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Introduction

DiffNet is an advanced model that improves recommendation systems. It takes into account the
impact of social networks on user preferences by simulating how they influence each other over time.
By incorporating characteristics and interests, DiffNet produces embeddings that reflect a user's
changing interests. This method greatly increases recommendation accuracy; it performs 13% better
than any other current model. It represents a promising move towards more personalized and
efficient recommendations in online platforms. In a social recommendation system, there are users
and items. Users express their preferences by interacting with items, such as watching a movie or

buying something.
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Predicting behavior on social media for item recommendation is important for several reasons:

e Personalized Recommendations: Social media platforms generate vast amounts of data about

user preferences, interactions, and social connections. By predicting user behavior, platforms
can offer personalized recommendations tailored to individual preferences, increasing user
engagement and satisfaction.

e [Enhanced User Experience: Recommending relevant items based on user behavior improves

the overall user experience on social media platforms. Users are more likely to engage with
content that aligns with their interests, leading to increased user retention and satisfaction.

e Increased User Engagement: Predicting user behavior allows platforms to surface content and

items that users are most likely to interact with, leading to increased user engagement. This
engagement can result in more time spent on the platform, higher click-through rates, and

increased user interactions.

The system also takes into account implicit feedback. Users are connected through trust or following
relationships in a social network represented as a graph. Each user has attributes, as does each item.
The aim is to predict what items users will like based on all this data about them and what they have
done before. Classical models use embeddings to represent interactions between users and items
while social recommendation models consider social influence by adjusting user embeddings
according to their trusted connections or using social connections for better modeling of user
behavior. However, current models do not capture the dynamicity of influences among people as

these change with time but only regard the instantaneous state.
Background Research

Goods and users are the components of a social recommender system. A matrix of feedback
represents their likes and dislikes as they interact with items. Additionally, it takes into consideration
their social relations. The problem is to forecast what users will prefer among products given that
these associations among others, together with user and object data exist. However, many present
ways of doing this assume that the social effect is always static which does not make sense because
this overlooks its dynamic nature; it should be understood as an iterative process where people

change their mind on what they want over time due to meeting new friends or having more
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conversations etcetera — but not only these changes must be taken into account when making

recommendations also personal features made available for better suggestion precision have often

been ignored in current methods.

1. Problem with Classical Embedding Models:

a. Static Representation: lgnoring dynamic user preferences.

b. Limited Context. Overlooks user attributes and social connections.

c. Sparse Data Handling: Struggles with implicit feedback and sparse data.

2. Problem with Social Recommendation Models:

a. Static Social Influence: Neglects dynamic social interactions.

b. Limited Attribute Usage: Fails to effectively utilize user attributes.

c. Data Sparsity Challenges: Faces difficulties with sparse interaction data.

Methodology:

1. Dataset Used:

a. Yelp Dataset:

Vi.

Type: Social platform on which place can be immensely helpful.

User Interaction: Connect with the people and rate or review businesses are the

main activities that users are able to take.

Rating Transformation: The like is rated on a scale of 1 to 5. Thus, an item with a

rating over 3 is considered liked.

Textual Features: Word2vec is used as to generate the features which are
extracted from the reviews, considering items and users.

Preprocessing: People for whom the other person is two times worse or have
linked with them less than two times are outcasted. Further, we will delete both
of the items with a rating of fewer than two.

Data Split: It is also mentioned that from the 10% total of stored records 10%
will be used for testing purposes the same counts for the 10% of the used

training data when tuning parameters are adjusted.
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b. Flickr Dataset:

i.  IType: Social media image opens exchange.

ii.  User Interaction: It is consumers who give likes to the followed users, the target

of the promo-campaign due to their favourite photos.

iii. Image Features: VGG16 features processing acts as a mechanism of arranging

images on four thousand ninety-six dimensions at once.
iv.  Preprocessing: Under Amount of Data Needed, alone we can understand who is
a friend or a foe if they rate or link socially less than twice.

v.  Data Splitting Methodology: In the same way Var, we put back ten percent and

also another ten percent, used to define during parameter adjustment where we

do training.
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2. Model Architecture: The DiffNet neural architecture consists of four main components:
embedding layer for input words, fusion layer for context, diffusion layer for influence
propagation, and prediction layer determining output words accordingly.

a. Embedding Layer:
i. Produces free embeddings, users and items by using one hot-encoded
representations.
ii. Stores latent representations of the collaboratively generated by users and
items.
b. Fusion Layer:
i.  Mingle user/item free embeddings with assigned features together to create

mixed embeddings.
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i.  Modeled the merger of data sources as a fully connected one-layer neural
network.

c. Influence Diffusion Layers:

i. Demonstrates how the change in opinions of latent users within the social
network takes place. Crime prevention strategies aim to disrupt criminal
activities and deter potential offenders from engaging in criminal behaviors.
These strategies are scientifically based and are designed to reduce the rate of
criminal activities within a locality.

ii.  Layered structure of three linkages exemplifies interpersonal diffusion.

iii.  Embeddings from users are updated at each layer by considering the influences
from their trusted followers.

d. Prediction Layer:

i.  Given the user-item interactions, it converts these final latent representations to
predictions.

ii. Integrates the result of the social diffusion model equations and the user
feedbacks which happened throughout history.

iii.  Compute projected ratings through inner production between user latent

vector and item latent vector.

All'in all, DiffNet gradually levels out social effects by solving user latent preferences forming
through a social network and data from their past actions through feedback-signal system

favoring personalized recommendations.

3. Model Training:
a. Relies on a type of loss function that is analogous to BPR and is inversely proportional
to the square distance between rankings of respectively relevant items.
b. Makes use of TensorFlow model and learns the weight parameters by using the mini-
batch Adam.
c. Implement issuing of mini-batch procedures, an approach that is aimed splitting of the

training records getting the system efficient.
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d. Places extra negative correlations to somehow supplement the prospective values on

hidden variables situation in implicit feedback circumstances.

4. Discussion:

a. Space complexity: Regarding the linear expansion of hundreds of millions of users and
things probed in Anchor matrices, the additional storage of the shared parameters is
practically ignored.

b. Time complexity: One of the trade-offs we face in this context is the additional time
consumption having in mind the layer-wise influence diffusive process, especially that
there are a few social neighbors of each user.

c. Discovers the model's behavior under various input data as well as the strategy of data
augmentation..

d. Extensively focusing on how the model learn Qina self-learning process when one of
the features of user/item cannot be made available or the social network information.

e. Compares DiffNet against another attention-based model, Graph Convolutional
Networks (GCNs), and this model's related techniques.

f. Results in an evolving picture of dissimilarity in the manner and effectiveness of the
social dimension apprehension by GCN approach.

5. Experiments:

a. Yields DiffNet's outputs on two datasets, Yelp and Flickr.

b. Researches how the model performs against the baselines, gives the performance
under different sparsities of data, and how much weight each component of the model
carries.

c. Provides information about the experimental settings consisting of datasets, baselines,
evaluation metrics, and parameters configuration as well as other relevant details.

d. Defines the procedure for fair model and compared techniques.

e. ldentifies a possibility that next-level feature engineering algorithms can go hand in

hand with the suggested inventiveness.
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Table 2: HR@ 10 and NDCG(@ 10 comparisons for different dimension size D.

Yelp Flickr

Models HR NDCG HR NDCG
D=16 D=32 D=64 D=16 | D=32 | D=64 D=16 D=32 | D=64 D=16 | D=32 | D=64
BPR 0.2443 0.2632 0.2617 0.1471 0.1575 0.155 0.0851 0.0832 0.0791 0.0679 0.0661 0.0625
SVD++ 0.2581 0.2727 0.2831 0.1545 0.1632 01711 0.0821 0.0934 0.1054 0.0694 0.0722 0.0825
FM 0.2768 0.2835 0.2825 0.1698 0.1720 0.1717 0.1115 0.1212 0.1233 0.0872 0.09%68 0.0954
TrustSVD 0.2853 0.2880 0.2915 0.1704 0.1723 0.1738 0.1372 0.1367 0.1427 0.1062 0.1047 0.1085
ContextMF | 0.2985 0.3011 0.3043 0.1758 0.1808 0.1818 0.1405 0,1382 0.1433 0.1085 0.1079 0.1102
GC-MC 0.2876 | 0.2902 0.2937 0.1657 0.1686 0.174 0.1123 0.1155 | 0.1182 | 0.0883 | 0.9450 | 0.0956
PinSage 0.2052 0.2958 0.3065 0.1758 0.1779 0.1868 0.1209 0.1227 0.1242 00052 0.0978 0.0991
DifiNet 0.3366 | 0.3437 | 0.3477 | 0.2052 | 0.2095 | 0.2121 | 0.1575 | 0.1621 | 0.1641 | 0.1210 | 0.1231 | 0.1273

6. Results and Discussion:

a. Overall Comparison:

iv.

The Yelp and Flickr datasets with varying numbers of low dimensional classifiers
are illustrated in table 2, which shows the HR@10 and NDCG@10 performance
for several models.

DiffNet positively distincts itself from all previous systems in addition to
demonstrating more outstanding results on both datasets and metrics.

Social structure and process are appropriated by Flickr app in the diffusion
network in contrast to Yelp.

As the input numbers of rating records of models gets larger, the improvements
of all models over the BPR tend to decrease, but all models, all constants out,
have the same performance with the BPR.

It is not evident that all of the models display improvement at the same space

of a higher number of dimensions of latent dimensions.

7. Performance under Different Data Sparsity: Aesthetic archetypes rooted in different

ecosystems create a unique ambiance that enhances the overall viewing experience.

a. Figures 2 and 4 demonstrate the results of comparing various models under the

extreme situations of data sparsity (Figures 2 and 4).

b. Performance is proved to grow faster for all models in just a short period of time by

introducing an increase in what people rate about a product.

c. Unlike BPR models which perform very poorly in the absence of interaction data, side

information seems encouraging as we realize a growing number of models show

promising improvements.
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d. DiffNet shows the best efficiency in the situations where data are highly scarce compare

to it's rivals.

SIGIR19, July 21-25 2019, Pairs. France Le Wu, Peijie Sun, Yanjie Fu, Richang Hong, Xiting Wang, and Meng Wang
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Table 4: HR@ 10 and NDCG@ 10 performance with different diffusion depth K.

= Yel Flickr
Diffodoa Depth X HR Improve. PNDCG Improve. HR Improve. | NDCG | Improve.
K=2 0.3477 - 0.2121 . 0.1641 - 0.1273 -
K«0 03145 -9.54% 0.2014 -5.09% 0.1439 -1227% | 0.1148 -10.0%
K=l 0.3390 -2.50% 0.2981 -1.93% 0.1592 -2.96% 0.1257 -1.22%
K=3 03348 -3.72% 0.2005 -3.49% 0.1603 -2.34% 0.1246 -2.22%

8. Detailed Model Analysis:
a. InTable 4, we look at the effect of recursive social diffusion factor (K) and Social Media
input layer on DiffNet performance.
b. We come the best results when k=2 for both datasets. Thus, the social diffusion in two-
step is enough for social recommendation.
c. The deletion of person or thing characters moves the model performance much down
causing us to pay attention to such latent free embeddings for better collaborative

effect understanding.
9. Conclusion:

Finally, DiffNet has leading edge in different metric and cases, that means that this model is successful

and efficient.
10. Reference:
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