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Abstract

Chart-to-data extraction with vision-language
models (VLMs) is increasingly evaluated on
benchmarks that show diminishing headroom
(frontier VLMs exceed 89% on ChartQA) and
with metrics that treat extracted points as un-
ordered key-value pairs, ignoring the temporal
structure of time series and penalizing small
alignment shifts as catastrophic failures. We ad-
dress both gaps with EpiCurveBench, a bench-
mark of 1,000 epidemic curve images curated
from real-world public-health sources, and Epi-
CurveSimilarity (ECS), an evaluation metric
that aligns predicted and ground-truth series via
dynamic programming, tolerating local tempo-
ral shifts and gaps while penalizing them pro-
portionally. Evaluating nine methods—three
frontier closed VLMs, four open VLM, and
two specialized chart-extraction systems—we
find the strongest model reaches only 52.3%
ECS, and that ECS spreads the four general-
purpose VLMs over a 25-point range where
key-value metrics (RMS, SCRM) compress
them into a 5-point band. We further validate
ECS against four downstream epidemiological
summary statistics, finding that higher ECS pre-
dicts smaller errors in total counts, peak timing,
and peak magnitude, and higher growth-rate fi-
delity; across all four, ECS correlates 1.5–3.6×
more strongly than Dynamic Time Warping,
which lacks a gap penalty and therefore can-
not distinguish a truncated prediction from a
temporally faithful one. EpiCurveBench tar-
gets a high-impact public-health application—
unlocking decades of outbreak data trapped in
published figures—but the benchmark and met-
ric apply directly to any structured time-series
chart-extraction setting.

1 Introduction

Vision-language models (VLMs) are increasingly
used to extract structured numerical data from chart
images, but the benchmarks and metrics used to
track progress on this task are showing their limits.

Figure 1: Sample images from EpiCurveBench. Parts
of the images, including axes, are truncated for space.

Public benchmarks such as ChartQA (Masry et al.,
2022) are dominated by simple, mostly synthetic
infographics with sparse datapoints and clearly
printed values, and frontier VLMs now exceed
89% Relative Mapping Similarity (RMS) on them
(Appendix H). At the same time, RMS—the most
widely used evaluation metric—treats extracted
points as unordered key-value pairs and penalizes
any temporal shift as a complete mismatch, con-
flating value-correct-but-shifted extractions with
completely wrong ones (Figure 2). The commu-
nity lacks (i) a real-world stress-test benchmark for
dense time-series chart extraction, and (ii) a metric
that scores such extractions in a way that reflects
their downstream usefulness.

We instantiate both contributions in a high-stakes
domain: epidemic curves (“epicurves”), the time-
series chart format in which public-health agencies
publish case, hospitalization, and death counts dur-
ing outbreaks. Much of this data is published only
as images embedded in PDF reports, so improving
automated chart extraction directly unlocks train-
ing data for the forecasting models that guide out-
break response (Brooks et al., 2015). Compared
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to the charts in existing benchmarks, epicurves are
markedly harder: they contain dense datapoints
(median 156 datapoints per chart, up to 8,592),
overlapping or stacked series, rotated or tiny axis
text, low-resolution scans of historical reports, thin
bars, low contrast, and overlaid annotations. Hu-
man digitization of a single complex epicurve can
take up to three hours.

We introduce EpiCurveBench, a benchmark
of 1,000 real-world, openly licensed epicurve im-
ages. It pairs 900 charts with source-aligned tabular
ground truth (audited for alignment on a 20% sam-
ple) with 100 manually annotated charts curated
via a three-stage protocol that maximizes stylis-
tic diversity and verifies non-redundancy with DI-
NOv2 (Oquab et al., 2023) embeddings. This sec-
ond set spans 14 diseases, 36 countries, and the
years 1849–2025.

We introduce EpiCurveSimilarity (ECS), an
evaluation metric based on Edit Distance with Real
Penalty (Chen and Ng, 2004). ECS aligns predicted
and ground-truth series via dynamic programming,
tolerates local temporal shifts and gaps, and nor-
malizes substitution penalties by each series’ own
y-axis range. While developed for epicurves, ECS
depends only on the structure of the underlying task
(ordered time-indexed series with sparse labels)
and applies directly to other structured time-series
chart-extraction settings.

We evaluate nine state-of-the-art methods—
three frontier closed VLMs, four open VLM, and
two specialized chart-extraction systems—on Epi-
CurveBench. The strongest model reaches only
52.3% ECS. ECS spreads the four general-purpose
VLMs over a 25-point range where the key-value
metrics RMS and SCRM compress them into a ∼5-
point band, and per-series ECS correlates 1.5–3.6×
more strongly than DTW with downstream errors
in total counts, peak timing, peak magnitude, and
growth-rate fidelity.

Contributions. (1) Benchmark: Epi-
CurveBench, a challenging real-world testbed for
dense time-series chart extraction. (2) Metric:
EpiCurveSimilarity, a temporally-aware metric
that discriminates between general-purpose VLMs
where RMS and SCRM do not, and correlates
more strongly than DTW with four downstream
epidemiological statistics. (3) Empirical findings:
a comprehensive evaluation showing that even
leading general-purpose VLMs with reasoning and
tool-use fall well short of usable extraction quality
on real-world public-health charts. (4) Artifacts:

open-source data1 and evaluation pipeline2.

2 Background and Related Work

Chart data extraction. Early pipelines com-
bined classical computer vision with OCR (Fara-
hani et al., 2023) but were brittle to stylistic varia-
tion. VLM-based approaches—MatCha (Liu et al.,
2023b), DePlot (Liu et al., 2023a), and specialized
systems such as OneChart (Chen et al., 2024) and
TinyChart (Zhang et al., 2024)—enable end-to-end
extraction without hand-engineered pipelines, and
frontier general-purpose VLMs (GPT-5.2 (OpenAI,
2025), Claude Opus 4.5 (Anthropic, 2025), Gemini
2.5 Pro (Google, 2025)) show strong zero-shot per-
formance but still struggle on complex real-world
charts (Razeghi et al., 2024).

Chart benchmarks. Existing data-extraction
benchmarks (PlotQA (Methani et al., 2020),
ChartQA (Masry et al., 2022)) are dominated
by simple, mostly synthetic infographics with
few datapoints; frontier VLMs exceed 89% RMS
on ChartQA (Appendix H). Chart-QA bench-
marks like ChartQAPro (Masry et al., 2025) and
CharXiv (Wang et al., 2024) broaden chart diversity
but evaluate natural-language answers, not struc-
tured data. General multimodal-reasoning bench-
marks (MMMU (Yue et al., 2024), MathVista (Lu
et al., 2024)) include charts only as one of many
image categories, with multiple-choice answers.

Evaluation metrics. The most widely used met-
ric, Relative Mapping Similarity (RMS) (Liu
et al., 2023a), treats extracted data as unordered
key-value mappings with composite keys (series
name + x-axis label), matched by textual similarity.
SCRM (Xia et al., 2024) adds chart-type-aware tol-
erances but follows the same key-value paradigm.
Both are insensitive to order and penalize any x-
axis label mismatch as a complete miss, conflat-
ing wrong values with right-but-shifted ones (Fig-
ure 2). Time-series similarity measures avoid these
issues: Dynamic Time Warping (DTW) (Sakoe
and Chiba, 1978) enables monotone alignment by
allowing one-to-many matches but lacks an explicit
gap penalty for unmatched points, while Edit Dis-
tance with Real Penalty (ERP) (Chen and Ng,
2004) treats insertions and deletions as first-class
operations with configurable real-valued penalties.

1https://huggingface.co/datasets/tberkane/
EpiCurveBench

2https://github.com/tberkane/EpiCurveBench
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ECS extends ERP with per-series y-axis normal-
ization, a tolerance threshold, and label-similarity-
based series matching. Section 5.4 compares ECS
empirically against RMS, SCRM, DTW, and ERP
on extraction-quality discrimination; Section 5.5
compares ECS against DTW and its variants on
correlation with downstream summary statistics.

3 EpiCurveBench

3.1 Data Collection

EpiCurveBench contains 1,000 real-world, openly
licensed epidemic curve (epicurve) images from
two complementary sources: (i) 900 epicurves
whose original sources provide the underlying nu-
merical data in tabular format (referred to as Set 1),
and (ii) 100 epicurves that we manually annotate to
broaden stylistic diversity and validate performance
under realistic conditions where no accompanying
tabular data is available (referred to as Set 2). The
dataset spans 13 source types (Appendix D).

To enable large-scale quantitative evaluation
without prohibitively time-consuming manual la-
beling, we collect 900 epicurve images whose
sources also provide corresponding case data in
machine-readable form (e.g., a table in the same re-
port or an accompanying downloadable dataset). In
practice, sources are highly constrained: in public
health reporting, it is uncommon for organizations
to publish both an epicurve figure and the underly-
ing time series used to generate it. As a result, most
of these 900 epicurves come from the US Centers
for Disease Control and Prevention (CDC), one of
the few entities that provides epidemic curves with
retrievable ground-truth case counts. We supple-
ment the CDC-derived set with additional sources
that expose ground truth to increase visual and
formatting variety, but such sources are rare and
contribute comparatively few curves.

To test generalization beyond the subset of charts
that happen to be published with attached data, we
additionally collect a set of 100 openly licensed epi-
curves selected for maximal stylistic variety. We
collect these images by crawling directory pages
and linked outbreak report PDFs from organiza-
tions such as WHO regional offices, PAHO, and
the CDC, and by running targeted Google Image
searches to capture additional formats not well rep-
resented in ground-truth-backed sources. From an
initial pool of 1,397 candidate images, we apply
a three-stage curation protocol. First, an annota-
tor incrementally narrows the pool by selecting

charts that maximize visual dissimilarity across
source, disease, chart type, and stylistic features
(e.g., dense datapoints, overlapping or stacked se-
ries, rotated or tiny text, low resolution, thin bars,
overlaid annotations), yielding 100 retained charts.
Second, we embed the retained images with DI-
NOv2 (Oquab et al., 2023) (ViT-L/14) and apply
DBSCAN clustering on cosine distances to flag
near-duplicates (cosine similarity > 0.9); 8 of the
100 charts were flagged as redundant. Third, the
annotator draws replacements for flagged charts
from the remaining candidate pool and verifies that
each is visually distinct from the rest of the set. The
final Set 2 spans 13 source types, 14 diseases, 36
countries, and 3 chart types.

To validate that the 900 tabular-derived charts
(Set 1) are correctly paired with their source tables,
a human annotator audited a random sample of
180 charts (20% of Set 1), comparing each image
against its tabular ground truth. All 180 charts
(100%) were rated “Aligned,” supporting use of
the source tables as ground truth without further
per-chart re-annotation.

3.2 Data Annotation
We manually annotate Set 2 using WebPlotDigi-
tizer (Rohatgi); the remaining 900 epicurves al-
ready include ground-truth time series from their
original sources. For each manually annotated
image, we calibrate the x- and y-axes using two
known reference points per axis, then click each
visible datapoint to record its x and y values. Each
epicurve produces a CSV containing the full set
of x-axis values and one or more series columns,
preserving the original axis labels and series names
from the source figure. When multiple series are
present, we extract all visually distinct, labeled
series, including non–case-count quantities when
plotted (e.g., deaths or rainfall). To ensure con-
sistent handling of ambiguous cases, our protocol
follows three principles. First, we annotate only
data that is explicitly visible and clearly indicated
in the figure, making no assumptions about missing,
truncated, or implied values. Second, for stacked
bar charts, we treat each stack segment as a sepa-
rate time series when the figure provides distinct
segment labels (via a legend or direct on-chart label-
ing). Third, when stacked segments are unlabeled,
incompletely labeled, or visually indistinguishable,
we annotate only the aggregate total (i.e., the full
stack height) rather than inferring component se-
ries. We provide the same instructions to evaluated
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Table 1: Per-chart statistics of EpiCurveBench
(n=1,000).

Statistic Mean Median Std Min Max

Series per chart 3.0 2.0 2.3 1 14
Points per series 245.9 52.0 516.3 5 2,148
Total datapoints per chart 699.0 156.0 1,842.1 7 8,592

models to align human and automated outputs.
Each curve was independently annotated by two

annotators, yielding a mean inter-annotator ECS of
90.9% (median 95.4%; full stratification by chart
type and series length in Appendix B). Disagree-
ments almost exclusively involve surplus or missed
datapoints at series boundaries (e.g., one annotator
including an additional leading or trailing datapoint
that is visually ambiguous); annotators never dis-
agreed on series identity.

For charts mixing bar and line visualizations on
different y-axes (n=129, 12.9% of the benchmark),
our annotation protocol stores all series as columns
sharing a single time axis, regardless of their ren-
dering type. The extraction prompt given to mod-
els (Section 5.1) is correspondingly visualization-
agnostic. During evaluation, ECS scores each
matched series independently and normalizes by
that series’ own y-axis range (Section 4), so a bar
series in absolute counts and a line series in percent
are each scored on their own scale.

3.3 Dataset Characteristics

Figure 1 shows sample epicurves from Epi-
CurveBench, illustrating the benchmark’s wide
range of visual styles and formats. Common chal-
lenges include thin bars, low resolution, text over-
lays, stacked bars with similar colors, rotated or
tiny axis text, and historical plots with partially
illegible values.

Table 1 summarizes the per-chart statistics of
EpiCurveBench. The benchmark contains charts
of widely varying complexity: while the median
chart has 2 series and 156 datapoints, the long tail
extends to charts with 14 series and over 8,000 dat-
apoints. Chart-type distribution is line 71.4%, bar
15.7%, both 12.9%; cumulative vs. non-cumulative
is 13.6% vs. 86.4%. Charts span 37 countries
and the years 1849–2025. This diversity makes
EpiCurveBench especially challenging, requiring
methods to generalize across highly variable condi-
tions.

Geographically, the United States dominates
(775 charts), reflecting CDC data availability;

Canada contributes 28 and Haiti (14) is the most
represented lower-income country, with the remain-
ing charts spanning 34 additional countries across
Africa, Asia, Europe, and Latin America. By
disease, respiratory illnesses dominate—influenza
(413), COVID-19 (303), and RSV (165)—with the
remainder covering cholera, adenovirus, and others.
Full distributions are reported in Appendix D.

4 EpiCurveSimilarity

As discussed in Section 2, RMS and SCRM treat
extracted data as unordered key-value mappings
and penalize any temporal shift or label mismatch
as a complete miss, even though extracted curves
frequently exhibit small temporal offsets, bound-
ary gaps, or header differences that preserve the
overall trend and remain usable downstream. A
more appropriate evaluation should accommodate
local shifts and missing values, penalize them pro-
portionally, and avoid text-based matching of x-
axis labels (which are often sparsely or inconsis-
tently formatted). Figure 2 illustrates two such fail-
ure modes on real examples: a perfect extraction
with mismatched headers (panel a) and a value-
correct curve shifted by one day (panel b), both of
which RMS scores as near-failures while ECS rec-
ognizes as essentially correct. In practice, 34.4%
of extracted series across the four general-purpose
VLMs are affected by a rename or a small shift.

To address these limitations, we introduce Epi-
CurveSimilarity (ECS), a metric specifically de-
signed for evaluating extracted time series. ECS
builds on Edit Distance with Real Penalty (Chen
and Ng, 2004, ERP), which uses dynamic program-
ming to align series while accounting for gaps and
unmatched regions, and extends it along three axes:
(i) label-similarity-based series matching, so the
metric handles multi-series charts whose extracted
and ground-truth series may differ in order or nam-
ing; (ii) per-series y-axis normalization, so substitu-
tion penalties are comparable across series of differ-
ent scale; and (iii) a tolerance threshold that distin-
guishes near-correct from clearly-wrong matches.
Like ERP, ECS supports insertions, deletions, and
substitutions, and applies real-valued penalties to
quantify differences between matched points.

Since epicurve images often contain multiple
time series, we first match each automatically ex-
tracted series (extraction methods are introduced in
Section 5.1) to its ground-truth, annotated counter-
part. Let E = {e1, . . . , em} denote the set of ex-
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Figure 2: Two failure modes of RMS on EpiCurveBench. (a) Header mismatch: Gemini’s extraction of Chart #20
is exact but uses different column headers; RMS scores F1 = 4.2% vs. ECS 100%. (b) One-day temporal shift:
GPT’s extraction of Chart #13 is value-correct but offset by one day; RMS scores F1 = 46.5% vs. ECS 95.2%.

tracted series from an image and T = {t1, . . . , tn}
the corresponding set of ground-truth series for
that image. Following prior work (Liu et al., 2023a;
Furkan Biten et al., 2019), we perform matching us-
ing the Normalized Levenshtein Similarity (NLS),
defined as 1 − dL(s1, s2)/max(|s1|, |s2|) where
dL is the Levenshtein edit distance, which ranges
from 0 (no overlap) to 1 (identical labels). Two
series are matched if their NLS exceeds 0.5. Ex-
tracted series with no matching ground-truth are
ignored, while unmatched ground-truth series are
assigned a score of zero.3

For each matched pair of series p =
(p1, . . . , pM ) and t = (t1, . . . , tN ), where i and
j index values in the predicted and ground-truth
series respectively, the ERP distance is computed
by evaluating the following recurrence relation for
0 ≤ i ≤ M and 0 ≤ j ≤ N , using dynamic
programming:

C(i, j) = min

⎧
⎪⎨
⎪⎩

C(i−1, j−1) +Dθ(pi, tj)

C(i−1, j) + λ

C(i, j−1) + λ

with boundary conditions C(0, 0) = 0,
C(i, 0) = i · λ, and C(0, j) = j · λ. We fix the
gap penalty at λ = 1 (as in Liu et al. (2023a)).

3ECS does not penalize surplus predicted series. Scor-
ing each unmatched extraction as zero leaves the ranking
unchanged, so over-extraction confers no advantage under
ECS.

The match cost Dθ(pi, tj) is the relative difference
δij = |pi−tj |/(ymax−ymin), normalized by the se-
ries’ y-axis range, and clipped to 1 when it exceeds
θ = 0.01. Thus differences smaller than 1% of the
y-axis range are penalized proportionally; larger
differences are treated as entirely incorrect. The
EpiCurveSimilarity (ECS) score for a series pair
normalizes the alignment cost C(M,N) to [0, 1]:

ECS(p, t) = 1− C(M,N)

#matches +#gaps
.

For each image, we compute the mean ECS
across all matched series, assigning a score of zero
to any unmatched ground-truth series. The final
performance measure is then obtained by averaging
these image-level scores across the entire dataset.
While we develop ECS in the context of epicurves,
its design assumptions—ordered time-indexed se-
ries, sparsely labeled x-axes, and tolerance to lo-
cal temporal shifts—apply to any structured time-
series chart-extraction setting, and the gap penalty
λ and threshold θ can be tuned for other domains.
Appendix G shows that the model ranking and
four-model spread reported in Section 5.2 are pre-
served across a wide grid of (θ, λ,NLS) values,
with the spread collapsing only in known degen-
erate regimes (θ → 0 or λ well below average
substitution cost).
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5 Experiments

5.1 Methods Evaluated

We evaluate several methods on EpiCurveBench,
including two state-of-the-art specialized chart-
extraction models: OneChart (Chen et al., 2024)
and TinyChart (Zhang et al., 2024). We also
test three frontier VLMs: GPT-5.2 (OpenAI,
2025), Claude Opus 4.5 (Anthropic, 2025), and
Gemini 2.5 Pro (Google, 2025), as well as
four open-weight VLMs: Qwen3-VL-235B-A22B-
Instruct (Bai et al., 2025), Xiaomi MiMo-VL
2.5 (mim, 2026), MiniMax-M3 (MiniMax), and
Llama-4-Maverick (Meta AI). We evaluate the four
general-purpose VLMs under three configurations:
minimal reasoning effort, high reasoning effort,
and high reasoning effort with access to a Python
code-execution tool capable of zooming and crop-
ping image regions. All four models use the same
generic extraction prompt instructing the model to
return a TSV with all timepoints (no gaps), use
y-axis or legend labels as headers, and emit nan for
missing values. The full prompt text is provided
in Appendix A. OneChart and TinyChart were run
through their published inference scripts, each emit-
ting a structured table mapping one-to-one to TSV.

5.2 Results

Table 2 reports ECS scores and inference costs
across all evaluated methods and configurations.

Table 2: ECS (%) of all evaluated methods on Epi-
CurveBench.

Model Full Set 1 Set 2 Cost ($)

OneChart 9.4 8.3 18.5 —
TinyChart 11.4 10.7 18.4 —

Qwen3-VL Minimal 26.1 25.2 35.2 0.36
Qwen3-VL High 27.5 26.7 34.7 1.98
Qwen3-VL High+Code 29.5 28.6 37.3 4.82

GPT-5.2 Minimal 45.4 45.1 46.6 1.71
GPT-5.2 High 43.9 43.3 50.0 16.96
GPT-5.2 High+Code 44.8 44.9 44.1 19.64

Claude Opus 4.5 Minimal 41.3 41.6 39.4 3.92
Claude Opus 4.5 High 42.0 42.1 41.4 29.60
Claude Opus 4.5 High+Code 40.5 40.5 40.2 82.41

Gemini 2.5 Pro Minimal 40.5 39.4 50.2 6.29
Gemini 2.5 Pro High 52.3 51.8 56.9 15.75
Gemini 2.5 Pro High+Code 48.0 45.2 69.4 19.16

Xiaomi MiMo-VL 2.5 50.4 50.2 51.9 2.32
MiniMax-M3 47.0 46.4 53.3 8.09
Llama-4-Maverick 26.8 26.3 31.4 1.15

Performance remains far from saturated: even
the strongest configuration (Gemini 2.5 Pro at high

reasoning effort) reaches only 52.3% ECS on the
full benchmark, underscoring the difficulty of real-
world epicurve digitization. The two specialized
chart-extraction systems (OneChart 9.4%, Tiny-
Chart 11.4%) perform poorly, likely reflecting both
distribution shift from cleaner, more synthetic train-
ing data and reduced model capacity relative to the
general-purpose VLMs. Among the four general-
purpose VLMs, Gemini 2.5 Pro leads overall, while
Qwen3-VL reaches 27.5% ECS at high effort for
$1.98 inference cost. Closed models do not dom-
inate: MiMo-VL 2.5 (50.4%) and MiniMax-M3
(47.0%) place second and third overall, above both
GPT-5.2 High (43.9%) and Claude Opus 4.5 High
(42.0%), with MiMo-VL landing within 1.9 points
of the best configuration (Gemini 2.5 Pro High,
52.3%) at roughly 6.8× lower inference cost.

Reasoning and tool use have non-uniform ef-
fects. Moving from minimal to high reasoning
effort helps Gemini dramatically (+11.8 ECS) but
yields only modest gains for Qwen3-VL (+1.4)
and Claude (+0.7), and actually hurts GPT-5.2
(−1.5). Adding Python code-execution on top of
high reasoning is equally inconsistent: Qwen3-VL
(+2.0) and GPT-5.2 (+0.9) benefit modestly on
the full benchmark, while Claude (−1.5) and Gem-
ini (−4.3) regress. Tool cost also varies sharply:
Claude High+Code costs $82.41 (∼3× Claude
High), while GPT-5.2 and Gemini incur only mod-
est tool surcharges. Inspecting failures where the
tool hurts, we find that by far the dominant fail-
ure mode is inaccurate cropping: the model crops
overlapping or incomplete regions of the chart, pro-
ducing TSVs with duplicate or missing rows.

Set 2 vs. Set 1. Scores are higher on Set 2
than Set 1 for all configurations except all three
Claude configurations and GPT-5.2 High+Code—
counterintuitive given Set 2’s curated diversity, but
explained by Set 1’s heavy tail of very long series
(90th-percentile length 1,304 vs. 224 points) inflat-
ing missed-datapoint losses; on numerical error and
label mismatch, Set 2 is in fact harder (Section 5.3).

Chart type and cumulative status. Stratified re-
sults (Appendix E) show bar charts are uniformly
easier than line charts across all models (e.g., Gem-
ini 72.7% vs. 47.5%), driven by lower datapoint
density; Claude and Gemini also score ∼20 points
higher on cumulative than non-cumulative charts,
likely because of both lower complexity and the
monotonicity constraint.
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Figure 3: Breakdown of ECS scores and error types
across models. The green portion represents the
achieved ECS score; remaining portions show error con-
tributions. Numerical Error: distance between matched
points; Surplus Datapoints: insertions in the predicted
series; Missed Datapoints: deletions in the predicted
series; Label Mismatch: extracted series label does not
match any ground-truth label; Missed Series: series
present in the ground truth but not extracted; No Data
Extracted: model did not extract any data.

5.3 Error Analysis

To understand where models fail, we decompose
each model’s performance into seven components
that sum to 100%. Figure 3 shows the breakdown
for each model, with the green portion representing
the achieved ECS score and the remaining portions
representing different types of errors.

For the general-purpose VLMs, numerical
errors—imprecise extraction of series values—
account for the largest or second-largest share
of ECS loss (20–30%), reflecting the well-
documented difficulty multimodal models have
reading fine-grained visual elements such as bar
heights (Liu et al., 2025; Razeghi et al., 2024).
Missed datapoints are also a top-two contributor
for every model, and dominate for the specialized
models OneChart and TinyChart (over half of total
loss), often because they extract at a coarser tempo-
ral resolution than the chart contains (e.g., weekly
instead of daily); the specialized models also fail
more frequently on series-label matching.

Set 1 vs. Set 2. To substantiate the claim in Sec-
tion 5.2 that Set 2’s higher aggregate ECS does
not mean it is uniformly easier, we decompose
the three largest error components by set for the
two strongest general-purpose VLMs (Table 5, Ap-
pendix C). Set 1’s heavy tail of very long series in-
flates missed-datapoint losses (e.g., Gemini 17.5%
on Set 1 vs. 5.4% on Set 2; GPT-5.2 31.1% vs.
12.3%), but on numerical error and label mismatch
Set 2 is in fact harder, consistent with its greater

stylistic diversity. The aggregate “easier” result
for Set 2 is therefore driven entirely by the missed-
datapoints gap, not by an across-the-board reduc-
tion in difficulty.

5.4 Metric Comparison: ECS vs. RMS,
SCRM, DTW, and ERP

To validate the utility of ECS, we compare it against
four alternative chart-extraction metrics: RMS (Liu
et al., 2023a) and SCRM (Xia et al., 2024), which
score extractions as unordered key-value cell map-
pings, DTW (Sakoe and Chiba, 1978), which
aligns the two series via many-to-one warping but
without a gap penalty for unmatched points, and
ERP (Chen and Ng, 2004). SCRM is instantiated
with the chart-type-aware numeric tolerances sug-
gested by Xia et al. (2024): 5% for bar charts and
10% for line and mixed charts. DTW uses the
same per-series y-axis normalization and tolerance-
clipping rule as ECS. ERP is implemented by
keeping the label matching and running ERP per
matched series. Table 3 reports all five metrics on
the full benchmark (n=1,000).

Table 3: Comparison of ECS against four alternative
metrics on EpiCurveBench (n=1,000). For the four
general-purpose VLMs, scores are at high reasoning
effort (the “High” rows of Table 2); OneChart and Tiny-
Chart have a single configuration. The bottom row re-
ports the spread (max−min) across the four general-
purpose VLMs for each metric.

Model RMS (%) SCRM (%) DTW (%) ERP (%) ECS (%)

OneChart 4.4 4.3 26.4 7.5 9.4
TinyChart 8.5 8.5 35.6 9.3 11.4
Qwen3-VL 18.0 17.9 52.2 27.5 27.5
GPT-5.2 18.6 18.6 65.8 38.3 43.9
Claude Opus 4.5 22.8 23.0 62.4 38.5 42.0
Gemini 2.5 Pro 20.5 20.8 72.9 45.3 52.3

4-VLM spread 4.8 5.2 20.7 17.9 24.8

The five metrics split into two regimes. The two
key-value metrics (RMS and SCRM) compress the
four general-purpose VLMs into a ∼5-point band
(RMS spread 4.8, SCRM spread 5.2) and agree
that Claude Opus 4.5 is the top performer. The
three temporal-alignment metrics (DTW, ERP, and
ECS) instead spread the four VLMs over an 18–
25-point range (DTW spread 20.7, ERP 17.9, ECS
spread 24.8) and agree that Gemini 2.5 Pro is the
top performer.

RMS and SCRM both fail to discriminate,
despite SCRM’s chart-type-aware tolerances. As
discussed in Section 4, this is because both metrics
treat extracted points as unordered key-value map-
pings, penalizing any temporal shift as a complete
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mismatch. SCRM’s relaxed numeric tolerance re-
duces a few near-correct values’ penalties but does
not change the dominant failure mode (Figure 2):
when an extracted curve is offset by a few time
steps, both RMS and SCRM assign near-zero credit
even if the values themselves are accurate. Since
the general-purpose VLMs vary substantially in the
degree to which their errors are dominated by such
temporal misalignments, both key-value metrics
collapse them into a narrow band and identify the
wrong top performer (Claude rather than Gemini).

DTW and ECS both discriminate well because
both align the two series along a monotone path
before scoring values, recognizing partial temporal
correspondence rather than penalizing it catastroph-
ically. DTW achieves a similar four-VLM spread
to ECS (20.7 vs. 24.8 points) and the same model
ranking among the general-purpose VLMs, sug-
gesting that the bulk of the discrimination gain over
RMS/SCRM comes from any temporal-alignment
mechanism. The advantage of ECS over DTW is
therefore in downstream meaningfulness, which we
evaluate next.

5.5 Downstream Relevance
A meaningful evaluation metric should correlate
with downstream task performance: better ex-
traction quality should translate to more accu-
rate derived quantities. To validate ECS—and
to test whether ECS’s gap penalty actually buys
downstream-relevant information that the gap-free
DTW lacks (Section 5.4)—we examine whether
higher extraction-quality scores correspond to
lower errors in computing four downstream sum-
mary statistics: total case/death counts, peak tim-
ing, peak magnitude, and growth rate. The first
measures aggregate burden, the second and third lo-
cate and quantify the epidemic peak, and the fourth
captures early-phase exponential dynamics—all of
which are routine inputs to epidemic forecasting.

Each statistic is computed per matched se-
ries across all four general-purpose VLMs, with
statistic-specific filters that account for what each
quantity requires to be well-defined. For total
counts, we restrict to series whose labels indicate
case or death counts (excluding rates, percentages,
and ratios), since relative error in aggregate counts
is only meaningful for those quantities, and com-
pute the per-series relative error |Spred − Sgt|/Sgt
where Spred and Sgt are the sums of predicted and
ground-truth values; this yields 944 series. For
peak timing, peak magnitude, and growth rate—

Table 4: Spearman rank correlation between extraction-
quality metrics and downstream summary statistics. n
counts (series, model) pairs pooled across the four
general-purpose VLMs, not unique series. ECS and
TWED correlations are in the expected direction and
highly significant (p < 0.001 in each row) for all four
statistics. The metrics that penalize unmatched points
(ECS, TWED) correlate 2–3.6× more strongly with
downstream error than those that do not (DTW, Soft-
DTW, LCSS).

Statistic rECS rTWED rDTW rS-DTW rLCSS n

Total-count −0.58 −0.62 −0.38 −0.31 +0.11 944
Peak timing −0.51 −0.53 −0.15 −0.11 +0.12 10,512
Peak magnitude −0.29 −0.25 −0.08 −0.08 −0.24 7,484
Growth-rate +0.19 +0.20 +0.08 +0.06 +0.06 4,862

mean |r| 0.39 0.40 0.18 0.14 0.13 —

which capture the shape of the curve rather than
its absolute level, and are therefore meaningful
on rates and percentages as well—we retain all
matched series with non-zero ground-truth sum,
then apply per-statistic well-definedness filters (a
defined peak in the ground truth for peak timing,
non-zero peak in both prediction and ground truth
for peak magnitude, and an ascending phase of suf-
ficient length for growth rate), yielding 10,512 /
7,484 / 4,862 series respectively. Peak timing is
the absolute difference between the predicted and
ground-truth peak indices; peak magnitude is the
relative error of the peak value; and growth rate
is the Pearson correlation between predicted and
ground-truth log-incidence trajectories over the as-
cending phase, defined as the segment from the
first non-zero ground-truth datapoint to the ground-
truth peak index. Table 4 reports the Spearman
rank correlation between each downstream quantity
and five alignment-based metrics: ECS, DTW, and
three further time-series measures. Soft-DTW (Cu-
turi and Blondel, 2017) is a differentiable relax-
ation of DTW that permits unbounded many-to-
one warping with no cost for unmatched points;
LCSS (Hirschberg, 1977) scores only the longest
common subsequence of matching points and like-
wise ignores unmatched ones; TWED (Marteau,
2009), like ERP, treats insertions and deletions as
explicitly penalized edit operations.

All ECS and DTW correlations are in the ex-
pected direction and highly significant. ECS corre-
lates substantially more strongly than DTW with
every downstream statistic: 1.5× stronger on total-
count error, 3.4× on peak timing, 3.6× on peak
magnitude, and 2.3× on growth-rate fidelity. DTW
allows arbitrary many-to-one warping with no gap
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penalty, so a prediction that truncates after a few
datapoints can freely warp to align with whatever
ground-truth points it has, yielding a misleadingly
high similarity score even when most of the epi-
demic’s temporal shape is missing. ECS, by con-
trast, charges a penalty for each insertion or dele-
tion in the alignment, so a truncated extraction loses
score in direct proportion to its missing datapoints—
which is the failure mode that propagates into
wrong peak times, wrong peak magnitudes, and
wrong totals downstream. The consistent ECS ad-
vantage across total-count error, peak timing, peak
magnitude, and growth-rate fidelity provides addi-
tional evidence that ECS rewards extractions that
preserve both magnitude and temporal shape of the
epidemic.

The comparison isolates gap penalization as the
mechanism of importance. The three metrics that
assign no cost to unmatched points (LCSS, Soft-
DTW, and DTW) cluster at mean |r| of 0.13–0.18,
while the two that penalize for them (TWED and
ECS) reach 0.39–0.40.

6 Conclusion

We contribute EpiCurveBench, a benchmark of
1,000 real-world epicurves on which the strongest
of nine evaluated VLMs reaches only 52.3% ECS,
and EpiCurveSimilarity (ECS), a metric that aligns
predicted and ground-truth series via dynamic pro-
gramming and an explicit gap penalty. ECS spreads
the four general-purpose VLMs across a 25-point
range where key-value metrics (RMS, SCRM) com-
press them into ∼5 points, and correlates 1.5–3.6×
more strongly than DTW with downstream errors
in total counts, peak timing, peak magnitude, and
growth-rate fidelity. Benchmark and metric apply
to any structured time-series chart-extraction set-
ting, and the diagnostic error breakdown points to
concrete weaknesses—most prominently numeri-
cal imprecision on dense series and truncation of
long series—for future models to address.

Limitations

EpiCurveBench has several limitations. First, al-
though the benchmark aggregates epicurves from
diverse sources, countries, and time periods, Set
1 is currently dominated by charts from the
United States. This reflects the rarity of openly
licensed epicurves paired with machine-readable
ground truth, and the fact that the CDC is one
of the few organizations that routinely publishes

both figures and underlying data. This geographic
skew may bias evaluation toward the visual con-
ventions, labeling practices, and reporting formats
used by the CDC. A complexity-matched analysis
(Appendix F) finds that the apparent CDC vs. non-
CDC accuracy gap is driven by series-length dif-
ferences rather than CDC-specific overfitting, but
expanding coverage of underrepresented regions
and institutions remains important.

Second, the benchmark exhibits domain and
format skews driven by what is available with
ground truth. In particular, EpiCurveBench is over-
represented by respiratory illnesses, line charts,
and non-cumulative time series. Future dataset ex-
pansions should explicitly target underrepresented
strata.

Third, EpiCurveBench is made from publicly
available charts, so training-data contamination (ei-
ther of the chart images or of the underlying epi-
demic case data) is a possibility. One piece of
evidence against contamination driving our con-
clusions is that the most heavily documented epi-
demic (COVID-19) is the hardest disease group at
matched series length, whereas we would expect
the opposite in case of contamination.

Finally, although we focus on epicurves, our
framework may extend to other types of charts
where extracting structured data could unlock valu-
able evidence, such as histograms of chronic dis-
ease prevalence, laboratory test positivity trends,
and biometric or environmental time series. Ex-
tending EpiCurveBench-style evaluation to these
settings would help assess whether progress on epi-
curve digitization transfers to the broader landscape
of visualizations.
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A Extraction Prompt

All four general-purpose VLMs were evaluated
with the following extraction prompt:

Here is an image of a chart.

Please extract the numerical data it represents and
return it in TSV (tab-separated values) format
with appropriate headers.

For time-series charts, extract datapoints for **all
timepoints without any gaps**, even if a time-
point is **not explicitly shown on the x axis**.

For series column headers, **use the y axis label
if there is a single series in the image, and the
series label (e.g., from the legend) if there is more
than one series**.

When a value is missing, **use "nan"**.

Copy the headers exactly as they are in the image
where applicable.

IMPORTANT: For the TSV, use a tab character
(\t) as the separator.

Remember: The sole output should be the TSV
table surrounded by “‘tsv“‘ and nothing else.

Table 5: Per-set decomposition of the three largest error
components for Gemini 2.5 Pro and GPT-5.2 at high
reasoning effort. Values are fractions of total possible
ECS (e.g., 0.175 means missed datapoints account for
17.5% of ECS loss). Bold cells mark the harder set for
each component.

Gemini GPT

Component Set 1 Set 2 Set 1 Set 2

Missed datapoints 0.175 0.054 0.311 0.123
Numerical error 0.275 0.301 0.197 0.299
Label mismatch 0.000 0.047 0.005 0.012

B Inter-Annotator Agreement
Stratification

Stratifying the inter-annotator ECS reported in Sec-
tion 3.3 by chart type, agreement was 90.6% on bar
charts, 89.5% on line charts, and 92.2% on charts
containing both. Stratifying by series length, agree-
ment was 98.7% on short series (≤ 20 points) and
81.7% on long series (> 100 points), indicating
that disagreement grows with series density.

C Per-Set Error Decomposition

Table 5 decomposes the three largest error compo-
nents by set (Set 1 vs. Set 2) for the two strongest
general-purpose VLMs, supporting the analysis in
Sections 5.3 and F.

D Source, Country, and Disease
Distribution
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Figure 4: Distribution of EpiCurveBench sources by
origin. There are 13 unique source types. The “Other”
category includes sources that appear only once. Most
publication sources come from ScienceDirect and Re-
searchGate.

Figure 4 shows the distribution of sources. Fig-
ure 5 shows the geographic distribution of charts.
Figure 6 shows the distribution of diseases.
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Figure 5: Geographic distribution of charts in Epi-
CurveBench.
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Figure 6: Distribution of diseases represented in Epi-
CurveBench.

E Performance by Chart Type and
Cumulative Status

We stratify performance by chart type (bar, line,
or both) and by whether the chart displays cumu-
lative or non-cumulative case counts. Figures 7
and 8 show the results for the four general-purpose
VLMs.

Chart type. Bar charts are consistently the eas-
iest to extract across all models: Gemini 2.5 Pro
achieves 72.7% ECS on bar charts, compared to
47.5% on line charts and 54.0% on charts con-
taining both. This pattern holds for all evaluated
models. The difficulty of line charts can be at-
tributed to dataset characteristics: bar charts in
EpiCurveBench have an average of 345 datapoints,
whereas line charts average 842 datapoints. The
higher datapoint density of line charts makes pre-
cise extraction more challenging.

Cumulative status. Performance on cumula-
tive charts is notably higher for Claude Opus 4.5
and Gemini 2.5 Pro, both achieving approximately
62% ECS on cumulative charts versus 39–51% on
non-cumulative charts. Cumulative charts in the
dataset also tend to be simpler, with an average
of 99 datapoints, compared to 787 datapoints for
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Figure 7: Mean ECS score by chart type.
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Figure 8: Mean ECS score by cumulative status.

non-cumulative charts. The monotonically non-
decreasing nature of cumulative data may also pro-
vide an advantage, as models can leverage the con-
straint that each value must be at least as large as
its predecessor. Interestingly, Qwen3-VL shows
the opposite pattern, performing worse on cumu-
lative charts (21%) than non-cumulative charts
(29%), suggesting model-specific sensitivities to
chart characteristics.

F Source Stratification: CDC vs.
Non-CDC

Because the CDC accounts for the majority of Set 1,
a natural concern is that models may simply have
memorized CDC visual conventions rather than
learned general epicurve understanding. The raw
CDC vs. non-CDC ECS gap appears large at first
glance (e.g., Gemini 2.5 Pro scores 58.7% on CDC
charts vs. 30.4% on non-CDC charts), but the two
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strata are not comparable: non-CDC charts have
median series length 242 vs. 52 for CDC, so the
gap is confounded by chart complexity. To control
for this, we restrict to series of length ≤ 100 (the
regime where CDC and non-CDC overlap) and
report the resulting per-model ECS in Table 6.

Table 6: ECS (%) on charts with series length ≤ 100,
stratified by source. Controlling for series complexity,
the raw CDC advantage disappears or reverses for three
of the four general-purpose VLMs.

Model CDC Non-CDC ∆

Gemini 60.6 64.5 −3.9
Claude 50.0 46.0 +4.1
GPT-5.2 51.6 60.6 −9.1
Qwen 31.8 42.3 −10.5

After complexity matching, the CDC advantage
shrinks substantially and reverses for three of the
four general-purpose VLMs, which in fact perform
better on non-CDC charts of equivalent length;
only Claude Opus 4.5 retains a small residual CDC
advantage (+4.1 ECS). This suggests that the raw
CDC vs. non-CDC gap is driven primarily by series
length, not by overfitting to CDC-specific visual
conventions, and that the headline ECS scores gen-
eralize beyond the CDC subset of the benchmark.

The complexity-matched analysis above inten-
tionally restricts to series length ≤ 100, the regime
in which CDC and non-CDC charts overlap. To
address whether CDC overfitting could still drive
the gap at longer series lengths, we appeal to
the per-set error decomposition reported in Sec-
tion 5.3 (Table 5). The error components diagnostic
of style memorization—numerical error and label
mismatch—are in fact higher on the source-diverse
Set 2 (13 source types) than on the CDC-dominated
Set 1 (85% CDC): numerical error rises from 0.275
to 0.301 for Gemini and from 0.197 to 0.299 for
GPT-5.2, and label mismatch from 0.000 to 0.047
(Gemini) and 0.005 to 0.012 (GPT-5.2). The only
component that moves in the opposite direction is
missed datapoints, which is a series-length / trun-
cation artifact rather than a style artifact. If mod-
els had memorized CDC visual conventions, we
would expect numerical and label-matching errors
to be lower on the CDC-dominated set, not higher.
The remaining long-series CDC gap is therefore at-
tributable to truncation losses on long inputs rather
than to CDC-specific style.

G Hyperparameter Sensitivity

ECS has three consequential hyperparameters: the
tolerance threshold θ (default 0.01), the gap penalty
λ (default 1.0), and the NLS series-matching thresh-
old (default 0.5). To verify that the model ranking
and the 25-point spread reported in Section 5.2 are
not artifacts of these choices, we recompute ECS
for the four general-purpose VLMs (high reasoning
effort) while sweeping each hyperparameter and
holding the other two at their defaults.

Tables 7–9 report per-model ECS on the full
dataset, the four-model spread, and the resulting
ranking at each grid point. The ranking Gem-
ini > GPT > Claude > Qwen is preserved in 15
of the 16 configurations; the sole exception is the
strictest tolerance, θ = 0.001, where Claude (29.4)
edges past GPT (28.4) by 1.0 ECS—a near-tie in
a regime where almost every prediction is judged
incorrect, compressing scores at the floor. The four-
model spread stays in the 22–28-point range across
the θ ≥ 0.005 portion of the θ sweep, all of the
NLS sweep, and the λ ≥ 1 portion of the λ sweep,
and collapses only at very low λ (where the optimal
alignment prefers cheap gaps to substitutions, so
ECS saturates near 1− λ for every model regard-
less of extraction quality). Both the floor regime at
θ = 0.001 and the low-λ collapse are explained by
the metric’s known structural behavior rather than
by ranking instability, and lie outside any reason-
able choice of hyperparameter. The NLS threshold
has the smallest effect: every model gains a few
points monotonically as the threshold tightens, but
the ranking and spread are essentially unchanged
across the full [0, 0.9] range. Overall, the 25-point
spread reported in the main results is a stable prop-
erty of the metric across a wide range of hyper-
parameter settings, not an artifact of the specific
choice (θ, λ,NLS) = (0.01, 1.0, 0.5).

Table 7: ECS (%) as the tolerance threshold θ is varied
with λ=1, NLS=0.5. Default θ=0.01 in bold; ∆ is the
spread between best and worst model.

θ Qwen Claude GPT Gemini ∆

0.001 18.0 29.4 28.4 32.1 14.1
0.005 22.6 35.8 37.6 44.3 21.7
0.01 27.5 42.0 43.9 52.3 24.8
0.02 34.4 50.8 51.6 62.1 27.7
0.05 42.5 58.6 59.8 70.6 28.1
0.1 48.1 63.9 64.9 75.7 27.6
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Table 8: ECS (%) as the gap penalty λ is varied with
θ=0.01, NLS=0.5. Default λ=1.0 in bold.

λ Qwen Claude GPT Gemini ∆

0.25 63.7 78.6 80.4 81.2 17.9
0.5 39.7 55.1 55.6 61.5 21.8
1.0 27.5 42.0 43.9 52.3 24.8
2.0 22.5 36.1 40.9 47.9 25.4
4.0 19.9 32.8 37.9 45.0 25.1

Table 9: ECS (%) as the NLS series-matching threshold
is varied with θ=0.01, λ=1. Default 0.5 in bold.

NLS Qwen Claude GPT Gemini ∆

0.0 26.1 40.3 40.5 50.8 24.7
0.3 27.2 41.3 43.2 52.1 24.9
0.5 27.5 42.0 43.9 52.3 24.8
0.7 29.2 44.4 45.0 55.2 26.0
0.9 30.3 44.8 45.4 56.0 25.7

H Benchmark Comparison:
EpiCurveBench vs. ChartQA

To demonstrate that EpiCurveBench provides a
more challenging testbed than existing bench-
marks, we compare model performance on Epi-
CurveBench against ChartQA (Masry et al., 2022),
a widely used benchmark for chart data extraction.
Table 10 reports RMS scores on both benchmarks,
and additionally ECS on ChartQA.

On ChartQA, all four general-purpose VLMs
achieve RMS scores between 87–90%, with
TinyChart—a specialized chart extraction model—
reaching 95.2%. These near-ceiling scores indicate
that ChartQA is approaching saturation: there is
little room for further improvement, and the bench-
mark no longer discriminates between strong mod-
els.

On EpiCurveBench, the same models score be-
tween 18–23% RMS, representing a drop of 65–72
percentage points. Even the best-performing model
(Claude Opus 4.5 at 22.8%) leaves substantial room
for improvement. This gap reflects the fundamental
differences between the benchmarks: ChartQA con-
tains relatively simple charts with few data points
and clearly printed values, whereas EpiCurveBench
features dense time series with hundreds to thou-
sands of datapoints, overlapping series, and diverse
visual styles from real-world public health sources.

Table 10: RMS performance comparison on Epi-
CurveBench vs. ChartQA. For the four general-purpose
VLMs, EpiCurveBench scores are at high reasoning
effort (the “High” rows of Table 2); OneChart and Tiny-
Chart have a single configuration.

EpiCurveBench ChartQA

Model RMS (%) RMS (%) ECS (%)

OneChart 4.4 35.9 —
TinyChart 8.5 95.2 —
Qwen3-VL 18.0 89.8 90.9
GPT-5.2 18.6 87.3 88.7
Claude Opus 4.5 22.8 87.7 89.1
Gemini 2.5 Pro 20.5 88.2 88.2

4-VLM spread 4.8 2.5 2.7
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