
When retrieval outperforms generation: Dense evidence retrieval for
scalable fake news detection

Alamgir Munir Qazi1 John P. McCrae2 Jamal Abdul Nasir1
1School of Computer Science, University of Galway, Ireland

2Research Ireland Insight Centre and ADAPT Centre, University of Galway, Ireland
{a.qazi1,jamal.nasir}@universityofgalway.ie, john@mccr.ae

Abstract

The proliferation of misinformation necessi-
tates robust yet computationally efficient fact
verification systems. While current state-of-
the-art approaches leverage Large Language
Models (LLMs) for generating explanatory ra-
tionales, these methods face significant compu-
tational barriers and hallucination risks in real-
world deployments. We present DeReC (Dense
Retrieval Classification), a lightweight frame-
work that demonstrates how general-purpose
text embeddings can effectively replace au-
toregressive LLM-based approaches in fact
verification tasks. By combining dense re-
trieval with specialized classification, our sys-
tem achieves better accuracy while being sig-
nificantly more efficient. DeReC outperforms
explanation-generating LLMs in efficiency, re-
ducing runtime by 95% on RAWFC (23 min-
utes 36 seconds compared to 454 minutes 12
seconds) and by 92% on LIAR-RAW (134 min-
utes 14 seconds compared to 1692 minutes 23
seconds), showcasing its effectiveness across
varying dataset sizes. On the RAWFC dataset,
DeReC achieves an F1 score of 65.58%, sur-
passing the state-of-the-art method L-Defense
(61.20%). Our results demonstrate that care-
fully engineered retrieval-based systems can
match or exceed LLM performance in special-
ized tasks while being significantly more prac-
tical for real-world deployment.

1 Introduction

The exponential growth of misinformation across
digital platforms presents an urgent challenge to
information integrity and societal discourse (Guo
et al., 2022). While recent advances in automated
fact-verification systems have shown promise in
addressing this challenge (Wang et al., 2024a; Yue
et al., 2024; Zhang and Gao, 2023a; Yang et al.,
2022), current approaches face significant limita-
tions in both computational efficiency and verifica-
tion reliability (Su et al., 2024).

Recent work in automated fact-checking and
in particular, state-of-the-art systems heavily rely
on LLMs to generate natural language explana-
tions that justify verification decisions (Wang et al.,
2024a; Zhang and Gao, 2023b; Yang et al., 2022).
While these approaches have demonstrated impres-
sive capabilities in reasoning about complex claims,
they face three critical challenges: The compu-
tational demands of running inference with large
models make real-time fact checking impractical
(Tang et al., 2024). LLM-generated explanations
frequently contain hallucinations or factual incon-
sistencies that compromise verification reliability
(Wang et al., 2024c), and the generated rationales
often lack direct grounding in verifiable evidence
sources (Huang et al., 2023; Su et al., 2023; Yao
et al., 2023; Chen et al., 2024). Such limitations
motivate the development of alternative strategies
that prioritize both efficiency and transparency.

In this work, we introduce DeReC (Dense Re-
trieval Classification), an evidence-enhanced hy-
brid framework that directly incorporates retrieved
textual evidence into the fact-checking process.
DeReC leverages sentence embeddings and Face-
book AI Similarity Search (FAISS) (Douze et al.,
2024) to extract pertinent evidence from source
documents, which is then integrated with the claim
to form a robust input for downstream classifica-
tion. By grounding predictions in actual evidence,
we achieve both improved verification accuracy
while significantly reducing computational over-
head compared to LLM-based approaches. Un-
like traditional Retrieval-Augmented Generation
(RAG) systems that use retrieved content to en-
hance LLM prompts, DeReC directly grounds ver-
ification decisions in relevant evidence through
efficient similarity search and targeted classifica-
tion. Our experimental results demonstrate that
this evidence-centric approach exceeds the per-
formance of more complex LLM-based systems,
while maintaining faster inference times and lower
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Figure 1: DeReC: Three-Stage Pipeline for Evidence-Based Fact Verification.

resource requirements. The code is available pub-
licly. 1

Our contribution can be summarized as follows:

1. We propose DeReC, a light-weight dense-
retrieval-classification framework that com-
bines advanced text embeddings with a spe-
cialized classifier to directly ground claims
in factual evidence, achieving high verifica-
tion accuracy without LLM-based rationale
generation.

2. We demonstrate that general-purpose text em-
beddings combined with dense retrieval can
effectively replace LLM-based approaches in
specialized tasks like fact verification, achiev-
ing better accuracy with significantly lower
computational overhead (1.5B/137M parame-
ters vs typical 7B+ LLM approaches).

3. Empirical evaluations reveal state-of-the-art
results on two datasets with an F1 score of
65.58% on RAWFC and 33.13% on LIAR-
RAW.

2 Related Work

2.1 Fact Verification and Fake News Detection

One of the earliest works on automatic fake news
detection was introduced by Vlachos and Riedel
(2014), who formally defined the fact-checking
task, compiled a dataset from two popular fact-
checking websites, and evaluated K-Nearest Neigh-
bors classifiers for this purpose. Popat et al. (2018)
introduced an end-to-end neural network model for
debunking fake news and false claims. It employs
evidence and counter-evidences extracted from the
web to support or refute a claim.

The TI-CNN (Text and Image information based
Convolutional Neural Network) model introduced

1Source code available at https://github.com/
alamgirqazi/DeReC

in Yang et al. (2018) leverages convolutional archi-
tecture to process entire inputs simultaneously, en-
abling faster training compared to sequential mod-
els like LSTMs and other RNNs. Nasir et al. (2021)
proposed a novel hybrid deep learning model that
combines convolutional and recurrent neural net-
works for fake news classification.

Shu et al. (2019) utilizes GRU-based model for
veracity prediction with explanations. Ma et al.
(2019) represents each sentence based on sentence-
level coherence and semantic conflicts with the
claim. Kotonya and Toni (2020b) uses Sentence-
BERT (SBERT) for encoding and detects fake news
based on the top-K ranked sentences. Atanasova
(2024) detects fake news independently or jointly
with explanations in the multi-task set-up.

Current state-of-the-art systems frequently em-
ploy LLMs to generate natural language explana-
tions for fact-checking decisions. Yang et al. (2022)
proposed CofCED, a novel coarse-to-fine cascaded
neural network for fake news detection that lever-
ages the "wisdom of crowds" through raw media
reports. Shi et al. (2024) introduces a "generate-
then-ground" framework for multi-hop question
answering, where LLMs first generate answers to
simplified sub-questions and then validate and cor-
rect these answers using retrieved external docu-
ments.

2.2 Retrieval-Augmented Frameworks for
Fact Verification

Retrieval-Augmented Generation (RAG) has be-
come an effective method for augmenting LLMs by
integrating external retrieval mechanisms. Instead
of relying solely on in-model knowledge, RAG en-
ables models to retrieve relevant information from
external documents during generation (Lewis et al.,
2020). This approach has shown promise in many
areas including open-domain question answering
and dialogue systems (Izacard and Grave, 2021).
Different types of RAG systems have been devel-
oped (Gao et al., 2023), going from the original
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Metric RAWFC LIAR-RAW
Train Val Test Train Val Test

Number of Claims 1,612 200 200 10,065 1,274 1,251
Number of Reports 33,862 4,127 4,278 114,721 18,243 21,408
Total Sentences 248,343 31,191 31,453 626,573 102,147 118,449
Avg Sentences/Claim 154.06 155.96 157.26 62.25 80.18 94.68

Table 1: Analysis of dataset splits across LIAR-RAW and RAWFC datasets.

naive RAG (simple structure of a retriever and a
generator) (Lewis et al., 2020) to more advanced or
modular RAG such as RA-DIT (Lin et al., 2023).

In this paper, we adapts core principles from
Retrieval-Augmented Generation (RAG) but re-
places the generation component with efficient clas-
sification. Instead of augmenting an LLM’s context
for generation, we merge the extracted evidence
with the input claim to create a robust, evidence-
grounded input for a classifier.

2.3 Text Embeddings for Retrieval

The evolution of text embedding models has funda-
mentally transformed information retrieval in nat-
ural language processing. Traditional approaches
relied on sparse vector representations and lexi-
cal matching techniques like TF-IDF and BM25
(Robertson et al., 2009).

Recent advancements in LLMs have signifi-
cantly shifted the focus towards embedding models
that rely primarily on decoder-only architectures
(Liu, 2019; Li et al., 2024a). These LLM-based
embedding models have demonstrated remarkable
improvements in in-domain accuracy and general-
ization, particularly when trained using supervised
learning approaches (Wang et al., 2024b).

Recent advances in sentence embedding models
have enabled more efficient and accurate retrieval
for language tasks. While early approaches relied
on sparse retrieval methods or basic transformer
encoders, newer embedding models like Alibaba-
NLP/gte-Qwen2-1.5B-instruct have demonstrated
superior performance in semantic search and re-
trieval tasks (Hui et al., 2024). These models,
trained on massive text pairs and optimized for
similarity learning, provide dense vector represen-
tations that better capture semantic relationships
between texts (Li et al., 2024b; Nussbaum et al.,
2024).

In this paper, we utilized two embedding mod-
els. The first is Alibaba-NLP/gte-Qwen2-1.5B-
instruct (Li et al., 2023), a 1.5B parameter model

that achieves strong performance through instruc-
tion tuning and contrastive learning. The second is
nomic-ai/nomic-embed-text-v1.5 (Nussbaum et al.,
2024), a more compact 137M parameter model that
leverages Matryoshka representation learning to
maintain high performance despite its reduced size.
Both models demonstrate that effective dense re-
trieval can be achieved without the computational
overhead of full-scale LLMs, making them par-
ticularly suitable for practical applications in fact
verification.

3 Method and Overall Architecture

We present an integrated retrieval and classification
architecture for automated fact verification that im-
proves upon existing LLM-based methods. Our
framework consists of three key components: evi-
dence extraction using dense embeddings, evidence
retrieval through FAISS-based similarity search,
and veracity prediction using a specialized classi-
fier.

3.1 Evidence Extraction
The evidence extraction phase involves processing
the corpus of raw media reports to identify and rep-
resent potential evidence sentences. In this context,
"extraction" refers to the process of transforming
raw text from source documents into structured vec-
tor representations that can be efficiently retrieved
and compared with claims. Given a claim c and a
set of evidence sentences E = {e1, ..., en}, we em-
ploy dense embedding models to generate efficient
vector representations. The embedding model can
be formally defined as a function:

f : X → Rd (1)

that maps any text sequence from the input space
X to a d-dimensional real-valued vector space. For
each input text x, the model generates a dense vec-
tor representation:

hx = f(x) where hx ∈ Rd (2)
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where d is the dimension of the embedding space.
The embedding models are trained using con-
trastive learning objectives to ensure that semanti-
cally similar texts are mapped to nearby points in
the embedding space. The similarity between two
embeddings is computed using cosine similarity.

3.2 Evidence Retrieval

Using the dense vector representations generated
during the evidence extraction stage (Section 3.1),
We encode the original claim using the same em-
bedding model and use FAISS for generating an
inner product index optimized for cosine similar-
ity search with normalized vectors. We configure
FAISS to retrieve the top ten sentences most rele-
vant to the claim. These sentences are then used
in the veracity prediction module for final classi-
fication. We utilize FAISS (Facebook AI Similar-
ity Search) for efficient similarity search over the
dense embeddings (Douze et al., 2024). FAISS is
an efficient library for similarity search and clus-
tering of dense vector space. FAISS constructs
an optimized index structure I that supports fast
nearest neighbor search over large collections of
vectors. Given the claim embedding hc = f(c) and
the set of evidence embeddings H = {h1, ...,hn}
where hi = f(ei), we build a FAISS IndexFlatIP
index optimized for inner product similarity search
with normalized vectors:

• Vector normalization: h̄i =
hi
|hi| for all vectors

• Index construction: I.add(H̄) where H̄ con-
tains normalized vectors

• Search: I.search(h̄c, k) returns top-k nearest
neighbors

For normalized vectors, inner product corresponds
to cosine similarity:

h̄⊤
c h̄i = cos(hc,hi) (3)

The index supports sub-linear O(log n) search
complexity compared to linear O(n) for exhaustive
search.

For each claim, we retrieve the top-k most rel-
evant evidence sentences using cosine similarity.
Based on empirical validation on the development
set, we set k = 10 as it provides an optimal balance
between computational efficiency and evidence
coverage.

3.3 Evidence-Enhanced Veracity Prediction

The Veracity Prediction component employs
DeBERTa-v3-large (He et al., 2020) fine-tuned for
multi-class veracity prediction. Given a claim c
and retrieved evidence E , we construct the input
sequence:

x = [CLS]; c; [SEP]; e1; [SEP]; ...; [SEP]; ek; [SEP]
(4)

where k is the number of retrieved evidence pieces.
The model computes contextual representations:

H = DeBERTa(x) ∈ Rd×L (5)

where L is the sequence length and d is the hidden
dimension. The [CLS] token representation is used
for classification:

h[CLS] = H0 ∈ Rd (6)

y = softmax(Wh[CLS] + b) (7)

where W ∈ Rc×d and b ∈ Rc are learned parame-
ters, and c is the number of classes. During training,
we minimize the cross-entropy loss:

L = −
∑

i

yi log(ŷi) (8)

where y is the ground truth label and ŷ is the pre-
dicted probability distribution.

The model was fine-tuned on the training splits
of the LIAR-RAW and RAWFC datasets (described
in Section 4.2), with separate models trained for
each dataset to account for their different label dis-
tributions.

The classification component implements a
encoder-based transformer architecture DeBERTa-
v3-large (He et al., 2020) optimized for multi-class
veracity prediction. DeBERTa-v3-large improves
the BERT and RoBERTa models using two novel
techniques. The first is the disentangled attention
mechanism, where each word is represented using
two vectors that encode its content and position.
Second, an enhanced mask decoder is used to in-
corporate absolute positions in the decoding layer
to predict the masked tokens in model pre-training.

3.4 Computational Efficiency

DeReC achieves significant computational advan-
tages through its three-stage architecture. For a
sequence of length l and corpus size s, the compu-
tational complexity can be broken down by stage:
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• The embedding stage utilizes a parameter-
efficient model (1.5B / 137M parameters) with
linear complexity O(l) for processing input
text.

• The FAISS-based similarity search stage
achieves logarithmic complexity O(log s), en-
abling efficient retrieval even for large docu-
ment collections.

• The classification stage requires only a single
forward pass through a encoder transformer
model with complexity O(l).

This results in a total computational complexity
of O(l+log s), which compares favorably to LLM-
based approaches requiring O(n× l2) operations
for a model with n layers. Memory requirements
are similarly reduced from Mllm = O(pllm×b+l2)
for LLM approaches (where pllm is typically 7B+
parameters) to Mderec = O(pemb × b+ s) for our
method (where pemb is 1.5B / 137M parameters
and b is bits per parameter).

These theoretical improvements yield substan-
tive practical benefits: the elimination of compu-
tationally intensive text generation operations, a
reduced memory complexity that scales linearly
with corpus size rather than quadratically with se-
quence length, and the capacity for deployment on
commodity hardware while maintaining competi-
tive performance metrics.

4 Experiments and Results

Our framework achieves state-of-the-art results on
both LIAR-RAW and RAWFC benchmarks, outper-
forming all baseline models in terms of F1 score,
precision and recall.

4.1 Experimental Setup
We evaluate our framework on two extensive bench-
marks: LIAR-RAW and RAWFC. Our experimen-
tal setup includes training the dense retriever and
veracity prediction models separately, followed by
end-to-end fine-tuning to optimize performance.
All experiments are conducted on a single NVIDIA
A40 GPU with PyTorch framework.

We employ two different embedding models for
generating efficient dense embeddings from the
sentences. Alibaba-NLP/gte-Qwen2-1.5B-instruct
is a 1.5B embedding model that provides efficient
embeddings for sentences. It has shown strong per-
formance on the MTEB (Massive Text Embedding
Benchmark, Muennighoff et al., 2023). The second

Veracity Label RAWFC LIAR-RAW
pants-fire - 1,013
false 646 2,466
barely-true - 2,057
half-true 671 2,594
mostly-true - 2,439
true 695 2,021
Total Claims 2,012 12,590
Veracity Labels 3 6

Table 2: Distribution of veracity labels across RAWFC
and LIAR-RAW datasets.

embedding model we used is a much smaller 137M
model nomic-ai/nomic-embed-text-v1.5.

The models were selected based on comprehen-
sive evaluation across the MTEB suite, offering an
optimal balance between embedding quality and
computational efficiency.

For the retriever component, we employ Alibaba-
NLP/gte-Qwen2-1.5B-instruct as our primary em-
bedding model. Document retrieval utilizes FAISS
with an inner product index optimized for cosine
similarity search with normalized vectors. The
embeddings are generated through our model and
added to the FAISS index for efficient similarity
search. For classification, we utilize DeBERTa-
v3-large with a maximum sequence length of 512
tokens.

4.2 Datasets

We conducted our evaluation using two extensively
documented datasets: RAWFC and LIAR-RAW
(Yang et al., 2022), with their detailed characteris-
tics and distributions presented in Table 1 and their
veracity labels detailed on Table 2. LIAR-RAW
is an expanded version of the LIAR-PLUS dataset
(Alhindi et al., 2018). The dataset employs a fine-
grained six-class classification scheme: pants-fire,
false, barely-true, half-true, mostly-true, and true.
Each claim in the dataset is accompanied by rel-
evant raw news reports and documents that were
collected during the dataset’s creation.

The RAWFC dataset (Yang et al., 2022), derived
from Snopes.com claims, implements a more con-
densed three-class classification system (false, half,
true). The dataset includes claims along with their
associated raw reports retrieved using claim key-
words.
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RAWFC LIAR-RAW
P R F1 P R F1

Traditional approach
dEFEND (Shu et al., 2019) 44.90 43.20 44.00 23.00 18.50 20.50
SentHAN (Ma et al., 2019) 45.70 45.50 45.60 22.60 20.00 21.20
SBERT-FC (Kotonya and Toni, 2020a,b) 51.10 46.00 48.40 24.10 22.10 23.10
CofCED (Yang et al., 2022) 53.00 51.00 52.00 29.50 29.60 29.50
GenFE (Atanasova, 2024) 44.29 44.74 44.43 28.01 26.16 26.49
GenFE-MT (Atanasova, 2024) 45.64 45.27 45.08 18.55 19.90 15.15
LLM-based approach
FactLLaMA (Cheung and Lam, 2023) 53.76 54.00 53.76 29.98 31.57 32.32
FactLLaMAknow (Cheung and Lam, 2023) 55.65 55.50 56.11 30.44 32.05 32.46
L-DefenseChatGPT (Wang et al., 2024a) 61.72 61.91 61.20 30.55 32.20 30.53
L-DefenseLLaMA2 (Wang et al., 2024a) 60.95 60.00 60.12 31.63 31.71 31.40
Ours
DeReC-qwen 65.58 64.56 64.60 35.94 32.24 33.13
DeReC-nomic 64.48 65.57 64.61 33.19 31.50 31.79

Table 3: Performance comparison across RAWFC and LIAR-RAW datasets. Best scores are in bold and second-best
scores are underlined for each metric.

4.3 Baseline Models

We compare our approach against state-of-the-art
traditional and LLM based approaches including
L-Defense (Wang et al., 2024a) without external
sources. L-Defense employs a three-stage frame-
work: 1) an evidence extraction module that uses
RoBERTa-base to split and rank evidence into com-
peting true and false narratives, 2) a prompt-based
reasoning module utilizing LLMs (either ChatGPT
or LLaMA2-7B) to generate explanations for both
perspectives, and 3) a defense-based inference mod-
ule with RoBERTa-large that determines the final
veracity prediction. For fair comparison, all base-
lines were evaluated in their supervised settings,
using the same training data as our approach. Mod-
els like L-Defense and FactLLaMA, while capa-
ble of zero-shot inference, were fine-tuned on the
task-specific data to ensure comparable evaluation
conditions.

4.4 Results and Analysis

We evaluate our framework using two variants:
DeReC-qwen, which employs the 1.5B parame-
ter Alibaba-NLP/gte-Qwen2-1.5B-instruct embed-
ding model, and DeReC-nomic, which utilizes
the 137M nomic-ai/nomic-embed-text-v1.5 model.
Both variants demonstrate strong performance
across datasets, with DeReC-qwen achieving state-
of-the-art results which DeReC-nomic getting bet-
ter results compared to all previous approaches for

both datasets except for Recall in L-Defense (Chat-
GPT) for LIAR-RAW dataset. On the RAWFC
dataset, our models achieve strong F1 scores,
with DeReC-nomic reaching 64.61% and DeReC-
qwen achieving 64.60%. Both significantly out-
perform previous leading methods, including L-
DefenseChatGPT (61.20%) and L-DefenseLLaMA2
(60.12%). The performance improvement is par-
ticularly significant given that our method requires
substantially less computational resources by elim-
inating LLM-based explanation generation. The
model demonstrates robust performance across all
metrics, with precision reaching 65.58% and re-
call achieving 64.56%, indicating balanced and
consistent prediction capabilities. For the LIAR-
RAW dataset, which presents a more challenging
six-class classification task, our method achieves
an F1 score of 33.13%, surpassing both variants
of L-Defense and traditional approaches. The im-
provement is particularly pronounced in precision
(35.94%), suggesting that our evidence retrieval
mechanism effectively reduces false positives.

For the more challenging LIAR-RAW dataset,
which requires six-class classification, DeReC-
qwen attains an F1 score of 33.13%, outperforming
both variants of L-Defense and traditional baseline
approaches. The notable improvement in preci-
sion (35.94%) suggests that our evidence retrieval
mechanism effectively minimizes false positives,
leading to more reliable classification outcomes.
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Dataset Step DeReC-nomic DeReC-qwen L-DefenseLLaMA2

RAWFC Evidence Extraction 3m 50s 35m 15s 61m 39s
Evidence Retrieval 2m 2s 7m 26s -
LLM-generated Explanations - - 381m 31s
Veracity Prediction 17m 44s 21m 30s 11m 2s
Total Runtime 23m 36s 64m 11s 454m 12s

LIAR-RAW Evidence Extraction 9m 17s 89m 21s 185m 59s
Evidence Retrieval 30m 12s 45m 13s -
LLM-generated Explanations - - 1466m 8s
Veracity Prediction 94m 45s 89m 53s 40m 16s
Total Runtime 134m 14s 254m 48s 1692m 23s

Table 4: Step-wise runtime breakdown (in minutes and seconds) for different models.
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Figure 2: Complete pipeline runtime comparison (in minutes) on RAWFC and LIAR-RAW datasets.

Our lightweight variant, DeReC-nomic, demon-
strates comparable effectiveness on the RAWFC
dataset, achieving an F1 score of 64.61%. How-
ever, it shows moderate performance degradation
on the more complex LIAR-RAW dataset, suggest-
ing that the additional capacity of the DeReC-qwen
model may be beneficial for more nuanced classifi-
cation tasks.

4.5 Runtime Analysis

As shown in Table 4 and Figure 2, our frame-
work achieves substantial runtime improvements
compared to explainable-generating LLM-based
approaches. All runtime experiments were con-
ducted using a single NVIDIA A40 GPU. On the
RAWFC dataset, DeReC-nomic completes the en-
tire pipeline in 23 minutes and 36 seconds, rep-
resenting a 95% reduction in total runtime com-
pared to L-DefenseLLaMA2 (454 minutes and 12
seconds). The larger DeReC-qwen variant main-
tains significant efficiency advantages while offer-

ing enhanced performance, completing process-
ing in 64 minutes and 11 seconds. The step-wise
runtime breakdown reveals that the most substan-
tial efficiency gains come from eliminating LLM-
based explanation generation, which consumes 381
minutes and 31 seconds (84%) of L-Defense’s to-
tal runtime on RAWFC. Our evidence extraction
and retrieval pipeline, in contrast, requires only 5
minutes and 52 seconds for DeReC-nomic and 42
minutes and 41 seconds for DeReC-qwen. This
dramatic reduction is achieved while maintaining
superior classification performance, demonstrating
that expensive generative inference is not neces-
sary for effective fact verification. The efficiency
advantages scale consistently to larger datasets. On
LIAR-RAW, which contains approximately 6 times
more claims than RAWFC, DeReC-nomic com-
pletes processing in 134 minutes and 14 seconds
compared to L-Defense’s 1692 minutes and 23 sec-
onds. The primary bottleneck in the L-Defense
approach is the LLM explanation generation step,
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requiring 1466 minutes and 8 seconds (87% of
total runtime). Our retrieval-based architecture
eliminates this bottleneck entirely, with combined
evidence extraction and retrieval taking only 39
minutes and 29 seconds for DeReC-nomic and 134
minutes and 34 seconds for DeReC-qwen. These
runtime improvements have significant practical
implications for real-world deployment. While
LLM-based approaches require substantial GPU
resources for batch processing, our framework’s
efficiency enables near real-time fact verification
on consumer hardware. The modular nature of our
architecture also allows for straightforward scaling
through parallel processing of the evidence extrac-
tion and retrieval stages, offering a clear path to
handling larger evidence corpora.

5 Discussion

Our experimental results reveal several key insights
about the relationship between evidence retrieval
and fact verification. The performance improve-
ments achieved by our hybrid architecture suggest
important implications for future development of
automated fact-checking systems.

The memory footprint differential between these
approaches is substantial. LLM-based methods
must maintain the full model parameters in GPU
memory while also allocating space for atten-
tion computations that scale quadratically with
sequence length. Additionally, these models re-
quire KV-cache memory for generation (Chowdh-
ery et al., 2023).

Traditional approaches utilizing LLMs such as
ChatGPT (175B+ parameters) or LLaMA2 (7B
parameters) for explanation generation face signif-
icant computational challenges. The fundamental
bottleneck lies in the autoregressive nature of text
generation, which necessitates sequential process-
ing with quadratic complexity O(n2) for gener-
ating n tokens. These models require substantial
GPU memory allocation due to their massive pa-
rameter counts. Moreover, methods like L-Defense
require multiple LLM calls per claim to gener-
ate competing explanations, further amplifying the
computational overhead.

Our retrieval-based approach fundamentally
refactors this paradigm by eliminating the need for
explanation generation entirely. The architecture
employs a significantly smaller embedding model
(nomic-ai/nomic-embed-text-v1.5, 137M) requires
only 0.5GB in FP32 precision which still beats

most benchmarks while a slightly bigger model
(Alibaba-NLP/gte-Qwen2-1.5B-instruct, 1.5B pa-
rameters) requires only 6GB in FP32 precision.
This model performs single-pass encoding with lin-
ear complexity O(n), followed by efficient FAISS-
based similarity search with sub-linear complex-
ity O(log k) for k evidence sentences. The final
classification step utilizes a lightweight DeBERTa-
v3-large classifier (304M parameters) that requires
only a single forward pass.

6 Conclusion

We present a hybrid retrieval-classification frame-
work for fact verification that achieves state-of-the-
art performance on the LIAR-RAW and RAWFC
benchmarks. Our approach demonstrates that care-
fully engineered dense retrieval systems can match
or exceed the performance of LLMs while signifi-
cantly reducing computational overhead. The em-
pirical results show that DeReC achieves a 95% re-
duction in runtime while improving accuracy, chal-
lenging the assumption that LLM-based generation
is necessary for effective fact verification.

Our findings have several important implications
for the field of automated fact-checking. First, they
demonstrate that efficient dense embeddings com-
bined with targeted classification can effectively
replace more complex LLM-based approaches in
specialized tasks. Second, the dramatic reduc-
tion in computational requirements (from 7B+
parameters to 137M-1.5B) makes real-time fact
verification more practically feasible for deploy-
ment in resource-constrained environments. Third,
our results suggest that explicit rationale genera-
tion, while interpretable, may not be necessary for
achieving high verification accuracy.

The modular nature of our architecture enables
straightforward incorporation of improved embed-
ding models as they become available. Our re-
sults suggest several promising research directions:
investigating methods for dynamic evidence cor-
pus updates, exploring techniques for handling
multilingual verification scenarios, and develop-
ing lightweight explanation generation methods
that maintain both computational efficiency and
interpretability.

These findings contribute to the broader discus-
sion about the role of large language models in prac-
tical applications, suggesting that targeted, efficient
approaches may often be preferable to more com-
putationally intensive general-purpose models. As
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misinformation continues to pose significant chal-
lenges to online discourse, frameworks like DeReC
demonstrate how we can build more scalable and
efficient solutions for automated fact verification.

7 Limitations

While our framework demonstrates strong perfor-
mance, it is not without limitations. The quality
of retrieval is heavily dependent on the evidence
corpus; incomplete or biased corpora can lead to
suboptimal results. Although our approach is more
efficient than LLM-based methods, the FAISS in-
dex still requires significant memory for large-scale
deployments. The index size scales linearly with
the number of evidence sentences, which can create
memory constraints for very large evidence corpora.
While our approach prioritizes efficiency and recall,
it does not generate natural language explanations
for its decisions. This limitation may reduce its
utility in contexts where detailed explanations are
necessary for human review.
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