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Abstract

Emotions and affect remain enigmatic and unquestionably fundamental to our understanding of human
health and illness. Affective states govern what we feel, think, say and do, but often seem to do so
poorly. Why is this? This paper examines the argument that temporally-consistent emotion-like heuristics
or strategies might help the brain address the fundamental metareasoning challenge in time—-what to
think about and how much? This view casts established signatures of emotions in cognitive psychology as
shaping the brain’s internal prioritization of computations in an approximately resource-rational manner.
Language and narratives support this by contributing a temporal consistency that reflects a high-level
conceptual heuristic selection. Attention mechanisms and representations in transformer neural network
models provide an intriguing implementation of this process and a potential avenue to study aspects of
the metareasoning components of human emotions. This brings into focus a new computational view of
what emotions are, why they exists and how they work, reconciling some of their objective and subjective
characteristics. The paper closes with an outline of two applications, namely understanding self-report
of mental-illness symptoms by quantifying the underlying affective states and understanding the neural
representations of affective states.



1 Introduction

What emotions are and why they even exist remains an elusive question, despite broad agreement around
their importance to individual decisions, well-being and society more broadly. One consequence of this
state of affairs is that there is no formal account of emotional processes. A formal computational account
could help progress by providing an overarching framework within which to integrate findings, and a path
to falsification [100, 117]. One key challenge is the development of a mathematical argument outlining
why something akin to emotions should exist in the first place, and why it should be necessary or helpful
to brains and organisms. After all, emotions are often painted as the antipode of intellect and reason [47].
Yet, aspects of emotions appear to be present very generally across the animal kingdom. Simple learning
mechanisms important in human affect are evident even in organisms as simple as aplysia [118, 119].

While there is little consensus on why emotions are necessary, there is consensus that the brain solves
difficult computational problems. One critical computational challenge the brain has to address is the
vast computational cost of solving any remotely relevant problem. Everyday problems such as drinking
your coffee are so complex that straightforward optimal inference is prohibitively costly. The brain hence
cannot afford to be optimal, but must identify approximations within the confines of its computational
powers [142]. Maybe even more critically, the brain must address the metareasoning problem: how to
apportion its limited computational resources. This is a decision problem about decision problems, and
is radically intractable, mandating approximations [60, 127].

The core argument considered in this paper is whether emotions might serve as computational heuristics
[152] enabling the brain to address the radical intractability of metareasoning problems in a manner
that is approximately optimal in certain settings [55], i.e. approximately resource-rational [91]. In this
view, emotions do not primarily shape behaviour, attention, specific behaviour or function as a source
of independent information [31], but instead represent the brain’s internal mechanisms to prioritize
computations in a wholistic and temporally consistent manner to facilitate adaptive resource-rational-
like behaviour in specific settings (c.f. [71]). Affective states, in this view, then become essentially
computational states.

We first outline some key findings regarding the impact of emotions on perception, action and learning.
Next, we introduce the metareasoning problem and ideas around bounded rationality and resource ra-
tionality to build the case for emotions as a set of approximately optimal metareasoning heuristics. Next,
we consider language and its relationship to both emotions and metareasoning. We then discuss four as-
pects of the transformer architecture, which appear to be meaningfully related to emotions: 1) temporal
consistency of outputs; 2) feature embedding of context; 3) attention 4) meta-learned in-context learn-
ing enabling Bayesian-like concept inference. Before closing with a discussion, we outline an approach
to theory-driven quantification of emotions building on these notions, and discuss two applications –
understanding self-report of mental-illness symptoms and the neural representations of affective states.

Before continuing, we note there are many definitions of emotion and related terms. These range from
behaviourally-defined action patterns to appraisals, or constructed theories. Core affect is considered the
most fundamental, integrating recent signals into a feeling described along the dimensions of valence
and arousal [126]. Moods, being more diffuse and lower-intensity, can persist for hours or days and can
vary without an easily identifiable cause [9], but may track a slow-moving average of recent outcomes,
such as reward prediction errors, to represent the general state of the environment [43]. In contrast,
emotions, implementing a more complex process, are typically more intense, discrete, and intentional,
often elicited by and directed toward a specific event or object [50], reflecting individual’s goals [84].
We are not able to do justice to the literature on emotion-cognition interactions more widely. Below, we
focus on key concepts widely discussed and relevant to the argument we wish to propose. Henceforth,
for ease of discussion, we will refer to “emotion” broadly.
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2 Emotions shape computations

If emotions were indeed to function as approximate strategies to prioritize computations, then emotional
states should be associated with clearly altered computational functions of the brain; and conversely
altering the computational functions of the brain should alter emotions. There is extensive evidence for
both directions. First, affective states influence all core computational functions of the brain including
perception, inference, prediction, decisions, action preparation, action and learning. Second, altering
these computational functions alters the emotional state.

Emotional states strongly influence perception and attention [101, 130, 135]. Attentional alterations
are particularly prominent in emotion-related disorders, for instance depression [102]. Emotional states
bias memory retrieval [35], interpretation [111, 141, 167] and predictions. The latter is emphasized in
appraisal theories, where emotions are thought to involve a rapid evaluation of events along a relatively
small number of discrete dimensions such novelty, valence, and goal conduciveness [50, 131] to in turn
make predictions and guide action choice [132]. Situations or events, for instance, that are evaluated as
being goal relevant yet incongruent might lead to frightful or defensive actions [107]. Constructionist
theories argue that the subjective experience of emotion is itself an inference: the brain constructs a
specific emotion concept to explain the current pattern of sensory inputs and physiological changes based
on prior learning [4]. This echoes the Jamesian perspective that the subjective feeling is a recognition of
the state rather than its antecedent [76].

Emotional states influence decision-making (e.g. [85, 95, 137]; see [86] for a detailed review), and
recent work has extended this to more fine-grained assessments of how temporal variation in emotional
states is closely related to temporal changes in decision-making [61, 129] and learning [46, 58, 159].
Emotions interface extensively with neural action systems to prioritize action intentions [6, 16, 41, 41]
and prepare the body physiologically [17, 25, 27]. Affective states appear to effectively narrow the ac-
tion space to a smaller subset. Evolutionary perspectives suggest this may reflect adaptations for solving
recurring, high-stakes situations without the need for exhaustive deliberation [32]. Frijda reaffirmed this
connection, describing affective states as flexible states of ”action readiness”—a biological bias that fa-
vors specific interactions with the world [50]. This constraint is biologically instantiated in the autonomic
nervous system, which mobilizes energy to support these prioritized action tendencies. For instance, elec-
trodermal activity tracks sympathetic arousal to reflect the body’s mobilization [15], while cardiovascular
measures like heart rate variability reflect the interplay between resource mobilization and self-regulation
[173].

The opposite is also true: emotions not only affect perception, action and learning, but are affected
by them. Causal manipulations, particularly in the setting of psychotherapy for depression and anxiety
disorders, have shown the bidirectional nature of the relationship. Altering any of these computational
processes reciprocally alters the emotional state. In panic disorder, for instance, altering attentional
focus is a key treatment intervention [8]: patients are taught to move their attentional focus from the
body (e.g. the worrying heart palpitations) to their environment (e.g. examining the colours around
them). Cognitive therapies involve changing thoughts, interpretations, and challenging predictions [7].
Metacognitive therapies extend these changes to higher-level motivations [160]. In dialectic behaviour
therapy [94], controlling emotions is achieved by acting ’against’ the emotion. For instance, when angry
with a person, anger can be reduced by considering what presents might bring that same person pleasure.
Hence, altering the action evaluation set has immediate influences on the subjective emotional state.
These effects are in keeping with a prioritization of specific computations. Altering attention alters which
stimuli are prioritized for processing. Altering action plans alters which actions are evaluated. Altering
thoughts directly alters the interpretations and predictions the brain evaluates. More broadly, many
psychotherapeutic interventions attempt to alter what people “choose” to think of in emotionally relevant
moments.

Overall, then, emotional states are intricately and causally interwoven with the core computations the
brain engages in. Emotional states are altered by computations (e.g. learning, inference, actions or action
plans), but also directly shape computations (e.g. biased interpretation, memory retrieval, decisions pol-
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icy). This mutually causal relationship suggests that emotional states may play an important, inherently
computational role, prioritizing certain computations over others.

3 Emotion as metareasoning heuristics

Why would the brain require approximate strategies to prioritize computations? Formally, the problem of
prioritizing computations (“choosing what to think about”) is the metareasoning problem. It arises when
computations are costly and budget is limited, so that computational problems cannot be evaluated in
their completeness [60, 91, 127, 128]. Consider playing chess. If there are around 30 options at each
move, then thinking ahead n moves requires evaluation of 30n combinations of unique sequence of moves.
The problem is even bigger when you consider that the brain has to decide whether or not to evaluate
each option at each move, which blows up the evaluation space to the astronomical 2(30+301+302+...+30n).
Clearly this is not possible.

Humans and animals employ heuristic computational strategies to reduce the metareasoning problem by
prioritizing a restricted set of options or computations. In chess, beginners only evaluate a tiny number
of options, and only look one or two steps ahead at best. Masters look deep into the tree, but do so
very selectively. Selecting which components of the decision tree to focus on is hard. Generally, humans
utilize a number of strategies to simplify the problem, such as pruning [69, 70], memoization and subgoal
substitution [29, 69], feature learning [154], risk optimization [51, 138] and replay [104] amongst
others. This prioritization often goes awry in mental illnesses: during a state of craving in addictive
behaviour, the brain prioritizes thinking about the advantages of drug taking but not other rewarding
experiences; when worrying, the evaluation of aversive outcomes is prioritized over the positive ones; in
depression, rumination involves prioritizing thinking about perceived failures over productive review of
past successes. Hence, for heuristics to meaningfully address the metareasoning problem adaptively, the
heuristic selection itself needs to be relatively straightforward and robust, and hence either the number
of discrete heuristics relatively small or the space of heuristics relatively simple. At the same time, a
substantial degree of flexibility needs to be retained, allowing, for instance, escape behaviours to be
sensitive to the direction of the predator or the closeness of a potential safety space [39, 40, 71, 74, 168].

Heuristics that alter metareasoning will have broad effects on many of the brain’s observable outputs.
While the case for the basic cognition (e.g. perception, inference and action [20]) is maybe straight-
forward, the effect on higher order cognition is more intricate. For example, the heuristics might affect
learning and planning by changing expectations [21, 23]. Depending on what future options were pre-
dicted, an outcome may or may not be surprising, which further influences future learning and behaviour
[33]. Anxiety disorders present one such interesting case where the metareasoning strategies influence
perception, action and learning in coordinated and consistent manner. Extensive evaluation of aversive
outcomes drives avoidance, which in turn can prevent learning [108, 122]. Such correlated changes
might be highly adaptive in certain situations such as highly unpredictable environments or wholly-
negative environments, but often lead to sub-optimal behaviour.

The metareasoning problem therefore implies the need for computational heuristics: the brain requires
inexpensive ways of deciding which computations to focus under limited resources. For such heuristics
to be useful, they must be simple enough to select, yet broad enough to influence multiple cognitive
domains. As reviewed above, emotions are automatic and guide interpretation, memory retrieval, action
preparation, language and learning in a coordinated manner: they alter which features are sampled,
which memories are recalled, which actions enter the consideration set, and which outcomes warrant
further evaluation. Therefore, emotional states themselves may be heuristics for solving the metarea-
soning problem. They are context-sensitive but generalizable: a state such as anxiety, anger or sadness
does not prescribe a single action, but sets a pattern of computational priorities that can be reused across
situations with shared structure. Their usefulness does not require that they improve every local decision.

Another reason why emotional states are plausible heuristics for the metareasoning problem is that the
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world itself is temporally structured. Emotional states have temporal persistence, sometimes described as
momentum [11, 42, 45]. Emotional phenomena vary in this feature, with emotions seen as most fleeting,
moods as somewhat longer, and personality characteristics as very long-term. This persistence matters
because many ecologically relevant problems unfold over sequences rather than isolated choices. When
the broader situation remains similar, a continuing affective state can preserve a pattern of priorities
across successive computations: attention remains tuned to certain features, memory retrieval favours
certain episodes, action preparation stays oriented toward certain goals, and learning signals are inter-
preted against the same context. Indeed, emotional states are characterized by an urge to persist with a
certain thought or action or inference: When worrying, it is very difficult to focus on the potential positive
outcomes. People who ruminate struggle to identify the intrinsic causes for their successes. When craving
drugs, it is difficult to find enjoyment in more pedestrian ambulation. When angry, it is difficult to think of
pleasant surprises for one’s perceived opponent. While this is recognized by psychotherapeutic interven-
tions, which often aim to correct this maladaptive prioritization [160], this temporal dimension is often
underemphasized in cognitive science, where perception and decision-making are commonly studied one
choice at a time. When sequences are considered, there has typically been a focus on short temporal win-
dows, such as in Markov decision problems, possibly with some latent state inference [54, 103, 133]. In
this sense, emotion supports sequences of locally reasonable computations without requiring exhaustive
replanning at every step.

4 Language, emotions and computations

How does language relate to metareasoning and emotions? Arguably, language occupies a pivotal role at
the nexus of emotion, metareasoning and computation.

First, language is critical to human emotion assessment. Emotional states are usually measured using
self-reported instruments that rely on language. The PANAS scale [158], for instance, asks participants
to judge to what extent individual emotion words such as interested, excited or hostile describe how they
have felt over the past week. Self-report scales such as the Patient Health Questionnaire-9 similarly ask
patients to judge symptoms presence over an extended recent period [82], while observer-reported scales
rely on an observer to make this assessment through dialogue and observation. This not only requires
introspective (Serfaty and Huys, in prep.), mnemonic and retrospective valuation [10], but also taps into
individual semantic representations of emotion terms, which change over development [66]. Indeed, the
semantic structure of self-report assessments accounts for a substantial fraction of the apparent interre-
lationship between assessments [162]. Furthermore, language output contains quantifiable information
about self-reported emotional states [80, 96, 115, 136], suggesting that emotional states consistently
relate to the internal computational states determining language production.

Second, the metareasoning challenges encountered above are also apparent in language production.
More obviously, the problem takes a specifically linguistic form: selecting lexical items, assembling gram-
matical structure, maintaining discourse coherence and carrying affective tone. Akin to decision-making
or action scenarios, the computational cost of evaluating every possible phrasing to find the optimal one
is ruinous. However, language production is also a process that extends far beyond the simple production
of words and incorporates many aspects of action and planning. “The utterances people produce are
crafted with great sophistication to satisfy multiple goals at different communicative levels. For exam-
ple, in a single utterance, a speaker may inform a hearer of two or more propositions, make a request,
shift the focus of the discourse, and flatter the hearer.” [3]. As such, language is necessarily exquisitely
sensitive to the metareasoning demands identified above.

Third, the combination of the sensitivity of language to metareasoning challenges, and its success in
practice, suggests that the metareasoning problem is being constrained. The relevant constraints are not
only grammatical, they also reflect what is currently salient, uncertain, threatening, rewarding or action-
relevant. This parallels the role proposed for emotional states more generally. If emotional states function
as metareasoning heuristics, then language production is one domain in which they govern access and
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priority, alongside interpretation, memory, action preparation and learning. Thus, the language people
produce is not separate from the underlying emotional state: the state helps give rise to the descriptions
and those descriptions can then carry the state forward or revise it. A statement such as ”the talk went
terribly; I am worthless” turns a high-dimensional episode into a compact semantic focus, making some
later interpretations easier to retrieve and others less likely to be considered. Indeed, states induced
through language perception or production influence a broad range of cognitive computations, including
perception [97], decision-making [26, 30], short-term memory [115], action and learning. In exper-
imental settings, this is reflected in the importance of instructions. In psychiatry, language delivered
in the form of psychotherapeutic interventions has dissociable and specific effects on decision-making
[112, 113]. Many such interventions can be understood as attempts to instil different metareasoning
priors by offering alternative ways of summarising behavioural options, evaluations and goals through
language.

These points strongly suggest that the computational states determining language might be intricately
related to the computational states underlying perception, action and learning, and that metareason-
ing approximations might apply across these domains. Specifically, language induces consideration sets
that constrain the options considered not only in language production, but also in planning, inference,
judgement and learning; these impose functional constraints akin to metareasoning heuristics; and con-
versely language production—notably in emotion judgements—is similarly affected by consideration sets
induced by action plans, perception and inference. Language is therefore a particularly useful domain
for understanding emotions as metareasoning heuristics in two ways. First, language is itself a domain
in which the metareasoning problem is readily resolved: during comprehension and production, the lan-
guage system compresses high-dimensional reality and a vast space of possible meanings, word choices,
grammatical structures and pragmatic interpretations into a coherent sequence of words. Studying this
reduction may help identify mechanisms for constraining high-dimensional cognitive possibilities, the
same functional role proposed above for emotional states. Second, language is closely tied to emotion: it
is used to report and induce emotional states, and its production is shaped by them. It therefore provides
a domain in which emotional relevance and metareasoning constraints can be studied together.

Overall, language is closely related to emotion perception and judgement, can induce and change emo-
tional states, affects perceptions, decisions, planning and learning in a manner comparable to emotions,
and has computational demands rendering it similarly sensitive to metareasoning heuristics. We next
consider how advances in the modelling of language might provide insights into the nature of emotional
states.

5 Language transformers

If human language production shares this metareasoning problem yet consistently yields functional com-
munication and cognitive regulation, then it may be fruitful to consider principles in language transformer
systems that have yielded one possible solution.

The advanced large language models (LLMs) that have revolutionized language production and analysis
are built on the transformer architecture [155]. These transformers capture human language production
and representation in some detail. They are able to consistently generate fluent language and con-
verse in response to a set of prompts and how humans communicate, think, and report mental states
using language [28, 38, 57, 153]. They share with humans aspects of syntactic knowledge acquisition
[37, 170] capture human language prediction [56], and likely many other dimensions of human lan-
guage processing [98, 149]. Internal representations of LLMs show some relationship to human neural
activity during language generation, story listening and internal speech generation [56, 147, 148, 150].
They also perform well on emotional inference tasks [53, 143, 169], showing a significant extent of con-
ceptual alignment [88]. Notably, they also perform well on mental-health tasks [166], offering a way
to model depression symptoms [48, 67, 106, 115] supplement mental state assessment [12, 145], and
other assessments tasks [64, 161]. LLM-derived features can be predictive of symptom improvement in
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treatment settings [1], with LLM applications in therapy settings showing promise [49, 92, 109, 110],
although with some important safety caveats [24, 65, 72, 134, 144]. Indeed, the generation of consistent
responses across contexts has sparked a growing interest and success in using LLMs to model human
behaviour and cognition across hundreds of tasks [13]. This clearly establishes LLMs’ ability to exploit
semantic representations to capture internal states that are pivotal to solving a behavioural or cognitive
problem [75].

In displaying this ability to integrate vast contexts into behaviourally, cognitively and neurally rele-
vant states, LLMs function analogously to how we conceptualised emotions – efficient, resource-optimal
heuristics for guiding behaviour. Indeed, transformer LLMs remain sensitive to inference costs and can
be further improved by explicitly considering the value of computation [34]. However, their performance
already ensures they address a substantial fraction of the metareasoning problems outlined above across
domains. How do they achieve this, and can this help provide insights into the nature of emotions?

Fuelling this LLM capability is a deep neural network, consisting of many computational layers that
process the input words (or, more precisely ’tokens’) as it passes through the network predicting the next
word (token). To achieve this, transformers accept a representation of inputs in terms of features (an
embedding), and transform this iteratively until a new representation is achieved which can be linearly
decoded to reliably identify the next word in the sequence [151]. Importantly, the architecture of LLMs
allows for rich representations of very long contexts [18, 155], constraining the space of possible next
words, which are consistent with a given context, maximising predictive performance.

At the heart of transformer LLMs are two transformations: the so-called self-attention mechanism, whereby
the currently considered token is compared to every past token in the sequence; and the key-value rep-
resentation whereby the token similarities are represented separately from the token contents [73, 121,
124]. The predictions from each past token are then weighted by this similarity. Transformers have
multiple such similarity comparisons in parallel (so-called multi-head attention), and repeat this multiple
times over multiple layers.

This structure leads to striking emergent abilities. The most relevant one to the current discussion is
probably in-context learning [99], whereby the model can be given ’instructions’ as a verbal prompt,
and then perform, without further updating the model itself, a variety of ’tasks’. In-context learning
has been shown to rely on Bayesian concept inference [2], whereby the prompts or instructions induce
a narrow, focused distribution over latent concepts [164, 165, 171]. This narrow ’selection’ of latent
concepts then leads to weighting potential future tokens in relation to the relevant concept, which has
also been cast as resource-rational inference [163]. Latent concept selection can be seen as a generalized
version of induction seen in smaller networks [44, 114], where some attention heads select (via attention)
those past tokens that look most similar to the current token and lead to the prediction that the same
continuation will follow. What is striking about the scaling of this process in LLMs are arguments that
it leads to very robust harnessing of multi-word semantics [19], yet what emerges is a relatively simple
linear representation [77].

In-context learning in fact emerges from a broader process of meta-learning that enables contextual
adaptation ranging from basic language capabilities to flexible use of new information for a task at hand
[83]. Meta-learning describes how during pre-training, transformers are exposed to diverse range of
contexts that rely on a mixture of recurring latent processes ranging from simple (e.g. storage and
retrieval) to complex tasks (such as analogical reasoning or instruction following). In-context learning
relies on these latent processes to produce relevant classes of outputs that can solve novel instantiations
of a task. As these processes are not explicitly defined, the meta-learning must take place to establish
what is to be learned and how, and in which context is that latent process relevant [71, 79, 116]. Indeed,
the prioritization of evaluation can be though of as being meta-learned based on the history of rewards,
actions and states to be then deployed in context [22].

Emotions can now be considered meta-learned heuristic strategies that arise in-context – for example
biased thought trajectories (worry, rumination) in specific situations. Specifically, meta-learned input-
output tendencies would later be re-utilised in “affectively” determined in-context settings. One example
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is the ability of LLMs to use in-context learning to rewrite passages in different emotional tones and
in their ability to representat conceptual dimensions in psychopathology [115]. To achieve this, in-
context learning relies on accurate emotion representations as concepts [125] that, strikingly, appear
to be relatively simple and linear [123, 169]. Hence, the parallel between emotions and transformers
steeped in the framework of metareasoning and meta-learning could intriguingly provide a plausible
mechanistic approach, justifying the use of LLMs in the quantification of emotional states. Furthermore,
these findings echoes findings in human and animal meta-learning in the prefrontal cortex [22, 146, 156]
and its interaction with other brain regions involved in reward preprocessing, like ventral tegmental area
or striatum [62, 105].

Coming back to the main argument, these algorithmic advances in transformer models of language sug-
gest a) that aspects of metareasoning that emotions solve, could be solved by a transformer-like architec-
ture via similarly meta-learned strategies, possibly even in their neural circuits; b) that emotions might
be closely aligned with the attentional (in the sense of transformers) selection of relevant predictors to
guide processing in approximately Bayesian way; and c) that the emergent representation of emotional
concepts might indeed be relatively simple (linear!).

6 Discussion

Emotions and brain computations are causally mutually related. Emotions causally alter all key higher
cognitive functions of the brain: inference, action and learning. Emotions are also causally altered by
these functions – changing perception, action plans or learning changes the emotional states. Brains face a
key challenge in performing computations related to inference, action and learning: that of appropriately
apportioning resources. This resource allocation problem (metareasoning) is computational intractable,
and demands approximations. We have outlined how heuristic approximations might have similarities to
emotions in terms of their relationship to inference, action and learning. We then considered language,
outlining how it is intricately related to inference, action, learning and emotional states; and shares
computational demand characteristics. This finally led us to consider how advances in the modelling
and analysis of language through transformer models might yield insights into how neural-like structures
solve the metareasoning problem and develop emotions as correlates of concepts in transformers. Finally,
emerging research on representation of latent (emotion) concepts in transformers suggests the postulated
simplicity of representation facilitating computational expediency.

LLMs have been successfully used to decode emotion labels from various data [36, 48, 78, 106, 139,
166]. These efforts relied on ground-truth labelling and then the use of supervised techniques. By
contrast, here, we have attempted to relate the structure of transformers to the hypothesized structure
and function of emotions as metareasoning approximations. How exactly this can be put to use remains
to be seen. However, it may allow LLM architectures to be used to directly probe emotion processes [13].
It also suggests further exploration of neural correlates with components of LLM state representations
[56, 67, 147]. One critical test will be whether such decoders can successfully recover subjectively
reported affective states. We discuss these notions in the Clinical Implications section.

The central thesis in this paper invites a re-framing of complex psychological constructs such as emo-
tions within a computationally tractable framework. We have done so by considering the relationship
between emotion, computational functions of the brain, metareasoning, language and transformer mod-
els. This view then casts affective states as computational states that: 1) integrate information about
past experiences; 2) maximise the temporal and contextual state consistency by narrowly constraining
the consideration set; 3) respond to and integrate relevant contextual changes to support adaptive be-
haviour. We argued that this characterisation, due to its functional parallels, is particularly amenable to
quantification with transformer-based LLMs. As such, the contribution of this paper is to consider how
computational considerations can be used to steer the study of subjective experience from a qualitative
perspective towards a quantitative one.
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7 Future Research Directions and Clinical Implications

The views outlined make a number of specific predictions which need to be tested. Two potential applica-
tions, appear particularly interesting: the study of psychopathology self-reports; and the study of neural
representations of affective computational states.

Self-reports show important correlations and structure, and it has traditionally been assumed that these
factors relate to an underlying affective state. LLMs capture self-report covariance in interesting detail
[52, 162], suggesting a potential relationship between such factors and latent LLM representations. A
recent study obtained open-ended responses to questionnaires as a way of sampling from the internal
computational state, in addition to standard self-report [67, 115]. This pair of ground-truth observations
enables a kind of evaluation of how LLM internal representations relate to self-rater report. It also enables
causal manipulations through the induction of affective states via langauge stimuli and suggested that a
meaningful relationship between internal LLM states and the factors underlying self-report might exist
[115]. Clinically, an interesting direction might be the identification of new features and dimensions in
open-ended samples, examining how they relate to (the improvement in) symptoms [1, 67]. Investigating
the interaction between such features over time in response to external inputs might enable insights into
mechanisms of psychological therapy. The generative nature of LLMs could then offer a way to perform
in-silico experiments assessing the effectiveness of interventions given a specific affective state, potentially
aiding the design of new interventions. As such and given the growing industry of mental health chatbots
and AI therapists, we think it is paramount to establish and perform thorough set of evaluation criteria
to ensure an accurate representation of an affective state – crucial for safe and effective intervention
[1, 65, 134].

In terms of neural representations, emotions appear to represent a network of regions [5, 63, 93, 120,
140, 172], rather than “coding” in particular brain regions, i.e. a contextual construction from the inter-
actions of domain-general brain networks that support other cognitive functions. Such a context depen-
dency creates a generalizability problem for objectively quantifying affective states with neural signals:
neural activity shows substantial variance within emotion categories even after controlling for induction
methods [140] and emotion classification from neural signals seems to perform best when restricted to
specific induction domains [81, 87, 89, 90, 157]. The view of emotions and LLMs outlined above sug-
gests that LLMs may be useful in probing representations underlying such contextually sensitive affective
states. One approach is to build on relating neurally evoked activity in response to auditory or visual
narratives to LLM-derived semantic embeddings [56, 68, 147]. What would be particularly interesting
is to see whether there exist components of neural activity derived from such embedding that predict
self-reported emotion judgements across contexts, e.g. across a movie, story, and a cognitive task with
momentary mood judgements [14]. If successful, such signals could potentially provide important sup-
plement mental state assessments in research settings. With the appropriate consideration of the very
substantial ethical challenges around mental privacy [147] such decoders could even be developed to-
wards objective assessments of affective states in clinical settings, for instance to measure affective states
when disclosure is challenging [59].
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[135] Schupp HT, Flaisch T, Stockburger J, Junghöfer M (2006). Emotion and attention: event-related
brain potential studies. Progress in Brain Research 156, 31–51.

17



[136] Seabrook EM, Kern ML, Fulcher BD, Rickard NS (2018). Predicting Depression From Language-
Based Emotion Dynamics: Longitudinal Analysis of Facebook and Twitter Status Updates. Journal
of Medical Internet Research 20(5), e9267.

[137] Seymour B, Dolan R (2008). Emotion, Decision Making, and the Amygdala. Neuron 58(5),
662–671.

[138] Shen T, Dayan P (2025). Individual differences in tail risk sensitive exploration using bayes-
adaptive markov decision processes. eLife 13.

[139] Shin D, Kim H, Lee S, Cho Y, Jung W (2024). Using Large Language Models to Detect Depression
From User-Generated Diary Text Data as a Novel Approach in Digital Mental Health Screening:
Instrument Validation Study. Journal of Medical Internet Research 26(1), e54617.

[140] Siegel EH, Sands MK, Van den Noortgate W, Condon P, Chang Y, Dy J, Quigley KS, Barrett LF
(2018). Emotion fingerprints or emotion populations? A meta-analytic investigation of autonomic
features of emotion categories. Psychological Bulletin 144(4), 343–393.

[141] Siegel EH, Wormwood JB, Quigley KS, Barrett LF (2018). Seeing What You Feel: Affect Drives
Visual Perception of Structurally Neutral Faces. Psychological Science 29(4), 496–503.

[142] Simon HA (1955). A behavioral model of rational choice. The quarterly journal of economics pages
99–118.

[143] Sosea T, Caragea C (2025). Hard Emotion Test Evaluation Sets for Language Models. In
L Chiruzzo, A Ritter, L Wang, eds., Findings of the Association for Computational Linguistics: NAACL
2025, pages 7930–7944. Association for Computational Linguistics, Albuquerque, New Mexico.

[144] Stade EC, Stirman SW, Ungar LH, Boland CL, Schwartz HA, Yaden DB, Sedoc Ja, DeRubeis
RJ, Willer R, Eichstaedt JC (2024). Large language models could change the future of behavioral
healthcare: a proposal for responsible development and evaluation. npj Mental Health Research
3(1), 12.

[145] Stanley J, Rabot E, Reddy S, Belilovsky E, Mottron L, Bzdok D (2025). Large language models
deconstruct the clinical intuition behind diagnosing autism. Cell 188(8), 2235–2248.e10.

[146] Sun X, Comrie AE, Kahn AE, Monroe EJ, Washington CB, Joshi A, Guidera JA, Denovellis
EL, Krausz TA, Zhou J, Thompson P, Hernandez J, Yorita A, Haque R, Pandarinath C, Berke
JD, Daw ND, Frank LM (2026). Meta-learning is expressed through altered prefrontal cortical
dynamics.

[147] Tang J, LeBel A, Jain S, Huth AG (2023). Semantic reconstruction of continuous language from
non-invasive brain recordings. Nature Neuroscience 26(5), 858–866.

[148] Tikochinski R, Goldstein A, Meiri Y, Hasson U, Reichart R (2025). Incremental accumulation of
linguistic context in artificial and biological neural networks. Nature Communications 16(1), 803.

[149] Tuckute G, Kanwisher N, Fedorenko E (2024). Language in brains, minds, and machines. Annual
Review of Neuroscience 47(Volume 47, 2024), 277–301.

[150] Tuckute G, Sathe A, Srikant S, Taliaferro M, Wang M, Schrimpf M, Kay K, Fedorenko E (2024).
Driving and suppressing the human language network using large language models. Nature Hu-
man Behaviour 8(3), 544–561.

[151] Turner RE (2023). An introduction to transformers. ArXiv:2304.10557 [cs].

[152] Tversky A, Kahneman D (1974). Judgment under uncertainty: Heuristics and biases: Biases in
judgments reveal some heuristics of thinking under uncertainty. Science 185(4157), 1124–1131.

18



[153] van Duijn M, van Dijk B, Kouwenhoven T, de Valk W, Spruit M, van der Putten P (2023). The-
ory of Mind in Large Language Models: Examining Performance of 11 State-of-the-Art models vs.
Children Aged 7-10 on Advanced Tests. In J Jiang, D Reitter, S Deng, eds., Proceedings of the 27th
Conference on Computational Natural Language Learning (CoNLL), pages 389–402. Association for
Computational Linguistics, Singapore.

[154] van Opheusden B, Kuperwajs I, Galbiati G, Bnaya Z, Li Y, Ma WJ (2023). Expertise increases
planning depth in human gameplay. Nature 618, 1000–1005.

[155] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I
(2017). Attention Is All You Need. ArXiv:1706.03762 [cs] version: 5.

[156] Wang JX, Kurth-Nelson Z, Kumaran D, Tirumala D, Soyer H, Leibo JZ, Hassabis D, Botvinick
M (2018). Prefrontal cortex as a meta-reinforcement learning system. Nature Neuroscience 21(6),
860–868.

[157] Wang Z, Wang Y, Hu C, Yin Z, Song Y (2022). Transformers for EEG-Based Emotion Recognition:
A Hierarchical Spatial Information Learning Model. IEEE Sensors Journal 22(5), 4359–4368.

[158] Watson D, Clark LA, Tellegen A (1988). Development and validation of brief measures of positive
and negative affect: The panas scales. Journal of Personality and Social Psychology 54(6), 1063–
1070.

[159] Weber I, Zorowitz S, Niv Y, Bennett D (2022). The effects of induced positive and negative affect
on pavlovian-instrumental interactions. Cognition & Emotion pages 1–18.

[160] Wells A, Fisher P, Myers S, Wheatley J, Patel T, Brewin CR (2009). Metacognitive therapy
in recurrent and persistent depression: A multiple-baseline study of a new treatment. Cognitive
Therapy and Research 33(3), 291–300.

[161] Wright AGC, Ringwald WR, Vize CE, Eichstaedt JC, Angstadt M, Taxali A, Sripada C (2026).
Assessing personality using zero-shot generative ai scoring of brief open-ended text. Nature Human
Behaviour 10(3), 541–555.

[162] Wulff DU, Mata R (2025). Semantic embeddings reveal and address taxonomic incommensura-
bility in psychological measurement. Nature Human Behaviour 9(5), 944–954.

[163] Wurgaft D, Lubana ES, Park CF, Tanaka H, Reddy G, Goodman ND (2025). In-Context Learning
Strategies Emerge Rationally. ArXiv:2506.17859 [cs].

[164] Xie SM, Min S (2022). How does in-context learning work? a framework for understanding the
differences from traditional supervised learning. The Stanford AI Lab Blog.

[165] Xie SM, Raghunathan A, Liang P, Ma T (2021). An explanation of in-context learning as implicit
bayesian inference. ArXiv:2111.02080 [cs].

[166] Xu X, Yao B, Dong Y, Gabriel S, Yu H, Hendler J, Ghassemi M, Dey AK, Wang D (2024).
Mental-LLM: Leveraging Large Language Models for Mental Health Prediction via Online Text
Data. Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 8(1),
1–32.

[167] Zadra JR, Clore GL (2011). Emotion and perception: the role of affective information. Wiley
interdisciplinary reviews. Cognitive science 2, 676–685.

[168] Zani P, Jones T, Neuhaus R, Milgrom J (2009). Effect of refuge distance on escape behavior of
side-blotched lizards (uta stansburiana). Canadian Journal of Zoology 87(5), 407–414.

[169] Zhang J, Zhong L (2025). Decoding Emotion in the Deep: A Systematic Study of How LLMs
Represent, Retain, and Express Emotion. ArXiv:2510.04064 [cs].

19



[170] Zhang Y, Gibson E, Davis F (2023). Can Language Models Be Tricked by Language Illusions?
Easier with Syntax, Harder with Semantics. In J Jiang, D Reitter, S Deng, eds., Proceedings of the
27th Conference on Computational Natural Language Learning (CoNLL), pages 1–14. Association
for Computational Linguistics, Singapore.

[171] Zhang Y, Zhang F, Yang Z, Wang Z (2023). What and how does in-context learning learn?
bayesian model averaging, parameterization, and generalization.

[172] Zhou F, Zhao W, Qi Z, Geng Y, Yao S, Kendrick KM, Wager TD, Becker B (2021). A distributed
fMRI-based signature for the subjective experience of fear. Nature Communications 12(1), 6643.

[173] Zhu J, Ji L, Liu C (2019). Heart rate variability monitoring for emotion and disorders of emotion.
Physiological Measurement 40(6), 064004.

20


	Introduction
	Emotions shape computations
	Emotion as metareasoning heuristics
	Language, emotions and computations
	Language transformers
	Discussion
	Future Research Directions and Clinical Implications

