
NEO series: 
Building Native Multimodal 
Models End to End

Ziwei Liu刘子纬

Nanyang Technological University

https://liuziwei7.github.io



Modular vs. Native Vision-Language Models

Multi-modality
bridging

Modular 

VLMs

Language Model

·  Projector

·  Vocabulary

Vision Module

Modular VLMs

𝐍𝐚𝐭𝐢𝐯𝐞 𝐕𝐋𝐌𝐬

(ii) Aligning

(i)
Encoding

(iii)
Differentiating

Language Model



• Remove Pre-training Scaling Law Bottleneck ! 

Advantages：Native Vision-Language Models

• Largely Simplify Infrastructure Configuration !

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

• Understanding, Reconstruction, Generation 
Pixel and Semantic Representations !

• Lossless Input and Early-Fusion Interaction
for Potential Zero-shot Scenarios !

-- NaViL
-- NMMs



Research Focus:
(1) Training Data and Stages    (2) Model Architecture    (3) Task Applications

Background：Native Vision-Language Models
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Outline：Native Vision-Language Models

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

Dense Models for Single-Image, Multi-Image, 3D spatial, Video Understanding

Native VLMs for Image Understanding

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

NEO (2025.09)
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 ModelsNEO-unify (2026.03)
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Native VLMs for Image Understanding

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

Haiwen Diao, Mingxuan Li, Silei Wu, Linjun Dai, Xiaohua Wang, Hanming Deng, Lewei Lu, Dahua Lin, Ziwei Liu

(NEO, ICLR 2026) 



Challenge
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Question 1：

▪ What constraints set native VLMs apart from modular ones, 

and to what extent can these barriers be overcome?



Challenge
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Question 2：

▪ How 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 ：

▪ Integrate the strengths of formerly separate VE and LLM blocks

▪ Inherently 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

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

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



Methodology
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End-to-End Training Procedure  /  Quite Efficient with Limited Data

▪ Using entire 390M image-text samples for developing visual perception from scratch

▪ Text-only : Image-Text (pre-training, mid-training) with 3 : 7 for mitigating vision-language conflicts inside one dense model.

(-) Training Recipe



Main Results
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(NEO-2B) General Vision-Language Benchmarks

▪ NEO approaches the top-tier modular VLMs, e.g.,  InternVL3.

▪ NEO outperforms the best native VLM competitors, from EVE series to SAIL.



Main Results

13

(NEO-2B) Visual Question Answering Benchmarks



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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Native VLMs for One-Vision Understanding

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

Haiwen Diao, Jiahao Wang, Penghao Wu, Yuhao Dong, Yuwei Niu, Yue Zhu, Zhongang Cai, Weichen Fan, Linjun Dai, Silei Wu, Xuanyu

Zheng, Mingxuan Li, Yuanhan Zhang, Bo Li, Hanming Deng, Huchuan Lu, Quan Wang, Lei Yang, Lewei Lu, Dahua Lin, Ziwei Liu

(NEO-OneVision, Arxiv: 2026)



Challenge
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Question：

▪ Can native VLMs generalize across single-image, 

multi-image, video, and 3D spatial scenarios?

▪ Stronger and comprehensive baseline over 

Qwen3-VL for subsequent RL community?

▪ What advantages of our native VLMs, especially 

early-fusion for pixel-pixel，pixel-word?



Methodology
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Efficient Native One-Vision VLMs construction

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

▪ 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 ！ 

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

▪ Text-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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▪ NEO-ov remarkably improves the 

capability of previous NEO baseline

▪ NEO-ov largely bridges the gap to the 

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

▪ NEO-ov outperforms the best native 

VLM counterparts, from EVE to 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：

▪ Is NEO suitable for unification models? 

Pixel and Semantic emerging from model itself !

▪ Why do we need to build up NEO-unify?

End pixel-semantic argument ! Multi-modality reasoning !

Embodied AI – World Model - Omni-modal Reasoning

▪ What 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

Weichen Fan, 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



Methodology
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(-) Model Architecture

Native Unified VLMs 

▪ Near-lossless visual interface for input 

and output via patch embedding

▪ Native Mixture-of-Transformer (MoT) 

for synergizing understanding and 

generation as native architecture

▪ Unified learning with autoregressive 

cross-entropy modeling for texts and pixel 

flow matching for vision. 



Main Results: Image Understanding 
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Main Results: Image Generation 
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Key Insights
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1. Encoder-Free Design Preserves Both Semantic and Pixel Representations



Key Insights
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1. Encoder-Free Design Preserves Both Semantic and Pixel Representations



Key Insights

36

2. Encoder-Free Design Synergizes with MoT Backbone with Minimal Intrinsic Conflict



Key Insights
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3. Encoder-Free Design Shows High Data-scaling Efficiency



SenseNova-U1: Further Scaling Data, Capacity, Applications
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Arxiv:  https://arxiv.org/abs/2605.12500             Github: https://github.com/OpenSenseNova/SenseNova-U1



Efficient & Powerful
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Speed Analysis:

1. 32x downsampling ratio

2. Only one visual context

3. Refine QK attention dim



Main Results on 43 Understanding & Generation Tasks
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SenseNova-U1 shows SOTA open-source results across Visual Understanding / Reasoning, Spatial Intelligence,  

Visual Generation,  Visual Editing,  Interleaved Generation, Reasoning Generation, Text Rendering & Infographic



Main Results on Unification Benchmarks: Uni-MMMU
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Uni-MMMU: A Massive Multi-discipline Multimodal Unified Benchmark (ACL2026 Oral)

Kai Zou, Ziqi Huang, Yuhao Dong, Shulin Tian, Dian Zheng, Hongbo Liu, Jingwen He, Bin Liu, Yu Qiao, Ziwei Liu



Main Results on Unification Benchmarks: Uni-MMMU
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Main Results on Unification Benchmarks: Uni-MMMU
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SenseNova-U1 shows strong capability for Generation and Understanding Synergy. 



Visualized Results : Interleaved Generation
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Visualized Results : Visual Reasoning
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Outlook：Native Omni-Model

Native Interaction models

Thinking Machines 

Lab:
Fast, Strong, Omni

Streamlined

NEO-ov (2025.12)

NEO (2025.09)

NEO-unify (2026.03)
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Outlook：Native World Model or Action Model

47

Native Action ModelsNative World Model



Thank You

Ziwei Liu

Nanyang Technological University

https://liuziwei7.github.io
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