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Abstract

Existing personality models describe stable individual differ-
ences well, but often leave underspecified how such differ-
ences generate moment-to-moment expressive behaviour. Act-
ing theory faces a complementary problem: performers must
reliably externalise a character’s internal state so that inten-
tions, affect, and personality can be inferred from movement,
speech, and posture alone.

We address this gap by introducing a computational formal-
isation of the Laban—Malmgren System (LMS), a framework
from movement analysis and acting pedagogy that links in-
ternal disposition to observable action. Building on Laban’s
analysis of movement qualities and Malmgren’s extension for
character work, we formalise four core internal and external
dimensions of behaviour and develop a generative cognitive
architecture in which: 1) stable trait parameters define priors
over a latent expressive state, 2) state transitions are shaped by
context and actions, and 3) a stochastic policy maps the latent
state to observable behaviour.

The resulting model provides a principled, action-centred link
between internal dispositions, state dynamics, and expressive
behaviour, making the theory accessible to simulation, quan-
titative analysis, and embodied artificial agents. We demon-
strate its computational feasibility through a public proof-of-
concept implementation, Persona: an interactive digital por-
trait in which an avatar conveys its internal state through de-
tailed bodily expression and responds dynamically to viewer

interaction]'| By formalising a theory rooted in expert artistic
practice, this work offers a complementary, action-centred per-
spective on personality modelling and lays the groundwork for
future empirical validation.

Keywords: cognitive architecture; computational modelling;
personality traits; movement analysis; acting theory; interac-
tive behaviour; embodied Al; affective computing; digital art

Introduction

Computational models of personality and character are
increasingly relevant across cognitive science, human—
computer interaction, and artificial intelligence, where there
is a growing need for representations that combine stable in-
dividual differences with context-sensitive, time-varying in-
ternal states. Classical personality psychology offers robust
trait-based frameworks, most notably the Five-Factor Model
(McCrae & Costa Jr,[1999), as well as more mechanistic mo-
tivational and social-cognitive approaches that emphasise dy-
namics, learning, and person—situation interactions (Bandura,
1986; Mischel & Shoda, [1995). However, many of these

IThe work premiered at the Saatchi Gallery, London (October
4, 2023), and was subsequently selected as a finalist for the 2024
Lumen Prize.

models remain either largely descriptive or only indirectly
connected to observable action.

We address this gap by introducing a compact genera-
tive cognitive model in which stable personality traits de-
fine a prior over a dynamically evolving internal state, which
in turn generates context-sensitive behaviour. The model is
grounded in acting and movement practice rather than aca-
demic psychology, specifically, the dance notation system
developed by Rudolf Laban that was later extended by Yat
Malmgren to the Laban—Malmgren System (LMS) of move-
ment psychology and character analysis (Mirodan, (1997,
2015). Laban’s work on movement analysis and notation—
most prominently formalised in Labanotation (Guest, |2013;
Laban & Ullmann, |1971)—was originally conceived as a de-
scriptive system for human movement. Malmgren subse-
quently integrated these movement dimensions with charac-
ter psychology as used in actor training, introducing an addi-
tional dimension and explicitly distinguishing between inner
(psychological) and outer (expressive) aspects of character.

The resulting Laban—-Malmgren System constitutes a com-
pact, low-dimensional theory of character that has been used
extensively by actors and directors to analyse, communicate,
and embody personality through action. Importantly, this the-
ory is grounded in expert practice: it reflects accumulated ex-
periential knowledge about how personality manifests in be-
haviour, interaction, and movement, rather than being derived
from questionnaires or psychometric factor analysis. While
this practical grounding gives the theory considerable expres-
sive power and intuitive coherence, it has so far lacked a for-
mal computational specification and systematic empirical val-
idation within cognitive science.

Our contribution is to formalise this acting-based charac-
ter theory as a computational model, in which four high-level
trait parameters represent stable experience-shaped tenden-
cies that define priors over an individual’s internal state space.
These traits are assumed to be entrenched for a given individ-
ual at a given point in life, reflecting the idea that adult per-
sonality traits are relatively stable while still being shaped by
prior experience (Roberts et al., |2006). Moment-to-moment
behaviour, however, is not determined directly by traits, but
emerges from a dynamic internal state that evolves through
interaction with the environment. Context and interaction can
therefore lead to substantial state changes, even though the
underlying trait structure remains unchanged.
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Conceptually, this places our model within contemporary
integrative and hierarchical views of personality, in which
traits, states, and behaviour operate on different time scales
(McAdams & Pals, 2006). The model is closely aligned with
social-cognitive accounts such as the Cognitive—Affective
Personality System (Mischel & Shoda, |1995)), in which sta-
ble behavioural patterns arise from the interaction between
enduring person parameters and situational dynamics. At
the same time, by grounding the trait dimensions in acting
practice, our approach offers a complementary perspective to
questionnaire-based trait models, emphasising action, expres-
sivity, and interaction as primary phenomena.

By providing a precise computational formalisation, this
work constitutes a first step towards integrating the Laban—
Malmgren System of movement psychology and character
analysis into the broader landscape of personality modelling.
It enables the theory to be used in simulation, analysis, and
future empirical studies, and opens a pathway for system-
atic validation and comparison with established psycholog-
ical models. More broadly, the paper argues that theories
developed in expert artistic practice can serve as valuable
sources of structured knowledge for cognitive modelling, par-
ticularly when they are made explicit, formal, and testable.

Related Work

We briefly review the strands of personality psychology and
cognitive modelling that our work relates to.

Trait taxonomies conceptualise personality as a small num-
ber of stable latent dimensions inferred from behavioural reg-
ularities and psychometric data. The most influential of these
is the Five-Factor Model (FFM), which emerged from lexical
and factor-analytic studies (Digman, [1990; Goldberg, |1990)
and has been argued to show broad cross-cultural robustness
(McCrae & Costa Jr,|1997). Extensions such as the HEXACO
model introduce an additional Honesty—Humility dimension
and strengthen links to moral and antisocial behaviour (Ash-
ton & Lee, [2007). In our model, we adopt the assumption of
stable individual differences along a small number of dimen-
sions, but treat traits not as descriptive end-points, but as pri-
ors over an internal state space. In contrast to questionnaire-
derived trait models, our trait dimensions are grounded in act-
ing and movement theory.

To address within-person variability, integrative ap-
proaches conceptualise traits as distributions over momentary
states, reconciling stability with contextual sensitivity (Flee-
son, 2001). Longitudinal evidence shows that while person-
ality traits exhibit systematic change across the life course,
they remain relatively stable in adulthood (Roberts et al.,
2006). Broader mechanistic perspectives emphasise the in-
teraction between social experience and biological disposi-
tions in shaping personality over time (Roberts & Jackson,
2008). Our architecture instantiates this view by treating
traits as fixed on the modelling time scale and defining pri-
ors and state transition biases, while behaviour emerges from
context-dependent state dynamics driven by interaction.

Social—cognitive theory highlights reciprocal interactions
between cognition, behaviour, and environment (Bandura,
1986, 1991). Within personality psychology, the Cogni-
tive—Affective Personality System (CAPS) framework mod-
els personality as stable patterns of situation—behaviour re-
lations generated by interacting internal units (Mischel &
Shoda, [1995). Our approach is closely aligned with CAPS
in that stable individuality is expressed through systematic
biases in state accessibility and dynamics, while behaviour
remains highly context-dependent. Our contribution lies in
providing a compact, formally specified state space grounded
in expressive action and movement.

Motivational theories explain behaviour in terms of per-
sistent needs and goals. Self-Determination Theory links
behaviour to autonomy, competence, and relatedness, with
strong empirical support (Deci & Ryan, 2000). Psychobi-
ological models such as Reinforcement Sensitivity Theory
explain personality differences via sensitivity to reward and
punishment systems (Corr, [2004). We do not aim to provide
a neurobiological account or explicit motivational variables
in our model. However, our traits can be interpreted as stable
modulators of reactivity and state accessibility, making the
model compatible with these perspectives.

In artificial intelligence and human—computer interaction,
personality and affect are often modelled to support believ-
able agents and expressive interaction (Bates, [1994; Picard,
2000). Appraisal-based frameworks provide formal accounts
of affective dynamics (Gratch & Marsella, 2004, Ortony et
al., [1988). Separately, Laban-inspired representations have
been widely used for analysing affect and expressivity in
movement and dance (Camurri et al., 2003). Unlike per-
ceptual or appraisal-focused approaches, our work introduces
a generative, agent-centred personality architecture in which
expressive behaviour emerges from a dynamic internal state
shaped by stable trait priors, bridging acting theory, person-
ality modelling, and embodied cognition.

Beyond trait and social-cognitive theories, our approach
relates to a growing computational literature on personal-
ity dynamics. Read et al. (2017) develop computational
models in which stable between-person differences coex-
ist with substantial within-person variability across situa-
tions, showing that neural-network architectures can cap-
ture both trait structure and context-sensitive behavioural
signatures. More broadly, Bayesian cognitive modelling
provides a well-established framework for representing la-
tent states, priors, and stochastic updating in cognitive sci-
ence (Griffiths et al., |2008; Lee & Wagenmakers, 2014).
Work on movement-based personality perception has fur-
ther demonstrated that manipulating movement qualities, in-
cluding Laban-derived parameters, systematically shifts ob-
servers’ personality judgements of virtual agents (Durupinar
et al.,|2017). Our contribution differs from these approaches
in grounding the latent state space in Laban—Malmgren cat-
egories and in using that state specifically to generate em-
bodied expressive behaviour rather than modelling question-
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naire responses or abstract trait trajectories. The model can
be read as a structured generative state-space model whose
latent variables are defined by LMS theory rather than based
on statistical measures.

The Laban—Malmgren System
Conceptual Foundations

Laban—-Malmgren System (LMS) (see also Mirodan, [1997|
20135)) is founded on a non-dualist view of mind and body:
psychological processes and physical movement form a sin-
gle, mutually reinforcing system, with movement expressing
and shaping mental and emotional states.

The theory posits a direct correspondence between four
psychological dimensions or mental factors (based on the
psychological functions by Jung & Beebe, [1921/2016) and
four movement dimensions or motion factors (from Laban).
Each mental factor manifests as an inner participation (a
mode of engaging with the world) and is realised along a
continuum between two opposing elements (yielding vs. con-
tending), as summarised in Table

Pairwise combinations of the mental factors define six pos-
sible inner attitudes, which correspond to the edges of the
simplex of mental factors (Figure[T). Each inner attitude ad-
mits four possible characteristics, depending on the yield-
ing/contending balance of the corresponding mental factors
(Table[3). The inner attitudes are not treated as discrete states.
Instead, all four mental factors are always present and differ
only in their relative weighting, which is a stable character-
level property. The relative ordering and dominance of the
factors captures the qualitative organisation of a character—
its perception, motivation, and action.

The essence of a character is its dominating inner attitude,
defined by the two mental factors with highest weight. The
LMS further distinguishes between the inner (or inner
action), describing the internal psychophysical process shap-
ing impulses, and the outer (or outer action), describing
the externally observable behavioural strategy (Table [2| and
Figures [I] and [2). Each drive has a yielding or contending
expression. This layering allows for internal tension and sub-
text whilst preserving coherence at the level of the essence; a
character may switch between inner and outer drives depend-
ing on circumstances.

Model Description

Our model preserves the qualitative structure of the LMS
while formulating it in mathematically exact terms and ren-
dering it computationally implementable. It formalises the
LMS as a three-layer architecture, differentiating between an
agent’s stable traits, its dynamic state, and its goal-directed
actions a (Table[d).

The probabilistic choices in the model (described below)
follow the geometry of the LMS theory. The mental-state
vector is compositional, representing the relative prominence
of four mental factors, and therefore lives on a simplex. The
Dirichlet distribution is the natural prior family for simplex-
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Figure 1: The simplex of mental factors: Each factor has a
particular weight. A character’s type is defined by the most
dominant factor with highest weight. Combinations of two
factors define six possible inner attitudes. Combinations of
three factors define four possible (also see Table [2|and
Figure[2). An interactive visualisation can be found here.
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Figure 2: A character’s essence is the inner attitude with
highest weight, corresponding to the combination of the first
and second mental factor. Together with the third and fourth
strongest factor the essence defines an outer and inner ,
respectively, which determine the character’s visible (outer)
actions and latent (inner) actions and thoughts.

valued latent states, with its concentration parameter encod-
ing trait rigidity. Each expression variable lies on a bounded
yielding—contending continuum, motivating a Beta distribu-
tion for factor-specific expressive bias. The state transition
equation implements a standard latent-state decomposition
into context-dependent forcing, action-dependent feedback,
and a trait-restoring drift derived from the KL divergence
between current state and prior (a principled, information-
theoretic measure of how far the state has drifted from the
agent’s dispositional baseline). Finally, the softmax ac-
tion policy provides a well-established stochastic choice rule
(Franke & Degen, [2023) that converts graded action com-
patibility into probabilistic action selection, consistent with
Luce’s choice axiom widely used in cognitive modelling.
The agent’s traits are defined by the weights w of the four
mental factors in the LMS as well as the weights y and ¢ of
their yielding and contending elements, respectively. These
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https://www.dropbox.com/scl/fi/2j07lablerlq5b9i3pxhw/simplex_of_factors.html?rlkey=fz8rottaomunhqcfdfc06xsg0&st=bo6m45j6&dl=0

Mental Factors Motion Factors Inner Participations Expression

Drives

Expression

(internal) (external) engaged / subdued  yielding—contending (mental factors)  yielding—contending
sensing weight intending / heavy light—strong (STD reacting—exerting
thinking space attending / adrift flexible —direct (sTF) surrendering—dominating
intuiting time deciding / indecisive sustained—quick (SIF) constructing—destroying
feeling flow adapting / irrelated free—bound (TIF) ideas—problems

Table 1: Overview of the four mental factors and motion factors in the Laban—
Malmgren System. The corresponding inner participations characterise a way of
engaging, perceiving, and interacting with the world, which is realised in a partic-

ular expression on a spectrum between yielding and contending.

Awake Near
flexible sustained
doubting  Gielding  ypcertain human  ¢iding  warm

sustained
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light i strong
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I
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certain direct acute cool quick
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light free
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I
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I
—>| strong
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i
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practical strong commanding diffused bound
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Table 3: Expression sub-spaces: Each inner attitude corre-
sponds to two mental factors (axis labels), who’s expressions
(on a spectrum from yielding to contending) define a two di-
mensional sub-space, where each quadrant corresponds to a
particular characteristic (bold labels at the corners).

Table 2: Every combination of three fac-
tors corresponds to a particular (also
see Figures[T]and2)).

define a Dirichlet prior Dir(w) over the agent’s mental state m
and independent beta priors Beta(y(i) , c(i)) over their specific
expression e!!). The agent’s state thus consists of independent
categorical distributions over the four mental factors and their
(binary) expressions. The factor weights w and mental state
m both correspond to points in the simplex of mental fac-
tors (Figure|1)) with an additional concentration |ot| = ¥, w(’
for the weights (trait strength/rigidity). Pairs of expressions
(e, el can be visualised as points in the expression sub-
space of the corresponding inner attitude (Table[3). This for-
mulation loosely couples traits and states and reflects the idea
of the LMS that personality is stable but not absolute, so that
inner attitudes adjacent to the character’s essence remain ac-
cessible, although with varying probability.

State dynamics: The state dynamics are influenced by
three aspects: the external context x, the agent’s own ac-
tions a, and the trait-based prior w, y, c. The environment
exerts directional pressure on specific factors (e.g. urgency
— time/intuiting, resistance — weight/sensing, ambiguity —
space/thinking), filtered through the agent’s dominant inner
attitude (its essence) defined by the weights w. The agent’s
own actions also feed back into its state: repeated/intense ac-
tions temporarily amplify their associated factors, producing
drift, oscillation, or compensation effects. Finally, there are
restoring forces that pull the state back toward the prior dis-
tribution. This can be written in a state transition function

|:’Z[+1:| :T(mf7elaw7yac7xlaal) (1)
1+1
| Parameters Dynamic | |:mt:|
= +7\‘XfX(mt7et7W7y7c7xt>
e
Traits | w,y,c € [1,00]* !
. +7\’aftl(mlaelawvyacaxl?at)
States my ~ Dir(w) T (my, e, w,y,¢, %, 0) Aoy VDL (s €2 || w,y, )
; R R - 15Ct ') )
e,(l) ~ Beta(y, c) ?
Actions (ar | 0r, X, S15€r) where w, y, ¢ defines the prior, x; is the current external con-

Table 4: The three layers of our cognitive model with stable
traits (w, y, ¢) and a dynamic state (m;, e;) that is influenced
by the trait-based priors as well as the external context x; and
the agent’s actions a,. Interaction a, emerges from the current
state, context, and the agents objectives o;.

text, a; is the agent’s action, the A values define the weight
of the corresponding components, f; and f, define the di-
rectional change induced by the context and action, respec-
tively, and VDgy is the gradient of the Kullback-Leibler di-
vergence between the current state and the prior (factorising
into Dirichlet and beta components for m; and e;). Concrete
applications require specific definitions of f; and f,.
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Action selection: The policy © depends on the current
state (my, e, ), the external context x;, and the agent’s objective
o;. The action space depends on the modelling scenario (see
our embodied-Al application below); generally, in a given
context x, every action a has: 1) a specific factor profile
0(a,x) € R® that scores how well it fits with a particular ex-
pression (yielding/contending) of a particular factor and 2) an
alignment score ®(a,0) € R that indicates how well it fits to
the agent’s objectives (which includes specific instrumental
objectives, e.g., achieving a certain goal, as well as general
desiderata, e.g., avoiding risks or conserving energy). We
then define the action policy as

[score(at,/.lz,ez,xnot)} )
T

g ~ Belr(e,(“’>)7 3)

n(a; | my,er,x;,0;) = softmax

with My ~ Cat(m,),

score(ay, ty, €, X;,01) = Y¢¢(“”€’)(ar7xz) +Yo 0(ar,0;) , (4)

where T is a softmax temperature, y, is the currently ac-
tive mental factor sampled from the categorical distribution
Cat(m, ) defined by the current mental state m;, € is the binary
expression (yielding/contending) for that factor sampled from

(1)) defined by the state’s ex-

the Bernoulli distribution Ber(e,

pression eﬁ” ! ), and the overall score consists of two terms
(weighted by the y values) that capture: 1) the action’s fit with
the active mental factor g in its expression & in the given
context x; and 2) the action’s alignment with o,; concrete ap-
plications require specific definitions of ¢ and .

A natural variation samples a full ordering of mental fac-
tors via Gumbel-perturbed logits of m;, yielding a noisy sam-
ple of type, inner attitude, and outer ; we use this ap-
proach in our embodied-Al application.

Dynamic Generation Loop: By providing concrete defi-
nitions for the functions f, and f, (state dynamics) and ¢ and
o (action selection), we obtain a complete generative proba-
bilistic model that allows for simulating the entire interaction
dynamic. At every time step ¢, the agent:

. is in a particular context x; and has objectives o,
. samples a mental factor y; ~ Cat(m;)
IJl))

. samples it’s expression & ~ Ber(e,(
. samples an action from the policy a, ~ ®t(a, | m;,e;,x;,0;)
. updates its state as (my11,e,41) < T (my, e, w,y,¢, %, a).

I O R S

Application to Embodied Al

We demonstrated the practical applicability of the proposed
cognitive architecture by implementing it in an interactive
virtual character, Persona, realised as a digital portrait (Fig-
ure [3). The work was first exhibited at the Saatchi Gallery,
London (October 4, 2023), where it engaged gallery visitors
in real-time interaction and received critical attention for the
perceived emotional depth and responsiveness of its expres-
sive behaviour (Lawson-Tancred, 2023). It was subsequently
selected as a finalist for the 2024 Lumen Prize (Lumen Prize,
[2024), an international prize for art created with technology.
Beyond its reception as an artwork, the installation served as a

Figure 3: The final installation of our virtual character, Per-
sona (Saatchi Gallery, London), driven by an implementation
of our cognitive architecture.

proof of concept, showing how the abstract trait—state—action
distinction and the LMS-based internal dynamics can be oper-
ationalised in a closed perception—cognition—expression loop.
The system was designed to make the internal dynamics of
the model legible through embodied behaviour, with a non-
expert audience as an implicit stress test of that legibility.

System Overview: Persona implements an autonomous
character that continuously cycles through perception, inter-
nal state update, and expressive behaviour. The system con-
sists of four components:
1. Perception, which analyses a visitor’s movements in terms
of LMS-compatible motion qualities.
2. Internal state dynamics, which update the character’s in-
ternal configuration based on both autonomous processes
and interaction.
3. Action selection, which maps internal states to discrete ex-
pressive categories and bodily animations.
4. Visualisation, which renders character itself as well as the
evolving internal state in the simplex of mental factors for
diagnostic and analytical purposes.
This structure mirrors the theoretical model: stable personal-
ity traits are encoded implicitly as distributions over internal
states, while moment-to-moment behaviour emerges from the
dynamics of the internal state itself. Persona is configured to
operate primarily within a single inner attitude (Adream), de-
fined by the factor weights w in the model. This allows the
implementation to focus on a well-defined region of the state
space while preserving expressive richness through variation
in the (passion/spell) and expression.

Perception and Inference of Observer Behaviour: On
the perceptual side, the system uses real-time pose estimation
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to track the visitor’s upper body and hands. Short temporal
windows of movement are analysed by neural models trained
to estimate movement qualities along the LMS space and time
dimensions (flexible—direct and sustained—quick). These are
the lowest-weighted motion factors in the Adream inner atti-
tude (the character’s essence), which means that they are most
volatile and induce state dynamics that switch between pas-
sion and spell . The perceptual inputs are discretised into
four distinct values for the observer sentiment (high yielding,
low yielding, low contending, high contending), which was
used as context x; in our model. The discretisation allowed us
to define the context-depended state dynamic function f; as a
simple matrix with drift terms.

Temporal Dynamics: The internal state dynamic was im-
plemented as a stochastic dynamical system based on our
model equation (T). We distinguished two regimes.

Autonomous dynamics (idle behaviour). In the absence of
interaction, the internal state dynamics is dominated by the
prior drift term in equation (I) with some additional noise.
This implements notion of stable traits as priors over states.

Interaction-driven dynamics. When an observer engages
with the character, the inferred observer sentiment acts as the
context x;, which creates a directional force on the internal
state through the f term in (I). Depending on the compat-
ibility between observer and character expression, this force
shifts the state towards more yielding or more contending re-
gions in the ¢, component of the state. We added temporal
smoothing of the context x; to simulate memory and to pro-
duce gradual and history-dependent responses.

In addition, repeated or intense interactions accumulated
in an exhaustion signal, which entered the action policy 7 via
the agent’s objective o, (in this case: to preserve energy by
withdrawing from interaction), and temporarily reduced its
responsiveness. Together, these mechanisms ensure inertia,
path dependence, and limited volatility—properties that are
central to psychologically plausible behaviour.

From Internal State to Expressive Behaviour: At each
update step, the continuous internal state (my,e;) is trans-
lated into expressive behaviour through the model’s dynamic
generation loop, as described above. An ordering of men-
tal factors is sampled from the mental state my,, which de-
fines the current inner attitude (exclusively Adream in our
setting) and (passion or spell). The specific charac-
teristic of Adream (irradient, overpowering, sombre, or dif-
fused; see Table [3) is generated by independently sampling
the expression of the two mental factors (feeling and sens-
ing) based on ¢;,. The action policy 7 is a manually defined
lookup table for the combinations of , characteristic, and
observer sentiment (context) x; obtained through the percep-
tive system. Each action maps to a specific motion primitive
for the character that was pre-recorded through motion cap-
ture with a real actor. These motion primitives are executed
by a real-time rendering engine that controls the avatar’s pos-
ture, gesture, and micro-movement. Idle poses, subtle re-
actions, and more emphatic responses are distinguished, al-

lowing the character’s behaviour to remain expressive even in
low-interaction scenarios.

Because all intermediate representations are phrased in
LMS terminology, the system remains interpretable: internal
logs can be analysed in theoretical terms, and motion assets
can be authored explicitly to correspond to specific psycho-
logical constructs.

Integration and Proof of Concept: The complete system
operates as a continuous closed loop: visitor movement is
perceived and abstracted, the internal state evolves accord-
ing to the autonomous and interaction-driven dynamics de-
fined by our cognitive model, expressive behaviour is gener-
ated and rendered in real time, and the internal state is simul-
taneously visualised as trajectories in the simplex of mental
factors. Persona thus demonstrates that the proposed formal-
isation is computationally implementable, interpretable, and
suitable for embodied interactive systems, establishing a con-
crete platform for future empirical tests of whether the la-
tent variables and generated behaviours correspond to human
judgements and behavioural data.

Conclusion

We presented a cognitive model of personality and interac-
tion that combines stable trait-like dispositions with a dy-
namically evolving internal state in a hierarchical architec-
ture. The model formalises the Laban—-Malmgren System, an
established theory from movement analysis and acting peda-
gogy, into a mathematically precise and computationally im-
plementable framework, aligning with contemporary integra-
tive views in which traits act as long-term constraints while
behaviour emerges from context-sensitive state dynamics. Its
distinctive contribution lies in the origin in expert knowledge
from acting and movement practice, where personality must
be externalised and interpreted through action: this ground-
ing yields a compact, interpretable state space tied directly
to embodied expression, and renders it accessible to compu-
tational modelling, simulation, and quantitative analysis, as
illustrated by our proof-of-concept implementation in an em-
bodied interactive agent.

We view this work as a first step toward integrating acting-
based theories of character into the broader landscape of cog-
nitive and personality modelling. A natural next step is em-
pirical validation along two axes. First, perceptual validation:
does manipulating the model’s latent trait and state variables
produce movement and interaction patterns that observers re-
liably judge as reflecting distinct personalities or dispositions
(Durupinar et al., 2017 Thoresen et al., 2012)? Second, be-
havioural validation: can the model’s parameters be fit to re-
peated behavioural or motion data, and does it predict tra-
jectories better than simpler baselines such as static-trait or
purely reactive models? More broadly, we hope this con-
tribution encourages closer dialogue between cognitive sci-
ence and expert artistic practice, and supports the use of
movement- and action-centred theories as viable foundations
for computational models of personality and behaviour.
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