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Abstract
Despite the rapid development of Chinese vision-language
models (VLMs), most existing Chinese vision-language (VL)
datasets are constructed on Western-centric images from ex-
isting English VL datasets. The cultural bias in the images
makes these datasets unsuitable for evaluating VLMs in Chi-
nese culture. To remedy this issue, we present a new Chi-
nese Vision-Language Understanding Evaluation (CVLUE)
benchmark dataset, where the selection of object categories
and images is entirely driven by Chinese native speakers, en-
suring that the source images are representative of Chinese
culture. The benchmark contains four distinct VL tasks rang-
ing from image-text retrieval to visual question answering,
visual grounding and visual dialogue. We present a detailed
statistical analysis of CVLUE and provide a baseline perfor-
mance analysis with several open-source multilingual VLMs
on CVLUE and its English counterparts to reveal their per-
formance gap between English and Chinese. Our in-depth
category-level analysis reveals a lack of Chinese cultural
knowledge in existing VLMs. We also find that fine-tuning
on Chinese culture-related VL datasets effectively enhances
VLMs’ understanding of Chinese culture.

Datasets — https://github.com/WangYuxuan93/CVLUE

Introduction
Over the last few years, vision-language pre-training (VLP),
as a thriving field, has been drawing extensive attention (Lu
et al. 2019; Chen et al. 2020; Cho et al. 2021; Li et al. 2021),
leading to significant performance boosts across many VL
tasks. It cannot be neglected that the abundance of VL
datasets covering various distinct VL tasks (Young et al.
2014; Kazemzadeh et al. 2014; Antol et al. 2015; Chen et al.
2015; Mao et al. 2016; Das et al. 2017; Goyal et al. 2017)
plays an essential role in the rapid evolvement of VLMs.
However, most of the existing VL datasets are in English. A
majority of these datasets, such as NLVR2 (Suhr et al. 2019)
and MS-COCO (Lin et al. 2014), are built on top of a hi-
erarchy of concepts selected from English WordNet (Miller
1992), resulting in source images with a North American or
Western European bias (Liu et al. 2021). Beyond the En-
glish language and Western cultures where these datasets

*Corresponding author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Ben. Lan. ITR VQA VG VD VR IG
VLUE En. ✓ ✓ ✓ ✓
CLiMB En. ✓ ✓
MUGE Ch. ✓ ✓
Zero Ch. ✓
CVLUE Ch. ✓ ✓ ✓ ✓

Table 1: Tasks included in CVLUE, VLUE, CLiMB, MUGE
and Zero. Ben. and Lan. denote Benchmark and Language,
respectively. En. and Ch. stand for English and Chinese re-
spectively.

were created, evidence suggests that both the origin (De-
Vries et al. 2019) and content (Stock and Cissé 2018) of
such data are skewed.

Recently, the community has begun to recognize the im-
portance of cultural differences in large language models
(LLMs). Some work has explored the varied performance of
LLMs across different cultural contexts (Wang et al. 2023;
Li et al. 2024), while other efforts have focused on creat-
ing culturally relevant LLM benchmarks (Zhao et al. 2024;
Rao et al. 2024). Additionally, there are a few studies inves-
tigating cultural awareness in VLMs (Burda-Lassen et al.
2024) and developing multicultural visual question answer-
ing (Romero et al. 2024) and visual language reasoning (Liu
et al. 2021) datasets. However, these datasets often prioritize
coverage of different cultures, with limited task categories
and data volumes specific to Chinese culture.

In this work, we focus on the evaluation of VLMs in Chi-
nese culture, meaning that not only are the texts in Chinese
but, more importantly, the images are representative of Chi-
nese culture. Over the last two years, a significant number
of multimodal datasets for Chinese VLM pre-training have
been presented (Zhan et al. 2021; Lin et al. 2021; Gu et al.
2022; Liu et al. 2022). However, the development of the
benchmark for Chinese VLM evaluation is lagging behind.
Many existing Chinese VL datasets exploit images from En-
glish VL datasets containing the abovementioned bias.

Some of them, such as Flickr30K-CN (Lan, Li, and Dong
2017), are constructed by translating texts in English VL
datasets into Chinese. Others, such as FM-IQA (Gao et al.
2015), Flickr8K-CN (Li et al. 2016) and COCO-CN (Li et al.
2019), are constructed by re-annotating images from English
VL datasets in Chinese. Recently, several new datasets with

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

8196



(a) Image Text Retrieval (b) Visual Question Answering

(c) Visual Grounding (d) Visual Dialogue

Figure 1: Examples of the images and their annotation translated to English for the four tasks in CVLUE.

images collected using Chinese queries on search engines
have been presented. However, they are limited to single
types of tasks like visual question answering (Wang et al.
2022) or image-text retrieval (Xie et al. 2022).

Chinese is linguistically distinct from English and many
other languages, and its speakers comprise one-fourth of the
world’s population. This necessitates a benchmark dataset
specifically designed for Chinese vision-language under-
standing (VLU). To remedy this issue, we present CVLUE,
a new Chinese VL benchmark dataset. We start by select-
ing categories representative of Chinese culture and man-
ually collect all the images from the Chinese Internet, en-
suring that the source images are commonly seen or repre-
sentative in the Chinese-speaking population. The compar-
ison between CVLUE and existing VL benchmark datasets
is shown in Table 1.1 The visual reasoning (VR) task is in-
cluded in the two English benchmark datasets VLUE (Zhou
et al. 2022) and CLiMB (Srinivasan et al. 2022) but not in-
cluded in any of the Chinese ones. The image generation
(IG) task is only included by MUGE, which mainly con-
tains simple iconic images collected from e-commerce plat-
forms and encyclopedias. On the contrary, images in our
benchmark were mostly non-iconic ones. The other Chi-
nese dataset Zero (Xie et al. 2022) only focuses on image-
text matching and retrieval and comprises five subtasks of a
similar type. Our benchmark, by contrast, contains four dis-
tinct VL tasks: image-text retrieval (ITR), visual question
answering (VQA), visual grounding (VG) and visual dia-
logue (VD), which evaluate VLMs in Chinese culture from
multiple aspects. Examples of images and annotation for the
four tasks are shown in Figure 1. See the Appendix for more.

We benchmark several popular open-source multilingual

1We only compare with benchmarks containing at least two
subtasks here.

VLMs on CVLUE and established English VL datasets to
assess their visual language understanding (VLU) capabili-
ties in both Chinese and English. Furthermore, our in-depth
analysis reveals the lack of Chinese culture-related knowl-
edge in existing VLMs. We believe this dataset offers a fair
and convenient platform for evaluating VLMs in the context
of Chinese culture.

Related Work
Over the last decade, English VL datasets have experienced
rapid development, starting from the most fundamental task
of image captioning. Following the popular MS-COCO (Lin
et al. 2014) and Flickr30K (Young et al. 2014) datasets, a
significant number of VL datasets covering various tasks of
visual question answering (Antol et al. 2015; Goyal et al.
2017), visual grounding (Kazemzadeh et al. 2014; Mao
et al. 2016), visual entailment (Xie et al. 2019), visual di-
alogue (Das et al. 2017), etc. have emerged. Recently, an
increasing number of English VL benchmarks aiming at dif-
ferent goals have been proposed (Parcalabescu et al. 2022;
Zhou et al. 2022; Zheng et al. 2022; Srinivasan et al. 2022),
which significantly facilitates the evaluation and comparison
of VLMs in English.

Beyond the VL datasets in English, MS-COCO was
extended with captions translated to or newly writ-
ten in German and French (Rajendran et al. 2016),
Japanese (Yoshikawa, Shigeto, and Takeuchi 2017) and Chi-
nese (Li et al. 2019). All these datasets exploit images
crowdsourced from North America and Western Europe. Re-
searches suggest that they suffer from cultural bias, which
may lead to essential limitations for the application in many
languages and cultures (Stock and Cissé 2018; DeVries
et al. 2019; Liu et al. 2021). In recent years, the community
has begun to notice the performance differences of existing
VLMs in different cultural applications (Burda-Lassen et al.
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2024) and has started to develop multicultural visual ques-
tion answering (Romero et al. 2024) and visual language
reasoning (Liu et al. 2021) datasets. However, these datasets
focus on broad cultural coverage, resulting in limited task
types and data volume for Chinese.

Over the last two years, an increasing number of Chi-
nese multimodal datasets in the form of image-text pairs
have been presented (Lin et al. 2021; Gu et al. 2022; Liu
et al. 2022), which has dramatically promoted the evolve-
ment of Chinese VLMs. However, the development of the
benchmark dataset for VLM evaluation in Chinese is lagging
behind. A great number of existing Chinese VL datasets
were constructed by extending English VL datasets with
translated (Lan, Li, and Dong 2017) or newly written (Gao
et al. 2015; Li et al. 2016, 2019) annotation in Chinese. Wu
et al. (2017) presented a Chinese image captioning dataset
AIC-ICC, whose images were newly collected from search
engines. Recently, two Chinese VQA datasets were intro-
duced, both constructed with newly collected images (Qi
et al. 2022; Wang et al. 2022). However, these datasets are
limited to single types of tasks and thus insufficient for the
comprehensive evaluation of VLMs.

Due to the abundance of English VL datasets, recent En-
glish VL benchmarks were mainly constructed using ex-
isting datasets. However, the issues discussed above with
existing Chinese VL datasets make building a benchmark
specifically for Chinese much more challenging. Recently,
Xie et al. (2022) introduced a new Chinese VL dataset Zero
covering five subtasks. However, all of them involve image-
text retrieval/matching and are, therefore, not comprehen-
sive enough to evaluate the general capability of VLMs.
Liu et al. (2023) proposed a bilingual VL benchmark MM-
Bench, which is first annotated in English and then trans-
lated to Chinese using GPT-4. Interestingly, they also re-
leased CCBench, a 510-example multiple-choice question
answering test set with images closely related to Chinese
culture. While it aligns most closely with the goals of this
paper, it has significantly less diversity in task types and an-
notated data than CVLUE.

CVLUE
CVLUE consists of four distinct VL tasks that evaluate a
model’s capability in Chinese VLU from multiple aspects.
The data splits and evaluation metrics are summarized in Ta-
ble 2. In this section, we describe the procedure we devised
for image collection and dataset annotation.

Task |Train| |Valid| |Test| Metrics
ITR 17,920 3,116 8,973 R@k
VQA 14,362 2,571 7,169 Acc
VG 10,769 1,965 5,385 IoU
VD 3,975 651 2,036 R@k

Table 2: Data splits (in terms of image numbers) and eval-
uation metrics of tasks in CVLUE. R@k denotes the recall
in the top k predictions, Acc stands for accuracy, and IoU
stands for intersection over union.

Semantic
Fields

Categories

Animal panda, cow, fish, dog, horse, chicken, mouse,
bird, human, cat

Food hot pot, rice, dumpling, noodles, stuffed bun
Beverages bubble tea, coke, milk, tea, porridge, alcohol
Clothing Hanfu, Tang suit, cheongsam, suit, T-shirt
Plant willow, ginkgo, Chinese parasol, birch, pine,

chrysanthemum, peony, orchid, lotus, lily
Fruit lychee, hawthorn, apple, cantaloupe, longan
Vegetable bok choy, potato, Chinese cabbage, carrot,

cauliflower
Agriculture hoe, plow, harrow, sickle, carrying pole
Tool spoon, bowl, cutting board, chopsticks, wok,

fan, Chinese cleaver, wok spatula
Furniture TV , table, chair, refrigerator, cooking stove
Sport Ping-Pong, basketball, swimming, football,

running
Celebrations lion dance, dragon boat, national flag,

mooncake, couplet, lantern
Education pencil, blackboard, Chinese brush, chalk,

ballpoint, scissors
Instruments Chinese zither, erhu, suona, drums, pipa
Arts brush calligraphy, Chinese shadow play,

paper cutting, Terracotta Army, ding,
ceramics

Table 3: Object categories in CVLUE, where the 15 cate-
gories overlapping with MS-COCO are shown in blue italic
font, while the 22 categories not in WordNet are shown in
red bold font.

Selection of Object Categories
Our selection of object categories aimed for a representative
set in Chinese daily life that reflected the unique character-
istics of Chinese culture. The selection process was inspired
by the Chinese part of MaRVL (Liu et al. 2021), where
five native speakers provided 5-10 concepts for 18 seman-
tic fields, ensuring they are commonly seen and represen-
tative. However, since CVLUE is specifically for Chinese,
MaRVL’s categories are not directly applicable.

Therefore, we first removed categories not strongly re-
lated to specific objects with clear boundaries (e.g., Tao-
ism). We also replaced some categories with more concrete
categories that have clearer boundaries (e.g., replacing the
Mid-Autumn Festival with moon cake). Then, we merged
some categories to make sure that all categories occurred
frequently enough so that we could collect enough images
for each of them (e.g., merging all types of birds into one
bird category). Besides, we added some categories represen-
tative of Chinese culture (e.g., stuffed buns, fans).2

Eventually, we selected 92 object categories from 15 se-
mantic fields listed in Table 3. The 15 categories overlap-
ping with MS-COCO (e.g., human, dog), shown in blue
italic font, can be regarded as having the weakest associa-
tion with Chinese culture. The 22 categories not in English
WordNet (Miller 1992) (e.g., guzheng, suona), shown in red
bold font, are considered to be culturally closest to Chinese.

2See the Appendix for the original categories in MaRVL.
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The remaining categories have a moderate association.

Task Selection
As introduced in the related work section, there are currently
a wide variety of VL tasks. Due to budgetary constraints, we
focused on the following four pivotal and representative VL
tasks for our dataset:3

Image-Text Retrieval: This task includes text retrieval,
where given an image, the task is to retrieve the correspond-
ing text, and image retrieval, where given a text, the task is to
retrieve the corresponding image. It evaluates VLMs’ ability
to align vision and language representations.

Visual Question Answering: Given an image and a natu-
ral language question, the model must generate a correct an-
swer. It assesses VLMs’ detailed visual understanding and
reasoning skills.

Visual Grounding: Given an image and a referring ex-
pression, the model must locate the specified object. This
task measures VLMs’ ability to understand and identify ob-
jects in images.

Visual Dialog: Given an image, a dialogue history, and a
question about the image, the model must answer accurately.
This task evaluates VLMs’ overall intelligence, including vi-
sual understanding, memory, and language generation.

Image Collection
After obtaining the list of object categories, our next goal
was to collect appropriate images for each of them. To meet
the requirements of different types of tasks in our dataset, we
collected two subsets of images for each category. Subset A
consists of images containing at least 2 objects of the same
category and is used for the VQA and VG tasks. Subset B
consists of images containing 3-5 objects of different object
categories and is used for the VD task. The ITR task is an-
notated on both subsets. All the collected images must be (1)
real photos with no watermark; (2) non-iconic images with
more than 2 objects; (3) commonly seen or representative
in Chinese culture. We used the Baidu data crowdsourcing
platform for image collection, where Chinese native speak-
ers gathered images from the Chinese Internet according to
the guidelines mentioned above, ensuring all images com-
plied with our required open-source license. Images were
first inspected by the platform’s quality control inspectors
and then reviewed by the authors. Any images not meeting
the guidelines were discarded. During annotation, annota-
tors were also allowed to discard non-compliant images.

Quality Control
We used a two-step process for selecting and training an-
notators to ensure annotation quality. First, candidates re-
ceived annotation guidelines and annotated five images to
assess their general capability. Qualified candidates were
then grouped by task based on their performance. Second,
each group annotated 50 randomly sampled images, guided
one-on-one by senior annotators until they fully understood
the guidelines and achieved 100% accuracy on these images.

3See the Appendix for the detailed annotation process.

Annotators who completed the training began annotating
tasks batched into packages. They could not proceed to the
next package until finishing the current one. Each package
was self-checked, reviewed by a senior inspector, and even-
tually inspected by four co-authors familiar with the guide-
lines. The final inspection sampled 10%-25% of each pack-
age, requiring over 97% accuracy to pass. Otherwise, the
package was returned for correction. The IC, VQA, VG, and
VD tasks involved 41, 108, 44, and 26 annotators and 10, 12,
8, and 13 senior inspectors, respectively. The project took six
months and cost approximately RMB 550,000.

Data Characteristics
In this section, we analyse the annotated data to show their
characteristics.

Images and Objects
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Figure 2: Number of annotated objects per image for
CVLUE, MS-COCO, ImageNet Detection and PASCAL
VOC (average numbers are shown in parentheses).

We first count the object-related statistics to show the
properties of the source images in CVLUE. The number of
objects per category for all 92 categories is shown in the Ap-
pendix. We compare CVLUE with several popular datasets,
including MS-COCO (Lin et al. 2014), ImageNet (Deng
et al. 2009) and PASCAL VOC (Everingham et al. 2010).
These datasets have different purposes: MS-COCO for de-
tecting and segmenting objects in context, ImageNet for
capturing object categories, and PASCAL VOC for detect-
ing objects in natural images. CVLUE, however, is specif-
ically designed to evaluate VLMs comprehensively in Chi-
nese VLU. The numbers of annotated objects per image are
shown in Figure 2. Our dataset averages 5.6 annotated ob-
jects per image, compared to less than 3 for ImageNet and
PASCAL VOC.

Image Text Retrieval
For the ITR task, we compare CVLUE with several popular
Chinese datasets constructed via text translation (Flickr30K)
or re-annotation (Flickr8K and COCO-CN). These datasets
are all built on top of Western culture-biased images from
existing English VL datasets. The caption length distribution
is shown in Figure 3. Our dataset’s average caption length is
19.2, which is higher than that of the other three datasets. It
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Tasks Dataset
Fine-tuning Zero-shot

CCLM X2VLM QwenVL QwenVL-Chat mPLUG-Owl2
522M 422M 7B 7B 7B

TR COCO (5K) 77.7 80.1 - - -
CVLUE 49.9 54.8 - - -

IR COCO (5K) 60.5 63.8 - - -
CVLUE 32.0 36.6 - - -

VQA VQA-v2 (test-std) 63.7 75.5 78.0 67.9 79.2
CVLUE 58.5 53.0 29.9 39.8 20.4

VG RefCOCOg 70.4 79.9 78.0 80.1 -
CVLUE 39.1 48.8 36.8 40.4 -

VD Visdial 1.0 42.4 41.5 36.0 37.5 37.2
CVLUE 32.2 27.6 24.8 26.5 25.8

Table 4: Results of baseline VLMs. We report R@1 for the TR, IR and VD tasks, accuracy for the VQA task and IoU for the
VG task. Number of parameters for each model is listed below its name. The bold font indicates the best result for each task.
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Figure 3: The caption length distribution of CVLUE,
COCO-CN, Flickr8K-CN and Flickr30K-CN (average cap-
tion lengths are shown in parentheses).

is worth noting that the caption lengths in CVLUE are dis-
tributed more evenly than the other three datasets. This in-
dicates that our dataset comprises both simple captions and
complicated ones.

Visual Grounding

To the best of our knowledge, there has not been any other
Chinese VG dataset. To illustrate our dataset’s properties,
here we provide a rough comparison between the VG dataset
in CVLUE and a popular English VG dataset RefCOCOg
(Mao et al. 2016). Overall, the average number of referring
expressions per image is 3.38 for our VG dataset and 3.91
for RefCOCOg. This is because multiple expressions for a
single object are allowed in RefCOCOg but disallowed in
our dataset. The average number of objects described per
image in our dataset and in RefCOCOg is 3.38 and 1.93, re-
spectively, meaning that more objects are described in our
dataset. Besides, the average expression lengths are 11.9
characters for our dataset and 8.3 words for RefCOCOg.

Experiments

Experimental Setups and Baselines

We used CVLUE and some of its English counterparts to
evaluate the performance of several popular multilingual
VLMs in VLU. The English VL datasets include COCO
(5K) (Lin et al. 2014), VQA-v2 (Goyal et al. 2017), Ref-
COCOg (Mao et al. 2016) and Visdial 1.0 (Das et al. 2017).4

Due to limited budget and computational resources, we
couldn’t test all VLMs, especially with their rapid increase
in variety. Therefore, we selected some popular and repre-
sentative models, covering both fine-tuning and zero-shot
settings, and left the analysis of more VLMs for future work.
Models under the fine-tuning setting include:

CCLM (Zeng et al. 2023), a multilingual VLM where the
cross-lingual and cross-modal objectives are jointly learned.

X2VLM (Zeng et al. 2022), a multilingual VLM where
the multi-grained vision language alignments are learned in
a unified framework.

Models under the zero-shot setting include:
Qwen-VL (Bai et al. 2023), a large-scale VLM pre-

trained on 7 VL tasks simultaneously, can handle the
grounding task.

Qwen-VL-Chat, the Qwen-VL model fine-tuned through
instruction tuning with the instruction following and dia-
logue capabilities enhanced.

mPLUG-Owl2 (Ye et al. 2023), a large-scale VLM that
incorporates shared functional modules to facilitate modal-
ity collaboration.

We couldn’t afford to tune hyper-parameters for each
baseline model, so we used default ones for them all. Please
refer to the Appendix for prompts used in the zero-shot set-
ting and detailed fine-tuning setups. For the VD task, we
collected 100 candidate answers (including correct, plausi-
ble, popular and random ones) for each question following
the procedure proposed by Das et al. (2017).

4We use the default splits for these datasets.
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Figure 4: Results of QwenVL model on the CVLUE VG task, displayed by image category.

Results
The results of the baseline models on CVLUE are presented
in Table 4.5 All models under the zero-shot setting do not
support the ITR task. Additionally, mPLUG-Owl2 does not
support the VG task. Hence, these results are not reported.

The three large-scale VLMs under the zero-shot setting
yield strong performance on the English datasets they are
evaluated on, and some of their results are even higher than
those of the two models under the fine-tuning setting. This
could be attributed to their larger model capacity and the
fact that they have been pre-trained on various VL tasks. On
the other hand, all five models’ performance on CVLUE is
much lower than that on the English VL dataset. This aligns
with the results observed on CCBench discussed in the re-
lated work section. Such a substantial performance gap be-
tween English and Chinese VL datasets indicates that the
VLU capability of existing multilingual VLMs (under both
zero-shot and fine-tuning settings) in Chinese severely lags
behind that in English. We conduct case studies on model
predictions for VQA and VG tasks under zero-shot and fine-
tuning settings. Our findings indicate that errors in zero-shot
settings often stem from a lack of Chinese cultural knowl-
edge. In contrast, the fine-tuned CCLM and X2VLM models
demonstrate improved Chinese VLU capabilities, likely due
to the enhancement of Chinese cultural knowledge during
the fine-tuning process. Relevant case studies are provided
in the Appendix.

Besides, we find that on CVLUE, zero-shot models, de-
spite having more parameters, often perform worse than

5See the Appendix for full results containing R@5 and R@10
for the TR, IR and VD tasks.

fine-tuned models. Conversely, on English VL tasks, zero-
shot models sometimes outperform fine-tuned ones. We be-
lieve this is because these zero-shot models inherently pos-
sess more Western cultural knowledge than Chinese cultural
knowledge, and their larger parameter scale gives them an
edge in English tasks.

Analysis
Results by Category
To comprehensively investigate existing VLMs’ VLU capa-
bilities regarding Chinese culture, the first question to ad-
dress is whether existing VLMs truly exhibit a significant
performance difference between categories that are closely
related to Chinese culture and those that are less related.

Our dataset provides category information for each image,
allowing for a fine-grained analysis of results across differ-
ent categories. This facilitates the precise identification of
the specific image categories in which VLMs exhibit defi-
ciencies in their VLU abilities. As discussed in the ‘selection
of object categories’ section, the 92 categories in CVLUE
can be roughly divided into three groups: 1) categories cul-
turally closest to Chinese (i.e., those not in WordNet), 2) cat-
egories with the weakest association with Chinese culture
(i.e., those overlapping with MS-COCO) and 3) categories
with moderate association (i.e., the remaining ones). To an-
swer the question, we analyse the models’ results across dif-
ferent categories.

Figure 4 shows the performance of the QwenVL model
on the VG task, displayed by category. The results for cate-
gories closely related to Chinese culture are generally lower,
with an average score of 34.8, while the results for categories
overlapping with MS-COCO are generally higher, with an
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average score of 46.9.6 This performance gap highlights a
clear deficiency in existing VLMs’ VLU capabilities regard-
ing Chinese culture.

Results on Translated English Test Sets
Given that a majority of existing VL data used for pre-
training focus on English with predominantly Western-
centric images, the next question is whether the knowledge
required to address tasks closely related to Chinese culture
is present in the English part of existing VLMs.

QwenVL (zh) QwenVL (en) QwenVL-Chat (zh)QwenVL-Chat (en)
Models

30

40

50

Io
U

All Categories
Categories not in WordNet
Categories overlapping with MS-COCO

Figure 5: Category group results of QwenVL and QwenVL-
Chat on the original Chinese (zh) and translated English (en)
CVLUE VG test set.

To address this question, we translate the VG test set
into English, and then compare QwenVL and QwenVL-Chat
predictions with their results on the original Chinese test set.
According to Figure 5, for the same model, when the test
set is translated from Chinese to English, performance on
categories closely related to Chinese culture (not in Word-
Net) often remains unchanged or declines, while perfor-
mance on categories less related to Chinese culture (over-
lapping with MS-COCO) significantly improves.7 This in-
dicates that in these VLMs, the English part typically con-
tains more knowledge of categories less related to Chinese
culture but, like the Chinese part, lacks knowledge of cate-
gories closely related to Chinese culture.

Zero-Shot vs. Fine-Tuning
Due to the lack of knowledge required to address tasks
closely related to Chinese culture in both the Chinese and
English parts of existing VLMs, the final question becomes
how to effectively enhance the knowledge of Chinese culture
in these VLMs.

In this section, we compare the performance of mod-
els under the zero-shot and the fine-tuning settings. Ac-
cording to the results on the CVLUE VG task in Fig-
ure 6, Chinese culture-related categories perform signifi-
cantly lower than average on zero-shot models but higher
than average on fine-tuned models.8 This indicates that fine-

6Similar pattern observed on other tasks in the Appendix.
7Similar pattern observed on VQA in the Appendix.
8Similar pattern observed on VQA in the Appendix.

QwenVL QwenVL-Chat CCLM X2VLM
Models

30

40

50

60

Io
U

All Categories
Categories not in WordNet
Categories overlapping with MS-COCO

Figure 6: Category group results on CVLUE VG task.

tuning with CVLUE’s Chinese cultural VL data benefits cat-
egories strongly related to Chinese culture more. Overall,
fine-tuning on Chinese cultural VL data is an effective way
to enhance the VLM’s VLU capabilities regarding Chinese
culture.

Conclusion
In this paper, we present CVLUE, a vision-language un-
derstanding benchmark dataset specifically designed for the
comprehensive evaluation of VLMs in Chinese VLU. Im-
ages used in the dataset are newly collected by Chinese
native speakers with explicit constraints ensuring that they
are representative of Chinese culture and thus avoid the cul-
tural bias caused by exploiting Western-centric images from
existing English VL datasets. Four distinct and representa-
tive VL tasks are included in CVLUE for the multi-aspect
evaluation of VLMs in Chinese culture. Using CVLUE and
some English VL datasets, we reveal a noticeable gap be-
tween the performance of several strong multilingual VLMs
on English and Chinese VLU. Our in-depth category-level
analysis reveals a lack of Chinese culture-related knowledge
in existing VLMs and shows that fine-tuning on Chinese
culture-related VL datasets can effectively enhance VLMs’
VLU capabilities regarding Chinese culture. We believe that
CVLUE is a solid step towards a fair and convenient plat-
form for the comparison of VLMs in Chinese culture and
can eventually facilitate the development of Chinese vision-
language pre-training.

Ethical Statement
Images in our dataset were collected on the Baidu data
crowdsourcing platform from the Chinese Internet using a
purely manual approach, with a requirement that all submit-
ted images comply with the CC BY-NC-ND 4.0 license. For
categories where it was unable to collect enough images that
comply with this license, we commissioned the platform to
obtain the remaining images from third-party image suppli-
ers. Sensitive information in the images (e.g., human faces)
has been obscured to prevent potential misuse of the dataset.
We used the Baidu data crowdsourcing platform for anno-
tation. All the annotators have given informed consent and
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have been fairly compensated during the image collection
and annotation process. The proposed dataset will be made
publicly available for research purposes (under the CC BY-
NC-ND 4.0 license) after the paper gets accepted.
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