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Current Levels of MLLM

Tier 2:

Semi-open model

Tier 2:

Semi-open model

GPT, GeminiGPT, Gemini

Tier 1: 

Closed model

Tier 1: 

Closed model

Qwen3-VLQwen3-VL

Tier 3:

Fully open model

Tier 3:

Fully open model

Llava-OneVisionLlava-OneVision

Open WeightOpen Weight

Open APIOpen API

Open data, weightsOpen data, weights

◼ Three Levels of Multimodal Large Models (MLLMs)
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Motivation and Challenges

◼ The fully open MLLMs are significantly lagging behind the top 

proprietary models (such as Gemini, GPT-5) and semi-open models

(such as Qwen3-VL, GLM-4.5V).

GAPGAP



4

Motivation and Challenges

◼ There is a huge gap in data quality during the Training stage.

Common data noise: Existing open-source datasets are filled with factual errors, 

mismatches between text and images, and format defects.

The issue is unrelated to the image.Image contains an error
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Motivation and Challenges

◼ There is a huge gap in data quality during the Training stage.

High-quality dataset acquisition is costly: institutions with closed-source 

models and semi-open models spend a large amount of money to obtain

massive high-quality datasets.
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Motivation and Challenges

◼ There is a huge gap in data quality during the Training stage.

Lack of complex reasoning data: A serious lack of complex chain-of-thought

(CoT) data hinders the development of the model's advanced capabilities.

Current training data, the answer is a single word.
Closed-source models usually think about the question 

before answering.
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Motivation and Challenges

◼ There is a huge gap in data quality during the Training stage.

Common data noise: Existing open-source datasets are filled with factual

errors, mismatches between text and images, and format defects.

High-quality dataset acquisition is costly: institutions with closed-source 

models and semi-open models spend a large amount of money to obtain

massive high-quality datasets.

Lack of complex reasoning data: A serious lack of complex chain-of-thought

(CoT) data hinders the development of the model's advanced capabilities.

For the open-source community, focusing on data quality is

the most feasible path to narrowing the gap.

For the open-source community, focusing on data quality is

the most feasible path to narrowing the gap.
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Bee: Full-stack suit for MLLM 

◼ In response to the above challenges, we have launched a full-stack 

suit aimed at systematically addressing data quality issues.

Honey-Data-15M (Training Dataset): A novel SFT dataset containing 15 

million QA pairs. It has been meticulously cleaned in multiple stages and 

employs an innovative dual (long-short) CoT enhancement strategy.

HoneyPipe & DataStudio (Data Pipeline): An automated, transparent, and 

reproducible data pipeline for creating the dataset. Provides the community

with an evolutionary data curation methodology beyond static datasets.

Bee-8B (8B parameters MLLM): An 8B model trained on Honey-Data-

15M. Used to validate the effectiveness of our dataset and data pipeline.
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◼ Bee-8B achieves the SOTA of fully open-source MLLMs with the 

same parameter quantity, and also has similar performance to 

partially open-source MLLMs with the same parameter quantity.

Bee: Full-stack suit for MLLM 
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Bee: Full-stack suit for MLLM 

◼ HoneyPipe Data Pipeline: Systematically addresses the lack of data 

noise and complex reasoning capabilities.

HoneyPipe's several steps, solving existing data noise and improving inference capabilities.
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Bee: Full-stack suit for MLLM 

◼ Honey-Data-15M corpus: A high-quality SFT dataset

It includes 12.1M short CoT

and 2.9M long CoT data
The data source of Honey-Data-15M covers about 200 data sources.

Distribution of Honey-Data-15M
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Bee: Full-stack suit for MLLM 

◼ Bee-8B: Validity verification of Honey-Data-15M.

Based on the Qwen3-8B (LLM) and SigLIP2-so400m-patch14-384 (Vision 

Encoder), an MLLM trained from scratch.

Adhering to common training paradigms, it is divided into five training 

stages: MLP warmup, SFT, GRPO, etc.

The five-stage training process of Bee-8B
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Bee: Full-stack suit for MLLM 

◼ Experimental results of Bee-8B
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Bee: Full-stack suit for MLLM 

◼ Experimental results of Bee-8B

Refresh the SOTA of Fully open MLLM

Comparable to top-tier semi-open source models

Achieved impressive results on different tasks:

Mathematics and Reasoning: Ranked first on MathVerse (67.0), significantly ahead of 

InternVL3.5-8B (+5.5%). Also ranked first on LogicVista (61.3)

Chart and document: Highest score on CharXiv (RQ), leading the second place by 

nearly 12%.

Top scores achieved on benchmarks such as MMMU-Pro (50.7) and RealWorldQA

(73.1)
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Bee: Full-stack suit for MLLM 

◼ Ablation Experiment: Demonstrates the effectiveness of each step of 

HoneyPipe, and the data subset can achieve good performance.

HoneyPipe's Step Ablation Comparison Ablation on the subset, some results exceeded Qwen2.5-VL-7B
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◼ Community Impact

Community influence is significant: The project's open-source ecosystem

construction has yielded remarkable results, with the core dataset downloaded

over 230,000 times on HuggingFace, and model downloads exceeding 180,000 

times; among which, the dataset once ranked in the top five of the HuggingFace

dataset trends list.

The Bee-8B model has been successfully selected into HuggingFace's official 

"China Open Source Highlights of October 2025".

Bee: Full-stack suit for MLLM 



17

Bee: Full-stack suit for MLLM 

◼ Identified the core obstacles hindering the development of fully

open-source MLLM—SFT data quality (noise and CoT absence), 

and proposed a full-stack solution.

For the open-source community, prioritizing data quality and CoT reasoning

is a more effective strategy than simply pursuing the quantity of data.

For the open-source community, prioritizing data quality and CoT reasoning

is a more effective strategy than simply pursuing the quantity of data.
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Conclusion & Key Takeaways

◼ Data is the New Bottleneck: We demonstrated that unlocking complex

reasoning in MLLMs relies fundamentally on data quality, not just model 

scaling.

◼ Our Contributions

Honey-Data-15M: A dataset with 15M QA pairs, systematically cleaned of noise and enriched 

with a dual-level CoT reasoning, serving as a new cornerstone for the open community.

HoneyPipe: The data curation pipeline and its underlying framework, DataStudio, offering the 

community a transparent and adaptable methodology that moves beyond static dataset releases.

Bee-8B: An 8B model trained on Honey-Data-15M that achieves SOTA among fully open 

models and competes with semi-open counterparts, validating data quality and pipeline 

effectiveness.


