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Abstract

Depression has become a critical public health concern, with the World Health Organization
reporting that over 280 million people worldwide are affected by it. The rapid growth of social
media, particularly video blogs, has drawn research attention toward analyzing user-generated
audiovisual content for signs of depression. These videos capture natural facial expressions, voice
characteristics, and speech patterns that may reveal more about a person’s emotional state than
verbal self-reports alone. However, extracting useful features from such noisy, unstructured data
and combining audio and visual information in a way that preserves their complementary nature
remain open problems in this domain.

The thesis is organized into two main contributions. In the first part, we propose MDD-
Net, a multimodal depression detection network that uses a mutual transformer to fuse acoustic
and visual features. The acoustic branch employs a global self-attention network to process 25
low-level descriptors including loudness, Mel-Frequency Cepstral Coefficients, and spectral flux,
capturing both content-based and positional relationships. The visual branch applies hierarchical
multi-head self-attention on 68 facial landmarks extracted from each video frame. The mutual
transformer then operates bidirectionally: audio queries attend to visual keys and values, and
visual queries attend to audio keys and values. We also design a composite loss function that
combines binary cross-entropy, focal loss, and L2 regularization to handle the noisy labels and
class imbalance that are common in social media datasets.

In the second part, we introduce MMFformer, a multimodal fusion transformer network that
takes a different approach to the same problem. For video, a pre-trained vision transformer aug-
mented with residual connections extracts high-level spatial patterns from facial data. For audio,
a transformer encoder built on the audio spectrogram transformer paradigm models temporal
dynamics in speech signals through patch and positional embeddings. On the fusion side, we
propose and compare three distinct strategies: late transformer fusion, intermediate transformer
fusion, and intermediate attention fusion, each operating at a different level of the processing
pipeline.

We evaluate both architectures on the D-Vlog dataset, a publicly available collection of 961
YouTube vlogs from 816 individuals annotated for depression. MMFformer is additionally tested
on the LMVD dataset, a larger corpus of 1,823 vlogs collected from four different social media
platforms. MDD-Net reaches an F1-Score of 77.07% on D-Vlog, which is an improvement rang-
ing from 1.82% to 17.37% over previously reported methods. MMFformer achieves 90.92% on
D-Vlog and 90.48% on LM VD, surpassing the best existing results by 13.92% and 7.74% respec-
tively. Cross-corpus validation between D-Vlog and LMVD further confirms that the developed
architectures generalize across different platforms and populations.
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Chapter 1

Introduction

This chapter introduces the problem of automated depression detection from audio-visual social
media content, focusing on the role of transformer-based multimodal fusion in computational
mental health analysis. It discusses the key challenges of extracting and combining acoustic
and visual features from noisy, real-world video data and explains why existing approaches have
struggled with these tasks. The scope of this research is defined through the development of two
proposed architectures, Multimodal Depression Detection Network (MDD-Net) and Multimodal
Fusion Transformer Network (MMFformer), each offering a distinct strategy for cross-modal
feature fusion. Finally, the chapter outlines the unique contributions of this thesis in advancing
automated depression screening from video blog data.

1.1 Problem Definition

Depression is one of the most common mental health conditions worldwide, affecting over 280
million people according to the World Health Organization (WHO) [1]. It disrupts daily func-
tioning, diminishes quality of life, and in severe cases leads to self-harm or suicide. Despite its
prevalence, diagnosing depression remains a difficult and largely subjective process. Clinicians
typically rely on structured interviews and self-report questionnaires such as the Patient Health
Questionnaire (PHQ-9) [2] or the Beck Depression Inventory (BDI) [3], which depend heavily
on a patient’s willingness and ability to accurately describe their emotional state. These tools
are inherently limited: they cannot be easily administered at scale, they are influenced by social
desirability bias, and they require access to trained professionals that many individuals simply do
not have.



At the same time, millions of people voluntarily share personal video blogs on platforms like
YouTube, where they talk about their daily lives, struggles, and emotional experiences. These
videos contain rich behavioral signals, including facial expressions, voice quality, speech rhythm,
and body language, that are difficult to consciously control and that often reveal more about
a person’s mental state than what they choose to say in words [4]. This has sparked growing
research interest in leveraging social media data as a potential source of observable markers for
depression [5, 6].

However, turning this idea into a working system is far from straightforward. Social media
videos are recorded under uncontrolled conditions with varying lighting, background noise, cam-
era angles, and video quality. Speakers may move in and out of frame, their faces may be partially
occluded, and the audio may contain music, environmental sounds, or overlapping speech. These
factors introduce significant noise, making feature extraction unreliable when standard pipelines
are applied without careful consideration of the data characteristics [7].

A second, and perhaps more fundamental, problem lies in how to combine information across
different modalities. Audio and video carry complementary information about depression: vocal
features such as reduced pitch variation, slower speech rate, and lower energy often accompany
depressive episodes [8], while visual cues like diminished facial expressiveness, reduced eye
contact, and slower head movements provide additional evidence [9]. But these signals exist
in different feature spaces, evolve at different temporal resolutions, and do not always align in
time. Simply concatenating audio and video features, as many earlier methods have done, fails
to preserve the directional relationships between modalities and often generates representations
that are no better than using either modality alone [10].

Existing fusion strategies in the literature have largely relied on element-wise operations, con-
catenation, or tensor-based products [! 1] that treat the two modalities symmetrically and fail to
model how one modality might inform or modulate the other. Attention-based methods have
shown some improvement [|2], but most of them apply attention within each modality sepa-
rately without allowing explicit cross-modal interaction. This means the model cannot learn,
for instance, that a particular facial expression becomes more predictive of depression when it
co-occurs with a specific vocal pattern, or that changes in voice pitch carry different meanings
depending on the accompanying visual context.

This thesis directly addresses these gaps. The main question is how to design transformer-
based fusion architectures that can extract meaningful audio and visual features from noisy social
media videos and combine them in a way that preserves and exploits the directional, complemen-
tary relationships between the two modalities for depression classification.



1.2 Motivation

The motivation behind this work stems from both clinical need and technical opportunity. On
the clinical side, the gap between the number of people living with depression and those who
actually receive a diagnosis remains enormous. The WHO estimates that in low and middle-
income countries, more than 75% of people with mental health conditions receive no treatment
atall [1]. Even in developed nations, long wait times, stigma, and lack of access to mental health
professionals prevent many from seeking help [13]. By analyzing content individuals already
share publicly, an automated screening tool could identify those at risk. This capability could
serve as an early warning system and help direct limited clinical resources where they are needed
most.

From a technical viewpoint, the transformer architecture [ 4] has fundamentally changed how
sequential and multimodal data are processed. Unlike Recurrent Neural Networks (RNNs), which
process sequences one step at a time and tends to lose information over long distances, transform-
ers use self-attention to model relationships between all positions in a sequence simultaneously.
This makes them particularly well-suited for tasks where long-range dependencies matter, such
as capturing how a speaker’s vocal tone shifts over several minutes in a video or how recurring
facial micro-expressions build a pattern indicative of depression over time.

More importantly, the cross-attention mechanism within the transformer framework offers a
natural way to model interactions between different modalities [12, 15]. By allowing audio and
video features to interact with each other, the model can learn to identify which combinations
of audio-visual patterns are most discriminative for depression classification. This goes beyond
what earlier fusion methods could achieve with static operations like concatenation or element-
wise multiplication [ 1].

The availability of curated benchmark datasets like Depression-Vlog (D-Vlog) [16] and Large-
scale Multimodal Vlog Dataset (LMVD) [17], along with established low-level feature extraction
tools such as OpenSMILE [ 1] for audio and Dlib [19] for facial landmarks, provides the infras-
tructure needed to develop and evaluate new fusion architectures. Together, these clinical and
technical motivations drive the research presented in this thesis.

1.3 Scope of the Work

This research introduces two novel transformer-based multimodal fusion architectures for auto-
mated depression detection from social media video blogs. The first framework, MDD-Net, pairs
a global self-attention network [20] for acoustic feature processing with a Hierarchical Multi-Head
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Self-Attention (H-MHSA) [2 1] mechanism for visual feature processing and fuses the two streams
through a Mutual Transformer (MT) that computes bidirectional cross-modal correlations. The
second framework, MMFformer, takes a different architectural approach by employing a resid-
ual Vision Transformer (ViT) [22] for video and an Audio Spectrogram Transformer (AST) [23]
for audio, and systematically compares three fusion strategies: Late Transformer (LT) fusion,
Intermediate Transformer (IT) fusion, and Intermediate Attention (IA) fusion.

Both architectures are evaluated on the D-Vlog dataset [16], which serves as the primary
benchmark throughout this thesis. The MMFformer is additionally tested on the LMVD dataset
[17], and cross-corpus experiments are conducted to assess generalizability. The study is limited
to binary depression classification using audio and visual modalities; text-based analysis of speech
content is outside the scope of this work, as is clinical validation or deployment in real healthcare
environments. The goal is to advance the technical foundations of multimodal fusion for this task,
not to replace clinical judgment.

1.4 Contributions

The main contributions of this thesis are two-fold. In the first part, a robust MDD-Net is pro-
posed in this work, which MT networks are deployed to efficiently capture and fuse acoustic
and visual features. The proposed approach utilizes mutual transformers to compute correlations
across modalities, providing a better representation of depression-related behavioral patterns us-
ing the D-Vlog database collected from social media platforms [16]. The following are the main
contributions:

e A deep learning framework with transformer architecture is developed for depression de-
tection through multimodal data.

e An Acoustic Feature Extraction Module (AFEM) is proposed, integrating a global self-
attention mechanism to model content-based and positional relationships within the feature
space.

e A Visual Feature Extraction Module (VFEM) is introduced to extract both local and global
patterns through patch embeddings and hierarchical attention mechanisms.

e A MT is designed to calculate interdependencies between audio and visual embeddings,
capturing multimodal information across modalities through joint representations.



e The D-Vlog dataset [16] is used to achieve cutting-edge performance, demonstrating the
proposed model’s effectiveness in classifying between depressed and non-depressed people
based on non-verbal behavior.

Secondly, we present a multimodal fusion network, called MMFformer, for detecting depres-
sion from social media data. To address the challenges of extracting and fusing spatio-temporal
information, we propose a system that captures high-level spatial features from video data using
a transformer with residual connections, while simultaneously modeling the temporal dynamics
of speech signals with a transformer encoder. Moreover, we propose a fusion module that incor-
porates late and intermediate fusion methods to enhance the relationship between modalities. For
empirical experiments, we conduct comprehensive tests on depression datasets, D-Vlog [16] and
LMVD [17], where MMFformer achieves superior results compared to State-of-the-Art (SOTA)
approaches. Our major contributions are summarized as follows:

e A visual feature-extraction mechanism based on a residual learning transformer architec-
ture is proposed, enabling the extraction of complex spatial patterns from dynamic facial
expressions.

e An audio processing network employing a transformer encoder is developed to effectively
preserve temporal dependencies in speech relevant to depression signals.

e A fusion module comprising late transformer fusion, intermediate transformer fusion, and
intermediate attention fusion is introduced to improve the interaction between audio and
visual modalities.

e Comprehensive tests using two publicly accessible datasets, D-Vlog and LMVD, illustrate
that our developed system outperforms several current SOTA methods.

1.5 Thesis Organization

The rest of this thesis is organized as follows:

Chapter 2 reviews the existing literature on depression detection, covering traditional clinical
approaches, unimodal methods based on audio or video alone, and multimodal fusion strategies
that have been proposed in recent years. The chapter also examines the evolution of transformer
architectures and their application to affective computing tasks, including recent developments
in Vision Language Models (VLMs) and Multimodal Large Language Models (MLLMs), and
identifies the specific gaps this thesis aims to address.
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Chapter 3 presents the detailed architectures of the two proposed frameworks. The first part
describes MDD-Net, including the global self-attention network for acoustic features, the H-
MHSA for visual features, the MT fusion module, and the composite loss function. The second
part introduces MMFformer, covering the residual ViT, the AST, and the three fusion strategies.

Chapter 4 describes the datasets, experimental setup, and evaluation metrics used to assess
both frameworks. It reports the benchmarking performance of MDD-Net and MMFformer rela-
tive to SOTA methods, presents ablation studies examining the contribution of each architectural
component, and discusses cross-corpus validation results. The chapter also includes a compara-
tive analysis of the different fusion strategies explored in this thesis.

Chapter 5 concludes the thesis by summarizing the key findings, discussing the limitations of
the current work, and suggesting directions for future research.



Chapter 2

Literature Review

This chapter reviews the existing literature on depression detection, covering approaches that
range from traditional clinical methods to modern deep learning and transformer-based architec-
tures. The review is organized into three main areas. The first covers deep learning approaches
for depression detection, including unimodal methods that operate on a single data source, mul-
timodal methods that combine multiple modalities, and audio-visual fusion strategies that have
been specifically applied to combine acoustic and visual information. The second examines ad-
vanced multimodal architectures proposed for depression detection in recent years, with particular
emphasis on SOTA and attention-based designs. The third reviews transformer-based approaches
and their growing role in affective computing tasks. The chapter concludes by identifying the spe-
cific gaps in the current literature that this thesis aims to address.

2.1 Depression Detection Using Deep Learning

Recent years have shown substantial advances in multimodal depression detection through deep
learning approaches applied to vlog data. Current research emphasizes the use of deep learning
for depression detection, which is more effective compared to manual feature extraction [24].
Some researchers have used single-modality data for depression recognition, while others have
used multimodal data that contain comprehensive information for accurate and reliable depression
detection [25]. The following subsections outline relevant research on methodologies applied to
depression detection, including both unimodal and multimodal approaches using various data
modalities.

e Unimodal Depression Detection

In the domain of unimodal depression detection, significant research has been conducted
across various modalities to assess depressive symptoms. In [26], natural language processing is
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used to detect depressive symptoms by analyzing linguistic patterns and emotional expressions
in social media text extracted from platforms such as X (formerly Twitter). In audio-based ap-
proaches, several techniques have been explored. Low-level descriptors and spectrogram images
are commonly used as inputs to various neural network architectures to predict depression levels.
For example, Kim et al. [27] have exploited log-Mel spectrograms with a Convolutional Neu-
ral Network (CNN) architecture to predict depression. Electroencephalogram (EEG) brain data,
often used in brain-computer interface applications, has also been used by some researchers for
emotion recognition tasks [28]. In the video-based domain, researchers have applied various vi-
sual features and deep learning techniques to detect depression. For instance, Zhou et al. [29]
have introduced DepressNet, a deep regression network designed to learn visually clear repre-
sentations for depression recognition from facial expressions. The system generates a depression
activation map that highlights facial regions indicative of depression severity, improving both
accuracy and interpretability in depression detection.

e Multimodal Depression Detection

Recent advancements focus on multimodal feature fusion, combining text, audio, and visual
data to enhance depression detection [30]. Video content from social media platforms such as
YouTube has been used to detect depression by analyzing both audio and visual features. A
technique [3 1] fusing these features from video logs achieved over 75% accuracy in recogniz-
ing depressive symptoms. In another work [32], researchers introduced a method for depression
detection that combines acoustic and visual data via a time-aware attention mechanism and a Tem-
poral Convolutional Network (TCN), using the D-Vlog dataset. The system proposed a framework
integrating Long Short-Term Memory (LSTM) with contextual attention and global information
interaction. The proposed architecture used local information fusion to combine temporal acous-
tic and visual features, achieving a precision of 66.56% on the D-Vlog dataset.

Seneviratne et al. [33] presented a multimodal depression detection architecture combining
audio and text data, addressing overfitting by employing multiple levels of classifiers. Yuan et al.
[34] introduced a multi-order factor fusion technique to take advantage of high-order interactions
between different kinds of modalities. Shen et al. [35] developed a depression detection system
using Bi-directional Long-Short Term Memory (Bi-LSTM) and fused audio and text data with
attention mechanisms.

e Audio-Visual Fusion Strategies

Since this thesis specifically targets audio-visual feature fusion for depression screening, it is
important to review how prior works have combined these two modalities. Audio-visual fusion



strategies in the literature can broadly be categorized into early fusion, late fusion, and hybrid ap-
proaches. Early fusion methods concatenate raw or low-level features from both modalities before
feeding them into a shared classifier. While straightforward, early fusion often suffers from the
dimensionality mismatch between audio and visual feature spaces because acoustic descriptors
and facial landmarks operate at different temporal resolutions and carry fundamentally different
types of information.

In contrast, late fusion methods process each modality independently using separate networks
and combine decision-level outputs or high-level representations at the final stage. The Depres-
sion Detector proposed alongside the D-Vlog dataset [16] adopted a cross-transformer that per-
formed late-stage fusion of audio and visual embeddings. Multi-Domain Acoustical-Visual In-
formation Fusion (MDAVIF) [36] employed two autoencoders to preserve modality-specific in-
formation before combining them, achieving an F1-Score of 75.25% on D-Vlog. These methods
retain modality-specific patterns but limit the opportunity for audio and visual features to interact
during representation learning.

Intermediate or feature-level fusion attempts to bridge this gap by allowing cross-modal in-
teraction at hidden layers. The Tensor Fusion Network (TFN) [ 1] computes an outer product
of unimodal representations to model higher-order interactions, but its quadratic growth in pa-
rameters makes it impractical for longer sequences. Attention-based fusion methods, such as
Contextual Attention and Information Interaction Mechanism (CAIINET) [37] discussed further
in Section 2.2, apply attention weights within each modality but do not enable one modality to
directly attend to the other. The Multimodal Transformer (MulT) [!2] introduced directional
cross-modal attention for unaligned multimodal sequences, but it was designed for sentiment
analysis and has not been directly applied to vlog-based depression detection.

In the literature, several studies have attempted to fuse audio and visual modalities for depres-
sion detection; however, existing frameworks still face notable difficulties in identifying the most
discriminative patterns from raw multimodal data and in developing fusion approaches that go
beyond symmetric operations. None of the current audio-visual fusion methods simultaneously
provides bidirectional cross-modal attention, where audio queries attend to visual features and
visual queries attend to audio features, combined with a joint transformer that further refines the
fused representation. This particular gap limits the ability of existing architectures to capture di-
rectional and complementary relationships between acoustic and visual cues, which are essential
for distinguishing depressive behavior in uncontrolled social media environments. The mutual
transformer in MDD-Net and the systematic three-level fusion comparison in MMFformer are
designed to address this shortcoming, as detailed in Chapter 3.



2.2 Advanced Multimodal Architectures for Depression De-
tection

DepMamba [38] introduced an audio-visual progressive fusion network based on Mamba to de-
tect depression through multiple data modalities. The architecture combined CNNs and Mamba
to capture local-to-global features across long-range sequences. It incorporated a multimodal col-
laborative State Space Model (SSM) to extract both intermodal and intramodal information for
each modality. A multimodal-enhanced SSM is employed to further strengthen the cohesion be-
tween modalities. Experimental results showed that DepMamba achieved an accuracy of 68.87%
on the D-Vlog dataset and 72.13% on the LM VD dataset. Xing et al. [39] presented a multimodal
depression detection framework, EMO-Mamba, that leveraged multimedia data to improve per-
formance. The technique applied a CNN to extract the spatial attributes of facial features and the
local acoustic features from audio. The SSM network is utilized to understand temporal varia-
tions and efficiently maintain memory over long time-series. A multimodal fusion framework is
proposed to efficiently integrate crucial information from multiple modalities, thereby enhancing
overall detection capabilities. In the D-Vlog dataset, EMO-Mamba obtained accuracy, preci-
sion, recall, and F1-Score of 75.54%, 75.79%, 75.54%, and 75.66%, respectively. Shangguan et
al. [40] proposed a Multiple Instance Learning (MIL) approach for detecting depression using so-
cial media data. The proposed MIL architecture is designed to handle long-term sequences of vi-
sual data through an Attention-based Deep Long Short-term Memory (AD-LSTM) network. The
AD-LSTM processed fixed-length visual and speech segments to retrieve temporal dimensions of
each instance, and the Attention-based Deep Multiple Instance Learning (AD-MIL) block fused
the temporal representations obtained to perform depression detection. Compared with existing
benchmarks, the experiments demonstrated that the developed MIL network achieved the highest
weighted average precision, recall, and F1-Score of 67.27%, 67.77%, and 66.64%, respectively.
In another research, Zhou et al. [37] developed a deep learning based framework called CAIINET
for the early detection of depression, utilizing contextual attention and an information interaction
mechanism. The proposed system used a contextual attention module with a Bi-LSTM model to
capture crucial audio and visual cues at important temporal points. The system incorporated local
and global information fusion modules that evaluated the significance and interactions among the
extracted attributes at both levels. Experiments on the D-Vlog dataset revealed that CAIINET sur-
passed current benchmark models, achieving 66.56%, 66.98%, and 66.55% for weighted average
precision, recall, and F1-Score, respectively. Kowalewski et al. [4 1] compared machine learning
and deep learning techniques for depression detection using audiovisual social media content. The
proposed approach applied three learning algorithms, including EfficientNet, neural network, and
eXtreme Gradient Boosting (XGBoost) on D-Vlog dataset and obtained the highest F1-Score of
77% from the XGBoost classifier.
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2.3 Transformer-Based Approaches for Depression Detection

He et al. [47] developed a lightweight architecture named Lightweight Multi-scale Transformer
(LMTformer), aimed to detect depression from facial videos through a multi-scale transformer.
This model retrieved coarse-grained attributes from facial expressions and then processed them
through a lightweight multi-scale transformer. The transformer recorded local and global pat-
terns in diverse receptive fields. Moreover, global features are enhanced by a multi-scale global
feature fusion approach. Using the LMVD dataset, the proposed network achieved accuracy,
precision, recall and F1-Score of 82.76%, 82.87%, 82.76% and 82.74%, respectively. Further,
a video-based depression detection system termed Depressformer is introduced in [43]. The
model used the Swin Transformer to enhance the extraction of key video features. A module
focused on depression-specific fine-grained local feature extraction is presented to identify de-
tailed signs of depression. In addition, a depression channel attention fusion block is added to
improve the fusion and modeling of the combined features. The empirical findings demonstrated
its performance, obtaining an F1-Score of 0.59 on the D-Vlog dataset. Tao et al. [44] proposed a
depression detection model called Multimodal Spatio-Temporal Attention Transformer approach
for Depression detection (DepMSTAT), which analyzes audio and visual features from vlog con-
tent to identify depression. The Spatial-Temporal Attentional Transformer (STAT) block is at
the core of the system, designed to effectively capture spatial and temporal relationships within
multimodal data. This module extracted spatio-temporal features from individual modalities and
fused them to analyze vlog-based audio and visual signals. According to experimental results,
DepMSTAT achieved precision of 71.53%, recall of 75.60%, and F1-Score of 73.51%. Further,
Tao et al. [45] presented a Spatio-Temporal Squeeze Transformer (STST) technique to extract
relevant semantic features related to depression. The approach employed a transformer encoder
to process spatiotemporal data and extract significant features, which were then used by a voting-
based classifier to detect depression. The experiments on the D-Vlog dataset achieved an accuracy
of 70.70%, a precision of 72.50%, a recall of 77.67%, and an F1-Score of 75%. Yang et al. [46]
deployed a computationally efficient hierarchical structure for autonomous depression detection
in an Internet of Things (IoT) environment. This framework enabled IoT devices to collaborate in
a layered and distributed way to obtain mental health information. The proposed method trained
the Spike Memory Transformer (SMT) to capture complex temporal relationships and heteroge-
neous patterns within data for depression recognition. Experimental results showed that SMT
outperformed traditional deep learning methods with an accuracy of 70.73% for D-Vlog dataset
and obtained lower consumption of energy during inference. While the above methods repre-
sent significant progress in applying transformers to depression detection, the field of multimodal
Artificial Intelligence (AI) has been evolving even more rapidly in parallel.

Beyond task-specific transformer architectures, the broader landscape of multimodal Al has
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been reshaped by the emergence of VLLMs and MLLMs that process and reason across text, image,
audio, and video within unified frameworks. In affective computing, Cheng et al. [47] proposed
Emotion-LLaMA, a MLLM that integrates audio, visual, and textual inputs through emotion-
specific encoders, achieving SOTA results on multiple emotion recognition benchmarks. Lian
et al. [48] introduced AffectGPT with pre-fusion operations for enhanced multimodal emotion
understanding. For mental health specifically, Yang et al. [49] developed MentalLLaMA, the first
open-source instruction-following Large Language Model (LLM) for interpretable mental health
analysis on social media, covering eight tasks including depression detection. Chen et al. [50]
transformed clinical interviews into graph structures and used GPT-based data augmentation for
depression detection, while Zhang et al. [51] integrated acoustic speech landmarks into Llama2
for audio-based depression screening. More recently, Sadeghi et al. [52] demonstrated a fully
automated pipeline combining LLM-extracted depression indicators from interview transcripts
with facial expression features for multimodal depression detection. Although these VLM and
MLLM approaches have not yet been applied to vlog-based audiovisual depression screening of
the kind addressed in this thesis, they represent a promising direction that could complement the
transformer-based fusion strategies proposed in the current work.

2.4 Summary and Research Gaps

The literature reviewed in this chapter reveals several important trends and limitations in the cur-
rent state of automated depression detection. First, while unimodal methods have demonstrated
that individual modalities such as audio and video carry meaningful signals for depression, they
consistently underperform compared to multimodal approaches. This indicates that depression
manifests through a combination of behavioral cues that cannot be fully captured by any single
modality alone.

Secondly, as discussed in Audio-Visual Fusion Strategies, existing multimodal fusion strate-
gies predominantly rely on symmetric operations that fail to model directional relationships be-
tween audio and visual features, and none of the current approaches provide bidirectional cross-
modal attention combined with joint transformer refinement.

Third, although transformers have shown remarkable success in various sequence modeling
tasks, their application to multimodal depression detection remains limited. Most transformer-
based methods in this domain apply self-attention within each modality separately, without en-
abling explicit cross-modal interaction. This means the models cannot learn how specific com-
binations of audio and visual patterns jointly indicate depression.

Finally, comparing existing methods remains difficult because different studies report results
using different evaluation metrics and follow different experimental protocols, making direct
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benchmarking unreliable. The D-Vlog dataset [16] has emerged as a standard benchmark, but
prior methods have reported F1-Scores between 59% and 77%, suggesting substantial room for
improvement. The LMVD dataset [|7] provides a complementary evaluation platform but has
received limited attention in the literature. Moreover, the unique challenges of social media con-
tent, including uncontrolled recording conditions, varying audio quality, and inconsistent lighting,
require architectures robust enough to extract reliable features from noisy real-world data.

These gaps motivate the two architectures proposed in this thesis. MDD-Net addresses the
fusion limitation through a MT that computes bidirectional cross-modal correlations between
acoustic and visual embeddings, while MMFformer systematically compares three different fu-
sion strategies, including LT, IT, and IA fusion to determine which level of cross-modal interac-
tion is most effective for depression detection from social media video blogs.
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Chapter 3

Proposed Methodology

This chapter presents the detailed architectures of the two proposed frameworks for multimodal
depression detection. The first part describes MDD-Net, a multimodal depression detection net-
work that employs a MT for bidirectional cross-modal fusion. The second part introduces MMF-
former, a multimodal fusion transformer network that systematically compares three fusion strate-
gies for combining audio and visual features. Both architectures are designed to extract mean-
ingful representations from social media video data and fuse them to detect depression.

3.1 MDD-Net: Multimodal Depression Detection through Mu-
tual Transformer

The first proposed framework, MDD-Net, is a Multimodal Depression Detection Network where
MT networks are deployed to efficiently capture and fuse acoustic and visual features. The pro-
posed approach utilizes MTs to compute correlations across modalities, providing a better rep-
resentation of depression-related behavioral patterns using the D-Vlog database collected from
social media platforms [16].

MDD-Net consists of four core modules: an AFEM for retrieving relevant acoustic attributes,
a VFEM for extracting significant high-level patterns, a MT for computing the correlations among
the generated features and fusing these features from multiple modalities, and a detection layer
for detecting depression using the fused feature representations.
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Figure 3.1: The overall architecture of the proposed MDD-Net system: a multimodal fusion
technique for audio-visual feature fusion using mutual transformers for depression detection.

3.1.1 Problem Formulation

The depression detection problem in this work is formulated as a binary classification task. Let

a multimodal vlog dataset be defined as G = {(X"}, X I”,)}lnG:'], where X'} are acoustic and X, are
|G|

n=1’

visual features. The objective is to produce classifications C = {c,}
where ¢, € {Depression, Normal}.

The dataset is formalized as follow:

G={(x1,x3)} X1 erx%, X eR 3.1)

Here, X', refers to the acoustic features and X7, represents the visual features. The dimensions of
the acoustic and visual features are represented by d, and d,,. The sequence length of the data is
t. Both the acoustic and visual sequences are aligned to have the same length. The objective is
to classify each vlog in G as “Depression” or “Normal” by learning important patterns from the
vlog’s acoustic and visual features. The overall architecture of the proposed MDD-Net is illus-
trated in Fig. 3.1. The step-by-step learning process of the proposed MDD-Net is systematically
described in Algorithm 1, which outlines how the acoustic and visual features are extracted, fused
through the mutual transformer, and used for depression classification.
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Algorithm 1 Multimodal Depression Detection Network

1: Input: Vlog dataset G = {(X",, XI",)}lG|

n=1
where X Z are acoustic and X I”/ are visual features

2: Output: Classifications C = {cn}IG|

n=1
where ¢, € {Depression, Normal }

3: for each vlog (X", XI”,) in G do

4: Extract Acoustic Features:

5: X ; «— AFEM(X Z) > Process acoustic features using global self-attention for content and positional relationships.

6 Extract Visual Features:

7 X Io/ «— VFEM(X ﬁ) > Process visual features with patch embedding and transformer blocks.

8: Fuse Features with Mutual Transformer:

9: MC 4y, < MutualTransformer 45 (X Z, X Io/) D> Compute audio-to-video correlation.
10: MCy, 4 < MutualTransformery, 4 (XIO,, XZ) > Compute video-to-audio correlation.
11: MC far TransformerFusion(X?¢, X IO,) D> Fuse acoustic and visual features jointly.
12: Z « Combine(MCAV, MCVA’ MCfAV) > Generate multimodal representation.
13: Detect Depression:

14: p < DetectionLayer(Z) > Compute probability via attention mechanism.
15: if p > 0.5 then

16: ¢, < Depression

17: else

18: ¢, < Normal

19: end if

20: end for

21: return C

Each of the proposed system modules is detailed in the following sections.

3.1.2 Acoustic Feature Extraction Module

In the AFEM, a combination of a global self-attention network [20] is used as the backbone for
extracting relevant features from acoustic data. This module takes 25 low-level acoustic descrip-
tors extracted from each audio segment, including loudness, Mel-Frequency Cepstral Coefficients
(MFCCs), and spectral flux as inputs. The major components of the audio feature extraction mod-
ule are represented in Fig. 3.2. Let, X!, € R*% and X € R™% represent the input and output
feature vectors, respectively. The output feature vector is generated by fusing input data using
both content-based and positional attention layers. The matrices of keys, queries, and values are
defined as K, = [k;;] € R™%, Q, = [g;,] € R*%, and V, = [v;;] € R™%, which are generated
by applying three 1 X 1 convolutions on the input feature map X',. The generated feature map
X4 € R™4 is then computed using content-based dot-product attention as in (3.2).

X5=0, oK), (32)

16



1x1 Conv J—>[ K R"% J——»[ ContentAttention} }

[ X, ER" 1x1 Conv ]—»[ QR F.[ e — \

i R O

d — X aR
1x1 Conv J_.[ VRV % }*, Positional Attention

Figure 3.2: Acoustic feature extraction module: the module processes input audio features using
1 X 1 convolutions, applies both content and positional attention mechanisms, and performs batch
normalization before fusing the features for the final representations.

where, p represents Softmax normalization. This attention layer first aggregates the elements of
V, into d, global context vectors, weighted by p(K(;r), and then redistributes the context vectors
to individual elements based on the weights in Q,. The Softmax normalization on queries is
removed to allow the output features to span the entire subspace of the context vectors d,.

To address the lack of spatial awareness in the content attention layer, a positional attention
layer is introduced to handle both content and spatial relationships, as proposed in [53]. This
layer analyzes the feature space in certain directions, ensuring that each element interacts with its
neighbors. This approach effectively spreads information across the entire N X N neighborhood.

Let, A = {_%, 0, %} be a set of N offsets, and R = [r;] € RV*4% denotes the

matrix of learnable relative position embeddings, where 6 € A. Then, our attention mechanism
uses relative position embeddings (R) as keys, as shown in (3.3).

p b . T .
X Alxy) = Qa(xy) R Va(xy)

(3.3)
where, Q,,,, 1s the query, V., = [v,,5,] € RN*4, s the matrix including the values at the N

neighboring elements of position (x, y), and X% (xy) Tefer to the output of the positional attention
mechanism.

The final output feature map (X9) is a combination of these two attention mechanisms, as
represented in (3.4). Here, f,, is the 1 X 1 convolution with Batch Normalization (BN) layer.

X4 = X5+ f(X5) (3.4)

3.1.3 Visual Feature Extraction Module

For VFEM, the network uses a patch embedding layer followed by a transformer block. The inputs
of this module are 68 extracted facial landmarks for each frame in the vlog, which are fed as 136-
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Figure 3.3: Visual feature extraction module: the module applies 1 X 1 convolutions, group nor-
malization, and SiLLU activation to extract patch embeddings from visual data. These embeddings
are passed through a series of H-MHSA, a MLP, and a downsampling operation to generate final
visual features as output.

dimensional vectors. The input feature map, X ;, € R™% is processed through a 1x 1 convolution
layer, followed by group normalization, a SiLU activation function, and another 1x 1 convolution.
This acts as the patch embedding mechanism, projecting the input data into a suitable dimension
for the transformer block. The video feature extraction module is represented in Fig. 3.3.

Once the embedding is complete, the data is passed through transformer blocks. In the trans-
former block, Query (Q,), Key (K,), and Value (V) are calculated using (3.5).

— i — i pk _ i U
0,=X,p% K,=X,p5 V,=X,p (3.5)

where, 4, p*, B € R%*% belong to the weight matrices of linear transformations during training.
The H-MHSA [21] is formulated in (3.6) considering the same dimensions for input and output.

KT
M, =p 2.k, v, (3.6)
Vd

After computing Multi-Head Self-Attention (MHSA), a residual connection is incorporated
to enhance optimization, as mentioned in (3.7).

M, =M,p,+X, 3.7)

where, f, € R%> i a trainable weight matrix for feature projection. A Multi-Layer Perceptron
(MLP) is applied to improve the representation, as depicted in (3.8).

Xy = frp(M}) + M;, (3.8)
where, X7, represents the output of the transformer module. The transformer module is repeated

l(j_l) times, where j = {2,3,4,5}.
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3.1.4 Mutual Transformer

The proposed approach uses the MT module to calculate multimodal mutual correlations and
speaker-related depression attributes. The block diagram of the transformer is demonstrated in
Fig. 3.4. From the AFEM, the acoustic features are obtained: X = {x,, X, ...,X,,}, where
n = 256 refers to the sequence length and d, = 71 specifies the size for each embedding. Sim-
ilarly, the visual feature extraction module provides the visual feature X7, = {x,;, x5, ..., X,,},
where n = 256 is the length of the sequence and d, = 139 is the embedding size. The MT mod-
ule bidirectionally calculates audio-to-video (M C ;) and video-to-audio (M C,, ,) correlations,
followed by a joint transformer fusion.

The Mutual Correlation (MC) is obtained using two mutual transformer layers: M C,, € R™
and MCy, € R™ from X € R™% and X9, € R™®. Another transformer layer is used to fuse
both X% € R™da and X y € R™4:, The mutual transformers receive query, key, and value
from different modalities. In our MDD-Net, the M C,, mutual transformer receives the audio
embedding X9 as Q, and video embedding X7, as K, and V,. Similarly, M Cy, receives X7, as
O, and X as K, and V,. At the same time, another transformer is applied to extract the relevant
features MC, € R®"*“td) through the fusion of X and X7,

v L 4
N N | Cc N N
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Figure 3.4: Transformer encoder architecture: Q, K, and V refer to input queries, keys, and values,
respectively.
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The corresponding formulations are presented in (3.9), (3.10), and (3.11).

0.K;
Jamn(xs xo) = P Ver
dKU
(3.9)
QUK;—
Jaun(xo x2) = P Ve
dKa
MCyy =L (X540 (BT (LOG+ funn)) ) +5)
(3.10)
MCyy = L(x] 40 (B (LK + Fuwrny) ) ) +0)
MC‘fAV = ftransformer(fconcat(Xo ’ X;)) (3 1 1)

where, L denotes the LayerNorm. f is the self-attention function (as represented in (3.9)),
Sicansformer @0A fooneqr are the transformer and concatenation layer function of X% and X7,. f and b
are learnable parameters.

The multimodal transformer representation Z € R®#"*2(€:+40) ig obtained using mutual trans-
former fusion technique. The fused output in the form of Z is shown in (3.12).

Z = fconcat (fAngool (MCAV’MCVA’MCfAV)) (312)

3.1.5 Depression Detection Layer

The output class probabilities for multimodal depression detection are derived as in (3.13).

a=F@p-2),

3.13
p=p (B (a"-Z)+b) G419

Here, F(-), @, and p € R? denote the fully connected layer, attention scores, and depression
detection probability, respectively.
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3.1.6 Loss Function

For depression detection, a customized loss function is used that combines multiple losses to
address the challenges of noisy and imbalanced datasets [54]. The customized loss function used
in this paper combines Binary Cross-Entropy (BCE), Focal Loss, and L2 regularization, as shown
in (3.14).

Liotar = Loce + Lroca + L1 (3.14)

The binary cross-entropy is expressed mathematically by (3.15), where y is the true class label
and ¢ is the smoothing factor.

yo=y-(1—-¢)+05-¢,

(3.15)
Lyep = = (log(p) + (1 = ) log(1 ~ p))

Moreover, the Focal Loss is defined as in (3.16), where ¢ is a scaling factor and y is the
focusing parameter.

Lroa =@ - (1 =p) - Lyeg (3.16)

Furthermore, the L2 regularization loss is computed as shown in (3.17), where 6, represents
the network parameters and A is the strength of the L2 regularization.

L,=4) N6l (3.17)

3.2 MMFformer: Multimodal Fusion Transformer Network
for Depression Detection

The second proposed framework, MMFformer, is a multimodal depression-detection network
designed to extract high-level spatio-temporal patterns from multimodal social media data. The
transformer network with residual connections captures spatial features from videos, and a trans-
former encoder is exploited to design important temporal dynamics in audio. Moreover, the
fusion architecture combined the extracted features using late and intermediate fusion strategies
to identify the most relevant intermodal correlations. The overall architecture of MMFformer is
illustrated in Fig. 3.5. The complete processing pipeline of MMFformer, including the three fu-
sion strategies, is presented in Algorithm 2. The architecture’s individual modules are described
in the following sections.
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Figure 3.5: A brief overview of the MMFformer architecture for multimodal depression detec-
tion. The proposed approach comprises multiple modules: video feature extraction (top), audio
feature extraction (middle), and late and intermediate fusion (bottom). Video feature extraction
utilizes transformer blocks and residual connections to capture spatial patterns from video clips.
Audio feature extraction involves processing audio signals with a transformer encoder to capture
meaningful temporal dynamics in speech. The fusion module works at the late and intermediate
stages to capture significant intermodal interactions among the extracted features. Finally, the
fused features are fed into a classifier to detect depressive states from the multimodal inputs.
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Algorithm 2 Multimodal Fusion Transformer Network for Depression Detection

1: Input: Viog dataset G = {(X", X")}!!

where X;’ are visual and X;‘ are audio features

2: Input: Fusion strategy S € {LT,IT,IA}
3: Qutput: Classifications C = {cn}ln(il1

4-
5:
6:
7
8

9:
10:
11:
12:
13:
14:

15:
16:
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where ¢, € {Depression, Normal}

for each vlog (X7, X") in G do

Extract Video Features:
X, Fy (X"

Xé‘ emb(f )

XV« T X+ P

X — ViT-Residual(x")

Extract Audio Features:

X1 Ty

X, < PatchEmbed(X})

X «— [xm,xdm,k’ 1+ X,

X("> « TransformerEncoder(X,,)

Fuse Multimodal Features:
if S =LT then
Oy _ 4 < CrossAtin(X, ¥)
O,y < CrossAtm(X'”, ¥
else if S = IT then
X, 2 « ConviD(X), ConviD(X?)
Oy _ 4 < CrossAttn(X,, X,)
O,y < CrossAttn(X,, X,)
else if S = IA then
&,. &, « ConvID(X.”), ConvID(&,”)
Op_4 < DotProduCtAttn(Xa, X X,
Oy < DotProductAttn(XU,X )
end if
Z « Pool-Concat(Oy,_, 4,0 4_y)
Detect Depression:
p « Classifier(Z)
if p > 0.5 then
¢, < Depression
else
¢, < Normal
end if

end for
return C

> Temporal downsampling via ConvID

> Linear patch embedding

> Add CLS token and positional encoding

> N transformer blocks with residual connections

> Time-frequency projection and downsampling

> 2D convolutional patch embedding

> Add CLS, distillation tokens, positional embedding
> Multi-layer MHSA with layer normalization

> Late Transformer Fusion
> Visual info into audio

> Audio info into video
> Intermediate Transformer Fusion

> Intermediate Attention Fusion

3.2.1 Video Feature Extraction

In the video feature extraction (as shown in top part of Fig. 3.5), the video data is first pre-
processed and then embedded in a high-dimensional space suitable for transformer-based pro-
cessing. The module utilizes a pre-trained ViT architecture [22] to process the video signals.



Initially, we downsample the video input using a 1D convolution block along the temporal
dimension, where 7 is the sequence length, and C is the feature dimension for the input tensor
X, € R7*¢, This operation refines the input resolution to a fixed length £ as mentioned in (3.18).

X, = Fy(X,) (3.18)

where F,(-) represents the sequence of convolution, normalization, and pooling operations. Then,
we apply a linear patch embedding (F,,,,) as in (3.19).

X, =F, (X)=W, X &R (3.19)

emb**v

where W,,,, € RP and D are the embedding weight and dimension.
After obtaining the patch embeddings X, a learnable classification token (7,,) is added at
the beginning of the embedding sequence as shown in (3.20).

XV =T, ®&X, €RHP (3.20)

In addition, learnable positional encoding P € RX“+DXP ig incorporated to capture spatial in-
formation as in (3.21).
X0 =x04p (3.21)

The token-augmented sequence X" is subsequently passed through A transformer blocks
(n=1,..., N). In each block, self-attention (Z") is computed as described in (3.22), where the
queries, keys, and values are represented as Q" = X"W?, K" = XWX, and V" = X"WY,
respectively.

QM(KmT
Z"=Fsof,<— " (3.22)
Vd )

here W<, WX, WY € RP*D are the learnable weight matrices, F,, 71 is the softmax activation,
and d is the dimension for each head.

A residual connection followed by a MLP with layer normalization is applied to the output of
each transformer block as shown in (3.23).

X = P (24 X+ (274 20) 32

This mechanism is applied repeatedly, where the output of the final transformer block, Xl()") €
RE+DXD gerves as the high-level visual feature representation from the video input.
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3.2.2 Audio Feature Extraction

The module processes an input audio waveform X, € R’ (S denotes the number of samples)
through a series of transformations, including linear projection, patch and positional embedding,
and transformer encoding (as illustrated in middle part of Fig. 3.5).

Initially, the waveform is transformed into a time-frequency representation X, € R 7 where
F and T represent the number of frequency bins and time frames. To ensure consistent input
dimensions, X, is projected to a fixed-size matrix X} € R”*7’ via a learnable linear projection
function 7, , as in (3.24).
X =TFp(Xp FLT,0,) (3.24)
where 6, represents the parameters of convolutional and pooling operations. In particular, a
1D convolution adjusts the frequency dimension, followed by batch normalization and adaptive
average pooling to standardize the time dimension to 7’. The resulting matrix is then reshaped
into a single-channel 2D input X, € RIXF'XT"

The obtained feature matrix X j’, is partitioned into overlapping patches using a 2D convolu-
tional layer to generate patch embeddings X, € RM*P_ The convolution operates with patch
sizes (p, p,) and strides (s, s,), generating a feature map with spatial dimensions & = [(F' —
p)/s;l +1andw = [(T' = p,)/s,| + 1, resulting in M = h X w patches. The resulting feature
map in 3D tensor form is flattened and transposed using the operation ¥ ,(-) as in (3.25), where
AN’p denotes the intermediate output of the convolution that makes the sequence appropriate for
transformer encoder.

X, =F (X) e RMP (3.25)

A base positional embedding matrix X, € RP*tsaseXWhase | following the AST [23], is resized
using bilinear interpolation to align with the patch grid size (h, w) as mentioned in (3.26).

= s (h,w)) € RMP (3.26)

tnp(

Moreover, two special tokens are added to the sequence: a classification token x,,, and a dis-
tillation token x,;,, each with fixed positional embeddings e,,, and e,;,. The final embedded
sequence is generated as in (3.27).

X [xcls €cis> Xdist + €list>
X, +X,, ..., X, +&, ]€RM*P
M M

)41 €

(3.27)

The embedded sequence X,,, obtained from (3.27), is processed by a transformer encoder
comprising several identical layers. Each layer consists of a multi-head self-attention (F,,,,,,)
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followed by a feed-forward network. Each sub-layer is preceded by layer normalization (F,,) and
followed by a residual connection. The computations within a single transformer layer are shown
in (3.28).

U= 7:‘ln (Xpe + thsa(Xpe)) ’

(3.28)
Z=7F,(V+F,,0))

where Z corresponds to the final acoustic output sequence X € R™*2*P_ capturing temporal
feature representations.

3.2.3 Fusion Module

The fusion module in MMFformer combines extracted visual and acoustic features using three
distinct strategies, each operating at a different level of the processing pipeline. The proposed
fusion module is described as illustrated in the fusion module of the bottom part of Fig. 3.5. The
following subsections describe each fusion approach in detail.

3.2.3.1 Late Transformer Fusion

This architecture fuses the extracted visual and acoustic features using transformer blocks. Each
network employs its own transformer block to perform cross-modal fusion. The video network
takes visual features XL(]“), while the audio network processes acoustic features X‘E"), and fusion
happens by combining features from one modality into the other. Each network processes its
respective features through a series of 1D Convolution (Conv1D) layers. The outputs of each
transformer block are then pooled, concatenated and fed into a final depression detection layer.

For the acoustic network, the transformer block takes the visual network representation Xlg") as
input to compute the keys and values, while queries are derived from the features of the acoustic
network Xio). The self-attention mechanism is computed in (3.29).

XOW, WT(X©)T
( a q k( v ) )Xlgo)wv (329)

Vd

where Wq, W,, and W, are the weight matrices for queries, keys, and values, respectively. This
operation fuses visual information into the acoustic network (V¥ — A). Similarly, the visual
network transformer block computes queries from Xﬁ"), and keys and values from Xé"), allowing
fusion of acoustic information into the visual network (A — V).

O = 7:‘soft
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3.2.3.2 Intermediate Transformer Fusion

This module introduces cross-modal fusion at an intermediate stage, enabling earlier interaction
between visual and acoustic features. The extracted features are input into two Conv1D layers in
each branch to obtain the intermediate representations X and X, which are passed through
separate transformer blocks for cross-modal fusion as shown in (3.29).

In the acoustic network, queries are computed from X(E"), while keys and values are derived
from Xﬁ"), enabling visual-to-acoustic information transfer. However, the visual network receives
acoustic features through a symmetric operation. The outputs of each network are then fused
separately and passed through an additional Conv1D layer. The refined features then pass through
the pooling, concatenation, and final classification layer for depression detection.

3.2.3.3 Intermediate Attention Fusion

This architecture presents an attention-based fusion at an intermediate level, enabling cross-modal
interaction without directly fusing feature representations. The extracted features are fed into two
Conv1D layers separately, resulting in visual and acoustic features X'” and X, which are pro-
cessed through attention mechanisms by exploiting dot-product similarity to highlight mutually
relevant features.

In the acoustic network, queries are computed from X* and keys from X*. The scaled dot-
product attention is calculated in (3.30).

XOW WT(X©)T
O=F,, | —F—F— (3.30)

Vd

The softmax operation emphasizes the most salient features of the visual modality relative to
the acoustic features (V¥ — A). The visual network performs the same mechanism to compute
attention from acoustic features (A — V).

The attention vector for the visual network is calculated as v, = 2,111 Ol :,i], capturing the
most relevant visual attributes based on their alignment with acoustic features. The acoustic
network follows a symmetric process. The attention-weighted outputs are refined through an
additional Conv1D layer, pooled, concatenated, and passed to the depression detection layer.
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3.3 Summary

This chapter presented the detailed architectures of the two proposed frameworks for multimodal
depression detection from social media video blogs. MDD-Net addresses the cross-modal fusion
problem through a MT that bidirectionally computes audio-to-video and video-to-audio correla-
tions, complemented by a joint transformer that further refines the concatenated representations.
The architecture operates on hand-crafted features, specifically 25 OpenSMILE extended Geneva
Minimalistic Acoustic Parameter Set (eGeMAPS) descriptors for audio and 68 Dlib facial land-
marks for video, and employs a composite loss function combining binary cross-entropy, focal
loss, and L2 regularization to handle the noisy labels and class imbalance characteristic of so-
cial media datasets. MMFformer takes a different approach by employing pre-trained backbone
networks, a residual ViT for video and an audio spectrogram transformer for audio, and systemat-
ically comparing three fusion strategies that operate at different levels of the processing pipeline.
The late transformer fusion allows cross-modal interaction only after each branch has fully pro-
cessed its input, the intermediate transformer fusion introduces interaction at an earlier stage, and
the intermediate attention fusion uses dot-product attention to highlight mutually relevant features
without directly merging the representations.

Both architectures share the core design principle that audio and visual modalities should
interact via cross-attention mechanisms rather than through symmetric operations such as con-
catenation or element-wise addition. This principle aligns with the broader trend in multimodal
Al, where recent VLMs and MLLMs such as NExT-GPT [55], Unified-IO 2 [56], and Show-
o [57] have demonstrated that cross-modal attention within unified transformer frameworks can
capture richer interactions across modalities than traditional fusion pipelines. While these large-
scale models operate at fundamentally different scales and are designed for general-purpose mul-
timodal understanding, the cross-attention mechanisms explored in MDD-Net and MMFformer
address the same underlying challenge: learning how information from one modality can inform
and modulate the representation of another. The experimental evaluation of both frameworks is
presented in the following chapter.
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Chapter 4

Experiments and Results

This chapter presents the experimental evaluation of both proposed frameworks. It begins with a
description of the datasets used, followed by the implementation details and evaluation metrics.
The chapter then reports the performance of MDD-Net and MMFformer, including comparisons
with SOTA methods, ablation studies, visual analysis, and cross-corpus validation experiments.

4.1 Datasets

4.1.1 D-Vlog Dataset

The D-Vlog dataset [16], collected from YouTube, consists of 961 vlog videos spanning approx-
imately 160 hours of recordings from 816 individuals (322 men and 639 women). It includes
555 depressed and 406 normal samples. The depressed class labels are assigned based on spe-

2 ¢

cific keywords in the titles, with terms like “depression episode vlog”, “depression daily vlog”,

9 ¢ 99 <¢ 29 ¢

“my depression story”, “depression journey”, “my depression diary”, “depression video diary”,

bl (13

and “depression vlog”. Moreover, the non-depressed labels contain “haul vlog”, “daily vlog”,
“erwm (get ready with me) vlog”, “how to vlog”, “talking vlog”, and “day of vlog”. The au-
thors carried out two tasks to ensure the labels were valid: verifying that each video adhered to
the vlog format, with individuals speaking directly to the camera, and employing annotators to
analyze videos for signs of depression using automatically generated transcripts. The database
is partitioned into training, validation, and test sets with a ratio of 7:1:2. Acoustic features are
obtained using OpenSMILE with eGeMAPS, yielding 25 low-level descriptors per second that

capture properties such as loudness, pitch, spectral flux, and MFCC. The visual features consist of
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68 facial landmarks per frame, extracted using the Dlib library and encoded as 136-dimensional
vectors representing the x and y coordinates of each landmark. These features are sampled at a
per-second interval, making them appropriate for temporal analysis. D-Vlog is unique in collect-
ing real-world, unscripted videos in which individuals openly share their daily lives and mental
health.

4.1.2 LMVD Dataset

The LMVD [17] is a large-scale dataset for detecting depression in everyday contexts, used in this
thesis to evaluate the performance of MMFformer. The dataset comprises 1,823 vlog samples
totaling around 214 hours of video, collected from 1,475 people across four platforms: Bilibili,
TikTok, Sina Weibo, and YouTube. Each video is classified as either depressed or non-depressed,
following a manual assessment by volunteers and validation by clinical professionals. The audio
features are 128-dimensional embeddings derived from the VGGish network, which operates
on log-mel spectrograms rather than hand-crafted acoustic descriptors. The visual features are
more comprehensive than those in D-Vlog, incorporating facial action units, face landmarks, eye
gaze vectors, and head pose estimates extracted through a combination of DIib and OpenFace.
LMVD is a heterogeneous dataset of real-world significance, as the videos are spontaneous and
self-recorded, accurately depicting real-user behavior rather than being generated in laboratory-
controlled environments.

4.1.3 Comparison of Dataset Characteristics

Table 4.1 summarizes the key differences between the two benchmark datasets. Beyond the dif-
ference in scale, the two datasets employ fundamentally different feature extraction pipelines. D-
Vlog relies on hand-crafted acoustic descriptors through the eGeMAPS feature set, while LMVD
uses learned audio representations from VGGish that encode spectral patterns at a higher dimen-
sionality (128 versus 25). On the visual side, D-Vlog provides only facial landmark coordinates,
whereas LMVD offers a richer set of features, including facial action units, eye gaze, and head
pose, alongside landmarks. The cross-platform nature of LMVD also introduces greater vari-
ability in recording conditions, video quality, and speaker demographics. These differences are
important to consider because they directly affect the input dimensions and preprocessing require-
ments of the proposed architectures, and they make the cross-corpus validation experiments in
Section 4.4.4 a meaningful test of generalizability.
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Table 4.1: Dataset Feature Specifications for D-Vlog and LMVD.

Specification D-Vlog LMVD

Total Videos 961 1,823

Total Individuals 816 1,475

Total Duration ~160 hours ~214 hours

Source Platforms YouTube Bilibili, TikTok,
Sina Weibo, YouTube

Classes Depressed / Normal Depressed / Normal

Data Split 7:1:2 7:1:2

Audio Features

Extraction Tool OpenSMILE VGGish

Feature Set eGeMAPS (25 LLDs)  Audio embeddings

Sampling Rate Per-second Per-second

Feature Dimension 25 128

Visual Features

Extraction Tool Dlib Dlib + OpenFace

Feature Type

Sampling Rate
Feature Dimension

68 face landmarks

Per-second
136 (68 X 2)

FAU, landmarks,
gaze, head pose
Per-second
Multiple vectors

4.2 Experimental Setup

4.2.1 MDD-Net Implementation Details
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All experiments are implemented using the PyTorch framework in Python. The proposed ar-
chitecture is executed on 48 GB NVIDIA RTX A6000 graphics card. The Adam optimizer is
employed with the following settings: learning rate = le-4, weight decay = 0.1, and epsilon =
le-8. The network is trained for 200 epochs with a batch size of 8. To prevent overfitting, an
early stopping criterion is applied to stop training if no improvement in the validation error is ob-
served for 15 epochs, saving the best model based on the validation set performance. A 10-fold
cross-validation is implemented to ensure the reported results are not dependent on a single data



4.2.2 MMFformer Implementation Details

The MMFformer is developed and trained using the PyTorch deep learning framework in Python.
The batch size is set to 16 during training, and the maximum number of training epochs is 225.
For optimization, Adam is selected as the optimizer with a learning rate = le-5, weight decay
= 0.1, and epsilon = le-8. An early stopping mechanism with a patience of 15 epochs is also
implemented to halt training when validation performance stops improving. The performance of
the developed system is validated through a 10-fold cross-validation. The proposed architecture
is evaluated on two 48 GB NVIDIA RTX A6000 GPUs.

4.2.3 Comparison of Training Configurations

Table 4.2 provides a side-by-side summary of the training hyperparameters for both frameworks.
While both models share the same optimizer, regularization strategy, and early stopping protocol,
several differences in their configurations reflect the distinct architectural requirements of each
framework. MMFformer uses a learning rate ten times smaller than MDD-Net (1e-5 versus le-
4) to avoid destabilizing the pre-trained ViT and AST weights during fine-tuning, since MDD-
Net trains its feature extraction modules from scratch and benefits from a higher initial learning
rate. The larger batch size in MMFformer (16 versus 8) helps stabilize gradient estimates when
training across two datasets with different feature distributions, whereas MDD-Net operates on a
single dataset and does not require this. MMFformer is also given 25 additional training epochs
to allow its more complex fusion modules sufficient time to converge. The difference in GPU
requirements follows from the same reasoning: the pre-trained backbone networks and multiple
fusion strategy experiments in MMFformer introduce computational overhead that necessitates
two GPUs, while MDD-Net fits comfortably on a single card. The values are obtained from
the experimental setup described in the respective papers and confirmed through the publicly
available source code repositories.' 2

IMDD-Net: https://github.com/rezwanh001/Multimodal-Depression-Detection
MMFformer: https://github.com/rezwanh001/Large-Scale-Multimodal-Depression-Detection
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Table 4.2: Training Hyperparameters for MDD-Net and MMFformer.

Parameter MDD-Net MMFformer
Optimizer Adam Adam
Learning Rate le-4 le-5
Weight Decay 0.1 0.1
Epsilon (¢) le-8 le-8
Max Epochs 200 225
Batch Size 8 16
Early Stopping Patience 15 epochs 15 epochs
Cross-Validation 10-fold 10-fold
Framework PyTorch PyTorch
GPU(s) IX RTX A6000 2x RTX A6000

4.2.4 Evaluation Metrics

Four widely recognized performance metrics such as Accuracy (Acc), Precision (Pr), Recall (Rc),
and F1-Score (F1) are used to assess the performance. These metrics can evaluate overall per-
formance on both balanced and unbalanced datasets. For MDD-Net, these metrics are computed
using standard definitions since the D-Vlog data set is the only benchmark. For MMFformer, to
better understand how well the model performs across different class distributions, we report both
Weighted Average (WA) and Unweighted Average (UA) for each metric.

4.3 MDD-Net Results

4.3.1 Performance Analysis
The performance of the proposed MDD-Net for depression detection from multimodal vlog data

is summarized in Table 4.3. The results demonstrate the advantage of multimodal fusion over
unimodal approaches.
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Table 4.3: Performances of Proposed MDD-Net for Depression Detection from Multimodal Vlog
Data.

Methods Features Acc Pr Re F1
AFEM  Acoustic 0.4770 0.5552 0.4667 0.4106
VFEM Visual 0.4604 0.5551 0.4577 0.4239

MDD-Net Both 0.7260 0.7392 0.8065 0.7707

The MDD-Net, with multimodal data, outperforms the acoustic feature module by 24.90%
in accuracy and 36.01% in F1-Score. Moreover, MDD-Net shows a 26.56% enhancement in
accuracy and a 34.68% increase in F1-Score compared to the visual feature block. The found
results highlight the value of using mutual transformers to fuse features before passing them to
the detection layer. The proposed fusion approach in the MDD-Net architecture has been shown
to improve classifier performance, making it more reliable at distinguishing between normal and
depression cases across different data modalities.

4.3.2 Comparison with the State-of-the-Art

In this section, the performance of MDD-Net is compared with other methods from the literature,
as shown in Table 4.4. Experimental results show that the proposed MDD-Net improves recall
and F1-score by fusing features extracted from both the audio and visual modules using mutual
transformers. The percentage improvement to literature for deep learning methods, such as Bi-
LSTM [58] and TFN [1 1], ranges from 59.70% to 61.00% in F1-Score. More recent approaches
focus on advanced feature fusion to further enhance results. For instance, the Depression Detec-
tor [16] combines audio and visual features via cross-transformers, while Time-Aware Attention
Multimodal Fusion Network (TAMFEN) [32] applies time-aware attention to integrate multimodal
features. CAIINET [37] utilizes contextual attention and interaction to capture significant tempo-
ral information and fuse multimodal features. STST [45] adds spatio-temporal information from
various modalities for better results. Similarly, MDAVIF [36] fuses features across modalities and
leverages two autoencoders to preserve information and improve performance. The MDD-Net,
proposed in this work, achieves higher performances with an enhancement of F1-Score rang-
ing from 1.82% to 17.37%, with a precision of 0.7392, and a recall of 0.8065, showing robust
performance in detecting depression.
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Table 4.4: Performance Comparison of the Proposed MDD-Net with Different Existing Methods
on D-Vlog Dataset.

Methods Pr Re F1
Bi-LSTM [58] 0.6081 0.6179 0.5970
TEN [11] 0.6139 0.6226 0.6100
Depression Detector [16]  0.6540 0.6557 0.6350
TAMEN [32] 0.6602 0.6650 0.6582
CAIINET [37] 0.6656 0.6698 0.6655
STST [45] 0.7250 0.7767 0.7500
MDAVIF [36] 0.7425 0.7600 0.7525
MDD-Net 0.7392 0.8065 0.7707

4.3.3 Ablation Study

To test the effectiveness of each module in MDD-Net, ablation experiments are carried out, and
their outcomes are analyzed in this section. To assess the impact of various fusion methods on
the performance of the MDD-Net model, a series of ablation studies are performed and their
findings are reported in Table 4.5. The results show that the MT fusion method outperforms
the other fusion techniques by up to 17.37% for F1-Score, achieving the highest accuracy of
0.7260, precision of 0.7392, and recall of 0.8065. In comparison, the Addition (Add) fusion
method achieves an accuracy of 0.6927, with precision, recall, and F1-Score of 0.7086, 0.7909,
and 0.7445, respectively. Similarly, the Concatenation (Concat) technique achieves promising
outcomes with an accuracy of 0.6979 and F1-Score of 0.7469, while the Multiplication (Multi)
approach has a 4.06% and 3.69% lower performance across the accuracy and F1-Score. These
findings highlight the efficiency of the MT block in capturing and fusing the interactions between
acoustic and visual features, thus enhancing the network’s overall performance in multimodal
depression recognition. Hence, the ablation studies reveal that the design of the MT module
plays a crucial role in utilizing diverse feature sets for improved classification outcomes.
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Table 4.5: Results of Ablation Studies for the Proposed MDD-Net Architecture to Detect Depres-
sion.

Fusion Acc Pr Re F1
Add 0.6927 0.7086 0.7909 0.7445
Multi 0.6854 0.7125 0.7721 0.7338
Concat  0.6979 0.7214 0.7799 0.7469
MDD-Net 0.7260 0.7392 0.8065 0.7707

4.3.4 Visual Results

In this section, feature maps are presented after fusing audio and video modalities. The t-Distributed
Stochastic Neighbor Embedding (t-SNE) feature visualization is utilized to provide the qualitative
results [59].

Figure 4.1 shows the weight visualizations for both classes based on the fused acoustic-visual
features. The weights are visualized on the final embeddings, which combine acoustic and visual
features. Using the trained network, the weights are visualized using test samples, and the dif-
ferences in sequence length between depressed and non-depressed individuals are analyzed. In

2.0 2.0

15 15

1.0 1.0

(a) People with Normal (b) People with Depression

Figure 4.1: Visualization of features based on weights of the final embedding obtained by fusing
audio-visual features; the darker the color, the higher the weights.
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Fig. 4.1, the darker blue colors indicate higher weights for the depressed class, while lighter blue
colors refer to lower weights for the normal class.
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Figure 4.2: Feature visualization of the proposed MDD-Net through t-SNE for multimodal de-
pression detection.

Figure 4.2 illustrates the distribution of fused acoustic-visual features from the D-Vlog dataset
using t-SNE visualization. Some normal samples overlap with the depressed category, leading to
misclassifications. These misclassifications occur because the MDD-Net struggles to distinguish
these categories but can still detect clusters.

4.4 MMFformer Results

This section presents an extensive set of experiments to assess the performance of the proposed
network for detecting depression. We begin by exploring diverse combinations of features derived
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using video and audio networks and different methods for fusing these features. From these
preliminary results, the most promising designs are selected and their performance is evaluated
against several existing models. Ablation studies are performed to gain insight into the distinct
effects of various fusion methods concerning the proposed architecture. Lastly, cross-corpus
experiments are conducted to evaluate generalizability across multiple datasets.

4.4.1 Depression Detection Results

Table 4.6 presents the performance of MMFformer for depression detection on the D-Vlog and
LMVD datasets. The results are reported using Video (V), Audio (A), and Audio+Video (A+V)
modalities with three fusion strategies: LT, IT, and IA. Each experiment was repeated 10 times,
and the mean and standard deviation (mean =+ std) were reported for all performance metrics.

For both datasets, multimodal fusion outperforms unimodal approaches. On the D-Vlog
dataset, the IT fusion architecture achieves the highest Weighted Average Accuracy (WAA) of
0.8108, Weighted Average Precision (WAP) of 0.8924, and Weighted Average F1-Score (WAF1)
of 0.9092, while the TA fusion receives the highest Weighted Average Recall (WAR) of 0.9380.
Similarly, IT network obtains Unweighted Average Accuracy (UAA) of 0.7957, Unweighted Av-
erage Precision (UAP) of 0.9088, and Unweighted Average F1-Score (UAF1) of 0.9239 for un-
weighted metrics, while IA fusion performs the best in Unweighted Average Recall (UAR) of
0.9471. On the LMVD dataset, the LT model scores the highest performance across all weighted
and unweighted metrics, including WAA of 0.8071, WAP of 0.9013, WAR of 0.9112, and WAF1
of 0.9048. The IT and IA models perform closely, with IA slightly outperforming IT in WAP and
UAA.

Overall, the results highlight the enhanced performance of fusion-based multimodal learning

Table 4.6: Performances of MMFformer for Depression Detection from Multimodal Vlog Data.
Each Model is Run Ten Times to Obtain the Results (Mean + Std). Bold Represents the Best and
Underline Indicates the Second-best.

Dataset Modalities Fusion WAA WAP WAR WAF1 ‘ UAA UAP UAR UAF1
A - 0.7814 +0.039  0.8786 + 0.030 0.9165 + 0.031 0.8955 + 0.018 | 0.7638 + 0.044 0.8969 + 0.028 0.9297 +0.028 0.9115 + 0.018
\ - 0.7214 £ 0.051 0.8438 £ 0.031 0.9041 +0.037 0.8704 + 0.021 | 0.6912 + 0.064 0.8682 + 0.028 0.9188 + 0.034 0.8904 + 0.021
D-Vlog LT 0.7958 +0.031  0.8779 £0.027 0.9367 + 0.020 0.9046 +0.012 | 0.7731 £ 0.042 0.8966 + 0.026 0.9473 + 0.016 0.9196 + 0.011
A+V 1T 0.8108 + 0.026  0.8924 + 0.024 0.9308 + 0.037  0.9092 + 0.014 | 0.7957 + 0.029 0.9088 + 0.024 0.9432 + 0.028 0.9239 + 0.009
1A 0.8030 + 0.029  0.8806 + 0.019  0.9380 + 0.026 0.9071 + 0.014 | 0.7776 + 0.037 0.8995 + 0.017 0.9471 £ 0.024 0.9215 + 0.014
A - 0.7175 £ 0.024  0.8621 £0.023 0.8563 +0.030 0.8575 +0.011 | 0.7143 +£0.024 0.8572 +0.024 0.8502 + 0.036 0.8519 + 0.018
\ - 0.6905 + 0.055 0.8452 +0.022 0.8515+0.074 0.8437 +0.043 | 0.6914 + 0.053 0.8399 +0.023 0.8478 +0.070 0.8393 + 0.039
LMVD LT 0.8071 £ 0.022  0.9013 + 0.018 0.9112 + 0.034 0.9048 + 0.013 | 0.8089 + 0.022 0.8966 + 0.025 0.9090 + 0.031 0.9014 + 0.016
A+V IT 0.8035 +0.029  0.8994 +0.018 0.9072 + 0.028 0.9024 + 0.016 | 0.8019 £ 0.031 0.8955 +0.022 0.9031 +0.033  0.8984 + 0.021
IA 0.8023 £ 0.022  0.9006 + 0.020 0.9064 + 0.034 0.9019 +0.013 | 0.8032 + 0.022 0.8960 + 0.025 0.9036 + 0.033  0.8983 + 0.016
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methods over unimodal baselines. Among fusion strategies, I'T has the best performance with
the D-Vlog dataset, while LT has the highest performance with the LMVD dataset. The findings
indicate that dataset features affect the optimal fusion method, highlighting the significance of
customized architecture for multimodal depression detection.

4.4.2 Comparison with the State-of-the-Art

To evaluate the efficiency of our proposed architecture, we compared its performance with sev-
eral SOTA approaches in the D-Vlog and LMVD datasets (as summarized in Table 4.7). On the
LMVD dataset, our model achieves an F1-Score of 0.9048 and a precision of 0.9013, outperform-
ing all existing methods, including the work presented in [42]. That work reports the second-best
F1-Score of 0.8274 and precision of 0.8287, achieving relative improvements of 7.74% in F1-
Score and 7.26% in precision. Although the system developed in [42] achieved the highest ac-
curacy of 0.8276, our approach demonstrates superior precision of 0.9013 and recall of 0.9112,
indicating better reliability for depression detection. On the D-Vlog dataset, MMFformer out-
performs existing methods across all evaluation metrics. An accuracy of 0.8108, a precision of
0.8924, a recall of 0.9380, and an F1-Score of 0.9092 are obtained; all of which surpass previ-
ously reported results. The proposed system achieves a relative increase of 5.54% in accuracy,
13.92% in F1-Score, and 6.81% in recall compared to prior methods. The system developed
in [45] achieved an F1-Score of 0.7500, with noticeably lower accuracy and precision. While
some methods, such as [38] and [4 1] reported competitive recall and F1-Scores, their precision
values were comparatively low.
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Table 4.7: Comparison with the SOTA Methods on D-Vlog and LMVD Datasets for Depression
Detection.

Methods Datasets  Acc Pr Rc F1

Ye et al. [38] LMVD 0.7213 0.7018 0.7656 0.7320
He et al. [42] 0.8276 0.8287 0.8276 0.8274
Ye et al. [38] 0.6887 0.6819 0.8699 0.7644
Xing et al. [39] 0.7554 0.7579 0.7554 0.7566
Shangguan et al. [40] - 0.6727 0.6777 0.6664
Zhou et al. [37] - 0.6656 0.6698 0.6655
Kowalewski et al. [41] D-Vlog - 0.7100 0.8400 0.7700
He et al. [43] 0.6500 0.6400 0.5400 0.5900
Tao et al. [44] - 0.7153 0.7560 0.7351
Tao et al. [45] 0.7070 0.7250 0.7767 0.7500
Yang et al. [46] 0.7073 - - -

MMFformer D-Vlog 0.8108 0.8924 0.9380 0.9092

LMVD  0.8071 0.9013 0.9112 0.9048

4.4.3 Ablation Study

To thoroughly assess the contributions of commonly used fusion strategies in MMFformer for
depression detection, we conducted ablation studies on the D-Vlog and LMVD datasets. The
outcomes of the ablation studies are presented in Table 4.8. The ablation experiments focused
on combining audio and video modalities using four fusion methods: Add, Multi, Concat, and
Tensor Fusion (TF) network [11]. The Concat achieved the best performance on the D-Vlog
dataset, scoring WAA of 0.7652, WAP of 0.8794, WAF1 of 0.8833, and UAFI of 0.9016. The
Add method ranked second-best, with a high WAR of 0.9112 and WAF1 of 0.8860, demonstrating
its ability to recognize depressive samples. The Add fusion performed best on the LMVD dataset,
with a WAA of 0.7930, WAP of 0.8891, WAR of 0.9120, and WAF1 of 0.8998. It also scored the
highest UAF1 of 0.8961. The Concat was the second-best on LMVD, with WAP of 0.8937 and
WAF1 of 0.8833, illustrating its consistent performance across datasets. Considering TF fusion,
it performed worst on both datasets, with WAF1 scores of 0.7357 and 0.8680 on the D-Vlog and
LMVD, respectively, highlighting its weakness in effectively fusing multi-modal features. In a
similar way, the Multi fusion underperformed, achieving WAF1 values of 0.8333 for D-Vlog and
0.8813 for LMVD. These findings revealed that the Concat and Add fusions are better at capturing
and fusing complementary information from audio and video modalities. However, our proposed
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Table 4.8: Results of Ablation Studies for MMFformer on the Video and Audio Data to Detect
Depression.

Dataset Modalities Fusion WAA WAP WAR WAF1 UAA UAP UAR UAF1

Add  0.7606 + 0.032  0.8658 +0.024 0.9112 + 0.038 0.8860 + 0.015 | 0.7385 + 0.038 0.8866 + 0.023  0.9255 + 0.033  0.9039 + 0.015
Multi  0.7045 £ 0.059 0.8032 +£0.124 0.8813 £ 0.091 0.8333 £ 0.099 | 0.6605 + 0.095 0.8123 +0.163 0.8756 +0.136 0.8365 + 0.146
Concat  0.7652 + 0.033  0.8794 + 0.017 0.8890 + 0.035 0.8833 + 0.019 | 0.7512 + 0.035 0.8985 + 0.015 0.9063 + 0.032 0.9016 + 0.018
TF  0.6734 £0.095 0.6796 +0.241 0.8241 +0.175 0.7357 £0.218 | 0.6189 £ 0.115 0.6893 +0.270 0.8132 +£0.207 0.7371 £ 0.248

Add  0.7930 +0.029 0.8891 +0.017 0.9120 + 0.021 0.8998 + 0.014 | 0.7937 + 0.029 0.8846 + 0.021 0.9092 + 0.021 0.8961 + 0.016
Multi  0.7615 + 0.039  0.8809 + 0.024 0.8846 +0.036 0.8813 + 0.020 | 0.7601 + 0.037 0.8760 + 0.030 0.8797 + 0.040 0.8763 + 0.026
Concat  0.7724 +0.025 0.8937 + 0.018 0.8745 +0.019 0.8833 + 0.012 | 0.7702 + 0.025 0.8897 + 0.022 0.8698 + 0.023 0.8789 + 0.016
TF 0.7252 £ 0.055 0.8567 +£0.033 0.8849 + 0.044 0.8680 + 0.026 | 0.7219 + 0.053 0.8522 + 0.033  0.8792 + 0.050 0.8628 + 0.030

D-Vlog A+V

LMVD A+V

architecture exceeds all these outcomes, where the IT fusion achieves WAA of 0.8108 and WAF1
0f 0.9092 on D-Vlog, and the LT method on LM VD records WAA of 0.8071 and WAF1 of 0.9048,
demonstrating superior and consistent performance in detecting depression.

4.4.4 Cross-Corpus Validation

To evaluate the generalizability of MMFformer across different datasets, a cross-corpus validation
is conducted between D-Vlog and LM VD, focusing on multimodal features. The results of cross-
corpus experiments are shown in Table 4.9. Three fusion methods: LT, IT, and IA were tested in
two experimental setups: (i) training on D-Vlog and testing on LMVD, and (ii) training on LMVD
and testing on D-Vlog. In the first case, when trained on D-Vlog and tested on LMVD, the TA
fusion achieved the highest performance, with WAA of 0.7454, WAP of 0.8784, and WAFI of
0.8715. It also recorded a UAF1 of 0.8660, while the IT method reported a WAA of 0.7170. In
the second case, when trained on LMVD and tested on D-Vlog, the IA method again performed
well, achieving WAF1 of 0.8562 and high WAR of 0.9172, while the IT fusion recorded WAF1
of 0.8561 and UAF1 of 0.8781. The LT method shows the lowest performance in both scenarios,
with WAF]1 scores of 0.8529 and 0.8188, respectively. These results indicate that the IA fusion
ensured generalizability across multiple datasets, due to its ability to capture and fuse multimodal

Table 4.9: Cross-corpus Validation Results between D-Vlog and LMVD Datasets on Multimodal
Features.

Fusion Train Test WAA WAP WAR WAF1 ‘ UAA UAP UAR UAF1
LT D-Vlog LMVD 0.6617 +0.083 0.8319 +0.047 0.9016 +0.078 0.8529 + 0.019 | 0.6668 + 0.071 0.8249 + 0.054 0.8986 + 0.079 0.8472 + 0.024
LMVD D-Vlog 0.6367 +0.075 0.8131 +0.064 0.9040 + 0.160 0.8188 +0.120 | 0.5816 +0.044 0.8427 +0.056 0.9166 + 0.139 0.8456 + 0.106
T D-Vlog LMVD 0.7170 £ 0.093  0.7997 +0.197 0.8529 +0.139 0.8183 +0.177 | 0.7167 + 0.084 0.7981 +0.191 0.8514 +0.131 0.8161 +0.170
LMVD D-Vlog 0.6856 +0.031 0.8222 +0.021 0.9009 + 0.050 0.8561 +0.017 | 0.6462 +0.045 0.8498 +0.022 0.9154 +0.044 0.8781 + 0.020
IA D-Vlog LMVD 0.7454 + 0.042 0.8784 + 0.038 0.8736 + 0.047 0.8715 + 0.020 | 0.7382 + 0.043 0.8756 + 0.034 0.8661 + 0.058 0.8660 + 0.028
LMVD D-Vlog 0.6751 £0.028 0.8118 £0.022 0.9172 + 0.050 0.8562 + 0.013 | 0.6265 +0.043 0.8414 +0.022 0.9294 + 0.042 0.8784 + 0.016
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features effectively. Additionally, the features in D-Vlog appeared more robust for cross-corpus
testing, possibly because of its more diverse and realistic content than LMVD. This shows that
D-Vlog can significantly enhance research on depression detection in several contexts.

4.5 Summary

The experimental results presented in this chapter demonstrate that both proposed architectures
achieve substantial improvements over existing methods for multimodal depression detection
from social media video blogs. MDD-Net reaches an F1-Score of 77.07% on the D-Vlog dataset,
surpassing prior methods by margins ranging from 1.82% to 17.37%. The ablation studies confirm
that the mutual transformer fusion is responsible for this improvement, outperforming conven-
tional baselines such as element-wise addition, multiplication, and concatenation. The weight
visualizations and t-SNE plots further illustrate that the fused representations learned by MDD-
Net produce distinguishable clusters for the depressed and normal classes, though some overlap
remains due to the inherent noise in subjectively labeled social media data.

MMFformer pushes the performance further, achieving F1-Scores of 90.92% on D-Vlog and
90.48% on LMVD, representing improvements of 13.92% and 7.74% over the best previously
reported results. Among the three proposed fusion strategies, the IT fusion performs best on
D-Vlog, while the LT fusion achieves the highest scores on LMVD, suggesting that the optimal
fusion level depends on the characteristics of the dataset and its feature extraction pipeline. The
cross-corpus validation experiments confirm that the IA fusion generalizes most effectively across
datasets, maintaining strong performance even when the training and test data come from different
social media platforms, with distinct recording conditions and user demographics.

These findings carry broader implications for the field of multimodal affective computing.
The consistent superiority of cross-attention-based fusion over symmetric operations supports
the hypothesis that directional, modality-aware interactions are essential for capturing the com-
plementary nature of audio and visual depression cues. This observation is consistent with recent
trends in the wider multimodal Al community, where VLMs and MLLMs have shown that cross-
modal attention mechanisms are more effective than late or simple concatenation-based fusion
for tasks ranging from medical image analysis [60, 61] to emotion recognition [47,48]. Com-
prehensive surveys on MLLMs in medicine [62,63] further highlight the growing role of unified
multimodal architectures in clinical applications, reinforcing the relevance of the fusion strategies
explored in this thesis.
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Chapter 5

Conclusion and Future Work

This chapter summarizes the key findings of this thesis, discusses the limitations of the current
work, and outlines directions for future research.

5.1 Summary of Contributions

This thesis presented two transformer-based multimodal fusion architectures for automated de-
pression detection from social media video blog data. The research addressed the fundamental
challenge of effectively extracting and combining acoustic and visual features from noisy, uncon-
trolled social media content for depression classification.

In the first part of this work, MDD-Net was introduced as a multimodal depression detection
system. The model uses mutual transformers to combine acoustic and visual features, thereby
enhancing performance. The mutual transformer is designed to fuse the extracted features from
the acoustic and visual modules for consolidating the correlation among multiple modalities.
Experiments are conducted on the latest social media-based multimodal D-Vlog dataset, and the
proposed network achieves comparatively better performance than the literature methods, with
percentage improvements in F1-Score ranging from 1.82% to 17.37%.

In the second part, a multimodal fusion network, MMFformer, is proposed for detecting de-
pression across multiple modalities, including video and audio. The video data is processed
through a transformer network along with residual connections to extract spatial information. The
audio data is exploited by a transformer encoder that helps preserve important information over
time, allowing the model to capture significant temporal patterns efficiently. Moreover, the pro-
posed system incorporates multimodal capabilities, combining features from multiple modalities
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through late and intermediate fusion strategies. Experiments on two benchmark datasets reveal
that the developed architecture outperforms existing methods in terms of precision of 89.24% and
90.13%, recall of 93.80% and 91.12%, and F1-Score of 90.92% and 90.48% on the D-Vlog and
LMVD datasets, respectively.

Together, MDD-Net and MMFformer demonstrate that carefully designed cross-modal trans-
former fusion can substantially advance the SOTA in automated depression screening from social
media content. The mutual transformer in MDD-Net and the three fusion strategies in MMF-
former each offer distinct advantages depending on the dataset characteristics, confirming the
importance of task-specific fusion mechanisms for multimodal depression detection.

5.2 Limitations

Despite the promising results achieved by both proposed architectures, several limitations should
be acknowledged. First, depression datasets often include limited amounts of data and imbalanced
data distributions, posing difficulties for real-world applications. Given that the D-Vlog dataset
is subjectively labeled by humans, mislabeling is inevitable, increasing the risk of overfitting and
limiting the network’s ability to extract robust features.

Both architectures rely on pre-extracted features, specifically OpenSMILE eGeMAPS de-
scriptors for audio and Dlib facial landmarks for video, rather than operating on raw data. While
this approach reduces computational requirements, it constrains the models to a fixed set of hand-
crafted features and prevents them from learning task-specific low-level representations directly
from the raw signals.

Additionally, the study is limited to binary classification of depression versus non-depression
and does not address depression severity estimation, which would be more clinically useful. The
evaluation is restricted to the D-Vlog and LMVD datasets, which, despite being the largest avail-
able benchmarks, may not fully represent the diversity of depression manifestations across dif-
ferent cultural and linguistic backgrounds.

Finally, neither architecture incorporates text-based analysis of speech content, which could
provide additional discriminative information. The absence of textual modality means that impor-
tant linguistic cues such as word choice, speech content, and sentiment patterns are not captured
by the current frameworks.
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5.3 Future Work

In the future, more robust and reliable multimodal depression-detection architectures should be
developed and tested across multiple datasets to minimize the impact of mislabeled samples and
ensure broader applicability. Moreover, we plan to evaluate the proposed MDD-Net architecture
against various fusion approaches, including late, intermediate, and early fusion, to assess its
efficiency in enhancing cross-modal feature integration for multimodal depression detection.

Several additional directions merit exploration in future work. First, extending the architec-
tures to handle raw audio and video inputs through end-to-end learning could allow the models to
discover task-specific features beyond the limitations of pre-extracted descriptors. Secondly, in-
corporating text modality via automatic speech recognition and natural language processing could
provide complementary linguistic cues for depression detection, as demonstrated by recent work
that integrates acoustic landmarks into LLMs [51] and uses LLM-empowered graph structures
for clinical interview analysis [50].

Third, the rapid advancement of VLMs and MLLMs opens a particularly promising direction
for multimodal depression screening. Recent unified architectures such as NExT-GPT [55] sup-
port any-to-any multimodal generation across text, image, video, and audio, while Chameleon
[64] treats all modalities as discrete tokens within a single early-fusion transformer. These de-
velopments suggest that depression detection could benefit from large-scale foundation models
capable of jointly reasoning across facial expressions, vocal patterns, and linguistic content, with-
out requiring separate feature-extraction pipelines. The success of domain-adapted VLMs in
healthcare, including Med-Gemini [6!] for medical reasoning and CONtrastive learning from
Captions for Histopathology (CONCH) [60] for computational pathology, indicates that similar
adaptation strategies could be applied to mental health screening. MentaLLaMA [49] has already
demonstrated the feasibility of instruction-tuned LLLMs for interpretable mental health analysis
on social media text, and extending such approaches to incorporate audiovisual inputs from video
blogs represents a natural next step.

Fourth, adapting the frameworks for estimating depression severity on a continuous scale
rather than a binary classification would increase their clinical relevance. Fifth, evaluating the
proposed approaches on datasets from diverse cultural and linguistic backgrounds would strengthen
the evidence for their generalizability. Finally, investigating the deployment of these architectures
in real-time screening applications, while addressing the associated ethical and privacy consider-
ations, represents an important step toward practical impact.
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Appendix A

Architecture Configurations and Model
Comparison

This appendix provides detailed reference tables summarizing the architecture configurations of
both proposed frameworks, along with a comparative overview of their key design differences.
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A.1 Architecture Configuration of MDD-Net

Table A.1 presents the detailed architecture configuration of MDD-Net, including the feature

dimensions at each processing stage as specified in the paper.

Table A.1: Architecture Configuration of MDD-Net.

Component

Specification

Acoustic Feature Extraction Module (AFEM)

Input Features
Backbone

Q, K Dimensions
V Dimensions
Attention Type
Output

25 OpenSMILE eGeMAPS descriptors
Global Self-Attention Network
R*¥da d, =71
Rtho
Content + Positional
X° € R256x71
A

Visual Feature Extraction Module (VFEM)

Input Features
Backbone

Patch Embedding
Attention
Transformer Stages
Output

68 DIlib facial landmarks (136-dim)
HAT-Net (Hierarchical Attention)

1 X 1 Conv + GroupNorm + SiLLU
H-MHSA with g4, gk, p* € R
l;_) repeats, j € {2,3,4,5}

X]o/ = R256X139

Mutual Transformer (MT)

MCy,
Mcf AV
Fused Output Z

R™ audio query — visual key/value
R™ visual query — audio key/value

R2>@atdy) joint transformer
[R4nX2(d,+d,) — [31024x420

Detection Layer

Attention FC layer — attention scores a

Output p € R? (Depression / Normal)

Loss Function

Components BCE + Focal Loss + L2 Regularization
Label Smoothing €, (smoothing factor)

Focal Loss Scaling ¢, focusing y

L2 Regularization

Strength 4
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A.2 Architecture Configuration of MMFformer

Table A.2 presents the detailed architecture configuration of MMFformer.

Table A.2: Architecture Configuration of MMFformer.

Component Specification

Video Feature Extraction

Input X, € R™x¢

Downsampling 1D Conv + Normalization + Pooling
Patch Embedding wW,,, € RP

Special Tokens Learnable CLS token

Positional Encoding P € RIX(E+DxD

Backbone Pre-trained ViT with residual connections
Transformer Blocks N blocks, each with MHSA + MLP
Residual XD =F  (Z"+X") + (2" + X")
Output X© e RE+DXD

Audio Feature Extraction

Input X, € R° (raw waveform)

Projection Conv1D + BatchNorm + Adaptive AvgPool
Patch Embedding 2D Conv with sizes (p;, p,), strides (s ;, s,)
Patches M=hXuw

Special Tokens CLS token + Distillation token

Positional Encoding AST-style bilinear interpolation
Backbone Transformer Encoder (pre-norm)

Output X© e RM+2XD

Fusion Module

Late Transformer (LT)
Intermediate Trans. (IT)
Intermediate Attn. (IA)
Cross-modal Direction
Post-fusion

Cross-attn after full processing
Cross-attn at intermediate Conv1D stage
Dot-product attn at intermediate stage
Bidirectional: V' - Aand A - V
Pooling — Concatenation — Classifier

Detection Layer

Output

p € R? (Depression / Normal)
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A.3 Comparative Summary of Model Configurations

Table A.3 provides a side-by-side comparison of the key architectural and experimental differ-
ences between MDD-Net and MMFformer to facilitate a clear understanding of how the two
proposed frameworks relate to each other.

Table A.3: Comparative Summary of MDD-Net and MMFformer Configurations.

Aspect MDD-Net MMFformer
Sequence Length n =256 L (video), M (audio)
Audio Embed. Dim d,=171 D

Visual Embed. Dim d,=139 D

Audio Input Dim 25 (eGeMAPS) Raw waveform
Visual Input Dim 136 (landmarks) Landmarks / FAU
Audio Backbone GSA-Network AST-based Encoder
Visual Backbone HAT-Net ViT with Residual
Pre-trained No Yes (Visual MAE)
Fusion Mutual Transformer LT/IT/IA
Loss Function BCE + Focal + L2 Standard BCE
Datasets D-Vlog D-Vlog + LMVD
Best F1 (D-Vlog) 0.7707 0.9092

Best F1 (LMVD) - 0.9048
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