
MMA: Benchmarking Multi-Modal Large Language
Models in Ambiguity Contexts

Ru Wang1∗, Selena Song1∗, Yuquan Wang1, Liang Ding2,
Mingming Gong3,4, Yusuke Iwasawa1, Yutaka Matsuo1, Jiaxian Guo5

1The University of Tokyo 2Alibaba Group 3University of Melbourne
4Mohamed bin Zayed University of Artificial Intelligence

5Google Research, Sydney

While visual information in multimodal settings can naturally help resolve inherent
ambiguities in natural language, the ability of multimodal large language models
(MLLMs) to leverage visual cues for disambiguation remains underexplored. In
this paper, we introduce the benchmark specifically designed to evaluate the perfor-
mance of MLLMs in Ambiguous contexts (MMA). MMA uses a multiple-choice
visual question-answering format with a novel evaluation protocol in which each
ambiguous text is paired with two distinct images that suggest different scenarios.
This setup requires models to provide different correct answers based on the visual
context, effectively testing their ability to perform cross-modal disambiguation. By
evaluating 25 proprietary and open-sourced MLLMs, we find that: (1) MLLMs
often overlook scenario-specific information provided by images to clarify the ambi-
guity of texts. When presented with two different contextual images and asked the
same question, MLLMs achieved an accuracy rate of only 54.8% in answering both
correctly, compared to human performance at 88.97%. (2) Among the three types of
ambiguity, models perform best under lexical ambiguity and worst under syntactic
ambiguity. (3) Proprietary models (e.g., Gpt-4o, top performer at 76%) outperform
open-source counterparts by an average margin of 15.38%. These findings firstly
underscore the current limitations of MLLMs in integrating visual information to
clarify textual ambiguities and highlight critical areas for future improvements. The
codes and benchmark data are available.

1. Introduction
Our interaction with the world is inherently multimodal, involving the reception and processing of
information across modalities [1] [1]. By training on large-scale datasets, multimodal large language
models (MLLMs) built upon transformers [2–4], such as GPT-4o [5], Gemini [6] and LLaVA [7],
have demonstrated strong understanding, reasoning, and even coding ability across vision and
language modalities. With visual and language understanding abilities, the realization of MLLM-
based agents has become feasible, sparking the potential for a variety of innovative applications,
such as mobile-operation [8–10] and graphics design [11, 12]. These applications highlight the
transformative potential of MLLMs in future human-computer interaction [13–15].
However, clarity during interactions is not always guaranteed. Ambiguity, which refers to caseswhere
an expression conveys multiple denotations [16–18], is inherently present in human interactions [19].
For examples shown in Figure 1, lexical ambiguity can be seen in “I saw her duck,” where "duck"
can mean either the bird or the action of lowering one’s head. Syntactic ambiguity is illustrated by
the sentence “The chicken is ready to eat,” which can mean either the cooked chicken is ready to
be eaten or the live chicken is ready to eat food. Another example is “What a good job,” which can
either be genuine praise or sarcasm, illustrating semantic ambiguity. Without sufficient context, it
is difficult to determine the meaning of ambiguous texts. If the model cannot handle ambiguity
effectively, there is a risk of misinterpreting the user’s original intent, potentially harming the
model’s reliability. In multimodal contexts, while visual cues provide additional layers of meaning,
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a). Lexical Ambiguity

b). Syntactic Ambiguity C). Semantic Ambiguity
Figure 1: The examples of ambiguity in multi-modal contexts. The detailed explanations about
lexical, syntactic and semantic ambiguity are given in Section 3.2.

the capability of MLLMs to effectively manage such ambiguity remains untested. This introduces
significant concerns regarding the robustness and reliability of MLLMs, which are essential for their
practical deployment.
To systematically evaluate and enhanceMLLM capabilities in handling these challenges, we introduce
a novel benchmark, MLLMs with Ambiguous questions (MMA). This benchmark is a multiple-
choice visual question answering dataset featuring 804 images. Each question is paired with two
contextually distinct images, requiring different correct answers for the same ambiguous text. This
design rigorously tests a model’s ability to dynamically adapt its interpretation based on scenario-
specific visual cues and reconcile textual ambiguity.
The questions within MMA are categorized into three types of ambiguity—lexical, syntactic, and
semantic—to provide a comprehensive assessment of MLLM performance across varied complexities.
Crucially, we introduce ambiguity accuracy as the primary metric: the percentage of questions
where the model correctly answers for both paired images. Unlike traditional visual question-
answering (VQA) datasets, which often rely on direct visual cues for answering questions, our
benchmark demands a deeper understanding of the intricate interplay between textual content
and visual context. This approach makes MMA a new evaluation method for assessing how well
MLLMs leverage the visual contexts to handle the complex, context-dependent ambiguities typical
of everyday interactions.
Overall, our main contributions are as follows: (a). Introduction of MMA Benchmark: We establish
MMA as a pioneering dataset aimed at evaluating MLLMs’ ability to leverage visual information
to clarify the ambiguities in texts, marking the first of its kind dedicated to this complex aspect
of model evaluation. (b). Comprehensive Model Evaluation: Initial assessments of 25 MLLMs
reveal a significant discrepancy between model and human performances, with models averaging
54.8% accuracy in handling textual ambiguities even given visual cues—markedly lower than human
benchmarks at 88.97%. This evaluation underscores models’ challenges in leveraging scenario-
specific visual information. (c).Analysis of Ambiguity Types: Across the types of ambiguity, models
show the best results with lexical and the poorest with syntactic ambiguities. This differentiation
highlights specific areaswhereMLLMs require further development. (d).PerformanceGapBetween
Model Types: A comparative analysis indicates that open-sourced MLLMs generally underperform
compared to proprietary MLLMs by approximately 15.38%, with Gpt-4o leading at 76% accuracy.
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Dataset Modalities Reasoning Question Type Task Type Lexical Syntactic Semantic

WiC [20] Text 7 Classi�cation Word Sense Disambiguation 3 7 7
CoNLL-2012 [21] Text 7 Coreference Resolution Coreference Resolution 7 3 7

SemEval-2018 Task 7 [22] Text 7 Similarity Scoring Semantic Similarity 7 7 3
AmbiEnt [17] Text 7 Natural Language Inference Ambiguity Identi�cation 3 3 3

AmbigQA [23] Text 7 QA Ambiguity Veri�cation 7 7 3
AmbigMT [24] Text 7 MT Quality Ambiguity in Translation 3 7 7
AmbiCoref [25] Text 7 Coreference Quality Coreference Ambiguity 3 7 7

LAVA [26] Images, Text 3 Matching Visual and Language Ambiguity 7 3 3
MM-Star [27] Images, Text 3 Multiple Choice Multi-task 7 7 7
UNPIE [28] Images, Text 3 Open-ended Grounding, Disambiguation, Reconstruction 3 7 7

HallusionBench [29] Images, Text 3 Open-ended Visual Question Answering 7 7 3
CODIS [30] Images, Text 3 Close & Open-ended Visual Question Answering 7 7 3
MMMU [31] Images, Videos, Text 3 Open-ended, Multiple Choice QA, Classi�cation, Description Generation 7 7 7
MUCAR [32] Images, Text (Multilingual) 3 Open-ended Image selection for ambiguous text 3 7 3

MMA (Our Dataset) Images, Text 3 Multiple Choice Visual Question Answering 3 3 3

Table 1: Comparison of di�erent datasets with a focus on ambiguity, where Lexical/Syntactic
and Semantic denote the ambiguity type. For MUCAR, dataset properties are inferred from the
original paper due to restricted access.

2. Related work

Multimodal large language models Recent advancements in MLLMs have improved interaction
understanding by integrating textual and visual data. Early models, such as LXMERT [ 33], UNITER
[ 34], and ViLBERT [ 35], focused on joint representations to enhance modality synergy. More recent
models, including CLIP [ 36], Flamingo [ 37], BLIP-2 [ 38], and LLaVA [ 7], train ViT from scratch
on large-scale web data, achieving notable success in VQA and captioning. However, evaluations
remain focused on basic visual tasks, lacking attention to ambiguous queries. Recent works address
this by incorporating complex and ambiguous scenarios in MLLMs. [31, 39�41]

Visual question answering Since the introduction of the Visual Question Answering task [ 42],
signi�cant progress has been made in integrating visual and textual data [ 43� 48], yet challenges in
accurate interpretation remain. The VQA v2 dataset [ 45] addresses these complexities with balanced
image pairs for improved visual analysis. Additionally, studies like [ 49] introduce ambiguous
examples where images provide enough information for answers but do not resolve inherent question
ambiguities.

Datasets for ambiguity Ambiguity in machine learning has been explored through specialized
datasets targeting di�erent aspects. WiC [ 20] and CoNLL-2012 [ 21] focus on word sense disam-
biguation and coreference resolution, respectively, addressing text-based ambiguities in linguistic
contexts. Datasets like SemEval-2018 [22] , AmbiEnt [ 17] , AmbigQA [ 23] , AmbigMT [ 24] , and
AmbiCoref [ 25] further this work by tackling di�erent forms of textual ambiguities. While these
datasets o�er valuable insights, they are largely limited to single-modal, text-based tasks, each
focusing on a speci�c type of ambiguity.

3. Benchmark construction

Our goal is to evaluate the MLLM performance under varying conditions of ambiguity. To achieve
this, we introduce MMA, a comprehensive benchmark featuring 804 images and 522 questions.
MMA is designed to evaluate MLLM's ability to handle di�erent types of ambiguity in multimodal
scenarios, re�ecting realistic scenarios that these models might encounter in real-world applications.
To accurately answer questions in the dataset, MLLMs are required to adeptly integrate information
from both textual and visual inputs to select the correct answer in VQA tasks.

3.1. Overview of our MMA Benchmark

To systematically evaluate the ability of MLLMs to resolve ambiguity, we adopt a well-established
typology from linguistics, categorizing ambiguity into three main types: lexical, syntactic, and
semantic [ 50� 53]. These categories represent increasing levels of complexity, from word-level
ambiguity (lexical) to sentence structure (syntactic) and context-dependent meaning (semantic), as
detailed in Section 3.2.
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Figure 2: The illustration of benchmark samples, where each sample consists of pairs of images,
each associated with the same question. The model needs to answer the question based on the visual
information presented in each image. The detailed explanations about Ambiguity Accuracy is given
in Section 4.2.

Our benchmark is structured as a series of multiple-choice Visual Question Answering (VQA) tasks.
In each task, a single ambiguous question is paired with multiple images. Each image provides a
distinct context that resolves the question's ambiguity in a di�erent way, leading to a di�erent correct
answer (as shown in Figure 2). This design compels the MLLM to accurately integrate both textual
and visual information to disambiguate the question's meaning and select the correct option, thereby
rigorously testing its multimodal reasoning capabilities in ambiguity-�lled scenarios.

3.2. Types of Ambiguities

Our benchmark targets the following three categories of ambiguity, with examples provided in Table
2. Each category is designed to probe speci�c aspects of a model's ability to integrate linguistic and
visual information.

Lexical ambiguities. Lexical ambiguity mainly evaluates the ambiguity caused by polysemy in
sentences. We considered the ambiguity caused by nouns, adjectives, and verbs. The verb category
includes both the ambiguity of polysemy and the ambiguity of di�erent emotions it may evoke.

Syntactic ambiguities. Syntactic ambiguities occur when sentence structures allow for multiple
interpretations. There are three main types: (a) Attachment Ambiguity: This occurs when a
modifying phrase, usually a prepositional phrase or clause, can logically attach to more than one
part of the sentence. (b) Coordination Ambiguity: This happens when adjectives, adverbs, or
other modi�ers can ambiguously apply to one or more nouns in a series, creating uncertainty about
whether the modi�ers apply to all or just some elements. (c) Structural Ambiguity: This arises
when verbs can be used in both transitive and intransitive forms, leading to di�erent meanings.

Semantic ambiguities. Semantic ambiguities involve the broader meanings of text and their interac-
tion with visual elements : (a) Idiomatic Ambiguity: This occurs with idiomatic expressions that
can be interpreted both literally and metaphorically. (b) Pragmatic Ambiguity: This arises from
interpreting a sentence in di�erent contexts provided by visual cues, a�ecting how the listener or
viewer understands the relevance and expected response.

3.3. Data collection

To e�ectively evaluate the ability of MLLMs to resolve ambiguity in multimodal contexts, we con-
structed a benchmark dataset based on a multiple-choice question (MCQ) format. This format
enables standardized automatic evaluation, allowing for a quantitative assessment of model accu-
racy in handling complex scenarios involving both visual and textual cues. The multiple-choice
format also ensures consistent and objective scoring across test cases, facilitating direct performance
comparisons between di�erent models.
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