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Tutorial Roadmap

Part 1 Past — From Divergence to Unification 30 min

Part 2 Present I — Unified model: Goals, Modeling, and Future 55 min

Coffee Break 15 min

Part 3 Present II — Frontier Highlights & Trend 45 min

Part 4 Beyond Unified 25 min

Part 5 Future 25 min
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Past
From Divergence to Unification

Unified Models — CVPR 2026 Tutorial



▪ Chameleon

▪ Nano-Banana

▪ Janus-Pro

▪ GPT4o

▪ Clip
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Unified or Not?
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√

√

×

Meta 2024.05

Google

DeepSeek-AI 2025.01

OpenAI

OpenAI 2021.02 

√

√



Definition of Unified Models
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Two Independent Tracks
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What Is Multimodal Understanding?

Multimodal understanding is the task of producing an 
output that captures the semantic content of a multimodal
input
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Two Independent Tracks
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What Is Multimodal Understanding?

Understanding tasks include:

•Captioning: summarize visual semantics 
•VQA: answer grounded questions 
•Grounding / segmentation: locate referred entities 
•Relation reasoning: infer spatial, causal, and semantic relations 
•Verification: check whether outputs satisfy instructions



Two Independent Tracks

U N D E R S T A N D I N G
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Clip



Two Independent Tracks

U N D E R S T A N D I N G
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Flamingo



Two Independent Tracks

U N D E R S T A N D I N G
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BLIP2



Two Independent Tracks

G E N E R A T I O N
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What Is Multimodal Generation?

Multimodal generation is the task of 
producing a visual (or audio/video) output that 
realizes the semantic content of a textual (or 
multimodal) input, typically a natural language 
prompt.



Two Independent Tracks

G E N E R A T I O N
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DDPM and DALL·E



Two Independent Tracks

U N D E R S T A N D I N G

CLIP → BLIP-2 → Flamingo → LLaVA

Contrastive / instruction-tuned 
encoders

Discriminative objective

Tokenizer: text-only LLM vocab

G E N E R A T I O N

GAN → DDPM → Imagen / SDXL / 
DALL·E 3

Iterative denoising/score matching

Generative objective

Tokenizer: VAE latents (continuous)
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Inspiration came from NLP
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Before T5:

Translation / Summarization / QA / Classification
→ different formats, heads, and objectives



Inspiration came from NLP

Unified Models — CVPR 2026 Tutorial

Before T5:

Translation / Summarization / QA / 
Classification
→ different formats, heads, and objectives

T5:
Everything becomes:
Text input → Text output



1. Pipeline Systems Are Not Enough
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Some kind of VLM

User: Generate something similar
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a young elf girl with 
long white hair, 
pointed ears, green 
eyes, wearing a black 
mage outfit with 
white cape...

User: Generate something similar

Some kind of VLM Some Generative 
Model, e.g., diffusion

Output



1. Pipeline Systems Are Not Enough

Unified Models — CVPR 2026 Tutorial

Each step come with information loss ×

Prompt 
rewriteVLM

VLM 
check

Diffus
ion

….….

Input

Output

Understand Generate

▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓ ▓
Information remaining

Language



1. Pipeline Systems Are Not Enough
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GPT-4oInput Output

▓ ▓ ▓ ▓ ▓ ▓ ▓

information remaining

Unified Model √

Shared hidden states



2. Unlock Tasks 
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2. Unlock Tasks 

Unified Models — CVPR 2026 Tutorial

User: change the
hair color to blonde

User: change the
hair color to blue

User:…

Example:   Multi-round editing



3. Potential human-like multimodal intelligence
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Models

a young elf girl with 
long white hair..

Frieren Voice

Image

Text

Create



Visions of Unified Model community
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1. Eliminate the representational gap among perception, 
language, generation, and action. 

2. Unlock more applications & tasks

3. From function calls to cognitive level unification

"What I cannot create, I do not understand."



Example: Nano Banana

Unified Models — CVPR 2026 Tutorial



Example: Nano Banana
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Present  I
Unified model: Goals, Modeling, and Future

Jiakui Hu
jkhu29@stu.pku.edu.cn
Peking University
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[1] Unified Multimodal Understanding and Generation Models: Advances, Challenges, and Opportunities. arXiv 2025.



Samples of GPT4o

[2] https://openai.com/zh-Hans-CN/index/introducing-4o-image-generation/

Give this cat a detective hat and a monocle

Turn this into a triple A video games

Update to a landscape image 16:9 ratio, add more spells in the UI



Samples of GPT4o

We need evidence there is a currently present invisible elephant.

[2] https://openai.com/zh-Hans-CN/index/introducing-4o-image-generation/



The goals for unified model

Interleaved text-vision modeling.

Unifying understanding, reasoning, and generation tasks.



Jointly modeling text and vision

Diffusion

Auto

Regressive

Text Vision



Permutations and combinations



Option A: Diffusion

Diffusion based image modeling: denoising from Gaussian noise

Diffusion based Image modeling: demasking from All-[mask] tokens.

[3] Denoising Diffusion Probabilistic Models. NeurIPS 2020.

[4] Large Language Diffusion Models. NeurIPS 2025.



Diffusion based text modeling

[5] Dual Diffusion for Unified Image Generation and Understanding. CVPR 2025.



Examples: continuous visual tokens

Based on an image generation model,

- Text generator uses masked modeling;

- Image generator uses denoising;

- If text generator need vision input, the vision input is noise-free.

[5] Dual Diffusion for Unified Image Generation and Understanding. CVPR 2025.



Examples: discrete visual tokens

[6] Unified multimodal discrete diffusion, arXiv 2025.



Limitations of Option A: Diffusion

1. In image generation, it is still worse than continuous-space 
generative models;

2. Hard to perform flexible interleaved multimodal generation;

3. Training and inference codebases are still underdeveloped.



Option B: AutoRegressive Model

- B-1. Image encoder focus on reconstruction. Good at texture, bad at semantic;

- B-2. Image encoder finetuned on semantic encoder. Good at semantic, bad at texture;

- B-3. Image tokens learned by learnable query. Adaptive, trade-off.



Option B: AutoRegressive Model

- B-4. Fuse reconstruction encoder and semantic encoder.



Option B-1: Reconstruction encoder

[7] https://lilianweng.github.io/posts/2018-08-12-vae/

[8] Neural Discrete Representation Learning. NeurIPS 2017.

Convert the visual 

representation into 

indices.

The encoder is to represent the 

image using a compressed, 

low-dimensional

representation.



Examples

[9] Chameleon: Mixed-Modal Early-Fusion Foundation Models. arXiv 2024.



Interleaved demo

[9] Chameleon: Mixed-Modal Early-Fusion Foundation Models. arXiv 2024.



Findings: simultaneous improvements

[10] Liquid: Language Models are Scalable and Unified Multi-Modal Generators. IJCV 2026.



Limitations of Option B-1

It lacks

• high-level semantic abstraction

• cross-modal alignment between text and image representations



Option B-2: Semantic Encoding

[11] Emerging Properties in Self-Supervised Vision Transformers. ICCV 2021.

[12] Learning Transferable Visual Models From Natural Language Supervision. ICML 2021.

high-level semantic

alignment

between text and image



Examples: convert

[13] VILA-U: a Unified Foundation Model Integrating Visual Understanding and Generation. ICLR 2025.



Findings: conflict

[14] UniTok: A Unified Tokenizer for Visual Generation and Understanding. NeurIPS 2025.



Option B-3: Learnable Query Encoding



Examples: tokenizer level queries

[15] Planting a seed of vision in large language model. ICLR 2024.



Examples: MLLM level queries

[16] Transfer between Modalities with MetaQueries. arXiv 2025.



Limitations of Option B-3

• It transforms visual generation into a downstream application of 
visual understanding, is not “unified”.

• Querying may fail.



Option B-4: Hybrid encoder

Using multiple visual representations

- Pseudo Hybrid Encoding

- Joint Hybrid Encoding



Examples: Pseudo Hybrid Encoding

[17] Janus: Decoupling Visual Encoding for Unified Multimodal Understanding and Generation. arXiv 2024.



Examples: Joint Hybrid Encoding

[18] Show-o2: Improved Native Unified Multimodal Models. NeurIPS 2025.



Limitations of Option B-4

Mismatch between reconstruction encoder and semantic encoder

Conflicting optimization



Option C: AutoRegressive & Diffusion



Examples: Reconstruction encoder

[19] Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model, NeurIPS 2025



Examples

[20] Emerging Properties in Unified Multimodal Pretraining, arXiv 2025



Findings: Emerging

[20] Emerging Properties in Unified Multimodal Pretraining, arXiv 2025



Higher performance, but …

Redundant encoder-decode steps in interleaved multimodal modeling.

Visual representations are not suited for unified multimodal modeling.

What would an ideal visual representation for unified multimodal 
models look like?



Attempt 1: Semantic Encoding

[21] Beyond Language Modeling: An Exploration of Multimodal Pretraining, arXiv 2026

World model!



Attempt 2: no encoder

[22] SenseNova-U1: Unifying Multimodal Understanding and Generation with NEO-unify Architecture, arXiv 2026



Coffee Break
15 minutes

We resume with Part 3 — Frontier Highlights
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Present  II
latest trend
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Beyond Representation — New Capability Frontiers

• Toward Bottleneck-Free Representations

• interleaved / any-to-any generation

• reasoning-centric generation / test-time scaling

• Cognitive Unification Native Multimodal 

• Post-training and unified reward models

• Evaluate
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Frontier I — Toward Bottleneck-Free Representations
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Frontier I — Toward Bottleneck-Free Representations
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Frontier I — Toward Bottleneck-Free Representations

Tuna-2: Can We Remove the Vision Encoder?
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Frontier I — Toward Bottleneck-Free Representations
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Frontier I — Toward Bottleneck-Free Representations

Removing VAE removes 
the bottleneck, but also 
removes structural 
guidance.
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Frontier I — Toward Bottleneck-Free Representations
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Frontier I — Toward Bottleneck-Free Representations
Key idea:
Before generating pixels, force the decoder to predict visual representation tokens.
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Frontier II
From Single-output Generation to Interleaved Any-to-Any Generation

text → image
image → text

image + text → image

text + image + video + audio → text + image + audio + 3D

Old paradigm:
single-modality 
output
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Frontier II
From Single-output Generation to Interleaved Any-to-Any Generation
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Frontier II
From Single-output Generation to Interleaved Any-to-Any Generation
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Frontier III Reasoning-centric Generation

prompt → image

prompt → reasoning / planning / verification → image
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Frontier III Reasoning-centric Generation
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Frontier III Reasoning-centric Generation
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Frontier III Reasoning-centric Generation
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Frontier IIII: From Modular AI to Cognitive Unification 
Native Multimodal
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Frontier IIII: From Modular AI to Cognitive Unification 
Native Multimodal
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Frontier IIII: From Modular AI to Cognitive Unification Native 
Multimodal
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Frontier IIIII: Post-training and unified reward models

UniGame: Self-adversarial Post-training for UMMs
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Frontier IIIII: Post-training and unified reward models

UniGame: Self-adversarial Post-training for UMMs
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Frontier IIIII: Post-training and unified reward models
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Frontier IIIII: Post-training and unified reward models



Unified Models — CVPR 2026 Tutorial

Frontier IIIIII: benchmark from isolated evaluation turn to 
unified / mixed-modality evaluation

Understanding benchmark
Generation benchmark
Editing benchmark

Mixed-modality task
Interleaved output
Reasoning + generation + verification
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Frontier IIIIII: benchmark from isolated evaluation turn to 
unified / mixed-modality evaluation



Unified Models — CVPR 2026 Tutorial

Frontier IIIIII: benchmark from isolated evaluation turn to 
unified / mixed-modality evaluation
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Frontier IIIIII: benchmark from isolated evaluation turn to 
unified / mixed-modality evaluation
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Biased understanding leads to biased verification and generation.

Strong VLMs 
often default to 
memorized 
visual priors.
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Beyond Unified
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Beyond Unified

Understanding helps generation

[23] Qwen-Image, arXiv 2025



Generation helps understanding under RAE

[24] UniHetero: Could Generation Enhance Understanding for Vision-Language-Model at Large Data Scale?, arXiv 2025



Generation helps understanding under RAE

[24] UniHetero: Could Generation Enhance Understanding for Vision-Language-Model at Large Data Scale?, arXiv 2025



Generation helps understanding in 3DV

[25] Unlocking How Generation Facilitates Understanding in Unified 3D Model based on Multiview images, ICLR 2026



Towards world model

[25] Unlocking How Generation Facilitates Understanding in Unified 3D Model based on Multiview images, ICLR 2026



Towards intelligent editing

[26] Uni-Edit: Intelligent Editing Is A General Task For Unified Model Tuning, arXiv 2026
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Future
Open Problems and Discussion
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Video and 3D
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World Models and Embodied AI

Video & 3D
time / geometry / structure
→
Unified World Models
render / simulate / plan / act

Observe → Infer State → Simulate Future → Plan Action → Observe Again
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Thank you for listening
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