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• My	background

• Prediction	updates	in	adaptive	interconnected	systems:	hierarchical	Gaussian	
filtering	(HGF)

• Principles	of	HGF

• Experimental	applications

• When	pattern	recognition	goes	wrong:	delusional	inference

• A	generative	framework	for	the	study	of	delusions



My	background
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• MSc	in	Interdisciplinary	Sciences	from	ETH	Zurich	(major:	theoretical	physics)

• 4	years	at	a	tech	start-up	sold	to	a	major	telecoms	operator

• MSc	in	Psychology	(major:	neuropsychology)	and	Psychopathology	from	the	
University	of	Zurich

• Visiting	researcher	at	Harvard	Medical	School

• Clinical	psychologist	intern	at	Charité Berlin	psychiatry

• PhD	in	Translational	Neuromodelling from	the	Department	of	Information	
Technology	and	Electrical	Engineering	(D-ITET)	of	ETH	Zurich

• 4-year	postdoctoral	grant	from	the	Max	Planck	Society

• Tenure-track	position	at	SISSA,	Trieste;	tenure	granted	after	3	years

• Currently	Associate	Professor	(tenured)	at		Aarhus	University	in	Denmark



Algorithmic	approaches	to	understanding	inferential	systems

Stephan	et	al.	(2016),	Front.	Hum.	Neurosci.,	10:550
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The	next	level:	systems	interacting	with	systems
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The	fact that the environment is dynamic poses many challenges.	I	will	focus
on	a	particular one here:	filtering good information from noisy sequential
observations.

Put	another way,	the question is:	how can	we	take	into	account	that	old	
information	becomes	obsolete?

If we do	not,	our learning rate	becomes	smaller	and	smaller
On	the other hand,	we cannot simply rely on	our latest observation
because observations are noisy and	therefore using many of them allows for
better predictions.

The	challenge is that we need to give each observation just	the right
weight,	and	more recent observations need to count more than older
ones.

Filtering	is	a	challenge	in	dynamic	environments
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• Two hierarchical equations – state equation and observation equation:

𝑝 𝑥(𝑘)|𝑥 𝑘−1 , 𝜗 = 𝒩 𝑥(𝑘); 𝑥(𝑘−1), 𝜗

𝑝 𝑢(𝑘)|𝑥 𝑘 , 𝜋𝜀 = 𝒩 𝑢(𝑘); 𝑥 𝑘 , 𝜋𝜀

• The Kalman filter update equations can be derived exactly in closed form.

• They amount to adding a precision-weighted prediction error to the current
prediction.

• The Kalman filter is optimal for linear dynamic systems.

• Unfortunately, except for simple physical systems, the world is not linear.
Living organisms (and robots!) need to be able to filter inputs whose rate of
change changes

The	Kalman	filter
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A	more adaptive filter: the	hierarchical	Gaussian	filter
(HGF,	Mathys	et	al.,	2011;	2014)
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The HGF provides a generic solution to the problem of adapting one’s learning
rate in a volatile environment.

Variational	inversion	leads	to	update	equations
that	are	precision-weighted	prediction	errors.

With	only	1	level,	the	HGF	is	a
Kalman	filter.	



Unpacking the learning rate, we see:

+𝜋'
𝜋(
()) =

+𝜋'
+𝜋(
()) + +𝜋'

=
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𝜎(
()*() + exp 𝜅(𝜇+
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+ +𝜋'

The	learning	rate	(‘Kalman	gain’)	in	the	HGF

informational	
uncertainty

environmental	
uncertainty

(instead of the constant
𝜗 in	the	Kalman	filter)

outcome	uncertainty
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3-level	HGF	for	continuous	observations

10



Example	of	precision	weight	trajectory
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Where	would	we	need	a	model	with	an	adaptive	learning	
rate?
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Task	of	Iglesias	et	al.,	Neuron,	(2013):



Parameter	estimation	with	the	HGF	Toolbox

• Available at

www.translationalneuromodeling.org/tapas

• Start	with	README,	manual,	and	interactive	demo		

• Modular,	extensible,	Matlab-based
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Iglesias	et	al.	(2013),	Neuron
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Iglesias	et	al,	2019	(Correction	to	Iglesias	et	al.,	
2013)



Iglesias	et	al.	(2013),	Neuron
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Iglesias	et	al,	2019	(Correction	to	Iglesias	et	al.,	
2013)



Iglesias	et	al.	(2013),	Neuron
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Iglesias	et	al,	2019	
(Correction	to	Iglesias	et	al.,	
2013)



Conditioned	hallucinations
(Powers,	Mathys,	&	Corlett,	Science,	2017)
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Conditioned	hallucinations:	HGF	model	and	results
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Conditioned	hallucinations:	posterior	predictive	simulations
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Many	other	HGF	applications
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• Social	learning	in	health	and	autism	spectrum	disorder,	schizophrenia,	major	
depressive	disorder,	and	borderline	personality	disorder	(e.g.,	Diaconescu	et	al.,	
2014;	Henco et	al.,	2020b)

• Neural	signatures	of	social	learning	(e.g.,	Henco et	al.	2020a)

• Volatility	learning	in	autism	spectrum	disorder	(e.g.,	Lawson	et	al.,	2017)

• Threat	learning	and	psychopathic	traits	(Brazil	et	al.,	2017)

• Different	forms	of	uncertainty	and	their	relation	to	stress	(e.g.,	de	Berker	et	al.,	
2016)

• …



🎊🎉 Introducing	HierarchicalGaussianFiltering.jl 🎉🎊

• A	Julia	package (https://julialang.org)	for the easy	construction of arbitrarily

large	HGF	models whose nodes are connnected via	eithermean or variance

coupling

• Sister	package ActionModels.jl for constructing response models

• Both	will	be part of TAPAS	(www.translationalneuromodeling.org/tapas)

• Parameter	estimation via	Turing.jl (https://turing.ml),	a	powerful	general-

purpose sampler which allows for hierarchical parameter estimation

• The	most common HGF	models (3-level	binary,	2-level	continuous,	JGET,	etc.)	

are pre-implemented for convenience
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https://julialang.org/
http://www.translationalneuromodeling.org/tapas
https://turing.ml/
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A	generative	framework	for	the	study	of	delusions
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• Delusional	inference	is	hard	to	model

• During	delusion	formation,	the	model	has	to	learn	too	quickly

• During	delusion	maintenance,	the	model	has	to	learn	too	slowly

• How	to	explain	this	contradiction?

• Our	approach:	hierarchical	Dirichlet	Process	Mixture	Models	who	are	capable	of	
insulating	a	central	belief	from	countervailing	evidence,	which	they	explain	
away	by	creating	ad-hoc	causes	for	the	offending	observations



Thanks
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SynoSys future	research	vision
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• Studying	delusional	inference	in	the	recent	DPMM	framework,	augmented	with	
explicitly	causal	models

• Large	networks	of	HGF	nodes

• Efficient	concurrent	filtering	of		rich	and	varied	sensory	modalities	– combined	
with	causal	inference	(adaptive	weighting	of	inputs,	exploiting	correlation)

• Teaching	and	mentoring



A	generative	framework	for	the	study	of	delusions:
capabilities	waiting	to	be	exploited
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• We	are	only	just	starting	to	exploit	the	capabilities	of	our	new	framework.	A	quick	taste	of	
this	in	what	follows.

• Capgras	delusion:	someone	close	to	me	has	been	replaced	by	an	impostor

• Case	study	(Hirstein &	Ramachandran,	1997):	Capgras	patient	was	presented	with	a	
sequence	of	photos	of	the	same	person	from	different	directions.	Patient	identified	the	
photos	as	“different	women	who	look	just	like	each	other”.

• A	simple	model	based	on	our	framework	produces	such	an	effect	with	the	adjustment	of	a	
single	parameter:	the	expected	precision	of	explanations.
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• Adjustment	of	the	same	single	parameter	decides	between	broadening	and	
elaborating	a	central	belief	versus	protecting	and	narrowing it.

• A	side	effect	of	protecting	the	central	belief	is	the	need	to	generate	many	
disconnected	ad-hoc	explanations

A	generative	framework	for	the	study	of	delusions:
capabilities	waiting	to	be	exploited



Vision	for	a	SynoSys department
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• My	potential	contribution	to	the	field	of	Collective	Adaptive	Systems:	novel	
algorithms	and	experimental	methods	based	on	HGFs	and	our	delusion	
framework,	especially	when	augmented	with	explicitly	causal	models.

• Synergies	with	robotics,	artificial	intelligence,	agent-based	modelling,	and	
cognitive	modelling in	humans	and	animals	(concurrent	filtering	of	varied	
sensory	modalities;	adaptive	weighting	of	inputs,	exploiting	correlation)

• Synergies	with	clinical	psychology and	(computational	as	well	as	clinical)	
psychiatry

• Synergies	with	virtual/augmented	reality	researchers	regarding	the	design	
of	delusion-inducing	virtual	environments	(considerable	experimental	
challenge!)

• Synergies	with	neuroscientists	on	the	testing	of	HGF-based	models	of	cortical	
message	passing	(large	networks	of	HGF	nodes)



Teaching	and	mentoring	(1)
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• I	have	taught	at	university	since	my	PhD	student	days

• E.g.,	I	have	for	many	years	been	an	invited	lecturer	at	Statistical	Parametric	
Mapping	(SPM)	courses	and	at	Computational	Psychiatry	courses	in	London	and	
Zurich

• I	taught	various	research-based	courses	during	my	time	in	Trieste,	both	at	SISSA	
and	at	the	International	Centre	for	Theoretical	Physics	(ICTP)

• Organizer	of	the	2018	ICTP	Winter	School	on	Learning	and	Artificial	Intelligence,	
aimed	primarily	at	students	from	developing	countries

• Currently	teaching	three	courses	(2	BSc,	1	MSc;	10	ECTS	each)	in	Aarhus	
University’s	Cognitive	Science	programmes

• Methods	2	(BSc):	The	General	Linear	Model	(including	linear	algebra	and	
multivariate	calculus)

• Methods	4	(BSc):	Bayesian	Computational	Modelling

• Data	Science	(MSc)

• Previously	also	taught	Decision	Making	(MSc,	10	ECTS)



Teaching	and	mentoring	(2)
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• I	make	extensive	use	of	the	‘flipped	classroom’	model:

• Students	read	texts	and/or	watch	lecture	videos	prepared	by	me	and/or	
external	sources

• Lectures	and	classes	are	used	to	deepen	and	expand	the	watched/read	material	
and	to	familiarize	oneself	with	practical	applications	of	the	methods	introduced

• Successfully	supervised	and	co-supervised	many	PhD,	MSc,	and	BSc	students.

• Most	recent	PhD	graduate	moved	on	to	a	postdoc	position	at	University	College	
London.

• Postdoc	alumnus	recently	moved	to	another	postdoc	position	at	the	University	of	
Bonn.

• Mentored	several	PhD	students	whose	primary	supervisor	was	someone	else.



Thanks
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• Important distinction: generative model (HGF-GM) vs its inversion, inference
model (HGF proper)

• Inversion of HGF-GM proceeds by introducing a mean field approximation and
fitting quadratic approximations to the resulting variational energies (Mathys et
al., 2011).

• This leads to simple one-step update equations (HGF proper) for the sufficient
statistics (mean and precision) of the approximate Gaussian posteriors of the
states 𝑥+.

• The updates of the means have the same structure as value updates in Rescorla-
Wagner learning:

• The updates are precision-weighted prediction errors.

Variational	inversion	and	update	equations
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At the outcome level (i.e., at the very bottom of the hierarchy), we have

𝑢()) ~𝒩 𝑥(
) , +𝜋'*(

This gives us the following update for our belief on 𝑥( (our quantity of interest):

𝜋(
()) = +𝜋(

()) + +𝜋'

𝜇(
()) = 𝜇(

()*() +
+𝜋'
𝜋(
()) 𝑢 ) − 𝜇(

()*()

The familiar structure again – but now with a learning rate that is responsive to all
kinds of uncertainty, including environmental (unexpected) uncertainty.

Updates	at	the	first	level
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Conditioned	hallucinations:	sanity	checks
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Remarks	on	model	comparison	/	model	selection

• There	is	a	range	of	scores	that	help	in	choosing	a	well-performing	model:	AIC	
(Akaike	information	criterion),	BIC	(Bayesian	information	criterion),	Bayes	
factors,	LME	(log-model	evidence),	free	energy,	etc.	

• Each	model	gets	a	particular	score	(which	is	on	its	own	uninterpretable!)

• The	difference	in	score	between	models	is	what	counts

• However,	model	selection	is	not	straightforward.	AIC	and	BIC	penalize	complexity	
based	on	simple	heuristics,	which	may	not	reflect	complexity	accurately.	LME	is	
better	on	that	count,	but	is	very	sensitive	to	the	modeller’s	choice	of	priors.

• Three	important	considerations:

1. Does	the	model	allow	me	to	answer	my	question	of	interest?

2. Does	the	prior	predictive distribution	of	observations	make	sense?

3. Does	the	posterior	predictive distribution	of	observations	make	sense?

When	the	answer	to	all	three	is	yes,	the	model	is	fine.
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