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Abstract

The repositories of the NASA Extragalactic
Database (NED) and NASA Exoplanet Archive
(NEA) provide the scientific community with
regularly-updated records of published data on
observed astronomical objects. Over their years
of operation, both archives have seen increases
in the rate of publications that are relevant
to their holdings. We are developing an Al-
powered data extraction tool to increase the rate
at which NED and NEA can process published
articles into their databases. This is accom-
plished through a multi-stage pipeline that com-
bines large language models (LLMs) with pro-
grammatic techniques and human supervision
to create formatted database load files. Pipeline
evaluations on sampled human-made load files
estimate a macro-level recall of 0.89 for NED
and 0.83 for NEA with typical runtimes of 20
minutes per-paper. While this tool is still being
developed (aided by human feedback), present
results suggest that contemporary LLM-based
approaches are useful for complex structured
data extraction. Future work remains to im-
prove the pipeline’s precision and further adapt
it to the wide variety of articles present in the
literature.

1 Introduction

The NASA Extragalactic Database (NED)! and
NASA Exoplanet Archive (NEA)? are two astro-
nomical data repositories operated by IPAC at the
California Institute of Technology. NED has col-
lected over 1.1 billion distinct objects, including
galaxies, quasars, and groups/clusters. NEA seeks
to provide a complete list of confirmed exoplanets,
which now number over 6,300, and their stellar
hosts. Both archives ingest their holdings from
the text and tables of published astronomical litera-
ture which present the discovery of new objects or
new measurements of existing ones. Examples of

"https://ned.ipac.caltech.edu/
Zhttps://exoplanetarchive.ipac.caltech.edu/

data the archives extracts include the object’s type,
coordinates, and redshift for NED and a planet’s
mass, transit midpoint, and detection method for
NEA. Data extracted from articles must be trans-
formed to an archive-specific database load file.
Both archives face challenges ingesting relevant ar-
ticles at the rate they are published. Creating load
files is a significant manual effort at NED, with hun-
dreds of papers processed each month. Anticipated
exoplanet yields from future missions have the po-
tential to increase NEA’s holdings by hundreds of
thousands of objects (Perryman et al., 2014; Penny
et al., 2019; Wilson et al., 2023; Matuszewski et al.,
2023; Ge et al., 2024). Creating load files by hand
can take minutes or hours depending on article
complexity. Given these realities, it has become
important for the data archives at IPAC to enhance
the throughput of their data ingestion pipelines.

The field of natural language processing (NLP)
has yielded tools that are increasingly capable of
mining data from the text of scientific journal arti-
cles. Transformer-architecture large language mod-
els (LLMs), which use attention mechanisms to
create dynamic contextual understanding of text
(Vaswani et al., 2017), have been shown to be ap-
plicable to a wide range of NLP tasks even without
expensive fine-tuning (Brown et al., 2020). Recent
advances in LLMs have greatly expanded the possi-
bilities of an Al-driven data extraction pipeline:
enlarged context limits (now ranging from 250
thousand to over 1 million tokens) allow for the
inclusion of multiple full articles and their tables
in a single prompt (Gemini Team et al., 2024),
increased instruction-following and thinking ca-
pabilities help the models reason over the numer-
ous extraction rules and complex article structures
(Wei et al., 2022; Guo et al., 2025), and tool usage
enables dynamic context-driven unit conversions
(Yao et al., 2022; Schick et al., 2023).

The goal of this work is to produce a tool which
accelerates the processes of data extraction and
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load file creation for NED and NEA. There is no
expectation that the load files created using these
tools will be perfect, so human supervision and
feedback is integral to this process.

2 Methods

The data ingestion pipelines for NED and NEA
contain a variety of Al, programmatic, and human-
driven components. At a high level, this pipeline
is identical for both NED and NEA: newly pub-
lished articles are discovered through listing ser-
vices, relevant articles are identified, necessary data
is extracted from relevant articles, and load files
are created to ingest these data into the archives’
holdings.

2.1 Data Retrieval

Each module of this work uses the cleaned body
text of a journal article and/or tables published ei-
ther in the article itself or externally. Articles are
retrieved via the Science Explorer3 (SciX) API ac-
cording to a format priority order as accessible:
first the publisher version of the article’s HTML,
then the publisher PDF, then the pre-print HTML,
and finally the pre-print PDE. HTML files are con-
verted to strings using Beautiful Soup (Richardson,
2007) and PDF files with Docling (Livathinos et al.,
2025). Tables are converted to Pandas dataframes
(Wes McKinney, 2010), images (Artifex Software,
Inc., 2026), and markdown key-value format*. Pre-
processing normalizes characters and strips extra-
neous formatting. External data tables hosted on
publisher websites are accessed when possible. The
impacts of text and table parsing errors are dis-
cussed in the Appendix (7.4).

2.2 Relevance Classification

Both NED and NEA use trained machine learning
classifiers to predict the probability that an article is
relevant to their holdings. The relevance classifier
used by NED (Chen et al., 2022) is based on the
Stanford Classifier (Finkel et al., 2005), while the
NEA tool uses a finetuned INDUS (Bhattacharjee
et al., 2024) model. Both of these tools successfully
accelerate the task of scientists to identify relevant
papers.

3https://scixplorer.org/
“https://www.improvingagents.com/blog/best-input-data-
format-for-llms/

2.3 Data Extraction

Once a relevant article is identified, the data it
presents in texts and tables must be extracted to
structured outputs. Data ingestion follows a se-
quential pipeline involving four main LLM-backed
stages. This begins with the pre-processing of ar-
ticle text/tables and ending with a draft database
load file. An article’s text and tables follow par-
allel paths: LLM prompts only include the body
text and smaller tables while all tables go through
a programmatic extraction code. Pre-processing
and extraction currently use the LLM Qwen 3.8
27B (BF16 quantization; Qwen Team, 2026) while
validation and normalization are performed with
Gemma 4 31B (Q4_K_M quantization; Gemma
Team et al., 2026). These be swapped with any
tool-capable decoder LLM. These models are dis-
tributed over 6 x NVIDIA L40S (46 GB VRAM)
for production and development, with one article
running on a single card in the cluster. The prompt-
ing of these models employs in-context learning
by providing examples of extracted data structures
to accomplish this task without expensive finetun-
ing. A diagram of the pipeline is available in the
Appendix (Figure 1).

2.3.1 Pre-processing

The article text and tables go through initial pre-
processing steps to prepare for extraction. The
two main components identify the locations of ob-
ject names and parameter labels (table column/row
headings) before full extraction. Pre-processing
includes a first pass at object name detection
by searching the article text for matches to the
NED/NEA accepted regular expression name pat-
terns. This is inexpensive but not robust to varia-
tions from expected object name spellings (e.g. ab-
breviations), so name detection is performed more
robustly in Stage 1 (Section 2.3.2). Parameter la-
bels are identified two ways: similarity matching
to a dictionary with keys as the preferred labels and
values with lists of previously-seen labels and an
LLM call prompted to find labels. Found names
and labels are tagged within the text.

2.3.2 Stage 1: Name Extraction

The first data extraction step identifies the names of
astronomical objects mentioned in the article and
classifies them according to their relevance. The
LLM is prompted to return verified object names as
well as their basic type (extragalactic/galactic/solar
system/exclude for NED and exoplanet/star/solar
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system/exclude for NEA). This prompt includes
names tagged via regular expressions in the previ-
ous step as likely object names, but not necessarily
the only ones. Objects classified as extragalactic for
NED and exoplanet/star for NEA (along with both
primary and secondary objects) are then passed to
the next stage for data extraction.

2.3.3 Stage 2: Parameter Extraction

The second primary extraction stage is an LLM
call with the processed article text, small tables,
and relevant names identified in Stage 1 included
in the prompt. Tables with fewer than 200 rows
(selected to preserve context usage and written in
markdown key-value format) are included in the
prompt in the markdown key-value format. The
model is instructed to extract all NED and NEA
parameters for the provided objects simultaneously.
Descriptions are provided for each parameter along
with examples. The text and previously-extracted
data from the most similar article selected via re-
trieval augmented generation (RAG; Lewis et al.,
2020) are included in the Stage 2 prompt as a task
example. The RAG process uses the Qwen 3 em-
bedding model (Zhang et al., 2025) to vectorize
the first 32,000 tokens of an article and selects the
most similar article to the present case by com-
puting cosine similarities against a repository of
previously-embedded articles. Stage 2 extracts the
parameter data exactly how they appear in the text
and returns them in a structured JSON. The Stage 2
outputs also include source texts for each extracted
value, snippets of text from the article the LLM
used as evidence to support the extraction of a par-
ticular data point. The source texts improve the
extraction quality and are useful later for valida-
tion, normalization, and provenance tracing.

2.3.4 Tabular Data Extraction

A separate path exists for the extraction of data
from tables treated as text for two reasons: LLM’s
required input of strings of texts flattens the two
dimensional structure of tables to one dimension,
losing associative information, and large tables
(some having thousands of rows) consume signif-
icant fractions of a model’s total token limit. A
programmatic approach leverages the structure of
tables to deterministically and efficiently extract
data. This relies on the identification of object
names (from regular expressions and Stage 1) and
parameter labels (from dictionary matching and
LLM Ilabel pre-pass). Once object names and pa-

rameter labels are found, the value in the cell that
lies at the row/column interception of the labels
is extracted. This method is capable of handling
common structures such as objects in rows and
parameters across columns, the transpose of this,
single-object tables without an object name, and
object names as row headings with parameters un-
derneath. More generally, any object name that
aligns in a row/column with a parameter label can
be extracted, making this technique robust to a
greater variety of interpreted table formats. Data
extracted from this programmatic table code are
later merged with the LLM-extracted data, with
values from the tabular path favored in conflicting
cases.

2.3.5 Stage 3: Validation

Once the main data extraction phases are complete,
the results are passed to a series of three LLM
calls to validate the previous work using an inde-
pendent model. Stage 3A validates the recall by
double checking that all data from the article that
should have been included in the pipeline outputs
are present, and adds any missing data (along with
source texts). Stage 3B validates the precision by
removing or reassigning any data that should not
be associated with an extracted object. Stage 3C
provides a subjective estimate of the performance
in terms of precision/recall/F1 as a 1-10 confidence
score. This is estimated according to a set of fif-
teen counted metrics from the pipeline generation,
including what data were added/removed in stages
3A and 3B, names from Stage 1 missing in the
generated files, and values without sufficient arti-
cle evidence. If the confidence score is 6 or lower,
one additional loop of stage 3 is performed (this
does not repeat further). The confidence scores
are used to give operators an estimate of pipeline
performance when a human-made truth file is not
available for direct score calculation. Future work
will develop a more empirical means of deriving a
confidence estimate and increase reliability.

2.3.6 Stage 4: Normalization & Load File
Creation

All preceding steps dealt with the extraction of data
exactly as they appear in the article, but NED and
NEA have certain formats and units they require
data to be in for ingestion. Stage 4 of the pipeline
rewrites the extracted data to the correct format and
performs any necessary unit conversions. This in-
cludes narrative forms of labels to archive-specific
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‘ N. ‘ Precision Recall F1 Runtime (min.)
macro micro | macro micro | macro micro | median max
NED | 100 | 0.6363 0.7793 | 0.8930 0.8867 | 0.6462 0.8295 | 7.4 108.1
NEA | 100 | 0.6072 0.5100 | 0.8265 0.8127 | 0.6131 0.6267 | 33.4 90.0

Table 1: Extraction pipeline performance on random samples of NED and NEA articles. Batches of size 100 were
chosen to limit maximum runtime. Total NED runtime - 29.1 h. Total NEA runtime - 56.2 h. Development has thus

far focused on maximizing recall.

encoding (e.g. ‘galaxy’ to ‘G’) and the conversion
of certain values in their published unit to their
archive-expected unit. First, names extracted by the
Al pipeline are matched to archive-canonical forms
by querying each archive’s web-accessible name
resolution service (this is useful for de-duplication
and later scoring). Next is a deterministic pre-pass
which attempts to establish the unit a value was
published in from the extracted source text and
convert it to the correct unit programmatically. All
extracted values are then added to the fourth stage’s
LLM prompt along with the unit they are inferred
to be presented in and the final required unit. The
LLM then uses tool calling to perform determinis-
tic conversions as it deems necessary, based on the
article’s context. After this final stage, all extracted
data are written to a database load file.

2.4 Load File Scoring

Both archives hold repositories of historical
database load files which contribute to an evalu-
ation set of 9,758 unique bibcodes for NED and
907 for NEA. These records are used as the ground
truths for comparisons against load files generated
by the Al-driven extraction pipeline. Precision, re-
call, and F1 scores are computed to estimate the
performance for each individual parameter (includ-
ing names) and load files as a whole. Scores are
calculated by matching object names in the test and
truth load files via their queried canonical forms
and comparing each Al-extracted value for strict
equality with the respective human-extracted value.
These are aggregated as the macro-average to as-
sess file-level performance and micro-average to
provide a score balanced by the amount of data
in each file. Initial development has focused on
maximizing the recall over the precision, owing to
the relative ease of deleting unneeded data from a
generated load file over searching for missed data.

2.5 Web User Interface

We developed a browser-accessible user interface
available to NED and NEA curators to work with
the data extraction tool. The functionalities of this
site include bibcode/article upload for pipeline ex-
traction, truth file upload for scoring, feedback sub-
mission, an interactive editor which shows the trace
between extracted data and their locations within
the original article text, and a chat interface to a
Claude Sonnet model to allow for targeted actions
(e.g. extract a specific table). The data extraction
pipeline runs automatically on the accepted results
from the paper relevance classifiers and these out-
puts are listed on the pipeline webpage daily for
operator review.

3 Results

Development on this data extraction pipeline re-
mains active and involves regular benchmarking on
larger sets of sampled truth data. We present the
results on sets of 100 articles drawn from the NED
and NEA truth file repositories following distribu-
tions in number of objects, number of parameter
types, and number of parameters per object (param-
eter density) proportional to the truth distributions.
Table 1 shows the latest precision, recall, and F1
metrics as well as runtimes for both archives.

3.1 Discussion of Results

Overall performance varies noticeably between
NED and NEA. NED articles achieve higher preci-
sion and recall, at both macro- and micro-aggregate
levels. This is largely due to differences in the types
and quantities of data included in load files for each
archive. NEA load files often contain more param-
eters per object (both additional values and their
accompanying uncertainties) than the typical NED
load file. The latest NED benchmark set contains
an average of 6 parameters per object while the
NEA articles have an average of 27 parameters
per object. Extracting the correct subset of data
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while not including extraneous data and assigning
the right data to the right objects therefore become
more challenging in the NEA case. Differences
in the macro- and micro-level aggregates can be
attributed to the types of articles included in the
samples: articles with more data extracted from
them weigh more heavily in the macro-level score
than articles with fewer amounts of object data,
while the micro-level score aggregates extractions
across articles.

3.1.1 File Creation Efficiency

The amount of time it takes a human curator to
extract data and write a load file by hand varies
according to factors such as the number of objects
and parameters in the article (like the Al pipeline),
and is typically within fifteen to forty-five minutes.
The total runtime of the Al file generation process
for a typical article (Table 1) is on a comparable
scale to that of a human curator. The Al tool’s run-
time is also affected by stage 3C-triggered retries,
which occurred in 6% of NED articles and 39% in
NEA articles, primarily due to low precision confi-
dence. The runtime of the NEA pipeline is further
increased by tool calls for unit conversion, which
the NED side does not use. While the Al tool writes
load files at a similar speed as a human, it is more
capable of efficiently processing large batches of
articles. The reported runtimes are for processing
on a single GPU, while multiple are available for
NED and NEA production. In addition, these can
run outside of working hours and be made available
for a human curators to review later.

3.1.2 Operator Feedback

NED and NEA curators have been actively using
the tool in their regular work and providing feed-
back that has been invaluable in revealing gaps in
pipeline capabilities. This includes assistance to-
wards aligning instructions given to the Al with the
archives’ conventions. While pipeline errors can
be caused by parsing errors or convention misalign-
ment, some data points scored in disagreement with
the recorded truth may actually represent correct ex-
tractions. We observed that the Al tool may extract
real data from an article that a human chose not to
retrieve (lowering precision) and that the contents
of the truth load file may not match the contents of
the article because the author made some unrepli-
cable transformation (lowering recall). Instances
of this occurring have been noticed anecdotally
through feedback but not quantified.

4 Conclusions

Pipeline performance depends heavily on the for-
matting and verbiage of an article. The articles that
perform best are those with small numbers of ob-
jects or machine-readable tables. Atypical object
name aliases, parameter labels, and table structures
can present challenges. The heterogeneity of ar-
ticle format and necessity of careful scientific de-
cisions for data inclusion suggest that Al-driven
information retrieval will require a human to re-
main in the loop for these tasks. However, histori-
cal human-made load files and quantitative metrics
make improving the pipeline tractable. While there
are improvements yet to be made to the extraction
performance and the tool’s runtime can be signifi-
cant, it is approaching a level of reliability that will
allow for the ready adoption of load files generated
autonomously.

4.1 Next Steps

Future development will focus on maximizing
pipeline precision and recall while introducing
more comprehensive evaluations. We will seek
to improve the reliability of article text/table pars-
ing and the stage 3C confidence scores. Larger
article sets, performance comparisons between dif-
ferent LLMs, and a characterization the error rates
of different components of the tool by running an
ablation study will be included in future evalua-
tions. Feedback will continue to be collected and
incorporated.

5 Al Usage Disclosure

Almost the entirety of the code used in the imple-
mentation of the data extraction pipeline was writ-
ten by an Al (Claude Opus/Fable) and reviewed by
a human developer. None of the text in this article
was written by an Al
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7 Appendix

7.1 Pipeline Diagram

A visualization of the data extraction pipeline is
presented in Figure 1 (Appendix).
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Figure 1: Visualization of pipeline stages. The model stages read the article text and only the small tables. Every
table is also parsed programmatically: rows from small tables join the frame before Stage 3 audits it, and rows from
large tables join after Stage 3, at Stage 4. Stages 1-3 keep values as printed. Only Stage 4 converts them to archive
form. People review the queue before articles are fetched, and each load file before it is ingested.

7.2 User Interface

Figure 2 (Appendix) shows a screenshot of the Al
pipeline’s web user interface.

7.3 Error Source Analysis

We characterize the sources of errors for each
archive according to several categories by counting
the false positives and false negatives and exam-
ining the differences from truth for each article in
the NED and NEA benchmarks (Table 1). These
are presented in Table 2 (Appendix). For both
archives, precision errors are caused by extra ob-
jects and parameters included in the generated file
compared to the truth. NED false negatives came
more from missing parameters while NEA false
negatives were more from missing objects, suggest-
ing object detection is stronger for NED.

7.4 Impact of Text/Table Processing on Scores

There is a possibility for errors to be introduced
in the pipeline through the imperfect parsing of
articles’ texts and tables (either from the HTML
or PDF source), even though these are performed
using reliable packages (See Section 2.1). Conver-
sion text artifacts that have been observed to cause
errors include inline math rendered as images and
dropped footnotes. Zero NED articles in the latest
benchmark had any extraction mistakes due to text
parsing errors, but 20% of NEA articles had at least
one parsing error. These errors were mostly from
periods and Latex formatting dropped from PDF

Category NEA NED

Objects not in truth 53.5% 62.1%
Fp Extra pararpeters or 36.1% 21.6%

values not in truth

Wrong value 104% 16.3%

Missed objects 37.2% 19.3%
EN Parameter not .emltted 31.0% 41.5%

for a found object

Wrong value 31.9% 39.3%

Table 2: Categorized errors for the 100-article NEA and
NED benchmarks. Shares are of each archive’s false
positives (NEA 15,050; NED 3,962) or false negatives
(NEA 4,589; NED 1,984).

conversions. Examples of table formats that often
lead to parsing errors are multi-level headers and
object/parameter labels split across multiple rows.
In the latest benchmark set, 1% of NED failed to
obtain an external table and zero had parsing er-
rors. For NEA, 14% of articles had inaccessible
external data and 1% of articles had a PDF parsing
error. Parsing errors may be specific to the particu-
lar formats used by some publishers, which appear
at different rates in NED and NEA holdings. Most
NED articles were processed using their HTML
while most NEA articles used the PDF due varying
publisher access.
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Figure 2: Screenshot the web UI’s main page for uploading articles to process. Additional functionalities are in
other tabs include viewing results from automated queues, uploading new truth files for scoring, interacting with an
Al chat and visual editor interfaces, viewing latest benchmarks, and logging feedback.
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