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Abstract

Early childhood is a critical stage for cognitive development,
involving core skills such as visual perception and reason-
ing. While multimodal large language models (MLLMs) have
made rapid progress in various general-purpose tasks, their
ability to support early education remains largely underex-
plored. Existing research on child-related Al largely centers
on modeling language, emotion, or behavior, with limited fo-
cus on evaluating cognitive tasks relevant to early learning.
To address this gap, we propose ChildBench, a multimodal
benchmark designed to assess models on tasks inspired by
early childhood cognitive development. It covers five key
domains through ten tasks, including spatial reasoning, vi-
sual reasoning, visual discrimination, counting skills, and vi-
sual tracking. The benchmark includes 4,890 carefully con-
structed images and 5,346 manually annotated samples, en-
suring both diversity and age-appropriate content. We evalu-
ate a range of state-of-the-art (SoTA) open-source and closed-
source MLLMs—including GPT-40, Gemini, and Qwen2.5-
VL—on ChildBench. Despite strong performance on other
benchmarks, the best 7B-parameter model with LoRA tuning
achieves only 52.01% accuracy, far below the 96% achieved
by 5-year-old children. These results reveal critical limita-
tions in fine-grained perception and reasoning. We further
analyze failure cases and discuss directions for future model
development.

Datasets — https://github.com/Jderder/ChildBench

Introduction

Recently, multimodal large language models have advanced
rapidly, achieving impressive results in complex tasks such
as multimodal dialogue (Li and Tajbakhsh 2023) and action
planning (Yang et al. 2023). However, despite their perfor-
mance on high-level tasks, they still struggle with basic abil-
ities like object localization (Fu et al. 2024) and spatial rea-
soning (Liu et al. 2025). This gap highlights the importance
of understanding the limits of their fundamental capabilities.

*Corresponding Author.
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Figure 1: Five cognitive abilities assessed in ChildBench.

Early education is the foundation of human cognitive de-
velopment and an important way to evaluate the abilities of
MLLMs. These tasks mirror the initial stages of human in-
telligence and effectively assess a model’s performance in
fundamental visual perception and reasoning. This includes
identifying differences between objects (e.g., shape, color,
and size), recognizing detailed features (e.g., texture, quan-
tity, and orientation), and understanding spatial relationships
(e.g., relative position and occlusion) within images—often
in combination with textual instructions to make appropri-
ate judgments. For instance, the task illustrated in Figure
1(a) requires the model to determine the order of occlusion
among shapes and output their sequence from top to bottom.
A model can only be considered to exhibit human-like cog-
nitive abilities when it consistently performs such tasks with
high accuracy.

To the best of our knowledge, there remains a notable
lack of benchmarks specifically tailored to early child-
hood education, which hinders the systematic evaluation of
MLLMs on cognitive tasks at this early stage. Existing rel-
evant benchmarks can be roughly divided into two cate-



gories. The first category focuses on children’s language de-
velopment and basic behaviors. Typical examples include
CBT (Hill et al. 2016), EmoReact (Nojavanasghari et al.
2016), SAYCam (Sullivan et al. 2021), PInSoRo (Lemaig-
nan et al. 2018), LIRIS-CSE (Khan et al. 2019), Child-
Mandarin (Zhou et al. 2024a), and ChildACT (Sandygulova
et al. 2025). These benchmarks mainly focus on language
learning, emotional expression, and social interaction. While
they offer useful insights into child development, they lack
data for evaluating key multimodal cognitive abilities such
as spatial reasoning and visual tracking. The second cat-
egory emphasizes multimodal educational tasks, including
benchmarks like CLEVR (Johnson et al. 2017), MATH-
V (Wang et al. 2024), MathVista (Lu et al. 2023), CMM-
Math (Liu et al. 2024), MathScape (Zhou et al. 2024b),
MME-Reasoning (Yuan et al. 2025), EXAMS-V (Das et al.
2024), and MMGeoLM (Sun et al. 2025). These primar-
ily test mathematical reasoning and cross-disciplinary mul-
timodal capabilities, making them more suitable for older
children or adults. However, they do not cover cognitive
tasks central to early childhood development.

Hence, in this study, we introduce ChildBench, a multi-
task, multi-format evaluation benchmark tailored for early
childhood education. It aims to systematically assess the ba-
sic cognitive abilities of MLLMs, including spatial reason-
ing, visual reasoning, visual discrimination, counting skills,
and visual tracking, as illustrated in Figure 1. In ChildBench,
the images are primarily created manually using the Can-
vas! platform, with a smaller portion sourced from freely
licensed early education websites such as print-kids.net, as
well as from open-source datasets like CMM-Math (Liu
et al. 2024) and MathVista (Lu et al. 2023). In total, the
benchmark contains 4,890 high-quality images, covering a
diverse range of scenes and topics carefully selected to re-
flect the cognitive characteristics of early learners. To ensure
data quality, we establish a detailed and standardized an-
notation pipeline. A professional team—consisting of three
annotators, two checkers, and one reviewers—carried out
a three-stage quality control process with clearly defined
roles. This rigorous process resultes in 5,346 high-quality
annotated samples, covering five task types across ten tasks,
enabling a comprehensive and fine-grained evaluation of
MLLMSs’ core perception and reasoning capabilities. Based
on this benchmark, we conduct a comprehensive evalua-
tion of several representative MLLMs, including closed-
source models (i.e., GPT-40 (Achiam et al. 2023) and Gem-
ini 2.5 Pro (Team et al. 2023)) and open-source models (e.g.,
LLaMA-3.2-11B (Grattafiori et al. 2024), LLaVA (Liu et al.
2023), and Qwen-VL (Bai et al. 2025)). The results reveal
both the strengths and limitations of current models in han-
dling early-education-related cognitive tasks and offer valu-
able insights for future model development.

In brief, our contributions are summarized as follows:

* We propose ChildBench, a high-quality benchmark com-
prising manually constructed images and annotated sam-
ples, designed to systematically evaluate the core capa-
bilities of MLLMs in early childhood education scenar-

"https://www.canva.cn/
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ChildBench covers 10 tasks across 5 categories of chil-
dren’s cognitive assessments, including spatial reason-
ing, visual reasoning, visual discrimination, counting
skills, and visual tracking.

We test several open-source and closed-source MLLMs
on ChildBench. The results show that even the best-
performing models—Gemini-2.5-Pro and fine-tuned
Qwen2.5vl-7B—only achieved 44.60% and 52.01% ac-
curacy, far below the 96% performance of 5-year-old
children. We also suggest future research directions to
bridge this gap.

Related Work

Child-Oriented benchmarks. To support Al research
on child development tasks, existing benchmarks can be
roughly divided into two categories: (1) language and cog-
nitive development and (2) perception and behavior. The
first category focuses on language understanding, genera-
tion, and reasoning. For instance, CBT (Hill et al. 2016)
is built from children’s books and includes four answer
types: verbs, pronouns, named entities, and common nouns.
GSMSK (Verschaffel et al. 2020) includes 8.5K elemen-
tary math-related problems that require multi-step reason-
ing. FairytaleQA (Xu et al. 2022) contains 27 fairy tales
and 10,580 QA pairs for evaluating story understanding.
ChildMandarin (Zhou et al. 2024a) is a Mandarin speech
dataset for children aged 3-5. The second category focuses
on how children see and act in the world, including vi-
sual recognition, motion analysis, and emotion understand-
ing. EmoReact (Nojavanasghari et al. 2016) includes 1,102
video clips from children aged 4-14, labeled with 17 emo-
tions. PInSoRo (Lemaignan et al. 2018) records 45+ hours of
child—child and child-robot interaction. LIRIS-CSE (Khan
et al. 2019) has facial expression videos from 12 children
aged 6-12, covering six basic emotions. SAYCam (Sullivan
etal. 2021) provides 415+ hours of video from three children
aged 6 months to 2.5 years. ChildACT (Sandygulova et al.
2025) includes multi-view videos of 200 children perform-
ing seven actions. While these datasets are useful for study-
ing language, behavior, and emotion, there is still a lack of
data that targets key cognitive abilities in early education,
such as spatial reasoning, visual discrimination, and visual
tracking.

Multimodal education benchmarks. Existing bench-
marks in multimodal education can be broadly catego-
rized into two types: those for math reasoning and those
for general reasoning. Math-related benchmarks focus on
solving math problems that include both text and images.
MathVista (Lu et al. 2023) encompasses a wide range
of math tasks in visual settings. CMM-Math (Liu et al.
2024) is a Chinese benchmark with questions from el-
ementary to high school, some accompanied by images.
MATH-V (Wang et al. 2024) is based on math competi-
tion questions and evaluates visual reasoning ability. Math-
Scape (Zhou et al. 2024b) also covers school-level math and
focuses on multi-step reasoning in visual contexts. MM-
GeoLM (Sun et al. 2025) leverages real geometry exam



questions to test models’ geometric understanding. General
reasoning benchmarks cover broader logic and multimodal
tasks. CLEVR (Johnson et al. 2017) is a foundational bench-
mark for visual reasoning tasks such as counting and com-
parison. EXAMS-V (Das et al. 2024) spans multiple sub-
jects and languages with image-text inputs, requiring com-
plex, cross-lingual reasoning. MME-Reasoning (Yuan et al.
2025) tests three types of reasoning: inductive, deductive,
and abductive. Although these benchmarks support research
on multimodal education, they mostly focus on math or gen-
eral reasoning, and do not adequately capture the unique
cognitive challenges present in early learning tasks.

Problem Formulation

To comprehensively evaluate the performance of MLLMs
on early learning tasks, ChildBench includes three types of
questions: multiple-choice, fill-in-the-blank, and sequential
QA. All question types consist of a query @ paired with an
image I as input. For multiple-choice questions, additional
candidate options are provided, which can be either text-
based or image-based. The model need to select the correct
answer from a variable number of options (see Figure 1(b)
and (e)). In fill-in-the-blank tasks, the model is required to
generate a single word, letter, or number as the answer (Fig-
ure 1(c) and (d)). For sequential QA questions, the model
is expected to produce a sequence as the response (Figure

1(a)).
ChildBench Construction

In this section, we describe the construction of ChildBench
in detail, including the image collection and annotation pro-
cedures.

Image Collection

The image set in ChildBench is constructed from two
primary sources. The first comprises freely accessible,
copyright-free early childhood education websites (e.g.,
print-kids.net), along with existing open-source datasets
such as CMM-Math (Liu et al. 2024) and MathVista (Lu
et al. 2023). From these sources, we collect 250 images.
Early childhood websites contribute fewer images, as many
of their materials are designed for hands-on interaction (e.g.,
circling, coloring), which are not easily adapted for use with
MLLMs. Remaking such content for machine-readable for-
mats is also non-trivial. Similarly, while the open-source
datasets focus on mathematical reasoning, they contain only
a limited number of early-learning-style images. To supple-
ment this, the majority of ChildBench images are manu-
ally constructed using the free design platform Canva. Canva
provides a rich library of child-friendly image assets and a
flexible design interface, making it well-suited for creating
age-appropriate content while avoiding copyright concerns.

Based on this platform, the image construction process is
as follows: First, we refer to questions from early childhood
education resource websites and design different image tem-
plates for various task types, as illustrated in Figure 2 (left).
In total, we manually create 86 image templates. Next, for
each template, we select child-appropriate images from the
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Figure 2: Image creation process in Canva.

Canva platform and populate the templates accordingly, as
shown in Figure 2 (right). To improve efficiency, we reuse
the same template with different image categories—for ex-
ample, replacing animal-themed images with fruit-themed
ones. Following this process, we obtain a total of 4,640 im-
ages.

Annotation Procedure

In this section, we introduce the tasks in ChildBench and
describe the benchmark annotation process in detail.

To fully evaluate the ability of MLLMs in early child-
hood education tasks, we construct the ChildBench bench-
mark, which includes a range of representative cognitive
tasks. It covers five core task types: spatial reasoning (in-
cluding perspective-taking reasoning, paper folding reason-
ing, and image overlapping reasoning tasks), visual reason-
ing (graphic matching and transformation reasoning), vi-
sual discrimination (odd-one-out and identical item detec-
tion), counting skill (planar counting and spatial counting),
and visual tracking. To support efficient and consistent data
creation, we provide multiple question templates for each
task to help annotators quickly generate high-quality ques-
tion—answer pairs. Example templates are shown in Ap-
pendix “Question Template” of the Github link.

The annotation process of ChildBench consists of three
stages: data annotation, data checking, and data review. The
entire process is completed by a team of six college students,
including three annotators, two checkers, and one reviewer.
Before starting the formal annotation, all team members first
annotate some sample data, which are then reviewed and dis-
cussed by the core authors to ensure consistency in standards
and accuracy in execution.

Stage 1: data annotation. We evenly distribute the 4,890
collected images to three annotators. For each image, they
refer to task-specific question templates to write 1-3 ques-
tions and annotate the correct answers. Question types in-
clude multiple-choice, fill-in-the-blank, and sequential QA.
For multiple-choice questions, distractors are first generated
by a script using simple heuristic rules (e.g., adding or sub-
tracting up to 2 from numbers in the correct answer). Anno-
tators then select the most appropriate distractors from the
generated options. For example, if the correct answer is “(A)



5, 8, 4, 4”, the script creates variations like “(B) 6, 8, 4, 3”
and the annotators pick the ones that seem most confusing.

Stage 2: data checking. We first run scripts to iden-
tify incomplete samples (e.g., missing distractors) and send
them back to annotators for correction. After this automatic
way, two inspectors manually check all samples in parallel.
They verify whether each question matches the image and
whether the labeled answer is correct. Samples that do not
pass manual inspection, along with the reasons, are returned
for revision. This process is repeated until the batch reaches
a 95% pass rate.

Stage 3: data review. A reviewer performs a final review
on the verified data. First, 20% of the samples from the batch
are randomly selected for careful review. If problems are
found, the reviewer returns the samples with reasons to the
inspectors for correction. If similar issues occur repeatedly,
the reviewer discusses them with the whole annotation team
to ensure consistency. This process is repeated until the re-
viewed samples reach a 98% pass rate. In the end, we obtain
5,346 high-quality samples to form ChildBench.

ChildBench Analysis

Benchmark statistics. As reported in Table 1, ChildBench
consists of 5,346 samples based on 4,890 images, which are
split into training, validation, and test sets in a 7:1:2 ra-
tio. Among all tasks, “planar counting” and “visual track-
ing” have the largest number of samples, accounting for
14.72% and 13.49% of the total, respectively. In contrast, the
“paper folding reasoning” task has a relatively small num-
ber of samples (3.54%), but it includes the largest number
of unique images, with a total of 845, which accounts for
17.28% of all images in the benchmark.

Question type distribution. ChildBench includes three
types of questions: multiple-choice, fill-in-the-blank, and se-
quential QA, accounting for 50.7%, 43.4%, and 5.9% of
the benchmark, respectively. For multiple-choice questions,
the number of options ranges from 2 to 6, with an average
of 3.85. For fill-in-the-blank questions, the average answer
length is 1.42 characters, with a minimum of 1 and a max-
imum of 10. In sequential QA, answers consist of comma-
separated elements, with an average of 5.01 items per re-
sponse, ranging from 4 to 6. These variations help assess
the model’s ability to handle questions of differing difficulty
levels.

Number of images per question. ChildBench includes
both single-image and multi-image input formats. Most
samples (4,908) use a single image, while 438 samples re-
quire multiple images. Among these, 222 samples include
4 images, 197 include 5 images, and 19 samples contain
as many as 7 images. Multi-image samples are fewer be-
cause they only appear when the options are images. In these
cases, one set of images usually creates only one question, so
the total number is limited. Four tasks involve multi-image
input: transformation reasoning, perspective-taking reason-
ing, paper folding reasoning, and graphic matching. Among
them, paper folding reasoning uses only multi-image input,
with an average of 4.47 images per question.
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Task #Img Train Dev Test Total Ratio
Spatial Reasoning
perspective-taking 623 279 40 80 399 7.46
paper folding 845 132 19 38 189 3.54
image overlapping 312 435 63 124 622 11.63
Visual Reasoning
graphic matching 624 310 43 89 442 8.27
transformation 498 340 48 97 485 9.07
Visual Discrimination
odd-one-out 387 415 60 118 593 11.09
ident. item detect. 392 406 58 116 580  10.85
Counting Skills
planar counting 366 551 79 157 787 14.72
spatial counting 433 370 52 106 528 9.88
Visual Tracking
- 410 505 72 144 721 13.49
TOTAL 4,800 3,743 534 1,069 5,346 100

Table 1: ChildBench Statistics.

Experiments

In this section, we evaluate the performance of current main-
stream MLLMs on our early childhood education bench-
mark and analyze their limitations in the benchmark.

Baselines

We evaluate two types of baselines: closed-source MLLMs
and open-source MLLMs. For closed-source models, we
randomly select 500 samples from ChildBench and test them
using GPT-40” and Gemini 2.5 Pro.’> Each model is eval-
uated under two settings: in the 0-shot setting, the model
receives the question, images, and options (if applicable),
along with a prompt to guide its response. In the 1-shot set-
ting, we also provide one example from the training set that
matches the task and question type of the current sample.

For open-source models, we select eight mainstream
MLLMs: LLaMA-3.2-11B (Grattafiori et al. 2024), LLaVA-
v1.5-7B (Liu et al. 2023), mPLUG-OwI3-7B (Ye et al.
2024), DeepSeek-VL-7B (Lu et al. 2024), Qwen2.5-VL-
7B (Bai et al. 2025), Phi-3.5-Vision-4B (Abdin et al.
2024), InternVL3.0-8B (Chen et al. 2024), and MiniCPM-V-
8B (Yao et al. 2024). These models are also evaluated under
two settings. In the direct testing setting, the evaluation pro-
cess is the same as the 0-shot setting used for closed-source
models. In the fine-tuning setting, each model is trained on
the training set using LoRA (Hu et al. 2021), and then eval-
uated on the test set.

In addition, we ask two 5-year-old children from the se-
nior kindergarten class, accompanied by their parents, to an-
swer 100 randomly selected questions. A question is counted
as correct only if both children answered it correctly.

Metrics and Implementations
In our experiments, we report macro-precision (P), macro-
recall (R), macro-F1 score, and accuracy (Acc). The task

2gpt-4o
3 gemini-2.5-pro-preview-05-06



Model Setting P R F1

Acc Setting P R F1 Acc

Open-source MLLMs

LLaMA-3.2-11B - 31.32 30.89 30.48 23.10 LoRA 26.57 26.80 26.54 25.35
LLaVA-v1.5-7B - 26.63 25.27 25.70 17.68 LoRA 24.33 25.29 24.04 19.08
mPLUG-owl3-7B - 34.52 31.97 25.84 25.06 LoRA 40.87 40.87 40.36 39.57
DeepSeek-VL-7B - 16.59 23.24 17.94 17.50 LoRA 44.32 25.59 21.44 21.23
Qwen2.5-VL-7B - 34.06 34.23 33.82 32.86 LoRA 53.56 53.64 53.08 52.01
Phi-3.5-vision-4B - 28.00 27.93 27.20 23.15 LoRA 37.94 36.94 36.87 36.11
InternVL3.0-8B - 27.19 27.24 27.11 26.89 LoRA 41.56 39.08 39.07 41.38
MiniCPM-V-8B - 23.57 25.07 23.37 23.35 LoRA 41.86 41.63 41.67 40.03
Closed-source MLLMs
GPT-40 0-shot 35.05 34.32 33.07 37.40 1-shot 27.56 26.63 26.84 29.20
Gemini-2.5-Pro 0-shot 59.95 40.59 48.37 44.60 1-shot 49.42 4991 49.01 45.80
Other Methods
Human - 94.95 94.84 94.84 96.00 - - - - -

Table 2: Model comparison (%) of open/closed-source MLLMs. All results are averaged over three runs.

prompts for MLLMs and the hyper-parameter settings are
shown in Appendix “Prompts Used in MLLMs” and “Hy-
perparameter Settings” of the Github link.

Main Results

We evaluate all baseline methods on ChildBench, with the
results listed in Table 2. From the table, we observe the
following: (1) All MLLMs perform poorly on ChildBench,
leaving significant room for improvement compared to se-
nior kindergarten children’s performance. For instance, the
best-performing open-source and closed-source models, i.e.,
Qwen2.5-VL-7B and Gemini-2.5-Pro, achieve accuracies
of only 52.01% and 44.60%, respectively, while the chil-
dren accuracy reaches 96.00%. This highlights that, de-
spite strong performance on certain common tasks, MLLMs
remain far from achieving truly human-like intelligence.
(2) Without fine-tuning, the test performance of open-
source models is generally much lower than that of closed-
source models. For instance, Qwen2.5-VL-7B achieves only
32.86% accuracy without LoRA tuning—11.74% lower than
Gemini-2.5-Pro’s 44.60%. However, after LoRA tuning,
Qwen2.5-VL-7B’s accuracy improves to 52.01%, surpass-
ing Gemini-2.5-Pro by 4.7%. This demonstrates that while
large-parameter MLLMs often have an advantage in zero-
shot scenarios, models with fewer parameters can outper-
form them through fine-tuning. (3) Gemini-2.5-Pro shows
improved accuracy in the 1-shot setting compared to the 0-
shot setting, whereas GPT-40 exhibits the opposite trend,
with performance declining in the 1-shot scenario. This is
primarily due to the inclusion of multiple images in the in-
put after adding examples. This phenomenon suggests that
Gemini-2.5-Pro has stronger multi-image processing capa-
bilities than GPT-4o.

Detailed Analysis

Impact of model parameter size on ChildBench. To evalu-
ate the impact of model size on performance in ChildBench,
we test models from the Qwen2.5-VL and InternVL3.0 se-
ries. The results are presented in Table 3. Overall, the perfor-
mance generally improves as the number of model param-

Model Set. F1 Acc Set. F1 Acc

Owen-VL Family

Qwen2.5-VL-7B - 33.82 3286 LoRA 53.08 52.01

Qwen2.5-VL-32B - 36.53 3442 LoRA 57.05 55.00
Intern-VL Family

InternVL3.0-8B - 27.11 26.89 LoRA 39.07 41.38

InternVL3.0-14B - 35.68 3456 LoRA 4203 40.40

InternVL3.0-38B - 40.70 40.57 LoRA 63.39 63.52

Table 3: Model performance (%) on ChildBench across dif-
ferent parameter sizes.

eters increases. However, the largest model, InternVL3.0-
38B, achieves an accuracy of only 63.52%, which remains
far below the performance of 5-year-old children. This high-
lights that even large models still face significant challenges
in early education tasks.

Performance analysis across different task types. To
evaluate the performance of MLLMs on different types of
early childhood education tasks, we calculate their accuracy
across various categories, as shown in Table 4. From the ta-
ble, we notice that: (1) all models perform much worse than
5-year-old children. The best model results are 67.42% from
Gemini-2.5-Pro on Counting and 67.09% from Qwen2.5-
VL-7B on Visual Discrimination. In comparison, children
get over 90% on all tasks, and 100% on three of them. This
shows that ChildBench is still very hard for current models.
(2) Among open-source MLLMs, most models show sig-
nificant performance improvements after fine-tuning com-
pared to their original versions. Notably, MiniCPM-V-8B
demonstrates substantial gains in the Visual Discrimination
and Counting Skills tasks, with accuracy increasing from
25.64% to 52.14% and from 26.24% to 49.05%, respec-
tively—an improvement of 26.5% and 22.81%. For closed-
source MLLMs, GPT-40 experiences a decline in perfor-
mance on most tasks when examples are added, whereas
Gemini-2.5-Pro shows improved results under the same
conditions. This further suggests that Gemini-2.5-Pro has
stronger multi-image processing capabilities. (2) Accuracy
in Visual Discrimination and Counting Skills is relatively
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Model Spatial Reasoning Visual Reasoning Visual Discriminat. Counting Skills Visual Tracking
Open-source MLLMs
- LoRA - LoRA - LoRA - LoRA - LoRA
LLaMA-3.2-11B 19.01 19.83 28.49 25.27 34.19 32.05 24.33 27.38 18.06 20.14
LLaVA-v1.5-7B 13.22 14.46 26.34 22.04 19.23 25.21 15.21 16.73 24.31 16.67
mPLUG-owlI3-7B 23.55 32.23 28.49 28.49 18.38 42.31 30.80 50.95 24.31 40.97
DeepSeek-VL-7B 11.98 14.46 20.43 22.58 19.23 28.21 20.53 21.29 14.58 19.44
Qwen2.5-VL-7B 18.60 38.84 33.33 45.70 47.44 67.09 41.83 61.98 17.36 39.58
Phi-3.5-vision-4B 17.36 30.99 23.66 23.12 27.35 41.03 27.00 46.39 22.22 34.72
InternVL3.0-8B 19.05 26.84 28.26 27.72 35.04 61.11 33.08 58.17 13.19 19.44
MiniCPM-V-8B 21.90 32.23 20.97 27.42 25.64 52.14 26.24 49.05 21.53 33.33
Closed-source MLLMs

0-shot 1-shot 0-shot 1-shot 0-shot 1-shot 0-shot 1-shot 0-shot 1-shot
GPT-40 24.14 18.10 40.24 28.04 56.07 37.38 42.42 34.85 15.87 25.40
Gemini-2.5-Pro 10.34 29.31 34.41 47.56 65.42 47.66 67.42 59.09 38.10 42.86

Other Methods
Human 93.33 - 90.00 - 100.00 - 100.00 - 100.00 -
Table 4: Model results (Acc %) on different types of tasks.
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Figure 3: Impact of question type, input image quantity, and multi/single-image input on model performance, respectively.
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Figure 4: Distribution of error types across the two models.

higher than in other tasks, though still limited. In contrast,
performance on Spatial Reasoning and Visual Tracking is
the lowest, indicating that these tasks remain particularly
challenging. Overall, current models still struggle with early
childhood tasks, especially those requiring complex spatial
reasoning and visual tracking abilities.

Performance Analysis across different question types.
To comprehensively evaluate model performance, Child-
Bench includes three types of questions: multiple-choice,
fill-in-the-blank, and sequential QA. We assess the accu-
racy of two models, including Qwen2.5-VL-7B and Gemini-
2.5-Pro, on each question type, and the results are shown

in Figure 3(a). The results reveal clear differences in how
each model handles different question types. Qwen2.5-VL-
7B demonstrates relatively consistent performance across all
three types, with accuracies around 50%, suggesting a sta-
ble response to varying formats. In contrast, Gemini-2.5-Pro
achieves its highest accuracy on fill-in-the-blank questions,
where its performance is approximately 30% higher than on
the other two types.

Impact of input image quantity on model perfor-
mance. We explore how the number of input images af-
fects model performance. Since there are very few sam-
ples with seven images in the test set, we exclude this case
from statistical analysis. The results for other image quanti-
ties are shown in Figure 3(b). The two models show clear
differences in their ability to handle varying numbers of
input images. Gemini-2.5-Pro performs best with single-
image inputs, achieving an accuracy of 48.50%, but its per-
formance drops significantly with more images—down to
14.81% with four images and 23.08% with five images. In
contrast, Qwen2.5-VL-7B also performs best with a single
image (52.81%), but its accuracy decreases more gradually
with additional images—maintaining accuracy at 35.90%
(four images) and 48.08% (five images). This indicates that
Qwen2.5-VL-7B is more stable across different image input
quantities.
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Figure 5: Examples of four error types from two SoTA MLLMs.

Comparison between multi-image and single-image
inputs. To further compare the effects of multi-image and
single-image inputs, we conduct experiments on the same
set of samples. Specifically, we first select all multi-image
samples from the ChildBench test set to form dataset C.
Then, we manually merge each set of images into a sin-
gle image to construct dataset C5. We evaluate Qwen?2.5-
VL-7B (with LoRA) and Gemini-2.5-Pro on both datasets,
and the results are presented in Figure 3(c). The results re-
veal contrasting trends between the two models. Qwen2.5-
VL-7B performs significantly better on multi-image inputs
(43.48%) than on single-image inputs (22.83%). In contrast,
Gemini-2.5-Pro shows the opposite pattern, achieving much
higher accuracy with single-image inputs (53.73%) com-
pared to multi-image inputs (19.40%). This suggests that
Qwen2.5-VL-7B benefits more from having access to mul-
tiple images, while Gemini-2.5-Pro may struggle to effec-
tively process multi-image information.

Error Analysis

To guide future research, we conduct an error analysis on
two SoTA models: the open-source Qwen2.5-VL-7B and the
closed-source Gemini-2.5-Pro. We randomly sample 200 in-
correct predictions from each model and manually catego-
rize the errors. These errors can be broadly grouped into
four types: those caused by confusion between similar col-
ors (labeled as CSC), difficulty in recognizing visual details
(DVD), failure to understand overlapping objects (FOO),
and limitations in reasoning ability (LRA). The distribution
of error types across the two models is presented in Figure
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4, and representative examples of each error type are shown
in Figure 5. From the results, we observe that both models
exhibit a similar error distribution. Errors related to color
confusion and detail recognition are less frequent, whereas
errors involving overlapping objects and reasoning limita-
tions occur more often. Overall, these error types highlight
key areas for future improvement.

Conclusion and Limitations

In this paper, we introduce ChildBench, a multimodal
benchmark designed to assess basic cognitive abilities in
early education. It includes 10 task types across 5 cogni-
tive domains, covering diverse tasks that reflect real-world
early learning activities. We evaluate several open-source
and closed-source MLLMs on ChildBench and conduct de-
tailed experiments. The results show that current models still
struggle with these tasks, performing much worse than 5-
year-old children. We also suggest future research directions
to improve multimodal understanding in early learning.

Although ChildBench is an effective benchmark for eval-
uating MLLMs on early education tasks, it still has some
limitations. First, the dataset is constructed almost entirely
through manual creation and annotation. While this ensures
high quality, it also significantly increases the labor cost,
limiting the overall scale of the dataset. This restricted scale
may affect the fine-tuning performance of multimodal mod-
els. In addition, there is some imbalance in task distribution.
For example, the paper-folding reasoning task contains more
images but fewer annotated samples, which may lead to bi-
ased evaluation results for that task.



Ethical Statement

In ChildBench, most images are manually created using free
licensed materials from the Canvas platform, which allows
non-commercial use. Additional images are collected from
Print-Kids.net, a free educational resource site, whose li-
cense permits non-commercial research use. We also include
images from open-source datasets such as CMM-Math and
MathVista, which are released under CC-BY 4.0 or simi-
lar academic licenses. All sources are properly cited in the
paper. Based on these images, we manually design all ques-
tions, answer options, and correct answers. Our ChildBench
is also released under the CC-BY 4.0 license. To ensure
safety, we carefully check all content and remove anything
related to violence, bias, or other material not suitable for
early education.
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