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Motivation

Despite its power to eliminate paired annotations via cycle-consistency, cyclic 
learning remains fragmented across domains with task-specific heuristics and 
no unified theoretical foundation.



Variational Inference 

Goal：Learn bidirectional mappings
Key Insight: Treat intermediate points as latent variables with Dirac conditional 
distributions：

ELBO for cyclic learning:  

Maximize the Log-likelihood: 

Approximated Loss:  



Single-step Joint Optimization

Loss
Cycle consistency of 

Cycle consistency of 

Bias of domain

Bias of domain

End-to-end optimization of both mappings simultaneously using a unified loss:



Dual EM-iteration Optimization

We propose an EM algorithm that alternately infers pseudo-labels from one 
mapping and updates the other via cycle loss, ensuring progressive cycle-
consistency alignment.



Extending to Self-Cyclic Learning

Single-Step Approach

E-M Approach

Cycle consistency: Bias of domain:Loss

E step

Freeze
Compute 

E step:

Loss

Compute M 
step:

shared mapping function in 

For self-cyclic tasks where a single model handles both directions (e.g., forward-
backward tracking), our framework offers two simplified optimizations: using 
only half the loss terms (single-step) or a single EM iteration.



Application: Unpaired Image Translation

CycleGAN: The corresponding components in 
CycleGAN can be mapped onto those in our 
framework as:

CycleGN:  The proposed CycleGN operates 
without GANs and adopts EM iteration. Its 
correspondence to our algorithm is:
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Application: Unsupervised Object Tracking

CycleTrack: The proposed Loss function:

The corresponding components:

CycleTrack-EM: The EM counterpart  of 
CycleTrack is designed as: 
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Application: Unsupervised Object Tracking
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Thank you.

Speaker:  Zhuojun Zou
Institute of Automation, Chinese Academy of Sciences, 

Beijing, China
zouzhuojun2018@ia.ac.cn


	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11

