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Abstract
Large Language Models (LLMs) are intended
to reflect human linguistic competencies. But
humans have access to a broad and embodied
context, which is key in detecting and resolv-
ing linguistic ambiguities, even in isolated text
spans. A foundational case of semantic ambi-
guity is found in the task of coreference reso-
lution: how is a pronoun related to an earlier
person mention? This capability is implicit in
nearly every downstream task, and the presence
of ambiguity at this level can alter performance
significantly. We show that LLMs can achieve
good performance with minimal prompting in
both coreference disambiguation and the detec-
tion of ambiguity in coreference, however, they
cannot do both at the same time. We present the
CORRECT-DETECT trade-off: though models
have both capabilities and deploy them implic-
itly, successful performance balancing these
two abilities remains elusive.

1 Introduction

Ambiguity resolution is fundamental to successful
communication. Typically, context provides cues
for resolving ambiguities (Bousquet et al., 2020),
but when context is absent or insufficient, ambi-
guity resolution becomes more tenuous. Unlike
the context-rich setting of human interaction, large
language models (LLMs) operate with a signifi-
cant contextual deficit: an LLM shares no social
or physical context with its human user, and this
lack of shared context means less common ground
and fewer contextual cues are available to help
language models resolve ambiguity (c.f. the open-
domain paradox in Skantze and Doğruöz (2023)).

Yet higher-level tasks such as summarization and
question answering implicitly assume that LLMs
can detect and resolve referential ambiguity. For in-
stance, take Winograd’s classic sentence “The city
councilmen refused the demonstrators a permit be-
cause they feared/advocated violence” (Winograd,

Unambiguous

Kimberly told the aunt 
that she contacted the 
granddaughter.

Who contacted the 
granddaughter?

Ambiguous

Kimberly told the aunt 
that the granddaughter 
trusted her.

Who did the 
granddaughter trust?

Ambiguous

Kimberly told the aunt 
that the granddaughter 
trusted her.

Who did the 
granddaughter trust?

Ambiguous Mostly ambiguous

Overdetects ambiguity
Detect Ambig

Definitely Kimberly Kimberly

Prioritizes resolution
Correct Unamb

Figure 1: Our results suggest a trade-off between coref-
erence resolution accuracy in unambiguous sentences
(Correct Unamb) and reliable ambiguity detection in
ambiguous sentences (Detect Ambig).

1972): failure of LLMs to correctly identify the
referent of they could result in an inaccurate down-
stream response. Thus, LLMs need to be able to
accurately interpret textual cues for disambiguation,
and to recognize when textual cues are insufficient.
How well do they apply subtle semantic cues for
disambiguation? Can they distinguish when ambi-
guity is resolvable and when it is not? See Figure 1
for a demonstration of these competing goals.

To probe how LLMs handle ambiguity, we fo-
cus on coreference resolution – a prototypical case
of referential disambiguation. Coreference reso-
lution is one of the ways implicit disambiguation
shows up as a foundational task for language mod-
els. Lampinen et al. (2024) argue that it forms one
of the “potential roots” of generalized in-context
learning in LLMs. Coreference resolution is the
task of determining which text spans refer to the
same entity, a necessary component of discourse
parsing (Liu et al., 2023b). For example, the pro-
noun “she” in Example (1) refers to “Anna”, and
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since both expressions refer to the same entity, they
are co-referents.

(1) "Annai looked out the window. Shei saw
that the rain had stopped."

In some cases, the presence of multiple entities can
lead to genuine ambiguity, as in Example (2):

(2) "Annai told Susank to look out the window.
Shei/k saw that the rain had stopped."

Who saw that the rain had stopped, Anna or
Susan? Could you make an argument for either
interpretation? Both possibilities are conceivable,
and without additional context, the interpretation
is not straightforward.

Most work on coreference resolution focuses on
performance in linking each pronoun to a single
referent, implicitly assuming that such a referent
always exists. In contrast, we use the AmbiCoref
dataset and human experiment results from Yuan
et al. (2023) to ask how LLMs resolve coreference
in comparison with humans, in the presence and in
the absence of genuine ambiguity. We measure (i)
how often models choose the same referent that hu-
mans prefer in unambiguous sentences and (ii) how
often models withhold a choice when the reference
is genuinely ambiguous, thereby quantifying the
trade-off between performance on unambiguous
coreference resolution and the ability to identify
unresolvable ambiguity.

• Alignment: To what extent do LLMs align
with human preferences in coreference resolu-
tion across both unambiguous and ambiguous
contexts?

• “Correct” accuracy: How accurately do LLMs
resolve coreference in unambiguous sentences,
where a single interpretation is strongly preferred
by human respondents?

• “Detect” ambiguity: Can LLMs reliably dis-
tinguish between sentences with sufficient con-
textual bias to resolve ambiguity and those that
remain truly ambiguous for human respondents?

• Balance: Are LLMs capable of simultaneously
achieving high accuracy in unambiguous cases
while appropriately detecting ambiguity when
present – a foundational aspect of human-like
sentence processing?

Our study is the first to our knowledge to com-
pare LLM behavior to human judgments specif-
ically in unambiguous and ambiguous cases of

coreference resolution, and to find the trade-off
in disambiguation performance and ambiguity de-
tection in LLMs’ base capabilities.

2 Related Work

Ambiguity detection in LLMs remains challenging.
Zhang et al. (2024) show that models like GPT-3.5
and Llama detect ambiguity only slightly above
chance, though chain-of-thought prompting im-
proves this marginally. Kim et al. (2024) attempt to
balance ambiguity detection and accuracy in ques-
tion answering by finetuning models on a dataset
labeled based on the model’s own perceived ambi-
guity. Others use re-prompting or interaction with
the model to guide its efforts in task disambigua-
tion (Niwa and Iso, 2024), conversational disam-
biguation (Rahmani et al., 2023; Zhang and Choi,
2025), question-answering disambiguation (Kim
et al., 2023, 2024), entailed meaning disambigua-
tion (Liu et al., 2023a), and questions of lexical,
syntactic, and semantic ambiguity (Ortega-Martín
et al., 2023; Qamar et al., 2024). Others investigate
models’ out-of-the-box ability to handle ambigu-
ous cases by adapting psycholinguistic experiments
(Cai et al., 2024), following the general example of
investigating LLM behavior using psycholinguis-
tics studies (Seminck and Amsili, 2017; Ettinger,
2020).

The resolution of ambiguity in sentence process-
ing often relies on semantic cues or on incorporat-
ing greater world-knowledge. LLMs’ sensitivity
to semantic cues is unreliable: while the semantic
cues can effectively change the human interpreta-
tion of sentences, models have variable responses
to this bias, with GPT-based models showing very
low sensitivity (Lee et al., 2024; Scheinberg et al.,
2025). Lee et al. (2025) find that though the mod-
els are able to correctly use world knowledge bias
in unambiguous cases, they overextend English
syntactic patterns to ambiguous cases in other lan-
guages.

On coreference resolution, LLMs have shown
strong zero- or few-shot performance, for exam-
ple, in the Winograd Schema (Brown et al., 2020;
Le and Ritter, 2023; Gan et al., 2024), and typi-
cally resolve even ambiguous inputs confidently
unless explicitly prompted to express uncertainty
(Zhang et al., 2024). Prompting can guide models
to resolve pronouns or rewrite text with explicit ref-
erents (Liu et al., 2025), but standard benchmarks
like OntoNotes (Pradhan et al., 2012) again pro-

30045



Category Unambiguous example Ambiguous example # Unamb. # Amb. Total

ECO “Matthew told Joshua that he re-
warded the client.”

“Ruth told the aunt that she baffled
the granddaughter.”

331 332 663

ECS “William told Joshua that the
saleswoman visited him.”

“Matthew told Joshua that the client
bored him.”

131 129 260

IC “Matthew emailed Joshua because he
wanted to ask a question.”

“The sister-in-law texted Amanda be-
cause she is moving abroad soon.”

260 261 521

TOP “Matthew wrote Joshua a short poem
before he invited him to compose an
original verse.”

“The sister-in-law sent Amanda a
message before she reached the li-
brary.”

240 246 486

Grand total 962 968 1930

Table 1: Example sentences and corresponding instance counts for each category in the AMBICOREF dataset.

vided only single-reference annotations and omit
ambiguity labels. AmbiCoref (Yuan et al., 2023)
introduced template-generated minimal pairs of
unambiguous and ambiguous sentences, showing
that humans adjust confidence while coreference
models do not. A subset of this dataset includes
human-annotated responses, which we use for di-
rect comparison with the LLMs’ performance, by-
passing specialized coreference resolution models
as benchmarks since our focus is on human-like
processing. This approach allows us to investigate
both the ability of LLMs to determine coreferents
and the pattern of how ambiguity impacts their
output.

3 Experimental Setup

3.1 Dataset

We use the AmbiCoref dataset (Yuan et al., 2023)
to investigate how coreference resolution models’
behavior and human annotations differ in unam-
biguous and ambiguous cases. Each sentence in
the dataset has a first clause that mentions two per-
sons, and a second clause that contains a pronoun
referring to one of them. A question paired with
each sentence can serve to resolve the ambiguity
(e.g. “who saw that the rain had stopped” queries
the referent in Example 1). AmbiCoref contains
968 ambiguous and 962 unambiguous sentences of
different categories (see Table 1).

Each sentence falls into one of four categories,
distinguished by semantic properties associated
with the verb. The unambiguous subset restricts the
verb or phrase to one plausible meaning 1, and an
ambiguous subset, where both interpretations are

1These restrictions cause a bias toward one of the referents
over the other, however, there is still a degree of ambiguity
in these ‘unambiguous’ sentences. Additional context could
arguably change the preferred reading of the sentences, and
bias the coreference resolution to the other referent. The
dataset items are only at sentence-level, so here there is no
greater context to disrupt the bias in the sentence itself.

plausible. Please see Yuan et al. (2023) for further
details. The categories are:
Experiencer Constraint for Objects (ECO): The
object of the sentence is constrained by the verb to
be interpreted as the experiencer of that verb.
Experiencer Constraint for Subjects (ECS): The
subject of the sentence is constrained by the verb
as its experiencer.
Implicit Causality (IC): The verb implies a causal-
ity that constrains the coreferent.
Transfer of Possession (TOP): The verb deter-
mines the coreferent according to the logic of the
source-goal transfer in the sentence.

3.2 Models

We evaluate two LLMs, GPT-4o
(gpt-4o-2024-08-06) (OpenAI et al., 2024)
and Llama 3.1 70B (Llama3.1-70b-Instruct)
(Dubey et al., 2024). We chose GPT-4o to reflect
the state-of-the-art in LLM performance and we
chose Llama 3.1 as a comparable open-source
model. We tested each model over three runs on
all 1,930 sentences, collecting a total of 5,790
responses per model.

4 REFLECTing Human Patterns in
Coreference Resolution

Initially, we adopt the text originally presented to
human subjects to test how the language models
reflect human preferences; this REFLECT prompt
is shown in Table 2. We observed an order bias
in preliminary results similar to that reported in
Pezeshkpour and Hruschka (2024) so determined
not to provide a list of possible referents, in line
with Ide et al. (2025).

In this section we compare model results with
the human judgments. Model results are compared
with human annotations by mapping both to the
schema [A, A?, ?, B?, B], where A is the label for
the first person in the sentence and B is the second.
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Reflect Prompt

You will be presented a sentence. Each sentence contains at least two nouns, and a nominative
third-person singular pronoun (he/she). If three nouns appear in the sentence, please only consider
the first two nouns as possible candidates.
Following each sentence, there will be a question asking you which noun the specified pronoun refers
to, or if you find the pronoun ambiguous.
For example, Chloe told Emma that she was sad. Who was sad?
– Definitely Chloe - I feel confident that "she" refers to "Chloe";
– Probably Chloe - I think "she" refers to "Chloe" as opposed to "Emma" but I feel unsure;
– Mostly ambiguous - I find it completely ambiguous whether "she" refers to "Chloe" or "Emma";
– Probably Emma - I think "she" refers to "Emma" as opposed to "Chloe" but I feel unsure;
– Definitely Emma - I feel confident that "she" refers to Emma.
Different people may have different judgments and tolerance for ambiguity, so please feel free to
use your intuitive judgments.
<sentence>
<question>

Table 2: REFLECT instruction prompt.

(a) Unambiguous (b) Ambiguous

Figure 2: REFLECT: Model results compared to human answer patterns across unambiguous and ambiguous sets.
Human responses exhibit a U-shaped distribution for unambiguous sentences, with a decreased preference for
‘ambiguous’ and ‘probably’ answers (?, A?, B?). This pattern reverses for ambiguous sentences, forming an inverted
U-shaped distribution due to an increased preference for the ‘ambiguous’ (?) responses. The models do not strongly
track this pattern: Llama 3.1 fails to adjust in the ambiguous set, while GPT-4o slightly increases ‘?’ responses.

In the schema, ? indicates a degree of ambigu-
ity: while A corresponds to “Definitely Chloe”, A?
corresponds to “Probably Chloe” and ? indicates
“Mostly ambiguous”.

Models Inconsistently Reflect Unambiguous An-
swer Patterns Figure 2a presents the results of
coreference resolution preferences of models and
humans side by side for the unambiguous sen-
tences. Our results indicate that Llama 3.1 shows
poor alignment with human results, particularly in
having a much greater proportion of ? responses
(“mostly ambiguous”) and in dispreferring A? and
B? (the “probably” answers). On the other hand,
we observe that GPT-4o’s preferences align much
better with human decisions in the unambiguous
set. See Appendix A for further discussion of
model patterns broken down by sentence category
and the by-category chi-square test for statistical

significance for these results.

Models Show Minimal Behavior Shift between
Unambiguous and Ambiguous Sentences Hu-
man annotators’ preferences show markedly differ-
ent patterns between unambiguous and ambiguous
sentences, indicating that humans are sensitive to
the lack of semantic constraints in the ambiguous
case. Do LLMs show the same responsiveness?

On the contrary, Figure 2b indicates a substan-
tially smaller shift in coreference resolution prefer-
ence as compared with the shift observed in human
subjects – thus we find a further divergence be-
tween LLM and human disambiguation behaviors.
In Appendix B we further analyze this divergence
by the categories.

Answer Consistency Shifts are Low in Models,
High in Human Responses Apart from align-
ment with or divergence from human preferences,
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Unambiguous Avg Ambiguous Avg ∆
ECO ECS IC TOP ECO ECS IC TOP

Human 24.12 29.84 21.20 11.26 21.61 11.73 11.38 8.40 6.01 9.38 12.23
Llama 3.1 25.98 19.85 28.46 28.33 25.66 20.78 21.71 22.99 28.86 23.59 2.07
GPT-4o 51.06 42.75 44.62 35.42 43.46 47.89 34.11 41.38 38.21 40.40 3.06

Table 3: Answer consistency percentages across unambiguous and ambiguous conditions for different models. ∆
(difference between unambiguous and ambiguous averages) highlights the responsiveness to ambiguity. Human
average answer consistency shifts about four times as much as the models do in response to ambiguity.

Accuracy
strict near

Human 50.94 76.77
Llama 3.1 38.39 43.07
GPT-4o 43.38 79.52

Table 4: Accuracy (strict and near) on unambiguous
instances using REFLECT prompt

we examine each model’s response consistency on
the unambiguous or ambiguous stimuli, that is, how
often each model’s three responses to a sentence
are the same or different. Intuitively, we expect per-
sentence answer consistency to be higher across
runs in the unambiguous subset, and to show more
variation in the ambiguous subset.

We investigate by model and between human an-
notators and present the results in Table 3. The data
confirm our predictions for the human results: the
human annotators choose the same answer 21.61%
of the time for unambiguous sentences and only
9.38% of the time for ambiguous sentences, show-
ing 1) a relatively high consistency for five classes
in the unambiguous set, and 2) a reduction in con-
sistency of over 12 percentage points between un-
ambiguous and ambiguous sentences.

Indeed, we expect that removing bias towards
one of the referents should increase the variability
in responses.

On the other hand, models diverge in both points:
1) they are more stable in their judgments: Llama
3.1’s consistency is 25.66% in the unambiguous
and 23.59% in the ambiguous sentences, and GPT-
4o shows a much higher consistency, averaging
43.46% in the unambiguous subset with a drop to
40.40% in the ambiguous subset, and 2) models
shift only marginally in consistency between un-
ambiguous and ambiguous data, whereas human
annotators’ consistency is markedly lower for am-
biguous data.

Accuracy on Unambiguous Sentences with RE-
FLECT prompt The semantic constraints in Am-

biCoref are designed to influence interpretation of
which entities are co-referents. While these ‘unam-
biguous’ sentences are biased towards a particular
resolution rather than absolute, we define accuracy
as alignment with these semantically biased inter-
pretations, treating them as ground truth labels.

Two answer schemas are used in our analy-
sis: 5-answer (strict) and 3-answer (near). While
5-answer measures strict accuracy, the 3-answer
schema collapses person mentions even if the la-
beler is uncertain, resulting in three possible an-
swers: [(A, A?)/?/(B?, B)], so it measures near-
correctness.

Under the strict metric, we observe poor overall
performance (see Table 4), with GPT-4o scoring
43.38% and Llama 3.1 following at 38.39%, sug-
gesting that current models struggle to confidently
identify the intended referent even when semantic
cues strongly favor one interpretation. The human
annotations achieve 50.94% in strict correctness,
and 76.77% in near-correctness. Widening our
correctness criteria to near-correctness helps the
models as well: 43.07% for Llama 3.1 and 79.52%
for GPT-4o.

Model Explanations Can Indicate Challenging
Items Our prompting approach for the models
emulates the human annotation instructions for
strong comparability. This approach also led to
large variability in model outputs: most notably,
models sometimes volunteered explanations for
their choices (which we did not explicitly request).
In both Llama 3.1 and GPT-4o, we find that re-
sponses with word counts greater than 20 indi-
cate more than a simple answer statement. In re-
sponses not longer than 20 words, model responses
simply report their choice (example response (19
words): “Mostly ambiguous. It’s unclear whether
‘she’ refers to ‘Melissa’ or ‘Jennifer’, as both in-
terpretations are possible in this sentence.”), but
longer responses explain their choice, citing sen-
tence structure, hypothetical reasoning, and discus-
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Model % Explain Accuracy (Unamb)
Overall Unamb Amb No-Explain Explain

Llama 3.1 67.53 67.08 67.98 39.70 37.80
GPT-4o 12.75 10.91 14.57 45.10 29.50

Table 5: Explain: Unprompted explanation rates and
accuracy across unambiguous and ambiguous examples.
The responses with an explanation in Llama 3.1 have
no significant relationship to accuracy, while in GPT-4o
they are correlated with lower accuracy.

Accuracy (%)
Female Male

Human 49.14 52.86
Llama 3.1 29.34 47.90
GPT-4o 34.89 52.31

Table 6: Gender bias: Accuracy on unambiguous sen-
tences containing female- vs. male-gendered pronouns
and names. Accuracy for human answers is mostly con-
sistent, and models show worse accuracy in sentences
with female pronouns and names.

sions of ambiguity.
The results are presented in Table 5. About

68% of all Llama 3.1 responses (unambiguous and
ambiguous) contain some amount of explanation
offered for the answer, evenly split between un-
ambiguous and ambiguous sentences, with no sig-
nificant differences between sentence categories.
In contrast, GPT-4o over-answers less frequently
(only 13%), with a higher tendency to do so in
ambiguous cases than in unambiguous cases, and
shows meaningful differences by categories (for a
per-category investigation, see Appendix C).

Focusing on the unambiguous set, for Llama
3.1, explain percentages stay consistent over the
model’s performance: the model does not show
a significant difference in accuracy in explain
responses (37.8%) versus no-explain responses
(39.7%). However, GPT-4o’s responses show a
different pattern: explanations are an indication of
poor performance. Within the explain responses,
it has an accuracy of 29.5%, versus the 45.1% ac-
curacy in no-explain responses. GPT-4o’s perfor-
mance here shows an inverse correlation between
the presence of an explanation and the model’s
performance.

Gender Bias Still Hinders Performance As
noted by Davis and van Schijndel (2020), gen-
der biases in neural models can be made visible
in coreference resolution. While they looked at
gender combined with model surprisal at the core-
ferring pronoun, we can see the effects in overall

Template Prompt text

Basic <sentence>
<question>

CoT Show your reasoning step-by-step, then
provide your answer as "A:".
<sentence>
<question>

WSC <sentence>
Who is <pronoun> referring to?

WSC-1sh Sentence: Hannah told Jasmine that she
impersonated Natalie.
Question: Who is "she" referring to?
Answer: The pronoun "she" is referring
to Hannah.
Sentence: <sentence>
Question: Who is <pronoun> referring to?
Answer:

Table 7: Prompts for Coreference Resolution.

performance. The dataset is almost evenly split
between sentences that use only female pronouns
and names (51%) versus sentences with only male
pronouns and names (49%). They do not mix these
in the same sentence.

While humans had very similar accuracy in both
gendered subsets (49.14% for female pronouns and
52.86% for male pronouns), models differed signif-
icantly (Table 6). Llama 3.1 attained an accuracy of
29.34% (female) and 47.9% (male), while GPT-4o
showed a similar difference with 34.89% (female)
and 52.31% (male). Male pronouns and culturally
masculine names correlate with better model accu-
racy. With gender bias a known issue in LLMs, we
are disappointed but not surprised by this finding.

5 CORRECT Accuracy on Coreference
Resolution

When released from the constraint of reflecting
human linguistic behavior, how do models fare on
accuracy in the unambiguous subset?

Experiments In addition to our human-
comparison REFLECT prompt, we experiment
with several other prompts (Table 7). We provide
an instruction-less prompt (BASIC) in line with
previous research that found enhanced response
quality in unrestricted output (Chiang and Lee,
2023; Gan et al., 2024). For comparison with
standard coreference resolution models, we also
experiment with a Winograd schema (Levesque
et al., 2012) style question directly (WSC) and in a
one-shot setting (WSC-1sh). While our task is not
structured like a traditional coreference resolution
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Prompt All ECO ECS IC TOP

Human REFLECT (near) 76.77 79.75 82.81 78.62 67.29

Llama 3.1 REFLECT (near) 43.07 46.32 23.41 56.03 35.28
Llama 3.1 BASIC 90.33 94.76 96.44 98.85 71.67
Llama 3.1 CoT 86.38 84.29 88.8 96.67 76.81
Llama 3.1 WSC 39.50 42.40 73.54 26.28 31.25
Llama 3.1 WSC-1sh 69.82 80.06 39.19 66.79 75.69

GPT-4o REFLECT (near) 79.52 91.14 64.63 88.08 62.36
GPT-4o BASIC 87.70 89.83 88.55 96.54 74.72
GPT-4o CoT 89.99 95.17 93.38 97.44 72.92
GPT-4o WSC 39.43 28.80 38.93 47.82 45.28
GPT-4o WSC-1sh 45.43 62.44 38.68 30.90 41.39

Table 8: CORRECT results: Accuracy on unambiguous instances for coreference resolution prompt types. The
highest scores are found in the BASIC and CoT settings.

task, we can follow the example of recent work
(Gan et al., 2024) that has explored how to adapt
the use of LLMs to this more-functional version
of the task. The best results in that work used
Chain-of-Thought style prompting (CoT) and so
we adapt that to this task as well.

Results Table 8 shows accuracy results on the
unambiguous items from the dataset. These results
point to the issue posed by too much instruction,
as we compare the performance of the REFLECT

prompt to the BASIC prompt. Instructions allow
for more structured, easily parsable answers from
the model, but they can introduce bias that can be
hard to account for.

The WSC-style prompts are a poor framing
for this task overall, though the one-shot version
(WSC-1sh) is able to gain an overall improvement
in both models. It helps most for Llama 3.1, boost-
ing overall scores from 39.5% to 69.82%. In the
WSC setting, Llama 3.1 has many instances where
it misinterprets the question as one of entity dis-
ambiguation, answering with references to famous
people or figures from literature.

Overall, CoT and BASIC prompts are the best
performing prompts. CoT-style prompts lead to a
large number of tokens in the output (GPT-4o has
an average response word count of 135 in this set-
ting, and Llama has an average of 83). When con-
sidering efficiency, the BASIC prompt responses
are clearly preferred, with an average word count
of 14, and we build on this as our best method.

6 Can We Balance Coreference
Resolution Performance and Ambiguity
Detection?

Introducing genuine ambiguity turns coreference
from a single-metric task to a dual challenge: a

model should choose a referent when context sin-
gles one out, yet abstain when context leaves the
choice open. Achieving both goals simultaneously
may not be possible, because, as we will see, gains
in one often cost the other – a trade-off similar to
those of invariance vs. adaption (Lucy et al., 2024)
and fairness vs. accuracy (Dutta et al., 2020).

We demonstrate another trade-off with the COR-
RECT-DETECT experiments presented below.

Experiments We report two complementary met-
rics, Correct-Unamb and Detect-Ambig. Correct-
Unamb indicates accuracy on the unambiguous set,
and Detect-Ambig measures detection of ambigu-
ity in ambiguous sentences (?, A? and B? all count
as detections). High scores on both metrics would
show that a model both solves clear cases and rec-
ognizes genuine ambiguity.

Building on the BASIC prompt, we create five
variants which highlight the possibility of ambi-
guity in different ways, in order to test whether a
model can be both accurate and sensitive to am-
biguity: Ambi-Ask directly asks about ambiguity,
Ambi-Stop and Ambi-Wait use the word ‘stop’ or
‘wait,’ Ambi-Doubt asks about doubt, and Ambi-
CoT prompts the LLM to think “step-by-step”. See
the full prompt texts in Table 9.

Results The results are presented in Table 10 and
in Figure 3, which shows the Pareto front of all
relevant experiment settings indicating a trade-off.

The human annotators balance the task well,
identifying ambiguity in 78.47% of the ambigu-
ous sentences, while correctly answering 76.77%
of the unambiguous sentences.

The BASIC prompt allows for the models to
achieve high accuracy in answering the unambigu-
ous sentences (90.33% for Llama 3.1 and 87.7% for
GPT-4o), however the detection rates for the am-
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Template Prompt text

Ambi-Ask Answer the question below. If you
find the question ambiguous, answer
“Ambiguous” instead.
Sentence: <sentence>
Question: <question>

Ambi-Stop Sentence: <sentence>
Question: <question>
Stop to consider: is there enough
context to answer confidently? If
yes, then answer. If no, then answer
"Ambiguous."

Ambi-Wait Sentence: <sentence>
Question: <question>
Wait, can the ambiguity here be
resolved given the context you have?
If yes, answer only with the person,
and if no, answer "ambiguous."

Ambi-Doubt Sentence: <sentence>
Question: <question>
Do you have any doubt as to the answer
to this question? If yes, answer
"ambiguous," or else reply only with
the person who is the answer.

Ambi-CoT Sentence: <sentence>
Task: Identify "<question>", or say
Ambiguous if unclear.
Think step-by-step:
First, consider the people in the
sentence. Then determine if only one
could logically be the answer within
this context. If there are multiple
equally possible candidates, then the
sentence is ambiguous. Finally, give
the answer: state the correct person,
or state ‘Ambiguous.’

Table 9: Full text of the CORRECT-DETECT prompts.

biguous sentences are the lowest under this setting
(3.72% for Llama 3.1 and 22.86% for GPT-4o).

Llama 3.1 is unable to find a good balance: four
out of five of the Ambi-prompts do worse than
chance on detection, even though accuracy stays
high. GPT-4o is excellent at ambiguity identifi-
cation, reaching an astonishing 99.55% with the
Ambi-Wait prompt, but sacrificing accuracy on
unambiguous cases: the same Ambi-Wait prompt
has only 5.23% accuracy.

Notably, the same prompting strategy can elicit
very different results in different models: GPT-4o
achieves the best balance with Ambi-Ask (with
83.37% detection and 41.93% accuracy), while
Ambi-Ask elicits Llama 3.1’s worst detection score
(5.54%) but its best accuracy on unambiguous
items (86.17%).

Trade-off in Ambiguity Detection vs. Coreference
Resolution Performance Across all prompts we

Prompt Detect Correct
Human REFLECT (near) 78.47 76.77

Llama 3.1 BASIC 3.72 90.33
Llama 3.1 Ambi-Ask 5.54 86.17
Llama 3.1 Ambi-Stop 44.35 61.47
Llama 3.1 Ambi-Wait 24.86 63.79
Llama 3.1 Ambi-Doubt 3.51 85.41
Llama 3.1 Ambi-CoT 75.17 42.90

GPT-4o BASIC 22.86 87.70
GPT-4o Ambi-Ask 83.37 41.93
GPT-4o Ambi-Stop 89.74 37.28
GPT-4o Ambi-Wait 99.55 5.23
GPT-4o Ambi-Doubt 79.94 35.45
GPT-4o Ambi-CoT 93.31 17.08

Table 10: Correct answers in the Unambiguous case
(Correct-Unamb), and detecting ambiguity in the Am-
biguous case (Detect-Ambig).

Figure 3: Detect-Ambig plotted against Correct-
Unamb. 0: BASIC, 1: Ambi-Ask, 2: Ambi-Stop, 3:
Ambi-Wait, 4: Ambi-Doubt, 5: Ambi-CoT. H shows the
human results for near-correctness.

observe a persistent tension: high performance in
Correct-Unamb tends to be accompanied by lower
performance in Detect-Ambig, and vice versa. No
model appears in the Pareto plot’s top-right quad-
rant, which represents high scores on both met-
rics. Prompting the model to think about “ambi-
guity,” “doubt,” or “confidence” reliably boosts
Detect-Ambig but reduces accuracy on unambigu-
ous items. Prompts that simply demand a coref-
erence resolution show high accuracy but leave
ambiguity undetected.

We also investigate whether a model designed
for reasoning tasks can do better on the initial Am-
biCoref dataset. We report results on OpenAI’s
o3 reasoning model (OpenAI, 2025) in Table 11.
These results fall into the same pattern as the pre-
vious models: higher ambiguity detection scores
(73.17% and 84.47%) are paired with lower accu-
racy (41.55% and 36.04%). These results reflect
the trade-off pattern seen in the CoT-based prompt
in Table 10, where reasoning improves ambiguity
detection at the cost of accuracy.
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Prompt Correct Detect

Ambi-Ask 41.55 73.17
Ambi-Stop 36.04 84.47

Table 11: Reasoning Model (GPT o3) Results: Cor-
rect answers in the Unambiguous case (Correct), and
detecting ambiguity in the Ambiguous case (Detect).

While this trade-off might be masked by com-
bining models or prompting the model in multiple
rounds, future work should look to improving mod-
els themselves to approach or exceed the human
benchmark in that upper-right region, providing de-
cisive answers when context suffices and principled
abstention when it does not.

7 Additional Experiments: Ambiguity in
Entailment

AmbiCoref is unique in its combination of fea-
tures, comprising both ambiguous and unambigu-
ous items and calling simultaneously for ambiguity
detection and accurate resolution. Because of the
lack of other datasets combining these attributes,
it is unclear how the tradeoff uncovered here may
generalize to other task types, especially more com-
plicated ones.

A second dataset that does allow for differential
handling of unambiguous and ambiguous instances
is AmbiEnt from Liu et al. (2023a), an entailment
dataset with ambiguous instances and paired disam-
biguations. Ambiguity in these premise-hypothesis
pairs is indicated by the number of labels: multiple
labels represent multiple potential readings of the
pair. The pairs are annotated with paraphrases that
allow for the selection of one label as correct over
the others, disambiguating the entailment label. Us-
ing this dataset, we provide an investigation of the
dual-goal performance on a new task, with a subset
of our prompt types.

We ran GPT-4o and Llama 3.1 70B on AmbiEnt.
We use a subset of the data annotated by linguists
for ambiguity type, which includes coreference
resolution. After removing items missing labels
from the subset annotated with ambiguity types,
we have 62 pairs (124 total items) of unambiguous
and ambiguous instances.

As reported in Table 12, when asked whether the
premise was ambiguous, the models generally do
not acknowledge ambiguity at all (scoring between
0% - 21% on Detect). Instead they answer as if it
were a standard entailment task with no potential
ambiguity. This highlights the difficulty in reveal-

Prompt Correct Detect

Llama 3.1 Ambi-Ask 67.74 0
Llama 3.1 Ambi-Stop 70.97 1.61

GPT-4o Ambi-Ask 74.19 0
GPT-4o Ambi-Stop 69.35 20.97

Table 12: AmbiEnt Results: Correct answers in the
Unambiguous case (Correct), and detecting ambiguity
in the Ambiguous case (Detect).

ing the Correct-Detect tradeoff: the models already
do not perform well at identifying ambiguity, so it
is difficult to design contexts where optimizing for
ambiguity detection can be seen decreasing accu-
racy. Expanding the domain where we can test this
effect remains part of our future work.

8 Discussion

Our correct-detect trade-off findings have a strong
resonance with Kalai et al. (2025)’s analysis that
problematic training incentives contribute to factual
hallucinations: current training and evaluation pro-
cedures reward confident guessing over acknowl-
edging uncertainty, since binary scoring gives no
credit for appropriate “I don’t know” responses.
We hypothesize that the incentives underlie LLMs’
inability to combine ambiguity detection with ac-
curate resolution: models are incentivized to guess
confidently even when faced with ambiguity. How-
ever, while Kalai et al. (2025) show that factual
hallucination cannot be entirely avoided, we sus-
pect that linguistic ambiguity detection may be
more tractable: if the incentive problem is over-
come, we predict that models will quickly cross the
current Pareto front in Figure 3 and learn to handle
linguistic ambiguity in a more human-like way.

9 Conclusion

The goal is contextually responsive, decisive, and
ambiguity-aware coreference resolution. While
models have demonstrated the ability to achieve
high scores on either coreference resolution per-
formance or ambiguity detection depending on the
prompt style, these goals compete when combined.
Models do not strongly reflect human answer pat-
terns in coreference resolution, especially in am-
biguous cases. GPT-4o did much better on this
measure than Llama 3.1, but neither strongly shift
answer patterns in response to ambiguity as hu-
mans do. A sampling of methods shows that it is
not currently possible to elicit high performance on
both measures simultaneously in models.
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Limitations

While we chose comparable models, as always the
addition of more models would strengthen these
results. This work is limited to only English lan-
guage data. Ambiguity in different languages has
different considerations and would need to be in-
vestigated separately. Also, the types of sentences
in the dataset we use are purposefully limited in
number of mentions and context length, both of
which are directions for potential future work.
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A In-depth Model Patterns

A.1 GPT-4o in-depth
What explains GPT-4o’s preference for A in the
TOP category in both unambiguous and ambiguous
contexts? The TOP sentences all use a phrase that
begins with either "before" or "after" as their main
structuring feature that contains the constraint in
the unambiguous case and that lacks one in the am-
biguous case. Sentences involving this before/after
element require temporal processing, in this case
combing with the appropriate reasoning about who
could have participated in one event before or after
another happened. GPT-4 has been shown to have
a preference for "before" and "false" in textual en-
tailment contexts (Kishore and He, 2024; Qiu et al.,
2024).

GPT-4o’s ECO responses keep a similar pattern
in both the unambiguous and ambiguous cases.

In these sentences, the pronoun to be resolved
is the subject position of the subordinate clause
("Matthew told Joshua that he offended the client."
ambiguous). Compare "William told Joshua that
he explained to the saleswoman." unambiguous.
Since William is the subject of the sentence, and
the pronoun is the subject of the subordinate clause,
this may be a strong enough link that the model
doesn’t have a reason to change its preferences in
the ambiguous case. It is enough to assume that
the subject, in English the more active entity in a
sentence, goes on being the more active entity.

While the ECO sentences place the pronoun in
question at the subject position of the subordinate
clause, The ECS sentences place it in the object
position: "Melissa told Jennifer that the father-in-
law terrified her." unambiguous and "The sister-
in-law told Amanda that the client envied her."
ambiguous. If the model is relying on a constant
subject to disambiguate the ECO case, it cannot do
so here. We see a pattern that agrees with this: in
the ambiguous ECS sentences, the model shifts its
preference to a more flat distribution of possible
answers. See A.3 for a discussion on these two
categories.

We see similar behavior in the IC category, with
the model retaining a preference for the A/A? an-
swers in the ambiguous case. It does show a slight
shift toward more uncertainty. The use of implied
causality in these sentences means the model must
draw on reasoning abilities in order to resolve the
coreferent, and this may explain the significant
difference we see between models, where in the
unambiguous case GPT-4o is best at IC.

A.2 Llama in-depth
Llama 3.1 performs abysmally in the main task
of resolving the coreferent in the unambiguous
case. How it fails, however, is interesting. It vastly
prefers the ? (‘mostly ambiguous’) response in ev-
ery case except for the IC category. While over the
three runs it applies the ambiguous response to the
ECO category the most frequently (at 445 total), it
most consistently applies the ambiguous response
to questions from sentences in the IC category (164
total). Each question occurs three times to match
the three times its sentence occurs, but some ques-
tions are the same for different sentences due to the
templates used to create them. For example, the
"Who was looking for suggestions?" question pairs
with 18 different sentences, and thus the model
responds to it 54 times. It uses the ambiguous re-
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sponse to this question 24 times, almost half the
times it is presented. This is a sentence structure
that the model deals particularly poorly with.

A.3 ECO vs. ECS
The two Experiencer-Constrained categories, ECO
and ECS, should in theory have very similar results
for all these measures. They are both constrained in
the unambiguous case by the choice of verb in the
subordinate clause, and differ from the ambiguous
case only by verb choice. However, in all measures
we see surprising differences in model behavior
between these two categories.

1. Accuracy in REFLECT by model: Llama 3.1
does worst in ECS, while ECS is GPT-4o’s
second-best category (Table 8).

2. Scores under other paradigms can vary widely
between the two – see for example the ab-
normally high ECS score for WSC prompt in
Llama 3.1 (Table 8).

3. Answer consistency: Humans have similar
consistency on ECO and ECS, but models
have about a 20% difference in consistency
rates for the two categories (Table 3).

In ECO, the pronoun to be resolved is located
in the subject position of the subordinate clause,
whereas in ECS it is in the object position. This
could show a bias toward syntactic position, or
subject preference, that benefits the ECO resolution
and harms the ECS resolution tasks.

We report the by-category chi-square test for sta-
tistical significance for these results in Table 13.
The p-values are all very small, showing that the
answer patterns exhibited by the models for both
unambiguous and ambiguous subsets are signifi-
cantly different from the human answer patterns.

B Results With Expanded Ambiguity
Labels

Figures 4, 5, 6, and 7 present the full set of results
using the REFLECT prompt across all four cate-
gories. In Figure 7, GPT-4o shows a pattern shift
between unambiguous and ambiguous in the ECS,
IC, and TOP categories. The shift in ECS does not
match the shift in human preferences exactly, but
it levels out the answers to show a variety of re-
sponses, instead of retaining the A-dominant focus
from the unambiguous case. In the IC category,
there is a notable shift toward the more uncertain

responses, aligning more closely with the human
responses while retaining some of the A-directed
focus. For the TOP category uncertain answers in-
crease, though the model shows a marked increase
in preference for A?. In Figure 5 for Llama 3.1
however, the model shifts clearly only in IC, with
minor adjustments in other categories.

C Category Differences in Explain
Responses

In Table 14, we observe that for GPT-4o, the pro-
portion of explain responses are higher in the cat-
egories where the model has low overall accu-
racy: 22.82% explain vs 30.26% correct in IC, and
18.06% explain vs 35% correct in TOP, compared
to the much lower rates of around 7.5% explain and
around 50% correct in the other two categories.
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Unambiguous Ambiguous

Llama 3.1 GPT-4o Llama 3.1 GPT-4o
χ2 p χ2 p χ2 p χ2 p

ECO 489.4 1.32e-104 44.5 5.10e-09 528.7 4.07e-113 492.8 2.37e-105
ECS 265.3 3.27e-56 14.0 7.18e-03 189.6 6.38e-40 80.7 1.26e-16
IC 218.7 3.59e-46 154.7 2.01e-32 536.3 9.32e-115 56.3 1.7e-11
TOP 356.8 5.99e-76 21.5 2.52e-04 475.8 1.13e-101 40.7 3.03e-08

Table 13: Statistical significance test results for REFLECT experiments.

Figure 4: REFLECT: Unambiguous Llama 3.1 70b results. Dark blue are model results, light blue are averaged
human judgments.

Figure 5: REFLECT: Ambiguous Llama 3.1 70b results. Dark blue are model results, light blue are averaged
human judgments.

Figure 6: REFLECT: Unambiguous GPT-4o results. Dark blue are model results, light blue are averaged human
judgments.

Figure 7: REFLECT: Ambiguous GPT-4o results. Dark blue are model results, light blue are averaged human
judgments.
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Category % Explain % Correct Ratio
ECO 7.65 57.50 0.13
ECS 7.38 49.11 0.15
IC 22.82 30.26 0.75
TOP 18.06 35.00 0.52

Table 14: Proportion of explain versus correct unam-
biguous responses for GPT-4o in each category.
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