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Visual Generative Modeling
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Visual Generative Modeling
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Visual Generative Modeling

“Cyberpunk girl”
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Conditioning on text

In general
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Conditioning on text and image
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S. Batifol et. al., “FLUX.1 Kontext: Flow Matching for In-Context Image Generation and Editing in Latent Space”, 2025



Conditioning on text and image

Restore photo

Add sports costume
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In reality, we want
a dialog



In reality we want a dialog

Why?
O1 Generate new content 02 Edit existing content
03 Ask questions 04 Work with several images
05 Support context 06 Bonuses from different

modalities*

*J. Zhang et. al., “Are Unified Vision-Language Models Necessary: Generalization Across Understanding and Generation”, 2025
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Dialog means unification

Unify two main generative worlds

* Inherently continuous (visual): images, video, 3D
* Inherently discrete (textual): text, code, math
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Dialog means unification

Unify two main generative worlds

* Inherently continuous (visual): images, video, 3D
* Inherently discrete (textual): text, code, math

Currently we can model

* text-to-text —LLM

* text-to-image — all we discussed above
* image-to-text — VLM

* text+image-to-image — Editing
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Towards Unified
Generative Models



What kind of model would help us?
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Naive approach
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Naive approach
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Naive approach

@ Uniform implementation
Next-token prediction
is not native to images
Discretisation ruins
image quality
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A.Ramesh et. al., “Zero-Shot Text-to-Image Generation” (aka DALL-E 1), 2021
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Q. Shi et. al., “Muddit: Liberating Generation Beyond Text-to-Image with a Unified Discrete Diffusion Model”, 2025



Transfusion
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C. Zhou et. al., “Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model”, 2024
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T. Li et. al., “Autoregressive Image Generation without Vector Quantization”, 2024



NexusGen | Qwen Image

Re-use pre-trained
diffusion denoiser

Should be cheaper
to train, right?*

Hard to align with
good quality
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Three tall coconut trees,
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center of the picture and one
on the right edge. Two of the

coconut trees are covered
in golden coconut fruits under
a clear blue sky, presenting
a peaceful and tropical
natural scene.

Noize

C. Wu et. al., “Qwen-Image Technical Report”, 2025
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C. Wu et. al., “Qwen-Image Technical Report”, 2025



How hard is it to train the connector?

“a pair of cherries, dressed in a delicate ballerina outfit”

* |Images generated with * Images generated with Qwen
NexusGen have low quality Image are much better
« Did not train from scratch * Trained from scratch

25

*Very much a hand-waving argumentation, lots of other variables are not aligned between setups



Baseline connection scheme
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Baseline connection scheme

Noisy input
Language Response Xa “ .

Denoising objective

‘Di

ffusia

)N blog

E

ffusic

)N blog

‘Di

ffusic

)N blog

Language Model f, %

Projection W

Vision Encoder

HV Hq
— Xy mag X4 Language Instruction
e

e

27



Baseline connection scheme
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Q-Former and MetaQueries Denoising objective
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X. Pan et. al., “Transfer between Modalities with MetaQueries”, 2025



Don’t want to backprop VLM? Denoising objective
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Recap
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Recap
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Recap

Image gen module
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Recap
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BAGEL
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C. Deng et. al., “Emerging Properties in Unified Multimodal Pretraining”, 2025
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BAGEL
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C. Deng et. al., “Emerging Properties in Unified Multimodal Pretraining”, 2025
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BAGEL
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C. Deng et. al., “Emerging Properties in Unified Multimodal Pretraining”, 2025



BAGEL
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C. Deng et. al., “Emerging Properties in Unified Multimodal Pretraining”, 2025
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Final recap

Plenty of options to choose
Options have ups and downs
There is no clear winner yet

Many open questions

39
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(Open) Questions



How to Train

Currently, we can model

e text-to-text —LLM
« text-to-image — text-cond diffusion
* image-to-text — VLM

« text+image-to-image — text+img-cond
diffusion

41



How to Train

Currently we can model

* text-to-text — LLM
 text-to-image — text-cond diffusion (
* image-to-text — VLM

« text+image-to-image — text+img-cond o /'
diffusion > V)

The moment you start you be like: how the hell do | combine all that?
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Is there cross-modal knowledge transfer?

 Editing-only training collapses T2|
* Training on T2| + editing > just T2l or just editing

* Training on all 4 tasks is not worse than training on them individually

* all conclusions are from our internal experiments

43



Adapted setup does magic

* all conclusions are from our internal experiments

44



DATA
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How to Distill

« Copy-paste from T2| does not (optimally) work

 Fun cross-task interactions:
« LCM on editing > LCM on T2l for T2l quality @

* all conclusions are from our internal experiments
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How to Distill

 For unmerged models, we can combine acceleration technigues
* LoRA distill on the image part
* Spec dec, KVV-caching etc on the text part

- Can we use text-gen acceleration techniques on image-gen? @

47
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Inference-time
Compute Scaling



Very much known for LLMs

( Question )
; &

-~
“Reasoning”
Large Language Model

v
Thinking w/text...

( Answer! )
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Very much known for LLMs

( Question )
; &

2
“Reasoning”
Diffusion/Multi-modal model

\

Thinking w/text+images...

( Answer! )
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Best-on-N baseline

“hedgehog with an apple”

E. Xie et. al.,, “SANA 1.5: Efficient Scaling of Training-Time and Inference-Time Compute in Linear Diffusion Transformer®, 2025
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Best-on-N baseline

— VLM

— VLM

“hedgehog with an apple”
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E. Xie et. al.,, “SANA 1.5: Efficient Scaling of Training-Time and Inference-Time Compute in Linear Diffusion Transformer®, 2025



Best-on-N baseline

— VLM — VLM [—

— VLM

“hedgehog with an apple”
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E. Xie et. al.,, “SANA 1.5: Efficient Scaling of Training-Time and Inference-Time Compute in Linear Diffusion Transformer®, 2025



External VLM-as-judge

Prompt — | T2l

— Image —

VLM

—

Feedback

LLM —

New prompt

M. Abdul et. al., “Test-time Prompt Refinement for Text-to-Image Models®, 2025
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Can multi-modal model do all that itself?

M.II?IZ‘IM — Image — MLLM —— Feedback MLLM

Prompt  — VLM LLM

—  New prompt
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Boosts text gen and "many objects

NoTTS

“do an inscription “rash 435" 350.013 (
_ :

“draw 5 dogs of different colors”

* preliminary results

TTS
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Can we do the same for editing?

Prompt

image

MLLM
edit

—> |Image —

MLLM
VLM

—

Feedback

MLLM
LLM

—  New prompt
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Also works pretty well

“change the action of
the horses to galloping”

“Extract the person from
the photo and dress
them in a police uniform”

* preliminary results
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Use all four tasks?

Prompt —

MLLM
T2

—> |Image —

MLLM
VLM

—

Feedback

MLLM
edit

MLLM
LLM

edit prompt

A
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Distill again?

Prompt —— M.IITIZ‘IM — Image — |\<I/LLII‘VIM — Feedback l\f_I‘LII‘VIM —  New prompt
PrOT/ot — MLLM — |mage —— MLLM —— Feedback MLLM —  New prompt
image edit g VLM LLM promp

What stops us from training a reasoner on this synthetic chains? -«



Instead of Conclusion
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