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Figure 1: TuneScape visualizes MTPOL over a shared hexagonal partition of the parameter space, where each cell groups trials
with similar parameter configurations. (A) Tuner mode colors cells by the dominant tuner and annotates regions of interest, such
as the high-coverage zone and the overexplored but low region. (B) Parameter mode colors cells by the dominant value of a
contrastive parameter, with the top five selected automatically. (C) Legend describing the visual encodings used in the map. The
example shows a run on grep with six tuners.

ABSTRACT
Tuning symbolic execution engines requires configuring tens of pa-
rameters, and researchers often run multiple tuners on one pro-
gram, producing Multi-Tuner Parameter Optimization Logs (MT-
POL). However, existing tools reduce each tuner run to a scalar
metric, obscuring where it searches and how its coverage comple-
ments other tuners’. We present TuneScape, a map visualization that
lays out MTPOL over a shared hexagonal partition of the parame-
ter space, allowing researchers who run multiple tuners to contrast
them, inspect the parameter values that drive their differences, and
find complementary regions. Two use cases, on a KLEE benchmark
and a hyperparameter optimization log, illustrate how TuneScape
shows tuner-specific search regions and the parameter values that
characterize them, and helps locate cross-tuner combinations that
extend branch coverage beyond any single tuner in these cases.

Index Terms: Visual analytics, parameter tuning, symbolic execu-
tion, hyperparameter optimization, comparative visualization.

1 INTRODUCTION

Symbolic execution [13, 5] automatically generates test cases by
treating its inputs as symbolic variables and exploring execution
paths to derive concrete inputs for each path. The resulting test
suite is commonly measured by branch coverage, the number of
conditional branches executed at least once. Modern symbolic exe-
cution engines such as KLEE expose dozens of tunable, mixed-type
parameters that govern this exploration; for example, the search
strategy parameter determines which paths are visited first, such as
depth-first or random-path. It is well known that parameter values
strongly affect the resulting branch coverage [7, 17, 21].

Parameter tuning searches a high-dimensional, mixed-type space
for a configuration that maximizes branch coverage in a given pro-
gram. Due to the large search space and the nonlinear relation-
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ship between parameters and coverage, it is typically delegated
to an automated tuner. Researchers have proposed both general-
purpose black-box tuners [16, 3, 26, 14, 20] and domain-specific
tuners [8, 7, 17], each adopting a different search strategy and con-
centrating its trials on different regions. Because no single tuner
covers the entire space well, running multiple tuners on the same
program and aggregating their results can yield higher coverage
than any alone. Exploiting this, however, requires understanding
where each tuner searches, what values characterize those regions,
and where one tuner’s coverage can complement another’s.

We refer to such multi-tuner data as Multi-Tuner Parameter Op-
timization Logs (MTPOL). Although prior approaches support the
analysis of MTPOL, they typically rely on surface-level summaries
that obscure deeper insights. For example, tuners are typically com-
pared using a single branch coverage value [8, 7], hiding where each
searches, what configurations drive its results, and which branches
it leaves uncovered. Such comparisons cannot reveal whether two
tuners explore the same region, nor do they expose the cross-tuner
combinations that motivate running multiple tuners. Visual ana-
lytics systems for hyperparameter optimization in machine learn-
ing [24, 28, 9] offer richer views, but focus on a single tuner. A
recent visual analytics system for symbolic execution tuning [18]
compares user-defined trial groups within a single experiment, yet
requires multi-step manual analysis to identify complementary re-
gions and does not compare exploration patterns across tuners.

To address this gap, we present TuneScape, a visualization that
partitions the parameter space into a shared hexagonal layout,
where each cell aggregates trials with similar configurations across
tuners. On this layout, TuneScape provides two coordinated views,
by tuner and by parameter value, that highlight regions of interest
and recommend cells complementing the user’s working set. We
demonstrate TuneScape through use cases on a KLEE benchmark
program with six tuners and a hyperparameter optimization log.

2 RELATED WORK

2.1 Visual Analytics for Parameter Tuning

Although TuneScape targets symbolic execution, an instance of
MTPOL has a direct counterpart in hyperparameter optimization



(HPO) for machine learning: both consist of a tuner identity, a pa-
rameter configuration, the resulting aggregate metric, and a per-
instance outcome vector. This structural correspondence motivates
us to review visual analytics work on HPO alongside research on
symbolic execution tuning.

In HPO, visual analytics systems typically focus on a single
tuner: HyperTendril [24] supports user-driven steering of hyperpa-
rameter optimization in a model-agnostic setting, ATMSeer [28] ex-
poses the internal behavior of an AutoML pipeline, and VisEvol [9]
supports interactive intervention in an evolutionary search over
five ML algorithms. Comparative analysis across multiple tuners
has been explored in adjacent settings, such as evolutionary multi-
objective optimization, where Huang et al. [19] compare algorithms
by the similarity of their solution sets in the objective space across
generations. However, these systems either focus on a single tuner
or compare algorithms in the objective space, leaving exploration
patterns over the parameter space unexamined.

Only a few visual analytics systems have been proposed in the
context of symbolic execution. SymNav [1] targets execution traces
rather than parameter tuning. Symetra [18] provides overviews of
parameter effects and branch coverage and supports comparing
user-defined trial groups, but operates on a single experiment at a
time and treats trials as individual points without spatial aggrega-
tion in its overview. While Symetra defines complementarity be-
tween groups, identifying complementary groups requires the user
to manually construct and pair groups across multiple views.

TuneScape addresses these gaps by embedding the trials of mul-
tiple tuners in a shared spatial layout, automatically detecting and
labeling regions of interest, and recommending complementary
cells against a working set of cells the user has chosen.

2.2 Comparative and Spatial Visualization
Because the core analytical task in MTPOL is comparing multi-
ple tuners over a high-dimensional parameter space, two threads of
prior work shaped our work: comparative visualization and spatial
layouts of non-spatial data.

For comparing multiple tuners, we adopt a shared spatial layout
on which each tuner’s trials can be overlaid, contrasted, or aggre-
gated. This corresponds to superposition in the comparative visu-
alization taxonomy of Gleicher et al. [12, 11]. Superposition keeps
all items in one frame of reference, supporting many comparisons
in a single view, but can clutter as the number of items grows [12].
In MTPOL, every tuner samples the same parameter space, and we
aggregate trials into cells, so a single layout supports many com-
parisons without the overplotting that plain superposition incurs.

Realizing this shared layout requires a discrete grid that ag-
gregates many trials into legible units. Hexagon mosaic maps [6]
aggregate geographical data over hexagonal tessellations, tile
maps [23] display geographical regions as grids of identical tiles,
and gridded glyph maps [25] aggregate multivariate measurements
over a regular grid, all trading spatial precision for the legibility of
summary glyphs. TuneScape extends this idea to parameter config-
urations, which lack an inherent spatial embedding, by projecting
them to a 2D layout via dimensionality reduction and aggregating
trials over a hexagonal partition.

3 THE TuneScape VISUALIZATION

3.1 Data: Multi-Tuner Parameter Optimization Logs
A tuner run produces an MTPOL instance, consisting of a set of tri-
als, where each trial consists of four elements: (i) a tuner identity,
indicating which tuner generated the trial, (ii) a parameter configu-
ration, a vector of values for the engine’s tunable parameters, (iii)
a branch coverage value, the number of branches executed by the
resulting test cases, and (iv) a branch coverage vector B, the set
of branch indices executed by those test cases. Together, these el-
ements describe both where each tuner searched in the parameter

space and which branches its trials covered. An example trial is
shown in our supplementary material.

We generate an MTPOL instance by running six tuners to tune
the 61 parameters of KLEE on grep, a benchmark with 3,403 reach-
able branches. The 61 parameters comprise 35 boolean, 6 categori-
cal, and 20 numeric values. Each tuner produces 2,200 trials within
a 24-hour budget, yielding 13,200 trials in total.

3.2 Tasks

TuneScape targets researchers who study or develop tuners, with
practitioners who run tuners on their code as a secondary audience.
Over three months, we collaborated with two researchers experi-
enced in tuning symbolic execution through regular discussions and
prototype feedback to understand their needs in a multi-tuner set-
ting. From these sessions, we identified three tasks they perform to
contrast different tuner behaviors.

T1. Identify where each tuner explores. For each tuner, they
locate the regions of the parameter space its trials concentrate in,
the branch coverage achieved there, and how these regions differ
from other tuners, to characterize each tuner’s exploration pattern.

T2. Characterize regions by their dominant parameter val-
ues. For each region in T1, they identify the parameters whose val-
ues are concentrated within it, to interpret what the region repre-
sents in the high-dimensional parameter space.

T3. Discover regions that complement a selection. Given re-
gions the user finds promising, they search for additional regions
whose trials cover branches that those regions do not, in order to
form combinations that extend branch coverage across tuners.

3.3 Design Rationale

To support the tasks above, we adopt three design rationales.
DR1. Spatialize trials over a shared layout. We treat the pa-

rameter space as a 2D map on which each tuner traces a path of
trials, a metaphor familiar to researchers in symbolic execution and
HPO who routinely reason about search behavior in spatial terms.
Concretely, we embed trials from multiple tuners in a shared 2D
layout where spatial proximity reflects similarity in parameter con-
figurations, so that the user can identify where each tuner concen-
trates (T1) and which parameter values dominate those areas (T2).
We cluster trials to keep the layout legible when the number of trials
is large, providing multiple levels of detail.

DR2. Convey information through modes and overlays. A
single layout cannot show all of tuner identity, parameter values,
and coverage at once, but juxtaposing one view per attribute breaks
the shared frame from DR1. We instead layer information on the
same layout. A mode recolors cells by a primary attribute (tuner
identity for T1, parameter value for T2), and an overlay replaces
the color with a secondary attribute (coverage, or complementarity
against the user’s working set for T3), so the user moves between
perspectives without losing spatial context.

DR3. Annotate regions with contrastive explanations. DR2
lets the user compare cells once they know where to look, but with
hundreds of cells across many tuners, an analyst rarely has a starting
point. We therefore detect noteworthy regions automatically and la-
bel each with a contrastive annotation that states what distinguishes
it from the rest, giving the user entry points (T1, T2) and shortening
the path to candidate cells in the complementary search (T3).

3.4 System

TuneScape presents MTPOL as a single map visualization (Fig-
ure 1). Trials are projected onto a shared 2D layout (DR1), regions
of interest are highlighted and labeled with contrastive annotations
(DR3), and the user explores the layout through coordinated modes
and overlays (DR2).



Figure 2: Detail views of the two modes and two overlays applied to the same grep run as Figure 1. (A) Sym (blue) and SH (pink) pinned in
Tuner mode reveal nearly disjoint exploration territories. (B) Selecting max-stack-frames in Parameter mode shows that Sym’s high-coverage zone
overlaps the low bin and SH’s overexplored region overlaps the mid bin, explaining the coverage gap. (C) The coverage overlay recolors cells
by cumulative coverage; darker green indicates higher coverage, with the maximum (3,225) in the high-coverage zone. (D) The complementary
overlay recolors the remaining cells by branches added to a three-cell working set (#3, #16, #21), with the top three candidates labeled (No. 1–3).

3.4.1 Layout Construction
Trial encoding and projection. To embed trials from multiple
tuners in a shared 2D layout (DR1), we encode each configura-
tion as a mixed-type vector: numeric parameters are min-max nor-
malized, boolean parameters are mapped to {0,1}, and categor-
ical parameters are one-hot encoded. Normalizing each type be-
fore combining follows Gower’s coefficient [15], a standard mea-
sure for mixed-type data, so that no parameter dominates the dis-
tance through its scale or number of categories. To keep the lay-
out legible when the number of trials is large, we cluster the en-
coded trials with k-means and project the cluster centroids to two
dimensions with multidimensional scaling (MDS), which preserves
pairwise distances and so keeps spatial proximity aligned with pa-
rameter similarity (DR1), providing five levels of detail with k ∈
{12,24,50,100,200} that the user can switch between. A 2D pro-
jection cannot preserve all distances in a high-dimensional space, so
we treat the layout as an overview, with cell aggregation absorbing
small positional errors.

Hex grid assignment. We greedily assign the projected cen-
troids to the nearest empty cell of a hexagonal grid. The layout
preserves coarse neighborhood structure from MDS and yields a
regular adjacency graph where each cell has up to six neighbors.

3.4.2 Region Annotation
To direct the user’s attention to noteworthy parts of the layout
(DR3), TuneScape annotates regions of interest and labels them
with contrastive leader-line annotations (Figure 1).

Region identification. A region is a connected set of hex cells
that satisfies a mode-specific predicate. TuneScape defines four
predicates in Tuner mode and one predicate per parameter in Pa-
rameter mode, for the top five by feature importance. Given a pred-
icate and a minimum size, we extract the satisfying cells, run a
breadth-first search over the six-neighbor adjacency graph for con-
nected components, and select one component per category by
maximizing a category-specific score. Selected cells are excluded
from later categories, so each cell belongs to at most one region.

Leader-line placement. For each region, we search outward for
a label position that minimizes visual conflict with other regions,
labels, and leader lines. The supplementary material details both
the region predicates and the leader-line placement algorithm.

3.4.3 Modes and Overlays
To support multiple analytical perspectives on the shared layout
(DR2), the user can switch between two modes, tuner and param-
eter, that recolor cells by a primary attribute, and toggle two over-
lays, coverage and complementary, that replace the color with a

secondary attribute (Figures 1 and 2).
Cell encoding. Cell color depends on the active mode and over-

lay, while cell size encodes the number of trials in the cell, dis-
cretized into three tiers. A cell is marked Mixed (rendered in gray)
when no value dominates its trials, with mode-specific thresholds
given in the supplementary material. The cells with the highest and
lowest coverage are annotated with their coverage values, and the
densest and sparsest cells with their trial counts.

Tuner mode. In Tuner mode, each cell is colored by its domi-
nant tuner, defined as the tuner with the most trials in the cell, and
four region annotations are added (Figure 1A): overexplored but
low, high-coverage zone, low-coverage zone, and coverage plateau.
Hovering or pinning up to two tuners in the toolbar overrides the
cell color with each pinned tuner’s hue, allowing comparison while
keeping the region annotations in place (Figure 2A).

Parameter mode. Parameter mode opens with an overview of
the five parameters with the highest feature importance, annotating
one region per parameter as the largest non-Mixed bin component
(Figure 1B). This overview shows which parameters carry the most
distinct regions, a starting point for choosing which one to inspect.
When the user selects a specific parameter, each cell is recolored by
the dominant value of that parameter, with bins defined per parame-
ter type. The Tuner-mode region annotations remain visible during
this inspection, so the user can locate the selected parameter’s bins
relative to coverage and density patterns (Figure 2B).

Coverage overlay. The coverage overlay can be toggled on top
of either mode and recolors the cells by a sequential coverage scale
(Figure 2C). The user selects between mean coverage (the average
per-trial coverage in a cell) and cumulative coverage (the union of
branches covered by all trials in the cell). The region annotations of
the active mode remain in place.

Complementary overlay. The user can save cells of interest into
a working set by clicking them on the map; cells in the working
set are outlined with an orange ring. When the working set is non-
empty, the complementary overlay recolors each remaining cell by
the number of new branches its trials would add beyond those al-
ready covered by the working set. Region annotations are replaced
by cell-level labels: each working-set member is marked #i with its
id, and the top three candidate cells are marked with both their rank
(No. 1–3) and their numeric gain (+N) (Figure 2D). The supple-
mentary material gives the precise complementary score.

3.4.4 Implementation
TuneScape is implemented as a React [27]-based web application
using d3.js [4] for rendering. The layout, per-cell branch coverage
vectors B(·), and parameter importance scores (mean |SHAP| val-
ues from a random-forest surrogate) are precomputed in Python and



exported as static JSON; in the browser, only the cell-level overlays
are updated as the user assembles a working set, while region anno-
tations are recomputed only on mode or parameter changes. A live
demo is available at: https://idclab.skku.edu/TuneScape/.

4 USE CASES

We demonstrate TuneScape through two use cases. The first is a
detailed analysis of a MTPOL instance from symbolic execution,
walking through the three tasks (Section 3.2) on a representative
program. The second applies TuneScape to a hyperparameter opti-
mization log from a machine learning task, suggesting that the same
workflow can apply beyond symbolic execution.

4.1 Comparing and Complementing Tuners on grep
For this use case, two of the authors, including an experienced sym-
bolic execution researcher, walked through TuneScape to under-
stand how the six tuners differ and whether their outputs comple-
ment one another. They are SymTuner [8] (Sym), a domain-specific
tuner for symbolic execution, and five general-purpose black-box
tuners: CMA-ES [16] (CMA), a genetic algorithm [14] (Genetic),
successive halving [20] (SH), the tree-structured Parzen estima-
tor [3] (TPE), and Bayesian optimization [26] (BO).

We open TuneScape in Tuner mode (Figure 1A) to see how the
six tuners distributed their trials across the parameter space (T1).
The visualization separates the tuners into distinct territories. Sym
concentrates in a high-coverage zone on the right, where one cell
reaches 3,225 cumulative branches; its domain-specific design pays
off under tight trial budgets. SH occupies an overexplored but low-
coverage region on the upper left, where early-promising candi-
dates drew continued sampling that did not translate into high fi-
nal coverage. CMA forms a coverage plateau in the middle without
reaching the highest-coverage cells. A Genetic cell is the densest
with over 2,000 trials, reflecting its exploit-heavy resampling.

Sym and SH carry the most prominent region annotations (the
high-coverage zone and the overexplored but low region), so we
pin them for closer comparison (Figure 2A). We find that the two
tuners explore almost disjoint territories, with only a handful of
cells overlapping. This contrast between a domain-specific and
a general-purpose tuner is informative for practitioners choosing
among tuners or designing a tuning strategy.

Switching to Parameter mode (Figure 1B), five contrastive pa-
rameter regions are highlighted automatically (T2). Among them,
max-stack-frames stands out because its region overlaps the high-
coverage zone identified in Tuner mode. Selecting this parameter
for closer inspection (Figure 2B), we confirm the alignment: Sym’s
high-coverage zone is colored with the lightest blue, indicating the
smallest stack-frame bin, while SH’s overexplored territory is col-
ored with the darker mid-range blue. According to the researcher’s
prior knowledge, max-stack-frames controls when symbolic execu-
tion stops forking new states, and smaller values trigger earlier ter-
mination and restart, mitigating path explosion and yielding higher
coverage within a fixed time budget. What TuneScape added was
showing that the stack-frame bins explain the coverage gap between
Sym and SH, rather than merely coincide with it.

We then ask whether Sym’s coverage can be extended with cells
from other tuners (T3). We save the highest-coverage Sym cell into
the working set, covering 3,225 of 3,403 branches. Since Sym al-
ready covers what the general-purpose tuners reach and more, we
expected the recommendations to stay within Sym’s own cells. The
first recommendation is indeed a Sym cell: adding it lifts the union
to 3,303. The next, however, is a CMA-dominant cell where Sym
holds almost no trials, adding 31 branches no Sym cell had reached
and lifting the union to 3,334 (Figure 2D). Even the domain-specific
Sym leaves regions uncovered that a general-purpose tuner reaches.
This cross-tuner gain is what motivates running several tuners to-
gether. This walkthrough illustrates the three steps TuneScape sup-

Figure 3: TuneScape applied to the HPO log.

ports: observing tuner differences, explaining them through param-
eter values, and exploiting them through cross-tuner combinations.

4.2 Comparing HPO Algorithms for Machine Learning
Since HPO algorithms also produce logs structured like MTPOL,
we apply TuneScape to an HPO log to examine whether the same
workflow applies beyond symbolic execution. We ran four algo-
rithms (Random, Genetic, CMA, SH) to tune XGBoost [10] on the
adult dataset [2] over a 9-dimensional hyperparameter space, with
200 trials per algorithm. The per-instance outcome vector B records
which validation samples each configuration classifies correctly.

In Tuner mode, Genetic dominates the high-coverage zone,
where the top cell reaches accuracy 0.936, while CMA concen-
trates densely in a single 48-trial cell on the coverage plateau (T1,
Figure 3). Both are exploit-heavy strategies, but they converge to
different regions: Genetic reaches the global optimum, whereas
CMA’s covariance-based search settles into a locally optimal area
without escaping it. In Parameter mode, max depth HIGH (10–12)
and n estimators HIGH (206–297) align with the high-coverage
zone, while learning rate LOW (0.001–0.02) aligns with the low-
coverage zone (T2). However, selecting learning rate shows that
the high-coverage zone contains both low and mid learning rates,
indicating that learning rate alone does not separate high-coverage
from low-coverage cells. We then select CMA’s densest cell into
the working set, which alone covers 0.909 of validation samples;
the complementary overlay recommends three Genetic cells, and
adding the strongest lifts the union to 0.939, closing samples that
CMA’s local optimum had missed (T3).

5 CONCLUSION

We present TuneScape, a visualization that lays out MTPOL on a
shared hexagonal partition, annotates regions with contrastive la-
bels, and recommends complementary cells against a working set.
Beyond branch coverage, the complementary overlay extends to the
per-instance correctness vectors of HPO trials, pointing toward en-
semble construction where the working set becomes the candidate
ensemble [22].

The mixed-type layout, both modes, and the complementary
score require only that multiple tuners search a shared parameter
space and report a per-instance outcome vector, so they carry over
to other multivariate settings that meet this condition. The region
categories, phrased here for branch coverage, are the part that a new
domain would relabel and re-threshold.

Two limitations remain. TuneScape’s complementary recom-
mendation is greedy with respect to the working set, so the order
in which cells are added influences which complements are rec-
ommended; jointly optimizing combinations across all cells is left
to future work. A formal user study with symbolic execution re-
searchers, along with a quantitative comparison against baseline
visualizations, is also needed to assess whether the observed pat-
terns translate into practical tuning decisions.

https://idclab.skku.edu/TuneScape/
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