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Abstract

We introduce MAIA (Multimodal AI Assessment), a multimodal dataset developed as a core component of a competence-
oriented benchmark designed for fine-grained investigation of the reasoning abilities of Visual Language Models (VLMs)
on videos. The MAIA benchmark is characterized by several distinctive features. To the best of our knowledge, MAIA is
the first Italian-native benchmark addressing video understanding: videos were carefully selected to reflect Italian culture,
and the language data (i.e., questions and reference answers) were produced by native-Italian speakers. Second, MAIA
explicitly includes twelve reasoning categories that are specifically designed to assess the reasoning abilities of VLMs on
videos. Third, we structured the dataset to support two aligned tasks (i.e., a statement verification and an open-ended visual
question answering) built on the same datapoints, this way allowing to assess VLM coherence across task formats. Finally
MAIA integrates, by design, state-of-the-art LLMs in the development process of the benchmark, taking advantage of their
linguistic and reasoning capabilities both for data augmentation and for assessing and improving the overall quality of the
data. In the paper we focus on the design principles and the data collection methodology, highlighting how MAIA provides a

significant advancement with respect to other available dataset for VLM benchmarking. Data available at GitHub.
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1. Introduction

In recent years, mainly following the success of large
language models (LLMs), there has been a growing in-
terest for large pre-trained models able to manage both
texts and images. Such Vision and Language models
(VLMs) have been investigated both from a theoretical
perspective (e.g., Baroni [1]) and for their application-
oriented interest (e.g., Bigham et al. [2]). Today, there are
dozens of available VLMs, and the most popular fami-
lies of generative Al models (e.g., Llama, Gemma, Qwen,
GPT) include several VLMs, which can address a number
of question answering tasks on both images and videos.
As a consequence of the fast and increasing power of
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VLMs, assessing their performance on standardized tasks
and metrics is becoming more and more challenging.

First of all, evaluating VLMs understanding in real
world scenarios requires moving beyond single-frame
scenarios. Unlike static images, videos offer rich tem-
poral structure: they capture dynamic scenes, evolving
actions, interactions, and causal dependencies that un-
fold over time, making them one of the most faithful and
closest approximations to real-world complex scenarios.
In this context, the role of evaluation becomes critical: to
truly assess a model’s ability to understand, reason, and
ground meaning across modalities, we need benchmarks
that do not merely test task performance, but probe the
underlying competences of the model [3].

With this purpose in mind, we introduce MAIA (Mul-
timodal AI Assessment), a multimodal dataset developed
as a core component of a broader competence-oriented
evaluation framework for VLMs. MAIA is designed to
challenge models on multimodal reasoning grounded in
real-world scenarios from different linguistic perspec-
tives. To the best of our knowledge, it is the first native
Italian evaluation dataset of its kind and based on video
content. MAIA provides a linguistically rich and semanti-
cally diverse resource for exploring vision and language
understanding in realistic contexts, with a particular fo-
cus on Italian culture, by covering distinct reasoning cate-
gories, each targeting specific semantic phenomena. This
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structure allows for a fine-grained analysis of the con-
tribution of both language and visual modalities across
different types of reasoning. A key feature of MAIA is its
cascading data collection approach, which enables the
same source data to be spent and used across multiple
task formats (e.g., generative tasks, classification tasks,
etc.), supporting fully comparable evaluations and paving
the way for an all-in-one benchmarking strategy. The
efficacy of this approach and of the MAIA benchmark
as a severe and robust evaluation framework has been
proved in Testa et al. [4] in which we evaluate models
against a classification and a generative task, namely
visual statement verification and open-ended question
answering. While the second task turns out to be more
challenging even for the best-performing models, they
also exhibit significant inconsistencies both within and
across the two tasks, with some categories relying more
heavily on either the visual or the linguistic component
to solve the task. However, in this paper, we dive into
how the dataset was collected. Finally, an additional as-
pect of innovation in the data creation of MAIA pipeline
lies in the integration of human annotation with targeted
data augmentation using powerful LLMs (GPT-4o [5]),
combined with a multi-stage semi-automatic validation
process conducted with the same model at different lev-
els. This dual use of a generative model (i.e., GPT-40) not
only enhances the diversity and coverage of the dataset
but also ensures high-quality and semantically consistent
data throughout the pipeline.

The paper is organized as follows. Section 2 reviews
the most relevant prior work in the research area. In
Section 3, we detail the design choices behind the cre-
ation of the dataset and, more broadly, the development
of the entire MAIA benchmark. Finally, Sections 4 and 5
describe the specific steps followed for dataset construc-
tion: the former focuses on the selection and collection of
video material, while the latter addresses the collection
and validation of all linguistic data that constitute MAIA.
Both sections are complemented by dedicated analyses
of the collected data.

2. Related Work

Multimodal datasets combining vision and language have
played a crucial role in the development and evaluation of
VLMs. Early image-based resources such as the VQA [6],
GQA [7], DVD [8], and HL [9] datasets have provided con-
trolled environments to assess visual reasoning and nat-
ural language understanding through several tasks like
Image captioning or Visual Question Answering, thereby
reinforcing the role of vision as a fundamental compo-
nent in the evaluation of multimodal models [6]. Over
time, contributions of this kind have been instrumental in
shaping the foundations of multimodal evaluation, where

language understanding is assessed in conjunction with
perceptual grounding. Simultaneously, these efforts have
revealed critical weaknesses in early multimodal architec-
tures, by highlighting their reliance on dataset biases or
shallow heuristics rather than genuine visual reasoning
[10, 11]. Such challenges have later been framed within
the broader phenomenon of Unimodal Collapse, where a
VLM disproportionately depends on its language compo-
nent, resulting in text-only models performing compa-
rably to their multimodal counterparts [12]. In contrast
to earlier stages [13, 14, 15], the growing awareness of
these issues has prompted the emergence of diagnostic
evaluation frameworks such as in Parcalabescu et al.
[12], Thrush et al. [16], Chen et al. [17], Bianchi et al.
[18] and carefully curated benchmarks such as in Xiao
et al. [19] and Tong et al. [20], designed to expose the
true capabilities and limitations of VLMs. These method-
ological insights strongly motivate the design of MAIA
as a robust, controlled multimodal dataset, aimed at en-
suring that models genuinely integrate both linguistic
and visual information, rather than relying solely on the
priors embedded in their language backbones.

Building on this tradition, video-language datasets
lately extended the challenge to temporal understand-
ing and dynamic scene interpretation, both essential
components for complex real-world understanding. Sev-
eral resources including TVQA [21] and HowToVQA [22]
datasets or the AGQA [23] and MVBench [24] benchmarks
changed their focus from static perception to actions and
entities, by trying to challenge VLMs in identifying the re-
lationships between them. As in the case of image-based
evaluation, early surveys have already stressed the need
for careful and systematic assessment Zhong et al. [25].
While task-oriented benchmarks often report strong per-
formance [26, 27], more fine-grained evaluations have
revealed critical limitations [28], and competence-based
analyses continue to highlight the substantial gap in
the video understanding capabilities of VLMs [29]. In
this context, MAIA contributes as a new video-language
dataset aimed at evaluating VLMs not only on videos fea-
turing temporal dynamics and meaningful content but
also through a competence-oriented design that explores
the interplay between language and vision, a dimension
largely neglected in prior Video QA benchmarks.

Italian Multimodal Datasets. Most multimodal
datasets are available in English, with only limited multi-
lingual or other native-language resources, with Italian
being consistently underrepresented. In the image do-
main, GQA-it dataset [30] is a notable attempt to adapt
a visual question answering dataset into Italian. More
recent benchmarks like XGQA [31] and EXAMS-V [32]
include translated Italian multiple-choice questions, but
lack original content and do not target high-level reason-
ing. MAIA fills this gap as the first Italian-native and
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Figure 1: Workflow of the MAIA evaluation framework, integrating dataset construction with its application to the two

aligned evaluation tasks used in Testa et al. [4].

video-language dataset specifically designed to assess
complex visual reasoning and grounding.

3. MAIA: Benchmark Design

This section presents the design principles, structure, and
construction pipeline of both the MAIA dataset and the
benchmark built upon it. In line with this, Figure 1 illus-
trates the overall workflow adopted for dataset creation,
embedding it with the broader architectural framework
of the benchmark, which also includes the downstream
tasks the data is designed to support.

As shown, the dataset creation begins with the collec-
tion of short videos, each associated with twelve high-
level reasoning categories. These categories reflect dif-
ferent semantic phenomena and were chosen to ensure a
rich and controlled testing environment for visual and
linguistic reasoning. Based on these categories, we con-
structed our multimodal dataset by first collecting a set of
questions that served as the conceptual backbone for the
creation of the linguistic data, both manually (i.e. a set of
answers) and automatically generated (i.e. True and False
statements), as described in detail in Section 5. Figure 2
illustrates an example' of a MAIA item and highlights the
cascading logic behind the data creation process. This
architecture supports the development of two aligned

! Although all source data are in Italian, examples are presented in
English to enhance readability.

evaluation tasks: a Visual Statement Verification task, us-
ing paired true/false statements to assess the model’s
ability to distinguish accurate from misleading content
in a multiple-choice format, and an open-ended Visual
Question Answering task, where each question is matched
with eight different human answers serving as a refer-
ence set to evaluate the quality of the response generated
by the VLM. Each task will test different aspects of visual
understanding and reasoning, all grounded in the same
set of videos and categories.

Table 1 presents the structure of the MAIA dataset
after the data creation and validation process.

Feature n

Videos 100

Semantic Categories 12 (9 Macro-Category)
Questions (Q) 2,400 (2 x Category x Video)

Answers (A) 19,200  (8-Answers pool x Q)
True Statements (TS) 19, 200
False Statements (FS) 19,200

Table 1
Overview of the MAIA dataset composition.

3.1. Reasoning Categories

We defined 12 reasoning categories as the outcome of two
pilot studies conducted with a group of expert volunteer



CATEGORY

QUESTION

ANSWER (1/8) TRUE STATEMENT (1/8)

FALSE STATEMENT (1/8)

CAUSAL oven has melted it
What would happen if the He would dirty the floor and
COUNTERFACTUAL pizza chef dropped the pizza 414 have to remake the pizza.
on the floor?
B Is the person who rolls out No, they are two
Partial the pizza the same one diﬁ’erer?t eople.
who puts it in the oven? people.
IMPLICIT
Total What is the function of all the  they have to feed the fire.
wooden planks under the
wood oven?
On average, how many I do not have enough
UNCERTAINTY pizzas does the pizza chef data to know.
bake each day?
OUT-OF-SCOPE What is the cake made of? | cannot see any cake.
What steps should the pizza He should stir up the
PLANNING maker take to revive the fire? embers a bit and throw
some new wood.
What attitude does the pizza o
SENTIMENT maker show while taking the The pizzaiolo looks focused.
pizza out of the oven?
Where is the pizza PR
" N The pizza is placed on a
Partial placed after being p plaF:e
taken out of the oven?
SPATIAL
Total Where is the pizza In the pizzeria in front
ota maker? of the oven
. When does the pizzaiolo When he considers it
Partial take the pizza out of the
oven? the video.
TEMPORAL
Duration How long does it take to Pizza baking time is

Why is mozzarella melted?

The heat from the wood

Mozzarella is melted by the
heat of the wood oven

If the pizza chef dropped the
pizza, he would dirty the floor and
would have to remake the pizza.

In the scene, the person who rolls
out the pizza dough and the one
who puts it in the oven are two
distinct figures.

The wooden planks under the
wood oven are for feeding the
fire.

There is not enough data to
determine the average number of
pizzas a pizza maker cooks daily.

There is no cake in the video.

To revive the fire, the pizza
maker should stir the embers
and add new wood.

In the video, the pizza maker
looks focused while taking
the pizza out of the oven.

After being taken out of
the oven, the pizza is
placed on a plate

In the scene, the pizza maker
is in the pizzeria in front of the
oven

The pizzaiolo takes the pizza out of
the oven towards the end of the
video when he considers it cooked.

cooked, towards the end of

The baking of the pizza in the

approximately 30 seconds video takes approximately 30

Mozzarella is melted by the
heat generated by the sun.

If the pizza maker dropped the pizza,
he would not dirty the floor and
would not have to remake the pizza.

In the scene, the person who rolls
out the pizza dough and the one
who puts it in the oven are the

same person.

The wooden planks under

the wood oven are for
decoration.

There is sufficient data to determine
the average number of pizzas that
the pizza maker cooks daily.

There is a cake in the video.

To revive the fire, the pizza maker
should stir the embers and add

new water.

In the video, the pizza maker looks
distracted while taking the pizza

out of the oven.

After being taken out of the
oven, the pizza is placed on
the table.

In the scene, the pizza chef is
in the pizzeria by the counter

The pizzaiolo takes the pizza out of
the oven towards the beginning of
the video when he considers it
cooked.

The baking of the pizza in the
video takes approximately 30

cook the pizza in the video?

seconds seconds

Figure 2: Overview of reasoning categories in MAIA with an example highlighting the cascading logic of the linguistic data.
For each of the 100 videos, the dataset contains 2 questions for each of the 12 categories; for each question, it has 8 answers,
and each of these answers has a corresponding True and False statement pair.

annotators. These pilots aimed to identify the optimal
number, type, and specificity of the categories needed
to effectively probe the cognitive and linguistic abilities
of VLMs on our videos. Based on the feedback received,
some initially proposed categories were merged due to
content overlap or redundancy. Conversely, other cate-
gories were added to enhance the granularity of reason-
ing assessment (e.g, we introduced a Planning category,
as we consider it a meaningful expression of reasoning
skills). These refinements allowed us to design a more ro-
bust and informative framework to explore the interplay
between language and vision in multimodal processing.

The following paragraphs introduce the final macro-

categories, including their definitions and any associated
sub-categories.

CausAL focuses on reasoning about the causes or ef-
fects of events depicted in the video. It includes two
subtypes’, namely Implicit and Explicit , offering a com-
prehensive test of a model’s ability to describe causality
within events. The former involves inferring unobserv-
able causes from visible effects in the scene, requiring
logical reasoning beyond what is directly shown. The

*Unlike the following cases, these are not treated as distinct sub-
categories but as two equally represented subtypes of the same
category



latter concerns clearly observable cause-and-effect dy-
namics, where either the cause or the effect is directly
identifiable from the video content.

COUNTERFACTUAL focuses on questions about hypo-
thetical scenarios that do not actually occur in the video
but could take place under specific conditions. These
questions are based on entities or events visible in the
video and explore the consequences of an event or situa-
tion that might happen in the video if a certain condition
were met. This category tests the ability of a model to
reason about hypothetical scenarios grounded in the con-
text of the video while deriving logical and plausible
outcomes from such scenarios.

IMPLICIT investigates entities, events, or their at-
tributes that are not explicitly visible in the video while
their presence or properties can be reasonably inferred
from the context. It evaluates the ability of a model
to infer implicit details based on context, whether the
target information was never shown or was previously
visible but later obscured.

Total Implicit: involves entities or events that are never
directly visible in the video but can be inferred from
observable details. A typical answer provides the
requested information based on logical inference.

Partial Implicit: involves entities or events that were vis-
ible earlier in the video but are no longer visible due to a
shift in the scene or because they have moved out of the
frame.

OuT-0F-scoPE refers to entities or events entirely ab-
sent from the video, focusing on properties or details of
these non-existent elements. Typical responses to out-
of-scope questions involve a negation, indicating that
the referenced entity or event is not present in the scene.
Typical answers to this question types involve a negation,
signaling that the referenced content is not present. This
category indirectly tests the ability of a model to detect
multimodal hallucinations and an assertiveness tendency
in its responses.

PLANNING asks for actions needed to achieve a spe-
cific goal related to the video. The typical response to a
planning question is a sequence of actions that someone
should perform in order to reach the desired outcome.
Such a category assesses the ability of the model to infer
and plan the necessary steps to accomplish a goal based
on the visual cues provided in the video.

SENTIMENT assesses sentiment, mood, attitude, or emo-
tion displayed by characters in the video toward other

entities or events in the scene, throughout the entire
video. A typical response to a sentiment question may
describe a specific sentiment, attitude, or emotion, or
it may reflect a neutral stance. This category evaluates
the ability of the model to recognize and identify the
emotional state or attitude of characters based on visual
cues.

SPATIAL investigates the spatial relationships between
entities, objects, or events depicted in the video. It aims
at assessing the model’s ability to infer both stable and
time-dependent spatial relationships, as well as the
ability to determine relative positioning in space and to
rely on grounding competencies.

Total Spatial: focuses on position of entities in space
(including their relation to other entities) that remains
constant throughout the whole video, disregarding
any temporal variations or minimal movements of the
entity at different moments in the video. A typical
response to this type of question provides general spatial
information valid for the entire duration of the video.

Partial Spatial: focuses on time-related positions of en-
tities in space, takin into account events occurring in
the scene. A typical answer to this question provides
spatial information that is valid only for the requested
time range in the video.

TemporAL focuses on temporal information and stud-
ies the ability of a model to infer temporal relationships,
sequence of events, and durations from visual content in
a coherent manner.

Partial Temporal: focuses on the temporal properties
and relationships between events in the video, excluding
their duration. Questions target aspects such as when
something happens or whether it occurs before or after
another event. Typical answers specify the event along
with the requested temporal detail.

Duration Temporal: focuses on a specific property of
events in the video: their duration. A typical answer
to a question involves several ways to express the dura-
tion of the event.

UNCERTAINTY refers to entities or events present in the
video but lacking sufficient information to answer the
question precisely. Questions are inherently ambiguous,
as the visual content does not fully support a definitive
response. Answers may offer plausible options, acknowl-
edge uncertainty, or signal that the reply is a guess. This
category tests a VLM in handling ambiguity and incom-
plete evidence, and in assessing its tendency to respond



assertively.

4. Curated Video Dataset

4.1. Video Selection

A key design choice for the MAIA benchmark was to
reflect Italian culture in real-world scenarios through
a carefully curated selection of video clips. To ensure
richness and variety, the selection process was based
on the following thematic areas: Locations, Food, Sport,
Job, Nature, Activities. Such topics allowed us to collect
a dataset showing locations, iconic Italian cities, and
daily activities (e.g., enjoying breakfast at a café, cooking
pasta, attending a soccer match) or even typical events
(e.g., Italian local festivals or weddings). This cultural
focus was not intended to limit the generalizability of the
benchmark, but rather to offer a valuable opportunity to
assess model performance on culturally grounded data,
which is an aspect often underrepresented in existing
multimodal resources.

4.2. Video Collection

We collected a culturally representative set of 100 short
videos (~30 seconds each) sourced from YouTube Italy.
Following the criteria described in Section 4.1, videos
were retrieved using keyword-based queries across se-
lected thematic areas. Only Creative Commons licensed
content was included to ensure reproducibility. When
necessary, longer videos were manually checked and cut
to extract the most relevant 30-second segments, result-
ing in a uniform and culturally grounded video set.

4.3. Analysis of Videos

To better understand the visual content present in the
MAIA benchmark, we conducted an object detection and
classification analysis over the full set of videos using a
YOLOv11® detection pipeline. For each video, we sampled
32 uniformly spaced frames and ran object detection on
them. This analysis provides a high-level view of the
typical objects types in MAIA.

Figure 3 shows the frequency distribution of detected
object labels across all annotated frames. Person is by
far the most common object class, reflecting the human-
centered nature of most videos in the benchmark. How-
ever, the dataset also includes a wide variety of everyday
objects, suggesting a rich and diverse set of visual ele-
ments.

Figure 4 shows the distribution of the number of de-
tected objects per frame. Most frames contain a moderate
number of objects, typically between two and six. This

Shttps://docs.ultralytics.com/it/models/yolo11/
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Figure 3: Distribution of object detections across all videos.
For simplicity we plot just the top 20. Person is by far the most
common entity.
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Figure 4: Histogram of number of objects detected per sam-
pled frame. Most frames contain 3 objects.

indicates that the videos offer a balance between visual
simplicity and complexity, making them suitable for test-
ing both low-level perception and high-level reasoning
in VLMs.

5. Curated Linguistic Data

5.1. Questions Collection

We created 12 different sets of guidelines, each assigned
to a different annotator via Google Forms in order to col-
lect two questions per reasoning category for each video.
Annotators were PhD students under 30 with specializa-
tions in Linguistics and Computational Linguistics’. To
ensure variability between the pair of questions about
that video, annotators were asked to change the entities

“Each annotator was paid 100 euros for generating questions, which
were collected through the administration of 1, 200 forms (10 per
annotator)



What role do the men in white shirts play?

QUESTION Che ruolo svolgono gli uomini con le maglie bianche?
J g J
The men in white shirts are the competition judges
ANSWER 1 Gli uomini con le maglie bianche sono i giudici di gara
They observe who scores a point
ANSWER 2 Osservano chi fa punto
Men in white give judgements on the competition
ANSWER 3 Gli uomini in bianco danno giudizi sulla gara
They seem to be the referees of this bocce game
ANSWER 4 Sembra che siano gli arbitri di questa partita a bocce
s They measure the distance of the thrown ball from the little one and determine the winner of the set
ANSWER 5 Misurano la distanza della boccia tirata dal boccino e decretano il vincitore del set
The men in white shirts are the referees of the match
ANSWER 6 Gli uomini con le maglie bianche sono gli arbitri dellla partita
The men in white are the jury
ANSWER 7 Gli uomini in bianco sono i giudici
Men in white shirts play the role of refereeing the match
ANSWER 8

Gli uomini con le maglie bianche svolgono il compito di arbitrare la partita

Figure 5: Example of a video and one of its two associated questions (category: Implicit), along with the corresponding

8-answer pool

and/or events involved in both of them. Each provided
form contained both the definition of the assigned seman-
tic category with examples, and also general rules to be
followed (see Appendix, Figure 8 for an example of the
form used). Each question had to be generated naturally
and as an open-ended question. Questions involving a
‘Yes/No’” answer (e.g. Is there a car in the video?) were not
allowed. Finally, for the correct execution of the task, the
audio of the video had to be ignored, as the VLMs to be
tested could only work on the visual part. Subsequently,
questions were manually reviewed to ensure quality and
category alignment.

5.2. Answers Collection

The goal of this phase was to collect 8 different answers
for each question to ensure not only accuracy but also
variability in responses. This choice is also supported by
findings from Maiias et al. [33], who empirically show
that using up to 8 demonstrations provides an effective
trade-off between diversity, accuracy, and computational
efficiency in in-context learning with LLMs for VQA eval-
uation. We used the Prolific platform® and selected an-
notators aged 25 to 80 who were born in Italy, spoke

Shttps://www.prolific.com

Italian as their first language, and had spent the majority
of their first 18 years of life in Italy. As with the ques-
tion collection step, we used Google Forms to provide the
task®. Each form included 10 videos, and for each video,
the annotators were asked to answer 12 questions, one
per reasoning category (see Appendix, Figure 9 for an
example of the form used). Annotators were encouraged
to use their own world knowledge when interpreting the
visual content of the video.

To guarantee high quality of the collected answers,
we employed rigid control mechanisms based on sanity
check questions. Answers were accepted only if the an-
notators correctly answered at least 90% of these control
questions, otherwise their submissions were rejected and
the task was reassigned to another annotator. In total,
2,400 questions were paired with 8 answers each, result-
ing in 19, 200 responses. They were then further checked
by a semi-automated two-step validation process based
on GPT-40 with few-shot prompting:

Semantic Consistency Check. Each response was
evaluated for semantic consistency with the correspond-
ing question. In cases where inconsistencies were de-
tected, the answers were manually reviewed to assess

® Annotators were paid £7 per hour for answering questions
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A

Given an Italian question Q and an answer A concerning a video, you must create a statement S based on A.
While generating S, try not to alter the words composing A. If A includes first-person verbs or phrases

(e.g., 'l think, 'l believe'), rephrase S to be impersonal, avoiding a first-person perspective.

The statement should be a concise, declarative sentence.

B

Given an ltalian caption (TS) regarding the position or location of someone or something, your task is to create its

foil (FS) by changing only the spatial information.

Don't add other information respect to what is stated in TS. Here is an example to guide you:

TS: La donna nelvideo & in un campo di papaveri.
FS: La donna nelvideo & in una classe.

Figure 6: Prompts used for True (A) and False (B) Statements generation with GPT-40. Prompt B (category: Spatial total) is
representative of the 12 different prompts used to generate False Statements, each tailored to a specific semantic category.

whether the question should be re-answered by another
annotator or the response could still be accepted. Real
inconsistencies were found to be minimal (i.e., fewer than

100 out of 19, 200 responses).

Contradiction Test. We checked whether, within each
pool of 8 responses to the same question, any of the
responses contradicted the others. We found that 90.25%
of the 8-answer pools exhibit full agreement, as they do
not contain any contradictions. The remaining 9.75%
(234 cases) were manually reviewed by an additional
annotator to resolve inconsistencies.

A post-processing phase of the responses was imple-
mented to ensure a sufficient degree of variability and
reduce potential redundancy within each of the 2,400
pools of 8 answers (see Section 5.6). Figure 5 shows an
example of one 8-answer pool associated with a video
and a question, after this refinement procedure described
above.

5.3. True Statement Generation

At this step we automatically generate a true statement
(TS) for each question-answer pair collected in the
previous phases. A TS consists of descriptive declarative
sentences aligned with the visual content of the videos.
For example, if a video shows a boy who is initially in a
kitchen and he hears a loud noise and runs away, a TS
for the Spatial category could be:

In the video, the boy is in the kitchen before running away.

To create TS we used GPT-4o, with the prompt in Figure
6A, leveraging the combination of each question and its
answer to automatically generate 19, 200 true statements
(TSs). As with the answers, the TS are organised into
2,400 pools of 8 items, each expressing the same event

with different wording. Following the same procedure
used for the pools of 8 responses, we performed a quality
check to ensure lexical variability within the 2400 pools
of true statements (TS) (see Section 5.6).

5.4. False Statement Generation

The goal of this phase is to create a false statement (FS)
for each TS already collected, in order to form a minimal
TS-FS pair, enabling controlled experiments and precise
analysis of a model’s behavior with respect to the rea-
soning categories. As for TSs, the FSs were automatically
generated using GPT-4o for editing only the elements of
the sentence related to that semantic category, an ap-
proach inspired by the caption-foil method [14]. Figure
6B shows a prompt used for the FSs generation’. For
instance, taking into account the previous example in 5.3:

In the video the boy is in the bathroom before running away.

Finally, we implemented two quality checks for FS using
GPT-4o.

Structural Check aiming at automatically verifying
that each FS aligns correctly with its corresponding TS
according to its category. While the GPT-4o evaluation
initially flagged 864 out of 19,200 cases as incorrect,
only 2.5% were ultimately confirmed as truly problematic
and subsequently corrected through manual revision.

Contradiction Test performed by assuming that a
correct FS must be in contradiction with the relevant TS.
We ran an NLI task to classify TS-FS pairs as Entailment,

"Due to space constraints, we could not include all the 12 prompts
used for generating FSs specific to each reasoning category. How-
ever, the prompt shown here is representative of the adopted
methodology.
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Figure 7: Distribution of the top 20 nouns in the Q&A pools
across all videos, excluding high-frequency terms used to struc-
ture video-related questions according to the different cate-
gories (e.g., What is the attitude of the girl in the video?)

Neutral, or Contradiction. A qualitative analysis revealed
that most Neutral cases (1287) were actual contradictions,
and only 93 out of 170 Entailment cases were valid, which
were then manually corrected to create contradictions.

5.5. Analysis of Linguistic Data

Similarly to videos, we investigated the entities used in
our data by analyzing the most frequent nouns in the
questions and their corresponding answers®, as shown by
the frequency distribution in Figure 7. To extract entities,
we used the spaCy library’ (it_core_news_sm pipeline),
applying morpho-syntactic analysis (i.e., POS tagging)
over both questions and answers. For each sentence, we
selected tokens tagged as NOUN and extracted their lem-
mas to reduce redundancy. Duplicate nouns within the
same QA pair were removed. Structural terms, functional
to question/answers construction (e.g., video, scene, atti-
tude), were filtered out to improve the informativeness
of the plot and its comparability with object detection
results in Figure 3. Several correspondences emerge be-
tween linguistic and visual entities (e.g., person, table,
car), meaning that our linguistic data takes advantage of
what is presented within our videos.

5.6. Lexical Variability

As said in Section 5.2, we opted for a pool-based structure
with 8 items per question in order to balance semantic
consistency with lexical diversity both across answers
and statements. To meet this requirement, we assessed
and enhance lexical richness within our data. This phase
was carried out in several incremental steps (i.e., a string
based test, lexical overlap and Type-Token Ratio (TTR)

8Nouns from TS and FS were excluded, as those sentences are derived
from Q&A and would result in redundant repetitions.
*https://spacy.io

B-Rephrasing A-Rephrasing

TTok cw TTok cw
A Lexical Overlap ~ 22.95%  21.41% | 18.74% 17.60%
NSWETS  Avg TTR 0.50 0.55
TSs Lexical Overlap  39.34%  38.04% | 30.51% 26.81%
Avg TTR 0.37 0.41 0.50 0.55
Table 2

Average Lexical Overlap and TTR Statistics for pool, consid-
ering both Type-token (TTok) and Content-word only (CW).
Statistics are compared before (B) and after (A) Automatic
Sentence Rephrasing (GPT-4o) for both 19, 200 Answers and
19,200 TSs. Average TTR statistics were not computed for
the 2400 8-Answers pools before rephrasing.

based investigations), each of which involved an initial
analysis of the potential redundancy of responses within
the pool and an automatic rephrasing step (GPT-40), par-
ticularly in cases where overlap was high'’. Table 2
presents average lexical overlap and TTR within pools
before and after rephrasing. Results show a substantial
improvement, with a post-rephrasing average TTR of
0.55, which is a high value considering the semantic sim-
ilarity among the 8 alternatives in each pool, especially
for TSs, which follow more repetitive and fixed structures
(e.g., In the video X happens <...>, The video shows X <...>).

6. Conclusion

We presented MAIA, a multimodal dataset forming the
core of our benchmark designed for fine-grained inves-
tigation of the reasoning abilities of VLMs on videos.
Among its innovative features, MAIA is the first Italian-
native evaluation resource of its kind, built from both
human-elicited data and content generated through con-
trolled data augmentation. It supports two complemen-
tary tasks aligned on the same datapoints: a statement
verification task (multiple-choice format), and an open-
ended question answering task (fully generative setting).

As for future work, we would like to produce an En-
glish version of MAIA, for comparing VLMs on the same
tasks across languages. Then, we intend to align the vi-
sual objects recognised by the VLM with the linguistic
objects in the questions, enabling deeper error analysis
based on the mapping. Finally, it would be interesting
to see whether our framework promote models that un-
dergo learning paradigms tightly integrating these two
capabilities, as in Gul and Artzi [34].

¥Since TSs are generated from an automatic rephrasing of Q&A
pairs, we checked and improve their lexical diversity. This indi-
rectly benefits the corresponding FSs, which differ by a single term
from TS.
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A. Additional Materials

The following figures show examples of the forms
adopted for collecting the questions (Figure 8) and the
corresponding answers (Figure 9).
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B I U @ ¥

M tuo compite & formulare due domande refative ol contenuto di ogni video che 1i verrd somministrato. Puol
quardare il video quante volle vorrai. Troversd istruzioni specifiche ed esempi che i aivteranno.

Importante: General Task

= Formula la domanda in modo naturale

= Ladomanda deve essere formulata come una domanda aperta. Non sono ammesse domande che
prevedono una risposta “SifNe” (Bd esempio, *C'8 une macchina nel viden?”).

= Mon utilizzare l'audio del vides, peei solo guardaro.

Privacy e scopl della rleerca

11 dati personali e e e domande saranno raceolt in forma completamente anonima e utilizzatl solo per
scopd legati & questo progette. Questo studio @ finalizzato allo swleppo di un benchmark di valutazions dai
VLM nell'ambito della fondazione FAIR.

Per maggion dettagli: fesfondazione-fainit
Privacy Policy
and
Research Purposes

Question *

Apceiin

TAZH: FORMULARE DOMANDE CAUSALI

o Category

specific task

Title
sl Teffetto  un
oo —
Qursto & un esempio di dormanda caussle
b bcchian

g
Pamanda: Ferchs d birchism ol & stio? Example

Fispersna. Paché | uom [ gerTat & teva

Selnaermpac,
domanga,

Sal bizchiarn a area da parte del seems] cxeme capasta sl demense

usartn &t viee: quandaln con altsgiosn
Impertanta. Non osnsidene Niudi dd video

2-Questions
ey ey 4 generation

Figure 8: Example of a Google Form used for collecting 2 Questions for each video for each of the assigned category



Video QaA Task s st

Benvenuti @ grazie per partesipare a questo task di annotazione!

Ai fini del cormetts svalgimento del task e della sus validazione, rispetta sempre le

ol Pl * Indicales raquired queation
= Se ne i puai i i izl
*Indicates required question Task
Ouesto & il tue video: guardalo con attenzione.
B ues compite consiste nel guardare una serie di video e ispendere, per ogrune di essi, a Impartante: Non considerare (audio del vdeo
12 domande basate esclusivamente sulla parte visiva del contenuto multimediale
Pusi vizionare i viden quente volte desideri per rispondere alle domande.
Punti iImportant] da Ricordare:
1. Formula risposte sempre in maniera naturale.
Guidelines
Neta bene: Prendi il tuo terpo per fispondere al meglo alle domande, Le annotazioni
consegnate al di sotto diun i e fo ch i tutte
gueste |struziond inizlall, saranno sutomaticamente rifiutate. Lo stesso vale in caso di
risposta errata alle domarde di controllo,
Privacy e scopi della ricerca 5 &
Privacy Policy
| tuol dati personall e le tue domandea sa- and
anonima e utilizzatl solo per scopl legat R .
e. Basandoli sul video appena viste, rispondi alle seguenti domande:
finalizzato alle sviluppo di un benchmar.. search Purposes
Models {VLMs) nellambito della fondazione FAIR.
Per maggiori deftagli: https fondazione-faiit Quanti gattl ol song? *
Qu es, tion 3
O Aceetts Your answer

Figure 9: Example of a Google Form used for collecting answers for each video
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