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e A paper recommendation system based on arXiv database

o Natural language search functionality using keyword matching and semantic analysis

o Bookmarking feature to save interesting papers for future reference

e Personalized recommendations based on user’s bookmarked papers

o Natural language processing techniques to extract topics and keywords from bookmarked papers

e More accurate and relevant paper recommendations based on user’s interests



2 Application Architecture
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Figure 1: User Interaction

The web application consists of five primary components, which interact with each other to provide
the necessary functionality, including background processes:

o A Flask-based backend for API hosting
¢ A React-based front-end that interacts with users and the backend server

« Lambda function-based background processes triggered by time to collect the latest papers and
generate embeddings

e An S3-based file system for storing the embedding dataset used for similarity calculations

¢ A DynamoDB-based database for managing user information and paper metadata

2.1 Paper Database schema and interaction pattern
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Figure 2: Database schema

To efficiently and scalably store our paper metadata and embedding information, we utilized two AWS
services, DynamoDB and S3, in our project. While DynamoDB’s table format structure enables easy
querying of the paper metadata using scan or query functions, we opted to store the embedding infor-
mation in S3 due to its scalability and cost-effectiveness. Retrieving the embedding information from
DynamoDB would become slow as the number of papers grows. With this approach, DynamoDB is
responsible for serving data lookup requests, while S3 serves as the foundation of our recommenda-
tion system. By leveraging both services, we ensure that our recommendation function is supported,
enabling our users to receive personalized suggestions based on their interests.

2.2 User Database schema and interaction

New users choose their topics of interest upon registration and are then redirected to the login page.
The user interface includes a personal recommendation page with a list of arXiv papers tailored to the
user’s interests. Users can add or remove papers to their favorites list, which will be used to extract



interests and recommend corresponding latest arXiv papers. The user bar in the upper right corner
allows users to navigate to various pages, such as the search page, recommendation page, favorite
papers list, personal profile page, or log out. Flask framework is used for the backend and provides
endpoints for both frontend and backend interactions, with API routes handle registration, login,
interest selection, recommendations, adding/removing favorites, and updating user profiles.

2.3 Background process and Lambda functions

We have implemented the data collection process using AWS Lambda service. We rely on the public
arXiv paper database to query the latest papers from the internet. To ensure our database is updated
daily, we set up a trigger using AWS CloudWatch Events through Amazon EventBridge. This trigger
is designed to activate our Lambda function every day, keeping the database up-to-date with the latest
papers.
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Figure 3: Lambda-based paper collector

We do not have updating database functionality in our web application. So the user won’t trigger
this function. This function will only be triggered by CloudWatch and will only run on the background
which won’t consume resources from our web application.

2.4 Search Engine backend and frontend design

We developed the front-end page using the widely-used React framework, which offers a solid basis
for building responsive and dynamic user interfaces. To improve our data visualization capabilities,
we integrated the powerful Three.js and Plotly libraries, which enable us to create informative and
interactive visualizations with ease. Additionally, to enhance the user experience and personalize it,
we use OpenAT’s GPT-4 API for conversational Al and paper abstract understanding.
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Figure 4: Search engine with chat bot

2.5 Embedding caching strategy

The semantic embedding database is presently stored in the cloud-based S3 storage solution, with
updates to the local copy at the backend server occurring once every 2-hour interval. This approach
has been adopted to mitigate the time spent on each download process.



3 Cost Model

The cost for the domain rental fee and Cloudflare DNS service is approximately $20 per year. So there
will be $10 for 6 months.

There are several AWS services that we need to take into account. They are S3, Lambda, Cloud-
Watch and DynamoDB.

Based on our research we need $0.023 per GB-month for the first 50 TB in the US East (N. Virginia)
region. For now, our database has 8300 papers in only 108.3 MB. Thus after 6 months updating our
database. The database will only reach 480.65MB. So the price of S3 within 6 months should be less
than $0.06.

For the Lambda function which will only be executed once for each day, the maximum memory
usage for each runtime is restricted to 500MB. The maximum time usage for each runtime is set to
150 seconds. So for 6 months usage the total cost for lambda should be around $0.06.

The Cloudwatch service charges for storing the logs. We set the reserve period of logs to 30 days.
Then in each month there should be around 0.01GB of log data. The log for 6 months lambda usage
should be around 0.01GB so the cost for $0.03.

We assume that all of our users are students or researchers who want to go through different kinds
of papers. For each day they want to check 3 to 5 papers. Then before they find their papers, they
may need to send multiple requests to our application to query the papers from our database. They
may also check the abstraction of one paper to see if it matches their goals. We assume they will need
to query 20 times before finding one paper. So the total number of requests that one user can have in a
day should be 100 maximum. In each request we will provide 30 results, therefore, 30 read operations
will be counted. We take each paper’s information as 1KB, so each time we will transfer a data with
size 30KB.

When we have 10 users, the total number of requests will be 1000 per day. Then within a month
the total cost of usage in transferring data will be 0.03GB per day and 0.9GB per month. In this case,
we transfer data from the US to CA the price will be $0.02 per GB for the first 10TB. Thus, the price
will be $0.018 and the price will be $0.108 for 6 months. When it comes to 1,000 users, the usage will
be 90GB per month and the total price for 6 months will be $10.8. When we luckily have 1,000,000
users, we will have to transfer 90TB for the data. In this case we may need to upgrade our DynamoDB
for higher ability and the transfer price after the first 10TB will be $0.01 per GB. Thus the price for
transferring the data will be about $1000 per month and the total cost for 6 months will be more than
$6000.

4 Latency and throughput test

4.1 Latency performance

The web application’s latency is tested with the following configuration:
« database size: 1200 papers / 8300 papers
e query same title and abstract during the test
e 50 iterations, 10 requests in one iteration

During our testing the latency of our application, we choose to measure our performance over 5000
requests. When we have a query abstract request at the beginning, the latency is quite high. This is
because every time we restart our application, we need to download the embedding information from
S3 to our system cache. Thus after downloading the file, the latency drops greatly. We also notice that
the latency for querying the title and querying the abstract do not increase as the number of requests
increases. This may be due to the optimization that we apply using the Numpy library to quickly
calculate the matrix result. When querying the abstract, the latency is higher than querying the title.
This is due to the different measures that we treat these requests. When we want to query the title, we
just need to compare the title which takes less effort. However when we want to compare the abstract,
we need a longer time to calculate the similarities. Lastly, as we increase the number of items which
need to be considered when calculating the similarities, our performance in latency remains stable and
just increases less than 0.1 ms.
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Figure 5: Latency with small database

.2 Throughput performance
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Figure 6: Latency with large database
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Figure 7: Throughput with small database Figure 8: Throughput with large database

The web application’s throughput is tested with the following configuration:
« database size: 1200 papers / 8300 papers
e query same title and abstract during the test
e 20 iterations, 10s requests in one iteration

We have 20 iterations for testing the throughput, in each iteration, we count the number of success
responses for both query requests within 5 seconds. During our testing, we find that our performance
in throughput remains stable as we increase the size of our database. The total number of successful
responses does not change too much based on the graphs. In both databases, the query title requests
have a higher throughput than querying the abstract. This may be due to the different measures that
we used to query them. As we need longer time finding the best abstract, the slope of querying the
abstract is smaller than querying the title.
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