Beyond Pixels: Introspective and Interactive Grounding for
Visualization Agents*

Anonymous ACL submission

Abstract

Coding agents rely on Vision-Language Mod-
els (VLMs) to verify the charts they gen-
erate, but VLMs frequently hallucinate data
values from rendered pixels and fail to de-
tect fine-grained errors. We propose Intro-
spective and Interactive Visual Grounding
(IVG), a framework with two complementary
mechanisms: (1) spec-grounded introspec-
tion, which provides direct access to the agent’s
own chart specification for deterministic value
verification; and (2) view-grounded interac-
tion, which allows agents to manipulate the
view (zoom, pan, toggle traces) to resolve am-
biguity in overlapping regions. To evaluate this
framework, we introduce iPlotBench, a bench-
mark of 500 interactive Plotly figures with
6,706 binary questions and released ground-
truth specifications. Our experiments show that
spec-grounded introspection improves data re-
construction fidelity in chart recreation, while
view-grounded interaction yields the largest
gains on questions requiring spatial reasoning
over overlapping geometries. The combina-
tion achieves the highest overall QA accuracy,
demonstrating that these two capabilities are
complementary for building trustworthy visual-
ization agents.

1 Introduction

Coding agents increasingly generate visualizations
to support data analysis. After producing a chart,
these agents often need to verify its correctness,
answer user questions about it, or refine it based
on feedback. State-of-the-art approaches (Yang
et al.; Li et al., 2025a; Zhao et al., 2025; Seo
et al., 2025; Hong et al., 2025; Li et al., 2025b)
use Vision-Language Models (VLMs) to interpret
rendered charts. However, this pixel-based verifica-
tion suffers from a fundamental limitation: VLMs
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frequently hallucinate data values (e.g., reading
39.5 as 40)(Kaul et al., 2024; Jiang et al., 2024;
Rohrbach et al., 2018; Li et al., 2023; Leng et al.,
2024), miss fine-grained details such as line inter-
sections in dense plots, and confuse visually similar
elements like legend colors. These errors are diffi-
cult to detect and can propagate into downstream
analysis.

However, when an agent has access to a chart’s
underlying specification, pixel-based interpretation
is no longer the only option. Modern visualization
libraries like Plotly produce both a rendered image
and a structured specification that encodes exact
data values and visual attributes. When an agent
creates a chart using such a library, it gains ac-
cess to this specification and can inspect it directly
rather than relying on error-prone visual percep-
tion. Furthermore, interactive charts support view
manipulation such as zooming, panning, and trace
toggling, allowing agents to resolve ambiguity in
dense or overlapping regions.

These capabilities exist but remain unexploited
by current agents. We propose Introspective and
Interactive Visual Grounding (IVG), a frame-
work that equips agents with two complementary
mechanisms: Spec-grounded introspection pro-
vides read-only access to the agent’s own chart
specification, enabling deterministic verification
of exact values and attributes. View-grounded in-
teraction provides tools for view manipulation, en-
abling agents to obtain focal context when static
views are ambiguous.

Evaluating such agents is challenging: existing
benchmarks like ChartQA (Masry et al., 2022) and
ChartMimic (Yang et al.) treat charts as static
images and often rely on VLM-based scoring,
which inherits the same unreliability we aim to
address. To enable deterministic evaluation, we
introduce iPlotBench, a benchmark of 500 interac-
tive Plotly figures with 6,706 binary questions. Un-
like prior benchmarks, iPlotBench releases ground-
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truth chart specifications, allowing direct compari-
son between agent-produced and reference charts
without VLM-based judgment.

Our contributions are as follows:

1. IVG Framework: A Visualization State
API exposing spec-grounded introspection
and view-grounded interaction through Model
Context Protocol (MCP) tools.

2. iPlotBench: A benchmark of 500 interactive
figures with 6,706 binary questions and re-
leased ground-truth specifications. We pro-
pose Semantic Structural Similarity, a metric
that evaluates chart recreation through direct
JSON comparison using Hungarian match-
ing, enabling deterministic evaluation without
VLM-based judgment.

3. Our experiments on Claude 4.5 Haiku and
Qwen demonstrate that spec-grounded intro-
spection improves data reconstruction fidelity,
while view-grounded interaction yields the
largest gains on questions involving complex
overlapping geometries. The combination
achieves the highest overall QA accuracy.

2 Related Work

Chart Understanding and QA. Early bench-
marks like FigureQA (Kahou et al., 2018) and
DVQA (Kafle et al., 2018) established the task of
Visual Question Answering (VQA) on synthetic
plots. Subsequent datasets like ChartQA (Masry
et al., 2022) and PlotQA (Methani et al., 2020) in-
troduced real-world charts requiring complex rea-
soning. However, these approaches treat charts as
static pixel arrays, forcing models to rely on visual
approximations. Our work addresses the resulting
Pixel Verification Bottleneck by allowing agents to
inspect the underlying chart specification directly.

Chart-to-Code and Recreation. Existing work
focuses on agents that generate code to render
charts. ChartMimic (Yang et al.), Plot2code (Wu
et al., 2025), Chart2Code53 (Niu et al., 2025) and
ChartCoder (Zhao et al., 2025) evaluate agents on
their ability to visually reproduce reference charts.
However, these benchmarks rely on VLM-based
evaluation (e.g., GPT-4V) or pixel-level metrics,
which differ from true data fidelity. We introduce
Semantic Structural Similarity, a metric that deter-
ministically evaluates chart reconstruction by di-
rectly comparing the agent-produced Plotly JSON
against the released ground-truth specification.

Tool-Integrated Coding Agents. Coding Agents
(Zhang et al., 2024a; Yang et al., 2024; Guo et al.;
Wang et al., 2024; Zhang et al., 2024b; Xia et al.,
2024; Schick et al., 2023; Yao et al., 2022) demon-
strate the power of tool use (e.g., terminals, lin-
ters) for general software engineering in the real-
world repo. These agents are typically powered
by frontier code LLMs such as Codex (Chen et al.,
2021), Code Llama (Roziere et al., 2023), Gemini
(Team et al., 2023), Claude (Anthropic, 2024) and
Qwen-Coder (Hui et al., 2024). While these agents
can run code, they typically lack “visual tools” to
inspect their graphical outputs. Our framework
bridges this gap by providing a visualization state
interface for spec-grounded introspection and view-
grounded interaction for visualization tasks.

3 IVG Design

IVG enables agents to reason about charts through
structured access rather than pixel interpretation
only. It builds on a key property of modern visu-
alization libraries: when a library such as Plotly
renders a chart, it produces not only an image but
also a structured specification, typically a JSON ob-
ject, that encodes data values, bindings and visual
attributes(Satyanarayan et al., 2016; Zhu, 2013;
Wickham, 2011; Wilkinson, 2011). This specifica-
tion fully describes the chart and can be used to re-
construct the rendered image. IVG provides agents
access to this specification through the Visualiza-
tion State API, a set of interfaces for specification
queries and view manipulation. Figure 1 illustrates
the two mechanisms these interfaces support: spec-
grounded introspection for accessing exact values,
and view-grounded interaction for navigating visu-
ally complex regions.

Spec-grounded introspection gives agents direct
access to the JSON specification underlying a chart.
This specification encodes the complete chart state:
data arrays, bindingsand visual attributes. Rather
than estimating values from pixels, agents query
the specification directly. To verify whether a bar
represents the maximum, the agent extracts the data
array and computes the answer symbolically. To
confirm a legend entry, the agent reads the corre-
sponding field rather than interpreting rendered text.
This directness matters because pixel-based percep-
tion is inherently approximate. Two bars of similar
height may be indistinguishable visually but differ
meaningfully in value; the specification reveals the
exact numbers. By grounding verification in struc-
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Figure 1: Overview of IVG. Rather than verifying by re-interpreting a rendered chart with a standard VLM (left),
the agent uses a visualization state interface to (i) perform spec-grounded introspection over the chart specification
for deterministic data verification and (ii) perform view-grounded interaction (e.g., zoom/select) to obtain focal
context in visually ambiguous regions, producing an answer supported by auditable evidence.

tured data, agents avoid the estimation errors and
hallucinations that arise from pixel interpretation.

While spec-grounded introspection provides ex-
act values, it requires knowing which part of the
specification to examine. A chart may contain hun-
dreds of data points across multiple traces; query-
ing all of them is neither efficient nor informative.
View-grounded interaction addresses this challenge
by allowing agents to manipulate the visual presen-
tation to identify relevant subsets of data. When an
agent zooms into a region, the adjusted axis ranges
define a spatial filter over the data. When an agent
toggles trace visibility, it isolates specific series
for focused examination. When an agent selects
a rectangular region, the system returns the data
points contained within. These operations do not
modify the underlying data, but they produce con-
text that guides subsequent queries: which traces
to examine, which ranges to filter, which points to
inspect. This focal context bridges the gap between
a high-level question and the precise specification
query needed to answer it.

These two mechanisms work together in a uni-
fied workflow. Given a question about a chart, an
agent first determines whether the relevant data can
be directly located in the specification. If so, spec-
grounded introspection suffices: the agent queries
the specification and extracts the answer. If the
question involves a visually complex region where
the relevant data is not immediately identifiable,
the agent first uses view-grounded interaction to
obtain focal context, then queries the specification
within that focused scope. For example, to deter-
mine whether two lines intersect, an agent might
zoom into the region where they appear close, then
query the specification for exact coordinates in that
range. This combination ensures that answers are
grounded in the specification rather than inferred

Category Tool Args Function
Base show_plot plotly_codes Creates figure; returns plot_id

i get_plot_image plot_id Returns current view as PNG
Introspection  get_plot_json plot_id Returns full Plotly specification

Zoom/Pan axis bounds
Toggle trace visibility
Returns points in region
Returns interaction history

relayout
legendclick
selected
query_interactions

plot_id, x/y_range
plot_id, trace_idx
plot_id, x/y_range
plot_id

Interaction

Table 1: Visualization State API. Base tools enable plot
creation and pixel capture; spec-grounded introspec-
tion provides read-only access to the agent’s own Plotly
specification; view-grounded interaction supports view
manipulation and context queries.

from pixels. The workflow is iterative: if the gath-
ered evidence reveals inconsistencies, the agent
can refine its focus and query again until a well-
supported answer emerges.

The Visualization State API is implemented as a
set of Model Context Protocol (MCP) tools, sum-
marized in Table 1. These tools support figure
creation, specification access, and view manipula-
tion as described above. Throughout the workflow,
agents access only specifications of figures they
have created; ground-truth data and reference solu-
tions remain hidden to ensure valid evaluation.

4 iPlotBench Dataset

Existing visualization benchmarks, such as Chart-
Mimic (Yang et al.) and FigureQA (Kahou et al.,
2018), treat charts as static images. This makes it
difficult to evaluate agents that (1) use view interac-
tion (e.g., zooming into dense regions or toggling
traces) and (2) require a rendered chart specifica-
tion for deterministic, structure-level evaluation,
rather than pixel- or VLM-based scoring.

To bridge this gap, we introduce iPlotBench, a
benchmark for evaluating spec-grounded intro-
spection and view-grounded interaction in vi-
sualization agents. iPlotBench procedurally gen-



Type #Figures  #Questions Q/Fig
Line 100 1,504 15.0
Dot-Line 100 1,690 16.9
Vertical Bar 100 1,142 11.4
Horizontal Bar 100 1,187 11.9
Pie 100 1,183 11.8
Total 500 6,706 13.4

Table 2: Dataset statistics. The benchmark features
a balanced distribution of questions across five chart
types, with an average of 13.4 questions per figure.

erates interactive Plotly figures and releases their
ground-truth specifications, enabling deterministic
evaluation of chart recreation and visual reasoning.

4.1 Dataset Construction

The benchmark consists of 500 figures balanced
across five chart types: Line (100), Dot-Line (100),
Vertical Bar (100), Horizontal Bar (100), and Pie
(100). We adapt the procedural generation pipeline
from FigureQA (Kahou et al., 2018) and convert
each instance into an interactive Plotly figure. All
figures support standard interactions (zoom/pan,
legend toggling, selection), enabling agents to ac-
tively probe ambiguous regions.

Each figure is paired with a rendered PNG in-
put and its ground-truth Plotly JSON specifica-
tion. Table 2 summarizes the dataset: 6,706 bi-
nary questions across 15 templates, with a rigorous
50/50 Yes/No balance per figure to prevent class-
imbalance shortcuts.

The 15 question templates span three types: Ag-
gregation (min/max/median, e.g., “Is Blue Violet
the minimum?”), Comparison (value ordering, e.g.,
“Is Blue less than Red?”), and Topology (intersec-
tion/smoothness, e.g., “Does Blue intersect Red?”).

4.2 Tasks

We define two evaluation tasks that target comple-
mentary capabilities. In our evaluation protocol,
the tasks are sequential within the same agent ses-
sion: the agent first recreates the chart (Task 1),
then answers questions based on the recreated chart
(Task 2).

Task 1: Chart Recreation. Given a static refer-
ence image, the agent must generate the underly-
ing Plotly JSON specification that faithfully recre-
ates the chart. Unlike previous “chart-to-code”
tasks that allow arbitrary styling, this task requires
precise structural grounding: mapping visual el-
ements (e.g., bar heights, colors, labels) to exact

attributes in the JSON schema. Success in this task
demonstrates the agent’s capability for symbolic
verification—interpreting visual pixels as determin-
istic data structures.

Task 2: Visual QA. Given a chart and a binary
question, the agent must answer yes (1) or no (0).
Many questions are designed to be visually ambigu-
ous in a static view (e.g., detecting intersections in
overlapping line charts or identifying the minimum
in a dense bar chart). Agents with view-grounded
interaction can leverage zoom, pan, legend toggles,
and region selection to resolve such ambiguities.

4.3 Semantic Structural Similarity

For Task 1, we propose Semantic Structural Sim-
ilarity, which evaluates semantic correctness of
agent-generated Plotly figures via direct JSON in-
spection. Unlike recent benchmarks such as Chart-
Mimic (Yang et al.) which rely on VLM-based
scoring (e.g., GPT-40) to assess data trends and can
be sensitive to VLM hallucinations, our metrics
provide deterministic, symbolic verification. Exact
JSON matching is unsuitable due to trace reorder-
ing and variable sampling density (e.g., different
discretizations of the same curve). We therefore
align predicted traces (P) to ground-truth traces
(T') using Hungarian matching on data geometry:
we compute pairwise Chamfer distances and solve
the linear assignment to obtain a set of matched
trace pairs Pairs. All trace-based metrics use
the shared denominator max (|7, | P|) to penalize
extra/missing traces; unmatched traces contribute
Zero.

We intentionally omit separate layout and clarity
metrics: in our single-plot figures, layout is largely
captured by role-aware text, while clarity is subjec-
tive and is typically reflected as data/style errors.

Chart Type (S7,,.) We verify the trace type
(e.g., scatter, bar) for each matched pair:

STupe = Z(t,p)ePairs“A[t-tym = p.type] W
max(|T], |P])

Data Accuracy (Spats) We treat each trace as
a point cloud and compute Chamfer distance be-
tween matched pairs, robust to sampling differ-
ences. Within Chamfer, we use Euclidean distance
on range-normalized numerical dimensions and a
Jaccard-based penalty for categorical/text dimen-



sions (e.g., bar labels):

SData = Z

(t,p)€Pairs

ef)‘DChamfer(t:p)
max(|T}, |P[)

2

We set A = 5 for range-normalized distances (D €
[0, 1]), so a 20% deviation (D = 0.2) yields ~ 0.37
and a maximum error (D = 1.0) yields near-zero.

Text Correctness (S7.,:) We use a role-aware
text metric to avoid “right text, wrong place” errors.
Text is bucketed into semantic roles R (Title, Axis,
Legend, Data/Annotations), and compared with a
fuzzy Jaccard similarity:

SText = Z wy - Sim(TextT, Text) (3)
reER

Visual Style (Ss,.) We average style simi-
larity over matched traces and properties P =
{color,mode, symbol, size, dash, width}:

Z(t,p)EPairs Zpropep SPTOP (t’ p)

4
max(|T], |P]) || @

SStyle =

Here Sprop(t, p) compares the values of property
prop in traces t and p. For color, we compare in
CIELAB space (and use EMD for color arrays); cat-
egorical attributes use exact match and numerical
attributes use normalized error, comparing against
Plotly defaults when an attribute is omitted.

4.4 QA Evaluation

For Task 2, we report standard accuracy over all
binary questions:

N
1
Accuracy = N Z“‘[l}z =y (5)
i—1

where §; is the predicted answer and y; is the
ground truth.

5 Evaluation

5.1 Evaluation Setup

Configurations and Protocol. We compare
four configurations: Vision (no tools), +lInter
(interaction-only tools), +Intro (introspection-only
via get_plot_json), and Full (both introspection and
interaction tools). For each iPlotBench figure, the
agent first recreates the chart from a static refer-
ence image (Task 1), then answers binary questions
about its recreated chart within the same session

(Task 2). Tools are available but tool use is op-
tional; all configurations share the same prompt
template and tool schemas (Appendix B).

Models. Our main ablation uses Claude 4.5
Haiku. We also run a model scaling study on Qwen-
VL family (Table 3) for model scaling analysis. Be-
cause provider runtimes may include undisclosed
system prompts, we emphasize within-model deltas
(e.g., Vision vs Full) for causal claims.

Model Architecture  Active Params
Qwen3-VL-30B-A3B MoE 3B
Qwen3-VL-32B Dense 32B
Qwen3-VL-235B-A22B  MoE 22B
Qwen-VL-Max Proprietary >72B (est.)

Table 3: Qwen-VL models evaluated for scaling anal-
ysis. MoE models route to a subset of parameters per
token (Active Params).

Results summary. We evaluate four agent con-
figurations on iPlotBench. Within each episode,
the agent first recreates the chart from the static ref-
erence image (Task 1), then answers binary ques-
tions by reasoning over its recreated interactive
figure (Task 2). Overall, spec-grounded introspec-
tion primarily improves chart reconstruction, while
combining introspection with interaction yields the
strongest QA performance.

5.2 Task 1: Chart Recreation

Metric  Vision  +Inter  +Intro Full

Stype 09542 09742 09807 0.9744
Spata 0.8847 0.8935 0.9016 0.8907
Stezt 09755 09903 0.9847 0.9877
Ssiyte 0.8699  0.8708 0.8749 0.8679

Table 4: Semantic Structural Similarity for Task 1.

As shown in Table 4, equipping agents with in-
trospection (+Intro) drives the most significant
gains in semantic reconstruction, achieving the
highest scores in trace typing (Stp.), data fidelity
(SData), and style (Ssyie). While interaction (+1n-
ter) slightly outperforms in text extraction (Stezt),
likely by exposing occluded labels, it provides lim-
ited structural benefit. Notably, the Full agent does
not surpass +/ntro: adding interaction expands the
action space, and unnecessary view changes can
distract from spec-level fixes during reconstruction.



Figure Type Vision  +Inter  +Intro Full

Line 0.7012  0.7030 0.7085  0.7292
Dot-Line 0.7155 0.7178 0.7353  0.7522
Vertical Bar 0.7993 0.8261 0.8529 0.8434
Horizontal Bar  0.8354  0.8388  0.8623  0.8463
Pie 0.8986 0.9019 09197 0.9146
OVERALL 0.7783  0.7850 0.8023  0.8062

Table 5: Question-level accuracy for Task 2.

5.3 Task 2: Visual QA

Table 5 highlights the synergy of introspection and
interaction: the Full agent achieves the highest
overall accuracy (0.8062). The benefits of interac-
tion are most pronounced for Line and Dot-Line
charts, where zooming and selective inspection
help resolve overlaps. For Bar and Pie charts, +1n-
tro achieves the best accuracy, suggesting that di-
rect spec access is sufficient when the geometry is
less ambiguous.

5.4 Deconfounding Reconstruction Quality

Since Task 2 is performed on the chart recreated
in Task 1, QA is bounded by reconstruction fi-
delity. To better isolate verification and reasoning,
we report Conditional QA Accuracy on the sub-
set of figures where reconstruction quality is high
(SData > 09)

Config  Per-figure Acc  Cond. Acc (Spata > 0.9)
Vision 0.7941 0.8321
+Inter 0.8013 0.8538
+Intro 0.8190 0.8606
Full 0.8199 0.8637

Table 6: QA Accuracy conditioned on high-fidelity re-
construction (Spgtq > 0.9).

Table 6 reports per-figure QA accuracy (averaging
accuracy within each figure, then averaging across
figures), to avoid overweighting figure types with
more questions. Conditioning on high-fidelity re-
constructions (Spqtq > 0.9) increases accuracy
across all configurations, with Full achieving the
highest conditional accuracy (0.8637), indicating
that IVG provides additional benefit beyond im-
proved reconstruction.

Table 7 reveals complementary strengths: +Intro
excels at Comparison questions where direct spec
access enables precise value retrieval, while Full
performs best on Topology questions where inter-
action helps resolve spatial relationships.

Config  Aggregation Comparison Topology
Vision 0.8354 0.8391 0.7378
+Inter 0.8591 0.8522 0.8043
+Intro 0.8846 0.8555 0.7567
Full 0.8864 0.8514 0.8052

Table 7: Conditional QA accuracy by question family
(Spata = 0.9). Aggregation: min/max/median; Com-

parison: less/greater; Topology: intersection, smooth-
ness, AUC.

5.5 Model Scaling Analysis
We examine how IVG benefits scale with model

capability using the Qwen-VL family.

Main Results. Table 8 presents Task 1 (Spata)
and Task 2 (QA accuracy) for Vision and Full con-
figurations.

Model Spata (V) Spata (F) QA (V) QA (F)
Qwen3-VL-30B-A3B 0.852 0.642 0.948 0.870
Qwen3-VL-32B 0.881 0.883 0.956 0.933
Qwen3-VL-235B-A22B 0.878 0.904 0.951 0.960
Qwen-VL-Max 0.916 0.922 0.971 0.973

Table 8: Task 1 and Task 2 results for Qwen-VL models.
V=Vision (no tools), F=Full (IVG tools). Bold indicates
improvement with tools.

We observe that IVG benefits scale with model
capability. Models with larger active parameters
(Qwen3-VL-235B-A22B, Qwen-VL-Max) show
consistent improvements, while smaller models
face challenges in effectively orchestrating tool use
alongside their primary reasoning tasks.

Conditional Analysis. To isolate verification ca-
pability from reconstruction quality, Table 9 reports
QA accuracy conditioned on successful reconstruc-
tion (Spata => 0.9).

Model Cond. (V) Cond. (F) A

Qwen3-VL-30B-A3B 0.959 0.900 —0.059
Qwen3-VL-32B 0.973 0.964 —0.009
Qwen3-VL-235B-A22B 0.961 0.966 +0.005
Qwen-VL-Max 0.983 0.985 +0.002

Table 9: Conditional QA accuracy (Spgtq > 0.9) for
Qwen-VL models.

Larger models (Qwen3-VL-235B-A22B, Qwen-
VL-Max) show consistent gains even when con-
trolling for reconstruction quality, with Qwen-VL-
Max approaching ceiling performance. The smaller
Qwen3-VL-30B-A3B model does not benefit from
tools in this setting, suggesting that effective tool
orchestration requires sufficient model capacity.



Question Family Breakdown. Table 10 reveals
which question types benefit most from IVG across
model scales.

Model AAgg AComp ATopo
Qwen3-VL-30B-A3B —0.002 —0.094 —0.032
Qwen3-VL-32B —0.003 —0.001 —0.074
Qwen3-VL-235B-A22B  4+0.001 +0.007 +40.008
Qwen-VL-Max 0.000 +0.003  +0.008

Table 10: Conditional QA delta by question family
(Spata = 0.9). Agg=Aggregation, Comp=Comparison,

Topo=Topology. A denotes Full — Vision.

Capable models (Qwen3-VL-235B-A22B,
Qwen-VL-Max) show their largest gains on Topol-
ogy questions (+0.008), where view-grounded
interaction (zoom, selection) helps resolve spatial
relationships. This aligns with IVG’s design goal
of providing focal context for visually ambiguous
regions.

Effective use of IVG requires models with suf-
ficient reasoning capacity to orchestrate tool calls
alongside their primary tasks. In our evaluation,
models with approximately 20B or more active pa-
rameters benefit consistently from IVG. This aligns
with broader findings in tool-augmented LLMs,
where tool use adds cognitive overhead that smaller
models may struggle to manage. For frontier mod-
els approaching ceiling performance, IVG’s pri-
mary value shifts from accuracy improvement to
auditability, providing explicit and traceable evi-
dence for each reasoning step.

6 Qualitative Analysis: Deep Plot

To demonstrate the practical utility of IVG, we de-
ploy the framework in a verifiable data reporting
system, Deep Plot. The Deep Plot system provides
a multi-modal interface for automated data story-
telling. Figure 2 illustrates the interface, featuring a
dual-panel layout: a left panel containing an agent-
generated data report (summary and insights) and
a right panel hosting interactive Plotly figures in
tabbed views.

Deep Plot operationalizes IVG as an evidence-
grounded reporting loop. The agent iteratively
proposes a claim, generates plots and summary
statistics, and then refines the claim based on evi-
dence it can explicitly retrieve from its visualization
state.

The core capability is view-grounded interac-
tion as focal context. Each insight links to a sup-
porting plot. As a user explores the plot (zoom/pan,

legend toggles, selection), the system records in-
teraction events. When a follow-up question is
asked, the agent uses query_interactions to retrieve
the latest interaction state (e.g., axis ranges, trace
visibility, selection bounds) and combines it with
spec-grounded introspection via get_plot_json to
retrieve exact values and attributes. This enables an-
swers grounded in explicit evidence (e.g., “within
the selected range, the maximum occurs at x = ...
with y = ...”) rather than pixel-inferred guesses.
In this setting, “evidence” is machine-checkable:
tool-returned state (spec JSON, interaction events,
selections) and computed numbers derived from
that state.

7 Discussion

7.1 Beyond the Pixel Verification Bottleneck

Our findings indicate that the Pixel Verification
Bottleneck is a primary source of unreliability in
current visualization agents. The gains in Spgtq
from spec-grounded introspection show that giv-
ing agents access to their own chart specification
enables verification against exact values and at-
tributes, rather than probabilistic pixel inference.
This directly addresses the Trust Gap identified in
the introduction: important parts of visualization
verification become auditable at the level of agent-
owned state.

7.2 Tool Synergy and Focal Context

A critical insight from our study is the synergy
between spec-grounded introspection and view-
grounded interaction. While spec-grounded intro-
spection provides exact, spec-level access to the
values encoded in the agent-generated chart, it can
also overwhelm an agent with irrelevant structural
details. As seen in the Deep Plot system (Sec-
tion 6), view-grounded interaction provides the
focal context. Zooming, toggling traces, and se-
lection update only the view state and emit inter-
action context (e.g., ranges and events) that local-
izes which subset of the visualization state is rele-
vant, without changing the underlying data. This
mimics the human analyst’s workflow: using view-
grounded interaction to focus attention and struc-
tured inspection to verify values. However, we also
observed that unfettered view-grounded interac-
tion can introduce exploration overhead. As noted
in the Task 1 results, the Full agent occasionally
underperformed due to excessive tool usage, high-
lighting the need for agents to strategically balance
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Finding 1: The 5 AM Fare Spike is Driven by
Airport Trips

Observation: Average fare at 5 AM is $15.06 vs $10.86 at
10 AM—a 39% difference.
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Root Cause Analysis:

Avg Fare ($)

Hour Avg Fare Avg Distance Airport Trip %
5AM $15.06 533 km
10 AM$10.86  3.01 km 5.6%
7PM $10.56 3.09 km 4.3%
Conclusion: The 5 AM spike is NOT a late-night surcharge
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Figure 2: Deep Plot Interface. Insights in the report (left) reference interactive plots (right). The agent uses
spec-grounded introspection and view-grounded interaction history to answer follow-up questions grounded in the

user’s current visual context.

between spec-grounded introspection (reading) and
view-grounded interaction (acting).

7.3 Implications for Real-World Systems

Deep Plot (§6) suggests that spec-grounded intro-
spection and view-grounded interaction are not
merely diagnostic aids, but can serve as core com-
ponents of user-facing analysis workflows. When
follow-up questions are grounded in the current in-
teraction state (e.g., axis ranges and selections) and
verified against the underlying visualization spec-
ification, agents can respond with explicit, check-
able evidence rather than pixel-only guesses. More
broadly, this supports the view that visualization
agents should be grounded in agent-owned visual-
ization state to remain reliable in real-world data
analysis settings.

8 Limitations

We explicitly do not claim that the current toolset
is a universal solution for all visualization frame-
works. While our framework is architected to
be library-agnostic, our empirical validation is re-
stricted to the Plotly ecosystem. Extending this
“DOM-like” state access to other libraries (e.g.,
Matplotlib, D3.js) or domains (e.g., CAD, Ul de-
sign) remains an engineering challenge. Second,
our Spgtq metric for pie charts currently relies on
Cartesian Chamfer distance, which may not per-
fectly capture radial proportions; future work will
explore polar-coordinate aware metrics.

Our Qwen-VL scaling study (§5.5) suggests a ca-
pability dependence in tool use: the smallest active-
parameter model (Qwen3-VL-30B-A3B) degrades
when given IVG tools, while larger models show
more consistent benefits (with Qwen3-VL-32B ex-
hibiting mixed effects across tasks). This points to
a practical tool capability threshold—below which
the overhead of tool orchestration can outweigh
verification gains. For frontier models approaching
ceiling performance (e.g., Qwen-VL-Max), IVG’s
value also shifts toward auditability: producing an-
swers that can be traced to explicit evidence from
the visualization state.

9 Conclusion

We presented Introspective and Interactive Visual
Grounding (IVG), a framework that transforms
agents from passive observers into active owners
of their visualizations. By bypassing the Pixel Ver-
ification Bottleneck and enabling spec-grounded
introspection and view-grounded interaction, we
provide a path toward closing the Trust Gap in au-
tonomous data analysis. Our results on iPlotBench
demonstrate that spec-grounded introspection and
view-grounded interaction are complementary: one
provides deterministic evidence, while the other
provides focal context. Through Deep Plot (§6),
we illustrate how IVG supports evidence-grounded
reporting and grounded follow-up QA in a user-
facing workflow.
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A Visualization State API: MCP Tool
Schemas

The Visualization State API is implemented as a set
of Model Context Protocol (MCP) tools. MCP pro-
vides a standardized interface for language model
agents to invoke external functions with typed argu-
ments and structured JSON responses. All tools re-
turn JSON-formatted output for deterministic pars-
ing.

A.1 Base Tools

show_plot Creates a Plotly figure from agent-
generated Python code and registers it for subse-
quent operations.

* Arguments:

— plotly_codes  (string, required):
Python code defining a variable fig
as a Plotly figure object. Must include
necessary imports.

* Returns: {plot_id: int} — A unique iden-
tifier for referencing this figure in subsequent
tool calls.

get_plot_image Captures the current rendered
view of a figure as a PNG screenshot.

* Arguments:

— plot_id (integer, required): Plot identi-
fier from show_plot.

— interaction_id (integer, optional):
Specific interaction snapshot ID. If omit-
ted, returns the latest view state.
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¢ Returns: {image_path: str} — Absolute
path to the PNG file, which can be passed to
the VLM for pixel-based inspection.

A.2 Spec-Grounded Introspection

get_plot_json Retrieves the full Plotly specifi-
cation of the agent’s constructed figure, enabling
deterministic verification of data values and visual
encodings.

* Arguments:

— plot_id (integer, required): Plot identi-
fier from show_plot.

e Returns: {data: [...], layout: {...}}
— The complete Plotly JSON specification,
where data contains trace objects and layout
contains axis and styling configurations.

Trust Boundary: This tool exposes only the
agent’s own constructed figure specification—not
the ground-truth dataset or reference solution.

A.3 View-Grounded Interaction

relayout Programmatically zooms or pans the
view by setting axis ranges, providing focal context
for dense or occluded regions.

¢ Arguments:
— plot_id (integer, required): Plot identi-
fier.
— x_min, x_max (number, optional): X-
axis range bounds.
— y_min, y_max (number, optional): Y-axis
range bounds.

¢ Returns: Success status.

e Event Payload: Records axis
ranges, e.g., {"xaxis.range[0]":
1981.97, "xaxis.range[1]":
2001.99, "yaxis.rangel[@]": 70.98,

"yaxis.range[1]": 73.81}.

legendclick Toggles the visibility of a specific
trace, enabling isolation of overlapping series.

* Arguments:

— plot_id (integer, required): Plot identi-
fier.

— curve_number (integer, required): Zero-
indexed trace index.

¢ Returns: Success status.
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* Event Payload: Records {curve_number:

int, expanded_index: int}.  Vis-
ibility changes are captured in the
associated plotly_restyle event
as {update: [{visible: C...13,

[trace_indices]]}.

selected Performs a box selection over a speci-
fied region and returns information about selected
data points.

* Arguments:

— plot_id (integer, required): Plot identi-
fier.

— x_min, x_max (number, optional): X-
axis selection bounds.

— y_min, y_max (number, optional): Y-axis
selection bounds.

e Returns: Selection information.

* Event Payload: Records {point_count:
int, range: {x: [min, max], y: [min,
max]13}}.

query_interactions Retrieves the interaction his-
tory for a figure, enabling the agent to reason about
prior view manipulations.

* Arguments:

— plot_id (integer, required): Plot identi-
fier.

— event_type (string, optional): Fil-
ter by event type (init, relayout,
legendclick, selected).

* Returns: {events: [{id, event_type,
payload, has_screenshot}, ...J1} —
Chronological list of interaction events, each
with:

— 1id: Unique interaction ID (can be passed
to get_plot_image to retrieve historical
snapshots).

— event_type: One of init, relayout,
legendclick, selected.

— payload: Event-specific details (e.g.,
axis ranges for relayout, visibility state
for legendclick).

— has_screenshot: Whether a screenshot
was captured for this interaction state.



B Controller and Evaluation Protocol

This section details the prompt templates, stop con-
ditions, and execution environment used in our eval-
uation.

B.1 Prompt Templates

All agent configurations share identical prompt tem-
plates. We use minimal prompts to avoid biasing
tool usage patterns.

Task 1: Chart Recreation The agent receives
the reference image (base64-encoded PNG) along
with the following text prompt:

Read ./input.png and recreate this plot.

Output the Plotly figure as JSON with
"data” and "layout” keys:

{"data": [...], "layout”: {...}}

For configurations with tools enabled, the agent
may invoke Visualization State API tools before
producing the final JSON output. For the Vision
baseline, the agent directly outputs JSON without
tool access.

Task 2: Visual QA  For each binary question, the
agent receives:

<question text>

Reply with ONLY a single digit: @ or 1

Task 2 questions are answered within the same ses-
sion as Task 1, meaning the agent retains context
from chart recreation and can reference its con-
structed figure state.

B.2 Stop Conditions

Each task invocation is bounded by two termination
conditions:

* Tool round limit: Maximum 5 tool-calling
rounds per invocation. If the model contin-
ues requesting tool calls after 5 rounds, the
invocation terminates with partial results.

* API timeout: 120 seconds per API call. If the
model does not respond within this window,
the invocation is marked as failed.

Invocation structure: An episode consists of mul-
tiple invocations within a persistent session. Task 1
(chart recreation) is a single invocation. Task 2
questions are each processed as separate invo-
cations, meaning each question receives its own
5-round tool budget. Critically, the session con-
text (conversation history and figure state) persists
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across all invocations, allowing the agent to ref-
erence its Task 1 reconstruction when answering
Task 2 questions.

An invocation terminates successfully when at least
one valid answer is extracted: a Plotly JSON ob-
ject with non-empty data array for Task 1, or a
parseable 0/1 response for Task 2.

B.3 Execution Environment

Claude Agents (Main Ablation). Claude 4.5
Haiku agents run in isolated Docker containers
based on python:3.10-slim. Each container in-
cludes:

* Python 3.10 with Plotly for figure generation
» Kaleido for server-side PNG rendering

* MCP server implementing the Visualization
State API

* Isolated filesystem with read-only access to
reference images

The containerized environment ensures repro-
ducibility and prevents agents from accessing
ground-truth data or other test cases.

Qwen-VL Agents (Scaling Study). Qwen-VL
models are accessed via OpenAl-compatible APIs
(local vLLM or OpenRouter). The same MCP
tools are available, with images passed as base64-
encoded PNGs in the image_url message format.
Key differences from the Claude setup:

* No Docker isolation (API-based execution)
* Session state managed by Python runner script
* Same prompt templates and tool schemas

* Vendor runtimes may include undisclosed sys-
tem prompts

To account for potential confounds from vendor-
specific behaviors, we emphasize within-model
comparisons (Vision vs Full) rather than cross-
model rankings.

B.4 Tool Schema Availability

In all tool-enabled configurations (+Inter, +Intro,
Full), the complete tool schema is provided to the
model at session start. Tools are available but
their use is optional—models autonomously de-
cide when and whether to invoke tools based on
task requirements. This design isolates model ca-
pability from prompt engineering that might bias
tool usage.
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