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Abstract

Large Language Models (LLMs) often gener-
ate specious hallucinations, creating an urgent
need for post-hoc factuality verification against
reliable evidence. Existing verification meth-
ods incur substantial computational overhead
due to joint evidence–claim encoding. While
bi-encoders offer a highly efficient alternative,
they struggle with asymmetric entailment and
are severely vulnerable to contextual noise. To
address these challenges, we propose Gated
Residual Discrepancy (GRD), a highly effi-
cient bi-encoder framework for factuality veri-
fication. To explicitly capture asymmetric en-
tailment, GRD pioneers a difference-dominant
paradigm, extracting dual-view vector differ-
ences. To mitigate the vulnerability to contex-
tual noise, GRD employs an adaptive gating
mechanism that dynamically filters contextual
noise, preventing large semantic backgrounds
from masking critical errors, thereby enabling
highly sensitive verification over broad evi-
dence contexts. Experiments across various
benchmarks show GRD achieves 79.99% av-
erage Macro-F1, trailing the strongest cross-
encoder baseline by only 1.15 points while de-
livering a 23.55× speedup with only a fraction
of the computational FLOPs. All datasets and
code are publicly available.1

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success in natural language genera-
tion, yet their propensity for factual hallucinations
remains a critical barrier to their deployment in
real-world applications that demand strict factual
accuracy (Gekhman et al., 2024; Servedio et al.,
2025; Fu et al., 2026; Yang et al., 2026). Such
fluent but ungrounded outputs can propagate se-
vere misinformation, mislead users, and severely
undermine trust in AI systems, creating an urgent

*Corresponding author.
1https://github.com/lzy248/grd
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Figure 1: Cross-encoders suffer from expensive joint en-
coding. Traditional bi-encoders are efficient but rely on
symmetric similarity, incorrectly assigning high scores
to unsupported evidence–claim pairs due to substantial
lexical overlap.

need to rigorously assess the truthfulness of gener-
ated content (Jiao et al., 2025; Du et al., 2026). To
mitigate this issue, post-hoc factuality verification
has emerged as a central research focus in natural
language processing, aiming to verify whether gen-
erated claims are faithfully supported by evidence
documents (Iqbal et al., 2024; Tang et al., 2024;
Rahman et al., 2026).

Both LLM-based and cross-encoder verifica-
tion methods fundamentally rely on joint encod-
ing, requiring deep self-attention over concatenated
evidence–claim pairs, as illustrated on the left of
Figure 1 (Tang et al., 2024; Wei et al., 2024; Oh
et al., 2025). Consequently, the lengthy evidence
document must be redundantly encoded for every
single claim. This inefficiency becomes compu-
tationally prohibitive in fine-grained verification,
where generated text is decomposed into multi-
ple atomic units to pinpoint errors. Ultimately,
this compounded processing cost creates a severe
throughput bottleneck, preventing large-scale de-
ployment (Dorner et al., 2024).

A natural solution is to adopt bi-encoder ar-
chitectures, which allow for offline evidence pre-
computation and efficient embedding-space inter-
action (Devlin et al., 2019). However, as shown
in Figure 1 (right), standard bi-encoders are highly
susceptible to semantic interference due to their
reliance on symmetric computation; ungrounded
claims with high lexical overlap receive falsely
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high similarity scores, effectively masking criti-
cal factual contradictions. Furthermore, this sym-
metric paradigm fundamentally fails to capture
the asymmetric entailment inherent in factuality
verification, where support from a comprehen-
sive evidence document to a specific claim does
not imply the reverse direction. Recent methods
like E-Verify (Liu et al., 2025) attempt to fuse
symmetric concatenation features with asymmet-
ric vector differences for factuality verification in
embedding space, but these features are easily
drowned out by contextual noise in lengthy ev-
idence. To prevent subtle factual discrepancies
from being drowned out, E-Verify adopts a dual-
decomposition strategy that splits the evidence into
atomic units. While this design improves sensitiv-
ity, it also introduces additional preprocessing over-
head, weakening part of the efficiency advantage
of the bi-encoder paradigm. Therefore, realizing
an efficient bi-encoder framework requires over-
coming two critical challenges: (1) the inability
to capture asymmetric entailment robustly, and (2)
the severe vulnerability to contextual noise in long
documents.

To concurrently address these challenges, we
propose Gated Residual Discrepancy (GRD), an
efficient, noise-resilient, and asymmetric-aware
bi-encoder framework for factuality verification.
To address the first challenge, GRD adopts
a difference-dominant discriminative paradigm.
Moving away from the conventional reliance on
feature fusion, GRD directly extracts residual sig-
nals via dual-view vector differences, capturing
both direction and magnitude to represent asym-
metric entailment. By relying solely on these vec-
tor differences, the framework avoids the semantic
interference of symmetric features like concate-
nation, effectively preventing substantial topical
overlap from masking subtle contradictions. To
tackle the second challenge, GRD employs an adap-
tive gating mechanism to manage contextual noise
directly in the embedding space. It dynamically
distinguishes harmless lexical variations from se-
vere factual clashes, selectively amplifying critical
deviations while filtering out irrelevant linguistic
noise. Consequently, it achieves robust verifica-
tion against broad evidence contexts, eliminating
the need for evidence-side atomic decomposition.
Extensive evaluations across multiple benchmarks
demonstrate that GRD achieves an average Macro-
F1 of 79.99%, approaching the strongest cross-
encoder baseline within 1.15 points, while deliver-

ing a 23.55× speedup and reducing computational
FLOPs by over two orders of magnitude.

Our contributions can be summarized as:

• We pioneer a difference-dominant discrimi-
native paradigm through the GRD operator,
extracting dual-view vector differences to ro-
bustly model asymmetric entailment.

• We introduce an adaptive gating mechanism
that dynamically filters contextual noise in
the embedding space. By preventing large
semantic backgrounds from masking subtle
factual errors, this internal denoising ensures
highly sensitive verification.

• Extensive experiments show that GRD
substantially reduces online computational
FLOPs and accelerates inference by 23.55×
compared to joint-encoding methods, all
while sustaining a cross-encoder-level aver-
age Macro-F1 of 79.99%.

2 Related Work

2.1 Factuality Verification Pipelines

Early factuality verification primarily evaluated
generated content at the document or paragraph
level. To provide precise error localization and
enhanced interpretability, recent research has piv-
oted towards fine-grained verification, establishing
the decompose-then-verify pipeline as the dom-
inant paradigm (Min et al., 2023; Zhao et al.,
2023; Stacey et al., 2024). In this framework,
the generated text is first segmented into atomic
claims, which are subsequently evaluated against
the source evidence. Representative systems such
as FActScore (Min et al., 2023), SAFE (Wei et al.,
2024), and DiVA (Huang et al., 2026) all adopt this
two-stage design. The verification stage typically
relies on either Large Language Models (LLM-as-
judge) or Natural Language Inference (NLI-based)
cross-encoders (Laban et al., 2022; Pan et al., 2024).
While LLM-based verifiers offer strong zero-shot
capabilities, their large parameter sizes make in-
ference costs prohibitive for large-scale deploy-
ment (Dorner et al., 2024). Consequently, NLI-
based cross-encoders have emerged as a more prac-
tical alternative, significantly reducing computa-
tional overhead while maintaining highly competi-
tive accuracy. However, both LLM and NLI-based
verifiers fundamentally rely on pairwise joint en-
coding. In fine-grained scenarios, this architecture
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forces the model to redundantly encode the lengthy
evidence document for each atomic claim, creat-
ing a severe computational bottleneck that scales
linearly with the number of decomposed units.

2.2 Embedding-based Entailment and
Verification

Factuality verification is inherently an asymmet-
ric entailment task. Historically, early represen-
tation learning for Natural Language Inference
(NLI) attempted to capture this asymmetry by fus-
ing independent sentence embeddings using heuris-
tic concatenations, typically adopting forms like
[u; v; |u− v|] (Conneau et al., 2017; Reimers and
Gurevych, 2019). This paradigm established fea-
ture fusion as the standard for embedding-based
entailment. Recently, E-Verify (Liu et al., 2025)
adapted this paradigm for factuality verification,
pioneering the use of vector difference operations
to capture logical contradictions. Despite these
advances, existing embedding-based verifiers still
face critical limitations. First, by continuing to fuse
difference features with symmetric similarity met-
rics, they suffer from similarity saturation: in sce-
narios with high lexical overlap, the massive sym-
metric activation acts as background noise, mask-
ing subtle factual conflicts. Second, to mitigate this
noise, current methods choose to decompose both
evidence and claims into atomic units before en-
coding (Liu et al., 2025). This dual-decomposition
not only inflates preprocessing overhead but also
discards the holistic context of the source docu-
ment, leaving the efficient and highly sensitive ver-
ification of unfragmented evidence an unresolved
bottleneck in the bi-encoder paradigm.

3 Problem Formulation

Given a piece of evidence e and a claim c, the goal
of factuality verification is to learn a discriminative
function f(e, c) that outputs a probability score in
[0, 1]. This function estimates the probability that
the factual content of c is faithfully supported by e,
which naturally aligns with the asymmetric entail-
ment objective in binary natural language inference
(NLI).

Under the bi-encoder paradigm, the discrimi-
native function f is decoupled into independent
representation learning and embedding-space in-
teraction. First, a shared text encoder E maps the
discrete input texts into continuous embedding rep-
resentations He = E(e) and Hc = E(c). Subse-

quently, a lightweight verification operator V com-
putes the final entailment probability strictly within
the embedding space. The entire pipeline is explic-
itly formulated as:

f(e, c) = V(He,Hc) = V(E(e), E(c)). (1)

4 The GRD Framework

In this section, we introduce the Gated Residual
Discrepancy (GRD) framework. While preserving
the critical inference efficiency of bi-encoder archi-
tectures via offline pre-computation, GRD explic-
itly overcomes their inherent expressiveness bot-
tlenecks. By concurrently addressing the inability
to capture asymmetric entailment via a difference-
dominant operator, and mitigating the severe vul-
nerability to contextual noise via an adaptive gating
mechanism, GRD enables highly sensitive and ro-
bust verification.

4.1 Multi-Granularity Semantic Encoding
Conventional bi-encoder models compress an en-
tire passage into a single [CLS] vector (Devlin
et al., 2019). When dealing with lengthy, intact con-
tent, this creates a severe information bottleneck—
fine-grained facts are easily overshadowed by dom-
inant global semantics. To overcome this limitation
and enable highly sensitive verification, we adopt
a multi-view encoding strategy inspired by multi-
vector representation learning (Lee et al., 2019;
Khattab and Zaharia, 2020; Liao et al., 2024). By
mapping each text into a fixed-length set of se-
mantic slots, this approach explicitly expands the
representational capacity, preserving diverse local
facts for fine-grained discrepancy detection.

Specifically, given an input text x, we first ex-
tract token-level contextual representations Tx =
{t1, t2, . . . , tL} ∈ RL×d using a pre-trained lan-
guage model (e.g., BERT), where L is the se-
quence length and d is the hidden dimension. We
then apply a Pooling-based Multi-Head Attention
(PMA) module to aggregate Tx into K slot vec-
tors. PMA maintains K learnable seed vectors
S = {s1, . . . , sK} ∈ RK×d as queries, and attends
over the token sequence:

Ĥ = LN(MHA(S, Tx, Tx) + S) , (2)

Hx = LN
(
Ĥ + FFN(Ĥ)

)
, (3)

where MHA denotes Multi-Head Attention, LN
denotes Layer Normalization, and FFN is a feed-
forward network. The output Hx ∈ RK×d consists
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Figure 2: The overall architecture of the GRD framework. (1) The text encoder maps claims and evidence into K
multi-granularity semantic slots, where evidence representations can be efficiently cached offline. (2) The GRD
operator extracts dual-view residuals between corresponding slots to explicitly capture asymmetric entailment. (3)
An adaptive gating mechanism filters contextual noise and amplifies critical factual deviations. (4) The aggregator
applies max-pooling to preserve the strongest local contradiction signal for the final verification score.

of K vectors, denoted as {h(1)x , . . . , h
(K)
x }, each

capturing a distinct semantic perspective of the
input. Finally, for each k ∈ {1, . . . ,K}, the slot
vector is ℓ2-normalized to h̃

(k)
x = h

(k)
x /∥h(k)x ∥2.

By applying PMA independently to the ev-
idence and the claim, we obtain their respec-
tive normalized multi-view representations H̃e =

{h̃(1)e , . . . , h̃
(K)
e } and H̃c = {h̃(1)c , . . . , h̃

(K)
c }. The

K slots act as diverse semantic viewpoints, en-
abling the model to distribute heterogeneous infor-
mation (e.g., temporal, entity, and action features)
across separate vectors, thereby substantially rais-
ing representational resolution for local facts.

4.2 Dual-View Residual Extraction
Since the evidence and the claim are processed
by the same multi-view encoder with shared PMA
seeds, corresponding slots h̃(k)e and h̃

(k)
c are encour-

aged to capture comparable semantic aspects in a
shared embedding space. This inherent alignment
allows us to treat the direct vector difference be-
tween corresponding slots as a semantic residual
that emphasizes factual discrepancies by attenuat-
ing shared content between the evidence and the
claim.

Thus, for each slot k ∈ {1, . . . ,K}, we extract
two complementary residual views:

• Directional residual: δk = h̃
(k)
e − h̃

(k)
c . This

preserves the geometric direction of the shift
in embedding space to explicitly model asym-
metric entailment. Crucially, it captures not
only in-place logical discrepancies (e.g., nega-
tion or entity substitution) but also the asym-
metry of information coverage—encoding

whether the evidence possesses a semantic
surplus that entails the claim, or an informa-
tion deficit that exposes hallucinated content.

• Magnitude residual: µk = |h̃(k)e − h̃
(k)
c |.

While the directional view encodes the na-
ture of the semantic shift, the magnitude
view quantifies its severity. By measuring
the element-wise absolute intensity of devi-
ation, it provides a crucial gauge of discrep-
ancy salience—enabling the model to differen-
tiate between the low-magnitude fluctuations
of benign paraphrasing and the glaring, high-
magnitude spikes of critical factual contradic-
tions.

The two views are concatenated to form a complete
residual descriptor:

rk = [δk; µk] ∈ R2d. (4)

The directional and magnitude views are comple-
mentary: δk encodes what changed and in which
direction, while µk encodes how much changed.
Their combination provides a richer characteriza-
tion of factual discrepancies than either view alone.

4.3 Adaptive Gating Amplification
When matching claims against broader evidence,
the model inevitably encounters extraneous con-
textual information, alongside natural paraphras-
ing, synonym substitution, and syntactic variation.
These factors naturally produce non-zero residuals
even when the core facts align perfectly. To prevent
the model from being overwhelmed by contextual
noise or confusing benign linguistic variations with
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genuine factual errors, we introduce an adaptive
gating mechanism that selectively amplifies signifi-
cant discrepancies while suppressing noise.

Given the residual descriptor rk, we first project
it into a lower-dimensional space of dimension dh
and compute a candidate feature vector and a gating
mask in parallel:

ϕk = ReLU(Wf rk + bf ), (5)

gk = σ(Wg rk + bg), (6)

where Wf ,Wg ∈ Rdh×2d are learnable projection
matrices, bf , bg ∈ Rdh are bias terms, and σ is the
sigmoid function. The gated output is then obtained
via element-wise multiplication followed by layer
normalization:

r̃k = LN(ϕk ⊙ gk). (7)

The gating mechanism allows the network to learn
dimension-wise filtering: for dimensions where
the residual reflects extraneous context or a harm-
less paraphrase, gk approaches zero, effectively
suppressing the signal; for dimensions where the
residual indicates a critical factual deviation, gk
approaches one, allowing the discrepancy to pass
through and be amplified by the non-linear trans-
form ϕk. By resolving this contextual noise dy-
namically within the embedding space, the gating
mechanism enables highly sensitive verification
directly over broad evidence documents.

4.4 Aggregation and Scoring

After the GRD operator processes all K slots, we
obtain a set of gated residual features {r̃1, . . . , r̃K}.
In factuality verification, even a single decisive
factual discrepancy can render an otherwise largely
correct statement unsupported. We therefore adopt
element-wise max pooling across slots to extract
the aggregated feature r̄ ∈ Rdh , where its j-th
element is computed as:

r̄j =
K

max
k=1

r̃k,j . (8)

This operation ensures that the strongest local con-
tradiction signal is preserved and not averaged
away by other semantically consistent slots.

Finally, the aggregated feature is passed through
a two-layer MLP with a sigmoid output σ to pro-
duce the verification score:

ŷ = σ(W2ReLU(W1 r̄ + b1) + b2) , (9)

where W1 and W2 are the learnable weight ma-
trices of the hidden and output layers, b1 and b2
are the corresponding bias terms, and ŷ ∈ [0, 1]
represents the final predicted probability that the
evidence entails the claim.

5 Experiments

5.1 Settings

Datasets. We evaluate our framework on eight
diverse datasets spanning factuality verification
and natural language inference: FEVER (Thorne
et al., 2018), SNLI (Bowman et al., 2015),
MNLI (Williams et al., 2018), WebNLG (Gardent
et al., 2017), Wiki-EN-Sentence (Wiki-EN) (Liu
et al., 2025), Wiki-Bio-Hallu (Bio-S/H) (Liu et al.,
2025), Climate-FEVER (Climate) (Diggelmann
et al., 2020), and SciFact (Wadden et al., 2020).
All evaluations are formulated as binary classifi-
cation tasks with supported and unsupported la-
bels. For datasets with standard NLI formats, we
map the original three-way labels to this binary
setup by treating entailment as supported, while
consolidating contradiction and neutral into
unsupported. Detailed descriptions and statistics
for all datasets are provided in Appendix B.
Metrics. We evaluate all models across two di-
mensions: verification performance and inference
efficiency. For performance, we report the macro-
averaged F1 score (Macro-F1) across all bench-
marks to ensure a balanced assessment. For effi-
ciency, we report inference latency (GPU time) and
theoretical computational complexity (FLOPs).
Baselines. We compare our framework against
three categories of baseline methods to com-
prehensively evaluate its effectiveness and effi-
ciency. LLM-based methods serve as high-
performance zero-shot upper bounds. We evalu-
ate the instruction-tuned Qwen2.5 series (Yang
et al., 2024) and Llama3.2 (Grattafiori et al.,
2024) to establish a performance reference.
NLI-based cross-encoders represent the dom-
inant pairwise verification paradigm and serve
as our primary competitive baselines. We in-
clude MiniCheck-DeBERTa (specifically opti-
mized for fact-checking) (Tang et al., 2024),
DeBERTa-v3-NLI, and NLI-RoBERTa (Liu et al.,
2019). Embedding-based methods serve as
direct architectural counterparts. We evalu-
ate BERTScore (Zhang et al., 2019) and Col-
BERT (Khattab and Zaharia, 2020) as symmetric
similarity baselines, alongside E-Verify (Liu et al.,
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2025), a representative embedding-based baseline
for factuality verification. Detailed descriptions, ar-
chitectural properties, and implementation sources
for all baseline models are provided in Appendix C.

5.2 Verification Performance
We first evaluate the discriminative accuracy of all
models across eight datasets. Generative LLMs
are evaluated under a zero-shot prompting set-
ting to gauge their inherent reasoning capabilities,
while other baselines (NLI and embedding-based)
perform direct inference based on their standard
paradigms. Table 1 presents the overall Macro-F1
results. We organize our analysis around five key
findings that highlight the specific capabilities and
application boundaries of the GRD framework.
Symmetric metrics fail at factuality verifica-
tion. Standard embedding-based methods like
BERTScore (33.00%) and ColBERT (36.65%) per-
form poorly. Despite ColBERT’s fine-grained late
interaction, its reliance on symmetric cosine simi-
larity forces it to assign high scores to unsupported
claims due to substantial lexical overlap. This con-
firms our foundational premise: factuality verifica-
tion inherently requires explicit asymmetric entail-
ment modeling to distinguish subtle factual contra-
dictions from benign paraphrasing.
GRD closes the bi-encoder vs. cross-encoder gap.
By explicitly modeling this asymmetry via dual-
view residual extraction, GRD achieves an aver-
age Macro-F1 of 79.99%, outperforming the previ-
ous state-of-the-art bi-encoder, E-Verify, by 10.04
points. Furthermore, GRD successfully narrows
the performance gap with the best cross-encoder
(DeBERTa-v3-NLI, 81.14%) to just 1.15 points,
while operating strictly within the efficient bi-
encoder paradigm. On specific benchmarks such as
SNLI (96.17%), Wiki-EN (98.15%), and Climate-
FEVER (64.54%), GRD achieves the best results
among all non-LLM baselines, demonstrating the
discriminative strength of our difference-dominant
approach.
Exceptional robustness to long evidence. A criti-
cal limitation of prior bi-encoders like E-Verify is
their reliance on pre-atomized evidence to avoid
noise masking. To systematically evaluate this, we
concatenate evidence sentences in Wiki-Bio-Hallu
into passages of increasing length (100–2,000 char-
acters). As illustrated in Figure 3, E-Verify suffers
severe degradation as context grows: on Bio-S, its
Macro-F1 collapses from 79.15% (atom-level) to
below 30% (2,000 chars). In contrast, GRD main-
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Figure 3: Context-length robustness on Bio-S/H. Evi-
dence sentences are concatenated into passages of in-
creasing character length. GRD maintains stable per-
formance while E-Verify degrades sharply as context
grows.

tains stable performance across all context lengths.
On Bio-H, GRD even benefits from moderate con-
text inclusion, peaking above 70% for 100–200-
character passages compared with 67.52% at the
atomic level. This strongly confirms that our adap-
tive gating mechanism successfully filters contex-
tual noise, enabling direct and robust verification
against lengthy documents.
Architectural efficiency vs. LLM scaling. While
the 7B-parameter Qwen model establishes an up-
per bound (88.45%) due to its massive capacity
for complex reasoning (especially on reasoning-
heavy datasets like SciFact), this zero-shot capabil-
ity does not scale down efficiently. Smaller gen-
erative models, such as Llama-3.2-3B (67.05%)
and Qwen2.5-0.5B (74.01%), fall significantly be-
hind GRD despite having vastly more parameters.
This demonstrates that for factuality verification, a
purpose-built discriminative architecture with tar-
geted asymmetric modeling is far more effective
and computationally viable than relying on the
general-purpose capabilities of smaller LLMs.
Limitations on reasoning-heavy benchmarks.
While GRD delivers stable performance across
benchmarks where factual matching is the primary
signal, both bi-encoders and cross-encoders lag
behind massive LLMs on Climate-FEVER and Sci-
Fact. SciFact, in particular, demands complex sci-
entific reasoning and domain knowledge beyond
direct semantic entailment, inherently favoring the
zero-shot inference capabilities of large-scale gen-
erative models. This highlights a natural boundary:
embedding-based approaches like GRD are optimal
for high-throughput textual discrepancy detection,
whereas multi-step logical inference remains the
domain of capacity-heavy LLMs.
Impact of Task-Specific Fine-Tuning. To ensure
that the performance gains of GRD stem from its
architectural design rather than merely the advan-
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Model FEVER SNLI MNLI Wiki-EN Bio-S Bio-H WebNLG Climate SciFact Avg.

LLM-based
Qwen2.5-7B† 93.51 95.76 92.69 98.25 93.15 82.92 86.41 69.84 83.54 88.45
Llama-3.2-3B 89.59 91.73 82.44 89.07 80.82 51.91 57.97 32.79 27.14 67.05
Qwen2.5-0.5B 82.43 89.30 78.55 86.05 72.75 66.74 77.54 54.47 58.27 74.01

NLI-based
MiniCheck-DeBERTa 89.72 90.68 84.83 91.55 87.16 76.95 59.67 48.96 52.50 75.78
DeBERTa-v3-NLI 93.46 94.23 92.93 96.57 88.30 74.68 75.65 53.68 60.73 81.14
NLI-RoBERTa 87.23 94.87 90.72 93.34 78.48 63.52 61.52 55.97 54.26 75.55

Embedding-based
BERTScore 33.56 33.77 34.21 36.61 37.87 25.35 23.77 32.14 39.69 33.00
ColBERT 33.60 42.39 35.52 53.08 38.00 27.20 28.24 32.14 39.69 36.65
E-Verify 60.87 81.23 79.22 96.97 79.15 65.08 65.29 52.81 48.97 69.95
GRD (Ours) 87.42 96.17 90.43 98.15 81.59 70.85 72.05 64.54 58.69 79.99

Table 1: Factuality verification results (Macro-F1 %) across benchmarks. GRD outperforms its bi-encoder
counterpart, E-Verify, by 10.04 points. Crucially, GRD narrows the performance gap with computationally
expensive cross-encoders (DeBERTa-v3-NLI) to just 1.15 points, while consistently outperforming small-parameter
LLMs (e.g., Llama-3.2-3B and Qwen2.5-0.5B). †Results serve as an upper-bound reference.

tage of task-specific training, we conducted con-
trolled fine-tuning experiments. As detailed in Ap-
pendix E, we fine-tuned both cross-encoder and bi-
encoder baselines on the exact same training data
as GRD. Under matched training conditions, GRD
continues to outperform the capacity-matched em-
bedding baseline (E-Verify) by over 7 absolute
points. Furthermore, GRD demonstrates superior
transferability on structurally distinct datasets (e.g.,
WebNLG and MNLI) compared to from-scratch
fine-tuned baselines, confirming that its difference-
dominant architecture learns robust structural dis-
crepancy detection rather than merely memorizing
in-domain distributions.

5.3 Inference Efficiency and Scalability
We evaluate inference efficiency in a realistic
retrieval-augmented scenario using the FEVER
dataset. For 5,000 queries, BM25 retrieves the
top-5 evidence candidates, and the model verifies
the claim against all candidates. Latency measure-
ments are conducted on a RTX 4090 GPU with
torch.compile optimization (vLLM for genera-
tive models), and all reported latencies are averaged
over 5,000 claims. Crucially, cross-encoder archi-
tectures (LLMs and NLI models) require redundant
joint encoding for every evidence–claim pair. In
contrast, bi-encoders like GRD decouple this pro-
cess: the lengthy evidence is encoded offline just
once, leaving only the lightweight claim encoding
and embedding-space interaction to be computed
online. In Table 2, we report parameters, theoreti-
cal FLOPs, and end-to-end latency per claim.
Orders-of-Magnitude Reduction in Online Cost.

As shown in Table 2, GRD reduces the online cost
by over an order of magnitude compared to the
strongest cross-encoder (DeBERTa-v3-NLI), drop-
ping from 83.52 GFLOPs to just 3.96 GFLOPs
per claim. This translates to a 23.55× end-to-end
speedup (0.33ms vs. 7.77ms latency). While E-
Verify exhibits a higher speedup due to its smaller
backbone, it sacrifices over 10 points in accuracy
(as shown in Table 1). Overall, GRD approaches
cross-encoder-level verification accuracy while re-
taining bi-encoder-level efficiency.
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Figure 4: Total computational FLOPs scaling on the
FEVER dataset with respect to the number of claims and
top-k retrieved evidence. Joint-encoding architectures
exhibit sharp polynomial growth, whereas GRD main-
tains orders-of-magnitude lower cost along the claim
axis and negligible marginal cost along the top-k axis.

Efficient Scaling Across Claims and Evidence.
Using the average token lengths from the FEVER
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Model Avg Tokens Params FLOPs-Offline FLOPs-Online Latency Speedup

LLM-based
Qwen2.5-7B 157.3 7.7B – 12.09T 50.32ms 0.15×
Llama-3.2-3B 153.8 3.2B – 1.10T 21.33ms 0.36×
Qwen2.5-0.5B 157.3 0.5B – 828.77G 2.20ms 3.53×
NLI-based
MiniCheck-DeBERTa 97.8 435M – 291.82G 23.59ms 0.33×
DeBERTa-v3-NLI 97.8 184M – 83.52G 7.77ms 1.0×
NLI-RoBERTa 112.5 125M – 47.83G 4.16ms 1.87×
Embedding-based
E-Verify 94.2 / 12.7 114M 8.13G 1.11G 0.13ms 59.77×
GRD (Ours) 94.2 / 12.7 342M 28.69G 3.96G 0.33ms 23.55×

Table 2: Efficiency comparison on the FEVER dataset. Avg Tokens indicates the concatenated sequence length
(E + C) for joint-encoding models, and the individual lengths of evidence and claim (E/C) for embedding-based
models. Reported FLOPs and latency denote the average computational cost per claim, evaluated against the
top-5 evidence candidates retrieved by BM25 (averaged across 5,000 queries). By decoupling evidence and claim
encoding, GRD reduces online computational cost by over an order of magnitude compared to cross-encoders,
achieving a 23.55× speedup over DeBERTa-v3-NLI while maintaining competitive accuracy.

scenario, Figure 4 visualizes the total theoreti-
cal FLOPs as the number of claims and retrieved
evidence candidates (top-k) increase. For joint-
encoding models (Qwen2.5-7B and DeBERTa-v3-
NLI), the computational cost increases sharply
along both axes, as every verification requires a
full forward pass over the concatenated evidence
and claim sequence. In contrast, GRD demon-
strates substantially lower growth slopes on both
fronts. Along the claim axis, GRD encodes only
the short claim text online (averaging 12.7 tokens),
bypassing the repetitive encoding of the lengthy
evidence context. This keeps the base computa-
tional footprint orders of magnitude lower than
cross-encoders. Along the top-k axis, the cost sur-
face is nearly flat. Since the claim is encoded ex-
actly once and evidence embeddings are fetched
from an offline index, scaling from 1 to 20 can-
didates merely adds lightweight embedding-space
operations, yielding negligible marginal cost.

5.4 Ablation Study

Variant FEVER MNLI Bio-S WebNLG

GRD 87.42 90.43 81.59 72.05
w/o directional residual 82.82 87.35 67.83 60.19
w/o magnitude residual 81.13 88.52 72.63 69.04
w/o gating amplification 85.20 84.49 80.08 70.54

Table 3: Ablation study on GRD components (Macro-F1
%). Excluding the directional residual, magnitude resid-
ual, or adaptive gating leads to significant performance
degradation across all benchmarks, demonstrating their
complementary roles in robustly capturing asymmetric
factual discrepancies.

Table 3 examines the contribution of each com-
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Figure 5: Context-length stress test on the Bio-S dataset.
(a) compares the Macro-F1 of the full GRD model
against the variant without gating across increasing
evidence context lengths. (b) plots the absolute per-
formance gap between the two models. The steadily
widening gap demonstrates the gate’s effectiveness in
filtering accumulating contextual noise.

ponent in the GRD framework. Removing the di-
rectional residual δk causes severe degradation on
generation-based hallucination benchmarks, drop-
ping by 13.76 absolute points on Bio-S and 11.86
points on WebNLG, which confirms its neces-
sity for capturing explicit asymmetric entailment.
Meanwhile, excluding the magnitude residual µk

yields significant drops on Bio-S (−8.96%) and
FEVER (−6.29%), proving its role in gauging
the severity of factual contradictions; notably, it
is even more impactful than the directional view on
FEVER.

Finally, removing the adaptive gating mecha-
nism gk consistently hurts performance across all
benchmarks. To explicitly verify its role as a con-
textual noise filter, we conduct a context-length
stress test on the Bio-S dataset. By systematically
increasing the evidence length, we introduce more
irrelevant background information. As illustrated
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in Figure 5(a), the performance of the variant with-
out gating degrades rapidly as context expands. Fig-
ure 5(b) further highlights that the performance
gap between the full GRD and the ablated vari-
ant steadily widens, growing from 1.51 points at
the atomic level to 7.43 points at 1,600 characters.
This growing delta quantitatively confirms that the
gating mechanism successfully suppresses the ac-
cumulating contextual noise, preventing the model
from being overwhelmed by harmless lexical over-
lap in long documents. Furthermore, the steep
performance drop on MNLI (−5.94% without gat-
ing in Table 3) corroborates this finding, showing
that dynamic gating is equally essential for filtering
diverse syntactic variations.

Overall, these results demonstrate that all three
components function complementarily to ensure
robust and sensitive verification. Detailed hyperpa-
rameter analysis regarding the encoder backbone
capacity and the number of semantic slots K is
provided in Appendix D.

6 Conclusion

In this paper, we introduced the Gated Residual
Discrepancy (GRD) framework to address the ef-
ficiency and scalability bottlenecks in factuality
verification. By explicitly modeling asymmetric
semantic entailment through dual-view residuals
and adaptive gating, GRD successfully bridges the
performance gap between lightweight bi-encoders
and computationally intensive cross-encoders. Cru-
cially, GRD decouples the verification pipeline into
offline evidence indexing and lightweight online in-
teraction. This architectural design reduces online
computational costs by over one order of magni-
tude compared to standard cross-encoders. Further-
more, it exhibits negligible marginal cost when scal-
ing the number of retrieved evidence candidates,
making it suitable for large-scale, high-throughput
verification systems. While GRD excels at identi-
fying direct textual discrepancies and generation-
based hallucinations, a natural limitation is its per-
formance on reasoning-heavy tasks. Such tasks
inherently demand the multi-step logical inference
and extensive world knowledge currently domi-
nated by massive large language models. There-
fore, future work will explore hybrid, cascading
verification pipelines: deploying GRD as a highly
efficient and robust first-pass filter to resolve the
vast majority of factual queries, while selectively
routing only the most complex, reasoning-intensive

claims to capacity-heavy LLMs or cross-encoders.

Limitations

While the Gated Residual Discrepancy (GRD)
framework provides a highly efficient bi-encoder
solution for factuality verification, its architectural
design imposes inherent boundaries on its capa-
bilities. GRD is explicitly optimized for identi-
fying direct textual discrepancies and generation-
based hallucinations, where factual consistency can
be reliably assessed through geometric vector dif-
ferences and semantic alignment. Consequently,
the framework underperforms on reasoning-heavy
tasks, such as verifying complex scientific claims
(e.g., the SciFact benchmark). Because embedding-
based methods compress text into dense vector
spaces, they are generally better at capturing direct
semantic shifts than performing multi-step logical
deduction. For claims that require complex infer-
ence chains, implicit knowledge synthesis, or deep
domain-specific reasoning, the late-interaction and
residual-based mechanisms of GRD are insufficient
compared to the deep cross-attention layers of mas-
sive language models. Therefore, in real-world
deployments, GRD is best positioned as a high-
throughput, first-pass filter for explicit factual er-
rors, rather than a standalone reasoning engine for
highly complex logical tasks.
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A Training Details

A.1 Training Objective
The model is trained with binary cross-entropy loss
on evidence–claim pairs labeled as supported (y =
1) or unsupported (y = 0). The overall training
objective is formulated as:

L = − 1

N

N∑

i=1

[yi log ŷi + (1− yi) log(1− ŷi)] .

(10)

A.2 Two-Stage Training Strategy
We adopt a two-stage training strategy. In the first
stage, the pre-trained language model is frozen and
only the PMA and GRD parameters are optimized,
allowing the verification modules to learn effective
difference interaction patterns on stable representa-
tions. In the second stage, we introduce Low-Rank
Adaptation (LoRA) (Hu et al., 2021) to fine-tune
the language model, enabling the encoder to adapt
its representations to better serve the difference-
dominant verification paradigm. To preserve the
general linguistic knowledge learned during pre-
training, LoRA is applied only to the last two Trans-
former layers of the encoder, restricting adaptation
to the highest-level semantic representations while
keeping the lower layers intact. This staged strat-
egy improves optimization stability compared with
jointly training newly initialized interaction layers
and adapting the encoder from the beginning.

A.3 Environment and Hyperparameters
We use BGE-large-en-v1.5 (Xiao et al., 2024) as
the pre-trained encoder backbone, which produces
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1,024-dimensional token embeddings from a 24-
layer Transformer, and train the model on the
training set of FEVER, Wiki-EN-Sentence, MNLI,
SNLI and WANLI. The PMA module uses K=8
seed vectors with 8 attention heads, and the GRD
verifier has a hidden dimension dh=512. Dropout
is set to 0.1 throughout. In Stage 1, the PMA and
GRD parameters are optimized with Adam (learn-
ing rate 5×10−5) for 4 epochs. In Stage 2, LoRA
adapters with rank r=8 are injected into WQ and
WV of the last two encoder layers, and the entire
model is trained with a reduced learning rate of
2×10−5 for another 4 epochs. The batch size is 32
in both stages. All experiments are conducted on a
single NVIDIA RTX 4090 GPU (24 GB) with an
AMD Ryzen 9950X CPU and 128 GB RAM.

B Dataset Details

Table 4 summarizes the detailed descriptions and
statistics of the eight datasets used for evaluation.

C Baseline Details

Table 5 provides a comprehensive overview of the
baseline methods evaluated in our experiments, in-
cluding their architectural paradigms, specific de-
scriptions, and implementation sources.

D Hyperparameter Analysis

Encoder Backbone. Figure 6 compares four en-
coder backbones of varying capacities. Perfor-
mance generally scales with model size: upgrading
from the lightweight all-MiniLM-L6-v2 (22.7M
parameters) to BGE-large-en-v1.5 (335M) yields
steady improvements, gaining 3.75 absolute points
on FEVER and 4.26 points on MNLI. Notably,
the 22.7M MiniLM backbone exhibits surprisingly
strong baseline performance, even marginally out-
performing the 33M BGE-small on FEVER and
Bio-S. This indicates that the GRD interaction mod-
ule can effectively extract and amplify factual dis-
crepancies even from highly constrained represen-
tations. We adopt BGE-large-en-v1.5 as the default
backbone due to its optimal overall accuracy.
Number of Semantic Slots. Figure 7 investigates
the effect of the number of semantic slots K pro-
duced by the PMA module. Increasing K from
1 to 8 provides substantial gains on document-
level verification tasks, improving FEVER by 1.75
points and Bio-S by 1.43 points. However, the op-
timal K varies across datasets: while WebNLG
and MNLI peak earlier at K = 2 and K = 4

respectively, further increasing K to 16 causes no-
table degradation across most benchmarks (e.g.,
−1.77 points on FEVER and −1.73 points on
WebNLG). This degradation likely stems from the
over-fragmentation of semantic information, which
dilutes the discriminative power of individual slot
vectors. We select K = 8 as the default setting,
achieving the best overall trade-off between fine-
grained representational capacity and verification
robustness.

E Controlled Fine-Tuning Comparisons

To address potential concerns that GRD’s perfor-
mance advantage might solely arise from task-
specific training on the FEVER and Wiki-EN-
Sentence datasets, we evaluate baseline models
under rigorously matched training conditions. Ta-
ble 6 presents the macro-F1 scores of DeBERTa-v3
and E-Verify when evaluated off-the-shelf, contin-
ued fine-tuned, and fine-tuned from scratch using
the identical training data as GRD.

Even when E-Verify is fine-tuned (FT) and
its backbone is upgraded to match the parame-
ter capacity of GRD (FT on Large Backbone),
GRD still outperforms it by over 7 absolute points
on average. Additionally, the from-scratch fine-
tuned DeBERTa-v3-large model struggles to gen-
eralize to out-of-domain datasets with different
syntactic structures, such as WebNLG (63.26%)
and MNLI (82.71%). In contrast, GRD achieves
72.05% and 90.43% on these datasets, respectively.
This demonstrates that GRD’s difference-dominant
residual architecture provides a strong inductive
bias for detecting structural and local mismatches,
driving its superior cross-dataset generalization.
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Dataset Description #Pairs

FEVER
(Thorne et al., 2018)

The NLI-formatted version of the FEVER benchmark, where
claims are generated from Wikipedia sentences and verified
against the original passages.

12,656

SNLI
(Bowman et al., 2015)

A large-scale NLI corpus where premises are drawn from Flickr
image captions and hypotheses are crowd-sourced.

6,605

MNLI
(Williams et al., 2018)

A multi-genre NLI corpus spanning ten domains (e.g., fiction,
government, telephone), designed to test cross-domain general-
ization of textual entailment models.

6,692

Wiki-EN-Sentence
(Liu et al., 2025)

A sentence-level factual verification dataset constructed from
Wikipedia, where each claim is paired with a single evidence
sentence.

5,000

WebNLG
(Gardent et al., 2017)

An NLI dataset derived from the WebNLG challenge, where
premises are natural language descriptions of structured knowl-
edge graph triples and hypotheses are generated text.

48,869

Wiki-Bio-Hallu
(Liu et al., 2025)

A hallucination detection dataset for biography generation.
Each generated biography is verified against its Wikipedia
source. It includes a simple subset with controlled factual errors
in numbers, dates, or entities, and a hard subset where errors
naturally occur in LLM-generated text.

476

Climate-FEVER
(Diggelmann et al., 2020)

A climate science fact verification dataset where claims about
climate change are verified against evidence from scientific
sources.

1,381

SciFact
(Wadden et al., 2020)

A scientific fact verification dataset where claims are derived
from scientific abstracts and verified against the original papers.

693

Table 4: Summary of evaluation datasets. #Pairs denotes the number of evaluation pairs.
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Category Model Description

LLM-based Qwen2.5 series (Yang et al., 2024) A family of instruction-tuned language models from Alibaba, includ-
ing 0.5B and 7B variants. We evaluate these models to establish a
high-performance zero-shot upper bound for factuality verification.

https://huggingface.co/collections/Qwen/qwen25
Llama3.2-3B (Grattafiori et al., 2024) A lightweight, instruction-tuned large language model from Meta,

optimized for efficient inference. We include it to assess the zero-shot
reasoning capabilities of compact generative models on verification
tasks.

https://huggingface.co/meta-llama/Llama-3.2-3B

NLI-based MiniCheck-DeBERTa (Tang et al., 2024) A DeBERTa-v3-large model specifically trained for grounded fact-
checking tasks. Optimized for detecting factual inconsistencies in
generated text against reference documents.

https://huggingface.co/lytang/
MiniCheck-DeBERTa-v3-Large

DeBERTa-v3-NLI A cross-encoder based on DeBERTa-v3-base fine-tuned on MNLI,
FEVER, and ANLI datasets. Employs disentangled attention and an
enhanced mask decoder for improved NLI performance.

https://huggingface.co/MoritzLaurer/
DeBERTa-v3-base-mnli-fever-anli

NLI-RoBERTa (Liu et al., 2019) A RoBERTa-base cross-encoder fine-tuned on multiple NLI bench-
marks. Provides a lightweight alternative to DeBERTa-based models
with competitive accuracy.

https://huggingface.co/cross-encoder/nli-roberta-base

Embedding-based BERTScore (Zhang et al., 2019) A widely-used automatic evaluation metric that computes token-level
contextual embedding similarity between reference and candidate
texts. It serves as a symmetric similarity baseline for factuality
verification.

https://github.com/Tiiiger/bert_score

ColBERT (Khattab and Zaharia, 2020) A late-interaction retrieval model that independently encodes queries
and documents into token-level embeddings, then performs fine-
grained MaxSim-based matching. Despite its token-level interaction
design, it relies on symmetric cosine similarity.

https://huggingface.co/colbert-ir/colbertv2.0

E-Verify (Liu et al., 2025) A pioneering bi-encoder framework for embedding-level factuality
verification. Employs multi-vector representations and fuses multiple
features including pairwise similarity and discrepancy features.

https://github.com/lzy248/e-verify

GRD (Ours) Our proposed bi-encoder method. It adopts a difference-dominant
paradigm that extracts dual-view residuals from multi-vector repre-
sentations, then applies adaptive gating to amplify critical factual
deviations while suppressing benign paraphrasing variations.

Table 5: Overview of factuality verification methods across three paradigms.

Model FEVER SNLI MNLI Wiki-EN Bio-S Bio-H WebNLG Climate SciFact Avg.

DeBERTa-v3-NLI (Off-the-shelf) 93.46 94.23 92.93 96.57 88.30 74.68 75.65 53.68 60.73 81.14
DeBERTa-v3-NLI (Continue FT) 92.34 94.65 93.29 98.59 88.75 75.75 75.38 59.35 60.85 82.11
DeBERTa-v3-large (Scratch FT) 91.82 84.67 82.71 98.16 67.67 63.00 63.26 41.10 42.34 70.53

E-Verify (Off-the-shelf) 60.87 81.23 79.22 96.97 79.15 65.08 65.29 52.81 48.97 69.95
E-Verify (FT) 78.69 84.68 80.56 96.98 79.22 64.87 66.04 53.90 51.56 72.95
E-Verify (FT on Large Backbone) 81.94 83.83 81.91 94.58 75.48 65.18 66.93 53.75 50.61 72.69

GRD (Ours) 87.42 96.17 90.43 98.15 81.59 70.85 72.05 64.54 58.69 79.99

Table 6: Factuality verification results with controlled fine-tuning comparisons (Macro-F1 %). Under matched
training conditions and backbone capacities, GRD maintains a significant architectural advantage over standard
embedding-based methods and demonstrates superior generalization to structurally distinct benchmarks.
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