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Natural images

Formed in 2D

>14,000,000 annotation

Medical images

Formed in 3D

Zero annotation

Models Genesis 

natural → medical < medical → medical
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3D imaging tasks should be solved in 3D



Natural images

Formed in 2D

>14,000,000 annotation

Medical images

Formed in 3D

Zero annotation

ImageNet demands huge amount of annotation efforts,
but Models Genesis are pre-trained with self-supervision.

Models Genesis 
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Image Restoration Task

We design it as a simple image restoration task,
through which, the model can learn representation

directly from image data itself.
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→ More?

→ Non-linear

→ Local shuffling

→ Out-painting

→ In-painting
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I. Non-linear transformation
Substance Hounsfield units (HU)

Air -1000

Fat -120 to -90

Water 0

Bone
Cancellous +300 to +400

Cortical +1800 to +1900

Parenchyma

Lung -700 to −600

Kidney +20 to +45

Liver +54 to +66

Lymph nodes +10 to +20

Muscle +35 to +55
Source from en.wikipedia.org/wiki/Hounsfield_scale

CT scan itself naturally comes with
the pixel-wise annotation



I. Non-linear transformation

Learning organ appearance and intensity distribution

Deformed ImageOriginal Image

Translating function

Models Genesis
learn to restore the original one

Learning organ appearance and intensity distribution



Learning organ texture and local boundaries

II. Local pixel shuffling



III. Out-painting IV. In-painting

Learning local continuitiesLearning organ spatial layout
and global geometry



→ More?

→ Non-linear

→ Local shuffling

→ Out-painting
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Combination: learning from multiple perspectives
e.g., organ appearance, texture, boundary, global geometry, and local continuity



Lung nodule false positive reduction
3D CT [LUNA-2016]

PE false positive reduction
3D CT [PE-CAD]

Liver segmentation
3D CT [LiTS-2017]

Brain tumor segmentation
3D MRI [BraTS-2013]

Lung nodule segmentation
3D CT [LIDC-IDR] 

Scratch

Non-linear & local shuffling

Out-painting & in-painting

Combination

No Significance (p > 0.05) n.s.

Learning from multiple perspectives leads to more robust models across all target tasks



→ More?

→ Non-linear

→ Local shuffling

→ Out-painting

→ In-painting

Our self-supervised learning framework is scalable
because it is easy to incorporate any other

meaningful image deformations.
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Image Restoration Task

To restore the original (usual) image,
the model must first notice the unusual from the inputs,

so we innovate a collection of deformations.
FYI J



Image deformation vs. data augmentation?

• https://github.com/albu/albumentations

Example
Image 

deformation
Data 

augmentation

Translation ✘ ✓

Rotation ✘ ✓

Flipping ✘ ✓

Scaling ✘ ✓

Blur ✓ ✓

Noise ✓ ✓

… ? ?

Encoder Decoder
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Image deformation vs. data augmentation?

• https://github.com/albu/albumentations

Encoder Decoder

To incorporate other meaningful image deformations into our framework,
the deformation should belong to pixel-level transform,

rather than spatial-level transform.



Image deformation vs. data augmentation?

• https://github.com/albu/albumentations

Why are the proposed image deformations in your paper effective?
Medical images contain similar anatomy. The sophisticated yet

recurrent anatomy offers consistent patterns for self-supervised 
learning to discover common representation of a particular body part.
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the encoder-decoder could be used 
for target segmentation tasks
e.g., brain tumor segmentation

Once pre-trained,

the encoder could be used 
for target classification tasks
e.g., brain tumor classification;
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Three segmentation applications
1. Lung nodule segmentation (CT)
2. Liver segmentation (CT)
3. Brain tumor segmentation (MRI) 

Four classification applications
1. Lung nodule false positive reduction (CT)
2. PE false positive reduction 3D CT (CT)
3. Eight pulmonary diseases classification (X-ray)
4. RoI/bulb/background classification (Ultrasound)



Lung nodule false positive reduction
3D CT [LUNA-2016]

PE false positive reduction
3D CT [PE-CAD]

Lung nodule segmentation
3D CT [LIDC-IDR] 

Scratch 2D Scratch 3D

ImageNet Genesis X-ray 2D

Genesis CT 2D Genesis CT 3D

n.s. No Significance
* p < 0.05 n=10
** p < 0.01 n=10
*** p < 0.001 n=10
>*** p < 0.0001 n=10

Devils in 3D Models

: Learning from scratch simply in 3D may not necessarily yield 

performance better than fine-tuning from ImageNet in 2D



Liver segmentation
3D CT [LiTS-2017] 

Brain tumor segmentation
3D MRI [BraTS-2013] 

Lung nodule false positive reduction
3D CT [LUNA-2016]

PE false positive reduction
3D CT [PE-CAD]

Lung nodule segmentation
3D CT [LIDC-IDR] 

Result I: Models Genesis outperform 3D models trained from scratch

Scratch 2D Scratch 3D

ImageNet Genesis X-ray 2D

Genesis CT 2D Genesis CT 3D

n.s. No Significance 
* p < 0.05 n=10
** p < 0.01 n=10
*** p < 0.001 n=10
>*** p < 0.0001 n=10



Lung nodule false positive reduction
3D CT [LUNA-2016]

PE false positive reduction
3D CT [PE-CAD]

Lung nodule segmentation
3D CT [LIDC-IDR] 

Result II: Models Genesis consistently outperform any 2D approaches

including

1. ImageNet (state-of-the-art)

2. Models Genesis 2D (degraded)

• Genesis X-ray 2D: pre-trained on NIH X-ray dataset

• Genesis CT 2D: pre-trained on LUNA-2016 dataset

Scratch 2D Scratch 3D

ImageNet Genesis X-ray 2D

Genesis CT 2D Genesis CT 3D

n.s. No Significance
* p < 0.05 n=10
** p < 0.01 n=10
*** p < 0.001 n=10
>*** p < 0.0001 n=10



Eight pulmonary diseases classification
2D X-ray [ChestX-ray8]

RoI/bulb/background classification
2D Ultrasound [UFL MCAEL]

Lung nodule segmentation
3D CT [LIDC-IDR] 

Lung nodule false positive reduction
3D CT [LUNA-2016]

PE false positive reduction
3D CT [PE-CAD]

Result III: Models Genesis 2D (self-supervised) ≈ ImageNet (supervised)

Scratch 2D Scratch 3D

ImageNet Genesis X-ray 2D

Genesis CT 2D Genesis CT 3D

n.s. No Significance
* p < 0.05 n=10
** p < 0.01 n=10
*** p < 0.001 n=10
>*** p < 0.0001 n=10



Medical ImageNet?
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Medical ImageNet?

Models Medical ImageNet > Models Genesis?

1. Millions of systematic annotated medical images

2. Disease/organ class imbalance

3. Pixel/voxel utilization rate

4. Availability of medical images

Models Genesis are not designed to
replace such a large, strongly annotated dataset for medical image analysis

like ImageNet for computer vision, but rather helping create one.

Open Question



Models Genesis: Generic Autodidactic Models
for 3D Medical Image Analysis

We offer a set of powerful pre-trained 3D models, concluding that

1. Models Genesis outperform 3D models trained from scratch 

2. Models Genesis consistently outperform any 2D approaches

3. Models Genesis (2D) offer performances equivalent to supervised pre-trained models

Genesis X-ray



Models Genesis: Generic Autodidactic Models
for 3D Medical Image Analysis

Genesis X-ray



Models Genesis: Generic Autodidactic Models
for 3D Medical Image Analysis

Try it for yourself

Code, data, and models

are available online

github.com/MrGiovanni/ModelsGenesis
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