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Abstract

Micro-expressions are brief and subtle facial movements that convey nuanced affective information but often
remain imperceptible during natural social interaction. Although prior research has primarily focused on
computational recognition and spotting of micro-expressions, their application in human-centered contexts
remains limited. From the perspective of social augmentation, this work proposes a conceptual framework
for micro-expression visualization that transforms otherwise imperceptible micro-expressions into perceptible
affective cues, with the aim of exploring their potential influence on empathic experience. Furthermore, we
outline a planned pilot study to preliminarily assess the feasibility of this framework under controlled conditions.
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1. Introduction

Empathy is commonly described as the capacity to take another person’s perspective, enabling one
to understand, feel, and respond to another’s experiences. As a fundamental component of social life,
empathy plays a central role in everyday interpersonal interactions and emotional communication,
shaping how individuals connect with others and navigate social relationships [1]. Beyond explicit
reasoning or verbal exchange, empathy is also closely tied to how people perceive and make sense
of others’ emotional experiences in social interaction. In this sense, the ability to perceive another
person’s emotional states can be considered a crucial aspect of empathy [2].

Facial expressions serve as a fundamental channel for affective perception during social interaction
[3, 4, 5]. As visible and shared signals, facial expressions provide immediate information about others’
emotional states and play an important role in supporting empathic understanding during face-to-
face communication [6]. Moreover, by eliciting unconscious facial mimicry, perceiving others’ facial
expressions supports empathic responses in observers [7, 8, 9]. However, not all affective information
expressed on the face is equally visible or easy to notice in natural social interaction.

Facial expressions can be divided into macro-expressions (MaEs, also known as regular or standard
expressions) and micro-expressions (MEs) [10, 11]. MaEs typically last between 0.5 and 4 seconds and
are expressed with high intensity, making them consciously perceptible and highly salient in everyday
social interaction [10, 12]. In contrast, MEs are brief and subtle facial movements that usually last
less than 0.5 seconds and occur with low intensity, making them difficult to perceive during natural
social interaction [13]. Importantly, prior studies suggest that MEs may reflect underlying emotional
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Figure 1: Overview of our Research Motivation.

This figure shows two people engaged in social interaction. The left person shows facial expressions. Macro-
expressions are shown as visible and perceived by the observer, while micro-expressions are shown as invisible
and unperceived. A visualization component illustrates the goal of making micro-expressions perceptible as
affective cues to the observer.

(Top image source: simple.wikipedia.org/wiki/Facial_expression, by Southerly Clubs, license: CC BY-SA 3.0)
(Bottom image source: reproduced from Yan et al. [15])

states that are less subject to deliberate control, as they tend to be elicited automatically, even without
conscious awareness of the emotional stimulus [10, 14]. Nevertheless, despite their potential to convey
critical affective information, the fleeting and subtle nature of MEs renders them largely imperceptible
in natural social interaction.

As a consequence, observers may miss critical affective cues that are potentially important for
empathic understanding. In this work, we aim to make MEs perceptible through visualization, as
illustrated in Fig. 1. We also aim to investigate how transforming such affective cues from invisible (i.e.,
difficult to perceive with the unaided/untrained human eye) to visible may influence empathy in social
interaction. Here, empathy is treated as an integration of cognitive empathy and affective empathy.

2. Related Work

In this section, we review prior studies on visible facial expressions and empathy, psychological research
on MEs and empathy, advances in MEs spotting and recognition, and recent work on social augmentation
for empathy support. Together, these lines of work situate our research vision and motivate our pilot
study:.

2.1. Visible Facial Expressions and Empathy

According to foundational work in nonverbal communication, when verbal content and nonverbal cues
convey inconsistent information, observers tend to rely more heavily on nonverbal signals (particularly
facial expressions) when interpreting a speaker’s emotional states [4]. This reliance highlights the
central role of visible facial expressions as a primary source of affective information in empathic
understanding.

Early electromyography studies demonstrated that exposure to emotional facial expressions, such as
happiness or anger, reliably induces congruent facial muscle activity in observers, even in the absence
of conscious intention [7, 16]. These findings revealed that facial responses to others’ expressions
can occur automatically and provided the empirical basis for the concept of facial mimicry, which
describes the unconscious tendency to mirror others’ facial movements [7, 16, 17]. Further evidence

12



from studies of neonates shows that even newborn infants exhibit spontaneous imitation of facial
gestures, suggesting that facial mimicry emerges early in life and does not depend on explicit training
or social learning [18].

Through facial feedback processes, these automatically elicited muscular responses can evoke corre-
sponding emotional states in the observer, a phenomenon commonly referred to as emotional contagion
(8, 19]. Accordingly, effective perception of visible facial cues is essential for activating this innate
internal simulation process, which supports empathic responses between individuals.

2.2. Micro-Expressions and Empathy

While MaEs are socially prominent, MEs offer a more nuanced window into an individual’s emotional
experience. Their emergence is widely regarded as a critical cue for understanding subtle emotional
processes [10, 20].

However, the fleeting and subtle nature of MEs creates a significant perceptual barrier that compro-
mises the empathic process described in the previous section. Research suggests that MEs last less than
0.5 seconds, falling below the threshold for conscious detection by untrained observers [10, 12, 21].
Consequently, these critical affective cues often remain unperceived during social interaction, resulting
in the loss of potentially valuable affective information [22]. The gap between the presence of affective
information and the observer’s limited ability to perceive it constrains empathic understanding during
natural social interaction.

Despite these perceptual constraints, evidence from studies using the Micro Expression Training
Tool demonstrates that enhancing sensitivity to MEs significantly improves empathic understanding,
thereby fostering better rapport in clinical and interpersonal settings [20, 21, 23]. These findings suggest
that the affective information contained in MEs is vital for fostering empathy, but its impact remains
limited by the constraints of human perception. This limitation provides a compelling motivation
for technological interventions aimed at ME visualization, thereby improving the observer’s empathy
during social interaction.

2.3. Micro-Expression Annotation and Analysis

Micro-expression analysis is generally divided into two tasks: ME spotting and recognition. Research on
ME analysis has traditionally relied on carefully annotated datasets, with annotation typically performed
using the Facial Action Coding System (FACS). This process requires certified professional coders to
identify subtle facial muscle movements, known as Action Units (AUs), through frame-by-frame analysis
[24, 25, 26, 27]. As a result, ME annotation is time-consuming, costly, and difficult to scale, leading to
relatively small datasets collected primarily under controlled conditions [15, 24].

In the early stages of the field, ME recognition research focused predominantly on physiological
signals, such as electroencephalography and electromyography, to capture internal affective changes
that precede or accompany facial affective information [28, 29]. With the rapid development of deep
learning, the field has increasingly shifted toward computer-vision-based approaches [30, 31]. By
leveraging advanced architectures, recent methods have achieved substantially improved recognition
performance on benchmark datasets including CASME II, SAMM, and SMIC [15, 32, 33]. Building on
these advances, multimodal recognition approaches that integrate facial video with physiological or
thermal signals have further enhanced classification robustness [34]. In parallel, multimodal ME datasets
have begun to emerge, providing new resources for ME analysis [35]. Together, these developments
indicate that once an ME is accurately segmented, its emotional category can be classified with relatively
high reliability.

In contrast, ME spotting (i.e., identifying the temporal locations of MEs within long and unsegmented
video sequences) remains considerably more challenging [36]. Spotting is inherently closer to real-world
scenarios, where MEs occur sparsely amid neutral or unrelated facial movements. Although recent
methods have reported progress, spotting accuracy in spontaneous and unconstrained settings remains
limited, with persistent issues such as false positives and temporal imprecision [37, 38]. Consequently,
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while advances in ME recognition have made ME analysis increasingly feasible, reliable spotting
continues to represent a critical bottleneck for practical deployment.

2.4. Social Augmentation for Empathy

Despite substantial progress in ME recognition and spotting, much of the existing work remains
focused on algorithmic analysis and evaluation, and has yet to be applied in real-world settings. To
transition these technical advancements into human-centered environments, a promising approach is to
leverage these advancements for social augmentation. Social augmentation seeks to use computationally
mediated elements to externalize or amplify latent affective signals, thereby supporting human social
perception and interpersonal understanding [39, 40, 41].

Prior studies in this space have explored various forms of social augmentation, such as providing
users with additional affective or behavioral cues to facilitate the interpretation of others’ emotional
states and social intentions [39, 42]. Rather than replacing human judgment, these approaches aim to
complement natural social perception by making otherwise implicit information more accessible.

The rapid development of eXtended Reality (XR) has recently provided a powerful vehicle for such
interventions [43, 44]. However, existing research combining XR and MEs has largely been conducted
in Virtual Reality (VR), where MEs are embedded in digital avatars to investigate their impact on
users’ empathy in fully simulated environments [45, 46, 47]. While these virtual-world studies validate
the potential of ME-based feedback, they often bypass the complexities of physical presence and
spontaneous human encounters. In contrast, Augmented Reality (AR) is particularly well suited for
social augmentation, as it blends virtual information with the physical environment [48, 49]. This
unique advantage makes AR an ideal platform for ME visualization, allowing subtle affective cues to be
seamlessly overlaid onto the user’s real-world field of view during social interaction.

3. Research Questions

Despite existing research suggesting that MEs convey affective information relevant to empathy, their
low intensity and short duration make them largely imperceptible during natural social interaction. As
a result, it remains unclear whether making such latent affective cues perceptible through visualization
can meaningfully influence empathic experience, and how different visualization strategies compare in
their effectiveness. Guided by this gap, we propose the following research questions:

RQ1: Does visualizing micro-expressions influence observers’ empathic experience during social interac-
tion?

RQ2: How do different micro-expression visualization strategies, with varying levels of abstraction and
intervention, compare in their effectiveness for supporting empathic experience?

4. Conceptual Framework

To address the challenges of ME perception, we propose a framework that converts such latent facial
affective signals into visible cues, as depicted in Fig. 2. The framework is organized into three primary
stages: facial video acquisition, ME analysis, and visualization of ME cues.

4.1. Facial Video Acquisition

In natural social interaction, MEs are embedded within continuous facial behavior and occur briefly
and spontaneously [10, 14, 50]. Accordingly, capturing MEs requires continuous facial video acquisition
rather than isolated image sampling.

Beyond continuous capture, sufficient temporal resolution is also essential. Higher frame rates
preserve fine-grained temporal information and enable the observation of rapid facial movements
associated with MEs [51]. Consequently, existing ME datasets and analysis pipelines are predominantly
based on high-frame-rate recordings [36, 51]. To remain consistent with these research practices and
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Figure 2: Conceptual framework of the micro-expression (ME) visualization system.

During social interaction, a high-speed camera captures facial video streams of the observed person. The video
stream is then transmitted to a server, where MEs are analyzed and ME cues are extracted, including inferred
affective information and facial action units. These cues are subsequently sent to an AR device worn by the
observer and visualized in real time to support perception during social interaction.

The example on the right illustrates different forms of ME cues that may be visualized, including (from top to
bottom): (a) text, (b) line-based motion cues, (c) micro-to-macro transformation.

(Image source: reproduced from Yan et al. [15])

to support subsequent ME analysis, the proposed framework assumes high-frame-rate facial video
acquisition.

4.2. Micro-Expression Analysis

Once facial video streams are received, the server performs ME analysis on the continuous input, which
consists of two stages: ME spotting and ME recognition.

Micro-expression spotting aims to identify and extract candidate ME segments from the video stream.
These extracted segments are then used as input for ME recognition, which analyzes each segment to
infer ME cues, including facial action units and associated affective information. The resulting ME cues
are subsequently transmitted to the AR device, where they are visualized to support perception during
social interaction.

4.3. Visualization of Micro-Expression Cues

Given that ME visualization is intended to be used during ongoing face-to-face interaction, it is important
that the visualization introduces minimal disruption to natural social dynamics. Accordingly, we plan
to adopt an optical see-through AR device, which allows visual information to be overlaid onto the
physical environment with relatively low intrusiveness, thereby preserving face-to-face interaction as
much as possible [52, 53].

To investigate how different visualization strategies influence perception, it is essential that these
approaches exhibit clear and meaningful contrasts. We therefore intend to explore three visualization
strategies with deliberately different levels of abstraction and intervention. The first is a minimal textual
visualization that explicitly presents the inferred emotional state. The second emphasizes ME cues at
the physical level by enhancing facial muscle movements through line-based visual overlays derived
from facial action units. The third operates at the perceptual level by transforming brief MEs into
corresponding MaEs that reflect the same inferred emotional state.
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Figure 3: Workflow of the planned pilot study.

Fig. 3a: In a scripted scenario, participants are exposed to emotional stimuli while facial video is recorded using a
high-speed camera from a first-person perspective (FPP). Fig. 3b: The recorded video is subsequently annotated
to identify MEs and generate corresponding visualizations. Based on the labeled ME cues, augmented FPP videos
are created using different visualization strategies. Fig. 3c: These videos are then presented to participants on a
monitor to create an FPP role-play experience.

(Image source: reproduced from Yan et al. [15])

5. Pilot Study

Although we have proposed a conceptual framework for the system, several sources of uncertainty
remain when considering its deployment in natural conversational settings. First, MEs are inherently
spontaneous and sparse, making them difficult to elicit and reproduce reliably in natural social inter-
action. In addition, despite ongoing progress in the ME analysis field, the accuracy of ME spotting in
unconstrained scenarios remains limited, introducing uncertainty in reliable detection. Furthermore,
existing ME recognition methods are primarily developed and evaluated using controlled datasets, and
their performance in real-world environments may be affected by noise, occlusion, and interpersonal
variability.

To address these uncertainties, Fig. 3 summarizes our pilot study design, which is conducted in a
deliberately controlled setting to preliminarily explore how ME visualization may influence empathic
experience and assess the plausibility of the proposed research vision.

First (Fig. 3a), to address the difficulty of reliably eliciting MEs in natural social interaction, we
designed scripted interaction scenarios combined with emotion-eliciting stimuli to induce MEs in
a more controlled manner. These scenarios are intended to allow MEs to emerge spontaneously
while improving their reproducibility across recordings. Our experimental setup for this recording
environment is presented in Fig. 4. We also plan to collaborate with psychology experts to ensure the
validity and effectiveness of both the interaction scripts and the emotion-eliciting stimuli.

Second (Fig. 3b), to ensure the accuracy of ME cues and avoid uncertainties introduced by automatic
analysis in unconstrained settings, recorded videos will be manually screened and annotated by two
certified FACS coders. The coders identify ME segments and label associated facial action units through
frame-by-frame analysis. Based on these verified annotations, multiple versions of the same videos are
generated with different ME visualization strategies applied.

Finally (Fig. 3c), participants experience these videos from a first-person perspective and compare
different visualization conditions. Because the visualized cues are derived from verified manual annota-
tions rather than real-time inference, the pilot study is able to isolate the perceptual and experiential
effects of ME visualization itself, without being confounded by detection or recognition errors.

Through this pipeline, the pilot study serves as an initial feasibility exploration of the proposed
research vision. By establishing a controlled foundation, it allows us to examine whether transforming
previously imperceptible MEs into visible cues has the potential to influence empathic experience, while
informing future work toward more ecologically valid and interactive settings.

This study design was approved by the Ethics Committee of the Nara Institute of Science and
Technology (2025-1-42).
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Emotional Stimuli

High-Speed Camera

Figure 4: Recording environment for first-person perspective video.

During the recording stage, one participant serves as the observer and the other as the observed partner. As
they engage in a scripted interaction, a high-speed camera will record from an observer’s perspective. When the
interaction reaches predefined moments in the script, emotional stimuli are introduced to elicit MEs from the
observed partner.

(Background image source: screenshot from *The Kid* (1921), directed by Charlie Chaplin. Public domain.)

6. Discussion

In this work, we presented a research vision and a conceptual framework for ME visualization as a
form of social augmentation, and outlined the design of a pilot study to explore its feasibility. Rather
than focusing on a specific application, our discussion centers on a generalized social interaction
setting in which subtle affective cues are difficult to perceive yet potentially meaningful for empathic
understanding.

This generalized framing leaves room for future exploration of more concrete application contexts.
For example, ME visualization may support “reading the room” (i.e., sensing subtle social and emotional
cues within a group) in everyday social interaction, assist clinicians in better understanding patients’
emotional states, or provide complementary cues in investigative settings. Exploring such domain-
specific scenarios will be an important direction for future work.

Declaration on Generative Al
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