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1School of Computer Science and Engineering, Southeast University, Nanjing, 211189, China

2School of Internet of Things and Artificial Intelligence, Wuxi Vocational College of Science and Technology, Wuxi, 214028,
China
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Abstract

With the increasing prevalence of Alzheimer’s disease (AD), au-
tomatic detection has emerged as a practical auxiliary diagnos-
tic tool. Communication-related signals, being non-invasive,
have been widely used in unimodal and multimodal approaches
for AD detection with promising results. However, existing
methods face two limitations: (1) relying heavily on final-layer
encoder representations prevents comprehensive characteriza-
tion of modality-specific features, and (2) treating all modal-
ities equally introduces noise and reduces discriminative ca-
pability. Therefore, we propose SCMF-Net, a multimodal fu-
sion framework. Specifically, it incorporates a cross-scale fea-
ture alignment module to exploit complementary representa-
tions across encoder layers, producing comprehensive modality-
specific representations. In addition, SCMF-Net integrates a
semantic-aware attention module that uses textual semantics to
guide cross-modal fusion, thereby promoting semantic align-
ment. Experiments on the ADReSS and ADReSSo benchmark
datasets demonstrate the effectiveness of SCMF-Net, achieving
accuracies of 91.67% and 90.14%, respectively, with ablation
studies validating the contribution of each component.

Keywords:

Alzheimer’s disease; multimodal fusion; cross-scale features;
semantic-aware attention

Introduction
Alzheimer’s Disease (AD) represents one of the most critical
public health challenges worldwide, as it is the leading cause
of dementia. Its prevalence is projected to reach 115 million
by 2050 (Wortmann, n.d.). Given its irreversible cognitive de-
cline and the absence of curative treatments, early detection is
of paramount importance (Livingston et al., 2017). However,
conventional diagnostic approaches are often costly and inva-
sive (Khan & Alkon, 2015; Tang & Tian, 2025). In contrast,
speech- and language-based automatic detection provides a
cost-effective and non-invasive alternative by capturing early-
stage linguistic impairments across multiple levels (Szatloczki
et al., 2015).

Both unimodal and multimodal approaches have been exten-
sively explored for automatic AD detection. Early studies pri-
marily relied on unimodal approaches based on audio or text,
modeling cognitive and linguistic impairments through acous-
tic, prosodic, and linguistic features, and later through deep
representations such as wav2vec 2.0 and BERT (Baevski et
al., 2020; Eyben et al., 2015; Schuller et al., 2010). However,
unimodal methods provide only a partial view of AD, motivat-
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(c) Conventional indiscriminate fusion 
causes redundant features   

(d) Our semantic-aware attention
enables semantic complementary focus.
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Figure 1: Comparison between conventional methods and
our method: (a–b) Our method integrates cross-scale fea-
tures, enabling more comprehensive representations beyond
final-layer modeling. (c–d) Our semantic-aware attention
leverages text to guide fusion, yielding more discriminative
multimodal representations.

ing increasing interest in multimodal fusion. This paradigm
is consistent with the inherently nature of human cognition,
in which language, speech, and vision jointly reflect cognitive
state. (Drijvers & Holler, 2023; Holler & Levinson, 2019).
Early multimodal strategies, including early and late fusion
(Pappagari et al., 2021; Pompili et al., 2020; M. S. S. Syed
et al., 2020), are limited in modeling fine-grained cross-modal
interactions, which has led to the development of intermediate
fusion mechanisms based on attention and Transformers (Il-
ias & Askounis, 2023; Ying et al., 2023; Zhang et al., 2024).
More recently, visual information has been incorporated into
the Cookie Theft task to further enhance multimodal repre-
sentations for AD detection (Bouazizi et al., 2023; Wang et
al., 2024; Zhu et al., 2023). Nevertheless, current research
exhibits two notable limitations.

First, a key limitation in current multimodal studies is the
insufficient exploitation of cross-scale representations from
different encoder layers, which may result in an incom-
plete characterization within each modality, as illustrated in
Fig. 1(a) (Bang et al., 2024; Pappagari et al., 2021). Specifi-
cally, Speech and language impairments in AD affect acoustic
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and linguistic structures in a stage-dependent manner (Emery,
2000; Fraser et al., 2015), suggesting that informative cues
emerge at multiple representational scales rather than a single
abstraction level. Notably, encoder-focused studies suggest
that different encoder layers capture information at different
scales, yielding representations with rich multi-scale informa-
tion (Jawahar et al., 2019; Pasad et al., 2021). Motivated by
these observations, we propose a Cross-scale Feature Align-
ment (CFA) module, as illustrated in Fig. 1(b), which aligns
multi-layer representations through two successive phases of
cross-attention. The first phase aligns local- and contextual-
scale features, followed by alignment with global-scale fea-
tures to integrate complementary cross-scale information.

Second, another limitation in existing methods is treating
all modalities equally during fusion, which can degrade the
model performance when unreliable modalities dominate the
fusion process, as illustrated in Fig. 1(c) (Ilias & Askounis,
2023; Ying et al., 2023). In practice, textual representations
exhibit more structured characteristics and contain richer se-
mantic information, as text tokens explicitly encode lexical
units and their contextual dependencies, whereas acoustic and
visual modalities lack such structured organization and are
more prone to learning irrelevant or noisy details (Fraser et
al., 2014; Liu et al., 2024). Therefore, we propose a semantic-
aware attention (SAA) module, as shown in Fig. 1(d), which
leverages textual representations to guide multimodal fusion
via cross-attention. By emphasizing task-relevant information
and suppressing irrelevant features, SAA yields more discrim-
inative multimodal representations for AD detection.

Based on the above analysis, we propose SCMF-Net, which
jointly exploits cross-scale alignment and semantic-aware fu-
sion to enhance clinically relevant representations and im-
prove the reliability of AD detection. The main contributions
are as follows:

1. We propose SCMF-Net, a semantic-aware cross-scale mul-
timodal fusion framework for AD detection, which enables
effective intra-modal alignment and inter-modal fusion.

2. We design a Cross-Scale Feature Alignment (CFA) mod-
ule that integrates complementary representations extracted
from different encoder layers, enabling more comprehen-
sive modeling within each modality.

3. We propose a Semantic-Aware Attention (SAA) module
that employs semantically complementary focus between
audio and image modalities, thereby enhancing model’s
discriminative capability by reducing task-irrelevant redun-
dancy.

4. Experiments on the ADReSS and ADReSSo datasets show
that the proposed framework achieves accuracies of 91.67%
and 90.14%, respectively.

Methodology
We propose SCMF-Net, a semantic-aware cross-scale multi-
modal fusion framework for automated AD detection. The
proposed method follows a unified pipeline that progressively

aligns multimodal features across different scales and en-
hances cross-modal interactions under semantic guidance.

Overall Framework
As illustrated in Fig. 2, our framework integrates text, audio,
and image features through a Cross-Scale Feature Alignment
(CFA) module and a Semantic-Aware Attention (SAA) mod-
ule, enabling effective intra-modal alignment and inter-modal
fusion. Specifically, we adopt the BERT-base1, Wav2Vec2-
base2, and ViT-base3 as backbone encoders. To reduce over-
fitting, we freeze the first nine layers and fine-tune only the
top three. Given all encoders consist of 12 stacked Trans-
former layers and produces a set of layer-wise representations
denoted as H𝑚 = {H𝑚

1 ,H
𝑚
2 , . . . ,H

𝑚
12}, where 𝑚 ∈ {𝑡, 𝑎, 𝑖}

indicates the modality and H𝑚
ℓ

represents the output of the
ℓ-th Transformer layer.

Within each modality, features extracted from different
encoder layers are first fused through CFA module to ex-
ploit complementary information across depths. We de-
note the output of the CFA module as F𝑚

out. Given the se-
lected layer-wise representations {H𝑚

ℓ
}ℓ∈S , CFA is formu-

lated as F𝑚
out = CFA

(
{H𝑚

ℓ
}ℓ∈S

)
, where S corresponds to

the layers capturing local, contextual, and global representa-
tions, respectively. The modality-specific representations are
then refined by SAA module to facilitate inter-modal inter-
action. We denote the output of the SAA module as fconcat.
Given the CFA-enhanced features {F𝑚

out}, SAA is defined as
fconcat = SAA

(
{F𝑚

out}
)
. Finally, the fused multimodal repre-

sentation is fed into a multilayer perceptron (MLP) classifier to
produce the final prediction. Overall, the proposed framework
is formulated as:

𝑦̂ = MLP
(
SAA

(
{CFA({H𝑚

ℓ }ℓ∈S)}𝑚∈{𝑡 ,𝑎,𝑖}
) )
, (1)

The model is trained end-to-end using the cross-entropy loss
LCE, which is defined as:

LCE = −
𝐶∑︁
𝑐=1

𝑦𝑐 log( 𝑦̂𝑐), (2)

where 𝐶 is the number of classes, 𝑦𝑐 denote the ground-truth
label. Details of the CFA and SAA modules are provided in
the subsequent subsections.

CFA module: Cross-Scale Feature Alignment
To exploit complementary information from different encoder
layers, we design a CFA module to align cross-scale represen-
tations, as shown in Fig. 3. The module aggregates features
from multiple layers using cross-attention and residual con-
nections. Specifically, the 3rd, 7th, and 12th Transformer
layers are selected to represent local-, contextual-, and global-
scale features, respectively. Before alignment, a BiLSTM is

1https://huggingface.co/bert-base-uncased
2https://huggingface.co/facebook/wav2vec2-base
3https://huggingface.co/google/vit-base-patch16-224
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Figure 2: Overview of our SCMF-Net framework. Three modalities are processed in parallel, followed by cross-scale feature
alignment and semantic-aware attention for multimodal interaction, before final prediction via an MLP classifier.
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Figure 3: Structure of the CFA module. cross-scale features
extracted from the 3rd, 7th, and 12th Transformer layers are
fused via cross-attention and residual connections.

employed to capture contextual dependencies and reduce fea-
ture redundancy. The refined representation of modality 𝑚 at
layer 𝑗 is denoted as F𝑚

𝑗
:

F𝑚
𝑗 = BiLSTM

(
H𝑚

𝑗

)
, 𝑗 ∈ {3, 7, 12}, (3)

where H𝑚
𝑗
∈ R𝐵×𝐿𝑚×768, 𝐵 is the batch size, 𝐿𝑚 is the se-

quence length of modality 𝑚, 768 denotes the feature dimen-
sion of the encoder output, and F𝑚

𝑗
∈ R𝐵×𝐿𝑚×128, where 128

denotes the concatenated hidden dimension of the BiLSTM.

First-Phase Alignment The local-scale features F𝑚
3 cap-

ture fine-grained structural details, while the contextual-scale
features F𝑚

7 encode richer contextual semantics. To inject
fine-grained local-scale structural cues into contextual-scale
representations, we use cross-attention mechanism in which
F𝑚

7 queries F𝑚
3 , allowing contextual-scale features to selec-

tively aggregate informative local-scale details. The resulting
representation is denoted as F̃𝑚

7 :

CrossAttn(𝑄, 𝐾,𝑉) = softmax
(
𝑄𝐾⊤
√
𝑑𝑘

)
𝑉, (4)

F̃𝑚
7 = CrossAttn

(
F𝑚

7 ,F
𝑚
3 ,F

𝑚
3
)
, (5)

where F̃𝑚
7 ∈ R𝐵×𝐿𝑚×128.

To integrate the injected local-scale structural cues with the
original contextual-scale representation, the enhanced feature,
denoted as F𝑚,enh

7 , is obtained via a residual fusion strategy,
F𝑚,enh

7 = F𝑚
7 + F̃𝑚

7 , with F𝑚,enh
7 ∈ R𝐵×𝐿𝑚×128.

Second-Phase Alignment While the global-scale feature
F𝑚

12 captures high-level semantic information, it may lack ex-
plicit access to contextual-scale cues. To refine global-scale
semantic representations with enriched contextual informa-
tion, we adopt F𝑚

12 as the query to attend to the enhanced
contextual-scale representation F𝑚,enh

7 . The resulting cross-
scale enhanced global representation is denoted as F̃𝑚

12:

F̃𝑚
12 = CrossAttn

(
F𝑚

12,F
𝑚,enh
7 ,F𝑚,enh

7

)
, (6)

where F̃𝑚
12 ∈ R𝐵×𝐿𝑚×128.

The final output representation, denoted as F𝑚
out, is obtained

following the same residual fusion strategy, F𝑚
out = F𝑚

12 + F̃𝑚
12,

with shape F𝑚
out ∈ R𝐵×𝐿𝑚×128.

1905



SAA mdoule: Semantic-Aware Attention
Given the structured architecture and strong semantic expres-
siveness of textual representations, we introduce a SAA mod-
ule. In this module, text features act as queries to provide
guidance for cross-modal fusion, while audio and image fea-
tures serve as keys and values. The resulting semantic-aware
representation from text to modality 𝑢 ∈ {𝑎, 𝑖} is denoted as
A𝑡→𝑢 and computed as:

A𝑡→𝑢 = CrossAttn
(
F𝑡

out,F𝑢
out,F𝑢

out
)
, (7)

where A𝑡→𝑢 ∈ R𝐵×𝐿𝑢×128, and 𝐿𝑢 is the sequence length of
modality 𝑢.

Then, the modality-specific feature sequence, denoted as
F′
𝑢, is obtained by residual fusion followed by Layer Nor-

malization, F′
𝑢 = LayerNorm(F𝑡

out + A𝑡→𝑢), with shape
F′
𝑢 ∈ R𝐵×𝐿𝑢×128. A global modality-specific representation,

denoted as f′𝑢, is computed by temporal average pooling over
the enhanced sequence, f′𝑢 = 1

𝐿𝑢

∑𝐿𝑢

𝑖=1 F′
𝑢,𝑖

, with f′𝑢 ∈ R𝐵×128

; the unified multimodal representation, denoted as fconcat, is
obtained by concatenating the global audio and image repre-
sentations, fconcat = [f′𝑎, f′𝑖 ], with shape fconcat ∈ R𝐵×256.

Experiment
Experimental Setting
Dataset To ensure reliable and comparable experiments, we
conduct evaluations on two widely recognized benchmarks
for AD detection. Specifically, the ADReSS dataset (Luz
et al., 2020) comprises 78 non-AD and 78 AD participants
with speech recordings and transcripts from the Cookie Theft
picture description task, and the ADReSSo dataset (Luz et al.,
2021) includes 119 non-AD and 118 AD participants collected
using the same task. Since transcripts are not provided in
ADReSSo, text data are generated using the Whisper-base
model4.

Data Preprocessing To handle variable-length transcripts,
all text sequences are truncated or padded to 512 tokens, with
padding tokens masked during training. In addition, seman-
tically equivalent words are mapped to canonical labels to
reduce lexical variability and obtain more consistent textual
representations. Subsequently, textual transcripts are encoded
into image representations by mapping word occurrence fre-
quencies to the color intensities of predefined image regions.
The resulting images are resized to 224 × 224 pixels and di-
vided into non-overlapping 16 × 16 patches for subsequent
feature extraction. Similarly, to handle variable-length audio
recordings, all audio samples are truncated or zero-padded to
60 s, with padding regions masked during training.

Implementation and Metrics We employ 5-fold cross-
validation for hyperparameter tuning. The optimal config-
uration is used to retrain models on the entire training set with
five random seeds, and results on the test set are averaged

4https://huggingface.co/openai/whisper-base

across these runs. Given balanced datasets, accuracy is used
as the primary evaluation metric, while precision, recall, and
F1-score are reported as complementary metrics. Key hyper-
parameters include: learning rate = 1e-5, batch size = 4, epoch
= 15, and dropout rate = 0.3. All experiments were conducted
on an Ubuntu server with an NVIDIA RTX 5090 GPU using
Python 3.13.5 and PyTorch 2.9.1.

Comparison study
To evaluate the effectiveness of the proposed method, we
compare it with representative approaches from the recent
literature. Tables 1 reports the results on the ADReSS and
ADReSSo datasets. All comparison results of existing meth-
ods are directly taken from their original publications. The
results on both datasets indicate that the proposed model
provides competitive performance across evaluation metrics.
On the ADReSS dataset, the proposed model achieves the
best overall performance, surpassing the next-best method by
2.09% in accuracy, 3.93% in precision, and 1.85% in F1 score,
which demonstrates strong discriminative capability. On the
ADReSSo dataset, the proposed model further improves per-
formance, achieving an accuracy gain of 1.96% over the next-
best baseline, while also delivering the highest recall and F1
score among all compared methods. Although Pu et al. report
a higher precision, our approach maintains relatively balanced
performance.

Ablation Study
We conduct ablation experiments on the ADReSS dataset, and
the results are presented in the following subsections.

Modality Ablation To assess the contribution of each
modality, we conduct ablation experiments with individual
and combined inputs. As shown in Table 2, the text modal-
ity (T) outperforms audio (A) and image (I) modalities when
used independently, indicating that linguistic representations
provide more discriminative cues for the task and exhibit rela-
tively reliable standalone performance in the absence of other
modalities. Multimodal fusion consistently improves perfor-
mance over single-modality models, with the trimodal setting
(T+A+I) achieving the best results. These findings suggest
that audio and text offer complementary prosodic–semantic
cues, while image features provide additional structural infor-
mation that further enriches semantic representation.

Module Ablation To assess the contribution of each mod-
ule, we perform ablation experiments. As shown in Table 3,
replacing the SAA module with a generic cross-modal atten-
tion mechanism results in the largest performance drop, with
accuracy decreasing by 5.84%, highlighting the importance
of semantic-aware fusion. Excluding the CFA module, where
cross-scale features are simply aggregated, results in a 5.39%
accuracy decline. In contrast, removing cross-scale features
entirely yields an accuracy improvement of 2.05% compared
to the variant without CFA, suggesting that cross-scale repre-
sentations may introduce redundancy when not coupled with
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Table 1: Comparison study: Our method achieves the best overall performance on both the ADReSS and ADReSSo datasets
compared with representative prior approaches, demonstrating its superior model performance. (LDA = Linear Discriminant
Analysis, SVM = Support Vector Machine, RF = Random Forest, LogR = Logistic Regression). "Multi." indicates whether the
model uses multimodal input. Dashes indicate that the corresponding evaluation metric was not reported.

Dataset Multi. Model Accuracy Precision Recall F1

ADReSS

No LDA (Luz et al., 2020) 75.00 76.50 74.50 74.50
No BERT (Guo et al., 2021) 82.10 – – –
No BERT+RF (Haulcy & Glass, 2021) 85.40 – – –
Yes LogR (Martinc & Pollak, 2020) 77.08 – – –
Yes Transformer+VGG (Koo et al., 2020) 81.25 82.67 81.25 81.05
Yes Transformer+BERT (Pan et al., 2024) 85.42 86.20 85.42 85.47
Yes BiLSTM+DistilBERT. (Zhang et al., 2024) 89.58 88.00 91.67 89.80
Yes BERT+Whisper (Abid et al., 2025) 86.32 86.14 85.28 86.69
Yes BERT+Wav2vec 2.0+ViT (Ours) 91.67 91.93 91.67 91.65

ADReSSo

No SVM (Luz et al., 2021) 78.87 78.90 78.90 78.87
No BERT(Z. S. Syed et al., 2021) 84.51 – – –
No BERT(Pan et al., 2021) 84.51 84.73 84.57 84.50
No BERT(Pu & Zhang, 2025) 83.10 92.60 71.40 80.60
Yes BERT+Wav2vec 2.0 (Ying et al., 2023) 83.70 83.80 83.80 83.80
Yes Wav2vec 2.0+Word2Vec (Yang et al., 2024) 85.50 85.90 85.40 85.00
Yes BERT+Wav2vec 2.0 (Bang et al., 2024) 87.32 88.06 87.32 87.25
Yes BERT+Whisper (Abid et al., 2025) 88.18 89.27 88.54 87.86
Yes BERT+Wav2vec 2.0+ViT (Ours) 90.14 89.31 89.29 89.36

Table 2: Modality ablation study: The combination of text,
audio, and image achieves the best overall performance, val-
idating the complementary contributions of multiple modali-
ties. (T = Text, A = Audio, I = Image).

T A I Accuracy Precision Recall F1
✓ 80.16 81.23 82.65 81.58

✓ 72.51 72.25 72.58 77.74
✓ 75.63 77.33 78.37 80.14

✓ ✓ 87.34 87.17 87.34 87.42
✓ ✓ 85.42 85.98 85.42 85.36

✓ ✓ 81.25 81.30 81.25 81.24
✓ ✓ ✓ 91.67 91.93 91.67 91.65

effective alignment mechanisms. Overall, these results show
that cross-scale representations are effective only with proper
alignment, while semantic-aware fusion is crucial for multi-
modal integration.

Table 3: Module ablation study: Removing individual mod-
ules leads to performance degradation, demonstrating the ef-
fectiveness of each component. (w/o = without).

Module Accuracy Precision Recall F1
w/o SAA 85.83 86.26 85.66 85.79
w/o CFA 86.28 87.00 86.27 86.45
w/o cross-scale 88.33 88.68 88.42 88.19
full model 91.67 91.93 91.67 91.65

Number of Scales Selection To study the effect of scale
diversity, we vary the number of fused scales, where each
scale corresponds to features from different encoder layers
with increasing contextual scope. As shown in Fig. 5, inte-
grating three scales achieves the best performance. Compared
with this optimal configuration, using only one or two scales
results in accuracy drops of 3.34% and 2.77%, respectively,
indicating that insufficient scale coverage limits the model’s
ability to capture complementary information. In contrast,
increasing the number of fused scales to four or five leads
to performance decreases of 2.09% and 6.25%, respectively,
suggesting that excessive scale aggregation introduces redun-
dant or misaligned cues.

Scale Combination Selection To evaluate the effect of com-
bining representations at different scales, we examine dif-
ferent scale combination strategies. As shown in Table 4,
performance improves from local- to contextual- and global-
scale representations, indicating that coarser scales capture
more discriminative information. While most cross-scale
alignment strategies further improve performance, directly
combining local- and global-scale representations results in a
2.38% accuracy drop compared to using global-scale features
alone, suggesting that excessive scale discrepancies hinder
effective integration. In contrast, jointly integrating local-,
contextual-, and global-scale representations achieves the best
performance, outperforming the second-best configuration by
1.39% in accuracy. These results suggest that the effective-
ness of cross-scale integration is influenced by the choice of
scale combinations.
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Figure 4: t-SNE visualization of learned feature representations. Top: traditional approach using last-layer single-modality
features and cross-modal attention fusion. Bottom: proposed approach with cross-scale alignment and semantic-aware attention.
Blue and red dots denote CN and AD samples, respectively.
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Figure 5: Scale number study: The three-scale configuration
yields the best performance among different scale settings.

Table 4: Scale combination study: Combining local, con-
textual, and global scales yields the best overall performance.
(L = Local-scale, C = Contextual-scale, G = Global-scale).

Level Set Levels Accuracy Precision Recall F1
L 2, 3, 4 67.42 68.45 67.28 67.71
C 6, 7, 8 83.33 84.29 83.33 83.22
G 10, 11, 12 88.58 88.65 88.41 88.36
L + C 3, 4, 8 85.42 85.98 85.42 85.36
L + G 3, 4, 12 86.20 86.76 86.50 85.48
C + G 6, 7, 12 90.28 90.21 89.58 90.54
L + C + G 3, 7, 12 91.67 91.93 91.67 91.65

Visualization Analysis
To visually analyze the effectiveness of the proposed compo-
nents, we present t-SNE visualizations of multimodal repre-
sentations learned under different feature modeling strategies,
as shown in Fig. 4. Using only last-layer features yields
dispersed and unstructured representations, indicating that
single-modality characteristics are not sufficiently captured.
Incorporating cross-scale feature alignment yields more com-
pact intra-class distributions across modalities, highlighting
the benefit of multi-scale integration. While conventional
cross-modal attention improves discriminability to some ex-
tent, the resulting representations remain loosely structured
and exhibit limited class separation. In contrast, our semantic-
aware attention produces the most compact clusters with
clearer class boundaries. These observations confirm that
both proposed components improve the structure and discrim-
inative power of multimodal representations.

Conclusion
This paper presents SCMF-Net, a multimodal framework for
automatic AD detection that addresses key limitations in ex-
isting approaches through cross-scale feature alignment and
semantic-aware fusion. Experimental results on ADReSS and
ADReSSo datasets demonstrate its effectiveness, achieving
accuracies of 91.67% and 90.14%, respectively, outperform-
ing the best baseline methods on each dataset by 2.09% and
1.96% in accuracy. Despite these results, the framework’s de-
pendence on high-quality multimodal data and limited testing
on diverse populations require further study. Future work will
incorporate clinical metadata to improve interpretability and
validate the approach on larger, cross-institutional datasets.
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