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Abstract

Socially assistive robots increasingly rely on Facial Expression Recognition (FER) to perceive the affective state of

their users, yet most systems stop at recognition and react in a culturally “one-size-fits-all” manner. Because they

are trained predominantly on WEIRD (Western, Educated, Industrialized, Rich, Democratic) data, they treat the

symbolic meaning of colors and emotions as universal, even though this meaning is a culturally learned construct.

We present the Visual Emotional Regulation System (VERS), a modular, device-agnostic architecture that dissociates

perception (treated, as a deliberate operational assumption, as largely universal) from signification (which is

culture-specific). A perceptual module recognizes the user’s emotion from facial expressions; a cultural-clustering

module maps a declared nationality to a macro-cluster; and a chromatic-actuation module composes a regulating

color by passing a culture-free regulatory intent through the user’s culture-specific symbolic code, verbalized

through an inner-speech layer that grants cognitive transparency, rendering each cultural assumption inspectable

and revisable.

A systematic, data-centric comparison of five vision backbones across three datasets shows that data quality

dominates architectural depth, with a Swin Transformer trained on a large, class-balanced corpus clearly outper-

forming deeper but data-starved alternatives. Crucially, the regulating color is not read from a lookup table but

composed at each cycle from a culture-free intent and a culture-specific symbolic code, so that identical detected

emotions yield culturally-differentiated colors, each delivered together with its verbalized rationale. A real-time

prototype illustrates this behavior in a preliminary, two-participant proof-of-concept A/B demonstration, in

which the same detected emotion is regulated with different, culturally-licensed hues; a protocol for large-scale

cross-cultural validation is defined and left to future work. We chart the limits of macro-cluster reasoning and

outline a path toward micro-adaptive, biometrically closed-loop regulation. VERS thus reframes affective robotics

as a problem of meaning, not merely of recognition.

Keywords

Culture-Aware Emotion Regulation, Chromatic Affective Regulation, Facial Emotion Recognition, Robot’s inner

speech, Robot’s cognitive transparency, Affective HRI, Social Robotics

1. Introduction

The evolution of Artificial Intelligence (AI) and Computer Vision is rapidly reshaping Human-Robot

Interaction (HRI). Where the historical goal was simply to execute instructions, the field now aims

at machines endowed with a form of emotional intelligence: machines that, beyond seeing objects or

faces, understand and react to the nuances of human behavior [1]. As robots move into assistive, thera-

peutic and educational environments - the domain of Socially Assistive Robotics (SAR) [2] - mere facial

recognition is no longer sufficient; artificial emotional intelligence becomes a functional requirement.

The current state of the art offers highly performant Facial Expression Recognition (FER) systems,

but it exhibits a structural gap: these systems recognize emotions without responding in a culturally

adequate way. Most models inherit the so-called WEIRD bias (Western, Educated, Industrialized, Rich,

Democratic) [3]: they are trained on datasets dominated by Western populations and implicitly assume

that facial expressions, the perception of emotions and the semantics of color are universal, when in
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fact the latter two are culturally learned constructs. A robot that ignores the cultural context of its user

therefore risks delivering ineffective, or even counterproductive, feedback.

Our proposal rests on a foundational theoretical distinction between perception and signification. Since

the work of Berlin and Kay on basic color terms [4] and Ekman on basic emotions [5], there is broad

evidence of a universal regularity in the perception of primary stimuli: people from different cultures

discriminate chromatic foci and basic facial expressions in substantially the same way (a universalist

reading that, for facial expressions, is contested [6] and that we adopt as a deliberate operational

assumption, see Section 3). Cultural variability, however, emerges forcefully in the association of

symbolic meanings, and this divergence increases with the complexity of the stimulus: as one moves

away from primary colors or instinctive emotions, the social constraint becomes predominant. The

system proposed here sits exactly at this interface. It does not attempt to correct perception but to

manage symbolic variability, adapting the machine’s response to the user’s cultural code, in line with

Color-in-Context theory [7] and with the notion of Cultural Awareness in HRI [8, 9].

In this paper we introduce the Visual Emotional Regulation System (VERS), which locates the user

within a cultural macro-cluster from a declared nationality and answers the detected emotion with

a regulating color (soothing negative states, reinforcing positive ones) adapted to its meaning in the

user’s culture, while an inner-speech layer verbalizes the decision. The contributions are the following:

• a modular, device-agnostic architecture that explicitly dissociates universal perception from

culture-specific actuation, and couples it to a transparent, verbalized decision process;

• a systematic, data-centric experimental comparison of CNN, pure-Transformer and hybrid back-

bones across three FER datasets, showing that data quality dominates architectural depth and

identifying a reliable perceptual engine for HRI;

• a real-time prototype, a protocol for cross-cultural validation, and a preliminary proof-of-concept

A/B demonstration illustrating that identical detected emotions can yield culturally-differentiated

chromatic responses;

• a critical analysis of the limits of macro-cluster reasoning, distinguishing invariant from high-

variance color-emotion associations, and a research agenda toward micro-adaptive, closed-loop

regulation.

The remainder of the paper is organized as follows. Section 2 reviews the background; Section 3

presents the architecture; Section 4 describes the prototype and the selection of its perceptual model;

Section 5 presents the validation protocol and a proof of concept; Sections 6 and 7 discuss limits and

conclude.

2. Background and Related Work

2.1. Color Psychology, Context, and Cross-Cultural Semantics

Color is far more than a visual stimulus: it conveys symbolic meanings that influence emotion, cognition,

and behavior. According to Color-in-Context theory [7], the psychological impact of a color emerges

from the interaction between biologically grounded perception and context-dependent learned associa-

tions. While humans share similar perceptual mechanisms for discriminating colors, their symbolic

interpretation is strongly shaped by cultural norms and social experience, a tension already highlighted

by early cross-cultural work on the affective connotations of color [10] and on the universality and

evolution of basic color terms [4].

Cross-cultural research confirms that color semantics are neither completely universal nor entirely

culture-dependent. A recent large-scale survey involving thousands of participants across dozens of

nations and native languages found robust universal color–emotion associations that are nonetheless

further modulated by linguistic and geographic proximity [11]. Some color–emotion associations, such

as red with love or anger and black with sadness, appear remarkably stable across geographically

and linguistically distant populations, suggesting a partially biological origin. Conversely, colors



such as white, yellow, and purple exhibit substantial semantic variability, assuming different or even

opposite meanings depending on the cultural context (e.g., purity versus mourning, prosperity versus

jealousy), a variability also documented in cross-national studies of color meanings and preferences [12].

Consequently, identical chromatic stimuli may produce different emotional interpretations across users.

This distinction has direct implications for Human–Robot Interaction. When colors are employed

as part of an affective regulation strategy, their effectiveness depends not only on perceptual salience

but also on their cultural interpretation. The principles of Cultural Awareness in robotics [8] and the

broader notion of cultural robustness [9] therefore argue against designing robots for a hypothetical

"universal user". Instead, socially intelligent systems should adapt their communicative strategies to the

cultural background of the individual with whom they interact.

These observations motivate the central premise of this work: while emotion perception may rely on

largely universal mechanisms, the selection of an appropriate chromatic response should account for

the user’s cultural framework.

2.2. Social Robotics and Affective Computing

Socially Assistive Robotics (SAR) extends traditional robotics by placing social interaction at the center

of the robot’s functionality. Unlike conventional robotic systems, whose primary objective is task exe-

cution, socially assistive robots operate in therapeutic, educational, and healthcare environments where

successful interaction depends on the robot’s ability to perceive, interpret, and respond appropriately to

human affective states [1, 2]. This capability is grounded in the field of affective computing, originally

articulated as the design of systems able to perceive, interpret, and simulate human affect [13], and

more recently systematized in comprehensive reviews of emotion models, databases, and computational

advances [14].

Recent advances in affective computing have enabled robots to move beyond simple emotion recog-

nition toward adaptive behavior generation. Modern cognitive architectures increasingly combine

affective information with contextual knowledge to personalize robot actions in real time, often relying

on AI planning techniques to dynamically select interaction strategies [15]. However, personalization is

typically driven by the detected emotional state alone, whereas the cultural interpretation of the robot’s

expressive signals remains largely unexplored.

For systems employing visual emotional cues such as color, this limitation becomes particularly

relevant. Color is an inexpensive, flexible, and perceptually salient channel for conveying affect, and

prior work in HRI has shown that colored light and chromatic facial cues can meaningfully shape how

users attribute emotions to a robot [16, 17, 18]. Nonetheless, a regulating strategy that is effective

for one cultural group may be ambiguous or even counterproductive for another. Therefore, affective

adaptation should consider not only how emotions are perceived, but also how the robot’s responses

are interpreted by users from different cultural backgrounds.

2.3. Inner Speech and Cognitive Transparency

Adaptive behavior alone is insufficient to establish effective human-robot collaboration. As robots

become increasingly autonomous, users must also understand the reasoning that guides their decisions.

This requirement has motivated the growing adoption of Explainable AI (XAI) and Interpretable AI

(IAI), which seek to make robot behavior more transparent and understandable, mitigating the opacity

often associated with deep learning systems [19].

Within social robotics, one promising approach consists of equipping the robot with an explicit

inner speech, namely an externalized internal dialogue through which the robot verbalizes its reasoning

process [20, 21]. Rather than serving merely as a debugging tool, inner speech enables users to follow

the cognitive steps leading to a decision, reducing ambiguity and fostering trust during interaction.

More recently, this paradigm has been extended to affective reasoning, allowing robots to explicitly

communicate not only what they intend to do, but also why a particular emotional response has been

selected [22].



This capability is particularly relevant in culturally adaptive systems. When different users receive

different regulating colors despite displaying the same detected emotion, transparency becomes essential

to avoid the impression of arbitrary behavior and to make the adaptation process understandable.

2.4. Facial Expression Recognition for Affective Perception

A fundamental issue for culturally adaptive responses is the estimation of the user’s current affective state.

Facial Expression Recognition (FER) has therefore become one of the most widely adopted perception

mechanisms in affective HRI, enabling robots to infer emotions from facial cues in a non-invasive and

real-time manner. The field has been extensively systematized in recent surveys of deep-learning FER

techniques, which map its architectures, benchmark datasets, and open challenges [23, 24].

Convolutional Neural Networks (CNNs) have traditionally dominated FER thanks to their strong

inductive biases, including locality and translation invariance, which allow efficient learning from

relatively limited datasets. More recently, Vision Transformers (ViTs) [25] have demonstrated superior

capability in capturing long-range dependencies through self-attention, producing richer global represen-

tations at the cost of higher computational and data requirements. The Swin Transformer [26] addresses

this trade-off by combining hierarchical feature extraction with window-based self-attention, achieving

an effective balance between recognition performance and computational efficiency. Transformer-based

architectures have also been adapted specifically to FER, learning expression-related representations

while mitigating the data demands typical of attention-based models [27]. These characteristics make

such models particularly suitable for real-time HRI, where robust perception must coexist with limited

computational resources.

Within VERS, FER constitutes the perception layer of the architecture, providing the emotional state

that drives the subsequent culture-aware regulation process. Since the effectiveness of the overall

system depends on the robustness of this perceptual module, different deep-learning backbones are

experimentally evaluated and compared in the implementation phase to identify the most suitable

model for real-time deployment.

3. The Visual Emotional Regulation System

3.1. Design Principles

VERS is a modular, device-agnostic software architecture that runs on any device with standard compute,

a camera and a screen. Two commitments shape the system. First, it is a closed-loop architecture: whereas

conventional facial-recognition pipelines terminate at classification, VERS adds an active response stage

that continuously modulates the user’s affective state and re-reads the face, treating regulation as an

ongoing control problem rather than a one-shot inference. Second, and more distinctively, it dissociates

universal perception from culture-specific actuation: where standard affective systems map an emotion

onto a fixed reaction, VERS interposes a cultural filter between sensing and acting, so that the same

detected emotion yields different regulating colors according to the user’s background.

Functionally, VERS unfolds as a sensing-thinking-acting loop of four cooperating modules (Figure 1),

preceded by an offline training phase in which the perceptual backbone learns the weights required

for emotion recognition; at inference time the biometric datum (emotion) and the contextual datum

(culture) converge to produce the regulating output. The loop is bound together by an inner-speech
layer [21, 20] that recalls the cultural knowledge from declarative memory and rehearses it into a

first-person justification, and that also utters motivational (negative emotions) or reinforcing (positive

emotions) messages, so that regulation is delivered both visually and verbally. Since actuation reduces to

a screen and a voice, it transfers to any screen-equipped embodiment, such as Pepper’s chest display. The

reference deployment is client-server : a workstation carries vision and reasoning, while the embodied

agent acts as social interface for acquisition and actuation.



Figure 1: High-level VERS architecture: perception (sensing) is dissociated from culture-specific actuation

(acting); the thinking stage performs cultural clustering and color selection; the inner-speech layer verbalizes

every stage.

3.2. Perception Module (Sensing)

The perception module supplies the loop with an objective, culturally neutral acquisition of the user’s

state. The webcam stream is captured frame by frame and a face detector isolates the Region of Interest

(ROI); alongside this biometric channel, the module also handles the interactive exchange through

which the user declares a name and a geographic origin, so that both the facial datum and the contextual

datum enter the loop at the sensing stage.

This output enters working memory and is rehearsed as a first-person observation (e.g. “I am looking
at Giulia’s face; I’m trying to process the muscular configuration for estimating emotion” ), mirrored on

screen by a bounding box and the predicted label.

3.3. Cultural-Clustering Module (Thinking)

This module fuses biometric and cultural information within working memory: it runs the emotion

classification on the ROI, yielding the dominant emotion and its confidence, and retrieves the declared

origin, stored in declarative memory. Anchoring detection in Ekman’s basic emotions [5] is a deliberate

choice rather than an unexamined premise. Their universality is contested: constructionist accounts

argue that emotion categories lack fixed facial signatures [28], and cross-cultural studies report culture-

specific expressive patterns and recognition rates below universalist predictions [29, 30, 31, 6]. We

adopt the basic-emotion taxonomy pragmatically, as the label space of the available large-scale FER

corpora; the perception/signification boundary is thus an engineering idealization, and the cultural

variability located in perception itself is not modeled by the sensing stage. Assuming that sensing has

identified the emotion and that focal colors are perceived coherently [4], the module’s task is to select a

color that regulates the detected emotion while respecting the local symbolic code.

Crucially, this regulating color is not read off a cell but composed from two independently grounded

axes. The first is emotion-driven and culture-free: the detected emotion fixes a regulatory intent, a target

region in valence-arousal Russell’s space (circumplex model) [32] specifying what kind of response is



Table 1

CHROMA_REGULATION as the cross-tabulation of the intent × constraint composition: each cell is the

RGB stimulus the compose step selects to steer the detected emotion toward equilibrium: the regulatory

intent picks the target, the cluster’s symbolic code filters the admissible hues. Entries were authored

manually from the cited literature (see text) and have not yet undergone inter-rater validation.

Emotion Regulation intent West East_Asia M_East Latam Africa
†

Joy Reinforce (mirror) 245,190,60 200,35,45 20,140,80 250,140,40 240,190,60

Sadness Uplift (warm, gentle) 245,180,120 218,165,32 222,184,110 250,205,95 70,160,95

Anger Calm (cool, low arousal) 70,140,205 95,160,205 55,125,190 55,170,110 70,140,190

Fear Reassure (secure) 131,193,157 245,205,140 34,139,34 95,165,210 125,185,125

Disgust Refresh (neutralize) 120,200,190 115,190,160 238,236,224 70,190,180 90,185,170

†
The Africa macro-cluster aggregates highly heterogeneous color-symbol systems; its entries are the least reliable of the

matrix and limit its generalizability.

required (for sadness, a warm, gently uplifting tone that raises valence while keeping arousal low). The

second is culture-driven and emotion-free: the declared origin, resolved to a cultural cluster, recalls that

cluster’s symbolic code, i.e. the hue families its convention licenses or forbids - for East_Asia, admit the

auspicious red-gold family, forbid white (mourning) and green (the “green hat” idiom). At each cycle

the module computes the composition of the two axes (the warmest, most uplifting hue the cluster does

not proscribe) and the rehearsal process makes the two-part reasoning explicit, so that the thinking

phase too produces inner speech (e.g. “Giulia comes from China, hence East_Asia; she is sad, so I need a
warm, uplifting tone; here gold is auspicious, whereas white would mean mourning” ).

Table 1 is the cross-tabulation of this operation (intent × constraint across five emotions and five

clusters), not the rule itself. Entries are full RGB triples, so two cells of the same hue family can still

differ. Keeping the axes separate yields counterfactual portability (swapping only the origin answers

“and if Giulia were Western?”) and graceful degradation: for an under-specified cluster or an unmapped

country, the system can regulate on the culture-free intent alone and say so.

The matrix was hand encoded. The admissible and forbidden hue families and the regulatory intents

are drawn from the cited literature [7, 11, 12, 32]. The specific RGB triple within a family is derived by

applying the hue–saturation–brightness correlates of affect reported by Valdez and Mehrabian [33]

(brightness raising pleasure, saturation raising arousal) to the target valence–arousal region; the

resulting triples are therefore rule-based rather than individually attested by the cultural sources.

A central design decision is that the module reasons over cultural macro-regions rather than individual

countries, grounded in research showing that nations recurrently group into a small number of stable

clusters defined by shared values, language, religion, and geography [34, 35]. Five data structures in

declarative memory implement and factor the decision:

• INPUT_MAPPING normalizes heterogeneous input (“Italia”, “Italy”, “IT”) into ISO country codes;

• COUNTRY_TO_CLUSTER performs the cultural lookup onto the five macro-clusters (West,

East_Asia, M_East, Latam, Africa);

• SYMBOLIC_CODE maps each cluster to its emotion-free chromatic convention, i.e. the hue families

it admits or forbids;

• REGULATORY_INTENT maps the emotion to a culture-free valence–arousal target through the

regulate/maintain logic: the sign of the valence selects the strategy. Along Path A (negative

valence) the system opposes the state: anger (high arousal) is met with cool, low-arousal tones,

sadness (low arousal) with warm, luminous but non-aggressive ones. Along Path B (positive

valence, e.g. joy) it mirrors the state to reinforce well-being;

• CHROMA_REGULATION is the derived cross-tabulation: for each cluster × emotion, the RGB triple

returned when the intent is satisfied under the constraint (e.g. sadness in East_Asia yields a

warm gold, not white or green).



Thus, for a sad user the intent is invariant, but the admissible hue varies by cluster: a warm peach

for West (avoiding melancholic blue), a warm gold for East_Asia (excluding white and green), a warm

yellow for Latam (excluding mourning purple and black).

3.4. Chromatic-Actuation Module (Acting)

The regulating color floods the full display, closing the feedback loop: as the detected expression

changes, the color adapts. Colored light and full-field chromatic displays have been shown to shape

affective response and emotion attribution in HRI [16, 17]. As the color is displayed, the rehearsal

process emits an utterance naming the act and its purpose (e.g. “I now bathe the scene in warm gold to
soothe you” ), so that the user both sees the color and hears why it was chosen.

3.5. Inner Speech as the Cognitive Backbone

The inner-speech layer is not an explanatory add-on but the place where the cultural knowledge

resides and decisions are formed. The SYMBOLIC_CODE, the declared origin and CHROMA_REGULATION
form the agent’s declarative memory; the detected emotion, mapped through REGULATORY_INTENT, is

composed there with the cultural constraint; and the rehearsal process fixes the regulating color while

verbalizing its two-part reason. Since selection and explanation come from a single recall-compose-

rehearse cycle, each module leaves a first-person trace of what was perceived, how it was interpreted

and why a color was chosen: VERS is transparent by construction rather than through a post-hoc report.

This transparency reaches beyond legibility. A bare correspondence table encodes culture as a

closed, essentializing ontology, the very move for which national value-cluster cartographies are justly

criticized, since it treats a nation as a homogeneous bundle of values. By factoring the decision into a

culture-free intent and an explicit, separable symbolic code, and by surfacing that code as an interpretive
act rather than a verdict (not gold but “here gold is auspicious, whereas white would mean mourning” )

the rehearsal layer turns each cultural commitment into a claim that a user or critic can inspect, contest,

and refuse. Transparency in VERS is therefore not cosmetic readability but the condition under which

the system’s cultural assumptions remain revisable rather than naturalized, and the macro-cluster

approximations (coarse by construction, as the Africa entry shows) are treated as defeasible defaults

rather than facts. The trace is always shown as an on-screen speech bubble and, when audio is available,

also uttered aloud.

4. Prototype Implementation

The prototype instantiates the sensing-thinking-acting loop as a four-stage interactive session: (i) real-

time emotional sensing through the perceptual backbone, which draws bounding boxes and labels on

the live video; (ii) a short social exchange that collects the user’s name and declared geographic origin;

(iii) the culture-aware computation of the regulating color; and (iv) full-screen chromatic actuation with

the inner-speech rationale. Speech synthesis runs asynchronously alongside video processing, so that

the agent can “see” and “speak” at the same time. A stylized Virtual Pepper avatar provides the social

interface (Figure 2); the physical robot, when present, behaves in the same way.

4.1. Perception Module: An Experimental Study

Every downstream decision is conditioned on the detected emotion, so a misread expression propagates

unchanged to the actuator. Two constraints made a dedicated study necessary. First, the module must

sustain a fluid real-time loop on accessible hardware, so accuracy has to be weighed against latency

and memory footprint. Second, the cost of error is asymmetric: confusing emotions that call for opposite

regulation (sadness, warm tones; anger, cool ones) is far more damaging than a generic drop in accuracy.

The model was thus chosen against a safety threshold on the confusions that matter, not against an

aggregate score.



Figure 2: The Virtual Pepper social interface running on a screen through the three phases of the loop (sensing,

thinking and acting), from real-time emotion recognition to the culture-aware chromatic actuation accompanied

by its inner-speech rationale.

4.1.1. Experimental Setup

We compared five backbones contrasting the local inductive bias of CNNs with the global modeling

of Transformers: ResNet-18 (≈ 11M parameters, lighter and less prone to overfitting on small or

noisy data) and ResNet-50 (≈ 25M parameters, the industrial CNN benchmark); ViT-Base (pure global

attention) together with its distilled variant ViT-Tiny (for resource-constrained scenarios); and the

hybrid, hierarchical Swin-T.

These backbones were trained on three datasets of increasing quality and balance. FER2013 [36] is

the historical benchmark (35,887 grayscale 48×48 images over seven basic emotions), but it suffers

from label noise (estimated human accuracy ≈ 65%) and strong class imbalance (e.g. 547 disgust vs.

8,989 happiness samples), which penalizes deep networks. FERPlus [37] keeps the same images but

replaces single hard labels with crowd-sourced soft labels from ten annotators and adds finer classes

such as contempt [38]. Finally, FER2025 [39] is a large-scale, class-balanced corpus of over 1.5 million

75×75 images designed to remove the imbalance of FER2013 and to fully exploit modern Transformers,

publicly released under a CC BY-NC 4.0 license
1
. FER2025 is a self-published resource by a single

author: it has not undergone peer review, has seen limited adoption to date, and its label quality and

demographic composition have not been independently validated. Since our best result is obtained on

it, the figures below should be read with this caveat and confirmed on independently validated corpora.

Each dataset was split 70/20/10 (train/validation/test) with class stratification; mini-batch gradient

descent used a batch size of 64. CNNs were trained on Google Colab, while the data-hungry Transformers

exceeded its limits and were moved to Kaggle kernels (P100/T4 GPUs). To fit the available VRAM, a

class-balanced subset of FER2025 was used for the final Swin-T training.

4.1.2. Results

Contrary to the expectation that deeper networks perform better, ResNet-50 on the noisy FER2013

struggled to exceed 60-65%: with its 25M parameters it tended to fit the noise rather than generalize.

The lighter ResNet-18 on the clean FERPlus instead reached 81.14%, a reversal showing empirically that

a shallower model on quality data beats a deeper model on poor data. Residual difficulties persisted only

on minority classes (F1 of 0.33 for disgust, 0.29 for contempt), a direct consequence of class imbalance

later resolved by FER2025.

Vision Transformers ran into a computational limit. A pure ViT on FER2013 reached only 72.44%:

1

https://huggingface.co/datasets/imadhavan/FER2025, DOI: 10.57967/hf/8296.

https://huggingface.co/datasets/imadhavan/FER2025


Table 2

Summary of the experimental study. Data quality dominates architectural depth; the hybrid backbone on a

balanced corpus is the only configuration that surpasses the 80% threshold.

Architecture Dataset Accuracy

ResNet-50 (CNN) FER2013 60–65%
ResNet-18 (CNN) FERPlus 81.14%
ViT (pure Transformer) FER2013 72.44%
ViT (pure Transformer) FER2025 failed (OOM)

ViT-Tiny FER2025 low / underperforming

Swin-T (hybrid) FER2013 70–72%
Swin-T (hybrid) FER2025 87.87%

higher than ResNet-50 on the same data, yet below ResNet-18 on FERPlus, and marked by a diverging
gap, training accuracy shooting toward 95% while validation stalled near 72% and validation loss began

to rise, the classic overfitting pattern. The consequences were critical for HRI: the fear class scored

only 0.57 F1, with many fear samples misclassified as sadness or anger. Attempts to train the ViT on

FER2025 failed with Out-Of-Memory errors and session timeouts even after upgrading to Colab Pro,

and the distilled ViT-Tiny trained but lost the capacity to capture the micro-expressions needed to

separate similar emotions. Model compression alone was therefore not the answer.

The hybrid backbone provided the optimal balance. Even Swin-T on FER2013 remained at 70–72%,

confirming that not even a state-of-the-art architecture can overcome low-quality input. Only the

combination of the hybrid backbone with the balanced, high-resolution corpus (Swin-T on FER2025)

broke the 80% barrier, reaching 87.87% test accuracy with stable convergence. Per-class F1-scores

rose above 0.90 on historically hard classes (0.96 for disgust, 0.93 for fear), with only a mild residual

confusion between static sadness and neutrality. Repeated runs with random re-shuffling of the splits

stayed consistently above 85%, indicating genuine generalization rather than a fortunate split.

Table 2 summarizes the campaign. Beyond raw numbers, a qualitative real-time comparison exposed

operational issues invisible to metrics alone: ResNet-50 showed unstable, low-confidence bounding

boxes on noisy data, and the ViT introduced latency that made the interaction jerky, whereas Swin-T

combined accuracy with fluid, responsive inference. This is what the safety threshold demands: Swin-

T’s local-plus-global self-attention proved superior at disambiguating subtle expressions (e.g. disgust

vs. anger) where CNNs failed, and modern GPU-accelerated hardware processed frames in real time

without interaction-breaking latency. Swin-T on FER2025 was therefore selected as the perceptual

engine, the only configuration meeting the safety threshold required for reliable empathic interaction.

5. Cross-Cultural Validation Protocol and Proof of Concept

To assess VERS, we defined an evaluation protocol intended for large-scale administration; its application

to a broad, culturally balanced cohort is future work. In this paper the protocol is applied only in a

two-participant proof of concept, which illustrates the behavior of the cultural module and the feasibility

of the procedure, but does not constitute a validation of it.

5.1. Evaluation Protocol

The planned study will involve approximately 𝑁 = 50 participants who interact with the platform. Two

five-point ratings together with open verbal feedback, correlating the participant’s declared cultural

background with their assessment of the system’s response, will enable VERS assessment; Table 3

summarizes the fields and scales the protocol will record. Cultural congruence ranges from “totally

inappropriate/offensive” (1) to “perfectly appropriate” (5) and captures whether the chosen colour

respects the user’s symbolic code; emotional efficacy ranges from “no effect/worsening” (1) to “sense of

well-being/calm” (5) and captures the regulation’s felt effect. The open feedback surfaces discrepancies



Table 3

Data-collection protocol for subjective validation: the two ordinal scales and the open feedback recorded for

each interaction.

Field Scale Captures

Cultural congruence 1–5 Appropriateness to the symbolic code

Emotional efficacy 1–5 Felt regulatory effect

Verbal feedback Open Rationale and model discrepancies

Figure 3: Proof-of-concept A/B demonstration for an identical detected emotion (fear): (a) an Albanian user

(West) receives a soft Sage Green, RGB (131, 193, 157); (b) a Saudi user (M_East) receives a Sacred Green, RGB

(34, 139, 34). Anecdotal ratings (𝑛 = 2, one color per participant; not statistically interpretable): Albanian user,

cultural congruence 5 and emotional efficacy 4; Saudi user, cultural congruence 4 and emotional efficacy 4.

between the theoretical model and lived experience that the numerical scales alone would miss. The

protocol is deliberately model-agnostic and scale-independent (the same grid applies unchanged to

any cluster, emotion and cohort size) so that it can be administered as-is to a large, culturally balanced

sample.

5.2. Proof of Concept: an A/B Demonstration

As a proof of concept, we applied the protocol to a controlled A/B demonstration with two participants,

one Albanian and one Saudi, each exposed to a single color. The demonstration holds the detected

emotion fixed (fear) and varies only the declared nationality. The design is deliberate: if the system

implemented a rigid, emotion-only mapping, both users would receive an identical colour, so any

difference in the output can be attributed solely to the cultural context. As reported in Figure 3, the

algorithm discriminated the two contexts and returned two renderings from the same green family.

Both users receive a green, consistent with the regulation logic of Section 3: fear is a high-arousal,

negative-valence state, so Path A calls for a calming, non-aggressive tone that restores a sense of safety,

and green satisfies this requirement while being culturally positive in both clusters. What differs is the

rendering, tuned to each local code: for the M_East cluster a deep, saturated “Sacred Green” evokes

protection and spirituality, countering fear with solidity; for the West cluster a soft, desaturated “Sage

Green” evokes nature and grounding, reassuring without visual aggression.

The distinction is not cosmetic. The two users receive different RGB triples and two different triples

are two different colours, however similar their names: the stimulus produced by flooding a display

with the former is not the one produced by the latter. That a shared hue name (“green”) resolves to

distinct, culturally-selected values is precisely the behaviour a rigid emotion-only mapping could never



produce, since such a mapping would return one fixed colour for fear regardless of who is watching.

This case is intentionally conservative: it isolates cultural tuning within a shared hue family, the

subtlest form the adaptation can take. The same mechanism produces full cross-hue divergence when

the local codes disagree more sharply, for instance sadness regulated with a warm gold in the East_Asia

cluster versus a warm peach in the West, or the outright exclusion of taboo hues such as white, as

tabulated in the regulation matrix (Table 1). Only the within-family case was presented to participants

in this proof of concept; the cross-hue cases are produced by the implemented pipeline but have not yet

been assessed with users. Across both levels of variation the intended behavior is the same: the system

does not merely apply universal color psychophysiology but overlays a semantic filter aimed at a safe,

empathic interaction.

Both participants responded favorably (anecdotal ratings are reported in the caption of Figure 3); their

verbal feedback linked the tuned tones to felt “protection” and “relaxation” and described the robot’s

spoken rationale as “scientific and reassuring”. With two participants, each exposed to a single color,

these responses show that the pipeline behaves as designed and that the protocol can be administered

end to end; they do not establish the cultural congruence or the regulatory efficacy of the module,

which require the planned cohort study against a culturally neutral baseline.

6. Discussion, Limitations and Future Work

The results are consistent with the initial hypotheses, but with different degrees of evidential support.

The most solid is empirical: Swin-T on FER2025 is a reliable perceptual engine (87.87%), although

this figure is obtained on a corpus that has not yet been peer reviewed. The prototype closes the

recognition→decision→color loop in real time on standard hardware. The proof of concept illustrates

that cultural clustering can differentiate the chromatic response to the same emotion and exclude

“taboo” colors; this is a demonstration of designed behavior, not an empirical validation. The percep-

tion/signification distinction therefore remains, at this stage, a motivated architectural hypothesis

whose benefits the planned user study is meant to test.

The distinction also rests on a contested premise. By treating facial expression recognition as culturally

neutral, VERS follows basic-emotion theory [5], whereas constructionist accounts and cross-cultural

evidence suggest that part of the cultural variability already arises in how emotions are expressed

and perceived [28, 30, 31, 6]. In VERS this variability is not modeled by the sensing stage; a natural

extension is to make the perceptual stage itself culture-conditioned (e.g. cluster-specific calibration of

the classifier), while keeping the inspectable separation of the two stages.

The use of macro-clusters is a necessary but reductive engineering simplification: it flattens national

specificities (e.g. Japan vs. China within the same cluster). Importantly, the resulting error is not uniform
across colors, nor across clusters: the Africa macro-cluster, which aggregates highly heterogeneous

color-symbol systems, is the coarsest approximation and limits the generalizability of the chromatic

matrix. Invariant color–emotion pairs can be handled safely, because the probability of cultural misun-

derstanding is low; high-variance associations (white, purple, yellow), by contrast, demand a much finer

granularity than the current “West/East” partition. Ignoring this differential variance would expose the

agent to actuation errors precisely in the most delicate cultural nuances. Moreover, the specific triples

of Table 1 were authored manually and have not been checked for inter-rater agreement, which is a

prerequisite for treating them as more than documented design hypotheses.

Although FER2025 is balanced for emotion classes, demographic representation may not be perfectly

uniform. Beyond ethnicity, a residual gender bias may persist: features such as make-up or facial hair

alter facial landmarks, so an unevenly exposed model could perform worse on one group than another,

compromising the universality of the service. These demographic biases were not quantified in the

present study, since per-group accuracy was not measured; doing so is a precondition for deployment.

The system currently assumes that the chosen color is effective, based on the color-psychology

literature, without real-time physiological confirmation. Since indices such as Heart-Rate Variability

(HRV) are established objective correlates of emotion regulation [40], the absence of biometric feedback



is a genuine limitation.

A first, essential direction is a large-scale cross-cultural user study: the A/B demonstration reported

here is illustrative, and a systematic validation with human participants across the target cultural

clusters, with statistical analysis against a culturally-neutral baseline and an inter-rater check of the

chromatic matrix, is planned and constitutes the core of our future work. Four further directions follow.

(1) Micro-adaptive regulation: replacing static macro-clusters with a granular cultural database or a

reinforcement-learning agent that learns each user’s chromatic preferences over time. (2) Fairness and
de-biasing: stratified data collection balanced by gender and age, toward algorithmic fairness that keeps

accuracy uniform across biological characteristics. (3) Ambient perceptual calibration: adapting emitted

brightness and saturation to ambient light, since the same color has different psychophysiological impact

in a dark room versus daylight. (4) Closed biometric loop: integrating remote photoplethysmography

(rPPG) to estimate HRV from facial color variations, and pupillometry as a non-contact index of arousal

and cognitive load [41], turning VERS into a genuinely closed-loop affective framework.

7. Conclusion

We presented VERS, a culturally-aware visual emotional regulation architecture for social robotics

that separates universal perception from culture-specific signification. A systematic, data-centric

study identified a Swin Transformer trained on a balanced large-scale corpus as the most reliable

perceptual engine (87.87%), and a real-time prototype, in a preliminary proof of concept, illustrated

culturally-differentiated chromatic regulation coupled with transparent inner-speech verbalization; its

large-scale cross-cultural validation is the next step. Beyond its technical results, VERS is a concretely

interdisciplinary artifact, joining computer vision, cross-cultural psychology and affective HRI, that

reframes affective robotics as a problem of meaning, not only of recognition. Moving from macro-

clusters to micro-adaptive, biometrically closed-loop regulation is, we argue, the path toward robots

that are not merely accurate but culturally and empathically appropriate.
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