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ABSTRACT

Computational psychiatry is a rapidly growing field attempting to translate advances in computational
neuroscience and machine learning into improved outcomes for patients suffering from mental illness.
It encompasses both data-driven and theory-driven efforts. Here, recent advances in theory-driven work
are reviewed. We argue that the brain is a computational organ. As such, an understanding of the
illnesses arising from it will require a computational framework. The review divides work up into three
theoretical approaches that have deep mathematical connections: dynamical systems, Bayesian inference
and reinforcement learning. We discuss both general and specific challenges for the field, and suggest
ways forward.

Keywords Computational psychiatry; Dynamical systems; Reinforcement learning; Mental health;



1 INTRODUCTION

Understanding the main function of an organ is important when attempting to either understand the
syndromes it engenders, or when attempting to treat them. For instance, a theoretically grounded un-
derstanding of the heart’s pumping function allows us to relate shortness of breath to altered pressure
gradients. The distinctive function of the brain is computation. The brain processes information, and al-
ters how it processes information as a function of the information it has processed in the past ('learning’).
That is, the brain uses information as the currency to make models of the world in order to maximize
short- and long-term adaptation to the environment. As such, using computation to turn information
into models and to extract information from models is the quintessential function that needs to be under-
stood. The basic premise of computational psychiatry is that alterations in the computations it performs
can lead to its malfunction - mental illness. In fact, this view suggests that computational ’errors’ can
lead to illness in the absence of any other 'neural’ problems, and can even lead to illness as a function of
past computations or processed information. Delineating how cognitive and affective processes are im-
plemented in the brain is tantamount to understanding how mental disorders arise from brain processing
dysfunctions.

Put differently, computational psychiatry views illnesses and symptoms through a computational lens.
As an example, consider perceptual disturbances. Perception depends strongly on the disambiguation
of ambiguous and noisy sensory information through the integration with other information previously
acquired. This integration process can be formalized as a probabilistic inference process. Doing so allows
the perceptual disturbances to be characterized and linked to specific underlying processes, and thereby
also to the underlying biology.

Prior to proceeding, we emphasize that illnesses are complex phenomena defying simplistic aetiological or
mechanistic accounts (Kendler, 2005). They are likely “pluralistic” and “multi-causal” involving “multiple
levels” (Kendler, 2008). Indeed, research has identified contributions to the syndromes we identify as
disorders arising at different levels from genetics to neural circuits, psychological processes, and social
or societal factors. From a broad computational view, all of these factors lead to a mismatch between
the brain’s computational ability, and the environmental or situational demands placed upon it. For
instance, alterations in learning from positive and negative decision outcomes, due to an imbalance in
corticostriatal dopaminergic function, can cause either impulsivity such as pathological gambling (Dagher
and Robbins, 2009), or tenacity in the face of frequent setbacks. Whether the imbalance results in a
feature or a problem depends on background factors such as which goals one has in the first place (i.e.,
what counts as positive or negative: the reward function), and the statistics of rewards and losses.

Computational investigations are often subdivided into three levels (Marr, 1982). At the most conceptual
level, a computational understanding answers questions about what problem the system solves. For
instance, what is the problem in finding actions which are good in the longer term? And precisely why
should this be done? At a more concrete level, computational models are of algorithmic nature and
describe what computations can be used to achieve a particular goal. Finally, computational models can
concern the implementation of algorithms. These three levels are in principle independent. However,
the strength of computational modelling is that it allows the connections across these levels to be made
— and may even be necessary for doing so. More generally, explanatory accounts of psychiatric disorders
need to integrate across biological, psychological and social-environmental domains with inherent 'many
to many’ relationships (Kendler, 2017). The argument proposed here is that a broad computational
approach is useful — and maybe even necessary — to do this in a quantitative manner.

The explanatory models we focus on here are often ’generative’ (Stephan and Mathys, 2014; Stephan
et al., 2017; Friston et al., 2013; Huys, 2017), meaning that the models can be run on the experiment
that individuals were subjected to and generate comparable data. This has the advantage that the ex-
planatory scope of models can be rigorously tested by comparing data generated by the model with
observed experimental data. Furthermore, they do so through the latent manipulation of variables that
capture computational processes. As such, these modelling approaches are a way to quantitatively test
complex but detailed hypotheses about mental processes (c.f. Itani et al. 2019; Woo et al. 2017; Liu
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FIGURE 1: Count of publications listed on pubmed and referring to "computational psychiatry”
in title, abstract or keywords. The yellow bar is a linear extrapolation for 2020 based on
citations up to 1 May 2020.

et al. 2020). This is in contrast to descriptive models, which may describe the statistical properties of
data correctly, but whose internal machinations are less directly interpretable or informative about the
underlying mechanisms.

Both theory- and data-driven computational approaches to psychiatric illness are developing rapidly.
While previous snapshot summaries of the area exist (Montague, 2007; Maia and Frank, 2011; Montague
et al., 2012; Corlett and Fletcher, 2014; Stephan and Mathys, 2014; Wang and Krystal, 2014; Huys et al.,
2016; Adams et al., 2016; Wiecki et al., 2015; Steele and Paulus, 2019; Rutledge et al., 2019), the rate
of progress and the number publications in the field (Fig. 1) both mean that the state of the art rapidly
moves past these, and that even in a substantive review as here it will not be possible to review all the
work.

The contributions in this volume highlight many facets of data-driven evidence-based and empirical com-
putational work. These are rapidly advancing the field and allowing researchers and clinicians to deal
with — and put to good use - the deluge of data facing them. In the present contribution, we will sum-
marise what we view as the most important recent advances in theory-driven computational work relevant
to psychiatry (Maia et al., 2017). Our aim is two-fold: first, to illustrate, through examples, the useful-
ness of theory-driven computational approaches for understanding mechanisms in psychiatric illnesses.
Second, to provide an updated snapshot of the field. We structure the paper in terms of the class of com-
putational technique used. Briefly, the brain is a dynamical system, and has to solve two fundamental
problems: it has to deal with (irreducible) uncertainty, and it has to exert control to survive. As such, we
start with dynamical systems, and then turn to Bayesian inference and reinforcement learning. We begin
each section with a (very!) brief intuitive summary of that technique and then highlight the important
work completed using it over the last few years. We end the review with a summary and synthesis of the
progress made, the challenges the field faces and the key next steps.

We note that both inference and learning can be seen as special instances of dynamical systems (Murphy
et al., 2013; Bertsekas and Tsitsiklis, 1996), while in certain situations learning and inference are two
faces of the same coin (Kalman, 1960; Todorov, 2008). As such, there are deep mathematical connections
between dynamical systems, learning and inference.
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FIGURE 2: Dynamical Systems: multiple interactions between levels of analyses can result in
behavior that is described by a dynamical system, which is guided by a function that takes
the state of the system at time t to some later time t+1, with parameters that transcend any
individual level but can be observed across levels of analyses.

2 DYNAMICAL MODELS

Mental illness can be conceptualized as a dynamic process, i.e. a state of being that changes over time.
Dynamical models focus on the rules that govern the changes of states over time, the response to envi-
ronmental input and the emerging consequences from these rules. The dynamics involve an interaction
of multiple factors, and these interactions can unfold in surprising and complex ways over time. For in-
stance, the textbook view of panic attacks involves a positive feedback cycle, where interoceptive signals
such as palpitations augment anxiety, which in turn increases arousal and ventilatory rate resulting in
increased interoceptive signals. A positive feedback cycle is one particular dynamical phenomenon which
can be displayed by biological, physical, societal and other dynamical systems. The field of dynamical sys-
tems theory is concerned with the mathematical characterization of dynamical systems, which are sets of
differential equations (or difference equations if in discrete time) describing how variables interact with
and influence each other over time. Such equations can give rise to numerous dynamical phenomena
such as attractors, oscillations, phase transitions and even chaos (Strogatz 2015; see Box 1).

An important insight arising from the study of dynamical systems is that the observed behavior of a
system is often independent of the nature of the components involved. That is, the same dynamical
phenomena can be observed at many different levels and can describe populations of neurons (Wang,
1999), symptoms within an individual (Cramer et al., 2016; Robinaugh et al., 2019), interactions between
individuals or groups of individuals (Strawinska-Zanko and Liebovitch, 2018). Independently of the
nature of the unit, the relative behaviour of the units will be determined by the dynamical parameters,
and they will display phenomena such as attractor states, oscillations and other more complex dynamical
phenomena. Furthermore, and maybe most importantly, the behavior of a dynamical system will often
determine the overall trajectory of the system, at the same time as being completely at odds with the
behavior of the individual components which make up the system (Figure 2).

Hence, the assertion that mental illnesses are dynamic (Bystritsky et al., 2012; Breakspear, 2017; Durste-
witz et al., 2020) has profound and potentially far-reaching consequences: it may be impossible to un-
derstand the evolution of psychiatric symptoms without understanding the complex interactions joining
them together. A consequence of this complexity is that the effect of interventions which alter the state of



Differential and difference equation

These equations take the general form of X = f(x), where x is the rate at which a variable changes. By
relating functions f of variables x to the rate at which the variables change, such equations capture how
variables evolve over time. For instance, if perceived palpitations in panic attacks increase proportional
to perceived palpitations, then they will rapidly grow to a maximum. Difference equations are the
analogue of differential equations in discrete time.

Attractor dynamics

Some differential equations will evolve towards a set of values (the attractor) when started within a
certain range of values (the basin of attraction). In Fig 3A, for instance, the attractor is the set of neural
activations which form a bump in space.

Fixed point

A fixed point is a particular value x where the system does not change, meaning that it will remain at
that point. Fixed points can be attracting if the system converges to the fixed point when started within
a basin of attraction around the fixed point, akin to a ball rolling to the bottom of a valley; or they can
be unstable if they diverge away from that point unless they are exactly at that point, akin to a ball on
top of a mountain.

Limit cycle
A limit cycle is a particular type of attractor, where the system does not settle one one particular point,
but rather cycles through a (possibly arbitrarily long) repetitive trajectory. Neural action potentials are
limit cycles.

Excitation-inhibition (E/I) balance

excitation and inhibition in neural tissues need to be finely balanced at multiple scales to allow for a
stable range of dynamic phenomena. Alterations to this balance has profound impacts on the observed
dynamics of neural networks.

Divisive normalization

This refers to a particular type of inhibition of neurons, whereby the activity of a neuron is divided by the
local pooled activity surrounding the index neuron. Divisive normalization accounts for neural contrast
invariance and other receptive field features in primary and higher cortices.

Box 1: Dynamical systems mathematical concepts.



some components of the system, such as pharmacotherapy or psychotherapy, will depend on the current
global state of that system. In other words, as frequently observed in clinical practice, the same treatment
administered to the same patient at different times will produce different, and often counterintuitive ef-
fects if the state of the patient has changed. Focusing attention on one’s breathing may be good when
calm, but exacerbate the panic attack during the attack. Reflecting their general nature, dynamical sys-
tems approaches have provided numerous insights into phenomena ranging from intracellular to societal
scales.

2.1 LINKING CELLULAR TO COGNITIVE AND CIRCUIT PROCESSES VIA DYNAMICAL SYS-
TEMS

Applications of dynamical systems approaches at the circuit level have combined algorithmic and biophys-
ical components, and thereby allowed an understanding of how alterations at the cellular or subcellular
level impact the ability of circuits to peform certain functions. Particular attention has been paid to so-
called attractor dynamics. One type of attractor is a stable point, where the activity of each unit remains
approximately constant over time and returns to this activation level if slightly perturbed. Such stable
attractors have been extensively studied as network models for persistent neural activities in working
memory (Lisman et al., 1998; Amit and Brunel, 1997; Wang et al., 2013), including for their ability to
maintain a continuous quantity, e.g. a spatial location (Compte et al., 2000). Because the stability of the
overall network activity pattern depends on their dynamic properties and how the units interact, such
models can be used to examine how properties at the cellular level such as dopamine (Durstewitz et al.,
2000), serotonin (Cano-Colino et al., 2013, 2014; Maia and Cano-Colino, 2015) or NMDA receptor func-
tion (Cano-Colino and Compte, 2012; Murray et al., 2014) affect the dynamics, and in turn how they
affect the ability of the network to retain information.

Indeed, detailed predictions from such a model were shown to capture working memory sensitivity to
distractors in schizophrenia (Starc et al., 2017), while also accounting for the effects of ketamine (Murray
et al., 2014). Briefly, in this model NMDA receptors on interneurons affect the extent to which neurons
inhibit their neighbours. This in turn affects the profile of the stable attractor ’bump’ in the network. A
reduction in the efficacy of the NMDA receptor leads to a broadening and reduced stability of the bump,
and thereby to an increase in sensitivity to distractors (Fig. 3A). Critically, both the broadening and the
increase in distractibility could be demonstrated empirically and shown to be correlated (Fig 3B; Starc
et al. 2017). Indeed, direct recordings of frontal neural assemblies in two animal models of schizophre-
nia - chronic ketamine administration and a 22q11.2 deletion model - show direct evidence of impaired
attractor stability (Hamm et al., 2017), and a related model has recently been shown to explain disrup-
tions in serial dependencies in working memory in schizophrenia and NMDA receptor encephalitis (Stein
et al., 2019). The notion of a change in attractor properties in schizophrenia has also been proposed
in algorithmic models of decision-making (Adams et al., 2018), which have also suggested specific rela-
tionships of to positive and negative symptoms (Jardri et al., 2017). Circuit-level attractor dynamics can
be put to various uses for computational purposes, most classically for pattern completion and memory
recollection (Hopfield, 1982; Wills et al., 2005), but also for Bayesian inference (Lengyel et al., 2005;
Echeveste et al., 2019), multisensory integration (Deneve et al., 2001) and decision-making more gener-
ally (Bogacz et al., 2006). As such, these computational models allow a number of higher-level cognitive
functions to be related to mechanistic details at the cellular level, and thus afford an understanding of
various psychiatric disturbances (Wang and Krystal, 2014).

Taking a step back, attractor dynamics are one type of computation dependent on the broader principle
of balanced excitation and inhibition (E/I). Alterations to E/I balance have been suggested in a number
of other illnesses, in particular also in Autism Spectrum Disorders (ASD) (Foss-Feig et al., 2017). Com-
putational models of E/I imbalance in ASD have focused on a feature of local circuitry called divisive
normalization. This is a very widespread computation important for gain adaptation in visual and audi-
tory primary cortices (Heeger, 1992; Carandini and Heeger, 2011), and alterations in models of divisive
normalization can account for alterations in visual (c.f. Fig 3) and auditory perception and possibly also
higher cognitive functions in autism (Vattikuti and Chow, 2010; Rosenberg et al., 2015; Lawson et al.,
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FIGURE 3: Dynamical system applications. A: This shows the activities of a set of neurons,
each representing a particular direction after receiving a brief stimulation input at 90deg.
In the control network (top), the population activity is stable and remains tightly focused
on the input, hence maintaining this information faithfully. A reduction of the inhibitory
input due to a NMDA receptor dysfunction leads to gradually widening representation. B:
IN a delayed working memory task, patients with Schizophrenia (orange) show a greater
increase in variance in remembered locations over time than healthy controls (blue). A
and B adapted from (Starc et al., 2017). C: Neurotypicals (NT) and patients with autism
spectrum disorder (ASD) perform equally well when judging the direction of motion of a
low-contrast stimulus, but patients with autism perform better (they have higher inverse
thresholds) at higher contrasts. D: Reducing divisive normalization increases the population
gain in the model and allows it to qualitatively capture the improvement seen in ASD. C and
D reproduced from Rosenberg et al. (2015).



2015; De Martino et al., 2008; Louie et al., 2013). Divisive normalization has also been suggested as
one way of implementing marginalization in neural circuits (Beck et al., 2011). Marginalization is a key
step in probabilistic inference algorithms (e.g. belief propagation), and this provides one link for how
alterations in local E/I balance could have pervasive impacts on many different cognitive functions, and
particularly so on functions requiring appropriately dealing with unknown latent variables such as the
intentions of others.

At a larger scale, one notable application of dynamical models to interactions between brain areas capi-
talized on the fact that the dynamical properties of a system depend on the interaction between its com-
ponents, and therefore alterations in one component can be counteracted by alterations in another (Maia
and Cano-Colino, 2015; Durstewitz et al., 2020). To understand how serotonergic medication might
alleviate glutamatergic deficits, Ramirez-Mahaluf et al. (2018) built a spiking network model in which
cognitive dorsolateral prefrontal cortical (dIPFC) and affective ventral anterior cingulate (vACC) areas
had reciprocal inhibitory interactions. Glutamatergic deficits in depression were modelled as a less effi-
cient glutamate clearance, leading to a situation where the affective VACC was hyperactive and impaired
the cognitive dIPFC performance through its excitatory projections to dIPFC inhbitory interneurones.
Serotonergic medication in the model was effective at treating this by hyperpolarizing the excitatory
VACC cells via SHT-1A receptors.

The dynamical systems applications to psychiatry reviewed so far are relatively detailed, and have mostly
been used to give qualitative accounts of experimentally observed phenomena in the sense that they
have not (with very few exceptions (Moran et al., 2011; Symmonds et al., 2018)) directly been fitted to
experimental data. As such their strength lies in their ability to qualitatively link biophysical and cellular
details to higher-level phenomena.

2.2 DYNAMICAL SYSTEMS FOR CAUSALITY, PREDICTION AND CONTROL

A different approach has been to fit dynamical systems to time-series data relevant to mental health.
There is a very rich literature concerned with efficient identification of dynamical features of systems
from multivariate time-series data. Applications include using such dynamical systems models to under-
stand how variables interact; to characterise the overall dynamical characteristics of the system; and to
investigate potential interventions, i.e. to identify how to control the system under study.

Probably the most common approach is in fitting dynamical systems to neural data using autoregressive
models to estimate Granger causality, or dynamic causal models (DCM; Friston et al. 2003). These have
been used extensively over the past two decades to examine interactions between neural substrates and
their breakdown in mental illness. They are distinct from functional connectivity approaches which focus
on the correlational structure, in that they imply an underlying model of how the data come about, and
allow such models to be explicitly tested (Friston et al., 2003, 2013; Seth et al., 2015). DCM connectivity
estimates, for instance, have suggested that the absence of illusions such as the hollow-mask illusion in
patients with schizophrenia is due to a reduction in the influence of top-down frontal projections (Dima
et al., 2009, 2010).

A very promising direction is the combination of the parameters resulting from such fits with machine-
learning techniques for classification of predictive purposes (Brodersen et al., 2011, 2014; Stephan et al.,
2017). Frassle et al. (2020) recently applied this to the relationship between fMRI BOLD responses to
emotional faces and the long-term course of depressive disorders. Not only did they find that the con-
nectivity estimates differentiated patients with a good and a poor longitudinal course. But because DCM
involves the fitting of an interpretable dynamical system, they were able to then investigate parameters of
the fits and point to aberrant (reduced) modulation of the connections within and between the amygdala
and face perception areas (fusiform and occipital face areas) by emotions. One major limitation of DCM
models has traditionally been the need to fit the model to a few selected areas. As such, statements about
the causality of interactions were subject to confounds due to other areas not included in the analyses. A
whole-brain approach has recently been developed (Fréssle et al., 2017, 2018) which will help to address
this. Although it involves important approximations, this promises to bring the same whole-brain causal



connectivity approach to fMRI that autoregressive models and Granger causality have previously brought
to EEG and MEG (Seth et al., 2015). Interesting newer approaches include the examination of controlla-
bility in brain networks (Gu et al., 2015; Braun et al., 2018; Perry et al., 2018), and the use of nonlinear
dynamical systems to directly characterize more complex dynamical modes of brain activity (Durstewitz,
2017; Koppe et al., 2019).

Dynamical systems have also been applied to the analysis of self-report time-series data (Piccirillo and
Rodebaugh, 2019). Quantitative approaches to within-subject longitudinal data are important. First the
temporal course of psychiatric symptoms is an important window to examining the dynamics of mental
health disorders. Second, there are fundamental limitations on the ability to generalize from cross-
sectional findings to within-subject causes (Molenaar and Campbell, 2009; Borsboom et al., 2009). Third,
such an approach implies that symptoms can directly influence each other, or whereby symptoms at least
are indicators of processes that can interact directly, and do so independently from any underlying disease
process (Borsboom et al., 2011; Fried et al., 2016). For instance, sleep disturbances and fatigue are both
symptoms of depression in both DSM and ICD (American Psychiatric Association, 2013; World Health
Organization, 1990). However, it is eminently obvious that sleep disturbances can directly cause daytime
fatigue independently of the presence of any depressive disorder. Furthermore, empirical estimates of
comorbidity patterns between categorical diagnoses closely track the overlap in symptoms (Borsboom
et al. 2011 c.f. Newson et al. 2020).

These observations suggest that patterns of symptoms may inherently stabilize each other, and that hence
interactions between symptoms may contribute both to the emergence and stabilisation of mental ill-
nesses (e.g. Cramer et al. 2016; Robinaugh et al. 2019). Indeed, in depression the transition between
episodes of wellness and illness shows features of so-called critical slowing-down (van de Leemput et al.,
2014), which is seen when a fixed point becomes unstable and the system transitions into a different
stable fixed point. Furthermore, a strong coherence between different symptoms is predictive of a more
chronic long-term course of depression (van Borkulo et al., 2015), possibly because the symptoms main-
tain each other and stabilise the overall syndrome.

Different types of models have since been applied to self-report time series data, ranging from autore-
gressive models (Bringmann et al., 2013, 2018) to linear dynamical systems (Lodewyckx et al., 2011) and
highly nonlinear dynamical systems such as Ising models (van Borkulo et al., 2014; Loossens et al., 2019)
and most recently recurrent neural networks (Koppe et al., 2019). The relative merits of these approaches
are beyond the scope of this review, and there are important questions surrounding the reliability and
value of complex measures of such self-report time-series (Dejonckheere et al., 2019). Nevertheless, a
very interesting application of such idiographic research is naturally psychotherapy (Molenaar, 1987).
For instance, the controllability of a linear dynamical system can be quantified and captures how costly
it is to move the system into any target state. Furthermore, such systems can be studied to ask questions
such as which symptom is most important in that its alteration would have the strongest desirable impact
(Henry et al., 2020).

3 INFERENCE: DEALING WITH UNCERTAINTY

Uncertainty is baked into our lives, and two decades of work have shown that the brain pays detailed
attention to this (Doya et al., 2007; Bach and Dolan, 2012; Pulcu and Browning, 2019). Uncertainty
plays a transdiagnostic role in most if not all mental illnesses, be it because it is underestimated (e.g. in
delusions), overestimated and aversive (e.g. in anxieties) or appetitive (e.g. in certain types of impulsiv-

ity).

Mathematically, the most consistent and correct approach to dealing with uncertainty is through Bayes’
theorem. This suggests that beliefs should correspond to a distribution over potential explanations h
as p(h). This distribution over explanations can be updated with evidence e by multiplying it with the



likelihood function p(e|h) such that the new belief state incorporating the evidence is
p(hle) o p(e|h) p(h) D

Here, the likelihood term p(e|h) effectively measures how compatible each hypothesis 4 is with the evi-
dence e, and allows the hypotheses to be weighed by their compatibility with all the evidence or experi-
ence. The resulting distribution p(h|e) is the posterior distribution. Further evidence can be included by
repeating this step:

p(h|e, 6new) o8 p(enewlh) p(h|6) 2

The belief state before including the new evidence p(h|e) was the posterior, but is now the prior. When
repeating inference to include new information, the previous conclusion (’posterior’) belief becomes the
new prior belief. Hence, priors are one of the vehicles through which past experience shapes the inter-
pretation of the present.

3.1 DISENTANGLING PRIOR FROM LIKELIHOOD BIASES

A number of mental illnesses are thought to be characterised by particular biases in aspects of prior beliefs
affecting inference about certain experiences or hypotheses. However, estimating priors is often difficult
(Houlsby et al., 2013). This is because in controlled experimental situations priors are measured through
responses to ’evidence’ presented in form of stimuli. This, however, usually means that the experimentally
observed responses reflect the posterior p(h|e) rather than the prior, and hence alterations could either
be due to changes to the prior p(h) or the likelihood p(e|h) (Huys et al., 2015b).

One way of measuring priors is by examining responses to multiple different stimuli where the stimulus
provides ambiguous information and the influence of the prior can hence be estimated as the consistent
bias across these stimuli. In depression, prior beliefs are thought to be biased towards hypotheses that
make losses or punishments more likely. For instance, when presented with ambiguous information
about the probability of obtaining a reward, self-reported optimism covaries with a prior belief in a
computational model of choices (Stankevicius et al., 2014), while depressed patients are less able to
update their initial belief when presented with disconfirming positive information (Rupprechter et al.,
2018), possibly due to alterations to anterior cingulate regions (Rupprechter et al., 2020). Conversely,
anxiety seems to be characterised by a pessimistic bias in the process of accumulating evidence, rather
than in the prior (Kim et al., 2020; Aylward et al., 2020).

Prior beliefs have been extensively examined in research on psychosis, where alterations in the integra-
tion of prior beliefs with evidence have long been postulated to underlie hallucinations and delusions
(Hemsley and Garety, 1986; Gray et al., 1991). In this research, the term ’prior’ takes on a meaning that
is specific to the particular study. While, to date, there is no clear consensus on what the precise pattern
of impairments is in psychosis (Sterzer et al., 2018), research is progressing rapidly and providing an
increasingly nuanced view.

One approach is to examine whether participants automatically infer the statistical regularities in an
experiment, and use this to disambiguate information on a given trial. Karvelis et al. (2018) explicitly
manipulated this, and found that neither schizotypal nor autistic traits affected it, but that autistic traits
were characterized by more accurate perception. The majority of studies have examined more explicitly
‘trained’ priors. In these, information in a task can be disambiguated through the use of information
provided in another form or another part of the task. For instance, Teufel et al. (2015) binarized images
into black and white such that it was very difficult to recognize any shapes in the images. However,
when participants had been pre-expoed to the original image in colour, they could leverage this prior
information and improve their ability to discriminate the images. Strikingly, participants with early-stage
psychosis showed a stronger improvement with this prior information. That is, these data suggest an
improvement in the ability to integrate these two types of information, and this integration can, but need
not, be viewed as the impact of a prior. Similar finding emerge when using visual stimuli as priors on
ambiguous auditory stimuli (Powers et al., 2017), but not when using auditory stimuli to bias ambiguous



Probability distribution

A way of describing the probabilities of occurrence of all possible outcomes for some event. In inference,
probability distributions can be used to describe beliefs, for example, we could represent the belief of a
depressed patient about how enjoyable parties are as a probability for every possible level of enjoyment,
from the lowest to the highest. An advantage of using probability distributions as opposed to single
numbers to describe beliefs (as used by simple RL algorithms such as the Rescorla-Wagner rule) is
that distributions capture uncertainty. For example, whereas a single number could describe the belief
“Parties are not very enjoyable”, a distribution can describe the belief “Parties are probably not very
enjoyable, but they might be quite enjoyable”.

Joint probability

A joint probability is the probability that two specific outcomes for separate events occurred. The two
events might be independent, for example, the probabilities that parties are enjoyable and that the next
car I see on the road will be red, or they might be dependent, for example, the probability that parties
are enjoyable and that I will enjoy the party happening this evening. The joint probability for outcomes
a and b is written as p(a, ).

Conditional probability

A conditional probability is the probability that an outcome will occur, given a separate outcome is
known to have happened. For example, the probability that I will enjoy tonight’s party given that parties
are rarely enjoyable. The conditional probability that event a occurred, given event b is written as p(a|b)

Marginalization

The probability distribution over one variable can be obtained by summing over other variables in a joint
distribution. This summation is referred to as marginalization. Two variables are independent if their
joint distribution is equal to the product of their marginals.

Bayes theorem

Bayes theorem describes a simple relationship between conditional probabilities. In inference it can be
used to describe how beliefs should be updated in the face of new experience. For example, how the
belief about parties should be revised following the experience of attending another party. The theorem
states that the new belief, the posterior, is proportional to the existing belief, called the prior, multiplied
by the likelihood (see below for definitions of these terms).

Prior
A belief that some outcome will occur before new evidence has been experienced. For example, this
might be the belief that parties are enjoyable before attending a party this evening.

Likelihood

The likelihood is a conditional probability that evidence would have been experienced given some prior
belief. For example, the probability that the party tonight will be enjoyable given that parties are rarely
enjoyable

Posterior

The posterior is a conditional probability describing the same belief as the prior, but following the update
of this belief by the evidence. For example, it might describe the belief about how enjoyable parties are,
following the experience of attending tonight’s party.

Box 2: Inference - mathematical concepts.



visual percepts (Stuke et al., 2019).

A related process is the study of perceptual stability with prolonged bistable stimuli. Here, healthy
participants who are delusion-prone (Schmack et al., 2013), and patients with schizophrenia (Schmack
et al., 2015) show less stable percepts, suggesting that the pure integration of information over time
into stable percepts is impaired (c.f. Nour et al. 2018). This weakened low-level information meant that
the percept was more easily shaped by providing cues, which could be viewed as stronger sensitivity to
trained prior information (Schmack et al., 2013) in the sense of Teufel et al. (2015). Finally, Powers et al.
(2017) used a computational model based on equation 2, to examine the trial-by-trial influence from
prior trials onto the current trial, and found that it was a stronger in participants with psychosis.

This latter view was recently refined in a new incentivized version of the classic beads task (Ross et al.,
2015) on which participants with psychosis sampled more information, rather than less. A detailed com-
putational (RL; see below) model carefully adjusted for socioeconomic confounds, suggested that patients
with delusions formed stronger ’prior’ beliefs quickly, and then found it difficult to shift away from these
(Baker et al., 2019). This appears in principle in keeping with a previous study which suggested that
the jumping to conclusion bias was driven by noise in the decision-making process, and also not due to
sampling costs (Moutoussis et al., 2011; Ermakova et al., 2019).

3.2 SEQUENTIAL INFERENCE MODELS

Uncertainty is also generated by changes in the world: as the world changes, evidence gathered in the
past loses some of its relevance. Some of these changes may be expected, others not. The simplest
sequential models simply maintain a running average of experiences, e.g. hi11 = hy + ale; — hy) (e.g.
Rescorla and Wagner 1972). Here, the estimation h; is updated by a fraction of the difference between
h; and the evidence e;, with the size of this fraction being controlled by the learning rate, o, which is a
number between 0 and 1.

An approach that is becoming increasingly popular applies Bayesian inference using latent variable mod-
els, such as the Kalman filter or Hidden Markov Models (Kalman, 1960; Roweis and Ghahramani, 1999).
to explicitly estimate sources of uncertainty and effectively adapt the learning rate « over time (Behrens
et al., 2007; Mathys et al., 2014; Nassar et al., 2019, 2010, 2016; McGuire et al., 2014). In these models
(Fig. 4A), the true state of the world (the true hypothesis h) changes over time. Such changes can be
captured in a very general manner by a distribution p(h:4+1|h:) where the state at the next time ¢ + 1
depends on the state at the current time ¢. Evidence at time ¢ is now of course directly informative
about h;, but the extent to which it is informative about another time depends on how the world evolves,
i.e. on p(hit1|he). As such, the maintenance and discarding of past information implicitly represents an
assumption about the stability of the world.

For example, variability caused by changes in the underlying association (sometimes referred to as un-
expected uncertainty Yu and Dayan 2005), means that existing beliefs are less likely to accurately reflect
current associations so learners should be more influenced by recent outcomes and use a higher learning
rate (see Fig 4). In contrast, variability caused by random chance (sometimes called expected uncertainty
(Yu and Dayan, 2005)), as occurs in less deterministic associations, reduces how informative each out-
come is prompting a reduced learning rate. As such, the learning rate can be viewed as an assumption
about how rapidly things change or how random outcomes are.

This development has allowed research which asks whether psychiatric symptoms are associated with
the ability to flexibly update beliefs. Evidence suggests impaired updating in anxiety (Browning et al.,
2015; Huang et al., 2017), particularly with respect to punishments (Aylward et al., 2019), uncertainty
in social interactions (Lamba et al., 2020), and autism (Lawson et al., 2017), with studies in patients
with schizophrenia reporting both impaired (Hernaus et al., 2018b; Powers et al., 2017) and excessive
updating (Adams et al., 2018). A related line of work indicates that humans assume positive and negative
outcomes differ in their stability and can adjust these separately (Pulcu and Browning, 2017). This pro-
cess allows individuals to treat positive and negative outcomes as if they were differentially informative,
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FIGURE 4: A: Latent variable model with temporal dynamics. Here, the hidden variable h;,
evolves according to some dynamics, but is not observed. The observations ¢; are directly
informative about h at the same timepoint, but the extent to which they are informative
about future time points depends on the dynamics of h. B: Three example trajectories from
an AR(1) Ornstein-Uhlenbeck process. This is the evolution of the underlying variable of in-
terst assumed by a Rescorla-Wagner model with a fixed learning rate of 0.05. C,D: Learning
Rates should reflect the changeability of learned associations (Figure adapted from (Pulcu
and Browning, 2019)). The reward expectations of learners with a high (dotted line) and
low (dashed line) learning rate (LR) are shown in two different environments. Panel C illus-
trates a volatile environment in which the learned association is changing rapidly. As can be
seen, the high LR learner is better able to update its expectation following changes in asso-
ciation whereas the low LR learner never catches up. In contrast, panel D illustrates a stable
environment in which the low LR learner accurately estimates the underlying association,
with the expectation of the high LR learner being pulled away from the true value by chance
outcomes.



providing a potential mechanism for the affective biases believed to be causally related to depression
(Mathews and MacLeod, 2005; Korn et al., 2014; Rouhani and Niv, 2019).

Finally, uncertainty has a kind of value in itself (Gershman and Niv, 2015). It is useful to sample uncer-
tain options as this will improve our understanding of them allowing us to make better future choices
(Gittins et al., 2011). However, sampling the unknown can also be hazardous, particularly in aversive
environments where novel options are more likely to be dangerous (perhaps leading to negative prior
beliefs about the environment as discussed in section 3.1). An active literature has proposed a range of
algorithms by which the value of uncertainty may be estimated and used to bias reinforcement learning
(Gershman and Niv, 2015; Schulz and Gershman, 2019). In terms of clinical presentations, in anxi-
ety disorders uncertainty appears to be aversive and avoided (Charpentier et al., 2017), while in opioid
addiction a tolerance of ambiguity is predictive of relapses (Konova et al., 2019).

4 REINFORCEMENT LEARNING

Symptoms of psychiatric illness very commonly involve alteration of hedonic experience or of behaviors
which lead to rewarding or punishing outcomes. This observation has driven interest in how humans
learn about rewarding and punishing outcomes and how they use what they have learnt to make deci-
sions. It has also been argued that failure modes in decision-making allow for a principled exploration of
dysfunctions on a normative platform (Huys et al., 2015b).

The field of reinforcement learning (RL) is concerned with deriving behaviour which maximises rewards
or minimizes losses in the longer term, i.e. not just immediately, but in principle until the end of time.
In principle, this is hard, because many things can happen in the future. One of the core insights is that
these long-term expectations of future rewards V are governed by a deceptively simple rule:

V(s) = E[R(s, ") +V(s')] 3)

This means that the total expected future rewards V(s) in a state s differ from the total expected future
rewards in the next state s’ exactly by the amount of reward received on average when going from s to s’.
Taking the difference between these two sides provides the temporal reward prediction error signal which
can be used to learn the true V (Sutton and Barto 2017; see Huys 2017 for a very brief introduction).

Vt+1(8) = Vt(S) + Oé(?"t + Vt(s/) — Vt(s)) (4)

The equation describes how to update the reward expectation of an agent at time ¢, V(s);, in response to
experienced outcomes, r; and a transition to a new state s’. We note that it is similar to the simple running
average equation in the previous section, only that here what is averaged is the immediate reward plus
the value of the following state. This bootstrapping is at the core of why reinforcement learning can
estimate long-term rewards and support optimal decision-making. Strikingly, dopamine neurons appear
to report this prediction error with surprising precision (Schultz et al., 1997), and this has fuelled an
immense research effort, of which we here review only the most recent advances.

In applying equation 4 to mental illnesses, a number of questions immediately arise. First the term r;
is supposed to capture both rewards and punishments. Clearly, this is an oversimplification. A further
question is how effort should be treated. Second, equation 4 effectively describes a type of learning, i.e.
of information maintenance. How does this interact with other systems that maintain information, such
as working and episodic memory? Third, equation 4 does not make reference to knowledge of the world.
Clearly, beliefs about how the world work potently influence behaviour and learning, and this will be
discussed in the section on model-based decision-making. Finally, equation 4 makes reference to states
s. What are they? A final question is the one discussed in the previous section on what the learning rate
should be.



Agent

An agent takes actions, usually with a goal to maximize the sum of its future rewards, given the (sensory
or cognitive) state. In computer science, the agent is an algorithm embedded in a computer, but the
same notion can be applied to biological agents.

State (S)

A state is the situation the agent is in, which might comprise sensory and cognitive variables. Sometimes
the state is "observable”, meaning it is perfectly defined by the environment, other times its identity
might need to be inferred. For example, when it is rainy you take an umbrella. There are many sensory
states that all indicate in different ways that it might be rainy (sight or sound of rain, weather app on a
mobile device, or even simply a strong prior that it will rain in London).

Markov Decision Process (MDP)

An MDP is a quintuple M = (S, A,p,r,v) with a state space S, an action space A, a transition
function mapping how current states transition to future states based on the action p : S x A X S, a
reward function mapping which states are considered rewarding r : S x A x S — R, and finally a
discount v determining how much more important the immediat future is compared to the distant future.

Policy ()
The policy is a decision rule that the agent uses to choose an action in the current state.

State value (V)

The expected reward over the long-run, often discounted with future rewards worth less than more
immediate ones. V(t) = (y97(t) + y'r(t + 1) + ¥?r(t + 2)...). V.(S) is the expected value in the current
state under the decisions using policy =. Note that while "Reward” is an short-term single signal that
may received in a given state, value is the sum of all discounted rewards you might anticipate from that
state in the future.

State-action value (Q)
The expected reward over the long-run of taking an action « in a state s. The state value V is just the Q
values averaged over the policy of taking that action, which in turn is given by the policy 7.

Structure learning / State Abstraction

In the real world, the relevant state S is often unknown: when deciding whether to get an umbrella or
not, many features might be indicative of the rain state, and many others (e.g., music in the background)
might be completely irrelevant to this policy. Structure learning is the process of discovering the relevant
states of the enviroment and abstracting them to be as efficient and useful as possible.

Model-free RL
A model-free agent learns a mapping from states to actions based on previously experienced rewards
which are ”cached”, without explicitly representing the likely future states and their available actions.

Model-based RL

A model-based agent explicitly learns the transition function. When selecting each action, it "plans” by
considering future potential outcomes. As such it is more flexible to any changes that may have recently
occurred to the reward values of particular states, but is more computationally expensive.

Box 3: Reinforcement learning - mathematical concepts.



4.1 REWARD SENSITIVITY

One of the core symptoms of depression is anhedonia, a reduction in the subjective experience of rewards
and motivation. Several studies have shown associations of anhedonia with reduced learning from re-
warding outcomes (Eshel and Roiser, 2010; Pizzagalli et al., 2005, 2008). However, dysfunctional reward
learning may arise from a number of sources: aberrant updating of values, reduced ability to maintain
those values (see section on working memory and RL below), distorted estimates of the reward value of
outcomes, or an inability to utilise learned values when selecting actions. Furthermore, learning rate and
reward sensitivity trade off each other: in many tasks, it is possible to compensate for any reduction in
reward sensitivity by increasing the learning rate. Although there is variability in the literature (Kumar
et al., 2008; Must et al., 2006; Pizzagalli et al., 2005, 2008; Chase et al., 2009), the most consistent effect
is that increased anhedonia is associated with a reduced effective value for rewarding outcomes (Huys
et al., 2013; Webb et al., 2016; Cavanagh et al., 2019; Lawlor et al., 2019). In other words, individuals
with higher anhedonia treat rewarding outcomes as if they were less rewarding than those with lower
anhedonia (note there is some evidence that bipolarity is associated with the opposite effect; Linke et al.
2020).

The origin of this reduction is not clear. Primary reward sensitivity e.g. to sucrose or smells does not
appear reduced, and the reduction appears most clear in more complex ’secondary’ rewards such as
pleasant visual stimuli (Bylsma et al., 2008), suggesting a locus of dysfunction in the construction of
derived values (Huys et al., 2015a), but still in the absence of impairments in the learning process itself
(Rutledge et al. 2017, though see Kumar et al. 2008), suggesting a more cognitive model-based aetiology
(Huys et al. 2015a; see below). Alternatively, it has been suggested that an individual’s mood may interact
with their reward sensitivity, biasing estimates of the value of outcomes (Eldar et al., 2016). Craving, the
desire for drugs of abuse in addiction, indeed does have a multiplicative effect on reward values (Konova
et al., 2018), suggesting that a similar process may also be at work in other illnesses. Indeed, there is
some evidence of such sequential interactive processes (Neville et al., 2020), and it has been suggested
that it may improve learning in certain situations (Eldar et al., 2016; Eldar and Niv, 2015). Howevet,
a miscalibration of the interplay between mood and estimated value may exacerbate the impact of low
mood and lead to fluctuations of mood reminiscent of bipolar disorder (Eldar et al., 2016; Mason et al.,
2017).

4.2 EFFORT SENSITIVITY

Motivated behavior involves an adaptive integration of costs vs benefits of engaging in physical or cogni-
tive effort. Several decades of research in rodents and now humans has implicated the dopamine system
in the energization of motivated behavior for the sake of maximizing rewards (Salamone et al., 2016), an
effect that can be captured by computational models of striatal dopamine in balancing this tradeoff (Niv
et al., 2007; Collins and Frank, 2014).

This framework has been further extended to account for decisions to engage in mental as opposed to
physical effort — that is, the choice to perform a cognitively difficult task depending on the incentive
(Westbrook and Braver, 2016). Indeed, recent studies showed that baseline striatal dopamine synthe-
sis capacity, as measured by PET, is predictive of individuals’ willingness to engage in cognitive effort
(Westbrook et al., 2020). Critically, this effect was not simply a shift in overall preference. Rather, a
behavioral economic analysis showed that dopamine effects on preference were due to an amplification
of the (monetary) benefits, together with a diminution of the subjective costs, of engaging in mental
effort, and thus mirrored the impact of striatal dopamine on cost/benefit decisions more broadly (Collins
and Frank, 2014). Moreover, stimulant medications that elevate striatal dopamine increased cognitive
motivation specifically by altering this cost/benefit ratio, most strongly in those subjects with low base-
line levels (Westbrook et al., 2020). This study suggests that the use of stimulant medications in ADHD
and in the general population might be better understood not by enhancing the ability, but rather the
subjective motivation to engage in cognitive processes, and raise the possibility that such assessments
could be useful for predicting treatment outcomes.



Effort cost/benefit calculation is thought to be biased in patients with MDD and schizophrenia patients
with negative symptoms, who exert reduced physical effort with increasing incentives (Treadway et al.,
2012; Berwian et al., 2020; Gold et al., 2015). But while dopamine might be involved in emphasizing the
benefits over costs, other studies suggest that serotonin is specifically related to cost calculations. Indeed,
in a randomized trial in healthy participants, those treated over 8 weeks with escitalopram exhibited
increased willingness to exert physical effort for monetary incentives, where the impact of SHT manipu-
lation could be specifically attributed to a reduction in effort cost (Meyniel et al., 2016). Accordingly, it is
notable that remitted MDD patients have also been documented to have a larger sensitivity to anticipated
effort cost which could be linked to alterations in computational model parameters, and was predictive
of relapse after antidepressant treatment discontinuation (Berwian et al., 2020). Together, these studies
suggest that careful assessment of effort-based decision making — by employing paradigms and models
designed to disentangle the component valuation processes — may be promising candidates for predicting
treatment outcomes resulting from SSRIs or DA manipulations.

If reductions in cognitive effort associated with apathy or lack of motivation are related to cost/benefit
computations, can they be ameliorated by simply increasing incentives? Recent findings suggest that this
might be feasible. In a model-based learning task, where cognitive strategies are more effortful but can
pay off, reductions in cognitive effort linked to a range of subclinical traits were ameliorated by larger
monetary incentives, with these incentive effects especially large in participants with depression, anxiety,
or sensation seeking (Patzelt et al., 2019a). On the other hand, a transdiagnostic factor of compulsivity
was related (in a separate study) to a reduction in mental effort avoidance (Patzelt et al., 2019b).

Finally, we note that exerting effort is only valuable if the actions are (believed to) directly influence
outcomes. Depression, for instance, is characterized by helplessness and hopelessness. Computationally,
this can be viewed as a belief that actions have a small probability of leading to the desired outcome
(Maier and Seligman, 1976), which in turn strongly affects the value of those actions (Huys and Dayan,
2009) and hence the extent to which rewards would be able to motivate efforts associated with the
actions.

4.3 EPISODIC AND WORKING MEMORY INTERACTIONS WITH RL

The simple RL update rules in equation 4 are a type of memory because the output of the update at one
time point maintained and used as the input at the next time point. These processes are increasingly being
studied in the context of cognitive and neural processes associated with episodic and working memory.

4.3.1 Episodic / RL interactions

Episodic memories are affectively biased in several disorders, particularly so in depression, where af-
fectively negative memories are easier to recall. A hallmark of episodic memory is its automatic and
incidental encoding of individual sensory events such that they are bound into an episode (O’Reilly and
Rudy, 2001). In fact, contemporaneous reward prediction error signals can further enhance memories for
related events (Davidow et al., 2016; Jang et al., 2019), perhaps via neuromodulation of hippocampus
(Davidow et al., 2016).

In healthy controls positive RPEs have a larger benefit for memory encoding than negative RPEs. How-
ever, in depression, this bias is reversed (Rouhani and Niv, 2019; Korn et al., 2014), providing a computa-
tional formalism to explain negative memory biases in depression. We note that the standard equation 4
does not include different learning rates for rewards and losses. A recent extension of RL has shown
that biases in the learning rate from rewards and losses lead to biased estimates; and that a distribution
of learning rates can be used to maintain distributions over values, which can allow for more efficient
learning (Dabney et al., 2020).

Episodic disturbances also exist in PTSD, where aversive memories are heavily biased towards traumatic
events and are thought not to be integrated with other memories (Ehlers and Clark, 2000). Such views
raise complex questions about what it means to ’integrate’ an event memory. One view from RL is that



integrating a memory means generalizing the value information from the particular state where it was
experienced to others. Thus, in complement to the above description of RL effects on memory; episodic
memory contributions can reciprocally influence and augment reinforcement learning and decision mak-
ing (Gershman and Daw, 2017). Indeed, when episodes are sampled from memory, reward-based deci-
sions are biased such that choices are influenced by outcomes linked to that episodic context (Bornstein
and Norman, 2017). Other normative theories suggest that episodic sampling can be useful during of-
fline replay (e.g., during sleep) for prioritizing which events and affective values should be integrated into
memory (Mattar and Daw, 2018). Such links are promising algorithmic avenues for exploring potential
aberrations of memory integration in PTSD.

Finally, RL signals can also regulate decisions about whether a memory should be counted as familiar or
not during declarative memory retrieval. Signal detection theory provides a framework to characterize
both memory strength (the difference in familiarity between encoded memories and novel ones), and the
criterion on the level of memory strength needed to reach a decision as to whether an event is familiar
or not. It is now appreciated that this decision criterion is adaptable according to the reinforcement
value of previous memory decisions. Indeed, by manipulating reward prediction errors during such a
declarative memory task, it was shown that striatal RPEs serve to adapt participants’ criterion for judging
events as familiar or not, and that this criterion even transferred to other memory tasks such as free recall
(Scimeca and Badre, 2012; Scimeca et al., 2016). These studies and models could provide a basis for
studying pathological adaptation of such criterion leading to biases in memory reporting, for examplie in
prodromal schizophrenia states.

4.3.2  Working memory / RL interactions

Working memory can also greatly influence RL processes to augment learning. Much of the RL litera-
ture assumes that progressive learning in instrumental tasks relates to striatal dopaminergic function.
However, rapid learning in these tasks is strongly supported by prefrontal working memory processes:
participants can simply hold in mind recent stimulus-action-outcome associations and use these to im-
prove performance the next time the same stimulus appears. Indeed, one of the most celebrated functions
of the prefrontal cortex is the active maintenance of information in working memory (WM) in the service
of adaptive behavior (Miller and Cohen, 2001). Information that is relevant to a current goal is rapidly
updated and maintained over time, and can serve to guide upcoming decisions. Interestingly, the degree
to which participants engage such top-down processes can affect the net learning rate of an RL system,
providing a systems-level mechanism by which distinct brain systems could contribute to the adjustment
of learning rate to surprising or uncertain events, as described above.

Of course, these working memory processes are not perfect: they are subject to capacity limitations and
sensitive to forgetting, whereas striatal reinforcement learning processes are more incremental but less
subject to capacity constraints. This tradeoff provides a normative motivation for the existence of these
complementary systems (Collins and Frank, 2012) analogous to that described for model-based vs model-
free reinforcement learning (see below) (Daw et al., 2005). Moreover, it motivates the critical need to
consider PFC and WM contributions when evaluating the nature of RL deficits (or the impact of phar-
macological treatments) in patient populations. Indeed, many studies report RL deficits in schizophrenia
(Waltz and Gold, 2007; Schlagenhauf et al., 2014), which are sometimes interpreted solely in context
of striatal DA-mediated alterations. However, using experimental paradigms and computational models
designed to disentangle these processes, reward learning deficits in medicated schizophrenia can be at-
tributed to pronounced reductions in prefrontal WM contributions, with surprisingly intact learning from
(and striatal signaling of) reward prediction errors (Fig. 5; Collins et al. 2014; Dowd et al. 2016; Collins
et al. 2017a.)

Beyond the independent contributions of these systems, recent studies have further shown that WM and
RL processes interact during learning. Top-down WM processes accelerates the acquisition of instrumen-
tal contingencies, but because WM can also maintain the expectation that a reward is going to occur, this
expectation also reduces the subsequent RPE, as evidenced by both fMRI and EEG (Collins and Frank,
2018; Collins et al., 2017b). This top-down influence of WM onto RL RPEs is consistent with other obser-
vations that cognitive and model-based expectations can modulate model-free RPEs (Daw et al., 2011;
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FIGURE 5: A: Working memory effects on reinforcement learning. Learning curves in a simple
instrumental learning task are strongly sensitive to the number of stimulus-response contin-
gencies that need to be acquired in the same block (set-size), even given the same number
of experiences for each stimulus. These curves are inconsistent with pure RL models but can
be captured by an interactive model in which capacity-limited and delay-sensitive working
memory processes augment RL, speeding up learning in low set sizes, but whereas more in-
cremental but robust RL processes govern asymptotic behavior. B Patients with schizophrenia
show profound initial learning deficits in these tasks. C However, the ability to discriminate
amongst stimuli as a function of changes in model-free RL. Q values in a transfer test is
unimpaired. D Modeling isolated the patient deficits during learning to the WM contribution
(reduced WM capacity parameter K) whereas RL learning rates oo were intact. From Collins
et al. (2014) and Collins et al. (2017a)



Collins and Frank, 2016) and leads to a counter-intuitive behavioral prediction. Specifically, although
instrumental contingencies are learned more rapidly when WM is engaged (i.e., in low load conditions),
the reduced RPEs translate to reduced learning in the RL system, leading to more forgetting in the long-
term, when WM can no longer be accessed. Conversely, contingencies learned under high WM load are
associated with larger RPEs that facilitate plasticity, and are accordingly retained more robustly, as has
been shown empirically (Collins et al., 2017a; Collins and Frank, 2018). This phenomenon may partially
explain the surprisingly spared retention of RL contingencies in patients with schizophrenia (Collins et al.,
2017a), in spite of profoundly impaired WM during learning, and is concordant with other computational
and empirical findings that SZ patients have reduced expected value computations coupled with over-
reliance on stimulus-response learning (Hernaus et al., 2018a). More speculatively, these findings could
imply that other factors that degrade PFC WM processes, such as stress (Schwabe and Wolf, 2009), could
actually be paradoxically beneficial in terms of long term retention (provided sufficient accumulation of
RPEs during initial learning).

Finally, as in episodic memory, RL signals can also reciprocally influence decisions about WM. That is,
how does the brain decide which of several potential pieces of information to store in mind, what to
ignore, and when to discard previously maintained information? In models and data, RPEs are used for
learning such gating policies in the service of optimizing memory representations that are most useful
for task performance (O'Reilly and Frank, 2006; Lloyd et al., 2012). Moreover, in addition to guiding
which representations to store, RL strategies are also used to adaptively modulate how much information
can be compressed or chunked in working memory (Nassar et al., 2018), an instantiation of the more
general notion that many cognitive heuristics or biases can be understood as rational in the face of
limited resources (Lieder and Griffiths, 2020). Moreover, this RL-WM interaction provides a coherent set
of mechanisms relevant for understanding suboptimal resource allocation, distractibility, and attentional
focus, all of which are features of disorders in frontostriatal circuitry including schizophrenia, Parkinson’s
disease, ADHD, and OCD (Cools, 2019).

4.4 MODEL-BASED INFERENCE: FROM URGES TO MEANING

Beauty lies in the eye of the beholder, and the meaning or value of events can be profoundly altered in
mental illnesses - witness the interpretation of mundane events as profoundly meaningful in delusional
mood, or the cognitive distortions characteristic of depression. Formally, how an event influences us in
the future depends on what aspects of the event are stored in memory, and how.

The models described so far in equations 4 and 1 are retrospective: Beliefs are purely a function of the
past, and the future is expected to behave just as the past did. In both those equations, experiences are
evaluated with respect to current reward expectations, used to adapt these, and then discarded. Because
« has to be small (to avoid switching after each individual experience), this means that a change in how
rewarding an event is will only lead to a change in expected reward after a (large) number of experiences.
An alternative approach is to use experiences to build an explicit model of the world, and then use this
model to prospectively derive expectations about likely rewards by simulating what might happen in the
future (Doll et al., 2015). The strength of this model-based approach is that it affords more flexibility to
react to a change in how rewarding future events are, but that comes at the computational cost of having
to simulate potentially exponentially many future possibilities (Daw et al., 2005). While model-based RL
is thought to relate to goal-directed decision-making, model-free RL as in equation 4 is thought to relate
to habitual decisions and incentive salience (McClure et al., 2003; Daw et al., 2005, 2011; Huys et al.,
2014; Schad et al., 2020).

Several aspects of this model-based/model-free RL distinction are relevant to mental illness. First, and
most prominently, a shift away from goal-directed and towards habitual decision-making "urges’ (Robbins
et al., 2012) has been demonstrated for OCD (Gillan et al., 2011, 2014, 2015; Voon et al., 2015) and asso-
ciated with prefrontal and myelination impairments (Gillan et al., 2015; Voon et al., 2015; Ziegler et al.,
2019). However, this shift is not diagnostically specific, but also extends to a number of other mental
illnesses including binge eating, methamphetamine dependence (Voon et al., 2015) and schizophrenia



(Culbreth et al., 2016) but not alcohol use disorder (Voon et al., 2015; Nebe et al., 2018). Strikingly, the
association is strongest with a ’compulsive’ factor extracted across several different questionnaire mea-
sures (Gillan et al., 2016, 2019; Rouault et al., 2018; Patzelt et al., 2019a,b). Finally, it appears to have
trait features as it does not change with improvement in OCD symptoms (Wheaton et al., 2019), even
though it is highly sensitive to stress and cognitive load (Otto et al., 2013a,b; Schad et al., 2014).

Second, model-based decision-making formalises how beliefs can fundamentally alter how experience
influences behaviour, i.e. what they 'mean’. This is demonstrated in the now classic experiment by Daw
et al. (2011). Depending on the model, a reward can lead to repeating the action that led to it, or it can
lead to avoiding it. The avoidance in this case is driven by the interpretation that a different course of
action than the one taken can enhance the chances of another reward. Furthermore, full model-based
evaluation is so computationally demanding that it only feasible in scenarios that are so simple as to be
irrelevant. Hence, goal-directed decision-making is itself subject to a number of approximations, or in-
ternal ’decisions’ about which aspects of the future to sample (Huys et al., 2012, 2015c; Lally et al., 2017,
Nassar et al., 2018). Again, these internal decisions about must be led by approximate heuristics which
can easily result in profound interpretational biases (Huys and Renz, 2017). For instance, discounting
temporally distant events relative to proximal ones is a prominent transdiagnostic feature of many ill-
nesses (Story et al., 2016; Amlung et al., 2019), and temporal discounting can be altered by instructing
participants to imagine (i.e. to internally simulate) the temporally distant events (Kurth-Nelson et al.,
2012; Hakimi and Hare, 2015). As such, a component of temporal discounting may be driven by internal
decisions not to simulate or ’think of’ certain future events. Similarly, aspects of anxiety (Zorowitz et al.,
2020) and paranoia (Moutoussis et al., 2011) are thought to relate to model-based assumptions about the
future ability to make good choices. Indeed, there are goal-directed components in threat aversion (Korn
and Bach, 2019), suggesting that imaginary exposure in the psychotherapy of anxiety disorders may act
by addressing internal sampling biases (Huys and Renz, 2017). Finally, we note here the relationship
between internal simulation decisions and metacognition (Hauser et al., 2017; Rouault et al., 2018).

Third, however, the experimental ability to distinguish between model-free and model-based decisions
depends on the definition of ’states’ and ’actions’ (Dezfouli and Balleine, 2012, 2013; Daw and Dayan,
2014; Shahar et al., 2019b; Deserno and Hauser, 2020), or more generally on the nature of the represen-
tation. We will turn to this next.

4.5 STRUCTURE AND ABSTRACTION LEARNING

Arguably, for mental illness, we are most interested in the nature of more abstract cognitive represen-
tations that are used to constrain the state space used for learning and which facilitate transfer and
generalization to novel environments. For example, patients with autism exhibit changes in their ability
to extract such abstract structure (Rajendran and Mitchell, 2007).

Model-based processing, in which an person represents the full transition structure of the consequences
of their actions on future states, provides one means to be flexible, but is very computationally expensive.
While a person could attempt to re-use models from previous contexts, a more efficient strategy is to learn
task representations that facilitate re-use of critical components of previous task settings while collapsing
over irrelevant aspects, and flexibly recombining bits of learned knowledge to novel situations (Wingate
et al., 2013; Franklin and Frank, 2018). Doing so requires aspects of the 'model’ to be ’factorized’ (that
is kept separate from other aspects) while also learning whether such factorization is useful for the
given environment. Humans show such flexibility in “generalizing to generalize” which are well captured
by such computational considerations (Franklin and Frank, 2020), but we have yet to understand the
mechanisms by which this process occurs, or whether it can be used to understand poor abstraction or
generalization in patients with mental illness.

Generalizing inherently requires learning representations that are compressed: those that retain critical
elements of a task or environment structure while discarding details that may not transfer to other situa-
tions. While the hippocampus is thought to provide highly pattern-separated conjunctive representations
storing specifics, the cortex is thought to provide more elemental and abstract representations (O’Reilly



and Rudy, 2001; Behrens et al., 2018; Whittington et al., 2019). In reinforcement learning, the “successor
representation” provides one algorithmic strategy lying in between model-based and model-free learning,
which retains aspects of a world model used for planning without all of the specifics (Barreto et al., 2016;
Russek et al., 2017; Momennejad et al., 2017; Stachenfeld et al., 2017; Lehnert and Littman, 2019; Lehn-
ert et al., 2020). Here, a model is represented by considering the impact of the person’s actions on the
predicted visitation frequency, and reward-predictive values, of future states, without requiring explicit
enumeration of each future action and state transition. Mathematically, this is equivalent to learning
the predicted sequence of reward prediction errors given the person’s actions, while discarding the spe-
cific state transitions (Lehnert and Littman, 2019). Indeed, if one learns abstract structures using only
reward-predictive representations, this reduces the dimensionality of the state space in such a way that
permits transfer to novel environments that have similar abstract features, even if the specifics of both
transitions and rewards change Lehnert et al. (2020). Critically, such abstract transfer is not afforded
by reduced representations that merely maximize reward in the original environment. These computa-
tional considerations motivate the study of which brain systems and mechanisms can support learning
and re-use of such abstractions and whether they can be fruitfully interrogated to understand the nature
of developmental learning disabilities such as ASD.

4.6 PAVLOVIAN INFLUENCES

An important aspect of structure learning relates to a well-established distinction in the animal learning
literature, namely the distinction between instrumental conditioning, where reinforcements depend on
the animals’ behaviour, and Pavlovian conditioning, where reinforcements are delivered irrespective of
what the animal does. In the latter case, animals (and humans) nevertheless still show behaviour - even
though it is not necessary. In fact, these behavioural tendencies are often immutable: animals cannot
learn not to salivate when they hear the buzzer. Similar strong Pavlovian tendencies are observable in
humans and can profoundly impact decision-making and learning (Huys et al., 2011; Guitart-Masip et al.,
2012). One way to formally describe these is as a state value which mandates a particular action (e.g.,
appetitive — approach) (Dayan et al., 2006; Boureau and Dayan, 2011; Guitart-Masip et al., 2012) and
thereby can interfere with instrumental behaviour. Alternative possibilities have been considered formally
and empirically (Dorfman and Gershman, 2019; Cartoni et al., 2013; Swart et al., 2017).

Pavlovian influences are increased in patients with alcohol use disorder and are predictive of relapse
(Garbusow et al., 2019) unlike model-based decision-making (Nebe et al., 2018). Pavlovian escape influ-
ences are increased in suicidal patients (Millner et al., 2018, 2019). In anxiety, there is a subtly different
bias towards avoidance behaviours that is independent of Pavlovian values (Mkrtchian et al., 2017).

S5 FUTURE RESEARCH DIRECTIONS

There are at several challenges for computational psychiatry to generate a satisfactory explanatory disease
model. First, there is evidence from genetic (Hall et al., 2018; Smith et al., 2016) and circuit level
assessments (Wolfers et al., 2019, 2018) of psychiatric constructs and disorders that there is significant
biological and psychological heterogeneity within and across disorders of a similar class. This means that
diagnostic labels likely comprise individuals with differing underlying biological architectures. In fact, it
has recently been estimated that as much as 80% of polygenic constructs such as anxiety or neuroticism
may be due to rare genetic variants that are distributed across the entire genome (Wainschtein et al.,
2019). The converse, however, is also true: not only does the brain have many ways of producing
the same symptoms; the very similar brain dysfunctions can also produce a number of different clinical
symptoms. Consider for instance the phenotypic heterogeneity of Huntington’s disease. Although as
an autosomal dominant disorder it has a simple genetic basis, the clinical variability this results in via
the modulation of multiple biochemical pathways is enormous (Ross et al., 2014). These clearly are
tall orders, and no easy solutions should be expected anytime soon. However, the arguments laid out
here suggest that it will be difficult to cut this double Gordian knot without building a computational



framework that is able to relate implementational to algorithmic and functional levels.

Second, explanatory variables capture only a small fraction of the observed variance - they do not yet
explain enough (Barch et al., 2008; Savitz et al., 2013; Gignac and Szodorai, 2016). More specifically,
many symptoms of mental illnesses are self-reports expressed in words, and the ability to detect subtle
hints in the language of patients is both an important facet of clinicians’ skill, but also one that is hard
to quantify and hence may contribute to idiosyncrasies and poor agreement between raters. While some
of the work reviewed employs causal manipulations that directly alters self-report (e.g. Rutledge et al.
2017; see also Wager et al. (2013)), most of the work reviewed here attempts to gain an understanding of
these symptoms through cross-sectional correlations, and these tend to be low even when they replicate
robustly (Gillan et al., 2016; Gignac and Szodorai, 2016). Even if these correlations were high, the
guarantees necessary for cross-sectional patterns to be meaningful for individual subjects longitudinally
are unlikely to be given (Molenaar and Campbell, 2009; Borsboom et al., 2009). Furthermore, while
different, putatively more objective, task-based measures show comparatively better coherence amongst
each other, and so do different self-report measures, the coherence between task-derived and self-report
measures is relatively poor (Fig. 6A).

Third, part of this is due to an aspect of mechanistic research that was underappreciated until recently,
namely the tendency to squash between-subject variability (Hedge et al., 2018). Although a number of
putatively mechanistically informative task-derived measurements are highly robust at the group level,
they often show poor test-retest reliability, meaning that individual differences are not robust, and less
robust than self-report measures (Fig. 6B; Hedge et al. 2018; Enkavi et al. 2019; Rouder and Haaf 2019;
Huys 2020). One reason in particular is that group-level effects are maximised when individual differ-
ences are minimized. As most mechanistic research employs group-level approaches to discover shared
mechanisms, individual variation has often intentionally been suppressed (Fig. 6C). The fitting of genera-
tive computational models to data may have an important role to play. Such models can capture multiple
aspects of data, such as choices and reaction time, and ensure consistency across all aspects of the data
(Huys, 2017). As such, they can improve the measurement properties by reducing noise and improving
test-retest validity (e.g. Shahar et al. 2019a; Brown et al. 2020).

6 CONCLUSION

Computational psychiatry is a rapidly growing field that combines both data-driven and theory-driven
approaches. This review of theory-driven work has shown that investigations into dynamical, inference
and learning aspects of mental illnesses are progressing apace and becoming mature. They are allowing
increasingly tight relationships between detailed cellular and cognitive processes to be forged and some
of these have shown predictive power in longitudinal studies.

As outlined previously (Paulus et al., 2016), a core goal for computational psychiatry is to accelerate
the translation of (computational) neuroscience into improved patient outcomes. The paths through
which computational methods can support this goal are manifold. First, the focus in this review was
on mechanisms. We have illustrated how computational approaches allow mechanistic hypotheses and
processes to be tested. In addition, because the brain has a computational function at its heart, they are
unavoidable when attempting to grapple with the malfunctions observed in mental illnesses. Second,
computational approaches may provide tools for the measurement of these processes, and thereby facil-
itate precision-psychiatric approaches. For instance, tasks can be used to measure different aspects of
learning and inference, and these may be helpful for treatment stratification. Third, the identification
of computational processes can motivate novel approaches and interventions. For instance, the work
reviewed on the importance of working memory for reinforcement learning in schizophrenia, or on the
separate malleability of learning rates for appetitive and aversive events opens up novel potential thera-
peutic interventions.

Nevertheless, to take this forward, we believe that the field requires a dedicated focus on clinical appli-
cations. The field may benefit from a move away from cross-sectional research; towards a strong focus
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FIGURE 6: Challenges for task-based measurements. A: Questionnaire (red) and task-derived

measurements (blue) each cohere amongst each other, but there is little coherence between
tasks and self-report measurements. Each node represents a measurement, while the edges
represent the estimated regularized partial correlation between two measurements. Edges
have been thresholded (partial correlation strength ¢= 0.05). From Eisenberg et al. (2019).
B: Meta-analysis and replication of test-retest reliabilities of task- and questionnaire-derived
measures in yellow and blue, respectively. Each dot shows a reported test-retest reliabil-
ity. The black violin plots show results from a large online replication study. Adapted from
Enkavi et al. (2019). C: Tasks are often designed to show group-level effects, and hence
to minimize between-subject variance. However, the low between-subject variance also re-
duces the scope to see reliable individual differences. The panel shows that only around half
the test-retest variance can be accounted for by differences between individuals, meaning
that highly robust group-level effects are accompanied by unreliable individual differences.
Adapted from Hedge et al. (2018).



on longitudinal causal or quasi-causal study designs to understand how individuals change over time and
respond to interventions.

The cost of acquiring data, and the importance of devising procedures that are robust across labs and
indeed across international clinical settings renders relatively large-scale collaborations and consortia
critically important (Browning et al., 2020). Such collaborations could also be instrumental in setting
standards and agreeing on the kinds of details which will make modelling a robust technique for clinical
applications.
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