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Abstract—Program fixes must preserve passing tests while
fixing failing ones. Validating these properties requires fest oracles
that distinguish passing from failing runs.

We introduce BASHIRI, a tool that learns failure oracles
from test suites with labeled outcomes using execution features.
BASHIRI leverages execution-feature-driven debugging to collect
program execution features and trains interpretable models as
testing oracles. Our evaluation shows that BASHIRI predicts test
outcomes with 95% accuracy, effectively identifying failing runs.

BASHIRI is available as an open-source tool at

https://github.com/smythi93/bashiri
A demonstration video is available at
https://youtu.be/D2mJk CtSXtM

Index Terms—Testing oracles, automated debugging, execution
features, dynamic analysis

1. INTRODUCTION

Many problems in software analysis and testing could be
easily solved if we had good specifications. However, in real-
world software development, we often lack good specifications
and must deal with these imperfections. Software testing and
debugging rely heavily on test oracles that determine whether
a program execution is correct or faulty. While specifica-
tions would provide ideal oracles, they are rarely available
in practice, forcing developers to rely on test suites with
specific assertions like assert sqrt(4) == 2. These test-
specific oracles work well for their intended inputs but do
not generalize to new test cases. When fixing programs, be it
manually or through automated repair, two critical properties
must hold: fixes must eliminate all previously failing behaviors
while preserving all previously passing behaviors. Validating
these properties requires oracles that can reliably distinguish
between correct and incorrect executions across a broader
range of inputs than just the original test suite.

We introduce BASHIRI, a tool to automatically derive fail-
ure oracles from test suites." Unlike traditional test-specific

Lbashiri is the Swahili word for predict.
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oracles, BASHIRI learns general failure patterns as predicates
over execution features. It leverages execution-feature-driven
debugging (EFDD) [1] to collect program execution features
from labeled test runs and trains interpretable decision tree
models that can predict outcomes for new, unseen test cases.
BASHIRI addresses three key challenges: (1) learning oracles
from limited examples, (2) maintaining oracle effectiveness
across program versions during repair, and (3) improving
oracle quality when initial training data is insufficient.
In summary, we make the following contributions:
BASHIRI We introduce BASHIRI, a tool to generate failure
oracles linking failures to execution features which can
precisely pinpoint failure conditions, making them suitable
oracles for automated or manual software repair.
Continuity We introduce a mapping that allows us to predict
test outcomes even if the program has been modified.
Refinement We introduce a refinement loop that allows us to
learn from additional test cases, improving the accuracy of
the learned oracles.

II. LEARNING ORACLES FROM EXAMPLES

Our tool targets scenarios where developers have a faulty
program and tests that expose the fault. The goal is to derive
testing oracles from these labeled test runs (BUG or NO-BUG).

Figure 1 outlines our tool: @ BASHIRI instruments the pro-
gram to capture execution events. @ It runs tests and records
execution events. It extracts execution features from these
events using EFDD [1]. @ It trains an interpretable decision
tree model as an oracle (Section II-A). For new tests, BASHIRI
repeats steps 1-3 and classifies runs using the trained model.

A. Training a Machine Learning Model

We train a decision tree classifier using the extracted feature
vectors. Decision trees are ideal because: (1) our discrete
features suit tree-based classification, (2) they effectively dis-
tinguish failing from passing runs through feature combina-
tions, and (3) their interpretable nature enables identifying
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Fig. 1. BASHIRI in a Nutshell. BASHIRI takes a subject and labeled tests as input and leverages execution features to train an oracle.

fault-relevant features. Our experiments with various classifiers
(naive, neural networks, large language models) showed that
decision trees consistently matched or outperformed alterna-
tives. We maintain classification impartiality, treating passing
and failing executions equally. For new test cases, BASHIRI
runs them through the instrumented program, extracts feature
vectors matching the training structure, and classifies them as
BUG or NO-BUG using the decision tree model.

B. Mapping Features

To maintain oracle continuity across program versions, we
map execution features between different program versions
using a two-step algorithm: (i) First, we identify corresponding
events in original and altered programs using patch files to
translate line numbers. Events are mapped based on type, file,
and line number. (ii) Second, we translate execution traces
from the altered program back to the original using the mapped
events. This approach allows the same oracle to be applied to
modified programs, supporting automated repair workflows.

C. Refinement Loop

Initial test sets may lack comprehensive coverage of exe-
cution features that correlate with faults. We extend BASHIRI
with a refinement loop that generates additional inputs using
fuzzing tools like AFL++ [2] and AFLFAST [3], selects interest-
ing cases for labeling, and retrains the classifier. The process
works as follows: After building an initial oracle, BASHIRI
generates new inputs and extracts their features, retaining those
with novel feature combinations. Inputs exceeding a similarity
threshold (based on Jaccard similarity of execution feature
sets) are selected as interesting cases, labeled either manually
or through automated heuristics, and added to the training set.
Finally, the model is retrained with this expanded corpus.

D. Implementation

BASHIRI builds upon EFDD [1] for execution-feature-
driven debugging and SFLKIT [4] for statistical fault localiza-
tion. We use scikit-learn’s DecisionTreeClassifier [5]
and unidiff [6] for feature mapping. The refinement loop
adopts fuzzing approaches similar to AFL++ and AFLFAST.

E. Usage

BASHIRI first needs an event collector which can be either
a SystemtestEventCollector, a UnittestEventCollector,

or a custom event collector. The event collector is responsible
for capturing execution features during test runs. The event
collector gets the set of passing and failing tests as input. Next,
the EventHandler builds feature vectors from the collected
events. Finally, we can train a BASHIRI by creating a Bashiri
object and calling its train() method. We can then use
the Bashiri object to classify new test cases by calling its
classify() method.

III. EXPERIMENTAL EVALUATION

For the evaluation of BASHIRI, we want to investigate the
following research questions:

RQ1 Oracle Quality. How accurately can BASHIRI from Sec-
tion II distinguish between passing and failing test cases
for an unseen labeled set of runs?

RQ2 Oracle Continuity. How well does BASHIRI from Sec-
tion II-B predict for altered program versions?

RQ3 Oracle Refinement. How does the refinement loop from
Section II-C impact the quality of the learned oracles?

A. Experimental Setup

We asses the quality of BASHIRI using eight subjects from
TESTS4PY [7], which extends real-world BUGSINPY [8]
defects with targeted test generation.

For RQ1, we train 240 models (30 per subject) with various
distributions of passing/failing tests, then evaluate on 100
passing and 100 failing inputs per subject. For RQ2, we
apply oracles trained on buggy versions to fixed versions
using 10 evaluation tests per subject. For RQ3, we train on
minimal input sets (one passing, one failing test) and compare
refinement loop improvements.

B. RQI: Oracle Quality

Table I shows that BASHIRI achieves 95% accuracy across
240 trained models evaluated on 48k unseen tests. The tool
demonstrates strong performance with macro-averaged preci-
sion of 0.95, recall of 0.94, and F1 score of 0.94. Remarkably,
BASHIRI generates perfect oracles (100% accuracy) in 70.83%
of cases, indicating that execution features often capture
complete failure conditions. The high accuracy achieved even
with minimal training data (two test cases, one failing and
one passing) can be attributed to execution features precisely
capturing the behavioral patterns that distinguish failing from
passing runs. When the fault manifests through specific control
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TABLE I
QUALITY OF BASHIRI ORACLES FOR RQ1. RESULTS SHOW ACCURACY,
PRECISION, RECALL, AND F1 SCORE FOR BUG/NO-BUG LABELS, PLUS
PERFECT ORACLE COUNTS AND EXECUTION TIME.

TESTS4PY BUG NO-BUG
Precision 0.9219 0.9716
Recall 0.9701 0.9256
F1 Score 0.9454 0.9480
mean Precision 0.9219 0.9716
mean Recall 0.9603 0.9451
mean F1 Score 0.9287 0.9538
Accuracy 94.67%
macro Precision 0.9467
macro Recall 0.9478
macro FI Score 0.9467
mean macro Precision 0.9467
mean macro Recall 0.9527
mean macro FI Score 0.9413
# of subjects and configurations 240
# of tests evaluated 48000
# perfect oracles 170
% perfect oracles 70.83%
average execution time per subject 10.59s

TABLE II
CONTINUITY OF BASHIRI ORACLES. THE TABLE SHOWS THE RESULTS FOR
RQ2 FOR THE SUBJECTS FROM TESTS4PY. THE TABLE LISTS THE
PRECISION, RECALL, AND F1 SCORE FOR THE NO-BUG LABEL.

TESTS4PY Result
Precision 0.6042
Recall 1.0000
F1 Score 0.7532
Accuracy 60.42%
# of subjects and configurations 240
# of tests evaluated 2400
# perfect oracles 145
% perfect oracles 60.42%

flow patterns or data values, these features become strong
predictors even with limited examples. The average execution
time remains practical at 11 seconds per learning, making
BASHIRI suitable for real-time oracle evaluation.

BASHIRI achieves high predictive accuracy (nearly 95%)
with 70.83% perfect oracles, but execution features cannot
capture all failure conditions.

C. RQ2: Oracle Continuity

Table II presents the oracle continuity results when applying
models trained on buggy versions to their corresponding fixed
versions. BASHIRI achieves moderate continuity with an F1
score of 0.75 for the NO-BUG label, which is the expected
outcome for all tests on fixed programs. The precision of 0.60
indicates that 40% of predictions incorrectly classify passing
tests as failing, while the recall of 1.0 shows that all actual
passing tests are correctly identified. This performance vari-
ation stems from feature mapping challenges when program

TABLE III
REFINEMENT OF BASHIRI ORACLES. THE TABLE SHOWS THE RESULTS FOR
RQ3. IT LISTS THE ACCURACY, PRECISION, RECALL, AND F1 SCORE FOR
THE ORIGINAL ORACLES AND REFINED ORACLES.

TESTS4PY Overall
w/o w/

Accuracy 79%

macro Precision  0.79

macro Recall 0.79

macro FI Score  0.79

avg time 176s

modifications alter execution paths significantly. Notably, 60%
of models achieve perfect predictions, suggesting that feature
mapping works well for minor bug fixes that preserve most
execution patterns.

BASHIRI demonstrates moderate cross-version oracle
continuity with F1 score of 0.75, with 60% of models
achieving perfect continuity.

D. RQ3: Oracle Refinement

Table III demonstrates the effectiveness of the refinement
loop in improving oracle quality from limited initial training
data. The refinement process increases overall accuracy from
79% to 82%, with corresponding improvements in precision
(0.78 to 0.82), recall (0.79 to 0.82), and F1 score (0.78
to 0.82). The fuzzing-based input generation successfully
discovers new execution feature combinations that correlate
with failure conditions. By iteratively expanding the training
corpus with these informative examples, BASHIRI learns more
comprehensive failure patterns that generalize better.

The refinement loop improves oracle quality, with strong
gains for subjects with insufficient initial training data.

IV. THREATS TO VALIDITY

Internal Validity: Our experiments use TESTS4PY-
generated inputs that might be incomplete or easily identifiable
by simple features. We mitigated this by ensuring generated
inputs produce correct BUG/NO-BUG outcomes and verifying
subject compatibility.

External Validity: Our TESTS4PY subjects demonstrate
real-world applicability, with SFLKIT previously validated on
the entire BUGSINPY benchmark. Currently, BASHIRI works
exclusively with PYTHON programs due to its reliance on
PYTHON-specific instrumentation capabilities. However, the
underlying EFDD execution features are language-agnostic
and could be extracted from other programming languages
with appropriate instrumentation support. Future work could
extend BASHIRI to support additional languages by implement-
ing corresponding instrumentation mechanisms.

Construct Validity: We employed established metrics across
all measurements to ensure adequate evaluation of learned
oracles’ ability to distinguish execution outcomes.
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V. RELATED WORK

Learning oracles for failures is an instance of the general or-
acle problem [9] in software testing and debugging. The oracle
problem refers to establishing a reliable and accurate criterion
to determine the correctness of a system’s execution. Good
oracles are needed for fault detection and localization [10].
Approaches to derive suitable oracles can be grouped into
static analysis of existing code-related artifacts and dynamic
information from test case execution.

Static analysis: Static analysis involves using existing doc-
umentation or specifications outlining the expected behavior
of the tested method. Examples include TORADOCU [11].
TOGA [12] distinguishes between exception and assertion
oracles using a pre-trained CodeBERT model, which has been
critically evaluated by the community [13], [14].

Dynamic analysis: Dynamic analysis infers likely invari-
ants based on program executions, as seen in Daikon [15].
AVICENNA [16] infers failure-inducing invariants by analyzing
the input of failing executions. LEARN2FIX [17] uses iterative
test generation for failure inference. BASHIRI use dynamic
execution data to classify test executions.

VI. CONCLUSION AND FUTURE WORK

We present BASHIRI, a novel tool to derive failure oracles
from execution features of labeled test cases. These inter-
pretable oracles refer to executed lines and variable values,
achieving 95% accuracy in our evaluation. BASHIRI addresses
oracle continuity across program versions through feature
mapping and improves quality via refinement loops.

Future work includes applying BASHIRI to test generation,
fault localization, and automated repair, while improving fea-
ture mapping for better cross-version continuity.
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