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Figure 1: An agentic AI (Drawer–Advisor) uses the user’s question, the data, and article context to auto-draw a chart,
then critique and revise it. For “visualize the 20 most common unisex names by total count” with CSV (name, total,
male share, female share, gap), the Drawer drafts a male–female diverging bar chart. The Advisor recommends ranking
by total, showing one total per name, and clarifying the Riley note and the 50% balance; the Drawer applies these fixes
to yield the revised figure.

ABSTRACT

Data visualization plays a crucial role in communicating in-
sights, yet both human- and LLM-generated visualizations
suffer from issues such as misleading chart types, scales,
and encodings. To address these limitations, we propose
an agentic AI approach that iteratively refines visualizations
through multi-agent orchestration. Our framework coordi-
nates a Drawer agent, which generates candidate charts, and
an Advisor agent, which critiques them based on a checklist of
common visualization pitfalls. We compare two orchestration
paradigms, imperative internal looping and declarative graph-
based state machines, each combined with different plotting li-
braries. In a user study, participants ranked outputs from these
variants. This work contributes empirical insights into orches-
tration strategies for LLM-driven visualization refinement.

Index Terms: Agentic AI, Agentic Visualization

1 INTRODUCTION

Data visualization is essential to uncover, interpret, and com-
municate complex data patterns. However, human-produced
charts are subject to significant limitations, such as mis-
matched chart types, distorted axes, poor color choices, or
excessive clutter, all of which can mislead interpretation or
obscure insights. Previous studies [3, 11, 14] show that the
misuse of pie charts and improper treatment of size encodings
frequently yields misleading visual inferences.
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Large Language Models (LLMs) have recently enabled
natural-language interfaces for visualization authoring, low-
ering technical barriers for non-experts. With the growing
adoption of LLM-based interfaces, many users now delegate
chart creation directly to the model. However, this conve-
nience does not guarantee correctness: LLM-generated figures
contain technical faults (e.g., invalid specifications or omit-
ted fields), content–chart misalignment, and stylistic misjudg-
ments. A single-shot LLM inference yields flawed outputs that
novices neither detect nor repair. In these scenarios, the risk is
not only that human biases are reproduced, but also that users
accept suboptimal visualizations at face value.

Agentic AI-multi, agent systems in which specialized com-
ponents collaborate toward a shared objective, has emerged as
a promising paradigm for complex, multi-step reasoning and
tool-mediated execution. In contrast to single-pass models,
agentic systems engage in explicit planning, tool use, and it-
erative self-critique, coordinating complementary roles (e.g.,
planner, executor, critic). Such workflows have shown util-
ity in domains including code generation and debugging [17],
data analysis [20], and conversational assistance [16]. Their
emphasis on feedback-driven revision aligns naturally with the
demands of visualization refinement.

To address the limitations of single-shot visualization, we
introduce an agentic AI framework that orchestrates a closed
loop between a Drawer agent, which generates candidate vi-
sualizations using function calls to plotting libraries, and an
Advisor agent, which evaluates the visualizations and issues
plain-text feedback. The system proceeds iteratively until the
Advisor returns an “OK” signal or the process reaches a prede-
fined iteration limit. Rather than relying on formal constraint
languages, the Advisor is primed with a checklist of known
visualization pitfalls (e.g., axis truncation, overplotting, mis-



leading encodings, and poor chart-type selection) drawn from
empirical design guidelines.

We study two coordination strategies for managing this
loop: (1) imperative internal looping, a procedural control
flow embedded within agent logic, suited to tightly cou-
pled and predictable workflows; and (2) declarative graph-
based orchestration, a state-machine formulation that supports
branching, retries, and explicit termination. These orchestra-
tion styles are evaluated in combination with two widely used
visualization libraries (Plotly and Vega-Lite), resulting in four
system configurations. We compare them in a user study that
collects quantitative rankings to assess iteration efficiency, er-
ror mitigation, and perceived visualization quality.

In summary, our contributions are as follows: 1) a two-
agent Drawer–Advisor workflow that conditions on the user’s
question, the data, and article context to auto-draw an initial
chart and iteratively revise it via targeted critiques; 2) a con-
trolled comparison of orchestration strategies (imperative loop
vs. declarative graph/state machine) and evaluation modali-
ties (image- vs. spec-based) across two code backends (Vega-
Lite [13], Plotly [12]), with analysis of iteration efficiency and
fix coverage under identical tasks; and 3) a practical checklist
and task set for benchmarking visualization refinement.

2 RELATED WORK

2.1 Agentic AI and Visualization.
Agentic AI denotes multi-agent systems that decompose tasks,
use tools, and iterate via feedback with minimal supervision.
Established frameworks demonstrate effectiveness in com-
plex, tool-mediated workflows (e.g., AutoGen [16] and SWE-
agent [17]), while role-playing and deliberate-search methods
(e.g., Tree-of-Thoughts [19]) show how planning and critique
improve reliability. Within visualization, agentic visualiza-
tion has been proposed as a design lens specifying roles, com-
munication, and coordination while preserving human agency
[4]. Systems such as MatPlotAgent and PlotGen implement
multi-agent pipelines for scientific plotting and benchmark-
ing [18, 6]. Common design choices include role special-
ization (query understanding, code generation, critique), tool-
grounded execution via plotting libraries, lightweight memo-
ry/provenance, and explicit stopping or retry criteria. These
choices move the pipeline beyond single-shot generation to-
ward feedback-driven refinement. Our work extends this line
by (i) explicitly conditioning planning and critique on the triad
of question, data, and article context, thereby anchoring deci-
sions in communicative intent; and (ii) treating orchestration.
We instantiate a two-agent Drawer–Advisor loop and con-
trast imperative internal looping with declarative graph/state-
machine control, each paired with two output types (Plotly,
Vega-Lite).

2.2 Visualization Pitfalls
A substantial body of work documents recurring visualiza-
tion pitfalls that impair comprehension and, when noticed,
erode trust. Controlled experiments [3] show that truncat-
ing the y-axis systematically biases effect-size judgments
even when truncation is explicitly signaled. Broader surveys
[11] catalog frequent errors in scientific publications, from
misleading scales and inappropriate encodings to poor color
choices and cluttered layouts. Complementing these accounts,
practitioner-facing syntheses such as “Five Ways Visualiza-
tions Can Mislead (and How to Fix Them)” consolidate ev-
idence and remedies for common failure modes (e.g., de-
ceptive baselines, unwarranted 3D, and overloaded palettes)

Figure 2: Two orchestration strategies for coordinating the
Drawer and Advisor agents: (a) imperative internal looping and
(b) declarative graph-based orchestration.

[14]. Color design is a persistent source of error: the rain-
bow colormap lacks perceptual ordering and exhibits uncon-
trolled luminance changes, motivating perceptually uniform
alternatives and visualization-specific color-difference models
[1, 14]. These findings motivate our checklist-driven Advisor,
which operationalizes known pitfalls (axes, encodings, color,
clutter, labeling) as checkable criteria that guide iterative re-
pair in the Drawer–Advisor loop.

Complementing this empirical evidence, formalizations
such as Draco [10] render design knowledge machine-
checkable and support checking, ranking, and recommend-
ing alternatives. Mixed-initiative recommenders such as Voy-
ager 2 [15] (via CompassQL) propose and rank viable charts
from partial specifications. At the same time, work on “vi-
sualization mirages” cautions against seemingly meaningful
but unreliable patterns that arise from design or data choices
[9]. Building on this foundation, our system embeds a cu-
rated pitfall checklist as criteria for an Advisor that critiques
axes, encodings, color, clutter, and labeling, and feeds struc-
tured guidance to a Drawer that applies targeted revisions in
a closed loop. We aim to reduce model-induced visualization
errors by converting critique into concrete repairs within an
agentic loop, moving beyond single-shot generation.

3 AGENTIC AI SYSTEM DESIGN

Our agentic AI system for visualization refinement consists of
two specialized agents that operate in a coordinated loop: a
drawer and an advisor. The drawer is responsible for pro-
ducing candidate visualizations based on the provided dataset
and user intent, while the advisor evaluates these visualiza-
tions against known pitfalls and best practices, issuing correc-
tive instructions to improve the output. This section describes
the system’s core components, evaluation modalities, and or-
chestration strategies.

3.1 Problem Statement and Scope
We study whether an agentic AI workflow, a Drawer that
drafts a chart and an Advisor that critiques and requests revi-
sions, can transform a user request plus data and article context
into higher-quality visualizations through iterative refinement.
We focus on News article/analysis tasks (bar/line/point charts
with annotations) and exclude bespoke infographics and 3D
scenes. Inputs are (i) a natural-language prompt, (ii) a tabular
dataset, and (iii) optional article context. Outputs are a figure
and rationale notes produced after at most K iterations.

3.2 Orchestration Strategies
We compare two orchestration strategies for coordinating the
drawer and advisor agents, as illustrated in Figure 2.



Imperative Internal Looping. In the imperative mode
(Figure 2 a), the orchestration is encoded procedurally as a
step-by-step loop within the agent logic. The drawer gener-
ates a visualization, the advisor evaluates it, and the drawer
revises the output based on feedback, repeating until a stop-
ping condition is met (e.g., satisfactory quality or a maximum
iteration cap K). This approach is simple and effective for pre-
dictable workflows, but the control flow is implicit and rigid,
making it difficult to support exceptions or alternate branches
without manual code modification.

Declarative Graph-based Orchestration. In the declar-
ative mode (Figure 2 b), the orchestration is represented
as a graph or state machine. Each node corresponds to a
distinct stage (generation, tool execution, evaluation, deci-
sion), and edges explicitly encode possible transitions (e.g.,
“plans” vs. “tool calls,” “OK” vs. “repeat ≤ K”). This ex-
ternalizes the control logic (e.g., should execute tools,
should continue) from the agent implementation, enabling
flexible branching, retries, and dynamic adaptation. While
this design introduces additional setup complexity, it scales
more naturally to heterogeneous tools, multiple evaluators, or
human-in-the-loop, making it more extensible for complex or-
chestration.

3.3 System Components
Drawer Agent. The drawer agent receives the user’s request
and dataset, along with any contextual information about pre-
ferred chart types or design constraints. Its primary role is to
generate candidate visualizations, either by directly invoking
a plotting backend (e.g., producing a Vega-Lite JSON schema
that specifies data mappings, encodings, and styling) or, in
some cases, by proposing a high-level plan of which chart
type to use and why. The latter “planning” pathway allows
the advisor to evaluate the rationale before committing to tool
execution. This dual capability aligns with the graph-based
orchestration, where the drawer either issues immediate tool
calls or outputs plans that trigger a review step.

Prompt for Drawer Agent (Visualization Creator)

The drawer agent generates visualizations from the
user’s prompt, data, and context. Instructions:
• Select chart types appropriate for the goal and data

(bar, line, scatter, etc.).
• Always produce an actual chart by calling a plot-

ting tool with real values.
• Add informative titles, axis labels, and use clear,

consistent colors.
• Avoid clutter: keep legends concise and highlight

key comparisons.
• Save each chart with a unique filename; revise if

advisor feedback is given.

Advisor Agent. The advisor agent serves as the quality-
control mechanism in the loop. It is equipped with rules and
heuristics derived from empirical studies on visualization pit-
falls (e.g., inappropriate chart types, misleading scales, non-
perceptual color maps, excessive clutter). Depending on the
drawer’s output, the advisor operates in two modalities: (i)
when given a visualization plan (a high-level proposal of chart
type and rationale), it evaluates the appropriateness of the
choice before execution; (ii) when given a rendered visual-
ization, it inspects the result for clarity and effectiveness. In

both cases, the advisor returns structured feedback or direct
modification instructions to the drawer, closing the loop.

Prompt for Advisor Agent (Visualization Reviewer)

The advisor agent reviews charts created by the drawer
agent. Instructions:
• Judge if the visualization effectively supports the

intended message.
• Check for pitfalls: wrong chart choice, misleading

axes, poor color use, clutter.
• Suggest only meaningful, concrete improvements

(clarity, labels, encoding).
• Keep feedback short (1–5 plain-text sentences).
• If the chart is acceptable, respond exactly with OK.

3.4 Evaluation Modalities
The advisor can evaluate the drawer’s output in one of two
modes: Image-based Evaluation. In this mode, the advisor
inspects a rendered image of the visualization. This approach
allows direct assessment of perceptual qualities (e.g., read-
ability, color distinguishability, label clarity, and overall visual
balance) that is not easily inferred from code alone. However,
it requires additional rendering and loses certain semantic de-
tails about the underlying specification. Specification-based
Evaluation. In this mode, the advisor examines the Vega-Lite
JSON specification generated by the drawer. This allows pre-
cise checking of structural and semantic aspects of the visu-
alization, such as encoding channels, scale domains, and axis
configurations. Specification-based evaluation enables the de-
tection of issues like truncated axes or inappropriate aggrega-
tion, and also facilitates automated repair by modifying the
JSON directly.

3.5 Implementation Details
We use the same LLM across conditions with temperature τ =
0. All system prompts are kept identical across settings. We
implement tool adapters for Vega-Lite[13] and Plotly[12]. Ad-
visor rules instantiate the checklist with auto-fixes for SPEC
mode (which modifies JSON) and textual critiques for IMG
mode (where the drawer applies edits). We set the maximum
number of iterations to K = 2 with early stopping if advisor
generated ”OK”. For orchestration, we implemented Impera-
tive Internal Looping using Ailoy [2] and Declarative Graph-
based Orchestration using LangGraph [7].

4 USER STUDY

Research Questions. We investigate two main research ques-
tions: RQ1: Does an iterative Drawer–Advisor framework
outperform a single-pass baseline in producing more contex-
tually appropriate visualizations? RQ2: Within the iterative
framework, how do orchestration (imperative vs. graph) and
backend (Vega-Lite vs. Plotly) influence the quality and suit-
ability of the resulting visualizations?

Study Design. We adopted a within-subjects design with
six participants. Each participant completed five condi-
tions: one single-pass baseline and four framework vari-
ants (imperative–Vega-Lite, imperative–Plotly, graph–Vega-
Lite, graph–Plotly). Evaluation mode (spec vs. image) was
not introduced as a separate factor but followed naturally from
the backend: Vega-Lite conditions produced JSON specifica-
tions while Plotly conditions generated rendered images. We



Figure 3: Representative outputs for an article-driven task (Q10). Condition E (Graph + Vega-Lite, left) produces mismatched encod-
ings and irrelevant groupings, leading to poor interpretability. Condition C (Baseline single-shot, middle) produces a simple output but
fails to capture key comparisons. Iterative refinement (e.g., A, B and D) yields more balanced and interpretable charts.

counterbalanced the order of framework conditions across par-
ticipants to mitigate ordering effects.

For each condition, participants were given identical tasks.
We curated the task inputs from two sources: (i) five tasks
drawn from established NL2VIS benchmarks [8] (adapted
from NL2SQL tasks), and (ii) five tasks derived from real-
world articles on the FiveThirtyEight open dataset repository1.
Each task included the dataset, context, and a visualization
prompt. After viewing the outputs, participants ranked the five
visualizations from 1 (best) to 5 (worst) based on how well
each matched the intended context.

Results. We first summarize the overall distribution of par-
ticipant rankings across the five conditions. The mean ranks
(lower is better) were: A=2.80, B=2.87, C=3.10, D=2.87, and
E=2.93. Overall, the four iterative variants (A, B, D, and
E) achieved better average ranks than the single-shot base-
line (C). In terms of top-1 votes, A and C led with 14 each,
while B and D followed closely with 13. However, C’s higher
mean rank and 14 bottom-rank votes indicate inconsistency.
E also underperformed, with the weakest mean rank among
iterative variants and 12 bottom-rank votes. These results sup-
port RQ1, showing that iterative approaches yield more reli-
able outcomes overall. Yet, as the task-type analysis below
reveals, the relative strengths of the baseline and iterative vari-
ants depend on task complexity.

Task-type Analysis. We divided the tasks into two cate-
gories: Simple Queries (Questions 1–5) involved straightfor-
ward query-to-chart mappings, while Article-based Context
(Questions 6–10) required interpreting content from real ar-
ticles and synthesizing context into the visualization. Tables 1
and 2 show the updated ranking distributions.

Condition Rank 1 Rank 2 Rank 3 Rank 4 Rank 5

A 8 10 6 1 5
B 3 5 3 13 6
C 11 3 8 3 5
D 4 4 8 5 9
E 9 11 6 3 1

Table 1: Ranking distribution for Simple Queries (Q1–Q5). Con-
dition mapping: A = Imperative + Plotly, B = Imperative + Vega-
Lite, C = single-shot, D = Graph + Plotly, E = Graph + Vega-Lite.

In Simple Queries ( Table 1), where tasks were more
straightforward, performance was relatively even: all systems
occasionally received higher ranks, and the baseline (C) even
led in top-1 votes. This suggests that direct NL2VIS map-
pings can be handled without iterative refinement. By con-
trast, Article-based Context tasks (Table 2) revealed sharper
distinctions. The imperative–Vega-Lite variant (B) obtained

1https://data.fivethirtyeight.com/

the most Rank 1 votes (10), with the graph–Plotly variant (D)
close behind (9), showing stronger alignment when contextual
interpretation was required. Meanwhile, the graph–Vega-Lite
variant (E) accumulated the most Rank 5 votes (11), reflecting
notable struggles with context-rich tasks.

Condition Rank 1 Rank 2 Rank 3 Rank 4 Rank 5

A 6 4 6 9 5
B 10 10 6 0 4
C 3 1 10 7 9
D 9 10 3 7 1
E 2 5 5 7 11

Table 2: Ranking distribution for Article-based Context (Q6–10).

This divergence highlights that while single-shot ap-
proaches suffice for simple queries, article-driven synthesis
tasks better expose the strengths of iterative orchestration. The
qualitative example in Figure 3 illustrates this trend: Con-
dition E fails due to irrelevant encodings, while Condition
C underperforms by oversimplification. These findings rein-
force RQ2: orchestration and backend choices influence out-
comes, particularly under complex, context-driven scenarios,
with Condition D emerging as the most balanced variant.

5 LIMITATIONS, FUTURE WORK, AND LESSONS
LEARNED

Limitations. Our study has several limitations. The partici-
pant pool was small (N = 6), limiting generalizability, and the
two task types (simple queries vs. article-based context) do
not capture the full range of NL2VIS scenarios. We also drew
queries from NL2SQL datasets and articles from FiveThir-
tyEight, which do not represent other domains. Finally, short-
session exposure to multiple systems introduced learning or
carryover effects.

Lessons Learned. We highlight four lessons. First, sim-
ple queries can be adequately solved even with single-shot ap-
proaches. Second, article-based tasks reveal clearer distinc-
tions, with iterative orchestration offering stronger contextual
reasoning. Third, well-structured frameworks (e.g., Condition
D) balance accuracy and interpretability, yielding higher pref-
erence. Fourth, failure to integrate external context (e.g., Con-
dition E) was penalized, underscoring the importance of con-
textual grounding. Overall, orchestration matters more than
optimizing only for direct query-to-chart mappings.

Future Work. Future work should validate our framework
in real authoring workflows with human-in-the-loop critique.
Promising directions include adaptive orchestration that varies
by task complexity, learning repair strategies from logs, and
integrating structured critique planning [19, 10]. Benchmark-
ing against emerging agentic visualization systems [18, 6, 5]
will further situate our approach within broader design pat-
terns.

https://data.fivethirtyeight.com/
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APPENDIX

Prompt for Drawer Agent

The drawer agent generates data visualizations from the
user’s prompt, data, and context.
Instructions

• Choose chart types that fit the goal and data (bar/-
line/scatter/. . . ) using the typology guide.

• Always call a plotting function with actual val-
ues. Do not only describe the plan.

• Add informative titles, axis labels, and readable
ticks; avoid clutter.

• Use consistent, meaningful color encodings; avoid
rainbow for ordered data.

• Save each chart with a unique filename (include an
index).

• If the advisor provides feedback, revise the chart
and re-emit a new file.

Available knowledge

• Chart typology cheat-sheet (scatter, bar, stacked
bar, line, violin, box, histogram, radar, pie, gantt).

Critical constraint: You must execute one of the reg-
istered plotting tools and produce an image file.

Iteration & Orchestration Policy

Loop: Drawer → (tool call) → Advisor → Drawer . . .
Stopping: early stop on OK or when K=3 iterations are
reached.
Decision rules:

• If no tool output is produced, request a concrete
tool call with extracted values.

• Prefer simpler charts that directly answer the
prompt; annotate key comparisons.

• Enforce filename uniqueness across iterations.

Advisor Checklist (Abbrev.)

General design (ordering, avoid clutter); scales/axes
(no deceptive truncation, sensible bins, aspect ratios);
encoding (avoid overplotting; use jitter/alpha; avoid
radar unless cyclic); color (no rainbow for ordered data;
meaningful palettes; concise legends); interpretability
(titles/units/annotations; reduce mental arithmetic).

Prompt for Advisor Agent

The advisor evaluates drawer outputs and returns con-
cise, actionable feedback.
Goal Ensure the visualization serves the intended mes-
sage and avoids common pitfalls.
Inputs

• Original query/context and any drawer text.

• One or more rendered chart images (or a spec, if
provided).

Evaluation checklist (abbrev.)

• Chart choice: mismatch to task/data; avoid need-
less 3D; watch stacking.

• Scales/axes: truncation, wrong aspect, misleading
dual axes, poor binning.

• Encoding: overplotting without jitter/alpha; inap-
propriate size/area; too many series.

• Color/legend: non-perceptual ramps; inconsistent
mapping; oversized legends.

• Clarity: titles/labels/units; annotation for key
points; reduce clutter.

Output format

• If acceptable: reply exactly OK.

• Otherwise: 1–5 short sentences with specific edits
the drawer can apply.

plot scatter chart

Purpose. Create 2D scatter plots with optional log
scale, marginal plots, and trendlines.
Signature.
plot_scatter_chart(x_values, y_values,
labels=None, x_title="x", y_title="y",
label_title="Label", log_x=False, log_y=False,
color_map="qualitative", marginal_x=None,
marginal_y=None, trendline=False,
output_path="scatter.png") -> str
When to use. Explore relationships, clusters, or outliers
between two quantitative variables.
Options. marginal_x and marginal_y can be rug,
box, violin, or histogram.
Tips. For dense data, consider transparency or sam-
pling. Log axes require non-zero positive values.



plot bar chart

Purpose. Compare categorical values with vertical or
horizontal bars. Supports grouping, stacking, and bro-
ken axes.
Signature.
plot_bar_chart(x_values, y_values, labels=None,
x_title="x", y_title="y", log_y=False,
barmode="relative", color_map="qualitative",
orientation="v", text_auto=False,
broken_axis_ranges=None, axis_to_break="y",
output_path="bar.png") -> str

When to use. Compare discrete categories across one
or multiple series.
Options. barmode can be group, stack, or relative.
Tips. Order categories meaningfully. Use text_auto
for quick labels. Broken axis ranges help when values
differ by magnitude.

The remaining functions (plot stacked bar chart,
plot line chart, plot violin chart,
plot gantt chart, plot box chart, plot histogram,
plot radar chart, plot pie chart) follow the same for-
mat: each card specifies (1) Purpose, (2) Function signature,
(3) When to use, (4) Options, and (5) Tips.
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