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Abstract

Hallucination remains a key limitation of large language models (LLMs), often addressed through output-level
detection methods that overlook internal model dynamics. Recent work has shown that internal representations
encode signals of truthfulness, but does not localize hallucinations across layers or relate them to input structure.
In this work, we introduce SYLAC (Symbolic Layer-Aware Hallucination Classification), a framework that models
hallucinations as structured phenomena arising from interactions between symbolic linguistic triggers and
layer-wise transformer representations. We model hallucinations as layer-aware phenomena that can be jointly
characterized by their type and origin within the model. To evaluate this, we analyze symbolic triggers (e.g.,
entities, negation, numerical expressions) and extract layer-wise attention signals to localize instability. We
further develop a predictive model that jointly classifies hallucination type (semantic, syntactic, factual) and
estimates its origin layer. Experiments on HaluEval and Truthful QA across Gemma (2B/9B) and LLaMA (7B/8B)
show that the introduced approach chieves up to 70.9% on HaluEval and 81.9% on TruthfulQA for hallucination
type classification, and up to 84.7% accuracy in layer localization. While type classification is affected by class
imbalance, layer localization consistently achieves higher accuracy, indicating that internal attention dynamics
provide reliable structural signals. Consistent patterns across models and datasets suggest that hallucination
behavior is associated with shared internal characteristics of transformer architectures. These findings support a
shift from output-centric detection toward mechanism-aware modeling, providing a unified and interpretable
approach to understanding hallucinations in LLMs.
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1. Introduction

Large Language Models (LLMs) achieve strong performance in language tasks but remain prone to
hallucination, limiting their reliability in high-stakes applications [1, 2, 3]. While hallucinations are
typically treated as output-level errors, they originate from internal representation dynamics within
transformer layers. Understanding these failures therefore requires analyzing how they emerge during
the model’s forward pass.

Studying hallucinations at the internal level enables mechanistic interpretability and provides struc-
tured signals for intervention. Transformer layers capture different levels of linguistic and factual
abstraction [4, 5], and analyzing their behavior reveals where the model departs from factual grounding.
These internal signals can provide more structured information than output-level heuristics and support
targeted strategies such as layer-wise correction [6, 7]. This perspective allows hallucinations to be
localized, categorized, and predicted through internal dynamics, as illustrated in Figure 1.

Recent work shows that internal representations encode signals of truthfulness and that factual
information evolves across layers [8, 9, 10, 11]. However, these approaches largely treat hallucination as
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Figure 1: Symbolic triggers in the input can cause instability in intermediate transformer layers, resulting in
hallucinated outputs.

a binary phenomenon and do not explain how different hallucination types arise or how input structure
influences internal behavior.

To operationalize this perspective, we introduce SYLAC (Symbolic Layer-Aware Hallucination
Classification), a framework that models hallucinations as interactions between symbolic linguis-
tic triggers and layer-wise transformer dynamics. SYLAC integrates symbolic trigger identification,
layer-wise localization of hallucination origin, and taxonomy-driven modeling to jointly characterize
hallucination type and origin.

We evaluate SYLAC across multiple architectures, including Gemma (2B/9B) and LLaMA (7B/8B),
using HaluEval and Truthful QA benchmarks. Results show that hallucinations exhibit consistent layer-
wise signatures, with instability emerging in early-to-intermediate layers before propagating to the
final output.

Our contributions are as follows:

« We introduce SYLAC, a framework that combines symbolic linguistic triggers and layer-wise
transformer representations for hallucination analysis.

« We propose a layer-aware approach for jointly localizing hallucination origins and classifying
hallucination types using symbolic attention features.

« We provide empirical evidence across HaluEval and Truthful QA showing consistent layer-wise
hallucination patterns across multiple LLM architectures.

2. Related Work

Recent work has begun to analyze hallucinations through internal transformer dynamics, particularly
focusing on layer-wise behavior.

Hidden-state probing studies show that internal representations encode signals predictive of truth-
fulness. Azaria and Mitchell [8] demonstrate that hidden states can identify factual errors, while
INSIDE [12] and subsequent works [13, 14, 15] further confirm that models contain intrinsic signals of
hallucination and uncertainty. However, these approaches treat hallucination as a binary prediction
problem and do not localize where hallucination originates within the model.

Layer-wise analyses provide more direct insight into hallucination formation. The Tuned Lens
[16] reveals how intermediate layers contribute to final predictions, and DoLa [7] improves factuality
by contrasting representations across layers. More recent work identifies hallucination as a form of



representational drift across layers [17], while studies on factual recall [18, 19] show that different
layers specialize in storing and retrieving knowledge. Although these works indicate that hallucinations
have layer-specific signatures, they do not provide a structured mechanism to localize hallucination
origins or relate them to distinct hallucination types.

Mechanistic interpretability research further demonstrates that factual knowledge can be localized
within transformer components. Feed-forward layers have been shown to act as key-value memories
[20], and methods such as ROME and MEMIT [21, 22] enable targeted editing of factual associations.
While these approaches localize knowledge and model components, they do not explain how hallucina-
tions emerge dynamically from specific input structures.

Overall, existing work either identifies internal signals of hallucination or analyzes layer-wise
dynamics in isolation. There remains a gap in jointly modeling where hallucinations originate,
what type of hallucination occurs, and which input structures trigger them.

Compared to prior hidden-state probing approaches [8, 12], which primarily treat hallucination
analysis as a binary detection problem using internal representations, and layer-wise analyses such as
the Tuned Lens [16] and DoLa [7], including our own prior localization-only study SymLoc [23] which
analyze representation evolution across transformer layers, SYLAC integrates symbolic trigger analysis
with layer-wise attention representations to jointly estimate hallucination type and origin layer within
a unified framework. This enables a structured analysis that connects input-level symbolic cues with
internal model dynamics, rather than treating detection, localization, and categorization as independent
tasks.

Our work addresses this gap by introducing a unified framework that combines symbolic trigger anal-
ysis with layer-wise localization and taxonomy-driven modeling, enabling structured and interpretable
analysis of hallucination behavior.

3. SYLAC Framework

SYLAC (Symbolic Layer-Aware Hallucination Classification) is a unified framework that integrates
symbolic linguistic analysis, layer-wise internal dynamics, and predictive modeling to analyze halluci-
nations as structured, layer-aware phenomena. Unlike prior approaches that treat hallucinations as
output-level errors, SYLAC models them as arising from interactions between symbolic input cues and
internal transformer representations.

As illustrated in Figure 2, the framework is designed to (i) identify symbolic triggers in input prompts,
(ii) analyze their interaction with layer-wise attention dynamics, (iii) localize the internal origin of
hallucination, and (iv) jointly predict hallucination type and its layer-level origin. Figure 2 illustrates
the overall architecture of SYLAC.

3.1. Stage 1: Symbolic Trigger Identification

The first stage focuses on extracting symbolic linguistic properties that may act as triggers for hal-
lucination behavior. Given an input sequence x = {x1,z9,...,2,}, we define a set of symbolic
properties:

S(z) ={s1,82,.--,Sk}

where S(x) includes indicators such as named entities, modifiers, numerical expressions, negation,
and exception patterns.

These symbolic properties are treated as interpretable indicators of structural complexity and potential
sources of internal instability. Rather than assuming direct causality, SYLAC leverages these cues as
signals that influence how information is processed across layers, establishing a link between input-level
structure and internal representations.
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Figure 2: Overview of the SYLAC framework.

3.2. Stage 2: Layer-Wise Attention Analysis and Localization

The second stage analyzes how symbolic triggers interact with internal model representations across
transformer layers. Let A() denote the attention matrix at layer [. For each symbolic property s;, we
compute the aggregated symbolic attention:

o = 1 S A0

17| teTy,

where T, denotes the set of tokens corresponding to symbolic property s;.
We define the overall symbolic attention at layer [ as:

k
0=l
i=1

To localize hallucination origin, we identify the earliest layer exhibiting a significant increase in



symbolic attention:

[* = min {l | oD — a1 > 5}

where § is a threshold capturing attention shift. This formulation provides an operational, attention-
based estimate of the layer at which hallucination-related instability is first detectable; we do not claim
this establishes a causal origin, but rather a structural correlate that can guide further investigation.

Empirically, hallucination-related instability often emerges in early or intermediate layers before
propagating through subsequent layers, providing an interpretable estimate of where hallucination-
related instability first becomes observable.

3.3. Stage 3: Layer-Aware Hallucination Taxonomy

Based on localized internal signals, SYLAC introduces a structured taxonomy that categorizes hallu-
cinations into three types: semantic, syntactic, and factual. Formally, each sample is assigned a type

label:
Yiype € {semantic, syntactic, factual}

and an associated origin layer:

*
Yiayer = !

This defines a layer-aware mapping:

(l‘ ) — (ytypea ylayer)

which enables structured interpretation of hallucination behavior across model depth.

Symbolic-to-Hallucination Mapping. To ensure consistent and reproducible annotation of halluci-
nation types, we define a deterministic mapping between symbolic linguistic triggers and hallucination
categories, as summarized in Table 1. Specifically, we associate different symbolic properties with the
type of hallucination they are most likely to induce based on their linguistic function:

Table 1

Mapping between symbolic linguistic triggers and hallucination types.
Symbolic Property Hallucination Type
Negation, Exception Semantic
Named Entities, Numbers Factual
Modifiers Syntactic

« Semantic hallucinations are associated with negation and exception constructs, as these alter
the underlying meaning of the input and often lead to incorrect semantic interpretations.

« Factual hallucinations are associated with named entities and numerical expressions, which
require precise retrieval of world knowledge and are prone to factual inaccuracies.

« Syntactic hallucinations are associated with modifiers (e.g., adjectives, adverbs, verbs), which
influence sentence structure and can lead to grammatically or structurally inconsistent outputs.

The mapping presented in Table 1 serves as a deterministic annotation heuristic designed to provide
consistent and reproducible labels for large-scale analysis. It is not intended as a causal claim that a
symbolic trigger uniquely determines the resulting hallucination type. Rather, the mapping provides a
structured approximation for analysing relationships between symbolic input properties and internal
model behaviour. While individual symbolic triggers may be associated with multiple hallucination



types in practice, this deterministic mapping enables systematic annotation and facilitates the proposed
layer-wise analysis by establishing a structured link between input-level symbolic cues and hallucination
categories.

3.4. Stage 4: Joint Predictive Classification and Localization

The final stage operationalizes SYLAC through predictive modeling. Each sample is represented as a
feature vector:

z = f(x) € REXK

where L is the number of layers and & is the number of symbolic properties.
We train a multi-task classifier:

(?)typea Qlayer) = g(Z)

where g(-) is a neural network with shared representation and task-specific heads.
The training objective is defined as:

L= £type + )\ﬁlayer

where Liype and Ly, are cross-entropy losses for type classification and layer localization, respec-
tively, and A is a weighting factor.

This formulation enables simultaneous classification and localization, bridging interpretability and
predictive modeling. Experimental results demonstrate that internal attention signals contain sufficient
information to distinguish between hallucination types and identify their layer-level origins. Further-
more, these patterns exhibit consistent behavior across different model architectures, supporting the
hypothesis that hallucinations are structured, layer-aware phenomena.

Overall, SYLAC provides a unified pipeline that connects symbolic input structure, internal model
dynamics, and predictive modeling, enabling interpretable and mechanism-aware hallucination analysis.

4. Experimental Setup

This section describes the datasets, models, feature construction process, and classification setup used
to evaluate the SYLAC framework.

4.1. Datasets

We conduct experiments on two widely used benchmarks for evaluating hallucination in large language
models:

HaluEval. HaluEval [24] is a benchmark designed to evaluate hallucination behavior across different
tasks, including question answering, and reasoning-based prompts. We use a subset of 1000 samples
covering diverse linguistic structures and reasoning requirements.

TruthfulQA. TruthfulQA [25] consists of 817 questions designed to assess whether models produce
truthful or misleading answers, particularly in adversarial settings. The dataset includes both factual
and misconception-driven queries, making it suitable for analyzing hallucination patterns.

For each dataset, model-generated outputs are collected and annotated for hallucination behavior.
Each sample is further categorized into one of three hallucination types: semantic, syntactic, or factual,
based on symbolic linguistic triggers and the nature of the generated error.



4.2. Models

We evaluate SYLAC across multiple transformer-based language models:

+ Gemma-2B and Gemma-9B [26]
. LLaMA-7B [27] and LLaMA-8B [28]

These models vary in scale and architecture, enabling analysis of hallucination behavior across
different model families. For each model, outputs are generated using standard decoding settings, and
internal attention values are extracted during inference.

4.3. Symbolic Trigger Extraction

For each input query, we identify symbolic linguistic properties that may influence hallucination
behavior. These include: Named entities, Modifiers (adjectives, adverbs, verbs), Numerical expressions,
Negation, and Exception patterns.

These symbolic triggers are mapped to corresponding tokens in the input, enabling alignment with
internal attention signals during layer-wise analysis.

4.4. Layer-Wise Attention Feature Construction

To capture internal model dynamics, we extract attention values from all transformer layers using:
output_attentions=True

For each sample, we compute symbolic attention scores by aggregating attention weights associated
with tokens corresponding to symbolic triggers. This results in a structured representation of the form:

Feature Space = Layer x Symbolic Property

Each sample is represented as a flattened feature vector capturing how different symbolic properties
are attended across layers.
4.5. Layer Localization

Using the constructed attention features, we estimate the probable origin layer of hallucination for each
sample. The estimated origin layer is defined as the earliest layer exhibiting a significant increase in
symbolic attention relative to preceding layers.

Formally, given symbolic attention a!) at layer I, the origin layer is estimated as:

[* = min {l | oD — =D > (5}
where 0 is a threshold capturing attention shift. This produces a layer label for each sample, which is
used as heuristic supervision for localization.
4.6. Classification Setup

We train a supervised multi-task classifier using the constructed feature representations. The classifier
jointly predicts:

« Hallucination type: {semantic, syntactic, factual}
« Estimated hallucination origin layer: discrete layer index



Table 2
Hallucination Type Classification Accuracy (%)

Model HaluEval TruthfulQA
Gemma-2B 68.45 77.91
Gemma-9B 70.88 79.14
LLaMA-7B 67.12 81.88
LLaMA-8B 64.45 77.33

The input consists of flattened layer-wise symbolic attention features, while the outputs correspond
to the annotated hallucination type and the estimated origin layer.

The classifier is optimized using a joint objective that combines the losses for hallucination type
classification and estimated origin-layer prediction.
Implementation Details.  All experiments were conducted using the official Hugging
Face checkpoints: google/gemma-2-2b, google/gemma-2-9b, meta-1lama/Llama-2-7b-hf,
and meta-1lama/Llama-3.1-8B. Model outputs were generated using max_new_tokens=200,
do_sample=True, temperature=0.7, and top_p=0.9, while internal attention representations
were extracted using output_attentions=True. Symbolic attention features were standardized us-
ing StandardScaler before training. The multi-task classifier comprised two shared fully connected
layers with 256 and 128 hidden units, respectively, using ReLU activations, Batch Normalization, and a
dropout rate of 0.3, followed by separate task-specific heads for hallucination type classification and
estimated origin-layer prediction. The model was trained using the Adam optimizer (learning rate
= 1x 1073, weight decay = 1 x 10~?) for 30 epochs with a batch size of 32. The total loss was computed
as L = Ligpe + 0.5 Liayer, and gradients were clipped to a maximum norm of 1.0. An 80:20 stratified
train—test split with a fixed random seed of 42 was used for all experiments to ensure reproducibility.

5. Results and Analysis

This section presents the empirical evaluation of the introduced SYLAC framework on two benchmark
datasets, HaluEval and TruthfulQA, across four model variants: Gemma-2B, Gemma-9B, LLaMA-7B, and
LLaMA-8B. The evaluation focuses on (i) hallucination type classification and (ii) layer-wise localization.

5.1. Hallucination Type Classification

Table 2 reports the classification accuracy for hallucination types across both datasets.

Across both datasets, hallucination type classification achieves moderate performance. Accuracy
ranges between 64% and 71% on HaluEval, and improves to 77%—82% on Truthful QA. Despite this im-
provement, class-wise performance remains imbalanced, with factual hallucinations being significantly
easier to predict than semantic and syntactic ones. This imbalance is reflected in lower macro-level
performance, indicating that minority hallucination types remain challenging to distinguish. Macro-
averaged F1-scores (not shown for brevity) follow similar trends, further highlighting the impact of
class imbalance.

5.2. Layer Localization Performance

Table 3 presents the accuracy of predicting the origin layer of hallucinations.

Layer localization consistently outperforms hallucination type classification across both datasets.
For HaluEval, localization accuracy exceeds 70% for most models, while Truthful QA further improves
performance, reaching up to 84.66% for Gemma-9B. These results indicate that internal attention-based
features provide robust and consistent signals for identifying the layer-level origin of hallucinations.

However, LLaMA-8B exhibits comparatively lower localization accuracy on both datasets, suggesting
that deeper architectures may distribute hallucination-related signals across multiple layers, making
precise localization more challenging.



Table 3
Layer Localization Accuracy (%)

Model HaluEval TruthfulQA
Gemma-2B 78.57 79.75
Gemma-9B 72.15 84.66
LLaMA-7B 76.71 79.19
LLaMA-8B 48.19 63.33
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Figure 3: Layer-wise distribution of hallucination types across transformer layers for HaluEval and TruthfulQA.

5.3. Layer-wise Distribution Analysis

Figure 3 illustrates the layer-wise distribution of hallucination types across transformer layers. To
ensure comparability across datasets and models with varying depths, layer indices are aligned to the
maximum layer range, with missing layers represented as zero-valued entries.

The results reveal a consistent concentration of hallucination activity in early-to-intermediate layers
across both datasets. In particular, all hallucination types exhibit peak intensity within the initial
layers, followed by a gradual decline in later layers, indicating that instability emerges early during
representation formation.

Notably, while HaluEval exhibits a broader spread across intermediate layers, Truthful QA shows
a stronger concentration in the earliest layers, suggesting that adversarial or misconception-driven
queries induce earlier disruption in the model’s internal processing. This consistency across datasets,
despite differences in task structure and difficulty, supports the hypothesis that hallucinations originate
from systematic internal dynamics rather than purely output-level variability.

5.4. Comparative Observations

A comparison across datasets reveals several consistent trends. First, both hallucination type classi-
fication and layer localization perform better on TruthfulQA than on HaluEval. This suggests that
hallucination patterns in Truthful QA are more separable based on the extracted symbolic and internal
features.

Second, layer localization remains more reliable than type classification across all models and datasets.
This indicates that structural signals embedded within internal representations are more stable than
categorical distinctions derived from output behavior. Notably, the consistent performance gap between
layer localization and type classification suggests that internal structural signals are more reliably
captured than output-level hallucination categories.

Finally, model-wise trends remain consistent across datasets, with Gemma models showing stable
performance and LLaMA-8B exhibiting reduced localization accuracy:.



6. Discussion

The results show that hallucinations exhibit structured behavior linked to symbolic inputs and layer-
wise internal dynamics. Rather than uniform output errors, hallucinations originate from localized
instability within specific transformer layers.

Layer localization consistently outperforms hallucination type classification, indicating that internal
structural signals are more reliable than output-level categories. This suggests that hallucination
behavior is primarily governed by internal representation dynamics.

Layer-wise analysis further reveals that hallucinations emerge in early-to-intermediate layers, with
peak activity in initial layers. Notably, Truthful QA shows stronger early-layer concentration compared
to HaluEval, suggesting that adversarial queries induce earlier instability.

These consistent patterns across models indicate that hallucination behavior reflects shared charac-
teristics of transformer architectures. By linking symbolic triggers with internal layer behavior, SYLAC
provides a unified and interpretable view of hallucination formation.

Several limitations should be acknowledged. First, the hallucination-type and estimated origin-layer
labels are generated using deterministic annotation heuristics derived from symbolic attention features;
therefore, the reported accuracies evaluate how effectively the proposed classifier reproduces these
heuristic labels rather than independently validated causal ground truth. Second, attention is used as
an interpretable proxy for internal model behaviour and does not by itself establish causal mechanisms
underlying hallucination formation. Finally, validating the estimated origin layers through intervention
techniques such as activation patching or layer ablation, together with broader human validation of
hallucination types, remains an important direction for future work.

7. Conclusion

We introduced SYLAC, a symbolic layer-aware framework for analyzing hallucinations in large language
models. By modeling hallucinations as interactions between symbolic triggers and internal representa-
tions, SYLAC shifts the focus from output-level detection to mechanism-aware analysis. The framework
enables joint prediction of hallucination type and origin layer, demonstrating that hallucinations can
be effectively localized in early-to-intermediate layers. Results further show that internal structural
signals are more reliable than output-level categories. Consistent patterns across models suggest that
hallucination behavior is governed by shared transformer dynamics, while dataset variations indicate
that input conditions influence the depth of instability. Future work will extend SYLAC to larger models
and explore circuit-level interpretability for improved robustness.
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