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Abstract

Table Extraction (TE) consists in extracting tables from PDF docu-
ments, in a structured format enabling automatic processing. While
numerous TE tools exist, the variety of methods and techniques
makes it difficult for users to choose the most appropriate one. We
propose a novel benchmark for assessing end-to-end TE methods
(from PDF to the final table) over 86k pages. We contribute an
analysis of TE evaluation metrics, and a novel, rigorous evaluation
process, which allows scoring each TE sub-task as well as end-to-
end TE, and captures model uncertainty. Along with prior datasets,
our benchmark comprises two new heterogeneous datasets of 39k
samples. We run our benchmark on diverse models, including off-
the-shelf libraries, tools, computer vision-based models and modern
approaches using general and specialized vision language models.
The results demonstrate that TE remains challenging: current meth-
ods suffer from a lack of generalizability when facing heterogeneous
data, and from limitations in robustness and interpretability.
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Model tradeoff: FT*PS vs cost on Table-arXiv
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Figure 1: Performance vs. computational cost

1 Introduction

In PDF documents, such as scientific publications, business or ad-
ministrative reports, etc., tables are often used to represent data in
a way that is easy to read by humans. Such tables often contain
valuable information, which cannot be easily found in other sources.
Thus, retrieving the set of all tables from these documents is crucial
in order to exploit such data. This is the goal of table extraction
(TE, in short). TE is often a first step of data analysis pipelines, e.g.,
to answer questions over tables [5, 22] or combine them within a
data lake [31, 33, 52].

Prior research has identified two core TE sub-tasks: Table Detec-
tion (TD) and Table Structure Recognition (TSR), often studied
and evaluated independently, each on its own dataset [10, 23, 37, 64].
However, in any real pipeline TD feeds TSR, so detection errors
propagate downstream. Evaluating the two in isolation, on sepa-
rate datasets (Figure 2), therefore fails to capture what we actually
care about, which is why an end-to-end evaluation is needed. More-
over, new methods are typically compared only against others of
the same family on homogeneous data, rather than across diverse
approaches and document layouts.

In this paper, we address this gap by proposing carefully justified
metrics for TE methods and, based on these metrics, comparing
a large set of methods in an end-to-end fashion, on scientific PDF
documents. We review existing methods on heterogeneous datasets
(diverse in terms of layout and table styles), ranging from simple
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rule-based libraries to object detection systems based on transform-
ers, general and task-specialized Vision Language Models (VLMs),
and a commercial tool. As modern approaches (based on vision
language models) require heavy computation, we also investigate
the tradeoff between performance and computational cost, as illus-
trated in Figure 1.

Our main contributions are as follows: (1) We compare aca-
demic methods to those widely used in practice, on four benchmark
datasets. While prior work assessed TE subtasks in isolation, this
paper enables end-to-end quality evaluation of TE methods. (2) We
propose a new framework for TE evaluation, with formally justified,
new end-to-end metrics; (3) We create and publicly share two novel
datasets for TD, TSR, and TE, with high-quality ground-truth data.

We distinguish text-based PDFs, i.e., files produced via tools such
as Office or KIgX, from non-text ones, which are mostly results of
scan or photography. While the latter include historical (legacy)
documents, the former are continuously created, in increasing num-
bers, e.g., on arXiv!. Thus, in this work, we focus on text-based
PDFs only. Non-text PDFs could be converted to text-based ones via
Optical Character Recognition, however, this may introduce extra
errors, whose impact we seek to avoid in our TE benchmark.

We define the TE, TD, and TSR tasks in Section 2, also discussing
the relevant literature. We describe our datasets and the methods
we compare in Sections 3 and 4, respectively. We present evaluation
metrics and our evaluation methodology in Section 5. Experimental
results are in Section 6. Our benchmark is archived at https://doi.
0rg/10.5281/zenodo.20486310, together with additional material and
an extended version with appendix.
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Figure 2: Prior approaches evaluate Table Detection and Table
Structure Recognition in isolation, each on its own dataset
and with TSR starting from gold-cropped table images. Our
pipeline instead evaluates 15 end-to-end models on the same
documents, feeding the TD output into TSR and scoring the
result with dedicated end-to-end TE metrics.
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2 Table Extraction

We view a table extracted from a document as a list of rows, each
of which consists of a list of cells. Further, each cell has a content,
that may be textual, numerical, mixed, etc. Note that different rows
may have different numbers of cells; this is due to merged cells, i.e.,
cells spanning several rows and/or columns.

2.1 Table Extraction Tasks

Table Extraction (TE) involves detecting and recognizing a table’s
logical structure and content from its unstructured presentation in
a document. TE can be decomposed in subtasks, as follows.

Table Detection (TD). This consists in detecting tables in an input
document (PDF document, or page given as a bitmap image). We
assume tables are aligned with the axes of the pages, and might
have been rotated by £90 degrees. Typically, a table is detected as
a rectangular bounding box. Note that some TE models do not
output bounding boxes, but only HTML tables.

Table Structure Recognition (TSR). This consists in recognizing
the structure of a table in terms of rows, columns, and cells. The
input can be a cropped table image or a page image with detected
table bounding box. Table Content Recognition (TCR) identifies the
content (characters) within each cell. Clearly, TCR depends on TSR
for the identification of cells; the two tasks are often performed
together. Thus, by a small abuse of language, we will denote both
tasks by the TSR acronym. At the end of TSR, the table is fully
captured in a structured format, and can be rendered in HTML with
its rows, cells, spans, and content.

2.2 Prior datasets and benchmarks

The literature comprises several benchmarks for TD and TSR, the
latter with or without TCR. Some datasets focus solely on TD,
such as PubLayNet [79] and TNCR [1]. Others target TSR only,
e.g.: SciTSR [10], focusing on scientific papers; PubTabNet [78],
from biomedical articles; TabLeX [14], which uses BIgX for dataset
generation; SynthTabNet [47], a synthetically generated dataset;
WTW [59] and iFLYTAB (73], from photos and scanned documents.
Other datasets address TD and TSR, but not TCR, including: ICDAR-
2019 [17], the dataset of a TD competition; TableBank [37], a larger
dataset built using weak supervision from Word and EIgX doc-
uments on the internet; PubTables-1M [63], the largest dataset
available (one million tables). Some datasets support TE evalua-
tion but consist of only images (scans) of documents, as opposed
to PDFs with text. Most recent examples include TabRecSet [70]
(real-world scanned documents), and OmniDocBench [50] (man-
uscript annotations, magazines). Among the few text-based PDF
datasets is that from the ICDAR-2013 [23] TD competition. While
FinTabNet [64, 77] (financial reports) meets our criteria, its poor
data quality led us to exclude it from our study.

Most prior benchmarks evaluate only a limited set of TE methods,
often focusing on introducing a new dataset rather than studying
existing approaches [27]. In contrast, our benchmark evaluates a di-
verse range of methods, fifteen in total, from classical to very recent
ones. In particular, we provide the first thorough comparison of
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recent VLMs, proposed for document layout analysis, with special-
ized TE methods, on common datasets, with a unified comparison
framework.

Existing benchmarks tackle TD and TSR as two independent prob-
lems and do not evaluate the quality of end-to-end TE methods. Con-
sider a two-step TE method involving two models where the output
of TD becomes the input of TSR model. TSR benchmarks start
from detected (cropped) table images. In contrast, in real-world
deployments, the quality of TSR output can strongly degrade if its
input (TD output) is of poor quality. This impact is missed when
evaluating TD and TSR separately; or, in reality, what matters is
end-to-end TE result quality. This is why we need an end-to-end
benchmark, and thus new metrics for evaluating the end-to-end
model synergy.

Another limitation of existing benchmarks is that they only con-
sist of positive instances, i.e., each sample includes at least one table.
As we will show, this inflates precision scores and compromises their
relevance for real-world performance.

Existing TE methods. An end-to-end TE model processes a docu-
ment (or a page) to extract tables. Early heuristics methods relying
on hard-coded patterns were limited to specific table types [9, 18,
28, 29, 57, 67]. Machine Learning (ML) later improved generaliza-
tion [16, 26, 30, 32] but required heavy feature engineering, which
was eventually surpassed by Deep Learning (DL) models [6, 60].
Thanks to larger training datasets, deeper networks and more effi-
cient architectures, these now achieve superior accuracy and versa-
tility. Notably, [25] used Convolutional Neural Networks (CNNs) for
TD, and DeepDeSRT [61] was the first to use Faster R-CNN-based
models [19] for TD and TSR.

Some models are focused on certain data types, for example scans
of paper documents with distortion [45], others on robustness. More
recently, expert VLMs specialized for TE or document parsing have
emerged. We detail state-of-the-art methods in Section 4.

3 Our benchmark

Table 1: Datasets used in our benchmark (L: BTEX, W: Word,
P: Professional publishing system, O: Other).

% Type Count
Dataset
L W P O #Pages #Positives # Tables
PubTables 0 1 8 14 46 942 46942 55990
Table-arXiv 100 0o 0 0 36 869 5214 6308
Table-BRGM 11 81 0 8 2003 256 361
ICDAR-2013 ? ? ? ? 238 135 163

Our benchmark for evaluating the quality of end-to-end TE
methods is based on four datasets of scientific text-based PDF docu-
ments. These are structured documents primarily used in academic,
research, or technical fields. Their tables vary widely in design
(depending on the publisher), and domain, e.g., biomedical, math-
ematical, physical, geological, governmental (administrative), etc.
Each dataset contains: as input, document pages (both as PDF
files and as individual rasterized images) with coordinates of each
word appearing within the page (such coordinates can be obtained
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by standard PDF or image analysis libraries such as PDFAlto and
PDFMiner?); as output, every table identified within each page
with bounding box coordinates, as well as the table content and
structure formatted as HTML markup. Table 1 shows dataset sta-
tistics with novel contributions in bold. We use the PDF metadata,
extracted via pdfinfo, to classify document types. For ICDAR-2013,
we only have access to processed PDFs (documents with deleted
pages), which prevents inference of the document type.

PubTables-Test. First, we used a subset of the largest prior TD/TSR
test dataset, PubTables-1M, from scientific biomedical articles in
PubMed Central Open Access [56], enriched with the PDF files and
ground truth tables as HTML markup. The documents tend to be
fairly homogeneous in the way tables are typeset; the PDF metadata
indicates that most documents were produced using professional
publishing systems such as Adobe InDesign.

Table-arXiv. To ensure heterogeneity within our data, we have
also automatically generated “Table-arXiv”, a new dataset of 37k
samples built from the ETgX source files of arXiv preprints. These
sources were sampled from the last 20 years and across all arXiv
domains. Using the BIEX source code, we automatically generated
TD and TSR (with TCR) annotations: for TD, by instrumenting
the commands starting and ending a tabular environment, to add
anchors that allow tracking their locations within the generated
PDF; for TSR, we used LaTeXML? to generate HTML markup tables
from the source file.

Table-BRGM. We have manually constructed and annotated the
dataset “Table-BRGM”, ensuring high annotation quality, that is
domain-specific and comprises French and English geological re-
ports sourced from a selection of BRGM documents; BRGM is
France’s reference public institution in Earth sciences. The doc-
uments contain geological survey reports and records. Its interest
is that its layout significantly differs from the others, mainly because
these were mostly produced with a Word processing software rather
than a typesetting system such as BIEX.

ICDAR-2013. Finally, we also considered the standard ICDAR-
2013 dataset, a well-known TE benchmark. This dataset, introduced
at the 2013 ICDAR Table Competition, contains European Union
and US Government PDF reports.

These datasets contain heterogeneous tables: small and large
tables, tables with or without borders, empty cells, merged cells,
etc., in English and French.

4 End-to-end methods

We tested various methods, ranging from simple Python libraries,
to well-established extraction platforms, computer vision-based
methods, general VLMs and expert VLMs. Table 2 summarizes the
methods, grouped by type. Some methods (noted with “Conf” in
Table 2) output a confidence score (between 0 and 1) along with
their predictions, indicating how confident the model is that a table
exists in a given area. We refer to models that return a confidence as
“probabilistic models” (even though the scores are not necessarily
interpretable as probabilities). “BBox” and “HTML” state whether

Zhttps://github.com/kermitt2/pdfalto, https://github.com/pdfminer/pdfminer.six
3https://github.com/brucemiller/LaTeXML
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Table 2: End-to-end methods for table extraction

Output

Method Type Input TCR _—
BBox Conf. HTML

Steps #Param. Usage

PDF  PDFMiner
PDF  PyMuPDF
PDF  PDFMiner
Grobid PDF PDFAlto

TATR Image  PDFAlto
XY+TATR Computer ~ Image PDFAlto
Vision §4.2  Image PDFAlto
PDF  EasyOCR
. Image VLM
GPT-4.1 ‘\ji‘;:i , Image  VIM
Gemini 2.5 Pro o Image VLM
Image PDFAlto
GOT Image VLM
MonkeyOCR Image VLM

Mathpix 7§45 Both ?

oM
oM
oM
0.3M
60M
60M
280M CPu
130M

Baseline §4.1 CPU

32B  GPU
?  API
?  API

8B
07B  GPU
3B

?  API

N RSN ENENENEN ENENENEN
SENEN

Expert
VLMs §4.4

<
AN

N ENENEN N NN ENENENEN ENENENEN
) (UGS RGO O U,

<

the tool outputs a table’s coordinates (bounding box, BBox) and/or
its structure in HTML. “4Param.” is the number of model parameters;
“Usage” states how the tool is run (on CPU, GPU, or through an
API).

4.1 Baseline Models

Commonly used Python libraries. We selected the most popular
TE Python libraries on GitHub: PDFPlumber [62], PyMuPDF* and
Camelot®, with respectively (as of June 2026) 10.4k, 9.9k, and 3.7k
stars. Taking text-based PDF as input, they have rule-based heuris-
tics using the lines that are explicitly drawn or implied by the word
alignment on the page for table detection and extraction.

Grobid. (GeneRation Of Blbliographic Data® [43]) is a machine-
learning library for extracting, parsing, and re-structuring raw doc-
uments such as PDF into structured XML/TEI-encoded documents,
with a particular focus on technical and scientific publications; it is
used in production, e.g., on France’s national preprint server HAL.
Grobid structures the document’s text body into paragraph, section
titles, reference, figures, tables, etc., which it represents as XML.

4.2 Computer Vision-based methods

More advanced methods for TE rely on computer vision techniques,
taking images as input (not PDF). We study four end-to-end TE
methods, with different architectures. Confidence scores are typi-
cally obtained from the final softmax layer of the neural network
and are used to classify bounding boxes.

TATR. TAble TRansformer (TATR) [63] is a model released by
authors of PubTables-1M, pretrained on their dataset, using the
DEtection TRansformer (DETR) [8] architecture. It consists of two
parts: a backbone model (CNN) which extracts image features, fed
into an encoder—decoder transformer model for object detection
tasks. In contrast with prior approaches, e.g. [41, 66, 81], DETR
does not need to be given “anchors” (regions where to look for
candidate objects to extract). Instead, DETR learns a small, fixed
number of position encodings, so-called object queries, and uses
them for extraction. TATR is composed of two models: one for

“https://github.com/pymupdf/PyMuPDF
Shttps://github.com/camelot-dev/camelot
Shttps://github.com/grobidOrg/grobid
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TD, TATR-detect, whose output feeds the TATR-struct model which
performs TSR. Given a page as an image, TATR-detect performs
object detection to locate tables. Then, in the cropped images, TATR-
struct detects table structure elements. TATR-struct expects as input
the locations of tokens (letters, digits, symbols, etc.) in the document
as vertical and horizontal coordinates in pages; we use PDFAlto to
extract them. Finally, we obtain a complete table, including textual
cell content, and export it as HTML markup.

XY-cut+TATR. Next, we introduce a new probabilistic model
we devised: XY-cut+TATR. We noted that TATR-detect was some-
times wrong on pages containing multiple tables: either some were
missed, or, when recognized, their confidence scores were low.
Object queries (decoder input) are positional embeddings learned
during training, which contain abstract information about spatial lo-
cations (“where should the model look?”). Thus, each output, which
is directly associated to an object query, is roughly specialized in an
area. To improve TATR results, we pre-process each page given as
input, by separating layout components that are isolated by white
space; for this, we rely on the algorithm XY-cut [24]. XY-cut works
as follows. By counting the number of black pixels” along each axis,
X and Y, we obtain profiles of pixel distributions, which are used to
isolate rectangle components to form sub-images. Each sub-image
is then fed as input to TATR-detect. This allows to help the model
focus on individual areas. We will designate this model as XY.

VGT+TATR-struct. This model follows a pipeline similar to that
of TATR, where TATR-detect is replaced with a multimodal vision
component, Vision Grid Transformer [13] (VGT). This is a Docu-
ment Layout Analysis tool; it produces structured representations
of documents. In contrast with TATR, which only uses visual infor-
mation, VGT also relies on textual information, which it views as
a 2D grid. This model achieves state-of-the-art results on TD over
the PubLayNet [80] dataset. VGT has two parts: a Vision Trans-
former, which models visual information, inspired by ViT [15] and
DiT [36]; and a Grid Transformer (GiT), that models 2D language
information with 2D token-level grid. Overall, the framework aims
to generate better embeddings from the input image page, in order
to feed the detection framework that performs object detections
using 6 classes, including table. The detection framework is the
Cascade R-CNN [7] detector, which is implemented based on the
detection library Detectron2 [69].

Docling. Docling [3] is an advanced Python library for PDF doc-
ument processing and understanding (60.8k stars on GitHub). It
extracts tables in two steps: it leverages RT-DETR [75] for TD, and
TableFormer [47] for TSR, while relying on EasyOCR®, a third-party
OCR library, for TCR. Docling does not provide confidence scores
for TD. RT-DETR, based on DETR, finds various layout compo-
nents (table, text, title, etc.) in each page. RT-DETR adds an efficient
hybrid encoder that processes multi-scale features (inspired by
Deformable-DETR [82]); and the uncertainty-minimal query selec-
tion (inspired by DINO [71]) that improves the quality of initial
object queries. This model has been re-trained on the DocLayNet
dataset [55], comprising diverse data sources with varied layouts.
TableFormer [47] is a vision-transformer model that identifies the

7 Assuming PDF reports are written in black on a white background.
8https://github.com/Jaided Al/EasyOCR


https://github.com/pymupdf/PyMuPDF
https://github.com/camelot-dev/camelot
https://github.com/grobidOrg/grobid
https://github.com/JaidedAI/EasyOCR

Benchmarking Table Extraction from Heterogeneous Scientific PDF Documents

structure of a table by using a custom structure token language [44],
starting from an image of the table. Its architecture consists of an
encoder (CNN backbone network and transformer encoder) produc-
ing features that represent the input image, and two transformer
decoders: Structure Decoder and Cell BBox Decoder. The former
generates the logical table structure as a sequence of tokens (HTML
tags), while the latter predicts simultaneously bounding boxes of
table cells.

4.3 General VLMs

General VLMs are large-scale multimodal models designed for
broad applications, including document parsing. By integrating
large OCR datasets during pretraining, models such as Qwen2.5-
VL [4] have shown strong performance in document content ex-
traction tasks.

We selected Qwen2.5-VL 32B, an open source model able to lo-
calize objects using bounding boxes, document parsing and “robust
structured data extraction from tables”. We also use OpenAI’s GPT-
4.1 [49] and Google’s Gemini 2.5 Pro [12] as proprietary models,
since they are recent, popular, and reported to perform very well
on multimodal tasks. Qwen2.5-VL and Gemini 2.5 Pro are expected
to have visual capacities and spatial understanding because of their
pretraining. It remains unclear whether GPT-4.1 supports object
localization, but we maintained the same prompt across all VLMs
for consistency. We use these general VLMs in zero-shot prompting:
given an image and a prompt, the VLM outputs normalized table
coordinates and HTML tables. As we will discuss in section 5.4, the
model’s limited visual capacity poses a challenge for evaluation,
since TD analysis typically requires table coordinates. API inference
cost a total of 320 USD for GPT-4.1 and 1 200 USD for Gemini 2.5
Pro. Also, we cannot guarantee the absence of contamination: these
VLMs may have been trained on the datasets from the benchmark.

4.4 Expert VLMs

Expert VLMs are large multimodal models specifically trained for
document parsing tasks.

TabPedia. TabPedia [74] is a specialized VLM in visual table
understanding, able to perform TD, TSR, table querying and ta-
ble question answering. TabPedia is composed of High and Low
Resolution Vision Encoders, using the Swin-B [42] and CLIP vi-
sual encoder ViT [58] architecture respectively. The pre-training
stage aims to align the visual features to the large language model
(LLM) Vicuna-7B [11], and the fine-tuning stage focuses on visual
table-aware understanding. These pre-trained models have been
finetuned on PubTables-1M, FinTabNet and PubTabNet for TD and
TSR.

GOT. GOT-OCR 2.0 [68] is an “OCR 2.0” model, based on VLMs.
GOT relies on three modules: an image encoder (VitDet [38]), a
linear layer, and an output decoder (OPT-125M [72] or Qwen-0.5B).
It follows three training stages: a pre-training for the vision encoder,
then a joint-training for the encoder-decoder and finally a post-
training for the language decoder. The authors curated a dataset of
tables by crawling a large collection of KKIEX source files from arXiv.
GOT outputs a . tex file describing the whole page, including the
tables, but without coordinates.
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Monkey-OCR. MonkeyOCR-pro-3B [39] is a unified vision and
language framework for robust document parsing. MonkeyOCR
adopts a Structure-Recognition-Relation triplet paradigm, which
simplifies the multi-tool pipeline of modular approaches while
avoiding the inefficiency of using general VLM for full-page docu-
ment processing. The first stage employs a YOLO-based [76] doc-
ument layout detector; the second stage performs content recog-
nition within detected regions through a LLM. In the final stage,
the logical reading order of detected elements is inferred through
relation prediction. The training dataset has not been disclosed.

4.5 Commercial tool

Mathpix. We evaluated Mathpix?, a closed-source commercial
tool accessed via API. While its model architecture is not publicly
disclosed, Mathpix is a STEM-specialized system rather than a
general-purpose model. It focuses on scientific and technical doc-
ument understanding (math, chemistry, tables, figures, and multi-
column layouts). API inference cost a total of 310 USD.

5 Metrics

In this section, we present metrics used for TD, TSR, and TE, as
well as our evaluation methodology.

We first introduce some notations. From now on, we highlight
the first occurrence of each notation encasing it in a box, for quick
reference. Let| P | be the set of TE model outputs: each of its elements
is a tuple that includes a bounding box, a predicted HTML table
7, and, if available, a confidence score cipple. When the models
lack a confidence score, we consider ciple = 1 in all P entries.
We define C P as the set of positive predictions: those that
we consider to be actual tables. For probabilistic models, where
confidence scores can be interpreted as table probabilities, we use a
threshold to define positive predictions. This threshold draws
a decision boundary: only predictions with scores above it are
counted as positive. In this case, we set to be {(7, ctable) € P |
Ctable > 0.}, with confidence score threshold 6. € [0, 1]. For the
non-probabilistic models, cipe = 1, and thus we have P+ = P.

5.1 Table detection (TD)

TD performance can be evaluated using traditional metrics inspired
from Information Retrieval. Specifically, a True Positive (TP) is a
table correctly recognized, a False Positive (FP) is a table found
by the model where a human user would not consider a table
exists, and a False Negative (FN) is a table recognized by human
users but missed by the model. Given a table predicted by the
model, and a table in the gold standard, to identify TPs, we rely
on the Intersection-over-Union (IoU) metric between the areas of
the prediction, and the gold standard tables. If IoU is above a given
threshold e [0, 1], the prediction is counted as a TP. For a given

TD method, [+ |C P+ denotes the set of true positive predictions.
Average precision. For probabilistic models, the set of positive
predictions P+ € {Py, } o depends on the choice of a confidence

score threshold 0. and a IoU threshold 65, thus we obtain a set of
corresponding scores {Xp, 9 ), }9&9], where X may denote Precision,

“https://mathpix.com/
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Recall, etc. To aggregate over several 0. values, in the object de-
tection literature, the Average Precision metric is used [40]. The
Average Precision at IoU threshold 0y is the area under the Precision—
Recall curve for a fixed 05, varying 6.. By ranking predictions in
the increasing order of their confidence score, we can compute
Precision and Recall, at confidence score 0, (where the positive
predictions are elements from ch) and at matching threshold 0,
which leads to pairs of Precision-Recall (the curve). The benefit of
the APy, metric is to account for the entire recall range, not just a
single recall threshold. We compute it using Scikit-learn [54].

Estimating model confidence via its (mis)calibration. The metrics
used above (Xg(_,’gj, and Ang) rely on binary decisions, where each
prediction is either positive or negative. We seek a finer-grain
evaluation, accounting not only for these binary choices, but also
for the associated confidence scores. A probabilistic model is said to
be calibrated when its probabilities (confidence scores) are aligned
with the real-world outcomes [21]. A calibrated model is desirable
because its predictions can be seen as more trustworthy. Formally,
model calibration is defined by: P[Y = Y | P = p] = p where
[Y = Y] is the event “the model prediction is right” and [P = Pl
is the event “the confidence score (seen as a RV) is equal to p”,
for p € [0,1]. If this is the case, the random variable P perfectly
reflects the prediction trustworthiness. Based on this definition,
the miscalibration of a classifier can be measured by the expected
calibration error (ECE) [46].

However, in the case of object detection, we cannot enumerate
[17 = Y], but only [? =Y = 1], because there is a multitude of nega-
tive locations (possible bounding boxes that do not contain a table).
Thus, for an object detection model, calibration is measured with
respect to the precision [34], leading to the object detection version of

ECE, or[D-ECE}, in short: D-ECE = 5 [ P [17 -y =1 ‘f’:p] “»p
To compute D-ECE efficiently, we approximate (discretize) by parti-
tioning predictions into equal bins, and taking a weighted average
of the bins’ (Precision-Confidence) gap.

5.2 Table structure recognition

Once a table has been correctly detected (TD yielded a true positive,
TP), we want to evaluate TSR result quality, by checking that the
predicted table has the correct table shape (topology, structure),
and that cells have the expected content.

A naive approach for TSR evaluation could be to tackle it as
an object detection task by comparing predicted bounding box
cells with Ground Truth (GT) cells by their absolute positions. This
approach is vulnerable to shifts: a slight shift along one or both
coordinates of a predicted bounding box cell would disproportion-
ately penalize the models. Therefore, we prefer metrics that rely
on the structure, not on absolute coordinates. The 4-gram BLEU
score [51] (BLEU-4) metric compares predictions and GT HTML
tables as strings with markup structure (tags) and content but lacks
spatial structure evaluation, and needs exact matches for cells. The
DAR metric [20] (Directed Adjacency Relation) is based on imme-
diate neighbors, i.e., the relative positions of non-empty cells. As
shown in [78], DAR cannot detect errors caused by empty cells
and misalignment of cells beyond immediate neighbors (it does
not capture the global 2D structure) and uses exact match. Thus,

|
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we chose to use two metrics: GriTS [65], which evaluates tables
directly in their matrix form and computes a similarity between
these matrices, and TEDS [78] which compares tables seen as trees
of HTML tags. We describe these metrics below.

TEDS. The metric Tree-Edit-Distance-Based Similarity (TEDS)
measure views each HTML table as follows. There is a root <table>
with children <tr> (nodes are table rows). The leaves of the tree
are cells <td> with attributes colspan, rowspan and content.

TEDS builds upon the previous Tree-Edit Distance [53], in turn
inspired by the Levenshtein Distance [35]. The latter counts the
minimum number of insertions, deletions, and substitutions to
transform a string into another string. Similarly, TEDS counts the
node deletions, insertions, relabeling and content modifications
needed to transform a tree (HTML table) into another, as follows:
the cost to insert or delete and relabel a node is 1; the cost of relabeling
a cell content is the normalized Levenshtein similarity between
the two strings. Formally, for trees Tp, Tor: TEDS(Tp, TgT) = 1 —
EditDist(Tp,TgT)
max(|Tpl,|Tg])

GriTS. The Grid Table Similarity (GriTS) family of metrics con-
siders table structure from three perspectives: Topology, describing
the rows and columns each cell spans over, in a two-dimensional
grid; Content, which refers to the textual content within each cell;
and Location, denoting the rectangular span in a pixel matrix that
is occupied by each cell. This leads to three GriTS similarity metrics.
We ignore the one based on Location (coordinates) since it suffers
from the shift problem described above. Each metric takes as input
two matrices of cells, the prediction and the GT, and computes their
2-dimensional Longest Common Subsequence (2D-LCS, in short).
First, tables are represented as matrices P, G (prediction, GT) en-
tries in E, which is Z* and V¥ for the Topology metric and Content
metric, respectively. From (P, G), we extract the two substructure
matrices P and G (of the same shape between themselves) that are
the most similar according to f, the penalty function between the
grid cells’ properties. The penalty function f depends on the sub-
task (Topology, Content), as explained below. With | - |, the matrix

size (number of grid cells): GriTS¢(P,G) = 2% The
entry-wise penalty function f: E X E — [0, 1] measures the partial
correctness between two entries with the same coordinates; it re-
places the 0 or 1 value used for the vanilla 2D-LCS computation [2].

Concretely, f is IoU for Topology, and LCS for Content.

where | - | is the number of nodes.

HTML markup vocabulary to be used in our evaluation. One last
aspect needs to be settled with respect to the metrics based on
HTML markup (TEDS and GriTS). To avoid being penalized by
different sets of HTML tags used by different models, we normalize
each output preserving only three tags: <table>, <tr>, <td>. From
now on, we implicitly consider that each TSR metric applies over
such normalized outputs (and normalized GT) only.

5.3 Table extraction

We aim at evaluating TE to compare directly end-to-end methods as
a whole. To this end, we propose a metric similar in spirit with the
well-known Precision and Recall metrics, because these are easily
interpretable. Specifically, we replace binary values (1 for TP and 0
for FP) by continuous scores, parameterized by the TSR score, which
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Figure 3: (left) Precision-Recall for bbox TD; (right) PP — R™P for bbox TE

measures how accurately table structure and content are extracted.
Recall that 0y is the IoU threshold above which table detection is
considered to have found a table.

Definition 1 (TSR Precision and Recall). Denoting for each de-
tected (positive) table i its IoU J;, given a TSR metric which asso-
ciates to each positive i the score sl.TSR, we define the TSR precision
and recall as:

1
TSR _ TSR
P Z i 15>0]

1
TSR _ TSR
TP A S PR
i€

iepPt

where 1| Ji>0] I8 the indicator function whose value is 0 for tables
whose IoU is below 0y and 1 for the others and |G| is the number
of ground-truth tables.

Intuitively, in the metrics defined above, we propagate the strength
(or confidence) of the table detection, in order to also reflect it in
the “downstream” task of TSR.

5.4 Evaluation Methodology

We now explain how we apply these metrics to ensure a fair com-
parison of all models and to evaluate end-to-end TE methods.

Text-based Table Detection. For methods that output table
locations (bounding boxes), we use the metrics presented in Sec-
tion 5.1, based on IoU. For models which do not output bound-
ing boxes (GOT, Table 2), we replace the IoU by a Jaccard index
(over tables content) to determine whether a table has been de-
tected, based only on the predicted and GT tables HTML markup.
Given the multisets of 2-grams obtained from the text content of
a predicted table (Sp), respectively, from the GT (Sgr), we de-
fine: Jaccard(Sp, Sgr) = %
(retaining each multiset element with its maximum multiplicity),

where U is the multiset union

and M the multiset intersection (based on minimum multiplicity).
Accordingly, we call “bbox TD” and “txt TD” the TD evaluations
based on bounding boxes, respectively, table content. After the TD
evaluation, TSR evaluation is carried over the true positives P**.

Evaluating TSR impacted by TD. Traditionally, TD and TSR are
evaluated independently. However, in downstream tasks, models
are used sequentially to perform end-to-end TE, thus TSR eval-
uation depends on TD. Note that most recent models tested are
one-step TE methods, and we may not be able to separate (dis-
cern) the two sub-models. Aiming for an end-to-end evaluation, we
choose not to use a predefined dataset as input for TSR. Instead,
we use the set of true positives P** C P* obtained from the TD
inference part; we use 67 = 0.5 to distinguish TP from FP. In this
way, the TSR score better reflects what can be observed in the use
of the end-to-end model. The final TSR score is then obtained by
averaging the scores over the set of TP. This has two consequences:
(i) TSR evaluation is not independent of TD; (ii) We can no longer
directly compare TSR results between models, since the input dataset
P** is different for each model (determined by the model’s perfor-
mance on TD). Consequently, if TD fails to correctly'? detect tables,
the structure model will be penalized. While this may seem “unfair”
to TSR models, it reflects the reality of end-to-end TE result quality,
which are measured on the final results.

6 Experimental evaluation

We begin by analyzing TD results (subsection 6.1), comparing re-
sults obtained with bbox and txt TD, model calibration, and the
tradeoff between performance and computational cost. Next, we

For instance, a TP with IoU at 51% may miss part of the table’s content.
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Table 3: AP scores for bbox TD and Average APTSR for bbox TE across datasets for probabilistic models.
PubTables Table-arXiv Table-BRGM ICDAR-2013
Method TD TE metrics (bbox) TD TE metrics (bbox) TD TE metrics (bbox) TD TE metrics (bbox)
AP AP ApCon APTEDS Ap ApTor ApCom APTEDS Ap APTor ApCom  APTEDS  Ap  ApTop ApCon  APpTEDS
TATR 1.00 0.91 0.80 0.80 086 0.73 0.56 0.52 0.82 0.73 0.67 0.64 0.96 0.81 0.67 0.66
XY+TATR 0.98 0.88 0.78 0.78 086 0.73 0.56 0.51 0.95 0.87 0.78 0.73 0.96 0.79 0.64 0.63
0.96 0.81 0.69 0.70 0.75 0.60 0.44 0.40 0.46 0.21 0.15 0.14 0.88 0.51 0.33 0.34
Table 4: F;-scores for bbox and txt TD and F{*R-scores for bbox TE across datasets for models.
PubTables Table-arXiv Table-BRGM ICDAR-2013
Method TD TE metrics (bbox) TD TE metrics (bbox) TD TE metrics (bbox) TD TE metrics (bbox)
Ff Fftox plop pfon pTEDS g phboc  plop plon pTEDS g pphor  plop pCon pTEDS gt ppbox  plop pCon  pTEDS
0.23 0.25 0.23 0.20 0.20 0.11 0.33 0.20 0.15 0.13 0.75 0.83 0.76 0.68 0.68 0.54 0.66 0.57 0.51 0.50
0.31 0.42 0.33 0.29 0.27 0.13 0.38 0.25 0.19 0.17 0.63 0.85 0.71 0.64 0.62 0.55 0.76 0.59 0.51 0.49
0.30 0.41 0.29 0.25 0.22 0.09 0.24 0.17 0.13 0.12 0.52 0.74 0.63 0.56 0.54 0.46 0.63 0.50 0.43 0.41
Grobid 061 067 059 051 047 034 043 039 031 028 012 015 009 007 006 015 016 013 012  0.11
0.96 0.99 0.95 0.86 0.86 0.70 0.90 0.83 0.72 0.69 0.78 0.86 0.84 0.80 0.79 098  0.99 0.97 0.90 0.90
0.90 0.65 0.61 0.52 0.54 0.50 0.40 0.38 0.31 0.31 0.69 0.29 0.27 0.24 0.24 0.90 0.73 0.70 0.64 0.64
GPT-4.1 0.68*  0.46* 0.42* 0.35* 0.36" 0.29 0.28 0.26 0.20 0.20 0.43 0.35 0.33 0.27 0.27 0.65 0.65 0.60 0.53 0.53
Gemini 2.5 Pro  0.85*  0.78* 0.71* 0.66* 0.69* 027 036 034 030 030 045 045 041 038 039 079 079 074 070  0.71
- 0.91 TO TO TO - 0.22 TO TO TO - 0.26 TO TO TO - 0.69 TO TO TO
GOT 0.39 - - - - 0.14 - - - - 0.07 - - - - 0.28 - - - -
MonkeyOCR  0.96 0.99 091 085 087 067 097 090 079 078 082 097 092 086 084 099 098 094 088 087
Mathpix 093 099 092 08 0.8 068 095 090 079 079 090 095 088 078 082 095 0.9 0.92 084  0.89

analyze TE results (subsection 6.2) using our new end-to-end eval-
uation framework. Our code is archived on Zenodo. Experimen-
tal results will answer the following questions raised previously:
(Q1) Which models demonstrate the most consistent performance
across all datasets? (Q2) Do low-cost models perform well in some
cases? (Q3) Are VLMs reliable and competitive? (Q4) Which models
offer the best tradeoff between performance and computational
cost across datasets? (Q5) Are confidence scores trustworthy?

6.1 Table detection performance

Figure 3 (left) plots Precision-Recall curves from bbox TD over our
four datasets. Models are distinguished by colors (same as in Table 2).
We plot probabilistic model scores as curves and represent the other
models as dots, using IoU threshold of ; = 0.5. Moreover, we draw
iso-F; curves in gray (F; values: 0.2, 0.4, 0.6, 0.8). The closer a curve
is to the top-right corner, the better its trade-off between Precision
and Recall. Finally, we compute Average Precision scores, denoted
as [AP], which is the area under the Precision-Recall curve (see
Table 3) to easily compare curves. Table 4 gathers F;-scores for other

models with txt and bbox TD (denoted , ). We use the

former to compare GOT with other models. For Gemini and GPT,
scores with an asterisk (*) are for results obtained using a subset
of the data (40k over 47k images), as inference was stopped after
1500 USD due to budget constraints. The best results are shown in
bold, and the second best are underlined.

Having four datasets allows us to observe different behaviors of
models depending on the document layout and table styles. Indeed,
models’ performance varies when changing the datasets. For exam-
ple, Grobid, trained on scientific documents, has low F;-score on

Table-BRGM and ICDAR-2013 but significantly higher on PubTa-
bles. In contrast, heuristic methods perform well on Word-typeset
tables with borders (Table-BRGM), but struggle on KIEX-typeset
tables (Table-arXiv). Among probabilistic models, XY achieves bet-
ter performance on Table-BRGM, but does not maintain its lead
over the other three datasets. On our PubTables dataset, TATR ob-
tains an almost perfect score because it has been pretrained on
PubTables-train, and our test set has similar inputs (in terms of
layout or table style). VGT always outperforms TATR and XY. The
Docling, MonkeyOCR and Mathpix methods, relying on distinct
approaches (object detection and expert VLM for the former two)
share the best performance on our benchmark with almost perfect
Flbb‘”‘-scores (Q1). Since we noticed that MonkeyOCR outputs only
perfect confidence scores, we decided to use P* = P, which is why
it is compared to other non-probabilistic models.

GOT generates unnecessary nested tables, and its table content
is misaligned with the ground truth, resulting in poor F/*-scores;
its heuristics are unreliable. TabPedia performs well on PubTables
(it has been pre-trained on its train set), detects most tables in
Table-arXiv and ICDAR-2013 (high recall), but generates many false
positives (low precision). We interrupted TabPedia experiments
during the TSR phase due to timeout (TO), exceeding allocated
GPU hours. A full inference would have resulted in computational
costs an order of magnitude higher than the second most expensive
model (Figure 1).

On our two new datasets, Table-arXiv and Table-BRGM, the
precision of general VLMs falls significantly. These datasets include
negative samples, as they comprise real scientific documents which
do not contain tables on every page (see Table 1). Since VLMs
almost always generate a prediction for each page, this results in high
number of FP, while their recall remains high (Q3). Such behavior
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is not observable on a dataset like PubTables, which consists solely
of pages containing tables.

Depending on the layout and table styles, for example on Table-
BRGM, heuristic methods such as PyMuPDF, Camelot compete with
computer vision-based approaches and even outperform VLMs (GPT,
Gemini, TabPedia, GOT) for a much lower computational cost (Fig-
ure 1) (Q2). To estimate costs, we tracked CPU and NVIDIA
A100 GPU time and applied equivalent cloud computing rates from
AWS!'2, This enables a cost comparison with proprietary general
VLM APIs. Note that XY is faster than TATR because it processes
fewer potential table images during the TSR phase. The Pareto
front depends on the dataset, but it is mainly composed of Grobid,
PyMuPDF, XY, TATR, Docling, MonkeyOCR and Mathpix (Q4).

As expected, results obtained through bbox TD (Table 4) tend to
be better than those with txt TD: detecting a table by its bounding
box is easier than by its content because alignment between ground
truth and model outputs (e.g. formula alignment) is a challenge in
text-based evaluation. However, for Qwen2.5-VL and GPT-4.1, the
opposite is observed: they manage to correctly extract tables, but
output approximate table coordinates (Q3).

Figure 4 illustrates miscalibration for probabilistic models on
Table-arXiv. Reliability diagrams [48] are histograms showing preci-
sion as a function of confidence. For perfect calibration, the histogram
should match the identity function (the hatched histogram). Thus,
the gap between the colored and identity histograms denotes a
model’s miscalibration (the lower, the better); D-ECE (Section 5.1)
measures this. Figure 4 shows that TATR is a poorly calibrated
model (binary confidence scores make its confidence scores be-
come meaningless) compared to VGT (Q5). For example, among
predictions with confidence scores between 80% and 90%, on aver-
age, less than 2% are actual TP. The poor calibration of XY+TATR
(D-ECE=0.45) comes from data drift: the model (TATR-detect) was
trained on full-page images but applied to much smaller cropped
page images. Raw TATR itself is already poorly calibrated, and
this issue is compounded in XY+TATR. Post-hoc recalibration is
an option but is dataset-dependent and does not generalize reli-
ably. However, we found that TATR is calibrated on PubTables
(D-ECE=0.03), which is close to its training set.

From these experiments, we draw the following lessons.

There are two paradigms for TE probabilistic models usage in
downstream tasks. First, one can consider only positive predictions
P+, which requires setting a confidence threshold. Second, we can
consider the whole set of detected tables #, with their attached
confidence scores. In the first case, TATR fits perfectly, and the
0. choice is easy according to Figure 4 (for example P* = Py ).
Docling and MonkeyOCR also fit this case, without choosing any
threshold. In the second case, VGT ensures interpretable and reliable
confidence scores (Q5).

6.2 Table extraction performance

Figure 3 (right) illustrates Precision-Recall weighted by the TSR
scores GriTS Topology (see subsection 5.3) from bbox TD. We com-
pute PTP — R™°P with §; = 0.5. In Table 3 and 4 the “TE metrics”

We chose to display the best F;-score for probabilistic models, and set F;ﬁ)p = Flbb‘”‘

for TabPedia, for illustrative purposes. These models are labels in italics.
2https://aws.amazon.com/ec2/pricing/on-demand/
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TATR (D-ECE = 0.16)
VGT (D-ECE = 0.04)
Perfect calibration

Vil

Precision

Confidence distribution

Figure 4: Reliability diagrams on Table-arXiv.

columns summarize F; and AP metrics for different TSR scores

(denoted , ). Though scores decrease for metrics with

TSR, regardless of the TSR score used, the ranking remains almost
the same across methods.

VLMs like GPT suffer from table content hallucination, with
performance dropping from Flbb"x =0.35to FlCon = 0.27 on Table-
BRGM (Q3). GriTS Topology scores are closer to vanilla P-R, which
means that when a table is detected (with IoU 6; = 0.5), most of the
time, the table topology (rows, columns, spanning cells) is correctly
found. However, Precision and Recall with TEDS are lower, because
they take into account partial token match. We obtain similar results
using GriTS Content. TE scores fall for all models, revising the initial
positive assessment of task TD, e.g. MonkeyOCR and Docling (Q1).

6.3 Experiment conclusions

Method performance varies significantly depending on dataset
style, a dependency captured by our diverse benchmark datasets.
This variability arises from intrinsic design choices: either hard-
coded features (for heuristic-based methods) or pretraining data
(for probabilistic models). Despite their scale, general VLMs are
outperformed by smaller and cheaper, expert VLMs (MonkeyOCR)
and computer-vision models (Docling, TATR) across datasets for
TE. Confidence scores do not always provide interpretable insights,
yet calibration matters in practice for usability: VGT stands out
positively in this regard, while TATR and XY+TATR do not. For
TSR, TCR remains challenging in terms of content accuracy. Overall,
while Docling, MonkeyOCR and Mathpix (the most promising TD
models) demonstrate strong performance, they have yet to achieve
perfect TE (e.g., FTEPS < 90%). Our benchmark enables direct, end-
to-end comparison of methods across heterogeneous data and from
multiple perspectives (accuracy, cost) at a glance.

7 Conclusion

We compared different methods for end-to-end table extraction
from scientific PDF documents. Our main conclusion is that table
extraction remains a challenging problem (both table detection and
table structure recognition). Our new framework for TE allows
better end-to-end evaluation, encompassing TD and TSR, over a
wide variety of model types on new datasets (Table-arXiv and Table-
BRGM). This provides novel resources for advancing TE research
and development.
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