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Observed data  N
i

iD 1
)(

 x generated from  NPp zzx ,,

Goal: learn � that satisfies     xx 
pp 

No guarantee    NPNP pp zzxzzx ,,,, 


To recover NP zz ,

Hybrid-DGMs need to satisfy:  

DGMs with unconditional prior are unidentifiable



Construction of Identifiable Hybrid-DGMs 
The prior of �� is conditioned on few-shot support samples   
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These support samples share the same NP zz ,

This conditional prior is assumed to be factorized exponential family distributions
with � dimension of sufficient statistic 

The corresponding parameters conditioned on �� 
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These support samples share the same NP zz ,

This conditional prior is assumed to be factorized exponential family distributions
with � dimension of sufficient statistic 

Conditional Hybrid-DGMs:
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Learn-to-Identify Hybrid-DGMs via Meta-learning  
 NP zz , Dataset  M

mmDD 1 with � different latent generated variables 
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Amortized Variational Inference:
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ELBO:



Identifiability Theory:  

       s
NPNPNP Dpppp |,|,, , zzzzxzzx λT  

   ],;,[,| NPNPNP ffFpp zzxzzx
 

   
    s

i
T

iNi

n

i
s

i

iNis
N D

DZ
Q

Dp ,,
1

,
, )(exp| 

λzT
z

zλT 




Conditional Hybrid-DGMs with parameter   λT,,

Definition 1: DGMs with parameter � is ~-identifiable if 
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Definition 2: The ~ equivalence relation on Hybrid-DGMs defined as follows:
          xcxTAxTcAλTλT  allfor  ,~:,~,~,~~,, 1

~
1  

  FF

If A is invertible, we denote this relation by ~�-identifiable 
xczzAzzcA  allfor  ,]~,~[],[:,  NPNP



Theorem: 
Assume we observe data sampled from  NPp zzx ,, with parameter   λT,,

Also assume the following holds:
   function sticcharacteri  theis   wherezero, measure has 0|set  The )(    xx Xi

]),;,[(in  defined density   theof NPNP ffFpp zzx
 

injective is ],;,[function  mixing hybrid The )( NPNP ffFFii zz
 

linearly and ,everywherealmost  abledifferenti are function  sufficient The )( , jiTiii
zeroan greater th measure of  ofsubset any on t independen X

such that ,,, samplessupport distinct  1exist  There )( ,1,0, nesss DDDneiv 
invertible is follows as defined matrix   Lnene

        0,,0,1, ,, snesss DDDD  λλλλL  
Then after learning (maximum the ELBO), 
the learned parameter � and the true parameter � are~�-identifiable    



Experiment: Synthetic Datasets  
(1) Forced damped pendulum system governed by:

        02cossin2
2

2

 tA
dt

tdt
dt

td 

Prior knowledge:     0sin2
2

2

 t
dt

td 

(2) Advection-diffusion system governed by:
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(3) Double Pendlum system governed by:
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Baselines:
1. APHYNITY; 2.Hybrid-VAE

Proposed Method: Meta-Hybrid-VAE

Identifiable Results:
MCC evaluate ~�-identifiable relation
between true parameters and learned parameter [��, ��] 



Performance on reconstruction and prediction (generation) task :



Performance over longer time domains :

Out-of-distribution Performance :



Results of real world dataset-double pendulum:



Conclusion:

1. In this work, we propose a meta-learning based method to make hybrid-DGMs 
achieve A identifiable and provide the the corresponding theoretical and empirical 
evidence is provided

2. Our experiments show that, with identifiability, hybrid-DGMs can perform better 
on many downstream tasks (like generation, long time domian predction and OOD). 



Conclusion:

Limitation:

While the meta-formulation foregoes explicitly observed auxiliary variable, it 
does assume the ability to pair support and query samples from the same data 
generation process, which is not always available..

1. In this work, we propose a meta-learning based method to make hybrid-DGMs 
achieve A identifiable and provide the the corresponding theoretical and empirical 
evidence is provided

2. Our experiments show that, with identifiability, hybrid-DGMs can perform better 
on many downstream tasks (like generation, long time domian predction and OOD). 


