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This supplementary section provides additional experimental details, extended

analyses, and illustrative examples supporting the results presented in the main

manuscript. Specifically, we detail the evaluation thresholds, dataset size selec-

tion procedure, comparative characteristics of synthetic and literature-derived

figures, extended benchmark analysis, and qualitative baseline model outputs.



A . Testing Parameters

This section provides a detailed description of the evaluation settings used through-

out the experimental analysis, including similarity thresholds and the determi-

nation of test set size.

A.1 . Thresholds

Model outputs were evaluated using both textual and numerical similarity cri-

teria, as described in Section 4.3.1 of the main manuscript. Here, we provide

additional justification and sensitivity analysis supporting the chosen thresh-

olds.

Textual similarity between predicted and ground-truth labels (e.g., axes ti-

tles, legend entries, series names) was computed using the Levenshtein ratio. A

threshold of Ttext = 0.85 was selected. Figure 1 illustrates model performance

as a function of the text similarity threshold. As shown, values below 0.80 in-

troduce excessive tolerance, while values above 0.95 become overly restrictive

and penalize minor formatting variations.
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Figure 1: Sensitivity analysis of point-detection accuracy as a function of the textual similarity threshold
(Ttext). Performance stabilizes around 0.85, which balances tolerance to minor formatting variations with
strict semantic matching.

Numerical agreement between predicted and reference data points was as-

sessed using normalized Euclidean distance. A tolerance threshold of Tnum = 0.1

(10%) was adopted. The selected value balances robustness to minor extraction

noise with the need for quantitative precision consistent with experimental un-

certainty in catalysis studies.

A.2 . Number of Images for Test

To determine an appropriate number of evaluation images, we conducted a sta-

bilization analysis. Performance metrics were computed incrementally as a

function of increasing test-set size.

Figure 2 shows that model performance stabilizes within the range of 50–200

images, beyond which variance reduction becomes marginal. Below 100 im-

ages, metric fluctuations are significant, indicating insufficient statistical repre-

sentativeness.
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Based on this analysis, all reported evaluations were conducted using test

sets within the 150–200 image range.

Figure 2: Stabilization analysis of evaluation performance as a function of test-set size. Performance
variance decreases and stabilizes within the range of 150–200 images.

B . Literature Charts vs Synthetic Charts

To ensure that the synthetic dataset realistically reflects real-world catalytic

figures (Figure 3), we performed a comparative structural analysis between

literature-derived and synthetic charts.

Figure 3: Representative examples of target figures.

Key characteristics examined include:
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• Number of points per series

• Number of series per figure

• Marker types and colour diversity

• Presence of trend lines and fitted equations

• Legend complexity and positioning

• Axis formatting (linear vs logarithmic)

• Presence of subplots or embedded graphical elements

1. Distribution Fitting

To enable statistically grounded synthetic data generation, probability distribu-

tions were fitted to each numerical feature. Best-fit models were selected based

on minimization of the sum of squared errors (SSE).

Table 1 summarizes the selected distributions and their estimated parameters.

Several features exhibit log-normal behavior, particularly those related to

point counts and total data density, indicating asymmetric distributions with

heavy upper tails. Overlap percentages are better modeled using a Gamma dis-

tribution, reflecting their strictly positive and skewed nature.

These fitted distributions were subsequently used to parameterize the syn-

thetic chart generation pipeline, ensuring statistical alignment with real data.
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Table 1: Best-fit probability distributions and parameter estimates for structural features extracted from
literature figures.

Feature Best-Fit Distribution Parameters SSE

Number of Series Normal µ = 3.39, σ = 1.56 0.746

Max Points per Series Log-Normal
s = 0.562, loc =

0.196, scale = 7.81
0.00909

Total Points Log-Normal
s = 0.788, loc =

0.178, scale = 20.7
7.37893× 10−5

Percentage of Overlap Gamma a = 0.447, scale = 15.9 0.00877

Original Width Normal µ = 600, σ = 146 5.402× 10−6

Original Height Log-Normal s ≈ 0 6.156× 10−6

Resolution Normal
µ = 2.54× 105, σ =

8.57× 104
7.587× 10−12

Ratio Log-Normal s = 0.168, scale = 1.53 1.994798862

Minimum Dimension Normal µ = 455, σ = 84.8 4.817× 10−6

2. Comparison Between Literature and Synthetic Distributions

Figure 4 compares the structural characteristics of literature-derived figures and

synthetically generated images.

The synthetic dataset closely reproduces the empirical distributions observed

in real data across key structural dimensions, including series count, point den-

sity, scale usage, and legend complexity. Minor deviations are primarily at-

tributable to generation constraints and controlled parameter bounds.
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(a) Number of series distribution. (b) Maximum number of points per serie distribution.

(c) Scale type count (d) Markers usage.

(e) Legend description distribution. (f) Additional information in the Plot Area Distribution.

Figure 4: Comparison of structural distributions between literature-derived and synthetic figures. The
synthetic dataset reproduces key statistical characteristics observed in real-world charts.

3.Generation Image Parameters

Table 2 summarizes the configuration settings used to generate the three syn-

thetic scatter-plot datasets described in this work. The table provides a side-

by-side comparison of all generation parameters, including figure dimensions,
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sampling distributions, visual styling options, annotation probabilities, and data

modelling strategies.

Examples 1 and 2 rely on uniform sampling strategies with controlled ran-

domness, while Example 3 incorporates literature-inspired statistical distribu-

tions (truncated normal and log-normal) to better approximate realistic scien-

tific data variability. All datasets share common visualization primitives (mark-

ers, line styles, legend handling, and axis label sourcing) but differ in overlap

tolerance, annotation frequency, and structural complexity.

Table 2: Unified Configuration Comparison of Synthetic Dataset Examples

Parameter Description Ex. 1 Ex. 2 Ex. 3

Function Name Data generation func-

tion

generate trend

points rescaled

generate trend

points

generate trend

points3

Number of Images Total generated figures 1820 1820 1820

Width (in) Figure width range 10–15 10–15 10–15

Height Ratio Height/width ratio 0.6–1.7 0.6–1.7 0.699–3.2

Series (min–max) Number of data series 2–10 2–10 1–9

Points (min–max) Points per series 5–30 5–55 3–35

Marker Sizes Available marker sizes 80–260 80–260 80–260

Font Sizes Available font sizes 14–24 14–24 12–24

Max Overlap Allowed overlap (%) 40% 60% 40%

Overlap Mode Alignment probability Bern p = 0.70 Uniform Bern p = 0.70

Error Bars Probability enabled Bern p = 0.15 Uniform 15%

Grid Grid probability Bern p = 0.05 Bern p = 0.05 Bern p = 0.1

Vertical Lines Add reference lines — — Bern p = 0.20

Notes Add annotations p = 0.1 Bern p = 0.1 Bern p = 0.25

Rectangle Add center rectangle — — Bern p = 0.2

Legend Legend probability Always Always= Bern p = 0.90
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Parameter Description Ex. 1 Ex. 2 Ex. 3

Trend Types Available models Polynomial Lin/Quad/Cub/

Log/Spline

Lin/Quad/Cub/

Log/Spline

Series Dist. Distribution (series) Uniform Uniform Trunc. Normal

Points Dist. Distribution (points) Uniform Uniform Trunc. Log-Norm

Sub-image Embed object image — — Bern p = 0.2

C . Benchmark Analysis

This section presents extended benchmark analyses complementing Section 2.2.2

of the main manuscript. In addition to reporting absolute benchmark scores

(OCRBench v2, Chart-to-Table, Chart-to-Text, CharXiv, and ChartQA), we

evaluate the extent to which performance on these benchmarks correlates with

our downstream structured extraction metrics.

Figure 8 illustrates cross-benchmark correlation analyses, reporting coeffi-

cients of determination (R2) and the number of evaluated models (n) for each

comparison.
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Figure 5: Correlation between OCRBench v2 scores and downstream structured extraction performance.

Figure 6: Correlation between Chart-to-Table benchmark scores and downstream structured extraction
performance.
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Figure 7: Correlation between Chart-to-Text benchmark scores and downstream structured extraction
performance.

Figure 8: Correlation between CharXiv benchmark scores and downstream structured extraction perfor-
mance.
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Across benchmarks, correlation strength varies substantially. OCRBench v2

exhibits the strongest alignment with downstream performance, highlighting the

importance of accurate textual localization and recognition for structured chart

parsing. In contrast, Chart-to-Text and Chart-to-Table benchmarks show weaker

and less consistent correlations, indicating that strong benchmark performance

does not necessarily translate into robust scientific data extraction.

These results confirm that no single benchmark reliably predicts downstream

structured extraction performance, reinforcing the necessity of task-specific eval-

uation protocols.

D Baseline Models Results Examples

To provide qualitative insight into model behaviour, this section presents rep-

resentative output examples from baseline chart-extraction tools and general-

purpose VLMs.
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Figure 9: Representative output example from baseline chart-extraction tools.

Figure 9 shows typical failure cases observed in traditional chart-to-table

systems, including:

• Missing y-axis labels

• Incorrect legend association
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• Misaligned numerical outputs

• Non-parseable or incomplete CSV outputs

Inclusively, we tried to fine tune Unichart on our synthetic dataset but results

were so inconsistent that it was impossible to parse, as it can be seen on the

image below (Fig. 10 and 11).

Figure 10: Failure example of UniChart after fine-tuning on the synthetic dataset. The model produces
structurally inconsistent and partially corrupted outputs, resulting in non-parseable predictions.

Figure 11: Second example illustrating unstable generation behaviour of the fine-tuned UniChart model.
Outputs show formatting breakdown and structural misalignment that hinder automated evaluation.

Figure 12 shows corresponding outputs after LoRA fine-tuning, illustrating

improved point detection and structural consistency.
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Figure 12: Proposed model vs zero shot inference.

Together, these qualitative examples complement the quantitative evaluation

presented in the main manuscript and illustrate the practical advantages of the

proposed fine-tuning strategy.
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E Set-Up Details

The LoRA hyperparameters used during fine-tuning are summarized in Table 3,

while the overall training configuration is reported in Table 4.

Table 3: LoRA parameters used for fine-
tuning.

Parameter Value
lora_alpha 32
lora_dropout 0.05
r 16
bias none
target_modules {gate_proj, up_proj,

down_proj}
task_type CAUSAL_LM

Table 4: Training parameters used for fine-tuning.

Parameter Value
num_train_epochs 4
per_device_train_batch_size 4
per_device_eval_batch_size 4
gradient_accumulation_steps 8
gradient_checkpointing True
optim adamw_torch_fused
learning_rate 2e-4
lr_scheduler_type constant
logging_steps 5
eval_steps 10
eval_strategy steps
save_strategy steps
save_steps 10
metric_for_best_model eval_loss
greater_is_better False
load_best_model_at_end True
bf16 True
tf32 True
max_grad_norm 0.3
warmup_ratio 0.03
gradient_checkpointing_kwargs {use_reentrant: False}
dataset_text_field ""
dataset_kwargs {skip_prepare_dataset: True}

All training and inference experiments were conducted on an NVIDIA A100

GPU partition.

The dataset contains a total of 1,400 images, split into 1,000 training sam-

ples, 200 validation samples, and 200 test samples used for evaluation.

The trained adapter weights are publicly available at https://huggingface.

co/datasets/LeaGabay/vlm4cat_data.
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