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Array programming (AP) frameworks (e.g., NumPy and Octave) are widely adopted in scientific computing.
Critical defects can jeopardize the entire ecosystem. The stability of API designs enables differential testing
on various implementations (e.g., two versions). However, two primary obstacles remain. First, current
test generation cannot effectively generate valid inputs, as the APIs (e.g., matrix multiplication) have type
constraints and semantic requirements. Second, unit testing approaches test APIs independently, but they
share a core N-dimensional array structure (ndarray) as inputs. Modifying one API may alter the ndarray’s
properties, breaking the correctness of others. We propose a differential testing tool for array programming,
called ARRAYDIFF. We first collect semantic requirements from NumPy’s APIs and leverage LLMs to transfer
NumPy’s requirements to other frameworks. Then, we propose an input-requirement-aware API call generator
(IRA-ACG). Based on IRA-ACG, ARRAYDIFF employs search algorithms to evolve tests while ensuring valid
inputs. ARRAYDIFF can generate valid and complex API call sequences to detect potential differences. We
evaluate ARRAYDIFF and its ablation versions on five AP pairs. They detect 47 valid-input differences and
39 invalid ones, with 23 confirmed as bugs or document issues. IRA-ACG boosts the detection of valid-input
differences, which constitute most confirmed bugs. Comparing ARRAYDIFF with TitaNFuzz (LLM-based
fuzzer) and GHOSTWRITER (unit tester) confirms the benefits of IRA-ACG and sequence-level testing.
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1 Introduction

Array programming (AP) offers a powerful and expressive syntax
tnport numpy 2 np for manipulating data in multi-dimensional arrays [37]. Frame-
vl = np.ones(16, dtype="int64") Works like NumPy [62], Matlab [56], and Octave [64] leverage
v2 = np.reshape(vl, (4, 4) thjg paradigm to provide high-level abstractions for scientific
print(np.trace(v2)) # output: 4

computing. They are essential to various domains [37] such as
deep learning [50, 72] and astronomy [77]. Their key data struc-
ture is the N-dimensional array (a.k.a., ndarray). An ndarray is
a container of a specific shape that contains data of a particular
scalar type (dtype). They provide diverse APIs for the ndarray, such as creation, manipulation, and

N

Fig. 1. A NumPy Example.

“Jingzhu He is the corresponding author.

Authors’ Contact Information: Zhichao Zhou, ShanghaiTech University, Shanghai, China, zhouzhch@shanghaitech.edu.cn;
Jingzhu He, ShanghaiTech University, Shanghai, China, hejzhl@shanghaitech.edu.cn.

This work is licensed under a Creative Commons Attribution 4.0 International License.
© 2026 Copyright held by the owner/author(s).

ACM 2994-970X/2026/7-ARTFSE155

https://doi.org/10.1145/3808162

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE155. Publication date: July 2026.


https://orcid.org/0000-0002-4543-262X
https://orcid.org/0009-0005-9448-5022
https://doi.org/10.1145/3808162
https://doi.org/10.1145/3808162
https://orcid.org/0000-0002-4543-262X
https://orcid.org/0009-0005-9448-5022
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3808162

FSE155:2 Zhichao Zhou and Jingzhu He

mathematical operations. Fig. 1 provides an example with NumPy. It creates a 1-D ndarray whose
dtype is integer, reshapes it to a matrix, and computes the diagonal sum. Due to their fundamental
role in numerical computation, even a single defect can have a critical impact on the scientific
computing ecosystem. A particular API difference between two implementations (for example,
two versions) can be a severe bug [18, 76]. It inspires us to perform differential testing [24, 76], i.e.,
comparing outputs of two implementations under identical tests to detect potential defects.

Typically, the differences come from three major parts. First, continuous updates of these frame-
works may introduce differences (e.g., bugs and API changes). Second, a framework’s same version
runs on different CPU architectures (e.g., AMD and ARM), which could behave differently due to
not fully masking architectural discrepancies. Third, several API-compatible libraries are proposed
to exploit specific data-parallel devices like GPUs. For example, CuPy [65] (compatible with NumPy)
offers improved performance via NVIDIA GPUs. A critical factor for migrating developers is that
these libraries’ functionalities should behave as closely as possible to the original framework. Mean-
while, developers need to know the inherent differences between them (e.g., different reactions to
undefined behaviors) to ensure that their programs behave correctly after migration.

To be compatible with the origin, API-compatible li-
braries’ maintainers have adopted differential testing in

1 import cupy as cp . .

2 # out triggers an unexpected exception their manual unit tests [10]. However, the array framework
i ?pénin?ggzm(ai ‘t’:zb) provides numerous APIs to deliver diverse functionalities,

# CuPy anua : . . .

5 data = random_array() each of which may contain several optional parameters
6 without out to provide fine-grained customization. Manually testing
7 a = np.nanargmin(np.array(data)) L. . K

8 b = cp.nanargmin(cp.array(data)) such complex logic is tedious and a heavy burden, calling
9 assert.array_equal(a, b) for automated testing to bridge the gap. Fig. 2 provides an

example: a CuPy previously unknown exception detected
Fig. 2. CuPy-8782: An exception de- by our tool, ARRAYDIFF. It calls nanargmin to get a’s mini-
tected by ARRAYDIFF in nanargmin mum value’s index with an optional parameter out=b to set
with the ineffectual manual test. the result in b instead of returning it. However, nanargmin

incorrectly swaps out with another optional parameter
dtype for calling an inner function, and a crash happens due to a type error. CuPy’s manual test
(Lines 4-9) misses this bug because it only compares nanargmin with default parameters (out and
dtype as None), failing to exhaustively explore program behaviors.

1.1 Challenges and Our Approach

We aim to automatically detect differences between AP framework implementations. These differ-
ences include implementation bugs and inherent differences (e.g., numerical errors).

Current testing techniques for AP frameworks face two primary challenges. First, they struggle
to generate valid inputs that trigger comprehensive program behaviors. Array APIs impose strict
semantic requirements beyond basic language grammar and type constraints. For example, the
matmul operation necessitates (m X n) and (n X p) dimension compatibility. While grammar-based
fuzzers [30, 83] generate inputs with a grammar-based specification and automated test generation
tools [25, 51, 69] ensure type correctness, they lack the domain-specific knowledge required to
satisfy these semantic constraints, leading to invalid tests. To address this challenge, TrtanFuzz [16],
which tests deep learning libraries with many array operations, employs LLMs to generate inputs;
however, its evaluation shows that the validity rate is only about 40%, which is confirmed by our
experiment. The second challenge is that many tools create tests for each API independently (i.e.,
unit testing) [17, 45, 51, 53, 89]. However, AP frameworks’ primary characteristic is that most APIs
use ndarrays as input/output. Modifying one API may modify the ndarray’s properties, breaking
other API’s correctness. Hence, they could miss many bugs caused by chained API sequences [16].
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1 import numpy as np 1 # (1) Pynguin's generated test for diagflat:
2 # (1) diagflat's expected behavior: 2 none_type_0 = None
3 a=np.array(1.) # a: 1. 3 diagflat(none_type_0)
4 print(np.diagflat(a).shape) # output: (1,1) 4 # (2) Ghostwriter's generated test for diagflat:
5 # (2) ArrayDiff's generated test: 5 @given (v=arrays(dtype=dtypes(), shape=shapes()),
6 a = np.var(np.array([1,31)) # a: 1. 6 k=integers()):
7 print(np.diagflat(a).shape) # output: () 7 diagflat(v, k)
(a) Bug reproduction. (b) Tests of PYNGUIN and GHOSTWRITER.

Fig. 3. NumPy-27783 detected by ARRAYDIFF: Violate diagflat contract that the output is 2-D.

Input-requirement-aware API call generation: To address the first challenge, we propose an
LLM-assisted procedure to gather input semantics beyond type constraints for an AP framework’s
APIs. A semantic requirement defines an input condition on the shapes of ndarrays and the values
of non-ndarray parameters. Then, we propose an input-requirement-aware API call generator
(IRA-ACG) to generate API calls with inputs satisfying the collected requirements for a test. Its
general process is (1) pick an array API to call; (2) attempt to select an existing ndarray from the
test that satisfies the requirements of the ndarray-type parameter, and generate a valid concrete
value for the scalar-type parameter; (3) and infer the output ndarray’s shape and save it as the
input candidate for future call generation. The shape inference is based on the API semantics and
does not require dynamic execution. Hence, IRA-ACG can be executed multiple times continuously
to generate complex API call sequences without runtime information.

API call sequence generation: To overcome the second challenge, we employ a search algorithm
(e.g., feedback-directed random algorithm [69] and genetic algorithm [70]) to generate tests for
difference detection. It generates tests by repeatedly invoking IRA-ACG to ensure input validity.
Our tests consist of an API call sequence: The output ndarrays of an API call are used as inputs for
subsequent calls, thereby overcoming the limitation that unit testing only tests a single API.

1.2 Motivating Example

Fig. 3 presents a formerly unknown NumPy bug detected when applying ARRAYDIFF to the
NumPy-CuPy pair. Fig. 3a shows that NumPy claims that diagflat returns a 2-D array. Line 3
behaves correctly with the constant input “1.”. However, an ARRAYDIFF’s test passes the var’s
output “1.” to diagflat. Its return violates the contract that diagflat’s return is 2-D. This bug
can cause programs that depend on this contract to crash or run abnormally. The root cause is
that diagflat calls a function __array_wrap__. It behaves normally on the constant input “1.”
but mishandles an internal property (PY_TYPE) of var’s output. We use two test generators to
generate tests for diagflat, and present them in Fig. 3b: PYNGuUIN [51] is the state-of-the-art
search-based test generator, and GHOSTWRITER [53] (a property-based test generator [31]) ranked
first in NumPy code coverage in a recent competition [23] while PYNGUIN ranked third. PYNGUIN’
test calls diagflat with a None value (Lines 2-3). The input is invalid, not to mention triggering
the bug. GHOSTWRITER takes NumPy’s type constraints into account and uses @given annotation
to describe them, so that the test is parameterized and can be executed with a random input engine
(Lines 5-7). However, this bug is undetected since the input is not created via APIs like var.

ARRAYDIFF generates a valid (non-empty) ndarray input for var based on IRA-ACG and creates
the call sequence from Lines 6-7 by passing var’s output to diagflat, thus detecting this bug.

1.3 Contributions

Our contributions are summarized as follows:
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eWe collect input semantic requirements for 216 NumPy APIs and propose an LLM-assisted
procedure to transfer them to other AP frameworks, enabling ARRAYDIFF’s general applicability.
This procedure successfully transfers NumPy’s requirements to 249 Octave APIs using five open-
weighted models.

e We propose the input-requirement-aware API call generator (IRA-ACG) to generate API calls
with inputs that satisfy these semantic requirements.

eWe employ search algorithms (e.g., feedback-directed random [69] and genetic [70] algorithms) to
iteratively generate test sequences via the IRA-ACG for difference detection.

eWe evaluated ARRAYDIFF (variants with/without semantic knowledge) and the baselines including
TitanFuzz [16] and GHOSTWRITER [53] over 5 runs (10h budget) on five AP pairs across NumPy,
CuPy, and Octave. GHOSTWRITER’s NumPy-only support limits its use to NumPy pairs.

For all pairs, ARRAYDIFF variants with semantic knowledge detect 46 (average 29 in the first
hour) valid-input differences and 20 invalid ones. The counterpart numbers are 43 (9 in the first
hour) and 38, confirming that IRA-ACG enhances it in effectiveness and efficiency of detecting
valid-input differences, which accounts for 19 out of 21 confirmed bugs. TiTanFuzz detects 26
valid (3 missed by ARRAYDIFF) and 40 invalid differences (15 missed). Its performance mirrors non-
semantic-knowledge ARRAYDIFF owing to their comparable input validity (47% vs. 49%), whereas
semantic ARRAYDIFF reaches 84%. GHOSTWRITER’s single detection confirms the value of API
sequences. Valid differences mainly stem from bugs, API changes, and numerical errors.

The paper is structured as follows. Section 2 reviews related work. Section 3 introduces ARRAYD-
IFF. Section 4 presents the evaluation. Section 5 discusses the experimental setting and validity
threats. Section 6 concludes the paper. Section 7 provides our artifact.

2 Related Work

We introduce related studies on (1) Array programming, (2) Differential testing, and (3) Feedback-
directed random software testing and Search-based software testing.

Array programming. Array programming (AP) provides a concise and expressive syntax for
operating multidimensional arrays [37]. The famous frameworks include NumPy [62], Matlab [56],
and Octave [64] (Matlab’s open-source alternative). They underpin nearly all computing fields [37],
such as deep learning [42, 50, 72], quantum computing [41, 43], and data science [9, 55, 74, 75, 77,
82, 90]. Existing studies on array programming mainly focus on performance improvement [6,
7, 29, 46, 65, 96, 98] and language design [4, 5, 73]. Our work focuses on detecting functionality
differences between array programming framework implementations (e.g., two versions). The
closest study is AutoMR [95]. AutoMR automatically infers mathematical metamorphic relations
(MRs, e.g., sin(x)=sin(x+2x)) to test 29 NumPy’s numerical functions. Each MR is related to
a single API, and AutoMR uses them to test APIs individually, ignoring the bugs caused by API
sequences. In contrast, ARRAYDIFF generates API sequences for differential testing.

Differential testing. Our work applies differential testing, which addresses the challenge of
test assertion generation [27, 33, 57]. General automated testing techniques often lack domain
knowledge of specific software, making it difficult to verify whether test results meet expectations.
Differential testing runs the same tests on two software versions and compares their results as
the test assertion. It has been widely used in software testing. Many studies focus on differentially
testing the deep learning (DL) libraries, which, like AP frameworks, are also built around multi-
dimensional arrays (tensors [1]). They can be categorized into API-level testers [17, 45, 68, 89, 93]
and sequence-level testers [16, 35, 47, 48, 85, 88] like ARRAYDIFF. Most of these sequence-level
testers [35, 47, 48, 85, 88] synthesize DL models to test DL libraries. However, the DL models are the
API sequences with limited patterns [16], missing diverse sequences that cause bugs. ARRAYDIFF can
generate arbitrary API sequences without such structural constraints. TrtanFuzz [16] also generates
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Fig. 4. Overview of ARRAYDIFF.

arbitrary API sequences via leveraging LLMs to insert API calls. However, LLMs may generate
invalid inputs. Our evaluation shows that only about 49% of the generated API sequences are
valid. In contrast, ARRAYDIFF considers input requirements when inserting API calls. Furthermore,
ARRAYDIFF leverages LLMs to transfer manually collected API requirements from NumPy to other
AP frameworks, enabling its general applicability. ARRAYDIFF achieves a valid test rate of roughly
80%, both for NumPy and Octave. ARRAYDIFF detects nearly twice as many valid-input differences
(the main source of confirmed bugs) as TrtanFuzz (see Section 4.2). Furthermore, LLM-based testing
has widely used in various areas, such as GUI [49], language processors [22, 87], and embedded
devices [66]. Refer to surveys [84] for further studies.

Feedback-directed random and search-based software testing. Feedback-directed random
software testing (RST) [69] and Search-based software testing (SBST) [80] are two widely used
techniques in generating tests. RST randomly inserts statements into tests and checks whether they
pass or fail (trigger an exception). A test is used for further insertion if it passes. Otherwise, it is
saved as a bug trigger. SBST formulates the test goal (e.g., code coverage) as fitness functions to guide
genetic algorithms in finding solutions. A typical SBST procedure involves a generator generating
random solutions (e.g., tests). Then, SBST selects some of them based on feedback from fitness
functions as the next generation. Next, it mutates them, creating more solutions. The routine stops
when the optimum is reached or the time budget is exhausted. Existing research on RST and SBST
mainly focuses on applications [3, 19, 36, 39, 40, 51, 54, 86], search algorithms [26, 32, 70, 71, 94]
and test understandability [12, 14, 79]. Our work uses RST and SBST to differentially test NumPy
implementations. Our contribution is the proposal of an input-requirement-aware call generator
that enables the algorithms to generate valid inputs.

Grammar-based Fuzzing. Grammar-based fuzzers [21, 30, 44, 83] leverage language grammars
(e.g., context-free grammars) to produce structured inputs such as XML and Python. ARRAYDIFF also
generates grammatically valid programs. Besides, ARRAYDIFF goes beyond the language grammar.
It emphasizes the semantic input requirements. For example, dot([1,2], [1]) satisfies Octave
grammar, but dot raises an error “sizes of X and Y must match”. Thus, a grammar formalism alone
cannot replace our LLM-assisted requirement-collection procedure.

3 ARRAYDIFF

In this section, we present ARRAYDIFF. Fig. 4 shows its overview. ARRAYDIFF accepts two array
programming framework implementations, such as NumPy or Octave across different versions. The
general process of ARRAYDIFF is running a search algorithm (e.g., a random or genetic algorithm)
to conduct differential testing. To effectively detect differences, the search algorithm must produce
valid inputs (e.g., the (m X n)(n X p) compatibility for matmul’s two operands) to trigger diverse
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program behavior. To achieve this, we first manually collect input requirements for NumPy APIs.
Next, we leverage LLMs to transfer NumPy’s requirements to other array programming frameworks
by identifying equivalent APIs. The requirements on ndarrays all relate to their shape (Section 3.1).
Then, we propose an input-requirement-aware API call generator to produce inputs satisfying
the requirements, a.k.a., IRA-ACG. It provides two operators for the search algorithm: appending
and replacing API calls. The appending operator performs three steps: (1) selects a candidate
from shuffled APIs; (2) attempts to synthesize inputs satisfying the collected requirements; and
(3) appends a new call if successful or chooses the next APIL. The replacing operator is similar
to the former one, but has an extra check before replacing an existing call with a new one: The
output ndarray of the old call may be used as input in other calls. Hence, the new and old outputs
should be the same in data type and shape to prevent breaking the input requirements (Section 3.2).
With IRA-ACG, ARRAYDIFF employs a search algorithm: @ initialize tests through the appending
operator, @ create more tests (through appending and replacing operators), ® run tests and keep
difference-exposing tests, @ save tests passing on two implementations for further test creation,
and @ remove pass tests’ statements that yield NaNs (i.e., invalid values) (Section 3.3).

3.1 LLM-Assisted Input Requirement Collecting Procedure

Table 1. Input semantic requirements of APIs under test.

Category Requirement Representing APIs
Non-empty (contains > 1 element) min, max, average

Single NDArray . diag (1 or 2-D)
Particular shapes vander, convolve (1-D)

. . . stack, concatenate

All/partial dimensions match matmul, dot
Broadcast compatibility [37]: add, equal, where

Inter NdArrays arrays have compatible shapes that can be left_shift
auto-expanded to the same shape logical_and
Specific value ranges, e.g.,

Non-NDArray Parameters Parameter order (ndarray’s memory layout): "C", "F", "A", "K" | reshape, ravel
Parameter trim: "b" (from back), "f" (from front), "fb" (both) trim_zeros

Inter NDArrays and Non-NDArrays Parameter axis’s value range is [0, ndarray.dimension) min, std
Parameter shape matches element count of ndarray reshape

Generating tests with valid inputs to reach core program states is
from numpy import * key to difference detection. We divide the valid input requirements
vl = arange(0,4) into types and semantics. We leverage Fig. 5 as an example. The type
:; ;§i23§?5¥1 'vg‘)" ) constraints are: (1) arange accepts numerical parameters; (2) reshape

’ requires an ndarray as its first argument, followed by a tuple specifying
a new shape; and (3) matmul requires two ndarrays and their dtypes
support the multiplication operation. The semantic requirements are:
(1) reshape’s new shape must preserve element count (4 = 4 X 1); and
(2) matmul requires the columns of the first operand match the rows
of the second ((1,4) and (4,1)). It is feasible to automatically infer type constraints since the
documents of the AP frameworks equip each API with structured comments to describe types [63].
However, the semantic requirements are described in natural language and are hard to infer
automatically. To address this challenge, TitanFuzz [16] leverages LLMs to generate inputs, while its
evaluation shows that about 60% of the generated tests are invalid. Deng et al. [15] show that even
state-of-the-art LLMs (e.g., GPT-4-Turbo) struggle with these implicit constraints. However, the
APIs of AP frameworks are stable. For example, from Aug 2024 to Jan 2025, only one API (unstack)
was added into NumPy. Therefore, rather than relying solely on LLMs, we adopt an LLM-assisted

AW

Fig. 5. An example show-
ing input requirements.
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Fig. 6. Transferring semantic requirements from NumPy to other AP frameworks.

process: We manually collect NumPy’s requirements and transfer them to other frameworks via
LLMs. The input generator (Section 3.2) employs these requirements to filter out the invalid inputs.

To conduct manual analysis on NumPy, we first determine the APIs under test: From 400+ APIs
collected by developers [20], we exclude nondeterministic APIs (e.g., random operations) and APIs
whose inputs and outputs are not scalar or ndarrays. Finally, the 216 APIs are selected. For each
API, we manually inspect the documentation and validate the presence of the requirements by
designing and running tests. A requirement is determined if a program can be constructed to
trigger an exception when the input violates the requirement. For example, in Fig. 5, the program
triggers a mismatch exception when replacing matmul(v1, v2) with matmul(v2, v2). After the
manual study, we collected seven types of semantic requirements for the APIs, shown in Table 1. We
categorize them based on the parameters involved: Single NDArray, Inter NdArrays, Non-NDArray
Parameters, and Inter NDArrays and Non-NDArray Parameters. The requirements concerning
ndarrays exclusively relate to their shape attributes. A shape is a tuple that specifies the size of each
dimension. For example, the min API returns the minimum value, thus requiring that ndarrays are
not empty, i.e., the shape’s all elements must be positive. The requirements concerning non-ndarray
parameters relate to the values. For example, trim_zeros removes leading and trailing zeros from
ndarrays. The trim parameter controls the truncation direction and has three valid options: "b"
(from back), "f" (from front), "fb" (both). Each requirement is formulated as an input filter. For
example, Table 1’s Non-empty is formulated as lambda a: prod(a.shape)>0. These filters are
used in the input generator (Section 3.2) to get the valid inputs.

For other AP frameworks, we automatically transfer NumPy’s requirements to them, mainly
based on LLMs identifying equivalent APIs. Fig. 6 shows the process using Octave as an example:
(1) For each API in the target AP framework (called APIT), we provide its documentation and
the names and brief descriptions of 216 NumPy APIs to the LLM, and prompt it to identify the
equivalent API and generate proof code. Fig. 6 exemplifies the proof code with cumsum of NumPy
and Octave. If the LLM does not return the equivalent API (APIE) or the proof code fails (i.e., the
ndarray values between NumPy and Octave are different), we mark the APIT as the remaining APIs.
(2) Otherwise, LLM’s correct proof enables us to transfer the mandatory parameters’ requirements
from APIE to APIT. Then, for APIT’s each optional parameter, we ask the LLM to return which
APIE’s parameter is equivalent and the proof code. Fig. 6 shows that the LLMs prove that for cumsum,
NumPy’s axis (0-based indexing) and Octave’s dim (1-based) are equivalent. As a result, we transfer
the requirement of cumsum of NumPy related to the ndarray and axis parameters to Octave, i.e,
axis in [0, len(shape)) is transferred to dim in [1, len(shape)]. (3) For each remaining API (e.g.,
cummax and debug_on_error in Fig. 6), we ask the LLM to determine whether it is irrelevant to
array programming (e.g., debugging and logging functions), and we filter it (e.g., debug_on_error)
out if the response is yes. (4) For each relevant API (e.g., cummax), we identify those Octave APIs
that share identical input and output parameter names and are matched with NumPy APIs (e.g.,
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Algorithm 1: Appending an API call to Algorithm 2: Replacing a test state-

a test ment’s API call
1 Algorithm append(test) 1 Algorithm replace(test, stmt)
2 APIs « shuffle(ArrayAPIs) 2 APIs « shuffle(ArrayAPIs)
3 foreach api € APIs do 3 foreach api € APIs do
4 ok, inputs < genInput (test, api) 4 ok, inputs < genInput(testpreStmts(stmt), api)
5 if lok then 5 if lok then
6 ‘ continue 6 ‘ continue
7 end 7 end
8 ndarray < api.getReturnNDArray (inputs) 8 ndarray < api.getReturnNDArray (inputs)
// unique variable name, dtype, shape 9 if !sameDTypeAndShape (ndarray, stmt.lhs) then
9 test.ndarrays.append(ndarray) 10 continue
10 test.appendStatement (ndarray, api, inputs) 1 end
1 return 12 stmt.replaceAPICall(api, inputs)
12 end 13 return
14 end

cumsum). Then, we pass them to LLM for choosing one with the same input requirements as the
target APL Therefore, we indirectly extract cummax’s requirements. Our experiment (Section 4.1)
evaluates five models, and they transfer requirements for 249 Octave APIs.

3.2 Input-Requirement-Aware API Call Generator (IRA-ACG)

We propose our input-requirement-aware API call generator (IRA-ACG) to guarantee that the
inputs satisfy the collected requirements. It provides two operations for the test evolution of search
algorithms to conduct differential testing (Section 3.3): appending an API call to a test and replacing
an existing one. Their general workflow is: (1) pick one from shuffled APIs; (2) synthesize inputs
satisfying the requirements; and (3) append or replace a call if successful, otherwise go back to (1).
Our evaluation (Section 4.2) shows it significantly improves ARRAYDIFF’s valid input generation.
Algorithm 1 shows the appending proce-
dure. It loops to select a candidate from shuf-
fled APIs (Line 3) and applies genInput to it

Algorithm 3: Generating inputs for an

API call . . . .
1 Algorithm genInput (test, api) (Line 4): genInput (Algorithm 3) iteratively
2 inputs enerates a concrete value for each parame-
inputs — [] t te value fa h
foreach p € api. ters d . N . ;
: T boptiomal n randon(0,1) < 0.5 then ter. Lines 4-6 probabilistically skip optional pa-
s \d continue rameters. For ndarray parameters (Lines 8-9),
6 end
7 if p.type = NDArray then ndarrays are first chosen by dtype compatibil-
8 chosen « dtypeFilter (api, inputs, test.ndarrays)

9
10
11
12
13
14

chosen « semanticFilter (api, inputs, chosen)
else
| chosen < semanticPickValues(api, inputs)
end
if |chosen| = 0 then
‘ return False, None

ity by the target API’s requirements and deter-
mined inputs, followed by semantic constraints
checking through our LLM-assisted collected
rules. For non-ndarray parameters, which in-
clude scalar types (integer, float, boolean, and

15 end

16 . inputs.append(randomPick(chosen)) char) and Python data structures (string, list,
17 en .. .

18 return True, inputs and tuple) containing scalar elements, Line

11 chooses the candidates from semantically-
specified ranges when available; otherwise, the
type-determined global range is used. As a result, the filtered candidates satisfy the type and
semantic requirements. We leverage choosing two ndarrays (a1 and a2) for matmul as an example.
The only requirement for al’s candidate inputs is that the dtype supports multiplication. After a1 is
resolved, dtypeFilter filters ndarrays whose dtype does not support multiplication with a1, and
semanticFilter filters ones whose shape is not compatible with a1. The procedure aborts and
returns false if no candidate satisfies the requirements (Lines 13-15), and append goes to the next
API. After receiving inputs, append’s Line 8 forms a new ndarray variable with a unique name, and
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Algorithm 4: Random testing Algorithm 6: Auxiliary functions
1 Algorithm RA(popSize, initMaxLength) 1 Procedure InitTests(popSize, initMaxLength)
2 currentPop «— InitTests(popSize, initMaxLength) // @ 2 tests «— []
3 passTests «— [] 3 fori € [0, popSize) do
1 repeat 4 test «— Test()
5 CreatMore(currentPop, passTests, popSize) // @ 5 i, length « 0, random(0, initMaxLength)
6 runResult < RunAndSaveDif f(currentPop) // @ 6 forj € [0, length) do
7 newPassTests <— runResult.passTests // @ 7 append(test) // invoke Algorithm 1
8 RemoveNaNStmts(newPassTests, runResult) // @ s end
9 passTests < passTests +newPassTests tests.append(test)
10 currentPop «— || 1 end
11 until time budget is out
X 11 return tests
1 Procedur'e CreatMore(currentPag, passTests, popSize) 1 Procedure Append(test)
2 while |currentPop| < popSize do for i € [0, random(0, [¢est])] do
3 passTest < copy (random(passTests) ) 2 ’
" Append(passTest) 3 ‘ append(test) // invoke Algorithm 1
5 currentPop < currentPop + | passTest] 4 end
6 end 1 Procedure Minimize(test, stmt)
2 |  return getRecursiveDependencies(stmt) + [stmt]
Algorithm 5: Search-based testing ) Procedure RemoveNaNStnto(tests, runfiesult
1 Algorithm GA(popSize, initMaxLength) 3 stmts «— runResult.getN.aNStmts(test)
2 currentPop «— InitTests(popSize, initMaxLength) // @ 4 testRemoveli thRecurs iveDependent (stmis)
3 repeat 5 end
4 newPop « [] 6 return ftest
5 CreateMore(newPop, currentPop) // @ 1 Procedure Modify (test)
6 runResult < RunAndSaveDiff(newPop) // ® 2 foreach statement € test do
7 currentPop < SelectTests(runResult, popSize) // @ 3 if randon(0, 1) < 1/]test| then
8 RemoveNaNStmts(currentPop, runResult) // © 4 ‘ replace(test, statement) // invoke Algorithm 2
9 until time budget is out 5 end
10 Procedure CreateMore(newPop, currentPop) 6 end
11 foreach t1, t2 € currentPop do 1 Procedure Remove (test)
12 nl, n2 < Crossover(tl, t2) | 7/ remove each statement with probability 1/|test|
13 newPop.add( Mutate(t1), Mutate(t2), Mutate(nI), 1 Procedure Mutate(test)
Mutate(n2)) 2 operators < [Remove, Modify, Append]
14 end 3 foreach operator € operators do
15 return newPop 4 if random(0,1) < 1/3 then
16 Procedure SelectTests(runResult, popSize) 5 | operator(test)
17 fitness < ComputeFitness(runResult) 6 end
18 selected «— Select(fitness, popSize) 7 end
19 return selected 8 return test

its dtype and shape. Note that (1) the dtype and shape are inferred based on the API’s semantics and
do not require dynamic execution. For example, matmul on two ndarrays with (1,2) and (2,1) shapes
always generates one with (1,1) shape; and (2) some APIs may produce shape-undeterministic
outputs. For example, trim_zeros trims the input’ zeros as the output. Hence, the output’s shape
depends on the input’s element values. For these APIs, we mark the output ndarrays as ShapeUn-
known, and they are always filtered by semanticFilter. Lines 9-10 add the novel ndarray into
the test’s ndarrays for being an input candidate in the future, and append the complete API call
statement with resolved inputs and the returned ndarray into the test. This procedure can append a
statement to an empty test. The creation APIs (e.g., array and arange) have no ndarrays as inputs
and no semantic requirements, so inputs can always be generated.

Algorithm 2 shows the replacement. It tries to replace a statement’s API call with a new one,
and the old and new calls return two ndarrays with the same dtype and shape. Like Algorithm 1, it
depends on genInput (Line 4). The difference is that we use preStmts to select statements before
the chosen one. Therefore, the ndarrays defined after it will not be input candidates. Then, Lines
8-11 get the new ndarray and continue if it differs from the old one in dtype and shape. Otherwise,
Line 12 replaces stmt’s old call with the new one.

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE155. Publication date: July 2026.


https://numpy.org/doc/stable/reference/generated/numpy.array.html
https://numpy.org/doc/stable/reference/generated/numpy.arange.html

FSE155:10 Zhichao Zhou and Jingzhu He

3.3 Random/Search-based Differential Testing

We present a differential testing approach that employs a search algorithm to iteratively invoke IRA-
ACG (Section 3.2) to evolve tests (API sequences) for difference detection. Unlike prior work that
generates API sequences with patterns (e.g., deep learning models) [35, 47, 48, 85, 88], our algorithm
can produce arbitrary sequences. Moreover, the inputs generated by IRA-ACG satisfy the semantic
requirements collected in Section 3.1. Our evaluation (Section 4.2) shows that about 80% of tests
are valid, while the counterpart number of TitanFuzz [16] (an LLM-InputGen approach to create
arbitrary sequences) in its experiment is nearly 40%. ARRAYDIFF is theoretically compatible with any
search algorithm. We choose two mainstream algorithms in software testing: a feedback-directed
random algorithm (RA) [69] and a genetic algorithm (GA) [70].

3.3.1 Feedback-directed Random Algorithm. We refer to previous studies [52, 69] to implement our
random algorithm (RA). The overall procedure is shown in Algorithm 4. Each step is as follows:
O Initialize Tests: A group of tests is generated by Algorithm 6’s InitTests (Line 1): loop to
create a random-length test by iteratively invoking IRA-ACG’s appending operation until tests
reach the population size. These tests are later used to generate more tests. Then, we initialize
passTests as empty to store tests that pass on both AP implementations (Line 2).

@ Create More Tests: RA uses CreatMore to create tests until currentPop’s size reaches popSize
(Line 5). CreatMore randomly chooses a passTest, applies Algorithm 6’s Append into it, and adds it
to currentPop. Append first selects a random value f§ from 0 to [. Then, it repeats f times to apply
IRA-ACG'’s appending operator to the test.

® Run Tests and Keep Diff Tests: We run the generated tests on two AP implementations (Line 6).
For a test’s two executions, we check whether they exit abnormally (i.e., trigger an exception and
crash). If both exit abnormally, we regard this test as invalid and remove it in evolution since
evolving on it will likely keep it invalid, thus making it useless in difference detection. If only one
exits abnormally, we regard the test as detecting a difference. Otherwise, we compare the runtime
values of all ndarrays. If they differ, the test is also a detector. Note that float-value ndarrays from
two executions may have slight errors. To tolerate them, we adopt NumPy’s testing practice [61]
and use the following formula to compare two float values:

|a — b| < max(1,]b]) x 177, (1)

where max ensures that the tolerance keeps 177 when |b| < 1. Finally, we keep a detector in
the final report and remove it in evolution to reduce redundant detection. Meanwhile, we apply
Algorithm 6’s Minimize to the detector and the difference-inducing statement to get the minimized
version and report it too. Minimize relies on the assumption that the observed difference originates
from the difference-inducing statement or its dependencies. This assumption does not hold if the
AP framework enters an incorrect internal state due to other statements. However, this case does
not arise in our evaluation. For the tests that pass on two implementations, we record their runtime
information into runResult, including the ndarray values and coverage.

® Save Pass Tests as Seeds: We obtain all tests passing on two implementations from runResult
(Line 7). It will be added to passTests (Line 9) for further test creation.

® Remove NaN Statements: IRA-ACG ensures that input ndarrays meet type and shape require-
ments, but their values may still be invalid. For example, it may pass negative values to sqrt,
yielding NaN (not-a-number) values to denote invalid inputs. These NaN values propagate when
using them as inputs [48], obstructing effective comparison of AP frameworks’ core behaviors.
Hence, Line 8 removes statements returning NaN values from passTests. Deleting a statement causes
the statements using its defined variable to be invalid. Hence, we recursively delete them.
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After the last step, we update passTests and clear currentPop. Then, the RA repeats the routine if
the budget remains. Otherwise, it conveys detected differences in the final report.

3.3.2  Genetic Algorithm. We refer to previous studies [26, 70] to implement our genetic algorithm
(GA). The procedure (Algorithm 5) is similar to the RA. The main differences are as follows:

O Create More Tests: Different from the RA that creates tests only via appending statements to
the passTests, the GA employs two GA operators to generate tests (Algorithm 5’s CreateMore):

Crossover chooses two parents and exchanges parts of their copies to produce two children.
The general procedure is: Copy two tests (¢; and ¢,) and select a random value « in (0, 1). Then,
Swap the last |t;| statements (s1) of #; and the last (1 — «)|t,| statements (s2) of t,. However, these
statements may use the ndarrays defined by previous statements, and swapping without these
dependencies causes the new tests to be illegal. Hence, we add the dependencies to s1/s2 too. Finally,
we remove s; from t1 and add s2, and vice versa.

Mutate (shown in Algorithm 6’s Mutate) applies Remove, Modify, and Append into a test with
probability 1/3. Hence, only one sub-operator is applied on average. Assuming the test’s length is /,
Remove deletes each statement with probability 1/1. We recursively delete the statements using the
variable defined in the deleted ones; Modify applies IRA-ACG’s replacing operator (Algorithm 2)
into each statement with probability 1/I; Append is already described in the RA. It applies IRA-ACG’s
appending operator (Algorithm 1) to the test.
® Save Pass Tests as Seeds: Different from the RA, which saves all tests that pass on two
implementations for further test creation, the GA requires fitness functions to judge tests for
keeping elites from them in further evolution. A fitness function denotes whether a code element
(e.g., a statement or method) is covered. We maintain a binary fitness vector for each passing test,
where elements correspond to statements, with 1 indicating covered and 0 indicating uncovered.
Specifically, our NumPy/CuPy fitness functions correspond to statement coverage [78], where each
fitness value reflects the coverage of a specific statement. For Octave, we instead adopt method
coverage [78], in which each fitness value corresponds to a method, due to the lack of suitable
statement coverage tools. After computing the fitness vectors for all tests, we select a subset of tests
that outperform others in fitness scores (i.e., the elites) for further evolution via MOSA [70]. MOSA
and its variant [70, 71], based on Pareto dominance [13], are the state-of-the-art multiple-objective
sorting algorithms in search-based test generation [8, 23]. Pareto dominance defines a dominance
relation for two fitness vectors of length n: v; dominates () v if:

Vie{L,...n}:01[i] = 02[i]) A (Fi € {1,....,n} : v1[i] > va[i]). 2)

MOSA sorts vectors into m groups called Pareto fronts [13] that satisfy (1) no dominance relation
in a Pareto front, i.e.,

Vie{l,...m}:Vjke{L..IFl}: (Fljl ¥ Flk]) A (Flk] # FEjD, ®3)
(2) and any vector in a latter front is dominated by one in a previous front, i.e.,
Viije{l,...m}:i<j = (Vke{1,..|F|},Im e {1,.,|Fl|} : Fi[m] > F;[k]). (4)

Then, MOSA keeps tests in evolution by their vectors from F; to Fy, until the kept tests reach the
maximum. These tests form a novel population. Then, the GA repeats until the budget is exhausted.

4 Evaluation

Our evaluation concentrates on ARRAYDIFF’s detection performance and answers the following
research questions:

RQ1: (Effectiveness of LLM-assisted requirement transfer approach) How effectively does the
LLM-assisted approach transfer NumPy API requirements to other AP frameworks (Section 4.1)?
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Table 2. Requirement transfer results of five models.

Directly Matched Optional | Non-Array Indirectly Whole
Model Matched APIs Parameters APIs Matched APIs | Matched APIs
#correctness #correctness #correctness #correctness #correctness
(Acc.) (Acc.) (Acc.) (Acc.) (Acc. | Recall)
126 47 855 32 158
& DeepSeek-R1 (6718 Mok [34]) (0.992) (0.979) (0.993) (0.800) (0.946 | 0.635)
111 38 778 75 186
& DeepSeek-V3 (671B MoE) (1.000) (1.000) (0.997) (0.670) (0.834 ] 0.747)
. 107 9 762 64 171
00 Llamad-Maverick (100B MoE) (0.982) (1.000) (0.996) (0.621) (0.807 | 0.687)
- 128 47 920 53 181
\% Qwen3-32B (Dense) (0.992) (1.000) (0.980) 0.779) (0.919 | 0.727)
- 106 27 864 36 142
\% Qwen3-14B (Dense) (0.981) (1.000) (0.969) (0.750) (0.910] 0.570)

RQ2: (Effectiveness of ARRAYDIFF) How effectively doesARRAYDIFF detect AP implementation
differences (Section 4.2)?
RQ3: (Root Causes of Differences) What are the root causes of differences (Section 4.3)?

4.1

We propose an LLM-assisted approach for transferring manually collected input requirements from
NumPy to other AP frameworks (Section 3.1). This RQ investigates its effectiveness.

eSubjects: We select Octave [64] as the target AP framework, extracting 1,546 APIs along with
their functional and parameter descriptions from its structured documentation.

eLLMs: We evaluate five popular open-weighted LLMs (details shown in Table 2). The parameter
number of these models ranges from 14B to 671B.

eEvaluation Metrics: We judge the results by running proof code and checking results for direct
API and optional parameter matching. For non-array APIs, we judge the results by reviewing the
documents. For indirect transfer requirements, we write tests to verify whether the target API
shares the same input requirements as the API selected by LLMs. Then, we count two metrics: the
number of correct cases and the accuracy (#correctness/#total) of (1) target APIs directly matched
to NumPy APIs, (2) matched optional parameters, (3) non-array APIs, and (4) indirectly matched
APIs. We count all models’ whole matched APIs (direct/indirect) and compute each’s total correct
APIs, accuracy, and recall (#correctness/#whole). Previous items’ recalls are not computed, since
an API may be directly matched by a model and indirectly by another.

eResults: Table 2 presents the requirement transfer results for five models. Among these, Qwen3-
32B achieves the highest matched API correctness (128) and non-array APIs (920), Qwen3-32B and
DeepSeek-R1 attain the highest matched parameter correctness (47), and DeepSeek-V3 reaches the
highest indirect match correctness (75). In terms of accuracy, DeepSeek-R1 leads in indirect match
accuracy and non-array APIs, while Qwen3-32B dominates direct API and parameter accuracy. We
summarize these results, and the whole matched API count is 249, and the non-array API count is
979. We manually examine the 316 remaining APIs that are neither non-array nor matched, mostly
involving special types (e.g., first-class function) or advanced APIs (e.g., differential equation solvers)
that are not supported by our collected 216 NumPy APIs. These advanced APIs are applications
of AP rather than its core (creations, manipulations, and basic math computations) and are thus
beyond the scope of this paper. Testing them requires manual integration into ARRAYDIFF.

e Analysis: Even the smallest model, Qwen3-14B, retrieves over half of the matched APIs, indicating
that our approach is effective across model scales. Although DeepSeek-V3 shows lower performance
in matching APIs between NumPy and Octave, it excels at indirect matching. For instance, while
failing to directly match var (failing to generate proof code), it correctly directly matches mean and

RQ1: Effectiveness of LLM-assisted Requirement Transfer Approach
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Table 3. AP framework implementation pairs under test.

A B Description
CuPy-13.3.0 (latest) on NVIDIA GPU | NumPy-2.2.2 (latest) on AMD64 | NumPy and NumPy-compatible library
NumPy-2.1.0 on AMD64
(latest at CuPy-13.3.0 release)

CuPy-13.3.0 (latest) on NVIDIA GPU NumPy and NumPy-compatible library

NumPy-2.2.2 (latest) on AMD64 NumPy-1.26.4 on AMD64 Two NumPy versions
NumPy-2.2.2 (latest) on AMD64 NumPy-2.2.2 on ARM64 NumPy under two architectures
Octave-10.2.0 (latest) on AMD64 Octave-9.4.0 on AMD64 Two Octave versions

infers that Octave’s var and mean share the same input requirement (non-empty ndarrays). This
demonstrates that our indirect matching strategy enhances LLMs’ requirement transfer capability.

Answer to RQ1: Our approach successfully transfers requirements for 249 Octave APIs using
five models. Qwen3-32B achieves the highest direct API matches (128) and optional parameter
matches (47), while DeepSeek-V3 leads in indirect matches (75).

4.2 RQ2: Effectiveness of ARRAYDIFF

This RQ aims to investigate ARRAYDIFF in detecting AP implementation differences.

eSubjects: Table 3 lists five AP pairs, where A is the latest and B is its compatible library, prior
major release, or a different architecture. Note that the first pair corresponds to the latest versions of
CuPy/NumPy. However, when CuPy-13.3.0 was released in August 2024, NumPy-2.1.0 was the latest.
The API changes introduced in NumPy-2.2.2 had not yet been integrated into CuPy. Therefore, we
additionally include CuPy-13.3.0 vs. NumPy-2.1.0 as a more suitable pair for differential testing.
Section 5.1 justifies excluding NumPy/CuPy vs. Octave.

eEvaluated Approaches: (1) ARRAYDIFF and the ablated variants: We integrate a random algorithm
(RA) and a genetic algorithm (GA) with ARRAYDIFF (Section 3.3). These two algorithms utilize our
IRA-ACG (Section 3.2) to generate tests with inputs that satisfy the input requirements (Table 1)
and dynamically remove the statements that yield NaN values. To evaluate ARRAYDIFF and each
component’s contribution, we propose six ARRAYDIFF variants:

RA+Semantic+NaN (RSN): The RA with semantic knowledge and the NAN statement remover.
RA+Semantic (RS): The RA with semantic knowledge and without the NAN statement remover.
RA: The RA without semantic knowledge and the NAN statement remover. It only guarantees to
generate inputs that satisfy the type constraints.

GA+Semantic+NaN (GSN): The GA with semantic knowledge and the NAN statement remover.
GA+Semantic (GS): The GA with semantic knowledge and without the NAN statement remover.
GA: The GA without semantic knowledge and the NAN statement remover.

(2) Baselines: To validate IRA-ACG and API sequence generation, we use TrtanFuzz (T) [16] and
Python unit test generator GHOSTWRITER (GW) [53] as baselines. Unlike our approach, which
extracts requirements via LLMs for IRA-ACG (Section 3.2), TrtanFuzz generates sequences directly
using LLMs. We extend TitanFuzz’s support beyond PyTorch and TensorFlow to include NumPy,
CuPy, and Octave. This requires minimal effort as TitaNnFuzz leverages LLMs for code generation,
requiring only minor modifications to the prompts and execution environment. Unlike ARRAYDIFF,
GHOSTWRITER generates unit tests at the API level. It achieved the highest NumPy coverage in [23]
by considering NumPy-specific types and semantic constraints (e.g., broadcasting [37] in Table 1).
GHOSTWRITER is excluded from NumPy—-CuPy and Octave evaluations. For CuPy, migrating its
NumPy-generated tests requires significant manual effort (e.g., converting ndarrays). For Octave,
GHOSTWRITER lacks support, and to our knowledge, no unit test generator exists.

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE155. Publication date: July 2026.



FSE155:14

Zhichao Zhou and Jingzhu He

Table 4. Result of effectiveness (Differences), efficiency (AUC), validity, and difference-trigger test
(A Test) length. Values are reported as Median (IQR); Italics indicate the best median.

(a) CuPy 13.3.0 versus NumPy 2.2.2

Method Diff. (Valid | Invalid) AUC (Valid | Invalid) A Len (Origin | Mini.) Validity
RSN 32 (32-32) | 15 (14-15) 82 (78-82) | 35 (33-37) 135 (134-136) | 8 (8-8) 86% (85%-86%)
RS 33 (33-33) | 15 (14-15) 83 (82-85) | 35 (34-36) 131 (129-132) | 8 (8-8) 85% (85%-85%)
RA 28 (27-28) | 30 (29-30) 64 (62-64) | 70 (68-70) 19 (19-19) | 6 (6-6) 33% (33%-34%)
GSN 27 (27-28) | 13 (12-14) 71 (70-72) | 33 (30-33) 430 (369-532) | 6 (6-6) 90% (89%-91%)
GS 28 (27-28) | 13 (12-13) 73 (73-75) | 33 (30-33) 336 (312-393) | 6 (6-6) 90% (88%-90%)
GA 18 (18-19) | 21 (20-22) 43 (43-46) | 53 (46-55) 62 (45-65) | 5 (5-5) 63% (62%-63%)
T 14 (14-15) | 29 (27-29) -- 34 (33-37) | - 43% (42%-43%)
(b) CuPy 13.3.0 versus NumPy 2.1.0
Method Diff. (Valid | Invalid) AUC (Valid | Invalid) A Len (Origin | Mini.) Validity
RSN 31(30-32) | 13 (12-13) 81 (79-84) | 33 (31-34) 136 (135-136) | 8 (8-8) 86% (85%-86%)
RS 31(30-31) | 14 (13-14) 82 (78-82) | 36 (33-36) 128 (126-129) | 8 (8-8) 85% (85%-85%)
RA 26 (24-26) | 28 (27-28) 64 (61-65) | 69 (66-70) 19 (18-19) | 6 (6-6) 33% (32%-34%)
GSN 27 (27-27) | 12 (11-12) 71 (70-72) | 30 (28-31) 275 (219-323) | 6 (6-6) 95% (93%-95%)
GS 27 (25-27) | 12 (11-12) 71 (67-71) | 30 (29-31) 231 (182-240) | 6 (6-6) 90% (89%-93%)
GA 17 (16-18) | 21 (20-21) 42 (42-43) | 50 (49-53) 23 (23-58) | 5 (5-5) 63% (63%-63%)
T 14 (14-15) | 26 (25-27) - 34 (32-36) | - 42% (39%-43%)
(c) NumPy-2.2.2 versus NumPy-1.26.4
Method Diff. (Valid | Invalid) AUC (Valid | Invalid) A Len (Origin | Mini.) Validity
RSN 7(7-7) ] 0 (0-0) 68 (68-69) | 0 (0-0) 220 (218-222) | 9 (8-9) 85% (85%-85%)
RS 7(7-7)1 0 (0-0) 69 (68-69) | 0 (0-0) 207 (207-216) | 8 (8-8) 83% (83%-83%)
RA 6 (6-7) | 4 (4-4) 57 (55-64) | 64 (64-64) 19 (19-19) | 6 (6-6) 34% (33%-34%)
GSN 7(6-7) | 0 (0-0) 68 (59-68) | 0 (0-0) 376 (321-666) | 7 (7-8) 89% (87%-90%)
GS 7(7-7) | 0 (0-0) 69 (68-69) | 0 (0-0) 355 (255-405) | 7 (7-7) 87% (86%-88%)
GA 3(3-4) | 3 (2-3) 29 (27-36) | 48 (32-49) 28 (24-110) | 6 (5-6) 61% (61%-61%)
T 6 (5-7) | 10 (10-11) -]- 29 (27-35) | - 62% (62%-62%)
GW 1(1-1) | 0 (0-0) -- -- -
(d) NumPy on AMDé64 versus NumPy on ARM64
Method Diff. (Valid | Invalid) AUC (Valid | Invalid) A Len (Origin | Mini.) Validity
RSN 2(2-2)| 2 (1-2) 63 (63-64) | 89 (49-94) 235 (234-271) | 9 (8-9) 83% (83%-84%)
RS 2(2-3)| 2 (1-2) 66 (66-96) | 85 (49-95) 210 (207-219) | 9 (9-10) 82% (82%-82%)
RA 2(2-2)11(1-1) 63 (54-65) | 49 (49-49) 18 (17-18) | 5 (5-5) 35% (34%-35%)
GSN 2(1-2)|1(1-2) 65 (33-65) | 47 (47-90) 249 (211-255) | 7 (7-8) 83% (82%-83%)
GS 2(2-2)| 2 (2-2) 65 (65-66) | 96 (90-97) 437 (361-440) | 9 (8-11) 84% (82%-84%)
GA 1(0-1) | 1(1-1) 32 (0-32) | 49 (49-49) 32 (20-148) | 5 (5-6) 60% (60%-61%)
T 1(1-1) | 2(2-3) - 21 (13-22) | - 53% (51%-53%)
GW 0 (0-0) | 0 (0-0) -- -1- -
(e) Octave-10.2.0 versus Octave-9.4.0

Method Diff. (Valid | Invalid) AUC (Valid | Invalid) A Len (Origin | Mini.) Validity
RSN 4(4-4)| 1(0-1) 97 (96-97) | 42 (0-46) 162 (162-163) | 5 (5-5) 78% (78%-78%)
RS 4(4-4)| 1(1-1) 98 (97-98) | 40 (40-48) 165 (164-168) | 5 (5-5) 77% (17%-T7%)
RA 4(3-4)| 1(1-1) 96 (74-97) | 44 (41-47) 26 (25-26) | 5 (5-6) 34% (33%-34%)
GSN 3(3-3) | 0 (0-0) 73 (73-74) | 0 (0-0) 282 (214-335) | 4 (4-4) 80% (79%-80%)
GS 3(2-3) | 0 (0-0) 73 (49-74) | 0 (0-0) 254 (212-415) | 4 (4-4) 79% (78%-80%)
GA 2(2-2) ] 0 (0-1) 49 (48-49) | 0 (0-49) 84 (74-663) | 5 (5-5) 56% (56%-57%)
T 0 (0-0) | 0 (0-0) -- 0(0-0) | - 45% (42%-45%)
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Table 5. Pairwise comparison across all pairs under test; Each cell (a,b) denotes the number of
pairs where method a (row) significantly outperforms method b (column) (A, > 0.5, p < 0.05).

(a) Valid Differences (b) Invalid Differences (c) Valid AUC (d) Invalid AUC

Z Z Z Z Z Z Z Z

Z222%835.3 2238853 222883 222883
RSN|- 0 2 3 3 5 3 2 RSN|[- 0 0 0 0 0 0 1 RSN|- 0 2 3 3 5 RSN|- 0 0 2 1 0
RS 0 - 2 2 3 4 4 2 RS 0O - 0 0 2 0 0 1 RS 0 - 4 2 3 5 RS 1 - 0 1 1 1
RA o0 - 0 0 5 3 2 RA 3 3 - 4 4 2 1 2 RA 0O 0 - 0 0 5 RA 3 3 - 4 4 2
GSN|[O 0 0 - 0 3 3 2 GSN|[O 0 0 - 0 0 0 1 GSN|0O 0 2 - 0 4 GSN|O 0 0 - 0 O
GS o0 0 0 - 4 3 2 GS 0o 0 0 0 - 0 0 1 GS 0 0 2 1 - 4 GS 0 0 0 0 - 1
GA o0 0 0 0 - 2 0 GA 33 0 3 3 - 0 2 GA 0O 0 0 0 0 - GA 330 3 3 -
T o0 0 0 0 0 - 2 T 33 2 3 3 4 - 2
GW |0 0 0 0 0 0 0 - GW |0 0 0 0 0 0 0 -

eConfiguration: For ARRAYDIFF, the parameters’ values of RA and GA are 200 for the population
size and 50 for the initial tests’ maximum length (see Section 3.3). We follow TrtanFuzz’s default
configuration [16], using InCoder 1.3B [58] for fuzzing with a temperature of 1.0. As the original test
seed generator, Codex (code-davinci-002) [67], is deprecated and unavailable, we substitute it with
the more advanced GPT-5.1-Codex (2025), which is unlikely to degrade TrtanFuzz’s effectiveness.
eMethodology: For each pair, we run ARRAYDIFF five times with a 10-hour search budget, since
we observe that difference detection converges before reaching the budget. GHOSTWRITER accepts
a NumPy API and deterministically creates tests for it. The tests consist of an API call, an annota-
tion to describe input validity for random engines to generate diverse valid inputs (see Fig. 3b),
and assertions. We first use GHOSTWRITER to generate tests for 216 NumPy APIs supported by
ARRAYDIFF. Then, we repeat five times to use GHOSTWRITER’s default input engine to execute each
APT’s tests on two implementations until a test passes on one implementation and fails on another
(i.e., a difference), or the search budget is out. The budget is 10 (hours)/216 * 2 ~ 400 seconds. We
double the time to ensure a fairer comparison, because when GHOSTWRITER’s test terminates upon
detecting an issue, much of the budget that could be assigned to other tests would be wasted. While
TitaNFuzz generates sequences like ARRAYDIFF, it processes APIs independently by generating and
fuzzing seeds for each separately. We thus allocate 400 seconds per API for TitaNFuzz, matching
GHOSTWRITER. This budget stems from (10 h/216) X 2 ~ 400 s (where 216 is the NumPy API count),
ensuring 400 seconds is also sufficient for Octave’s 249 APIs.

eEvaluation Metrics: Each difference of the final reports includes a test and the detection time
point relative to starting the execution. We remove duplicates, record the unique differences, and the
time first detected. Then, we compute a tool’s effectiveness, efficiency [71], Validity, and Difference-
trigger test length. Effectiveness denotes the total of unique differences. We regard exception-related
differences as equivalent if they are triggered at the same code line with identical messages. For
data-related issues, we identify the triggering API, review the runtime information, and examine
the source code to determine duplicates. If duplication cannot be confirmed, we treat the case as
unique. Efficiency refers to the unique count at various time points. Formally, we regard whole
differences as a set D. We construct P = {P;, ..., P, } for each execution, where P; = (¢, t) is a tuple
of the percentage of the detection number to |D| (c) and the time point (¢). Then, we quantify
efficiency via the Area-Under-Curve (AUC) [71]:

l.P‘_l(Pi.c + PH.].C) X (Pi+1.t - P,'.t)

AUC(P) = == X 100. 5
(P) 2 X TotalSeachBudget )

AUC’s range is [0, 100]. Higher AUC represents better efficiency. Specifically, we compute effective-
ness and efficiency in two groups: those with valid inputs and those with invalid inputs. The former
are potential bugs that matter to maintainers. The latter are trivial for maintainers but important for
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Table 6. Summary of invalid inputs.

1 import numpy_or_cupy as xp
2 a = xp.array([1])
3 al[[e,0]] = [2,3] Parameter Type Reason Count
4 print(a) Invalid shape 28
5 # numpy: [3] cupy: vary Invalid value 12
ndarray -
Invalid dtype 3
Fig. 7. Reference difference between NumPy Paraméter 1SS !
Invalid value 9
and CuPy. non-ndarray -
Parameter miss 1

migrating developers (e.g., from NumPy to CuPy) to ensure their programs behave normally. After
the effectiveness and efficiency are calculated, we use Mann-Whitney U Test and Vargha-Delaney
Agp [2, 81] to check whether an approach a statistically outperforms another b (Agp > 0.5 and the
significant value p is smaller than 0.05). Validity denotes the proportion of valid tests, i.e., those
that pass on both AP implementations or are difference-trigger tests with manually confirmed valid
inputs. We also report the difference-trigger test length, measured both before and after the Minimize
procedure (Algorithm 6). Efficiency is not reported for TrTaNFuzz and GHOSTWRITER because they
utilize independent per-API budgets, unlike ARRAYDIFF’s fixed total budget. Furthermore, since
GHOSTWRITER generates fixed parameterized tests, metrics tailored for sequence generators (i.e.,
validity and test length) are inapplicable to its evaluation.

eEffectiveness: Table 4 reports the effectiveness of the evaluated approaches, using the median
and IQR (interquartile range, from the 1st to 3rd quartile) of detected differences. Pairwise Mann-
Whitney U test results across all approaches are detailed in Table 5 (a, b). Three key findings emerge:
(1) semantic-aware ARRAYDIFF variants significantly outperform their non-semantic counterparts
on valid inputs. Specifically, RA+Semantic+NaN (RSN) and RA+Semantic (RS) are the top performers,
with median valid differences of 76 and 77, respectively. Table 5 (a) confirms they significantly
surpass other approaches on two to five AP pairs; (2) TrtanFuzz (T) and ARRAYDIFF RA lead in
detecting differences on invalid inputs, achieving median totals of 67 and 64, respectively. Table 5
(b) confirms they significantly dominate other approaches on two to four test pairs; (3) ARRAYDIFF’s
RA variants outperform the GA variants. ARRAYDIFF variants collectively identify 47 valid and
39 invalid unique differences. These counts are below the median summary due to substantial
redundancy (97%) between the first two CuPy/NumPy pairs. TiTaANFuzz detects 26 valid differences,
of which 3 are not detected by ARRAYDIFF, and 40 invalid differences, of which 15 are not detected
by ARRAYDIFF. GHOSTWRITER only detects one difference between two NumPy versions. It is a
previously reported crash bug (NumPy-18445) related to a particular ndarray dtype timedelat64 for
date time computation. Two valid differences between two NumPy versions detected by TrtanFuzz
but not by ARRAYDIFF are related to string and subarray dtypes, which are documented API
changes [59]. ARRAYDIFF does not detect them since it currently only involves int, float, and
bool. Besides, TITaANFUZz reveals a mechanism-level difference between CuPy and NumPy using
valid inputs, which ARRAYDIFF fails to detect: CuPy’s __setitem__ exhibits different behavior
from NumPy when integer arrays reference the same memory location multiple times [11]. Fig. 7
provides an example. Line 3 assigns the Oth element of a twice. NumPy stores the value from the
last assignment, resulting in a being “[3]”. Such behavior is undefined in CuPy; therefore, a’s value
may vary. ARRAYDIFF misses this case because it only generates API calls rather than assignment
statements, whereas TitaNFuzz’s LLM can insert arbitrary statements. ARRAYDIFF and TrtanFuzz
detect 54 differences caused by invalid inputs, among which 15 are detected only by TrranFuzz
and 14 only by ARRAYDIFF. After manual review, we categorize them in Table 6. Invalid shape
occupies over half, confirming the importance of our semantic requirements. TrTaNFuzz detects
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T T TR T T T E R T T TR T T E T T T T TR TR Em
(a) CuPy-13.3.0 versus NumPy-2.22 (b) CuPy-13.3.0 versus NumPy-2.1.0 (b) NumPy-2.2.2 versus NumPy-1.26.4 (€) NumPy on AMD64 versus ARMG4 (d) Octave-10.2.0 versus Octave-9.4.0

Fig. 8. Differences with valid inputs over time.

two cases with missing required parameters because its LLM can insert arbitrary code. We review
the documents and the behavior of the latest version to check whether each difference is addressed.
Eleven are solved. Two (CuPy-8807 and CuPy-9110) are confirmed as a NumPy-compatible bug and
an illegal-memory-access bug. We list all of them in our artifact.

eEfficiency: Table 4 and Table 5 (c, d) present the efficiency results. Fig. 8 illustrates the detection of
valid-input differences over time. To minimize random effects, we only report differences identified
in at least three out of five runs, using their mean detection time. Under valid inputs, the variants
with semantic knowledge outperform the other variants for all pairs. Meanwhile, the semantic-
aware variants identify nearly 85% of all valid-input differences included in Fig. 8 within the first
hour. For AUC under invalid inputs, RA is the best approach except for NumPy on AMD64/ARM64,
where this pair exhibits only two differences, providing insufficient evidence.

eValidity: Table 4 shows that, on average of five pairs, the median proportions of valid tests
are 84% (RA+Semantic+NaN), 82% (RA+Semantic), 34% (RA), 87% (GA+Semantic+NaN), 86% (GA
+Semantic), 61% (GA), and 49% (TrtanFuzz). IRA-ACG improves RA by 48%, and the NAN statement
remover improves by 2%. IRA-ACG improves GA by 25%, and the remover improves by 1%. GA
variants outperform RA variants in validity, particularly in the GA-RA comparison (61% vs. 34%).
The main reason is that GA’s Mutate (see Algorithm 6) applies Remove, Modify, and Append
into a test with probability 1/3. Modify and Append may introduce invalidity but Remove does
not. Meanwhile, the probability of at least one of Modify and Append applied in an iteration is
1-(1-1/3)x(1-1/3) = 5/9, i.e., the probability of introducing invalidity is 5/9. RA always applies
Append to test in an iteration, i.e., RA theoretically generates 1/(5/9) ~ 1.8 times more invalid tests
than GA, which is consistent with our experimental data ((1—0.34)/(1—-0.61) ~ 1.69). TrtanFuzz’s
validity is nearly half of ARRAYDIFF’s variants with semantic knowledge, showing that its LLM
(InCoder 1.3B model [58]) for fuzzing has limited capability in generating valid NumPy/CuPy and
Octave programs, likely due to its relatively small model size. Although more advanced LLMs (e.g.,
GPT-5 and Gemini) could improve validity, the large number of invocations during fuzzing would
consume a substantial number of tokens and incur high financial costs.

eDifference-trigger test length: Table 4 shows that, averaged over all pairs, the median original
test length of ARRAYDIFF’s variants with semantic knowledge is 248, whereas the mean length
without semantic knowledge is 33. This gap arises because, without semantic knowledge, ARRAY-
Di1rF cannot generate long and valid tests, which in turn impairs its ability to detect differences.
TrtanFuzz’s average validity and test length are 0.49 and 24, respectively. These values are close
to ARRAYDIFF without semantic knowledge, supporting our argument. The average of all ARRAY-
D1FF variants’ median minimized test lengths is 6, confirming the effectiveness of our Minimize
procedure and its significant improvement in test readability.

eAnalysis: Usefulness of IRA-ACG. We propose the IRA-ACG (Section 3.2) to generate API calls
with inputs satisfying LLM-assisted collected semantic requirements (Table 1). The experimental
results of the five pairs confirm the usefulness of IRA-ACG. Note that IRA-ACG still generates
invalid inputs. One reason is that the IRA-ACG’s semantic requirements only involve the ndarrays’
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shape and data type, not their concrete values. Hence, invalid inputs (e.g., zero for reciprocal)
could be generated. Second, the implementations vary slightly in validity. We use NumPy-2 as the
norm. Hence, others may receive invalid inputs.

Superiority of RA. The RA variants outperform their GA counterparts in detecting differences.
The reason is that a coverage criterion, such as statement or method coverage, is insufficient for
detecting differences [28, 97]. GA thus favors tests covering more code, but ignores other key
factors like specific inputs triggering exceptions. In contrast, RA randomly selects tests, improving
test diversity. Fig. 8 shows GA converging earlier than RA, supporting this observation.
TitanFuzz. TitanFuzz detects fewer valid-input differences than semantic-aware ARRAYDIFF,
but more with invalid inputs than ARRAYDIFF’s all variants. For valid inputs, the primary reason
is that the InCoder 1.3B model (the LLM used by TrtanFuzz for fuzzing) has limited capacity to
generate valid programs mainly due to its relatively small parameter size. Using larger models such
as GPT-5 may improve TitanFuzz’s performance; however, unlike the InCoder 1.3B model, they
are difficult to deploy locally in practice and would incur substantial costs from model providers
due to massive token consumption during fuzzing, confirming ARRAYDIFF’s resource-efficiency
advantage. For invalid inputs, unlike ARRAYDIFF, which always generates API calls with required
parameters (with valid/invalid values), TrtanFuzz’s LLM produces any statements (e.g., API calls
with missing or incorrectly typed parameters). Hence, it reveals more invalid-input differences.
GHOSTWRITER. Two reasons cause GHOSTWRITER'S
poor performance. First, it misses program behav-

1 import numpy as np : . . ,

2 al = np.flipud(np.array([1,21)) # al: [2, 1] ior, such as not taking the various APIs’ outputs
: ii ;i:?;mpzﬁg;é)dtypezu1"t64") as inputs and only using the default values for op-
5 assert a2.item() == 1 # 21=1 tional parameters. Second, it produces inadequate

assertions: It only checks shape and dtype instead of
values. The bug shown in Fig. 9 detected by ARrAY-
Dr1rF exemplifies GHOSTWRITER’s limitations: min
outputs 2 for [2, 1]. Triggering it requires that (1)
creating [2, 1] via flipud instead of direct creation, (2) using out optional parameter to store the
result in a2, (3) and asserting the a2’s value. GHOSTWRITER satisfies none of these conditions.
Two NumPy-CuPy pairs. We evaluate CuPy-13.3.0 against both NumPy-2.1.0 (CuPy-13.3.0’s
officially supported version) and 2.2.2 (to match the version used in our other pairs). Findings
are 97% identical (67/69 differences), as NumPy’s evolution from 2.1.0 to 2.2.2 primarily involved
non-breaking bug fixes. A unique finding in 2.1.0 identified a bug (Fig. 9) fixed in 2.2.2 after our
report. One invalid-input difference detected only in 2.2.2 also exists in 2.1.0, but was missed. The
reason may be due to the algorithm’s randomness.

Fig. 9. NumPy-27820: min’s incorrect output.

Answer to RQ2: ARRAYDIFF’s RA variants with semantic knowledge detect more valid dif-
ferences and achieve higher efficiency than other variants and baselines. The NaN statement
remover improves test validity but yields no significant improvement in difference detection.
Our Minimize procedure produces significantly shorter difference-triggering tests.

4.3 RQ3: Root Causes of Differences

This RQ investigates the root causes of the 50 differences with valid inputs. We exclude the only one
difference detected by GHOSTWRITER since it has been reported and still unfixed (NumPy-18445),
and those with invalid inputs, as their root causes originate from input invalidity rather than
actual implementation inconsistencies. Specifically, ARRAYDIFF identifies 47 differences, with 24
being unique to it, whereas TrtanFuzz detects 26 cases, including only three exclusive findings.
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Table 7. Summary of reviewed differences. ®Methodology: We first verify each difference in
the latest version, the documentation, and the re-

Library (;erig(‘eg:;g) Chﬁiles Pg:llts; [ an port’s ?xister.we in GitHub. If it i.s not solved, we
Py BG4T3) o & g 55— report it to GitHub. We mark it with one of the fol-
NumPy NOE) 5 i 10 lowing tags: VerifiedBug, APIChange, FalsePositive,
Octave 0 3 1 4 PendingReview. Finally, we analyze its root cause if it
All 19 (18 6) 8 10 37

is a fixed bug, an api change, or a false positive. We

require the bug to be fixed to determine its cause.
— eRoot Causes: Table 7 presents the summary of 37
reviewed differences. 19 cases are bugs: one was pre-
_’[ Fixed Bug © Parameter Misuse &) ] viously reported, and 6 have been fixed. Hence, we
analyze the root causes of 24 differences, including
6 fixed bugs, 8 API changes, and 10 false positives.

Fig. 10 presents them:
Fixed Bugs (6). The root cause of the three fixed

bugs (CuPy-8782, CuPy-8784, and CuPy-8806) is
L raeposiveatn | Numerieror )| the misuse of the optional parameters. For example,
S i — CuPy-8782 describes that the nanargmin API mis-
matches two parameters when using them as a call’s
inputs, triggering a crash. Two bugs (NumPy-27783
and NumPy-27820) are due to corner cases, result-
ing in incorrect results. For example, NumPy-27783
shows that an auxiliary function __array_wrap__
behaves incorrectly on ndarrays with a particular PY_TYPE (a property) value. Third, special floating-
point values (Inf and NaN) often trigger differences. Their non-standard handling requirements
significantly complicate implementation. NumPy-27902 shows that dot varies in NaNs for different-
shaped ndarrays. Seven unfixed bugs are also related to Inf and NaN.
API Changes (8). Six differences are due to API changes. NumPy-27969 and NumPy-27971 report
two cases where NumPy-2 and CuPy/NumPy-1 vary in the data type of the API’s output. They
also vary in the output’s shape of 1inalg.solve. The evaluation also detects five changes listed in
release note of NumPy-2 and Octave-10 (2 by TrranFuzz). For example, Octave’s var now raises
an error for non-float inputs to prevent an overflow bug.
False Positives (10). Numeric errors yield four benign NumPy-CuPy differences and one in Octave.
CuPy-8755 reports that they vary in an integer computation. The reason is that even if users

Fig. 10. Root causes of differences.

declare an integer ndarray, CuPy treats its elements as floating-point type in the GPU computation.
Another issue related to the GPU is the float16 precision difference between GPU and CPU [92]
(posted in CuPy-9086 posted by others). CuPy-8736 reports that the results of applying prod on
numbers are different. The reason is the difference in computation order. Different computation
orders cause different intermediate errors, thereby affecting numerical accuracy [38]. The last one is
that ndarrays may have a numeric error that we allow (see Formula 1), but using them as the inputs
triggers a difference. For example, we may get a 0 and 178 from NumPy and CuPy. The difference
is smaller than our threshold (177), but calling sign returns a 0 (zero) and 1 (positive), leading to
an unignorable error. Such a difference exists in Octave, too. Two differences are due to undefined
behaviors: NumPy’s reshape and empty do not guarantee the output ndarray’s memory layout.
CuPy-8779 highlights a performance-driven divergence: while ravel affects array contiguity, CuPy
does not guarantee NumPy-identical properties to minimize execution overhead. Fig. 7 presents
another change of CuPy for performance, detected by TitaNFuzz, when integer arrays reference the
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same memory location multiple times [11]. NumPy-28376 shows that signbit for NaN differs on
AMD64 and ARM64 because their low-level dependencies represent the NaN sign bit inconsistently.
eAnalysis: Octave yields significantly fewer differences. The main reasons are its simplicity and
maturity. Unlike NumPy/CuPy, Octave avoids view-related bugs (e.g., the view created by flipud
in Fig. 9) by returning fresh arrays rather than views [60]. Moreover, with a stable codebase since
version 4 (2015) [91], Octave offers greater consistency than rapidly evolving NumPy and CuPy.

Answer to RQ3: The primary root causes of the detected differences with valid inputs include
program bugs, API changes, and numerical errors caused by platform differences.

5 Discussion
5.1 Choice of AP Pairs under Test

Section 4.2 chooses five AP pairs for differential testing. NumPy/CuPy versus Octave is not chosen.
NumPy view mechanism makes many shared APIs by
_ B NumPy and Octave unsuitable for sequence-level test-

1 import numpy as np # Octave . . A . .
2 a=np.array([[1.], [2.1]) # a = [1.; 2.] ing [60]. Fig. 11 illustrates this: updating a also mod-
i b = np.flipud(a) # b = flipud(a) ifies its view b (flipud(a)), whereas Octave’s b uses
5

np.exp2(a, out=a) # a(:) =2 .» a X A
# np b: [[2.7, [4.77 octave b: [[2.], [1.17 ~new memory and remains unchanged. Widespread

use of NumPy views leads to an excess of such false
positives, masking real differences. Restricting tests to
non-view APIs is counterproductive, as view-related
bugs constitute the majority of our bug findings.

Fig. 11. NumPy’s view mechanism.

5.2 Threats to Validity

Randomness. The algorithm randomness is a threat. To enhance the result’s stability, we run
ARRAYDIFF and other baselines for 10 hours, five times.

Limitations. ARRAYDIFF may miss certain crash-related bugs, as it marks a test invalid if both
implementations crash. It also misses differences due to the threshold for float values.
Parameters. RA and GA have two parameters (see Algorithm 4 and 5) to control the population
size and the initial test length. Smaller values reduce the test diversity. Larger values spend more
time running tests, reducing the iteration rounds. Therefore, both large and small numbers may
weaken the performance. We plan to study them in the future.

Experimental subjects. We pick five pairs as the subjects. RQ2’s results of all pairs (Section 4.2)
show that IRA-ACG stably enhances ARRAYDIFF in generating valid inputs.

6 Conclusion

We propose ARRAYDIFF, a differential tester for AP frameworks. It contains an LLM-assisted
requirement collector and a requirement-aware API call generator (IRA-ACG). ARRAYDIFF integrates
search algorithms to evolve API call sequences based on the IRA-ACG for difference detection.
Experimental results show that IRA-ACG improves ARRAYDIFF in detecting valid-input differences.

7 Data Availability

We present ARRAYDIFF’s prototype, experimental data, and detection details at Zenodo.
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