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Abstract—Group recommender systems aim to generate rec-
ommendations that align with the collective preferences of a
group, introducing challenges that differ significantly from those
in individual recommendation scenarios. This paper presents
Joint Group Profiling and Recommendation via Deep Neural
Network-based Multi-Task Learning, a framework that unifies
group profiling and recommendation tasks within a single model.
By jointly learning these tasks, the model develops a deeper
understanding of group dynamics, leading to improved recom-
mendation accuracy. The shared representations between the two
tasks facilitate the discovery of latent features essential to both,
resulting in richer and more informative group embeddings.
To further enhance performance, an attention mechanism is
integrated to dynamically evaluate the relevance of different
group features and item attributes, ensuring the model prioritizes
the most impactful information. Experiments and evaluations
on real-world datasets demonstrate that our multi-task learning
approach consistently outperforms baseline models in terms of
accuracy, validating its effectiveness and robustness.

Index Terms—Group Recommender System, Multi-task Learn-
ing, Group Profiling, Joint Learning, Representation Learning,
Deep Neural Network

I. INTRODUCTION

The explosive growth of online platforms and digital ser-
vices has led to an overwhelming abundance of choices for
users, making recommender systems an essential tool for
filtering and personalizing content [1]. While traditional rec-
ommender systems primarily focus on individual users, many
real-world scenarios involve group-based decision-making,
such as choosing project for student groups, selecting movies
for family viewing, or planning group travel activities [2]–[5].

Group Recommender Systems (GRS) aim to provide rec-
ommendations that satisfy the preferences of a group of users
rather than a single individual. This task introduces unique
challenges not present in individual recommendation scenar-
ios. One primary challenge is the aggregation of individual
preferences into a coherent group preference that is acceptable
to all or most group members [6]. Traditional approaches often
rely on preference aggregation strategies like averaging indi-
vidual preferences or selecting the least objectionable option,
which may not adequately capture the complex dynamics of
group decision-making [7].

Another critical aspect of GRSs is group profiling, which in-
volves creating a representation of the group’s collective char-
acteristics and preferences. Effective group profiling can en-
hance the recommendation process by considering the group’s
overall behavior patterns, social interactions, and the influence
of individual members within the group [8]. However, existing

methods typically treat group profiling and recommendation as
separate tasks, potentially missing out on the benefits of shared
information between them.

Recent advances in multi-task learning (MTL) have demon-
strated significant improvements in various domains by lever-
aging shared information across related tasks [9], [10]. How-
ever, the application of MTL to group recommender systems
remains largely unexplored, particularly in the context of joint
optimization of group profiling and recommendation tasks.

In this paper, we introduce Joint Group Profiling and
Recommendation via Deep Neural Network-based Multi-Task
Learning, a MTL framework designed to simultaneously per-
form group profiling and recommendation within group rec-
ommender systems. MTL facilitates the joint training of these
interrelated tasks, allowing the model to leverage shared repre-
sentations, thereby improving generalization and performance.
By treating group profiling as an auxiliary task to the primary
recommendation task, our approach effectively captures the
intricate relationships between group characteristics and item
preferences. This unified framework not only enhances the
understanding of group dynamics but also improves recom-
mendation accuracy by uncovering latent features relevant
to both tasks. To further refine the model, we integrate an
attention mechanism that dynamically weighs the importance
of various group features and item attributes, enabling the
model to focus on the most impactful information for gener-
ating recommendations. Extensive experiments on real-world
datasets confirm that our method outperforms baseline models,
delivering superior accuracy and enhancing user satisfaction.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work in GRSs and MTL. Section 3
outlines the main contributions, detailing the approach and its
components. Section 4 describes the experiments, including
the datasets used for evaluation, and presents the results along
with a discussion of the findings. Finally, Section 5 concludes
the paper and suggests directions for future research.

II. RELATED WORK
Our research intersects with several important areas in rec-

ommender systems and deep neural network-based learning.
Therefore, this section reviews relevant literature in group
recommender systems, and multi-task learning approaches.
A. Group Recommender Systems and Group Profiling

Group recommender systems (GRS) have evolved signifi-
cantly from early preference aggregation approaches to more
sophisticated models that capture group dynamics. Early works



like MovieLens [11] or PolyLens [12] primarily focused on
simple aggregation strategies such as averaging individual
preferences or using minimum satisfaction guarantees. These
approaches, while straightforward, often failed to capture
complex group interactions and social dynamics.

More recent approaches have incorporated social relation-
ship modeling into GRS. Guo et al. [13] proposed SoGRec, a
framework that integrates social connections and group pref-
erences using a neural architecture to capture both individual
and group-level social influences. Similarly, Cao et al. [14]
introduced AttentiveGroup, which uses attention mechanisms
to model member interactions and their relative influence
within groups. Several studies have explored context-aware
group recommendation. Quintarelli et al. [3] developed a
system for ephemeral groups that adapts to different contextual
situations.

Group profiling has traditionally been approached through
two main paradigms: aggregation-based and learning-based
methods. Aggregation-based approaches, as surveyed by Mas-
thoff [2], include strategies such as least misery, average
satisfaction, and maximum pleasure. These methods, while
interpretable, often oversimplify group dynamics. Learning-
based group profiling has gained prominence with the advent
of deep learning. Sanchez et al. [15] proposed a neural
approach for modeling dynamic group preferences that adapts
to changing group compositions and contexts. Hu et al. [16]
developed an attention mechanism to model group members’
dynamic interactions and contributions. However, these ap-
proaches still treat profiling as a standalone task separate from
recommendation.
B. Multi-task Learning in Group Recommendation

Recent advances in deep learning have introduced tech-
niques for improving GRS, particularly through Multi-Task
learning (MTL) and neural network architectures. MTL has
shown promising results in various domains, as highlighted in
surveys by Ruder [9] and Crawshaw [17]. In the context of rec-
ommender systems, MTL demonstrated improved performance
by jointly learning user profiling and item recommendation
[18], [19].

Several studies have applied advanced learning approaches
to group recommendation scenarios. Chen et al. [20] proposed
a multi-task learning framework for group itinerary recommen-
dation that jointly optimizes both personal and group prefer-
ences while capturing temporal dependencies. Their approach
demonstrates how shared learning can improve the quality
of group recommendations by leveraging the relationships
between individual and group-level preferences. Building on
the power of neural networks, Feng et al. [21] developed a
deep neural network-based MTL approach that simultaneously
learns social relationships and recommendation tasks, demon-
strating the effectiveness of joint optimization in social-aware
group recommendation. Their work shows how MTL can
effectively capture complex social dynamics while maintaining
computational efficiency. Further advancing these approaches,
Huang et al. [22] introduced a neural network model that
efficiently captures complex group dynamics through multiple

specialized components, showing significant improvements in
recommendation accuracy. Their work demonstrates how ded-
icated architectural designs can address the unique challenges
of group recommendation.

These advanced approaches have made significant progress
in addressing key challenges in group recommendation, in-
cluding capturing dynamic group member interactions, bal-
ancing individual and group preferences, modeling contextual
influences, and learning shared representations across different
tasks. Despite these advances, most existing approaches treat
group profiling and recommendation as separate tasks, po-
tentially missing important interdependencies between them.
Our work addresses this limitation by proposing a MTL
framework that jointly optimizes both group profiling and
recommendation tasks in the next section.

III. JOINT GROUP PROFILING AND RECOMMENDATION:
OUR APPROACH

In this section, we first formalize the problem of joint group
profiling and recommendation using multi-task learning. Then,
we present our deep neural architecture for carrying out these
tasks simultaneously.
A. Task Formulation

Let define the fundamental components of our group rec-
ommender system:

• G = {g1, g2, . . . , gN}: the set of groups.
• U = {u1, u2, . . . , uM}: the set of users.
• I = {i1, i2, . . . , iK}: the set of items.
• R: the set of possible ratings or feedback scores.
• rg,i ∈ R: Observed ratings provided by group g for item

i.
• xu ∈ Rd: feature vector representing user u. derived from

its members.
• xi ∈ Rf : feature vector representing item i.

Each user u ∈ U is represented by an individual feature
vector xu, which may include information such as preferences,
interests, skills, and historical interactions. The objective is
to leverage these individual user inputs to create meaningful
group profiles and provide group-level recommendations.

Definition 1 (Group Profile): A group profile, denoted
pg ∈ Rh, is a latent representation that encapsulates the col-
lective preferences, characteristics, or behaviors of the group
g, derived from the aggregation of individual user inputs. This
profile serves as a summary of the group’s shared identity and
is used to guide recommendations relevant to the group as a
whole.

Take the case of a university course where students are
grouped into teams for a project-based assessment. Each
student has a unique feature vector xu capturing their skills,
interests, and academic history. Group profiles pg are created
by aggregating these features, providing a snapshot of each
group’s overall capabilities and preferences.

Definition 2 (Group Profiling Task): The group profiling task
is the task of creating a representative summary, or latent pro-
file, for a group by combining the characteristics, preferences,
or behaviors of individual members. This profile captures the



collective identity of the group, reflecting shared interests,
capabilities, or preferences that guide decision-making for the
group as a whole.

For instance, in a university course setting, group profiling
for a team of students may involve averaging or aggregating
each student’s skills and interests to form a group profile. This
group profile may then reflect a preference for projects focused
on data science or software engineering, depending on the
group’s combined experience and interests.

Definition 3 (Recommendation Task): The recommendation
task involves predicting the rating r̂g,i that a group g would
assign to an item i. This prediction is based on both the group
profile pg and the item’s latent embedding ei, and it serves to
align recommendations with the group’s collective interests.

For example, for a student group profile that shows a
preference for data science projects, the recommendation task
might prioritize projects on machine learning, data visualiza-
tion, or predictive analytics. The system ranks these projects
based on predicted ratings or relevance scores, ultimately
recommending the projects that best suit the group’s profile.

Our approach addresses group recommendation through a
MTL framework that jointly optimizes two key functions:
group profiling and recommendation. The group profiling
function learns to create group profiles by aggregating in-
dividual user characteristics and behaviors, generating a la-
tent representation that captures the collective preferences
of group members. The recommendation function then uses
these learned group profiles along with item embeddings
to predict how groups will rate different items. These two
tasks are optimized simultaneously through a combined loss
function that balances recommendation accuracy (measured
by the difference between predicted and actual group ratings)
and profiling quality. This joint optimization ensures that the
learned group profiles are both meaningful representations of
group characteristics and effective predictors of group prefer-
ences, while a hyperparameter controls the relative importance
of each task during the learning process.

Our goal is to recommend a list of top-K items Igtop-K

for each group g, based on the predicted ratings r̂g,i, while
simultaneously learning meaningful group profiles pg . This
dual objective ensures that the model not only predicts accurate
recommendations but also gains a deeper understanding of the
group’s collective characteristics, which can be leveraged for
various downstream applications.

IV. DEEP MULTI-TASK LEARNING ARCHITECTURE
We introduce a Deep Neural Network-based Multi-Task

Learning (DMTL) architecture which is designed to leverage
individual user and item inputs for simultaneously learning
both group profiles and generating group-level recommenda-
tions. This unified approach harnesses shared representations
across tasks, enabling the model to capture nuanced user
preferences within a group and deliver recommendations that
resonate with the group’s collective identity.
A. Individual User and Item Embedding Layers

Each user u ∈ U and each item i ∈ I are represented
by their respective feature vectors xu ∈ Rdu and xi ∈ Rdi ,

encompassing attributes such as preferences, skills, historical
interactions, and item-specific characteristics. To transform
these features into dense, meaningful representations, we em-
ploy separate embedding layers:

hu = ReLU (Wuxu + bu) (1)

hi = ReLU (Wixi + bi) (2)
where Wu and Wi are the weight matrices, while bu and bi

are the bias vectors for users and items, respectively. These
transformations capture latent relationships within each feature
space, setting the stage for effective interaction modeling.

B. Attention Mechanism for Dynamic Weighting
To create a meaningful interaction between user and item

embeddings, we employ an Attention Mechanism Layer [23]
that dynamically assigns importance weights to different as-
pects of the user-item pair. This mechanism operates as
follows:

hconcat = Wconcat · hu +Wconcat · hi + bconcat (3)

hattn = ReLU (Wattn · hconcat + battn) (4)

αu = Softmax (Wscore · hattn + bscore) (5)

hattn item = αu ⊙ hi (6)
where Wconcat and bconcat are the weight matrix and bias
vector for concatenating user and item embeddings. Wattn and
battn are the weight matrix and bias vector for the attention
hidden layer. Wscore and bscore are the weight matrix and bias
vector for computing attention scores. ⊙ denotes element-wise
multiplication.

The attention mechanism computes intermediate represen-
tations hattn, which are then transformed into attention weights
αu through a softmax function. These weights are applied
element-wise to the item embeddings hi, resulting in the
attention-weighted item embeddings hattn item.

C. Combining Embeddings and Shared Representation Layer
The attention-weighted item embeddings are combined with

the original user embeddings as follows:

hcombined = hu + hattn item (7)

This combined embedding hcombined ∈ Rh1 is then passed
through a Shared Representation Layer, which further refines
and enhances the group profile by capturing higher-order
interactions:

zg = ReLU (Wshared · hcombined + bshared) (8)

where Wshared and bshared are the weight matrix and bias
vector for the shared dense layer.

The shared layer zg serves as a robust foundation for
both the classification (group profiling) and regression (rating
prediction) tasks, ensuring that the learned representations are
versatile and informative.

D. Task-Specific Heads
The architecture branches into two distinct Task-Specific

Heads: (i) Group Profiling Head: This head generates the



group profile pfinal
g by mapping the shared representation

through a fully connected layer:

pfinal
g = Wprofile · zg + bprofile (9)

where Wprofile and bprofile are the weight matrix and bias vector
for the profiling head. The resulting profile encapsulates the
group’s collective preferences and characteristics, providing a
latent representation of the group’s identity. (ii) Recommen-
dation Head: This head predicts the rating r̂g,i for each item
i based on the final group profile and the item’s embedding:

r̂g,i = Wrec · pfinal
g +Witem · ei + brec (10)

where Wrec and brec are the weight matrix and bias vector
for the recommendation head. Witem is the weight matrix for
the item embedding ei. The linear combination of the group
profile and item embedding produces a predicted rating r̂g,i,
indicating the group’s anticipated interest in item i.
E. Multi-Task Loss Function

To effectively train the model for both group profiling and
recommendation, we employ a Multi-Task Loss Function that
combines the losses from both tasks:

L = Lrec + λLprofile (11)

where Lrec is the recommendation loss, calculated as the Mean
Squared Error (MSE) between actual and predicted ratings:

Lrec =
1

|D|
∑

(g,i,r)∈D

(rg,i − r̂g,i)
2 (12)

where D represents the set of observed group-item-rating
tuples. Lprofile is the profiling loss, which evaluates the quality
of the group profiles. This could be implemented using a
classification loss such as cross-entropy loss if group profiling
is treated as a classification task:

Lprofile = − 1

|G|
∑
g∈G

C∑
c=1

yg,c log(ŷg,c) (13)

where yg,c is the true label for group g in class c, and ŷg,c is
the predicted probability. λ is a hyperparameter that balances
the contribution of the profiling loss relative to the recom-
mendation loss, ensuring that neither task disproportionately
influences the training process.

The proposed architecture effectively captures user char-
acteristics, aggregates them into a group profile, and lever-
ages this profile for group-level recommendations. By using
user inputs, the model can adapt dynamically to the group’s
changing composition, enhancing both profiling accuracy and
recommendation relevance.

V. EXPERIMENTS
In this section, we introduce the dataset used to evaluate

the performance of our proposed approach and describe the
baseline models selected for comparison. We then present a
detailed analysis of the experimental results.
A. Dataset

We evaluated our proposed approach on two distinct datasets
(Table I): (i) ITM-Rec Dataset [24]: A domain-specific educa-
tional dataset collected from the Information Technology and

Management department at Illinois Institute of Technology.
The dataset encompasses student interactions and evaluations
at both individual and group levels, providing a specialized
context for academic recommendation tasks. (ii) MovieLens
100K1: A benchmark dataset widely adopted in recommender
systems research. While ITM-Rec focuses on educational
resources, MovieLens represents entertainment preferences,
enabling us to assess our group profiling methodology across
different domains.

TABLE I: Statistics on the datasets

Dataset Nb of
Users

Nb of
Items

Rating
Scale

Data
Sparsity

Nb of
Rating

ITM-Rec
Dataset 454 70 [1,5] 83.54% 5230

Movielens
100K 943 1682 [1,5] 93.70% 100,000

B. Baseline models and Evaluation Metrics
To evaluate our approach, we compare its performance with

several established baseline methods, which serve as funda-
mental benchmarks for assessing algorithmic performance.
These baselines, implemented within the Surprise Python
library [25] and the PyTorch framework [26], encompass a
spectrum of approaches ranging from elementary to sophis-
ticated: the baseline algorithm incorporates user and item
biases; K-Nearest Neighbors variants (KNNBasic, KNNWith-
Means) [27]; matrix factorization methods including Singu-
lar Value Decomposition (SVD), SVD++ [28], Non-negative
Matrix Factorization (NMF) [29], and Slope One [30]. These
methods, each supported by established research in collabo-
rative filtering literature, collectively provide a framework for
evaluating the performance gains achieved by our recommen-
dation approaches.

Regarding the evaluation metrics, we use precision, recall,
and F1-score for the group profiling task. For the recommen-
dation task, we employ two metrics: Precision@10 (P@10)
and Recall@10 (R@10). P@10 measures the ratio of relevant
items among the top-10 recommendations, formally defined
as:

P@10 =
|relevant items ∩ recommended items@10|

10
(14)

While R@10 quantifies the proportion of relevant items
captured within the top-10 recommendations:

R@10 =
|relevant items ∩ recommended items@10|

|total relevant items|
(15)

These metrics provide a assessment framework: P@10
evaluates recommendation accuracy, while R@10 measures
the completeness of relevant item coverage.
C. Experimental Results

To evaluate the group profiling task, we applied KMeans
clustering to create 20 groups for both datasets. The t-
SNE visualizations (Figure 1) illustrate the distribution of
these groups, revealing distinct patterns. The Movielens 100K
dataset exhibits well-separated clusters with minimal overlap,

1https://grouplens.org/datasets/movielens/100k/



achieving strong performance metrics in precision, recall, and
F1 score (Table II), which indicates effective group profiling.
In contrast, the ITM-Rec dataset shows more scattered and
overlapping clusters in the t-SNE visualization but achieves
even higher performance metrics, suggesting that despite the
visual complexity, the dataset’s underlying structure allows
for highly accurate group predictions. This highlights the
importance of leveraging high-dimensional relationships in
group profiling tasks, which may not be fully apparent in 2D
visualizations.

(a) Groups visualization in the Movielen 100k

(b) Groups visualization in the ITM-Rec Dataset

Fig. 1: t-SNE Visualization of different groups (User Clusters)

TABLE II: Group profiling task results

Dataset Precision Recall F1 Score
Movielen 100K 0.9059 0.9079 0.8893

ITM-Rec Dataset 0.9754 0.9745 0.9740

For the recommendation tasks across both datasets, our
DMTL approach consistently outperforms all baseline and
traditional methods, including KNN variants, SVD, SVD++,
NMF, and Slope One as shown in the table III. Specifically,
on the Movielens 100K dataset, DMTL achieves a significant
performance boost with a P@10 of 0.6867 and a R@10
of 0.8063. This represents a marked improvement over the
next best-performing method, SVD++, which records a P@10
of 0.5890 and an R@10 of 0.7248. These results high-
light DMTL’s superior ability to capture complex interactions

within a densely populated dataset, enabling more accurate
and relevant recommendations.

On the other hand, for the ITM-Rec dataset, despite en-
countering lower overall precision scores due to the limited
sample size, DMTL still demonstrates a notable improvement.
It achieves a P@10 of 0.3182 and an R@10 of 0.9306,
outperforming SVD++ which has a P@10 of 0.3065 and
an R@10 of 0.9241. The consistently higher recall indicates
that DMTL is particularly effective at identifying a larger
proportion of relevant recommendations, even in sparser or
educational settings where data may be less abundant.

TABLE III: Comparison of different recommendation ap-
proaches

Approach
Movielen 100K ITM-Rec Dataset

P@10 R@10 P@10 R@10

Baseline 0.579043 0.719375 0.305357 0.922781

KNNBasic
(User-Based) 0.584681 0.722181 0.304688 0.921933

KNNWithMeans
(User-Based) 0.580745 0.719248 0.304018 0.921327

KNNBasic
(Item-Based) 0.559362 0.704650 0.298437 0.914993

KNNWithMeans
(Item-Based) 0.582128 0.720977 0.304018 0.921190

SVD 0.583723 0.721407 0.304241 0.921511

SVD++ 0.589043 0.724757 0.306473 0.924077

NMF 0.578085 0.718161 0.302232 0.918649

Slope One 0.578617 0.718489 0.303571 0.920048

DMTL (Ours) 0.686744 0.806285 0.318158 0.930575

Overall, these results validate DMTL’s capability to gener-
alize across different domains, delivering robust performance
enhancements in both precision and recall compared to tra-
ditional recommendation methods. The ability of DMTL to
maintain high recall rates underscores its effectiveness in
ensuring that relevant items are not missed, while its superior
precision ensures that the recommendations remain highly
relevant to users. This balance between precision and recall
makes DMTL a powerful tool for diverse recommendation
scenarios, from densely populated datasets like Movielens
100K to more specialized and sparse datasets like ITM-Rec.

The effectiveness of DMTL approach in capturing complex
interactions and contextual nuances across diverse dataset
structures is clearly demonstrated by our experimental re-
sults. This enhanced performance is primarily due to DMTL’s
ability to leverage shared representations that simultaneously
optimize both classification and regression tasks. Such inter-
task synergy functions as an implicit regularizer, effectively
mitigating overfitting and improving the model’s generaliza-
tion capabilities. Although the DMTL framework introduces
increased model complexity and requires meticulous balancing
of task-specific objectives, our empirical findings confirm its
adaptability and robustness in delivering more precise rec-
ommendations. These outcomes not only underscore DMTL’s



potential to advance personalized recommendation systems
but also pave the way for future enhancements in scalability,
feature integration, and adaptive learning mechanisms, thereby
fully exploiting its multifaceted advantages.

VI. CONCLUSION AND PERSPECTIVES
In this paper, we investigate the integration of Joint Group

Profiling and Recommendation via Deep Neural Network-
Based Multi-Task Learning. Our approach simultaneously
learns group profiles and generates personalized recommenda-
tions by leveraging shared representations across both tasks.
By incorporating both group-level and individual-level in-
formation, DMTL enhances the model’s ability to capture
intricate interactions and dependencies, resulting in improved
performance in both group profiling and recommendation
tasks. Experimental evaluations on real-world datasets, in-
cluding Movielens 100K and ITM-Rec, demonstrate that our
DMTL framework consistently outperforms established meth-
ods, underscoring its superior capability to deliver accurate
and relevant recommendations while effectively navigating the
complex interactions and contextual nuances inherent in group
decision-making processes. The synergy achieved through
DMTL not only facilitates the creation of group profiles but
also acts as an implicit regularizer, mitigating overfitting and
enhancing generalization. Consequently, the model maintains
high recall rates and delivers precise recommendations even
in sparser or more complex datasets. Looking ahead, future
research will focus on expanding this approach to incorpo-
rate unstructured data sources, such as textual reviews and
social media interactions, to further enrich group profiling and
enhance recommendation accuracy. Additionally, addressing
scalability challenges through optimized training algorithms
and leveraging distributed computing will be essential for de-
ploying DMTL-based GRSs in larger, real-time environments,
thereby fully harnessing the multifaceted advantages of this
innovative framework.
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