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Abstract

Pain is a crucial cognitive construct that guides flexible decision-making in
dangerous environments, evaluating both the external world and our bodily
integrity, and linking cognitive evaluation on exteroception with perceptive
bodily integrity of interoception. A challenge is to understand its neural
representations in the human brain. To address this, we aimed to acquire
new knowledge on the conceptual basis of pain underlying two fundamental
distinctions: i) cognitive problems located within the external world (as
world-model pain) and induced by the bodily actions (as body-model
pain) from nociception for pain avoidance learning, and ii) nociceptive
problems from the external world (as exteroception) and in the internal
body (as interoception) for cognitive modulation on nociception. For the
cognitive problem, we suggested a reinforcement learning (RL) model
with multidimensional bodily pain input. The model arbitrated between
model-free and model-based learning for efficient pain avoidance behaviour.
Simulation results showed its effective predictive error-driven avoidance
learning over time, akin to human behaviour in different pain conditions,
as well as flexible learning in varying pain conditions. We also showed the
necessity of input pain perception as a multisensory vector embedded in
a body map for effective pain avoidance, as well as partially dysfunction-
alised pain avoidance learning following the extent of perceptive bodily
impairment. With a desktop-based Virtual Reality (dVR) navigation task
conducted in magnetic resonance imaging (MRI), we further provided
neuroimaging support to our learning model fitted to the behavioural
data. The corresponding pain learning strategy could best describe the
data within the respective environmental pain conditions. Neuroimaging
results further implied a temporal-parietal difference in favour of different
pain learning pathways, a dorsolateral-medial prefrontal difference in pre-
dictive pain learning, sensory-motor and insula activations with various
pain-predictive signals, and an anterior cingulate circuit correlating with
reliability-based arbitration. These suggested a single arbitrative learning



system for human cognitive pain representation learning both external
threatening environments and internal bodily integrity with neuroimaging
support. For the nociceptive problem, we designed the experiment to
discover the interaction of persistent nociception and sensation modulated
by discrepant exteroceptive contexts with electroencephalography (EEG)
and an immersive Virtual Reality (iVR) game allowing free-operant mov-
ing in the open arena. The iVR technique enabled an immersive pain
learning environment for human participants to conduct natural bodily
movements for realistic pain learning. We showed discrepant represen-
tations of body-model and world-model exteroceptive pain in EEG as
posterior-anterior potentials anchored to both stimuli and action events,
and as body-model beta and world-model frontal theta power oscillations.
We further discovered the exteroceptive pain manipulating sensory and
illusory nociception with centrofrontal synchronisation in various frequency
bands. These supported our hypothesis on the exteroception-modulated
sensory and illusory nociception with electroencephalographic support,
finalising a primary understanding of such a novel cognitive basis of pain.
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Chapter 1

Introduction

1.1 Conceptual representation

Concepts, ‘the units of thought’, are considered a powerful approach in both human
thought and artificial intelligence (AI) for implementing human high-level cognition
[Carey, 2011, Fumagalli and Ferrario, 2019]. The representation of concepts has
been greatly studied to explain various cognitive functions like learning, language,
interference, decision-making, planning, etc. [Murphy, 2002], and has been largely
applied to artificial agents with different conceptual systems for the corresponding
cognitive functions [Vernon et al., 2007]. Despite a grand debate on the notion of
‘concept’ [Fumagalli and Ferrario, 2019], it is not enough to be merely regarded as
a linguistic representation of knowledge categories in the context of generalisation
learning, which contains knowledge transfer across multiple situations and domains
[Banich et al., 2010]. This requires core cognition beyond language, such as agent-
based goal-directed performance and object-based interference from causal or spatial
relations [Carey, 2011], that necessitates a certain level of abstraction for analogy
across multiple cognitive domains [Gallagher and Zahavi, 2012].

Connectionists have provided an implemental perspective on the notion of ‘concept’
that is compatible with the neural architecture of the brain with: The conceptual
representation is distributed across multiple cognitive processing elements, or neural
cells in the brain, that are connected with each other in a network [Fodor and Pylyshyn,
1988, Fumagalli and Ferrario, 2019]. From the perspective of neural networks in AI,
the conceptual representation would be the activity of those interconnected hidden
units [Goodfellow et al., 2016]. For agent-based goal-directed performance, the
conceptual representation may be derived from predictive value-driven learning, which
is implemented as reinforcement learning (RL) in AI [Sutton and Barto, 1998], with
different value-based functionalities found across multiple brain regions [Botvinick
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et al., 2020]. For object-based interference, the conceptual representation should also
capture the structure of both incoming inputs and internal knowledge for knowledge
transfer learning [Kemp and Tenenbaum, 2008]. In the brains across numerous species
including humans, this is believed to be embedded in a ‘cognitive map’ in hippocampal
regions (e.g. with hippocampal place cells and entorhinal grid cells among rodents),
which interconnects with other relative brain regions, for encoding both spatial and
causal relations among entities [Behrens et al., 2018, Hafting et al., 2005, O’Keefe and
Nadel, 1978, Tolman, 1948]. Recent AI algorithms inspired by such a ‘cognitive map’
with entorhinal grid cells show considerable performance in vector-based navigation
Banino et al. [2018] and structural knowledge generalisation [Whittington et al., 2020].

Among various human cognitive functions, the pain system is a highly skilled
learning ‘machine’. It is a fantastic model for understanding the structure of knowledge
encoded in the brain because of its i) strong interaction between clear-cut performance
(i.e. action) control and perceptual inference, ii) implementation of distinct information
processing circuits across a broad range of brain regions, iii) high pervasion and saliency,
and iv) crucial functionality of various human behaviours like bodily survival and
social interaction [Mohamed and Ott, 2020, Seymour and Mancini, 2020]. Pain also
owns unique properties that differ from simple sensory perception or ‘negative’ value
signal (see the next subsection). In fact, numerous machine learning and AI algorithms
have been applied to pain research and clinical application for data analysis [Lötsch
and Ultsch, 2018]. In addition, AI approaches with safe RL have been designed for
avoiding potential dangers and meanwhile maximising returns [García and Fernández,
2015], which resembles the functionality of the human pain system for self-protection
[Seymour and Mancini, 2020]. Whereas pain itself as both perception and cognition
so far has been less used to enlighten current AI algorithms [Mohamed and Ott, 2020],
as we still have less knowledge on the conceptual representation of pain encoded in
the human brain [Seymour and Mancini, 2020]: How does the human pain system
extract information from multisensory cues to effectively and flexibly avoid potential
complex dangers, probably via value-based aversive learning?

AI algorithms so far have yet to contain powerful conceptual representations that
serve well for a considerable number of cross-domain cognitive functions [Fumagalli and
Ferrario, 2019]. With a conceptual representation of pain discussed in the following
subsection, a pain-inspired AI would be crucial for not only a high capability on
self-protection against avoidable potential dangers that may cause painful experience,
but also understanding the structural knowledge of pain itself and implementing
generalisable cognitive functions in artificial agents, especially in single-experience

2



learning, novel stimuli generalisation, and knowledge transfer among multiple agents
[Mohamed and Ott, 2020].

1.2 Cognitive basis of pain learning

Computational and cognitive models of sensory information processing assume that
humans aim to infer the causes of afferent sensory input [Friston, 2005, Gregory, 1980,
Hatfield, 1990, Körding et al., 2007, Seymour and Mancini, 2020, Tabor et al., 2017].
In the case of pain, this lies in two distinct categories of nociceptive causes: those
external to the body that may cause potential harm which is avoidable (e.g. a burning
stove in the real world) [Price et al., 2003, Sherrington, 1906], and those internal to
the body that reflects potentially damaged body tissue inducing a persistent pain that
is not avoidable (e.g. skin that is more sensitive to burn) [Craig, 2002, 2003, Geldard,
1972]. These provide a core nociceptive dichotomy between two aspects of pain:
exteroception, of which the knowledge we extract from the external environment for
protective behaviours against potential threats [Price et al., 2003]; and interoception,
of which the knowledge we obtain from the internal body as physiological condition
along with homeostatic behaviours [Craig, 2003, Wall, 1979]. Thus, a fundamental
distinction could be figured out in such a conceptual basis of pain: motivational
problems with the external world as exteroceptive pain, and nociceptive problems in
the internal body as interoceptive pain [Seymour, 2019, Seymour and Mancini, 2020].

From a nociceptive perspective, the pain information of ‘how does the brain realise
that the body is injured’ is inferred and affected from both exteroceptive phasic pain
[Price et al., 2003] and interoceptive persistent (or chronic) pain [Di Lernia et al.,
2016,]. They are separately processed in two spinothalamic pathways in the brain
[Dostrovsky and Craig, 2006]. The exteroceptive pain signal is transmitted in a
lateral pathway for sensation incorporating somatosensory discrimination [Melzack
and Wall, 1965, Melzack and Casey, 1968]: Lamina neurons project from dorsal horn
to primary somatosensory cortex (SI) and secondary somatosensory cortex (SII) via
ventrolateral/ventroposterior thalamus for multisensory integration [Apkarian and
Hodge, 1989, Craig, 2008, Mackel et al., 1992, Stevens et al., 1993]. Whilst the
interoceptive pain signal is transmitted in a medial pathway for homeostatic emotions
[Craig, 2003, Strigo and Craig, 2016]: Lamina neurons project from dorsal horn to
insula via ventromedial thalamus for homeostatic sensation, as well as to the anterior
cingulate cortex (ACC) [Banich et al., 2010] via dorsomedial thalamus for affective
motivation [Craig et al., 1994, Craig, 1995, 2002, 2003]. These two pathways may share
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bidirectional interactions with each other. On one hand, the persistent interoceptive
pain may drive an endogenous control on the sensation of co-occurring exteroceptive
pain, e.g. in the conditioned pain modulation [Kennedy et al., 2016]. On the other
hand, learning the exteroceptive pain for avoidance learning requires an inhibition on
interoceptive persistent pain that is abnormal within chronic pain conditions [Staud,
2012].

From a cognitive perspective, pain is processed with Bayesian interference for
prediction, where the sensory encoding is biased by predictive information with
statistical optimisation [Anchisi and Zanon, 2015, Seymour and Mancini, 2020, Tabor
and Burr, 2019, Yoshida et al., 2013]. For exteroceptive pain with somatosensory
discrimination, the lateral projection to SI and SII shows a topographical map for
discriminating spatial differences of nociception across body parts [Mancini et al.,
2012, 2014]. A previous study has also found evidence of predictive encoding in SI
and SII for pain modulated by expectation and violation [Fardo et al., 2017]. That is,
the somatosensory map may be responsible for both body-level representation and
prediction of pain [Brecht, 2017, Seymour and Mancini, 2020]. For interoceptive pain
with homeostatic sensation and affective motivation, the predictive signal has also
been reported to correlate with unexpected pain (opposed to features) in the anterior
insula [Geuter et al., 2017], in the dorsal putamen, and uncertainty in the pregenual
ACC [Zhang et al., 2018].

To incorporate efficient pain avoidance learning within sensory-rich environments,
we further propose that the exteroceptive pain could be inferred from the specific
pattern of phasic exteroceptive pain stimuli: Whether they point to a primary problem
either in subjective bodily experience or from objective external objects [Farkas,
2013]. The idea is similar to the spatial navigational system that switches between
the viewpoint-dependent body-model (or self-oriented) frame encoded in parietal
regions and viewpoint-independent world-model ‘cognitive map’ in hippocampal
regions [O’Keefe and Nadel, 1978, Vann et al., 2009, Wolbers and Wiener, 2014],
which has been applied to AI algorithms inspired by MEC grid cells for vector-based
navigation [Banino et al., 2018]. For pain, this lies on a cognitive dichotomy between
body-model and world-model aspects of pain, underlying another distinction in the
basis of attributing the exteroceptive pain for its avoidance: world-model causes located
within the experience-independent external world, and body-model causes induced
by experience-dependent bodily movement. To avoid potential threats effectively in
advance, cognitive knowledge of exteroceptive pain with world-model aspects from the
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external world should be learned and inferred from body-model aspects that could be
directly obtained from bodily experience during the early stage of exploration.

How does the brain know which aspect to attribute to the current exteroceptive
pain? How do different brain regions encode each of them to infer the cause of
exteroceptive pain for future avoidance, which enables an efficient avoidance learning
from navigational environments with complex and dynamic dangers? How does the
exteroceptive pain learning provide an endogenous control on the persistent sensation
(including pain), which itself is not predictable for pain avoidance and meanwhile
yielding a chronic sensation (or pain) state appropriate to injury, in order to keep the
cognitive functionality of avoidance learning?

We assume the way to infer exteroceptive causes comes from whether the pain
is specifically associated with external objective states or internal subjective actions.
For instance, if a person only experiences the skin burn in a certain place just next
to the burning stove, the pain is likely to be ‘world-model’ and associated with the
stove. On the other hand, if the pain sensation is felt as more sensitive in the left
arm only when the person stretches it, the pain is likely to be ‘body-model’ and
associated with the left arm. In this way, a person could learn proper pain avoidance
behaviours. Meanwhile, the additional interceptive persistent pain in the body may
sensitise/inhibit these pain cognition processes within the relative body part so as
to increase/decrease the corresponding pain avoidance behaviour [Moriarty et al.,
2011], cf. conditioned pain modulation on nociception [Kennedy et al., 2016]. On the
other hand, efficient exteroceptive pain learning and avoidance needs a certain level
of endogenous control on interoceptive persistent pain to suppress the unlearnable
‘background noise’, cf. cognitive dysfunctionality when suffering chronic pain [Moriarty
et al., 2011, Staud, 2012].

1.3 Algorithms of cognitive pain learning

From an algorithmic perspective, RL models with temporal difference (TD) may offer
insight and draw on models of value-based action learning, such as Pavlovian and
instrumental learning [Sutton and Barto, 1981], whilst keeping potential biological
plausibility [Sutton and Barto, 1998]. For instrumental learning, the behaviour is
modulated by two systems: stimulus-response habitual learning without a model
of the external world, and value-based goal-directed learning with simulating the
external world [Balleine and Dickinson, 1998, Gläscher et al., 2010]. Thus, to predict
exteroceptive pain during navigation within complex environments, an RL model needs
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to incorporate both model-based goal-directed learning for predicting world-model
pain and model-free habitual learning for predicting body-model pain.

Previous studies have already applied a similar modelling architecture to com-
putational models for decision-making [Lee et al., 2014], spatial navigation [Geerts
et al., 2020], and pain avoidance under the decision-making task [Wang et al., 2018,
Mahajan et al., 2024]. Neuroimaging studies in decision-making tasks have found
model-free signals correlating unexpected pain in the putamen, whilst the combi-
nation of model-free and model-based signals correlating unexpected pain in the
ventromedial prefrontal cortex (vmPFC) [Lee et al., 2014, Wunderlich et al., 2012], in
which they use FORWARD learning and BACKWARD planning for model-based RL
whilst SARSA for model-free RL [Gläscher et al., 2010, Lee et al., 2014, Wang et al.,
2018]. In addition, hippocampal regions such as medial entorhinal cortex (MEC) and
hippocampus (HPC) are suggested to encode a ‘cognitive map’ of the external world
for model-based learning during spatial navigation [Behrens et al., 2018], in which
the successor representation is suggested for such model-based RL whilst SARSA for
model-free RL [Dayan, 1993, Stachenfeld et al., 2017, Geerts et al., 2020].

We also need to regard pain avoidance learning as not only a fundamental RL
problem but also a knowledge representational problem. We notice that apart from
traditional reward-based RL problems on learning from a single scalar input [Sutton
and Barto, 1981], an effective pain learning can utilise the somatosensory body map
as multidimensional inputs [Mancini et al., 2012, 2014]. Furthermore, when inferring
exteroceptive pain, a low state-outcome contingency may be more likely to imply a
body-model pain, especially if also with a high action-outcome contingency (although
this may not exclusively be the case, e.g. if the state itself is body-model). We also
suggest that both body-model and world-model pain may be equally controllable, apart
from the uncontrollable persistent pain as interoception. As distinguishing world-model
pain from body-model pain for modulating interoceptive nociception or sensation may
require more sophisticated models of the interaction between external and internal
world, the RL-based pain avoidance learning may also rely on accumulating bodily
nociceptive evidence in accordance with Bayesian interference [Seymour and Mancini,
2020].

1.4 Aims and hypothesis

The goal of this research is to acquire new knowledge on the conceptual basis of pain,
along with developing a new computational model on it, with the connection between
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nociception and cognition. This underlies two fundamental distinctions: i) nociceptive
problems from the external world (as exteroception) and in the internal body (as
interoception) for cognitive modulation on nociception, and ii) cognitive problems
located within the external world (as world-model pain) and induced by the bodily
actions (as body-model pain) from nociception for pain avoidance learning.

We assume that the human brain could infer exteroceptive causes that come
flexibly between external objective states and internal subjective actions. Meanwhile,
these two different learning schemas of cognitive pain could either inhibit or exhibit a
certain level of interoceptive (pain) sensation, potentially facilitating efficient aversive
avoidance learning.

In Chapter 2 we build an RL model (Section 2.2), which incorporates
such exteroceptive pain knowledge dissociation and interoceptive pain mod-
ulation, for predicting human pain avoidance behaviours during navigation.
The model consists of both model-based and model-free RL for body-model and
world-model exteroceptive pains, as well as the arbitration between them for flexible
learning (Section 2.2.2). With model simulation and data fitting in Chapter
2, we show that our model provides effective pain avoidance learning for
navigational environments that contain complex and dynamic dangers.

We also design two human experiments that allow us to discover the behavioural
and neural evidence of these hypotheses to discover i) the computational and
neural dissociation between body-model and world-model aspects of pain
encoded in the brain within an MRI study incorporating a desktop-based
Virtual Reality (dVR) game (Section 3.2), and ii) the interaction of persistent
nociception and sensation modulated by these two pain cognition processes
within an EEG study via an immersive Virtual Reality (iVR) game (Section
4.2), in which the iVR technique enables an immersive pain learning environment for
human participants to conduct natural bodily movement for realistic pain avoidance
behaviour, which has been recently used for phasic and tonic pain valuation [Hewitt
et al., 2025, Tong et al., 2025] as well as chronic pain management and treatment [Li
et al., 2011, Birckhead et al., 2021, Goudman et al., 2022, Teh et al., 2024]. In Chapter
3 we show the dissociated exteroceptive pain learning with neuroimaging
support, and in Chapter 4 we show the sensory and illusory nociception
modulated by exteroception with electroencephalographic support.

In this way, we provide a large-scale neural architecture of the body-model
and world-model conceptual basis of exteroceptive pain cognition, as well as the
exteroception-modulated interoceptive nociception and sensation, for understanding
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the neural mechanism of conceptual pain in the brain within sensory-rich environ-
ments. It is possible to provide AI with considerable human cognitive abilities on
pain cognition for efficient self-protection as well as interaction among multiple agents
and human beings, so as to reinforce industrial productivity and social efficiency. In
addition, such a conceptual and computational approach to the pain could provide
a new theoretical perspective of pain, benefiting translational research for patients
in reality who are suffering various sorts of pain, e.g. by helping them to maintain
cognitive function performance that could have been impaired by suffering chronic
pain [Moriarty et al., 2011], or to relieve interoceptive noxious sensations given the
appropriate high-level cognitive learning task in immersive Virtual Reality.
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Chapter 2

Model simulation with arbitrative
reinforcement learning (aRL)

2.1 Introduction

Learning to survive the environment includes not only maximising expected rewards
but also minimising predicted dangers [Dayan and Daw, 2008, Mobbs et al., 2020].
Such instrumental behaviour is usually believed to be under control of two dichotomic
learning systems for evaluating actions [Balleine and Dickinson, 1998, Dayan and
Daw, 2008, Drummond and Niv, 2020]: ‘automatic’ habitual behaviour, which learns
a direct stimulus-response contingency, thus provides quick learning; and ‘deliberative’
goal-directed behaviour, which additionally recruits the internal structural knowledge
of the external environment from the input pattern of stimuli, that provides relatively
slow but large-scale and generalisable learning. These require both agent-based goal-
directed performance and object-based interference from causal or spatial relations
[Carey, 2011], which necessitates a certain level of abstraction for analogy across
multiple cognitive domains [Gallagher and Zahavi, 2012]. The agent-based goal-
directed performance may be derived from predictive value-driven learning, such as
reinforcement learning (RL) [Sutton and Barto, 1998], with different value-based
functionalities found across multiple brain regions, such as prefrontal and striatal
regions [Botvinick et al., 2020, Daw et al., 2005]. Specifically, habitual behaviour is
typically described as a model-free learning without explicit models for evaluating
stimuli-response associations [Daw et al., 2005, Dayan and Daw, 2008], whilst deliberate
behaviour as a model-based learning with an internal model on environmental inputs
for online action evaluation [Doya et al., 2002, Daw et al., 2005, Dayan and Daw, 2008].
This duality implies some arbitration that permits flexible learning in complicated
environments [Daw et al., 2005, Lee et al., 2014].
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Pain, an unpleasant sensory and emotional experience acquired through life expe-
rience [Raja et al., 2020], is crucial not only to perceive current (invisible) threats but
also to learn to avoid future threats. The pain system is a good model for understand-
ing the structure of knowledge learnt by the brain because of its strong interaction
between clear-cut action control and perceptual inference implemented in distinct
information processing circuits across a broad range of brain regions [Mohamed and
Ott, 2020, Seymour and Mancini, 2020]. Pain also owns unique multidimensional
properties that differ from simple sensory perception or unidimensional ‘negative’ value
signals. However, with threat prediction and minimisation, pain is studied insofar
as driving protective responses either through directly eliciting action (e.g. through
withdrawal reflexes) or by directing learning (as a teaching signal) to avoid pain
[Seymour, 2019, Seymour and Mancini, 2020]. Under the framework of dichotomic
learning systems of decision-making, what is missing is how we respectively represent
and learn pain as a cognitive concept from its perception.

To incorporate efficient pain avoidance learning within complex risky environments,
the exteroceptive pain stimuli should be inferred from the specific pattern of input as
abstract representations across various levels [Seymour, 2019]. Fast habitual behaviour
could be supported by learning a direct association between proximal bodily pain
perception and response actions, described as model-free learning [Seymour, 2019,
Drummond and Niv, 2020]. On the other hand, slow deliberative behaviour necessitates
an internal model with hidden states to encode distal spatial information as additional
representations to support an enormous capacity for avoidance performance, described
as model-based learning [Tolman, 1948, Dayan and Daw, 2008]. Thus, for learning
the exteroceptive pain to capture and avoid external dangers, this lies on a cognitive
learning dichotomy underlying the basis of its attribution: a body-model cause induced
by experience-dependent bodily movement, and a world-model cause located within the
experience-independent external world. That is, whether pain is regarded as a cognitive
learning problem, either in the subjective bodily experience that is quick to learn
directly, or from objective external objects that necessitate an internal state model of
the world [Farkas, 2013]. The idea is similar to the spatial navigational system that
flexibly switches between the viewpoint-dependent egocentric frame encoded in parietal
regions and viewpoint-independent allocentric ‘cognitive map’ in hippocampal regions
for large-scale navigation [O’Keefe and Nadel, 1978, Vann et al., 2009, Wolbers and
Wiener, 2014]. Previous studies have already applied a similar modelling architecture
to computational models for decision-making [Lee et al., 2014], spatial navigation
[Geerts et al., 2020], and pain avoidance under the decision-making task [Wang et al.,
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2018]. Whereas in pain, the somatosensory regions, directly interconnected with motor
cortices, as a ‘body-model’ may be responsible for both body-level representation and
prediction of pain for learning its avoidance behaviour [Brecht, 2017, Seymour and
Mancini, 2020].

We assume the way to infer exteroceptive causes comes from whether the pain
is specifically associated with external objective states or internal subjective actions.
From an algorithmic perspective, we need to regard pain avoidance learning as not
only a fundamental RL problem but also a knowledge representational problem. When
inferring exteroceptive pain, a low state-outcome contingency may be more likely to
imply an action-induced pain, especially if also with a high action-outcome contingency
(although this may not exclusively be the case, e.g. if the state itself is embedded
in the body-model). As distinguishing world-model from body-model pain under
interoceptive modulation may require more sophisticated models of the interaction
between the external and internal world, the RL-based pain avoidance learning may
also rely on accumulating bodily nociceptive evidence with Bayesian inference [Seymour
and Mancini, 2020]. We also notice that apart from traditional reward-based RL
problems on learning from a single scalar input [Sutton and Barto, 1981], effective
pain learning can utilise the somatosensory body map as multidimensional inputs
[Mancini et al., 2012, 2014].

Thus with a navigational avoidance task, we suggested a reinforcement learning
(RL) model with multidimensional bodily pain input. The model arbitrated between
model-free and model-based learning for efficient pain avoidance behaviour. Simulation
results showed its effective predictive error-driven avoidance learning over time, akin to
human behaviour in different pain conditions, as well as flexible learning in varying pain
conditions. We also showed the necessity of input pain perception as a multisensory
vector embedded in a body map for effective pain avoidance, as well as partially
dysfunctionalised pain avoidance learning following the extent of perceptive bodily
impairment. Overall, our work suggests a single arbitrative learning system for human
cognitive pain representation learning both external threatening environments and
internal bodily integrity.

2.2 Methods

2.2.1 Model simulation task design

The simulations were conducted within a navigational task akin to our human experi-
ment with a computer-based virtual spatial navigation task with a first-person view
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Figure 2.1: Spatial aversive learning task within the virtual environment
with multidimensional negative inputs (cf. electric shocks onto the human
body) given under different pain conditions that required the corresponding
learning strategies.

(A) A virtual environment scenery consistent with the human experimental setup
in Section 3.2 where participants conducted the task with the first-person perspective.
(B) Example of different ’pain’ (as a 2-element vector with negative values) stimulation
patterns in the action-induced condition (right turn as dangerous turn) and state-
induced condition (dangerous centre in the first quadrant) when agents moved from
Room a to b. Red rectangles stand for dangerous aisles, with a red circle as their
dangerous centre. Black numbers beside the electrode on the corresponding arm
(right) refer to the action (left) leading to a high shocking probability, whilst grey
numbers refer to a low shocking probability. (C) Example of ’pain’ which was the
same as shown in B, but instead receiving a 6-element ’pain’ stimulation vector with
somatosensory topology. Notice each body part had an independent shock-receiving
possibility from others.

(Figure 2.1A). The virtual environment had stably dangerous turning directions or
spatial places that might cause electric ’painful shocks’ as multidimensional negative
’reward’ inputs. Figure 2.1B provided an example of a 2-element vector input, corre-
sponding to the bilateral electrodes applied to the human skin surface of both arms,
with 1 for each side on the arm in our human experiment. Figure 2.1C provided an
example of a 6-element vector input as a more complicated multidimensional bodily
perception input with somatosensory topology.

Each place in the virtual environment was considered as a simple square open room,
with each neighbouring room connected by a narrow open aisle, so that the whole
environment becomes a 3× 3 square grid (Figure 2.1A, left). During the navigational
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task in each simulation episode block with 48 room visits, agents might receive a
’shock’ that projects onto their virtual topological ’body map’ as a multidimensional
negative ’reward’ input as soon as they leave the room to a dangerous aisle (Figure
2.1B, left), which depended on the movement and pain conditions described below in
details.

2.2.1.1 Action-induced pain condition

For the action-induced pain condition with body-model pain, agents had an action
contingency q among different actions to receive a ’shock’, depending on whether
to do a quarter turn when leaving the room (Figure 2.1B, middle). The quarter
turn referred to either the left turn or the right turn. Agents had the conditioned
probability q+ = 0.8 to receive a shock when doing a dangerous quarter turn, whilst
having the conditioned probability q− = 0.3 to receive a shock when not doing a
dangerous quarter turn, so that the action contingency q = q+ − q− = 0.5. With a
specific (i.e. either left or right) quarter turn in the corresponding block, half of the
body parts within the ipsilateral side might receive the shock; Otherwise, those within
the contralateral side might receive the shock (Figure 2.1C, left).

2.2.1.2 State-induced pain condition

For the state-induced pain condition with world-model pain, participants had a state
contingency p among different states to receive a ’shock’, depending on the position of
dangerous places (Figure 2.1B, right). Here, invisible dangerous places composed a
cluster of 4 adjacent aisles that connected a 2× 2 region of rooms. More specifically,
agents had the conditioned probability p+ = 0.8 to receive a shock when entering a
dangerous aisle, whilst having the conditioned probability p− = 0.3 to receive a shock
when entering a non-dangerous aisle, so that the state contingency p = p+ − p− = 0.5.
Only half of the body parts (as a hemisphere of the body) might receive a shock if
those body parts were more exposed to the dangerous centre in the virtual environment
(Figure 2.1C, right).

2.2.1.3 Pain avoidance performance (PAP) quantification

Agents conducted aversive learning on the task with pain avoidance performance over
time. We defined pain avoidance performance (PAP) as the action that led to a lower
possibility of receiving shocks when leaving the room. Each action could be a left turn,
a right turn, moving forward, or moving backwards. For the action-induced condition,
PAP was the other three turning directions apart from the dangerous one. For the
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state-induced condition, PAP was the turning direction that did not directly lead to
a dangerous aisle. To show the temporal learning progress at the behavioural level,
we calculated PAP as a percentage of PAP per se over all actions separately within
4 sequential segments in a simulation episode, each for the corresponding segment
with 12 room visits. This was consistent with our human experiment, which allowed 4
minutes for each navigational block that allowed participants to have around 40-50
room visits (Section 3.2), so that the simulation required fast learning within limited
room visits rather than hundreds of simulation trials. Chance levels were then regarded
as a pure action guess strategy calculated over all pairs of room and action. That
is, 52/68 = 76.47% for action-induced condition guess rate and 44/68 = 64.71% for
state-induced condition guess rate.

2.2.1.4 Simulation protocols

Two different simulation protocols were conducted, depending on whether the pain
condition was varying during the whole episode. For the simulation within a stable pain
condition, a simulation episode included 4 consecutive segments, with each segment
summarising PAP over 12 steps. For the simulation with varying pain conditions, a
simulation episode included 8 consecutive segments (12 steps per segment), with each
condition lasting for 2 segments before switching to the other, so that the agent could
have enough steps to learn pain avoidance against environment instability. Simulation
episodes were averaged for each of the N = 30 simulations with different random initial
parameters as different random agents. The whole learning simulation would then
include 8 episodes for pain avoidance learning. Other simulation protocol changes,
including 2 or 6 input body parts, perceptive bodily impairment on pain signal inputs,
and cognitive bodily impairment on state pain coding, would be specified in the next
subsection.

2.2.2 Computational Modelling

We suggested reinforcement learning (RL) underlying arbitration between two pain
maps (Figure 2.2): A model-free RL for the bodily pain map, in parallel with a
model-based RL for the world pain map, with both coding value function for deciding
navigational actions in each room (cf. striatal model-free and hippocampal model-based
RL unification for navigation in Geerts et al. [2020]). We used successor representation
for predictive coding of navigational states (here refer to rooms) in the model-based
RL [Stachenfeld et al., 2017]. Compared to the classic model-based RL that slowly
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Model-free SARSA:

'Model-based' successor representation M:

Value-based arbitration: Softmax output:

World-modelPain
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Arbitration weight:

Arbitration weight:

Variables in value function Q:
b: body part (2 body parts as in 1B)
s: state (9 rooms as in 1A)
a: action (4 actions as in 1B)

The input 'shock' is regarded as a
negative multidimensional vector -r(b).

Arbitration weight under
Pearce-Hall associability learns from
real-time prediction error , i.e.

Figure 2.2: RL model with arbitration between model-free and model-based
learning that provided a computational architecture of dichotomic cognitive
learning on pain within complex environments.

The model incorporated a model-free SARSA (red square) in parallel with a model-
based successor representation RL (Stachenfeld et al. [2017]; blue square) for learning
state transition in the external world, with both coding value functions arbitrating
with each other (purple square) for deciding navigational actions in each room (yellow
square). See Seymour and Mancini [2020] for the neurobiological support. Arbitrating
weights ωt were learnt based on the real-time prediction error under Pearce-Hall
associability [Krugel et al., 2009]. The model also contained the input pain perception
as a multisensory vector embedded in a body map (i.e. b in the value function), rather
than a single scalar for classical reward-based task modelling.

updates the state transition upon each state visit, the successor representation provides
a fast and efficient approximation to the state transition with state occupancy in
spatial navigation tasks [Gershman, 2018], so that it models the predictive relationship
among external spatial states factorised out of state-based pain value coding.

2.2.2.1 Input pain signals

Based on the topological encoding of body parts in the somatosensory cortex, we
defined the input firing-rate vector

Λ = (r(1), r(2), ..., r(n)),

where the total number of body parts Nbody = |Λ| in the simulation. The total number
of actions Naction = 4 for turning left, turning right, moving forward, and turning back
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in each room. Each body part b was facing towards Φ(b) ∈ [−π, π) (minus for the
left and plus for the right) for the allocentric direction under the initial subject head
direction θ0 = 0 (i.e. towards north) at the start of each episode. Depending on the
simulation setup, we set

Φ = (Φ(1), ...,Φ(Nbody)) = (Φ(1),Φ(2)) = (−π/2, π/2)

when the agents had Nbody = 2 different body parts to perceive shocks as a simple
2-element vector pain input apart from a single scalar reward, and

Φ = (Φ(1), ...,Φ(Nbody)) = (Φ(1), ...,Φ(6)) = (−π/2,−π/6, π/6, π/2, 5π/6,−5π/6)

when the agents had Nbody = 6 different body parts to perceive shocks as a more
complicated multidimensional bodily perception input with somatosensory topology.

When receiving a shock, each element in Λ at time t referred to the normalised
somatosensory neuron firing rt(b) = 1/

∑
b rt(b) for a specific part of the body b to

receive a real electric shock, and rt(b) = 0 otherwise. When not receiving a shock, all
elements in Λ remained as rt(b) = 0. Moreover, for simulations addressing perceptive
bodily impairment, a set of perceptively impaired bodily parts ΦI were prevented
from receiving pain signal inputs, so that

rt(b) = 0,∀b ∈ ΦI . (2.1)

2.2.2.2 Model-free RL

For each body part b, as well as for each room state st (i.e. when leaving the current
room) and the corresponding action at every time, the state-independent somatosensory
map encoded the corresponding value function as (Figure 2.2; red square)

QBody(b, at)← QBody(b, at) + ηBodyδ
Body
t (b), (2.2)

where the temporal difference (TD) was calculated via the on-policy SARSA

δBody
t (b) = −rt+1(b) + γBodyQBody(b, at+1)−QBody(b, at). (2.3)

The vector −rt+1 = −(rt+1(1), ..., rt+1(Nbody)) referred to a multidimensional ’neg-
ative reward’ as pain input rather than a single scalar as in traditional RL models.
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2.2.2.3 Model-based RL

The allocentric map encoded the corresponding value function with the factorisation
into spatial successor representation [Stachenfeld et al., 2017] and state pain function
as (Figure 2.2; blue square)

QWorld(b, st, ât(at, ht)) = −rt+1(b) + γWorldEst+1|st,at [
∑
s′

M(st+1, s
′)R(b, s′)], (2.4)

where ât(at, ht) referred to the current allocentric moving direction (NEWS) decided
by the head direction ht and egocentric turn at made in the room. The spatial successor
representation

M(st, s
′)←M(st, s

′) + ηSRδ
SR
t (s′) (2.5)

was updated with the corresponding TD as

δSRt (s′) = 1s′=st + γSRM(st+1, s
′)−M(st, s

′) (2.6)

where 1s′=st was a binary variable for whether s′ is st, and the state pain function

R(b, st)← R(b, st) + ηRδ
Pain
t (b, st) (2.7)

was updated via

δPain
t (b, st) = −rt+1(b)−

∑
b′

F (Φ(b′),Φ(b);κ)R(b′, st), (2.8)

where Φ(b) ∈ [−π, π) was the simplified 1-dimensional angular position of the body
part b (Φ(b) = 0 for the left arm and goes positive clockwise), ∆Φ = 2π/Nbody for the
angular interval, and the angular bodily weights

F (Φ(b′),Φ(b);κ) =

∫ Φ(b′)+∆Φ/2

Φ(b′)−∆Φ/2

f(φ,Φ(b);κ)dφ (2.9)

depending on the different prior selections of the bodily weight function f(φ, φ0;κ)

described below.
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2.2.2.4 Bodily weight function

We discovered different ways of projecting bodily perception to the state pain coding
in Equations 2.7 and 2.8 by selecting the following bodily weight functions:

• The von Mises distribution addressed the bodily perception projecting more to
the state pain coding with closer angular distance controlled by an encoding
precision κ as

f(φ, φ0;κ) =
eκcos(φ−φ0)

2πI0(κ)
, (2.10)

where I0(κ) was the modified Bessel function of the first kind with order 0.
A special case when κ → +∞ referred to the strict 1-to-1 projection from
the bodily perception to the state pain coding (disregarding the influence of
mismatched body parts) as

f(φ, φ0) = 1φ=φ0 . (2.11)

Here 1φ=φ0 was a binary variable of the body part correspondence for whether
φ is φ0; and

• The cognitive bodily impairment addressed a set of cognitively impaired bodily
parts ΦI without receiving bodily perception projection to the state pain coding,
apart from the perceptive bodily impairment that simply prevented the corre-
sponding input signals (Equation 2.1). The other intact bodily parts received
the same bodily perception projection as the von Mises distribution in Equation
2.10, so that

f(φ, φ0;κ) = {
0 φ ∈ ΦI

g(φ,φ0;κ)∑
θ/∈ΦI

g(θ,φ0;κ)
φ /∈ ΦI

, (2.12)

where g(φ, φ0;κ) was the von Mises distribution as Equation 2.10.

2.2.2.5 TD-based weighted arbitration

Performing navigational action in each room was based on a TD-based weighted value
function (Figure 2.2; purple square)

Q(st, at) = Eb[ω
Body
t QBody(b, at) + ωWorld

t QWorld(b, st, ât(at, ht))], (2.13)
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where the bodily prior pbody(b) =
1

Nbody
. The weight of body-model map ωBody

t ,
which was designed to increase when the corresponding prediction error |δt| (as an
estimate of uncertainty or reliability, see Lee et al. [2014] and Geerts et al. [2020])
decreased, was updated via

ωBody
t ← ωBody

t + τω(
αBody

1 + eβBodyχBody
ωBody
t − αWorld

1 + eβWorldχWorld
ωWorld
t ), (2.14)

and the transition rates of Pearce-Hall associability for reliability estimation [Sutton,
1992, Le Pelley, 2004, Li et al., 2011] were based on the unsigned prediction error
[Krugel et al., 2009] and updated via

χBody ← χBody + ρBody(1−
ΩBody

maxδBody
− χBody) (2.15)

and

χWorld ← χWorld + ρWorld(1−
ΩWorld

maxδWorld
− χWorld), (2.16)

with the temporal average of absolute prediction errors

ΩBody ← ΩBody + νBody(|δBody
t (b)| − ΩBody) (2.17)

and

ΩWorld ← ΩWorld + νWorld(|δWorld
t (s)| − ΩWorld), (2.18)

meanwhile

ωWorld = 1− ωBody. (2.19)

2.2.2.6 Action output

The navigational action in each room followed a softmax policy (Figure 2.2; yellow
square)

p(a|s) = eQ(s,a)/τΠ∑
a′ e

Q(s,a′)/τΠ
, (2.20)

where

τΠ = τ
(0)
Π e−λΠt (2.21)

was the temperature parameter compensating for spatial exploration and exploita-
tion.
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2.2.2.7 Alternative models

We also compared various alternative models based on whether the real-time bodily
’shock’ information (i.e. which body part gets shocked) and current spatial information
(i.e. which room) was included in the Q-value learning. These included:

• mf: The pure model-free RL learning Q-value on body parts and actions
QBody(b, a) in Equation 2.2. ωWorld ≡ 0 was set to invalidate model-based
learning;

• mf_noB: The pure model-free RL learning Q-value only on actions QBody(a) as

QBody(at)← QBody(at) + ηBodyδ
Body
t , (2.22)

so that the shock input was regarded as a single scalar −rt+1 no matter which
body part received the shock, rather than a vector −(rt+1(1), ..., rt+1(Nbody)).
ωWorld ≡ 0 was set to invalidate model-based learning;

• mb: The pure model-based RL learning Q-value on body parts, spatial states,
and actions QWorld(b, s, a) in Equation 2.4. ωBody ≡ 0 was set to invalidate
model-free learning;

• mb_noB: The pure model-based RL learning Q-value on spatial states and actions
QWorld(s, a) as

QWorld(st, ât(at, ht)) = −rt+1 + γWorldEst+1|st,at [
∑
s′

M(st+1, s
′)R(s′)], (2.23)

so that the shock input was regarded as a single scalar −rt+1 no matter which
body part received the shock, rather than a vector −(rt+1(1), ..., rt+1(Nbody)).
ωBody ≡ 0 was set to invalidate model-free learning;

• arb: The arbitrative RL learning on both QBody(b, a) (mf) and QWorld(b, s, a)

(mb) in Equation 2.13;

• arb_noMFB: The arbitrative RL learning on both QBody(a) (mf_noB) and QWorld(b, s, a)

(mb), so that the shock input to model-free learning was regarded as a single
scalar −rt+1 no matter which body part received the shock; and

• arb_noMBB: The arbitrative RL learning on both QBody(b, a) (mf) and QWorld(s, a)

(mb_noB), so that the shock input to model-based learning was regarded as a
single scalar −rt+1 no matter which body part received the shock.
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Table 2.1: Free parameters used for various pain learning simulations, chosen based
on the data fitting results from our human experiments (Section 3.2 & Chapter 3)
with the same navigational task and computational models.

Types Descriptions Parameters Values

Model-free learning Discount γBody 0.53
Learning rate ηBody 0.49

νBody 0.48

Model-based learning Discount γWorld 0.53
γSR 0.53

Learning rate ηSR 0.52
ηR 0.48
νWorld 0.48

Pain state encoding precision κ 0.48

Arbitrative learning TD-based weighted association τω 1
ρBody 1
ρWorld 1

Tuning parameters in
the weights of pain
maps

αBody 2.74
αWorld 2.4
βBody 0.44
βWorld 0.38

Behavioual output Tuning parameters in
the softmax function

τ
(0)
Π 2.46
λΠ∗ 0.05

*Apart from no decay setup used for behavioural data fitting in Chapter 3, the action
temperature decay here was set to a small positive number to ensure simulation
convergence.

21



2.2.2.8 List of parameters

See Table 2.1 for a list of the model parameters chosen for all simulations in Chapter
2. These parameters were chosen based on data fitting results as between-subject
averages of fitted parameters derived from our human experiments in Section 3.2 &
Chapter 3 with the same 2-electrode navigational task and computational models. All
free model parameters included:

• ηBody, γBody, and νBody as learning rates and discounts in the model-free RL;

• γWorld, ηSR, γSR, ηR, and νWorld as learning rates and discounts in the model-
based RL;

• κ as temperature parameter in von Mises distribution referring to the pain state
encoding precision;

• τω, ρBody, and ρWorld as learning rates in TD-based weighted association;

• αBody, αWorld, βBody, and βWorld as tuning parameters in the weights of pain
maps; and

• τ
(0)
Π (initial action temperature) and λΠ (decay action temperature) as those

controlling temperature parameters for the action with softmax policy. Note
λΠ here was set to a small positive number to ensure simulation convergence,
apart from the zero decay used for behavioural data fitting with real human
behaviours.

2.3 Results

2.3.1 Efficient error-driven pain learning in separate conditions

We first conducted the simulation on N = 30 random agents, averaging 8 episodes
within a simple navigational task, the same as that used in our human experiment
(Figure 2.1A; also see Section 3.2). That is, the arbitrative learning model receiving
a 2-electrode pain input vector tried to learn the task either in the action-induced
condition (with right-turn as a dangerous action) or the state-induced condition
(with top-left quadrant II as a dangerous region). We found the significant temporal
increase of PAP overall all agents in both action-induced condition (Figure 2.3A,
top-right; k = 2.51%, r = .504, p < .001) and state-induced condition (Figure 2.3B,
top-right; k = 5.50%, r = .628, p < .001). Moreover, PAP after the early learning
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Example of frequency heatmaps (on 4 actions) from human behavioural data.
Human learns to avoid the right turn over time in a 4-minute block.

Converging arbitration rates.

Converging arbitration rates with larger
MB-MF difference than the left panel.

Action-induced PAP
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1st min 2nd min
Segment Count

3rd min 4th min

State-induced
condition

High PAP from model simulation
aligns with human behaviour (below).

High PAP from human behavioural data.

Example of frequency heatmaps (on 9 rooms) from human behavioural data.
Human learns to avoid the top-left 4 rooms over time in a 4-minute block.

State-induced PAP
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Actions after moving from
Room a to b

Action-induced condition
(right turn) State-induced condition
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Figure 2.3: Model simulations showed significant predictive error-driven
aversive learning on pain avoidance performance (PAP) in both pain
conditions in accordance with human behavioural data.

(A) An example of an action-induced condition with the dangerous right turn (big
red arrow on top-left), with visit frequency heatmaps in each minute on 4 actions in the
action-induced condition (bottom). We showed a significant temporal increase of PAP
over all participants (top-right) in the action-induced condition. (B) An example of a
state-induced condition with the dangerous front-left region (red square on top-left),
with visit frequency heatmaps in each minute on 9 rooms in the state-induced condition
(bottom). We showed a significant temporal increase of PAP over all participants
(top-right) in the state-induced condition. Error bars stand for 95% CI. FDR-corrected
p-values showed the result of the Wald Test on each segment PAP in the corresponding
condition with t-distribution against the zero-slope null hypothesis. *** for p < .001.
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Figure 2.4: Model simulations suggested an efficient predictive error-driven
aversive learning, particularly effectively decreasing learning errors in both
pathways when learning state-induced pain.

Model variables in both conditions (i.e. A for action-induced condition, and B
for state-induced condition) over 4 temporal segments showed significant temporal
decrease of absolute TD errors and temporal increase of reliabilities that were based
on predictive error-driven TD for learning. See Section 2.2.2 for the corresponding
abbreviations of each variable. Error bars stand for 95% CI. FDR-corrected p-values
showed the result of the Wald Test on each model variable in the corresponding
condition with t-distribution against the zero-slope null hypothesis. *** for p < .001,
** for p < .01, and * for p < .05. 24



stage significantly exceeded the chance level (i.e. pure guess rate of the corresponding
pain condition). This could be seen in action-induced condition (Figure 2.3A, top-
right) at the 2nd segment (∆ = 1.76%, t(29) = 1.84, p = .076), 3rd segment (∆ =

3.70%, t(29) = 3.94, p < .001), and 4th segment (∆ = 7.00%, t(29) = 7.74, p < .001),
as well as in state-induced condition (Figure 2.3B, top-right) at the 1st segment (∆ =

4.53%, t(29) = 2.82, p = .009), 2nd segment (∆ = 7.20%, t(29) = 4.43, p < .001), 3rd
segment (∆ = 13.63%, t(29) = 11.31, p < .001), and 4th segment (∆ = 20.71%, t(29) =

19.66, p < .001). These findings suggested that our models could conduct effective
cognitive aversive learning over time under both action-induced and state-induced
conditions, which was akin to human behaviours (Figures 2.3A-B, bottom).

We further showed that the arbitrative model could stably learn pain avoidance with
converging arbitration rates over training episodes in both action-induced condition
(Figure 2.3A, top-middle) and state-induced condition (Figure 2.3B, top-middle).
Furthermore, the difference between model-based and model-free arbitration rates was
larger in the state-induced condition than the action-induced condition, suggesting
a stronger shift towards model-based learning in the corresponding state-induced
condition that required state contingency knowledge of the world-model pain.

When looking deeper into simulated model variables (Section 2.2.2) over temporal
segments, we found significant temporal decrease of absolute TD errors and temporal
increase of reliability that were based on error-driven TD for learning (Figure 2.4).
The Wald tests on these model variables were corrected by positive false discovery
rates (FDR) with the Benjamini-Hochberg procedure for multiple hypotheses testing
[Benjamini and Hochberg, 1995]. The absolute predictive error of model-free Q-values
were decreased in state-induced condition (|δBody|: k = −.01, r = −.314, p < .001 in
state-induced condition), while model-based Q-values were decreased in both conditions
(|δPain|: k = −.01, r = −.261, p = .005 for action-induced and k = −.01, r =

−.314, p < .001 for state-induced condition; |δSR|: k = −.01, r = −.833, p < .001

for action-induced and k = −.01, r = −.865, p = .001 for state-induced condition).
Therefore, the error-based learning reliabilities showed significant increase in both
pain conditions (χmax: k = .01, r = .821, p < .001 in action-induced condition and
k = .01, r = .849, p < .001 in state-induced condition; χBody: k = .01, r = .220, p =

.017 in state-induced condition; χWorld: k = .01, r = .821, p < .001 in action-induced
condition and k = .01, r = .849, p < .001 in state-induced condition). These suggested
an efficient predictive error-driven aversive learning of our arbitrative model when
facing different pain conditions, particularly effectively decreasing learning errors in
both pathways when learning state-induced pain.
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2.3.2 Flexible pain learning under varying conditions

To show how our model with a single arbitrative system could learn pain avoidance
under different conditions based on the previous simulation, we compared the pain
avoidance performance (PAP) between our arbitrative model (arb) and other learning
models with a single learning strategy as either pure model-free (mf) or pure model-
based (mb) under the corresponding conditions (Figure 2.5A). Under the action-
induced condition that required body-model pain learning, the pure mf model learnt
a significantly higher PAP than pure mb (∆ = .03, t(29) = 11.92, p < .001) and arb

(∆ = .03, t(29) = 8.69, p < .001) models (Figure 2.5A, top). On the other hand, under
the state-induced condition that required world-model pain learning, both the pure mb

(∆ = .14, t(29) = 13.06, p < .001) and arb (∆ = .10, t(29) = 9.24, p < .001) models
learnt a significantly higher PAP than the pure mf model, whilst the pure mb model
(∆ = .04, t(29) = 3.85, p = .001) learnt a significantly higher PAP than arb model
(Figure 2.5A, bottom). These suggested pure MF or MB learning strategies favouring
the environmental condition with corresponding pain learning knowledge, as well as
the mediated pain avoidance learning efficacy in a single arbitrative system when
dealing with both conditions compared to single MF/MB learning.

We further conducted a similar simulation in a complex environment with varying
conditions to show how our single arbitrative model could have flexible pain avoidance
learning against environmental contingency changes (Figure 2.5B). The new simulation
was extended to 8 segments, with each condition lasting for 2 segments before switching
to the other (first launching as a state-induced condition), so that the agent could have
enough steps to learn pain avoidance under varying pain conditions. We still found
the overall higher PAP of arb models than pure mf (∆ = .06, t(29) = 12.20, p < .001)

model, as well as a near-significantly higher PAP than pure mb (∆ = .01, t(29) =

1.89, p = .069) model (Figure 2.5B, top), along with FDR-corrected Wald tests
on model variables showing significantly decreased absolute TD errors (|δBody|: k =

−.02, r = −.714, p < .001; |δPain|: k = −.01, r = −.671, p < .001; |δSR|: k = −.01, r =

−.962, p < .001) and increased reliabilities (|χBody|: k = .02, r = .712, p < .001;
|χWorld|: k = .01, r = .953, p < .001; |χmax|: k = .01, r = .953, p < .001) over time
in both learning pathways of arb model under such dynamic environment (Figure
2.5B, bottom). These indicated flexible learning of pain avoidance via arbitrating
between predictive error-driven MF and MB learning within the dynamic and complex
dangerous environment.
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Figure 2.5: The model outperformed both pure model-based and pure model-
free learning across distinct and varying environments.

(A) The corresponding pain learning models could best perform avoidance within
the respective environmental threatening conditions when the rule of shocks was
stable. (B) When the shocks varied between body-model and world-model pain (8
segments per episode), our arbitrative RL model outperformed both pure model-free
and model-based learning, suggesting flexible learning of predictive error-driven pain
avoidance within dynamic and complex dangerous environments. Error bars stand
for 95% CI. FDR-corrected p-values show the result of the Wald Test on each model
variable with a t-distribution against the null hypothesis. *** for p < .001, * for
p < .05, and ∆ for p < .1.
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Figure 2.6: The model necessitated input pain perception as a multisensory
vector embedded in a body map for effective pain avoidance learning.

(A) Apart from a single scalar input for classical reward-based task modelling,
models with multidimensional bodily pain inputs outperformed those without (i.e. no
body parts in model-free or model-based learning circuits). (B) Same simulations but
with a 6-electrode input as a hexagonal ‘body map’ shock input, implying a potential
generalisation to the continuous bodily space as topological somatosensory inputs
for pain learning. (C) No significant PAP decrease was found when generalising the
simulation from 2-electrodes to the 6-electrode scenario. Error bars stand for 95% CI.
*** for p < .001.

2.3.3 Multidimensional bodily inputs as body map

We here aimed to show whether utilising the somatosensory body map as multi-
dimensional inputs was necessary for efficient pain avoidance learning, apart from
traditional reward-based RL problems on learning from a single scalar input. We
deprived the differentiability of 2 bodily parts for the pain input vector in pure MF
learning (mf_noB), pure MB learning (mb_noB), MF learning pathway of the arbitrative
model (arb_noMFB), and MB learning pathway of the arbitrative model (arb_noMBB)
to test this idea (Figure 2.6A). Within action-induced conditions (Figure 2.6A, top),
we found higher PAP for mf versus mf_noB (∆ = .06, t(29) = 16.71, p < .001), higher
PAP for mb versus mb_noB (∆ = .03, t(29) = 7.41, p < .001), as well as higher
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PAP for arb versus arb_noMFB (∆ = .03, t(29) = 7.84, p < .001) and mf_noMBB

(∆ = .03, t(29) = 7.84, p < .001). Within state-induced conditions (Figure 2.6A, bot-
tom), we also found higher PAP for mb versus mb_noB (∆ = .13, t(29) = 2.74, p < .001),
as well as higher PAP for arb versus arb_noMFB (∆ = .12, t(29) = 10.60, p < .001)

and mf_noMBB (∆ = .12, t(29) = 10.60, p < .001). These suggested the necessity of
input pain perception as a multisensory vector embedded in a body map for effective
pain avoidance learning.

For a more generalised situation, we also showed the simulation results when the
number of ’body parts’ (cf. electrodes conveying shocks to different parts of the body)
for the pain input vector was increased to 6 (Figure 2.6B). Notice each body part had
an independent shock receiving possibility from others, implying more complicated
and random perceptive pain inputs. Within action-induced conditions (Figure 2.6B,
top), we found higher PAP for mf versus mf_noB (∆ = .06, t(29) = 19.67, p < .001),
higher PAP for mb versus mb_noB (∆ = .03, t(29) = 8.33, p < .001), as well as higher
PAP for arb versus arb_noMFB (∆ = .03, t(29) = 8.95, p < .001) and mf_noMBB (∆ =

.03, t(29) = 8.95, p < .001). Within state-induced conditions (Figure 2.6B, bottom),
we also found higher PAP for mb versus mb_noB (∆ = .13, t(29) = 18.75, p < .001), as
well as higher PAP for arb versus arb_noMFB (∆ = .12, t(29) = 16.45, p < .001) and
mf_noMBB (∆ = .12, t(29) = 16.45, p < .001). Furthermore, simulation with 6 body
parts showed a certain generalisation capability from those with 2 body parts without
deteriorating PAP performance in both conditions (Figure 2.6C). Although still with
discrete bodily pain inputs, these would imply a potential generalisation towards a
continuous bodily space as topological somatosensory inputs for pain learning.

2.3.4 Dysfunctionalised learning following the extent of per-
ceptive bodily impairment

We further used our arbitrative model arb to simulate two types of bodily pain learning
impairment. The perceptive bodily impairment on pain nociception prevented some
specific bodily parts from receiving pain input signals (Equation 2.1), whilst the
cognitive bodily impairment on state pain coding deprived some specific bodily parts
of projections from intact sensory pain input in the model-based learning pathway
(Equation 2.12). The simulation was conducted with a 6-electrode input so that the
impairment on any single body part would not lead to a permanent single scalar input.
For the limited body impairment (Figure 2.7, left), we chose to impair either the far-left
bodily input ΦI = {−π/2} (deep orange bars as ’Per Left’ versus purple bars as ’Intact’
body parts) or the far-right bodily input ΦI = {π/2} (Figure 2.7 left, deep blue bar as
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Figure 2.7: The arbitrative model showed partially dysfunctionalised pain
avoidance learning following the extent of perceptive bodily impairment.

Top 2 rows within action-induced condition showed a significant PAP decrease
when learning the ipsilateral quarter turn as a dangerous action, which facilitated
the contralateral dangerous quarter turn avoidance, of which the effect was more
significant in semi-body impairment than limited body impairment. Bottom 2 rows
within the state-induced condition showed decreased PAP against bodily impairment
when learning the state-induced exteroceptive pain, of which the effect was more
significant in semi-body impairment than limited body impairment. ’Left’ and ’Right’
for the corresponding bodily impairment. ’Per’ for perceptive impairment. ’Cog’ for
cognitive impairment. Error bars stand for 95% CI. *** for p < .001, ** for p < .01,
and * for p < .05.
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’Per Right’ versus purple bars as ’Intact’ body parts) akin to the ipsilateral impairment
on human hand as injury. For the semi-body impairment (Figure 2.7, middle), we
chose to impair either the whole semi-left bodily input ΦI = {−π/2,−π/6,−5π/6} or
the whole semi-right bodily input ΦI = {π/2, π/6, 5π/6} akin to the ipsilateral bodily
impairment such as hemiplegia.

For the action-induced condition with limited bodily impairment (Figure 2.7,
left, 1st & 2nd rows), the arbitrative model showed a decreased PAP to learn the
left-turn danger when the left body parts were impaired (Figure 2.7, left, 1st row,
Intact - Per Left ∆ = .02, t(29) = 5.89, p < .001), as well as a decreased PAP to
learn the right-turn danger when the right body parts were impaired (Figure 4.3,
left, 2nd row, Intact - Per Right ∆ = .01, t(29) = 4.35, p < .001). It also showed
an increased PAP to learn the left-turn danger when the right body parts were
impaired (Figure 2.7, left, 1st row, Per Right - Intact ∆ = .01, t(29) = 2.85, p = .008).
This suggested a significant PAP decrease under unilateral bodily impairment when
learning the ipsilateral quarter turn as a dangerous action, which facilitated the
contralateral dangerous quarter turn avoidance. Similar results were also found for
the semi-body impairment (Figure 2.7, middle, 1st row, Intact - Per Left: ∆ =

.05, t(29) = 13.50, p < .001, Per Right - Intact: ∆ = .02, t(29) = 5.42, p < .001;
2nd row, Per Left - Intact: ∆ = .01, t(29) = 3.98, p < .001, Intact - Per Right:
∆ = .05, t(29) = 11.51, p < .001). The ipsilateral learning inhibition was more
significant in semi-body impairment than limited body impairment (Figure 2.7, right,
1st row, Intact - Per Left: ∆ = .03, t(29) = 9.69, p < .001; 2nd row, Intact - Per Right:
∆ = .03, t(29) = 8.88, p < .001), as well as the contralateral learning facilitation
(Figure 2.7, right, 1st row, Per Right - Intact: ∆ = .01, t(29) = 3.12, p = .004; 2nd
row, Per Left - Intact: ∆ = .01, t(29) = 3.66, p = .001). These suggested a model-free
learning driven avoidance dysfunctionalising ipsilateral bodily danger learning whilst
facilitating contralateral bodily danger learning, of which the effect would be enhanced
with broader bodily impairment.

For the state-induced condition with limited bodily impairment (Figure 2.7, left, 3rd
& 4th rows), the arbitrative model showed a decreased PAP to learn the exteroceptive
state-induced dangers given either side of the impairment (Figure 2.7, left, 3rd
row: Intact - Per Right ∆ = .01, t(29) = 2.27, p = .03; 4th row: Intact - Per Left
∆ = .02, t(29) = 3.79, p < .001, Intact - Per Right ∆ = .02, t(29) = 3.47, p = .002).
Similar results were also found for the semi-body impairment (Figure 2.7, middle,
3rd row, Intact - Per Left: ∆ = .05, t(29) = 7.14, p < .001, Per Right - Intact: ∆ =

.05, t(29) = 7.2, p < .001; 4th row, Intact - Per Left: ∆ = .07, t(29) = 8.61, p < .001,
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Intact - Per Right: ∆ = .07, t(29) = 10.09, p < .001). The decrease of PAP was
more significant with semi-body impairment than limited body impairment (Figure
2.7, right, 3rd row, Intact - Per Left: ∆ = .05, t(29) = 6.24, p < .001, Per Right -
Intact: ∆ = .04, t(29) = 5.04, p < .001; 4th row, Intact - Per Left: ∆ = .04, t(29) =

6.22, p < .001, Intact - Per Right: ∆ = .05, t(29) = 7.29, p < .001). These suggested a
significant universal decrease of PAP under unilateral bodily impairment when learning
the exteroceptive state-induced dangers apart from bodily attribution, of which the
effect would again be enhanced with broader bodily impairment. Moreover, no dropped
PAP was found under the cognitive bodily impairment (Figures 2.7, shallow orange
and blue bars as ’Cog Left’ and ’Cog Right’ respectively) in all situations when the
perceptive pain input signals were still intact per se. Altogether, these revealed a
partially dysfunctionalised pain avoidance learning within a single arbitrative system
against perceptive bodily impairment under various pain conditions and dangerous
situations.

2.4 Discussion

We aimed to provide a computational architecture of dichotomic cognitive learning on
pain for understanding effective cognitive pain learning within complex and dynamic
environments, utilising pain to evaluate both the external world and bodily integrity
(Section 1.4). The computational modelling was based on a fundamental dichotomy
within cognitive pain learning: the cognitive distinction for avoiding exteroceptive pain
learning actions between the objective experience-independent world (i.e. world-model)
or the subjective bodily space (i.e. body-model). To address this, we suggested a
computational framework with RL incorporating a multidimensional representation
of pain for learning pain avoidance during navigation in complex environments. The
model consisted of both model-based and model-free RL for body-model and world-
model exteroceptive pain, as well as the arbitration between them for flexible learning.
Simulation results show its effective predictive error-driven avoidance learning over
time, akin to human behaviour in different pain conditions, as well as flexible learning
in varying pain conditions. We also showed the necessity of input pain perception as a
multisensory vector embedded in a body map for effective pain avoidance, along with
partially dysfunctionalised pain avoidance learning following the extent of perceptive
bodily impairment. In this way, we suggested a single arbitrative learning system for
human cognitive pain representation learning both external threatening environments
and internal bodily integrity.
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2.4.1 Exteroceptive pain akin to egocentric and allocentric
frameworks

The body-model and world-model exteroceptive pain dissociation we suggested both
in the model and experiments were enlightened from egocentric vs allocentric spatial
representations [Klatzky, 1998]: The self-centred body-model pain as the predictive
sensorimotor ’body’ map [Brecht, 2017], and the world-centred world-model pain as
the predictive external state-oriented ’cognitive’ map [Tolman, 1948]. We also used
model-free and model-based arbitration as a computational interpretation of their
interactions, akin to the similar computational approaches for spatial representation
encoding [Geerts et al., 2020]. These implied that exteroceptive pain learning and
spatial representation learning might share a certain degree of commonality, though we
also hypothesised the cognition-level exteroceptive pain modulating perception-level
nociception as the unique information for the brain to realise ‘how the body is injured’.

2.4.2 Arbitrative pain learning with neural support

We suggested a reinforcement learning model arbitrating between model-free (MF)
and model-based (MB) learning the efficient pain avoidance behaviour. Apart from
pain-oriented learning, the neural substrates correlating MF and MB learning were
also largely found within the cognitive tasks on learning single scalar rewards [Daw
et al., 2005, Lee et al., 2014, Huang et al., 2020]. A quantitative meta-analyses research
conducted by Huang et al. [2020] on various fMRI studies showed higher MF learning
correlation with the brain activity in caudate head and superior temporal gyrus, whilst
medial frontal and anterior cingulate activity correlates more with MB learning. In
Chapter 3 we would show that these neural correlations within a reward-oriented
learning context accorded with our previous fMRI study in pain-oriented learning,
with the neural signature of MF pain learning on the anterior caudate activity for
the arbitrative reliability difference correlating with more body-model pain than
world-model pain condition, as well as exceedance probabilities favouring pure MF
learning correlates more with body-model pain condition in the superior temporal
regions, whilst favouring pure MB learning correlated more with world-model pain
condition in the parietal regions.

The arbitration between two learning circuits also had various neural supports, such
as the dorsal-medial prefrontal activity difference when switching between MF and MB
learning in the 2-stage reward-oriented task [Lee et al., 2014], anterior cingular activity
facilitating state-induced pain learning pathway via arbitrating with action-induced
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pain learning (Chapter 3) as an MF-MB discrepancy on the reliability-driven anterior
cingular signals on pain learning [Zhang et al., 2018], and insula activity correlating
with world-model condition in learning the state-independent pain temporal difference
(Chapter 3) following other studies showing predictive learning signals specific to pain
in insula cortex [Brown et al., 2008, Geuter et al., 2017, Fazeli and Büchel, 2018,
Koppel et al., 2022, Hoskin and Talmi, 2023]. Chapter 3 would further show that
this correlated more with world-model pain in dorsolateral and superior prefrontal
regions, in comparison with the medial prefrontal TD learning body-model pain. With
successor representation that factorised spatial learning and pain state learning (cf.
Stachenfeld et al. [2017], Geerts et al. [2020]), the arbitrative system might manifest a
dorsolateral-medial prefrontal difference in the TD learning specific to pain between
world-model and body-model learning.

2.4.3 Generalised body map and world map

We showed models with multidimensional bodily pain inputs performing more efficient
avoidance behaviour than those without (i.e. no body parts in model-free or model-
based learning circuits) even when the number of considered bodily parts was 6. The
simulation results implied the bodily parts as a necessary multidimensional input for
pain prediction rather than the single scalar input in traditional reward-oriented tasks.
This supported a predictive ’body map’ responsible for both body-level representation
and prediction of pain [Brecht, 2017], with neural evidence on predictive pain signals
found among somatosensory and motor regions in our human experiment (Chapter 3)
and other human studies [Fardo et al., 2017]. Though the discrete 6-electrode input in
our simulation setup was still too simplified to consider a topological somatosensory
pain perception in a 2-dimensional surface space covering the whole body, and one of
the future directions would be to incorporate a continuous bodily topological space
for a more realistic pain avoidance learning [Mancini et al., 2012, 2014].

The successor representation we used for model-based learning addressed a fac-
torisation between spatial-state predictive coding and pain-state evaluation, which
enabled flexible learning across multiple environments by explicitly encoding and stor-
ing predictive relationships among spatial states as a ’world map’ [Tolman, 1948]. It
was also suggested as a hippocampal mechanism for between-state predictive learning
without explicit planning [Stachenfeld et al., 2017, Geerts et al., 2020], where the
hippocampus had been reported showing neuroimaging activations in various reward-
oriented model-based learning tasks [Bornstein and Daw, 2012, Sebold et al., 2017].
Future research would consider more complex environmental setups with multiple
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scenarios, so that to discover pain avoidance learning under large-scale navigation
across sensory-rich environments.
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Chapter 3

The dVR-fMRI exteroceptive pain
dissociation

3.1 Introduction

Previous cognitive models assume pain processing as Bayesian inference to infer the
causes of afferent sensory input, which is biased by predictive information with statisti-
cal optimisation [Yoshida et al., 2013, Anchisi and Zanon, 2015, Tabor and Burr, 2019,
Seymour and Mancini, 2020]. This lies in two distinct categories of nociceptive causes:
exteroception, extracted from the external environment for protective behaviours
against avoidable potential threats [Sherrington, 1906, Price et al., 2003]; and intero-
ception, obtained from the internal body as an unavoidable physiological condition
along with homeostatic behaviours [Geldard, 1972, Wall, 1979, Craig, 2003, 2008].
Exteroceptive causes of pain (with stimuli arising from the outside world) involves a
topographical map for discriminating spatial differences of nociception across body
parts, encoded in somatosensory regions [Melzack and Wall, 1965, Melzack and Casey,
1968, Apkarian and Hodge, 1989, Mackel et al., 1992, Stevens et al., 1993, Craig, 2008,
Mancini et al., 2012, 2014], with predictive pain encoding modulated by expectation
and violation [Fardo et al., 2017]. Interoceptive causes of pain (with stimuli arising
inside the body) subserves behavioural homeostatic functions in insula [Craig et al.,
1994, Craig, 1995, 2002, 2003, Banich et al., 2010, Strigo and Craig, 2016], of which
the predictive signal has been shown in anterior insula [Brown et al., 2008, Geuter
et al., 2017, Fazeli and Büchel, 2018, Koppel et al., 2022, Hoskin and Talmi, 2023],
dorsal putamen, and pregenual anterior cingulate cortex [Zhang et al., 2018]. These
two pathways share bidirectional interactions with each other [Staud, 2012, Kennedy
et al., 2016].

36



Neuroimaging studies in decision-making tasks have also found model-free signals
correlating with unexpected pain in the putamen, whilst the combination of model-
free and model-based signals correlating with unexpected pain in the ventromedial
prefrontal cortex (vmPFC) [Lee et al., 2014, Wunderlich et al., 2012], in which they use
FORWARD learning and BACKWARD planning for model-based RL whilst SARSA
for model-free RL [Gläscher et al., 2010, Lee et al., 2014, Wang et al., 2018]. In addition,
hippocampal regions such as medial entorhinal cortex (MEC) and hippocampus (HPC)
are suggested to encode a ‘cognitive map’ of the external world for model-based
learning during spatial navigation [Behrens et al., 2018], in which the successive
representation is suggested for such model-based RL whilst SARSA for model-free RL
[Dayan, 1993, Geerts et al., 2020, Stachenfeld et al., 2017].

In the previous study (Chapter 2), we have proposed a reinforcement learning (RL)
model with multidimensional bodily pain input, which arbitrates between body-model
and world-model pain avoidance behaviour. We further ask whether this conceptual
difference is biologically reflected in the involvement of dissociable brain mechanisms.
To do this we implemented an fMRI-based virtual-reality maze task, in which pain
was associated either with a particular spatial location or a certain type of movement.
We found that the model explained the data from the two conditions. Neuroimaging
data revealed differentiable neural correlates of avoidance along a temporal-parietal
axis, with a dorsolateral-medial prefrontal difference in world-model and body-model
pain learning errors, sensorimotor and insula activations with pain-predictive signals,
and an anterior cingulate circuit covering medial prefrontal and anterior striatal
regions that correlated with reliability-based arbitration. Overall, our work suggests
an arbitrative learning system in human brains that governs conceptually distinct
pain representations relating to different exteroceptive contexts.

3.2 Methods

3.2.1 Desktop-based Virtual Reality (dVR) task design

A computer-based virtual spatial navigation task was created in Unity 2019.4 with
a first-person view (Figure 2.1A), where participants were asked to avoid as many
potential shocks as possible by conducting safer navigational actions that they needed
to learn in the task. With Digitimer DS7A providing electric shocks, 2 electrodes were
applied to the skin surface of both arms, with 1 for each side on the arm (Figure 2.1B,
right).

37



The task consisted of a 3× 3 square grid, with each square being an open room
connected to neighbouring rooms with a narrow open aisle (Figure 2.1A, left). Partici-
pants were asked to learn safer navigational actions for receiving fewer shocks, subject
to various pain conditions. During the 4-minute task in each block, participants
continually moved forward at a constant velocity, with a maximum of 5.2 seconds
moving from one room to the other. A trackball allows a 360-degree change of direction
within the first-person view (Figure 2.1A, right). Participants used their right hands
to roll the trackball to change the virtual facing direction, thus changing the virtual
movement direction for conducting 1 of the 4 turning actions (i.e. left turn, right turn,
forward move, and U-turn) in each room. A countdown was always visible in the
top-right of the screen, showing how many seconds were left until the end of each block
when navigating the virtual maze. A sun was visible in a specific direction of the sky
for participants to locate themselves in the virtual maze. Participants could obtain
invisible rewards once they enter the centre of a room where the invisible reward
exists, which they would know from the screen, both the top-left reward calculator
and the bottom reward progress bar (Figure 2.1A, right). They were encouraged to
keep moving to obtain as many rewards as possible, as they would count for the final
monetary outcome (10p for each) that participants obtained at the end of the task,
which was independent of the shocks they might receive.

Depending on the movement and experimental condition, participants might receive
a 40-millisecond electric shock on their arms as soon as they leave the room for a
dangerous aisle (Figure 2.1B, left). Participants learnt with pre-instructed dangerous
turns and regions with real-time visual stimuli during training rather than real shocks
during the main session. Participants were always informed of which one of the 2 pain
conditions (see below) it was at the start of each block. After each block, participants
were asked to select which dangerous turning direction or region they had experienced
in the corresponding block (i.e. post-block selection). They were told not to focus on
finding out the exact danger but rather merely avoiding dangers, as actively finding it
might bring more unnecessary shocks, given the task purpose of pain avoidance. They
would not obtain any additional reward or punishment for answering the post-block
selection questions.

3.2.1.1 Action-induced pain condition

For the action-induced pain condition with body-model pain, participants have an
action contingency q among different actions to receive an electric shock, depending
on the turning direction (i.e. turning left, turning right, moving forward, or a U-turn)

38



when leaving the room (Figure 2.1B, middle). Participants were told that 1 of the 4
turning actions could be more dangerous than the others, though either the left turn
or the right turn could be dangerous, which was randomly counterbalanced across
blocks. Participants have the conditioned probability q+ = 0.8 to receive a shock when
doing a dangerous turn, whilst having the conditioned probability q− = 0.3 to receive
a shock when not doing a dangerous turn, so that the contingency q = q+ − q− = 0.5.
With a specific (i.e. either left or right) turn in the corresponding block, the ipsilateral
body part may receive the shock; Otherwise, the contralateral body part may receive
the shock.

3.2.1.2 State-induced pain condition

For the state-induced pain condition with world-model pain, participants had a state
contingency p among different states to receive an electric shock in reality, depending
on the position of dangerous places (Figure 2.1B, right). Here, invisible dangerous
places composed a cluster of 4 adjacent aisles that connected a 2× 2 region of rooms,
which were randomly selected and counterbalanced across blocks. More specifically,
participants had the conditioned probability p+ = 0.8 to receive a shock when entering
a dangerous aisle, whilst having the conditioned probability p− = 0.3 to receive a shock
when entering a non-dangerous aisle, so that the state contingency p = p+ − p− = 0.5.
Only one part of the body might receive an electric shock if that part of the body was
facing towards the dangerous centre in the virtual environment.

3.2.2 Neuroimaging (fMRI) experimental design

3.2.2.1 Participants

28 participants (10 females) attended the study after submitting informed consent.
They were all pain-free, without neurological or psychiatric conditions, fluent English-
speaking people aged 18-35 years (Mean: 30.56, SD: 7.08) with prior experience
in video games, using their right hands to control the mouse, and not pregnant.
Participants were screened to exclude any potential risks in the MRI scanner. The
study was approved by the Central University Research Ethics Committee (CUREC;
Approval Reference: R77882/RE003) of the University of Oxford.

3.2.2.2 Experimental procedures

Participants first took part in a training process in the preparation room, sitting
comfortably at least 60 centimetres away from the computer screen to play the video
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game. Detailed instructions were given to participants to help them get familiar
with the navigation task. At the end of the training session, participants conducted
two test blocks on different pain conditions to make sure they learn the task before
moving to the scanner. Participants were asked to repeat the test blocks until they
could provide the correct post-block selection in 2 recent blocks on different pain
conditions. During the scan, participants experience two 20-minute scan repetitions
(Figure 3.1A). Each session consisted of four 5-minute scan blocks, and each scan
block consisted of a 4-minute navigational block and a following 1-minute interval
for participants to report the pain rating and post-block selection. Participants had
a minimum 1-minute break between each scan repetition, which could be extended
if required by participants. Two pain conditions were counterbalanced within each
scan repetition and between scan repetitions across all participants, which was to
prevent the temporal effect when comparing between two pain conditions. Half of the
participants had World->Body->World->Body pain condition as MRI scan repetition
1, whilst Body->World->Body->World pain condition in MRI scan repetition 2, the
other participants conducted repetition 2 prior to repetition 1.

3.2.2.3 Pain ratings

Participants reported the intensity of electrical shock pain experienced on a VAS
(visual analogue scale) in a 0–10 range (0: no pain, 4: start to feel pain, 10: worst
pain imaginable) at the time of testing. Before the training session at the start of the
experiment, participants experienced the pain calibration process, where the current
intensity was increased from 0 mA in steps of 1-10 mA until the participant reported
the VAS as 7. The calibration procedure was repeated three times, with the median
current thresholds used for formal experimental sessions later. At the end of each
experimental block, participants were also required to report VAS on the shock pain
they had experienced. At the start of each MRI scan repetition, a re-calibration
process is conducted to fine-tune the current intensity from the last setting until the
participant reported the VAS as 7. This was to make sure that the subjective feeling
of shock pain intensity was relatively stable across the whole experiment (Figure
3.1B), as we verified via the Walt test on reported VAS pain report over experimental
blocks both on the left arm (k = −.04, t(277) = −1.52, p = .130) and on the right arm
(k = −.03, t(277) = −1.11, p = .267).
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A B
VAS report on shocks

Figure 3.1: Experiment protocol counterbalancing two pain conditions within
and across MRI scan repetitions with stable pain rating reports.

(A) Participants first conducted the instructed training in the preparation room,
followed by two test blocks on different pain conditions to make sure they learn the task
before moving to the scanner. During the scan, participants experienced two 20-minute
scan repetitions. Each repetition consisted of four 5-minute scan blocks, and each scan
block consisted of a 4-minute navigational block and a following 1-minute interval for
participants to report the pain rating and post-block selection. Two pain conditions
were counterbalanced within each scan repetition and between scan repetitions across
all participants, so that half of the participants had the same fMRI session protocol in
this figure, meanwhile the other participants conducted scan repetition 2 before scan
repetition 1. (B) Participants reported stable VAS on painful shocks throughout the
whole scan, which included 2 scan repetitions × 4 blocks. Participants reported VAS
both at the start of each repetition as a recalibration process and at the end of each
block after finishing the 4-minute virtual navigation. Dark yellow curves refer to the
VAS report on the left arm, whilst shallow yellow curves refer to the VAS report on
the right arm.
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3.2.2.4 Electrical stimuli

Electrodes were applied to the volar surface of the participant’s forearms both outside
and inside the MRI scanner. Controlled current was applied only to the prepared
surface area, without passing internally into the body. A Digitimer DS7A (Hertford-
shire, UK) was used to elicit a low level of electrical output sufficient to induce a
moderate-to-strong pain sensation calibrated to each participant. Participants received
the output current (Mean: 141.4 mA, SD: 115.97 mA, max: 600 mA) with a series
of 10 pulses in 40 milliseconds as a single shock (250 Hz, 2 ms/pulse) with a source
voltage of 400 V.

3.2.2.5 MRI setup

Functional MRI imaging data were acquired on a 3T Siemens Magnetom Prisma
scanner with a Siemens standard 32-channel phased array head coil. Functional
images were collected using an interleaved MB3 Pat2 sequence (repetition time TR
= 1,235 ms; echo time TE = 20 ms; field of view = 216 mm; flip angle = 65°), with
72 contiguous oblique-axial slices (2-mm isotropic voxels) parallel to the AC-PC line
acquired. At the end of the scan, whole-brain high-resolution T1-weighted structural
images were obtained using a single-shot ascending MPRAGE sequence (repetition
time TR = 1,900 ms; echo time TE = 3.97 ms; field of view = 192 mm; flip angle =
8°; 1-mm isotropic voxels).

3.2.2.6 MRI preprocessing

The preprocessing of neuroimaging data was conducted via FSL 6 with standard
procedures (Wellcome Centre for Integrative Neuroimaging, University of Oxford;
https://fsl.fmrib.ox.ac.uk). With a 6-parameter rigid body transformation,
motion artefacts were removed by realigning images to the first scan during the first
session. The slice timing correction was then applied, followed by the co-registration
with the corresponding structural image, and subsequently normalised into a MNI
template space by resampling into 2-mm isotropic voxels. The functional images were
then smoothed by a Gaussian kernel with full-width at half maximum (FWHM) of 8
mm.

3.2.3 Computational modelling

We used the same model as in the simulation task (Section 2.2.2, Figure 2.2) when
Nbody = 2.
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3.2.3.1 Data fitting

The whole model with free parameters could thus fit behavioural data respectively
under different pain conditions by maximising the likelihood Πp(a|s) via Dual Anneal-
ing optimisation [Xiang et al., 1997] that searched the global maximum on targeted
locations by combining the generalisation of Classical Simulated Annealing and Fast
Simulated Annealing [Tsallis, 1988, Tsallis and Stariolo, 1996]. All free model parame-
ters included:

• ηBody, γBody, and νBody as learning rates and discounts in the model-free RL;

• γWorld, ηSR, γSR, ηR, and νWorld as learning rates and discounts in the model-
based RL;

• κ as temperature parameter in von Mises distribution;

• τω, ρBody, and ρWorld as learning rates in TD-based weighted association;

• αBody, αWorld, βBody, and βWorld as tuning parameters in the weights of pain
maps; and

• τ
(0)
Π (initial action temperature) and λΠ (decay action temperature) as those

controlling temperature parameters for the action with softmax policy.

For the limited number of subject actions in the real data, we further shrank the
number of free parameters as follows (cf. Lee et al. [2014], Geerts et al. [2020]):

• γ = γBody = γWorld = γSR;

• ν = νBody = νWorld;

• τω = ρBody = ρWorld = 1;

• βBody = log(
αBody

αB0
− 1) where αBody ≥ 2αB0;

• βWorld = log(αWorld

αW0
− 1) where αWorld ≥ 2αW0;

• αB0 = αW0 = 0.1; and

• λΠ = 0 for no action temperature decay.

Thus, the free parameters (all of them are positive real numbers) used for data fitting
were:
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• γ as discount no larger than 1;

• ηBody, ηSR, ηR, and ν as learning rates that were all restricted to be lower than
1;

• κ as temperature parameter in von Mises distribution;

• αBody ≥ 0.2 and αWorld ≥ 0.2 as tuning parameters in the weights of pain maps;
and

• τ
(0)
Π as action temperature for the action with softmax policy,

which resulted in the fitted model parameters (Table 2.1) also for the model
simulation task (Section 2.2 & Chapter 2).

3.2.3.2 Parameter priors

To calculate the posterior Πp(a|s)Πpparameters, we further assumed the following priors
on the free parameters listed above:

• γ ∼ U(0, 1) as the uniform distribution;

• ηBody, ηSR, ηR, ν ∼ Γ(2, 5) as the gamma distribution;

• αBody, αWorld ∼ Γ(2, 1) + 0.2 as the gamma distribution; and

• κ, τ
(0)
Π ∼ N(2, 1) as the normal distribution.

3.2.3.3 Alternative models

We also compared various alternative models based on whether the real-time bodily
shock information (i.e. which body part gets shocked) and current spatial information
(i.e. which room) were included in the Q-value learning. These included:

• mf: The pure model-free RL learning Q-value on body parts and actions
QBody(b, a) in Equation 2.2. ωWorld ≡ 0 was set to invalidate model-based
learning;

• mf_noB: The pure model-free RL learning Q-value only on actions QBody(a) as

QBody(at)← QBody(at) + ηBodyδ
Body
t , (3.1)

so that the shock input was regarded as a single scalar −rt+1 no matter which
body part received the shock, rather than a vector (−rt+1(1),−rt+1(2)). ωWorld ≡
0 was set to invalidate model-based learning;
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• mf_withS: The pure model-free RL learning Q-value on body parts, spatial
states, and actions QBody(b, s, a) as

QBody(b, st, at)← QBody(b, st, at) + ηBodyδ
Body
t (b), (3.2)

so that the model-free RL also considered the current spatial information input.
ωWorld ≡ 0 was set to invalidate model-based learning;

• mb: The pure model-based RL learning Q-value on body parts, spatial states,
and actions QWorld(b, s, a) in Equation 2.4. ωBody ≡ 0 was set to invalidate
model-free learning;

• mb_noB: The pure model-based RL learning Q-value on spatial states and actions
QWorld(s, a) as

QWorld(st, ât(at, ht)) = −rt+1 + γWorldEst+1|st,at [
∑
s′

M(st+1, s
′)R(s′)], (3.3)

so that the shock input was regarded as a single scalar −rt+1 no matter which
body part received the shock, rather than a vector (−rt+1(1),−rt+1(2)). ωBody ≡
0 was set to invalidate model-free learning;

• arb: The arbitrative RL learning on both QBody(b, a) (mf) and QWorld(b, s, a)

(mb) in Equation 2.13;

• arb_noMFB: The arbitrative RL learning on both QBody(a) (mf_noB) and QWorld(b, s, a)

(mb), so that the shock input to model-free learning was regarded as a single
scalar −rt+1 no matter which body part received the shock;

• arb_noMBB: The arbitrative RL learning on both QBody(b, a) (mf) and QWorld(s, a)

(mb_noB), so that the shock input to model-based learning was regarded as a
single scalar −rt+1 no matter which body part received the shock; and

• arb_withMFS: The arbitrative RL learning on both QBody(b, s, a) (mf_withS)
and QWorld(b, s, a) (mb), so that the model-free RL also considered the current
spatial information input.

After fitting to human behavioural data, models were compared via Akaike information
criterion (AIC; Akaike [1974]), Bayesian information criterion (BIC; Schwarz [1978]),
and posterior exceedance probability [Stephan et al., 2009].
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3.2.4 Neuroimaging data anaylsis

3.2.4.1 GLM design

In FSL 6, we used the general linear model (GLM) to generate voxelwise statis-
tical parametric maps (SPM) from learning signal regressors. Subject to various
regressing requirements, we provided multiple subject-specific design matrices on the
corresponding regressors with population-free parameters:

• BOLD activity in a specific phase: (R1) regressors encoding the average
BOLD response in the corresponding phase; and (R2) 6 motion regressors
encoding movement displacement. Possible phases include: Pain Onset as a
50-millisecond time window after a shock is generated; Pre-Room as a 1-second
time window before entering into the room; Room Onset during the movement
in a room; and Post-Room as a 1-second time window after leaving the room.

• Posterior exceedance probabilities: (R1) regressors encoding the average
BOLD response in the Post-room onset phase; (R2) real-time posterior ex-
ceedance probabilities favouring pure MF learning; (R3) real-time posterior
exceedance probabilities favouring pure MB learning; and (R4) 6 motion regres-
sors encoding movement displacement. The posterior exceedance probabilities
were calculated over pure MF (mf), pure MB (mb), and arbitrative learning (arb)
corresponding to each action.

• Pure MF learning model parameters: (R1) regressors encoding the aver-
age BOLD response in the Post-room onset phase; (R2) 2 regressors as the
real-time temporal difference (TD) of model-free Q-value δBody

t (LEFT ) and
δBody
t (RIGHT ) (corresponding to different electrodes) in the pure MF learning

model (mf); and (R3) 6 motion regressors encoding movement displacement.
Model variables were separated into different body parts as different regressors
due to the asymmetric movement of both hands in reality (rather than in the
virtual maze), as only the right hand was moving the trackball in the scanner.

• Pure MB learning model parameters: (R1) regressors encoding the average
BOLD response in the Post-room onset phase; (R2) 2 regressors as the real-time
TD of model-based R-value δPain

t (LEFT ) and δPain
t (RIGHT ) (corresponding to

different electrodes) in the pure MB learning model (mb); (R3) real-time absolute
mean TD of model-based M-value Es[|δSRt (s)|] in the pure MB learning model
(mb); and (R4) 6 motion regressors encoding movement displacement.
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• Arbitrative learning model parameters: (R1) regressors encoding the av-
erage BOLD response in the Post-room onset phase; (R2) 2 regressors as the
TD of model-free Q-value δBody

t (LEFT ) and δBody
t (RIGHT ) in the pure MF

learning pathway (mf); (R3) 2 regressors as the real-time TD of model-based
R-value δPain

t (LEFT ) and δPain
t (RIGHT ) in the MB learning pathway (mb);

(R4) TD learning reliability scale max(χBody, χWorld) and reliability difference
χWorld − χBody in the arbitrative learning model (arb); (R5) real-time absolute
mean TD of model-based M-value Es[|δSRt (s)|] in the MB learning pathway (mb);
and (R6) 6 motion regressors encoding movement displacement.

3.2.4.2 Multi-level analysis

All regressors were compiled into the corresponding GLM for the first-level analysis of
individual participants and blocks. The results were then concatenated over different
blocks into their corresponding 2 conditions in each participant’s data. Resulting
contrasts were used in third-level one-sample t-tests to consider population inference,
and were compared between Body-model and World-model pain conditions as well
as between each pain condition and 0. These activations were tested via the cluster
correction with the whole-brain FWER (Family-Wise Error Rate) with corrected
threshold (z = 2.3, p = .05) [Woo et al., 2014].

We also carried out ROI analysis on various specific brain regions via small volume
correction performed within a 5-millimetre sphere [Poldrack, 2007], with resulting
contrasts averaged from the second-level analysis to third-level one-sample t-tests.
These brain regions included primary somatosensory cortex (SI) [Fardo et al., 2017],
prefrontal cortex [Lee et al., 2014], cingulate cortex [Zhang et al., 2018], insular cortex
[Wunderlich et al., 2011, Geuter et al., 2017], thalamus [Craig et al., 1994], amygdala
[Neugebauer, 2015], and caudate [Wunderlich et al., 2011], etc.

3.3 Results

We included data from N = 28 participants for various data analyses. The behavioural
data did not show any significantly biased laterality on the number of left/right arm
shocks (∆ = −.22, t(27) = −.79, p = .434; Figure 3.2A) or the number of left/right
turning actions (∆ = .98, t(27) = .88, p = .380; Figure 3.2B) in each block. These
results suggested that no significant laterality bias on bodily shock or bodily turn was
detected during the experiment.
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A B
Laterality on shocks Laterality on turning ac�ons

Figure 3.2: No significant laterality bias on bodily shock or bodily turn
detected during the navigational task from behavioural data.

(A) Box plot on the average number of shocks received on the left arm (’EL’ as
the left bar) or right arm (’ER’ as the right bar) in each block. (B) Box plot on the
average number of bodily turns conducted as a left turn (’L’ as the left bar) or right
turn (’R’ as the right bar) in each block. Black square dots stand for extreme values
beyond 1.5 IQR (interquartile range boxes, as the percentile from 25th to 75th).

For the post-block selection, participants were asked to select the dangerous
turning direction or region they had experienced after each block in formal sessions,
so that each participant answered 8 corresponding questions in total during the
whole scan. All 28 participants gave an overall post-block accuracy of 78.12% (SD:
20.76%), although they were told not to focus on the correct answer to these post-block
selection questions, but rather only on shock avoidance. Participants reported a mean
higher post-block selection accuracy in action-induced than state-induced conditions
(∆ = 24.11%, t(27) = 4.93, p < .001), suggesting higher difficulty in learning world-
model pain in our task with spatial inconsistency between virtual navigation and
participants lying still in the MRI machine.

3.3.1 Human behavioural data showed considerable pain avoid-
ance performance

Participants conducted aversive learning on the task with pain avoidance performance
over time. We defined pain avoidance performance (PAP) as the action that led to a
lower possibility of receiving shocks when leaving the room. Each action could be a
left turn, a right turn, moving forward, or moving backwards. For the action-induced
condition, PAP was the other three turning directions apart from the dangerous one
(Figure 3.3A shows a dangerous right turn as an example). For the state-induced
condition, PAP was the turning direction that did not directly lead to a dangerous
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Figure 3.3: Behavioural data analysis showed significant aversive learning
on pain avoidance performance (PAP) in both pain conditions.

(A) An example of an action-induced condition with the dangerous right turn (big
red arrow on top-left), with visit frequency heatmaps in each minute on 4 actions in
the action-induced condition (bottom). We showed a significant temporal increase of
PAP over all participants (top-right) in the action-induced condition. (B) An example
of a state-induced condition with the dangerous front-left region (red square on top-left
corresponding to the visible ’yellow’ sun), with visit frequency heatmaps in each minute
on 9 rooms in the state-induced condition (bottom). We showed a significant temporal
increase of PAP over all participants (top-right) in the state-induced condition. Error
bars stand for 95% CI. *** for p < .001.

aisle (Figure 3.3B shows a dangerous top-left region as an example). To show the
temporal learning progress at the behavioural level, we calculated PAP as a percentage
over all actions separately within 4 temporal segments, each for the corresponding
minute in a 4-minute block (see Figure 3.3A). Chance levels were then regarded as
a pure action guess strategy calculated over all pairs of room and action. That is,
52/68 = 76.47% for action-induced condition (Figure 3.3A with the red dashed line
as action-induced PAP guess rate) and 44/68 = 64.71% for state-induced condition
(Figure 3.3B with the red dashed line as state-induced PAP guess rate). For each
pain condition, the bottom row of Figure 3.3 provide the visualised example of visit
frequency heatmaps to show how participants learnt to avoid dangerous actions or
regions on each 1-minute segment in a single block, with deeper colours referring to a
higher visit frequency which tends to avoid the danger in later segments.

We conducted a two-way repeated-measure ANOVA on PAP over all N = 28

participants and 4 blocks, with pain condition (2 conditions with action-induced
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and state-induced) and temporal segment (4 segments from the 1st to 4th minute)
as two main factors. A Huynh-Feldt correction was applied to correct sphericity
[Mauchly, 1940, Huynh and Feldt, 1976], as the segment term and the interaction term
failed to pass Mauchly’s sphericity test (segment: Mauchly’s W = .84, Huynh-Feldt’s
ε = .94, df = 5, p = .002; condition × segment: Mauchly’s W = .75, Huynh-Feldt’s
ε = .85, df = 5, p < .001). We found significant main effects on both pain condition
(F (1, 111) = 9.17, p = .003, η2p = .08) and temporal segment (F (3, 311.55) = 40.79, p <

.001, η2p = .27), whilst no significant interaction effect (F (3, 281.80) = 1.40, p =

.246, η2p = .01). These results suggested that participants learnt aversive performance
over time, which was more efficient in action-induced condition than in state-induced
condition due to the naturally higher difficulty of learning state-induced pain with a
lower guess rate than the action-induced pain.

We also found the significant temporal increase of PAP averaged on all 4 blocks
overall all participants in both action-induced condition (Figure 3.3A, top-right;
k = 4.05%, t(110) = 4.16, p < .001) and state-induced condition (Figure 3.3B,
top-right; k = 4.69%, t(110) = 6.48, p < .001), as well as over both conditions
(k = 4.37%, t(222) = 7.12, p < .001). Moreover, PAP after the early learning
stage significantly exceeded the chance level (i.e. pure guess rate of the correspond-
ing pain condition). This could be seen in action-induced condition (Figure 3.3A,
top-right) at the 2nd minute (∆ = 10.41%, t(27) = 6.38, p < .001), 3rd minute
(∆ = 10.51%, t(27) = 5.49, p < .001), and 4th minute (∆ = 14.33%, t(27) =

8.53, p < .001), as well as in state-induced condition (Figure 3.3B, top-right) at
the 1st minute (∆ = 9.30%, t(27) = 7.80, p < .001), 2nd minute (∆ = 15.35%, t(27) =

10.47, p < .001), 3rd minute (∆ = 19.54%, t(27) = 14.33, p < .001), and 4th minute
(∆ = 23.53%, t(27) = 17.87, p < .001). These results again suggested that participants
conduct effective cognitive aversive learning over time under both action-induced and
state-induced conditions.

To find out whether the behavioural performance could be best described by the
corresponding action-induced or state-induced pain condition, we also conducted
Bayesian model selection (with Bayes factor; Kass and Raftery [1995]) over three
ideal action strategies: guess, body-model, and world-model. The guessing strategy
had a uniform action probability in all turn directions when leaving a certain room.
The body-model and world-model strategies had a different action probability on
PAP (corresponding to the action-induced/state-induced condition) compared to the
uniform action probability on all other turn directions, of which the ratio was equal
to the reversed ratio of shocking probability, i.e. p− : p+ = q− : q+ = 0.3 : 0.8.
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Table 3.1: Bayes factors (BF) of avoidance actions over temporal segments showed
learnt action strategy in the corresponding pain condition.

BF in each segment

Condition Strategies 1st min 2nd min 3rd min 4th min

Action-induced B over C 9.6× 10−47 3.3× 10−8 1.3× 10−8 3.4× 1010∗
B over W 5.7× 10−27 2.4× 1014∗ 1.8× 109∗ 6.1× 1017∗

State-induced W over C 5.5× 10−2 5.9× 100 6.7× 1012∗ 5.5× 1016∗
W over B 1.1× 1098∗ 3.0× 1096∗ 6.2× 1096∗ 6.0× 10117∗

*Decisive evidence with BF > 100.
B: Body-model; W: World-model; C: Chance level.

Given the same prior among three action strategies, Table 3.1 shows the Bayes
factors (BF) in 4 temporal segments, where likelihoods were calculated across all
participants and blocks within the same condition. These Bayes factors were from
the model comparison for: 1) body-model action over chance level within action-
induced condition, 2) body-model action over world-model action strategy within
action-induced condition, 3) world-model action over chance level within state-induced
condition, and 4) world-model action over body-model action strategy within state-
induced condition. All of these comparisons showed decisive evidence (BF > 100)
at the later stage of navigation, suggesting that participants successfully learnt the
correct corresponding action strategy when conducting the task within each condition.

3.3.2 Model comparison with temporal-posterior difference in
explaining neuroimaging data

Based on the fitted model parameters (Figure 3.4), we compared alternative models
under different pain conditions to see which model best accounts for the corresponding
avoidance behaviour. Table 3.2 shows their AIC [Akaike, 1974] and BIC [Schwarz,
1978] under different pain conditions. Models with body part variable b in their
Q-value function always outperformed those without b, suggesting the necessity of
multidimensional bodily inputs for efficient pain learning rather than regarding pain
as a single negative scalar. Furthermore, pure MF learning fitted better without
having spatial information s in the Q-value, indicating that efficient body-model pain
learning might be independent of external spatial knowledge, which was handled by
world-model pain learning.
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Figure 3.4: Fitted model parameters did not show significant difference
between action-induced and state-induced conditions.

Bar plots of model parameters from data fitting under action-induced condition (red
bars) and state-induced condition (blue bars) on pure MF, pure MB, and arbitrative
learning model. Red bars for action-induced condition and blue bars for state-induced
condition. See Section 2.2.2 for the corresponding abbreviations of each model and
parameter. Error bars stand for 95% CI.
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Table 3.2: Model comparisons among alternative models under different pain conditions,
indicating that the pain learning strategy was fitted to the behavioural data subject
to the specific environmental condition.

BIC AIC

Model* Q-function+ Body World Boby World

mf QBody(b, a) 11954.9586 14443.9597 11693.7135 14182.9845
mf_noB QBody(a) 14973.1418 20842.5906 14711.8959 20581.6161
mf_withS QBody(b, s, a) 18150.3920 19449.8428 17889.1467 19188.8679

mb QWorld(b, s, a) 12942.7218 13777.4575 12507.3125 13342.4995
mb_noB QWorld(s, a) 17515.2005 19325.0055 17166.8726 18977.0385

arb Q(b, s, a) 19108.5980 20415.2238 18324.8610 19632.2992
arb_noMFB QBody(a) 31627.1482 34262.0889 30843.4116 33479.1644
arb_noMBB QWorld(s, a) 31486.0664 34121.0975 30789.4116 33425.1644
arb_withMFS QBody(b, s, a) 18270.2806 20600.5454 17515.7197 19817.6207

Models highlighted with light grey were used for neuroimaging analysis.
*See Section 2.2.2 for model details.
+b: Body part; s: Spatial state; a: Bodily action.
Body: Action-induced condition with body-model pain; W: State-induced condition
with world-model pain.
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Figure 3.5: Data fitting comparisons among alternative models showed the
pure MF or MB learning in favour of the corresponding pain condition
performance.

The posterior exceedance probabilities were calculated under different model
families (columns) on the behavioural data from respective pain conditions (rows).
The pure MF, pure MB, and Arb learning models best described the avoidance
performance within their own model families, whilst pure MF best described the
body-model pain avoidance over all of the other alternative models. *** for p < .001,
** for p < .01, and * for p < .05. Error bars stand for standard deviation. Error bars
stand for 95% CI.

We noticed that pure MF learning fitted better than pure MB learning in the
body conditions under Wilcoxon signed-rank test [Wilcoxon, 1945] on both AIC
(T = 91, p = .019) and BIC (T = 88, p = .015), whilst pure MB learning generally
fitted better in the world conditions (Table 3.2). This suggested the corresponding
pain learning strategy was fitted to the behavioural data, subject to the specific
environmental condition. The arbitration model, on the other hand, did not fit well
compared to pure MF/MB learning models, which might be because participants were
always informed of the current pain conditions when the block started, so that they
could learn and perform the task well within the restricted scan time. However, we
still included results from the arbitrative model for neuroimaging analysis later, as it
might capture brain activities relative to cognitive arbitration that the pure MF and
MB learning models might fail to implement.

Using posterior exceedance probabilities (EP) [Stephan et al., 2009] also showed
similar results (Figure 3.5A). Pure MF learning with bodily inputs and without spatial
inputs described the most avoidance behaviour within the MF modelling family both in
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action-induced condition (mf-mf_noB: ∆ = .67, t(26) = 4.76, p < .001; mf-mf_withS:
∆ = .78, t(26) = 8.01, p < .001) and state-induced condition (mf-mf_noB: ∆ =

.65, t(26) = 5.14, p < .001; mf-mf_withS: ∆ = .69, t(26) = 6.05, p < .001) (Figure 3.5,
first column), whilst pure MB learning with bodily inputs and spatial inputs described
the most avoidance behaviour within the MB modelling family in both conditions
(EPmb_noB ≡ 0) (Figure 3.5, second column). Despite not being directly shown in
the AIC and BIC comparison, the arbitrative model without model-free spatial input
described more avoidance behaviour than that includes model-free spatial input both in
action-induced condition (arb-arb_withMFS: ∆ = .48, t(26) = 3.90, p = .001) and in
state-induced condition (arb-arb_withMFS: ∆ = .50, t(26) = 3.92, p = .001) (Figure
3.5, third column), implying the independence between body-model pain learning and
spatial knowledge under the single arbitrative system when the latter was handled
by the other learning pathway (i.e. world-model pain learning). When calculating
exceedance probabilities over all alternative models (Figure 3.5, fourth column),
pure MF learning described the most avoidance behaviour in the body condition
(mf-mf_noB: ∆ = .046, t(26) = 3.25, p = .003; mf-mb: ∆ = .37, t(26) = 2.30, p = .030;
others: EP ≡ 0), whilst pure MB learning described one of the best in the world
condition (mf-mf_noB: ∆ = .30, t(26) = 2.39, p = .025; mb-mf_noB: ∆ = .32, t(26) =

2.38, p = .025; mb-mf: ∆ = .01, t(26) = .08, p = .936; others: EP ≡ 0). Pure
MB learning did not show significant exceedance over pure MF learning in world
conditions, which might be because of higher difficulty in state-induced conditions
for most participants. Along with the previous information criteria comparison, these
altogether showed that the corresponding pain learning models could best describe
the behavioural data within the respective environmental conditions for pain learning.

We also showed the neural correlates of the real-time posterior exceedance proba-
bilities after data fitting over three models (those highlighted by light grey in Table
3.2): pure MF, pure MB, and the arbitrative model, to see any potential brain activity
difference between two pain conditions when favouring a particular learning strategy
(Figure 3.6). For EP on pure MF learning, the left superior temporal region was more
activated in the body condition than the world condition (zPeak = 4.40, p = .019,
FWER cluster-level corrected), and the left primary motor cortex correlated the pure
model-free EP in the body condition (zPeak = 3.98, p = .032, FWER cluster-level
corrected). On the other hand, for EP on pure MB learning, the precuneous was
more activated in the world condition than the body condition (zPeak = 4.16, p = .004,
FWER cluster-level corrected), the region of which also covered the posterior cingu-
late cortex (PCC;(−2,−48, 18), Sphere ROI r = 5 mm, p = .022) and left primary
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Figure 3.6: Voxel-wise real-time model exceedance probabilities (EP) showed
a temporal-parietal difference in favour of MF-MB pain learning strategies.

For EP on pure MF learning (left & yellow), the superior temporal region was more
activated in the body condition than the world condition, whereas for EP on pure MB
learning (right column & shallow blue), the parietal region was more activated in the
world condition than the body condition. The first row shows the current MNI152
coordinates of the corresponding column. All shown activated regions were FWER
cluster-level corrected (z = 2.3, p = .05).

somatosensory cortex (SI;(−40,−25, 43), Sphere ROI r = 5 mm, p = .031). These
implied a regional difference when using different pain learning strategies to describe
brain activities, where the temporal region preferred MF learning whilst the posterior
region preferred MB learning.

3.3.3 Phase-based neural correlation showed parietal and so-
matosensory difference between conditions

We first showed neural correlates of any specific phases during the virtual maze
navigation when learning and avoiding shocks (Figure 3.7). These navigational phases
included: Pain Onset as a 50-millisecond time window after a shock is generated;
Pre-Room as a 1-second time window before entering into the room; Room Onset

during the movement in a room; and Post-Room as a 1-second time window after
leaving the room. Notice only the Pain Onset phase was attached to a shock existence,
whilst the other three phases were attached to every room visit, no matter whether a
shock is received.
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Figure 3.7: The phase-based neural correlation showed a parietal difference
between body-model and world-model conditions in various navigational
phases, as well as a stronger motor-cortex activation during the phase that
might be predicting the incoming body-model pain.

The angular cortex and primary motor cortex correlated more with the body-model
than world-model condition in the Pre-Room phase. The precuneus cortex correlated
more with the world-model than the body-model condition when receiving the shock.
The lateral occipital cortex correlated more with the body-model than the world-model
condition in the room onset phase. The precuneus cortex correlated more with the
world-model than the body-model condition in the shock onset phase. The first row
indicates the corresponding navigational phases, and the second row shows the current
MNI152 coordinates of the corresponding column. All shown activated regions were
FWER cluster-level corrected (p = .05).
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When comparing between the body-model and world-model conditions, the pre-
cuneus cortex showed a stronger correlation with the world-model than the body-model
condition during the shock onset (zPeak = 3.98, p = .001, FWER cluster-level cor-
rected), indicating a shock-dependent parietal difference in pain perception as learning
the world-model pain required a spatial knowledge of the external environment. Fur-
thermore, we showed a stronger neural correlation in the body-model condition over
the angular gyrus (zPeak = 3.60, p = .016, FWER cluster-level corrected) before
entering the room, the primary motor cortex (MI; zPeak = 3.54, p = .040, FWER
cluster-level corrected) before entering the room, and the lateral occipital cortex
(zPeak = 5.51, p = .002, FWER cluster-level corrected) when staying in the room.
Besides the shock-independent parietal (angular gyrus) difference when making turning
actions and predicting shocks, here we also showed a stronger MI activation during the
phase that might be predicting the incoming body-model pain than world-model pain,
which fitted the ‘body-model’ theory that the somatosensory-motor regions might be
responsible for both body-level representation and prediction of pain for learning its
avoidance behaviour [Brecht, 2017]. More evidence on both the shock-dependent and
shock-independent neural differences would be given in the following neural correlation
findings on data-fitted real-time model variables.

3.3.4 Real-time model variables indicated TD-driven learning
for the corresponding condition

After behavioural data fitting, the model could provide real-time variables during
the task, which we epoched into 4 segments (1 minute for each) to see their tem-
poral tendencies over learning in two conditions (Figure 3.8). Two-way repeated
ANOVA corrected by positive false discovery rates (FDR) with Benjamini-Hochberg
procedure [Benjamini and Hochberg, 1995] showed significant segment main ef-
fect as temporal decrease in the absolute value of TD prediction errors (Pure MF
|δBody

t (RIGHT )|, F (3, 81) = 4.97, p = .006; Pure MB |δSRt |, F (3, 81) = 22.81, p < .001;
Arb. |δBody

t (RIGHT )|, F (3, 81) = 4.34, p = .001; Arb. |δSRt |, F (3, 81) = 22.81, p <

.001), indicating pain avoidance learning with decreasing TD prediction errors over time.
In detail, MF learning performed TD decreasing in action-induced condition (Pure MF
|δBody

t (LEFT )|, r = −.203, p = .063; Pure MF |δBody
t (RIGHT )|, r = −.344, p < .001;

Arb. MF |δBody
t (LEFT )|, r = −.206, p = .058; Arb. MF |δBody

t (RIGHT )|, r =

−.328, p = .001), whist MB learning performed significant state-based TD decreas-
ing in both action-induced condition (Pure MB |δSRt |, r = −.411, p < .001; Arb.
MB |δSRt |, r = −.411, p < .001) and state-induced condition (Pure MB |δSRt |, r =
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−.324, p < .001; Arb. MB |δSRt |, r = −.324, p < .001), suggesting a TD-decreasing
MF/MB learning for the corresponding action-/state-induced condition.

For other variables attached to the arbitrative learning, we found significant inter-
action effects between condition and segment (Arb. rate: ωt, F (3, 81) = 9.67, p < .001;
MF Reliability: χBody, F (3, 81) = 10.21, p < .001; Reliability scale max(χBody, χWorld),
F (3, 81) = 14.55, p < .001; Reliability difference: χWorld−χBody, F (3, 81) = 11.10, p <

.001). These all revealed the tendency of a learning pathway outperforming the other
over arbitration when learning the corresponding condition of exteroceptive pain, al-
though MB learning also raised its reliability in learning MF-preferred action-induced
pain (χWorld, r = .411, p < .001) due to its decreasing predictive TD error.

3.3.5 Supplementary motor and medial prefrontal functionali-
sation on model-free learning

We then sought neural correlates on data-fitted real-time model variables during
virtual navigation as the model-oriented statistical parametric maps (SPM). For the
model-free learning variables, we conducted two independent GLMs on the pure MF
learning model and the MF learning pathway of the arbitrative model (Figure 3.9).
Regressors included the real-time temporal difference (TD) of model-free Q-value
δBody
t (LEFT ) and δBody

t (RIGHT ) corresponding to the shocks onto different arms, as
participants only used the right hand to control the trackball whilst keeping the left
hand still during the scan. Two GLMs were conducted due to the potential information
lost in the pure MF model from cognitive arbitration, even if the pure MF model
fitted the behaviour better as the experimental pain condition was always informed
before task blocks.

Under the pure MF learning model (Figure 3.9A), the prediction TD error on
the left side correlated with body-model pain condition in the primary motor cortex
(MI;zPeak = 4.33, p = .008, FWER cluster-level corrected), whilst correlating with
world-model pain condition in the supplementary motor area (MII;zPeak = 3.48, p =

.010, FWER cluster-level corrected). This showed a potential functional dualisation
in motor regions between body-model and world-model MF learning, particularly
corresponding to the still hand. On the other hand, the prediction TD error on the right
side correlated more with body condition than world condition in left lateral occipital
cortex (lOC;zPeak = 3.68, p = .023, FWER cluster-level corrected) given pure MF
learning model, and in medial prefrontal cortex (mPFC;zPeak = 4.43, p < .001, FWER
cluster-level corrected) given the arbitration model (Figure 3.9B). This difference
might be due to a potential arbitrative mechanism that the pure MF learning model
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Figure 3.8: Data-fitted real-time model variables showed predictive TD-
driven learning with strong interaction effect as arbitration between condi-
tion and temporal segment.

Scatter and regression plots of model variables from data fitting were shown under
action-induced condition (red) and state-induced condition (blue) on pure MF (top-
left), pure MB (bottom-left), and arbitrative learning model (right). These indicated a
TD-decreasing MF/MB learning for the corresponding action-/state-induced condition,
as well as the increased MB learning reliability even in learning MF-preferred action-
induced pain. See Section 2.2.2 for the corresponding abbreviations of each model and
variable. ’abs’ means achieving the absolute value of temporal difference (i.e. ’td’).
Error bars stand for 95% CI. FDR-corrected p-values with different colours show the
result of the Wald Test in the corresponding condition with t-distribution against the
zero-slope null hypothesis. *** for p < .001, ** for p < .01, * for p < .05, and ∆ for
p < .1.
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Figure 3.9: The model-free temporal difference learning showed functional
dualisation in motor cortex between body-model and world-model pain
learning from the left arm, as well as medial prefrontal body-model pain
learning from the right arm.

(A) Under the pure MF learning model, the prediction TD error on the left
side correlated with body-model pain condition in the primary motor cortex, whilst
correlating with world-model pain condition in the supplementary motor cortex. The
prediction TD error on the right side correlated more with body condition than world
condition in the lateral occipital cortex, given a pure MF learning model. (B) Given
the arbitrative learning model, the prediction TD error on the right side correlated
more with body condition than world condition in the medial prefrontal cortex. The
first row shows the current MNI152 coordinates of the corresponding column. All
shown activated regions were FWER cluster-level corrected (p = .05).
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failed to capture, so that the TD error of body-model pain learning correlated with
the medial-prefrontal activity.

3.3.6 Model-based learning substrate ranging from prefrontal
to cingulate cortical regions

For the model-based learning variables, we conducted two independent GLMs on the
pure MB learning model and the MB learning pathway of the arbitrative model (Figure
3.10). Regressors included the real-time TD of model-based R-value δPain

t (LEFT ) and
δPain
t (RIGHT ) corresponding to the shocks onto different arms, as well as real-time

absolute mean TD of model-based M-value Es[|δSRt (s)|] over 9 rooms. Two GLMs
were conducted due to the potential information lost in the pure MB model from
cognitive arbitration, even if the pure MB model fitted the behaviour better as the
experimental pain condition was always informed before task blocks.

Under the pure MB learning model (Figure 3.10A), the state pain TD error
on the left side correlated with world-model pain condition in the primary mo-
tor cortex (MI; zPeak = 3.81, p = .002, FWER cluster-level corrected) and right
putamen (zPeak = 3.49, p = .038, FWER cluster-level corrected) covering right
anterior insula cortex ((30, 18, 10), Sphere ROI r = 5 mm, p = .009), whilst cor-
relating more world-model pain than body-model pain condition in the superior
frontal cortex (sFC; zPeak = 3.51, p < .001, FWER cluster-level corrected) covering
right dorsolateral prefrontal cortex (dlPFC; (30, 40, 30), Sphere ROI r = 5 mm, p =

.011). Under the arbitrative learning model (Figure 3.10B), on the other hand,
the state pain TD error on the left side correlated with world-model pain more
than body-model pain condition covering a high cluster including right lateral tha-
lamus ((23,−27, 4), Sphere ROI r = 5 mm, p = .009), right primary somatosensory
cortex (SI; (35,−34, 48), Sphere ROI r = 5 mm, p = .006), right posterior insula
((35,−12, 13), Sphere ROI r = 5 mm, p = .027), etc. These suggested a broad range
of neural substrates related to the state pain TD learning that is independent of
spatial information.

We also noticed the spatial successor representation’s absolute mean TD error
showed a higher correlation with body-model pain than world-model pain in the right
inferior frontal gyrus pars opercularis (zPeak = 3.49, p = .025, FWER cluster-level
corrected; Figure 3.10A, right) only in the pure MB learning model. This might
be due to the loss of a potential arbitrative mechanism in the pure MB learning
model, resulting in a worse successor representation learning (thus with larger absolute
TD error) on merely spatial information in the ’contradictive’ body-model condition.
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(43, 17, 13)(30, 40, 30) (19, -8, 64) (29, 4, 10) (27, -31, 8)

Figure 3.10: The model-based temporal difference learning from the left arm
supported a broad range of neural substrates for the state pain TD learning
(which is independent of spatial information) correlating with world-model
pain learning.

(A) Under the pure MB learning model, the prediction TD error on the left
side correlated with world-model pain condition in the primary motor cortex and
putamen, whilst correlating more world-model pain than body-model pain condition
in the supplementary motor cortex and dorsolateral/superior prefrontal cortex. The
prediction TD error on the right side correlated more with body condition than world
condition in the lateral occipital cortex, given a pure MF learning model. (B) Given
the arbitrative learning model, the prediction TD error on the right side correlated
more with world-model than body-model pain condition over a broad cluster covering
lateral thalamus, posterior insula, and primary somatosensory cortex. The first row
shows the current MNI152 coordinates of the corresponding column. All shown
activated regions were FWER cluster-level corrected (p = .05).
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(19, -90, 35) (23, -98, 11) (-1, -5, 53)

Body > World
World > Body

Body > 0
World > 0

(-3, 44, 9)

Figure 3.11: A potential anterior cingulate circuit correlating with the
arbitrative reliability between body-model and world-model pain learning.

(A) Given the arbitrative learning model, the reliability scale correlated with
body-model pain in the dorsolateral occipital cortex and supplementary motor cortex,
whilst correlating more body-model pain than world-model pain in the dorsolateral
occipital cortex. (B) Given the arbitrative learning model, the reliability difference
correlated with more body-model pain than world-model pain condition in a broad
cluster around the anterior cingulate cortex. The first row shows the current MNI152
coordinates of the corresponding column. All shown activated regions were FWER
cluster-level corrected (p = .05).

These findings altogether suggested a cognitive arbitration substrate ranging from
prefrontal to cingulate cortical regions.

3.3.7 Anterior cingulate functionalisation on MB reliability
enhancement via arbitration

Apart from pure MF and pure MB learning, the arbitrative model also implemented
an explicit arbitrative mechanism between MF and MB learning pathways in a single
system. To show its neural evidence, we conducted the GLM on arbitrative model with
TD learning reliability scale max(χBody, χWorld) and reliability difference χWorld−χBody

that counted for the real-time arbitration (Figure 3.11).
The reliability scale correlated with body-model pain in the dorsolateral occipital

cortex (dlOC; zPeak = 4.97, p = .019, FWER cluster-level corrected) and supple-
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mentary motor cortex (MII; zPeak = 4.37, p = .025, FWER cluster-level corrected),
whilst correlating more body-model pain than world-model pain in the dorsolat-
eral occipital cortex (dlOC; zPeak = 4.11, p = .021, FWER cluster-level corrected),
which might be due to the visual-motor simplicity of the body-model condition per
se for focusing on model-free learning more efficiently. The reliability difference
(χWorld − χBody, t = −.45, Wilcoxon signed-rank test p = .04) correlated with more
body-model pain than world-model pain condition in a broad cluster with the peak
at the anterior cingulate cortex (ACC; zPeak = 3.76, p < .001, FWER cluster-level
corrected), covering medial prefrontal cortex (mPFC;(5, 43,−12), Sphere ROI r =

5 mm, p = .012), anterior caudate ((−12, 18, 5), Sphere ROI r = 5 mm, p = .003),
anterior thalamus ((4,−4,−1), Sphere ROI r = 5 mm, p = .003), and right amygdala
((−18,−5,−16), Sphere ROI r = 5 mm, p = .010). This implied an anterior cingulate
circuit correlating with the arbitrative reliability between body-model and world-
model pain learning, with increased MB reliability even when learning MF-preferred
action-induced pain (Figure 3.8, right). Given more learning periods, the reliability
imbalance might thus be attenuated when both learning pathways approached much
lower prediction errors [Geerts et al., 2020], whilst we suggested here as an anterior cin-
gulate functionalisation on MB pathway learning originally unfavoured action-induced
pain via arbitration with MF learning.

3.4 Discussion

We aimed to provide a large-scale neural architecture of dichotomic cognitive learning
on pain for understanding the cognitive pain within complex environments: How and
where a cognitive representation of pain is encoded in the brain, and what function it
serves in pain-oriented learning behaviour (Section 1.4). We provided evidence for
a fundamental dichotomy within cognitive pain learning: the cognitive distinction
for avoiding exteroceptive pain learning actions between the objective experience-
independent world (i.e. world-model) or the subjective bodily space (i.e. body-model).
To address this, we designed a desktop-based virtual-navigation learning task in the
MRI scanner with electric shocks delivered to both arms under different pain conditions
that required the corresponding learning strategies. Participants showed significant
aversive learning on pain avoidance performance (PAP) in both pain conditions. We
then fitted our arbitrative RL model to human pain avoidance behaviours and the
corresponding neuroimaging data during navigation. Model comparisons showed that
model-free learning best fitted the body-model pain avoidance, whilst model-based
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learning best fitted the world-model pain avoidance. This aligned with our model
assumptions that the corresponding pain learning models could best describe the
behavioural data within the respective environmental conditions for pain avoidance
learning. Model variables showed predictive TD-driven learning with arbitrative
reliabilities. Neuroimaging results further imply a temporal-parietal difference in
favour of different pain learning pathways, a dorsolateral-medial prefrontal difference
in predictive and arbitrative pain learning, sensory-motor and insula activations
with various pain-predictive signals, and an anterior cingulate circuit correlating
with reliability-based arbitration. Our findings implied a cortical-subcortical activity
around the prefrontal, cingulate, and insula cortex correlating with cognitive pain
learning arbitration.

3.4.1 Neural signatures compared to reward-oriented learning

We found the neural signature of MF pain learning on the anterior caudate activity for
the arbitrative reliability difference χWorld − χBody correlating with more body-model
pain than world-model pain condition, as well as exceedance probabilities favouring
pure MF learning correlates more with body-model pain condition in the superior
temporal region. Apart from pain-oriented learning, the neural substrates correlating
model-free (MF) and model-based (MB) learning were also largely found within the
cognitive tasks on learning single scalar rewards [Daw et al., 2005, Huang et al., 2020].
A quantitative meta-analyses research conducted by Huang et al. [2020] on various
fMRI studies showed higher MF learning correlation with the brain activity in caudate
head and superior temporal gyrus, whilst medial frontal and anterior cingulate activity
correlates more with MB learning. These neural correlations within a reward-oriented
learning context accorded with our findings in pain-oriented learning.

The results of anterior caudate activity further indicated its computational mech-
anism with the TD-based reliability shifting towards the other ’incorrect’ learning
strategy when learning a specific pain condition, which we showed as an anterior
cingulate circuit activation that accorded with another reward-oriented 2-stage learn-
ing task study using the similar arbitrative model [Lee et al., 2014]. This could also
explain the general neural signature of MB learning correlating medial frontal and
anterior cingulate activity, even though our findings only discovered the corresponding
activity correlating more with the body-model pain condition. This was because the
reliability difference (χWorld − χBody, t = −.45, Wilcoxon signed-rank test p = .04) in
the world-model pain condition would generally step across 0 from negative to positive
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so that the potentially significant correlation was hard to manifest. Exceedance prob-
abilities favouring pure MB learning correlated more with world-model pain condition
in the parietal region, probably because spatial knowledge learning was much more
required in learning world-model than body-model pain in our task.

3.4.2 Neural signatures specific to pain-oriented learning

We found insula activity correlating with world-model condition in learning the state-
independent pain TD on the left arm, in accordance with other studies showing
predictive learning signals specific to pain in insula cortex [Brown et al., 2008, Geuter
et al., 2017, Fazeli and Büchel, 2018, Koppel et al., 2022, Hoskin and Talmi, 2023]. We
further showed this correlated more with world-model pain in dorsolateral and superior
prefrontal regions, in comparison with the medial prefrontal TD learning body-model
pain from the right arm. With successor representation that factorises spatial learning
and pain learning, this implied a dorsolateral-medial prefrontal difference in the TD
learning specific to pain between world-model and body-model learning.

The data fitting comparison indicated both body-dependent MF and body-dependent
MB learning describing the corresponding avoidance behaviour, so that to imply the
body parts as a necessary multidimensional input for pain prediction, rather than the
single scalar input in traditional reward-oriented tasks. This supported a predictive
’body map’ responsible for both body-level representation and prediction of pain
[Brecht, 2017], with neural evidence on both the Room Onset phase activation in
the primary motor region and laterality-biased predictive variables (e.g. TD errors
and reliability scale) found in both pain conditions among somatosensory and motor
regions in our findings. Though the 2-electrode setup in our experiment was still too
simplified to consider a topological somatosensory pain perception, one of the future
directions would be to incorporate a continuous bodily topological space for a more
realistic pain avoidance learning.

3.4.3 Flexible learning under pain-oriented arbitration

A core idea of using an arbitrator over multiple learning pathways in a single system
was to handle the varying environmental conditions for learning [Lee et al., 2014],
aligned with the human learning capability on flexible shifting between ‘automatic’
habitual behaviour and ‘deliberative’ goal-directed behaviour for evaluating actions
[Balleine and Dickinson, 1998, Dayan and Daw, 2008, Drummond and Niv, 2020].
Our virtual-navigation task did not implement such environmental variations, as
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raising the task difficulty may obstruct their learning efficiency within the limited
time in the scanner. Participants were always informed of the current pain condition
to control the task difficulty, though this resulted in worse data fitting results of the
arbitrative model compared to the pure MF or pure MB model with explicit prior
knowledge in model selection. Future research would focus on the model simulation
and experimental design with variant pain conditions in a single block to show the
necessity of the arbitrative mechanism for pain avoidance learning on complex and
varying dangers.

The successor representation we used for MB learning addressed a factorisation
between spatial-state predictive coding and pain-state evaluation, which might enable
flexible learning across multiple environments by explicitly encoding and storing predic-
tive relationships among spatial states. It was suggested as a hippocampal mechanism
for between-state predictive learning without explicit planning [Stachenfeld et al., 2017,
Geerts et al., 2020], where the hippocampus had been reported showing neuroimaging
activations in various reward-oriented MB learning tasks [Bornstein and Daw, 2012,
Sebold et al., 2017]. Future research would consider more complex environmental
setups with multiple scenarios to discover hippocampal circuit recruitment when
learning pain avoidance under large-scale navigation across sensory-rich environments.
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Chapter 4

The iVR-EEG interoceptive pain
modulation

4.1 Introduction

Previous cognitive models of sensory information processing assume that humans aim
to infer the causes of afferent sensory input [Gregory, 1980, Hatfield, 1990, Friston,
2005, Körding et al., 2007, Tabor et al., 2017, Seymour and Mancini, 2020]. In the
case of pain, this lies in two distinct categories of nociceptive causes: those external
to the body that may cause potential harm which is avoidable (e.g. a burning stove
in the real world) [Sherrington, 1906, Price et al., 2003], and those internal to the
body that reflect potentially damaged body tissue inducing persistent pain that is
not avoidable (e.g., skin that is more sensitive to burning) [Geldard, 1972, Craig,
2002, 2003]. These provide a core nociceptive dichotomy between two aspects of pain:
exteroception, of which the knowledge we extract from the external environment for
protective behaviours against potential threats [Price et al., 2003]; and interoception,
of which the knowledge we obtain from the internal body as a physiological condition
along with homeostatic behaviours [Wall, 1979, Craig, 2003]. Thus, a fundamental
distinction between exteroceptive and interoceptive pain could be figured out in such
a conceptual basis of pain. The brain learns the motivational information of pain from
the external world as exteroceptive pain, meanwhile learns the nociceptive information
of pain in the internal body as interoceptive pain [Seymour, 2019, Seymour and
Mancini, 2020].

From a nociceptive perspective, the pain information of ‘how does the brain realise
that the body is injured’ is inferred and affected by both exteroceptive pain [Price et al.,
2003] and interoceptive persistent (or chronic) pain [Di Lernia et al., 2016,]. They are
processed separately in two spinothalamic pathways in the brain [Dostrovsky and Craig,
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2006], while they may share bidirectional interactions. Persistent interoceptive pain
may drive an endogenous control on the sensation of co-occurring exteroceptive pain,
e.g. in the conditioned pain modulation [Kennedy et al., 2016]. On the other hand,
learning the exteroceptive pain for avoidance requires an inhibition on interoceptive
persistent pain that is abnormal within chronic pain conditions [Staud, 2012].

In the previous MRI study, we have shown that human brains handled cognitive
problems located within the external world (as world-model pain) and induced by
the bodily actions (as body-model pain) from nociception for pain avoidance learning
(Chapter 3), facilitated by the model-free/model-based arbitrative reinforcement
learning model (Chapter 2). Thus, the human brain could infer exteroceptive causes
flexibly between external objective states and internal subjective actions. However,
the MRI study used a desktop-based VR task that required participants to lie still in
the scanner, rather than moving freely with natural bodily avoidance behaviour. The
study did not focus on how the exteroceptive pain processing affected pain nociception,
and the time course was not considered as a main interest due to the low temporal
resolution of MRI data. Hence, we further investigated the connection between
nociception and such exteroceptive cognition, which underlies another fundamental
distinction: Nociceptive problems from the external world (as exteroception) and
in the internal body (as interoception) for cognitive modulation on nociception and
sensation. We also used an electroencephalograph (EEG) with high temporal resolution
in an immersive Virtual Reality (iVR) game, allowing free-operant moving in the
open arena. The iVR technique enables an immersive pain learning environment for
human participants to conduct natural bodily movement for realistic pain avoidance
behaviour, which has been recently used for phasic and tonic pain valuation [Hewitt
et al., 2025, Tong et al., 2025] as well as chronic pain management and treatment [Li
et al., 2011, Birckhead et al., 2021, Goudman et al., 2022, Teh et al., 2024].

How does learning exteroceptive pain provide an endogenous control on the persis-
tent sensation (including pain) to keep the cognitive functionality of danger avoidance?
The persistent sensation itself is not predictable for pain avoidance, meanwhile yields
a chronic sensation (or pain) state appropriate to injury. We assume that these
two different cognitive essences of exteroceptive pain could modulate interoceptive
nociception or sensation, represented by certain brain activities. Previous EEG studies
linked cognitive control to high frontal potentials [Kopp et al., 1996, Brass et al.,
2005, Hilgard et al., 2014, Kopp et al., 2020] and mid-frontal theta activity [Cavanagh
and Frank, 2014, Zavala et al., 2018, Eisma et al., 2021, Tan et al., 2024], and other
cognitive task studies linked central alpha and beta oscillations to somatosensory
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decision-making and sensorimotor processing [Witham et al., 2007, Haegens et al.,
2011, Quandt et al., 2013, Brickwedde et al., 2019]. Therefore, we expect that the
action-induced body-model pain would evoke more posterior EEG activities and rel-
evant alpha and beta oscillations, whilst the state-induced world-model pain would
evoke more anterior EEG activities with frontal theta synchronisation, for modulating
subjective perceptive and illusory nociception.

We designed the experiment to discover the interaction of persistent nociception
and sensation modulated by these two pain cognition processes within an iVR navi-
gation task. We showed discrepant representations of body-model and world-model
exteroceptive pain in EEG as posterior-anterior ERPs, and as body-model beta and
world-model frontal theta power. We further discovered exteroceptive pain that manip-
ulated sensory and illusory nociception with centrofrontal synchronisation in various
frequency bands. These supported our hypothesis on the exteroception-modulated
sensory and illusory nociception with electroencephalographic support.

4.2 Methods

4.2.1 Immersive Virtual Reality (iVR) task design

A computer-based immersive virtual reality (iVR) spatial navigation task was created
in Unity 2019.4 with a first-person view (Figure 4.1A) with a VR headset (HTV
Viva Pro Eye) connected to Steam VR. Participants were asked to avoid as many
potential shocks as possible when bending their backs in the task. With Digitimer
DS7A providing electric shocks, 1 electrode was applied to the skin surface of the back
(Figure 4.1B), above which the menthol cream was applied on the back to provide a
persistent and illusory bodily sensation which might be interpreted as noxious.

4.2.1.1 Navigational task in iVR

The iVR task consisted of a 3× 3 square grid in a 4 m × 4 m open arena, with each
square panel on the ground showing the potential target position that participants
needed to reach for collecting crystals (Figure 4.1A). Participants could look around
and move freely in this open arena set up in the iVR. The sun was visible in a specific
direction of the sky, which participants always started to face towards, so participants
could locate themselves in the virtual open arena. During the 3-minute task in each
block, participants were asked to bend their backs when reaching the square panel,
meanwhile stretching their right hand to collect crystals on the ground under various
pain conditions. Participants could obtain crystals as visible rewards once they reached
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1: 80% shocks
2: 30% shocks

1&2:
50% shocks

First-person perspective in human experiment

Figure 4.1: Spatial moving task within the virtual environment with electrical
stimuli delivered under different exteroceptive pain conditions.

(A) A virtual environment scenery with the first-person perspective where par-
ticipants could move freely around. (B) Example of different real pain stimulation
patterns in the action-induced condition (back-bending as a dangerous action) and
state-induced condition (front-right region as a dangerous place, indicated by the
centred red beacon) when participants stayed in the middle square panel and faced to-
wards north. Crystals were visible monetary rewards that required participants to bend
their backs and stretch their arms to touch. For numbers indicating which crystal was
touched (left), red numbers beside the electrode on the lower-right back led to a high
shocking probability, whilst grey numbers refer to a low shocking probability (middle
& right). In action-induced conditions with body-model pain, a back-bending action
could lead to a potential shock, whilst in state-induced conditions with world-model
pain, the shock was given when touching the crystal on a dangerous/non-dangerous
square panel. (C) An example of the participant movement trajectory in the iVR
open arena in a state-induced condition, avoiding the dangerous front-left region (top).
We showed the significant PAP across all participants over the 55.56% guess rate in the
state-induced condition (bottom), indicating that participants were indeed avoiding
the dangerous region to suffer fewer shocks. Error bars stand for 95% CI.
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the square panel where the crystal existed (Figure 4.1A). They were encouraged to
keep moving to obtain as many crystals as possible, as they would count for the final
monetary outcome (10p for each, 50 crystals as the upper limit they could obtain in a
3-min block) that participants obtained at the end of the task, which was independent
of the shocks they might receive.

Depending on the movement and experimental condition, participants might receive
electric stimuli on their backs, subject to the specific exteroceptive pain (i.e. body-
model or world-model exteroceptive pain) as the experimental session condition (Figure
4.1B). Participants were always informed of which one of the 2 pain conditions (see
below) it was at the start of each session for all the following 4 blocks. After each
block, participants were asked to select which dangerous action or region they had
experienced in the corresponding block to see if they successfully understood how to
avoid visible dangers.

4.2.1.2 Action-induced body-model pain condition

For the action-induced pain condition with body-model pain, participants have an
action contingency q to receive an electric shock as soon as they bend their back
for more than 30 degrees (Figure 4.1B, middle). Participants had the conditioned
probability q+ = 0.5 to receive a shock when bending their backs, whilst having the
conditioned probability q− = 0 to receive a shock without bending the back, so that
the action contingency q = q+ − q− = 0.5.

4.2.1.3 State-induced world-model pain condition

For the state-induced pain condition with world-model pain, participants had a state
contingency p among different states to receive electric stimuli, depending on the
position of dangerous places (Figure 4.1B, right). Here, the visible dangerous places
composed a cluster of a 2× 2 region of square panels, which were randomly selected
and counterbalanced across blocks, with a visible red beacon located at the centre of
the dangerous region. Participants had the conditioned probability p+ = 0.8 to receive
a shock as soon as touching a crystal on the dangerous square panel, whilst having
the conditioned probability p− = 0.3 to receive a shock as soon as touching a crystal
on the non-dangerous square panel, so that the state contingency p = p+ − p− = 0.5.
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4.2.2 Experimental design

4.2.2.1 Participants

32 participants (18 females) attended the study after submitting informed consent.
They were all healthy people aged 18-45 years (Mean: 25.81, SD: 5.64) without
significant mobility problems, diabetes, hypertension, hypotension, blood circulation
problems, or existing painful conditions. The study was approved by the Central
University Research Ethics Committee (CUREC; Approval Reference: R58778/RE005)
of the University of Oxford. Due to the technical failure caused by large bodily
movement with the mobile EEG and VR setup, we removed 9 participants’ data
prior to EEG preprocessing, so that the final dataset consisted of 23 participants’
data (14 females) aged 18-45 years (Mean: 26.04, SD: 5.71) used for behavioural and
electroencephalographic data anaylsis.

4.2.2.2 Experimental procedures

The experiment consisted of 2 visit days at least 1 week apart (Figure 4.2A). On each
visit day, participants first took part in a training process in the VR room to play
the video game wearing the VR headset, with detailed instructions to get familiar
with the corresponding pain condition required for playing the navigational iVR task
that day. After the training session, the 32-channel EEG cap and electrodes were
put on the participants’ heads. Participants then experienced one 20-minute EEG
session with the instructed corresponding pain condition. Each session consisted of
four 5-minute task blocks with the same pain condition, and each task block consisted
of a 3-minute navigational block wearing the VR headset and a following 2-minute
interval for participants to report ratings after removing the VR headset (Figure 4.2B).
Two pain conditions were counterbalanced between EEG sessions on different days
across all participants. Half of the participants had a body-model pain condition as
the main EEG session on Day 1, whilst the world-model pain condition on Day 2, and
others had the reversed pain condition design.

4.2.2.3 Pain ratings

Participants reported the intensity of electrical shock pain experienced on a VAS
(visual analogue scale) in a 0–10 range (0: no pain, 4: start to feel pain, 10: worst
pain imaginable) at the time of testing (Figure 4.2B, top, Q1). Before the EEG setup,
participants experienced the pain calibration process, where the current intensity was
increased from 0 mA in steps of 1-10 mA until the participant reported the VAS
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• 1. Instructed training (~40 mins)

• 2. EEG setup (~60 mins)

• 3. EEG session (~20 mins)
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• 1. Instructed training (~40 mins)

• 2. EEG setup (~60 mins)

• 3. EEG session (~20 mins)

WorldWorldWorldWorld
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One-time navigation
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Each for 1 min

WorldWorldWorldWorld
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Body/World
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2 min
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DAY
2

A

B Questions on sensations
at the end of each 3-min block

Questions on illusory perception
at the end of each 3-min block

Figure 4.2: Experiment protocol counterbalancing two pain conditions be-
tween 2 EEG sessions on different days with questionnaires on various
sensation ratings.

(A) The experiment protocol separated body-model and world-model pain condi-
tions in two different experimental days, counterbalanced among participants. (B)
Questionnaires both on various sensation ratings for participants to report after each
3-min EEG block (top) and on their general illusory perception of the back after the
whole EEG session (bottom). Participants were required to remove the VR headset
before filling out the questionnaire on the laptop screen, and wear the VR headset
again to continue the next EEG block.
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as 7. The calibration procedure was repeated three times, with the median current
thresholds used for the main experimental session later. At the start of each EEG
session, a recalibration process was conducted to fine-tune the current intensity from
the last setting until the participant reported the VAS as 7 again.

4.2.2.4 Electrical stimuli

A pair of snap electrodes was applied to the surface of the participant’s lower-right
back. Controlled current was applied only to the prepared surface area, without
passing internally into the body. A Digitimer DS7A (Hertfordshire, UK) was used to
elicit a low level of electrical output sufficient to induce a moderate-to-strong pain
sensation calibrated to each participant. Participants received the output current
(Day 1: Mean 81.41 mA, SD 35.09 mA, max 200 mA; Day 2: Mean 88.48 mA, SD
37.48 mA, max 200 mA) with a series of 10 pulses as a single shock (2 ms/pulse, 10
pulses/shock in 2 seconds, 250 Hz) with a source voltage of 400 V.

4.2.2.5 Menthol cream

The menthol cream was used to apply a sustained somatosensory stimulus to partici-
pants’ backs. When such static contact cooling occurred after the existing contact
between menthol and human skin, the menthol cream might induce not only cold
sensations but also various sorts of nociceptive sensations (e.g. burning, stinging, or
pricking) known as the innocuous cold nociception (ICN) via the menthol-sensitive
channel TRPM8 [Green and Jennifer, 2003, Green and Kate, 2007]. Such ICN could
also induce cold hyperalgesia [Namer et al., 2005]. The persistent sensation itself was
not learnable for avoiding external dangers with phasic electrical shocks, so that we
could find out how exteroceptive pain might modulate nociceptive sensations with
broader meanings. Thus, our usage of menthol cream aimed to mimic a persistent
bodily sensation which might be interpreted as noxious following the experimental
manipulation.

4.2.2.6 Questionnaire ratings on sensation and illusory nociception

Before the start of the main session, The Dermacool Plus 2% Menthol Aqueous Cream
was used to apply the menthol cream onto participants’ backs, imitating a permanent
nociception. The 8-ml menthol cream was spread on a 5 cm × 7 cm pad (Tegaderm
3582 Bandages, 3M) pasted onto the back immediately above the electrode. 5 minutes
after menthol cream administration, participants completed a questionnaire to assess
subjective sensations on their backs (Figure 4.2B, top, Q2-8) based on a VAS (visual
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analogue scale) in instructed 0–10 range. This was to see if the menthol started to
functionalise, so that participants would be required to wait for a longer time until
the cream was rated as providing either a hot or cooling sensation of at least 4 out
of 10. After each block, participants were also required to give ratings on the same
questionnaire. At the end of each main session, participants also gave ratings on 3
extra questions (Figure 4.2B, bottom) about their general feelings on the illusory
nociception on the backs (where the menthol cream was applied), as these questions
were referring to the interoceptive back injury that should not have existed. After the
whole main session, the menthol cream was removed from their backs.

4.2.2.7 EEG data acquisiton

Electroencephalography was recorded using a 32-channel Ag-AgCl LiveAmp system
(BrainProducts GmbH, Munich, Germany) placed on the scalp according to the
International 10-20 system [Jasper, 1958], with a sampling rate of 500 Hz. Reference
was set up as FCz, and the ground was set up as FPz. All scalp electrodes were
collected with an average reference.

4.2.3 Electroencephalographic data analysis

4.2.3.1 Preprocessing

We processed and analysed EEG data using EEGLab [Delorme and Makeig, 2004] in
Matlab 2022a. The data were resampled to 250 Hz, followed by the high-pass filtering
at 30 Hz and the low-pass filtering at 0.1 Hz using a finite impulse response (FIR) filter.
The high-pass filter was selected due to the strong motion artefacts in the mobile
EEG data, as participants conducted large body movements in our free-operant iVR
task. Oculomotor and muscular artefacts were removed using a 2-stage independent
component analysis (ICA) [Hjorth, 1975]. In each ICA stage, the data was filtered
to 1-30 Hz and resampled at 100 Hz. Outliers with the absolute amplitude above
500 µV were then detected and removed before we conducted the ICA. Artifactual
components highly related to muscle, eye blinks, eye movements, channel or line noise,
and heartbeats were then manually detected and removed. Subsequently, ICA weights
were exported and projected back onto the previous data, which was the data before
being filtered to 1-30 Hz, but further removing outliers with the absolute amplitude
above 750 µV . These steps were repeated twice as a 2-stage ICA. Electrodes with
large artefacts remaining were interpolated (< 10% electrodes; 3 channels maximum),
followed by all-channel average re-reference.
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The preprocessed data at this stage were then epoched from -1 to 2 s around the
following 3 events: shock onset, crystal touching, and back bending. Shock onset event
referred to the time of the electric stimuli delivery. Crystal touching event referred to
the time when participants used their virtual right hand to touch the crystal on the
ground. Back bending event referred to the time when participants bent their backs
more than 30 degrees from the perpendicular.

4.2.3.2 Disentangling overlapping events

Important recorded events (shock onset, crystal touching, and back bending) could
sometimes be quite close to each other due to the free-operant design in our iVR
task, rather than the restricted block design. We used the Unfold toolbox to adjust
for overlap between subsequent potentials on the epoched EEG data using linear
deconvolution [Ehinger and Dimigen, 2019]. Outliers with the absolute amplitude
above 750 µV were first detected and dropped before fitting to the deconvolution
model on all 3 events, where the stick function approach was used to model each
time-point relative to the local event as represented by a unique predictor. The event-
related potentials (ERP) corresponding to the 3 events showed decreased potential
scale with linear deconvolution compared to the original GLM without detecting event
potential overlaps (Figure 4.3), implying the disentangled event potentials. With
linear deconvolution, the ERP related to shock onset also showed a steady N1-P1-N2
complex between 100 and 400 ms (Figure 4.3, top-left, dashed red box) believed to
be associated with nociception [Lee et al., 2009], whereas the complex was highly
distorted without deconvoluting overlapping event potentials (Figure 4.3, bottom-left).

4.2.3.3 Event-related potential analysis

With the baseline correction on [−500, 0] ms, event-related potentials (ERP) after
linear deconvolution with Unfold toolbox were then averaged over individual ERPs
subject to different pain conditions (see an example of channel Cz in Figure 4.3,
top). Cluster time intervals (required at least 50 ms) were detected by the analytic
t-distribution cluster-based multiple comparison correction [Maris and Oostenveld,
2007] using FieldTrip toolbox [Oostenveld et al., 2011], followed by the paired t-test
for the corresponding mean potential difference between body-model and world-model
pain condition within the corresponding time interval.
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Shock Onset ERP Crystal-touching ERP Back-bending ERP

Original
GLM

Unfold with
deconvolu�on

Figure 4.3: Unfold toolbox with linear deconvolution enabled disentangling
main event potentials with steady N1-P1-N2 complex associated with
nociception.

ERPs of channel Cz on 3 events (columns) were calculated either via linear
deconvolution with Unfold toolbox (top) or the original GLM without detecting
event potential overlaps (bottom). With the baseline correction on -500 - 0 ms, they
were then averaged over participants subject to different pain conditions (red for
body-model pain, and blue for world-model pain). ERPs with linear deconvolution
showed decreased potential scale compared to the original GLM, meanwhile providing
a steady N1-P1-N2 complex for shock-onset ERP between 100 and 400 ms. Filled
shades around EEG curves indicate standard errors.
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4.2.3.4 Time-frequency representation analysis

With the baseline correction on [−500, 0] ms, time-frequency representation (TFR)
was detected with transient event-related spectral perturbation [Makeig, 1993]. TFR
was obtained using a Morlet 3-cycle wavelet transform (with a Hanning-tapered
window applied) with cycle sizes of 0.8 ∗ f, restricted in the frequency range as 1-30 Hz.
The upper limit of this frequency range was set due to the strong motion artefacts
in the mobile EEG data, as participants conducted high body movements in our
free-operant iVR task. Relative band power was then extracted as theta power (4-7
Hz), alpha power (8-13 Hz), and beta power (14-29 Hz). Electrodes were selected
among those with significant ERP differences. Besides, Fz was additionally included to
specifically assess mid-frontal theta activity linked to cognitive control and evaluative
processing [Cavanagh and Frank, 2014, Zavala et al., 2018, Eisma et al., 2021, Tan et al.,
2024]. Cluster time intervals (required at least 50 ms) were detected by the analytic
t-distribution cluster-based multiple comparison correction [Maris and Oostenveld,
2007] on one of the frequency bands using FieldTrip toolbox [Oostenveld et al., 2011],
followed by the paired t-test for the mean power difference between body-model and
world-model pain condition within the corresponding time interval before analysing
the other 2 frequency bands with the same time interval.

4.2.3.5 Rating-signal correlation GLMs

General linear models (GLMs) were used to investigate how different pain conditions
might manipulate the correlation between various sensation ratings and electroen-
cephalographic signals. For each rating in the questionnaire (Figure 4.2B), the GLM
was set up as

Rating ∼ Signal + C(Condition) + Signal × C(Condition)

where we had C(Condition) as the categorical variable of the body-model/world-model
pain condition, whilst having Signal as either the mean ERP or the mean TFR within
a given time interval. The GLM disentangled these two main effect terms from the
interaction term Signal × C(Condition) that we were interested in, which indicated
how different pain conditions would manipulate the changes of subjective ratings
corresponding to electroencephalographic signals. The Wald test was then conducted
on fitted coefficients of the corresponding independent variables in GLM, corrected
by positive false discovery rates (FDR) with the Benjamini-Hochberg procedure for
multiple hypotheses testing [Benjamini and Hochberg, 1995].
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4.3 Results

Data from N = 23 participants were included for the whole data analysis procedure.
Participants received an average of 37.79± 7.13 times of the electric stimuli during
the 3-minute virtual navigational game. In the action-induced condition, participants
experienced potential shocks when bending their backs to collect crystals. Whilst in
the state-induced condition, crystals were dangerous if they were positioned in the
current dangerous region, indicated by a visible beacon in the task. We defined pain
avoidance performance (PAP) as touching the crystal, which led to a lower possibility
of receiving shocks. Participants performed significantly higher PAP then the 55.56%
guess rate in all three 1-min temporal segments in the state-induced condition (Figure
4.1C, bottom, p < .001), suggesting that participants were indeed avoiding dangerous
regions all the time to experience fewer shocks in the state-induced condition.

4.3.1 Extracting subjective perception to principal components

During the task, participants reported their rated various subjective sensations (Figure
4.2B, top) every time after they finished a 3-minute task block (Figure 4.4A). As
these 8 ratings were highly correlated among each other (Figure 4.4B), we performed
a principal component analysis (PCA) to extract main components explaining more
than 85% percent of the rating variance (Figure 4.4C, bottom), resulting in 4 principal
components on sensation ratings (Figure 4.4C, top row for PCA weights, middle rows
for the corresponding ratings). According to the contribution weights from original
sensations to PC ratings, these 4 principal sensation components could be respectively
described as perception (except coldness) (PC1), hot tonic pain (PC2), cold pain
(PC3), and tonic-phasic nociception discrepency (PC4).

A two-way repeated-measure ANOVA was respectively conducted on those sen-
sation PC ratings over blocks (including the calibration ratings before the first
block, shown as ’C’ in Figure 4.4C) and conditions. We found the main effect
on some of these ratings over blocks (PC1: F (4, 88) = 13.196, pFDR < .001; PC3:
F (4, 88) = 17.091, pFDR < .001; PC4: F (4, 88) = 7.159, p < .001) except on PC2
(F (4, 88) = 1.819, pFDR = .132). This suggested general temporal drifts of subjec-
tive sensations across the task, including the increasing perception and tonic-phasic
nociception discrepancy, as well as the decreasing cold pain.

After the whole EEG session, participants also rated their subjective illusory
perception (including pain, see Figure 4.2B, bottom) on the back where the menthol
cream was applied (Figure 4.5A). As these 3 ratings were highly correlated among
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A C
Ra�ngs on various sensa�on a�er each block PCA on 8 sensa�on ra�ngs resul�ng in 4 principal components

B

Sensa�on ra�ngs

correla�on

Principal component 'ra�ngs'

PCA weights

Figure 4.4: 8 subject sensation ratings were extracted to 4 principal compo-
nents.

(A) Subjective ratings over temporal blocks (left panel for each rating) and
averaged across blocks (right panel for each rating) collected from the questionnaire
(Figure 4.2B, top) on various sensations after the 3-minute task as each block. ’C’ for
the calibration process, where the menthol cream was just applied before the 1st block.
(B) Correlation heatmap with Pearson correlation coefficients on sensation ratings in
A showed considerable correlations among these sensation ratings. (C) PCA extracted
main components from sensation ratings in A that explained more than 85% of the
rating variance, resulting in 4 principal components for sensation ratings. They could
be respectively described as perception (except coldness) (PC1), hot tonic pain (PC2),
cold pain (PC3), and tonic-phasic nociception discrepancy (PC4). For box plots, the
three quartile values of the distribution were plotted, with extreme values beyond 1.5
IQR marked as black dots. For curve plots, error bars stand for standard errors. For
explained variance plots, dashed red lines stand for 85% of the explained variance.
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A

PCA weights Principal component 'ra�ngs'

Ra�ngs on illusory percep�on
a�er whole session

C

B

PCA on 3 illusory ra�ngs resul�ng in 2 principal components

Illusory ra�ngs correla�on

Pain condi�ons

Figure 4.5: 3 illusory perception ratings were extracted to 2 principal
components.

(D) Subjective ratings on illusory perception (Figure 4.2B, bottom) after the
4-block session. (E) PCA extracted main components from illusory perception ratings
in D that explained more than 85% of the rating variance, resulting in 2 principal
components for illusory pain ratings. They could be respectively described as illusory
pain (Q-PC1) and tonic-phasic illusory pain discrepancy (Q-PC2). (F) Correlation
heatmap with Pearson correlation coefficients on illusory perception ratings in D
showed considerable correlations among these illusory ratings. For box plots, the
three quartile values of the distribution were plotted, with extreme values beyond 1.5
IQR marked as black dots. For curve plots, error bars stand for standard errors. For
explained variance plots, dashed red lines stand for 85% of the explained variance.
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each other (Figure 4.5B), we also performed a principal component analysis (PCA) to
extract main components explaining more than 85% of the rating variance (Figure
4.5C, left), resulting in 2 principal components for illusory perception ratings (Figure
4.5C, middle for PCA weights, right for the corresponding ratings). According to
the contribution weights from original illusory perception to PC ratings (Figure 4.5C,
middle), they could be respectively described as illusory pain (Q-PC1) and tonic-phasic
illusory pain discrepancy (Q-PC2). No significant main effects of pain condition were
found on the illusory perception PCs (Figure 4.5C, right; Q-PC1: p = .912; Q-PC2:
p = .478).

4.3.2 ERPs distinguished with posterior-anterior discrepancy
between body-model and world-model pain

To examine how body-model and world-model pain were differentially represented
in the brain, we conducted event-related potential (ERP) analysis on deconvolved
EEG responses time-locked to three key events: shock onset, crystal touching, and
back bending. Following shock onset, body-model pain elicited stronger ERPs at
centrofrontal electrodes, whilst world-model pain elicited stronger ERPs at more
anterior central and frontal electrodes. Topographic maps showed that brain activity
during early latencies was centrally distributed across both conditions (Figure 4.6, top).
However, while body-model pain led to a posterior and bilateral shift in activity over
time, world-model pain maintained a more focal distribution across frontal and central
electrodes (Figure 4.6, bottom). ERPs for body-model pain showed significantly
greater amplitude than for world-model pain at centrofrontal electrodes (C4 and FC6).
Specifically, greater amplitudes were observed at C4 during early latency ([4, 216]ms :

∆ = 2.48, t(22) = 2.91, p = .008) and late latency ([540, 836]ms : ∆ = 3.56, t(22) =

2.35, p = .028), and at FC6 during early latency ([216, 280]ms : ∆ = 3.58, t(22) =

2.29, p = .032) and mid latency ([440, 464]ms : ∆ = 3.60, t(22) = 2.24, p = .035)
(Figure 4.6, left). In contrast, world-model pain evoked significantly larger amplitude
ERPs than body-model pain at central and frontal electrodes (F4 and Cz), specifically
at F4 during mid latency ([276, 372]ms : ∆ = −3.80, t(22) = −2.36, p = .028), and
Cz during mid latency ([360, 676]ms : ∆ = −2.40, t(22) = −3.05, p = .006) and late
latency ([920, 1000]ms : ∆ = −2.3, t(22) = −2.44, p = .023) (Figure 4.6, right).

In response to crystal touching, a motor action involving forward-reaching with
the right arm, body-model pain again elicited stronger ERPs at right parietotempo-
ral electrodes, whilst world-model pain elicited stronger ERPs in the centrofrontal
electrode. The medial-bilateral drifting ERP amplitude was found for body-model
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Figure 4.6: ERPs distinguished with posterior-anterior discrepancy between
body-model and world-model pain from early to late latencies after shock
stimuli events.

ERPs after shock onset for body-model pain showed significantly greater amplitude
than world-model pain at right central electrodes, including C4 and FC6 (left), whilst
with greater amplitude in world-model pain at central and frontal sites, including F4
and Cz (right). Topographic maps showed early medial activity that shifted bilaterally
in mid-to-late latencies for body-model pain, whereas world-model pain maintained
a more central focus. ERP plots were sorted in the temporal order (top for early
latency and bottom for late latency), given specific ERP events and the dominant
pain condition. For each ERP plot, topographic maps subject to pain conditions
were given at each clustered time interval (highlighted as grey zones; see Section 4.2
for its achievement method) with significant mean potential difference shown in the
corresponding bar plot. Error bars stand for standard errors. ** for p < .01 and * for
p < .05.
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Figure 4.7: ERPs distinguished with posterior-anterior discrepancy between
body-model and world-model pain from early to late latencies after action
events.

(A) ERPs after crystal touching for body-model pain showed significantly greater
amplitude than world-model pain at CP6, T8, and CP2 (top 3 rows), whilst with
greater amplitude in world-model pain at FC1 (bottom-left). Given the moving right
arm and the still left arm, the medial-bilateral drifting greater amplitude was also found
for body-model pain, with greater ipsilateral amplitude shown in the topological maps,
whilst greater contralateral amplitude was found for world-model pain. (B) ERPs
after back bending for body-model pain showed significantly greater amplitude than
world-model pain at Pz (top 2 rows), whilst with greater amplitude in world-model pain
at F4 (bottom-right). Topological maps showed greater medial-centralised amplitude
for body-model pain, whilst the greater ipsilateral amplitude for world-model pain
after back-bending, which was apart from the greater contralateral amplitude after
crystal-touching. For each ERP plot, topographic maps subject to pain conditions
were given at each clustered time interval (highlighted as grey zones; see Section 4.2
for its achievement method) with significant mean potential difference shown in the
corresponding bar plot. Error bars stand for standard errors. ** for p < .01 and * for
p < .05. 86



pain (Figure 4.7A, top 3 rows) with higher ipsilateral ERP amplitude shown in the
topological maps, whilst higher contralateral ERP amplitude was found for world-
model pain (Figure 4.7A, bottom). Specifically, ERPs for body-model pain showed
significantly higher amplitude than world-model pain during early latency at CP6
([112, 556]ms : ∆ = 5.45, t(22) = 2.42, p = .024), whilst during late latency at T8
([576, 716]ms : ∆ = 7.18, t(22) = 2.18, p = .040) and CP2 ([548, 1000]ms : ∆ =

8.92, t(22) = 2.81, p = .010) (Figure 4.7A, top 3 rows). Meanwhile, world-model pain
ERPs showed significantly higher amplitude than body-model pain from mid to late
latency at FC1 ([452, 920]ms : ∆ = −10.43, t(22) = −2.85, p = .009) (Figure 4.7A,
bottom).

In response to back bending, body-model pain elicited stronger ERPs at the
parietal electrode, whilst world-model pain elicited stronger ERPs at the frontal
electrode. Topological maps showed medial-centralised ERP amplitude for body-
model pain, whilst the ipsilaterally higher ERP amplitude for world-model pain after
back-bending, which was apart from the contralaterally higher ERP amplitude after
crystal-touching. ERPs for body-model pain showed significantly higher amplitude
than world-model pain during mid latency at Pz ([292, 432]ms : ∆ = 4.93, t(22) =

2.19, p = .039; [440, 568]ms : ∆ = 5.43, t(22) = 2.17, p = .041) (Figure 4.7B, top 2
rows), whilst world-model pain ERPs showed significantly higher ERP amplitude than
body-model pain at F4 ([88, 156]ms : ∆ = −5.56, t(22) = −2.20, p = .039) (Figure
4.7B, bottom).

In summary, body-model pain elicited stronger ERPs in right parietal and central
regions (Pz, CP2, CP6, T8, C4, FC6), particularly following shock onset, crystal
touching, and back bending. In contrast, world-model pain was associated with
enhanced ERP responses at frontal and midline central electrodes (Cz, F4, FC1), with
distinct spatial patterns emerging across different task events. The shock onset events
implied the bilateral-medial potential discrepancy between body-model and world-
model pain during mid to late latency, whilst the action events implied the asymmetric
ERP amplitude differing between body-model and world-model pain. These results
indicated an overall posterior-anterior difference of EEG-electrode ERPs between body-
model and world-model pain, in accordance with our MRI study showing world-model
pain error-based learning preference in centrofrontal regions (Figure 3.10A).
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Figure 4.8: TFR analysis showed body-model pain tracked by beta power
activity and world-model pain tracked by frontal theta synchronisation.

(A) Stronger beta activity was found for body-model pain against world-model
pain across the central-frontal electrodes from early to late latency, with an overall beta
power enhancement in medial electrodes during late latency for body-model pain shown
in topological maps. (B) Frontal electrodes showed stronger theta synchronisation
of world-model pain against body-model pain from early to mid latency after shock
onset, with increasing medial theta synchronisation from early to mid latency for
world-model pain shown in topological maps. Topological maps of whole-brain TFR
were sorted in the latency order from 0 to 1,000 milliseconds. For each channel TFR
plot, local topographic maps subject to pain conditions were given at each clustered
time interval (highlighted as grey zones; see Section 4.2 for its achievement method)
with significant mean frequency power difference shown in the corresponding bar plot.
Error bars stand for standard errors. ** for p < .01 and * for p < .05.
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Figure 4.9: TFR analysis showed stronger central alpha synchronisation for
body-model pain during early to mid latency, whilst stronger frontal alpha
synchronisation for world-model pain during late latency.

(A) Stronger alpha synchronisation was found for body-model pain against world-
model pain, ranging from temporal to centroparietal and centrofrontal electrodes. (B)
FC1 also showed higher beta power activity of body-model pain against world-model
pain during the mid latency after crystal touching event, whilst F4 showed higher
alpha activation in world-model pain during late latency after shock onset. Topological
maps of whole-brain TFR were sorted in the latency order from 0 to 1,000 milliseconds,
given the specific ERP event and corresponding frequency band. For each channel
TFR plot, local topographic maps subject to pain conditions were given at each
clustered time interval (highlighted as grey zones; see Section 4.2 for its achievement
method) with significant mean frequency power difference shown in the corresponding
bar plot. Error bars stand for standard errors. ** for p < .01 and * for p < .05.
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4.3.3 Beta and theta oscillations differentially tracked body-
model and world-model pain processing

To further characterise the neural distinction between body-model and world-model
pain, we conducted a time–frequency representation (TFR) analysis on electrodes that
previously showed significant ERP differences. Electrode Fz was additionally included
to specifically assess frontal theta activity linked to cognitive control and evaluative
processing.

During shock onset, body-model pain was associated with significantly higher
beta power across central-frontal electrodes from early to late latency periods (Fig-
ures 4.8A & 4.10A). Particularly, an overall beta power enhancement was found
in medial electrodes during late latency for body-model pain shown in topologi-
cal maps. Specifically, we found higher beta power for body-model pain during
early latency at F4 ([152, 408]ms : ∆ = 2.10, t(22) = 2.80, p = .010) and Fz
([152, 408]ms : ∆ = 1.93, t(22) = 2.69, p = .013), early to mid latency at FC6
([4, 728]ms : ∆ = 2.16, t(22) = 3.66, p = .001) and Cz ([4, 560]ms : ∆ = 1.71, t(22) =

2.43, p = .023), and late latency at F4 ([548, 832]ms : ∆ = 2.58, t(22) = 3.16, p = .005),
Fz ([652, 920]ms : ∆ = 1.54, t(22) = 2.68, p = .014), Cz ([664, 844]ms : ∆ =

2.28, t(22) = 3.13, p = .005), and C4 ([684, 824]ms : ∆ = 2.12, t(22) = 2.22, p = .037).
Besides, FC1 also showed higher beta power activity for body-model pain during the
mid latency after crystal touching ([332, 448]ms : ∆ = 1.53, t(22) = 2.18, p = .040;
Figure 4.9B, top & Figure 4.10A).

In comparison, the frontal electrodes showed overall stronger theta power syn-
chronisation of world-model pain against body-model pain from early to mid latency
(Figures 4.8B & 4.10A). An overall increasing medial theta synchronisation was
found from early to mid latency for world-model pain shown in topological maps.
Specifically, we found higher theta power for world-model pain during early latency
at F4 ([152, 408]ms : ∆ = −3.00, t(22) = −3.28, p = .003) and mid latency at Fz
([312, 672]ms : ∆ = −2.86, t(22) = −2.72, p = .012). These suggested the distinct
exteroceptive pain representations, as the centrofrontal beta power correlated more
to sensorimotor-driven body-model pain chronically after shock onset, whilst frontal
theta power correlated more to cognition-driven world-model pain from early to mid
latency.

In response to crystal touching, we found an overall higher alpha power synchronisa-
tion of body-model pain against world-model pain across right centroparietal and cen-
trofrontal electrodes (Figure 4.9A & 4.10B), with stronger medial alpha synchronisation
for body-model pain from early to mid latency shown in topological maps. Specifically,
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we found stronger alpha synchronisation during early latency at FC1 ([4, 388]ms : ∆ =

2.78, t(22) = 2.66, p = .014), CP6 ([96, 372]ms : ∆ = 2.17, t(22) = 3.54, p = .002), and
T8 ([172, 372]ms : ∆ = 2.87, t(22) = 3.00, p = .007). On the other hand, we noticed a
tendency of increasing frontal alpha synchronisation for world-model pain during late
latency, relating to the higher F4 alpha activation in world-model pain during late
latency after shock onset ([720, 796]ms : ∆ = −2.66, t(22) = −2.18, p = .041; Figure
4.9B, bottom & Figure 4.10A). In summary, body-model pain was associated with
increased beta and alpha power at central and parietal sites, while world-model pain
showed greater frontal theta and late alpha power, with effects varying by event and
latency.

4.3.4 Exteroceptive pain context shaped EEG–perception cou-
pling in illusory and sensory nociception

To further discover how the exteroceptive context of pain modulated nociception, we
correlated ERPs and TFRs with subjective perception ratings after PCA (Figures 4.4 &
4.5). During shock onset, the ERP representations of the illusory nociception (Q-PC1)
could be manipulated by body-model and world-model pain during mid latency. This
was shown as the condition-ERP interaction effect during mid latency significantly at Cz
([360, 676]ms : β = .395, t(43) = 2.617, p = .012, pFDR = .025) (Figure 4.11, left) and
near-significantly at F4 ([276, 372]ms : β = .197, t(43) = 2.257, p = .029, pFDR = .059)
(Figure 4.11, right). Specifically, F4 and Cz showed higher ERP amplitude in the
world-model pain, which tended to shift ERP representations (from body-model pain)
on illusory nociception from negative to positive correlation (Cz [360, 676]ms : Body
k = −.147, r = −.322, p = .134, World k = .248, r = .429, p = .041, pFDR = .082; F4
[276, 372]ms : Body k = −.121, r = −.498, p = .016, pFDR = .031, World k = .076, r =

.216, p = .322), facilitating increasing frontal ERPs encoding enhanced illusory pain
after shock onset. This implied a potential centro-frontal ERPs encoding illusory
nociception facilitated by world-model pain (compared to body-model pain), which
originated from the external world independent of bodily movement.

To discover how the exteroceptive modulation on nociception was encoded in brain
signal oscillations, we further correlated TFRs with subjective perception ratings after
shock onset (Figure 4.12A) and crystal touching (Figure 4.12B). For representing
the illusory nociception, we found the discrepancy between body-model and world-
model pain modulating beta and theta synchronisation/desynchronisation to represent
illusory nociception. Specifically, we found central beta encoding modulated by
exteroceptive pain at C4 (that itself favoured body-model pain in ERP and beta
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Time-frequency representa�on on crystal touching
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Figure 4.10: Centrofrontal beta and theta showed significant difference be-
tween two exteroceptive pain conditions after shock onset, whilst alpha
synchronisation was significantly stronger for body-model pain after touch-
ing crystals.

Time-frequency representation (TFR) maps subject to experimental events ((A)
for shock onset and (B) for crystal touching) were shown across all three frequency
bands and the whole epoched time window. Each TRF map on an individual channel
showed power signals for body-model pain (top), world-model pain (middle), and the
heatmap of their difference (bottom) highlighted by dashed squares as the significant
body-model vs world-model power difference used for comparisons in Figure 4.8, with
brighter yellow as higher activity for body-model pain, whilst darker blue as higher
activity for world-model pain. 92



* *

Ra�ng-ERP interac�on effects (for shock-onset ERPs)

Figure 4.11: Interaction effects between exteroceptive conditions and EEG
potentials over subjective nociceptive ratings suggested exteroceptive pain
manipulating illusory and sensory nociception with central and frontal
potentials.

Interaction effects found in Cz and F4 after shock onset, where the world-model pain
tended to shift ERP representations (from body-model pain) on Q-PC1 from negative
to positive correlation. Subjective ratings after PCA were respectively described as
perception (except coldness; PC1), hot tonic pain (PC2), cold pain (PC3), tonic-phasic
nociception discrepency (PC4), illusory pain (Q-PC1), and tonic-phasic illusory pain
discrepency (Q-PC2) from Figures 4.4 & 4.5. Purple squares indicated significant
interaction effects between the exteroceptive pain conditions and EEG signals (mean
ERP or frequency power) on subjective PC ratings, with solid purple as pFDR < .05
and dashed purple as pFDR < .1. Filled shadows stand for 95% CI.
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Figure 4.12: Interaction effects between exteroceptive conditions and EEG
frequency power bands over subjective nociceptive ratings suggested exte-
roceptive pain manipulating illusory and sensory nociception with central
and frontal synchronisation.

Interaction effects found in C4 theta and F4 alpha after shock onset implied
the exteroceptive context of world-model pain tending to suppress theta and alpha
representation on Q-PC2. Interaction effects found in C4 beta, FC1 beta, and Fz
theta implied an exteroceptive discrepancy of pain on beta and theta synchronisa-
tion/desynchronisation representing Q-PC1. Interaction effects found in Fz alpha
showed that the exteroceptive pain also modulated the sensory level of nociception
with alpha synchronisation. Subjective ratings after PCA were respectively described
as perception (except coldness; PC1), hot tonic pain (PC2), cold pain (PC3), tonic-
phasic nociception discrepency (PC4), illusory pain (Q-PC1), and tonic-phasic illusory
pain discrepency (Q-PC2) from Figures 4.4 & 4.5. Rating-power interaction effect
scatterplots were sorted in the frequency band order, from theta to alpha and beta as
the rows from top to bottom. Purple squares indicated significant interaction effects
between the exteroceptive pain conditions and EEG signals (mean ERP or frequency
power) on subjective PC ratings, with solid purple as pFDR < .05. Filled shadows
stand for 95% CI. 94



activation) during late latency after shock onset ([684, 824]ms : β = −.345, t(43) =
−2.394, p = .021, pFDR = .042; Figure 4.12A, top-right), driven by the body-model
pain facilitating beta synchronisation to encode higher illusory pain (Body: k =

.282, r = .537, p = .008, pFDR = .017, World: k = −.064, r = −.128, p = .559). Similar
results were also found at FC1 during early latency after touching crystal ([4, 388]ms :

β = −.434, t(43) = −2.768, p = .008, pFDR = .017; Figure 4.12B), driven by the
world-model pain with beta desynchronisation encoding higher illusory pain (Body:
k = .138, r = .257, p = .237, World: k = −.296, r = −.524, p = .010, pFDR = .021).
These were different from Fz theta in the mid latency (152, 408]ms : β = .252, t(43) =

2.626, p = .012, pFDR = .024; Figure 4.12A, bottom-left), where body-model pain
tended to suppress, whilst world-model pain tended to facilitate, theta synchronisation
encoding higher illusory pain (Body: k = −.011, r = .351, p = .101, pFDR = .101,
World: k = .141, r = .404, p = .056, pFDR = .101). These findings suggested that the
body-model/world-model pain evoked central beta synchronisation/desynchronisation,
whilst suppressing/facilitating theta oscillations, for encoding high illusory nociception.

For the tonic-phasic illusory pain discrepancy, we found the world-model pain
tended to suppress theta and alpha oscillations for encoding illusory tonic pain against
phasic shocks. Specifically, C4 (that favoured body-model pain in ERP and beta
power) during late latency showed significant condition-theta effect on tonic-phasic
illusory pain discrepancy ([684, 824]ms : β = −.155, t(43) = −2.787, p = .008, pFDR =

.016; Figure 4.12A, top-left), driven by the world-model pain inhibiting C4 theta
power representing tonic menthol pain (Body: k = .012, r = .071, p = .747, World:
k = −.143, r = −.605, p = .002, pFDR = .004). Similar results were also found at
F4 (that favoured world-model pain in ERP and theta power) during late latency,
showing significant condition-alpha effect on tonic-phasic illusory pain discrepancy
([720, 796]ms : β = −.144, t(43) = −2.386, p = .022, pFDR = .043; Figure 4.12A,
top-middle), implying the exteroceptive context of pain manipulating frontal alpha to
represent tonic menthol pain rather than phasic shocks (Body: k = .500, r = .300, p =

.164, World: k = −.095, r = −.375, p = .078, , pFDR = .156). These results implied
that the exteroceptive context of world-model pain tended to suppress central theta
and frontal alpha representation on illusory tonic vs phasic pain during late latency.

The exteroceptive context of pain also manipulated illusory pain at the sensory
level. Fz in mid latency (that favoured world-model pain in theta power and body-
model pain in beta power) showed significant condition-alpha interaction effect on
sensory pain perception during mid latency ([312, 672]ms : β = .862, t(43) = 3.190, p =

.003, pFDR = .011; Figure 4.12A, bottom-middle), driven by the world-model pain
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facilitating frontal alpha synchronisation representing nociceptive sensation (Body:
k = −.382, r = −.327, p = .128, World: k = .479, r = .496, p = .003, pFDR = .005).
This implied the world-model pain modulating not only the illusory but also the
sensory level of higher nociception with stronger frontal alpha synchronisation.

4.4 Discussion

We aimed to specify the connection between nociception and cognition underlying
a fundamental distinction (Section 1.4). This referred to nociceptive problems from
the external world (as exteroception) and in the internal body (as interoception)
for cognitive modulation on nociception and sensation: How does exteroceptive
pain learning provide an endogenous control on the persistent sensation and pain
(which itself is not predictable for pain avoidance but yields a chronic sensation
state appropriate to injury), so that to keep the cognitive functionality of danger
avoidance? We assume that these two different cognitive essences of exteroceptive pain
(i.e. body-model and world-model pain) could modulate interoceptive nociception
or sensation, represented by certain brain activities. We designed the experiment
to discover the interaction of persistent nociception and sensation modulated by
these two pain cognition processes within an electroencephalography (EEG) study
via an immersive Virtual Reality (iVR) game, allowing free-operant moving in the
open arena. We showed discrepant representations of body-model and world-model
exteroceptive pain in EEG as posterior-anterior ERPs, and as body-model beta
and world-model frontal theta power. We further discovered the exteroceptive pain
manipulating sensory and illusory nociception with centrofrontal synchronisation,
showing exteroceptive context of world-model pain tending to surppress theta and
alpha representation on illusory tonic vs phasic pain, an exteroceptive discrepancy
of pain on beta and theta synchronisation/desynchronisation representing general
illusory nociception, and exteroceptive pain modulating the sensory level of nociception
with alpha synchronisation. These supported our hypothesis on the exteroception-
modulated sensory and illusory nociception with electroencephalographic support.

4.4.1 Menthol cream mimicking interoceptive pain with rich
nociceptive sensations

In the immersive Virtual Reality task, we used menthol cream to create a permanent
tonic pain on participants’ backs. This provided an imitated feeling of chronic pain,
which was itself not learnable for avoiding external dangers with phasic pain, whereas
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still apart from the real interoceptive pain as the sense of bodily internal states. On
the other hand, the menthol cream could also provide various sorts of sensations (not
merely pain), so that we could also find out how exteroceptive pain might modulate
sensation with broader meanings, as designed in the questionnaire. If focusing on
interoceptive pain modulation per se, one of the future research directions would be a
clinical study on chronic pain patients with real interoceptive pain modulated (ideally
suppressed) by manipulating the exteroceptive essence of phasic pain learning tasks
as a potential chronic pain treatment.

Apart from menthol cream, other experimental methods like the cuff-pressure
conditioning [Tong et al., 2025] and thermal/heat stimulators [Zhang et al., 2018]
may also induce prolonged tonic pain mimicking interoception. Whereas these might
not provide a nociceptive sensation as rich and ambiguous as menthol cream. When
the static contact cooling occurred after the existing contact between menthol and
human skin, the menthol cream might induce various sorts of nociceptive sensations
known as the innocuous cold nociception (ICN) via the menthol-sensitive channel
TRPM8 [Green and Jennifer, 2003, Green and Kate, 2007], which could also induce
hyperalgesia [Namer et al., 2005]. As the menthol cream itself was not useful for
learning shock avoidance during the iVR game, we could find out how exteroceptive
pain might modulate nociceptive sensation and illusion with much broader meanings.

4.4.2 Exteroceptive context as cognitive ’control’ on nocicep-
tion

We have shown a centrofrontal region of EEG electrodes with potentials favouring
cognition-oriented world-model than sensorimotor-oriented body-model pain, of which
the frontal theta synchronisation correlated more to world-model pain and facilitated
illusory pain, whilst the central theta desynchronisation suppressing illusory tonic
pain against phasic pain. This was similar to previous cognitive control tasks showing
high frontal potentials [Kopp et al., 1996, Brass et al., 2005, Hilgard et al., 2014, Kopp
et al., 2020] and mid-frontal theta activity [Cavanagh and Frank, 2014, Zavala et al.,
2018, Eisma et al., 2021, Tan et al., 2024], whilst our results suggested a cognitive
exteroceptive ’control’ also on sensory and illusory nociception, not only in frontal
theta avtivity but also in centrofrontal alpha and beta synchronisation due to the
bodily movement-focused body-model pain introduced as one of the exteroceptive
contexts of pain. Other cognitive task studies linked central alpha and beta oscillation
to somatosensory decision-making and sensorimotor processing [Witham et al., 2007,
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Haegens et al., 2011, Quandt et al., 2013, Brickwedde et al., 2019], akin to the
sensorimotor exteroception of our body-model pain from a ’body map’ [Brecht, 2017].

TRF analysis also suggested a possible functional dissociation between frequency
bands in the context of body-model and world-model pain. Beta activity in cen-
trofrontal regions may be more closely associated with sensorimotor engagement and
action-contingent pain processing, as seen in the body-model pain condition. In con-
trast, frontal theta activity may reflect cognitive evaluation and contextual processing,
particularly during world-model pain. The observed patterns in alpha power further
suggest a complex dynamic, potentially reflecting attentional modulation or arbitrative
processing (Section 2.2.2) between two exteroceptive pain contexts. However, these
interpretations remain speculative and warrant further investigation, particularly to
disentangle whether these oscillatory differences were causal markers of cognitive
modulation or downstream correlates of distinct attentional and affective states.

4.4.3 Disentangling exteroceptive context from contingency
learning

The immersive Virtual Reality (iVR) task we used only required participants to keep
the exteroceptive context of shocks in mind, i.e. either receiving the body-model
painful shocks related to bodily movement (as back-bending) or the world-model
painful shocks related to external spatial state information (with a visible red beacon
indicating dangerous regions). Even though participants clearly knew how the danger
arose, they could not choose alternative movement choices to actively avoid more
shocks. This was different from the desktop-based VR task we used for our previous
MRI study (Chapter 3), where participants learnt exteroceptive pain in the context of
error-driven learning with multi-choice action space (Chapter 2). When introducing
such error-driven contingency learning into exteroceptive pain in our iVR task design,
there could be a question about whether the exteroceptive modulation on nociception
would be aroused from either the contextual meaning of exteroception (body-model
or world-model pain) or the error-driven learning per se. To exclude this potential
learning effect for simplicity, we let participants know how the danger arose before the
task so that only the different contextual meaning of exteroception was kept between
the two experimental days. Further studies could focus on how the exteroceptive
modulation within this error-driven contingency learning context might modulate
sensory and illusory nociception with various and variant environmental contingency
setups akin to the real world with dynamic dangers.
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Chapter 5

General discussion

5.1 The conceptual basis of pain learning

We acquired new knowledge on the conceptual basis of pain, along with raising a new
computational model on it, with the connection between nociception and cognition.
This underlies two fundamental distinctions: i) nociceptive problems from the external
world (as exteroception) and in the internal body (as interoception) for cognitive
modulation on nociception, and ii) cognitive problems located within the external
world (as world-model pain) and induced by the bodily actions (as body-model pain)
from nociception for pain avoidance learning.

In Chapter 2, we first suggested a computational framework with RL
incorporating a multidimensional representation of pain for learning pain
avoidance during navigation in complex environments (Section 2.2). The
model consisted of both model-based and model-free RL for body-model and world-
model exteroceptive pain, as well as the arbitration between them for flexible learning
(Section 2.2.2). In Chapter 2 we showed the corresponding simulation results,
including its effective predictive error-driven avoidance learning over time, akin to
human behaviour in different pain conditions, as well as flexible learning in varying pain
conditions. We also showed the necessity of input pain perception as a multisensory
vector embedded in a body map for effective pain avoidance, along with partially
dysfunctionalised pain avoidance learning following the extent of perceptive bodily
impairment. In this way, we suggested a single arbitrative learning system for human
cognitive pain representation learning both external threatening environments and
internal bodily integrity.

In Chapter 3, we then provided a large-scale neural architecture of
dichotomic cognitive learning on pain for understanding the cognitive pain
within complex environments: How and where a cognitive representation of
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pain is encoded in the brain, and what function it serves in pain-oriented learning
behaviour. To address this, we designed a desktop-based virtual-navigation
learning task in the MRI scanner with electric shocks delivered to both arms
under different pain conditions that required the corresponding learning
strategies (Section 3.2). Participants showed significant aversive learning on pain
avoidance performance (PAP) in both pain conditions. We then fitted our arbitrative
RL model to human pain avoidance behaviours and the corresponding neuroimaging
data during navigation. Model comparisons showed that model-free learning best
fitted the body-model pain avoidance, whilst model-based learning best fitted the
world-model pain avoidance. This aligned with our model assumptions that the
corresponding pain learning models could best describe the behavioural data within
the respective environmental conditions for pain avoidance learning. Model variables
showed predictive TD-driven learning with arbitrative reliabilities. Neuroimaging
results further imply a temporal-parietal difference in favour of different pain learning
pathways, a dorsolateral-medial prefrontal difference in predictive and arbitrative pain
learning, sensory-motor and insula activations with various pain-predictive signals,
and an anterior cingulate circuit correlating with reliability-based arbitration. Our
findings implied a cortical-subcortical activity around the prefrontal, cingulate, and
insula cortex correlating with cognitive pain learning arbitration.

In Chapter 4, we further specified the connection between nociception
and cognition underlying a fundamental distinction: Nociceptive problems
from the external world (as exteroception) and in the internal body (as interocep-
tion) for cognitive modulation on nociception and sensation. We assume that these
two different cognitive essences of exteroceptive pain could modulate interoceptive
nociception or sensation, represented by certain brain activities. We designed
the experiment to discover the interaction of persistent nociception and
sensation modulated by these two pain cognition processes within an elec-
troencephalography (EEG) study via an immersive Virtual Reality (iVR)
game allowing free-operant moving in the open arena (Section 4.2). We
showed discrepant representations of body-model and world-model exteroceptive pain
in EEG as posterior-anterior ERPs, and as body-model beta and world-model frontal
theta power. We further discovered the exteroceptive pain manipulating sensory
and illusory nociception with centrofrontal synchronisation, showing exteroceptive
context of world-model pain tending to suppress theta and alpha representation on
illusory tonic vs phasic pain, an exteroceptive discrepancy of pain on beta and theta
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synchronisation/desynchronisation representing general illusory nociception, and exte-
roceptive pain modulating the sensory level of nociception with alpha synchronisation.
These supported our hypothesis on the exteroception-modulated sensory and illusory
nociception with electroencephalographic support.

5.2 Novelty of the study

Our findings might have important implications for understanding how people learn
from pain at a high cognitive level, as well as how the low-level perception could be
manipulated by high-level cognitive modulation. Several main novel points of this
study were worth mentioning. First, by linking nociception with cognitive learning,
we raised a new perspective on the conceptual basis of pain focusing on both noci-
ceptive and cognitive problems. Second, by linking high-level reinforcement learning
algorithms with cognitive pain learning, we suggested a single arbitrative learning
model for human cognitive pain representation learning both external threatening
environments and internal bodily integrity. The hypothesis and the computational
model obtained both neuroimaging support for dichotomic exteroceptive pain learning
and electroencephalographic support for the exteroception-modulated sensory and
illusory nociception. Therefore, it could provide enlightenment on designing artificial
intelligence algorithms incorporating human cognitive abilities in pain cognition and
empathy. Last but not the least, the iVR technique we used enabled an immersive
pain learning environment for human participants to conduct natural bodily movement
for learning realistic pain avoidance behaviour. VR has already been recently used for
phasic and tonic pain valuation [Hewitt et al., 2025, Tong et al., 2025] as well as chronic
pain management and treatment [Li et al., 2011, Birckhead et al., 2021, Goudman
et al., 2022, Teh et al., 2024]. Along with our new perspective on the conceptual pain
and its treatment, this study would greatly benefit translational research for patients
suffering pain, e.g. by helping them relieve chronic pain or other interoceptive noxious
sensations given the appropriate high-level cognitive learning task in the immersive
Virtual Reality.

5.3 Exteroceptive & interoceptive pain interaction

Apart from exteroceptive phasic pain encoding potential dangers of the external world,
the pain information of ‘how does the brain realise that the body is injured’ could also
be inferred and affected from an interoceptive persistent (or chronic) pain that itself
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is not learnable [Di Lernia et al., 2016]. These two pathways might share bidirectional
interactions with each other. The persistent interoceptive pain drives an endogenous
control on the sensation of co-occurring exteroceptive pain (e.g. in the conditioned pain
modulation [Kennedy et al., 2016]), whilst learning the exteroceptive pain for avoidance
learning requires an inhibition on interoceptive persistent pain that is abnormal within
chronic pain conditions [Staud, 2012]. The additional interceptive persistent pain in
the body may sensitise/inhibit these exteroceptive pain cognition processes within the
relative body part to increase/decrease the corresponding pain avoidance behaviour
[Moriarty et al., 2011], cf. conditioned pain modulation on nociception [Kennedy
et al., 2016]. On the other hand, efficient exteroceptive pain learning and avoidance
needs a certain level of endogenous control on interoceptive persistent pain to suppress
the unlearnable ‘background noise’, cf. cognitive dysfunctionality when suffering
chronic pain [Moriarty et al., 2011, Staud, 2012]. Our findings showed a cognitive
distinction in the exteroceptive pain with their manipulation on perceptive nociception
and sensation under the corresponding pain conditions relative to different cognitive
essence of phasic pain, becoming a potential research direction for treating specific
cognitive function performance impairment specific to a certain pain condition under
chronic pain [Moriarty et al., 2011].

5.4 Conditioned pain modulation not restricted to
the reported nociception

In both of the experiments, no reported subjective pain intensity showed a significant
difference under experoceptive context modulation (i.e. body-model vs world-model
pain learning) due to the recalibration at the start of each session. That is, the classical
conditioned pain modulation (CPM) effect [Kennedy et al., 2016] was prevented from
inhibiting phasic pain perception. Neither did the menthol cream (as tonic pain)
show a significant CPM effect on inhibiting electrical shock perception (as phasic
pain) in the iVR task. We rather showed the behavioural changes subject to the
learnt experoceptive context, as well as exteroception-modulated sensory and illusory
nociception encoded in the electroencephalographic signals. These implied a potential
endogenous control not manifested in the subjective report on pain perception, but
rather in learning behaviours and brain signal encoding. Further research may discover
if a classical CPM would inhibit phasic shock perception (e.g. by not doing recalibration
during the whole task), whether these exteroceptive modulations would be influenced
by or still be steady against the descending phasic pain perception. This could then
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indicate whether the classical CPM and exteroceptive modulations share overlapped
descending pathways for the endogenous control.

5.5 Tradeoff between pain avoidance learning and
task complexity

Our computational model aimed to support exteroceptive pain avoidance learning
within complex and dynamic environments, facilitated by the MF-MB arbitration.
Whereas in our two experiments, participants were all informed of the pain condition
they were about to suffer before the task block. The pain condition was also kept uni-
versal within a single task block, rather than dynamically changing during navigation,
akin to 2-stage tasks on MF-MB tradeoff learning without pain [Lee et al., 2014]. These
were so decided due to the first pilot experiments (not included in this dissertation),
where participants failed to show efficient pain avoidance learning if not informed
of the corresponding pain condition. It might be because of the shocks providing
frequent and uncertain (note the non-dangerous actions might still give rise to shocks
as a contingency design) noxious feelings, as many pilot participants complained after
the task, potentially resulting in a learnt helplessness [Seligman, 1972] much faster
than other cognitive learning tasks without pain. Thus, the experiments might not
directly incorporate an arbitrative mechanism between two exteroceptive pains within
one-time navigation, which we only showed from data fitting to the arbitrative learning
model (Chapter 3). This could be a general challenge in cognitive pain avoidance
learning studies with more complex and dynamic dangers. We hoped learning pain
within an immersed environment (e.g. with immersive Virtual Reality) would provide
a more realistic pain suffering scenario with natural body movement as a potential
future direction on pain study design [Tong et al., 2025]. Though our current iVR task
only aimed to show a primary exteroception-interoception connection, and to prevent
the nociception from chronic menthol existence from interfering with uncorrespondent
phasic exteroceptive pain, we even separated pain conditions in different experimental
days.

5.6 Limitations and future directions

Our computational model aimed to support exteroceptive pain avoidance learning
within complex and dynamic environments. Whereas the computational model we
built up for efficient pain avoidance behaviour learning accepted shocks at most on 6
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discrete bodily parts simultaneously. The simulation results implied the bodily parts
as a necessary multidimensional input for pain prediction rather than the single scalar
input in traditional reward-oriented tasks. Though the discrete 6-electrode input in
our simulation setup was still too simplified to consider a topological somatosensory
pain perception in a 2-dimensional surface space covering the whole body, and one of
the future directions would be to incorporate a continuous bodily topological space as
a continuous ’body map’ for a more realistic pain avoidance learning [Mancini et al.,
2012, 2014].

The successor representation we used for model-based learning addressed a fac-
torisation between spatial-state predictive coding and pain-state evaluation, which
enabled flexible learning across multiple environments by explicitly encoding and stor-
ing predictive relationships among spatial states as a ’world map’ [Tolman, 1948]. It
was also suggested as a hippocampal mechanism for between-state predictive learning
without explicit planning [Stachenfeld et al., 2017, Geerts et al., 2020], where the
hippocampus had been reported showing neuroimaging activations in various reward-
oriented model-based learning tasks [Bornstein and Daw, 2012, Sebold et al., 2017].
Future research would consider more complex environmental setups with multiple
scenarios, so that to discover pain avoidance learning under large-scale navigation
across sensory-rich environments.

A core idea of using an arbitrator over multiple learning pathways in a single system
was to handle the varying environmental conditions for learning [Lee et al., 2014],
aligned with the human learning capability on flexible shifting between ‘automatic’
habitual behaviour and ‘deliberative’ goal-directed behaviour for evaluating actions
[Balleine and Dickinson, 1998, Dayan and Daw, 2008, Drummond and Niv, 2020].
Whereas our virtual-navigation tasks did not implement such environmental variations,
as raising the task difficulty might suppress their learning efficiency within the limited
time due to the potential quick learnt helplessness. Participants were always informed
of the current pain condition to control the task difficulty, though this resulted in worse
data fitting results of the arbitrative model compared to the pure MF or pure MB
model with explicit prior knowledge in model selection in our MRI study. We hoped
learning pain within immersive Virtual Reality (iVR) would provide a more realistic
pain suffering scenario with natural body movement as a potential future direction
on pain study design [Tong et al., 2025], though our current iVR task only aimed
to show a primary exteroception-interoception connection thus yet to incorporate
dynamic dangers (that our computational model first aim to incorporate) at this
stage, and to prevent the nociception on chronic menthol existence from interfering
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with uncorrespondent phasic exteroceptive pain we even separated pain conditions in
different experimental days. Even though the tradeoff between pain learning and task
difficulty could be a general challenge for pain learning studies, future research would
focus on the model simulation and experimental design with variant pain conditions
in a single block, so that to show the necessity of the arbitrative mechanism for pain
avoidance learning on complex and varying dangers.

The immersive Virtual Reality (iVR) task we used only required participants to
keep the exteroceptive context of shocks in mind, i.e. either receiving the body-model
painful shocks related to bodily movement (as back-bending) or the world-model
painful shocks related to external spatial state information (with a visible red beacon
indicating dangerous regions). Even though participants knew how the danger arose,
they could not choose alternative movement choices to actively avoid more shocks.
This was different from the desktop-based VR task we used for our MRI study, where
participants learnt exteroceptive pain in the context of error-driven learning with a
multi-choice action space. When introducing such error-driven contingency learning
into exteroceptive pain in our iVR task design, there could be a question about
whether the exteroceptive modulation on nociception would be aroused from either
the contextual meaning of exteroception (body-model or world-model pain) or the
error-driven learning per se. To exclude this potential learning effect for simplicity, we
let participants know how the danger arose before the task so that only the different
contextual meaning of exteroception was kept between the two experimental days.
Further studies could focus on how the exteroceptive modulation within this error-
driven contingency learning context might modulate sensory and illusory nociception
with various and variant environmental contingency setups akin to the real world with
dynamic dangers, meanwhile as a potential direction for treating specific cognitive
function performance impairment specific to a certain pain condition under chronic
pain [Moriarty et al., 2011].

In the iVR task, we used menthol cream to create a permanent tonic pain on
participants’ backs. This provided an imitated feeling of chronic pain, which was itself
not learnable for avoiding external dangers with phasic pain, whereas still apart from
the real interoceptive pain as the sense of bodily internal states. On the other hand,
the menthol cream could also provide various sorts of sensations (not merely pain), so
that we could also find out how exteroceptive pain might modulate sensation with
broader meanings, as designed in the questionnaire. If focusing on interoceptive pain
modulation per se, one of the future research directions would be a clinical study on
chronic pain patients with real interoceptive pain modulated (ideally suppressed) by
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manipulating the exteroceptive essence of phasic pain learning tasks as a potential
chronic pain treatment.
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Conclusions

We acquired new knowledge on the conceptual basis of pain, linking nociception with
cognition. We suggested a single arbitrative learning model for human cognitive pain
representation learning both external threatening environments and internal bodily
integrity, with neuroimaging support to dichotomic exteroceptive pain learning and
electroencephalographic support to the exteroception-modulated sensory and illusory
nociception. Our findings might have important implications for understanding how
people learn from pain at a high cognitive level, as well as how the low-level perception
could be manipulated by high-level cognitive modulation. It also provided potential
enlightenment on designing artificial intelligence with human cognitive abilities on pain
cognition, e.g. to provide efficient self-protection and interaction among agents under
rich and complex environments. In addition, such a novel approach could provide
a new perspective on pain treatment, benefiting translational research for patients
suffering pain, e.g. by helping them relieve chronic pain or other interoceptive noxious
sensations, given the appropriate high-level cognitive learning task in immersive Virtual
Reality.
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