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Abstract

We investigate the proviso problem, an unre-
solved issue in formal semantics concerning
presupposition projection in conditionals, using
four language models (RoBERTa, DeBERTa,
LLaMA, and Gemma) and AI explainability
methods. Our findings show that these models
process presuppositions differently from hu-
mans. The results offer insights for evaluating
and refining existing semantic theories.

1 Introduction

The proviso problem (Geurts, 1996) is an ongo-
ing challenge in formal semantics, particularly for
satisfaction-based theories (Heim, 1983; Beaver,
1997; Mayr and Romoli, 2016; Mandelkern, 2016).
According to dynamic semantics and related ac-
counts, in conditionals of the form If A, Bp, where
p is the direct presupposition of the consequent
B, the presupposition of the sentence is predicted
to project conditionally. For example, in the sen-
tence “If Theo hates sonnets, so does his wife”,
the predicted presupposition is “If Theo hates son-
nets, then Theo has a wife”. However, in prac-
tice, speakers typically accommodate a stronger,
unconditional presupposition: “Theo has a wife”.
The discrepancy is often explained by presupposi-
tion accommodation, where the listener updates the
context to satisfy the sentence’s projected seman-
tic presupposition (Lewis, 1979; Von Fintel, 2008;
Singh, 2020). This shows a gap between theoreti-
cal predictions and intuitive judgments. This gap
extends beyond conditionals to structures with dis-
junctions, conjunctions, and attitude verbs, making
the proviso problem a core problem in the study of
presupposition.

Despite its importance in semantic theory, no
prior work has empirically investigated how lan-
guage models handle presupposition projection in
conditionals. We address this gap by reformulating

the proviso problem as a Natural Language Infer-
ence (NLI) task, an established natural language
processing framework for modeling inferential rela-
tions between a premise and a hypothesis using En-
tailment, Neutral, and Contradiction labels (Bow-
man et al., 2015; Williams et al., 2018). We apply
recent explainability techniques, such as attribution-
based saliency and attention analysis (Sundarara-
jan et al., 2017; Atanasova et al., 2020), to better
understand how models process context-sensitive
meaning and which lexical or structural features
influence their predictions. In this paper, we specif-
ically ask whether language models project presup-
positions in conditionals as predicted by existing
semantic theories or whether they do so in line with
human judgment.

2 Related Work

Most existing NLI datasets (Bowman et al., 2015;
Williams et al., 2018) focus on classical inference
and overlook pragmatic phenomena such as pre-
supposition. Datasets such as IMPPRES (Jeretic
et al., 2020) and NOPE (Parrish et al., 2021) in-
clude presuppositional content, but either rely on
simple conditional forms or lack coverage of struc-
turally complex cases like embedded conditionals.
A recent dataset, CONFER (Azin et al., 2025), has
introduced an NLI benchmark for testing presup-
positional reasoning in conditionals; however, it
does not address structural variations relevant to
projection.

3 Dataset Construction

We build on the CONFER dataset (Azin et al.,
2025), which contains sentence pairs with five
types of conditional constructions. Each condi-
tional takes the form If A, Bp (see section 1). These
conditionals are paired with a hypothesis p. Each
conditional type encodes a specific logical relation-
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ship between A and p (see Appendix for examples).
For this study, we selected types 4 and 5 condi-
tionals, in which antecedent A and presupposition
p are logically independent and their NLI label is
Entailment (E). These types include the presuppo-
sition triggers again and possessive constructions.1

We began with 900 unique conditionals and then
extended the dataset, constructing four subsets to
evaluate neural models’ sensitivity to structural and
contextual variation based on existing theories re-
lated to the proviso problem. In total, our dataset
includes approximately 8,500 sentence pairs, with
individual subsets ranging from about 900 to 3,600
examples.2 Below, we briefly describe the structure
of each subset.

Subset 1: Original Sentences

This subset used the original NLI pairs from CON-
FER as a baseline to evaluate models’ performance.

Subset 2: Structural Variation

To test how structural manipulation affects projec-
tion, we created three modified versions of each
original sentence: (1) Conjunction: adding a con-
junct to the antecedent (e.g., If A and B, then C); (2)
Disjunction: rephrasing the conditional as Either
not-A or B; and (3) Belief Embedding: embedding
the consequent under an attitude verb (e.g., X be-
lieves that B).

Subset 3: Trigger–Hypothesis Relatedness

In this subset, we modified the trigger phrase by
manipulating its semantic similarity to the hypoth-
esis. Using WordNet (Miller, 1995) and Con-
ceptNet (Speer et al., 2017) relations (e.g., is-a,
part-of, hyponymy), we generated related,
somewhat related, and unrelated variants by sub-
stituting key lexical items. For example, in the
original premise “If Randolf is a carpenter, he’ll
use his beading tools for designing” with the hy-
pothesis “Randolf has beading tools,” we replaced
“his beading tools” in the premise with “his round
nose pliers” to create a “somewhat related” to the
hypothesis version. The gold labels were updated
from E to Neutral (N), as the relationship no longer
clearly supports entailment.

1Throughout this paper, we refer to these two types as
type 4 and type 5. type 5 sentences containing the trigger again
are labeled as type 5 a, and those with possessive constructions
are labeled as type 5 p.

2The dataset and detailed results of the experiments will
be made publicly available upon acceptance.

Subset 4: Context–Trigger Relatedness
Subset 4 tested how premise-level modifications, ei-
ther in the antecedent or the consequent, affect the
models’ behavior. Each sentence included two key
phrases: K1 (the presupposition trigger) and K2
(an added or modified contextual phrase, such as
an unrelated event). We created two variants: one
where the antecedent and consequent events are
logically related (e.g., If Sarah attends a movie fes-
tival, she’ll never watch Star Wars again) and one
where they are unrelated (e.g., If Sarah attends the
conference, she’ll never watch Star Wars again).

4 Experiments

Our experimental setup combines classification ac-
curacy with explainability analyses using saliency
methods. We compare outputs from four language
models against both human and theoretical expec-
tations. Human labels come from CONFER, while
theoretical labels are based on the existing theo-
ries of presupposition projection in conditionals
discussed in section 1. Table 1 outlines the metrics
we used to evaluate the models on each subset.

Metric Description

Accuracy Percentage of classifications that are cor-
rect relative to human-annotated and
theory-predicted NLI labels.

(IG) Integrated Gra-
dients

Measures the overall attribution strength
assigned to input tokens (Sundararajan
et al., 2017).

Trigger IG Ratio Ratio of influence assigned to the pre-
supposition trigger word (as measured by
IG) to the average influence of all words
in the sentence.

IG by POS Aggregates IG scores by part-of-speech.

Keyword Percentile
Score

Ranks the salience of the presupposition-
bearing phrase relative to all tokens in the
input.

K1→K2 Attention Average attention between key phrases 1
and 2, normalized by average attention.

K2→Special Token
Attention

Attention from key phrase 2 to the spe-
cial token (e.g., [SEP], <bos>, [CLS]),
normalized by average special token at-
tention.

T-test p-values Results of statistical tests comparing IG,
Keyword Percentile, and Attention scores
between subsets.

Table 1: Metrics used for model evaluation.

Models and Setup
We used four language models: RoBERTa-large-
MNLI, DeBERTa-large-MNLI, Llama-3.2-1B, and
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Figure 1: Trigger IG Ratios for subset 2 across four
models. “Org” refers to the original conditionals and
“Mod” to the structurally modified versions. 5 a and 5 p
correspond to again and possessive triggers in type 5
sentences, respectively.

Gemma-3-1B. All models were fine-tuned on the
CONFER dataset. Additionally, RoBERTa and
DeBERTa had been fine-tuned on the MultiNLI
dataset (Williams et al., 2018).

Evaluation without Fine-tuning: All Subsets
In this experiment, we evaluated RoBERTa and
DeBERTa on the original conditional sentences
(subset 1) without any structural modifications, as
well as all modified examples created in subsets
2-4. The models were not fine-tuned on CONFER
for this experiment. Gemma and LLaMA were
evaluated through zero-shot prompting asking to
predict the NLI label. The accuracy of each model
with respect to both the gold (human) labels and
the theoretical labels was computed.3

Structural Variation: Subset 2

Subset 2 tests how structural changes such as con-
junctions, disjunctions, and belief embeddings af-
fect presupposition projection. In this experiment,
we evaluate classification accuracy, the Trigger IG
Ratio, IG grouped by POS, and Keyword Percentile
Scores.

Trigger–Hypothesis Relatedness: Subset 3

Subset 3 evaluates how semantic relatedness be-
tween the trigger phrase and the hypothesis affects
the models’ behaviour. We calculated accuracy,
the Trigger IG Ratio, IG by POS, and Keyword
Percentile Scores to examine whether substituted
phrases, less related to the hypothesis, reduce trig-
ger saliency and weaken presupposition projection.

3This dual evaluation, against both gold and theoretical
labels, was applied consistently across all subsets.

Relatedness to Premise: Subset 4
Subset 4 examines how modifying the premise,
either in the antecedent or consequent, affects mod-
els’ behavior, focusing on two key phrases: K1
and K2. We compared classification accuracy and
attention-based metrics (e.g., K1–K2 attention, spe-
cial token attention) across related and unrelated
variants. The aim is to show how context modifi-
cations influence the salience of presuppositional
content and whether models maintain focus on the
intended trigger.

5 Results and Analysis

Zero-shot Evaluation on Presupposition
Triggers
We first analyzed the models’ zero-shot behav-
ior on unmodified conditionals. Generally, both
RoBERTa and DeBERTa achieved high accuracy
(>97%) against the NLI gold labels, and 0% accu-
racy with respect to theoretical labels. Llama only
achieved an accuracy between 80% and 83%. On
modified examples from subsets 2 and 4, the mod-
els also matched the human gold labels except for
subset 3 where models only correctly predicted the
labels as neutral 20% to 52% of the time. Gemma
performed poorly with less than 47% of examples
predicted correctly across all types.

Influence of Structural Modifiers
In evaluating the fine-tuned models on sub-
set 2 examples, RoBERTa achieved high accu-
racy (0.99–1.0) and strong trigger IG ratios, but its
saliency on presupposition triggers declined when
structures were modified (Figure 1). Both key-
word percentile and POS-based IG dropped (e.g.,
the noun phrase (NN) in possessive constructions).
DeBERTa also maintained high accuracy in line
with human labels but showed lower and more
evenly distributed IG, indicating reduced sensitivity
to structural changes. LLaMA and Gemma showed
greater variability in trigger IG, including negative
values, and higher misclassification rates (6–32%),
suggesting weaker reliance on trigger phrases.

Lexical Relatedness and Heuristic
In the experiment on subset 3, replacing the trigger
phrase resulted in almost all examples misclassi-
fied (e.g., accuracy <4% for type 5 A across all
models), with models continuing to predict E de-
spite there no longer being a relationship between
the trigger phrase and the hypothesis. RoBERTa
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Figure 2: Average attention between tokens across all
layers and heads in Gemma, for the sentence If Theo’s
train is delayed, his wife will wait for him at the station,
and its hypothesis Theo has a wife. Brighter cells indi-
cate higher attention values. First column corresponds
to the special token attention.

showed strong reliance on triggers in related con-
texts, with notable drops in both attribution and
accuracy as relatedness decreased. DeBERTa also
distinguished between levels of relatedness but con-
sistently showed lower trigger IG values. In con-
trast, LLaMA and Gemma were less consistent:
LLaMA occasionally showed increased trigger IG
in less related contexts (e.g., IG = 1.64 in type 4
Unrelated), while Gemma’s attributions were often
low or even negative across all conditions. (e.g., IG
= –0.58 in type 5 Related).

Structural Change and Attention Drift

In these experiments, all models maintained accu-
racy near 100% , in line with human labels, on the
modified type 4 p and type 5 p examples. However,
they all misclassified most of the type 5 a examples
(6% - 47% accuracy).

RoBERTa showed stable K1→K2 attention be-
tween related and unrelated cases for type 4 P (e.g.,
∼1.7–1.8), but a significant difference observed in
type 5 examples (t-test, p = 0 for type 5 a). On the
other hand, DeBERTa showed stronger K1→K2
attention overall, especially in related contexts.

LLaMA and Gemma showed high K1→K2 at-
tention (e.g., 3.95 in Related, 5.00 in Unrelated
for type 5 a in Gemma). LlaMa also showed high
attention from K2 to the special token (e.g., >1.1×
average). Higher attention values are also observed
on the original examples compared to the modified
examples, especially in type 5 a examples, where
this difference is significant across all models (and

where models also misclassify the most). Figure 2
illustrates the average attention between tokens in
Gemma, and Figure 3 shows an example of IG in
type 5 p.

Figure 3: Visualization of the IG with respect to each
input token where the darker the word, the higher its IG
value.

What This Means for the Proviso Debate
Our results show that presupposition projection is
fragile in language models. Attention towards the
model’s classification tokens drifts due to distract-
ing phrases, and attribution to implied meaning
weakens even with minor changes. This highlights
that language models still struggle with pragmatic
aspects of meaning, such as presupposition.

Regarding the proviso problem, classic theories
treat projection as binary (Karttunen, 1973), while
recent works argue that it depends on independence
between antecedent and presupposition (Mandelk-
ern, 2016). Our findings support the latter view:
when A and p are logically independent, models
show graded and context-sensitive behavior, influ-
enced by how attention flows through the sentence.
Although models often fail on nuanced semantic
tasks, these failures provide diagnostic insights into
how attention and attribution patterns reflect un-
derlying generalizations about meaning in natural
language.

6 Conclusion and Future Work

Based on the results, models are mostly in agree-
ment with humans as opposed to theoretical-based
NLI labels. They reliably identified trigger phrases
even in modified structures, as evidenced by high
accuracy and trigger IG ratios above 1 in subset 2.
However, subset 3 modifications indicate that the
models can easily be fooled by replacing the trigger
phrase. Findings on subset 4 also show that even
on fine-tuned models, phrases that are irrelevant
to the NLI relationship influence attention-based
computations and can end up producing significant
misclassifications.

We suggest that future research extend presup-
position analysis to more complex sentence struc-
tures. Parallel human experiments are also neces-
sary, as many longstanding semantic theories re-
main untested empirically.
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