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Abstract

The era of Artificial General Intelligence (AGI) is imminent, compelling us to
reassess human-Al interaction, particularly through emotional communication.
This study synthesizes insights from evolutionary biology, comparative psychol-
ogy, and artificial intelligence development, advocating a paradigm shift beyond
traditional human-like cognitive processes. The research emphasizes the univer-
sality of emotional pathways, which is manifested across different species. We in-
troduce three models of emotional interaction—the emotional threshold model,
the dynamic set-point model, and the emotional schema model—which are de-
rived from in-depth analysis of interspecies emotional interaction phenomena
and potential mechanisms. These models provide a roadmap for designing Al
interfaces that align with human emotional experiences, elucidating pathways
for establishing trust, intuition, and mutual recognition between machines and
humans. By further clarifying the concept of the “Large Emotional Model,”
we envision a future where artificial intelligence can not only interpret but also
comprehend the emotions of human partners, paving the way for a revolutionary
collaborative paradigm between artificial intelligence and humans.
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Abstract

The imminent arrival of Artificial General Intelligence (AGI) compels us to
reevaluate artificial intelligence’s interactions with humans, particularly through
the lens of affective communication. This study synthesizes insights from evolu-
tionary biology, comparative psychology, and Al development, advocating for
a paradigm shift beyond traditional anthropocentric cognitive processes. We
emphasize the universality of affective pathways, evident across diverse species.
We introduce three affective interaction models—the Affective Threshold Model,
Dynamic Set-Point Model, and Affective Schema Model—derived from in-depth
analysis of interspecies affective interaction phenomena and their underlying
mechanisms. These models provide a roadmap for designing Al interfaces that
align with human affective experiences, elucidating pathways for establishing
trust, intuition, and mutual recognition between machines and humans. By fur-
ther clarifying the concept of a “Large Affective Model,” we envision a future
where Al can not only interpret but also understand the emotions of human
partners, paving the way for a revolutionary collaborative paradigm between
AT and humans.
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1. Introduction

The rise of the AI era, marked by the emergence of large language models
(LLMs), represents a significant leap in artificial intelligence. Models like Ope-
nAT’s GPT-4 have demonstrated capabilities rivaling or exceeding human exper-
tise across diverse domains including drug discovery, biology, mathematics, and
chemistry (AlI4Science & Quantum, 2023). Notably, GPT-4 exhibits human-like
emotion regulation abilities, suggesting Al is making important strides toward
adjusting responses based on emotional cues (Zhao et al., 2023). These advances
signal AI’s technological progression toward the Artificial General Intelligence
(AGI) era, with characteristics of early AGI becoming increasingly evident (Mor-
ris et al., 2023).

Numerous reviews defining and classifying AGI emphasize systems designed to
match or surpass human capabilities in generalization and performance (e.g.,
Aher et al., 2023; Aminah et al., 2023; Broekens et al., 2023; Bubeck et al.,
2023; Dwivedi et al., 2023; Li et al., 2023; Rao et al., 2023; Schueller & Morris,
2023; Yongsatianchot et al., 2023). To achieve these ambitious goals, AT has long
been intertwined with neuroscience and psychology, drawing crucial technical
inspiration from these disciplines (Hassabis et al., 2017). Over the past decade,

chinarxiv.org/items/chinaxiv-202505.00105 Machine Translation


https://chinarxiv.org/items/chinaxiv-202505.00105

ChinaRxiv [$X]

the resurgence of neural networks (i.e., deep learning) has driven revolutionary
advances in AI (LeCun et al., 2015; Schmidhuber, 2015). As the term “neural
network” suggests, these models are inspired by biological nervous systems, sim-
ulating connections and information transmission between neurons (Hassabis et
al., 2017). Deep learning algorithms have also benefited from insights in cogni-
tive psychology. For instance, attention mechanisms—which monitor and filter
inputs at each computational step to improve target classification accuracy in
noisy environments—have become integral components of AT architectures (Niu
et al., 2021). Furthermore, recent developments in meta-learning frameworks
enable AI models to “learn to learn,” adapting from past experiences to bet-
ter address new challenges (Binz et al., 2023). This concept originated from
animal studies (Harlow, 1949) and was further explored in developmental psy-
chology (Adolph, 2005; Kemp et al., 2010), highlighting the profound impact of
interdisciplinary research on Al development.

However, while these advances primarily enhance AI’s cognitive capabilities,
they often overlook a critical aspect: the seamless integration of Al-human
interactions (AHI). For AGI to achieve true generality, the dynamic interplay
between humans and Al systems must be considered. This requires reevaluating
the AHI paradigm to ensure technological progress remains human-centered and
constructively integrated into society.

Current trends in AHI involve designing Al systems that mimic human behavior,
often leading to anthropomorphism in AI development (Broadbent et al., 2013;
Epley et al., 2008; Li & Sung, 2021; Salles et al., 2020). This approach is based
on trait attribution theory, which posits that people tend to ascribe human
characteristics to non-human entities (Epley et al., 2007; Ruijten et al., 2019;
Waytz et al., 2010). However, this theory oversimplifies individual uniqueness
and complexity, proving inadequate for explaining the nuances of AHI, partic-
ularly in scenarios requiring sustained real-time interaction (Clark & Fischer,
2023). Contrasting with traditional views, Clark and Fischer (2023) propose
a novel interpretation of AHI, suggesting that individuals do not perceive so-
cial robots as autonomous agents per se, but rather as depictions of agents.
This perspective explains why people can develop genuine affective responses
toward social robots deemed inanimate—these responses stem from personal in-
terpretation and the imagination imbued in the robot’s behavior. Social robots
equipped with advanced affective systems can interact with humans in more
natural, personalized ways. By effectively mimicking social behaviors and re-
sponses, they enhance their role as social entities in domains like healthcare
and education. Nevertheless, the complexity of real-world scenarios demands
that affective robots not only recognize but also understand users’ affective cues
based on comprehensive behavioral and contextual analysis (Ong et al., 2021).
Yet past efforts to replicate human cognitive functions have failed to satisfacto-
rily address the challenges of affective computing. Current affective computing
models excel at recognizing patterns in emotional expression but do not truly
understand underlying emotions or their causal contexts (Ong et al., 2021). For
example, while facial emotion recognition technologies like Deep Region and
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Multi-label Learning (DRML) can accurately analyze emotional expressions (K.
Zhao et al., 2016, pp. 3391-3399), they often lack the flexibility needed to adapt
to different contexts—flexibility essential for genuine emotional understanding.

To facilitate more natural, flexible, and effective AI-human interactions, a robust
theoretical framework is essential. We advocate developing Al systems that can
be considered “comprehensive affective entities,” not merely based on cognitive
and linguistic capacities. This paradigm shift involves embracing broader affec-
tive processes observed in biological organisms—organisms that display various
cognitive capabilities while engaging in rich affective interactions. This approach
aims to identify commonalities across different forms of biological intelligence,
much like humans recognize consciousness in other species while acknowledging
their unique animal characteristics. Research by Merkies et al. (2022) supports
this deeper understanding of biological intelligence, demonstrating that humans
can comprehend emotional signals across different species.

Fundamentally, affect is experienced from a first-person perspective (Schiller et
al., 2024). Therefore, our scope extends beyond humans to include all sentient
beings capable of experiencing affect. To systematically explore these universal
affective pathways, we developed three core models: the Affective Threshold
Model, Dynamic Set-Point Model, and Affective Schema Model. These models
aim to investigate the evolutionary development of affect and its manifestation
across species with varying cognitive levels, providing insights into complex
general affective states.

When constructing affective computing systems, strict biological accuracy is
not our primary goal; practicality and functionality guide our choices. How-
ever, understanding the fundamental principles of biological affective systems
at computational and algorithmic levels (Marr & Poggio, 1976) provides valu-
able guidance for our work. By integrating these biological insights into AGI
development, we aim to create Al systems capable of genuine emotional reso-
nance. This development strategy seeks to enhance Al-human interactions by
fostering empathy, trust, and intuitive connection, fundamentally transforming
the interaction landscape.

The remainder of this paper is organized as follows: Section 2 discusses the
evolutionary continuity of affective pathways, laying the foundation for advanced
Al-human interaction models. Section 3 introduces three potential models for
cross-species affective interaction. Section 4 applies these models to Al-human
interface design, proposing the “Large Affective Model,” while Section 5 explores
the significance of affective understanding in advancing Al alignment. The paper
concludes in Section 6 with reflections on connecting insights from biological
evolution to future Al development.
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2. Evolutionary Continuity of Affective Pathways: Laying
the Foundation for Advanced AI-Human Interaction Mod-
els

Before proceeding, it is necessary to clarify fundamental concepts such as the
definition of “affect” and its distinction from “cognition.” Historically, scholars
across disciplines have held different assumptions about affective phenomena
(Izard, 2009; Lazarus, 1984; Zajonc, 1984), leading to significant variations in
phenomenological analysis, measurement methods, and experimental design. In
an important integrative effort, Schiller et al. (2024) synthesized these diverse
perspectives into a unified set of teleological principles. They define “affect”
as the mechanism by which neurobiological organisms demonstrate their rele-
vance in the world by engaging in survival-oriented activities. This concept
posits that all affective phenomena ultimately serve to ensure survival capac-
ity and influence subsequent changes in affective characteristics based on an
organism’s affective concerns. Within this framework, abstract cognitive activi-
ties such as language, thought, and reasoning are viewed as components of the
affective landscape, serving adaptive functions and facilitating environmental
engagement. We apply Schiller et al’s (2024) comprehensive understanding of
affect in our discussion to broadly explore cross-species affective interactions.

Furthermore, it is necessary to clarify our use of the term “affect” rather than
“emotion” to avoid confusion when both terms appear in the text. Affect en-
compasses broad psychological states including feelings, emotions, moods, pref-
erences, desires, fears, joy, and other subtle sentiments. It represents the funda-
mental, instinctive reactions an entity experiences—reactions that are primitive
and typically 5% cognitive evaluation. In contrast, emotion is a subset of affect,
usually more structured and complex, influenced by cultural and contextual fac-
tors, and involving higher-level cognitive processing and interpretation. In our
discussion, we primarily use the term “affect” to emphasize these broad, prim-
itive psychological experiences that have been preserved throughout biological
evolution and are crucial to biological entities’ behavior. This comprehensive
focus on affect allows us to deeply explore the universality of these experiences
across species, providing critical insights into their evolutionary continuity and
implications for developing advanced Al-human interaction models.

2.1 Affect-Driven Biological Agents: Evolution, Goal-Directed Be-
havior, and Complex Affective Networks

In both natural systems and artificial constructs like robotic devices and com-
putational systems, all entities can be broadly categorized as information pro-
cessing systems. Wang et al. (2022) define intelligence as the capacity of such
systems to operate and adapt in environments with limited knowledge and re-
sources. This definition does not require agents to always succeed but empha-
sizes their proficiency in optimizing the use of available knowledge and resources
within existing constraints. Therefore, measuring an information processing sys-
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tem’s intelligence should be based on its ability to handle ill-defined problems
rather than well-defined ones. In nature, animals are typical representatives of
biological agents that exhibit not only passive reactive tendencies to environ-
mental stimuli but also active, goal-directed behavior. They utilize and explore
their environment, overcoming obstacles to achieve their goals. The affordances
of objects in the environment are crucial, as biological agents must skillfully
exploit these affordances to rapidly solve problems aligned with their goals and
needs (Roli et al., 2022). For instance, some primates like chimpanzees and
gorillas use branches as tools to obtain insects or stones as hammers; foxes skill-
fully use terrain to approach and capture prey; even ants collaborate to use
environmental materials to build complex nests.

The essence of this environmental “creativity” is driven by goal-directed motiva-
tion, which differs from mathematical, probabilistic, geometric, or logic-oriented
trends that lack physical considerations and are inconsistent with goal-directed
paradigms (McShea, 2023). In biological agents, this goal-directed mechanism
is intimately linked to their innate affective systems. Affective science explores
these neurobiologically-based subjective phenomena, including both implicit and
explicit phenomena, striving to clarify their significance for sentient beings.
This inquiry follows teleological principles that ask “why” affective phenom-
ena occur, suggesting these behaviors’ ultimate purpose is ensuring survival
capacity (Schiller et al., 2024). This concept implies that biological systems’
internal needs are maintained within specific homeostatic ranges to support life
(Damasio & Carvalho, 2013). The fundamental goals underlying all behavior
are maintaining stable states and propagating biological information through
reproduction. Affect encompasses a broad spectrum, from simple interests
and moods to complex drives, desires, ethical values, and aesthetic feelings
(Panksepp, 2012). Cross-species research demonstrates that core affective sys-
tems exhibit continuity across biological evolution, emphasizing affect’s role as
a universal “currency” in decision-making across functional domains: if current
behavior generates pleasure, continue; if discomfort is felt, switch to escape and
avoidance modes (Mendl & Paul, 2020).

It must be recognized that the goal-directed nature of biological agents inher-
ently includes the possibility of failure. Affect-guided actions do not always align
with the organism’s survival or reproductive interests. While choice does not
equal correctness, the ability to make “choices” based on internal organization
is a fundamental aspect of intelligence. Biological systems’ intentionality stems
from their autonomy, enabling organisms to maintain and create conditions fa-
vorable for survival through their own activities (Mossio & Bich, 2017). This
autonomy can be observed even in single-celled organisms like amoebas, which
exhibit basic discriminative abilities and respond to environmental stimuli to
achieve survival and reproduction.

In biological evolution, organisms gradually developed temporal delay mecha-
nisms between sensation and response, marked by the emergence of brains and
the capacity to construct internal representations of external stimuli within the
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nervous system. This mechanism gave rise to planning-based decision-making
grounded in cognitive models, enabling organisms to formulate prospective ac-
tion plans. Such rationalized decisions often generate internal conflicts with af-
fective drives, reflecting deep evolutionary tensions within the nervous system.
The mid-20th century cognitive revolution in psychology largely equated cog-
nition with the brain’s computational functions (Cromwell & Panksepp, 2011).
However, the importance of affect in biological agents cannot be underestimated.
As Panksepp (2012) proposed, mammals’ subcortical regions are closely associ-
ated with the formation of affective networks. These networks consist of basic
affective responses to unconditional stimuli combined with higher-level affective
components involving more complex cognitive processes. In summary, ratio-
nality, logic, computation, and other non-affective capacities necessarily serve
affective capacities (McShea, 2017). Cognitive and volitional systems are in-
terdependent, constituting a coherent agent. Through evolutionary processes,
this integrated system has evolved diverse affects, constructing a broad and
complex affective network. Animal brains evolved not only for representation
and logical computation but more critically for maintaining internal environ-
mental stability and organismic function, ensuring life’'s growth, survival, and
reproduction. This shared goal establishes a universal trend in the biological
world: the fusion of affective, cognitive, and volitional systems into a synergis-
tic entity driving life’s continuous reproduction and evolution. The dominance
of affective systems in animal brains reflects not only their autonomy but also
patterns of information exchange and interaction between individuals. Next, we
explore how this shared behavioral logic influences interactions across different
life forms.

2.2 Universality of Affective Interaction: Survival Instincts in Biolog-
ical Entities

Affect plays a crucial role in interactions between biological entities, both within
human society and the broader natural world. These affects are foundational
for triggering intentional and unintentional behaviors. In cases of intentional
behavior, affective states can serve as catalysts that directly influence actions
without relying on beliefs and desires (Ong et al., 2016). Consequently, the
ability to infer a entity’s probable affective states, intentions, and desires from
its behavioral expressions, and to predict subsequent actions based on these
inferred states, constitutes a critical foundation for interactions between biolog-
ical entities. For example, in daily interactions, we infer others’ emotions by
interpreting their facial expressions and body language to predict their subse-
quent actions. This represents a form of inverse modeling where we attribute
intentional behavior to an agent’s beliefs and desires (Baker et al., 2009). When
evaluating others’ affective states, observers engage in a “third-person evalua-
tion” process, assessing from the agent’s perspective whether outcomes align
with the agent’s goals and expectations (Ong et al., 2019). However, this ap-
proach may be inaccurate, as it relies on the observer’s interpretation of the
agent’s prior beliefs and desires, which may not accurately reflect the agent’s
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true mental state.

Efforts to understand others’ affective states are considered an aspect of cogni-
tion, often termed affective cognition (Ong et al., 2015). Many studies have de-
veloped computational models for inferring others’ affective states (e.g., Baker et
al., 2017; Houlihan et al., 2023; Ong et al., 2019; Saxe & Houlihan, 2017; Wu et
al., 2018), aiming to achieve precise affective attribution. In these models, affect
is viewed as a personal interpretation of external stimuli, with additional con-
textual information improving attribution accuracy. Observers’ ability to distin-
guish between facial expression features and structural features improves with
dynamic changes. When facial expression changes correspond to the temporal
structure of external events, observers can more accurately infer the emotional
dimensions of events (Saxe & Houlihan, 2017). However, this complex, abstract,
and highly formalized cognitive computation fails to capture the universality and
essence of biological affective interaction. In the animal kingdom, recognizing
others’ affective intentions is a crucial survival skill, manifesting as a behavior
that transcends logical reasoning. An anecdote from Bertrand Russell’s The
Problems of Philosophy highlights the limitations of computational intelligence
in survival contexts. The story tells of a farm turkey that initially remained vig-
ilant but grew increasingly complacent as it misinterpreted the farmer’s daily
feeding behavior through Bayesian probability analysis as a positive affective
attitude. However, this so-called intelligence did not prevent its slaughter on
Christmas Eve. This example emphasizes that while computational and logical
reasoning skills are valuable, they should ultimately serve thoughts, preferences,
and visions—the true drivers of environmental interaction (McShea, 2017). The
application of such advanced cognitive abilities, often considered hallmarks of
human intelligence, may not align with the evolutionary reality and survival
needs of biological organisms. The turkey story profoundly reminds us that in
the biological world, survival often depends on simple emotion-based decisions
rather than complex computational analysis.

Therefore, simpler, more universal affect-action mechanisms likely exist, en-
abling biological entities to rapidly identify affective cues and respond quickly
during interactions. While these mechanisms may be imprecise due to informa-
tion loss, they possess sufficient universality and breadth to provide a foundation
for communication across different species.

2.3 Exploring Communicative Intent Beyond Cognitive Attribution:
Insights from Affective Phenomena in Cross-Species Interactions

To facilitate meaningful communication between individuals, a shared mental
framework is essential, functioning similarly to an information decoder that en-
ables parties to understand each other’s intentions and beliefs (O’Madagain &
Tomasello, 2022; Scott-Phillips, 2015). This complex meta-psychological struc-
ture is considered a fundamental prerequisite for language evolution and the
core of effective communication, encompassing speakers’ intentions to convey
information, expectations that listeners understand these intentions, and corre-
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sponding responses. However, this theory—primarily based on human linguis-
tic communication—Ilacks universality when extended to broader species, facing
three main challenges: first, it demands excessive cognitive resources, requiring
real-time mental state attribution from both signal senders and receivers—a
complex ability even difficult for adults, let alone young children and other pri-
mates (Moore, 2016). Second, it underestimates the importance of non-verbal
communication, which in both natural and human societies often relies on ac-
tions and behaviors. For instance, non-primate animals consider recipients’
attentional states, gesturing only when recipients are appropriately attentive
(Leavens et al., 2005). Third, the theory overemphasizes mental attribution
in communication, neglecting situations where understanding does not require
reasoning about speakers’ intentions (Townsend et al., 2017). These insights
highlight the limitations of traditional communication theories when applied
across species, emphasizing the need for a more inclusive approach.

Townsend et al. (2017) propose a new framework for communicative intent that
avoids reliance on mental state attribution. This framework comprises three
conditions: first, goal-directed behavior, where communicators have clear goals
and understand the relationship between actions and outcomes; second, vol-
untariness, where communicators intentionally signal to achieve specific goals;
and third, communicative behavior that can repeatedly and consistently point
to something in the world aligned with the communicator’s intentions (Slaby
& Stephan, 2008). For example, studies on rodents show that free-moving rats
persistently attempt to rescue trapped companions (Bartal et al., 2011, 2016),
indicating they understand trapped rats’ affective states and the reasons be-
hind these affects—aligning with Townsend’s communication framework. Unlike
human-specific cognitive intentions, affective intentionality universally exists
across species and can be transmitted interspecifically to some degree. From an
evolutionary perspective, affective representations essentially map organisms’
primitive intentions to seek benefits and avoid harm. The perception of and
feedback to affective intentions constitute a universal communication paradigm
across species, achieving efficient interaction through information simplification
and dimensional compression.

Cross-species cooperative behavior demonstrates how this affect-based commu-
nication model supports interactions between biological agents and their en-
vironment. Cooperation within species, such as division of labor in meerkat
groups or collaborative hunting in dolphins, often receives attention for its cog-
nitive complexity. For instance, Lopuch and Popik (2011) and other scholars
(Hauser et al., 2009; Nowak, 2012) argue that cross-species cooperation requires
high cognitive ability. Conversely, Brown (2006) proposes that intense local
competition drives trait differentiation among cooperators, evolving local group
interactions into robust cross-species symbiotic relationships. This differentia-
tion reduces cheaters’ success rates and improves resource utilization efficiency.
For example, cooperative hunting between North American coyotes and badgers
demonstrates this principle: each species contributes unique skills, thereby im-
proving hunting efficiency and success rates in challenging environments (Minta
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et al., 1992). In such systems, associative learning and recognition of affective
intentions play key roles in establishing and maintaining cross-species relation-
ships. Both species must recognize each other’s behavior as positive affective
signals and associate these behaviors with previous hunting successes.

In summary, the construction of affective interaction models among biological
entities highlights the theoretical boundaries of cognitive attribution paradigms
in explaining cross-species interactions, with limitations particularly significant
along dimensions of species difference. As a meta-linguistic system for inter-
species communication, affective representation mechanisms achieve primitive
information exchange paradigms beyond cognitive frameworks through informa-
tion dimensionality reduction and pattern compression strategies. Moreover,
cross-species cooperative behavior demonstrates that affect-based communica-
tion is integrated into the logic of biological interactions, challenging traditional
views that emphasize cognitive complexity in such interactions.

3. Three Potential Models for Cross-Species Affective In-
teraction

In the preceding sections, we explored the universality of affect among biological
agents and the fundamental principles of affective communication, characterized
by universally present action-activation systems across life forms. Empirical
research shows that interactions within and between species are rapid and di-
rect, where one organism’s affective state immediately triggers corresponding
behaviors in others. This reflects a bottom-up activation process that does not
rely on complex meta-cognitive strategies to infer intentions. From an evolu-
tionary perspective, such rapid response systems provide survival advantages,
enabling organisms to quickly defend against environmental threats. For exam-
ple, responding to others’ fear or distress signs by activating one’s own defense
mechanisms allows individuals to prepare for potential dangers, thereby avoid-
ing direct encounters with potentially lethal situations (Keysers et al., 2022).
Based on these insights, we propose three models describing affective interac-
tion derived from phenomenological studies of biological behavior: the Affective
Threshold Model (ATM) (Figure 1 [Figure 1: see original paper]), Dynamic Set-
Point Model (DSPM) (Figure 2 [Figure 2: see original paper]), and Affective
Schema Model (ASM) (Figure 3 [Figure 3: see original paper]). Each model
includes detailed theoretical background, explanatory contexts, and validation
methods. Together, these models aim to deepen our understanding of cross-
species affective interactions and provide an effective framework for advancing
affective modeling. We believe this will offer important perspectives and a
crucial foundation for addressing the complexities and challenges of Al-human
interactions.
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3.1 Affective Threshold Model (ATM)

The Affective Threshold Model elucidates the mechanisms of positive affective
interactions between agents with different characteristics, ecological niches, and
cognitive abilities. The model’s core premise is that environmental stimuli and
affective cues from interactants simultaneously trigger positive-valence experi-
ences in both parties, ensuring pleasure generation in specific interaction con-
texts. Research shows that individuals vary in their sensitivity to affective stim-
uli (e.g., Hyett et al., 2014; Karmon-Presser et al., 2018; Sokolov & Boucsein,
2000).

Signal Detection Theory (SDT) provides a powerful analytical framework for
sensory research, describing perception formation by assuming stimuli generate
internal sensations that must exceed certain thresholds to be perceived (Mamas-
sian, 2016). SDT comprises two experimental paradigms: detection paradigms
where participants discriminate weak stimuli, measuring sensitivity (d’); and
discrimination paradigms where participants distinguish between two similar
stimuli, with d’ representing the incremental sensation produced by stronger
versus weaker stimuli (Wixted, 2020). This theory also applies to affect gen-
eration processes, treating sensitivity and judgment criteria as latent variables
inferred from observed hit and false alarm rates (Chang et al., 2015; Nielsen &
Kaszniak, 2006). The SDT model of affective triggering posits that affect gener-
ation involves inherent uncertainty, influenced by mood and contextual factors,
thus requiring the ability to discriminate between different intensity affective
stimuli and establishing reporting thresholds (Karmon-Presser et al., 2018).

Comparing affective sensation research with sensory processes, both share the
core view that information transmission requires integration and must exceed
certain thresholds to trigger higher-level responses. Neurophysiological research
confirms this view. Huzard et al’s (2022) study found that activating specific so-
matosensory neurons (C-LTMRs) in mice directly influences their emotional re-
sponses and prosocial behavior. Modulating C-LTMRs’ excitability can simulate
different tactile experiences, thereby affecting mice’s responses to social stimuli.
This finding emphasizes the importance of stimulus accumulation reaching levels
that activate neurons for affective experience and social behavior, where single
neuron action potential generation and information integration across multiple
neurons constitute the basis of complex affect.

Extending from the SDT model, low-dimensional affective structures—such as
subcortical regions related to animal affective behavior and the autonomic and
somatic components of human emotion—are more likely to follow the Affective
Threshold Model. In contrast, subjectively experienced, complex, cognitively
constructed emotions primarily manifest in cortical regions (Sokolov & Boucsein,
2000). Although complex emotions differ between animals and humans, all
affective experiences are intrinsically related to physiological sensory signals,
with positive and negative evaluations related to survival needs closely linked to
approach and avoidance behaviors. This suggests a reliable mapping between
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behavior, sensation, and affective evaluation.

For survival, a critical aspect of affective judgment is the perception of safety.
Notably, “perceived safety” and “noticed danger” are not antonyms; the op-
posite of perceived safety is “failure to perceive safety.” Counterintuitively,
organisms’ stress responses are often triggered not by explicit threats but by
the absence of safety (Brosschot et al., 2016). This reflects a default threat-
perception state, where stress responses are inhibited only when safety is explic-
itly perceived. Environmental uncertainty maintains the default stress response
in an activated state. Essentially, the ability to establish safety in unfamil-
iar environments represents a tolerance for uncertainty, which may manifest
as a tendency to categorize novel stimuli as threats (Carleton, 2012). Figure
1 illustrates the concept of accumulating positive stimuli to reach safety per-
ception thresholds. Figure 1A depicts the psychophysical relationship between
positive stimuli in the environment and perceived safety. Empirical research
by Berkovich and Meiran (2023) shows that positive affect perception follows
Weber’s law in centralized information perception, meaning stimulus encoding
accuracy decreases with intensity increases. Weber’s law has been confirmed
across nearly all sensory domains (Akre & Johnsen, 2014; Simen et al., 2016),
suggesting that organisms’ perception of environmental safety may also follow
this principle, with different activation thresholds and response curves reflect-
ing individual uncertainty tolerance. During interactions, organisms with lower
safety thresholds can rapidly establish safety and emit positive signals through
behavior or emotional contagion, helping organisms with higher safety thresh-
olds convert uncertain environmental information into explicit positive stimuli,
ultimately reaching their safety thresholds. Figure 1B illustrates this mutual
safety establishment process.

In summary, the Affective Threshold Model provides insights into how organ-
isms generate positive affective experiences during interactions. Through anal-
ogy with sensory processes, the model emphasizes the importance of informa-
tion transmission and perception in affective interactions. Moreover, it high-
lights the role of safety perception, proposing that—Ilike perception of positive
environmental stimuli—safety perception follows Weber’s law, with different in-
dividuals’ thresholds and response curves reflecting their uncertainty tolerance.
The model suggests that organisms with lower safety thresholds more easily
establish safety, facilitating positive affect propagation and promoting positive
interactions with organisms having higher safety perception thresholds.

[Figure 1: see original paper]

3.2 Dynamic Set-Point Model (DSPM)

The Dynamic Set-Point Model elaborates biological agents’ functions based on
innate value and affective systems. As described in Section 2.1, the primary
goals of maintaining comfortable states and ensuring biological reproduction
constitute the cornerstone of all affects, shaping the rich and diverse affective
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spectrum throughout biological evolution. This spectrum ranges from basic
interests and moods to complex drives and desires, with cognitive and volitional
systems interdependent and jointly serving these affective goals. Animal brain
evolution focuses not merely on representation, reasoning, and computation,
but more fundamentally on maintaining internal environmental stability and
ensuring organismic growth, survival, and reproduction.

In dynamic interactions with the environment, all animals—from blue whales
to ants—distinguish “self” from surroundings through bodily boundaries. An-
imals that have evolved brain structures possess central nervous systems that
interact with the environment through the body and its sensory organs (Kahl
& Kopp, 2023). Survival and adaptation require not only cognitive processing
of environmental information but also action to generate material causal forces
addressing real-world challenges. A critical aspect of this interaction involves
interoception—the perception of internal signals from the autonomic nervous
system, hormones, immune responses, and organs (Craig, 2003). Damasio and
Carvalho (2013) further developed this concept, distinguishing between feelings
and emotions. The former are psychological experiences accompanying bodily
states. This body-based sensation is crucial for decision-making: we predict
possible outcomes of our actions, and the feelings these outcomes generate form
the basis of our actions.

Mismatch between subjective interoceptive sensitivity and objective accuracy
generates error signals when predicting internal bodily information. Feelings
are not merely representations of visceral sensory information; they involve a
bidirectional pathway. The brain makes top-down predictions about bodily
states that interact with bottom-up interoceptive neural signals, enabling error
correction (Critchley & Garfinkel, 2017). For example, the brain can instruct
bodily movements, but during environmental interaction, how this behavior will
develop and whether it will encounter obstacles cannot be fully predicted in ad-
vance. Therefore, optimally, neural signals reaching specific muscles also contain
errors that propagate upward during movement for timely adjustment. In short,
the interaction between brain and body is central to this model. In a continuous
feedback loop, body and brain exchange signals; this loop involves the autonomic
nervous system, which responds to external inputs and internal sensory states,
enabling our various arousal states and “fight-or-flight” responses to function
or adjust. It is through this mechanism that the autonomic nervous system
influences homeostatic regulation. Allostasis—the predictive regulation mecha-
nism of homeostasis—explains physiological and behavioral regulation processes
(Schulkin & Sterling, 2019). Imagine being in a hot environment: if we cannot
predict environmental temperature’s impact on body temperature and adjust
accordingly (e.g., quickly leaving the environment), we might die. Allostasis is
a prospective regulation mechanism where the body actively prepares for dis-
turbances that have not yet occurred. We feel hot before heatstroke, thirsty
before dehydration, hungry before fainting. It also explains stress state genera-
tion: when facing unexpected environmental stimuli, these evolved autonomous
responses overwork, thereby harming the body. Nevertheless, these complex
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interoceptive processes continuously operate to maintain physiological regula-
tion and basic survival, typically unconsciously. Figure 2A extends this theory,
further proposing the Dynamic Set-Point Model based on maintaining homeo-
static goals to better illustrate how biological agents induce bodily changes and
drive behavior through value systems manifested as affect. We argue that to
adapt to environmental changes, homeostatic goals should be a set of dynam-
ically adjustable data structures, encompassing physical or biochemical states
and psychological or affective states that organisms need to maintain. In differ-
ent situations, the weights of these needs vary. The brain predicts and evaluates
current bodily input information, generating corrective value signals that act on
motor control systems and the autonomic nervous system, achieving negative
feedback regulation.

The brain’s interoceptive predictive processing follows Bayesian active inference
principles. Bayesian reasoning updates prior beliefs or hypotheses based on
probabilistic reasoning (Knill & Pouget, 2004). The brain uses interoceptive
information to interpret stimuli, regulating allostasis to minimize prediction
errors about the environment. This continuous prediction-correction process
from past to future experiences shapes our current perception of internal bodily
sensations (Barrett & Simmons, 2015). Interactions between different biologi-
cal agents are essentially dynamic information exchange processes within closed
systems, where the interaction itself constitutes the recursive construction of
system closure. Notably, this closure is never a static, Eft boundary but con-
tinuously reconstructs through the historical unfolding of self-organizing net-
works: the hierarchical structure currently emerging in the system is essentially
the product of iterative evolution of past organizational patterns (Roli et al.,
2022). Figures 2B, C, and D reflect the adjustment and change of internal set-
points during affective interactions between two agents. Through environmental
changes and introduction of new stimuli, the weight of needs in the monitoring
model changes, enabling both parties to gradually explore higher-level social
interaction needs.

This model provides a theoretical framework for explaining how biological agents
adjust internal stable states based on affective value systems to adapt to environ-
mental changes. It emphasizes the critical role of affective systems in regulating
biological agents’ internal stability. Through affective value systems, biological
agents can dynamically adjust internal stable states according to environmen-
tal changes, enabling better adaptation to different situations and needs. When
biological agents face constantly changing external environments, they require
adaptability to maintain internal stability and make effective behavioral choices.
The Dynamic Set-Point Model provides biological agents with an affect-driven
mechanism for internal adjustment based on environmental changes, thereby
increasing their advantages for survival and reproduction in complex environ-
ments.

[Figure 2: see original paper]
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3.3 Affective Schema Model

Our third affective interaction model—the Affective Schema Model—delves
deeper into representing learned affective response patterns and emphasizes neu-
ral plasticity’s role as the foundation of associative learning. This learning mode,
including classical and operant conditioning, is essential for survival across nu-
merous species, including those without central brains. Bielecki et al. (2023)
demonstrated that even cnidarians like jellyfish with distributed nervous sys-
tems can perform operant conditioning. Their research trained the box jellyfish
Tripedalia cystophora to associate low-contrast objects with collision risk, chal-
lenging traditional notions that operant conditioning requires conventional cen-
tral nervous systems and suggesting that complex neural processes like operant
conditioning may be fundamental features of neural circuits, even in simpler life
systems. Conditioning and stimulus generalization lead to individual differences
in affective responses, helping organisms approach potential rewards and avoid
threats. Neurophysiological explanations of stimulus generalization involve es-
tablishing contextual memories that gradually reduce hippocampal dependence
over time, with the cerebral cortex independently representing commonalities
of past events (Heller, 2020; Morrissey et al., 2017). The prefrontal cortex
uses past memories for prediction and influences perceptual and motor systems
(Miller & Cohen, 2001), echoing the top-down predictive processes mentioned
in the Dynamic Set-Point Model. Over time, memories fade, and stimulus and
background features triggering affective responses become blurred, with some
structural frameworks and salient features becoming generic representations of
positive or negative stimuli in the environment. For example, in Pavlov’s clas-
sic experiments, if dogs were only exposed to specific bell frequencies during
training, they might also show conditioned responses when hearing completely
different but similar frequencies.

Heller (2020) treats the abstraction process of conditioned stimuli as schema for-
mation. For different but overlapping events, common nodes can be extracted
to define a schema’s non-specific core experience. This differs from Piaget’s con-
structivist epistemology, where schemas form through individuals’ interactions
with reality, encompassing knowledge about self, others, and the world, repre-
senting all life experiences accumulated during world interaction (Y.-X. Wang
& Yin, 2023; Yin et al., 2022). The latter clearly integrates all experiences at
a higher dimension rather than generalizing specific conditioned stimuli. How-
ever, the two are not conflicting; schemas are hierarchical structures where each
higher-level schema consists of sub-schemas (Bein & Niv, 2023). When process-
ing real-world tasks, this hierarchy can decompose overall goals into different
subtasks, achieving maximum efficiency through cross-task sharing. When en-
countering new stimuli or situations, organisms infer entire events based on par-
tial cues and complete other elements, a process called pattern completion (Ngo
et al., 2021). Unlike the Dynamic Set-Point Model, the Affective Schema Model
triggers organisms’ approach/avoidance behaviors by selectively activating dif-
ferent affective schemas based on information obtained from homeostatic goals
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(Figure 3A). Environmental feedback information confirms or falsifies schema-
based predictions, with deviation signals driving further schema updates (Bein
& Niv, 2023) or selectively activating other schemas through pattern separation
(Figure 3C). This enables affective interaction states between different individ-
uals to shift from negative (Figure 3B) to positive (Figure 3D) through changes
in activated schemas.

In summary, the Affective Schema Model provides a comprehensive framework
for understanding how biological agents utilize learned affective responses in
combination with innate neural mechanisms. The model emphasizes the impor-
tance of associative learning, even in organisms with simple nervous systems,
and the roles of conditioning and stimulus generalization in shaping affective re-
sponses. By forming affective schemas, organisms can efficiently navigate their
environment, responding to novel stimuli based on past experiences and pattern
recognition. This model not only highlights the complexity and adaptability of
affective responses across species but also underscores the importance of corti-
cal and subcortical pathways in processing affective stimuli. Consequently, the
Affective Schema Model offers valuable insights into the complex mechanisms
underlying affective interactions and their evolutionary significance, bridging
the gap between simple neural responses and complex affective processing. This
understanding paves the way for further exploration in fields like affective com-
puting, where mimicking these biological processes may yield more sophisticated
and responsive artificial systems.

[Figure 3: see original paper]

3.4 Comparison and Validation of Affective Interaction Models

In this section, we compare our proposed affective interaction models with ex-
isting affective decision-making and cognitive communication models, exploring
their conceptual and functional similarities and differences (see Table 1 ).

Similar to the socially enactive cognitive system described by Kahl and Kopp
(2023), our affective interaction models also contain two circulating systems of
information flow: information flow within each agent and external information
flow between two similar agents. Friston and Frith (2015) reframe theory of
mind, emphasizing the inference of others’ behavior through internal generative
models. In affective interaction, this means effective communication requires
both parties to possess sufficiently similar affective action models, enabling one
to use its internal model to infer the other’s affective intentions.

A fundamental prerequisite for cross-species affective interaction may be that
different individuals possess similar internal affective action models, with some
core affects serving as a “code library” for interaction. These core affects are fun-
damental and closely related to survival. Human affect research divides emotion
into different components, including subjective self-reports and changes in be-
havioral, physiological, and neural activities. Applying these objective measure-
ment methods to animal affect research not only avoids debates about animal
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consciousness but also captures relationships between affect and bodily actions
or changes. Therefore, affect can be operationally defined in behavioral terms
as states triggered by rewards or punishments (Leknes & Tracey, 2008; Mendl
& Paul, 2020). Affective valence and behavioral activation divide these core
affects into dimensions like positive/negative and approach/avoidance. Mendl
and Paul (2020) add arousal as a dimension to represent affect’s impact on
action vitality, defining four core affective states.

Loewenstein and Lerner’s (2003) human affective decision-making model and
Mendl and Paul’s (2020) animal affective decision-making model both empha-
size affect’s influence on behavior from two perspectives: the impact of current
affective states on decision-making, and the affect (i.e., reward or punishment)
expected from future action outcomes. For the former, this influence primarily
manifests in detecting new states and goals, subsequently affecting organisms’
behavioral choices. Notably, the interaction between sensation and affect is
bidirectional; sensation is not only influenced by affect but also serves as a tool
for affect regulation (Rodriguez & Kross, 2023). All animals rapidly detect
external environmental information through sensation, a prerequisite for adap-
tation and interaction. Environmental stimuli activate receptors throughout
the body, converting physical energies like sound, light, electricity, and heat
into neural impulses. These electrical signals generated by the body transmit
through the central nervous system to the brain, where they are organized,
processed, and interpreted. The objective external world connects with, is per-
ceived by, and understood by biological entities through the sensory system,
with the body as this process’s starting point. Neuroscience research reveals
sensory information’s activating effect on affective responses, with neural sig-
nals rapidly entering sensory cortex and directly projecting to affect-generating
brain regions like the amygdala, insula, and orbitofrontal cortex (Koelsch, 2018;
Sullivan et al., 2015; Veldhuizen et al., 2020). Consequently, sensory stimuli are
endowed with affective coloration (whether stimuli are pleasant or unpleasant),
driving individuals to produce approach or avoidance behavioral responses. Un-
like Mendl and Paul (2020), who treat internal states and core affective states
as two separate factors influencing perception and memory, we believe sensory
information provided by the body can integrate and reach certain thresholds
to trigger higher-level affective responses or change current mood states. For
example, in early mother-infant interactions, maternal touch can soothe infants’
emotions, making them feel safe and loved (Su & Su, 2018); similar phenomena
of touch-induced pleasure have been observed in non-human primates (Grandi
& Gerbella, 2016).

To validate ATM across species, psychophysical experiments can be designed to
capture and measure cross-species affective responses under controlled stimulus
conditions. This validation plan includes adaptive subjective self-report meth-
ods for human participants and similar behavioral observations for non-human
animals, such as rodents’ ultrasonic vocalizations or specific postural changes
in other species. Additionally, physiological sensors can objectively record re-
sponses, providing a dual-measurement approach to improve data reliability.

chinarxiv.org/items/chinaxiv-202505.00105 Machine Translation


https://chinarxiv.org/items/chinaxiv-202505.00105

ChinaRxiv [$X]

Each participating species can be exposed to a series of specially designed af-
fective stimuli that trigger directly comparable responses across species. This
approach not only tests the model’s general applicability to affective threshold
predictions but also explores nuanced differences in how different species per-
ceive and respond to similar affective stimuli. By integrating behavioral and
physiological data, we can verify the model’s accuracy in predicting affective in-
teractions across various biological agents, thereby ensuring the model reflects
the true complexity of cross-species affective dynamics. This comprehensive ap-
proach aims to solidify the model’s foundation in affective science and enhance
its practical utility in real-world cross-species applications.

In the Dynamic Set-Point Model (Figure 2A), sensory signals from inside and
outside the body transmit upward, comparing with dynamic internal homeo-
static goals (a set of physical or biochemical states and psychological or affective
states that biological entities need to maintain). Negative feedback regulation
achieves organismic control. This process enables assessment and judgment of
bodily states, with affect generated as a representational signal. These signals
can undergo cognitive planning and management in pathways above threshold,
or rapid activation responses in pathways below threshold. Since this model
assumes adaptive cross-species interaction based on environmental feedback,
we propose a comprehensive method including behavioral experiments, phys-
iological monitoring, and computational modeling for validation. Control ex-
periments can observe how different species adjust behavioral and physiological
responses under different environmental conditions, using wearable biosensors to
map neurophysiological activities related to affective processing and autonomic
regulation. Meanwhile, agent-based computational simulations can model dy-
namic adjustments of homeostatic goals to predict interaction patterns, con-
firming the model’s accuracy across various species and ecological niches by
correlating experimental data with simulation results, thereby providing com-
prehensive validation.

During action organization, Mendl and Paul (2020) argue that animals compare
current situations with similar remembered situations before making specific
decisions. Retrieved memories contain previously taken actions in similar sit-
uations and their outcomes (punishment or reward), with animals ultimately
choosing actions that generate the most positive affect. This bottom-up match-
ing must undergo cognitive processes like perception, memory, and comparison
to activate corresponding actions, which is not conducive to adapting to rapidly
changing environments. Moreover, this model does not adequately explain the
specific mechanism for matching situations to memories, thus failing to fully
illustrate how animals can rapidly act based on past experiences when facing
novel stimuli. Our proposed Affective Schema Model (Figure 3A) attempts to
better explain such situations. We introduce the concept of schemas—schemas
are the result of individuals’ entire life experiences, including both universally
present low-level stimulus generalization and socially transmitted cultural conno-
tations. Different schemas have hierarchical relationships, with specific schema
activation based on speculation and completion of entire events from contex-
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tual cues. Even without truly recalling specific events, schemas formed from
past experiences unconsciously influence our predictions about current situa-
tion development trends and guide animals to respond before changes occur.
For example, animals may fear unfamiliar large objects even when not cur-
rently harmed. This anticipatory strategy is crucial for any animal’s survival.
Since this model assumes dynamic cross-species interaction based on learned
affective responses, validating it requires a comprehensive approach combining
conditioning behavior paradigms, neuroimaging, and computational simulation.
Initial behavioral experiments across multiple species can track affective schema
activation and adaptation under controlled stimuli, assessing changes from neg-
ative to positive behaviors as schemas evolve. Neuroimaging techniques like
functional magnetic resonance imaging (fMRI) can visualize brain regions in-
volved in schema processing, linking physiological data to observed behaviors.
Additionally, computational models can simulate these interactions, predicting
and further analyzing behaviors under different conditions to enhance model
robustness. Combining these methods can rigorously test the model’s ability to
accurately describe affective learning and adaptation across different biological
contexts.

4. Applying Affective Interaction Models to AI-Human
Interaction Design

In developing AI capabilities, the challenge lies not merely in mimicking cog-
nition but in encompassing the comprehensive human experience. Affective
communication, based on shared evolutionary history and survival needs, offers
a pathway to bridge this gap. Drawing inspiration from nature’s rich affective
exchanges, this paper aims to explore design principles for Al that can resonate
affectively with humans and other forms of biological intelligence. Effective
Al-human interaction should seamlessly combine cognitive understanding with
affective resonance, ensuring interactions are natural, authentic, and impactful.
Leveraging the potential of the proposed Large Affective Model, this paper aims
to create interactive interfaces that can not only interpret user input but also
simulate and convey affective states and goals, facilitating more comprehensive
Al-human interactions.

4.1 The Necessity of Structured Models in AI-Human Affective In-
teraction

While evolutionary theory provides crucial evidence for understanding shared
affective mechanisms, applying these to Al-human interaction requires struc-
tured frameworks. These models transform broad evolutionary concepts into
concrete strategies for creating human-centered machine interfaces.

Pioneering research from the 1980s-90s used computational learning to model
human-environment interactions (Jordan & Rumelhart, 1992; Wolpert et al.,
1995). Early theoretical models employed stochastic generative models (Hinton
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et al., 1995) and reinforcement learning (Barto et al., 1983), making important
contributions to Al development by implicitly collecting world data. These mod-
els explored the physiological basis of internal models and proposed that inter-
nal representation creation could optimize Al-environment interactions (Doya,

1999; Imamizu et al., 2000).

A robust model should reduce algorithmic complexity according to the minimum
description or message length principle (Wallace, 1999). This approach helps fil-
ter noise, improve prediction of real data, and enhance computational efficiency
under resource constraints. For example, in neurobiology, model simplification
often involves synaptic pruning or deleting redundant parameters (Tononi &
Cirelli, 2006). From the basic M-P neuron model (McCulloch & Pitts, 1943)
to advanced neural networks, the guiding principle is minimizing complexity.
Artificial neural networks inspired by biological nervous system structures learn
complex patterns through interconnected computational units, demonstrating
the effectiveness of mimicking biological intelligence.

Darwin’s evolutionary theory states that living systems thrive due to specific
internal component arrangements and dynamic interactions (Cohen & Harel,
2006). Treating these arrangements as information (Cohen, 2006) allows us to
view life’s evolutionary trajectory as a balance between information increase and
destruction. Entropy represents information, meaning complex arrangements
are inherently unstable (Cohen, 2016). Therefore, biological evolution can be
seen as an entropic selection process where arrangements that can resist entropic
destructive effects are preserved.

The integration of biology and Al requires not merely replicating behavior and
appearance through algorithms and data, but extracting universal internal mod-
els from genuine biological activities, grounded in phenomenological observation
and integrated into learning algorithms. This ensures data is processed mean-
ingfully, reflecting the nuanced complexity of biological intelligence.

4.2 Model Construction: Large Affective Model and Affective Inter-
action Models

Affective expression transcends language barriers, encompassing multimodal do-
mains that integrate visual, auditory, olfactory, and tactile cues, along with
more subtle signals like gait, movement trajectories, tear stains, eye contact,
skin color, and body tremors (Ezzameli & Mahersia, 2023; Poria et al., 2017).
Even in the visual domain alone, interpreting these diverse affective feature data
presents enormous algorithmic challenges (Papadimitriou, 2020). Currently, af-
fective computing research increasingly emphasizes using multimodal data to
improve affective recognition capability, optimizing algorithms for richer mul-
timodal interactions and reducing inherent dataset biases (Cortinas-Lorenzo &
Lacey, 2023; Ma & Yarosh, 2023; Yu et al., 2021). However, these efforts still
lack deep evolutionary understanding of affective processes.

As previously discussed, different species demonstrate affective communication
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abilities crucial for survival across various environmental interactions. This
highlights the importance of developing a framework that can both analyze and
simulate these complex affective dynamics. Schiller et al’s (2024) “Human Affec-
tome” provides a structured framework for dissecting and reorganizing complex
affective phenomena, facilitating deeper understanding of affective dynamics.
We believe this framework applies not only to analyzing human affective phe-
nomena but can be extended to broader affective interactions in nature, as affect
is equally significant for all organisms from a teleological perspective. Although
affective phenomena are often intertwined with other dynamic processes in neu-
robiological systems (such as perception, attention, memory, and motor func-
tions), these processes can be distilled into algorithms reflecting survival-driven
behavior. Schiller et al. (2024) divide these processes into two groups: affective
concern processes, which process physical or psychological objects—including
things, people, situations, and representations of the past and predictions of
the future—with the purpose of ensuring survival capacity, performing opera-
tions, establishing relevance, and abstraction (this function is mainly limited
to human-like intelligence); and affective characteristic processes, which man-
age organisms’ own experiences through adaptation, characterized by valence
and arousal. Current affective computing research has significant data dimen-
sion limitations: while multimodal physiological characteristic data dominates
mainstream research, indicators of affective concern reflecting organisms’ behav-
ioral tendencies are universally missing from data collection and interpretation
systems. These indicators essentially reflect organisms’ proactive behavioral ori-
entations based on valence evaluation. According to the immediacy of action
impact, relevance hierarchies can be organized from near to far, or global as-
sessments can be made of the adaptability of different affective concerns over
time (Schiller et al., 2024). We position our three proposed affective interaction
models at different levels of affective concern to help establish complete affective
data and algorithm structures (Figure 4 [Figure 4: see original paper]).

[Figure 4: see original paper]

Concerns about organisms’ physiological states represent the most direct and
fundamental level of affective concern, typically requiring direct and concrete
actions to address. Environmental stimuli trigger a series of interoceptive sen-
sations, and the integration of these internal bodily signals constitutes current
affective experience. This concern group is closely related to survival goals;
therefore, a critical physiological affective experience is the sense of safety. We
link the Affective Threshold Model to these physiological-level, immediate affec-
tive concerns, suggesting that algorithms addressing this issue can draw inspira-
tion from functional relationships between physical quantities and psychophys-
ical quantities in sensation research. Mathematical models established between
external stimuli and resulting internal sensations can effectively predict action
tendencies toward objects. Physiological affective concerns can be quantified as
a set of values that make organisms feel safe and comfortable, including tem-
perature, energy levels, nutritional status, etc. Therefore, affective data needed
to enhance Al-human interaction should include both the physical quantity of
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stimuli and the intensity of resulting sensations.

Beyond immediate and direct physiological concerns, more advanced organ-
isms typically require interaction with the environment over longer timeframes
through a series of more complex actions to ensure vitality in future environ-
ments, which Schiller et al. (2024) term “operational concerns.” Notably, to
comprehensively address multidimensional problems facing these organisms as
completely as possible, these operational concerns are both diverse and complex.
Although they can be categorized into cooperation, morality, and aesthetic con-
cerns, a major challenge in affective modeling is simulating the weight changes of
these affective concerns across different moments. To address this, we explain
this process through dynamic adjustment of organisms’ internal homeostatic
goals. We argue that biological organisms’ internal homeostatic goals are not
merely constant physiological state values but are sets of data structures that
adjust with environmental changes, encompassing certain more abstract affec-
tive needs that organisms must maintain, such as cooperation needs, aesthetic
appreciation, and moral values (similar to “operational concerns”). A feasible
method for achieving weight changes is conducting Bayesian analysis of the
probability of generating specific homeostatic goals when objects appear in the
environment, using probability to represent changes in relevance gradients. This
algorithm is similar to performing “spell check,” identifying the most likely cor-
rect spelling from several known error options. When applied to homeostatic
goal computation, this means affective Al systems need to perceive all objects
in the environment potentially relevant to users and calculate the most likely
goals in that context.

At the global level, affective concerns are no longer driven by specific objects but
integrate concerns at all levels into an overall state (LeDoux, 2012; Schiller et al.,
2024). The Affective Schema Model reflects this abstraction and generalization
of affective phenomena over time. Schema formation originates from individuals’
entire experiential history with environmental interaction. During information
“compression,” specificity related to particular contexts disappears, aggregating
into schemas characterized by two affective valence features: positive affective
schemas and negative affective schemas. Stimuli activating relevant schemas are
no longer concrete, explicit objects but partial cues such as features, outlines,
smells, and sounds. These affective schemas enable agents to rapidly adapt to
environments lacking specific information.

Therefore, affective Al systems must not only identify users’ current affective
states but also “understand” the associations between these external affective
expressions and their deep psychological models—truly “understanding” users’
affective concerns and their expression in contexts displayed as affective charac-
teristics. In this context, we anticipate that in affective computing, a specialized
“Large Affective Model” (LAM) will be essential for addressing highly contex-
tualized alignment problems in multimodal data—challenges that traditional
large language models may struggle to handle. This model’s uniqueness lies in
its ability to deeply understand, interpret, and generate multimodal informa-
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tion related to various dimensions of affect in specific contexts. It leverages
extensive sensory modalities such as gaze, touch, tone of voice, taste, smell, bal-
ance, and body movement, integrating these cues within highly contextualized
frameworks. This approach treats affect as an effective response to stimuli char-
acterized by arousal and valence, based on consistency in cross-species affective
mechanisms, while considering differences in affective expression and interac-
tions between primary affective networks and higher cognitive functions in the
brain (Panksepp, 2012).

The Large Affective Model (LAM) works synergistically with our three affective
interaction models derived from empirical observations of interspecies affective
communication. These models are not merely mechanical replications of be-
havior but are analyzed from genuine interaction characteristics of biological
entities. They integrate the essence of affect into computational processes, en-
riching the depth and relevance of Al-human interactions.

- Affective Threshold Model (ATM): This model investigates individuals’
sensitivity and response thresholds to environmental stimuli, elucidating the in-
teraction between affective states and stimuli. Mathematical models developed
from this research mapping external stimuli to affect can address physiological-
level affective concerns.

- Dynamic Set-Point Model (DSPM): This model focuses on monitoring
and dynamically adjusting physiological and affective states based on environ-
mental feedback, striving to maintain internal and external perceptions within
optimal ranges. Changes in homeostatic goal weights across different scenarios
reflect the most important operational-level affective concerns at present.

- Affective Schema Model (ASM): This model involves activating relevant
affective schemas based on stimulus evaluation, thereby facilitating rapid be-
havioral responses. This reflects how affective concerns shift from reactions to
specific objects to global states integrating different levels of concern.

In summary, we argue that affective data required for constructing Large Af-
fective Models should include objects that trigger specific affective experiences.
Furthermore, because affective concerns have hierarchical and global charac-
teristics, Large Affective Models must be able to flexibly adjust affective algo-
rithms according to contextual changes to more accurately predict and guide
agents’ behavior. It is important to note that our goal is not to design a super-
anthropomorphic “competitor” that surpasses human performance in multitask-
ing, but to create a “new species” capable of affective interaction with humans
and other forms of biological intelligence.

[Figure 5: see original paper]

5. Advancing AI Alignment Through Affective Under-
standing

The rapid development of Al technology brings benefits alongside potential risks.
Recent research reveals concerning trends in large language models (LLMs),
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such as inherent biases and inaccuracies (Bang et al., 2023; Perez et al., 2022),
and power-seeking behavioral tendencies (Si et al., 2022, pp. 2659-2673). Addi-
tionally, AT systems may be used for malicious purposes (Bubeck et al., 2023).
Like the transformative impacts of industrial and digital revolutions, Al heralds
a powerful new technological era that may significantly alter social dynamics.
Guiding ATD’s integration into social structures in an ethical manner is crucial
to ensure these changes promote equity and remain controllable across all so-
cial strata (Peeters et al., 2021; Walther, 2021). In this context, researchers
including Ji et al. (2023) call for AI alignment research, emphasizing that Al
system design must prioritize empathy for human emotional and psychologi-
cal needs, enhance human welfare, respect privacy, and contribute positively
to social progress. We believe that research and development of affective Al
will promote Al alignment, equipping Al systems with advanced qualities as
collaborative partners in human-Al coexistence ecosystems.

The foundational stage of Al alignment research aims to synchronize Al actions
with user intentions. This includes accurately interpreting and executing direct
instructions, intuitively anticipating users’ unexpressed desires, and adaptively
responding to users’ behavioral cues (Gabriel, 2020; Ji et al., 2023). Currently,
large language models excel at following explicit instructions—often demon-
strated in dialogue-based interactions—but frequently fail to capture deeper hu-
man insights. This deficiency partly stems from inherent limitations of language-
mediated interaction: deep-seated intentions are often closely linked to affect,
representing individuals’ preferences, aversions, and orientations that are not
necessarily expressed through language. While language can indeed carry af-
fect, and some scholars attempt to integrate multimodal information through
highly expressive language to achieve semantic alignment across modalities (Zhu
et al., 2023), this approach may distort the path to understanding affect. Af-
fect is fundamentally an important indicator of organisms’ interactions with
their environment, directly influencing decision-making and action aimed at en-
suring survival and improving adaptability. Recognizing this is crucial for Al
alignment.

Therefore, realigning Al systems to understand and integrate richly contextual-
ized human affective concerns, rather than merely responding to explicit ethical
or value statements, may yield more genuinely beneficial Al outcomes for indi-
viduals and society, whether biological or artificial.

To advance this form of Al alignment, we advocate for developing and refining
Large Affective Models (LAMs) tailored to individuals’ and society’s unique af-
fective landscapes. By using diverse models to depict various dimensions and
levels of affective concerns, we can facilitate truly context-aware interactions.
This strategy not only improves the relevance and applicability of Al-human
interactions but also enhances the transparency and interpretability of Al pre-
dictions, providing a powerful complement to traditional data-driven machine
learning methods.
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6. Conclusion: Connecting Insights from Biological Evolu-
tion to AI’s Future

Since its birth at the 1956 Dartmouth Conference, Al has experienced four
important developmental stages, each marked by unique advances and direc-
tions. The first three stages focused on symbolic rule-based reasoning, machine
learning techniques, and probabilistic reasoning, laying the groundwork for ex-
ploring AI’s foundational theories and technologies. The current fourth stage,
characterized by deep learning and big data, signifies not only technological
breakthroughs but also a shift toward exploring AI application scenarios and
advancing toward Artificial General Intelligence (AGI).

On the path to AGI, the choice of direction is crucial. Cognitive science, long
intertwined with computer science, has historically drawn analogies between
human thinking and computers. However, focusing solely on computational
strategies to replicate human cognition overlooks algorithms’ inherent limita-
tions in handling unstructured real-life problems. These limitations manifest
in two key aspects: first, the difficulty of conveying true needs and desires
to robots/agents through logical instructions; second, people’s “algorithm aver-
sion” to purely computationally derived results in situations requiring empathy
(Dietvorst et al., 2015; Karatag & Cutright, 2023).

Transforming AGI from pure cognitive systems into affective entities through
increased computational power and model scaling alone is insufficient. While
large language models like GPT-4 excel at generating content in symbolic spaces,
they cannot guarantee this content’s authenticity. This raises concerns about
their potential use in creating attack vectors targeting individuals (Bubeck et
al., 2023). However, biological organisms like humans process information and
interact with the world beyond symbolic spaces. The brain’s neural network in-
tegrates various non-symbolic representations, achieving the fusion of symbolic
computation and affective judgment. While affect can be symbolized, key in-
formation is lost in this process. Today’s multimodal large models, primarily
based on language models, still differ from biological thought logic. Endowing
Al with affective capabilities enables it to generate meaning and develop more
complex moral systems. This allows Al to transcend mere obedience to input
commands, making judgments before execution and potentially refusing harm-
ful or misleading information. This transformation helps address risks arising
from AI’s pure instrumentality.

Our three proposed affective interaction models represent analyses and sum-
maries of affective activity characteristics across different intelligent entities,
representing a realistically feasible affect-behavior logic. These models prioritize
rapid activation through sub-threshold pathways and body-centered responses,
avoiding the complexity of higher cognitive processes. From the perspective of
biological evolution, they provide a universal viewpoint emphasizing that sym-
bolic representation emerges later than high-level conceptual knowledge. This
view aligns with recent shifts in cognitive science that advocate eliminating men-
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tal representations from cognitive explanations (Chemero, 2013) and emphasize
multidimensional analysis integrating body, brain, and environment (Menary,
2010).

In summary, in AI's developmental trajectory, connecting insights from biologi-
cal evolution to AI’s future requires balanced integration of cognitive capabilities
and affective intelligence. This comprehensive approach promises a more nu-
anced, ethical, and human-centered path for Al development, fostering a future
where technology not only complements but also enriches human experience.
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