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Abstract—Accurate behavioral context recognition is 

essential for advancing social intelligence in smart home 
settings and social companion pairing. With advancements in 
mobile computing technologies, wearable sensors and mobile 
devices have become crucial for multi-modal data collection to 
interpret behavioral context. However, existing methods may 
overlook the multi-label attribute of behavioral context, 
limiting their ability to model modality-to-label and label-to-
label dependencies. Moreover, the unique label heterogeneity 
in behavioral context recognition, arising from category-
specific differences among labels, is often underestimated. To 
overcome these challenges, we propose a heterogeneous multi-
modal multi-label recognition method to capture the 
relationships between modalities and labels, while taking the 
label heterogeneity into account. Using specialized 
heterogeneous decoders with self-adaptive attention, and a 
heterogeneous graph attention network based on the dual-level 
attention mechanism, our method captures complex 
dependencies among labels and modalities. Experiments on two 
benchmark datasets demonstrate the superior performance of 
our approach, with ablation studies validating the contributions 
of each component.  
 
Index Terms—Behavioral context recognition, Multi-modal 
learning, Multi-label learning 

I. INTRODUCTION 
HE behavioral context of a person encompasses their 
environment, activities, and social interactions at any 
given moment, addressing questions such as: “where is 

the person?”, “what is the person doing?”, “who is with the 
person?” [1], [2]. Recognizing behavioral context is a 
fundamental task in ubiquitous and mobile computing systems, 
providing essential data support for numerous downstream 
applications and services. For instance, it supports the 
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customization of smart home environments to align with 
individual behavior patterns [3], [4], facilitates accurate social 
context-aware companion pairing [5], [6], and provides the 
basis data support for analyzing mental health trends among 
members of society [7], [8], [9]. Therefore, accurate behavioral 
context recognition is crucial for enhancing social intelligence 
by advancing real-time human-computer interaction services 
and long-term behavioral modeling. 

The advancement of mobile computing technologies has 
enabled wearable and mobile devices, such as smartwatches 
and smartphones, to incorporate a wide array of embedded 
sensors for capturing diverse modalities, including kinematic 
data, physiological signals, and environmental acoustics. These 
devices facilitate the unobtrusive and energy-efficient 
collection of personalized multi-modal data [10], thereby 
providing a comprehensive depiction of the user's behavioral 
context. Previous studies have introduced various machine 
learning methods in multi-modal behavioral context 
recognition [2], [11], with a particular emphasis on deep 
learning technologies [12], [13]. However, these methods 
normally underestimate the multi-label attribute of behavioral 
contexts, where a single instance can be characterized by 
multiple co-existing labels. For instance, a behavioral context 
such as “a person is strolling outside on the street while talking 
with friends” can be represented by the multi-label tuple: < 
“strolling”, “outside”, “on the street”, “talking”, “with 
friends” >. These labels describe different aspects of the same 
situation and often exhibit co-occurrence relationships. 
Ignoring such relationships prevents the model from exploiting 
the potential interactions, leading to reduced recognition 
performance. 

The multi-label attribute of behavioral context introduces 
the intra labels connections itself and the inter modality-label 
connections with the multi-modal attribute. On the one hand, 
we observe that features from different modalities contribute 
differently to each behavioral context label, which can be 
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defined as modality-to-label dependencies. For example, 
vigorous motion signals may indicate running activity, whereas 
stable audio signals might reflect a quiet environment such as a 
library or classroom. On the other hand, we observe that 
relevant labels tend to co-occur more frequently than 
conflicting labels, a relationship we define as label-to-label 
dependencies. For example, it is highly probable that a person 
would be sitting inside a car rather than standing inside it. Based 
on these observations, we hypothesize that simultaneously 
modeling modality-to-label and label-to-label dependencies 
could facilitate the interactions between modalities and labels, 
thereby improving the model’s recognition ability. 

Furthermore, behavioral context labels exhibit inherent 
heterogeneity, as they can be divided into distinct categories, 
each describing different aspects of behavioral contexts with 
unique semantic structures. This heterogeneity cause labels 
within the same category to share similar learning patterns, 
while labels across categories exhibit distinct patterns in 
modeling modality-to-label and label-to-label dependencies. 
For example, within the "phone position" category, labels like 
“phone in hand” and “phone in pocket” both describe the phone 
being carried on the limb or body, which reflect the user’s 
physical interaction with the phone, thereby linking strongly to 
the motion modality. In contrast, labels in the “places” category, 
such as “in the library” and “in the classroom”, are more related 
to environmental factors and thus strongly tied to the acoustic 
modality. These examples reflect how heterogeneity influences 
the modeling for modality-to-label dependencies. For label-to-
label dependencies, labels within category “complex activities”, 
such as “shopping” and “cooking”, often involve specific 
environment, making them closely relate to labels in the “places” 
category. Conversely, labels in the “phone position” category 
do not heavily depend on specific locations, and thus are not 
strongly associated with the labels in the “places” category. 
Therefore, recognizing label heterogeneity enables the design 
of refined structures for capturing these dependencies, leading 
to enhanced recognition performance. 

To leverage the above data characteristics, we propose a 
heterogeneous multi-modal multi-label behavioral context 
recognition approach that simultaneously models both 
modality-to-label and label-to-label dependencies, while 
accounting for label heterogeneity. This work is inspired by 
recent advances in multi-modal multi-label classification using 
Transformer and Graph Neural Network (GNN) [14], [15]. 
Building on these techniques, we further incorporate the 
heterogeneity among behavioral context labels into the network 
designing. The key contributions of our work are as follows:  
1. To the best of our knowledge, we are the first to 

simultaneously notice both multi-modal and multi-label 
attributes in behavioral context recognition. To model 
modality-to-label dependencies, we introduce specialized 
decoders of self-adaptive attention, controlling each 
modality's contribution to labels. To model label-to-label 
dependencies, we adopt a graph attention-based neural 
network to capture the complex correlations among 
behavioral context labels. 

2. To leverage the label heterogeneity for more effective 
dependency modeling, we adopt distinct learning strategies 
for each label category based on its unique semantic 

structure. By utilizing heterogenous decoder structures and 
a dual-level attention mechanism, we ensure consistent 
learning patterns for labels within the same category while 
enabling differentiation of learning patterns across distinct 
categories.  

3. Comprehensive experiments validate the effectiveness of 
our approach in behavioral context recognition, 
underscoring its potential for future research. We also 
demonstrate the practical benefits of accurate context 
recognition in inferring mental health status, highlighting 
its real-world applicability. Our project is available at: 
https://github.com/Estampie00/HMMBCR 

II. RELATED WORKS 

A. Multi-modal Behavioral Context Recognition 

Recognition of behavioral context using multi-modal 
sensors has been extensively explored [16]. Early research 
leveraged hand-crafted features combined with machine 
learning techniques for multi-modal behavioral context 
classification. Vaziman et al. integrated features separately 
extracted from the motion, audio, and phone state modalities, 
and then employed a Multilayer Perceptron (MLP) for 
classification [2]. Ehatisham-ul-Haq and Azam developed a 
dual-level classification methodology, initially recognizes 
behavioral labels to aid in the recognition of context labels [11].  

The advent of deep learning has revolutionized the field, 
introducing powerful techniques such as Convolutional Neural 
Networks (CNNs). For instance, Saeed et al. proposed a multi-
stream convolutional network to predict behavioral context 
labels in an end-to-end manner [12]. With the increasing 
prevalence of attention mechanisms, Bhattacharya et al. utilized 
a self-attention network to derive a cohesive representation of 
multi-modal behavioral context data [17]. Similarly, Yang et al. 
introduced a multi-scale cross-modal interactive network, 
performing feature-level fusion across various modalities [13]. 
However, these approaches either treat behavioral context 
recognition as a multi-class classification problem, neglecting 
the fact that real-world contexts often require multiple labels to 
describe, or they use separate binary classifiers for each label 
under the multi-label setting, failing to capture the complex 
dependencies between labels. 

B. Multi-label Classification 

Multi-label classification tasks seek to address the issue 
where each instance can simultaneously be associated with 
multiple labels. This approach is particularly useful in various  
fields such as text categorization [18], image recognition [19] , 
and bioinformatics [20], where complex data often exhibit 
multiple relevant labels simultaneously.  

To capture label relationships, earlier researchers have 
attempted to model label dependencies by sequentially 
considering label co-occurrence. For example, Wang et al. 
proposed a CNN-RNN framework, which utilized a recurrent 
neural network (RNN) to model the co-occurrence label 
dependencies [21]. Similarly, Zhang et al. employed a CNN to 
extract semantic features and a long short-term memory (LSTM) 
to sequentially generate predictive labels [22]. Despite the 
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significant progress made by these methods, sequentially 
modelling label correlations may result in error propagation and 
remain inadequate for modeling complex label dependencies. 

In contrast to the aforementioned methods, graph-based 
approaches have been proven effective in modeling label 
dependencies. Chen et al. proposed a method that constructed 
label correlations using a gated graph neural network [23]. Ye 
et al. applied a dynamic graph convolutional network to learn 
label-aware representations [24]. Inspired by the success of 
multi-label graph learning, Mohamed et al. utilized a graph 
convolutional model to capture the intricate relationships 
among behavioral context labels [25]. Additionally, Ge et al. 
proposed a heterogeneous hyper graph network to exploit 
graphical patterns and internal relationships within labels [26]. 
Despite the substantial advancements achieved by these studies, 
they still omit the potential correspondence between modalities 
and labels. 

Recent studies have focused on simultaneously modeling 
modality-to-label and label-to-label dependencies within a 
unified framework. Zhang et al. introduced a transformer-based 
sequence-to-set approach to capture dependencies between 
different emotion labels and modalities [14]. They further 
proposed a novel graph message passing network that considers 
both label-to-label and modality-to-label dependencies in 
emotion recognition [15]. However, unlike emotion labels, 
which generally belong to a shared semantic space, behavioral 
context labels can be categorized by distinct aspects, each with 
its own semantic structure, giving rise to label heterogeneity. 
Neglecting this heterogeneity constrains the capacity of existing 
methods to effectively capture the distinct intra-category and 
inter-category relationships, leading to reduced accuracy of 
model prediction. Therefore, addressing label heterogeneity 
remains a critical challenge in behavioral context recognition. 

III. METHOD

In this section, we introduce our heterogeneous multi-
modal multi-label behavioral context recognition (HMMBCR) 

network and the overall architecture is shown in Fig 1, 
consisting of the Multi-modal Feature Extraction and Fusion 
Module, the Heterogeneous Modality-to-Label Dependence 
Module and the Heterogeneous Label-to-Label Dependence 
Module. 

A. Task Definition

We first define some notations and formalize the multi-
modal multi-label behavioral context recognition task. Let 

{ } 1, N
i i iX Y

=
= denote the training dataset, where N is the 

number of samples in the training set, each sample
( )1 2, , , M

i i iiX = x x x  is a multi-modal observation of M modalities. 

And the ground-truth label set { },1 ,2 ,, , ,i i i i LY y y y=  , where 

{ }, 0,1i ly ∈  indicates the absence (0) and presence (1) of the thl
behavioral context label. The goal of our task is to learn a 
classification model based on training dataset and apply it to 
recognize behavioral context labels from unseen samples. 

B. Multi-modal Feature Extraction and Fusion Module

In the multi-modal Feature Extraction and Fusion (FEFU)
module, features are separately extracted from each modality of 
the raw sensor data mx . For time-series data (e.g., IMU-based 
sensor data), 1D-Convolutional Neural Networks (1D-CNN) 
are employed to capture hierarchical temporal patterns in 
sequential data and enhance resilience to noise. For discrete 
state data (e.g., Phone State data), where temporal dependencies 
are absent, an MLP is utilized to extract nonlinear features, 
considering the global correlations across the sequence. As a 
result, we have m ml dm ×∈f   as depicted in Fig.1 to denote the 
extracted feature sequence from the thm modality, ml  and md are 
used to represent the sequence length and the feature dimension 
respectively. 

Given the varying sampling frequencies and the complex 

Fig.1 The overall architecture of our proposed HMMBCR network, which takes multi-modal raw sensor data as input, including 
motion, audio, and phone state data, and has multi-label classification results as outputs, such as simple activity labels 
("standing"), place labels ("outside"), and phone position labels ("phone in hand"). 
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dependencies inherent in features from different modalities, 
Transformer-based methods are well-suited for capturing inter-
modal interactions through the cross-attention mechanism, 
without requiring strict structural alignment between modalities. 
Therefore, we leverage a cross-modal Transformer framework 
[27] to perform sequence fusion between different modalities
directionally. Specifically, as illustrated in Fig.2, the cross-
modal fusion encoder treats one modality as the main modality,
while the remaining modalities serve as the auxiliary modalities.
During the fusion process, we first augment the input sequences 
with positional embeddings to encode temporal order. Then,
with each layer of the cross-modal fusion encoder, the low-level
features of the auxiliary modalities ( [ ]0auxZ ) are transformed to 
a different set of Key and Value pairs, which are used to 
compute attention weights with Query projected from the 
intermediate-level features of main modality ( [ ]1main n−Z ), and 
the fused modality information is added to get the layer output 

[ ]main nZ . The cross-attention mechanism allows the model to 
directly associate relevant elements across unaligned modality 
sequences. As a result, we have m ml dm ×∈Z   as the encoder 

output of thm modality after the sequence fusion process. 

C. Heterogeneous Modality-to-Label Dependence Module

In this section, we introduce the Heterogeneous Modality- 
to-Label Dependence (HM2L) module in details. To model 
modality-to-label dependencies, we first build M specialized 
decoders to generate label representations for each label from 
M modalities. Subsequently, a self-adaptive attention function 
is employed to dynamically integrate these modalities based on 
their respective contributions to each label. Furthermore, 
considering the heterogeneity among different label categories, 

we adopt a label-categorized strategy to improve contextual 
relevance and reduce unrelated interference from different 
modalities to different label categories.  

Specifically, after deriving cross-modal fusion encoder 
output mZ , we aim to produce hidden representations for 
behavioral context labels. Given the diversity of modality data 
types, such as time-series data and discrete state data, we design 
specialized heterogeneous decoders to generate label 
representations from these distinct data types separately. 

For mZ  belongs to time-series data, we employ the 
Transformer-based encoder-decoder attention mechanism to 
obtain label category embeddings c mr dm

c
×∈H   from mZ , as 

illustrated in Fig.3 (a), where cr  represents the number of 
labels within category c. This design enables the category 
embeddings to dynamically query relevant information from 
the encoder output and generate label-specific hidden 
representations. Unlike grammatical structures in natural 
language sequences, the label embedding sequences in our task 
lack inherent positional dependencies. As a result, we omit 
position embedding and self-attention mechanism in our 
designed encoder-decoder structure, making it more suitable for 
capturing unordered label embeddings. To attain the relevant 
information for each category representations, we denote 

m m
c c QQ W= H , m m

KK W= Z , and m m
VV W= Z  as the attention 

operators respectively, where ,QW ,KW and VW are the trainable 
weights. Then the output of encoder-decoder attention sub-
layer can be formulated as follows: 

( ) ( )ˆ , , Softmax ,
m m
cm m m m m

c c c
m

Q K
ATT Q K V V

d

 
 = =
 
 

T

H  (1) 

where ( )cATT ⋅  represents the encoder-decoder attention 
applied to labels within each label category, utilizing a distinct 
set of projection weights. ˆ m

cH  represents the output of the 

encoder-decoder attention block within thc  label category in 
thm  modality. Specifically, the operation of heterogeneous 

decoder for time-series data can be formulated as follows: 
[ ]

[ ] [ ] [ ]( )
[ ] [ ]( ) [ ]( )

0

1

,
ˆ ,

,m
c

m
c c

n n nm m m
c c c

n n nm m
c c

LN

LN FFN

−

=

= +

= +



 H

H E

H H H

H H

(2) 

where [ ]nm
cH  denotes the output of the current heterogeneous 

decoder, and n represents the thn  decoder layer. cE  represents 

the initial embeddings for the thc  category. LN and FFN 
indicates the layer normalization operation and feed forward 
network separately. 

For mZ  which belongs to discrete state data that lacks 
temporal information, we utilize Efficient Channel Attention 
(ECA) Mechanism [28] to generate category-specific 
representation as shown in Fig.3 (b). Formally, 

Fig.2 The architecture of cross-modal fusion encoder, 
illustrating the directional fusion process from auxiliary 
modality to main modality. 
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(Conv1D ( )),

,

m m
c c

m m m
c c

ω σ

ω

=

= 

Z

H Z
(3) 

where Conv1Dc  denotes the 1D convolution operation for thc
label category, m

cω  represents the category-specific channel 
attention weights from the thm  modality, and σ  denotes the 
activation function, such as Sigmoid. Different from using a 
single set of projections for all label embeddings, the proposed 
heterogeneous decoder assigns distinct projection weights to 
label embeddings of each label category. As a result, labels 
from different categories could maintain their distinctive 
representation spaces across all modalities. 

Since different modalities contribute differently to a 
potential behavior context label, after obtaining label-specific 
generated sequence m

cH , we employ a self-adaptive attention 
function to dynamically fuse these generated sequences from 
all modalities using the computed modality-to-label attention 
matrix. Furthermore, recognizing that labels within the same 
category may tend to integrate representations from modalities 
in a similar manner, we assign a distinct set of learning weights 
to each label category. Formally, 

( )1

1

Softmax , , ,

, , ,

M
c c c c

M
c c c c

score W

score

 = ⋅ 

 = ⋅  





H H

H H H
 (4) 

where md
cW ∈  represents the trainable weights of category c . 

cM r
cscore ×∈  dynamically controls the contribution from 

different modalities for the thc  label category. 

D. Heterogeneous Label-to-Label Dependence Module

In this section, we introduce the Heterogeneous Label-to-
Label Dependence (HL2L) module in details. To model label-
to-label dependencies, we employ a heterogeneous graph 

attention network (HGAT) [41] to capture the interactions 
across all label nodes and propagate information (Fig.4).  

Since different label categories encode distinct semantic 
structures and different category-level relationships, treating 
them uniformly may ignore meaningful relations. To address 
this, we extend the standard layer-wise graph propagation into 
a category-aware framework. Information is propagated within 
each category-specific subgraph, and the added outputs form 
the final representation. S . Formally, the propagation rule at 
the thn  layer is defined as: 

[ ] [ 1]A ,n n
c c c

c C
Wσ −

∈

 = ⋅ ⋅ 
 
∑ S S (5) 

 where A cL r
c

×∈   represents the submatrix of the adjacency 

matrix A , cW  denotes the category-specific transformation 
matrix, and ( )σ ⋅  represents the activation function, such as 

LeakyReLU, and we have [ ]0
c c=S H  initially. 

Due to the differences of specific habits across multiple 
subjects, the dependencies among behavioral context labels are 
diversified, making traditional GNN-based models less suitable 
in this context. Therefore, we compute the adjacency matrix 
based on Graph Attention Network (GAT) [29]. Furthermore, 
considering the heterogeneity among different label categories, 
we expand the single-level attention calculation manner to a 
dual level way, including label-to-category level attention and 
label-to-label level attention. Considering a specific node v, the 
label-to-category level attention learns the attention weights 
from different label nodes to different label categories. 
Specifically, the category embedding ch can be denoted as 

Ac vv vv
h h′ ′′

= ∑  , the summation of the neighboring label node 

features vh ′ , where vv N′∈  are the neighborhood nodes of 
node v. Then, the calculation of label-to-category level attention 
coefficients can be formulated as follows: 
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[ ]( )
( )

( )

,

exp
,

exp

c c v c

c
c

cc C

b h h

b
b

σ µ

β
′′∈

= ⋅ ||

=
∑

T

(6) 

where cµ  is the attention vector for the category c. To make 
attention coefficients cβ  easily comparable across different 
categories c, we use Softmax function to normalize them. Once 

cβ  values are obtained, we utilize label-to-label level attention 
to further determine the significance of different neighboring 
nodes. Formally, the computation process can be expressed as 
follows: 

[ ]( )
( )

( )

,

exp
,

exp
v

vv c v v

vv
vv

vii

a h h

a
a

σ λ β

α

′ ′ ′

′
′

∈

= ⋅ ||

=
∑

T

N

(7) 

where λ  is the attention vector, and the thv  row thv′  column 
element of cA  is vvα ′ . 

E. Behavioral Context Label Prediction

After obtaining S , we utilize a prediction function to
project each of the L label-specific representations via a 
projection matrix parameterized by oL doW ×∈ , where each 

row o
iW  is the learnt output vector for the thi label to predict 

probabilities { },1 ,2 ,
ˆ ˆ ˆ ˆ, , ,i i i i LY y y y=   through a Sigmoid

activation function. 
Our model is trained based on binary cross-entropy loss 

function across all behavioral context labels. Given the fact that 
a certain number of labels are missing due to the uncontrolled 

data acquisition environment [1], and some rare behavioral 
context labels are underrepresented in the dataset due to their 
infrequent occurrence, leading to class imbalance problem, we 
employ an instance-weighted cross-entropy function to address 
these issues. Formally,  

( )model , ce , ,
1 1

1 ˆ , ,
N L

i j i j i j
i j

y y
NL

φ
= =

= ⋅∑∑   (8)

where N is the number of trained samples, model  represents the 
total objective function used to train the model, ce denotes the 

cross-entropy loss function, N Lφ ×∈  is the instance-weighted 

matrix. When the thj  label of the thi  sample is missing, ,i jφ
will be set to zero to ensure the missing label would not 
contribute to model . Otherwise, ,i jφ  will be set according to the 
proportion of positive label and negative label in each label 
class. 

IV. EXPERIMENTS

In this section, we provide a comprehensive overview of 
the experimental settings. To assess the effectiveness of our 
proposed network thoroughly, we conduct experiments on two 
public multi-modal multi-label behavioral context datasets: the 
Extrasensory dataset [10], and the ETRI Lifelog 2020 dataset 
[30]. To demonstrate the superiority of the proposed model, we 
compare our model with eight existing competing methods. 
Furthermore, to validate the effectiveness of each module 
within our proposed network, ablation studies are performed to 
illustrate the contribution of each component. 

A. Datasets

Extrasensory [10]: This dataset comprises over 300,000
one-minute long recorded instances of behavioral context from 
60 users under free-living conditions. The data was acquired by 
various embedded sensors in smartphones and smartwatches, 
including an inertial measurement unit (IMU, consisting of 
accelerometer, gyroscope and magnetometer), a microphone 
sensor. Additionally, phone state data (such as App running 
status, battery state, Wi-Fi availability) were also recorded. The 
IMU records motion modality data at 40Hz. The microphone 
sensor captures audio modality data in the form of Mel 
frequency cepstral coefficients (MFCCs) extracted from raw 
audio signals sampled at 22,050 Hz. The dataset contains 51 
refined behavioral context labels such as “standing”, “cooking” 
and “indoors”, with the possibility of more than one label 
appearing simultaneously within a single instance. To evaluate 
the performance of the network on this dataset, we employ a 
five-fold cross-validation method, where the training and 
testing folds respectively consist of data from 48 users and 12 
users, following the same divisions as in [2].  

ETRI Lifelog 2020 [30]: This dataset contains more than 
280,000 one-minute recorded behavioral context instances 
collected from 22 participants during 616 experimental days 
under free-living conditions. Researchers employed several 
sensors embedded in smartphones and Empatica E4 wristbands 
for data acquisition, such as an IMU, a Photoplethysmography 

Fig.4 The architecture of heterogeneous graph attention, 
where the label-to-category attention value nβ  is computed 
between the target node v and each category n, and then the 
label-to-label attention value viα  is calculated between the 
target node v and its neighbors, guided by the label-to-
category attention nβ . 
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(PPG) sensor and a GPS sensor. The IMU embedded in the 
smartphone records motion modality data at 30 Hz, the PPG 
sensor embedded in the E4 wristband collects blood volume 
pressure signal at 64 Hz, and the GPS sensor of the smartphone 
tracks the longitude and altitude of each participant. These GPS 
readings are converted into discrete features based on the 
recorded maximum variation distance and horizontal accuracy 
within each sample. Since some labels occur extremely 
infrequently in the dataset, we select 29 behavioral context 
labels, such as “household”, “home”, “alone”, “walking”. We 
use a five-fold cross-validation method with a random division. 

To illustrate the label imbalance, the label distribution of 
both benchmark datasets is shown in Fig. 5. 

B. Implementation Details

We implement our approach via Pytorch toolkit (torch-
1.8.1) in Python version 3.8, with three RTX 3090 Ti GPUs. 
For both datasets, we train our proposed network in an end-to-
end manner for 30 epochs by employing the AdamW optimizer 
[31], where the batch size is fixed at 512, with learning rate and 
decay rate set as 0.0001 and 0.02 respectively. Besides, we 
utilize dropout regularization [32] to avoid overfitting. We use 
dropout (1) after convolutional block and non-linear mapping 
function, (2) after getting the attention‑probability matrix inside 
multi‑head attention module, and the dropout probability is set 
to 0.20. By randomly deactivating a certain percentage of 
activations during training, dropout reduces model capacity and 
encourages each neuron to learn independently, thereby lowers 

the risk of overfitting. We also clip the gradients [33] to the 
maximum norm of 2.0. Further details of the network 
hyperparameters are available in TABLE 1. 

C. Evaluation Protocols

Behavioral context datasets are characterized by extreme
label imbalance, where many labels are sparse and infrequently 
recorded [2], thus we recognize that simply using Accuracy as 
an evaluation metric would be misleading, as it fails to account 
for infrequently appeared labels. Additionally, this imbalance 
often leads to class skew that negative instances normally vastly 
outnumber positive instances within each class. Even a small 
proportion of False Positives (FP) in the large pool of negative 
instances can lead to disproportionately low Precision and F1-
score, making Precision and F1-score less applicable. 
Conversely, Recall and Specificity measure the proportion of 
correctly identified instances within either ground-truth 
positive or negative class, making them less sensitive to class 
skew. Finally, we adopt Balanced Accuracy (BA), Recall 
(REC), Specificity (SPE), and Hamming Loss (HL) as 
evaluation metrics to fairly and comprehensively evaluate 
model performance. Formally, 
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TABLE 1. LIST OF MODEL HYPERPARAMETERS ON 
EXTRASENSORY DATASET 

Stage Hyperparameters Values 

FEFU 

encoder layers 2 

attention heads 4 

dimension md 128 

HM2L 

decoder layers 2 

attention heads 2 

dimension md 128 

HL2L 

graph layers 2 

attention heads 1 

dimension md 128 

Training 

epoch 30 

batch size 512 

optimizer AdamW 

learning rate 0.0001 
Fig.5 The label counts and distribution of (a) Extrasensory 
dataset and (b) ETRI Lifelog dataset. We choose the 8 most 
popular labels and the 6 least popular labels; other labels 
are represented as suspension points. 



8 
> REPLACE THIS LINE WITH YOUR MANUSCRIPT ID NUMBER (DOUBLE-CLICK HERE TO EDIT) <

where N denotes the number of instances, L  is the number of 
behavioral context labels, lTP , lFN , lTN  and lFP  represent 
true positives, false positives, true negatives and false negatives 
of the class l , respectively. 1[⋅] is the indicator function returns 
1 when the argument is true otherwise 0, ,i ly  and ,ˆi ly  are the 
ground truth and predicted value of label l for instance i. 

D. Comparison with Existing Methods

To evaluate our approach, we conducted a comparative
analysis with 8 existing methods in this section: 

1) Binary Relevance (BR) [34]: It transforms the multi- 
label recognition task into multiple single-label binary 
classification tasks , which ignores the correlations between 
labels.  

2) Classifier Chain (CC) [35]: It transforms the multi-label
task into a chain of binary classification tasks, and takes high-
order label correlations into consideration.  

3) Multi-stream [12]: It uses a multi-stream CNN to extract
features from multi-modal behavioral context data, and then 
integrates multi-modal features by concatenation, which are 
subsequently used for the classification . 

4) SSGRL [23]: It includes semantic decoupling module
and semantic interaction module, where the semantic 
decoupling module incorporates category semantics to guide 
learning semantic-specific features, and the semantic 
interaction module utilizes Gated-GNN to correlate semantic-
specific representation. 

5) Query2Label [36]: It utilizes label embeddings as
queries to check the existence of each label, by performing 
multi-head cross-attention to pool object features adaptively for 
the subsequent multi-label classification. This method is 
considered as the state-of-art in multi-label image classification. 

6) SPA-LPR [45]: It proposes a strictly proper asymmetric
loss to calibrate multi-label predictions, by promoting confident 
correct outputs and reducing overconfident errors. Additionally, 
it regularizes label pair to capture label dependencies. This 
method is considered as the state-of-the-art approach for multi-

label classification. 
7) MulT [27]: It utilizes a directional pairwise cross-modal

attention mechanism to effectively model the interactions 
across different modalities, without the need for explicit 
alignment, which is therefore capable of capturing complex 
cross-modal relationships.  

8) EMOE [46]: It utilizes a mixture of modality experts to
dynamically weight different modalities for each multi-modal 
sample, enabling adaptive multi-modal fusion. Additionally, it 
employs unimodal distillation to retain the predictive capability 
of each single modality. This method is considered as the state-
of-the-art approach in multi-modal recognition. 

9) HHMPN [15]: It utilizes a hierarchical heterogeneous
message passing network to address multi-modal multi-label 
emotion recognition by simultaneously modeling feature-to-
label, modality-to-label and label-to-label dependencies. This 
method is considered as state-of-art in multi-modal multi-label 
emotion recognition. 

10) AMP [37]: It addresses the problems of modality and
data biases in multi-modal multi-label emotion recognition. 
This method employs adversarial temporal masking to balance 
modality representations by masking dominant emotion-related 
units, and adversarial parameter perturbation to improve 
generalization by adding perturbations to model parameters. 
This method is considered as the state-of-art in this field. 

To validate the statistical significance of our approach over 
other competing methods, we employ one‑sided paired 
Wilcoxon signed‑rank test [47], with “†” denoting comparisons 
in which our approach significantly outperforms the other 
methods at p=0.05. 

E. Ablation Study

To evaluate the effectiveness of the different modules in
our approach, we conduct a comprehensive ablation study from 
5 variant model compositions. 

1) FEFU: This experiment involves using a multi-stream
CNN as the automated feature extraction of behavioral context 
data and a cross-modal interaction module as the fusion of 

TABLE 2. COMPARISON WITH EXISTING METHODS ON TWO BEHAVIORAL CONTEXT DATASETS 

Approaches 
Extrasensory ETRI Lifelog 2020 

BA (%) REC (%) SPE (%) HL BA (%) REC (%) SPE (%) HL 
BR [34] 67.7±0.9† 66.5±2.9 68.9±1.3 0.33±0.01 50.7±0.3† 48.2±1.9 53.2±1.7 0.49±0.02 
CC [35] 68.0±0.9† 66.2±2.7 69.7±1.4 0.32±0.02 50.8±0.4† 48.8±1.9 52.8±1.6 0.51±0.02 

Multi-stream [12] 75.0±1.2† 76.7±1.5 73.3±1.6 0.27±0.01 61.7±0.8† 60.3±1.7 63.0±0.4 0.35±0.01 
MulT [27] 76.2±0.5† 79.2±1.9 73.3±2.1 0.27±0.01 63.4±1.7† 64.2±2.4 62.6±4.2 0.36±0.03 

EMOE [46] 76.4±1.1† 76.2±2.4 76.6±0.7 0.24±0.01 63.5±0.8† 63.8±1.8 63.2±1.7 0.35±0.01 
SSGRL [23] 76.5±0.8† 77.0±2.2 76.0±1.2 0.25±0.01 63.7±1.3† 63.6±1.6 63.9±3.1 0.34±0.03 

Query2Label [36] 75.7±1.3† 75.3±1.6 76.1±2.2 0.25±0.02 63.4±1.2† 63.5±1.7 63.6±2.5 0.34±0.02 
SPA-LPR [45] 76.0±1.2† 74.9±1.5 77.2±1.4 0.24±0.01 63.8±1.3† 63.6±1.3 64.0±2.6 0.34±0.02 
HHMPN [15] 77.2±0.9† 76.7±1.6 77.6±1.8 0.23±0.01 64.6±0.6† 63.4±2.2 65.9±1.7 0.32±0.01 

AMP [37] 77.4±0.7 76.9±2.3 77.9±2.4 0.23±0.03 64.8±1.5† 64.1±1.9 65.5±1.3 0.33±0.01 
HMMBCR (Ours) 78.6±0.4 78.1±1.1 79.1±0.9 0.21±0.01 66.1±0.8 65.6±1.7 66.6±1.1 0.31±0.01 

† indicates the improvement of the HMMBCR over the other methods is significant at the level of p=0.05 
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multi-modal data, without the involvement of the HM2L 
module and the HL2L module. The FEFU component is 
established based on the existing MulT method [27].  

2) FEFU+M2L: On the basis of FEFU, this experiment
adds a series of attention-based decoders for the interaction of 
label-specific embedding and multi-modal data, and a self-
adaptive attention function to control the contribution of 
different modalities. This experiment aims to assess the efficacy 
of Modality-to-Label Dependence (M2L) module. 

3): FEFU+M2L+L2L: On the basis of FEFU+M2L, this 
experiment adds a GAT subnet to dynamically learn the label 
correlations. This experiment intends to evaluate the 
performance of Label-to-Label Dependence (L2L) module. 

4): FEFU+HM2L+L2L: On the basis of FEFU+M2L+L2L, 
this experiment replaces the M2L module with the HM2L 
module. This experiment is designed to verify the effectiveness 
of noticing the label heterogeneity in the M2L module. 

5): FEFU+M2L+HL2L: On the basis of FEFU+M2L+L2L, 
this experiment replaces the L2L module with the HL2L 
module. This experiment is set to examine the capability of 
noticing the label heterogeneity in the L2L module. 

V. RESULTS

A. Comparative Results with Existing Methods

Table 2 shows the performance of various approaches for
multi-modal multi-label behavioral context recognition on the 
Extrasensory dataset and ETRI Lifelog dataset. First, Multi-
stream significantly outperforms traditional machine learning 
methods (BR and CC) on both datasets, indicating that CNN 
extracts more complex and effective features from behavioral 
contexts. Second, MulT and EMOE achieves 1.2% and 1.4% 
higher BA than Multi-stream on the Extrasensory dataset and 
1.7% and 1.8% higher BA on the ETRI Lifelog dataset. These 
results suggest the necessity of modeling interactions among 
different modalities in multi-modal behavioral context data. 
Third, the performance of SSGRL, Query2Label and SPA-LPR 
surpasses that of Multi-stream on both datasets, respectively 
achieving 0.7%~1.5% higher BA on the Extrasensory dataset 
and 1.7%~2.1% higher BA on the ETRI dataset. These results 
indicate that capturing label correlations may bring benefits for 
the recognition of behavioral context labels. Additionally, 
HHMPN and AMP achieves 2.2%~2.4% BA on the on the 
Extrasensory dataset and 2.9%~3.1% BA on the ETRI dataset. 
These results indicate that simultaneously modelling multi-
modal and multi-label attributes is crucial for behavioral 

context recognition. Finally, our HMMBCR method achieves 
highest BA among all the competitors on both Extrasensory 
dataset and ETRI Lifelog dataset, demonstrating the necessity 
of accounting for label heterogeneity. 

B. Results of Ablation Study

The results of ablation study are presented in Table 3,
which clearly demonstrate the effectiveness of each module 
integrated into HMMBCR across two datasets. First, the 
FEFU+M2L configuration integrates the M2L module into the 
FEFU module, resulting in a 0.6%~0.7% improvement in BA, 

Fig.6 Visualization of modality-to-label dependencies, both 
with and without consideration of label heterogeneity, 
“Sim. acts.” is the abbreviation of “simple activities” and 
“Cpx. acts.” is the abbreviation of “complex activities”: (a) 
Dependencies across five label categories without 
consideration of label heterogeneity. (b) Dependencies 
across five label categories with consideration of label 
heterogeneity. (c) Specific examples of “place” labels to 
modalities dependencies without consideration of label 
heterogeneity. (d) Specific examples of “place” labels to 
modalities dependencies with consideration of label 
heterogeneity. 

TABLE 3. RESULTS OF ABLATION EXPERIMENTS ON TWO BEHAVIORAL CONTEXT DATASETS 

Approaches 
Extrasensory ETRI Lifelog 2020 

BA (%) REC (%) SPE (%) HL BA (%) REC (%) SPE (%) HL 
FEFU 76.2±0.5 79.2±1.9 73.3±2.1 0.27±0.02 63.4±1.7 64.2±2.4 62.6±4.2 0.36±0.03 

FEFU+M2L 76.8±0.8 77.0±2.1 76.6±1.2 0.24±0.01 64.1±1.3 64.6±1.2 63.4±2.9 0.35±0.02 
FEFU+M2L+L2L 77.5±0.6 76.9±1.6 78.1±2.2 0.23±0.02 64.8±1.2 64.2±1.7 65.4±2.5 0.33±0.02 

FEFU+HM2L+L2L 78.0±0.7 77.4±1.3 78.6±1.4 0.22±0.01 65.4±1.5 65.1±1.8 65.7±1.3 0.33±0.01 
FEFU+M2L+HL2L 78.1±0.9 77.8±1.6 78.4±1.8 0.22±0.02 65.6±1.4 65.4±1.6 65.8±2.5 0.32±0.02 

Ours 78.6±0.4 78.1±1.1 79.1±0.9 0.21±0.01 66.1±0.8 65.6±1.7 66.6±1.1 0.31±0.01 
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highlighting the utility of effectively capturing modality-to-
label dependencies. Second, the FEFU+M2L+L2L module 
adds the L2L module, further enhancing BA by an additional 
average increase of 0.7% in BA on both datasets, underscoring 
the importance of dynamically modeling label correlations. 
Third, the FEFU+HM2L+L2L configuration replaces the M2L 
module with the HM2L module, leading to a further increase of 
0.5%~0.6% across two datasets, demonstrating the significance 
of considering heterogeneity among different label categories 
when modelling modality-to-label dependencies. Finally, the 
FEFU+M2L+HL2L configuration substitutes the L2L module 
with the HL2L module, resulting in a 0.6%~0.8% average 
improvement in BA, emphasizing the importance of 
considering heterogeneity among label categories when 
modeling label-to-label dependencies. 

C. Visualization

1) Visualization of the Modality-to-Label Dependencies:
To illustrate the effectiveness of HM2L, we derive attention 
weights from both the M2L and the HM2L using the 
Extrasensory dataset (Fig.6). To provide a comprehensive 
observation of how each behavioral context category correlate 
to modalities, we perform average pooling on the modality-to- 
label attention weights among the labels within the same 
category, and we use numbers 1-5 to indicate 5 specific label 
categories (Fig.6 (a) and Fig.6 (b)). Moreover, to understand the 
relationship between each specific behavioral context label and 
the corresponding modalities, we derive detailed modality-to-
label attention weights for labels within the same category. Due 
to the space constraint, we select 6 labels within the label 
category “place” (Fig.6 (c) and Fig.6 (d)). 

Through the comparison of Figures 6 (a) and 6 (b), we can 
observe that accounting for label heterogeneity effectively 
enhances the attention weights for strongly correlated 

modalities in behavioral context labels while reducing the 
attention weights for weakly correlated modalities. For example, 
from Fig.5 (b), the label category “places” shows a stronger 
association with the modality “audio”, which contains 
extensive environmental background information.  

Additionally, in the M2L (as depicted Fig.6 (c)), these 
labels exhibit a strong association with the “audio” modality, 
but this does not indicate a clear predominance to other 
modalities. While in the HM2L (as depicted Fig.6 (d)), the 
connection between these labels and the primary modality is 
strengthened. This observation suggests that considering the 
heterogeneity in modality-label dependencies helps to achieve 
consistent attentions for labels within the same category across 
each modality, while differentiating the attentions of labels 
from different categories. 

2) Visualization of the Label-to-Label Dependencies: To
illustrate the effectiveness of HL2L, we compare the 
differences between Label-to-Label attention weights 
calculated through the GAT and those calculated through the 
HGAT on the Extrasensory dataset (Fig.7). Due to space 
constraints, we select 8 labels from label category “complex 
activities”, 2 labels from label category “simple activities” and 
6 labels from label category “places”. It demonstrates the 
directed attention weights calculated from the labels within the 
category “complex activities” to the labels within the category 
“simple activities” and the category “place” in the form of 
attention matrix. 

In Fig.7 (a), the attention weights of GAT show that each 
“complex activity” label is strongly associated with specific 
“simple activity” or “place” labels. Specifically, the “drive as a 
driver” label shows a strong connection to the “sitting” label, 
while other labels within “complex activities” are 
predominantly linked to the “indoors” label. In contrast, Fig.7 
(b) shows that the HGAT-based attention weights are more
evenly distributed across potentially relevant nodes. For

Fig.7 Label-to-Label dependencies visualization with and without consideration of label heterogeneity: (a) Calculating Label-
to-Label dependencies through GAT. (b) Calculating Label-to-Label dependencies through HGAT. 
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example, “drive as a driver” is now more evenly connected to 
both the “sitting” and the “in a car”, and “drinking alcohol” has 
increased attention to the previously underrepresented “at a 
party” label. The observations indicate that the heterogeneous 
architecture adjusts label-to-label dependencies through the use 
of label-to-category level attention, resulting in more balanced 
interactions between “complex activity” labels and “simple 
activity”, as well as “place” labels. This adjustment mitigates 
the risk of over-reliance on a few strongly connected labels and 
enhances the comprehensively engagement with relevant labels. 

3) Visualization of a behavioral context recognition case:
We present a case study using the behavioral context “a person 
is walking outside, strolling while talking with friends, with his 
phone in bag”, as shown in Fig.8. While MulT correctly 
identifies three of the ground truth labels, it fails to recognize 
“strolling”, “talking” within the “complex activities” category 
and “with friends” within the “with whom” category. In 
contrast, our proposed HMMBCR method successfully detects 
these indistinguishable labels. This comparison result indicates 
that our approach effectively improves the recognition 

performance of behavioral contexts by modelling modality-to-
label and label-to-label dependencies simultaneously. 

D. Analysis of Model Computational Complexity

Figure 9 illustrates the computational complexity of our
proposed HMMBCR model in terms of theoretical FLOPs, 
parameter count (Params) and end-to-end inference latency 
(Time). Specifically, FLOPs quantify the theoretical floating-
point operations required for a single forward pass, parameter 
count indicates the model’s memory footprint, and latency time 
denotes the average wall‑clock delay. We test these metrics on 
a piece of RTX 3090 Ti GPU. On the Extrasensory dataset, 
HMMBCR approach requires 0.92 GFLOPs per sample, incurs 
54.9 millisecond latency time, and comprises 8.45 M trainable 
parameters. On the ETRI Lifelog 2020 dataset, our approach 
requires 2.12 GFLOPs per sample, incurs 68.7 millisecond 
latency time, and comprises 11.88 M trainable parameters. And 

Fig.9 Radar‑chart comparison of the proposed HMMBCR 
with five competing methods in five dimensions: 1/FLOPs, 
1/latency time (1/Time), 1/Parameter count (1/Params), 
Balanced Accuracy (BA), and 1/Hamming Loss (1/HL) on 
(a) Extrasensory dataset; (b) ETRI Lifelog 2020 dataset.
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Fig.8 A case of behavioral context labels predicted by MulT 
[27] and HMMBCR (Ours) on the Extrasensory dataset.
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we have conducted on-device deployment experiments on a 
Raspberry Pi 5 platform to evaluate inference latency and 
power consumption. Specifically, our approach achieves an 
average inference latency of 227 milliseconds with a power 
consumption of 6.086 Watt on the Extrasensory dataset, and 
550 milliseconds with 6.129 Watt on the ETRI dataset. 

Although the computational complexity demands of our 
model exceed those ultra-lightweight architectures designed for 
on device, real time inference, our primary goal is to maximize 
behavioral recognition accuracy for downstream cloud‑assisted 
applications like mental health assessment [48], [49]. In such 
scenarios, sensor data is uploaded in batches (e.g., hourly or 
daily) to GPU‑equipped cloud servers. This cloud deployment 
decouples model complexity from device constraints, allowing 
the use of higher-capacity models without compromising user 
experience. Therefore, the observed model complexity remains 
acceptable under our deployment assumptions.  

VI. DISCUSSION

A. Benefits of Modeling Modality-to-Label and Label-to-
Label Dependencies

This study analyses the advantages of simultaneously
modeling modality-to-label dependencies and label-to-label 
dependencies in enhancing behavioral context recognition. The 
ablation results in Table 3 substantiate this assumption. 
Moreover, the visualizations in Fig.6 and Fig.7 further validate 
that the attention weights in both the M2L and the L2L are 
intuitive and logically coherent. 

These observations display that the M2L module 
effectively assigns different attention weights from each 
behavioral context labels to each modality, while the L2L 
module dynamically captures the correlations among all 
behavioral context labels. These findings indicate that 
modelling modality-to-label dependencies and label-to-label 
dependencies provides effective information pathways for the 
generation and interaction of label-specific representations. 
This inference aligns with previous studies emphasizing the 
importance of modeling these dependencies in emotion 
recognition [14], [15]. However, a distinct characteristic of 
behavioral context recognition is the inherent heterogeneity of 
different label categories. This heterogeneity introduces new 
perspectives for enhancing the performance in this domain, 
which we will analyze in the subsequent section. 

B. Benefits of Heterogeneity Considerations

This study investigates the benefits of incorporating
heterogeneity among label categories into the modeling of 
modality-to-label and label-to-label dependencies, as supported 
by the ablation results in Table 3. Besides, the visualizations in 
Fig.6 and Fig.7 provide validation for the effectiveness of the 
heterogeneous architecture, aligning with our initial hypothesis. 
These observed performance gains can be attributed to the 
following factors: 

First, when modeling modality-to-label dependencies, the 
heterogeneous architecture enables explicit constraints on the 
computation of attention weights for the labels within the same 
label category. This architecture prevents labels with varying 

characteristics of different categories from sharing the same 
projection space, by assigning them into distinct learning 
subspaces, thus reducing the interference from irrelevant 
modalities. Similar strategy was also adopted in a previous 
study [38], which implemented a separated weight projection 
methodology to manage the propagation of different types of 
graph nodes in the GNN for modeling heterogeneous structured 
data. Unlike their method, which focuses on bidirectional node 
information interaction within the heterogeneous graph, our 
approach utilizes this strategy for unidirectional information 
transmission from each modality to the labels. This allows for 
a deeper exploration of the rich modality-label dependencies 
arising from label heterogeneity. 

Second, when modeling label-to-label dependencies, the 
heterogeneous architecture introduces more logical constraints 
and intuitive connections through the dual-level attention 
mechanism, leading to more balanced interactions between the 
corresponding nodes within the whole graph. This architecture 
is inspired by a prior research [39], which demonstrated that the 
superior constraints achieved by the heterogeneous architecture 
can capture key information at multiple granularities for short 
text classification, while mitigating the impact of noisy data. 
Different from their findings, our observation results indicate 
that effectively leveraging label heterogeneity can facilitate a 
richer exchange of information between label nodes, thereby 
reducing reliance on few strongly connected nodes and leading 
to more accurate and robust behavioral context recognition. 

C. Application on Behavioral Modeling of Mental Health

Status Inference

Mental health within modern society has become one of the 
most pressing concerns [40]. To explore the impact of accurate 
behavioral context recognition on inferencing mental health 
status, we utilized mood labels from the Extrasensory dataset 
[10], annotated hourly and categorized as positive (0) or 
negative (1) affective states based on the short form of Positive 
and Negative Affect Schedule (PANAS) [41]. From the 
dataset's 51 available behavioral context labels, we selected 21 
high-frequency labels (such as lying down, walking, at home 
and exercise) recorded at a minute-level granularity. These 
minute-level labels were aggregated into hourly frequencies to 
serve as input features for our analysis. As a result, the 
processed dataset comprised 275 hourly samples (192 positive 
and 83 negative), each represented by the aggregated 
frequencies of the 21 selected behavioral labels. 

To better understand how behavioral contexts are related to 
mood states, we conducted a Mann-Whitney U-test to identify 
behavioral context labels of significantly different frequencies 
between positive and negative mood samples. Table 4 
highlights labels that showed significant differences, including 
"home", "exercise", "watching TV", "computer work", and 
"with friends". These labels intuitively align with distinct 
emotional states, which is consistent with psychological and 
behavioral research [42], [43]. For instance, social context like 
"with friends" were observed more frequently during positive 
affective states, which aligns with existing literature suggesting 
that social interactions, particularly with close companions, are 
strongly associated with positive emotions and well-being. 
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Conversely, cognitive load-related labels like "computer work" 
were more prevalent in negative affective states, reflecting the 
well-documented link between work-related tasks and negative 
emotions such as frustration or anxiety.  

To assess the impact of accurate behavioral context 
recognition on the inference of mental health, we conducted a 
comparative analysis of our proposed method (HMMBCR) and 
several competing models in recognizing behavioral contexts. 
Figure 10 presents the balanced accuracy (BA) across these 
behavioral context labels of statistically significant differences, 
demonstrating that our approach consistently outperforms the 
others on these labels. These labels are particularly difficult to 
recognize due to their semantic richness and the intricate social 
and contextual factors involved. For example, recognizing 
"watching TV" requires integrating information from diverse 
sensors, such as accelerometers (to detect sedentary behavior), 
and audio signals (to detect TV-related sounds). In addition, the 
recognition of "watching TV" is enhanced when contextual 
labels, such as "at home" and "with friends," are incorporated, 
because these labels are semantically correlated. By 
simultaneously modeling modality-to-label and label-to-label 
dependencies while accounting for label heterogeneity, our 
approach effectively captures these interdependencies, leading 
to superior performance in recognizing these intricate contexts. 

Building on this improved recognition of behavioral 
contexts, Table 5 presents the results of mental health inference 
using a two-layer MLP classifier. The input to the classifier 
consisted of the hourly frequencies of behavioral contexts 
recognized by different models, while the output was the binary 
mood label. Our proposed model achieved the highest accuracy 
(68.9%) and F1-score (54.3%), outperforming competing 
approaches such as MulT [27] and HHMPN [15]. These results 
demonstrate that better recognition of behavioral contexts leads 
to enhanced mental health status inference performance. 

These findings underscore the value of accurate behavioral 
context recognition in behavioral modeling. By linking fine-
grained, minute-level behavioral recognition to hourly affective 
states, this application provides a reliable framework for 
understanding the complex relationship between behavioral 
contexts and affective states. This capability has significant 
implications for applications in mental health monitoring, 
personalized interventions, and human-computer interaction, 
where accurate mental health prediction can drive adaptive and 
responsive systems 

D. Limitations and Future Work

Although the proposed HMMBCR method obtains notable
improvements, several limitations that merit future research 
have been identified.  

Firstly, the proposed recognition accuracy oriented multi-
modal and multi-label architecture imposes substantial 
computational and memory demands that might make real-time, 
on-device inference infeasible on mobile hardware. To broaden 
applicability, the future work will purse lightweight variants by 
incorporating efficient modules, such as the Light Graph 
Transformer, LGT [44] method to reduce computational load 
and parameter count while preserving robust recognition.  

Secondly, many behavioral context labels remain severely 
underrepresented in benchmark datasets, because exhaustive 
manual annotation is prohibitively labor intensive, causing 
annotators to overlook rare but semantically critical labels and 
leaving sophisticated imbalance‑mitigation techniques unable 
to recover adequate minority class samples. To address this, the 
future work will implement an active-learning based annotation 
framework that identifies high uncertainty segments, especially 
those likely to contain rare behaviors, and dynamically prompts 
participants to label them. By concentrating human effort where 
it matters most, this framework aims to collect a more balanced 
dataset for training robust behavioral context recognition 
models. 

VII. CONCLUSION

In this paper, we proposed a novel heterogeneous multi-
modal multi-label approach for behavioral context recognition. 
Compared with existing behavioral context recognition 
methods, our proposed approach leverages specialized 
heterogeneous decoders with self-adaptive attention to model 
modality-to-label dependencies, and employs HGAT to 
dynamically model label-to-label dependencies, both 
accounting for the heterogeneity among label categories. 
Extensive experimental and visualization results based on two 
public behavioral context datasets demonstrate the superiority 

TABLE 4. MANN-WHITNEY U-TEST FOR SIGNIFICANT
DIFFERENCES IN BEHAVIORAL CONTEXT BETWEEN 

AFFECTIVE STATE 
behavioral context U statistic p-value (<0.05)

at home 9293.5 0.0138 
exercise 7434.0 0.0298 

watching tv 8438.0 0.0485 
computer work 9117.5 0.0069 

with friends 6473.0 0.0025 

Fig.10 Predicted Balanced Accuracy of behavioral context 
labels with significant differences between Positive and 
Negative affective states across three models (MulT, 
HHMPN, and HMMBCR). 

TABLE 5. RESULT OF PREDICTION FROM RECOGNIZED
BEHAVIORAL CONTEXTS TO AFFECTIVE STATE 

Approach Accuracy (%) F1-score (%) 
MulT [27] 63.0 46.3 

HHMPN [15] 66.4 51.2 
HMMBCR (Ours) 68.9 54.3 
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of our proposed method, which effectively enhances the 
performance of behavioral context recognition. 
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