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Abstract

In dialogue fact verification (DFV), responses
often depend on prior turns for correct interpre-
tation, yet systems are still judged mainly by
aggregate benchmark scores. We study a hid-
den grounding regression: aggregate Macro-F1
improves after fine-tuning while previously cor-
rect, context-dependent pronoun cases become
newly wrong and show stronger premise-side
sensitivity than cases that remain correct. On
three referent-annotated audit sets constructed
from DialFact and FaithDial, we audit six
encoder-only verifiers before and after matched
source-specific fine-tuning through prediction-
transition analysis and the Premise-Preference
Score (PPS), a control-adjusted masking diag-
nostic. Fine-tuning improves Macro-F1 across
the six-model/three-evaluation-set panel, yet
newly regressed cases show stronger premise-
side sensitivity than stable-correct cases under
PPS in 17 of 18 evaluated comparisons, show-
ing that aggregate gains can conceal regressions
on a controlled dialogue-grounding audit.

1 Introduction

Fact verification (FV) is usually framed as decid-
ing whether a claim is supported, refuted, or un-
verifiable given evidence. In many settings, espe-
cially premise—hypothesis verification, the claim
is largely interpretable in isolation (Thorne et al.,
2018). Dialogue fact verification (DFV) differs
because the verifier keeps paired evidence on the
premise side but must interpret a response jointly
with prior dialogue context on the hypothesis side,
as responses often contain pronouns, ellipsis, and
deictic expressions whose meaning is fixed only by
earlier turns (Gupta et al., 2022; Chamoun et al.,
2023). This paper examines whether fine-tuning
can improve aggregate verification performance
while worsening behavior on a controlled audit of
dialogue-conditioned grounding.

We use hidden regressions as shorthand for
hidden grounding regressions: aggregate Macro-

[CONTEXT]: turn_N [EOT] ... [EOT] turn_0
[RESPONSE]: response  [SEP]
Hypothesis

[cLs] evtden.ce [SEP]
Premise

Premise Cue

[CONTEXT]: So I'm on a serious diet
— with exercise to combat my obesity. |
. sent: The&_o currently weigh 300 Ibs. [EOT] Tell me
. kngwn as the caveman diet, is about your diet? [EOT] I'm using the
|Paleolithic diet|(which is also known as

.‘ fopds presumed to resemb the caveman.dliet). Very lean and
thbse eaten during the clean. [EOT] So I'm guessing mostly
Pgleolithic era. It tygically fish and chicken, what are the benefits

of this diet? [EOT] It uses foods
presumed to have only been available

N grpins, legyes, and most during thie stone-age. Meat and
. précesseg/foods. vegetable, berries, etc. [EOT] | guess
— that makes it healthier, do you like the
Verifier [RESIONSE]: I'm not sure, diet, did you try any others?
but itis alsa known as the
caveman diet and i often_
described as a stone-age- ...
sy die.

Correct f —> Wrongx after FT: Premise Cue > Context Cue
correct ¥ —> still Correct  after FT: Premise Cue < Context Cue

Figure 1: Negative-flip example: after fine-tuning, a
previously correct prediction becomes wrong when the
response pronoun requires dialogue-context grounding
but the paired evidence provides a competing cue.

F1 improves after fine-tuning, but examples that
were previously correct and require dialogue-
contextual reference resolution become newly
wrong, and those newly regressed cases show rela-
tively stronger premise-side sensitivity than cases
that remain correct after fine-tuning. The regres-
sion is hidden because it is obscured by aggregate
benchmark scores. This coexistence is possible
because Macro-F1 is computed over the full eval-
uation set, so gains on other cases can outweigh
regressions on a narrower referent-sensitive sub-
set that was previously correct. It is dialogue-
grounding-specific because the target response
meaning is fixed by earlier turns, while the paired
evidence may contain plausible but competing ref-
erential cues. We study this failure mode on a
deliberately narrow, response-side pronoun slice
rather than claiming to cover dialogue grounding
in full generality.
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A common response is to rewrite the re-
sponse into a standalone claim before verifica-
tion (Chamoun et al., 2023; Wanner et al., 2025).
Rewriting can be useful, but it can also change
the claim to be verified and obscure the grounding
dependence that makes DFV difficult. We there-
fore keep the original joint input intact and exam-
ine whether fine-tuning improves the controlled
dialogue-grounding behavior measured here or in-
stead raises aggregate accuracy while increasing
relative sensitivity to premise-side referent cues.

Figure 1 shows this configuration with a con-
crete negative-flip case. The verifier sees paired
evidence as the premise and the dialogue context
plus response as the hypothesis, so the response be-
comes the claim to verify only after its pronoun is
grounded in prior context. Here, it refers to the diet
discussed in the dialogue, but the paired evidence
contains a lexically similar diet cue; a verifier can
therefore remain locally compatible with the re-
sponse surface by leaning more on premise-side
cues than on the context-conditioned interpretation.
The audited failure is not simply a wrong post-FT
label: it is a transition from a pre-FT gold predic-
tion to a post-FT non-gold prediction, together with
stronger post-FT premise-side sensitivity under the
masking diagnostic introduced below. We use the
figure only to illustrate this cue contrast; the ag-
gregate analysis below measures the pattern over
controlled audit sets.

We study this question on a conservative referent-
sensitive slice of DFV in which response-side pro-
nouns can be reliably annotated in dialogue con-
text and have surface-matched referent cues on the
premise side. We use DialFact as the in-domain
DFV source and FaithDial as out-of-domain cor-
roboration from knowledge-grounded dialogue, al-
lowing us to test whether the same audit pattern
recurs outside the original DFV source. From these
sources, we construct the referent-annotated au-
dit files used in the study: DF-Coref-Valid and
DF-Coref-Test from DialFact, and two FaithDial-
derived sets, FD-Random and FD-Topic. We evalu-
ate six encoder-only verifiers before and after fine-
tuning under a shared premise—hypothesis verifica-
tion interface.

Our audit has two components. First, we parti-
tion examples by pre/post-fine-tuning correctness
transitions, focusing on the contrast between neg-
ative flips (NF; correct before fine-tuning, wrong
after fine-tuning) and positive no flips (PNF; correct
both before and after fine-tuning). Second, we in-

troduce a control-adjusted masking diagnostic, the
Premise-Preference Score (PPS), which measures
whether the model’s gold-label support depends
more on premise-side or context-side referent cues
within the same example.

The main result is a hidden grounding regres-
sion under a matched source-specific fine-tuning
setup. Across the six-model/three-evaluation-set
panel, fine-tuning improves Macro-F1 throughout,
yet NF cases show stronger premise-side sensitivity
under PPS than PNF cases in 17 of the 18 pairs over-
all and in all six model comparisons on DF-Coref-
Test. On this audited slice, aggregate benchmark
gains can therefore coexist with worse behavior on
a controlled dialogue-grounding audit.

Our contributions are threefold. First, we in-
troduce a transition-conditioned diagnostic frame-
work for DFV that combines pre/post-fine-tuning
prediction transitions with PPS, a control-adjusted
masking diagnostic of premise- versus context-
side referent sensitivity, while keeping the original
joint verifier input intact. Second, we construct
and analyze referent-annotated audit files for this
study: DF-Coref-Valid/Test from DialFact and FD-
Random/FD-Topic from FaithDial. Finally, we
provide empirical evidence that aggregate Macro-
F1 improvements after matched source-specific
fine-tuning can coexist with hidden grounding re-
gressions: newly regressed cases show stronger
premise-side sensitivity under PPS than stable-
correct cases in 17 of 18 model—evaluation-set com-
parisons. We also report the PPS-stratification ab-
lation as an exploratory analysis.

2 Related Work

2.1 Dialogue Claims Require Context

Fact verification (FV) typically assumes claims
are largely interpretable in isolation (Thorne et al.,
2018). In dialogue fact verification (DFV), by
contrast, the hypothesis-side text is not just the
response, but the response interpreted jointly
with prior dialogue context (Gupta et al., 2022;
Chamoun et al., 2023). DFV is particularly chal-
lenging because dialogue claims are often collo-
quial, underspecified, and rich in referring expres-
sions, making them harder to interpret, retrieve
evidence for, and verify than stand-alone formal
claims (Gupta et al., 2022; Chamoun et al., 2023).

One common response to this problem is to
rewrite or decontextualize the response into a more
self-contained claim before verification (Chamoun
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et al., 2023; Deng et al., 2024; Wanner et al.,
2025; Gunjal and Durrett, 2024); related work on
claim extraction likewise shows that poor refor-
mulations can distort downstream fact-checking
(Metropolitansky and Larson, 2025). Earlier di-
alogue fact-checking work showed that making
claims more self-contained can help retrieval while
harming downstream verification when the rewrite
drifts semantically, and BiConGate makes this ten-
sion explicit as a rewrite-induced IR-FV trade-off
(Chamoun et al., 2023; Park and Zubiaga, 2026).

DialFact identifies both coreference and retrieval
ambiguity as central challenges in DFV (Gupta
et al., 2022), and related fact-checking work shows
that some cases are genuinely ambiguous enough to
require explicit disambiguation rather than a single
unqualified verdict (Glockner et al., 2024; Staliu-
naite and Vlachos, 2025). In this paper, we keep
the joint verifier input fixed and focus on a nar-
rower pronoun-grounding slice in which the gold
referent is recoverable from dialogue context and
a matching surface cue is available in the paired
source evidence. This lets us ask whether fine-
tuning changes relative reliance on premise-side
versus context-side referent cues, especially when
dialogue context fixes the intended referent but the
paired evidence still offers a competing cue (Chen
et al., 2025).

2.2 Correctness vs. Source Use

Prior work on grounded dialogue shows that cor-
rect predictions do not necessarily mean that the
model used context and source evidence appro-
priately. FaithDial evaluates faithfulness to pro-
vided knowledge, while the BEGIN benchmark
shows that attribution metrics can latch onto spuri-
ous correlations and become less reliable as sources
get longer. More broadly, attribution work distin-
guishes factuality from source-groundedness (Dziri
et al., 2022a,b; Rashkin et al., 2023).

CiteEval further argues that NLI-style support
from cited passages is only an incomplete proxy for
source use, because citation quality also depends
on the full retrieval set and the broader question—
response context (Xu et al., 2025). In dialogue
settings, context attribution must handle follow-up
questions grounded in previous turns, often involv-
ing coreference and other dialogue-specific phe-
nomena, and fine-tuned attribution models improve
evidence recall in these settings (Radevski et al.,
2025).

In dialogue and other context-dependent settings,

strong end-task performance can therefore mask
weak use of conversation history or source evi-
dence. Recent robustness work on fact verification
similarly shows the need to evaluate behavior under
perturbations and subpopulations rather than rely-
ing only on aggregate performance (Mamta and
Cocarascu, 2025). Related context-conditioned
generation work makes a complementary do-no-
harm distinction, separating context-induced errors
on baseline-correct items from gains on genuinely
helpful contexts (Tao and Agrawal, 2026). Mod-
els also remain vulnerable to distractor mentions
and other superficially plausible but misleading
cues in referential reasoning (Ghaddar et al., 2024;
Tighidet et al., 2024; Gautam et al., 2024; Manikan-
tan et al., 2025).

2.3 Fine-Tuning May Shift Cue Sensitivity

Fine-tuning can improve benchmark performance
without preserving the same cue-use behavior. In
DFYV, dialogue-specific adaptation improves in-
domain performance while reducing transfer to
standard fact-checking (Chamoun et al., 2023).
More broadly, supervised fine-tuning has been
linked to forgetting, non-monotonic changes in
knowledge, and shifts in reasoning behavior (Li
et al., 2024; Ye et al., 2025; Lobo et al., 2025).
Related dialogue work also studies behavioral fine-
tuning to improve faithfulness to provided knowl-
edge (Razumovskaia et al., 2024). Ye et al. show
that as many as 90% of parameter updates during
SFT may not contribute to knowledge enhance-
ment, and that restoring many of those updates can
recover or even improve closed-book QA perfor-
mance (Ye et al., 2025). Zheng et al. further report
a knowledge-preference bias induced by SFT data
properties: long-context SFT promotes contextual
knowledge, whereas short-context SFT favors para-
metric knowledge (Zheng et al., 2025). Recent
evidence of context-parametric inversion during in-
struction tuning further shows that context reliance
can decline even as standard benchmark perfor-
mance continues to improve (Goyal et al., 2025).
Together, these findings suggest that we should
compare pre- and post-fine-tuning behavior rather
than looking only at post-fine-tuning accuracy. Our
specific question is whether fine-tuning changes a
verifier’s relative sensitivity to premise-side versus
context-side cues under a fixed verifier input.
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3 Methodology

We study DFV cases in which the target response is
not self-contained, i.e., cases in which context from
the dialogue is necessary for understanding the
claim for the purposes of verification. This section
specifies the shared verifier input, describes the
referent-sensitive setting that motivates the audit,
and defines the transition-conditioned audit signals
used in the experiments.

3.1 Problem Setup

Across datasets, we represent each example as
x = (C,R, E,y), where C is the dialogue con-
text, R is the target response whose claim content
is interpreted in context, F is the paired evidence
or knowledge snippet, and y is the gold label. This
shared interface lets us analyze both DialFact and
FaithDial under the same verifier setting while pre-
serving each dataset’s native label space. When
we use verifier-side language, the E field is the
premise side, while the text judged against it is the
hypothesis side. In our joint-input DFV setting,
that hypothesis-side text is the concatenation of di-
alogue context C' and response R, not the response
alone.

A verifier can therefore rely more on premise-
side cues than on the context-conditioned inter-
pretation while still matching surface cues in the
response. The framework below does not directly
observe referent substitution or identify the full
causal contribution of premise use. Instead, it mea-
sures a control-adjusted behavioral signature of
relative premise-side sensitivity: how much the ver-
ifier’s gold-label margin changes under premise-
side masking versus context-side masking after
matched perturbations. We instantiate the audit on
pronoun-resolved cases because they permit high-
precision referent annotation and matched masking
controls across datasets. Our empirical claims are
limited to this conservative referent-sensitive slice
of dialogue verification.

3.2 Audit Signals

Prediction transitions. For an example x =
(C, R, E,y), let §***(x) and §P°*(x) denote the
model predictions before and after fine-tuning. We
assign each example to one of four mutually exclu-
sive transition groups:

* Negative No Flip (NNF): §°°(z) # y A §P°'(z) #
Y

* Positive Flip (PF): °™°(z) # y A 9P (z) = y;

* Negative Flip (NF): *"°(2) =y A §°°'(z) # v;

« Positive No Flip (PNF): °™°(z) = y A §°°(2) = .

Here, positive and negative are defined according
to post-fine-tuning correctness, and flip indicates
whether correctness changes from pre-FT to post-
FT. We use these groups as an observational parti-
tion of outcomes rather than a causal decomposi-
tion of error sources.

Our main interest lies in comparing NF ver-
sus PNF: newly regressed cases versus cases that
remain correct after fine-tuning. Both groups
are correct before fine-tuning and differ only in
whether that earlier success is preserved after fine-
tuning. This removes one obvious confound—ypre-
FT errors—while not ruling out others, such as
residual ambiguity, low confidence margins, or in-
herent example difficulty. § 5.2 therefore interprets
the NF-versus-PNF contrast as a controlled obser-
vational comparison and evaluates its recurrence
across model families and datasets rather than as a
causal estimate of fine-tuning.

Gold-label margin. We quantify verifier support
for the gold decision using the gold-label margin.
For a model state 6 and input x, we define the
gold-label margin as

m(x) =logpy(y | z) — rylg%logpe(y’ | z) (D

where y is the gold label and ¢ ranges over all
labels other than y. Using the gold label in Eq. 1,
rather than each state’s predicted label, keeps the
audit target fixed when pre-FT and post-FT predic-
tions differ. This is especially important for PF and
NF cases: the issue is the redistribution of support
for the correct decision when fine-tuning changes
the outcome, not the confidence with which each
state supports its predicted label. PPS diagnoses
relative support redistribution around the gold deci-
sion; it is neither a coreference score nor a causal
attribution of entity use.

Target spans and diagnosable examples. For
each example, let Scix () be the set of gold referent
mentions annotated in referent_info.mentions.
Let Spre(x) be the set of case-insensitive exact
surface matches of those referent strings in evi-
dence titles and contents on the premise side. We
form z°** by masking all mentions in S¢ () and
xP™ by masking all mentions in Spre(x). If the
same referent cue appears more than once on one
side, we mask all matched mentions on that side.
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Casel. PNF (Stable Correct)
xprc Letx
tit CONTEXT]: Bo you like
Ivis Presleyp he was a
amous american

sent: His music career began

there in 1954, recording at Sun sinder [EOT] He is pretty

Records with producer Sam goad, | am from
Nas'_hville, So i've even

Phillips, who wanted to bring
been to graceland.

the sound of African American
music to a wider audience. ;

z . o "t Tetx-ctrl
pre-ctr!

[RESPONSE] : Elvis' career spanned
from 1958 to 1974 when(he released his
debut album "i can't get no (satisfaction)

Gold: REFUTES | Before FT: REFUTES J| After FT: REFUTES/
PPS: -0.029 — -0.197 (A= - 0.168)

sent: The Redskins have played
more than 1,000 games since 1932,
and are one of only five franchises
in the NFL to recqﬂ over 600
regular season a:hd postseason
wins, reaching that mark in 2015. \

*PPS > 0: more premise-leaning;
*PPS < 0: more context-leaning

Case2. NF (Regressed)

Zpre oot Letx-ctrl
title:|Washington Redskins| [CONTEXT]: Do you like American

football? [EOT] Yes,-' | love American
football. What could be better than
two teams of eleven player running
on a field? lol [EOY] True :) Do you
have a favorite team? | love

Washington Redskins

%, Tctx
T pre-ctrl

[RESPONSE] : Yes and they are the

only team in the NFL to record over 600

regular season and postseason wins.

Gold: REFUTES | Before FT: REFUTES /| After FT: SUPPORTS X

PPS: +0.039 — +1.861 (A =+ 1.822)

Figure 2: PNF and NF examples for the surface-matched PPS diagnostic. Highlighted spans show premise/context
referent masks and same-side non-referential controls; the response pronoun is marked in green.

Operationally, each target or control span is re-
placed before model encoding with a word-count-
preserving sequence of the checkpoint tokenizer’s
mask_token, falling back to [MASK] only if no
tokenizer mask token is defined. Thus a two-
word span is replaced by two mask-token instances,
and the resulting string is then encoded with the
model’s native tokenizer.

PPS is computed only on diagnosable examples.
The annotated referent must be visible in context, at
least one premise-side surface match must be avail-
able, and all masked variants must remain valid
model inputs for the verifier.

For the main tables, this restriction prefers au-
ditability over coverage and keeps the premise-side
target definition conservative: only case-insensitive
exact surface matches of the annotated referent
are masked on the premise side. Under this exact-
match operationalization, PPS is a diagnostic; it
is not an alias- or paraphrase-invariant estimate of
premise use.

Matched controls. To control simple masking
burden, we also construct same-side matched con-
trol variants z°*°%! and zPre=etl These controls
are not intended to equalize semantic importance
or discourse function. Instead, each control span
is selected algorithmically from the same side as
the target so that the number of masked spans is
matched, word count is preserved when possible,
span-length mismatch is minimized, and overlap
with the gold referent spans or their premise-side
surface matches is avoided. When multiple con-
trol candidates are available, the search prefers the
same context turn or premise field as the target,

then candidates with the target word count, then
smaller character-length mismatch, and finally ear-
lier occurrence in the serialized text.

The adjustment therefore controls only simple
span-count, span-length, and placeholder effects.
Figure 2 illustrates this operationalization with one
PNF case and one NF case; these labels denote
correctness transitions before and after fine-tuning
rather than PPS categories. In the PNF case, fine-
tuning preserves the correct prediction, whereas in
the NF case it changes a previously correct predic-
tion into an error while producing a large positive
PPS, illustrating the transition-conditioned contrast
used in the audit.

Eligibility, target spans, and matched-control
spans are determined once from the raw example
and then reused for both model states. Pre/post
PPS differences therefore come from model be-
havior under a fixed valid perturbation pattern, not
from state-dependent changes in what counts as
diagnosable. Unless otherwise stated, Macro-F1 is
computed on the full post-adjudication evaluation
file. Transition shares, transition-wise PPS means,
NF-PNF gaps, and intervention denominators are
computed on the fixed joint-diagnosable subset, de-
fined as examples that are diagnosable in both the
pre-FT and post-FT effect tables. If either transi-
tion group is empty, the corresponding PPS mean
and gap are undefined and are not counted as a
positive or negative directional gap.

Premise-Preference Score (PPS). Let E.ty =
m(z) — m(z™) and Epe = m(x) — m(aP™) be
the margin drops caused by masking context-side

: : ctrl ctrl
and premise-side referent cues. Let E¢y, and Egi
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be the corresponding control drops. We define

PPS = (Epe — ESW) — (Box — EGY) ()

Positive PPS indicates greater premise-side sen-
sitivity under the chosen target-set definition and
matched-control operationalization. Negative PPS
indicates stronger context-side sensitivity. We in-
terpret PPS comparatively, both within an example
as a relative premise-versus-context contrast and
across transition groups through aggregated group-
level comparisons, especially the post-FT NF-PNF
gap reported in § 5.2.

3.3 Evaluation Setting

Evaluation sets. Because PPS requires referent
annotations and matched masking controls, the
main PPS tables do not use the original DialFact
splits directly. We use DialFact and FaithDial only
for the original source datasets and their native
splits. For the audited files used in this study, we
use split-specific names: DF-Coref-Valid (derived
from the original DialFact validation split), DF-
Coref-Test (derived from the original DialFact test
split), FD-Random, and FD-Topic. When the split
distinction is irrelevant, we use DF-Coref for the
in-domain audited family as a whole.

Native label spaces. Because the two datasets
use different annotation schemes, direct compari-
son at the label level is not meaningful. DialFact
follows its original three-way scheme—Supports,
Refutes, and Not Enough Information (NEI)—
(Gupta et al., 2022), whereas FaithDial is evaluated
here in the binary non-hallucination/hallucination
label space defined in § 4. We therefore report
Macro-F1 within each dataset’s native label space
and use the shared audit signals above for cross-
dataset comparison.

Fine-tuning protocol. Fine-tuning is source-
specific rather than performed on the audit files.
As detailed in § 5.1, DialFact-derived audits use a
rebuilt DialFact training pool excluding DF-Coref-
Valid, whereas FaithDial-derived audits use the na-
tive FaithDial training file and binary label space.

4 Evaluation Set Construction

We build one in-domain audited family, DF-Coref,
and two out-of-domain corroboration sets, FD-
Random and FD-Topic, for the PPS analysis. DF-
Coref contains two split-specific files: DF-Coref-
Valid, derived from the original DialFact validation

Audit set # Label dist. Avg. turns Ref. men./turns
DF-Coref-Valid 467 176/163/128 4.41 1.82/1.70
DF-Coref-Test 315 115/102/98 3.56 1.59/1.50
FD-Random 405 111/29%4 4.47 1.00/1.00
FD-Topic 483 114 /369 4.33 1.00/1.00

Table 1: Summary statistics for the post-adjudication
audit files used in the PPS analysis.

Reviewed file ~ Review n Correct Wrong Ambig.

DF-Coref-Valid 94 85 7 2
DF-Coref-Test 63 59 2 2
FD-Random 83 70 13 0
FD-Topic 108 105 3 0

Table 2: Independent second-review outcome counts
for the reviewed stratified samples. DF-Coref rows
summarize the valid-coref and test-coref audit reviews;
correct counts include annotations with an alternative
valid span under the selection rule.

split, and DF-Coref-Test, derived from the origi-
nal DialFact test split. DF-Coref-Test supports the
main audit in § 5.2; DF-Coref-Valid is used only for
PPS-tertile estimation and intervention selection in
§5.3.

FD-Random and FD-Topic are supplementary
out-of-domain checks rather than co-equal primary
benchmarks. Table 1 reports the post-adjudication
audit-file sizes, label distributions, average dia-
logue lengths, and referent-annotation coverage
used in this study. Label distributions are ordered
as Supports/Refutes/NEI for DF-Coref and non-
hallucination/hallucination for FD-Random and
FD-Topic; Ref. men./turns denotes the mean num-
ber of annotated referent mentions and referent-
bearing turns per example. Table 2 summarizes the
independent second-review outcomes.

4.1 DF-Coref

Selection rule. We derive DF-Coref-Valid and
DF-Coref-Test from the original DialFact valida-
tion and test splits by restricting attention to single-
pronoun cases in which the response-side reference
is unambiguously recoverable from the prior dia-
logue context (Gupta et al., 2022). This restric-
tion supports reliable antecedent annotation and
matched masking for the audit. DF-Coref should
therefore be understood as a targeted pronoun-
grounding audit set rather than a general corefer-
ence benchmark.

A clear textual antecedent is one uniquely re-
coverable from prior context without relying on
response-internal content or outside world knowl-
edge. Multiple mentions of the same entity are
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allowed, but multiple plausible antecedents are ex-
cluded. For they, we require only that the intended
antecedent be recoverable from context. We ex-
clude pleonastic or non-referential uses of it, cases
with no antecedent in prior dialogue context, and
cases where the antecedent appears only in the re-
sponse.

Audit annotation. Each retained example is man-
ually annotated with three minimal additions: the
response-side pronoun span, all non-overlapping
context mentions of the same discourse referent,
and the numeric form of the original three-way
label. Annotating all visible context mentions is
necessary because PPS later masks all context-side
referent cues. Example audit records are provided
in Appendix Tables A8—A9.

Adjudication. Each DF-Coref file first received
an initial annotation pass, and a senior researcher
who did not produce those annotations inde-
pendently reviewed a fixed stratified sample,
stratified by data_type, response_label, and
type_label, as a second-review quality check.
Each sampled item was labeled as correct, wrong,
or ambiguous. Cases with an alternative valid span
were counted as correct unless the original anno-
tation violated the selection rule or identified the
wrong discourse entity.

Only wrong and ambiguous cases triggered ad-
judication. This second pass followed a fixed de-
cision rule rather than open-ended reannotation,
because open-span antecedent annotation can ad-
mit multiple acceptable surface mentions of the
same discourse referent.

4.2 FD-Random and FD-Topic

Role and label mapping. We use FaithDial as
external corroboration rather than as a second main
benchmark. FD-Random asks whether the au-
dited pattern recurs in the seen/random condition,
whereas FD-Topic asks whether it survives the
harder unseen/topic condition inherited from Wiz-
ard of Wikipedia (Dziri et al., 2022a; Dinan et al.,
2019).

To align FaithDial with the verifier setting in § 3,
we map dialogue history to C, the audited response
text to R, the gold knowledge snippet to E, and
a binary label y. We derive y from BEGIN: an in-
stance is labeled hallucination if BEGIN contains
Hallucination, and non-hallucination other-
wise.

Construction and adjudication. For the audited
response text, we use original_response when
available and otherwise fall back to response. We
then apply the same response-side pronoun crite-
rion and antecedent annotation guideline as in DF-
Coref.

Each FaithDial file was checked with the same
second-review setup: the senior coauthor indepen-
dently reviewed a stratified sample of each file,
again stratified by data_type, response_label,
and type_label. Each sampled item was labeled
as correct or wrong, with alternative valid spans
counted as correct unless they violated the selection
rule or identified the wrong discourse entity. In FD-
Random, the 13 reviewed errors in Table 2 were
resolved by antecedent edits or removals, depend-
ing on whether a clear context antecedent remained
after applying the selection rule. In FD-Topic, the
three reviewed errors were resolved under the same
existing guideline and did not require any change
to the annotation policy. All reported FD-Random
and FD-Topic experiments use the consolidated
post-adjudication files.

Across the reviewed samples reported in Table 2,
319/348 items (91.7%) were judged correct under
the selection rule used in this study.

S Experiments and Analysis

5.1 Experimental Setup

All verifiers receive the same joint verification in-
put: paired evidence on the premise side and the
context-conditioned response on the hypothesis
side, using all dialogue turns and the first five evi-
dence items. Each model keeps its native tokenizer
and fixed input cap. The six-model panel should
therefore be read as a controlled audit under sta-
ble model-native settings, not as an equal-context-
budget ranking.

We restrict the comparison to encoder-only veri-
fiers because PPS and the intervention-selection
analysis rely on comparable class-margin out-
puts under masked or transformed inputs. De-
tailed checkpoint specifications and tokenizer-
overflow counts are reported in Appendix Ta-
bles A3—A4; overflow is near zero for all models
except DeBERTa-v3-B.

For the cross-set audit in § 5.2, fine-tuning is
source-specific: DF-Coref results use a rebuilt Di-
alFact fine-tuning pool that excludes DF-Coref-
Valid, whereas FD-Random and FD-Topic use
the FaithDial training file and the native binary
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Post-FT Macro-F1

Post-FT PPS gap

Model DF:F(;?I'Cf FD-Random FD-Topic DF:rng(t)ref FD-Random FD-Topic
NLI-pretrained

ModernBERT-L  86.6(+25.7) 81.9(+54.9) 85.4(+59.5) +0.81(0.13,1.55] 0.00[-1.88,1.90] +0.42[-0.92,1.80]
DeBERTa-B-long 69.0(+1.3) 73.1(+51.1) 72.4:+51.8) +0.56(0.05,1.05]1 +0.63[-0.36, 1.63] +0.38[-0.87, 1.83]
DeBERTa-v3-L.  84.1(+204) 77.9+47.5) 82.7(+525) +0.64[-0.22, 1.44] +0.88[-0.44,2.22] +1.81[-0.33,3.77]
Plain base

ModernBERT-B  78.7(+59.7)  79.9 (+31.0) 79.531.9) +0.64[0.29,1.01] +0.32[-1.08,2.16] +0.41[-0.58, 1.62]
DeBERTa-v3-B  57.8(+42.0) 80.7(+59.2) 79.4(+60.3) +0.26[0.02,0.52] +0.08[-0.38,0.56] +0.57[0.08, 1.10]
RoBERTa-B 75.9(+60.1) 80.5+38.4) 79.3(+36.00 +0.72[0.17,1.41] +0.73[-0.73,2.21] +0.65[0.16, 1.22]

Table 3: Cross-set audit results on DF-Coref-Test, FD-Random, and FD-Topic. Macro-F1 cells report full-file
post-FT Macro-F1 with AMacro-F1 (post-FT — pre-FT) in parentheses, and PPS-gap cells report PPSyr —PPSpnr
on the joint-diagnosable subset with 95% bootstrap confidence intervals in brackets. The transition counts and
shares underlying these PPS denominators are shown in Figure A1l and Appendix Table AS. Positive gaps
indicate that negative flips (NF; correct—wrong) show stronger premise-side sensitivity than positive no flips (PNF;

correct—correct) under PPS.

FaithDial label space. Within each source-specific
fine-tuning pool, we form a stratified 90/10 train—
checkpoint-selection split with the reported seed;
this checkpoint-selection split is separate from all
audited evaluation files. We train for at most three
epochs with the Hugging Face Trainer, evaluate
after each epoch, and select the post-FT checkpoint
by Macro-F1 on the checkpoint-selection split. For
DialFact, early stopping is disabled and the selected
after-FT checkpoint is chosen by a post-hoc sweep
over the saved fine-tuned epoch checkpoints; for
FaithDial, load_best_model_at_end is enabled
with early-stopping patience 2.

Optimization uses AdamW-style training with
weight decay 0.01 and warmup ratio 0.06. Dial-
Fact runs use learning rate 3x 10~°; FaithDial runs
use 2x10~° for NLI-pretrained checkpoints and
3x10~° for plain-base checkpoints. Micro-batch
sizes are selected before training from fixed OOM-
safe candidate lists on the training data, with the
resulting training plan logged in the run metadata;
these choices are not tuned on the audit or evalua-
tion files.

For NLI-adapted checkpoints, pre-FT evaluation
uses raw zero-shot NLI; for plain-base checkpoints,
it uses a random-head diagnostic from a freshly
initialized classifier head. Main tables use the fixed
seed-7 run set, and Appendix Table A6 reports the
additional-seed 42 rerun; other exploratory seeds
are not used in the reported tables.

5.2 Main Audit Results: Cross-Set Hidden
Grounding Regression

Table 3 reports the main audit result on DF-
Coref-Test, FD-Random, and FD-Topic. Under
this matched fine-tuning setup, fine-tuning im-
proves Macro-F1 throughout the six-model/three-
evaluation-set panel, while the post-FT NF-PNF
PPS gap is positive in 17 of 18 pairs and essentially
zero in the remaining one. These results show
the central pattern: aggregate Macro-F1 improves,
while NF cases show stronger premise-side sensi-
tivity than PNF cases on the dialogue-grounding
audit. A validated seed-42 rerun over the same 18
model-evaluation-set pairs shows the same direc-
tional pattern (Appendix Table A6), supporting the
robustness of the main audit finding.

The clearest evidence comes from DF-Coref-
Test, the in-domain evaluation file most tightly
matched to the audit design. It is explicitly con-
structed for response-side pronoun grounding, and
its annotation policy matches the conservative PPS
operationalization used in the main text. We there-
fore place the main evidential weight on this in-
domain held-out file, using FD-Random and FD-
Topic as supplementary out-of-domain checks.

The qualitative pattern behind this gap is the one
illustrated in Figure 1: the response pronoun has
a context-fixed referent, while the paired evidence
contains a lexically plausible competing cue. In
negative flips, the post-FT model changes from a
previously correct decision to a wrong label in this
setting, and a higher PPS indicates stronger relative
sensitivity to the premise-side cue under PPS.

We use the example only to make the group-level
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Held-out NF recovery Held-out PNF harm

Subset Single best ~ Stratified ~ Single best ~ Stratified
High 10/84 8/84 33/241 32/241
Mid 3/38 3/38 32/256 11/256
Low 4/41 6/41 17/207 8/207

Overall 17/163 17/163 82/704 51/704

Table 4: Held-out NF recovery and PNF harm on DF-
Coref-Test for Single best and Stratified selection over
the fixed intervention family defined in § 5.3.

NF-PNF comparison interpretable; the evidence
for the claim remains the aggregate transition-
conditioned analysis. The NLI-adapted check-
points show the same directional pattern in almost
all settings, and the plain-base checkpoints repro-
duce it consistently as well. Among the two out-
of-domain conditions, FD-Topic provides the more
consistent signal, whereas FD-Random is weaker
and includes the near-zero exception.

Because some confidence intervals still cross
zero, we do not present the observed NF-PNF sep-
aration as a formal causal estimate of fine-tuning
or as a universal property of fine-tuned verifiers.
Instead, we interpret it as a repeated descriptive
pattern on a controlled referent-sensitive slice: fine-
tuning can improve aggregate verification accuracy
while still making newly regressed cases relatively
more premise-side sensitive under PPS than stable-
correct cases.

5.3 Exploratory Ablation: PPS-Stratified
Intervention Selection

We include a small auxiliary ablation over the same
five oracle, post-hoc input transformations for every
model: no change, response-side gold-referent clar-
ification (pronoun=referent), response-side pro-
noun replacement with the canonical gold referent,
context-side appending of the same clarification,
and the combined response-replacement/context-
clarification variant. These transformations use ref-
erent annotations only at analysis time, are applied
to the inputs of the already fine-tuned verifier with-
out further parameter updates, and are not proposed
as a repair method.

For each model, we compute High/Mid/Low
PPS tertile thresholds on DF-Coref-Valid and trans-
fer the selected intervention choices unchanged
to DF-Coref-Test. We compare two selection set-
tings over this fixed family: Single best, which
chooses one intervention per model on DF-Coref-
Valid, and Stratified, which chooses interventions

separately within the three DF-Coref-Valid PPS ter-
tiles. Table 4 reports the held-out NF recovery and
PNF harm for these two settings; denominators ag-
gregate transition-conditioned NF and PNF cases
over the six model runs on the DF-Coref-Test joint-
diagnosable subset, which contains 305 examples
per model before transition conditioning.

Stratified matches Single best on NF recovery
(17/163) but reduces PNF harm from 82/704 to
51/704, with this reduction concentrated in the Mid
and Low tertiles rather than the High tertile. In
this narrow setting, PPS provides only a limited
stratification signal for reducing collateral harm; it
does not support a monotonic intervention rule or
a broadly transferable repair strategy.

Because selection on DF-Coref-Valid optimizes
NF recovery rather than PNF harm, we treat this as
a DF-Coref-Test transfer ablation rather than as a
tuned utility objective. The effect remains limited
and model-dependent; when avoiding PNF harm
is the priority, the no-intervention baseline is still
safest. Model-wise breakdowns and oracle upper
bounds are given in Appendix Table A7.

6 Conclusions

This paper asked whether better benchmark perfor-
mance after fine-tuning in DFV necessarily reflects
better dialogue-conditioned grounding. Across six
models and three evaluation sets, Macro-F1 im-
proved, yet the post-FT NF-PNF PPS gap was
positive in 17 of 18 comparisons. This supports
a hidden-grounding-regression pattern: aggregate
gains can mask newly regressed cases with stronger
premise-side sensitivity under PPS, especially on
DF-Coref-Test.

The finding matters for dialogue research be-
cause DFV labels can depend on cross-turn ref-
erence resolution, not only on claim—evidence
compatibility. In practice, DFV model selection
should not rely on benchmark gains alone; fine-
tuned verifiers should also be checked on con-
trolled referent-sensitive audits. The auxiliary PPS-
stratified ablation reduced collateral PNF harm
without improving NF recovery, suggesting lim-
ited diagnostic value rather than a repair method.
Future work should test referent-aware supervision,
speaker/entity-chain cues, and context-use regular-
ization so that aggregate gains are not selected at
the expense of cross-turn grounding.
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7 Limitations

Our claims concern a conservative, pronoun-
resolved, surface-recoverable slice of dialogue fact
verification rather than dialogue grounding in full
generality. PPS is computed only when the in-
tended referent is visible in the dialogue context, a
matching cue is available on the premise side, and
the required masked/control variants remain well-
formed. The paper therefore establishes the exis-
tence and recurrence of hidden grounding regres-
sions on this audited slice, but does not estimate
their prevalence over full benchmark distributions
or over other forms of referring expression.

The audited dialogues are also short relative to
long multi-session dialogue settings. As shown
in Table 1, the audited files average only a few
turns per example, so they should not be treated
as a proxy for long-context DFV. Longer conver-
sations may introduce more competing referents,
topic shifts, and accumulated ambiguity; the preva-
lence of hidden grounding regressions and the be-
havior of PPS may therefore differ in long-dialogue
settings.

A second limitation concerns PPS itself. Under
our operationalization, PPS is a within-example,
control-adjusted diagnostic of relative premise-
versus-context sensitivity. It should not be inter-
preted as a full causal account of entity use, a gen-
eral attribution method, or a standalone coreference
metric.

A third limitation concerns experimental scope.
We study encoder-only discriminative verifiers be-
cause PPS relies on comparable class margins un-
der masked variants, and the intervention-selection
analysis likewise compares class-score changes un-
der post-hoc textual input transformations.

Prompted or decoder-only LLM verifiers would
require a different margin or log-probability extrac-
tion protocol, and prompting, instruction tuning,
RLHF, and generation-time behavior may change
how context is used. We therefore do not claim that
the same prevalence or mitigation behavior trans-
fers to generative LLLM settings, and we place the
main evidential weight on within-model pre/post
contrasts rather than on fine-grained cross-model
ranking.

Finally, the intervention-selection analysis is in-
tentionally narrow. It is evaluated only on DF-
Coref-Test and within a small, interpretable inter-
vention family. PPS-Stratified Selection shows lo-
calized operational value in this setup, but should

not be treated as a broadly transferable repair strat-
egy.

Data availability. The audited examples are de-
rived from third-party dialogue datasets and include
an annotation layer constructed for this study. This
version reports the annotation protocol, aggregate
statistics, second-review summaries, and represen-
tative audit records, but does not release the full au-
dit files. The audit files are used here as an internal
evaluation resource for the reported experiments,
not as a released benchmark.
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A Appendix

A.1 Audit dataset summaries

Split Type # S R NEI Ev.tem Turns(C') Ref.Men. Ref.Turns

Original full splits

Valid factual 8,691 3,342 3,363 1,986 1.13 4.58 - -
personal 1,745 0 0 1,745 1.01 4.36 - -
total 10,436 3,342 3,363 3,731 1.11 4.54 - -

Test factual 10,420 3,939 3,935 2,546 1.32 4.35 - -

personal 1,389 0 0 1,389 1.10 3.80 - -
total 11,809 3,939 3,935 3,935 1.29 4.28 - -

DF-Coref audit files

Coref-Valid factual 409 176 163 70 1.10 4.37 1.76 1.66
personal 58 0 0 58 1.00 4.67 2.26 1.98
total 467 176 163 128 1.09 441 1.82 1.70
Coref-Test factual 287 115 102 70 1.09 3.56 1.57 1.49
personal 28 0 0 28 1.00 3.54 1.71 1.57
total 315 115 102 98 1.09 3.56 1.59 1.50

Table Al: Original DialFact splits and the corresponding post-adjudication DF-Coref files. In the audited block,
Coref-Valid corresponds to DF-Coref-Valid (derived from the original DialFact validation split) and Coref-Test
corresponds to DF-Coref-Test (derived from the original DialFact test split). Ref.Men. and Ref.Turns denote
annotated referent mentions and referent-bearing turns per example.

File # NonHall Hall KnowTok Turns(H) orig_empty OrigUsed RespUsed Ref.Men. Ref.Turns
Train 10,000 2,643 7,357 22.56 4.55 1,489 8,511 1,489 - -
FD-Topic 483 114 369 22.74 4.33 48 435 48 1.00 1.00
FD-Random 405 111 294 22.60 4.47 88 317 88 1.00 1.00

Table A2: Processed FaithDial files. Train is the original FaithDial training split shown only for reference; the
audited evaluation files used in the paper are FD-Topic and FD-Random. orig_empty, OrigUsed, and RespUsed
indicate missing original_response and the source of the audited claim text.

A.2  Model protocol and tokenizer-overflow audit

Model Checkpoint Pre-FT FT setup Max len / cap

NLI-pretrained

ModernBERT-L.  modernbert-1large-nli zero-shot native head / IDs 2048 /1024

DeBERTa-B-long deberta-base-long-nli zero-shot native head / IDs 1280/ 1024

DeBERTa-v3-L  deberta-v3-large-mnli-fever zero-shot native head / IDs 512/512
-anli-ling-wanli

Plain base

ModernBERT-B  modernbert-base rand. head  new head / DialFact IDs 8192/1024

DeBERTa-v3-B  deberta-v3-base rand. head  new head / DialFact IDs 512/512

RoBERTa-B roberta-base rand. head  new head / DialFact IDs 512/512

Table A3: Checkpoints, pre-FT semantics, DialFact FT label interface, and sequence-length limits. Checkpoint
entries are the exact model keys/local checkpoint directory names resolved by the released configuration; tokenizers
are loaded from the same checkpoints, with no additional lowercasing or tokenizer substitution. “Max len / cap”
reports the model-side maximum input length shown for reference and the sequence cap actually used for fine-tuning
and evaluation. NLI-pretrained models are evaluated before FT with their native zero-shot NLI heads, and DialFact
FT preserves the native 3-way label order by mapping DialFact gold labels to native IDs. Plain base models are
evaluated before FT with a randomly initialized head, and DialFact FT uses a new 3-way head with DialFact label
IDs. FaithDial uses the same checkpoints and sequence caps, but fine-tunes in the native binary FaithDial label
space.
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DialFact FaithDial
Train DialFact DF-Coref DF-Coref .
pool Test Valid Test FD-Random FD-Topic
Model (n=9958) (n=11809) (n=467) (n=315) (n=405) (n=483)
NLI-pretrained
ModernBERT-L 0 0 0 0 0 0
DeBERTa-B-long 0 0 0 0 0 0
DeBERTa-v3-L 0 11 0 2 0 0
(0.09%) (0.63%)
Plain base
ModernBERT-B 0 0 0 0 0 0
DeBERTa-v3-B 719 1042 24 14 29 23
(7.22%) (8.82%) (5.14%) (4.44%) (7.16%) 4.76%)
RoBERTa-B 4 9 0 2 0 0
(0.04%)  (0.08%) (0.63%)

Table A4: Counts and percentages of examples whose serialized input exceeds each model’s chosen cap under
its native tokenizer. Train pool denotes the final DialFact fine-tuning pool used in the reported runs; it excludes
DF-Coref-Valid and reflects the same preprocessing filters used before training.

A.3 Supplementary result breakdowns

Model Evaluation set Macro-F1 Transition share (%) Post-FT PPS
NNF PF NF PNF NF-PNF
Post A (W—W) (W—=C) (C—W) (C—C) NNF PF NF PNF gap
NLI-pretrained
DF-Coref-Test 86.6 +25.7 8.2 30.2 5.2 56.4 -0.18 -0.27 +0.34 -047 +0.81
ModernBERT-L.  FD-Random 81.9 +54.9 4.3 66.4 7.8 21.5 +0.66 -0.07 -0.26 -0.26 0.00
FD-Topic 854 +59.5 6.5 63.7 5.1 24.7 +2.28 +0.14 +0.03 -0.39 +0.42
DF-Coref-Test 69.0 +1.3 17.4 15.7 12.5 54.4 -0.34 -1.22 -0.02 -0.57 +0.56
DeBERTa-B-long FD-Random 73.1 +51.1 12.1 61.3 8.2 18.4 -041 +0.03 -0.34 -097 +0.63
FD-Topic 724 +51.8 11.2 62.8 9.8 16.3 +1.03 -0.05 -0.52 -0.90 +0.38
DF-Coref-Test 84.1 +20.4 7.9 27.5 7.9 56.7 -0.44 -1.85 +0.07 -0.57 +0.64
DeBERTa-v3-L FD-Random 779 +47.5 2.7 65.6 9.8 219 +0.58 +0.04 -0.04 -0.92 +0.88
FD-Topic 82.7 +52.5 4.7 64.2 8.4 22.8 +3.64 +0.05 +0.34 -1.46 +1.81
Plain base
DF-Coref-Test 78.7 +59.7 14.4 54.8 6.6 24.3 +0.04 -0.40 +0.24 -0.40 +0.64
ModernBERT-B  FD-Random 79.9 +31.0 8.6 24.0 3.9 63.4 -0.13 -0.50 +0.27 -0.05 +0.32
FD-Topic 79.5 +31.9 8.4 20.9 6.5 64.2 -0.14 -0.12 +047 +0.06 +0.41
DF-Coref-Test 57.8 +42.0 279 42.0 12.1 18.0 -0.05 -0.20 +0.35 +0.09 +0.26
DeBERTa-v3-B FD-Random 80.7 +59.2 5.5 67.6 8.2 18.8 +1.17 +0.05 -041 -0.48 +0.08
FD-Topic 79.4 +60.3 6.5 68.8 7.9 16.7 +0.93 +0.01 -0.08 -0.65 +0.57
DF-Coref-Test 75.9 +60.1 15.1 54.8 9.2 21.0 +0.10 -0.73 +0.73 +0.01 +0.72
RoBERTa-B FD-Random 80.5 +38.4 9.8 17.2 3.1 699 +0.35 -0.17 +0.68 -0.05 +0.73
FD-Topic 79.3 +36.0 8.8 15.8 8.4 67.0 +0.18 -0.15 +0.57 -0.08 +0.65

Table AS: Full cross-benchmark results across the three referent-annotated evaluation sets. Macro-F1 is computed
on the full post-adjudication evaluation file; transition shares and transition-wise post-FT PPS are computed on the
fixed joint-diagnosable subset used for PPS. NF-PNF gap denotes PPSyr — PPSpyr, and transition definitions
follow Section 3. Positive NF-PNF gaps appear in 17 of 18 pairs, and the remaining estimate is 0.00.
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Macro-F1 Transition share (%) Post-FT PPS

Model Evaluation set
NNF PF NF PNF NE-PNF
Post A (W—W) (W=C) (C—W) (C—C) NNF  PF NF PNF gap
NLI-pretrained
DF-Coref-Test 87.2 +27.0 7.9 30.8 4.9 564  -057 -0.60 +045 -0.38 +0.83
ModernBERT-L.  FD-Random 83.9 +56.8 5.1 65.6 5.1 24.2 -1.11 +0.27 -0.03 -0.17 +0.14
FD-Topic 84.5 +58.6 7.0 63.3 6.5 233  +2.13 +0.26 +0.22 -0.92 +1.14
DF-Coref-Test 70.3 +2.6 15.7 17.4 12.8 54.1 -0.17 -1.31 +40.14 -049 +0.63
DeBERTa-B-long FD-Random 63.5 +41.5 26.2 47.3 6.2 20.3 -0.15 -0.06 +0.01 -0.65 +0.66
FD-Topic 654 +44.8 25.1 48.8 6.5 195  +0.30 -0.16 +0.22 -048 +0.70
DF-Coref-Test 82.8 +19.2 8.9 26.6 8.5 56.1 -0.23  -2.17 +0.56 -0.73  +1.29
DeBERTa-v3-L ~ FD-Random 78.6 +48.3 5.9 62.5 8.6 23.0 +1.87 +0.16 +0.35 -0.90 +1.25
FD-Topic 822 +52.0 6.5 62.3 6.0 25.1 4259 +0.04 +0.90 -1.11 +2.01
Plain base
DF-Coref-Test 74.2 +57.9 18.0 49.2 8.2 246 +0.05 -0.25 +0.14 -0.15 +0.29
ModernBERT-B  FD-Random 84.0 +42.1 7.0 20.7 2.7 69.5 +0.32 -0.59 +0.72 -0.07 +0.79
FD-Topic 81.3 +38.0 7.9 16.7 4.7 70.7  +0.01 -0.69 +1.01 -0.03  +1.05
DF-Coref-Test 61.0 +44.7 17.0 50.2 20.7 12.1 -0.01 -0.09 +0.01 -0.13 +0.14
DeBERTa-v3-B  FD-Random 75.7 +33.7 9.0 18.0 7.0 66.0 -0.12 -0.14 +0.07 +0.04 +0.03
FD-Topic 80.7 +37.4 6.5 18.1 4.7 70.7 -0.10 -0.16 +0.25 +0.00 +0.25
DF-Coref-Test 77.1 +59.3 16.4 46.6 6.6 30.5 +0.50 -0.03 -0.51 -1.14 +0.64
RoBERTa-B FD-Random 822 +60.6 43 68.8 8.6 184  -020 -0.02 +0.23 +0.12  +0.11
FD-Topic 81.8 +62.7 6.0 69.3 6.0 18.6  +0.53 -0.05 +0.36 -0.01 +0.37

Table A6: Validated seed-42 cross-benchmark rerun results under the same denominator rules as Appendix Table AS.
NNF/PF post-FT PPS values are recovered from the archived per-run transition summaries, and NF-PNF gap
denotes PPSyr — PPSpnr with transition definitions as in Section 3. The NF-PNF gap remains positive in all 18
model-evaluation-set pairs.

NNF PF NF PNF
T wew) T weo) T cow) T (o)

DialFact-Coref

FaithDial-Random FaithDial-Topic

ModernBERT-L
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RoBERTa-B
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across models and referent-annotated evaluation sets. Bars sum to

Figure Al: Before—after transition shares
100% and are partitioned into NNF (W—W), PF (W—C), NF (C—W), and PNF (C—C); labels report counts and
within-slice percentages.
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Held-out NF recovery

Held-out PNF harm

Model Subset
n  Single best Stratified Oracle n  Single best Stratified
NLI-pretrained
Overall 16 /16 V16 316 172 11172 11172
High PPS 8 08 0/8 18 47 7147 7147
ModernBERT-L iy ppg” o1 o/1 o1 68 0/68 0/68
LowPPS 7 177 177 w1 57 4/57 4/57
Overall 38 3/38 438 6/38 166  65/166  29/166
. High PPS 16 2/16 216 4/16 58  23/58 23/58
DeBERTa-B-long -\ i ppg” 14 0/14 /14 /14 60  30/60 3/60
LowPPS 8 1/8 1/8 118 48  12/48 3/48
Overall 24 4124 324 5240 173 3173 9/173
High PPS 12 112 V2 212 68 1/68 1/68
DeBERTa-v3-L \riipps 6 1/6 0/6 16 59 1/59 7/59
LowPPS 6 216 216 26 46 1/46 1/46
Plain base
Overall 20 5/20 720 1020 74 0/74 0/74
High PPS 11 3/11 311 s/ 19 0/19 0/19
ModernBERT-B -\ i ppg” 5 25 2/5 35 20 0/20 0/20
LowPPS 4 0/4 2/4 204 35 0/35 0135
Overall 37 2/37 237 337 55 1/55 1/55
. High PPS 22 2122 222 2122 26 1/26 126
DeBERTa-v3-B \riipps 5 05 0/5 o5 17 0/17 017
LowPPS 10 0/10 0/10 Vo 12 0/12 012
Overall 28 2128 028 228 64 2/64 1/64
High PPS 15 215 o/15 2715 23 123 0/23
RoBERTa-B MidPPS 7 07 07 07 32 132 132
LowPPS 6 0/6 0/6 06 9 0/9 0/9
Overall 163 17/163  17/163 29/163 704  82/704  51/704
Overall HighPPS 84  10/84 8/84  16/84 241 33241 32241
Mid PPS 38 3/38 338 5/38 256 321256 11/256
Low PPS 41 4/41 6/41 8/41 207 17207 8/207

Table A7: Tertile-wise transfer results for PPS-Stratified Selection on DF-Coref-Test, reporting NF recovery and
PNF harm for the Single best, Stratified, and Oracle settings. High/Mid/Low PPS tertiles are defined per model from
PPS tertiles over all diagnosable examples in DF-Coref-Valid. Rows condition on transition type; the DF-Coref-Test
PPS base contains 305 joint-diagnosable examples per model before transition conditioning. The clean baseline is
omitted because it is 0/n in every subset by construction. Oracle reports the per-example NF recovery attainable
by choosing the best candidate in hindsight within the same fixed family; it is an upper bound and is not used as a

deployable selection rule.
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A.4 Example audit records

Field Validation example (id=97___4-3) Test example (id=83___4-1)

context_id 97___4 83___4

id 97___4-3 83___4-1

data_type generated generated

type_label factual factual

context [0] I think jazz music is awesome! Many [0] I try to use Instagram, but I just
see jazz as being America’s classical have the hardest time "getting” it. I
music! think I’'m too old.
[1] I love Jazz! Who’s your favorite [1] Lol! When did instagram first come
artist? out?
[2] I love them all! I can’t pick just [2] it was launched in october 2010. I
one! The Jazz age was in the 1920s and think it was mostly just for editing
is now recognized as a major form of photos then. At least thats all I
musical expression! thought it was.
[3] Ah, do you know where jazz was [3] What else does instagram do besides
invented? edit photos?

response It started in New Orleans, specifically It has a bunch of other features too,

evidence_list

in the pre - WWII zones

[0] title=Jazz;
url=https://en.wikipedia.org/wiki/Jazz;
sent=Jazz is a music genre that
originated in the African-American
communities of New Orleans, United
States, in the late 19th and early 20th
centuries, and developed from roots in
blues and ragtime.; id=0

[1] title=; url=; sent=Jazz is a music
genre that originated in the
African-American communities of New
Orleans, Louisiana, United States, in
the late 19th and early 20th centuries,
with its roots in blues and ragtime;
id=extra

[2] title=New Orleans; url=https:
//en.wikipedia.org/wiki/New_Orleans;
sent=New Orleans (, or ; ) is a major
United States port and the largest city
and metropolitan area in the state of
Louisiana.; id=1

like image sharing, commenting, trending,
and a whole host of other things.

[0] title=Instagram; url=https:
//en.wikipedia.org/wiki/Instagram;
sent=Instagram is a mobile, desktop, and
Internet-based photo-sharing application
and service that allows users to share
pictures and videos either publicly, or
privately to pre-approved followers.;
id=0

[1] title=Instagram; url=https:
//en.wikipedia.org/wiki/Instagram;
sent=The service also added messaging
features, the ability to include
multiple images or videos in a single
post, and a ’stories’ feature - similar
to its main opposition Snapchat - which
allows users to post photos and videos
to a sequential feed, with each post
accessible by others for 24 hours each;
id=1

[2] title=Instagram; url=https:
//en.wikipedia.org/wiki/Instagram;
sent=Users can like photos and follow
other users to add their content to a
personal feed; id=2

response_label REFUTES NOT ENOUGH INFO

(+) pronoun_info surface=It surface=It
span=[0, 2] span=[0,2]

(+) referent_info mentions: mentions:

(+) label_id

[0] surface=jazz,
[1] surface=jazz,
[2] surface=Jazz,
[3] surface=Jazz,
[4] surface=jazz,
1

span=[0,8,12]
span=[0,41,45]
span=[1,7,11]
span=[2,46,50]
span=[3,22,26]

[0] surface=Instagram, span=[0,13,22]
[1] surface=instagram, span=[1,14,23]
[2] surface=instagram, span=[3,15,24]

2

Table A8: Example DF-Coref records in the audit record format, including pronoun_info, referent_info, and

label_id.
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Field

Topic example (id=0___2-0)

Random example (1d=409___4-0)

id
history

knowledge
original_response
response

BEGIN
VRM

0___2-0

[0] I love candy, what’s a good brand?
[1] I haven’t got a clue how good they
are, but Dylan’s Candy Bar has a chain
of candy shops in various cities.

[2] Oh, they do? What kind of candy do
they sell?

[3] I'm probably not the best system to
ask for that information, really, but
they also are a supplier of candy.

[4] Oh I see, what kind of candy do they
offer?

It stocks 7,000 candies from around the

world.

it stocks over 7000 candies from across
the world

It stocks over 7,000 candies from across
the world.

[’Entailment’]
[’Edification’]

409___4-0

[0] I like science fiction and alien
movies and shows. Do those interest you?
[1] As I am a bot I don’t have
preferences. But I know that sci-fi
films uses depictions of phenomena based
on fictional science not completely
accepted by the mainstream science

[2] I liked the Star Wars movies and the
Alien movies were pretty intense too,
[3] Yeah, did you know that star wars
came out in 19777

[4] I didn’t know it was that old. What
else do you know abou it ?

[5] Well, I know that it starred
Harrison Ford, Mark Hamil, Carrie Fisher
among other people

[6] Very interesting. I think I saw
almost all of those movies

[7] Cool. Did you ever see The Empire
Strikes Back in 19807

[8] It’s been so long I need to see it
again to remember what it was about.

The film is set three years after ”Star
Wars” .

It is set three years after the original
Star Wars.

I see, Star wars is set 3 years prior to
the film

[’Hallucination’]

[’Edification’]

(+) pronoun_info

(+) referent_info

(+) label_id

surface=it

span=[0, 2]

mentions:

[0] surface=Dylan’s Candy Bar, span=[1,
44, 61]

0

surface=It
span=[0, 2]
mentions:

[0] surface=The Empire Strikes Back,
span=[7, 23, 46]
;

Table A9: Example FD-Topic and FD-Random records in the audit record format, including pronoun_info,
referent_info, and label_id.
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