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ABSTRACT

Recent advances in multimodal large language models (LLMs),
which combine visual and linguistic understanding, have improved
visual data interpretation. However, their ability to recover under-
lying numerical data from visualizations remains underexplored,
hindering analysis and reproducibility, especially when most real-
world visuals lack accompanying datasets. To address this, we in-
troduce a novel task and evaluation framework requiring vision-
language models (VLMs) to reconstruct datasets solely from chart
images, without access to original data. Unlike conventional
ChartQA tasks that focus on answering individual questions, our
approach evaluates the model’s capacity to understand the entire
dataset, providing a more comprehensive evaluation of its accuracy.
We curate eight diverse, real-world datasets spanning different do-
mains to evaluate three leading models. Our results show that sim-
pler charts achieve higher fidelity than complex ones, and that a
model’s ability to generate diverse chart types does not necessar-
ily correspond to greater accuracy. By evaluating models’ ability
to convert unstructured visual data into structured information, we
aim to help data analysts more efficiently validate, interpret, and
leverage real-world datasets for downstream insights.

Index Terms: Vision-Language Model, Data Visualization, Data
Reconstruction

1 INTRODUCTION

Large language models (LLMs) such as GPT-3 [3] and GPT-4 [23]
have demonstrated exceptional capabilities in natural language un-
derstanding and generation. Building upon these advancements,
recent progress in multimodal models that integrate image process-
ing with text has enabled tasks including basic plot generation [12],
multi-image reasoning [26], and multimodal scientific analysis [4].
These models, commonly referred to as vision-language models
(VLMs), combine visual perception with reasoning abilities and in-
clude systems like Kosmos-1 [11] and BLIP [14]. As these models
continue to evolve, research is increasingly focused on their poten-
tial for complex, structured reasoning across multiple modalities.

While prior work has examined VLMs in chart classification
[71, caption generation [16], and data extraction [22], these efforts
largely concentrate on surface-level recognition, leaving deeper in-
ferential and reasoning capabilities underexplored. In particular,
the challenge of identifying the underlying dataset that generated a
chart—a cognitively demanding task involving both visual interpre-
tation and numerical estimation—has not been extensively studied.
This skill is especially critical in practical scenarios where analysts
often encounter visualizations without access to their original data,
making further analysis challenging.

In this paper, we propose a novel task that requires VLMs to re-
construct the underlying dataset solely from a chart image, without
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Figure 1: Evaluation framework pipeline

access to the source data. Unlike traditional ChartQA tasks that fo-
cus on answering specific questions about a chart, our framework
poses a reverse reasoning challenge, evaluating a model’s ability to
infer the complete numerical structure behind graphical represen-
tations. This holistic evaluation provides a more thorough assess-
ment of a model’s accuracy and understanding of plots. As shown
in Fig. 1, our evaluation begins with the creation of visualizations
derived from carefully curated datasets. We then prompt the VLM
to reconstruct the dataset it believes generated the visualization. Fi-
nally, we assess the model’s output using both quantitative error
metrics and comparison plots.

The ability to perform such inference has significant practical
implications. Successful dataset reconstruction by VLMs can aug-
ment human data analysis and insight generation by converting un-
structured visuals into structured data. This enables more efficient
validation, interpretation, and downstream use of complex informa-
tion.

2 BACKGROUND AND RESEARCH GAPS
2.1 Multimodal Reasoning in Vision-Language Models

Multimodal reasoning refers to a model’s ability to both interpret
and reason over inputs from multiple modalities, such as text and
images. Recent advances in VLMs like Flamingo [1], PaLl [6],
Kosmos-1 [11], BLIP-2 [14], and GPT-4 [23] have shown that
large-scale models can integrate visual and textual signals to per-
form complex reasoning tasks. These models have been evaluated
on datasets such as ChartQA [20] and PlotQA [21], which require
interpreting plots, extracting structured information, or answering
questions grounded in charts. While much of this work focuses on
generating new plots or answering chart-related questions, our ap-
proach differs by asking the model to identify the underlying data
that could have produced a given visualization. This setting chal-
lenges the model not only to recognize chart semantics but also to
generate plausible numerical structures based solely on visual pat-
terns, an emerging frontier in multimodal inference.

2.2 Chart Data Extraction

Traditional chart data extraction systems typically rely on multi-
stage pipelines that sequentially detect chart components, apply
OCR, and infer relationships through rule-based parsing or lan-
guage models [18]. These approaches often struggle with gener-
alizability due to their dependency on specific chart layouts and
brittle intermediate representations [17]. Recent advances have in-
troduced end-to-end deep learning systems that bypass intermedi-
ate stages by directly generating structured data from chart images.



For instance, DePlot is a transformer-based model trained only to
extract data from visuals, with its outputs fed into an LLM for ta-
ble evaluation, improving ChartQA performance [15]. Similarly,
UniChart expands upon this approach by incorporating a text de-
coder directly inside its pretrained model, enabling it to generate
structured outputs and answer questions straight from chart images
[19]. While these methods represent significant progress, they pri-
marily enhance performance on isolated question-answering tasks
and typically require either training a model for a single specialized
task or employing multiple models. In contrast, our work investi-
gates whether VLMs can infer the underlying data of a chart with-
out task-specific fine-tuning. Furthermore, we evaluate across a
wider range of real-world datasets and adopt a more holistic frame-
work for assessing a model’s graph understanding.

2.3 Model Application to Specific Domain Tasks

LLMs have demonstrated versatility when adapted to domain-
specific tasks across various fields, including medicine, law, and
science. For instance, BioBERT [13] and Clinical BERT [10] have
been tailored for biomedical text mining and clinical note under-
standing, while LegalBERT [5] addresses challenges in legal doc-
ument analysis. Additionally, fine-tuned models such as SciB-
ERT [25] have advanced scientific text processing by incorporating
domain-specific corpora and vocabularies. These domain-focused
adaptations illustrate the capability of LLMs to leverage large-scale
pretraining while specializing through fine-tuning or prompt engi-
neering, enabling more precise reasoning. Our work builds on this
foundation by exploring LLM capabilities in synthesizing struc-
tured datasets from domain-specific visualizations, bridging lan-
guage understanding with data reconstruction.

3 EVALUATION DESIGN
3.1 Dataset Curation

All datasets used in this study, including their source name, do-
mains, dataset sizes, and associated graph types, are summarized
in Tab. 3. To better simulate real-world data scenarios, we curated
datasets spanning a range of domains, aligning with recommenda-
tions from prior work emphasizing domain diversity to improve the
model’s ability to be generalized [24]. Following common practice
in data-centric research, we prioritized datasets with substantial size
and minimal to no missing values to ensure reliable evaluation and
reduce confounding factors introduced by data sparsity [8].

3.2 Commercial Models Used

We tested our experiment on three different models: GPT-40 [23],
Gemini 1.5 Pro [9], and Llama-3.2-11B-Vision-Instruct [25]. These
models were all tested using API keys and give us a variety of model
sizes and architectures to evaluate.

3.3 Visualization Types

Depending on the nature of the datasets, we generated different plot
types for specific purposes to test the VLM. Here, we have orga-
nized them based on our assumptions regarding the levels of diffi-
culty for completing the data reconstruction task.

Easy:

* Bar plot: Used to evaluate the model’s ability to compare val-
ues across categories.

* Line graph: Used to evaluate the model’s understanding of
trends over time.

* Pie chart: Used to evaluate understanding of proportions and
part-to-whole relationships.

Medium:

* Scatter plot: Used to evaluate the model’s ability to identify
patterns, correlations, and outliers. We assume this may be
challenging because there exist many small data points that
may overlap.

* Box plot: Used to evaluate the model’s understanding of me-
dians, quartiles, and outliers. We assume this may be difficult
since box plots encode summary stats like interquartile range
and median, but not raw data.

Hard:

¢ Radial plot: Used to evaluate the model’s ability to interpret
multivariate data distributed across multiple axes in a polar
coordinate system. We assume that this will be challenging
because a circular layout can make scale estimation and axis
mapping tricky.

* Heatmap: Used to evaluate recognition of patterns in a grid
based on color gradients. We assume this will be challeng-
ing because VLMs are notoriously bad at distinguishing color
gradients [2].

* Bubble chart: Used to evaluate multivariable reasoning by re-
quiring the model to interpret size and position at once. We
assume that this will be challenging because the model has to
understand and generate data on three distinct features.

3.4 Prompting Standards

In all of our tests, we used zero-shot prompting. Additionally, for
deterministic and reproducible answers, we set the temperature of
our models to 0. Each session is started with the following prompt:

BASELINE PROMPT

"You are an assistant, skilled in reading and
interpreting visually represented data. Create
me a CSV file with the full dataset that you
think was used to generate this plot:" + Visual

Caveats:

 For the bubble plot, we had to explicitly prompt it to find 15
data points and form a dataset with three distinct columns.

* For the box plot and heatmap, we had to ask the models to
retry a maximum of five times if they encountered errors or
generated an empty dataset.

3.5 Evaluation Metrics

To evaluate model performance, we use two primary error met-
rics: Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE), shown in Equations (1) and (2), respectively. Because
box plots and radial plots present summarized data rather than in-
dividual data points—preventing even humans from recovering the
underlying dataset—we evaluate them based on the mean of the
extracted values. In addition to these metrics, we conduct a consis-
tency test by running each model five times and assessing whether
it successfully generates data in the CSV file for all runs.
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Due to inconsistencies in scale and magnitude across our
datasets, we normalized the error terms by dividing Equations (1)
and (2) by the range of the ground truth values, shown in Equa-
tion (3). This results in the scaled formulation presented in Equa-
tion (4).

Range = max(y™¢) — min(y™®) 3)
MAE RMSE

Scaled MAE = ——, Scaled RMSE = 4)
Range Range

Additionally, certain graph types, such as radial plots and
heatmaps, encode multiple feature dimensions within a single vi-
sualization. To account for this, we computed the average MAE
and RMSE across all features of each individual plot type using
Equations (5) and (6), respectively. These aggregated error values
provide a quantitative basis for comparing the relative difficulty of
reconstructing data for different chart types.
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Finally, we took the mean of MAE and RMSE values across all
individual plot types. These final metrics serve as a summary mea-
sure of each model’s overall performance and enable direct com-
parison between models.

4 RESULTS
Graph/Model | GPT-4 | Gemini | Llama 11B
Bar Graph v v v
Line Graph v v v
Pie Chart v v v
Scatter Plot v v v
Box Plot v X X
Radial Plot v v X
Heatmap v v X
Bubble Chart v v v
Consistency v X v

Table 1: Comparison of VLMs on graph reconstruction capability.
A checkmark indicates the model successfully generated the plot in
all five turns, while an X indicates failure to generate the plot in any
of the five turns.

As shown in Tab. 1, GPT-4 was the only model that successfully
generated a plot for every chart type across all evaluation trials.
Gemini ranked second, failing to generate box plots in all five at-
tempts, while Llama 11B was unable to produce a box plot, radial
plot, and heatmap in any trial. That said, Gemini exhibited some
inconsistency with bubble charts, generating a valid output in only
four out of five cases.

Despite GPT-4’s ability to produce all graph types without fail-
ure, analysis of error metrics in Tab. 2 and Tab. 4 reveals that it
consistently exhibited the highest error rates across nearly all chart
types. This result is initially counterintuitive, as GPT-4 demon-
strated the highest coverage and output consistency. However,
closer inspection of its outputs for more complex visualizations,
particularly heatmaps, shows that GPT-4 often generated random,
unmeaningful values across turns, diverging significantly from both

the ground truth and its own earlier generations. Thus, while GPT-4
displayed robustness in format generation, its numerical fidelity to
the original visual data was comparatively poor.

Both Gemini and Llama 11B struggled with the more complex
chart types as well. However, Gemini consistently outperformed
GPT-4 on simpler and moderately difficult graphs, such as bar
graphs and line graphs, achieving lower error metrics. Llama 11B
showed a similar trend of better accuracy on supported chart types,
though we were unable to compute its overall mean error due to its
inability to generate a sufficient number of charts.

Graph/Model | GPT-4 | Gemini | Llama | Mean
11B

Bar Graph 0.115 0.032 | 0.025 0.057
Line Graph 0.075 0.013 | 0.013 0.033
Pie Chart 0.001 0.001 0.001 0.001
Scatter Plot 0.958 0.234 | 0.208 0.467
Box Plot 0.240 — — 0.240
Radial Plot 17.129 | 9.935 — 13.532
Heatmap 12.396 | 12.395 — 12.395
Bubble Chart 0.302 0.420 | 0.424 0.382
Mean 3.902 3.290 —

Table 2: RMSE comparison of VLMs on graph reconstruction ca-
pability

In addition to model-level performance, we analyzed chart-level
difficulty based on both graph comparisons and the MAE and
RMSE across models for each graph type. This revealed clear pat-
terns in which visualizations were the simplest and which posed
the greatest challenges. Fig. 4 illustrates that the error rate for bar
chart reconstruction is relatively low across all three models, with
occasional spikes in errors for GPT. This trend is consistent with
the results in Tab. 2, which indicate that GPT overall performed
worse than the other models; however, the overall performance on
bar charts remains comparatively strong for all three models. This
outcome is expected, as bar charts typically present information in
a straightforward manner, requiring models primarily to interpret
the axes.

Conversely, Fig. 2 illustrates that the models struggled to re-
construct scatter plots. While the results indicate that the models
captured the fundamental patterns of the data, all models failed to
generate a sufficient number of points. Due to differing numbers
of data points, MAE and RMSE were computed as the mean of
available points. As a result, Tab. 2 suggests that LLaMA 11B out-
performed Gemini; however, the reconstructed plots suggest that
Gemini may have achieved the best performance. These discrepan-
cies highlight the importance of using multiple evaluation methods,
particularly for complex tasks like graph reconstruction, where vi-
sual outputs can capture nuances that numerical error metrics alone
may not fully reflect.

As seen in Tab. 2, radial plots and heatmaps exhibited even more
pronounced difficulties. RMSEs for these charts reached or came
close to double digits for both GPT-4 and Gemini, and Llama 11B
failed to even generate either plot type in any of the five trials.
Further analysis of these charts, seen in Fig. 8 and Fig. 9 reveals
that the models failed to grasp even the most fundamental parts of
the visual, producing outputs with no meaningful correlation to the
original plots. These charts likely demand advanced spatial rea-
soning, precise value mapping, and color gradient understanding,
which current VLMs appear to lack.

5 CONCLUSION AND FUTURE WORKS

In conclusion, our study demonstrates that while current VLMs
show promising ability to reconstruct datasets from chart images,
their performance is highly sensitive to chart complexity and visual
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Figure 2: Scatter plot of leaf area index (LAI) vs. average cotton height comparing graph reconstruction capabilities across models.

design. The lack of a strong correlation between chart-generation
capability and reconstruction accuracy suggests that generating vi-
sually diverse outputs does not imply deeper numerical understand-
ing. By introducing this dataset reconstruction framework, we hope
to provide a new lens for evaluating VLMs, highlighting their po-
tential to augment human—AlI collaboration and assist data analysts
in extracting and validating insights from visuals.

At the same time, a few limitations present in our approach may
highlight possible directions for future work. One particular chal-
lenge observed in our evaluation was the inconsistency across runs.
When provided with the same chart and identical prompts, mod-
els often produced different outputs on different executions. This
variability suggests that some internal stochasticity or sensitivity
to initialization is affecting the generation process, which in turn
raises concerns about the stability and reproducibility of these sys-
tems. For applications requiring repeatability or auditability, such
as scientific research or regulated domains, this lack of determin-
ism could be a significant barrier to adoption. Another limitation
arises when evaluating model performance on visualizations that
encode summary statistics rather than individual data points. For
example, in the case of box plots, even human observers cannot re-
construct the underlying dataset, making complete extraction from
the VLM extremely difficult. This problem also appeared with scat-
ter plots, where models weren’t able to generate all of the original
data points. In this study, we evaluated such visualizations by com-
paring the mean of the extracted values to the ground truth mean.
However, further research is needed to explore more effective or
comprehensive evaluation methods for these types of plots. We also
found that prompt sensitivity played a major role in determining
the accuracy and structure of generated datasets. Minor changes in
wording or instruction often resulted in markedly different outputs,
even when the underlying task of reconstructing charts remained
constant. This sensitivity not only complicates reproducibility but
also introduces a steep learning curve for users who may not know
how to craft optimal prompts. While prompt engineering has be-
come a standard technique for guiding model behavior, our findings
suggest that more research is needed to identify which prompts op-
timize performance on high-precision tasks like data reconstruction
from visuals.
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A DATASETS

Dataset Plot Used Domain Size Features Used
Smlr Stock Line Graph Finance 2604 x 7 Close, Date
Mileage Fee Survey Pie Chart Transportation 2114 x 74 Region, Politics
Detection Of Influenza A Heatmap Bioinformatics 21434 x 9 Boman, Charge, Isolectric Point, Instability,
Hydrophobicity
Pond Chemistry Data Radial Plot Energy 742 x 42 SR, NH3-NH4-N, Peak A, SUVA254, NO3-N
Cultural Niches Of Bird Bubble Chart | Ecology 1244 x 21 Log 10 Mass, Max Color Contrast, Popularity
Monitoring Cotton Growth | Scatter Plot Agriculture 294 x 2159 Avg Height, Leaf Area Index (LAI)
Hydroclimate In Grassland | Box Plot Climate 317337 x 25 | Treatment, Volumetric Water Content (VWC)
Above Fed Fires Bar Chart Environmental Science | 26147 x 7 Fire ID, Day of Year
Table 3: Datasets used to test VLMs
B MAE TABLE
Graph/Model | GPT-4 | Gemini | Llama | Mean
11B

Bar Graph 0.081 0.027 | 0.021 0.043

Line Graph 0.051 0.012 | 0.012 0.025

Pie Chart 0.001 0.001 0.001 0.001

Scatter Plot 0.745 | 0.168 | 0.168 | 0.360 AR A S

Box Plot 0.190 — — 0.190

Radial Plot 16.322 | 8.636 — 12.479

Heatmap 12.052 | 12.395 — 12.224

Bubble Chart 0.224 0.339 | 0.335 0.299

Mean 3.708 3.083 —

Table 4: MAE comparison of VLMs on graph reconstruction capa-

bility
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https://zenodo.org/records/12564004
https://zenodo.org/records/10836420
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https://agdatacommons.nal.usda.gov/articles/dataset/Water_chemistry_data_for_three_agricultural_ponds_in_the_southern_Coastal_Plain_of_Georgia_USA/28507061
https://zenodo.org/records/4304855
https://agdatacommons.nal.usda.gov/articles/dataset/Data_from_Hyperspectral_reflectance_and_machine_learning_for_multi-site_monitoring_of_cotton_growth/27765477?file=50534730
https://agdatacommons.nal.usda.gov/articles/dataset/Data_from_Compound_hydroclimatic_extremes_in_a_semi-arid_grassland_Drought_deluge_and_the_carbon_cycle/24855600
https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=2316
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Figure 5: Line graph comparing actual and generated values with a
dual-axis plot showing error over time. Note that the error rates are
plotted on three separate scales.

Figure 6: Pie chart comparing mileage fee survey responses for
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Figure 7: Box plot comparing volumetric water content (VWC)
with treatment type across models.

Figure 8: Heatmap illustrating the correlation between isolectric
point, hydrophobicity, charge, instability, and boman index across
models. Note that Llama-11B failed to extract any data.

Figure 9: Radial plot comparing graph reconstruction ability of
strontium, a combination of ammonia and ammonium nitrogen,
nitrate nitrogen, UV absorbance, and fluorescence peak A across
models. Note that Llama-11B failed to extract any data.
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