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Abstract
Despite their increasing capabilities, text-to-image generative AI
systems are known to produce biased, offensive, and otherwise
problematic outputs. While recent advancements have supported
testing and auditing of generative AI, existing auditing methods
still face challenges in supporting effectively explore the vast space
of AI-generated outputs in a structured way. To address this gap,
we conducted formative studies with five AI auditors and synthe-
sized five design goals for supporting systematic AI audits. Based
on these insights, we developed Vipera, an interactive auditing
interface that employs multiple visual cues including a scene graph
to facilitate image sensemaking and inspire auditors to explore and
hierarchically organize the auditing criteria. Additionally, Vipera
leverages LLM-powered suggestions to facilitate exploration of
unexplored auditing directions. Through a controlled experiment
with 24 participants experienced in AI auditing, we demonstrate
Vipera’s effectiveness in helping auditors navigate large AI output
spaces and organize their analyses while engaging with diverse
criteria.1

CCS Concepts
•Human-centered computing→ Empirical studies in HCI;
Interactive systems and tools.
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1 Introduction
Generative text-to-image (T2I) models are gaining popularity for
their ability to enhance the efficiency and expressiveness of cre-
ative activities. However, the associated risks are significant; these
models can produce images that may perpetuate biases, cause of-
fense, or disseminate misleading information [46, 54]. To surface
and address these issues, researchers and practitioners have turned

1The work is in submission.

to AI auditing—a process of repeatedly testing an algorithm with
inputs and observing the corresponding outputs—in order to better
understand its behavior and potential external impacts. [7, 45, 60].

Recent research in HCI and responsible AI (RAI) has explored
tools and processes to support diverse auditors in AI audits [11,
13, 15, 37, 44, 64]. However, auditing generative T2I models in
a systematic and scaled way remains challenging. To start with,
manual evaluation of these systems can be time-consuming, often
limiting assessments to a small number of prompts or outputs,
which can hardly uncover the comprehensive issues of the system.
Developers often face challenges in exploring potentially productive
auditing directions and gathering scaled data for each identified
issue [17, 37]. Reviewing and aggregating audit reports also remains
a demanding task [11, 15, 48]

To tackle these challenges, automated approaches have also been
proposed, often involving AI-supported output labeling and applied
to textual models [4, 57, 62]. However, two primary obstacles persist
when it comes to auditing T2I models. First, images encompass a
broad range of semantics, resulting in a vast auditing space that is
difficult to characterizewith a concise list of criteria as often used for
evaluating texts [68]. For example, an image may feature multiple
characters, each of whom can be evaluated based on the clothing,
and the clothing can be further assessed by its cultural nature and
relationship to the character’s profession. To systematically explore
this space, it is crucial to keep auditors aware of the unknown
unknowns - criteria that are yet to be explored [17, 34]. Additionally,
our observations from a formative study with five auditors indicate
that many auditors often rely on intuition or personal experience
during the auditing process without a formal approach. There is a
lack of structured methodologies for navigating and exploring this
extensive auditing space.

In this paper, we propose Vipera2, an interactive system for
streamlining and enhancing the systematicness of large-scale T2I
model auditing. Vipera facilitates structured multi-faceted analy-
sis through the visual cue of scene graph [32], where the auditing

2Vipera stands for "Visual Intelligence-Promoted End User Auditing"
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criteria are organized hierarchically, coordinated with visual statis-
tics, and associated with scenic semantics of images. Additionally,
Vipera incorporates LLM-powered auditing suggestions to uncover
new avenues for analysis and facilitate exploration within the au-
diting space. In particular, it provides audit analysis support by
highlighting differences between images to suggest new criteria,
and prompt suggestions to inspire exploration of new topics, with
optional user-customizable keywords for targeted guidance. To sup-
port auditors in documenting and reporting their findings, Vipera
allows users to bookmark visual evidence immediately upon get-
ting insights, incorporates a dedicated note view for structured
note construction, and supports LLM-powered note completion for
better efficiency.

Through a controlled user study with 20 general auditors and
4 expert auditors, we demonstrate Vipera’s effectiveness in help-
ing auditors navigate the large auditing space and organize their
analyses while engaging with diverse criteria. In particular, we
discovered that the blended guidance prompted participants to ex-
plore more prompts, images, and auditing criteria compared with
conditions without guidance (see Section 6.1.2). We also show that
visual and LLM-driven guidance are highly complementary, and
blending them can reduce user workload, improve performance,
and encourage a more systematic auditing process (see Section
6.2.3). Furthermore, we have revealed several interesting patterns
in their auditing process that serve as the basis for future person-
alized auditing tools (see Section 6.2.4). For example, we observed
breadth-oriented and depth-oriented patterns in both the creation
of prompts and criteria, suggesting a need for personalized auditing
guidance.

Ultimately, our work makes the following contributions:

• Vipera, a system that blends two distinct guidance modal-
ities for the auditing of T2I models: visual guidance from
an interactive, statistics-augmented scene graph, and LLM-
powered guidance of prompts and auditing criteria.

• An empirical study on 24 participants with various back-
ground in auditing that evaluates the system’s usability
as well as the distinct and combined effects of these guid-
ance modalities, demonstrating that their integration leads
to more systematic and thorough auditing with reduced
cognitive load compared to three ablated versions of the
system.

• A set of design implications for better blending visual and
LLM-driven guidance to support systematic T2I auditing, as
well as for incorporating tools like Vipera into real-world
organizational settings and beyond.

2 Related Work
2.1 Auditing generative AI (at scale)
Generative AI (GenAI) systems have sparked increasing societal
concerns due to potential harmful behaviors, such as social biases
and violence [20]. This has led to increased focus on detecting and
mitigating these issues through benchmarks like SafetyBench [80]
and AgentHarm [3]. However, the limited diversity of inputs and
contexts in these benchmarks hampers real-world performance
assessments [34].

AI audits have gained prominece as a method for uncovering
biased, discriminatory, or otherwise harmful behaviors in algorith-
mic systems [5, 7, 10, 27, 45, 47, 53, 60, 65, 69]. More recent research
have demonstrated the value of conducting AI audits to ensure
more safe and responsible GenAI, often even involving general
end users in the auditing process, as they can uncover overlooked
cases and provide insights [12, 17, 37, 64]. For example, Mack et al.
engaged 25 people with disabilities to review and reflect on images
generated by T2I systems they uncovered several nuanced soci-
etal stereotypes that extended beyond existing taxonomies, such as
“perpetuating broader narratives in society around disabled people
as primarily using wheelchairs, being sad and lonely, incapable, and
inactive” [42]. Similarly, Shelby et al. conducted workshops with
15 cross-cultural artists to synthesize folk theories related to the
use of T2I models, their potential harms, and harm reduction strate-
gies perceived by artists [63]. Finally, Deng et al. created WeAudit
system to engage 45 users in individually and collectively auditing
GenAI, with scaffolds to suppport users in providing actionable
insights to AI developers [17].

Prior research has primarily engaged people in auditing limited
sets of GenAI outputs, while acknowledging the needs for better
toolings for scalable, systemtic auditing [17, 63]. However, research
in HCI show that crowdsourced auditing remains challenging and
costly due to data scale and often narrow evalaution criteria [11, 15].
To this end, recent studies have begun to focus on scalable auditing
of generative AI, primarily addressing two key challenges. First,
evaluating large numbers of outputs within limited timeframes:
here, human-in-the-loop auditing combines large language models
for automatic evaluation with user-facing summaries [58, 62, 82],
and annotations and visualizations have been introduced to support
interpretation [14, 25]. Second, early auditing tools often relied on
rigid quantitative metrics, but recent efforts allow users to define
their own criteria [35].

However, aforementioned work on improving systematic audit-
ing has mainly focused on auditing text-to-text models. Extending
them to text-to-image models introduces new challenges: Images
contain rich semantic information (e.g., objects and styles) that can
lead to a diverse range of auditing criteria, yet there is a notable
lack of tools to assist auditors in interpreting auditing results for
iterative assessments in the image context [52]. To fill this gap,
our work introduces Vipera, which integrates visual cues
and AI-driven auditing suggestions, to support structured
and systematic exploration of auditing criteria in the image
domain. In next section, we exand on the unique challenges of
auditing image context.

2.2 Visual analytics for sensemaking image
collection

Sensemaking of large image collections plays a key role in auditing
T2I models at scale, and visual analytics approaches have proven ef-
fective in this context [1]. One common method involves clustering
images based on pixel or vector embeddings for visualization, which
supports various analytical tasks such as search and exploration,
comparison, and visual summarization [50, 61, 79]. To incorporate
image semantics alongside visual features, recent works identify
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Figure 1: The Vipera interface. (A) The input box for creating prompts and specifying the number of images. (B) The analysis
view for interactive auditing. Left: The prompts and AI-powered suggestions of auditing criteria and prompts. Right: The
generated images and an interactive scene graph summarizing the image semantics to inspire users and guide the auditing
process. (C) The note view for composing an auditing report.

semantic objects within images and extract concise textual repre-
sentations—such as keywords, descriptions, or captions. These text
analysis results facilitate tasks like semantic categorization and pat-
tern mining [39, 75, 77]. However, characterizing the relationships
between objects using plain text can be challenging. To address
this, scene graphs have emerged as a more expressive representa-
tion, where nodes denote semantic objects and edges illustrate their
relationships. This representation enhances detailed understanding
of image collections and improves analysis performance [23, 32].

With the advent of generative T2I models, a recently emerged
task is to visualize the relationship of between prompts and cor-
responding images. For instance, DreamSheets organizes prompts

and images in a spreadsheet layout to facilitate comparison [2].
Similarly, PrompTHis introduces an image variant graph to illus-
trate the semantic transitions of image clusters as users create new
prompts [26]. However, these approaches often struggle to support
sensemaking in large-scale image sets, where variations among
outputs for a single prompt can lead to overly condensed visual
clusters.

Drawing from prior work and situating it in the context of AI
auditing, Vipera first embeds bar charts within a tree-based
scene graph, revealing distributional patterns for images related to
individual prompts and allowing for comparisons across prompts.
Besides, Vipera leverages the scene graph as a visual aid to
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foster systematic and structured AI auditing while providing in-
spiration to auditors. Additionally, Vipera incorporates various
view coordinations to facilitate navigation between auditing
results and raw images for enhanced sensemaking. Our work
further contributes by evaluating these visualizations in the context
of systematic AI auditing, offering critical insights for developing
more effective auditing tools for text-to-image systems.

3 Design Study & Goals
3.1 Formative study
To inform Vipera’s design, we conducted a formative study with
two main objectives: (1) understanding the common practices and
challenges auditors face when evaluating generative text-to-image
(T2I) models, and (2) testing our hypothesis that a scene graph as
a visual aid could enhance insights and structure in the auditing
process.

3.1.1 Study setup.
Participants. The study involved five participants (P1-P5) re-

cruited from our collaborating institutions, including three Ph.D.
students, one Postdoctoral researcher, and one software engineer,
all of whom had prior experience in auditing generative AI or algo-
rithms.

Prototypes. Following parallel prototyping [21], we designed
two prototypes for the formative study, referred to as ViperaBase
and Baseline in the following discussions. As illustrated in Figure 2,
ViperaBase features a scene graph view, i.e., the zoomable node-link
diagram, alongside a prompt input box and image view, whereas
the Baseline includes all views except the scene graph view. In this
view, blue nodes represent objects, and green nodes indicate their
attributes, with labeled edges illustrating relationships. The size of
each node reflects the number of images containing that object or
attribute. Hovering over an attribute node displays a bar chart of
evaluation results.

The technical workflow for both prototypes began when a user
submitted a prompt to generate a set of images using the Stable
Diffusion v3-mediummodel. For the ViperaBase prototype, we then
utilized LLaVA v1.5 to process each generated image and extract its
semantics into an individual scene graph. These individual graphs
were subsequently aggregated to construct the final, comprehensive
scene graph view. This aggregation process involved merging iden-
tical nodes (e.g., all "doctor" nodes) and summing their frequencies
to inform the node size encoding.

Protocol.We first conducted semi-structured interviews to ex-
plore participants’ current auditing practices. Participants were
then tasked with auditing the Stable Diffusion model using both
prototypes in order (Baseline first, followed by ViperaBase). Each
auditing session lasted five minutes, during which participants se-
lected a prompt from the following prompts: a) A cinematic photo of
a doctor, b) A family having a picnic in the park, c) A peaceful nature
scene with diverse wildlife, and d) An award-winning chef preparing
a gourmet meal. We designed these prompts to cover various topics
(e.g., humanities, nature) and potential issues (e.g., bias on gender,
profession, and race) while preventing users from the cold-start
issue. The prompt would be used to generate 30 images, and the par-
ticipants were asked to explore these images for as many insights

as possible and note their insights and evidence in brief phrases
or sentences. After interacting with each prototype, participants
shared their reasoning processes. Finally, they provided feedback on
their perceptions of both prototypes and requirements for Vipera.
All study sessions were conducted online, and the average duration
of each session was approximately 50 minutes.

3.1.2 Findings. Our primary observations and insights from the
study are summarized as follows.

Typical scales and motivations for T2I auditing. All partici-
pants reported that the scale of auditing varies based on the specific
task.While the most common average scale for auditing was review-
ing around 10 images at once, some participants indicated that they
had audited hundreds of images simultaneously in certain cases.
Motivations for large-scale auditing differed among participants:
auditors who were also developers often engaged in systematic
testing. For example, P1 reported a pattern of category-based im-
age generation and auditing: “The occupations I used were teacher,
dishwasher, janitor, and then there were higher-class occupations like
CEO, lawyer, and doctor. I asked the model to generate a series of
images for each occupation, and then I used a visual assistant AI to
gather demographic data about the generated images. This allowed
me to collect information on what the model perceives a janitor and
a CEO to look like. I ended up generating around 30 images for each
of the 10 occupations, resulting in a total of about 300 images.” In
contrast, non-developer auditors preferred smaller scales typical
of their daily work but would analyze a larger image corpus if the
initial images have issues or did not meet their requirements. As
P3 noted, “I often focus on the image quality first... My goals would
be generating [ideal] images rather than testing the model.”

Auditing practices. Generally, the most common method for
auditing was described as “just looking at the images”. As P4 noted,
“Because usually just like simply looking at them, you can tell [the
issues].” However, participants acknowledged the time-consuming
nature of examining images at scale. Specifically, P1 and P4 utilized
generative AI tools with visual understanding capabilities, such
as GPT-4 and LLaVA [40], to gain observations or insights. P1
described his workflow: “I use the visual assistant AI called LLaVA to
examine images a lot... If you just create a pipeline where you create a
bunch of images and then send all these images to the visual assistant
AI, you can extract things like demographics on the images or just
any random thing.” Nonetheless, these tools presented challenges,
including inaccuracies or lackluster results (as noted by P4) and
visual anomalies—like distorted human hands—that could only be
identified by human reviewers (observed by P1). P4 specifically
mentioned: “So it’s not 100% accurate. That’s the biggest challenge...
it only works about like 90% of the time.”

Auditing criteria. The study shows that ViperaBase helped
users identify unnoticed abnormalities compared to Baseline. Par-
ticipants explained that this was because the additional scene graph
serves as a “check-list”, enabling them to examine the images in a
disciplined manner, compared to merely relying on their experience
and intuition in their usual workflow. P2 elaborated on the benefits:
“I think it’s good at just like telling you what is in the image. There’s a
lot of things that you don’t really notice when you’re just staring at the
image, staring at 20 images total. But when you get an AI to analyze
every single image and compile all the data, you can really get a sense
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Figure 2: The ViperaBase prototype used in the formative study, showing the generated images (right) and a scene graph (left)
for the user prompt (top). The scene graph is a node-link diagram where nodes indicate objects (or their attributes) within the
images and edges indicate the semantic relationships. Bar charts will be shown when hovering on attribute nodes.

of what the model is printing out.” Moreover, all of them agreed that
the node size encoding was helpful in uncovering minority objects,
while comparing the sizes between adjacent nodes was also likely
to yield interesting insights. As P3 noted: “So the fact that like the
size of the circles corresponding to the amount of that item inside the
image gives you a really good idea of the content of the images... So
I think just like the most helpful thing is just the size of the circle.”
However, three participants mentioned that the dense scene graph
was too time-consuming to go through, and they hoped to prune or
customize the graph, such as cutting out nodes with very few data
points (P1, P5) or adding evaluation criteria related to the keywords
in their prompts (P3).

3.2 Design goals
Based on the findings and feedback from the design study, we have
derived the following design goals (DGs):

DG1: Leverage intuitive and interactive visual aids for
structured, customizable auditing and effective result sense-
making. According to the formative study, the visual aids, in-
cluding the scene graph and the bar charts, might bring cognitive
load to users, despite their effectiveness in inspiring audit direc-
tions and helping users understand the images. According to the
user feedback, we infer two crucial reasons that account for this.
First, the graphical layout and the size of the scene graph might
overwhelm users, making them confused about where to focus on

during the analysis. The other was the lack of interactiveness in the
visual aids: the users were forced to reactively check the suggested
criteria instead of proactively creating them, limiting their creativ-
ity and activeness. Moreover, it is hard for users to associate the
statistics back with the images due to the lack of coordinated views.
Therefore, Vipera should grant users full agency through diverse
interactions while allowing them to navigate between visual cues
and data at any time.

DG2: Enable intuitive comparison of how the distribution
of large-scale image outputs changes across prompts. Com-
paring different images has been demonstrated as a rich source of
inspiration for auditing in prior literature [17, 64]. Likewise, we
hypothesize that comparing the distributions and prompts may
similarly provide abundant inspiration for users. To support this,
Vipera should facilitate easy comparison of prompts and image dis-
tributions while highlighting the differences through proper visual
assistance.

DG3: Promote divergent thinking by highlighting image
details and potential prompts that auditors might have over-
looked. Our formative study revealed that auditors often rely on
intuition and personal experience, which can lead to confirmation
bias and a failure to explore the model’s “unknown unknowns”[41].
This tendency limits the scope of an audit to familiar issues. To
break this pattern, Vipera should proactively surface unexpected
or novel avenues for investigation. This involves drawing attention
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to subtle image differences that human reviewers might miss and
suggesting new prompts that diverge from the user’s current line
of inquiry, thereby encouraging a more comprehensive and less
predictable auditing process.

DG4: Integrating the LLM-powered guidance with visual
guidance. While LLM-powered suggestions are effective for in-
spiration, they can feel abstract or disconnected from the data if
presented in isolation. Conversely, visual aids provide concrete
evidence but may lack context or actionable next steps. To create a
seamless and trustworthy workflow, Vipera should tightly couple
these two modalities. This means that LLM-driven guidance (e.g., a
suggested criterion) should be directly linked to the visual guidance
(e.g., the scene graph), while the visual guidance characterizes the
user’s current state of auditing and provides contexts for the genera-
tion of targeted and visually explainable guidance. This multimodal
loop aims to ground the AI’s reasoning, making its suggestions
more transparent and justifiable, while also making the visual data
more actionable for the user.

DG5: Assist auditors in documenting, synthesizing, com-
municating, and acting upon their audit findings. The ultimate
goal of an audit is to produce a coherent, evidence-backed report
that can inform stakeholders and drive action. The process of docu-
menting insights while simultaneously conducting an exploratory
analysis is cognitively demanding and often disjointed. To address
this, Vipera should integrate documentation directly into the ana-
lytical interface. This involves providing tools for auditors to seam-
lessly capture their thoughts, bookmark key visual evidence (such
as charts or specific images), and structure their findings as they
emerge, ultimately streamlining the transition from exploration to
a communicable, actionable report.

4 The Vipera System
This section presents the design and implementation details of
Vipera. As shown in Figure 1, three major components are included:
a input view for creating prompts and generating images (A), an
analysis view (B) for customizing the auditing process, seeking
guidance, and analyzing the results, and a note view (C) for report
generation.

4.1 Interface Design
4.1.1 Input view. The input view incorporates a input box for writ-
ing prompts, a numerical input box for specifying the number of
images to be generated, and a model selector for choosing the model
to be audited. The user can revisit this view at any time during the
auditing to create new prompts or images.

4.1.2 Analysis view. The analysis view consists of four subviews:
prompts, images, scene graph, and audit suggestions.

Prompts. The prompts view displays all prompts created by the
user, each encoded by a different color. By default, the results of all
prompts will be displayed and analyzed.

Images. The image view shows the thumbnails of the generated
images, with the border color indicating the corresponding prompt.
Users can click on the images to see the full-sized version, where a
bookmark button is provided for saving images of interest for later
report generation. In addition, they can hover on the image to see
the labels for the auditing criteria defined in the scene graph, and

meanwhile the associated nodes in the graph will be highlighted in
the scene graph (Figure 3). When they notice inaccurate labels, they
are also allowed to edit the labels by right-clicking on the image,
selecting the edit option in the consequent menu to enter a modal,
and manually editing the labels in it.

Scene graph. The scene graph serves as both a visual sum-
mary of the semantic contents within the images and a visual cue
for users to organize their auditing (DG1). Objects in the scene
graph are represented as nodes and organized in a tree layout based
on their semantic relationship. The tree layout is used to replace
the graphical one in ViperaBase to for better intuitiveness (DG1),
helping users organize their thoughts and navigate in the auditing
space.

To use the scene graph for auditing, users can add nodes to it by
right-clicking on existing nodes and selecting the "add" option in
the context menu to add a node. A user can specify the following
information when adding a node:

• Node type: Vipera supports two types of nodes: object
nodes and attribute nodes. Object nodes represent physical
objects or concepts in the images, while attribute nodes
are leaf nodes that represent specific properties or charac-
teristics of their parent object node. For example, non-leaf
nodes in Figure 1 such as foreground and doctor are object
nodes that describe the image semantics, while leaf nodes
like gender are attribute nodes that can used to evaluate
their parent nodes.

• Node name: The name of the node to be added.
• Scope: The scope of each node defines the prompts or im-

ages to which the current evaluation criteria (for attribute
nodes) or the criteria of descendant attribute nodes (for ob-
ject nodes) apply. This will help prevent evaluating all im-
ages against all criteria, which could be overwhelming and
lead to intent misalignment (e.g., evaluating the nurse im-
ages with the criteria “doctor’s gender”). Users can choose
to apply the criteria to all prompts, specific prompts, all im-
ages, or specific images. By default, all images and prompts
will be selected.

• Scope type: Since Vipera supports iterative creation of
prompts and auditing criteria, the scope of nodes in the
scene graph can be dynamic to accmmodate the prompts
and images to come. Given this, Vipera supports two scope
types: fixed and auto-extended. If an auto-extended scope
is specified, the criteria will be applied to newly generated
images, which is not the case for a fixed scope.

• Candidate values (optional): To prevent the LLM from
generating overly diversified labels for the images that
hardly leads to meaningful distinctions, Vipera allows user
to specify a list of predefined candidate label values for
classification (e.g., male and female for the attribute node
gender). If provided, the LLM will be constrained to choose
from this list when labeling images.

When an attribute node is added, the node will be used as a
criterium for a labeler LLM to label the images. The result labels
will be visualized in stacked bar charts with colors indicating the
corresponding prompts to facilitate comparison (DG2). Users can
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hover on the bars to navigate back to the matched images high-
lighted in the image view (Figure 3). Additionally, they can edit
the information of a node or choose to relabel the images based
on an attribute node via the context menu. A relabeling will also
be triggered when the user modifies the candidate values or the
scope. In this case, two options are provided: relabeling all images
or only relabeling images that are affected (i.e., contain a label that
is not within the candidate values or not in the scope). The user
can change the option in the relabeling modal.

Suggestions. Informed by DG3, Vipera provides two classes of
auditing guidance, audit analysis support and prompt suggestion, to
inspire users of new auditing criteria and prompts respectively.

• Audit analysis support. This module highlights two im-
ages with notable differences and suggests auditing ad-
ditional auditing criteria as nodes. To mitigate intent mis-
alignment caused by random selection, Vipera enables users
to choose from a diverse set of LLM-generated keywords
or create their own custom keywords for more targeted
suggestions. These keywords are injected into the prompt,
and suggestions are presented to the user only when the
LLM’s self-reported confidence score exceeds a predefined
threshold after several iterations, indicating a reliable iden-
tification of topic-relevant differences between the images.

• Prompt suggestion. This module promotes divergence
thinking by suggesting insightful prompts, replacing words
or phrases in existing prompts. Upon users deciding to try
out the prompt, Vipera will duplicate the existing auditing
criteria while generating new images, allowing for an effec-
tive comparison of results between different prompts. For
instance, when the user applies the suggestion replacing
the word “doctor” with “nurse” in the prompt “a cinematic
photo of a doctor”, Vipera will automatically add an object
node “nurse” to the sibling of “doctor” while duplicating
the descendent nodes of “doctor” in this new branch. Such
a transformation makes sure that the labeling results of
newly generated images for nurses will be displayed in the
correct branch.

4.1.3 Note view. To facilitate the authoring of auditing reports
(DG5), a note view is incorporated, which consists of two tabs: a
tab of General Notes that includes an input box for noting down the
overall insights, and a tab of Evidence that shows the bookmarked
charts and images. Detailed user comments can be appended to
specific charts or images as fine-grained insights. Moreover, Vipera
features LLM-powered auto-completion when users write in this
view to further enhance the auditing efficiency. The prompts, book-
marked items, and existing notes will be injected into a LLM to
generate the completion, which can be easily applied upon users
tap on the tab key on the keyboard.

4.2 User workflow and technical pipeline
Vipera has been developed and deployed as a web-based application.
Figure 4 shows the workflow of Vipera3. After generating images
from a user’s prompt, Vipera initiates the scene graph construction

3All system prompts used in the pipeline are provided in the appendix.
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Figure 3: View coordinations between the image view and
the scene graph. When the user hovers on an image, a pop-
up will appear showing its labels, and the relevant attribute
nodes in the scene graph will be highlighted. When the user
hovers on a bar in an embedded bar chart in the attribute
node, the corresponding images will be highlighted in the
image view.

Figure 4: Vipera’s technical pipeline. Black edges indicate the
data flow: (A) The prompt from the user is fed to T2I model
to generate images. (B) A scene graph is generated from the
images (see Figure 5 for details). (C) Upon an attribute node is
added to the scene graph, the images will be labeled using the
specified criteria. (D) The labels will be aggregated and visu-
alized as a stacked bar chart. (E) The charts will be embedded
into the attribute nodes of the scene graph for rendering. (F)
The images and charts will be added to the auditing report
upon being bookmarked by the user, with the user’s com-
ments attached to them. Blue edges indicate the inspiration
flow for iterative auditing: Prompts and auditing criteria can
be inspired by inspecting the images (a), thinking with the
scene graph (b), and applying the LLM-driven guidance (c).

process, which is detailed in Figure 5. It starts by randomly sam-
pling four images (or all, if fewer than four are available) to serve as
a representative basis for the initial scene graph (Figure 5A). While
this small sample may not capture the entire corpus, it provides a
manageable starting point for the user. For each sampled image,
Vipera prompts an omni-modal LLM (Gemini 2.5 Flash in our im-
plementation) to extract a tree-based scene graph that captures the
image’s semantics (Figure 5B). The LLM is instructed to identify
key physical objects and notable features and organize them into a
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Figure 5: The detailed technical pipeline for generating the
initial scene graph. (A) A random subset is sampled from
the images. (B) For each image, an individual scene graph
is generated through an omni-modal LLM. (C) The result
scene graphs are merged into one. (D) The result is pruned
by keeping a maximum of five leaf nodes.

tree structure. To provide a consistent high-level organization, we
constrain the first level of the tree to “foreground” and “background”
nodes in our study, which is an intuitive and widely applicable
distinction. The resulting scene graphs from the four images are
then merged, with their leaf nodes combined (Figure 5C). To avoid
overwhelming the user, a maximum of five leaf nodes are randomly
selected for the final aggregated scene graph (Figure 5D, DG1).

With the scene graph serving as a visual summary, users can
add object or attribute nodes, where attribute nodes will serve as
auditing criteria. When an attribute node is added, Vipera begins
to evaluate and label the images using this criterium (Figure 4C).
First, it updates the scene graph with the new node and ensures
that all images within the new node’s scope are also included in the
scope of its ancestor nodes up to the root. Then, it extracts a partial
graph schema, which is a subset of the scene graph containing the
new node and its path to the root. This schema is used to prompt a
omni-modal LLM (GPT-5-mini in our implementation) to generate
a label for each image within the specified scope. If the user has
defined candidate values for the attribute, the LLM is constrained to
choose from that list. The resulting labels are then aggregated, and
their distribution is visualized as a stacked bar chart (Figure 4D)
embedded into the added node using the D3.js library4 (Figure 4E).
Furthermore, users can bookmark the images and the charts within
scene graph nodes at any time during auditing and comment about
them in the note view for an auditing report (Figure 4F).

Additionally, users can benefit from diverse sources of inspira-
tions for iterative exploration of prompts and auditing criteria in
Vipera, illustrated as blue arrows in Figure 4. Specifically, they may
inspect the images carefully to get insights and new inspirations for
prompts and criteria (Figure 4a). Such inspirations may also come
from the scene graph, where the user either thinks with its structure
about potential nodes to be added or examine the embedded charts
for insights (Figure 4b). Finally, they may adopt the LLM-powered
suggestions at any time for new auditing ideas (Figure 4c). Such
an inspiration loop is built upon the artifacts from the data loop
and serves as the engine for the user workflow, promoting iterative,
mixed-initative, and comprehensive auditing.

4https://d3js.org/

4.3 Usage Scenario
Nowwe illustrate Vipera’s workflow using the story of Bob, an audi-
tor tasked with evaluating the Stable Diffusion model for potential
biases.

To begin his audit, Bob enters the prompt “A cinematic photo of a
doctor” into the input view and generates 15 images (Figure 1, step 1).
Vipera populates the analysis view with the prompt and the images,
while showing a corresponding scene graph that characterizes the
semantics of images (Figure 1, step 2). The graph organizes the
content into foreground (e.g., doctor, nurse) and background (e.g.,
office, medical equipment) nodes.

With the scene graph as an overview of the images’ contents, Bob
organized his thoughts and decided to start from the doctor node.
He right-clicked on this node and chose to add a child in the context
menu (Figure 1, step 3). The new node was an attribute node named
gender with candidate valuesmale and female. Vipera automatically
labeled the images based on the gender of the doctor and visualized
the results in the bar chart embedded in the new node. Realizing all
doctors were male from this chart, Bob bookmarked it as evidence
and documented his insights in the notes view (Figure 1, step 4).

Afterwards, Bob felt tired to come up with new auditing ideas
and decided to refer to the AI suggestions. He first examined the
Audit Analysis Support, which highlighted two images with a key
difference and suggested adding a stethoscope attribute to the doctor
node. Bob found the suggestion insightful and applied the sugges-
tion (Figure 1, step 5). The resulting chart showed that some doctors
were not wearing a stethoscope. To verify this, he hovered over
the corresponding bar, which highlighted the specific images in the
image view (Figure 3), allowing for rapid, coordinated sensemaking.

Next, Bob noticed the Prompt Suggestion recommending he
replace “doctor” with “nurse” to explore a related profession. He
accepted the prompt, and Vipera generated a new set of images
(Figure 1, step 6). Crucially, the system also added a new nurse
branch to the scene graph and automatically duplicated the existing
criteria (gender and stethoscope) under it. With Vipera’s color-coded
bar charts, Bob compared the results of these two prompts on
the scene graph easily and acquired new insights in occupational
stereotypes. From this point, Bob can continue his audit through
multiple iterations of structured exploration and comparison.

5 User Study
We have conducted a user study to evaluate the usability and
effectiveness of Vipera. Our main goal was to understand how
Vipera’s core features—the Scene Graph and AI-powered sugges-
tions—influence the process and outcomes of different AI auditing
tasks. We were also interested in the usage patterns revealed from
the user’s auditing process.

5.1 Study Design and Methodology
Participants.We recruited 24 participants (P1-P24, 14 males and
10 females). Among them, 20 were general student auditors re-
cruited from our institution (4 undergraduates, 7 Master’s, and 9
Ph.D students) who reported an average familiarity with AI au-
diting (M=3.04/5, SD=1.16) and use T2I models with an average
frequency (M=2.92/5, SD=0.929). The remaining 4 participants were
expert auditors recruited from both academic and industry who
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Figure 6: The additional Criteria View added to Systems A
and C. Users are allowed to add auditing criteria, and the
results will be visualized as bar charts in the respective cards.
Each criterium card includes three buttons for editing the
criterium, relabeling the images, and bookmarking the cri-
terium, respectively.

had rich experience and knowledge in AI auditing. The ages of the
participants ranged from 20-29, with an average of 23.9.

Baseline. There were four systems (A-D) used in the study,
including three baseline systems adapted from Vipera (A-C) and
the original Vipera system (D).

• SystemA: The systemwas adapted fromVipera by removing
both the AI auditing support and the scene graph. To equip
the system with minimum auditing capabilities, we added
an additional criteria view to this system allowing criteria
creation and result visualization, as depicted in Figure 6.
User can add auditing criteria, set candidate values and
scope for labeling as in Vipera.

• System B: The system was adapted from Vipera by merely
removing the AI auditing support.

• System C: The system was adapted from Vipera by remov-
ing the scene graph and replacing it with the same criteria
view as in System A.

Tasks. Participants were asked to audit the Stable Diffusion XL
model. They were assigned one of four initial prompts designed
to elicit a range of potential biases and quality issues: (a) A couple
on their wedding day, (b) A family having a picnic in the park, (c)
Worldwide athletes in the Olympic Games, or (d) An award-winning
chef preparing a gourmet meal. These prompts are able to cover
diverse topics and image features, such as individuals (a, d), and
crowd (b, c), country (c), occupation bias (a, c), cultural issues and
potential bias (c, d). Participants were instructed to explore the
model’s behavior freely from this starting point.

Procedure. Each session lasted approximately 90 minutes. After
providing informed consent, participants completed a demographic
questionnaire. They were then equally divided into two groups
(Group I and Group II), with the distribution of general and expert
auditors kept consistent across both groups. The study employed
a mixed design where participants in Group I used systems A, B,
and D, while those in Group II used systems A, C, and D. Before
using each system, they were provided a tutorial on the system,
followed by a warm-up session of up to 5 minutes to familiar them-
selves with the interface. Subsequently, they were given 15 minutes
to perform an auditing task, with the goal of acquiring as many
insights as possible. To balance between controlled comparison
and free exploration, all participants began with their assigned
prompt but were free to write subsequent prompts on the same
topic. Each starting prompt was assigned to an equal number of
participants. They were also instructed to note down their insights

in phrases or short sentences as soon as they get them to eventually
form an auditing report after using each system. We employed the
think-aloud protocol [38] to capture their reasoning process. After
completing the tasks with all three systems, participants filled out
a questionnaire that included NASA-TLX scales for each system
and several 7-point Likert scales to rate the usefulness of system
components. The study concluded with a semi-structured interview
to gather qualitative feedback. Participants received a $10 gift card
as the compensation for their time. All sessions were both screen-
and audio-recorded. The study proposal has been approved by the
IRB committee of our institution.

Data collected and analysis.We collected multiple forms of
data for each participant: three auditing reports (one for each sys-
tem used), pre- and post-study questionnaires, system interaction
logs, and full session recordings. Our analysis approachwas twofold.
Quantitative data from the questionnaire responses and system in-
teraction logs were analyzed using statistical methods to assess per-
formance and usability. Qualitative data from the auditing reports
and transcripts from the think-aloud protocol and semi-structured
interviews, were analyzed using thematic analysis [9] to identify
user strategies, reasoning patterns, and key feedback themes.

6 Results
In this section, we share the results from our controlled experiments.
In particular, analysis of the NASA-TLX questionnaire responses
revealed that participants reported lower workload and improved
performance when using Vipera—especially with the AI auditing
support—compared to the baseline. Auditing logs show that Vipera
helped participants create more auditing criteria through interac-
tion with AI support and visual guidance. Our interviews with
practitioners also revealed nuanced trade-offs between scaffold-
ing systematic auditing while managing cognitive demand, per-
sonalizing recommendations, and leveraging resources tailored to
individual auditors.

6.1 Mixed-method Analysis of Questionnaires
and Audit Logs

6.1.1 Questionnaires. The detailed distribution of participants’
rating on NASA-TLX scales is illustrated in Figure 7. Overall, par-
ticipants reported less workload in all NASA-TLX dimensions and
better performance on average when using Vipera (D) compared
with the baseline (A). The difference was significant in the Mental
Demand (t=-2.055, p=0.0257), Physical Demand (t=-2.061, p=0.0254),
and Performance (t=2.685, p=0.0066) dimensions. These results
show that Vipera is generally effective in reducing users’ perceived
workload and improve the auditing performance.

For participants in Group I, we observed a general pattern of
reduced Physical Demand and Temporal Demand and increased
Performance across the sequence fromA toD as shown in the Group
I panel. Specifically, Performance improved significantly from A to
B (t = 3.023, p = 0.0058), and from B to D the reported increase in
Performancewas also significant (t = 1.876, p = 0.0437). Note that the
latter p-value is modest and multiple comparisons were performed;
if corrections for multiple testing are applied the significance of
some comparisons may change. It is worth noting that the Mental
Demand in A and B has the same median with the average of B
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slightly higher, and meanwhile the median of both of them are
higher than D. Overall, these results suggest that the scene graph
alone may increase mental demand, while subsequent addition
of the AI auditing support (D) reduces workload and improves
performance, but order and multiple-comparison concerns warrant
cautious interpretation.

Meanwhile, for participants in Group II, System C generally
shows a lower workload than System A across multiple dimensions,
including Mental Demand, Physical Demand, Temporal Demand,
and Effort. Figure 7 also indicates that Performance and Frustration
across A, C, and D are broadly comparable with overlapping dis-
tributions. Statistical comparisons show that participants reported
significantly lower Mental Demand (t = -5.063, p = 0.0002), Physical
Demand (t = -1.959, p = 0.038), Temporal Demand (t = -2.077, p =
0.031), and Effort (t = -2.803, p = 0.0086) for System C compared
with System A. They also reported significantly higher Temporal
Demand for System D compared with C (t = 2.569, p = 0.0130).
These results indicate that the AI auditing support can effectively
reduce users’ mental workload and effort when added alone, while
the scene graph may introduce additional temporal demand when
added alongside the AI auditing support. Most participants attrib-
uted this extra temporal demand to the significant amount of time
spent on exploring promising auditing criteria when the scene
graph is present. A few participants also mentioned the fact that
it is naturally difficult to find useful criteria and get insights in
systems used at a later time when they have already explored the
model extensively in the previous systems.

In addition, participants generally perceived all components
within Vipera as helpful, with an average rating of 3.50 (SD=0.885)
and 3.67 (SD=0.868) on the scene graph and AI auditing support,
respectively. They also appreciated the automatic labeling of images
(M=3.375, SD=0.970) and note-taking features (M=3.71, SD=1.083).

6.1.2 Auditing logs. We measured the number of prompts, gen-
erated images, used criteria, and bookmarked charts or images
used by each user in each system, as illustrated in Figure 8. Note
that we use the number of bookmarks as a proxy to evaluate the
number of insights despite potential misrepresentation, given that
it is hard to define an atomic insight for calculation. The results
show that the introduction of guidance had a notable effect on user
behavior. Specifically, users created more auditing criteria in all
guided systems (B, C, and D) compared to the baseline (System A),
with the highest number of criteria being used in the full Vipera
system (System D). A similar trend was observed for prompts and
images, though the increase was primarily driven by the systems
featuring AI auditing support (Systems C and D). In contrast, the
addition of the scene graph alone (System B) did not lead to a no-
ticeable increase in the number of prompts or images. Conversely,
we observed a consistent and significant decrease in the number
of bookmarked charts across the guided systems. This effect was
most pronounced in Systems C and D, suggesting that the presence
of AI support may have shifted users’ focus from documenting
existing views to actively exploring new criteria and prompts. This
interpretation aligns with participants’ feedback in the interview,
which indicated that more effort was spent on exploration when
using Vipera’s advanced features.

One interesting discovery is that the introduction of AI auditing
support (System A vs. C; System B vs. D) consistently leads to an
increase in the number of prompts, images, and criteria, as well as
a consistent decrease in bookmarked charts or images. This shows
that auditing support powered by AI is beneficial and inspirational
for most participants despite the extra effort in exploration. By
contrast, the effect brought by the introduction of the scene graph
(System A vs. B; System C vs. D) was more diverse and random,
varying from person to person.

We also evaluated the auditing pattern and efficiency of partic-
ipants. Overall, we found that in Systems C and D, respectively,
87.2% and 78.4% of the criteria were authored by AI, while only
61.8% and 50.8% of the prompts were generated by AI. This re-
veals that participants desired more agency and control in writing
prompts than criteria. We also observed a high consistency in users’
prompts: the average pairwise BERT [19] cosine similarity between
all user-generated prompts within each session was 0.904 (on a
0–1 scale), showing that most participants intentionally utilized
similar prompts to facilitate comparison. Meanwhile, we observed
that each prompt led to 1.2, 1.2, 0.9, and 0.8 bookmarks on aver-
age in Systems A-D, respectively, showing a decrease in auditing
efficiency despite the broadened auditing scope.

Notice that we also calculated the average number of prompts,
images, criteria, and bookmarks for each starting prompt, but we
didn’t find any major and consistent impact of the starting prompt
on these metrics.

6.1.3 Auditing reports. We also conducted thematic analysis on
the auditing insights authored by the participants. The results are
shown in Table 1. We find that almost all participants paid signifi-
cant attention to evaluating the quality of images, assessing them
from pixel-level (e.g., resolution), component level (e.g., human
anatomy), to a macro level (e.g., theme and style). We summarize
them into three subcategories: Exquisiteness, Authenticity, and Style.
Many of them also moved beyond single-image evaluation, focusing
on multi-image features like distribution and diversity.

Another common focus is Prompt Interpretation, where partici-
pants investigated if the generated images aligned with the prompt,
common sense, or their understanding. This reveals the gap be-
tween the knowledge of existing T2I models and both the objective
world and the specific auditor.

Furthermore, a few auditors mentioned their reasoning for the
LLM’s behavior in their insights. With the help of visualizations
in Vipera, like stacked bar charts, participants were enabled to
compare images and their distributions from different prompts
easily. Some of them summarized the LLM’s tendency in image
creation or even explained it, proposing assumptions about the
LLM’s training sets.

It’s worth noting that although we clarified in the system tutorial
that the task was to audit the T2I model specifically, a few partici-
pants still misunderstood the goal and commented on other system
components, such as the scene graph and the AI labeler. Relatedly,
while many participants noticed the errors of the AI labeler, only
about half of them tried to correct the errors or asked for relabeling
with modified expressions, with many participants ending up trust-
ing the wrong results. This pattern extends prior work on aligning
user intents with LLM-based judges [49, 62], showing that even
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Figure 7: Participants’ ratings on the NASA-TLX scale. The first subplot shows a rating comparison ratings of all participants
on the Baseline (A) and Vipera (D), while the other two subplots shows detailed rating comparison for the three systems used
by participants in each group. The white marks on the boxes indicate the medians.
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Figure 8: The number of prompts, images, used criteria, and bookmarked charts or images in each systemused by the participants.
Error bars indicate standard error of the mean.

when users are prompted to evaluate a specific component, failures
in automated judges can go unchallenged, so such tools should be
treated and deployed with caution.

6.2 Qualitative Findings from Interviews
Our main insights from the semi-structured interviews are summa-
rized below.

6.2.1 The scene graph encourages systematic auditing while
bringing additional cognitive demand and pressure. We re-
ceived divided opinions on the effect of the scene graph. Participants
in favor of this visual guidance suggested that it provided them
with a general overview of the images, served as a good source
of inspiration, and encouraged systematic thinking and attention
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Table 1: Thematic analysis results of the participants’ auditing insights.

Category Subcategory Example quotes (participant ID)

A. Quality A1. Exquisiteness “The details are slightly lacking” (P08); “The picture looks
beautiful” (P16); “Mosaics appearing” (P19)

A2. Authenticity “The person looks like a dummy” (P02); “The dishes are
floating” (P12); “People’s faces look distorted” (P05)

A3. Style “Prefer to see more realistic images but the majority are
artistic” (P21)

A4. Diversity “The characters are highly homogeneous” (P19); “Racial
bias” (P02); “AI may discriminate unwealthy people” (P13)

B. Prompt Interpretation B1. Alignment with the prompt “The content of the picture aligns with the ’worldwide’
theme” (P15); “No ’athletes’ in the image” (P03)

B2. Alignment with common sense “There are six fingers in one hand” (P08); “People’s mood
is wrong; they should be happy on the wedding day” (P05)

B3. Alignment with user understanding “Even if I added the word ’beautiful’ to the prompt, the
images were still ugly” (P02); “It misunderstood me” (P03)

C. Reasoning for LLM Behavior C1. Prompt comparison “The pictures are better when more details are included in
the prompt” (P06)

C2. Express the tendency of the LLM “The chance of errors increases when more elements exist”
(P16); “LLM didn’t understand subjective keywords well”
(P02)

C3. Explain for the LLM behavior “I probably want a more diverse set of colors. Could be
attributed to most of the training images having this color”
(P21)

D. Critic on the system “AI gives me more options... But the recommended prompt
may have little novelty” (P14); “The classification of images
is problematic” (P06)

to detail, ultimately making them feel more productive and confi-
dent. For instance, P1 noted, “I was used to focusing on the macro
scenario in the image and treating it as a whole, but the scene graph
made me realize that images could be decomposed into individual
elements.” P21 similarly mentioned that the scene graph gave him
“a systematic understanding of the images’ compositions”. Moreover,
we observed that some participants acquired inspirations from in-
teracting with the scene graph. P3 mentioned that apart from the
tree structure and the node contents, the results of open labeling
(i.e., without predefined candidate values) could also be inspiring,
reminding him of “corner cases”. However, others found the scene
graph’s complexity to be a barrier, citing a steep learning curve and
information overload. This structured approach also had a psycho-
logical cost for some. P06 and P09, for instance, felt pressured by the
graph, stating it limited the “free-form authoring” he preferred and
undermined his sense of agency. Additionally, several participants
expressed neutral views. P21 and P08 argued that the usefulness of
the scene graph was most prominent when the prompts or images
were abstract (i.e., with unclear scenes or in an artistic style), which
were easier to assess using the scene graph compared with direct
inspection. P21 further indicated that the scene graph’s usefulness
was content-dependent, asserting that nodes related to human char-
acters or biases were more beneficial than those focusing on minor
details.

6.2.2 AI-powered auditing suggestions, though inspiring
and effort-saving, needed to be personalized and upskilled.

While most participants agreed on the inspiration and saved ef-
fort from AI, they suggested various opportunities for improve-
ment. Some participants (P02, P09, P11, P12, P22) believed that
the performance of AI auditing support might decrease over time,
with the LLM’s creativity “converged” at some point, providing
recommendations that were repetitive, not interesting, or did not
make sense. P1 and P21 noted that the LLM tended to modify the
original prompt too much when suggesting new prompts, causing
significant changes to the images and hence hindering comparison.
Others expressed their desire for more personalized suggestions
that take the system state and interaction history into account. In
addition, we noticed that while Vipera allowed users to customize
LLM suggestions through selected keywords or topics, few par-
ticipants viewed this feature as useful. P07 and P20 described the
process of manually aligning the LLM as demanding and reactive.
By contrast, they preferred a more proactive, LLM-driven approach
that anticipates their preference and adapts automatically.

6.2.3 Effective auditing relies on drawing on diverse sources
of insight and integrating them to perform a comprehensive
assessment. Based on the interviews and our inspection of the
task process, we have observed six major sources of insights that
motivate user interactions during the task: direct image inspection,
the scene graph, the AI auditing support, comparing results from
different prompts, personal experience, and serendipity. Almost
all of them were commonly integrated by all participants with no
significant differences between general and expert auditors. Con-
trary to our assumption that expert auditors may prefer advanced
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auditing techniques, P22, an expert auditor, highly relied on direct
inspection. He shared that “examining the images is super effec-
tive...If I were asked to start by using the second (C) or third system
(D) without actually trying the first (A), I would probably just rely on
AI guidance without noticing the insights from checking the images,
since I am a lazy person.”

6.2.4 The auditing approaches varied among participants,
with both breadth-oriented and depth-oriented patterns in
prompts and criteria. Participants showed various patterns dur-
ing their auditing process and expressed distinct rationales in the in-
terview. Most participants followed a pattern where they attempted
a diverse range of criteria on only a few prompts. For instance, 9
participants used fewer than 2 prompts on average among all three
systems, with four of them spending most time exploring distinct
criteria. P3 explained that he began the task with several rough
auditing criteria in mind, so he tended to exhaust those criteria on
existing images before moving on to new ones. P18 shared that
she found the images from the initial prompt to be of extremely
low quality, leading her to spend significant time evaluating them
thoroughly without time for exploring other prompts. By contrast,
some participants followed another approach, iteratively refining
prompts based on new insights in a manner similar to prompt en-
gineering. P5 and P6 explained that, rather than assessing images
from multiple perspectives, they tried to obtain satisfactory images
after finding the initial outputs unsatisfactory and therefore fo-
cused on how model behavior changed across successive prompts.
Although some participants ultimately obtained images they were
happy with, P6 did not and became frustrated, noting down his
constraints in the auditing report. We also noticed one participant,
P1, who tried to balance between breadth and depth when explor-
ing prompts and criteria. He noted, “whenever I felt that I dived too
much in a specific direction, I told myself to think about other ways”.

7 Limitations
Our study has several limitations. First, we have identified several
threats to the validity of our study. For instance, our controlled
experiment, conducted in a lab-like setting with a fixed duration,
may not fully capture the open-ended and long-term nature of
real-world auditing tasks. Meanwhile, our participant pool con-
sisted primarily of student auditors, whose workflows may differ
from those of professional red teamers or compliance officers. The
generalizability of our findings could be strengthened by future
longitudinal deployments with a more diverse range of experts and
domain-specific prompts. Furthermore, we used in our analysis
bookmarks as a proxy for insights, a metric that future work could
refine. The fixed order of system presentation could also introduce
potential learning or fatigue effects, as the difficulty of finding new
insights naturally increases over the course of a session. Finally,
while Vipera can be extended to audit multiple T2I models in par-
allel, doing so likely requires further work to adapt guidance and
reconcile differences across models.

8 Discussion
Based on our results, in this section we discuss opportunities to
better support the design, development, and evaluation of AI au-
diting tools that enable more systematic auditing. In particular, we

highlight how visual guidance can scaffold auditors before, during,
and after their work by making complex results more interpretable
and actionable. We also examine how AI-driven inspirations and
guidance can be designed to better adapt to users’ goals, drawing on
our empirical findings. In addition, we shed light on best practices
for integrating different forms of guidance to support human–AI
collaboration in auditing. Finally, we discuss the potential to embed
tools like Vipera into on-the-ground responsible AI workflows in
industry settings and beyond. Together, these opportunities outline
design directions for building future auditing tools capable of scal-
ing to the complexity and diversity of generative AI systems, while
enhancing and complementing auditors’ capacity of sensemaking
AI outputs at scale.

8.1 Opportunities from involving visual
guidance in algorithm auditing

Prior works on AI auditing have explored various types of guid-
ance ranging from community, algorithmic, to expert [17, 64]. Our
findings reveal the numerous opportunities brought by providing
visual guidance. Specifically, we show that users could benefit from
visual guidance throughout the auditing process: before auditing,
it can help users organize their thoughts and provide inspiration
(see Section 6.2.1). During auditing, it can serve as an interactive
environment for seamless auditing. After auditing, it can organize
the results for systematic analysis. Furthermore, we demonstrate
the effectiveness of augmenting auditing with the scene graph in
improving the confidence and production of users.

Drawing from prior works in data visualization [76], future au-
diting interfaces could explore different visual designs that adapt
with input modality, the visual literacy of auditors, and the themes
or topics of auditing. For instance, visualizations could take the
form of timelines to capture changes across iterative audits, given
similar practices in visualizing iterations of data or code [22, 30, 70].
Auditing interface could also leverage keyword or topic visualiza-
tions such as word cloud [29], cluster maps, or document cards [67]
to reveal patterns across diverse user reports. Finally, there are op-
portunities where existing theories and techniques for visualization
recommendation (e.g., [55]) or proactive visual analytics support
(e.g., [73, 81]) can be integrated, augmenting the auditing process
with guided visual data analysis.

8.2 Leveraging AI for inspirations and guidance
in AI auditing

While providing algorithmic guidance has been shown helpful for
auditors’ working process [64],

Building on insights from how participants perceived and in-
teracted with AI-generated auditing guidance (see Section 6.2.2),
our study extends existing suggestions (e.g., [17, 37, 64]) for design-
ing AI-powered auditing guidance and suggests several advanced
lessons.

First, as we shown that AI-generated auditing guidance should
be personalized and built upon the inference of user’s goals or
preferences. Future design could consider taking advantage of users’
interactions, learning from users’ feedback, and providing guidance
that matches users’ focus, as demonstrated in prior literature [28,
66].
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Second, a number of participants suggested that AI-generated
guidance should incorporate mechanisms to avoid repetitiveness
and maintain novelty and relevance over prolonged use. In future
interaction design, users should be informed when guidance on
auditing criteria (or prompts) is going to converge so that they can
try to generate new prompts (or criteria) purposefully. Alternatively,
higher sampling temperature or nucleus sampling could be used
periodically to surface diverse suggestions.

Finally, as we found that AI-generated guidance still lacks high-
level rationales, effective auditing strategies should be injected into
the training process of LLMs beyond relevant knowledge. They
can benefit from learning expert practices, such as slightly varying
the prompt with controlled variates at each time. This necessitates
studies on effective auditing techniques as well as the development
of tools capable of eliciting such strategies.

8.3 Integrating different types of guidance for
effective human-AI collaboration

Our findings indicate that combining visual and LLM-driven guid-
ance is more effective than either modality alone for reducing
user workload and improving auditing performance (Section 6.2.3).
These modalities play complementary roles and mitigate each
other’s weaknesses: visual guidance conveys concrete, situational
information (e.g., UI state, highlighted anomalies, and semantic
relationships among auditing criteria) that helps both users and
models ground their reasoning, while LLM-driven guidance syn-
thesizes context, generates high-level hypotheses, and proposes
next-step strategies. Specifically, the LLM can substantially reduce
the additional cognitive load introduced by visual guidance by sum-
marizing and prioritizing visual information; conversely, visual
guidance helps the LLM and users by communicating system state
and on-screen evidence in an immediately perceivable form. To-
gether, they streamline iterative sense-making: visual cues attract
attention and reduce search cost, while textual LLM explanations
contextualize those cues, translate model inferences into actionable
audit steps, and justify recommendations in familiar language.

Practically, this multimodal loop improves transparency and
trust by making the AI’s reasoning traceable (users can link sugges-
tions to visual cues), supports progressive disclosure of complexity
(e.g., intricate criteria can be hierarchically represented and re-
vealed through the scene graph), and accommodates diverse user
preferences and expertise levels. To fully realize these benefits, sys-
tem designs should tightly couple the modalities, such as enabling
cross-modal interactions like clicking a visual highlight to obtain
an LLM justification. Future work could draw from recent systems
[24, 81] to design such interactions.

8.4 Incorporating intelligent auditing system
into real world

Through designing, developing, and evaluating Vipera, our work
provides initial empirical evidence and design implications for creat-
ing better auditing tools that can systematically surface and support
sensemaking of potentially problematic AI-generated image outputs
(see Section 6.1 and 6.2). However, as noted in our Limitations sec-
tion (see 7), future work is much needed to evaluate Vipera in more

ecologically valid environments with real-world auditors in indus-
try settings and beyond, aligning with many calls from prior work
on studying responsible AI practices in real-world contexts [6, 33].
To better situate Vipera in current developer workflows in light of
the calls from recent RAI tool development in HCI [16, 72], future
deployments of Vipera could integrate into Jupyter notebooks or
other in-house developer tools, rather than existing as a stand-alone
system, thereby reducing adoption friction.

In addition, because AI auditing and other RAI practices should
be collaborative efforts among cross-functional teams [18, 31, 51,
71], future researchers could extend Vipera and similar auditing
interfaces to support communication across different roles. For in-
stance, inspired by prior work in HCI and RAI [8, 78], the “Note
view” feature (see 4.1.3) could be more explicitly designed to help
auditors or model evaluators communicate auditing results to busi-
ness analysts or leadership without technical backgrounds.

Finally, a large body of HCI and RAI research has shown that
practitioners often encounter pushback from leadership when ad-
vocating for more responsible technologies [36, 43, 56]. Moreover,
despite the growing number of RAI tools, organizational studies of
industry practices highlight how the profit-driven and fast-paced
nature of industry work frequently discourages meaningful RAI
engagement [59, 74]. While our results demonstrate greater time ef-
ficiency for auditors (see Section 6.1), future work should explicitly
examine how tools like Vipera would be socially situated within
organizational contexts, and what roles computational tools for
systematic GenAI auditing can—and should—play within broader
RAI efforts in industry.

8.5 Future work
In addition, we have summarized several promising directions for
future research. First, participants expressed a desire for more per-
sonalized and proactive guidance. Future versions could incorporate
a user model that learns an auditor’s focus to anticipate their needs
and surface more relevant suggestions. Second, our observation
that users often did not correct errors made by the AI labeler points
to a need for improving human-AI collaboration. Future interfaces
could integrate confidence scores, label explanations, and more
intuitive correction mechanisms to foster greater user engagement
and trust. Finally, the system could be enhanced by expanding the
granularity of auditing guidance and cross-modal interactions, such
as linking anomalies in charts to the pixel-level areas within the
raw image data to create a more fine-grained sensemaking loop.

9 Conclusion
We introduce Vipera, an innovative system designed to enhance the
systematic auditing of these models by providing structured multi-
faceted analysis and LLM-powered suggestions. Vipera further
leverages multiple visual aids, including scene graphs and stacked
bar charts, to facilitate intuitive sensemaking of auditing results and
assist auditors in streamlining and organizing their auditing. Our
user study confirms Vipera’s usability and effectiveness, demon-
strating its potential to help auditors navigate the complex auditing
landscape while uncovering new insights. We believe Vipera will
contribute significantly to the advancement of end-user auditing
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and foster more responsible human-AI collaboration in creative
applications.
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