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Abstract

Evaluating the alignment capabilities of large
Vision-Language Models (VLMs) is essential
for determining their effectiveness as helpful
assistants. However, existing benchmarks pri-
marily focus on basic abilities using nonverbal
methods, such as yes-no and multiple-choice
questions. In this paper, we address this gap by
introducing AlignMMBench, which provides
more nuanced evaluations of alignment capabil-
ities and is the first benchmark specifically de-
signed for Chinese visual contexts. This bench-
mark is meticulously curated from real-world
scenarios and internet sources, encompassing
thirteen specific tasks across three categories,
and includes both single-turn and multi-turn
dialogue scenarios. Incorporating a prompt
rewrite strategy, AlignMMBench encompasses
1,054 images and 4,978 question-answer pairs.
To facilitate the evaluation pipeline, we propose
CritiqueVLM, a rule-calibrated evaluator that
exceeds GPT-4’s evaluation ability. Addition-
ally, we propose the “alignment score”, a quan-
titative metric designed to assess the robustness
and stability of models across diverse prompts.
Finally, we report the performance of repre-
sentative VLMs on AlignMMBench, offering
insights into the capabilities and limitations of
different VLM architectures. All evaluation
codes and data are available on github'.

1 Introduction

Equipped with the Large Language Models
(LLMs), Vision-Language Models (VLMs) demon-
strate impressive performance in various visual
tasks, such as image description and visual question
answering (Achiam et al., 2023; Wang et al., 2023;
Bai et al., 2023a). Following alignment training,
like Supervised Fine-Tuning (SFT) and Reinforce-
ment Learning from Human Feedback (RLHF),
VLMs can comprehend and generate human lan-
guage within visual contexts.

"https://anonymous.4open.science/r/AlignMMBench-
B689

Recently, significant efforts have been made into
developing VLMs for not only English but also Chi-
nese contexts, such as QwenVL (Bai et al., 2023a),
CogVLM (Wang et al., 2023), MiniCPM (Hu et al.,
2023), Intern-VL (Chen et al., 2023b), Intern-
XComposer2V (Dong et al., 2024), Deepseek-
VL (Lu et al., 2024a), and Yi-VL (Al et al., 2024).
Specifically, in publicly available comprehensive
rankings”, these VLMs have demonstrated perfor-
mance comparable to that of GPT-40 (Achiam et al.,
2023). To facilitate objective comparisons and eval-
uations among these models, researchers mainly
utilize the following benchmarks: 1) general evalu-
ation sets such as MME (Fu et al., 2024) and MM-
Bench (Liu et al., 2023a), and 2) domain-specific
evaluation sets such as MathVista (Lu et al., 2024b)
and MMMU (Yue et al., 2023). However, these
benchmarks primarily assess model capabilities
through non-verbal methods and lack detailed eval-
uations of alignment performance, particularly in
the Chinese context.

However, constructing a high-quality Chinese
multimodal alignment benchmark is fully chal-
lenging. First, unlike the English context, which
benefits from traditional benchmarks such as
VQAV2 (Goyal et al., 2017), TextVQA (Singh et al.,
2019), and ChartQA (Masry et al., 2022), clean and
publicly available Chinese multimodal corpora are
exceedingly scarce. It is necessary to collect and
construct these resources from scratch. Second,
the inherent ambiguity of the Chinese context is
more pronounced (Huang et al., 1997), necessitat-
ing multiple annotators to repeatedly verify a single
high-quality Chinese multimodal corpus. Besides,
The characteristics of images and the underlying
world knowledge can vary significantly between
different languages (Duncum, 2004). As a result,
relying solely on English datasets limits the com-

Zhttps://rank.opencompass.org.cn/leaderboard-
multimodal
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Figure 1: Performance vs. Alignment score of various models. Performances are ranged from O to 10, while

Alignment scores are ranged from 0.2 to oo.

prehensive evaluation of Chinese vision-language
models (VLMs). Therefore, developing a multi-
modal benchmark within Chinese visual context is
essential and promising.

To address these gap, we introduce AlignMM-
Bench, a comprehensive evaluation benchmark
specifically designed to assess the Chinese align-
ment capabilities. Given the scarcity of Chinese
multimodal corpora, AlignMMBench is meticu-
lously curated from real-world scenarios and in-
ternet resources. It encompasses thirteen specific
tasks across three high-level categories, including
both single-turn and multi-turn dialogue scenarios,
to make detailed evaluation of alignment perfor-
mance. Considering the diversity of query forms
in real-world user scenarios, we introduce a LLM-
based prompt-rewritting strategy, which transforms
a single query into multiple stylistically distinct
yet semantically equivalent questions. Leverag-
ing this strategy, we introduce a new metric, the
"alignment score", to investigate the reasons for
performance differences among various models.
By combining performance metrics with the align-
ment score, we categorize models into 4 classes,
as deipcted in Figure 1. As shown in Table 1 and
Figure 2, AlignMMBench comprises 1,054 images
and 4,978 question-answer pairs.

As the lack of standard answers, the evaluation
of open-ended questions is a significant and chal-
lenging research topic. One simple approach is to
utilize the strongest LLM, such as GPT-4 (Achiam
et al., 2023), to score the model responses. How-
ever, the API-based GPT-4 operates as a black box,
resulting in limited control for developers. The
costs associated with API usage impose limitations
on the size of the datasets that can be used as well
as the number of models that can be tested. To
address these limitations, we fine-tuned an evalua-
tor based on the ChatGLM3-6B (Du et al., 2022),
named CritiqueVLM. Equipped with the detailed
prompt rules and chain-of-thought reasoning, Cri-
tiqueVLM achieves a 34.8% reduction in mean
absolute error when compared to human scoring,
outperforming GPT-4. Additionally, CritiqueVLM
features higher consistency across other metrics.

Based on AlignMMBench and CritiqueVLM,we
evaluate numerous popular VLMs that support Chi-
nese. Our findings are as follows: (1) All VLMs ex-
cel in perception and understanding, achieving an
average score of 5.07, but perform poorly in reason-
ing and analysis, with an average score of 4.38; (2)
Within dialogue contexts, VLMs exhibit subopti-
mal performance in the incoherence task compared
to the coherence task, indicating that VLLMs strug-



Benchmark Dataset. ] Evaluation

Size | Language Multi | Dialogue | Open Judge Metric

Category | Context | Ended Method

Ai2D (Hiippala et al., 2021) 4,903 English X X v multi-choice | Accuracy
LLaVABench (Liu etal., 2024) | 150 | English v X v GPT Score
MathVista (Lu et al., 2024b) 6,141 | English’ X X v GPT Accuracy
MME (Fu et al., 2024) 2,800 | English v X X yes-no Accuracy
MMBench (Liu et al., 2023a) 3217 |Eng. & Chi.| X X | multi-choice | Accuracy
MMMU (Yue et al., 2023) 11,500 | English X X X multi-choice | Accuracy
MM Star (Chen et al., 2024b) 1,500 | English v X X | multi-choice | Accuracy
MM-Vet (Yu et al., 2023b) 205 English v X v GPT Score
OCRBench (Liu et al., 2023b) 1,000 English X X v string match | Accuracy
TouchStone (Bai et al., 2023b) 908 | English v X v GPT Score
VisIT-Bench (Bitton et al., 2023) | 592 English v X v GPT Elo / Win
AlignMMBench (ours) 4,978 | Chinese v v v/ | CritiqueVLM | Score

Table 1: Comparisons between AlignMMBench and other benchmarks.
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Figure 2: Categories and examples of AlignMMBench.

The chart on the left displays the categories of AlignMM-

Bench, encompassing three main categories and thirteen specific tasks. The numbers listed under each category

represent the number of images in that category and the

corresponding percentage of the total. The right side of the

pie chart presents two examples, illustrating instances from the incoherence and coherence tasks.

gle to detect previous errors; (3) Certain English-
based VLMs, such as Phi-3-Vision (Abdin et al.,
2024), exhibit suboptimal performance on Align-
MMBench, suggesting the composition of the train-
ing corpus is critical in alignment evaluation.

In summary, the main contributions of this paper
are as follows:

* We propose AlignMMBench, a multimodal align-
ment benchmark that encompasses both single-
turn and multi-turn dialogue scenarios. It in-
cludes three categories and thirteen capability
tasks, with a total of 4,978 question-answer pairs.
As far as we know, this is the first public align-
ment benchmark specifically designed for the
Chinese visual context.

* To improve the controllability of evaluation

scores, we introduce the CritiqueVLM, a
ChatGLM3-6B based evaluator that has been
rule-calibrated and carefully fine-tuned. With
human judgements, its evaluation consistency
surpasses that of GPT-4.

* We benchmark representative VLMs on Align-
MMBench. Beyond their performance, we pro-
vide in-depth insights into the current state of
Chinese VLM and highlight the areas that require
further enhancement.

2 Related work

Multimodal benchmark. Early multimodal
benchmarks predominantly focus on specific cross-
modal tasks such as Image Caption (Lin et al.,
2014; Plummer et al., 2015), Visual Ground-



ing (Kazemzadeh et al., 2014; Yu et al., 2016),
Visual Question Answering (Schwenk et al., 2022;
Marino et al., 2019; Mathew et al., 2021) and Op-
tical Character Recognition (OCR) (Singh et al.,
2021). Recent benchmarks can be categorized
into two types based on their questions, including
domain-specific and general scenarios. 1) Domain-
specific benchmarks concentrate on particular sub-
fields. For example, discipline reasoning (Yue et al.,
2023; Lu et al., 2024b), OCR (Liu et al., 2023b),
chart understanding (Masry et al., 2022; Hiip-
pala et al., 2021), and the hallucination test (Liu
et al., 2024). 2) General benchmarks provide multi-
dimensional and diverse assessments, encompass-
ing MME (Fu et al., 2024), MMBench (Liu et al.,
2023a), MMStar (Chen et al., 2024b), MM Vet (Yu
et al., 2023b), LLaVABench (Chen et al., 2024b),
VisIT-Bench (Bitton et al., 2023), and Touch-
Stone (Bai et al., 2023b). From another perspective,
based on differences in result evaluation methods,
the aforementioned benchmarks can be divided into
deterministic and open-ended types. Table 1 pro-
vides an overview of the categories and salient fea-
tures of prominent benchmarks.

Different from the above benchmarks, Align-
MMBench is a universal and open-ended alignment
benchmark. Additionally, we present dialogue con-
text tasks based on real-world user corpus.

LLM-as-a-Judge methods. In the realm of au-
tomated model response evaluation, employing a
robust LLM as an evaluation assistant is widely
adopted across various VLM benchmarks. Math-
Vista (Lu et al., 2024b) utilizes an LLM to ex-
tract answers from responses for more precise
comparisons with reference answers, while other
works (Liu et al., 2024; Yu et al., 2023b; Bai et al.,
2023b; Bitton et al., 2023) adopt the LL.M-as-a-
Judge (Zheng et al., 2024) approach. This method
prompts the LLM to act as a judge, scoring re-
sponses or selecting the better response between
two candidates. Furthermore, recent researches (Ge
et al., 2024; Zhang et al., 2023; Kim et al., 2024,
2023) explore the feasibility of employing the
LVLM-as-a-Judge approach to achieve more ac-
curate evaluation results.

However, evaluating numerous models within
a large benchmark can be costly and inefficient,
with results potentially becoming unstable due to
API-based model updates. The current capabili-
ties of LVLMs in instruction-following and logi-
cal reasoning are markedly inferior to those of the

most advanced LLMs. In this work, we design
a set of task-level evaluation prompts to improve
the accuracy of LLM scoring. Additionally, we
fine-tune ChatGLM3-6B (Du et al., 2022) using a
high-quality, human-annotated grading corpus to
enhance the evaluation capabilities of our model.

3 AlignMMBench

3.1 Dataset composition

AlignMMBench comprises 1,056 images and 4,978
associated test cases. Each test case includes an
image, a question, and a meticulously crafted refer-
ence answer. To evaluate the capabilities of VLMs
across various dimensions, we categorized these
test cases into three primary categories and thirteen
distinct tasks, ranging from simple object recogni-
tion and description to complex reasoning and com-
putation, as shown in Figure 2. AlignMMBench is
consist of three major categories: Perception and
understanding, which involves answering ques-
tions by synthesizing information from images and
world knowledge; Reasoning and analysis focuses
on assessing the model’s capabilities in information
processing and analysis, which often require nu-
merical calculations or logical reasoning to provide
accurate responses; Dialogue context evaluates ca-
pability in real-world user scenarios. For a detailed
definition on these categories and their sub-tasks,
please refer to Appendix A.1.

3.2 Dataset construction

As illustrated Figure 3 (left), the construction of
AlignMMBench involves three steps: image collec-
tion, query generation, and answer annotation.

Image collection. First, we manually define 13
task types in AlignMMBench, with researchers
constructing detailed descriptions and instructions
for each type. Subsequently, web crawlers were em-
ployed to retrieve images from Chinese websites,
such as Baidu, based on these predefined descrip-
tions. To ensure data quality, researchers manually
filtered out low-quality or irrelevant images from
the dataset. Then, we collected real-world user
queries from a Chinese application that offers gen-
erative Al assistant services, primarily catering to
professionals and students. Throughout our pro-
cess, we were diligent in avoiding the extraction of
images from websites with copyright restrictions,
and we conducted manual inspections to ensure
adherence to copyright compliance.
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Figure 3: Overall framework of our work.

Furthermore, we manually eliminate low-quality
images based on the following protocols: (1) Re-
moving images containing unidentifiable objects or
text; (2) Eliminating images that contains personal
privacy or offensive content; and (3) Excluding im-
ages with similar content that have already been
included. Besides, we calculated the MDS5 value of
each image to avoid inclusion in our known SFT
datasets or prior benchmarks.

Query generation. For images obtained via the
web crawler, we craft a seed question that corre-
lates with the image and aligns with its designated
category. Given the complexity of constructing a
dialogue history based on an image, we use real-
world user requests exclusively for building the
"Dialogue Context" category. Considering the vari-
ability of problems with the same user intention,
we employ ChatGLM (Du et al., 2022) to rephrase
the seed questions without altering their original
purpose. This method was applied specifically to
single-turn questions.

Answer annotation. Annotators are instructed
to produce accurate and comprehensive answers,
incorporating as many pertinent details as possible.
This approach enhances the ability to conduct pre-
cise evaluations independently of visual content.

Since we employ a prompt rewrite strategy to
expand our question set, we implement a two-
phase check process. In the first phase, each seed
questions-answer pair (1,054 pairs in total) is man-
ually reviewed. Subsequently, we utilize an LLM
to expand the questions (details in Appendix A.4)
and manually verify that each generated question
is stylistically different yet semantically equivalent
to seed questions. Following these checks, we ob-

tained a total of 4,978 question-answer pairs.

Then, we manually eliminate low-quality re-
sponses based on the following protocols: (1) Fac-
tual errors: The reference answer includes a de-
scription that does not correspond to the image con-
tent; (2) Unfollowing: The reference answer does
not follow with the instruction in the prompt; (3)
Incomplete answers: The reference answer lacks
sufficient information to evaluate the response with-
out the image; (4) Common sense mistakes: The
reference answer contains common sense errors.

Finally, we employed a two-phase annotation
process to obtain our responses. In the first turn,
annotators craft responses based on the correspond-
ing images. After that, researchers review these
preliminary annotations, filter out low-quality en-
tries, and request re-annotations where necessary.

These steps ensure a robust foundation for the
subsequent phases of our study, providing a reliable
and high-quality multimodal benchmark.

4 CritiqueVLM

In this section, we propose an LLM-based evalua-
tor, referred to as CritiqueVLM, to automatically
assess responses based on the provided questions
and detailed reference answers. CritiqueVLM is
fine-tuned from ChatGLM3-6B (Du et al., 2022;
Zeng et al., 2022) and generates a score between 1
and 10, along with a chain-of-thought explanation,
as illustrated in Figure 4.

4.1 Training data construction

Prompt design. Following (Zheng et al., 2024),
we devise a prompt system consisting of general
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(According to the pattern in the image, which option should be chosen
for the question mark section?)

FRING—ATAE ATE RS AN Z R, £ AT RE AR ERARAA

A8 BTy 6 B B, T S AT B e — AN R w9 M IR S8 KL A B C D

i B, F5HLmixasfEDRA.
Score: 3

(Considering the similarity and difference between the patterns in the first
and second rows, the last pattern in the first row consists of two line
segments in opposite directions, while the last pattern in the second row is
made up of four intersecting line segments. Therefore, the question mark

section should select option D.) [\/\
Reason: AT®)FAEEFME, RAZETER T EEGMMEAZ R, 2 LEREEE 5L L ELHGIETIF. 555 AH
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(While the AT assistant considered the similarity and difference of the patterns in the image when answering the question, its
reasoning process did not conform to the pattern provided in the reference answer. The reference answer clearly stated that
the number of rays in the shapes is 1, 3, 5, all odd numbers, and inferred that the number of rays in the shape at the question
mark should be 7 based on this pattern. However, the AT assistant did not provide such logical reasoning but made a
selection based on the composition of the patterns, which is inconsistent with the reasoning pattern required by the
question, hence the lower score. At the same time, since the scorer cannot view the content of the image, it is not possible

to verify the accuracy of the AT assistant's answer, but based on the regularity and logic of the answer, it can be judged that
the relevance of its answer is not high.)

Figure 4: A critical example from CritiqueVLM.

and task-specific prompts. The general prompt out-
lines the scoring range, criteria, and output format.
Task-specific prompts are varied by different cate-
gories, containing several hints to guide the critic
model in accurately checking answers. Besides, we
use in-context examples to mention that the critic
model cannot access an image, encouraging it to
infer the image’s content. The detailed prompts are
presented in Appendix A.8.

Scoring data collection. We collect the training
corpus based on CogVLM (Wang et al., 2023) and
QwenVL-Chat (Bai et al., 2023a). Given the chal-
lenging nature of the test cases in our AlignMM-
Bench even for human annotators, we utilize re-
sponses from a "reference model" that rephrased
reference answers using GLM-4 (Du et al., 2022;
Zeng et al., 2022). This approach mitigates bias
from predominantly low scores. Human annota-
tors were then tasked with scoring each response
from 1 to 10 and providing reasonable explanations,
guided by the same prompts used by CritiqueVLM,
but with access to images, questions, and reference
answers. To prevent bias from the models’ capabili-
ties, we anonymize the model names and randomly
shuffled the data.

Dataset partition. We allocate 90% of the data
from each category to the training dataset and re-
serve the remaining 10% as an internal testing
dataset. To assess the model’s agreement with
humans when analyzing responses from a novel
VLM, we create an external testing dataset using re-

sponses generated by GPT-4 (Achiam et al., 2023)
and annotated scores provided by human experts.

4.2 Supervised fine-tuning

We select ChatGLM3-6B (Du et al., 2022; Zeng
et al., 2022) as the base model and fine-tune it on
the training dataset. The DeepSpeed (Rasley et al.,
2020) library was employed as our training frame-
work, utilizing the FusedEmaAdam optimizer with
a weight decay of 0.05. The learning rate is ini-
tially set to 10~> with a 1% warmup ratio. The
maximum source sequence length is set to 4096,
and the target sequence length to 1024. Training
is conducted with a global batch size of 128 on 32
A800 GPUs. After 1,000 iterations, the training
loss decreased from 3.8 to 0.3.

S Experiments

5.1 Baselines

We select two models, ChatGPT (gpt-3.5-turbo)
and GPT-4 (gpt-4-1106-preview)(Achiam et al.,
2023), as baselines for Critique VLM, as they are
widely utilized in other benchmark studies. Addi-
tionally, given that AlignMMBench is a Chinese-
style benchmark, ChatGLM3-6B(Du et al., 2022;
Zeng et al., 2022) is also included.

5.2 Evaluation on evaluator performance

In our experiment, we employ six statistical metrics
to assess the agreement between human annotated



Testcase | Internal

‘ External

Metric | e | » | p | 7 | f

slelrl ol n | f1s

ChatGLM3-6B | 2.424 | 0.230 | 0.224 | 0.194 | 0.350 | 0.285 | 3.237 | 0.103
0.596 | 0.505 | 0.427 | 0.347 | 2.473 | 0.404
0.836 | 0.726 | 0.677 | 0.565 | 1.486 | 0.770
0.838 | 0.740 | 0.747

ChatGPT 1.720 | 0.572
GPT-4 1.256 | 0.839
CritiqueVLM* | 0.818 | 0.846

0.646 | 1.146 | 0.778

0.091 | 0.077 | 0.296 | 0.197
0.429 | 0.356 | 0.370 | 0.247
0.765 | 0.648 | 0.550 | 0.424
0.782 | 0.671 | 0.670 | 0.511

Table 2: Results of the agreement between human annotated scores and models.

scores and model generated scores. Common four

statistical metrics include the mean absolute error

(e), Pearson (r), Spearman (p), and Kendall corre-

lation coefficient (7). To mitigate the bias from an-

notators preferences, we map scores to predefined
ranges and calculate accuracy as an evaluation met-

ric. Based on scoring criteria, integers from 1 to 10

are divided into two sets of ranges:

* Fuzzy division. This division includes 4 ranges:
Unfollow ([1, 2]), Bad ([3, 5]), Good ([6, 8]), and
Excellent ([9, 10]). We denote the proportion of
the score from annotation and model in the same

ranges as f.
* Strict division. This division includes
7 ranges, each corresponding to specific

ranges defined in the scoring criteria:
1,1],12,2], 3, 3], 4, 5], [6,6],[7,8], 9, 10].

We denote the proportion of the score from
annotation and model in the same ranges as s.

Detailed results are presented in Table 2, demon-
strating that CritiqueVLM achieves superior per-
formance with only 6 billion parameters. Addition-
ally, Figure 4 provides two examples of scoring by
CritiqueVLM, validating its ability to generate rea-
sonable critical scores and detailed explanations.

5.3 Leaderboard

We benchmark a range of popular VLMs, including
GPT40 (OpenAl., 2024), Qwen2-VL (Wang et al.,
2024), CogVLM2 (Wang et al., 2023), InternVL2,
InternVL-Chat-V1.5 (Chen et al., 2023b, 2024d,c;
Gao et al., 2024), MiniCPM-V2.5 (Yu et al.,
2023a; Hu et al., 2023; Xu et al., 2024; Yu et al.,
2024), Qwen-VL-Chat (Bai et al., 2023a), XCom-
poser2V (Dong et al., 2024), DeepSeek-VL (Lu
et al., 2024a), Monkey-Chat (Li et al., 2023), Yi-
VL (Al et al., 2024), Phi-3-Vision (Abdin et al.,
2024), ShareGPT4V (Chen et al., 2023a), LLava-
v1.5 (Liu et al., 2024), and InstructBLIP (Dai et al.,
2023). Results are shown in Table 2.

5.3.1 Analysis on overall result.

The average scores of VLMs in Table 3 range
from 3.3 to 6.5, indicating that most VLMs can

understand question requirements and generate re-
sponses relevant to the images, according to our
scoring criteria. Scores below 5.0 reflect numer-
ous errors in the VLMs’ responses. Additionally,
GPT40 (OpenAl., 2024) demonstrates the best per-
formance across most tasks, and CogVLM?2 (Wang
et al., 2023) secures the second-best performance.
Moreover, the disparity in rankings between the
"Ref." column and AlignMMBench underscores
the limitations of existing benchmarks, which do
not fully account for characteristics in Chinese con-
text. Consequently, AlignMMBench serves as a
valuable complement to existing benchmarks.

5.3.2 Analysis on alignment ability.

We propose a novel metric, "alignment score",
to evaluate the alignment capabilities of LVLMs.
Consider a dataset with N seed questions, where
each seed question, denoted as .S;, generates
a set of M; semantically equivalent questions
{Qi1,Qiz2...,Qin}. Foreach question Q; ;, let
R; ; represent the score achieved by the model on
this question. The proposed metric is defined as
the inverse of the average standard deviation across
all seed questions and is expressed as follows:

Align. = J\],V
i=1 01
1 M;
0i = ﬁz . (Ri; — Ri)?
J=1
1 M;
R = 07 ZRi,j

This metric reflects the average variability of
results within clusters of semantically equivalent
questions, with higher values indicating greater
consistency. We agree that a well-aligned model
can demonstrate consistent performance when pre-
sented with stylistically distinct yet semantically
equivalent questions. Accordingly, this metric is
selected as an evaluation criterion to assess the
model’s alignment capabilities.

By combining the average score and the align-
ment score, these models can be categorized into
four groups, as illustrated in Figure 1:



Perception & Understanding. Reasoning & Analysis Context

Models Size|Ref.| Avg [ Des. Rec. Cou. OCR. Mem. Kno.|Rea. Cha. Pro. Com. Wri.|Coh. Inc. | Align.
Qwen2-VL 72B| 1 |6.51]7.39 6.64 6.64 7.60 7.09 6.32|4.00 7.16 5.89 6.57 7.72|6.37 5.26| 1.54
Claude - | 4 ]651|7.68 6.89 6.79 7.02 7.10 6.284.06 7.11 520 5.92 7.98|7.02 5.52| 1.45
GPT-40 - 2 1641|775 641 520 7.17 17.28 6.16 |4.44 7.23 581 7.19 7.85|6.41 4.43| 1.18
Cogvlm?2 19B| 8 [5.81|7.20 6.12 5.75 7.21 6.07 5.69|3.43 592 437 5.65 7.34|6.33 4.43| 1.49
InternVL-Chat 26B| 5 [5.62]7.12 6.00 551 6.63 499 5.08|3.35 598 3.98 6.33 7.26|6.31 4.48| 1.12
InternVL2 76B| 3 |5.57(6.95 5.11 5.81 7.37 596 3.61|3.83 648 4.66 6.05 6.05|6.30 4.23| 0.93
MiniCPM 8B | 6 |5.42|7.18 537 546 6.23 4.46 535|3.34 4.83 3.69 5.99 7.35|6.25 4.97| 1.09
Qwen-VL-Chat 9B | 12 |5.13]6.43 5.87 540 4.80 5.11 558|298 4.10 3.12 5.51 7.19/6.07 4.50| 1.01
InternLM-XC2-VL 7B | 7 |497]6.34 470 5.28 5.06 4.69 5.03|3.08 4.49 3.29 5.00 7.21|592 4.56| 0.88
DeepSeek-VL 7B | 11 |4.70]6.53 5.52 5.10 3.98 3.87 4.19|2.50 3.96 2.58 5.46 7.15|5.83 4.47| 1.02
Monkey-Chat 9B | 10 |4.70]6.04 4.88 5.57 4.66 4.18 4.96|3.01 4.00 2.61 4.87 6.29|6.15 3.96| 0.96
ShareGPT4V 13B| 14 {4.39|5.93 4.61 5.16 3.777 4.04 4.58|2.45 3.73 2.19 5.05 6.39|5.36 3.79| 1.08
LLava-v1.5 13B| 15 |4.31|6.02 4.56 446 3.85 3.69 4.72]2.46 3.69 2.10 4.75 6.21|5.60 3.96| 1.05
Yi-VL 34B| 13 [4.25|4.79 4778 5.19 3.33 3.58 4.47 (242 3.25 2.08 4.72 6.61|5.87 4.13| 1.20
Phi-3-Vision 4B | 9 [4.08|4.48 3.53 4.75 4.10 3.48 3.16(2.56 4.40 2.85 4.34 5.51|5.85 4.07| 0.86
InstructBLIP 9B | 16 |3.31|4.11 4.61 4.11 277 3.05 2.92|1.76 2.58 1.12 336 3.17|5.42 4.02| 1.09
GPT-40 without image| - | - |2.13|1.11 1.57 122 173 153 1.17|129 2.88 1.14 1.99 3.50|5.14 341| -

Table 3: Evaluation results on AlignMMBench. For each column, the highest score is bold, while the second
highest score is underlined. The "Ref." column indicates the relative ranking of these models on the https:
//rank.opencompass.org.cn/leaderboard-multimodal, dominated by primarily English benchmarks. Table 4

presents the detailed versions and architectures of these open-sourced models.

* Robust Convergence: These models exhibit a
strong capacity for alignment, with both their
visual and language components demonstrating
robustness to achieve high levels of performance.

¢ Component-Centric: While the visual and lan-
guage parts in these models exhibit notable
strengths, further advancements are necessary
to enhance their multimodal alignment.

¢ Alignment-Driven: These models display effec-
tive multimodal alignment; however, their over-
all performance remains constrained by inherent
limitations in their visual or language parts.

* Baseline Limited: These models exhibit lim-
ited capabilities in both alignment and their
visual/language parts, necessitating further im-
provements to enhance performance.

5.3.3 Analysis on category-level performance

Single-turn scenarios. Focusing on VLMs with
average scores above 6.0, we observe that they per-
form well in tasks such as description, OCR, and
writing. These tasks require VLMs to understand
images but do not include complex reasoning or
computation. However, they do not perform well in
tasks involving reasoning and problem solving. For
instance, GPT4o0 (OpenAl., 2024) scores only 4.44
in reasoning and 5.81 in problems, indicating fre-
quent response errors. These observations suggest
that while current top-tier VLMs can comprehend
images and integrate information from images and
texts, they struggle with test cases that demand
complex reasoning and computation.

Multi-turn scenarios. In the coherence task,
GPT-40 (OpenAl., 2024) demonstrates the best per-
formance among all models. Most VLMs achieve
scores above 6.0, indicating their ability to fol-
low instructions from previous interactions and
utilize information from the dialogue context ef-
fectively. However, all VLMs exhibit suboptimal
performance in the incoherence task. This suggests
that these models struggle to detect previous errors
within the dialogue context and to make accurate
corrections as guided by users.
Please see Appendix A.2 for more analysis.

6 Conclusion

In this paper, we introduce AlignMMBench, a com-
prehensive Chinese multimodal alignment bench-
mark comprising three high-level categories and
thirteen subtasks. AlignMMBench includes 1,054
images and 4,978 question-answer pairs, encom-
passing both single-turn and multi-turn dialogue
scenarios. To facilitate accurate and efficient evalu-
ations, we developed a critique generation model,
referred to as CritiqueVLM. Experimental results
demonstrate that CritiqueVLM can assign scores
aligned with human preferences and achieve su-
perior performance compared to the widely used
GPT-4. Additionally, we present a leaderboard
featuring popular VLMs, highlighting potential di-
rections for future improvements in VLMs. We
anticipate that this dataset will further advance the
development of multimodal language models.


https://rank.opencompass.org.cn/leaderboard-multimodal
https://rank.opencompass.org.cn/leaderboard-multimodal

Limitations

First, AlignMMBench functions as a alignment
benchmark within Chinese context and does not
evaluate the multilingual capabilities of VLMs.
We plan to gather more images and questions in
other languages to extend the scope of our bench-
mark. Second, due to the suboptimal performance
of VLMs in scoring evaluation tasks (Chen et al.,
2024a), we currently employ an LLM as our eval-
uator, which necessitates the use of reference an-
swers that exclude image-derived information. In
future work, we will explore the feasibility of us-
ing VLMs as reliable evaluators without requiring
human-annotated reference answers.
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A Appendix
A.1 Detailed category definition

We provide a detailed definition of each task in
AlignMMBench below, briefed in Figure 2.

Perception and understanding. This category

involves answering questions by synthesizing in-

formation from images and world knowledge. It
comprises six different tasks:

* Description. This task evaluates the model’s
ability to provide general descriptions of an im-
age. All questions are constructed by sampling
from a list of description requests.

* Recognition. This task requires the model to
recognize objects in the image, covering a wide
range of topics, including plants, animals, fa-
mous people, and films.

* Counting. This task requires the model to count
specific objects in the image.

* OCR. This task assesses the model’s ability to
understand Chinese characters within images.



* Meme. Memes consist of widely shared im-
ages paired with text, using visual metaphors
to convey meanings different from the original
images (Hwang and Shwartz, 2023). This task
aims to test whether models can truly understand
the meaning of images, which is useful for exam-
ining the model’s ability to grasp the profound
metaphor between images and texts.

* Knowledge. This task tests the model’s world
knowledge. VLMs are required to provide com-
prehensive answers based on their internal knowl-
edge, such as introducing the history of a tourist
attraction or providing public information about
a celebrity.

Reasoning and analysis. Beyond perception &
understanding, this section focuses on assessing
the model’s capabilities in information processing
and analysis. These tasks often require numerical
calculations or logical reasoning to provide accu-
rate responses. This category is divided into five
distinct tasks:

* Reasoning. This task assesses the model’s log-
ical reasoning capacity, requiring it to make ac-
curate choices and interpretations by identifying
corresponding patterns in images, as illustrated
in Figure 4.

e Chart. This task requires the model to parse
information from charts in images, converting
it to specified formats or calculating question-
specific statistical characteristics.

* Problem. This task involves solving high school-
level problems across various disciplines such
as Mathematics, Physics, Chemistry, and Biol-
ogy. To differentiate from the OCR category, we
ensure that most of these problems cannot be cor-
rectly answered based solely on the text in the
images.

* Comparison. This task requires models to iden-
tify differences between two sub-images or com-
pare objects in different locations. Models need
to locate objects and analyze the differences be-
tween them.

* Writing. Writing based on images requires com-
prehensive analysis and creative abilities. In this
task, the model is required to compose poems,
advertisements, speeches, and other forms of text
based on the images.

Dialogue context. In real-world user scenarios,
models are typically required to generate responses
based on dialogue context. However, this re-
mains an underexplored area in existing multi-
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modal benchmarks. We broadly categorize this
capability into two tasks:

* Coherence. In practical applications, users pre-
fer that VLMs retain and utilize the entire di-
alogue context to generate coherent responses.
This task focuses on evaluating the model’s abil-
ity to follow instructions and incorporate infor-
mation from dialogue history.

Incoherence. When a model provides incorrect
or irrelevant responses, users usually highlight
these errors and expect the model to correct their
replies. Therefore, this task assesses the model’s
self-correcting abilities.

A.2 Analysis on different backbone

To better illustrate the importance of our bench-
mark in Chinese, we conducted a survey of the
open-source models featured in our leaderboard.
The results are presented in Table 4. By integrat-
ing their underlying architectures with their per-
formance metrics from the leaderboard, we make
these observations:

* The training corpus plays an important role
in model performance. As shown in the Ta-
ble 4, models primarily trained in Chinese
consistently outperform their English counter-
parts on AlignMMBench. Consequently, it
can be inferred that previous evaluations of
Chinese multimodal models based on English
benchmarks may not have been sufficient and
satisfactory.

* For both Chinese and English models, there
is a generally positive correlation between
model size and performance scores, indicat-
ing that larger and more recent models tend to
achieve better results.

* Due to the variation in training corpora across
different models, it is challenging to assess
the specific impact of different model archi-
tectures. This issue represents an important
research topic that extends beyond the scope
of this paper’s discussion.

A.3 Radar chart

To better analyze these VLMs’ performance on
different tasks, we draw an radar chart in Figure 5.
Observations from this chart:

* GPT40 outperforms other models in most
tasks, with CogVLM2 consistently ranking



Model | Size | Backbone/version | Main Language | Avg Scores
Qwen2-VL 72B | Qwen2-72B+QwenViT Chinese 6.51
CogVLM2 19B EYAZ-.C.LIP-E + Adapter + MLP + LLaMA3 Chinese 53]
with vision Expert
InternVL-V1.5 [26B | ViT-L/14 + InternLM2 Chinese 5.62
InternVL2 76B |InternViT-6B + Llama-3-70B-Instruct Chinese 5.57
MiniCPM-V2.5|8B |SigLIP + resampler + LLaMA3 Chinese 542
Qwen-VL-Chat |9B | Vit-BigG + CrossAttn + Qwen Chinese 5.13
XComposer2V |7B | ViT-L/14 + InternLM?2-7B Chinese 4.97
DeepSeek-VL |7B |SAM-B & SigLIP-L + Adapter + DeepSeek | Chinese 4.70
Monkey-Chat |9B | Vit-BigG + resampler + Qwen Chinese 4.70
ShareGPT 4V | 13B | ViT-L/14 + MLP + LLaMA2 English 4.39
LLaval.5 13B | ViT-L/14 + MLP + LLaMA?2 English 4.31
Yi-VL 34B | ViT-H/14 + MLP + Yi Chinese 4.25
Phi3 Vision 4B | Vit-L/14 + Phi-3-mini English 4.08
InstructBlip 9B |ViT-g/14 + QFormer + LLaMA-7B English 3.31

Table 4: Summary table of different open-source model backbones.

second. Notably, in tasks such as "Problem"
and "Meme", GPT4o establishes a significant
lead over other VLMs.

* Existing VLMs could make good performance
in "Perception & Understanding" category,
but still need improvement on "Reasoning &
Analysis" and "Dialogue Context".

Description

Incoherence

Recognition

Coherence Counting

Writing

GPT40
CogVLM2
—— InterVL-Chat-V1.5
MiniCPM-V2.5
—— Qwen-VL-Chat
Xcomposer2V
—— DeepSeek-VL
Monkey-Chat
Yi-vL
—— Phi-3-vision

Comparison Meme

65 6.5

Problem Knowledge

Chart Reasoning

Figure 5: Radar chart of leaderboard results.

A.4 Prompt rewrite strategy

In this section, we provide a detailed implementa-
tion and example of our prompt rewriting strategy.
For test cases in the "Perception & Understanding"
and "Reasoning & Analysis" categories, we employ
GLM4 to generate multiple different prompts while
preserving the original intent of the seed prompt.
Subsequently, we manually review all prompts to
ensure they meet our requirements. The prompt
used in our rewriting strategy is illustrated in Fig-
ure 8.

Figure 9 illustrates an example of equivalent
prompts for the same images, where the model’s

scores varied significantly. This demonstrates that
our rewrite strategy enhances the robustness of our
alignment evaluation, effectively minimizing the
fluctuations in results attributed to the model’s in-
herent randomness. This improvement ensures
more consistent and reliable assessments across
different tests.

A.5 Analysis on question and reference
answer lengths

In this section, we present the distribution of length
for questions and reference answers in our Align-
MMBench dataset. Results are illustrated in Figure
6.

A.6

A.6.1 Image collection

More details of data generation

We conducted this process in the following steps:
1) Researchers manually defined 13 task types, and
construct keywords for each tasks. 2) Web crawlers
collected over 20k images using these keywords
and removed duplicates based on their hash values.
3) Researchers manually selected images varying
in style and content.

Below are several examples of the keywords in
step 1:

* Description: Poster, Scenery, Flowchart, Map,
Cartoon.

* Knowledge: Movie, Celebrity, Software icon,
Famous attraction, Book.

* Chart: Flowchart, Subway map, Bar graph,
Table, Index status, Data summary table.

* Recognition: Fruit, Flower, Plant, Animal,
Food, Simple drawing.
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Figure 6: Length distribution of questions and reference answers.

* OCR: Handwritten, Documents, Signs, Bill-
boards, Math formulas.

* Counting: Fruit stall, Collections, Crowds.

» Reasoning: Puzzles, IQ test, Reasoning, Brain
teaser.

* Problem: Math exercises, Reading compre-
hension problems, Mechanical problems, Bi-
ology problems.

* Comparison: Car comparison, Home products
comparison, Product comparison, Cosmetics
comparison.

* Writing: Scenery, Countryside, Forest, Urban,
Wildlife.

e Meme: Meme.

A.6.2 Human annotation

Guidelines The guidelines provided to human
annotators are fundamentally consistent with the
prompt detailed in A.8. Furthermore, annotators
were supplied with typical characteristics and illus-
trative examples corresponding to different scoring
levels.

Participants and workload The annotators par-
ticipating in out work are either employees or in-
terns at Zhipu Al. Approximately ten individuals
are involved in the annotation process, and each
annotator processes about 60 entries per day. To
ensure the high quality of the annotation results,
additional personnel perform quality checks on the
annotations at the end of each day.
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A.7 Examples

A.7.1 Image examples

In this section, we randomly selecte multiple im-
ages to demonstrate the diversity of visual tasks, as
depicted in Figure 7. These images illustrate that
our AlignMMBench includes a variety of examples
that emphasize unique features of the Chinese con-
text. These include: 1) images related to Optical
Character Recognition (OCR) and 2) the identifica-
tion and description of Chinese celebrities, tourist
attractions, and holidays. This suggests that our
AlignMMBench serves as an excellent supplement
to the predominantly English benchmarks currently
available.

Reasoning [+«

Chart

Problem

Comparison| ¢

Figure 7: Image examples of different tasks.
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You are a language expert proficient in Chinese. I
will now provide you with a user’s query about the
content of a specific picture. You need to rewrite
the query without altering its overall meaning. That
is, if someone were to read both the original and
the rewritten queries, their responses should be
consistent.

[Question begin]
{seed question}
[Question end]

You need to provide five different rewrites of the
query. The output format should be five lines, each
containing one of the rewrites. Please ensure no other
characters are output.

Figure 8: The prompt used in prompt-rewrite strategy.

A.7.2 Evaluation examples

To more effectively illustrate the evaluation capa-
bilities of CritiqueVLM in comparision to GPT-4,
we have chosen an evaluation example in Figure
10.

A.8 Evaluation prompt

Our evaluation prompt consists of general instruc-
tions and task-specific prompts, which are listed as
follows.

General instruction is illustrated in Figure 11.
This prompt encompasses the scoring range, crite-
ria, general hints, and output format. We employ
an in-context example to enable the critic model to
infer the content of the image from the question and
reference answers. Furthermore, it encourages the
model to thoughtfully consider details not found
in the reference answers rather than immediately
deeming them incorrect.

Task-specific instruction is illustrated in Fig-
ure 12. We manually identify the errors made by
the API model and construct specific hints to guide
it towards accurate evaluations.
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FEER
Prompt1

2022 CAITLIN FONT DESIGN

HE P 69 5
(Please mennfy all the text content in the image.)

U

B 69 5 A LA Ao F o \n\nfp 4k AL R LA \n\n2022 CAITLIN 415 54k FONT DESIGN
(The text content within the image is as follows:\n\n#p fi & B4z 7 %4 1 \n\n2022 CAITLIN § 5 5 {k FONT DESIGN.)

Score: 10
Reason: ALsh##m % 5 A% ERASRE—5, LHRANTEFHLFEE, FLOETAEERF AR 09 FHRIAHE
&, RABAT R P 0 FIE Ko S TR A KT @I RRRT, FILIBT 890

(The AT assistant's response was in complete agreement with the reference answer, correctly identifying the textual
information within the image and also including font design details not mentioned in the reference answer, thus fully
meeting the user’s query req Its performance in terms of and relevance was exemplary,
warranting a perfect score.)

(What is the text within the image?)

BREZHIFR: " RERLRERS "
(The text within the image states: “m g s R £t *)

&

Score: 3
Reason: ALsF 95604 5.5 54 EEARABN, RAEALRIE S 0 XF, RKDES PR E, 2050 LE, B
ST RIS BB B, WESREAMRRORS AR, HAFS A3

(The content of the AT assistant's response deviated significantly from the reference answer., failing to accurately
identify the text within the image. Although the response was related o the question, its low level of precision
warrants a lower score. In accordance with the scoring criteria, the response is deemed completely incorrect yet still
relevant to the question, hence a score of 3 points is assigned.)

Prompt3

HAFRIRAE A 28 LF

(Please help me identify the text within the image.)

B R CFA: I RENL AL \o\nL B K 9T F, EH—LEALF: 2022 CAITLIN 5 5k FONT
DESIGN”,

s BRI R R, \n\n A R T, B —%AEXF: 2022 CAITLIN 45 54k FONT

Score: 5
Reason: ALy %549 AAN S5 545K, SR LB b6 IELF

2 R PRI, AR R R

WAABRER, LRERM, XYHT te B, HF556FM.

(The AT assistant's response was essentially consistent with the reference answer, capable of recognizing the main
textual information in the image. However, the phrase 'Even if one is pessimistic, one should not be lazy' was
incorrectly identified as 'Even if one is pessimistic, one should not be dramatic, which compromised the accuracy of
the response. Consequently, a score of 5 points is given.)

Figure 9: An example of equivalent prompts for the
same image.

| [ mttasxmpae
{Why I this picure interesting?)

% 3 B 5 v 4, W EHE
ARBTHRERA, PRNFELWRA. BAET LOERTORERR. HROES
FERE, REA—LUGES, DHEEGALDAEELS

. the cat

)

AEOERKEL TS AEARKOEELAC
SrnaceEgy

. CREEBREN |\
i B
B BAR (Rt BRI, BERETAE SRR
&myg:&:u HIRE, BATNERFLQARBHERRT:
pon

AR 0T WRARA, S MAN2 I TR E RS EADN N T AL S SN, KR0S LEERER R ARRIRN, 2T ABTFHR
EARCHEPAD, THRNFERESA UEOERAE. Bk, RERHINE 0% ERRENRES LS TFENE, L8 FRENHS

o,

BERX, OEERERGARS LEENRET, ANTERSSEENT LT
U SR At h MU RN BS, EEEOALERE SATRRAR.

.

<

RIET
M S AR 8 AR, S TMA MR, KOS S A SR DS A E R AR, 7
Ay REMERE AN DL ORS > MNRF), RONNERAREESAERTRE, A TYBOENTRNE, REGWELAFRAR, B, AHFH
EERFR 7 AFEAHHAER, SHEAHWH.

the picture

of th it he

and retection,

Therefore, the

Figure 10: A specific comparative example between
CritiqueVLM and GPT4 evaluation.
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## Q&A Data

{dialogue history }

- User Question: {question}

- Question Type: {questiontype}

[Reference Begin]{reference answer }[Reference End]

[AI Assistant Answer Begin]{ Al Assistant Answer}[AI Assistant Answer End]

## Objects

You are an expert at evaluating the quality of Q&A responses. As an objective and fair judge, evaluate the Al assistant’s response based on the user’s question and the reference
answer.

## Instructions

- Scoring Requirements:

1. Your evaluation should consider accuracy, relevance, and the level of detail. Begin your assessment by comparing the Al assistant’s answer to the reference answer, identify any
unreasonable content in the AI assistant’s response, and provide a brief explanation after completing the overall score.

2. For each scoring request, you need to score from 1 to 10, with the rules as follows: The higher the quality of the model’s response, the higher the score. If the AI assistant
completely ignores the user’s text instructions, answers unrelated questions or rambles, the total score must be 1; if the AI assistant’s response is relevant to the user’s question but
contains harmful content (such as unfriendly, violating safety) or the sentence is not smooth (such as a lot of repetition, overall language chaos), then the total score must be 2; if the
Al assistant’s response is relevant to the user’s question but completely incorrect, then the total score can only be 3. If the Al assistant’s answer is relevant to the user’s question and
more than half of the information contains factual errors, the total score should be between 4 and 5. If the Al assistant’s response is relevant to the user’s question, but less than half
of the information contains factual errors, or the response has no factual errors but only partially meets the user’s question, then the total score should be 6. If the AT assistant’s
response is relevant to the user’s question, has only a few minor errors, or is correct but too brief, the total score should be between 7 and 8. Only when the Al assistant’s response
meets all the requirements of the user’s question, and all the mentioned information is correct, but some unimportant information is omitted and does not affect the judgment of the
response quality, the total score can be 9 to 10.

3. When judging whether the answer is relevant to the question or whether the answer is correct, the synonymy, equivalence, and approximate semantics of the language should be
fully considered.

4. Overall, if the answer is correct, a well-reasoned response should score higher.

- Points to Note:

Since the user’s question falls under the "{questiontype}" category, when scoring and explaining reasons, you should consider the following points:

{ Task-Specific Rules}

Especially: Since you cannot view image content, no images are provided for you. However, the Al assistant’s answers are based on the content of the pictures. Therefore, when
there is information related to the picture in the AI assistant’s answer that is not mentioned in the reference answer, you cannot directly assume it is wrong but need to combine the
above points and your existing knowledge for a comprehensive evaluation. For example:

- Question: Is the fish in this cartoon picture cooked? How can we tell?

- Reference Answer: Yes, the fish in this cartoon picture is cooked because it is opaque, easily peels off with a fork, and the internal temperature has reached 145 degrees Fahrenheit.
- AT Assistant: Yes, the fish in this picture is cooked. We can tell by the color, texture, and temperature of the fish. The fish’s color is pink, the texture has become loose and easy to
shred with a fork, and the temperature has reached 145°F, which are all signs that the fish is cooked.

- Score & Reason: 9. Firstly, the Al assistant’s conclusion is consistent with the reference answer. Secondly, judging whether the fish is cooked based on its color and temperature
aligns with real-life experiences. Overall, the Al assistant’s response is correct and logically sound, warranting a high score.

## Output Format

You must output the response in the following JSON format: {{"Rating": , "Reason":}}

Apart from the JSON content, please do not output any other characters. And, the Reason part should be described in Chinese.

Figure 11: The general prompt template for evaluation.
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Description: 1. In grading, the organization, logic, fluency, and completeness of the Al assistant’s responses should be fully considered. Points may be deducted for incomplete
responses, but incompleteness should not be equated with incorrectness. 2. Since the reference answer may describe an image either partially or completely, it may be incomplete.
If the Al assistant includes content not found in the reference answer, its accuracy should be scrutinized, but additional content should not be automatically deemed incorrect.

R 1. The AT assistant should provide reasonable explanations, especially when asked to justify a response. 2. When grading, first assess if the conclusion of the AT
assistant’s response is correct. If incorrect, the response should be considered wrong and receive a low score. If correct, further evaluate the reasonableness and logic of the
explanation.

Recognition: 1. These questions focus on the accuracy of identification results, with both user questions and reference answers usually centered around an image. Carefully
identify key responses from the AL If the AI's results align semantically with the reference answer, award high or full marks. 2. Even if the AI's response includes extra information
compared to the reference answer, as long as the identification is correct and parts of the response align semantically with the reference, it deserves high or full marks. 3. Reasonable
descriptions or conjectures about identification results in the response can merit additional points, but must not exceed the maximum allowed. 3. When identifying text content,
translations should not be considered incorrect unless specifically stated in the question. 5. With numbers, equivalent conversions should be noted, e.g., 0.1 equals 10%.
Counting: 1. The focus here is on the accuracy of counting results. Patience is required to extract key responses from the AL If the AI’s results match the reference answer, award
high or full marks. If not, even slight discrepancies must be treated as completely incorrect, warranting low scores. 2. Even with extraneous content in the AI’s response, as long as
part of it semantically matches the reference answer and the rest is logical, award high or full marks. 3. Unreasonable descriptions or conjectures about counting results should lead
to deductions.

Chart: 1. As you cannot view images, always compare and analyze the Al assistant’s responses against the reference answers. 2. For format conversion questions, prioritize
whether the response meets the new format requirements and then check if the response content is correct. 3. For numerical data, ensure equivalent conversions, e.g., 0.1 equals
10%.

Comparison: 1. If the question involves comparative analysis, organized responses should be rated higher than those without structure.

Writing: 1. If asked to create a story based on an image, significant differences from the reference answer should not automatically result in scores between 1 and 4. Instead, grade
based on the narrative flow, drama, interest, and relevance to the query. Intellectual Type:

Problem: 1. Consistency between the user’s query and the AI’s response should be verified. Irrelevant answers should receive low scores. 2. For questions like "How to solve this
problem?” or "How to address the problem shown in the image?’, it’s crucial to compare the AI’s solution to the reference answer to determine if the problem was effectively
addressed.

Meme: 1. These questions assess whether the Al understands the humor of a meme. Carefully compare the AI’s interpretation with the reference answer. If they align and the AI
captures the essence of the humor, award high marks. If the Al fails to explain why the image is humorous or if its explanations fall short of conveying the underlying meaning
compared to the reference answer, award low scores.

Knowledge: 1. When the Al provides information not in the reference answer, do not automatically dismiss it as incorrect. Instead, evaluate its relevance to the query, logical
coherence, and consistency with known facts.

OCR: 1. When tasked with text extraction or recognition, the response must match the reference answer exactly. If there is a discrepancy, regardless of additional context provided,
score low. 2. For text extraction or recognition questions, only assess whether the AI’s response matches the reference answer. Do not penalize for potential errors unless the
semantic content differs.

Dialogue Context: 1. "Dialogue history" shows the interaction history between the user and the Al Assess whether the Al uses knowledge from previous exchanges to adhere to
the user’s ongoing directives. 2. If a user asks the Al to correct an error in its previous responses, observe whether the Al acknowledges and corrects the error in its new response. If
it fails to do so, award a low score.

Figure 12: Task-specific rules in evaluation prompt.
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