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Medical image generation using AI
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CT imaging and reconstruction 

Filtered Back Projection (FBP)



MRI imaging and reconstruction 

k-Space MRI image
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AI-generated medical image (AIGMI): 2 forms

② Image Synthesis① Image Recovery



①Neural medical image recovery
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Medical image recovery: an inverse problem

 Forward problem：
from object to observations

Y = A X

 Inverse problem：
from observations to object

arg minX Loss(Y,  AX) + Reg(X)



Medical image recovery: a learning perspective

Recovery task: 

• From an acquired signal X, 

estimate a ‘better’ image Y= f(X)

Assumption: 

• There exists a set of paired 

training examples {(Xi,Yi)} or 

unpaired sets {Xi} + {Yi}

(Supervised) Learning:

arg minW Si Loss(Yi,  f(Xi; W)) + Reg(W)

Pros:

• Data-driven or data as regularizer

• Fast estimation

• Leverage the ML strength

Cons:

• Need for training data

• Data bias

• Knowledge-agnostic



Neural medical image recovery = 

Deep learning + imaging knowledge

Input 

image 

X

Output 

variable 

Y

Algorithm: 

Deep network

Y = f(X; W)

Black box

Imaging knowledge

(Supervised) Learning:

arg minW Si Loss(Yi,  f(Xi; W)) + Reg(W)

Key 

Challenges

Which knowledge? How to integrate?

Better network architecture

Less supervised
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Dual-domain network (DuDoNet)
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DuDoNet: Dual-domain network for metal artifact reduction

Sinogram Image

Radon Inverse Layer



CT metal artifact 

reduction



CBCT artifact 
reduction

Liao et al. ADN: Artifact disentanglement network for unsupervised 
metal artifact reduction. IEEE TMI 2020.



DuDoRNet: Dual-domain recurrent network for MR recon 

kSpace domainImage domain

Zhou and Zhou. DuDoRNet: Learning a Dual-Domain Recurrent Network for Fast MRI Reconstruction with Deep T1 Prior. CVPR 2020.

PSNR: 2-7dB better than SOTA



DSA video 
denoising

Liu et al. Stabilize, decompose, and denoise: Self supervised fluoroscopy 
denoising. MICCAI 2022.



Xray rib 
suppression

Li et al. High-resolution chest X-ray bone suppression using unpaired CT 
structural priors TMI 2020.
Han et al. GAN-based disentanglement learning for chest X-ray rib 
suppression. Medical Image Analysis 2022.



Xray spine

enhancement



Xray pelvis 

extraction



CT metal artifact reduction using NeRF

Q Wu et al. Unsupervised polychromatic neural representation for CT metal artifact reduction. NeurIPS 2023.



3D Gaussian Representation

Li et al. 3DGR-CT: Sparse-view CT reconstruction with a 3D Gaussian representation. MedIA 2025.



ours



Neural Medical Image Recovery publications
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② Neural medical image synthesis

2.1)

Causal Longitudinal 

Image Synthesis (CLIS)

Li et al. Causal longitudinal image synthesis. IEEE Trans. PAMI. (submitted for publication)



𝐴𝛽 & 𝜏 protein 
accumulation

Dying neurons and loss 
of neural connection

Degenerate memory 
and cognition

Alzheimer’s Disease (AD)
Causal process

③ Medical Image Generation FM
Causal Longitudinal Image Synthesis (CLIS)

Li et al. Causal longitudinal image synthesis. MedIA 2025. (major rev)



Demographics
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Measurements: Multiple factors and modalities
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Causal Image Synthesis



A causal model for 
brain MRI synthesis
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Q1：How to find 
the causal edges? 

Integra t in g  mul t ipl e  
methods



Q2: How to 
describe SCM? 

Use MLP

* SCM – structural causal model



Q3: How to mitigate dimensional gap? GenAI
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latent 𝒛 ∈ 𝒵

FC

FC

FC

FC

FC

…

style vector 𝒘 ∈ 𝒲

mapping 

network

ℱ(∙)

Const 𝟖 × 𝟕 × 𝟕

AdaIN

Conv 𝟑 × 𝟑 × 𝟑

AdaIN

A

A

Conv 3× 𝟑 × 𝟑

Upsample

AdaIN

Conv 𝟑 × 𝟑 × 𝟑

AdaIN

A

A

…

Gaussian noise

B

B

B

B

Conv 1×𝟏 × 𝟏

output image 𝑰 ∈ ℐ

Styled ConvBlock 𝒏

3D StyleGAN

𝑏
𝑣𝑔

𝑖

𝑢𝑖

𝑖

𝑣 𝑏

𝑛

𝑔

𝒘



Acquired？
Synthesized？



Causal intervention
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Brain Image
Time Machine 



1283𝑚𝑙
49𝑚𝑙
464𝑚𝑙

𝑏𝑟𝑎𝑖𝑛:
𝑣𝑒𝑛𝑡𝑟𝑖𝑐𝑙𝑒:
𝐺𝑀:

Acquired image

𝑠 = 𝑓𝑒𝑚𝑎𝑙𝑒
𝑎 = 𝟖𝟏
score = 22

AD subject
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Intervention





Comparison with ground truth

SSIM CIS Mi-GAN[1] cGAN[2]

1-yr (N=278) 0.973 0.946 0.944

4-yr (N=45) 0.963 0.942 0.939

All 
(N=490,     avg 
1.95yr)

0.971
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[1] Zhao, Yan, et al. "Prediction of Alzheimer's disease progression with multi-information generative adversarial network." IEEE Journal of Biomedical and Health Informatics 25.3 (2020): 711-719.

[2] Mirza, Mehdi, and Simon Osindero. "Conditional generative adversarial nets." arXiv preprint arXiv:1411.1784 (2014).

Volume intervention
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* unpublished data



Causal PETS
PSNR    

(dB)
SUVR MAE 

(e−1) 
pMCI / AD 

classification 
accuracy (%)

pGAN 23.19 0.23 -

Pix2Pix 21.83 0.21 -

BPGAN 24.09 0.18 -

Causal PETS (ours) 26.74 0.10

T1 + Tabular 76.02

T1 + Tabular + 
Causal PETS

85.20

Li et al. Causal PETS: Causality-informed PET synthesis from multi-modal data. MIDL 2025.



Summary

GenAI Causal Factor+Image Apps

vs Correlational+ DisAI Multi-omics

• Time machine

• Factor intervention

• Workflow modeling



T1 T2 T1Gd FLAIR

2.2) Unified multi-Modal Image Synthesis

Zhang et al. Unified Multi-modal image synthesis for missing modality imputation. IEEE Trans. Medical Imaging 2024.

② Neural Medical image synthesis



Summary

AIGMI for RealnessAIGC for Creativity

Synthesis

• Causal

• Universal

Recovery
• Dual-domain


