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Abstract—Accurate behavioral context recognition (BCR) 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 multimodal data collection to interpret
behavioral context. However, existing methods may overlook the
multilabel attribute of behavioral context, limiting their abil-
ity to model modality-to-label and label-to-label dependencies.
Moreover, the unique label heterogeneity in BCR, arising from
category-specific differences among labels, is often underesti-
mated. To overcome these challenges, we propose a heteroge-
neous multimodal multilabel 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.
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1. INTRODUCTION

HE behavioral context of a person encompasses their en-

vironment, 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 ser-
vices. For instance, it supports the customization of smart home
environments to align with individual behavior patterns [3],
[4], facilitates accurate social context-aware companion pair-
ing [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 (BCR) 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 collec-
tion of personalized multimodal data [10], thereby providing a
comprehensive depiction of the user’s behavioral context. Previ-
ous studies have introduced various machine learning methods
in multimodal BCR [2], [11], with a particular emphasis on
deep learning technologies [12], [13]. However, these meth-
ods normally underestimate the multilabel attribute of behav-
ioral contexts, where a single instance can be characterized by
multiple coexisting labels. For instance, a behavioral context
such as “a person is strolling outside on the street while talk-
ing with friends” can be represented by the multilabel tuple:
< “strolling”, “outside”, “on the street”, “talking”, “with
friends” >. These labels describe different aspects of the
same situation and often exhibit cooccurrence relationships.
Ignoring such relationships prevents the model from exploit-
ing the potential interactions, leading to reduced recognition
performance.

The multilabel attribute of behavioral context introduces
the intralabels connections itself and the intermodality-label
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connections with the multimodal attribute. On the one hand,
we observe that features from different modalities contribute
differently to each behavioral context label, which can be de-
fined 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 cooccur more frequently than conflicting labels, a rela-
tionship 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 het-
erogeneity, 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 such as “phone in hand”
and “phone in pocket” both describe the phone being carried
on the limb or body, which reflect the user’s physical inter-
action 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 envi-
ronment, 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 het-
erogeneous multimodal multilabel BCR approach that simul-
taneously models both modality-to-label and label-to-label de-
pendencies, while accounting for label heterogeneity. This work
is inspired by recent advances in multimodal multilabel classifi-
cation 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 simulta-

neously notice both multimodal and multilabel attributes
in BCR. 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.
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2) To leverage the label heterogeneity for more effective
dependency modeling, we adopt distinct learning strate-
gies for each label category based on its unique semantic
structure. By utilizing heterogenous decoder structures
and a dual-level attention mechanism, we ensure consis-
tent 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 BCR, underscoring its potential for fu-
ture research. We also demonstrate the practical ben-
efits of accurate context recognition in inferring men-
tal health status, highlighting its real-world applica-
bility. Our project is available at: https://github.com/
Estampie0O0/HMMBCR

II. RELATED WORKS
A. Multimodal BCR

Recognition of behavioral context using multimodal sensors
has been extensively explored [16]. Early research leveraged
hand-crafted features combined with machine learning tech-
niques for multimodal behavioral context classification. Vaz-
iman 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 method-
ology that 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 neu-
ral networks (CNNs). For instance, Saeed et al. proposed a
multistream convolutional network to predict behavioral con-
text 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 multimodal behavioral context data [17]. Similarly, Yang
et al. introduced a multiscale cross-modal interactive network,
performing feature-level fusion across various modalities [13].
However, these approaches either treat BCR as a multiclass
classification problem, neglecting the fact that real-world con-
texts often require multiple labels to describe, or they use sepa-
rate binary classifiers for each label under the multilabel setting,
failing to capture the complex dependencies between labels.

B. Multilabel Classification

Multilabel 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 at-
tempted to model label dependencies by sequentially consid-
ering label cooccurrence. For example, Wang et al. proposed
a CNN-RNN framework, which utilized a recurrent neural
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network (RNN) to model the cooccurrence label dependen-
cies [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 signif-
icant progress made by these methods, sequentially modeling
label correlations may result in error propagation and remain
inadequate for modeling complex label dependencies.

In contrast to the aforementioned methods, graph-based ap-
proaches have been proven effective in modeling label de-
pendencies. Chen et al. proposed a method that constructed
label correlations using a gated GNN [23]. Ye et al. applied
a dynamic graph convolutional network to learn label-aware
representations [24]. Inspired by the success of multilabel 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 inter-
nal 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 uni-
fied framework. Zhang et al. introduced a transformer-based
sequence-to-set approach to capture dependencies between dif-
ferent emotion labels and modalities [14]. They further pro-
posed a novel graph message passing network that considers
both label-to-label and modality-to-label dependencies in emo-
tion recognition [15]. However, unlike emotion labels, which
generally belong to a shared semantic space, behavioral con-
text 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 intracategory and in-
tercategory relationships, leading to reduced accuracy of model
prediction. Therefore, addressing label heterogeneity remains a
critical challenge in BCR.

III. METHOD

In this section, we introduce our heterogeneous multimodal
multilabel BCR (HMMBCR) network and the overall archi-
tecture is shown in Fig. 1, consisting of the multimodal fea-
ture extraction and fusion (FEFU) module, the heterogeneous
modality-to-label dependence (M2L) module, and the hetero-
geneous label-to-label (HL.2L) dependence module.

A. Task Definition

We first define some notations and formalize the multimodal
multilabel BCR task. Let D = {X;, Y}, denote the training
dataset, where Nis the number of samples in the training set,
each sample X; = (z!, 2, ..., M) is a multimodal obser-
vation of M modalities. And the ground-truth label set Y ; =
{Yi1:Yizs---,vir}. where y; ; € {0, 1} indicates the absence
(0) and presence (1) of the /th 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. Multimodal FEFU Module

In the multimodal FEFU module, features are separately ex-
tracted from each modality of the raw sensor data ™. For time-
series data (e.g., IMU-based sensor data), 1-D-convolutional
neural networks (1-D-CNN) are employed to capture hierarchi-
cal 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 f™ € R *dm as depicted
in Fig. 1 to denote the extracted feature sequence from the mth
modality, [,,, and d,,, are used to represent the sequence length
and the feature dimension, respectively.

Given the varying sampling frequencies and the complex
dependencies inherent in features from different modalities,
Transformer-based methods are well-suited for capturing in-
termodal interactions through the cross-attention mechanism,
without requiring strict structural alignment between modali-
ties. Therefore, we leverage a cross-modal Transformer frame-
work [27] to perform sequence fusion between different modal-
ities 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 modali-
ties. During the fusion process, we first augment the input se-
quences 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 (Z™* [0]) are trans-
formed 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 (Zmain ["_1]), and
the fused modality information is added to get the layer output
Z™n [ The cross-attention mechanism allows the model to
directly associate relevant elements across unaligned modality
sequences. As a result, we have Z™ € Rim Xdm a5 the encoder
output of mth modality after the sequence fusion process.

C. Heterogeneous M2L Module

In this section, we introduce the heterogeneous M2L. (HM2L)
module in detail. To model modality-to-label dependencies, we
first build M specialized decoders to generate label representa-
tions for each label from M modalities. Subsequently, a self-
adaptive attention function is employed to dynamically inte-
grate 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 interfer-
ence from different modalities to different label categories.

Specifically, after deriving cross-modal fusion encoder out-
put Z™, we aim to produce hidden representations for be-
havioral 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 represen-
tations from these distinct data types separately.

For Z™ belongs to time-series data, we employ the
Transformer-based encoder—decoder attention mechanism to
obtain label category embeddings H!"" € R"*%n from Z™, as
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Fig. 2. Architecture of cross-modal fusion encoder, illustrating the direc-
tional fusion process from auxiliary modality to main modality.

illustrated in Fig. 3(a), where r_ represents the number of labels
within category c¢. This design enables the category embed-
dings to dynamically query relevant information from the en-
coder output and generate label-specific hidden representations.
Unlike grammatical structures in natural language sequences,
the label embedding sequences in our task lack inherent posi-
tional 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 la-
bel embeddings. To attain the relevant information for each
category representations, we denote Q7' = H_'Wq, K™ =

Z" Wy, and V™ = Z™W,, as the attention operators respec-
tively, where W, W, and Wy, are the trainable weights.
Then the output of encoder—decoder attention sublayer can be
formulated as follows:

m m\T
AT = ATT,(Q™, K™, V™) = Softmax <Q”¢I§7m)> ym
(1)

where ATT,(-) represents the encoder—decoder attention ap-
plied to labels within each label category, utilizing a distinct
set of projection weights. " ICn represents the output of the
encoder—decoder attention block within cth label category in
mth modality. Specifically, the operation of heterogeneous de-
coder for time-series data can be formulated as follows:

H" Y - E,
gt Nt
H™ M — LN(FFN(H

+ H )
)+H, ) 2

c

where H" (] denotes the output of the current heterogeneous
decoder, and n represents the nth decoder layer. E. repre-
sents the initial embeddings for the cth category. LN and FFN
indicates the layer normalization operation and feed forward
network separately.

For Z™ which belongs to discrete state data that lacks tem-
poral information, we utilize efficient channel attention (ECA)
mechanism [28] to generate category-specific representation as
shown in Fig. 3(b). Formally

wy* =0(ConvlD, (Z™))

H=uw" . Z™ 3)
where Conv1D, denotes the 1-D convolution operation for
cth label category, w" represents the category-specific channel
attention weights from the mth modality, and o denotes the

activation function, such as Sigmoid. Different from using a
single set of projections for all label embeddings, the proposed
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heterogeneous decoder assigns distinct projection weights to
label embeddings of each label category. As a result, labels from
different categories could maintain their distinctive representa-
tion spaces across all modalities.

Since different modalities contribute differently to a potential
behavior context label, after obtaining label-specific generated
sequence H', we employ a self-adaptive attention function to
dynamically fuse these generated sequences from all modalities
using the computed modality-to-label attention matrix. Further-
more, 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
HM

(&

., HM

score. = Softmax([H., ...,
H,=score, - [H, ..

. Wc)
“)

where W, € R% represents the trainable weights of category
c. score, € RM*Te dynamically controls the contribution from
different modalities for the cth label category.

D. HL2L Dependence Module

In this section, we introduce the HL2L dependence 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 informa-
tion (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

o (ConvlD, (+))

x n layers o (ConvlD, (+)) X
o H
o (ConviD (+)) . .
oy H;
(®)

Architecture of heterogeneous decoder for: (a) time-series data; and (b) discrete state data.

Label-to-Category
level Attention

Label-to-Label
level Attention

V)

Fig. 4. Architecture of heterogeneous graph attention, where the label-
to-category attention value (3, is computed between the target node v and
each category n, and then the label-to-label attention value «,; is calculated
between the target node v and its neighbors, guided by the label-to-category
attention3y, .

the final representation .S. Formally, the propagation rule at the
nth layer is defined as

St =g (S A, s w,
ceC

&)

where A, € REX7e represents the submatrix of the adjacency
matrix A, W. denotes the category-specific transformation
matrix, and o(-) represents the activation function, such as
LeakyReLU, and we have S‘[:o] = H. initially.
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Due to the differences in specific habits across multiple sub-
jects, the dependencies among behavioral context labels are di-
versified, making traditional GNN-based models less suitable in
this context. Therefore, we compute the adjacency matrix based
on graph attention network (GAT) [29]. Furthermore, consid-
ering 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 dif-
ferent label nodes to different label categories. Specifically, the
category embedding h. can be denoted as h. =), Ay hos
the summation of the neighboring label node features h,,
where v’ € N, are the neighborhood nodes of node v. Then,
the calculation of label-to-category level attention coefficients
can be formulated as follows:

be = U(NE “[ho|Re))

exp(be)
be==— "7~
Zc/ cC exp(bc’)
where . is the attention vector for the category c¢. To make
attention coefficients 3. easily comparable across different cat-
egories ¢, we use Softmax function to normalize them. Once
(. 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:

(6)

Ayy! = O-(AT : ﬁc’ [thhv’D
e M 7
ZieNU exp(au;)
where ) is the attention vector, and the vth row v’th column
element of A, iS vy

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 W° € RL*% | where each row W7 is
the learnt output vector for the ith label to predict probabilities
Y, = {Yi1,Yizs - -, Ui 1} through a Sigmoid activation func-
tion.

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

N L
1 .
jmodelz ﬁznglj 'Ece(yi,ja yi,j) (8)
i=1 j=I
where N is the number of trained samples, Jino0del Tepresents the
total objective function used to train the model, £ .. denotes the
cross-entropy loss function, ¢ € RV * L is the instance-weighted
matrix. When the jth label of the ith sample is missing, ¢; ; will
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be set to zero to ensure the missing label would not contribute to
Jmodel- Otherwise, ¢; ; 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 multimodal multilabel behavioral context datasets: the
Extrasensory dataset [10], and the Electronics and Telecom-
munications Research Institute (ETRI) Lifelog 2020 dataset
[30]. To demonstrate the superiority of the proposed model,
we compare our model with eight existing competing meth-
ods. 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

1) Extrasensory [10]: This dataset comprises over 300 000
I-min-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) was also recorded. The
IMU records motion modality data at 40 Hz. The microphone
sensor captures audio modality data in the form of Mel fre-
quency 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 per-
formance 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].

2) ETRI Lifelog 2020 [30]: This dataset contains more than
280000 1-min recorded behavioral context instances collected
from 22 participants during 616 experimental days under free-
living conditions. Researchers employed several sensors em-
bedded in smartphones and Empatica E4 wristbands for data
acquisition, such as an IMU, a photoplethysmography (PPG)
sensor and a GPS sensor. The IMU embedded in the smart-
phone 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 read-
ings 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”, and “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.
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TP,
Recallj = ———— (10)
B. Implementation Details TP +EN;
e TN;
We implement our approach via Pytorch toolkit (torch-1.8.1) Specificity, = TN, + FP; (11)
in Python version 3.8, with three RTX 3090 Ti GPUs. For N I
both datasets, we train our proposed network in an end-to-end 1 N
Prope o0 HL = ——> "> " 1[yis # il (12)
manner for 30 epochs by employing the AdamW optimizer [31], N*L

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 nonlinear mapping
function; and 2) after getting the attention-probability matrix
inside multihead 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 I.

C. Evaluation Protocols

Behavioral context datasets are characterized by extreme la-
bel 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, where 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 Fl-score, making precision and F1-score less applicable.

i=1 [=1

where N denotes the number of instances, L is the number of
behavioral context labels, TP;, FN;, TN;, and FP; represent true
positives, false positives, true negatives and false negatives of
the class [, respectively. 1[-] is the indicator function that returns
1 when the argument is true otherwise 0, y;; and §; ; are the
ground truth and predicted value of label / for instance i.

D. Comparison With Existing Methods

To evaluate our approach, we conducted a comparative anal-
ysis with eight existing methods in this section.

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

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

3) Multistream [12]: It uses a multistream CNN to extract
features from multimodal behavioral context data, and then
integrates multimodal features by concatenation, which are sub-
sequently used for the classification.

4) SSGRL [23]: It includes semantic decoupling mod-
ule and semantic interaction module, where the semantic de-
coupling module incorporates category semantics to guide
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TABLE 1T
COMPARISON WITH EXISTING METHODS ON TWO BEHAVIORAL CONTEXT DATASETS

A h Extrasensory ETRI Lifelog 2020

pproaches BA (%) REC (%) SPE (%) AL BA (%) REC (%) SPE (%) AL
BR [34] 67.7 £ 09T 665 +29 689+ 1.3 033+ 001 507 037 482+19 532+ 1.7 049 £ 0.02
CC [35] 68.0 - 09" 662 4+27 697+ 14 0324002 508+ 047 488419 5284+ 1.6 051 =+ 0.02
Multistream [12]  75.0 + 12T 767 + 15 7334+ 1.6 027 +001 61.7+ 08" 6034+ 1.7 630+ 04 0354 001
MulT [27] 762 £ 051 792419 733 +£21 0274001 634+177 642+£24 626+42 036 £ 0.03
EMOE [46] 764 + 111 762424 766 +£07 0244001 635+08" 638+£18 632417 035+ 00l
SSGRL [23] 765+ 08t 770422 760+£12 0254001 637 +137 636+£1.6 639+31 034+ 003
Query2Label [36]  75.7 £ 137 753+ 1.6 761 +£22 0254002 6344+ 121 635417 63.6+£25 0344002
SPA-LPR [45] 7604 12 7494+ 15 772+£14 0244001 638+ 131 63.6+13 6404+26 034+ 0.02
HHMPN [15] 7724+ 09t 7674+ 16 77.6+£18 0234+001 646 +067 634+£22 6594+ 17 032+ 00l
AMP [37] 7744+07 769+23 779+£24 0234003 648+ 157 6414£19 655+13 033 £ 001
HMMBCR (Ours) 78.6 + 04 781+ 1.1 791+ 09 021 +001 661+ 08 656+ 17 666+ 1.1 031 + 0.01

Note: tindicates the improvement of the HMMBCR over the other methods is significant at the level of p = 0.05. Bold entries indicate the
optimal performance achieved by all ablation variants for each evaluation metric (BA, REC, SPE, HL) on the Extrasensory and ETRI Lifelog

2020 datasets, respectively.

learning semantic-specific features, and the semantic interac-
tion module utilizes Gated-GNN to correlate semantic-specific
representation.

5) Query2Label [36]: 1t utilizes label embeddings as queries
to check the existence of each label, by performing multihead
cross-attention to pool object features adaptively for the sub-
sequent multilabel classification. This method is considered as
the state-of-the-art in multilabel image classification.

6) SPA-LPR [45]: Tt proposes a strictly proper asymmetric
loss to calibrate multilabel 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 mul-
tilabel classification.

7) MulT [27]: Tt 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]: Tt utilizes a mixture of modality experts to
dynamically weight different modalities for each multimodal
sample, enabling adaptive multimodal fusion. Additionally, it
employs unimodal distillation to retain the predictive capability
of every single modality. This method is considered as the state-
of-the-art approach in multimodal recognition.

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

10) AMP [37]: Tt addresses the problems of modality
and data biases in multimodal multilabel emotion recognition.
This method employs adversarial temporal masking to balance
modality representations by masking dominant emotion-related
units, and adversarial parameter perturbation to improve gen-
eralization by adding perturbations to model parameters. This
method is considered the state-of-the-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 meth-
ods at p = 0.05.

E. Ablation Study

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

1) FEFU: This experiment involves using a multistream
CNN as the automated feature extraction of behavioral context
data and a cross-modal interaction module as the fusion of
multimodal 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 multimodal data, and a self-
adaptive attention function to control the contribution of differ-
ent modalities. This experiment aims to assess the efficacy of
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 per-
formance 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 II shows the performance of various approaches for
multimodal multilabel BCR on the extrasensory dataset and
ETRI lifelog dataset. First, multistream significantly outper-
forms traditional machine learning methods (BR and CC) on
both datasets, indicating that CNN extracts more complex and
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TABLE III
RESULTS OF ABLATION EXPERIMENTS ON TWO BEHAVIORAL CONTEXT DATASETS

A h Extrasensory ETRI Lifelog 2020

pproaches BA (%) REC (%) SPE (%) AL BA (%) REC (%) SPE (%) AL
FEFU 762 £ 05 792 £ 1.9 733 +f21 027 £002 634+17 642FE24 626+£42 036F003
FEFU+M2L 768 £08 7704+21 766+12 0244001 641413 646412 634+29 035+ 002
FEFU+M2L+L2L 775+ 06 769+ 1.6 78.14+22 023+£002 648+12 642417 654+25 033 +002
FEFU+HM2L+L2L 780 + 07 774+ 13 786+ 1.4 022+001 654+ 15 651418 657+ 13 033+ 001
FEFU+M2L+HL2L 78.1 £ 09 77816 784+ 18 0224002 656+ 14 654+16 658425 0324002
Ours 786 £ 04 781+ 11 7914+09 021+001 661+08 656=+17 666+ 1.1 031+ 0.01

Note: Bold entries indicate the optimal performance achieved by all ablation variants for each evaluation metric (BA, REC, SPE, HL) on the

Extrasensory and ETRI Lifelog 2020 datasets, respectively.

effective features from behavioral contexts. Second, MulT and
EMOE achieves 1.2% and 1.4% higher BA than multistream
on the Extrasensory dataset and 1.7% and 1.8% higher BA
on the ETRI Lifelog dataset. These results suggest the ne-
cessity of modeling interactions among different modalities in
multimodal behavioral context data. Third, the performance of
SSGRL, Query2Label, and SPA-LPR surpasses that of mul-
tistream 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 la-
bel correlations may bring benefits for the recognition of behav-
ioral context labels. Additionally, HHMPN and AMP achieves
2.2%~2.4% BA on the Extrasensory dataset and 2.9%~3.1%
BA on the ETRI dataset. These results indicate that simultane-
ously modeling multimodal and multilabel attributes is crucial
for BCR. 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 III,
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, high-
lighting the utility of effectively capturing modality-to-label
dependencies. Second, the FEFU + M2L + L2L module adds
the L2 module, further enhancing BA by an additional average
increase of 0.7% in BA on both datasets, underscoring the im-
portance of dynamically modeling label correlations. Third, the
FEFU + HM2L + L2L configuration replaces the M2L mod-
ule 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 modeling modality-to-label dependencies. Finally, the
FEFU + M2L + HL2L configuration substitutes the L2L mod-
ule with the HL2L. module, resulting in a 0.6%~0.8% average
improvement in BA, emphasizing the importance of consider-
ing 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

Sim. acts. (1) . Sim. acts. (1)
0.8
place. (2) place. (2)
0.6
Cpx. acts. (3) |! Cpx. acts. (3)
0.4
phone position (4) {i phone position (4) 0.2
with whom (5) with whom (5)

motion audio state motion audio state

() (®)

classroom (2) classroom (2)

meeting room (2) meeting room (2)
main workplace (2) main workplace (2)
restaurant (2) restaurant (2)
at a bar (2) at a bar (2)

at school (2) at school (2)

motion audio state motion audio state

(©) (d)

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 exam-
ples of “place” labels to modalities dependencies with consideration of label
heterogeneity.

weights from both the M2L and the HM2L using the extrasen-
sory 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
five specific label categories [Fig. 6(a) and (b)]. Moreover, to
understand the relationship between each specific behavioral
context label and the corresponding modalities, we derive de-
tailed modality-to-label attention weights for labels within the
same category. Due to the space constraint, we select six labels
within the label category “place” [Fig. 6(c) and (d)].

Through the comparison of Fig. 6(a) and (b), we can ob-
serve that accounting for label heterogeneity effectively en-
hances the attention weights for strongly correlated modali-
ties in behavioral context labels while reducing the attention
weights for weakly correlated modalities. For example, from
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Fig. 7.
GAT. (b) Calculating label-to-label dependencies through HGAT.

Fig. 5(b), the label category “places” shows a stronger asso-
ciation 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 atten-
tions for labels within the same category across each modal-
ity, 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 extrasen-
sory dataset (Fig. 7). Due to space constraints, we select eight
labels from label category “complex activities”, two labels from
label category “simple activities” and six labels from label cat-
egory “places”. It demonstrates the directed attention weights
calculated from the labels within the category “complex activ-
ities” to the labels within the category “simple activities” and
the category “place” in the form of attentio 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 predomi-
nantly linked to the “indoors” label. In contrast, Fig. 7(b) shows
that the HGAT-based attention weights are more evenly dis-
tributed across potentially relevant nodes. For example, “drive
as a driver” is now more evenly connected to both the “sitting”
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Label-to-label dependencies visualization with and without consideration of label heterogeneity. (a) Calculating label-to-label dependencies through

and the “in a car”, and “drinking alcohol” has increased at-
tention 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 BCR Case: We present a case study us-
ing 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 im-
proves the recognition performance of behavioral contexts by
modeling modality-to-label and label-to-label dependencies si-
multaneously.

D. Analysis of Model Computational Complexity

Fig. 9 illustrates the computational complexity of our pro-
posed HMMBCR model in terms of theoretical FLOPs, param-
eter count (Params), and end-to-end inference latency (time).
Specifically, FLOPs quantify the theoretical floating-point op-
erations required for a single forward pass, parameter count in-
dicates 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 ms la-
tency time, and comprises 8.45 M trainable parameters. On the
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Fig. 8. Case of behavioral context labels predicted by MulT [27] and
HMMBCR (ours) on the extrasensory dataset.

ETRI Lifelog 2020 dataset, our approach requires 2.12 GFLOPs
per sample, incurs 68.7 ms latency time, and comprises 11.88
M trainable parameters. And we have conducted on-device
deployment experiments on a Raspberry Pi 5 platform to evalu-
ate inference latency and power consumption. Specifically, our
approach achieves an average inference latency of 227 ms with
a power consumption of 6.086 W on the extrasensory dataset,
and 550 ms with 6.129 W 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 such as 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 deploy-
ment decouples model complexity from device constraints, al-
lowing the use of higher-capacity models without compromis-
ing user experience. Therefore, the observed model complexity
remains acceptable under our deployment assumptions.

Ay

1/Params (1/M)
(a)
—— MULT
—— SSGRL
— q2l
—— HHMPN
-’ —— EMOE
Ours

1/Time (1/s)

I/Parz:ms (1/M)
(b)

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; and (b) ETRI lifelog 2020 dataset.

VI. DISCUSSION

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

This study analyzes the advantages of simultaneously mod-
eling modality-to-label dependencies and label-to-label depen-
dencies in enhancing BCR. The ablation results in Table III
substantiate this assumption. Moreover, the visualizations in
Figs. 6 and 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 modeling modality-to-label depen-
dencies and label-to-label dependencies provides effective in-
formation pathways for the generation and interaction of label-
specific representations. This inference aligns with previous
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studies emphasizing the importance of modeling these depen-
dencies in emotion recognition [14], [15]. However, a distinct
characteristic of BCR is the inherent heterogeneity of different
label categories. This heterogeneity introduces new perspec-
tives 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 hetero-
geneity among label categories into the modeling of modality-
to-label and label-to-label dependencies, as supported by the
ablation results in Table III. Besides, the visualizations in Figs. 6
and 7 provide validation for the effectiveness of the heteroge-
neous 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 to distinct learning sub-
spaces, thus reducing the interference from irrelevant modali-
ties. 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 uti-
lizes this strategy for unidirectional information transmission
from each modality to the labels. This allows for a deeper ex-
ploration of the rich modality-label dependencies arising from
label heterogeneity.

Second, when modeling label-to-label dependencies, the het-
erogeneous architecture introduces more logical constraints and
intuitive connections through the dual-level attention mecha-
nism, leading to more balanced interactions between the cor-
responding 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
could 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 BCR.

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
BCR 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
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TABLE IV
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

(PANAS) [41]. From the dataset’s 51 available behavioral con-
text 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 anal-
ysis. 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 iden-
tify behavioral context labels of significantly different frequen-
cies between positive and negative mood samples. Table IV
highlights labels that showed significant differences, including
“home”, “exercise”, “watching TV”, “computer work”, and
“with friends”. These labels intuitively align with distinct emo-
tional states, which is consistent with psychological and behav-
ioral research [42], [43]. For instance, social context such as
“with friends” was 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. Con-
versely, cognitive load-related labels such as “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 BCR on the inference of
mental health, we conducted a comparative analysis of our
proposed method (HMMBCR) and several competing models
in recognizing behavioral contexts. Fig. 10 presents the bal-
anced 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 in-
tegrating information from diverse sensors, such as accelerome-
ters (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 recog-
nizing these intricate contexts.
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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 V
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

Building on this improved recognition of behavioral contexts,
Table V 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
Fl-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 BCR in
behavioral modeling. By linking fine-grained, minute-level be-
havioral 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 pre-
diction 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.

First, the proposed recognition accuracy oriented multimodal
and multilabel architecture imposes substantial computational
and memory demands that might make real-time, on-device
inference infeasible on mobile hardware. To broaden applica-
bility, the future work will purse lightweight variants by incor-
porating efficient modules, such as the light graph transformer,
LGT [44] method to reduce computational load and parameter
count while preserving robust recognition.

Second, many behavioral context labels remain severely un-
derrepresented in benchmark datasets, because exhaustive man-
ual annotation is prohibitively labor intensive, causing annota-
tors to overlook rare but semantically critical labels and leav-
ing 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 BCR models.

VII. CONCLUSION

In this article, we proposed a novel heterogeneous multi-
modal multilabel approach for BCR. Compared with existing
BCR methods, our proposed approach leverages specialized
heterogeneous decoders with self-adaptive attention to model
modality-to-label dependencies, and employs HGAT to dynam-
ically model label-to-label dependencies, both accounting for
the heterogeneity among label categories. Extensive experimen-
tal and visualization results based on two public behavioral
context datasets demonstrate the superiority of our proposed
method, which effectively enhances the performance of BCR.

REFERENCES

[1] Y. Vaizman, K. Ellis, and G. Lanckriet, “Recognizing detailed human
context in the wild from smartphones and smartwatches,” IEEE Perva-
sive Comput., vol. 16, no. 4, pp. 62-74, Oct. 2017.

[2] Y. Vaizman, N. Weibel, and G. Lanckriet, “Context recognition in-the-
wild: Unified model for multi-modal sensors and multi-label classifica-
tion,” in Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., vol.
1, no. 4, Jan. 2018, pp. 168:1-168:22.

[3] D. Das et al., “Explainable activity recognition for smart home systems,”
ACM Trans. Interact. Intell. Syst., vol. 13, no. 2, pp. 1-39, Jun. 2023.

[4] A. Khelloufi et al., “A multimodal latent-features-based service rec-
ommendation system for the social internet of things,” IEEE Trans.
Computat. Social Syst., vol. 11, no. 4, pp. 5388-5403, Aug. 2024.

[5] Q. Meng, B. Liu, H. Zhang, X. Sun, J. Cao, and R. K.-W. Lee,
“Temporal-aware and multifaceted social contexts modeling for social
recommendation,” Knowl.-Based Syst., vol. 248, Jul. 2022, Art. no.
108923.

[6] Z. Yu, F. Yi, Q. Lv, and B. Guo, “Identifying on-site users for social
events: Mobility, content, and social relationship,” IEEE Trans. Mobile
Comput., vol. 17, no. 9, pp. 2055-2068, Sep. 2018.

[71 R. Wang et al., “StudentLife: assessing mental health, academic per-
formance and behavioral trends of college students using smartphones,”
in Proc. ACM Int. Joint Conf. Pervasive Ubiquitous Comput., Seattle
Washington: ACM, Sep. 2014, pp. 3-14.

[8] K. Mundnich et al., “TILES-2018, a longitudinal physiologic and
behavioral data set of hospital workers,” Sci Data, vol. 7, no. 1,
p. 354, Oct. 2020.

[9] S. M. Mattingly et al., “The Tesserae project: Large-scale, longitudinal,
in situ, multimodal sensing of information workers,” in Proc. Extended
Abstracts CHI Conf. Human Factors Comput. Syst., Glasgow Scotland,
U.K.: ACM, May 2019, pp. 1-8.

[10] Y. Vaizman, K. Ellis, G. Lanckriet, and N. Weibel, “ExtraSensory
App: Data collection in-the-wild with rich user interface to self-report
behavior,” in Proc. CHI Conf. Hum. Factors Comput. Syst., Montreal
QC Canada: ACM, Apr. 2018, pp. 1-12.

[11] M. Ehatisham-Ul-Haq and M. A. Azam, “Opportunistic sensing for in-
ferring in-the-wild human contexts based on activity pattern recognition
using smart computing,” Future Gener. Computer Syst., vol. 106, pp.
374-392, May 2020.

[12] A. Saeed, T. Ozcelebi, S. Trajanovski, and J. J. Lukkien, “End-to-end
multi-modal behavioral context recognition in a real-life setting,” in
Proc. 22th Int. Conf. Inf. Fusion (FUSION), Jul. 2019, pp. 1-8.

Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on April 08,2026 at 08:16:19 UTC from IEEE Xplore. Restrictions apply.



[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]
[31]

[32]

Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on April 08,2026 at 08:16:19 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

X. Yang et al., “A multiscale cross-modal interactive fusion network
for human activity recognition using wearable sensors and smart-
phones,” IEEE Internet Things J., vol. 11, no. 16, pp. 27139-27152,
Aug. 2024.

D. Zhang, X. Ju, J. Li, S. Li, Q. Zhu, and G. Zhou, “Multi-modal multi-
label emotion detection with modality and label dependence,” in Proc.
Conf. Empirical Methods Nat. Lang. Process. (EMNLP), Assoc. Comput.
Linguistics, 2020, pp. 3584-3593.

D. Zhang et al., “Multi-modal multi-label emotion recognition with
heterogeneous hierarchical message passing,” AAAI vol. 35, no. 16, pp.
14338-14346, May 2021.

J. Ni, H. Tang, S. T. Haque, Y. Yan, and A. H. H. Ngu, “A survey on
multimodal wearable sensor-based human action recognition,” Apr. 14,
2024, arXiv:2404.15349.

S. Bhattacharya, R. Adaimi, and E. Thomaz, “Leveraging sound and
wrist motion to detect activities of daily living with commodity smart-
watches,” in Proc. ACM Interact. Mob. Wearable Ubiquitous Technol.,
vol. 6, no. 2, Jul. 2022, pp. 1-28.

H.-T. Vu, M.-T. Nguyen, V.-C. Nguyen, M.-H. Pham, V.-Q. Nguyen, and
V.-H. Nguyen, “Label-representative graph convolutional network for
multi-label text classification,” Appl Intell., vol. 53, no. 12, pp. 14759—
14774, Jun. 2023.

J. Yuan et al., “Graph attention transformer network for multi-label
image classification,” ACM Trans. Multimedia Comput. Commun. Appl.,
vol. 19, no. 4, pp. 1-16, Jul. 2023.

H. Fan, W. Yan, L. Wang, J. Liu, Y. Bin, and J. Xia, “Deep learning-
based multi-functional therapeutic peptides prediction with a multi-label
focal dice loss function,” Bioinformatics, vol. 39, no. 6, Jun. 2023, Art.
no. btad334.

J. Wang, Y. Yang, J. Mao, Z. Huang, C. Huang, and W. Xu,
“CNN-RNN: A unified framework for multi-label image classifica-
tion,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 2285-2294.

J. Zhang, Q. Wu, C. Shen, J. Zhang, and J. Lu, “Multilabel image
classification with regional latent semantic dependencies,” IEEE Trans.
Multimedia, vol. 20, no. 10, pp. 2801-2813, Oct. 2018.

T. Chen, M. Xu, X. Hui, H. Wu, and L. Lin, “Learning semantic-
specific graph representation for multi-label image recognition,” in Proc.
IEEE/CVF Int. Conf. Comput. Vis., 2019, pp. 522-531.

J. Ye, J. He, X. Peng, W. Wu, and Y. Qiao, “Attention-driven dynamic
graph convolutional network for multi-label image recognition,” in Proc.
Comput. Vis. (ECCV), vol. 12366, in Lecture Notes in Computer Sci.,
Cham: Springer Int. Publishing, 2020, pp. 649-665.

A. Mohamed, F. Lejarza, S. Cahail, C. Claudel, and E. Thomaz,
“HAR-GCNN: Deep graph CNNs for human activity recogni-
tion from highly unlabeled mobile sensor data,” in Proc. IEEE
Int. Conf. Pervasive Comput. Commun. Workshops Other Affiliated
Events (PerCom Workshops), Pisa, Italy: IEEE Press, Mar. 2022,
pp. 335-340.

W. Ge, G. Mou, E. O. Agu, and K. Lee, “Heterogeneous hyper-graph
neural networks for context-aware human activity recognition,” in Proc.
IEEE Int. Conf. Pervasive Comput. Commun. Workshops Other Affiliated
Events (PerCom Workshops), Atlanta, GA, USA: IEEE Press, Mar. 2023,
pp- 350-354.

Y.-H. H. Tsai, S. Bai, P. P. Liang, J. Z. Kolter, L.-P. Morency, and
R. Salakhutdinov, “Multimodal transformer for unaligned multimodal
language sequences,” in Proc. Annu. Meeting Assoc. Comput. Linguistics
(ACL), 2019, pp. 6558-6569.

Q. Wang, B. Wu, P. Zhu, P. Li, W. Zuo, and Q. Hu, “ECA-Net: Efficient
channel attention for deep convolutional neural networks,” in Proc.
IEEE/CVF Conf. Comput. Vision Pattern Recognit. (CVPR), Seattle, WA,
USA: IEEE Press, Jun. 2020, pp. 11531-11539.

P. Velickovi¢, G. Cucurull, A. Casanova, A. Romero, P. Lio, and
Y. Bengio, “Graph attention networks,” in Proc. Int. Conf. Learn.
Representations (ICLR), 2018.

S. Chung et al.,, “Real-world multimodal lifelog dataset for human
behavior study,” Etri J., vol. 44, no. 3, pp. 426437, Jun. 2022.

1. Loshchilov and F. Hutter, “Decoupled weight decay regularization,”
in Proc. Int. Conf. Learn. Representations (ICLR), 2019.

N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and R. Salakhut-
dinov, “Dropout: A simple way to prevent neural networks from
overfitting,” J. Mach. Learn. Res., vol. 15, no. 56, pp. 1929-1958,
2014.

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

R. Pascanu, T. Mikolov, and Y. Bengio, “On the difficulty of training
recurrent neural networks,” in Proc. Int. Conf. Mach. Learn. (ICML),
2013, pp. 1310-1318.

X. Shen, M. Boutell, J. Luo, and C. Brown, “Multilabel machine
learning and its application to semantic scene classification,” in Proc.
Storage Retrieval Methods IEEE Int. Symp. Spread Spectr. Tech. Appl.
Multimedia, SPIE, 2003, pp. 188-199.

J. Read, B. Pfahringer, G. Holmes, and E. Frank, “Classifier chains for
multi-label classification,” Mach Learn., vol. 85, no. 3, pp. 333-359,
Dec. 2011.

S. Liu, L. Zhang, X. Yang, H. Su, and J. Zhu, “Query2Label: A simple
transformer way to multi-label classification,” in Proc. IEEE/CVF Int.
Conf. Comput. Vis. (ICCV), 2021, pp. 152-161.

S. Ge, Z. Jiang, Z. Cheng, C. Wang, Y. Yin, and Q. Gu, “Learning
robust multi-modal representation for multi-label emotion recognition
via adversarial masking and perturbation,” in Proc. ACM Web Conf.,
Austin TX USA: ACM, Apr. 2023, pp. 1510-1518.

Z. Hu, Y. Dong, K. Wang, and Y. Sun, “Heterogeneous graph trans-
former,” in Proc. Web Conf., Taipei Taiwan: ACM, Apr. 2020, pp. 2704—
2710.

T. Yang, L. Hu, C. Shi, H. Ji, X. Li, and L. Nie, “HGAT: Het-
erogeneous graph attention networks for semi-supervised short text
classification,” ACM Trans. Inf. Syst., vol. 39, no. 3, pp. 1-29,
Jul. 2021.

D. F. SantomauroVo et al., “Global prevalence and burden of depressive
and anxiety disorders in 204 countries and territories in 2020 due to
the COVID-19 pandemic,” Lancet, vol. 398, no. 10312, pp. 1700-1712,
Nov. 2021.

A. Mackinnon, “A short form of the positive and negative affect sched-
ule evaluation of factorial validity and invariance across demographic
variables in a community sample,” Personality Individual Differences,
vol. 27, no. 3, pp. 405-416, 1999.

K. H. Greenaway, E. K. Kalokerinos, and L. A. Williams, “Context is
everything (in emotion research),” Social Personality Psychol. Compass,
vol. 12, no. 6, 2018, Art. no. e12393.

L. Bechade, G. Dubuisson Duplessis, M. Sehili, and L. Devillers,
“Behavioral and emotional spoken cues related to mental states in
human-robot social interaction,” in Proceedings of the 2015 ACM on
International Conference on Multimodal Interaction, Seattle Washington
USA: ACM, Nov., 2015, pp. 347-350.

Y. Wei, W. Liu, F. Liu, X. Wang, L. Nie, and T.-S. Chua, “LightGT:
A light graph transformer for multimedia recommendation,” in Proc.
46th Int. ACM SIGIR Conf. Res. Develop. Inf. Retrieval, Taipei, Taiwan:
ACM, Jul. 2023, pp. 1508-1517.

J. Cheng and N. Vasconcelos, “Towards calibrated multi-label deep neu-
ral networks,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.
(CVPR), 2024, pp. 27589-27599.

FY. Fang, WK. Huang, G.C. Wan, K. Su, and M. Ye, “EMOE:
Modality-specific enhanced dynamic emotion experts,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR) 2025, pp.
14314-14324.

F. Wilcoxon, “Individual comparisons by ranking methods,” Biometrics
Bull, vol. 1, no. 6, pp. 80-83, Dec. 1945.

S. Iranpak, A. Shahbahrami, and H. Shakeri, “Remote patient mon-
itoring and classifying using the Internet of Things platform com-
bined with cloud computing,” J. Big Data, vol. 8, no. 1, p. 120,
2021.

Z. Rashid et al., “Digital phenotyping of mental and physical conditions:
Remote monitoring of patients through RADAR-base platform,” JMIR
Mental Health, vol. 11, Oct. 2024, Art. no. e51259.

Haodong Liu received the B.Eng. degree in
biomedical engineering in 2022 from the School
of Biomedical Engineering, Sun Yat-sen University,

e s Shenzhen, China, where he is currently working
< ‘ew'h toward the M.S. degree in biomedical engineering.
) ’ His research interests include human activity
—_— recognition, human behavior context recognition,

and multimodal data application.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

LIU et al.: HETEROGENEOUS MULTIMODAL MULTILABEL BEHAVIORAL CONTEXT RECOGNITION 15

Ye Zhang received the Ph.D. degree in electronic
science and technology from the National Univer-
sity of Defense Technology (NUDT), Changsha,
China, in 2023.

He is currently a Postdoctoral Researcher with
the School of Electronics and Communication En-
gineering, Sun Yat-sen University, Shenzhen, China.
His research interests include human—computer in-
teraction, pattern recognition, time series analysis,
and deep learning.

Zhidan Liu (Member, IEEE) received the Ph.D.
degree in computer science and technology from
Zhejiang University, Hangzhou, China, in 2014.
After that, he worked as a Research Fellow with
Nanyang Technological University, Singapore, and
a Faculty Member with College of Computer Sci-
ence and Software Engineering, Shenzhen Univer-
sity, Shenzhen, China. He is currently an Assistant
Professor with Intelligent Transportation Thrust,
System Hub, Hong Kong University of Science
and Technology, Guangzhou, China. His research
interests include Internet of Things, urban computing, and big data analytics.
Dr. Liu is a Senior Member of CCF and a Member of ACM.

Hongyuan Zhu (Member, IEEE) received the Ph.D.
degree in computer engineering from Nanyang
Technological University (NTU), Singapore, in
2015.

He is a Senior Scientist and PI with the Institute
of Infocomm Research (I?R), Agency for Science,
Technology, and Research (AxSTAR), Singapore.
He is leading the Advanced Perception Reason-
ing Lab. His research interests include multimodal
learning and reasoning.

Dr. Zhu is an Associate Editor of Visual Com-
puter since 2020. He also served as the Session Chair of International

Joint Conference on Artificial Intelligence (IJCAI 2018) and Polymer and
Composite Materials 2014, Senior Program Committee of IJCAI 2021, and
the Guest Editor of IET Image Processing in 2018. He won the Distinguished
Paper award of the International Consortium of Chinese Mathematicians in
2017 and the Top-10% paper award of the International Conference on Image
Processing 2014. He has published around 80 top-tier journal and conference
papers, such as Conference on Computer Vision and Pattern Recognition,
International Conference on Computer Vision, International Conference on
Machine Learning, Association for the Advancement of Artificial Intelli-
gence, International Joint Conference on Artificial Intelligence (IJCAI), IEEE
TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, IEEE
TRANSACTIONS ON IMAGE PROCESSING, and others.

Changhong Wang received the B.Eng. in automa-
tion and M.Eng. degree in control science from
Harbin Institute of Technology, Harbin, China, and
the Ph.D. degree in biomedical engineering from
The University of New South Wales (UNSW),
Kensington, Australia, in 2011, 2013, and 2017,
respectively.

From 2018 to 2020, he was a Postdoctoral Re-
search Fellow with Baylor College of Medicine,
Houston, TX, USA. He is currently an Associate
Professor with Sun Yat-sen University, Shenzhen,
China. His research interests include wearable and mobile data analysis, and
low-power medical electronics design.

Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on April 08,2026 at 08:16:19 UTC from IEEE Xplore. Restrictions apply.




<<
	/CompressObjects /Off
	/ParseDSCCommentsForDocInfo false
	/CreateJobTicket false
	/PDFX1aCheck false
	/ColorImageMinResolution 200
	/GrayImageResolution 300
	/DoThumbnails false
	/ColorConversionStrategy /sRGB
	/GrayImageFilter /DCTEncode
	/EmbedAllFonts true
	/CalRGBProfile (Adobe RGB \0501998\051)
	/MonoImageMinResolutionPolicy /OK
	/AllowPSXObjects false
	/LockDistillerParams true
	/ImageMemory 1048576
	/DownsampleMonoImages true
	/ColorSettingsFile (None)
	/PassThroughJPEGImages true
	/AutoRotatePages /None
	/Optimize false
	/ParseDSCComments false
	/MonoImageDepth -1
	/AntiAliasGrayImages false
	/GrayImageMinResolutionPolicy /OK
	/JPEG2000ColorImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/ConvertImagesToIndexed true
	/MaxSubsetPct 100
	/Binding /Left
	/PreserveDICMYKValues false
	/GrayImageMinDownsampleDepth 2
	/MonoImageMinResolution 400
	/sRGBProfile (sRGB IEC61966-2.1)
	/AntiAliasColorImages false
	/GrayImageDepth -1
	/PreserveFlatness false
	/OtherNamespaces [
		<<
			/IncludeSlug false
			/CropImagesToFrames true
			/IncludeNonPrinting false
			/OmitPlacedBitmaps false
			/AsReaderSpreads false
			/Namespace [
				(Adobe)
				(InDesign)
				(4.0)
			]
			/FlattenerIgnoreSpreadOverrides false
			/OmitPlacedEPS false
			/OmitPlacedPDF false
			/SimulateOverprint /Legacy
			/IncludeGuidesGrids false
			/ErrorControl /WarnAndContinue
		>>
		<<
			/IgnoreHTMLPageBreaks false
			/IncludeHeaderFooter false
			/AllowTableBreaks true
			/UseHTMLTitleAsMetadata true
			/MetadataTitle /
			/ShrinkContent true
			/UseEmbeddedProfiles false
			/TreatColorsAs /MainMonitorColors
			/MetricUnit /inch
			/RemoveBackground false
			/HonorBaseURL true
			/ExpandPage false
			/AllowImageBreaks true
			/MetadataSubject /
			/MarginOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/Namespace [
				(Adobe)
				(GoLive)
				(8.0)
			]
			/OpenZoomToHTMLFontSize false
			/PageOrientation /Portrait
			/MetadataAuthor /
			/MobileCompatible 0.0
			/MetadataKeywords /
			/MetricPageSize [
				0.0
				0.0
			]
			/HonorRolloverEffect false
		>>
		<<
			/IncludeProfiles true
			/ConvertColors /NoConversion
			/FormElements true
			/MarksOffset 6.0
			/FlattenerPreset <<
				/PresetSelector /MediumResolution
			>>
			/DestinationProfileSelector /UseName
			/MultimediaHandling /UseObjectSettings
			/PreserveEditing true
			/PDFXOutputIntentProfileSelector /UseName
			/BleedOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/UntaggedRGBHandling /LeaveUntagged
			/GenerateStructure false
			/AddRegMarks false
			/IncludeHyperlinks false
			/IncludeBookmarks false
			/MarksWeight 0.25
			/PageMarksFile /RomanDefault
			/UntaggedCMYKHandling /LeaveUntagged
			/AddPageInfo false
			/AddBleedMarks false
			/IncludeLayers false
			/IncludeInteractive false
			/AddColorBars false
			/UseDocumentBleed false
			/AddCropMarks false
			/DestinationProfileName (U.S. Web Coated \050SWOP\051 v2)
			/Namespace [
				(Adobe)
				(CreativeSuite)
				(2.0)
			]
			/Downsample16BitImages true
		>>
	]
	/CompressPages true
	/GrayImageMinResolution 200
	/CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
	/PDFXBleedBoxToTrimBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/AutoFilterGrayImages false
	/EncodeColorImages true
	/AlwaysEmbed [
	]
	/EndPage -1
	/DownsampleColorImages true
	/ASCII85EncodePages false
	/PreserveEPSInfo false
	/PDFXTrimBoxToMediaBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/CompatibilityLevel 1.7
	/MonoImageResolution 600
	/NeverEmbed [
	]
	/CannotEmbedFontPolicy /Error
	/PreserveOPIComments false
	/AutoPositionEPSFiles false
	/JPEG2000GrayACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
	/EmbedJobOptions true
	/JPEG2000ColorACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/MonoImageDownsampleType /Bicubic
	/DetectBlends true
	/EmitDSCWarnings false
	/ColorImageDownsampleType /Bicubic
	/EncodeGrayImages true
	/Namespace [
		(Adobe)
		(Common)
		(1.0)
	]
	/AutoFilterColorImages false
	/DownsampleGrayImages true
	/GrayImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/AntiAliasMonoImages false
	/GrayImageAutoFilterStrategy /JPEG
	/GrayACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/ColorImageAutoFilterStrategy /JPEG
	/ColorImageMinResolutionPolicy /OK
	/ColorImageResolution 300
	/PDFXRegistryName (http://www.color.org)
	/MonoImageFilter /CCITTFaxEncode
	/CalGrayProfile (Dot Gain 15%)
	/ColorImageMinDownsampleDepth 1
	/PDFXTrapped /False
	/DetectCurves 0.0
	/ColorImageDepth -1
	/JPEG2000GrayImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/TransferFunctionInfo /Remove
	/ColorImageFilter /DCTEncode
	/PDFX3Check false
	/ParseICCProfilesInComments true
	/DSCReportingLevel 0
	/ColorACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/PDFXOutputConditionIdentifier (CGATS TR 001)
	/PDFXCompliantPDFOnly false
	/AllowTransparency false
	/UsePrologue false
	/PreserveCopyPage true
	/StartPage 1
	/MonoImageDownsampleThreshold 1.5
	/GrayImageDownsampleThreshold 1.5
	/CheckCompliance [
		/None
	]
	/CreateJDFFile false
	/PDFXSetBleedBoxToMediaBox true
	/EmbedOpenType false
	/OPM 1
	/PreserveOverprintSettings true
	/UCRandBGInfo /Preserve
	/ColorImageDownsampleThreshold 1.5
	/MonoImageDict <<
		/K -1
	>>
	/GrayImageDownsampleType /Bicubic
	/Description <<
		/ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
		
		/FRA <>
		/KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
		/HUN <>
		/NOR <>
		/DEU <>
		/CZE <>
		/ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
		/DAN <>
		/JPN <>
		
		/SUO <>
		/CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
		/CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
		
		
		
		/PTB <>
		/NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
		/TUR <>
		/POL <>
		
		/SVE <>
		
		/ESP <>
	>>
	/CropMonoImages false
	/DefaultRenderingIntent /Default
	/PreserveHalftoneInfo true
	/ColorImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/CropGrayImages false
	/PDFXOutputCondition ()
	/SubsetFonts false
	/EncodeMonoImages true
	/CropColorImages false
	/PDFXNoTrimBoxError true
>>
setdistillerparams
<<
	/PageSize [
		612.0
		792.0
	]
	/HWResolution [
		600
		600
	]
>>
setpagedevice


