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Abstract—Core libraries in massive codebases are dependency
hot-spots with high code churn and an immense number of
reverse dependencies. A small code change in these libraries
can impact a vast number of clients, creating a massive blast
radius of costly breakages if a bug or regression is submitted.
To prevent expensive post-submit breakages, it is not feasible to
test global dependencies during the pre-submit stage for each
code change because of resource limitations and the desire for
minimal developer friction.

In this paper, we propose a novel ranking-based approach that
utilizes a hybrid call graph to test global dependencies during the
pre-submit stage. Our method leverages the call graph to select a
per-commit subset of these global dependencies and to generate
inexpensive graph structural features that allow our machine
learning model to learn the complex relationships between library
code changes and client tests to predict failures. Evaluating our
approach on 10 high-impact core libraries with an average test
suite size of 220,000, we demonstrate that a fixed budget of 2,000
tests per commit, representing just 0.9% of the total execution
cost, effectively catches regressions for 40% of failing commits.

Index Terms—Regression test selection, Continuous integra-
tion, Test case prioritization, Large-scale software systems, call
graph analysis

I. INTRODUCTION

Continuous Integration (CI) is a software development prac-
tice where developers frequently merge code changes into
a central repository, triggering automated builds and tests.
Within each CI cycle, regression testing is performed to
detect any breakages potentially caused by the changed code
and ensure stability once the code is deployed. However, as
the scale of software increases, the computational cost of
testing grows prohibitively. Since executing all tests potentially
impacted by the changes is often infeasible, subsets of the most
likely test suites are selected. To address this, regression test
selection (RTS) is used to identify a relevant subset of tests to
execute, while test case prioritization (TCP) ranks these tests
to facilitate earlier failure detection.

There is extensive research on regression test selection
(RTS) and test case prioritization (TCP) which can be gen-
erally categorized into heuristic based and machine learning
based approaches. Most heuristics-based studies [1]-[6], [25]
have used coverage related features to select the set of tests
to run, which in modern software systems can lead up to a
prohibitive number of tests to run. One challenge to contend
with is that the degree of code churn caused by continuous
integration quickly renders data gathered by code instrumen-

tation imprecise or even obsolete [7]. Another popular choice
of heuristic has been test execution and failure history. For
instance, [7] utilizes execution and failure windows for test
selection. Complementing this, [8] leverages test diversity
for broader system coverage, while [9] evaluates additional
heuristics including transition, author, and affected test counts,
pre-submit failures, and shared monorepo directories.

Recent research has increasingly focused on applying ma-
chine learning (ML) to regression test selection [10]. Many
approaches leverage test specific features such as execution
and failure histories, as well as execution duration [12]-
[19]. However, failure based metrics can be unreliable in
systems prone to test flakiness. To address this, other machine
learning based works [14], [16]-[19], [21], [22], [24] also
incorporate code change related features and cross-features
that link tests to the modified code. These include features
like commit metadata, file change frequency, and developer
experience, alongside structural metrics such as build depen-
dency graph distance and text similarity between file paths.
A comprehensive survey by [28] further categorizes machine
learning based RTS and TCP solutions into supervised and
reinforcement learning, emphasizing the inherent challenges
of class imbalance and data drift present in these tasks. These
issues arise because failing tests constitute a minute fraction
of the total test suite, and historical training data often fail to
reflect current software “hotspots” due to the evolving nature
of the codebase.

Google manages its continuous integration through the
Test Automation Platform (TAP) [29], which operates in
two distinct stages: pre-submit and post-submit. Pre-submit
testing occurs before code is merged and focuses on local or
developer-specified dependencies, whereas post-submit testing
evaluates all global dependencies. This latter stage is par-
ticularly challenging for core libraries, often referred to as
“dependency hot-spots” [30] where a massive blast radius
and high code churn result in a prohibitively large set of
potentially impacted tests [31]. A rollback’s cost is the lost
time of engineers that are blocked from submitting in a broken
project. The more reverse dependencies a submitted breakage
has, the more engineering time is lost. A rollback also becomes
increasingly difficult to execute the longer a culprit change
remains in the codebase: a feature that it introduced could be
adopted by users who would then be broken by the rollback.
Given the expense of post-submit testing, it is critical to



maximize failure detection during the TAP pre-submit phase.

While machine learning has been applied to post-submit test
selection [19], we propose a machine learning driven approach
for the pre-submit phase to recommend global dependencies.
This is necessitated by the fact that prior pre-submit methods
have been either too restrictive, allowing downstream break-
ages to bypass testing, or too broad, making it difficult to
integrate changes due to high testing overhead.

Our methodology leverages call graphs [32] for both test
selection and the generation of features that capture structural
relationships between changes and tests. Building on the work
of [26], [27], [33], we derive several graph based features to
help the model distinguish failing tests from a prohibitively
large candidate set. Our results demonstrate that within an
extremely restrictive budget of 2,000 tests (representing the
top 0.9% of potentially impacted tests), training a model on
call graph derived features identifies potentially breaking tests
for 40% of the failing commits.

Our contributions in this paper are:

o A machine learning approach for pre-submit test selection
specifically designed for high-impact core libraries with
very high code churn and an immense number of reverse
dependencies

o The creation of call graph based features that capture
the topological relationship between code changes and
downstream tests. We show that these signals help the
model learn to rank breakages effectively even with a
strict budget.

o A comprehensive study utilizing 10 months of historical
breakage data across 10 high-impact core libraries. We
demonstrate that within this budget, our model identifies
potential breakages for 40% of failing commits.

II. CALL GRAPH

To address the challenge of selecting a highly relevant yet
small subset of tests from a vast number of global depen-
dencies, especially during pre-submit, we leverage a deep
understanding of code structure through a hybrid call graph
analysis. This approach fuses high-precision static analysis
with execution-based dynamic profiling and coverage data,
balancing the broad reach of source-code dependencies with
the runtime precision required to minimize false positives. This
contrasts with traditional dependency analysis, which often
over-approximates affected! tests, and some heuristic or ML
features that may lack fine-grained resolution.

A. Static call graph

The static call graph is foundational, constructed from
symbol and cross-reference data indexed by Kythe [23], an
open-source ecosystem for semantic code analysis, covering
most existing source code within the repository. For Python, a
custom Kythe-compatible indexer utilizing an Abstract Syntax
Tree [34] parser generates the necessary semantic informa-
tion. The raw graph data from the indexer is processed

! Affected tests are defined as the subset of the entire test suite that has a
direct or transitive dependency on the modified source files.

to transform these edges into a structured representation of
symbols and various connection types, including direct calls,
membership, inheritance, decorator usage, and aliases. An
analogous pipeline is employed for C++ analysis, utilizing
a Kythe-compatible indexer. The volume of raw Kythe data
generated for C++ is significantly larger, approximately an
order of magnitude greater than that for Python, reflecting the
language’s complexity and compilation model. This symbol
data for both languages crucially includes cross-references,
such as C++ function calls from Python, forming a graph
traversable from any code change to all potentially affected
functions, enabling a finer test selection than reverse build de-
pendencies. The pipelines generating and processing this graph
data from Kythe run daily to ensure the call graph reflects
recent code changes. Figure 1 provides the visualization of
the static call graph.

This static call graph analysis is specialized into two
distinct components tailored for the monorepo environment,
where all project code resides in a single, unified repository
and project boundaries are defined by directory structures
rather than separate versioned repositories. The first compo-
nent is an internal call graph, which focuses exclusively on
the relationships and dependencies within the source code
directories of the specific library under consideration. This
graph is intentionally scoped to exclude call edges originating
from external client code—projects maintained by other teams
elsewhere in the same repository—as well as dependencies
on lower-level fundamental libraries. Such boundary-setting is
crucial for managing the size and computational complexity
of graph traversal when performing localized analysis within
the library’s own codebase.

To address the critical need of preventing breakages in ex-
ternal projects, the second component focuses on constructing
an Entry-Point-to-Test (ETT) map. This map links unit tests
across the entire codebase back to the specific API entry
points of the target library they ultimately depend on. Built
using the same underlying Kythe [23] cross-references, this
process initiates from the library’s public API entry points.
A multi-hop graph traversal algorithm explores outwards into
the vast client codebase, iteratively identifying symbols and
unit tests that directly or transitively call these entry points,
up to a predefined search depth. The construction of this ETT
map especially given the density of the call graph and the
sheer volume of C++ Kythe data, necessitates a scalable data
processing infrastructure and several key optimizations:

o Efficient Data Handling: Employing distributed file
systems [35] and distributed SQL query engines [36] to
manage and query cached subsets of the Kythe graph
edges.

¢ Orchestrated Execution: Utilizing workflow manage-
ment systems [37] to structure the complex multi-hop
analysis.

o Targeted Edge Selection: Pre-filtering Kythe data to
cache only the edge types most relevant to call dependen-
cies (e.g., references and calls), minimizing the working
set size for each hop.



o Identifier Compression: Reducing data size during
large-scale joins and graph operations by using tech-
niques like fingerprinting node identifiers.

o Advanced Traversal Logic: Implementing graph traver-
sal algorithms, often within SQL, that incorporate on-the-
go cycle detection and pruning to handle recursive calls
and improve efficiency.

The intermediate paths found during the traversal are not
stored; the final output is a persisted bipartite graph. The
resulting ETT maps about 10 million unit tests to about
500 thousand library source code symbols. To facilitate rapid
lookups, essential for time-sensitive applications like presub-
mit test selection, the ETT map is compressed through perfect
hashing, and loaded into memory in an unsharded manner.

While the static call graph offers a significant improvement
in granularity for unit test selection compared to reverse build
dependencies, its precision is still limited. Static call graphs
often create dependencies between unit tests and modified
functions that never happen in practice. Consider, for example,
a scenario where function Fj conditionally calls function F5
based on some boolean parameter. The static call graph will
indicate a potential dependency path from Fj to F,. However,
if a particular unit test executing I} always supplies a boolean
value that prevents the call to F5, this static edge is never
taken. This issue is magnified when API requests are routed
through orchestrator functions that statically connect to many
handlers. This orchestrator function effectively connects any
API caller to any API implementation, greatly reducing the
precision of the static call graph.

B. Dynamic call graph

The dynamic call graphs were created for two reasons: (1)
to address the extraneous connectivity of the static call graph
and (2) to add connectivity between edges that cannot be easily
discovered through static analysis. A typical example of (2) is
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Fig. 1. Static call graph and ETT Mapping Architecture. Constructed from
Kythe-indexed data, nodes represent symbols (functions, classes, tests) and
directed arrows indicate semantic dependencies (calls, inheritance, etc.). The
API Boundary (dashed blue line) separates internal library symbols (green
shaded area) from external client code. The graph tracks the transitive impact
from a Modified Symbol through the internal call graph to external unit tests
via the Entry-Point-to-Test (ETT) mapping. White circles represent “Out of
scope” nodes filtered to optimize traversal performance.

a callback passed into the library that calls other API functions.
So the dynamic call graph represents the actual call paths taken
by a unit test.

Since different unit tests can take different paths, there
is technically one dynamic call graph per unit test. This is
accurately represented by an extension of the ETT that directly
connects each unit test to all the symbols that could affect
it within the target API. While the bipartite graph from unit
tests to symbols was feasible to store and use, it would be
impractical to maintain one complete dynamic call graph per
unit test. So intermediate edges of runtime path segments
traversed by any unit test are instead added to a single internal
dynamic call graph, which augments the internal static call
graph. Figure 2 provides the visualization of the dynamic call
graph.

Python provides a built-in API (sys.setprofile) to
facilitate the profiling of every function call. All unit tests
under consideration are profiled and the collected call stacks
are disassembled into path segments added to the internal
dynamic call graph. And the ETT is augmented with a
connection from each unit test to all the symbols within the
target API visited during the test’s execution.

C++ lacks a built-in API like sys.setprofile, and
readily available tools rely on sampling-based profiling of
running binaries. Sampling is insufficient as it will often miss
ephemeral yet critical code path such as initialization rou-
tines. Compiler-based instrumentation techniques like Clang’s
SanitizerCoverage (Sancov) [38] could potentially offer more
complete function call tracing, but would require significant
implementation effort to integrate with other tooling.

So for C++, we use code coverage collected from C++ unit
test executions. Coverage data is available through standard
build and test tooling (e.g., bazel [39] coverage), and indicates
which lines of source code are executed by a given test. C++
test execution changes based on build configuration, so each
unit test was considered multiple times depending on how
many build configurations it had. The resulting data maps each
unit test to the lines of source code that could be affected. But
source lines are highly susceptible to churn, so the coverage
mappings are immediately mapped to function symbols using
each function’s current start and end line numbers, queried
from the Kythe [23] graph. This enables further augmentation
of the ETT similar to Python runtime profiling. However,
coverage data does not provide edge data between symbols
unlike the call stacks from runtime profiling. So coverage data
cannot be used to augment the internal dynamic call graph.

Note that collecting dynamic call graph data requires ac-
tually running the unit tests, which is significantly more
expensive than parsing library source code to construct the
static call graph. For this reason, dynamic call graph data is
updated only once per week, introducing staleness. The static
call graph is also subject to staleness as it is updated once
daily. Staleness could potentially limit the effectiveness of the
call graph as critical missing connections cause breakages to
be missed. But while source code lines change frequently,
function call edges change less frequently. Empirically, for



our target APIs, staleness was not a significant issue. Of the
breaking commits that we did not catch, fewer than 2% of
these were due to stale connection data.
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Fig. 2. Dynamic call graph Augmentation. This figure illustrates the en-
hancement of the static graph using runtime profiling to address extraneous
connectivity and discover hidden edges. Red dashed arrows represent dynamic
call reference edges, such as callbacks, found only through runtime profiling.
While the API Boundary (blue dashed line) remains, the Client Mappings
(ETT) are extended to link unit tests directly to any internal library symbol
exercised during execution. This enables more precise test selection, allowing
for a “dynamic ETT veto” where tests are excluded if profiling shows they
never exercise a specific modified symbol.

C. File and Build Mappings

While call graph analysis (both static and dynamic) provides
fine-grained insights into function-level dependencies, it has
inherent limitations. Notably, many breaking changes do not
involve modifications to function bodies. Changes to file-
level constants, C++ macros, or, critically, build system rules
(e.g., BUILD files) are often invisible to a call graph analysis
focused on Kythe function symbols. Our analysis indicates that
a substantial portion of regressions are build failures, which
are not guaranteed to be detected by call graph-based methods,
as the broken test might not call any modified function. To
address these gaps and enhance test selection, particularly for
build-related breakages and non-function code changes, we
supplement the call graph-based approach with file-level and
build-level dependency mappings.

First, to capture changes within source files that don’t alter
function-level call flows, we utilize the previously generated
function-level coverage data. These data, mapping tests to
functions they execute, are aggregated to a file level by
grouping by source file and unit test. This creates a file-to-
test mapping, indicating which tests execute any code within a
given file. This allows us to connect non-function code changes
(like constants or macros within a source file) to tests that
exercise code in that same file, providing a link where the
function call graph would find none.

Second, to address breakages stemming from build system
modifications and indirect compilation dependencies, we in-
corporate build dependency graph analysis. The build graph
captures how targets depend on each other for compilation
and linking. Changes to build rules, #include statements
in C++, or even function signatures can break targets without
a direct call relationship being present in the executed paths.

A common scenario involves a unit test calling function F7,
which resides in the same build unit as function F5. If a
change is made to the signature of function F3, upon which
F5, depends, the entire build unit may fail to compile, causing
the test for F to break, even if [ never calls F5 or Fj.
The test targets identified through file-level coverage and
build dependencies significantly expand the pool of candidates
beyond those found by call graph traversal alone. Given that
these file and build mappings are more coarse-grained than
call graphs and may include more false positives, we employ
a tiered strategy for test selection. Tests identified by the call
graph are prioritized. If the test execution budget (e.g., 2000
tests) is not exhausted, slots are filled with tests identified
through file-level coverage, and then by build dependency
mappings, prioritized by build hops. This approach ensures
that we leverage the precision of the call graph while using
the broader scope of file and build dependencies to catch
breakages that would otherwise be missed, especially in cases
where the call graph identifies few or no affected tests.

III. TEST SELECTION
A. Overview

The objective of our approach is to select a set of potentially
failing tests 7 for a given commit C in the pre-submit stage.
We formulate this as a learning-to-rank task, where C serves
as the query and the candidate tests represent the items to
be ranked and returned in a response to the query. The
model’s goal is to rank the tests such that those with the
highest probability of failure given the commit’s changes are
positioned at the top of the ranked list.

Formally, we define a commit C as a set of source code
symbols (methods or classes) that were modified in it. We
only include symbols that were either updated or deleted in
the set of modified symbols?.

02{81,82,...787”}

We then use the global call graph G* as defined in Section IT
to identify a set of affected tests To = {t1,ta,...,t,} that
are reachably connected to the set of modified symbols of a
given commit. For each commit-test pair (C,t;), we construct
a feature vector x; which is a combination of call graph related
features, test related features, change related features that
characterize the nature of the commit, and build dependency
graph derived features. Each of the four categories of the
features are described in detail in section III-B.

B. Per Test Features

For each test we construct four types of features that are
concatenated and input to the ranker. The majority of these are
calculated at query time, but leverage data cached structures
that are computed daily. The call graph features jointly depend
on the commit and the test and are computed by aggregating

2New symbols are excluded as they are absent from pre-commit call graphs.
3These call graphs are extremely large as they can have millions of nodes
and over tens of millions of edges.



symbol-test pair features. The test related features are constant
for all commits. The change related features are constant
for all tests but can act as conditioning information for the
ranker. Lastly the build dependency features are also joined to
commit-test features.

1) Call graph Features: To quantify the propagation of
changes from the source code to the test suite, we derive a
set of structural and reachability metrics from the global call
graph G. For each test ¢; in the test suite, we evaluate its
relationship to the change C through the following features:

o Shortest Path Distance: The minimum number of edges
separating any s; € C from the test entry point ¢;.
A smaller distance suggests a more direct and higher-
probability impact.

e Tree Size: The total number of nodes in the subgraph
reachable from s;, which serves as a proxy for the
broadness of potential side effects induced by the change.

e« Max Outdegree: The maximum number of outgoing
edges from any node along the call path between the test
entry point ¢; and the modified symbol s;. This identifies
whether the test interacts with the modification through
high fan-out “hubs”.

« Static vs. Runtime Paths: We distinguish between the-
oretical paths existing in the static call graph and active
paths observed during previous runtime executions. This
allows the model to prioritize observed execution flows
over dead code paths.

o Path Enumeration: The total count of distinct call
sequences leading from the change symbol set to ¢;,
providing a measure of the coupling density between the
modified code and the test.

« Interface Sensitivity: Number of distinct call paths in G
between the test entry point ¢; and a modified symbol s;,
specifically when s; is identified as an interface symbol
(public API signature or exported method). Changes
to these symbols are statistically stronger indicators of
potential breakage.

o Affectedness Score: A normalized metric representing
the degree of intersection between the test ¢;s historical
call paths and all tests’ call paths that reach the current
modified symbol set C.

o Dynamic Call Intensity: This metric captures the fre-
quency with which the modified symbol s; is invoked
during the execution of test ¢;. By measuring the total
number of calls, the model can distinguish between
incidental reachability and core dependencies; a symbol
that is frequently invoked by a test represents a higher
risk of causing a regression if modified.

« Relative Call Weight: This feature represents the propor-
tion of ¢;’s total execution effort (total callees) dedicated
specifically to symbol s;. This normalized metric identi-
fies the relative importance of a modification to a test’s
execution profile. A high proportionality score suggests
that the test is critically coupled to the modified symbol,
making it a highly sensitive indicator for that specific

change-set.

Since a commit C typically comprises multiple modified
symbols, a raw metric is initially computed for every indi-
vidual symbol-test pair (s;,t;). To convert these into a single
feature vector x; for test ¢;, we aggregate the values for every
symbol s; using descriptive statistics.

Specifically, for every base metric f, we compute a triplet
of values representing the minimum, median, and maximum
across the set of modified symbols:

Xi,f = g?éréf(sj,ti)a median f(s5,t0), gjlggf(smti)

This aggregation strategy ensures that our model captures
the full distribution of change propagation. While the median
provides a measure of the central tendency that is robust
against outliers, the minimum and maximum values are critical
for capturing extreme cases. For instance, the minimum short-
est distance identifies the modification most “proximal” to the
test, while the maximum shortest distance identifies the most
indirect or distant interaction, capturing potential regressions
stemming from changes to deep-level utility functions or
transitive dependencies. By concatenating these three statistics,
we provide the learning algorithm with a representation of the
commit’s structural influence on each test case.

2) Test related features: To account for the individual
characteristics of the test suite, we include several test related
features validated by previous literature [1], [2], [7]-[9],
[11]-[21], [24]. These include failure and execution histories,
flakiness indicators, and execution profiles characterized by
their size and average runtime. These features help the model
understand the relative stability and resource consumption of
the test.

3) Change related features: These features describe the
commit C itself independent of the test suite. We include
metrics like the number of modified files and symbols, number
of reviewers assigned to the commit, number of comments
exchanged between the author and the reviewers, and time
elapsed between the creation and submission of the commit.
We include these features since prior studies [9], [14], [16]—
[19], [21], [24] have shown that they are effective indicators
of code complexity.

4) Build dependency related features: We also include
features derived from the build dependency graph. Specifically,
we measure the dependency distance as the number of build
hops from our different client libraries. Prior research [14],
[17]-[19], [40] has demonstrated that a test’s position in
the build hierarchy is a strong indicator of its sensitivity to
upstream changes.

IV. EMPIRICAL EVALUATION

A. Evaluating model performance

Test Selection is commonly evaluated using metrics such as
APFD, NAPFD, and NRPA [41], [42]. While these provide
valuable benchmarks for general ranking quality, we utilize a
more straightforward metric that is better suited to the practical
requirements of our use case. To maintain simplicity and direct



alignment with developer needs, we focus on the Catch Rate
relative to a fixed Selection Budget.

o Selection Budget (K ): This represents the allowable com-

putational cost, defined as the percentage of total affected
tests scheduled for execution. In our setting, we target a
budget of 2,000 tests which is approximately 0.9% of the
test suite.
Since our service adds tests on top of existing testing in-
frastructure present during pre-submit, and runs multiple
times for each commit, of which there are on average
444 each day, 2,000 tests is the maximum number of
tests that we can add before incurring a non-trivial cost
for developers.

e Catch Rate (Recall@K): This reflects the percentage of
breaking commits identified by the model by catching at
least one failing test within the top K ranked items.

Formally, for a set of commits C and a set of failing tests
Thail, the Catch Rate at budget K is defined as:

Yece L(Top g (¢) N Thir) # 0]
C|

It is important to clarify that our system is designed to
recommend potentially failing tests for a given commit, which
are subsequently executed and validated by the underlying
testing infrastructure.

CatchRateQK =

(D

B. Dataset

We constructed our dataset using 10 months of historical

breakage data from high-impact core libraries. These libraries
were selected based on their extensive downstream dependen-
cies and high frequency of rollbacks. Ground truth labels were
obtained from a culprit finder search based on the Flake Aware
Culprit Finding algorithm [43] that conclusively identifies the
specific commit responsible for each test failure, ensuring high
label reliability. Accordingly, our dataset focuses exclusively
on commits associated with confirmed breakages, excluding
the hundreds of stable commits that typically occur for every
single breaking change.
Following the call graph methodology described in Section II,
we generated candidate test suites for 1,428 commits. These
suites achieved an 86% recall in capturing actual failing tests.
The remaining 14% of failures are primarily attributed to the
inherent challenges of static analysis in C/C++ code, which
constitutes the majority of our dataset. Table I shows the
distribution of programming languages across the commits in
our dataset, where others corresponds to commits that only
modified build or configuration files. The resulting dataset is
exceptionally large and sparse, comprising approximately 338
million commit-test pairs. On average, each commit requires
ranking 220,000 candidate tests. Notably, failure events ac-
count for only 0.004% of the pairs, presenting an extreme
class imbalance.

To prevent temporal data leakage, we employed a chrono-
logical split rather than random sampling, structuring our data
to simulate a realistic production deployment where the model

TABLE I
DISTRIBUTION OF PROGRAMMING LANGUAGES PRESENT IN THE DATASET.

Programming Language [ % of commits

C++ only 52%
Python only 34%
C++ and Python 8.4%
Others 5.6%

is trained on historical data and evaluated on future, unseen
events. We partitioned the chronologically sorted commits into
three disjoint sets: Dy, (the first 70%), Dy, (the next 15%),
and Dy (the final 15%). All results reported in Section V
are evaluated on the held-out Dy set to simulate real-world
deployment performance.

C. Training Setup

a) Feature Pre-processing: To account for the vary-
ing scales of features across different commits, we perform
commit-centric normalization. For each commit C, we apply
a three-stage transformation to the set of feature vectors
corresponding to the affected tests: (i) a min-shift to ensure
non-negativity (zgir = © — min(x)), (ii) a log-transformation
(logyo(1 + @snire)) to stabilize variance, and (iii) Z-score
standardization. Most of our features follow a Poisson dis-
tribution and hyperparameter tuning confirmed that the log-
transformation consistently outperformed other scaling meth-
ods such as Quantile, Anscombe, and Min-Max normalization
by mitigating the impact of heavy-tailed distributions common
in our features.

b) Model Architecture and Training: We explored several
models, including decision trees, LightGBM [44], and various
deep and shallow Dense Neural Networks (DNN). The DNNs
were trained using the Adam [45] optimizer with weight decay,
and learning rate scheduler to reduce the learning rate upon
validation loss stagnation.

¢) Ranking Loss Function: Since we are training with a
ranking loss, training data is organized into batches of shape
(batch size, list size, feature size). During training, we use a
sampling strategy that populates each list with a mixture of
failing and passing tests to ensure there is a meaningful loss
for the model to learn from.

After extensive hyperparameter tuning, we concluded that a
hybrid ranking and classification loss function works the best
for our dataset:

Lioal = aﬁpairwise + BLycE 2

where Lpairwise Optimizes the relative ordering of tests and
Lpcg (Binary Cross-Entropy) provides a point-wise classifi-
cation signal to sharpen the distinction between failing and
passing targets. The weighting coefficients « and 5 were
determined through hyperparameter tuning to be 0.1 and 0.9.
RAX [46] library was used to implement the ranking loss
functions.

d) Hyperparameter Tuning: We performed an exhaustive
grid search over the following parameters: list size, batch size,
initial learning rate, hidden layer dimensions, feature scaling,



ranking losses and the loss weights a and 5. Model perfor-
mance was evaluated using the Catch Rate@K for K=2000
metric defined in Section IV-A.

V. RESULTS

In this section, we discuss the results of the experiments we
performed to find an optimal model to rank potentially failing
tests and we focus on answering three research questions.

RQ1 What is the performance of the model trained with
call graph features in terms of percentage of breakages
caught in comparison to baseline test selection approaches?

Utilizing the previously defined Catch Rate metric and
production budget of 2,000 tests (0.9% of affected tests),
Figure 3 shows how the recall of breakages changes as the
percentage of tests selected to run during pre-submit changes,
comparing the performance against two baselines: one that
involves random test selection, and another that ranks tests
using the values of a feature that measures the number of
shared APIs between the commit and the test. We use this
feature as a heuristic to rank tests, as higher the number of
shared APIs between a commit and a test, higher are the
chances that the test breaks because of some change.

Our model outperforms consistently both the random baseline
and the heuristic baseline, indicating that the model is learning
useful information from the call graph features without using
any content of the commit or the test. At our production
budget of 0.9% of all affected tests, our model achieves a
recall of 40%. It is also steeper compared to the other two
baselines, highlighting further the ability of the call graph
features in identifying potential breakages. By executing 10%
of the test suite, the model captures approximately 78% of the
total breakages. In contrast, to achieve this same 78% recall,
the heuristic baseline requires approximately 45% of the test
suite to be run, while random selection requires nearly 60%.

Furthermore, the model reaches near-total breakage
detection much faster than the baselines. It achieves a 95%
recall at approximately 50% of the test suite. Whereas the
baselines achieve a maximum of 88% recall. These results
suggest that the model trained on call graph features is
highly effective at catching breakages, offering significant
potential for reducing post-submit breakages and rollbacks.
Most important unit tests are configured for TAP post-submit,
so any failures missed by the model are still caught after
submission with some delay.

RQ2 Which model design decisions most significantly
impact performance, specifically regarding feature selection
and model selection?

To evaluate the relative contribution of different feature
categories, we conducted an ablation study by training our
model on three distinct feature subsets. The results, illustrated
in Figure 5, plot the Catch Rate against the percentage of tests
selected (Test Suite Size). This analysis allows us to isolate

the impact of call graph features in comparison to features
mentioned in sections III-B2, III-B3, III-B4 that we refer to
as non-call graph features in this section.

The analysis of the ablation results reveals the following
key insights:

While traditional meta features(test related features, change
related features, and build dependency graph related features)
have proven effective in standard TCP/RTS tasks [1], [2], [7],
[11]-[20] they may encounter unique challenges when applied
to the specific complexities of dependency hot-spots and large
scale core libraries as present in our codebase.

Figure 5 shows a significant performance gap between the
Non-call graph features and Call-graph Features. Utilizing
only test related, change related, and build dependency graph
related features, the model may face challenges in capturing
sufficient signal to effectively prioritize failing tests. With call
graph features the model achieves a steep increase in Carch
Rate at low budgets, capturing nearly 30% of failures within
the first 1,000 tests, and 40% of failures within the 2,000 tests.

Traditional meta-features (III-B2, III-B3, III-B4), can help
characterize the general riskiness of a commit but fail to
model the specific interaction between a code change and a
downstream test. Call graph derived features help us model
this interaction in a cost-effective way by isolating the specific
propagation of a change through the system. Historical failure
data which are often highly predictive of future failures by
signaling to the model the healthiness or the reliability of a
test, is often sparse for core libraries. A specific downstream
test might not have failed for months, rendering history based
features uninformative for that specific CI cycle. However, a
structural change in a core library (an interface modification)
creates a new failure vector regardless of the test’s history.
Our call graph related features utilize the current state of the
codebase to identify risky paths, making them more resilient
to the cold-start problem inherent in newly added tests or long-
stable modules.

In massive codebases such as the one used in our evalu-
ation, meta-features (features mentioned in sections III-B2,
III-B3, III-B4) alone can sometimes cause many tests to
appear identical to the model. Call graph features allow the
model to differentiate between these tests by quantifying their
relationship to the change. This nuance helps our model to
operate effectively within the highly restrictive 0.9% selection
budget.

During the model selection phase, we compared multiple
modeling techniques such as decision trees, LightGBM, and
deep and shallow dense neural networks (DNN). We also
experimented with models using an attention layer to allow
the network to evaluate each test in relation to others in
the same commit. Our experiments revealed that performance
remained largely comparable across these models except the
attention based models. Attention based models underper-
formed compared to simpler models. Since a breakage in one
test does not influence the state of another test, the inter-
test context provided by the attention layer likely introduced
ranking noise rather than useful signal. We deployed a DNN
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model with a single hidden layer of size 32. This model
demonstrated the highest degree of consistency throughout
months of evaluation, ensuring reliable performance in our
dynamic production environment.

RQO3 Our dataset consists of commits that cause very
few breakages and also those that cause a large number of
breakages. What is the performance of our model with respect
to both sets? Is it significantly better on one set than the
other?

Figure 4 shows the distribution of the number of breakages
caused by commits across our dataset. Our dataset is heavily
right-skewed, i.e., the vast majority of commits cause few
breakages. We split our dataset into two sets containing “high-
impact”* commits (those causing many breakages) and “low-
impact™ commits (those causing few breakages). Our findings
indicate a significant performance difference between the two
sets.

Using a threshold of 15 broken tests (B) to distinguish
between the two sets, we observed the following:

« High-Impact (B > 15): Catch Rate@2000 = 83%

o Low-Impact (B < 15): Catch Rate@2000 = 31%

We use a threshold of 15 as most of our commits have fewer
than 15 breakages. The model exhibits a 52-percentage-point
lead in performance when predicting “high-impact” commits.
This suggests that the model’s effectiveness scales positively
with the magnitude of the regression.

From the perspective of a developer, these findings define
our model as a robust architectural safety net. When writing
high-risk commits such as those that refactor core libraries or
modify global interfaces, developers can rely on the model
with high confidence (83% catch rate) to flag potential regres-
sions before they reach the integration stage.

However, the lower performance on “low-impact” commits
(31%) highlights the inherent limitations of a purely structural

4High impact here refers to the large number of tests broken by a change.
It does not refer to the importance of a change.

SLow impact here refers to the very small number of tests broken by a
change. It does not refer to the importance of a change.
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Fig. 4. Model performance (Catch Rate@K=2000) with respect to the number
of breakages caused by a breaking change. Each stacked bar represents
the percentage of total regressions in the dataset, categorized as “Caught”
(correctly recommended within the top 2000 tests) or “Missed.”

representation. Because the model operates solely on graph
topology, it remains semantically blind to the specific logic
of a change. These findings demonstrate the necessity of
augmenting structural features with semantic information. In
future work, we intend to explore cost-effective semantic
representations that can supplement our call graph features,
better positioning the model to identify breakages within low-
impact commits.

VI. RELATED WORK

Extensive research in Regression Test Selection (RTS) and
Test Case Prioritization (TCP) has been documented in sev-
eral surveys [28], [47]-[49]. Earlier work primarily relied
on coverage-related metrics, dependency-related metrics, and
other heuristics, including test execution history, test failure
history, and test diversity [1], [2], [7], [8], [11], [20], [25]-
[271, [30].

More recently, researchers have applied machine learning
to address these challenges. The features typically used in
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these ML models can be broadly categorized into change-
related, test-related, and cross-features. Change-related fea-
tures capture characteristics of the modified files (e.g., number
and type of files, modification history, and churn) and the
authors (e.g., number of distinct authors, developer experience,
and reviewer metrics). Test-related features often measure a
test’s “usability” [7], which can be quantified by historical
failure rates over specific time windows (e.g., 7, 14, or 28
days), execution frequency, time since last execution, and
test duration. Finally, cross-features capture the relationship
between commits and tests, such as the distance between a
test and the changed code in a build dependency graph, or the
text similarity (e.g., shared tokens) between the test filepaths
and the code change filepaths. Several studies [12]-[19], [21],
[24], [50] have trained ML models for RTS and TCP using
combinations of these features.

Figures 6 and 7 illustrate the distributions of two of our call
graph generated features for failing tests: shortest path distance
and max outdegree (detailed in Section III-B). As shown in
Figure 6, the most frequently failing tests tend to have a shorter
path distance to the changed code, which aligns with findings
from previous work [9]. However, Figure 7 reveals that these
failing tests also exhibit a very large max outdegree value.
A high max outdegree indicates that a test is evaluating a
modified symbol® in the call graph that is invoked by a large
number of other symbols that were acting as a “broadcaster”’
node.

Because commonly used features offer limited predictive
power in the context of core libraries that are characterized
by a massive blast radius and high code churn, we proposed
utilizing advanced call graph features to provide more distin-
guishing signals. Section V provided an empirical evaluation
of this approach, demonstrating its effectiveness in enhancing
the model’s predictive performance.

6A modified symbol is any symbol that was either updated or deleted in
the commit.

7In a call graph, a broadcaster node is a symbol with an exceptionally high
outdegree that serves as a central distribution point for numerous downstream
calls.
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Fig. 6. Frequency distribution of the feature shortest distance for failing tests.
Definition of the feature can be found in section III-B.

VII. CHALLENGES IN PRODUCTION

While our experimental results demonstrate a catch rate of
40% at K=2000 in a development setting, live production
deployment introduces new challenges that lead to a drop
in the catch rate. First, tests requiring hardware accelerators
(GPUs or TPUs) are more expensive than CPU tests during
pre-submit, so in practice no more than the top 5 such tests are
run. Consequently, even when our model correctly identifies
a potential breakage in such a test in the top K=2000, the
underlying infrastructure may not execute it; this results in
no catch being recorded for that commit leading to a lower
than predicted catch rate. Second, we face a distributional drift
between our training data that is composed of only post-submit
breakages, whereas live inference is performed during the pre-
submit phase on transient code snapshots some of which may
be early drafts of a commit and thus have a different pattern of
breakages. We are addressing these challenges in our ongoing
and future research.

VIII. CONCLUSION

In large-scale software systems, Continuous Integration (CI)
faces significant challenges due to the prohibitive cost of run-
ning exhaustive regression suites for every single code change.
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This is especially critical for core libraries in monolithic
codebases with massive dependency hot-spots where a single
change can affect millions of downstream targets. This paper
presented a machine learning based approach to Regression
Test Selection and Test Case Prioritization that leverages
call graph analysis. We derived structural features such as
path distance, tree size, and node outdegree to model the
topological relationship between code changes and potential
test failures.

We evaluated our approach using a neural network trained
on ten months of historical data from a massive monorepo. Our
results demonstrate that our approach outperforms traditional
heuristic and metadata based baselines. At a highly restrictive
pre-submit budget of 0.9% (approximately 2,000 tests), the
model achieves a 40% catch rate for breaking commits. Our
findings suggest that structural call graph features provide a
critical signal for identifying regressions in complex environ-
ments where historical failure data is often sparse or imprecise.
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