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Modular vs. Native Vision -Language Models
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Å Remove Pre-training Scaling  Law Bottleneck  ! 

AdvantagesχNative Vision-Language Models

Å Largely Simplify Infrastructure Configuration !

-- Pre-Training Stages (scale, modality)
-- Post-Training Stages (context length)
-- Deployment Stages

Å Understanding, Reconstruction, Generation 
Pixel and Semantic Representations !

Å Lossless Input and Early -Fusion Interaction
for Potential Zero-shot Scenarios !
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Research Focus:
(1) Training Data and Stages    (2) Model Architecture    (3) Task Applications

BackgroundχNative Vision -Language Models
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OutlineχNative Vision -Language Models
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$ÅÎÓÅ -ÏÄÅÌÓ ÆÏÒ 3ÉÎÇÌÅȤ)ÍÁÇÅȟ -ÕÌÔÉȤ)ÍÁÇÅȟ σ$ ÓÐÁÔÉÁÌȟ 6ÉÄÅÏ 5ÎÄÅÒÓÔÁÎÄÉÎÇ

Native VLMs for  Image Understanding

Native VLMs for  One-Vision  Models 
NEO-ov (2025.12)

.%/ ɉςπςυȢπωɊ
From Pixels to Words: Towards Native Vision -Language Primitives at Scale

Native Vision -Language Primitive, Training Recipe, Vision -Language Conflict

Between Pixels and Words -- Towards Native Multimodal Unified Models at Scale 

Tokenizer -free VLMs, Asymmetry  - Lossless, MoT Backbone, Multi -Modality  Reasoning

Native VLMs for  Unified Models.%/ȤÕÎÉÆÙ ɉςπςφȢπσɊ
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Native VLMs for Image Understanding

From Pixels to Words: Towards Native Vision-Language Primitives at Scale

Haiwen Diao, MingxuanLi, Silei Wu, Linjun Dai, XiaohuaWang, HanmingDeng, Lewei Lu, Dahua Lin, Ziwei Liu

(NEO, ICLR 2026) 



Challenge
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Question 1

ÁWhat constraints set native VLMs apart from modular ones, 

and to what extent can these barriers be overcome ?



Challenge
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Question 2

ÁHow to make research in native VLMs more accessible and 

democratized , thereby accelerating progress in the field?



Key Idea
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From first  principles , one base VLM block should 

ÁIntegrate the strengths of formerly separate VE and LLM blocks

ÁInherently embody various multi-modal properties that support 

unified vision-language encoding , aligning , and reasoning

Native VLM  Primitive



Methodology
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Modality -agnostic Encoding  /  Reduce Disturbance towards LLM  /  Reusable for Future VLMs

ÁModality-shared pre-Buffer maps vision and language into a unified representation space. 

ÁPost-LLM absorbs strong language proficiency and powerful reasoning capabilities of pre-trained LLMs.



Methodology
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Á5ÓÉÎÇ ÅÎÔÉÒÅ σωπ-ÉÍÁÇÅȤÔÅØÔ ÓÁÍÐÌÅÓ ÆÏÒ ÄÅÖÅÌÏÐÉÎÇ ÖÉÓÕÁÌ ÐÅÒÃÅÐÔÉÏÎ ÆÒÏÍ ÓÃÒÁÔÃÈ

Á4ÅØÔȤÏÎÌÙ ȡ )ÍÁÇÅȤ4ÅØÔ ɉÐÒÅȤÔÒÁÉÎÉÎÇȟ ÍÉÄȤÔÒÁÉÎÉÎÇɊ ×ÉÔÈ σ ȡ χ ÆÏÒ ÍÉÔÉÇÁÔÉÎÇ ÖÉÓÉÏÎȤÌÁÎÇÕÁÇÅ ÃÏÎÆÌÉÃÔÓ ÉÎÓÉÄÅ ÏÎÅ ÄÅÎÓÅ ÍÏÄÅÌȢ

(-) Training Recipe



Main Results
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ɉ.%/Ȥς"Ɋ 'ÅÎÅÒÁÌ 6ÉÓÉÏÎȤ,ÁÎÇÕÁÇÅ "ÅÎÃÈÍÁÒËÓ

ÁNEOapproaches the top-tier modular VLMs, e.g.,  InternVL3 .

ÁNEOoutperforms the best native VLM competitors, from EVEseries to SAIL.



Main Results
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ɉ.%/Ȥς"Ɋ 6ÉÓÕÁÌ 1ÕÅÓÔÉÏÎ !ÎÓ×ÅÒÉÎÇ "ÅÎÃÈÍÁÒËÓ



Main Results
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(NEO-8B) General Vision -Language Benchmarks



Main Results
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(NEO-8B) Visual Question Answering Benchmarks
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NativeVLMsforOne-VisionUnderstanding

From Pixels to Words -- Towards Native One-Vision Models at Scale

Haiwen Diao, JiahaoWang, PenghaoWu, YuhaoDong, Yuwei Niu, Yue Zhu, ZhongangCai, WeichenFan, Linjun Dai, Silei Wu, Xuanyu

Zheng, MingxuanLi, YuanhanZhang, Bo Li, HanmingDeng, Huchuan Lu, Quan Wang, Lei Yang, Lewei Lu, Dahua Lin, Ziwei Liu

(NEO-OneVision, Arxiv : 2026)



Challenge
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1ÕÅÓÔÉÏÎ

Á#ÁÎ ÎÁÔÉÖÅ 6,-Ó ÇÅÎÅÒÁÌÉÚÅ ÁÃÒÏÓÓ ÓÉÎÇÌÅȤÉÍÁÇÅȟ 

ÍÕÌÔÉȤÉÍÁÇÅȟ ÖÉÄÅÏȟ ÁÎÄ σ$ ÓÐÁÔÉÁÌ ÓÃÅÎÁÒÉÏÓȩ

ÁStronger  and comprehensive baselineover 

Qwen3-VL for subsequent RL community ?

ÁWhat advantages of our native VLMs, especially 

early -fusion for pixel -pixel pixel -word ?



Methodology
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Efficient  Native  One-Vision  VLMs construction

ÁPre-trained pre-Buffer adopted from NEO for native  visual  inputs , singe-image, multi-image, video

Á Initialize  new Post-LLM from existing state-of-the-art LLM series for strong  reasoning  capability

(-) Model Architecture



Methodology
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Continuous Training Procedure  /  Context  length Resolution Data Ratio  do count   

ÁContext length rises from 16K to 36K.  (training 128 frame ), Image Resolution varies from 256*256 to 4096*4096 .

ÁText-only : Image-Text : Multi-Image, Video-Text with 2: 4 : 1 : 1 for harmonizing various application scenarios.

(-) Training Recipe



Main Results: Image Understanding 
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ÁNEO-ov remarkably improves the 

capability of previous NEO baseline

ÁNEO-ov largely bridges the gap to the 

top-tier modular VLMs, e.g.,  Qwen3-VL.

ÁNEO-ov outperforms the best native 

VLM counterparts, from EVEto NEO.



Main Results: Multiple Image /  Video Understanding
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Main Results: Spatial Intelligence
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Visualized Results : Spatial Intelligence
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User: Can you describe the position of 

the lamp relative to the nightstand?

Response: B. above

User: Which object has a farther proximity to the red point box: water kettle (green point) 

or chair (blue point)? Calculate or judge based on the 3D center points of these objects. 

Response: A. chair (blue point)

User: While driving, what should 

you be more cautious of now?

Response: B. 2

User: Based on these two views showing the 

same scene: in which direction did I move 

from the first view to the second view? 

Response: A. Diagonally forward and left
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Native VLMs for Understanding and Generation

Between Pixels and Words -- Towards Native Multimodal Unified Models at Scale

S-Lab NTU, SenseTime Research

NEO-unify & SenseNova-U1, https://huggingface.co/blog/sensenova/neo-unify



Challenge
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Question

ÁIs NEO suitable for unification models? 

Pixel and Semantic emerging from model itself !

ÁWhy do we need to build up NEO-unify?

End pixel -semantic argument ! Multi -modality reasoning !

Embodied AI  ɀWorld Model - Omni -modal Reasoning

ÁWhat will  the architecture of NEO-unify start?

MoE or Dense Models. First understand then generation ! 



Background
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(-) Representation Analyses

The Prism Hypothesis: Harmonizing Semantic and Pixel Representations via Unified Autoencoding

WeichenFan, Haiwen Diao, Quan Wang, Dahua Lin, Ziwei Liu     https://arxiv.org/pdf/2512.19693



Background

(-) Representation Analyses



Background

(-) Representation Analyses



Strong image fidelity together with competitive semantic representation quality.

Background

(-) Representation Analyses



Background
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(-) Architecture Analyses


