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Abstract

Event understanding and reasoning play critical roles in thoroughly evaluating the capabilities of Vision-Language
Models (VLMs); however, existing Visual Question Answering (VQA) datasets predominantly focus on entity-centric
questions, while event- or action-related questions are limited in scale and suffer from significant shortcut issues. We
introduce MEUR, the first Multimodal Event Understanding and Reasoning dataset consisting of 1,200 images and
4,217 questions, necessitating VLMs with a diverse range of multimodal understanding and reasoning capabilities to
answer, ranging from basic event recognition to more complex tasks such as counting and comparison. To streamline
the annotation process, we propose a novel semi-automated pipeline that combines advanced VLMs with human
annotators, achieving high quality and efficiency. We conduct extensive experiments on state-of-the-art non-thinking
and thinking VLMs to demonstrate their capabilities and limitations in multimodal event understanding and reasoning.
Furthermore, we provide a detailed error analysis that points out promising directions for future research.
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1. Introduction " — )
Events are defined as the instances or occurrences
that constitute the basic semantic building units, ! -
encompassing the meanings of Activities, Accom- ke

plishments, Achievements, and States (Vendler,
1957). Effectively interpreting and analyzing events,
along with their complex associations, is pivotal to

understanding real-world dynamics and underlies | - | -
applications such as event knowledge graph con- ; ] ; ] ] ]
struction (Ma et al., 2022; Wei et al., 2024), future
event prediction (Lin et al., 2022; Rong et al., 2025), Question: Question:
and machine reading comprehension (Zhu et al., | o ovlectis nearthe female ;gv,g?:f;,y,j';,.;‘;?;p“e’s are
2023; Ouyang et al., 2024). Answer: Answer:

Recent progress has witnessed an increasing | A television screen. v/ L7 )
emphasis on tackling issues in event understanding ; ; ; ;
and reasoning, with several benchmarks have been
introduced to evaluate tasks, including event de- Question: Question:
tection (Wang et al., 2020; Yao et al., 2022), event \22:;0:,]3::; noar the female gg};;“,aa;g’:;‘,‘j,gj;;“,f’;;a;e
argument extraction (Li et al., 2021; Wang et al., Answer: Answer:
2024), and event-centric reasoning, such as tem-  ( Apodium. % J == )

poral/causal (O’'Gorman et al., 2016; Wang et al.,

2022) and multi-hop reasoning (Li et al., 2024b).  Figure 1: Examples of entity-centric and event-
However, current research has primarily focusedon  centric questions and their VLM responses.
natural language texts, while multimodal event un-

derstanding and reasoning remain underexplored,

largely due to the absence of dedicated bench-  questions related to events or actions, they are
marks. While certain Visual Question Answering  |imited in scale and diversity and suffer from signifi-
(VQA) datasets, such as VQA-E (Li et al., 2018)  cant shortcut problems. As exemplified in Figure 1,
and GQA (Hudson and Manning, 2019), involve  comprehending events and their associated infor-
mation presents a substantially greater challenge
fCorresponding authors. than interpreting objects, attributes, and relation-
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ships typically emphasized in current VQA datasets
(Liu et al., 2024; Wang et al., 2024a). Such com-
prehension necessitates a more nuanced, compo-
sitional reasoning over both visual and non-visual
cues. To effectively answer these questions, Vision-
Language Models (VLMs) must capture the struc-
ture of events, including their related entities, roles,
and interactions, posing substantial challenges and
offering a robust benchmark for evaluating the rea-
soning capabilities of VLMs.

Motivated by the above phenomenon, we intro-
duce the first Multimodal Event Understanding and
Reasoning (MEUR) dataset consisting of 1,200 im-
ages and 4,217 questions, necessitating VLMs to
be equipped with a diverse range of multimodal un-
derstanding and reasoning capabilities to answer,
including Event Recognition, Argument Identifica-
tion, Argument Associate Identification, Counting
and Comparison, and Unanswerable Questions.
The first two tasks correspond to existing event un-
derstanding tasks (i.e., event detection and event
argument extraction), the latter two address rea-
soning challenges, and the final one evaluates the
hallucination of VLMs. To streamline the annota-
tion process, we propose a novel semi-automated
pipeline that repurposes the existing situation with
groundings dataset, SwiG (Pratt et al., 2020), while
aligning the event types and argument roles with the
MEED dataset (Wang et al., 2021). Our approach
to annotating event understanding questions fol-
lows a “VLM-then-Human” approach, where an ad-
vanced VLM, GPT-40 mini (Hurst et al., 2024), is
used to generate initial “Event Recognition” and
“Argument Identification” questions, which are then
evaluated using GPT-40 under established crite-
ria, followed by human verification to ensure accu-
racy. Human annotators then complete the remain-
ing annotations, ensuring data quality and mitigat-
ing shortcut issues. Finally, the human-annotated
questions undergo paraphrasing by GPT-40 mini
to enhance linguistic diversity and variability.

We conduct comprehensive evaluations of state-
of-the-art VLMSs, including both non-thinking and
thinking models, on the MEUR dataset. The results
reveal the considerable difficulty posed by event
understanding and reasoning tasks. Notably, the
most advanced model, Seed 1.6 Vision, achieves
only 40.65% overall accuracy. All models struggle
with accurately identifying specific events and an-
alyzing their associated participants, and thinking
models, especially GPT-5 mini and Qwen3-VL, of-
ten produce overly specific answers that fail to han-
dle unanswerable questions effectively. Meanwhile,
non-thinking models exhibit substantial shortcom-
ings in discrete reasoning tasks, with particularly
weak performance in counting and comparison. To
point out useful directions to guide future research,
we conduct an in-depth error analysis, identifying

key issues such as incorrect event recognition, in-
accurate fine-grained argument identification and
comprehension, and event-centric hallucinations.

The key contributions of this work can be sum-
marized as follows:

* We introduce MEUR, the first dataset tailored
for multimodal event understanding reasoning.
It includes 1,200 images and 4,127 questions,
grounded in 5 question strategies, necessitat-
ing a diverse range of multimodal understand-
ing and reasoning capabilities to answer.

» We conduct extensive evaluations of state-of-
the-art VLMSs, including both non-thinking and
thinking models, to analyze the capabilities
and limitations of these models in multimodal
event understanding and reasoning.

» We perform a thorough error analysis and iden-
tify key issues such as incorrect event recogni-
tion, inaccurate fine-grained argument identifi-
cation and comprehension, and event-centric
hallucinations, for future research in this field.

2. Related Work

Event Understanding and Reasoning. With the
progressive advancement of text mining, numer-
ous works have emerged on event understanding
and reasoning. The predominant line centers on
textual event understanding, commonly formulated
as the event extraction task, decomposed into two
subtasks: (1) event detection, which identifies lex-
ical trigger words (i.e., keywords or phrases that
evoke the events) and classifies their event types;
and (2) event argument extraction, which identi-
fies the arguments and their argument roles (Liu
et al., 2020). Under this task, various datasets,
such as ACE 2005 (Walker et al., 2006), TAC KBP
(Ellis et al., 2014, 2015, 2016; Getman et al., 2017),
MAVEN (Wang et al., 2020), and LEVEN (Yao et al.,
2022), have been introduced. Another line of re-
search targets inter-event semantics, modeling re-
lations among event mentions, such as coreference
(Pradhan et al., 2007; Cybulska and Vossen, 2014),
temporal (Verhagen et al., 2009, 2010; UzZaman
et al., 2013), causal (Dunietz et al., 2017), and
subevent (Glavas et al., 2014) relationships, and
often combines multiple relation types (Mirza et al.,
2014; O’'Gorman et al., 2016; Caselli and Vossen,
2017; Wang et al., 2022) or advances to deeper
reasoning, such as multi-hop reasoning (Li et al.,
2024b), across event-argument structures. Many
recent work extends the modalities of event extrac-
tion toward image (Pratt et al., 2020; Wang et al.,
2021) and broader multimedia (Li et al., 2020), with
methodologies using LLMs and LVLMs being pro-
posed (Peng et al., 2023a,b; Wang et al., 2024b; Li
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Strategy | Example 1 | Example 2
' w
Image k-
Question: What is the soldier doing to the | Question: What are the people doing to the
Event o . o
Recognition adult female? adult female in gray?
Answer: Apprehending. Answer: Interviewing.
Argument Question: Who is apprehending an adult | Question: Who is being interviewed by peo-

female in room?

Identification Answer: A soldier.

ple?
Answer: An adult female.

Argument
Associate
Identification

being apprehended?
Answer: A television screen.

Question: What object is near the female

Question: What color of T-shirt is worn by
the person being interviewed?
Answer: Gray.

Counting and

Comparison | (ot Applicable)

Question: How many people are conducting
the interview?
Answer: 3.

Unanswerable

. male?
Questions

Answer: Unanswerable.

Question: Who is apprehending the adult

(Not Applicable)

Table 1: Examples for the question strategies in the MEUR dataset. Event triggers and arguments are
highlighted in blue and green, respectively. Some question strategies may not be applicable to some

images, which are denoted as “(Not Applicable)”.

et al., 2025a; Xing et al., 2025). Despite progress
made, most existing work remains limited to rec-
ognizing events depicted while underexploring the
crucial dimension of event-centric reasoning. We
emphasize reasoning within event structures, in-
troduce the first dataset, and delineate the unique
challenges inherent to this problem.

Multimodal Understanding and Reasoning. A
variety of studies have concentrated on multimodal
understanding and reasoning, often framed as free-
form, open-ended VQA tasks. In these tasks, natu-
ral language questions are constructed based on
an image, and models are tasked with producing
coherent natural language answers as outputs. Ex-
isting VQA datasets can be classified into four cat-
egories: object-centric (e.g., DAQUAR (Malinowski
and Fritz, 2014) and Visual7W (Zhu et al., 2016)),
relationship-centric (e.g., MovieQA (Tapaswi et al.,
2016) and CLEVR (Johnson et al., 2017)), domain-
specific (e.g., VQA-RAD (Lau et al., 2018) and
VQA-Med (Abacha et al., 2020)), and knowledge-
centric (e.g., KB-VQA (Wang et al., 2017) and E-
VQA (Yang et al., 2023)) datasets. With the swift de-
velopment of VLMs, researchers have also bench-
marked their capabilities in multimodal reasoning,

with a particular focus on mathematical reasoning
(Kang et al., 2025a,b, 2026; Li et al., 2025b).
However, most existing datasets, particularly
those designed for VQA, are primarily entity-centric,
leaving event-centric datasets relatively underex-
plored. Additionally, the heavy reliance on automat-
ically generated datasets (Sharma and Jalal, 2021)
raises concerns about their suitability for robust rea-
soning tasks. While certain VQA datasets, such as
VQA-E (Lietal., 2018) and GQA (Hudson and Man-
ning, 2019), involve event- or action-related ques-
tions, these questions suffer from serious shortcut
issues (see Section 3.2). In this paper, we build
upon VQA-formed multimodal understanding and
reasoning by proposing a novel semi-automated
pipeline for understanding and reasoning questions,
respectively, enhancing question diversity while mit-
igating shortcut problems in reasoning questions.

3. Dataset Construction

3.1. Multimodal Event Understanding
and Reasoning Questions

Table 1 presents annotation examples for two im-
ages, each corresponding to the proposed question
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strategies. To enhance the integration of both visual
content and event structures, we propose five inno-
vative strategies tailored for event understanding
and reasoning questions, which we construct using
a semi-automated process, the details of which are
elaborated in Section 3.2.

Event Recognition: In this type of question,
VLMs are evaluated on their ability to interpret the
event occurring between the specified arguments,
where the trigger words (i.e., verbs) annotated in
the SWiG dataset (Pratt et al., 2020) are selected
to represent the answers. For instance, in the first
case from Table 1, models are expected to first iden-
tify the two event arguments, “soldier” and “adult
female,” within the image, and then determine the
event connecting these arguments, as shown in
the reasoning chain depicted in Figure 2(a).

Argument Identification: This type of question
assesses the bridging capability of VLMs (Trivedi
et al., 2022), where models are tasked with iden-
tifying the target argument based on the provided
event (and its associated arguments). For the first
example in Table 1, given the event trigger “appre-
hended” and an argument “adult female,” VLMs
should infer the target argument, the soldier, who
apprehends the adult female, as illustrated in the
reasoning chain in Figure 2(b).

Argument Associate Identification: Similar to
“Argument Identification”, this type of question also
evaluates the bridging capability of VLMs while in-
troducing an additional reasoning step involving the
target argument. Inspired by entity-centric datasets
(Liu et al., 2024), these questions prompt VLMs to
deduce attributes (e.g., colors) and relations (e.g.,
next to) associated with the target arguments. As
shown in Figure 2(b), VLMs are required to per-
form an extra reasoning step to identify the objects
located near the soldier.

Counting and Comparison: This question type
evaluates the discrete reasoning capability of VLMs
(Dua et al., 2019). In scenarios where multiple enti-
ties are present, only a subset may possess a spe-
cific attribute towards the given event (e.g., an inter-
viewee). Such questions pose unique challenges,
requiring models to not only identify discrete enti-
ties but also associate them with the event while
performing tasks such as counting and compari-
son. For the second example from Table 1, VLMs
should first identify the people conducting the inter-
view and then determine the number of interviewers
involved in the event, which is 3.

Unanswerable Questions: The aforementioned
question types are generally answerable through

Apprehending
Apprehending (Justice.Arrest-Jail)

(Justice.Arrest-Jail) Q
.

.

¥ oo Adult
Female
(Victim)

"ﬁ: Soldier
o (Agent) ~..

KR
Soldier
(Agent)

Adult Female
(Victim)

(@) (b)

Television Podium

Figure 2: Reasoning chain examples for “Event
Recognition,” “Argument Identification,” and “Argu-
ment Associate Identification” questions. The el-
ements in the dash represent those not given in
the question, and the dashed lines illustrate the
reasoning chains to derive the answers.

proper reasoning grounded in the image. However,
not all propose a distinct question type intentionally
designed to be unanswerable based on the image,
which serves to evaluate the hallucination tenden-
cies of VLMSs, as shown in the example illustrated in
Table 1. To create this type of questions, annotators
are instructed to modify the event trigger by substi-
tuting it with another trigger from the same group
of event types (e.g., Conflict.Attack — Con-
flict.Demonstrate) orto alter the argument by
reassigning one argument to a different role.

3.2. Dataset Construction Pipeline

Figure 3illustrates the overall pipeline for construct-
ing the MEUR dataset, which is a semi-automatic
framework that involves VLMs with human anno-
tators to reduce annotation efforts to enhance ef-
ficiency. In this section, we introduce each of the
steps in detail.

Data Sample Selection. We begin by selecting
appropriate data samples from the Situation with
Groundings (SwiG) dataset (Pratt et al., 2020) by re-
ferring to the event schema proposed by the MEED
dataset (Wang et al., 2021), consisting of 66 event
types and 81 argument roles, as illustrated in Fig-
ure 8. Each data sample includes animage I, three
textual descriptions d;, i € {1, 2,3}, an event trigger
t corresponding to an event type e € £, and a list of
arguments paired with their roles {(a;,7;)},7; € R.
As described in Section 3.1, most types of ques-
tions necessitate comprehension across multiple
arguments; therefore, we focus on data samples
that contain at least two arguments, which support
the creation of complex and informative questions.
To assist human annotators’ comprehension, we
visualize the bounding boxes of the arguments in
the image and label their roles within these boxes
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(a) Event Understanding Questions

Inputs

' Automatic Questions Judged Questions
= 4
IM' © A A A A @ A A A A + '+
A EEIEIE ElEIEIE 208
aogine
Image Automatic Specificity
Labeling - - - - Answerability = = = = Human
Faithfulness Verification
® o,
Event (b) Event Reasoning/Unanswerable Questions
Structure
Human-labeled Questions Paraphrased Questions
Paraphrase
Descriptions Labeling

Figure 3: Overall collection pipeline of the MEUR dataset, with specific methods tailored for event

understanding and reasoning questions, respectively.

)

You are a well-trained annotator for event understanding and
reasoning questions. Given an image, its descriptions
(Descriptions), an event trigger (Trigger), and a set of named
arguments (Arguments), your goal is to create a specific,
unique, and answerable Question-Answer (QA) pairs. [...]

Annotation Guidelines
1.

Clearly ask about the event, described by the Trigger, [...];
2. Be highly specific. If an argument cannot be clearly
identified in the image by the given Argument role, [...];
Be unique and non-formulaic. Avoid using the same question
template for every input. [...];
Be directly answerable. The question must be solely and
unambiguously answerable by the given trigger word, [...].

1. Rule of Question Composition: [...J;
2. Rule of Uniqueness and Answerability: [...];
3. Rule of Faithfulness: [...].

\& J

Figure 4: Prompt example for generating the “Event
Recognition” questions, including a task definition,
annotation guidelines, annotation rules, and two
in-context examples.

o

»

using the OpenCV library'.

Event Understanding Questions. LLMs and
VLMs have shown great promise in understanding
event structures (Peng et al., 2023a; Wang et al.,
2024b) and performing event-centric annotations
(Li et al., 2024a,b). Considering the structured na-
ture of event understanding questions, such as
recognizing the occurrence of events or identifying

"https://opencv.org/

specific arguments, we adopt an advanced LLM,
GPT-40 mini (Hurst et al., 2024), to automatically
generate questions for “Event Recognition” and “Ar-
gument ldentification,” with the prompt detailed in
Figure 4. It includes a task definition, annotation
guides, rules, and two in-context examples, en-
suring accuracy and instruction following through
in-context learning (Brown et al., 2020). All relevant
information from the SWiG and MEED datasets, in-
cluding the image, descriptions, event triggers, and
arguments, is incorporated to guide the generation
outcomes. To evaluate the quality of the generated
questions, as shown in Figure 3, we employ an
“LLM-as-a-Judge” framework using GPT-40 to as-
sess questions based on three metrics: specificity,
answerability, and faithfulness. Any question failing
at least one criterion undergoes human verification,
and inaccurate questions are removed. After this
process, a subset of 100 images is sampled for
further validation, achieving a question accuracy
rate exceeding 99%, thereby confirming the high
quality of these two question strategies.

Event Reasoning Questions. The annotation of
event reasoning questions is primarily conducted
by human annotators, comprising undergraduate
and postgraduate students from reputable universi-
ties. Annotators are provided with a comprehensive
set of resources, including images, descriptions,
event triggers, arguments, and the finalized event
understanding questions, and their task is to craft
high-quality event reasoning questions based on
this information. Prior to annotation, all participants
underwent thorough training, which covered basic
knowledge of VQA and multimodal reasoning, as
well as key concepts related to event understand-
ing, such as event triggers, event arguments, and
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Question: Question:

Are there any men to the left of What color is the food on the
the person thatis-heiding-the red object teftof-the-smatt-gitt
umbreHa? thatis-hetding-a-hamburger?

Y

Are there any men to the left of
the person?

What color is the food on the
red object?

Figure 5: Question examples with shortcut problem
from the GQA dataset.

argument roles. Additionally, a detailed annotation
guideline was provided to standardize the process
and ensure consistent quality. Afterward, a quali-
fication test was conducted, and the top two can-
didates demonstrating the highest accuracy and
efficiency were selected. Each annotator was as-
signed 600 images and was also responsible for
cross-checking the annotations of their counter-
part. In cases of disagreement, a consensus was
reached through discussions with the project lead.
Finally, to further promote question diversity, the an-
notated questions were paraphrased using GPT-40
mini, ensuring a diverse and enriched dataset.

Desiderata on Shortcut Problems. Reasoning
shortcuts present a critical challenge to the qual-
ity of multi-hop reasoning datasets (Trivedi et al.,
2022; Li et al., 2024b), and this is similarly preva-
lent in existing VQA datasets, primarily due to their
reliance on automatically generated data (Sharma
and Jalal, 2021). Figure 5 illustrates two exam-
ples from the GQA dataset (Hudson and Manning,
2019), showcasing the image, the original question,
and a modified version with redundant information
removed. In the first example, although the im-
age describes the person “holding the umbrella,”
this detail is unnecessary for reasoning, as only
one person is present in the image. Consequently,
despite many datasets involving event- or action-
related questions, reasoning shortcuts render them
unsuitable for comprehensive multimodal event rea-
soning. This highlights the crucial need for human
annotation in developing reasoning questions. In
our dataset curation process, we prioritize train-
ing human annotators to avoid introducing shortcut
questions and deliberately checking each other’s
work to ensure such problems are fully addressed.

3.3. Dataset Characteristics

Question Distribution. The MEUR dataset con-
sists of 1,200 images and 4,217 questions, which

=== Event Recognition

=== Argument Identification

m== Argument Associate Identification
Counting and Comparison
Unanswerable Questions

‘ ".%

)

6.8%

Operation Transportation
Conflict Personnel
Agriculture Education
Contact Transaction

Daily Life

l Activity wem Disaster
Entertainment
.79
AL Justice
Ceremony

mmm Movement

== Action
== Accident
26.8%

Figure 6: Distribution of question strategies (top)
and event types (bottom) within the MEUR dataset.

is tailored to evaluate the capabilities of VLMs
on complex event understanding and reasoning
tasks. Figure 6 illustrates the distribution of ques-
tion strategies within the dataset, where “Event
Recognition” and “Argument Identification” consti-
tute the majority. Although “Argument Associate
Identification” and “Counting and Comparison” ac-
count for a smaller proportion, it is important to high-
light the distinct challenges involved in annotating
these types of questions, particularly in formulating
questions that avoid shortcut problems. Notably,
the dataset’s distribution aligns with established
reasoning benchmarks, such as HotpotQA (Yang
et al., 2018), 2WikiMultiHopQA (Ho et al., 2020),
and MEQA (Li et al., 2024b). MEUR also features
a wide range of event types, as illustrated in Figure
6. It includes 18 groups of event types, with each
group containing multiple specific types (e.g., Con—
flict.Attack and Conflict.Demonstrate
under the Conflict group). This diversity, both
in questions and events, establishes MEUR as a
pioneer benchmark for evaluating the event under-
standing and reasoning capabilities of VLMs.

Most Frequent n-grams. To analyze the seman-
tic features of different question strategies, we
present the most frequent n-grams within the ques-
tions, including unigrams, bigrams, and trigrams,
in Figure 7. The analysis reveal that the most fre-
quent n-grams align closely with their respective
strategies. For instance, terms like “actions” and
“doing” frequently appear in the “Event Recognition”
strategy, whereas phrases such as “how many”
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(d) Counting and Comparison

nunber of individuals®

Figure 7: The most frequent n-grams in the questions within different strategies.

and “compared to” are common in the “Counting
and Comparison” strategy. This alignment not only
demonstrates the consistency between the ques-
tions and their corresponding strategies but also
highlights the high quality and reliability of the semi-
automatic framework used to develop the dataset.

4. Experiments

4.1. Experimental Setup

Models and Setup. We conduct a comprehen-
sive evaluation of state-of-the-art VLMs, including
non-thinking and thinking models, on the full MEUR
dataset. For non-thinking models, we experiment
with GPT-40 (Hurst et al., 2024, 2024-11-20), GPT-
40 mini, Grok 4 Fast® (Non Reasoning), DeepSeek-
VL2 (Wu et al., 2024), and Qwen3-VL-30B-A3B-
Instruct (Bai et al., 2025). For thinking models, we
evaluate GPT-5 mini®, Gemini 2.5 Flash (Comanici
et al., 2025), Grok 4 Fast (Reasoning), Seed 1.6
Vision, GLM-4.1V-Thinking (Hong et al., 2025), and
Qwen3-VL-30B-A3B-Thinking. All hyperparame-
ters are set to their default or recommended values
during the inference process.

Evaluation Metrics. To ensure fair comparison,
we adhere to standard metrics from VQA and mul-
timodal reasoning (Kuang et al., 2025; Zeng et al.,
2025) to evaluate model performance: (1) Accu-
racy (Acc.), including both overall accuracy and

’https://x.ai/news/grok-4-fast
Shttps://openai.com/index/
gpt—-5-system—card/

the per-question-strategy accuracy; (2) Similarity
(Sim.) is computed as cosine similarity between
model outputs and references in the BGE-Large
(EN-v1.5, Xiao et al., 2024) embedding space.

4.2. Experimental Results

Table 2 presents the results of both non-thinking
and thinking VLMs on the MEUR dataset. From the
result, we observe the distinct challenges posed
by these questions. Grok 4 Fast and Seed 1.6
Vision demonstrate the best performance in non-
thinking and thinking models, respectively; however,
their results remain unsatisfactory, with the top-
performing model, Seed 1.6 Vision, achieving only
40.65% accuracy, highlighting substantial room for
improvement in future model development.
Experimental results across different question
strategies reveal that “Argument Associate Identifi-
cation” achieves the highest performance, followed
by “Event Recognition,” while “Argument Identifi-
cation” and “Counting and Comparison” show the
weakest results. This indicates that VLMs excel
at identifying apparent cues, such as recognizing
basic attributes or recognizing the occurrence of
events, but struggle with fine-grained argument un-
derstanding or discrete reasoning in counting and
comparison. Furthermore, models exhibit varying
performance when addressing unanswerable ques-
tions. Non-thinking models demonstrate relatively
stable performance on such questions, whereas
thinking models show significant variability. Inter-
estingly, thinking models perform worse than non-
thinking models on this question type, as they often
produce overly confident and determined outputs.
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Overall Per-class Accuracy
Model #Param. | ) sim. ER Al AAI cc UNA
Non-thinking VLMs
GPT-40 - 27.41 73.41 34.92 20.57 48.80 23.51 52.90
GPT-40 mini - 29.00 75.46 39.67 22.65 37.32 27.49 36.13
Grok 4 Fast - 30.61 78.62 35.92 25.98 49.28 38.25 23.87
DeepSeek-VL2 27B 20.18 70.31 17.42 16.15 38.28 37.85 50.97
Qwen3-VL (Inst.) 30B-A3B 28.01 74.51 26.42 23.69 54.07 41.43 50.32
Thinking VLMs
GPT-5 mini - 37.11 82.39 40.33 33.97 61.72 52.99 1.94
Gemini 2.5 Flash - 34.43 79.29 42.50 27.89 46.89 49.40 32.26
Grok 4 Fast (Reason.) - 33.58 79.10 41.08 27.27 53.11 41.83 33.55
Seed 1.6 Vision - 40.65 81.46 45.25 35.30 68.90 52.99 29.68
GLM-4.1V-9B 9B 34.31 79.93 38.75 29.31 59.81 48.21 20.65
Qwen3-VL (Think.) 30B-A3B 36.64 80.93 44.33 30.43 65.07 58.17 0.00

Table 2: Experimental results of non-thinking and thinking models on the MEUR dataset. The best and
the second-best values for each metric within each model type are highlighted in bold and underlined,

respectively.

Example | Example 1 | Example 2 | Example 3
X "‘,\1;_.

Image

Question What is the woman doing to the | How many individuals are hoe- | Which tool is used by the female
airplane? ing in the field? child to wash the plate?

Ground . .

Truth Disembarking. 2. A sponge.
Prediction | Boarding. | 3. | A washing machine.

Table 3: Error types of VLMs on the MEUR dataset with examples. Ground truths and incorrect predictions

are highlighted in green and red, respectively.

This observation aligns with prior findings (Chen
et al., 2025), particularly for models like GPT-5 mini
and Qwen3-VL, which frequently fail to correctly
identify unanswerable questions.

4.3. Error Analysis

We conduct a detailed error analysis to highlight
key challenges and suggest directions for future
research, with examples organized in Table 3:

1. Inaccurate Event Recognition: VLMs occa-
sionally fail to correctly identify events depicted
in images, especially when those events fall
within the same category or exhibit similar vi-
sual characteristics. For the first example in
Table 3, the model detects an interaction be-
tween the woman and the plane but misclas-
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sifies the “disembarking” event as “boarding,”
both of which belong to the Transportation
category.

. Inaccurate Fine-grained Argument ldenti-

fication and Comprehension: VLMs also
exhibit difficulty in accurately identifying the
arguments associated with events, often over-
attributing participation by labeling all entities
within the image as event participants. For
the second example, although only two of the
three individuals in the image are engaged in
hoeing, the model incorrectly predicts that all
three are participating in the event.

. Event-centric Hallucinations: VLMs further

suffer from hallucination issues when identi-
fying events and their associated arguments,



often relying on commonsense knowledge in-
stead of grounding their predictions in visual
evidence, leading to responses that are incon-
sistent with the image content. For the third
example, models answer “washing machine”
as the tool used to wash a plate based on com-
monsense knowledge, while overlooking the
sponge that is clearly being used in the image.

These challenges significantly hinder the ability of
VLMs to perform accurate multimodal event under-
standing and reasoning. Addressing these limita-
tions is critical for advancing the field and improving
the robustness of VLMs in future research.

5. Conclusion

We introduce MEUR, the first dataset specifically
designed to evaluate VLMs on the multimodal event
understanding and reasoning task. MEUR includes
1,200 images and 4,127 questions, grounded in 5
question strategies, necessitating a diverse range
of multimodal understanding and reasoning capa-
bilities to answer. To streamline the annotation pro-
cess, we propose a novel semi-automated pipeline
that combines advanced VLMs with human anno-
tators, achieving high quality and efficiency. We
conduct extensive experiments on state-of-the-art
non-thinking and thinking VLMs to demonstrate
their capabilities and limitations in multimodal event
understanding and reasoning, accompanied by an
in-depth error analysis to point out useful directions
for future research. In the future, we will extend the
benchmark with more diverse yet underexplored
reasoning questions and propose innovative meth-
ods to improve model capabilities in terms of multi-
modal event understanding and reasoning.

Limitations

Although MEUR pioneers the research by introduc-
ing the first dataset on multimodal understanding
and reasoning, the high-quality dataset annotation
leads to high annotation cost and difficulty, espe-
cially in ensuring reasoning questions that mitigate
shortcut issues. How to further improve the auto-
matic or semi-automatic data collection remains an
open problem. Meanwhile, since the SWiG dataset
(Pratt et al., 2020) is collected in English, MEUR is
also limited to monolingual. We advocate for further
research efforts to develop more diverse datasets
with multilinguality.

Ethical Considerations

We discuss the following ethical considerations re-
lated to our MEUR dataset as follows: (1) Intel-
lectual Property. The SWiG dataset (Pratt et al.,

2020) is shared under the MIT License*, and the
MEED dataset (Wang et al., 2021) is published as
an open resource®, both of which are free for re-
search use. We release our dataset under the MIT
License on GitHub®. (2) Annotators Treatments.
We hired student annotators and fairly pay them
according to agreed salaries and workloads. (3)
Intended Use. MEUR can be utilized to develop
more persuasive models in the field of multimodal
event understanding and reasoning. Researchers
can also inherit our dataset design, especially the
semi-automatic collection pipeline, to develop their
own datasets. (4) Controlling Potential Risks.
Since the documents of MEUR do not contain pri-
vate information and the annotation process is not
necessary to make many judgments about social
risks, we believe MEUR does not introduce any ad-
ditional risks. We manually verified some randomly
sampled data to ensure the dataset did not contain
risky issues.
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A. Event Schema
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Daily
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Figure 8: Event schema (i.e., event types and argument roles) of the MEED dataset.

1709



	Introduction
	Related Work
	Dataset Construction
	Multimodal Event Understanding and Reasoning Questions
	Dataset Construction Pipeline
	Dataset Characteristics

	Experiments
	Experimental Setup
	Experimental Results
	Error Analysis

	Conclusion
	Bibliographical References
	Language Resource References
	Event Schema

