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Visual deep learning (VDL) systems power safety-critical applications like autonomous driving and demand comprehensive
testing, where generating diverse image mutations is crucial. Recently, multi-modal large language models (MLLMs) introduced
instruction-driven methods, offering a unified paradigm of creating diverse and complex image mutations by describing
them in text. Despite the promise, their mutation quality and applicability remain largely unexplored. We present the first
study assessing MLLM’s adequacy in VDL testing, focusing on the semantic validity of mutated images, their alignment
with text instructions (prompts), and the faithfulness in preserving unchanged semantics. Through large-scale human studies
and quantitative analysis, we identify MLLMs’ potential. Notably, while SoTA MLLMs (e.g., GPT-4V) struggle with editing
already-appeared semantics in images (e.g., rotating objects), they enable novel “semantic-replacement” mutations (e.g., “dress
a dog with clothes”) that were infeasible previously. These mutations bring new semantics, effectively triggering unique VDL
faults. Thus, MLLM-based mutations are a vital complement to traditional methods, not a replacement. Building on our
findings, we develop new testing metrics tailored to MLLM-enabled mutations and summarize lessons for employing and
designing MLLM mutation pipelines in different testing scenarios. Our evaluation framework and generated dataset form a
reusable benchmark for future research.
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1 Introduction

Visual deep learning (VDL) systems comprehend the semantics of image contents to enable a wide range of
real-world applications (e.g., autonomous driving, medical imaging diagnosis) that were previously human-reliant.
However, VDL systems can experience drastic failures in their outputs due to their obscure decision rules,
jeopardizing the reliability of VDL systems in safety-critical applications. Software testing has been very effective
in detecting VDL failures; it mutates input images and defines the accompanying testing oracle and numeric
validation metric. With the metric validating the applied mutation, a VDL failure can be detected as a violation of
the oracle. In recent years, our community has proposed a variety of mutation schemes for VDL testing under
different scenarios, such as image classification [77], object detection [72], image captioning [80], and autonomous
driving [57, 69, 86].

Inputs of VDL systems are images whose contents have rich semantics. Thus, to evaluate the reliability of VDL
systems via software testing, comprehensively covering different image semantics is demanding for the input
mutation. Nevertheless, mutating image semantics is fundamentally challenging because the relation between
pixel values and most image semantics is unclear and hard to formulate [28, 40, 47, 65, 83, 90]. Most existing
methods primarily mutate some pixel-level semantics such as brightness and contrast [57]. Some recent works
support mutating more complex semantics via representation learning techniques [65, 86;89], which however
require paired images containing the expected mutations and only apply to specific domains such as driving
scenes [86] or face photos [65].

The recent multi-modal large language models (MLLMs)!, e.g., GPT-4V [6], have liberated the freedom of
mutations for image semantics: users can freely describe the anticipated mutation in natural language and let
MLLMs generate the mutated images. This new instruction-driven mutation paradigm is shedding light on (1)
supporting different traditional mutations in a unified prompt-driven manner, and therefore, one may expect to
easily understand, maintain, extend, and disseminate various input mutation methods in natural language texts. (2)
Moreover, it also shows promising potential in offering a wide range of new mutations that are hardly achievable
by traditional methods, based on the high natural language comprehension ability of LLMs, and high image
synthesis capabilities of advanced vision backends (e.g., Diffusion model [31]). Thus, one may reasonably anticipate
that MLLMs can revolutionize VDL testing, in parallel to large language model (LLM)’s emerging adoption and
success in our community to boost traditional software testing [18, 68, 75], program repairing [22, 58, 76], and
program synthesis [7, 37, 74].

Nevertheless, unlike traditional methods that explicitly form the mutations (e.g., via mathematical formulas;
see Sec. 3.1), it is inherently challenging to interpret how MLLMs generate mutated outputs. Some recent reports
show that MLLMs can generate semantically invalid images [13, 20, 23], which makes the follow-up testing
meaningless, as those detected “failures” are induced by the VDL system’s incorrect usages, not its faults. Thus, it
is demanding to systematically evaluate MLLM’s capability in mutating images.

Following common practice in VDL testing [69, 77, 86], we first measure the quality of MLLM-generated test
inputs from: 1) the validity of the overall semantics in mutated images, 2) the alignment of mutated images with
text instructions, and 3) the faithfulness of how different mutations preserve semantics that should be unchanged.
This is achieved via a human evaluation comprising 2,300 annotated images and 13,800 assessment questions,
conducted by:20 recruited Ph.D. students experienced in VDL systems and software testing; we use Amazon
Mechanical Turk [4] as a restricted-access annotation interface (i.e., not crowdsourced). Based on the quality
assessment, we then study MLLM’s mutation capabilities by answering two research questions (RQs). RQ1: Can
MLLMs unify different traditional input mutations? RQ2: What benefits can MLLMs bring to input mutations
in VDL testing? Since input validation is crucial to VDL testing, we further study if existing validation metrics

ISince MLLMs are often jointly used with other large models such as Diffusion model [31], CLIP [59], DALLE [3], etc., to minimize confusion,
we use MLLMs as a general term for them. We use their own names when referring to their special usage.
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are still applicable to MLLM-based mutations (RQ3). Finally, we focus on the different pipelines of employing
MLLMs for image mutations and study their specialties and the performance of their ablations (RQ4).

We consider two recently proposed (the only two to our knowledge) pipelines of leveraging MLLMs for
image mutations; both of them implement optimizations for prompts and image generation modules to provide
out-of-the-box usages. Our evaluations incorporate four SOTA MLLMs (including GPT-4V) into these pipelines to
implement 24 mutations across 9 mutation types, and the evaluated datasets cover general image classification [17],
fine-grained dog breed identification [1], face recognition [39], and autonomous driving [16].

Our study reveals that MLLM-enabled mutations and traditional mutations are complementary in VDL testing:
MLLMs cannot unify traditional mutations (which primarily edit the status of semantics that already appear in
the seed images) and exhibit low faithfulness and alignment when implementing them, e.g., none.of our evaluated
SoTA MLLMs can achieve image rotation. However, MLLMs bring a new dimension to image mutation: they
perform impressively well on “semantic-replacement” mutations that replace semantics in the seed images (e.g.,
“change the background to a library”), which are uniquely enabled by MLLMs. Besides, our results show that the
two mutation pipelines of MLLMs may fit distinct scenarios, and call for careful calibrations when using them.
Moreover, we find that existing validation metrics are less applicable to the new MLLM-enabled mutations due to
the diversified mutants and finer-grained operations, and accordingly propose new metrics tailored to them. We
also summarize lessons for using and designing pipelines of MLLM-based mutations conditioned on different
testing scenarios and establish a benchmark for assessing future MLLM-based mutation using our evaluation
framework and the generated dataset. In sum, this paper makes the following key contributions:

« This paper conducts the first study on the quality of test inputs generated by MLLM for VDL testing, and
designs large-scale human and quantitative evaluations from the validity, alignment, and faithfulness
perspectives.

+ Our findings better position MLLMs and their enabled instruction-driven mutations in VDL testing. While
MLLMs cannot edit existing semantics in images well like traditional mutations, they enable replacing
semantics with new ones, being complementary to traditional mutations and expanding VDL testing’s
scope.

+ Our results reveal the limitations of existing validation metrics in handling MLLM-based mutations and

the distinct specialties of different optimization pipelines that employ MLLMs for implementing mutations.

We accordingly propose new metrics tailored to MLLM-based mutations and translate our observations

into actionable guidance for practitioners.

We establish a reusable benchmark that enables systematic comparison of mutation pipelines, validation

metrics, and testing strategies under a common setup. The benchmark includes our evaluation framework,

improved metrics, baselines, and generated datasets, facilitating future research on MLLM-based VDL

testing.

Paper Organization. Sec. 2 introduces background on VDL testing. Sec. 3 surveys existing mutation schemes
and MLLM mutation pipelines. Sec. 4 presents research motivations and questions. Sec. 5 and Sec. 6 detail the
experimental setup and human study protocol. Sec. 7 presents findings for all four RQs. Sec. 8 distills actionable
insights for practitioners. Sec. 9 reflects on lessons learned, discusses technical directions, and addresses threats
to validity. Sec. 10 concludes the paper.

Research Artifact. The code, data, mutation samples, and materials in our human study are provided at:
https://sites.google.com/view/llm-testing-benchmark [5].

ACM Trans. Softw. Eng. Methodol.
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2 Background: VDL Testing

In general, a visual deep learning (VDL) system typically consists of a visual understanding module and a decision
module. The visual understanding module takes an image as input and extracts features from its content. The
decision module yields outputs (according to the specific VDL application domain) based on the extracted features.
From this perspective, image classifiers, object detectors, image captioners, and auto-driving systems, etc., that
were widely tested in our community can all be counted as VDL systems [57, 69, 72, 77, 80].

The vanilla way of evaluating VDL systems is comparing their outputs with human annotations over a set of test
inputs (i.e., labeled images in standard test datasets). However, manually annotating test inputs is labor-intensive,
impeding automated and large-scale evaluations. Software testing has achieved remarkable success in evaluating
the reliability of VDL systems. It uses different input mutation schemes to generate diverse test inputs and forms
oracles to enable automatic “annotations” for the test inputs. For example, a slightly rescaled image (e.g., no less
than 50%, as determined by the validation metric) should have the same output as the original image when fed
into an object detector. This way, software testing can identify VDL faults as violations of testing oracles, where
human annotations are no longer required.

Test Input Generation and Validation. Since VDL processes the semantics of image contents, various mutations
and validation metrics have been proposed to generate legitimate test inputs (see details in Sec. 3). In short, the
mutations broadly modify different semantics to explore potential application scenarios of VDL systems. The
numeric validation metrics quantify the extents of achieved mutations and the validity of test inputs, in order to
control the mutation and ensure meaningful testing results. Note that different from adversarial perturbations?
that add invisible noise to images and study the “worst-case” attack-surfaces of VDL systems, mutations employed
in VDL testing holistically alter images to diversify image semantics, exploring different usage scenarios of VDL
systems.

Testing Oracle. Metamorphic testing (MT) stands out as one mainstream testing paradigm of VDL testing in
recent years [69, 72, 77, 80, 83, 84, 86]. MT checks whether a VDL system’s outputs are aligned with the relation
(e.g., an equality relation) defined in an MT testing oracle, when the VDL is processing an input and its mutated
version. Unalignment shows that one of the inputs is ill-processed and a VDL fault is triggered. Since testing
oracles are critical to detect VDL faults, input mutations themselves should properly preserve the oracles (e.g.,
within specific semantic ranges, as determined by the validation metric); see examples in Sec. 3.

3 Image Mutations and Validation

Image Decomposition: A Motivating Example. To understand VDL and the design of input mutations, we
first decompose the dog image in Fig: 1 into different semantics. Starting from a lower level, the image is a matrix
of pixels, and the magnitude of pixel values determines the brightness and contrast of the image. Besides, the
spatial arrangement of pixels reflects geometrical properties of the image, such as the scale and the rotation
angle. A reliable VDL system that recognizes dogs should be resilient to changes of these semantics. At a higher
level, the image contains a dog and the background grass; the dog itself has rich semantics such as the action
and the orientation. Similarly, the semantics in the background may vary with the working scenario of the VDL,
e.g., the grass may be replaced by snow in a winter scene. Overall, the dog-recognition VDL should focus on the
semantics of the dog and be invariant to irrelevant semantics in the background.

Based on the above semantic decomposition, the following image mutation schemes have been proposed.

3.1 Explicit & Mathematical Transformations

Pixel-level. Mutations belonging to this category can be formed as uniformly changing pixel values via x op
¢, where c is a scalar value and x is a matrix denoting the seed image. op decides the mutated semantics. For

2Such perturbations are leveraged by adversarial attacks to generate malicious inputs (i.e., adversarial examples) to fool a VDL system [26].

ACM Trans. Softw. Eng. Methodol.
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Fig. 1. Decomposition of image semantics and their corresponding mutation schemes.

example, op is the add operation if the mutation changes the image brightness, i.e., adding all pixel values in x
with a positive number c increases x’s brightness. Similarly, mutating image contrast can be formulated as x x
which enlarges the difference between pixel values in x. Representative examples are shown in Fig. 1.
Geometrical-level. As geometrical properties are determined by the spatial arrangement of pixels, existing
works implement these mutations using affine transformations, which essentially move pixels to new localizations
and preserve the image’s parallelism (i.e., two parallel lines remain parallel in the mutated image). Formally,
suppose pixels of the image x are in a rectangular coordinate and the centering pixel is the origin, the (i, j)-th
pixel’s localization in the mutated image can be calculated as [i’,j’] = A x [i, j] + b, where A and b characterize
the geometrical mutation. For example, (Ag, bg) and (A;by), w.r.t. rotation and translation mutations, are shown
in Eq. 1,

_ [cos 0, —sinf
@

— o _ _ |k
sinf, cosf br=0; AT_O’bT_[t] 1)

Y

where 0 specifies the rotating angle. t,, and t,, indicate the vertical and horizontal translation distances (see Fig. 1).
Validation and Application Scope. Validating the above mutations is straightforward: developers can directly
control the mutations via their parameters (e.g., ¢ in pixel-level mutations) and ensure generating valid test
inputs by setting reasonable parameter values. These mutations are mostly adopted in testing safety critical VDL
systemslike autonomous driving [57, 69] due to their neat and explicit formulations. In addition, given these
mutations’ applicability to almost all RGB images, they are widely used in testing more general VDL tasks like
image classification [77].

3.2 Implicit & Data Exploration

Recent works diversify the mutated semantics with data-driven mutations. These mutations implicitly explore
patterns in some images and then apply the patterns to mutate others.

Style-level & Application Scope. From a high level, each image can be decomposed as its style and content,
and VDL systems should primarily focus on the content rather than style. Thus, existing VDL testing works
propose style-level mutations, which generate images of distinct styles but presumably retain the content of the
seed image. The “style” has been studied from two aspects. First, the style can be viewed as describing how the

ACM Trans. Softw. Eng. Methodol.
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image is produced, e.g., the seed image in Fig. 1 is taken in reality and its style is “natural”. In that sense, the
style can be changed by generating an image’s artistic-stylized variants (e.g., an image having the same dog but
painted using a Van Gogh style, as in Fig. 1). These mutations over “artistic styles” have been shown effective in
flipping image classifier’s outputs in recent testing works [78, 83], and some works also employ them to reveal
VDL system’s bias to non-content semantics [25], showing their high value in VDL research.

Besides, some other works decompose the weather condition as the style and separate it from the main content.
The weather conditions are transferred between images to generate test inputs, as shown in Fig. 1. However, these
weather-targeted style-level mutations are specifically designed for testing VDL-based autonomous driving [86],
and show limited applications in other testing scenarios.

Perceptual-level & Application Scope. Recent VDL testing focuses on fine-grained semantics.of the objects in
images and implements perceptual-level mutations [21, 38, 83]. For instance, in Fig. 1, the dog’s eyes and mouth
can be mutated to evaluate whether the VDL accurately recognizes different dogs [21]. Similar techniques can
be applied to face photos for testing and improving finer-grained VDL tasks like face recognition [53, 70], face
aging [50, 54], crowd counting [49, 71], etc.

Validation. Both style-level and perceptual-level mutations are implemented based on generative models like
GANSs [39, 86, 92]. To control the mutations, existing works propose optimization-based solutions, e.g., the
cycle-consistency mechanism is formed during training in [86, 92] to better separate styles from images. However,
such constraints derived from optimizations lack explicit guarantee, e.g., the cycle-consistency can be violated
when transferring styles among images of dissimilar objects [83, 91]. Hence, existing testing works additionally
adopt numeric metrics, such as Inception Score (IS) [64], Frechet Inception Distance (FID) [30], to measure
the validity of generated test inputs. Since variations on fine-grained semantics in style- and perceptual-level
mutations can hardly be captured via pixel values, recent works propose to measure the extents of achieved
mutations via image embedding® [38, 55, 83] (e.g., obtaining style and content embeddings, or using embedding
models like CLIP [55, 59] to compare image semantics with text descriptions).

3.3 MLLM-Based Mutations

In line with past image mutations in VDL testing, we explain how MLLMs can boost the mutation schemes from
two aspects.

Unification & Generalization: Instruction-Driven. MLLMs have revolutionized image mutation by enabling
text-to-image translation. Userscan describe the desired mutation for a seed image using text instructions, and
MLLMs generate the mutated image accordingly. This instruction-driven paradigm is supposed to enable VDL
developers to uniformly implement previous mutations (Sec. 3.1 and Sec. 3.2) and apply domain-specific mutations
(Sec. 3.2) to more general scenarios, by designing the proper text instruction.

Expansion: Semantic-Replacement. The instruction-driven paradigm also largely expands the covered se-
mantics in image mutations. Unlike previous mutations that edit the status of semantics already presented in
the seed image, MLLMs bring new mutations that can replace image semantics with new ones; we refer to this
new category as semantic-replacement in the rest of this paper. For example, the dog image’s main body can be
replaced with clothes (see Fig. 1) to further challenge the VDL system’s recognition.

Comparison with Object Insertion. Knowledgeable readers may wonder about the differences between
semantic-replacement mutations and the object insertion adopted in testing object-based VDL systems [72, 80, 84].
We clarify that semantic-replacement mutations operate at the semantic level and are finer-grained, which often
require reasoning about the relation and hierarchy between semantics (either intra- or inter-object). For example,
the “dressing with clothes” mutation in Fig. 1 needs to understand and identify the dog’s body and replace it with
appropriate clothes. Object insertion, in contrast, does not perceive image semantics and only relies on object

3A representation of the image that captures its semantics. The term embedding may be alternatively dubbed as “feature” in some works.
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locations in the image, so that the inserted object will not overlap with existing ones. Moreover, prior object
insertion mutation is not end-to-end, as they rely on object localization results from object detectors; we thus

omit it in this study.

3.4 Pipelines for Implementing Mutations with MLLMs

Instruction:
’ “Put a nighty sky
: on this image.”’
i &)

All semantics are changed!

Case 1: “Here
is the output”

Edited image captions:

“A girl riding a dragon”

Free-form instruction:
“Let her ride a dragon”

Free-form instruction:
“What ... if it were

snowing ..."

Textual description:
“The street would be
covered in snow...”

Failed %

@

Case 2: “I'm sorry, [ can't
assist with the request”

S

o : Fine-tuned [ . W,
" Stable Diffusion ~ |

Stable
Diffusion ~

Free-form instruction:
“... glasses for the dog”

(a) Dialog-based (b) Unidirectional (c) Bidirectional

Fig. 2. Pipelines of MLLM-based mutations. Fig. 2(a) shows the most straightforward dialog-based pipeline. Fig. 2(b)-(c)
illustrates two pipelines specifically optimized for image mutations. The unidirectional pipeline shown in Fig. 2(b) requires
fine-tuning a MLLM and should be used along with this tailored MLLM. The bidirectional pipeline presented in Fig. 2(c) is
post-hoc and supports incorporating different MLLMs.

Dialog-Based. The most straightforward way to mutate images is building a dialog with the MLLM, as shown in
Fig. 2(a). For example, the users first provide the seed image and a prompt of the mutation instruction to GPT-4V
and let GPT-4V return the mutated image. However, our preliminary explorations show that this dialog-based
pipeline fails to generate test inputs in all cases we try: GPT-4V either generates an entirely new image (nearly all
semantics are changed) orresponds that it cannot generate the image. Similar issues are also noted in [24, 35, 36],

To alleviate this issue, one may expect to use prompt engineering to better guide the MLLM. Nevertheless, our
preliminary study shows that it is hard to automatically tune MLLM prompts and achieve improved performance
constantly on different images. Moreover, we argue that “tuning prompts” is less practical in our context, as VDL
developers (main users of VDL testing tools) are often not experts in prompt engineering; MLLM should provide
out-of-the-box support for implementing mutations. In this regard, recent works propose to equip MLLMs with
Diffusion model [61], a more sophisticated image generation model, and design two representative optimization
pipelines to orchestrate their specialties in cross-modal translation and image generation [12, 14, 24, 35, 36].
Unidirectional & Fine-tuning-based. As shown in the bottom of Fig. 2(b), InstP2P designs an unidirectional
pipeline which directly uses a free-form text instruction and the seed image to generate the mutated image. In
general, since the text instruction primarily describes the mutation and does not include details in the images,
InstP2P requires fine-tuning a Diffusion model to support diverse mutations.

Specifically, as illustrated in the top and middle of Fig. 2(b), a GPT model is first employed to edit a given textual
caption to obtain a new caption. Then, the two captions are fed into a pretrained Stable Diffusion model [61] to
generate two images, i; and i;, respectively. Finally, a free-form textual instruction is generated using GPT to

ACM Trans. Softw. Eng. Methodol.
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briefly summarize the changes between the two captions; this textual instruction, together with the source image
i and target image i;, forms a data point for fine-tuning the Diffusion model. The model is subsequently tuned to
generate the target image i; when conditioned on the source image i, and the textual instruction. After fine-tuning,
the Diffusion model is able to generate a mutated image for any unseen images and textual instructions. We refer
interested readers to [11] for the fine-tuning details.

Instruction Seed image | Textual description generated by MLLMs

“The lizard would be surrounded by a snowy environment, which would create a contrasting
and unusual scene. The lizard ‘s vibrant colors, such as the yellow and orange, would stand
out against the white snow, making it visually striking. The snow would also cover the tree
branch and the surrounding area, creating a wintry atmosphere. The lizard’s behavior might
change as it tries to adapt to the cold and snowy conditions, possibly seeking shelter or
finding a way to stay warm.”

“What would it
look like if it
were snowing?”

“It would likely appear more adorable and endearing. The glasses would add a touch of
humor and personality to the dog, making it appear more human-like: The image would likely
evoke a sense of amusement and warmth, as the dog's facial expression and body language
would be enhanced by the glasses, creating a more engaging and entertaining visual
experience for the viewer.”

“Put on a pair
of glasses for
the dog.”

“The scene would likely be more whimsical-and amusing. The dogs, which are currently
sitting on a wooden bridge or boardwalk, would appear more human-like with clothing. The
clothes could be in various styles, such as coats, hats, or even costumes, depending on the
occasion or the owner's preferences. The image would likely evoke a sense of humor and
delight, as it is not common to'see dogs dressed in clothing.”

“Dress the dog
with clothes.”

Fig. 3. Textual descriptions generated in the bidirectional & post-hoc pipeline of MLLM-based mutations.

Bidirectional & Post-hoc. Another pipeline, as designed in [12, 14, 24, 35, 36], leverages MLLMs to transform
the mutation instruction based on the seed image, such that details in the seed image can be included in the
transformed instruction. As shown in Fig. 2(c), this pipeline is categorized as bidirectional, since it implements the
workflow of image — text — image. Specifically, due to MLLM’s promising capability of understanding images,
users first feed the seed image to the MLLM and let the MLLM describe what the image would look like after
applying a mutation. Here, the MLLM’s output is a textual description of semantic-level details in the mutated
image. This finer-grained text description, together with the seed image, is then fed to the Diffusion model to
generate the mutated image. The superiority of this pipeline (compared with the dialog-based one) has been
empirically justified in [14; 24, 35, 36].

Fig. 3 shows examples of textual descriptions in the bidirectional pipeline (more examples are provided in
the artifact [5]). The text can precisely describe the mutation expected by the instruction. For instance, in the
first case shown in Fig. 3, the description “The lizard would be surrounded by a snowy environment...” precisely
captures the semantic transformation specified by the mutation instruction “What would it look like if it were
snowing”, facilitating accurate execution of the intended mutation. In addition, the text includes many detailed
and informative descriptions, e.g., “The snow would also cover the tree branch and the surrounding area...” in the
first case, which gives more information of the mutated image to ease the mutant generation.

Overall, the bidirectional pipeline, to some extent, achieves automated prompt engineering by enriching the
mutation instruction with the seed image’s details. The unidirectional pipeline, on the other hand, fine-tunes the
Diffusion model to strengthen its capability in achieving image mutations.

ACM Trans. Softw. Eng. Methodol.
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4 Research Motivations

Limitations of Past Methods. Although the fast development of input mutations shows promising results in
VDL testing, maintaining and developing them often requires expertise in different domains. Moreover, the more
advanced style- and perceptual-level mutations show limited application scopes. For instance, weather-targeted
mutations may perform worse in non-driving-scene images, and the face-related perceptual-level mutations
only apply to highly aligned face photos (as they rely on a unified mask to pinpoint eyes, mouth, etc.). Some
perceptual-level mutations may require manually annotating the to-be-mutated semantics [65, 89].

From these perspectives, we envision that MLLMs can offer an instruction-driven mutation paradigm, which is

more general, automated, and highly flexible for VDL testing. MLLMs have shown high capabilities in natural
language understanding and image synthesis, and therefore, various kinds of mutations that were hardly or te-
diously achieved by traditional methods may be easily implemented via MLLMs by directly providing instructions.
Moreover, since various (subtle or complex) mutations are unifiedly described in natural language (as shown in
Fig. 1), the mutations can be easily understood, maintained, calibrated, and extended by VDL developers and the
community.*
Unclear MLLM Internals. Despite the optimism, MLLM’s image generation is hard to interpret due to the
unclear internals. Per recent reports, MLLMs often fail to mutate images according to the given instructions [45],
and may generate broken and ill-formed images from time to time [13, 20, 23]. Hence, we believe our community
still lacks understanding of how exactly MLLMs can boost VDL testing, and a comprehensive study is urgent
for VDL developers to understand MLLM’s (in-)capability of mutating images. In addition, considering that
input validation is crucial to ensure meaningful testing results, it is also demanding to evaluate whether existing
validation metrics can still be applied to MLLM-based mutations.

5 Research Study Setup
Our study answers the following research questions (RQs).

» RQ1: Can MLLMSs unify different traditional input mutations? We answer this RQ by assessing the quality
of 1) how MLLMs re-implement traditional mutations and 2) how MLLMs extend prior domain-specific
mutations to general scenarios.

« RQ2: What benefits can different MLLMs bring to input mutations in VDL testing? We answer this RQ by 1)
assessing the quality of test inputs generated by the semantic-replacement mutations enabled by MLLMs,
2) evaluating their effectiveness in identifying VDL faults, and 3) analyzing the specialties of different
MLLMs and their mutation pipelines.

» RQ3: Are existing input validation metrics reliable when facing MLLM-based mutations, and can we develop
more effective automated metrics? We answer this RQ by evaluating whether existing validation metrics
can reflect 1) the quality of test inputs generated by MLLMs, 2) the varied capabilities of different MLLMs,
and 3) whether we can develop more effective automated metrics.

» RQ4: What roles do different components play in different MLLM pipelines? We answer this RQ by conducting
an ablation study to disentangle the individual impacts of different components, such as the enriched
prompts and the fine-tuned image generator, and analyze in depth what contributes to the distinct
specialties of different MLLM pipelines.

Our RQs are based on the quality assessment of test inputs generated via different mutations, which requires
perceiving and understanding image semantics. We therefore conduct a large-scale human study to evaluate
image quality. Below, we introduce our evaluated aspects for the quality assessment.

“In some sense, this new instruction-driven mutation paradigm is comparable to how query-based software security testing tools, e.g.,
CodeQL [2], maintain varying types of vulnerabilities in a unified query language.
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5.1 Evaluated Aspects

Following design principles in existing input mutations and validation metrics, we consider the following three
aspects: alignment, faithfulness, and validity. These three aspects represent the essential properties of a successful
mutation for VDL testing: a mutation must (1) perform the intended transformation (alignment), (2) avoid
unintended side effects (faithfulness), and (3) ensure the resulting test case is plausible and realistic (validity).
Alignment. The achieved mutation must align with the user’s instruction or expectation. This is critical for
diagnosis; users must know which specific semantic change triggered a VDL fault. For example, if a “rotate 180
degrees” mutation fails to rotate the image, a passing test provides a false sense of security (a false negative)
regarding the model’s rotational invariance.

Faithfulness. A mutation must faithfully preserve all semantics that are intended to be unchanged. For example,
when applying a “close the eyes” mutation to a face, the background, hair, and other facial features should remain
identical. A lack of faithfulness (e.g., also changing the background) can break the testing oracle or introduce
confounding variables, leading to spurious failures (false positives) and misleading diagnoses.

Validity. Finally, we holistically consider the perceptual validity of the entire mutated image. This is crucial
because a mutation can be perfectly aligned and faithful, yet still produce an unrealistic image. For example,
as will be shown in Fig. 4, GPT-4V replaces a portrait’s eyes with closed ones (potentially from other portraits
in its “database”) when asked to close the eyes. Although the mutation aligns with the requirement and other
semantics are untouched, the sharp transition around eyes makes the mutated image unrealistic, which rarely
appears in real-world scenarios.

5.2 MLLMs and Their Pipelines

As mentioned in Sec. 3.4, two pipelines have been proposed by existing work to employ MLLMs for image
mutations. They are optimized from different angles to avoid issues in prompt engineering or image generation
modules, providing out-of-the-box usages for non-experts in MLLMs. In particular, the unidirectional pipeline
relies on a specifically fine-tuned MLLM, we therefore use the MLLM provided by the authors [11], along with this
pipeline, as a whole for evaluations and refer to it as InstP2P. The bidirectional pipeline is post-hoc and supports
incorporating different MLLMs; thus, we use three SOTA and representative MLLMs, including LLaVA [438],
CogVLM [73], and GPT-4V [6] into this pipeline during evaluations; the three resulting mutation methods are
denoted as LLaVA, CogVLM, and GPT-4V, respectively. It’s worth noting all four methods, CogVLM, LLaVA,
GPT-4V, and InstP2P (before fine-tuning), use the same Stable Diffusion model [61] as the image generation
module, ensuring a fair comparison for the capabilities of different MLLMs.

5.3 Datasets and-Mutations

This section describes the datasets and mutations used in our evaluation. We first introduce the four datasets
that cover diverse testing scenarios, and then present the mutations we consider, which are from all categories
introduced in Sec. 3 and include both traditional and MLLM-enabled ones. Finally, we explain how we form two
mutation sets to balance the depth and scale of our evaluation.

Datasets. Table 1 lists the evaluated datasets. They are large-scale and representative to cover different application
scenarios. ImageNet consists of 1,000 classes of real-life images, and is widely used for general image classification
tasks. Dog-Breed dataset contains dog images with 120 different breeds and is a subset of ImageNet. It is
constructed to improve the VDL model’s accuracy in domain-specific applications. FFHQ includes human face
photos; it is widely used for face recognition and annotation tasks. CityScape is composed of urban street scene
images, which are popular in autonomous driving, object detection, and instance segmentation, etc.
Traditional Mutations. Mutations (1)<1¢) in Table 2 are traditional mutations considered by us; they cover
all categories introduced in Sec. 3, including pixel-level, geometric, style, and perceptual, and each category
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Table 1. Evaluated datasets and their corresponding mutations.

Dataset #Classes Description VDL Tasks Mutations
ImageNet [17] 1,000 Real-life images Image Classification @), (®), 10, @2, 13, 19, 20), @2, 29
Dog-Breed [1] 120 Dog images Image Classification , 19, @D, @)
FFHQ [39] N/A Face photos Face recognition, annotation, etc. , @,
. . Autonomous driving, object detection,
CityScape [16] N/A Urban street scene images instance segmentation, etc. (OAD)

Table 2. Mutations, data sources, evaluation contexts, and text instructions.

Mutation ‘ Type ‘ Data ‘ Eval ‘ Instruction

(D Contrast H+A | “Increase the contrast of the image.”

(@Brightness Pixel IN A | “Increase the brightness of the image.”

(3 Noise ixe A | “Add random Gaussian noise to the image.”

(@)Blurring A | “Apply blur to the image.”

(5)Rotation H+A | “Rotate the image 180 degrees.”

(o) Scaling Geometric | IN A | “Scale the image to 50% of its original size.”

(@ Translation A | “Translate the image by 10 pixels.”

Snowg IN | H+A | “What would it look like if it were snowing?” (general)

(® Snowp Style CS | H+A | “What would it look like if it were snowing?” (driving)

Raing (Weather) | IN A | “What would it look like if it were raining?” (general)

@Rainp CS A | “What would it look like if it were raining?” (driving)

(2 Monet Style IN A | “Change the style of this image to Monet style.”

@3 VanGogh (Artistic) H+A | “Change the style of this image to Van Gogh style.”

Eyes H+A | “Make the eyes of the person close.”

(19 Nose Perceptual | FF A | “Make the nose of the person short.”

Mouth A | “Make the mouth of the person close.”

@) Library Back d DB | H+A | For dog images: “Change the background to a library.”

Backgroundgs ackgroun IN A | LLM generates background mutation instructions conditioned on class label.

@9 Clothes Subject DB | H+A | For dog images: “Dress the dog with clothes.”

@0 Sub jec’cgaJ (Major) IN A | LLM generates major semantics mutation instructions conditioned on class label.
@) Legs Subject DB | H+A | For dog images: “Change the dog’s legs to be bionic.”

@2 Sub jectghJCl (Moderate) | py A | LLM generates moderate semantics mutation instructions conditioned on class label.
@3 Glasses Subject DB | H+A | For dog images: “Put on a pair of glasses for the dog.”

Sub jectl\GAm (Minor) IN A | LLM generates minor semantics mutation instructions conditioned on class label.

- Data: IN = ImageNet, DB = Dog-Breed, FF = FFHQ, CS = CityScape.

- Eval: H = human study, A = automated evaluation. “H+A” marks the foundational set (10 mutations: one per type,
except Style (Weather) with two), used in both the human study (50 seeds/mutation) and automated evaluation (250
seeds/mutation). “A”-only mutations appear solely in automated evaluation.

contains multiple mutation instances for comprehensiveness. In particular, some mutations deserve special
attention. First, weather transfer mutations (Raing, Rainp, Snowg, Snowp) are context-dependent: we apply them
to both generalimages from ImageNet and driving scenes from CityScape to capture their varying effects. Second,
perceptual mutations (Eyes, Nose, Mouth) are currently limited to face images since they have rich fine-grained
facial features; thus, these mutations can only be applied to aligned face photos from the FFHQ dataset.

MLLM-Enabled Mutations. Beyond traditional mutations, we design semantic-replacement mutations that
leverage MLLMs’ understanding of image content (17-24) in Table 2). These mutations operate at different semantic
granularities: one targets background, while three others focus on progressively finer-grained aspects of the main
subject (major, moderate, and minor features). This design enables us to assess how VDL models handle semantic
changes at multiple levels. Specifically, we operationalize these three granularities as follows: a Major mutation
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alters the subject’s overall appearance (e.g., Clothes: dressing a dog’s entire body); a Moderate mutation modifies
a single localized body part (e.g., Legs: replacing legs with bionic ones); a Minor mutation adds a small accessory
(e.g., Glasses: putting on glasses). We instantiate these mutations on two datasets. On Dog-Breed, we manually
craft four mutation instructions (Library, Clothes, Legs, Glasses) at different scales to enable in-depth quality

analysis with human verification. On ImageNet, we consider all classes and use an LLM to automatically generate

Mod Min

class-specific instructions for four mutations (Backgroundg, Subjectgaj, Subjects ", Subject ) following

the four granularities, which enables automated evaluation across diverse object categories to extend the analysis
breadth.

Seed Image Sampling. For each mutation type shown in Table 2, we sample seed images exclusively from one
dataset that is most appropriate. Once sampled, the same seed images are consistently used across all mutations
within that type, mitigating potential inconsistencies arising from seed variations. This strategy also ensures that
all mutations are applied in a meaningful manner and all seed images have a fair chance to be mutated. Table 1
shows the mappings between datasets and mutations. Specifically, we use CityScape for driving scene mutations
((9), @), FFHQ for face-related mutations (14), 15, (16), and Dog-Breed for dog-specific mutations (17, 19, 1), 3).
All other mutations (which are for general images) are applied on ImageNet given its diverse object categories.
Prompt. To implement a mutation (either traditional or MLLM-enabled) using MLLMs, a text instruction (i.e.,
prompt) is required. We list the text instruction of each mutation in Table 2. Recall as mentioned in Sec. 3.4, the
two optimized MLLM pipelines are specifically designed for implementing image mutations, so that a mutation’s
prompt can be a single-sentence instruction, enabling an out-of-the-box usage. Due to such a simple form, we find
that the MLLM is mostly robust to changes over those instructions, and we observe that, the instruction’s wording,
grammatical structure, etc., does not notably impact the achieved mutation. Note that for Dog-Breed mutations,
we manually craft instructions like “Dress the dog with clothes.” For ImageNet mutations, manual crafting becomes
impractical due to the large number of classes (i.e., 1000). We instead use an LLM to automatically generate
class-specific instructions. We constrain the LLM to follow our hand-crafted style: concise, single-sentence
prompts semantically appropriate for each class. This ensures both scalability and consistency.

Two Evaluation Sets. We organize the 24 mutations into two complementary sets to balance evaluation depth and
breadth. Our 24 mutations comprise 16 traditional ((1)-(16)) and 8 MLLM-enabled (17)-24), grouped into 9 mutation
types (Table 2). The first one is the foundational set that includes 10 representative mutations (as noted in Table 2),
selecting one mutation per type except for Style (Weather), which includes two representatives (Snowg and
Snowp) to cover both general-image and driving-scene contexts. Because human evaluation is resource-intensive,
the foundational set keeps the study at a manageable scale while preserving complete type coverage. Within
each type, we select the:mutation with the most concrete instruction and the dataset best suited for human
verification (6 traditional, 4 MLLM-enabled; marked “H+A” in Table 2). The second one is the full set, which
includes all 24 mutations. The foundational set enables in-depth human assessment, while the full set supports
large-scale automated evaluation. Automated metrics incur no per-sample human cost, so the full set scales to
all mutations for broader quantitative coverage. Specifically, the human study evaluates the foundational set,
whereas the automated evaluation covers the full set, which subsumes the foundational set. For the foundational
set, we sample 50 seed images per mutation, yielding 2,300 mutated images (6 x 50 x 5 4+ 4 x 50 x 4 = 2,300) and
13,800 questions (see Sec. 6 for details). For the full set, we scale up to 250 seed images per mutation, producing
28,000 mutated images (16 x 250 x 5 + 8 x 250 x 4 = 28, 000); this larger corpus enables comprehensive evaluation
across diverse mutations and image categories.

6 Human Studies Setup
We form a group of 20 participants to evaluate on the foundational set of 10 mutations listed in Table 2. The

evaluation considers the alignment, faithfulness, and validity requirements discussed in Sec. 5.1. Since evaluating
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whether a mutation fulfills these requirements needs inspecting how the changed semantics (both anticipated and
unanticipated) may affect the downstream VDL testing and analysis, we recruit 20 Ph.D. students experienced in
software testing and VDL systems as annotators.
Question Design. The common practice, as in most existing MLLM works [66, 87], is letting humans rank
different mutated images. However, we observed that MLLMs can fail in implementing a mutation or generating
valid images, which cannot be reflected in the ranking results. To address this, we design the questions as follows.
Each question in our human study is formed by a seed image and one of its mutated variants (using different
mutations), and a participant is asked to give a score (0 to 5) for the alignment, faithfulness, and validity of a
mutated image. A zero score indicates that the mutated image fails to satisfy one requirement. For example, if the
rotation mutation implemented using a MLLM does not rotate an image, the alignment score should be zero. We
use scores 1-5 to assess each requirement because one mutation has a maximum of five different implementations
(i.e., one traditional method + four MLLMs); the five different choices should be distinguishable for different
implementations.
Question Assignment. We let each participant evaluate one of the ten mutations, as interchangeably evaluating
different mutations may confuse the participants, especially for subtle mutations that require careful comparison.
Thus, each participant evaluates 200 (for MLLM-enabled mutations) or 250 (for traditional mutations) mutated
images. The orders of the questions are shuffled to avoid potential bias due to question orders. To reduce personal
preferences, each mutation is assigned to two different participants and their results are averaged to obtain the
final score for each mutated image. We also adopt Kappa statistics to measure the inter-annotator agreement.
It’s worth mentioning that the entire evaluation is conducted in a blind manner: for every mutated image,
participants are not informed which mutation implementation (traditional method or one of the four MLLMs) is
used to generate it. This design prevents confirmation bias and ensures that ratings reflect the intrinsic quality of
mutated images rather than preconceptions about specific generation methods.
Training Session. Before starting the human study, we prepare a 30-minute teaching session for each participant.
This session detailed our evaluation criteria (i.e., alignment, faithfulness, and validity) using concrete definitions,
illustrative examples, and a practice round. For full transparency, the complete training protocol is included
in our public research artifact [5]. Our human study uses Amazon Mechanical Turk [4] as a restricted-access
annotation interface for our recruited participants (i:e., not crowdsourced). We do not set a time limit for each
question because we expect participants to carefully assess the mutated images. The participant can pause and
resume the evaluation at any time to avoid fatigue. The average time to finish all evaluation questions (i.e., 200 or
250) is around two hours as reported by participants.
Sanity Check. To rule out invalid evaluations (e.g., a participant misunderstands the requirement), following
previous work [81], we insert sanity-check questions into each evaluation without notifying the participants.
Specifically, we insert 10 questions (in a blind manner) where the “mutated” image is identical to the seed image,
and the participant is expected to assign 0, 5, 5 scores for the alignment, faithfulness, and validity requirements,
respectively. If a participant fails to pass 80% of the sanity-check questions, we will discard all his/her answered
questions.

7 Results and Findings

This section presents the results of our human study and answers the four RQs mentioned in Sec. 5. Each
subsection addresses one RQ independently and concludes with a summary box: Sec. 7.1 (RQ1: unifying traditional
mutations), Sec. 7.2 (RQ2: new MLLM-enabled mutations and their testing effectiveness), Sec. 7.3 (RQ3: reliability
and improvement of validation metrics), and Sec. 7.4 (RQ4: ablation study of pipeline components).
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Table 3. Results of human evaluations. We mark results within [0, 1), (2,4],and (4,5] in red , blue ,and green , respectively.
Scores between 1 and 2 represent poor but not entirely failed alignment, and are left unmarked.

Metric | [ Contrast [ Rotation | VanGogh [ Snowg | Snowp, | Eyes [ Library [ Clothes [ Legs | Glasses
LLaVA 0.8 0.0 3.2 23 43 1.3 13 1.9 1.8 38
CogVLM 0.6 0.1 3.1 2.0 3.3 0.7 1.1 14 13 2.4
Alignment | GPT-4V 0.7 0.1 3.1 2.1 3.8 1.8 13 2.3 2.1 3.2
InstP2P 1.2 0.0 2.5 0.6 0.1 0.1 2.6 0.7 1.1 4.2
Traditional 4.9 4.9 1.7 01 | 42 | 41 N/A N/A | NA| NA
LLaVA 3.0 3.6 33 2.5 2.0 33 2.9 30 |30 | 35
CogVLM 2.7 35 3.0 23 2.0 3.0 2.8 2.5 31 33
Faithfulness | GPT-4v 3.0 3.7 33 2.7 21 | 30 3.0 2.8 31 35
InstP2P 4.9 1.0 4.2 4.6 5.0 33 3.0 4.2 45 43
Traditional 5.0 4.9 4.6 45 | 02 | 44 N/A N/A | NA| NA
LLaVA 4.0 45 4.1 4.0 28 |31 3.1 330 [ 36 [ 44
CogVLM 3.6 43 3.7 3.8 27 | |25 2.9 32|36 | (40
Validity GPT-4V 4.0 4.2 3.9 3.8 29 |25 3.1 38 | s 45
InstP2P 4.9 0.9 4.1 438 4.9 3.6 26 4.2 45 4.2
Traditional 5.0 4.9 44 5 | 25 | 4 N/A

Contrast Rotation Artifying Weather; Weather, Eyes

Fig. 4. Mutation examples achieved via traditional method and different MLLMs.
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7.1 RQ1: Capabilities in Unifying Traditional Mutations

Table 3 reports the average score over all 200 x 2 or 250 x 2 samples for each mutation. Since a zero score indicates
that a mutated image fails to satisfy one requirement, we view scores within [0, 1) as failing and mark them in
red. We treat scores larger than two as satisfying the requirement. Specifically, scores within (2, 4] are marked in
blue, whereas scores within (4, 5] are marked in green to highlight the best method for one mutation.
Result Validation. As mentioned in Sec. 6, we implement a sanity check to rule out answers from participants
who likely misunderstood the questions. We report that all participants in our evaluation pass the sanity check.
Further, since our final scores are averaged over two participants per mutation, to check whether participants
reached consensus, we also measure the inter-annotator agreement using Kappa statistics. We employ the
Quadratic Weighted Cohen’s Kappa [9] given that in our evaluation, participants’ choices ‘are ordinal (i.e.,
the scores are from 0 to 5, with meaningful distances and orders). The Kappa score ranges from -1 (complete
disagreement) to 1 (perfect agreement), and our resulting score is 0.73, indicating a substantial level of agreement
between annotators.

Fig. 4 shows examples of different mutations implemented using different methods (more examples are provided
in the artifact [5]). Below, we interpret our human study results with these examples.

Contrast and Rotation. Our results show that MLLMs are unable to implement pixel- and geometrical-level
mutations, as indicated by the red scores under the alignment evaluation. Note that pixel- and geometrical-level
mutations directly operate on image pixels, whereas the remaining mutations focus on image features (i.e.,
image representations obtained using neural networks). MLLMs also primarily accept image features, leaving
lower-level image semantics untouched. This explains why MLLMs fail in implementing pixel- and geometrical-
level mutations, as images before and after these mutations often do not lead to notable changes in image
features. Recent MLLM papers have similar observations: MLLMs perform worse in the spatial reasoning of
image contents [8, 15, 60].

Different from others, InstP2P fails in the validity evaluation of Rotation and the faithfulness evaluation also
has an average score of one. As shown in Fig. 4, InstP2P generates a meaningless image when implementing
Rotation, and we find that similar failures occur in all evaluated samples. Recall as noted in Sec. 3.4, InstP2P differs
from other MLLMs by its unidirectional pipeline: to complement the missing details in the text instruction, InstP2P
fine-tunes the image generator (i.e., the Diffusion model) with mutation samples. We therefore suspect that the
fine-tuning harms the generative capability of the Diffusion model. Hence, when implementing geometrical-level
mutations that require spatial reasoning, InstP2P fails to generate valid images. In contrast, as other MLLMs do
not modify the image generator, they mostly “transmit” the seed images if they cannot implement a mutation.

VanGogh. MLLMs outperform traditional methods in transferring the artistic style of images. Past methods often
extract the artistic style from one or a few target images, whose understanding of the target style may be limited.
Moreover, traditional style transfer may fail if contents in the seed image and the target have distinct geometrical
structures [91]. These two limitations explain why the alignment score of the traditional method is unsatisfactory
(i.e., only 1.7). MLLMs encode general knowledge and can better comprehend the target style from their immense
amounts of training data.

However, MLLM’s faithfulness results are relatively worse than those of traditional methods. As shown in
Fig. 4, besides transferring the style, MLLMs also edit other irrelevant semantics in the mutated images. This
observation is consistent with our findings mentioned above: MLLMs often focus on high-level features and
neglect low-level details. As a result, such details are lost and consequently “inpainted” with random ones when
generating mutated images.

Snow; and Snowp,. InstP2P fails to transfer weather conditions for general images and driving scenes. We attribute
the reason to the lack of fine-tuning data. To support transferring weather conditions, the fine-tuning in InstP2P
requires mutation variants of the seed image that contain different weather conditions, and such data tuples
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are hard to prepare on a large scale. Thus, the fine-tuned Diffusion model in InstP2P is unable to capture the
weather conditions, transmitting the input image to the output in most cases, as indicated by the high faithfulness
and validity score. The traditional method leverages the cycle-consistency to achieve weather transfer without
requiring paired images as the guidance. This paradigm successfully transfers the weather conditions for driving
scenes, resulting in a high alignment score. However, it fails to retain the faithfulness (i.e., a 0.2 score), such that
mutated images do not preserve irrelevant semantics, as presented in Fig. 4. In addition, the cycle-consistency
relies on the similar geometrical structure between the seed and target images; this explains why traditional
method is inapplicable to mutate weather conditions in general images whose geometrical structures are largely
distinct from driving scenes.

The other three MLLMs, especially GPT-4V, have satisfactory alignment, faithfulness, and validity when
transferring weather conditions for both general images and driving scenes. We attribute these to the general
knowledge encoded in MLLMs. Although fine-grained details are also modified in MLLM’s generated images (see
Fig. 4), we envision MLLM’s promising application in testing VDL systems where weather conditions are crucial
(e.g., auto-driving).

Eyes. Traditional methods outperform MLLMs when implementing perceptual-level mutations. All MLLMs are
unable to deliver satisfactory alignment scores. As in Fig. 4, all MLLMs do not'close the eyes but replace them
with new eyes in most cases. That is, these MLLMs understand that the mutation modifies eyes but cannot
precisely mutate them. Moreover, recall that as mentioned in Sec. 4, the traditional implementation of Eyes
requires specifying the localization of eyes. To make the comparison fair, we also provide the eye locations to
MLLMs. However, as shown in Fig. 4, MLLMs fail to generate smoothly mutated images and the edited eyes look
unnatural, leading to relatively lower validity scores.

Beyond individual mutations, alignment is consistently low across all types. To understand why, we randomly
sampled 100 mutated images with alignment scores below 1 (25 for each of the four MLLM-based mutation
methods) for manual inspection. Two researchers independently analyzed each sample to identify misalignment
causes, and resolved disagreements through discussion. Generators capture the mutation intent but execute it as
generation rather than transformation. Instead of modifying existing content, they synthesize new content that
loosely matches the instruction (e.g., replacing eyes instead of closing them, producing a new scene instead of
rotating the original, or even omitting the original subject altogether; see Fig. 4). We attribute this primarily to
information loss in the text-to-image encoding process: the generator receives a compressed representation that
lacks the original image’s fine-grained details, preventing it from performing precise edits [35, 36]. Limited spatial
reasoning of current generators [8; 15, 60] may further compound the problem. Importantly, low alignment does
not negate testing utility; rather, it sharpens the complementary positioning of traditional and MLLM-based
mutations. Traditional methods remain the reliable choice for precise, well-defined mutations (pixel-level, geo-
metric), while MLLMs uniquely enable semantic-replacement mutations that introduce new semantics traditional
methods cannot produce at all. The semantic perturbations from MLLMs reach regions of the model’s decision
space that pixel-level or geometric transformations cannot. Our unique-fault analysis in Sec. 7.2 empirically
confirms this separation (Fig. 5), and we translate these observations into actionable guidance in Sec. 8. We
discuss directions to improve alignment in Sec. 9.

Answer to RQ1: MLLMs cannot implement pixel- and geometrical-level mutations well, potentially due
to the lost information of such low-level semantics when MLLMs extract image features. MLLMs are also
unable to generalize perceptual-level mutations. However, MLLMs optimized with the bidirectional pipeline
perform better in extending style-level mutations to more general scenarios. They also exhibit better resilience:
since they do not modify the image generator, they will not generate invalid images if they cannot achieve a
mutation.
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7.2 RQ2: Benefits MLLMs Bring to Input Mutations

7.2.1  New Mutations Enabled by MLLMs. As in Table 3, we find that only InstP2P can implement Library
mutation to a satisfactory level, whereas the other three MLLMs tend not to edit the seed image in Library
mutation, as indicated by the relatively high faithfulness and validity score (see examples in Fig. 4). However, the
trend is on the opposite when implementing Clothes and Legs mutations, where InstP2P has lower alignment
scores but much higher faithfulness and validity scores. For Glasses mutation, all MLLMs have satisfactory
alignment, faithfulness, and validity scores, and InstP2P outperforms the other three MLLMs.

Overall, these results demonstrate MLLM’s unique capability to perform semantic-replacement mutations,
which was previously impossible with traditional methods. This capability significantly expands the potential
scope of VDL testing by introducing a new dimension of mutations. Notably, certain MLLM pipelines work well
for specific mutations. These varied results across different pipelines (see Sec. 3.4) reveal their distinct strengths
and limitations. Both optimized pipelines support subtle mutations to subjects i.e., all four MLLMs achieve
satisfactory results for Subject (Minor) mutations (e.g., Glasses in Table 3). However, their capabilities vary in
the remaining three mutations: the unidirectional pipeline is more suitable for Background mutations (Library
in Table 3), while the bidirectional pipeline performs better for Subject (Major) and Subject (Moderate)
mutations (Clothes and Legs in Table 3) that substantially modify the subject. These findings highlight the
importance of selecting appropriate MLLM pipelines based on the specific mutation goals, which we discuss
further in Sec. 9.

7.2.2  Testing Effectiveness of MLLM-Enabled Mutations. To further study whether MLLM-enabled mutations are
useful in VDL testing, we evaluate their fault-revealing capability in this section.
Setup. Our evaluation focuses on mutation-level effectiveness; not implementation-level performance. That is, we
assess whether the new semantic-replacement mutation types enabled by MLLMs can effectively reveal faults in
VDL models, rather than comparing different implementation strategies for the same mutation. Our baselines
are the fault-revealing rates of traditional mutation types that are applicable to general images. Specifically, we
compare the four types of MLLM-enabled, semantic-replacement mutations against the four types of traditional,
generalizable mutations: Pixel, Geometric,Style (Artistic),andStyle (Weather).All mutations belonging
to these types are evaluated in this section. We exclude Perceptual because it is currently limited to face images.
Results are reported at the type level (aggregating mutations per Table 2). Pixel and Geometric mutations are
implemented with their original methods (since MLLMs are unable to implement them as shown in Sec. 7.1). Style
(Weather) and Style (Artistic) mutations are implemented using both traditional methods and MLLMs.

VDL-based classification is selected as one representative VDL application. We choose three recent SoTA
VDL-based classifiers, Vision Transformer (ViT) [19], SwinTransformer (SwinT) [51], and ConvNeXt [52]. These
models are officially released by PyTorch and are trained with ImageNet. Mutated images are fed into a popular
tool DeepHunter [77] to detect VDL faults. Since different mutations may change the seed image to different
extents, to avoid this, DeepHunter implements a filter to ensure that the number of changed pixels and the
modifications of pixel values in all test inputs are at the same level.
Fault-revealing Rates. Results are reported at the mutation-type level by aggregating all mutations within each
type (per Table 2). Results of the fault-revealing rates (i.e., the number of VDL faults divided by the number of
test inputs) are shown in Table 4. We find that MLLM-enabled mutations achieve fault-revealing rates ranging
from 4.3% to 7.5% (the “Average” rows in Table 4), which are comparable to, and sometimes exceeding traditional
mutations. The results confirm that MLLM-enabled mutations are a highly effective and complementary addition
to the VDL testing toolkit, expanding the mutation space with entirely new fault-revealing capabilities.

Similar to our observations in Sec. 7.1, we also notice performance variations across different MLLMs when they
are implementing the same mutation type. We find that these variations are primarily driven by their underlying
pipelines. Specifically, the unidirectional pipeline (i.e., InstP2P), which relies on fine-tuning for end-to-end image
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Table 4. Fault-revealing rates, i.e., (#VDL faults)/(#test inputs), of different types of mutations. N/A indicates that
a type of mutation is unsupported by MLLMEs or traditional methods.

Traditional MLLM-enabled
. . Style Style Subject |  Subject Subject
Model Impl. Pixel | Geometric (Artistic) | (Weather) Background (Major) | (Moderate) | (Minor)
LLaVA 9.5% 8.5% 6.0% 8.0% 6.1% 4.0%
CogVLM % 11.5% 8.0% 4.0% 9.2% 8.2% 8.0%
GPT4V N/A N/A 9.5% 7.0% 6.0% 6.0% 2.1% 4.0%
ConvNeXt InstructP2P 8.5% 5.5% 14.0% 4.2% 1.6% 1.2%
Traditional || 6.0% 0.2% 5.3% 11.0% N/A N/A N/A N/A
Average 6.0% 0.2% 8.9% 8.0% 7.5% 6.9% 4.5% 4.3%
LLaVA 8.0% 9.0% 4.0% 6.0% 6.1% 4.0%
CogVLM 14.0% 9.5% 4.0% 10.0% 6.1% 8.0%
GPT4V N/A N/A 8.0% 9.0% 8.0% 6.0% 6.1% 4.0%
SwinTransformer | InstructP2P 12.0% 8.0% 12.0% 1.2% 1.8% 1.1%
Traditional || 7.5% 0.2% 10.7% 11.0% N/A N/A N/A N/A
Average 7.5% 0.2% 10.5% 9.3% 7.0% 5.8% 5.0% 4.3%
LLaVA 9.5% 9.5% 4.0% 2.0% 6:1% 6.0%
CogVLM 12.0% 9.0% 4.0% 10.0% 8.2% 8.0%
GPT4V N/A N/A 11.0% 6.5% 6.0% 6.0% 5.1% 4.0%
VisionTransformer | InstructP2P 10.5% 6.5% 14.0% 4.0% 2.4% 3.5%
Traditional || 8.9% 0.2% 7.0% 13.3% N/A N/A N/A N/A
Average 8.9% 0.2% 10.0% 9.0% 7.0% 5.5% 5.5% 5.4%

* N/A indicates that the mutation type is unsupported by the corresponding method (MLLMs or traditional).

transformation, excels at global edits. For instance, it achieves a high fault rate of 14.0% on the Background
mutation. In contrast, bidirectional pipelines use MLLMs to first generate detailed text prompts, then feed them to
image generators. This design proves more effective for local, subject-specific modifications. As shown in Table 4,
bidirectional pipelines outperform InstP2P.on mutations like Subject (Major) and Subject (Moderate),which
require precise subject-focused edits. Interestingly, even though different MLLMs (e.g., GPT-4V vs. CogVLM),
when being incorporated into the same bidirectional pipeline, exhibit variations in fault detection effectiveness
due to the differences in their comprehension capabilities. The gaps between different MLLMs are less pronounced
than those between different pipeline architectures. This finding suggests that pipeline design plays a more crucial
role in determining mutation effectiveness than the specific MLLM used.

Faulty activations triggered Faulty activations triggered

o Normal activations e o v 3 jitional mutations ® by MLLM-enabled mutations

(a) VisionTransformer (b) SwinTransformer (c) ConvNeXt
Fig. 5. Visualization of normal and faulty activations triggered by different mutations.
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Unique Faults. While Table 4 demonstrates that MLLM-enabled mutations are effective at revealing faults,
a critical question remains: do these mutations expose genuinely unique faults, or do they merely trigger the
same faults as traditional mutations through different visual variations? This distinction is essential for our
mutation-level evaluation. If MLLM-enabled mutations trigger the same underlying faults as traditional mutations,
they would offer limited value in VDL testing. Conversely, if they expose distinct failure patterns, they represent
a genuinely valuable expansion of the testing’s capability. To answer this question, we analyze the internal
behaviors of VDL models when processing fault-revealing and normal inputs. Following established practices in
DNN testing [56], we employ t-SNE to visualize the neural activation patterns extracted from the penultimate
layer (whose outputs are leveraged for the final prediction and often reflect the internal logic) of each VDL model.
This analysis enables us to examine whether failures induced by different mutation types exhibit-distinct internal
activations, which would indicate fundamentally different faulty patterns inside the VDL models.

Fig. 5 presents the visualization results in three VDL models’ activations spaces, where each point denotes the
activation of one input image. Blue and green colors correspond to fault-revealing images generated by traditional
and MLLM-enabled mutations, respectively, while red color indicates correctly classified normal images. The
visualization reveals a striking pattern: failures caused by MLLM-enabled mutations form tight, concentrated
clusters that are spatially separated from both normal activations and failures triggered by traditional mutations.
In other words, MLLM-enabled mutations expose unique classes of faulty patterns that traditional mutations
cannot. To explain, the new semantics brought by MLLM-enabled mutations, through replacement (e.g., adding
glasses, dressing with clothes), could reach decision logics or pathways inaccessible to traditional mutations.
This further justifies that MLLM-enabled mutations are a valuable and complementary addition to VDL testing
compared to traditional mutations.

Answer to RQ2: MLLMs enable a new class of semantic-replacement mutations that traditional methods
cannot implement. These new mutations not only achieve fault-revealing rates comparable to traditional
mutations, but also expose unique faults unreachable by prior approaches, significantly expanding the scope
and effectiveness of VDL testing. The pipelines of employing MLLMs for mutations also matter: unidirectional
pipelines often excel at global edits, while bidirectional pipelines could better handle local subject modifications.

7.3 RQ3: Reliability of Validation Metrics

Aligned to the three aspects considered in our human study, we evaluate whether existing validation metrics can
reflect the quality of test inputs generated by MLLM-enabled mutations and capture their differences. This section
uses the full evaluation set for MLLM-enabled mutations introduced in Sec. 5.3. Each MLLM-enabled mutation
is instantiated on 250 seed images. For each reported mutation type in Table 2, we pool the two constituent
mutations in that type, namely the foundational Dog Breed mutation and the ImageNet mutation with class
specific instructions, and report one type level result per MLLM.

7.3.1 Validity Metrics. Following existing work [27, 82], we take two popular metrics, Inception Score (IS) [64]
and Frechet Inception Distance (FID) [30], to measure the validity of the mutated images. Both IS and FID are
data-driven: they use a set of real-world images as the reference and measure the statistical similarity between
mutated images and the reference images. A lower FID value indicates a better result, whereas a higher IS
value is better. To assess whether the metrics can capture the differences in MLLM’s capabilities, we also define
Normalized Relative Gain (NRG) in the sense that different metrics may operate on different scales. Given the
i-th MLLM’s validity score 5;, the worst score among all evaluated MLLMs S, ..+, and the value range a metric
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can reach Sy, the NRG for the i-th MLLM is defined as:

NRGl- — |Si - Sworst| (2)

Srange

Both IS and FID have the minimal value of 0. The maximal value of IS is the number of classes in its reference
dataset [10], i.e., 1000 for ImageNet. FID does not have a maximal value in theory, but in practice, recent work [44]
has reported FID values up to 300, so we set 300 as the maximal value for FID.

Table 5. Results of existing validity metrics (IS, FID) with NRG in parentheses.

Background Subject (Major) | Subject (Moderate) | Subject (Minor)
LLaVA 11.92 (+0.0005) 12.18 (+0.0004) 11.50 (+0.0000) 12.08 (+0.0015)
IS CogVLM | 11.42 (+0.0000) 11.78 (+0.0000) 12.02 (+0.0005) 12.08 (+0.0015)
GPT-4V | 12.12 (+0.0007) 11.83 (+0.0001) 11.63 (+0.0001) 12.32 (+0.0018)
InstP2P | 12.40 (+0.0010) 13.39 (+0.0016) 13.59 (+0.0021) 10.57 (+0.0000)
LLaVA 90.28 (+0.0666) 91.69 (+0.0036) 97.38 (+0.0591) 95.25 (+0.1141)
FID CogVLM | 95.25 (+0.0500) 92.77 (+0.0000) 95.62 (+0.0650) 95.08 (+0.1146)
GPT-4V | 90.17 (+0.0669) 92.12 (+0.0022) 98.18 (+0.0564) 92.26 (+0.1240)
InstP2P | 110.25 (+0.0000) 84.05 (+0.0291) 115.11 (+0.0000) 129.47 (+0.0000)

As shown in Table 5, both IS and FID appear to be random and unable to reflect the capabilities of different
MLLMs in implementing valid mutations. In many cases, the two metrics even produce contradictory results. For
example, in Subject (Moderate) mutations, InstP2P achieves the bestIS score but the worst FID score among
all MLLMs. These conflicting signals prevent practitioners from reliably selecting appropriate MLLMs for specific
mutations. Moreover, they fail to capture subtle yet meaningful performance gaps among MLLMs: the NRG
values are extremely small (ranging from +0.0000 to +0.0021 for IS), making it nearly impossible to differentiate
MLLMs’ varied abilities across different mutation types. Overall, observations in Table 5 indicate the inaccuracy
and unreliability of existing validity metrics when handling MLLM-enabled mutations. The primary reason, as
noted in prior work [43, 63], is that metrics like IS and FID conflate two distinct aspects: validity and diversity.
This was less of an issue for traditional mutations (e.g., Rotation), which produce highly deterministic and similar
outputs. In contrast, semantic-replacement mutations enabled by MLLMs are non-deterministic and generate
a wide variety of valid mutants for a single instruction. As a result, the validity metric’s results can be falsely
improved by diversified mutants in MLLM-enabled mutations.

7.3.2  Improving Validity Metrics. As discussed before, the conflation of validity and diversity in existing metrics
makes them inaccurate and unreliable for MLLM-enabled mutations. To address this issue, we recommend using
metrics.that could separate validity from diversity. In this section, we adopt the Precision & Recall metrics
that are particularly designed for this purpose [43, 63]. Specifically, Precision reflects the validity of images,
while Recall measures their diversity. Both metrics range from 0 to 1, with higher values indicating better
performance, and are naturally normalized to allow easy comparison. Precision and Recall are computed on
two image sets in a learned feature space via k-NN manifold estimation [43]. Concretely, all images are projected
into VGG-16 [67] feature space, and for each image the k-nearest neighbors (k=3, following the default in [43])
define a hypersphere whose union approximates the support of a distribution. Precision is the fraction of
generated images that fall within the reference manifold, and Recall is the fraction of reference images that fall
within the generated manifold. Following prior VDL testing practice [82], for each mutation, the reference set is
its seed images and the generated set is the corresponding mutant images produced by one MLLM; type-level
results average over the constituent mutations.
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Table 6 reports the Precision (validity) results, which are broadly consistent with our human study findings.
In particular, they recover the main cross-type conclusions from the human study: InstP2P is the best in Subject
(Major) and Subject (Moderate) but is the worst in Background. The NRG values shown in parentheses are
distinguishable enough to reflect the subtle differences among MLLMs’ varied capabilities in implementing
different mutations. We also report Recall (diversity), which is marked in gray, in Table 6; these high diversity
values further justify why the conflation issue makes existing metrics unreliable for MLLM-enabled mutations.

Table 6. Results using the improved validity metric (Precision). To ease the comparison with and interpretation

of Table 5, we report NRG values in parentheses and Recall (diversity) values in gray.

Background | Subject (Major) | Subject (Moderate) | Subject (Minor)
LLava | Precision | 036 (+0.03) 0.86 (+0.02) 0.80 (+0.03) 0.86 (0)
a Recall 0.70 0.44 0.28 032
Precision | 0.35 (+0.02) 0.87 (+0.03) 0.85 (+0.08) 0.87 (+0.01)
CogVLM Recall 0.39 0.28 0.30 0.28
Precision | 0.32(0) 0.84 (0) 0.77 (0) 0.92 (+0.06)
GPT-4V Recall 0.62 0.34 0.26 0.34
Precision 0.32 (0) 0.93 (+0.09) 0.88 (+0.11) 0.89 (+0.03)
InstP2P =2 a1t 0.47 0.77 0.81 0.74

7.3.3  Embedding-Based Metrics for Alignment and Faithfulness. As mentioned in Sec. 3.2, for mutations lacking
explicit formulas (i.e., style-level, perceptual-level, and MLLM-enabled mutations), existing works propose to
measure them via image embeddings. Following recent MLLM papers [29, 55, 66, 87], we obtain image embeddings
via the SoTA embedding model CLIP [59]. The CLIP can obtain unified embeddings for image semantics and text
descriptions, enabling their similarity measurement. We first prepare the textual description of the anticipated
mutation result for each mutation. This is done by leveraging an LLM to generate textual descriptions for the
expected mutation results based on the mutation instructions. For example, when mutating a dog image with
Glasses, the mutated image should have “a dog with glasses”. We then use the CLIP to extract the embedding
vectors for the mutated image and its corresponding textual description; their cosine similarity is adopted to
quantify the alignment of the mutation.

The faithfulness evaluation requires separating the local and fine-grained semantics such as eyes and legs from
the image, which is challenging especially when the locations and postures of the dog are diverse. Therefore, we
design a coarse-grained metric that only considers an image’s background and subject. Specifically, following [34],
we employ the SoTA subject extractor InSPyReNet [41] to separate the subjects and background for the seed and
mutated images. ForLibrary and Backgroundg, we use the similarity of the two subjects in the seed and mutated
image as the faithfulness result, whereas for (19-24), we use the similarity of two backgrounds for faithfulness.
Since semantic-replacement mutations may alter the subject’s outline (e.g., adding clothes may change the dog’s
shape), we compute the similarity as the cosine similarity between CLIP image embeddings of the extracted
subjects/backgrounds.

Table 7. Results of the existing alignhment metric. NRG is omitted since the metric itself is normalized.

Background | Subject (Major) | Subject (Moderate) | Subject (Minor)
LLaVA 0.51 0.41 0.37 0.41
CogVLM 0.51 0.43 0.37 0.41
GPT-4V 0.51 0.41 0.35 0.41
InstP2P 0.52 0.46 0.39 0.43
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Table 8. Results of the existing faithfulness metric. NRG is omitted since the metric itself is normalized.

Background | Subject (Major) | Subject (Moderate) | Subject (Minor)
LLaVA 0.88 0.85 0.85 0.86
CogVLM 0.87 0.85 0.85 0.86
GPT-4V 0.88 0.85 0.85 0.85
InstP2P 0.85 0.90 0.88 0.87

Table 7 and Table 8 present the results of alignment and faithfulness evaluations for four MLLM-enabled
mutations using popular embedding-based metrics, respectively. The alignment results of Background are
relatively better than that of Subject (Major), Subject (Moderate), and Subject (Minor), indicating that
the metric can detect the mutated background, but is unable to detect the mutated finer-grained semantics
on subjects. The high faithfulness results show that the embedding-based metric can reflect the (ought-to-be)
unchanged semantics. Nevertheless, unlike our human studies that show notable differences in alignment and
faithfulness results of different MLLMs, the two numerical metrics cannot distinguish their varied results, despite
that similar methods show promising results for traditional mutations [55].

Note that traditional mutations like style- and perceptual-level mutations only apply to specific domains, and
accordingly, their corresponding image embeddings can be limited to the target domain to improve precision.
E.g., when measuring mutations applied to face photos, existing worksleverage face generators to obtain face
embeddings and do not consider non-face images. Similarly, when measuring the achieved style-level mutations,
prior works leverage style extractor to specifically compute the style distance. However, MLLM-enabled mutations
are applicable to more general images. Although CLIP can obtain embeddings for diverse images from different
domains, these embeddings consequently sacrifice their precision; similar observations are also noted in recent
research [79, 88].

7.3.4  Improving Alignment and Faithfulness Metrics. The limited precision of CLIP embeddings on general images
points to a clear direction: we need finer-grained metrics that can capture subtle semantic differences. Below, we
introduce our improved faithfulness and alignment metrics.
Improving Faithfulness Metrics. The core limitation of existing faithfulness metrics lies in their reliance
on global image embeddings. Such coarse-grained representations inevitably miss local semantic changes. For
example, when a mutation modifies a subject’s glasses, global embeddings average this change across the entire
image, diluting its impact. To capture such fine-grained changes, we adopt a patch-based approach. We partition
each image into 4 x 4 patches and extract CLIP embeddings for each patch independently. The faithfulness score
is then computed as the average cosine similarity across all corresponding patch pairs between the original and
mutated images. This design enables the metric to detect local semantic changes that global embeddings overlook.
Table 9 shows that our patch-based metric effectively distinguishes MLLMs by their faithfulness. InstP2P
achieves substantially higher scores on Subject (Major) (0.84), Subject (Moderate) (0.82), and Subject
(Minor) (0.83) mutations, demonstrating superior sensitivity to fine-grained visual changes. This is consistent
with our findings in Table 3, where human evaluators also rated InstP2P higher for faithfulness. In contrast, other
MLLMs (LLaVA, CogVLM, and GPT-4V) exhibit consistent but moderate performance across all mutation types
(0.67-0.72), suggesting they capture these changes less precisely, which aligns with our human study results in
Table 3.
Improving Alignment Metrics. While patch-based analysis addresses faithfulness measurement, alignment
metrics face a different challenge: visual embeddings struggle to capture the semantic alignment between mutation
instructions and the actual changes. For instance, distinguishing whether a mutated image shows “winter clothes”
versus “summer clothes” requires understanding textual categories (i.e., “winter” vs. “summer”) rather than visual
similarity alone. We address this challenge by shifting from visual comparison to textual analysis. Our key insight
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Table 9. Results using the improved faithfulness metric. NRG is omitted since the metric itself is normalized.

Background | Subject (Major) | Subject (Moderate) | Subject (Minor)
LLaVA 0.71 0.71 0.67 0.70
CogVLM 0.68 0.70 0.68 0.69
GPT-4V 0.72 0.71 0.68 0.69
InstP2P 0.72 0.84 0.82 0.83

is that textual descriptions can express semantic attributes more precisely than visual embeddings can capture
them.

Specifically, we leverage LLaVA-NeXT [46] to generate textual descriptions of mutated images, and then
employ spaCy [32] to extract semantic attributes (nouns and adjectivesvia part-of-speech tagging) from these
descriptions. For each mutation, we predefine a set of target keywords that characterize a successful mutation
(e.g., {“library”, “bookshelf”, “books”} for the Library mutation). The alignment score is then computed as the
fraction of target keywords that appear among the extracted attributes of the generated description. This approach
requires one additional safeguard. Some MLLMs may generate images that completely replace the original subject.
For example, given the instruction “change the background to a library” for a dog image, an MLLM might generate
a pure library scene without the dog. To rule out such failures, we first verify that the generated description
contains the original subject. Only images passing this check proceed to alignment evaluation; others receive a
score of zero.

Table 10 demonstrates that our text-based metric successfully differentiates MLLM performance. In particular,
all MLLMs achieve significantly higher alignment scores on Glasses (0.65-0.87) compared to other mutations
(0.11-0.54), suggesting that minor semantic subject mutations are inherently easier than modifying backgrounds
or body parts; this is also consistent with our human judgments in Table 3. Second, InstP2P outperforms the other
three MLLMs on Library (0.24 vs.0.11-0.13), indicating its superior ability to generate context-aware backgrounds.
These results are the same as our human study findings in Sec. 7, confirming the metric’s effectiveness.

Table 10. Results using the improved alignment metric. NRG is omitted since the metric itself is normalized.

Background | Subject (Major) | Subject (Moderate) | Subject (Minor)
LLaVA 0.11 0.40 0.27 0.83
CogVLM 0.13 0.45 0.11 0.65
GPT-4V 0.13 0.54 0.24 0.77
InstP2P 0.24 0.21 0.15 0.87
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Answer to RQ3: Prior validation metrics fall short when applied to MLLM-enabled mutations, but we
identify clear paths for improvement. First, validity metrics like IS and FID conflate validity with diversity.
This conflation misleads evaluation especially for MLLM-enabled mutations which non-deterministically
generate diverse outputs. We therefore recommend using the Precision & Recall metrics [43, 63] that
separate validity and diversity. Our evaluation shows that Precision scores recover the main trends of
human judgments and capture MLLMs’ subtle yet varied capabilities. Second, existing embedding-based
metrics using global image features fail to capture fine-grained semantic changes. We demonstrate that two
complementary improvements address this limitation: (1) patch-based CLIP embeddings effectively distinguish
faithfulness across MLLMs by detecting local changes, and (2) the text-based extraction of semantic attributes
successfully measures alignment by comparing mutation requirements against generated image descriptions.
Both improved metrics show consistent results with human judgments and effectively differentiate MLLM
performance.

7.4 RQ4: Ablation Study: Different Pipelines

In RQ2, we observe that pipeline architectures differ markedly in mutation quality. However, each pipeline
is a multi-component system: the bidirectional pipeline uses enriched MLLM prompts (Sec. 3.4), while the
unidirectional pipeline uses a fine-tuned image generator. Observing only end-to-end performance cannot tell us
whether differences stem from prompt design or generator capability. A component-level analysis can identify
which factor affects mutation quality the most, directly informing engineering decisions: whether to invest effort
in prompt refinement or generator fine-tuning, and which prompting MLLM to use when enriched prompting
is enabled, given substantial cost differences (e.g., proprietary GPT-4V vs. open-source LLaVA). We therefore
conduct a structured ablation study to isolate each component’s contribution.

We vary two design factors in a 2x2 ablation: prompt type (simple vs. enriched) and generator type (pre-trained
vs. fine-tuned). This yields four configurations: (1) Baseline (pre-trained + simple), (2) Bidirectional (pre-trained +
enriched), (3) Unidirectional (fine-tuned + simple), and (4) Combined (fine-tuned + enriched). Configurations (2)
and (4) use an MLLM for prompt enrichment; we test three prompting MLLMs (LLaVA, CogVLM, GPT-4V) in
each. This design isolates the effect of each optimization as well as their interaction. We reuse the full dataset
from RQ2 and RQ3. We evaluate using the metrics from RQ3: Precision for validity, patch-based similarity for
faithfulness, and text-based similarity for alignment. Results appear in Table 11.

We compare ablation settings in Table 11. Prompt enrichment and generator fine-tuning each independently
improve quality along different dimensions: enrichment yields the largest gain in alignment (0.19—0.39), while
fine-tuning yields the largest gain in faithfulness (0.71—0.81) by learning to preserve unchanged regions; both raise
validity from 0.58 to 0.79. Separately, within a fixed pipeline, the choice of prompting MLLM has limited impact
(validity varies by <0.05), whereas switching pipeline configuration changes validity by 0.31-0.33, confirming that
pipeline architecture is the dominant factor. However, combining both optimizations proves counterproductive:
validity drops to 0.48 and alignment to 0.09, below either optimization alone. We note that the fine-tuned
generator in InstP2P was trained on concise, single-sentence instructions [11], whereas enriched prompts are
substantially longer and multi-clause, creating a prompt-distribution mismatch between the enriched input and
the generator’s training distribution. Similar observations have been documented in related work on fine-tuned
diffusion models [62]. Given this constraint, practitioners should use each optimization separately, choosing the
pipeline based on mutation scope and preferring open-source MLLMs to reduce cost, rather than combining
them. We elaborate on these guidelines in Sec. 8. Resolving the mismatch itself remains a promising direction for
future work. Potential strategies include broadening the generator’s training distribution with diverse instruction
formats [85], summarizing enriched prompts into concise directives before generation, or adopting adapter-based
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Table 11. Ablation study comparing the effects of prompt enrichment, fine-tuning, and prompt-MLLM choice on
mutation quality.

Configuration Generator ' Prompt MLLM Validity Faithfulness Alignment
Baseline Pre-trained + Simple - 0.58 0.71 0.19
LLaVA 0.81 0.69 0.41
Bidirectional = Pre-trained + Enriched CogVLM 0.76 0.69 0.34
GPT-4V 0.81 0.70 0.42
Avg. 0.79 0.69 0.39
Unidirectional Fine-tuned + Simple — 0.79 0.81 0.37
LLaVA 0.46 0.75 0.10
Combined Fine-tuned + Enriched CogVLM 0.48 0.77 0.08
GPT-4V 0.49 0.76 0.10
Avg. 0.48 0.76 0.09

* Fine-tuned generator refers to InstP2P. Pre-trained image generator refers to Standard Stable Diffusion.

fine-tuning methods that are more robust to input variation [33]. Evaluating these strategies in the context of
VDL mutation testing warrants further investigation.

Answer to RQ4: Prompt enrichment and generator fine-tuning each improve mutation quality when applied
separately, but combining enriched prompts with a generator fine-tuned on simple prompts produces a
negative interaction that lowers validity and alignment, consistent with a prompt-training mismatch. Among
the factors we evaluate, prompt enrichment yields the largest gain in alignment, fine-tuning yields the largest
gain in faithfulness, and prompting-MLLM choice has only a minor effect (<0.05).

8 Practical Insights and Implications

Based on our evaluation, we distill five actionable insights for SE developers and researchers, each targeting a
concrete engineering decision in deploying MLLM-based mutations.

Insight 1: Combine Traditional and MLLM Mutations to Cover Non-Overlapping Fault Classes. Tradi-
tional methods remain the better choice for pixel-level, geometric, and perceptual mutations, where determinism
and controllability are essential and MLLMs lack the spatial precision for faithful edits (Sec. 7.1). MLLM mutations,
in turn, enable semantic-replacement mutations (e.g., adding accessories, replacing backgrounds) and semantics-
transfer mutations (e.g., style and weather changes) that are infeasible with traditional techniques. Both families
achieve comparable fault-revealing rates (4.3%-7.5% for MLLM-enabled vs. 0.2%-10.5% for traditional; Table 4),
yet the faults they expose are non-overlapping: MLLM-triggered faults form spatially distinct clusters in VDL
activation space (Fig. 5). Neither family alone suffices for comprehensive testing.

Insight 2: Use Open-Source MLLMs for Prompt Enrichment in Bidirectional Pipelines. In bidirectional
pipelines, an MLLM first enriches the brief mutation instruction into a detailed prompt before the diffusion
generator executes the edit (Sec. 7.4). For this prompting role, practitioners need not invest in proprietary APIs.
Within a fixed pipeline, the choice of prompting MLLM has negligible impact: switching MLLMs varies validity
by <0.05 and faithfulness by <0.01 (Table 11), whereas switching the pipeline configuration changes validity
by 0.31-0.33. In bidirectional configurations, the open-source LLaVA matches the proprietary GPT-4V in both
validity (0.81) and alignment (0.41 vs. 0.42). CogVLM scores slightly lower (validity 0.76, alignment 0.34) but
remains a viable alternative.
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Insight 3: Use Unidirectional Pipelines for Global Mutations and Bidirectional for Subject-Level Muta-
tions. Use the unidirectional pipeline (fine-tuned generator, simple prompts) for global, scene-level mutations
such as background replacement, where it achieves the highest fault-revealing rates (Table 4). Use the bidirec-
tional pipeline (pre-trained generator, enriched prompts) for subject-focused mutations and for weather and
style transfer, where it produces more faithful results (Sec. 7.2). Crucially, do not combine fine-tuned generators
with enriched prompts: the two optimizations each improve quality independently, but their combination drops
validity from 0.79 to 0.48 and alignment from 0.39 to 0.09 (Table 11), because enriched prompts fall outside the
concise-instruction distribution on which the fine-tuned generator was trained [11] (Sec. 7.4).

Insight 4: Replace IS and FID with Precision, Patch-CLIP, and Text Matching for MLLM Mutations. Con-
ventional generative metrics (IS, FID) evaluate distributional quality, but mutation testing requires assessing
conditional editing quality: whether the edit matches the instruction while preserving the rest of the image. Be-
cause MLLM mutations are non-deterministic, IS and FID conflate editing quality with output diversity, producing
contradictory rankings across MLLMs (Sec. 7.3). Global CLIP cosine similarity also fails to capture fine-grained
differences (Table 7, Table 8). Instead, researchers should use dimension-specific metrics: Precision for validity,
patch-based CLIP similarity for faithfulness, and text-based keyword matching for alignment, as validated in
Sec. 7.3.

Insight 5: Filter Subject-Major and Subject-Moderate Mutants on Alignment Before Downstream
Testing. Minor-subject mutants are reliable without additional filtering, but subject-major and subject-moderate
mutants require explicit alignment checks. Our human evaluation reveals a validity-alignment gap of 1.9-2.3
points (on a 5-point scale) for these two categories, versus only 0.9 for minor-subject mutations (Table 3), meaning
mutants that pass validity checks can still fail alignment. For instance, MLLMs may replace a subject’s eyes
rather than closing them, or modify background details while transferring a style. Feeding such unfiltered
mutants into downstream testing confounds fault attribution, as detected failures may stem from generation
artifacts rather than the intended perturbations (Sec.-7.1). Practitioners should validate these mutants using the
dimension-specific metrics from Insight 4 and apply stricter alighment thresholds.

9 Discussion and Threats to Validity

Our results clarify both the promise and the current limitations of MLLM-based mutations in VDL testing. While
these pipelines already support some testing scenarios in an out-of-the-box manner, substantial challenges remain,
especially in alignment and controllability. In this section, we first reflect on lessons learned from conducting
this study, then discuss technical directions for narrowing the alignment gap, describe our reusable benchmark
for future research, and address threats to validity.

Lessons Learned. Beyond the practical guidance in Sec. 8, this study yielded three broader observations for
future SE research on MLLM-based testing. First, fine-tuning data acts as an implicit contract on the input format.
The prompt-distribution mismatch in Sec. 7.4 generalizes: whenever a fine-tuned model receives inputs from
another component, practitioners must verify that outputs conform to the model’s training distribution, even
if both components work well independently. This lesson extends beyond VDL testing to any SE pipeline that
composes independently developed ML components; integration testing at component boundaries is essential
even when unit-level performance is satisfactory.

Second, the diversity and non-determinism of MLLM mutations make automated evaluation systematically
harder than for traditional mutations (Sec. 7.3), even with improved metrics. The same mutation instruction can
yield semantically different outputs across runs, which challenges both reproducibility and oracle design. Future
studies of MLLM-generated test inputs should include targeted human validation on a representative subset and
report variance across repeated generations. This also implies that directly comparing two MLLM-based mutation
tools on a single run may be misleading without accounting for output variance.
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Third, the validity-alignment gap (Sec. 7.1) reflects a fundamental architectural limitation of current diffusion
models, not an engineering misconfiguration. This was not resolved by any pipeline variant or prompting strategy
we tested, indicating that prompt engineering and pipeline optimization alone cannot close this gap. Progress
requires advances in the underlying generative architectures, such as spatially grounded editing (discussed below).
For the SE community, this means that benchmarking new generators on alignment fidelity, not just visual quality,
is critical for advancing MLLM-based testing.

Narrowing the Alignment Gap. Our findings in Sec. 7.1 suggest that current pipelines still execute many edit
instructions as generation tasks rather than transformation tasks, primarily due to information loss in text-to-
image encoding and limited spatial reasoning. Although developed for general image editing, several recent
techniques offer complementary building blocks to narrow this gap. MLLM-guided editors such as MGIE [24] and
SmartEdit [36] improve instruction interpretation, reducing semantic drift caused by lossy encoding. Diffusion-
control methods like Prompt-to-Prompt [29] manipulate cross-attention to alter targeted concepts while preserving
scene structure, helping mitigate information loss during conditioning. Dataset resources such as MagicBrush [85]
provide paired edit-instruction supervision that encourages transformation-faithful outputs. Explicit spatial
grounding via segmentation models such as SAM [42] can localize edits and compensate for limited spatial
reasoning. Adapting these techniques to VDL mutation testing remains an open challenge, as mutations require
controlled, auditable transformations where the scope of change is precisely bounded.

Reusable Benchmark. Our work establishes a reusable benchmark to/accelerate SE research on Al testing.
The rapid evolution of MLLMs has outpaced the development of standardized evaluation frameworks, making it
difficult to compare new approaches or measure progress; our benchmark directly fills this gap. We release a
comprehensive artifact with three key components. First, our dataset contains over 28,000 generated mutants from
the 24 mutations in our full set, each instantiated on 250 seed images under its applicable implementations. Second,
we provide complete human evaluation data with 2,300 annotated images, each scored for validity, faithfulness,
and alignment by Ph.D. students experienced in testing'and VDL systems. Third, we include full implementations
of both unidirectional and bidirectional pipelines and our proposed validation metrics. Together, these components
enable principled extension of our work: Researchers can assess new MLLMs and new mutation techniques
against our baselines using the same evaluation protocol, validate new metrics against our human annotations
without additional manual studies, and conduct MLLM-driven VDL testing at scale using our ready-to-use
implementations.

Threats to Validity. First, the human study may be biased, and to mitigate this threat, we have involved 20
participants with relevant expertise, and each question is evaluated by different participants to reduce personal
bias. We implement blinded sanity checks to rule out answers from participants who likely misunderstand the
questions. Results of Kappa statistics also indicate that our participants reach substantial agreement. We believe
that these are sufficient to guarantee the credibility of our study.

Second, our findings may not generalize to other pipelines or MLLMs. Both available pipelines are considered
in our evaluations, and we incorporate four SOTA MLLMs into them to implement 24 mutations that cover
all categories in existing VDL testing literature. These evaluated cases are comprehensive enough to alleviate
potential bias due to the selection of mutation types or MLLMs.

Third, the reliability of existing validation metrics for MLLM-based mutations is also evaluated. To make the
selected metrics representative, we consider metrics that are widely adopted and have been proven effective
in existing testing work. We believe this setup is sufficient to reflect the common issues in validation metrics
tailored for traditional mutations. We also open-source our artifact for use and extension [5].
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10 Conclusion

This paper presents an in-depth study on MLLM-based mutations in VDL testing and reveals the complementary
positioning of MLLMs and traditional mutations. We provide insights into the (in-)adequacy of MLLMs for VDL
testing, the specialties of different optimizations and mutation pipelines for MLLMs, and the limitations of existing
validation metrics when handling MLLM-based mutations. Accordingly, we propose new automated metrics
that show trends consistent with human judgments. We also leverage our dataset, baselines, and evaluation
framework to establish a reusable benchmark for future research. Our findings provide actionable guidance for
practitioners to design and deploy MLLM-based mutation pipelines in different testing scenarios.
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