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Motivation

Key Findings

➢ Joint generation of multimodal data is IMPORTANT!
➢ Diffusion models are SOTA for many types of unimodal data, with fantastic conditional 

generation capability.
➢ Good tokenizers and VAEs are CHALLENGING to train.

Approach

Develop NEW diffusion models to generate multimodal data in their native state space, 
bypassing the need for tokenizers/VAEs/encoders.

Goal

1. Multimodal diffusions can be built by combining unimodal diffusions and be trained 
by learning scores of joint distribution.

2. Training multimodal diffusion models is provably as simple as jointly optimizing sum 
of unimodal diffusion model losses.

3. Decoupled time enables any-to-any generation in one model, and a new guidance 
scheme named noisy guidance.

4. Multimodal diffusion on native state spaces are much more parameter-efficient.

Multimodal Gen. with Denoising Markov Models

Decoupled Time Design

Continuous-Discrete Diffusion Model

Inference Algorithms

Generative modeling with dynamic:

… requires only learning score of   ⤷Theorem 1

Training with Generalized Score Matching

Equivalent
⤷Theorem 2

Forward Process Backward Process

● A combination of diffusion SDE on Euclidean space 
and CTMC jump process on finite state space.

● Aiming at generating data with both continuous 
values and discrete values

Time reversal

Score of joint dist.

Denoising 
training 

objective

Requires multimodal input

Unimodal conditional score

Decoupled time design means:
❏ Each modality is noised and denoised at 

independent pace
❏ Requires learning denoiser/score at more scenarios

Benefit 2 – Better guidance scheme than CFG
● Noisy guidance: guiding with a partial corrupted 

conditional model
● Achieving better diversity-quality trade-off
● Recover CFG when s = 0, sigma = T

FID on MS-COCO v.s. sigma. Optimum achieved around 0.6-0.8

Noisy Guidance

Sample continuous data onlySampling discrete data only Jointly sample continuous and discrete data

Benefit 1 – Flexible any-to-any generation
● Given a partially noisy text       , simulating only the 

X -backward dynamics samples from 

● Given a partially noisy image        , simulating the 
Y-backward dynamics samples from Mixed-type Tabular data Synthesis

Jointly generate images and its captions, and we..

● Minimally rely on pretrained model (except for one image VAE for dimension reduction). 

No T5/CLIP/ViT/etc.

● Achieve satisfactory performance while using much smaller model

● Design multi-stage training strategy to aid training of decoupled time

score backbone FID-30k evaluation on MS-COCO. Our model trained on SAM-LLaVA.

Jointly generate tabular data with both categorical values (eg. age) and continuous values (eg. income), and we …

● Achieve comparable or beat previous SOTA method with a significantly smaller model

● Design a new score backbone based on modification of DiT for mixed-type data, which is effective!

MLE is the testing 
accuracy of the 
classification or 
regression task on real 
data after training an 
XGBoost Classifier or an 
XGBoost Regressor on the 
synthetic tabular data.

Trend is a metric that 
captures pair-wise column 
correlation by computing 
Pearson correlation for 
numerical columns, 
contingency similarity for 
categorical columns, and 
contingency similarity 
between bucketed 
numerical values and 
categorical values. 

Previous model size 10M~25M Ours: 64K100-200X Reduction


