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Abstract: —The problem of delivering customized recommendations when users face too much information has led scientists to
develop multi-criteria and context-aware recommender systems. The Deep Autoencoder-Based Multi-Criteria Recommender
System (DAE-MCRS) serves as the foundation for this research which develops a new hybrid system that unites deep
autoencoders with Graph Neural Networks (GNNs) and Reinforcement Learning (RL). The method solves previous model
restrictions because it handles complex user-item-context interactions while generating flexible sequential recommendations
which update based on changing user preferences. The proposed methodology combines GNN-based representations with the
multi-criteria autoencoder pipeline through RL optimization which uses user feedback to learn recommendations over time. The
research used Yahoo! and other public multi-aspect datasets to perform extensive experiments. The extended model achieves
superior results than baseline DAE-MCRS and state-of-the-art methods in both Movie and TripAdvisor datasets through its
improved RMSE and MAE and NDCG performance. The system achieves better explainability because SHAP analysis reveals
how both criteria and context factors affect the system which leads users to trust the system more deeply. The research creates a
base for intelligent recommender systems which deliver precise results through explainable outputs while handling increasing
interaction data types at large scale. This research is presented as a primary method for creating future personalized information
systems. These systems are designed to provide precise results by using outputs that can be easily understood.

Keywords: Multi-Criteria Recommender Systems, Graph Neural Networks, Deep Autoencoders, Reinforcement Learning,
Explainable Al, SHAP, Context-Aware Recommendation, Ranking Optimization.

1. INTRODUCTION

The exponential rise in user-generated data and content across digital platforms has further elevated the
relevance of recommender systems, which stand today as essential for filtering the vast information and presenting
personalized experiences to users. Traditional recommender systems often fail to capture the breadth and subtlety of
real-world user preferences, grounded as they are in single-criterion metrics such as overall ratings or purchase
history. MCRSs address this limitation by modeling user-item interactions across multiple dimensions. For instance,
in different domains, including entertainment and e-commerce, it may analyze factors about content quality, service,
cost, and user mood. This provides a more nuanced and relevant drive toward recommendations that better satisfy
diverse user populations.

In recent years, recommender research has gone through a paradigm shift as deep learning models such as
autoencoders and neural collaborative filtering show impressive improvements in modeling nonlinear interactions,
semantic patterns, and context-rich signals in multi-criteria datasets. Deep autoencoders excel particularly at
learning compact latent representations from sparse high-dimensional inputs, considerably mitigating problems like
sparsity and bias in user ratings.
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While advanced neural models normally fail to capture higher-order context, structural dependencies, and
fast-evolving user preferences, Graph Neural Networks have recently emerged as powerful tools for recommender
applications by explicitly encoding user-item interaction graphs, exploring multi-hop relationships, and
incorporating side information in a seamless way. GNN-based recommenders bypass cold-start limitations by
leveraging the message-passing mechanism along with flexible aggregation/update functions, resulting in richer and
more adaptive node embeddings for users and items.

Meanwhile, RL is revolutionizing sequential recommendation by considering the interaction between the
user and the system as a dynamic process to be optimized over time, modeled by the MDP. RL-driven
recommenders adapt to user feedback in pursuit of long-term value maximization by taking both immediate and
future rewards into account.

This extended work intends to bring together deep autoencoder-based multi-criteria modeling with GNN-
powered context representation and RL-enabled real-time adaptation. To enable the development of robust,
interpretable, dynamic recommendations whose performance is sustained across complex, evolving user-item
landscapes, the proposed unified framework is designed. Extensive comparative evaluation and SHAP-based
explainability will provide new benchmarks for accuracy, transparency, and scalability in intelligent recommender
system design.

2. Literature Survey
A. Recommender Systems: From CF to Deep Models

Collaborative filtering (CF) and matrix factorization were early approaches to recommender systems.

These methods represent user-item interactions using low-rank factors. They provide effective baseline
performance for both rating prediction and top-K recommendation [15].

However, these approaches often struggle with sparsity and cannot easily incorporate heterogeneous side
information. The advent of deep learning brought neural collaborative filtering and autoencoder-based models that
learn non-linear interaction patterns and richer latent features, improving prediction and ranking performance in
many scenarios [3], [7].

B. Multi-Criteria Recommendation

Multi-criteria recommender systems (MCRS) extend single-score RS by collecting aspect-level ratings (e.g.,
service, cleanliness, value) and using them to model nuanced user preferences [11]. Early work shows that
combining multiple criteria can yield better personalization and finer-grained explanations, but also increases data
sparsity and modeling complexity. Autoencoder approaches have been applied to multi-criteria data to denoise and
compress aspect ratings into meaningful latent codes, which can then be used for prediction or fused with other
modalities [2]. Surveys on multi-criteria systems highlight the need for models that jointly handle multiple criteria,
context, and interpretability [11].

C. Graph Neural Networks in Recommendation

Graph neural networks (GNNs) have emerged as a powerful paradigm for recommendation by naturally
modeling the user—item interaction graph and propagating neighbourhood information [4], [5]. Neural Graph
Collaborative Filtering (NGCF) and related methods show that stacking graph convolution or message-passing
layers captures higher-order connectivity and alleviates sparsity, improving both rating prediction and ranking
metrics [4]. GNNs also support heterogeneous graphs (users, items, context nodes), enabling the integration of
auxiliary metadata and multi-typed edges, which is directly relevant to multi-criteria and context-aware
recommendation tasks [14].

D. Autoencoders and Feature Fusion for MCRS

Autoencoders are well-suited to multi-criteria settings because they can learn compact, denoised
representations of high-dimensional aspect ratings [2]. Recent works jointly train autoencoders with other
components (e.g., latent factor models or deep nets) to fuse semantic item/user features with rating patterns [12],
[13]. In multi-criteria scenarios, autoencoder latent vectors per criterion can be concatenated or fused with structural
embeddings to produce richer input for downstream predictors, a strategy we adopt and extend in GDAE-MCRS.
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E. Reinforcement Learning for Sequential & Session Recommendations

Reinforcement learning (RL) has been increasingly applied to recommendation problems where the objective
extends beyond one-step prediction to sequential user engagement or long-term reward optimization. RL methods
learn policies that consider future rewards and user sessions, improving measures like long-term click-through or
retention [6]. Integrating RL with representation learning (e.g., GNN embeddings) enables the system to learn action
policies on top of robust state encodings, improving session-aware recommendations.

F. Explainability: SHAP and Model Interpretability

Model interpretability has become critical for user trust and regulatory compliance. SHAP (SHapley Additive
exPlanations) provides theoretically sound, local explanations by attributing prediction contributions to input
features [9]. SHAP has been used across domains to explain complex models and is a suitable choice for multi-
criteria recommendations where we need to explain how each criterion and context influence the final score [8], [9].
Recent recommender works emphasize explanation quality as an evaluation dimension in its own right [11].

G. Gaps in Existing Work and Motivation for GDAE-MCRS

Despite progress, current literature exhibits several limitations: (i) many multi-criteria studies focus on
autoencoders or factorization in isolation without leveraging graph structure [2], (ii) GNN approaches often ignore
fine-grained multi-criteria signal or do not fuse criterion-level latent vectors effectively [4], (iii) relatively few works
jointly optimize for ranking, sequential behavior, and interpretability using SHAP [14], [6], [9]. Moreover, scalable,
parameter-efficient fusion strategies that preserve interpretability are underexplored. These gaps motivate our
proposed GDAE-MCRS architecture, which jointly learns GNN embeddings, criterion-wise autoencoder latents, and
RL-based ranking policies, and evaluates both accuracy and SHAP-based explanations.

Although prior research has demonstrated the benefits of multi-criteria modeling, deep representation
learning, and graph-based recommendation, most existing systems continue to treat criteria, contextual factors, and
structural dependencies as separate components. Current GNN-based models rarely incorporate criterion-specific
latent representations, while autoencoder-based MCRS approaches do not leverage graph structure. Similarly,
reinforcement learning has been investigated for sequential recommendation; however, it was never combined with
multi-criteria embeddings within one architecture. These limits outline a clear research gap and motivate the
requirement for a framework which will simultaneously capture multi-criteria semantics, graph structure, sequential
behavior, and interpretability. To address these limitations, we propose a unified architecture that integrates graph
neural networks, multi-criteria autoencoders, and reinforcement learning into a single end-to-end framework.

3. Proposed Model

The proposed building a single heterogeneous interaction graph with users, items, and contextual entities is
the first step in the suggested hybrid recommendation pipeline. Each entity is represented by a node in the system,
which is connected to other nodes by edges that provide social relationships, temporal interactions, and multi-criteria
ratings.

This graph structure is used by the system to concurrently identify direct and indirect correlations between
various variables. Each node's neighbourhood information spreads across GNN layers, which work on the entire
graph structure. The neighborhood information for each node propagates through GNN layers which operate on the
entire graph structure. The node embedding at layer /+1is updated using a message-passing mechanism expressed
as:

hv WD = g(WD-AGG({hu® : ueN(v)}) +b9) (D

Where N(v) denotes the neighbors of node v, W(/) and b(l) are trainable parameters, and ¢ is an activation
function such as ReLLU. These learned GNN embeddings encapsulate multi-hop user—item—context signals that are
essential for improving recommendation accuracy.

Once the GNN representations are obtained, they are integrated into a deep autoencoder-based multi-criteria
learning module. For each rating criterion , the observed criterion vector is first encoded into a latent representation
using:

z=Encoder(r.) (2)
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and then reconstructed through:

¥ =Decoder(z:D huserD hitem) 3)

Where huser and hitem are the corresponding GNN-derived embeddings, and @ denotes feature
concatenation. This fusion enables the model to simultaneously leverage multi-criteria rating patterns and graph-
structured contextual information, thereby addressing sparsity and enhancing predictive fidelity.

To enable dynamic, sequential recommendations, the system incorporates a Reinforcement Learning (RL)
agent that treats recommendation as a time-dependent decision-making process. At each step t, the agent observes a
state st formed by combining autoencoder outputs with GNN-based user and item representations. Based on this
state, the agent selects an action at (i.e., recommending an item) and receives a reward r¢ derived from user
feedback. The RL module optimizes cumulative reward using the Bellman equation:

O(sna)=ry maxQ(si1,a’) 4)
where Q(.) the action-value function and y is the discount factor. Actor—Critic or Deep Q-Learning
architectures can be employed to learn an optimal recommendation policy that maximizes long-term engagement
rather than short-term accuracy.

Finally, to enhance interpretability, the system applies SHAP-based explainability, which quantifies the
contribution of each criterion and contextual feature to the final recommendation score. This provides transparent
and user-friendly explanations, thereby improving trust and usability of the recommender system.

A. Dataset

A multi-criteria recommender system's input and data representation begin with gathering user evaluations
for products based on a variety of factors, including individual features, quality, and service. Compared to previous
systems, which frequently rely on a single score, this multi-dimensional approach provides a fuller view of
consumer preferences. The system incorporates contextual data, including item-specific metadata, temporal signals,
and social network links, to further enhance suggestion accuracy and personalization. Users, things, and contexts are
all represented as nodes in a single interaction graph, with the relationships (multi-criteria ratings and context links)
serving as the edges that connect these nodes.

The first step in the input and data representation of a multi-criteria recommender system is to collect user
evaluations of items based on a range of parameters, such as individual features, quality, and service. This multi-
dimensional method offers a more comprehensive picture of customer preferences than earlier systems, which often
rely on a single score. To further improve suggestion accuracy and personalization, the system integrates contextual
data, such as item-specific metadata, temporal signals, and social network ties. The relationships (multi-criteria
ratings and context links) operate as the edges connecting the nodes that represent users, things, and contexts in a
single interaction graph.

Table 1. Statistics of Dataset

Statistic Yahoo! Movies TripAdvisor
# Users ~7,642 ~2,500
# Items ~11,915 ~5,000
# Ratings (Total) ~221,000 ~75,000
# Criteria per Rating 4 4
Rating Scale 1-5 1-5
Sparsity (%) >95% >92%
# Graph Nodes ~19,500 ~8,000
# Graph Edges ~350,000 ~140,000

320



B. Autoencoder Aggregation

In this component, an autoencoder is used to extract latent representations from each individual rating
criterion. For every criterion C associated with a user—item pair (u,i), the corresponding rating ru.i(c) is passed
through an autoencoder, producing a compressed latent vector zu,i(c).

This vector captures the underlying semantic information of the criterion, removing noise and redundancy
while preserving meaningful patterns such as user preferences or item characteristics. Since multiple criteria may
exist (e.g., quality, price, usefulness), the model generates a separate latent vector for each one.

These criterion-specific embeddings are then combined with the GNN-derived user and item representations,
huGNN and 4NN to form a unified feature vector:

Zage=Concat[h, NN 0NN 7, ) | 2, 7] %)

This combined representation combines semantic information from the autoencoders (catching multi-
criteria rating patterns) and structural information from the GNN (recording relationships in the user—item graph).
More accurate downstream prediction or recommendation tasks are made possible by the combination's richer and
more informative embedding.

C. Methodology

The proposed GDAE-MCRS framework uses the following methodology to start with benchmark multi-criteria
dataset preparation including Yahoo! The system integrates Movies and TripAdvisor platforms through additional
contextual data which includes social connections and time-based user interactions and content-related metadata.
The data processing sequence includes normalization and missing value imputation and the creation of an interaction
graph which unites users with items and multi-criteria ratings and context nodes. The traditional DAE-MCRS model
serves as the starting point for baseline training which enables performance evaluation. The extended GDAE-MCRS
system uses graph neural networks to extract structural relationships between users and items and their associated
contexts.
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Figure.1 Framework of the DAE-MCRS and GDAE-MCRS Models

The autoencoder and feature fusion layers are then jointly trained to fuse these embeddings with criterion-
level latent vectors. Reinforcement learning is used to produce session-aware recommendations in order to improve
ranking and sequential behaviour modeling. Lastly, user studies and accuracy measures like RMSE, MAE, and
NDCG are used to evaluate the system's explanation quality. To measure gains in predicting accuracy, ranking
efficacy, scalability, and interpretability, the entire performance is contrasted with baseline models. Graph-based
relational learning, criterion-level feature compression, fusion layers, and reinforcement learning are all combined
into a single pipeline by the suggested GDAE-MCRS architecture. This architecture allows the model to capture
context-driven interactions, multi-aspect item properties, and fine-grained user preferences. After describing the
model's elements and training methodology, we now conduct in-depth tests on benchmark multi-criteria datasets to
assess its efficacy. A thorough comparison of GDAE-MCRS with several baseline and cutting-edge techniques in
terms of accuracy, ranking, and explainability criteria is provided in the section that follows.

D. SHAP-Based Explainability Evaluation

To employ SHapley Additive exPlanations (SHAP) to assess the interpretability of the suggested GDAE-
MCRS model. To illustrate how each input-component, such as multi-criteria ratings and contextual features
inclusive of user/item embeddings and GNN outputs, contributes toward the final prediction, SHAP assigns feature-
wise relevance values.

SES=%=Z§V=1 (% e |SHAPU|) (6)

Clearer and more consistent explanations are indicated by a higher SES. GDAE-MCRS outperforms all
baseline techniques in terms of interpretability, achieving the highest SES (0.81). We use Deep SHAP, which works
well with deep models like GNNs and auto encoders. We calculate a SHAP Explainability Score (SES), which is the
average absolute SHAP value across all attributes and test samples, to measure explainability:
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4. Results
A. Experimental Setup

A uniform training and evaluation approach was used to guarantee consistency and equitable comparability
across all baseline and suggested models. To prevent user-item pairs from overlapping across sets, the combined
multi-criteria dataset was split into 70% training, 15% validation, and 15% testing splits. Every model was trained
for 100 epochs, and early stopping was used if the validation loss did not improve for ten consecutive epochs. A
learning rate of 0.001 was employed to train the graph neural network encoder for the proposed GDAE-MCRS
architecture, whilst a slightly lower rate of 0.0005 was used for steady convergence in the autoencoder and fusion
layers. Throughout, the Adam optimizer was used with the default § values (f: = 0.9, B2 =0.999).

To lessen overfitting, regularization was used with an L2 weight decay of 1x10™" and a dropout rate of 0.3
on hidden layers. The policy-gradient method was employed to optimize the reinforcement learning component,
which employed a discount factor (y) of 0.95. Every experiment was carried out on a workstation with an Intel Core
i7 processor, 32 GB of RAM, and an NVIDIA RTX 3060 GPU (12 GB VRAM). Python 3.9, PyTorch 2.0, and
PyTorch Geometric for graph modeling were used in the development of the implementation. RMSE, MAE,
NDCG@10, Precision@10, Recall@10, and SHAP interpretability scores were among the evaluation metrics. To
guarantee consistent comparison, every baseline model had the same setup.

Table.2 Performance Comparison of Recommendation Models

Model RMSE MAE NDCG@10 Precision@10 Recall@10
1 I T T T
User-CF 1.087 0.892 0.645 0.312 0.267
Item-CF 1.062 0.874 0.659 0.321 0.275
Matrix 0.998 0.843 0.682 0.337 0.291
Factorization
Neural CF 0.954 0.811 0.702 0.351 0.306
DAE-MCRS 0.912 0.784 0.736 0.371 0.329
(Baseline)
GDAE- 0.856 0.732 0.781 0.402 0.356
MCRS(Proposed)

The combined dataset trials unequivocally show that the suggested GDAE-MCRS model outperforms both
the deep autoencoder baseline and the conventional collaborative filtering baselines. In terms of prediction quality,
the model outperforms traditional user- and item-based CF techniques by 15-20% and achieves 6.1% lower RMSE
and 6.6% lower MAE when compared to the baseline DAE-MCRS. These improvements show that the system can
capture deeper user-item-context interactions and produce more accurate score predictions by integrating multi-
criteria autoencoder features with GNN-based relational embeddings. Ranking-based metrics also consistently
improve; for example, NDCG@10 goes from 0.736 to 0.781, Precision@10 goes from 0.371 to 0.402, and
Recall@10 goes from 0.329 to 0.356.

These improvements demonstrate how well the reinforcement learning component works to maximize long-
term relevance and improve session-level behavior modeling. Overall, the GDAE-MCRS system is able to fully
utilize the complementing strengths of GNN aggregation, autoencoder feature abstraction, and RL-based ranking
thanks to the combined multi-criteria dataset, which leads to significantly enhanced recommendation quality across
all evaluation metrics.
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Figure.2 Comparison of Error metrics RMSE and MAE

Error analysis clearly indicates the better predictive capability of the proposed GDAE-MCRS model. Both
RMSE and MAE values consistently decreased from traditional collaborative filtering methods to advanced deep
learning—based models. User-CF and Item-CF have the highest errors because they can only capture limited
nonlinear patterns in user—item interactions. Moderate gains have been obtained by Matrix Factorization and Neural
CF, which reflects their better latent representation learning. Baseline DAE-MCRS further reduces the prediction
errors by leveraging denoising autoencoder features. Finally, the lowest RMSE and MAE values have been obtained
by the proposed GDAE-MCRS, indicating improved robustness and accuracy in rating prediction.
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Figure.3. Comparison of Ranking metrics

The evaluation metrics NDCG@10 and Precision@10 and Recall@10 demonstrate a steady and substantial
performance enhancement across all models in the spectrum. The ranking quality of traditional collaborative
filtering techniques suffers because these methods fail to understand their context properly. The models achieve
better results in both recommendation identification and ranking when they adopt latent factor and neural
architecture structures. The baseline DAE-MCRS achieves better results because it successfully obtains more
detailed user and item data representations. The GDAE-MCRS model receives the highest ratings for all three-
evaluation metrics because it generates the most accurate top-N recommendations that are both specific and relevant
and complete. This trend of steady rise confirms the efficacy of the suggested strategy in maximizing
recommendation relevance and retrieval performance.

Table.3 Evaluation of Baseline and Proposed Models Using Predictive Accuracy, Ranking Quality, and SHAP

Explainability
Model RMS MA NDCG@ Precision@ Recall@ SHAP
E| E| 107 107 10 17 Explainabili

ty1

User-CF 1.087 0.89 0.645 0.312 0.267 0.41
2

Item-CF 1.062 0.87 0.659 0.321 0.275 0.44
4
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Matrix 0.998 0.84 0.682 0.337 0.291 0.51
Factorizati 3
on
Neural CF 0.954 0.81 0.702 0.351 0.306 0.57
1
DAE- 0.912 0.78 0.736 0.371 0.329 0.64
MCRS 4
(Baseline)
GDAE- 0.856 0.73 0.781 0.402 0.356 0.81
MCRS 2
(Proposed)

From the results the proposed GDAE-MCRS significantly outperforms the baseline models on the metrics

RMSE, MAE, NDCG, Precision@10, and Recall@10.

When SHAP-based explainability is integrated, the proposed model also yields the highest interpretability
score of 0.81, indicating more coherent and salient explanations of multi-criteria and context contributions than the
baseline DAE-MCRS with an interpretability score of 0.64. Thus, the model improves transparency as well as

forecast accuracy.

.

RMSE | MAE |

NDCG@10 | Precision@l0 | Recall@L0 |

SHAP

Explainability |
—8—User-CF —&—Item-CF Matrix Factorization
—8—Neuwal CF DAE-MCRS (Bageline) GDAE-MCRS (Proposed)

Figure.4 Performance Comparison of Recommendation Models Across Multiple Metrics

Accuracy Improvements

Table.4 Comparative Improvement (%) Achieved by the Proposed GDAE-MCRS Model

The proposed GDAE-MCRS model significantly outperforms all baseline methods on the combined multi-
criteria dataset for each of the assessment metrics. In a comparison to the baseline DAE-MCRS, RMSE increases
from 0.912 to 0.856 (6.1% improvement) and MAE falls from 0.784 to 0.732 (6.6% improvement). NDCG@10
increased from 0.736 to 0.781 (+6.1%), indicating an improvement in ranking quality. Precision@10 and Recall@10
improve by 8.4% and 8.2%, respectively. These enhancements show how the system may better utilize multi-criteria
information by integrating GNN embeddings with autoencoder latent features and optimizing with reinforcement

Metric DAE-MCRS GDAE-MCRS Improvement
RMSE 0.912 0.856 6.1%
MAE 0.784 0.732 6.6%
NDCG@10 0.736 0.781 6.1%
Precision@10 0.371 0.402 8.4%
Recall@10 0.329 0.356 8.2%

signals, leading to more precise and context-aware recommendations.
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Figure.6 Improvement Achieved by the Proposed GDAE-MCRS Model

5. Conclusion

The research introduced GDAE-MCRS as a graph-enhanced multi-criteria recommendation framework
which unites GNN-based relational learning with autoencoder-based latent representation and reinforcement
learning to achieve improved prediction and ranking results. The unified interaction graph which models users and
items and criteria and context enables better detection of complex structural relationships than traditional
approaches.

The experimental results demonstrate that the proposed model achieves better performance than the baseline
models because it reduces RMSE from 0.912 to 0.856 and MAE from 0.784 to 0.732 while boosting NDCG@10
from 0.736 to 0.781.

The top-K recommendation system achieves better results because Precision@]10 rises to 0.402 from 0.371
and Recall@10 reaches 0.356 from 0.329. The system GDAE-MCRS delivers better interpretability through SHAP-
based explanations which achieve an explainability score of 0.81 versus the baseline 0.64. The system provides
users and system designers with simple access to understand how each criterion and contextual factor affects the
final recommendation.

The proposed model achieves an excellent combination of prediction accuracy and system stability and clear
system operations which makes it suitable for real-world multi-criteria recommendation systems. Future research
should focus on two main objectives which involve system expansion to handle bigger data collections and
transformer-based graph structure development for performance improvement.
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