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Abstract—This paper presents our approach to the first
Multimodal Personality-Aware Depression Detection Challenge,
focusing on multimodal depression detection using machine
learning and deep learning models. We explore and compare
the performance of XGBoost, transformer-based architectures,
and large language models (LLMs) on audio, video, and text
features. Our results highlight the strengths and limitations
of each type of model in capturing depression-related signals
across modalities, offering insights into effective multimodal
representation strategies for mental health prediction.

I. INTRODUCTION

The World Health Organization recently reported that de-
pression affects 3.8% of the global population and 63.6% of
these cases remain undiagnosed [1], partly due to the limited
availability of healthcare services and, in some cases, finan-
cial constraints that prevent many individuals from accessing
necessary medical care [2]. Traditional methods, which rely
primarily on self-reported questionnaires such as the PHQ-9
[3] and the BDI-II [4], are limited in their ability to capture
the dynamic and multifaceted nature of depressive symptoms.
These methods are also prone to reporting biases and may fail
to detect early or subtle changes in depressive states.

In response to these challenges, the computing community
has been instrumental in advancing automatic depression de-
tection by leveraging multimodal data [5], [6], [7], [8], [9],
[10], [11], [12], [13]. Most recently, the first Multimodal
Personality-Aware Depression Detection (MPDD) Challenge
[14] introduced a richly annotated novel dataset that includes
audio and visual recordings of participants engaging in a
variety of real-world scenarios. The MPDD dataset is anno-
tated using the PHQ-9 scale, Big Five personality traits [15],
and detailed demographic information. Compared to existing
corpora, the MPDD dataset offers greater contextual diversity
and annotation depth, enabling more inclusive and fine-grained
modeling.

In terms of methodological approaches, current research
increasingly integrates audio, visual, and textual biomarkers
through progressively sophisticated computational paradigms.
Given that depression detection is a form of fine-grained,
subtle emotion recognition, many researchers have drawn
inspiration from emotion classification methods. Traditional
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machine learning approaches typically rely on handcrafted
feature extraction pipelines. For example, OpenSMILE-derived
acoustic features [16] are often combined with facial expres-
sion metrics extracted using computer vision tools, such as
Action Units from OpenFace [17] or emotion probabilities
from facial emotion recognition models [18]. These features
are typically fed into ensemble classifiers, such as XGBoost
[19], or kernel-based methods, like support vector machine
[20]. Some studies further enhance performance using feature
selection or principal component analysis (PCA)-based dimen-
sionality reduction prior to classification [21].

More advanced systems employ hybrid architectures with
modality-specific processing pipelines. A common configu-
ration involves using separate convolutional neural networks
(CNNs) for visual frames, long short-term memory (LSTM)
networks for audio spectrograms, and transformer networks
for textual inputs [22]. Fusion strategies vary, ranging from
early fusion of low-level features to late fusion of modality-
specific predictions [23]. Recent work has also explored
cross-modal attention mechanisms using transformers to learn
joint representations [24]. Further progress has been achieved
through unified architectures that combine self-supervised
audio encoders for paralinguistic feature extraction, vision
transformers for modeling spatio-temporal facial dynamics,
and specialized language models for clinical text analysis [25].
In recent years, large language models (LLMs) have begun
to reshape the field. Multimodal emotion recognition systems
such as Emotion-LLaMA [26] integrate audio, visual, and
textual inputs through emotion-specific encoders. By aligning
these features within a shared latent space and applying a
modified LLaMA model with instruction tuning, Emotion-
LLaMA significantly enhances both emotional recognition and
reasoning capabilities.

Among these approaches, XGBoost, transformer-based
models, and LLMs have each achieved state-of-the-art results
at different stages of research. However, the MPDD Chal-
lenge launched in 2025 introduces new complexities that may
affect model performance when applying different methods.
Inspired by this, the present study systematically evaluates
and compares the effectiveness of three representative model
classes, XGBoost, transformer-based models, and LLMs, on
the MPDD dataset. Following the official challenge protocol,
we assess the strengths and limitations of each model across
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TABLE I
CLASS DISTRIBUTION FOR MPDD DATASET

Task Label Elderly Young

#Samples (Ratio) #Spk #Samples (Ratio) #Spk

B
in

ar
y Normal 258 (76.6%) 68 135 (51.1%) 45

Depressed 79 (23.4%) 21 129 (48.9%) 43
Total 337 89 264 88

Tr
in

ar
y Normal 138 (40.9%) 37 135 (51.1%) 45

Mild 120 (35.6%) 31 99 (37.5%) 33
Severe 79 (23.4%) 21 30 (11.4%) 10
Total 337 89 264 88

Q
ui

na
ry

Normal 235 (69.7%) 62 - -
Mild 68 (20.2%) 18 - -
Moderate 23 (6.8%) 6 - -
Severe 8 (2.4%) 2 - -
Very Severe 3 (0.9%) 1 - -
Total 337 89 - -

modalities, with the goal of identifying their respective poten-
tials for advancing real-world depression recognition systems.

II. THE FIRST MULTIMODAL PERSONALITY-AWARE
DEPRESSION DETECTION CHALLENGE

This section provides an overview of the MPDD setup,
including the datasets, available audio, visual, and text features,
as well as the baseline system, which will serve as the
foundation for this study.

A. Datasets

The MPDD dataset comprises two tracks corresponding
to distinct age groups, MPDD-Elderly and MPDD-Young,
designed to facilitate age-specific depression analysis. Table I
provides a comprehensive summary of class distributions
across three classification tasks (binary, trinary, and quinary)
for both subsets, reporting sample counts, class ratios, and the
number of unique speakers (patients)1.

1) Track 1: MPDD-Elderly: Track 1 focuses on depression
detection among elderly participants (average age: 62.8 ±
11.0). Data were collected through semi-structured interviews
conducted in hospital settings. Each participant completed
standardized clinical questionnaires, including the PHQ-9 and
HAMD-24 scales [27], to assess depression severity. HAMD-
24 scores are used to generate labels for the binary and
ternary classification tasks, while PHQ-9 scores are used for
the quinary classification task.

To enable a more comprehensive participant profile, addi-
tional annotations are provided, including Big five personality
traits (using a 10-point scale) [15], physical health conditions,
financial stress levels, and the number of cohabiting family
members, see Table II.

2) Track 2: MPDD-Young: Track 2 targets a younger pop-
ulation (average age: 20.0 ± 2.2), recruited in non-clinical
environments. The data collection protocol consists of a self-
introduction, a questionnaire segment, and a scripted reading
task, all recorded via video. Participants completed the PHQ-9

1Note that the table only lists the statistics of the MPDD training set. As the
time we are writing, the labels of test set are not available. In the following
experiments, we split the training set into a 90-10 ratio, using 10% as the
development set and reporting the results based on this split.

TABLE II
FEATURE MODALITIES AND DIMENSIONS IN MPDD DATASET

Feature Type Dimensions

A
ud

io MFCC1 64
OpenSMILE2 6,373
Wav2Vec23 512

V
is

ua
l DenseNet4 1,024 (Elderly) / 1,000 (Young)

ResNet5 1,000
OpenFace6 709

Te
xt

Raw personality traits for MPDD-Elderly:
Big five: extraversion, agreeableness, openness, neuroticism, conscientiousness
Disease category: healthy, other, endocrine, circulatory, neurologica
Financial stress: none, mild, moderate, severe/unbearable
Family members: number of cohabiting individuals
Raw personality traits for MPDD-Young:
Big five, Age, Gender, Native place
Personalized feature derived from raw personality traits:
RoBERTa-large7 1,024

questionnaire, which is used to generate depression labels for
the binary and ternary classification tasks.

Personality trait annotations in this track differ slightly from
those in MPDD-Elderly. In addition to the Big five traits,
demographic variables such as age, gender, and place of origin
are included, allowing for comparative analysis across different
population groups, see Table II.

B. Feature Modalities

Audio features include Mel-frequency cepstral coefficients
(MFCCs), low-level acoustic descriptors extracted using
OpenSMILE [16], and deep learning-based representations
from pre-trained models such as Wav2Vec 2.0 [28]. These
features provide a comprehensive view of both handcrafted
and learned paralinguistic cues. Visual features comprise deep
CNN-based facial embeddings obtained using architectures
like DenseNet and ResNet [29], [30], as well as facial behav-
ior analysis (e.g., eye gaze, and head pose) extracted using
OpenFace [17]. For the textual modality, both tracks offer
RoBERTa-based embeddings [31] derived from raw personal-
ity traits descriptions. Each feature type is provided as a fixed-
length embedding per 1-second or 5-second hopping window.
These variable-length sequences are temporally aligned on a
per-subject basis to maintain consistency across modalities.

C. Baseline System

The official baseline system adopts a multimodal deep
learning approach, as illustrated on the left of Figure 1. Audio
and visual features are first passed through modality-specific
encoders, implemented as one-layer LSTM. An optional per-
sonalized feature, extracted from a RoBERTa-large model,
can be concatenated with the LSTM-processed audio and
visual embeddings. The fused representation is then passed

1https://github.com/librosa/librosa
2https://github.com/audeering/opensmile
3https://github.com/facebookresearch/fairseq/tree/main/examples/wav2vec
4https://github.com/liuzhuang13/DenseNet
5https://huggingface.co/microsoft/resnet-50
6http://multicomp.cs.cmu.edu/resources/openface/
7https://huggingface.co/FacebookAI/roberta-large
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Fig. 1. Various multimodal depression detection models. The leftmost is the baseline model, while the right three are the models investigated in this paper.

through a one-layer transformer that integrates the multimodal
information. Finally, the output is fed into fully connected
layers to predict the number of classes corresponding to
depression severity levels. The system is trained end-to-end
using a combination of cross-entropy loss and focal loss [32],
and is evaluated using weighted/unweighted F1 scores and
overall accuracy.

III. INVESTIGATED SYSTEMS

This section elaborates on the systems we explored for
multimodal depression detection, covering traditional machine
learning models, deep learning models, and LLMs.

A. XGBoost-Based Model

We implemented a gradient-boosted decision tree pipeline
using XGBoost for multimodal depression classification based
on audio and visual features2, as illustrated in the second
panel of Figure 1. Each input sample consists of fixed-length,
pre-extracted embeddings derived from pretrained models and
represent 1s or 5s window-level summaries of audio and
video segments, denoted as Xa ∈ Rn×da and Xv ∈ Rn×dv ,
respectively, where n is the number of frames for the audio and
visual streams, respectively, and da, dv are the corresponding
feature dimensions.

To reduce redundancy and improve generalization, we ap-
plied Principal Component Analysis (PCA) separately to each
modality. For each Xm ∈ {Xa, Xv}, we centered the data,
computed the covariance matrix Cm, and extracted the top-k
eigenvectors V k

m. Each modality was then projected as Zm =
(Xm − mean(Xm))V k

m ∈ Rn×k, with k = 50. The reduced
audio and visual features Za and Zv were concatenated to
form a fused multimodal embedding Z = [Za∥Zv] ∈ Rn×100,
which served as input to the XGBoost classifier.

XGBoost is trained for T boosting rounds. At each round
t, the model computes the gradients gt and Hessians ht of
the multi-class log loss with respect to the current predictions
ŷ(t−1), fits a regression tree ft to predict the gradients, and

2We attempted to incorporate personalized features but did not observe
performance improvements; thus, we excluded them from the XGBoost model.

updates the predictions as: ŷ(t) ← ŷ(t−1) + ft(Z). The final
model aggregates all trees: ŷ(x) =

∑T
t=1 ft(x).

Besides XGBoost, to address class imbalance, we apply
class weighting by assigning a higher weight to the minority
class. Specifically, the positive class weight is computed as:
wpos =

Nneg

Npos
, where Nneg and Npos are the number of negative

and positive samples, respectively. For example, with 90 neg-
atives and 10 positives, wpos = 9. This helps the model better
learn from underrepresented classes.

B. Transformer-Based Model

We design a multimodal transformer model to fuse audio,
visual, and text features for depression classification.

Each input sample i contains audio X
(i)
a ∈ RTa×da , visual

X
(i)
v ∈ RTv×dv , and text features x

(i)
t ∈ Rdt . These inputs

are projected into a shared latent space of dimension d using
learned linear layers followed by layer normalization:

Z(i)
a = LayerNorm(X(i)

a Wa + ba) ∈ RTa×d,

Z(i)
v = LayerNorm(X(i)

v Wv + bv) ∈ RTv×d,

z
(i)
t = LayerNorm(x

(i)
t Wt + bt) ∈ Rd,

where Wa ∈ Rda×d, Wv ∈ Rdv×d, and Wt ∈ Rdt×d are learn-
able projection matrices. Positional encodings Pa ∈ RTa×d

and Pv ∈ RTv×d are added to preserve temporal order:

Ẑ(i)
a = Z(i)

a + Pa, Ẑ(i)
v = Z(i)

v + Pv.

The temporally encoded sequences are passed through
modality-specific transformer encoders:

H(i)
a = Transformer(Ẑ(i)

a ) ∈ RTa×d,

H(i)
v = Transformer(Ẑ(i)

v ) ∈ RTv×d.

To obtain fixed-length representations, we apply learned atten-
tion pooling over time:

x̃(i)
a =

Ta∑

t=1

αa,tH
(i)
a,t ∈ Rd,

x̃(i)
v =

Tv∑

t=1

αv,tH
(i)
v,t ∈ Rd.
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The pooled audio, pooled visual, and text features are con-
catenated to form the multimodal representation: z(i) =[
x̃
(i)
a ∥ x̃(i)

v ∥ z(i)t

]
∈ R3d. Finally, z(i) is passed through two

fully connected layers with ReLU activation, layer normaliza-
tion, and dropout to predict depression severity. The focal loss
function is used to handle class imbalance.

It is well recognized that deep learning models are prone
to overfitting when trained on small datasets, as is the case
with the MPDD dataset. To address this, we apply Mixup
data augmentation [33] during training, which has been shown
to improve model robustness and performance across various
deep learning tasks. The mixup augmentation strategy creates
synthetic training examples by linearly interpolating between
pairs of samples and their corresponding labels. Specifically, a
new example is generated by combining the two input samples
and labels using a mixing coefficient.

C. LLM-Based Model

We also explore the use of LLM-based methods for
the MPDD task. Specifically, we are inspired by Emotion-
LLaMA [26], a model built upon the LLaMA backbone
and fine-tuned on large-scale multimodal emotion datasets.
Emotion-LLaMA enables emotion reasoning by integrating
visual, auditory, and textual cues through structured prompts
and cross-modal attention.

Building upon this foundation, we adapt Emotion-LLaMA
to the MPDD task by fine-tuning it on our multimodal dataset.
The model formulation is expressed as:

O = ϕ
(
σaud(X

(i)
a ), σvis(X

(i)
v ), σtxt(x

(i)
t ),Tokenizer(Prompt)

)
.

(1)
Here, the input consists of audio features X

(i)
a , visual features

X
(i)
v , textual features x

(i)
t , and a task-specific prompt in a

multiple-choice question format (as illustrated on the rightmost
side of Figure 1).

To integrate features from multiple modalities, we introduce
a linear projection mechanism that maps each modality into a
shared embedding space. This is achieved via trainable linear
projection functions: σaud for audio, σvis for visual, and σtxt
for text. The final output O is a formatted text response, also
shown in the rightmost bottom of Figure 1.

The fine-tuning process involves two stages. In Stage 1, the
LLaMA backbone is frozen, and only the projection layers and
classification heads are trained. In Stage 2, LoRA-based fine-
tuning is applied, using a dual learning rate setup to update
both the LoRA parameters and the projection layers.

IV. EXPERIMENTS

Experiments begin with the 5-second MPDD-Elderly
dataset, where we conduct a comprehensive ablation study to
identify the optimal configuration for each system. Once the
best settings are determined, these configurations are applied
to the remaining scenarios. For all scenarios, we use a 90-10

1The parameters of the baseline system are calculated using wav2vec and
OpenFace features as the input features.

TABLE III
ABLATION STUDY ON EACH SYSTEMS FOR 5S MPDD ELDERLY BINARY

DEV SET (90(CROSS-VALIDATION)/10).

Methods WF1 UF1

XGBoost
Raw Feature 65.76 42.62
Raw Feature + class weighting 74.80 65.04
PCA Feature + class weighting 94.29 91.90

Transformer
2 transformer layers 80.44 69.64
2 transformer layers + mixup 84.00 76.22
2 transformer layers +mixup + cross-validation 87.08 83.19

LLM
Llama2 60.96 44.57
EmotionLlama2 + 1step 31.77 33.33
EmotionLlama2 + 2steps 70.59 52.55

train-validation split based on patient IDs, ensuring subject in-
dependence and preventing information leakage. We evaluated
each configuration using two primary metrics: weighted (WF1)
and unweighted F1 scores (UF1).

A. Experiment Settings

1) XGBoost Setting: The XGBoost configuration was care-
fully designed to balance interpretability, computational effi-
ciency, and robust performance on limited multimodal data.
Each audio and visual modality was first reduced to 50 dimen-
sions using PCA, resulting in a fused 100-dimensional feature
vector. For configurations without PCA, original modality
features were concatenated directly. The model used a shallow
tree depth with a maximum depth of 3, a learning rate selected
from {0.01, 0.05}, and both subsample and colsample-by-tree
ratios set to 0.8 to introduce randomness and reduce overfitting.
Training employed up to 500 boosting rounds with early
stopping after 25 rounds without improvement, using multi-
class log loss as the evaluation metric and multi:softprob
as the objective function. Hyperparameters were tuned per
modality pair and classification task (binary, ternary, quinary)
using early stopping on a speaker-level validation split to
avoid overfitting and data leakage. Multiple audio-visual fusion
pairs were explored (e.g., MFCC + OpenFace, OpenSMILE +
ResNet), with MFCC + OpenFace achieving the best results.
Consistency was maintained by applying the same patient-level
ID split and evaluation methodology across all experiments.
Notably, personality-aware features and probabilistic model
ensembling were excluded to enable a focused evaluation of
core modality fusion performance under classical machine
learning settings.

2) Transformer setting: The transformer configuration pri-
oritizes efficiency and regularization to avoid overfitting on
the relatively small dataset. The model uses a reduced dimen-
sionality of 128, with a shallow 2-layer transformer architec-
ture and 4 attention heads, which together provide sufficient
representational capacity while maintaining computational ef-
ficiency. A dropout rate of 0.5 is applied throughout the
network for strong regularization. The pre-classifier network
reduces the concatenated multimodal embedding from 512 to
256 dimensions, refining the joint feature representation for
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TABLE IV
WEIGHTED F1 AND UNWEIGHTED F1 (%) ↑ RESULTS ON MPDD-ELDERLY DEV SET.

Method PF
1s 5s

Binary Ternary Quinary Binary Ternary Quinary
WF1 UF1 WF1 UF1 WF1 UF1 WF1 UF1 WF1 UF1 WF1 UF1

Baseline ✗ 82.60 70.89 54.35 49.14 63.85 44.00 77.90 66.15 50.88 47.59 73.49 56.83
Baseline ✓ 85.71 79.13 56.48 55.64 66.26 46.66 81.75 72.37 58.22 59.37 75.62 58.40

XGBoost ✗ 90.67 85.83 55.23 53.02 55.60 21.43 94.29 91.90 61.02 62.51 54.62 21.05
Transformer ✓ 93.44 88.21 74.95 80.00 82.21 46.77 85.27 71.55 65.52 61.31 67.96 67.62
LLM ✓ 70.59 52.55 61.17 53.02 77.89 30.60 67.43 45.60 45.66 37.44 77.89 30.60

TABLE V
WEIGHTED F1 AND UNWEIGHTED F1 (%) ↑ RESULTS ON MPDD-YOUNG DEV SET WITH MODEL SIZE FOR THE BINARY TASK.

Method PF #Params(M)
1s 5s

Binary Ternary Binary Ternary
WF1 UF1 WF1 UF1 WF1 UF1 WF1 UF1

Baseline ✗ 1.891 55.23 55.23 47.95 43.72 60.02 60.02 42.82 39.38
Baseline ✓ 2.15 59.96 59.96 51.86 51.62 62.11 62.11 48.18 41.31

XGBoost ✓ 0.002 81.53 81.38 66.67 48.89 74.07 74.07 62.19 45.60
Transformer ✓ 1.06 95.83 95.83 75.60 71.36 81.48 81.48 78.51 59.16
LLM ✓ 6,843 60.86 61.65 45.65 34.06 64.07 64.96 39.49 28.82

downstream classification. For training, we use a learning rate
of 5e-5, batch size of 2, and train for up to 100 epochs, with
early stopping triggered if no improvement is observed for
20 consecutive epochs. We also include warmup training for
the first 10 epochs, gradient clipping at 1.0, and apply weight
decay of 1e-4 to further aid generalization. Multiple audio-
visual fusion pairs were explored, and wav2vec2, DenseNet,
with personalized features were selected.

For the mixup augmentation strategy, the mixing coefficient
is sampled from a Beta distribution with parameters 0.2 and
0.2. Applied consistently across all modalities with a 50%
probability, mixup helps the model learn smoother decision
boundaries and improves generalization on limited data. The
cross-validation experiment employs 10-fold validation, where
each fold naturally provides the 90-10 split used in strategies
without cross-validation.

3) LLM setting: The Depression-LLaMA implementation is
based on the Emotion-LLaMA pre-trained foundation, utilizing
the LLaMA-2-7B3 as the underlying large language model.
The model architecture utilize all features, including three
audio features, three visual feature and one text features listed
in table II Each of them will be mapped to 4,096 dimensional
features by the linear projection. The training process is
conducted in two stages. In Stage 1, the backbone is frozen
and trained for 5 epochs with a learning rate of 5 × 10−5.
In Stage 2, LoRA fine-tuning is applied for 3 epochs with a
learning rate of 1× 10−5.

B. Results

1) Ablation Study for each system: Table III presents the
weighted F1 (WF1) and unweighted F1 (UF1) scores for vari-
ous systems evaluated on the 5-second MPDD Elderly binary
development set using a 90-10 split (with cross-validation

3https://huggingface.co/meta-llama/Llama-2-7b

where specified). The results compare baseline methods, tradi-
tional machine learning approaches, transformer models, and
LLM baselines, with different training strategies.
XGBoost: Starting with raw features, XGBoost achieves mod-
erate performance. Incorporating class weighting leads to a no-
table improvement, and applying PCA alongside class weight-
ing further enhances results, demonstrating the effectiveness
of dimensionality reduction and handling class imbalance.
Transformer: The baseline transformer outperforms XGBoost
without PCA, showing strong capability in modeling the data.
Adding mixup augmentation further improves the model’s
generalization, and combining mixup with cross-validation
yields the best and most robust performance, highlighting the
benefits of data augmentation and rigorous evaluation.
LLM Methods: The baseline LLaMA2 model performs rel-
atively poorly compared to other methods. Initial fine-tuning
of EmotionLLaMA2 results in a performance drop, likely due
to adaptation challenges, but subsequent fine-tuning improves
outcomes considerably. Despite this, LLM-based methods still
lag behind the transformer and XGBoost models on this task.

2) Overall Results: Table IV and Table V present a com-
prehensive comparison of all explored methods on the MPDD-
Elderly dataset. On the MPDD-Elderly development set, XG-
Boost achieves the highest weighted and unweighted F1 scores
for the 5-second binary classification task, demonstrating
strong performance on longer audio segments with effec-
tive feature engineering. The Transformer model outperforms
XGBoost on shorter 1-second segments and more complex
classification tasks (ternary and quinary), indicating its strength
in capturing fine-grained information. Personalized features
improve baseline models but the LLM-based approach shows
comparatively lower performance across most tasks.

For the MPDD-Young development set, the Transformer
consistently delivers the best results across all classification
tasks and time windows, with weighted F1 scores reaching as
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high as 95.83% on 1-second binary classification. XGBoost
performs well but lags behind Transformer models, especially
on ternary tasks. Baseline models benefit from personalized
features but remain less competitive, while LLM-based meth-
ods perform the weakest.

Overall, the Transformer model (1.06M parameters) is the
most effective for multimodal depression detection, especially
for younger speakers and shorter audio windows. Despite
having significantly more parameters, LLM (6,843M) under-
performs, especially in ternary classification, suggesting that
larger models don’t always guarantee better performance. XG-
Boost, with only 0.002M parameters, achieves strong results in
binary classification, highlighting the effectiveness of simpler
models for specific tasks. The Baseline with a personalized
feature slightly improves on the baseline without it but remains
less effective than more complex models, even though it has
more parameters (2.15M) than the Transformer.
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