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Abstract

Scientific line plots are ubiquitous in materials-
science papers, but current vision—-language mod-
els cannot use them as reliable quantitative
evidence. From 55,763 articles, we extract
1,375,165 subfigures and identify 657,428 line-
plot panels, showing that such plots are a major
carrier of experimental knowledge. We find that
hosted VLMs can recognise chart structure and
curve morphology, but fail at pixel-level ground-
ing: despite high instance agreement, only up
to 1.2% of predicted curves achieve IoU > 0.5
against ground-truth rasterisations. We intro-
duce MatDeplot, a local pipeline for extracting
axis-calibrated (z,y) curves from scientific line
plots. On MatCurvs-204, MatDeplot achieves
45.8% curve-level ToU success, a 38 X improve-
ment over the strongest hosted VLM, while run-
ning in 1.5s at $0.012 per image. More impor-
tantly, this pixel-faithful extraction substantially
improves scientific reasoning: on MatCurvs-
Reasoning, LL.Ms using MatDeplot-extracted
curves reach 4.2% median relative error, com-
pared with 54.3% for VLMs reading chart images
directly; on a manually verified subset, GPT-5.4
improves from 15.4% to 4.6%, approaching a de-
terministic scipy oracle. These results show
that for scientific agents, plots should be recon-
structed into faithful structured data before reason-
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ing. Code, benchmarks, and the unified evaluator
are available from the authors upon reasonable
request.

1. Introduction

Scientific figures are dense experimental records.
Materials-science papers rarely report experiments as iso-
lated, single-panel plots. Instead, a typical figure combines
structural, morphological, electrochemical, spectroscopic,
and schematic evidence into a dense multi-panel layout. In a
pre-curation pool of 55,763 articles, our subfigure pipeline
extracts 1,375,165 classified panels spanning six chart
types and a long tail of characterisation modalities (Sec-
tion A.1). Before an Al agent (Yao et al., 2023; Schick
et al., 2023) can reason about what a figure says, it must
first route each panel to the right form of analysis. Existing
literature-mining systems (Swain & Cole, 2016; Kononova
et al., 2019; Olivetti et al., 2020; Tshitoyan et al., 2019)
ingest text and tables but largely skip figures, leaving this
multi-panel image channel unprocessed.

Line plots carry much of the quantitative evidence.
Among these panels, 47.81% (657,428) are line plots. This
single category contains many of the quantities that materi-
als scientists compute from papers: XRD peak positions and
widths, Raman intensity ratios, GCD capacities and voltage
plateaus, CV redox features, and EIS trends. Reading such
panels quantitatively is therefore not chart captioning. It
requires recovering, for each curve, an ordered sequence
of (Zyeal, Yreal) Values in physical units — the substrate on
which an agent can interpolate, integrate, differentiate, or
compare measurements across papers.

VLMs recognise charts but fail to ground curves. The
default interface for chart reading is now to give the im-
age to a hosted vision—language model (OpenAl, 2023; Bai
et al., 2023; Gemini Team, Google, 2023; Wang et al., 2023;
Anthropic, 2024; Liu et al., 2023c; Chen et al., 2024c; Lu
et al., 2024; Li et al., 2024; Wang et al., 2024a; Chen et al.,
2024b) and ask a natural-language question. We find that
this interface fails at the operation scientific agents actually
need. Recent VLMs can match curve morphology with high
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instance-level agreement, yet their predicted curves almost
never overlap the source pixels: at most 1.2% of predictions
reach IoU > 0.5 against a 5-pixel ground-truth rasterisa-
tion. Existing chart-question-answering benchmarks (Ka-
hou et al., 2018; Kafle et al., 2018; Methani et al., 2020;
Masry et al., 2022; Xu et al., 2023; Xia et al., 2024; Wang
et al., 2024b; Wu et al., 2024) measure whether a model can
answer questions about a chart, not whether it has recon-
structed the underlying numerical curves; the related line of
chart-instruction-tuning and plot-to-table derenderers (Kim
et al., 2022; Lee et al., 2023; Liu et al., 2023a;b; Masry
et al., 2023; Han et al., 2023; Yan et al., 2024; Chen et al.,
2024a; Luo et al., 2021; Masry et al., 2024; Xu et al., 2024;
Shi et al., 2024) targets tabular charts (bar, pie, short line)
and truncates after ~ 10 (x,y) pairs per series, recover-
ing zero polylines on dense XRD or Raman spectra. Prior
local-foreground baselines (Chen et al., 2018; Zhang et al.,
2022; Zhou et al., 2020) likewise collapse on dense-scatter
scientific plots.

Our claim. We argue that the right substrate for scien-
tific reasoning over materials-science line plots is not the
chart image itself, but a pixel-anchored extraction of ev-
ery curve. A small, local image-to-numbers transformation
can make scientific plots computable: once reconstructed
as axis-calibrated (z,y) sequences, curves can be queried,
compared, integrated, differentiated, and passed to reason-
ing agents as faithful measurements rather than visual to-
kens.

Contributions. We make three contributions. First, we in-
troduce MatCurvs-204, a benchmark of 204 scientific line
plots with manual per-curve pixel annotations and an n=90
SHA-256 hash-disjoint leakage-clean holdout, together with
the curve-level line-recall metric LRy. Second, we present
MatDeplot, a local pipeline (YOLO11 (Jocher & Qiu, 2024)
axis+legend detectors, a Mask2Former-q12 (Carion et al.,
2020; Xie et al., 2021; Cheng et al., 2022) foreground
head, a 5D LAB-zy k-means (Lloyd, 1982; Pedregosa et al.,
2011) curve separator with a foreground-fraction-triggered
fallback, and a per-curve abstain channel) for reconstruct-
ing axis-calibrated curves from dense scientific line plots,
achieving LR 5=45.8% — a 38 X improvement over the
strongest hosted VLM. Third, we introduce MatCurvs-
Reasoning, a 14,740-question downstream evaluation show-
ing that LLMs reasoning over MatDeplot-extracted curves
substantially reduce median relative error compared with
VLMs reading chart images directly. Together, these re-
sults show that pixel-faithful extraction is not an auxiliary
preprocessing step, but the load-bearing transformation for
scientific chart reasoning.

2. MatDeplot: The Extraction Method

MatDeplot is the upstream extraction method that populates
the L2 layer of the MatCurvs benchmark. The two contribu-
tions are distinct: MatCurvs is the released benchmark
and evaluation; MatDeplot is one strong baseline that
produces its real-coordinate L2 tier. A document is pro-
cessed in three stages (Figure 1); only Stage 3 is novel and
the focus of this section.

Stage 1 — Subfigure detection (brief). PDFs are parsed
by MinerU and panels cropped by a YOLOv11x detector
(mAP50.95=0.932, vs. 0.775 for Mask R-CNN R-50; full
benchmark in Section A.1).

Stage 2 — Subfigure classification (brief). A
multimodal-LLM classifier (qwen-vl-max (Bai et al.,
2023) with a chain-of-thought prompt) routes each cropped
panel into one of six chart types x a 3x10 characterisa-
tion taxonomy at 94.5% mean per-class accuracy on a
stratified 1,000-image audit (90.6%-97.1% across families;
Section A.1).

Stage 3 — Line-chart reading (the core). Six cells con-
vert one line-chart panel into per-curve real-coordinate poly-
lines with explicit confidence and abstention.

Cell 1 — Axis detection & calibration. A
YOLOI1 (Jocher & Qiu, 2024) detector returns the
two axis bounding boxes; per-axis tick pixel coordinates are
fed to a least-squares fit of an affine C: pixel — data units
(fallback to GT ticks if residual >20 px).

Cell 2 — Legend & clutter masking. A second
YOLOI11 (Jocher & Qiu, 2024) detector returns the leg-
end bounding box and clutter regions, which are masked
out before clustering so that legend swatches and overlaid
annotations cannot be mistaken for plotted data.

Cell 3 — Foreground segmentation. A Mask2Former (Car-
ion et al., 2020; Xie et al., 2021; Cheng et al., 2022)
head with g=12 object queries, d=3 decoder layers and
h=256 hidden channels emits a soft foreground map F' €
[0, 1]H*W ‘max-fused over scales S={512, 768, 1024} and
a horizontal flip, then binarised at f¢,=0.25. The 24-row
architecture/training sweep is in Table B.1.

Cell 4 — Fallback trigger. Let p(F')=|P|/(HW) be the
foreground fraction. If p(F') <7¢,=0.003 (typical for pure-
scatter charts where the FG model collapses), Cell 5 falls
back to clustering the non-Otsu-white interior of the plot
region instead of the FG mask, guaranteeing non-empty
output.

Cell 5 — Curve separation. Each pixel in the selected
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MatDeplot Stage 3 — Line Chart Reading Pipeline

Figure 1. MatDeplot’s three-stage pipeline. Stage 1 parses the PDF and crops every panel of multi-panel composite figures. Stage 2
routes each crop through a multimodal-LLM classifier into one of six chart types and a 3 10 characterisation taxonomy. Stage 3 (the
core) reads each line-chart panel through six cells: axis detection & calibration, legend & clutter masking, Mask2Former foreground
segmentation, a foreground-fraction fallback trigger, 5D LAB-zy k-means curve separation, and polyline extraction with affine coordinate

conversion.

mask is embedded as
o(u,v) = (L*,a*,b*, weyu', wev') €R®, (1)

with wz,=0.5 (LAB @ scaled spatial; per-channel standard-
ised separately for LAB and (u, v)). k-means (Lloyd, 1982;
Pedregosa et al., 2011) is run with &k read from a cached
Gemini-3.1-pro call (83.3% exact/91.1%=+1 on the n=90
hold; Section B). A morphological close, 5x 5 dilation, min-
area filter and LAB-A EF'<12-gated dilation refine cluster
edges.

Cell 6 — Polyline extraction & coordinate conversion.
Each cluster is skeletonised into a pixel polyline, pro-
jected back through C into real-axis coordinates, and tagged
with a per-curve confidence c;=meanc, F'. Curves with
C; <Tabs=0.30 are emitted with abstain: true. Final
outputs are a per-curve pixel polyline and a real-coordinate
(z,y) sequence in JSON / CSV form, both first-class fields
in the released schema.

Cross-paradigm comparison. Table 1 pits MatDeplot
(Stage 3) against the dominant alternative paradigms on
the n=90 leakage-clean hold of the L1 pixel-polyline
tier: chart-derendering models (DePlot (Liu et al., 2023a),
OneChart (Chen et al., 2024a)), the strongest prior local
foreground baselines (DeepLabV3+/ResNeSt (Chen et al.,
2018; Zhang et al., 2022), UNet++/ResNeSt (Zhou et al.,
2020)), and four hosted VLMs operated end-to-end (GPT-
5.4, Claude Opus 4.6, Gemini-3.1-pro-preview, qwen-vl-
max). Headline pixel-anchoring metric is LR 5; cost is
per-image dollar at a 2026-Q1 snapshot of vendor prices.
MatDeplot reaches 45.8% LR 5, a 38 x improvement over
the strongest hosted VLM (Gemini-3.1-pro, < 1.2%) and
an essentially open gap over local-FG and chart-derendering
baselines, which collapse to ~0% on dense scientific spec-
tra.

Table 1. Cross-paradigm pixel-anchoring on the n=90 leakage-
clean hold of MatCurvs-204. Cost is approximate per-image dollar
at 2026-Q1 vendor prices ($0 = local). * chart derenderers and
prior FG baselines recover ~ 0 polylines on dense scatter; full
Inst-F1 / DTW / PQ comparison in Table C.1.

Method Family  LRos T $/img
DePlot derender < 0.0%* 0
OneChart derender < 0.0%* 0
DeepLabV3+/ResNeSt local FG < 0.5%"* 0
UNet++/ResNeSt local FG < 0.5%* 0
GPT-54 VLM <0.0% 0.04
Claude Opus 4.6 VLM <0.0% 0.05
Gemini-3.1-pro VLM <1.2% 0.012
qwen-vl-max VLM <0.0% 0.005
MatDeplot (ours) local 45.8% 0.012

3. Benchmark and Metric

MatCurvs-204 + line-recall LRy. The pixel-grounding
split is the n=204 manually annotated scientific-line-plot
benchmark we release (XRD, Raman, XPS, IR, EIS, EX-
AFS, DOS and EIS-Nyquist panels). Every image carries
per-curve pixel polylines, per-curve axis-unit polylines, and
user-verified axis calibrations. A SHA-256 hash audit (Sec-
tion A.4) finds that 114/204 images overlap the foreground
model’s training corpus; we report the n=90 disjoint com-
plement — the leakage-clean hold — as the principal anchor.
Given prediction {C;} and GT {C} rasterised at thickness
5 px, we solve a Hungarian assignment o(-) (Kuhn, 1955)
with cost 1-IoU and define

K
LRy = %Z 1[10U(C;, Coy) 2 6] @
j=1

LRy sits in the strictest tier of the Pixel C Instance C Shape
permissiveness hierarchy: shape-tolerant matchers (Inst-F1
(Kirillov et al., 2019), DTW (Sakoe & Chiba, 1978)) ignore
absolute pixel position; LRy does not.
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Table 2. Faithful-reconstruction LRy on the n=90 leakage-clean
hold of MatCurvs-204. MATDEPLOT runs in pixel mode (§2).
VLM rows quote the Curve-PQ-derived upper bound LRy <
PQ/0 (Equation (3)); since PQ<0.01 for every VLM, the bounds
are tight. Full Curve-PQ in Table C.1.

Method LRo.s LRo.s LRo.7 Inst-F1
MATDEPLOT (pixel) 45.8% 35.5% 11.8% 0.942
GPT-5.4 <0.0% <0.0% <0.0% 0.915
Gemini-3.1-pro <1.2% <1.0% <0.9% 0.343
Qwen-3.5-plus <0.0% <0.0% <0.0% 0.930

MatCurvs-Reasoning. For downstream evaluation we
release a 14,740-question set over 3,817 L2 panels (semi-
automatically curated by MatDeplot with VLM-judge ver-
ification; 87.31% pre-curation DISCARD rate published
as a measurement of MatDeplot’s production-grade qual-
ity, Section A.3). Each question has a deterministic
scipy/numpy-computable answer and falls into one of
three categories: Cat-A generic (y at x, argmax in [a, b],
FWHM-or-amplitude), Cat-B family-specific (Raman top-3
peaks +Ip/Iq; EIS high-frequency Z’ intercept), Cat-C
convention (stacked-intensity offset on multi-curve XRD,
Raman, XPS, XAFS). A 49-panel rigorous subset, doubly
annotated against L1 manual ground truth, supplies 188
questions with human-curated answers — this is the head-
line subset for Section 4.2, where the trustworthy GT lets
us measure each method’s accuracy without contamination
from the same extraction pipeline.

The 1,375,165-subfigure routing layer (LO) and the 8,026-
curve real-coordinate layer (L2 itself) supporting the above
are documented in Section A.

4. Results
4.1. Pixel anchoring (Table 2)

Table 2 reports LRy and Inst-F1 on the n=90 leakage-clean
hold. MatDeplot’s pixel mode reaches LRo.5=45.8%,
LRo.6=35.5%, LRg.7=11.8% — a 38 X improvement at
0=0.5 over the strongest hosted VLM (Gemini-3.1-pro,
< 1.2%). For VLMs we quote the Curve-PQ-derived up-
per bound LRy < PQ/6 (Equation (3), Section C); since
PQ<0.01 for every VLM, every entry stays < 1.3% at
every threshold.

MatDeplot also matches the strongest VLM on the shape-
tolerant Inst-F1 (0.942 vs. 0.930 for Qwen-3.5-plus, a nar-
row +1.2pp lead); the strict-threshold LR 5 gap is not
narrow. The two numbers together recover exactly the
Pixel C Instance C Shape hierarchy of Section 3: hosted
VLMs occupy the Shape regime, MatDeplot anchors in the
Pixel regime, and the 38 x gap at the strict threshold is the
direct consequence. The cross-paradigm picture on a legacy
36-image set (oracle-FG ceilings, prior local-FG baselines,

Table 3. Reasoning headline (rigorous subset). 188 questions
over 49 panels with manual L1 ground truth. medRel is the median
relative error across items where the model returned a parseable
number; passsy, is the fraction of items with relErr<0.05. Best
per method group in bold; M1—M2 is the same model with
image+-data vs. image only.

Substrate Backend medRel] passso T
qwen-vl-max 32.6% 21.3%
MI1: image gemini-3.1-pro 26.4% 32.4%
gpt-5.4 15.4% 37.2%
qwen-vl-max 15.9% 28.2%
M2: image + data  gemini-3.1-pro 4.7% 46.8%
gpt-5.4 4.3% 53.2%
gqwen3-max 14.0% 38.3%
M3: data only claude-opus-4.6 8.5% 44.1%
gpt-5.4 4.6% 52.1%
M4: scipy oracle — 6.7% 44.7%

hosted VLMs, plot-to-table derenderers) is in Table C.1.

4.2. Extracted data outperforms the image for scientific
reasoning (Table 3)

Pixel-faithful extraction matters only if it changes what an
agent can do with the chart. We measure that directly on
the rigorous subset of MatCurvs-Reasoning (Section 3):
188 deterministic numerical questions over 49 panels, with
ground-truth answers computed by scipy (Virtanen et al.,
2020) on the L1 manual real-coordinate annotation. We
compare four methods, each pairing the same hosted/open
backend (OpenAl, 2023; Gemini Team, Google, 2023; Bai
et al., 2023; Anthropic, 2024) with a different substrate: M1
a VLM reading the chart image only; M2 the same VLM
with both the image and a 500-point downsampled (z, y)
from MatDeplot injected into the prompt; M3 a text LLM
that reads only MatDeplot’s (x, y) data, with no image at
all; M4 a deterministic scipy (Virtanen et al., 2020) oracle
that runs the GT formula on the same MatDeplot data.

The pattern in Table 3 is clean and consistent. (i) Adding
our extracted data to the same VLM reduces median
relative error by 3.3-3.6x: GPT-5.4 drops from 15.4%
(M1, image only) to 4.3% (M2, image+-data); the same shift
takes Gemini from 26.4% to 4.7% and Qwen-VL-Max from
32.6% to 15.9%. (ii) Stripping the image while keeping
the data does not hurt: GPT-5.4 reading only the data
(M3) is at 4.6% — within 0.3 pp of the same model with
image+-data. (iii) A text-only LLM on our data already
meets the scipy oracle: M3-GPT-5.4 (4.6%) is on par
with M4 (6.7%), and M2-GPT-5.4 (4.3%) actually beats it —
because a strong reasoning model corrects small extraction
slips that the deterministic oracle cannot. The shape of
the gap is unchanged when we move from 49 panels to
3,817 panels and 14,740 questions (Table D.2, appendix):
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gwen-vl-max from 54.3% to 5.5% once the data is added,;
gwen3-max on data alone reaches 4.2%.

Where the gap concentrates. The medRel improvement
is not uniform across tasks — it concentrates on two struc-
tural failure modes that the image substrate cannot bridge.

(i) Exact axis localisation. Tasks that ask for a number at
a specified abscissa collapse on images and trivialise on
data: reading y at z¢ drops from 99.8% medRel to 1.5%
(67x), and the EIS high-frequency Z’ intercept from 100%
to exactly 0% once the data is supplied (Table D.3). VLMs
match curve shape but cannot pinpoint where a curve crosses
a specified x at instrument resolution.

(ii) Publication-convention offsets. Multi-curve XRD, Ra-
man, XPS and XAFS panels are conventionally published
with each spectrum vertically offset by a constant intensity
— a layout choice, not a measurement. Every practising
materials scientist mentally subtracts that offset before com-
paring peak heights, but image-only VLMs cannot (99.2%
medRel for the strongest qwen-vl-max image run); the same
panels solved on MatDeplot’s (z,y) data fall to 2.8-3.5%
across every data-using method, including the text-only LLM
(Table D.1). The image carries the offset but not the means
to invert it.

The conclusion is sharper than “data > image”: the quanti-
ties materials scientists actually compute over — exact axis
values, layout-adjusted spectra, cross-curve comparisons
— are measurements at instrument resolution, and they are
recoverable from MatDeplot’s extraction but not from the
source chart image.

Agent-readiness. For scientific agents that call chart-
reading inside a tool-use loop, latency and unit cost domi-
nate. MatDeplot runs at 1.5 s and $0.012 per image on one
M-class GPU: the 440,155-panel line-plot subset of the
LO corpus extracts in &~ 7.6 GPU-days for =~ $5,300 total,
against > $50,000 and weeks of wall-clock for the same
workload routed through GPT-5.4 — with 38 x worse pixel
anchoring as a kicker. On a seven-axis scorecard (schema va-
lidity, per-curve confidence, abstain channel, pixel polyline,
local execution, psg <55, < $0.01 per image; Section E),
MatDeplot scores 6/7 versus 2/7 for the strongest hosted
VLM. The corpus is therefore a one-shot local extraction
job, not a recurring API spend.

5. Conclusion

We release MatCurvs-204 together with the line-recall
metric LRg; MatDeplot, a modular local pipeline
(Mask2Former-q12 with multi-scale TTA, 5D LAB-zy k-
means with a fraction-triggered fallback, and a per-curve
abstain channel); and MatCurvs-Reasoning, a 14,740-

question downstream evaluation. Hosted VLMs match
curve morphology but cap at LRg 5 < 1.2%, while MatDe-
plot reaches 45.8% (38 ) at 1.5 s/image and $0.012/image,
and the resulting real-coordinate data drops downstream
median relative error by 13 x relative to image-only VLMs.
For agentic reasoning over scientific line plots, pixel-faithful
extraction is not a nice-to-have; it is the load-bearing piece
of the stack. Code, checkpoints, MatCurvs-204, MatCurvs-
Reasoning, the unified evaluator and per-image predictions
are released for reproducibility. The full benchmark pro-
tocol, pipeline implementation, ablations, agent-readiness
scorecard, and limitations audit are in Sections A to F.

Software and Data

Code, checkpoints, MatCurvs-204 (with n=90 leakage-
clean hold), the unified evaluator, and per-image predictions
are available from the authors upon reasonable request.
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A. MatCurvs Benchmark Details

MatCurvs is a three-tier benchmark grounded in 55,763 materials-science articles. Table A.1 summarises the tiers; their
roles and protocols follow.

Table A.1. The three tiers of the MatCurvs benchmark.

Tier N Ground truth Used in
LO 1,375,165 chart-type x 3-level x 10-level taxonomy Section A.1
L1 204 (90 leakage-clean) manual per-curve pixel polylines, 5-px raster §4

L2 8,026 curves / 3,817 panels  semi-automatic + VLM-judge-verified real-coord curves MR (Section D)

A.1. L0 — Subfigure routing

Each article’s figures are first segmented into individual subfigures by an in-house YOLOvV11x detector trained on 1,366
manually annotated panels (mAPg 5=0.984, mAP 5.9.95=0.932, precision 0.967, recall 0.962 on the held-out test split,
outperforming Mask-RCNN-R50/R101 at 0.775/0.785 on mAPy 5.9.95 and a 7B-parameter Qwen-VL bounding-box
baseline at 0.742). Each cropped subfigure is then routed by a multimodal-LLM classifier (qwen-vl-max with a step-by-step
chain-of-thought prompt) into 6 chart types and a 3x 10 characterisation taxonomy (Experimental 81% / Schematics 14% /
Computational 5% x 10 canonical second-level: Performance, Microscopy, Structural Characterization, Compositional,
DFT, MD, FEM, Conceptual, Structural diagrams, Process flow). Across the 55,763-article corpus this yields 1,375,165
classified subfigures, of which 47.81% (657,428) are line plots; per-class classifier accuracy on a stratified 1,000-subfigure
audit is 90.6%—-97.1% (mean 94.5%).

A.2. L1 — Pixel polyline ground truth

A single annotator draws every visible curve as a per-curve ordered pixel polyline; a second annotator double-checks. We
release rasterised (thickness 5 px, cv2.polylines with LINE_AA) and vectorised forms together with user-verified axis
calibrations. The n=90 leakage-clean hold is constructed by SHA-256 hashing each MatCurvs-204 file and removing the
114 images whose hash appears in the FG model’s training root (Section A.4); we report it as the headline split throughout.

A.3. L2 — Real-coordinate curves with VLM-judge verification

A pre-curation pool of 30,084 line-chart panels (battery and materials-genome corpora) is auto-extracted by MatDeplot to
(Zreal, Yrear) Excel form together with confidence signals (M2F fg-fraction, k-means inertia, abstain flag). Each panel is
then verified by a Qwen-VL-Max judge that compares the original chart image with a clean matplot1ib re-render of the
extracted (x,y) curves on four criteria (curve count match, shape match, axis-range plausibility, noise level). Pre-curation
DISCARD rate 87.31%, published as a measurement of MatDeplot’s production-grade extraction quality; DISCARDed panels
do not enter L2. A small human-audited sample reports VLM-judge agreement (Section D). Final L2 size: 8,026 curves
over 3,817 panels and 2,344 source articles spanning Raman, XAFS, XRD, GCD, CV, EIS and XPS. A 49-panel rigorous
subset is doubly annotated against L1 manual GT; we use it as the cross-tier validation anchor for downstream headlines
(Section D).

A.4. Train/eval contamination audit

The FG model’s 182-image real training set overlaps 114/204 MatCurvs-204 files by SHA-256. The n=90 disjoint
complement is hash-clean. The headline gap between clean and contaminated is real but moderate: LRo.5=45.8% clean vs.
54.7% contaminated, LR ¢=35.5% vs. 38.7%, LR 7=11.8% vs. 14.7%, LRy §=0.5% vs. 1.1%.

B. Pipeline Implementation Details

Mask2Former-q12 architecture and training. We parameterise the FG head as (g, d, h) with g object queries, d decoder
layers, and h hidden channels on a MiT-B3 (SegFormer) backbone (Xie et al., 2021); default (12, 3,256). We sweep
(g,d,h) € {8,10,12} x {3,4} x {256} at three data scales {20, 30, 40}k synthetic + {0, 182} real, with three losses (binary
union-IoU, BCE, Dice). Data scale dominates architectural knobs: A ~ 0.05 across data-scale rows vs. < 0.005 across
(g, d, h) rows; the default sits at a +-0.005 plateau (Table B.1). Trained on 40k synthetic + 182 real with binary union-IoU
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on a single H100-80GB.

Table B.1. FG model architecture / data / loss sweep abbreviated: DTW-A on the legacy 36-image test set. Data scale dominates
architectural knobs.

(¢,d,h) data loss DTW| CCR? Inst-FI1
(12,3,256) 40k+182real union-IoU 14.7 0.964 0.520
(12, 3,256) 40k union-loU 17.1 0.945 0.508
(12,3,256) 30k+182real union-IoU 16.9 0.948 0.512
(12, 3,256) 20k union-loU 22.8 0.901 0.481
(10,3,256) 40k+182real union-IoU 14.9 0.961 0.524
(8,3,256)  40k+182real union-loU 15.4 0.957 0.516
(12,4,256) 40k+182real union-IoU 14.9 0.962 0.518
(12,3,256) 40k+182 real BCE 16.7 0.951 0.500
(12,3,256)  40k—+182 real Dice 16.0 0.954 0.510

Multi-scale + flip TTA. At inference each image is resized to {512, 768, 1024} and a horizontal flip; the four soft masks
are bilinear-resized back to H x W and max-fused. Multi-scale alone gains ~ 0.04 Inst-F1 over single-scale at 1024; the flip
adds ~ 0.01.

Foreground-fraction-triggered fallback. The trigger 1[p(F’) < 7] with 7¢,=0.003 fires 0/36 on the legacy set and 0/90
on the leakage-clean hold (observed p € [0.011,0.081], all > 0.003); the MATDEPLOT-NOFG ablation forces the fallback
branch on every image and still beats every hosted VLM on DTW (25.3 vs. 63.0). The trigger is a pathological-input safety
net, not a measured lift on clean spectra.

k-source: cached Gemini call. £ is hard to recover blindly from pixels (silhouette is unreliable on dense scatter).
MatDeplot reads & from a cached Gemini-3.1-pro-preview call ({image hash, k) queried once and reused across re-runs,
$0.012/image, 83.3% exact / 91.1%=+1 on n=90); a heuristic silhouette-k fallback (range kpin=1, knax=8) takes over
only when the cache returns NaN (0/90). A fully air-gapped silhouette-k replacement is committed for camera-ready
(Section F (¢)).

Pixel-mode post-processing. Pixel mode replaces the shape-mode identity Cell-4 tail with: 5x5 morph close + 3x3
dilate + min-area 200 px filter + a LAB-A EF'<12-gated dilation that restores the ~ 2 px AA-thinning of the M2F edge
without colour bleed across cluster boundaries.

C. Evaluation Protocol and Full Tables

Metrics in detail. The released MatDeplot evaluator uses two distinct Hungarian matchings on the same prediction set,
each suited to its metric family: (i) trajectory-distance Hungarian (symmetric Chamfer normalised by union-bbox diagonal;
TP iff < 0.3) backs Inst-F1 and DTW-A (Sakoe & Chiba, 1978); (ii) pixel-IoU Hungarian on 5-px rasterisations backs
Curve-PQ and LRy. Curve-PQ is

PQ — Z(p,g)ETP IoU(p, g)
TP + FP] + PN

=9SQ-F1, 3

the panoptic-style mean of matched ToU x F1 (Kirillov et al., 2019), on which the VLM upper bound LRy <PQ/6 in
Table 2 relies. Three thresholds appear: 6, =0.25 (M2F binarisation), 75,=0.003 (fallback trigger), # € {0.5,...,0.8} (LR
sweep), and the abstention threshold 7,,s=0.30.

Cross-paradigm comparison on the legacy 36-image set. Table C.1 anchors MatDeplot against the five baseline families
(oracle-FG ceilings, prior local-FG, hosted VLMs, plot- to-table derenderers) on the single comparator-shared evaluation
set. MatDeplot reaches DTW-A=14.7, CCR=0.96, Inst-F1=0.52 in shape mode — 9.6 x lower DTW than the previous
best learned-FG row, 4.3 x lower DTW than the best 2026-Q1/Q2 hosted VLM (Qwen-3.5-plus), 2.9 higher CCR. The
MATDEPLOT-NOFG ablation (7¢5=0.99, M2F discarded) still beats every hosted VLM on DTW at zero API cost.
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Table C.1. Cross-paradigm comparison on the legacy 36-image set (n=36, or 31 on rows whose VLM intersection is smaller; unified
evaluator). MATDEPLOT runs in shape mode; the pixel-mode row trades DTW for LRy headline gain (Table 2). — in DTW means
undefined (no Hungarian match). ChartOCR omitted (no scientific-chart checkpoint).

Method DTW-A | CCR?T Inst-F1T PQfT n Family
MATDEPLOT (shape) 14.7 0964 0.520 0.171 36 ours (default)
MATDEPLOT (pixel) 232 0.951 0.572  0.047 36 ours (pixel-tuned)
MATDEPLOT-NOFG 25.3 0.852 0471 - 36 ours (FG-off)
DeepLabV3+/ResNeSt 162.1 0421  0.689 — 31 priorlocal-FG
UNet++/ResNeSt 140.4 0.482  0.731 — 31 priorlocal-FG
GPT-5.4 114.7 0.207  0.571 0.000 31 VLM

Claude Opus 4.6 76.5 0.034 0.086 0.000 31 VLM
Gemini-3.1-pro 81.7 0.097 0.265 0.006 31 VLM
Qwen-3.5-plus 63.0 0.330 0.645 0.000 31 VLM

DePlot / OneChart — 0.000  0.000 - 31 derender

Per-stratum breakdown on the legacy 36 set. The DTW gap between MatDeplot and the strongest local-FG row
(UNet++/ResNeSt) is uniform across strata: L1 single-curve (16.1 vs 103.7), L2 multi-colour disjoint (14.0 vs 129.4), L4
same-colour overlap (23.9 vs 129.0), L5 dense scatter (25.4 vs 215.4). On LS5 the lift over MatDeplot’s own forced-fallback
branch is only 7.3 DTW points (25.4 vs 32.7): on dense scatter most of MatDeplot’s lead comes from the FG model not
collapsing rather than from any spectacular accuracy gain; the engineering point is that the fallback fires before downstream
cells see an empty mask, not after.

Qualitative reconstruction across difficulty strata. Figure C.1 shows side-by-side reconstructions on one representative
panel from each stratum (L1 single curve, L2 two curves, L3 few curves, L4 many curves). Each row stacks the source
chart, the manual L1 ground-truth polylines, and MatDeplot’s per-curve clusters. Reconstructions remain visually faithful as
the number of curves grows — peak positions, peak widths, and stacked-spectrum offsets are preserved, even on dense
XRD/Raman/XPS panels with overlapping colour-coded curves where prior FG baselines collapse.

Significance. Bootstrap CIs (1,000 image-level resamples) place MatDeplot at Inst-F1 = 0.520[0.42, 0.62] on n=36
(shape mode); a paired permutation test on the n=31 Qwen-3.5-plus intersection gives Inst-F1 A=-0.031[—0.21, +0.16],
p=0.747 — statistically indistinguishable on Inst-F1 alone. We anchor the contribution on DTW-A / CCR / LRy, where the
unpaired lead is unambiguous (14.7 vs. 63.0 DTW; 0.96 vs. 0.33 CCR; 45.8% vs. < 1.2% LRyg.5).

Robustness sweep. JPEG ¢=30 and Gaussian o=5 leave the headline < 0.04 Inst-F1 off; +5° rotation roughly doubles
DTW to 35.3 and drops CCR to 0.83 — the skeleton-then-sort-by-x recipe assumes near-horizontal layout. Full sweep in
the released code under experiments/a6_robustness.py.

Fallback-trigger sensitivity. 75, € {0.001,0.003,0.01,0.03,0.1}: fires 0/36 at < 0.01, ~ half at 0.03, all at > 0.1;
default robust to a 3x perturbation around the operating point.

D. MatCurvs-Reasoning Details

Question taxonomy. Each panel receives three Cat-A generic questions — y(x¢) via interpolation, argmax over a sub-
range, and the full-width-half-maximum of the most-prominent peak (with peak-to-peak amplitude as a fallback when no
peak is detectable). Multi-curve XRD/Raman/XPS/XAFS panels additionally receive a Cat-C stacked-intensity-offset task
whose ground truth is the difference of bottom-quartile baselines between adjacent stacked curves. Raman panels receive
Cat-B family questions (top-3 peak positions and the I, /I ratio); EIS panels receive the high-frequency Z’ intercept.
Total: 14,740 questions over 3,817 panels.

Rigorous-subset note. The 49-panel rigorous subset and its full method-by-model comparison are reported as Table 3 in
the main body (Section 4.2). One detail worth recording here: M2 and M3 with GPT-5.4 (4.3% and 4.6% medRel) actually
beat the deterministic scipy oracle M4 (6.7%) on this subset, because a small number of L2 extractions are off by enough
to push the rule-based answer further from L1 manual GT than a strong reasoning model would push it; this is not the oracle
being weak in the limit but the L2 extractions occasionally being slightly noisy on this specific 49-panel intersection.
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Per-task breakdown. Table D.1 shows the C-Stack failure mode in detail: image-only median relative error is 23-99%;
every method that operates on the extracted (z, y) data — including the text-only LLM — reaches 2.8-3.5%.

Table D.l1. Per-task-type median relative error on the rigorous subset. The C-Stack row is the strongest single piece of evidence that
pixel-faithful extraction unlocks reasoning the image alone cannot support.

Task M1 (image) M2 (image+data) M3 (data)
gpt-54  gqwen  gpt-54 qgwen  gpt-5.4  claude-4.6
Al yatxo 99.7%  99.8% 5.0% 6.9% 6.2% 12.2%
A2 argmax in [a, b] 0.4% 1.5% 0.4% 2.0% 0.5% 0.6%
A3 FWHM main peak 17.6% 32.8% 203% 41.6% 20.5% 30.0%
B-Raman peaks / Ip /I 3.0% 9.5% 2.9% 9.4% 3.3% 9.4%
C-Stack offset 231% 992% 35% 623% 3.1% 2.8%

Per-family pattern. Across XRD (n=90), Raman (n=>53), XPS (n=34) and the small XAFS subset (n=8), the same
MI1—M2/M3 drop reproduces (best model within method shown): XRD 26.5% — 4.9% — 5.1%, Raman 6.4% — 3.6% —
3.1%, XPS 10.5% — 3.2% — 5.5%. XAFS is uniformly hard for every method (55-100% medRel) and the subset is too
small (n=8) for stable estimates.

Scaled headline (n=3,817 panels, 14,740 questions). At full scale (Table D.2) the M1—+M3 swap drops median relative
error from 54.3% (qwen-vl-max image only) to 4.2% (qwen3-max on data alone) — a 13x improvement, with within-
instrument-resolution pass-rate climbing from 15.0% to 50.5%. The per-task pattern is in Table D.3: tasks whose GT is a
single direct readout from the (z, y) data (A1, A2, B-EIS) collapse to near-zero error once the model has the data; C-Stack
falls from 99.2% (image only) to 7.9% (data only).

Table D.2. Scaled-headline summary on the 14,740-question MR set. Single-family rollout: qwen-vl-max for M1/M2, qwen3-max for
M3.

Substrate Backend medRel]  passso T
M1: image gwen-vl-max 54.3% 15.0%
M2: image + data  qwen-vl-max 5.5% 29.0%
M3: data only gwen3-max 4.2% 50.5%

Table D.3. Scaled per-task median relative error.

Task M1 (image) M2 (image+data) M3 (data)
Al y at zo 99.8% 2.0% 1.5%
A2 argmax in [a, b] 1.7% 0.8% 0.7%
A3 FWHM main peak 65.0% 38.6% 81.8%
B-Raman peaks / Ip/Ig 14.5% 8.2% 9.6%
B-EIS Z' intercept 100% 0% 0%
C-Stack offset 99.2% 13.4% 7.9%

VLM-judge agreement audit. A small human-audited sample reports inter-judge agreement between Qwen-VL-Max (the
L2 verifier) and a held-out human annotator: agreement 84% on accept/discard decisions on a 200-panel sample, weighted
Cohen’s k=0.61 (substantial agreement). Errors concentrate on near-empty plots and on panels where the legend is partially
occluded by curves; we flag both cases as a residual single-VLM-judge limitation (Section F (1)).

E. Agent-Readiness Scorecard

We frame “serves as a tool call inside an agent loop™ as a seven-axis scorecard: schema validity > 95%, per-curve confidence,
explicit abstain signal, pixel polyline, local execution, pso < 5, and pso < $0.01. A method is agent-ready when it scores
> 6/7. End-to-end on every n=204 image: schema-validity 204/204 (100%, vs. 84-92% for hosted VLMs); latency
ps0=L1.5s, pg9=2.5s (local M-class GPU, batch 1), all under the 5s loop budget; throughput ~ 2,400 imgs/h, so the
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440,155-instance line-plot subset of the L0 corpus extracts in ~ 7.6 GPU-days vs. $1.5k / 10 GPU-days at $0.012 per image,
or $50k+ / weeks under GPT-5.4 latency. MatDeplot emits 1,035 curves total across the 204 images (mean 5.07/image);
the Cell-5 abstain gate at T,,s=0.30 fires on 2/1035 curves (0.19%, both on a single near-empty plot), reflecting the
conservative default. MatDeplot scores 6/7; the cached Gemini K-call at $0.012/image costs the local-execution point, and
the MATDEPLOT-NOFG ablation drops the call and scores 7/7. The strongest hosted VLM scores 2/7.

F. Limitations and Audit

(a) Sample size. The legacy 36-image set is small; the n=90 leakage-clean hold itself is only 90 images. The Inst-F1
lead over VLMs on n=90 (0.942 vs. 0.930) is narrow; we anchor the contribution on LRy, where the unpaired lead is
unambiguous. (b) Train/eval contamination. The FG model’s 182-image real training set overlaps 114/204 MatCurvs-204
files; headline numbers use the strict n=90 complement (Section A.4). (c) Hybrid k-source. A cached Gemini-3.1-pro call
(83.3% exact / 91.1%=+1 on n=90) costs the local-execution point; the cache was queried on every n=204 image including
the hold (residual leakage channel; silhouette-k replacement committed for camera-ready). (d) Fallback never fires at
Tie=0.003 on the test data (0/36, 0/90); the trigger is a pathological-input safety net, not a measured lift. (e) MatCurvs-204
y-tick coordinate-system bug: 91% of files store pixel-Y in y-real; we apply an identical real—pixel mapping to every
method, slightly favouring pixel-native pipelines. (f) Chart-type coverage. The L1 split is XRD/Raman/XPS/ IR/EIS plus
electrochemistry; per-chart-type LR collapses on EXAFS/DOS/EIS-Nyquist with <5 training images each. (g) ChartOCR
omitted: no public scientific-chart checkpoint at submission time. (h) VLM snapshot drift: 2026-Q1/Q2 endpoint
snapshots, re-runs may shift modestly with vendor model rotations. (i) Single FG seed: architectural variance +0.005 via
the 24-row sweep (Table B.1); seed variance is uncharacterised. (j) Selection bias: the LR-optimised pixel-mode recipe
was selected from a 14-candidate iter12 sweep on this same n=90 hold; the headline equals the median candidate (IQR
LR 5 € [44.6,46.6]%, so small but non-zero). (k) Cell-6 (optional VLM-judge consensus review) disagrees: pairwise
k=0.05-0.11, pass rates 9-54% (Qwen most lenient); unanimous-fail correlates with GT LR 5 (A=+0.55) but abstains
on 52% of images — a safety net, not a replacement for LRy. (1) L2 single-VLM-judge: the L2 verification protocol
relies on Qwen-VL-Max as the sole automatic judge; we report human-audit agreement (84%, k=0.61) and flag residual
judge-circularity on near-empty plots and partially occluded legends.

13



MatDeplot: Agent-Ready Materials-Curve Understanding for Scientific Reasoning

L1_single
img 217a5eb3c9... GT polylines Ours (per-line clusters)
) 200000 ) 200000 ) 200000
( ] Ots CNT;-TiO:-RGO ( ] Ols CNT;-TiO:-RGO ( ] Ols CNT;-TiO:-RGO
150000 & 150000 & 150000 &
5l 5l 5l
£ £ £
2 1000004 & 2 1000004 & 2 1000004 &
'E M{/ﬂ‘ 7 'E 7 'E t
e M e e
£ £ £
500001 " 500001 " 500001 "
z z z
1000 800 600 400 200 0 1000 800 600 400 200 0 1000 800 600 400 200 0
Binding Encrgy (cV) Binding Encrgy (cV) Binding Encrgy (cV)
L2_two_line
img a002b8da9l... GT polylines Ours (per-line clusters)
E l |h l_.l LA“ Y T A E llhl J_nl " N P A E A
=] L - =] Lg - =]
el - -~ 3 b b
5 (NS s g g
E| €28 5 5
E = o E E
11 :
"
1 " | I I 1
10 20 30 40 50 60 70 8(
20/(C) 20/(C) 20/(C)
L3_few_line
img 510aaéc30e... GT polylines Ours (per-line clusters)
Vi Vi Vi
(b) DO 10J03! (b) DO 10J03! (b) DO 10J03!
*LMN *LMN *LMN
. o * D G . . D G . o 2 D G
H LN AN il N A I lM L _AA
z LMN/SACNT z LMN/SACNT z LMN/SACNT
N i\ i LA
= = =
LMN LMN LMN
N
SACNT SACNT SACNT
400 800 1200 1600 2000 400 800 1200 1600 2000 400 800 1200 1600 2000
Raman shift/ cm™ Raman shift/ cm™ Raman shift/ cm™
L4_many_line
img 00e558db02... GT polylines Ours (per-line clusters)
a). : v.  Si JFeSi, JFeSi a). : vo  Si JFeSi, JFeSi a). : v.  Si JFeSi, JFeSi
S . 100 h A A A A 100 h A’ 100 h
W‘L ol 'ML.A,.JVL‘ Lol -"M- el
= = =
& '—)'—-JLA_JJ"_L con g w oL 5
E 3 E 3 E
g M . L40h- g O . . L40h- g |
g e g A £ |
- T -
S0y N 20h S0, . 20h
[_so: | ‘ 2% Pk |
] BE L L1 |Is L il
10 20 30 40 720 60 70 80 90 10 20 30 40 720 60 70 80 90 10 20 30 40 720 60 70 80 90
e e e

Figure C.1. Per-stratum qualitative reconstruction. One representative panel per difficulty stratum (L1 single, L2 two, L3 few, L4 many
curves). Left: source chart. Middle: manual L1 ground-truth polylines. Right: MatDeplot’s per-curve cluster output. Peak positions and
stacked-offset structure are preserved across all four strata.



