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Modular vs. Native Vision-Language Models
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Advantages: Native Vision-Language Models

* Remove Pre-training Scaling Law Bottleneck ! * Understanding, Reconstruction, Generation
Pixel and Semantic Representations !
LLM _ — _
LLM -- NaVilL DiT w/ VAE DiT w/ RAE
How to NMM
VE |5 — ” > oH e EI I SR
VE Balance? D i D e
o 1355““" 3193f1up GGGGG 1oderine
e Largely Simplify Infrastructure Configuration !
-- Pre-Training Stages (scale, modality) * Lossless Input and Early-Fusion Interaction
-- Post-Training Stages (context length) for Potential Zero-shot Scenarios !
-- Deployment Stages ; . : N
Patch Projection “Foreign” Input Cross Attention
g ~ (D o
LLM . EffICIBHCY ? g;gg ’l,E[Tldsc;ch) Language Model m LLM
MLP s Eﬂattenlng* [:DIL]Q.EE] C]:DText EIIrrggeD (00
VE parameters Tokenst LLL-LLLI L image Text )
VE from 0.4B to 22B '




BT NANYANG
TECHNOLOGICAL | S-LAB
UNIVERSITY FOR ADVANCED

SINGAPORE INTELLIGENCE

Background: Native Vision-Language Models

e Continuous Native Models

2023.10 2024.06 2024.10 2014.12 2025.03 2025.04 2025.07
Fuyu EVEv1 Mono-InternVL HoVLE, VoRA (ByteDance) | NMMs (Apple) Mono-InternVL1.5
(Adept Al) (BAAI) (SH Al Lab) SynerGen-VL | BREEN, HaploVL SAIL, Pixel-SAIL (SH Al Lab)
EVEv2 (BAAI) (SH Al Lab) (Tencent) (ByteDance)
EVEv1 (2024.06) EVEv2 (2024.10) NEO (2025.09) NEO-ov (2025.12) NEO-unify (2026.03)
2023.12| 2024.05 2024.09 2024.11 | 2025.02 | 2025.03 2025.05 2025.09 2025.10
Gemini Chameleon Emu3 (BAAI) | MoT UniTok DualToken FUDOKI OnecCat Emu3.5 (BAAI)
(Google) | (Meta) VILA-U (NV) | (Meta) (ByteDance)] (SH Al Lab) (Huawei) (Meituan) LongCat-Next
(Meituan)

® Discrete Native Models

Research Focus:
(1) Training Data and Stages (2) Model Architecture (3) Task Applications (4) Scaling law !
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Outline: Native Vision-Language Models

allig

NEO-unify (2026.03) 0 Native VLMs for Unified Models

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

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

NEO-ov (2025.12)

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

0 Native VLMs for One-Vision Models

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

NEO (2025.09)

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

Native VLMs for Image Understanding

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



BT NANYANG

TECHNOLOGICAL | S-LAB
UNIVERSITY FOR ADVANCED
SINGAPORE INTELLIGENCE

Challenge

Question 1:

» What constraints set native VLMs apart from modular ones,
and to what extent can these barriers be overcome?

1. Dense Architecture N ~
2. Parameter : 0.3B, 0.6B, ..., 22B Modular VLMs

3. Patch Size : 14, 16, 30, 32 . QK-Norm or Not

4. Absolute Position Embedding Vision . Sliding Window or Not

1. Dense or MoE Architecture

2

3

4

(Learnable PE or Sinusoidal PE) >~ Encoder Language < 5. Hidden Activation : SiLU
6

7

8

9

1

. Parameter : 0.6B, 1.7B, 8B, ..., 1043B

. Causal-only Attention

. 1D-RoPE or Not

. RoPE 6 : 1000000

. Head Dim : 128, 192, 256

0. Layer Num : 28, 32, ..., 64, 89

Bi-Directional Attention Model
2D-RoPE or Not

RoPE 6 : 10000

Head Dim : 64, 128, 256
Layer Num: 6,12, 24, ..., 27 _ -

e B
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Challenge

Question 2:

= How to make research in native VLMs more accessible and
democratized, thereby accelerating progress in the field?

1. Seamlessly Load LLMs 2. Visual Learning at Scale 3. Efficient Pixel-Word Alignment

> - Dual-VE - Next-Token

—> > [ LLM l Full-Align & R

[ LLM Distillation Prediction -Allgn & Reason
> VLM - Masked v[.; VE - Contrastive

Model Initialization Prediction Learning VE | Pre-Align & Encode (Reusable)
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Primitives
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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
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Pixel-Word Aligning via Image-Text Reasoning via i
L. * Primitives as pre-Buffer

(tme J{zea (i J{_,_Jfar=ff

=)
1 t 1 t 1 7
\
Native Vision - Language Model
it N _
,111111 1 t 1T T t 1
EQIIE _ N E """" ’“ Patch Embedding Layer ] [ Word Embedding Layer
EIIDI g d“*.—"E <71‘$§ ‘ .
U = e © — = SIP™ Yl

o (29) (e ) (D9 ()
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
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Methodology

(-) Training Recipe

Stage 1: Pre-Training Stage 2: Mid-Training Stage 3: Supervised Fine-Tuning

~

é ) 4 ™\ '

| NEO & NEO & NEO &
fgre-Buffer, new QK in Post-LLM L I ) {
|} PEL Il wen J] Y PEL Il wen &) ¥y PEL |[ weL &)

345M Image-Text 2562 - 10242 40M Caption QA 2562 - 20482 4M High-Quality 2562 - 20482
Caption Data Pairs Any Resolution OCR / Detection Any Resolution Instruction Data Any Resolution

vy

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.



NANYANG
TECHNOLOGICAL | S-LAB
UNIVERSITY FOR ADVANCED
SINGAPORE INTELLIGENCE

Main Results

(NEO-2B) General Vision-Language Benchmarks

Model LILM # Data MMMU MMB MM Vet MMStar SEED-1 POPE HallB
VY Modular Vision-Language Models (2B)

Qwen2-VL Qwen2-1.5B —/-/- 41.1 749 495 48.0 — - 417
InternVL2.5 InternL.M2.5-1.8B >6B/ 100M/16M 43.6 74.7 60.8 53.7 = 90.6 42.6
| InternVL3T Qwen2.5-1.5B >6B/ 100M/22M 48.6 81.1 62.2 60.7 — 89.6 45%5_'
wen2.d- wen2.>- —/—/— 51.0 _ 79.1 _61.8__ >5.0 — — 46.
Encoder-Based Qwen3-1.7B >6B /40M / 4M 47.1 758 374 52.7 73.6 87.0 444

V¥ Native Vision-Language Models (2B)

Mono-InternVL InternLM2-1.8B 1.2B/143M/7M  33.7 65.5 40.1 — 67.4 — 3438
Mono-InternVL-1.5 InternLM2-1.8B 400M/150M/7M 39.1 640 54.0 — 66.9 - 325
HoVLE InternL.M2-1.8B 550M/50M/7M 322 733 438 — 70.9 874 384
OneCAT Qwen2.5-1.5B  436M/70M/13M 39.0 724 424 — 70.9 — —
NEO Qwen3-1.7B 345M/40M/4M 48.6 76.0 49.6 54.2 742 875 43.1

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

= NEO outperforms the best native VLM competitors, from EVE series to SAIL.
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Main Results

(NEO-2B) Visual Question Answering Benchmarks

Model Input RoPE  Backbone AI2D DocVQA ChartQA InfoVQA TextVQA OCRBench
VY Modular Vision-Language Models (2B)

Qwen2-VL Any Res. M-RoPE Dense 74.7 90.1 73.5 65.5 79.7 80.9
InternVL2.5 Tile-wise _1D-RoPE _ Dense 749  88.7 79.2 60.9 74.3 80.4
InternVL3{ Tile-wise 1D-RoPE  Dense 78.7  88.3 80.2 66.1 77.0 83.5 |
Qwen2.5-VL Any Res. M-RoPE  Dense 81.6 93.9 84.0 77.1 79.3 79.7
Encoder-Based Tile-wise 1D-RoPE Dense 774  89.9 78.4 65.9 73.3 83.5

V Native Vision-Language Models (2B)

Mono-InternVL Tile-wise. 1D-RoPE MoE 686 80.0 73.7 43.0 72.6 76.7
Mono-InternVL-1.5 Tile-wise. 1D-RoPE DaC 674  81.7 72.2 47.9 73.7 80.1
HoVLE Tile-wise. 1D-RoPE Dense 73.0 86.1 78.6 55.7 70.9 74.0
OneCAT Any Res. M-RoPE Dense 724  87.1 76.2 56.3 67.0 —
|NEO Any Res. Native-RoPE Dense 80.1 89.9 81.2 63.2 74.0 77.1 |
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Main Results
(NEO-8B) General Vision-Language Benchmarks

Model LLM # Data MMMU MMB MM Vet MMStar SEED-I1 POPE HallB

VY Modular Vision-Language Models (8B)

Qwen2-VL Qwen2-7B o 54.1 83 62.0 60.7 - 88.1 50.6
InternVL2.5 Internl. M2.5-7B 6B/ SOM/4M ___ 56.0 84.6 _ 62.8 64.4 — 90.6__50.1
Qwen2.5-VLT Qwen2.5-7B 67.1 63.9 — 86.4 52.9

55.0 835

InternVL wen2.5-/B >6B M M . . . . - . .
Encoder-Based Qwen3-8B >6B /40M / 4M 54.1 84 60.0 63.5 76.2 878 514
V Native Vision-Language Models (8B)

Fuyu Persimmon-8B o 279 10.7 214 - 593 840 -
Chameleon from scratch 14B/OM/1.8M 254 31.1 83 - 306 194 17.1
EVE Vicuna-7B 33M/OM/1.8M 32,6 523 25.7 — 646 850 264
SOLO Mistral-7B 44M/OM / 2M — 67.7 304 — 644 786 -
Emu3 from scratch —/-/- 31,6 585 372 — 68.2 852 -
EVEv2 Qwen2.5-7B 7IM / 15M /™M 393 663 450 — 714 876 -
BREEN Qwen2.5-7B 13M/0M / 4M 427 714 389 51.2 — - 370
VoRA Qwen2.5-7B 30M/OM/0.6M  32.0 61.3 337 - 689 855 -
SAIL Mistral-7B 512M / 86M / 6M — 70.1  46.3 53.1 729 85.8 54.2
INEO Qwen3-8B 345M/40M/4M 546 821 53.6 62.4 76.3 884 464 I




Main Results

(NEO-8B) Visual Question Answering Benchmarks

LSc%4 NANYANG
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Model Input RoPE  Backbone AI2D DocVQA ChartQA InfoVQA TextVQA OCRBench
V¥ Modular Vision-Language Models (8B)
Qwen2-VL Any Res. M-RoPE Dense 83.0 94.5 83 76.5 84.3 86.6
InternVL2.5 Tile-wise 1D-RoPE  Dense 84.5 93.0 84.8 77.6 79.1 82.2
Qwen2.5-VL! Any Res. M-RoPE Dense 839  95.7 87.3 82.6 84.9 86.4
IInternVL3T Tile-wise 1D-RoPE =~ Dense 852 92.7 86.6 76.8 80.2 88 I
Encoder-Based Tile-wise 1D-RoPE  Dense 829 92.1 83.5 75 77.1 85.3
V Native Vision-Language Models (8B)
Fuyu Any Res. 1D-RoPE  Dense 64.5 - - - - 36.6
Chameleon Fix Res. 1D-RoPE  Dense 46.0 1.5 2.9 5.0 4.8 0.7
EVE Any Rat. 1ID-RoPE  Dense 61.0 53.0 59.1 25.0 56.8 39.8
SOLO Any Res. 1D-RoPE  Dense 614 - - - - 12.6
Emu3 Fix Res. 1D-RoPE  Dense 70 76.3 68.6 43.8 64.7 68.7
EVEv2 Any Rat. 1D-RoPE DaC  74.8 - 73.9 - 71.1 70.2
BREEN Any Res. 1D-RoPE MoE 764 - - - 65.7 —
VoRA Any Res. 1D-RoPE  Dense 61.1 — - - 58.7 —
SAIL Any Res. M-RoPE Dense 76.7 — 771 78.3

INEO Any Res. Native-RoPE Dense 83.1  88.6 82.1 60.9 75.0 717.7 I

S-LAB

FOR ADVANCED
INTELLIGENCE
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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, Sile1i 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)
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Challenge
Question:
~
Late vs. Early Fusion * Can native VLMs generalize across single-image,
00 000 multi-image, video, and 3D spatial scenarios?
LLM [ VLM
=0 OO0 = What advantages of our native VLMs, especially

D o mage _Text early-fusion for pixel-pixel, pixel-word?

Image ° O

Modular VLM~ MonolithicVIM = | = Stronger and comprehensive baseline over

\

Qwen3-VL for subsequent RL community?
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Methodology

(-) Model Architecture

E) B0

¢ i H T S i Tl
( B
Native Vision - Language Foundation Model
Native One-Vision Model with Encoder-free Monolithic Architecture
\ P
4 ¢ 2 2 ¢ F 4 2 & £ 4 2 2 L+ 4 2 s 1 & & _F & 5
L Patch Embedding Layer | Word Embedding Layer |
| oo] ¥ @ » * Take|| th dl[pm|l , |[vEO
B/ ”@’ O& /’% 10> [raee] e ) et (o {_, J{rmo){(ov ]
11 - & » .............................
_Image Inputs with Original Resolutions || Video Input with Timestamp in Text Format |

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
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Methodology

(-) Training Recipe

Stage 1: Pre-Training Stage 2: Mid-Training Stage 3: Supervised Fine-Tuning

r N r ™\ £l N

» NEO-ov & NEO-ov &) NEO-ov &%
I(P}retrained Pre-Buffer, New QK L | 3 J
(#y PEL [ weL L (¢} PEL || weL &) (@ PEL [ weL &)

20M Image-Text 2562 - 10242 60M Single-Image 2562 - 409672 6M High-Quality 2562 - 40962
Caption Data Pairs Any Resolution Multi-Image, Video Any Resolution Image / Video Data Any Resolution

Continuous Training Procedure / Contextlength, 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.
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Main Results: Image Understanding

General VQA Understanding OCR Recognization
MMMU MMB RWQA MMStar SEED-I HallB AIZD DocVQA ChartQA TextVQA OCRBench

Model

V¥ Modular Vision-Language Models (Instruct-2B)

Qwen2-VL 41.1 74.9 62.6 48.0 - 41.7 747 90.1 73.5 79.7 80.9

InternVL3 48.6 81.1 64.3 60.7 - 425 787 88.3 80.2 77.0 83.5

InternVL3.5 53.0 78.2 62.0 62.7 75.3 48.6  78.8 89.4 80.7 76.5 83.6 -

Qwen3-VL 534 78.4 63.9 58.3 - 514 769 93.3 79.1 - 85.8 . NEO-OV remarkably lmproves the

V Native Vision-Language Models (Instruct-2B) Cap ab lllty () f p revious N E O b as elln e
Mono-VL 33.7 65.5 - - 67.4 348 686 80.0 73.7 72.6 76.7

Mono-VL1.5 39.1 64.0 - - 66.9 325 674 81.7 72.2 73.7 80.1

HoVLE 322 733 - - 70.9 384  73.0 86.1 78.6 70.9 74.0

OneCAT 39.0 72.4 - - 70.9 — 724 87.1 76.2 67.0 —

NEO 48.6 76.0 63.1 54.2 74.2 43.1 80.1 89.9 81.2 74.0 77.1 ™ NEO_OV largely bridges the gap to the
NEO-ov 54.7 80.0 64.4 58.6 76.2 545 814 91.2 83.1 77.3 81.2

¥V Modular Vision-Language Models (Instruct-8B) tOp -tleI‘ mo du1ar VL M S, e. g., Qwen 3 'VL .
Qwen2.5-VL 55.0 835 68.5 63.9 - 529 839 95.7 87.3 84.9 86.4

InternVL3 62.7 83.4 70.8 68.2 - 499 852 92.7 86.6 80.2 88.0

InternVL3.5 68.1 82.7 67.5 69.3 77.1 545 84.0 92.3 86.7 78.2 84.0

Qwen3-VL 69.6 84.5 71.5 70.9 - 61.1 857 96.1 89.6 - 89.6

V Native Vision-Language Models (Instruct-8B) " N E O -Ov OUtp € rfo rms th e b e St n atlve
Fuyu 27.9 10.7 43.7 - 59.3 - 64.5 - - - 36.6

EVyE 32.6 52.3 - - 64.6 264  61.0 53.0 59.1 56.8 39.8 VLM CounterpartS’ from EVE to NEO
SOLO - 67.7 44.7 - 64.4 - 61.4 - - - 12.6

EVEv2 39.3 66.3 62.4 - 71.4 - 74.8 - 73.9 71.1 70.2

BREEN 427 714 - 51.2 - 37.0 76.4 - - 65.7 -

VoRA 32.0 61.3 60.1 - 68.9 - 61.1 - - 58.7 -

SAIL — 70.1 63.9 53.1 72.9 542 767 — — 77.1 78.3

NEO 54.6 82.1 67.3 62.4 76.3 464  83.1 88.6 82.1 75.0 77.7 I
NEO-ov 68.1 85.1 67.8 67.3 76.6 59.8 854 91.9 86.2 78.5 81.6
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Main Results: Multiple Image / Video Understanding

Model Multi-Image Video Understanding

BLINK MUIRBENCH VideoMME MVBench LVBench MLVU LongVideoBench VideoMMMU

¥ Modular Vision-Language Models (Instruct-2B)

VideoLLaMA3 442 - 59.6 65.5 41.6 65.4 571 -
InternVL3.5 513 44.0 584 65.9 37.6 64.4 574 42,7
Qwen3-VL 53.8 47.4 61.9 61.7 47.4 68.3 55.6 41.9
¥ Native Vision-Language Models (Instruct-2B)

ELVA — - 41.8 43.5 — 47.6 - -
NEO-ov 53.9 56.8 60.4 65.7 43.3 64.8 56.8 42.3

¥ Modular Vision-Language Models (Instruct-8B)

LLaVA-Video — - 63.3 58.6 44.2 70.8 58.2 —
VideoLLaMA3 56.7 - 66.2 69.7 45.3 73.0 59.8 -
InternVL3.5 595 55.8 66.0 72.1 45.9 70.2 62.1 54.9
Qwen3-VL 69.1 64.4 714 68.7 58.0 78.1 63.6 65.3
¥ Native Vision-Language Models (Instruct-8B)

Fuyu - - 28.7 31.6 - 31.1 - -
EVE - — 293 34.9 - 36.8 - -
ELVA — — 47.1 51.2 — 51.8 — —

NEO-ov 62.8 58.2 67.4 70.7 46.4 69.3 63.5 51.6




ENFEA NANYANG
TECHNOLOGICAL | S-LAB

UNIVERSITY FOR ADVANCED

SINGAPORE INTELLIGENCE

Main Results: Spatial Intelligence

Model VSI-Bench MMSI Mindcube ViewSpatial SITE 3DSR EmbSpatial SPAR Omni-Spatial
V Spatial-specialist Models (Instruct-2B)
Cambrian-S (3B) 56.1 27.0 38.4 41.0 31.0 414 63.5 33.0 41.9
Sensenova-SI 63.7 34.2 41.8 52.7 36.8 50.5 62.8 38.0 26.4
V General-purpose Models (Instruct-2B)
InternVL3.5 53.8 25.6 42.1 379 348 314 61.5 324 44.4
Qwen3-VL 53.9 27.8 34.2 36.7 358 47.6 69.2 34.1 36.3
|NEO-ov 58.4 33.6 77.2 52.8 384 529 63.8 41.2 431 |
V Spatial-specialist Models (Instruct-8B)
Cambrian-S 67.5 25.8 39.6 40.9 33.0 45.0 72.8 37.9 41.9
Sensenova-SI 68.8 43.3 85.7 54.7 477 555 72.0 45.8 33.0
GeoThinker 72.6 30.9 83.0 45.9 559 519 78.8 68.2 40.1
V¥ General-purpose Models (Instruct-8B)
InternVL3.5 56.3 29.1 40.4 40.0 544 353 75.7 38.2 47.8
Qwen3-VL 59.4 31.2 29.6 41.9 454 529 77.8 40.3 47.0
| NEO-ov 64.8 41.3 90.0 55.2 543 617 78.8 48.8 450 |
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Visualized Results : Spatial Intelligence

‘ ‘ s

User: Can you describe the position of User: Which object has a farther proximity to the red point box: water kettle (green point)
the lamp relative to the nightstand? or chair (blue point)? Calculate or judge based on the 3D center points of these objects.
Response: B. above 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-Ul1, https://huggingface.co/blog/sensenova/neo-unify



Challenge

(b) Sequence Indexes

(5] [r] fout [ o o fimd [ia] oo fond [ ] i o] [ ] foo]

10,001 [1,0,0] [2,0,0] [3,00] [30,1] [4,00] [500] [600] [7,00] [800] [8,0,1] [9,0,0] [10,0,0] [11,0,0] [12,0,0]

<SS>: Start Symbol _ ‘ [ } [ ‘ Shared [H, W] for Same
<ES> : End Symbol [11 ol ” ” [)Tﬂ “ﬁ‘ Positions across Images

(c) RoPE Base Frequencies

T (0-63)

H, W (0 - 31)

Channel Index

Frequency Value
S & o O
o N B o R

0 10 20 30 40 50 60 70
Image/Multi-lmage/Video Clip
Ooodno O oo
Next Token Prediction Velocity Prediction
( ) | I
( Multi-modal Self Attention )
( J J
Und. Expert Gen. Expert
0000 000

| |
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Question:

= [s NEO suitable for unification models?

Pixel and Semantic emerging from model itself!

= What will the architecture of NEO-unify start?

MoE or Dense Models. First understand then generation !

= Why do we need to build up NEO-unify?
End pixel-semantic argument ! Multi-modality reasoning !

Embodied Al - World Model - Omni-modal Reasoning
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Background

(-) Representation Analyses

Natural inputs Unified Latent
Low-Level (Image)
Appearance SpeCtr um - Low-Frequency
Geometry ... {nter® i) S
s o, SigtA® Visual
Hightevel D Abstraction
Category Frequency-Band
Attribute
Relation ... IWOdulatl)r
UAE
High-Level i
Catego G
Attriiu?; ;' - \ 03, Visual
Relation ... Ky i e 1 p, Fidelity
~ary, J . Encoders = e,
T I({'/E nlic ILHC‘{ e AE.,
———— High-Frequency

Yo/,
= élplllg from Ser'iﬂ,a
= & P

The Prism Hypothesis: Harmonizing Semantic and Pixel Representations via Unified Autoencoding
https://arxiv.org/pdf/2512.19693

Weichen Fan, Haiwen Diao, Quan Wang, Dahua Lin, Ziwei Liu
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(-) Representation Analyses

—e— DINOv2 JEPA —@— CLIP =% SigLIP2 =i~ SD-VAE =& InternViT —&— CLIP —¥— SigLIP2
0.6-
0.8~
0.07 fr—mmsmssisgmr —
0.5- »\.\.\<
0.06 0.7 -
< 04- 0.05 - ——— 06
e 8
g ' 7 8 g 05
0.2
0.4+
0.1
= 0.3-
i -
0.0 i i i i
0 2 4 6 8 0.2+ i i i i i
Frequency band k 0.0 0.2 0.4 0.6 0.8 1.0
Low-pass cutoff (fraction of Nyquist)
Figure 2. Frequency energy distribution. Normalized energy Figure 3. Retrieval results via frequency filtering. Text-Image
e(k) across frequency bands for diverse tokenizers. DINOv2 and retrieval remains stable under low-pass filtering but degrades
CLIP focus on low-frequency (semantic) content, while SD-VAE sharply under high-pass filtering, confirming that semantic align-
retains more high-frequency energy, capturing finer details. ment primarily resides in low-frequency components.
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Background

(-) Representation Analyses

GAN Loss
- o O — [
S ti__‘_’; DD E.-----------....é. ------------------------------------ § H ﬁ
emantic > oo [/\/][m] [wwm]=—> . > S § Stage 1
Encoder E ooog e b T - £ a
& . £ "‘ : l 32|
E : Spatial E Freqlllency Semantic- Frequency E o I
= INIT. : Feature - Reorder wise Loss Masked = = 1 INIT.
a 5 7 - : I Prediction B~ :
£ &) Y | | @) ; ;
, = ' A A = =
Semantic "ﬁ‘ > 00 (N (A - 0~ - £ § [Stage?2
Encoder vt Bovemree . <. 0. ¢ ; g
N—— booo 77 > Higher Frequency=====-= > — 2
—

Pixel-wise Reconstruction Loss
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Background

(-) Representation Analyses

Method Type Ratio Linear prob (Acc)t ImageNet-1K MS-COCO 2017
PSNRt+ SSIMt rFID, PSNRt SSIMtT rFID]

SD-VAE-1.x [33] Continuous 8 — 23.54 0.68 1.22 23.21 0.69 5.94
SD-VAE [33] Continuous 8 — 25.68 0.72 0.75 25.43 0.73 0.76
SD-VAE-2.x [33] Continuous 8 — 23.54 0.68 1.22 26.62 0.77 4.26
SD-VAE-XL [28] Continuous 8 — 27.37 0.78 0.67 27.08 0.80 3.93
SD-VAE-3 [20] Continuous 8 — 31.29 0.87 0.20 31.18 0.89 1.67
FLUX-VAE [18] Continuous 8 — 32.74 0.92 0.18 32.32 0.93 1.35
VA-VAE Continuous 16 - 27.96 0.79 0.28 27.50 0.81 2.71
SVG (DINOv3) [34] Continuous 16 - 24.25 0.67 0.78 - - -

RAE (DINOv2-B) [50] Continuous 14 — 18.05 0.5 2.04 18.36 0.47 6.01
UniFlow (DINOv2-L) [49] Continuous 14 - 32.32 0.91 0.17 30.66 0.94 2.81
UAE (Siglip2) Continuous 16 80.1 (81.2) 31.00 0.91 0.43 30.20 0.89 291
UAE (DINOv2-B) Continuous 14 83.0 (83.0) 32.17 0.92 0.35 31.19 0.91 2.01
UAE (CLIP-L) Continuous 14 77.2 (79.4) 36.58 0.96 0.04 36.25 0.97 0.41

Strong image fidelity together with competitive semantic representation quality.



Background

(-) Architecture Analyses

(1) Sequential Architecture with Vision Encoder,
Projector, VAE-like Encoder and Decoder

™
-

Output Features

(l —/) () ) VAE
‘ ‘ ‘ 7‘ . "_ Decoder
¥ i ) -
- B

[ FFN ] [ FFN ]

[ MHSA ] [ MHSA
& 7 * p ‘ . |
E -

Encoder — . Encoder

Input Text Noise Latent

o

(2) Parallel Architecture with Vision Encoder,
Projector, VAE-like Encoder and Decoder

™
hle |

Output Text
( VAE
‘.,,,,, ‘ B Decoder
Lh
( A
— 1] f— 1
[ T

&
Vision ‘ ‘
Encoder : Encoder

Input Text
®

T —

N01se Latent

.9 (EJ

,H

| ;sji

Clean Image

Clean Image

Related Works: Omnigeng, Qwen-Image, etc.

. <"ﬁ
Clean Image

N

] =

Clean Image

Related Works: MoT, LMFusion, Bagel, etc.
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(3) Parallel Native Architecture with
Lightweight Encoding / Decoding Layers

™
e
A
ﬂ (

Shared Multi-Head Self Attentlon ]

Patch Emb1 (] Patch Emb2
: : 2
3

? Input Text

Output Text

[ FFN

GNG |

Clean Image

Noise Pixel

NEO-unify, SenseNova-Ul



Methodology

(-) Model Architecture

™

Word - Emb Decoding ] { Patch - Emb Decoding

J

Native Vision - Language Model

NEO-unify: First End-to-End Unified Architecture without tokenizers

t + t t 1t 1 + 4+ ¢+ t+ 1t % t 4+ 4+ t 1

It 1t 1t f 1 1t t 1t 1t 1
N

s

4
f )

Patch - Emb Encoding ][ Word - Emb Encoding ][ Patch - Emb Encoding

uh!l e | ] (@) Em) (=) B

NS
R h y&»&k&,’.g_.\_gg
[ et
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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.
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Main Results: Image Understanding

Model MMMU MMB RWQA MMStar SEED HallB AI2D DocVQA ChartQA TextVQA OCRBench
V Vision-Language Models (2B)
Qwen2-VL 41.1 749 626 48.0 - 417 747  90.1 735 79.7 80.9
InternVL3 486 811 643 60.7 - 425 787 883 80.2 77.0 83.5
InternVL3.5 53.0 782 62.0 62.7 - 486 788 894 80.7 76.5 83.6
Qwen3-VL 534 784 639 58.3 - 514 769 933 79.1 - 85.8
Mono-VL 33. 70 655 - - - 348 68.6 80.0 7397 72.6 76.7
Mono-VL1.5 39.1 64.0 - - - 325 674  81.7 72.2 71357 80.1
HoVLE 3229733 - - - 384 73.0 86.1 78.6 70.9 74.0
NEO 486 760 63.1 54.2 - 4311 80.1 89.9 81.2 74.0 71/
Janus-Pro 36: 30755 - - 68.3 - - - - - -
Show-02 37.1 674 - 434 656 - 690 - - - -
OneCAT 39.0 724 - - 70.9 - 724 87.1 76.2 67.0 -
BAGEL 432 79.2 — - — — — — — - —

I NEO-unify 53.8 782 635 595 750 610 811 912 80.4 77.4 81.0 I
V Vision-Language Models (8B)
Qwen2.5-VL 550 835 68.5 63.9 - 529 839 957 87.3 84.9 86.4
InternVL3 62.7 834 708 68.2 - 499 852 927 86.6 80.2 88.0
InternVL3.5 68.1 82.7 67.5 69.3 - 545 840 923 86.7 78.2 84.0
Qwen3-VL 696 845 715 70.9 - 611 857 96.1 89.6 - 89.6
Fuyu 279 107 437 - - - 645 - - - 36.6
EVE 326008523 - - - 264 61.0 53.0 59.1 56.8 39.8
EVEv2 393 663 624 - - - 748 - 73.9 71.1 70.2
NEO 546 821 673 62.4 - 464 83.1 88.6 82.1 75.0 717.7
Janus-Pro 410 79.2 - - q2:1 - - - - - -
Show-02 489 793 - 56.6 69.8 - 178.6 - - - -
Mogao 442 750 - - 74.6 - - - - - -
BAGEL 55.3  85.0 — — — - - - - — -

I NEO-unify 689 851 675 655 758 672 858 91.6 84.9 78.6 81.5 I
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Main Results: Image Generation

Model GenEval DPG-Bench WISE LongText-en LongText-zh
GLM-Image - 84.78 - 0.952 0.979
Z-Image 84 88.14 - 0.935 0.936
Qwen-Image 87 88.32 62 0.943 0.946
Seedream4.5 - 88.63 - 0.989 0.987
V Vision-Language Models (2B)
Janus-Pro 73 82.63 -~ - -
Show-02 3 85.02 - - -
OneCat 85 81.72 - - -
NEO-unify 84 [87] 86.54 41 (59) 0.748 0.495
V Vision-Language Models (8B)
Janus-Pro 80 84.19 39 - -
Show-02 76 86.14 - B -
OmniGen2 80 [86] 83.57 - 0.561 0.059
BAGEL 82 [88] 85.07 52 (70) 0.373 0.310
Mogao — [89] 84.33 - - -

| NEO-unify 85 [90] 86.71 47(72) 0.914 0755 |
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Key Insights

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

Original Ours
E ; f"‘" : ,g . e
ﬂ \ ﬂ ’l"
h Method Downsampling Ratio Resolution PSNR?T SSIM+
L SDXL VAE [103] 8 256 2576 0.76
: SD3 VAE [86] 8 256 2947  0.86
-+ FLUX.1-dev VAE [62] 8 256 3043 093 -
=aca RAE (DINOv2-B) [168] 14 256 18.36  0.47 '¢
~ UniFlow (DINOv2-L) [161] 14 256 30.66 0.94
UAE (DINOv2-L) [35] 14 256 3274  0.94
" FLUX.1-dev VAE [62] 8 512 31.56  0.93
O | Neo-unify (2B) 32 512 31.56  0.85

»Lioni RN, - = Loni P q . #Lioni
© (s % © .- ¥ ()
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Key Insights

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

Reference Image Generated Image Reference Image Generated Image
(1) Add a coffee mug on the table near the center of the image. (R) Remove the animal in the image, ensuring that background ...

—

=7

.

(4) Change the trees and grass in the background to a snowy
mountain landscape.

(8) Transfer the image into a sepia-toned vintage-photograph style. (5) Replace the wooden cabin in the image with a large camping tent.
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Key Insights

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

Average VQA Accuracy (%) DPG-Bench Accuracy (%)
80 \ 90 )
75 Qs
70 80
60 0
Model Sta Model Stag
[ @ Und Frozen (2B) @B Und Unfrozen (2B) @ Und Frozen (9B) Und Unfrozen (9B) J
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Key Insights

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

GenEval Accuracy (%)

[ =@ NEO-unify-9B ® Bagel-7B J
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SenseNova-U1: Further Scaling Data, Capacity, Applications % M&si™ @ oo
D\ Understanding Native Unified Multimodal Understanding and Generation Generation

\, Text Understanding
OCR, Doc Parsing,
Chart/Table QA

One-for-All Architecture ! Native Pixel-Text Inputs ! No VEs ! No VAEs !

Image Synthesis
Realistic, Artistic,

= Knowledge-intensive
i I ¥
) HEEOHD | Jfln
V|$|on-Lanquage : : Image Editing
Understanding Word - Emb Decoding Patch - Emb Decoding
. . ) Style Transfer, remove,
i\r/ncig;e Glr?oel;r:::rr:%gMum- p 1 £ 1t 1 ) [ [ f\ Composition Control
K Lo . Infographic Synthesis
' nowledge Reasonin
v . o S D l l l l DDU Text-rich, Diagrams,
; gomm?nsense, Math, ense Oval- i Complex Charts
= cientific Reasoning
The First End-to-End Unified Multimodal Paradigm with NEO-Unrify Architecture itor —
nterleaved V+
T Agentic Decision & ) g Geneartion
g Tool Use, Planning, 4t 1t 1 t 1t ¢ £t 1 & 1+ _# J Think Patterns,
Multistep Interaction Patch - Emb Encodmg ] Word Emb Encoding Patch - Emb Encoding Lo
J
Spatial Intelligence ‘ Hgm i J the red p111 ][ , ]{NEo][ ! ] S pr—— o S——
3D Reasoning, Map, e, @ Uni-MMMU, RealUnify,

Geometry, Navigation

Visual-centric VBVR

¢& No VEs. No VAEs.
No Latent Bottleneck

ol] Scalable MoT
High Efficiency

0O Unified Und. & Gen.

_Bd_ SenseNova-U1 w SenseNova-U1 g End-to-End
8B MoT A3B MoT Native Pixels & Text One Architecture

Arxiv: https://arxiv.org/abs/2605.12500 Github: https://github.com/OpenSenseNova/SenseNova-U1
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Generation Performance vs. Speed
® Commercial (China) Commercial (US.) @® SenseNova-Ul @® Open-Source Models

90 -
b, Nano Banana 2.0 Nano Banana Pro GPT-Image-2.0
© 80
£
S Seedream-5.0
C L]
@ ] SenseNova-U1-8B-MoT Qwen-Image-2.0 .
g 70 e ® ©Scodream-4.5 Speed Analysis:
_E Seedream-4.0
g 60 - ‘Z-Image .Qwen-lmage-2512 1.32x downsampling ratio
C .
3 @ Qwen-image 2. Only one visual context
w 207 3. Refine QK attention dim
o
2
o 40 -
o
O
N
o 30 1
>
< BAGEL

20 T T T T T T T

10 20 30 40 50 60 70

Latency (s / 2K image)
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Main Results on 43 Understanding & Generation Tasks

B SenseNova-U1-A3B-MoT % [ SenseNova-U1-8B-MoT Qwen3.5-9B @ SenseNova-U1-A3B-MoT % @ SenseNova-Ul-8B-MoT % @ Quen-Image @ SenseNova-U1-A3B-MoT % [} SenseNova-U1-8B-MoT 4 Qwen3.5-9B
B Qwen3.5-35B-A3B Qwen3VL-30B-A3B Gemma-4-26B-A4B B Qven-Image20 Qwen-Image-2512 ERNIE-Image @ Qwen3-VL-30B-A3B J Qwen-Image B Qwen-Image-Edit
LongCat-Next Quer3VL 8B-think A —— 2 Imase P Qwen-Image-Edit-2511 Z-Image-Edit Emu3
Seedream-4.5 @ Bagel JoyAl-Image-(w/o-PE) @ Encas i Bagel NagaBrnend
Nano-Banana-2 Wan-Weaver LongCat-Next
B Flux-Kontext-dev SteplX-Edit v1.2 @ Ovis-Ul
ThinkMorph | GPT-Image-1-mini @ GPT-Image-2

SenseNova-U1 shows SOTA open-source results across Visual Understanding / Reasoning, Spatial Intelligence,

Visual Generation, Visual Editing, Interleaved Generation, Reasoning Generation, Text Rendering & Infographic
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MMU Gen&Edit Multi-Turn Dual Eval

MMMU v X X X
Und. Aids WIS E x X X X
Generation RI SEB eIlCh X / X X
OpenING v v v X
MME-Unify v v X X
UniEval v X X X
Uni-MMMU v v v v

Sliding Puzzle
84
(9.5%)

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
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Main Results on Unification Benchmarks: Uni-MMMU

Generation aids Understanding Understanding aids Generation
Maze Sliding Science
@  How to solve the maze? [ Solve the sliding puzzle from left to right. @ A strip of purple litmus /
[ ] paper is dipped into lemon o

[ [
" juice. Draw the resulting
state of the litmus paper. >
= -

@ (step by step planning and gen...) E} (step by step planning and generating...) @ Lemon juice is acidic.
When the purple litmus
paper is dipped into it, B
the acidic environment W
" . causes the litmus to turn
red.
Final Answer: [“up”, “up"] Final Answer:[“down", “right”, “right "]
Geometry Jigsaw Code Rendering
@  Asshownin fig, ..., If LAPB=30", ® Which one fits here? ® You will be given SVG source code. Internally

[ parse and render it without tools

@ 4B-3, then the length of MN is? R
f -
A’\ . <svg height="512" viewBox="0,0,512,512"
4 width="512" ...
"L P . rect fill="#3498DB" height="60" width="60"

x="0" ...

Connect MN, AN, BN. Draw MD 1AN E’ Candidate 1. . Trv Candidate 2 E This is a white 512x512 image with five
E from point M to D. Try Candidate 1, ., Try Candida evenly spaced blue rectangles ...

~“ MN =+/3. {"choice": 1}

** Both circle M
and circle N pass
through points
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Main Results on Unification Benchmarks: Uni-MMMU 95 WRES™ | o e
Model # Params | Jigsaw-T Maze-T Sliding-T Geometry-T | Avg?t
Closed-source Models
Nano-Banana [26] - | 57.0 4.7 0.0 47.8 | 27.4
Open-source Models
SenseNova-Ul-SFT 8B 87.3 28.6 0.0 24.2 35.0
SenseNova-Ul-SFT SBA3B 88.0 34.0 1.2 7.1 32.6
BAGEL [28] 7B 48.0 0.0 1.2 32.8 20.5
Ovis-Ul1 [130] 1.2B 53.0 0.0 0.0 3.5 14.1
OmniGen?2 [141] 4B 48.0 0.0 0.0 5.7 13.4
Qwen-Image-Edit [139] 20B 43.3 0.7 0.0 8.5 13.1

SenseNova-U1 shows strong capability for Generation and Understanding Synergy.
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Visualized Results : Interleaved Generation

( 00 ssunn~REEE, 38

RER TR R EENEFERTREEE, EABIMRIESEAT RNESRESAREAE:

0 #ristE 0 HEIZED 0 =mEE
FRABEHENBEANY, B4R, BRNERSR MEMARTEEMSNEDRRS FRVEH, IR KBS BILREE, BIXRESES
H. FISmE. 73

b
O sansdt (5 It O sumiER
BEFHRTR (WAMAIN) HE, RN ERAGRT, AAERRASENE. RENER RT-REARBLAERZXTNERES.

EX28, SE.
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Visualized Results : Visual Reasoning

Input Nano-Banana-2 GPT-Image-2 SenseNova-U1-8B-MoT

o o o

Prompt The scene shows a maze with a green circular agent, colored diamond-shaped keys, and colored hollow rectangular doors. Find the
Yellow key and then navigate to the matching Yellow door, showing the complete movement process step by step.

Prompt In the scene, there is a black ball and several colored balls of different sizes. The black ball can eat balls that are smaller than itself.
After eating a ball, the black ball grows larger. Find the correct sequence to eat all colored balls step by step.

A, | & A
A A

Prompt In the scene there are two objects and their corresponding target outlines; each outline matches its object in color and shape. Move
each object to its matching outline via shortest path. Show the movement step by step.
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Outlook: Native Omni-Model

0 Native Interaction models

""'-"'?3--,:' 200ms
NE-umfy (2026.03) Thinking Machines — i
&g Lab: 0 T
Fast, Strong, Omni Unembedding Flow
Streamlined
Transformer
NEO-ov (2025.12)
Embedding hMLP emgzgc?ii\gs

! ! !

. Tokens 40x40 Patch dMel
| | |

NE O (2 O 2 5 . O 9) Aa Text Gal Frame il Audio

- 200ms
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Outlook: Native World Model or Action Model

0 Native World Model 0 Native Action Models

Reference Image Generated Image
Put the pink spray bottle into the sink.

Reference Image Generated Image
Clear the countertop waste.

S-LAB

FOR ADVANCED
INTELLIGENCE
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Thank You

Ziwei Liu

Nanyang Technological University

https://liuziwei7.github.io
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