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Inference for probabilistic programs in a Turing-complete 
language (Infinite GMM, Dirichlet process etc)
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● Target density 𝑤 is (A1) integrable and 
(A2) almost surely terminating

● Auxiliary kernel 𝘒(n) for each dim. n
● Involution 𝛷(n) for each dim. n satisfying 

the (A3) projection commutation property:

For all (x, v) where |x| = m, if 𝑤(x1..n) > 0  
for some n, then for all k = n, …, m,  
takek(𝛷(m)(x, v)) = 𝛷(k) (takek(x, v))
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Multiple Step NP-iMCMC  
for complex involutions

NPiMCMC1 NPiMCMC2

M	~	Category(1,2,...,n)

NPiMCMCn



Generalisations of NP-iMCMC

Hybrid NP-iMCMC  
for discrete and continuous samplers

State-dependent Mixtures of NP-iMCMC

Sum	=	0;		
while	Bern(0.5):	count	+=	Normal(0,1)

function	leapfrog(q0,p0)	
q	=	q0;	p	=	p0	
for	i	in	1:L	

p	=	p	-	ep/2	*	grad(U)(q)	
q	=	q	+	ep	*	grad(K)(p)	
p	=	p	-	ep/2	*	grad(U)(q)	

return	(q,-p)

Multiple Step NP-iMCMC  
for complex involutions

Direction NP-iMCMC

NPiMCMC1 NPiMCMC2

M	~	Category(1,2,...,n)

NPiMCMCn

d	~	Bern(0.5)
(x,v)	=	f(x0,v0)

(x,v)	=	invf(x0,v0)



Generalisations of NP-iMCMC

Hybrid NP-iMCMC  
for discrete and continuous samplers

State-dependent Mixtures of NP-iMCMC

Sum	=	0;		
while	Bern(0.5):	count	+=	Normal(0,1)

function	leapfrog(q0,p0)	
q	=	q0;	p	=	p0	
for	i	in	1:L	

p	=	p	-	ep/2	*	grad(U)(q)	
q	=	q	+	ep	*	grad(K)(p)	
p	=	p	-	ep/2	*	grad(U)(q)	

return	(q,-p)

Multiple Step NP-iMCMC  
for complex involutions

Direction NP-iMCMC

NPiMCMC1 NPiMCMC2

M	~	Category(1,2,...,n)

NPiMCMCn

d	~	Bern(0.5)
(x,v)	=	f(x0,v0)

(x,v)	=	invf(x0,v0)

Persistent NP-iMCMC

Input	1
accept

reject Input	2

Input	1



NP-HMC on Infinite GMM



NP-HMC on Infinite GMM
HMC NP-HMC (Mak et al 2021)



NP-HMC on Infinite GMM

Generalised HMC (Horowitz 1991) 
Look Ahead HMC  
(Sohl-Dickstein et al., 2014;  
Campos & Sanz-Serna, 2015)

HMC NP-HMC (Mak et al 2021)



NP-HMC on Infinite GMM

Generalised HMC (Horowitz 1991) NP-HMC with persistence
NP-Look Ahead HMCLook Ahead HMC  

(Sohl-Dickstein et al., 2014;  
Campos & Sanz-Serna, 2015)

HMC NP-HMC (Mak et al 2021)



NP-HMC on Infinite GMM

Generalised HMC (Horowitz 1991) NP-HMC with persistence
NP-Look Ahead HMCLook Ahead HMC  

(Sohl-Dickstein et al., 2014;  
Campos & Sanz-Serna, 2015)

HMC NP-HMC (Mak et al 2021)

Infinite GMM
● 200 training data points generated 

from a mixture of 9 components
● Compute LPPD on 50 data points



Summary
● NP-iMCMC transform many existing MCMC inference to work on 

probabilistic programs

● NP-iMCMC is theoretically correct

● Existing strengths of iMCMC algorithms carry over to their nonparametric 

extensions


