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Abstract

Human-defined creativity is highly abstract, posing a chal-
lenge for multimodal large language models (MLLMs) to
comprehend and assess creativity that aligns with human
judgments. The absence of an existing benchmark fur-
ther exacerbates this dilemma. To this end, we propose
CreBench, which consists of two key components: 1) an
evaluation benchmark covering the multiple dimensions from
creative idea to process to products; 2) CreMIT (Creativity
Multimodal Instruction Tuning dataset), a multimodal cre-
ativity evaluation dataset, consisting of 2.2K diverse-sourced
multimodal data, 79.2K human feedbacks and 4.7M multi-
typed instructions. Specifically, to ensure MLLMs can handle
diverse creativity-related queries, we prompt GPT to refine
the human feedback to activate stronger creativity assessment
capabilities. CreBench serves as a foundation for building
MLLMs that understand human-aligned creativity. Based on
the CreBench, we fine-tune open-source general MLLMs, re-
sulting in CreExpert, a multimodal creativity evaluation ex-
pert model. Extensive experiments demonstrate that the pro-
posed CreExpert models achieve significantly better align-
ment with human creativity evaluation compared to state-of-
the-art MLLMs, including the most advanced GPT-4V and
Gemini-Pro-Vision.

Project Page — https://kaixuewen.github.io/Crebench

Introduction
Creativity, a core of human intelligence, is defined as the
ability to generate novel, valuable ideas or products (Boden
2004). With rapid advances in MLLMs (Yang et al. 2023;
Liu et al. 2023) for vision and reasoning, a key question
arises: do current MLLMs understand creativity as hu-
mans intend? Creativity is abstract and subjective, making
it hard to model, and current MLLMs fail to align with hu-
man creativity (see Figure 1(c)).
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Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Despite growing demand for creativity-aware AI, eval-
uating creativity in MLLMs remains underexplored. Ex-
isting vision-language benchmarks mainly target objec-
tive tasks such as visual question answering (Goyal et al.
2017), captioning (Agrawal et al. 2019), and image-text
retrieval (Plummer et al. 2015), relying on well-defined
ground truths. In contrast, creativity is open-ended and lacks
universal evaluation criteria, making automatic assessment
challenging. Moreover, metrics such as BLEU, CIDEr, and
CLIPScore fail to capture novelty, usefulness, and human-
aligned imagination. Without dedicated creativity bench-
marks or datasets, it remains difficult to assess or improve
MLLMs’ alignment with human creativity.

To address this gap, we introduce CreBench, a com-
prehensive benchmark for evaluating MLLMs’ alignment
with human creativity across idea, process, and product.
CreBench consists of two components. 1) We propose
an open-ended design benchmark that models creativity
as a multi-stage process, covering idea generation, refine-
ment, and visual realization. Unlike outcome-only evalua-
tions, CreBench assesses creativity along three core dimen-
sions—creative idea, process, and product—each defined
by twelve fine-grained indicators grounded in cognitive sci-
ence and creativity theory. A five-point behaviorally an-
chored rubric enables precise, multidimensional evaluation
using multimodal data, including verbalized ideas, interac-
tion logs, and final visual outputs. 2) To support large-scale
instruction tuning, we construct CreMIT, a high-quality mul-
timodal dataset with over 2.2K creative instances and 79.2K
expert annotations from four open-ended design tasks(see
Figure 1(a)). Expert feedback is further expanded using
GPT-4o into 4.7M instruction–response pairs across six QA
formats(see Figure 1(b)). CreMIT provides a scalable re-
source for training and benchmarking MLLMs on open-
ended creativity.

To assess creativity in real-world open-ended tasks, we
capture creativity from idea to process to product, going
beyond a sole focus on product novelty. Building on this
framework, we propose CreExpert, a creativity evaluation
expert model fine-tuned from open-source MLLMs. Built on
LLaVA-1.5 (Liu et al. 2024a), CreExpert preserves original
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Figure 1: Overview of CreBench. (a) We design a diverse set of creative tasks and build a multi-dimensional database. (b) We
use GPT-4o to generate instruction-following data through prompting. (c) Performance of the proposed CreExpert on various
creativity evaluation dimensions. (*) indicates scaled data for a better view.

knowledge while acquiring human-aligned creativity under-
standing. Together, CreBench and CreExpert form a system-
atic approach for studying and evaluating multimodal cre-
ativity.

In summary, our contributions are threefold:

• We introduce CreBench, a fine-grained multidimensional
creativity benchmark, together with a multimodal in-
struction dataset CreMIT, containing 2.2K creative in-
stances, 79.2K expert evaluations, and 4.7M multi-
format instructions.

• We propose CreExpert, a multimodal creativity expert
model trained on CreBench, which significantly outper-
forms state-of-the-art MLLMs, including GPT-4V and
Gemini-Pro-Vision.

• We release our benchmark, dataset, and CreExpert
model, including code and checkpoints, to facilitate fu-
ture research on multimodal creativity.

Related Works

Creativity in Image Generation

Creativity, unlike aesthetics (Huang et al. 2024; Maerten
et al. 2025), emphasizes idea originality and imaginative
depth rather than visual beauty alone. DALL-E (Ramesh
et al. 2021), and Stable Diffusion (Rombach et al. 2022)
have significantly improved the quality and controllability
of synthesized images. Several works have explored con-
trolling generation style (Patashnik et al. 2021), enhancing
compositionality (Liu et al. 2022), or enabling prompt-based
editing (Brooks, Holynski, and Efros 2023). Creativity is of-
ten approximated via measures such as diversity or novelty,
but these metrics oversimplify the complex human percep-
tion of creative value. In this work, we depart from this tradi-
tion by treating creativity as a multidimensional, subjective
judgment and constructing a dataset explicitly labeled along
12 human-centric dimensions of creative perception.
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Human-Aligned Benchmark
Human-aligned benchmark involves constructing evalua-
tion datasets that reflect human preferences across various
subjective dimensions. In language, benchmarks like Hel-
laSwag (Zellers et al. 2019), TruthfulQA (Lin, Hilton,
and Evans 2022), have been used to assess alignment with
human reasoning and judgment. In multimodal domains,
efforts such as Seed-Bench (Li et al. 2024) and MM-
Bench (Liu et al. 2024c) extend this idea by integrating hu-
man preference into visual and cross-modal evaluation. For
creative content, however, existing benchmarks either rely
on pairwise preference (Kirstain et al. 2023) or aesthetic
scoring (Murray, Marchesotti, and Perronnin 2012; Schuh-
mann et al. 2022), failing to capture the nuanced, multidi-
mensional structure of human creative judgment.

Multimodal Large Language Model
The release of LLMs, such as T5 (Raffel et al. 2020), GPT-
4 (Achiam et al. 2023), and LLaMA (Touvron et al. 2023),
has demonstrated remarkable capabilities and spurred grow-
ing interest in vision and language interaction. Building on
this progress, multimodal models such as Otter (Li et al.
2025) and LLaVA (Liu et al. 2023) integrate visual percep-
tion with language instruction tuning to enable task gener-
alization and multimodal reasoning. Subsequent works (Pi
et al. 2023; Lai et al. 2024; Zhang et al. 2024; Lu et al.
2024; Liu et al. 2024b) further improve MLLMs through
advanced fine-tuning strategies for downstream tasks. De-
spite these advances, human-aligned creativity evaluation
remains largely unexplored. To address this gap, we intro-
duce CreBench and CreExpert to support the evaluation and
modeling of human-aligned creativity in MLLMs.

CreBench
Evaluation Dimention Suite
Assessing creativity in open-ended, real-world tasks de-
mands a multidimensional framework beyond mere novelty.
We adopt a comprehensive rubric tailored to creative prob-
lem solving and visual expression, dividing creativity into
three dimensions: creative idea, creative process, and cre-
ative product (Figure 2). Creativity here involves generat-
ing, evaluating, and refining ideas (Brophy 1998), and ma-
nipulating visual elements (Urban 2005) to produce novel,
appropriate, and aesthetically compelling solutions (Chris-
tensen and Ball 2016).

Creative Idea The creative idea assesses the conceptual
quality of a solution, focusing on its originality and appro-
priateness. It evaluates whether the idea presents novel yet
contextually relevant mechanisms. Each aspect is rated on a
five-point scale:

• Originality: Measures the novelty and divergence from
conventional approaches (Runco and Jaeger 2012).

• Appropriateness: Assesses the idea’s relevance, feasibil-
ity, and alignment with task requirements (Runco and
Charles 1993).

Creative Process This dimension measures students’ cog-
nitive and visual engagement during problem solving, as-
sessed across five aspects: immersion, divergence, structur-
ing, evaluation, and elaboration. Each is rated on a five-point
scale indicating the depth, coherence, and refinement of the
creative process.

• Immersion/Preparation: Initial engagement through re-
flection, observation, and strategic planning (Wallas
1926).

• Divergence: Generation of varied and experimental ideas
via open-ended exploration (Joy 1950).

• Structuring: Intentional integration of visual elements
into a coherent composition (Okada and Ishibashi 2017).

• Evaluation: Ongoing assessment and refinement of ideas
to improve clarity and relevance (Mumford et al. 2013).

• Elaboration: Attention to detail and expressive refinement
in the final visual output (Urban 2005).

Creative Product This dimension evaluates the final
drawing as both a solution and a creative expression, scored
across five aspects: effectiveness, aesthetic, novelty, manu-
facturability, and systemic complexity. Each is rated on a
five-point scale to assess the clarity, originality, feasibility,
and design integration of the outcome.

• Effectiveness: How clearly and coherently the drawing
communicates the intended solution (Urban 2005).

• Aesthetic: Visual appeal, composition balance, and ex-
pressive quality (Christensen and Ball 2016).

• Novelty: Originality in form, content, or symbolic repre-
sentation (Torrance 1966).

• Manufacturability: Feasibility of real-world construction
and functionality (Charyton et al. 2011).

• Systemic Complexity: Integration of multiple functional
components into a coherent system (Howard, Culley, and
Dekoninck 2008).

Dataset Construction
This section presents an overview of the CreMIT dataset
construction, as illustrated in Figure 2. Stage 1 outlines
a subjective experiment collecting creative ideas, pro-
cesses, and products from human and AI participants at a
1:3 human-to-AI ratio across four problem-solving tasks.
Stage 2 covers expert evaluation, yielding 79.2K human
feedback entries over 2.2K multi-dimensional instances.
Stage 3 details how GPT-4o refines creative reports to gener-
ate 4.7M instruction-following samples across multiple cre-
ativity dimensions and question types, with their distribution
summarized in Figure 3.

Experiment Preparation Figure 2 (Stage 1) illustrates
the distribution of data by participant type, modality, and di-
mension. As shown in Figure 3(a), the dataset covers four
problem-solving tasks with balanced sample distributions
across tasks.

1 Task Design: We designed four open-ended, real-world
problem-solving scenarios, such as the “cargo river
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Figure 2: Overview of CreMIT construction procedure. Stage 1: We collect diverse solutions (creative idea, creative process,
and creative product) generated by students and AI based on open-ended creativity tasks. Stage 2: Innovation experts evaluate
each solution across 12 indicators spanning three dimensions, producing detailed assessment reports. Stage 3:Using six types
of prompts, we employ GPT-4o to generate multidimensional instruction-following data based on the expert feedback.

crossing” (Figure 2, Stage 1), to elicit diverse and non-
routine creative responses (Runco and Acar 2012). These
tasks captured both the final creative products and the un-
derlying ideas and processes, building a comprehensive,
multimodal dataset for creativity assessment.

2 Subject Selection: A total of 512 secondary students
were recruited through stratified cluster sampling from
five schools to ensure demographic and cognitive diver-
sity (Figure 2, Stage 1). All participants passed a color
vision test (Yang et al. 2022) and completed a base-
line creativity assessment. Each completed three creative
tasks, contributing textual ideas, behavioral logs, and vi-
sual outputs forming a multi-dimensional, multimodal
dataset. This comprehensive data collection ensures a
rich foundation for evaluating creativity across individ-
uals with varied backgrounds and expression modalities.

Collecting Human Feedback Figure 2 (Stage 2) illus-
trates the expert evaluation process used to assess creativity
across multiple dimensions.
1 Expert Annotation Protocol: To ensure reliable creativ-

ity assessment, we implemented a rigorous expert anno-
tation and quality control protocol. Three experts in edu-
cational creativity were recruited following the Consen-
sual Assessment Technique (CAT), each with extensive

Dataset Year
Modality

AIGC H.F. I.T. O.W.
Text Proc. Img

OpenSketch 2021 ✗ ✗ ✓ ✗ ✓ ✗ ✗

CID 2022 ✓ ✗ ✓ ✓ ✓ ✗ ✓

Cambridge AUT 2023 ✓ ✗ ✗ ✗ ✓ ✗ ✗

AesBench 2024 ✓ ✗ ✓ ✓ ✓ ✓ ✓

APDD 2024 ✗ ✗ ✓ ✗ ✓ ✗ ✗

IDEA 2024 ✓ ✗ ✓ ✗ ✓ ✗ ✗

CreBench 2025 ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Feature comparison of creativity-related datasets.
Proc.: process logs; H.F.: human feedback; I.T.: instruction
tuning; O.W.: open world.

experience. Before annotation, all experts underwent two
training sessions to familiarize themselves with the as-
sessment framework, clarify rubrics, and calibrate stan-
dards using example cases minimizing inter-rater vari-
ability. During annotation, experts evaluated both human
and AI outputs across all three modalities. Annotation
quality was ensured through ongoing agreement moni-
toring, regular calibration meetings, and both automated
checks (e.g., completeness, consistency) and manual re-
views for low-quality or ambiguous cases.
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Figure 3: Data distribution and visualization. (a) We analyze the sample number for each task and the prompt number for each
prompt category. (b) We only demonstrate the first sample of the idea prompt (among idea, process, and product prompts).

2 Expert Feedback: Based on this protocol, we constructed
a multi-dimensional dataset through expert evaluations of
4 tasks, 3 creativity dimensions, and 12 sub-indicators.
The dataset includes over 2.2K visual instances and
79.2K expert ratings. All annotations were conducted by
qualified professionals to guarantee reliable creativity as-
sessment. We have computed inter-rater reliability across
all dimensions, the average Fleiss’s κ = 0.71 and ICC
(2,1) = 0.78, indicating substantial agreement.

Instruction-following Data Figure 2 (Stage 3) illustrates
the construction of large-scale instruction-following data
from expert feedback. Building on the expert-annotated
dataset, we prompt GPT-4 to convert expert feedback into
instruction–response pairs following prior work (Wu et al.
2024a), yielding 4.7M samples across creativity dimensions
and question types. As shown in Figure 3(b), to support di-
verse real-world queries and enhance MLLMs’ creativity
understanding, we design six question types:
1 Reasoning-style: focus on analyzing the rationale behind

expert-assigned scores, encouraging the model to justify
the evaluation results based on rubric-defined criteria.

2 What-style: investigate the key features, intentions, or ex-
pressive elements of the creative idea that contribute to its
originality and appropriateness;

3 How-style: explore implementation strategies or mecha-
nisms, guiding the model to explain how the creative idea
was realized or executed;

4 Why-style: seek to reveal the causes behind evaluation
outcomes, encouraging causal interpretation;

5 Yes/No-style: questions provide binary judgments on as-
pects such as novelty, relevance, or feasibility, followed
by brief justifications;

6 MCQ–style: convert evaluation scenarios into structured
rating selections (Excellent to Bad), aligned with rubric-
based judgment frameworks (Liu et al. 2024a; Lu et al.
2022; Wu et al. 2024b).

Following this pipeline, the final CreMIT dataset com-
prises 4.7M multi-typed instructions explicitly crafted to en-
hance creativity evaluation in MLLMs. As summarized in
Table 1, CreMIT significantly advances in scale and diver-
sity, offering a valuable benchmark for MLLM-based cre-
ativity understanding and assessment.

CreExpert
Model Architecture
The proposed CreExpert is developed following the archi-
tectural paradigm of LLaVA-1.5 (Liu et al. 2023), and con-
sists of three core modules: a vision encoder built upon
CLIP-ViT-L14 (Radford et al. 2021) with a 336×336 in-
put resolution, which encodes input images into 576 visual
tokens; a modality bridging component implemented as a
two-layer MLP that aligns visual and linguistic represen-
tations; and a language decoder initialized from the open-
source Vicuna-v1.5 (Zheng et al. 2023), which is responsi-
ble for instruction understanding and response generation.
In this work, we instantiate the CreExpert model based on
the LLaVA-1.5-7B variant, aiming to evaluate its capability
in creativity assessment tasks using the CreMIT dataset.

Supervised Fine-Tuning
The development of open-source Multimodal Large Lan-
guage Models (MLLMs) (Liu et al. 2023) generally consists
of two key phases: (1) aligning the visual encoder with the
language model using large-scale image-text datasets col-
lected from the web (Lu et al. 2022), and (2) enhancing
multimodal reasoning through instruction tuning with cu-
rated vision-language datasets (Liu et al. 2023). In contrast
to previous work that emphasizes general-purpose under-
standing (Liu et al. 2023; Su et al. 2023; Ye et al. 2023), the
objective of this study is to improve the ability of MLLMs
to perform creativity evaluation. To achieve this, we apply
supervised instruction tuning to models that have been pre-
trained on generic visual tasks, using the proposed CreMIT
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Model Creative Idea Creative Process Creative Product Overall Rank
Ori. App. Avg. Imm./Pre. Div. Str. Eva. Ela. Avg. Eff. Aes. Nov. Man. Sys. C. Avg.

CreExpert (Ours) 85.35% 82.92% 84.14% 92.24% 82.97% 61.64% 58.97% 65.13% 72.19% 39.32% 31.22% 43.30% 42.05% 45.00% 40.18% 65.50% 1
GPT-4V 16.20% 14.12% 15.16% 61.64% 39.48% 39.21% 36.70% 48.01% 45.01% 26.10% 20.28% 27.64% 32.56% 31.63% 27.64% 29.27% 2
Gemini-Pro-Vision 14.00% 8.93% 11.47% 85.32% 43.72% 32.49% 53.07% 57.33% 54.39% 17.75% 11.87% 19.84% 21.62% 16.41% 17.50% 27.78% 3
mPLUG-Owl2 15.16% 13.51% 14.34% 50.29% 30.19% 23.05% 22.09% 20.91% 29.31% 20.89% 16.46% 23.31% 30.46% 27.69% 23.76% 22.47% 4
LLaVA-1.5-7B 13.23% 12.89% 13.06% 44.11% 32.17% 20.02% 26.19% 21.41% 28.78% 15.67% 12.63% 18.98% 28.35% 23.72% 19.87% 20.57% 5
InstructBLIP 9.26% 14.89% 12.08% 46.92% 35.01% 19.42% 24.88% 22.77% 29.80% 16.94% 9.83% 17.19% 29.34% 25.27% 19.71% 20.53% 6
Seed1.5-VL 19.97% 9.82% 14.90% 57.74% 17.97% 11.65% 18.30% 18.26% 24.78% 14.74% 26.27% 19.75% 21.03% 17.49% 19.86% 19.85% 7
Qwen2.5-VL 10.48% 14.23% 12.36% 22.97% 32.70% 11.25% 25.62% 24.15% 23.34% 19.84% 10.54% 20.12% 32.06% 30.74% 22.66% 19.45% 8
MiniGPT-v2 10.28% 11.89% 11.09% 20.18% 30.83% 13.09% 22.10% 19.72% 21.18% 18.00% 8.24% 14.90% 25.09% 21.27% 17.50% 16.59% 9
GLM 7.39% 9.19% 8.29% 40.98% 28.31% 20.14% 20.58% 19.01% 25.80% 12.09% 6.90% 10.03% 19.08% 17.93% 13.21% 15.77% 10
MiniGPT-4 5.89% 4.87% 5.38% 10.23% 10.83% 9.42% 14.80% 10.08% 11.07% 7.63% 10.23% 13.28% 6.72% 12.06% 9.98% 8.81% 11
TinyGPT 3.98% 2.59% 3.29% 8.72% 4.80% 8.92% 10.17% 8.15% 8.15% 7.22% 8.43% 9.82% 9.02% 4.95% 7.89% 6.44% 12

Table 2: Performance comparisons of the proposed CreExpert with existing MLLMs. Ori.: Originality, App.: Appropriateness,
Imm./Pre.: Immersion/Preparation, Div.: Divergence, Str.: Structuring, Eva.: Evaluation, Ela.: Elaboration, Eff.: Effectiveness,
Aes.: Aesthetic, Nov.: Novelty, Man.: Manufacturability, Sys. C.: Systemic Complexity. The Overall score is computed as the
average across the three major dimensions: Creative Idea, Creative Process, and Creative Product.

dataset. Drawing on insights from recent research (Wu et al.
2024a), our training method preserves the model’s general
knowledge while equipping it with task-specific reasoning
abilities tailored to creativity assessment. For the sake of
training efficiency and fair comparison, the visual encoder
is kept frozen, and fine-tuning is applied only to the projec-
tion module and the language model. As a result, we obtain
a unified multimodal expert model that is capable of evalu-
ating creativity across the full process, including idea gener-
ation, process execution, and final product realization.

Experiments
Dataset and Metrics
CreBench contains 2.2K samples from four tasks, each com-
prising a creative idea, process, and product. The dataset is
split evenly into fine-tuning and evaluation sets. CreBench
evaluates MLLMs across 12 fine-grained dimensions, using
the Pearson correlation coefficient to measure consistency
between model predictions and human feedback, reflecting
alignment with human judgment.

Implementation Details
We fine-tuned pre-trained multimodal language models on
the constructed CreMIT dataset using LoRA within the
LLaMA-Factory framework. To ensure fair comparison, we
adopted the default hyperparameter settings provided by the
original models during the fine-tuning process. All training
and evaluation were conducted on a server equipped with
eight NVIDIA Tesla A40 48GB GPUs.

Main Result
We compare the performance of CreExpert with 11 top
MLLMs. The comparison includes two widely used pro-
prietary models, GPT-4V and Gemini Pro Vision, as well
as 9 advanced open-source variants, i.e., LLaVA-1.5-7B,
mPLUG-Owl2, InstructBLIP, Seed1.5-VL, Qwen2.5-VL,
MiniGPT-v2, GLM, MiniGPT-4, and TinyGPT. All of these
open-source models represent recent variants built upon
foundational vision-language architectures. As shown in Ta-
ble 2, CreExpert achieves the best performance, surpassing

Task Model Creative Idea Overall
Ori. App.

Transport
Baseline 12.80% 11.72% 12.26%

CreExpert 72.42% 69.40% 70.91%
Improvement +59.62% +57.68% +58.65%

Parking
Baseline 14.98% 14.96% 14.97%

CreExpert 69.08% 65.17% 67.13%
Improvement +54.10% +50.21% +52.16%

Reach
Baseline 14.12% 15.06% 14.59%

CreExpert 83.91% 78.07% 80.99%
Improvement +69.79% +63.01% +66.40%

Fence
Baseline 11.90% 14.12% 13.01%

CreExpert 80.28% 83.55% 81.92%
Improvement +68.38% +69.43% +68.91%

Table 3: Comparison of baseline MLLMs and the proposed
CreExpert model on the Creative Idea dimension across four
creative tasks.

the state-of-the-art LLaVA-1.5-7B baseline by nearly 45%.
Among existing closed-source models, GPT-4V (Yang et al.
2023) performs the best, yet still lags behind our CreExpert
by more than 35% in terms of overall score. These results
demonstrate the superior creativity evaluation capability of
CreExpert and highlight the effectiveness of the constructed
CreMIT dataset in enhancing the alignment of multimodal
foundation models.

Ablation Study
Creative Idea Evaluation Ability. From Table 3, we ob-
serve that fine-tuning baseline MLLMs with CreMIT signifi-
cantly enhances their ability to generate creative ideas across
various tasks. Among the four tasks evaluated, Transport,
Parking, Reach, and Fence, the largest overall improvement
is observed in the Fence task, where performance increased
by almost 69%. Notably, across all tasks, the Originality di-
mension consistently shows the most substantial gains, with
improvements ranging from +54.10% to +69.79%. This sug-
gests that MLLMs benefit particularly from CreMIT in gen-
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Task Model Creative Process Overall
Imm./Pre. Div. Str. Eva. Ela.

Transport
Baseline 38.16% 25.87% 16.17% 22.31% 18.48% 24.20%

CreExpert 89.23% 80.64% 58.72% 57.76% 62.45% 69.76%
Improvement +51.07% +54.77% +42.55% +35.45% +43.97% +45.56%

Parking
Baseline 41.53% 30.92% 20.25% 23.72% 21.56% 27.60%

CreExpert 87.43% 75.63% 56.41% 53.62% 60.42% 66.70%
Improvement +45.90% +44.71% +36.16% +29.90% +38.86% +39.10%

Reach
Baseline 39.07% 27.16% 28.32% 22.12% 19.53% 27.24%

CreExpert 90.52% 81.83% 59.73% 56.49% 61.27% 69.97%
Improvement +51.45% +54.67% +31.41% +34.37% +41.74% +42.73%

Fence
Baseline 36.91% 25.47% 24.82% 19.16% 18.64% 25.00%

CreExpert 85.17% 72.28% 51.34% 49.96% 58.72% 63.4%
Improvement +48.26% +46.81% +26.52% +30.8% +40.08% +38.49%

Table 4: Comparison of baseline MLLMs and the proposed
CreExpert model on the Creative Process dimension across
four creative tasks.

erating novel ideas. A plausible explanation is that creative
idea generation primarily involves textual expression, which
enables MLLMs to better align with the key elements em-
phasized in human creativity evaluation, such as novelty and
divergence.

Creative Process Evaluation Ability. Table 4 compares
the baseline MLLMs and the CreExpert on the Creative
Process dimension across four creative tasks. The re-
sults demonstrate that CreExpert consistently outperforms
the baseline across all sub-dimensions—including Immer-
sion/Preparation, Divergence, Structuring, Evaluation, and
Elaboration. The most substantial improvements are ob-
served in Immersion/Preparation and Divergence, exceeding
50% across most tasks. For example, in the Reach task, Cre-
Expert improves Immersion/Preparation by +51.45% and
Divergence by +54.67%. These results indicate that CreMIT
enables MLLMs to evaluate novel ideas and simulate the
multi-stage reasoning and exploration process underlying
human creativity. Consistent gains in structuring and eval-
uation also suggest enhanced planning and critical thinking
capabilities in the generated responses.

Creative Product Evaluation Ability. Table 5 compares
the performance of baseline MLLMs and the CreExpert
model on the Creative Product dimension across four tasks.
CreExpert consistently improves over the baseline across all
sub-dimensions, including Effectiveness, Aesthetics, Nov-
elty, Manufacturability, and System Complexity. Notably,
the Transport task exhibits the most prominent overall gain
(+19.62%), with improvements above 20% in several key
sub-dimensions such as Novelty (+23.74%) and System
Complexity (+21.03%). In contrast, the Reach task shows
only modest gains, with a slight drop in Manufacturabil-
ity. These results suggest that while CreMIT strengthens
the product-level creative expression of MLLMs, the degree
of improvement varies across tasks depending on domain-
specific constraints. Importantly, improvements in Novelty
and Aesthetics—dimensions closely tied to user-perceived

Task Model Creative Product Overall
Eff. Aes. Nov. Man. Sys. C.

Transport
Baseline 13.35% 11.24% 17.54% 28.12% 22.69% 18.59%

CreExpert 36.84% 28.49% 41.28% 40.73% 43.72% 38.21%
Improvement +23.49% +17.25% +23.74% +12.61% +21.03% +19.62%

Parking
Baseline 39.92% 24.81% 10.94% 20.67% 27.71% 24.81%

CreExpert 53.45% 30.17% 20.26% 28.89% 39.84% 34.52%
Improvement +13.53% +5.36% +9.32% +8.22% +12.13% +9.71%

Reach
Baseline 22.94% 19.97% 17.28% 27.90% 26.13% 22.84%

CreExpert 28.93% 24.06% 20.29% 25.09% 31.87% 26.05%
Improvement +5.99% +4.09% +3.01% -2.81% +5.74% +3.21%

Fence
Baseline 25.10% 11.09% 19.79% 19.18% 39.57% 22.95%

CreExpert 30.35% 28.62% 35.86% 32.16% 48.76% 35.15%
Improvement +5.25% +17.53% +16.07% +12.98% +9.19% +12.2%

Table 5: Comparison of baseline MLLMs and the proposed
CreExpert model on the Creative Product dimension across
four creative tasks.

creativity—indicate that the model generates not only func-
tional but also appealing and original solutions.

Conclusion
In this work, we attempt to leverage the innovation percep-
tion capability of multi-modality foundation models. Specif-
ically, we first construct a corpus-rich, multi-dimensional
innovation process evaluation database through human cre-
ative solutions, based on which we further establish a
comprehensively annotated multimodal instruction tuning
dataset for innovation processes (CreMIT). In addition, we
propose multimodal innovation expert models based on
innovation instruction fine-tuning, achieving significantly
improved innovation perception performance. Building on
these multimodal innovation expert models, we design a
CreExpert to align model-based innovation evaluation with
human judgments of innovation. We believe this work rep-
resents a solid step toward enhancing the innovation per-
ception ability of MLLMs, and we hope that our con-
tribution will inspire the research community to develop
multi-modality foundation models capable of understanding
highly abstract human creative processes.
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