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Abstract001

Charts effectively convey quantitative informa-002
tion, but the underlying data are often locked003
in image form, hindering reuse and analysis.004
Manually digitizing charts is time-consuming005
and error-prone, motivating automatic chart-to-006
table extraction. Recent approaches use spe-007
cialized vision-language models (VLMs), yet008
performance still lags on charts with many dat-009
apoints or substantial stylistic variation. We010
propose a VLM self-ensembling method that re-011
peatedly samples multiple tabular outputs from012
the same VLM for a fixed chart image and013
aggregates them at the level of individual ta-014
ble cells. We align candidate tables and take015
per-cell medians over numerical values to pro-016
duce a more accurate consensus table. Our017
method also includes convergence detection to018
stop sampling once the aggregated table sta-019
bilizes, and uncertainty estimation based on020
dispersion across samples to help users assess021
extraction reliability. Because existing chart ex-022
traction benchmarks contain relatively simple023
plots with limited room for improvement, we024
introduce WB-ChartExtract, a new benchmark025
built from World Bank data with more com-026
plex and stylistically diverse charts; on average,027
its charts contain 8.4× more datapoints than028
those in the ChartQA benchmark. Across both029
ChartQA and WB-ChartExtract, our approach030
consistently improves extraction accuracy over031
single-pass VLM outputs, yielding up to 23%032
relative improvement on WB-ChartExtract af-033
ter ensembling. More broadly, our method034
helps unlock tabular data previously siloed in035
chart images, enabling downstream analysis036
and reuse.037

1 Introduction038

Charts and plots are a primary medium for com-039

municating quantitative information in scientific040

articles, policy reports, news stories, and online041

dashboards. Unlike tables, charts typically ap-042

pear only as rasterized images in PDFs or on the043

web, making the underlying numbers difficult to 044

access: they cannot be searched, joined with other 045

sources, or reused for downstream analysis. Recov- 046

ering these data at scale is increasingly important 047

for meta-analysis, model validation, and real-time 048

monitoring, where source data are often missing or 049

inaccessible. 050

Manual digitization with tools such as WebPlot- 051

Digitizer (Rohatgi) is possible but slow and error- 052

prone, especially for large corpora or visually com- 053

plex figures. This has motivated automatic chart- 054

to-table extraction, where a system reconstructs 055

a structured table of datapoints from a chart im- 056

age. Early systems (Leow et al., 2005; Savva et al., 057

2011) used engineered pipelines combining com- 058

puter vision, optical character recognition (OCR), 059

and heuristic reasoning about axes and legends. 060

More recent work (Zhang et al., 2024; Chen et al., 061

2024; Xia et al., 2025) leverages vision-language 062

models (VLMs) that can directly “read” charts and 063

emit a textual table representation. While VLM- 064

based methods simplify the stack and have im- 065

proved performance and generalization on several 066

benchmarks (Masry et al., 2022; Methani et al., 067

2020), they still struggle with dense datapoints, 068

multiple overlaid series, or idiosyncratic labeling. 069

These failure modes reflect a broader pattern in 070

generative models: a single forward pass can be 071

brittle (Wang et al., 2023; Snell et al., 2024). When 072

prompted multiple times on the same chart, a VLM 073

can return noticeably different tables—dropping 074

or adding points or entire series, or misreading 075

values—yet these outputs are often partially cor- 076

rect and complementary. Existing chart extraction 077

methods typically ignore this variability, relying on 078

a single “best guess,” and they provide little signal 079

about extraction reliability, which is problematic 080

for realistic, cluttered figures. 081

We propose a complementary approach that em- 082

braces VLM stochasticity by ensembling outputs 083

at the level of individual table cells. Our method is 084

1



model-agnostic, can be layered on top of existing085

chart extraction systems, and applies to any chart086

type the underlying model can handle. Concretely,087

we repeatedly prompt a VLM on the same chart088

image, align candidate tables at the cell level, and089

compute per-cell medians over numerical values to090

form a consensus table. We also introduce a con-091

vergence detection mechanism to stop sampling092

once additional predictions are unlikely to change093

the ensemble, and an uncertainty estimate based094

on variability across samples to quantify extraction095

reliability.096

Progress on chart extraction also depends on097

benchmarks with challenging, stylistically varied098

charts. However, widely used datasets such as099

ChartQA offer increasingly limited room for im-100

provement: state-of-the-art VLMs already achieve101

high performance, in part because many plots102

are relatively simple, with few datapoints, limited103

stylistic variation, and numbers printed directly on104

the chart. To provide a more demanding testbed,105

we introduce WB-ChartExtract, a benchmark of106

synthetic charts constructed from real World Bank107

data. WB-ChartExtract spans many countries, di-108

verse economic and social indicators, and a variety109

of plotting styles. On average, its charts contain110

8.4× more datapoints than ChartQA charts and fea-111

ture multiple overlaid series and long time horizons,112

making them substantially more challenging.113

We evaluate our self-ensembling approach on114

both ChartQA and WB-ChartExtract. Across115

datasets and underlying models, ensembling con-116

sistently improves accuracy over single-pass VLM117

extraction, with particularly strong gains on WB-118

ChartExtract (up to 23% relative improvement after119

ensembling). We further analyze which error types120

our approach corrects and which remain challeng-121

ing. Importantly, we show that convergence detec-122

tion is well calibrated and supports a controllable123

trade-off between computational cost and marginal124

accuracy gains via practical early stopping. Fi-125

nally, we demonstrate that our uncertainty estimate126

is empirically inversely correlated with extraction127

accuracy.128

Our contributions are fourfold:129

1. A model-agnostic self-ensembling method for130

chart data extraction.131

2. A convergence detection mechanism that iden-132

tifies when additional samples are unlikely to133

change the aggregated result.134

3. Ensemble uncertainty estimates to help users 135

gauge extraction reliability. 136

4. WB-ChartExtract, a new benchmark con- 137

structed from real-world data that is, to our 138

knowledge, the most challenging to date. 139

Together, these contributions move chart-to- 140

table extraction closer to real-world deployment, 141

helping unlock structured data currently trapped 142

in chart images and enabling richer downstream 143

quantitative analysis. 144

2 Background and Related Work 145

Chart data extraction (also called chart-to-table or 146

derendering) aims to recover the numerical values 147

in a chart image along with their semantic structure 148

(e.g., axis values and series names). Early systems 149

decomposed the task into multi-stage pipelines 150

combining computer vision, OCR, and heuristics to 151

map pixels to values (Leow et al., 2005; Savva et al., 152

2011; Mishchenko and Vassilieva, 2011; Al-Zaidy 153

and Giles, 2017). While effective when figures 154

match anticipated templates, these pipelines are 155

often brittle under modest stylistic variation (e.g., 156

layout, font, or color). 157

Recent work instead uses VLMs to generate a 158

textual table representation directly from the chart 159

image (Liu et al., 2023b,a; Han et al., 2023; Meng 160

et al., 2024; Chen et al., 2024; Zhang et al., 2024; 161

Xia et al., 2025). However, VLMs often strug- 162

gle with fine-grained visual distinctions (Liu et al., 163

2025; Chen et al., 2025), including in chart settings 164

(Razeghi et al., 2024). Consequently, one-pass 165

generation remains error-prone on complex charts: 166

models may omit datapoints, hallucinate values, 167

misread axes, or inconsistently name series across 168

runs. Our approach is designed to sit atop either 169

specialized chart extraction models or generalist 170

VLMs, repeatedly querying the underlying model 171

and aggregating outputs to improve robustness. 172

Benchmarks. Common chart-extraction datasets 173

include ChartQA (Masry et al., 2022), PlotQA 174

(Methani et al., 2020), and ChartX (Xia et al., 175

2025). ChartQA contains real-world charts, but 176

many instances are visually simple (e.g., values 177

printed directly on bars). PlotQA and ChartX pro- 178

vide large-scale synthetic charts with broader chart- 179

type coverage, but limited stylistic diversity and 180

complexity. In contrast, WB-ChartExtract does 181

not print values directly on marks, includes longer 182
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Figure 1: Iterative self-ensembling for chart-to-table
extraction. We sample tables from a base VLM,
parse/normalize and align rows/columns, and update
a cell-wise consensus until convergence, producing a
final table and uncertainty estimate based on MAD.

series and multiple series per chart, and exhibits183

substantial stylistic variance.184

3 Methodology185

Given a chart image, our goal is to recover the un-186

derlying table of numeric datapoints. Our approach187

is model-agnostic: we repeatedly prompt a base188

VLM to produce tabular outputs, then align and189

ensemble these outputs at the level of individual ta-190

ble cells to obtain a consensus table. Compared to191

single-pass extraction, self-ensembling suppresses192

outlier predictions (e.g., hallucinated or missing193

datapoints) and yields a natural uncertainty signal.194

Figure 1 provides an end-to-end overview.195

3.1 Base Model Sampling196

For each chart image, we query a base VLM (by197

default, Llama 4 Maverick(Meta AI, 2025)1) with198

the following prompt:199

Here is an image of a chart. Please extract the nu-200
merical data it represents and return it in TSV (tab-201

1We developed primarily with Llama 4 Maverick due to its
efficiency and low inference cost on Groq (Groq, Inc., 2025),
but the method is model-agnostic.

separated values) format with appropriate headers. 202
Copy the headers exactly as they are in the image. 203
IMPORTANT: For the TSV, use tab (\t) as the 204
separator. Remember: The sole output should be 205
the TSV table surrounded by “‘tsv “‘. Nothing 206
else. 207

We sample at temperature T (a hyperparameter; 208

Section 4.7). For each image, we generate two 209

initial tables, parse, align, and aggregate them (as 210

described below). We continue sampling and updat- 211

ing the ensemble until either: (i) for patience= 2 212

consecutive updates, at least coverage= 95% of ag- 213

gregated cell values change by no more than a rel- 214

ative tolerance= 10% between successive ensem- 215

ble updates (sensitivity analysis in Section 4.6.3); 216

or (ii) a maximum number of samples Kmax is 217

reached. We use Kmax = 20 by default based on 218

our computational budget, but this can be adjusted 219

(Section 4.6.2). 220

3.2 Parsing and Normalization 221

Each sample is a TSV-like text block and may con- 222

tain formatting errors (e.g., inconsistent column 223

counts). We first parse as TSV; if parsing fails due 224

to ragged rows, we repair by padding or truncating 225

rows to the modal column count. 226

After parsing, we treat (i) the first row as col- 227

umn headers, (ii) the first column as row headers 228

(index), and (iii) remaining cells as numeric values. 229

We convert value cells to numeric, stripping com- 230

mon artifacts (commas, currency symbols, percent 231

signs); non-numeric strings (including empty cells) 232

are treated as missing and set to nan. If needed, 233

we transpose the table to enforce more rows than 234

columns, which simplifies alignment for time-on-x 235

charts with multiple series. 236

3.3 Row and Column Alignment via 237

Clustering 238

Across samples, tables may differ in row/column 239

order and labels may be noisy (e.g., spelling, abbre- 240

viations). We therefore align tables by clustering 241

row and column labels (independently) across sam- 242

ples to form canonical row and column groups. 243

We measure label similarity with ANLS (Biten 244

et al., 2019, average normalized Levenshtein sim- 245

ilarity), yielding sim(ℓ1, ℓ2) ∈ [0, 1] (Liu et al., 246

2023a; Furkan Biten et al., 2019). Clusters must 247

satisfy: (i) grouped labels are similar under sim, 248

and (ii) no cluster contains two labels from the 249

same sampled table (to avoid merging within-table 250

duplicates). 251
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We use greedy clustering with threshold τ = 0.5252

(following Liu et al. (2023a); Furkan Biten et al.253

(2019)). Each cluster c is represented by rep(c),254

the first label assigned to c:255

1. Initialize an empty set of clusters.256

2. For each label ℓ, assign it to an existing cluster257

c if (i) sim(ℓ, rep(c)) ≥ τ and (ii) c contains258

no label from the same sampled table as ℓ.259

If multiple clusters qualify, choose the one260

maximizing sim(ℓ, rep(c)).261

3. If no cluster qualifies, create a new cluster262

containing ℓ.263

We then prune clusters that appear in fewer than264

a specified proportion of tables (a hyperparameter;265

Section 4.8) to remove spurious labels that would266

otherwise introduce extra rows/columns. For each267

remaining cluster, we define its canonical label as268

the most frequent label string in the cluster (ties269

broken at random) and use these canonical labels270

as the aggregated table’s row/column names.271

3.4 Cell-Wise Aggregation272

Let R = {r1, . . . , r|R|} and C = {c1, . . . , c|C|} be273

the retained row and column clusters. For each274

aligned cell (r, c) ∈ R× C, we collect all numeric275

predictions from sampled tables whose row label276

falls in r and column label falls in c. Let Vr,c denote277

this set (ignoring nan). We aggregate as ŷr,c =278

median(Vr,c) (ablation in Appendix A); if Vr,c is279

empty, we output nan. The final table orders row280

and column clusters by lexicographic sort of their281

canonical labels.282

3.5 Uncertainty Estimation283

Self-ensembling yields a natural uncertainty signal284

from disagreement across samples: consistent val-285

ues imply reliable medians, while high variability286

indicates brittle extraction and additional verifica-287

tion (or more samples) may be warranted.288

For each aligned cell (r, c), we compute uncer-289

tainty as the median absolute deviation (MAD) over290

Vr,c, normalized by the magnitude of the ensem-291

bled value:292

ur,c =
MADr,c

|ŷr,c|
,

where MADr,c = medianv∈Vr,c |v − ŷr,c| .
293

To avoid division by zero, we exclude cells with294

ŷr,c = 0 when computing table-level uncertainty295

summaries. Relative MAD is scale-invariant, 296

making uncertainty comparable across charts and 297

across cells with different magnitudes. 298

To obtain a single uncertainty score per chart, 299

we summarize {ur,c} over cells with non-missing 300

predictions and ŷr,c ̸= 0 using: Umed (median), 301

Umean (mean), and Umax (maximum). These cap- 302

ture complementary failure modes: Umed reflects 303

typical uncertainty, Umean reflects overall disper- 304

sion, and Umax flags catastrophic disagreement in 305

any cell. 306

4 Experiments 307

4.1 Datasets 308

ChartQA. We evaluate on ChartQA, the most 309

widely used benchmark for chart data extraction. 310

Its test set contains 1,509 real-world chart images, 311

but has notable limitations: charts are often visu- 312

ally simple, with relatively few datapoints, limited 313

stylistic diversity, and values frequently printed di- 314

rectly on the chart, allowing models to rely on text 315

rather than chart geometry and axes. As a result, 316

the benchmark is somewhat saturated. ChartQA’s 317

ground-truth tables are also often noisy, reducing 318

evaluation reliability. 319

WB-ChartExtract. To address these limitations, 320

we introduce WB-ChartExtract, a new benchmark 321

constructed from World Bank Data Bank time se- 322

ries (The World Bank) spanning 52 indicators, 218 323

countries, and 65 years. We prune series with more 324

than half missing values or where there are miss- 325

ing values in the interior (i.e., not just at the ends) 326

of the series. We then create 1,000 datasets by 327

repeatedly sampling one indicator and 2–3 coun- 328

tries at random and collecting the corresponding 329

series, using each underlying series at most once. 330

Each dataset is rendered as a Matplotlib line chart 331

(Hunter, 2007), randomizing font family and size, 332

grid presence and style, plotting style, markers, line 333

styles, colors, line widths, transparency, and figure 334

size. This yields 1,000 charts with diverse visuals 335

and clean ground-truth tables. On average, WB- 336

ChartExtract charts contain 8.4× more datapoints 337

than ChartQA charts, and none include printed nu- 338

meric value labels. Figure 2 shows example charts. 339

4.2 Evaluation Metric 340

We evaluate chart data extraction using Relative 341

Mapping Similarity (Liu et al., 2023a, RMS), a 342

table-matching metric that treats a table as an un- 343

ordered set of mappings from a (row header, col- 344
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Figure 2: Examples of charts in WB-ChartExtract, our
benchmark of more complex and stylistically diverse
charts.

umn header) pair to a cell value. We represent the345

predicted table as P = {pi}Ni=1 and the ground-346

truth table as T = {tj}Mj=1, where each entry is a347

triple pi = (pri , p
c
i , p

v
i ) and tj = (trj , t

c
j , t

v
j ). This348

set representation is invariant to row/column per-349

mutations.350

RMS compares keys (row/column headers) us-351

ing a thresholded normalized Levenshtein distance352

NLτ (·, ·), clipping distances above τ to 1. Keys are353

formed by concatenating headers: k(pi) = pri ∥pci354

and k(tj) = trj∥tcj . Numeric values are compared355

by a clipped relative error356

Dθ(p, t) = min
(
1,

∥p− t∥
∥t∥

)
,357

and combined into an entry-level similarity358

s(pi, tj) =
(
1−NLτ (k(pi), k(tj))

)(
1−Dθ(p

v
i , t

v
j )
)
,359

which is high only when both headers and values360

agree.361

RMS then finds a minimum-cost bipartite match-362

ing between predicted and target entries (key-363

based), yielding an assignment matrix X ∈364

RN×M , and computes mapping-level precision and365

recall:366

RMSprec =
1

N

N∑
i=1

M∑
j=1

Xij s(pi, tj),

RMSrec =
1

M

N∑
i=1

M∑
j=1

Xij s(pi, tj).

367

We report RMSF1, the harmonic mean of RMSprec368

and RMSrec. Following Liu et al. (2023a), we set369

τ = 0.5 and θ = 0.1.370

Method ChartQA WB-ChartExtract

OneChart 35.93 16.24

TinyChart 95.20 16.80
+ Self-ens. (ours) 95.28 18.44

Qwen3-VL 235B 91.43 35.07
+ Self-ens. (ours) 93.21 43.19

Llama 4 Maverick 83.35 47.12
+ Self-ens. (ours) 86.47 51.72

GPT-5.1 84.80 59.07

Table 1: Main results (RMSF1; higher is better). “Self-
ens.” denotes our self-ensembling procedure applied on
top of a base model’s direct predictions.

Because predictions may be transposed, RMS 371

also scores both the predicted table and its trans- 372

pose and takes the higher RMSF1, yielding trans- 373

position invariance. 374

4.3 Main Results 375

We compare against single-pass predictions from 376

two chart-specialized models (OneChart (Chen 377

et al., 2024), TinyChart (Zhang et al., 2024)), two 378

open-source VLMs (Qwen3-VL 235B A22B In- 379

struct (Bai et al., 2025), Llama 4 Maverick (Meta 380

AI, 2025)), and one closed-source VLM (GPT- 381

5.1 (OpenAI, 2025)). To demonstrate model- 382

agnosticism, we apply self-ensembling on top of 383

TinyChart, Qwen3-VL 235B A22B Instruct, and 384

Llama 4 Maverick. For convergence detection, we 385

use default parameters with a tolerance of 1%. 386

Table 1 reports RMSF1 on ChartQA and WB- 387

ChartExtract. Self-ensembling consistently im- 388

proves over the corresponding single-pass outputs 389

across all three base models and both datasets. 390

Gains are larger on WB-ChartExtract (+1.64 to 391

+8.12 RMSF1), suggesting aggregation is especially 392

beneficial on more complex charts. Improvements 393

on ChartQA are smaller but still consistent (+0.08 394

to +3.12), consistent with ChartQA offering less 395

headroom. 396

Our best self-ensembled configurations reach 397

95.28 RMSF1 on ChartQA (TinyChart + self- 398

ensembling) and 51.72 on WB-ChartExtract 399

(Llama 4 Maverick + self-ensembling). The lat- 400

ter improves over its direct-prediction counterpart 401

by +4.60 points, though it remains below the best 402

overall direct-prediction baseline, GPT-5.1 (59.07). 403
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Figure 3: Error-type breakdown for each base model
before vs. after self-ensembling, shown separately for
ChartQA and WB-ChartExtract.

4.4 Error Analysis404

To understand how self-ensembling improves405

RMSF1, we decompose each model’s error into five406

components that sum to 100%: Correct (example-407

level F1), Value Errors (numeric mismatch un-408

der the relative error distance), Label Errors (im-409

perfect label matching under ANLS), Missing410

(ground-truth datapoints with no matched predic-411

tion), and Extra (predicted datapoints with no412

matched ground-truth). Figure 3 shows the average413

breakdown before and after ensembling.414

On ChartQA, Correct is already high, leaving415

limited headroom. Ensembling primarily reduces416

Missing and, to a lesser extent, Extra for Llama 4417

Maverick and Qwen3-VL, with modest decreases418

in Value Errors. Label Errors remain small419

throughout (all ≤2.31%), suggesting that omitted420

or spurious datapoints dominate over header mis-421

matches.422

WB-ChartExtract shows a different profile: La-423

bel Errors are negligible (0.13–1.10%), while er-424

rors are driven by Missing and especially Value425

Errors. Ensembling substantially reduces Missing426

across models, but can increase Extra (notably for427

Llama and Qwen), consistent with recovering addi-428

tional candidates that do not correspond to ground429

truth on dense, multi-series charts.430

On WB-ChartExtract, Value Errors remain the431

largest component and do not consistently decrease.432

This is expected: when Missing shrinks, more433

ground-truth datapoints become matched and there-434

fore contribute numeric penalties, which can in-435

crease the Value Errors mass even as Correct im-436

proves. Overall, self-ensembling is most effective437

at recovering omitted datapoints, while accurately438

estimating their values remains the main challenge 439

on WB-ChartExtract. 440

4.5 Empirical Validation of Uncertainty 441

Estimation 442

We assess whether ensemble disagreement pre- 443

dicts extraction quality by correlating each table- 444

level uncertainty summary with final RMSF1. On 445

ChartQA, relative MAD is strongly anti-correlated 446

with RMSF1 (Spearman ρ = −0.40 for Umed 447

and ρ = −0.55 for both Umean and Umax; all 448

p < 0.001). On WB-ChartExtract, correlations 449

are stronger, with ρ ranging from −0.68 to −0.75 450

across summaries (all p < 0.001). Thus, higher 451

ensemble disagreement reliably indicates lower ex- 452

traction accuracy, making relative MAD a useful 453

uncertainty estimate for downstream decisions. 454

The tighter relationship on WB-ChartExtract 455

likely reflects higher chart complexity: errors more 456

often stem from ambiguous visual inference (e.g., 457

reading values from axes and marks), producing 458

divergent samples and elevated dispersion. On 459

ChartQA, where many values are printed as text, 460

samples may agree even when they share a sys- 461

tematic mistake (e.g., consistent header mismatch), 462

weakening the correlation. 463

4.6 Convergence Detection 464

4.6.1 Convergence Detection Ablation 465

We ablate convergence detection using 466

Llama 4 Maverick. With convergence detec- 467

tion off, we always sample a fixed budget of 468

Kmax = 20 tables per image. With early stop- 469

ping on, we stop once the ensemble meets our 470

convergence criterion, up to the same Kmax. 471

Table 2 shows that early stopping yields large 472

compute savings while preserving most of the 473

ensemble gain over the single-pass baseline. 474

On ChartQA, fixed-budget ensembling improves 475

RMSF1 from 83.35 to 87.01 (+3.66), while early 476

stopping reaches 86.39 (+3.04), retaining 83% of 477

the ensembling boost with 4.47× fewer samples 478

on average (20.0→4.47). On WB-ChartExtract, 479

fixed-budget ensembling improves from 47.12 to 480

51.97 (+4.85), while early stopping reaches 50.85 481

(+3.73), retaining 77% of the boost with 2.19× 482

fewer samples (20.0→9.14). The higher S̄ on WB- 483

ChartExtract is consistent with its greater chart 484

complexity, which requires more iterations for the 485

ensemble to stabilize. 486

These results suggest convergence detection is 487

practical for deployment, substantially reducing 488

6



Early stopping ChartQA WB-ChartExtract

RMSF1 S̄ RMSF1 S̄

Off (fixed budget) 87.01 20.0 51.97 20.0
On (early stopping) 86.39 4.47 50.85 9.14

Table 2: Effect of early stopping. S̄ is the average
number of samples to convergence per image (lower is
better).

sampling cost while preserving most ensemble489

gains. Unless otherwise noted, we report results490

with early stopping on.491

4.6.2 Ensemble Size492

Figure 4 shows how RMSF1 and convergence493

evolve with ensemble size K (Llama 4 Maverick).494

RMSF1 improves quickly for small K and then495

shows diminishing returns: on ChartQA, RMSF1496

rises sharply from K=1 to K=5 and largely satu-497

rates by K≈7. WB-ChartExtract benefits longer,498

increasing gradually beyond K≈5 before plateau-499

ing around K≈15, consistent with its higher chart500

complexity.501

Most examples converge quickly, but conver-502

gence is slower on WB-ChartExtract. On ChartQA,503

the converged fraction rises steeply and is near-504

saturated by K≈9, with a median early-stopping505

point at K=4 (gray dashed line). On WB-506

ChartExtract, the converged fraction grows more507

slowly, remains below 90% at K=20, and has a508

later median stopping point at K=7. Thus, early509

stopping triggers quickly for most ChartQA ex-510

amples and later for WB-ChartExtract, reflecting511

higher chart complexity.512

4.6.3 Sensitivity to Convergence513

Hyperparameters514

Our early-stopping rule declares convergence when,515

between two consecutive ensemble updates, at least516

a fraction coverage of aggregated cells change by517

no more than a relative tolerance, and this holds for518

patience consecutive updates. Increasing patience519

or coverage, or decreasing tolerance, makes the520

criterion stricter, typically requiring more samples521

but yielding marginal accuracy gains.522

Tables 3–5 confirm this trade-off on ChartQA523

and WB-ChartExtract. Increasing patience (1→3)524

monotonically raises S̄ while slightly improv-525

ing RMSF1 (Table 3). Increasing coverage526

(90%→97.5%) similarly increases S̄ with mod-527

est RMSF1 changes (Table 4). Tolerance has the528

largest compute impact: tighter tolerance (1%) sub-529
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Figure 4: Effect of ensemble size K on RMSF1 and the
percentage of examples that have met the convergence
criterion by size K. Gray dashed lines mark the median
stopping iteration under early stopping.

Patience ChartQA WB-ChartExtract

RMSF1 S̄ RMSF1 S̄

1 85.63 3.12 49.87 6.58
2 (default) 86.39 4.47 50.85 9.14
3 86.55 5.80 51.04 10.85

Table 3: Sensitivity to patience, fixing coverage=95%
and tolerance=10%. S̄ is the average samples per image.

stantially increases S̄, while looser tolerance (50%) 530

stops earlier but reduces RMSF1 (Table 5). 531

These hyperparameters therefore tune the cost– 532

accuracy frontier. Unless otherwise noted, we use 533

patience= 2, coverage= 95%, and tolerance= 534

10%. 535

4.7 Sampling Temperature 536

Sampling temperature controls candidate-table 537

stochasticity: lower T is more deterministic, while 538

higher T increases diversity but can reduce per- 539

sample reliability. For self-ensembling, this trades 540

off individual accuracy against ensemble diversity. 541

We study this trade-off on ChartQA and WB- 542

ChartExtract using Llama 4 Maverick, varying T 543

and ensemble size. Figure 5 plots RMSF1 versus 544

ensemble size for T ∈ {0.0, 1.0, 2.0}. 545

On ChartQA, lower temperatures perform best 546

for small ensembles (K ≤ 2): T=0.0 outper- 547

forms T=1.0 and T=2.0, so we use T=0.0 for 548
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Coverage ChartQA WB-ChartExtract

RMSF1 S̄ RMSF1 S̄

90% 86.35 4.43 50.45 7.27
95% (default) 86.39 4.47 50.85 9.14
97.5% 86.41 4.61 50.94 10.89

Table 4: Sensitivity to coverage, fixing patience=2 and
tolerance=10%. S̄ is the average samples per image.

Tolerance ChartQA WB-ChartExtract

RMSF1 S̄ RMSF1 S̄

1% 86.47 5.14 51.72 16.43
10% (default) 86.39 4.47 50.85 9.14
50% 86.35 4.30 50.22 5.62

Table 5: Sensitivity to tolerance, fixing patience=2 and
coverage=95%. S̄ is the average samples per image.

direct-prediction baselines. For larger ensembles549

(K ≥ 5), T=2.0 yields the best validation RMSF1,550

indicating that added diversity outweighs reduced551

per-sample determinism; we therefore use T=2.0552

for self-ensembling on ChartQA.553

On WB-ChartExtract, T=1.0 is marginally best554

across ensemble sizes, with T=0.0 and T=2.0555

nearly matching it for K ≥ 6. We therefore556

use T=1.0 for both self-ensembling and direct-557

prediction baselines on WB-ChartExtract.558

4.8 Cluster Pruning Threshold559

We ablate the cluster pruning threshold, which560

sets the minimum fraction of sampled tables in561

which a row/column label must appear to be562

retained after clustering. Higher thresholds re-563

move low-support (often spurious) labels, while564

lower thresholds retain more labels but risk noise.565

Using Llama 4 Maverick, we test thresholds in566

{0.0, 0.1, 0.2, 0.3, 0.4, 0.5}, where 0.0 denotes no567

pruning.568

Table 6 reports RMSF1. On ChartQA, perfor-569

mance increases monotonically with the thresh-570

old, suggesting aggressive pruning improves ag-571

gregation by removing noisy labels. On WB-572

ChartExtract, moderate pruning is best (0.1–0.2);573

more aggressive pruning slightly hurts by remov-574

ing valid but less frequent labels. We therefore use575

a pruning threshold of 0.5 for ChartQA and 0.1 for576

WB-ChartExtract in all experiments.577

5 Conclusion578

We introduced a model-agnostic self-ensembling579

method for chart data extraction that exploits VLM580

1 2 3 4 5 6 7
Ensemble Size
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Figure 5: Effect of sampling temperature on ensemble
performance using Llama 4 Maverick on ChartQA (top)
and WB-ChartExtract (bottom).

Pruning Threshold ChartQA WB-ChartExtract

0.0 (no pruning) 79.14 50.62
0.1 81.37 51.72
0.2 82.91 51.69
0.3 84.63 51.22
0.4 86.01 50.90
0.5 86.53 50.19

Table 6: Effect of the cluster pruning threshold on
RMSF1 using Llama 4 Maverick.

stochasticity across repeated runs to produce more 581

accurate consensus tables than a single pass. The 582

method also provides ensemble uncertainty esti- 583

mates and a practical convergence-based early- 584

stopping strategy. To better stress-test chart ex- 585

traction, we presented WB-ChartExtract, a new 586

benchmark derived from World Bank data with 587

more challenging charts, including multiple over- 588

laid series, long time horizons, and greater stylis- 589

tic variation than widely used datasets. Across 590

ChartQA and WB-ChartExtract, self-ensembling 591

consistently improves over single-pass VLM base- 592

lines. 593
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6 Limitations594

Our approach inherits several limitations from both595

the underlying VLM and our ensembling procedure.596

First, self-ensembling is bounded by base-model597

failure modes: it can only aggregate among the598

candidate tables the VLM produces. When the599

model makes systematic errors, aggregation may600

not correct them and can even reinforce consistent601

mistakes.602

Second, self-ensembling increases compute cost603

and latency. The method requires multiple VLM604

calls per chart, along with parsing, clustering, align-605

ment, and aggregation. Although early stopping606

reduces the average number of samples, the overall607

pipeline remains slower and more expensive than608

single-pass extraction, which can limit throughput609

in large-scale deployments.610

Third, our early-stopping criterion focuses on611

numeric stability and may miss “semantic” non-612

convergence. Because convergence is defined by613

relative changes in aggregated numeric cells, the614

ensemble may stabilize while the table structure615

remains incorrect, particularly when such structural616

mistakes are consistent across samples.617

Fourth, our uncertainty estimate is heuristic and618

incomplete. Relative MAD provides a useful dis-619

agreement signal, but it is not a calibrated probabil-620

ity of correctness. In particular, uncertainty can be621

low even when the model is consistently wrong due622

to systematic errors, so it should be interpreted as a623

diagnostic rather than a formal confidence measure.624

Fifth, WB-ChartExtract is synthetically rendered.625

While based on real World Bank time series, the626

charts are generated with Matplotlib, and may not627

capture real-world artifacts.628

Finally, our empirical study does not fully cover629

the strongest available base models. We apply630

self-ensembling to TinyChart, Qwen3-VL, and631

Llama 4 Maverick, but not to GPT-5.1 (the best632

direct-prediction baseline on WB-ChartExtract)633

due to computational cost, leaving open how much634

self-ensembling can benefit the most capable sys-635

tems.636
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