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Modular vs. Native Vision -Language Models

[Language Model )
D

\ J

(6EOET KOI

a®

O
12
Dl AOU

$0®
Q}O
R /
o 3,
Q\(’\o. Q'\(\Qo '?Q N /7809
()
Q N
Modular
VLMs

a dzfi2AR | £ A G @
ONARIAY 3

(Language Model )

6\2 . (i)
9y O 2 Miffefentiating

(if) Aligning

EFT] NANYANG

TECHNOLOGICAL
UNIVERSITY

SINGAPORE

INT

S-LAB

FOR ADVANCED

ELLIGENCE




AdvantyaNgpd 3 v e -L\ainsgiucang e

A RemovePre-training Scaling Law Bottleneck !

LLM

LLM

VE

VE

How to
Balance?
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A Largely Simplify Infrastructure Configuration !

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

LLM

‘

Efficiency ?

MLP

VE

VE parameters

from 0.4B to 22B
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A Understanding, Reconstruction, Generation
Pixel and Semantic Representations !

DiT w/ VAE DiT w/ RAE
Diffusion : Diffusion
.-HDD DDH“' EII“I ll-II
el Decoder Encoder Iiaaczfr
- neocer L 226¢1aps Floj
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A Lossless Input and Early -Fusion Interaction
for Potential Zero-shot Scenariod

- § N
Patch Projection “Foreign” Input Cross Attention
losslessly
E%gw encoding ) PN 00
E%E | PE (from scratch)l Language Model Perceiver : LLM
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Backgroundx Native Vision -Language Models

e Continuous Native Models

2023.10 2024. 06 2024.10 2014.12 2025.03 2025.04 2025.07
Fuyu E V Elv Mono -InternVL HoVLE, VoRA (ByteDance ) | NMMs (Apple) Monbnt edn¥lL
(Adept Al) ( BAAL) (SH Al Lab) SynerGen -VL BREEN, HaploVL SAIL, Pixel -SAIL (SH Al Lab)
EVEvZ (BAAI) (SH Al Lab) (Tencent) (ByteDance )
EVEV1 (2024.06) EVEv2 (2024.10) NEO2 @ 25).NOES@ (2 0 2 5). 1 2NIEhO 2 § 2 6).
2023.12| 2024.05 2024.09 2024.11 | 2025.02 2025. 03 2025.05 2025.09 2025.10
Gemini Chameleon Emu3 (BAAI) | MoT UniTok Dual Token FUDOKI OneCat Emu3.5 (BAAI)
(Google) (Meta) VILA-U (NV) (Meta) (ByteDance )] ( SHILab) (Huawei) (Meituan)) LongCat -Next
(Meituan)

e Discrete Native Models

Research Focus S o
(1) Training Data and Stages (2) Model Architecture (3) Task ApplicationsTd 3 AAIl EI C | A
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Outline x Native Vision -Language Models

allig

%1 EiEdc 0@
Between Pixels and Words -- Towards Native Multimodal Unified Models at Scale
Tokenizer -free VLMs, Asymmetry - Lossless, MoT Backbone, Multi -Modality Reasoning

0 Native VLMs for Unified Models

Native VLMs for One-Vision Models

&OI I OE@AI O O 71 OAGHEOEKAOADAAAOEAA B AAI

$AT OA -TAAI DIiACAhIEIAPBRRODAOEAI h 6EAAT 51A

NEO-ov (2025.12)

0 . Native VLMs for Image Understanding
/Olj C T[ C U @ T[ 0') 0 From Pixels to Words: Towards Native Vision -Language Primitives at Scale

-A Native Vision -Language Primitive, Training Recipe, Vision -Language Conflict
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Native VLMs for Image Understanding

From Pixels to Words: Towards Native Visiothanguage Primitives at Scale

Haiwen DiaoMingxuanLi, Silei Wu, Linjun Dai, XiaohuaWang,HanmingDeng,Lewei Lu, Dahua LinZiwei Liu

(NEO, ICLR 202§
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Chall enge

Question 1

AWhat constraints set native VLMs apart from modular ones,
and to what extent can these barriers bevercome ?

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

3. Patch Size : 14, 16, 30, 32

4. Absolute Position Embedding Vision . Sliding Window or Not
(Learnable PE or Sinusoidal PE) >~ Encoder Language . Hidden Activation : SiLU

1. Dense or MoE Architecture
2
3
4
5
. Bi-Directional Attention Model 6. Causal-only Attention
7
8
9.
1

. Parameter : 0.6B, 1.7B, 8B, ..., 1043B
. QK-Norm or Not

5

6. 2D-RoPE or Not . 1D-RoPE or Not
7. RoPE 6 : 10000 . RoPE 0 :1000000
8
9

. Head Dim : 64, 128, 256 Head Dim : 128, 192, 256
. Layer Num: 6,12, 24, ..., 27 _ -

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

Question 2

AHow to make research in native VLMs moraccessible 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 —> Distillation A Prediction [ LLM l Full—Allgn & Reason
> VLM - Masked VEl lvelluml - Contrastive
Model Initialization Prediction |EMA Learning VE | Pre-Align & Encode (Reusable)
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Key ldea

4 : ) : .
Native JLM From first principles , one base VLM block should

Primitives

A Integrate the strengths of formerly separate VE and LLM blocks

A Inherently embody various multi-modal properties that support
unified vision-languageencoding, aligning , andreasoning

Native VLM Primitive
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Pixel-Word Aligning via

(m=) ) )

L. * Primitives as pre-Buffer L, * Primitives as post-LLM :

)
| I A S S

| Native Vision - Language Model

. it N _
_. , + 1+ 1t 1t 1 1 t t t t t 1t 1
QIIE - g | Patch Embedding Layer ] [

Word Embedding Layer |
I ot @ __________________________________ 9 QHHMB [paie] e rea ) ) _,_Jfvmo](_t )

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

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

A PostLLM absorbs strong language proficiency and powerful reasoning capabilities of pteiined LLMs
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Methodology

(-) Training Recipe

Stage 1: Pre-Training Stage 2: Mid-Training Stage 3: Supervised Fine-Tuning
s ™\ s N\ ' i
| NEO & NEO & NEO &
flle Buffer, new QK in Post-LLM || I ) { J
N pEL [ wen L) N pEL | wEL &) (& P ][ 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
%l DB A 40AET ET C 001 AAAOOA ¥ 10EOA %AEAEAEAT O
A50ET C chinEE QBHATO OABRBOAOTI BEOC OEOOAI DPAOAAPOEIT A&OI I OAOA
A4ABOT U @ AIOBREA EADQAET EBQQEI OEOE OECARAECQAQEOERI T £ EAOO EI
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Main Results
P q AT AOBIATECEOREIAI " AT AET AGEO

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

A NEOapproaches the top-tier modular VLMSs, e.g.InternVL3 .

A NEOoutperforms the best native VLM competitors, fronEVEseries to SAIL
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Main Results

j . %" qQ 6EOOAI 10AOOEIT 11 O0xAOCEI C "AlT AEI AOEO
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
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(NEO-8B) Visual Question Answering Benchmarks

LSc%4 NANYANG
TECHNOLOGICAL
UNIVERSITY

SINGAPORE

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 OneVision Models at Scale

Haiwen DiaoJiahaoWang,PenghadVu, YuhaoDong, YuweiNiu, Yue Zhu,ZhongangCai, WeichenFan,Linjun Dai, Silei Wu, Xuanyu
Zheng,MingxuanLi, YuanhanZhang, Bo LiHanmingDeng, Huchuan Lu, Quan Wang, Lei YahgweiLu, Dahua LinZiwei Liu

(NEO-OneVision, Arxiv: 2026
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Challenge G |
1 0AO00ET I
Late vs. Early Fusion ) A# AT 1A OEOA 6, - OOEBREIRARQA I
00 000 | OIZOEANEAA AT A% AOD ODARAIAOE]

LLM |20 VLM . _ .

— 0 OO0 AWNhat advantages of ounative VLMs, especially

D o Image _Text early -fusion for pixel -pixel  pixel -word ?

Image ° O

Modular VLM~ MonolithicVIM | A Stronger and comprehensive baselineover

\

Qwen3-VL for subsequentRL community ?
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Methodology

(-) Model Architecture
() (o) ) ()9 () )
; il N, T S, S, S
A B

Native Vision - Language Foundation Model
Native One-Vision Model with Encoder-free Monolithic Architecture

. 4
4 ¢ 2 2 ¢ F 4 2 £ £ @& 2 2 4 4 2 & 2 2 2 ¥ § 5

] [ Word Embedding Layer

Patch Embedding Layer

| Q .?t @g 2 g‘* A " A 2 é[’I'ake][the][r’ed][pﬂlJ[ , ][NEO][ ovj
Y Yo PN CPLA LA LA L creer

_ Image Inputs with Original Resolutions Video Input with Timestamp in Text Format |

Efficient Native One-Vision VLMs construction

A Pre-trained pre-Buffer adoptedfrom NEOfor native visual inputs , singeimage, mult-image, video

A Initialize new PostLLM from existing state-of-the-art LLM seriesfor strong reasoning capability
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(-) Training Recipe
Stage 1: Pre-Training Stage 2: Mid-Training Stage 3: Supervised Fine-Tuning
s Y r ™y /8 )

» 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 / Context length Resolution Data Ratio do count

A Contextlengthrises from 16K to 36K. (training 128 frame ), Image Resolution varies from 256*256 t@l096*4096 .

A Text-only : ImageText : Multi-Image, VideaText with 2: 4 : 1 : 1for 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 - 42.5 78.7 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 A .

Qwen3-VL 534 78.4 63.9 58.3 - 514 769 93.3 79.1 - 85.8 A N EO ovrem arkab |y Im p rOVES th €

¥ Native Vision-Language Models (Instruct-2B) Cap ab | | |ty Of p revious N E O base | ine
Mono-VL 33.7 65.5 - - 67.4 34.8 68.6 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 A N EO‘OV Iargely brldges 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) tO p 'tl erm Od u Iar VL M S y e. g . ,QWG n 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) A N E O ovo Utp e rfo rms th e b eSt 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’ fromEVEtO N EO
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
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Main Results: Spatial | nt e [Py éfec

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

UseCan you descr i be Usekh Whigh gbject has @ farthes proximity to the red point box: water kettle (green point
the | amp relati ve tachar{bueppinty Kalcylateasjddyge based on the 3D center points of these objects.
RespoBiseabove ResponseA. chair (blue point)

User. While driving, what should
4 you be more cautious of now?
ResponseB. 2

User. Based on these two views showing the- .
same scene: in which direction did | move £ %
from the first view to the second view? -

ResponseA. 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

SLabNTU, SenseTime Research
NEO-unify & SenseNovaUl, hitps:/huggingface.ctblog/sensenovaecunify



Challenge

(b) Sequence Indexes

o (] ot [ o o] [ o ] i ] (]

[0,0,0] [1,0,0] [2,0,0] [3,0,0] [3,0,1] [4,0,0] [5,0,0] [6,0,0] [7,0,0] [8,0,0] [8,0,1] [9,0,0] [10,0,0] [11,0,0] [12,0,0]
<S8S>: Start Symbol | ‘ | ‘ Shared [H, W] for Same
<ES> : End Symbol [‘kl 0l 51-71.1] [rm’[ ‘1.\'7.!,1 ‘ Positions across Images

(c¢) RoPE Base Frequencies
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Question

Als NEO suitable for unification model3

Pixel and Semantic emerging from model itself !

AWhat will the architecture of NEGunify start?

MoE or Dense Models. First understand then generation !

AWhy do we need to build up NE@inify?

End pixel -semantic argument ! Multi -modality reasoning !

Embodied Al z 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 ... {ater® {T ove
s o, SigtA® Visual
High-Level DR Abstraction
Category Frequency-Band
Attribute Modul
Relation ... srdogulator
UAE
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Attribute ‘; - \ Sz, Visual
Relation ... Ky i e 1 p, Fidelity
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The Prism Hypothesis: Harmonizing Semantic and Pixel Representations via Unified Autoencoding
WeichenFan Haiwen Diao, Quan Wang, Dahua Lifiyei Liu  https:/arxiv.orgpdf/2512.19693
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(-) Representation Analyses
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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
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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 - 271.37 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 2.91
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 I maogeftiheéel iwtisgehmacnotmpce trietpirveesent at i on
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Background

(-) Architecture Analyses




