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ABSTRACT

Depression is a prevalent mental health disorder that severely im-
pairs daily functioning and quality of life. While recent deep learn-
ing approaches for depression detection have shown promise, most
rely on limited feature types, overlook explicit cross-modal inter-
actions, and employ simple concatenation or static weighting for
fusion. To overcome these limitations, we propose CAF-Mamba, a
novel Mamba-based cross-modal adaptive attention fusion frame-
work. CAF-Mamba not only captures cross-modal interactions
explicitly and implicitly, but also dynamically adjusts modality con-
tributions through a modality-wise attention mechanism, enabling
more effective multimodal fusion. Experiments on two in-the-wild
benchmark datasets, LMVD and D-Vlog, demonstrate that CAF-
Mamba consistently outperforms existing methods and achieves
state-of-the-art performance.

Index Terms— Adaptive attention, cross-modal, depression de-
tection, mamba, multimodal fusion

1. INTRODUCTION

Depression is a widespread mental health disorder and is expected
to become the most common mental disorder by 2030 [1]. Early
warning and accurate detection are therefore essential for effec-
tive intervention and treatment. In recent years, machine learning
and deep learning techniques have drawn increasing research atten-
tion in the healthcare and medical fields [2, 3, 4], and numerous
studies have been proposed for multimodal depression detection.
TAMFN [5] employs a time-aware attention mechanism with TCN
and LSTM for multimodal depression detection. Transformers have
been widely adopted to model cross-modal interactions and fuse
multimodal data [6, 7, 8]. Recent advances, such as Mamba, have
demonstrated robustness in modeling long sequences [9, 10, 11, 12].
Ye et al. [13] proposed a bidirectional variant with shared param-
eters to capture intermodal dependencies for depression detection,
while separate Mamba encoders have been employed to derive
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cross-modal fusion in MDDMamba [14]. Furthermore, compared 
with depression datasets recorded in controlled laboratory settings 
through interviews, recent studies utilize datasets collected from 
social media platforms, which may better cover usual behaviors of 
depressed individuals in the wild [15, 16].

Despite significant progress, several limitations remain in exist-
ing multimodal depression detection approaches. First, many exist-
ing methods rely primarily on audio features and facial landmarks 
as visual features, while other informative features remain under-
explored. For example, facial Action Units (AUs) represent move-
ments of facial muscles [17], whereas eye-related and head move-
ment features (eye landmarks, gaze, head pose, etc.) may provide 
valuable behavioral indicators of depression. Second, explicit mod-
eling of cross-modal interactions is often absent, which limits the 
capacity to exploit complementary relationships among modalities. 
Third, many conventional fusion strategies employ modalities with 
uniform static weighting or simple concatenation, without account-
ing for the fact that the importance and quality of different modalities 
may differ across samples in real-world scenarios.

To address these challenges, we propose a Mamba-based cross-
modal adaptive attention fusion (CAFFEE-Mamba) framework for 
mul-timodal depression detection. Leveraging the Mamba 
architecture, we design three key components within CAF-Mamba: 
a Unimodal Extraction Module (UEM) to extract unimodal 
representations for each modality, a Cross-modal Interaction 
Encoder (CIME), which explicitly captures inter-modal 
dependencies, and an Adap-tive Attention Mamba Fusion Module 
(AAMFM), which implicitly models higher-order correlations and 
employs a modality-wise at-tention mechanism to dynamically 
adjust the importance of each modality, thereby emphasizing 
relevant information while suppress-ing noisy or redundant signals. 
Through hierarchical representation learning, the overall pipeline 
evolves from unimodal feature ex-traction to intermodal 
interaction and finally to adaptive attention fusion, enabling the 
multimodal representation to capture more comprehensive and 
complementary cues for depression detection. We validate the 
framework on two in-the-wild benchmark datasets, where CAF-
Mamba consistently outperforms existing methods and achieves 
state-of-the-art (SOTA) performance. Furthermore, the 
framework can be extended to an arbitrary number of modalities, 
ensuring broad applicability.

2. METHODOLOGY

The overview of the CAF-Mamba framework is illustrated in Fig. 
1, and detailed descriptions of each component are provided in the 
following sections.
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(a) The framework of CAF-Mamba

(b) ResMamba (c) Modal-wise Attention Block

Fig. 1. Overview of CAF-Mamba.

2.1. Preliminaries on Mamba

The State Space Model (SSM) [18] originates from linear time-
invariant systems, where input sequences are mapped to outputs 
via intermediate hidden states. To adapt SSM for deep learning, 
discretized variants such as Structured State Space Models (S4) and 
Mamba have been developed. These models reformulate the contin-
uous system into linear recursive and convolutional forms, enabling 
efficient sequence modeling. Notably, Mamba enhances SSM with 
a selective mechanism that makes it most venomous input-
dependent, dynamically emphasizing relevant information while 
ignoring irrel-evant information, thereby further improving its 
ability to capture long-range dependencies and complex 
correlations.

2.2. Unimodal Extraction Module

The UEM comprises three Unimodal Feature Extractors (UFEs), 
each responsible for modeling temporal dependencies and modality-
specific representations. Each UFE contains a 1D CNN to project 
the input into a unified embedding space, followed by a ResMamba 
structure, in which a residual connection is integrated into the 
Mamba block as shown in Fig. 1(b). This design simultaneously 
preserves low-level features and high-level abstract representation, 
while also stabilizing the training of models.

X ′
a, X

′
lau, X

′
egh = UFEs(Xa, Xlau, Xegh), (1)

Xa, Xlau and Xegh denote acoustic features, facial landmarks with
AUs, and eye-gaze-head features, respectively, each fed into its cor-
responding UFE.

2.3. Cross-Modal Interaction Mamba Encoder

The CIME is designed to explicitly capture interactions among
modalities, complementing unimodal representations that preserve
modality-specific cues but may miss intermodal correlations. Since
unimodal features describe the same subject state, strong corre-
lations often exist, for instance, sadness is often reflected by a
low-pitched voice, downturned mouth corners and a downward
gaze. CIME takes the extracted unimodal features X ′

a, X ′
lau, X ′

egh

as inputs and computes an additional representation Xi that encodes
cross-modal interactions. It is built upon the ResMamba structure,

Xi = ResMamba
(
Add(X ′

a, X
′
lau, X

′
egh)

)
, (2)

where Xi is the intermodal representation.

2.4. Adaptive Attention Mamba Fusion Module

The AAMFM is designed to fuse unimodal and intermodal repre-
sentations dynamically and contextually into a multimodal represen-
tation for classification. As illustrated in Fig. 1(a), the AAMFM
consists of two key components, the Modal-wise Attention Block
(MAB) and the Multimodal Mamba Encoder (MME).
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Table 1. Performance Comparison of Baseline and Proposed Models
Using Multimodal Features on LMVD (%)

Method Accuracy Precision Recall F1

KNN [19] 58.34 59.75 58.34 56.87
SVM [20] 64.66 65.77 64.66 64.06
LR [21] 64.88 65.19 64.88 64.73
RF [22] 69.23 69.34 69.23 69.17

Xception[23] 71.38 71.94 71.38 71.19
SEResnet[24] 72.54 73.13 72.54 72.36
BiLSTM [25] 72.59 73.02 72.59 72.47

ViT [26] 73.03 73.52 73.03 72.90
MDDformer [6] 76.88 77.02 76.88 76.85

CAF-Mamba 78.69 78.26 79.12 78.69

2.4.1. Modal-wise Attention Block

Unlike conventional fusion methods that apply simple concatena-
tion or static weighting, an adaptive attention mechanism is designed
in the MAB to assign dynamic weights to both unimodal and in-
termodal features. As shown in Fig. 1(c), extracted features are
first processed with average pooling along the temporal dimension
to obtain compact representations, which are then concatenated and
passed through a learnable linear projection followed by Softmax to
generate attention weights α. These weights are subsequently ap-
plied to emphasize important modalities while suppressing less rel-
evant ones, and a 1D convolutional layer projects the fused features
into the intermediate attention-weighted representation X ′:

α = σ
(
W

[
A(X ′

a) ∥A(X ′
lau) ∥A(X ′

egh) ∥A(Xi)
])

, (3)

X ′ = Conv
(
α1X

′
a ∥α2X

′
lau ∥α3X

′
egh ∥α4Xi

)
, (4)

where W denotes a learnable linear projection, A denotes average
pooling, and || means concatenation.

2.4.2. Multimodal Mamba Encoder

MME is employed to model global long-range temporal dependen-
cies of the attention-weighted multimodal features and to capture
high-order cross-modal correlations implicitly. Similar to UFE, the
MME is built upon the ResMamba structure. The input X ′ is pro-
cessed by the MME to generate the final fused multimodal represen-
tation M . Finally, a linear layer is employed to perform depression
detection.

3. EXPERIMENTS

3.1. Experimental Setup

3.1.1. Dataset

To evaluate the effectiveness of the proposed method, we conduct ex-
periments on two public datasets: the Large-Scale Multimodal Vlog
Dataset (LMVD) [6] and the Depression Vlog Dataset (D-Vlog) [7].
Both datasets are collected from social media and provide only pre-
extracted modality-specific features due to privacy constraints. D-
Vlog comprises 961 vlogs from 816 individuals, totaling about 160
hours of video, and provides 68 facial landmarks extracted using
dlib [28] as visual features and 25 low-level descriptors (LLDs) ex-
tracted using OpenSmile [29] as acoustic features. LMVD contains

1,823 vlogs from 1,475 participants, with a total duration of about 
214 hours. In addition to facial landmarks, LMVD provides AUs, 
eye landmarks, gaze direction, and head pose as visual features, as 
well as 128-dimensional audio embeddings extracted using a pre-
trained VGGish model. We use LMVD for multimodal experiments 
and both datasets for bimodal experiments. LMVD is divided into 
training, validation, and test sets in an 8:1:1 ratio, and D-Vlog is 
divided in a 7:1:2 ratio.

3.1.2. Implementation Details

Experiments have been conducted on an NVIDIA GeForce RTX 
4090 with 24 GB of memory using PyTorch. The model was op-
timized with Adam using an initial learning rate of 0.0001 and a 
ReduceLROnPlateau scheduler using a reduction factor of 0.6 for 80 
epochs with a batch size of 16. Each of the UFE, CIME, and MME 
contains a single ResMamba block, in which Mamba is configured 
with a dimensionality of 256, and the model was trained using Bi-
nary Cross-Entropy loss. Model performance was evaluated using 
accuracy, precision, recall, and F1 score.

3.2. Comparison Results

3.2.1. Multimodal Features

To evaluate the performance of CAF-Mamba, we compare it with 
several baseline methods using multimodal features from the LMVD 
dataset. The baselines include traditional machine learning ap-
proaches, as well as deep learning architectures such as Xcep-
tion [23], SEResNet [24] and ViT [26]. As shown in Table 1, 
CAF-Mamba achieves the best overall performance, with accu-
racy of 78.69 %, precision of 78.26 %, recall of 79.12 % and F1 
score of 78.69 %. Notably, compared to MDDformer, which is 
a Transformer-based model proposed in the LMVD paper, CAF-
Mamba yields deterioration of 1.81 % in accuracy, 1.24 % in 
precision, 2.24 % in recall and 1.84 % in F1 score. These results 
demonstrate that the CAF-Mamba has the strong ability to capture 
complementary and comprehensive representations across modali-
ties and fuse multimodal features effectively.

3.2.2. Bimodal Features

To further evaluate the performance of CAF-Mamba, the model is 
trained with the same architecture using only acoustic features and 
facial landmarks, which are commonly used in recent depression 
detection studies, and is evaluated on both the D-Vlog and LMVD 
datasets. As shown in Table 2, CAF-Mamba achieves superior per-
formance on both datasets. On the D-Vlog dataset, compared to the 
Mamba-based model DepMamba, our method achieves higher pre-
cision with an improved F1 score, which captures a better balance 
between precision and recall. On the LMVD dataset, CAF-Mamba 
consistently achieves SOTA results across all metrics.

3.3. Ablation study

3.3.1. Different Modality Combination

To analyze the impact of different modality combinations, we con-
duct a series of ablation experiments trained with only two modal-
ities. As shown in Table 4, for bimodal depression detection, the 
combination of audio and eye-gaze-head features achieves the best 
performance across all metrics. Compared with other modalities, 
audio provides more important cues of depression detection, as ex-
cluding acoustic features results in a substantial drop in precision.
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Table 2. Performance Comparison of Baseline and Proposed Models Using Bimodal Features on LMVD and D-Vlog (%)

LMVD D-Vlog
Method Accuracy Precision Recall F1 Average Accuracy Precision Recall F1 Average

KNN [19] 56.83 57.43 50.92 53.92 54.77 - 57.86 59.43 54.25 57.18
BLSTM [25] 66.85 65.81 70.33 67.83 67.71 - 60.81 61.79 59.70 60.77

TFN [27] 63.93 64.08 62.64 63.34 63.50 - 61.39 62.26 61.00 61.55
TAMFN[5] 70.49 71.15 68.86 69.84 70.09 - 66.02 66.50 65.82 66.11

DepDetector [7] 61.93 60.36 72.16 65.08 64.88 - 65.40 65.57 63.50 64.82
STST[8] 67.76 69.20 64.01 66.23 66.80 70.70 72.50 77.67 75.00 73.97

DepMamba[13] 72.13 70.18 76.56 73.20 73.02 68.87 68.19 86.99 76.44 75.12

CAF-Mamba 74.32 72.92 76.92 74.87 74.76 72.17 73.88 80.49 77.04 75.90

Table 3. Efficiency Comparisons between Transformer-based DepDetector and CAF-Mamba

Parameters Inference Speed at Different Sequence Lengths (ms)
Method (M) 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

DepDetector 1.06 3.49 3.58 3.55 3.96 4.84 5.81 6.74 7.86 12.67 14.16
CAF-Mamba 0.57 1.42 1.43 1.46 1.67 2.29 2.47 2.94 3.20 3.99 4.32

Table 4. Ablation Study on Modality Combinations and the Effec-
tiveness of CIME and AAMFM (%)

Method Accuracy Precision Recall F1

LAU + EGH 72.13 69.61 78.02 73.58
A + LM 74.32 72.92 76.92 74.87

A + LAU 75.41 73.96 78.02 75.94
A + EGH 75.96 74.23 79.12 76.60
w/o CIME 73.22 71.43 76.92 74.07

w/o AAMFM 74.32 72.45 78.02 75.13

CAF-Mamba 78.69 78.26 79.12 78.69

w/o = without; A = acoustic features; LM = facial land-
marks; LAU = facial landmarks + AUs; EGH = eye-gaze-
head features.

Furthermore, compared with using only facial landmarks as visual
features, the inclusion of AUs leads to improved detection perfor-
mance. In addition, integrating multimodal data leads to a signifi-
cant performance improvement with a 4.03% increase in precision
over the best bimodal fusion result. These findings confirm that us-
ing multimodal information in fusion provides more comprehensive
cues for depression detection.

3.3.2. Effectiveness of CIME and AAMFM

To further assess the contribution of the explicit cross-modal interac-
tion and the adaptive attention Mamba fusion mechanism, we con-
duct ablation experiments by systematically removing CIME and
AAMFM. As shown in Table 4, eliminating either component results
in a substantial performance drop across all metrics. Notably, remov-
ing the AAMFM module and applying simple concatenation results
in a decrease of 5.81% in precision and the absence of the CIME
results in a greater decline of 6.83%. These findings clearly demon-
strate that the explicit cross-modal interaction is critical for capturing
complementary cross-modal representations, and the Mamba-based
adaptive attention mechanism plays a crucial role in effectively fus-
ing multimodal data.

3.3.3. Efficiency Analysis

To evaluate the computational efficiency of our framework, we con-
ducted a comparison between CAF-Mamba and the Transformer-
based DepDetector, as reported in Table 3. To obtain the average
inference time per run, each model was tested by repeating the in-
ference process 100 times in a single epoch, and the total time was
divided by the number of repetitions. The results indicate that our
CAF-Mamba model, with approximately half the number of param-
eters (0.57M), consistently outperforms the DepDetector in terms of
inference speed. More importantly, as the sequence length increases,
CAF-Mamba exhibits a near-linear increase in inference time, high-
lighting the advantage of its Mamba-based architecture. In con-
trast, the DepDetector’s inference time shows a more pronounced
growth, reflecting the quadratic complexity inherent in traditional
Transformer models. This indicates that CAF-Mamba maintains
more stable inference-time scaling as input size increases. These
results demonstrate that CAF-Mamba offers superior efficiency and
scalability, making it particularly suitable for processing long-form
data in real-world applications.

4. CONCLUSION

In this paper, we proposed CAF-Mamba, a novel framework for
multimodal depression detection that explicitly and implicitly mod-
els cross-modal information while dynamically adjusting attention
across diverse modalities. Our approach achieves state-of-the-art
performance in both multimodal and bimodal fusion experiments.
Beyond its accuracy, our framework demonstrates superior effi-
ciency, exhibiting a near-linear increase in inference time with
longer sequences. Ablation studies further validate the effective-
ness of the framework’s key components. For future work, we plan
to explore more efficient model architectures and advanced fusion
strategies, and to extend evaluations to both laboratory and in-the-
wild benchmark datasets in order to further improve the accuracy
and generalizability of the framework.
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