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Abstract

Multimodal large language models (MLLMs), which integrate
language and visual cues for problem-solving, are crucial for
advancing artificial general intelligence (AGI). However, cur-
rent benchmarks for measuring the intelligence of MLLMs
suffer from limited scale, narrow coverage, and unstructured
knowledge, offering only static and undifferentiated evalu-
ations. To bridge this gap, we introduce MDK12-Bench, a
large-scale multidisciplinary benchmark built from real-world
K-12 exams spanning six disciplines with 141K instances
and 6,225 knowledge points organized in a six-layer taxon-
omy. Covering five question formats with difficulty and year
annotations, it enables comprehensive evaluation to capture
the extent to which MLLMs perform over four dimensions:
1) difficulty levels, 2) temporal (cross-year) shifts, 3) contex-
tual shifts, and 4) knowledge-driven reasoning. We propose a
novel dynamic evaluation framework that introduces unfamil-
iar visual, textual, and question form shifts to challenge model
generalization while improving benchmark objectivity and
longevity by mitigating data contamination. We further eval-
uate knowledge-point reference-augmented generation (KP-
RAG) to examine the role of knowledge in reasoning. Key
findings reveal strengths and limitations in current MLLMs in
multiple aspects and provide guidance for enhancing model
reasoning, robustness, and Al-assisted education.

Dataset and Code — https://github.com/LanceZPF/MDK12

Introduction

Problem-solving is a core aspect of intelligence (Sternberg
1982; Lohman and Lakin 2011), requiring reasoning, abstrac-
tion, knowledge integration, and adaptability to novel and
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increasingly difficult challenges. Achieving Artificial General
Intelligence (AGI) requires models to go beyond excelling
at isolated tasks, where they must demonstrate the ability to
generalize knowledge, integrate information across modal-
ities, and reason effectively under diverse contexts. Recent
advances in Multimodal Large Language Models (MLLMs)
(Radford et al. 2021; Li et al. 2022; Liu et al. 2024a; Alayrac
et al. 2022) have advanced these capabilities, driving interest
in rigorous benchmarks. Measuring such abilities demands a
multidimensional and fine-grained evaluation to understand
the extent to which MLLMs’ intelligence has developed and
guide improvements in model adaptability and training.

However, most existing benchmarks generally remain con-
fined to single text modality (Hendrycks et al. 2021b,a; Arora,
Singh et al. 2023) or narrow domains, such as mathemat-
ics and physics (Zhang et al. 2024; He et al. 2024) and
medicine (Sun et al. 2024b). While efforts have been made in
developing multimodal multidisciplinary benchmarks (Yue
etal. 2024; Li et al. 2025; Hao et al. 2025), they are limited in
data size, diversity, and granularity. As shown in Table 1, the
most recent multidisciplinary benchmarks consist of at most
21.1K instances and limited question types. Additionally, the
lack of fine-grained annotations, such as difficulty level and
knowledge, hinders systematic evaluation of model robust-
ness, generalization to distributional shifts, and knowledge
utilization in problem solving. Moreover, static evaluations
adopted by current benchmarks are susceptible to data con-
tamination, where benchmark data may enter the training
corpora for new-generation MLLMs and become obsolete.

To address these limitations, we introduce MDK12-Bench,
a large-scale multidisciplinary benchmark curated from real-
world K-12 exams to evaluate MLLM problem-solving
across diverse domains. It spans six subjects: Mathematics,
Physics, Chemistry, Biology, Geography, and Information
Science. Following multiple rigorous filtering and processing



Answer  Knowledge Diff Dyn RAG Temp

Benchmarks #Instances #Images Question Form Explanation Taxonomy Eval Eval Eval Eval
ScienceQA (2022) 21.2K 10.3K MC v X X X X X
OlympiadBench (2024) 8.4K 4.8K Open X X X X X X
MMMU (2024) 11.5K 12.3K MC, Open X X X X X X
EMMA (2025) 27K 3K MC, Open X X X X X X
K12Vista (2025) 33K NA MC, Fill, Open X X X X X X
MDK12-Bench 141.3K  105.2K SC, MC, Fill, T/F, Open v 4 v v v v

Table 1: Compared with existing multimodal education-related benchmarks, MDK12-Bench includes more comprehensive
question coverage, multi-layer knowledge taxonomy, and detailed explanations. It also features cross-difficulty evaluation (Diff
Eval), dynamic evaluation (Dyn), knowledge-point reference-augmented generation evaluation (RAG), and cross-year temporal
evaluation (Temp). SC: single-choice, MC: multiple-choice; Open: Open-ended; Fill: fill-in-the-blank; T/F: true or false.

stages, the benchmark comprises 141K instances mapped
to 6,225 human-annotated knowledge points organized in a
six-layer taxonomy, making it the largest benchmark of its
kind. MDK12-Bench includes five question types, instance-
level difficulty annotations, and detailed explanations, en-
abling fine-grained analysis of model reasoning, general-
ization across task difficulty and time, and the effects of
knowledge-augmented generation.

Furthermore, we propose a dynamic evaluation framework
that introduces MLLMs to unseen visual and textual shifts,
providing a rigorous test of model generalization to contex-
tual changes. This approach also promotes more objective
evaluation and enhances the long-term validity of the bench-
mark. Additionally, we introduce knowledge-point reference-
augmented generation (KP-RAG), which examines the im-
pact of knowledge on model reasoning and problem solving.

We conducted extensive experiments on state-of-the-art
MLLMs, including proprietary and open-source models, eval-
uating both chat-oriented and reasoning-focused variants.
Key findings include: 1) Model size: Larger models outper-
form smaller ones across disciplines and difficulty levels, im-
proving perception via richer multimodal representations but
offering little gain in reasoning accuracy or answer complete-
ness due to the lack of explicit reasoning-oriented training. 2)
Reasoning advantage: Reasoning-optimized models achieve
higher overall and reasoning accuracy than chat models but
show limited benefits in visual perception. 3) Discipline dif-
ficulty: Models struggle more in Math and Physics (7.6%
below average) than in other disciplines (3.7% above aver-
age). 4) Harder and newer exams: Accuracy drops by 8.3%
on harder and 12.6% on newer exams. 5) Dynamic pertur-
bations: Dynamic evaluation reduces average performance
by 13.7%, which may stem from overfitting to static pretrain-
ing data. 6) Limited KP-RAG gains: KP-RAG improves
accuracy by 7% on easy exams but only 2% on hard ones,
indicating reasoning rather than factual knowledge limits per-
formance on harder tasks. Our main contributions include:

* Large-Scale, Diverse Benchmark. We present MDK12-
Bench, a multidisciplinary benchmark for evaluating
MLLM problem-solving on real-world K-12 exams. It
comprises 141K instances linked to 6,225 knowledge
points, structured in a six-layer taxonomy, with diverse
question formats, difficulty labels, and explanations.
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* Dynamic and Knowledge-Referenced Methods. We
propose a dynamic evaluation method to challenge gen-
eralization under contextual shifts. We also introduce a
knowledge-point reference-augmented generation (KP-
RAG) pipeline to enhance answer generation and examine
the role of knowledge in problem solving and reasoning.

* Comprehensive Multi-Dimensional Evaluation. We
evaluate state-of-the-art MLLMs across difficulty, tem-
poral, contextual, and knowledge dimensions, showing
notable accuracy drops on harder and newer exams, as
well as dynamic contextual changes.

* Extensive Leaderboard. We present detailed rankings
and analyses of both proprietary and open-source MLLMs.
Findings on results highlight the value of the MDK-
benchmark in advancing our understanding of both the
capabilities and critical limitations of current MLLMs.

Related Works

Benchmarking MLLMs. Evaluating the intelligence of
MLLM has been challenging (Zhou et al. 2025a). The
early benchmarks used text-only exams, for example, GSM-
8K (Cobbe et al. 2021) and MATH (Hendrycks et al. 2021b)
for math reasoning, as well as MMLU (Hendrycks et al.
2021a), GPQA (Rein et al. 2025) and AGIEval (Zhong
et al. 2024) for multitask accuracy. Multimodal benchmarks
later emerged, such as MathVerse (Zhang et al. 2024) for
visual math, SciEval (Sun et al. 2024a) for physics, MM-
Bench (Liu et al. 2024b) for basic multimodal understanding,
and EXAMS-V (Das et al. 2024) for multilingual testing.
More recent benchmarks (Wang et al. 2024b; Lu et al. 2022;
Yue et al. 2024; Hao et al. 2025; He et al. 2024; Li et al.
2025) starts to span multiple subjects. However, these efforts
remain limited in scale, diversity of questions, fine-grained
annotations, and multidimensional evaluation. Few addresses
differentiated difficulty (Ding et al. 2024) or provide limited
knowledge taxonomy (Wang et al. 2024b; Huang et al. 2024).
Our MDK12-Bench addresses these gaps with a comprehen-
sive large-scale dataset organized in a six-level knowledge
taxonomy. It provides instance-level grade and difficulty la-
bels, five question formats, temporal annotations, detailed
knowledge points, and answer explanations.

Dynamic Evaluation. Building a strong benchmark requires
not only rich and well-curated data, but also carefully de-



Mathematics: Geometry

Grade: High School Difficulty: Hard Year: 2023
Question (Multiple-Choice): A Pavilion-shaped hexahedron
ABCD have centers 0, and 0,, 0,0, L ABCD, 0,0, = 6. AB =
10, AD = 2V/7, A,B; = 8,A,D; = 4, which are correct?

A. Hexahedron is a frustum

B. It has a circumsphere centered on 0,0,

C. Some edges are skew lines

D. Adihedral angle has a right plane angle.  Answer: B,C,D
Knowledge Points: Frustum properties, Sphere surface area &
volume, Skew line determination, Dihedral and plane angles

s A1By _ A1Dq
Analysis: Since =5

y:

B

the shape is not a frustum. The hexahedron has a

Grade: High School Difficulty: Hard Year: 2023

Question (Free-form): Figure A shows a 3D
printing pen. Figure B shows heating circuit inside
the pen, which uses R; = 4Q and R; with a 6V supply.
Low temp only S; closed. High temp S; and S, are
closed. High-to-low ratio is 4:3, resistance change ignored.
Find The resistance value of R,

Physics: Electricity and Magnetism

£

e

Figure A

S
Figure B

Knowledge Points: Calculation of Electric Power Answer: 12Q
Analysis: ...calculate the current through R; ....then derive the derive the power for the low temp
setting, in high temp setting, R, and R, are in parallel...

1,11_1,1

1 .
"Rparallel R1 Ry’3 4 Ry’

circumsphere (center 0,0,) , skew edges, and a right dihedral angle of 90° > 8= o
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ion (Si o) — % o %0, 5 i . )
Question (Single-Choice): As shown in the image, the /4, % gq,\‘\\ O® .0\ Question (Multiple-Choice): Dubai built the artificial Palm
i inci ifici i i > ) ) .
wor,k,'ng principle of an artificial heart {m’OlveS bebtellc Al 4’/(/, NN X Yy oz \0%© | Islands offshore using sand and rock, which caused the UAE's ()
auxiliary pump to provide power, drawing blood from a A/gb ay ,5\. /&' 3 Q%_ xP
heart chamber and infusing it into the arteries. Which of Logi <. s () o £8M A. Continental shelf to decrease
the following statement is incorrect () Answer: B 9gic -i"g" MDK12 B. Coastline to lengthen -
Aort: Adv s Adv C. Number of ports to increase [
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Artery C. Pumps blood into aorta g0l 2® ,'z.é‘ Hu,"a” Answer: B,C
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Chemistry: Atoms

Grade: High School Difficulty: Easy Year: 2024

Question (Fill-in-the-Blank): The alloy formed by metallic
nickel and lanthanum (La) is a good hydrogen storage
material, with its unit cell structure diagram and unit cell
parameters shown in the figure below. Fill in the blanks
1. Chemical formula of the crystal_____
2. Crystal density____

434

Answer: 1. LaNis. 2. ———x 103%g - cm®
a?bNy
Knowledge Points: Calculation of unit cell

Analysis: Tests crystal formula identification and density calculation using unit cell
parameters and Avogadro’s constant.

B,

Grade: High School Difficulty: Medium Year: 2021

Question (True or False): A tree structure is a nonlinear
structure with a hierarchical relationship. A tree is a finite
set composed of n (n>0) nodes, as shown in the figure. The
following statement is incorrect: Node A is the root node;

roots of B's subtrees, and B is the parent of E, F, G.
Knowledge Points: Basic Data Structure Answer: True

Analysis: A tree’s root (A) can have subtrees with their own roots (B, C, D). B is the
root of its subtree containing E, F, G. B is also the parent of E, F, G (each child has one
parent). Correct: It accurately describes subtree roots and parent-child relationships.

Information Science: Algorithm

C, and D are roots of A's subtrees; likewise, E, F, G are

Figure 1: MDK12-Bench comprises 141K instances, spans 6 disciplines in K-12 education, and has a six-layer taxonomy
hierarchy: subject, grade, subfield, curriculum, topics, and knowledge points, where the three rings showcase the first three layers.
Examples illustrate the representative exam questions and fine-grained annotations.

signed rigorous evaluation methods. As pretraining corpora
expand, benchmarks face a growing risk of data contamina-
tion (Xu et al. 2024; Chen et al. 2024a), where test content
overlaps with training data, causing leaderboards to overstate
true model capabilities. Most existing benchmarks rely on
static evaluations, making them particularly vulnerable to
such contamination and raising doubts about their objectiv-
ity and long-term validity. To mitigate contamination, adap-
tive evaluation methods have been explored. Meta-probing
agents (Zhu et al. 2024) dynamically adjust the test content
and difficulty during fine-tuning or domain adaptation, while
other approaches alter visual and textual contexts to assess
contamination effects (Yang et al. 2024). Beyond contam-
ination, out-of-distribution visual changes may also affect
the generalization and reasoning capabilities of MLLMs (Hu
et al. 2025). Building on these insights, we propose a dynamic
evaluation framework for MDK12-Bench that addresses both
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challenges. Unlike prior methods focused solely on contami-
nation, our framework deliberately introduces novel visual,
textual, and question-type variations during the test time, eval-
uating the generalization of models to unfamiliar conditions
while ensuring sustained benchmark integrity over time.

MKD12-Benchmark

MKD12-Bench was curated with the participation of more
than 20 researchers and several K-12 educators.

Data Collection. We follow 4 key principles: (1) covering
multidisciplinary, real-world exams; (2) incorporating diverse
visual contexts and question formats for comprehensive eval-
uation; (3) ensuring varied difficulty levels and broad regional
coverage to reveal model limitations and reduce bias; and (4)
supporting robust evaluations. Guided by these, we gathered
5.8M multimodal exam instances from open-access K—12
repositories spanning a wide range of grades, curriculum,



T, Question: Read a certain diagram of the morning and evening terminator, with CAD asthe morning o ~ Standard MLLMs
line and CBD, A as (20°E, 0°), and C as (70°W, 70°N). Complete the following question. If the longitude X
of P is 145°, what is the approximate length of day at P on this day? (A) 8 hours (B) 10 hours (C) 14 \Q‘L\//

hours (D) 16 hours  GT Answer: (C)

Original Instance

[ Knowledge Points: Earth’s rotation and revolution, Day-night cycle, day length from latitude, longitude, terminator position.

( Dy

Ily Transformed Instance

(BB
jes

the estimation. (A) 10 hours (B) 16 hours (C) 9 hours (D) 14 hours GT Answer: (B)

is 145°, what is the approximate length of day at P on this day? GT Answer: 16 hours

llD”

—

\

T; Question: Read a given diagram of the dawn and dusk terminator, with CAD as the sunrise line and CBD as the sunset
line, A as (20°E, 0°), and C as (70°W, 70°N). Complete the following question. If the longitude of P is 145°, the GT Answer
estimated duration of daylight at P on this day is () (A) 8 hours (B) 10 hours (C) 14 hours (D) 16 hours GT Answer: (C) GT Ans “16 hours”

T2 Question: On this particular day, the approximate length of daylight at P, which is located at a longitude of 145
needs to be estimated. The diagram provided shows the morning and evening terminators, where CAD represents
the morning line and CBD the evening line. Given that point A is at (20°E, 0°) and point C is at (70°W, 70°N), finish

L T, Question: Read a certain diagram of the morning and evening terminator, with CAD as the morning line and CBD
as the evening line, Aas (20°E, 0°), and C as (70°W, 70°N). Complete the following question. If the longitude of P

1, : Spatial transformation T, : Word replacement i, j = {0,1,2,3}
, : Color transformation 7', : Sentence paraphrasing
3 : Style transformation T : Question type permutation

G Gemini I"/,InfemVL ;LMM—RI
flash, flash-think  InternVL2.5  Open-r1-MM
0 A —~
@ GPT S Qwen @ Claude
o] 40, 01/03-mini  Qwen2.5-VL
B MLLM Ans.
KP-RAG ~——— Answer Matching —————
v
MLLM Answer
“lThe ﬁppfrgximat%
ength of day at
(T 1;) 1 is 16 hours.”
e Answer Matching ®
Dynamic Answer
Parsing
@ Match? @
GPT-as-Judge @
Score =1.0 Score =0.1
7 7

Figure 2: Our multi-dimensional evaluation pipeline comprises standard, KP-RAG, and dynamic evaluation methods.

MDK-Full Statistics

Total instances 141,320

Text-only instances 77,857 (55.1%)

Multimodal instances 63,463 (44.9%)

Total images 105,218

Exam years coverage 12 years

MDK-Mini Statistics

Total instances 14,856

Easy/Medium/Hard 4.952 each
Knowledge Taxonomy Statistics

Level 1 Disciplines 6

Level 2 Grade 3 (math) or 2 (other)

Level 3 Subfield 36

Level 4 Curriculum 90

Level 5 Topics 499

Level 6 Knowledge points 6,225

Table 2: Key Statistics of MDK12-Bench

knowledge, question formats, and exam years.

Data Screening. The data screening of the initial collection is
conducted in three stages to ensure high-quality, curriculum-
aligned exam data. Rule-based Filtering: A comprehensive
set of rules, designed by data experts, is applied to auto-
matically remove low-quality or irrelevant instances. These
rules cover text-image correspondence, image resolution and
clarity, content completeness, metadata accuracy, structural
and formatting consistency, semantic coherence, duplication
and redundancy checks, logical soundness, and appropriate
year coverage. After this step, the dataset is reduced to 4.2M
instances. GPT-based Filtering: To further refine quality,
GPT-40 is employed to automatically assess semantic consis-
tency between questions and answers, reasoning soundness,
factual correctness, language clarity, and overall content com-
pleteness. This automated review filters the dataset down to
0.6M instances. Educator Filtering: Finally, professional
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K-12 educators manually review the remaining data to ensure
strict curriculum alignment, question—answer correctness,
reasoning validity, and adherence to formatting standards.
This validation results in a curated dataset of 0.2M instances.
Data Processing. Following screening, we applied rule-based
parsing to convert each exam instance into a uniform struc-
tured data format and converted into JSON and TSV files. To
ensure linguistic and formatting consistency the GPT-4o is
used to translate Chinese text into English and verified by
domain experts for technical accuracy. Data experts then in-
spected the processed dataset for translation fidelity, content
completeness, unit and encoding consistency, equation for-
matting, question categorization, and overall compliance with
formatting standards. Rules were established to automatically
remove instances that failed to meet these criteria, yielding
a final dataset of 141.3K exam instances. Each instance in-
cludes the following data fields: difficulty level, exam year,
question form, question, answer, text, image, grade level, cur-
riculum, topic, knowledge points, and answer explanation.

Knowledge Taxtonomy. We constructed a six-layer knowl-
edge taxonomy from the processed data: Level 1 — disci-
plines, Level 2 — grades, Level 3 — subfields, Level 4 — cur-
riculum, Level 5 — topics, and Level 6 — knowledge points.
The benchmark covers six subjects: mathematics, physics,
chemistry, biology, geography, and information science. Each
subject includes middle school (K7-K9) and high school
(K10-K12) grades, with mathematics additionally covering
primary school (K1-K6). Data experts defined six subfields
per subject, and GPT-40 was used to map 90 curricula to
36 subfields, followed by manual inspection. The complete
list of subfields is shown in Fig. 1. Each processed question
is linked to this taxonomy, enabling structured, fine-grained
knowledge representation. The statistics are in the Table 2.

Data Statistics. The statistics of MDK12-Bench is summa-
rized in Table 2, the full set of our benchmark MDK12-Full
comprises 141,320 unique exam instances, including 77,857
(55.1%) text-only and 63,463 (44.9%) text—image pairs, total-
ing 105,218 images. Covering a 12-year span (2016-2025),



Mathematics Physics Chemistry Biology Geography Info Sci
Models Overall & Med Hard Easy Med Hard Fasy Med Hard Easy Med Hard Easy Med Hard Easy Med Hard
Gemini2-thinking 67.8  68.7 67.9 50.6 69.3 61.8 542 744 702 51.7 74.1 674 472 722 715 633 814 77.3 73.1
GPT-ol 65.5 56.2 50.1 58.2 609 58.4 52.5 71.8 76.5 60.5 59.7 81.1 55.7 77.3 70.7 67.1 86.4 66.0 69.8
GPT-01-mini 62.4 533 47.8 55.6 58.1 543 492 68.9 71.7 57.4 57.4 78.2 534 73.5 673 64.1 82.3 63.4 66.5
Gemini2-flash 61.5 65.8 65.3 42.1 65.6 58.3 49.7 694 65.1 43.8 69.0 63.1 38.9 67.9 73.3 58.1 75.9 72.6 69.3
GPT-4o 59.0  55.1 53.4 453 593 547 49.6 64.3 64.0 603 672 67.8 69.2 662 57.4 533 68.4 62.6 70.1
Claude-3.7 58.2 544 51.2 43.3 563 53.1 47.6 624 61.3 57.7 64.5 65.2 66.8 63.6 554 51.5 66.2 60.7 68.4
Qwen2.5-VL-72B 67.5  67.0 63.1 55.0 68.9 63.8 57.9 76.7 77.1 66.8 72.7 71.5 68.0 71.2 67.3 68.7 69.3 65.1 65.4
InternVL2.5-MPO 65.2 55.6 50.9 432 64.6 59.4 53.7 784 73.1 60.5 73.9 70.5 63.6 72.9 73.6 67.5 76.2 68.3 67.3
InternVL2.5-78B 64.6  51.8 485 41.1 60.9 55.6 49.7 78.2 75.9 59.8 74.0 70.2 65.5 74.9 72.8 69.0 79.1 68.6 66.3
QVQ-72B 64.4 60.9 62.3 543 60.6 68.8 68.7 70.6 68.7 62.1 65.3 639 58.2 64.8 66.8 659 66.7 62.9 67.4
Qwen2.5-VL-7B 60.3  59.7 562 46.7 57.2 562 46.7 66.2 67.6 569 642 62.3 59.8 61.7 63.0 67.9 63.6 64.6 62.0
InternVL2.5-8B 54.6 46.1 40.5 359 51.3 45.0 38.8 63.9 65.3 51.1 59.4 56.7 54.3 64.3 58.1 58.5 73.5 62.1 574
Qwen2-VL-7B 454 423 37.9 31.6 45.7 39.1 33.8 53.0 50.4 41.3 52.1 46.8 49.7 43.0 47.8 41.5 554 519 533

Table 3: Performance of MLLMs across six disciplines and three difficulty levels, and average over all

(a) Gemini2-thinking- 62.4 = 61.8 [ 654 | 62.9 I75 (b) Gemini2-thinking - 56.7 I
GPT-ol- 548 573 65.5 GPT-ol - 60.6 1170
GPT-ol-mini- 522 539 [ 660 | 63.0 GPT-ol-mini N6 N638Y 57.7
Gemini2-flash- 57.7 57.9 594 57.0 | 664 65 Gemini2-flash TN 503 | 65
GPT-40- 513 545 | 629 59.0 ] GPT-40-. 634 600 580
Claude-3.7- 49.6 523  60.5 | 655 56.8 -60 Claude-3.7- 612 578 559 60
Qwen2.5-VL-72B- 61.7 | 635 ; Qwen2.5-VL-72B JEANON G0N 6356
InternVL2.5-MPO- 49.9  59.2 35 InternVL2.5-MPO el 593 55
InternVL2.5-78B- 47.1 554 : 50 InternVL2.5-78B i 65.3 | 58.6
QvQ-72b- 592 [16607 67.1 @ 625 | 658 . QvQ-72b- 648 | 656 | 628 0
Qwen25-VL-7B- 542 534  63.6 621 642 -45 Qwen2.5-VL-7B- 62.1  61.6  56.7
InternVL2.5-8B - 450 60.1 568 603 " InternVL2.5-8B- 59.8 546 [493 |4
Qwen2-VL-7B - 482 495 . Qwen2-VL-7B - 48.6
Qwen2-VL-7B-GRPO - 492 [35 Qwen2-VL-7B-GRPO JEIC N E e o 4°
Math Phys Chem Bio Geo Info Sci Eesy Medium Hard

Figure 3: Comparison of average model accuracy with respect to (a) six disciplines and (b) exam difficulty levels

it includes five question formats: single-choice, multiple-
choice, fill-in-the-blank, true/false, and open-ended. To sup-
port lightweight evaluation, we introduce MDK12-Mini, con-
sisting of 10% of MDK12-Full uniformly sampled across
easy, medium, and hard levels. Knowledge points are uni-
formly sampled to ensure each subset instance is linked to at
least one unique knowledge point. In the Supplementary Ma-
terial, we provide evidence demonstrating that MDK12-Mini
yields evaluation results comparable to those of MDK12-Full.

MLLM Evaluation
Evaluation Methods

As illustrated in Fig. 2, the evaluation is based on answer
matching which comprises three steps: (1) Input question into
the MLLMs to generate an answer; (2) GPT-40 is prompt to
parse and extract the MLLM response as its final answer; and
(3) MLLM answer is compared with the ground truth answer.
compared against the ground truth. Exact matches score 1.0,
while partial matches are graded by GPT-as-Judge using pre-
defined rules (e.g., 0.5 for one of two filled blanks, m/n for m
correct out of n choices). In Standard evaluation, the MLLM
is given the original question and evaluated against its ground
truth answer. Dynamic evaluation transforms both the ques-
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tion and its ground truth, while KP-RAG evaluation enriches
the question with relevant knowledge points, prompting the
model to elaborate on these points and answer using both the
question and expanded knowledge.

The dynamic evaluation framework introduces controlled
perturbations to images and texts, including both questions
and ground-truth answers, curating new test samples dur-
ing MLLM evaluation. A GPT-based judge checks whether
dynamic text or image alterations alter the meaning of the
original question or answer and removes samples with sig-
nificant changes. The dynamic transform includes visual and
textual transforms as detailed below.

Image bootstrapping strategies apply spatial, color, and
style variations to increase visual diversity and difficulty in
visual recognition and reasoning. They preserve semantics
while making the context unfamiliar to models. Spatial. We
pad the original image with colors uniformly sampled from
black, white, and grey. The padding width is proportional
to the image dimension along each side, with the ratios uni-
formly sampled in the range between 10% and 20%. The
image padding allows the evaluation of a model’s ability to
recognize layout changes and apply its structural knowledge
to compare, contrast, and reason about image layout changes.
Color. In this step, the colors of the original image were



Medium Hard

Standard Dynamic A  Standard Dynamic A

Model Overall Easy
Standard Dynamic A  Standard Dynamic A
Gemini2-thinking  58.1 41.6 165 66.7 43.8
Gemini2-flash 56.4 470 94 66.6 50.1
GPT-40 51.2 409 103  54.1 35.7
Claude-3.7 46.7 314 153 49.2 323
InternVL2.5-8B 41.7 26.1 156 485 23.5
Qwen2-VL-7B 27.3 26.1 1.2 31.8 34.6

229 570 48 122 515 362 153
164 547 46.1 8.6 48.9 44.5 44
18.5 53.7 513 24 354 348 0.6
169 502 363 139 405 252 153
250 441 275 166 384 308 7.7
-2.8 25.5 254 0.0 25.6 205 5.0

Table 4: Accuracy of MLLMs on standard vs. dynamic evaluation; A shows their difference. Best and second best highlighted.
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Figure 4: Model accuracy across exam years.

inverted. Salt-and-pepper noise of random noise density is
also added. This transformation assesses the model’s ability
to utilize its familiar visual knowledge to identify and reason
about visual entities when an image experiences significant
color distortions and random visual artifacts. Style. Using
the Flux-Dev (Black Forest Labs 2024) model, we introduce
subtle style variations without significantly altering its key
visual elements and question semantics. This tests whether
models can rely on their physical appearance understanding
and knowledge to recognize and reason over unseen style
variations.

We also introduce three textual bootstrapping methods
to modify questions while preserving the answer’s correct-
ness.Word Substitution. We replace certain keywords with
synonyms or contextually related expressions. This tests how
well a model can maintain an accurate understanding when
familiar terms are changed, thus assessing vocabulary sensi-
tivity and semantic generalization. Sentence Paraphrasing.
We rephrase entire sentences through variations in sentence
structure, word order, or style. This checks whether a model
can consistently capture the underlying meaning even when
the surface form of the text is altered. Question Type Conver-
sion. We convert a question from one format to another, such
as turning a multiple-choice problem into a fill-in-the-blank.

Experiments
Baselines and Experimental Setup

We conduct systematic and fine-grained evaluation of a set of
ten existing MLLMs from multiple dimensions. The baseline
MLLMs including Proprietary models: Gemini-2.0-flash-
exp (Team et al. 2023), Gemini-2.0-flash-thinking-exp (Team
et al. 2023), GPT-40 (OpenAl 2024a), GPT-o1-mini (OpenAl
2024b), Claude-3.7-Sonnet (Anthropic 2023). Open-source
models: Qwen2.5-VL (Bai et al. 2025), InternVL2.5 (Chen
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et al. 2024b), QVQ-72B-preview (Team 2024), InternVL2.5-
78B-MPO (Wang et al. 2024a). All experiments are per-
formed in a zero-shot setup and evaluated by accuracy met-
ric, demonstrating MLLMs’ ability to generalize in multi-
disciplinary problem solving without few-shot prompting or
model fine-tuning. In the following discussions, we also com-
pare Reasoning models with their Chat counterparts, such
as Gemini2-thinking vs. Gemini2-flash, GPT-o1 vs. GPT-4o0,
and InternVL2.5-MPO vs. InternVL2.5-78B.

Cross-Discipline and Difficulty Results

Table 3 presents performance comparison across six disci-
plines on the easy, medium, and hard subsets of MDK12-
Mini. Cross-Disciplines performance is shown in Fig. 3(a),
illustrates the average accuracy of each model. Models con-
sistently perform worse in Math and Physics, with scores
7.6% lower than the overall average of 59.8%. In contrast,
Chemistry, Biology, Geography, and Information Science
achieve an average score that 3.7% higher than the overall av-
erage. Cross-Difficulty performance is presented in Fig.3(b),
which shows the average accuracy of each model across the
three difficulty levels. All models show decreased accuracy
on harder exam questions, with an average drop of 8.3% com-
pared to easier ones. Larger models outperform smaller ones
across disciplines and difficulty levels. Separately, reasoning-
oriented models also achieve higher accuracy than their chat-
focused counterparts, a trend more evident in the Gemini
and GPT series than in the Intern series. The evaluation on
MDK-Full is provided in the Supplementary Material and
shows results consistent with those of MDK-Mini.

Cross-Year Evaluation Results

A year-by-year accuracy breakdown across difficulty levels
is shown in Fig. 4, which showcases the temporal shifts in
model performance relative to exam year. While accuracy
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Figure 5: Comparison of model accuracy with vs. without KP-RAG.

naturally declines with increasing difficulty, we observe a
further performance drop on newer exams across all diffi-
culty levels, with accuracy gaps of 12.3%, 13.4%, and 11.6%
between the oldest and newest exams for easy, medium, and
hard levels, respectively. This temporal trend may stem from
distributional shifts where newer exams introduce updated
novel concepts or rephrased questions that differ from the
training data of models. As a result, models face reduced
familiarity and limited exposure, leading to lower accuracy
even at similar difficulty levels.

Dynamic Evaluation Results

We sampled 50% of MDK12-Mini’s instances (695 easy,
818 medium, 1124 hard) as the standard set and generated a
dynamic query set using three textual and three visual boot-
strapping methods. Table 4 shows that dynamic evaluation
reduces model performance by an average of 13.7%, indicat-
ing its generalization limitations. Despite strong baseline per-
formance, leading models especially reasoning model (e.g.,
Gemini-think) are more sensitive to contextual shifts possibly
due to their stronger context-aware capability, more complex
reasoning chain, or overfitting to massive static pretraining
corpora, which dynamic perturbations easily disrupt.

KP-RAG Evaluation Results

We compare the accuracy of Qwen2.5-VL-7B and GPT-40
with and without knowledge-point referenced generation
(KP-RAG) in Fig. 5. It is observed that incorporating KP-
RAG improves model accuracy by an average of 6.9%, 6.0%,
and 2.1% on easy, medium, and hard exams, respectively.
The larger gains on easy and medium exams likely arise be-
cause these questions are less reasoning-intensive and more
knowledge-retrieval driven, allowing explicit knowledge-
point augmentation to benefit the model. In contrast, harder
exams often require multi-step reasoning, abstract problem-
solving, or cross-knowledge integration, where simply adding
related knowledge points offers limited improvement.

Error Analysis

We analyze 100 sampled errors from five models: Gemini2-
thinking, Gemini2-flash, InternVL2.5-MPO, InternVL2.5-
78B, and InternVL2.5-8B, and categorized them into five
types (Fig. 6): Question Misunderstanding, Reasoning Error,
Visual Comprehension Error, Incomplete Answers, and Other
Errors. Reasoning models (Gemini-think and InternVL2.5-
MPO) reduce reasoning errors by 12% and 22% compared to
their chat counterparts (Gemini2-flash and InternVL2.5-78B),
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Misunderstanding

o'
—— InternVL2.5-78B
—— InternVL2.5-8B
InternVL2.5-MPO

—— Gemini2-thinking
—— Gemini2-flash

Figure 6: Error analysis of five representative models.

likely due to RL-based reasoning-oriented post-training, but
exhibit 2% higher visual errors and more incomplete answers
(12%, 5%) due to vision encoder limits and the 2048-token
cutoff. Larger models (e.g., InternVL2.5-78B) reduce visual
and other errors by 3% and 1% compared to InternVL2.5-8B
but show no improvement in reasoning, question understand-
ing, or incomplete answers. This suggests that scaling mainly
enhances perception through richer multimodal representa-
tions but little to improve reasoning accuracy, prompt inter-
pretation, instruction-following, or token-length limitations.

Conclusion

We present MDK12-Bench, a comprehensive multimodal
benchmark for evaluating the problem-solving intelligence of
MLLMs across diverse disciplines and dimensions based on
real-world K—12 exams. We propose a dynamic framework
that applies textual and visual bootstrapping strategies to
assess model generalization and rigorously mitigate data con-
tamination. Experimental results reveal limitations of state-
of-the-art MLLMs, including high sensitivity to contextual
changes, poor generalization to novel and complex tasks, and
limited benefits from knowledge augmentation in reasoning-
intensive problems. These findings affirm MDK12-Bench
as an essential foundation for diagnosing model strengths
and limitations and for guiding the development of robust
and generalizable multimodal intelligence towards improved
adaptability, reasoning, and knowledge integration.
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