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Cite-worthiness Detection / Citation Recommendation
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e Cite-worthiness detection: given a sentence in a draft manuscript, classify whether it needs a citation [1].

Should there be a [?] here?

[7]

X

Yes

Cite-worthy?

No

[1] Wright & Augenstein, ACL 2021 Findings. CiteWorth: Cite-Worthiness Detection for Improved Scientific Document Understanding.
[2] Celik & Tekir, EMNLP 2025. CiteBART: Learning to Generate Citations for Local Citation Recommendation.



https://aclanthology.org/2021.findings-acl.157.pdf
https://aclanthology.org/people/ege-yigit-celik/
https://aclanthology.org/people/selma-tekir/
https://aclanthology.org/2025.emnlp-main.89/
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Cite-worthiness Detection / Citation Recommendation  &s=iies

e Cite-worthiness detection: given a sentence in a draft manuscript, classify whether it needs a citation [1].

e (Citation recommendation: given a context that needs a citation (a sentence, paragraph, or full manuscript),
retrieve and rank candidate papers to cite, or directly generate citations [2].

Should there be a [?] here? Which paper should fill that [?]?

[7] [7]

[
Cite-worthy? [1]
2
X| Yes No {3}

[1] Wright & Augenstein, ACL 2021 Findings. CiteWorth: Cite-Worthiness Detection for Improved Scientific Document Understanding.
[2] Celik & Tekir, EMNLP 2025. CiteBART: Learning to Generate Citations for Local Citation Recommendation.



https://aclanthology.org/2021.findings-acl.157.pdf
https://aclanthology.org/people/ege-yigit-celik/
https://aclanthology.org/people/selma-tekir/
https://aclanthology.org/2025.emnlp-main.89/

Citation Analysis: Citation Function

e Citation function: classify how scholars use and frame citations [1].

Contrast

v

Unlike CITE, we use the method of CITE,
which has been used previously for parsing (CITE).

Use Background

L—y

Class Description Example
BACKGROUND P provides relevant information This is often referred to as incorporating deterministic closure (Dorre,
for this domain. 1993).
MOTIVATION P illustrates need for data, goals, As shown in Meurers (1994), this is a well-motivated convention [...]
methods, etc.
USES Uses data, methods, etc., from P. The head words can be automatically extracted [...] in the manner de-
scribed by Magerman (1994).
EXTENSION Extends P’s data, methods, etc. [...] we improve a two-dimensional multimodal version of LDA (An-
drews et al, 2009) [...]
COMPARISON Expresses similarity/differences  Other approaches use less deep linguistic resources (e.g., POS-tags
OR CONTRAST to P. Stymne (2008)) [...]
FUTURE P is a potential avenue for future [...] but we plan to do so in the near future using the algorithm of Little-
work. stone and Warmuth (1992).

[1] Jurgen et al., TACL 2018. Measuring the Evolution of a Scientific Field through Citation Frames.
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https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00028/43437/Measuring-the-Evolution-of-a-Scientific-Field
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e CORWA: citation oriented related work annotation, which decomposes the related work section with three
inter-related annotation tasks [1].

[Transition) . .

[BOS] Automatic Related work generation is a challenging task. DlSCOU rse tagg'ng taSk tags the rOIe Of eaCh related WOFk

‘ [BOS] Earlystudieslake(heeeapproach(Hoang,2010b: Sentence Wlth One Of SIX Iabels {Slngle_summ! mUItI_Summ’
i (e narrative_cite, reflection, transition, other}.

[Bés] Recent works switch their attention to the abstractive approach.

task identifies the span of text whose

e information is directly derived from a specific cited paper.
[B_span) . (E span]
extends pointer-generator network (See et al., 2017) to recover a citation

sentence given its neighbor sentences and the cited paper's abstract.

Dominant

Citation type recognition task indicates whether a cited work is
05 whie Crenetal 0e1) discussed in detail or used to illustrate a high-level concept.

Dominant
proposes a custom relation-aware multi-document encoder;, Ge et al. (2021)
develops a model with multiple inputs and multiple training objectives.
) [BOS] Although modeling is essential for related work generation, we focus
on developing a dataset for related work generation in this work.

[1] Li et al., NAACL 2022. CORWA: A Citation-Oriented Related Work Annotation Dataset.



https://aclanthology.org/2022.naacl-main.397.pdf
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Citation Analysis: ClaimFlow
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e Cross-document scientific claim relations classification grounded in citations: analyze whether a citing
paper supports, extends, qualifies, refutes, or references a claim as background [1]

! T, 5 3 F
==L ;_f 4= <
_____ = | [ - 1y - ~
{ ,\/,L-r 7 ’, ;\:‘l ! Re !
\ N N = " [
b = \ ol E= N r -
N —
b J ‘ (|
refute
A
Paper A [N Paper B
Cited Paper, year t quallfy
Claim B1
engages vy, Claim B2
—————— Pre-trained cantextusl
o eXte nd -
formance across
domains...........
Cited claim (Paper B): I
Pre-trained contextual embeddings
substantially improve NER performance |1 _eeel_
across domains. a” .
Citation context (Paper A): Claim Relation Identification
..... We adopt contextual embeddings
following Peters et al. (2018)............. + Input: <cited claim, citation
unlike their findings, we observe limited context, citing claim>

gains in low-resource settings.

0% 10% 20% 30% 40% 50% 60%
share of claim-claim relations (%)

Citing claim (Paper A): St el

Contextual embeddings do not
improve NER in
scenarios.

Predicted relation: m

Claims are most often reused as contextual premises or explicitly
supported by subsequent work.

[1] Pramanick et al., arXiv 2026. ClaimFlow: Tracing the Evolution of Scientific Claims in NLP.



https://arxiv.org/pdf/2603.16073
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e Cross-document scientific claim relations classification grounded in citations: analyze whether a citing

paper supports, extends, qualifies, refutes, or references a claim as background [1]

,7 17- 4;:, il W:' =
----- e 3 =
== e e !
\\\\—]\_._I/V /{—r —
\‘?\\ _// | ’—7>‘ — B
‘ refute
Paper A [N Paper B
Cllle:F‘aper,yearl quallfy
Claim B1
€ngages with Claim B2

————— Pre-trained contextual

extend

improve NER

formance across
omans ...

Pre-trained contextual embeddings
substantially improve NER performance

..... We adopt contextual embeddings
following Peters et al. (2018). ......... + Input: <cited claim, citation
unlike their findings, we observe limited context, citing claim> o,
gains in low-resource settings. O /0

+ Output: <relation>

Citing claim (Paper A):
Contextual embeddings do not

improve NER in
scenarios.

b > e
Cited claim (Paper B):

N
~
across domains background
Citation context (Paper A): Claim Relation Identification
~
~

50% “<60%
share of claim-claim relations (%)

N
A
N
N
N

at least once

rroauarenir: [T only a small number of claims are ever challenged (11.1%)

[1] Pramanick et al., arXiv 2026. ClaimFlow: Tracing the Evolution of Scientific Claims in NLP.



https://arxiv.org/pdf/2603.16073
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e Generating citation text for pre-selected cited papers given the context of the citing paper

cited papers
[1] title  abstr | content
[2] title abstr | content
citing paper
titte  abstr | content

ctx-before ctx-after

— generate:

Prior work has shown effective
transfer from supervised tasks with
large datasets, such as natural
language inference [1] and machine
translation [2].
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Related Work and Citation Text Generation Fue o ndnolcd

e Generating citation text for pre-selected cited papers given the context of the citing paper

cited papers — generate:

[1] ftitte abstr [content Prior work has shown effective

[2] title abstr | content transfer from supervised tasks with
citing paper large datasets, such as natural

language inference [1] and machine

titte  abstr | content :
translation [2].

ctx-before ctx-after

e Task variations

| Input | Output
Dataset Cited document (D") Citing context (C°) | Citation text (7
Single Abs Multi Abs Title | Abs Text Sent Para

AbuRa’ed et al. (2020)! v v v

Chen et al. (2021) v ( v \

Related work
Lu et al. (2020) v v \ Vv / s:cﬁf;en gmé?];ration

Xing et al. (2020) v v v v



https://link.springer.com/article/10.1007/s11192-020-03630-2
https://aclanthology.org/2021.acl-long.473/
https://aclanthology.org/2020.emnlp-main.648/
https://aclanthology.org/2020.acl-main.550/

CiteBench

e Abenchmark for citation text generation!"!

e Unified task definition and dataset

e Standardized baselines: unsupervised, supervised, transfer-based

e Evaluation kit: standard metrics and discourse-based measurements

Abs
Title

C

DD, D,
=h . _—) Citat
2 2

Abs
Citing
ctx

,C

s1’"""? T sm

T

ion text

[1] Funkquist et al., EMNLP 2023. CiteBench: A Benchmark for Scientific Citation Text Generation.
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https://aclanthology.org/2023.emnlp-main.455.pdf
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e Discourse analysis based on citation intent!"! and CORWA (citation oriented related work annotation)

citation intent analysis example

Contrast Use

v L—

Unlike CITE, we use the method of CITE,

Background

l

which has been used previously for parsing (CITE).

Model
outputs

Human

outputs <

4 LEAD
TextRank
LexRank
led-base
led-large
led-large-arxiv
*ed-base

\. *led-large-arxiv

e ABURAED
CHEN Delve
CHEN S20RC
w

XING

\. Total

0.0 0.2 0.4 0.6 0.8 1.0

N Extends
EEE Future

Bm Motivation
N Uses

Emm Background
s CompareOrContrast

[1] Jurgen et al., TACL 2018. Measuring the Evolution of a Scientific Field through Citation Frames.

Models tend to
under-generate the
Background

and CompareOrContrast
sentences, they produce
more Future, Uses and
Extends sentences than
the gold reference.


https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00028/43437/Measuring-the-Evolution-of-a-Scientific-Field
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e Discourse analysis based on citation intent and CORWA (citation oriented related work annotation)™

CORWA analysis example

(Transition)
[BOS] Automatic Related work generation is a challenging task.
— Epan) [rererence I
2. [BOS]
) S

Hu and Wan, 2014).

(Transition]
3 [BOS] Recent works switch their attention to the abstractive approach.
Dominant |
8 span] -

4 [BOS] Xing et al. (2020)

Reference

[Bspan) [E span]
5 extends pointer-generator network (See et al., 2017) to recover a citation

[Espan)
sentence given its neighbor sentences and the cited paper's abstract.
Dominant
6 [BOS] While Chen etal. (2021)
Dominant
7| proposes a custom relation-aware multi-document encoder; Ge et al. (2021)

[Espan)
4 develops a model with multiple inputs and multiple training objectives.
9 [BOS] Although modeling is essential for related work generation, we focus
on developing a dataset for related work generation in this work.

Early studies take the extractive approach (Hoang and Kan, 20105;

Model
outputs

Human
outputs

4

4

\
r

LEAD
TextRank
LexRank
led-base
led-large
led-large-arxiv
*ed-base

*ed-large-arxiv

ABURAED
CHEN Delve
CHEN S20RC
W

XING

Total

0.0

BN Multi_summ
s Narrative_cite

[1] Li et al., NAACL 2022. CORWA: A Citation-Oriented Related Work Annotation Dataset.

T

0.2 0.4

B Other
Il Reflection

0.6 0.8

1.0

BN Single_summ

Emm Transition

Models tend to
under-generate the
Narrative_cite and
Single_summ class, while
over-generating the
Reflection, compared to
the distributions in the gold
reference texts.


https://aclanthology.org/2022.naacl-main.397.pdf
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e — Free-Form Intents Categorical ‘
— o E— ; Intents
clitos Examples
All— —pi— —|s = - . Examples l
—— —— To provide an overview
— —— of the state of the art” | Background |
"""""""""""""""""""""""""""""""""""""""" - * “
. ' , - Tc? compare tthe novelt%/ | Method ‘
instruction . TRUE -7 _with the previous work | ——
i SRS - i . Result - ‘
a N - TR 5UGE To address the"gaps in | ~ Comparison
a el ; the field |
£ - ! BLEURT
22 : BERTScore
\ ~ J o Your aim is to generate an exactly single paragraph to be used in related work section in a
ot Surface metrics main paper. You will be given main paper's abstract, a relevant paper's abstract and the
2 Bi TS A . intent of the paragraph. The paragraph should reflect the intent and you need to refer the
S~ & Instruction — relevant paper in the same paragraph by using citation mark [REF#1]. You can inspire from
— Tl N - i the given example. Your output must strictly consist of the related work paragraph only,
@® | “Previous studies in related work e =~ nothing else. n
generation cast the task as text Input components - i3in paper abstract: This paper proposes a combined model for POS tagging <...>
GPT 3.5 | summarization [REF#E], however, in this E}' ?:rugrecteaal bstract  glevant paper abstract: /n this paper, we propose a novel decoding algorithm for <...>
work we explore alternative approaches” ﬂ Intent! To compare the results of the proposed model with the results of the previous work.
L_J Example Example: [REF#1] proposed a joint decoder for word segmentation, POS tagging and
output word-based constituent parsing, although they trained models for the three tasks separately.

e Joint use of citation intent and example sentences gives best results for both models and human annotators

e Free-form citation intents are more effective than categorical intents

[1] Sahinug et al., ACL 2024. Systematic Task Exploration with LLMs: A Study in Citation Text Generation.



https://aclanthology.org/2024.acl-long.265.pdf
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e Evidence-based text generation: given a query, LLMs generate a response where each claim is grounded with
inline citations to identifiable source passages, making outputs verifiable.

Query

Summarize key trends in the population
development of Spain.

ol
O_
o] Generate '.

— LLM Response with Citations

Spain’s population grew by 17% between 2000
and 2020 [1]. In 2025, it will reach 48M [2], but
demographic trends suggest a decline by 2050 [3].

=
-
=

[1] Table 1: Population

[2] Population Graph

[3] Population Growth Forecast
A A

=)
19

— Graph — Table — Visual

bordersWith 2000 2010 2020

Population Growth Forecast

80

US 281 311 340

(((. Attribute

DE 8 8 83 o

50

ES 41 46 48 “ ' .
2020 2030 2040 2050 EVldence
Table 1: Population ~ES ~UK —FR

[1] Li et al., arXiv 2023. A Survey of Large Language Models Attribution.
[2] Schreieder et al., arXiv 2025. Attribution, Citation, and Quotation: A Survey of Evidence-based Text Generation with Large Language Models.



https://www.nature.com/articles/s41586-025-10072-4
https://arxiv.org/abs/2311.03731
https://arxiv.org/search/cs?searchtype=author&query=Schreieder,+T
https://arxiv.org/abs/2508.15396

OpenScholar

e Inference

I lll {150905 5 |x: What are the recent research

advancements in enhancing fluorescence
for biosensing using photonic crystal?

240 million l Top N passages
embeddings

G ! ..... ." e 9.
5/: ......... C: .—> Ly 5.

45 million

X
papers

—»0.2
Reranker scores
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Yo: Recent research advancements in enhancing fluorescence for ...

J2: add more empirical findings for photonic crystal surface effects

¥*: Recent research advancements in enhancing fluorescence ... One key
development is Phonic Crystal Surface effect

@ .
— N [¢]—
(2) N Y .—P — y*

h b=
(3)f2‘12

@ Retriever @ Reranker @ LM @ Iterative self-feedback generation
Y Ketrieve Initial passages Rerank Top N |Initial Response & Feedback  Iterative Refinement Citation Verification
"y

A collection of more than 45M papers from
Semantic Scholar and ~250M corresponding
passage embeddings.

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.



https://www.nature.com/articles/s41586-025-10072-4
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e Inference

hferenc, i Yo: Recent research advancements in enhancing fluorescence for ...
(o “B  [x: What are the recent research
advancements in enhancing fluorescence

for biosensing using photonic crystal?

J2: add more empirical findings for photonic crystal surface effects

¥*: Recent research advancements in enhancing fluorescence ... One key
development is Phonic Crystal Surface effect

(1)
— Y0 [c]—
(2) Y % [ — y*
hi H 2

f2 q2

@ Iterative self-feedback generation

45 million
papers

240 million _; Top N passages

embeddings l _’@.9
.......... ey 5

—»0.2

ranker

Iterative Refinement Citation Verification

Specialized Retrievers and Rerankers:
These tools are trained specifically to identify
relevant passages from our scientific
literature datastore

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.
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OpenScholar

e Inference

Yo: Recent research advancements in enhancing fluorescence for ...

x: What are the recent research
advancements in enhancing fluorescence J2: add more empirical findings for photonic crystal surface effects

for biosensing using photonic crystal?

¥*: Recent research advancements in enhancing fluorescence ... One key

45 million 240 mill.ion . l ) Top N pal development is Phonic Crystal Surface effect
papers embeddings _’ ) -
......... —> )0 |C |/
— W = @ ” v - y*

T l N

¥ \\_\ @ o _’ 8 . \_/.

S er
@Datastore @ Retriever @ Reranker @ LM @ Iterative self-feedback generation
Retrieve Initial passages Rerank Top N >SPONSE 3 Refir

Iterative self-feedback to refine model
outputs through natural language
feedback. Each iteration involves
additionally retrieving more papers.

Nature 2026. Synthesizing scientific literature with retrieval-augmented lanqguage models.

[1] Asai et al.,


https://www.nature.com/articles/s41586-025-10072-4
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e Inference

: | Yo: Recent research advancements in enhancing fluorescence for ...
s (S50 [x: What are the recent research
advancements in enhancing fluorescence
for biosensing using photonic crystal?

J2: add more empirical findings for photonic crystal surface effects

¥* : Recent research advancements in enhancing fluorescence ... One key
45 million 240 million _; Top N passages | development is Phonic Crystal Surface effect
papers embeddings | (1)
l .—> —0. 9. —% _,
E)l_’ ~~~~~~~~ I &) b Y[ . — y*

— i == % :) .—> 0. 5. f — o

\\_\ @ —_— .—> —»0.2 3 f2 9,
R Reranker scores
@Datastore @ Retriever @ Reranker @ LM @ Iterative self-feedback generation
Retrieve Initial passages Rerank Top N |Initial Response & Feedback  Iterative Refinement l Citation Verification I
B4

The generator LM ensures that all citation-worthy statements are adequately supported by
references from the retrieved passages. If any claims lack proper citations, the LM performs a
post hoc insertion to ensure that citation-worthy statements are supported by passages.

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.



https://www.nature.com/articles/s41586-025-10072-4
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OpenScholar ¥ oCA-Kidnocco
e Training LLama 3.1 8B
v

Factuality:
— 3@ [ | — 4.5/5
- Organization: Answer X —> Wa
5/5 Generation Ys
x Feedback 7
Generation N . fi‘ S

Factuality:

> 2.5/5
— 59 Organization: Feedback ¥ I a
5/5 Incorporation - — -

Data filtering Data mixing and training

v

Sample top cited papers  Collect intermediate and final responses
\ A

“ LLama 3.1 708 -~

‘ Z

generating information-seeking queries based on their
abstracts that may require multiple papers to answer

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.
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OpenScholar

e Training LLama 3.1 8B

(Data generation and training)

Iﬂl

. 5
. / i
e ~ -
— N P ] ference
—> 2 yb
1

Sample top cited papers

Collect intermediate and final responses

LLama 3.1 708,

el
yg [o}—

v

Factuality:
4.5/5

Organization:

5/

X

Factuality:
2575

Organization:

5/5

Data filtering
~

2

vl
..;3 ABAT-MOROCCO
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ammdll OpenScholar LM

Answer
Generation

Feedback a
Generation I — f{l ff

* — 5 [c]

Data mixing and training

1) pair-wise filtering, compare the quality of model outputs at the the final step and the initial
step, and retain the output that is judged to be higher quality at the final step.

2) Rate the selected response on a 5-point scale for two criteria: organization, and factual
precision/citation accuracy. To be valid, the model's output must score at least 4.5 in both.

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.



https://www.nature.com/articles/s41586-025-10072-4

ScholarQABench

e ScholarQA-CS
O 100 questions + detailed answer rubrics

o Expert annotators (expert annotators holding Ph.D.s in the field)

Input

What are the best practices to protect a software against vulnerabilities
from third party libraries?

Must Have Item-1: The answer should discuss best practices that can be used to
prevent these implications, such as reliable source, update monitoring, code

Nice to Have Item-1: The answer could provide some examples of famous third-
party libraries that can be used in different programming languages.

Output Must have item-1is included s

Protecting software against vulnerabilities stemming from third-party libraries is
a crucial aspect of software security [1] [2]. Below are some of the best practices
based on the existing literature:

Citations

[1] To solve the challenges faced by third-party libraries, researchers can take the
following measures: (1) Develop intelligent security tools to automatically detect
and repair vulnerabilities in third-party libraries ...

[2] Applying formal verification methods to examine the security properties of ...

can also be part of librarv test suites or continuous integration in order to run

Accuracy

I Input l ‘Rubricsl
Output
Citation recall

—

Automated Vulnerability Detection
and Mitigation Tools [1]: Automated

Formal verification and Fuzzing [2]:
Applying formal verification

Input | ‘ Output |

Relevance

Evaluation Instructions
Score5: ...
Score 4: ...

[1] Asai et al., Nature 2026. Synthesizing scientific literature with retrieval-augmented language models.
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GPT4o-
turbo

—_

Attribution LM

+ Supported
@—>+ Supported

Prometheus
v2 8*7B

~&)—

Score: 4
Explanation:


https://www.nature.com/articles/s41586-025-10072-4
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The Al Scientist Paper Writing-up Process

Step 1: Per-section text generation

1. Prompt Aider to fill in a blank conference latex paper template section by section

2. All previous sections of the paper has already written are in the context of the language model |-

3. Each section is initially refined with one round of self-reflection

4. Aider is prompted to not include any citations in the text at this stage, and fill in only a

skeleton for the related work

Paper Writing Aider Prompt

We've provided the ~latex/template.tex” file to the project. We will be
filling it in section by section.

First, please fill in the {section} section of the writeup.

Before every paragraph, please include a brief description of what you plan
to write in that paragraph in a comment.

Be sure to first name the file and use *SEARCH/REPLACE* blocks to perform
these edits.

%2 EACL 2026
& RABAT-MOROCCO

ars - March 24-29, 2026 - U0)6

z

-=§ Paper Write-Up

i ' )
Numerical Manuscript
Data/Plots L Template

Text A via
LLM & aider

L]

[ Manuscript ]

Some tips are provided below:
{per_section_tips}

[Ref] Lu et al., arXiv 2024. The Al Scientist: Towards Fully Automated Open-Ended Scientific Discovery.

How to ML Paper - A brief Guide

Feel free to comment / share and happy paper writing! Also, please see caveats* below.
If you like this, why not follow How to ML on Twitter and share the advice/love?

Canonical ML Paper Structure

Abstract (TLDR of paper):
X: What are we trying to do and why is it elevant?
Y: Why is this hard?

Introduction (Longer version of the Abstract, i.e. of the entire paper)

X: What are we trying to do and why is it relevant?

Y: Why is this hard?

Z: How do we solve it (i.e. our contribution!)

1: How do we verify that we solved it:
1a) Experiments and results, including comparison to prior SOTA f applicable
1b) Theory

2: New trend: specifically st your contributions as bullet points (credits to Brendan)

Exira space? Future work!

Extra points for having Figure 1 on the first page

Related Work:
Academic siblings of our work, i.e. alternative attempts in literature at trying to solve the same
problem.
Goal is to “Compare and contrast” - how does their approach differ in either assumptions or
method? If their method is applicable to our Problem Setting | expect a comparison in the
experimental section. If not, there needs to be a clear statement why a given method is not
applicable.
Note: Just describing what another paper is doing is not enough. We need to compare and
contrast.
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The Al Scientist Paper Writing-up Process

Step 2: Web search for references

1. 20 rounds to poll the Semantic Scholar API looking for the most relevant sources to
compare and contrast the near-completed paper against for the related work section

2. Select papers for discussion and complete missing citations elsewhere in the paper

3. For each selected paper, a brief note on where/how to cite it is sent to Aider, and its
BibTeX is automatically added to the LaTeX file
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Step 2: Web search for references

1. 20 rounds to poll the Semantic Scholar API looking for the most relevant sources to
compare and contrast the near-completed paper against for the related work section

2. Select papers for discussion and complete missing citations elsewhere in the paper

3. For each selected paper, a brief note on where/how to cite it is sent to Aider, and its
BibTeX is automatically added to the LaTeX file

Step 3: Refinement
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One final round of self-reflection section-by-section (aiming to remove any duplicated information and streamline the arguments)



The Al Scientist Paper Writing-up Process

Step 2: Web search for references

1. 20 rounds to poll the Semantic Scholar API looking for the most relevant sources to
compare and contrast the near-completed paper against for the related work section

2. Select papers for discussion and complete missing citations elsewhere in the paper

3. For each selected paper, a brief note on where/how to cite it is sent to Aider, and its
BibTeX is automatically added to the LaTeX file

Step 3: Refinement
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= Paper Write-Up
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Numerical
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Manuscript
Template
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L]

Text A via
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[ Manuscript ]

~
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One final round of self-reflection section-by-section (aiming to remove any duplicated information and streamline the arguments)

Step 4: Compilation

After the Latex paper template is populated, it is compiled, and any errors are sent back to Aider for automatic correction
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e An Al agent skill that transforms a research repo with code & experimental results into a publication-ready
LaTeX paper, targeting top ML/Al and systems venues.
O Orchestra-Research / Al-Research-SKILLs

[ ] WOI’kﬂ ow Workflow O: Starting from a Research Repository

When beginning paper writing, start by understanding the project:

Project Understanding:

-> Understand: Explore the repo, identify contribution, e
search literature

- [ ] Step 3: Identify the main contribution with the scientist
[ ] Step 4: Find papers already cited in the codebase
[ ] Step 5: Search for additional relevant literature

- [ ] Step 6: Outline the paper structure together
[ ] Step 7: Draft sections iteratively with feedback

-> Draft: Write proactively section by section, with the

# Understand project structure

scientist giving feedback at each step e
find . -name "x.md" -o -name "k.txt" | xargs grep -1 —-i "result\|conclusion\|finding"

Look for:

« README.md - Project overview and claims

-> Cite: Never hallucinate citations, always fetch BibTeX
programmatically via Semantic Scholar/DOI; mark [ Lo e capeents/ <K@y fnanos

« Existing .bib files or citation references

unverified as [placeholder]

Step 2: Identify Existing Citations

Check for papers already referenced in the codebase:

# Find existing citations

- Format & Submit: Use conference LaTeX templates,
check page limits, run checklists i e e

These are high-signal starting points for Related Work—the scientist has already deemed them relevant.
Step 3: Clarify the Contribution
Before writing, explicitly confirm with the scientist:

"Based on my understanding of the repo, the main contribution appears to be [X]. The key results show [Y]. Is this the framing you
want for the paper, or should we emphasize different aspects?"

[Ref] https://github.com/Orchestra-Research/Al-Research-SKILLs/tree/main/20-ml-paper-writing.
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e AutoSurvey pipeline - a cost of $1.2 and 3 minutes per survey (with Claude-haiku)

Papers are randomly split based
on the LLM’s context window —
multiple outlines — consolidated
to form the final outline

[Ref] Wang et al., NeurlPS 2024.

Stage 1
Initial Retrieval & Outline Generation

Stage 2
Subsection Drafting

retrieved publications § “.
1 P 3 S; :
o =1 W, L[ SOaq s _____ -
5 S ————
______ +—
Generate Retrieve Draft each section : :
structured outline relevant publications of the outline Lo
___________________________________________________ ’/I |
|
Stage 4 Stage 3 |
o Rigorous Evaluation & Iteration ~  ----- -~ e - Integration & Refinement ~  ----- “ :
; y 3
| Select the best survey | . b R, 5 S; b
i o Of o ? i @‘~_‘*“““:‘l
: JE coverage Fi Fyi... Fy == ¥ -
! structure e.— —— + v
! i I relevance ! ! f—— =i e =
! m .' faithfulness ' ! e~ +<_ _____ _
: ) @ ¢ b Refine each section 5
k Evaluate the surveys g I\ Integrate the refined sections /

Survey Fie,

AutoSurvey: Large Language Models Can Automatically Write Surveys.
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e AutoSurvey pipeline - a cost of $1.2 and 3 minutes per survey (with Claude-haiku)

Survey Topic(T)

Stage 1
Initial Retrieval & Outline Generation

retrieved publications

I
i P, 5 S
1 e
: °
: - Generate Retrieve Draft each section
i database of publications structured outline relevant publications of the outline
Stage 4 Stage 3
------- Rigorous Evaluation & Iteration aana > - - Integration & Refinement ---=~s
Select the best survey i T R. S.
F o OF b e R
: — $ 4 coverage F Fy,i... Fy ea— T e
F, r o Structure — +
E 1 relevance { = g Tt e
best m .'Bfm’thfulness — ' — = __ <>
|
.

Survey Foey

B i1

Evaluate the surveys

Stage 2
Subsection Drafting
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e AutoSurvey pipeline - a cost of $1.2 and 3 minutes per survey (with Claude-haiku)

Survey Topic(T)
Stage 1 Stage 2
_____ Initial Retrieval & Outline Generation - . Subsection Drafting e

:' retrieved publications ' !' \

: 3w Pu 2,<1 Lo 0, = —~Pa\ s

' [ S — ' ' L il A T = DS L)y @ -+

] ] 10} s X, S |

! - ® E ! ——i o — —— L g .L_|

: . Generate - Retrieve Draft each section o

i database of publications structured outline ,: 4 relevant publications of the outline ; :
Stage 4

% s Rigorous Evaluation & Iteration ~ -----

Select the best survey 1

F. (o (7
! " : 3 coverage
F, ! structure e
1 relevance
Foest m .'Bfax’rhfulness
Fy ) @ | Refine each section
Evaluate the surveys D . Integrate the refined sections
survq, Fbe‘st ________________ 3 __________________

-
! Refine each subsection with nearby context 1
| and verify citation accuracy '

____________________________________



AutoSurvey

Evaluation on 20 survey papers about LLMs (Claude-haiku as the writer)

' Survey Title Citations |
i A survey for in-context learning 323 i
1 A Survey on Large Language Models for Recommendation 55 |
i A Survey of Detecting LLM-Generated Texts 42 i
i Explainability for Large Language Models 25 !
i A Survey on Evaluation of Large Language Models 183 |
' A Survey on Large Language Model based Autonomous Agents 101 i
. i A Survey of Large Language Models in Medicine 234 |
' 'Domain Specialization as the Key to Make Large Language Models Disruptive 14 i
| i Practical and Ethical Challenges of Large Language Models in Education 53 |
i Aligning Large Language Models with Human 53 i
i A Survey on ChatGPT and Beyond 144 !
i Instruction Tuning for Large Language Models 45 |
' Large Language Models for Information Retrieval 22 i
.Towards Safer Generative Language Models: Safety Risks, Evaluations, and Improvements 17 |
' A Survey of Chain of Thought Reasoning 13 i
! i A Survey on Hallucination in Large Language Models 116 :
i Bias and Fairness in Large Language Models 12 i
| Large-scale Multi-Modal Pre-trained Models 61 !
1 A Survey on Model Compression and Acceleration for Pretrained Language Models 22 |
i Large Language Models for Software Engineering 49 i

E

520

ACL 2026

ABAT-MO ROCCO

rs - March 24-29, 2

6-0ulo
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Evaluation on 20 survey papers about LLMs (Claude-haiku as the writer)

Survey Length (#tokens) Methods ‘ Speed ‘ RecCalltla tion qu;rl:etcyision
Human writing 0.16 80.00 87.50 4.50 4.16 5.00 4.52

Naive RAG-based LLM generation | 79.67 | 78.144523  71.9246.83
AutoSurvey 107.00 82.4812_77 77-42i3.28

Content Quality <. = = fF-—-——=—=—====—————————-
Coverage  Structure Relevah\ LLM as a jU d g e '

4404048 3.86+071 4.86+033 4.33
4.60104s 4461049 481030 4.61

Human writing 0.14 88.52 79.63

Naive RAG-based LLM generation | 43.41 | 714841250 65.31415.36
AutoSurvey 95.51 | 81.3414365  76.9441.93

4.66 4.38 5.00 4.66
4461049 3.661060 4.73410.44 4.23
4661047 4.33+059 4.864033 4.60

Human writing 0.10 88.57 77.14

Naive RAG-based LLM generation | 22.64 | 79.884435 65.03.18.39
AutoSurvey 91.46 | 83.141244  78.0443.14

4.66 4.50 5.00 4.71
4.411:0‘64 3.753:()‘72 4.66:{:()‘47 4.23
4731044 4261060 4.8+051  4.58

Human writing 0.07 86.33 77.78

Naive RAG-based LLM generation | 12.56 | 68.794111.00 61.97413.45
AutoSurvey 73.59 82-25j:13.64 7741:&3.84

5.00 4.66 5.00 4.88
441061 3.661047 4.661047 4.19
4.734044 4331047 4.861033 4.62

-------------------- ' NLI model to assess the

' claim grounding coverage
' and relevance of citations

F_________________I

| “It achieves near-human levels of coverage, |
I relevance, and citation quality while I
I maintaining a significantly lower time cost.” |
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e (Goal: Automated taxonomy creation that can bridge the gap between human-generated and
automatically-created taxonomies

Open Access Filtered
ACM CSUR journal papers Papers with (m)
P;(I;;(l)‘ s;: (35_5) * high citations I:{> E E
- : . (460)
(1165) Present in Arxiv
(285) O0AO0

[Ref] Lahiri et al., EMNLP 2025. TaxoAlign: Scholarly Taxonomy Generation Using Language Models.
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e Goal: Automated taxonomy creation that can bridge the gap between human-generated and
automatically-created taxonomies

/ Open Access

Filtered o
ACM CSUR journal papers Papers with 0
p;(]))ze:)' szl: (315) * high citations |:> E E
5 q ; (460)
(1165) Present in Arxiv
) ‘ 0o0a0
i = Q =
T

A Knowledge Taxonomy l I 1 axonomy f 1

Slice Verballzatzon D a u Refinement D D
Creation
Source Knowledge Initial Taxonomy Refined Taxonomy
Documents Slices Tree Tree

' Instruction-tune small models (Llama-3.1-Tulu-3-8B and ScilLitLLM1.5-7B) to generate
i grounded, concise taxonomies and learn taxonomy tree structure

[Ref] Lahiri et al., EMNLP 2025. TaxoAlign: Scholarly Taxonomy Generation Using Language Models.
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AN -
OGE® o varch 2429, 2026 - om)ls

e Ascientific leaderboard is a ranked list of methods/models evaluated on the same task using a shared benchmark and metric.

== Tasks iFAQ i Diagnostics <4 Submit =) Login

N A =
/
JUAL 2 O
S A ~ L]
The Stanford Question Answering Dataset | QQP MNLEm MNLI-mm
O O 74.2/190.3 90.2 89.8 98.6 86.3 90.4 475
d Q WhatlsiSQUAD? feaderboard e o o e 2 e e
. Stanford Question Answering Dataset (SQUAD) is a SQUAD2.0 tests the ability of a system to not only answer reading comprehension 50.5/80.4 920 o8 o12 036 %59 NaN
reading comprehension dataset, consisting of questions questions, but also abstain when presented with a question that cannot be answered - . B i - - - il
- posed by crowdworkers on a set of Wikipedia articles, based on the provided paragraph. How will your system compare to humans on this
where the answier o every question s asegment of text, task w0 sse 1o w57 ss  s0s 409
or span, from the corresponding reading passage, or the
question might be unanswerable Rank Model &M F1
86.831 89.452 73.1/189.9 87.6 87.2 93.9 80.9 65.1 399
[EZ SQUAD2.0 combines the 100,000 questions in %
(Ralp
SQuAD1.1 with over 50,000 new, unanswerable 73.2/89.8 89.1 885 94.0 76.0 719 447
questions written adversarially by crowdworkers to look 4 SERLLDAC 8714 e
-
Multi-task Language Understanding on MMLU
n 804 651 407
Leaderboard Dataset
79.8 65.1 283

Automate the Whole Process o [T = i [T for [ o .

100

GPT-4 (few-shot) Leeroo (5-shot)

Flan-U-PaLM.5408
Chinchilla 708.(5-shot)
Gopher ZSD? (5-shot)

UnifiedQA 118

AVERAGE (%)
38

RoBERTa-bdse 125M (fine-tuned)

Jan '20 Jul 20 Jan 21 Jul 21 Jan'22 Jul'22 Jan'23 Jul23 Jan ‘24 Jul 24

[Ref] Hou et al., ACL 2019. Identification of Tasks, Datasets, Evaluation Metrics, and Numeric Scores for Scientific Leaderboards Construction.
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Meta-analysis for NLP/ML Literature: Scientific Leaderboard Construction  £"%5855292°

Existing Leaderboards
1. Paper X %» 1. Paper v %; Create New Leaderboard
2. Paper Y 2. Paper X 1. Paper B ¥
2. Paper A
Paper B N /) p
=—— | PaperA
| -— |:> ___Update _ Update
| —— : :
S S— ‘ ) ‘ )
— — 1. Paper X = 1. Paper B
2. Paper A 2. Paper Y
3. Paper Y 3. Paper X

PDF Processing

Paper Chunks

Query
Based Text

. TDMR Extraction

System
Prompt

Extraction

\ )

Extraction
== I;I
—
Tables
— —
— —
Table

{‘paper’:A,
“output”: [

“dataset”: "NTY’
“metric”; “ROUGE-1",
“result’: 57.75 ),

{task’: “POS Tagging’",
“dataset”: "PTB",
“metric”; “F1 Score”,
“result’: 93.76 ),

. / Normalization \ H

Normalization
Prompt

/ Leaderboard \

Generation

.\

peating for all
papers in corpus

* | Task: Summarization,

° | Dataset: New York Times (NYT)

{'task”: “Text Summarization®,

{‘paper’:A,
“output [

“metric”: ROUGE-1",
“result’: 57.75),

“metric”: “F1",
‘result”: 93.76 ),

{task’: “Summarization",
“dataset’: “New York Times (NYT)",

{task': “Part-of-Speech (POS) Tagaing',
“dataset’: ‘Penn Treebank (PTBY’,

PAS

>4

. | Metric: ROUGE-1

i Leaderboard:
Paper Result
C 60.13
: A 57.75
. D 55.67
AN

4

(Y

Mars - March 24-29, 2026 - o) (o

Models effectively extract individual items but
struggle to assemble accurate TDMR tuples,
consistently underperforming on Results.

[Ref] Sahinug et al., EMNLP 2024. Efficient Performance Tracking: Leveraging Large Language Models for Automated Construction of Scientific Leaderboards.
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ArxivDIGESTables: Automatically Generate Literature Review Tables  svEAcL

e Task: literature review table generation

o Rows are a set of papers

o Columns are a set of aspects that the papers share

y» <@ RABAT-M
N

2026

OROCCO

rch 24-29, 2026 - U)o

Paper 1

Paper 2

Paper 3

Paper 4

Dataset

KoNViD-1k
LIVE-VQC
KoNViD-150k

Sports-1M

----------------

r ]

© Size ! Task |
: "y T
v 1200 . WOA |
1 ] 1
. 5s . e
1 ! .
] WL .
vo153841 . NOA |
] e a
: 17135358 | :Classiﬁcation'
]

Annotations

114

240

5

- (auto)

[Ref] Newman et al., EMNLP 2024. ArxivDIGESTables: Synthesizing Scientific Literature into Tables using Language Models.
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ArxivDIGESTables: Automatically Generate Literature Review Tables  sv.EAcL 2026

[ \'R BAT-MOROCCO
OG8® o viarch 2229, 2026 - o0)lo

e Two stage decomposition generation

A
. i i I-)&;t;s; s-iz-e- - -: Annotation method :- -ll-lt;l-id-e:i :ﬁ- -li-c;t-io.n- [ Evaluation
Step 1: Schema Generation = SR | Amcotstionmethod pplication »  “yetsic
8 Paper 1 f-l' 200 video sequences Subjectively annotated Obleztelzsl\;gﬁemnfthod : Subjective Mean Opinion Score
L

Subjective video quality scores
via crowdsourcing

NR video quality prediction
advancement

Paper 2

Step 2: Value Generation =——p )

Subjective video quality scores

Deep-learning VOA model
training

Paper 3 Spearman rank-order
P! correlation coefficient

L}
L
1
L}
]
L}
]
five quality ratings each :
L}

Large-scale video classiﬁcation: Performance improvements over

A and action recognition baselines

1
'
'
'
'
'
'
'
]
: Coarsely annotated set with
L]
1
1
1
'
'

Paper4 | .1 million YouTube videos

[Ref] Newman et al., EMNLP 2024. ArxivDIGESTables: Synthesizing Scientific Literature into Tables using Language Models.



https://aclanthology.org/2024.emnlp-main.538/

Meta-analysis for Biomedical Literature: Forest-plot Generation  §"f4¢5.202¢

24-29,2026-ou)lo

e Aforest plot is a chart that shows the results of several studies in one place.

e It helps you compare each study and see the overall result when all studies are combined.
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Research question: Whether the intervention PGT-A (formerly known as preimplantation genetic screening) leads to fewer live
births than in the control group for women undergoing an IVF (in vitro fertilization) treatment?

PGT-A No PGT-A Odds Ratio Odds Ratio Risk of Bias
Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI A BCDETFG
2.2.1 Cleavage stage biopsy
Blockeel 2008 15 72 26 67 11.1% 0.41[0.20, 0.88] — - 27270928 ®
Debrock 2010 6 44 10 50 7.3% 0.63[0.21, 1.91] —_— 272708
Hardarson 2008 3 56 10 53 5.6% 0.24[0.06 , 0.94] - @202 0
Mastenbroek 2007 24 206 39 202 14.0% 0.55[0.32, 0.96] —a PP rees
Meyer 2009 6 23 15 24 6.3% 0.21[0.06, 0.74] P PrerPeee
Rubio 2013 23 48 12 43 96% 2.38[0.99, 5.70] - @200 @
Schoolcraft 2009 16 32 16 30 8.3% 0.88[0.32, 2.37] —_— @200
Staessen 2004 21 199 29 190 13.3% 0.65[0.36, 1.19] —— 2727020 ®
Staessen 2008 37 120 37 120 14.1% 1.00[0.58 , 1.73] g 2727020 &
Subtotal (95% CI) 800 779 89.5% 0.66 [0.44, 0.98] ’
Total events: 151 194 ) - I ;
Heterogeneity: Tau? = 0.20; Chi? = 17.86, df = 8 (P = 0.02); I* = 55% 002 0A1 10 50

Test for overall effect: Z = 2.04 (P = 0.04)

Favours no PGT-A

Favours PGT-A

IVF with PGT-A versus IVF without PGT -A with the use of FISH for the genetic analysis, outcome: live birth rate after the first embryo transfer per woman randomised.

[ Conclusions: The currently available evidence is insufficient to support PGT-A in routine clinical practice.J
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Research question: Whether the intervention PGT-A (formerly known as preimplantation genetic screening) leads to fewer live
births than in the control group for women undergoing an IVF (in vitro fertilization) treatment?

Intervention group

Study or Subgroup

Control group

No P!
vents

GT-A
Total

Odds Ratio

Weight M-H, Random, 95% CI

point estimate of the odd ratio, the size of the square represents the weight of the study

2.2.1 Cleavage stage biopsy

Numeric evidence

Blockeel 2008 15 72 26 67 | 11.1%
Debrock 2010 6 44 10 50 | 7.3%
Hardarson 2008 3 56 10 53 5.6%
Mastenbroek 2007 24 206 39 202 | 14.0%

Included studies Meyer 2009 6 23 15 24| 6.3%
Rubio 2013 23 48 12 43| 96%
Schoolcraft 2009 16 32 16 30| 83%
Staessen 2004 21 199 29 190 | 13.3%
Staessen 2008 37 120 37 120 | 14.1%
Subtotal (95% CI) 800 779 89.5%
Total events: 151 194

Heterogeneity: Tau? = 0.20; Chi? = 17.86, df = 8 (P = 0.02); I> = 55%
Test for overall effect: Z = 2.04 (P = 0.04)

IVF with PGT-A versus IVF without PGT -A with the use of FISH for the genetic analysis, outcome

0.41[0.20, 0.88]
0.63[0.21, 1.91]
0.24 [0.06 , 0.94]
0.55[0.32, 0.96]
0.21[0.06, 0.74]
2.38[0.99 , 5.70]
0.88[0.32, 2.37]
0.65[0.36 , 1.19]
1.00[0.58 , 1.73]
0.66 [0.44 , 0.98]

Odds Ratio Risk of Bias
M-H, Random, 95% CI A BCDETFG
N\ «—— Null effect

27099 @@®

i 270908 @®
—_— ®P72000®0

—] X X X X N X )
—_— (X X X X X X )

—— ® 200006
— 7200000
—t 72770920® @
—— 27090 @

%\The diamond represents the pooled result

0.02 0.1 1 10 50

Favours no PGT-A Favours PGT-A

Outcome measure

./

live birth rate after the first embryo transfe

per woman randomised.

[ Conclusions: The currently available evidence is insufficient to support PGT-A in routine clinical practice.J
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[
Input A clinical trial study
- A
Papera Paper b, Paper ¢ Paperd
(year 1) (year 2) (year 3) (year4)
Question q: Does stem cell transplantation improve quality of life in
patients with medically refractory Crohn’s disease compared to placebo?
Prior work ‘ ‘ This work
T T —_—— T /1" "\
! Cluster component " NumericData !
: : 1 Extraction Model !
1
1 1
: Retrieve and cluster | : ‘ \
1 relevant content chunks : I Outcome Type: Continuous !
1 \ 1
1 1
: ‘ 1| OutcomeData: |
1 [ 1
! i Stem Cell Mean | 36.5 H
1
! i Stem Cell SD 44.5 :
1
' +a ! Stem Cell Total 23 !
1
: : 1 Placebo Mean 1 :
1
! I' 1 Placebo SD 46.3 :
\
SE s - Placebo Total 22 1
1
Answer ‘ X : 1
1
No stat. significance : Effect Estimate Component 1
1
: 0.75 [0.14,1.35] I
1
1
1 Confidence Interval !
1 Standard Mean Difference ,'
£
Answer ‘
Stem cell transplantation is better

A numeric reasoning approach to estimate study effect

EACL 2026
RABAT - MOROCCO

Mars - March 24-29, 2026 - G50

- - - -

PGT-A No PGT-A Odds Ratio Odds Ratio Risk of Bias
Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI A BCDETFG
2.2.1 Cleavage stage biopsy
Blockeel 2008 15 72 26 67 11.1% 0.41[0.20, 0.88] —_— 27200 @
Debrock 2010 6 44 10 50 7.3% 0.63[0.21, 1.91] — 2702 ®
Hardarson 2008 3 56 10 53 5.6% 0.24 [0.06 , 0.94] —_— P 72022220
Mastenbroek 2007 24 206 39 202 14.0% 0.55[0.32, 0.96] —— PPIIPIPISS®
Meyer 2009 6 23 15 24 6.3% 0.21[0.06, 0.74] S PP S
Rubio 2013 23 48 12 43 9.6% 2.38[0.99, 5.70] - P20 @
Schoolcraft 2009 16 32 16 30 8.3% 0.88[0.32, 2.37] —— P20 @
Staessen 2004 21 199 29 190 13.3% 0.65[0.36, 1.19] —at 2720%0% @
Staessen 2008 37 120 37 120 14.1% 1.00[0.58, 1.73] —— 27020 @
Subtotal (95% CI) 800 779 89.5% 0.66 [0.44 , 0.98] .
Total events: 151 194 X X , "
Heterogeneity: Tau? = 0.20; Chi? = 17.86, df = 8 (P = 0.02); I = 55% 002 01 10 5
Test for overall effect: Z = 2.04 (P = 0.04) Favours no PGT-A Favours PGT-A

[Ref] Pronesti et al., EMNLP 2025. Enhancing Study-Level Inference from Clinical Trial Papers via RL-based Numeric Reasoning.
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e A numeric reasoning approach to estimate study effect

PGT-A No PGT-A Odds Ratio Odds Ratio Risk of Bias
Input A clinical trial study Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI A BCDETFSG
A
=
2.2.1 Cleavage stage biopsy
Blockeel 2008 15 72 26 67 11.1% 0.41[0.20, 0.88] —_— 27204 @
Papers Paper b Papsrg Paperd Debrock 2010 6 44 10 50  7.3% 0.63[0.21, 1.91] -] 27000 ® @
year1) lyear2) years) year 4) Hardarson 2008 3 56 10 53 56% 0.24[0.06 , 0.94] I 272009290
Question q: Does stem cell transplantation improve quality of life in Mastenbroek 2007 24 206 39 202 14.0% 0.55[0.32, 0.96] —] PIPIPIOIOS
patients with medically refractory Crohn’s disease compared to placebo? < — — — | Meyer 2009 6 23 15 24 63% 0.21[0.06, 0.74] —— PP0PPBS®
Rubio 2013 23 48 12 43 9.6% 2.38[0.99, 5.70] - P20 e @
Prior work ‘ ‘ This work Schoolcraft 2009 16 32 16 30 8.3% 0.88[0.32, 2.37] —_— P20 @
STt —— T \ Staessen 2004 21 199 29 190 13.3% 0.65[0.36, 1.19] —at 2727020 % &
1 ! Data Staessen 2008 37 120 37 120 14.1% 1.00[0.58, 1.73) b 2709P0® @
H . Extraction Model Subtotal (95% CI) 800 779 89.5% 0.66 [0.44 , 0.98] &
1 " ! Total events: 151 194
! Retrive and clustar ! ¥ Heterogeneity: Tau? = 0.20; Chi = 17.86, df = 8 (P = 0.02); I* = 55% b2 o | !
! relevant content chunks ! Outcome Type: Continuous °0 ’ Vs 2204 -02); o 0.02 0.1 10 5
I : Test for overall effect: Z = 2.04 (P = 0.04) Favours no PGT-A Favours PGT-A
: ‘ : Outcome Data: v,
1 ~
1 1 N
Stem Cell Mean 36.5 ~ . . . . . .
! ; ~ Fine-tune a numeric evidence extraction model using RL with GRPO
: i Stem Cell SD 44.5 e e .
: +q : Stem Cell Total 23 : o Correctness Reward (CR): :
: @ : Placebo Mean 1 : B 1+ 37, {y =¥} :
1 ! Placebo SD 463 ! o= 1+n !
\
S s s mmm - Placebo Total 22 : o Format Reward (FR): :
Answer ‘ ! 1 ifm(x) e F !
X : . 1 : RrRr = il , with F set of valid formats :
No stat. significance . Effect Estimate Component : H 0 otherwise h L . . .
! 0.75 [0.14,1.35] i ! o Thought Format Reward (TFR): ' | Existing reasoning models are insufficient for
1 . Lo
1 1 1
i Confidence Interval ! : 1 if m(x) matches thought pattern 1| COMplEX domain-specific tasks.
1 Standard Mean Difference P ! Rrrr = : 1
N — - 1 0 otherwise |
1 1
Answer ‘ : o Final reward: 1
1
Stem cell transplantation is better : R=10.8-Rcr +0.1- Rrg + 0.1 - Rrrr :

[Ref] Pronesti et al., EMNLP 2025. Enhancing Study-Level Inference from Clinical Trial Papers via RL-based Numeric Reasoning.
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e Verifiable process reward models for risk of bias analysis

PGT-A No PGT-A 0Odds Ratio Odds Ratio Risk of Bias
Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI ABCDETFG
2.2.1 Cleavage stage biopsy
Blockeel 2008 15 72 26 67 1.1% 0.41[0.20, 0.88] — 27099 @®
Debrock 2010 6 44 10 50 7.3% 0.63[0.21, 1.91] ——— 270808 @®
Hardarson 2008 3 56 10 53 5.6% 0.24 [0.06 , 0.94] —_— P20 0
Mastenbroek 2007 24 206 39 202 14.0% 0.55[0.32, 0.96] — 2000009 O
Meyer 2009 6 23 15 24 6.3% 0.21[0.06, 0.74] —— PROPPEES
Rubio 2013 23 48 12 43 9.6% 2.38[0.99,5.70] O P20000 @
Schoolcraft 2009 16 32 16 30 8.3% 0.88[0.32, 2.37] — 20299 @
Staessen 2004 21 199 29 190 13.3% 0.65[0.36, 1.19] —a 2720204 @®
Staessen 2008 37 120 37 120 14.1% 1.00[0.58, 1.73] —.— 27200+ @®
Subtotal (95% CI) 800 779 89.5% 0.66 [0.44 , 0.98] ‘
Total events: 151 194 , , | | s
Heterogeneity: Tau? = 0.20; Chi* = 17.86, df = 8 (P = 0.02); I* = 55% 0.02 0.1 10 50 R -
Test for overall effect: Z = 2.04 (P = 0.04) Favours no PGT-A Favours PGT-A . ©
-
- - -
-
g
-
R
PRe
Verifiable Outcome Rewarding Verifiable Process Rewarding
F T T TS T T oo T ST oTSm oo T m s ey
| 4 .
X 1
: E Tt(Y» CE) =+ Tlabel |
step score: 1.8 I - 1
iy step label score: 8.66 1 t=1 1
<think> 1
think: - r ] 1
;nelga;er reports that the Steeils fewntr ‘_mt__, i step @1 1 (Process) (Outcome) 1
randomization method used was Answer: reported Label @ } I 1
“random,” and the sequence generation 1 1
appears to follow standard protocols. [Stepi2_ CISESHiy:tentoatoation stod | 1
However, there are some : Answer: randon ] ! i
inconsistencies in the sequence : H I
pattern, and the method of : Step 3: Assess_sequence_predictability 1
randomization was not explicitly = I ” ) \
detailed. : Answer: unclear e 1 Tt(Y; z) = w;‘ 5;‘(5“ St) +w; Sn(Zm ZZ‘) H
</think> : 1
<answer> Verification : il 1 !
risk: high : ottt | I (Step name)  (Step label) !
</answer> </answer> ! :
g 1 : ;
: 1 The process reward is a weighted sum of correct 1
: . e . = 1
Reasoning Ground truth Reasoning Ground truth | step identification and correct label selection. H

[Ref] Pronesti et al., arXiv 2026. Beyond OQutcome Verification: Verifiable Process Reward Models for Structured Reasoning.
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Error caught immediately during the process. Model penalized.

Algorithm 1 RoB A Macro

| Start: Random Sequence Generation |

1: procedure PREDICTLABEL-A(steps)
2

if steps[IDENTIFYRANDOMIZATIONREPORT] = NOTREPORTED then
return MODERATE
end if
if steps[ CLASSIFYRANDOMIZATIONMETHOD] = NONRANDOM then
return HIGH
end if
if steps| ASSESSSEQUENCEPREDICTABILITY] = PREDICTABLE then
return MODERATE
end if
if steps[BASELINEIMBALANCE] = LIKELY then
return HIGH
end if
return Low

: end procedure

e Verifiable process reward models for risk of bias analysis
PGT-A No PGT-A Odds Ratio Odds Ratio Risk of Bias
Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI ABCDETFG
2.2.1 Cleavage stage biopsy
Blockeel 2008 15 72 26 67 1M.1% 0.411[0.20, 0.88] — ®
Debrock 2010 6 44 10 50 7.3% 0.63[0.21, 1.91] ——— [ ]
Hardarson 2008 3 56 10 53 5.6% 0.24[0.06, 0.94] —_— ®
Mastenbroek 2007 24 206 39 202 14.0% 0.55[0.32, 0.96] —— ®
Meyer 2009 6 23 15 24 6.3% 0.21[0.06, 0.74] —— [ ]
Rubio 2013 23 48 12 43 9.6% 2.38[0.99,5.70] e ®
Schoolcraft 2009 16 32 16 30 8.3% 0.88[0.32,2.37) — ®
Staessen 2004 21 199 29 190 13.3% 0.65[0.36, 1.19] —a ®
Staessen 2008 37 120 37 120 14.1% 1.00[0.58 , 1.73] —.— ®
Subtotal (95% CI) 800 779  89.5% 0.66 [0.44 , 0.98] .
Total events: 151 194 , , | | s
Heterogeneity: Tau? = 0.20; Chi* = 17.86, df = 8 (P = 0.02); I* = 55% 0.02 0.1 10 50 R -
Test for overall effect: Z = 2.04 (P = 0.04) Favours no PGT-A Favours PGT—//\/ e
- - -
-
g
-
R
PRe

Verifiable Outcome Rewarding

<think>
The paper reports that the
randomization method used was
“random,” and the sequence generation
appears to follow standard protocols.
However, there are some
inconsistencies in the sequence
pattern, and the method of
randomization was not explicitly
detailed.

</think>
<answer> Verification
risk: high
</answer>
Reasoning

Ground truth

step score: 1.8
step label score: 0.66

<think>
Step 1: Identify_r on_report . ]
o 15 Stp Of

H
Answer: reported Label @ }
Step 2: Classify_randomization_method

Ansver :
Step 3:
Ansver :
</think>

</answer:

—
random

Assess_sequence_predictability

unclear —

Reasoning Ground truth

1 The process reward is a weighted sum of correct

r(Y;z) = wf sf(se, 57) +wsy(br, £F). /7

P
D (Y5 @) + iabel
=1

(Process) (Outcome)

(Step name)  (Step label)

| step identification and correct label selection. '

[Ref] Pronesti et al., arXiv 2026. Beyond OQutcome Verification: Verifiable Process Reward Models for Structured Reasoning.
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Randomization Reported?

[ @ High Risk (Stop) ]

| Method Random? |

Non-Random Random

The Mechanism:

‘The VPRM rewards the
model only if it traverses
this specific tree
correctly, step-by-step.

|  High Risk (Stop) |

| Sequence Predictable? ‘

7 Moderate Risk (Stop)
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[ Automatic Research Paper Writing

d Automated Survey & Deep Research Generation
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Pre-LLM Era

LLM Era

Key tasks

Related work generation
Citation text generation
Cite-worthiness detection
Citation recommendation
Citation intent classification
Citation analysis

LLM citation generation and attribution
Agentic deep research

e Planning

e Information gathering

e Tool usage

e Synthesis and reporting

Core challenges

Coherent multi-doc synthesis

Verifiable, non-hallucinated attribution

Generation quality

Often disfluent or extractive

Fluent but may hallucinate or post-rationalize

Evaluation

Rouge, F1, BERTScore

LLM-as-a-judge, citation quality based on NLI
models (citation precision/citation recall)
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e The verification bottleneck: Generation has outpaced verification!
o The field can now produce fluent, cited text at scale

o Automated attribution verification (NLI-based, LLM-as-judge) is still unreliable that human
checking remains necessary.
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e The verification bottleneck: Generation has outpaced verification!

|

e Al-assisted scientific writing
o Fluent Al-generated text with seemingly grounded citations can create a false sense of rigor.

o  Without reliable automated verification, Al paper-writing tools may accelerate scientific output
while quietly eroding the trust and reliability on which researchers depend.
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