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Abstract

The Workshop on Artificial Intelligence for
Scientific Publications (WASP) brings together
research on methods that read, organize, con-
nect, and evaluate the scientific literature. Its
fourth edition was held online as part of AACL-
IJCNLP 2026 on November 10, 2026. It re-
ceived 43 submissions and accepted 25: 15
main-track papers and 10 system papers for
the AstroCLIMB shared task on linking astron-
omy figures and captions to the literature. This
overview aims to give the community, includ-
ing those who did not attend, an accessible
account of what the workshop presented and
found. For each main-track paper, it summa-
rizes the approach, evaluation, main results,
and the authors’ interpretation and next steps.
We then draw out shared themes and future
directions. Many contributions are deployed
systems built with archives and curators. They
combine language models with deterministic
validation, keep source evidence attached to ex-
tracted values, and design evaluations around
scientific use. Several papers find that lean,
focused systems perform as well as more elab-
orate ones. The authors highlight directions
such as automatic verification of grounding,
shared gold standards, normalization of quan-
tities and entities, figure understanding, and
checking that citations are relevant and real.

1 Introduction

Scientific results are communicated through prose,
tables, figures, references, and descriptions of ex-
perimental conditions. Making this material com-
putationally usable requires more than finding a
relevant document. Systems must recover what
was measured and under which conditions, con-
nect claims to evidence and to cited work, and
keep enough context for a result to be compared

or reused. Prior work frames these problems as
scientific entity and relation extraction (Luan et al.,
2018), generative structured extraction (Dagde-
len et al., 2024), citation-informed representa-
tions (Cohan et al., 2020), full-paper question
answering (Dasigi et al., 2021), claim verifica-
tion (Wadden et al., 2020) and figure question an-
swering (Borisova et al., 2025). WASP is one venue
for this research, alongside the Scholarly Docu-
ment Processing workshop (Ghosal et al., 2025).
It began as the Workshop on Information Extrac-
tion from Scientific Publications (WIESP; (Ghosal
et al., 2022)), whose 2022 and 2023 editions
hosted the DEAL (Grezes et al., 2022) and FO-
CAL (Grezes et al., 2023) shared tasks. The
2025 edition (Lockhart et al., 2025), the first
under the WASP name, hosted TRACS (Grezes
et al., 2025). The fourth edition, co-located with
AACL-IJCNLP 2026, introduced the multimodal
AstroCLIMB shared task (Grezes et al., 2026a).
This paper is written for readers who did not at-
tend. For each main-track paper, we summarize
what the authors did, how they evaluated it, what
they found, how they interpret it, and the next steps
they identify (Section 3). Sections 5 and 6 give
our synthesis as organizers, with every point tied to
specific papers. Overall, the 2026 program moves
from can a model extract this? toward can the ex-
tracted record be trusted, traced to its source, and
used for science?

2 The Workshop

Submissions and review WASP 2026 received
43 submissions through OpenReview, each re-
viewed by program committee members (Ap-
pendix A), typically by two reviewers. In the main
track, we accepted 15 papers (10 long and 5 short);
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in the shared task, we accepted all 10 submissions.

Program The one-day online program, held on
November 10, 2026, combined oral and poster pre-
sentations, two keynotes, a panel discussion, and a
shared-task session. In her keynote, Salience and
Inquiry in Scientific Literature, Jessy Li (The Uni-
versity of Texas at Austin) framed the reading of
scientific literature as an implicitly interactive dis-
course process, in which readers identify salient
information while continually asking questions.
Using summarization as a behavioral probe, she
showed that the questions models answer remain
strikingly consistent across summary lengths. She
also discussed question-driven discourse models
linking passages and figures, and AI review pilots
at large conferences. In the second keynote, From
General-Purpose LLMs to Grounded Tools for Sci-
entific Discovery, Pavlos Protopapas (Harvard Uni-
versity) drew on two projects built on NASA’s As-
trophysics Data System (ADS) to discuss how re-
trieval, tool use, verification, and explicit work-
flows can make LLM outputs about the literature
more transparent and assessable, and which limi-
tations remain. His central question was how to
design AI tools that support scientific judgment
and let researchers inspect and challenge their re-
sults. The panel discussion, Easier to Write than
to Verify? Generative AI and the Crisis in Schol-
arly Publishing, brought together researchers and
representatives of learned societies to discuss how
the scholarly record can remain trustworthy now
that generative models are used at every stage of
publishing, by authors, reviewers, publishers, and
indexing services alike. The starting point was
an asymmetry: the cost of producing a plausi-
ble paper has fallen much faster than the cost of
checking one, while submission volumes outpace
the pool of willing referees and AI-assisted paper
mills produce work that is hard to detect. The pan-
elists debated whether AI-assisted review should
be banned, tolerated, or required as a first pass,
and how its use should be disclosed; whether de-
tecting AI-generated text is a solvable problem or
the wrong one to pursue; what a machine-verifiable
paper, with claims explicitly linked to their underly-
ing data and code, would look like and who would
bear its cost; and how citation as a measure of im-
pact changes when discovery increasingly happens
through AI-generated answers. A recurring ques-
tion was whether AI writing tools should raise the
bar for what a paper contains rather than simply

increase how many papers are published. Rather
than settle these questions, the discussion aimed to
identify where NLP and AI research can make the
most difference.

Domains and Contributions Table 1 summa-
rizes the 15 main-track papers. Six concern astron-
omy literature or archives. The others cover agron-
omy, metabolomics, medicine, biomedical research
funding, NLP research, and a six-domain bench-
mark. Several papers come from, or were built
with, institutions that maintain scientific records
such as Astro-COLIBRI (Reichherzer et al., 2021)
or the NASA/IPAC archives. Three describe
systems already in production or used by other
projects (Schüssler et al., 2026; Susemiehl et al.,
2026; Koblischke and Bovy, 2026).

3 Main-Track Findings

For each paper, we describe the problem and ap-
proach, the evaluation and main results, and the
authors’ own reading of their findings and next
steps.

3.1 Extraction Pipelines in Operation

Schüssler et al. (2026) converts free-text GCN Cir-
culars in time-domain astronomy into auditable,
event-linked observation records. Regular expres-
sions supply hints, an LLM (gpt-5.4-mini) fills
a closed schema in which every observation quotes
its supporting excerpt, and deterministic code nor-
malizes times, filters, and exposures. In an audit by
seven domain reviewers, 223 of 231 reports were
fully confirmed and the remaining 8 were partly
correct, with 99.80% of definite field decisions con-
firmed. A cross-check against three redshift cat-
alogs found no misread values. Since 2016, the
pipeline has produced 68,393 observations, now
served in real time by Astro-COLIBRI (Reich-
herzer et al., 2021). The authors summarize the
design as “the LLM handles linguistic variation,
while code enforces numerical and interface in-
variants,” and identify an independently annotated
corpus as the next step to enable recall measure-
ment.

Susemiehl et al. (2026) describe a pipeline that
drafts database load files from new papers. Lo-
cal open-weight LLMs extract object names and
parameters with a source snippet for every value,
guided by a similar previously processed paper. A
second model then checks the result, tool calls han-
dle unit conversion, and tables are parsed program-
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Paper Domain Contribution Data and scale How it is evaluated Headline result (as
reported)

Extraction pipelines in operation (§3.1)
Schüssler et al. (2026) Time-domain

astronomy
Deployed LLM + rule
pipeline

26,811 GCN Circulars →
68,393 observations

Expert audit of 231
outputs; redshift catalog
cross-check

99.80% of definite field
decisions confirmed; 8/231
reports partly correct

Susemiehl et al. (2026) Astronomy
archives (NED,
NEA)

Deployed multi-stage
LLM pipeline

100 articles per archive vs.
human load files

Strict match to historical
load files

Macro recall 0.89 (NED) /
0.83 (NEA); in daily use by
curators

Koblischke and Bovy
(2026)

Extragalactic
astronomy

LLM-agent-built
resource (GalaxyWiki)

156,006 astro-ph papers →
44,332 discussions of 13,616
galaxies

Quote matching; manual
review of 120 records

96.5% of quotes match
source after normalization;
118/120 records correct

Kumar et al. (2026) Legacy LENR
literature

Multimodal extraction
architecture

60-paper unannotated pilot Pilot: throughput and
validation behaviour

58.3% of papers triaged out
before extraction; 48.5 s per
paper

Extraction measured against ground truth and downstream use (§3.2)
Lu et al. (2026) Agronomy

(intercropping)
Comparison of 3 LLM
strategies × 6 open
models

90 papers, 42 fields Field-level vs. curated
data; re-run of published
meta-regression

Direct zero-shot best
(similarity-adjusted F1
0.577); published effect
direction recovered with all
six models

Rovai (2026) Metabolomics
(GC)

Task, rule-based
extractor, comparability
census

355 MetaboLights studies;
167,331 Workbench pairs

Two blind LLM raters
validated on planted errors

No fabricated values in
audit; comparable pairs 120
→ 171

Bölücü et al. (2026) Six domains Task formalization and
benchmark

20 repurposed datasets Record-aligned cell-level
metrics; zero-shot
LLM/VLM baselines

Challenging for zero-shot
baselines; normalization
gives large gains

Pranjić et al. (2026) CS abstracts, news Context-fusion
keyphrase model

kp20k, Inspec, KPTimes F1@5/@10 vs. SEKE Comparable on scientific
benchmarks with 170.9M
vs. 274M parameters

Grounded answers and citations (§3.3)
Recski et al. (2026) NLP literature

(ACL Anthology)
Extractive QA system
and gold set

∼114K papers; 100 annotated
query–chunk pairs

Word-level span F1 150M student 53.6 vs. best
LLM extractor 48.7

Goyal (2026) Medical QA RL with a
citation-existence
verifier

Train: 1,479 COVID-QA
questions; test: 40 MedAESQA
questions

Rate of non-resolving
references

Hallucinated references
85.5% → 76.7%; 71%
more verified references

Basseri et al. (2026) Astro-, earth and
planetary science

Dataset (LCRC) and
retrieval study

14,735 citing sentences;
52,618-paper corpus

Hit rate, Recall,
NDCG@k

+8.0% relative Recall@25
over dense retrieval, no
fine-tuning

Bibliographies and knowledge flows (§3.4)
Grezes et al. (2026b) Telescope

bibliographies
Dataset (TRACS) and
zero-shot baselines

89,579 papers; Chandra, HST,
JWST

Per-telescope F1 Telescope F1 up to 82.4
zero-shot; usage
classification is harder

Toney-Wails et al.
(2026)

NIH-funded
research

Citation-aware
summarization
(CARDS)

4,826 diffusion pathways; 81
evaluated

Human annotation and
LLM judge

CARDS judged more
specific in 70.7% of paired
comparisons

Figures and claims (§3.5)
Naiman (2026) Astronomical sky

images
VQA dataset and
model probe

2,001 figures, 47,357 questions;
255 figures × 3 LMMs

Accuracy; log-ratio error Domain conventions (e.g.,
sky coordinates) challenge
low-cost LMMs

Centonze (2026) Biomedical claims
(SciFact)

Claim-preservation
framework

40 reformulated claims
(illustrative)

Exploratory qualitative
analysis

Shows how subtle
epistemic shifts can be
detected

Table 1: The 15 main-track papers of WASP 2026, grouped as in Section 3. Results are those reported by the authors
in their own settings; they are not comparable across rows.

matically. Against 100 human-made load files per
archive, macro recall reaches 0.89 (NED) and 0.83
(NEA), with median times of 7.4 and 33.4 minutes
per paper, compared with 15-45 minutes for a cura-
tor. The authors explain that development deliber-
ately prioritized recall, since curators remove extra
values more easily than they find missing ones, and
that NEA is harder because its records carry about
27 parameters per object. Curators use the tool
daily, and the next goal is to improve precision and
parsing.

In astronomy, databases link galaxies to papers
but do not show whether a paper actually dis-
cusses a galaxy. GalaxyWiki (Koblischke and
Bovy, 2026) aims to fill this gap. GPT-5.5 agents

read 87,899 astro-ph papers and, for every galaxy
discussed in more than two sentences, copied ver-
batim quotes and wrote a summary; discussions
were then grouped by sky position. The result is
44,332 discussions from 18,641 papers, covering
13,616 galaxies. 96.5% of quotes match the source
text, and 118 of 120 manually reviewed records
are correct. The authors see this as an example of
how language models make previously impractical
projects feasible through parallelizable, verifiable
tasks. Other projects already use the resource, and
the authors plan to extend the corpus and evaluate
coverage.

Kumar et al. (2026) targets historical experimen-
tal literature on Low Energy Nuclear Reactions,
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which buries data in multi-column layouts and
plots. It combines layout-aware parsing, a low-
cost triage step that sets aside non-empirical papers
and decorative images, and multimodal extraction
into a schema that records failed experiments and
time series. Typed validators reject physically im-
possible values. A 60-paper pilot shows that triage
sets aside 58.3% of papers before the expensive
model runs, at 48.5 s per paper. The authors’ cen-
tral methodological message is to separate clearly
what code enforces from what the prompt requests.
Automated verification of source quotes and evalu-
ation against a gold standard are their stated next
steps.

3.2 Extraction Against Ground Truth and
Downstream Use

Data extraction for meta-analysis (Lu et al.,
2026) Can LLMs automate the data-extraction
step of an agricultural meta-analysis? The authors
re-extract 42 fields from 90 intercropping papers
and compare direct zero-shot prompting, a two-step
workflow, and a multi-agent system across six open-
weight models. Beyond field-level scores, they refit
the published regression of land-equivalent ratio
on temporal niche differentiation on each extracted
dataset. Direct prompting performs best across all
six models (best similarity-adjusted F1: 0.577) and
recovers the positive effect reported in the origi-
nal study for every model, though the estimated
magnitudes vary. The authors describe a “com-
plexity trap”: extra stages lost context or carried
early errors forward. They conclude that LLMs
are currently best used to assist researchers, with
domain-specific training as a promising direction.

Method parameters from protocol prose (Rovai,
2026) This paper proposes measuring metadata
quality by whether two records can be compared,
rather than by how many fields are filled. A cen-
sus of all 167,331 pairs of gas-chromatography
analyses in Metabolomics Workbench shows that
a single field, the retention-index reference series,
determines most comparability. The author there-
fore defines recovering the oven program and refer-
ence series from the protocol text as an extraction
task with explicit abstention, and builds a precise
rule-based extractor. Two blind LLM raters, first
validated on planted errors, audit the outputs: 65%
of programs are fully correct, none contains a fab-
ricated value, and the series extractor is correct on
57 of 66 recoveries. Recovered series raise the

number of comparable pairs from 120 to 171. The
author argues that the extraction pipeline should be
credited with the extracted values and releases all
values with their source sentences as a seed gold
standard.

Scientific Table Generation (Bölücü et al., 2026)
Structured extraction from papers has been studied
under many names. This paper unifies it as Sci-
entific Table Generation: filling a schema-defined
table of records from PDFs. The benchmark brings
together 20 datasets from six domains, with an
evaluation protocol that aligns records before scor-
ing cells and adds metrics for numerical values.
Zero-shot baselines with text LLMs and a page-
level VLM show that the task remains challeng-
ing (best average F1 13.78, o1-mini). In pilot ex-
periments, normalizing units and values improves
scores markedly (e.g., from 3.59 to 18.56 F1). The
authors identify numerical representation, unit and
entity normalization, entity linking, and table and
figure understanding as key open challenges, and
invite dataset contributions from new domains.

Keyphrase extraction with context fusion (Pran-
jić et al., 2026) This paper keeps token-level
representations of the target sentence while com-
pressing every surrounding sentence into a single
vector, so that document context is available with-
out processing the whole document token by to-
ken. With 170.9M parameters, the model performs
comparably to the larger SEKE system (274M) on
the scientific benchmarks kp20k and Inspec, and
slightly better on kp20k with full training (37.5 vs.
36.3 F1@5). The authors’ error analysis shows
that many predictions counted as wrong partially
overlap gold keyphrases. They point to candidate
selection, phrase boundaries, and ablations of the
context component as next steps.

3.3 Grounded Answers and Citations
ACL-Verbatim (Recski et al., 2026) To make
literature question answering free of hallucination
by design, ACL-Verbatim returns only verbatim
spans from about 114K ACL Anthology papers,
which are released in Markdown. The authors build
a manually annotated evaluation set and train a
compact 150M ModernBERT extractor on LLM-
generated labels. It reaches the best word-level F1
(53.6, vs. 48.7 for the strongest LLM extractor) at
a fraction of the cost. The authors highlight its
precision: it abstains on most irrelevant chunks, so
it also filters out irrelevant search results. They see
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the approach as a blueprint for efficient extractive
QA in other domains, and plan larger annotation
efforts.

Reinforcement learning against a citation ver-
ifier (Goyal, 2026) Since we can objectively
check whether a reference exists, this paper uses it
as a reward. A deterministic verifier resolves gen-
erated references in CrossRef and OpenAlex, and
Llama models are trained against it with GRPO.
On medical questions from a different dataset, the
share of hallucinated references drops from 85.5%
to 76.7%, and the model produces 71% more veri-
fied references, with no sign of reward hacking in
a six-part audit. The trained model favors canon-
ical sources, which helps on common questions.
The author notes that verifying relevance, and not
only existence, is the natural next step toward fully
verifiable answers.

Local citation recommendation (Basseri et al.,
2026) This paper releases LCRC, a corpus of
14,735 sentences from astrophysics review papers
with their citations, and studies recommendation
from content alone, without citation counts or the
citation graph. Simple, general-purpose choices
work best: a general embedding model, plain text
chunks, and a mixed query that combines the sen-
tence with and without its preceding context. To-
gether with BM25 fusion, this improves Recall@25
by 8.0% (relative) without any fine-tuning. The au-
thors explain that cited sentences often resemble
each other more than the cited source, so citation
captures more than semantic similarity. Testing
other domains is planned.

3.4 Bibliographies and Knowledge Flows

TRACS (Grezes et al., 2026b) This paper doc-
uments the dataset behind the WASP 2025 shared
task: 89,579 papers from the curated bibliogra-
phies of Chandra, HST, and JWST, labeled with a
taxonomy developed with bibliographers (science,
instrumentation, mention, not_telescope). Zero-
shot baselines show a clear gap between a fron-
tier model (telescope F1 up to 82.4) and smaller
open models, and show that classifying how a tele-
scope is used is harder than identifying it. JWST,
the youngest telescope, is the hardest to recognize.
The authors propose workflows in which models
triage easy cases for bibliographers, and plan to
add ground-based telescopes.

CARDS (Toney-Wails et al., 2026) How does
knowledge flow from one research area to another?
CARDS links NIH-funded publications to the clus-
ters of a map of science and follows citations across
clusters to build 4,826 research diffusion pathways.
Each pathway is then summarized from the actual
cited and citing papers rather than from cluster de-
scriptions. Human annotators judged the CARDS
summaries more specific in 70.7% of paired com-
parisons, and an LLM judge found no hallucina-
tions. The case studies trace both basic-to-applied
progressions (e.g., toward CAR-T therapies) and
diffusion across fields. The authors plan to apply
the method to studying the impact of research fund-
ing.

3.5 Figures and Claims

Sky-image visual question answering (Naiman,
2026) This paper introduces the first VQA dataset
for astronomical sky images: 2,001 figures split be-
tween contour plots, real telescope images, and
synthetic sky images that share the same axes, each
also in a version that mimics scanned historical
journals, with 47,357 questions. Low-cost multi-
modal models struggle with domain conventions:
they often confuse contour plots with sky images,
rarely recognize the synthetic images, and misread
sexagesimal axis ticks when estimating angular
sizes. A review of 104 published figures yields
similar results. The author concludes that domain-
specific VQA resources are needed and plans to
cover additional figure types, such as spectra.

Claim preservation under AI reformula-
tion (Centonze, 2026) When an AI system
rewrites a scientific sentence, the result can be
fluent and semantically similar, yet the claim can
change. This paper proposes a Claim-Preservation
Framework that describes a claim by its proposi-
tional content, epistemic force, evidential relation,
argumentative function, and qualification and at-
tribution. An exploratory application to SciFact
claims shows how the framework catches subtle
shifts, for example, “decreases risk” becoming “is
associated with a decreased risk.” The author posi-
tions claim preservation as an evaluation dimension
distinct from similarity and factuality, and outlines
a benchmark with expert annotation as the next
step.
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4 Shared Task: AstroCLIMB

AstroCLIMB (Grezes et al., 2026a), Astronomy
Citation Linking from Illustrations – a Multi-
modal Benchmark, asks systems to classify pairs
of figures and captions from astronomy papers
as same_figure, same_paper, related_papers,
or unrelated_papers. The benchmark is built
from open-access astronomy papers with more
than 94,000 figures. The Kaggle competition used
10,000 training and 10,000 test pairs, scored with
macro-F1, and attracted 23 participants in 15 teams
(136 submissions); ten system papers were ac-
cepted. The dedicated overview paper analyzes
the task, results, and systems.

5 Cross-Cutting Themes

Looking across the papers, we see several shared
directions.

Combining language models with deterministic
code Deployed systems let language models in-
terpret variable prose. At the same time, determin-
istic code enforces schemas, units, physical bounds,
and identifiers (Schüssler et al., 2026; Susemiehl
et al., 2026; Koblischke and Bovy, 2026; Kumar
et al., 2026). Rovai (2026) takes this further, us-
ing a rule-based extractor and LLMs as validated
auditors.

Keeping evidence attached to every value Ex-
traction systems increasingly return the source text
behind each value: excerpts, snippets, quotes, ver-
batim spans or source sentences with explicit at-
tribution (Schüssler et al., 2026; Susemiehl et al.,
2026; Koblischke and Bovy, 2026; Recski et al.,
2026; Rovai, 2026). The authors see the next step
in verifying this link automatically (Koblischke
and Bovy, 2026; Kumar et al., 2026) and in check-
ing that a source actually supports the claim it is
attached to (Goyal, 2026; Centonze, 2026).

Lean configurations perform strongly Several
papers find that focused, simpler systems perform
as well as or better than more elaborate ones: direct
prompting for meta-analysis extraction (Lu et al.,
2026), a compact extractor for verbatim QA (Rec-
ski et al., 2026), plain chunks and general-purpose
embedders for citation recommendation (Basseri
et al., 2026), and a smaller keyphrase model (Pran-
jić et al., 2026).

Evaluation designed around scientific use Pa-
pers propose evaluations that reflect how out-

puts will be used: refitting a published meta-
regression (Lu et al., 2026), counting the com-
parisons that records allow (Rovai, 2026), cross-
checking against independent catalogs (Schüssler
et al., 2026), record-level alignment (Bölücü et al.,
2026) and word-level span overlap (Recski et al.,
2026). Several authors also show that exact match-
ing can undercount useful output (Pranjić et al.,
2026; Naiman, 2026; Susemiehl et al., 2026).

Designing for the end user Systems are tuned
for their users. Some favor precision and treat ab-
stention as a valid answer because downstream sys-
tems find fabricated values hard to detect (Rovai,
2026; Recski et al., 2026). Others favor recall
because curators review every output (Susemiehl
et al., 2026). Several propose keeping experts in
the loop through curator interfaces, triage, or assis-
tance (Susemiehl et al., 2026; Grezes et al., 2026b;
Lu et al., 2026).

What models know, and what remains hard
Model behavior reflects the literature they were
trained on: recent facilities are harder to recog-
nize (Grezes et al., 2026b), and models favor fre-
quently cited sources (Goyal, 2026; Basseri et al.,
2026). Figures and numerical quantities remain the
most challenging content (Naiman, 2026; Bölücü
et al., 2026; Lu et al., 2026).

6 Outlook

The authors’ future work points to several direc-
tions. Verified grounding: automatic checks that
quotes are literal (Kumar et al., 2026), verifiers
for the relevance and support of citations (Goyal,
2026), and claim-preservation benchmarks (Cen-
tonze, 2026). Shared gold standards: inde-
pendently annotated corpora to measure cover-
age (Schüssler et al., 2026; Koblischke and Bovy,
2026) and larger expert annotations (Recski et al.,
2026; Centonze, 2026), building on released re-
sources such as STG, TRACS, LCRC, and audited
extractions; Rovai (2026) proposes a new shared
task. Normalization and linking of units and en-
tities (Bölücü et al., 2026; Schüssler et al., 2026).
New domains, telescopes and object types (Basseri
et al., 2026; Grezes et al., 2026b; Koblischke and
Bovy, 2026; Naiman, 2026).

These papers increasingly involve the people
who maintain scientific records and focus on
whether a record can be audited, traced, and used.
WASP aims to keep this exchange between NLP
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and scientific practice going.

7 Conclusion

WASP 2026 gathered 15 main-track papers, span-
ning deployed archive pipelines, benchmarks, re-
trieval and QA systems, and evaluation frameworks,
and the AstroCLIMB shared task. Together they
show a community building practical, evidence-
keeping systems, designing evaluations around sci-
entific use, and working closely with the experts
who curate the literature.

Ethical Considerations

Some workshop organizers co-authored accepted
main-track papers (Grezes et al., 2026b; Schüssler
et al., 2026; Basseri et al., 2026). We did not assign
these submissions to any co-authors for review;
other program committee members reviewed them.
In this overview, we summarize them the same way
we summarize all other papers.
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