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Abstract

As the performance of Large-scale Vision Lan-
guage Models (LVLMs) improves, they are in-
creasingly capable of responding in multiple
languages, and there is an expectation that the
demand for explanations generated by LVLMs
will grow. However, pre-training of Vision
Encoder and the integrated training of LLMs
with Vision Encoder are mainly conducted us-
ing English training data, leaving it uncertain
whether LVLMs can completely handle their
potential when generating explanations in lan-
guages other than English. In addition, multilin-
gual QA benchmarks that create datasets using
machine translation have cultural differences
and biases, remaining issues for use as evalu-
ation tasks. To address these challenges, this
study created an extended dataset in multiple
languages without relying on machine transla-
tion. This dataset that takes into account nu-
ances and country-specific phrases was then
used to evaluate the generation explanation abil-
ities of LVLMs. Furthermore, this study exam-
ined whether Instruction-Tuning in resource-
rich English improves performance in other
languages. Our findings indicate that LVLMs
perform worse in languages other than English
compared to English. In addition, it was ob-
served that LVLMs struggle to effectively man-
age the knowledge learned from English data'.

1 Introduction

Each artwork, e.g., image, has a unique title, mak-
ing it suitable for evaluating Large-scale Vision
Language Models (LVLMs) that handle both the
image and the text. Hayashi et al. (2024) focused
on artwork explanation generation to investigate the
relationship between language-based and vision-
based knowledge of LVLMs using English data.
When using LVLMs for creative support, explana-
tion generation abilities are required based on the

'Our data is publicly available at https://huggingface.
co/datasets/naist-nlp/MultiExpArt.

Forklara historien om
Café Terrace at Night!
(Explain the history of
Café Terrace at Night!)

VEDY (RE) D
ERICOVTHAT!
(Explain the history of
Sunflowers
(Sunflowers (Van Gogh
series))!

Explain the history of
Sunflowers (Sunflowers
(Van Gogh series))!

Figure 1: An example of situations that require multilin-
gual and explanation skills.

composition and ingenuity of the image, e.g., com-
parisons with other works, historical background,
and deep artistic knowledge. LVLMs enable im-
age and text aware tasks exactly, e.g., determining
the color of traffic lights in the image and judging
if it is possible to proceed, by integrating Vision
Encoder (Junnan et al., 2023), e.g., Vision Trans-
former (ViT) (Alexey et al., 2020), which processes
image data into high-dimensional features, and
Large Language Models (LLMs) (LLM-jp et al.,
2024), which can handle natural language, through
additional training. This allows LVLMs to under-
stand instructions with image inputs by humans and
generate responses based on those instructions and
they have archived remarkable performance on Vi-
sion & Language (V&L) benchmarks (Yuan et al.,
2023; Bohao et al., 2023; Ozaki et al., 2024a).
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However, there are remaining issues with train-
ing current LVLMs when dealing with multilin-
gual data. Training and evaluation of LVLMs of-
ten use English data, leaving questions on the per-
formance on other languages, and there exists no
standard protocol especially when evaluating the
performance of multilingual image understanding
tasks. Several multilingual image QA tasks do ex-
ist (Soravit et al., 2023; Luu-Thuy et al., 2023), but
they primarily rely on machine translation, making
it uncertain whether country-specific cultural nu-
ances or biases are completely considered. Specifi-
cally, when creating multilingual QA tasks, Yusuke
et al. (2024) pointed out that multiple concepts e.g.,
roast’, “grill’, “broil’, ’toast’, and "bake’ in English
could be potentially translated into only one expres-
sion e.g., *BE <’ in Japanese. Thus, it is necessary
to construct a completely fair multilingual evalu-
ation dataset for explanation generation abilities.
The issue is, in particular, compounded in the field
of art, since an explanation of an image may vary
across countries, leading to different explanations
due to the impression of the image in other coun-
tries. Simply translating from resource-rich lan-
guages like English into other languages using ma-
chine translation to create datasets fails to account
for cultural nuances. For example, “Mona Lisa”
is translated directly into Chinese and Japanese
correctly, but in Spanish, it is translated as “Mona
Lisa” even though it is called “La Gioconda” in
Spanish. Moreover, since these QA datasets do not
evaluate the ability to generate explanations, there
are no appropriate metrics to evaluate the explana-
tion generation abilities of LVLMs across different
languages.

To solve the lack of datasets that can evaluate the
ability to generate explanations in other languages
and the inability to account for country-specific
cultural nuances or biases by simply using machine
translation to create datasets, we created datasets
that allow you to evaluate the ability to generate
explanations in other languages without machine
translation using Wikipedia. Hayashi et al. (2024)
focused only on English, but our study expanded
this work to ten languages (Chinese, Dutch, En-
glish, French, German, Italian, Japanese, Russian,
Spanish, and Swedish).

We utilized these datasets to analyze the multilin-
gual performance of current LVLMs in generation
explanation abilities related to artworks with three
settings which are Alignment-10, Alignment-5, and

Full tasks, and investigated whether LVLMs can
maintain equal generation explanation abilities in
artworks when extended to ten languages. To inves-
tigate LVLMs’ multilingual generation explanation
abilities, we hypothesized that “the integrated train-
ing of LVLMs and the pre-training of Vision En-
coder are mainly trained in English data, limiting
their ability to achieve optimal performance when
handling other languages.” Moreover, we also con-
ducted Instruction-Tuning in English-only training
data for two of the models so that validate the extent
to which these two models can acquire explanation
generation capabilities in other languages solely
from English training data.

We found that LVLMs perform best when given
instructions in English and generating output in
English, while their performance declines when
instructions or output are in languages other than
English. Moreover, we observed that outputting in
the same language as the instructions like Japanese
instruction with its Japanese response leads to bet-
ter performance than the response in English for
Japanese instruction, indicating that LVLMs strug-
gle to effectively utilize the knowledge learned in
English when applied to other languages. The
result also showed that performance was further
worse with Instruction-Tuning conducted in En-
glish. These findings support our hypothesis and
suggests that it is necessary to let Vision Encoder
train not only English training data but also other
language data.

2 Related Work

LVLMs In general, an LVLM comprises a Vision
Encoder that processes visual information and an
LLM pre-trained on a large amount of textual data.
They are trained using contrastive learning (Ting
et al., 2020), aiming to integrate visual and linguis-
tic information. Vision Encoder is a model trained
to encode images and visual data, typically using
architectures such as ResNet (Kaiming et al., 2015)
or Vision Transformer (ViT) (Alexey et al., 2020).
On the other hand, LLMs are models pre-trained
on a large text dataset, with prominent examples in-
cluding Qwen (Bai et al., 2023; Yang et al., 2024),
LLaMA (Hugo et al., 2023b,a; Abhimanyu et al.,
2024), Gemini (Gemini et al., 2023; Machel et al.,
2024) and GPT (Tom et al., 2020; Long et al., 2022;
Tim et al., 2022) LVLMs such as Qwen-VL (Jinze
et al., 2023a), and LLaVA-NeXT (Haotian et al.,
2024) are examples of integrated models. These
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Language Type Template

Instruction

Output

Explain the {Section} of this

Explain

the History of this Of Leonardo da Vinci’s works, the

Section artwork, {Title}. artwork, Mona Lisa. Mona Lisa is the only portrait whose
authenticity...
English —
Explain the {Subsection} Explain the Creation and date The record of an October 1517 visit by
Subsection regarding the {Section} of regarding the History of this Louis d’Aragon states that the Mona
this artwork, {Title}. artwork, Mona Lisa. Lisa...
{Title}DERICEAL T, ZOER EFVYYTOERICELT ZOE VAFILR - X - 00 v FOMER
Section MD{Section}ZEREAL T 7Z L, BOFEFICOWTEHBELTLKEE ot T£F - UHF) I~ %
Ly, DOEBDPIHEP Y BRETH D ...
Japanese (Title}D #F @ ICBE L T 2 EFYHOERICELT. ZOFE ISITHEIOHOLS - K - T F73TY
Subsection fE & Of{section}ic B &@EEL;E@?%%M’E& Btz o#foikicid e - V¥
‘ %{Subsection}? @i Bl L T < BALTLEIL, IZ2WT..
EEW,
Section fif B X 2 R Bi{Section}, MEREXHFZAR I H, FPTHT, Eit%fﬁﬂwﬁ.ﬁ:ﬁ:, SRABS T 1
{Title) ——IEEE ST RE..
Chinese fi# B X T X M 2 R & BREXTXGZARRBTEGOE BEERRTES17410 A Vilh g
Subsection  ffJ{Section}fJ{Subsection}, FIHEA, SIS, LR AERE, BT ...
{Title}
Explica la {Seccion} de esta Explica la Historia de esta obra De las obras de Leonardo da Vinci, la
Section obra de arte, {Title}. de arte, Mona Lisa. Mona Lisa es el tnico retrato cuya aut-
enticidad...
Spanish

Explica la {Subsection} sobre la
Subsection {Section} de esta obra de arte,
{Title}.

Explica
sobre la Historia de esta obra
de arte, Mona Lisa.

la Creaciéon y fecha Elregistro de una visita en octubre de
1517 de Luis de Aragén menciona que

la Mona Lisa...

Table 1: Examples of templates and instructions for the proposed task. The blue part indicates the artwork’s title
and the red part indicates the names of sections and subsections in the original Wikipedia articles that correspond to
their explanations. We prepared such templates for ten languages and asked native speakers to make sure they are

on the same level as English.

models achieve visual and natural language integra-
tion by acquiring features from images through the
Vision Encoder and textual features through LLMs
and then performing additional training with the
goal of integrating vision and language.

LVLMs & Knowledge Whether the visual
knowledge learned by the Vision Encoder and the
linguistic knowledge learned by LLMs are properly
aligned remains mostly unclear (Junnan et al., 2022,
2023). Especially for generating explanations in-
volving knowledge about artwork, which this study
focuses on, it is essential to systematically align
and utilize both types of knowledge (Hayashi et al.,
2024). This requires the integration of visual
knowledge (e.g., visual features of specific art-
works) and linguistic knowledge (e.g., historical
background and technical details about those art-
works). In LVLMs, the integration of Vision En-
coder and LLMs are achieved by adding partial
networks, but this alone makes it challenging to
properly align visual and linguistic knowledge. In
domains requiring sophisticated knowledge, such
as artwork, improper alignment can degrade the
quality of generated explanations. Thus, while this
study aims to integrate visual and linguistic infor-

mation and build efficient models using contrastive
learning, it also indicates that further research is
necessary to achieve proper alignment of visual
and linguistic knowledge.

LVLMs & Multilingual As we mentioned ear-
lier, LVLMs follow human instructions through in-
tegrated learning of Vision Encoder (Junnan et al.,
2023) and LLMs trained by a large amount of En-
glish training data. However, it is unclear whether
LVLMs are able to really understand and output
properly when input from languages other than
English. On the other hand, as far as evaluation
tasks such as XGQA (Jonas et al., 2022) they ex-
panded the English GQA dataset into seven lan-
guages through translation. However, because this
expansion relies on translations from English, it
likely includes QA pairs that do not consider the
cultural contexts of the target languages. For in-
stance, MaXM (Soravit et al., 2023) collects large
data sets by translating non-English language data
into English, which is then back-translated into
seven languages. Similarly, EVIVQA (Luu-Thuy
et al., 2023) creates around 33,000 QA pairs from
approximately 5,000 images taken in Vietnam, but
the translations still retain biases unique to Viet-
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Figure 2: How to make datasets from Wikipedia. As shown in Section 4, we extracted and filtered Wikipedia pages
about artworks. We then manually identified pages with titles and images common across ten languages.

namese culture and norms. In our research, we
mitigated these biases by focusing on artworks,
preventing the introduction of a specific culture
to any country within the images. (i.e., There are
countries where cars drive on the right lane and
others where they drive on the left.) Since artworks
have unique and definitive relationships between
the title and its image, we also create datasets from
relatively resource-rich Wikipedia in various lan-
guages without relying on machine translation. Our
study is not a Question Answering task, such as
VQA (Antol et al., 2015), but an explanation task,
which requires LVLMs to explain images correctly.
We evaluated an explanation-generaton task in ten
languages expanding Hayashi et al. (2024).

3 Task

Our task is “Analyzing the multilingual perfor-
mance of LVLMs in explaining artworks”. To
tackle this, we measured explanatory capabilities
using three settings (Alignment-10, Alignment-5,
Full) which were described below. In addition,
we prepared templates for input when evaluating
explanation abilities with datasets we created.

Alignment-10 We created datasets composed
only of data with the same images and titles across
ten languages from the Full task, which have a
total of 28 pages. In other words, this dataset con-

tains the same images with titles represented in the
language of each country, allowing for an equal
evaluation of description generation capabilities
across the ten languages.

Alignment-5 To mitigate the data scarcity issue
in Alignment-10, Alignment-5 restricts the target
languages to five specific languages. The total num-
ber of data is 306, and this dataset is used to com-
pare explanation generation abilities across the five
languages. To cover a diverse range of language
families, we selected English, Spanish, French, Ital-
ian, and Japanese as Alignment-5 task.

Full To further mitigate the data scarcity issues in
the above settings, Full ignores the correspondence
of artworks between languages and treats each lan-
guage independently. For details on the number
of data, refer to Table 7 or Figure 4. By using the
Full task, we aimed to evaluate the differences in
performance.

Templates We prepared templates for evaluating
explanation generation abilities using the datasets
created from three tasks mentioned above. The pro-
cess is as follows: 1) We prepared four patterns of
templates for each of ten languages to mitigate the
variance issue in performance evaluation (Sakai
et al., 2024b). In templates, we referred to the
study by Hayashi et al. (2024), selecting four pat-
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Entity Cov.

Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact  partial n=0 n=l n=2 n=c0
LLaVA-NeXT 2649 31.54 26.07 1.35 1.65 1.66 1.70 252
LLaVA-NeXT (FT) 1698 22.70 19.95 3.02 333 323 311 83
En En Qwen-VL 21.11  27.03 21.78 1.60 159 156 1.52 155
Qwen-VL (FT) 21.12  24.87 21.95 357 383 378 3.68 177
mPLUG-OwI2 1279  17.08 13.48 207 1.68 159 1.56 151

Table 2: Results of LVLMs in Alignment-10 Task (the instruction and the output in English, {En}-{En}). Bold fonts
indicate the best scores. The red and blue figures shown in the following figures are the different figures compared
to this Table. "(FT)" indicates the model conducted LoRA-Tuning.

terns with clearly different grammatical structures
to avoid a lack of diversity. Yusuke et al. (2024)
noted that not choosing distinctly different patterns
may result in differences originally present in En-
glish being lost in translation; 2) We let ChatGPT?
translate the obtained templates into ten languages.
We chose to use LLMs rather than translation tools
because LL.Ms are thought to better understand and
translate including nuances; 3) Even with transla-
tions taking into nuances by ChatGPT, there may
be variations in quality between languages. To
solve this, we asked nine native speakers of ten lan-
guages, to check whether the templates translated
back into English maintained the same nuance and
level of difficulty. This process ensured that all
10 language templates created in this study have
the same level of difficulty; Of course, it might be
possible to crowdsource this task using platforms
like MTurk?, but asking annotators simply “Is this
translation correct including nuances?” may not
lead to serious engagement with the translation
checking task. For examples of the each language
template, refer to Table 1. During inference, the
model runs as many inferences as the total number
of combinations of section, subsection, and subsub-
section. The appendix provides the exact number
of inferences in Table 7.

4 Dataset Creation

For each of ten languages, the following steps were
taken to create the dataset. Ten languages were
determined based on having a higher number of
Wikipedia articles than the total number of articles.

STEP1: Extracting Data from Wikipedia
We collected Artwork articles from the English
Wikipedia Infobox. Articles with the same title in
nine other languages are identified to create corre-

2https ://openai.com/chatgpt/
3https ://www.mturk. com/

sponding articles in those languages. Hyperlinked
strings within the articles are extracted as entities
related to artworks. The description includes four
types of information: the image, the title, hierarchi-
cal information from the article (Section, Subsec-
tion, Sub subsection), and the extracted entities.

STEP2: Filtering and Formatting From the col-
lected articles, those without images were excluded.
Any articles that had domains but no actual pages
on Wikipedia were also removed. This process
completes the dataset used for the Full task.

STEP3: Adjusting For the Alignment-10 and
Alignment-5 tasks, we extracted pages from other
languages that have the same titles as the English
Wikipedia pages to ensure alignment across ten or
five languages. These non-English pages include
the English titles in their metadata, and alignment
is successful when these English titles match ex-
actly. To eliminate differences between languages,
a manual verification is conducted to ensure that all
articles contain images of the same artwork. Vari-
ations in image size are permitted, but all images
must represent the same artwork across languages.
The datasets for Alignment-10 and Alignment-5
are prepared accordingly, using images from the
English articles for alignment.

STEP4: Data Splitting To measure the explana-
tion generation abilities of LVLMs, the following
approach is used: (1) For the Alignment task, all
data was treated as test set. (2) For the Full task,
nine non-English languages are used for test set,
while English data is divided into train, dev, and
test sets. To avoid biases arising from the popu-
larity of artworks in the LVLM’s training data, we
shuffled the English data based on six indicators:
page views, number of links, number of edits, num-
ber of references, number of language versions,
and article length (Hayashi et al., 2024). The data
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Entity Cov.

Entity Cooccurrence

Input Output LVLM Entity F1 Avg. Length
exact partial n=0 n=1 n=2 n=00
LLaVA-NeXT 0.00 (-26.49)  2.24(-29.30)  0.00(-26.07)  0.00 ( -1.35)  0.00 ( -1.65)  0.00 ( -1.66)  0.00 ( -1.70) 137
LLaVA-NeXT (FT)  6.23(-10.75)  9.05(-13.65)  6.87(-13.08) 1.27( -1.75) 1.21( -2.12) 1.09 ( -2.13)  1.06 ( -2.05) 83
En Es Qwen-VL 10.81 (-10.29) 15.18 (-11.85) 11.42(-10.36) 1.48( -0.12) 1.41( -0.18) 1.34( -0.22) 1.27( -0.25) 109
Qwen-VL (FT) 425(-16.87)  7.86(-17.01)  5.40(-16.55) 0.36( -3.21) 0.36( -3.47) 0.31( -3.46) 0.29( -3.39) 190
mPLUG-OwI2 8.95(-3.83) 1195(-5.13)  9.62( -3.86) 0.93( -1.14) 1.13( -0.55) 1.07( -0.52) 1.02( -0.54) 108
LLaVA-NeXT 1.00 (-25.49)  7.42(-24.12) 1.33(-24.74)  0.00( -1.35)  0.00( -1.65) 0.00 ( -1.66)  0.00 ( -1.70) 179
LLaVA-NeXT (FT)  839( -8.59) 11.41(-11.29) 871 (-11.24) 143 (-1.59) 1.99( -1.34) 1.96( -1.27) 1.95( -1.16) 68
En Fr Qwen-VL 12.11( -9.00) 17.23( -9.80) 13.05( -8.73) 1.44( -0.16) 1.45(-0.14) 1.40( -0.16) 1.34( -0.18) 96
Qwen-VL (FT) 7.19 (-13.92) 11.24(-13.63)  8.34(-13.61) 0.45( -3.12) 0.90( -2.93) 0.88( -2.89) 0.89 ( -2.79) 175
mPLUG-OwI2 10.26 ( -2.53) 15.51( -1.57)  10.99 ( -2.49) 1.72( -0.35) 1.33( -0.35) 1.20( -0.39)  1.16 ( -0.40) 109
LLaVA-NeXT 14.03 (-12.46) 17.90 (-13.64) 16.51 ( -9.56) 1.73 ( +0.38) 1.70 ( +0.05) 1.67 ( +0.01) 1.82 ( +0.13) 169
LLaVA-NeXT (FT)  6.83(-10.15)  9.54(-13.16) 823 (-11.72) 0.86( -2.15) 0.74 ( -2.59) 0.77 ( -2.46)  0.78 ( -2.33) 82
En De Qwen-VL 10.64 (-10.46) 13.95(-13.08) 13.21( -8.56) 1.16( -0.44) 1.24( -0.35) 1.21(-0.35) 1.40( -0.12) 111
Qwen-VL (FT) 7.98 (-13.14) 11.08 (-13.79)  9.86(-12.09) 0.80 ( -2.77)  0.65( -3.18)  0.74 ( -3.03)  0.74 ( -2.94) 203
mPLUG-OwI2 8.81( -3.98) 12.12( -497) 10.54( -294) 0.72( -1.35) 0.76 ( -0.92) 0.74( -0.85) 0.70 ( -0.86) 98
LLaVA-NeXT 8.53 (-17.95) 13.33(-18.21)  9.37(-16.70) 0.86 ( -0.48) 0.87 ( -0.79) 1.06 ( -0.60)  1.05 ( -0.65) 171
LLaVA-NeXT (FT)  5.89(-11.09)  8.90(-13.80)  6.61(-13.34) 0.96 ( -2.06) 1.32( -2.01) 1.32( -1.91) 1.31( -1.80) 66
En It Qwen-VL 7.23 (-13.87) 11.43(-15.59)  8.71(-13.06) 0.51( -1.08) 0.62( -0.97) 0.65( -0.91) 0.63 ( -0.89) 107
Qwen-VL (FT) 5.51(-15.61)  8.17(-16.70)  6.53(-15.42) 1.14( -2.44) 0.82( -3.01) 0.85( -2.93) 0.84 ( -2.84) 170
mPLUG-OwI2 397(-882) 850(-858)  450(-898) 0.15(-1.92) 0.14(-1.53) 0.16( -1.43) 0.15( -1.41) 107
LLaVA-NeXT 1221 (-14.28) 17.83 (-13.71)  14.60 (-11.46)  0.36( -0.99) 1.81( +0.15) 1.70 ( +0.04) 1.83 ( +0.13) 178
LLaVA-NeXT (FT)  9.41( -7.56) 15.01 ( -7.69) 12.14( -7.81) 1.21( -1.81) 1.07( -2.27) 091( -2.32) 1.02( -2.09) 119
En NI Qwen-VL 11.07 (-10.04) 16.44 (-10.59)  12.73( -9.05) 0.89( -0.71) 190 ( +0.32) 1.78 ( +0.22) 1.80 ( +0.28) 132
Qwen-VL (FT) 12.67 ( -8.45) 17.03 ( -7.84) 16.91( -5.04) 1.02( -2.55) 0.96( -2.88) 0.95( -2.83) 1.01 ( -2.67) 181
mPLUG-OwI2 827 ( -4.51) 1346( -3.62)  9.06( -4.42) 046( -1.61) 043 ( -1.25) 041( -1.18) 0.41( -1.14) 100
LLaVA-NeXT 15.01 (-11.48) 18.65 (-12.89) 13.56 (-12.51) 1.29( -0.05) 0.97 ( -0.69) 1.15( -0.51) 1.09 ( -0.61) 174
LLaVA-NeXT (FT) 10.00 ( -6.97) 12.43(-10.27) 10.54( -9.41) 0.84( -2.17) 1.08 ( -2.26) 0.97 ( -2.26) 0.87 ( -2.24) 115
En Sv Qwen-VL 10.37 (-10.74)  14.08 (-12.94)  10.15 (-11.62) 0.84 ( -0.76) 0.86( -0.72)  0.83( -0.73)  0.80 ( -0.72) 123
Qwen-VL (FT) 8.97 (-12.14) 12.25(-12.61)  9.66 (-12.29)  0.87( -2.70)  0.94 ( -2.89) 0.92( -2.86)  0.90 ( -2.78) 164
mPLUG-OwI2 10.21( -2.57) 13.03( -4.05)  9.07( -4.41) 0.35(-1.72) 0.35( -1.33) 0.34( -1.25) 0.34( -1.22) 88
LLaVA-NeXT 10.32 (-16.17) 15.15(-16.39)  8.53(-17.54) 0.32( -1.02) 0.36 ( -1.30) 0.31( -1.35) 0.32( -1.38) 203
LLaVA-NeXT (FT)  0.55(-16.42)  1.87(-20.83)  0.49(-19.46) 0.00 ( -3.02) 0.02( -3.32) 0.02( -3.21) 0.01 ( -3.10) 85
En Ru Qwen-VL 4.59 (-16.52)  8.05(-18.97)  3.51(-1826) 0.02( -1.58) 0.07 ( -1.52) 0.07 ( -1.49)  0.07 ( -1.45) 113
Qwen-VL (FT) 0.00 (-21.12) ~ 0.95(-23.91)  0.00(-21.95)  0.00 ( -3.57)  0.00 ( -3.83)  0.00 ( -3.78)  0.00 ( -3.68) 169
mPLUG-OwI2 599 ( -6.80) 8.68( -8.40)  4.88( -8.60) 0.00( -2.07) 0.02( -1.66) 0.01( -1.57) 0.01( -1.54) 99
LLaVA-NeXT 8.68 (-17.81)  8.68 (-22.86) 11.47 (-14.60) 0.80 ( -0.54) 0.80 ( -0.85) 0.80 ( -0.86)  0.80 ( -0.90) 211
LLaVA-NeXT (FT)  0.29 (-16.68)  0.30(-22.40)  0.38(-19.57)  0.04 ( -2.98) 0.04( -3.29) 0.04( -3.19) 0.04 ( -3.07) 85
En Ja Qwen-VL 3.52(-17.59)  3.53(-23.49)  4.78(-17.00) 0.32( -1.28) 0.32( -1.27) 032(-1.24) 0.32( -1.20) 132
Qwen-VL (FT) 0.00 (-21.12) ~ 0.03 (-24.84)  0.00(-21.95)  0.00 ( -3.57) 0.00 ( -3.83)  0.00 ( -3.78)  0.00 ( -3.68) 188
mPLUG-OwI2 3.75(-9.04) 3.75(-13.33)  4.98( -849) 0.39( -1.68) 0.39( -1.28) 0.39( -1.20) 0.39( -1.17) 112
LLaVA-NeXT 14.00 ( -1.86) 14.09 ( -6.86) 16.69 ( +0.19) 0.66 ( -0.42)  0.66 ( -0.58)  0.66 ( -0.56)  0.66 ( -0.59) 228
LLaVA-NeXT (FT)  0.14 (-11.49)  0.39(-15.08)  0.15(-13.97)  0.00 ( -2.42)  0.00 ( -2.60) ~ 0.00 ( -2.51)  0.00 ( -2.43) 92
En Zh Qwen-VL 10.69 ( -1.45) 10.70 ( -5.71) 12.71 ( +0.52)  0.74 ( -0.59) 0.73 ( -0.44) 0.73( -0.39) 0.73 ( -0.35) 138
Qwen-VL (FT) 0.37 (-13.40)  0.75(-16.88) ~ 0.51(-12.91) 0.01 ( -2.96) 0.01 ( -3.09) 0.01 ( -3.04) 0.01 ( -2.99) 154
mPLUG-OwI2 6.38 ( -6.45)  6.40(-10.74)  7.75( -5.77) 0.32( -1.75)  0.32( -1.36)  0.32( -1.27) 0.32( -1.24) 108

Table 3: Results of LVLMs in Alignment-10 Task ({En}-{Lang}). Bold fonts indicate the best score for that
language combination. The values are noted next to the output of the difference by the same model in the method
with instruction and output in English ({En}-{En}). Red indicates a higher value than that method; blue indicates a

lower value.

was ranked according to these indicators, and the
test, valid, and train data were split in a 2:2:6 ratio
to maintain average rankings. The data used in the
Alignment task was included in the test set.

S Experiments

5.1 Evaluation Metrics

This study adopted three evaluation metrics pro-
posed by Hayashi et al. (2024) and also described
these metrics more details in Appendix E. We also
utilize popular metrics in NLG for evaluation, i.e.,
BLEU (Kishore et al., 2002), ROUGE (Chin- Yew,
2004), and BERTScore (Tianyi et al., 2019).

Entity Coverage, Entity F1, and Entity Cooc-
currence These metrics evaluate how well the
generated text incorporates entities related to the

artwork and how accurately it reflects the relation-
ships between these entities proposed by Hayashi
et al. (2024). Entity Coverage measures the inclu-
sion of relevant entities in both exact and partial
matches. Entity F1 assesses the frequency and
appropriateness of entity usage by comparing the
generated text with reference explanations, inspired
by the ROUGE metric. Entity Cooccurrence goes
a step further by examining how entities are con-
textually combined across sentences, considering
their co-occurrence within the entire text, and ap-
plying brevity penalties to avoid inflated coverage
in longer explanations.

5.2 Models and Others

We chose five models with relatively high per-
formance: mPLUG-OwI2 (Qinghao et al., 2024),
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Entity Cov.

Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact partial n=0 n=1 n=2 n=00
LLaVA-NeXT 17.26 ( -9.23) 21.30 (-10.25) 17.05( -9.01) 2.13( +0.78) 2.32( +0.67) 2.17( +0.51) 2.10 ( +0.40) 186
LLaVA-NeXT (FT) 12.82( -4.15) 16.84( -5.86) 12.77( -7.18) 0.88( -2.14) 1.03( -2.31) 126( -1.97) 1.11( -1.99) 147
Es Es Qwen-VL 14.68 ( -6.43) 1843 ( -8.59) 14.35( -7.43) 240 ( +0.81) 2.42( +0.83) 2.57 ( +1.01) 2.56 ( +1.04) 150
Qwen-VL (FT) 4.09(-17.02)  7.10(-17.77)  4.52(-17.42) 0.15( -343) 0.16( -3.68) 0.15( -3.63) 0.14 ( -3.54) 301
mPLUG-OwI2 1091 ( -1.87) 1506 ( -2.02) 1191 ( -1.57) 247 ( +0.40) 2.07 ( +0.40) 2.02 ( +0.44) 1.99 ( +0.44) 135
LLaVA-NeXT 24.35( -2.14)  29.27( -2.27) 2438 ( -1.69) 0.95( -0.40) 0.90( -0.75) 0.88( -0.78)  0.90 ( -0.80) 211
LLaVA-NeXT (FT) 16.63 ( -0.35) 20.13( -2.57) 16.09 ( -3.86) 1.18( -1.83) 0.93( -2.41) 1.00( -2.23) 0.98 ( -2.13) 98
Fr Fr Qwen-VL 19.38 ( -1.73) 2471 ( -2.32) 18.30( -3.47) 1.07(-0.53) 1.03( -0.55) 0.96( -0.60) 0.96 ( -0.56) 165
Qwen-VL (FT) 24.15( +3.04) 2859 ( +3.73) 24.79 ( +2.85) 3.83( +0.26) 4.41( +0.58) 4.51( +0.73) 4.51( +0.83) 219
mPLUG-OwI2 1743 ( +4.64) 2248 ( +5.40) 1778 ( +4.30) 0.85( -1.22) 0.65( -1.02) 0.75( -0.84) 0.73 ( -0.83) 158
LLaVA-NeXT 17.45( -9.04)  20.66 (-10.89) 21.05( -5.02) 2.11( +0.77) 2.20 ( +0.55) 2.22( +0.56) 2.11( +0.41) 204
LLaVA-NeXT (FT) 10.53 ( -6.44) 13.10( -9.60) 13.32( -6.63) 1.53( -1.49) 1.09( -2.25) 1.15( -2.07) 1.16( -1.95) 123
De De Qwen-VL 15.10 ( -6.00) 18.20 ( -8.82) 17.97 ( -3.81) 2.12( +0.52) 1.99 ( +0.41) 2.08 ( +0.52) 1.99 ( +0.47) 160
Qwen-VL (FT) 774 (-13.38)  9.58(-15.28)  9.23(-12.72) 0.37( -3.20) 0.40( -3.43) 0.43( -3.34) 0.40( -3.28) 287
mPLUG-OwI2 1433 ( +1.55) 17.63 ( +0.55) 16.73 ( +3.25) 1.99( -0.08) 1.92( +0.25) 1.94( +0.35) 1.81( +0.25) 143
LLaVA-NeXT 10.34 (-16.14) 1543 (-16.11) 11.33(-14.74) 1.16( -0.19)  0.93 ( -0.72)  0.96 ( -0.70)  0.96 ( -0.74) 185
LLaVA-NeXT (FT)  5.73 (-11.25)  9.84 (-12.86)  6.45(-13.50) 0.31( -2.71) 0.25( -3.08) 0.25( -2.98) 0.23 ( -2.88) 91
It It Qwen-VL 9.97 (-11.13)  14.20 (-12.82)  11.09 (-10.68)  1.16 ( -0.44) 0.93 ( -0.65) 0.94 ( -0.62)  0.90 ( -0.62) 126
Qwen-VL (FT) 3.15(-17.96)  6.95(-17.92)  3.42(-18.53) 0.15( -3.42) 0.18( -3.65) 0.23( -3.54) 0.21( -3.47) 253
mPLUG-OwI2 8.69 ( -4.10) 12.66 ( -4.42)  9.54( -3.94) 051(-1.56) 0.32(-1.36) 035(-1.24) 0.33( -1.23) 111
LLaVA-NeXT 17.66 ( -8.83) 23.56( -7.99) 19.78 ( -6.28) 0.79 ( -0.56) 3.55( +1.89) 3.61 ( +1.95) 3.88( +2.18) 199
LLaVA-NeXT (FT) 1557 ( -1.40) 20.79( -1.91) 16.87 ( -3.08) 1.66 ( -1.35) 3.38 ( +0.05) 3.32( +0.09) 3.47 ( +0.37) 183
NI NI Qwen-VL 1941 ( -1.69) 24.45( -2.58) 19.65( -2.13) 213 ( +0.53) 3.27( +1.69) 3.89 ( +2.33) 4.04 ( +2.52) 172
Qwen-VL (FT) 12.68 ( -8.43) 18.46( -6.41) 16.72( -522) 1.09( -2.48) 1.66( -2.18) 1.81( -1.96) 1.80( -1.88) 300
mPLUG-OwI2 10.78 ( -2.01) 1543 ( -1.66) 12.81( -0.67) 0.15( -1.92) 1.08 ( -0.60) 1.05( -0.54) 1.12( -0.43) 114
LLaVA-NeXT 27.51 ( +1.02)  29.61( -1.93) 16.71 ( -9.36) 2.10( +0.75) 0.87 ( -0.78) 0.89( -0.77)  0.90 ( -0.79) 206
LLaVA-NeXT (FT) 22.83 ( +5.86) 25.10( +2.40) 12,17 ( -7.78) 2.82( -0.20) 1.11(-2.22) 1.17( -2.06) 1.16( -1.94) 169
Sv Sv Qwen-VL 24.02( +2.92) 26.69( -0.34) 19.18 ( -2.60) 3.60 ( +2.00) 1.53( -0.06) 1.54( -0.02) 1.50 ( -0.02) 147
Qwen-VL (FT) 16.04 ( -5.07) 18.10( -6.77)  6.15(-15.80) 0.23( -3.35) 0.18( -3.65) 0.20( -3.57) 0.21 ( -3.47) 242
mPLUG-OwI2 2140 ( +8.61) 23.51( +6.43) 13.84( +0.36) 2.01 ( -0.06) 1.07( -0.61) 1.06 ( -0.52) 1.05( -0.51) 111
LLaVA-NeXT 14.38 (-12.11)  17.43 (-14.11)  9.81(-16.26) 026 ( -1.08) 0.45( -1.20) 0.42( -1.24) 0.41 ( -1.29) 219
LLaVA-NeXT (FT) 10.74 ( -6.24) 13.67( -9.03)  6.55(-13.40) 0.32( -2.70) 0.37( -2.96) 036 ( -2.87) 0.36 ( -2.75) 184
Ru Ru Qwen-VL 6.80 (-14.31)  9.68 (-17.34)  4.63(-17.15) 0.31( -129) 0.32( -1.27) 0.30( -1.26) 0.31( -1.21) 170
Qwen-VL (FT) 1.76 (-19.35)  3.60 (-21.27) 1.52(-20.42) 0.14( -3.43) 0.14( -3.69) 0.14( -3.64) 0.14( -3.54) 324
mPLUG-OwI2 7.07 ( -5.72) 8.92( -8.16)  557(-791) 0.51(-1.56) 0.34(-1.33) 0.31(-1.28) 0.35(-1.21) 129
LLaVA-NeXT 13.38 (-13.11)  13.38 (-18.17) 17.68 ( -8.39) 0.73( -0.61) 0.83 ( -0.83) 0.83( -0.83) 0.83 ( -0.87) 249
LLaVA-NeXT (FT)  7.51( -9.46)  7.51(-15.19)  7.80(-12.15) 1.14( -1.88) 1.14( -2.19) 1.14( -2.09) 1.14( -1.97) 167
Ja Ja Qwen-VL 10.89 (-10.22)  10.90 (-16.13)  14.56 ( -7.22)  0.92( -0.68) 0.92 ( -0.67) 0.92( -0.64) 0.92 ( -0.60) 154
Qwen-VL (FT) 0.86 (-20.26)  0.88 (-23.99) 1.12(-20.83)  0.03( -3.55) 0.03( -3.81) 0.03( -3.75) 0.03 ( -3.65) 278
mPLUG-OwI2 691 (-5.88)  6.93(-10.15)  9.34( -4.14) 1.20( -0.87) 1.21( -0.46) 1.21( -0.38) 1.21( -0.35) 144
LLaVA-NeXT 13.78 ( -2.08) 13.78 ( -7.17) 17.00 ( +0.50) 0.54 ( -0.54) 0.53( -0.70) 0.53( -0.69)  0.53 ( -0.72) 246
LLaVA-NeXT (FT) 693 ( -4.71)  6.97( -8.50)  7.31(-6.81) 0.78( -1.64) 0.78 ( -1.83) 0.78 ( -1.73)  0.78 ( -1.65) 170
Zh Zh Qwen-VL 17.90 ( +5.76) 17.90 ( +1.48) 22.12( +9.93) 3.31( +1.97) 3.30( +2.13) 3.30 ( +2.18) 3.30 ( +2.22) 155
Qwen-VL (FT) 0.22(-13.55)  0.33(-17.29)  0.27(-13.16)  0.00 ( -2.97)  0.00 ( -3.10)  0.00 ( -3.06)  0.00 ( -3.00) 249
mPLUG-OwI2 9.03( -3.80)  9.05( -8.08) 1298 ( -0.55) 0.77( -1.31) 0.77( -0.91) 0.77( -0.82)  0.77 ( -0.80) 150

Table 4: Results of LVLMs in Alignment-10 Task (the format with instruction and output in each of the ten
languages, {Lang}-{Lang}). Bold fonts indicate the best score for that language combination. The values are noted
next to the differences output by the same model in the format with instruction and output in English ({En}-{En}).
Red indicates a higher value than {En}-{En}; blue indicates a lower value.

LLaVA-NeXT (Haotian et al., 2023a, 2024, 2023b),
XComposer2 (Xiaoyi et al., 2024), Phi-3 (Marah
et al., 2024), and Qwen-VL (Jinze et al., 2023a).
In addition, LLaVA-NeXT and Qwen-VL were
conducted LoRA Tuning (Hu et al., 2022) with
English train data and included in the evaluation.
Detailed experimental settings are described in Ap-
pendix A.1. This approach is based on the observa-
tion that current LLMs perform better when instruc-
tions are given in English (Afina et al., 2024a). As
far as Alignment tasks, we validated four patterns
of input: {En, Lang}-{En, Lang}. This indicates
that when the input is English, the output can be
directed to English or another language. The same
thing can also be done when the input is another
language, and these four patterns were tested in
this study. By testing these patterns, we verify

whether LVLMs perform better when supported in
English, and whether having the output in English
is a meaningful instruction. As far as tokenizing
words, we used SpaCy* as a multilingual tokenizer,
tokenizing each language to perform segmentation.
Thus, each language is expected to be divided into
optimal token units.

5.3 Results

From the experiments conducted with Alignment-
10, the method let LVLMs generate in English with
English ({En}-{En}) results are listed in Table 2,
the method which is instruction in English and out-
put in other languages ({En}-{Lang}) results in Ta-
ble 3, and the instruction and output in other same
languages ({Lang}-{Lang}) results in Table 4. The

4https: //spacy.io/
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Figure 3: Some of the results in the Alignment-5 task. Purple bin indicates the method which is the instruction
and the output in English ({En}-{En}), Green bin indicates the instruction in languages other than English and the
output in English ({Lang}-{En}), Brown bin indicates the instruction and output in languages other than English
({Lang}-{Lang}) and Blue bin indicates the instruction in English and the output in languages other than English
({En}-{Lang}). From this figure, it can be seen that the English instructions are optimal, even if the number of data
is expanded. We described further detailed results in Table 9 including Phi-3 and XComposer2. You can see the rest

of the results in Figure 6 in the Appendix.

results for Phi-3 and XComposer?2 are described in
the Table 10 in Appendix. Overall, the results con-
firm that giving instructions in English and letting
them generate output in English (i.e., {En}-{En})
maximizes the performance of LVLMs. On the
other hand, LoRA Tuning increased the value of
Entity Cooccurrance, while other values decreased.
This suggests that LoRA Tuning enabled LVLMs to
understand and explain the context, but prevented
entities from appearing in the generated sentences.
Furthermore, looking at the results of Alignment-
5 in Table 9 in Appendix, where the number of
data was expanded, the outputs that used English
instructions and outputs were generally higher, fol-
lowed by those using instructions and outputs in
other languages. This is consistent with the results
of Alignment-10. In addition, Figure 3 includes
results where instructions were given in other lan-
guages and outputs were produced in English.

6 Analysis and Discussion

Which Instruction and Output Language is
Best? We confirmed that the pattern which in-
struction and output are English ({En}-{En}) per-

formed the best ability, whereas the performance
is lower for the pattern in which instruction in En-
glish and output in other languages ({En}-{Lang},
i.e., Please generate the output in Chinese). This
suggests that “LLVLMs have a poor ability to suc-
cessfully transfer knowledge learned in English to
other languages”. We also confirmed that this ef-
fect was more pronounced in the LoRA-Tuning
model (LLaVA-NeXT(FT) and Qwen-VL(FT)).

LVLMs’ Ability to Explain Artworks in Other
Languages Considering the multilingual expla-
nation generation capabilities of LVLMs, a com-
parison between Table 3 and Table 4 reveals that
performing the method is instruction and output in
other same languages ({ Lang}-{Lang}) generally
yields better results than in the instruction in En-
glish and output in other language ({En}-{Lang}).
When explaining in the native language using data
trained in that language, the model effectively man-
ages the knowledge. However, when explaining
in other languages using knowledge trained in En-
glish, the model struggles to handle the information
adequately. This result shows particularly clear in
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the cases of Qwen-VL’s results between the method
is instruction and output in Chinese ({Zh}-{Zh})
and the instruction in English and output in En-
glish ({Zh}-{En}) pairs. In addition, using English
training data for LoORA Tuning likely leads to the
forgetting of original performance, resulting in a de-
cline in effectiveness. From these observations, it is
clear that LVLMs currently exhibit their maximum
capabilities only when instructed and output in En-
glish ({En}-{En}). Thus, future research should
focus on training LVLMs in multiple languages.

Comparison between En-En and Lang-Lang ca-
pabilities In this result, En-En performance was
the highest. It indicates that existing LVLMs have
been primarily pre-trained on English data, and pro-
viding both input and output in English allows the
model to perform at its best. {Lang}-{Lang} per-
formance was the next best. While it is evident that
LVLMs have been pre-trained on languages other
than English and can handle multilingual tasks,
their performance still falls short of En-En. We
believe this is due to insufficient pre-training on
non-English languages.

Comparison between En-{Lang} and {Lang}-
{Lang} We also compared En-{Lang} and
{Lang}-{Lang} results, finding that {Lang}-{Lang}
outperformed En-{Lang}. This suggests that pro-
viding instructions in English yields better results
than in other languages. Interestingly, this con-
trasts with previous research (Afina et al., 2024b),
which found that instructions in English led to bet-
ter performance. While general QA tasks typically
assess the model’s knowledge, where multilingual
knowledge can be effectively utilized, our explana-
tion generation task, which requires the model to
provide appropriate explanations using its knowl-
edge, suggests that it struggles to deliver adequate
explanations in languages other than English.

7 Conclusion

This study focused on artworks, which have a
unique image and name regardless of the language,
to evaluate the explanation generation abilities
of LVLMs in multilingual contexts. We created
datasets compiled from Wikipedia pages in ten lan-
guages without using machine translations to eval-
uate their abilities across multilingual languages.
The results indicate that LVLMs perform optimally
when input and output are both in English, while
their performance declines when using languages

other than English. Thus, our hypothesis, that “Vi-
sion Encoder needs to be learned in other languages
as part of its pre-training,” is correct, and might
need to train Vision Transformer using multilin-
gual data.

Limitations

Data Collection and Crawling Consistency

Our initial data collection was conducted through
web crawling on June 30th, 2024. It is important
to note that subsequent crawls may yield different
results due to page updates, such as an increase
in the number of pages or the addition of images.
As a result, the data retrieved through repeated
crawling may not consistently match the original
dataset. This introduces a level of variability in the
data, which must be considered when replicating
or extending this research.

Necessity of Human Evaluation Across
Multiple Languages

To validate the effectiveness and accuracy of LLMs,
especially when dealing with complex and diverse
linguistic features across multiple languages, hu-
man evaluation is indispensable. In this study, we
conducted manual evaluations across ten languages.
This step is crucial for assessing the model’s real-
world applicability and ensuring that automated
evaluations do not overlook nuanced errors that
only human evaluators can identify.

Coverage of Entity Knowledge in LVLMs

Artwork explanation requires an understanding of
entities related to given artworks. However, simi-
lar to small-scale models (Kamigaito et al., 2023),
LVLMs sometimes lack proper alignment of en-
tity knowledge between LLMs and vision encoders.
One possible way to address this issue is by lever-
aging external knowledge. For example, Vision
RAG (Faysse et al., 2024) can search text from
given images whereas it requires a retriever capa-
ble of interpreting artistic knowledge and LVLMs
that can handle lengthy exemplars. Meanwhile,
Multimodal Knowledge Graphs (KGs) (Chen et al.,
2024) are concise yet sparse. Although PLM-based
KG completion (KGC) (Yao et al., 2019) can po-
tentially alleviate sparsity, its performance is un-
certain due to the risk of data leakage (Sakai et al.,
2024a). By contrast, traditional embedding-based
KGC (Nickel et al., 2011) is robust and reliable,
grounded in theoretical studies (Kamigaito and

3781



Hayashi, 2021, 2022a,b; Feng et al., 2023, 2024),
but its performance is generally lower than that of
PLM-based KGC. Consequently, there is no deci-
sive approach for integrating external knowledge
into LVLMs for artwork explanation. The simi-
lar challenge arises in image review evaluation as
reported by Hayashi et al. (2025).

Length of Generated Explanation

Our experimental results demonstrate that the
length of the generated explanations can vary drasti-
cally across different LVLMs, potentially hindering
fair comparisons. An instruction-based length con-
trol method (Juseon-Do et al., 2024) may mitigate
this issue. However, such methods are primarily de-
signed for summarization and their appropriateness
for explanation generation is uncertain.

Ethical Considerations

Linguistic Considerations and Ethical
Implications

In several languages, nouns are gendered, meaning
they are classified as either masculine or feminine
such as Spanish and Italian. For this study, we
assumed that LLMs are capable of accurately dis-
tinguishing between these gendered forms. This
assumption is crucial, as it reflects the model’s
ability to handle linguistic nuances, particularly in
gendered languages. This raises ethical consider-
ations, as any failure of the model to accurately
represent gendered language could result in biased
or incorrect outputs.

Wikipedia Resources among Ten Languages

Regarding Wikipedia pages, non-English versions
are often less well-maintained, and whether entities
are as well-organized as in English is debatable.
In addition, Chinese Wikipedia contains a mix of
traditional and simplified characters, which seems
less standardized. In this study, since we crawled
pages from Wikipedia and evaluated using their
entities, it’s possible that the correct answers are
included in the outputs of LVLMs.
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A Appendix

A.1 Inference and LoRA Tuning Settings

Inference setting

In this study, as far as inference which needs to
use GPUs, all experiments were conducted on a
single NVIDIA RTX A6000 GPU and NVIDIA
A100-SXM4-40GB, with 8-bit quantization uti-
lized for model generation. However, there is no
InternLM-XComposer-2 with 8-bit, this model was
loaded and inferred in 4-bit mode. To standardize
the length of tokens generated across all models,
the maximum token length was set to 1024. The
same settings were applied to each model for per-
formance comparison purposes.

LoRA Tuning setting

We conducted LoRA (Hu et al., 2022) Tuning with
two models: LLaVA-NeXT and Qwen-VL. Both
were trained using two NVIDIA A100-SXM4-
40GB GPUs. Detailed parameters are provided
in Table 5 and Table 6.

B Explanation Generation Abilities from
Other Languages to English

({Lang}-{En})

When considering output in English from other
languages, we found this method also performs less
abilities. This suggests that LVLMs have relatively
less training data in languages other than English,
and they may not properly understand instructions
given in other languages. Thus, it is difficult to say
that the integrated learning of LLMs and Vision
Encoder work properly.

C Details of experimental settings

Model Base Model HuggingFace Name

mPLUG-Owl2 LLaMA2-7B MAGAer13/mplug-owl2-llama2-7b
Qwen-VL-Chat Qwen Qwen/Qwen-VL-Chat
LLaVA-NeXT LLaMA3-8B Imms-lab/llama3-1lava-next-8b

Phi-3 Phi-3-Vision-128K-Instruct microsoft/Phi-3-vision-128k-instruct
XComposer2 internlm-xcomposer2-7B internlm/internlm-xcomposer2-7B

Hyper Parameter Value
torch_dtype bfloat16
seed 42
max length 2,048
warmup ratio 0.01
learning rate le-5
batch size 4
epoch 1
lorar 64
lora alpha 16
lora dropout 0.05

lora target modules c_attn, attn.c_proj,

wl, w2

Table 5: The hyper-parameters of Qwen-VL used in
the experiment, and others, were set to default settings.
The implementation used Transformers (Thomas et al.,
2020) and bitsandbytes (Tim et al., 2022).

Hyper Parameter Value
seed 42
max length 2048
lora enable True
learning rate 2e-5
warmup ratio 0.05
lorar 16
lora alpha 32
torch_dtype float16

Table 6: The hyper-parameters of LLaVA-NeXT used
in the experiment, and others were also set to default
settings.

D Details of Creating Datasets or
Training Data

D.1 How to Choose Ten Languages?

We selected ten languages with the highest num-
ber of articles from the statistics of all language
versions of Wikipedia®. Of the top 10 prefectures,
Cebuano, Egyptian dialects of Arabic, and Polish
were deemed difficult to identify by sampling dur-
ing the evaluation, so we added the runners-up,
Chinese and Japanese.

D.2 How to Split Train, Valid, and Test Data
in English?

For English, a language rich resource, we split
the data into train, valid, and test data using six
metrics proposed by Hayashi et al. (2024) (six
metrics: page views, number of links, number of
edits, number of references, number of language
versions, and article length.) were used in this
study as well, and the data were divided equally
considering famous artworks. All data included in

Shttps://en.wikipedia.org/wiki/Wikipedia:
Multilingual_statistics
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Language A-10 A-5 Full #NUM in A-10 #NUM in A-5 #NUM in Full
Test Test Train Valid Test En-{L} {L}-En {L}-{L} En-{L} {L}-En {L}-{L} En-{L}
English 28 306 6,413 2,138 2,138 864 - - 5,924 - - 29, 064
French 28 306 - - 2,707 1,780 1,180 856 11,020 6,184 6,176 57,916
Spanish 28 306 - - 2,096 964 1,176 668 5,744 6,056 4,504 40, 960
Italian 28 306 - - 1,977 1,092 1,244 596 6,396 7,032 4,900 39, 092
Japanese 28 306 - - 1,312 1,012 1,244 572 6,156 6,928 4,720 23, 760
Russian 28 - - - 1,589 668 1,184 604 - - - 27,572
German 28 - - - 962 732 1,208 1,132 - - - 23,792
Dutch 28 - - - 789 556 1,284 468 - - - 13, 940
Swedish 28 - - - 774 912 1,164 444 - - - 7,228
Chinese 28 - - - 738 1,092 1,304 612 - - - 8, 624
ALL 280 1,530 - - 15,082 9,672 9,704 5,952 35,240 26,200 20,300 271, 948

Table 7: The number of each language data in Alignment-10, Alignment-5, and Full task, split by train, valid, and
test sets. We split train, valid and test sets only English due to the number of data in English. #NUM represents the
total number of inferences, and “A” indicates Alignment, showing the number of aligned artworks across languages.
Additionally, {L} is an abbreviation for {Lang}, representing nine languages other than English.

the alignment were used as test data so that data
used in the alignment task were not included in
the train. We described the number of all data in
Table 7.

D.3 License

In our study, we created a dataset from Wikipedia
articles regarding artworks. Each image is avail-
able under the Creative Commons License (CC)
or other licenses. Specific license information for
each image can be found on the Wikipedia page or
the image description page for that image. The im-
ages in this study are used under the terms of these
licenses, and links to the images are provided in
the datasets we publish so that users can download
the images directly. The images themselves are not
directly published. Thus, our data does not infringe
upon the licenses.

E Evaluation Metrics Formulation

This section describes on the evaluation metrics
used in Section 5 using mathematical expres-
sions (Hayashi et al., 2024; Ozaki et al., 2024b).
An explanation consisting of n sentences generated
by the model is denoted as G = {g1,- - , gn}, and
a reference explanation consisting of m sentences
is denoted as R = {ry,--- ,r,}. The function
Entity(-) is defined to extract entities contained in
the input text. The notation |G| represents the total
number of tokens in the generated explanation, and
|R| represents the total number of tokens in the
reference explanation.

Entity Coverage (EC)

EC(G,R) = Cov(G, R)

is calculated as follows:

ey

Here, Cov(G, R) is a function returning the pro-
portion of entities in R that are covered by G. For
partial matches, the Lowest Common Subsequence
(LCS) is employed to calculate the longest match-
ing length ratio in the generated explanation rela-
tive to the length of the reference entity.

Entity F1 (EF;) is computed as follows:

2x PxR
ER =220 2
'""PY¥R @
. , Countgjip(e;, G, R
p— ZeleEntlty(G) lp( ) (3)
ZejGEntity(G) #(6j7 G)
R— ZeiEEntity(R) Countdip(ei’ Gv R) (4)

ZejEEmtity(R) #(6]‘, R) ’

where #(e;, G), #(e;, R) are functions that count
the occurrences of entity e; in G and R respectively,
and Countcjip(e;, G, R) returns the lesser frequency
of occurrence of ¢; in either G or R.

Entity Cooccurrence (ECooc) is calculated us-
ing BP from equation (6) as follows:

ECooc(G, R)
=BP(G,R) x Cov(Co(G),Co(R)), (5)
where BP(G, R) is given by:
BP(G, R) = exp(max(0.0, Ig: —-1)) (©)
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and the function C'o(-) returns pairs of co-occurring
entities within a context window comprising a sen-
tence and its adjacent n sentences. Sentence seg-
mentation was performed using the nltk sentence
splitter for this purpose.®

F Filtered Sections

The following section was filtered in this study. Ap-
proximately 30 instances from the Alignment-10
task were reviewed, and sections without informa-
tive content.

English

References, See also, External links,
Sources, Further reading, Bibliography,
Gallery, Footnotes, Notes References, Ref-
erences Sources, Bibliography (In Span-
ish), Bibliography (In Italian), Bibliog-
raphy (In German), Bibliography (In
French), Images, Note, Links, Notes, List,
Notes and references, List by location

HEY v, BEXE, BEIRE, BE,

HEl, Fv S5 — N—=Ua v, 3R E

=Y 5Fm

Collegamenti esterni, Altri progetti,
Bibliografia, Note, Omaggi, Voci cor-
relate, Bibliografia, Musica, Fumetti,
Letteratura, Filmografia, Nella cul-
tura di massa, Altri progetti, Galleria
d’immagini, Curiosita, Calendario

®Sentence segmentation was performed using the NLTK
sentence splitter.

Liens externes, Articles connexes, Bibli-
ographie et ressources en ligne, Annexes,
Notes et références, Divers, Littérature,
Peinture et sculpture, Déclinaisons et dé-
tournements, Bases de données et diction-
naires, Italien, Francais, Ouvrages, Ar-
ticles, Bibliographie, Théatre, Cinéma,
Article connexe, Annexe, Notes et
référence, Voir aussi, Divers, Pour appro-
fondir, Versions, Références, Sources sec-
ondaires, Sources originales, Références
de DP’expression dans I’art, Ouvrages,
Ailleurs, Notes, Films, Dans la culture,
Postérité, Données techniques, Galerie,
Historique

Spanish

Enlaces externos, Bibliografia, Referen-
cias, Fuentes, Enlaces externos, Bibli-
ografia, Véase también, Notas, Informa-
cion, Galeria, Galeria de imagenes, Fil-
mografia

Chinese (Traditional)

4\ &R :nt, AR, ZE X, BEXR, 2
R, 2R, &8, 553 XM, KR, #&

A, 5‘3%5&%,}?, S EREE, A, BIA, E
, BEEN, X, HEIRE, BEKR,
BRIZE, HhEIR], &%, 5, K,
fosk by, E75, T UFdn, HERRF @, 183X,
i, RESE, SAK-BTHER

'
\

Chinese (Simplified)

HNERBERE, SEIRIEE, 27 SCRk

B 5 22 SOk, RVR, 7RI B, 250k

I, 51 M, R, 2B 5, X5 H,
LA H, BAEIR, 2%, S UE S, TEE,

SR, PR, TR, HORBUR L7 B

okk o
(5t
34
3]
¢
W
W
=
[

r
\

Noter, Referenser, Se idven, Externa
linkar, Allménna Killor, Galleri, Killor,
Bilder, Kalenderfunktionen, Relaterade
malningar
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Zie ook, Literatuur, Externe links, Bew-
erkingen, Andere, Latere edities, Trivia,
Zie ook, Galerij, Originele gietingen,
Stanza dell’incendio del Borgo, Stanza
della Segnatura, Noten, Literatuur en
bronnen

,
\

Russian

Ccoutkn, Ilpumedanmsi, CMm. TakxKe,
JlokyMeHTaINCTHKA, Jlureparypa,
Wcrounuku, OTpakeHne B UCKyCCTBE

,
\

German

Anmerkungen, Weblinks, Literatur, An-
merkungen und Einzelnachweise, Einzel-
belege, Einzelnachweise, Chronologie,
Quellen, Ubersicht, Literatur (Auswahl),
Siehe auch, Rezeption, Dokumentarfilme,
Ausstellungen, Siehe auch

~
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G Instruction to Native Speakers

We asked native speaker to prepare the instruction to check if the above template is equal in difficulty
compared to the English text.

Instruction

# What we research
We are conducting a study to measure LLMs’ ability to understand the arts. Previous studies have
been done only for English, and we are now trying to extend and validate it for multiple languages.

The text presented has been translated from English into your language using DeepL.

I want you to make sure that the sentence you translate has the same meaning as the English
sentence.

The time I assume will not take more than 5 minutes and that’s about OK for a check. I also use
back translation to check it, so I believe it is not that broken.

# Keep in mind

* My final goal is to have the sentences corrected to be as natural as English sentences.

* Depending on {title} and {section}, and in some countries, you may need to be concerned
about masculine and feminine nouns. If that is the case, choose whichever you type into the
LLM in your native language (i.e., the more natural one).

* Please do not change the entire text.
* Changing, deleting or adding words is acceptable.

# Examples of {title} and {section}, {subsection} and {subsubsection}

We use Wikipedia for our research.

Here is one of the example: https://en.wikipedia.org/wiki/Mona_Lisa

In this case, {title} will contain “Mona Lisa”.

In addition, {section} contains “Description”, “History”, and so on.

{subsection} refers to a smaller frame within {section}, such as “Creation and date”.

| Below is the text I would like you to review.
({lang}_temp1_sec is translated from en_templ_sec using DeepL) ({lang}_temp2_subsec is
translated from en_temp?2_subsec using DeepL)

#English (source)
This sentence is a sample.

# Your native language (target I translated from DeepL.)
This sentence is a sample.
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H Other Results and Visualizations

Entity Cov. Entity Cooccurrence
Input Output LVLM Entity F1 Avg. Length
exact partial n=0 n=1 n=2 n=00
LLaVA-NeXT 17.66 26.05 18.55 1.31 1.23 1.20 1.20 242
LLaVA-NeXT (FT) 17.92 23.65 19.20 5.67 5.66 5.63 5.60 81
En En Qwen-VL 14.60 21.51 15.39 1.36 1.33 1.28 127 110
Qwen-VL (FT) 20.09 26.27 20.84 5.67 578 577 572 171
mPLUG-OwI2 14.41 21.96 15.71 127 1.17 1.14 1.10 121
LLaVA-NeXT  10.40 ( -7.26) 16.05 (-10.00) 10.86 ( -7.69) 0.79 ( -0.52) 0.78 ( -0.45) 0.83 ( -0.37) 0.83 ( -0.37) 181
LLaVA-NeXT (FT)  4.96 (-12.96)  8.42(-1523)  5.40(-13.80) 0.56( -5.10) 0.57 ( -5.10) 0.58 ( -5.04) 0.57 ( -5.02) 90
En Es Qwen-VL 8.11( -6.49) 13.18( -8.33)  8.66( -6.73) 0.53( -0.83) 0.50 ( -0.83) 0.52( -0.76) 0.51 ( -0.76) 103
Qwen-VL (FT) 423 (-15.86) 847 (-17.80)  4.66 (-16.17) 023 ( -5.43) 0.23( -5.56) 0.24 ( -5.53) 0.24 ( -5.48) 195
mPLUG-OwI2 7.26( -7.14) 1213 ( -9.83)  7.55( -8.16) 0.45( -0.82) 0.49( -0.68) 0.52( -0.63) 0.51 ( -0.59) 100
LLaVA-NeXT 9.71( -7.95) 1617 ( -9.88)  9.49 ( -9.06) 0.57 ( -0.74) 0.57 ( -0.66) 0.57 ( -0.63) 0.55 ( -0.64) 168
LLaVA-NeXT (FT) ~ 7.02(-10.90) 10.37 (-13.29)  7.60 (-11.60) 0.84 ( -4.83) 0.84 ( -4.82) 0.82( -4.81) 0.81( -4.79) 60
En Fr Qwen-VL 7.64( -6.96) 12.82( -8.68) 7.71( -7.68) 0.51( -0.85) 0.46( -0.87) 0.45( -0.83) 0.43 ( -0.83) 86
Qwen-VL (FT) 6.42(-13.68) 11.17(-15.10)  6.88 (-13.95) 043 ( -524) 0.56( -5.22) 0.55( -5.22) 0.54( -5.18) 155
mPLUG-OwI2 6.99 ( -7.42) 12.55( -9.41) 691 ( -8.79) 0.41( -0.86) 0.38( -0.79) 0.37 ( -0.77) 0.35( -0.75) 95
LLaVA-NeXT  10.32( -7.35) 13.84 (-12.21) 12.28( -6.27) 0.90 ( -0.41) 0.88( -0.34) 0.88 ( -0.32) 0.86 ( -0.34) 161
LLaVA-NeXT (FT)  5.52(-12.40)  7.80(-15.86)  5.93(-13.26) 0.52( -5.15) 0.48( -5.19) 0.46 ( -5.17) 0.45( -5.15) 75
En De Qwen-VL 775 ( -6.85) 10.60 (-10.91)  8.69 ( -6.69) 0.63( -0.73) 0.59 ( -0.74) 0.58 ( -0.70) 0.56 ( -0.71) 99
Qwen-VL (FT) 479 (-1530) 740 (-18.87)  5.17(-15.67) 0.23( -5.44) 0.25( -5.53) 0.24( -5.53) 0.24 ( -5.48) 177
mPLUG-OwI2 6.87 ( -7.53)  9.66 (-12.30)  7.69 ( -8.01) 0.60( -0.67) 0.54 ( -0.63) 0.53 ( -0.61) 0.50 ( -0.60) 91
LLaVA-NeXT 9.57 ( -8.10) 16.52( -9.53) 10.72( -7.83) 0.72( -0.60) 0.72( -0.50) 0.74 ( -0.46) 0.72 ( -0.47) 168
LLaVA-NeXT (FT)  6.21 (-11.71) ~ 9.51 (-14.15)  7.59 (-11.61) 0.79 ( -4.88) 0.86 ( -4.80) 0.85( -4.77) 0.85 ( -4.74) 87
En It Qwen-VL 7.08 ( -7.52) 1273 ( -8.77) 826( -7.13) 0.34( -1.02) 0.38( -0.95) 0.38 ( -0.90) 0.38 ( -0.88) 112
Qwen-VL (FT) 6.08 (-14.01) 10.10 (-16.17)  7.39 (-13.44) 0.49 ( -5.17) 0.58( -5.20) 0.59 ( -5.19) 0.59 ( -5.13) 187
mPLUG-OwI2 6.54 ( -7.86) 1220( -9.76) 7.44( -827) 0.42( -0.85) 0.40( -0.77) 039 ( -0.75) 0.39 ( -0.71) 102
LLaVA-NeXT 7.91( -9.76) 13.25(-12.80)  8.63( -9.92) 0.31( -1.01) 0.44( -0.79) 0.42( -0.78) 0.43 ( -0.77) 175
LLaVA-NeXT (FT)  7.89 (-10.03) 11.66(-12.00)  8.81(-10.39) 1.22( -4.44) 1.13( -4.53) 1.12( -4.51) 1.11( -4.49) 102
En NI Qwen-VL 741(-7.19) 1233 ( -9.18)  7.93( -7.46) 0.35( -1.01) 0.49( -0.84) 0.50 ( -0.78) 0.53 ( -0.74) 137
Qwen-VL (FT) 6.67(-13.42) 10.07 (-16.21)  7.67 (-13.16) 0.68 ( -4.98) 0.73 ( -5.05) 0.70( -5.08) 0.71( -5.01) 166
mPLUG-OwI2 4.61(-9.80) 8.96(-13.00) 4.84(-10.87) 0.20( -1.06) 0.26 ( -0.91) 0.25( -0.89) 0.25 ( -0.85) 106
LLaVA-NeXT  13.08 ( -4.59) 17.19( -8.85) 12.38( -6.18) 0.89 ( -0.42) 0.82( -0.41) 0.82( -0.39) 0.75 ( -0.44) 172
LLaVA-NeXT (FT)  9.44 ( -8.47) 1279 (-10.87) 9.62( -9.58) 0.73( -4.94) 0.64 ( -5.03) 0.60 ( -5.03) 0.58 ( -5.01) 94
En Sv Qwen-VL 10.59 ( -4.01) 14.72( -6.79) 10.75 ( -4.64) 0.58 ( -0.78) 0.61 ( -0.72) 0.66 ( -0.62) 0.61 ( -0.66) 124
Qwen-VL (FT) 9.47 (-10.62) 13.20 (-13.07)  9.93 (-10.91) 0.72( -4.95) 0.65( -5.13) 0.63 ( -5.14) 0.58 ( -5.14) 155
mPLUG-OwI2 9.37( -5.03) 12.82( -9.14) 853 ( -7.17) 0.40( -0.86) 0.36( -0.81) 0.36( -0.78) 0.33 ( -0.77) 79
LLaVA-NeXT 7.86 ( -9.81) 10.75(-15.29)  6.39 (-12.16) 0.22( -1.09) 0.26 ( -0.97) 0.28 ( -0.92) 0.28 ( -0.92) 203
LLaVA-NeXT (FT)  0.42(-17.50)  1.51(-22.14)  0.31(-18.89) 0.01( -5.66) 0.01( -5.65) 0.01 ( -5.62) 0.01 ( -5.58) 72
En Ru Qwen-VL 3.05(-11.55)  4.81(-16.69) 2.35(-13.04) 0.05( -1.31) 0.07( -1.26) 0.08 ( -1.20) 0.08 ( -1.18) 112
Qwen-VL (FT) 0.15(-19.94)  1.09(-25.19)  0.09 (-20.74) 0.00 ( -5.67) 0.00( -5.78) 0.00 ( -5.77) 0.00 ( -5.72) 203
mPLUG-OwI2 3.69 (-10.71) 533 (-16.64)  2.83(-12.88) 0.11( -1.16) 0.10( -1.07) 0.09 ( -1.05) 0.10 ( -1.00) 107
LLaVA-NeXT 8.65(-9.01) 870 (-17.35) 12.34( -6.21) 0.44( -0.87) 0.44 ( -0.79) 0.44 ( -0.76) 0.44 ( -0.76) 213
LLaVA-NeXT (FT)  0.46 (-17.45)  0.61(-23.04)  0.51 (-18.69) 0.02( -5.65) 0.02( -5.65) 0.02( -5.61) 0.02 ( -5.58) 67
En Ja Qwen-VL 310 -11.50)  3.16 (-18.35)  4.37(-11.02) 0.12( -1.24) 0.12( -121) 0.12( -1.16) 0.12( -1.14) 127
Qwen-VL (FT) 0.21(-19.88)  0.46(-25.82)  0.12(-20.72) 0.00 ( -5.67) 0.00( -5.78) 0.00( -5.77) 0.00 ( -5.72) 152
mPLUG-OwI2 4.00 (-10.40)  4.06 (-17.90)  5.39(-10.32) 0.25( -1.01) 0.25( -0.92) 0.25( -0.89) 0.25 ( -0.85) 104
LLaVA-NeXT  10.81( -6.86) 10.90 (-15.15) 13.00 ( -5.56) 0.60 ( -0.71) 0.60 ( -0.62) 0.60 ( -0.60) 0.60 ( -0.59) 220
LLaVA-NeXT (FT)  0.64 (-17.27)  0.89(-22.76) ~ 0.75 (-18.45) 0.08 ( -5.59) 0.08 ( -5.59) 0.08 ( -5.55) 0.08 ( -5.52) 71
En Zh Qwen-VL 8.60 ( -6.00)  8.65(-12.85) 10.34( -5.05) 0.80( -0.56) 0.79 ( -0.54) 0.79 ( -0.49) 0.79 ( -0.47) 133
Qwen-VL (FT) 0.35(-19.74)  0.64(-25.63)  0.27 (-20.57) 0.01 ( -5.66) 0.01 ( -5.77) 0.01( -5.77) 0.01( -5.71) 155
mPLUG-OwI2 499 ( -942) 5.04(-1692) 6.08( -9.62) 0.52( -0.75) 0.52( -0.65) 0.52( -0.63) 0.52( -0.58) 107

Table 8: Results of LVLMs in Full Task. Bold fonts indicate the best score for that language combination. This
result shows that no matter how much the amount of data is increased, the best performance is achieved by having
instructions given and output in English. The values are noted next to the output of the difference by the same model
in the method with instruction and output in English ({En}-{En}). Red indicates a higher value than that method;
blue indicates a lower value.
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Figure 4: Visualization of Alignment-10 results in a heat map. We made the visualization based on when we had
LVLMs give instructions and output in English.
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Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact partial n=0 n=1 n=2 n=00

LLaVA-NeXT 22.58 30.30 25.19 3.15 2.30 240 244 259

LLaVA-NeXT (FT) 13.80 18.73 14.57 3.68 3.55 3.50 3.42 86

Qwen-VL 19.74 26.57 20.79 2.14 2.18 2.20 1.99 178

En En Qwen-VL (FT) 19.23 2531 19.16 570 4.93 4.88 4.78 237
mPLUG-OwI2 18.76 26.05 20.90 2.74 1.99 1.93 1.83 158

Phi-3 12.12 18.55 12.05 1.68 0.97 1.01 1.00 133

XComposer2 21.40 28.90 22.96 3.25 2.62 2.54 2.39 242
LLaVA-NeXT 576 (-16.82) 821 (-22.09) 7.39(-17.80) 0.38(-2.77) 034 (-1.96) 0.35(-2.05) 0.32(-2.12) 160

LLaVA-NeXT (FT)  4.76 (-9.04)  8.63(-10.10)  5.42(-9.15) 0.50(-3.18) 0.54(-3.01) 0.52(-2.97) 0.51 (-2.91) 83

Qwen-VL 8.52(-11.23) 14.11(-12.45) 8.82(-11.97) 0.57 (-1.57) 0.61 (-1.57)  0.62 (-1.58)  0.61 (-1.38) 118

En Es Qwen-VL (FT) 4.33(-1490)  8.63(-16.68)  5.23(-13.92) 0.18(-5.52) 0.27 (-4.65) 0.28 (-4.60)  0.27 (-4.51) 185
mPLUG-Owl2 730 (-11.46) 1263 (-13.42)  7.19(-13.71)  0.52(-2.23) 050 (-1.48) 0.48 (-1.46)  0.46 (-1.37) 104

Phi-3 728 (-4.84)  12.71(-5.84)  7.14(-4.90) 0.52(-1.16) 0.56(-0.41) 0.59 (-0.41)  0.55 (-0.45) 142

XComposer2 7.16 (-14.23)  12.28 (-16.62)  7.07 (-15.88)  0.43 (-2.82)  0.43 (-2.20)  0.41 (-2.13)  0.40 (-1.99) 105
LLaVA-NeXT 29.15 (+6.56)  33.34 (+3.04) 29.88 (+4.69) 0.35(-2.79) 032(-1.98) 2.05(-0.36) 2.01 (-0.43) 220

LLaVA-NeXT (FT)  10.32(-3.48) 1470 (-4.03)  11.08(-349) 124 (-245) 1.29(-2.26) 127(-223) 1.25(-2.17) 116

Qwen-VL 10.95(-8.79)  15.95(-10.62)  11.99(-8.80)  0.78 (-1.36)  0.82(-1.36)  0.81 (-1.38)  0.74 (-1.25) 58
Es En Qwen-VL (FT) 15.18 (-4.05)  21.00 (-4.31) 1598 (-3.18)  1.84(-3.86) 2.01(-2.91) 2.01 (-2.87) 1.93 (-2.85) 204
mPLUG-OwI2 10.22 (-8.55) 1539 (-10.66) 10.80 (-10.10)  0.97 (-1.78)  0.80 (-1.18)  0.78 (-1.15)  0.74 (-1.09) 56

Phi-3 6.85(-527) 12.14(-6.41)  6.71(-534) 0.52(-1.16) 0.46(-0.51) 0.49 (-0.52)  0.45 (-0.55) 95

XComposer2 8.65 (-12.75) 1328 (-15.62)  9.11 (-13.85)  0.51(-2.75)  0.53(-2.09)  0.50 (-2.04)  0.44 (-1.95) 71

LLaVA-NeXT 1277 (-9.81) 18.26 (-12.04) 10.97 (-14.22) 1.29 (-1.85) 1.22(-1.08) 1.22(-1.18)  1.08 (-1.35) 203

LLaVA-NeXT (FT)  9.47 (-4.34) 1440 (-4.33)  8.14(-6.43) 0.83(-2.86) 0.79 (-2.76) 0.85(-2.64) 0.70 (-2.72) 141

Qwen-VL 1040 (-9.34) 1542 (-11.14)  9.70 (-11.09)  0.99 (-1.15)  0.93 (-1.25)  0.94 (-1.26)  1.07 (-0.92) 149

Es Es Qwen-VL (FT) 3.2 (-16.11)  7.08(-18.23)  3.40(-15.76) 0.13(-5.58) 0.13 (-4.80) 0.13 (-4.75)  0.12 (-4.66) 299
mPLUG-OwI2 8.55(-10.22) 13.55(-12.49)  7.69(-13.22) 0.89(-1.86) 0.73(-1.26)  0.76 (-1.17)  0.75 (-1.08) 132

Phi-3 024 (-2.88)  14.38 (-4.18)  7.84(-4.20) 0.63 (-1.05) 0.53(-0.44) 0.55(-0.46) 0.52 (-0.48) 198

XComposer2 5.83(-15.57) 9.87(-19.03) 536 (-17.60) 0.51(-2.75) 0.45(-2.17) 0.47 (-2.07) 0.45(-1.94) 88

LLaVA-NeXT 6.85(-15.73) 1294 (-17.37)  7.03(-18.16) 0.22(-2.93) 0.16(-2.14) 0.17 (-2.24)  0.17 (-2.27) 181

LLaVA-NeXT (FT)  6.06(-7.74)  9.54(-9.20)  636(-8.22) 0.72(-2.96) 0.83(-2.72) 0.83(-2.67) 0.83 (-2.59) 72

Qwen-VL 8.18 (-11.57) 13.52(-13.05)  8.18(-12.60) 0.63 (-1.51) 0.61 (-1.57)  0.61 (-1.59)  0.60 (-1.39) 108

En Fr Qwen-VL (FT) 5.91(-13.32) 1040 (-1491)  6.40(-12.76) 028 (-5.42) 0.43 (-4.49) 0.43 (-4.45) 0.42 (-4.36) 177
mPLUG-Ow12 6.94(-11.82) 12.38(-13.67)  6.70(-14.20) 0.55(-2.19) 0.44 (-1.54) 042 (-1.51) 0.41 (-1.42) 109

Phi-3 576 (-636)  10.92 (-7.63)  5.66 (-6.39) 0.43(-1.25) 034 (-0.63) 0.34 (-0.66) 0.33 (-0.67) 149

XComposer2 5.84 (-15.56) 10.78 (-18.12)  5.58 (-17.38) 0.42(-2.84) 0.33(-2.30) 0.31(-2.23)  0.30 (-2.09) 79

LLaVA-NeXT 3.57(-19.01)  5.33(-24.97) 3.27(-21.93) 0.00(-3.15)  0.00 (-2.30)  0.00 (-2.40)  0.00 (-2.44) 162

LLaVA-NeXT (FT)  10.60 (-3.20)  15.37(-3.36)  11.16(-:3.41) 1.05(-2.63) 1.00(-2.55) 0.96(-2.54) 0.89 (-2.53) 90

Qwen-VL 13.56 (-6.18)  18.70 (-7.87)  14.93(-5.86) 1.09(-1.05) 1.15(-1.03) 1.18(-1.02) 1.13(-0.86) 141

Fr En Qwen-VL (FT) 1120 (-8.03) 1694 (-8.37)  11.23(-7.93) 0.71 (-4.99) 0.78 (-4.14)  0.78 (-4.11)  0.76 (-4.02) 266
mPLUG-OwI2 1299 (-5.77) 1851 (-7.54)  13.64(-7.27) 1.11(-1.63) 1.17(-0.82) 1.14(-0.79)  1.03 (-0.80) 99

Phi-3 844 (-3.68) 13.66(-490)  8.52(-352) 0.57(-1.11) 0.62(-0.35) 0.60 (-0.41) 0.59 (-0.41) 149

XComposer2 937 (-12.03) 14.18 (-14.72)  9.92(-13.04) 0.70 (-2.55) 0.79 (-1.83)  0.75(-1.79)  0.69 (-1.70) 111

LLaVA-NeXT 13.72 (-8.87) 18.78 (-11.53) 13.36 (-11.83) 0.68 (-2.46) 0.71(-1.59)  0.72(-1.69)  0.71 (-1.73) 217

LLaVA-NeXT (FT)  8.56(-524) 12.83(-590)  847(-6.10) 0.67(-3.01) 0.64(-2.91) 0.65(-2.85) 0.64 (-2.78) 91
Qwen-VL 1190 (-7.84)  17.07(-9.49)  11.45(-9.34) 090 (-1.24)  0.76 (-1.42)  0.75 (-1.44)  0.75 (-1.24) 170

Fr Fr Qwen-VL (FT) 9.21(-10.02) 13.55(-11.76) ~ 8.83(-10.33)  0.50 (-5.20)  0.64 (-4.29)  0.64 (-4.24)  0.63 (-4.15) 300
mPLUG-OwI2 10.58 (-8.18)  15.42(-10.63) 10.48 (-10.43)  0.58 (-2.17)  0.54 (-1.45)  0.53 (-1.40)  0.52 (-1.31) 142

Phi-3 831(-3.81) 1321(-535)  8.06(-3.99) 0.67(-1.01) 0.55(-0.42) 0.52(-0.48) 0.51 (-0.49) 220

XComposer2 6.72 (-14.68) 10.82 (-18.08)  6.50 (-16.46) 0.65(-2.61) 0.50 (-2.12)  0.48 (-2.06)  0.47 (-1.92) 107

LLaVA-NeXT 9.06 (-13.53)  9.11(-21.19) 12.33(-12.86)  0.55(-2.60)  0.55 (-1.75)  0.55(-1.85)  0.55(-1.89) 212

LLaVA-NeXT (FT)  0.31(-13.49)  0.67 (-18.07) 041 (-14.16) 0.01 (-3.67) 0.01 (-3.54) 0.01(-3.49) 0.01 (-3.41) 75

Qwen-VL 353(-1621)  3.61(-22.95) 4.96(-15.83) 0.18(-1.96) 0.18 (-2.00) 0.18 (-2.02) 0.18 (-1.81) 132

En Ja Qwen-VL (FT) 0.18 (-19.05)  0.54(-24.77)  0.19 (-18.96)  0.00 (-5.70)  0.00 (-4.93)  0.00 (-4.88)  0.00 (-4.78) 184
mPLUG-OwI2 4.34 (-14.42)  441(-21.63) 579 (-15.12) 0.26(-2.48) 0.26(-1.73) 026 (-1.67)  0.26 (-1.57) 106

Phi-3 208 (-10.04) 2.12(-1643)  2.74(-931) 0.04(-1.64) 0.04(-0.93) 0.04 (-0.96) 0.04 (-0.96) 189

XComposer2 4.13(-1726)  4.18(-24.72)  545(-17.51) 0.19(-3.07) 0.19(-2.43)  0.19(-2.35)  0.19 (-2.20) 117

LLaVA-NeXT 12.71(-9.87)  20.20 (-10.11) 1392 (-11.27)  0.79 (-2.35)  0.88(-1.42)  0.91 (-1.49)  0.84 (-1.60) 213

LLaVA-NeXT (FT)  6.14(-7.67) 10.85(-7.88)  6.28(-8.30) 0.43(-3.25) 028(-3.27) 024(-3.25) 0.22(-3.20) 82

Qwen-VL 1121 (-8.54)  17.07(-9.49) 11.94 (-8.85) 0.82(-1.32) 0.92(-1.26) 0.97 (-1.23)  0.95 (-1.05) 114

Ja En Qwen-VL (FT) 5.06 (-14.17)  8.68 (-16.63)  5.08 (-14.07)  0.02(-5.68)  0.01 (-4.92)  0.03 (-4.85)  0.03 (-4.75) 211
mPLUG-OwI2 9.20(-9.56) 15.13(-10.92)  9.13(-11.77)  0.65(-2.10)  0.57(-1.42)  0.57 (-1.37)  0.56 (-1.27) 82

Phi-3 5.71 (-6.41) 10.40 (-8.15) 5.75(-6.30) 0.43(-1.25) 0.40(-0.57) 0.48(-0.52) 0.48 (-0.52) 170

XComposer2 10.05 (-11.35)  16.41 (-12.49) 10.88 (-12.08) 0.62 (-2.64) 0.85(-1.77) 0.84 (-1.70)  0.73 (-1.66) 151

LLaVA-NeXT 20.68 (-1.91)  20.68 (-9.63)  24.14 (-1.05)  1.04(-2.11)  1.06 (-1.23)  1.06 (-1.34)  1.06 (-1.37) 247

LLaVA-NeXT (FT)  14.11 (+0.31)  14.11 (-4.62) 1672 (+2.15) 1.07 (-2.61) 1.07 (-2.48) 1.07(-2.43) 1.07 (-2.35) 177

Qwen-VL 17.32(-243)  17.32(-9.25) 20.87 (+0.08) 2.37 (+0.23) 237 (+0.19) 2.37 (+0.17) 2.37 (+0.37) 186

Ja Ja Qwen-VL (FT) 3.32(-1591)  3.32(-21.99) 3.39(-15.77) 0.87 (-4.84) 0.87 (-4.06) 0.87 (-4.01) 0.87 (-3.91) 293
mPLUG-OwI2 11.63 (-7.14) 11.63 (-14.42)  13.86(-7.04) 1.32(-1.42) 1.32(-0.66) 1.32(-0.61) 1.32(-0.51) 146

Phi-3 1632 (+4.19)  16.32(-2.24)  18.38 (+6.33) 229 (+0.61) 229 (+1.32) 2.29 (+1.28) 2.29 (+1.28) 211

XComposer2 1343 (-7.97) 1343 (-1548) 15.62(-7.34) 148(-1.78) 1.48(-1.15) 1.48(-1.06) 1.48 (-0.91) 167

LLaVA-NeXT 4.10 (-18.48)  7.54(-22.76)  5.19(-20.00)  0.11(-3.04)  0.07 (-2.23)  0.06 (-2.34)  0.09 (-2.35) 118

LLaVA-NeXT (FT) 6.14 (-7.66) 9.31(-9.42) 747 (-7.10)  0.79 (-2.89) 0.86 (-2.68)  0.86 (-2.63)  0.86 (-2.56) 72

Qwen-VL 733 (-1242) 12.36 (-14.21) 8.45(-12.34) 033 (-1.81) 0.35(-1.83) 0.38(-1.82) 043 (-1.57) 116

En It Qwen-VL (FT) 559 (-13.64)  8.95(-16.36) 7.13(-12.03) 0.48(-5.22) 0.50 (-4.43) 0.51 (-4.38)  0.50 (-4.28) 176
mPLUG-OwI2 5.53(-13.23) 1027 (-15.77)  6.02(-14.88)  0.18 (-2.56) 0.18 (-1.80) ~ 0.19 (-1.74)  0.32 (-1.51) 103

Phi-3 450 (-7.62)  8.41(-10.15) 4.92(-7.13)  0.13(-1.55)  0.11(-0.86)  0.12(-0.89)  0.14 (-0.86) 171

XComposer2 442(-1698)  851(-2039) 4.85(-18.11) 0.12(-3.13) 0.11(-2.51) 0.11(-2.43)  0.19 (-2.20) 77

LLaVA-NeXT 9.95(-12.64) 17.66 (-12.65) 10.50 (-14.69)  0.66 (-2.49)  0.42 (-1.87)  0.39 (-2.01)  0.38 (-2.05) 219

LLaVA-NeXT (FT) 10.00 (-3.81) 15.32 (-3.41) 10.04 (-4.53) 136 (-2.33) 1.34(-2.21) 1.28(-2.21)  1.26 (-2.16) 92

Qwen-VL 12.49 (-7.25) 1879 (-7.78)  13.38(-7.40) 090 (-1.24) 1.04(-1.14) 1.02(-1.17) 0.9 (-1.00) 93

It En Qwen-VL (FT) 231(-1692)  6.22(-19.09)  3.01(-16.15) 0.16 (-5.54)  0.07 (-4.86)  0.06 (-4.82)  0.05 (-4.73) 149
mPLUG-OwI2 9.42(-9.35) 15.46(-10.58)  9.71 (-11.20)  0.70 (-2.05)  0.57(-1.42)  0.52(-1.42)  0.47 (-1.36) 56

Phi-3 6.05(-6.07)  11.51(-7.04) 6.13(-5.92) 048 (-1.20) 0.51(-0.46) 0.53(-0.47)  0.54 (-0.46) 141

XComposer2 843 (-12.97) 14.12(-14.78)  8.57(-1439) 0.49(-2.76) 0.58 (-2.05) 0.56 (-1.98) 0.52 (-1.87) 88

LLaVA-NeXT 11.91 (-10.67) 17.01(-13.29)  9.89(-15.30)  2.69 (-0.45) 1.84 (-0.46) 1.82(-0.58) 1.81(-0.63) 196

LLaVA-NeXT (FT) 7.64 (-6.16) 11.51 (-7.22) 5.84(-8.73) 1.94(-1.74) 1.15(-2.40) 1.10(-2.39) 1.09 (-2.33) 93

Qwen-VL 927 (-1047) 13.87 (-12.70) 10.28 (-10.51) 171 (-043) 0.92(-1.26) 0.90 (-1.29) 0.88 (-1.11) 116

It It Qwen-VL (FT) 343 (-15.80)  6.54 (-18.77)  3.71(-1544) 0.03(-5.67) 0.06 (-4.87) 0.06 (-4.82)  0.06 (-4.72) 299
mPLUG-OwI2 5.81(-12.95) 944 (-16.60) 593 (-14.97) 0.65(-2.09) 036 (-1.63)  0.41 (-1.52)  0.39 (-1.44) 102

Phi-3 6.30(-5.82)  10.20 (-8.35) 5.60 (-6.44) 046 (-1.22) 0.24(-0.73)  0.22(-0.78)  0.22(-0.78) 226

XComposer2 435(-17.05)  6.87(-22.03) 430 (-18.66) 0.71(-2.55) 0.32(-231) 0.31(-2.23) 0.31(-2.08) 66

Table 9: Results of LVLMs in Alignment-5 Task. Bold fonts indicate the best score for that language combination.
The values are noted next to the output of the difference by the same model in the method with instruction and
output in English ({En}-{En}). Red indicates a higher value than that method; blue indicates a lower value.
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Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact partial n=0 n=1 n=2 n=00

En En Phi-3 9.74 13.75 8.06 0.95 0.86 0.92 0.90 108
XComposer2 16.57 21.56 16.53 1.51 1.47 143 1.36 223
En Es Phi-3 10.35 (+0.61)  14.46 (+0.72) 11.67 (+3.61) 1.20 (+0.25) 1.37 (+0.51) 1.43 (+0.51) 1.38 (+0.48) 141
XComposer2  10.03 (-6.55)  13.75(-7.81)  10.04 (-6.49)  0.79 (-0.73)  0.96 (-0.51)  0.92 (-0.50)  0.89 (-0.47) 116
Es En Phi-3 7.99 (-1.75)  14.53 (+0.78) 7.35(-0.71)  0.90 (-0.05)  0.79 (-0.07)  0.80 (-0.12)  0.75 (-0.16) 91
i XComposer2 9.58 (-6.99)  15.05 (-6.51) 9.03(-7.50) 0.67 (-0.85) 0.55(-0.92) 0.61(-0.82) 0.51 (-0.85) 69
Es Es Phi-3 12.81 (+3.07)  16.25 (+2.50) 13.04 (+4.98) 1.10(+0.16) 1.23(+0.37) 1.24(+0.32) 1.21(+0.31) 190
" XComposer2 9.19 (-7.38)  11.93 (-9.63) 8.68 (-7.85) 1.11(-0.40) 1.24(-0.24) 1.17(-0.26) 1.14 (-0.21) 77
En Fr Phi-3 9.00 (-0.74)  14.17 (+0.42)  9.84 (+1.77) 1.60 (+0.65) 1.12(+0.26) 1.11(+0.19) 1.03 (+0.13) 151
XComposer2 9.32(-7.25) 14.32(-7.24) 9.28 (-7.25)  1.09 (-0.42) 0.89(-0.59) 0.81(-0.62) 0.74 (-0.62) 79
E E Phi-3 1037 (+0.63)  16.77 (+3.03)  9.83 (+1.77) 1.22(+0.27) 1.13(+0.26) 1.10 (+0.17) 1.11 (+0.21) 154
T n XComposer2  10.79 (-5.78)  17.10 (-4.46) 10.12 (-6.41) 0.72(-0.79) 0.64 (-0.83) 0.62(-0.81)  0.63 (-0.73) 121
Fr Fr Phi-3 11.06 (+1.32)  16.04 (+2.30) 10.21 (+2.15) 0.95(+0.00) 0.87 (+0.01)  0.84 (-0.08)  0.86 (-0.04) 220
XComposer2 9.90 (-6.67)  14.07 (-7.49) 8.93 (-7.60)  0.73(-0.79)  0.61 (-0.86) 0.56 (-0.87)  0.50 (-0.85) 116
En De Phi-3 9.55(-0.19) 13.14 (-0.61) 11.88 (+3.82) 0.80 (-0.15) 0.80 (-0.07)  0.80 (-0.13)  0.95 (+0.04) 216
XComposer2 8.02 (-8.55) 11.26 (-10.30) 9.48 (-7.05) 0.78 (-0.73)  0.77 (-0.70)  0.75 (-0.68)  0.78 (-0.57) 107
De En Phi-3 9.68 (-0.06)  16.53 (+2.78) 10.01 (+1.95) 0.67 (-0.27) 0.62(-0.24)  0.70 (-0.22)  0.72 (-0.19) 183
XComposer2  11.05 (-5.52)  17.07 (-4.49) 9.39 (-7.13)  0.95(-0.56)  0.89 (-0.58)  0.90 (-0.52)  0.91 (-0.45) 86
De De Phi-3 13.37 (+3.63)  16.55 (+2.80) 15.57 (+7.51) 1.72(+0.77) 1.50 (+0.64) 1.53 (+0.61) 1.55 (+0.65) 240
XComposer2 9.89 (-6.68)  11.93(-9.63) 11.73(-4.80) 1.17(-0.34) 0.91(-0.56)  0.81 (-0.62)  0.80 (-0.56) 107
En It Phi-3 4.98 (-4.76) 8.61 (-5.14) 5.63(-2.43) 0.08(-0.87) 0.12(-0.74) 0.14(-0.78)  0.12 (-0.78) 150
XComposer2  4.58 (-11.99)  8.40(-13.16) 5.44 (-11.09) 0.35(-1.16)  0.19 (-1.28)  0.19 (-1.23)  0.19 (-1.16) 87
It En Phi-3 7.11 (-2.63)  13.70 (-0.05) 7.04 (-1.03)  0.89 (-0.06) 0.95 (+0.08) 0.95 (+0.03) 0.93 (+0.03) 143
XComposer2 9.82 (-6.75)  16.56 (-5.00) 8.72(-7.81) 0.58(-0.93) 0.64 (-0.83) 0.68 (-0.75)  0.64 (-0.71) 94
It It Phi-3 7.93 (-1.81) 11.61(-2.14)  9.17 (+1.11) 0.14 (-0.81)  0.11(-0.75) 0.11 (-0.81)  0.11 (-0.79) 183
XComposer2  4.29 (-12.29)  6.92 (-14.64) 527 (-11.26) 0.22(-1.29) 0.18 (-1.29)  0.18 (-1.25)  0.18 (-1.18) 65
En NI Phi-3 4.07 (-5.67) 8.41(-5.34) 5.03(-3.03) 0.04(-0.91) 0.04 (-0.82) 0.03 (-0.89) 0.05 (-0.85) 240
XComposer2  5.56 (-11.01) 10.07 (-11.49) 5.84 (-10.69)  0.29 (-1.22)  0.52(-0.95)  0.50 (-0.92)  0.52 (-0.84) 78
NI En Phi-3 4.09 (-5.65) 9.41 (-434)  4.17(-3.89) 0.50(-0.45) 0.35(-0.51) 0.32(-0.61) 0.31 (-0.59) 213
XComposer2 9.74 (-6.83)  17.17 (-4.39) 9.44 (-7.09) 1.21(-0.30) 0.99 (-0.48)  0.98 (-0.45)  0.93 (-0.43) 92
NI NI Phi-3 8.37(-1.37)  13.12(-0.63) 6.26 (-1.81)  0.01 (-0.94) 1.38(+0.52) 1.38 (+0.46) 1.38 (+0.47) 273
XComposer2  10.73 (-5.85)  14.59 (-6.97) 9.95(-6.58)  0.08 (-1.44) 0.92 (-0.55) 0.94 (-0.49) 0.94 (-0.42) 73
En Sv Phi-3 6.55 (-3.19) 9.20 (-4.55) 6.18 (-1.88)  0.05(-0.89) 0.04 (-0.82) 0.04 (-0.88)  0.03 (-0.87) 235
XComposer2 8.03 (-8.55) 10.90 (-10.66) 6.91(-9.62) 0.31(-1.20) 0.32(-1.16) 0.30 (-1.12)  0.29 (-1.07) 76
Sv En Phi-3 4.69 (-5.05)  10.04 (-3.71)  4.58(-3.48) 0.51(-0.44) 0.46(-0.41) 0.51(-0.41) 0.45(-0.45) 176
XComposer2  11.35(-5.23)  13.91 (-7.65) 8.60 (-7.93) 1.23(-0.28) 0.48 (-0.99) 0.56 (-0.87)  0.52 (-0.83) 78
Sv S Phi-3 14.03 (+4.29) 15.53 (+1.78)  9.92 (+1.85) 0.74 (-0.21)  0.27 (-0.60)  0.26 (-0.66) ~ 0.26 (-0.65) 194
M XComposer2  11.58 (-4.99)  13.07 (-8.50) 8.41(-8.12) 126 (-0.26) 0.44 (-1.03)  0.44 (-0.99) 0.43 (-0.93) 63
En Ru Phi-3 0.61(-9.13)  2.17 (-11.58) 0.31(-7.75)  0.00 (-0.95)  0.00 (-0.86)  0.00 (-0.92)  0.00 (-0.90) 194
XComposer2  3.70 (-12.88)  6.50 (-15.06)  3.07 (-13.46)  0.00 (-1.51)  0.00 (-1.47)  0.01 (-1.42) 0.01 (-1.34) 73
Ru En Phi-3 6.62 (-3.12)  12.82(-0.92) 6.57 (-1.50)  0.31 (-0.63)  0.47 (-0.39)  0.47 (-0.45)  0.46 (-0.44) 147
XComposer2  4.69 (-11.89)  8.56 (-13.00)  4.07 (-12.46)  0.19(-1.32) 0.11 (-1.37)  0.14 (-1.28)  0.10 (-1.25) 62
Ru Ru Phi-3 242 (-7.32) 4.45 (-9.30) 1.58 (-6.48)  0.21(-0.74)  0.21 (-0.66)  0.20 (-0.72)  0.20 (-0.70) 269
XComposer2  2.73 (-13.84)  4.85(-16.71) 2.22(-14.31) 0.17(-1.35) 0.16 (-1.31)  0.15(-1.28) 0.14 (-1.21) 45
En Ja Phi-3 2.53(-7.21) 253 (-11.22) 3.26 (-4.80)  0.06 (-0.89)  0.06 (-0.80)  0.06 (-0.86)  0.06 (-0.84) 202
XComposer2  3.27 (-13.31)  3.27 (-18.29) 3.78 (-12.75)  0.21(-1.30)  0.21 (-1.26)  0.21 (-1.22)  0.21 (-1.15) 109
Ja En Phi-3 8.17 (-1.57)  15.38 (+1.64) 7.46 (-0.60)  0.37 (-0.58)  0.40 (-0.46) 0.44 (-0.48) 0.38 (-0.52) 168
XComposer2  10.59 (-5.99)  18.39 (-3.17) 9.71 (-6.82)  0.61 (-0.90)  0.57 (-0.90) 0.54 (-0.89)  0.50 (-0.86) 159
Ja Ja Phi-3 8.73 (-1.01) 8.74 (-5.01) 12.19 (+4.13) 0.88 (-0.06) 0.88 (+0.02) 0.88 (-0.04) 0.88 (-0.02) 214
XComposer2  6.04 (-10.53)  6.04 (-15.52) 7.18(-9.34)  1.22(-0.29) 1.22(-0.25) 1.22(-0.20) 1.22(-0.13) 133
En 7h Phi-3 4.48 (-5.26) 4.52(-9.23) 5.14(-2.92) 0.13(-0.81) 0.14 (-0.73)  0.14 (-0.79)  0.14 (-0.77) 145
XComposer2  13.35(-3.23)  13.38 (-8.18) 16.00 (-0.53)  0.69 (-0.83)  0.68 (-0.80)  0.67 (-0.75)  0.67 (-0.69) 124
Zh En Phi-3 3.74 (-6.00)  3.74 (-10.01) 6.11 (-1.95) 0.14(-0.81) 0.14 (-0.72)  0.14 (-0.78)  0.14 (-0.76) 186
XComposer2 9.27 (-7.30)  9.27 (-12.29) 11.95(-4.58) 0.25(-1.26) 0.24 (-1.23)  0.24 (-1.18)  0.24 (-1.11) 215
Zh Zh Phi-3 2.53(-7.21)  2.53(-11.22) 4.94 (-3.12)  0.00 (-0.95)  0.00 (-0.86)  0.00 (-0.92)  0.00 (-0.90) 55
XComposer2  2.87 (-13.70)  2.87 (-18.69) 4.44 (-12.09) 0.09 (-1.42) 0.09 (-1.38)  0.09 (-1.34)  0.09 (-1.26) 55

Table 10: Results for Phi-3 and XComposer2 in the Alignment-10 task. Bold fonts indicate the best score for that
language combination. The values are noted next to the output of the difference by the same model in the method
with instruction and output in English ({En}-{En}). Red indicates a higher value than that method; blue indicates a
lower value.
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Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact partial n=0 n=1 n=2 n=00
LLaVA-NeXT 26.49 31.54 26.07 1.35 1.65 1.66 1.70 252
LLaVA-NeXT (FT) 16.98 22.70 19.95 3.02 3.33 3.23 3.11 83
En En Qwen-VL 21.11 27.03 21.78 1.60 1.59 1.56 1.52 155
Qwen-VL (FT) 21.12 24.87 21.95 3.57 3.83 3.78 3.68 177
mPLUG-OwI2 12.79 17.08 13.48 2.07 1.68 1.59 1.56 151
LLaVA-NeXT 422(-22.26)  6.22(-25.33)  4.17(-21.90)  0.00 (-1.34)  0.00 (-1.65)  0.00 (-1.66)  0.00 (-1.70) 180
LLaVA-NeXT (FT)  13.64(-3.34)  18.60 (-4.10)  13.54 (-6.41) 1.35(-1.67) 1.44(-1.89) 1.35(-1.88) 1.35(-1.76) 123
Es En Qwen-VL 10.38 (-10.73)  16.82 (-10.21) 10.40 (-11.38)  0.72(-0.88)  0.62 (-0.96)  0.64 (-0.92)  0.55 (-0.97) 60
Qwen-VL (FT) 15.50 (-5.62)  22.52(-2.34)  16.19 (-5.76) 1.31(-2.27) 1.70(-2.13) 1.76 (-2.01)  1.65 (-2.02) 199
mPLUG-OwI2 11.97 (-0.82) 1826 (+1.18)  11.68 (-1.80) 1.72(-0.35) 1.28 (-0.40) 1.17(-0.42) 1.11(-0.45) 54
LLaVA-NeXT 21.11(-5.38)  28.40 (-3.14)  21.22(-4.85) 2.01 (+0.67) 2.04 (+0.38) 2.09 (+0.43) 1.97 (+0.27) 232
LLaVA-NeXT (FT) 1534 (-1.64)  21.24(-1.46) 1524 (-4.71) 121(-1.81) 1.11(-2.22) 1.08(-2.15) 1.00 (-2.11) 101
Fr En Qwen-VL 14.24 (-6.86)  20.10(-6.93)  15.24 (-6.54) 1.43(-0.17) 1.38(-0.21) 1.32(-0.24)  1.27 (-0.25) 144
Qwen-VL (FT) 12.92(-8.19)  21.49(-3.38) 11.85(-10.10) 0.35(-3.22) 0.66 (-3.17)  0.64 (-3.14)  0.62 (-3.05) 275
mPLUG-OwI2 15.56 (+2.77)  22.04 (+4.96) 14.34 (+0.86)  1.69 (-0.38)  1.61 (-0.06) 1.65 (+0.06)  1.47 (-0.09) 106
LLaVA-NeXT 21.88 (-4.60)  30.48 (-1.07)  21.76 (-4.31) 0.89 (-0.46) 1.33(-0.33) 1.53(-0.13) 1.50 (-0.20) 239
LLaVA-NeXT (FT)  14.15(-2.83)  19.99 (-2.71) 1243 (-7.52) 0.68 (-2.33)  0.90 (-2.43)  0.86 (-2.37)  0.85 (-2.26) 128
De En Qwen-VL 17.36 (-3.74) 2521 (-1.82)  16.82(-4.95) 1.11(-0.49) 1.31(-0.28) 1.49(-0.07) 1.51(-0.01) 109
Qwen-VL (FT) 13.60 (-7.51)  21.30(-3.57)  13.17(-8.77) 0.80(-2.77) 1.12(-2.72) 1.14(-2.64) 1.07 (-2.61) 265
mPLUG-OwI2 13.29 (+0.50)  19.74 (+2.66)  12.42(-1.06) 0.78 (-1.28)  0.77 (-0.91)  0.80(-0.79)  0.77 (-0.79) 75
LLaVA-NeXT 798 (-18.51) 11.14(-20.41)  5.40(-20.67) 0.22(-1.12) 0.28 (-1.38)  0.28 (-1.38)  0.28 (-1.42) 137
LLaVA-NeXT (FT)  12.42(-4.56)  18.65(-4.05) 11.97 (-7.98) 1.15(-1.86) 1.11(-2.23) 1.07(-2.16)  1.00 (-2.10) 105
It En Qwen-VL 11.02 (-10.09)  18.70 (-8.32) 10.89 (-10.89) 1.18(-0.42) 1.17 (-0.42) 1.14(-0.41) 1.10(-0.42) 100
Qwen-VL (FT) 0.00 (-21.12) ~ 0.00 (-24.87)  0.00 (-21.95)  0.00 (-3.57)  0.00 (-3.83)  0.00 (-3.78)  0.00 (-3.68) 83
mPLUG-OwI2 10.03 (-2.75)  17.28 (+0.20) 9.77 (-3.71)  1.09 (-0.98)  0.90 (-0.78)  0.84 (-0.74)  0.82 (-0.74) 55
LLaVA-NeXT 15.81 (-10.68)  24.80 (-6.75)  21.13(-4.94) 0.11 (-1.24) 2.04 (+0.38) 2.29 (+0.63) 1.83 (+0.13) 223
LLaVA-NeXT (FT) 9.92(-7.06)  15.45(-7.25)  9.73(-10.22) 091 (-2.11) 0.98 (-2.36)  0.91 (-2.32)  0.88 (-2.23) 153
NI En Qwen-VL 11.65 (-9.46)  18.87 (-8.16)  13.19(-8.59) 1.54(-0.06) 1.47 (-0.12) 1.48 (-0.08)  1.44 (-0.08) 136
Qwen-VL (FT) 10.35(-10.76)  16.35(-8.52) 10.79 (-11.16)  0.70 (-2.87)  1.13 (-2.70) 1.07 (-2.71)  1.04 (-2.64) 331
mPLUG-OwI2 12.19 (-0.59)  20.44 (+3.36) 12,97 (-0.51) 1.81(-0.25) 1.61 (-0.06) 1.56 (-0.03)  1.50 (-0.06) 82
LLaVA-NeXT 18.70 (-7.79)  25.48 (-6.07)  18.98 (-7.09) 1.79 (+0.44) 1.86 (+0.20) 1.86 (+0.20) 1.80 (+0.10) 246
LLaVA-NeXT (FT) 9.30 (-7.68)  14.68 (-8.02)  9.12(-10.83) 0.80(-2.22) 0.76 (-2.57) 0.73 (-2.50)  0.71 (-2.40) 141
Sv En Qwen-VL 11.77 (-9.33)  17.73(-9.30)  13.03(-8.75) 1.57(-0.02) 1.36(-0.23) 1.30(-0.26)  1.25(-0.27) 107
Qwen-VL (FT) 11.00 (-10.11) ~ 17.97 (-6.89)  9.83 (-12.12)  0.69 (-2.88)  0.74(-3.10)  0.73 (-3.05)  0.63 (-3.05) 233
mPLUG-OwI2 12.49 (-0.29)  18.51 (+1.43)  11.40(-2.08) 1.90(-0.17) 1.29(-0.39) 1.29(-0.30) 1.21 (-0.35) 81
LLaVA-NeXT 18.31(-8.18)  26.30 (-5.25)  18.43 (-7.64) 1.68 (+0.34) 1.64 (-0.01) 1.65(-0.01) 1.59 (-0.11) 241
LLaVA-NeXT (FT) 9.61 (-7.37)  13.42(-9.28)  8.54(-11.41) 1.01(-2.01) 0.97(-2.36) 0.94 (-2.29) 0.91 (-2.20) 125
Ru En Qwen-VL 1336 (-7.75)  20.75(-6.28)  13.97 (-7.81) 1.02(-0.57) 1.13(-0.45) 1.25(-0.31) 1.22(-0.30) 128
Qwen-VL (FT) 9.66 (-11.45) 1591 (-8.96)  9.12(-12.83) 0.90 (-2.67) 0.87(-2.96) 0.98 (-2.80)  0.87 (-2.81) 258
mPLUG-OwI2 12.56 (-0.22)  19.45 (+2.37)  12.60 (-0.88)  1.60(-0.47) 1.60 (-0.07)  1.51(-0.07) 1.41 (-0.15) 96
LLaVA-NeXT 1536 (-11.13)  24.41(-7.13) 16.18 (-9.89) 1.12(-0.23) 1.15(-0.51) 1.28(-0.38) 1.11(-0.59) 208
LLaVA-NeXT (FT) 7.69 (-9.28) 12.61(-10.09)  8.29 (-11.66)  0.85(-2.17) 0.54 (-2.80) 0.47 (-2.76)  0.45 (-2.65) 68
Ja En Qwen-VL 10.32 (-10.78)  17.64 (-9.38)  9.75(-12.03)  0.97 (-0.63)  0.75(-0.83)  0.78 (-0.78)  0.76 (-0.76) 108
Qwen-VL (FT) 0.73 (-20.38)  3.14(-21.72)  0.00 (-21.95)  0.00 (-3.57) 0.00 (-3.83)  0.00 (-3.78) ~ 0.00 (-3.68) 153
mPLUG-OwI2 10.02 (-2.76)  17.10 (+0.02) 827 (-5.21) 1.11(-0.96) 0.70 (-0.98) 0.71 (-0.88)  0.67 (-0.89) 76
LLaVA-NeXT 13.44 (-2.42) 2198 (+1.04)  12.83(-3.67) 0.96 (-0.12) 1.43 (+0.19) 1.58 (+0.37) 1.42(+0.17) 168
LLaVA-NeXT (FT) 6.71 (-4.93)  13.24 (-2.23) 6.44 (-7.69) 0.88(-1.54) 0.59(-2.01) 0.57(-1.94) 0.54 (-1.89) 94
Zh En Qwen-VL 8.98 (-3.15)  16.16 (-0.26) 9.65 (-2.54)  0.48 (-0.85) 0.45(-0.72)  0.46 (-0.66)  0.40 (-0.67) 138
Qwen-VL (FT) 8.90 (-4.87)  16.99 (-0.64) 8.79 (-4.64) 0.14(-2.84) 0.10(-3.00) 0.10(-2.96)  0.09 (-2.91) 242
mPLUG-OwI2 5.25(-7.57)  11.81(-5.33) 432(-9.20) 0.15(-1.93) 0.14(-1.54) 0.15(-1.45) 0.15(-1.42) 34

Table 11: Results of LVLMs in Alignment-10 Task, which the method is an instruction in languages other than
English and output in English ({Lang}-{En}). Bold fonts indicate the best score for that language combination. The
values are noted next to the output of the difference by the same model in the method with instruction and output in
English ({En}-{En}). Red indicates a higher value than that method; blue indicates a lower value.
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Figure 5: Visualization of Alignment-10 results in a heat map. We made the visualization based on when we had
LVLMs give instructions and output in English.
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Figure 6: The rest of the results in the Alignment-5 task. From this figure, it can also be seen that the English
instructions are optimal, even if the number of data is expanded. Purple bin indicates the method which is the
instruction and the output in English ({En}-{En}), Green bin indicates the instruction in languages other than
English and the output in English ({Lang}-{En}), Brown bin indicates the instruction and output in languages other
than English ({Lang}-{Lang}) and Blue bin indicates the instruction in English and the output in languages other
than English ({En}-{Lang}).

3798



ROUGE

Input  Output LVLM BLEU BertScore
1 2 L
LLaVA-NeXT 0.01 0.24 0.05 0.15 0.82
LLaVA-NeXT (FT) 0.07 0.28 0.13 0.22 0.85
Qwen-VL 0.01 0.22 0.05 0.14 0.82
En En Qwen-VL (FT) 0.06 0.28 0.12 0.22 0.84
mPLUG-OwI2 0.01 0.24 0.05 0.15 0.82
Phi-3 0.01 0.20 0.04 0.12 0.82
XComposer2 0.01 0.24 0.05 0.14 0.82

LLaVA-NeXT  0.01(-0.00) 0.28 (+0.04) 0.06 (+0.01) 0.16 (+0.01)  0.81 (-0.01)
LLaVA-NeXT (FT)  0.00 (-0.07)  0.05(-0.23)  0.01 (-0.12)  0.04 (-0.18)  0.78 (-0.07)

Qwen-VL 0.00 (0.01)  0.20(-0.03)  0.04(-0.01) 0.12(-0.02)  0.80 (-0.02)

En Es Qwen-VL (FT)  0.00 (-0.06)  0.03(-025) 0.00 (-0.11)  0.03 (-0.19)  0.77 (-0.07)
mPLUG-OWI2  0.00(-0.01) 022(-0.03) 0.04 (-0.01) 0.13(-0.02)  0.80 (-0.02)

Phi-3 0.00 (:0.00) 021 (+0.01)  0.04 (+0.00)  0.13 (+0.00)  0.79 (-0.02)

XComposer2 0.00 (:0.01)  0.18 (-0.06)  0.04(-0.02) 0.11(-0.03)  0.80 (-0.02)

LLaVA-NeXT 0.00 (-0.01)  0.20 (-0.04)  0.04 (-0.02)  0.12 (-0.03)  0.79 (-0.02)
LLaVA-NeXT (FT) 0.00 (-0.07)  0.06 (-0.21)  0.02(-0.11) ~ 0.05 (-0.17)  0.78 (-0.06)

Qwen-VL 0.00 (-0.01)  0.15(-0.08)  0.03(-0.02)  0.09 (-0.05)  0.79 (-0.03)
En Fr Qwen-VL (FT) 0.00 (-0.06)  0.03(-0.25)  0.00(-0.11)  0.03 (-0.19)  0.77 (-0.07)
mPLUG-OwI2 0.00 (-0.01)  0.16 (-0.08)  0.03(-0.02)  0.10(-0.05)  0.79 (-0.03)

Phi-3 0.00 (-0.00)  0.15(-0.04)  0.02(-0.01)  0.09 (-0.03)  0.78 (-0.03)

XComposer2 0.00 (-0.01)  0.03(-021) 0.01(-0.05) 0.03(-0.12)  0.78 (-0.04)

LLaVA-NeXT 0.00 (-0.01)  0.20 (-0.05)  0.03 (-0.02)  0.11 (-0.03)  0.80 (-0.02)
LLaVA-NeXT (FT) 0.00(-0.07)  0.04 (-0.23)  0.01 (-0.12) ~ 0.03 (-0.19)  0.76 (-0.08)

Qwen-VL 0.00 (-0.01) ~ 0.14 (-0.08)  0.02 (-0.03)  0.09 (-0.06)  0.79 (-0.03)

En De Qwen-VL (FT) 0.00 (-0.06)  0.03 (-0.25)  0.00 (-0.11)  0.03 (-0.19)  0.76 (-0.08)
mPLUG-OwI2 0.00 (-0.01) ~ 0.14 (-0.10)  0.02 (-0.03) ~ 0.09 (-0.07)  0.79 (-0.03)

Phi-3 0.00 (-0.00)  0.14 (-0.05)  0.02 (-0.02)  0.09 (-0.03)  0.78 (-0.03)

XComposer2 0.00 (0.01)  0.14(-0.10)  0.02(-0.03)  0.09 (-0.06)  0.79 (-0.03)

LLaVA-NeXT 0.00 (-0.01)  0.19 (-0.05)  0.02 (-0.03)  0.11 (-0.04)  0.80 (-0.01)
LLaVA-NeXT (FT) 0.00(-0.07)  0.04 (-0.23)  0.01 (-0.12)  0.04 (-0.19)  0.77 (-0.08)

Qwen-VL 0.00 (-0.01)  0.14(-0.08)  0.02(-0.03)  0.09 (-0.06)  0.80 (-0.02)

En It Qwen-VL (FT)  0.00 (-0.06)  0.04 (-024) 0.01(-0.11)  0.04 (-0.18)  0.76 (-0.07)
mPLUG-OWI2  0.00(-0.01)  0.14(-0.10)  0.02 (-0.04)  0.09 (-0.07)  0.80 (-0.02)

Phi-3 0.00 (-0.00)  0.10(-0.09)  0.01(-0.03)  0.07 (-0.05)  0.78 (-0.03)

XComposer2 0.00 (-0.01)  0.10(-0.14)  0.01 (-0.04)  0.07 (-0.07)  0.80 (-0.02)

LLaVA-NeXT  0.00 (-0.01) 0.23(-0.01) 0.04 (-0.01)  0.15(-0.00)  0.81 (-0.01)
LLaVA-NeXT (FT)  0.01 (-0.06)  0.12(-0.15)  0.03 (-0.10)  0.09 (-0.13)  0.78 (-0.07)

Qwen-VL 0.00 (-0.01)  0.20(-0.03)  0.04(-0.01) 0.13(-0.01)  0.80 (-0.02)

En NI Qwen-VL (FT)  0.00 (-0.06)  0.06(-0.23)  0.01 (-0.11)  0.05 (-0.17)  0.76 (-0.08)
mPLUG-OWI2  0.00(-0.01) 0.17(-0.07)  0.03 (-0.02)  0.11(-0.04)  0.80 (-0.03)

Phi-3 0.00 (-0.00)  0.10(-0.10)  0.01 (-0.02)  0.08 (-0.05)  0.77 (-0.05)

XComposer2 0.00 (-0.01)  0.15(-0.09)  0.03(-0.03)  0.11(-0.04)  0.80 (-0.02)

LLaVA-NeXT  0.00 (-0.01)  0.21(-0.04)  0.04 (-0.02)  0.12(-0.02)  0.81 (-0.01)
LLaVA-NeXT (FT)  0.00 (-0.07)  0.08 (:0.20) 0.02(-0.11)  0.06 (-0.16)  0.78 (-0.07)

Qwen-VL 0.00 (:0.01)  0.15(-0.07)  0.02(-0.03)  0.09 (-0.05)  0.79 (-0.03)

En Sv Qwen-VL (FT)  0.00 (-0.06)  0.03(-026) 0.01 (-0.11)  0.02(-0.20)  0.76 (-0.08)
mPLUG-OWI2  0.00(-0.01) 0.14(-0.11)  0.02(-0.03)  0.09 (-0.07)  0.80 (-0.03)

Phi-3 0.00 (-0.01)  0.05(-0.14)  0.01 (-0.03)  0.04 (-0.08)  0.76 (-0.05)

XComposer2 0.00 (-0.01) ~ 0.11 (-0.13)  0.02(-0.04)  0.08 (-0.07)  0.79 (-0.03)

LLaVA-NeXT  0.00 (-0.01)  0.03(-0.22)  0.00 (-0.05) 0.02 (-0.12) 0.89 (+0.07)
LLaVA-NeXT (FT)  0.00 (-0.07)  0.01 (:027)  0.00 (-0.13)  0.01 (-021)  0.72 (-0.13)

Qwen-VL 0.00 (-0.01)  0.02(-021)  0.00(-0.05) 0.02(-0.13)  0.85 (+0.03)

En Ru Qwen-VL (FT)  0.00 (-0.06)  0.01(-027) 0.00(-0.12)  0.01 (-0.21)  0.70 (-0.14)
mPLUG-OWI2  0.00(-0.01)  0.01(-0.23) 0.00 (-0.05)  0.01 (-0.14)  0.86 (+0.04)

Phi-3 0.00 (:0.01)  0.01(-0.19)  0.00(-0.04) 0.01(-0.12)  0.71 (-0.10)

XComposer2 0.00 (:0.01)  0.02(-022)  0.00(-0.05) 0.02(-0.13) 0.87 (+0.05)

LLaVA-NeXT 0.01 (-0.00)  0.03 (-0.21)  0.01 (-0.05)  0.03 (-0.11)  0.84 (+0.03)
LLaVA-NeXT (FT) 0.00(-0.07)  0.01(-0.26)  0.00 (-0.13) ~ 0.01 (-0.21)  0.73 (-0.12)

Qwen-VL 0.00 (-0.01)  0.02(-0.20)  0.00(-0.05)  0.02(-0.13)  0.83 (+0.00)

En Ja Qwen-VL (FT)  0.00 (-0.06)  0.01(-027)  0.00 (-0.12)  0.01 (-0.21)  0.72 (-0.12)
mPLUG-OWI2  0.00(-0.01) 0.02(-0.23) 0.00 (-0.05) 0.02(-0.14) 0.83 (+0.01)

Phi-3 0.00 (0.00)  0.02(-0.18)  0.00(-0.03) 0.02(-0.11) 0.82 (+0.01)

XComposer2 0.00 (-0.01)  0.02(-022) 0.00(-0.05) 0.02(-0.12) 0.83 (+0.01)

LLaVA-NeXT 0.00 (-0.01)  0.03 (-0.21)  0.01 (-0.05)  0.03 (-0.12)  0.83 (+0.01)
LLaVA-NeXT (FT) 0.00(-0.07)  0.02 (-0.25)  0.01 (-0.12) ~ 0.02 (-0.20)  0.73 (-0.12)

Qwen-VL 0.00 (-0.01)  0.03(-0.19)  0.01(-0.04)  0.03(-0.11)  0.83 (+0.01)

En Zh Qwen-VL (FT) 0.00 (-0.06)  0.02(-0.26)  0.00(-0.11)  0.02 (-0.20)  0.72 (-0.12)
mPLUG-OwI2 0.00 (-0.01)  0.02(-0.22)  0.01 (-0.05)  0.02 (-0.14)  0.83 (+0.00)

Phi-3 0.00 (-0.00)  0.02(-0.18)  0.01(-0.03)  0.02(-0.11)  0.81 (-0.00)

XComposer2 0.00 (-0.01)  0.03(-021) 0.01(-0.04) 0.03(-0.12) 0.83 (+0.01)

Table 12: Other metrics results of LVLMs in Full Task. Bold fonts indicate the best score for that language
combination. We also measured outputs with existing NLG (Sato et al., 2024) evaluation methods, BLEU (Kishore
et al., 2002), ROUGE (Chin-Yew, 2004), and BertScore (Tianyi et al., 2019).
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Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact  partial n=0 n=1 n=2 n=c0
En En LLaVA—NeXT 2649 31.54 26.07 1.35 1.65 1.66 1.70 252
GPT-40-mini  30.34 37.24 29.75 145 2.01 203 208 298
En Es LLaVA-NeXT 0.00 2.24 0.00 0.00 0.00 0.00 0.00 137
GPT-40-mini  14.32  22.78 15.43 120 150 1.80 1.95 153
En Fr LLaVA—NeXT 1.00 7.42 1.33 0.00 0.00 0.00 0.00 179
GPT-40-mini  18.89  21.56 19.74 0.80 140 160 1.72 192
En De LLaVA-NeXT 14.03  17.90 16.51 1.73 170 1.67 1.82 169
GPT-40-mini  18.65 26.78 19.89 195 201 213 225 181
En It LLaVA-NeXT 8.53 13.33 9.37 0.86 0.87 1.06 1.05 171
GPT-40-mini 1545 18.76 14.12 095 120 145 1.68 176
En NI LLaVA—NeXT 1221 17.83 14.60 036 181 170 1.83 178
GPT-40-mini  15.89 21.34 16.78 1.30 1.60 1.78 1.90 184
En Sy LLaVA—NeXT 15.01 18.65 13.56 1.29 097 1.15 1.09 174
GPT-40-mini 1632 2347 17.65 135 150 1.65 1.80 181
En Ru LLaVA—NeXT 10.32  15.15 8.53 032 036 031 032 203
GPT-40-mini  12.89  17.65 13.45 065 090 1.10 125 210
En Ja LLaVA-NeXT 8.68 8.68 11.47 0.80 0.80 0.80 0.80 211
GPT-40-mini  16.23  18.32 18.56 095 1.10 120 1.32 225
En 7h LLaVA-NeXT 14.00 14.09 16.69 0.66 0.66 0.66 0.66 228
GPT-40-mini 1745 21.09 18.89 123 140 156 1.70 239

Table 13: The result of Alignment-10 by gpt-4o-mini. This table focuses on En-{Lang}.

Input  Output LVLM Entity Cov. Entity F1 Entity Cooccurrence Avg. Length
exact  partial n=0 n=l n=2 n=c0

Es Es LLaVA—NeXT 17.26  21.30 17.05 2,13 232 217 210 186
GPT-40-mini 1845 23.87 18.11 225 241 235 228 195
Fr Fr LLaVA—NeXT 2435 29.27 24.38 095 090 0.88 0.90 211
GPT-40-mini ~ 26.12  31.45 26.55 1.10 098 1.02 1.00 219
De De LLaVA-Ne?(T 17.45  20.66 21.05 2.11 220 222 211 204
GPT-40-mini  19.11  23.45 22.67 233 245 238 230 210
It It LLaVA—NeXT 10.34 1543 11.33 1.16 093 096 0.96 185
GPT-40-mini 1922 17.12 19.45 128 1.05 1.08 1.10 190
NI NI LLaVA—NeXT 17.66  23.56 19.78 0.79 355 3.61 3.88 199
GPT-40-mini  19.87  25.34 21.55 091 378 3.83 392 207
Sy Sy LLaVA-NeXT 27.51 29.61 16.71 2.10 087 0.89 0.90 206
GPT-40-mini  29.02 32.33 18.45 222 099 1.03 1.05 213
Ru Ru LLaVA-NeXT 1438 1743 9.81 026 045 042 041 219
GPT-40-mini  15.67 19.87 11.22 032 056 052 050 225
Ja Ja LLaVA—NeXT 13.38  13.38 17.68 0.73 083 0.83 0.83 249
GPT-40-mini  15.12  15.45 19.23 0.88 095 090 0.88 256
7h 7h LLaVA—NeXT 13.78 13.78 17.00 054 053 053 053 246
GPT-40-mini  15.34 16.45 18.22 0.68 0.61 0.62 0.63 253

Table 14: The result of Alignment-10 by gpt-4o-mini. This table focuses on {Lang}-{Lang}.

I Comparison with OpenAl API

We also conducted Alignment-5 and Alignment-10 task by gpt-40-mini (gpt-40-mini-2024-07-18).
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Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact  partial n=0 n=1 n=2 n=c0

Es En LLaVA—NeXT 4.22 6.22 4.17 0.00 0.00 0.00 0.00 180
GPT_40-mini  25.23  27.85 25.02 1.80 1.80 1.82 2.10 224
Fr En LLaVA-NeXT 21.11  28.40 21.22 201 2.04 209 197 232
GPT_4o0-mini 2243  30.12 23.08 222 225 232 218 238
De En LLaVA-NeXT 21.88  30.48 21.76 0.89 133 153 1.50 239
GPT_4o0-mini  23.01 32.15 23.56 1.12 145 1.60 1.55 244
It En LLaVA—NeXT 7.98 11.14 5.40 022 0.28 028 028 137
GPT_4o-mini 1244 1475 10.23 1.35 140 142 140 142
NI En LLaVA-NeXT 15.81 24.80 21.13 0.11 2.04 229 1.83 223
GPT_40-mini  17.02  26.45 22.75 023 230 255 201 230
Sy En LLaVA-NeXT 18.70  25.48 18.98 1.79 186 1.86 1.80 246
GPT_4o0-mini  23.85 27.89 20.45 195 202 205 195 252
Ru En LLaVA—NeXT 18.31  26.30 18.43 1.68 1.64 165 1.59 241
GPT_40-mini  24.50 28.12 19.22 1.85 180 183 1.75 247
Ja En LLaVA—NeXT 15.36  24.41 16.18 .12 1.15 128 1.11 208
GPT_4o0-mini  18.85 26.12 17.89 1.28 135 140 1.32 215
7h En LLaVA-NeXT 13.44 2198 12.83 096 143 158 142 168
GPT_40-mini  18.98  23.56 15.12 .11 161 175 1.60 172

Table 15: The result of Alignment-10 by gpt-4o-mini. This table focuses on {Lang}-En.

Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact  partial n=0 n=1 n=2 n=c0
En En LLaVA-NeXT 22.58 30.30 25.19 3.15 230 240 244 259
En En GPT-40-mini  29.60 35.40 28.10 340 250 2.60 255 259
En Es LLaVA-NeXT 5.76 8.21 7.39 038 034 035 032 160
En Es GPT-40-mini  14.65 21.00 15.41 1.60 150 1.86 194 184
En Fr LLaVA-NeXT  6.85 12.94 7.03 022 0.16 0.17 0.17 181
En Fr GPT-40-mini  19.71  21.01 20.12 124 118 1.19 1.18 182
En Ja LLaVA-NeXT 9.06 9.11 12.33 055 055 055 055 212
En Ja GPT-40-mini  15.00 17.70 15.65 1.88 1.87 196 1.96 239
En It LLaVA-NeXT 4.10 7.54 5.19 0.11 0.07 0.06 0.09 118
En It GPT-40-mini  17.15 18.85 18.61 1.13  1.08 1.07 2.10 193

Table 16: The result of Alignment-10 by gpt-4o-mini. This table focuses on En-{Lang}.

Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact  partial n=0 n=1 n=2 n=c0

Es Es LLaVA-NeXT 12.77 18.26 10.97 129 122 122 1.08 203

Es Es GPT-40-mini  16.89  21.42 18.11 1.31 126 125 1.12 223

Fr Fr LLaVA-NeXT 13.72 18.78 13.36 068 071 0.72 0.71 217

Fr Fr GPT-40-mini  26.82 31.32 26.09 1.70 273 271 272 283

Ja Ja LLaVA-NeXT 20.68 20.68 24.14 1.04 1.06 1.06 1.06 247

Ja Ja GPT-40-mini ~ 23.73  23.72 27.10 1.02 1.07 1.07 1.08 214

It It LLaVA-NeXT 1191 17.01 9.89 269 184 1.82 1.81 196

It It GPT-40-mini  19.01  20.56 20.78 205 187 204 205 213

Table 17: The result of Alignment-10 by gpt-4o-mini. This table focuses on {Lang}-{Lang}.
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Entity Cov. Entity Cooccurrence

Input  Output LVLM Entity F1 Avg. Length
exact  partial n=0 n=1 n=2 n=c0

Es En LLaVA-NeXT 29.15 33.34 29.88 035 032 205 201 220

Es En GPT-40-mini  32.57 36.92 32.98 039 034 210 204 220

Fr En LLaVA-NeXT  3.57 5.33 3.27 0.00 0.00 0.00 0.00 162

Fr En GPT-40-mini  22.80 29.10 26.60 1.32 151 151 1.61 193

Ja En LLaVA-NeXT 12.71 20.20 13.92 079 0.88 091 0.84 213

Ja En GPT-40-mini  15.84 23.73 16.55 0.80 0.87 090 0.83 248

It En LLaVA-NeXT 9.95 17.66 10.50 0.66 042 039 038 219

It En GPT-40-mini  13.10 17.50 14.02 1.68 1.89 199 1.99 298

Table 18: The result of Alignment-10 by gpt-4o-mini. This table focuses on {Lang}-En.

J Details of Each Language Templates

As indicated in Table 1, we created Templates for ten languages. Ten language templates are shown below.
These templates were modified by nine native speakers of the country’s first language, who were asked
to modify the sentences to have the same nuance and level of detail as in English. We described these
templates from Table 19 to Table 28.

Language  Type Template
Template 1
Section Focus on {title} and explain the {section}.
Subsection In the context of {title}, explain the {subsection} and the {section}.

Sub subsection Focusing on the {section} of {title}, explain the {subsubsection} about the {subsection}.

Template 2
Section Explain the {section} of this artwork, {title}.
Subsection Explain the {subsection} about the {section} of this artwork, {title}.
English Sub subsection Explain the {subsubsection} about the {subsection} of the {section} in this work, {title}.
Template 3
Section How does {title} explain its {section}?
Subsection In {title}, how is the {subsection} of the {section} explained?

Sub subsection Regarding {title}, how does the {section}’s {subsection} incorporate the {subsubsection}.

Template 4
Section In {title}, how is the {section} discussed?
Subsection Describe the characteristics of the {subsection} in {title}’s {section}.

Sub subsection When looking at the {section} of {title}, how do you discuss its {subsection}’s {subsubsection}?

Table 19: Prompt Templates in English

Language  Type Template
Template 1
Section {titleHCERRZEHTT, ED{section}ZFHEAL TR,
Subsection {title}DART, {subsection}& {section}Z&HBAL TN,
Sub subsection  {title}(D{section}CEEM % YT T, {subsection}IDWLTMD{subsubsection}%5HBAL T ZE L,
Template 2
Section {title}D{section}%Z5HBAL T 72 &\,
Subsection {title}D{section}IZfHd B {subsection}ZFRBAL T 72X LY,
Japanese Sub subsection  {title}®M{section}®{subsection}ZBAF % {subsubsection}Z5RBAL T 7Z& L,
Template 3
Section {title}d ED & D IT{section} &AL TVWETH?
Subsection {title} Tld, ED& S I{section}D{subsection} NEREAI N TVETH ?
Sub subsection  {title}CBIL T, {section}D{subsection}iZ{subsubsection}a EDL I ICEW ANTWETH?
Template 4
Section {title}AL T, ED & D IC{section}hERINTVETH?
Subsection {title}D{section}Z B+ B {subsection} DM AEHBAL T XL,

Sub subsection  {title}(D{section}ICDWVW TR/ & &, ZFD{subsection}D{subsubsection}x ED LI ICERLEITH?

Table 20: Prompt Templates in Japanese
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Language  Type Template
Template 1
Section Concéntrate en {title} y explora la {section}.
Subsection En el contexto de {title}, explora la {subsection} y {section}.

Sub subsection

Concentrandote en la {section} de {title}, explora la {subsubsection} sobre la {subsection}.

Template 2
Section
Subsection
Sub subsection

Explora la {section} de esta obra de arte, {title}.
Explora la {subsection} sobre la {section} de esta obra de arte, {title}.
Explora la {subsubsection} sobre {subsection} de la {section} en esta obra de arte, {title}.

Spanish
Template 3
Section (Cémo aclara {title} su {section}?
Subsection En {title}, (Coémo se aclara la {subsection} de la {section}?
Sub subsection Con respecto a {title}, éCémo la {subsection} de la {section} incorpora a la {subsubsection}?
Template 4
Section En {title}, iCémo se discute la {section}?
Subsection Describe las caracteristicas de la {subsection} en la {section} de {title}.
Sub subsection Al observar la {section} de {title}, éCémo discutes la {subsubsection} de su {subsection}?
Table 21: Prompt Templates in Spanish
Language  Type Template
Template 1
Section Concentrati su {title} ed esplora la {section}.
Subsection Nel contesto di {title}, esplora la {subsection} e la {section}.
Sub subsection Concentrandosi sulla {section} di {title}, esplora la {subsubsection} sulla {subsection}.
Template 2
Section Esplora la {section} di questa opera d’arte, {title}.
Subsection Esplora la {subsection} sulla {section} di questa opera d’arte, {title}.
Italian Sub subsection Esplora la {subsubsection} sulla {subsection} della {section} in questa opera, {title}.
Template 3
Section Come chiarisce {title} la sua {section}?
Subsection In {title}, come viene chiarita la {subsection} della {section}?
Sub subsection Per quanto riguarda {title}, come la {section} incorpora la {subsection} con la {subsubsection}?
Template 4
Section Come viene discussa la {section} in {title}?
Subsection Descrivi le caratteristiche della {subsection} nella {section} di {title}.
Sub subsection Osservando la {section} di {title}, come discuti la {subsection} della {subsubsection}?
Table 22: Prompt Templates in Italian
Language  Type Template
Template 1
Section Concentrez-vous sur {title} et expliquez la {section}.
Subsection Dans le contexte de {title}, expliquez la {subsection} et la {section}.
Sub subsection En vous concentrant sur la {section} de {title}, expliquez la {subsubsection} concernant la
{subsection}.
Template 2
Section Expliquer la {section} de cette euvre d’art, {title}.
French Subsection Expliquer la {subsection} concernant la {section} de cette ®uvre d’art, {title}.

Sub subsection

Expliquer la {subsubsection} concernant la {subsection} de la {section} dans cette euvre, {title}.

Template 3
Section
Subsection
Sub subsection

Comment {title} explique-t-il sa {section}?
Dans {title}, comment la {subsection} de la {section} est-elle expliquée?
Concernant {title}, comment la {subsection} de la {section} integre-t-elle la {subsubsection}?

Template 4
Section
Subsection
Sub subsection

Dans {title}, comment est discutée la {section}?
Décrivez les caractéristiques de la {subsection} dans la {section} de {title}.
En examinant la {section} de {title}, comment discutez-vous la {subsubsection} de la {subsection}?

Table 23: Prompt Templates in French
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Language Type Template
Template 1
Section LETF(title} R {section}-
Subsection E{title}IHEHET, & {subsection}fl{section}-
Sub subsection  F{ETF{title}HI{section}, IKEFTF{subsection}fI{subsubsection}-
Template 2
Section BWRZARIEM{title}){section}
Subsection WRZARIES{title}F KT {section}A{subsection}.
Chinese (Simplified) Sub subsection BREM{title} {section}f{subsection}]{subsubsection}-
Template 3
Section {title}E ANl B H (section}HY?
Subsection fE(title}H, {section}f{subsection} & UN{AT#k I BA )2
Sub subsection ~ FTF{title}, {section}fi{subsection} EANfA4E A {subsubsection}f]?
Template 4
Section fE{title}H, {section}ZUNfIHIFIEHI?
Subsection iR {title}{section}H {subsection}HI4F & -
Sub subsection ~ fEFEFE{title}HI{section}f}, FRUMAIHILHEH (subsection}fi{subsubsection}?
Table 24: Prompt Templates in Chinese (Simplified)
Language Type Template
Template 1
Section Focus op {title} en leg de {section} uit.
Subsection In de context van {title}, leg de {subsection} en de {section} uit.

Sub subsection

Gefocust op de {section} van {title}, leg de {subsubsection} over de {subsection} uit.

Template 2
Section Leg de {section} van dit kunstwerk uit, {title}.
Subsection Leg de {subsection} over de {section} van dit kunstwerk uit, {title}.
Dutch Sub subsection Leg de {subsubsection} over de {subsection} van de {section} in dit werk uit, {title}.
Template 3
Section Hoe verduidelijkt {title} zijn {section}?
Subsection Hoe wordt in {title} de {subsection} van de {section} verduidelijkt?
Sub subsection Met betrekking tot {title}, hoe incorporeert de {section}’s {subsection} de {subsubsection}?
Template 4
Section Hoe wordt de {section} besproken in {title}?
Subsection Beschrijf de kenmerken van de {subsection} in de {section} van {title}.
Sub subsection Wanneer je kijkt naar de {section} van {title}, hoe bespreek je de {subsection}’s {subsubsection}?
Table 25: Prompt Templates in Dutch
Language  Type Template
Template 1
Section Fokusera pa {title} och forklara {section}.
Subsection I samband med {title}, forklara {subsection} och {section}.
Sub subsection Med fokus pa {section} i {title}, foérklara {subsubsection} om {subsection}.
Template 2
Section Férklara {section} i detta konstverk, {title}.
Subsection Forklara {subsection} om {section} i detta konstverk, {title}.
Swedish Sub subsection Forklara {subsubsection} om {subsection} av {section} i detta verk, {title}.

Template 3
Section
Subsection
Sub subsection

Hur férklarar {title} sitt {section}?
Hur férklaras {subsection} av {section} i {title}?
Nar det gadller {title}, hur innehaller {section}’s {subsection} {subsubsection}?

Template 4
Section
Subsection
Sub subsection

I {title}, hur diskuteras {section}?
Beskriv egenskaperna hos {subsection} i {title}’s {section}.
Nar du tittar pa {section} i {title}, hur diskuterar du dess {subsection}’s {subsubsection}?

Table 26: Prompt Templates in Swedish
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Language  Type Template
Section Fokussiere dich auf {title} und erkunde erklare die {section}.
Subsection Im Kontext von {title}, erkunde erklédre die {subsection} und die {section}.

Sub subsection

Mit Fokus auf die {section} von {title}, erkunde erklare die {subsubsection} Uber die {subsection}.

Template 2
Section Erkunde Erklédre die {section} dieses Kunstwerks, {title}.
Subsection Erkunde Erklére die {subsection} Uber die {section} dieses Kunstwerks, {title}.
German Sub subsection Erkunde Erkldre die {subsubsection} iber die {subsection} der {section} in diesem Werk, {title}.
Template 3
Section Wie erlautert {title} seine {section}?
Subsection In {title}, wie wird die {subsection} der {section} erlautert?
Sub subsection Beziiglich {title}, wie integriert die {subsection} der {section} die {subsubsection}?
Template 4
Section Wie wird die {section} in {title} diskutiert?
Subsection Beschreibe die Merkmale der {subsection} in der {title}’s {section}.
Sub subsection Wenn du die {section} von {title} betrachtest, wie diskutierst du die {subsection}’s {subsubsection}
von der {subsection}?
Table 27: Prompt Templates in German
Language  Type Template
Section Cocpenoroubsrech Ha {title} u o6bsicuuTe {section}.
Subsection B konrtekcre {title} o6bsicauTe {subsection} u {section}.
Sub subsection Cocpenorounsmuch Ha {section} B {title}, o6bsicauTe {subsubsection} o {subsection}.
Template 2
Section O6bsicaure {section} 3TOro mpousBeIeHUsI UCKYCCTBa, {title}.
Subsection O6bsicuure {subsection} o {section} sToro npousseseHusi UCKyccTBa, {title}.
Russian Sub subsection O6wbsicauTe {subsubsection} o {subsection} B {section} sToro npoussezenus, {title}.

Template 3
Section
Subsection
Sub subsection

Kak {title} o6bsicusier cBoii/cBoro {section}?
Kak ob6bsicusiercsa B {title} {subsection} B {section}?
Yro kacaercs {title}, kak {section} B {subsection} Bksirouaer {subsubsection}?

Template 4
Section
Subsection
Sub subsection

Kak obcyrxkpaercs {section} B {title}?
Omnummrre gepTsl {subsection} B {section} B {title}.
Korzga Bel paccmarpuBaere {section} B {title}, kak BbI o6cy»kaere {subsubsection} B {subsection}?

Table 28: Prompt Templates in Russian
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K Dataset Example

The below block is an example of datasets we created. The full dataset is available at
https://huggingface.co/datasets/naist-nlp/MultiExpArt

Dataset Example

{

"text_id": 1,

"title": "Mona Lisa”,

"en_title"”: "Mona Lisa",

"lang": "en",

"source_lang": "en",

"target_lang": "en",

"image_url"”: "IMAGE_URL_FOR_MONA_LISA",
"en_image_url"”: "IMAGE_URL_FOR_MONA_LISA",

"template”: "en_templatel_section”,

"prompt”: "Focus on Mona Lisa and explain the Abstract.”,

"gold": "The Mona Lisa is a half-length portrait painting by Italian artist
Leonardo da Vinci. Considered an archetypal masterpiece of the Italian

Renaissance, it has been described as the best known, the most visited, the
most written about, the most sung about, [and] the most parodied work of art
in the world: The painting’s novel qualities include the subject’s enigmatic
expression, monumentality of the composition, the subtle modelling of forms,
and the atmospheric illusionism. The painting has been traditionally considered
to depict the Italian noblewoman Lisa del Giocondo. It is painted in oil on a
white poplar panel. Leonardo never gave the painting to the Giocondo family.",

"gold_entity”: ["Francis I of France”, "Italian Renaissance”, "Italy"”, "Francis
I of France"”, "Leonardo da Vinci”, "Lisa del Giocondo”, "Louvre"”, "Louvre"”, "Nat
King Cole"]

}

3806


https://huggingface.co/datasets/naist-nlp/MultiExpArt

L. Examples of LVLM outputs
Tables 29 and 30 present output examples from LLaVA-NeXT.

Question Input Output LVLM output

En En The image you’ve provided appears to be of the Venus de Milo, a
famous marble sculpture of the Greek goddess Aphrodite (Venus
in Roman mythology). The sculpture is known for its missing
arms, which has led to various interpretations and speculations
about its original form and the story it was meant to tell. The Venus
de Milo is characterized by its draped clothing, which is typical of
classical Greek sculpture, and the flowing drapery that suggests
movement. The figure is depicted in a standing pose, which is
common for depictions of the goddess, and the facial expression is
serene and contemplative.The sculpture is missing its arms, which
has led to much speculation about the original intent of the artist.
Some believe that the missing arms were removed to prevent the
statue from being used for religious purposes, while others think
that the arms were removed for artistic reasons, to emphasize the
beauty of the torso and the elegance of the pose.The Venus de
Milo is one of the most celebrated sculptures in the world and is
housed in the Louvre Museum in Paris, France. It is a symbol of
beauty and has been the subject of numerous reproductions and
adaptations throughout history.

En Ja Venus de Milold, ¥V ¥ ¥ O ERELCTHZ R MEBHD
—DT, AP TEINIHLHAUD—DTT, Venus de
Milold, ¥V Y YDETHSITDAGETHAINEL
M. ZDH MeRERcaENTVET, 20154FE4H25H
MHIH6H X T, ZZEHATEMAT T Venus de Milo& %
D] WO REXVREMINET, TOREXTI
Venus de Milo®D ## % f# < 72 & DI DBV FZH M A5G X
. Venusde MiloDEL X LI Z2HOFKR TSI 2T
&F7F, VenusdeMilold, ¥V YDETHSIVAET
FREINFEL

En  Ja(DeepL) Venus de Milo is one of the most famous female figures in ancient
Greek sculpture, and one of the most beloved masterpieces of
sculpture in the world. Venus de Milo was discovered on the Greek
island of Milos, but has since been shrouded in mystery.From
April 25 to September 6, 2015, the Mitsubishi Jisho Art Museum
will host the exhibition “Venus de Milo and its Mysteries”. The
exhibition will utilize the latest scientific techniques to solve the
mystery of Venus de Milo, allowing visitors to rediscover the
beauty and charm of Venus de Milo, which was discovered on the
Greek island of Milos.

Focus on Venus de Milo and explain the Description.

Table 29: Comparison of output examples from LLaVA-NeXT. (DeepL) represents translations from other languages
into English.
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Question Input Output LVLM output

Ja Ja ZORINE. u—<DY Yy - ¥ hu KREEOREIZ T
D, IWDY 4 —FRAF B—<DOY Y - ¥ hoKEE
DHTEEIZ D,

Ja Ja (DeepL) This sculpture stands in the vestibule of St. Peter’s Basilica in
Rome. The Venus de Milo stands in the vestibule of St. Peter’s
Basilica in Rome.

Ja En The statue is a nude, with a contrapposto pose. The statue is 1.5
meters tall, and is 0.8 meters wide. The statue is on a marble base
that is 0.8 meters tall, and 0.9 meters wide. The statue is on display
in the Louvre Museum.

- Gold The Venus de Milo is an over tall. Brill’s New Pauly says . The
Louvre’s online catalogue states . Christofilis Maggidis says .
Alain Pasquier says excluding the plinth, or including it. Parian
marble statue of a Greek goddess, most likely Aphrodite, depicted
with a bare torso and drapery over the lower half of her body.
The figure stands with her weight on her right leg, and the left
leg raised; her head is turned to the left. The statue is missing
both arms, the left foot, and the earlobes. There is a filled hole
below her right breast that originally contained a metal tenon that
would have supported the right arm. The Venus’ flesh is polished
smooth, but chisel marks are still visible on other surfaces. The
drapery is more elaborately carved on the right-hand side of the
statue than the left, perhaps because on the left-hand side it was
originally obscured from view. Likewise the Venus is less finely-
finished from behind, suggesting that it was originally intended
to be viewed only from the front. While the body of the Venus is
depicted in a realistic style, the head is more idealised. The lips are
slightly open, the eyes and mouth are small. The sculpture has been
minimally restored: only the tip of the nose, lower lip, big toe on
the right foot, and some of the drapery.Stylistically, the sculpture
combines elements of classical and Hellenistic art. Features such
as the small, regular eyes and mouth, and the strong brow and
nose, are classical in style, while the shape of the torso and the
deeply carved drapery are Hellenistic.Kenneth Clark describes the
figure as "the last great work of antique Greece", and "of all the
works of antiquity one of the most complex and the most artful.
...[the sculptor] has consciously attempted to give the effect of a
Sth-century work", while also using "the inventions of his own
time"; "the planes of her body are so large and calm that at first
we do not realise the number of angles through which they pass.
In architectural terms, she is a baroque composition with classic
effect”.

Focus on Venus de Milo and explain the Description.

Table 30: Comparison of output examples from LLaVA-NeXT. (DeepL) represents translations from other languages
into English.
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M Pre-trained data list

This study specifies the pretraining data used for the open models employed. As of September 2024, Phi-3
and LLaVA-NeXT have not been released.

Model
Data Type Data Name mPLUG-OwI2 Qwen-VL XComposer2
(Qinghao et al., 2024)  (Jinze et al., 2023b)  (Xiaoyi et al., 2024)
ShareGPT (Lin et al., 2025) v v v
Text SlimOrca (Lian et al., 2023) v
In-house Data v v v
LLAVA (Haotian et al., 2023b) v
COCO (Xinlei et al., 2015) v v v
TextCaps (Oleksii et al., 2020) v v
Dialogue Caption SBU (Vicente et al., 2011) v
DataComp (Schmidt, 2023) v
CCI12M & 3M (Soravit et al., 2021) v v
LAION-en & zh (Schuhmann et al., 2022) v v
VQA2 (Goyal et al., 2017) v v
GQA (Hudson and Manning, 2019) v v
OKVQA (Marino et al., 2019) v v
VQA OCRVQA (Mishra et al., 2019) v
A-OKVQA (Schwenk et al., 2022) v
DVQA (Kafle et al., 2018) v
TextVQA (Antol et al., 2015) v
AI2D v
Ref Grounding v
GRIT (Peng et al., 2023) v
Grounding VisualGenome (Krishna et al., 2016) v v
RefCOCO (Zarrie3 and Schlangen, 2018) v
RefCOCO+ (Zarrie$ and Schlangen, 2018) v
RefCOCOg v
OCR SynthDoG-en & zh (Kim et al., 2022) v
Common Crawl pdf & HTML v
.. Web CapFilt (Li et al., 2022) v v
Image Captioning NoCaps v v
. . . Flickr30K (Hambardzumyan et al., 2022) v v
Visual Spatial Reasoning TconQA (Lu et al., 2021)
MSVD-QA v
Video Question Answering MSRVT-QA v
iVQA (Liu et al., 2018) v
Image Classification VizWiz (Gurari et al., 2018) v
Knowledge-Grounded Image QA ScienceQA (Lu et al., 2022) v

Table 31: Pretraining dataset list.
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