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Abstract

Large language models (LLMs) are increasingly deployed in
real-world communication settings, yet their ability to resolve
context-dependent ambiguity remains underexplored. In this
work, we present EMODIS, a new benchmark for evaluat-
ing LLMs’ capacity to interpret ambiguous emoji expressions
under minimal but contrastive textual contexts. Each instance
in EMODIS comprises an ambiguous sentence containing an
emoji, two distinct disambiguating contexts that lead to di-
vergent interpretations, and a specific question that requires
contextual reasoning. We evaluate both open-source and API-
based LLMs, and find that even the strongest models fre-
quently fail to distinguish meanings when only subtle contex-
tual cues are present. Further analysis reveals systematic bi-
ases toward dominant interpretations and limited sensitivity
to pragmatic contrast. EMODIS provides a rigorous testbed
for assessing contextual disambiguation, and highlights the
gap in semantic reasoning between humans and LLMs.

Code — https://github.com/JiaCheng-Huang/CODIS
Extended version — https://arxiv.org/abs/2511.07193

Introduction

Large language models (LLMs) (OpenAl 2024; DeepSeek-
Al 2025a), which are trained on massive corpus, have
demonstrated remarkable performance across a wide range
of downstream tasks, such as emotional understanding (Lu
et al. 2025), content generation (Sahinug et al. 2024), and
commonsense reasoning (Zong et al. 2025). Since LLMs
continue to advance rapidly, comprehensive and rigorous
evaluation of their capabilities has become increasingly es-
sential, particularly in understanding nuanced aspects of nat-
ural language.

Due to the ambiguity of natural language, expressions
with multiple meanings can be easily misunderstood by
LLMs and even humans in the absence of sufficient context.
Such ambiguity has also been intensified in digital commu-
nication where emojis, despite enriching human’s modes of
expression, often carry multiple interpretations that heavily
depend on context, increased potential for misunderstand-
ing. For instance, consider the sentence “She just sent me
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a @ last night”. In isolation, the emoji @ can evoke multi-
ple interpretations, that is, it may represent a literal peach,
or serve as a slang reference to buttocks or sexual innuendo.
However, when additional context is provided, the intended
meaning becomes significantly clearer. Specifically, when
the preceding conversation involves a discussion about sum-
mer fruits, the emoji is likely to be interpreted literally. In
contrast, if the context includes flirtatious or suggestive ex-
changes, it tends to be understood figuratively.

Although semantic disambiguation has been a widely
studied topic, and several benchmarks have been proposed
to evaluate LLMs in this regard, there is currently no bench-
mark specifically designed to assess the ability of LLMs to
resolve emoji-related ambiguities in context-dependent sce-
narios. Table 1 summarizes recent benchmarks for LLMs.
This limitation means existing benchmarks cannot assess
the ability of LLMs to understand sentences with emoji in
a context-dependent manner.
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Figure 1: An illustration of our benchmark. Interpretation
of sentence with emoji can be significantly influenced by
contextual information.

To address this challenge we introduce a new bench-
mark named EMODIS, which is designed to test the ability
of LLMs in EMOji DISambiguation of context-dependent
sentences. As shown in Figure 1, we adopt a question-
answering format inspired by existing semantic disambigua-
tion benchmarks (Luo et al. 2024) and our benchmark dis-
tinguishes itself from prior works in following aspects: first,
each target sentence contains an emoji whose meaning is in-
herently ambiguous without additional context; second, the



Benchmark Target Task Answer Format  Evaluator
DiBiMT(Campolungo et al. 2022) Word Sense Disambiguation Open-form text Metrics
GLADIS(Chen, Varoquaux, and Suchanek 2023) Acronym Disambiguation Open-form text Metrics
ZELDA(Milich and Akbik 2023) Entity Disambiguation Span-based linking Metrics
CVTE-Poly(Zhang et al. 2023) Polyphone Disambiguation Multiple-choice Metrics
AmbiQT(Bhaskar et al. 2023) Text-to-SQL Parsing Structured text GPT
CHAmbi(Zhang et al. 2024a) Chinese Ambiguity Challenge Multiple-choice GPT
EMODIS (Ours) Emoji Disambiguation Open-form text GPT

Table 1: Comparison of proposed EMODIS with recent benchmarks addressing semantic or contextual ambiguity.

questions are intentionally designed to spotlight these ambi-
guities, requiring additional context for accurate interpreta-
tion; third, for every sentence-question pair, EMODIS pro-
vides two subtly different contexts, each leading to a distinct
interpretation of the emoji. All sentences, contexts, ques-
tions, and answers are manually curated to ensure high qual-
ity and linguistic diversity. Our evaluation of several widely
used large language models on EMODIS reveals a signifi-
cant gap between model performance and that of humans in
resolving emoji ambiguity through contextual cues. Further
analysis shows that these models often fail to leverage subtle
contextual differences that shift the emoji’s meaning, under-
scoring the necessity for improved context-aware semantic
comprehension in LLMs.
Our contributions are summarized as follows:

* We construct a high-quality dataset of 1000 manually
curated instances. Each instance includes an ambiguous
emoji-containing sentence, a disambiguation question,
and two carefully designed contrastive contexts, each
supporting a distinct plausible interpretation.

* We conduct extensive evaluations across both API-based
and open-source LLMs, revealing significant gaps in
context sensitivity, over-reliance on prior associations,
and inconsistent performance across context types.

* We provide detailed analysis such as context sensitivity
and interpretation bias, highlighting the core limitations
of current LLMs in context-driven semantic interpreta-
tion.

Related Work
Context in Semantic Ambiguities

Context plays a pivotal role in resolving semantic ambiguity,
particularly when the interpretation of a sentence cannot be
determined in isolation. Traditional semantic disambigua-
tion tasks have primarily focused on word-level distinctions,
such as Word Sense Disambiguation (WSD), where the goal
is to assign a correct sense label to a target word given its
local context (Zhang and Li 2025; Kruk et al. 2024). While
effective in lexical disambiguation, this formulation largely
neglects the complexities that arise when ambiguity exists
across the entire sentence.

In real-world communication, especially in informal and
digital contexts, ambiguity often extends beyond the lexical
level. A sentence may contain figurative language, implied

31168

references, or symbols such as emojis, whose interpretation
relies not only on syntactic clues but also on the broader con-
versational or situational context. For example, metaphoric
or sarcastic expressions can yield drastically different mean-
ings depending on prior discourse, speaker intention, or cul-
tural knowledge. Such ambiguities cannot be resolved by an-
alyzing isolated tokens, but instead requires models to inte-
grate extra contextual information.

Recent studies emphasize the importance of context-
aware modeling across various tasks (Zhang, Song, and
Song 2019; Zhao et al. 2024; Luo et al. 2024), showing
that model performance in such scenarios declines signifi-
cantly when deprived of contextual information. However,
sentence-level semantic disambiguation remains underrep-
resented in existing benchmarks, particularly in scenarios in-
volving non-standard linguistic elements like emojis or sym-
bolic expressions.

Semantic Disambiguation Benchmarks

Existing benchmarks for semantic disambiguation focus on
various ambiguity types in natural language. DiBiMT (Cam-
polungo et al. 2022) studies sense ambiguity in machine
translation outputs, while GLADIS (Chen, Varoquaux, and
Suchanek 2023) targets acronym disambiguation across do-
mains. ZELDA (Milich and Akbik 2023) evaluates zero-
shot entity disambiguation using minimal contextual cues.
AmbiQT (Bhaskar et al. 2023) focuses on query intent
ambiguity in text-to-SQL tasks. In the Chinese context,
CHAmbi (Zhang et al. 2024a) provides a fine-grained tax-
onomy of ambiguous expressions, including figurative and
syntactic cases. Other works have explored clarification-
based interaction (Zhang et al. 2024b) and semantic obfus-
cation under adversarial inputs (Xiao et al. 2024), reflecting
the growing complexity of ambiguity in modern NLP sce-
narios.

However, current benchmarks primarily operate in textual
settings and rarely consider symbolic elements like emo-
jis, which are prevalent in digital communication and of-
ten context-dependent in meaning. These symbolic ambi-
guities are not well captured by existing resources, leav-
ing a gap in evaluating large language models’ ability to
resolve emoji-related ambiguity. To address this, we intro-
duce EMODIS, a benchmark that focuses on disambiguat-
ing context-dependent sentences with emoji using contex-
tual cues, providing a new perspective on context-sensitive
semantic understanding.



EMODIS

EMODIS is proposed for evaluating the capability of LLMs
in resolving context-dependent sentences with emoji. In-
spired by Luo et al. (2024), we adopt a contrastive design
where each query appears in two variants, each accompanied
by a distinct context leading to different interpretations. In
this section, we present the overall task formulation, dataset
construction process, evaluation protocol, and data statistics.

Taxonomy of Context

Given the complexity and diversity of natural language com-
munication, cataloging all possible forms of context that
contribute to disambiguating symbolic expressions is inher-
ently challenging. In designing EMODIS as a benchmark
for evaluating context-sensitive disambiguation, we focus on
how the question posed to the model defines the nature of the
required contextual reasoning. Rather than categorizing ex-
amples solely by the emoji involved, we categorize them by
the type of interpretive challenge that the question sets up,
as resolved through contrasting contexts. Specifically, we
identify four representative types of disambiguating context,
each corresponding to a distinct kind of reasoning required
by the question, as illustrated in Figure 2.

Temporal information. Interpretation depends closely on
the timing and sequence of events described by context.
As Figure 2(a) shows, a symbol following a surprising an-
nouncement is interpreted as explosive news, whereas in a
military discussion it points to a literal weapon. Similarly,
Figure 2(b) illustrates how casual conversation about snacks
leads to a literal reading, while private exchanges suggest a
more intimate or playful tone.

Domain theme. Recognizing the topical field implied by
context is crucial for resolving ambiguity. In Figure 2(c),
reference to policy delay prompts a sarcastic interpretation,
while biodiversity context leads to a literal reading about
wildlife. Figure 2(d) presents how domain framing distin-
guishes between figurative and literal meanings depending
on whether the discussion involves betrayal or biology.

Cultural background. Cultural knowledge provides es-
sential clues for disambiguation, as shown in Figure 2(e),
where a symbol evokes spiritual protection in one context,
but points to cultural or historical reference in another. Fig-
ure 2(f) contrasts a holiday invitation with a showcase of
collectibles, leading to different interpretations.

Social intent. Disambiguation often relies on identifying
tone and interpersonal attitude. Figure 2(g) shows that a
symbol may signal playful friendliness in one context, but a
patronizing tone in another. In Figure 2(h), the same gesture
indicates either sincere acceptance or dismissive response,
depending on the social intent.

This taxonomy ensures that EMODIS provides broad
coverage of pragmatic reasoning demands, enabling fine-
grained evaluation of large language models’ ability to adapt
interpretation to contextual cues posed by specific question

types.
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Task Formulation

The objective of EMODIS is to test whether LLMs can dis-
tinguish between multiple interpretations of an emoji in a
sentence, depending on subtle changes in context.

To ensure that models do not guess answers without un-
derstanding the context, we structure our dataset in paired
examples, denoted as (T, C1, Q) and (T, C5, Q) formally,
where T refers to target text with emoji, C; and C5 are two
pieces of different context, and () represents question. We
input the paired examples to LLMs and obtain the outputs
01 and O,. Take Figure 2(a) as an example, we provide a

target text “She posted a @ after the announcement” and
give context that the news was shocking and unexpected in
first query. In the second query, we provide different context
indicating that the discussion was about military actions in
recent conflicts. expected outputs are that the emoji refers to
shocking news or literal bomb respectively.

Besides, we apply the following constraints: (1) Each
question is neutral and under-informative by design, i.e., it
cannot be answered correctly based on the sentence alone.
(2) Two contexts C; and C5 are written such that they re-
solve the emoji’s ambiguity in opposite directions. (3) Each
answer is concise and disjoint from the other.

We manually author all sentences, contexts, questions,
and answers. The questions are phrased in diverse ways to
avoid surface matching, and the contexts are designed to be
minimal yet semantically impactful.

Evaluation Method

Following Fu et al. (2024), we adopt pair-wise accuracy
(Accp) and query-wise accuracy (Accy) as the evaluation
metrics for our EMODIS benchmark. The definitions of the
two evaluation metrics are as follows:

N
1
Accy, = ~ E [1(Oi1, Ai1) - I(Oi2, Ai2)] (1)
1=1

N
1
Acc, = oN Z [[(Oi1, Air) + 1(Oi2, Ai2)],  (2)
i=1

where O;; and O;, are the model’s answers to the i-th target
text under contexts C7 and Cs, respectively, and N is the
number of pairs. I(a, b) is an indicator function defined as:

1 if a matches b,
0 otherwise.

I(a,b) = { 3)

Data Collection

In this section, we describe the process of constructing the
EMODIS benchmark. Our data collection involves three
stages designed to ensure both the quality and diversity of
the examples while capturing realistic challenges in context-
dependent disambiguation.

Target text authoring. We begin by manually authoring
target text that contain an embedded emoji whose meaning
is ambiguous without additional context. Rather than sam-
pling from existing corpora, we manually author target text



(a) Q: What does this emoji most likely mean?
Text: She posted a ‘ after the announcement.

! CI: The news was shocking and unexpected.
-A] : Shocking or explosive news.

: C2: We were discussing mllltary actions in recent conflicts. |
1 A2: Literal bomb or reference to violence.

Temporal Information

(b) Q: What did her message carry?
Text: She ended the message with ).

C1I: We were talking about fruits and summer snacks.
1 Al Friendly and literal — referring to fruit

: C2: She was flirting in a private chat.

' A2: Playful and suggestive — referencing body parts.

(¢) Q: What was the intended interpretation?
Text: Someone replied to the statement with a @;

! CI: The statement is about the delay of the policy process.
i A1: A sarcastic remark about governmental slowness

CZ The statement is about biodiversity and conservation. |
1 A2: A literal reference to wildlife discussion. !

Domain Theme

(d) Q: How should this comment be interpreted?

Text: He dropped a 2, in the comments.

! CI: Someone betrayed the group by leaking the plan.
E AI: Calling someone a traitor or backstabber.

' CZ We discuss about reptiles for the biology project. i
: A2: Literally referencing a snake. !

(e) Q: Why might someone use this emoji?
Text: He dropped a o before the speech.

i C1: He believes in spiritual protection & avoids bad vibes. :
'AI To ward off bad luck or evil. !

CZ: The speech was about symbols in Middle Eastern.
1.42: As a cultural or historical reference.

Cultural Background

(H) Q: What does the doll emoji represent?
Text: The invitation featured §& on the cover.

i C1: The invitation was for an event on March 3 in Japan.
AI : A symbol of a cultural holiday. !

E C2: The invitation was for a showcase of rare dolls.
1 42: Literal collectible dolls.

(g) Q: What does the wink emoji convey?

G

Text: He ended his comment with a |

' CI: He usually uses that when making friendly remarks.
EAJ : A playful or friendly tone.

' C2: He has a habit of using it in a condescending way.
1 A2: A condescending or patronizing tone.

Social Intent

(h) Q: What does the thumbs up emoji indicate here?
Text' After I apologized, he replied witha .

: CJ He usually responds like that to show acceptance.
i Al: Genuine acceptance of the apology.

: CZ He often uses that emoji dismissively when annoyed.
:AZ. Dismissive or passive-aggressive response.

Figure 2: Taxonomy of our EMODIS benchmark. For each category, we provide two representative cases. Each case consists
of a target sentence, a question, and two contrasting contexts that lead to different answers. Questions (Q), contexts (C), and
answers (A) are labeled accordingly to highlight the disambiguation task.

////'
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Figure 3: Distribution of context taxonomy (left) and emoji
categories (right) in our EMODIS benchmark.

to ensure that each emoji usage presents a genuine seman-
tic ambiguity, where at least two distinct interpretations are
plausible. We try to craft natural and diverse text that re-
flect realistic usage in digital communication across various
domains, including social media, messaging, and informal
writing. To avoid introducing unintended biases, authors are
instructed to refrain from including lexical hints that could
resolve the emoji’s meaning without the intended context.

Context, question and answer authoring. For each tar-
get text, we manually construct two distinct contexts, C
and C5, where each provides minimal but sufficient infor-
mation to guide the emoji toward a different, unambiguous
interpretation. Contexts are designed to be concise, realis-
tic, and easy to process by both human annotators and mod-
els, while avoiding artificial constructions or overly explicit
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cues. We encourage diversity in the types of context, includ-
ing domain background, social intent, cultural references,
and temporal or situational settings. Alongside the contexts,
we design a disambiguation question () aimed at prompt-
ing models to focus on the semantic challenge posed by the
emoji in context. Each question is phrased carefully to avoid
redundancy with the context and to require context-sensitive
reasoning, rather than simple lexical matching or frequency-
based guessing. For each pair, we provide corresponding
answers A; and A,. These answers are authored to be un-
ambiguous, concise, and semantically precise, reflecting the
correct interpretation of the emoji given the context. We en-
sure that the two answers differ meaningfully and that each
aligns naturally with its associated context, so as to present
a clear disambiguation signal for evaluation.

Verification. Each data instance undergoes independent
review by three human annotators. The data are verified with
following rules: (1) the emoji is genuinely ambiguous in iso-
lation; (2) the two contexts lead to distinct, clearly identifi-
able interpretations of the emoji; (3) the question is well-
posed and cannot be answered correctly without access to
the context; and (4) no unintended clues in the target text or
question allow models to bypass the intended reasoning. In-
stances that do not meet these criteria are revised iteratively
or discarded. This multi-stage process ensures that EMODIS
forms a robust and reliable benchmark for context-sensitive
disambiguation, with high-quality, challenging examples de-
signed for systematic evaluation of large language models.

Ultimately, we obtained a total of 1000 disambiguation
instances. The distribution of taxonomy types and emoji cat-
egories is illustrated in Figure 3.

Experiments

We conduct a comprehensive evaluation to test the ability
of LLMs to disambiguate emoji meanings based on context.
Our experiments are designed to examine not only raw per-
formance but also context sensitivity, semantic generaliza-
tion, figurative reasoning, interpretive bias, and human-level
comparison.

Experiment Setup

We perform evaluation on several popular LLMs, which
are divided into two groups: (1) API-based models:GPT-
4 (OpenAl 2024), deepseek-v3 (DeepSeek-Al 2025b), Gem-
ini 2.5 (Gemini Team 2025), and Ernie Bot 4.0; (2) Open-
source models:LLaMA-7B (Ye et al. 2024), Qwen-7B (Bai
et al. 2023), Vicuna-7B (Chiang et al. 2023), LLaMA-
13B (Liu et al. 2024), and Qwen-14B (Bai et al. 2023). Tem-
perature parameter of all LLMs is set to 0.2.

Following the evaluation setup in Fu et al. (2024), we
frame each data instance as a context-sensitive question-
answering task. Each instance consists of a target sentence
containing an ambiguous emoji, a disambiguating context,
and a question that prompts the model to resolve the mean-
ing. Models are instructed to generate a natural language an-
swer without being shown explicit options. We provide the
detailed prompts for model inference in Appendix.

31171

To assess whether a model’s answer matches the correct
interpretation, we adopt an automatic evaluation strategy us-
ing GPT-4 as a verifier. Specifically, GPT-4 is prompted to
compare the model’s output with the groundtruth answer and
decide whether the two are semantically equivalent. If the re-
sponse aligns with the correct answer, it is marked as correct;
otherwise, it is marked as incorrect. This procedure is ap-
plied to both contexts in each instance to determine whether
the model can adjust its answer appropriately based on con-
textual changes. The prompts for GPT-4 evaluation can be
found in Appendix.

Overall Results

We first report the overall performance of LLMs on our
EMODIS benchmark, which evaluates their ability to re-
solve symbolic ambiguity in emoji-laden sentences using
minimal but contrastive textual context.

As shown in Table 2, human annotators achieve near-
ceiling performance, with Acc, and Acc, both above 88%,
confirming that the task is well-posed and solvable when
context is properly integrated. Among all evaluated mod-
els, GPT-4 achieves the best overall performance, with a
pair-wise accuracy of 58.8% and a query-wise accuracy
of 75.2%. However, this still reflects a large gap com-
pared to human-level understanding, indicating that even
the strongest LLMs struggle with pragmatic disambigua-
tion in symbolic expressions. API-based models consistently
outperform open-source models across all categories. For
instance, GPT-4 reaches an overall Acc, of 75.2%, while
the Qwen-14B trails behind at 58.1%. Notably, open-source
models like LLaMA-7B and Vicuna-7B perform signifi-
cantly worse, with Acc, below 30%, suggesting a funda-
mental deficiency in context-sensitive semantic reasoning.

Context Sensitivity Analysis

As further indicated in Table 2, we observe a notable gap be-
tween Acc, and Acc, across LLMs, with open-source mod-
els exhibiting a larger disparity than API-based ones. Such
a gap between query-wise and pair-wise accuracy highlights
that many models can occasionally guess correctly but fail
to switch answers when the context changes. Therefore, to
further investigate the underlying cause of this behavior,
two complementary metrics namely context awareness and
output variability are examined, capturing a model’s abil-
ity to distinguish between different contexts and to generate
context-sensitive responses.

Specifically, context awareness measures how often a
model provides semantically different outputs when pre-
sented with two distinct contextual inputs for the same am-
biguous sentence. The context awareness is computed as:

Np

L5704 # 00),

P =1

Score., = (€))
where n,, is the number of pairs, and O;; and O;5 are the
LLM’s outputs for the same ambiguous text under two dif-
ferent contexts. A higher score of context awareness indi-
cates that the model is more sensitive to context changes.
On the other hand, output variability evaluates how much the



Model Temporal information Domain theme Cultural background Social intent Overall
Acc, Acc, Acc,  Accy,  Acc, Acc, Acc, Accy Acc, Accy
GPT-4 64.5 76.6 58.9 74.2 59.3 71.5 542 723 588 752
deepseek-v3 364 57.6 40.3 60.0 41.6 64.4 276 506 36.7 585
Gemini 2.5 63.1 76.3 48.3 67.7 55.1 74.1 285 559 480 682
Ernie Bot4.0 542 73.4 543 72.5 56.8 75.2 447 66.0 525 718
LLaMA-7B 19.0 43.8 12.5 352 124 38.7 119 364 135 382
Qwen-7B 28.8 53.0 29.6 552 304 54.8 172 433 265 51.6
Vicuna-7B 30.9 53.5 274 53.6 29.5 532 226 467 275 517
LLaMA-13B 239 54.1 21.9 46.8 22.7 52.6 172 46.0 213 498
Qwen-14B 36.9 60.8 39.9 62.4 38.2 59.9 241 500 347 58.1
Human 88.3 89.2 92.7 94.9 84.9 88.5 893 904 885 90.6

Table 2: Performances of LLMs on EMODIS benchmark. Acc, and Acc, are reported as percentages.

LLM’s output changes when context is removed. It reflects
the LLM’s reliance on contextual information to formulate
its responses. The output variability is defined as:

Score,, = — E

where n,, is the number of queries for each ambiguous case,
and O}, and O}, are the LLM’s responses with and without
contextual input respectively.

ne # 00); ®)

Context sensitivity

Model Score., Score,,
GPT-4 0.406 0.481
deepseek-v3 0.245 0.317
Gemini 2.5 0.375 0.469
Ernie Bot4.0  0.396 0.476
LLaMA-7B 0.254 0.264
Qwen-7B 0.195 0.241
Vicuna-7B 0.347 0.325
LLaMA-13B 0.300 0.309
Qwen-14B 0.265 0.284
Human 0.959 0.491

Table 3: Performance of LLMs and humans on context sen-
sitivity metrics. Higher values indicate better ability to dis-
tinguish and respond to contextual changes.

As shown in Table 3, human performance is substantially
higher than all LLMs on both context awareness and out-
put variability, confirming that current LLMs still struggle
to distinguish and respond appropriately to contextual dif-
ferences. Among the evaluated LLMs, GPT-4 and Ernie Bot
4.0 achieve the highest scores on both metrics, indicating
that API-based LLMs are more sensitive to contextual vari-
ation than open-source ones. This is consistent with their
higher Acc, scores in Table 2, further suggesting that the
ability to perceive context changes plays a critical role in
solving disambiguation tasks.
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Bias in Emoji Interpretation

To further investigate why existing LLMs underperform on
EMODIS, we examine whether models tend to rely on de-
fault interpretations of emojis instead of using the provided
context. Specifically, we analyze output bias by selecting
Q (red
lantern), m(performlng acts), and A(hourglass) where both
literal and figurative meanings are equally represented.

Table 4 shows that LLMs, especially open-source ones,
often prefer the more frequent, figurative meaning regard-
less of context. For instance, GPT-4 demonstrates mild bias,
while LLaMA-7B exhibits strong skew toward figurative in-
terpretations. This supports an insight that models often de-
fault to learned priors rather than integrating contextual in-
formation. Reducing such biases is crucial for improving ro-
bustness in context-dependent interpretation.

several samples across four common emojis, i.e.,

Red Performing

Model Lantern Arts Hourglass
Groundtruth 17:17 11:11 13:13
GPT-4 15:19 9:13 11:15
DeepSeek-v3 13:21 4:18 10:16
Gemini 2.5 14:20 7:15 9:17
Ernie Bot 4.0 19:15 1:21 10:16
LLaMA-7B 2:32 3:19 6:20
Qwen-7B 5:29 5:17 7:19
Vicuna-7B 8:26 4:18 5:21
LLaMA-13B 13:21 5:17 8:18
Qwen-14B 12:22 8:14 9:17

Table 4: Bias in model outputs on three ambiguous emojis.
Each cell shows the count of predictions favoring the literal
vs. figurative meaning.

Comparison of GPT-4 and Human Evaluators

To examine the reliability of using GPT-4 as an automatic
evaluator for assessing model’s answer, we compare ithe
Accp, and agreement between human and GPT-4 on our



EMODIS benchmark. This setup is intended to verify the
reliability of GPT-4 as a proxy evaluator, without relying on
full human annotation for the entire dataset. Specifically, we
define agreement as the proportion of predictions on which
both human annotators and GPT-4 give the same evaluation
of correctness:

1

Agreement = N ;(Evalh(Oi) = Evals(0;)),
where N refers to instances randomly sampled from the
benchmark, and Eval, (O;) and Eval,(O;) represent the bi-
nary correctness judgments of the model output O; given by
human annotators and GPT-4, respectively.

As shown in Table 5, GPT-4 achieves over 90% agreement
with human judgments across all models, with only minor
discrepancies. This demonstrates that GPT-4 is largely con-
sistent with human evaluation in assessing context-sensitive
disambiguation, and can thus serve as a reliable and scalable
substitute for human annotators in EMODIS evaluation.

(6)

GPT-4 Human

Model Acc, Acc, Agreement(%)
GPT-4 59.6 60.1 98.5
DeepSeek-v3 359 34.7 95.2
Gemini 2.5 48.3 47.0 97.0
Ernie Bot 4.0 54.2 52.8 97.8
LLaMA-7B 11.7 12.3 90.5
Qwen-7B 24.4 23.6 93.2
Vicuna-7B 28.2 27.8 94.0
LLaMA-13B 20.6 214 91.7
Qwen-14B 322 31.7 95.1

Table 5: Comparison between GPT-4 and human evaluation,
including pair-wise accuracy from both evaluators and their
agreement rate.

Insights and Discussions

Our analysis of EMODIS reveals three major limitations
that large language models face when handling context-
dependent emoji disambiguation. These findings not only
explain the observed performance gaps but also reflect
deeper issues in the models’ ability to integrate and reason
over context.

Insensitivity to Contextual Contrast. We observe that
many models, particularly open-source ones, often produce
identical or nearly identical responses when the same sen-
tence is presented under two contrasting contexts. This sug-
gests a phenomenon that the models are not sensitive to the
subtle contrast between context variants. In such cases, the
model output does not reflect the shift in meaning that a hu-
man would naturally infer. Instead of treating context as an
active semantic signal that reshapes interpretation, models
often regard it as peripheral. This undermines their ability
to capture the kind of contrastive reasoning that EMODIS is
designed to test.
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Reliance on Prior Associations. Our emoji-wise bias
analysis indicates that models often default to the most fre-
quent or stereotypical interpretation of an emoji, regardless
of whether the context supports it. For example, emojis such
as “peach” or “snake” are consistently interpreted with their
figurative, socially dominant meanings (e.g., flirtation, in-
sult), even when the literal reading is more appropriate given
the context. This reveals that model predictions are heavily
influenced by associations learned during pretraining, and
that context is often insufficient to override these default ten-
dencies. This behavior shows that models do not reliably
prioritize contextual cues when determining meaning, and
instead fall back on prior distributions.

Gaps in Pragmatic Reasoning. While many models can
answer straightforward questions correctly, they struggle
with cases that involve social cues, implicit tone, or cul-
tural inference. Our case studies and taxonomy-based break-
downs highlight this limitation, especially for emojis whose
interpretation depends on sarcasm or implicit judgment. For
such examples, model outputs often fail to align with human
interpretations, even when the context clearly disambiguates
the intended meaning. This suggests that current models lack
the reasoning ability necessary for a robust understanding of
context-sensitive symbolic language.

Conclusion

While large language models exhibit impressive capabili-
ties across tasks, their ability to resolve semantic ambiguity
in context-sensitive settings remains limited. In this work,
we presented EMODIS, a diagnostic benchmark for evalu-
ating large language models on context-sensitive emoji dis-
ambiguation. By structuring each example as a sentence-
question pair with two contrasting contexts, EMODIS re-
veals models’ limitations in pragmatic inference and figura-
tive interpretation. Experiments show that even the strongest
models often fail to distinguish between literal and figurative
meanings when pragmatic inference is required. We further
showed that interpretive bias and context neglect are com-
mon failure modes, particularly in open models. Although
the benchmark is limited in scale and modality, we hope this
work provides a new lens for analyzing contextual seman-
tics in LLMs and motivates further research into pragmatic
reasoning and symbolic disambiguation.

Limitation. There are some limitations in our current
work. First, although EMODIS provides diverse textual con-
texts, each is deliberately kept brief to match current LLM
capabilities in leveraging contextual information. Future
versions can incorporate more complex and layered con-
texts to better reflect real-world usage. Second, while we
categorize contexts into four representative types, this tax-
onomy does not exhaust all disambiguation factors such as
speaker identity, emotional tone, or multimodal information
are not considered. Third, our benchmark currently relies on
manual construction and human verification for high quality,
which limits scalability. In future work, we aim to expand
the dataset using semi-automatic generation and explore ad-
ditional modalities and context dimensions that may affect
emoji interpretation.
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