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Creation-MMBench – Background Introduction

 Creative intelligence is the most difficult and elusive component of the triarchic theory 

of intelligence, as it primarily concerns the ability to generate novel and appropriate 

solutions/articles across different contexts.

 Existing evaluation benchmarks for MLLMs, such as MMBench and MMMU, tend to 

place greater emphasis on analytical or practical tasks, while overlooking the “creative 

tasks” that are frequently encountered in real-world applications of multimodal AI.

 Although some benchmarks do incorporate assessments of a model’s creativity, they are 

generally small in scale, often restricted to single-image inputs, and situated in overly 

simple contexts—even relatively ordinary models can easily provide correct answers.

Background： Goal：
 Construct a multimodal creativity  evaluation 

benchmark that is closely aligned with real-world 

scenarios and human preferences.

 The benchmark aims to assess a model’s ability in 

“v i sua l  content  unders tand ing  +  contextua l 

adaptation + creative text generation”, thereby 

establishing a comprehensive evaluation framework.
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Creation-MMBench – Data Annotation & Design

 Task Design：Creation-MMBench is designed from top-level tasks. Prototype 

task sets were first conceived through methods such as brainstorming, then 

expanded with the assistance of LLMs. These were further refined, 

summarized, and integrated through human annotation, ultimately resulting 

in 51 tasks that require image-grounded creative generation in real-world 

scenarios. The tasks are organized into four major categories.

 Data Composition：Each task corresponds to 15 manually annotated 

examples. Each example contains two main aspects and two categories of 

evaluation criteria：

 Visual Content: Includes one or more images necessary to complete the use case.

 Instructions: Comprises the role (the identity the model is required to assume), background 

(prior knowledge not covered by the visual content and difficult to obtain), instructions 

(the operations the model needs to perform), and requirements (constraints or additional 

considerations).

 General Subjective Criteria: Evaluates the model’s expressive ability (structure, style, 

fluency), its execution of text instructions (alignment with requirements, role, and 

instructions), and the depth of reflection on the visual content.

 Visual Factuality Criteria: Assesses the model’s ability to perceive objective visual content 

and effectively utilize visual information.

 Evaluation: MLLM-as-a-judge，Using GPT-4o generated 

as reference response，two parts - two rounds：

 Visual Factuality Score: scoring 1-10， Judge whether the model 

effectively answers the necessary visual information

 Reward: Comparing with the reference response, let the Judge Model 

mark the bias of the response, which is converted into a score
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Creation-MMBench – Data Features

 Four Major Task Categories: Creation-MMBench consists of 51 tasks, which 

can be grouped into four primary categories: literary writing, common 

functional writing, professional functional creation, and creative multimodal 

understanding.

 Thousands of Cross-domain Images: In terms of visual content, Creation-

MMBench spans nearly 30 categories, encompassing thousands of distinct 

images. Each task supports up to 9 image inputs, realistically simulating 

authentic creative environments.

 Complex Real-world Scenarios: Each instance is annotated based on real images 

and is paired with four complementary components—clear role, specific 

background, task instructions, and additional requirements—together forming 

a complete problem.
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Creation-MMBench – Further Data Analysis
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Creation-MMBench – Experiment (Main Results)

 G e mi n i - 2 . 0 - P r o  d e mo n s t r a t e s  o u t s t a n d i n g 

multimodal creative writing abilities. In contrast, 

GPT-4.5, despite being positioned as a model 

specialized in creative writing, performs overall 

weaker than Gemini-Pro and GPT-4o, though it 

shows notable strengths in multimodal content 

understanding and creative tasks.

 Open-source models such as Qwen2.5-VL-72B and 

InternVL2.5-78B-MPO also exhibit  creative 

capabilities comparable to those of proprietary 

models. However, overall, they still lag behind 

proprietary MLLMs to some extent.
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Creation-MMBench – Experiment (Main Results)

 Professional functional writing poses greater challenges 

for models due to its high demand for specialized 

knowledge and its deeper requirements for understanding 

visual content. By contrast, common functional writing, 

being closely tied to daily social life with relatively simple 

contexts and visual inputs, allows even weaker models to 

perform reasonably well.

 Although most models achieve relatively high scores in 

v i s u a l  f a c t u a l i t y  w i t h i n  c r e a t i v e  m u l t i m o d a l 

understanding tasks, their ability to creatively re-generate 

content based on visual inputs still faces significant 

bottlenecks.
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Creation-MMBench – Experiment (Creativity on Text)

 Current LLM benchmarks for creativity are mostly focused on specific themes (e.g., LiveIdeaBench) and 

fail to capture their abilities across diverse everyday scenarios. To address this, we constructed 

Creation-MMBenchTO, using GPT-4o to generate image descriptions.

 As shown in the results, proprietary LLMs generally exhibit slightly better creative performance than 

open-source ones. Larger LLMs also perform better in contextual understanding and idea expression. 

Moreover, overall visual factuality scores improve, since GPT-4o’s image descriptions help LLMs 

interpret images more effectively compared to MLLMs.

 After Visual-SFT, VLMs consistently perform worse than their LLM counterparts on Creation-

MMBenchTO. This may be due to instruction tuning with fixed-length prompts, which limits handling 

of longer texts, leading to lower visual factuality. In addition, the lack of creative image-text training 

data further contributes to a significant drop in reward scores.
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Creation-MMBench – Experiment (Judging Strategy)

 4 Volunteers, 3 models（Gemini-1.5-pro-002, Qwen2-VL-

72B, MiniCPM-o-2.6）as model A，使reference model

（GPT – 4o -1120）as model B，using MAE and 

Consistency as metrics。

 The results show that the MLLM-as-a-judge approach is 

optimal (further highlighting the importance of visual 

content), while Dual-Evaluation plays a key role in 

improving overall consistency. Among these, GPT-4o 

emerges as the most reliable judge model.

 Human preferences, however, are not highly consistent 

with each other, reflecting the inherent subjectivity of our 

benchmark.
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Creation-MMBench – Qualitative Analysis
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Q&A

Thanks for listening！


