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Abstract

This paper proposes UniMDD (Unified Multi-modal Depression Detection), a novel framework
designed for multimodal depression detection based on video interviews. It employs an efficient multi-
model data fusion strategy, comprising four sequential modules: feature extraction, feature fusion,
feature refinement, and depression detection. Specifically, the feature extraction module leverages
OpenFace for facial features, VGGish for audio features, and a Large Language Model for textual fea-
tures. The core innovation lies in the fusion and refinement stages. The feature fusion module designs
a Mixed Attention Network(MAN) to capture intricate cross-modal interactions and effectively inte-
grate complementary information from different data streams. Subsequently, the feature refinement
module constructs an EHA-Attention mechanism within decoder blocks. This serves a dual purpose:
it generates higher-level semantic and contextual representations while mitigating potential inter-
modal conflicts and enhancing the comprehension of each individual modality. Finally, the refined
features are fed into the depression detection module for prediction. Experimental validation on the
LMVD dataset demonstrates that UniMDD achieves an accuracy of 76.68%, surpassing the current
state-of-the-art method, DepMamba, by a margin of 4.55 percentage points. These results underscore
the advancement and robustness of the proposed UniMDD framework.

Keywords: Depression Detection, Multimodal, Data Fusion, Large Model, Artificial Intelligence

1 Introduction

Traditional methods for diagnosing depression pri-
marily rely on patients’ subjective self-reports
and clinical interviews conducted by medical pro-
fessionals, often formalized through scale-based
assessments [1]. These methods employ standard-
ized assessment tools such as HAMD [2], BDI
forms [3], and PHQ-8/PHQ-9 [4, 5] to assign quan-
titative scores for evaluation. However, inherent

limitations, including patient reluctance to dis-
close symptoms and variability in clinical experi-
ence among professionals, contribute to diagnostic
inaccuracies. Studies indicate that misdiagnosis
rates using these traditional approaches can be as
high as 20% in certain regions. Recent research
has identified promising objective behavioral and
physiological correlates for depression. Data from
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modalities such as speech patterns, facial expres-
sions, behavior, eye movements, skin response,
blood pressure, and electroencephalogram (EEG)
signals have demonstrated significant potential to
aid in diagnosis [6, 7]. Consequently, with the
rapid advancement of artificial intelligence, the
use of multimodal data [8] has emerged as a
prominent research focus for automated depres-
sion detection. Multimodal data fusion [8] inte-
grates complementary information from diverse
sources including images, text, audio, video, and
physiological signals to construct a more com-
prehensive and enriched profile for analysis. This
integrated approach can provide nuanced insights
into a patient’s affective state, physical gestures,
expressed emotions, and thought processes, which
are often critical indicators in depression assess-
ment [7, 9].

Currently, the most popular multimodal
depression detection models predominantly lever-
age deep learning architectures based on Con-
volutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks [10]. Rep-
resentative examples include models such as [11],
TFN [12], TAMFN [13], DepMamba [14], and
CANAMRF [15]. Notably, the leading method,
DepMamba, employs convolutional neural net-
works alongside bidirectional Mamba modules [16]
for feature extraction and utilizes a multimodal
collaborative state space model for modality
fusion. Despite these advances, existing models
exhibit several persistent limitations for depres-
sion detection. Their inherent structural con-
straints often lead to inefficient processing of com-
plex, high-dimensional multimodal data. More-
over, contemporary feature fusion techniques
struggle to adequately capture intricate cross-
modal interactions and dependencies, which ulti-
mately impairs overall detection performance.
Consequently, the accuracy of current multimodal
detection systems generally plateaus between 70%
and 80%, a range still considered insufficient
for reliable clinical deployment. Furthermore, the
dominant paradigm remains centered on multi-
modal data fusion using CNN, LSTM, or their
derivatives. Therefore, we argue that a unified
detection framework built upon transformer-based
architectures [17] presents a promising avenue
for advancement. Such a framework could enable

more effective integration of multimodal fea-
tures, generate more comprehensive depression-
related representations, and fundamentally facili-
tate deeper cross-modal feature interaction.

To address these challenges, this paper pro-
poses UniMDD, a novel depression detection
framework built upon a large language model. The
core objective of UniMDD is to establish a unified
architecture that effectively facilitates information
sharing and feature fusion across different modal-
ities (e.g., text, audio, visual). It is designed to
independently process the distinctive features of
each modality while preserving their unique char-
acteristics. Crucially, the framework incorporates
mechanisms to prevent conflicts between hetero-
geneous features during fusion, thereby simultane-
ously enhancing the comprehensive understanding
of each individual modality and their synergistic
integration. By mining deeper, more contextual
information from multimodal data, UniMDD aims
to significantly improve model sensitivity and the
accurate recognition of depression-related indica-
tors.

The main contributions of this paper are sum-
marized as follows:

- A refinement feature fusion model for Multi-
model Depression Detection, named UniMDD,
is proposed based on the large model, which
consists of four core components: feature
extraction, feature fusion, feature refinement,
and depression detection.

- A mixed attention network(MAN) is utilized
to fuse multimodel information, which can cap-
ture complementary information across modal-
ities and improve feature representation for
depression recognition.

- The feature refinement module is composed
of decoder blocks with EHA-Attention, which
facilitates cross-modal information interaction
and generates higher-level semantic representa-
tions.

The remainder of this paper is organized as
follows. Section 2 reviews related work on depres-
sion detection. Section 3 details the proposed
UniMDD framework. Section 4 presents the exper-
imental evaluation and analysis. Finally, Section 5
concludes the paper.
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2 Related Work

In this section, we investigate the representative
works on the feature fusion, feature refinement
and depression detection as follows.

2.1 Feature Fusion

Feature alignment [18] addresses the inherent het-
erogeneity between modalities such as the diver-
gent original distributions of text, image, and
audio data by projecting different modal features
into a shared semantic space, thereby making
them comparable. Building upon aligned features,
multimodal feature fusion [19] is the process of
combining or integrating these features to gen-
erate more robust and discriminative joint rep-
resentations that enhance downstream tasks like
classification. In the specific domain of multimodal
depression detection [7, 9], effectively fusing fea-
tures from video, audio, and text modalities is a
critical pathway to improving diagnostic perfor-
mance. Common fusion strategies include early,
intermediate, and late fusion, as well as more
sophisticated paradigms such as transformer-
based, mixture-of-experts (MoE)-based, and con-
trastive learning-based fusion [20]. Transformer-
based fusion leverages self-attention mechanisms
to capture long-range dependencies across modal-
ities. For instance, VITA [21] projects text, video,
and audio features into a unified space before
employing a transformer for cross-modal fusion.
The Mixture-of-Experts (MoE) paradigm, exem-
plified by Uni-MoE [22], trains multiple special-
ized expert networks and integrates them within a
unified framework, often mapping diverse modali-
ties into a common representation space via MoE
layers. Contrastive learning-based approaches, like
CLIP [23], project data from different modali-
ties into a shared embedding space and optimize
these representations through contrastive objec-
tives, effectively adopting a variant of late fusion.
Other models, such as ViLT [24] and ALBEF [25],
explore early fusion and unified multitask train-
ing paradigms, respectively. While these methods
provide a strong foundation, effective depression
detection requires a fusion mechanism that not
only integrates information but also prioritizes the
most diagnostically relevant cues across modali-
ties. Therefore, this paper employs a mixed atten-
tion mechanism to integrate multimodal features.

This approach is chosen for its ability to dynam-
ically model inter-modal relationships, allowing
the model to capture complementary information
inherent in the multimodal data and, crucially,
to selectively focus on the modal features most
beneficial for depression recognition. The resulting
fused representation can more comprehensively
reflect a subject’s emotional and behavioral state,
thereby improving the accuracy and reliability of
the detection system.

2.2 Feature Refinement

In multimodal depression detection, the feature
refinement module is a critical component for
achieving efficient and accurate diagnosis by trans-
forming fused features into higher-level, more
discriminative representations. Existing work has
developed various refinement strategies tailored to
specific modalities or fusion paradigms. For the
audio modality, TFCAV [26] integrates squeeze-
and-excitation components with time-frequency
channel attention blocks to extract depression-
related features from spectrograms. AHDD [27]
introduces a feature variation coordination mea-
surement (FVCM) algorithm to model corre-
lations in time-lagged multichannel variations,
fusing speaker identification and emotion recog-
nition features. In the video modality, Depress-
Net [28] utilizes pre-trained deep learning mod-
els to extract depression representations from
facial images, while the SRBP [29] framework
learns patterns separately from RGB and encoded
video frames, fusing them via average pooling.
Recent advanced models like DepMamba [14] and
CANAMRF [15] have made significant progress in
cross-modal modeling. DepMamba addresses long-
sequence inefficiencies through hierarchical con-
text modeling and progressive multimodal fusion.
CANAMRF employs a cross-attention mechanism
to adaptively fuse data from different modalities.
However, while effective, these models often prior-
itize learning either modality-shared characteris-
tics or modality-specific information, struggling to
achieve an optimal balance that captures compre-
hensive cross-modal interactions while preserving
the unique discriminative power of each modality.
To bridge this gap and further improve detec-
tion accuracy, we argue that an explicit feature
refinement stage is necessary. This stage should
process the initially fused features to generate
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richer, higher-level semantic information and con-
textual relationships. Therefore, in this work, we
propose to employ a transformer decoder mod-
ule for feature refinement. Leveraging its multi-
head self-attention mechanism and feed-forward
networks, this module can effectively integrate
information across the fused multimodal sequence,
model complex dependencies, and ultimately gen-
erate advanced, task-specific semantic representa-
tions that are more sensitive to depression-related
indicators.

2.3 Depression Detection

Depression detection is generally divided into
manual detection based on physician subjec-
tive judgment (MDD) and automated detection
based on artificial intelligence (ADD). Manual
detection often employs scales and question-
naires, whereas ADD utilizes physiological sig-
nals such as EEG, ECG, body temperature,
MEG, eye movements, behavioral cues including
facial expressions, actions, and postures. Detec-
tion methods include text-based methods such
as BDI [3] and PHQ [4, 5]; speech-based meth-
ods like MFCC, SVM and DepAudioNet [30];
video-based methods such as DepressNet [28] and
DLGA-CNN [31]; multimodal methods such as Bi-
LSTM [11], MFM-attention [32], DCGAN [33],
and DepMamba [14]. Specifically, Bi-LSTM can
process time-series data from text (e.g., dialogue)
and audio to extract emotional and semantic fea-
tures. TFN [12] represents features from different
modalities as tensors and fuses them through
tensor products, capturing cross-modal interac-
tions and generating a unified feature vector for
classification or regression tasks. TAMFN [13] con-
sists of a Global Temporal Convolution Network
(GTCN), an Inter-modal Feature Extraction mod-
ule (IFE), and a Temporal-Aware Attention-based
Multimodal Fusion module (TAMF). GTCN inte-
grates local and global temporal information,
IFE extracts early inter-modal interactions, and
TAMF dynamically fuses multimodal features
using temporal-aware attention. CANAMRF [15]
employs an adaptive mechanism to dynamically
adjust modality weights and uses a recurrent
structure for iterative multimodal fusion. It com-
bines adaptive fusion with attention mechanisms
to more effectively capture cross-modal interac-
tions. DepMamba [14] is an efficient multimodal

depression detection model that adopts hierarchi-
cal context modeling and progressive multimodal
fusion. It extracts features using convolutional
neural networks and bidirectional Mamba mod-
ules [16], and employs a multimodal collabora-
tive state-space model (SSM) for modality fusion.
MMIM [34] employs hierarchical mutual infor-
mation maximization within a noise-contrastive
estimation (NCE) framework to the maximize
mutual information between fused outputs and
unimodal inputs. Although these multimodal
models demonstrate promise for early diagnosis,
they face several persistent challenges that hin-
der clinical application: inefficient modeling of
long-sequence data, suboptimal fusion strategies
that fail to fully capture cross-modal dynamics,
high model complexity, and strong dependency
on large, high-quality datasets. To address these
limitations particularly concerning data depen-
dency and fusion efficacy this paper proposes
the Unified Multi-modal Depression Detection
(UniMDD) framework. UniMDD is designed to
enhance performance and reliability by provid-
ing a more robust architecture for integrating
multimodal information.

3 Methods

In this section, we introduce the architecture of
UniMDD.

3.1 The structure of UniMDD

As illustrated in Figure 1, the proposed UniMDD
framework comprises four sequential stages: uni-
modal feature extraction, multimodal feature
fusion, hierarchical feature refinement, and final
depression detection. The overall pipeline first
extracts features from video, audio, and text
inputs independently, then fuses them into a uni-
fied representation. This representation is subse-
quently refined by a large model to learn deep,
discriminative patterns before final classification.
The model processes each modality with a dedi-
cated backbone:

• Video Features: The OpenFace toolkit is
employed to extract 68 facial landmark points
per frame. By integrating these points across
multiple frames, the model captures dynamic

4



Fig. 1: The structure of UniMDD.

facial expressions while filtering out redun-
dant background scene information. This pro-
cess yields a 136-dimensional contextual feature
vector for each segmented video clip.

• Audio Features: For each utterance, log-mel
spectrogram features are extracted using the
VGGish model, initially producing a 6,373-
dimensional vector. This high-dimensional rep-
resentation is then projected into a more com-
pact 128-dimensional feature space via a fully
connected layer.

• Text Features: Textual input is processed by
the encoder stack of the LLaMA large language
model. After passing through four encoder
blocks, a 256-dimensional semantic feature rep-
resentation is obtained.

Given that the primary experimental dataset
contains aligned video and audio streams, the
fusion stage focuses on these two modalities.
First, temporal alignment is performed by syn-
chronizing the video and audio features along
the time axis. The aligned 136-dimensional video
and 128-dimensional audio features are then con-
catenated, resulting in a unified 264-dimensional
spatio-temporal feature vector for each time step.

The fused sequence serves as input to the feature
refinement module, which is built upon a Trans-
former decoder architecture. This module consists
of four stacked decoder blocks, each equipped
with multi-head self-attention and feedforward
neural network sub-layers. It processes the tem-
poral sequence to model long-range dependencies,
suppress inter-modal noise or conflicts, and gener-
ate a refined, higher-level semantic representation.
Finally, this refined representation is passed to
the depression detection head, which consists of
two fully connected layers, to produce the final
binary classification outcome (depressed or non-
depressed).

3.2 Feature Extraction

The UniMDD framework extracts features from
video, audio, and text modalities using dedicated
models. The following sections detail the process
for each modality.

3.2.1 Video Feature Extraction via

OpenFace

For video input, the OpenFace toolkit is employed
to extract facial action features. Given an
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input image (e.g., 96 × 96 pixels), the process
begins with face detection and alignment. Multi-
task Cascaded Convolutional Networks (MTCNN)
detect 68 facial landmarks. Based on these points,
an affine transformation is calculated to correct for
rotation and scale, aligning the face to a standard
position. The aligned image is then resized to the
required input dimensions for the neural network.

The core of OpenFace uses a Constrained
Local Neural Field (CLNF) model to precisely
localize facial landmarks. The response map for
the j-th landmark is calculated as:

Rj(x) =

n
∑

k=1

wk · ϕk(I(N(x)); θk) (1)

where ϕk is the k-th filter, I(N(x)) is the image
patch at location x, θk are the filter parameters,
and wk is a combination weight. The landmark
positions are constrained by a point distribution
model:

S = S0 +

m
∑

i=1

pi · Si (2)

where S0 is the mean shape, Si are shape bases,
and pi are the shape parameters. Finally, Facial
Action Units (AUs) are recognized using a Sup-
port Vector Machine (SVM) with a Radial Basis
Function (RBF) kernel. The classification function
is:

fvisual = sign

(

n
∑

i=1

αiyiK(xi,x) + b

)

(3)

whereK(·, ·) is the RBF kernel. The resulting 136-
dimensional landmark data and AU activations
are combined and projected to form the final video
feature vector fvisual.

3.2.2 Audio Feature Extraction via

VGGish

Audio features are extracted using the VGGish
model, which maps audio signals to a compact
128-dimensional embedding space. The audio sig-
nal is first transformed into a time-frequency
representation: a Short-Time Fourier Transform
(STFT) is applied, followed by a Mel-filter bank
and logarithmic compression to obtain a Log-Mel
spectrogram (e.g., of size 96 × 64 frames × fre-
quency bands). This spectrogram is processed by

a VGG-16-like convolutional network. The con-
volution operation for a given layer is defined
as:

Convi,j,k = Relu(
∑

l,m,n

xi+l−1,j+m−1 ·wl,m,n,k+bk)

(4)
where w denotes the convolutional kernel weights
and b the bias. The final audio feature can be
summarized as:

faudio = VGGish(Smel) (5)

where Smel is the input Log-Mel spectrogram.

3.2.3 Text Feature Extraction via

LLaMA Encoder

Textual input is processed by the LLaMA
large language model encoder. The text is
first tokenized using LLaMA’s Byte-Pair Encod-
ing (BPE) tokenizer and mapped into a high-
dimensional embedding space (e.g., dimension
4096 for LLaMA-2 7B). The token sequence is
then passed through the encoder stack. Within
each transformer block, self-attention is computed
as:

Attention(Q,K, V ) = Softmax

(

QKT

√
dk

)

V (6)

whereQ,K, V are the query, key, and value matri-
ces, and dk is the key dimension. This is followed
by a feed-forward network (FFN) with Gaussian
Error Linear Unit (GELU) activation and layer
normalization. The operation of a single FFN can
be expressed as:

FFN(x) = LayerNorm (GELU(xW1 + b1)W2 + b2)
(7)

where W1,W2 and b1, b2 are learnable parame-
ters. After processing through four encoder blocks,
the resulting contextualized token representations
(shape: [batch size, sequence length, hidden size])
are aggregated via pooling to produce a fixed-
length text feature vector ftext of 256 dimensions.

3.3 Feature Fusion(MAN)

Following independent feature extraction, the core
challenge is to effectively integrate information

6



Fig. 2: The structure of mixed attention network(MAN).

from video, audio, and text modalities. As illus-
trated in Figure 2, we implement a feature-level
fusion strategy centered on a Mixed Attention
Network. The primary goal of this stage is to
capture the complementary information inherent
in multimodal data and dynamically prioritize
modality-specific features that are most discrimi-
native for depression recognition. The initial step
involves the concatenation of the extracted video,
audio, and text feature vectors along the fea-
ture dimension, forming a high-dimensional joint
representation.

The primary goal of this stage is to capture
the complementary information inherent in multi-
modal data and dynamically prioritize modality-
specific features that are most discriminative for
depression recognition. The initial step involves
the concatenation of the extracted video, audio,
and text feature vectors along the feature dimen-
sion, forming a high-dimensional joint representa-
tion. However, simple concatenation alone is insuf-
ficient as it cannot model the complex, non-linear
interactions between modalities. To address this,
we introduce a mixed attention transformation
block. This block sequentially applies:

1. Cross-Attention: To explicitly model the rela-
tionships and dependencies between different
modalities, allowing the model to contextualize
information from one modality with respect to
others.

2. Self-Attention: To refine the representation
within the newly formed joint feature space,
capturing long-range dependencies and enhanc-
ing the integration of the cross-modality cues.

The output of this mixed attention pro-
cess is a new, refined fusion feature representa-
tion that comprehensively encodes emotional and
behavioral information, thereby improving the
model’s accuracy and robustness. Prior to fusion,
temporal alignment is performed: the feature
sequences from each modality are synchronized
along the time axis based on their timestamps.
For model training, we employ a data augmen-
tation technique to improve generalization and
handle variable-length sequences. From the origi-
nal aligned sequence, we uniformly and randomly
sample multiple subsequences, each guaranteed to
contain at least 400 frames. This process yields
the final training instances: temporal data with
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(a) Multi-Head Attention Layer (b) Enhanced Multi-Head Layer

Fig. 3: The structure of EHA-attention

a shape of (sequence length, feature dimension),
paired with their corresponding depression labels.

In our general framework, the text, audio,
and visual features denoted as ftext, faudio, and
fvisual respectively are processed through a mixed
attention module to obtain a unified feature
representation funion. This module sequentially
applies cross-attention and self-attention mecha-
nisms, which can be formulated as:

funion = MixAtt(ftext, faudio,

fvisual;Attcross, Attself )
(8)

where Attcross denotes the cross-attention
module for inter-modal interaction, Attself
denotes the self-attention module for intra-modal
refinement, and MixAtt(·) represents the com-
bined function of these operations. The final
unified feature funion is subsequently used for
downstream tasks.

In the current study, experiments are con-
ducted on the LMVD dataset, which provides
synchronized video and audio modalities but does
not include textual transcripts. Consequently, the
implemented UniMDD model adapts by fusing
only the audio and visual modalities. In this adap-
tation, the final fused representation is obtained
through feature concatenation:

fconcat = [faudio; fvisual] (9)

This concatenated feature vector fconcat serves
as the direct input to the subsequent feature

refinement module. The design readily general-
izes to the three-modal case when textual data is
available, as formalized in Equation (8).

3.4 Feature Refinement(EHA)

The Transformer decoder, composed of multi-
ple stacked, identically structured layers, has
demonstrated remarkable effectiveness in captur-
ing sequential features and long-range dependen-
cies. Each layer typically includes core components
such as Attention mechanisms (e.g., Multi-Head
Attention or Grouped-Query Attention), Feed-
Forward Networks (FFN), and Layer Normaliza-
tion.

To adapt this powerful architecture for the
specific demands of depression detection from
sequential multimodal data, we develop Enhanced
Hybrid Attention (EHA-Attention) to construct
our decoder blocks, forming the core of the feature
refinement module. As illustrated in Figure 3, we
implement the following key modifications to the
standard decoder layer:

1. Enhanced Attention with Sigmoid Activation:
In the self-attention sub-layer, we replace the
standard softmax activation function with a
sigmoid function (see Fig.3-b). This modifica-
tion allows the model to capture more sub-
tle and graded relationships between different
positions in the sequence, moving beyond a
strict probability distribution to a weighted
gating mechanism, which can improve feature
sensitivity.
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2. Enhanced Feed-Forward Network: The stan-
dard FFN is replaced with a more expres-
sive Multi-Layer Perceptron (MLP). This MLP
consists of two linear layers: the first expands
the feature dimension by a tunable factor,
and the second projects it back to the origi-
nal dimension. GELU activation and dropout
layers are incorporated within this block to
enhance nonlinear representation capacity and
prevent overfitting, enabling the learning of
more complex patterns while maintaining effi-
ciency.

The foundational Transformer decoder operation
for one layer can be described as:

f ′ = LayerNorm
(

fin +MHA(fin)
)

fdecoder = LayerNorm
(

f ′ + FFN(f ′)
) (10)

where fin is the input to the layer, MHA is the
Multi-Head Attention mechanism, and FFN is the
Feed-Forward Network.

Integrating our proposed enhancements, the
operation of a single EHA-Attention decoder block
in our feature refinement module becomes:

f ′ = LayerNorm
(

fin + SigmoidMHA(fin)
)

fdecoder = LayerNorm
(

f ′ +MLP(f ′)
)

(11)

where SigmoidMHA denotes the multi-head atten-
tion with sigmoid activation, and MLP represents
the enhanced perceptron block described above.
The final output of the stacked refinement module
provides a contextually enriched, high-level repre-
sentation for the subsequent depression detection
head.

3.5 Depression Detection

The final component of the UniMDD framework
is the classification head, which processes the out-
put of the feature refinement module, denoted
as fdecoder. This refined feature has a shape of
[B, L, N], where B is the batch size, L is the
temporal sequence length, and N is the feature
dimension. First, an adaptive average pooling
operation is applied along the temporal dimension
(L). This compresses the sequential representa-
tion into a fixed-dimensional, global feature vector

with shape [B, N], effectively aggregating the con-
textual information across the entire sequence into
a single summary vector. Subsequently, this con-
densed high-level representation is fed into a linear
layer (a fully connected layer). This layer serves as
the classifier, mapping the pooled feature vector
to the final prediction scores specifically, a logit for
the binary classification task (depressed vs. non-
depressed). Through this architecture from tem-
poral pooling to linear projection the model effec-
tively distills the learned, depression-relevant rep-
resentations from the refined multimodal sequence
into a robust and accurate classification decision.

4 Experiments

In this section, we evaluate the performance of
UniMDD on for depression detection.

4.1 Datasets and Metrics

To validate the effectiveness of UniMDD, we con-
ducted extensive experiments on the large-scale
multimodal depression dataset LMVD(Large-
Scale Multimodal Vlog Dataset) [35]. LMVD
is a real-world audio-visual depression detection
dataset collected from vlog videos published on
social media platforms such as YouTube and
TikTok. It contains over 1,200 samples from
vloggers clinically diagnosed with depression and
more than 2,500 samples from a control group
(non-depressed). Each sample consists of com-
plete vlogs, with an average duration of 10 to
30 minutes.The dataset includes visual features
such as facial expressions and behaviors, audio
features such as emotional intonation and pho-
netic features. LMVD is specifically designed for
depression detection, where depression symptoms
can be identified by analyzing creators video con-
tent, vocal attributes and behavioral patterns.
D-Vlog [35] dataset was partitioned into train-
ing, validation and test sets in a ratio of 7:1:2,
while LMVD dataset was split in a ratio of
8:1:1. To mitigate the impact of randomness, all
reported experimental results are the average of
three experiments conducted. For the binary clas-
sification task of depression detection, we use
accuracy, precision, recall and F1-score to eval-
uate the model. In contrast, for he regression
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Table 1: Comparison between UniMDD and popular algorithms.

Methods Accuracy Precision Recall F1 Score Avg

KNN 56.83±1.64 57.43±1.52 50.92±4.44 53.92±2.97 54.77
Bi-LSTM 66.85±1.92 65.81±3.58 70.33±4.49 67.83±0.70 67.71
TBN 67.94±1.76 67.06±2.92 70.33±3.96 68.56±1.35 68.47
STFT 67.76±1.09 69.20±2.65 64.01±7.20 66.23±3.03 66.80
TFN 63.93±1.89 64.08±2.25 62.64±1.10 63.34±1.59 63.50
DepTran 61.93±3.01 60.36±4.19 72.16±13.43 65.08±3.52 64.88
TAMFN 70.49±0.55 71.15±2.73 68.86±5.19 69.84±1.30 70.09
DepMamba 72.13±1.89 70.18±1.66 76.56±2.54 73.20±1.01 73.02
UniMDD 76.68±0.83 78.05±2.11 73.99±1.68 75.94±0.57 76.17

task of estimating depression severity, the met-
ric are root mean square error(RMSE) and mean
absolute error(MAE).

4.2 Experiment settings

During the experiment, the learning rate was set
to 1e-4, batch size was set to 4, and the AdamW
optimizer was used to train the model. Two 24
GB NIVDIA RTX 3090 GPUs are used for parallel
training. We use the cross-entropy function as the
objective function, set the epoch to 100, and use
L2 regularization with weight coefficients set to
0.1. The head in the multi-head attention layer of
each transformer block is set to 8, the dropout of
MLP is set 0.4. The overall trainable parameters
reached 8.54 million by stacking four transformer
blocks, where the average GPU usage is about 17
GB of video memory and the average training time
is approximately 1.5 hours.

4.3 Comparison between UniMDD
and popular algorithms

Table 1 presents a comparison between UniMDD
and other popular algorithms conducted on
LMVD dataset, showing that UniMDD achieves
state-of-the-art performance. From Table 1 , we
can make the following observations: 1)UniMDD
outperforms other methods on LMVD dataset.
Compare to the latest method DepMamba,
UniMDD improves accuracy by approximately
4.55 and precision by 7.87. This improvement
can be attributed to the transformer-based large
model architecture, which has strong capabilities
in representing and identifying multimodal fea-
tures. 2)The increase in accuracy and precision
is evident, which indicates an improvement in

the accuracy of overall and positive predictions.
Moreover, the recall decreased by 2.57, but the
F1-score still increased by 2.74, which reflects a
more balanced performance between precision and
recall. 3)On average, UniMDD outperforms Dep-
Mamba by nearly 3.15, indicating the effectiveness
of the transformer-based large model framework in
depression detection compared to Mamba-based
approaches. However, it is noted that increas-
ing the model parameter count can also result
in longer training time and higher GPU resource
consumption.

4.4 The training process of
UniMDD

Figure 4 illustrates the training process of
UniMDD on the LMVD dataset. From the figure,
we can make the following observations: 1)The
large transformer-based model for depression
detection exhibits noticeable oscillations in the
later stages of training, indicating potential data
imbalance in the distribution of samples. 2)The
oscillations in accuracy, precision, recall, and F1-
score during training remain largely consistent,
suggesting strong correlations among these evalu-
ation metrics. 3)In the later phases of training, all
metrics accuracy, precision, recall, and F1-score
consistently exceed those of DepMamba, demon-
strating that the proposed large-scale depression
detection model significantly outperforms the cur-
rent SOTA algorithm.

4.5 The Loss in training process

Figure 5 shows the loss of UniMDD during the
training process on the LMVD dataset. From
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Fig. 4: The training process of UniMDD.

Fig. 5: The training loss of UniMDD on the
LMVD dataset.

the figure, we can observe that: 1)The loss value
decreases rapidly in the early stages of training,
indicating the model can learn discriminative fea-
tures quickly. 2)In the middle and later stages, the
decline in loss gradually stabilizes, but occasional

fluctuations are still observable. This could be
attributed to the complexity of the data distribu-
tion and the challenges of optimizing a large-scale
model. 3)Compared to the baseline method Dep-
Mamba, UniMDD achieves a lower final loss value,
indicating superior convergence and stronger rep-
resentation. 4)These loss dynamics reflect the
effectiveness of the proposed architecture and
training strategy, and highlight the challenges
associated with large-scale multimodal learning.

4.6 Ablation experiment

Table 2 shows the ablation studies of UniMDD,
and the accuracy of individual modality. From
the table, we can observe that: 1)The effective-
ness of our module optimizations and strategies
is evident in the results. This is because infor-
mation from a single modality (such as text,
audio, or vision) is often incomplete and noisy.
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Table 2: Abla-
tion experiment of
UniMDD.

Methods Accuracy

only audio 59.02
only visual 67.77
softmax 72.03
attention 66.45
mlp 74.40
UniMDD 76.17

The advantage of multimodal fusion lies in its
ability to simulate the cognitive process of compre-
hensive judgment in humans. When information
from one modality is ambiguous or noisy, other
modalities can provide crucial evidence for cor-
rection and supplementation. By learning these
cross-modal correspondences and complementary
relationships, the model makes more robust and
accurate judgments. 2)The accuracy improves sig-
nificantly after incorporating the attention and
MLP modules. This is because the attention
mechanism allows the model to directly cap-
ture relationships between any two elements in a
sequence, regardless of their distance. For exam-
ple, the model can detect long-range dependencies
between ”a forced smile in the opening remarks”
and ”negative statements at the end.” The MLP
further maps the fused features into a new feature
space that is more conducive to the final task, such
as classification.

4.7 Analysis of Performance and
Effectiveness

Figure 6 compares the efficiency of UniMDD
and DepMamba in various dimensions, including
computational resource consumption (e.g. GPU
memory, parameter counting), training/inference
speed and model performance. From an archi-
tectural perspective, DepMamba may have an
edge in terms of computational efficiency and
memory usage when dealing with long sequence
data, due to its linear computational complex-
ity, compared to UniMDD which is based on the
Transformer architecture. These advantages are
particularly evident in terms of training speed
and inference latency, potentially reducing hard-
ware requirements. However, it is important that
Transformer-based architecture of UniMDD has

(a) GPU Memory Usage

(b) Infence Speed

Fig. 6: Efficiency Comparison: UniMDD vs. Dep-
Mamba.

undergone extensive optimization and benefits
from a mature ecosystem and powerful hardware
support, which cannot be ignored.

5 Conclusion

This paper builds a framework for multimodal
depression detection in video interviews, called
UniMDD, which uses an efficient multi-model
data fusion. This framework consists of four mod-
ules: feature extraction, feature fusion, feature
refinement, and depression detection. The feature
extraction module utilizes OpenFace to extract
facial features, VGGish to extract audio features,
and the large language model to extract text fea-
tures. In particular, the feature fusion module
develops a mixed attention network to capture
cross-modal interactions and enable the model to
leverage complementary information from multi-
modal data. The feature refinement module con-
structs EHA-Attention to form decoder blocks
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for generating higher-level semantic and contex-
tual information, which can prevent the con-
fict from different modalities and strengthen the
comprehension of each modality. The depres-
sion detection module predicts the presence of
depression. Experimental results on the LMVD
dataset demonstrate that UniMDD achieves an
accuracy of 76.68%, outperforms current state-of-
the-art method DepMamba by 4.55, and proves its
advancement and effectiveness.
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