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Machine learning systems are often inspected through 2D projections of high-dimensional representations
using techniques such as t-SNE or UMAP. While these visualizations provide useful overviews of clustering
and similarity, they are inherently static: they display only the existing data points and do not allow users
to interactively explore a model’s decision space. We present an interactive exploration system — LAPEX—
that uses a Variational Autoencoder (VAE) as a generative proxy over a model’s training distribution, turning
the latent space into a navigable workspace for model sensemaking. Unlike static embeddings, the proxy
provides an explicit decoding path from latent coordinates to inputs, enabling interaction patterns such as
continuous sampling, interpolation between anchors, and region probing. We operationalize these capabilities
through a set of interactive probes that augment a familiar scatter-plot overview with generative overlays for
comparing transitions between classes and examining sparsely populated regions. A within-subject formative
study (N = 16) comparing an interactive VAE-based method to a static t-SNE baseline shows that generative
interaction substantially improves counterfactual reasoning and influences how users assess model behavior
in sparse or uncertain regions, while static embeddings sometimes provide clearer boundary perception.
From these findings, we derive concrete design guidelines and architectural considerations for engineering
interactive Al model exploration systems using generative latent representations.
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1 Introduction

A central challenge in modern Al is the black-box problem: unlike early approaches, such as decision
trees that are human-readable, today’s deep neural networks are far less transparent [38, 62].
Explainable AI (XAI) addresses this by coupling predictions with explanations that clarify the
reasoning behind those predictions [15]. However, approaches often remain static, cover only a
narrow set of questions, and primarily support developers [1, 9, 60, 68]. A common interface for
inspecting model behavior at scale is a 2D embedding view obtained via dimensionality reduction
(e.g., t-SNE [58] or UMAP [44]) that shows a scatter plot of existing data points. While such
views can be effective for overview and cluster-oriented inspection, they are inherently static and
constrained to the sampled training dataset: users can look at what is present, but have limited
means to probe plausible in-between inputs that support counterfactual-style questions (e.g., How
to change an instance so that the model’s prediction flips). As a result, embedding techniques
provide weak affordances for iterative sensemaking, hypothesis formation, and counterfactual
reasoning: processes that inherently require interaction [21, 60, 70]. This motivates the engineering
of interactive, human-in-the-loop exploration interfaces that let users actively generate and test
hypotheses about model behavior through interactive visualization rather than static inspection.

Recently, generative methods have been introduced in the field of XAl Notably, Large Language
Model (LLM)-based approaches can produce personalized explanations and handle diverse intelligi-
bility queries, which are common user questions in interactive systems [16, 33-36, 42, 60]. Beyond
language models, generative models such as (variational) autoencoders (VAEs) are frequently used
to guide counterfactual generation [2, 12, 14, 24, 40, 48, 59]. Furthermore, a line of work has investi-
gated how VAEs can yield latent representations that are more structured or interpretable, and how
these representations can be visualized [4, 19, 45, 56]. However, their role remains underexplored
in the context of interactive systems for exploring the decision behavior of a separate black-box
classifier. Current embedding tools force users to inspect what the model has seen (training data)
in relation to its predictions. We engineer a system that allows users to inspect what the model does
as part of the decision process. From a sensemaking perspective, such proxy spaces should support
an iterative workflow: users start from familiar anchors (e.g., typical data samples), explore nearby
cases, and use lightweight probes (e.g., small latent interpolations) to test hypotheses about model
behavior, rather than relying on one-off explanations [28, 51].

We address the aforementioned limitations of embedding-based inspection by engineering a
VAE as the backbone of an interactive Latent-space Proxy Exploration interface for black-box model
sensemaking: LAPEX. Whereas prior VAE-based XAI work commonly uses the latent space to
generate static counterfactuals, or uses interaction primarily to explain the VAE itself, we instead
use the VAE as an interactive, generative proxy to probe how a separate black-box classifier responds
to plausible inputs. This yields a 2D scatter plot of encoded data points and model predictions,
similarly to techniques that leverage dimensionality reduction; however, a VAE models a continuous
latent space with generation of in-between points, whereas embeddings from t-SNE, for instance,
have no inverse mapping and are, thus, limited to the dataset. To fairly assess the impact of such
continuous interaction, we compare LAPEX, the Interactive VAE-based approach, to a Static
t-SNE variant in a formative user study. We operationalize exploration in the Interactive interface
through a set of interactive probes: toggleable masks in the latent space that use generated data to
interactively visualize classifier predictions. In summary, we present the following contributions:

+ C1: We reframe latent spaces of VAEs as interactive human-in-the-loop interfaces that support
exploration, sensemaking, and counterfactual reasoning by probing a separate classifier’s
predictions, and detail an implementation of LAPEX, an interactive system for such latent
proxy exploration.
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« C2: A set of interactive probes that leverage the VAE’s latent space to generate novel views
on the model’s decision space that are not attainable with non-generative dimensionality
reduction techniques, enabling continuous decision-space sampling, boundary tracing, and
counterfactual interpolation.

+ C3: A formative user study conducted with N = 16 computer scientists that contrasts a
Static t-SNE-based approach with an Interactive VAE-based proxy condition, characterizing
how continuous probing (sampling/interpolation) changes users’ exploration strategies and
when point-based embeddings remain beneficial for global orientation.

+ C4: A set of actionable engineering guidelines, grounded in observed user behavior, task
outcomes, order effects, and failure cases, for designing interactive systems that expose
black-box model behavior through generative latent proxies.

Section 2 positions VAEs within XAl and dimensionality reduction literature, on which we base
LAPEX’s interactive probes detailed in Section 3 (C2). We report a formative user study comparing
Static and Interactive approaches in Section 4 (C3); the resulting guidelines (C4) and the LAPEX
system architecture (C1) are described in Section 5. Section 6 summarizes the conclusions.

2 Related Work

We briefly discuss developments in VAEs, the state of XAI, and the role and benefits of VAEs and
their latent spaces in exploratory and explanatory systems.

2.1 Variational Autoencoders

VAEs are generative encoder-decoder models that learn a latent representation of training data
and, crucially for interactive exploration, provide a decoder that maps latent coordinates back to
valid inputs [27]. This explicit “inverse mapping” enables interfaces to sample and interpolate
between data points in latent space and immediately visualize the corresponding reconstructed
inputs. VAEs are typically trained by balancing a reconstruction objective with a regularization
term that encourages a structured latent distribution, commonly via a Kullback-Leibler divergence
to a prior such as a standard normal distribution [30]. The S-VAE variant scales the regularization
strength by a factor f to bias the latent space toward a smoother, more factorized structure with
individual dimensions capturing independent features at the expense of reconstruction quality [19].

2.2 Explainable Al and Counterfactual Explanations

XAI methods are commonly distinguished between intrinsically interpretable models (e.g., rules or
decision trees) and post-hoc techniques that help people reason about an already-trained black-box
model [3, 13]. Our work focuses on post-hoc support for model sensemaking in interactive settings.
Well-known post-hoc techniques such as LIME, SHAP, and Anchors primarily target Why?/ Why not?
questions by attributing a prediction to features or local rules [39, 52, 53]. Moreover, counterfactual
explanations address How to? by identifying changes that would flip a model’s prediction, often
formulated as finding an alternative input x” close to an original input x that yields a different
prediction [11, 61, 63]. One common approach to obtain x” is to optimize an objective over an input
sample x so that it is minimally changed while still altering the prediction [63], with extensions
encouraging sparsity [8], or plausibility via prototypes [59]. Prototypes are representative inputs
that reliably lead to a given outcome, addressing When? [36], and can be acquired by reconstructing
the mean encoding of the instances belonging to a class [57, 59]. On the other hand, criticisms
highlight borderline or atypical cases with the same prediction. Both prototypes and criticisms
can be obtained using the MMD-critic method [26]. Rather than optimizing the input directly,
counterfactuals can also be generated by optimizing the sample’s latent representation in a VAE:
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REVISE finds the smallest possible change in latent space whose reconstruction crosses the decision
boundary [24], C-CHVAE samples faithful counterfactuals uniformly in a sphere around the input
sample in latent space [48], while Latent-CF leverages a regular autoencoder without regularization
for faster and sparser counterfactuals [2].

2.3 Dimensionality Reduction for Interactive Systems

Despite disentanglement offering interpretable individual dimensions, latent spaces as a whole
become increasingly more complex as their dimensionality increases, hindering visualization
and interpretation. Dimensionality reduction techniques can be used to reduce high-dimensional
structures into lower-dimensional representations while preserving essential geometric or statistical
properties. PCA [49], t-SNE [58], and UMAP [44] are commonly used to visualize latent spaces,
for instance, in accessible 2D formats [45, 56]. PCA is a linear projection that is often used as a
first step because it is fast and provides a well-defined linear mapping; importantly, it also offers a
straightforward approximate inverse mapping back to the original space. In contrast, t-SNE and
UMAP are nonlinear and primarily optimized for preserving local neighborhood structure, which
often yields visually clear clusters but typically does not provide a meaningful inverse mapping.

You et al. [68, 69] use t-SNE to project ResNet-34 [17] embeddings from CIFAR-10 [29] into
2D, augmenting points with LLM-generated descriptions. Similarly, ActiVis and Summit rely on
t-SNE and UMAP, respectively, to reduce high-dimensional neuron activations to a 2D space where
each point represents a predicted class and spatial proximity reflects similarity [22, 25]. One key
distinction between VAE-based approaches and conventional dimensionality reduction techniques
is that VAEs learn a latent space with an explicit decoding function, allowing not only projection
but also the generation of novel samples between existing points.

2.4 Interactive Explainable Al for Latent Spaces and Embeddings

Several interactive XAl and visualization systems aim to help users understand autoencoders and
their latent spaces. For instance, VAE Explainer adds interactions to a VAE with interactive model
inputs, the learned latent space, and outputs [4]. It uses a 2D latent space visualized directly as a
2D scatter plot, with each dot representing a sample from the MNIST dataset [31], color-coded
by label (digits 0-9). Sercu et al. [56] use a similar approach that enables developers to select and
compare different types of autoencoders; by using dimensionality reduction techniques such as
PCA and t-SNE, the latent space is projected onto a 2D scatter plot with each dot colored by the
model’s predicted class. Similarly, Metta et al. [45] introduce the Identikit Game, using a visual
interface based on f-VAEs to navigate the latent space. Users are given a starting image x and a
target image x’, and the goal is to transform x into x” by adjusting the latent dimensions. Instead of
projecting the entire latent space into 2D, they select the two most relevant dimensions and display
their reconstructions on a discretized grid, where each dimension can be implicitly associated
with a feature. This iterative process helps users understand the latent structure and the features
associated with each dimension, intuitively teaching them complex, abstract patterns.

Prior work primarily treats the latent space as an object of understanding in its own right, or
as a means to generate example instances. In contrast, LAPEX leverages VAEs and their latent
spaces as a post-hoc technique, offering users an interactive, navigable overview of black-box
model behavior. Whereas approaches to counterfactual generation produce an optimized x” from x
via latent space, we use the latent space itself for interactive exploration. Concretely, we use the
decoder to attach meaning to intermediate locations (via reconstructed inputs and corresponding
classifier predictions), enabling exploration actions such as continuous sampling, interpolation-
based comparison, and region probing. To our knowledge, no prior system uses a generative latent
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model as an interactive proxy for a separate black-box classifier whose primary purpose is to
sensemake about the classifier rather than to explain the generative model itself.

3 Interactive Probes for Navigating a Generative Proxy Space

LAPEX uses a -VAE trained on a black-box classifier’s training data to construct a generative
proxy space as shown in Fig. 1. Like other approaches to counterfactual generation, this proxy is
data-driven; it is not a faithful representation of the classifier’s decision space, and some decoded
samples may be out of distribution. We therefore use the proxy for interactive exploration and
hypothesis generation relative to the training data, not as a literal depiction of decision boundaries.
This guarantees that interpolations between existing data points always lie within a relevant part
of the data distribution, whereas extrapolations beyond known points may yield out-of-distribution
artifacts via the learned decoder. This follows the broader caution that post-hoc explanations can
give imperfect representations of black-box behavior in parts of the feature space [55]. Conceptually,
we treat this space as a sensemaking workspace in which users iteratively form and revise frames
about model behavior rather than consuming a single static explanation. Following Klein et al.
[28], sensemaking can be understood as a reciprocal process in which data is interpreted through
existing frames, while those frames are continuously adapted in response to new data, shaping
what is considered relevant, how it is understood, and how it informs the evolving interpretation.
We show an overview of LAPEX in Fig. 2. In both the Static and Interactive versions, users
can inspect individual data points via interactive visualization (e.g., hover tooltips), while a linked
view shows the corresponding image (original in Static; reconstructed in Interactive) and the
target classifier’s predicted label (and its color) and confidence. Standard navigation interactions
(pan/zoom) support moving between overview and detail. This workflow supports an information-
foraging strategy where users follow proximal cues (e.g., color/confidence) to decide where to look
next [51]. We operationalize these capabilities through a set of interactive probes that augment the
scatter plot with additional, generative views of regions between data points (implemented via
latent-space masks). While approaches differ on multiple dimensions, each dimension is necessitated
or influenced by another, and differences between both approaches are minimized to the extent
possible: PCA is needed to obtain a 2D view like in t-SNE, generative probes are only possible
in generative (VAE-based) approaches, and the layout of both interfaces is identical, with only
toggles for available probes (see tab with “Latent Space Insights” in Fig. 2) and the positioning of
the scatter plot varying. From a sensemaking perspective, these probes act as engineering scaffolds:
they provide low-cost probes that let users test whether observations match their current frame
and update it when they do not [28], while also increasing the yield of exploration by reducing
the cost of sampling sparsely populated regions [51]. Fig. 3 shows the three generative interactive
probes side-by-side. We discuss each interactive probe in turn in the remainder of this section.

3.1 Scatter Plot

The base view of both the Static and Interactive conditions is a 2D scatter plot of embedded dataset
instances. Point positions are determined by t-SNE projection in the Static version, or directly
when the latent space is 2D (otherwise by a PCA projection of the VAE latents) in the Interactive
approach. Each data point corresponds to an input image x from the dataset, and is colored in up
to three distinct slices by (1) ground-truth label, (2) the target (black-box) classifier’s prediction
on x, and (3) its prediction on the VAE reconstruction of x, when available. This enables quick
comparisons between ground truth labels and (mis)classifications of images. To support example-
based reasoning, data points are further divided into three categories: (1) prototypes (typical data
points), (2) criticisms (atypical data points), and (3) points on a convex hull surrounding each class
to indicate the boundaries of each class. These categories provide concrete anchors for selection
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Fig. 1. Schematic overview of the VAE-based proxy. Assume a classifier was trained on training data X to
predict corresponding labels Y. We train a VAE on this same set X, learning to reconstruct it as X’ using
an N-dimensional latent space. Users can see a 2D representation of this learned latent space, on which
we impose a set of interactive probes. Interacting with a point in the 2D space finds its corresponding
representation in N-dimensional latent space, decodes it, and shows the reconstructed image x” € X’ along
with the original classifier’s prediction y’ € Y’ for this sample, with which the user can update their frame.
Note the loop in the image’s right half, showing the sensemaking process as a human-in-the-loop workflow.

and comparison, but the scatter plot itself remains point-based: it visualizes the distribution of
observed data and associated predictions, without generating new samples.

3.2 Convex Hulls

We overlay convex hulls for each predicted class to provide an at-a-glance summary of where that
class’s data points lie in 2D and how strongly different classes overlap. Importantly, they are not a
decision boundary of the classifier in input space, and they are sensitive to projection distortions.
As an interactive probe they help users quickly identify: (1) regions with substantial overlap (often
with less confident predictions), (2) regions dominated by a single class (often associated with more
consistent predictions), and (3) areas outside all hulls (low data density in the projection), which
can be useful for discussing what it means to explore beyond observed examples. This probe is
entirely based on the position of points and does not rely on the VAE’s generative aspects. We
included this visualization to assess how users would reason about overlapping, unambiguous, and
empty areas, respectively, in Static vs. Interactive approaches.

3.3 Latent Grids and Interactive Counterfactual Interpolation

To enable continuous probing in the Interactive version, the latent grid densely samples the
2D projection and decodes each sampled location into an input that can be re-evaluated by the
target classifier. Concretely, we first fit PCA on the VAE’s learned latent space. Next, we uniformly
sample a 2D space in the range [—N, N, where N defines the visible extent of the latent space in
both “height” and “width”. For each grid location, we apply the inverse PCA transform to obtain a
vector in the VAE’s latent space. Finally, we decode these latent vectors into their corresponding
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Fig. 2. Interactive LAPEX user interface overview for a FashionMNIST classifier. Users can navigate the
latent space in the 2D plane on the left, where we show prototypes, criticisms, and hull edges contoured by
their convex hulls. Additional interactive probes can be selected under Latent Space Insights, discussed in
Section 3 and illustrated in Fig. 3. We show a sample that has been misclassified following reconstruction in
the latent space. The image’s nearest neighbors are shown in the vertical stack on the far right.

(a) Scatter plot showing prototypes, (b) Latent grid colored according to
criticisms, hull edges, and interpo- predictions on the learned latent
lated samples at the barycentric co- space. Boundaries appear smooth,
ordinates resulting from Delaunay but the 2D projection can be out of
triangulation. bounds.

(c) Latent triangles colored ac-
cording to the prediction and
confidence on the reconstructed
weighted average of their nearest
neighbors.

Fig. 3. Side-by-side comparison of global, PCA-based interactive probes for the generative proxy latent space
of the Interactive LAPEX approach for a classifier trained on the FashionMNIST dataset.
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reconstructions. The grid is colored according to the classifier’s prediction of the reconstructed
image, as shown in Fig. 3b, with color saturation indicating the confidence of the prediction. Latent
grids not only mitigate gaps in unknown regions, but also overlapping regions: whereas multiple
data points can map to (roughly) the same place in a learned latent space, a point in the latent
space itself can only decode into one specific reconstruction, mitigating the noisy and overlapping
data, as seen in the center of Fig. 2. Grids fill the latent space in its entirety, but they lack discrete
anchors to select, which complicates fine-grained comparisons. To facilitate controlled traversal,
we add an interactive counterfactual interpolation mechanism: users select two grid locations and
move a slider that linearly interpolates between their corresponding latent vectors, decoding and
re-evaluating intermediate points on demand. This can be used to discover decision boundaries
between areas interactively, illustrating how to visually morph one class into another.

3.4 Latent Triangles and Interpolated Images

Latent grids can become visually noisy as the latent dimensionality increases, and inverse-PCA
sampling may produce locations that are weakly supported by the data (e.g., due to projection
and reconstruction error). To provide a more selective, anchor-driven alternative, we introduce
latent triangles. We perform Delaunay triangulation [7] over a set of selected anchor points in the
2D projection (e.g., prototypes and criticisms), and color each triangle according to the prediction
on its decoded centroid, as illustrated in Fig. 3c. This summarizes how predictions vary across
the continuous proxy space while keeping the visualization tied to concrete data points. Building
on this triangulation, the interpolated images probe generates additional comparison anchors.
For an edge between two anchors, we decode latent interpolations between the corresponding
points and display intermediate reconstructions as shown in Fig. 3a. These images act as “bridges”
for visual comparison: because they are generated between known samples, they convey which
features appear to change between two existing, adjacent anchors. Extending this idea, barycentric
interpolation within a triangle provides three-way interpolation among adjacent anchors, yielding
intermediate reconstructions supported by nearby data points rather than uniform sampling alone.

4 Formative User Study to Assess the Impact of Interactive Latent Proxy Exploration

This section reports a formative user study that examines how an Interactive generative proxy
interface affects the ways people explore and reason about a black-box classifier compared to a
Static embedding view. We focus on interaction capabilities and their appropriation, rather than
on optimizing a particular explanation metric. The Static condition applies t-SNE to the activations
of the output layer of the classifier, whereas the Interactive condition uses a VAE-based generative
proxy: it provides the same 2D overview but additionally supports the generative interactive
probes described in Section 3. Participants completed the same set of tasks in both conditions (see
Section 4.3) to elicit exploration strategies, sensemaking behaviors, and use of specific interactive
probes. We used a within-subjects design, balanced with a Latin square to mitigate order effects
between conditions and datasets. The full study procedure is outlined in Fig. 5. Our study was
approved by the Social and Societal Ethics Committee (SMEC) of Hasselt University.

4.1 Participants

We recruited 16 participants, a sample size in line with prior HCI research [5], via email invita-
tions to researchers at our institute. We specifically sought participants with a computer science
background and practical experience in AI/ML, data analysis, or programming, as both condi-
tions require understanding fundamental concepts such as model predictions and embeddings. At
the same time, we included participants with varying levels of experience to capture a range of
exploration strategies from users with different degrees of familiarity. Participants completed a
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pre-study questionnaire assessing their technical background and Al-related familiarity/skills (see
Appendix A). Participants reported relatively high Tech Comfort (M = 0.79,SD = 0.07) and Need
for Cognition (NCS-6; M = 0.72,SD = 0.16), with moderate AI Familiarity (M = 0.68,SD = 0.18),
Al Proficiency (M = 0.56,SD = 0.18), and AI Experience (M = 0.56,SD = 0.19); aggregated
backgrounds are shown in Fig. 4. Participants’ highest degree attained was collected: 3 participants
held a Bachelor’s degree, 11 held a Master’s degree, and 2 held a Doctoral degree.

1.0
Tech Comfort —.=. ...=... H BN I

Al Familiarity —
Al Proficiency — .. . =05
Al Experience —. . .
NCS-6 - . . . . I_ 0.0
e .

DL PR PR NG o

Fig. 4. Individual participants’ normalized self-rated level of technological comfort, Al familiarity, Al profi-
ciency, Al experience, and NCS-6 ratings, averaged within each scale and linearly rescaled to the range [0, 1].

4.2 Apparatus

We evaluated two interface conditions across two image classification datasets (MNIST [31] and
FashionMNIST [67]) that support quick, non-domain-specific visual validation of reconstructions
and predictions; both consist of grayscale 28 x 28 images with 10 classes, while FashionMNIST
is visually more complex. For the Static version, we computed 2D t-SNE embeddings; for the
Interactive version, we trained a f-VAE on an MNIST classifier using a 2-dimensional latent space
(to avoid additional dimensionality reduction) with f = 16 (further encouraging decoupled latent
dimensions). For the FashionMNIST classifier, we trained a 16-dimensional latent space with § = 8.

4.3 Tasks

Although no single standardized user-study protocol exists for evaluating X Al interfaces [38], closely
related work commonly uses task-based comparisons against a baseline (e.g., You et al. [68]), or case
studies with experts (e.g., Kahng et al. [25]). We implicitly blended these by recruiting participants
with moderate to high technical backgrounds (including experts). Participants completed the
same task set in each condition: one familiarization task (Task 0; T0) and four main tasks aligned
with recurring intelligibility needs and common XAI evaluation emphases [21, 46, 54]. In Task 0,
participants were asked to explore the interface and make sense of the latent space by assessing
model confidence, reading the tooltips, and using the available probes. Task 1 (T1) asked participants
to identify when, in general, the model classifies an image as one class vs. another (When?-question).
Here, we scored participants’ task performance on (1) their ability to draw a decision boundary in
the latent space, and (2) their explanation of why the decision boundary was located there. Answers
were rated as correct (1/1), partially correct (0.5/1), or incorrect (0/1); both answers were then
weighted equally. Task 2 (T2) evaluated participants’ ability to discover counterfactual information
between classes (How to?-question), and their answers were scored similarly to those in Task 1.
Task 3 (T3) assessed participants’ ability to perceive similarity between different classes. Here, we
asked participants to rank three pairs of classes from most similar to least similar, receiving 0.25
points per correct pairwise comparison, and an additional 0.25 if the overall ranking was correct.
This yielded a score between 0 and 1. Task 4 (T4) explored how users calibrate their trust based
on generative insights. The regions consisted of one out-of-bounds area named Pilea, one area
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with high overlap in data points named Soricida, and one area with one single, unambiguous class
named Arenaria’. The full task descriptions are included in Appendix B. To keep sessions feasible,
we limited the study to these tasks, and each task was allowed to take up to 5 minutes (4 minutes
for Task 0); sessions lasted 98.1 minutes on average (SD = 22.4). Since this was a formative study
to assess reasoning processes, participants were not instructed to complete tasks as quickly as
possible. Nonetheless, we did collect and investigate timings of tasks, visualizations, and datasets,
but found no significant differences in timing between the two approaches.

4.4 Procedure

Participants first completed an informed consent form and provided some demographic information
(see Appendix A). Participants also completed the NCS-6 questionnaire to measure their need
for cognition: the extent to which they are inclined towards effortful cognitive activities [37].
Participants completed the familiarization task and four main tasks (see Appendix B) for each
condition with either the Static or the Interactive version, and either the MNIST or FashionMNIST
dataset (thus also switching datasets between conditions to further mitigate potential learning
effects). Participants were encouraged to think aloud, enabling the facilitator to take notes on
qualitative insights [20]. After each task, participants rated answer confidence and indicated which
interactive probes they used and whether these supported their answer (Appendix D).

After each condition, participants completed standardized questionnaires: (1) the System Causabil-
ity Scale (SCS), which aims to determine whether and to what extent an explainable user interface,
explanation, or explanation process itself is suitable for its intended purpose [23]; (2) the Explana-
tion Satisfaction Scale (ESS), which collects participants’ judgments after having worked with the
explainer [20]; and (3) the XAI Trust Scale, which asks participants whether they are confident in the
explainer, and whether it is predictable, reliable, efficient, and believable [20]. Participants also rated
each interactive probe on a Likert scale to assess whether it was ‘understandable’, ‘useful’, ‘efficient’,
‘enjoyable’, and ‘trustworthy’, adapted from prior work on evaluating intelligible interfaces [6]. The
study concluded with a semi-structured interview, in which participants’ experiences, answers,
and understanding were further discussed, guided by the open questions found in Appendix E.4.

Informed

I
1
H Static t-SNE
Consent ) Approach
[Demographic
Information
I Approach

Semi-
structured
Interview

Fig. 5. Within-subject study procedure. Participants completed tasks in both conditions (Static t-SNE and
Interactive VAE; order counterbalanced) using MNIST and FashionMNIST (dataset order counterbalanced).
After each condition, participants completed standardized questionnaires and rated interactive probes. The
study concluded with a semi-structured interview; we used a think-aloud protocol during task execution.

4.5 Results

In this section, we analyze the results for each questionnaire, task, and interactive probe. A post-hoc
sensitivity analysis estimated the minimum detectable effect size for the paired comparisons. Given
N = 16, a = .05, and 80% power, the analyses were sensitive to standardized paired differences

1pilea, Soricida, and Arenaria are Latin for pancake plant, shrew, and sandstone, respectively. Names were chosen randomly
to not imply a ranking or elicit an emotional reaction that might bias the ranking.
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of d, > 0.75. Given N = 8, « = .05, and 80% power, the analyses were sensitive to standardized
paired differences of d, > 1.16. Thus, smaller within-subject effects may not have been reliably
detectable with this sample size. For the between-group order comparisons, with N = 8 per group,
a = .05, and 80% power, the analyses were sensitive only to large standardized between-group
differences of d > 1.51. Consequently, smaller effects may not have been reliably detectable with
our current sample size. The median of the SCS score increased from 0.75 in the Static version to
0.81 for the Interactive version; Fig. 6 shows individual ratings. For the question “I could change
the level of detail on demand”, the median scores of Interactive and Static versions were both 4,
but the means were 4.19 and 3.75, respectively. A Wilcoxon Signed-rank test shows a significant
effect (W = 21, Z = 2.44, p < 0.05,r = 0.61, d, = 0.70, mean difference = 0.44, 95% C1[0.10, 0.77]),
which we attribute to the various generative insights of the Interactive version, not present in
the Static version, although d, is below the sensitivity threshold, indicating that this analysis was
underpowered for an effect of this magnitude. P6 noted during Task 2 that “doing this in the baseline
approach was doable, but required more interpretation”. Similarly, P9 stated for Task 4 that “without
this tool, I was not sure how the images in that region would look like”. Moreover, P3 stated that
“the slider and the generated images were useful when the complexity was higher”, implying that
generative features provided internal visual references. These remarks suggest that the Interactive
version’s generative elements can help participants quickly develop an intuitive understanding of
how to navigate and reason about the latent space. For the ESS, the median score decreased slightly,

System Causability Scale (SCS) Explanation Satisfaction Scale (ESS) XAI Trust Scale

o) 1 e Knowledge (S) 1 I . Confidence (S) 0
Understand (§) | o e — Knowledge () o Confidence (I ]
Understand (I) o I Satisfaction () -l I Predicbility () N

Detail (S) N Satisfaction (1) - ] Predictability (I) [
Detail (I) - I i Reliability () [ e —
Support ($) e — Detail (S) L Reliability (I) o
- | .
Supp_on o Detail (I) | ] Saft S T
Causality (S) i afety (S)
Causality (I) I Es  Completeness (S) ] Safety (I) I
%se ((SI; - I D Completeness (I) | ] Efficiency (S) ]
se(l) o I— ¢ —
Consistency (5) — ——— Guidance (3) I Efficiency (T)
Consistency (I) - I Guidance (I) ] Caution () I
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Fig. 6. Level of agreement on Likert scale ratings of the Static (S) and Interactive (I) versions on the SCS, ESS,
and XAl Trust Scale. Participants rated both approaches highly, agreeing positively with most statements in
both conditions, with some significant differences in favor of the Interactive approach. Note that “Caution”
in the XAl Trust Scale is reverse-scored.

from 0.76 in the Static approach to 0.74 for the Interactive one. Despite a noticeable increase in
both average perceived user satisfaction and completeness for the Interactive approach, we did
not find any significant differences in paired tests for any of the questions, orders, or conditions.
The median ratings of the XAI Trust Scale increased slightly from 0.81 in the Static version to 0.83
for the Interactive one. For the question “The explainer is efficient in that it works very quickly”,
the medians of the Static and Interactive approaches were 4 and 5, respectively. A Wilcoxon
Signed-rank test shows a significant effect (W = 21, Z = 2.45, p < 0.05, r = 0.61, mean difference
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= 0.375, 95% CI [0.11,0.64]), indicating that participants perceived the Interactive version as
significantly more efficient.

Using a two-way ANOVA, we found a non-significant interaction between order of presentation
and the condition on the mean XAI Trust Scale scores (F(1,14) = 3.56, p = 0.08, qlz)amal = 0.20).
Given that this result approached conventional significance thresholds, we further explored the
potential impact of presentation order. We compared participants who first used the Interactive
version (Group A) with those who first used the Static version (Group B). Using a Mann-Whitney
U test, we found a significant effect on the average difference in XAI Trust scores between the
two groups. The mean ranks of Group A and Group B were 10.88 and 6.13, respectively (U = 51,
Z =2.01, p <0.05, 7 = 0.50, d = 0.94), however, the observed Cohen’s d was below the sensitivity
threshold, indicating that this analysis was underpowered for an effect of this magnitude. The
medians of the difference in participants’ mean 5-point Likert ratings were 0.25 and -0.13 for Group
A and Group B, and the mean difference between groups was 0.38 on the 5-point scale, with a Welch
95% CI of [-0.05, 0.80]. Concretely, when participants used the Static version after the Interactive
one, they rated it significantly worse. Participants frequently attributed this to missing morphing
functionality — especially the latent grid and its interpolation — which they had used to explore
transitions across decision boundaries and reliability in regions with limited data coverage (P6, P16,
P11). This was already apparent in Task 0 (P4: “now I would have liked interpolation”), and recurred
in Task 2 (P6: “Not having the grid interpolation tool is really noticeable here”; P16: “here you don’t
have the cool morphing, which I think is a shame”).

Furthermore, we found a significant effect on the difference in scores for “I am confident in the
explainer. I feel that it works well” between the two groups, using a Mann-Whitney U-test. The mean
ranks for participants who first used the Interactive version (Group A) and those who first used
the Static version (Group B) were 11.25 and 5.75, respectively (U = 54, Z = 2.56, p < 0.05,r = 0.64,
d = 1.58). The medians of the difference in participants’ 5-point Likert ratings were 0.5 and 0 for
Group A and Group B, and the mean difference between groups was 1.25 on the 5-point scale, with
a Welch 95% CI of [0.38, 2.13]. This indicates that participants were less confident when using the
Static version after the Interactive one. However, we found no significant difference in reported
confidence in the tasks themselves between the two conditions, regardless of order, as shown in
Fig. 7. Nonetheless, task confidence was generally high, with a mean overall task confidence of
3.9 for the Static version and 3.8 for the Interactive one. During the semi-structured interview,

Self-perceived Confidence per Task

T1: Decision Boundary (S) . !
T1: Decision Boundary (I) I
T2: Counterfactual Morphs (S) I
T2: Counterfactual Morphs (I) /|
T3: Pairwise Comparison (S) I
T3: Pairwise Comparison (I) L |
T4: Regional Trust (S) > 1
T4: Regional Trust (I) I
0 8 16
Il Extremely unconfident Somewhat unconfident Undecided ~ B Somewhat confident [l Extremely confident

Fig. 7. Level of agreement on Likert scale ratings comparing participants’ perceived confidence per task
between the Static version (S) and the Interactive version (I). We found no significant differences between
the two approaches in this regard.

participants P1, P4, P5, P6, P7, P8, P9, P13, and P16 all reported experiencing the biggest difference
in usefulness between the two conditions in tasks that required feature-based interpretation and

comparison. They consistently preferred the Interactive version over the Static one in such use
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cases, as it facilitated more efficient reasoning about comparisons between samples. For Task 2,
P9 noted: “For this task, the latent grid interpolation method helped me to identify the changes that
needed to happen. For these kinds of tasks, I would prefer this method”. While P12 and P14 would have
liked more time than the foreseen 4 minutes to get acquainted with the condition, most participants
were quick to pick up either version, regardless of Al experience.

T1: Decision Boundary  T2: Counterfactual Morphs T3: Pairwise Comparison T4: Regional Trust

Scatter Plot (S) | I | ] L | | ]
Scatter Plot (I) ] I I I
Convex Hulls (S) I L | N |
Convex Hulls (I) I | I |
Interpolated Images (I) | I . |
Latent Grid (I) | ] | N
Latent Grid Interpolation (I) | | | o
o |
8 16

Latent Triangles (I) |

0 0 8 16 0 8 16 0 8 16

Did not use Used, but did not support BB Used and supported [l Essential

Fig. 8. Interactive probe usage throughout the four tasks in the user study in the Static version (S) and the
Interactive version (1). Participants almost always used the scatter plot to support their answer, regardless of
conditions. The generative interactive probes were primarily used for tasks that involved interpolating across
unknown regions, such as morphing counterfactuals between regions or assessing trust in uncertain regions.

Fig. 8 shows tool usage across tasks. In Task 1, participants primarily relied on the scatter plot
and convex hulls; generative probes were often used but deemed less essential. Several participants
(P4, P6, P7, P10, P13, P14) expressed interest in more granular interactive probes, like a grid for
two classes rather than all classes. For instance, P4 stated that they “expected to see an explicit
line between the two classes” but, instead, the classes were separated by a third class. We found
no significant difference between task scores; however, participants reported significantly higher
confidence in the Static version when using it after the Interactive one (N = 8). The medians
of the Static version and the Interactive one were 5 and 4, respectively, and a Wilcoxon Signed-
rank test shows a significant effect on the reported confidence (W = 0, Z = —2.35, p < 0.05,
r = 0.83, d, = 1.21, mean difference = —1.25, 95% CI [—2.12, —0.39]). The primary reason appears
to be that t-SNE produces clearer cluster boundaries, enabling more confident responses, whereas
PCA projections of the latent space exhibit more class overlap. In Task 2, participants who used
the Interactive version performed significantly better than those who used the Static version,
with the task accuracy increasing from 63% in the Static version to 90% for the Interactive one.
The medians of the Static and Interactive versions were 0.5 and 1, respectively. A Wilcoxon
Signed-rank test shows a significant effect on the achieved score (W = 56, Z = 2.18, p < 0.05,
r = 0.54, d, = 0.63, mean difference = 0.28, 95% CI [0.044, 0.52]), although the Cohen’s d, was
below the sensitivity threshold, indicating that this analysis was underpowered for an effect of this
magnitude. In the semi-structured interviews, the Interactive version’s ability to morph images
was brought up by 10/16 participants as the most useful aspect distinguishing it from the Static
approach. For Task 3, we did not find a significant difference between the Static and Interactive
conditions, nor between conditions on either MNIST or FashionMNIST. However, scores were
significantly higher on FashionMNIST compared to MNIST, regardless of the condition. The medians
of MNIST and FashionMNIST were 0.375 and 0.75, respectively. A Wilcoxon Signed-rank test shows
a significant effect on the achieved score (W = 6.5, Z = —2.90, p < 0.05,r = 0.73, d, = 0.98, mean
difference = —0.39, 95% CI [—0.60, —0.18]). The higher scores on FashionMNIST likely reflect the
greater visual distinctiveness of its classes compared to MNIST, making similarity judgments easier
regardless of the visualization. In Task 4, Pilea, the area that was completely out of bounds and
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contained information only when using generative interactive probes, influenced the rankings of 9
participants: five participants changed their ranking in the Interactive version compared to the
Static one from trusting Soricida over Pilea to trusting Pilea more, and four participants switched
from trusting Arenaria over Pilea to trusting Pilea more. According to Fig. 8, this was mainly due
to the grid visualization, which sampled beyond existing data points. For instance, P13 initially
ranked Soricida above Pilea in the scatter plot, but explicitly switched their order after exploring
the latent grid. These results suggest that classifications of fully generated, yet unambiguously
classified, images were trusted more than ambiguous classifications of real images.

Fig. 9a shows how the scatter plot and convex hulls, present in both conditions, were rated;
Fig. 8 shows their usage across the different tasks. The scatter plot was the most frequently used
visualization across all tasks in both conditions, receiving high ratings for understandability,
usefulness, and trustworthiness, and largely positive ratings for efficiency and enjoyment. Convex
hulls were also positively received, but seen as less useful and less trustworthy than the scatter
plot, mainly because they were affected by outliers. For instance, P10 stated in Task 3 that “my first
idea was to use the convex hulls, but they are very strongly influenced by outliers, so now I will look at
the points”. We show the level of agreement on features present only in the Interactive approach

Scatter Plot Convex Hulls
Understandable (S) I ! ]
Understandable (I) I I
Useful (S) I I
Useful (I) | I
Efficient (S) I I
Efficient (I) I I
Enjoyable (S) I [ S
Enjoyable (I) I L |
Trustworthy (S) 1 | I
Trustworthy (I) I T
0 8 16 0 8 16
Bl Swongly disagree Disagree Neutral ~ BN Agree I Strongly agree

(a) Level of agreement with Likert scale questions about interactive probes that were available in both the
Static (S) and Interactive (I) approaches.

Interpolated Images Latent Grid Latent Grid Interpolation ~ Latent Triangles
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(b) Level of agreement with Likert scale questions about interactive probes unique to the Interactive interface.

Fig. 9. Level of agreement with Likert scale questions about interactive probes used in the Static (S) and
Interactive (1) versions. Overall ratings for the scatter plot were high, and generally positive for the latent
grid and its interpolation; usefulness ratings for latent images and triangles were more polarizing.

in Fig. 9b and their usage across the different tasks in Fig. 8. The latent grid and its interpolation
were the best received after the scatter plot. Participants valued the grid’s simplicity in showing the
locations of different classes. The grid’s interpolation further enabled detailed comparisons between
selected samples, as evidenced by its usefulness reported in Task 2. Interpolated images were also
well received and widely used for morphing; for instance, P5 and P13 used them to explore the
boundaries between two classes in more detail, with the points serving as implicit counterfactuals.
The latent grid also heavily impacted perceived trust in out-of-bounds predictions. P13 commented
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that “Task 4 was the most difficult since I was very uncertain about what would happen in the empty
space, the latent grid helped reduce the uncertainty.” and stated that the grid caused them to change
their answer compared to the first condition. The latent triangles were the most polarizing, and
participants frequently pitted them against the latent grid. For instance, P9 commented that “The
grid is useful because it gives an overview of all classes. I used this more than the triangles because it
was simpler, I think, and I didn’t see the difference between the two.”, while P2 commented that the
latent triangles were “too much”. Nonetheless, P6 stated that the triangles “indicated clear decision
boundaries”, and P15 reported them as being especially useful to create “order in the chaos”.

5 Architecture and Guidelines for Interactive Latent Space Exploration Systems

One general finding is that participants considered the Static t-SNE approach to be very helpful,
with the generative aspects of the Interactive VAE-based approach making their experience
even better. We believe this highlights the overall need and appreciation for these 2D embedding-
based interfaces for exploring model decisions: they are fairly accessible to users with varying
backgrounds and still support experienced Al researchers in interpreting model behavior. In this
section, we discuss the model training process and backend implementation of our interactive
system, taking the insights acquired from the exploratory user study into consideration. Hereafter,
we distill the insights from the user study into actionable guidelines for developers grounded in
concrete failure modes. Finally, we offer considerations for LAPEX’s engineering and deployment.

5.1 Human-in-the-loop Model Training Flow and Interactive System Implementation

We summarize our LAPEX system architecture in Fig. 10; this process is further discussed in the
remainder of this section. In short: the developer first trains a set of VAE-based proxies and selects
one based on evaluation metrics. This proxy is then given to the API: an HTTP server that generates
the interactive probes discussed in Section 3 via dedicated Routers and streams them to the frontend.
The backend was implemented in Python 3.13.2, using PyTorch [47] for ML-related tasks and Flask
for communication with the frontend, which was in turn implemented in React.

Black-box
Classifier

— ‘ VAE-based
Dataset N Training I Dev X Prox API Cache
Results check pick ‘ Y
results most
N VAE-based ‘ appropriate
Proxies
retrain models
Scatter Plot Latent Hulls Latent Grid L.atent
Triangles
Router Router Router
Router
D Entity Latent
[] ML Model SPate
D Visualization

Fig. 10. Overview of the model training and interactive system implementation. Based on the classifier and
its dataset, the developer trains N VAE-based proxies. These are evaluated on reconstruction quality, fidelity
to the classifier, and dimensionality reduction. One proxy is then given to the API, which exposes several
routers per interactive probe to the frontend visualization. Caching is essential for timely interaction and
enables the precomputation and storage of results from immutable, computationally intensive computations.
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For obtaining the VAE-based proxy, we train a set of VAEs on the classifier’s training data
via a grid search over hyperparameter ranges (latent dimension and f), and evaluate them on
(1) reconstruction loss and Fréchet Inception Distance (FID) [18] for reconstruction quality; (2)
task accuracy, fidelity accuracy, and ShapGAP [41] to determine how well the input image and
reconstruction maintain matching classifier predictions, and (3) random triplet accuracy [64]
between classifier logits and VAE latents to assess how well the dimensionality reduction accurately
maintains relative distances between three data points. To pick the most appropriate VAE-based
proxy, we evaluate these models on the aforementioned metrics by analyzing their Pareto front:
we pick the model that best matches the classifier (e.g., maximal fidelity accuracy and triplet
accuracy) without sacrificing reconstructive quality (e.g., minimal reconstruction loss and FID).
Developers should carefully balance these metrics before selecting an appropriate VAE-based proxy
or retraining the VAE instead with a larger range of hyperparameters informed by this analysis.

Our LAPEX system backend is implemented as a modular API that connects the dataset, a VAE-
based proxy, and the target classifier. The proxy encodes input images into a latent space and decodes
samples for probing, while the classifier provides predictions for both original and reconstructed
inputs. In-between samples needed for generative interactive probes (e.g., for building the latent
grid) can be constructed following the techniques outlined in Section 3. The API is implemented as
an abstract base class that encapsulates shared concerns (caching, metadata, and request handling);
concrete subclasses implement either the Static t-SNE baseline via scikit-learn or the Interactive
VAE-based method. Prototypes and criticisms are precomputed using a Python implementation of
the MMD-critic method of Kim et al. [26], and Routers handle tasks specific to a given interactive
probe discussed in Section 3. A Router registers endpoints on the APT’s HT TP server; extending the
system, therefore, merely requires adding a new backend Router and a corresponding visualization
in the frontend. To keep interaction responsive, we cache and reuse immutable, expensive results
(e.g., prototypes/criticisms and latent-grid samples), enabling precomputation and substantially
shorter request latencies. This reduces the time to start exploring a model from minutes to seconds,
limited primarily by the network’s speed in fetching results rather than by the processing required
to recalculate the visualizations. The frontend is implemented in React using an HTML5 canvas.
Rendering of the latent space is handled by a controlled draw pipeline with an InteractiveCanvas
abstraction for panning, zooming, and hit-testing of selectable anchors.

5.2 Developer Guidelines

G1: Enable direct interaction while preserving point-based anchors. Our study results
show that latent space exploration can support interactive model sensemaking. Across
conditions, scatter plots were generally the most understandable, useful, and trustworthy
probes. While generative insights offer additional value, maintaining scatter plots of actual,
non-generated data is essential, as they serve as reliable anchors for navigation; otherwise,
users can over-weight generated evidence and lose track of what is actually supported by the
dataset, as observed in Task 4. Preserving points aligns well with our other visualizations,
which, aside from the latent grid, rely directly on them to shape the probe. Furthermore,
as evident from Task 2, participants using the Interactive VAE-based approach performed
significantly better at visual morphing than those using the Static approach, and most
participants also mentioned this as the most useful aspect of the Interactive approach.

G2: Favor simple global overviews with the option of dense local detail. Latent grids
were consistently rated as more useful and approachable than more complex constructs
such as latent triangles, which some participants described as excessive or confusing.
Users preferred overviews that clearly showed where classes were located before engaging
with finer-grained structures; when the visualization became too intricate too early, some
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participants reported not understanding what additional value it provided and fell back
to the scatter plot instead. This supports a design strategy that prioritizes simple, global
representations first and introduces denser local detail only when users intentionally zoom
in. This conceptually aligns with semantic zooming, a technique in which the level of detail
is increased, and different types of information are shown as data is magnified [50].

G3: Support local class-level decision and boundary comparison. In Task 1, we found
that participants performed better in the Static version than in the Interactive approach.
A recurring failure mode is that users expect to see decision boundaries even when clear,
explicit boundaries do not exist: while PCA provides faithful but ambiguous clusters/bound-
aries, t-SNE offers visually clear clustering that can lead to overconfidence. Participants also
indicated that generative probes would be more actionable if they supported class subselec-
tions rather than the entire decision space. We therefore revisit the probes from Section 3
to support local exploration in Section 5.3: whereas our interactive probes initially convey
a global view of the classifier’s decision-making, they can be tailored to individual classes
instead, better addressing decision boundary ambiguity.

G4: Design for counterfactual comparison, not just inspection. While the Static t-SNE
embeddings’ clear clustering helped participants orient themselves globally, the Interactive
version better supported counterfactual discovery by enabling direct feature-based compari-
son via smooth reconstructions. Participants perceived the Interactive approach as more
efficient for reasoning about differences between classes, with sliders, interpolation, and side-
by-side morphing enabling direct comparison. Here, task accuracy increased significantly on
counterfactual tasks, although the observed effect size was below the post-hoc sensitivity
threshold. Participants repeatedly identified latent interpolation and visual morphing as
the most valuable features for understanding how changes to input images would affect
black-box predictions. We therefore recommend treating interpolation-based comparison as
a first-class interaction: make endpoint selection easy, keep endpoints visible as anchors, and
present intermediate steps as evidence for counterfactual hypotheses.

G5: Support trust calibration via out-of-distribution visibility. Task 4 shows a clear fail-
ure mode for generative probes: participants trusted fully generated, confidently classified
samples over noisy regions containing real but overlapping data. Participants did not discrimi-
nate between real and generated images; instead, they relied on the classifier’s predicted label
and confidence, shifting trust judgments when the latent grid made high-confidence behavior
visible in areas with no real data coverage. This demonstrates that generative sampling can
help expose where a model appears (un)stable, but that the same visual smoothness and
confidence cues can also mislead by making unsupported regions look authoritative. We
therefore recommend making out-of-distribution status explicit whenever decoded samples
are shown (e.g., visually distinguish generated from real, and overlay local support such as
latent density or distance to nearest real neighbor), so that users can calibrate trust with
respect to both predicted confidence and proximity to the training distribution.

G6: Treat the full generative system as the default experience. The order effect in XAI
Trust Scale ratings suggests a concrete onboarding failure mode: once users have experienced
generative probes, removing them is immediately perceived as a loss of explanatory power.
Participants who started with the Interactive version immediately missed the generative
probes when switching to the Static version. This is corroborated by the use of the latent
grid to rank regional trust. We therefore recommend treating the full generative interface
as the default experience and onboarding through controlled emphasis rather than feature
withholding: present all interactive probes up front but guide attention (e.g., via semantic
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zooming as in G2, sensible defaults, and clear probe labels), so users learn early what each
probe provides and how it should be interpreted.

G7: Evaluate latent-space interfaces on reasoning processes, not only task accuracy.
Traditional quantitative metrics such as task accuracy, confidence ratings, and aggregate
satisfaction scores did not fully capture the benefits and risks of generative exploration.
While some tasks showed no significant performance differences, qualitative data revealed
substantial shifts in how users reasoned, compared alternatives, and calibrated trust in
response to generated evidence. Think-aloud protocols, probe usage patterns, and order
effects provided critical insight into these reasoning trajectories. This shows that evaluation
should prioritize how users explore, compare, and form hypotheses over time, rather than
relying solely on correctness or satisfaction metrics. Finally, as latent space exploration is a
complex interaction mechanism, future work should clearly evaluate specific aspects of the
system, such as focusing specifically on counterfactuals (How to?) or prototypes (When?).

5.3 Extending LAPEX for Local Class Comparisons

Thus far, whenever the latent space dimensionality exceeded two, a PCA projection was applied to
enable consistent two-dimensional visualization. Based on user study feedback and G3, we here
extend our implementation to also support local, class-specific visualizations: whereas PCA keeps
the two most statistically relevant dimensions, we instead select the two dimensions that exhibit the
largest variability for the selected classes, as measured by the Structural Similarity (SSIM), following
Metta et al. [45]. Concretely, for each latent dimension, we take a set of anchor latents from the
selected classes, perturb that dimension by +3, decode both reconstructions, and compute the SSIM
between them. We average this SSIM score over anchors and pick the two dimensions with the
lowest average SSIM, since a lower SSIM indicates a larger visual change. In our implementation,
we use 32 anchors sampled randomly from the latents of the selected classes. We illustrate this
global vs. local strategy in Fig. 11 and show examples per interactive probe in Fig. 12.

global scope
Fitted PCA —1
T VAE-based Encoded Projected
Proxy Encoder Dataset (ND) Dataset (2D)
SSIM Ranker 41
local scope

Fig. 11. Overview of the dimensionality reduction strategy. The dataset (or a relevant partition of the selected
classes) is encoded into its latent representation using the VAE. When no classes were selected, we assume a
global scope and use PCA to find two relevant dimensions to which we project the data. If a subselection of
classes was provided by the user, we pick the two most expressive dimensions learned by the VAE instead.

5.4 Limitations and Critical Reflection

Although our results demonstrate the practical value of interactive latent proxy exploration, some
considerations must be taken into account in its engineering and deployment:

« While the local interactive probes are grounded in qualitative insights from the user study, we
did not conduct a follow-up evaluation to empirically validate them. Local refinements should
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(a) Prototypes, criticisms, and hull
edges with interpolated images be-
tween them. Although overlap still
exists, these are primarily ambigu-
ous images, such as very narrow
T-shirts resembling Trousers.

(b) Latent grid following the two
most relevant dimensions for the
selected classes. Although other
classes appear outside of selected
class boundaries, selected classes
dominate the colored space.

(c) Prototypes, criticisms, and hull
edges with latent triangles between
them. While global projections can
be demanding to interpret, local
projections show two clusters with
finer boundaries and outliers.

Fig. 12. Side-by-side comparison of local, SSIM-based interactive probes for a generative proxy latent space
for two selected classes (in orange and blue) for a classifier trained on the FashionMNIST dataset.

be interpreted as design implications derived from observed usage patterns, participant
feedback, and task performance. Notably, the latent triangles, being the least preferred in the
user study, are most positively affected by switching to SSIM-based ranking, but this change
was not validated with users. Nevertheless, local interactive probes are functionally identical
to the global visualization but use a different dimensionality-reduction method, highlighting
the extensibility of our interactive probes and LAPEX as a whole.

Latent space exploration can be cognitively demanding. Although participants in our study
could work with both the Static and Interactive approaches, they sometimes expressed
hesitation and uncertainty during more complex tasks. We found no clear relationship
between participants’ technical background or Al expertise and their perceived difficulty
or performance. Nevertheless, we do not recommend employing LAPEX for nontechnical
end users as is. In the same vein, causal reasoning is currently implicit and part of the user
interaction. Future work could explicitly integrate causal relationships between images and
predictions, for instance, drawing inspiration from the CLEAR method [65, 66].

LAPEX supports both global and local latent-space exploration via projections onto two
latent dimensions. However, it does not provide human-in-the-loop control over which
latent dimensions are shown. Future research could integrate mixed-initiative approaches
that enable users to reason about and navigate specific latent factors directly. For instance,
Elmgqvist et al. [10] show how to transform one projection into another, enabling users to
select the dimensions of interest from a matrix of all 2D scatter plots. This can be extended to
the dimensions of a VAE-based latent space instead.

Users explore a learned proxy rather than the classifier’s input distribution directly, as
discussed in Section 3. While common in counterfactual approaches, smooth reconstructions
and latent interpolations are not guaranteed to remain on the learned data distribution or to
preserve the causal factors the classifier uses. Thus, although the displayed predictions always
come from the classifier, probed inputs may reflect artifacts of the generation rather than valid
in-distribution variations. Decoded samples should be treated as hypotheses and accompanied
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not only by visual out-of-distribution cues, but also by explicit signals of reconstruction
reliability and proximity to real neighboring examples. Safeguards could include quantitative
uncertainty estimates, density-aware visualizations, or constraints on latent traversal to
regions supported by the data. Future work can address these limitations by incorporating
Splatterplots [43], which mitigate overdraw and convey data density, or by exploring models
that explicitly integrate latent spaces into decision-making [32].

The proposed visualizations are primarily intended for model developers and researchers
inspecting model behavior. They are less suitable for contexts where data privacy, model
confidentiality, or other forms of intellectual property protection are critical. This is a known
research challenge in the field of counterfactuals, since explanations can unintentionally
expose decision boundaries and undesired shortcuts [61], and may inadvertently reveal
sensitive information, opening the model to adversarial attacks. Consequently, LAPEX should
be used with caution outside of controlled development or analysis environments.

With these considerations in mind, we envision the foundations provided by LAPEX’s engineering
to serve as an interactive probing mechanism complementary to existing XAl approaches. Similar
tools and systems (see Section 2) often rely on 2D embeddings to visualize model predictions,
as does LAPEX, but their interactivity typically remains limited. LAPEX addresses this gap by
introducing interactive probes grounded in comparable 2D latent spaces. Moreover, the generative
properties of the VAE are beneficial across multiple XAI tasks and corresponding intelligibility
types [33, 36], while enabling intuitive interaction within these 2D representations. For example,
counterfactuals (How to?) are often derived from VAE latent spaces, but are rarely communicated
through intuitive 2D visualizations. Similarly, prototypes (When?) can be extracted from latent
representations, yet are rarely displayed in a 2D space. Beyond XAI approaches that rely on latent
spaces, LAPEX can also serve as a mechanism to rapidly probe not only model predictions but
also corresponding explanations, such as those instantiated by LIME and SHAP. Overall, LAPEX
not only introduces interactivity into existing 2D-based XAI tools, but also provides a unified
framework for addressing multiple explanatory questions within an interactive latent space.

6 Conclusions

Two-dimensional embedding views (e.g., t-SNE) are a common interface for inspecting black-box
classifiers, but they are largely static: they show observed samples but offer limited affordances
for probing plausible in-between inputs and iteratively testing hypotheses. We addressed this
engineering gap by building LAPEX: an interactive exploration system that uses a VAE as a
generative latent proxy, turning the latent space into a navigable interface and enabling the
exploration of not only existing instances but also of generated in-between samples (C1). We
operationalize these capabilities through a set of interactive probes that augment a familiar scatter-
plot overview with generative overlays for comparing transitions between classes and examining
sparsely populated regions (C2). A formative user study examined how such interactive latent space
exploration influences ways people explore and reason about a black-box classifier, comparing
Static t-SNE-based and Interactive VAE-based approaches (C3). In particular, generative probes
can help users understand model decision boundaries via interactive counterfactual discovery and
reason in detail about model predictions in sparsely populated or out-of-bounds regions. The study
also revealed complementary strengths: the Static version’s clearer cluster boundaries support more
confident decision boundary identification, while the Interactive version’s generative capabilities
enable richer exploration and more accurate counterfactual reasoning. This suggests that the
choice between approaches depends on the specific analytical task at hand. Based on insights
from the user study, we formulated actionable guidelines for engineering interactive VAE-based
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model-sensemaking systems (C4). We detailed our system implementation, showing how it can be
built on top of VAEs while maintaining interactivity. Furthermore, we revisited our approach for
generating interactive probes to enable local class-level comparisons via SSIM ranking of relevant
VAE dimensions. We conclude that proxies are effective exploration tools, well-liked among users
with varying levels of Al expertise. The modularity of LAPEX enables a multitude of interactive
probes, which can be further extended and improved. Our findings also raise the question of what
techniques can further enhance the generative modeling of complex decision-making systems, and
what interactive probes can be designed to accommodate them in a human-centered manner.
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A User Study: Pre-Task Questionnaires
A.1 Al Familiarity

Participants indicated their AI familiarity via the questions in Table 1.

1= Extremely unfamiliar 2 3 4=Neutral 5 6 7 =Extremely familiar
Item 1 2 3 4 5 6 7
1. Artificial Intelligence and Machine Learning | O O O O O O O
2. Generative Al O O O o O O O
3. Neural Networks o O o O o O O
4. Latent Spaces O O O OO O O O
5. White boxes and Black boxes O O O o O O O
6. True/false positives/negatives O O o O O O O
7. Dimensionality Reduction O O O O O O O

Table 1. Questions to estimate participants’ Al familiarity.

A.2 Al Experience

Participants indicated their Al experience via the questions in Table 2.

1= Extremely unfamiliar 2 3 4=Neutral 5 6 7 =Extremely familiar
Item 1 2 3 4 5 6 7
1. Computer Programming O O O o O OO O
2. Data Analysis O O O O O O O
3. Training Al Models O O O O O O O
4. Evaluating AT Models O O O O O O O
5. Interpreting/Explaining AI Model Behavior O O O O O O O

Table 2. Questions to estimate participants’ Al experience.
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A.3 The Need for Cognition Scale (NCS-6)

Participants responded to each item using the scale in Table 3 by marking one circle (O) per row.
Note that questions 3 and 4 are reverse-scored.

1 = Extremely uncharacteristic 2 = Somewhat uncharacteristic 3 = Uncertain 4=
Somewhat characteristic 5 = Extremely characteristic

Item 1 2 3 4 5

1. I would prefer complex to simple problems. o O O O O

2. 1 like to have the responsibility of handling a situation that requires | O O O O O
a lot of thinking.

3. Thinking is not my idea of fun. o O O O O

4.1 would rather do something that requires little thought than some-| O O O O O
thing that is sure to challenge my thinking abilities.

5. Ireally enjoy a task that involves coming up with new solutionsto | O O O O O
problems.

6. I would prefer a task that is intellectual, difficult, and importantto | O O O O O
one that is somewhat important but does not require much thought.

Table 3. The Need for Cognition Scale (NCS-6) [37].

B User Study: Tasks
Task 0: Initial Exploration

Task: Explore the interface and its tools?; then, use each visualization to get familiar with it.
Explore the latent space to find the regions and examples where the model is highly confident
in its predictions, and areas where the classifications seem uncertain or mixed. You can
always consult the tooltips next to each tool in subsequent tasks.

Max. Duration: 4 minutes

Task 1: Model Behavior Understanding and Decision Boundary Identification

Task: Identify when, in general, the model classifies an image as either [a one or a seven]/[a
Coat or a Pullover]. Outline where the decision boundary lies and identify examples that
support this reasoning.

Max. Duration: 5 minutes

Task 2: Counterfactual Discovery and Morphing

Task: Find an image that the model predicts as [7°]/[‘Coat’]; discover and explain how to morph
the image through minimal changes so that the model would classify it as a [‘9’]/[‘Bag’]
instead. Write down what features have to change.

Max. Duration: 5 minutes

2We simply called interactive probes ‘tools’ in the user study.
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Task 3: Pairwise Class Similarity Assessment

Task: Rank these three class pairs from most similar to least similar based on what you observe:
[(2,9), (5, 6), (4, 9)]/[(Dress, Shirt), (Coat, Pullover), (Dress, Trouser)]. Explain your reasoning.
Max. Duration: 5 minutes

Task 4: Regional Trust Calibration

Task: The facilitator will show three regions in the latent space. Where do you trust the model’s
predictions, and where do you not? Justify your choices using the visualization.
Max. Duration: 5 minutes

C User Study: Familiarization Task 0 Tooltips

This section lists the tooltips shown when hovering over the question marks seen in Fig. 2.

C.1 Latent Space

The visualization below is called the <b>latent space</b>. It is a learned
representation of the data visualized as a 2-dimensional space.

<br />

<br />

In the latent space, each point corresponds to an image, and the position of the point
reflects the features of that image as understood by the model.

<br />

<br />

Points that are <b>close together in the latent space</b> represent images that are <b>
similar in terms of these learned features</b>, while points that are far apart
represent dissimilar images.

<br />

<br />

Consequently, classes with <b>similar features tend to cluster together</b>, while
classes with distinct features are further apart.

C.2 Prototypes

Toggle to show or hide prototypes (i.e., typical images) in the latent space.

<br />

<br />

Images shown on hover {!isGenerated ? <b>are real</b> : <b>have been generated</b>}!

C.3 Criticisms

Toggle to show or hide criticisms (i.e., atypical images) in the latent space.

<br />

<br />

Images shown on hover {!isGenerated ? <b>are real</b> : <b>have been generated</b>}!

C.4 Hull Edges

Toggle to show or hide the points part of the convex hull surrounding each class; they
can help you understand each class's boundaries.
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<br />
<br />
Images shown on hover {!isGenerated ? <b>are real</b> : <b>have been generated</b>}!

C.5 Remaining

Toggle to show or hide the remaining data points not in any of the previous 3
categories.

<br />

<br />

Images shown on hover {!isGenerated ? <b>are real</b> : <b>have been generated</b>}!

C.6 Convex Hulls

Convex hulls show the outlines of predicted classes in the latent space; they can help
you understand the model's <b>decision boundaries</b>.

C.7 Interpolated Images

The interpolated images show the average of 2 adjacent images; they can help you
understand <b>how to</b> morph one image into another.

<br />

<br />

Images shown on hover <b>have been generated</b>!

C.8 Latent Grid

The latent grid shows the model's predictions across the latent space; it can help you
understand <b>when</b>, in general, the model predicts which classes are where in
the latent space.

<br />

<br />

Images shown on hover <b>have been generated</b>!

C.9 Latent Triangles

Latent triangles show the average of the 3 surrounding images; they can help you
understand how the model thinks about similar, blended images.

<br />

<br />

Images shown on hover <b>have been generated</b>!

C.10 Hovered Image

This is the image that corresponds to the point you are currently hovering over in the
latent space.

It can be a real image or a generated image.

<br />

<br />

To the right, you can see the nearest neighbors for each class in the dataset.
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These are the real images that are most similar to the hovered image in latent space.

<br />

The image with the red border is the most similar image of the same class as the
hovered image.

D User Study: Per-Task Questionnaires
D.1 Confidence

Participants were asked to rate their confidence in their answer after each task for both conditions
(except for the exploration task 0) via the question in Table 4. For the Interactive condition, we
also asked participants which visualization most supported their answer.

1 = Extremely unconfident 2 =Somewhat unconfident 3 =Undecided 4 =Somewhat
confident 5 = Extremely confident

Item 1 2 3 4 5

How confident are you in your answer? | O O O O O

Table 4. After each task, participants were asked how confident they were in their answer.

D.2 Interactive Probe Usage

Participants indicated how the interactive probes supported their answers via the questions in
Table 5.

0 = I did not use this visualization 1 =I used this visualization, but it did not support
my answer 2 = I used this visualization to support my answer 3 = This visualization
provided essential information to support my answer

-
N

Item

Scatter plot

Convex hulls

Interpolated images

Latent grid

C|lO0|0|0O|0O|=
|00 |0 |0
|00 |0 |0
ClO0|0|0 |0 |«

Latent grid’s interpolation

Latent triangles O O O O

Table 5. After each task in the Interactive condition, participants were also asked to indicate which interactive
probe most supported them in getting their answer. For the Static version, participants only had the scatter
plot and convex hulls.
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E User Study: Post-Task Questionnaires
E.1 The System Causability Scale (SCS)
Participants responded to each item using the scale in Table 6 by marking one circle (O) per row:

1 = Strongly disagree 2 =Disagree 3 =Neutral 4= Agree 5 =Strongly agree

Item 1 2 3 4 5
1. I found that the data included all relevant known causal factors with | O O

sufficient precision and granularity.

2. Tunderstood the explanations within the context of my work. o O O O O
3.1 could change the level of detail on demand. O O O O O
4.1 did not need support to understand the explanations. O O O O O
5.1 found the explanations helped me to understand causality. O O O O O
6.1 was able to use the explanations with my knowledge base. O O O O O
7.1did not find inconsistencies between explanations. o O O O O
8.1 think that most people would learn to understand the explanations | O O O O O
very quickly.

9.1 did not need more references in the explanations. @)

10. I received the explanations in a timely and efficient manner. (@)

Table 6. The System Causability Scale (SCS) [23].

E.2 The Explanation Satisfaction Scale (ESS)

Participants responded to each item using the scale in Table 7 by marking one circle (O) per row.
We substituted software, algorithm, and tool in the original questionnaire of Hoffman et al. [20]
with underlying Al model for consistency and clarity in the communication to the participants.

1 = Strongly disagree 2 =Disagree 3 =Neutral 4 =Agree 5 =Strongly agree

E.3 The XAI Trust Scale

Participants responded to each item using the scale in Table 8 by marking one circle (O) per row.
We substituted tool and system in the original questionnaire of Hoffman et al. [20] with explainer
for consistency and clarity in the communication to the participants.

1 = Strongly disagree 2 =Disagree 3 =Neutral 4 =Agree 5 =Strongly agree

E.4 Semi-structured Interview: Open-ended Questions

In addition to the quantized questions discussed above, we gave participants the following open-
ended questions to initiate an open conversation with the facilitator:

« What task(s) did you find the most difficult? Which one was the easiest? Why?
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Item 1 2

1. From the explanation, I know how the underlying AI model works.

2. This explanation of how the underlying Al model works is satisfying.

0|00
0|00
Q|0 |0 |«
|0 |0 |»
|0 |0 |«

3. This explanation of how the underlying AI model works has suffi-
cient detail.

@)
O
@)
@)
O

4. This explanation of how the underlying Al model works seems com-
plete.

5. This explanation of how the underlying Al model works tellsme | O O O O O
how to use it.

6. This explanation of how the underlying Al model works is usefulto | O O O O O
my goals.

7. This explanation of the underlying Al model shows me how accurate | O O O O O
the underlying Al model is.

Table 7. The Explanation Satisfaction Scale (ESS) [20].

Item 1 2 3 4 5
1. I am confident in the explainer. I feel that it works well. O O O O O
2. The outputs of the explainer are very predictable. o O O O O
3. The explainer is very reliable. I can count on it to be correctallthe | O O O O O
time.

4.1feel safe that when I rely on the explainer, I will get the right answers. | O O O O O
5. The explainer is efficient in that it works very quickly. o O O O O
6.1 am wary of the explainer. O O O O O
7. The explainer can perform the task better than a novice humanuser. | O O O O O
8.1 like using the explainer for decision-making. o O O O O

Table 8. The XAl Trust Scale [20].

« In what task did you experience the biggest difference in usefulness between the two ap-
proaches? In what scenarios would you choose one explainer over the other? Why?

« Which aspects of the explainers were the most helpful? Are there any aspects of one condition
that you missed in the other?

» Did the quality of the generated images impact the usefulness of the explainer interface?

» Do you have any further comments?
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