know that RDJ starred 1
Film). Zodiac (Crime Fiction S ) X . ;
S . i like him too did you  Gyllenhaal starred as well. in Zodiac with Tom Hanks.
Film) is starring Jake :
Gyllenhaal know he also was in
ylenhaal. Zodiac a crime fiction
film.
[Humain]: Aimez-vous
Iron Man [Assistant]:
i ar!
Iron Man met en vedette valvinequrr'ss?iler:tde
Robert Downey Jr. Robert meys fa-voris J'aime les films policiers ! Je ne suis pas fan de films
Downey Jr. a joué dans Zodiac U Je ne savais pas que RDJ y policiers, mais je savais que
French . C X X [Humain]: Oui, je . D ! 1
(film policier). Zodiac (film . R . était. Jake Gyllenhaaly a RDJ avait joué dans Zodiac
. l'aime bien aussi. ) I
policier) met en vedette Jake . \ également joué. avec Tom Hanks.
Saviez-vous qu'ila
Gyllenhaal. p P
également joué dans
Zodiac, un film
policier.
[=1F]: =i 6
TR WH-Q AT FERET  [F7=PI]: TR FAT
AT T =] T Brefa T i e iy @iz e srew ! P &
Bangla GRS @fems (@R e arwros fam| (S 31, enaors 91 @ WRfSer T - mﬁw"ﬁwﬁw a
8 fpe)-a wfoas FEcEA| TS o g TR foeTa| (o Reraziers ate e oA o IECTS |
IR (R R Reem)-a oIy s s & Ry T ST ; O P
TGN TR & fowazel @ e 9o
@13 R st
|
[NO]:- A8LY 997
? -
ALY 997 (Iron Man) CNCY 204, n:gig?cr[éizm
ZALCY $NtFA: CNCY S04, BASC 249C hq‘;ﬂlﬁ.?‘ﬂ)' s ?07EA ANOAL AO2AU! RDJ POVEA LAPT K L5E ALLALIC: ONY
Ambharic = nHa.gh R0YZA ANDAL LAP) AL AHE RYLINE MDD INC: Bh RDJ n+9° YYhn DC NH&SH AL 1

TEOtA: HePh (ROYEA ANDAL
4AP) BR BAWAY Snrda:

10 (AT 2P N5P°
ADEPAL= NHEFN
SDYEA ANOAL SAT
AR XIING FOPAU?

ZAY/AT TR DA

NIETB0T AQPAU:

Figure 2: Representative multilingual data points from the HaluEval dataset, demonstrating the semantic preservation
of entities and factual inconsistencies across translations.

Table 3 illustrates an example from our modified TriviaQA dataset. TriviaQA (Joshi et al., 2017) is

adapted for our evaluation by collecting realistic, model-generated hallucinations. In the original dataset,
each entry consists of a question and its ground-truth correct answer. To generate plausible hard negatives,
we prompt an early-generation language model known for its propensity to hallucinate, Gemma-2-2B, to
answer each question. Responses that are plausible but factually incorrect are extracted to serve as the
hallucinated answers. We then construct our final evaluation dataset by pairing each question with its true
correct answer and its corresponding model-generated hallucination.

73



[DOC] [TLE] THEME FROM
MAHOGANY... The Theme from
the movie "Mahogany" also
titled "Do You Know Where
You're Going To" is a song
written by Michael Masser and
Gerald Giffin and was sung by
Dianna Ross as the theme to the
1975 Paramount film...

[DOC] [TLE] THEME DE
MAHOGANY... Le theme du film
«Mahogany », également
intitulé « Do You Know Where
You're Going To », est une
chanson écrite par Michael
Masser et Gerald Giffin et a été
chantée par Diana Ross comme
theme du film de Paramount de
1975...

[DOC] [TLE] @S ... "crraifa”
o= fw, T R g 28 @t
@RI 3S W enfiiR Y, aft
TR I R (@ATS BHIfEpea
T 9 oM @3 @aft svae
BRI ST 57 CIEfSeE. .

[DOCI] [TLE] 297D, SN R
(THEME FROM MAHOGANY)... n
"IN 4ATP T@NLD AE "Do You

Know Where You're Going To"
NODNA 99 D@ HL.Y NOZNRA TINC
A BEAL LY R4 ALY N1975
TEIIOYY AP SBND P NP5
CN THELA:...

Do You Know Where
You're Going To? was
the theme from
which film?

« Do You Know Where
You're Going To ? »
était le theme de quel
film ?

"G RS @ QR RS
= confiig §2" st
I Teftstas R faer?

"Do You Know Where
You're Going To?"
P LA FNM INC?

Mahogany

Mahogany

@=91f& (Mahogany)

P\ (Mahogany)

Love Story 1

Love Story 1

e GBIf (Love Story) 1
Afi ¢ (Love Story) 1

Figure 3: Representative multilingual data points from the modified TriviaQA dataset. The context has been
truncated for brevity. The hallucinated response (a; ) is generated by prompting Gemma-2-B to produce a plausible

but factually incorrect answer.
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