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Abstract

Recent Large Vision-Language Models (LVLMs) have shown
promising reasoning capabilities on text-rich images from
charts, tables, and documents. However, the abundant text
within such images may increase the model’s sensitivity to
language. This raises the need to evaluate LVLM perfor-
mance on cross-lingual text-rich visual inputs, where the
language in the image differs from the language of the in-
structions. To address this, we introduce XT-VQA (Cross-
Lingual Text-Rich Visual Question Answering), a bench-
mark designed to assess how LVLMs handle language in-
consistency between image text and questions. XT-VQA in-
tegrates five existing text-rich VQA datasets and a newly col-
lected dataset, XPaperQA, covering diverse scenarios that re-
quire faithful recognition and comprehension of visual in-
formation despite language inconsistency. Our evaluation of
prominent LVLMs on XT-VQA reveals a significant drop
in performance for cross-lingual scenarios, even for models
with multilingual capabilities. A mutual information anal-
ysis suggests that this performance gap stems from cross-
lingual questions failing to adequately activate relevant visual
information. To mitigate this issue, we propose MVCL-MI
(Maximization of Vision-Language Cross-Lingual Mutual
Information), where a visual-text cross-lingual alignment is
built by maximizing mutual information between the model’s
outputs and visual information. This is achieved by distill-
ing knowledge from monolingual to cross-lingual settings
through KL divergence minimization, where monolingual
output logits serve as a teacher. Experimental results on the
XT-VQA demonstrate that MVCL-MI effectively reduces the
visual-text cross-lingual performance disparity while preserv-
ing the inherent capabilities of LVLMs, shedding new light on
the potential practice for improving LVLMs.

Introduction

Large Vision-Language Models (LVLMs) have achieved
significant advancements in domains such as mathematical
reasoning (Lu et al. 2023), multimodal search (Yang et al.
2024) and embodied intelligence (Mu et al. 2024). Notably,
their robust multimodal capabilities demonstrate superiority
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Figure 1: An example of the LVLM answering unfaith-
fully when questions were posed in languages different from
those in the image. The LVLM made unfaithful recognition
and comprehension of Chinese and French while answering
correctly with English questions. Reveals the challenge of
cross-lingual visual comprehension.

in handling text-rich scenarios, leading to various applica-
tions, including document processing (Luo et al. 2024), free-
form web auto-manipulation (Niu et al. 2024), and scene
text understanding (Yu et al. 2024; Ye et al. 2023). These
works meticulously explore the ability of LVLMs to recog-
nize, process, and analyze multimodal information based on
instructions, yielding notable progress.

However, current research on text-rich visual comprehen-
sion primarily focuses on monolingual settings, largely ne-
glecting the performance of LVLMs in cross-lingual scenar-
ios where the instruction language differs from the textual
language in the visual content, (see Fig 1.) This gap limits
many real-world applications. For example, in a foreign air-
port with signs in unfamiliar language, the ability to query
an LVLM in your native language for assistance would be
invaluable. As globalization accelerates, cross-lingual sce-
narios will become increasingly common across domains
such as healthcare (Wan et al. 2024), law (Guha et al. 2024),
and science (Lu et al. 2022). Investigating the cross-lingual
instruction-following capabilities of LVLMs (Hinck et al.



2024) is therefore essential. To address this, our work sys-
tematically explores the task of cross-lingual text-rich visual
comprehension by tackling three key scientific questions.

First, we address the question: “Does the cross-lingual
scenario impact the text-rich visual comprehension capabil-
ities of LVLMs?” To answer this, we construct the XT-VQA
(Cross-Lingual Text-Rich Visual Question Answering)
benchmark to overcome the challenge of data scarcity. XT-
VQA integrates multiple existing VQA datasets (Mathew,
Karatzas, and Jawahar 2021; Masry et al. 2022; Singh et al.
2019; Mishra et al. 2019) and introduces the newly cu-
rated XPaperQA dataset, which focuses on bilingual aca-
demic papers. Designed to study cross-lingual text-rich vi-
sual comprehension, XT-VQA covers diverse visual in-
formation types, including charts, scene text, and docu-
ments. XPaperQA, a key component of XT-VQA, contains
4,436 question-answer pairs generated using the advanced
Gemini-Pro model, with rigorous filtering and quality re-
view processes ensuring high data quality. Notably, XPa-
perQA addresses the scarcity of non-English images in ex-
isting datasets. Experimental results on XT-VQA reveal that
while LVLMs demonstrate multilingual capabilities, they
face significant difficulties in cross-lingual text-rich visual
comprehension, with performance dropping by 32.6%.

Next, we address the second question: “What causes
the performance decline of LVLMs in cross-lingual text-
rich visual comprehension scenarios?” Inspired by prior
work leveraging information theory to analyze performance
gaps (Farquhar et al. 2024), we examine the performance
drop on XT-VQA from an information-theory perspective.
Since answers in XT-VQA are typically embedded in textual
form within images, effective comprehension of visual in-
formation is crucial for LVLMs to perform well. To quantify
the role of visual information across languages, we analyze
the mutual information between the model output and the in-
put image. Our analysis reveals a strong correlation between
accuracy and mutual information, suggesting that increasing
mutual information between the visual and language com-
ponents could mitigate the cross-lingual performance gap.

Finally, we address the third question: “How can we
mitigate this gap while retaining monolingual capability?”
To this end, we propose MVCL-MI (Maximize Vision-
Language Cross-Lingual Mutual Information), a method
designed to enhance the activation of visual information
in LVLMs. MVCL-MI improves cross-lingual performance
on XT-VQA while preserving monolingual capabilities by
leveraging cross-lingual distillation to maximize mutual in-
formation between visual and language modalities across
different languages. We evaluate MVCL-MI on the XT-
VQA benchmark, comparing it with existing LVLMs. Ex-
perimental results show that MVCL-MI effectively reduces
the performance gap in cross-lingual settings while main-
taining strong monolingual performance. Ablation stud-
ies further confirm that the improvements in accuracy and
fidelity stem from enhanced mutual information across
modalities and languages.

9681

Related Works

Text-Rich Multimodal Understanding Text-rich multi-
modal understanding requires VLMSs’ abilities to recognize,
understand, and reason over the text content contained in
images (Mathew, Karatzas, and Jawahar 2021; Masry et al.
2022; Mishra et al. 2019; Singh et al. 2019). Many works
try to improve text-rich visual comprehension. CLIPPO
(Tschannen, Mustafa, and Houlsby 2023) further improves
the CLIP (Radford et al. 2021) by training with image and
rendered text pair alignment. Pix2Struct (Lee et al. 2023)
trains a powerful end2end model to convert text-rich screen-
shots into structural HTML code. As the development of in-
struction fine-tuning in LLM (Brown et al. 2020; Touvron
et al. 2023), LVLM uses the projector to align visual tokens
to text tokens and then does visual instruction tuning based
on the LLM backbone (Liu et al. 2023; Bai et al. 2023; Dai
et al. 2023). Works (Li et al. 2024; Yu et al. 2024) further en-
riches the instruction tuning dataset with OCR data results in
OCR-related task performance rise remarkably.
Cross-lingual in Multimodal Cross-lingual research is a
key area in natural language processing, covering tasks
such as cross-lingual information retrieval, question an-
swering, and summarization (Thakur et al. 2024; Wang
et al. 2023; Chen et al. 2023; Huang et al. 2024). While
prior studies have assessed the multilingual capabilities of
LVLMs (Schneider and Sitaram 2024; Wang et al. 2024),
including training models in specific languages such as Ara-
bic (Andersland 2024) and English-Korean-Chinese trilin-
gual models (Shin et al. 2024), their ability to handle
cross-lingual tasks in visual contexts remains underex-
plored. While MTVQA (Tang et al. 2024) investigates same-
language visual-text alignment in multilingual settings, our
work uniquely focuses on cross-lingual inconsistencies in
visual comprehension, specifically targeting real-world ap-
plications such as interpreting foreign signs.

Information theory in Multimodal Information theory
interrelates with deep learning tightly. (Tishby and Za-
slavsky 2015) employs information bottleneck as the the-
oretical framework for analyzing deep learning. Decoding
approaches that leverage mutual information scores have
demonstrated their usefulness across various scenarios (Li
and Jurafsky 2016). For instance, they have proven bene-
ficial in zero-shot settings (?) or when aiming to promote
diversity and relevance in neural dialogue models (??) Mu-
tual information has been used in alleviating hallucinations
in language models (Xiao and Wang 2021). (Nandwani et al.
2023)Use conditional pointwise mutual information as score
to quantify the faithfulness of models’ response.

XT-VQA Benchmark
Problem Formulation

Formally, a cross-lingual text-rich question-answer pair can
be represented as a text-rich image I containing text in a
source language L°7¢, a question (Q in target language L9,
where L% £ L. The goal is to accurately predict the
answer A to the question @), by effectively leveraging the
visual and textual information present in image I, despite
the language mismatch between L*"¢ and L'9¢.
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Figure 2: The XPaperQA dataset construction pipeline consists of three parts: (1) Converting PDF papers into metadata using
PaddleOCR and generating three QA types via Gemini. (2) Filtering QA pairs with similarity scores > 0.1 or confidence scores
< 7 to retain distinct pairs. (3) Re-answering the distinct QA pairs through Gemini and discarding inconsistent responses.

Dataset Construction

Our dataset construction has two parts. First, to evaluate the
performance gap of LVLMs across scenarios—charts, doc-
uments, and scene text, we expand four established bench-
marks into three languages. Second, since existing datasets
primarily contain images with English text, it is unclear
whether the gap arises from cross-language interference or
the abundance of English multimodal training data. To ad-
dress this, we developed XPaperVQA, a dataset with text-
rich images in Chinese and English. Below, we detail the
construction process.

Multilingual Text-rich VQA extension We use Google
Translate' to extend existing text-rich Visual Question An-
swering datasets into multiple languages: English, Chinese,
and French. To improve robustness and reduce translation
biases, we apply back-translation and calculate BERT sen-
tence similarity between the original and back-translated
questions. Questions with similarities below a predefined
threshold are manually corrected.

- ¥

(i,j)EWordPairs

max(cosSim(BERT ¢y (tokX;),

BERT,(tokY;)))
ey
Here, cosSim denotes the cosine similarity between the

BERT embeddings of token 7 from the original sentence
(tokX;) and token j from the translated sentence (t0kY}).

"https://translate.google.com/?sl=en&tl=zh-CN&op=translate
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For English papers, we reconstruct the QASPER
dataset (Dasigi et al. 2021), which contains 5,049 questions
across 1,585 Natural Language Processing papers, catego-
rized into three types: extractive, abstractive, and yes-no. To
adapt this text-only dataset for cross-lingual text-rich QA,
we use PyMuPDF? to automatically extract structural meta-
data from the PDF files. For each question, we locate the
page containing evidence to answer it. If such a page exists,
we save it as a document image along with the QA pair; oth-
erwise, we discard the pair. This filtering process results in
1,536 VQA pairs. For Chinese papers, we develop an auto-
matic QA generation pipeline using papers collected from
an authoritative Chinese computer science journal®.

As shown in Figure 2, we split each paper’s PDF into
pages and use PaddleOCR* to extract text. The extracted
text, combined with a QA generation prompt, is input into
Gemini. Following (Dasigi et al. 2021), we design three
academic QA types: yes-no, extractive, and abstractive. To
ensure faithfulness and diversity, we apply strict filters. For
accuracy, the model self-rates answers on a confidence scale
of 1—10, discarding pairs with scores below 7. For diversity,
we remove pairs with Jaccard similarity exceeding 0.1:

_JANB
~ |[AUB @

Finally, to further improve the robustness, we ask Gem-
ini to re-answer the generated question, we provide Gemini

J(A, B)

Zhttps://pymupdf.readthedocs.io/en/latest/
3http://jcip.cipsc.org.cn/CN/home
*https://github.com/PaddlePaddle/PaddleOCR/tree/main



Model OCRVQA Text-VQA ChartVQA DocVQA

en zh fr en zh fr en zh fr en zh fr
Open-sourced
LLaVA-v1.5-13b 62.7* 29.1* -33.6 31.5% 312 61.2* 59* 553 11.8*% 494 11.1 5.8-53 7.3-38 28 13-15 1.2-16
LLaVA-v1.6-34b 64.8 48.1-16.7 39.8-250 64.9 54.5-104 26.7-382 524 33.7-187 31.8-206 78.2 61.4-168 64.0-142
InstructBLIP 244 109-135 17.8-66  50.3* 34.5*%.158 37.1*%-132 29.7 21.6-81 19.8-99 52 3121 40-12
mPlug-Owl2 70.7 65.0-57 652-55 543 45489 46.7-76 443 232211 193 250 28.7 21.0-7.7 20.7 -8.0
Qwen-VL-Chat 65.6 36.1 295 32.3-333 61.6 35.1-265 28.3-333 573 459-114 38.8-185 59.1 269 -322 30.3 -28.8
Monkey 704 463 241 489215 61.6 338278 358-258 64.6 55.8-88 52.9-11.7 65.9 51.7-142 49.8 -16.1
Cog-VLM 70.5 63.8-67 619386 789 66.0-129 66.1-128 57.6 47.5-10.1 48.9-87 654 429 225 45.5-199
MiniCPM-V 69.5 469226 559-136 76.6 63.5-13.1 52.7-239 73.0 62.9-10.1 63.2-98 84.9 71.6-133 74.6-103
GPT-40 523 46855 46855 72,6 669-57 65472 69.1 64.6-45 64.3-48 747 69.3-54 68.2-65
Gemini-1.5-flash 55.9 49.5-64 495-64 727 64087 70.7-20 69.1 59398 63.1-60 761 69.8-63 70.4-57

Table 1: LVLMs performance on XT-VQA. Accuracy of question in source language L*"¢ are bold. 29.1 -33.6 indicates accuracy
decrease compared to queries in source language L°"°. The * notes that auxiliary OCR tokens are used. Underline are used to
mark the highest accuracy among LVLMs. For closed-sourced models, testing is conducted on a subset only.

with the edit distance as a reference to detect the answer con-
sistency between the successive answers. At last, we obtain
3,870 QA pairs with 1,039 paper images.

3

d(ay,az) = min {insert, delete, replace}

abstractive extractive yes-no images

origin 8,289 12,241 14,359 1,199
+confidence filter 8,112 12,040 14,261 1,199
+similarity filter 1,374 1,530 1,687 1,074
+consistency filter 1,369 1,501 1,586 1,072
final 1,369 1,501 1,000 1,039

Table 2: Data statistics of XPaperQA

To ensure the quality and reliability of the XPaperQA
dataset, we conducted a rigorous manual evaluation. We ran-
domly sampled 100 questions from both the English and
Chinese subsets and verified the correctness of their cor-
responding answers. The evaluation showed an accuracy
of 87%, demonstrating the effectiveness of our question-
answering pipeline in generating high-quality pairs.

With its bilingual question-answer pairs across document
scenarios, XPaperQA provides a valuable benchmark for
evaluating cross-lingual multimodal understanding. It en-
ables researchers to address challenges arising from linguis-
tic variations between visual and textual modalities and to
develop potential solutions.

Evaluation Metrics

With a focus on measuring the faithfulness of answers under
cross-lingual instructions, we do not care about the language
of the answer as long as it is correct. We uniformly translate
the answer to the source language L*"¢ in the image. We use
the F1 score to measure accuracy on XPaperQA.

Evaluation of LVLMs on XT-VQA

Experimental Setup We use the respective prompt set by
LVLM to get its best performance and set the temperature to
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the default value in the model implementation. OCR tokens
were provided if the model required them by default.

We benchmark 8 open-source and 2 closed-source
LVLMs on XT-VQA, reporting results separately for ex-
tended datasets and the newly collected XPaperQA. Details
of models and datasets are in the Appendix. Table 2 shows
LVLM performance on XT-VQA, which evaluates their abil-
ity to address language inconsistencies between image text
and questions—a key challenge for text-rich data like charts,
tables, and documents. The benchmark analysis reveals the
following findings:

Cross-lingual questions do produce a performance de-
cline among the eight LVLMs. Although LVLMs have
achieved promising accuracy conditioned on English in-
structions, the overall average performance of these 8
LVLMs decreased by 32.5% in Chinese and 32.6% in
French. In particular, TextVQA decreased most at 34.5% in
Chinese and 40.4% in French, the DocVQA follows next,
decreased at 33.6% and 30.3% separately in Chinese and
French. The OCRVQA has a gap of 33.0% in Chinese and
29.5% in French, while performance decreases 27.9% and
30.3% separately on ChartQA.

Involving multilingual data during training exhibits rel-
ative consistent cross-lingual performance. After calcu-
lation, compared to LLaVA-v1.6-34b 24.7% decline, Cog-
VLM receives an overall 13.8% decline conditioned on Chi-
nese queries, while their monolingual performance is close
to each other. MiniCPM-V has a 14.4% decrease condi-
tioned on French queries, which is also better than the 24.5%
decline of LLaVA-v1.6.34b. We suppose it is because Cog-
VLM and MiniCPM-V utilize more multilingual instruction
during fine-tuning.

Mutual Information Analysis

This section analyzes the performance of LVLMs on XT-
VQA from an information theory perspective. We first show
how we employ mutual information to examine their cross-
lingual transfer capabilities. Subsequently, we present the in-
sights derived from our mutual information analysis.



Large Vision-Language Model Architecture

An LVLM is typically composed of a vision encoder E|-),
a projector f(-), and a Large Language Model (LLM) back-
bone py parameterized by 6. The model takes image input [
with a text sequence x = [z, ..., Z,] as the instruction to-
gether to generate a corresponding sequences y = [y1, ...Yn].
The image was first encoded by vision encoder as F, =
E(I) and then projected and tokenized to the text embed-
ding space by projector f(E(v)) as a sequence of visual to-
kens v = [vy, ..., v,]. As a Markov process, the conditional
probability distribution pg(y|v, ) can be decomposed as
po(ylv, z) = [ [ po(uilv, 2, y<i).

i=1

Mutual Information in LVLM

For our cross-lingual text-rich question-answering task, we
have a question () in specific language and the outputs
Y € Y from LVLM, and the given image I € Z is tok-
enized as V' € V. Given their joint distribution based on
question p(y, v|q), the relevance of outputs and image token
v is defined as the mutual information I(Y; V'|Q), where V
implicitly determines the distribution of Y. We want to ana-
lyze the mutual information between the outputs Y and the
text-rich image tokens V' conditioned on the cross-lingual
question @, formulated as

IY|V,Q) = H(Y|Q) - HY|V,Q)

— 3" P(ylV)log P(y|V)
[V

— Y P(Y|V,Q)log P(Y|V,Q).
Y

Here, H(Y|Q) represents the unconditional entropy of
the output distribution which is invisible of the referenced
image tokens I, while H (Y'|V, Q) represents the conditional
entropy of the output distribution given both the image and
question tokens.

Directly calculating the entropy H (Y'|V, Q) on the entire
sentence distribution is computationally intractable due to
the exponential growth of the vocabulary size || with re-
spect to the sequence length [. However, as a Markov pro-
cess (Jelinek 1985), the probability distribution between the
tokens p(y;|yi<;) that make Y is independent, we can de-
compose the entropy as:

“

&)

Y]
H(Y|V,Q) = H(yi, -Yi- yn|V,Q) = ZH(?JHW Q,y<i)

Y]
= po(uilV, Q, y<i) log po (uil V, Q, y<i)-

K3
(6
Note that H(Y'|Q) represents the unconditional case
where the LVLM cannot see the image I, meaning V' = ¢.
Since pure text input without images may cause unexpected
effects on the LVLM distribution, we replace the uncondi-
tional entropy H(Y'|Q) with a Gaussian noise-augmented
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image I, = e+ I, e ~ N(u, o), tokenized as V, to ensure
the stability of the final distribution. Based on the ability
of heavy noise to corrupt visual information, we assume an
equivalence between adding noise to the image and having
no image: H(Y|Q) = HY|V = ¢,Q) =~ H(Y|V, Q).
This assumption follows visual contrastive decoding (Leng
et al. 2024), where Gaussian noise approximates the uncon-
ditional distribution by reducing the influence of visual in-
formation and making outputs rely more on linguistic priors.
Finally, the mutual information is calculated as:

IY;VIQ) =H(Y|V =9¢,Q) - HY|V,Q)
Y]
= po(ilVe, Q) log pu (vl Ve, Q) o

Y]

— > po(uilV, Q) log py (u:| V., Q).

That’s how we utilize mutual information to measure the ex-
tent of activation between the input image and LVLM out-
puts, conditioned on queries in different languages. A higher
I(Y; V1]Q), suggests a stronger correlation between the im-
age and the outputs under the condition of a given question,
which aids in answers in faithfulness.

Mutual Information Analysis across Languages

We randomly selected 100 examples from the ChartQA
dataset. After analyzing instructions in eight different lan-
guages, we arrived at two clear conclusions:

1. Entropy as a measure of uncertainty: As depicted in
Figure 4, while the unconditional entropy H (Y |V;, Q) ap-
pears random, the overall distribution of conditional entropy
H(Y|V, Q) for correct examples is significantly lower than
for incorrect examples. This reveals that the correct exam-
ples have higher certainty than incorrect examples.

2. Correlation between accuracy and mutual informa-
tion: we illustrate the accuracy and mutual information of 8
different languages in Figure 3, even state-of-the-art LVLMs
like Qwen-VL-Chat, which have been fine-tuned on multi-
lingual data, display a noticeable performance disparity in
cross-lingual contexts. The variation in mutual information
with instructions in different languages indicates how much
the visual information is activated by cross-language in-
structions. At last, we found a strong correlation between ac-
curacy and mutual information, where questions in the same
language as the document provide more mutual information
in the answer, i.e., I(X;Y[Q*"¢) > I(X;Y|Q°thers).

Methodology

In this section, we introduce MV CL-MI (Maximize Vision-
Language Cross-Lingual Mutual Information), to mitigate
the cross-lingual performance gap on XT-VQA.

Based on the analysis, our goal is to maximize the mutual
information I°"¢ = I(Y; V|Q°"°) between outputs and im-
ages V containing text in source language L°"¢ conditioned
on the question in target language L‘9¢ while retaining mu-
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Figure 3: The entropy distribution of 100 randomly selected examples on the ChartQA dataset in 8 different languages, where
the vertical axis represents probability density and the horizontal axis represents the numerical value of entropy. In all 8 lan-
guages, the mean and variance of the conditional entropy distribution for correct examples (represented in green) are signifi-
cantly lower than those for incorrect examples (represented in yellow).
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Figure 4: Statistics of accuracy and mutual information over
8 different languages on ChartQA dataset. Query in English
(same in image text language) performs best, while all other
languages have decreased to some extent. Reflects a correla-
tion of accuracy and mutual information.

tual information I°*"° = I(Y; V|Q*"°) conditioned on L*"°
ISTC — H(Y“/e, QSTC) _ [{()/“/7 QSTC)
' = H(Y|V,,Q"") — H(Y|V,Q"")

As analyzed in Figure 4, the distribution of unconditional en-
tropy is not affected by language, so that H(Y'|V,, Q*"°) and
H(Y|V., Q) is close to each other. To increase 19¢ while
retaining 7°7¢, we only need to minimize H (Y'|V, Q).
However, directly minimizing entropy may cause the
LVLM to exploit shortcuts, leading to overly sharp out-
put logit distributions. To address this, we adopt a knowl-
edge distillation approach by using the output logits of
QQ°"° as a teacher. Specifically, we minimize the KL diver-

®)
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gence (Kullback and Leibler 1951) between the target dis-
tribution P,?" = py(y;|V, Q") and the source distribution

Pie = pa(lV, Q7).
We add this to training objective across languages as Lk .

Po(yi|Q™")

N
D (P || P57) = > po(ilQ™") - (log
— po(yil Q)

9
L= Z ACCE(yS*t,gt) + aﬁKL(Psrc-lgt”Ptgt—lgt).
s,tE€{src,tgt}
(10)
Here, 3¢ represents the output logits of LVLM

po(y*™°|Q""), queried in the source language and answered
in the target language, and vice versa.

Lcr denotes the cross-entropy loss for source and target
language, maximizing the likelihood of the ground truth an-
SWETS Ysre and 1 given the image and question in the re-
spective languages. Dy represents the KL divergence be-
tween predicted distributions in different languages, with «
as hyperparameters controlling their importance.

Experiment Results

Table 3 highlights the effectiveness of MVCL-MI by com-
paring the cross-lingual gap with other LVLMs. We analyze
the impact of question types and language documentation
on the performance gap in XPaperQA, with ablation studies
confirming the necessity of our training objective.

The cross-lingual gap exists no matter the language of
the source language of images. After calculating, the over-
all average performance gap of 8 LVLMs is 28.1% in



XPaperQA-en

XPaperQA-zh

extractive  abstractive yes-no overall extractive abstractive yes-no overall
Model en zh en zh en zh en zh zh en zh en zh en zh en
Open-Sourced
LLaVA-v1.5-13b 9.0 5931 1238439 50.8 11.3-39514.169-72 89 3950 16.211.5-47 68.5 58.5-10.0 27.1 20.9 -6.2

LLaVA-v1.6-34b 18.3 12.0 -6.3 23.4 12.8 -10.6 74.2 57.4 -16.8 26.8 16.9 9.9 18.9 7.5 -114

24.7 10.2 -145 73.2 66.9 63 35.2 23.9-11.3

InstructBLIP 81 18-63 154 12925 56.250.3-59 11.37.5-38 4.8 52+04 99 64-35 66.152.6-13522.6 17.9 -47
mPlug-Owl2 11.29.7-15 163 12.1 42 63.3 61.7-1.6 17.6 15.6 20143 2.5-11.8 5.5 2233 68.6 63.9-47 24.9 182 6.7
Qwen-VL-Chat 13.1 9932 15.1 11.7 34 50.0 32.7-173 16.8 12.4 44 9.8 6.6-32 23.8 17.7 6.1 69.3 61.6-7.7 30.6 25.1 -5.5
Monkey 20.6 15.1 55 16.2 6.1 -10.1 49.2 45.8 34 21.5 154 -6.117.4 12.7 47 18.4 142 42 73.1 60.8 -12.3 32.2 25.7 -6.5
Cog-VLM 16.2 12.4 38 22.2 14.8 -74 47.5 53.4 +59 20.4 16.8 3.6 21.3 9.9 -11.4 25.1 16.2 89 74.5 69.3-52 36.5 27.7 8.8
MiniCPM-V 25.8 22.3 -3514.7 12.7 2.0 56.5 37.4 -19.1 25.3 20.4 -4.9 36.6 18.5 -18.1 34.7 16.9 -17.8 77.6 75.4 -22 46.1 32.6 -13.5
ours

MVCL-MI (8B) 25.9 22.5-3416.0 14.1-19 60.4 52.3 8.1 25.9 22.5 3.4 36.2 23.9 -12.3 37.2 23.2 -14.0 81.3 79.0 2.3 48.2 37.9 -103
A 10.110.2 113114 3.9 115.1 10.6 119 |04 154 12.5 16.3 13.7 13.6 12.1 15.3

Table 3: LVLMs performance on XT-VQA subset XPaperQA. The best performance over tested models is marked as Underline.
Performance gap compared to L, is indicated as 12.3 -3.9. A indicates the changes compare with MiniCPM-V.

XPaperQA-en and 24.3% in XPaperQA-zh. In the monolin-
gual setting, LLaVA-v1.6-34b has the best performance of
26.8 in English paper, and MiniCPM performs best of 46.1
in Chinese paper. In the cross-lingual setting, MiniCPM-V
performs best in both English and Chinese papers, with an
accuracy of 22.5 and 32.6 respectively.

Cross-lingual gap varies in different types of questions.
In English paper, the decrease on the 3 types of questions is
31.4% in abstractive, 31.0% in extractive, and 22.0% in yes-
no. In Chinese paper, the average decrease in the 3 types of
questions is 44.2% in extractive, 39.8% in abstractive, and
11.1% in yes-no, exhibit Gapex > Gapas > Gapyesno-
Since answering correctly to the abstractive and extractive
questions demands higher comprehension of visual infor-
mation than yes-no questions, it reflects that cross-lingual
do affects the capabilities of LVLMs.

MVCL-MI effectively mitigates the cross-lingual gap de-
spite the language in images. Compared to the original
model, our model improved performance in cross-lingual
settings, with an increase of 1.9 (19.3%) on XPaperQA-en
and 5.3 (116.3%) on XPaper-zh while preserving monolin-
gual performance. MVCL-MI narrows the performance gap
from 19.4% to 13.1% (|32.5%) in XPaper-en and 29.3% to
21.3% (127.3%) in XPaper-zh.

Ablation Study

We design the following ablation study to test the effective-
ness of our MVCL-MI training objectives, as depicted in
Tab.4. The w/o KL-Loss setting entails removing the KL-
Loss from the training objectives, shown in F. 10. The w/o
Cross-CE indicates we remove the cross-lingual Cross En-
tropy Loss from the training objectives F. 10. Removing
Cross-CE lowers cross-lingual performance from 22.5 to
21.7 on English and by 4.4 on Chinese, showing the impor-
tance of cross-lingual tuning. Removing KL-Loss performs
even worse than the original model. The KL divergence en-
sures cross-lingual predictions align with monolingual ones,
maximizing mutual information between answers and input
images while maintaining monolingual performance.
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yes-no extractive abstractive overall
Method en zh en zh en zh en zh
English Paper
origin 56.537.425922.3 14.712.7 253 20.4
MCVL-MI  60.452.325.922.5 16.014.1 26.0 +0.722.5 +1.9
w/o Cross-CE 56.649.224.922.1 15.313.9 25.1 02 21.7 +13
w/o KL-Loss 58.542.624.417.8 17.610.8 25.3 +0.019.7 -0.7
zh en zh en zh en zh en
Chinese Paper
origin 77.675.435.618.5 34.716.9 46.1 32.6
MCVL-MI  81.379.036.223.9 37.223.2 48.2+2.137.9 +53
w/o Cross-CE 77.976.935.419.9 36.617.1 46.8 +0.733.5 +0.9

w/o KL-Loss 73.270.734.817.7 31.219.2 43.3 28 31.9 -0.7

Table 4: Ablation Study of MVCL-MI. Underline indicates
the original overall performance, the best was Bold.

Training details We deploy our method on the advanced
LVLM MiniCPM-Llama3-V. Training was done on 8 A100-
sxm4-80gb for 1 epoch with the default configuration and
hyperparameters. This setup is detailed in the Appendix.

Conclusion

In this paper, we investigate the cross-lingual gap in text-rich
visual comprehension and propose XT-VQA, a benchmark
for testing LVLMs’ ability to handle language inconsisten-
cies across modalities. From an information perspective, we
identify that this gap arises from insufficient activation of
visual information by cross-lingual queries. To address this,
we mitigate the gap by maximizing cross-lingual mutual in-
formation. Results show that MVCL-MI enables LVLMs to
effectively leverage both visual and textual information, pro-
ducing accurate and language-consistent answers across lan-
guages. We believe this research advances text-rich visual
comprehension and enhances LVLMs’ global accessibility,
fostering inclusive and cross-cultural communication.
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