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Abstract

The positive-negative axis of emotional valence has long been recognised as
fundamental to adaptive behaviour, but its origin and underlying function has
largely eluded formal theorising and computational modelling. Using deep active
inference — a hierarchical inference scheme that rests upon inverting a model of
how sensory data are generated — we develop a principled Bayesian model of
emotional valence. This formulation asserts that agents infer their valence state
based on the expected precision of their action model — an internal estimate of
overall model fitness (“subjective fitness™). This index of subjective fitness can be
estimated within any environment and exploits the domain-generality of second-
order beliefs (beliefs about beliefs). We show how maintaining internal valence
representations allows the ensuing affective agent to optimise confidence in action
selection pre-emptively. Valence representations can in turn be optimised by
leveraging the (Bayes-optimal) updating term for subjective fitness, which we label
affective charge (AC). AC tracks changes in fitness estimates and lends a sign to
otherwise unsigned divergences between predictions and outcomes. We simulate
the resulting affective inference by subjecting an in silico affective agent to a T-
maze paradigm requiring context learning, followed by context reversal. This
formulation of affective inference offers a principled account of the link between
affect, (mental) action, and implicit meta-cognition. It characterises how a deep
biological system can infer its affective state and reduce uncertainty about such
inferences through internal action (i.e., top-down modulation of priors that

underwrite confidence). Thus, we demonstrate the potential of active inference to



provide a formal and computationally tractable account of affect. Our
demonstration of the face validity and potential utility of this formulation represents
the first step within a larger research programme. Next, this model can be leveraged
to test the hypothesised role of valence by fitting the model to behavioural and

neuronal responses.
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Introduction

We naturally aspire to attain and maintain aspects of our lives that make us feel
‘good’. On the flipside, we strive to avoid environmental exchanges that make us
feel ‘bad’. Feeling good or bad — emotional valence — is a crucial component of
affect and plays a critical role in the struggle for existence in a world that is ever-
changing, yet also substantially predictable (e.g., Johnston, 2003). Across all
domains of our lives, affective responses emerge in context-dependent yet

systematic ways to ensure survival and procreation (i.e., to maximise fitness).

In healthy individuals, positive affect tends to signal prospects of increased fitness
—such as the satisfaction and anticipatory excitement of eating. In contrast, negative
affect tends to signal prospects of decreased fitness — such as the pain and
anticipatory anxiety associated with physical harm. Such valenced states can be
induced by any sensory modality, and even by simply remembering or imagining
scenarios unrelated to one’s current situation — allowing for a domain-general
adaptive function. However, that very same domain-generality has posed

difficulties when attempting to capture such good and bad feelings in formal or



normative treatments. This kind of formal treatment is necessary to render valence
quantifiable, via mathematical or numerical analysis (i.e., computational
modelling). In this paper, we propose a computational model of valence to help

meet this need.

In formulating our model, we build on both classic and contemporary work on
understanding emotional valence, at psychological, neuronal, behavioural, and
computational levels of description. At the psychological level, a classic
perspective has been that valence represents a single dimension (from negative to
positive) within a 2-dimensional space of “core affect” (Russell, 1980; Barrett &
Russel, 1999), with the other dimension being physiological arousal (or subjective
intensity); further dimensions beyond these two have also been considered (e.g.,
control, predictability; Fontaine et al., 2007). Alternatively, others have suggested
that valence is itself a 2-dimensional construct (Cacioppo & Breisemeister, 1994;
Briesemeister, Kuchinke, & Jacobs, 2012), with the intensity of negative and
positive valence each represented by its own axis (i.e., where high negative and

positive valence can co-exist to some extent during ambivalence).

At a neurobiological level, there have been partially corresponding results and
proposals regarding the dimensionality of valence. Some brain regions (e.g.,
ventromedial prefrontal [VMPFC] regions) show activation patterns consistent with
a l-dimensional view (reviewed in Lindquist et al., 2016). In contrast, single
neurons have been found that respond preferentially to positive or negative stimuli

(Paton, Belova, & Morrison, 2006; Morrison & Salzman, 2009), and separable



brain systems for behavioral activation and inhibition (often linked to positive and
negative valence, respectively) have been proposed (Gray, 1994), based on work
highlighting brain regions that show stronger associations with reward and/or
approach behaviour (e.g., nucleus accumbens, left frontal cortex, dopamine
systems; Rutledge et al., 2015) or punishment and/or avoidance behaviour (e.g.,
amygdala, right frontal cortex; Davidson, 2004). However, large meta-analyses
(e.g., Lindquist et al., 2018) have not found strong support for these views (with the
exception of one-dimensional activation in VMPFC) — instead finding that the
majority of brain regions are activated by increases in both negative and positive
valence, suggesting a more integrative, domain-general use of valence information,
which has been labeled an “affective workspace” model (Lindquist et al., 2016).
Note: The associated domain-general (“constructivist”) account of emotions
(Barrett, 2017) — as opposed to just valence — contrasts with older views suggesting
domain-specific sub-cortical neuronal circuits and associated “affect programs” for
different emotion categories (e.g., distinct circuits for generating the feelings and
visceral/behavioural expressions of anger, fear, or happiness; Ekman, 1992;
Panksepp et al., 2017). However, this debate between constructivist and “basic
emotions” views goes beyond the scope of our proposal. Questions about the
underlying basis of valence treated here are much narrower than (and partially
orthogonal to) debates about the nature of specific emotions, which further
encompasses appraisal processes, facial expression patterns, visceral control,
cognitive biases, and conceptualization processes, among others (Smith & Lane,

2015; Smith et al., 2018).



At a computational level of description, prior work related to valence has primarily
arisen out of reinforcement learning (RL) models — with formal models of links
between reward/punishment (with close ties to positive/negative valence), learning,
and action selection (Sutton & Barto, 2018). More recently, models of related
emotional phenomena (mood) have arisen as extensions of RL (Eldar et al., 2016;
Eldar & Niv, 2015). These models operationalize mood as reflecting a recent history
in unexpected rewards or punishments (positive or negative reward prediction
errors [RPEs]), where many recent better-than-expected outcomes lead to positive
mood, and repeated worse-than-expected outcomes leading to negative mood. The
formal “mood” parameter in these models functions to bias the perception of
subsequent rewards/punishments with the subjective perception of rewards and
punishments being amplified by positive and negative mood, respectively.
Interestingly, in the extreme this can lead to instabilities (reminiscent of bipolar or
cyclothymic dynamics) in the context of stable reward values. However, these
modelling efforts have had a somewhat targeted scope, and have not aimed to
account for the broader domain-general role of valence associated with findings

supporting the affective workspace view mentioned above.

In this paper, we demonstrate that hierarchical (i.e., deep) Bayesian networks,
solved using active inference (Friston, Parr, & de Vries, 2018), afford a principled
formulation of emotional valence — building on both the work mentioned above as
well as prior work on other emotional phenomena within the active inference
framework (Smith, Parr, & Friston, 2019; Joffily & Coricelly, 2013; Clark, Watson,

& Friston, 2016; Seth & Friston, 2016). Our hypothesis is that emotional valance



can be formalized as a state of self that is inferred on the basis of fluctuations in the
estimated confidence (or precision) an agent has in her generative model of the
world that informs her decisions. This is implemented as a hierarchically
superordinate state representation that takes the aforementioned confidence
estimates at the lower level as data for further self-related inference. After
motivating our approach on theoretical and observational grounds, we demonstrate
affective inference by simulating a synthetic animal that ‘feels’ its way forward
during successive explorations of a T-maze. We use unexpected context changes to
elicit affective responses, motivated in part by the fact that affective disorders are
associated with deficiencies in performing this kind of task (Adleman et al., 2011,

Dickstein et al., 2010).

A Bayesian view on life: survival of the fittest model

Every living thing from bachelors to bacteria seeks glucose proactively — and does
so long before internal stocks run out. As adaptive creatures, we seek outcomes that
tend to promote our long-term functional and structural integrity (i.e., the well
bounded set of states that characterise our phenotypes). That adaptive and
anticipatory nature of biological life is the focus of the formal Bayesian framework
called active inference. This framework revolves around the notion that all living
systems embody statistical models of their worlds (Friston, 2010; Gallagher &
Allen, 2018). In this way, beliefs about the consequences of different possible
actions can be evaluated against preferred (typically phenotype-congruent)

consequences to inform action selection. In active inference, every organism enacts



an implicit phenotype-congruent model of its embodied existence (Ramstead et al.,
2019), which has been referred to as self-evidencing (Hohwy, 2016). Active
inference has been used to develop neural process theories and explain the
acquisition of epistemic habits (e.g., Friston, FitzGerald et al. 2016, Friston,
FitzGerald et al. 2017). This framework provides a formal account of the balance
between seeking informative outcomes (that optimize future expectations) versus

preferred outcomes (based on current expectations; Schwartenbeck et al., 2013).

Active inference formalises our survival and procreation in terms of a single
imperative: to minimise the divergence between observed outcomes and
‘phenotypically expected’ (i.e., preferred) outcomes under a (generative) model that
is fine-tuned over phylogeny and ontogeny (Badcock, 2012; Badcock et al., 2017,
2019). This discrepancy can be quantified using an information-theoretic quantity
called variational free energy (denoted F, see appendix Al; Friston, 2010). To
minimise free energy is mathematically equivalent to maximising (a lower bound
on) Bayesian model evidence, which quantifies model fit or subjective fitness; this
contrasts with biological fitness, which is defined as actual reproductive success
(Constant et al., 2018). Subjective fitness more specifically pertains to the perceived
(i.e., internally estimated) efficacy of an organism’s action model in realising
phenotype-congruent (i.e., preferred) outcomes. Through natural selection,
organisms that can realise phenotype-congruent outcomes more efficiently than
their conspecifics will (on average) tend to experience a fitness benefit. This type
of'natural (model) selection will favour a strong correspondence between subjective

fitness and biological fitness by selecting for phenotype-congruent preferences and



the means of achieving them. This Bayesian perspective casts groups of organisms
and entire species as families of viable models that vary in their fit to a particular
niche. On this higher level of description, evolution can be cast as a process of
Bayesian model selection (Campbell, 2016; Constant et al., 2018; Hesp et al., 2019),
in which biological fitness now becomes the evidence (a.k.a., marginal likelihood)
that drives model (i.e., natural) selection across generations. In the following, we
exploit the correspondence between subjective fitness and model evidence to

characterise affective valence.

This paper comprises four sections. The first section reviews the formalism that
underlies active inference. In brief, active inference offers a generic approach to
planning as inference (Attias 2003, Botvinick & Toussaint 2012, Kaplan & Friston
2018), under the free energy principle (Friston 2019). It provides an account of
belief updating and behaviour as the inversion of a generative model. In this section
we will emphasise the hierarchical and nested nature of generative models and
describe the successive steps of increasing model complexity that enable an agent
to navigate increasingly complicated environments. Of the lowest complexity is a
simple, single-timepoint model of perception. Somewhat more complex perceptual
models can include anticipation of future observations. Complexity further
increases when a model incorporates action selection, and must therefore anticipate
the observed consequences of different possible plans or policies. As we explain
below, one key aspect of adaptive planning is the need to afford the right level of
precision or confidence to one’s own action model. This constitutes an even higher

level of model complexity, which can be regarded as an implicit (i.e., sub-personal)
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form of metacognition — a (typically) unconscious process estimating the reliability
of one’s own model. This section concludes by describing the setup we use to
illustrate affective inference, and the key role of an update term within our model
that we refer to as “affective charge”. The second section introduces the highest
level of model complexity we consider, which affords a model the ability to perform
affective inference. In brief, we add a representation of confidence, in terms of
‘good’ and ‘bad’ (i.e., valenced) states that endow our affective agent with explicit
(i.e., potentially self-reportable) beliefs about valence — and enable her to optimise
her confidence in expected (epistemic and pragmatic) consequences action. Having
defined a deep generative model (i.e., with two hierarchical levels of state
representation) that is apt for representing and leveraging valence representations,
the third section uses numerical analyses (i.e., simulations) to illustrate the
associated belief-updating and behaviour. We conclude with a discussion of the
implications of this work; such as the relationship between implicit metacognition

and affect, connections to reinforcement learning, and future empirical directions.

Methods

An incremental primer on Active inference

At the core of active inference lie generative models that operate with — and only
with — local information (i.e., without external supervision, which maintains
biological plausibility). In this paper, we will focus on partially observable Markov
decision processes (MDPs) — a common generative model for Bayesian inference

over discretised states, where beliefs take the form of categorical probability
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distributions. MDPs can be used to update beliefs about hidden states of the world
‘out there’ (denoted s), based on sensory inputs (referred to as outcomes or
observations, denoted o ). Given the importance of the temporally deep and
hierarchical structure afforded by MDPs in our formulation, below we first
introduce several incremental levels of model complexity on which our formulation

will build, following the sequence in Figure 1.

Level 1: Perception

At the lowest level of complexity we consider a generative model of perception at
a single point in time (M; in Figure 1a; Table 1), which entails prior beliefs about
hidden states (prior expectations D) as well as beliefs about how hidden states
generate sensory outcomes (via a likelihood mapping A ). Perception here
corresponds to a process of inferring which hidden states (posterior expectations's
) provide the best explanation for observed outcomes (see also Appendix A2).
However, this model of perception is too simple for modelling most agents, because
it fails to account for the transitions between hidden states over time that lend the
world — and subsequent inference — dynamics or narratives. This takes us to the next

level of model complexity.
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Table 1. 4 generative model of perception (M, in Figure 1a). The generative model
is defined in terms of prior beliefs about hidden states P(s) = Cat(D) (where D is
a vector encoding the prior probability of each state) and a likelihood mapping
P(o|s) = Cat(A) (where A is a matrix encoding the probability of each outcome
given a particular state). ‘Cat(X)’ denotes a categorical probability distribution
(see also the Supplementary Information A3). Through variational inference, the
beliefs about hidden states s are updated given an observed sensory outcome o,
thus arriving at an approximate posterior Q(s) = Cat(s) (see also Supplementary
Information Al), where S = o(InD +In A - 0). Here, the dot notation indicates
backward matrix multiplication (in the case of a normalised set of probabilities and
a likelihood mapping): for a given outcome, A -0 returns the (renormalised)

probability or likelihood of each hidden state s (see also the Supplementary

Information A2).

Prior beliefs (generative model) (P) Approximate posterior beliefs (Q)
P(s)=Cat(D) O(s)= Cat(3)
%,._/
state prior state posterior
P(o|s)=Cat(A) s=0(InD+InA0)
—_— —_—
likelihood prior sensory
beliefs evidence
s =D
8
state .
expectations
0 =As

{ovr|
outcome
expectations
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Level 2: Anticipation

The next level of complexity involves a generative model that specifies how hidden
states evolve from one point in time to the next (according to state tramsition

probabilities B_). As shown in Table la (M: in Figure la; Table 2), updating
posterior beliefs about hidden states (5 ) now involves the integration of beliefs
about past states (5, ), sensory evidence (o, ), and beliefs about future states (5 _,

). From here, the natural third step is to consider how dynamics depend upon the

choices of the creature in question.
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Table 2. A generative model of anticipation (M: in Figure la). The generative
model is defined in terms of prior beliefs about initial hidden states P(s;) =
Cat(D), hidden state transitions P(S;41|S;) = Cat(B;), a likelihood mapping

P(o|s) = Cat(A). Note the factor of % in posterior state beliefs S, results from the

marginal message-passing approximation introduced by Parr et al. (2020).

Generative model (P) Approximate posterior beliefs (Q)
P(sl)=Cat(D) Q(ST)= Cat(ET)
—
initial state prior state posterior
P(s,|s,,)=Cat(B,) 5 =0(%ID +InA-o +%mnB, 5,
— _ _ _
state transitions S, =(5(1/zlnBls1 +InA-0, +%InB, - 3)
s, =D
s, = cs(lnBZE2 + 1nA~o3)
S =B s
7+l TT — —
) forward sensory backward
state expectations messages evidence messages
o, =As,
—~ .
outcome expectations
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M,. Generative model of perception

Perceiving
hidden states

[predictive density]

Likelihood

Prior over
hidden states

s=D

Posterior over
hidden states, given observation o

~S8S=0(nD +InA-o,)

.-
@)

mapping

0=As

M,. Generative model of anticipation

Anticipating
hidden states

over time State

transitions

St41 = Btsr

0; = As;
[time-specific
predictive density]

o,
DD O

A oA
@ @ G

“ [prior + sensory evidence]

_ Sensory outcome
- OT

Posterior over
hidden states, given observation o,

§‘r =o0(%InB;_18;4 [past: 7—1]
+%InB; - s, [future: 7+ 1]
+InA -o;) [present: 7 ]

Sensory outcomes
OT

Figure 1a. The first and second levels (M|.2) of a generative model. [M;:] A minimal

generative model of perception can infer hidden states s from an observation o,

based on prior beliefs (D) and a likelihood mapping (A ). [M2:] A generative

model of anticipation extends perception (as in M;) forward into the future (and

backward into the past) using a transition matrix (B_) for hidden states.

Level 3: Action

The temporally extended generative model discussed above can be further extended

to model planning (M3 in Figure 1b; Table 3), by conditioning transition

probabilities (B_) on action. Policy selection (i.e., planning) can now be cast as a

form of Bayesian model selection, in which each policy (i.e., a sequence of B_-
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matrices, subscripted by = for policy) represents a possible version of the future.
A priori, the agent’s beliefs about policies ( # ) depend on a baseline prior
expectation about the most likely policies (which can often be thought of as habits,

denoted g_) and an estimate of the negative log evidence it expects to obtain for
each policy — the expected free energy (denoted G _). The latter is biased towards

phenotype-congruence, in the sense that any given behavioural phenotype is
associated with a range of species-typical (i.e., preferred) sensory outcomes. For
example, within their respective ecological niches, different creatures will be more
or less likely to sense different temperatures through their thermoreceptors (i.e.,
those consistent with their survival). These phenotypic priors (“prior preferences”)
are cast in terms of a probability over observed future outcomes. Together, the
baseline and action model priors (E; + G;;) are supplemented by the evidence that
each new observation provides for a particular policy — leading to a posterior

distribution over policies with the form -mz=E_+G_+F,_, which is equivalent to

n=0(-E_-G_-F).

Expected free energy can be decomposed into two terms, referred to as the risk and
ambiguity for each policy. The risk of a policy is the expected divergence between
anticipated and preferred outcomes (denoted by C ) — where the latter is a prior that
encodes phenotype-congruent outcomes (e.g., reward or reinforcement in
behavioural paradigms). Risk can therefore be thought of as similar to a reward
probability estimate for each policy. The ambiguity of a policy corresponds to the

perceptual uncertainty associated with different states (e.g., searching under a

17



streetlight versus searching in the dark). Policies with lower ambiguity (i.e., those
expected to provide the most informative observations) will have a higher
probability, providing the agent with an information-seeking drive. The resulting
generative model provides a principled account of the subjective relevance of
behavioural policies and their expected outcomes, in which an agent trades off
between seeking reward and seeking new information (Friston et al 2017).
Furthermore, it generalises many established formulations of optimal behaviour
(Itti and Baldi 2009, Schmidhuber 2010, Mirza et al. 2016, Veale, Hafed et al.
2017), and provides a formal description of the motivated and self-preserving

behaviour of living systems (Friston et al 2015a).
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Table 3. A generative model of action (M3 in Figure 1b): inferring posterior policies

n from (policy-specific) posterior beliefs about hidden states s __, based on (policy-

specific) state transitions B_, the baseline policy prior E_, the expected free energy

G _ (action model), and prior preferences over outcomes C .

Prior beliefs (generative model) (P)

Posterior beliefs (Q) and expectations

P(z)=Cat(m)

—
policy prior

E =0 (—E” = Gﬂ )

}e)xoll)lgcytations baseline prior action model
G, =) o -(no, —C)-diag(A-InA)-s_
—

expected ic ri iouif

e expected phenotypic risk expected perceptual ambiguity
C =P,

phenotypic

preferences

Q(ﬂ:)= Cat(ﬁ)
H—/
policy posterior
#=0(nE, -G, -F,)
—
perceptual evidence
F=Y 5 -(Ins_—InA-o,
—%InB__§

nr—1"mr-1

- I/Zlan’ '§m'+1)

policy-specific prediction error

P(s,,|s,,m)=Cat(B,)
—
policy-specific
state transitions

s, =D
s7r‘r+1 = Bm sm’
o =As_

—_—
policy-specific
expectations

O(s, |7)= Car(s,,)

policy-specific state posterior

5, =0(%mhB__3

nr-1"nr-1

+lnA~or+1/21an-§ml)
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/M3. Generative model of action

Inferring phenotype- BZiZ’r"; e E

congruent policies Phenotypic é

ﬁ om outcome preferences
ey oy p—— Y Posterior over
Gy = 2,00, (Inoy, — ©) — diag(A - InA) - 5,1 6 -, policies

} = 0(—E; —G; —Fy)
2. [priors + perceptual evidence]

r
I

Prior over | Perceptual evidence: Free energy

policies . Fn. =2, [Spz-(In§;; —InA-o,
M= 0'(_E1( - Gn) —%1n B‘r—1§1r1'—1 —%In B‘z'+1 : §11"¢'+1)]
[baseline +action model] oo

§ Posterior over
(M2 | 1T) ?ste 101 ove.
. _ .. hidden states
...perceived Smt+1 = BuSr | | = 1

. [policy-specific " S = (A Bre_1Spcs
hidden state priors] +%InBy; - Spriq

states +InA-oo)

Opr = ASy
[policy-specific Sensory outcomes
outcome priors] 0

AU >

Figure 1b. The third step (M3) of an incremental summary of active inference. In a
generative model of action, state transitions are conditioned upon policies r . Prior
policy beliefs © are informed by the baseline prior over policies (“model free”,
denoted ¥.;) and the expected free energy (G_), which evaluates each policy-
specific perception model (as in M) in terms of the expected risk and ambiguity.
Risk biases the action model towards phenotype-congruent preferences ( C ).
Posterior policy beliefs are informed by the fit between anticipated (policy-specific)

and preferred outcomes, while at the same time minimising their ambiguity.
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Level 4: Implicit metacognition

The three levels of complexity above are jointly sufficient for the vast majority of
(current) active inference applications. However, a fourth level is required to enable
an agent to estimate its own success, which could be thought of as a minimal form
of (implicit, non-reportable) metacognition (M4 in Figure 1c; Table 4). Estimation
of an agent’s own success specifically depends on an expected precision term

(denoted v ) that reflects prior confidence in the expected free energy over policies
(G ,)- This expected precision term modulates the influence of expected free energy
on policy selection, relative to the fixed form policy prior (E_) — namely, higher y

values afford a greater influence of the expected free energies of each policy

entailed by one’s current action model. Formulated in this way, we can think of vy

as an internal estimate of model fitness (subjective fitness), because it represents an
estimate of confidence (M4) in a phenotype-congruent model of actions (M3), given

inferred hidden states of the environment (M3).

In turn, estimates for this precision term (v ) are informed by a (Gamma) prior that
is usually parametrised by a rate parameter g, with which it has an inverse relation.
When expected model evidence is greater under posterior beliefs compared to prior
beliefs (i.e., when (n-m)-G,>0), y values increase. That is, confidence in the
success of one’s model rises. In the opposite case (i.., when (z-7)-G_ <0), y

values decrease. That is, confidence in the success of one’s model falls. Note that,

while related, y values are not redundant with the precision of the distribution over

policies ( rt ). High values of the latter (which correspond to high confidence in the
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best policy/action), need not always correspond to high confidence in the success

of one’s model (high y ). To emphasize its relation to valence in our formulation,

going forward we will refer to y updates using the term affective charge (AC):

AC=-AB=(n-7)-G,_

eq.1

This shows that the time scale over which beliefs about policies are updated sets
the relevant time scale for AC, such that valence is linked inextricably to action. AC
can only be non-zero when inferred policies differ from expected policies n=7. It
is positive when perceptual evidence favours an agent’s action model and negative
otherwise. In other words, positive and negative AC correspond, respectively, to
increased and decreased confidence in one’s action model. Accordingly, because

G _1s a function of achieving preferred outcomes, 4C can be construed as a reward
prediction error (i.e., where reward is inversely proportional to G_(Friston et al

2014)). For example, a predator may be confidently pleased with itself after spotting
a prey (positive AC) and frustrated when it escapes (negative AC). However, as
briefly mentioned above, having precise beliefs about policies should not be
confused with having confidence in one’s action model. For instance, consider a
prey animal nibbling happily on her food, who suddenly finds herself being pursued
by a voracious predator. While fleeing was initially an unlikely policy, this
dramatically changes upon encountering the predator. Now, this animal has a very
precise belief that she should flee, but this dramatic change in her expected course

of action suggests that her action model has become unreliable. Thus, while she has
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precise beliefs about action, AC would be highly negative (i.e., a case of negative

valence but confident action selection).
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Table 4. A generative model of minimal (implicit) metacognition (My in Figure Ic):

inferring expected precision vy from posterior policies n, based on a Gamma
distribution with temperature B. Bayes-optimal updates of B differ only in sign

from the term we label affective charge ( AC = -AB ; see also My in Figure Ic).

Prior beliefs (generative model) (P) Posterior beliefs (Q) and expectations

P(r)=r(18) o(r)=r(1. B)
e T =E,,[r]=1/B
Y =L lr1=1/B *,3,;“_
e S 6o c
AC = (n — ﬁ) ‘G,
- D
2}?;:;16 phenotypic progress
r=ol®.-16) 7=0(-E,—1G,-F,)
——

precision-weighted
action model

. 0
M4 Generative model of implicit metacogmtlon I G
precision
Esti lmatmg your Prior over .8
confidence in precision ‘mc : Q(‘y—)l Hal
P(y) =T(1,B) ,T’ZY_____/E _____________________ .
| Affective charge |
e e  AC-a-me
M; | y) E E E Posterior over
_ policies
...a phenolfylfe congruent e = o(E 16— E)
model of actions on... T
= o(-E, - vc,.)
M, | m) Policy-specific
...perceived posterior over
hidden states 6 Bau @ @ hidden states
O VTV
‘ ‘ ‘ Sensory outcomes
@ @ e,
-
(S )




Figure 1c. The fourth step (My) of our incremental description of active inference
in terms of the nested processes of perception (M2 in Figure la), action (M3 in
Figure 1b), and implicit metacognition (My in this figure), emphasising the
inherently hierarchical, recurrent nature of these generative models. This
generative model infers confidence in its own action model in terms of the expected

precision (y ), which modulates reliance on G_for policy selection (as in Mj3),
based on perceptual inferences (as in M>). Expected precision (vy) changes when

inferred policies differ from expected policies. This term increases when posterior
(policy-averaged) expected free energy is lower than when averaged under the

policy prior (i.e., AC=(n-7)-G, <0), and decreases when it is higher (i.e., AC>0

)

This completes our formal description of active inference under Markov decision
process models. This description emphasises the recursive and hierarchical
composition of such models — that equip a simple likelihood mapping between
unobservable (hidden) states and observable outcomes with dynamics. These
dynamics (i.e., state transitions) are then cast in terms of policies, where the policies
themselves have to be inferred. Finally, the ensuing ‘planning as inference’ is
augmented with a metacognitive level that optimises the reliance on expected free
energy (i.e., based on one’s current model) during policy selection. This model calls

for Bayesian belief updating that can be framed in terms of affective charge (AC).

As briefly mentioned above, AC is formally related to reward prediction error

within reinforcement learning models (Friston et al 2014, Schultz et al 1997,
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Stauffer et al 2014). Accordingly, it may be reported or encoded by
neuromodulators like dopamine in the brain (Friston et al 2015b, Schwartenbeck et
al 2015); a view that has been empirically supported using functional magnetic
resonance imaging of decision making under uncertainty (Schwartenbeck et al
2015). The formal relationship between AC (across each time step) and the neuronal
dynamics that may optimise it within each time step can be obtained (in the usual
way) through a gradient descent on free energy (as derived in Friston et al., 2017).
Through substitution of 4C, we find that posterior beliefs about expected precision

(7=1/p) satisty the following equality:

B()=p— AC-B(1) eq. 2

Where ¢ denotes the passage of time within a trial time step and thus sets the
timescale of convergence (here the bar notation indicates posterior beliefs; dot
notation indicates rate of change). The corresponding analytical solution shows that
the magnitude of fluctuations in expected precision are proportional to AC:

B()=B-AC(1-e")

- eq.3
B(t)=—ACe"

We will discuss the potential neural basis of AC further below. In the next section,
we describe the simulation set up that we will use to quantitatively illustrate the

proposed role of AC in affective behaviour.
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The T-maze paradigm

The generative model described above has been formulated in a generic way
(reflecting the domain-generality of our formulation). The particular
implementation of active (affective) inference used in this paper will be based upon
a T-maze paradigm (see Figure 2), for which an active-inference MDP has been
validated previously (e.g., Pezzulo et al., 2016). Here we describe this
implementation, and subsequently use it to show simulations demonstrating
affective inference in a synthetic animal. Simulated behaviour in this paradigm is

consistent with that observed in real rats within such contexts.

For the sake of simplicity, the agent is equipped with (previously gathered) prior
knowledge about the workings of the T-maze in her generative model. Starting near
the central intersection, the agent can either stay put or move in three different
directions: left, right, or downwards in the T-maze. She knows that there is a tasty
reward located either in the left or right arm of the T-maze, and a painful shock in
the opposite arm. She is also aware that the left and right arms are one-way streets
(i.e., absorbing states): once entered, she must remain there until the end of the trial.
At the downward location there is an informative cue, which she knows provides
reliable contextual information about whether the reward is located in the left or
right arm in the current trial. The key probability distributions for the generative

model are provided in Figure 3.

Although relatively simple, this generative model has most of the ingredients

needed to illustrate fairly sophisticated behaviour. Because actions can lead to
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epistemic or informative outcomes — that change beliefs — it naturally
accommodates situations or paradigms that involve both exploration and
exploitation under uncertainty. Our primary focus here is on the expected precision

term, and its updates (i.e., AC), that were described above.

~N
One-way trapdoors , £l [ £ [
lead to tasty food or a painful shock ;
pragmatic value food shock shock food
Our subject . Food location
changes her own location . s oto
! changes over trials
starting from sger = center
Hidden cue .
provides information about food location Syooa @ Left or Right »
epistemic value aatahu
Starttrial 7 =1 =2 T=3 Endtrial

?] F7 F\ ] & H

Typical solution: Our subject checks the cue... and obtains her reward.
(epistemic foraging) (pragmatic foraging) |

Figure 2. The setup of the T-maze task (top panel) and its typical solution (bottom
panel). The synthetic agent (here, a rat) starts in the middle of the T-maze. If it
moves upward, it will encounter two one-way doors, left (denoted L) and right
(denoted R ), which lead either to a rewarding food source or to a painful shock
(i.e., high vs. low pragmatic value, respectively). If it moves downward, it will
encounter an informative cue (i.e., high epistemic value) that indicates whether the

food is in the left or right arm.
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Figure 3a. 4 generative model for the T-maze setup of Figure 2, with the priors

(top-left panel) as in Figure Ic, now specified as vectors or matrices. Here, the

probabilities reflect a set of simple assumptions embedded in the agent’s generative

model — each of which could itself be optimised by fitting to empirical data.

(Middle-left panel) Prior expectations D for initial states are defined as uniform,

given the rat has been trained in a series of random left-right trials. (Middle panel)

The vector C encoding preferences is defined such that reward outcomes are

strongly preferred (green circles): odds e*:1 compared to ‘none’ outcomes (grey

crosses) — and punishments are extremely non-preferred (red): odds e: 1 compared

to ‘none’ outcomes. (Bottom-left panel) The matrix A for the likelihood mapping
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reflects two assumptions about the agent’s beliefs given each particular context
(which could be trained through prior trials). Firstly, the location-reward
mappings always have some minimal amount of uncertainty (.02 probability).
Secondly, the cue is a completely reliable context indicator. (Top-right panel) The
matrix B for the state transitions reflects the fact that changing location is either
very easy (100 percent efficacious) or impossible when stuck in one of the one-way
arms. (Bottom-right panel) The vector V for the policies reflects possible
combinations of actions over the two time steps and associated baseline prior over
policies E, which starts at an initial, uniformly distributed level of evidence for each
policy —which can be seen as reflecting an initial period of free exploration of the
maze structure (here the value of 2.3 regulates the impact of subsequently observed
policies, where the value for each policy increments by [ each time it is

subsequently chosen).

Figure 3b illustrates typical behaviour under this particular generative model. These
results were modelled after (Friston et al 2017) and show a characteristic transition
from exploratory behaviour to exploitative behaviour — as the rat becomes more
confident about the context in which she is operating; i.e., here learning that the
reward is always on the left. This increase in confidence is mediated by changes in
prior beliefs about the context state (i.e., location of the reward) that are
accumulated by repeated exposure to the paradigm over 32 trials (this accumulation
is here modelled using a Dirichlet parameterisation of posterior beliefs about initial
states). These changes mean that the rat becomes increasingly confident about what

she will do, with concomitant increases or updates to the expected precision term.
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These increases are reflected by fluctuations in affective charge (middle panel). We
will use this kind of paradigm later to see what happens when the reward

contingencies reverse.
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Figure 3b — Simulated responses over 32 trials with food located on the left side of
the T-maze: this figure reports the behavioural and (simulated) affective charge
responses during successive trials. The top panel shows, for each trial, the selected
policy (in image format) over the policies considered (arrows indicate moving to
each respective arm, circles indicate staying in, or returning to, the centre position).
The policy selected in the first twelve trials corresponds to an exploratory policy,
which involves examining the cue in the lower arm and then going to the left or
right arm to secure the reward (i.e., depending on the cue, which here always
indicates that reward is on the left). After the agent becomes sufficiently confident

that the context does not change (after trial 12), she indulges in pragmatic
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behaviour, moving immediately to the reward without checking the cue. The middle
panel shows the associated fluctuations in affective charge. The bottom panel shows

the accumulated posterior beliefs about the initial state.
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Affective valence as an estimate of model fithess in deep temporal

models

Within various modelling paradigms, a few researchers have recognised — and
aimed to formalise — the relation between subjective fitness and valence. For
example, Phaf and Rotteveel (2012) used a connectionist approach to argue that
valence corresponds broadly to match-mismatch processes in neural networks —
thus monitoring the fit between a neural architecture and its input. As another
example, Joffily and Coricelli (2013) previously proposed an interpretation of
emotional valence in terms of rates of change in variational free energy. However,

this proposal did not include formal connection to action.

The notion of affective charge described here might be seen as building on such
previous work by linking changes in free energy (and the corresponding match-
mismatch between a model and sensory input) to an explicit model of action
selection. In this case, an agent can gauge subjective fitness by evaluating its
phenotype-congruent action model (G;;) against perceptual evidence deduced from
actual outcomes (F;;). Such a comparison — and a metric for its computation — is
exactly what is provided by affective charge, which specifies changes in the
expected precision of (i.e., confidence in) one’s action model (see My in Figure 1c¢).
Along these lines, various researchers have previously developed conceptual
models of valence based on the expected precision of beliefs about behaviour (Seth

& Friston, 2016; Badcock et al. 2017, Clark et al. 2018). Crucially, negatively
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valenced states lead to behaviour suggesting a reduced reliance on prior
expectations (Bodenhausen, Sheppard, & Kramer, 1994; Gasper & Clore, 2002),
while positively valenced states instead appear to increase reliance on prior
expectations (Bodenhausen, Kramer, & Siisser, 1994; Park & Banaji, 2000) — both
consistent with the idea that valence relates to confidence in one’s internal model

of the world.

One might correspondingly ask whether an agent should rely to a greater or lesser
extent on the expected free energy of policies when deciding how to act. In effect,
the highest level of the generative model shown in Figure 1c (i.e., M4, also outlined
in Table 4) provides an uninformative prior over expected precision that may or
may not be apt in a given world. If the environment is sufficiently predictable to
support a highly reliable model of the world, then high confidence should be
afforded to expected free energy in forming (posterior) plans. In economic terms,
this would correspond to increasing risk sensitivity (i.e., where risk minimising
policies are selected). Conversely, in an unpredictable environment it may be
impossible to predict risk, and expected precision should, a priori, be attenuated,

thereby paying more attention to sensory evidence.

This suggests that in a capricious environment, behaviour would benefit from prior
beliefs about expected precision that reflect the prevailing environmental volatility.
In other words, beliefs that reflect how well a model of that environment can
account for patterns in its own action-dependent observations. In what follows, we

equip the generative model above with an additional (hierarchically and temporally
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deeper) level of state representation that allows an agent to represent and
accumulate evidence for such beliefs — and we show how this leads naturally to a

computational account of valence from first principles.

Deep temporal models of this kind (with 2 levels of state representation) have been
used in previous research on active inference (Friston et al., 2017). In these models,
posterior state representations at the lower level are treated as observations at the
higher level. State representations at the higher level in turn provide prior
expectations over subsequent states at the lower level (see graphical model
depiction in Figure 4). This means that higher-level state representations evolve
more slowly, as they must accumulate evidence from sequences of state inferences
at the lower level. Previous research has shown, for example, how this type of deep
hierarchical structure can allow an agent to hold information in working memory
(Parr & Friston, 2017) and to infer the meaning of as sentence based on recognising

a sequence of words (Friston et al., 2017)

Here we extend this previous work by allowing an agent to infer higher-level states,
not just from lower-level states, but also from changes in lower-level expected
precision (i.e., AC). This entails a novel form of parametric depth, in which higher-
level states are now informed by lower-level model parameter estimates. As we
show below, this then allows for explicit higher-level state representations of
valence (i.e., more slowly evolving estimates of model fitness), based on the
integration of patterns in affective charge over time. In anthropomorphic terms, the

agent is now equipped to explicitly represent whether her model is doing ‘good’ or

36



‘bad’ at a time scale that spans many decisions and observed outcomes. Hence,
something with similar properties as valence (i.e., with intrinsically good/bad
qualities) emerges naturally out of a deep temporal model that tracks its own
success to inform future action. Note that ‘good’ and ‘bad’ are inherently domain-
general here, and yet — as we will now show — they can provide empirical priors on

specific courses of action.

Affective inference

This paper characterises the valence component of affective processing with respect
to inference about domain-general valence states (i.e., inferred from patterns in
expected precision updates over time). In particular, we focus on how valence
emerges from an internal monitoring of subjective fitness by an agent. To do so, we
specify how affective states participate in the generative model and what kind of
outcomes they generate. Since deep models involve the use of empirical priors —
from higher levels of state representation — to predict representations at subordinate
levels (Friston, Parr, et al., 2018), we can apply such top-down predictions to supply
an empirical prior for expected precision (y). Formally, we associate alternative
discrete outcomes from a higher-level model with different values of the rate

parameter (f) for the gamma prior on expected precision.

Note that we are not associating the affective charge term to emotional valence
directly. The affective charge term tracks fluctuations in subjective fitness. To

model emotional valence, we introduce a new layer of state inference that takes
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fluctuations in the value of vy (i.e., AC-driven updates) over a slower timescale as

evidence favouring one valence state vs. another.

By implementing this hierarchical step in an MDP scheme, we effectively formulate
affective inference as a parametrically deep form of active inference. Parametric
depth means that higher-order affective processes generate priors that parametrise
lower-order (context-specific) inferences, which in turn provide evidence for those

higher-order affective states.

Simulating the affective ups and downs of a synthetic rat

As a concrete example, we here implement a minimal model of valence, in which a
synthetic rat infers whether her own affective state is positive or negative within the
T-maze paradigm. Our hierarchical model of the T-maze task comprises a lower-
level MDP for context-specific active inference (M4 in Figure 1¢) and a higher-level
MDP for affective inference (Figure 7). Note, however, that this is simply an
example, and the lower level model could in principle generalise to any other type
of task that is relevant to the agent in question. The hidden states at the higher level
provide empirical priors over any variable at the lower level that does not change
over the time scale associated with that level. These variables include the initial
state, priors over expected precision, fixed priors over policies, and so on (i.e., see
MDP model descriptions above). Here, we consider higher-level priors on the initial
state and the rate parameter of the priors over expected precision. By construction,

state transitions at the higher (affective) level are over trials, endowing the model
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with a deep temporal structure. This enables it to keep track of slow changes over
multiple trials, such as the location of the reward. In other words, belief updating at
the second level from trial to trial enables the agent to accumulate evidence and

remember contingencies that are conserved over trials.

In our example, we use two distinct sets of hidden states (i.e., hidden state factors)
at the second level, each with two states. The first state factor corresponded to the
location of the reward (i.e., food on the left or right, denoted L and R ) and the
second state factor corresponded to valence (positive or negative, denoted + and —

). We will refer to these as Contexts (s¢) and Affective states (s*), respectively; that

(€)

is, s\? =(s'9,s{") . This means the rat could contextualise her behaviour in terms of

a prior over second level states (D) and their state transitions from trial to trial (
B?), both in terms of where she believes the reward is most likely to be (Context)

— and how confident she should be in her action model (Valence).

In short, our synthetic subject was armed with high level beliefs about context and
affective states that fluctuate slowly over trials. In what follows, we consider the
belief updating in terms of messages that descend from the affective level to the
lower level — and ascend from the lower level to the affective level. Descending
messages provide empirical priors that optimise policy selection. This optimisation
can be regarded as a form of covert action or attention that allows the impact of
one’s generative model on action selection to vary in a state-dependent manner.

Ascending messages can be interpreted as mediating belief updates about the
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current context and affective state; namely, affective inference reflecting belief

updates about model fitness.

Descending messages: contextual and affective priors

On each trial, discrete prior beliefs about the reward being on the left (L, R ) are
encoded in empirical priors or posterior beliefs at the second level, which inherit
from the previous posterior and enable belief updating from trial to trial. Similarly,
beliefs over discrete valence beliefs (+,-) are equipped with an initial prior at the
affective level and are updated from trial to trial, based upon a second level
probability transition matrix. From the perspective of the generative model, the
initial context states at the lower level are conditioned upon the context states at the

higher level, while the rate parameter g, (that constitutes prior beliefs about

expected precision) is conditioned on affective states.

Because affective states are discrete, and the rate parameter is continuous, message
passing between these random variables calls for the mixed or hybrid scheme
(described in Friston, Parr et al., 2017). In these simulations, the affective states

(i.e., valence) were associated with two values of the rate parameter g+ = (0.5,2.0)
, where the corresponding precisions provide evidence for positive valence (,, =2.0
) and negative valence (, =0.5). Effectively, , and , are upper and lower

bounds on the expected precision under the two levels of the affective state. The
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descending messages correspond to Bayesian model averages; namely, a mixture

of the priors under each level of the context and affective states:

P(Sl(l) \s(TC)) = Cat(A(C) )

P(r)=E [Pl 197) ]2 T (08)
B=p"- A(A>S(TA>

In short, the empirical priors over the initial state at the lower level (and expected

precision), now depend upon hidden (valence) states at the second level.

Ascending messages: contextual and affective evidence

During each trial, exogenous (reward location) and endogenous (affective charge)
signals induce belief-updating at the second level of hidden states. They do so in
such a way that fluctuations in context and affective beliefs (across trials) are slower
than fluctuations in lower-level beliefs concerning states, policies, and expected
precision. These belief updates — following each trial — are mediated by ascending

messages that are gathered from posterior beliefs about the initial food location at

the end of each trial (§](]) ), which serves as Bayesian model evidence for the

appropriate context state:

5= o (1B5) + 1A 50 (context

evidence)
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As with inference at the first level, this second level expectation comprises
empirical priors from the previous trial and evidence based on the posterior

expectation of the initial (context) state at the lower-level.

For the ascending messages from the (continuous) expected precision to the
(discrete) affective states, we use Bayesian model reduction (Friston, Parr et al.,
2017; for the derivation, see Friston, Parr, & Zeidman, 2018) to evaluate the

marginal likelihood under the priors associated with each affective state:

(+-) _
o G[lnn%ﬁﬂ) B B_BACJ (affective

evidence)

Again, this contains empirical priors based upon previous affective expectations
and evidence for changes in affective state based upon affective charge,

AC=(m-n)-G, — evaluated at the end of each trial time step. Notice that when

affective charge is zero, the affective expectations on the current trial are
determined completely by the expectations at the previous trial (as the logarithm of

one is zero). See Figure 4 for a graphical description of this deep generative model.
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Figure 4. A generative model for affective inference in terms of its key equations
and probabilistic graphical model (top left panel) and the associated matrices,
again reflecting a number of relatively minimal assumptions about the agent’s
beliefs concerning the experimental setup — where each of these parameters could
itself be optimised by fitting to empirical data. (Bottom-left panel:) Prior
expectations D for initial states at the second level are distributed uniformly.
(Bottom-middle panel:) The likelihood matrix A" reflects some degree of

uncertainty in the affective predictions (.03), which when multiplied by g sets

the lower-level prior on expected precision, allowing it to vary between 0.5 and 2.0.
(Bottom-right panel:) The matrix A\° for the likelihood mapping from context states

to the lower level reflects that the agent is always certain which context she
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observed after each trial is over. (Top-right panel:) The matrix B® for the state
transitions at the second level reflects two assumptions for cross-trial changes: (1)
Both affective and contextual states vary strongly but have some stability across
trials (.2-.3 probability of changing) and (2) the agent has a positivity bias in the
sense that she is more likely to switch from a negative to a positive state than vice

versa (.3 versus .2 probability). The lower-level model is the same as in Figure 3.

We used this generative model to simulate affective inference of a synthetic rat that
experiences 64 T-maze trials, in which the food location switches after 32 trials
from the left arm to the right arm. When our synthetic subject becomes more
confident that her actions will realise preferred outcomes ( C ), increased (sub-

personal) confidence in her action model (G_) should provide evidence for a

positively valenced state (through AC). Conversely, when she is less confident
about whether her actions will realise preferred outcomes, there will be evidence
for a negatively valenced state. In that case, our affective agent will fall back on her

baseline prior over policies (E_) — a ‘quick and dirty’ heuristic that tends to be

useful in situations that require urgent action to survive (i.e., in the absence of

opportunity to resolve uncertainty via epistemic foraging).

In this setting, our synthetic subject can receive either a tasty reward or a painful
shock, based on whether she chooses left or right. Of course, she has a high degree
of control over the outcome, provided she forages for context information and then
chooses left or right, accordingly. However, her generative model includes a small

amount of uncertainty about these divergent outcomes, which corresponds to a
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negatively valenced (‘anxious’) affective state at the initial time point. Starting from
that negative state, we expected that our synthetic rat would become more confident
over time, as she grew to rely increasingly on her context beliefs about the reward
location. We hoped to show that, at some point, our rat would infer a state of
positive valence and be sufficiently confident to take her reward directly. Skipping
the information-foraging step would allow her to enjoy more of the reward before
the end of each trial (comprising two moves). The second set of 32 trials involved
a somewhat cruel twist (introduced by Friston et al., 2016): we reversed the context
by placing the reward on the opposite (right) arm. This type of context reversal
betrays our agent’s newfound confidence — that T-mazes contain their prize on the
left. Given enough trials — with a consistent reward location — our synthetic rat

should, ultimately, be able to regain her confidence.
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Results

Figure 5 shows the simulation outcomes for the above setup. The dynamics of this
simulation can be roughly divided into four quarters: two periods within each of the
32 trials before and after the context reversal. These periods show an initial phase
of'negative valence (quarters 1 and 3), followed by a phase of purposeful confidence
(i.e., positive valence; quarters 2 and 4). As stipulated in terms of priors, our subject
started in a negative ‘anxious’ state. As it takes time to accumulate evidence, her
affective beliefs lagged somewhat behind the affective evidence at hand (i.e.,
patterns in affective charge). As our rat kept finding food on the left, her expected
precision increased until she entered a robustly positive state around trial 12. Later,
around trial 16, she became sufficiently confident to take the shortcut to the food —
without checking the informative cue. After we reversed the context at trial 33, our
rat realised that her approach had ceased to bear fruit. Unsure of what to do, she
lapsed into an affective state of negative valence — and returned to her information-
foraging strategy. More slowly than before (about 15 trials after the context
reversal, as opposed to 12 trials after the first trial), our subject returned to her
positive feeling state, as she figured out the new contingency (i.e., food is now
always on the right). It took her about 22 trials following context reversal to gather
enough courage (i.e., confidence) to take the shortcut to the food source on the right.
The fact that it took more trials (22 instead of 16) before taking the shortcut suggests
that she had become more sceptical about consistent contingencies in her

environment (and rightly so).
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Roughly speaking, our agent experienced (i.e., inferred) a negatively valenced state
during quarters 1 and 3 and a positively valenced state during quarters 2 and 4 of
the 64 trials. A closer look at these temporal dynamics reveals a dissociation
between positive valence and confident ‘risky’ behaviours: A robust positive state

(Figure 5; panel d) preceded the agent’s pragmatic choice of taking the shortcut to

the food (Figure 5; panel b).
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Figure 5. A summary of belief updating and behaviour of our simulated affective

agent over 64 trials. Probabilistic beliefs are plotted using a blue-yellow gradient
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(corresponding with high-low certainty). As shown in the graphic that connects
panels ¢ and d, the dynamics of this simulation can be divided in four quarters. two
periods within each of the 32 trials before and after the context reversal, each of
which comprise an initial phase of negative valence (‘anxiety’; quarters 1 and 3),
followed by a phase of positive valence (‘confidence’; quarters 2 and 4). [panel af
The context changed midway through the experiment (indicated in all panels with
a vertical green line): food was on the left for the first 32 trials (L) and on the right
for the subsequent 32 trials (R). [panels b-c] These density plots show the subject’s
beliefs about the best course of action, both pre- (panel b) and post-trial (panel c).
Prior beliefs were based purely on baseline priors and her action model, which
entailed high ambiguity (yellow) during quarters 1 and 3 of the trial series
(corresponding with cue-checking policies Vs.o) and high certainty (blue) during
quarters 2 and 4 (corresponding to shortcut policies Vs.g). After perceptual
evidence was accumulated (post-trial), posterior beliefs about policies always
converged to the best policy, except in the first trial after context reversal (trial 33;
when the rat receives a highly unexpected shock), which explains her initial
confusion. Whenever prior certainty about policies was high, expectations agreed
with posterior beliefs about policies (again, except for trial 33). [panels d] This
density plot illustrates affective inference in terms of beliefs about her valence state
(“confident” positive or “anxious” negative states s ). Roughly speaking, our rat
experienced a negatively valenced state during quarters 1 and 3 and a positively
valenced state during quarters 2-4. [panel e] We plot lower-level expected precision

(v ), overlaid on a density plot of valence beliefs (greyscale version of panel d).
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To illustrate the importance of higher-level beliefs in this kind of setting, we
repeated the simulations in the absence of higher-level contextual and affective
states. After removing the higher level, the resulting (less sophisticated) agent —
which could be thought of as an agent with a “lesion” to higher levels of neural
processing — updated expectations about food location by simply accumulating
evidence in terms of the number of times a particular outcome was encountered.
Figure 6 provides a summary of differences in belief updating and behaviour
between this simpler model and an affective inference model. In the top panel of
Figure 6, we see that higher-level context states can quickly adjust lower-level
expectations based on recent observations (i.e., recency effects), while the less
sophisticated rat is unable to forget about past observations (after observing 32
times left and right, its expected food location is again 50/50). The effect of
removing affective states is subtler. This effect becomes apparent when we inspect
the difference between the strongest prior beliefs about policies with and without
affective states in play (second panel of Figure 6). As expected, we see that affective
states and associated fluctuations in expected precision (as in Figure 5d-e) are
associated with much larger variation in the strength of prior beliefs about policies
at the start of the trial (when our rat is still in the centre of the maze). Furthermore,
a comparison in terms of the AC elicited within trials (third versus fourth panel of
Figure 6) demonstrates how higher-level modulation of expected precision tends to
attenuate the generation of AC within trials. Conversely, the simpler agent cannot
habituate to its own successes and failures: after every trial, expected precision is

reset and AC is elicited again and again. Finally, the combined effects of lesioning
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the higher level neatly explain the observed behavioural outcomes (bottom panel of
Figure 6). Before context reversal, both agents end up selecting the same policies.
The absence of the higher-level affective state beliefs particularly disrupts the
capacity to deal with the change in context. Firstly, she persisted in pragmatic
foraging for three trials, despite receiving several painful shocks — as opposed to
the affective inference rat, who switched after a single unexpected observation.
Secondly, the affective inference rat switched back to her default strategy right
away (checking the cue, then getting the food), but the less sophisticated rat (with
a “lesion” to the higher-level model) started avoiding both left and right arms
altogether. For 8 consecutive trials, she checked the informative cue but either
stayed with the cue or returned to the centre. Only after she had gathered enough
evidence about the reliability of the new food location did she dare to move to the
right arm (reminiscent of drift diffusion models of decision-making). She kept using
that strategy until the end of the experiment, while our affective inference rat moved

directly to the right arm for the last quarter of the series of trials.
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Figure 6. A comparison of belief updating (four top rows) and behaviour (bottom
row) over 64 trials in our affective agent (plotted in orange) and an agent without
higher-level contextual and affective states (plotted in gray). Context was changed
midway through (vertical green line): food was on the left for the first 32 trials and
on the right for the subsequent 32 trials. [1° panel] The top panel shows differences
in temporal dynamics of food location expectations. Thanks to her higher-level
context states (which decayed over time due to uncertainty about cross-trial state
transitions as defined in Figure 5), our affective agent (orange) weighed recent

evidence more heavily — allowing her to shift context beliefs. In contrast, the agent
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without the higher affective level (grey) only counted events over time. While her
expectations developed similarly to the affective agent for the first 32 trials, she was
much slower in adjusting to the change in context (her beliefs only return to 50/50
after observing 32 trials for both L and R). [2" panel] The second panel displays
the strongest prior belief about policies for each agent (pre-trial), tracking the
product of the expected precision and the maximum of model evidence (i.e.,

negative G_ ). The affective agent varied (pre-trial) her expected precision

dynamically with context reliability. The non-affective agent instead obtained
(initial) certainty about the best course of action much more slowly, only as a
function of her action model (as initial expected precision was constant). [3" and
4™ panels] A comparison of within-trial AC responses (i.e., fluctuations in expected
precision) between the affective agent (3" panel, orange) and the non-affective
agent (4" panel, grey). Our affective agent only exhibited large fluctuations in
expected precision within trials when she was switching between affective states:
she attenuated AC responses by integrating them across trials, adjusting expected
precision pre-emptively. In contrast, the non-affective agent exhibited large
fluctuations throughout the series of trials — being surprised repeatedly as she was
unable to integrate affective charge. [5" panel] The bottom panel shows the
behavioural outcomes for both agents. Before context reversal, their behaviours
were indistinguishable. After context reversal, the non-affective agent only foraged
for information and exhibited avoidance behaviours — either staying down (policy

10) or moving back to the centre (policy 7).
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Clearly, one can imagine many other variants of the generative model we used to
illustrate affective inference above — these are to be explored in future work. For
example, it is not necessary to have separate contextual and affective states on the
higher level. One set of higher-level states could stand in for both; providing
empirical priors for beliefs about contingencies between particular contexts and
valence states. Nevertheless, the simulations above provide a sufficient vehicle to
discuss a number of key insights offered by affective inference, to which we now

turn.

Discussion

In this paper, we constructed and simulated a formal model of emotional valence,
using deep active inference. We provided a computational proof of principle of
affective inference, in which a synthetic rat was able to infer not only the states of
the world, but also her own affective (valence) states. Crucially, her generative
model inferred valence based on patterns in the expected precision of her
phenotype-congruent action model. To be clear, we do not equate this notion of
expected precision (or confidence) with valence directly; rather, we suggest that AC
signals (updates in expected precision) are an important source of evidence for
valence states. Aside from AC, valence estimates could also be informed by other
types of evidence (e.g., exteroceptive affective cues). Our formulation thus provides
a way to characterise valenced signals across domains of experience. We showed

the face validity of this formulation of a simple form of affect, in that sudden
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changes in environmental contingencies resulted in negative valence and low

confidence in one’s action model.

Extending nested active inference models of perception, action, and implicit
metacognition (My; Figure 1c), our deep formulation of affective inference can be
seen as a logical next step. It required us to specify mutual (i.e., top-down and
bottom-up) constraints between higher-level contextual and affective inferences
(across contexts) and lower-level inferences (within contexts) about states, policies,
and expected precision. In Figure 7, we emphasise the inherent hierarchical and
nested structure of the computational architecture of our affective agent. It evinces
a metacognitive (i.e., implicitly self-reflective) capacity — where creatures hold
alternative hypotheses about their own affective state (i.e., reflecting internal
estimates of model fitness). This affords a type of mental action (Limanowski &
Friston, 2018; Metzinger, 2017), in the sense that the precision ascribed to low-
level policies is influenced by higher levels in the hierarchy. Concurrently, at each
level (top-down constrained) prior beliefs follow a gradient ascent on an upper
bound on model evidence, thus providing mutual constraints between levels in

forming posterior beliefs.
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Figure 7. A schematic breakdown of the nested processes of Bayesian inference (as

in Figure la-c) in terms of the affective agent presented in this paper. At each level,

top-down prior beliefs change along a gradient ascent on bottom-up model
evidence (negative F), moving the entire hierarchy towards mutually constrained
posteriors. Perception (light blue; M> in Figure la and Table 2) provides evidence
for beliefs over policies (blue; M3 in Figure 1b and Table 3) and higher-level
contextual states. Action outcomes inform subjective fitness estimates through
affective charge (brown; My in Figure Ic and Table 4), which provides evidence to
inform valence beliefs (orange; Figure 5 and Table 5). These nested processes of
inference unfold continuously in each individual phenotype throughout

development and learning (e.g., neural Darwinism, natural selection; see
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Campbell, 2016; Constant et al., 2018). In turn, the reproductive success of each

phenotype provides model evidence that shapes the evolution of a species.

Implicit metacognition and affect: “I think, therefore | feel”

Our affective agent evinces a type of implicit metacognitive capacity that is more
sophisticated than that of the generative model presented in our primer on active
inference (M1.4 in Figure 1a-c). Beliefs about her own affective state are informed
by signals conveying the phenotype-congruence of what she did or is going to do;
put another way, they are informed by the degree to which actions did, or are
expected to, bring about preferred outcomes. This echoes other work on Bayesian
approaches to metacognition (e.g., Stephan et al., 2016). The emergence of this
metacognitive capacity rests upon having a parametrically deep generative model,
which can incorporate other types of signals from within and from without. Beyond
internal fluctuations in subjective fitness (4C, as in our formulation), affective
inference is also plausibly informed by exteroceptive cues as well as interoceptive
signals (e.g., heart rate variability; Allen et al., 2019, Smith et al. 2017). The link to
exogenous signals or stimuli is crucial: equipped with affective inference, our
affective agent can associate affective states with particular contexts (through p®
and B®). Such associations can be used to inform decisions on how to respond in
a given context (i.e., given a higher-level set of policies ,(?) or how to forage for
information within a given niche (via ;). If our synthetic subject can forage

efficiently for affective information, she will be able to modulate her confidence in
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a context-sensitive manner, as a form of mental action (see Discussion section).
Furthermore, levels deeper in the cortical hierarchy (e.g., in prefrontal cortex) might
regulate such affective responses by inferring/enacting the policies that would
produce observations leading to positive 4C . Such processes could correspond to
several widely studied automatic and voluntary emotion regulation mechanisms
(Buhle et al., 2014; Phillips, Ladouceur, & Drevets, 2008; Gyurak, Gross, & Etkin,
2011) as well as capacities for emotional awareness (Smith et al., 2020; Smith,
Killgore, & Lane, 2018) — each of which are central to current evidence-based

psychotherapies (Barlow, Allen, & Choate, 2016; Hayes, 2016).

Reinforcement learning and the Bayesian brain

It is useful to contrast the view of motivated behaviour on offer here with existing
normative models of behaviour and associated neural theories. In studies on
reinforcement learning (De Loof et al., 2018, Sutton & Barto, 2018), signed “reward
prediction error” (RPE) has been introduced as a measure of the difference between
expected and obtained reward, which is used to update beliefs about the values of
actions. Positive versus negative RPEs are often also (at least implicitly) assumed
to correspond to unexpected pleasant and unpleasant experiences, respectively.
Note, however, that reinforcement learning can occur in the absence of changes in
conscious affect, and pleasant or unpleasant experiences need not always be
surprising (Smith & Lane, 2016; Panksepp et al., 2017; Winkielman, Berridge, &

Wilbarger, 2005; Pessiglione et al., 2008). The term we have labelled affective
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charge can similarly attain both positive and negative values that are of affective
significance. However, unlike reinforcement learning, our formulation focuses on
positively and negatively valenced states, and the role of AC in updating beliefs
about these affective states (i.e., as opposed to directly mediating reward learning).
While similar in spirit to RPE, the concept of AC has a principled definition and a
well-defined role in terms of belief updating — and is consistent with the neuronal

process theories that accompany active inference.

Specifically, affective charge scores differences between expected and obtained

results as the agent strives to minimise risk and ambiguity (G_; Table 3). In cases

where expected ambiguity is negligible, AC becomes equivalent to RPE, as both
score differences in utility between expected and obtained outcomes (as in, e.g.,
Rao 2010, Colombo 2014, FitzGerald, Dolan et al. 2015). However, expected
ambiguity becomes important when one’s generative model entails uncertainty
(e.g., driving exploratory behaviours such as those typical of young children). This
component of affective inference allows us to link valenced states to ambiguity
reduction (see Discussion section), while also accounting for the delicate balance

between exploitation and exploration.

In traditional RL models (as described by Sutton & Barton, 2018), the primary
candidates for valence appear to be reward/punishment or approach/avoidance
tendencies. In contrast to our model, RL models tend to be task-specific and do not
traditionally involve any internal representation of valence (e.g., reward is simply

defined as an input signal that modifies the probability of future actions). More
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recent models have suggested that mood reflects the recent history of reward
prediction errors, which serves the function of biasing perception of future reward
(Eldar et al., 2016; Eldar & Niv, 2015). This contrasts with our approach, which
identifies valence with a domain-general signal that emerges naturally within a
Bayesian model of decision-making, and which can be used to 1) inform
representations of valence that track the success of one’s internal model, and 2)
adaptively modify behavior in a manner that could not be accomplished without
hierarchical depth. Presumably, this type of explicit valence representation is also
a necessary condition for self-reportable experience of valence. The adaptive
benefits of this type of representation are illustrated in Figure 6. Only with this
higher-order valence representation was the agent able to arbitrate the balance
between behaviour driven by expected free-energy (i.e., explicit goals and beliefs)
and behaviour driven by a baseline prior over policies (i.e., habits). More generally,
the agent endowed with the capacity for affective inference could more flexibly
adapt to a changing situation than an agent without the capacity for valence
representation, since it was able to evaluate how well it was doing and modulate
reliance on its action model accordingly. Thus, unlike other modelling approaches,
valence is here related to, but distinct from, both reward/punishment and
approach/avoidance behavior (i.e., consistent with empirically observed
dissociations between self-reported valence and these other constructs; e.g., see
Smith & Lane, 2016; Panksepp et al., 2017; Winkielman, Berridge, & Wilbarger,

2005) and serves a unique and adaptive domain-general function.
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Prior work has suggested that expected precision updates (i.e., AC) may be encoded
by phasic dopamine responses (e.g., see Schwartenbeck, 2015). If so, our model
would suggest a link between dopamine and valence. When considering this
biological interpretation, however, it is important to contrast and dissociate AC
from a number of related constructs. This includes the notion of RPEs discussed
above, as well as that of salience, wanting, pleasure, and motivation, each of which
have been related to dopamine in previous literature and appear distinct from AC
(Berridge & Robinson, 2016). In reward learning tasks, phasic dopamine responses
have been linked to RPEs, which play a central role in learning within several RL
algorithms (e.g., Sutton & Barto, 2018); however, dopamine activity also increases
in response to salient events independent of reward (Berridge & Robinson, 2016).
Further, there are contexts in which dopamine appears to motivate energetic
approach behaviors aimed at “wanting” something, which can be dissociated from
the hedonic pleasure upon receiving it (e.g., amphetamine addicts gaining no
pleasure from drug use despite continued drives to use; Berridge & Robinson,
2016). Thus, if AC is linked to valence, it is not obvious a priori that its tentative

link to dopamine is consistent with, or can account for, these previous findings.

While these considerations may point to the need for future extensions of our model,
many can be partially addressed. First, there are alternative interpretations of the
role of dopamine proposed within the active inference field (FitzGerald, Dolan, &
Friston, 2015; Friston et al., 2012; Friston et al., 2014); namely, that it encodes
expected precision as opposed to RPEs. Mathematically, it can be demonstrated that

changes in the expected precision term (gamma) will always look like RPEs in the
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context of reward tasks (i.e., because reward cues update beliefs about future action
and relate closely to changes in expected free energy). However, since salient (but
non-rewarding) cues also carry action-relevant information (i.e., they change
confidence in policy selection), gamma also changes in response to salient events.
Thus, this alternative interpretation can actually account for both salience and RPE
aspects of dopaminergic responses. Further, as reviewed elsewhere (Fitzgerald,
Dolan, & Friston, 2015), reward-learning is not in fact compromised by attenuated
dopamine responses, and therefore does not play a necessary role in this process.
The active inference interpretation can thus explain dissociations between learning

and apparent RPEs.

Arguably, the strongest and most important challenge for claiming a relation
between dopamine, AC, and valence arises from previous studies linking dopamine
more closely to “wanting” than pleasure (i.e., which is closely related to positive
valence; Berridge & Robinson, 2016). On the one hand, some studies have linked
dopamine to the magnitude of “liking” in response to reward (Rutledge et al., 2015),
and some effective antidepressants are dopaminergic agonists (Pytka et al., 2016);
thus, there is evidence supporting an (at least indirect) link to pleasure. However,
pleasure is also associated with other neural signals (e.g., within the opioid system).
A limitation of our model is that it does not currently have the resources to account
for these other valence-related signals. It is also worth considering that, as only one
study to date has directly tested and found support for a link between AC and
dopamine (Schwartenbeck, 2015), future research will be necessary to establish

whether AC might better correspond to other non-dopaminergic signals. We point
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out, however, that our model only entails that AC provides one source of evidence
for higher-level valence representations, and that pleasure is only one source of
positive valence. Thus, it does not rule out the additional influence of other signals
on valence, which would allow the possibility that AC contributes to, but is also
dissociable from, hedonic pleasure (for additional considerations of functional

neuroanatomy in relation to affective inference, see Appendix A4).

Affective charge lies in the mind of the beholder

Given that our formulation of affective inference is decidedly action-oriented, we
owe the reader an explanation of how valence is elicited within aspects of our
mental lives that appear to be somewhat distant from action. For example, we all
tend to experience a rush of satisfaction when we solve a puzzle or understand the
punchline of a joke (an “aha!” moment). Our explanation is straightforward: in
active inference, biologically plausible forms of cognition inevitably involve policy
selection, whether internal (e.g., directing one’s attention to affective stimuli and
manipulating affective information within working memory; e.g., Smith et al.,
2017; 2018ab) or external (e.g., saccade selection to affective cues; Adolphs et al.,
2005; Moriuchi, Klin, & Jones, 2017). Therefore, AC is also elicited by mental
action, typically in the form of top-down modulation of (lower-level) priors. Across
domains of experience, positive versus negative valence has been linked to
cognitive matches versus mismatches (e.g., Williams and Gordon, 2007), coherence
versus incoherence (e.g., Topolinski et al., 2009), resonance versus dissonance

(e.g., Sohal et al. 2009), and fluency versus disfluency (e.g., Willems & Van der
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Linden, 2006). Affective inference can account for all these different findings in
terms of reductions of ambiguity resulting from attentional policy selection. This
provides a formal way to relate changes in processing fluency across different
domains to particular affective states, formalising previous conceptual models

(Phaf and Rotteveel, 2012; Joffily and Coricelly, 2016; Van de Cruys, 2017).

In this context we remind the reader that expected precision (y) and its dynamics
(directed by AC) reflect the agent’s confidence in the use of expected free energy
to inform action selection. Expected free energy can be interpreted as an evaluation
of how well one’s model is doing on the whole (i.e., it scores departures from
preferred outcomes), such that the expected precision (gamma) term represents
confidence in the entirety of one’s action model. This is distinct from confidence in
any particular course of action — and thus distinguishes AC from the related notions
of agency and control. While AC reflects an evaluation of how one’s generative
model is doing in general, notions of agency and control are somewhat narrower
and, although related to AC, they would in fact map to distinct model elements.
Specifically, these constructs are likely best captured in relation to the precision of
expected transitions given each allowable policy (i.e., the precision of the transition
matrices B in the model). When policy-dependent transitions have high precision,
the agent will be confident in the outcomes of her actions — and hence her ability to
control the environment as desired. However, this will not always co-vary with AC.
Generally speaking, high B precision is necessary but not sufficient for positive 4C
(e.g., one can have precise expectations about state transitions associated with non-

preferred outcomes).
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In other contexts it has been suggested that action model precision updates (i.e.,
what we have labelled 4C) could be used to inform selective attention (e.g., Clark
et al., 2018; Palacios, Razi et al. 2017; Kirchhoff, Parr & Friston, 2017). When
compared to a particular baseline of subjective fitness, any significant departure —
whether positive or negative — will tend to signify a “fork in the road”: an
opportunity or threat that requires (internal and external) action. As one possible
extension of our model, extreme values of AC could therefore be used to inform
arousal states, accompanied by an affect-driven orienting process. In this scheme,
the automatic (bottom-up) capture of attention by affective stimuli can then emerge
spontaneously, as such stimuli provide reliable information about the agent’s
affective state. In turn, this could be used to model the types of “tunnel vision”

experiences that occur in mammals when highly aroused.

We pursue this line of reasoning in a forthcoming sequel to this paper, which builds
naturally on prior work in active inference (Parr et al., 2018) showing how the
salience of a stimulus can be formally related to the potential reduction of
uncertainty afforded by selecting a policy pertaining to that stimulus (e.g., a visual
saccade). For example, for our affective agent, the perceptual salience of a stimulus
is proportional to her expectation of reducing perceptual uncertainty (about lower-
level perceptual states). Affective salience could thus be framed similarly as an
agent’s expectation of reducing affective ambiguity (about higher-level affective
states, see Discussion section). Interestingly, the implied hierarchical (and

temporal) dissociation is corroborated by Niu, Todd, and Anderson (2012), who

64



synthesise findings that suggest a dissociation between perceptual salience and

affective salience.

On the dimensionality of valence

Because we have posited a close relationship between 4C and valence, a number of
questions may arise. For example, in our model simulations, AC corresponds to a
one-dimensional signal, taking on either negative or positive values, that is used to
update higher-level valence representations. However, one might question whether
valence has this unidimensional structure. Indeed, there are many competing
perspectives on this issue (for a review, see Lindquist et al., 2016). Some
perspectives in emotion research, and associated neuroscience research, posit that
valence is unidimensional (e.g., Russell, 1980; Barrett & Russel, 1999) and assume
(for example) that a single neural system should increase (or decrease) in activity
as valence changes along this dimension. Other perspectives posit two dimensions
(e.g., Fontaine et al., 2017), potentially corresponding to two independent neural
systems activated by negative and positive valence, respectively. Finally, “affective
workspace” views (e.g., Lindquist et al., 2016) posit that there are no distinct
“valence systems” and that a range of domain-general neural systems use, and are
thus activated by, information regarding both negative and positive valence
information in a context-specific and flexible manner. In addition to the
dimensionality of valence in particular, a related question corresponds to whether
our model can account for granular, multidimensional aspects of emotional

experience more broadly.
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While these considerations certainly highlight the oversimplified nature of the
formal simulations we have presented, they also point to a potential strength of our
formulation. Specifically, our formulation offers a few different conceptual
resources to begin to address these issues. First, although AC is a unidimensional
signal, it is important to stress that the generation of this signal does not imply that
it is used in the same manner by all downstream systems that receive it (i.e., it need
not simply provide evidence for a single higher-level state as in our simulations).
Indeed, some downstream systems could selectively use negative or positive AC
information (as in a two-dimensional model), or multiple systems could use
bivalent information for a diverse set of functions (i.e., as in affective workspace
views; Lindquist et al., 2016). Second, each level in a hierarchical system could in
principle generate its own AC signal and pass this signal forward, which opens up
the possibility that affective charge could be positive at one level (or in one neural
subsystem) and negative at another level (or in another subsystem) — potentially
allowing for more nuanced mixtures of valenced experience. That said, it is unclear
how affective charge could be integrated across levels or systems to inform
experience. Further, all levels in a representational hierarchy do not plausibly
contribute to conscious experience (Dehaene et al., 2014; Whyte & Smith, 2020;
Smith & Lane, 2015), and it is an open question which level or subset of levels may
be “privileged” with respect to its contribution to affective phenomenology).
Finally, it is important to stress that our claim is specific to valence, and does not
aim to address more complex experiential components of emotion. There are

several further experiential aspects of emotion (e.g., interoceptive/somatic
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sensations, approach/avoidance drives, changes in attention/vigilance, etc.), that go

beyond valence and would need to be incorporated into a future model.

Addressing potential counterexamples: negative valence with

confident action

Here, we carefully consider potential counterexamples and explain how these do
not threaten the face validity of our formulation. One class of potential
counterexamples involves situations with seemingly inevitable non-preferred
outcomes (i.e., in which there is little uncertainty about future outcomes that will
be highly unpleasant). For example, if falling out of a plane without a parachute,
one may feel very unpleasant despite near certainty that one will hit the ground and
die. Here, it is important to emphasize that negative AC is generated whenever there
is an increase in the divergence between preferred outcomes and the outcomes
expected under a policy that one could choose. Thus, under the assumption that
smashing into the ground is not consistent with one’s preferences, falling from a
plane without a parachute would be a case in which all policies available to an
individual would be expected to lead to outcomes that diverge strongly from those
preferences (e.g., no particular action will prevent smashing into the ground). As
such, the agent will have high uncertainty about how to act to fulfill her preferences
(high expected free energy), despite accurately predicting the future outcomes

themselves, and would thus experience negative valence on our account.

A second class of potential counterexamples involve cases in which confidence in

actions is seemingly high and yet valence is negative, most notably in situations
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associated with fear and anger. In fear, one can feel very confident one should be
running away from a predator. In anger, one can feel very confident in wanting to
hurt someone. A short response that applies to most counterexamples of this kind
is that AC signals indicate relative changes in one’s current affective state — it serves
a modulatory role in such scenarios. While for simplicity we have only included
binary categories of negative and positive valence in our formal model, it is
important to keep in mind that, experimentally, valence is measured on a continuous
scale (i.e., from very negative to very positive). Thus, even in scenarios that are
categorically negative, the intensity of negative valence can vary in a way that
correlates negatively with AC. For example, while one would be expected to
experience negative affect when running away from a predator, this feeling would
likely be even more intense if one were trapped and had no idea how to escape (i.e.,
which would involve more negative AC values). Further, the more confident one
was that running away would succeed, the better one would be expected to feel.
Therefore, negative AC signals will still be expected to track the intensity of

negative affect in cases of fear.

Despite initial appearances, our formulation of valence can also account for the
example of anger mentioned above, in which one yet remains very confident in how
to act (e.g., having a strong drive to hurt someone). First, negatively valenced anger
experience can be accounted for by the increased divergence from preferred
outcomes associated with anger-inducing events (e.g., being unexpectedly insulted
by a friend). Second, confidently acting on anger can be associated with positive

valence (e.g., punching someone who insulted you can feel good), whereas
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conflicting drives during anger are associated with more negative valence (e.g.,
wanting to punch someone but also not wanting to compromise a valued
relationship). Thus, each of these aspects of anger remain consistent with our
formulation, as the degree of negative and positive valence during such episodes of

anger would still map onto AC values.

Next, there are some interesting cases where expected free energy will increase,
despite induction of a highly precise posterior distribution over policies. These
cases occur when an agent is highly confident in one policy and then observes an
outcome that unexpectedly leads to very high confidence in a different policy (i.e.,
which can be seen as evidence that confidence in one’s action model should
decrease). This may actually be a common occurrence within the cases just
mentioned. For example, if one started out highly confident in the “calmly walk
around in the woods” policy and, upon seeing a predator, unexpectedly became
highly confident in the “run away” policy; or if one started out highly confident in
the “act friendly” policy and, upon being insulted by a friend, unexpectedly became
highly confident in the “respond sternly to my friend” policy. Thus, while AC often
covaries with uncertainty in action selection, due to its relation to preferred
outcomes and its nonlinear relationship with posterior precision over policies, these

other types of cases can be accommodated naturally.

Finally, we should also consider cases where people report highly positive
experience, but their current fit to the environment is not good in any measurable

away. Such divergences between subjective fitness and external measures of fitness
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(e.g., reproductive success) can naturally occur in affective inference, highlighting
an important strength of our formulation. Because internal estimates of fitness can
be inaccurate, our formulation provides resources for modelling maladaptive
affective phenomena, such as, for example, delusions of grandeur in mania
(exaggerated subjective fitness) or learned helplessness in depression (virtually zero
subjective fitness). This notion of Bayes-optimal inference within suboptimal
models has been used to study psychiatric disorders in computational psychiatry
(Schwartenbeck et al., 2015). Furthermore, due to the role of natural selection in
sculpting prior preferences, one can also describe phenomena in our framework that
appear at odds with individual biological fitness (e.g., a bee sacrificing itself for the
hive). This thus makes contact with other evolved human behaviors with affective
components, such as altruistic and self-sacrificial behaviors (e.g., associated with
kin selection mechanisms and reciprocal altruism within evolutionary psychology;

Buss, 2015).

Deep feelings and temporal depth: Towards emotive artificial

intelligence

It is an open question how “deep” a computational hierarchy should be in order to
account for the experience of valence. While seemingly complex, our two-level
model is actually quite minimal in attempting to account for any type of subjective
phenomenology. Although any decision-making organism can be equipped with
sensory and motor representations in a one-level model, and be equipped with

tendencies to approach some situations and avoid others, we have shown that a

70



higher level is necessary to represent estimates about oneself. We assume, based on
what is known about conscious vs. unconscious neural processes (e.g.: Dehaene et
al., 2014, Whyte & Smith, 2020), that explicit state representation is a necessary
condition for self-reportable experience — and thus that higher-level valence
representation (as in our model) will be necessary for conscious experience of
valence. Thus, under this plausible assumption, while very simple organisms can
exhibit approach and avoidance tendencies, only more complex organisms
equipped with hierarchical models that can integrate internal evidence for different

internal states will be capable of experiencing valence.

Affective inference (as opposed to mere “valence inference”) was deemed an
appropriate label for our model because deep active inference can be directly
applied to model other affective state components (e.g., arousal, see Discussion
section) and affect-related phenomena (e.g., affective salience). This is an important
future direction for our framework. Enriched affective state representations of this
type (e.g., with high and low arousal states) can serve as higher-level explanations
for conditional dependencies between hyperparameters and related effects on
behaviour. In future work, we will move beyond 4C and characterise the richness
of core affective states in the (hyper)parameters of a generative model that applies
to a wide range of lower-level generative models (i.e., of many different shapes and
settings). Another important direction will be to connect our model to other active
inference models used to simulate approach/avoidance behaviour and emotion-

cognition (Linson et al., 2020; Smith et al. 2019a,b).
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A longer-term aim of extending our model in these directions is to build toward a
generalisable form of emotive artificial intelligence. An emotional artificial agent
of this kind would be able to infer which groups of hyperparameters (e.g.,
characterising “Go” versus “No go” responses; fight, flight, or freeze; tend or
befriend, efc.) tend to provide the best fit for particular stimuli and contexts. For
example, by adding a term that parametrises the precision of the baseline prior over

policies (E_ ), an affective agent can increase and decrease her general tendency to

rely on automatic responses in a context-sensitive manner. The model of valence
we have proposed, and its natural extension to core affective states involving
arousal, could also be seamlessly integrated into active inference models of emotion
concept learning and emotional awareness (Smith et al. 2019a,b). In these models,
an agent can use combinations of lower-level affective, interoceptive,
exteroceptive, and cognitive representations (treated as observations) to infer and
learn about emotion concepts (e.g., sadness and anger) — and to reflect on those
emotional states in working memory. Here, emotion concepts correspond to
regularities in and across those lower-level states. Because valence is treated as an
observation in these models, our formulation of 4C would provide an important

component that is currently missing in this previous work.

Future empirical directions

This paper has taken the first step in a larger research programme aimed at
characterising the neurocomputational basis of emotion. Namely, we have

demonstrated the face validity of the affective dynamics emerging from an active

72



inference model that incorporates explicit representations of valence. The next step
will be to link our model to specific neuroimaging and/or behavioural paradigms
and compare it with alternative modelling frameworks (e.g., reinforcement
learning). In doing so, empirical data can be fit to these models, and Bayesian model
comparison can be used to identify the model (and model parameters) that best
accounts for neuronal and behavioral responses at both the individual and group
level — an approach called computational phenotyping (as in, e.g., Schwartenbeck
& Friston, 2016; Adams et al., 2020, Smith et al., 2020abd). Our affective inference
model would be supported if it best accounts for empirical data when compared to
other models. A further step will be to develop computational phenotypes that best
explain typical and atypical socio-emotional functioning in humans —and how these
can devolve into stable attractors that we associate with psychiatric conditions. A
final and more distant goal may be that, by fitting affective model parameters to
patients with symptoms of emotional disorders, psychiatrists might eventually be
able to derive additional diagnostic and prognostic information about their patients
that could inform treatment selection — an approach called computational nosology

(Friston, Redish, & Gordon, 2017).

In terms of empirical predictions, our formulation of affective inference suggests
that — in the majority of circumstances — standard measures of valence (e.g., self-
report scales of pleasant or unpleasant subjective experience, potentiated startle
responses; Watson, Clark & Tellegen, 1988; Bradley & Lang, 1994; Bublatzky et
al., 2013) should be correlated with experimental inductions of uncertainty about

the actions that will lead to preferred outcomes. Furthermore, when fitting an
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affective-inference model to experimental data on an individual level during and
across a task, trial-by-trial changes in 4C would be predicted to correlate with those
same valence measures (i.e., when also assessed on a trial-by-trial basis) as well as
with established neuroimaging correlates of valence (Fouragnan, Retzler, &

Philiastides, 2018; Lindquist et al., 2016).

As mentioned above, a future research direction will be to test for patterns of human
or non-human animal behavior that can be better explained by our affective
inference model than by other models. Recent work has begun to compare active
inference models with common reinforcement learning models, often supporting
the claim that active inference offers added explanatory power in accounting for
human behavior (Adams et al., 2020, Schwartenbeck et al., 2015). Comparisons
between reinforcement learning and active inference also tend to provide evidence
for the claim that the latter tends to have comparable performance to, or can
outperform, the latter — especially in environments with changing contingencies and
sparse rewards (Sajid, Ball, & Friston, 2020). Similar comparative approaches will
need to be taken to determine empirically whether or not affective inference can
offer further explanatory resources. Qualitatively, our model appears capable of
accounting for previously observed effects of valence on behavior (see especially
the comparison to a non-affective active inference agent in Figure 6), but future

work will be necessary to test its potentially unique explanatory power.
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Conclusion

In this paper, we presented a Bayesian model of emotional valence — based on deep
active inference — that integrates previous theoretical and empirical work.
Accordingly, we provided a computational proof of principle of the ensuing
affective inference in a synthetic rat. Our deep formulation allows for inference
about one’s own valence state based on one’s confidence in a phenotype-congruent
action model (i.e., subjective fitness) and the corresponding belief-updating term
that tracks its progress and regress: affective charge (AC). The domain-generality
of this formulation underwrites a view of evolved life as exploiting the flexibility
of second-order beliefs (i.e., beliefs about how to form beliefs). Our work provides
a principled account of the inextricable link between affect, implicit metacognition,
and (mental) action. The intriguing result is a view of deep biological systems that
infer their own affective state (using evidence gathered from lower-level posteriors)
and reducing uncertainty about such inferences through internal action (through
top-down modulation of lower-level priors). We look forward to theoretical

extensions and empirical applications of this novel formulation.
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Figure Legends

Figure 1a. The first and second levels (M|.2) of a generative model. [M;:] A minimal
generative model of perception can infer hidden states s from an observation o,
based on prior beliefs (D) and a likelihood mapping (A ). [M2:] A generative
model of anticipation extends perception (as in M;) forward into the future (and

backward into the past) using a transition matrix (B_) for hidden states.

Figure 1b. The third step (M3) of an incremental summary of active inference. In a
generative model of action, state transitions are conditioned upon policies r . Prior
policy beliefs m are informed by the baseline prior over policies (“model free”,

denoted ¥.;) and the expected free energy (G_), which evaluates each policy-

specific perception model (as in M) in terms of the expected risk and ambiguity.
Risk biases the action model towards phenotype-congruent preferences ( C ).
Posterior policy beliefs are informed by the fit between anticipated (policy-specific)

and preferred outcomes, while at the same time minimising their ambiguity.

Figure 1c. The fourth step (My) of our incremental description of active inference
in terms of the nested processes of perception (M2 in Figure la), action (M3 in
Figure 1b), and implicit metacognition (My in this figure), emphasising the
inherently hierarchical, recurrent nature of these generative models. This
generative model infers confidence in its own action model in terms of the expected

precision (y ), which modulates reliance on G_for policy selection (as in Mj3),
based on perceptual inferences (as in M>). Expected precision (vy ) changes when

inferred policies differ from expected policies. This term increases when posterior
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(policy-averaged) expected free energy is lower than when averaged under the

policy prior (i.e., AC=(n-7)-G, <0), and decreases when it is higher (i.e., AC>0

).

Figure 2. The setup of the T-maze task (top panel) and its typical solution (bottom
panel). The synthetic agent (here, a rat) starts in the middle of the T-maze. If it
moves upward, it will encounter two one-way doors, left (denoted L) and right
(denoted R ), which lead either to a rewarding food source or to a painful shock
(i.e., high vs. low pragmatic value, respectively). If it moves downward, it will
encounter an informative cue (i.e., high epistemic value) that indicates whether the

food is in the left or right arm.

Figure 3a. 4 generative model for the T-maze setup of Figure 2, with the priors
(top-left panel) as in Figure Ic, now specified as vectors or matrices. Here, the
probabilities reflect a set of simple assumptions embedded in the agent’s generative
model — each of which could itself be optimised by fitting to empirical data.
(Middle-left panel) Prior expectations D for initial states are defined as uniform,
given the rat has been trained in a series of random left-right trials. (Middle panel)
The vector C encoding preferences is defined such that reward outcomes are
strongly preferred (green circles): odds e*:1 compared to ‘none’ outcomes (grey
crosses) — and punishments are extremely non-preferred (red): odds e: 1 compared
to ‘none’ outcomes. (Bottom-left panel) The matrix A for the likelihood mapping
reflects two assumptions about the agent’s beliefs given each particular context

(which could be trained through prior trials). Firstly, the location-reward
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mappings always have some minimal amount of uncertainty (.02 probability).
Secondly, the cue is a completely reliable context indicator. (Top-right panel) The
matrix B for the state transitions reflects the fact that changing location is either
very easy (100 percent efficacious) or impossible when stuck in one of the one-way
arms. (Bottom-right panel) The vector V for the policies reflects possible
combinations of actions over the two time steps and associated baseline prior over
policies E, which starts at an initial, uniformly distributed level of evidence for each
policy —which can be seen as reflecting an initial period of free exploration of the
maze structure (here the value of 2.3 regulates the impact of subsequently observed
policies, where the value for each policy increments by [ each time it is

subsequently chosen).

Figure 3b — Simulated responses over 32 trials with food located on the left side of
the T-maze: this figure reports the behavioural and (simulated) affective charge
responses during successive trials. The top panel shows, for each trial, the selected
policy (in image format) over the policies considered (arrows indicate moving to
each respective arm, circles indicate staying in, or returning to, the center position).
The policy selected in the first twelve trials corresponds to an exploratory policy,
which involves examining the cue in the lower arm and then going to the left or
right arm to secure the reward (i.e., depending on the cue, which here always
indicates that reward is on the left). After the agent becomes sufficiently confident

that the context does not change (after trial 12), she indulges in pragmatic
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behaviour, moving immediately to the reward without checking the cue. The middle
panel shows the associated fluctuations in affective charge. The bottom panel shows

the accumulated posterior beliefs about the initial state.

Figure 4. A generative model for affective inference in terms of its key equations
and probabilistic graphical model (top left panel) and the associated matrices,
again reflecting a number of relatively minimal assumptions about the agent’s
beliefs concerning the experimental setup — where each of these parameters could
itself be optimised by fitting to empirical data. (Bottom-left panel:) Prior
expectations D for initial states at the second level are distributed uniformly.
(Bottom-middle panel:) The likelihood matrix A reflects some degree of

uncertainty in the affective predictions (.03), which when multiplied by g+~ sets

the lower-level prior on expected precision, allowing it to vary between 0.5 and 2.0.
(Bottom-right panel:) The matrix A\ for the likelihood mapping from context states
to the lower level reflects that the agent is always certain which context she
observed after each trial is over. (Top-right panel:) The matrix B® for the state
transitions at the second level reflects two assumptions for cross-trial changes: (1)
Both affective and contextual states vary strongly but have some stability across
trials (.2-.3 probability of changing) and (2) the agent has a positivity bias in the
sense that she is more likely to switch from a negative to a positive state than vice
versa (.3 versus .2 probability). The lower-level model is the same as in Figure
3.Figure 5. 4 summary of belief updating and behaviour of our simulated affective
agent over 64 trials. Probabilistic beliefs are plotted using a blue-yellow gradient

(corresponding with high-low certainty). As shown in the graphic that connects
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panels ¢ and d, the dynamics of this simulation can be divided in four quarters: two
periods within each of the 32 trials before and after the context reversal, each of
which comprise an initial phase of negative valence (‘anxiety’; quarters 1 and 3),
followed by a phase of positive valence (‘confidence’; quarters 2 and 4). [panel af
The context changed midway through the experiment (indicated in all panels with
a vertical green line): food was on the left for the first 32 trials (L) and on the right
for the subsequent 32 trials (R). [panels b-c] These density plots show the subject’s
beliefs about the best course of action, both pre- (panel b) and post-trial (panel c).
Prior beliefs were based purely on baseline priors and her action model, which
entailed high ambiguity (yellow) during quarters 1 and 3 of the trial series
(corresponding with cue-checking policies Vs.o) and high certainty (blue) during
quarters 2 and 4 (corresponding to shortcut policies Vs.g). After perceptual
evidence was accumulated (post-trial), posterior beliefs about policies always
converged to the best policy, except in the first trial after context reversal (trial 33;
when the rat receives a highly unexpected shock), which explains her initial
confusion. Whenever prior certainty about policies was high, expectations agreed
with posterior beliefs about policies (again, except for trial 33). [panels d] This
density plot illustrates affective inference in terms of beliefs about her valence state
(“confident” positive or “anxious” negative states s ). Roughly speaking, our rat
experienced a negatively valenced state during quarters 1 and 3 and a positively
valenced state during quarters 2-4. [panel e] We plot lower-level expected precision

(v ), overlaid on a density plot of valence beliefs (greyscale version of panel d).
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Figure 6. A comparison of belief updating (four top rows) and behaviour (bottom
row) over 64 trials in our affective agent (plotted in orange) and an agent without
higher-level contextual and affective states (plotted in gray). Context was changed
midway through (vertical green line): food was on the left for the first 32 trials and
on the right for the subsequent 32 trials. [1° panel] The top panel shows differences
in temporal dynamics of food location expectations. Thanks to her higher-level
context states (which decayed over time due to uncertainty about cross-trial state
transitions as defined in Figure 5), our affective agent (orange) weighed recent
evidence more heavily — allowing her to shift context beliefs. In contrast, the agent
without the higher affective level (grey) only counted events over time. While her
expectations developed similarly to the affective agent for the first 32 trials, she was
much slower in adjusting to the change in context (her beliefs only return to 50/50
after observing 32 trials for both L and R). [2" panel] The second panel displays
the strongest prior belief about policies for each agent (pre-trial), tracking the
product of the expected precision and the maximum of model evidence (i.e.,

negative G_ ). The affective agent varied (pre-trial) her expected precision

dynamically with context reliability. The non-affective agent instead obtained
(initial) certainty about the best course of action much more slowly, only as a
function of her action model (as initial expected precision was constant). [3" and
4™ panels] A comparison of within-trial AC responses (i.e., fluctuations in expected
precision) between the affective agent (3" panel, orange) and the non-affective
agent (4" panel, grey). Our affective agent only exhibited large fluctuations in

expected precision within trials when she was switching between affective states:
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she attenuated AC responses by integrating them across trials, adjusting expected
precision pre-emptively. In contrast, the non-affective agent exhibited large
fluctuations throughout the series of trials — being surprised repeatedly as she was
unable to integrate affective charge. [5" panel] The bottom panel shows the
behavioural outcomes for both agents. Before context reversal, their behaviours
were indistinguishable. After context reversal, the non-affective agent only foraged
for information and exhibited avoidance behaviours — either staying down (policy

10) or moving back to the centre (policy 7).

Figure 7. A schematic breakdown of the nested processes of Bayesian inference (as

in Figure la-c) in terms of the affective agent presented in this paper. At each level,

top-down prior beliefs change along a gradient ascent on bottom-up model
evidence (negative F), moving the entire hierarchy towards mutually constrained
posteriors. Perception (light blue; M> in Figure la and Table 2) provides evidence
for beliefs over policies (blue; M3 in Figure 1b and Table 3) and higher-level
contextual states. Action outcomes inform subjective fitness estimates through
affective charge (brown; My in Figure Ic and Table 4), which provides evidence to
inform valence beliefs (orange; Figure 5 and Table 5). These nested processes of
inference unfold continuously in each individual phenotype throughout
development and learning (e.g., neural Darwinism, natural selection; see
Campbell, 2016, Constant et al., 2018). In turn, the reproductive success of each

phenotype provides model evidence that shapes the evolution of a species.
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Appendix Al. Glossary of Bayesian terms, their notation, definition, and

associated examples.

Verbal term Notation Verbal definition Mathematical Examples

definition

Generative model P(o,x) A generative model is a joint P(o,x) E.g., a generative model of
probability distribution that perception P (o, s) consists of
specifies how observable variables o = P(olx)P(x) prior beliefs that specify how
are generated by one or more hidden — P(x]0)P(0) hidden states s generate
variables x. observed outcomes o0:

(Bayes’ rule)

Prior beliefs P(o|x)P(x) The generative model can be P(o,s) = P(ols)P(s)
decomposed into conditional priors
P(o|x) and marginal priors P(x).

Prior beliefs are always denoted
with P (as opposed to Q for
approximate posterior beliefs).

Marginal prior P(x) The marginal distribution of x is P(x) E.g., marginal prior beliefs
obtained by summing over all other _ z P(0,x) about hidden states s are
variables, in this case o. It is called 0 obtained from P(o,s) by
marginal because, when writing out summing over all outcomes
P(o,x) in tabular format and o:
summing along rows or columns,

P(x) is found in the margins. z P(o,s)
)
= P(s) = Cat(D)

Conditional P(0]x) This conditional distribution of P(olx) = P(o,x) E.g, the sensory or
variable o is contingent (or P(X)  likelihood mapping specifies

prior

‘conditioned’) on variable x. It

specifies the a priori likelihood of

the likelihood o of every



(Likelihood )

observation of o, given a particular

value of x.

outcome given any particular

hidden state s:

P(o|s) = Cat(A)

Expectation value Epoy 7] The expectation value of variable y, Epoy ] E.g, we obtained the
given beliefs P(y), is obtained by = [yP(y)dy expected precision y using:
taking the probability-weighted
average of variable y. Y= EpgiplY]

= [ yramay
0
=1/

Approximate posterior  Q(x) Approximate posterior beliefs about Q(x) E.g., in the case of perception

hidden variable x are obtained by = arg rQn(lr)l F of hidden states s based on
. X

beliefs minimising free energy with respect observation o, we obtain
to these beliefs. These approximate through minimisation of free
posterior beliefs are always denoted energy:

Q (as opposed to P for prior beliefs).
Q(s)=0c(nD+1InA-o0)

Free energy functional F Free energy is the divergence F For example, in the case of
between —approximate posterior = E,.,[InQ(x)  perception, ~we  obtain:
beliefs Q(x) and prior beliefs _inP(o,x)] F=Ey[InQ(s) —InAD]

P(o,x), as expected under those

posterior beliefs Q(x).



Appendix A2. Glossary of notation used for variables, beliefs, and auxiliary
variables, together with the associated verbal definition and examples.

Verbal term Notation  Verbal definition Examples
True value of a variable X The variable x is denoted in lowercase italics. E.g., outcomes o0, hidden states s, policies
True values are usually unknown to the agent, 7, and expected precision y.
except in the case of actual observations o (by
definition).
xt(i) Superscript i is used to distinguish between E.g. s denotes task-specific hidden
levels of the generative model in the case of gtates at time step 7 within a single T-
analogous variables. Subscript ¢ is used t0 aze trial.
denote discrete time steps.
Prior beliefs about a x Beliefs about variables are lowercase and E.g., expected precision y and prior
variable bold. Prior beliefs x are distinct from barred beliefs about policies .
posterior beliefs X. Prior and posterior beliefs
evolve in tandem over time, as evidence is
repeatedly being integrated.
Posterior beliefs about a X Posterior beliefs X about variables are barred E.g., posterior expected precision ¥ and
variable to distinguish them from prior beliefs x. posterior beliefs about policies Tt.
Beliefs about a time- x,, X, A subscripted 7 refers to the time point of the E.g., at the first time step (r = 1), our
specific variable relevant variable (x;), not to the current time subject already has prior beliefs about
point of belief-updating. future hidden states s, and s;.
Policy-specific beliefs x,.;,X;; A subscripted 7 indicates beliefs that are E.g., policy-specific beliefs about hidden
about a Variable COnditiOned upon pOliCieS. states at the 1ower level Sf_[%[)
Auxiliary variables X, X, X Auxiliary variables (singular values, vectors, E.g., the affective charge AC; the

and matrices) are always written in

uppercase.

expected free energy G, is a vector with a
value for each policy; the likelihood

matrix A.




Appendix A3. Glossary of relevant mathematical functions, their notation,
definition, and associated examples.

Verbal term Notation Verbal definition Mathematical details Examples
Natural e* The natural exponential function e° =1 E.g., the softmax function
exponential e* has base e (Euler’s number e ~ O'(X) uses &' to convert
ak — ,ak
2.718) and exponent x. (e =e . . . . .
dimensionless information units
etel = gttb (nats) to probabilities.
Natural In x The natural logarithm is the Inl1=0 E.g., the free energy functional F
logarithm inverse function of the natural
uses Inx to convert from
exponential. For a given x, Inx klna=Ina*

Arguments of  argmin f (x)

the minimum

function

Categorical

distribution

Softmax

function

Cat(p)

returns the exponent that satisfies

argmin returns the value of
argument x for which function

f ( x) attains its local minimum.

Cat takes a set of normalised

probabilities p=(p,,p,, ..., p,)

that is used in Bayesian statistics to

formally define a categorical

distribution over discrete states x .

o takes a set of values

X= (XI,XZ,. i ,,Xn) to generate a

normalised set of probabilities

P=(P,.pys-- P, )-

Ina+Inb=1nab

af(x)

Ox

Solve for =0 to

find a local minimum of

f(x)-

If P(x)=Cat(p). we
obtain for a given state

x=1i:
P(x=i)=p,

For every element p, in

p= g(X), we obtain:

probabilities to dimensionless

information units (nats).

E.g., approximate posterior beliefs

Q( x) are obtained by minimising

free energy F:

O(x)=arg %1(1)(1)1F

E.g., defining prior beliefs about

states:

P(S) = Cat(D)

E.g., computing prior beliefs over

policies:

n=6(—En—yGn)



Binary
outcome

vector

Gamma

distribution

Diagonal

function

Dot product

between  two

vectors

Backward
matrix

multiplication

diag (X)

X'y=z

oand o_ define binary vectors for

observed outcomes k with p =1

and everywhere else zero.

The gamma distribution defines a
prior belief for the continuous

variable y € 0,00, using

shape parameter ¢ and rate

parameter f.

The diagonal function returns the

set of n diagonal elements for a

matrix X of shape (nx n)

In the case of two vectors x and

y of length j, the dot notation

indicates a regular dot product: a

function that returns a singular

value z by summing the product

of corresponding elements.

In the case of a normalised set x
of n probabilities and likelihood
A of shape (mxn), the dot
notation indicates a function that

returns a normalised set of m

probabilities y.

For every element p

in o, we have:

Using « =1, we obtain:

P(y)=T(LB)=pe”

For a matrix X of
shape (nxn), we

obtain:

diag(X)=(X,;, Xy

For two vectors of the

same length:

X'yzzxiyi =z

For a vector of length »
and a matrix of shape
(mxn):x-A=y.

This means that:

Ay =x

E.g., when observing an outcome

0, = (1‘, j ) within a T-maze trial (

3x 2 possible outcomes).

E.g., expected precision beliefs are

characterized by:

P(v)=T(Lp)

E.g., for the expected ambiguity in

G, contains the term

diag(A-InA), which returns the

entropy associated with each state.

E.g., affective charge is a dot

product between two vectors:

E.g., posterior beliefs about states

§=O'(1nD+lnA-o)

This means that, given observation
o and uniform prior beliefs, we
have posterior beliefs about states

s=A-0.



Appendix A4. A computational neuroanatomy of affective inference.

In this appendix, we provide a tentative overview of how affective inference — as formulated
in our paper — provides a computational architecture consistent with neuroanatomical findings.
This brings the abstract computational account described in the main paper into a realm in
which it is answerable to empirical data. Experimental work suggests a variety of subcortical

and cortical brain regions that are key in affective inference.

In particular, the amygdala (Barrett et al., 2007; Fadok et al., 2018; Pessoa & McMenamin,
2017) plays a pivotal role in detecting stimuli and situations that have generic significance to
an animal, and then modulating attention, action, and autonomic states accordingly. Such
generic (i.e., domain-general) “unexpected relevance detection” by the amygdala seems to fit
well with the generative model propised in this paper, because AC corresponds to differences
between expected and obtained subjective fitness estimates after each new observation (at any
level). The pre-emptive modulation of (lower-level) priors in our affective agent could relate
to the ‘actions’ of the amygdala: that is, biasing attention and action selection (through priors
on expected precision) and altering autonomic states in preparation for anticipated
skeletomotor actions (through lower-level state priors). Our view of top-down modulation as
mental action sits well with the amygdala’s cytoarchitectural similarities with the basal ganglia
(Swanson & Petrovich, 1998), because the latter set of subcortical nuclei appear to be crucial
for action selection (Frank, 2011). Other notable examples of subcortical structures relevant to
affective inference are: the midbrain dopaminergic nuclei, the dynamics of which appear to
corresponds to changes in expected precision (Schwartenbeck et al., 2015), the noradrenergic
locus coeruleus (Sales et al., 2019; Vincent et al., 2019), the acetylcholinergic basal forebrain
(Moran et al., 2013), and the serotonergic raphe nuclei, all of which have been linked to
particular hyperparameters (e.g., norepinephrine and the precision on temporal state transitions
B, which tracks environmental volatility; Marshall et al., 2016; Parr & Friston, 2017). Last
but not least, the periaqueductal grey has strong bidirectional connections with affect-related
cortical regions and has been linked to phenotype-specific modulation of action (Faull et al.,
2019). At the cortical level, at least three large-scale association networks are known to play
central roles in affective inference: the limbic network, the salience network, and the default
mode network (see Table 5). Especially the former two can be related to our model of affective

inference. The “limbic network™ appears to be crucial for the representation of core affective



state beliefs (i.c., ), while the “salience network™ is heavily involved in affect-driven

attention (as we discussed in Section 4.3).

The implication of the basal ganglia and dopaminergic midbrain — in selecting policies
and signalling AC (respectively) — exhibits similarities to the reciprocal message-passing
required in updating the expected precision of one’s action model. In particular, the striatum —
the input nucleus of the basal ganglia — is reciprocally connected with the midbrain through a
series of hierarchically organised loops (Haber, 2003). This finding suggests the midbrain
could “observe” lower-level inferences drawn about policies, and use these observations to
compute AC. The implication here is that brain regions supplying empirical (hierarchically
derived) prior beliefs about policies should project directly to the midbrain, so that the AC can
be augmented in conjunction with this prior. Taken together, these findings imply a range of
candidate regions (Morikawa & Paladini, 2011), representing a series of hypotheses that could
be disambiguated using our model of affective inference. For example, we could employ a
reversal task to see which brain regions show a time course of (haemodynamic or
electrophysiological) responses consistent with that of the valenced states and AC signals in
the simulation above. Such a procedure would require fitting subject-specific parameters based
on behaviour to find the appropriate model settings (Mirza et al., 2018, Smith et al., 2020abd,
Schwartenbeck et al., 2015) and then simulating neuronal time-series to use as parametric

regressors.

Notably, in tasks of this sort, the ventromedial prefrontal and orbitofrontal cortex have been
implicated (alongside the striatum) in re-evaluating reward contingencies after reversal
(Remijnse et al., 2005). Given that these regions also project to the midbrain (Morikawa &
Paladini, 2011), they are plausible candidate for representing valence. This hypothesis is highly
consistent with conceptual (O’Callaghan et al., 2019) and formal (Parr et al., 2019) accounts
that frame ventromedial prefrontal inference as a process of predicting the interoceptive
(rewarding) consequences of alternative states, as well as with the work on the limbic network
mentioned above. This is sometimes framed in terms of ‘hot’, as opposed to ‘cold’
(exteroceptive) inference (O’Reilly, 2010). Under this hypothetical functional anatomy, we
would predict coupling between ventromedial prefrontal regions and the midbrain, where the
time-course of AC signalling by the midbrain precedes that of the prefrontal cortex in response

to each new task-relevant observation, as in Figure 6.



Given the broad role of affective processes, a case could be made for virtually any brain region
to play some role in the generic processes we have described. In general, however, broad
information is available regarding their somewhat hierarchical relationships (Smith et al., 2017;
Zhou et al., 2018). Our hierarchical model of affective inference holds the promise of further
disentangling the relations between these different brain regions. For example, we can test
specific hypotheses regarding this computational architecture by fitting both internal (neural)
and external (behavioural) dynamics simultaneously. Besides testing hypotheses, such
experimental fitting can also be used for individual-level computational phenotyping within
psychiatric conditions associated with perturbed affect — an important avenue for future
research in affective neuroscience and computational psychiatry (Friston, Redish, & Gordon,

2017).

Table A41. 4 function-oriented summary of the three main networks involved in cortical affective processes.: the
limbic network, the salience network, and the default mode network (first column), along with their broad function
(second column) and neuroanatomical region (third column). For reviews of experimental work concerning these

networks, see work by Barrett & Bhaskar (2013); Kleckner et al. (2017); Yeo et al. (2011);

Network name | Relevant functions to affective inference Neuroanatomical regions
Limbic Core affect representation and visceromotor regulation | Ventral and orbital prefrontal and
network (Smith et al., 2017; Azzalini, Rebollo, & Tallon-Baudry, | anterior temporal regions

2019).
Salience Affect-guided cognition/attention, allocation of internal | Central hubs in the anterior insula
network resources (Allen et al., 2016; Fardo et al., 2017; Barret & | and dorsal anterior cingulate

Simmons, 2015)

Default mode | Affective metacognition (e.g., thinking about or attending to | Central hubs in medial prefrontal

network one’s own affective states; see Smith et al., 2018bd). and posterior cingulate cortices




