
10 mins

Results (Clean Projections)

100 mins

200 mins

400 mins

Time

Views
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Results (Final projections)

Final 

Clean

Final

CTF

Final

simulated

Real
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Experimental data (EMPIAR-10061)
CTF estimated 
Uniform distribution assumed 
Noise extracted from micrograph background
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Reconstruction (Structure)

10 mins

60 mins

90 mins

150 mins

Fitted with 
Atomic 
Model 
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Multi CryoGAN
for continuous 
conformations
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Based on: Gupta, Phan, Yoo, Unser, ``Multi-CryoGAN: Reconstruction of 
continuous conformations in Cryo-EM using Generative Adversarial Networks,'' 
ECCV Workshop on BioImage Computing (BIC), August 2020. 



Multi-CryoGAN: 
General idea

Latent

Distribution

Generator

3D

Conformation

Distribution

Multi-CryoGAN 

(Multiple Conformation)

Likelihood-Free

• No pose estimation 
• No conformation estimation 
• No 3D clustering

Simulated 

Distribution

Measurement

Distribution

Physics 

Simulator

Distributional

Matching

▪ No pose/conformation estimation 
▪ Continuous/discrete conformation manifold reconstruction
▪ Guarantee of recovery of true conformations

[Theorem 1, Gupta et al. 2020]



Multi-CryoGAN: 
details

35

D�

� � p� n � pn

Cryo-EM 
Physics 

Simulator

ygen � pgen

ydata � pdata

Real/Generated?

Learns to map a 3D structure  
from a low dimensional manifold 

whose measurements “fool” 
the Discriminator

Learns to “discriminate”  
real data from generated 

G�

Conformation manifold mapper G�  CryoGAN

G�(z)
H�{G�(z)} + n

Real data

▪ Could be viewed as standard WGAN structure with a physics simulator in the generator 

z � pz

▪ Generator transforms latent distribution into conformation distribution



Datasets
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Use part of the framework from (Seitz, Acosta-Reyes, Schwander, Frank, 2019): 

• Heat shock protein Hsp90 

•  

2 datasets:
• Continuous conformation 

• Discrete conformation: 

•1e5 projections (32 x 32) in each 
dataset

•CTF modulated 
•Gaussian noise -10 dB

•Latent distribution is uniform on a 1D 
line



Reconstruction

Ground truth Reconstruction 
(at different 

views)



Reconstruction
Ground Truth (GT)

� = 1
Reconstructed

� = 0
G�((1 � �)z0 + �z1)

� = 0� � = 20�

Real  ProjectionsReal Clean Projections

Fake Clean Projections Fake Projections



Reconstruction

Ground Truth (GT)

� = 1
Reconstructed

� = 0
G�((1 � �)z0 + �z1)

70%25%

75%25%

5%

� = 0� � = 20�



CryoGAN vs 
Likelihood

40



CryoGAN vs Likelihood methods 41

Need to calculate p(y|x).

<latexit sha1_base64="NlGP5iMqKKbcVve5EOGkIdlXK3I="></latexit>

xrec = arg max
x

N�

n=1

log p(yn
data|x)

<latexit sha1_base64="1KOx021/Z9kVciPGRHusQLzzv9s="></latexit>

Max-likelihood 

KL-Divergence 

xrec = arg min
x

KL(pdata(y)||p(y|x))

<latexit sha1_base64="uxsQi7NX9CKaGLVqBfb3ZGGJezw="></latexit>

xrec = arg min
x

Ey�pdata

�
log

pdata(y)

p(y|x)

�

<latexit sha1_base64="8V7fRj2FNRB/Y5wmxO1GBAwkCzM="></latexit>

xrec = argmin
x

max
D�:�D��L<1

�
Ey�pdata [D�(y)] � Ey�px [D�(y)]

�

<latexit sha1_base64="KBGe4+w04dwtGf+d/Yw92+6iw8A="></latexit>

Just require a sampler from the distributions

xrec = argmin
x

inf
���(px,pdata)

E(y1,y2)�� [�y1 � y2�]

<latexit sha1_base64="ZGZKB/AYYa3H71n5Pih0hEq4cgQ="></latexit>

Wasserstein Distance

Theoretically both are the same (distributional matching) but one is explicit and one is implicit!!



For single conformations works reasonable on synthetic 
experiments (7-8 A). 
For multiple conformation needs to be deployed on real data

 Conclusion

Multi-resolution approach would improve results

42

CryoGAN/MultiCryoGAN is a deep adversarial learning scheme. 
Does not need likelihood computation or pose and conformation 
estimation/marginalization. 
Theoretically can recover the ground truth. 
Similar to GANs but with a physics-based generator instead of 
neural-network-based generator. 
Best of both learning-based and model-based approaches. 
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CryoGAN vs Likelihood methods 48

Need to calculate p(y|x).
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xrec = arg max
x

N�

n=1

log p(yn
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Max-likelihood 

KL-Divergence 

xrec = arg min
x

KL(pdata(y)||p(y|x))
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xrec = argmin
x
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�
Ey�pdata [D�(y)] � Ey�px [D�(y)]

�
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Just require a sampler from the distributions

xrec = argmin
x

inf
���(px,pdata)

E(y1,y2)�� [�y1 � y2�]
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Wasserstein Distance

Theoretically both are the same (distributional matching) but one is explicit and one is implicit!!
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