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Abstract

We investigate how large language models
(LLMs) construct meaning using Quantifier
Scope Disambiguation (QSD) as a controlled
probing task. We introduce (i) a balanced En-
glish corpus designed to neutralize classical
surface heuristics in QSD, and (ii) a pseudosen-
tence dataset that removes real-world refer-
ents to isolate formal cues. In Experiment 1,
we evaluate a range of LLMs in a zero-shot
question—answering setup and compare them
to human baselines. While models achieve high
accuracy on the balanced corpus, performance
drops substantially on pseudosentences, with
the largest degradation for inverse-scope read-
ings. This pattern indicates that surface-level
cues alone are insufficient to explain model be-
havior and suggests a substantive contribution
of implicit world knowledge to LLM interpre-
tation. In Experiment 2, we manipulate ac-
cess to external world knowledge via retrieval-
augmented generation (RAG), while keeping
the task and prompt fixed. RAG yields only
limited gains in overall accuracy, but these ef-
fects are highly selective: they primarily af-
fect inverse-scope interpretations, and most
clearly the hardest configuration, where clas-
sical surface predictors conflict with the pre-
ferred reading. Taken together, our results sug-
gest that LLM interpretive behavior reflects
an interaction between world knowledge and
formal interpretive pressures encoded in the
input, with world knowledge—implicit or re-
trieved—playing a particularly important role
when formal cues are insufficient to yield a
preferred reading. This pattern partially par-
allels, but does not fully match, human scope
interpretation.

1 Introduction

Large language models (LLMs) have achieved re-
markable success across a wide range of NLP tasks
(e.g., Devlin et al. 2019; Liu et al. 2019). In partic-
ular, prior work has shown that LLMs capture sub-
stantial amounts of world knowledge (e.g., Roberts

et al. 2020; Heinzerling and Inui 2021; AlKhamissi
et al. 2022) and exhibit sensitivity to various as-
pects of natural language semantics (e.g., Jawahar
et al. 2019; Ettinger et al. 2018; Ettinger 2020;
Richardson et al. 2020; Sevastjanova et al. 2021;
Baroni 2022; Kalouli et al. 2022). At the same time,
several recent studies—including Liu et al. (2023)
and Stengel-Eskin et al. (2023)—provide evidence
that LLMs struggle with linguistic ambiguity in
zero-shot settings. In contrast, Kamath et al. (2024)
show that multiple versions of GPT models can
resolve quantifier scope ambiguity with high ac-
curacy, exceeding 90% in some cases. The au-
thors argue that this strong performance reflects
the integration of background world knowledge
into model preferences when interpreting scope-
ambiguous constructions. The goal of the present
paper is to examine this claim in greater depth by
investigating whether, and to what extent, LLMs
leverage world knowledge in quantifier scope dis-
ambiguation (QSD), and more broadly, how they
balance linguistic form and background knowledge
when selecting an interpretation.

QSD arises in sentences containing multiple
quantified noun phrases (NPs):

(D) Every kid lives in a house.

Sentence (1) contains two quantified NPs—the uni-
versal every kid and the existential a house—and
admits two possible interpretations depending on
their relative scope. Under the surface-scope read-
ing, the first quantifier takes wide scope, yielding
the interpretation that every kid lives in a different
house (every kid > a house). Under the inverse-
scope reading, the second quantifier takes wide
scope, resulting in the less plausible interpretation
that there is a single house in which all kids live (a
house > every kid).

Prior work on statistical and automatic QSD
(e.g., Higgins and Sadock 2003; AnderBois et al.



2012; Evang and Bos 2013; Manshadi and Allen
2011; Manshadi et al. 2013; Sayeed 2016) has iden-
tified several influential surface predictors. Linear
order plays a role, with earlier quantifiers tend-
ing to take wider scope, and grammatical function
and lexical realization also matter: subjects often
outscope objects', and certain quantifiers (e.g., the
universals each and every) exhibit a general prefer-
ence for wide scope. However, surface-level cues
alone are insufficient to account for scope prefer-
ences, and pragmatic knowledge about how situ-
ations typically unfold in the world often plays
a crucial role in resolving scope ambiguity (e.g.,
Saba and Corriveau 2001; Srinivasan and Yates
2009; Manshadi and Allen 2011; AnderBois et al.
2012; Schuler and Wheeler 2014; Leczkowski et al.
2022; Rasmussen 2022; Kamath et al. 2024). This
raises a broader question: how can we design an
experimental setting that both incorporates world
knowledge into QSD and allows us to assess how
LLMs balance linguistic form with background
expectations during interpretation?

Using QSD as a controlled probing task, we in-
troduce two complementary datasets: a balanced
English corpus designed to neutralize standard sur-
face heuristics, and a pseudosentences dataset that
removes real-world referents to isolate formal cues.
These resources let us compare interpretation un-
der conditions where world knowledge is available
(balanced data) versus largely unavailable (pseu-
dosentences), while keeping the scope decision
problem fixed. We then evaluate a range of LLMs
in a zero-shot question—answering (Q&A) setup
and collect human baselines under the same pro-
tocol. Finally, we test the causal contribution of
external world knowledge by equipping the same
models with retrieval-augmented generation (RAG)
over ConceptNet and Simple Wikipedia, using ex-
actly the same prompt template.

Our results reveal a consistent pattern in LLM
interpretation: strong performance on the balanced
corpus systematically co-occurs with degraded ac-
curacy on pseudosentences. This pattern indicates
that surface-level cues alone are insufficient to ex-
plain model behavior and points to an important
role of background knowledge in scope resolution.
Introducing retrieval leads to limited overall gains;
however, these improvements are highly selective,
concentrating on configurations in which classical

'In English, the effects of grammatical function and linear
order are strongly correlated due to relatively rigid word order.

surface predictors conflict with the preferred read-
ing. We therefore propose that LLM interpretive
behavior emerges from an interaction between for-
mal interpretive pressures and world knowledge,
with the latter playing a particularly influential role
when such pressures are insufficient to determine a
preferred interpretation.

The paper is structured as follows. Section 2
introduces the datasets and describes their con-
struction. Section 3 presents Experiment 1 on
implicit world knowledge, including the evalua-
tion protocol, model and human baselines, and re-
sults. Section 4 presents Experiment 2, which in-
vestigates the contribution of retrieval-augmented
world knowledge, together with the corresponding
results. Sections 5 and 6 conclude the paper with
a summary of findings, a discussion in relation to
prior work, limitations, and directions for future
research.

2 Datasets

For our experiments, we constructed two comple-
mentary datasets: (i) a balanced English corpus de-
signed to suppress surface-level heuristics in QSD,
and (ii) a novel dataset of pseudosentences that
eliminate real-world referents and force models to
rely solely on formal cues.

To prevent models from relying on surface-level
strategies, the balanced dataset was constructed to
be strictly balanced across four canonical quantifier-
combination patterns. These patterns are defined
by the interaction of quantifier type, linear order,
and the human-preferred interpretation. Table 1
illustrates the four combination classes with both
real and pseudosentence examples.

We began with the 837 scope-ambiguous English
sentences from Kamath et al. (2024), each contain-
ing exactly two quantified noun phrases and anno-
tated with a human-preferred interpretation (sur-
face or inverse). We restricted this corpus to sen-
tences involving two interacting quantifiers—one
universal and one existential. Universal quantifiers
(U) include each, every, all, and any. Existential
quantifiers (E) include bare numerals (e.g., two,
five), modified numerals (e.g., at least one, exactly
three), as well as a(n), some, several, and a few.
After filtering, 390 sentences remained.

These sentences were assigned to the four
quantifier-combination classes. Their distribution
was highly imbalanced: Combination I contained
145 items, Combination II 68 items, Combina-



Type Pattern Examples (real / pseudo)
1 U-E, surface  Every planet in the solar system has an orbit.
Every scruffle prowkles one wisperite.
1I E-U, surface A security guard monitors every camera in the building.

A squalder snorples every thistlehound dreft the spindle.

111 E-U, inverse

A cup of coffee is offered to each guest at the party.

A guilder clipsers quence each spindlewing.

v U-E, inverse

Every participant registered through one website.

Every furbler gallopined alongst one glimmerkin.

Table 1: Quantifier-combination classes in the QSD dataset, illustrated with real and pseudosentence examples.

tion IIT 171 items, and Combination IV only six
items. To obtain a fully balanced dataset, we ap-
plied controlled augmentation. For the sparsely
represented Combination IV, candidate sentences
were evaluated in a crowdsourced survey with 50
native English speakers recruited via Prolific, and
only items with at least 75% agreement on the in-
tended reading were retained.

The datasets were further expanded using
two rounds of GPT-4-based sentence generation,
seeded with previously curated and validated dat-
apoints. To mitigate paraphrastic redundancy, we
applied SBERT-based semantic clustering to iden-
tify and remove near-duplicate items. All sentences
subsequently underwent manual quality control to
ensure grammaticality, interpretability, and consis-
tency with the intended scope reading.

The resulting balanced dataset contains 440 sen-
tences, with 110 items per combination type.’
By construction, it neutralizes standard surface-
level heuristics and encourages reliance on world-
knowledge-supported cues. In parallel, we con-
structed a set of 40 template-based pseudosen-
tences that remove real-world referents and require
models to depend exclusively on formal cues. To-
gether, these datasets allow us to treat QSD as a
controlled probe of LLM interpretation.

3 Experiment 1: Implicit World
Knowledge

In Experiment 1, we test whether LLMs can
achieve high QSD accuracy using only implicit
world knowledge, without external retrieval. We
evaluate models in a zero-shot setup on (i) the bal-
anced corpus, where real-world referents are avail-
able, and (ii) pseudosentences, which remove such
referents and thus isolate formal cues.

The balanced dataset is derived from the corpus presented
in Kamath et al. (2024) and may be freely used in accordance
with the MIT license governing this repository.

A book is given to each student in the class.

On the basis of this phrase/statement alone, and with no further context,
there are only two options:

Option A: In total, more than one book is given.
Option B: In total, one book is given.

Which of the two options is most likely? Answer with either 'Option A'
(for Option A) or 'Option B' (for option B).

Figure 1: An example of a stimulus provided to the
model.

3.1 Method

Our experimental design closely follows the
methodology introduced by Kamath et al. (2024).
We formulate QSD as a Q&A task. Each model is
presented with a sentence that is technically scope-
ambiguous but has a single human-preferred inter-
pretation, which may correspond either to a surface-
scope or an inverse-scope reading. For each such
sentence, the model is then given two candidate
statements representing the two possible scope in-
terpretations: one consistent with the surface read-
ing and the other consistent with the inverse read-
ing.

The prompt is structured in three parts: (i) the
input sentence, (ii) two explicitly labeled interpre-
tation options (Option A and Option B), and (iii)
instructions specifying the task and the required
output format, as illustrated in Figure 1. Models are
instructed to indicate which interpretation is more
likely by responding with Option A or Option B,
corresponding to the preferred interpretation. To
ensure a balanced distribution of correct answers
across options, each datapoint in the dataset is du-
plicated with the order of the two interpretations
reversed (i.e., Option A is relabeled as Option B,
and vice versa). This design prevents models from
exploiting positional or response-format biases.

Crucially, the task formulation and prompt tem-
plate are identical across the balanced and pseu-
dosentence conditions; only the lexical content dif-
fers in whether it supports access to real-world
referents. This makes Experiment 1 a controlled



Model Accuracy Surface Inverse
GPT-5.1 0.809 0.873 0.746
GPT-40 0.836 0914 0.759
GPT-40-mini 0.830 0.918 0.741
Qwen-Max 0.830 0.932 0.727
Qwen3-8B 0.793 0.918 0.668
Llama 3.1 70B 0.850 0.936 0.764
Llama 3.1 8B 0.689 0.777 0.600

Table 2: Accuracy on the balanced QSD dataset (440
items). Results are averaged across five runs.

test of how far models can rely on implicit world
knowledge during interpretation.

3.2 Models

We evaluate seven autoregressive LLMs spanning
three model families and a range of capacities.
From the OpenAl family, we include GPT-5.1 and
GPT-40 as high-capability reference points, and
GPT-40-mini as a smaller, cost-efficient variant.
To cover strong non-OpenAl systems, we include
Qwen-Max (high tier) and Qwen3-8B (compact
baseline) from the Qwen family. Finally, we in-
clude two open-weight models from the Llama
family, Llama 3.1 70B and Llama 3.1 8B, to pro-
vide a within-family contrast between a large and a
smaller model.

All models were queried via hosted APIs
through a unified evaluation wrapper (OpenAl API
for GPT models, DashScope for Qwen models, and
OpenRouter-hosted endpoints for Llama models),
using the same prompt template and answer format
across conditions. Results were averaged over five
independent runs.

3.3 Model Results®

Tables 2 and 3 report zero-shot accuracy on the
balanced QSD dataset and on pseudosentences, re-
spectively. On the balanced dataset, all evaluated
models achieve relatively high overall accuracy, in-
dicating that scope ambiguity can often be resolved
successfully under naturalistic conditions.

In contrast, performance differs substantially
on pseudosentences, which eliminate real-world
referents. For GPT and Qwen models, accuracy
drops markedly compared to the balanced condi-
tion, with especially large declines observed for
inverse-scope interpretations. The large Llama
model follows the same general pattern. The
smaller Llama model exhibits artifact-like behav-
ior, achieving near-ceiling accuracy on pseudosen-

3The code for all experiments and the datasets used in this
paper will be made publicly available in our GitHub repository.

Model Accuracy Surface Inverse
GPT-5.1 0.675 0.800 0.550
GPT-4o 0.675 0.900 0.450
GPT-40-mini 0.400 0.750 0.050
Qwen-Max 0.525 0.850 0.200
Qwen3-8B 0.350 0.550 0.150
Llama 3.1 70B 0.725 0.900 0.550
Llama 3.1 8B 0.975 0.950 1.000

Table 3: Accuracy on pseudosentences (40 items). Re-
sults are averaged across five runs.

Model A Overall A Surface A Inverse
GPT-5.1 —0.134 —0.073 —0.196
GPT-40 —0.161 —0.014 —0.309
GPT-40-mini —0.430 —0.168 —0.691
Qwen-Max —0.305 —0.082 —0.527
Qwen3-8B —0.443 —0.368 —0.518
Llama 3.1 70B —0.125 —0.036 —-0.214
Llama 3.1 8B +0.286 +0.173 +0.400

Table 4: Change in accuracy (A) from the bal-
anced QSD dataset to pseudosentences, computed sepa-
rately for overall accuracy, surface-scope readings, and
inverse-scope readings. Positive values indicate im-
proved performance when real-world referents are re-
moved.

tences despite noticeably lower performance on the
balanced dataset; we therefore do not interpret its
pseudosentence results further in section 3. This
pattern likely reflects instability rather than genuine
scope-related generalization.

3.4 Discussion

Experiment 1 provides a controlled test of how far
quantifier scope interpretation in LLMs can be sup-
ported by implicit world knowledge alone. Table 4
reports the change in accuracy from the balanced
dataset to pseudosentences, computed separately
for overall accuracy, surface-scope readings, and
inverse-scope readings.

When restricting attention to GPT and Qwen
models, a consistent pattern emerges: strong per-
formance on the balanced corpus co-occurs with
degraded accuracy on pseudosentences, with the
largest drops observed for inverse-scope interpre-
tations; Llama 3.1 70B exhibits the same overall
pattern but a less pronounced degradation on pseu-
dosentences. This suggests that surface-level cues
alone are insufficient to account for high perfor-
mance on naturalistic QSD, and that background
expectations play an important role when real-
world knowledge is available.

While the pseudosentence set is relatively small,
the observed effects are large and highly consistent
across model families, supporting the stability of



Combination Balanced Pseudosentences

1 (U-E, surface) 0.97 0.90
IT (E-U, surface) 0.86 0.68
III (E-U, inverse) 0.87 0.37
IV (U-E, inverse) 0.60 0.28

Table 5: Average accuracy across models by
quantifier-combination type, evaluated on the bal-
anced QSD dataset and on pseudosentences (excluding
Llama 3.1 8B).

the pattern.

At the same time, large-capacity models retain
non-trivial performance on pseudosentences, indi-
cating that formal interpretive pressures continue
to constrain interpretation even in the absence of
real-world referents. Taken together, these find-
ings support the view that scope interpretation in
LLMs is best understood as emerging from the in-
teraction between formal interpretive pressures and
broad background expectations derived from world
knowledge.

A more fine-grained picture emerges when
we examine model performance across the four
quantifier-combination types introduced in Sec-
tion 2 (Table 5). As expected, on the balanced
QSD dataset the highest accuracy is observed for
Combination I (U-E, surface), where both classical
predictors of scope preference converge: the first
quantifier is universal and the preferred interpreta-
tion assigns it wide scope. In contrast, the lowest
accuracy is observed for Combination IV (U-E,
inverse), where the preferred reading conflicts with
both predictors, requiring the second, existential
quantifier to take wide scope.

Combinations II (E-U, surface) and III (E-U, in-
verse) fall between these extremes. In these cases,
only one of the classical predictors supports the pre-
ferred interpretation—either linear order or quanti-
fier type—yielding intermediate performance lev-
els.

These tendencies become even more pronounced
for pseudosentences (Table 5). In the absence of
real-world referents, surface-scope readings are
resolved with substantially higher accuracy than
inverse-scope readings. Performance for interpre-
tations supported by both classical predictors ap-
proaches ceiling, while inverse-scope interpreta-
tions drop to near-chance or below-chance accu-
racy, with Combination IV again yielding the low-
est accuracy. This sharp separation highlights the
role of world knowledge in sustaining non-surface
scope interpretations and illustrates a form of in-

verse scope fragility, whereby non-surface readings
are disproportionately affected by the removal of
world-knowledge support.

3.5 Human baselines

To establish human performance baselines, we con-
ducted a set of psycholinguistic experiments de-
signed to closely mirror the model evaluation pro-
tocol.

For the balanced QSD dataset, we ran three on-
line survey studies. In total, 150 native English
speakers were recruited via Prolific (50 per study).
Written informed consent was obtained from all
participants prior to data collection. Participants
were paid approximately £3 for completing the
survey (average completion time: 15 minutes). Par-
ticipants completed a brief demographic question-
naire, and the samples were balanced with respect
to gender across studies. Each study included 40
randomly sampled, non-overlapping experimental
items from the balanced dataset (120 items total,
out of 440), supplemented with 10 filler items.
Fillers were drawn from the dataset of Kamath
et al. (2024) and consisted of sentences containing
two numerical quantifiers. Each study therefore
comprised 50 items in total.

For the pseudosentences dataset, we recruited
a separate group of 50 native English speakers.
As in the balanced-dataset studies, participants
completed a demographic questionnaire, and the
sample was gender-balanced. This experiment fol-
lowed the same overall structure as the balanced-
dataset studies. Participants received the same com-
pensation as in the balanced-dataset studies. The
study consisted of 40 experimental items and did
not include fillers.

3.6 Human Results and Comparison to
Models

Table 6 reports human accuracy on the balanced
QSD dataset and on pseudosentences, against the
background of averaged results for LLMs. On
the balanced dataset, human performance is high
across conditions, indicating that quantifier scope
can be reliably resolved when both linguistic cues
and real-world knowledge are available. Accuracy
decreases on pseudosentences, which remove real-
world referents, with the largest declines observed
for inverse-scope interpretations.

This overall pattern parallels the behavior of lan-
guage models, and supports the view that both hu-
mans and models rely on an interaction between for-



Group Dataset

LLMs (avg.) Balanced
Humans Balanced

LLMs (avg.) Pseudosentences
Humans Pseudosentences

Overall Surface Inverse
0.825 0915 0.734
0.870 0.850 0.890
0.558 0.792 0.317
0.600 0.740 0.470

Table 6: Average performance of LLMs (excluding Llama 3.1 8B) compared to human accuracy on the balanced

QSD dataset and the pseudosentences dataset.

Combination Balanced Pseudosentences
1 (U-E, surface) 0.91 0.72
II (E-U, surface) 0.77 0.75
III (E-U, inverse) 0.87 0.51
IV (U-E, inverse) 0.89 0.42

Table 7: Human accuracy across the four quantifier-
combination types on the balanced QSD dataset and on
pseudosentences.

mal constraints and world knowledge during scope
interpretation, aligning with prominent psycholin-
guistic accounts (e.g., Kurtzman and MacDonald
1993; Trueswell et al. 1994; Dwivedi 2013; Feiman
and Snedeker 2016; Dwivedi et al. 2018) At the
same time, clear differences emerge. As shown
in Table 6, humans do not exhibit a comparable
bias toward surface-scope interpretations. In par-
ticular, humans do not show a comparably strong
dispreference for inverse-scope readings when lex-
ical content lacks real-world meaning.

A more detailed breakdown by quantifier-
combination type is shown in Table 7. On the
balanced dataset, accuracy is highest for combina-
tions in which classical surface predictors support
the preferred interpretation, but remains high even
for inverse-scope combinations. On pseudosen-
tences, performance drops markedly for inverse-
scope combinations, while surface-scope combi-
nations are resolved more reliably. However, the
surface advantage is less pronounced than for lan-
guage models.

These findings indicate that while LLMs approx-
imate human scope preferences under naturalistic
conditions, they rely more heavily on surface-level
heuristics when access to world knowledge is re-
stricted. This manifests as inverse scope fragility,
whereby inverse-scope interpretations degrade dis-
proportionately in the absence of real-world refer-
ents. In contrast, human participants exhibit greater
robustness to the removal of real-world referents,
maintaining relatively stable performance even for
non-surface interpretations.

4 Experiment 2: World Knowledge via
Retrieval

In Experiment 2, we manipulate access to external
world knowledge via retrieval on the balanced QSD
dataset, while keeping the task, prompt, and scoring
procedure exactly the same as in Experiment 1.

4.1 Method

Experiment 2 extends the zero-shot setup from
Experiment 1 by equipping models with retrieval-
augmented generation (RAG). RAG has demon-
strated effectiveness across a variety of NLP tasks
that benefit from access to external knowledge (e.g.,
Lewis et al. 2020; Gao et al. 2023). We imple-
ment dense retrieval over a combined Concept-
Net and Simple Wikipedia corpus using Sentence-
Transformer embeddings and a FAISS index. For
each input sentence, we use the stimulus sentence
as the retrieval query to obtain a small set of rel-
evant passages, which are then appended to the
prompt using the same instructions and answer for-
mat as in Experiment 1, so that any differences in
performance between conditions can be attributed
directly to the availability of retrieved world knowl-
edge.

4.2 Results

Table 8 reports a per-model comparison between
simple prompting and RAG-augmented variants,
broken down by overall accuracy, surface-scope
interpretations, and inverse-scope interpretations
on the balanced QSD dataset.

For GPT and Qwen models, a consistent pattern
emerges: inverse-scope accuracy increases under
RAG, while surface-scope performance slightly de-
creases. As a result, improvements in overall accu-
racy are primarily driven by gains on inverse-scope
interpretations—precisely those configurations that
are disfavored by classical surface-based predictors.
The two Llama models diverge from this pattern
in distinct ways. Llama 3.1 8B shows improve-
ments for both surface-scope and inverse-scope
interpretations. In contrast, Llama 3.1 70B exhibits
a qualitatively different response: RAG decreases



Model Overallsiypie Overallrac Surfacesimpe Surfacegrac Inversesimpie Inverserac
GPT-5.1 0.809 0.825 0.873 0.882 0.746 0.768
GPT-40 0.836 0.811 0914 0.859 0.759 0.764
GPT-40-mini 0.830 0.811 0.918 0.859 0.741 0.764
Qwen-Max 0.830 0.821 0.932 0914 0.727 0.727
Qwen3-8B 0.793 0.811 0.918 0.896 0.668 0.727
Llama 3.1 70B 0.850 0.823 0.936 0.891 0.764 0.755
Llama 3.1 8B 0.689 0.761 0.777 0.832 0.600 0.691

Table 8: Comparison of simple prompting models and RAG-augmented models on the balanced QSD dataset.

Results are averaged across five runs.

Metric Simple RAG A

Overall 0.805 0.809 +0.004
Surface  0.895 0.876 —0.019
Inverse 0.715 0.742  +40.027

Table 9: Average effect of RAG augmentation on bal-
anced QSD performance across all models. Gains are
concentrated on inverse-scope interpretations, while
surface-scope accuracy slightly decreases on average.

accuracy for both scope types, suggesting that re-
trieved context can sometimes interfere with rather
than support scope resolution.

4.3 Discussion

Tables 9 and 10 show that the impact of RAG aug-
mentation is selective rather than uniform, and
closely tied to the interpretive difficulty of the
scope configuration. At the aggregate level (Ta-
ble 9)*, RAG yields only a limited improvement
in overall accuracy. Crucially, this effect is not
distributed evenly across scope types. Surface-
scope interpretations slightly decrease under RAG,
while inverse-scope interpretations improve. This
asymmetric pattern suggests that retrieved infor-
mation does not simply boost performance across
the board, but instead preferentially targets cases
where formal cues are insufficient.

This picture becomes clearer when examining
performance by quantifier-combination type (Ta-
ble 10). For Combination I (U-E, surface), where
both classical predictors—quantifier type and linear
order—support the preferred interpretation, perfor-
mance is already at ceiling and remains unchanged
under RAG. This indicates that when formal cues
are fully sufficient, additional world knowledge
does not alter model behavior.

For configurations in which exactly one classi-

“Including both Llama variants in the average leads to
partial cancellation in the surface-scope aggregate, as RAG
induces opposite A effects for the 8B and 70B models, while
inverse-scope gains remain positive overall because the im-
provement for Llama 3.1 8B outweighs the small degradation
observed for Llama 3.1 70B.

Combination LLM LLM+RAG A

I (U-E, surface) 0.96 0.96 +0.00
II (E-U, surface) 0.85 0.83 —0.02
II (E-U, inverse)  0.86 0.86 +0.00
IV (U-E, inverse)  0.58 0.65 +0.07

Table 10: Average accuracy across quantifier-
combination types on the balanced QSD dataset, av-
eraged over all models. RAG selectively improves the
hardest inverse-scope configuration (IV), while leaving
other configurations unchanged or slightly degraded.

cal predictor conflicts with the preferred reading,
RAG has little effect. In Combination III (E-U,
inverse), where linear order disfavors the preferred
inverse interpretation but quantifier type supports it,
performance remains stable under RAG. In Com-
bination II (E-U, surface), where quantifier type
conflicts with the preferred surface reading while
linear order supports it, accuracy shows a slight de-
crease. Together, these patterns suggest that when
partial structural support is already available, ex-
ternal knowledge does not systematically improve
scope resolution and may introduce mild interfer-
ence.

In contrast, the largest gains under RAG are ob-
served for Combination IV (U-E, inverse), which
represents the most challenging configuration. In
this case, both classical predictors actively disfavor
the preferred interpretation: the universal quanti-
fier appears first, yet the correct reading requires
the existential quantifier to take wide scope. Here,
RAG yields an improvement, precisely in the con-
dition where models must override surface-level
expectations and rely on broader knowledge about
plausible event structures.

5 Conclusions and related work

We used QSD as a controlled probe of how LLMs
integrate linguistic form and world knowledge dur-
ing interpretation. Across models, zero-shot per-
formance is high on our balanced corpus, where
real-world referents are available, but drops sub-



stantially on pseudosentences that remove such ref-
erents, with the largest degradation observed for
inverse-scope interpretations, reflecting a system-
atic fragility of non-surface readings when world
knowledge is removed. This pattern shows that
surface-level cues alone are insufficient to account
for model behavior and suggests a substantive con-
tribution of world knowledge to LLM interpreta-
tion.

Experiment 2 strengthens this conclusion by
manipulating access to external knowledge while
keeping the task and prompt fixed. Retrieval-
augmented generation yields only limited gains
in overall accuracy, but these gains are highly selec-
tive: they primarily affect inverse-scope interpre-
tations, and most clearly the hardest configuration
(U-E, inverse), where both classical surface predic-
tors conflict with the preferred reading. Taken to-
gether, our results provide converging evidence that
LLM intepretive behavior reflects an interaction
between formal interpretive pressures and world
knowledge, with world knowledge—implicit or re-
trieved—playing a particularly important role when
formal cues are insufficient or in conflict.

Our findings are consistent with results reported
by Kamath et al. (2024), who show that advanced
LLMs can exhibit scope-reading preferences simi-
lar to those of humans and achieve high accuracy
on naturalistic data, whereas smaller models tend
to fail. Overall accuracy on our balanced dataset is
lower than the near-ceiling performance reported
for GPT-4 in Kamath et al., which is expected given
key differences in dataset design. In particular, the
Kamath et al. dataset is skewed toward surface-
scope readings, as it is derived from a natural cor-
pus of LSAT examples originating in AnderBois
et al. (2012), whereas our dataset is explicitly bal-
anced and augmented to include naturally under-
represented inverse-scope readings.

As in prior work (Kamath et al., 2024; Fang and
Cong, 2025), models exhibit lower accuracy for
inverse-scope interpretations. Notably, this pattern
does not align with human behavior, as humans
showed no comparable dispreference, both in Ka-
math et al.’s experiments and in ours. In our study,
this divergence between models and humans be-
comes especially apparent in the pseudosentence
condition, where real-world referents are removed.
Under these conditions, human participants ex-
hibit greater robustness than LLMs, particularly
for inverse-scope readings. This contrast points to
a qualitative difference in how humans and LL.Ms

balance formal constraints and background knowl-
edge when semantic content is impoverished. Un-
derstanding the source of this robustness remains
an important direction for future work.

Our results also resonate with recent work on
the role of retrieval-augmented generation in lan-
guage interpretation (e.g., Cuconasu et al. 2024;
Chatzikyriakidis 2025). Retrieval does not act as
a uniform performance enhancer, but instead in-
teracts with model behavior in a highly selective
and sometimes disruptive manner. Against this
backdrop, the limited overall gains observed in Ex-
periment 2 are theoretically informative rather than
unexpected. Retrieval improves accuracy primar-
ily in configurations where implicit world knowl-
edge is insufficient and surface-level predictors
are misleading, while leaving structurally well-
supported cases unchanged and occasionally in-
troducing interference elsewhere. This pattern indi-
cates that retrieved knowledge modulates interpre-
tation through its interaction with linguistic form,
selectively enabling readings that are otherwise dis-
favored by surface predictors.

6 Limitations

All experiments in this paper are conducted on En-
glish data. Although quantifier scope ambiguity
is widely attested cross-linguistically, languages
differ in how scope is constrained and resolved.
Consequently, the present results do not directly
generalize beyond English. Extending the proposed
experimental paradigm to typologically diverse lan-
guages remains an important direction for future
work.

In addition to this language-specific limitation,
our retrieval-augmented experiments employ a sin-
gle, fixed RAG configuration, designed to enable
a controlled comparison between retrieval and no-
retrieval conditions. While this setup isolates the
effect of adding external knowledge, it does not
explore the broader space of retrieval strategies
or hyperparameter choices. Model behavior may
vary under different retrieval configurations, and
a more systematic investigation of how RAG de-
sign choices affect semantic interpretation is left
for future work.
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