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Abstract

Spatiotemporal analysis of facial behavior is a crucial method
for evaluating the mental state of depression patients. How-
ever, in practice, depressed patients often display facial be-
haviors similar to healthy individuals due to masking tenden-
cies. Additionally, facial expressions among depressed pa-
tients are also different, increasing the difficulty of assess-
ment. To address this, we propose a video-based automatic
depression assessment model Dep-MAP for complex facial
behaviors of depression patients. Dep-MAP adopts a dual-
branch architecture to extract visual features of facial behav-
ior and capture corresponding emotional semantic features.
Specifically, the extracted deep semantic features are clus-
tered, resulting in semantically distinct prototype sets, where
each severity group learns a set of discriminative facial behav-
ior prototype representations, to suppress inter-class semantic
confusion. Subsequently, we propose a semantic prototype-
supervised contrastive learning method, which aligns latent
semantics between shallow and deep features, realizing emo-
tional semantic guidance and self-knowledge distillation for
the visual feature branch, effectively suppressing intra-class
difference. Then, we integrate key depression cues across
multiple spatiotemporal scales via a multi-scale weighted
fusion strategy, achieving automatic depression assessment.
Experimental results demonstrate that Dep-MAP effectively
identifies potential key frames in temporal sequences, and
aggregates key frame representations with semantic consis-
tency, achieving significantly superior state-of-the-art results
on the AVEC2013 and AVEC2014 public datasets.

Code — https://github.com/QLUTEmoTechCrew/DepMap

Introduction

Nonverbal facial behavior is one of the primary channels of
information transmission in interpersonal communication,
and is also a key indicator for distinguishing differences in
psychological and social adaptability between healthy indi-
viduals and depressed patients(Nowicki Jr and Duke 1994).
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Figure 1: Challenges in existing video ADA methods.

Clinical studies have demonstrated that facial behaviors in
depressed patients exhibit marked differences compared to
those of healthy individuals (Di et al. 2021), typically char-
acterized by reduced smiling, downward-curved mouth cor-
ners, furrowed brows, and a generally flat or blank facial
expression. In recent years, automatic depression assess-
ment (ADA) based on facial video has gained widespread
attention(Wen et al. 2015). Early ADA research based on
facial videos primarily relied on handcrafted facial fea-
tures (Wen et al. 2015; Pampouchidou et al. 2016). No-
tably, the AVEC challenge series (Valstar et al. 2013, 2014)
also adopted such handcrafted features as standard inputs
to facilitate benchmarking of automatic depression recogni-
tion systems. However, such handcrafted features typically
suffer from poor generalizability and limited sensitivity to
depression-related cues, which promoted the development
of deep learning-based ADA research. Conventional deep
learning methods (Niu et al. 2022b; Shang et al. 2021) typi-
cally extract depression-related static features independently
from each frame, and then aggregate information across all
frames through feature-level or decision-level fusion, to per-
form video-level depression assessment. However, a major
limitation of these methods is that they treat all video seg-



ments equally, failing to account for the fact that crucial fa-
cial behavior cues are often sparse and unevenly distributed
across the temporal dimension (Shangguan et al. 2022).

Several methods (Shangguan et al. 2022; Ye et al.
2024) have adopted sparse key signal measurement ap-
proaches to extract depression-related expression patterns
from frame-level facial features. Although these methods
enhance the ability to perceive key frames, they often over-
look depression-related emotional semantic information. To
address this, recent studies have increasingly incorporated
emotional semantic information associated with facial ac-
tion units, guiding models to explicitly capture the semantic
differences in facial actions between healthy individuals and
depressed patients (Niu et al. 2024; Fu et al. 2025).

However, depression-related facial behaviors display no-
table complexity at the semantic level, on one hand, de-
pressed individuals and healthy subjects may exhibit sim-
ilar facial behaviors under different semantic contexts; on
the other hand, depressed patients may present distinct fa-
cial expressions even within the same semantic context. In
real-world settings, the subjectivity of clinical diagnosis and
patient deception (Hook and Andrews 2005) further exacer-
bate intra-class differences and inter-class similarity issues
at the semantic level, resulting in failure of semantic guid-
ance or feature ambiguity. Additionally, these methods do
not effectively integrate correlations between multi-level se-
mantic and visual information, potentially causing shifts in
distance metrics during discrimination and weakening the
sensitivity of model to depression-related features. There-
fore, as illustrated in Figure 1, existing methods still con-
front significant challenges in modeling depression-related
facial behavior cues in real-world face videos.

To this end, we propose a novel semantic-guided proto-
type clustering method designed for sparse key signal mea-
surement. This method partitions deep semantic features
into clusters that are semantically distinct, and dynamically
updates prototypes for different depression levels using the
empirical means of each cluster. In this way, the prototypes
can capture discriminative facial behavior features that dis-
tinguish them from other semantic categories, thereby form-
ing semantically diverse prototype representations; mean-
while, each potential key action unit-related feature in facial
images has the chance to be assigned to the most responsive
semantic prototype, ensuring that each class-specific proto-
type representation covers a comprehensive set of relevant
features, effectively suppressing inter-class semantic confu-
sion. Based on this, we further propose Dep-MAP, which
employs a semantic prototype-supervised contrastive learn-
ing method, to align the latent semantics between shallow
and deep features, enabling emotional semantic guidance
and self-distillation within the visual feature branch, thereby
effectively suppressing intra-class difference. Finally, Dep-
MAP integrates discriminative cues across multiple spa-
tiotemporal scales via a wavelet-based multi-scale fusion
strategy and spatiotemporal context-weighted module, for
automatic depression assessment. The main contributions
and innovations of this paper are as follows:

* We propose a semantic-guided prototype clustering
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method that maps facial behavior features to a set of
semantically diverse prototypes, to model discriminative
facial expressions corresponding to different depression
levels, enhancing the discriminability and semantic con-
sistency of the prototypes, without the need for explicit
category labels or handcrafted semantic groupings.

* We propose a cross-layer contrastive learning strategy su-
pervised by semantic prototypes, which aligns the latent
semantics between shallow visual features and deep se-
mantic representations, guiding the visual branch to learn
depression-related emotional semantics, and facilitating
semantic-level self-distillation.

* We reveal a key limitation of existing ADA methods:
the facial behaviors of depressed patients exhibit both
inter-class differences and intra-class similarities with
those of healthy individuals. To address this, we propose
Dep-MAP, the first ADA network that integrates multi-
level semantic alignment and implicit key frame percep-
tion. The network suppresses inter-class differences and
intra-class similarities in the semantic space and achieves
state-of-the-art performance on benchmark datasets.

Related Work

Facial behavior based ADA: Human facial behavior serves
as an effective biomarker for depression (Kupfer, Frank, and
Phillips 2012; Ye et al. 2023). Several studies (Niu et al.
2022b; Shang et al. 2021) have explored dynamic facial
behavior features of individuals with different depression
severity levels using deep learning models. These methods
often extract static features from individual frames or fa-
cial regions, and aggregate all frame-level features or pre-
dictions, to perform automatic depression assessment. How-
ever, such approaches often overlook the emotional uncer-
tainty inherent in facial behaviors. Zhou et al. (Zhou et al.
2020) proposed modeling the ordinal relationship between
depression scores and visual features through label distri-
bution learning and metric learning. Another approach in-
volves regularization-based methods, where He et al. (He
et al. 2022) proposed a squared ranking regularization mod-
ule to handle noisy labels in automatic depression estima-
tion. To identify sparse yet crucial depression-related cues
from temporal context, Shangguan et al. (Shangguan et al.
2022) proposed a weakly supervised learning approach, em-
ploying multiple instance learning with max pooling to cap-
ture the most representative depressive cues. Ye et al. (Ye
et al. 2024) proposed a sparse attention encoder, which adap-
tively extracts key depressive cues from sequential context,
for automatic depression recognition.

Expression semantic learning: Expression semantics
consist of diverse muscle deformations and texture features,
which contribute significantly to facial behavior analysis.
Yang et al. (Yang et al. 2021) noted that each action unit en-
codes specific semantics associated with facial expressions,
encompassing the variation patterns of expression features
(Vemulapalli and Agarwala 2019), and their intrinsic rela-
tionships are crucial for guiding feature representation learn-
ing (Li et al. 2019). In the ADA field, semantic informa-
tion is commonly extracted and modeled via emotion map-



ping (Parikh, Sadeghi, and Eskofier 2024), visual seman-
tic tokens (Ray et al. 2019), and attention-driven methods
(Fu et al. 2025), to enhance feature representation ability.
Thus, latent semantics derived from facial action percep-
tion can accurately capture expression similarities and dif-
ferences (Ruan et al. 2021), thereby enhancing model sensi-
tivity to micro-expression variations and atypical representa-
tions, significantly boosting robustness in depression assess-
ment. However, these latent semantic features remain chal-
lenged by several issues, mainly stemming from the com-
plexity and ambiguity of semantic representations. To ad-
dress this, we explore a semantic-guided prototype cluster-
ing method and a semantic prototype-supervised cross-layer
contrastive learning methods, simultaneously suppressing
inter-class similarity and intra-class difference in the seman-
tic space, enhancing the discriminative ability of depression-
related facial behaviors and the generalization of the model.

Proposed Method

Overview: As shown in Figure 2, Given a facial video se-
quence. Initially, visual encoder extracts spatial-scale facial
feature maps from each frame and constructs the 2D fea-
ture set ' = {f1, fo, -+, fr} representing the entire video.
Subsequently, we construct an emotional semantic mapping
space using these frame-level feature maps of hashing cod-
ing mechanism. Specifically, we employ the CLIP (Radford
et al. 2021) to extract textual semantic embeddings 7" as
query and visual semantic embeddings V' as key in the at-
tention mechanism; while the visual features f; serve as the
value, using channel attention mechanism to facilitate cross-
modal information fusion and semantic information guid-
ance. As a result, we obtain multi-level emotional semantic
features, which explicitly model the emotional semantic dis-
tribution of each frame in video, as follows:
’YZC:( exp(T;, Vi) - fri

i=1 25:1 exp(T3, Vi)
here, v is a learnable parameter that maps the CLIP se-
mantic embeddings to the target depression assessment task,
exp(T;,V;) measures the similarity between textual seman-
tic embeddings and visual semantic embeddings on the ¢-th
channel and C' denotes the total number of channels.

Subsequently, we perform semantic disambiguation pro-
totype clustering module(SDPM), dynamically updating
prototypes for different depression levels based on the em-
pirical means of each cluster, resulting in a semantic proto-
type set PX € RAXEXL which includes A classes corre-
sponding to various depression severity levels, where each
prototype PX represents distinctive facial cues specific to
that class, effectively suppressing inter-class similarity, as
illustrated below:

PK « PK 4+ (1-pB)F. )

Based on the set of semantically distinct prototypes, we
calculate the cosine similarity between each frame seman-
tic feature f; and its assigned prototype to obtain logits
representing frame-level semantic consistency, and implic-
itly identify potential key frames within the temporal se-
quence based on these logits, thereby effectively avoiding
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interference from low-confidence frames in the final predic-
tion. Subsequently, multi-scale representation learning mod-
ule integrates discriminative depression cues from all key
frames across multiple spatiotemporal scales, to achieve de-
pression assessment.

During training, we employ the Mean Squared Error loss
to compare predictions y..q With ground truth y, while us-
ing the contrastive learning loss from KDM to achieve multi-
level latent semantic alignment at the semantic level. This is
formulated as follows:

1 B
= EZ lyi —
i=1

denotes L2 norm; J is the number of multi-scale
features and A controls the strength of the contrastive term.
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Semantic Disambiguation Prototype Cluster

As shown in Figure 2(b), to alleviate the inter-class seman-
tic confusion in facial behaviors within videos, SDPM aims
to extract the most discriminative facial behavior cues from
frame-level features, and construct a set of semantically dis-
tinct prototypes, to characterize typical behavioral expres-
sions corresponding to varying depression severities.

Initially, we apply convolution and average pooling to the
feature map E} of the ¢t-th frame derived from CLIP-guided
deep semantic features, then introduce a hashing encoding
mechanism to localize key response areas, resulting in latent
facial behavior features:

G = FC (HashCoding (Pool (Conv (E})))), (4)

here, G denotes the prototype vectors mapped from AU-
related key cues in each channel of FE;. To improve proto-
type quality, we introduce a sparsity-driven important fea-
ture selection mechanism that extracts discriminative facial-
behavior embeddings from the contextual set G. We measure
sparsity using the Kullback—Leibler divergence between a

(Gt;gz)
S k(GG M

1
uniform distribution p, (G; | G¢) = T Let the sparse cue

key-feature distribution p,(G; | Gt) =

probability distribution computed as:
e

ane Vi

here, the first term is the Log—Sum—Exp operation over all
channels, while the second term is its arithmetic mean. For
each semantic feature GG, in the contextual set G, the range of
the function M (G, G) is defined as: InT < M (G¢,G) <

max; {Gtgj/ﬂ} — = iTzl {Gtg;r/\/a}—i—lnT. There-

fore, the maximum mean measurement M (G, G) can be
defined as follows:
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Next, we perform the prototype update only on the top-
u largest measures M (G, G), where w = ¢ - InT and ¢ is

Gth

M (G4,G) = max{ (6)
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Figure 2: Overview of Dep-MAP: The backbone network extracts frame-level 2D facial feature maps across multi-scale; (1)
Based on the emotion semantic embeddings captured by ESA (a), SDPM (b) clusters their deep semantic features, and uses
sparsity to capture key emotion features to optimize prototype representations. (2) KDM (c) aligns latent semantics between
shallow and deep features. (3) MSR (d) fuses multi-scale spatiotemporal features to achieve video-level depression assessment.

a constant sampling factor, to build the key facial-behavior
feature set 7, € RV*L Features in F, show high within-
class consistency and between-class separation, so they are
suitable for prototype updates. Specifically, for each depres-
sion level, we compute the cosine similarity between J,, and
its prototype set {P¥},c(1 k] to obtain the similarity ma-
trix S, € RV*K where K is the number of prototypes per
class. Then we perform clustering assignment on the similar-
ity matrix to obtain the assignment matrix A € {0, 1}V*K,
which indicates the prototype assigned to each feature vec-
tor. In the following, our goal is to optimize the assignment
matrix A, for class a to maximize the similarity between
each key facial-behavior feature and its assigned prototype.
Formally expressed as:

N
Jmax Tr((Aa)  Sa),

@)
here, T'r(-) represents the trace of a matrix. To prevent de-
generate case where all feature maps are assigned to the
same prototype in A,, and to ensure that each prototype cov-
ers semantically distinct AU response patterns, we impose
unique and balanced assignment constraints on A,, speci-
fied as follows:

1 1
(Ag) 1y = i Aali = 1.

a

®)

These constraints ensure that each key facial behavior fea-
ture is mapped to only one prototype of class a, while the
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number of features assigned to each prototype is approx-
imately equal. This assignment mechanism can be formu-
lated as an optimal transport problem, aiming to establish a
cost-minimizing and balanced mapping between key AU re-
sponse features and prototypes. To solve this problem, we
construct a smoothed objective function to approximate the
solution for 4. The resulting smoothed optimal transport
formulation is as follows:

* T
Al Agleai\{aTr((Aa) S) + kh(As),

)
here, kh(A,) denotes the entropy regularization term that
controls the smoothness of the assignment matrix A. We
set the regularization coefficient « to 0.05. To efficiently
solve this entropy-regularized optimal transport problem, we
adopt the Sinkhorn-Knopp algorithm:

A% = diag(u)exp (SQ> diag(v).
K

After assignment, each prototype P}’ is updated via mo-
mentum using the mean of the embeddings assigned to it:

(1)

here, 5 € (0, 1) is a coefficient that controls the update rate
of the prototypes. This approach ensures that every latent
facial behavior feature J, contributes to its corresponding

(10)

PF e PP (1 p)F"

a’



prototype, ensuring that each class prototype representation
covers a broad range of behavioral concepts. This learning
scheme effectively captures the average embedding repre-
sentations of salient AU-related cues in the training data. In
Section V, we will provide a detailed analysis of key AU-
related facial behaviors by mapping prototypes to the nearest
AU cues in the training set.

Key Facial Behavior Self-Distillation

In the second stage, we propose Key Facial Behavior Self-
Distillation Module. the core idea is prototype-guided cross-
scale alignment, which ensures semantic consistency be-
tween shallow and deep features and assigns the appropriate
class attributes to the shallow representations.

As shown in Figure 2(c), we learn a set of prototypes P~
to represent AU-related facial behavior features under class
a. For the deep semantic feature of a single facial frame, the
activation value of each prototype PP is calculated as:

(12)

g = max

Sim (. P)) € RA*K,
feFk

Since not all prototypes contribute equally to the input im-
age, we generate the logit for class a by weighting and aver-
aging the activation values g, of each prototype, according
to the following formula:

K
logita = Y _wl - gk, (13)
k=1

here, w is a learnable weighting vector that controls how
each prototype activation contributes to its class logit. Based
on logit, at each time frame in the video sequence, we pro-
pose a MAP module to select high-confidence decision fea-
tures from the multi-scale fusion results and aggregate them
over time. Specifically, we select the time frames with the
largest logit proportion from prototype activation to improve
the stability of the final decision.

To reinforce local consistency across multi-scale features,
we further introduce an intra- and inter-class prototype dis-
tance optimization, L’fé t defined as follows:

exp(fj - P¥)

—log

(14)
here, >,/ K\k denotes all other prototypes in class a ex-
cept the currently assigned prototype. This loss function
“pulls” each feature map closer to its assigned prototype in
the latent space, while “pushing” it away from other pro-
totypes of the same class, and further increases the mar-
gin between it and prototypes from different classes. These
distance measures complement each other, capturing the
instance-specific features, while maintaining intra-class di-
versity, enhancing the discriminative ability of facial behav-
ior representations. This contrastive loss is applied across
multiscale features in Dep-MAP, with weighted summation
of losses from each layer, to achieve cross-layer semantic
alignment through joint optimization. Shallow visual fea-
tures gradually approach deep semantic features under the

Zk/ek\k exp(fj.e - PE') + Da'eA\a exp(fie- Pf)
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supervision of semantic prototypes, realizing semantic-level
key information self-distillation, enhancing the sensitivity of
Dep-MAP to depression-related representations.

Multi-Scale Representation Learning

Although deep features generally capture semantic infor-
mation more relevant for automatic depression assessment,
shallow features tend to be more generalizable across dif-
ferent tasks, thus features from various layers complement
each other spatially and semantically. To this end, we pro-
pose a wavelet transform-based attention weighting mod-
ule. Specifically, we apply pointwise convolution to unify
channel dimensions, and use grouped convolution to cap-
ture prototype-level coupling relationships between chan-
nels. Then, introducing a channel attention mechanism to
adaptively assess depression cues within features at vari-
ous scales. Meanwhile, we apply discrete wavelet transform
to the low-level feature map, decomposing it into four fre-
quency sub-bands LL, LH, HL, HH, where LL denotes the
low-frequency component. Next, we fuse the small-scale
feature map with LL to obtain a structure-enhanced multi-
scale representation, and using inverse discrete wavelet
transform to merge it with the high-frequency components
LH, HL, HH for generating a unified multi-scale feature.

Experiment
Experiment Setting

We evaluate our method on two visual depression as-
sessment benchmarks: AVEC2013(Valstar et al. 2013)
and AVEC2014(Valstar et al. 2014). In both datasets,
depression levels are labeled by the Beck Depression
Inventory(Jackson-Koku 2016) with scores from O to 63.
AVEC2013 contains 150 videos. AVEC2014 includes two
recording tasks: Northwind and Freeform, containing 300
videos, with each subset containing 150 clips lasting from 6
seconds to 4 minutes 8 seconds. Both datasets are evenly
split into training, development, and test sets. Following
prior work(Wu et al. 2025), we compare methods using
mean absolute error, root mean square error, Pearson corre-
lation, and concordance correlation between predictions and
ground truth. All Dep-MAP experiments ran on a worksta-
tion with an NVIDIA RTX 4090 GPU. We set 4 classes with
8 prototypes each, use a sampling factor of 5, a contrastive
weight of 0.1, and Haar wavelet—based fusion.

Comparison with SOTA

Table 1 shows that our method significantly outperforms
all existing competitors and achieves new state-of-the-art
performance on both datasets. Compared to the previous
SOTA methods(Wu et al. 2025), our method achieves rel-
ative RMSE improvements of 2.34% on AVEC2013 and
9.55% on AVEC2014. Compared with the recently proposed
prototype-based ADA method(Li et al. 2025), our method
achieves over 8.86% and 7.47% relative improvements in
RMSE on the two datasets, highlighting the advantages of
the proposed semantic disambiguation prototype clustering
module and key facial behavior self-distillation module in



Methods AVEC2013 AVEC2014
RMSE | MAE | RMSE | MAE |

(Li, Qu, and Zhou 2025) 8.64 6.82 8.11 6.29
(Liu et al. 2023) 7.59 6.08 7.98 6.04
(Xu et al. 2024) 7.57 5.95 7.65 6.24
(Niu et al. 2022a) 7.49 6.12 7.56 6.01
(Uddin, Joolee, and Sohn 2022)  7.32 5.90 6.98 5.75
(Pan et al. 2023) 7.26 5.97 7.30 5.99
(Li et al. 2025) 7.78 5.82 7.69 5.77
(Fu et al. 2025) - - 6.80 5.26
(Wu et al. 2025) 7.26 5.38 6.28 4.99
Ours 7.09 5.19 5.68 4.43

Table 1: Comparison of RMSE and MAE on AVEC2013 and
AVEC2014 datasets. | indicates lower is better.

S1 S2 S3 S4 ‘ RMSE| MAE| PCCt CCCt

v 8.11 6.25 0.84 0.60
v 6.55 522 0.92 0.74

v 7.13 5.51 0.90 0.68

v 6.10 4.71 0.91 0.81

v v 6.16 4.39 0.85 0.84

v v oV 6.75 5.44 0.90 0.73

v v v v 5.68 4.43 0.92 0.83

Table 2: Results achieved for different spatial scales.

fine-grained emotion modeling and alignment of key fa-
cial behavior signals. On the AVEC2014 dataset, applying
our method to separately model task-specific behaviors (i.e.,
Freeform and Northwind expressions) and incorporating fa-
cial behavior prototypes of potential depressed individuals
further boosts generalization. This suggests that our Dep-
MAP can flexibly adapt to different depression representa-
tions across varying contexts and demonstrates strong task
transfer ability.

Ablation Study

Impact of Different Dep-MAP Components on Perfor-
mance: Table 3 demonstrates that the semantically distinct
prototype representations learned by our Dep-MAP effec-
tively capture depression-related facial cues in videos, even
when such cues are temporally sparse, unevenly distributed,
and affected by significant intra- and inter-class similar-
ity, resulting in notable performance improvements. Addi-
tionally, Figure 3 highlight the advantages of Dep-MAP in
addressing intra-class difference and inter-class similarity.
Specifically, Dep-MAP: (1) avoids the need to compress all
frame- or segment-level facial features into pooled vectors
for prototype updates; (2) can process facial behaviors of
varying severity levels and semantic contexts in batches,
while traditional methods struggle to differentiate such be-
haviors at a fine-grained semantic level. These findings in-
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Figure 4: t-SNE visualizations of learned multi-scale fused
features from (left) AVEC2013 and (right) AVEC2014.

dicate that conducting semantic prototype clustering and
cross-layer contrastive alignment directly on semantically
guided deep feature maps preserves richer spatial structural
information and enables the extraction of more depression-
related spatiotemporal facial cues.

Performance Comparison Under Different Parame-
ter Configurations: Dep-MAP follows the ResNet archi-
tecture settings, specifically including ResNet-18, ResNet-
34, and ResNet-50. As shown in Table 3, Dep-MAP-18 us-
ing ResNet-18 as the backbone achieves the best or second-
best results on most tasks and metrics, demonstrating good
computational efficiency, stability, and generalization abil-
ity. Dep-MAP-50 with ResNet-50 as the backbone performs
better in the Freeform task, suggesting that model selection
should be adjusted based on specific application scenarios.

Contribution of Different Spatial Scales: Table 2 com-
pares the results obtained by applying Dep-MAP to process
matrix maps at different spatial scales to encode depression-
related facial behaviors. It is evident that considering more
spatial scales of facial behavior is beneficial, as performance
improves when more spatial scales are taken into account.
Furthermore, we found that facial behaviors at each spatial
scale can reflect depressive states to some extent (as evi-
denced by their high CCC performance), and they are com-
plementary, as their combination outperforms the variants
using only a single spatial scale. In addition, the configura-
tion that fuses only the deepest two layers of visual features
achieves the second-best performance, suggesting that the
choice of fusion scales should be adjusted according to spe-
cific application scenarios.



Branch Module Northwind Freeform

Backbone

Visual Emotional MSR ESA SDPM KDM MAP RMSE | MAE | PCC1 CCC1 RMSE | MAE | PCC1 CCC1t
ResNet-18 v - - - - - - 10.32 777  0.60 0.50 9.96 744  0.63 0.52
ResNet-18 v - v - - - - 8.01 591 090 0.70 8.44 598 0.85 0.62
ResNet-18 v v v v - - - 7.79 582 0.89 0.72 8.47 6.06 0.83 0.61
ResNet-18 v v v v v - v 7.54 6.07 0.76 0.75 8.05 545 0.89 0.65
ResNet-18 v v v v v v - 6.62 580 092 0.79 7.09 535 087 0.77
ResNet-18 v v v v v v v 6.25 525 095 0.79 7.42 5,60 091 0.69
ResNet-34 v v v v v v v 6.84 5.66 095 0.70 8.73 6.71 090 047
ResNet-50 v v v v v v v 8.15 6.55 091 0.55 7.08 552 091 0.69

Table 3: Ablation study results on Freeform and Northwind subsets.

Latent Facial Feature Visualization
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Figure 5: Latent feature visualization results.

Interpretability Analysis

We visualize the multi-scale spatiotemporal features af-
ter wavelet fusion using t-SNE, as shown in Figure 4.
The main findings are as follows: (1) Compared to the
AVEC2013 dataset, the multi-scale spatiotemporal features
of AVEC2014 show more distinct separability in t-SNE
space. This is because its specific emotion induction tasks
can capture richer depression-related behavior patterns. (2)
The feature distribution of potentially depressed patients is
relatively sparse, whereas the features of healthy and de-
pressed patients are more densely clustered. This suggests
that the proposed SDPM and KDM modules effectively
strengthen the capture and aggregation of highly discrim-
inative behavioral patterns between depressive and normal
states, enabling the identification of more critical facial ex-
pression features and thereby mitigating intra-class differ-
ence and inter-class similarity in depression assessment.
We further performed a visual analysis of the deep fea-
tures guided by semantic prototypes, and the results are
shown in Figure 5 and 6. Compared to normal facial be-
haviors, depression-related facial cues exhibit significantly
higher activation in key AU regions and more spatially con-
centrated distributions. This indicates that the discrimina-
tive semantic prototypes learned through the SDPM and
KDM effectively guide deep features to focus on depression-
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Figure 6: Trends in Action units.

related facial regions, significantly enhancing the ability of
Dep-MAP to capture subtle depression-related cues. Dep-
MAP also shows sensitivity to transient depression-related
micro-expressions in healthy individuals (e.g., occasional
frowning, periocular muscle tension), which reflect the high
correlation between such negative emotional expressions
and depressive symptoms. Meanwhile, in depressed group,
Dep-MAP still responds to relatively normal facial behavior
segments. This suggests that the multi-frame logits aggrega-
tion based on prototype similarity can effectively suppress
the interference from local atypical behavioral segments, dy-
namically identify key depressive behavior patterns that are
highly consistent and discriminative in the semantic proto-
type space, thereby significantly improving the robustness
of video-level depression assessment.

Conclusion

This study introduces a video-based automatic depression
assessment method tailored to the complex facial behav-
iors of depressed patients. The proposed Dep-MAP outper-
forms traditional approaches by suppressing inter-class sim-
ilarity and intra-class variation in the semantic space. This
effectively narrows the gap between visual features and the
emotional semantics of facial expressions, establishing Dep-
MAP as a state-of-the-art solution for video-based depres-
sion assessment. However, this performance gain comes at
the cost of losing some local information. Future work will
explore advanced interpretability techniques to uncover the
underlying contextual cues.
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