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Abstract

Current LLM-based question answering sys-
tems provide cited evidence for their claims.
However, determining whether each claim
within the generated responses is fully sup-
ported by its cited evidence is still an ongoing
research problem. The task of evaluating at-
tribution quality, or faithfulness to the source
text, goes beyond the traditional idea of lexi-
cal matching used for relevance in early QA
tasks, and the use of lexical models based on
semantic distance or word overlap has declined
in favor of NLI-based models and large fine-
tuned models. The larger fine-tuned models
tend to perform best on current special-purpose
benchmarks such as AttributionBench despite
struggling with OOD data. Still, exactly why
human judgments of faithfulness should align
better with LLM evaluators than those based
on lexical entailment has never been fully ex-
plained. We address the problem with current
entailment models by introducing bidirection-
ality and codifying that idea into a new eval-
uation modeling approach. We show that this
approach is both lightweight and extensible yet
competitive with SOTA LLM-based methods,
avoiding the pitfalls of both standard NLI and
word-overlap approaches. We further show that
our model architecture is motivated by a deeper
understanding of the gap between lexical dis-
tance and faithful claim attribution, exposing
the conceptual mechanism behind attribution
quality evaluation.

1 Introduction

Current QA systems leverage the power of LLMs
to generate claims based on cited source data. The
resulting information allows users to ask increas-
ingly complex questions with grounded answers.
However, such systems are also prone to halluci-
nations and the addition of irrelevant material (Ji
et al., 2023; Zhang et al., 2025). Evaluating the
fidelity of the claim with respect to the source text

has become a recent area of research and remains
an open problem.

Early methods for evaluating information re-
trieval and question answering relied on the con-
cepts of textual distance and relevance to judge
quality (Salton et al., 1975). As QA evolved, lexi-
cal distance, word overlap and coherence measures
were used. For example, ROUGE (Lin, 2004) and
METEOR (Banerjee and Lavie, 2005) use n-gram
and word-sequence matching, and BLEU (Papineni
et al., 2002) uses n-gram comparison with a brevity
penalty. Chen et al. (2019) provide an overview of
these metrics, showing their shortcomings for QA
as datasets evolve further, becoming more abstrac-
tive in nature.

Recent variations of these models such as
BLEURT (Sellam et al., 2020) and BERTScore
(Zhang et al., 2020) were developed to use seman-
tic distance in place of lexical comparisons, and
have been used for evaluating the faithfulness qual-
ity of QA systems.

In contrast to these models, there are recent
entailment-based models such as SummaC (Laban
et al., 2022), AutoAlS (Gao et al., 2023) and Align-
Score (Zha et al., 2023), trained on NLI corpora,
that treat faithfulness as an entailment function be-
tween the claim and the source text.

None of these models match the evaluation qual-
ity of LLMs on current benchmarks such as Attribu-
tionBench (Li et al., 2024), where the best perform-
ing models are Flan-T5 (Chung et al., 2022) and
GPT-3.5 (OpenAl, 2023). However, these models,
despite being fine-tuned to achieve the best per-
formance on in-domain data, do not perform as
well on out-of-distribution (OOD) data and thus
are inflexible to new domains.

The transition from traditional QA evaluation
to evaluation created to accommodate the idea of
faithful attribution has received very little atten-
tion in the literature. Why, for example, are even
the most sophisticated textual-distance-based met-
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rics not up to the task of evaluating faithfulness
when they excelled at doing so for relevance? Rel-
evance is an integral part of question answering
quality, even with LLM-generated answers. Hu
et al. (2025) refer to relevance in their study on
complex attribution, on the grounds that the source
must contain relevant facts to support the answer.
Similarly, He et al. (2025), in their study on claim
verification, show that models in a dynamic set-
ting must retrieve relevant information to assess a
claim’s validity.

We investigate this question as we propose a new
lightweight and extensible approach to modeling
faithfulness evaluation, based on a combination of
Relevance and Coverage. We propose that faith-
ful attribution must consist of both elements in a
particular relation.

¢ Relevance: Does the reference address the
topic of the claim?

* Coverage: Does the claim stay within what
the reference supports?

As we show in the following sections, our cross-
encoder-based approach to modeling these dimen-
sions is competitive with current models and con-
sistent with the intuition that faithful attribution
must meet relevance and coverage criteria.

Our contributions are threefold:

1. We show that our bidirectional cross-encoder
scoring captures a faithfulness dimension that
unidirectional scoring systematically misses.

2. We reveal that NLI-based faithfulness evalua-
tion, the field’s dominant paradigm, captures
only one of two necessary signals needed for
robust attribution evaluation, and demonstrate
that applying our method improves NLI-based
models.

3. We show that bidirectional scoring composes
with fine-tuning, showing competitive results
on three AttributionBench out-of-distribution
datasets.

2 Background and Prior Work

The dominant approaches for faithfulness fall into
three categories, each with fundamental limitations.
Text overlap metrics such as ROUGE (Lin, 2004)
and BLEU (Papineni et al., 2002) measure surface-
level token overlap between claim and reference.
These were designed for tasks where the output

closely matches a reference text, based on n-gram
comparisons. Because ROUGE in particular mea-
sures the recall of n-gram overlap between texts,
a high score can indicate that the model retained
more of the key points from the source. However,
both metrics are overlap-based and poor measures
of faithful attribution, as a claim can be fully sup-
ported without sharing specific words, and these
approaches do not account for hallucinated facts.

Metrics based on embedding similarity such
as BERTScore (Zhang et al., 2020), BARTScore
(Yuan et al., 2021) and BLEURT (Sellam et al.,
2020) capture semantic relatedness better than n-
gram-based approaches but do not measure direc-
tional support and thus incorrectly conflate the con-
cepts of "a similar idea" and "a supported claim".

Entailment-based methods have become the
more common approach most recently. SummaC
(Laban et al., 2022) and AlignScore (Zha et al.,
2023) are both RoBERTa-based models. SummaC
is fine-tuned on NLI datasets splitting source and
generated texts into sentences and computing en-
tailment scores for each pair; AlignScore is fine-
tuned with a unified alignment loss function. Au-
toAIS (Gao et al., 2023) was created primarily for
QA systems. Based on the NLI classifier TRUE
of Honovich et al. (2022), it indicates whether a
question and answer are entailed by the provided
attribution, and common implementations use T5
(Raffel et al., 2023) as a base model. The original
AIS approach (Attributable to Identified Sources)
was proposed in (Rashkin et al., 2022), which con-
sidered a binary notion of attribution such that a
text passage y is attributable to a set of evidence A
just in cases where the statement "according to A,
y" is valid.

LLM-based methods show strong results in cer-
tain studies on certain datasets. For Attribution-
Bench OOD datasets in zero-shot mode, leaders
are Flan-UL?2 (Tay et al., 2023) and GPT-4 CoT.
For fine-tuned mode, the leaders are T5-XXL-
TRUE and AttrScore-Flan-T5. In the Attribution-
Bench study (Li et al., 2024), older embedding
and similarity-based methods were not compared.
We do so in the next section and find that indeed
larger, newer models do better, but as pointed out
in Li et al. (2024), size is not directly linked with
performance.
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3 Data and Methods
3.1 Methodology

Our proposed new method is based on our obser-
vation that cross-encoder models, which jointly
attend over both claim and reference inputs with
order-sensitive positional encoding, produce differ-
ent scores when inputs are swapped. We show that
these two scores - forward and reverse - capture the
two complementary dimensions of faithfulness.

Combining both scores with a single learned
weight - a zero-parameter technique we call bidirec-
tional scoring - produces consistent improvements
across virtually every cross-encoder family we test.
As we will show, the gains are modest for models
already strong at relevance but transformative for
NLI models, which we show capture coverage but
systematically miss relevance when used in a single
direction.

3.2 Task and Data

We use AttributionBench (Li et al., 2024), which
provides human-annotated (claim, reference) pairs
with binary attribution labels. It was designed for
training and evaluating automatic attribution and
faithfulness evaluators. The data is sampled from
seven different datasets covering different domains
of questions, claims and information sources. Of
the seven datasets, three have out-of-distribution
(OOD) test sets and the rest have full train, develop-
ment and test divisions. For all datasets, tasks are
evaluated as binary classification with the labels
"Attributable" and "Not Attributable". We chose
to test our approach on the OOD test datasets to
demonstrate our model’s extensibility to new do-
mains and highlight that the model design, rather
than size or fine-tuning, provides a truly new in-
sight that is domain-agnostic.

We evaluate models on the out-of-distribution
dataset consisting of the following combined
datasets: BEGIN (Dziri et al., 2021) (dialogue
grounding), AttrScore-GenSearch (Yue et al., 2023)
(web search), and HAGRID (Kamalloo et al., 2023)
(knowledge-grounded QA). We report macro-F1
averaged across the OOD source data, with thresh-
olds tuned on the combined development set from
the ID (in-domain) data.

3.3 Base Model

We use ms-marco-MiniLM-L6-v2 (22.7M param-
eters), a cross-encoder trained for passage re-
ranking on MS-MARCO (Bajaj et al., 2018).

We selected MS-MARCO(-MiniLM-L6-v2) as the
base because passage re-ranking most closely mir-
rors the attribution task structure (i.e., scoring a
(claim, reference) pair for support). Furthermore,
MS-MARCO cross-encoders are available across
a range of sizes, allowing us to prioritize param-
eter efficiency and speed during experimentation,
especially during fine-tuning. Inference splits each
reference into sentences, scores each (claim, sen-
tence) pair, and takes the maximum, a max-over-
sentences strategy that localizes the most relevant
evidence. We fine-tune on AttributionBench train-
ing data using sentence-level pairs, discriminative
learning rates (backbone: 2e-6, head: 5e-4), and
the preserved MS-MARCO classification head for
OOD generalization. We evaluate traditional met-
rics on the OOD test set to establish the difficulty
of the task. We include a basic TF-IDF representa-
tion with cosine distance. We use three variants of
ROUGE: unigram (ROUGE-1), bigram (ROUGE-
2) and longest-common-subsequence (ROUGE-L).
We use BERTScore F1, a balanced measure of the
similarity between the candidate and reference sen-
tences, and we use BLEU unigram implementation.
We also benchmark two NLI implementations from
Hugging Face using DeBERTa (Hussain, 2024).

Metric Type Params | OOD-F1
ms-marco-MiniLM-L6-v2 (our model - forward + FTed) Relevance 22.M 81.9
TF-IDF Cosine Text Overlap 0 76
ROUGE-2 Text Overlap 0 73.9
BERTScore F1 Embedding 355M 68.2
ROUGE-L Text Overlap 0 66.5

ROUGE-1 Text Overlap 0 64.9
NLI DeBERTa x-small NLI (zero shot) 22M 61.1
NLI DeBERTa-large NLI (zero shot) | 304M 59.6

BLEU Text Overlap 0 55

Table 1: Baseline Models on AttributionBench Data

Reviewing the data in Table 1, text overlap met-
rics such as BLEU and ROUGE (55-74%) fail be-
cause shared words do not guarantee support, and
support does not require shared words. BERTScore
(68.2%) captures relatedness but not directional
support. Zero-shot NLI (DeBERTa x-small and
large) performs worst among learned methods (59-
62%); the larger model (304M) actually under-
performs the smaller (22M), indicating distribution
mismatch. Basic TF-IDF Cosine is the best among
the traditional metrics.

Our forward-only cross-encoder (81.9%) outper-
forms all traditional metrics. Yet, error analysis
reveals it still falls into a systematic trap that moti-
vates our main contribution.
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3.3.1 The Relevance Trap

Error analysis of our model’s false positives reveals
that the majority are claims topically relevant to the
reference but not faithfully supported, falling into
the following error classes:

1. Over-generalizations (53%): "horses and
other animals" when the reference mentions only
"horses".

2. Factual mismatches (29%): "a denturist" vs
"prosthodontist."

3. Hallucinated details (12%): "more than 14
million km" when the reference says only "more
than...". Despite sharp semantic and contextual
differences, these all share the same property, show-
ing high relevance but low fidelity. A single direc-
tional score conflates these.

We create a new set of definitions to capture
these insights.

Definition:

Let fy(A, B) € R denote the score from a cross-
encoder for ordered pair (A, B). For a claim ¢ and
reference r:

stwa = fo(c,r) (D

Srev = fc9 (T7 C) ()

where the first term is a relevance function denoting
whether the reference addresses the claim, and the
second term is a coverage term denoting whether
the claim stays within the reference.

For faithful claims, both are high. For relevance-
trap errors, forward is high but reverse drops. The
bidirectional score:

Sbidir = & * Srev T (1 - a) ©Sfwd; € [07 1] 3)
expresses a weighted combination of coverage
and relevance such that claims with high relevance
and low coverage - the relevance-trap errors above
- receive lower scores than claims where both are
high. « is tuned on a held-out development set,
independent of the out-of-distribution evaluation
data, and takes a value between 0 and 1.

3.3.2 Theoretical Grounding

Why should combining forward and reverse scores
capture faithfulness better than either alone?

Our method is based on the observation that
cross-encoder models employ order-sensitive po-
sitional encoding while attending over claim and
reference. Thus they will produce different scores
when inputs are swapped. We show that these two

scores - forward and reverse - capture complemen-
tary dimensions of faithfulness, including both rel-
evance and coverage.

We motivate bidirectional scoring through an
analogy to pointwise mutual information (PMI)
(Church and Hanks, 1989). PMI measures the
strength of association between two events by com-
paring their joint probability to what would be ex-
pected under independence:

_plGR)
p(C) - p(R)

The key structural property of PMI is that it is
high only when both events predict each other: the
joint probability p(C, R) must substantially exceed
the product of marginals p(C') - p(R). Equivalently,
PMI can be decomposed into either directional
condition (via the chain rule), each paired with
a marginal correction. For PMI to be large, neither
direction can be weak - if C'is unlikely given R, or
R is unlikely given C, the ratio in Equation 4 stays
low.

Faithfulness evaluation has the same conjunc-
tion structure. A claim C' is faithfully attributed
to a reference R only when two conditions hold
simultaneously:

PMI(C; R) = log 4)

* Relevance Condition: The reference ad-
dresses the topic of the claim - without this,
the reference cannot support the claim at all.

* Coverage Condition: The claim stays within
the scope of what the reference states - with-
out this, the claim may add unsupported detail.

Neither condition alone is sufficient. A claim
about "horses and other animals" is relevant to a
reference discussing horses (high relevance) but
exceeds its scope (low coverage). Conversely, a
generic claim like "the sky is blue" has trivially
high coverage against any weather reference but
fails relevance unless the reference explicitly dis-
cusses sky color. Just as PMI requires both direc-
tional terms to be strong, faithfulness requires both
relevance and coverage to be high.

3.3.3 From Analogy to Implementation

Cross-encoders compute fy(A, B) € R, a learned
scalar reflecting how well the ordered pair (A, B)
satisfies the model’s training objective. The anal-
ogy to PMI is structural, not mathematical: it iden-
tifies the conjunction requirement - both directions
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must score highly - that bidirectional scoring im-
plements.

Concretely, for a claim c and a reference r, a
cross-encoder produces two scores: Sqwa = fo(c, )
and sy = fp(r,c). These differ because the
model’s positional encoding and segment mark-
ers create order-dependent representations. As
shown in the error analysis above, the forward score
(sfwq) 1s high whenever the reference is topically
related to the claim, but remains high even for over-
generalizations and hallucinated details where it
captures relevance but not coverage. The reverse
score (Srey) drops for exactly these cases: when the
claim introduces content absent from the reference,
scoring the reference against the claim exposes the
mismatch. The bidirectional blend (Equation 3)
recovers the conjunction: both scores must be high
for the combined score to be high, just as both di-
rectional terms must be strong for PMI to be large.

This structural parallel generates three testable
predictions that we evaluate empirically:

1. The blending weight « should correlate with
the relative informativeness of the reverse
signal - models where the reverse direction
contributes more discriminative information
should assign it higher weight.

2. « should cluster by training objective, since
different objectives induce different biases to-
ward relevance vs. coverage.

3. The blend should outperform the maximum
of the two individual scores, confirming the
signals are complementary rather than redun-
dant.

Cross-encoders compute classification probabili-
ties, not conditional text probabilities. We do not
claim equivalence. But the structure is parallel:
just as PMI decomposes association into two di-
rectional terms, bidirectional scoring decomposes
faithfulness into two directional evaluations. A
single direction captures at most one term. Thus
we conduct our experiments to test the hypothesis
that blended scores will be higher than those of the
individual signals.

4 Experimental Setup and Results

4.1 Experimental Models

We conducted our first experiment to learn the ef-
fect of applying our bidirectional approach in a

variety of training setups with different model ar-
chitectures. We tested different models associated
with six different training paradigms: NLI, STS-B,
QNLI, MNLI, FactCheck and MS-MARCO from
the Hugging Face (Wolf et al., 2020) library of pre-
trained models'. For NLI, we included all seven
cross-encoder checkpoints as well as the RoOBERTa-
large MNLI model (FacebookAl/roberta-large-
mnli), which shares the training paradigm under-
lying the entailment-based faithfulness evaluators
in prior work (SummaC, AlignScore, TRUE). For
STS-B we tested the DistilRoBERTa, TinyBERT-
L4, and RoBERTa-base cross-encoders. For QNLI,
both available models were tested, and for fact-
checking, MiniCheck-DeBERTa-v3-Large.

Our experimental design includes 19 cross-
encoder models, 7 architecture families and 6 train-
ing objectives. Models are all run in zero-shot
mode using 4.4M to 355M parameters. Results for
F1 score are given for forward, reverse and bidi-
rectional (¢, r) pairings. We also show the best «
weighting for each model-training objective pair-
ing and the difference (delta) between forward and
bidirectional. We add the p-value to indicate the
significance value of delta.

In our second experiment we simply compared
our bidirectional encoder results with the Attribu-
tionBench leaderboard results on OOD data, where
each model is fine-tuned on ID data. We used our
best forward and bidirectional o weightings from
the initial experiment.

4.2 Sufficiency of the Entailment Signal

Most NLI-based faithfulness studies testing factu-
ality (KryScinski et al., 2019) or summarization
(Laban et al., 2022) use only the entailment class
probability from three-class models, discarding
the contradiction and neutral outputs. We tested
whether these additional signals provide informa-
tion for faithfulness beyond what entailment cap-
tures. Across the 8 NLI/MNLI models (see Table
2), we extracted all three softmax probabilities in
both directions (6 signals per model) and evaluated
seven combination strategies on the development
set: entailment-only forward, entailment bidirec-
tional, net support (entailment minus contradiction
in the reverse direction), net-support bidirectional,
and three-way blends incorporating contradiction
in either direction. No multi-signal combination
improved over entailment-only bidirectional scor-

"https://shorturl.at/kL3au
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ing on the OOD evaluation. This result is expected:
softmax normalization constrains the three class
probabilities to sum to one, so contradiction and
neutral are linearly determined by entailment and
carry no additional information. The discrimina-
tive gain from bidirectional scoring comes entirely
from the direction swap — evaluating both (c,r)
and (r, ¢) — not from richer use of model outputs
within a single direction.

4.3 Results

Table 2 shows the results of our initial experiment.
Out of the 19 models tested, all the models that
showed significant changes improved in bidirec-
tional mode over either single direction. The 8
NLI/MNLI models improve substantially.

Training Model Params | Fwd | Rev | Bidir | Delta P a

MS-MARCO+FT | MiniLM-L6 (ours) | 22.7M | 81.9 | 74.1 82 0.1 <0.001 | 0.28
MS-MARCO ELECTRA 109M | 724 | 71.2 | 74.1 1.7 | <0.001 | 0.34
MS-MARCO MiniLM-L12 334M | 792 | 71 79.2 0 ns 0.01
MS-MARCO TinyBERT-L2 4.4M 79.1 | 753 | 77.8 -1.3 ns 0.06
MS-MARCO MiniLM-L6 227M | 799 | 74.1 78 -1.8 ns 0.26
MNLI RoBERTa-L 355M | 60.8 | 73.1 | 78.4 17.6 | <0.001 | 0.6
NLI DeBERTa-v3-XS 22M 60.6 | 70.6 78 17.4 | <0.001 | 0.79
NLI RoBERTa 125M 60.4 | 71.1 | 77.6 17.2 | <0.001 | 0.63
NLI MiniLM2 82M 59.6 | 71.2 | 76.4 16.8 | <0.001 | 0.52
NLI DistilRoBERTa 82M 59.1 | 723 | 758 16.8 | <0.001 | 0.88
NLI DeBERTa-v3-B 86M 59.7 | 67.8 | 75.5 15.8 | <0.001 | 0.62
NLI DeBERTa-v3-S 44M 61.4 | 71.5 | 75.9 14.5 | <0.001 | 0.82
NLI DeBERTa-v3-L 304M | 59.8 | 66.5 | 73.1 | 13.3 | <0.001 | 0.88
STS-B DistilRoBERTa 82M 77.3 | 81.2 | 79.8 2.5 | <0.001 | 0.9
STS-B TinyBERT-L4 14.5M | 78.3 | 77.7 | 78.6 0.3 ns 0.51
STS-B RoBERTa 125M | 80.7 | 81.5 | 80.9 0.2 ns 0.17
QNLI DistilRoBERTa 82M 69 | 623 | 69.7 0.7 | <0.001 | 0.16
QNLI ELECTRA 109M | 64.9 | 60 64.3 -0.5 ns 0.07
FactCheck MiniCheck 304M | 655 | 73.1 | 747 9.2 | <0.001 | 0.91

Table 2: Cross-Encoder Results

The performance deltas and their magnitude in
percentage improvement are illustrated in Figure
1. We show only results here for the combinations
that are significant.

Table 3 shows the Pearson correlation and the
effect size with different weightings for the « pa-
rameter. The equal-weight sum (a = 0.5) achieves
r = 0.623 with labels, which is lower than forward
only (r = 0.636) because equal weighting dilutes
the stronger signal. The optimal blend (o = 0.28)
achieves r = 0.640. Cohen’s d shows a large effect
size and AUC mirrors the Pearson correlation with
the optimal blend performing best.

Score r Cohen’sd | AUC
Forward 0.636 | 1.65 0.873
Reverse 0515 | 1.2 0.802
Sum (a=0.5) | 0.623 | 1.59 0.859
Optimal Blend | 0.640 | 1.75 0.883

Table 3: Signal Contribution

The underperformance of the sum is predicted

Bidirectional scoring improvement across cross-encoder models

Ours-FT (MiniLM) *
MARCO-ELECTRA *
ROBERTa-L-MNLI <
NLI-DeBERTa-v3-XS *
NLI-RoBERTa <
NLI-MiniLM2 *
NLI-DistilRoBERTa *
NLI-DeBERTa-v3-B L3
NLI-DeBERTa-v3-S *
NLI-DeBERTa-v3-L *
STS-DistiIRoBERTa
W MS-MARCO
QNUI-DistilRoBERTa - Z‘IUS s
Minicheck . = o check
0'0 2:5 5:0 7'5 ld.O 12'.5 15‘.0 17'.5

Bidirectional improvement (pp)

Figure 1: Bidirectional Improvement
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Figure 2: Blended Weight

given the premise that the two signals contribute
unequally. Faithfulness is asymmetric: relevance
is a necessary condition, coverage a discrimina-
tive refinement. We note that o should correlate
with which direction is more informative, and «
should cluster by training objective. The blend
should outperform max(sfwd, Srev), and it does so
as expected.

Table 4 shows the « clusters by training objec-
tive. We note that MS-MARCO and NLI ranges
are non-overlapping (0.34 < 0.52). This would not
occur with noise smoothing.

Looking at the graph in Figure 2 we see the NLI
and FactCheck models tend to cluster their opti-
mal « in the direction of greatest reverse-forward
difference. This supports the intuition that optimiz-
ing the balance will provide the most gain in cases
with the greatest gap between forward and reverse
performance.

NLI cross-encoders take (premise, hypothe-
sis). Reverse fy(r,c) = reference-as-premise,
claim-as-hypothesis. This is the standard setup
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Training o range Interpretation
MS-MARCO | 0.01 - 0.34 | Relevance Dominates
NLI/MNLI 0.52 - 0.88 | Coverage Dominates
STS-B 0.17 - 0.90 | Variable

QNLI 0.07 - 0.16 | Relevance Dominates
FactCheck 0.91 Coverage Dominates

Table 4: Model Alpha Ranges

in NLI-for-attribution models (e.g. SummaC,
AlignScore, TRUE). Forward fy(c, r) = claim-as-
premise, reference-as-hypothesis is non-standard.

The NLI numbers (59.1-61.4%) shown in Table
5 are the non-standard direction. The standard di-
rection achieves 66.5-73.1%. Neither is sufficient,
and both fall below bidirectional results. Figure 3
below brings out this effect.

Direction F1 Range

Forward (Non-Standard) | 59.1 - 61.4%
Reverse (Standard NLI) | 66.5 - 73.1%
Bidirectional 73.1 -78.4%

Table 5: Ranges for All Models

NLI/MNLI: forward vs. reverse vs. bidirectional (dev-tuned «)
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Figure 3: Forward, Reverse and Bidirectional Results

Finally, we show results from our bidirectional
cross-encoder approach against all published fine-
tuned models on AttributionBench OOD data.

As Table 6 shows, our cross-encoder using the
bidirectional approach is competitive with much
larger models. In fact, size does not correlate par-
ticularly well with performance on the task of rec-
ognizing faithful claims.

4.4 Discussion

Results show that our bidirectional approach has a
strong positive effect on the models tested in our
initial experiment.

To evaluate whether « clustered by training ob-
jective, we performed a grid search over o € [0, 1]

Model F1
AttrScore-Flan-T5 (3B) 84.2
T5-XXL-TRUE (11B) 83.4
ms-marco-MiniLM-L6-v2 (bi) 82

ms-marco-MiniLM-L6-v2 (for) (22.7M) | 81.9
GPT-3.5 (w/o CoT) 81.9
Flan-T5 (11B) 81.1
AttrScore-Alpaca (7B) 81.1

Flan-UL2 (20B) 81

Flan-T5 (3B) 80.4
Llama-2 (7B) 80.1
Flan-T5 (770M) 78.8
RoBERTa-large-mnli (330M) 62.4

Table 6: AttributionBench All Models

in increments of 0.01 for each model on the com-
bined in-domain development set, jointly tuning
the classification threshold to maximize macro-F1.
We then grouped the resulting optimal « values by
training objective, and fixed both « and the thresh-
old for OOD evaluation, with the non-overlapping
MS-MARCO and NLI/MNLI ranges. This brought
out the systemic differences in the balance of rele-
vance and coverage favored by their training objec-
tives.

The three-way comparison shown in Table 5 fo-
cuses on the F1 scores of the eight NLI models
tested, as they represent our largest training objec-
tive group that achieved significant scores. We see
that bidirectional F1 range is highest.

Also, as shown in the results of Figure 3, we
find that Bidirectional exceeds the better single
direction by +3.5 to +7.8pp in every case.

An important detail regarding the results in Table
6 is that the T5-XXL-TRUE model is fine-tuned
on the TRUE benchmark data, not on Attribution-
Bench data. This is important as these results are
on the OOD Attribution test data, which has over-
lapping datasets with the TRUE benchmark (BE-
GIN). Thus, it is hard to tell how much this model’s
performance is due to data leakage.

Finally, despite being third overall, our model
actually does achieve SOTA on HAGRID, the most
challenging OOD dataset for all models (all scores
are lower), where claims often diverge from refer-
ences in content rather than just phrasing. Here our
bidirectional model (77.9%) outperforms the 3B
SOTA (76.6%) by 1.3pp. This is exactly the type
of error bidirectional scoring is designed to catch:
claims that paraphrase and extend knowledge-
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grounded answers, where coverage checking is
most valuable.

5 Conclusion

We have provided a new insight into faithfulness
detection that recognizes its two components: rel-
evance and coverage. Using this insight, we have
developed an approach using a cross-encoder base
model to create a novel bidirectional scoring sys-
tem that can be broadly applied. We have applied
our system to the claim and source texts in Attri-
butionBench, and our findings indicate that it is
able to substantially improve the performance of
current NLI models and yield competitive results
with LLMs. While we feel that this approach may
enhance similar models on other similar tasks such
as fact grounding, we focus on faithfulness for this
study. We also leave for future work addressing
questions of how this approach might be adapted
to improve the performance of large language mod-
els. As we suggest in the beginning, LLMs perform
well on faithfulness evaluation and somehow ingest
the balance of components that we have exposed.
Still, their OOD performance may be improved by
adding each component as an explicit instruction,
and we hope that this insight leads to improvements
in attribution and faithfulness evaluation metrics
generally.

Limitations

This study is limited to a particular task and as such
may not be applicable to conceptually similar tasks
such as Hallucination Detection. Furthermore, our
approach is not designed to detect general mistakes
or bias in large language models.
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