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Abstract
Automatic fact verification (FV) predicts the
veracity of a claim against retrieved evidence,
yet modern verifiers often behave as shortcut-
driven verifiers, predicting from surface reg-
ularities in the claim rather than the factual
content of the evidence. Existing debiasing
methods over-correct this by uniformly enforc-
ing evidence reliance on every sample, thereby
suppressing the valid information already car-
ried by the claim itself. We propose Evidence-
Grounded Remixing for Fact Verification
(EGR-FV), which estimates a per-sample ev-
idence necessity score by contrasting claim-
with-evidence and claim-only predictions, and
uses it to remix training batches so that de-
biasing is adapted to each sample’s actual re-
liance on evidence. On FEVER, PolitiHop, and
HOVER together with their symmetric coun-
terparts, EGR-FV achieves state-of-the-art ac-
curacy and robustness, validating the effective-
ness of EGR-FV.

1 Introduction

Automatic fact verification (FV) (Thorne et al.,
2018; Jiang et al., 2020; Liu et al., 2020; Zhou
et al., 2019; Chen et al., 2022), which assesses the
truthfulness of a claim based on evidence, plays a
critical role in curbing the spread of online mis-
information (Vosoughi et al., 2018; Allcott and
Gentzkow, 2017; Kogan et al., 2019).

Following FEVER (Thorne et al., 2018),
GEAR (Zhou et al., 2019), KGAT (Liu et al., 2020),
DREAM (Zhong et al., 2020), EvidenceNet (Chen
et al., 2022), BEVERS (DeHaven and Scott, 2023),
and Claim-Dissector (Fajcik et al., 2023) improve
FV via a three-stage pipeline of document re-
trieval, evidence selection, and claim verification,
instantiating graph- or semantic-reasoning verifiers
and end-to-end pipeline systems. More recently,
with the rapid progress of large language mod-
els, DagFC (Wu et al., 2026) and SLED (Yang
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Neglect of evidence

claim: Tom Hanks did not direct Forrest Gump.

evidence: Forrest Gump is a 1994 American
comedy-drama film directed by Robert
Zemeckis, starring Tom Hanks as Forrest
Gump...

shortcut-driven prediction: REFUTES ❌

Useful evidence is ignored under claim-only methods

Over-suppression of claim signal

Valid no-evidence signal may be weakened under
uniform debiasing methods

claim: World War II ended in 1945.

evidence: World War II ended in Europe with
Germany's unconditional surrender on 8 May
1945, and in the Pacific with Japan's surrender
on 2 September 1945...

uniform-debiasing prediction: REFUTES ❌

Figure 1: Two complementary failure modes that moti-
vate EGR-FV. (a) A shortcut-driven verifier mispredicts
a negated true claim. (b) Uniform debiasing suppresses
the valid claim signal on a self-evident claim, leading to
an incorrect prediction.

et al., 2026a) further boost verification performance
with LLMs through decompositional, retrieval-
augmented, or debate-based reasoning.

Despite these advances, existing verifiers of-
ten behave as shortcut-driven verifiers that pre-
dict the verdict from surface regularities in the
claim (e.g., keywords, syntactic templates, or label-
correlated phrasings) rather than from the factual
content of the evidence. Figure 1(a) provides a
concrete instance: having internalized a spurious
“negation → REFUTES” correlation, the verifier
mispredicts the true claim “Tom Hanks did not di-
rect Forrest Gump.” as REFUTES, despite the gold
label being SUPPORTS.
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Several works attempt to remove this shortcut
via counterfactual subtraction (Xu et al., 2023),
front-door adjustment (Zhang et al., 2024), and
dual-branch counterfactual inference (Yang et al.,
2026b). However, by uniformly enforcing evidence
reliance on every sample, these methods overlook
claims that are legitimately decidable from their
own content and end up suppressing such valid,
non-spurious claim-side signals. As shown in Fig-
ure 1(b), a uniform-debiasing verifier on the well-
known fact “World War II ended in 1945.” treats
the high claim-only confidence as a shortcut and
subtracts it, mispredicting the claim as REFUTES

despite the gold label being SUPPORTS. These
methods overemphasize the role of evidence on
every sample, thereby suppressing the valid infor-
mation already carried by the claim itself.

To overcome the limitations of uniform debi-
asing, we propose Evidence-Grounded Remix-
ing for Fact Verification (EGR-FV). EGR-FV
intervenes on the evidence to model an explicit
counterfactual world that conditions only on the
claim, and contrasts it against the factual world
that conditions on both claim and evidence. The
disagreement between the two worlds proxies the
individual treatment effect of evidence on the ver-
dict and is summarized as a per-sample evidence
necessity score. Using this score, EGR-FV routes
each training example into one of three subsets—
grounded-needed, hard, or bias-easy—and
then composes each training batch by remixing
the three subsets at fixed proportions. This sample-
level routing together with batch-level remixing
makes full use of the information in every example
while ensuring that all examples in a batch push the
optimizer in a single, evidence-sensitive direction.

Systematic experiments on FEVER, PolitiHop,
and the multi-hop HOVER benchmark together
with their symmetric counterparts show that EGR-
FV achieves state-of-the-art performance, demon-
strating the effectiveness of our method. Our con-
tributions are:

• We introduce a sample-level evidence neces-
sity perspective, observing that different sam-
ples depend on evidence to substantially dif-
ferent degrees.

• We propose Evidence-Grounded Remixing
for Fact Verification (EGR-FV), which es-
timates per-sample evidence necessity and
remixes training batches to counterfactually
rebalance the training distribution.

• Systematic experiments on FEVER, Politi-
Hop, and HOVER show that EGR-FV im-
proves both accuracy and robustness over
strong debiasing baselines.

2 Related Work

2.1 Fact Verification
Early fact verification (FV) methods predict ve-
racity from the claim alone, relying on lexical or
stance cues (Wang, 2017; Pérez-Rosas et al., 2018).
On benchmarks such as FEVER (Thorne et al.,
2018), HoVer (Jiang et al., 2020), FaVIQ (Park
et al., 2022), and CHEF (Hu et al., 2022),
GEAR (Zhou et al., 2019), KGAT (Liu et al., 2020),
DREAM (Zhong et al., 2020), EvidenceNet (Chen
et al., 2022), and LisT5 (Jiang et al., 2021) adopt
a three-stage claim–evidence pipeline of retrieval,
sentence selection, and verification with graph- or
semantic-reasoning verifiers, while BEVERS (De-
Haven and Scott, 2023) and Claim-Dissector (Faj-
cik et al., 2023) push the pipeline-level design fur-
ther. More recently, DagFC (Wu et al., 2026) and
SLED (Yang et al., 2026a) extend FV with LLM-
based decompositional or debate-based reasoning.
However, despite strong benchmark accuracy, these
methods often behave as shortcut-driven verifiers
that predict from surface regularities in the claim
rather than from the factual content of the evidence.

2.2 Debiasing Fact Verification
A growing body of work mitigates this bias from
different angles: re-weighted training with a sym-
metric test set (Schuster et al., 2019), contrastive
evidence augmentation (VitaminC (Schuster et al.,
2021), CrossAug (Lee et al., 2021)), counterfac-
tual subtraction (CLEVER (Xu et al., 2023)), front-
door adjustment (Causal Walk (Zhang et al., 2024)),
dual-branch counterfactual inference with a Jensen–
Shannon dynamic constraint (Dual-Debias (Yang
et al., 2026b)), and related ideas in adversar-
ial OOD debiasing (Liu et al., 2024) and VQA
constraint-based debiasing (Li et al., 2023). How-
ever, these methods apply a uniform correction to
every sample, overemphasizing the role of evidence
and thereby suppressing the valid information al-
ready carried by the claim itself.

3 Method

We propose Evidence-Grounded Remixing for
Fact Verification (EGR-FV), a debiasing frame-
work built on the premise that samples differ in
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Figure 2: Overview of the EGR-FV framework. After a warm-up stage, EGR-FV computes the evidence necessity
score ri, uses it for sample-level routing, performs proportional remix sampling, and yields the debiased verifier
through multi-objective training.

how much they need evidence, so debiasing should
be adapted per sample. As illustrated in Figure 2,
EGR-FV jointly trains a grounded branch and a
shortcut branch, derives a per-sample evidence ne-
cessity score from their disagreement, and uses
it to route examples into subsets and remix mini-
batches, steering optimization toward evidence-
grounded decisions.

3.1 Warm-up
Following Xu et al. (2023); Zhang et al. (2024),
given a claim ci and evidence ei, we build a
grounded branch fg to model the factual world
conditioned on (ci, ei),

pg(yi | ci, ei) = fg(ci, ei), (1)

where yi ∈ Y = {SUPPORTS, REFUTES}.
We then intervene on evidence with do(E =

∅) and build a shortcut branch fs to model the
counterfactual world in which evidence is removed,

ps(yi | ci) = fs(ci) ≈ p(yi | ci, E=∅). (2)

The gap between the two worlds reflects how much
the prediction depends on evidence rather than
claim-only shortcuts.

3.2 Evidence Necessity Estimation
To quantify whether an instance requires evidence-
grounded reasoning, we define an evidence neces-

sity score ri ∈ [0, 1] for each training example:

ri = 0.4 · 1
[
argmax

y
pg(y | ci, ei) = yi

]

+ 0.3 · 1
[
argmax

y
ps(y | ci) ̸= yi

]

+ 0.2 · di + 0.1 · ℓi,

(3)

where 1[·] is the indicator function: the first term
equals 1 when the grounded branch predicts cor-
rectly, and the second term equals 1 when the short-
cut branch predicts incorrectly. di measures the
prediction disagreement between the grounded and
shortcut branches, and ℓi denotes a normalized
evidence-length score. The four weights are or-
dered by signal reliability, and a sensitivity analysis
confirming this design is reported in Appendix F.
The disagreement term is defined as the KL diver-
gence between the two branches squashed into a
bounded range,

di =
DKL(pg(· | ci, ei) ∥ ps(· | ci))

1 +DKL(pg(· | ci, ei) ∥ ps(· | ci))
, (4)

which bounds di ∈ [0, 1) and prevents a few out-
liers from dominating the routing.

The length score ℓi is used as a weak proxy for
evidence complexity. Let |ei| denote the number of
tokens in the evidence. We compute

ℓi =
|ei| −minj |ej |

maxj |ej | −minj |ej |
. (5)
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A high ri indicates that the example is likely to
require evidence for correct verification. In con-
trast, a low ri suggests that the label may be pre-
dictable from claim-only shortcuts.

3.3 Routing Policy
Based on ri, EGR-FV partitions D = Dgrounded ∪
Dhard ∪ Dbias, where each instance is assigned by

zi =





grounded, ri > 0.7,

hard, 0.3 < ri ≤ 0.7,

bias-easy, ri ≤ 0.3.

(6)

Examples in Dgrounded are those for which
the grounded branch succeeds while the shortcut
branch tends to fail. These examples are considered
evidence-critical. Examples in Dhard are difficult
for both branches and usually require more robust
semantic reasoning. Examples in Dbias can often
be solved by the shortcut branch alone, suggesting
that they may contain strong claim-only artifacts.
The empirical distribution of ri and the resulting
group sizes on each dataset are reported in Ap-
pendix D.

3.4 Remix Sampling
The original training distribution may contain a
large proportion of examples with weak treatment
effects, i.e., examples for which

p(yi | ci, ei) ≈ p(yi | ci, E = ∅). (7)

Such examples encourage the model to rely on the
shortcut path ci → yi rather than the grounded path
(ci, ei) → yi.

To reduce shortcut dominance, we construct a
counterfactual remixing strategy that rebalances
the training batches according to the routed subsets.
At each training step, a mini-batch is sampled from
a mixture of the original training set and the routed
subsets, B = Borig∪Bgrounded∪Bhard∪Bbias, with
sampling proportions π = [0.50, 0.30, 0.15, 0.05].
That is, each batch contains 50% original examples,
30% grounded examples, 15% hard examples, and
5% bias-easy examples.

This remixing policy increases the frequency of
evidence-critical examples while retaining a small
portion of bias-easy examples to preserve coverage
of the original data distribution. In this way, the
training distribution is counterfactually rebalanced
toward examples where

p(yi | ci, ei) ̸= p(yi | ci, E = ∅), (8)

thereby encouraging the model to learn evidence-
sensitive decision boundaries.

Formally, the remixing objective can be inter-
preted as minimizing the expected risk under a
reweighted training distribution qEGR:

REGR = E(c,e,y)∼qEGR
[ℓ (fg(c, e), y)] , (9)

where qEGR assigns larger sampling probability
to evidence-critical and hard examples than the
empirical training distribution.

3.5 Training Objective
EGR-FV jointly optimizes the grounded branch
and the shortcut branch while regularizing their
representations and enforcing evidence contrast.
The overall loss is

L = Lg + λsLs + λorthLorth + λctrLctr, (10)

where Lg is the grounded loss, Ls is the shortcut
loss, Lorth is an orthogonality regularizer, and Lctr

is the evidence contrastive loss.

Grounded and shortcut losses. The grounded
branch upweights evidence-critical examples while
the shortcut branch focuses on bias-easy ones via
complementary weights (1 + αri) and β(1− ri):

Lg = − 1
N

∑

i

(1 + αri) log pg(yi | ci, ei),

Ls = − 1
N

∑

i

β(1− ri) log ps(yi | ci).
(11)

Orthogonality regularization. To prevent the
two branches from collapsing onto identical repre-
sentations, we penalize the squared cosine similar-
ity between their [CLS] hidden states hg,i, hs,i:

Lorth =
1

N

∑

i

(
h⊤g,i hs,i

∥hg,i∥ ∥hs,i∥

)2

. (12)

Evidence contrastive loss. To make the model
sensitive to valid evidence, we instantiate three
evidence interventions per claim—E+

i = ei,
E−

i = do(E = eπ(i)), and E∅
i = do(E = ∅)—

corresponding to factual, wrong-evidence, and null
interventions, where π(i) ̸= i cyclically rotates ev-
idence within the mini-batch so that E−

i keeps the
same domain and length as ei but is no longer the
gold evidence (full construction details are given
in Appendix E). Let p+i , p

−
i , p

∅
i denote pg(· | ci, ·)

under the three conditions; the contrastive loss is

Lctr = max
(
0, m+CE(p+i , yi)− CE(p−i , yi)

)

+ γDKL

(
p+i
∥∥ p∅i

)
.

(13)
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FEVER PolitiHop HOVER

Train Dev Test Train Dev Test Train Dev Test

SUPPORTS 80,035 3,333 3,333 79 21 21 9,920 1,103 2,000
REFUTES 29,775 3,333 3,333 386 98 150 6,433 715 2,000

Total 109,810 6,666 6,666 465 119 171 16,353 1,818 4,000

Sym. test 717 (379/338) 342 (171/171) —

Table 1: Per-label split statistics for the three FV bench-
marks under the 2-class setup; Sym. test denotes the
symmetric test split (SUPPORTS/REFUTES).

The margin term prefers the gold evidence over
corrupted evidence, and the KL term forces the
grounded branch to encode information that cannot
be recovered from the claim alone.

3.6 Inference

At inference time, we use the grounded branch as
the final verifier:

ŷ = argmax
y

pg(y | c, e). (14)

The shortcut branch is used only during training
to estimate and regulate shortcut behavior. This
design allows EGR-FV to benefit from shortcut
diagnosis during training while relying on evidence-
grounded reasoning during prediction.

4 Experiments Settings

4.1 Datasets and Metrics

We evaluate EGR-FV on three FV bench-
marks of increasing reasoning complexity—
FEVER (Thorne et al., 2018) (single-hop,
Wikipedia), PolitiHop (Ostrowski et al.,
2021) (multi-hop political fact-checking), and
HOVER (Jiang et al., 2020) (multi-hop Wikipedia,
stratified by 2/3/4-hop)—and additionally evaluate
on their symmetric counterparts (Schuster et al.,
2019) that decorrelate claim wording from labels
to directly stress claim-only shortcuts. We report
accuracy on FEVER and PolitiHop and macro-F1
on HOVER, all under gold evidence so that the
gains reflect claim–evidence reasoning rather
than retrieval. For symmetric testing, models
are trained and selected only on the original
training/development splits, and the symmetric
labels are used strictly for final evaluation; details
of the paired construction and evaluation protocol
are given in Appendix B. Per-label split statistics
are reported in Table 1; per-dataset descriptions
are in Appendix A.

4.2 Baselines

We compare against four families of methods, all
using RoBERTa-base as the backbone for fair com-
parison unless otherwise noted. Standard clas-
sifiers: Claim-only fine-tunes RoBERTa on the
claim alone, and Claim-evidence is a standard
claim+evidence cross-encoder. Evidence-aware
verifiers: GEAR (Zhou et al., 2019) aggregates evi-
dence with a graph attention network; LisT5 (Jiang
et al., 2021) performs listwise evidence reasoning
with T5; DeBERTaV3-NLI (He et al., 2023) is a
strong off-the-shelf NLI verifier. Debiasing meth-
ods: CICR / CICR-graph (Tian et al., 2022) apply
claim–evidence causal intervention with and with-
out a graph-structured evidence encoder; CLEVER
/ CLEVER-graph (Xu et al., 2023) apply counter-
factual subtraction to remove the claim-only direct
effect, with the -graph variant adding the same
graph encoder; Causal Walk (Zhang et al., 2024)
adopts a front-door adjustment tailored to multi-
hop FV. All debiasing baselines are evaluated in
the same 2-class, gold-evidence setting as EGR-
FV, with no tuning on symmetric test labels; Ap-
pendix C gives the implementation and reporting
details. Large-model verifier pipelines (HOVER
only): ProgramFC (Pan et al., 2023) (n = 1, 5),
PACAR (Zhao et al., 2024), LoCal (Ma et al., 2025),
BiDeV (Liu et al., 2025), and DagFC (Wu et al.,
2026) are recent LLM-based decompositional veri-
fiers that substantially exceed RoBERTa in param-
eter count, providing a stress test against EGR-FV.

4.3 Implementation Details

Both branches use RoBERTa-base (∼125M
parameters); the grounded branch tokenises
[CLS ; c ; SEP ; e ; SEP] and the shortcut branch
tokenises [CLS ; c ; SEP]. We train with
AdamW (Loshchilov and Hutter, 2019) at
learning rate 2×10−5, weight decay 0.01, dropout
0.1, batch size 16, gradient accumulation 2, for
3–5 epochs (dataset-dependent), with checkpoint
selection on the validation macro-F1.

For routing we use K=5 folds; necessity-score
weights (α1, α2, α3, α4) = (0.4, 0.3, 0.2, 0.1);
routing thresholds τh = 0.7 and τl = 0.3. The
remix sampler uses ratios (50%, 30%, 15%, 5%)
over (ORIGINAL, grounded_needed, hard,
bias_easy). Loss weights are λs=0.3, λo=0.05,
λc = 0.2, with contrastive margin m = 0.3 and
null-KL coefficient γ=0.1. A sensitivity analysis
showing that EGR-FV is robust to these choices is
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FEVER PolitiHop

Method orig. sym. orig. sym.

claim-only 78.13 38.63 80.06 54.39
claim-evidence 90.28 70.75 78.88 57.31

GEAR 92.17 44.91 75.50 51.17
CICR 92.41 74.76 88.30 59.65
CICR-graph 92.63 75.31 85.96 60.53
CLEVER 84.98 86.75 76.00 42.40
CLEVER-graph 85.63 88.42 78.00 52.05
CausalWalk 91.60 72.66 80.00 57.02

EGR-FV (ours) 94.09 83.26 88.30 63.45

Table 2: Accuracy on FEVER and PolitiHop (original
/ symmetric splits). Symmetric splits stress claim-only
shortcuts; bold marks the best score in each column.

Category Method 2-hop 3-hop 4-hop

Small-model
classifiers

claim-only 59.39 67.88 57.23
claim-evidence 78.82 79.64 77.96
LisT5 56.15 53.76 51.67
DeBERTaV3-NLI 77.22 65.98 60.49
GEAR 74.70 75.04 72.85

Large-model
pipelines

ProgramFC (n=1) 74.10 66.13 65.69
ProgramFC (n=5) 75.65 68.48 66.75
PACAR 76.86 70.10 69.95
LoCal 79.93 73.26 70.14
BiDeV 77.59 69.91 70.63
DagFC 73.15 62.76 58.67

Debiasing
methods

CICR 77.94 74.38 69.31
CICR-graph 68.64 74.88 72.89
CLEVER 80.99 77.71 71.51
Causal Walk 67.14 75.09 74.19
EGR-FV (ours) 82.94 84.07 83.05

Table 3: Macro-F1 on HOVER by reasoning depth.
EGR-FV (last row) is grouped with the other debiasing
methods and outperforms small-model classifiers, large-
model verifier pipelines, and prior debiasers at every
hop depth.

provided in Appendix F. For the evidence-contrast
loss, E− is sampled at each step uniformly from
{SHUFFLED, CORRUPTED} and E∅ is the empty
string. All results are averaged over 5 random
seeds and run on a single NVIDIA A6000 (48GB);
a full EGR-FV training run (warm-up folds
plus main training) completes in roughly 6–10
GPU-hours per dataset per seed.

5 Results and Analysis

5.1 Main Results

Tables 2 and 3 report accuracy on FEVER and
PolitiHop, and macro-F1 on HOVER.
Standard / evidence-aware verifiers rely on
claim shortcuts. The claim-evidence cross-

encoder, GEAR, CICR, and LisT5 score well on the
original splits but collapse on the symmetric ones
(90.28 → 70.75 for claim-evidence on FEVER-
sym; GEAR even falls to 44.91/51.17). A veri-
fier that truly conditions on E should be evidence-
stable across symmetric pairs; the collapse instead
shows the model has absorbed the shortcut path
C → Y rather than the intended (C,E)→ Y rea-
soning.
Explicit debiasing helps. CLEVER, Causal
Walk, and CICR outperform un-debiased baselines
on symmetric splits (e.g. CLEVER-graph 88.42 vs.
claim-evidence 70.75 on FEVER-sym), confirm-
ing that without an explicit counter-shortcut signal,
dataset biases are silently absorbed.
Necessity-guided debiasing generalises across
datasets. EGR-FV is the best method on six of
seven evaluation columns, losing only FEVER-sym
to CLEVER. Yet CLEVER’s FEVER-sym lead
does not transfer: it falls to 42.40 on PolitiHop-sym
(vs. our 63.45) and 71.51 on HOVER 4-hop (vs.
our 83.05). Per-sample necessity instead produces
a debiasing signal that generalises across single-
hop, multi-hop, and shortcut-stressing regimes.
EGR-FV beats LLM pipelines on HOVER.
EGR-FV outperforms every LLM-based decom-
positional verifier at every hop depth—ProgramFC,
PACAR, LoCal, BiDeV, and DagFC. A natural
reading is that these pipelines suffer from knowl-
edge conflict between the model’s parametric mem-
ory and the retrieved evidence (Wang et al., 2024;
Mallen et al., 2023): the LLM brings priors about
the claim and may answer from them rather than
strictly from E, mirroring the claim-only shortcut
EGR-FV explicitly suppresses.
Depth-stable as reasoning grows deeper. From
2- to 4-hop, several baselines drop monotoni-
cally (CLEVER 80.99→71.51, DeBERTaV3-NLI
77.22 → 60.49, DagFC 73.15 → 58.67), while
EGR-FV stays essentially flat (82.94/84.07/83.05).
Deeper claims demand more cross-evidence inte-
gration, so any residual claim-shortcut reliance is
amplified—the flat curve indicates that EGR-FV’s
decision is genuinely driven by the evidence chain.

5.2 Ablation Study

Table 4 ablates the four design choices of EGR-
FV. Since the symmetric FEVER and PolitiHop
splits directly stress shortcut robustness, we repeat
the same ablation protocol on these splits in Ap-
pendix G (Table 8).
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Variant 2-hop 3-hop 4-hop

EGR-FV (full) 82.94 84.07 83.05

w/o evidence contrast
−Lctr 82.58 83.69 82.00

w/o routing
Random remix-only 81.40 81.75 81.48
Hard routing (fixed weights) 81.14 82.88 80.62
In-sample routing 81.58 81.94 81.29

w/o remix
Full w/o remix 80.12 81.19 80.58

w/o routing & remix & contrast
claim-evidence 78.82 79.64 77.96
Two-branch joint 79.40 80.01 77.61

Table 4: Ablation study on HOVER (macro-F1).

Two-branch joint alone is not enough. Training
pg and ps with equal weights and no routing, remix,
or contrast lands at 79.40/80.01/77.61, on par with
the vanilla CLAIM-EVIDENCE classifier; merely
parameterising the shortcut path does not debias
the model.
Remix carries the largest single share. Remov-
ing the remix sampler drops 2/3-hop by 2.82/2.88
points—the biggest gap of any single ablation—
corroborating that rebalancing the training distribu-
tion toward high-necessity samples is the primary
debiasing lever.
Routing must be guided and out-of-fold. All
three routing variants—RANDOM REMIX-ONLY,
HARD ROUTING, and IN-SAMPLE ROUTING—
underperform the full pipeline by roughly 2 points,
with IN-SAMPLE ROUTING confirming that out-of-
fold scoring is necessary to prevent training bias
from leaking into the routing decision.
Evidence-contrast loss adds a smaller but consis-
tent gain. Removing Lctr costs under 1 point on
average, smaller than remix or routing but the only
term that directly enforces sensitivity to evidence
intervention.

5.3 Parameter Analysis: Sample Selection via
ri

Figure 3 partitions the FEVER test split into five
ri buckets and reports EGR-FV’s clean-correct,
shuffled-wrong, and null-wrong rates within each.
As ri grows, the clean-correct rate rises sharply
(from ∼ 9% in the lowest bucket to ∼ 98% in the
highest), while the perturbation-induced error rates
decrease overall. This confirms that ri effectively
isolates the samples on which evidence carries the
verdict, validating its role as the routing and remix

0.0–0.2 0.2–0.4 0.4–0.6 0.6–0.8 0.8–1.0
0

50

100

Necessity score ri

R
at

e
(%

)

clean-correct shuffled-wrong null-wrong

Figure 3: FEVER test samples partitioned by
the necessity score ri. Bucket counts n =
75/272/5164/11/1144. EGR-FV’s clean-correct,
shuffled-wrong, and null-wrong rates are reported
within each bucket.

Data Method Clean Shuf. Null Wrong

HOVER

claim-evidence 81.75 40.26 40.99 39.86
w/o contrast 82.97 44.33 44.14 44.71
w/o remix 82.75 35.05 57.62 34.76
EGR-FV 83.05 33.69 61.05 33.69

FEVER

claim-evidence 93.92 48.82 69.58 48.67
w/o contrast 94.00 44.11 62.72 44.48
w/o remix 93.78 38.25 72.13 38.11
EGR-FV 94.09 40.22 76.71 39.59

PolitiHop

claim-evidence 46.73 46.73 46.73 46.73
w/o contrast 55.19 50.05 64.78 49.43
w/o remix 51.42 46.39 46.73 45.54
EGR-FV 51.42 46.06 61.10 47.22

Table 5: Evidence intervention sensitivity (macro-F1).
Clean: gold evidence. Shuf./Wrong: a real but mis-
paired passage. Null: empty evidence. A faithful ver-
ifier should keep Clean high while dropping on Shuf-
fled/Wrong and remaining largely insensitive to Null
only if the claim is genuinely shortcut-decidable.

signal in EGR-FV.

5.4 Evidence Intervention Sensitivity

A genuinely grounded verifier should be sensitive
to evidence interventions: its prediction should
change in a principled way when the gold evidence
is replaced, shuffled, or removed. To measure this
directly, we evaluate four checkpoints (the vanilla
CLAIM-EVIDENCE cross-encoder, EGR-FV with-
out evidence contrast, EGR-FV without remix, and
the full EGR-FV) on each test set under four ev-
idence conditions: Clean (gold), Shuffled (evi-
dence randomly re-assigned across samples, label-
agnostic), Null ([NO_EVIDENCE] placeholder), and
Wrong (evidence taken from a sample with a dif-
ferent gold label).
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Data Group % C-only EGR-FV ∆ERG

HOVER
bias_easy 20.3 100.00 72.69 −27.31
hard 52.2 79.45 80.80 +1.35
grounded_needed 27.5 0.00 95.09 +95.09

FEVER
bias_easy 61.7 100.00 97.45 −2.55
hard 21.0 77.45 80.97 +3.52
grounded_needed 17.3 0.00 98.01 +98.01

PolitiH.
bias_easy 86.0 100.00 100.00 0.00
hard 14.0 12.50 16.67 +4.17
grounded_needed 0.0 – – –

Table 6: Per-routing-group accuracy at test time (%). %
is the share of test instances; C-only is the claim-only
model; ∆ERG is the Evidence Reliance Gain (EGR-FV
minus C-only).

Two patterns in Table 5 stand out. EGR-FV
is more evidence-sensitive than the baseline.
On HOVER, the CLEAN→SHUFFLED gap widens
from claim-evidence (81.75→40.26) to EGR-FV
(83.05 → 33.69), and the same trend holds for
CLEAN→WRONG. Sensitivity to a real-but-wrong
passage is a property the model must acquire, and
EGR-FV’s evidence-contrast objective explicitly
trains for it. EGR-FV is less destabilised by Null
evidence on shortcut-rich corpora. On FEVER,
the EGR-FV Null score of 76.71 is the highest of
any method, and the CLEAN→NULL degradation
is smaller than for claim-evidence (94.09→76.71
vs. 93.92 → 69.58). On the bias-easy subset of
FEVER (61.7% of test instances) the claim alone
is genuinely informative, so a well-routed verifier
should not collapse when evidence is hidden and
should fall back gracefully to the claim-only signal.
The combination of high Clean, high Null, and low
Shuffled is therefore the correct response surface,
and only EGR-FV exhibits all three.

5.5 Evidence Reliance Across Routing Groups
To verify that the necessity score ri is not just a
heuristic, we evaluate the claim-only model and
the full EGR-FV on each routing group at test
time. The Evidence Reliance Gain ∆ERG =
accEGR-FV − accC-only directly estimates how
much of EGR-FV’s accuracy on each subset comes
from genuinely using the evidence.

Table 6 shows that routing behaves as in-
tended. On bias_easy the claim-only model is
already (near-)perfect, so ∆ERG is non-positive; on
grounded_needed the claim-only model achieves
zero accuracy by construction, so ∆ERG=+95.09
(HOVER) and +98.01 (FEVER) directly quan-
tify the evidence-driven accuracy that EGR-FV

recovers; on hard, both the claim-only and claim-
evidence models struggle and EGR-FV produces
a small but consistent positive gain (+1.35 on
HOVER, +3.52 on FEVER, +4.17 on PolitiHop).
PolitiHop has no grounded_needed group because
its claim-evidence model rarely beats the claim-
only model, consistent with PolitiHop being the
most shortcut-rich of the three benchmarks. Three-
seed significance tests, the correlation of ri with
per-sample evidence sensitivity, and a bucketed
ri-stratified analysis are reported in Appendix H.

5.6 Case Study

We highlight two HOVER cases that illustrate the
two ends of EGR-FV’s behaviour; the full four-
category breakdown with structured logs is in Ap-
pendix I.
Evidence-rescue (ri = 0.94). The claim
“Groundhog Day . . . stars Bill Paxton” is surface-
plausible and the claim-only model predicts SUP-
PORTS. The gold evidence reveals the lead is Bill
Murray, not Bill Paxton; EGR-FV with clean evi-
dence correctly outputs REFUTES (NLL 0.00) but
flips back to wrong under null (1.61) or shuffled
(1.08) evidence—confirming the verdict is decided
by the evidence, not by claim wording.
Bias-easy trade-off (ri = 0.10). A biographi-
cal claim about Eugene E. Lindsey is genuinely
shortcut-decidable and claim-only gets it right;
EGR-FV, being de-biased, no longer reads the
claim-only signal as strongly and flips to incor-
rect on this rare bias-easy sample—a controllable
cost of de-biasing, paid in exchange for the much
larger grounded_needed gain.

6 Conclusion

We presented EGR-FV, a debiasing framework for
fact verification that adapts the strength of debias-
ing to each sample’s actual reliance on evidence.
After a brief warm-up of a grounded branch and
a shortcut branch, EGR-FV summarises the dis-
agreement between the two into a per-sample evi-
dence necessity score, routes training examples into
evidence-critical, hard, and bias-easy subsets, and
remixes mini-batches at fixed proportions so that
the verifier is steered toward genuinely evidence-
grounded decisions while still preserving the valid
claim-side signal that some claims legitimately
carry on their own. Experiments on FEVER, Poli-
tiHop, and the multi-hop HOVER benchmark, to-
gether with their symmetric counterparts, show that
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EGR-FV simultaneously improves clean accuracy
and shortcut robustness, with the largest gains on
the symmetric and many-hop splits where shortcut
learning is most damaging; ablations confirm that
the necessity-guided routing and remix sampler
are the primary contributors. We view per-sample
necessity-guided debiasing as a general principle
for evidence-grounded NLP, and plan to extend
it to retrieval-augmented question answering and
multi-modal claim verification in future work.

Limitations

(1) Compute overhead. EGR-FV requires K=5
warm-up folds before the main training run, mul-
tiplying warm-up compute by K (each fold is
shorter than a full run). (2) Heuristic counter-
factual evidence. E− is constructed by shuffling
or sentence replacement, which approximates but
does not exhaust meaningful evidence interven-
tions. (3) Gold-evidence evaluation. All ex-
periments use gold evidence; end-to-end evalua-
tion jointly with retrieval is left to future work.
(4) English-only benchmarks. Extending EGR-
FV to non-English fact-verification corpora (e.g.
CHEF (Hu et al., 2022)) is a natural next step.

Ethical Considerations

Intended use. EGR-FV is a defensive technology
for automatic fact verification, aimed at curbing
online misinformation (Vosoughi et al., 2018) by
grounding verdicts in evidence rather than in claim-
only shortcuts.

Potential risks of misuse. Erroneous SUP-
PORTS / REFUTES verdicts on sensitive claims
could be cited as authoritative truth, so EGR-FV
should be used as a decision-support tool for human
fact-checkers rather than as a standalone arbiter.

Bias statement. The work contains no content
that targets, stereotypes, or discriminates against
any individual or group, and the experiments do
not introduce any social, demographic, or political
bias.

Data, licensing, and intended use. All exper-
iments use publicly released benchmarks (FEVER,
PolitiHop, HOVER, and their symmetric counter-
parts) under their original research licenses, and
EGR-FV code and checkpoints will be released
under the same research-only conditions.

Personally identifying and offensive content.
The corpora are derived from English Wikipedia
and public political fact-checking articles and may

reference public figures, but contain no private iden-
tifiers; we did not introduce additional personal
data.

Use of AI Assistants

We used general-purpose AI assistants for language
polishing and limited productivity support under
author supervision. They were not used to generate
research ideas, design experiments, make scientific
decisions, or produce the technical claims, results,
or conclusions of this paper. All such content is the
authors’ own, and the authors take full responsibil-
ity for the correctness of the paper.
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A Dataset Details

FEVER (Thorne et al., 2018) is a single-hop
FV dataset built from Wikipedia, with original la-
bels {SUPPORTS, REFUTES, NEI}; we follow the

2-class debiasing convention and drop NEI. We
follow the standard splits and report accuracy on
both the original test set and the symmetric test set
of Schuster et al. (2019), which constructs paired
samples that decorrelate claim wording from labels,
breaking the claim-only shortcut.

PolitiHop (Ostrowski et al., 2021) is a multi-hop
political fact-checking corpus drawn from Politi-
Fact. Its symmetric variant follows the protocol of
Causal Walk (Zhang et al., 2024): the same claim
is paired with different gold evidence so that the
verdict flips with the evidence, isolating the contri-
bution of evidence reasoning.

HOVER (Jiang et al., 2020) is a multi-hop
Wikipedia FV benchmark explicitly stratified by
reasoning depth (2-hop, 3-hop, 4-hop). Verdicts
on deeper hops require integrating more claim–
evidence interactions, making HOVER the most
demanding split in our evaluation.

B Symmetric Test Settings

We use the symmetric splits only as held-out stress
tests. For every method, training uses the origi-
nal training split, early stopping and checkpoint
selection use the original development split, and
the symmetric test labels are never used for hyper-
parameter tuning, routing-threshold selection, or
model selection. Evaluation follows the same in-
put format as the original test sets: the model
receives the claim and the gold evidence pas-
sage(s), and we report accuracy over the binary
SUPPORTS/REFUTES labels.

FEVER-sym. We evaluate on the symmetric
FEVER test set of Schuster et al. (2019). Because
our experiments follow the 2-class FV setting, all
NEI instances are excluded consistently with the
original FEVER preprocessing. The resulting split
contains 717 examples (379 SUPPORTS, 338 RE-
FUTES). Each symmetric item is paired to reduce
correlations between claim wording and label, so
a method that succeeds by claim-only cues should
transfer poorly even if it performs well on the orig-
inal FEVER test set.

PolitiHop-sym. We use the symmetric Poli-
tiHop protocol adopted by Causal Walk (Zhang
et al., 2024). Each claim is evaluated with alterna-
tive gold evidence such that the supported/refuted
verdict changes with the evidence, producing a bal-
anced 342-example split (171/171). This construc-

18941

https://doi.org/10.1145/3773966.3777966
https://doi.org/10.1145/3773966.3777966
https://doi.org/10.1145/3773966.3777966
https://doi.org/10.1145/3774904.3792285
https://doi.org/10.1145/3774904.3792285
https://doi.org/10.1145/3774904.3792285
https://doi.org/10.1016/j.neucom.2026.133901
https://doi.org/10.1016/j.neucom.2026.133901


tion is especially strict for evidence grounding: the
surface claim can remain identical across paired
examples, so the prediction must be determined by
the evidence rather than by the claim prior.

C Debiasing Baseline Details

All RoBERTa-based debiasing baselines are com-
pared under the same binary label space, gold-
evidence input, and development-set model-
selection protocol used for EGR-FV. When a
method has both a sequence-only and graph-
enhanced version, the sequence-only variant uses
the same claim–evidence text input as our cross-
encoder baselines, while the graph variant addi-
tionally encodes sentence/evidence nodes with the
graph module specified by the original method.
Symmetric test labels are held out for all baselines,
matching the protocol in Appendix B.

CICR / CICR-graph. CICR (Tian et al., 2022)
treats claim and evidence representations causally
and applies intervention-style training to reduce
spurious claim–label associations. We report both
the RoBERTa cross-encoder version and the graph
version, where the latter augments the evidence
representation with graph aggregation before the
intervention objective is applied.

CLEVER / CLEVER-graph. CLEVER (Xu
et al., 2023) estimates the claim-only direct
effect through counterfactual evidence mask-
ing/substitution and subtracts this shortcut effect
from the final decision. The graph variant keeps
the same debiasing objective but replaces the flat
evidence encoder with a graph-based evidence en-
coder, making it the closest graph-enhanced coun-
terpart to the sequence-only CLEVER baseline.

Causal Walk. Causal Walk (Zhang et al.,
2024) performs a front-door-style adjustment for
multi-hop FV by modelling evidence-mediated rea-
soning paths between the claim and verdict. We
include it as the strongest prior causal debiasing
baseline on PolitiHop-style symmetric evaluation,
where the same claim can require different labels
under different evidence.

D Necessity Score Distribution and
Routing Statistics

For reproducibility we report the empirical distri-
bution of the evidence necessity score ri and the
resulting routing group sizes on each dataset. With

thresholds τh=0.7 and τl=0.3, the three groups
(grounded_needed, hard, bias_easy) cover the
full training set without overlap; group shares on
the test split are reported in Table 6. Per-dataset
histograms of ri are released with the code and
routing caches.

Correlation table on PolitiHop. The Politi-
Hop correlations omitted from Table 10 are: warm-
up indicator ∆ind

i undefined (the grounded warm-
up produces identical predictions with and without
evidence on essentially all samples, so ∆ind

i ≡0);
warm-up NLL Pearson +0.961, Spearman +0.045;
EGR-FV indicator Pearson +0.284, Spearman
+0.071; EGR-FV NLL Pearson +0.813, Spearman
+0.093. The high Pearson but near-zero Spear-
man pattern reflects that a small number of very-
confident samples dominate the NLL scale, while
most samples cluster around the same rank, con-
sistent with the observation that PolitiHop carries
little evidence-decided signal in the first place.

E Counterfactual Evidence Construction

For the evidence-contrast loss we generate the
wrong-evidence intervention E− on the fly: at
each training step E− is sampled uniformly from
two perturbation operators—SHUFFLED, which re-
places ei with a real-but-mis-paired evidence pas-
sage drawn from another sample in the same mini-
batch, and CORRUPTED, which applies token-level
corruption to ei. Both yield a passage with the
same domain and length distribution as ei but break
its semantic alignment with ci, so the contrast is
forced to come from semantics rather than from
surface domain shift. The null intervention E∅ is
the empty string.

For the analysis tables in Section 5.4, the Shuf-
fled condition implements a more aggressive per-
turbation that re-assigns evidences across the entire
test split (not just inside a batch); Wrong addition-
ally constrains the re-assigned evidence to come
from a sample with a different gold label, which
gives a strictly harder evidence-sensitivity test.

F Hyper-parameter Sensitivity

Loss weights and routing thresholds. We
performed a small grid over (λs, λo, λc) ∈
{0.1, 0.2, 0.3, 0.5}3 on the HOVER develop-
ment set; final macro-F1 varied within ±0.5
over the central region of the grid, indicat-
ing that EGR-FV is robust to these weights.
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Weights (α1, α2, α3, α4) dev (ep) test

(0.40, 0.30, 0.20, 0.10) (default) 0.8468 (4) 0.8305
(0.30, 0.35, 0.25, 0.10) weaken α1 0.8466 (5) 0.8300
(0.45, 0.20, 0.25, 0.10) weaken α2 0.8403 (5) 0.8276
(0.25, 0.25, 0.25, 0.25) uniform 0.8433 (5) 0.8250

Table 7: Sensitivity of the necessity-score weights on
HOVER. Macro-F1 on the dev (best epoch) and test
splits.

The routing thresholds (τh, τl) were swept on
{(0.65, 0.25), (0.70, 0.30), (0.75, 0.35)} with neg-
ligible effect; we report the middle setting through-
out.

Necessity-score weights (α1, α2, α3, α4). We
additionally swept the four weights in the necessity-
score definition (Eq. 3) on the HOVER devel-
opment set, perturbing each component by ±0.1
while keeping the weights summed to one. Table 7
reports HOVER dev (best epoch) and test macro-F1
for four representative configurations.

The default configuration is best on both dev
and test, and a ±0.1 perturbation of the domi-
nant indicator α1 is essentially harmless (−0.0002
dev / −0.0005 test), indicating that routing is al-
ready saturated and the framework is locally in-
sensitive to small weight changes. Reducing the
shortcut-failure weight α2 from 0.30 to 0.20 shifts
roughly 120 samples from hard into bias_easy
and causes the largest dev drop (−0.0065); the test
drop (−0.0029) is smaller but visible, confirming
that the “shortcut predicts incorrectly” signal is the
second most informative ingredient. Setting all
four weights to 0.25 shrinks the bias_easy group
by about 16% and produces the largest test drop
(−0.0055); flattening the weights weakens the prior
that some signals are more reliable than others, ex-
actly the prior that the ordered (0.4, 0.3, 0.2, 0.1)
encodes. Overall, the framework is robust within
a neighborhood of the default weights, and the
ordered weighting in Eq. 3 is a meaningful, not
arbitrary, design choice.

G Ablation on Symmetric Splits

Table 8 complements the HOVER ablation in Ta-
ble 4 by evaluating the same model variants on
the two symmetric test splits. These splits are de-
signed to break claim-only label shortcuts, so they
provide a direct stress test of whether each compo-
nent helps the verifier rely on evidence rather than
surface claim cues.

Variant FEVER-sym. PolitiHop-sym.

EGR-FV (full) 83.26 63.45

w/o evidence contrast
−Lctr 82.81 59.65

w/o routing
Random remix-only 79.50 63.16
Hard routing (fixed weights) 82.67 59.36
In-sample routing 81.87 56.73

w/o remix
Full w/o remix 79.64 55.46

w/o routing & remix & contrast
claim-evidence 79.22 50.00
Two-branch joint 79.50 55.17

Table 8: Ablation study on the symmetric FEVER and
symmetric PolitiHop splits (accuracy).

The full EGR-FV model achieves the best per-
formance on both symmetric splits, indicating that
the components are complementary under shortcut-
stressing evaluation. On FEVER-sym, removing
remix or replacing necessity-guided routing with
random remixing causes a clear drop (83.26 to
79.64/79.50), showing that sample selection re-
mains important even when evaluation pairs are
explicitly balanced. On PolitiHop-sym, removing
remix is especially harmful (63.45 to 55.46), and
in-sample routing also degrades sharply (56.73),
which supports the need for out-of-fold necessity
estimation. The evidence-contrast loss contributes
a smaller but consistent gain on both datasets, while
the claim-evidence and two-branch joint baselines
confirm that simply adding evidence input or a
second branch is insufficient without the routing,
remixing, and contrastive objectives.

H Additional Analyses

This appendix collects supporting analyses that
complement Section 5.5: a three-seed signifi-
cance test, the correlation of the necessity score
ri with per-sample evidence-sensitivity, and an
ri-bucketed intervention-sensitivity analysis on
HOVER.

H.1 Statistical Significance Across Seeds

To rule out seed variance as an explanation for the
gains, we repeat the four most informative methods
(CLAIM-EVIDENCE, TWO-BRANCH JOINT, FULL

W/O REMIX, and FULL EGR-FV) across three ran-
dom seeds {13, 42, 2024} on the splits that probe
shortcut robustness (FEVER-sym, PolitiHop-sym,
HOVER macro-F1). For each method we report
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Method FEVER-s. PolitiH.-s. HOVER

claim-evidence 79.9±1.6 50.0±0.0 82.96±0.6

Two-branch joint 78.8±1.0 55.2±3.3 84.06±0.8

Full w/o remix 80.8±2.0 55.5±6.3 83.73±0.4

Full EGR-FV 83.3±1.7 59.9±5.7 83.89±0.6

∆ vs. baseline +3.42 +9.94 +0.93
p-bootstrap <10−4 <10−4 2×10−4

p-randomization <10−4 <10−4 2×10−4

Table 9: Three-seed mean±std (FEVER-s. / PolitiH.-s.:
accuracy; HOVER: macro-F1) and paired bootstrap /
randomization p-values of Full EGR-FV vs. the claim-
evidence baseline. p-values are Fisher-combined across
seeds.

mean ± standard deviation and two paired signifi-
cance tests against CLAIM-EVIDENCE on the same
seed: a paired bootstrap over sample ids (10 000
resamples, percentile p-value centred at the ob-
served effect) and an approximate randomization
test (10 000 method/baseline label swaps). Per-seed
p-values are combined with Fisher’s method.

Table 9 confirms that all three gains are statis-
tically significant at p < 10−3 even after combin-
ing across seeds. On HOVER the symmetric-style
stress is implicit in the multi-hop split, so the ab-
solute ∆ is smaller (+0.93) than on FEVER-sym,
but the bootstrap p-value remains ≤ 2×10−4.

H.2 Correlation of ri with Evidence
Sensitivity

For each sample we measure how much adding
evidence helps the model, in two forms:

∆ind
i = 1[f(ci, ei)=yi]− 1[f(ci,∅)=yi],

∆NLL
i = ℓ(f(ci,∅), yi)− ℓ(f(ci, ei), yi),

and report Pearson and Spearman correlations be-
tween ri and ∆i.

Across HOVER and FEVER, ri correlates con-
sistently with both forms of ∆i, and the correlation
is preserved (or strengthened, in the FEVER case)
by the full EGR-FV checkpoint: the model EGR-
FV trains is not merely accurate on average but
accurate on the samples its routing score flags as
evidence-needed, the operational definition of an
evidence-grounded predictor. On PolitiHop the in-
dicator ∆ind

i is degenerate for the warm-up because
f(c, e) and f(c,∅) produce identical predictions
on virtually all examples; the NLL form recovers a
positive correlation but is dominated by a few high-
confidence samples (PolitiHop numbers reported
in Appendix D).

Data Model / ∆ Pearson r Spearman ρ

HOVER

warm-up, indicator +0.517 +0.581
warm-up, NLL +0.490 +0.567
EGR-FV, indicator +0.420 +0.453
EGR-FV, NLL +0.479 +0.623

FEVER

warm-up, indicator +0.188 +0.260
warm-up, NLL +0.218 +0.314
EGR-FV, indicator +0.424 +0.393
EGR-FV, NLL +0.418 +0.538

Table 10: Correlation between the necessity score ri and
the per-sample evidence-sensitivity ∆i for the grounded
warm-up and the full EGR-FV. All listed correlations
are significant at p < 10−50 except ∆ind

i on FEVER
warm-up, which is significant at p < 10−54.

I Case Study (Full Table)

Table 11 expands the case study of Section 5.6
to four representative HOVER cases, one per
behavioural signature of EGR-FV. Each row re-
ports the gold label, the claim-only prediction,
the claim-evidence prediction, and EGR-FV un-
der three evidence conditions: clean (gold), null
([NO_EVIDENCE]), and shuffled (a real but mis-
paired passage); NLL values are on the gold label.
(A) Evidence-rescue. The Groundhog Day claim
is surface-plausible and the claim-only model pre-
dicts SUPPORTS; EGR-FV under clean evidence
correctly outputs REFUTES (NLL 0.00) and reverts
to wrong under null (NLL 1.61) or shuffled (NLL
1.08) evidence, confirming that the verdict is de-
cided by the evidence rather than by claim wording.
(B) Evidence-sensitive. Both claim-only and
claim-evidence err on the Shughart claim due to
its surface plausibility; only EGR-FV produces
REFUTES under clean evidence (NLL 0.03) and de-
grades sharply under null (NLL 3.27). The +3.24
NLL gap directly visualises evidence reliance.
(C) Bias-easy trade-off. A biographical claim
about Eugene E. Lindsey is genuinely shortcut-
decidable: claim-only happens to predict the
correct REFUTES from claim wording alone, while
EGR-FV—deliberately de-biased—no longer
trusts that signal and predicts SUPPORTS. This is
a controllable cost of de-biasing, traded for the
much larger grounded_needed gain documented
in Table 6.
(D) Hard-bucket win. The Iqaluit Airport claim
is genuinely multi-hop. Both claim-only and
claim-evidence predict SUPPORTS, but EGR-FV
under clean evidence flips to the correct REFUTES;
null/shuffled revert the prediction, ruling out mem-
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Category Claim Gold evidence (truncated) ri Gold c-only c+e EGR-FV (C/N/S) NLL (C/N/S)

A. Evidence-
rescue

The movie Groundhog Day was di-
rected by Harold Ramis and stars
Bill Paxton.

Groundhog Day is a 1993 Amer-
ican fantasy-comedy film directed
by Harold Ramis, starring Bill Mur-
ray, Andie MacDowell, and Chris
Elliott. . .

0.94 refutes sup. ✗ ref. ✓ ✓ / ✗ / ✗ 0.00 / 1.61 / 1.08

B. Evidence-
sensitive

Randy Shughart’s father was
Sergeant First Class when he died.

Randall David “Randy” Shughart
was a United States Army soldier of
1st SFOD-D / Delta Force, posthu-
mously awarded the Medal of Honor
for Battle of Mogadishu. . .

0.45 refutes sup. ✗ sup. ✗ ✓ / ✗ / ✗ 0.03 / 3.27 / 1.13

C. Bias-easy
trade-off

Eugene E. Lindsey, born in Sprague,
WA, 2 July 1905, graduated from the
US Naval Academy in 1927; served
with an observation squadron. . .

USS Maryland (BB-46), also known
as “Old Mary”, was a Colorado-
class battleship, commissioned in
1921. . .

0.10 refutes ref. ✓ sup. ✗ ✗ / ✗ / ✗ 3.34 / 0.78 / 1.04

D. Hard-
bucket
win

Iqaluit Airport and Canadian North
are based out of Montreal.

Iqaluit Airport (CYFB) serves
Iqaluit, Nunavut, Canada; oper-
ated by the government of Nunavut.
Hosts scheduled service from Ot-
tawa, Montreal, Rankin Inlet, Ku-
ujjuaq. . .

0.40 refutes sup. ✗ sup. ✗ ✓ / ✗ / ✗ 0.28 / 1.89 / 1.13

Table 11: Qualitative case study on HOVER. C/N/S = clean / null / shuffled evidence; ✓/✗ = correct/incorrect; NLL
= negative log-likelihood on the gold label.

orisation.
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