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Figure 1: The EvoMaestro interface supports LLM-driven program

evolution through three stages: (A) Evolution Understanding

overviews the population structure, performance, and strategies (A1-A8); (B) Node Understanding enables multi-level inspection
of individual nodes, including metadata (B1, B2), code explanations (B3), and comparison (B4); and (C) Evolution Steering allows

interactive interventions such as Suggest, Merge, Ban, and pacing

Abstract

Recent program evolution systems use large language models (LLMs)
to generate and iteratively improve populations of programs, pro-
ducing striking advances in mathematics, algorithm design, and
scientific computing. Yet these systems largely operate as fully au-
tomated black boxes. As populations grow, domain experts must
make sense of the scores, code changes, reasoning, and algorith-
mic ideas across many programs, while current interfaces provide
limited support for understanding or redirecting the evolution. We
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control of the evolution process.

characterize this need to understand and steer populations of evolv-
ing algorithmic ideas as semantic oversight. A formative study with
8 domain experts yields six design requirements for this emerging
human-computer interaction problem. We then propose a steerable
program evolution framework that lets expert judgments shape
subsequent evolution. Built on this framework, EvoMaestro is an
interactive visual analytics system that organizes evolution infor-
mation from population overview to source code. It helps experts
locate and compare noteworthy programs, guide evolution with
natural language, combine promising ideas, and prune unproduc-
tive directions. A seven-day system demonstration illustrates how
an expert applied these capabilities throughout a long-running
evolution process. A within-subjects study with 12 participants
shows that EvoMaestro improves users’ understanding of evolu-
tion processes, reduces cognitive workload, and supports expert
steering. These findings suggest that preserving expert agency in
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open-ended LLM-driven search requires support for both informed
judgment and the ability to shape subsequent automation.

CCS Concepts

« Human-centered computing — Interactive systems and
tools; Visualization systems and tools.
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1 Introduction

Advances in large language models (LLMs) have transformed how
programmers write code, from inline completions to multi-file ed-
its guided by natural-language (NL) intent [1, 30]. Recent systems
(e.g.,[16, 23, 25]) push this further: instead of assisting programmers,
large language models (LLMs) serve as the engine of evolutionary
search over programs. They maintain a population of candidate pro-
grams and iteratively improve them over successive generations:
an LLM reads select programs, reasons about their algorithmic
strategies, and proposes modifications, while an evaluation func-
tion scores the results and feeds them back into the population. This
paradigm has produced striking results, including novel mathemati-
cal findings [9, 25], improvements on long-standing algorithms [23],
and new activation functions in deep learning (DL) [31]. As open-
source frameworks [16, 26] lower the entry barrier, LLM-driven
program evolution is becoming a powerful tool for researchers
across fields.

However, these systems operate as fully automated black boxes,
lacking transparency and controllability during execution. Once a
run is launched, experts have limited ability to monitor, understand,
or steer the evolution process. This poses two key challenges (C1,
C2). First, experts struggle to understand the evolution (C1): a run
produces a rapidly growing tree of program variants, each carrying
scores, code diffs, and error logs, and the sheer volume overwhelms
human inspectors. Unlike classical evolutionary algorithms (EAs),
LLM-driven evolution generates intentional code edits accompanied
by rich metadata (e.g., reasoning chains and strategy descriptions),
but existing interfaces (e.g., ShinkaEvolve UI [16]) fail to effectively
surface this information for analysis. Second, experts lack mecha-
nisms to steer the evolution (C2): current systems do not support
pausing, redirecting, combining solutions, or pruning unproduc-
tive lineages during execution. Although experts possess domain
knowledge that could redirect unproductive search directions and
amplify promising ones, there is no effective channel to incorporate
such human input into the evolution process.

To address these challenges, we present a novel interactive visual
analytics system for interpretable and steerable LLM-driven pro-
gram evolution. Specifically, we first conducted a formative study
with 8 domain experts to derive six concrete design requirements
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(§ 4). Informed by these requirements, we propose a steerable pro-
gram evolution framework that extends the standard LLM-driven
evolution process by enabling expert interventions (e.g., manually
guiding program generation) during evolution to support steer-
ing (C2) and exposing evolution details (e.g., population structure,
performance, and strategies) to support interpretation (C1). Built
on this framework, the EvoMaestro interface incorporates a novel
visual design of population overview and multiple coordinated
analytical views to further support both intuitive evolution under-
standing (C1) and smooth expert steering interactions (C2). The
interface organizes evolution information through progressive dis-
closure from population-level overviews down to LLM-generated
line-level code annotations, enabling experts to build situational
awareness without being overwhelmed by raw code and scores.
We demonstrate EvoMaestro on a real-world optimization task
and evaluate it through an in-depth user study with 12 participants
against the state-of-the-art baseline (i.e., ShinkaEvolve Web UI [16]).
The results show that EvoMaestro improves users’ understanding
of the evolution process, reduces cognitive workload, and supports
effective expert steering.
In summary, we make the following contributions:

e We characterize semantic oversight of LLM-driven program
evolution as an emerging human-computer interaction (HCI)
problem: experts must understand and steer populations of
evolving algorithmic ideas. A formative study with 8 scien-
tists and engineers yields six design requirements.

e We propose a steerable program evolution framework and
EvoMaestro'. The framework lets expert judgments shape
subsequent evolution process; the interface helps experts
locate noteworthy nodes and inspect strategies from the
population level to source code.

e We demonstrate sustained expert steering on a real-world
optimization task and evaluate EvoMaestro through a within-
subjects study with 12 participants. The study shows that
EvoMaestro significantly improves experts’ understanding
of the evolving population, enables effective expert-guided
steering, and reduces cognitive workload. We distill two
lessons for preserving expert agency: support informed judg-
ment and action on that judgment.

2 Related Work

Our work relates to existing research on LLM-Driven Program
Evolution, Visualization for Evolutionary Algorithms, and Human
Oversight of Iterative Program Generation.

2.1 LLM-Driven Program Evolution

Recent studies use LLMs as mutation operators in evolution pro-
cesses, generating code variants through prompting rather than
syntactic manipulation. FunSearch [25] demonstrated that LLM-
driven evolution could discover novel mathematical constructs.
AlphaFEvolve [23] scaled up this approach for scientific and algo-
rithmic discovery. DeepEvolve [19] extends AlphaEvolve with deep
research capabilities. ShinkaEvolve [16] improves the search effi-
ciency. Open-source implementations [16, 18, 26] have broadened

1Opensourced on GitHub (https://github.com/ifsheldon/EvoMaestro)
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the access. These systems are already producing real scientific im-
pact [23, 25, 31]. Although they generate code, their application
domains are diverse: code can represent candidate solutions to
problems in mathematics, computational chemistry, physics, biol-
ogy and other fields. This approach applies when solutions can
be (1) expressed as executable programs and (2) evaluated auto-
matically through safe execution using a computable, sufficiently
reliable metric. Its potential users therefore include scientists and
engineers who can judge domain-specific ideas but may need sup-
port to connect those ideas with generated code and evaluation
results. Existing program evolution systems primarily operate as
automated pipelines and provide limited support for expert steering
during a run. EvoMaestro builds directly on these systems, provid-
ing an interactive layer that makes the evolution process legible
and steerable by domain experts.

2.2 Visualization for Evolutionary Algorithms

For traditional EAs, early work has visualized population dynam-
ics [15, 33], fitness landscapes, multi-objective trade-offs [7, 11,
13, 20, 22, 34, 35] and neuroevolution trajectories [2, 32]. NAS-
Navigator [29] and VisEvol [5] provide visual steering with domain
knowledge injection and real-time intervention in neural archi-
tecture search, representing the closest design precedents to our
work. These systems operate on search spaces where solutions are
numerical vectors, modular components, or architectural blocks.
LLM-driven program evolution differs from traditional EAs in that
each mutation is a reasoned code edit accompanied by rich metadata
(e.g., reasoning chains, LLM-generated summaries) with no analog
in classical EAs, and code diffs are structurally complex. ShinkaE-
volve [16] and OpenEvolve [26] provide a web UI for visualizing
their evolutions, but they are limited to post-hoc dashboards and
do not support real-time interaction or steering. LLM4AD [18] pro-
vides pre-run configurations and simple control (e.g., start, resume)
over an evolution on its UL In our work, we not only visualize the
evolution process but also enable real-time steering.

2.3 Human Oversight of Iterative Program
Generation

Existing HCI research on human-AI collaboration in programming
primarily studies a user working with one assistant or one active ar-
tifact through code suggestions and chat-based editing [1, 17, 21, 30].
Recent taxonomies of human-LLM roles [4] also focus on dyadic
archetypes. By contrast, in program evolution, the expert oversees
persistent alternatives and shifts from co-author to curator and
strategist: the expert must allocate attention, compare strategies,
inspect evidence, follow lineages, and decide where to intervene.
Mixed-initiative program synthesis provides a closer precedent. AS-
SUAGE [12] exposes parallel assembly-synthesis instances and lets
users guide them through a predefined vocabulary of constraints
and decompositions. Our system works with open-ended algorith-
mic ideas: LLM-generated programs can introduce strategies out-
side predefined categories, and experts can describe suggestions
and new directions in NL. Steering such open-ended ideas requires
semantic oversight: experts must understand the strategies repre-
sented by generated programs, compare them across lineages, check
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them against code and evaluation results, decide which to preserve,
combine, prune, or redirect, and monitor their effects.

Several HCI frameworks help organize these needs. Endsley’s sit-
uation awareness (SA) framework [8] describes how operators per-
ceive a system’s state, comprehend what it means, and project what
may happen next. Sheridan’s levels of automation (LOA) [27] and
Issak et al.’s trajectory of control [14] describe movement between
passive monitoring and active intervention. Pareek et al. [24] show
that multi-agent interfaces must balance useful process visibility
and trust against information overload. Our system supports seman-
tic oversight through population-level attention routing, multi-level
inspection of algorithmic strategies, and interventions that shape
future generations.

3 Background: LLM-Driven Program Evolution

This section introduces the key concepts and terminology of LLM-
driven program evolution. All existing systems share a four-stage
loop (Fig. 2, Bottom Row), which continues until a termination
condition is met, such as a time budget, a target score, or a maximum
number of nodes. In all existing systems, the loop is fully automatic.

@ Population Database. An evolution maintains a population of
candidate programs stored in a population database. Each candidate
is represented as a node in an evolution tree, carrying the program’s
source code together with metadata such as performance scores,
code diffs, and LLM reasoning chains. In many systems [16, 23, 25],
the population is partitioned into islands, sub-populations that
evolve independently. Optionally, migrations move nodes among
islands. These mechanisms, inspired by habitat isolation in nature,
help maintain program diversity and improve performance.

@ Parent Selection. In each generation, the system selects one
or more nodes from the population as parents, the starting points
for producing the next generation of candidates. The automatic and
probabilistic selection typically favors nodes with higher scores,
ensuring that good nodes are more likely to be refined further.

® Node Generation. New nodes are created by prompting an
LLM to modify the selected parents. In a mutation, the LLM reads
a single parent, reasons about its algorithm, and proposes a tar-
geted code edit. In a crossover, the LLM reads two or more parents
and combines their ideas into a new program. In both cases, the
LLM produces a patch (code edits) applied to generate the new
node, optionally with a patch description summarizing the intent
in NL. Unlike classical EAs, where mutations are random pertur-
bations, each LLM-generated patch is deliberate and semantically
meaningful.

@ Node Evaluation. An evaluation function executes the newly
generated program and assigns one or more numeric scores mea-
suring solution quality. This function is provided by the user and
measures domain-specific metrics (e.g., prediction accuracy and la-
tency). The evaluation stage can also generate additional metadata.
For example, ShinkaEvolve [16] computes an embedding vector
from each node’s code for similarity comparison across the popula-
tion. The evaluated node, together with its scores and metadata, is
then added back to the population database, and the loop repeats.
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4 Formative Study

To inform the design of EvoMaestro, we conducted a formative
study with engineers and researchers who regularly solve opti-
mization problems and could benefit from LLM-driven evolution.
This study aimed to understand three key aspects: (1) how they
approach iterative algorithm improvement with LLMs, (2) what
information they seek when examining an LLM-driven evolution
run, and (3) what intervention capabilities they expect to effectively
steer such processes. We used the web UI of ShinkaEvolve [16] as
the baseline system for this study, as it is one of the most advanced
open-source LLM-driven program evolution tools [18, 26].

4.1 Participants and Procedures

We recruited eight participants (P1-P8; 2 female, 6 male) from uni-
versities and companies across three countries via direct outreach
and referrals (see Appendix A.1). All participants have substantial
experience in algorithm design or optimization, including software
engineers (P1, P2, P6) and graduate students (P3-P5, P7, P8) in DL
and mathematics. All are proficient in reading code and regularly
use LLM-based programming tools, with four (P1, P4-P6) having
more than five years of competitive programming experience. We
did not require prior experience in EA, as the target users are do-
main experts who seek to apply EA techniques to their problems,
rather than EA specialists. Before the participant interviews, we
collaborated with E1, a co-author and domain expert. He is a PhD
student in theoretical computer science with six years of competi-
tive programming experience and had extensive prior experience
with the baseline system. We interviewed him about his experi-
ence with and feedback on the baseline. Based on his feedback and
our literature review, the research team developed the two design
probes. As E1 was a co-author, we did not include him among the
recruited participants.

We conducted a semi-structured interview with each participant,
with each session lasting approximately 50 to 60 minutes (see Ap-
pendix A.2 for details). The two design probes covered alternative
visualizations of evolution results and interaction mechanisms for
steering an evolution process. In each session, participants explored
a pre-generated ShinkaEvolve [16] evolution with 50 nodes using a
think-aloud protocol, followed by semi-structured questions. We
then presented the probes and gathered feedback.

4.2 Findings and Design Requirements

We conducted a thematic analysis following Braun and Clarke [3].
The first author performed iterative open coding on interview notes,
and themes were refined through team discussion. Our analysis
revealed six themes, which we distilled into six design requirements.
We organize them into two groups to reflect the two core problems
identified from interview feedback: information overload (DR1-
DR4) and lack of human-in-the-loop interaction (DR5-DR6).

4.2.1  Problem 1: Information Overload. Participants reported being
overwhelmed by the volume of information on the interface, yet
paradoxically found it insufficient for understanding what they
cared about most: what algorithmic strategies the nodes were using,
which ones were promising, and how the search was progressing.
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DR1: Surface algorithmic intent of node generation. Par-
ticipants consistently reported that raw code and scores did not
convey the algorithmic strategy behind each node. P1 noted: “there
is lots of information, but none of it helps me understand [what is
going on].” While the baseline did include patch descriptions, they
were buried and easy to miss. When participants found them, both
P1 and P6 identified them as the most helpful information. E1 ex-
hibited a telling workaround: rather than reading code directly, he
routinely copied it into ChatGPT to ask about the algorithmic idea.
The system should present the idea behind each node, not just its
code and score, in a way that is immediately visible and scannable.

DR2: Support multi-level comparison between nodes. Com-
paring nodes was a major pain point. P1 reported that “comparing
code is tedious, and it’s hard to compare the differences in thinking be-
tween solutions,” and noted that “it’s hard to tell at a glance whether
performance improved or regressed” when the parent and child had
similar scores. The baseline only supported comparing a node with
its parent; E1 resorted to manually writing down scores for com-
parison. Participants wanted comparison at multiple levels: across
islands (P5), side-by-side code diffs (P1, P6), and strategy-level clus-
tering (P5). E1 likewise wanted comparison across islands. The
system should enable comparison at multiple abstraction levels.

DR3: Provide population-level overviews. Multiple partici-
pants desired a global overview beyond the tree structure. P1 and
P6 articulated this clearly: “it would be best to have a global sum-
mary, like a report, summarizing what directions all these nodes
explored.” P5 found it “difficult to find the top-K nodes.” E1 asked
for the global average score, which was not available. The system
should aggregate individual node information into overviews.

DR4: Prioritize decision-relevant information. Even when
relevant information was present, participants struggled to focus
on what mattered. P7 and P8 stated: “too much information with no
focus.” The baseline mixed global statistics and local node details in
the same tabbed panels (P2), and its visual encoding was cluttered
with color schemes for performance and island membership. Par-
ticipants converged on filtering as a solution: P1, P5, P7, and P8 all
suggested dimming nodes below a performance threshold. P4 and
P3 suggested novelty metrics to highlight qualitatively different
nodes, and P6 wanted “performance jumps” to be visually salient.
The system should highlight nodes most likely to merit attention
and allow experts to customize what counts as noteworthy.

4.2.2  Problem 2: Lack of Human-in-the-Loop Interaction. Partici-
pants consistently expressed a desire to intervene in evolution.
DR5: Enable targeted expert intervention. Participants wanted

to track nodes of interest and act on them, with P1 requesting book-
marking. E1 had similarly developed a manual workaround by
writing down node IDs on paper. P7 wanted to “choose a subset of
nodes to continue evolving” and prevent others from evolving to
save resources. P8 shared the same idea. We presented one design
probe that included a suggestion dialog for NL-guided mutation and
a multi-select panel for merging. Reactions were largely positive:
P1 found the “suggest” feature promising but noted that the sys-
tem should “provide recommendation options” rather than requiring
guidance from scratch. P5 is skeptical about merging, questioning
whether it might “go against the original intent of evolutionary com-
putation,” while P4 and P6 responded positively. The system should
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allow experts to intervene, including guiding mutations, combining
ideas from multiple nodes, and shaping which lineages continue.

DR6: Support flexible evolution pacing. Participants did not
want a binary switch between full automation and manual control.
P5 and P8 noted that the desired involvement depends on situations
and problems. P7 articulated a similar vision: “fully automatic gen-
eration of some nodes, but with checkpoints where you can intervene
at any time.” This points to a need for flexible pacing: the system
should support a spectrum of involvement levels, from passive mon-
itoring through throttled observation to step-by-step control, with
the ability to shift between modes as the situation demands.

All DRs map to the theoretical frameworks introduced in Sec-
tion 2. DR1-DR4 address information overload by supporting the
three levels of Endsley’s SA [8]: DR3-DR4 support perception (what
is happening in the population), DR1-DR2 support comprehension
(why nodes differ), and DR3 also supports projection (which direc-
tions are promising). DR5-DR6 address the lack of steering, moving
the system from Sheridan’s [27] Level 9 toward Level 5.

5 EvoMaestro

Guided by the six design requirements (§ 4), we propose a frame-
work for steerable program evolution and EvoMaestro, an inter-
active visual analytics system built upon this framework (Fig. 2).
The framework (§ 5.1) extends the standard evolution loop with
intervention points and an expert review prioritization stage, en-
abling steering. The interface (§ 5.2) organizes information through
progressive disclosure to support understanding of an evolution
at different levels of detail and provides views for steering the
evolution.

5.1 Steerable Program Evolution

This subsection describes how our framework transforms the fully
automatic four-stage loop (D-®, § 3) into a steerable process. We
first describe the four actions experts can take to intervene in a
running evolution (DR5, DR6), then explain how these actions are
enabled by our modifications to the loop stages.

When the expert identifies a node worth refining, they can use
Suggest to select it as the parent node and provide NL guidance
to steer the next mutation. The system feeds this guidance into
the LLM’s prompt, producing a new child node. To help the expert
formulate their guidance, the system also generates a recommenda-
tion that the expert can adopt, modify, or ignore. Additionally, the
expert can use Merge to select two nodes and direct the system to
combine them into a new node with optional NL instructions. The
system recommends merge candidates based on performance and
dissimilarity (details in Appendix B.2). If the expert identifies a node
pursuing an unproductive strategy, they can use Ban to remove
it from future parent selection, thereby pruning unproductive lin-
eages. For the entire loop, the expert can flexibly control the pace,
pausing, stepping through one node at a time, or letting the evo-
lution run automatically. To enable these actions, our framework
extends the standard four-stage loop at key stages (Fig. 2, Top):

@ Population Database. The expert can ban nodes in the pop-
ulation database, preventing them from being selected in stage @.
Outside the loop, Maestro Agent, an LLM assistant, reads from the
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population database to help experts understand code, compare
nodes, and identify patterns across the evolution (§ 5.2.2).

@-® Parent Selection & Node Generation. These stages are
automatic in the standard loop. Ours adds intervention points that
allow the expert to override these stages through Suggest or Merge.

@ Node Evaluation. At this stage, besides running evalua-
tions, existing systems compute embeddings from each node’s raw
code for similarity comparison (§ 3). EvoMaestro instead computes
reasoning-based embeddings from each node’s patch description and
reasoning chain pair, capturing the similarity of algorithmic intent
rather than syntactic structure. These embeddings underpin the
clustering, dissimilarity chords, and comparison views throughout
the interface. Experts can toggle to code-based embeddings when
they want to compare implementations instead of strategies.

® Expert Review Prioritization (new stage). The framework
adds a fifth stage after node evaluation. A prioritization function
consumes scores and embeddings from Node Evaluation and flags
noteworthy nodes for inspection. By default, the function flags
nodes whose evaluation score improves by at least 15% relative to
their parent. Experts can adjust the threshold or replace the function
with one based on other signals, such as embedding dissimilarity.
Unlike ShinkaEvolve’s novelty-based rejection sampling [16], these
flags affect only interface highlighting and do not alter scores, reject
candidates, or affect parent selection.

Pacing control. The expert can switch at any time between
three modes: Auto (free-running), Wait (pauses between genera-
tions), and Manual (one node at a time).

The steerable evolution loop provides the mechanisms for ex-
perts to intervene, while the EvoMaestro interface surfaces these
steering capabilities alongside features that support understanding
the evolution at different levels of detail, which we describe next.

5.2 EvoMaestro Interface

The EvoMaestro interface (Fig. 1) is designed around a progressive
workflow: the expert starts by gaining a global overview of the
evolving population (§5.2.1), then inspects specific nodes to under-
stand their strategies and compare them (§5.2.2), and finally acts
on those insights by steering the evolution (§5.2.3).

5.2.1 Evolution Understanding (DR3, DR4). Before drilling into in-
dividual nodes, the expert typically needs to get oriented about the
evolving population: what strategies have been explored, which
nodes are performing well, and where the search might be heading.
They can then analyze the population structure to identify clusters
of similar strategies and the overall score distribution.

Getting oriented. When the expert opens EvoMaestro, a radial
tree in Population Overview (Fig. 1(A1]) provides an immediate vi-
sual summary of the full evolution history. Nodes are arranged in
concentric rings by generation and grouped into angular sectors by
island ((A2]), with a sequential color scale encoding performance so
that high-scoring nodes stand out at a glance. Solid lines connect
parent and child nodes, tracing evolutionary lineages; cross-island
links indicate migrations where a node’s offspring was assigned
to a different island. We provide design rationale details in Appen-
dix B.1. To guide their focus, the best node in each island is marked
with a golden circle @ ([A3]), and noteworthy nodes prioritized for
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Figure 2: Steerable Program Evolution Framework. Stages @-@ correspond to the standard loop (§ 3); ® is added by EvoMaestro.
The steerable loop (Top) extends the automatic loop (Bottom) with Ban, Merge, Suggest, Expert Review Prioritization, and
Pacing Control. The Maestro Agent (left) provides conversational code explanation and annotation.

expert review (§ 5.1) are flagged with a lightbulb | ((A4])). To under-
stand how different the top strategies are from each other, they can
read the Dissimilarity Chords ((A5)), color-coded arcs connecting
the best node of each island. For a narrative summary without
inspecting individual nodes, a sidebar panel ((A6])) provides an LLM-
generated Evolution Overview describing explored, promising, and
failed strategies. To reduce clutter, they can click on the encoded
averages (the global one in the legend, per-island ones on seed
nodes, and per-generation ones on arcs) to dim all nodes below that
average; error and timeout nodes can be toggled off.

Analyzing population structure. Two additional views help
the expert understand patterns across the population. Clusters View
(Fig. 1[A7)) projects nodes into a scatter plot using PCA on their
reasoning-based embeddings (§ 5.1), revealing clusters of nodes that
share similar strategies. Score Distribution ((A8]) shows a density
plot of scores; the expert can set a threshold to filter out low-scoring
nodes, which are then dimmed on the tree.

5.2.2  Node Understanding (DR1, DR2). Beyond the population level,
experts need to understand individual nodes. EvoMaestro supports
this progressively: inspecting nodes via hover tooltips and lineage
paths for quick triage, understanding a node’s strategy through the
detail panel and Maestro Chat with line-level annotations, and com-
paring nodes through dissimilarity chords and side-by-side views.

Inspecting nodes. Hovering over a node on the tree reveals a
brief tooltip (Fig. 1(B1)) showing its name, score, patch type, and
island assignment, allowing the expert to quickly triage nodes
without leaving the tree view. Clicking a node selects it and draws
an orange lineage path from the initial seed to that node, letting the
expert trace its evolutionary history at a glance. The last segment
of this path uses a solid/dashed encoding: the solid half is drawn
closer to the higher-scoring node of the pair, instantly revealing
whether performance improved or regressed.

Understanding a node’s strategy. The detail panel (Fig. 1(B2))
shows the node’s performance scores, patch description, and meta-
data such as island assignment, node ID, and parent lineage. The

patch description provides a high-level understanding of the idea
that the patch pursued without requiring the expert to read the
code. For a deeper understanding, they can open the full source code
(Fig. 1[B3)) and invoke Maestro Agent through the Maestro Chat to
explain it. Maestro Chat operates in two modes: in Code view, the
expert asks the agent to explain a single node’s algorithmic strategy;
in Code diff, they view two nodes side by side and ask the agent
to compare them. Additionally, Maestro Agent can place line-level
annotations directly on the code regions and highlight them. This
anchors abstract strategy descriptions to concrete code locations,
which is more effective for supporting human judgment [28].

Comparing nodes. Dissimilarity Chords (Fig. 1[A5]) helps com-
pare the best node in each island. Experts can select multiple nodes
for detailed comparison in Comparison Panel (Fig. 1(B4]), which
shows performance comparisons and a dissimilarity heatmap. They
can also open a side-by-side code diff for any pair, with Maestro
Chat available to explain the differences. The dissimilarity values
throughout the interface are computed from reasoning-based em-
beddings (§ 5.1) for comparing algorithmic strategies.

5.2.3 Evolution Steering (DR5, DR6). Having understood the pop-
ulation and identified promising or problematic nodes, the expert
can act on those insights by guiding and combining nodes through
Suggest and Merge, pruning unproductive lineages through Ban,
and controlling the pace of the evolution. The steering mechanisms
described in Section 5.1 are accessed through a unified context
menu (Fig. 1(C1]) that appears when right-clcking any node, along
with Mark and Note for bookmarking and annotating nodes.

Guiding, combining, and pruning nodes. Selecting Suggest
opens a modal (Fig. 1(C], top) where the expert writes NL guidance,
with an Al-generated recommendation as a starting point. Selecting
Merge opens a modal (Fig. 1(CJ, middle) listing recommended merge
partners ranked by score and dissimilarity. Both actions produce
new child nodes that appear on the tree in real time. Selecting Ban
(Fig. 1(C), bottom) marks the node as banned, visually dimming it
on the tree and removing it from future parent selection.
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Controlling the pace. Run Control (Fig. 1(C2]) allows switching
between modes (§ 5.1), in which new nodes appear with a dashed
border during evaluation, transitioning to solid once complete.

6 System Demonstration

To assess EvoMaestro in a complex real-world setting, we present a
system demonstration with E1, a co-author and domain expert who
contributed feedback during the formative phase. E1 was particu-
larly suited to this extended demonstration because he combined
extensive experience with the baseline system, relevant algorithm-
design expertise, strong motivation to apply LLM-driven program
evolution in his research in theoretical computer science and al-
gorithm design, and willingness to commit substantial time. We
adapted an optimization problem from the ICPC 2025 Online Win-
ter Challenge? as the task. It aims to optimize traffic routing in a
large-scale Al computing cluster interconnected by optical circuit
switchs (OXCs). Appendix C provides the task details in depth. E1
used EvoMaestro for approximately 16 hours over 7 days for the
task. The following describes his workflow, which we reconstructed
from several types of data, including his contemporaneous activity
log of important actions and reasoning, a short post-study summary,
system logs of evolution actions, Maestro Chat histories, and gener-
ated node, score, and lineage artifacts. During the reconstruction,
we triangulated his rationale with recorded actions and generated
artifacts, and followed up with E1 when details were unclear. We
did not log every low-level Ul action (e.g., tab switch or node click).

To kickstart the evolution process, E1 generated an initial seed
program using GPT-5. During the study, E1 interacted with Evo-
Maestro through a recurring analysis loop: (1) understanding the
current evolution process, (2) inspecting specific nodes for steering,
(3) intervening to inject domain knowledge, and (4) setting the
system to evolve automatically before re-observing the results. We
illustrate each step of this loop with concrete examples (Fig. 3).

Understanding the current evolution process. At the be-
ginning of each cycle, E1 typically sought a global overview, in-
cluding best nodes and overall evolutionary trend. For example,
after the initial 92 nodes were generated automatically, he first
located the best nodes (both global and island-level) in Population
Overview (Fig. 3(A)), highlighted by golden circles @ (Fig. 3(A1)),
then skimmed the arcs (Fig. 3(A2]) to preview the evolutionary trend.
After confirming that the evolutionary trend was generally improv-
ing (i.e., arc colors became deeper across generations), he examined
the Evolution Overview (Fig. 3(A3]) to obtain a strategy summary.
It showed that the top-performing nodes had converged on two
strategies (multi-attempt randomized greedy search and structural
deterministic routing) and that earlier time-bounded search loops
had largely failed, whereas successful nodes used adaptive attempt
budgets. This raised a key question: were the top-performing nodes
fully utilizing the 50-second execution time limit? To answer this,
he proceeded to inspect specific nodes.

Inspecting nodes for steering. When something at the global
level caught his attention, E1 inspected individual nodes to verify
hypotheses or seek explanations. To investigate the time-budgeting
question, he first used the Score Distribution (Fig. 3(B1)) to filter
out low-performing nodes and focus on top candidates. He then

Zhttps://icpc.global/regionals/finder/Winter-Challenge-2026
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examined the detail panels of selected nodes (N-54, 67, 75, 81, and
91, the best node) and reviewed their evaluation results across
test cases (Fig. 3(B2)). The longest runtime was 20s, far below the
limit, confirming that the node was leaving significant computation
time unused. He then used Maestro Chat (Fig. 3(B3]) with line-
level annotations to understand the best node’s search logic in
detail. Surprised by the sophisticated algorithm (precomputation,
pruning, and steal mechanisms) implemented in the best node
(N-91), he further explored other nodes (N-65, 67, 81), guided by
the noteworthy-node flags ,. He compared their performance and
dissimilarity and found that although they have similar scores, N-
91 is distinct from the other three nodes, as shown in Comparison
Panel (Fig. 3(B4])). He further used Maestro Chat to understand their
code details.

Intervening with domain knowledge. Once E1 identified an
actionable insight during node inspection, he intervened in the
evolution process. Continuing the above example, he used Sug-
gest (Fig. 3(C1J) on N-91 (44k) to inject time-budgeting knowledge:
“continuously search until the exact moment before the 50s timeout,”
producing N-94 (44.5k). He then generated 4 new nodes (N-95 -
N-98) using Run Control (Fig. 3(C2]). Based on insights from node
inspection, he found the deterministic waterfilling algorithm in
N-65 complementary to N-91, and thus used Merge (Fig. 3(C3))
to combine them, producing N-99 (45.0k). Beyond these targeted
interventions, E1 also explored speculative ideas using Suggest,
adapting his strategies based on observed patterns. For example,
by inspecting improvement trends through arc and node colors, he
observed that one lineage (N-26->29->48) lagged behind the overall
generational progress (Fig. 3(A4) and (C4J). After discussing this in
Maestro Chat, he concluded that this lineage introduced excessive
complexity with only marginal gains, and used Ban to remove N-48.

Resuming automatic evolution. After each round of interven-
tion, E1 resumed automatic evolution. Before resuming, he typically
used Ban to prune unproductive nodes, preventing the system from
revisiting dead ends. He then set a node budget in Run Control
(e.g., 20 new nodes) and left to do other work. Upon returning, he
examined the Population Overview, Evolution Overview, and Score
Distribution to assess whether the injected knowledge had taken
effect, thereby initiating the next analysis cycle.

This cycle was repeated over the 7-day period. E1 progressively
shifted from active steering to passive monitoring as the evolution
matured. By the end, the system had generated over 200 nodes with
the best score of 45.8k (N-144) across multiple distinct strategies
(Fig. 3(DJ). Throughout the process, he relied entirely on observation
and steering through EvoMaestro, without writing code. In his post-
study summary, E1 reported that EvoMaestro shifted his work from
tedious code review toward active human-AI collaboration. He
identified Merge, Suggest, and Maestro Chat as central to this shift
and expressed interest in using EvoMaestro in future research.

7 User Study

We conducted a within-subjects user study to compare EvoMaestro
against the baseline. Our goals were to assess whether EvoMaestro
improves experts’ ability to (1) understand the state and strategies
of an evolving population, (2) identify decision-relevant informa-
tion, and (3) intervene effectively in an evolution. Accordingly, this
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Figure 3: The expert’s workflow during the system demonstration. (A) Understanding: Population Overview shows the evolution
tree with best nodes highlighted (A1), per-generation score trends on arcs (A2), Evolution Overview summarizing strategies
(A3), and a banned node (A4). (B) Inspecting nodes: Score Distribution filters low-performing nodes (B1); the detail panel
shows evaluation runtimes (B2); Maestro Chat explains node code with line-level annotations (B3); and Comparison reveals
dissimilarity among top nodes (B4). (C) Steering: Suggest injects time-budgeting guidance (C1); Run Control sets the node
budget (C2); and Merge combines complementary nodes (C3). (D) The final evolution tree with the best node highlighted.

comparison evaluates understanding, workload, and steering sup-
port, not final program quality. We describe the study setup first
and then report the results.

7.1 Study Setup

With the same recruitment process as the formative study (§ 4.1),
we recruited 12 participants (U1-U12; 4 female, 8 male). Three (U3,
U6, U9) were also participants in the formative study. All partici-
pants had experience in algorithm design or optimization, including
software engineers (U3, U9) and graduate students (U1, U2, U4-US8,
U10-U12) spanning DL, physics, statistics, HCI, and mechanical
engineering. All are fluent in Python and daily users of LLM-based
programming tools. Most had basic familiarity with LLM-based
evolutionary systems; two (U2, U11) had no prior exposure and
one (U8) had long-term hands-on experience with similar systems.
Participant details are provided in Table 2 (Appendix D.1).

Study design: We used a within-subjects design comparing Evo-
Maestro against the baseline ShinkaEvolve [16] web UL Each partici-
pant used both conditions on two multi-objective optimization tasks
of comparable complexity (details in Appendix D.2), counterbal-
anced using a 2 X 2 Latin square (Appendix D.3). In the EvoMaestro
condition, the evolution remained live so that participants could
execute real-time interventions.

Procedure: Each 80-minute session comprised a tutorial on LLM-
driven evolution, followed by two 25-minute task sessions (one per
condition). In each task session, participants first spent 15 minutes
on sensemaking tasks: identifying the most promising nodes, de-
scribing algorithmic strategies, and spotting evaluation weaknesses.
They then spent 10 minutes on intervention tasks: in the EvoMae-
stro condition, writing a NL suggestion and initiating a merge; in
the baseline condition, describing their intended interventions in

writing, capturing intervention intent for qualitative comparison.
After each condition, participants completed a questionnaire and
NASA-TLX. A post-study interview compared experiences across
both conditions. The details are provided in Appendix D.5.
Measures: We designed a custom 7-point Likert questionnaire
to assess three aspects mapped to our design requirements. Un-
derstandability (5 items, both conditions) measured whether each
system helped participants understand the population’s evolution,
discern strategies, locate notable nodes, compare nodes, and identify
individual node algorithms, covering DR1-DR4. Usability (3 items,
both conditions) assessed ease of use, information organization,
and task effectiveness. These shared items enable paired statistical
comparison between conditions. Three additional Intervenability
items (EvoMaestro only) assessed intervention identification (DR5),
pacing control (DR6), and intervention effectiveness (DR5), and one
item assessed the value of Maestro Chat for code understanding.
These EvoMaestro-only items capture capabilities with no baseline
equivalent. We also administered the NASA-TLX [10] after each
condition to measure cognitive workload and collected open-ended
responses and a post-study interview for qualitative analysis. Full
questionnaire items are provided in Appendix D.4. For shared items,
we use the Wilcoxon signed-rank test with Cliff’s delta (9) for effect
sizes [6] where |§| < 0.33 is small, < 0.474 medium, and > 0.474
large. EvoMaestro-only items are reported descriptively. Qualitative
analysis followed the same approach in the formative study (§ 4.2).

7.2 Results

We report the results from our Likert questionnaires and NASA-
TLX, followed by qualitative findings from the open-ended ques-
tions and post-study interviews.
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7.2.1 Closed-ended Questions. Overall, EvoMaestro significantly
outperformed the baseline on all eight shared Likert items and
received consistently high ratings on the EvoMaestro-only items.
Understandability & Usability. Fig. 4 (left) summarizes the
comparison on shared Likert items. EvoMaestro scored significantly
higher than the baseline on all eight shared items. The strongest
are task effectiveness (§ = 0.694, large) and information organiza-
tion (6 = 0.639, large), followed by locating abnormal nodes (DR4:
d = 0.521, large) and comparing nodes (DR2: § = 0.486, large).
Overall, the participants rated EvoMaestro’s understandability at a
median of 6.0 (mean 6.20) versus 5.0 (mean 4.65) for the baseline,
and usability at 7.0 (mean 6.31) versus 5.0 (mean 4.61). The largest
improvements were in usability items, suggesting that our progres-
sive disclosure and visual encodings make the evolution process
not only more comprehensible but also much easier to work with.
EvoMaestro-only items. The Intervenability and Maestro Chat
items were consistently rated highly (Fig. 4, middle). Al-assisted
code explanation (Maestro Chat) received a median of 7.0 (mean 6.42,
SD 0.90), the highest rating of any individual item, reflecting partic-
ipants’ strong appreciation for LLM-mediated code understanding.
The three intervenability items received medians of 6.0-6.5, indi-
cating that participants found the steering mechanisms effective.
EvoMaestro’s design helps experts see where to intervene, while
the act of formulating effective guidance remains more challenging,
as identifying intervention needs (DR5, median 6.5) scored slightly
higher than conducting interventions (DR5, median 6.0).
Cognitive workload (NASA-TLX). Fig. 4 (right) summarizes
the NASA-TLX results. EvoMaestro significantly reduced over-
all cognitive workload (the mean of all six subscales per partic-
ipant) compared to the baseline (median 3.08 vs. 4.25; p = 0.004,
6 = —0.417, medium effect). For the subscales, the largest improve-
ments were in frustration (p = 0.004, § = —0.535, large), tempo-
ral demand (p = 0.016, § = —0.479, large), and mental demand
(p =0.043, § = —0.347, medium). The frustration reduction is the
largest effect, which we attribute to the combination of progres-
sive disclosure design (reducing information overload) and steering
mechanisms (enabling experts to act on their observations rather
than passively watching). Both systems enabled participants to
complete the tasks, as the Performance and Effort subscales did not
differ, but EvoMaestro did so with much less cognitive strain.

7.2.2  Qualitative Findings. We organize the qualitative findings
from post-study interviews and open-ended responses around three
concerns: understanding, steering, and usability.

Evolution Understanding. The feedback has a consistent con-
trast between the two systems regarding information structuring.
The baseline presented all data at once, which overwhelmed users.
U4 and U9 reported confusion and cognitive overload due to the
large number of nodes and complex visualizations. EvoMaestro’s
progressive disclosure approach relieves users of information over-
load. U5 noted a significantly reduced mental load, describing the
experience as “peeling away layers.” U4 found the radial tree “much
clearer than ShinkaEvolve’s style of piling everything together.” These
findings suggest that the value of our design lies not in showing less
information but in revealing it in the right order: population-level
orientation first, then node-level details on demand.

UIST 26, November 02-05, 2026, Detroit, MI, USA

Evolution Steering. All participants appreciated the ability
to intervene. U5 noted that “we can add constraints to the LLM,
and this is visible on the system, making it easy to trust,” and U10
noted that Ban resolved their concern about “the Al wasting tokens
repeating the same strategy.” Despite this appreciation, their com-
ments revealed a nuanced relationship between automation and
human control. Rather than replacing automation, participants used
LLM-generated recommendations as a starting point: U7 described
“checking the merge recommendations, examining the recommended
nodes in detail, then finding further inspiration,” and U4 noted that
the recommendations “deepened my understanding of the algorithms,’
suggesting they served as learning aids rather than just shortcuts.
Looking forward, participants wanted even richer automation sup-
port, such as “global recommended actions” (U9) and guiding groups
of related nodes simultaneously (U7, US).

Overall Usability. NL guidance is crucial for improving the us-
ability of such complex systems with dense information, as Maestro
Chat was the highest-rated feature (median 7.0). U5 noted its useful-
ness at different levels: “not only can it provide global understanding,
but also understanding of individual lines or functional blocks, saving
a tremendous amount of time.” However, the system’s usability did
not rely on Maestro Chat alone. U4, who had competitive program-
ming experience but a limited optimization background, chose not
to use it because of its verbose responses but still found the sys-
tem accessible through interactive steering: “while playing around
with Merge, I actually came to understand a bit of what optimiza-
tion researchers do.” The system offers interactions that suit users
with different backgrounds: experts with strong algorithmic knowl-
edge can leverage Maestro Chat for deep code understanding, while
those newer to the problem domain can build their understanding
through hands-on interaction with the steering features.

3

8 Discussion

Designing and evaluating EvoMaestro highlights the importance
of expert agency in open-ended LLM-driven search. We discuss
how understanding and steering support this agency, then examine
current limitations and future directions.

8.1 Lessons Learned

LLM-driven program evolution creates two linked challenges for
expert agency. A growing population can exceed what an expert
can inspect linearly, limiting their ability to judge what the system
is doing. Meanwhile, full automation leaves domain insights unused
when experts cannot redirect the search. Our experience suggests
that preserving expert agency requires both forming an informed
judgment and making that judgment affect subsequent automation.

Understanding preserves expert agency. Information over-
load cannot be addressed by simple information hiding or summa-
rization. Scores identify relative performance, but do not explain
how a candidate works or whether its strategy makes sense for
the problem. Semantic oversight therefore follows three steps: (1)
route attention using population structure, filters, noteworthy-node
flags, and lineage; (2) compare algorithmic strategies at an appro-
priate level; and (3) inspect code, diff, logs, and evaluation results
when verification is needed. Maestro Chat and its explanations help
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experts move between code and strategy, while the code and evalu-
ation results remain available for checking. In our evaluation, some
of the strongest improvements concerned information organiza-
tion, locating abnormal nodes, and comparing nodes, while overall
cognitive workload decreased. Maestro Chat was the highest-rated
feature, suggesting that when LLM agents produce complex arti-
facts, dedicating another agent to explanation can substantially
reduce the cognitive cost of human oversight. More broadly, by
presenting supporting evidence in a useful order, such interfaces
can help experts form their own judgment about a candidate and
identify when closer inspection is needed.

Steerability turns automation into collaboration with trust.
Forming a judgment is only one part of agency, because understand-
ing alone leaves the expert just as an observer. Experts also need
to act on it. Collaboration requires trust and a way for domain
knowledge to change what the automated process does next. In
EvoMaestro, the significance of its intervention features is not that
selection, rejection, and recombination are new to EA, but that ex-
perts can use these operations based on algorithmic ideas to change
which ideas later generations develop. The immediate effects of
these interventions are visible in the population, so experts can
inspect how the population responds before deciding whether to
intervene again. Participants rated the intervention support highly.
They consistently linked the ability to intervene with their trust in
the system’s output. U1 called interventions “necessary for produc-
ing better results and trusting those results,” and U5 valued that the
constraints added by the expert “are visible in the system, making
it easy to trust.” The system demonstration also illustrates how
an expert moved between active intervention and passive moni-
toring. The broader lesson is that collaboration does not require
constant human control but trust and a path for expertise to affect
automation when judgment is needed.

Together, these lessons connect agency to task-level alignment
in LLM-driven search. Initial prompts and evaluators encode the
task objective, but may not anticipate every failure mode or concern
that emerges during open-ended search. Without understanding,
experts cannot verify whether emerging strategies remain consis-
tent with their intent; without steering, they cannot redirect the

search when strategies diverge. Task-level alignment should there-
fore be supported as an ongoing process of inspection, correction,
and monitoring, rather than only through an initial specification.

8.2 Limitations and Future Directions

We also acknowledge our limitations and discuss future directions.
System demonstration with a co-author. E1 was a co-author
who provided feedback during the formative phase. Although he
had not seen the final EvoMaestro system before the demonstration,
his prior involvement gave him expectations about the system’s ca-
pabilities. Together with his strong motivation and substantial time
investment, this may have encouraged deeper and more persistent
engagement than might be expected from other users and may have
shaped his positive reflections. We therefore use the demonstration
only to illustrate how sustained expert steering unfolded through
his workflow. Future case studies with independent domain experts
are needed to examine whether these usage patterns generalize.
Reliability of generated explanations. LLM-generated patch
descriptions, summaries, chat responses and annotations may be
plausible yet incorrect. EvoMaestro allows for progressive in-depth
inspection, but experts may still miss errors, especially outside their
areas of expertise. Future systems should expose stronger prove-
nance and support cross-checking and validation across models.
Scalability. Our evaluation involved evolution trees with 50
nodes, and the system demonstration produced approximately 200
nodes. Filtering helped experts focus at these scales, but does not
establish that the interface can support thousands of nodes. Larger
populations may require hierarchical aggregation, collapsed lin-
eages, or focus-and-context techniques.
Future work can examine how our approach can be extended or
transferred to other domains and iterative multi-agent systems.
Interaction extensions. Participants wanted to guide groups
of related nodes, suggesting future support for recommending and
steering node groups. The system could also suggest pacing changes,
such as automatic pausing when a population converges.
Beyond software engineering. Programs can represent can-
didate solutions outside software engineering when they can be
executed and evaluated with metrics (§ 2). Potential users may
have deep domain knowledge without equivalent programming
expertise or the time to inspect every generated program directly.
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The HCI challenge is therefore to connect domain concepts, algo-
rithms, code, and evaluation results. Our studies cover algorithmic
and numerical optimization, and interfaces for other fields may
require different representations and interventions. Evaluating the
approach in these fields remains future work.

From co-author to curator: Beyond program evolution.
Most HCI work on LLM-assisted programming studies a single
developer working with a single assistant [1, 21, 30]. However, as
LLM-based multi-agent systems advance beyond program evolu-
tion, these lessons learned may also inform the design of other
iterative multi-agent systems that maintain persistent revision his-
tories. Users in such systems similarly need to locate, compare,
combine, and redirect alternatives generated along different trajec-
tories. Evaluating this transfer remains future work.

9 Conclusion

Existing LLM-driven program evolution systems operate as fully
automated black boxes that provide limited support for domain
experts to understand and steer an evolution. Through a formative
study with 8 domain experts, we identified two core challenges
(understanding and steering) and derived six design requirements.
We then developed a steerable program evolution framework that
enables expert intervention and EvoMaestro, which supports se-
mantic oversight through multi-level inspection and interventions
based on algorithmic ideas. A within-subjects study with 12 par-
ticipants showed significantly higher ratings across all shared un-
derstandability and usability items, high ratings for intervention
support, and reduced cognitive workload. A system demonstration
illustrated sustained expert steering across more than 200 nodes
over 7 days. In future work, we plan to evaluate the approach with
independent domain experts, larger populations, tasks in other
fields, and stronger support for verifying generated explanations.
More broadly, our work suggests that preserving expert agency in
open-ended Al search requires both helping experts form informed
judgments and allowing them to shape subsequent automation.
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A Formative Study Details
A.1 Participants

Table 1: Formative study participants. EA familiarity is self-
reported during the interview: “None” indicates no prior
exposure to EAs; “Basic” indicates familiarity with core con-
cepts (e.g., population, mutation, selection) but no imple-
mentation experience. None had implemented or published
EA-related work. All participants are daily users of LLM-
based programming tools.

ID Background Domain EA
Famil.

P1"  Software Engineer ~Database Optimization Basic
P2 Software Engineer = Backend Optimization None
P3  PhD Student DL None
P4"  PhD Student Mathematics and DL None
P57 PhD Student DL None
P6"  Software Engineer ~Backend Optimization Basic
P7  MSc Student DL None
P8  MSc Student DL None

+ e . .
"Over 5 years of competitive programming experience.

Liang et al.

A.2 Procedure

Each formative study session followed a seven-stage protocol. Ses-
sions were conducted with audio and screen interactions recorded
with consent.

Stage 1: Consent and warm-up (2 min). We obtained informed
consent and established rapport.

Stage 2: Background questions (8 min). We asked participants
about their research domain, their experience iteratively improving
algorithms with LLM tools, how they manage multiple nodes, and
how they evaluate node quality. These questions were designed
to surface current workflow pain points before introducing the
evolution concept.

Stage 3: Concept introduction (5 min). We introduced LLM-
driven program evolution using a three-part visual handout cov-
ering the evolutionary loop (population, selection, LLM mutation,
evaluation), the distinction between random and reasoned muta-
tions, and the island model for maintaining diversity. We did not
mention EvoMaestro or any specific design ideas at this stage.

Stage 4: System walkthrough and free exploration with
think-aloud (15 min). After a brief orientation to the ShinkaE-
volve baseline interface®, participants freely explored a pre-run
evolution result containing approximately 50 nodes across mul-
tiple islands, generated for a drone path optimization task with
competing objectives (flight efficiency, noise mitigation, and signal
stability). We asked participants to think aloud as they explored
and used minimal prompts (e.g., “What are you looking at right
now?” “What would you want to know that you can’t see?”) only
when they fell silent for more than ten seconds.

Stage 5: Semi-structured follow-up (10 min). We asked tar-
geted questions covering information usefulness, code comprehen-
sion difficulty, strategies for identifying promising nodes, under-
standing of the overall evolution trajectory, desire to intervene,
opportunities for expert knowledge injection, and preferences for
pacing and control.

Stage 6: Design probes (8 min). We showed two design probes
framed as “ideas we are exploring”: Probe A demonstrated infor-
mation overload reduction (score-emphasis tree with performance
color coding, noteworthy-node highlighting, and per-node strategy
summaries); Probe B demonstrated expert steering (a suggestion
dialog for NL-guided mutation and a merge panel for multi-parent
recombination). We collected reactions, suggestions, and concerns
for each probe.

Stage 7: Wrap-up (2 min). We asked participants to summarize
in one sentence what they found most difficult about understanding
the evolution run and invited any remaining thoughts.

B Design and System Details
B.1 Radial Layout Design

Design rationale. Evolution histories usually begin with a few seed
nodes and expand as descendants accumulate. The radial tree places
early generations near the center and later generations on larger
circumferences, giving denser outer generations more space. In con-
trast, a top-down tree uses a rectangular band at each depth, leaving
much of the band unused near sparse early generations while later

3 Available at https://shinka-mop.reify.ing
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Figure 5: Alternative tree-and-bar design considered during
design iteration. Each node has a unique horizontal position,
and a dotted guide links it to an aligned score bar below the
tree. Arcs connect node pairs whose dissimilarity exceeds
a threshold. As the population grew, the lineage tree, score
bars, and arcs competed for horizontal space.

branching histories compete for the same width. The radial layout
also maps the evolution structure directly: radius encodes genera-
tion depth, angular sectors group islands, and edges trace lineage.
EvoMaestro also provides a sortable node table for exact score and
metadata lookup, while the radial tree serves as the process view for
generation, lineage, island context, and intervention history. Exact
angular positions within a sector are layout-driven and carry no
data meaning. Euclidean distance is not designed to encode strategy
similarity; only its radial component reflects generation difference.

Design alternative. We also implemented a top-down tree
in which each node had a unique horizontal coordinate, with an
aligned score bar below it and arcs between bars whose node dis-
similarity exceeded a threshold (Fig. 5). The threshold limited the
visible arcs instead of showing links between every pair. During
design iteration, E1 found the tree difficult to read when the pop-
ulation exceeded approximately 50 nodes because the tree, bars,
and arcs competed for horizontal space. We therefore selected the
radial tree for the population overview.

B.2 Merge Recommendation

Given a node s selected for Merge, EvoMaestro first excludes in-
correct, banned, and already selected nodes from the candidate
partners. For each remaining candidate c, it computes a quality
value g(c) from the program’s evaluation score and a dissimilarity
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value d(s,c) =1 — cos(es, ;) from the selected embedding source.
Experts can use embeddings of either the source code or the gen-
erated reasoning, depending on whether they want to compare
implementations or algorithmic strategies. The quality and dis-
similarity values are separately min-max normalized to ¢(c) and
d (s, ¢). Candidates from a different island receive a small dissimi-
larity preference of 0.1, and candidates retained in the evolution
archive receive a small quality preference of 0.05; both normalized
values remain capped at 1. The archive is a bounded set of correct
programs retained by the evolution engine for subsequent parent
and inspiration selection. The final recommendation score is

r(c) = Ad(s,¢) + (1 - A)(c), 1)
where experts can adjust A to balance dissimilarity and quality; the
default is 0.6. EvoMaestro presents the five highest-ranked can-
didates. Candidates without the selected embedding are assigned
a dissimilarity value of 0.5 before normalization; when no usable
embeddings are available, the method ranks candidates by quality
alone.

This ranking does not determine whether two strategies are se-
mantically complementary. It narrows the candidate set to programs
that combine strong evaluation results with different implemen-
tations or algorithmic strategies. The expert then inspects their
scores, strategy similarity, and code differences before selecting a
partner, and can provide optional natural-language guidance about
which ideas the merged child should preserve or combine.

C Task Details: OXC Routing Optimization

This appendix provides an overview of the task and the full mathe-
matical formulation of the OXC routing optimization task used in
Section 6.

C.1 Task Overview

Adapted from the ICPC 2025 Online Winter Challenge4, the task
aims to optimize traffic routing in a large-scale AI computing clus-
ter interconnected by OXCs. The goal is to evolve programs that
jointly determine (1) the physical topology configuration of OXCs
and (2) traffic routing strategies over the configured topology. Each
program (evolution node) represents a candidate routing policy and
is evaluated using a metric balancing two competing objectives: (1)
minimizing peak link congestion and (2) minimizing the physical
reconfiguration cost by OXCs switching. Each program must com-
plete execution within 50s during evaluation. The search space is
highly complex, as it involves combinatorial optimization over both
network topology and traffic assignment. Effective solutions require
coordinating discrete topology decisions with continuous traffic
distribution under performance constraints. The task is challeng-
ing, as the program must jointly optimize topology configuration
and traffic routing across a large-scale network, requiring strong
algorithmic design skills to navigate the complex search space ef-
fectively.

C.2 Mathematical Formulation

Network architecture. The multi-plane network comprises N
Groups, M OXCs, S Spines per Group, and L Leaves per Group. To

*https://icpc.global/regionals/finder/Winter-Challenge-2026
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ensure scalability, the network is partitioned into P independent
planes, with K parallel links between Spines and OXCs within
the same plane. Cross-plane links are strictly prohibited. The total
number of ports per OXC, R, is:

R=N-(S/P)-K

A specific port on an OXC is uniquely mapped by Group i, Spine
J, and link k as:

Idxpors =i-(S/P) - K+ (jmod S/P) -K + k

A valid routing path for real-time queries must symmetrically
traverse the network: LeafA < SpineA <> OXC < SpineB <> LeafB.

Dual optimization objectives. Under strict temporal execu-
tion budgets, the system must dynamically balance two competing
objectives:

(1) Minimize Maximum Flow Conflict: Alleviate network
bottlenecks by minimizing the peak active flows C(e) passing
through any physical link e € E:

min (Igleag(C(e))

(2) Minimize OXC Adjustment Cost: Reduce the time penalty
of physically rotating micro-mirrors, measured by the edit
distance between successive port connection states T;_; and
T;:

min D(T;, T;—1) = |Te—1 \ T| + |T; \ Ti—1]

D Evaluation Study Details
D.1 Participants

Table 2: Evaluation study participants. LLM-Evo Exp. indi-
cates self-reported experience with LLM-based evolutionary
systems: N = None, B = Basic (understand concepts or short-
term use), M = Medium (used similar systems with extended
time), E = Expert (developing or researching). All participants
are daily users of LLM-based programming tools.

ID Background Domain LLM-Evo
Exp.
Ul  MSc Student Physics B
U2  PhD Student DL N
U3  Software Engi- Backend Optimization B
neer
U4 MSc Student HCI B
U5  MSc Student Statistics B
U6 PhD Student DL B
U7  MSc Student DL B
U8  MSc Student DL M
U9 Software Engi- Database Optimiza- B
neer tion
U10 MSc Student DL B
U1l MSc Student DL N
Ul2 MSc Student Mechanical Engineer- B

ing
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D.2 Tasks

Task A: Drone Multi-Objective Path Optimization (MOP). A
drone must fly from a fixed start point to an end point through
a series of intermediate waypoints. The evolvable function out-
puts waypoint coordinates that balance three competing objectives:
flight path length, noise penalty from proximity to schools, and
signal degradation from distance to base stations.

Task B: Server Routing on Undirected Graphs (GraphMOP).
In an edge computing network modeled as an undirected graph,
tasks generated at terminal nodes must be routed to server nodes for
processing. The evolvable function determines server assignments
and routing paths, balancing two competing objectives: end-to-end
latency (transmission delay plus queuing delay) and system energy
consumption.

Both tasks were chosen because they involve multi-objective
optimization with non-trivial trade-offs, require domain reasoning
to interpret nodes (not just numerical scores), and produce evolu-
tion trees with diverse algorithmic strategies amenable to expert
analysis. Each task®® was seeded with a pre-run evolution contain-
ing approximately 50 nodes across 6 islands. In the EvoMaestro
condition, the evolution remained live, allowing participants to
execute interventions and observe new nodes in real time.

D.3 Counterbalancing

To control for ordering and task effects, we counterbalanced the
assignment of conditions and tasks (§ D.2) using a 2 X 2 Latin square
design:

Table 3: Counterbalanced assignment of conditions and tasks.

Group Session 1 Session 2

G1(n=3) Baseline + Task A EvoMaestro + Task B
G2 (n=3) EvoMaestro + Task A Baseline + Task B
G3(n=3) Baseline + Task B EvoMaestro + Task A
G4 (n=3) EvoMaestro + Task B Baseline + Task A

D.4 Measures

We collected four types of data after each condition:

D.4.1 Custom Likert Questionnaire (7-point scale). The following
items were shared across both conditions (1 = Strongly Disagree, 7
= Strongly Agree):

Understandability (5 items, both conditions).

L1 (DR3) The system’s visualization design allows me to clearly
understand how the entire code population evolves over
generations.

L2 (DR1) The system allows me to easily discern the overall
algorithmic strategies adopted by the LLM across different
branches.

L3 (DR4) The system helps me easily locate code that exhibits
abnormal or special performance.

L4 (DR2) The system enables me to effectively compare different
solutions and understand the differences between them.

>Web link for ShinkaEvolve Task A and Web link for ShinkaEvolve Task B
®Web link for EvoMaestro Task A and Web link for EvoMaestro Task B
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L5 (DR1) The system allows me to clearly see the algorithm
used by each node.

Usability (3 items, both conditions).

L6 The system is easy to use for me.

L7 The information provided by the system is organized very
clearly on the screen, and I can easily find what I need.

L8 The system information effectively helps me complete my
tasks and operational scenarios.

The following items were collected only in the EvoMaestro con-
dition:
Maestro Chat (1 item, EvoMaestro only).
L9 Al-assisted code explanations (like Maestro Chat) helped me
understand solutions that would be difficult for me to grasp
on my own.

Intervenability (3 items, EvoMaestro only).

L10 (DR5) The system enables me to accurately identify where
intervention is needed in the current evolutionary tree.

L11 (DR6) The system allows me to flexibly control the evolution
pace, pausing to observe or stepping through as needed.

L12 (DR5) The system effectively supports me in conducting
effective interventions within the evolutionary tree.

D.4.2 NASA-TLX. The NASA Task Load Index [10] was adminis-
tered after each condition (both conditions, 7-point scale where 1 =
Very Low and 7 = Very High; for Performance, 1 = Good and 7 =
Poor):

(1) Mental Demand: How mentally demanding was the task?

(2) Physical Demand: How physically demanding was the task?

(3) Temporal Demand: How hurried or rushed was the pace of
the task?

(4) Performance: How successful were you in accomplishing
what you were asked to do?

(5) Effort: How hard did you have to work to accomplish your
level of performance?

(6) Frustration: How insecure, discouraged, irritated, stressed,
and annoyed were you?

D.4.3 Open-ended Questions. The following questions were asked
in both conditions:

01 Please describe in detail how you identified the well-performing
branch from the evolutionary tree or scatter plot. Which vi-
sual cues provided the most critical guidance?

02 How did you identify the first critical code variant that trig-
gered the issue in this branch?

03 How did you understand the algorithm logic of code variants
through the interface?

04 What was the most cognitively demanding part of the exper-
iment?

05 At what moment did the system make you feel like you had
a clear global view?

06 In this human-AlI co-evolution process, do you feel your
sense of control over the algorithmic direction was strength-
ened or weakened?

The following questions were asked only in the EvoMaestro
condition:
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07 Please explain the design rationale behind your intervention
prompt. Based on which specific bottleneck or logical flaw
did you decide to issue this instruction to the LLM?

08 Did you use Maestro Chat to understand code or code differ-
ences? If so, describe a specific moment when it helped. If
not, why not?

D.4.4  Post-study Interview. A semi-structured interview after both
conditions captured preference comparisons, feature-level feedback,
and reflections on how each tool shaped understanding.

D.5 Procedure

Each evaluation session lasted approximately 80 minutes and fol-
lowed this protocol:

(1) Introduction and consent (5 min). We explained the study
goals and obtained informed consent.

(2) Tutorial on LLM-driven evolution (5 min). Using the
same visual handout from the formative study (Appendix A.2),
we introduced the evolutionary loop, reasoned mutations,
and the island model.

(3) Condition 1 — Tool training (5 min). We demonstrated
the assigned interface’s key features.

(4) Condition 1 — Tasks (25 min). Participants explored the
evolution result following a structured task sheet (in the
EvoMaestro condition, the evolution was live, allowing real-
time interventions):

o Sensemaking tasks (15 min): Participants were asked to
identify the three most promising nodes and explain why,
describe the major algorithmic strategies that emerged
during evolution, identify any nodes exploiting evaluation
function weaknesses, and find a low-scoring node with a
promising idea worth developing further.

o [ntervention tasks (10 min): In the EvoMaestro condition,
participants selected a node and wrote a NL suggestion
to guide the next mutation, then selected 2-3 nodes and
initiated a multi-parent merge. In the baseline condition,
participants instead wrote down what modifications they
would make and which nodes they would combine, captur-
ing intervention intent without tool support for qualitative
comparison.

(5) Condition 1 — Questionnaire (5 min). Participants com-
pleted the custom Likert questionnaire (Understandability,
Usability, and, for EvoMaestro, Intervenability and Mae-
stro Chat items) and open-ended questions, followed by the
NASA-TLX.

(6) Break (5 min).

(7) Condition 2 (35 min). Steps 3-5 repeated with the other
interface and task.

(8) Post-study interview (10 min). A semi-structured inter-
view covering preference comparison between the two in-
terfaces, feature-level feedback on EvoMaestro, suggestions
for missing features, and how participants’ understanding
of the evolution differed between conditions.
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D.6 Detailed Results Table 5: NASA-TLX results (7-point scale; lower is better).

Significant differences are marked with *. The Performance
Table 4: Paired comparison of shared Likert items (7-point subscale measures participants’ perceived success in com-
scale; higher is better). All differences are significant at p < pleting the study task, not generated-program performance.

0.05 (Wilcoxon signed-rank test). Effect sizes: |§| < 0.33 =
small, < 0.474 = medium, > 0.474 = large.

Subscale Ours Base P S
Med Med
Item Ours Base  p 6 Mental Demand 35 55 043" —.347™
Med Med Physical Demand 20 30 070 —354m
Understandability Temporal Demand 3.0 45 016"  —.479F
Population  evolution 6.0 50 .016 .451™ Performance 3.0 3.0 992 056
(DR3) Effort 35 35 254  —.174
Branch strategies (DR1) 6.0 50 .039 .403™ Frustration 20 40 004" 535"
L
Locate abnormal (DR4) 7.0 5.0 .023  .521 Overall 3.08 425 .004* —.417™
Compare solu- 60 50 .020 .486" e
tions/nodes (DR2) ecium etiect. “Large elect
Node algorithm (DR1) 6.0 5.0 .031 .368™
Usability
Easy to use 6.0 45 .027 472"
Info organized 7.0 50 016 .639"
Task effective 7.0 50 .002 .694L

MMedium effect. LLarge effect.
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