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NEURAL ARCHITECTURE COMPARISON
FOR FACT VERIFICATION ON FEVER DATASET

Abstract. The exponential growth of misinformation and fake news across digital platforms poses unprecedented
challenges to information integrity, requiring sophisticated automated fact-checking systems capable of verifying claims
against reliable evidence sources with high accuracy and computational efficiency. This study aims to evaluate and compare
four hybrid neural architectures (BiLSTM-CNN, BiLSTM-RNN, BiLSTM-GRU, and BiLSTM-GNN) for automated fact
verification using the FEVER dataset, investigating their effectiveness in claim-evidence verification under GPU memory
constraints while analyzing training dynamics and generalization capabilities. The following results are obtained: The
BiLSTM-CNN architecture achieved optimal performance with 79.5% accuracy, 79.5% recall, 77.9% F1-score, and 93.4%
AUC-ROC, followed by BILSTM-GNN (78.9% accuracy, 93.3% AUC-ROC) and BiLSTM-GRU (77.9% accuracy, 92.2%
AUC-ROC), while BILSTM-RNN exhibited catastrophic failure (33.3% accuracy). All successful architectures demonstrated
significant overfitting with 15-17% train-validation accuracy gaps, indicating systematic generalization challenges with limited
training data (40,000 samples). Conclusion. Multi-kernel convolutional feature extraction proves most effective for local
pattern recognition in fact verification, while graph-inspired approaches show promising potential for relational reasoning. The
consistent overfitting across architectures highlights the critical need for enhanced regularization, data augmentation, and
ensemble methods to achieve robust performance in automated fact-checking systems under computational constraints.
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LSTM.

Introduction

The proliferation of misinformation and fake news
across digital platforms poses significant threats to
public discourse, democratic processes, and societal
well-being. Automated fact-checking systems have
emerged as critical tools for combating this challenge,
employing various computational approaches to verify
claims against reliable evidence sources. Current fake
news detection methodologies encompass content-based
analysis examining linguistic patterns and semantic
inconsistencies, social context-based approaches
analyzing propagation patterns and user behavior, and
hybrid methods combining textual and multimedia
evidence. Deep learning architectures, particularly
recurrent neural networks (RNNSs), convolutional neural
networks (CNNs), and graph neural networks (GNNS),
have demonstrated substantial effectiveness in
identifying deceptive content through sophisticated
pattern recognition and feature extraction capabilities.
The FEVER (Fact Extraction and VERIfication) dataset
represents a pivotal benchmark in this domain,
providing a standardized framework for evaluating
automated verification systems against evidence
retrieved from Wikipedia. This work contributes to the
advancement of fact verification research by conducting
a comprehensive comparison of hybrid neural
architectures, combining bidirectional LSTM processing
with CNN, RNN, GRU, and graph-based components,
thereby exploring the effectiveness of different neural
paradigms for claim verification tasks under
computational constraints.

Recent advances in automated fact verification
have been driven by large-scale datasets like FEVER [1]
and sophisticated neural architectures. The FEVER
dataset, introduced by Thorne et al. [1], established a
benchmark containing 185,445 claims verified against
Wikipedia, achieving 0.6841 Fleiss k inter-annotator

agreement. Early baseline systems achieved only
31.87% accuracy with correct evidence and 50.91%
without evidence selection [1], highlighting the task's
complexity.

Neural Semantic Matching Approaches. Nie et
al. [2] introduced neural semantic matching networks
that jointly conduct document retrieval, sentence
selection, and claim verification, achieving state-of-the-
art results by integrating semantic relatedness scores
and WordNet features. This work demonstrated the
importance of end-to-end optimization across all
verification stages.

RNN and CNN-Based Approaches. Recurrent
and convolutional neural networks have formed the
backbone of many fact verification systems. Research
shows that bidirectional LSTM models achieve superior
performance over unidirectional approaches and vanilla
RNNs [3, 4]. Sastrawan et al. [4] demonstrated that
Bidirectional LSTM outperformed CNN and ResNet
architectures across multiple fake news datasets. The
effectiveness of CNN-LSTM hybrid models has been
validated across different domains [5, 6], with
architectures combining convolutional feature extraction
and LSTM temporal modeling achieving high accuracy
rates (96-98%) in news verification tasks.

Hybrid Neural Architectures. Recent work has
focused on combining multiple neural paradigms for
improved performance. Hybrid CNN-RNN models [7]
demonstrate superior results by leveraging CNNs'
parallel processing capabilities for feature extraction
alongside RNNs' sequential modeling strength.
Research indicates that ensemble methods combining
different neural architectures can significantly
outperform individual models [8, 9], with voting
mechanisms and stacking approaches achieving
substantial accuracy improvements.

Graph-Based Reasoning. Graph neural networks
have emerged as powerful tools for fact verification.
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Velickovic et al. [10] introduced Graph Attention
Networks (GATSs), enabling nodes to attend over
neighborhood features without costly matrix operations.
Recent advances include GATV2 [11], which addresses
static  attention limitations in  original GAT
architectures. Applied to fact verification, Wu et al. [12]
developed evidence-aware hierarchical interactive
attention networks, while Xu et al. [13] proposed GET
framework using graph-based semantic structure mining
to address scattered information integration challenges.

Attention Mechanism Evolution: The evolution of
attention mechanisms has significantly impacted fact
verification. Comprehensive surveys [14, 15] reveal
three developmental stages: graph recurrent attention
networks, graph attention networks, and graph
transformers. Recent work has focused on improving
attention expressiveness [11] and developing multi-
modal attention for claim verification [16].

Given the promising developments in hybrid
neural architectures for fact verification, this research
aims to systematically evaluate and compare four
distinct hybrid approaches that combine bidirectional
LSTM with different complementary components:
CNN, RNN, GRU, and GNN. The study seeks to
identify the most effective architectural combinations
for automated fact verification under computational
constraints, while providing insights into training
dynamics, generalization capabilities, and the
underlying factors that contribute to successful claim-
evidence verification performance.

Task Solution

FEVER Dataset. The Fact Extraction and
VERification (FEVER) dataset [1] provides a
comprehensive benchmark for automated fact-checking,
containing human-generated claims paired with
Wikipedia evidence. Claims are annotated with three
labels: SUPPORTS, REFUTES, or NOT ENOUGH
INFO. Our preprocessing combines claims and evidence
using '[SEP]' separator, creating unified sequences
processed by Keras Tokenizer with 8,000-word
vocabulary and 100-token maximum length. Training
data is stratified-sampled to 40,000 examples for 4GB
GPU constraints, with balanced class weighting
addressing label imbalance. Research indicates that
31.75% of claims require multiple evidence sentences,
while 16.82% need multi-sentence composition and
12.15% require cross-document evidence [1]. This
complexity  necessitates  sophisticated  reasoning
architectures capable of handling multi-hop inference
and cross-document relationships.

BiLSTM-CNN Architecture. This hybrid design
integrates  bidirectional sequential processing with
multi-scale convolutional feature extraction, inspired by
successful CNN-LSTM combinations in fake news
detection [5, 6]. The architecture begins with 128-
dimensional embeddings, followed by bidirectional
LSTM (642 units) with dropout regularization (0.2).
Three parallel 1D convolutional branches (kernel sizes
3, 4, 5, each 64 filters) extract unigram, bigram, and
trigram patterns essential for factual inconsistency
detection. Features are concatenated and processed

through global max pooling before classification via
dense layers (128—64—3 units).

BiLSTM-RNN Architecture. A dual-recurrent
design combining bidirectional LSTM with SimpleRNN
for computational efficiency. Following identical
embedding and BIiLSTM processing, a SimpleRNN
layer (64 units) provides additional sequential modeling
with reduced overhead. Batch normalization layers
stabilize training between recurrent components. This
streamlined approach offers faster computation while
maintaining temporal dependency modeling, following
principles from ensemble neural networks.

BiLSTM-GRU  Architecture.  This architecture
leverages complementary strengths of bidirectional LSTM
and GRU for optimized sequence processing. The GRU
component (64 units) employs simplified gating
mechanisms combining forget and input gates, reducing
parameters while maintaining gradient flow. The reset and
update gates enable selective information retention,
addressing vanishing gradients in deep recurrent networks.

BILSTM-GNN  Architecture. A novel graph-
inspired approach treating sequences as graphs where
words represent nodes, motivated by recent advances in
graph attention networks [10,11]. Following BiLSTM
processing, node feature transformation (1D conv,
64 filters, kernel=1) creates graph abstractions. Three
parallel aggregation operations (kernels 1, 3, 5, each 32
filters) simulate GNN message-passing at multiple scales,
inspired by evidence-aware graph networks [12, 13].
Concatenated features undergo global max pooling for
graph-level representation, enabling complex relational
reasoning for claim-evidence verification.

Results Analysis

Performance Overview. The BiLSTM-CNN
architecture achieved optimal performance with 79.5%
accuracy, 79.5% recall, 77.9% F1-score, and 93.4%
AUC-ROC. BILSTM-GNN demonstrated competitive
results (78.9% accuracy, 93.3% AUC-ROC), while
BiLSTM-GRU achieved respectable performance
(77.9% accuracy, 92.2% AUC-ROC). BiLSTM-RNN
exhibited catastrophic failure (33.3% accuracy),
performing at random chance levels. These results align
with findings from hybrid neural approaches [7], which
demonstrate that combining multiple neural paradigms
can achieve superior performance compared to single-
architecture models. However, our results also confirm
that not all hybrid combinations are beneficial, as
evidenced by the BiLSTM-RNN failure.

Training Dynamics. BIiLSTM-CNN  showed
smooth convergence with training accuracy improving
from 85% to 95% while validation remained stable
around 80%. BILSTM-GNN exhibited similar robust
optimization. BILSTM-GRU displayed initial instability
with dramatic accuracy jumps around epoch 2,
suggesting initialization sensitivity. BILSTM-RNN's flat
curves confirmed complete optimization failure.

Architectural Insights. CNN's superior performance
validates multi-kernel convolution's importance for local
pattern recognition in fact verification, consistent with
hybrid CNN-LSTM approaches [5, 6]. The competitive
GNN  performance  demonstrates  graph-inspired
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neighborhood aggregation's potential
for textual reasoning, aligning with
recent graph-based fact verification
systems [12, 13] (Fig. 1). GRU's
reasonable results confirm
sophisticated gating benefits, though
combination ~ with  bidirectional
LSTM  introduces  optimization
complexity.

Overfitting  Evidence.
successful  architectures  exhibit
substantial  train-validation  gaps
(15-17%): BIiLSTM-CNN (95% vs
80%), BILSTM-GRU (93% vs
78%), BILSTM-GNN (96% vs
80%). This consistent disparity
indicates  systematic  overfitting
across architectures, a common
challenge in fact verification
systems with limited training data

0.789

BILSTM-CNN

0.333

Models
BiLSTM-RNN
\

BiLSTM-GRU

All

BIiLSTM-GNN

accuracy

0.779

Model Performance Heatmap o

0.789 0.769 0.933 0.0

0.333

0.779 0.762
0.795 0.779

recall f1_score

0.167

0.500

- 0.6

Normalized Score

-0.5

-0.4

-0.3

auc_roc

Metrics

Fig. 1. Performance heatmap of all models

BiLSTM-CNN Training History

BiLSTM-RNN Training History

[3, 4] (Fig. 2).
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similar to challenges identified in
CNN-RNN hybrid approaches [7].
2) Model Complexity. High
parameter-to-sample ratios enable
perfect training data fitting while
failing validation generalization. .
Current regularization (dropout 0.2-
0.5, batch normalization) proves

insufficient for model complexity. LY

Conclusions

The consistent 15-17% overfitting gap suggests
fact verification under hardware constraints requires
fundamentally different approaches: few-shot learning
methods, meta-learning for rapid adaptation, or
knowledge-augmented models reducing training data
dependence. Recent hybrid approaches [7] achieve
superior performance through architectural diversity,
suggesting future work should prioritize ensemble
strategies.

The superior CNN performance validates local
pattern recognition importance, while competitive GNN
results demonstrate graph-inspired reasoning potential,
consistent with recent evidence-aware approaches [12,
13]. Future research should bridge the performance gap
through ensemble methods [8,9] and advanced hybrid
architectures while exploring graph-based reasoning
capabilities for automated fact-checking systems.

Fig. 2. Training graphs of all models

Several advanced approaches can be implemented
for future work. Ensemble Methods: Implement
ensemble learning approaches [8, 9] combining
predictions from multiple architectures. Voting
mechanisms, stacking, or bagging could leverage the
complementary strengths of different neural paradigms
while reducing variance. Enhanced Graph Modeling:
Extend GNN approaches with explicit graph
construction incorporating named entity relationships,
following evidence-aware graph networks [12, 13].
Multi-modal graph attention [16] could integrate diverse
evidence types.

Hybrid  Architecture  Optimization:  Explore
alternative hybrid combinations inspired by successful
CNN-LSTM models [5,6], potentially investigating
CNN-GRU or GNN-CNN combinations for improved
performance.
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IopiBHAHHSA HelipOHHUX apXiTeKTYp 1715 MepeBipku (akTiB Ha Hadopi nanux FEVER
C. C. [Jauenko

Anortanisn. ExkcnoHeHmiameHe 3pocTaHHs Ae3iH(popMarii Ta (elKOBHX HOBHH Ha LOU(PPOBHX IUIATPOpMax CTaBUTHh
Oe3npeleIeHTHI BUKIMKHI Tepe]] MUTICHICTIO iHpOpMaIlii, 0 BUMarae CTBOPSHHS CKIIATHAX aBTOMATH30BaHHUX CHCTEM IEPEBIPKH
(axTiB, 37aTHUX 3 BHCOKOIO TOYHICTIO Ta OOYHCIIOBATHHOI €(QEKTHBHICTIO TEPEBIPATH TBEPIKCHHS HA OCHOBI HaIiHHUX
JoKepen oka3iB. Lle mocnikeHHs Mae Ha MeTi OLIHUTH Ta MOPIBHATH YOTHPH TiOpuaHi HeliporHi apxitekTypu (BiLSTM-CNN,
BiLSTM-RNN, BIiLSTM-GRU Tta BiLSTM-GNN) mis aBTrOMatH30BaHOi MepeBipkd (akTiB 3a JOMOMOTOK HabOpy JaHHX
FEVER, mocnimkyioun iXx eheKTHBHICTh y TepeBiplii TBEp/PKeHb Ta JOKa3iB B ymoBax oOMmexeHoi mam'sti GPU, ognodyacHo
aHaNI3yI0uM AWHAMIKy HaBUaHHS Ta MOXJIMBOCTI y3aranbHeHHs. OTpUMaHO HAacTyHHI pe3ynbTati: apxitektypa BiLSTM-CNN
JIOCSTIa ONTUMAIBHOT MPOJYKTUBHOCTI 3 TOUHICTIO 79,5%, BinmTBOproBaHicTio 79,5%, 77,9% F1-nokasuukom Ta 93,4% AUC-
ROC, 3a neto iigyts BiILSTM-GNN (78,9% Ttounicts, 93,3% AUC-ROC) Ta BiLSTM-GRU (77,9% Ttounicts, 92,2% AUC-
ROC), Tomi ssx BiLSTM-RNN mnpomemoHcTpyBana karactpodiuny HeBmady (33,3% TouHicT). YcCi yCIHiIIHI apXiTeKTypH
MIPOJIEMOHCTPYBAIN 3HAYHE NEPEHABUAHHS 3 PO3PHBOM Yy TOYHOCTI TpeHyBaHHSA-Bamigamii 15-17%, mo Bkasye Ha CHCTEMHI
npoOneMH y3araJbHEHHsT 3 OOMEXeHMMH JaHuMH ais HaBuanHs (40 000 3paskiB). BucHoBok. Butsar oOaraTosiiepHux
KOHBOJIIOL[IHUX O3HAaK BHSBISAETHCS Haie(eKTHBHIIINM JUIsl PO3Mi3HABAHHS JIOKAJTBHHUX Bi3epyHKIB y mepeBipli (akTiB, TOl sIK
HiIXOOM, HATXHEHHi rpadamu, IEeMOHCTPYIOTh 0araTooOiIsIFOYMi TOTEHHianm i pessuiifHoro MipkyBaHHs. [locriitHe
HepeHaBYaHHs B Pi3HUX apXiTEKTypax MiIKPECIIoe TOCTPY HEOOXiAHICTh BIOCKOHAJICHHS METOJIB peryisipu3aii, 301IbIIeHHS
o0csTy AaHUX Ta aHcaMOJIEBHX METOIIB Ul JOCSATHEHHS HaAiHHOI pOOOTH aBTOMATH30BaHHMX CHCTEM IEPEBIpKH (akTiB B
YMOBaxX 00UHCITIOBATBHUX OOMEKEHb.

KawuoBi caoBa: mepeBipka ¢akriB, HeiiponHi mepexi, Habip manux FEVER, ribpuani apxitektypu, rpadidni
HeWpoHHI Mepexi, ABoHanpasnennii LSTM.
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