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This study explores multimodality micro-gesture detection and emotion understanding
on the identity-free video dataset for Micro-gesture Understanding and Emotion analysis
(iMiGUE). Micro-gestures identified as subtle unintentional gestures, can be associated
with the emotional state of an individual. The specific objectives of this study include
studying videos of players from a post-match interview in the iMiGUE dataset to identify
key-frames where micro-gestures occur and provide a detailed description for emotion un-
derstanding. Furthermore, this study explores the multimodal form of representation for
micro-gesture detection and emotion recognition and also compares the performances of
unimodal and multimodal frameworks. Through the use of action video detection models
and multimodal large language models (MLLMs), micro-gestures are detected and com-
bined to form a textual description in each video for emotion understanding using large
language models. Two major experiments involve micro-gesture detection using MLLMs
and micro-gesture description using MLLMs. The end goal of both experiments is to
correctly classify the emotional state of a player as positive or negative. The experiments
provide accuracies of 53% and 55% respectively on emotion recognition level. These re-
sults are compared to past studies that utilized unimodal frameworks to observe that this
study provides performances comparable to past studies. In conclusion, the multimodality
framework proposed in this study can be utilized for micro-gesture detection and emotion
understanding.
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LIST OF ABBREVIATIONS
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GCN Graph Convolution Network
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LLaVA Large Language and Vision Assistant
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MER Micro-Expression Recognition
MG Micro-Gesture
MLLM Multimodal Large Language Model
Q-Former Querying Transformer
RNN Reccurent Neural Network
SGP Scalable-Granularity Perception
ST-LSTM Spatio-Temporal Long Short-Term Memory
ST-GCN Spatio-Temporal Graph Convolution Network
S-VAE Sequential Variational Autoencoder
TadTR Temporal Action Detection with Transformer
TDA Temporal Deformable Attention
TDCA Temporal Deformable Cross-Attention
TriDet Temporal Action Detection with Relative Boundary Modeling
TSM Temporal Shift Module
TSN Temporal Segment Network
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1 INTRODUCTION

1.1 Background

Human emotions play a vital role in perceiving the state of an individual, facilitating

better communication in our daily interactions. Various expressions, including body lan-

guage [1,2], gestures [3–5], and facial expressions [6–8], can serve as forms for conveying

emotions. Understanding emotions using human perception can be natural for humans as

our innate ability. However, computers need suf�cient training to develop the capability

to understand emotions. Arti�cial intelligence (AI) for emotion understanding advanced

signi�cantly with emerging machine learning models contributing to this effort. This is

commonly referred to as arti�cial emotion intelligence (Emotion AI) [9–12] and is still in

its early stages of research.

Emotion AI focuses on the understanding and simulation of human emotions through arti-

�cial intelligence and converges with the manifestation of affective computing (AC). AC

is an interdisciplinary �eld encompassing computer science, psychology, and cognitive

science, that seeks to enhance human-computer interactions to intelligently perceive hu-

man emotions [13]. Both of these domains leverage the combination of computer vision

(CV), sensors and cameras, tons of real-world data, and deep learning algorithms to gather

data, process, and emulate it to recognize key emotional states. Many applications for AC

and speci�cally emotion AI include biometric data such as facial expressions [14–16] and

audio/speech [17], heart rate [18, 19], showcasing successful implementation and good

performance. Yet since such data might be sensitive, they are frequently misused. Hence,

less sensitive alternatives that can still represent human emotions were suggested. With

the availability of an identity-free video dataset for micro-gesture (MG) understanding

and emotion analysis (iMiGUE) [20], features obtained from micro-gestures can be uti-

lized for emotion understanding ful�lling the previous point.

Gestures as a form of human communication, imply the possibility to decipher meanings

from gestures during interactions. However, some unintentional gestures can be associ-

ated with the emotional state of an individual for example folding hands, rubbing eyes,

and shaking shoulders are called micro-gestures [21]. From the iMiGUE dataset, MGs

provide less sensitive information on players in post-match interviews and offer the pos-

sibility to perform AC for emotion understanding. Each video contains a set of MGs

performed in sequences, collectively offering insights into emotions. In the prospect of

AC and emotion AI, computer vision techniques and algorithms are required to detect
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MGs in each frame of the video and an overall framework for emotion recognition as

shown in Fig. 1 is developed to understand emotions from MGs in the entire video in this

study.

Figure 1. Diagram of steps for emotion understanding [20].

Micro-gesture detection is essential for feature extraction in this study because a sin-

gle video can include multiple action/MG instance. Therefore, action detection (AD) is

needed for effective video segmentation and temporal action localization and recogni-

tion techniques. There is notable progress in recent literature for action recognition using

deep learning methods [22–27]. Convolutional neural networks (CNN) were utilized to

segment videos and classify actions [22]. Furthermore, recurrent neural networks (RNN)

were applied expected not only to identify an action but also the starting and ending time

points [28]. Diverse deep learning models were employed for similar tasks, but for this

study's analysis, CNNs with transformers were utilized to perform MG detection [29,30].

One speci�c objective of this study is to model temporal structures in MGs and using the

starting and ending time points of MGs in the video, key-frames are obtained with their

MGs categories. This facilitates the inclusion of multiple modalities to examine emotions

in this study.

For non-verbal communication, data is mostly collected as images and videos for anal-

ysis, and a system can learn through a variety of modes such as visual, textual, aural,

linguistic, and spatial, as well as a combination of them [31]. This presents the concept
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of unimodal and multimodal analysis to aid deep learning models in discovering patterns

between features for emotion understanding. Research on image and video analysis is

mostly dependent on visual, textual, and audio features in their unimodal form [32–34].

Generally, it is typical to directly employ the visual features from images and videos [20].

However, it is also possible to incorporate audio and text descriptions along with visual

representations of images and videos. Only a handful of previous studies with the pos-

sibility of using multimodal representation, highlighted the increase in the performance

while developing a system to understand scenes in images and videos [35,36]. Although

different methodologies were proposed to optimize unimodal framework for emotion un-

derstanding, there still remains a considerable gap in leveraging text description to aid

the learning process. Consequently, this study focuses on exploring multimodality for

emotion understanding where textual descriptions are integrated for more representation

of micro-gestures of the entirety of the video.

The multimodal framework of incorporating vision and language shows a large impact

on the performance of pre-trained models in video action detection [35]. With limited

demonstrations of vision-text multimodality, its application has been observed in self-

supervised video representation learning and zero-shot action recognition [37,38]. How-

ever, one approach is inclined to just learn a strong pre-trained video representation and

still neglect the label text features when doing speci�c classi�cation, the latter mainly

focuses on the embedding space designation with a pre-trained vision model and a simple

text embedding but pays less attention to the action recognition task. Nevertheless, the

iMiGUE dataset requires meticulous procedures to adequately perform visual-text learn-

ing for emotion recognition.

In this study, the iMiGUE dataset presents less sensitive data and is employed to under-

stand emotions in a holistic way with the aid of a multimodality framework for better

representation. Fig. 1 depicts in a simple manner the motivation and expected outcome

for emotion recognition. The approach involves analyzing video clips containing MGs,

classifying MGs, and determining their respective time points. This information is then

utilized to formulate a multimodal form of representation with text description and key

video frames of MGs in the entire video. Subsequently, emotion recognition is performed

on the image-text information to classify the emotional state of an individual.
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1.2 Objectives and delimitations

The main objective of the study is to explore multimodality micro-gesture detection for

emotion understanding.

Speci�c objectives for this study are as follows:

1. Detect micro-gestures entailed in the video and generate their text description.

2. Explore multimodality via visual and textual representation for the iMiGUE dataset

for emotion understanding.

3. Compare the performance of models in unimodality and multimodality.

1.3 Structure of the thesis

The structure of the rest of the thesis is as follows: Chapter 2 reviews taxonomy and

past approaches employed for the action or MG detection and emotion understanding.

Additionally, Chapter 3 covers multimodal visual-language models and their capabilities

in understanding images and videos, and generating text. Chapter 4 presents proposed

methods and pipeline for MG detection and emotion recognition. Chapter 5, provides

detailed description of experiments performed in the study along with the dataset utilized

and evaluation criteria. Furthermore, results obtained from the experiments are presented

with interpretation. Chapter 6 provides insights on the current work of the study �ndings

and suggests future work to be done. Finally, Chapter 7 provides the summary of the

thesis with conclusion and future direction for further research on the topic.
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2 GESTURE DETECTION AND EMOTION UNDER-

STANDING

2.1 Emotion understanding

Emotion understanding in computer vision involves depicting signi�cant relations be-

tween a person and the environment that underlie the emotional expression using visual,

and speech representation. Through affective computing, many methods were developed

to retain information in previously mentioned modalities and identify emotional states in

humans. In this subsection, the focus is on human expressions such as facial expressions,

micro-expressions, speech, and multimodality to understand images in videos for emotion

understanding.

2.1.1 Facial expressions

Facial expressions follow the composition of facial muscles that reveal emotional state

in humans. There are many ways humans use facial muscles such as raising eyebrows,

biting lips, and smiling to express emotions. Several studies with the aim of detecting and

identifying emotions in the human face, use facial patterns in images and videos [39–41].

Traditional methods that relied on hand-crafted features and deep learning approaches for

facial recognition were utilized in the past [42].

Bartlettet al. [39] conducted a study on fully automatic facial action recognition in spon-

taneous behavior using a Facial Action Coding System (FACS). Following the basis of the

Gabor wavelet method [43], image processing was performed to extract features and feed

them to a classi�er for facial action recognition as seen in Fig. 2. However, this method

is not robust enough to perform emotion understanding given the extracted features.

Luceyet al. [40] proposed a dataset designed to facilitate research on automatic facial ac-

tion detection related to shoulder pain expression. The main objective of the study was to

provide more representative data to develop better systems for facial action recognition.

They captured videos of participants where each video frame was annotated using FACS.

The Active Appearance Model (AAM) is employed to align linear appearance variation

in the images for feature extraction and analysis as seen in Fig. 3. These methods show-

cased the possibility of utilizing facial features for facial action recognition and emotion
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Figure 2. Overview of fully automated FACS [39].

understanding in videos.

Figure 3. AAM tracking a person's face to derive facial feature representations [40].

Deep learning methods considered modern approaches, have been utilized in facial ex-

pression recognition (FER) over the years. Mollahosseiniet al. [44] used CNN with

Inception layers to learn abstract representations from diverse facial data. Wanget al.

[45] proposed a region attention network to address occlusion and pose variations in FER.

Thus, it adaptively captured important facial regions using self-attention and relation at-

tention modules to improve the performance in FER. These methods highlight the usage

of deep learning methods in FER for improved performance.
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2.1.2 Micro-expressions

Micro-expressions are short involuntary facial expressions that are often associated with

underlying emotions. Feature extraction for micro-expression recognition (MER) is sim-

ilar to FER and some techniques were developed to detect temporal structure due to the

short duration of micro-expressions. Liet al. [46] utilized a temporal interpolation model

to represent the temporal structure of a sequence of frames to capture feature descriptors

for MER. Another approach was utilized by Liuet al. [47] where they followed a mean

optical �ow for spontaneous MER. Optical �ow computes the motion of pixels between

consecutive frames and an additional alignment to correct small head movements using

af�ne transformations, leading to improved accuracy in MER.

Studies related to MER using deep learning methods were conducted as modern tech-

niques. Reddyet al. [48] proposed two-stream 3D-CNN to leverage spatio-temporal

features for spontaneous MER in videos. This method combines features from the eyes

and mouth regions to improve the performance of MER. Liet al. [49] performed a sur-

vey on deep neural network models such as CNNs, 3D-CNNs, and RNN/Long short-Term

Memory (LSTM) where CNNs and 3D-CNNs performed better.

2.1.3 Speech

Speech is utilized for emotion understanding by investigating speech signals such as pitch

and intensity. Traditional and modern techniques for Speech Emotion Recognition (SER)

can be used to extract useful features. Taoet al. [50] utilized a linear modi�cation model,

a Gaussian mixture model, and a classi�cation and regression tree model to map prosodic

parameters (i.e pitch and intensity) to emotional states. These methods demonstrated

to be practical in use, however, modern techniques proposed robust ways of performing

SER. Maoet al. [51] proposed the use of CNNs following a salient discriminative feature

analysis for SER. This method demonstrated capabilities for deep learning methods in

SER with improved performance.

2.1.4 Multimodality

Multimodality combines two or more data representations in the form of visual, tex-

tual, aural, linguistic, and spatial. Multimodal frameworks extract features from different

modalities and combine the features through three typical multimodality fusion strategies
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as observed in Fig. 4 [52]. These fusion methods in multimodality representation involve

combining features directly at the input level (early fusion), merging high-level represen-

tations within the model (model-level fusion), or contrastive representation of predictions

after separate learning (late fusion). Emotion understanding based on different modali-

ties has been explored in previous studies to improve performance in emotion recognition.

The development of methods for multimodal emotion recognition was signi�cant in recent

studies with the extensive use of deep learning models to improve emotion understanding.

Figure 4. Typical multimodality fusion strategies. (a) Early fusion: combines features from
different modalities. (b) Model-level fusion: combines high level feature representations from
different modalities. (c) Late fusion: Combines predictions from different modalities [52].

Traditional handcrafted multimodal features can be utilized but recent studies focus on

deep learning methods to improve the generalization of emotional recognition [53–55].

Rajuet al. [53] proposed a continuous multimodal emotion recognition in video using

RNN variants with attention models to accommodate representative features from the au-

dio and video modalities through a model-level fusion strategy as seen in Fig. 5. Huang

et al. [54] utilized an LSTM model to learn dynamic temporal representation with the

recurrent structure, and a transformer model to process and understand the human mul-

timodal language. This combination leverages the model-fusion strategy and enhances

emotion recognition in videos. Chaoet al. [55] demonstrated the capabilities of using

LSTM-RNN models for dimensional emotion recognition from audio, visual, and phys-

iology modalities. These studies reiterate the importance of multimodality in emotion

understanding for better representation and improved performance.

2.2 Micro-gesture detection

MGs are gestures, often associated with hidden emotions, characterized by subtle and

involuntary body movements. They can manifest using various kinds of gestures and fun-
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Figure 5. Audio and visual representation learning with model-level fusion [53].

damentally lack communicative or illustrative meaning. Fig. 6 provides examples of MGs

from a video during a post-match press conference. MGs can reveal underlying emotions,

therefore, analyzing a sequence of MGs in a video can lead to emotion understanding.

MG detection plays a vital role in identifying and recognizing MGs in a video for emo-

tion recognition. However, studies related to MGs and methods designed for this purpose

are still scarce. This motivation encourages the review of gesture and action detection

techniques before performing MG detection.

Figure 6. Examples of the identity-free micro-gestures, such as “scratching facial parts”, “touch-
ing neck”, and “sit straightly” [20].

Only a handful of studies cover the topics related to MGs for emotion analysis [20,56,57].

Liu et al. [20] presented a sequential variational autoencoder (S-VAE) that learns in an

unsupervised way on the iMiGUE dataset using discriminative information from MG se-

quences in videos. As depicted in Fig. 7, the method utilizes body key-points (pose)

corresponding to MGs and takes the input sequence of body key-points into an encoder

that captures the sequential dependencies and extracts meaningful features. Afterward, a
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decoder reconstructs the input sequence using latent representation from the encoder to

facilitate unsupervised learning through discriminative information and classify MGs in

the video. In the same study, clip-level MG recognition methods were employed with dif-

ferent modalities and showcased a good performance, later on compared to the proposed

S-VAE.

Figure 7. S-VAE framework for unsupervised learning [20].

Thereafter, Liet al. [57] adopted the skeleton-based recognition model as the baseline

model and introduced semantic embedding of MGs label to supervise the classi�cation.

This method focused on capturing subtle changes in MGs to improve the performance

of MG recognition. Additionally, Chenet al. [56] proposed an online MG recognition

framework using a novel spontaneous MG dataset. The study utilized a hidden Markov

model and attention-based LSTM with a novel parameter-free attention mechanism to

recognize MGs online. Despite these studies, the literature on MGs detection is still

scarce, and further research is still critically needed.

2.3 Gesture detection and recognition

Gesture detection is part of many applications of action detection particularly in the analy-

sis of human behavior during interactions. Action detection in computer vision is de�ned

as the procedure of localizing and recognizing speci�c actions in images or videos using

temporal representation along with relevant features [58]. Actions set as the motion of



17

an object over time with a constant background from images to videos [59], there is a

manifestation of temporal movements that can be detected to aid in localizing actions in

space and segmenting the movement in each frame of a video. Consequently, this pro-

cedure can also be utilized for MG recognition in videos from the iMiGUE dataset [20].

Various methods were employed to detect and identify actions/MGs such as deep learning

methods in both supervised and unsupervised settings.

Past studies explored various architectures such as CNN [60], 3D-CNN [61], RNN [62],

Graph Convolutional Networks (GNN) [63]. Furthermore, some unsupervised methods

have been employed by clustering actions and still maintain good performance in contrast

to proposed supervised methods [64,65].

2.3.1 Convolutional neural networks

CNNs consist of convolutional layers, pooling layers, and fully connected layers and are

popularly used to study images and videos. CNNs use convolutional layers to create

feature maps and add-on pooling layers to reduce the dimensions of feature maps. Then,

fully connected layers perform classi�cation at the end of the CNN architecture. A decent

number of studies focused on the use of CNNs for action recognition in videos showcased

good results [25,60,66–69].

Simonyan and Zisserman [60] proposed an architecture for action recognition in videos

with two-stream deep convolutional networks. The architecture consists of a spatial and

a temporal stream with distinct functions. The spatial utilizes CNN trained on static

appearance to understand the scenes and objects in each video frame. On the other hand,

the temporal stream uses a CNN on multi-frame optical �ow to capture the motion of

objects in the video. The combined efforts for the two streams as observed in Fig. 8 [60],

provide good information for action recognition within the whole video. Following the

latest modi�cations to the architecture [66], the fusion of the streams reached 90.62%

accuracy on the UCF101 dataset [70]. Later on, there was a continuation of research on

CNNs for action recognition to optimize their performance.

The latter approach presents some limitations and Wanget al. [67] proposed another

approach in an attempt to overcome them. The obstacles include failure to incorporate

long-range temporal structure and focus on trimmed videos. Therefore, the authors pro-

posed a Temporal Segment Network (TSN) that offers a �exible framework for action

recognition within videos. TSN extracts short snippets from long video sequences using
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Figure 8. Two-stream architecture for video classi�cation [60].

sparse sampling. From the sampled snippets, the TSN tries to model temporal dynamics

across the entire video using CNNs. These address the limitations of long-range temporal

structures, thus making the framework �exible and ef�cient. The performance supports

the effectiveness of the methods with 94.9% of accuracy on the UCF101 dataset [70].

However, these methods work on the appearance only without understanding the tempo-

ral relationship in videos.

Zhou et al. [68] prioritized the temporal relational reasoning within the CNNs. The

architecture is referred to as Temporal Relation Network (TRN) and unlike the CNNs

mentioned before in this section, it does not primarily rely on appearance to understand

video since it models temporal relations between structures in videos. Additionally, Lin

et al. [69] combined CNNs and other neural network architectures to capture effectively

temporal information with Temporal Shift Module (TSM) architecture. TSM functions by

mixing information from neighboring frames with the current frame to enhance temporal

modeling. In terms of performance, it is arguably to conclude a slight increase in the

accuracy and ef�ciency. All these methods were introduced to increase the performance

of CNNs for action detection and recognition in videos but there are some additional

structures added to the CNNs that need better review used in previous research.

2.3.2 3D-convolutional neural networks

3D-CNN is based on similar concepts as CNNs but with a temporal dimension that en-

ables the architecture to learn relationships between frames over time. Basic CNN ar-

chitecture (2D-CNN) processes each frame in a video independently while 3D-CNN adds

the temporal relationship between consecutive frames. Fig. 9 demonstrates an example of
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how a 3D-CNN model relates the ball in the �rst frame to the ball in the last two frames.

Therefore, 3D-CNN is better equipped for action detection in videos in contrast to 2D-

CNN. Many methods were developed based on 3D-CNN to understand actions in videos

with good performances based on different studies [25,61,71–74].

Figure 9. Example of temporal relationship between consecutive frames using 3D-CNN [75].

Tran et al. [71] demonstrated the capability of 3D-CNN coupled with a simple linear

classi�er in video analysis. The architecture learned from spatio-temporal features by

capturing both appearance and motion simultaneously. The empirical study explored dif-

ferent datasets for different purposes including action recognition and action similarity

labeling. 3D-CNN model displayed a great performance in action recognition on the

UCF101 dataset [70] with an accuracy of 90.4%. For similarity labeling, 3D-CNN frame-

work outperformed other frameworks proposed in previous studies with an accuracy of

78.3%. In its early stage of development, 3D-CNN showed promising expectations for

action recognition in videos. Thus, encouraging further research to increase the perfor-

mance through structural improvements of the architecture.

In similar fashion as in [60], Carreira and Zisserman [61] studied 3D-CNN in two streams

architecture for action recognition. The �rst stream trains a 3D-CNN able to learn mo-

tion features directly, and the second stream is for optical �ow algorithms. Alternative

streams architecture was compared to the 3D-CNN as seen in Fig. 10. Using the UCF101

dataset [70], the two-stream 3D-CNN outperformed the other architectures with 93.4%

accuracy. Similarly, Haraet al. [72] studied the spatio-temporal convolutions for action

recognition in both 2D-CNN and 3D-CNN. The same results were obtained with 3D-CNN

architecture in streams displaying an upper hand with an accuracy of 98% on the UCF101

dataset. Further improvements in the 3D-CNN architecture can be observed in studies

from the same period.
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Figure 10. 3D-CNN architectures in streams for action recognition [61].

Tran et al. [76] partitioned the 3D-CNN in a 2D spatial convolution and a 1D temporal

convolution. The architecture is referred to as R(2+1)D, yields lower training and testing

error compared to the 3D convolution providing better performance. However, the dif-

ference in the performance of 3D and (2+1)D convolutions is not that highly signi�cant,

it is a way of optimizing the ef�ciency of the architecture. CNN in general shows good

performance but other past studies covered different methods that can be used for action

recognition in videos.

2.3.3 Recurrent neural networks

Recurrent neural networks in computer vision can be found in many applications includ-

ing action recognition [77] and scene labeling [78]. RNNs are a type of deep neural

network that learns from sequential data using internal memory that remembers its in-

puts. Variants of RNN exist and a popular choice from its extension is the LSTM that

extends the memory for long-term dependencies. RNN-based architectures were utilized

in many studies to model spatio-temporal relationships in action recognition within videos

and displayed decent performance from past studies [62,79–81].

Du et al. [79] proposed a hierarchical RNN for skeleton-based action recognition to cap-

ture long-term information in human actions. The network divided the human skeleton

into �ve parts and learned them separately through bi-directional RNNs, and step by step

combines the representations hierarchically for action recognition. The model is utilized

on three datasets and compared to other variants of RNN and showcased good perfor-

mance by achieving accuracy up to 96%. However, the model meets issues related to

over�tting and computation time. Despite that, various RNNs are studied later to over-
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come the mentioned challenges.

Songet al. [62] introduced a spatio-temporal attention model in the skeleton data for

human action recognition. For each human body is represented by a series of postures

at a certain time and with key joints to aid in identifying actions in the video frames as

seen in Fig. 11. This method was compared to other RNN variants and displayed a good

accuracy of 91.51%. on the other hand, Liu et al. [82] proposed a spatio-temporal LSTM

(ST-LSTM) for 3D human action recognition. It does not focus only on the long-term

information in the temporal domain, it also learns from neighboring joints and also from

previous frames. The performance of the ST-LSTM model could reach 97% of accuracy.

However, LSTM does not identify well the global information in several frames for 3D

action recognition.

Figure 11. Illustration of the procedure for an action “punching”. An action may experience
different stages, and involve different discriminative subsets of joints (as the red circle) [62].

Liu et al. [80] combined attention and LSTM networks to study the global context rep-

resentation for 3D action recognition. The information gained at each step in the LSTM

is relatively local, but the new method uses global contextual information for all steps

in the network to perform reliable attention over the joints. Hence, the architecture has

a strong attention ability for 3D action recognition in videos. It can be observed in the

performance that reaches 98% of accuracy and proves to be effective in the global context

representation. Further studies in action recognition, proposed different methods from

CNNs and RNNs architectures that are useful for video analysis.
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2.3.4 Graph convolutional networks

Graph Convolutional Networks (GCNs) are a type of neural networks that learn from

graph-structured data in a semi-supervised way. Instead of having 2D/3D array inputs,

GCNs utilize graph inputs with their structural information. GCNs contain �lters that are

passed over a graph, in order to identify important vertices and edges to classify nodes

within the graph. Application of GCNs can be found in biometrics [83], face [84], and

gesture [85] recognition in videos. Several studies highlight the application of GCN-based

architectures on action recognition in video analysis [63,86–88].

Yan et al. [63] proposed a spatio-temporal GCNs (ST-GCNs) for skeleton-based action

recognition in videos to improve generalization. The architecture of the ST-GCN model

involves a spatio-temporal graph with human joints and connectivity representing edges

which facilitates hierarchical representation through multiple layers as observed in Fig.

12. At that time, this approach showed signi�cant results compared to other architectures

based on CNN and RNN for skeleton-based action recognition while achieving an accu-

racy of 88.3%. Through the course of the development of GCN for action recognition,

new structures were introduced in their architecture.

Figure 12. Multiple layers of ST-GCN [63].

Si et al. [87] incorporated an attention-enhanced GCN with the LSTM network to explore

the co-occurrence relationship between spatial and temporal domains. This technique

was meant to leverage the attention mechanisms and temporal hierarchical structures to

enhance performance. However, there was no big leap in the performance in contrast to

previous methods and other techniques were proposed. Shiet al. [88] utilized two-stream

adaptive GCNs for skeleton-based action recognition with second-order information to

predict action labels. 2D or 3D coordinates of the joints are regarded as �rst-order in-

formation, the new architecture used second-order information of the skeleton data about

the lengths and directions of bones. In an attempt to improve the performance, the two-

stream adaptive GCNs achieved an accuracy of 95.1%. The overall performance of GCNs
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proved ef�cient for action recognition in videos and the scope extends also to unsuper-

vised learning algorithms.

2.3.5 Unsupervised learning

Unsupervised learning identi�es patterns and structures in instances without the need for

labels and its application extends in action recognition tasks. It learns by clustering or

associating instances that show similar patterns and labels obtained and can be utilized

as a classi�cation task. Suet al. [64] utilized encoder-decoder RNN to learn from body

key points and organize similar movements into clusters and perform action recognition

as seen in Fig. 13. The performance was comparable to supervised methods without

and this underscores unsupervised without needing labeled data, which can be both time-

consuming and expensive to label.

Figure 13. Unsupervised action recognition from body key points [64].

Several studies highlighted the use of unsupervised learning for action recognition and

different methodologies were suggested [89–92]. Zhenget al. [89] performed a skeleton-

based action recognition using RNN and generative adversarial networks to capture long-

term global motion dynamics by discriminating original and reconstructed sequences. Lin

et al. [90] proposed a multi-task self-supervised learning framework for skeleton-based

action recognition with the capability of including various con�gurations in unsupervised,

semi-supervised, and supervised settings. This approach enhanced the discriminative and

generalization of skeleton-based features for action recognition. Although unsupervised

learning showcases good results, it may not be the �rst go-to method when performing

action recognition tasks, however, it merits consideration.
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3 MULTIMODAL VISUAL-LANGUAGE MODELS

Multimodal visual-language models are typical pre-trained models from multimodal datasets

that blend visual and linguistic understanding [93–96]. These models are primarily de-

signed for text processing, however, the possibility of integrating visual information has

been developed to attain high performances for speci�c applications [93,96]. Multimodal

learning uses a combination of various modalities to represent the data input while train-

ing. In this study, image-text inputs are utilized to represent MGs in the video for better

representation of scenes. Fig. 14 provides a simple example of how visual-language

models operate on the input given.

Figure 14. Emotion understanding with a vision-language model [20].

3.1 Large language models

Large language models (LLMs) are powerful neural network models trained on vast

amounts of text data capable of reasoning and generating text. Parameters included in

these models scale up to billions from large architectures. Recent developments in LLMs,

they can describe and provide captions for scenes in images and videos. Fig. 15 illus-

trates an example of LLM generating captions for scenes in an of�ine image-to-text using

ChatGPT. From scenes in the image, textual descriptions are given to ChatGPT with an

input prompt to generate captions for the images [97].

Recent studies on LLMs showcase ongoing development in the performance and capabil-
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Figure 15. Frozen GPT-3 providing captions of scenes in an of�ine image-to-text [97].

ities to generate text from different kinds of input prompts [93, 97, 98]. Yanget al. [97]

performed an empirical study of GPT-3 [93] on visual question answering using a few-

shot knowledge-based method to leverage knowledge retrieval and reasoning. The ca-

pabilities of GPT-3 extend to making zero-shot predictions, including those related to

emotion understanding. There is considerable competition in the development of LLMs

with a good number of available LLMs to compete with GPT-3. A series of foundation

languages such PaLM [99], and LLaMA [100] demonstrated a competitive performance

as GPT-3 and the choice of use each of these LLMs often depends on the speci�c task and

requirements at hand. With a state-of-art performance and signi�cant improvements in

multilingual capabilities, PaLM introduced ef�cient and innovative methods unlike GPT-

3 which relies on an autoregressive architecture for few-shot learning [99]. On the other

hand, LLaMA models achieve better performance on most benchmarks with fewer pa-

rameters compared to GPT-3 and PaLM while still being accessible and cost-effective

for making inferences [100]. Each of the aforementioned LLMs is trained on publicly

available data and developed the ability to perform zero-shot predictions for emotion un-

derstanding when provided prompts with information that can relate to the emotional state

of an individual.

3.2 Multimodal large language models

A multimodal large language model (MLLM) incorporates modalities such as images,

audio, and video alongside text, which enable a more comprehensive understanding and

generation of content from different forms of media. LLMs serve as the foundation for

MLLMs that assist in the training and generation of accurate responses in multimodal
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tasks and applications [93,100]. Fig. 16 demonstrates how MLLMs generally combine a

pre-trained language model (LLM) with a visual encoder that allows the model to under-

stand and generate responses using both text and image inputs [94].

Figure 16. An illustration of a general mechanism behind MLLMs [94].

A technical report about GPT-4 [93] presented the capabilities of the MLLMs to process

images and text inputs to generate text outputs. Currently surpassing previous MLLMs

in terms of performance, predictions of GPT-4 are reliable and accurate at a good rate.

Other LLMs challenge the performance of GPT-4 such as LLaVA (Large Language and

Vision Assistant) [94], BLIP-2 (Bootstrapping Language-Image Pre-training) [95], Open-

Flamingo [96]. Through instruction tuning on machine-generated data, LLaVA achieves

an impressive state-of-the-art performance on Science QA and great multimodal chat abil-

ities with its general-purpose visual assistant [94]. Another high-performing MLLM is

BLIP-2 [95], an ef�cient vision-language pre-training method that utilizes frozen pre-

trained image encoders and large language models with a lightweight Querying Trans-

former (Q-Former) [95]. It is also a good choice for MLLM since it contains fewer train-

able parameters compared to the former.
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4 MICRO-GESTURE DETECTION AND EMOTION UN-

DERSTANDING

This chapter presents methods utilized in micro-gesture detection and emotion under-

standing via a multimodality framework. MG detection comprises traditional video de-

tection methods and the use of multimodal large language models (MLLMs) to provide

the start and end time of each micro-gesture and class. The information derived from

the MG detection phase is utilized for emotion understanding through the use of LLMs

to identify the player's emotional state in a post-match interview. Fig. 17 provides an

overview of the pipeline and methods employed to perform emotion recognition through

the information obtained from a sequence of MGs in the video. In the upper channel,

frames are pre-selected from 8 partitioned clips from the original video and then input

into an MLLM to detect MGs and select key-frames to perform emotion recognition with

an LLM. In the lower channel, the MLLMs are given the freedom to select key-frames

and provide a description of MG occurrence in the video, and utilize LLMs for emotion

understanding.

Figure 17. A schematic depicting the pipeline and methods employed in this study [20].

MG detection methods employed in this study comprise of Temporal Action Detection

with Relative Boundary Modeling (TriDet) [29], and End-to-end temporal action detec-

tion with transformer (TadTR) [30]. These methods utilize different kinds of features for

model training such as RGB frames and In�ated 3D (I3D) [61] features. The study ex-
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tends the MG detection with MLLMs performed using input prompts accompanied with

key-frames from the video to obtain responses with MG information via GPT-4o [93] and

Video-LLaVA [101]. The second part involves utilizing the knowledge of LLMs such

as GPT-3/GPT-4o [93] and EmoT5-Large [102] for emotion understanding from a text

description of MG sequences in the video.

4.1 Methods for micro-gesture detection

This part initiates the entire process of emotion detection and recognition using MG,

which encompasses various steps such as data preparation and feature extraction, model

training and �ne-tuning, and model evaluation for MG detection. The aforementioned

steps are crucial in both traditional MG detection methods and MLLMs.

4.1.1 Data preparation and feature extraction

The dataset consists of videos from post-match interviews, depending on the methods

employed, input features vary. Therefore, feature extraction is necessary in some cases.

Traditional deep learning models require precise temporal annotations such as start and

time of MG occurrence, duration, FPS, and class of MG in the video. Fig. 18 illustrates

how annotations provide temporal information of MG occurrences within a video.

Figure 18. An illustration of temporal annotations within a video [20].

Typically, feeding a video directly as input in the model for training and testing is not

straightforward. Frame and feature extraction is often required for the model to capture

the temporal information. The following procedure is employed in this study to retain

necessary information from the entirety video for model training and testing:
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• Optical �ow frame extraction: Optical �ow [103] is a technique utilized in com-

puter vision to extract and estimate the motion between consecutive frames of a

video. The basic equation for optical �ow is derived from the brightness constancy

constraint as follows:

I (x; y; t ) = I (x + dx; y + dy; t + dt); (1)

whereI (x; y; t ) is the intensity of the pixel at position(x; y) at timet, dx andy are

the displacements of the pixel in the x and y directions, andt is the time difference

between the frames.

Through this process, frame extraction is done and additional �ow information such

as horizontal and vertical motion is kept for MG recognition.

• I3D feature extraction: In�ated 3D ConvNet (I3D) [61] is an Inception archi-

tecture for feature extraction from video data by capturing spatial and temporal

information. It outputs two tensors with 1024-d features for RGB and �ow streams.

Fig. 19 portrays the I3D architecture that uses in�ating �lters to include a temporal

dimension and also utilizes two streams of RGB and optical �ow inputs to enhance

action recognition in videos [61].

Figure 19. I3D architecture for action recognition [104].

4.1.2 Micro-gesture detection with traditional deep learning models

There is a good number of methods available for MG detection using different kinds of

features. In this study, only a few selected methods were taken into account for MG
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