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Figure 1: The VIS co-scientist agent harness. From a dataset and a one-sentence task description, an orchestrating code agent
runs a multi-stage workflow with no further human input: an Exploratory Data Analyzer profiles the data, an Environment Builder
configures the environment, a Performance Streaming Engineer handles large or remote data, and a design loop of Planner, VIS
Designer, and Evaluator iterates until browser-based validation reports no blocking issues. Custom skills and MCP connectors
(bottom) determine what the agents can inspect, verify, and generate. The output is a single-page interactive VIS App with
coordinated views.

ABSTRACT

Recent LLM-based visualization systems generate charts from natu-
ral language, drive visualization tools, prototype analytics interfaces,
and score well on visualization benchmarks, but complex scientific
visualization tasks still require repeated human steering before they
yield a usable application. Much of the work done by visualization
researchers calls for automating a larger task: an interactive applica-
tion that starts from ambiguous domain materials, explores the data,
derives task requirements, designs visual representations and coordi-
nated interactions, implements the result, and checks whether it an-
swers the original scientific questions. We argue that agentic visu-
alization systems should automate this application-level design loop,
and we study it in a zero-shot setting: one prompt with no human
intervention after launch. The domain scientists who need such ap-
plications rarely have a visualization expert to consult, so the agent
has to get as far as it can from an underspecified request. Each clar-
ifying turn adds design intent that the system is supposed to supply,
making the final result hard to attribute. We support the position with
a reusable multi-agent harness that acts as a VIS co-scientist for do-
main experts. We test the harness on IEEE SciVis Contests span-
ning multiple science and engineering fields. These contests include
the pressures we care about: ambiguous requirements, diverse data
modalities, design trade-offs, and task-driven validation. We use the
runs to map what the current harness can and cannot do, and to iden-
tify where visualization expertise should enter agent design.

1 INTRODUCTION

Across the natural sciences and machine learning, researchers have
begun building AI co-scientists: systems intended to carry out au-
tonomous scientific reasoning, experimentation, and discovery [29,
50, 20, 34, 12]. Such systems will not remove humans from sci-
ence; if anything, they increase the need for oversight, interpretation,
validation, and visualization [52]. Current co-scientist work often

treats visualization as an output format rather than as scientific work
in its own right, even though designing a visual analysis tool demands
perceptual judgment, weighing design alternatives [26, 17], require-
ments elicitation, and engineering against real data. That makes an
AI VIS co-scientist part of the scientific work itself, and it falls to the
visualization community to define what it must be able to do.

Recent LLM-based visualization systems now handle natural-
language chart generation, tool-mediated scientific visualization, vi-
sual analytics prototyping, and benchmarked SciVis workflows [11].
What they deliver, however, is usually an individual chart, script, re-
port, or structured benchmark output (Table 1). Real visualization
research tasks often require automating a larger task: an interactive
visualization application (VIS App) that begins from ambiguous do-
main materials, profiles the data, derives task requirements, designs
coordinated views and interactions, implements the application, and
validates whether the result supports the original scientific questions.
This application-level design loop remains underexplored, and it is
rarely studied zero-shot, from a single prompt with no back-and-forth
with the user.

Our position is that this loop is what agentic visualization systems
should automate, and that zero-shot single-turn operation is the set-
ting in which to measure it (Sec. 3.3). The domain scientists who
most need a visualization application often have no visualization ex-
pert to consult. A system that converges only under expert steering
then assumes the expertise it was meant to supply: the agent has to be
the visualization expert, not a drafting assistant for one. Methodolog-
ically, every clarifying turn adds design intent that the system should
contribute itself. A multi-turn result measures operator and agent to-
gether, whereas a zero-shot result shows what an agentic system can
and cannot do when visualization researchers design the harness but
do not operate the run.

To test this position, we built an agent harness around an LLM
code agent (OpenAI’s Codex using gpt-5.4). An orchestrator dele-
gates bounded subtasks to specialized subagents and communicates
with them through explicit artifacts (Fig. 1). We ran the harness on
IEEE SciVis Contest problem packages from 2021–2026. They pro-
vide real data, underspecified goals, and externally authored tasks that
neither we nor the model chose. A combined harness ablation, in



Table 1: Agentic and LLM-based visualization work organized by the
artifact the system is responsible for delivering. The application-level
deliverable, reached without human turns, is the gap this position paper
targets.

Deliverable Representative work
Chart or visualization spec nvAgent [35], DeepVIS [40], PlotGen [19],

DataWink [47], MultiVis-Agent [30]
Annotation, overlay, narrative FinFlier [22], narrative generation [46]
State or script inside a VIS tool ChatVis [37], ParaView agents [28],

NLI4VolVis [5], SASAV [41], TopoPilot [18],
VizGenie [10]

Analysis report or insight set composable visual reporting [21], DataMinds [49],
AgenticInsight [32]

VA prototype with a human in the
loop

LightVA [53], LLM4VA [48], HiLSVA [1]

Critique, preference, or repair Visualizationary [39], DracoGPT [44], MisVis-
Fix [15]

Benchmark score SciVisAgentBench [3], VisEval [13], ChartQA
tuning [51]

Complete interactive VIS App,
zero-shot

this work

which the same model receives the same prompt with the subagents,
skills, and connectors disabled together, yields standalone plots rather
than an integrated multi-view application.

Our contributions are:

• A position. We frame the complete interactive VIS App as what
agentic visualization systems should automate, show why this
target is underserved, and argue that zero-shot single-turn oper-
ation is the right test setting.

• A reusable agent harness. An arrangement of orchestrator,
subagents, custom visualization skills, and browser-based vali-
dation that produces and verifies complete VIS Apps, described
so that it can be directly applied to a new problem.

• Case studies and a capability demonstration. We test this ap-
proach on existing SciVis contests (2021–2025) and zero-shot
entries to an ongoing externally judged contest, locating where
current agents succeed (data understanding, coordinated views,
task coverage) and where they do not (encoding quality, percep-
tion of dynamic behavior).

2 RELATED WORK: READING THE FIELD BY WHAT IT DELIV-
ERS

We group prior work not by technique but by the artifact a system
is ultimately responsible for producing, which makes the gap we tar-
get visible as a missing row (Table 1). A recent state-of-the-art re-
port [11] surveys the space far more broadly; our purpose is only to
locate the application-level endpoint within it.

AI co-scientists. Autonomous research systems generate hy-
potheses, run experiments, and draft manuscripts [29, 50, 42, 45, 38,
31, 34, 20]. They establish the multi-agent pattern we adopt, but what
they deliver is a hypothesis or a paper; the visual evidence a human
needs to trust either is out of scope.

Generation, tools, and prototypes. Chart-level systems map
language to a specification and are judged on whether that specifica-
tion is correct [35, 40, 19, 47, 30]. Tool-mediated SciVis agents drive
an existing application, so the design space is fixed by the host tool
and the agent’s job is state selection [37, 28, 5, 41, 18, 10]; recent
work packages this expertise as reusable agent skills [4] and stud-
ies which agent designs suit scientific visualization [43]. Report-
ing agents produce insight narratives with provenance [21, 49, 32].
Closest to us are systems that assemble visual analytics proto-
types [53, 48], but these are built around iterative human steering: the
analyst supplies task decomposition and design correction as the sys-
tem runs. We argue the same target should also be attempted without
those turns, precisely so the harness’s contribution can be measured.

Critique, benchmarks, and evaluation. A parallel line asks
what models know about visualization: extracting design pref-
erences [44], giving design feedback [39], detecting misleading
charts [15], and generating literacy items [14]. Literacy instru-
ments [25, 36, 16] have been repurposed to probe LLM chart un-
derstanding [9, 23, 27, 51], while an evaluation-centric paradigm [2],
SciVisAgentBench [3], and VisEval [13] argue that scalable evalua-
tion gates progress. An interactive application has no single gradable
answer, which is why we combine an ablation, a structured audit, and
external contest judging instead.

3 WHAT A VIS CO-SCIENTIST MUST DO

Discussions of AI co-scientists concentrate on hypothesis genera-
tion [20]. Visualization adds a different set of demands. It serves
another domain, so the system must understand the scientific context
well enough to choose useful representations. Its targets are often less
quantitative than those used to score prediction or retrieval systems,
since visualization quality has no single accuracy metric. It is also
human-centered: the artifact is only useful if a person can act on it.

Figure 2: Key capabilities for an
AI VIS co-scientist.

We define a VIS co-scientist as a
research partner that can indepen-
dently (Fig. 2): (1) acquire enough
domain understanding to turn a
stated goal into concrete require-
ments; (2) conduct self-directed
exploratory data analysis and rea-
soning; (3) design and implement
a complete interactive visualiza-
tion tool; and (4) assess the qual-
ity and robustness of its own analysis and communicate uncertainty
well enough to support a human decision. Each capability is difficult
for current agentic systems. This paper concerns the first three; the
fourth remains the deepest open problem and is discussed in Sec. 5.

3.1 A Multi-Agent Harness
We realize the VIS co-scientist as a harness: a structured execution
environment around a main LLM code agent that fixes agent roles,
tool access, artifact handoffs, and evaluation loops. Given data and a
task description, it runs the stages in Fig. 1 to a final VIS App. Each
stage emits an artifact that either constrains the next stage or supplies
material for later verification. This artifact-based design follows cur-
rent guidance on long-running agent design [8]. We describe it as
roles and contracts so it can be reimplemented in a different session,
independent of the LLM’s context window size.

Orchestrator. The Orchestrator owns the run from end to end: it
reads the task materials, launches subagents, integrates their artifacts,
and writes most of the application code, targeting a single-page VIS
App with coordinated views, shared interaction state, and a desktop-
style layout. It fixes routine problems itself and delegates bounded
ones, both for specialized attention and to keep its own context fo-
cused.

Exploratory Data Analyzer. Before any design happens, the
EDA agent profiles the dataset: schema, scale, missing values, for-
mats, access constraints, and task-relevant variables. Its report is the
empirical basis for planning, so the design loop reasons about the data
as it is rather than as the metadata describes it.

Environment Builder and Performance Streaming Engineer.
The Environment Builder selects minimal dependencies for data ac-
cess, visualization, and browser validation and records installation
details. When a run breaks because of data access, dependencies,
rendering, or interaction logic, this subagent can repair the code envi-
ronment directly. For large or remote data, a Performance Streaming
Engineer handles progressive, resolution-adaptive access. We added
this role because general coding ability was not enough when correct-
ness depended on indexing, resolution, streaming, and provenance.



Main VIS design loop. Three roles iterate. The Planner turns
the task and the EDA report into a specification covering encodings,
coordinated panels, interaction state, risks, and validation checks.
The VIS Designer implements or repairs demanding views: volume
rendering, progressive streaming, custom brushing, linked selection.
The Evaluator exercises the live application against the task goals and
returns Feedback and Fixes, which the Orchestrator folds in, repeat-
ing until no blocking issue remains. This iteration is internal; it is not
user interaction.

Skills and connectors. The harness extends the base agent with
custom skills [7] and MCP [6] connectors that can be accessed by
all subagents during execution: a VIS Skill and SciVis Domain Skill
for design conventions and domain data handling, a Linked-View De-
sign Skill for coordination patterns, a Frontend Skill for library and
interaction choices, and Playwright-MCP [33] for browser inspec-
tion, screenshots, console checks, and scripted interaction. These
resources address the often non-quantitative aspects of visualization
research because they determine what the agents can inspect and ver-
ify, not only what they can generate. They are also where we put
visualization expertise the base model lacks [4].

3.2 Artifacts and Layered Validation

Agents communicate through explicit artifacts rather than shared con-
versation history: the EDA report, the design and implementation
report, the code environment, the VIS App, and the Evaluator’s feed-
back and fixes. These artifacts act as contracts between stages and
leave a trail a human can audit afterward, which is the main support
for reproducibility in the design.

Validation is layered. Mechanistically, Playwright-MCP loads the
live application, exercises controls, checks linked-view synchroniza-
tion, captures screenshots, and reports console errors, catching blank
panels, wrong color mappings, broken brushing, and layout overflow.
Beyond that, the Evaluator judges whether a sequence of interactions
addresses the analysis tasks, and scores the system on task achievabil-
ity. This is harder than validating an ordinary web application, where
correctness is largely visible in layout, text, and state, and it is where
our design is weakest: progressive and asynchronous views introduce
time-dependent state that final-state inspection cannot see.

3.3 Why Zero-Shot and an End-to-End Agentic Loop

A run receives one user prompt naming the data and the task, e.g.,
“solve the tasks in this SciVis contest and provide a visualization
solution.” There is no human intervention after launch, no worked
example, and no task-specific design guidance. The agents iterate
internally; the user does not.

The user has no visualization expert. The domain scientists
who most need a VIS App are often the least equipped to specify one.
They can state a scientific question and supply data, but not the encod-
ings, view coordination, and interaction design that turn those inputs
into a usable tool. In many labs there is no visualization researcher
to ask. That scarcity sets the requirement: the agent must act as the
visualization expert and get as far as it can from an underspecified re-
quest, rather than eliciting design intent from someone who does not
have it to give. Autonomy also changes the economics. An hour-long
run is practical as a background job launched in parallel across tasks,
but not as a supervised session.

Attribution. The same property is what makes the result mea-
surable. In a multi-turn session, the analyst’s corrections (“use a
diverging scale,” “link the scatterplot to the map,” “that panel is un-
readable”) are themselves visualization design decisions, and they are
precisely the expertise the system is supposed to contribute. A result
produced that way measures operator and agent jointly with no way
to separate them. Zero-shot operation is the only setting in which an
outcome is attributable to the harness.

Reproducibility and comparison. A fixed prompt can be re-
stated in a paper and replayed against another model or harness; a
multi-turn transcript cannot, since it varies with the operator’s skill.
Where agentic visualization lacks agreed evaluation protocols [2],
fixing the human contribution at zero is a useful common denomi-
nator.

Diagnostic failures. Under this constraint, a failure cannot be
waved away as poor prompting. When our experiments find missing
legends and ambiguous color semantics (Sec. 4), the result tells us
what the model and harness do by default. That is the actionable
quantity for whoever builds the next harness.

What we are not claiming. Zero-shot is a capability require-
ment and a measurement regime, not a claim that the human should
be shut out. We do not claim autonomous agents should replace vi-
sualization researchers or domain scientists; the audit below is partly
an argument that they should not. Where a visualization expert is
available, human-agent collaboration remains the right interaction
model [24, 1, 52], and a system that clears the zero-shot bar is a better
collaborator, because the human’s turns are then spent on judgment
rather than on supplying a design the system should already have pro-
posed. The requirement is that the system must not depend on those
turns, because for most of its intended users they will never come.

4 CAPABILITY STUDY

IEEE SciVis Contests are a good test case: real scientific data, un-
derspecified goals, and tasks authored by someone other than the
system’s builders. Every run below used the zero-shot protocol of
Sec. 3.3.

Setup and ablation. The 2021–2025 runs use OpenAI Codex
with GPT-5.4 as the coding model. The baseline is a combined abla-
tion of the harness, not a different system: the same model, the same
reasoning-effort setting, and the same prompt, with the custom skills,
MCP connectors, and subagents disabled together. The comparison
measures the contribution of the harness as a whole rather than any
single mechanism.

4.1 Case Study: 2025 SciVis Contest on Materials Dis-
covery

The 2025 contest asks participants to support discovery of recy-
cled aluminum alloy candidates in a high-dimensional simulation
dataset. The task requires a design-space overview, explanations
of composition–phase–property relationships, and interactive steer-
ing for multi-objective optimization. Under ablation, the base agent
produced standalone plots and correlation analysis that partially ad-
dressed the tasks: useful analysis artifacts, but not an integrated in-
teractive design. In several cases the agent silently failed to follow
stated instructions because nothing in the loop checked the running
result (supplemental material). The ablation separates partial analy-
sis generation from an integrated, testable visualization system.

Using our system, the full run took roughly two hours and 5.6M
tokens (369K input, 5.18M cached, 58K output). The resulting
VIS App (Fig. 3) combines a candidate overview, a PCA embed-
ding mode, a scope-aware relationship matrix, a composition–phase–
property pathway panel, and a ranking area, linked through a shared
filter with brushing.

The EDA stage did substantive work. It found that the au-
thoritative source was not the stale CSV named in the metadata
but a tab-delimited file with 324,632 candidate alloys and 70 vari-
ables once padded blank columns were removed; it dropped fully
empty variables, created a stable candidate identifier, and selected
YS(MPa) against El.conductivity(S/m) as the primary trade-off
view. The application organized the design space around a strength–
conductivity Pareto front, and the matrix and pathway views sug-
gested strength rises with Si, Ni, and Vf DIAMOND A4 while conduc-
tivity rises with Al and Vf FCC A1. The final Evaluator pass con-



Figure 3: Zero-shot output for the 2025 materials-discovery case
study: candidate overview, embedding view, relationship matrix, path-
way panel, and ranking view linked in one workspace.

Table 2: Structured expert self-audit of the 2025 case study, 1–5 Likert
(1 = unacceptable, 5 = excellent), five raters.

Question Mean Range
EDA report makes correct assumptions about the data and tasks 4.6 4–5
EDA identifies key implementation insights and constraints 4.6 4–5
Proposed design follows established visualization principles 4.0 3–5
Evaluation documents give logical next-iteration guidance 4.4 4–5
Visual encodings are appropriate for the data and intent 3.8 2–5
Interface is visible and responsive for exploration 4.0 3–5
Coordinated views support sensemaking 4.6 4–5
Dashboard enables stated contest tasks 4.2 3–5
Removing all-NaN fields was correct 5.0 5–5
KS1295[%] improves strength but hurts thermal/electrical performance 3.4 2–5
Strength and thermal/electrical performance form a fundamental trade-off 5.0 5–5
Hardness and yield strength are strongly correlated 5.0 5–5
6082[%] strongly influences Cu, Ti, and Zn 2.4 1–4

firmed that brushing the trade-off view re-scoped the matrix, pathway,
and ranking, and that embedding mode cleared that scope.

4.2 Structured Expert Self-Audit

As a structured self-audit beyond the agent’s own Evaluator, five visu-
alization researchers (included in the author team) rated the run on 13
items (Table 2) covering the artifacts, mechanical usability, whether
the generated views supported the stated tasks, and whether domain
insights curated from the winning entries’ reports could be recovered
from the tool [3]. Raters saw all artifacts and the live VIS App; the
instrument is in the supplemental material.

The audit separates task completion from design quality, and the
split is consistent. EDA assumptions, implementation insights, coor-
dinated views, and task coverage all score at or above 4.2, and open
comments named brushing, filter propagation, and candidate rank-
ing as strengths. Encoding and interface polish score lower and vary
more: missing legends, ambiguous color semantics, dense layout,
limited variable control, and reduced responsiveness after brushing.
The output also lacked the encoding novelty that characterizes con-
test winners; we read this as a difference in optimization target rather
than a defect, since the harness aims to complete the stated tasks with
established encodings.

The domain-insight items show a similar pattern. Raters unani-
mously endorsed removing all-NaN fields, the strength–performance
trade-off, and the hardness–yield relationship, but agreement was
weak on the KS1295[%] claim and low on the 6082[%] claim. Au-
tomatically surfaced correlations can be stated with more confidence
than their provenance supports. This is the failure mode most relevant
to the fourth capability in Sec. 3. We use the audit to identify failure
modes, not as independent validation: the five raters are members of
the author team, which is its principal limitation.

4.3 Transfer and External Judging
We applied the same harness and protocol to the 2021, 2023, 2024,
and 2026 contests, spanning climate science, sonar imaging, neuro-
science, and mantle convection (supplemental material). The runs
all produced mechanically valid VIS Apps across different formats,
questions, and interaction demands, so the harness is not tuned to the
materials case; results were strongest where the task decomposes into
data profiling, established encodings, coordinated views, and task-
specific interaction.

Because a self-administered audit can only go so far, we also sub-
mitted a zero-shot entry to the ongoing 2026 IEEE SciVis Contest
covering all four tasks with live remote streaming of the simulation
data; those runs used GPT-5.5 and took roughly 1.5 hours and 43M
tokens each. External judging will provide independent assessment,
but the outcome is not yet known by this deadline. We treat these
runs as transfer demonstrations rather than validation. Their quali-
tative pattern matches the audit: the agents need explicit pressure to
include legends, units, and value ranges, and they gravitate toward
familiar dashboard encodings over more ambitious scientific visual-
ization designs. The VIS co-scientist and harness code is available
here: (under internal institutional review).

5 DISCUSSION AND OUTLOOK

The study above maps current capability; it is not a claim that au-
tonomous agents can replace visualization experts. Given a dataset
and one sentence, a harnessed code agent can profile data, de-
rive requirements, implement coordinated views, validate them in a
browser, and deliver a functional VIS App. The same model without
the harness falls back to much simpler outputs.

Two failures recurred in every run. First, encoding quality: agents
assemble safe, established designs and omit the legends, units, and
value ranges that make a scientific claim readable, as seen in the au-
dit’s 3.8 on encoding appropriateness and in the 2026 runs. Second,
perception of dynamic behavior: screenshots and DOM inspection
confirm that an interface rendered, but they weakly test sequences
of camera movement, filtering, and linked-state change. Progressive
queries also add asynchronous state that final-state inspection cannot
see. An agent cannot yet critique the temporal behavior of its own
interface, which is central to visualization design. These are visual-
ization research problems as much as they are agent problems.

This points to where visualization expertise should enter a har-
ness. Visualization researchers can author skills, validation hooks,
and evaluation protocols, and these components determine what an
agent can verify rather than only generate. For VIS research, the shift
is from designing visualization artifacts alone toward designing and
validating the process that produces them, and toward formalizing
design knowledge.
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