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Abstract
Visual Question Answering (VQA) is one of
the most popular tasks in the fields of Com-
puter Vision and Natural Language Processing.
The task is to provide an answer to a question
related to the contents of a given image. VQA
has been expanded to several domains. One of
these is document VQA, where the image is
a page of a document and the question relates
to the text in the image. In this case, the sys-
tem that is being evaluated has to understand
text written within the image, unlike common
VQA datasets where images are natural scenes.
However, document VQA datasets are exclu-
sively in English; hence, the system’s perfor-
mance is evaluated only for English. In light
of this, we introduce MaDOVE (Multiltilingual
DOcument VQA Evaluation), a novel dataset
designed to evaluate document VQA in multi-
ple languages. Moreover, to establish a strong
benchmark, we conduct an extensive set of ex-
periments by evaluating a diverse range of mod-
els on this task.

1 Introduction

Visual Question Answering (VQA) is one of the
most explored tasks in the history of Computer Vi-
sion and Natural Language Processing (Kim et al.,
2025). The task tests the ability of a system to:
1) understand the visual contents of an image; 2)
reason jointly about the contents of an image and a
given question; 3) provide an answer that is correct
w.r.t. the contents of the image and the question.
Solving VQA is a non-trivial task, as it requires
multimodal understanding and reasoning.

In light of the success of Large Language Models
(LLMs), a new type of architecture has emerged
that extends LLMs with multimodal capabilities.
These models are called Large Vision-Language
Models (LVLMs), and they can handle data from
both the visual and textual domains. Evaluating
LVLMs has become extremely important and sev-
eral benchmarks have been designed for this pur-

pose (Xu et al., 2024; Cao et al., 2024). VQA
is one of the most important tasks in this context.
However, while there are works focusing on natu-
ral scenes and text-centric images, none focus on
multilingual document VQA. This omission cre-
ates a relevant gap, as it limits our understanding
of these models’ capabilities, since they are tested
on a narrow range of visual domains.

In this work, we focus on text-centric document
images. While there are some efforts in the state of
the art for document VQA, they are exclusively in
English. In light of this, the contributions of this
work are the following:

• We introduce MaDOVE, a large-scale multi-
lingual document VQA dataset designed to
bridge the gap in evaluating multimodal rea-
soning capabilities over documents. To ad-
dress the need for a large amount of data dur-
ing training, we generate answers syntheti-
cally, while ensuring high-quality evaluation
through two different test sets: one human-
annotated and another LLM-annotated for
scalable comparison1.

• We study the effect of fine-tuning on a synthet-
ically generated dataset of multilingual docu-
ment VQA pairs and how this affects model
performance on both text-centric and natural
scene VQA datasets.

• We benchmark a diverse set of models on
MaDOVE, offering a systematic study on mul-
tilingual document VQA and highlighting an
important issue for current practices in VQA
evaluation.

1https://huggingface.co/collections/m-elio/
madove
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Figure 1: Example of an instance from our dataset. Each instance for each language consists of an image containing
text in that language, a question related to the text in the image, and two answers: a long one (meaningfully detailed)
and a short one (concise).

2 Related Works

2.1 Visual Question Answering

The original task of free-form and open-ended
VQA was proposed by Antol et al. (2015), who
introduced a dataset comprising over 250K im-
ages, 760K questions and 10M answers. Follow-
ing this work, several datasets have been proposed
to further evaluate model performance on VQA.
These datasets include GQA (Hudson and Man-
ning, 2019), which focuses on scene understand-
ing of everyday images, TEXTVQA (Singh et al.,
2019), which focuses on text embedded within nat-
ural scene images. The task was then specialized in
specific domains or sources, for example, Shabtay
et al. (2025) proposed LIVEXIV, a VQA dataset
over scientific ArXiv papers, while Lau et al. (2018)
proposed VQARAD, a VQA dataset of question-
answer pairs on radiology images. Another text-
centric benchmark is ST-VQA (Biten et al., 2019),
which focuses on semantic information conveyed
by text within a natural scene image.

The focus of this work is on text-centric docu-
ment VQA. For this type of task, there are some ex-
isting works in the literature. DOCVQA (Mathew
et al., 2021) is a VQA dataset where images are
pages of documents downloaded from UCSF In-
dustry Documents Library, with questions and an-
swers manually written by remote workers. This

is the first dataset to introduce document VQA
with a focus on understanding the document struc-
ture. INFOVQA (Mathew et al., 2022) is similar
to DOCVQA but focuses on infographics, which
are documents designed to effectively communi-
cate information using a combination of textual,
graphical and visual elements. Other relevant re-
sources include CHARTQA (Masry et al., 2022)
and MP-DOCVQA (Tito et al., 2022). CHARTQA
focuses on visual and logical reasoning on charts,
while MP-DOCVQA focuses on multi-image doc-
ument VQA, rather than single image. For multilin-
gual document VQA, relevant works include HW-
MLVQA (Pal et al., 2025) and MTVQA (Tang
et al., 2025). HW-MLVQA is an extensive collec-
tion of handwritten documents with expert human
validation of question-answer pairs. MTVQA pro-
vides high-quality human expert annotations across
nine diverse languages. Images are obtained from
both publicly available datasets and Internet crawls.
Annotations for questions and answers are obtained
by human experts. Remarkably, this dataset also
contains document images. However, MTVQA
does not focus exclusively on document images,
which limits the number of instances for this spe-
cific task in the train and test splits of the dataset,
while HW-MLVQA focuses on handwritten docu-
ments and only covers the English and Hindi lan-
guages.
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Despite the extensive effort and research in VQA,
no benchmark specifically targets document images
containing multilingual text. This highlights the
relevance and diversity of MaDOVE w.r.t. other
VQA datasets, allowing for the broadening of the
scope of VQA evaluation.

2.2 Large Vision-Language Models

LVLMs are an extension of pre-trained LLMs to
expand their inputs so that they can understand
images together with text. The most relevant ap-
proach is that of LLAVA (Liu et al., 2023), where
image embeddings extracted from a vision encoder
are projected into the latent space of the LLM. This
methodology was then further enhanced in LLAVA
1.5 HD (also known as LLAVA NEXT) (Liu et al.,
2024). While initial works, including LLAVA, only
focused on the English language, modern LVLMs
support multiple languages. These models include
GEMMA (Kamath et al., 2025), LLAMA 4 (Meta
AI, 2025) and QWEN 2.5 VL (Bai et al., 2025), the
most recent models developed by Google, META
and Qwen, respectively. Finally, several studies
have examined the application of LVLMs to VQA.
Yang et al. (2025) propose a three-step process
to integrate commonsense knowledge in LVLMs,
while Shiri et al. (2024) study LVLMs for their
spatial understanding and reasoning capabilities.

No work has investigated the effect of fine-
tuning a LVLM on a multilingual document VQA
mixture or has established benchmarks in this set-
ting. Hence, we will evaluate the performance
of both pre-trained and fine-tuned models on
MaDOVE and provide the first benchmark study
for multilingual document VQA.

3 Dataset Creation

3.1 Data Collection

We collect the vdr-multilingual (Multilingual Vi-
sual Document Retrieval)2 dataset train and test
splits. This dataset is designed for visual docu-
ment retrieval, where the objective is to find the
image that answers the query. It is important to
note that here the task is missing the last step of
VQA, i.e., exploiting the information provided by
the image to generate a factual answer to the ques-
tion. In vdr, images were collected from online
resources, while queries were generated syntheti-
cally, with additional manual verification for the

2https://huggingface.co/blog/
vdr-2b-multilingual

test set. The train set comprises 280,769 instances
(across all languages), while the test set consists
of 300 instances (one for each language). The
dataset does not provide queries for all images,
since additional images serve as hard negatives. In
the aforementioned statistics, we considered only
instances paired with a query. This represents a
solid foundation for building our document VQA
dataset. In addition, images were collected with
a focus on multilinguality. The dataset supports
five languages, with the text in each image written
in a specific language. The supported languages
are: English, French, German, Italian and Span-
ish. Hence, we will focus on these languages for
creating our dataset. However, while the dataset
provides queries and images, textual answers to the
given queries are not provided. In light of this, we
need to augment the dataset with textual answers to
the queries. Given the dataset’s scale, manual an-
notation is infeasible; hence, we focus on synthetic
generation using LVLMs.

3.2 Data Annotation

We perform synthetic generation over the queries
for each language. Specifically, we leverage
QWEN2.5-VL-72B-INSTRUCT. We chose this
model since it represents a good trade-off between
performance and efficiency. Furthermore, accord-
ing to the technical report, the Qwen2.5 VL family
of models shows powerful document parsing ca-
pabilities. We perform inference by providing the
model with the image and its associated query from
the original dataset. The model is asked to gener-
ate a response to the given question-image pair.
Since document VQA datasets, that are DOCVQA
and INFOVQA, focus on short answers, we ap-
pend the string “\nAnswer the question using a
single word or phrase.” to the end of the prompt,
forcing the model to generate short and concise
answers. We will refer to this type of answer as
"short". We also repeat this process without this
special string appended to the end of the prompt.
We will refer to this type of answer as "long". We
perform annotation and validation for both “short”
and “long” responses, but we will focus on the
“short” responses during evaluation to follow the
same style as DOCVQA and INFOVQA. We also
add a condition to the prompt, where we ask the
model to generate a specific string if the question
cannot be answered, allowing us to easily filter
these cases after completing the inference process.
We use greedy decoding as the inference strategy
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to maximize efficiency and reproducibility. After
filtering cases where the model was unable to pro-
vide the corresponding answer, we report statistics
for the train set in Table 1. We show an annotated
instance from our dataset for English in Figure 1.
Finally, to further augment the test set, we also
leverage the model to generate questions for im-
ages that are not associated with a query. We then
perform the same inference process as before to
generate the answers. We report complete techni-
cal details for synthetic generation in Appendix A.
All the prompts used for each step described in this
section are reported in Appendix F. Error analysis
reporting common error patterns in the train set is
shown in Appendix C. To further verify the effec-
tiveness of this generation process, we validate the
generated instances for the test set.

3.3 Data Validation

We perform validation by leveraging both: 1) a
human annotator; 2) an LLM-as-a-judge methodol-
ogy (Zheng et al., 2023) using the GPT-4o (Hurst
et al., 2024) model. In both cases, we use a survey
to evaluate three aspects of our generated VQA in-
stances: 1) Grammatical correctness of questions
and answers (both short and long); 2) Coherence
of the answers (both short and long) w.r.t. the ques-
tion; 3) Coherence of the question and answers
(both short and long) w.r.t. the contents of the
image. This allows us to cover all possible error
cases that could be caused by synthetic generation.
The survey consists of eight statements for each
instance to evaluate. We report complete details
for them in Appendix D. Each statement has to be
paired with a judgment on a Likert scale from 1
to 5, where 1 is "Absolutely Disagree", 2 is "Dis-
agree", 3 is "Uncertain", 4 is "Agree", and 5 is
"Absolutely Agree". Additionally, we ask both the
human annotator and the GPT-4o model to provide
a brief explanation for their validation when a neg-
ative rating is assigned to any statement, as well as
possible solutions to address the issue. For human
annotation, we recruit a human annotator who is
proficient in English, Italian and Spanish. For the
LLM-as-a-judge methodology, we leverage GPT-
4o for all languages in the dataset: English, French,
German, Italian and Spanish. The human annota-
tor only covers instances in the test set for which
a query was already provided in the original vdr
dataset, whereas for the LLM-as-a-judge method-
ology, we augment the overall cardinality by also
considering instances for which we generated the

question. To strike a balance between efficiency
and statistical significance, we limit each language
subset to approximately one thousand instances.
The prompt used for the LLM-as-a-judge method-
ology is provided in Appendix F. After applying
both methodologies, we (the authors) manually val-
idate the instances. We review all cases in which
the validator (either the human annotator or GPT-
4o) assigned a negative or neutral rating (1 to 3)
to any statement. If the issue can be resolved eas-
ily, we manually revise the instance based on the
validator’s explanation. When the issue cannot be
easily fixed (e.g., the question is completely inco-
herent w.r.t. the answer), we remove it from the
test set directly. We perform this step for all an-
notated test sets for each validator; therefore, we
obtain eight test sets for each language (three anno-
tated by humans and five annotated by the GPT-4o
model). We report statistics for the final test sets in
Table 2.

Answer Type
Lang Short Long
DE 44,580 47,990
EN 42,158 46,303
ES 47,733 45,261
FR 42,049 45,558
IT 43,109 45,316
TOTAL 219,629 230,428

Table 1: Train set statistics

Validator
Lang Human GPT-4o
DE X 983
EN 230 990
ES 221 991
FR X 988
IT 213 1,000
TOTAL 664 4,952

Table 2: Test set statistics

3.4 Annotation Comparison

We study the agreement between the human anno-
tator and GPT-4o ratings. Specifically, we aim to
understand whether annotations provided by GPT-
4o are aligned with those provided by the human
annotator. To do so, we study the ratings provided
by the human and GPT-4o on the same instances
(the subset of instances annotated by the human
annotator in English, Italian and Spanish). In Fig-
ure 2, we present a radar chart showing the average
ratings for the three languages across the eight state-
ments. AVG refers to the agreement obtained by
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Figure 2: Radar chart for the average agreement be-
tween human and GPT-4o for the Likert scale rating
obtained on each statement for the three languages.

hard matching the given ratings (that is, for each
instance, the result is 1 if the given rating is exactly
the same between the two annotators). AVG AP
refers to the agreement obtained by matching the
ratings on a scale from 1 to 3 rather than 1 to 5.
Specifically, "Disagree" and "Agree" ratings (2 and
4, respectively) are merged into the "Absolutely
Disagree" and "Absolutely Agree" ratings (1 and
5, respectively). We can appreciate that, except for
Statements 3 and 8, which focus on grammatical
correctness of the short answer and coherence of
the short answer with respect to the image, there
is a good degree of alignment between human and
model for AVG. When considering AVG AP, the
alignment significantly increases. Remarkably, the
alignment increases for both Statements 3 and 8.
However, we find that the degree of alignment is
very low (for some statements, it is close to 0%)
when considering only instances where the human
annotator provided a negative rating for any state-
ment (either 1 or 2). The same pattern also holds
for negative ratings given by GPT-4o. We find that
this is due to the following reasons: 1) The number
of instances with negative ratings is low (average
of around 10% for the three languages for both
the human and the GPT-4o model) w.r.t. the num-
ber of instances with positive ratings. After man-
ually verifying these instances, we find that most
of them are limit cases, where it is reasonable to
expect different answers depending on the annota-
tor’s background and sensibility. For example, the
human annotator provided “Absolutely Disagree”
ratings for instances where the answer was a La-
TeX formula, since they did not know LaTeX; 2)
The GPT-4o model provided higher ratings w.r.t.
the human annotator. For example, in the English
subset, the GPT-4o model has never provided an

“Absolutely Disagree” rating, whereas the human
annotator did so for several instances. We also find
that the model treated the “Uncertain” rating as a
negative rather than a neutral rating in limit cases.

We emphasize that there are cases where the
human annotator gave ratings to instances better
than the GPT-4o model and vice versa, highlight-
ing that both methodologies should be considered
when performing this type of annotation. Still, the
LLM-as-a-judge approach is a suitable methodol-
ogy in our use case, especially considering that the
outputs are further refined and filtered after the data
validation step.

4 Experiments

We evaluate LVLMs on both the human-annotated
and model-annotated test sets. We consider two
strategies: 1) zero-shot inference, where we lever-
age pre-trained LVLMs to perform inference di-
rectly; 2) fine-tuning, where we fine-tune a LVLM
on the train split of our dataset. We will also evalu-
ate the fine-tuned models on state-of-the-art multi-
modal tasks to understand the performance drop on
tasks unrelated to document VQA. Finally, we will
also evaluate both zero-shot and fine-tuned models
on other English language document VQA bench-
marks, specifically DOCVQA and INFOVQA, to
understand whether fine-tuning on our training mix-
ture can also enhance performance on other related
benchmarks. We will evaluate outputs generated on
our benchmark using the same metric as DOCVQA
and INFOVQA, that is Average Normalised Leven-
shtein Similarity (ANLS), originally proposed for
evaluation on ST-VQA, which takes into account
minor answer mismatches.

For fine-tuning, we consider two different types
of models: QWEN 2.5 VL 3B, 7B and 32B, which
are smaller versions of the original model used for
synthetic generation (72B); LLAVA NEXT using
a checkpoint trained with LLaMA 3 as the LLM
backbone. We consider smaller versions of QWEN

2.5 VL 72B to assess whether distillation from a
large model to smaller models can yield significant
performance gains, while we examine a LLAVA
NEXT model to determine whether a different ar-
chitecture can still achieve remarkable performance
improvements after fine-tuning. We train for one
epoch over the entire training mixture, combining
both short and long answers. For short answers, we
append a string to the question to request a concise
response. During fine-tuning, we use LORA (Hu
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Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .8668 .7379 .5194 .3087 .6082 .9103 .7923 .5280 .2971 .6319
ES .8389 .6334 .3109 .1227 .4765 .8583 .6494 .2623 .1201 .4725
IT .8000 .6359 .3691 .2080 .5033 .8538 .7298 .2830 .0604 .4817

Qwen2.5-VL-32B-Instruct gemma-3-4b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .8981 .7525 .4808 .1887 .5800 .7246 .3941 .0355 .0000 .2885
ES .8732 .7718 .2530 .0955 .4984 .5929 .5319 .0606 .0000 .2963
IT .8152 .7533 .3564 .1251 .5125 .6164 .5317 .0793 .0000 .3068

gemma-3-12b-it gemma-3-27b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .7896 .5404 .0825 .0179 .3576 .7005 .4859 .1182 .0212 .3314
ES .7555 .6889 .1781 .0000 .4056 .6018 .6115 .1279 .0329 .3435
IT .5827 .7877 .3456 .0250 .4353 .6733 .5876 .2310 .0458 .3844

Llama-4-Scout-17B-16E-Instruct Llama-4-Maverick-17B-128E-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .8289 .6245 .3474 .1200 .4802 .8425 .7204 .4228 .1425 .5321
ES .8635 .6683 .2435 .2220 .4993 .8278 .7180 .2563 .1128 .4787
IT .7878 .7074 .3628 .2005 .5146 .8741 .7593 .4382 .1803 .5630

llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG

EN .5075 .3232 .0598 .0000 .2226
ES .3958 .3122 .0528 .0147 .1939
IT .4572 .3181 .0495 .0000 .2062

Table 3: Complete results for the pre-trained models on the human-annotated test set.

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9343 .7907 .6556 .4797 .7151 .9294 .7883 .6652 .5671 .7375
ES .9142 .8048 .6215 .5084 .7122 .8742 .8398 .7031 .6395 .7642
IT .8201 .7045 .4573 .4907 .6182 .8731 .7732 .5406 .5979 .6962

Qwen2.5-VL-32B-Instruct llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9602 .7852 .7382 .5985 .7705 .7155 .4532 .4832 .2431 .4737
ES .9214 .8055 .6998 .6318 .7646 .6059 .5136 .3135 .2033 .4091
IT .8433 .7769 .5660 .5882 .6936 .6267 .5416 .3619 .2961 .4566

Table 4: Complete results for the fine-tuned models on the human-annotated test set.

et al., 2022) to improve efficiency while retaining
the model’s original knowledge. Complete fine-
tuning details, including hyperparameters, can be
found in Appendix B. Additionally, we benchmark
multimodal and multilingual models, specifically
GEMMA 3 4B, 12B and 27B, as well as LLAMA
4 17B with 16 experts (Scout) and 17B with 128
experts (Maverick). During inference, the prompt
consists of: the image tokens, the question and an
additional string to force the model to generate a
short response. The images are provided in their
original resolution as in the vdr dataset. We also
apply the chat template expected by each model.
At inference time, we use greedy decoding to max-
imize efficiency and reproducibility. Additional
details regarding the prompt used during inference
can be found in Appendix F.

4.1 Results

After a preliminary evaluation of the results, we
found that Qwen2.5 VL 3B and 7B outperformed
all other models on most test sets. This was sur-
prising, since the benchmark also considers models
that are bigger in terms of total parameter count,
specifically Qwen2.5 VL 32B and Llama Maver-
ick. Intuitively, one would expect performance to
improve with model scale. After validating the out-
puts, we find that this is caused by the mismatch in
answer length and style across models. Specifically,
the bigger the difference in length between the la-
bel and the generated answer, the more likely it was
for ANLS to miss possibly correct answers. This is
due to the response style that each model adopted
for each instance. We provide a complete example
in Appendix E. Hence, we decided to study how
label length affects the evaluation process. We split
each test set into quartiles according to the length
of the ground truth answer. Therefore, Q1 will con-

414



Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .7353 .6257 .3581 .1731 .4730 .8419 .5765 .1751 .0947 .4221
EN .8777 .6076 .3853 .1655 .5090 .8935 .6480 .4336 .2184 .5484
ES .8476 .6283 .2823 .1544 .4781 .8615 .6136 .2251 .0990 .4498
FR .8393 .6365 .3578 .2106 .5111 .9027 .6447 .2981 .1228 .4921
IT .7781 .5851 .3160 .1596 .4597 .8269 .5315 .1704 .0555 .3961

Qwen2.5-VL-32B-Instruct gemma-3-4b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .7656 .6515 .3397 .2026 .4899 .6848 .4736 .1533 .0345 .3366
EN .8804 .5647 .2313 .1000 .4441 .6640 .0608 .0000 .0000 .1812
ES .8734 .6209 .2399 .1137 .4620 .6618 .3363 .0148 .0037 .2542
FR .8249 .6126 .4098 .2401 .5219 .6509 .4173 .1247 .0205 .3034
IT .8067 .5460 .2299 .1068 .4223 .6519 .1915 .0061 .0052 .2137

gemma-3-12b-it gemma-3-27b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .4261 .4999 .3485 .1035 .3445 .7316 .5208 .1821 .0486 .3708
EN .7536 .1878 .0065 .0000 .2370 .6730 .2290 .0502 .0150 .2418
ES .7702 .5175 .0908 .0120 .3476 .7151 .4149 .0864 .0146 .3077
FR .7138 .6267 .3249 .0864 .4380 .7343 .4626 .1978 .0433 .3595
IT .6914 .4800 .0862 .0217 .3198 .7039 .3776 .0733 .0117 .2916

Llama-4-Scout-17B-16E-Instruct Llama-4-Maverick-17B-128E-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .6965 .5940 .3421 .2213 .4635 .7972 .6463 .2838 .1417 .4673
EN .8304 .4475 .1905 .0832 .3879 .8783 .5270 .2012 .0788 .4213
ES .8235 .5900 .2823 .1837 .4699 .8529 .6596 .2549 .1372 .4762
FR .7243 .6050 .3105 .2395 .4698 .7697 .5935 .2731 .1011 .4344
IT .8080 .5577 .2639 .2009 .4576 .8247 .5945 .3126 .1346 .4666

llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG

DE .4272 .2666 .0456 .0046 .1860
EN .5345 .2158 .0133 .0206 .1960
ES .4702 .3373 .0759 .0200 .2258
FR .5230 .2792 .0830 .0094 .2236
IT .4259 .2171 .0339 .0064 .1708

Table 5: Complete results for the pre-trained models on the GPT-4o annotated test set.

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .8299 .7177 .5585 .4162 .6306 .8414 .7682 .5711 .4625 .6608
EN .9231 .7059 .5977 .3663 .6483 .9147 .7150 .6528 .4075 .6725
ES .8633 .8123 .6421 .5357 .7134 .8772 .8361 .6807 .5670 .7403
FR .8751 .7707 .6447 .5172 .7020 .8808 .7974 .6456 .5405 .7161
IT .8356 .7148 .5981 .4156 .6410 .8620 .7367 .6391 .4656 .6758

Qwen2.5-VL-32B-Instruct llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .8508 .7972 .6026 .4966 .6868 .6158 .5389 .3064 .1546 .4039
EN .9341 .7609 .7156 .4440 .7137 .7140 .5825 .4249 .2340 .4889
ES .8919 .8298 .7194 .5809 .7555 .6149 .5746 .4685 .2933 .4878
FR .9203 .8202 .6810 .5649 .7466 .6429 .5424 .4044 .2717 .4653
IT .8589 .7421 .6710 .5054 .6943 .6403 .4431 .3501 .2188 .4131

Table 6: Complete results for the fine-tuned models on the GPT-4o annotated test set.

Document VQA Scene VQA General
Model DOCVQA INFOVQA GQA TEXTVQA MME

PT

Qwen2.5-VL-3B-Instruct .9220 .7185 .6013 .7787 622.5
Qwen2.5-VL-7B-Instruct .9358 .8293 .6042 .8295 645.71
Qwen2.5-VL-32B-Instruct .9275 .8103 .5924 .7715 713.93

FT

Qwen2.5-VL-3B-Instruct .9251 .7481 .5625 .7466 611.79
Qwen2.5-VL-7B-Instruct .9477 .8179 .5693 .7663 622.86
Qwen2.5-VL-32B-Instruct .9350 .8419 .5535 .7629 715

Table 7: Complete results for the SOTA benchmarks.
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tain the results for the shortest labels, while Q4 will
contain the results for the longest labels. We re-
port complete results for the human-annotated test
set in Table 3 and Table 4 for the pre-trained and
fine-tuned models, respectively. We report com-
plete results for the GPT-4o annotated test set in
Table 5 and Table 6 for the pre-trained and fine-
tuned models, respectively. Overall, for pre-trained
models, we find that performance is remarkable
for the QWEN 2.5 VL models, both in zero-shot
inference and with fine-tuning. LLAMA 4 models
also perform well, while GEMMA models have the
lowest performance, excluding LLAVA which per-
forms worst out of all the models. We also highlight
that, due to the previously described issue, models
tend to perform better in Q1 and Q2 and worse in
Q3 and Q4. Furthermore, given that the labels with
the longest length are in Q4, it is effectively the
most difficult quartile to match the ground truth
answer and the LLM-generated output. Still, it is
remarkable that Llama-4-Scout achieves compet-
itive performance on both Q3 and Q4. Despite
this, we find that Llama-4-Scout has low perfor-
mance on Q3 and Q4 for the English language
only. Following this, we decided to plot the av-
erage performance of pre-trained models over the
quartiles for each language. We report complete
plots, performance per language and discuss the
results in Appendix E. Fine-tuned Qwen models
perform best across all test sets. Fine-tuned LLaVA
NeXT also improves markedly over its pre-trained
version; hence, fine-tuning improves performance
regardless of the underlying architecture. To further
improve the soundness of our findings, we perform
evaluation with BertScore F1 (Zhang et al., 2020)
as well, using the evaluate library implementation3.
We report complete results for BertScore F1 in
Appendix E. Overall, the metric follows patterns
similar to ANLS, highlighting that current metrics
have difficulty evaluating open-ended VQA.

4.2 Results for State of the Art Datasets

We evaluate the fine-tuned models on popular mul-
timodal state-of-the-art benchmarks. We consider
the following categories: Document VQA, Scene
VQA and General. Document VQA refers to tasks
where the images are document pages, Scene VQA
to tasks where the images are natural scenes or
everyday images, General to comprehensive mul-
timodal benchmarks. For Document VQA we use

3https://github.com/huggingface/evaluate

DOCVQA and INFOVQA, for Scene VQA we use
GQA and TEXTVQA, for General we use MME
(Fu et al., 2023). MME is a benchmark that mea-
sures both perceptual and cognitive abilities across
14 subtasks. We perform evaluation on these bench-
marks by using the lmms-eval4 library. We report
the main metric used by each task, for MME we re-
port the perception score. Overall, performance ei-
ther increases or remains stable for Document VQA
benchmarks, while it becomes worse for Scene
VQA and General ones. The decrease in perfor-
mance is expected, since the models have been
extensively fine-tuned for the document VQA task.
However, it is remarkable that the fine-tuned mod-
els still achieve strong performance on both the
Scene VQA and General benchmarks. Specifically
for General benchmarks, the decrease in perfor-
mance is lower than that for Scene VQA, demon-
strating that the generalization ability of the fine-
tuned LVLM remains remarkable. Furthermore,
there is a similar pattern to the one previously
explained for our benchmark for state-of-the-art
datasets. For the pre-trained Qwen2.5 VL mod-
els, performance is inconsistent with model scale
across all VQA benchmarks. This further high-
lights the importance of analyzing and studying the
outputs in open-ended VQA tasks.

5 Conclusions

In this work, we proposed MaDOVE, the first mul-
tilingual document VQA dataset. We consider the
English, German, French, Italian and Spanish lan-
guages, for which data collection has been per-
formed starting from the vdr dataset. After collect-
ing the data and generating synthetic answers, we
perform extensive experiments on state-of-the-art
LVLMs, considering both zero-shot inference for
thirteen models from four different families and
fine-tuning. Results show that, while LVLMs are
capable of handling multilingual document VQA,
fine-tuning can lead to superior performance. How-
ever, we also highlight that extracting the gener-
ated answers from zero-shot pre-trained models
and comparing them with the ground-truth labels
proved difficult for both our dataset and state-of-
the-art datasets. In the future, we plan to further
extend the dataset to additional languages and study
new techniques to improve LVLM’s effectiveness
for document VQA. We also plan to design and

4https://github.com/EvolvingLMMs-Lab/
lmms-eval
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implement a metric that accounts for style and lan-
guage variations in VQA.

Limitations

We recognize the following limitations in our work:

• Human annotation: we considered only
three of the original dataset’s languages, and a
single human annotator performed the annota-
tions. Due to the high annotation cost required
in this task, since annotating even a single in-
stance can require a lot of time, depending on
the amount of text within the image, we were
unable to further extend the human annota-
tion process. Hence, we note that the absence
of multiple annotators limits the assessment
of annotation consistency. Furthermore, LLM
validation may affect perceived dataset quality,
and agreement metrics should be interpreted
with caution due to potential asymmetry in
rating bias.

• Languages covered in the dataset: while
this benchmark does not focus on the English
language, it provides instances for only four
other languages. However, since we relied on
the vdr dataset, we would have had to extend
it to cover more languages. We plan to pursue
this as future work, building on the successful
experiments we conducted in this study.

• Limited cardinality of the test set: to strike a
balance between efficiency and effectiveness,
we considered only about 1,000 instances per
language in the GPT-4o-annotated test set. We
recognize that extending the dataset using the
LLM-as-a-judge methodology could further
improve the soundness of the results.

Ethics statement
In this work, we have performed manual annota-
tion with a human annotator. The annotator is
a woman aged 25-65. The annotator is a native
speaker of Italian. The annotator was instructed
to prioritize their native language and then pro-
ceed only to languages in which they were fluent
(English and Spanish). The participant is an em-
ployee of Fastweb SpA and performed this task as
part of their standard professional duties. Informed
consent was obtained regarding the purpose of the
study and the utilization of the resulting data. Com-
pensation was provided via the participant’s stan-
dard employment contract, which adheres to local

labor laws and exceeds the national minimum wage.
To ensure high-quality data and prevent fatigue, the
annotation workload was limited to six hours per
day over a one-week period. The vdr dataset is
on Huggingface under the Apache License 2.0, a
permissive license whose main conditions require
preservation of copyright and license notices. We
will release MaDOVE under the same license.
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A Synthetic Generation Details

For synthetic generation, we use the Qwen2.5 VL
72B model by loading it on two H100 80 GB
VRAM GPUs. We use the VLLM framework5

to optimize local inference on this model. Generat-
ing the long answers for each language in the train
set takes at most three days, so a total of fifteen
days is required. Generating the short answers for
each language in the train set takes at most two
days for each language, so a total of ten days is
required. Generating the long answers for each
language in the test set takes at most two hours for
each language, so a total of ten hours is required.
Generating the short answers for each language in
the test set takes at most one hour for each language,
so a total of five hours is required.

B Training Details

We perform fine-tuning with LoRA. We train for
one epoch over the entire train split of the dataset,
considering both short and long answers. For short
answers, we append the strings to constrain short
answer generation that are reported in Appendix F.
We use the following hyperparameters: 64 effective
batch size, 2e-5 learning rate, 0.0 warmup ratio,
adamw optimizer. For LoRA we use the following
hyperparameters: 8 rank, 16 alpha, 0.05 dropout,
targeting all linear modules. All images are resized
to 672x672 for efficiency. Fine-tuning is performed
on a single H100 80 GB VRAM, except for the 32B
model where two H100 were used. For all models,
fine-tuning took at most 24 hours in total.

C Error Analysis in Train Set Generation

We show common error patterns that were man-
ually found from the train set of the generated
dataset. The two patterns that occurred the most are
shown in Figure 3. In the first pattern, the model
has provided text by “copy-pasting” the textual con-
tents present in the image. However, while the tex-
tual contents are correct, the answer is not complete

5https://github.com/vllm-project/vllm

w.r.t. the contents of the question. In the example
provided, the model did not provide the four funda-
mental aspects of Computational Thinking, which
are provided in a later section of the text. In the
second pattern, the model fails to generate correct
answers when the question is very specific and the
visual contents of the images are complex. In the
example provided, the model provided the answer
“2”, which refers to the Standard Group (“Standard-
Gruppe” in the image) rather than the Isokinetic
Group (“Isokinetik-Gruppe” in the image). We
want to underline that these patterns are consis-
tent across all languages included in the dataset.
These errors imply that: 1) the Qwen2.5-VL-72B
model fails to provide complete and detailed an-
swers when the textual contents of the images are
long; 2) the Qwen2.5-VL-72B model is capable of
understanding simple layouts and images, but may
fail for complex images and specific questions.

D Annotation Details

Both the human annotator and the LLM were pro-
vided with the following eight statements to evalu-
ate on a Likert scale in the 1-5 range:

1. The question is grammatically correct.

2. Answer A is grammatically correct.

3. Answer B is grammatically correct.

4. Answer A is coherent with respect to the ques-
tion.

5. Answer B is coherent with respect to the ques-
tion.

6. The question is coherent with respect to the
image.

7. Answer A is coherent with respect to the im-
age.

8. Answer B is coherent with respect to the im-
age.

In Table 15, we report the guidelines provided
to the human annotator.

Screenshots of the annotation platform used by
the human annotator are provided in Figure 7 and
in Figure 8.
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Figure 3: Two error patterns found in manual validation of the generated data. Translation to English of the questions
and answers is provided in brackets.

E Additional Results and Examples

We report complete results for BertScore in Ta-
ble 8 and Table 9 for the pre-trained and fine-tuned
models on the human annotated test set, while in
Table 10 and Table 11 for the pre-trained and fine-
tuned models on the GPT-4o annotated test set.

We report per-language results in Figure 4 for
the human-annotated test set and in Figure 5 for the
GPT-4o annotated test set. These radar chart show
that there are models which consistently achieve
better performance across all languages. For exam-
ple, both Llama-4-Scout and Llama-4-Maverick
show optimal performance for non-English lan-
guages, but tend to perform worse on English (ex-
cept for the human-annotated test set for Llama-4-
Scout). Similar trends can also be seen in other
models, for example Qwen2.5 VL 7B overper-
forms in English but has lower performance for
the other languages. Mostly, these charts highlight
that model performance across languages and la-
bel length is not consistent, and that these factors
need to be studied when evaluating multilingual
and multimodal models. Furthermore, in terms of
average performance across quartiles, the model
with the largest scale doesn’t always performs best,

further highlighting the issue of evaluating pre-
trained models due to the style and length of their
responses.

We did not consider LLM-as-a-judge as a pos-
sible alternative metric since the labels are mostly
short answers, while the LLM-as-a-judge method-
ology was introduced to address long and conver-
sational formats.

We report an example of linguistic style variation
across model scale in Figure 6.

F Prompts

We report all prompts used in this work in Table 12,
Table 13, Table 14.

The following strings are used in the prompts
provided in Table 12 and Table 13.

Negative message strings for answer generation
({NEGATIVE_MESSAGE_LANG_ANSWER}):

• DE: “Es gibt keine Informationen zu dieser
Frage im Bild”

• EN: “There is no information regarding this
question in the image”

420



• ES: “No hay información sobre esta pregunta
en la imagen”

• IT: “L’immagine non contiene informazioni
su questa domanda”

• FR: “Il n’y a pas d’information concernant
cette question dans l’image”

Negative message strings for
question generation ({NEGA-
TIVE_MESSAGE_LANG_QUESTION}):

• DE: “Auf dem Bild ist kein Text zu sehen”

• EN: “There is no text in the image”

• ES: “No hay texto en la imagen”

• FR: “Il n’y a pas de texte dans l’image”

• IT: “L’immagine non contiene testo”

Finally, the prompt used at training and infer-
ence time consists of the question for the instance,
followed by a string to force short answer genera-
tion (this string is not appended when the answer
is a long form one). The short answer generation
strings are the following:

• DE: “\nBeantworten Sie die Frage mit einem
einzigen Wort oder Satz.”

• EN: “\nAnswer the question using a single
word or phrase.”

• ES: “\nResponda a la pregunta con una sola
palabra o frase.”

• IT: “\nRispondi alla domanda utilizzando una
sola parola o frase.”

• FR: “\nRépondez à la question en utilisant un
seul mot ou une seule phrase.”

G Licenses

The dataset will be licensed under Apache License
2.0, that is the original license of the vdr dataset.
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Figure 4: Radar chart for average performance over the quartiles for each pre-trained model on the human-annotated
test set.

Figure 5: Radar chart for average performance over the quartiles for each pre-trained model on the GPT-4o annotated
test set.
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Figure 6: Example of different styles of answer obtained for three models. All answers are correct, but all metrics
would provide a higher score to the response that perfectly matches the ground truth.

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9881 .9650 .9303 .9095 .9482 .9908 .9638 .9387 .9123 .9514
ES .9603 .8991 .8055 .7453 .8525 .9695 .9069 .7838 .7309 .8478
IT .9652 .8982 .7954 .7591 .8545 .9640 .9129 .7711 .6832 .8328

Qwen2.5-VL-32B-Instruct gemma-3-4b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9907 .9647 .9291 .8813 .9414 .9778 .9122 .8473 .8283 .8914
ES .9661 .9292 .7765 .7111 .8457 .9186 .8781 .6967 .6250 .7796
IT .9553 .9252 .8043 .7067 .8479 .9234 .8443 .6875 .6208 .7690

gemma-3-12b-it gemma-3-27b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9806 .9353 .8745 .8428 .9083 .9742 .9249 .8722 .8418 .9033
ES .9512 .9105 .7595 .6454 .8166 .9251 .8847 .7332 .6498 .7982
IT .8991 .9221 .7848 .6783 .8211 .9293 .8774 .7620 .6617 .8076

Llama-4-Scout-17B-16E-Instruct Llama-4-Maverick-17B-128E-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9859 .9495 .9081 .8742 .9294 .9865 .9560 .9226 .8808 .9365
ES .9648 .9004 .7729 .7689 .8517 .9500 .9100 .7836 .7294 .8432
IT .9344 .8969 .7900 .7362 .8394 .9705 .9191 .8311 .7488 .8674

llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG

EN .9324 .8980 .8518 .8305 .8781
ES .8081 .7721 .6774 .6349 .7231
IT .8313 .7640 .6573 .6151 .7169

Table 8: Complete BertScore results for the pre-trained models on the human annotated test set.

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9927 .9727 .9583 .9408 .9661 .9921 .9734 .9614 .9433 .9676
ES .9793 .9387 .8983 .8707 .9218 .9809 .9551 .9039 .8987 .9347
IT .9515 .8895 .8612 .8706 .8932 .9643 .9142 .8780 .8959 .9131

Qwen2.5-VL-32B-Instruct llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

EN .9961 .9725 .9669 .9497 .9713 .9733 .9308 .9278 .9159 .9369
ES .9859 .9468 .9091 .8966 .9346 .9346 .8677 .8053 .8103 .8545
IT .9601 .9274 .8861 .8988 .9181 .9076 .8511 .8194 .8075 .8464

Table 9: Complete BertScore results for the fine-tuned models on the human annotated test set.

423



Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .9176 .8860 .8362 .7774 .8543 .9544 .8728 .7362 .7173 .8202
EN .9845 .9462 .9249 .9007 .9391 .9825 .9557 .9346 .9123 .9463
ES .9451 .8745 .7871 .7490 .8389 .9523 .8694 .7657 .7117 .8248
FR .9520 .8868 .8193 .7925 .8626 .9663 .8863 .8018 .7569 .8528
IT .9354 .8605 .8003 .7419 .8345 .9413 .8395 .7293 .6660 .7940

Qwen2.5-VL-32B-Instruct gemma-3-4b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .9247 .8877 .8227 .7780 .8533 .9119 .8331 .7488 .7038 .7994
EN .9826 .9388 .9007 .8712 .9233 .9600 .8654 .8360 .8218 .8708
ES .9540 .8696 .7764 .7265 .8316 .9011 .7910 .6779 .6330 .7508
FR .9356 .8774 .8293 .7986 .8602 .8954 .8079 .7380 .6981 .7849
IT .9344 .8450 .7544 .7080 .8105 .8934 .7461 .6506 .6132 .7258

gemma-3-12b-it gemma-3-27b-it
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .8167 .8483 .8310 .7670 .8157 .9202 .8469 .7596 .7190 .8114
EN .9675 .8927 .8499 .8263 .8841 .9594 .8955 .8597 .8453 .8900
ES .9275 .8405 .7308 .6682 .7918 .9205 .8156 .7066 .6491 .7730
FR .9137 .8743 .8185 .7637 .8426 .9190 .8356 .7735 .7333 .8153
IT .9093 .8245 .7186 .6637 .7790 .9157 .8038 .7004 .6419 .7654

Llama-4-Scout-17B-16E-Instruct Llama-4-Maverick-17B-128E-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .9054 .8778 .8212 .7871 .8479 .9343 .8862 .8008 .7556 .8442
EN .9730 .9221 .8923 .8676 .9138 .9796 .9361 .8951 .8674 .9195
ES .9369 .8537 .7879 .7588 .8343 .9447 .8780 .7922 .7326 .8369
FR .9172 .8671 .8040 .7846 .8432 .9254 .8754 .8023 .7539 .8392
IT .9258 .8409 .7694 .7425 .8197 .9460 .8633 .7939 .7331 .8341

llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG

DE .8132 .7353 .6521 .6384 .7098
EN .9271 .8815 .8444 .8349 .8720
ES .8135 .7467 .6937 .6485 .7256
FR .8299 .7551 .6842 .6656 .7337
IT .8095 .7245 .6534 .6197 .7018

Table 10: Complete BertScore results for the pre-trained models on the GPT-4o annotated test set.

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .9507 .9183 .8859 .8480 .9007 .9511 .9347 .8970 .8580 .9102
EN .9869 .9637 .9563 .9319 .9597 .9869 .9662 .9609 .9373 .9628
ES .9506 .9305 .9065 .8806 .9170 .9592 .9408 .9207 .8895 .9275
FR .9605 .9332 .9062 .8779 .9194 .9643 .9420 .9074 .8823 .9240
IT .9549 .9052 .8897 .8494 .8998 .9602 .9109 .9045 .8678 .9108

Qwen2.5-VL-32B-Instruct llama3-llava-next-8b-hf
Q1 Q2 Q3 Q4 AVG Q1 Q2 Q3 Q4 AVG

DE .9543 .9388 .9017 .8709 .9164 .8938 .8509 .8066 .7716 .8307
EN .9895 .9711 .9674 .9422 .9676 .9640 .9432 .9343 .9146 .9390
ES .9641 .9430 .9319 .8912 .9325 .8941 .8594 .8587 .8178 .8575
FR .9744 .9531 .9185 .8866 .9331 .9028 .8560 .8415 .8070 .8518
IT .9605 .9212 .9093 .8766 .9169 .8961 .8253 .8150 .7870 .8308

Table 11: Complete BertScore results for the fine-tuned models on the GPT-4o annotated test set.
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Figure 7: Screenshot of the annotation platform. The user is shown the image, the question and the answers.

Figure 8: Screenshot of the annotation platform. The user is shown the eight statements to evaluate and a notes
section to provide an explanation for their ratings.
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<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|vision_start|>placeholder<|vision_end|>Provide an answer in {LANG} to the given question
using the textual content in the image. If the answer is not in the image, just respond with “{NEGA-
TIVE_MESSAGE_LANG_ANSWER}”. {QUESTION}
Answer the question using a single word or phrase.<|im_end|>
<|im_start|>assistant

Table 12: Prompt used for the generation of short and long answers. {LANG} is one of “English”, “German”,
“French”, “Italian”, “Spanish”. {NEGATIVE_MESSAGE_LANG_ANSWER} is a negative message generated
when the model cannot answer the question. {QUESTION} is a placeholder for the query. Note that the string
“Answer the question using a single word or phrase.” is not present in the prompt when performing long answer
generation.

<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|vision_start|>placeholder<|vision_end|>Write a question in {LANG} that re-
lates to the text in the image. If the image contains no text, respond with “{NEGA-
TIVE_MESSAGE_LANG_QUESTION}”.
<|im_start|>assistant

Table 13: Prompt used for generation of questions for images in the vdr dataset without a query. {LANG} is one of
“English”, “German”, “French”, “Italian”, “Spanish”. {NEGATIVE_MESSAGE_LANG_QUESTION} is a negative
message generated when the image doesn’t contain text.

1. The question is grammatically correct.
2. Answer A is grammatically correct.
3. Answer B is grammatically correct.
4. Answer A is coherent with respect to the question.
5. Answer B is coherent with respect to the question.
6. The question is coherent with respect to the image.
7. Answer A is coherent with respect to the image.
8. Answer B is coherent with respect to the image.
Given these 8 statements, provide a rating in a range for 1 to 5 (where 1 is “Absolutely Disagree”, 2 is
“Disagree”, 3 is “Uncertain”, 4 is “Agree” and 5 is “Absolutely Agree”) for each of them. Answer A
will be longer, while answer B more concise. The question and answers are the following:

Question: {QUESTION}
Answer A: {ANSWER_A}
Answer B: {ANSWER_B}

If you give a negative rating for any of the statements, provide a short explanation in English of a
possible solution to fix the question or the answers. If the question or answers cannot be fixed, answer
with “The data is impossible to fix.”.

Table 14: Prompt used for the LLM-as-a-judge methodology. Note that, while the special tokens for the images
are not present in this prompt, the GPT-4o model is still provided with the image at inference time. {QUESTION}
is a placeholder for the question, {ANSWER_A} is a placeholder for the long answer and {ANSWER_B} is a
placeholder for the short answer.
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In this task, you will be given:
- One image: the given image will contain text in the annotation language
- One question: the given question will reference the text that is present in the image
- Two answers: two possible answers for the given question.
Answer A will contain a longer and more descriptive text, while answer B will be direct and concise.
Given these resources, you will have to evaluate eight statements (with ratings ranging from “Absolutely
Disagree” to “Absolutely Agree”).
You have to evaluate the quality of questions and answers both for grammar and logical coherence
between each other.
Finally, you have to evaluate the logical coherence of the questions and the answers with respect to the
provided image.
For “Absolutely Disagree”, “Disagree” and “Uncertain” ratings, please add a short note in English
regarding your annotation, describing how the instance can be fixed (e.g. “Answer A is correct, but
Answer B contains a different date w.r.t. Answer A”).
Finally, consider these additional guidelines:
- A “Disagree” rating should be given when the information is incomplete and unsatisfactory. For
example, if Answer A doesn’t mention all relevant aspects in the image that are needed to answer the
question.
- An “Agree” rating should be given when the information is incomplete and satisfactory. For example,
if Answer A mentions everything that is needed to answer the question, but there are some additional
aspects that could be covered to enhance the quality of the answer.

Table 15: Complete guidelines given to the annotator for manual annotation of the dataset instances.
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