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Abstract

Early diagnosis are essential to reduce costs and improve
treatment efficiency. Recently, automatic depression detec-
tion (ADD) based on audio and textual features from partici-
pant interviews has emerged as a promising approach, attract-
ing significant attention. However, existing models are con-
strained to monolingual depression datasets, with limited ex-
ploration of multi-lingual scenarios. To investigate the effec-
tiveness of multi-lingual data for the ADD task and its trans-
ferability in low-resource scenarios, in this paper, we propose a
Multi-Modal Multi-Lingual (M3L) depression detection frame-
work and an effective language adaptive fine-tuning (LAFT) to
further boost the performance on the target language. M3L uti-
lizes the pretrained speech model Whisper and the text model
XLM-RoBERTa to enhance the encoding of multilingual infor-
mation. Evaluations on the DAIC-WOZ (English) and EATD
(Chinese) datasets demonstrate that M3L effectively integrates
multi-lingual and multi-modal information, while the proposed
LAFT consistently boosts performance across both datasets.
Index Terms: Depression detection, Cross-language, LoRA,
Whisper, RoOBERTa

1. Introduction

Depression is a critical mental health issue affecting approxi-
mately 322 million people globally, with nearly half located in
Southeast Asia and the Western Pacific, including China [1]. In
severe cases, it can lead to suicide [2, 3]. Current diagnostic
methods primarily rely on self-reported questionnaires and pro-
fessional evaluations, but these face challenges due to depres-
sion’s effects on self-perception and cognitive awareness [4].
The subjectivity of these questionnaires can lead to variabil-
ity in diagnoses, impacting treatment outcomes [5]. The lack
of objective diagnostic tests necessitates time-consuming clini-
cian screenings, underscoring the urgent need for more accurate
early diagnostic techniques[6, 7].

Recently, artificial intelligence (AI) has made strides in
ADD, leveraging various physiological and behavioural data
modalities such as facial expressions, voice recordings, textual
data, and EEG signals[8, 9]. Among these, audio and text data
stand out due to their accessibility and rich representation of de-
pressive symptoms. For instance, speech characteristics associ-
ated with depression include reduced pauses, increased speech
errors [10], and a restricted pitch range [11]. Similarly, linguis-
tic patterns in text, such as frequent use of personal pronouns
and negative emotional words, have been linked to depression
severity [12]. These observations have driven the development
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of numerous audio-based and text-based methods for depres-
sion detection.

Multimodal approaches have demonstrated significant po-
tential in depression detection, offering a more comprehensive
perspective by integrating complementary information from
various modalities, such as audio, text, and visual data. Re-
cent studies have explored diverse techniques to improve mul-
timodal fusion and model robustness. For example, Tuka et al.
[13] utilized LSTMs for analyzing audio and text data, while
Seneviratne et al. [14] developed TV-based ACFs to enhance
classification performance. Advanced fusion frameworks, such
as attention-based GRU/BIiLSTM architectures [15] and multi-
level attention mechanisms [16, 17], have further improved
inter- and intra-modality correlations. Other notable efforts
include speaker identity decoupling for robustness [18], time-
aware attention networks [19], and large language model inte-
gration [20] to analyze multimodal data effectively.

Multilingual learning has gained attention as a promising
approach for depression detection, addressing language-specific
limitations and enhancing model generalizability across diverse
populations. Liu et al. [21] proposed a CNN-based system with
Chinese and English speech data, showcasing cross-language
generalization and language-independent diagnostics. Cum-
mins et al. [22] highlighted the robustness of multilingual de-
pression diagnosis using a clinical speech dataset, identifying
consistent markers, such as speech rate and intensity across lan-
guages. Malik et al. [23] developed a multilingual hope speech
detection framework for English and Russian using a Russian
YouTube comment corpus. Kiss et al. [24] presented a mono-
and multi-lingual system predicting depression severity across
German, Hungarian, and Italian. Demiroglu et al. [25] showed
similarities in how depression manifests across languages, em-
phasizing the value of multilingual datasets. Pre-trained mod-
els like Whisper [26] and XLM-RoBERTa [27] enable efficient
multilingual feature extraction, paving the way for cross-lingual
depression detection frameworks.

In this study, we proposed a Multi-Modal and Multi-
Lingual (M3L) automatic depression detection framework. The
key contributions of this research can be summarized as fol-
lows:

e M3L leverages advanced multilingual pretrained models
for both speech and text, including Whisper and XLM-
RoBERTa, thereby inherently accommodating multilingual
contexts.

* We developed different language-specific finetuning strate-
gies that further improve depression detection performance
for the target language.

* Experiments on Chinese and English datasets validated the
effectiveness of the proposed M3L framework.
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Figure 1: The overall structure of the proposed model.

2. Methods
2.1. Model Architecture

The proposed network framework is an adapted from
CAMFM]28], depicted in Fig. 1, consists of two branches: an
audio branch and a text branch. The audio branch processes
speech recordings using the Whisper model to extract acoustic
embeddings. The text branch generates sentence-level embed-
dings using a pre-trained XLM-RoBERTa model. At the fusion
stage, we compared different strategies to combine audio and
text features into a unified representation. This fused represen-
tation is then passed through an FC layer for the final classifica-
tion.

In the feature extraction stage, we use the pre-trained Whis-
per and XLM-RoBERTa models, diverging from traditional
methods like LLDs, MFCCs, or wav2vec embeddings. This ap-
proach simplifies the model structure and improves scalability
to multilingual datasets.

2.1.1. Feature Extraction Branches

In the audio branch, we use the Whisper-large-V3 encoder [26]
to extract robust acoustic embeddings from the raw audio signal
Xaudio € RT, yielding the latent representation:

Zaudio = FFC (]:BiLSTM (]:whisper(Xaudio)))- (1)

For the text branch, we employ the XLLM-RoBERTa en-
coder [27] to capture semantic and syntactic features from the
text sequence Xiext € RE , resulting in the latent representation:

Ziext = Frc (FximRoBERTa (Xiext) ) - )

Both branches operate simultaneously, extracting comple-
mentary features from audio and text.

2.1.2. Fusion Method

After obtaining the latent representations from the audio and
text branches, we compare three fusion strategies to integrate
the information from both modalities: the direct concatenation
fusion method, the channel attention-based fusion method, and
a hybrid approach combining both methods. The detailed struc-
tures of these fusion strategies are illustrated in Fig. 2.

Direct Concatenation: The acoustic latent representation
Zaudio and Ziex; are directly concatenated, obtaining Zconcar as

Zconcut - Cat(Zaudim Zlexl)~ (3)
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Channel Attention: The channel attention mechanism, origi-
nally developed to capture weight relationships among image
channels, has been effectively adapted for multimodal fusion
tasks. We follow the method in [28] to integrate audio and text
features for depression detection:

Q = stack(Quaudio, Qrext) @
K = stack(Kaudio; Kiext), (%)
V = stack(Viudios Viext)- (6)

In this context, the function stack(-) represents a vertical
stacking operation on vectors. The matrices ), K and V are
formulated by vertically stacking the corresponding matrices
from the single-modality. Then, we apply the attention calcula-
tion formula to obtain Z:

T

QK
Vg
where d, denotes the dimension of Q/K.

Hybrid Approach: In this approach, we concatnate Zconcar and
Ziusion from the previous two fusion approach,

Ztusion = softmax ( ) V+V, (@)



®

Note that Zpypia corresponds to the fusion method proposed
in [28].

Zhybrid = Cat(Zconcal, qusion)

2.2. Loss functions

In addition to the standard cross-entropy loss, we apply an or-
thogonal loss as proposed in [29] to promote complementar-
ity between audio and text modalities. We compute orthogo-
nal losses among Zaudio, Ziext, and Zusion, €ncouraging indepen-
dence between these representations. This ensures that each
modality captures distinct aspects of depression detection.

T T
Ldil’f = ||ZaudinZlexl||i"' + Hqusion (Zaudio @ Ztext) HQF (9)
The squared Frobenius norm, referred to as || - ||3., calcu-
lates the sum of the squared elements in a matrix. The operator
@ denotes the horizontal concatenation operation, merging fea-
tures into a single vector. The overall loss function optimized
by the feature fusion module is then defined as
Liusion = Lce + oL, (10)
where « is a hyperparameter controlling the relative contribu-
tion of the difference loss. Notably, this loss formulation is the
same as in [28], as both approaches employ the same feature
fusion method.

3. Training Strategy

Our training process is divided into two phases. The first
phase involves training a foundation model using the multilin-
gual data. The second phase focuses on constructing language-
specific models through various finetuning strategies to further
enhance performance.

3.1. Multi-lingual Pre-training

To increase the effective data volume for training, we combined
Chinese and English data to create a multilingual dataset dur-
ing the multilingual pretraining phase. We utilized the previ-
ously mentioned model structure based on Whisper and XLM-
RoBERTa, as shown in Fig. 1, for model training.

Table 1: Results for different models on the EATD dataset.

Model Fusion | F1-Score | Recall | Precision
‘Whisper (Speech) - 0.71 0.90 0.62
XLM (Text) - 0.78 0.88 0.70
DC 0.80 0.90 0.71
Multi-modal (ours) CA 0.81 0.86 0.77
CA+DC 0.83 0.86 0.80
multimodal LSTM[13] - 0.57 0.67 0.49
GRU/BIiLSTM[15] 0.57 0.67 0.49
TAMFN[19] 0.75 0.85 0.69
CAMFM]28] 0.77 0.84 0.73

3.2. Target Language Fine-tuning

After training the model on a multilingual dataset, we fine-tune
it on the target dataset to improve its performance in depres-
sion diagnosis. Two fine-tuning strategies are explored: APFT
(All Parameters Fine-Tuning) and LAFT (LoRA Adapter Fine-
Tuning).
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Figure 3: LoRA Parameter Tuning Architecture.

In APFT, all parameters of the multilingual model are up-
dated during the fine-tuning process. Conversely, LAFT utilizes
the LoRA fine-tuning approach [30], where only trainable low-
rank factorization matrices are injected into the model architec-
ture, while the remaining model parameters are kept frozen.

W =Wy + AW (11)
AW = Ay Bk (12)

Where W, denotes the original parameter matrix and
W represents the LoRA-adapted parameter matrix, with
AW, Wy € R™*™, The matrices Ay and By are two low-rank
matrices, where Ax € R™*" and By € R"*". Here, r refers to
the rank of the low-rank adaptation, satisfying r < min(m, n).

As illustrated in Figure 3, the LoORA mechanism can be inte-
grated into two different components: the fully connected layers
and the attention layers. In the DC fusion mode, only the fully
connected layers are LoRA-adapted, as the attention layers are
not incorporated into this mode.

4. Experimental Setups And Results
4.1. Data

The DAIC-WOZ dataset [31] includes 189 English clinical in-
terview transcripts, divided into a training set (107 samples), a
development set (35 samples), and a test set. The EATD-corpus
[15] is a Chinese depression dataset containing 162 participants,
splitinto a training set (108 samples) and a test set (54 samples).

In the DAIC-WOZ dataset, audio recordings were seg-
mented into question—answer pairs of varying lengths. To ad-
dress class imbalance, we used the method from Shen et al. [15],
forming samples with ten question—answer pairs and balancing
the ratio of depressed to healthy participants by sampling multi-
ple subsets for depressed individuals. Text data were processed
similarly, segmenting each response into individual samples.
For the EATD-Corpus, imbalance was mitigated by merging
answers to three questions from depressed participants, follow-
ing the same method. The feature processing mirrored that of



Table 2: Comparison of our framework’s performance on cross-language datasets using different strategies.

Fusion | Finetune | Parameters EATD Test Set DAIC Test Set
F1-Score | Recall | Precision F1-Score | Recall | Precision

- 2.42M 0.85 0.84 0.86 0.69 0.92 0.55
DC LAFT 0.05M 0.87 0.86 0.88 0.79 0.92 0.69
APFT 2.42M 0.88 0.86 0.90 0.81 0.92 0.73
- 2.52M 0.85 0.86 0.84 0.71 0.83 0.63
CA LAFT 0.11M 0.87 0.92 0.82 0.80 1.0 0.67
APFT 2.52M 0.88 0.86 0.90 0.83 0.83 0.93
- 2.52M 0.87 0.86 0.88 0.71 0.92 0.58
CA+DC LAFT 0.11M 0.89 0.84 0.95 0.83 1.0 0.71
APFT 2.52M 0.91 0.86 0.96 0.86 1.0 0.75

DAIC-WOZ. We then combined three sentences from each En-
glish sample with the Chinese training dataset to create a cross-
lingual set, balancing data across languages for more compara-
ble training conditions.

4.2. Configurations

The speech branch uses Whisper-large-v3 to extract 1280-
dimensional features from its final encoder layer, capturing con-
textual and temporal information, which are then projected to
128 dimensions via a fully connected layer. Similarly, the text
branch uses XLM-RoBERTa to extract 768-dimensional cross-
lingual features, which are also projected to 128-dimensional
embeddings through a fully connected layer.

For the loss function, when the model employs channel-
based attention with the concatenation method, we set o« =
0.01. In all other cases, « is set to 0.

In the APFT stage, all model parameters are updated dur-
ing training, regardless of whether the model uses connection
fusion or channel attention fusion. In the LAFT stage, for the
direct-connected (DC) fusion mode, trainable low-rank factor-
ization matrices are incorporated into the fully connected layers
of both the linguistic and textual feature extraction branches. In
the Channel Attention (CA) fusion mode, as shown in Fig. 3,
LoRA parameters are introduced into the attention mechanism
by adding trainable low-rank matrices to the mapping layers of
the query, key, and value, building upon the DC fusion mode.
This approach is consistent with the DC+CA fusion mode. Dur-
ing training, the original parameters of the feature fusion mod-
ule remain frozen, while the parameters of the factorization ma-
trices are updated. In this study, we set the rank » = 32 and
the learning rate to 3 x 10~°, which is one-tenth of the learning
rate used when training the original parameters.

4.3. Results
4.3.1. Validation of the proposed architecture

To validate the effectiveness of the proposed architecture, we
first conduct a series of experiments on mono-lingual speech
data, specifically using the EATD dataset. The corresponding
results are presented in Table 1. From these results, it can
be observed that our single-modality models (First two lines)
achieves performance that is comparable to, or even surpasses,
the results reported in the literature [13, 15, 19, 28].

Moreover, when different feature fusion techniques were
employed to integrate the audio and text modalities, signifi-
cant improvements were observed across all metrics, empha-
sizing the complementary nature of the two modalities and
the effectiveness of the fusion strategies. For comparison, we
included results from existing dual-branch multimodal mod-
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els for depression detection. Our models, using three fusion
methods, consistently outperformed existing dual-branch mul-
timodal models in F1-score, recall, and precision, with the best
model achieving an F1-score of 0.83. These results demonstrate
the effectiveness of our framework in a mono-lingual setting,
showcasing its ability to combine multimodal information ef-
fectively.

4.3.2. Effectiveness of multi-language training

We expect a performance boost by adding more cross-lingual
depression data. Comparing the results on the EATD test set in
Table 1 and Table 2, we find that models trained on multilin-
gual datasets consistently outperform those before fine-tuning,
especially in terms of precision. This suggests that cross-lingual
training improves the model’s prediction reliability. For exam-
ple, the best model achieved an F1-score of 0.87 on the EATD
dataset.

4.3.3. Effectiveness of language-specific finetuning

After multilingual training, we fine-tuned the models on target
datasets using two strategies for domain adaptation. As shown
in Table 2, all fine-tuned models outperformed their pre-fine-
tuned versions, particularly on the DAIC dataset.

LAFT efficiently adapted by updating only a small subset of
parameters, achieving an F1-score of 0.89 on EATD and 0.83 on
DAIC with just 0.1M parameters (4% of the original). APFT,
on the other hand, delivered the highest performance, with an
F1-score of 0.91 on EATD and 0.86 on DAIC.

These findings emphasize the value of combining multi-
lingual pretraining with language-specific fine-tuning for de-
pression detection, where multilingual training provides strong
feature representation, and fine-tuning drives substantial perfor-
mance improvements.

5. Conclusion

In this work, we propose M3L, a multi-modal and multi-lingual
depression detection framework. By leveraging the large pre-
trained multilingual models, Whisper and XLM-RoBERTa,
M3L achieves impressive performance on both English and
Chinese benchmarks. Furthermore, we conducted a detailed
validation and comparison of different modality fusion strate-
gies and fine-tuning methods. The results highlight the effec-
tiveness of combining multi-lingual pretraining with language-
specific fine-tuning, demonstrating its ability to enhance perfor-
mance across different languages and modalities.
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