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Abstract

Deep learning (DL) frameworks serve as the foundational infrastructure of
the modern artificial intelligence ecosystem, providing essential APIs for the
construction, training, and deployment of diverse DL models. Within these frame-
works, tensor shape transformations are fundamental to core calculation logic.
However, the computational logic underlying these shape transformations is often
complex and error-prone. Such shape errors can lead to silent incorrect outputs
and consequently trigger severe runtime exceptions. Existing API-level test-
ing techniques primarily target crash-inducing inputs or numerical instabilities,
failing to provide specialized generation strategies or oracles for shape-related
logic. To bridge this gap, we propose ShapeTester, a shape-error-targeted
testing approach. ShapeTester employs a two-stage strategy that combines com-
binatorial testing and genetic algorithms to generate test inputs, exploring the
output shape space. To detect shape errors, ShapeTester implements a differen-
tial oracle by exploiting the semantic equivalence between static and dynamic
execution modes, a fundamental property inherent in modern deep learning
frameworks. ShapeTester has successfully uncovered 120 previously unknown
errors in mainstream DL frameworks, including TensorFlow, PyTorch, and Keras,



95.8%(115/120) of which have been confirmed by the framework developers. Fur-
thermore, in a controlled evaluation using a benchmark of 20 known shape errors,
ShapeTester achieved a 70% detection rate, compared with 50% for the strongest
evaluated baselines.
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1 Introduction

Deep learning (DL) frameworks, such as TensorFlow, PyTorch, and Keras, have
become fundamental to modern artificial intelligence, empowering developers to effi-
ciently build and deploy complex models across diverse domains. These frameworks
provide application programming interfaces (APIs) that abstract low-level compu-
tational details, enabling a focus on high-level model design. The correctness and
reliability of these DL APIs are crucial, as any defects can propagate through the
entire software stack, compromising the accuracy and robustness of the resulting mod-
els. Among the various types of API defects, shape errors, i.e., errors occurring inside
the APIs when calculating tensor shapes, are particularly prevalent and insidious.
According to a recent empirical study [1], shape errors are among the top three most
common API error types in deep learning frameworks, accounting for 12.2% of all col-
lected errors. Such internal miscalculations can lead to runtime exceptions or silent
incorrect computations, wasting significant development effort and potentially caus-
ing critical issues in safety-sensitive applications. Given the fundamental role these
APIs play in the Al software stack, systematically testing and ensuring their resilience
against shape errors is an important research problem, motivating the need for testing
methodologies targeted to shape errors.

In recent years, increasing research efforts have been dedicated to testing DL frame-
works. One line of research [2, 3] adopts model-level testing, which generates diverse
DL models to exercise framework code and expose potential bugs in DL frameworks.
Test cases generated by these approaches are close to the DL framework usage in real-
world application code. However, as a high-level testing approach, model-level testing
often fails to thoroughly explore the parameter space of each layer API. Another line
of works [4, 5] adopts API-level testing, which generates diverse parameter values to
test DL APIs directly. Compared to model-level testing, API-level testing concerns
the comprehensive behaviors of each specific API, which can cover the corner cases
more efficiently than model-level testing and detect many deep hidden bugs. However,
existing API-level testing techniques target crash bugs and numerical errors, leaving
shape errors largely unexplored. Consequently, these methods lack specialized test
oracles for identifying subtle dimension-calculation errors that do not trigger imme-
diate crashes. Moreover, without shape-aware generation strategies, state-of-the-art
(SOTA) techniques often produce test inputs that fail to reach the complex internal
logic responsible for tensor transformations. As demonstrated in our preliminary study
(Section 4.3), test inputs generated by SOTA testing methods triggered only 10 out of



the 20 shape errors in our benchmark, which underscores a persistent gap in ensuring
the reliability of DL frameworks.

To fill this gap, we propose a shape-error-targeted testing approach for DL
APIs. According to our investigation, two fundamental challenges must be addressed
to realize an effective and automated shape-testing methodology.

Challenge 1: Exploring Constrained Shape-Related Parameter Spaces
As DL APIs are widely used, most hidden bugs cannot be triggered straightforwardly,
i.e., these bugs may reside in corner cases involving specific parameter combinations.
To expose in-depth shape errors, a strategy is needed to systematically explore the
combination space of parameters that dictate tensor transformations (e.g., kernel
sizes, strides, and paddings). Moreover, DL APIs involve complex constraints
among their parameters, and any violation of these constraints leads to an immediate
execution failure before reaching the core shape-calculation logic. Consequently, the
primary challenge lies in generating test inputs and prioritizing valid yet diverse
parameter combinations to maximize the exploration of the API’s shape-handling
logic.

Challenge 2. Establishing a Test Oracle for Shape Inconsistencies. Exist-
ing API-level testing approaches primarily rely on crash detection or cross-backend
(e.g., CPU vs. GPU) output comparison as test oracles. While these oracles are effec-
tive for uncovering crash bugs and numerical inaccuracies, they are not suited for
identifying shape errors. Shape errors, which stem from incorrect tensor dimension
calculations inside an API, rarely lead to immediate runtime exceptions; instead,
they silently propagate erroneous shapes to subsequent operations, potentially causing
degraded model performance or incorrect outputs far downstream. Furthermore, shape
errors are typically algorithm-intrinsic and device-independent, meaning they mani-
fest consistently across different hardware backends. Therefore, a specialized oracle is
required to capture discrepancies between the actual output shape and the intended
mathematical semantics of the API.

Our Approach. To address these challenges, we propose ShapeTester, a novel
shape-error-targeted testing approach for DL APIs. To address Challenge 1,
ShapeTester employs a two-staged and constraint-aware strategy for test input gener-
ation. During the first stage, ShapeTester focuses on Shape-Related Parameters
(SRPs), i.e., parameters that directly influence tensor shape transformations (e.g.,
stride, padding, and dilation), and systematically explores the pairwise inter-
actions among them. Specifically, ShapeTester constructs a discrete search space
via Large Language Models (LLMs). Building upon this foundation, it generates
test inputs through pairwise interaction to systematically explore diverse shape-
transformation scenarios. To further expose deep bugs beyond pairwise interaction,
ShapeTester transitions to a shape-diversity guided evolutionary search stage, utiliz-
ing the valid test inputs generated in the first stage as the seed population. This search
process is driven by a specialized fitness function designed to maximize output shape
diversity, thereby incentivizing the exploration of unprecedented tensor transforma-
tion behaviors. Moreover, ShapeTester incorporates a feedback loop to handle the
complex constraints among parameters. When a test input triggers an execution crash,
ShapeTester analyzes the error message to pinpoint the responsible parameters. If the



crash originates from shape-irrelevant parameters, ShapeTester regenerates the test
case to ensure the targeted SRP combination is fully exercised. Conversely, if the crash
stems from fundamental constraints among SRPs, ShapeTester treats this as a dis-
covered constraint and dynamically prunes the combinatorial search space to prevent
redundant exploration of invalid regions. To address Challenge 2, we design a novel
differential oracle to detect shape inconsistencies. Modern DL frameworks typically
support two execution modes: dynamic graphs and static graphs. Dynamic graphs per-
form immediate computation on input tensors, while static graphs rely on symbolic
shape inference during a preliminary compilation phase. ShapeTester detects shape
errors by comparing the output shapes generated in the dynamic mode against the
symbolic shapes inferred in static mode. Any discrepancy between these two execution
paths reveals a potential shape error in the framework’s shape calculation logic.

We evaluated ShapeTester on mainstream DL frameworks, including TensorFlow,
PyTorch, and Keras. ShapeTester successfully uncovered 120 previously unknown
errors, 95.8%(115/120) of which have been confirmed by the framework developers. To
assess the quality of test input generation, we compared ShapeTester against state-
of-the-art baselines on a benchmark of 20 representative APIs. For a fair comparison,
we equipped the baselines with the same differential oracle. The results show that
ShapeTester achieved the highest observed values among the evaluated approaches
across three dimensions: bug detection rate (0.70), output shape diversity (0.74), and
valid input ratio (0.80).

In summary, the primary contributions of this paper are as follows.

1. A Constraint-Aware Shape-Testing Methodology. We propose a novel test-
ing strategy that systematically explores the shape-related parameter space of DL
APIs. This methodology integrates combinatorial testing with evolutionary search.
It specifically employs a feedback loop to bypass early execution failures caused by
complex parameter constraints, ensuring a deep exploration of shape-calculation
logic.

2. A Novel Differential Shape Oracle. We introduce a specialized test oracle
designed to detect silent shape inconsistencies. By comparing the tensor dimensions
generated during dynamic graph execution against the symbolic shapes inferred
in static mode, our approach identifies internal framework errors that traditional
crash-based oracles cannot detect.

3. Large-scale Evaluation and Bug Discovery. We implement our approach in
an automated tool and evaluate it on three major DL frameworks: TensorFlow,
PyTorch, and Keras. Our tool successfully uncovered 120 previously unknown
shape-related bugs. To date, 95.8%(115/120) of these bugs have been officially
confirmed or fixed by the framework developers.

2 Background and Motivating Example

In this section, we provide the technical background and motivating example for
our work. We first introduce the core concepts of Shape-Related Parameters (SRPs)
and the dynamic and static execution modes in modern DL frameworks, which form
the basis of our testing targets and oracle design. Building on these foundations, we



present a real-world shape inconsistency bug discovered by ShapeTester to illustrate
the challenges in shape error detection.

2.1 Shape-Related Parameters

In DL frameworks, DL APIs (e.g., Conv2d, Reshape, Pooling ) are essentially trans-
formation functions that map one or more input tensors to an output tensor. While a
single API may involve numerous parameters, they do not contribute equally to the
properties of the resulting output. We categorize these parameters into two distinct
groups based on their influence on the geometry of the output tensor.

Shape-Irrelevant Parameters (SIPs): These parameters control the numeri-
cal precision, execution device, or metadata of the operation without altering the
dimensions of the output. Examples include dtype (e.g., float32 vs. int64), device
(e.g., CPU vs. GPU), and name.

Shape-Related Parameters (SRPs): We define SRPs as the subset of API
parameters that directly dictate the mathematical calculation of the output tensor
shape.

2.2 Dynamic and Static Execution Modes

Modern deep learning frameworks provide two distinct execution modes to balance
development flexibility with deployment efficiency: dynamic execution and static
execution.

Dynamic Execution (Eager Mode). In dynamic mode, operations are executed
imperatively using concrete input tensors. When an API is invoked, the framework
immediately dispatches the operation to the underlying compute kernels. The output
tensor is materialized in memory, and its dimensions are determined by the actual
execution result. The resulting shape is therefore a concrete attribute of the returned
tensor object.

Static Execution (Graph or Symbolic Mode). In static mode, the framework
constructs or compiles a computational representation of the tested operation. During
graph construction, tracing, or compilation, the framework propagates input-shape
information and determines the expected dimensions of intermediate and output ten-
sors. This shape-computation path supports graph validation and optimization before
or during the execution of the compiled representation.

Although the concrete interfaces differ across frameworks, the dynamic and static
paths are intended to implement the same API-level tensor transformation. For the
same generated test case, ShapeTester therefore keeps the API wrapper and param-
eter configuration unchanged, obtains a concrete runtime shape through the dynamic
path, and obtains the corresponding graph or symbolic shape through the static path.
Section 3.4 describes how these two shapes are obtained and compared for TensorFlow,
Keras, and PyTorch.

2.3 Motivating Example

We illustrate our motivation utilizing a real-world defect discovered in the
keras.layers.Discretization API. As shown in Test 1 of Figure 1, this



Test 1: A true-positive test

layer = Discretization(bin_boundaries=[1.0, 2.0, 3.0, 4.0],output_mode='count',
num_bins=None, epsilon=1e-6, dtype=None)

layer(np.ones((2, 3, 4))).shape # (2, 3, 5)

layer(keras.Input((3, 4))).shape # expceted:(None, 3, 5) Actual:(None, 3, 4)

Test 2: An illegal test

layer = Discretization(bin_boundaries=[1.0, 2.0, 3.0, 4.0],output_mode='count',
num_bins=5, epsilon=1e-6, dtype=None)

#ValueError: Both “num_bins® and “bin_boundaries™ should not be set. Received:

“num_bins=5" and “bin_boundaries=[1.0, 2.0, 3.0, 4.0]

Test 3: A passing test

layer = Discretization(bin_boundaries=[1.0, 2.0, 3.0],output_mode="int"',
num_bins=None, epsilon=1le-6, dtype=None)

layer(np.ones((2, 3, 4))).shape # (2, 3, 4)

layer(keras.Input((3, 4))).shape # expceted:(None, 3, 4) Actual:(None, 3, 4)

Fig. 1: A motivating example of a shape inconsistency bug in the
keras.layers.Discretization API

API exhibits a critical shape inconsistency. When the API is configured with
output_mode=‘count’ and four bin_boundaries, these boundaries partition the value
range into five bins; hence, the last output dimension should be five. The dynamic exe-
cution path constructs this representation and correctly produces an output tensor of
shape (2, 3, 5), whereas the symbolic path reports (None, 3, 4). As documented
in Keras issue #22403,! for the affected aggregation modes (count and multi_hot), the
symbolic output-shape computation incorrectly preserves an input-dependent dimen-
sion regardless of the configured number of bin boundaries, instead of deriving the
output dimension from the number of bins. Consequently, the static path omits the
fifth bin in this example. The defect therefore lies in the symbolic output-shape
computation rather than in the numerical discretization performed during dynamic
execution.

When applying SOTA testing approaches (DeepREL [6], NablaFuzz [7], Titan-
Fuzz [8], and MirrorFuzz [9]) to this API, all of the approaches failed to expose this
bug after generating 100 test inputs. This failure reveals three fundamental limitations
of existing approaches: (1) the lack of semantic oracles for validating shape correctness,
(2) the inability to handle complex inter-parameter constraints, and (3) the absence
of targeted exploration of shape-influencing parameter spaces.

(1) Specialized Shape Oracle. As illustrated by Test 1, shape errors often
do not trigger immediate system crashes; instead, they result in the silent genera-
tion of tensors with incorrect dimensions. In this instance, the static graph mode
fails to represent the fifth bin identified above, reporting (None, 3, 4) instead of
the expected (None, 3, 5). Consequently, traditional crash oracles are incapable of
detecting such defects. Moreover, because shape inference logic is typically algorith-
mic and device-agnostic, cross-backend differential testing (e.g., comparing CPU vs.

Yhttps://github.com/keras-team /keras/issues /22403
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GPU outputs) also fails to expose these inconsistencies, as the incorrect symbolic logic
remains identical across hardware targets.

To address this, ShapeTester employs a specialized differential oracle that com-
pares the output shapes of the same API across dynamic and static execution modes.
As shown in Test 1, this comparison effectively captures the discrepancy between the
dynamic runtime shape and the static symbolic shape, revealing the internal logic
error.

(2) Complex Parameter Constraints Even with an appropriate oracle,
SOTA approaches still failed to trigger the target defect because they do not
account for the constraints between API parameters. Deep learning frameworks
impose strict preconditions on parameter combinations. For instance, in the
keras.layers.Discretization API, the bin_boundaries and num_bins parameters
are mutually exclusive. As shown in Test 2, assigning values to both parameters trig-
gers a ValueError, which terminates execution before reaching the shape-calculation
logic. Extracting such constraints is difficult due to the dynamic nature of Python and
the lack of formal specifications in documentation. Consequently, existing fuzzers often
generate illegal inputs that result in early exits. While Test 2 contains the parameter
values necessary to trigger the bug, the violation of these constraints renders the test
case ineffective.

To overcome this, ShapeTester incorporates a runtime crash monitoring module
that intercepts exception messages during execution. By analyzing these error mes-
sages, ShapeTester identifies the specific parameter combinations responsible for the
conflict and dynamically adjusts subsequent test generations, ensuring the exploration
bypasses shallow validation checks to reach deep-seated shape-related logic.

(3) Targeted Exploration of Parameter Combinations. Another reason
existing methods fail to trigger the bug is that they lack a targeted strategy for
exploring shape-influencing parameter spaces. Current methodologies rely on different
guidance mechanisms. For instance, DeepREL applies random mutation operators to
existing valid seeds, while MirrorFuzz leverages historical error patterns and generates
constraint-violating inputs. However, to effectively expose shape errors, it is critical to
prioritize parameters that directly dictate tensor transformations. As demonstrated
in Test 1, the bug is triggered by a specific interaction between bin_boundaries,
output_mode, and the input tensor’s shape. Existing methods spend computational
resources on shape-irrelevant parameters, such as epsilon or dtype. While exploring
these values may uncover other types of defects, it contributes little to the detection
of shape errors. As shown in Test 3, even when an approach generates a legally exe-
cutable test input, it fails to trigger the bug if it does not cover the specific combination
of shape-influencing parameters required to expose the inconsistency.

To overcome this limitation, ShapeTester employs a two-stage test generation
strategy. In the first stage, it utilizes pairwise testing to systematically cover inter-
action scenarios among SRPs. In the second stage, it applies shape-diversity guided
evolutionary search to further explore the transformation logic. In our example, the
bug in Test 1 was successfully captured during the first stage by specifically targeting
the combination of the bin_boundaries and output_mode parameters.
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Fig. 2: Method Overview

3 Approach

This section presents the design of ShapeTester, our shape-error-targeted testing
approach. We first provide an overview of ShapeTester and then detail its core
components.

3.1 Approach Overview

Fig. 2 illustrates the overall workflow of ShapeTester. At its core, ShapeTester con-
siders shape testing as a constrained exploration problem over SRP spaces, guided
by both structural coverage and behavioral diversity. The workflow is designed
as a feedback-driven loop that systematically explores SRP spaces. Specifically,
ShapeTester first extracts SRPs and their value spaces from API documentation.
Then, ShapeTester iteratively generates test inputs and refines the parameter space
according to the execution result. The test input generation process consists of two
complementary stages. The first ensures systematic coverage of fundamental parame-
ter interactions, while the second drives exploration toward rare and previously unseen
shape transformations.

Stage-1: SRP Guided Generation. This stage, detailed in Section 3.3.1, aims
for broad coverage of SRP interactions. Guided by the principle of pair-wise test-
ing, ShapeTester selects uncovered SRP pairs and constructs test inputs that satisfy
pairwise coverage. This ensures that the fundamental interactions between SRPs are
systematically exercised.

Stage-2: Shape-Diversity Guided Evolutionary Search. This stage, detailed
in Section 3.3.2, focuses on corner cases beyond initial combinations. Taking the valid



test inputs from Stage 1 as the initial population, ShapeT ester performs a genetic evo-
lutionary search. It utilizes selection, crossover, and mutation operators guided by an
output shape diversity metric that encourages exploration of structurally distinct
output-shape profiles. We therefore characterize this stage specifically as evolutionary
search.

The generated test inputs are executed in both dynamic execution mode and static
execution mode, obtaining concrete runtime shapes and inferred symbolic shapes,
respectively. By comparing these results, any discrepancy directly indicates a violation
of semantic consistency, revealing a potential defect in the framework’s shape compu-
tation logic. Moreover, execution feedback is used to infer parameter constraints and
guide subsequent input generation toward valid and bug-prone regions. Constraint-
violating executions provide feedback guidance that is used to refine the search space
and guide subsequent input generation.

3.2 Semantic-Guided Search Space Construction

The first phase of ShapeTester is to define the search space for test generation. This
is challenging due to the flexible types of parameters and complex constraints among
them. To address this, ShapeTester employs a semantic extraction procedure that
leverages LLMs to interpret API descriptions and construct a structured parameter
space. As highlighted in recent studies [8], LLMs are trained on vast repositories of code
and documentation, providing them with prior knowledge of popular DL frameworks.
Such general framework knowledge enables the LLM to interpret the documented
functionality of an API and the semantic roles of its parameters. This process can be
viewed as two key steps: (1) identifying SRPs, and (2) constructing a representative
value space for systematic exploration.

We treat SRP identification as a context-dependent semantic classification rather
than a fixed classification based solely on parameter names. Given the API documen-
tation and the API code, the LLM examines the parameters and identifies whether
changing each parameter can affect the rank or any dimension of the output tensor
under at least one supported configuration. A parameter may therefore be classi-
fied as shape related even if it affects the output shape only for particular input
shapes, parameter values, or execution branches. Conversely, parameters for which
no shape influence is identified from the available context are excluded from the
SRP search space. The resulting classification determines which parameter domains
and interactions are prioritized during subsequent combinatorial and evolutionary
exploration.

Accordingly, the SIP/SRP distinction is operational and relative to the analyzed
API context and candidate value space. An apparently shape-irrelevant parameter
may still have an undocumented or indirect influence on shape, whereas an SRP may
affect shape only in a subset of contexts. ShapeTester uses the extracted classification
to focus its testing budget, but does not assume that the classification constitutes a
complete formal specification of all shape dependencies.

Building upon this identification, the LLM constructs a discretized value space for
each SRP using the API documentation and source code provided in the prompt. For



Role
You are a deep learning engineer proficient in the {frame_name} framework.

Context
The documentation description of {api_name} is as follows: {api_doc}.
The code of {api_name} is: {api_code}.

Task

1.Construct the value space for each parameter.

- For discrete parameters, directly list all possible values.

- For continuous parameters, discretize their value space to ensure that boundary values and at least 5 typical values are included.
These typical values should cover all legal value scenarios.

2.Identify all parameters that can affect the shape of the output tensor.

Output Format

shape_related_params = ['param-1', ...]
class ValueSpace:
paraml = [value-1, value-2, ...]

Fig. 3: Prompt template and expected output format for SRP identification and
search-space construction.

parameters with a finite discrete domain, the prompt instructs the LLM to enumer-
ate all possible legal values. For parameters with a continuous or prohibitively large
numeric domain, the prompt requires the resulting value space to include boundary
values and at least five typical values. Here, “typical values” refer to legal, non-
boundary values selected by the LLM according to the parameter semantics and
implementation to cover different valid usage scenarios, rather than values generated
using a fixed numerical sampling rule. By explicitly requiring both boundary values
and typical values that cover legal scenarios, the prompt balances the exploration of
corner cases with that of ordinary valid configurations. The resulting discretization
provides a finite starting space for the subsequent combinatorial and evolutionary
stages, rather than exhaustive coverage of the original numeric domain. These dis-
cretized spaces are then combined to derive interaction targets among SRPs, which
serve as the coverage objectives for systematic exploration.

As shown in Figure 3, the prompt assigns the LLM the role of a deep-learning-
framework engineer and supplies the API documentation and source code as context.
It requests two structured outputs: a list of parameters that can affect the output
tensor shape and a ValueSpace class containing their candidate values. The prescribed
Python format enables ShapeTester to extract the identified SRPs and their value
spaces automatically.

This process enables ShapeT ester to construct a search space that is both expres-
sive of shape semantics and amenable to systematic exploration, which serves as the
foundation for the subsequent exploration.

3.3 Shape-Error-Targeted Test Input Generation

As stated in previous sections, shape errors often arise from intricate interactions
among multiple parameters, rather than from isolated parameter values. To systemat-
ically explore such interactions, ShapeTester adopts a two-stage test input generation
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strategy. The first stage aims to achieve comprehensive coverage of pairwise combina-
tions among SRPs, ensuring that fundamental parameter interactions are exercised.
While pairwise coverage captures fundamental interactions, higher-order interactions
often remain unexplored due to combinatorial explosion. To address that, the sec-
ond stage leverages an evolutionary algorithm to discover more complex interactions
beyond pairwise combinations, guided by output shape diversity.

3.3.1 SRP Guided Test Input Generation

This stage considers the SRP interaction exploration as a constraint-aware combina-
torial testing problem. Conventional combinatorial testing [10, 11] aims to minimize
the test suite size while achieving full pairwise coverage. However, this minimization
fails to account for implicit and dynamically enforced parameter constraints. In prac-
tice, violations of these constraints often trigger premature execution termination,
which prevents the test from reaching the core shape-calculation logic. Consequently,
a test input that causes an early crash cannot be considered to successfully cover the
targeted SRP interaction.

To address this, ShapeTester employs a constraint-aware combinatorial explo-
ration strategy, where coverage is defined over valid executions rather than syntactic
parameter combinations. Given k SRPs, where the i-th SRP has a discretized value
domain of size d;, ShapeTester constructs Zlg <<k d;d; pairwise value combina-
tions as coverage targets. In each iteration, the remaining complete configurations are
scored according to the uncovered pairwise combinations they cover and the accumu-
lated failure cost associated with their parameter values. The configuration with the
highest score is selected to construct the next test input. For the selected configuration,
ShapeTester then attempts to construct a concrete test input. The framework first
queries the pool of previously executed valid test inputs to identify a seed input whose
SIP values are compatible with the target SRP combination, where the compatibility
is determined by ensuring the seed’s SIP values do not conflict with any constraints
recorded in prior iterations. If no such valid input is available, the system leverages
an LLM to generate a valid test input that is compatible with the target SRP values.

The size of the resulting search space varies across APIs. APIs with more SRPs or
larger discretized value domains contain more pairwise interaction targets and com-
plete input configurations. While the number of pairwise targets is >, <i<j<k d;d;, the

number of complete configurations is Hle d;. Consequently, during the SRP-guided
stage, APIs with larger parameter spaces generally require more test inputs to cover
their pairwise SRP interactions.

Figure 4 shows the prompt template and expected output formats for test-case
completion. The prompt includes the API documentation, wrapper code, current
parameter value spaces, and the target SRP values. The LLM first determines whether
the specified values conflict. It then returns either a complete test case that preserves
the target values or a conflict_params list identifying the conflicting parameters,
both in the prescribed Python format.

The completed test input is then evaluated by the Execution and Shape Error
Detection module. An SRP pair is marked as covered only when the resulting test
input executes successfully. When an execution fails, ShapeTester analyzes the error

11



Role

You are a deep learning engineer proficient in the {frame_name} framework.

Context

The documentation description of {api_name} is as follows: {api_doc}.
The code of {api_name} is: {api_code}.

Value Space of each Parameter: {input_space}

Target SRP values: {SRP_values}

Task

1.Determine whether the target SRP values conflict.
2.If they are compatible, complete all missing parameters and construct a valid test case that preserves the target values.
3.If they conflict, identify the conflicting parameters.

Output Format(Compatible) Output Format(Conflict)
test_case = { conflict_params = [
'param-1":value-1, '‘param-1', 'param-2, ...

- ]

Fig. 4: Prompt template and expected output formats for LLM-assisted test-case
completion.

message together with the failing input to identify the parameter values responsible
for the failure. If the failure is attributed to an invalid SRP-value combination, this
combination is removed from the remaining interaction targets and recorded to prevent
equivalent invalid configurations from being generated again.

A failure may also arise from the values assigned to the remaining parameters,
while the targeted SRP pair itself is valid. In this case, ShapeTester retains the
target pair and asks the LLM to complete a new test input with compatible values
for the other parameters. The regenerated input is executed again, and this process
continues until the target pair is either covered by a valid execution or identified as
an invalid combination. In this way, execution failures refine subsequent generation
without prematurely discarding SRP interactions that may still be feasible.

3.3.2 Shape-Diversity Guided Evolutionary Search

The first stage of the generation terminates once the set of uncovered SRP pairs is
exhausted, ensuring a shallow complete exploration of the parameter interaction space.
To explore beyond these shallow interactions and uncover subtle defects arising from
complex, multi-parameter dependencies, ShapeTester transitions to a second stage
centered on an evolutionary search strategy.

The output tensor shape provides an observable structural signature of an API
execution. Inputs that induce different output ranks or dimension profiles may exer-
cise different branches of the framework’s shape-calculation logic. We therefore use
output-shape variation to guide the second-stage search. Comparing output shapes
requires accounting for the fact that the same API may produce tensors of different
ranks under different parameter configurations. Conventional vector distances are not
directly applicable to such variable-length shape tuples without introducing a padding
or axis-alignment rule, which would impose additional assumptions about the cor-
respondence between tensor axes. We instead use a rank-aware similarity function:
shapes of different ranks are assigned zero similarity, while shapes of the same rank
are compared according to their relative dimension profiles using cosine similarity:
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Sim(S1, 8) = {0.27 if Dim(S1) # Dim(S5)

1
m, otherwise (1)

Here, S, is the ordered vector of dimension sizes in shape S;, and Dim(.S;) denotes
its rank. This definition distinguishes both rank changes and reordered dimension
profiles. For example, Sim((1,1000), (1000, 1)) is approximately 0.002, whereas shapes
of different ranks, such as (1000, 1) and (1000, 1,1), receive zero similarity.

We use this similarity to discourage the evolutionary search from repeatedly select-
ing inputs that produce closely aligned output-shape profiles. Specifically, the fitness
of a candidate input is defined as inversely proportional to its similarity to existing
population members:

1

fitness(S;) = W )
i K2

This formulation encourages the search to prioritize inputs that produce under-
explored output-shape profiles rather than repeatedly sampling structurally similar
outputs.

The search starts from a population initialized with the valid test inputs generated
in Stage 1. Each individual represents a complete API test input as a mapping from
parameter names to concrete values and is associated with the output shape obtained
from its successful execution. At the beginning of each generation, ShapeT ester recom-
putes the diversity-oriented fitness scores of the population and selects the two
individuals producing the most distinct output-shape profiles as parents.

ShapeTester then applies uniform parameter-level crossover: for each parame-
ter position shared by the two parents, their values are exchanged independently
with crossover probability p.. The resulting offspring are subsequently mutated by
independently replacing each parameter value, with mutation probability p,,, with a
value sampled from its current candidate domain. This process produces at most four
offspring per generation.

Before execution, duplicate offspring and offspring matching an accumulated
invalid parameter combination are discarded and regenerated. Candidates rejected by
this constraint filtering do not consume an execution from the testing budget. The
remaining candidates are evaluated using the cross-mode oracle. Successfully executed
candidates are added to the population together with their output shapes, cross-mode
inconsistencies are recorded as potential defects, and invalid executions are excluded
from the population. When the population exceeds its configured maximum size, the
oldest individuals are removed. The updated population then provides both the can-
didate parents and shape information for the next generation. This feedback-guided
evolutionary loop progressively bypasses shallow validity boundaries and focuses the
search on deeper semantic regions where complex shape inconsistencies are more likely
to manifest.

3.4 Execution and Shape Consistency Oracle

The final component of ShapeT ester is responsible for validating generated test inputs
and detecting shape errors through a differential oracle.
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3.4.1 Cross-Mode Differential Oracle

Our design is based on the observation that modern deep learning frameworks typically
provide both dynamic and static execution paths that are intended to implement the
same API-level tensor transformation. For a given API and test configuration, the two
paths should therefore produce consistent output shapes.

Given a generated test case, ShapeTester constructs dynamic and static execu-
tions from the same API wrapper and parameter configuration. The values assigned to
the API parameters remain unchanged between the two executions. Only the represen-
tation of the input tensors and the framework-specific execution interface differ. The
dynamic path produces a concrete runtime output shape, denoted by Sgyn, whereas
the static path produces a graph or symbolic output shape, denoted by Ss;a:.

TensorFlow. For TensorFlow APIs, ShapeTester first invokes the API wrapper
directly with the generated concrete tensors and extracts the shape of the returned
eager tensor as Sqyn. It then wraps the same API function using tf . function, invokes
the resulting graph function with the same test-case arguments, and extracts the
shape of its returned tensor as Ss;q:. Thus, the comparison preserves the tested API,
its parameter values, and its concrete inputs while changing the framework execution
interface.

Keras. For Keras APIs, ShapeT'ester obtains Sqyy, by invoking the API wrapper
with the generated concrete input tensors. To obtain Sg.¢, it replaces each concrete
input tensor with a Keras Input that preserves the same non-batch dimensions,
while retaining the same API parameters, and invokes the same wrapper symboli-
cally. Because a Keras Input represents its batch dimension symbolically, the concrete
batch dimension in the dynamic output is normalized to None before the two shapes
are compared. For example, a dynamic shape of (2, 3, 5) is normalized to (None,
3, 5) before being compared with the corresponding symbolic shape.

PyTorch. For PyTorch APIs, Shapelester obtains Say, by directly invok-
ing the API wrapper in eager mode. It then compiles the same wrapper using
torch.compile(..., dynamic=True), invokes the compiled function with the same
test-case arguments, and extracts the shape of the returned tensor as Sg;q¢. The com-
parison therefore checks whether direct eager execution and the compiled execution
path produce the same tensor shape under an identical API configuration.

Shape extraction and comparison. Across the three frameworks,
ShapeTester recursively extracts the complete shape tuple from each returned tensor
object. For APIs with multiple outputs, all corresponding output shapes are retained
and compared in their return order. After the framework-specific batch-dimension nor-
malization described above, shape equality is determined structurally. Specifically, the
two results must contain the same number and nesting structure of outputs, and every
pair of corresponding outputs must have the same rank and identical dimension values
at each position. An unknown dimension is not treated as a wildcard for a different
concrete dimension after the applicable normalization.

Each execution path records either an output shape or an exception. Shape equality
is evaluated only when both paths successfully return output shapes. Based on the
two recorded results, ShapeTester classifies the test outcome into the following three
categories:
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e Consistent Pass: Both modes execute successfully and their normalized output-
shape structures are identical (Sgyn == Sstat), indicating consistent shape-
transformation behavior.

® Equivalent Failure: Both modes raise runtime exceptions, suggesting that the
generated input violates validity constraints shared by the two execution paths.
The failure information is subsequently provided to the failure-driven constraint-
inference component.

e Shape Inconsistency: A potential defect is reported when cross-mode consistency
is violated. This category includes two situations: (1) both modes execute success-
fully but produce different normalized output shapes (Saqyn # Sstat), Or (2) one
mode successfully returns an output shape while the other mode raises an exception.

Through this procedure, the oracle compares the complete shape structures pro-
duced by two execution paths for the same API configuration. It thereby captures
shape inconsistencies that may not cause an immediate crash in ordinary dynamic
execution. Since the dynamic and static execution paths are expected to implement
equivalent shape-transformation semantics, any inconsistency between their results
violates this fundamental cross-mode consistency and is therefore reported as a poten-
tial defect. Importantly, the oracle does not assume that either execution path is
inherently correct. A mismatch indicates that at least one path deviates from the
expected API semantics: it may result from an incorrect static shape calculation, an
error in dynamic execution, or a limitation in the implementation of either execution
mode. These cases all fall within the class of cross-mode shape defects targeted by
ShapeTester.

3.4.2 Failure-Driven Constraint Inference

Beyond error detection, ShapeT ester leverages execution failures to refine the input
generation process. Instead of treating failures as mere invalid cases, we interpret them
as evidence of violated input constraints.

To this end, ShapeTester employs a diagnostic component to infer fine-
grained parameter constraints from failure traces. Given an execution error,
ShapeTester leverage an LLM to analyze the error message and identify the param-
eter interactions responsible for the violation. This process yields invalid parameter
combinations that approximate the implicit input contract enforced by the framework.

As shown in Figure 5, the failure-analysis prompt contains the framework name,
API documentation, wrapper code, failing test case, and runtime error message. The
expected response follows a prescribed Python format containing a param_comb list of
the parameters jointly responsible for the failure. Before incorporating the result into
the constraint set, ShapeT ester verifies that the response is parsable and that every
returned name occurs in the wrapper’s parameter list.

Once the responsible parameters have been identified, ShapeTester records their
values in the failing input as an invalid combination and feeds this information back
to test generation. During SRP-guided generation, the recorded combinations are
used to filter candidate completions and to determine whether a failed target pair
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Role
You are a deep learning engineer proficient in the {frame_name} framework.
Context

The documentation description of {api_name} is as follows: {api_doc}.
The code of {api_name} is: {api_code}.

Failing test case: {test_case}

Runtime error: {error_message}

Task

Analyze the failure and identify the combination of parameters responsible for the error.

Output Format

param_comb = ['param-1', 'param-2/, ...]

Fig. 5: Prompt template and expected output format for failure-driven constraint
extraction.

should be excluded or retried with different values for the remaining parameters. Dur-
ing shape-diversity guided evolutionary search, each offspring produced by crossover
and mutation is checked against the accumulated invalid combinations. An offspring
containing a known invalid combination is discarded and regenerated before execution.

The remaining candidates are evaluated by the cross-mode oracle. Valid execu-
tions contribute their output shapes to the evolving population, while failed executions
provide additional feedback for updating the constraint set. This iterative process
connects concrete execution outcomes with both combinatorial exploration and evo-
lutionary search, allowing ShapeT ester to progressively avoid repeatedly encountered
invalid regions and devote more tests to executable shape transformations.

4 Evaluation

To evaluate the effectiveness of ShapeTester, we investigate the following research
questions (RQs):

® RQ1: How many shape errors can ShapeTester detect in real-world popular deep
learning frameworks?

® RQ2: How does ShapeTester compare to state-of-the-art baseline approaches in
terms of shape error detection rate and output shape diversity?

® RQ3: What is the individual contribution of each core component to the overall
effectiveness of ShapeTester?

® RQ4: What are the computational costs of ShapeTester compared with existing
approaches, and how are its time and token costs distributed across different stages?

The machine for running experiments is equipped with an Intel Xeon Gold 6330
CPU (28 cores, 2.00GHz), Ubuntu 24.04, and Python 3.10.
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4.1 Evaluation Setup

Before the evaluation, we introduce the implementation settings of our approach and
the construction of our benchmark dataset, as well as the baselines and metrics used
in the evaluation.

4.1.1 Implementation

We implemented the prototype of ShapeTlester using approximately 2,500 lines of
Python code. Following the evaluation practice of prior LLM-based DL testing studies,
which instantiate their LLM-assisted components under a fixed model configura-
tion [8, 9], we used the same model for all LLM-assisted tasks. Since these tasks require
reasoning over API documentation, wrapper code, parameter dependencies, and run-
time diagnostics, we selected the reasoning-oriented DeepSeek-R1 model [12]. We set
the temperature to 0 and left the remaining generation parameters at their server-
side defaults. In particular, the maximum output length was 4,096 tokens [13]. The
client-side timeout for each request was 300 seconds, and each prompt was attempted
at most three times, including the initial request.

Each response is extracted according to its prescribed format and validated before
being used. Generated Python content must contain the required objects and sat-
isfy the corresponding structural checks, whereas JSON responses must be parsable
and contain only parameter names defined by the API wrapper. If extraction or val-
idation fails, ShapeTester appends the validation error to the prompt and issues
another request, with at most three attempts in total. The LLM-derived informa-
tion is used to improve test generation and prune likely invalid regions. Therefore,
exhausting these attempts does not terminate testing; Shapelester continues with
the available search-space information and previously generated valid inputs. For the
shape-diversity guided evolutionary search stage, we set both the parameter-level
crossover probability p. and mutation probability p,, to 0.2, following established
practices in search-based software testing [14]. Each generation produces at most four
offspring, and the population is capped at 500 individuals.

4.1.2 Benchmarks

As ShapeTester is the first testing methodology specifically for shape-related defects
in DL APIs, no off-the-shelf benchmark currently exists for this task. We therefore
constructed a benchmark of 100 distinct APIs based on the findings of our initial
bug-detection campaign. We first collected APIs associated with developer-confirmed
issues and treated each API as a single benchmark subject, regardless of the number
of issues reported for it. From the eligible APIs, we randomly sampled 41 TensorFlow
APIs and 41 PyTorch APIs to obtain a balanced set of 82 bug-triggering APIs.

To broaden the benchmark beyond APIs with observed failures, we further
included nine APIs from each framework for which ShapeTester detected no shape
discrepancy. These 18 comparison APIs were selected from functional families repre-
sented in the bug-triggering set by considering similarities in API names and tensor
operations. For example, if Conv2D was included as a bug-triggering API, related
variants such as Conv1D and Conv3D were considered as comparison APIs. Although
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ShapeTester detected no shape discrepancy for these APIs during its initial campaign,
subsequent targeted manual testing, guided by their similarity to the bug-triggering
APIs, identified one ground-truth shape bug in each comparison API. Thus, the
term comparison API distinguishes their selection and bug-discovery process rather
than indicating the absence of bugs. The resulting benchmark therefore combines
bugs detected by ShapeTester with bugs in closely related APIs initially missed by
ShapeTester, while maintaining a balanced framework distribution.

The resulting 100-API benchmark is used in full for RQ3, which evaluates
ShapeTester and its ablated variants. RQ2, however, compares ShapeT ester with four
independently implemented baselines whose applicable API sets differ. We therefore
examined the API compatibility of each baseline before conducting the comparative
experiment. An API was considered supported when the baseline could use its orig-
inal test-generation procedure to generate and execute test invocations for that API
under the evaluated tool and framework configurations. As summarized in Figure 6,
DeepREL, NablaFuzz, TitanFuzz, and MirrorFuzz support 34, 46, 70, and 79 of the
100 APIs, respectively. Their common intersection contains 20 APIs, including 14 bug-
triggering APIs and 6 comparison APIs; all 20 are associated with a known shape bug,
with the bugs in the comparison APIs identified through subsequent manual testing.
We use this intersection as the RQ2 benchmark so that every approach is evaluated on
the same API subjects. The intersection was determined solely from API compatibility
before examining the bug-detection, validity, or shape-diversity results. Accordingly,
RQ2 characterizes the comparative performance of the evaluated approaches within
their common API-support scope, whereas RQ3 examines ShapeTester’s components
over the complete benchmark.

ShapeTester(100
P (200) Bug-triggering APIs (14)

mirrorFuzz nablaFuzz 1. torch.nn.ConvTranspose2d 8. torch.nn.MaxUnpoolld
(79) (46)
16 2. torch.clamp 9. torch.nn.Conv2d
deepREL 10 0 titanFuzz
3. torch.empty 10. tf.keras.layers.Conv2D
(34) o (70)
4. torch.matmul 11. tf.keras.layers.AveragePooling2D
0

© 5. torch.sparse_coo_tensor 12. tf.keras.layers.Conv3D
4 17 6. torch.nn.InstanceNorm1d 13. tf.keras.layers.DepthwiseConv2D
0 0 7. torch.nn.InstanceNorm3d 14. tf.keras.layers.SeparableConv2D

20
Comparison APIs (6)

5 5 1. torch.as_strided 4. torch.nn.MaxUnpool2d
o 2. torch.gather 5. tf.keras.layers.BatchNormalization
3. torch.nn.Softmin 6. tf.keras.layers.LSTM
Fig. 6: API-support sets of the four Fig. 7: The 20 common APIs in the
evaluated baselines within the intersection.

100-API benchmark. The common
intersection contains the 20 APIs used
in RQ2.
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4.1.3 Baselines and Ablation Methods

To the best of our knowledge, ShapeTester is the first shape-error-targeted testing
approach for DL APIs. Existing DL framework testing approaches do not pro-
vide a test oracle specifically designed for shape inconsistencies. To evaluate their
test-generation capabilities in the shape-error-testing setting, we therefore equipped
each baseline with ShapeTester’s shape oracle. Because this oracle evaluates the
dynamic and static or symbolic output shapes of individual API invocations, we
considered API-level testing approaches for the comparison. To provide representa-
tive coverage of recent API-level DL framework testing techniques, we selected both
traditional and LLM-based state-of-the-art approaches. Specifically, DeepREL and
NablaFuzz represent traditional API-level techniques based on relational API testing
and automatic-differentiation testing, respectively, while TitanFuzz and MirrorFuzz
represent LLM-based test-generation techniques [6, 7, 8, 9]. This selection covers
different test-generation paradigms under a common API-level evaluation setting.

During the evaluation, each baseline retained its original test-generation proce-
dure and internal guidance mechanisms. The generated API invocations were then
executed and evaluated using ShapeTester’s shape oracle, which compares the out-
put shapes obtained from the corresponding dynamic and static or symbolic execution
paths. Applying the same oracle to all generated inputs provides a consistent basis
for assessing how effectively the different generation strategies exercise shape-related
behaviors.

DeepRELI6] infers relational APIs within deep learning libraries by analyzing
API signatures and documentation. It leverages these relations as test oracles, enabling
differential testing to detect inconsistencies between these relational APIs.

NablaFuzz[7] targets the automatic differentiation (AD) components of DL
libraries. It performs differential testing across various AD modes (e.g., forward and
reverse modes) and numerical differentiation to detect inconsistencies in both first-
and higher-order gradient computations.

TitanFuzz[8| directly leverages large language models (LLMs) to generate and
mutate input programs for DL libraries. It combines a generative LLM for seed creation
with an infilling LLM for mutation to maximize code coverage and API diversity.

MirrorFuzz[9] exploits the observation that similar APIs within or across DL
frameworks often share similar bugs. It collects historical bug data, matches opera-
tionally or parametrically similar APIs, and prompts LLMs to synthesize test cases
that reveal analogous bugs in the API under test.

For RQ3, we conduct a comprehensive evaluation to assess the impact of
ShapeTester’s three core strategies: SRP Guided Generation, Shape-Diversity Guided
Evolutionary Search, and Constraints-aware feedback. To quantify their contributions,
we designed three ablation variants.

ShapeTester®/°-Comb removes the SRP guided test input generation loop and
leverages only the evolutionary search stage to generate test inputs.

ShapeTester®/°-G4 removes the evolutionary search stage and uses only the SRP-
guided generation stage to generate test inputs.

ShapeTester®/o-Constr yemoves the guidance of constraints.
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4.1.4 Evaluation Metrics

To rigorously assess the performance of ShapeT ester, we employ three primary metrics
to evaluate its error-detection capability, its efficiency in navigating API constraints,
and its ability to explore the tensor transformation space.

Number of Detected Bugs. The primary objective of ShapeTester is the iden-
tification of shape errors. For RQ1, every candidate issue was first reproduced under
the evaluated framework version. A researcher then checked whether the input satisfied
the documented constraints and whether the observed dynamic—static shape discrep-
ancy violated the API’s documented or intended shape semantics. This assessment was
independently cross-checked by another researcher before the issue was submitted to
the framework developers. We report a candidate as a human-verified issue only after
this two-stage inspection; the Confirmed and Fized categories in Table 1 additionally
reflect the subsequent status assigned by framework developers. For RQ2 and RQ3,
by contrast, the number of detected bugs is an automated experimental metric: each
unique dynamic—static shape discrepancy is counted once under a given configura-
tion. These comparative counts are therefore used to compare testing configurations.
For RQ2, each of the 20 API subjects is associated with one ground-truth shape bug,
and the Bug Detection Rate is defined as the number of these bugs detected by an
approach divided by 20. Crucially, we have integrated our specialized shape oracle into
all baseline methodologies. By granting baselines the same detection capabilities as
ShapeTester, we can isolate and evaluate the intrinsic effectiveness of each approach’s
test generation strategy in exercising complex shape-transformation logic.

Validity Rate. A key challenge in DL API testing (Challenge 1) is the presence
of complex parameter constraints that trigger early execution crashes. We define the
Validity Rate as the ratio of test inputs that successfully execute without triggering
any crash to the total number of generated inputs. A higher validity rate demonstrates
the effectiveness of the constraint-aware feedback in bypassing validation checks to
reach the core shape-calculation logic.

Shape Diversity. Beyond execution validity, we evaluate how broadly each
approach explores the output-shape space. We adopt the similarity-based spectral
formulation underlying the Vendi Score [15], a general diversity framework that sum-
marizes a collection through the eigenspectrum of a user-defined similarity matrix. Let
{s1,82,...,8n} be the set of n unique output shapes discovered during testing. Using
the rank-aware cosine similarity defined in Equation 1, we construct a normalized
similarity matrix p € R™*™:

prg = TC0) ®)
The Von Neumann Entropy (VNE) is then calculated using the eigenvalues A; of p:

S(p)==> Nl (4)
i=1

where \; represents the i-th eigenvalue of p. A higher S(p) indicates that the observed
shapes are distributed across a broader set of mutually dissimilar rank and dimension
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profiles under the adopted similarity function. We refer to this quantity as output-
shape diversity in the remainder of the evaluation.

Computational Efficiency. We evaluate computational efficiency using the aver-
age time cost per API and, for LLM-based approaches, the average token cost per
API. All approaches are evaluated on the same machine and the same 20 APIs used in
RQ2, with 100 executed test inputs generated for each API. The time cost covers the
complete testing process, including initialization, test-input generation, LLM invoca-
tions when applicable, and the execution of generated tests. The token cost includes
both input and output tokens. Because DeepREL and NablaFuzz do not invoke an
LLM, token cost is not applicable to these two approaches. For ShapeTester, we fur-
ther analyze its token cost according to the purposes of LLM calls and its time cost
according to the main testing stages.

4.2 RQ1. Bugs Detected

To evaluate the practical effectiveness of ShapeTester, we deployed it against pop-
ular DL frameworks Keras (v3.3.3 and v3.10.0), TensorFlow (v2.16.0 and v2.21.0),
and PyTorch (v2.4.0 and v2.10.0). Table 1 summarizes real-world bugs detected
by ShapeTester across three popular DL frameworks and categorizes the detected
issues according to their confirmation status and error manifestation. The Confirmed
column reports the number of issues that developers have acknowledged as previ-
ously unknown, while the Fized column indicates those that have been subsequently
resolved. The Pending column captures issues awaiting developer review. In addition,
we classify each issue by its observable behavior: Crash refers to unexpected runtime
failures that occur despite the input satisfying parameter constraints, whereas Shape
Error denotes silent failures where the API executes without crashing but produces
an output tensor whose dimensions deviate from the expected shape semantics.

Table 1: Bugs detected by ShapeTester in TensorFlow, Keras, and PyTorch.

Status Error Type
Total | Pending Confirmed Fixed | Crash Shape Error
TensorFlow 16 0 13 3 12 4
Keras 69 5 12 52 18 51
PyTorch 35 0 18 17 1 34
Total | 120 | 5 43 72 | 31 89

In total, we identified and reported 120 previously unknown bugs to the respective
framework maintainers. As of the time of writing, 95.8%(115/120) of the reported
bugs have been officially confirmed or fixed. Unlike traditional fuzzing approaches
that rely on crash-based oracles, which often suffer from high false-positive rates due
to invalid input permutations, ShapeTester leverages its differential shape oracle to
pinpoint precise logical inconsistencies. This specialized oracle helps reduce manual
effort in bug triage, as discrepancies between dynamic execution and static inference
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typically indicate fundamental flaws in the framework’s internal logic rather than mere
environmental noise.

Notably, 89 out of 120 detected bugs are shape errors. This high proportion
aligns with the core objective of ShapeTester, which is specifically designed to target
shape-related defects. Crucially, these shape errors would largely remain undetected
by existing testing approaches, as such methods lack a dedicated oracle capable of
identifying errors in shape computation.

The distribution of detected errors varies substantially across the three frameworks,
reflecting differences in how static and dynamic shapes are computed. Keras serves
as a multi-backend frontend for TensorFlow, PyTorch, and JAX [16]. For the Keras
layer APIs examined in our study, symbolic output shapes are computed by Keras,
commonly through compute_output_shape(), whereas concrete output shapes are
produced by the corresponding backend. Consequently, when these APIs use the Ten-
sorFlow backend, errors in static shape computation are generally attributed to Keras,
while errors in dynamic shape computation are attributed to TensorFlow. For exam-
ple, the static shape error of Conv2D was reported to Keras (issue #22495%), whereas
its dynamic shape error was reported to TensorFlow (issue #64396%). This separation
helps explain why more shape errors in Table 1 are associated with Keras than with
TensorFlow. PyTorch presents a contrasting pattern, with 35 total errors, of which
34 are shape errors and only one is a crash. This concentration is largely attributable
to its meta-device and Dynamo mechanisms, which perform symbolic shape inference
during graph compilation independently of the dynamic execution path.

Answer to RQ1. In real-world DL frameworks, ShapeTester successfully detects
120 previously unidentified bugs, of which 115 (95.8%) have been confirmed or fixed
by framework developers. Among these detected issues, 89 (74.1%) are silent shape
errors, which depend on the proposed differential oracle for detection.

4.3 RQ2: Comparison with State-of-the-Art Baselines

We compare ShapeTester with DeepREL, NablaFuzz, TitanFuzz, and MirrorFuzz on
the common-support 20-API benchmark described in the evaluation setup. Because
these tools were originally designed for different testing objectives and employ different
native oracles, we evaluate their generated tests using the same shape-error ora-
cle implemented in ShapeTester. This controlled setup isolates their test-generation
strategies and allows the reported metrics to characterize how effectively each approach
exercises shape-related behaviors. Since APIs differ in the number of SRPs, domain
sizes, and parameter constraints, the number of test inputs required to exercise their
input spaces also varies. A small number of inputs may cover the interaction space of
an API with a compact parameter space, whereas APIs with larger parameter spaces
generally require more inputs. To provide every evaluated approach with the same
testing budget, consistent with the fixed per-API evaluation practice in prior API-level
DL library testing [6], we configure each approach to generate 100 test inputs per API
and evaluate them using three metrics: bug detection rate, valid input rate, and shape
diversity. For every approach, test generation for an API terminates immediately after

2https://github.com/keras-team /keras/issues/22495
3https://github.com/tensorflow /tensorflow /issues /64396
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100 test inputs have been executed; candidates rejected by constraint filtering before
execution are not counted toward this budget. Thus, the 20 APIs refer to the API
subjects included in the comparative benchmark rather than the total number of test
inputs. Because these APIs constitute the complete common-support intersection of
the four baselines, each approach is evaluated on all eligible API subjects and executes
a total of 2,000 test inputs across them.

Table 2: Comparison of ShapeTester and state-of-the-art baselines on the 20-API
evaluation subset.

DeepREL NablaFuzz TitanFuzz MirrorFuzz ShapeTester

Bug Detection Rate 0.45 0.50 0.45 0.50 0.70
Valid Input Rate 0.42 0.46 0.74 0.39 0.80
Shape Diversity 0.65 0.73 0.65 0.62 0.74

Effectiveness in Shape Error Detection. As summarized in Table 2,
ShapeTester achieved the highest observed values across all three metrics. In terms
of bug detection, ShapeTester achieves a detection rate of 0.70 (14/20 ground-truth
shape bugs), which represents a 40% improvement over the strongest baselines, Nabla-
Fuzz and MirrorFuzz (both at 0.50). This performance gap is further illustrated in
Figure 8, which depicts the cumulative number of unique shape errors discovered as
the number of test cases increases. ShapeTester (the purple curve) exhibits a steeper
discovery slope and a higher saturation point compared to all baselines. While Mir-
rorFuzz and NablaFuzz reach a plateau early in the testing process, ShapeTester
continues to uncover deep-seated bugs, validating that the combination of SRP-
interaction guided generation and evolutionary search is more effective at reaching
complex shape-calculation logic than generic mutation or historical pattern matching.

Analysis of Execution Validity. The efficacy of a shape-testing tool is heavily
contingent on its ability to bypass shallow parameter validation checks. Our results
show that ShapeT ester achieves the highest validity rate of 0.80, outperforming Titan-
Fuzz (0.74) and nearly doubling the validity of MirrorFuzz (0.39) and DeepREL (0.42).
The low validity rates of traditional fuzzers suggest that they frequently generate ille-
gal parameter combinations that trigger immediate ValueErrors or TypeErrors. In
contrast, the constraint-aware feedback loop in ShapeTester successfully utilizes run-
time error messages to dynamically prune the invalid search space, thereby ensuring
that a higher proportion of computational resources is spent on executing valid API
calls that exercise the actual tensor transformation kernels.

Exploration of Shape Diversity. Regarding the structural diversity of gen-
erated output shapes, ShapeTester achieves the highest value of 0.74 among all
evaluated tools. Notably, NablaFuzz also maintains high diversity (0.73) due to its
focus on automatic differentiation modes. However, it fails to translate this diversity
into a higher bug detection rate (0.50). These results suggest that output-shape diver-
sity alone is not sufficient for detecting shape errors: interactions among shape-related
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Fig. 8: Cumulative bug discovery curves over all evaluated APIs for ShapeTester
and baselines.

parameters also determine whether generated inputs reach fault-triggering configura-
tions. By combining interaction-oriented generation with diversity-guided evolution-
ary search, ShapeTester explores varied output-shape profiles while systematically
exercising SRP interactions.

Answer to RQ2. ShapeTester achieves a 0.70 bug detection rate, which is 40%
higher than the 0.50 achieved by the strongest existing methods. This effectiveness is
accompanied by the highest execution validity rate (0.80) and output-shape diversity
(0.74), indicating broad exploration of structurally different output shapes under the
adopted metric. The cumulative bug discovery curves further show that ShapeTester
reaches the same cumulative bug counts with fewer executed test cases and attains a
higher saturation point than the evaluated SOTA testing techniques.

4.4 RQ3: Ablation Study

To investigate the contribution of each core component of ShapeTester, we
evaluate the full approach and three ablation variants ShapeTester®/o-GA
ShapeTester®/°-Comb and ShapeTester®/°-Comst on the same 100-API benchmark.
The results are summarized in Table 3.

Table 3: Ablation study results of ShapeTester (ST) and its three
variants.

Full ST STw/0o-Comb  gpw/o.GA  gpw/o-Constr

Bugs Detected 82 73 71 "
Validity Rate 0.761 0.752 0.771 0.706
Shape Diversity 0.421 0.269 0.340 0.333
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Contribution of SRP Guided Generation. The comparison between the full
ShapeTester and ShapeT ester®/°-Co™b reveals that the combinatorial testing stage is
fundamental to the exploration of the shape transformation space. Without the initial
SRP-interaction guided seeds, the shape diversity drops from 0.421 to 0.269, the lowest
among all variants. This reduction in diversity directly leads to a decrease in bug
detection, with 9 fewer bugs identified. The results suggest that systematic coverage
of shape-related parameter interactions provides a critical foundation that random
or purely evolutionary methods cannot easily replicate, especially when navigating
high-dimensional API parameter spaces.

Contribution of Shape-Diversity Guided Evolutionary Search. The
removal of the evolutionary search stage (S hapeTester™/ -G4) results in the most sub-
stantial decline in bug detection capability, falling from 82 to 71 detected bugs. While
ShapeTester™/*-GA maintains a slightly higher validity rate (0.771), its shape diversity
(0.340) is notably lower than the full version. This indicates that while combinato-
rial testing is efficient at generating valid inputs, it may fail to reach unprecedented
corner cases that reside deep within the shape-calculation logic. The output-shape-
diversity objective encourages the evolutionary stage to retain inputs that expose
distinct rank and dimension profiles. Together with parameter-level crossover and
mutation, this stage detects 11 additional shape errors compared with the variant
without evolutionary search.

Contribution of Constraints-aware Feedback. The constraint-aware feedback
loop improves the effectiveness of test generation by preventing repeatedly observed
invalid parameter combinations from re-entering the search. When this component
is removed (ShapeTesterw/ o-Constr) "the validity rate decreases from 0.761 to 0.706,
and the number of detected bugs decreases from 82 to 77. Without failure-driven
refinement, more generated inputs terminate at parameter validation checks before
exercising the underlying shape-transformation logic. These results demonstrate that
feeding diagnosed failures back to both generation stages improves execution validity
and preserves more of the testing budget for shape-related behaviors.

Answer to RQ3. Each component of ShapeTester plays a distinct and vital
role: SRP-interaction coverage provides the breadth of initial exploration, shape-
diversity guidance enables the discovery of deep-seated bugs through evolutionary
search, and the constraint-aware feedback loop ensures high execution validity. The
full ShapeTester framework leverages the synergy of these strategies to achieve the
highest bug detection rate and shape diversity.

4.5 RQ4: Efficiency Analysis

To understand the computational efficiency of ShapeTester, we first compare its end-
to-end time and token costs with those of the four baseline approaches. We then
analyze the distribution of its token cost across different LLM operations and its time
cost across the main testing stages.

Overall Efficiency Comparison. Table 4 presents the average computational
costs of the evaluated approaches. The measurements were collected using the same
experimental machine, the same 20 APIs, and the same number of executed test inputs
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per API. Time cost covers the complete testing process. For the three LLM-based
approaches, token cost includes both input and output tokens.

Table 4: Computational costs of the evaluated approaches.

DeepREL NablaFuzz TitanFuzz MirrorFuzz ShapeTester

Time/API (s) 18.23 7.08 25,990.76 16,069.15 5,968.00
Tokens/API - - 133,279.94 1,055,101.80 77,268.82

DeepREL and NablaFuzz have lower time costs because their test-generation proce-
dures do not involve LLM calls. Among the three LLM-based approaches, ShapeTester
has the lowest time and token costs. Its average time cost is 5,968.00 seconds per API,
compared with 16,069.15 seconds for MirrorFuzz and 25,990.76 seconds for TitanFuzz.
Its average token cost is 77,268.82 tokens per API, which is lower than the 133,279.94
tokens used by TitanFuzz and the 1,055,101.80 tokens used by MirrorFuzz.

This difference is associated with how the LLM participates in test generation.
The main test inputs of ShapeTester are constructed through combinatorial test-
ing and evolutionary search. The LLM is invoked only when semantic information is
required for initialization, when an incomplete test input must be completed, or when
an encountered conflict must be analyzed. By contrast, TitanFuzz and MirrorFuzz
invoke LLMs directly during their test-input generation processes. The selective use
of the LLM therefore enables ShapeTester to maintain lower time and token costs
than the evaluated LLM-based approaches.

Token-Cost Analysis Across LLM Operations. We further analyze the token
cost of the three types of LLM operations in ShapeTester: initialization, test-input
completion, and conflict analysis. Table 5 reports the average number of calls, average
tokens consumed by each call, total token cost, and proportion of the overall token
cost for each operation.

Table 5: Token costs of the LLM operations in ShapeT ester.

Operation Calls/API Tokens/Call Tokens/API Proportion
Initialization 1.00 7,095.96 7,095.96 9%
Test-input completion 3.90 3,836.56 14,962.57 19%
Conflict analysis 20.00 2,760.51 55,210.29 1%

Conflict analysis is the primary source of token cost in ShapeT ester, accounting for
approximately 71% of the total. Although a single conflict-analysis call consumes fewer
tokens than an initialization call, conflict analysis is invoked much more frequently.
During testing, each newly encountered conflict is analyzed so that the corresponding
parameter relationships can be extracted and used in subsequent test generation. As a
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result, conflict analysis is invoked 20 times per API on average and consumes 55,210.29
tokens.

Initialization is performed once for each API and accounts for approximately 9% of
the total token cost. Test-input completion is invoked when the non-LLM generation
procedure cannot construct a complete executable input using the currently available
information. It is invoked 3.9 times per API on average and accounts for approximately
19% of the total token cost. These results show that the majority of token consumption
is associated with repeatedly analyzing conflicts encountered during testing.

Time-Cost Analysis Across Testing Stages. We divide the execution of
ShapeTester into initialization, combinatorial testing, and evolutionary testing.
Table 6 presents the average time cost and its proportion for each stage.

Table 6: Time costs of the testing stages in

ShapeTester.
Stage Time/API (s) Proportion
Initialization 276.58 5%
Combinatorial testing 5,560.38 93%
Evolutionary testing 131.04 2%
Total 5,968.00 100%

The combinatorial testing stage accounts for approximately 93% of the total time
cost of ShapeTester. Most parameter conflicts are encountered during this early
testing stage because combinations of shape-related parameters are systematically
explored for the first time. When a conflict is encountered, ShapeTester invokes the
LLM to analyze the failure information and extract the corresponding constraints.
These conflict-analysis calls are therefore concentrated in the combinatorial testing
stage.

LLM invocations dominate the time cost because the reasoning model generally
requires hundreds of seconds to complete an invocation, whereas the other operations
usually complete within a few seconds. Consequently, the repeated conflict-analysis
calls performed during combinatorial testing make this stage the primary source
of the overall time cost. After the identified constraints and valid test inputs have
been accumulated, the evolutionary testing stage can reuse this information and
requires substantially fewer additional LLM operations. It therefore accounts for only
approximately 2% of the total time cost.

Answer to RQ4. Among the evaluated LLM-based testing approaches,
ShapeTester has the lowest computational cost, requiring an average of 5,968.00 sec-
onds and 77,268.82 tokens per API. Its selective LLM invocation strategy reduces both
time and token costs because its main test inputs are constructed using combinato-
rial testing and evolutionary search. Within ShapeTester, conflict analysis accounts
for approximately 71% of the token cost, and the combinatorial testing stage accounts
for approximately 93% of the time cost because most conflicts and the corresponding
LLM analyses occur during this stage.
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5 Related Work

In this section, we review related work on DL library testing and shape-related bug
detection.

5.1 DL Library Testing

Extensive research has investigated the testing of DL libraries [2, 17, 4]. These studies
can be broadly divided into model-level and API-level approaches according to the
granularity of their test inputs.

Model-level testing. One major line of research exercises DL libraries by con-
structing or mutating complete DL models. CRADLE [17] directly reuses existing DL
models and detects implementation inconsistencies in Keras across different library
backends. Building on CRADLE, LEMON [2] and Muffin [18] apply model mutation
rules to generate more diverse DL models, thereby invoking a broader range of library
code and exposing potential library defects. COMET [19] further proposes three cover-
age criteria to guide model generation. DeepConstr [20] improves the completeness of
inferred constraints through complementary-set-guided refinement, while NeuRI [21]
collects valid and invalid API traces and applies inductive program synthesis to infer
constraints for constructing valid models. Generated models have also been used to
test DL compilers [22, 23]. These approaches exercise a broad range of library behav-
iors through complete model executions. In comparison, ShapeTester operates at the
individual-API level and focuses specifically on the shape-transformation semantics
implemented by DL framework APIs.

API-level testing. API-level approaches test one DL API at a time and therefore
provide finer-grained control over API arguments. Early studies mainly focused on
constructing executable APT calls. DocTer [4] extracts argument constraints from API
documentation and randomly generates both valid and invalid inputs based on the
extracted constraints. FreeFuzz [5] instruments library functions and mines input con-
straints from open-source code, including documentation examples, developer-written
unit tests, and real-world DL models; it then generates new inputs according to the
collected constraints. Acetest [24] analyzes input-validation code in the C/C++ imple-
mentation of each API to extract constraints and generate more valid test cases.
These approaches focus on deriving input constraints and constructing executable API
calls. ShapeTester shares the API-level testing granularity but further organizes its
search around shape-related parameters and their interactions, with the specific goal
of exercising shape-transformation behavior.

Subsequent studies developed specialized test-generation strategies and test oracles
for different classes of DL library defects. IvySyn [25] identifies memory-error-
triggering constraints in C/C++ kernels and constructs Python-level API inputs that
reproduce the corresponding vulnerabilities. Meta [26] defines 18 metamorphic rela-
tions for testing widely used DL operators. DeepREL [6] infers relational APIs from
APT signatures and documentation and detects inconsistencies by comparing differ-
ent but semantically related APIs. NablaFuzz [7] targets the automatic differentiation
(AD) components of DL libraries and performs differential testing across forward-
mode AD, reverse-mode AD, and numerical differentiation to expose inconsistencies
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in first- and higher-order gradient computations. These approaches develop special-
ized generation strategies or test oracles for memory safety, metamorphic properties,
relational API consistency, and gradient correctness. However, to the best of our
knowledge, ShapeTester is the first testing approach to use consistency between con-
crete output shapes obtained through dynamic execution and shapes obtained through
static or symbolic execution as a test oracle for detecting shape-related defects in DL
framework APIs. Its test generation is correspondingly organized around shape-related
parameters and output-shape exploration.

More recently, LLMs have been used in API-level and general-purpose software
testing to extract information from documentation and to generate or mutate test
inputs [27, 28]. Fuzz4All [29] uses LLMs as a general-purpose input generation and
mutation engine to produce diverse and realistic inputs, while FuzzGPT [30] guides
LLMs to synthesize unusual programs for effective fuzzing. TitanFuzz [8] uses a gen-
erative LLM to create seed programs and an infilling LLM to mutate them, with the
goal of increasing code coverage and API diversity. MirrorFuzz [9] collects historical
bug data, matches operationally or parametrically similar APIs, and prompts LLMs
to synthesize tests intended to reveal analogous defects in the API under test. Col-
lectively, existing DL testing approaches guide input generation using objectives such
as input diversity, code coverage, API exploration, relational consistency, gradient
discrepancies, or the reuse of historical bug patterns. ShapeTester uses the LLM in
a different role: it extracts shape-related parameter information to construct an ini-
tial search space. Subsequent test generation combines parameter-interaction coverage
and failure-derived constraints with an evolutionary search guided by the structural
diversity of observed output shapes. To aggregate pairwise shape similarities into a set-
level diversity measure, we instantiate the general similarity-based spectral framework
underlying the Vendi Score [15].

5.2 Shape-related Bug Detection

Previous empirical studies have identified shape errors as a major class of defects in DL
code for model construction and training [31, 32, 33]. Accordingly, several approaches
have been proposed to detect or repair shape errors in DL programs [34, 35, 36, 37].

Ariadne [34] applies the WALA static-analysis framework to machine-learning pro-
grams that use TensorFlow. Building on Ariadne, Pythia [36] models shape-related
library semantics and statically traces tensor shapes to identify violations and error-
prone patterns. ShapeTracer [37] traverses program paths, constructs an abstract
data-flow computation graph for each path, and invokes a constraint solver to solve
the shape constraints introduced by shape operators. PyTea [38] defines intermediate
representations for PyTorch programs, statically explores execution paths, and collects
the tensor-shape constraints required by each path’s operation sequence. Tensfa [35]
and Tensfa2 [39] use LSTM-based models to detect and repair shape bugs in DL
programs.

These approaches analyze tensor-shape propagation, constraints, or incompati-
bilities in DL programs. ShapeTester addresses a complementary problem at the
framework level: it tests the shape-transformation behavior implemented by individ-
ual DL APIs. It generates API inputs and compares concrete runtime shapes with
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statically or symbolically inferred shapes. Thus, existing program-level techniques
and ShapeTester focus on different fault locations—shape-related problems in client
programs and shape-calculation defects in framework APIs, respectively.

6 Threats to Validity

In this section, we discuss the potential threats to the validity of our study and the
measures we have taken to mitigate them.

Internal Validity. The primary threat to internal validity involves the potential
defects in the implementation of ShapeTester and the non-determinism inherent in
Large Language Models. To ensure the reliability of our tool, we performed extensive
unit testing and manual code reviews on the 2,500 lines of Python code, particularly
the core shape-calculation and symbolic inference logic. Furthermore, the identification
of SRPs relies on an LLM and may therefore be affected by the inherent randomness
of LLM outputs, potentially resulting in inaccurate classifications. To mitigate this
threat, we employed a temperature setting of 0 during API calls to maximize repro-
ducibility and manually inspected 10% of the identified SRPs. We found that every
SRP in the inspected sample was capable of affecting the output shape. This result
provides empirical evidence for the accuracy of SRP identification and increases our
confidence in the reliability of the extracted SRP spaces. Consistent with the evalu-
ation practice of prior LLM-based DL testing studies, which assess their approaches
under a fixed LLM configuration [8, 9], we instantiated all LLM-assisted components
of ShapeTester with a single model, DeepSeek-R1. Using a fixed model avoids intro-
ducing model changes as an additional experimental variable. Nevertheless, we did
not evaluate alternative LLMs, and different models may vary in their interpreta-
tion of API semantics and their ability to generate valid structured outputs. Another
threat concerns the run-to-run variability of the RQ2 comparison. We conducted one
complete run for each approach over the 20-API benchmark, with 100 executed test
inputs per API. Because the evaluated test-generation procedures contain stochas-
tic components, independent repetitions may produce different metric values. We did
not perform repeated trials or inferential statistical analysis; consequently, the current
evaluation does not quantify variation across runs. The resource budget used in RQ2
introduces another threat to internal validity. The comparison controls the number of
executed test inputs rather than the time cost: every approach executes 100 test inputs
for each API. This setting supports the comparison of test-generation results under
the same executed-input budget, but approaches with lower test-generation costs may
execute more tests under the same time budget. In particular, the efficiency results
in RQ4 show that the non-LLM approaches have substantially lower time costs than
the LLM-based approaches. The current evaluation reports total time cost but does
not measure time to first bug, valid tests per unit time, or bugs detected per hour.
Therefore, the reported effectiveness results do not establish the relative performance
of the evaluated approaches under an equal-time budget. Future work will comple-
ment the fixed-input evaluation with equal-time experiments and time-normalized
bug-detection metrics. Another internal threat concerns the hyperparameter settings
in the evolutionary stage, such as the mutation probability of 0.2. We fixed these

30



parameters throughout the evaluation and did not conduct a systematic sensitiv-
ity analysis. Consequently, the reported results do not establish robustness across
alternative hyperparameter settings.

External Validity. The main threat to external validity relates to the gener-
alizability of our findings across the vast ecosystem of Deep Learning frameworks
and APIs. Our benchmark balances TensorFlow and PyTorch APIs and includes
developer-confirmed bug-triggering APIs identified by ShapeTester. This construc-
tion may not fully reflect the distribution of shape-related defects across the complete
API populations of the two frameworks. To mitigate this concern, we comple-
mented the bug-triggering set with functionally related comparison APIs for which
ShapeTester initially detected no discrepancy; subsequent targeted manual testing
identified a ground-truth shape bug in each of these APIs. By covering bugs detected
by ShapeTester and bugs initially missed by ShapeTester but identified through man-
ual testing, the benchmark provides a broader basis for evaluating ShapeTester and
its components. For the comparison with existing approaches in RQ2, the bench-
mark is further restricted to the 20 APIs in the complete intersection of the four
baselines’ support sets. This construction ensures that all approaches are evaluated
on the same eligible API subjects, but the resulting comparison may not general-
ize to APIs that are unsupported by one or more baselines. Furthermore, while we
focused on the most recent stable versions of these frameworks, internal logic changes
in future updates could affect the performance of our differential oracle. Nevertheless,
the fundamental principle of comparing dynamic execution with symbolic inference is
algorithm-intrinsic and likely to remain applicable as frameworks evolve toward more
complex graph optimization strategies.

Applicability of the Oracle. The applicability of our cross-mode oracle depends
on the availability of both dynamic execution and a corresponding static, symbolic, or
compiled execution path for the tested API. We acknowledge that such support is not
always available or symmetric across APIs and framework versions. If an API exposes
only one of the required execution paths, ShapeTester cannot apply the cross-mode
comparison and therefore does not provide a fallback oracle for that API, because
observing a single execution path is insufficient to determine whether its output shape
is semantically correct. All APIs included in our evaluation support the required pair of
execution paths under the evaluated framework versions. Consequently, this limitation
does not affect the reported experimental results.

Construct Validity. Construct validity concerns the degree to which our evalua-
tion metrics, such as Von Neumann Entropy (VNE) and human verification, accurately
reflect the effectiveness of shape-error detection. Output-shape diversity is a proxy
for the range of shape-calculation behaviors exercised during testing. The adopted
similarity function captures differences in tensor rank, dimension order, and rela-
tive dimension profiles, but it does not encode the semantic role of each axis or the
complete input-to-output transformation. It is also invariant to proportional scaling
of all dimensions. We therefore interpret this metric as structural coverage of the
observed output-shape space rather than complete semantic coverage of API behav-
ior. To complement this structural metric, we also report the absolute number of
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unique, developer-confirmed bugs as a direct measure of utility. Additionally, the man-
ual verification of detected shape inconsistencies introduces the risk of human error
or subjectivity. We mitigate this threat through independent cross-checking and by
reporting developer confirmation status separately. Nevertheless, pending reports and
APIs whose intended shape semantics are not fully documented may remain subject
to interpretation.

7 Conclusion

This paper presents ShapeT'ester, a specialized testing framework designed to address
the critical yet often overlooked problem of shape errors in DL APIs. By shift-
ing the testing paradigm from generic code coverage to shape-diversity exploration,
ShapeTester overcomes the limitations of existing API-level fuzzers that rely primarily
on crash-based oracles. ShapeT'ester leverages a two-staged, constraint-aware strat-
egy to generate test inputs. The first stage ensures broad interaction coverage through
systematic SRP guided generation, while the second stage employs shape-diversity
guided evolutionary search to uncover corner cases in deep shape-transformation logic.
Furthermore, our differential shape oracle effectively identifies silent inconsistencies
by cross-validating tensor dimensions between dynamic and static execution modes.

Extensive evaluation on TensorFlow, PyTorch, and Keras demonstrates that
ShapeTester achieves higher observed bug detection and output-shape diversity val-
ues than the evaluated SOTA approaches. The successful discovery of 120 previously
unknown shape-related bugs, 95.8%(115/120) of which have been officially confirmed
or fixed, underscores the practical utility of our approach in enhancing the reliability of
industrial-grade DL frameworks. As DL systems continue to evolve with increasingly
complex APT architectures, the automated identification of geometric miscalculations
remains essential. Future work will extend the study to broader API populations,
framework versions, and additional DL frameworks, and develop complementary ora-
cles for APIs that do not expose comparable dynamic and static execution paths.
These extensions would help clarify and broaden the applicability of shape-aware API
testing.

8 Data Availability

Our replication package is publicly available at https://github.com/Shuo-Sun20/
ShapeTester.
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