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Abstract. Testing deep neural networks (DNNs) is challenging due to
the difficulty of formalizing functional requirements, limiting the appli-
cability of traditional requirements-based testing. We propose rbt4dnn,
a requirements-driven approach that leverages natural language speci-
fications and a glossary-defined semantic feature space to express pre-
conditions as logical combinations of semantic features. These precondi-
tions guide the selection of training data to fine-tune generative models
for producing targeted test inputs, enabling comparison between model
outputs and expected postconditions. rbt4dnn supports both fault de-
tection and requirement-guided exploration of model behavior. Our eval-
uation shows that generated tests are realistic, diverse, and aligned with
requirement preconditions, enabling effective validation and analysis of
model generalization.
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1 Introduction

As deep neural networks (DNNs) become increasingly integrated into software
systems, determining whether a trained model is fit for deployment remains a
critical challenge. The most common evaluation method is test accuracy, which
measures performance on a labeled test set [1]. While analogous to traditional
test oracles [2], this approach has significant limitations: it relies on input-specific
labels, fails to capture broader acceptable behaviors, and does not support tar-
geted testing of specific input conditions.

Requirements-based testing in traditional software addresses these issues by
defining functional requirements with preconditions and postconditions, enabling
systematic test generation and validation [3,4,5,6,7,8,9,10]. However, applying



such methods to learned components (LCs) is challenging due to the difficulty
of formalizing semantic features in high-dimensional input spaces. Despite prior
efforts [11,12,13,14,15,16], no broadly applicable approach exists.

We propose rbt4dnn, a requirements-based testing method that leverages
structured natural language (SNL) requirements expressed over semantic fea-
tures [17,4,5,18]. Preconditions are defined using glossary terms representing
domain-specific semantic features [19,20,21], and training data is automatically
labeled using techniques such as auto-labeling and scene understanding [22,23,24,25].

To generate test inputs satisfying requirement preconditions, rbt4dnn lever-
ages latent representations in modern generative models [26]. Instead of prompt-
ing alone, which produces unrealistic samples, we fine-tune models using low-
rank adaptation (LoRA) [27] on data matching the precondition. This enables
generation of realistic, diverse, and precondition-consistent inputs, improving
test validity and coverage [28,29,30,31].

rbt4dnn supports both fault detection and exploratory analysis of model
behavior, enabling developers to evaluate DNNs against requirement-defined ex-
pectations. By bridging the gap between informal natural language requirements
and executable test generation, it provides a practical and scalable pathway
for applying requirements-based testing to complex learned systems. Further-
more, by focusing testing on semantically meaningful input regions, rbt4dnn
facilitates deeper insights into model generalization, uncovers systematic fail-
ure modes, and supports more reliable deployment of DNN-based systems in
safety-critical and real-world applications.

2 Approach
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Fig. 1: The phases of rbt4dnn: (1) glossary term labeling (blue), (2) training a
requirements conditioned generative model (gray), (3) generating a precondition-
specific test suite (green), and (4) running tests to check the postcondition oracle
(red).

Figure 1 outlines rbt4dnn, which takes structured natural language (SNL)
requirements R for a learned component (LC) N : X → Y and generates test
inputs Tpi

satisfying requirement preconditions pi. These inputs are used to
evaluate postconditions ϕi

Y , where violations indicate faults.
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Requirements are represented as pairs (p, q), where both preconditions p and
postconditions q are logical combinations of glossary terms G, encoding semantic
features [21].

rbt4dnn operates in four phases:

1. Glossary Term Labeling: Annotate dataset Dx with semantic features
(glossary) to obtain Dg

x.
2. Precondition-Guided Training: Filter data using pi and fine-tune a gen-

erative model D(θ0).
3. Test Generation: Generate inputs via D(θ)(pi, z).
4. Oracle Checking: Evaluate ∀t ∈ Tpi : ϕ

i
Y(N(t)).

The goal is to generate inputs that are realistic, precondition-consistent, and
diverse.

2.1 Requirements

rbt4dnn supports SNL-based requirements expressed as logical combinations
of semantic features. Terms correspond to Boolean features (e.g., “has feath-
ers”), while continuous properties are discretized into Boolean ranges. Logical
expressions are formed using conjunction, disjunction, and negation, aligning
with requirements engineering practices [11,17,4,5,18].

Feature-based Robustness rbt4dnn supports semantic feature robustness,
extending beyond pixel-level perturbations [32,33,34]. It allows expressing ro-
bustness as invariance of model outputs under variations of semantic features,
either globally or under input constraints. In this work, we focus on conditional
robustness, where robustness is evaluated over specific subsets of inputs defined
by preconditions.

Semantic Feature Functional Requirements (SFFR) rbt4dnn also sup-
ports functional requirements that define acceptable input-output relations [11].
Preconditions describe semantic properties of inputs, while postconditions con-
strain outputs (e.g., class labels or control signals). This enables validation of
both correctness and expected behavior across domains.

2.2 Glossary Term Labeling and Annotation

Glossary term labeling maps inputs for a given glossary G to semantic features
as gt : X → 2E×2G , where E is the set of entities present in the input. rbt4dnn
is agnostic to labeling methods and supports multiple strategies:

– Analytic Methods: Use domain-specific feature extraction (e.g., morpho-
metric analysis [35], scene graphs [36]).

– VQA-based Labeling: Use prompts (e.g., “Does the object have g?”) and
compute:

gt(x) = {g ∈ G | vqa(prompt(g), x) = yes}
These approaches enable scalable annotation across diverse datasets.
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2.3 Training for rbt4dnn

Given the labeled dataset Dg
x, rbt4dnn constructs a precondition-specific train-

ing set:
Dpi

x = {(x, pi) | (x, gt(x)) ∈ Dg
x ∧ ϕi

X (gt(x))}
A text-conditional generative model is then fine-tuned using this filtered

dataset. To improve efficiency, rbt4dnn adopts low-rank adaptation (LoRA) [27],
which reduces training cost while maintaining generation quality.

This strategy enables learning from small, precondition-specific datasets,
aligns training with requirement semantics, and improves consistency of gener-
ated inputs. As a result, rbt4dnn produces realistic, diverse inputs that satisfy
requirement preconditions and support effective testing.

3 Evaluation

We evaluate rbt4dnn along two dimensions: (1) the quality of generated test in-
puts, and (2) their applicability for assessing model behavior and detecting faults.
The evaluation spans four datasets (MNIST [37], CelebA-HQ [38], SGSM [39],
and ImageNet [40]), multiple requirement types, and several learned components
(LCs) with strong baseline performance.

To assess quality, we examine three properties: consistency with requirement
preconditions, realism, and diversity. Results show that rbt4dnn consistently
generates inputs that satisfy preconditions at a high rate, outperforming baseline
test generation methods that do not target requirements. Realism is evaluated
using distribution-based metrics, demonstrating that fine-tuned models produce
more realistic samples compared to prompt-based generation, particularly for
domains not well represented in pre-trained models. Diversity is measured via
feature distributions, indicating that generated inputs closely match the diversity
of training data under the same preconditions.

To assess applicability, we evaluate the ability of generated tests to detect
faults and analyze model behavior. Results show that rbt4dnn effectively iden-
tifies requirement violations with low false positive rates and provides meaningful
insights into model decision behavior. Unlike existing approaches, it enables tar-
geted evaluation aligned with requirement semantics, improving the reliability
of testing outcomes.

Further details of the evaluation and results can be found in [41].

4 Conclusion

rbt4dnn introduces the first requirements-driven test generation approach for
neural networks, leveraging semantic feature-based preconditions and correspond-
ing postconditions for validation. Our evaluation shows that it generates realis-
tic, diverse, and precondition-consistent inputs that effectively reveal faults and
unexpected behaviors in learned components. This work establishes semantic
feature-based testing as a practical framework for validating learned systems
and enabling requirement-guided analysis of model behavior.
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