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Abstract

Detecting ambiguity is important for language
understanding, including uncertainty estima-
tion, humour detection, and processing garden
path sentences. We assess language models’
sensitivity to ambiguity by introducing an ad-
versarial ambiguity dataset that includes syntac-
tic, lexical, and phonological ambiguities along
with adversarial variations (e.g., word-order
changes, synonym replacements, and random-
based alterations). Our findings show that di-
rect prompting fails to robustly identify ambi-
guity, while linear probes trained on model rep-
resentations can decode ambiguity with high
accuracy, sometimes exceeding 90%. Our re-
sults offer insights into the prompting paradigm
and how language models encode ambiguity at
different layers. We release both our code and
data: ) coastalcph/lm_ambiguity.

1 Introduction

Linguistic utterances often have ambiguous mean-
ings, but our world knowledge helps us resolve
them. Consider the ambiguous sentence in (1), and
the unambiguous alterations in (2) and (3):

(1) The man saw the woman with the telescope.
(2) The man saw the woman with the dress.
(3) The man saw the woman with his own eyes.

Even though sentences of the form NP V’ed
NP with NP are always structurally ambiguous be-
tween an interpretation where the PP modifies the
object NP — the so-called low attachment reading
exemplified by (2) — and a reading where the PP
is the instrument of the VP — the high attachment
reading exemplified by (3) — our world knowledge
can help us resolve such ambiguities by ruling out
unlikely interpretations. In particular, although it
is arguably roughly equally conceivable to do both
interpretations in (1) rendering both structurally
and semantically ambiguity, in the absence of li-
censing context, the sentences in (2) and (3) are
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Figure 1: Results across models for an existing ambi-
guity dataset, Ambient, and our adversarial ambiguity
dataset, AmbAdv.

semantically unambiguous, because it is implausi-
ble for someone to use a dress as a seeing device,
and implausible for someone to walk around with
another person’s eyes. Once supporting informa-
tion is introduced, however, implausible sentences
can become plausible (Nieuwland and Van Berkum,
2006). For example, a context in which someone
calls a telescope a dress or mistakes a telescope for
a dress or has a dress-shaped telescope can make
the instrument-PP interpretation in (2) more likely,
revealing the sentence’s underlying structural am-
biguity. In the absence of such licensing context,
reading time studies show that humans have a gen-
eral preference to attach an ambiguous PP to the
VP rather than the NP (high attachment over low
attachment), with higher reading times around the
PP region, when the high attachment reading is
not semantically licensed (Spivey-Knowlton and
Sedivy, 1995), such as in (2).

Ambiguity in language poses a great challenge
for Language Models (LMs) (see Figure 1; Liu
et al., 2023), as it can lead to hallucinations, bi-
ased completions, and misinterpretations. This
can degrade performance on tasks such as fact-
checking, sentiment analysis, and information ex-
traction (Keluskar et al., 2024). Different types of
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ambiguity affect models in distinct ways: syntac-
tic ambiguity (e.g., (1)) can lead to parsing errors
and flawed summarization or translation; lexical
ambiguity (e.g., “the speaker”) can confuse ques-
tion answering and retrieval systems, especially
in low-context scenarios; and phonological ambi-
guity (e.g., “ice cream” vs. “I scream”) compli-
cates speech recognition and dialogue modeling.
Models that can detect and reason about ambiguity
can help mitigate these issues by flagging unclear
inputs, suggesting alternative interpretations, and
improving user understanding—particularly in sen-
sitive contexts like misleading news headlines or
political claims(Liu et al., 2023). Ambiguity-aware
modeling is therefore essential for generating co-
herent, trustworthy outputs that align with human
expectations (Kamath et al., 2024a).

To systematically evaluate how well LMs handle
ambiguity, we introduce AmbAdy, a dataset with
adversarial variations of ambiguous sentences, and
find that most LLMs struggle to identify ambiguity,
with some exhibiting a ‘yes bias’ when prompted,
highlighting the need to account for class distribu-
tion in evaluation. We examine how LLMs encode
ambiguous sentences and find that linear probes on
layer-wise representations can reliably distinguish
ambiguity. Our analysis of model disambiguations
and representations suggests that LLMs may par-
tially rely on memorization to resolve ambiguity.

2 Related Work

Ambiguity enables efficient communication by
relying on context and minimizing processing
load (Piantadosi et al., 2011). Previous works have
already highlighted ambiguity as a challenge in a
variety of NLP tasks such as multimodal machine
translation (Li et al., 2022), visual question an-
swering (Stengel-Eskin et al., 2023), misleading
claim detection (Liu et al., 2023) speech-to-text
transcription (Zhu et al., 2024), humour style clas-
sification (Kenneth et al., 2024), sentiment analy-
sis (Buscemi and Proverbio, 2024), semantic pars-
ing (Stengel-Eskin et al., 2024), etc. There ex-
ist a few attempts to create ambiguity-inclusive
datasets. Min et al. (2020) introduce AMBIGQA,
identifying all possible answers to questions and
rephrasing/disambiguating them. Liu et al. (2023)
create AMBIENT, an NLI benchmark for ambi-
guity detection and disambiguation. Kamath et al.
(2024b) create a dataset of 1,000 scope-ambiguous
sentences, showing that models may be sensitive

to the meaning ambiguity.

Building on these challenges, we construct an
adversarial ambiguity dataset to evaluate whether
models can detect ambiguity in inputs resem-
bling real-world user queries. While most prior
datasets focus on lexical or syntactic ambigu-
ity, phonological ambiguity remains underex-
plored. Recent speech modeling studies show
how transformer-based models like Whisper and
Wav2Vec?2 handle phonological variation, includ-
ing homophones (Mohebbi et al., 2023), phonotac-
tic patterns (de Heer Kloots and Zuidema, 2024),
and assimilation (Pouw et al., 2024). These
findings suggest that neural models can encode
ambiguity-relevant distinctions in the speech do-
main, motivating our inclusion of phonological am-
biguity and rhyme-based perturbations. We posi-
tion AmbAdy relative to existing datasets in Table 4
and provide further motivation in Appendix A.

3 Methodology

Dataset creation We construct a dataset based
on 8 syntactically, 16 lexically, and 16 phonologi-
cally ambiguous sentences. These sentences were
hand-picked based on existing textbooks, online
linguistic studies, and ambiguity datasets (Taha,
1983; Liu et al., 2023; Stengel-Eskin et al., 2024).

Modification Type Syntactic Lexical Phonological

Original 8 16 16
Word Order 8 16 -

Synonym 540 64 64
Random 404 64 64
Rhyme 137 64 64
Total 1097 224 208

Table 1: Count of adversarial modifications across dif-
ferent linguistic ambiguity types.

We modified the originally ambiguous base sen-
tences to create sentence variants each using four
different manipulation types: (i) Word order. We
swap the subject and the object of the sentence or,
when not possible, create passive/active voice al-
ternations. Critically, this manipulation does not
lead to a semantically implausible interpretation
of either of the PP attachment possibilities. (ii)
Synonymous word. We exchange a key word in the
sentence for a synonym. Because we use synonyms,
these sentence variants have the same ambiguity
structure as the original example. (iii) Random
word. We exchange a keyword in the sentence for a
random word of the same syntactic category. These
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sentence variants rule out one interpretation of the
sentence (i.e., here: the PP can no longer be inter-
preted as introducing the instrument of the seeing
action). (iv) Rhyme word. We exchange a key word
in the sentence for a word that rhymes in sound
with the original word.

Table 2 shows an example of these data manip-
ulations, and Table 1 presents the dataset statis-
tics. The total number of sentences in AmbAdv
is 1529, with 671 labeled as ambiguous. Further
details can be found in Appendix B. Each manipu-
lation type targets a different type of ambiguity and
model robustness. Word substitutions have long
been used in adversarial NLP (Zhou et al., 2021;
Goyal et al., 2023; Bespalov et al., 2023; Sabir
et al., 2023; Zhang et al., 2024) to explore model
vulnerabilities and assess generalization under dis-
tribution shifts. Word order can affect model perfor-
mance (Abdou et al., 2022). Synonym substitutions
simulate natural lexical variation while preserv-
ing ambiguity, testing semantic resilience (Hsieh
et al.,, 2019). Random substitutions disrupt se-
mantic coherence to test model reliance on lexi-
cal cues. Rhyme-based substitutions, introduced
here as a novel perturbation, explore phonological
similarity, an underexplored adversarial strategy in
NLP (Suvarna et al., 2024). This is particularly
relevant given the growing interest in phonological
effects in LLM outputs, especially in multimodal
contexts (Fathullah et al., 2024).

Ambiguous?

M ion E
P

Struct. Semant.

Original The man saw the woman with the telescope.
Word Order The woman saw the man with the telescope.
Synonym Word ~ The man saw the woman with the binoculars.
Random Word ~ The man saw the woman with the book.
Rhyme Word The man saw the woman with the gyroscope.

AN
>x %X NSNS\

Table 2: Overview of manipulation types for the syntac-
tically ambiguous sentences.

Dataset validation Lexical and phonological am-
biguities were straightforward to annotate and val-
idate. Lexical ambiguity was verified via dictio-
nary lookup, while phonological ambiguity was
confirmed using IPA transcriptions from authori-
tative sources to identify homophones or rhyming
patterns. On the contrary, the syntactic sentences
are all syntactically ambiguous, allowing multiple
interpretations of their structure. However, consid-
ering the meanings of the words can often disam-
biguate them. For example, “The man saw the
woman with the dress” (a random word substi-

tution) is structurally ambiguous, but our world
knowledge precludes interpreting a dress as a vi-
sual instrument.! Based on this extra-linguistic
reasoning, we classified sentences with random
and rthyme word substitutions as unambiguous.

To validate our annotations, three annotators in-
dependently labeled a random 50% sample of the
dataset as ambiguous or unambiguous, incorpo-
rating real-world knowledge in their judgments.
Inter-annotator agreement, measured by Cohen’s
Kappa, was 91%. Agreement for synonym-based
sentences was ~84%, and for random/rhyme sub-
stitutions, around ~98%.

Models We are interested in evaluating whether
LLMs can reliably modulate their judgments of
a sentence’s ambiguity status in the face of min-
imal adversarial attacks that either change or do
not change the sentence’s ground truth ambigu-
ity label. To this end, we use four open-access
instruction-tuned LLMs in the 7 Billion parameter
regime, selected based on their performance on the
LMSys chatbot arena leaderboard:> Qwen-2.5-7b,
Mistral-7b-v0.3, Llama-3-7b, and Gemma-7b.
We set the experiments in a binary classification
set-up because it provides a straightforward and
interpretable approach, which can also be seen in a
real-world scenario in which a user asks a model if
a sentence (e.g., a news headline) is ambiguous.

Prompting strategy We frame our experiments
as ambiguity identification tasks. We use 8 dif-
ferent prompts that elicit responses in a structured
Jinja2 format across the different model chat tem-
plates.> The prompts are: 2 default prompts and
6 prompts with various binary words in different
orders to investigate a potential “yes-bias” (Den-
tella et al., 2023) and model consistency,*. For a
set of 120 sentences, we also use 2 disambigua-
tion prompts. We provide the templates in Ap-
pendix C.1. To evaluate the model responses, we
calculate the accuracy/error rate, i.e., the propor-
tion of matches/mismatches between the annotated
and predicted ambiguity status.

"Except, of course, if the dress has a mirror. Such excep-
tions illustrate how pragmatics may override semantics (Mor-
ris, 1946), but LLMs must be sensitive to distinctions between

syntactic ambiguities that support multiple conventional read-
ings and those typically resolved by context.

2 (@ spaces/lmsys/chatbot-arena-1leaderboard

3 ) jndiogo/LLM-chat-templates

*We define consistency here as the ability to make reli-
able decisions in semantically similar contexts demonstrating

a systematic capacity to generalize across language varia-
tions" (Elazar et al., 2021).
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Syntactic Error Rates

Lexical Error Rates

Phonological Error Rates

original 0.30 0.02 0.54 0.40 0.03 0.35 0.38 0.27
synonym HOGE 044 0.26 0.02 0.56 0.69 0.26 0.31 0.29
random 0.82 0.79 0.92 0.63 0.97 0.33 0.42 0.30
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Figure 2: Results across models after zero-shot prompting, showing the error rate of the different synonym, random,
and rhyme word modifications. Values closer to 1 indicate a higher error rate.

Syntactic Lexical Phonetic Ambient
Qwen-2.5 0.436 £0.028 0.491 +£0.128 0.781 £0.032 0.693 +0.025
Mistral-v0.3  0.360 +0.064 0.407 £0.088 0.647 +£0.197 0.703 4 0.055
Llama-3 0.462 £0.026 0.360 £0.058 0.697 £0.105 0.636 + 0.068
Gemma 0.525 +£0.015 0.268 +0.006 0.247 +£0.092 0.299 + 0.080

Table 3: Average accuracy results across 8 different prompt templates.

4 Experiments and Results

Ambiguity Identification We visualize the av-
erage results over five runs across 8 prompts in
Figure 1 and Table 3. We observe several trends:
(1) Most models perform worse on AmbAdyv, even
though the sentences are simpler compared to Am-
bient, indicating some model sensitivity in the ad-
versarial sentence modifications. (2) The models
demonstrate consistent performance across 8 dif-
ferent prompts, with an average accuracy differ-
ence of less than 0.1 points. (3) Qwen and Mistral
perform worst in the syntactically ambiguous sen-
tences, while Llama performs worst in the lexical
ambiguous sentences. (4) Gemma performs better
on the syntactic set, but upon checking the distri-
bution of responses, we found that it gives almost
all affirmative answers. The syntactic set is more
balanced with equal positive and negative exam-
ples, while the other datasets contain more negative
examples (see Figure 4). (5) This suggests a “yes
bias” in most of the model outputs.

Adversarial Sentence modifications. We pro-
vide an aggregation of each model’s performance
across types of sentence modifications in Figure 2.
We observe the following: (1) Ambiguity identifica-
tion seems to be a challenging task for most models.
(2) Synonym words are not always more challeng-
ing than the original sentences. (3) Both random

and rhyming words pose the greatest challenge for
most models, suggesting a lack of resilience to ad-
versarial substitutions. (4) Qwen is the only model
that performs better on random substitutions and
struggles with the original sentences. This behavior
may suggest an attempt to avoid memorization of
the original sentences, which were likely part of its
training data. Alternatively, it could indicate that
the model maintains a more balanced approach in
generating yes/no responses.

Disambiguation analysis For the syntactic am-
biguity set, we prompted models to also provide
disambiguations on a set of 120 sentences. Man-
ual error analysis revealed the following: (1) Only
Qwen and Llama provided accurate disambigua-
tions, but only for the original and synonym cases.
Mistral and Gemma add hallucinations in their re-
sponses (e.g., ‘“The man saw a woman near the
location of the dress’, or ‘The man saw the woman
with the camera, and she was taking pictures’).
(2) Despite identifying ambiguity, many models
lack world knowledge—e.g., they change the ac-
tion verb with synonym instruments for ‘telescope’
(e.g., ‘using or holding a camera/glasses/polaroid’
but not ‘seeing with a camera/glasses/polaroid’).
Additionally, inanimate objects are sometimes as-
signed actions (e.g., ‘A mug witnessed a woman
using a telescope’, ‘The telescope saw the man
who was with the woman’). (3) In some cases,
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Figure 3: Representational analysis of hidden state representation across layers. Linear Probe accuracies for Llama-3
and Gemma for different functional roles of tokens, e.g., first verb or last noun (left). PCA projections extracted for
different token roles, blue/orange indicate ambiguous/unambiguous sentences (right).

the model repeated the disambiguation of the origi-
nal sentence in synonym substitutions, indicating a
memorization effect. We provide a sample of the
model responses in the Appendix Tables 9 and 10.

Representational Analysis After assessing the
behavioural model performance and error patterns,
we now investigate to what extent residual stream
representations can decode ambiguity in a subset
of 142 samples of the AmbAdv dataset that con-
tains variations of a sentence (1). We extract layer-
wise representations of specific token roles, i.e.,
first verb, first noun/proper noun, last noun, last
punctuation, and the final end of prompt sentence
representation (eos). We compute probe accura-
cies (Radford et al., 2021; Campbell et al., 2023)
for each role via a 5-fold linear probe evaluation
using a logistic regression model (80/20 train/test
splits). We present a summary of our results in
Figure 3, with additional details provided in Ap-
pendix D. Our findings show that averaged probe
accuracies are consistently higher compared to the
performance of the model’s generated responses
through prompting. We find probe accuracies of
0.9 and higher for token representations related
to the last punctuation and last noun token, start-
ing from layer 5 on. The first noun/proper noun
and verb reach moderately high accuracy scores
of 0.6 — 0.7. The final prompt token, used by the
language modeling head to generate the answer

token, achieves probe accuracies of 0.85 — 0.90
from layer 12 on, which appear delayed compared
to the other token types considered. An analysis of
PCA projections of representations highlights that
ambiguous/unambiguous (blue/orange in Figure 3
samples appear clustered, yet we do not find a clear
direction that would uniquely code for ambiguity.
Interestingly, we observe groups of both ambiguous
and unambiguous sentences clustering around the
original sentence (indicated by a blue star). This
offers representational insight into repeated mis-
classifications, which may stem from memorized
patterns, as many AmbAdv source sentences are
publicly available online.

5 Conclusion

We introduce the first adversarial dataset for linguis-
tic ambiguity to evaluate whether LLMs can assess
a sentence’s ambiguity status under minimal adver-
sarial attacks that may or may not alter its ground
truth label. Our results show that LLMs struggle to
accurately interpret ambiguous sentences. While
ambiguity-related information seems present in the
models’ representations, they fail to leverage it
effectively in their outputs. Our representational
analysis shows that linear probes on layer-wise
representations can reliably distinguish ambiguity,
suggesting that LLMs may partially rely on memo-
rization rather than ambiguity understanding.
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6 Limitations

We use prompting as our evaluation paradigm to ex-
plore the model and prompting limitations, as this
method is likely to be used by users of language
models in real-world settings. For example, a user
might ask if a given sentence (e.g., a news head-
line) is ambiguous. This is why we designed the
dataset with different types of linguistic ambigu-
ity sentences, aiming to systematically investigate
how well models can identify ambiguity even in
publicly available and adversarial examples. Be-
fore the LLM era, linguistic knowledge encoded in
neural language models and LL.Ms has been eval-
uated using either log likelihood comparisons of
minimal pair sentences (Linzen et al., 2016; Futrell
et al., 2019; Warstadt et al., 2020; Hu et al., 2020,
2024) or through probing of the model’s represen-
tations of a stimulus (Hewitt and Manning, 2019;
Eisape et al., 2022; Miiller-Eberstein et al., 2022).
Similarly, semantic plausibility has been evaluated
using log-likelihood measures and representation
probing (Kauf et al., 2023; Michaelov et al., 2023;
Misra et al., 2024).

More recently, prompting emerged as a way to di-
rectly prompt LLMs for linguistic knowledge using
natural language (e.g., Brown et al., 2020; Blevins
et al., 2023). Nevertheless, a direct comparison
of log-likelihood and prompting measures shows
that prompting may systematically underestimate
the model’s true linguistic capabilities because it
requires the models not only to solve the task, but
also to correctly interpret the prompt and to trans-
late their answer into the desired output format (Hu
and Levy, 2023; Hu et al., 2024). This is the rea-
son that motivated us to include a representational
analysis, in addition to a prompting-type analysis.

Moreover, adversarial datasets, having been
specifically designed to fool a model, may be sub-
ject to the biases of the dataset creators (Li and
Michael, 2022). However, the purpose of our
dataset is not to train and build models that are
more robust to spurious correlations but rather to
interpret and evaluate certain model behaviours.
The size of our dataset may also be a limitation,
as it can only be used for cases that evaluate the
sensitivity of LMs toward ambiguity and adversar-
ial examples. Lastly, a major limitation is that our
dataset only includes English sentences, which lim-
its its applicability to other languages. We provide
further motivation for our study and dataset choices
in Appendix A.

7 Ethics

We do not foresee any ethical concerns. On the
contrary, the scope of our dataset is purely for sci-
entific research of language models and can poten-
tially help identify ambiguity in political claims,
news headlines, and other domains. The research
was conducted in accordance with ethical princi-
ples, and no sensitive or personal data was used or
collected during the study. We fairly compensated
each annotator involved in this study at a rate of $18
per hour on the crowdsourcing platform Prolific.’
The only requirement for annotators’ demographic
and geographic characteristics was being a native
English speaker. The instructions given to the anno-
tators were very similar to the default prompts we
used in our work (see Appendix C.1. The dataset
contains linguistic sentences that can be found in
grammar books and do not raise any privacy or
ethical concerns. In terms of resources we esti-
mate less than 12 hours GPU (A100 40GB) usage.
Both our dataset and code are publicly available
under CC BY 4.0 © and MIT licences respectively
at O coastalcph/1lm_ambiguity.
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A Motivation

The motivation behind creating AmbAdyv, the first
adversarial ambiguity dataset, lies in the fact that
ambiguity remains a persistent challenge for lan-
guage models. Prior work has explored ambigu-
ity in narrow contexts, such as natural language

inference (NLI) (Liu et al., 2023), semantic pars-
ing (Stengel-Eskin et al., 2024), and log probabili-
ties (Kamath et al., 2024a). These studies primarily
focus on syntactic and scope ambiguity, assessing
how LLMs handle ambiguous inputs in zero-shot
and few-shot settings. However, previous work has
not directly assessed LLMs’ ability to detect ambi-
guity through user-facing interactions. Since users
engage with LLMs via direct prompts, it is crucial
to understand how models respond to ambiguous
inputs in real-world usage.

To systematically evaluate ambiguity sensitiv-
ity, we focus on three key ambiguity types: syn-
tactic, lexical, and phonological. This selec-
tion is grounded in cognitive and linguistic the-
ories (Zabotkina et al., 2021), which classify am-
biguity into lexical, phonological, morphological,
and syntactic categories. We put a great focus on
syntactic ambiguity, particularly PP attachment am-
biguities, as it poses challenges for parsing and can
lead to garden-path effects. Moreover, identifying
between the two possible structures/readings of a
syntactically ambiguous sentence often requires
background world knowledge (Saba and Corriveau,
2001), which is a challenging concept for an ar-
tificial intelligence model (Ivanova et al., 2024).
We included lexical ambiguity, as it is the most
frequent, as word meanings are highly flexible and
influenced by both linguistic and extralinguistic
factors. Lastly, phonological ambiguity, though
rarely explored in computational settings, is crucial
in spoken language, humour, and wordplay—ryet,
to our knowledge, no dataset has included it. Mor-
phological ambiguity was not included, as it was
infeasible to systematically construct adversarial
variations.

By focusing on these ambiguity types, we aim
to broaden the scope of ambiguity evaluation and
examine whether LLMs can recognize and handle
the diverse sources of linguistic uncertainty that
shape human communication.

A.1 Comparison with Prior Datasets

While several recent datasets have explored ambi-
guity in language models, AmbAdyv is unique in its
adversarial construction and coverage of ambiguity
types. Unlike prior resources such as AmbigQA,
Ambient, AMP, and Scope, which primarily fo-
cus on naturally occurring ambiguities within spe-
cific tasks like open-domain question answering
or natural language inference, AmbAdv system-
atically introduces controlled perturbations—such
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Dataset Size Ambiguity Types Use Case Adversarial
AmbigQA (Min et al., 2020) 14,042 Referential Open-domain QA X
Ambient (Liu et al., 2023) 1,645 Lexical, Syntactic NLI, Disambiguation X
AMP (Stengel-Eskin et al., 2024) NA-Synthetic Lexical, Syntactic Semantic Parsing X
Scope (Kamath et al., 2024a) 1,000 Scope Human Preference Analysis X
AmbAdyv (Ours) 1,529 Syntactic, Lexical, Phonological ~Ambiguity Identification, Disambiguation v

Table 4: Comparison of AmbAdv with related ambiguity datasets in terms of size, ambiguity types, intended use

case, and adversarial construction.

as synonym replacements, random substitutions,
and rhyming alterations—to create ambiguous and
unambiguous sentence pairs. This adversarial ap-
proach is designed to rigorously evaluate model ro-
bustness in handling ambiguity. Additionally, Am-
bAdv is the first to incorporate phonological am-
biguity (i.e., homonyms) into its evaluation frame-
work, addressing a previously underexplored area
in ambiguity research. By centering on the task
of ambiguity identification, AmbAdv challenges
models to detect and interpret ambiguous inputs
without external context, thereby complementing
existing resources and providing a valuable bench-
mark for advancing research in ambiguity detection
and resolution within NLP systems. Table 4 pro-
vides a summary that can help position our dataset
relative to prior work.

B Dataset Details

The dataset was curated by the authors of the pa-
per after collecting linguistic ambiguity sentences
from various online linguistic textbooks and pub-
licly available datasets (Taha, 1983; Liu et al.,
2023; Stengel-Eskin et al., 2024). For syntac-
tic ambiguity, we generated a total of 1,097 sen-
tences, with sentence variants for each manipula-
tion type and part of speech. We decided to pro-
vide multiple variations for the different parts of
the sentence, as the set of sentences has a similar
structure, and we wanted to reflect how ambiguity
arises from a network of heterogeneous partici-
pants—agents, subjects, and objects—each with
varying roles (Zabotkina et al., 2021). For lexical
and phonological sentences, we created 4 exam-
ples per manipulation type, resulting in a total of
224 sentences for lexical ambiguity and 208 for
phonological ambiguity (we did not have a differ-
ent word order in phonological ambiguity because
the homonyms changed).

Many researchers have explored word substitu-
tion as a form of adversarial attack in NLP (Zhou
et al., 2021; Bespalov et al., 2023; Sabir et al.,

2023; Zhang et al., 2024). Building on this foun-
dation, we selected synonym replacement, word
order changes, and random perturbations as core
transformation types, as these are commonly used
in adversarial defense benchmarks and robustness
evaluations (Goyal et al., 2023). To extend beyond
traditional lexical and syntactic manipulations, we
introduced a novel rhyme-based perturbation, mo-
tivated by the underexplored area of phonologi-
cal ambiguity. This choice is further supported
by the growing interest in phonological effects in
LLM outputs (Fathullah et al., 2024; Suvarna et al.,
2024), particularly as models increasingly integrate
multimodal capabilities. By incorporating this di-
verse set of perturbations, our study aims to inves-
tigate a broader spectrum of ambiguity types and
assess model robustness across both well-studied
and emerging linguistic phenomena.

Rhyme substitutions explore phonological sim-
ilarity, an underexplored adversarial strategy in
NLP (Suvarna et al., 2024). These are particularly
relevant given the increasing attention to phonolog-
ical effects in LLM outputs, especially in spoken
or dialogue contexts (Fathullah et al., 2024).

Table 5 presents the complete set of base sen-
tences used for syntactic ambiguity. Table 6 lists
all base sentences for phonological ambiguity, and
Table 7 provides the full set for lexical ambiguity.

Z
e

Sentence

The man saw the woman with the telescope.

She fed her cat food.

Harry loves his pet turtle more than his wife.

The captain ordered the old men and women of the ship.

I saw a dog in my pyjamas.

An enraged cow injured a farmer with an ax.

The hospital is being sued by six foot doctors.

Helen got lunch ready for her daughter wearing a summer dress.

el e R R

Table 5: Set of syntactically ambiguous base sentences.

To ensure consistency in our annotations, we ap-
plied distinct validation strategies for each ambigu-
ity type. Lexical ambiguity was identified through
dictionary lookup, confirming that a word had mul-
tiple meanings depending on context. Phonological
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ra
e

. Sentence Pair

It’s not easy to wreck a nice beach. / It’s not easy to recognize speech.

I'saw a sea monster. / I saw a seam on stir.

She sells seashells by the seashore. / She sells sea shells buy the sea sure.

‘Whale meat again. / We’ll meet again.

I'saw a bear in the forest. / Eye sore a bare inn the for rest.

He took a nice cold shower after his date. / He took an ice cold shower after his date.
The stuffy nose is annoying. / The stuff he knows is annoying.

He couldn’t wait to leave the mall. / He couldn’t wait to leave them all.

9 The good can decay many ways. / The good candy came anyways.

10 She can’t bear to lose the race. / She can’t bear to lose their ace.

11 He’s a man of many talents. / He’s a man of mini talents.

12 Thurt myself with the four candles. / I hurt myself with the fork handles.

13 Tordered pepperoni pizza. / I ordered pepper only pizza.

14 They wanted to explore the ancient ruins. / They wanted to explore the agent’s ruins.
15 Ilove you. / Aisle of view.

16  Caesar salad. / Seize her salad.

[ R Y N

Table 6: Set of phonologically ambiguous sentence
pairs.

No. Sentence

1 Your boss is a funny man.

2 The speaker is at the front of the room.
3 He’s not very well off.

4 John and Anna are married.

5 It is my belief that the earth is round.

6 She is looking for a match.

7 Give me a ring.

8 Show me the light feathers.

9 We saw her duck.

10 I'm going to take a break from studying.
11 Alice and Jon disagreed.

12 Give me the bat!

13 What you said is insane.

14 Yesterday I went to the bank.

15  Ican’tfind the glasses.

16  He didn’t see the picture of the disaster.

Table 7: Set of lexically ambiguous sentences.

ambiguity was validated using IPA transcriptions
from authoritative linguistic resources to verify ho-
mophony or rhyming patterns. In contrast, syntac-
tic ambiguity was treated differently: all syntactic
examples were constructed to allow multiple struc-
tural interpretations. However, we observed that
many such cases could be pragmatically disam-
biguated based on world knowledge. For instance,
in the sentence “The man saw the woman with the
dress,’ although the syntax permits multiple parses,
common sense rules out interpreting the dress as
a visual instrument. Based on this reasoning, we
labeled sentences with random or rhyme-based sub-
stitutions as unambiguous, since their ambiguity
was not plausible under typical interpretive con-
texts.

All annotators were recruited via the Prolific
crowdsourcing platform’ and compensated fairly
at a rate of $18 per hour. The only eligibility cri-
terion was being a native English speaker, with
no restrictions on geographic location. Annota-
tors received task instructions closely aligned with

"https://www.prolific.com/

the default prompts used in our experiments (see
Appendix C.1 for details), ensuring consistency
between model and human evaluations.

We also present in Figure 4 a distribution of the
ambiguous or non-ambiguous sentences comparing
the Gold Label as annotated in the datasets, and the
model predictions.

C Experiments

C.1 Prompt Templates

We used a total of 8 different templates for am-
biguity identification: 2 default templates -one
asking directly if the sentence is ambiguous and
one asking indirectly if the sentence has two
interpretations-, and 6 templates with a binary word
alteration between true, false, yes, no, right, and
wrong. We also used 2 templates for ambiguity
disambiguation, which are modified versions of the
default templates. We provide indicative examples
of the Llama with the llama chat template in Fig-
ures 5-13. All templates and model outputs will be
available upon releasing our codebase.

C.2 Results across Prompts

We present the results across the different prompt
templates in Table 8. Overall we observe that mod-
els perform better on different prompts, and there
does not seem to be an optimal prompt. The vari-
ations may be marginal in some cases, suggesting
that most models we examined are not prompt-
sensitive. The only model that seems to have a
preference for a prompt is Gemma, which seems
to prefer the default2 prompt asking directly if a
sentence is ambiguous.

We also provide a random sample of responses
from Qwen-2 and Llama-3 using the disambigua-
tion prompt in Figure 9 in Tables 9 and 10. below.
The full model responses will be available in our
codebase.

C.3 Results Across Syntactic Roles

While creating the dataset for syntactic ambigu-
ity, we carefully altered the sentences according to
the manipulations described in Table 2 by chang-
ing specific sentence components. In particular,
we modified the subject, object, the prepositional
phrase (if any), and all components in the set of
our original sentences. This division reflects the
fact that ambiguity arises from a network of het-
erogeneous participants—agents, subjects, and ob-
jects—each with varying roles, reflexive awareness,
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B Ambiguous M Not Ambiguous

Syntactic Lexical Phonological Ambient
Qwen-2.5 - I [ [
Mistral-v0.3 /I I I I
Llama-3 /I, I [ [
Gemma - I I I
Gold Labe] -{Rm I Jq [
(I) 1()I00 (I) 2(I)O (I) 2(I)O (I) 1OI00

Figure 4: Comparison of the ambiguous and non-ambiguous count of sentences predicted by language models
against the ’gold standard label’.

Model Defaultl Default2 False No Right True Wrong Yes AVG
Qwen-2.5 0.409 0.409 0473 0479 0433 0444 0426 0414 0.436
Mistral-v0.3 0.503 0.378 0.356 0.306 0.322 0.304 0368 0.340 0.360
Llama-3 0.511 0.486 0.440 0473 0.447 0450 0439 0447 0462
Gemma 0.530 0.489 0.531 0.531 0.531 0.531  0.531 0.531 0.525
(a) Syntactic Ambiguity
Model Defaultl Default2 False No Right True Wrong Yes AVG
Qwen-2.5 0.354 0.354 0.608 0.588 0.550 0.617 0.542 0.312 0.491
Mistral-v0.3 0.263 0.287 0.388 0.508 0.458 0.458 0438 0.454 0.407
Llama-3 0.271 0.438 0.400 0.375 0375 0404 0333 0.287 0.360
Gemma 0.267 0.283 0.267 0.267 0.267 0.267 0.267 0.263 0.268
(b) Lexical Ambiguity
Model Defaultl Default2 False No Right True Wrong Yes AVG
Qwen-2.5 0.795 0.753 0.753 0.747 0.802 0.840 0.764 0.792 0.781
Mistral-v0.3 0.646 0.177 0.681 0.733 0.726 0.819 0.715 0.681 0.647
Llama-3 0.663 0.788 0.809 0.792 0.670 0.670 0.701 0.486 0.697
Gemma 0.076 0.198 0.198 0.319 0.306 0.212 0.323 0.347 0.247
(c) Phonetic Ambiguity
Model Default] Default2 False No Right True Wrong Yes AVG
Qwen-2.5 0.654 0.654 0.706 0.700 0.712 0.711  0.707 0.700 0.693
Mistral-v0.3 0.570 0.702 0.712 0.735 0.724 0.733  0.718 0.727 0.703
Llama-3 0.524 0.729 0.672 0.631 0.673 0.672 0.632 0.551 0.636
Gemma 0.261 0.494 0.265 0.265 0.271 0.271  0.267 0.299 0.299

(d) Ambient Premises

Table 8: Accuracy Results for Different Ambiguity Sets
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one way?

{{ sentence }}

{{ schema }}
<|eot_id|>

<|start_header_id|>system<|end_header_id|>

Considering real-world knowledge, could this sentence be interpreted in more than

Format your response according to the following JSON schema:

Figure 5: Default]l prompt used for identifying syntactic and lexical ambiguities.

{{ sentence }}

{{ schema }}
<|eot_id|>

<|start_header_id|>system<]|end_header_id|>

Based on general world knowledge, is the following sentence ambiguous?

Format your response according to the following JSON schema:

Figure 6: Default2 prompt used for identifying syntactic and lexical ambiguities.

<|start_header_id|>system<|end_header_id|>

Based on general world knowledge, is the following sentence ambiguous?

Reply with True or False.

{{ sentence }}

Format your response according to the following JSON schema:

{{ schema }}
<|eot_id|>

Figure 7: Example of the True binary type alteration prompt for identifying syntactic and lexical ambiguities.

and intentionality (Zabotkina et al., 2021).

After prompting our models, we then examined
whether there were any salient differences in error
rate across syntactic roles. We report the results
of this experiment in Figure 14. Overall, we find
that the results are relatively stable across syntactic

roles and no significant patterns could be identified.

D Representational Analysis

We also provide further insights from the represen-
tational analysis across more layers. We present
examples from the initial (layer 0), early (layer
6), middle (layer 12), and late layers (layer 24)
across all token roles. We show PCA projections
for Llama-3 in Figure 15 and Gemma in Figure 16
across layers and token types. We extract represen-
tations of the final end of prompt sentence represen-
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<|start_header_id|>system<|end_header_id|>

Based on general world knowledge, is the following sentence ambiguous?

Reply with False or True.

{{ sentence }}

Format your response according to the following JSON schema:

{{ schema }}
<|eot_id|>

Figure 8: Example of the False binary type alteration prompt for identifying syntactic and lexical ambiguities.

{{ sentence }}

{{ schema }}

<|begin_of_text|><|start_header_id|>user<|end_header_id|>

Based on general world knowledge, is the following sentence ambiguous? If yes,
provide the two disambiguations of the sentence separated by a comma.

Format your response according to the following JSON schema:

<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 9: Example of the prompt used for the disambiguation task.

Sentence 1: {{ sentencel }}
Sentence 2: {{ sentence2 }}

{{ schema }}
<|eot_id|>

<|start_header_id|>system<|end_header_id|>

Could these two sentences sound alike but have different meanings?

Format your response according to the following JSON schema:

Figure 10: Defaultl prompt used for identifying phonological ambiguity.

tation (eos), the first verb, first noun, and last noun.
Across models and token types, representations
extracted at the first layer, which are not yet contex-
tualized via the encoder module, do not allow for
decoding ambiguity, and no meaningful clustering
structure has emerged yet. At early layer 6, the last
noun already achieves remarkably high probe accu-
racies in both Llama-3 (0.83) and Gemma (0.93),
which consistently increase towards later layers.

Similarly, but at an overall lower level, the first
verb and first noun, also achieve higher probe ac-
curacies of 0.6 — 0.69, but plateau from middle
layers on for both models. Interestingly, the eos
probe accuracies remain low in early layers at 0.45
(Llama-3) and 0.55 (Gemma), but increase from
then on and achieve high scores in late layers of
around 0.9. We furthermore observe a clustering
of samples around the original sentence examples
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Sentence 1: {{ sentencel }}
Sentence 2: {{ sentence2 }}

{{ schema }}
<|eot_id|>

<|start_header_id|>system<|end_header_id|>

Are these two sentences phonologically ambiguous?

Format your response according to the following JSON schema:

Figure 11: Default2 prompt used for identifying phonological ambiguity.

<|start_header_id|>system<]|end_header_id|>

Are these two sentences phonologically ambiguous? Reply with True or False.

Sentence 1: {{ sentencel }}
Sentence 2: {{ sentence2 }}

Format your response according to the following JSON schema:

{{ schema }}
<|eot_id|>

Figure 12: Example of the True binary type alteration prompt for identifying phonological ambiguity.

<|start_header_id|>system<|end_header_id|>

Are these two sentences phonologically ambiguous? Reply with False or True.

Sentence 1: {{ sentencel }}
Sentence 2: {{ sentence2 }}

Format your response according to the following JSON schema:

{{ schema }}
<|eot_id|>

Figure 13: Example of the False binary type alteration prompt for identifying phonological ambiguity.

used to build adversaries and variations contained
in our AmbAdv dataset, e.g., for the first verb, this
appears across all layers in both models, hinting
at the model’s limited ability to accurately disam-
biguate sentence meaning from the verb alone. Our
results further hint at a special role of the last noun,
as the model appears to distinguish between am-
biguous and non-ambiguous instances through the
last noun representation. Importantly, several token

types outperform the behavioural model evaluation,
while our representational probe analysis of the eos
token highlights that relevant information for accu-
rate inferences is available, but can not be reliably
used by the model for generating correct answers.
In conclusion, our analysis highlights the evolving
role of token representations across layers, with a
particular emphasis on the last noun as a central
factor in disambiguating sentence meaning.
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Synonym Words Random Words Rhyme Words

all JUSEANIFSE 0. ! L 0.79 0.76 | 0.99 ) 094 0.97 1.00
subj . ; ; ! ! 091 1 0.79 | 1.00 ! 0.82 0.88 0.94
obj 72 1 0.53 ; ! L 0.84 0.78 0.86 3 . 0.81 0.83

Il 0.53 0. : 74 084 085 91 083 0.90

Figure 14: Results across models after zero-shot prompting, showing the error rate of the different synonym, random,
and rhyme word modifications. Values closer to 1 indicate a higher error rate. We denote the substitution of the
subject components of a sentence as subj, the object components as obj, and the prepositional phrases as pp. Lastly,
when we substitute more than two words we refer to this manipulation as all.
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Text

Is Ambiguous

Disambiguations

The man saw the woman with the telescope.
The woman saw the man with the telescope.
The guy saw the girl with the telescope.

The man saw the woman with the microscope.
The man saw the woman with the monocular.
The man saw the woman with the camera.
The man saw the woman with the book.

The man saw the woman with the dress.

The man saw the woman with the suitcase.

The mug saw the woman with the telescope.

The telescope saw the man with the woman.

The detective saw the woman with the tele-
scope.
The teacher saw the woman with the telescope.

The mother saw the woman with the telescope.

The father saw the woman with the telescope.

The artist saw the woman with the telescope.

The explorer saw the woman with the tele-
scope.

The man saw the bridge with the telescope.
The man saw the eagle with the telescope.
The man saw the weather with the telescope.
The man saw the beer with the telescope.
The man saw the bee with the telescope.
Jenny saw Alex with the camera.

The boy saw the girl with the glasses.

The biologist saw the student with the tele-
scope.

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

[’The man used a telescope to see the woman, The man saw the
woman who was holding a telescope’]

[’The woman used a telescope to see the man, The woman saw
the man who was holding a telescope’]

[’The man used a telescope to see the woman, The man saw the
woman who was using a telescope’]

[’The man used the microscope to see the woman, The man saw
the woman who was using a microscope’]

[’The man used a monocular to see the woman, The man saw the
woman who was holding a monocular’]

[’The man saw the woman who was holding a camera, The man
saw the woman using a camera to take a picture.’]

[’The man saw the woman holding a book, The man saw the
woman who was a writer of a book’]

[The man saw the woman wearing the dress, The man saw the
woman who was with the dress (possibly holding it or in posses-
sion of it).’]

[’The man saw a woman who was carrying a suitcase, The man
saw a woman with a suitcase (near her)’]

[’A mug witnessed a woman using a telescope, A person named
Mug observed a woman with a telescope.’]

[’ The telescope was used to observe a man and a woman together,
The telescope had a man and a woman looking through it at the
same time.’]

["The detective saw the woman using a telescope, The detective
saw the woman near a telescope’]

['The teacher used a telescope to see the woman, The teacher saw
the woman who was carrying a telescope’]

[’The mother used a telescope to see the woman, The mother saw
the woman holding a telescope’]

[’The father saw a woman who was using a telescope, The father
saw a woman with a telescope, meaning a woman who is associ-
ated with or has a connection to a telescope’]

["The artist saw a woman who was using a telescope, The artist
saw a woman who was looking at something through a telescope’]
[’The explorer saw a woman who was using a telescope, The
explorer saw a woman with a telescope, i.e. the woman was in
possession of the telescope’]

[’The man saw the bridge through the telescope, The man saw the
bridge that had a telescope on it’]

[’The man saw the eagle through the telescope, The man saw the
eagle that had a telescope on it’]

[The man used a telescope to observe the weather, The man saw
the weather conditions through the telescope’]

[’The man saw the beer using the telescope, The man looked at
the beer with the aid of a telescope’]

[’The man saw the bee with his own eyes, The man used the
telescope to see the bee’]

[Jenny saw Alex holding a camera, Jenny saw Alex use a camera
to take a picture’]

['The boy saw the girl wearing glasses, The girl was accompanied
by a boy who was wearing glasses’]

['The biologist saw the student using the telescope, The biologist
saw the student with (near or holding) a telescope’]

Table 9: Ambiguity predictions and their disambiguations according to Qwen-2.5
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Text

Is Ambiguous

Disambiguations

The man saw the woman with the telescope.

The woman saw the man with the telescope.

The guy saw the girl with the telescope.

The man saw the woman with the microscope.

The man saw the woman with the monocular.

The man saw the woman with the camera.
The man saw the woman with the book.
The man saw the woman with the dress.
The man saw the woman with the suitcase.
The telescope saw the man with the woman.

The mug saw the woman with the telescope.

The detective saw the woman with the tele-
scope.
The teacher saw the woman with the telescope.

The mother saw the woman with the telescope.

The father saw the woman with the telescope.

The artist saw the woman with the telescope.

The explorer saw the woman with the tele-
scope.

The man saw the weather with the telescope.
The man saw the beer with the telescope.
The man saw the bee with the telescope.

Jenny saw Alex with the camera.

The boy saw the girl with the glasses.

The biologist saw the student with the tele-
scope.

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

yes

[’The man saw the woman while using the telescope, The man
saw the woman who was looking through the telescope.’]

[’The woman saw the man who was using the telescope, The
woman saw the man with the telescope (i.e., the man was in her
presence, possibly holding the telescope)’]

[’The man saw the woman who was using the telescope, The guy
saw the woman with a telescope, observing or accompanying her
as she used it.’]

[’The man saw the woman who was using the microscope, The
man saw the woman holding the microscope.’]

[’The man saw a woman who was using a monocular, The man
saw a woman with a physical characteristic of having a monocular
(e.g. one eye) or with a monocular as a possession.’]

[’The man saw the woman who was holding the camera, The man
saw the woman while the man was using the camera.’]

[’The man saw the woman while she was holding the book, The
man saw the woman and noticed that she had the book.’]

[The man saw the woman who was wearing the dress, The man
saw the woman with the person who was wearing the dress.’]
[’The man saw the woman who was carrying the suitcase, The
man saw the woman and then saw the suitcase.’]

["The telescope saw the man who was with the woman, The tele-
scope saw the man while the woman was with it.’]

['The mug, a household item, is being used as a metaphor to de-
scribe something that saw the woman with the telescope, possibly
implying that the mug has a unique perspective or insight. The
mug, a household item, is literally being used to describe the ob-
ject that saw the woman with the telescope, possibly implying that
the mug has eyes or is being used as a tool to observe the woman
with the telescope.’]

['The detective saw a woman who was using a telescope, The
detective saw a woman who was being looked at with a telescope.’]
[’The teacher saw a woman who was using a telescope, The teacher
saw a woman who was being looked at through a telescope.’]
['The mother saw the woman who was using the telescope, The
mother saw the woman with the telescope, but the woman was not
using it.’]

[’The father saw a woman who was using a telescope; The father
saw a woman with a telescope, meaning a woman who is associ-
ated with or has a connection to a telescope.’]

['The artist saw a woman who was using a telescope, The artist
saw a woman who was looking at something through a telescope]
['The explorer saw a woman who was using a telescope, The
explorer saw a woman with a telescope, i.e. the woman was in
possession of the telescope.’]

[The man used a telescope to observe the weather, The man saw
the weather conditions through the telescope.’]

[’The man saw the beer using the telescope, The man looked at
the beer with the aid of a telescope.’]

[’The man saw the bee with his own eyes, The man used the
telescope to see the bee.’]

[’Jenny saw Alex with the camera, meaning Jenny used the camera
to take a picture of Alex; Jenny saw Alex who was holding the
camera.’]

[’The boy saw a girl who was wearing glasses, The boy saw a girl
who was with someone wearing glasses.’]

['The biologist was using a telescope to look at the student, The
biologist saw a student who was using a telescope.’]

Table 10: Ambiguity predictions and their disambiguations according to Llama 3
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Figure 15: PCA projections extracted for different token roles (eos, verb, last noun, first noun) across layers for
Llama 3. Blue/orange indicate ambiguous/not ambiguous sentences.
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Figure 16: PCA projections extracted for different token roles (eos, verb, last noun, first noun) across layers for
Gemma. Blue/orange indicate ambiguous/not ambiguous sentences.

18561



