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ABSTRACT

A code transaction modifies a set of code files and runs a set of tests to make sure that it does not break any of the existing
features. But how do we choose the target set of tests? There could be 1000s of tests. Do we run all those tests? In that case, are
we not wasting resources, and delaying the whole process of merging a code change? Can we choose a static set of tests? In that
case, we have a chance of missing a set of tests which may be related to the code changes. How do we find out the optimal set of
tests for a given code change — is the goal which we are trying to solve using the Recommendation System.

Keywords— Test case selection, Singular value decomposition, SVD, Recommendation system, Latent factor collaborative
filtering, Alternating least square

1. INTRODUCTION

A code transaction making certain enhancements and changes always risk the existing code base. The way this risk is avoided is by
running some of the existing tests against the code change. The constraints we have is — the number of tests is too many. Else, we
could always run the whole set of tests. With too many tests and running all the tests will entail very high turnaround time for a code
change to be merged and very high requirement of hardware resources. The goal of this study is to find an optimal group of tests to
be executed with a code change, to make sure that the code change does not break any of the existing functionality. We will try to
solve this by building a recommender system.

1.1 Recommender system
Recommender System is used for predicting the "rating™ or "preference” that a user (identity -1) would give to an item (another
identity -2). Given a user us, which likes “certain items/movies”, can we predict what other items/movies will uy like? This problem
is solved by Recommender Systems.
There are two types of Recommender Systems

e Content Based Filtering

¢ Collaborative Filtering

1.1.1 Content based filtering: We define a set of features/factors e.g. genre, box office collection, stars which can influence the
ratings (relationship of both the identities). Then we define all the movies based on these factors/features —a movie belongs to which
genre etc. Next, we create user profiles based on these factors — a user like which genre of movie — action, comedy etc. Based on
these two mappings, we suggest movies to users. (Figure 1)
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Fig. 1: Content based filtering
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1.1.2 Collaborative Filtering: For Content Based Filtering to work, we need to have the user-feature mapping and movie/item-
feature mapping done.
e What if — there are millions of such movies, users?
o What if — we do not know the features?
e What if — there are 1000’s of features?
To solve these, we have Collaborative Filtering.

Collaborative filtering needs user history: how a user is influenced by some of the items/movies. Based on this, there are various
ways using which we can determine what we should recommend to the user.

Collaborative Filtering — Nearest Neighbor Types: If we need to find a good recommendation for a user uz, based on all user’s
history, we find what are the other users which are like uj, i.e. all those users — who have a same/similar influence on a set of
movies/items as u; has.

We find this using various similarity methods defined in algebra
(a) Euclidian distance

d= > Gy
i=1
(b) Cosine Similarity
CosSim(x,y) = Lixi—yi _ oy
(c) Pearson Correlation
2ilxi =0y —¥)
Corr(x,y) = = =
VI — 022 — )2
Corr(x,y) = b - J_C'y — y)_
|lx = %I[Ily — 7

Corr(x,y) = CosSim(x —x, y—7%)

Once we have the determined “a set of” similar users (nearest neighbors), we predict the u;’s influence on movies (which it hasn’t
seen/rated) based on weighted average of those movies of nearest neighbors (figure2).
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Fig. 2: Collaborative filtering — nearest neighbor types

Collaborative Filtering — Latent Factor Based Methods: This is a mathematical model of collaborative filtering which is
analogous to “Singular Vector Decomposition” splits a matrix into two matrices.
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Fig. 3: Singular vector decomposition
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We use a learning algorithm to determine the factors. The user’s history consists of “users” and “items/movies” with its ratings on
each item/movies as a matrix. We apply the learning algorithm on this matrix to split it into two separate matrices. The first matrix
shows the relationship between “users” with “hidden factors” [also called latent factors]. The second matrix shows the relationship
between each item and the hidden factors. This method is similar to Content-Based Filtering except that the latent factors are
identified by the learning algorithm. Sometimes, these factors may map to real factors like Genre or Box office collections. In other
cases, it may turn out to be an abstract factor which does not have a meaning in real life.
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Fig. 4: Latent factor collaborative filtering

1.2 Sparsity

In most of the cases, the initial matrix will be very sparse, i.e. the ratings of movies from users are usually very rare. How do we do
the decomposition of the matrix in such cases? In such cases, we perform the matrix factorization only for the values which are
available. We solve the equations for the set of ratings which are available. Then we use the resulting matrices to find the rating of
any other user and items which is not available. For a given rating r.i, we perform the matrix factorization to get py (for each user)

and q; (for each item)
R=P*Q

This can be turned into a minimization problem.

ming, Y (= al PPl + pl1?)
(u,i)ek

The lambda term is the regularization term. We find the factor matrices which minimizes the above error. There are two common
ways of matrix factorization — Stochastic Gradient Descent and Alternating Least Squares

1.3 Alternating Least Square
The equation to solve is

(Tui - QiTpu)Z + A(Hqillz + ”pullz) =0

There are two variables — p, and ¢;. We first fix p, and solve the equation and then we fix gi and solve the equation. This is repeated
till up and g; converges.

1.4 Challenges

e Cold Start: Collaborative Filtering depends on user history. What if there is no user history, i.e. for new users, how do we
recommend any item? One of the solutions could be to use a combination of content-based and collaborative filtering.

o Size: Size of the matrix is always a challenge in matrix factorization. Bigger the size, bigger the computation power, time and
memory requirement. Using Alternating Least Square algorithm instead of a stochastic gradient algorithm can help to mitigate
the issue to a certain extent.

e The sparsity of data: Usually both rows and columns (users and items) are huge in number but the ratings are quite less. We
can use dimensions using Principal Component Analysis (PCA) and resolve the issue to some extent.

e Synonyms: There are always some products, items which are the same. The data needs to be preprocessed to take care of such
cases.

e Gray Ship: Some users are not consistent in its ratings. Their ratings may not be easy to put into some mathematical formulae.
This issue may be very specific to Movies or Items, but in the scenario where we are trying to deduct ratings, this is not a concern.

o Shilling Attacks: Some users can try to give some fake ratings. Again, this is not a concern where we are trying to deduce
ratings from other activities.

1.5 How can these recommender system help us?
In our system, we categorize data as

Identity 1 “Code file” ~ “Users”

Identity 2 “test/failure file” ~ “Movies/Items”
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We try to predict — given a Code File, a list of Test files with a strong relationship. We extract relationships from all the past
instances of failures which we identified are caused by certain code changes. The strength of the relationships depends on how many
such relationships we find. We also preprocess the data to remove all irrelevant data and clean it up. Once we have all the data, we
standardize the data so that all the ratings/relationship values are in the same range of 0 to 1. We convert it into a matrix form and
it looks something like figure 5.
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Fig. 5: Code file ~ test File relationship matrix

We try to collect as much data as possible. In our case study, we used a dataset of 2.4 million data, consisting of 100K+ test files
and ~9K codes and forming a matrix of size 100K*9000 = 900M elements.

We train our Machine Learning Model. The Hyper Parameters to be tuned are
o Number latent features
e Regularization term

We have used RMSE (Root Mean Square Error) as the error term calculation for our Case Study. We also used the ALS
(Alternate Least Square) algorithm to converge up and g;

Loss - RMSE

(Original &
Prediction)

Set Algorithm

Hyper
Parameters

Error — Root Mean Square

Minimize loss

n based on {;
RMSE = M
n

Fig. 6: Matrix decomposition algorithm using ALS

After training, the predicted “influence/relationship values/ratings” values look like figure 7. Once we have the predicted values,
we can always predict/deduce, if a relationship between a code file and test file is strong enough or not. Based on these values, we
can easily find out the list of top tests which have a strong relationship with a given code file. And thus, if the code file is modified
in a transaction, we can help the developers with the list of such test files which it needs to execute.
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Fig. 7: Code file ~ test file predicted relationship matrix
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The Top 5 Recommended Test Files for the code — codel.c are

File Name Relationship Score
Testl.java 1.35305
Test2.java 1.105023

Test99 java 1.099531
Test45.java 1.099451

Testl1 java 1.098657

Fig. 8: A sample output based on the predicted matrix

2. CONCLUSION

Recommendation System is widely used in many commonly used applications. Recommendation System used in Test Development
process will help us to improve the test development process too. It may turn out that, the recommendation from a single algorithm
is not enough or is quite accurate. We use multiple algorithms for matrix factorization to get predicted values, we use other
algorithms for prediction as well. The output from all of the algorithms are polled and the best group is selected.
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