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Abstract

We present PeerQA, a real-world, scientific,
document-level Question Answering (QA)
dataset. PeerQA questions have been sourced
from peer reviews, which contain questions
that reviewers raised while thoroughly exam-
ining the scientific article. Answers have been
annotated by the original authors of each pa-
per. The dataset contains 579 QA pairs from
208 academic articles, with a majority from
ML and NLP, as well as a subset of other
scientific communities like Geoscience and
Public Health. PeerQA supports three criti-
cal tasks for developing practical QA systems:
Evidence retrieval, unanswerable question clas-
sification, and answer generation. We pro-
vide a detailed analysis of the collected dataset
and conduct experiments establishing baseline
systems for all three tasks. Our experiments
and analyses reveal the need for decontextual-
ization in document-level retrieval, where we
find that even simple decontextualization ap-
proaches consistently improve retrieval perfor-
mance across architectures. On answer gener-
ation, PeerQA serves as a challenging bench-
mark for long-context modeling, as the papers
have an average size of 12k tokens.'

1 Introduction

The number of scientific articles is increasing expo-
nentially (Fire and Guestrin, 2019; Bornmann et al.,
2020), leading to an increase in review work and
leaving researchers with an ever-expanding num-
ber of publications to read to keep up with their
field. Therefore, novel tools are required to support
reviewing work and enable readers to consume in-
formation from scientific articles more efficiently
(Brainard, 2020; Kuznetsov et al., 2024). Au-
tomatic Question Answering (QA) systems can
provide such support, allowing researchers and re-
viewers to productively extract information from

'Our code and data is available at https://github.com/
UKPLab/peerqga.
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Figure 1: Overview of the PeerQA data collection pro-
cess. From the peer review process (in green), we ex-
tract and process questions from the reviews. Given the
published version of the article and a question, an ex-
pert (in our case, the original paper authors) (1) checks
the question and modifies or discards it, (2) annotates
whether it is answerable or not (i.e. if there is sufficient
information in the paper), and if so (3) highlights the
evidence to answer the question and finally (4) provides
a free-form answer to the question.

an article, particularly if integrated directly into the
reading and reviewing interface (Zyska et al., 2023;
Lo et al.,, 2024). QA systems can also improve the
quality of peer review, e.g., by avoiding questions
in a review that are addressed in the article but po-
tentially overlooked by a reviewer. However, the
development of QA models is limited by the avail-
ability of high-quality and realistic datasets in the
scientific domain to measure the performance of
methods. Collecting scientific QA data is challeng-
ing because it requires expert annotators who are
difficult to recruit. Furthermore, naturally occur-
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. Questioner  Question Answer  Answer
Dataset Papers QA Domain Knowledge  Source Annotators Source Types
BioASQ 43011 4615 BioMed. - - Experts Abstract  Y/N, Ex, FF
QASPER 1585 5049 NLP Abstract Crowdsourced  Practitioners  Paper Y/N, Ex, FF, U/A
QASA 113 1798 AI/ML Full Paper Crowdsourced  Practitioners  Paper Ex, FF, U/A
PeerQA 208 579 Multi Full Paper Reviews Experts Paper Ex, FF, U/A

Table 1: Comparison of the most relevant scientific QA datasets. In BioASQ, experts come up with questions
without a document in mind. Answer types abbreviations: Y/N = Yes/No, Ex = Extractive or Evidence Retrieval, FF
= Free-Form Answers, U/A = Unanswerable). The QA column reports the number of question-answer annotations.

ring questions are difficult to source compared to
the general domain, where search engine logs can
be used (Nguyen et al., 2016; Kwiatkowski et al.,
2019). Previous work resorted to recruiting prac-
titioners or graduate students and focused only on
Machine Learning (ML) or Natural Language Pro-
cessing (NLP) domains (Dasigi et al., 2021; Lee
et al., 2023). Annotators of these datasets have
various degrees of knowledge, e.g., having read
only the abstract, skimmed the paper, or sometimes
read the paper fully. Collecting questions from
annotators has the downside of questions not be-
ing realistic, such as asking questions that would
not be raised naturally or being generic when the
questioner has superficial knowledge of the paper.

To this end, we introduce PeerQA, a real-world,
scientific, document-level Question Answering
dataset. PeerQA supports three crucial tasks for
QA over scientific articles: Given a question and a
paper, evidence sentences relevant to the question
need to be retrieved. Based on these, the answer-
ability of the question can be decided. Finally,
the dataset contains free-form reference answers
addressing the question. We leverage peer reviews
to source questions, and answers are annotated
by the authors of the respective papers. While
most questions are from ML and NLP papers, 10%
of questions come from other scientific domains,
including Geoscience and Public Health. Figure 1
provides an overview of our data collection process.
To summarize, our contributions are the following:

1. We release PeerQA, a QA dataset over sci-
entific articles with questions sourced from peer
reviews and answers annotated by authors. We
release a set of 579 annotated samples (from 208
papers), as well as 12k unlabeled questions (from
2.6k papers). We show the properties of the col-
lected data, including various statistics, question
topics, and classes.

2. We establish baselines for all three tasks in
PeerQA: Evidence Retrieval, Question Answerabil-

ity, and Free-Form Answer Generation, and outline
which factors contribute to model performance.

2 Related Work

Peer Review Many tasks and applications lever-
age peer reviews as a data source, including argu-
ment mining (Hua et al., 2019; Cheng et al., 2020;
Kennard et al., 2022), helpfulness and score predic-
tion (Xiong and Litman, 2011; Gao et al., 2019),
review generation (Yuan et al., 2022; D’Arcy
et al., 2024), tagging and linking review comments
with the paper (Kuznetsov et al., 2022; D’ Arcy
et al., 2024), rebuttal generation (Purkayastha et al.,
2023), the study and analysis of peer review (Kang
et al., 2018; Ghosal et al., 2022) and more general
contexts such as document revision (Ruan et al.,
2024). In PeerQA, we utilize peer reviews to source
a scientific QA dataset.

Scientific QA QA datasets in the scientific do-
main can generally be categorized as larger-scale
datasets that are (semi-) automatically created and
small expert-annotated datasets.

Among the larger-scale but (semi-) automat-
ically created QA datasets are PubMedQA (Jin
et al., 2019), in which questions are sourced from
article titles that are phrased as questions. Answers
are either yes, no, or maybe, and a subset is expert-
annotated. SciDefinition (August et al., 2022) uses
templates to generate questions about the definition
of scientific terms. Kulshreshtha et al. (2021)
create a dataset in the ML and Biomedicine domain
with questions sourced from Google’s "People
also ask" suggestions and answers from the search
engine’s span extraction feature. Wan et al. (2024)
generate a large-scale, scientific QA dataset by dis-
tilling a generation model from GPT-4 instructed
to output QA pairs given a paper. Auer et al.
(2023) develop question templates to automatically
generate questions that are answerable from the
Open Research Knowledge Graph (Jaradeh et al.,
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Venue Domain Papers  Questions Evidence Free-Form Ev. & FF.  Unanswerable
ICLR 23 ML 49 153 103 89 63 36
ICLR 22 ML 44 137 107 75 68 14
NeurIPS22 ML 25 79 56 51 40 16
ARR 22 NLP 45 87 60 61 49 21
COLING 20 NLP 15 31 25 13 13 5
ACL 17 NLP 7 20 16 10 9 4
CoNLL 16 NLP 5 12 7 7 7 5
ESD 23 Geoscience 5 17 10 11 5 1
ESurf 23 Geoscience 3 16 16 9 9 0
F1000 22 Mixed 10 27 14 10 4 10
Total 208 579 414 336 267 112

Table 2: Number of collected question-answer pairs per venue in PeerQA. Evidence shows the number of questions
that have at least one sentence annotated addressing the question. Free-Form reports the number of questions with
an annotated free-form answer. The Ev. & FF. column reports the union of both. Finally, the Unanswerable column
reports the number of questions that can not be answered due to insufficient information in the paper.

2019) covering factoid questions, e.g., about the
metadata of a paper, or questions that require
inference over multiple papers. The questions in
PeerQA are all focused on a single publication
and the content of it, and our baselines use only
the unstructured text of the article. PeerQA is an
expert-annotated QA resource, where questions
are sourced from human-written peer reviews and
answers are annotated by paper authors.
Regarding expert annotated datasets, the
BioASQ challenge (Tsatsaronis et al., 2015;
Krithara et al., 2023) is an open-domain QA dataset
from biomedical experts. Experts come up with
questions and corresponding answers (yes/no, fac-
toid, list, and free-form), which are additionally
grounded in sentences from abstracts of publica-
tions on PubMed. While this is one of the greatest
available resources for biomedical QA, annotating
answers only in abstracts limits the question and
answer complexity. Compared with PeerQA, ques-
tions are also more general, i.e., they are not asked
within the context of a specific paper, and answers
can be found in various articles. Most similar to
our work are the QASPER (Dasigi et al., 2021) and
QASA (Lee et al., 2023) datasets. In QASPER,
NLP practitioners have read the abstract of a paper
and raised questions about the paper. This leads to
generic questions applicable to many papers (e.g.,
"Which baselines did they compare?") and ques-
tions that are easy to answer from the full paper.
QASA takes this a step further by giving question
annotators access to the full paper, instructing them
to either skim or read it in more detail. In both
these datasets, annotators create questions and an-
swers; in contrast, our questions are based on peer
reviews, i.e., they have been naturally raised by a

reviewer, a domain expert who has read the paper
in detail. Besides the questions, the answers in
PeerQA are provided by experts, i.e., the authors of
the respective papers. Table 1 provides an overview
of these differences. To summarize, PeerQA is the
first scientific QA resource with natural questions
and all QA pairs annotated by paper authors.

In concurrent work, Singh et al. (2024) also ex-
plore extracting questions from peer reviews in the
ML domain. Unlike PeerQA, their approach uses
the authors’ responses provided during the rebuttal
to obtain reference answers. To identify support-
ing evidence from the paper for each answer, they
employ a hybrid approach that combines manual
and automated mapping of the answers to relevant
information in the paper.

Long-Context QA Dialogue and QA systems
grounded in a document have recently gained trac-
tion (Muresan et al., 2023). In this vein, Narra-
tiveQA (Kocisky et al., 2018) contains questions
about movie scripts and books with an average
length of 63k tokens. Pang et al. (2022) construct
a multiple-choice dataset over books and articles
with an average length of 5k tokens focusing on
questions that require reading the article in detail.
Reddy et al. (2024) extend FinQA (Chen et al.,
2021Db) to financial documents with an average of
123k words. ConditionalQA (Sun et al., 2022) is a
dataset of government documents with an average
length of 1.5k tokens and answers tied to certain in-
put conditions. PeerQA serves as another resource
for long-context QA, with documents having an
average length of 12k tokens and 30% of questions
requiring combining information from more than
one location in the paper.
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Figure 2: Statistics of the PeerQA dataset. The color coding shows the distribution per venue and by the scientific
community (i.e., blue colors for ML, orange for NLP, green for Geosciences, and purple for mixed). The gray dotted
line indicates the average. The leftmost histogram shows a paper distribution, while the others show a distribution
of questions. We measure the number of tokens using the L1ama-3 tokenizer.

3 PeerQA
3.1 Data Collection

Figure 1 provides an overview of the data collec-
tion process. We use papers and peer reviews from
NLPeer (Dycke et al., 2023) and extend this set
with journals and conferences that publish peer re-
views and camera-ready versions publicly. Specifi-
cally, the data from ARR 2022 (containing papers
published at ACL and NAACL 2022), COLING
2020, ACL 2017, CoNLL 2016, and F1000 was
curated in NLPeer, partially based on previous data
collections (Kang et al., 2018; Kuznetsov et al.,
2022) and published under a CC-BY-NC-SA 4.0
license. The data from the Geoscience domain is
published under a CC-BY 4.0 license in two jour-
nals: Earth System Dynamics® (ESD) and Earth
Surface Dynamics® (ESurf). For ICLR 2022/2023
and NeurIPS Datasets and Benchmark Track 2022,
we retrieve papers and reviews from OpenReview.
Since they are without any license, we do not pub-
lish them in our release but provide a download
and processing script. All questions and answers in
PeerQA are published under CC-BY-NC-SA 4.0.

Paper Processing. We extract the full text of the
camera-ready version of a publication, including
equations and captions, using GROBID 0.8 (Lopez,
2008-2024), which also groups sentences into para-
graphs, which we use later in our experiments.

Question Processing. From the peer reviews of
each paper, we extract an initial set of questions us-
ing all sentences ending in a question mark, result-
ing in 17910 questions.* The resulting questions
comprise three problems: First, they are noisy as

Zhttps://www.earth-system-dynamics.net

3https ://www.earth-surface-dynamics.net

“In preliminary experiments, we extracted questions based
on syntax. However, this resulted in many false positives.
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peer reviews often contain spelling or grammar
mistakes. Second, they are contextualized into
the preceding sentences of the review, i.e., their
actual meaning can only be understood from the
context of the review but not in isolation. Third,
some questions contain compounds of multiple or
follow-up questions after applying the decontex-
tualization step. We deemed this problematic for
our annotations as it would obfuscate which evi-
dence aligns with which part of the question. To
address these issues, we conduct two preprocessing
steps: First, we create a clean and contextualized
version of a question using InstructGPT> (Ouyang
et al., 2022). For this, we prompt the model with
the preceding three sentences of the review and the
extracted question to generate a single question that
is context-independent. Conveniently, due to the
good fluency of Large Language Models (LLM),
this also addresses the noisiness of the original
question. To detect multiple or follow-up ques-
tions, we employ a constituency parser (Kitaev and
Klein, 2018; Kitaev et al., 2019) and flag questions
with root-level conjunctions. We then decompose
these questions adopting InstructGPT again.
Finally, we manually filter all resulting questions
to include only information-seeking types of ques-
tions and discard questions that contain errors due
to the preprocessing steps or not being relevant for
a QA dataset. Specifically, we ensure that questions
address the content of the paper (e.g., we discard
questions of rhetorical nature or about typos and
layout) and are decontextualized correctly (i.e., we
discard questions that are ambiguous, contain hal-
lucinations or references such as line numbers that
are not present in a camera-ready version).® In this
SWe use text-davinci-003. However, when we added
the Geoscience subset, text-davinci-@03 was no longer

available. Thus, we resorted to gpt-4-0125-preview.
®This filtering step has largely been done by a graduate


https://www.earth-system-dynamics.net
https://www.earth-surface-dynamics.net

step, we remove 30% of the questions, yielding the
final set of 12546 questions.

Answer Annotation. Our questions were asked
based on the submitted article. However, answers
are annotated in the final publication. Hence, our
annotation process relies on authors incorporating
reviews into the final version for questions to be
answerable. Questions might also be answerable
when reviewers overlooked details in the submis-
sion that already answer their questions. For each
paper, we contact paper authors via email request-
ing their voluntary participation in answering the
questions (see §K.1).” We implement multiple
layers to instruct authors on how to complete the
task. First, we provide a high-level description
of the task in the initial email and a link to the
detailed annotation guideline. We updated the
annotation guideline during data collection with
common questions we received. Moreover, we
explain the annotation interface and demonstrate
the task in a short video. Finally, our annotation
interface (see §K.2) also contains UI elements
that provide hints to the authors explaining the
task. The annotation task comprises 4 steps: First,
authors can provide feedback on a question, e.g., to
remove or update it. Second, the authors highlight
any text in the PDF of the final paper that is
relevant to answering the question, which we refer
to as Answer Evidence. Third, the authors provide
free-form text that directly answers the question.
Alternatively, questions can also be flagged as
unanswerable. Unanswerable questions can, for
example, occur when a question from a reviewer
has been answered in the rebuttal but was not
incorporated into the final publication. While we
ask authors to perform all steps, some questions
only have answer evidence or a free-form answer,
but not both. The annotated evidence is mapped
to the text extracted from the PDF. We notice that
GROBID occasionally misses paragraphs that can
not be mapped to the annotated evidence. We
publish the raw annotated data and the mapped
data, allowing future research with access to better
PDF extraction tools to use the full dataset.

Quality Control Besides manually filtering ques-
tions and removing low-quality or irrelevant ones,
we also provide the experts with a way to improve

NLP student supported by the paper authors.

"For the 5 CoNLL papers, we were unsuccessful in con-
tacting the authors. Therefore, the annotations were performed
by a senior NLP professor and co-author of this paper.

the dataset’s quality. In our annotation interface,
authors can leave feedback for a question, e.g., if
they find it imprecise and wish to correct or remove
it. All feedback has been manually processed, and
the questions have been updated or removed. Fi-
nally, we notice a high variance in the free-form
answer quality. While some answers are clear and
concise, others are more succinct and provide less
detail. Although we give detailed guidelines on
how to write the free-form answer to the authors,
since we only engage briefly with them, it is chal-
lenging to enforce a similar quality. To counter this,
we augment the collected answers with rephrases
from GPT-4 (OpenAl et al., 2023).8

Following this process, we obtained 579 answers
from 208 papers. Table 2 reports the number of an-
notations per venue. We also release the remaining
11967 questions from 2623 papers that have not
been answered.’

3.2 Analysis

We report distributional statistics of the dataset in
Figure 2. Notably, the average paper length is
11723 tokens, which provides an interesting bench-
mark for long-context generative models. Further-
more, questions are relatively long, with an aver-
age of 20.2 tokens (the average length in BioASQ,
QASPER, and QASA is 13.2, 10.2, and 17.7, re-
spectively). One reason for this is the question pro-
cessing pipeline, particularly the decontextualiza-
tion step. Reviewers construct questions potentially
consisting of multiple sentences. During prepro-
cessing, the question has been rephrased to con-
tain all this information. We analyze the semantic
similarity between the final and original questions,
finding that 90% of questions have a similarity of
more than 0.6 and 50% more than 0.82.!9 This
shows that our processed questions remain highly
similar to the original questions in the review. On
average, questions have 3.8 annotated answer ev-
idence sentences. Besides, 30% of questions have
non-consecutive answer evidence, i.e., the evidence
is distributed non-contiguously over the paper.'!
We run a topic model to understand which
questions are contained in PeerQA, specifi-
cally BERTopic (Grootendorst, 2022). We find

8See §B.3 and §B.4 for prompts.

The number of mapped evidence from the noisy text ex-
traction is reported in §A. Examples are provided in §N. §D
reports a breakdown by venue for the unlabeled questions.

198C provides a detailed analysis of the similarities.
'"$E reports more answer evidence statistics.

512



MRR Recall@10

Model Architecture Para. +Title Sent. +Title Para. +Title Sent. +Title
MiniLM-L12-v2  Cross-Encoder 0.4723 0.4839 0.3644 0.3654 0.6467 0.6709 0.3505 0.3746
Contriever Dense 0.3494 0.3624 0.2778 0.2773 0.5567 0.5340 0.2896 0.2910
Contriever-MS Dense 0.4095 0.4408 0.3184 0.3160 0.6160 0.6314 0.3361 0.3538
Dragon+ Dense 0.4657 0.4845 03345 0.3433 0.6563 0.6817 0.3637 0.3667
GTR-XL Dense 0.3955 0.4142 0.3048 0.2981 0.5940 0.6122 0.3522 0.3190
ColBERTvV2 Multi-Dense 0.4368 0.4122 0.3480 0.3491 0.6287 0.6371 0.3607 0.3544
BM25 Sparse 0.4288 - 0.2850 - 0.6388 - 0.3058 -

SPLADEvV3 Sparse 0.4536 0.4725 03477 0.3419 0.6661 0.6851 0.3757 0.3687

Table 3: Answer evidence retrieval results on paragraph (Para.) and sentence (Sent.) level and with decontextualizing
the passages by prepending the title (+Title). Top-scoring models are in bold, and runner-ups are underlined.

community-specific clusters (e.g., mentions of lan-
guage or annotation for NLP; carbon or soil for
Geoscience), topics about specific elements of the
paper (e.g., figures, tables, or equations) or spe-
cialized clusters (e.g., adversarial attacks or fine-
tuning/hyperparameter related questions).'> While
the topic analysis clusters questions semantically,
we also sample 100 questions randomly and sort
them into one of 8 question classes: Methods, Data,
Implications, Definitions, Comparisons, Analysis,
Justification, and Evaluation.'> We find that 44%
of questions aim to clarify the methods or data, fol-
lowed by 12% of questions asking the authors to
justify a decision.!*

4 Experiments

4.1 Answer Evidence Retrieval

We set up the answer evidence retrieval task as an
information retrieval problem: Given a query, the
model computes a score for each passage in the pa-
per, where a passage can be a paragraph or sentence.
To evaluate the answer evidence retrieval task,
we test models of various architectures, including
cross-encoder (Nogueira and Cho, 2019), dense re-
trieval (Reimers and Gurevych, 2019), multi-vector
dense retrieval (Khattab and Zaharia, 2020), sparse
(Zamani et al., 2018) and lexical models. Specif-
ically, a cross-encoder model concatenates the
query and passage and outputs a relevance score.
In contrast, dense approaches encode query and
passage independently by the same or individual
models, obtaining a high-dimensional representa-
tion for each. A score is computed via dot-product
or cosine-similarity between the two representa-

12A list of topics and their size can be found in §M. We also
apply the topic model to the unlabeled questions.

3The annotation was performed by two graduate students,
reaching a substantial agreement of 0.68 Cohens Kappa.

14Class definitions and the distribution can be found in §0.

tions. Multi-vector approaches represent a query
and passage not by a single but by many represen-
tations, e.g., for each token. The relevance score is
computed by taking the sum of the maximum score
between each query and passage token. Lexical
approaches use term matching and weighting
between the query and passage. Building upon this,
sparse models perform a semantic query and/or
document expansion to overcome the lexical gap.
Concretely, we evaluate: MinilLM-L12-v2 (Wang
et al., 2020; Thakur et al., 2021), Contriever
(Izacard et al., 2022), Dragon+ (Lin et al., 2023),
GTR (Ni et al., 2022), ColBERTv2 (Santhanam
et al., 2022), BM25 (Robertson and Zaragoza, 2009)
and SPLADEv3 (Lassance et al., 2024).

Besides various models, we investigate the im-
pact of retrieving paragraphs or sentences. We use
the paragraphs extracted by GROBID and mark any
paragraph as relevant that contains a relevant sen-
tence. Furthermore, we investigate a baseline to im-
prove the decontextualization by prepending the ti-
tle, which has been shown beneficial in cases where
decontextualization is required (Wang et al., 2024).

We evaluate using Mean Reciprocal Rank
(MRR) (Craswell, 2009), which considers the first
relevant passage in a ranked list. While a typical
question in PeerQA often has multiple answer ev-
idence sentences (cf. Figure 2), they frequently
belong to the same paragraph or are close to each
other. Therefore, pointing a user to the respec-
tive paragraph in a real-world application would
already be useful as further relevant information
usually clusters around the same location. We also
measure the quality of the entire ranking by evalu-
ating Recall@10. We chose 10, as most questions
have fewer relevant sentences (cf. Figure 6).
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Figure 3: Answerability scores (y-axis) with different contexts (x-axis). In the Gold setting, the model is only
provided with the annotated, relevant paragraphs (i.e., no unanswerable questions are available in this setting); in
Full Text, the entire paper is provided in the context (and potentially truncated); otherwise, the top-scoring passages
by SPLADEv3 are provided. The Precision and Recall plots show the Answerable (- -) and Unanswerable (--) classes.

4.2 Answerability and Answer Generation

We set up the answerability task as a binary
classification problem: given a question and
context, a model predicts whether a question
is answerable or not. We label all questions as
answerable with annotated answer evidence and
all as unanswerable, which the authors flagged as
such. The answer generation task is set up as a
sequence-to-sequence task, i.e., given the question
and the context, the answer needs to be generated.
For both tasks, we employ instruction-tuned LLM:s.
For the answerability task, we prompt the model to
either answer the question if sufficient evidence
is provided or to generate No Answer. However,
to obtain generations for all answerable questions,
we remove the instruction to generate No Answer
from the prompt for the answer generation task
(see §G and §H for the prompts). We experiment
with providing as context the gold passages
(ablating retrieval errors), the top-k retrieved
paragraphs (where k& € {10, 20, 50, 100}), and the
full text. This is a Retrieval Augmented Generation
(RAG) (Lewis et al., 2020) setup, except we
retrieve from a single, long document instead of
a corpus.We truncate the paragraphs if required
by the maximum context size of the models and
decode greedily from the models. Specifically,
we use Llama-3-8B-Instruct (Dubey et al.,
2024), which we also extend to a 32k context
size with dynamic rope-scaling, Command-R'>,
Mistral-7B-Instruct-v@.2 (Jiang et al., 2023),
GPT-3.5-Turbo-0613-16k and GPT-40-0806
(OpenAl et al., 2023). We evaluate the answer-
ability task as a binary classification problem. We
evaluate with macro-F1 to counter the imbalance

BShttps://docs. cohere.com/docs/command-r

between the number of answerable (383) and
unanswerable (112) questions.

Evaluating generative Al for long-form QA is a
challenging, ongoing research topic by itself (Kr-
ishna et al., 2021; Xu et al., 2023). We chose a di-
verse set of evaluation metrics, including Rouge-L
(Lin, 2004), AlignScore (Zha et al., 2023) and
Prometheus-2 (Kim et al., 2024). AlignScore is
a model-based metric trained on a broad range of
text alignment data, among others, on QA. Align-
Score breaks the reference into passages of roughly
350 words and the generation into sentences. The
model is trained to measure how much each gen-
erated sentence is aligned with the information in
the reference passage. In practice, we notice that
free-form answers provided by the authors can con-
tain information that is not present in the paper.
Therefore, besides using only the free-form answer
as ground truth, we also compare the generation to
the concatenated answer evidence paragraphs. The
Prometheus-2 model is an LL.M-as-a-judge model
(Zheng et al., 2023) fine-tuned on feedback and
judgment data generated by GPT-4 on a large set of
custom score rubrics. We provide a scoring rubric
that measures the correctness of the generated an-
swer given the reference on a scale from 1-5.'6

5 Results

5.1 Answer Evidence Retrieval

Table 3 reports the retrieval results. Across mod-
els, we find that retrieving the paragraph yields
higher scores than the sentence. Appending the ti-
tle to the paragraph further improves results (except
ColBERTv2’s MRR), showing that decontextualiz-

16See §J for the Prometheus prompt and score rubric.
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Figure 4: Rouge-L F1, AlignScore and Prometheus Correctness metrics between the annotated free-form answer
(1. column), the GPT-4 augmented answer (2. column), the annotated evidence passages (3. column), and the

generated answer.

ing the paragraphs from the paper helps. However,
we find that MRR and Recall remain the same for
most models when prepending the title on a sen-
tence level. Since sentences are short, we conjec-
ture that adding a title influences the overall rep-
resentation too much, while on a paragraph level,
the title only accounts for a fraction of the over-
all tokens. Overall, we find that MiniLM-L12-v2,
Dragon+, and SPLADEv3 perform the best. We pro-
ceed with SPLADEv3 for the RAG experiments as it
achieves the highest recall.

5.2 Answerability

We report precision, recall, and macro-F1 on the
answerability task in Figure 3. We observe similar
precision for all model and context settings. Preci-
sion for answerable questions is much higher than
for unanswerable ones. When looking at recall, we
find notable differences between the models. While
Mistral and Command-R obtain relatively high re-
call on answerable questions and low recall on
unanswerable questions, the L1ama and GPT models
obtain high recall on unanswerable questions and
lower recall on answerable questions. This pattern
can be explained: Mistral and Command-R tend
to predict an answer more often, while L1ama and
GPT tend to predict the question is unanswerable,
showing that all models have a bias towards one
of the classes. Command-R and GPT-4o provide the
best trade-off, shown by the highest macro-F1.

5.3 Answer Generation

Figure 4 reports the evaluation metrics comparing
the generated answers to either the free-form ref-
erence answer, the GPT-4 augmented answer, or
the gold paragraphs. Generally, models perform
best with the gold answer evidence. Therefore, the
annotated evidence provides a strong signal to an-
swer the question. The scores achieved with the
gold evidence represent an upper bound. However,
higher scores might be possible with more con-
text to better understand the gold answer evidence
(or potentially unannotated but useful passages).
Upon manual inspection of model errors, we find
that lower performance is caused by evaluation fail-
ures or information in the free-form answer that
is not supported by the evidence (i.e., information
that is coming from the author’s knowledge that
might be general about the field or specific to the
paper and did not make it into the camera-ready
version). Generally, LLMs perform better in RAG,
with fewer but relevant contexts, than in the full-
text setting on PeerQA. This shows that despite
LLMs’ large context sizes, it is more effective to
employ a retriever filtering relevant information
than leaving this step to the internal workings of
the LLM. A notable exception is GPT-40, which
exhibits stable performance with increasing con-
text sizes and increasing performance on answer
correctness. GPT-4o is also the most recent and
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Error Class

Correct / Evaluation Error 43.75%
Partially Correct 12.50%
Reasoning Error 10.00%
Implicit Evidence Only 7.50%
Insufficient Context 11.25%
Insufficient Evidence 12.50%
Insufficient Free-Form Answer 3.75%

Table 4: Error analysis of GPT-3.5’s generations with
gold evidence. §R provides definitions and examples
for error classes.

powerful model in our evaluation, demonstrating
the improved abilities of state-of-the-art models on
long-context tasks. We further analyze the answer
generation performance of the RAG setting by mea-
suring the correlation between the retriever recall
and the generation metric. We find mostly positive
correlations between the retrieval and generation
performance across models. While the correlation
is not very strong (up to r = 0.42), it confirms that
with increased retrieval performance, the genera-
tion improves (Salemi and Zamani, 2024)."7

Error Analysis. We analyze the lowest perform-
ing 80 generations'® of GPT-3.5 to better under-
stand the errors and report them in Table 4. We find
many low-scoring generations are correct despite at
least one of the evaluation metrics providing a low
score, for example, when the generation is more
verbose or expresses the correct answer differently
(Evaluation Error). However, we find the metric
with the highest score for these generations to be
above the 50th percentile in 91% of the cases. This
shows that using different metrics against different
ground truths is plausible and catches the alleged
failures. Further, we observe the model is only par-
tially correct when the free-form answer contains
important additional details. In other cases, the
model fails to reason correctly over the evidence,
e.g., it arrives at an opposite conclusion than the
correct answer. Similarly, when the evidence is
only implicit or requires expert domain knowledge,
the model fails. Lastly, there are also a few errors in
the data. In 11.25% of cases, the gold evidence is
not self-sufficient, i.e., more context from the paper
would be required, e.g., to understand previously
introduced concepts. These errors can likely be
recovered through additional retrieval. Other times

178S.1 reports correlations across all metrics and contexts.

18Specifically, we sort by the minimum performance of all
metrics, considering all questions that have both evidence and
free-form annotations and use the gold evidence as context.

the answer by the authors is not entailed by the ev-
idence (Insufficient Evidence) or the free-form an-
swer only reports the element in the article, but not
an actual answer (Insufficient Free-Form Answer).

6 Conclusion

We introduced the PeerQA dataset to advance and
study question answering on scientific documents.
We sourced PeerQA’s questions from peer reviews
and obtained answer annotations from the paper
authors. Our dataset supports three crucial tasks
for developing QA systems: evidence retrieval,
answerability, and answer generation. We analyzed
the collected data and established baseline systems
for all three tasks. For evidence retrieval, we
find that decontextualization is key to improving
performance. On the answerability task, we find
that models tend to either over- or under-answer,
showing a bias for one of the classes. Further,
although models can fit the entire paper into
context in the answer generation task, providing
the model with the top passages from a retriever
outperforms the full-text setting. We also show that
with increased retrieval performance, the answer
generation improves. Finally, our error analysis
highlights the need for better evaluation metrics
and model reasoning abilities.

7 Limitations

Dataset Size. General domain QA datasets usu-
ally comprise up to three magnitudes more data
than PeerQA (e.g., NQ has 323k samples). How-
ever, collecting high-quality data in the scientific
domain is challenging due to the requirement for
expert annotators. Since science has many domains,
it is impractical to collect training data for each
of them. Instead, models need to generalize in
an unsupervised manner, at most leveraging few-
shot examples. Therefore, we introduce PeerQA as
an evaluation resource to test the generalizability
of models. The size is in line with other recent
datasets such as HumanEval (Chen et al., 2021a)
(164 examples), TruthfulQA (Lin et al., 2022)
(817), and GPQA (Rein et al., 2024) (448). In
addition, we release the unlabeled data, comprising
12k questions from 2.6k papers, that can be used
for more annotations, unsupervised learning, and
further study of reviews. Small evaluation datasets
also have the advantage of reduced iteration time
over experimental settings, lesser use of compute
resources, and a smaller environmental impact.
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Science Domains. While PeerQA covers more
scientific domains compared to prior work, there is
a limited amount of data beyond the ML and NLP
domains. A major challenge in data collection is
the availability of public peer reviews with openly
licensed scientific articles (Dycke et al., 2022). We
call on the scientific community to further trans-
form reviewing practices to an open format.

English-Only. PeerQA is limited to English
since it is dominant in scientific writing. Never-
theless, publications in other languages exist, and
our data collection framework can be applied to any
language. The evaluated retrievers are English-only
models (except BM25, which is language-agnostic).
Some retrieval models have multi-lingual counter-
parts (e.g., mContriever); however, due to a lack
of multi-language data, their performance remains
unclear. Some of the evaluated generative mod-
els are also multilingual; the performance in other
languages is likely to be different than in English.

Free-Form Annotations. While authors possess
the ultimate expertise in their papers, they usually
have knowledge beyond the information in their
publications. Some free-form answers contain in-
formation not included in the answer evidence. For
this reason, we also compare the generated answer
with the annotated answer evidence, measuring if
the model can produce answers entailed by the in-
formation in the paper.

Long-Form QA Evaluation. Evaluating free-
form answers is challenging and an ongoing area
of research. To evaluate different aspects, we use
three metrics against two ground truths. Ideally,
we would have multiple free-form answer refer-
ences; however, even collecting a single response
has proven to be challenging. In the hope of bet-
ter metrics, we also publish the generated answers
of our baselines to facilitate adaptation to future,
improved methods.

Methods. Many LLMs and methods (Zhao et al.,
2023) exist that could be applied to the tasks in
PeerQA. Therefore, more sophisticated and spe-
cialized methods might exceed the reported per-
formances. However, we focus on introducing
the dataset and establishing baseline systems with
widely used retrieval and generative models.

8 [Ethical Considerations

All annotators in PeerQA are authors of accepted
articles at conferences or in journals. We do not
collect any of their personal information or who
has provided the answers. By the nature of our
data collection protocol, we only contact authors
who have provided their email publicly along with
their publication and contact each author individ-
ually. Authors have participated voluntarily in the
data collection, and we try to keep their workload
low by only asking few questions (on average 2.8).
Furthermore, the authors have largely already an-
swered questions during peer review (see §C), mak-
ing them familiar with the questions and answers,
further reducing their workload.

One objective of PeerQA is to advance the study
of peer review, including developing methods and
tools to facilitate the authoring and reviewing of sci-
entific articles. Particularly, LLMs have the poten-
tial to support authors and reviewers in their work
(Kuznetsov et al., 2024). However, these models
also have biases and weaknesses. For example, in
our question answerability task, we clearly observe
that some models are biased towards one class, i.e.,
predicting the question as answerable or unanswer-
able (see §5.2). Therefore, these methods can only
be used as assistants that support humans. PeerQA
sheds light on these issues, raising awareness of po-
tential weaknesses in these models and their careful
application in science.
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A PDF extraction of Answer Evidence

Text extraction from PDF is not a perfect process.
Unfortunately, this means that some annotated an-
swer evidence (and therefore also answerable ques-
tions) must be discarded in our experiments since
their evidence has not been extracted correctly. Ta-
ble 5 shows the number of annotated answer evi-
dence (Evidence), as well as the number of ques-
tions whose evidence has been extracted correctly
(Evidence Mapped). We nevertheless make the
complete dataset public so future research with
better PDF processing tools can leverage more an-
notations.

Venue Questions  Evidence Ev. Mapped
ICLR 23 153 103 93
ICLR 22 137 108 99
NeurIPS 22 79 56 55
ARR 22 87 60 55
COLING 20 31 25 23
ACL 17 20 16 16
CoNLL 16 12 7 4
ESD 23 17 10 10
ESurf 23 16 16 16
F1000 22 27 14 12
Total 579 414 383

Table 5: Number of questions with answer evidence that
could be mapped to the PDF extracted text.

B Pre- & Post-Processing Prompts

B.1 Question Clean-Up &
Decontextualization

Given the extracted question and previous sen-
tences (context) from the peer review, we use the
following prompt to decontextualize the question:
This is part of a scientific peer review
where the reviewer raises a question
regarding the paper.

nnn

{context} {question}

Write the last question such that it
can be comprehended independently without
the context of the review. Resolve any
references to the review. Respond with a
single question.

B.2 Question Decomposition

In case the constituency parser detects a conjunc-
tion, we use the following prompt to decompose
the question:

This is a sentence from a peer review
containing two questions.

nnn

{question}

Write the questions such that each can be
comprehended independently without the
context of the other question. Resolve
any references in the second question.
Therefore, the fundamental question
information needs to be duplicated in
each question.

B.3 Answer Free-Form Augmentation with
Evidence

To ensure a similar quality and verbosity of
answers, we augment the free-form answers
provided by the authors using the prompt below in
case the question has annotated evidence. If it does
not have annotated evidence, we use the prompt in
§B.4.

You are a helpful scientific research
assistant. Your task is to write clean
answers, given noisy answers from a
scientific question answering dataset.
The question has been asked during a peer
review of a scientific article. Given
the question, background information
extracted from the paper, and a noisy
answer, your task is to write a clean
answer. Write a concise answer that
directly answers the question. Make
sure all information in your answer is
covered by the background. Incorporate
additional information from the original
answer. Write the answer neutrally, i.e.,
as a third person (and not the author)
answering the question. For example, use
"The authors” instead of "We".

Question: {question}

Background: {evidence}

Original Answer: {answer}

Rephrased Answer:

B.4 Answer Free-Form Augmentation
without Evidence

You are a helpful scientific research
assistant. Your task is to write clean
answers, given noisy answers from a
scientific question answering dataset.
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The question has been asked during a
peer review of a scientific article.
Given the question and a noisy answer,
your task is to write a clean answer.
Write a concise answer that directly
answers the question. Incorporate the
information from the original answer.
Write the answer neutrally, i.e., as
a third person (and not the author)
answering the question. For example, use
"The authors” instead of "We".

Question: {question}

Original Answer: {answer}

Rephrased Answer:

C Question Grounding

Figure 5 visualizes the similarity between the pro-
cessed question and original review sentences. We
use all-MiniLM-L6-v2'? to compute the similar-
ity. As detailed in §3.1, we extract questions from
the peer review and contextualize them with the
preceding three sentences from the review. To un-
derstand whether our preprocessing has altered the
original question or not, we compute the maximum
similarity between the final processed question and
the four sentences of the review (i.e., the question
and the three proceeding questions). We find that
90% of questions have a similarity of at least 0.60,
and 50% are more than 0.82 similar to the final
processed question. This shows the quality of our
cleaning, decontextualization, and decomposition
steps: Questions are generally highly similar and,
therefore, grounded in the original peer review.

D Unlabeled Data

Besides the 579 questions with answer annotations,
we additionally release all preprocessed and filtered
12k questions from 2.6k papers that have not been
answered. Table 6 shows the breakdown per venue.

E Answer Evidence Statistics

Figure 6 reports the number of answer evidence
depending on the retrieval unit. Note that this only
includes answer evidence that we could map into
the text extracted from the PDF. Non-consecutive
chunks are essentially the number of different loca-
tions in the paper with answer evidence.

19https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2
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Figure 5: Empirical cumulative distribution function of
the cosine similarity between the processed question and
the sentences in the review. Context n refers to the n-th
preceding sentence before the raw, unprocessed Review
Question. Max. Similarity takes the max operation over
these four similarity scores, i.e., reports the similarity
the processed question is most similar to.

Venue Questions  Papers
ICLR 23 5199 1188
ICLR 22 3987 824
NeurIPS 22 1186 110
ARR 22 470 188
COLING 20 70 33
ACL 17 147 54
CoNLL 16 3 3
ESurf 23 312 51
ESD 23 246 48
F1000 22 347 124
Total 11967 2623

Table 6: Number of unlabeled questions and papers per
venue.

While the answer evidence for most questions
comes from a single place, 30% of questions have
more than one location in the paper that addresses
the question. While requiring to retrieve from mul-
tiple sources is related to multi-hop question an-
swering (Welbl et al., 2018; Yang et al., 2018),
our setup is slightly different. We have also inves-
tigated the performance of questions with single
vs multiple answer evidence chunks and have not
found consistent differences. The information in
the different chunks is not necessarily complemen-
tary, but it can also be that similar information is
contained in each chunk, or a single chunk is suffi-
cient to answer the question.

F RAG Recall@k

Figure 7 shows the recall at various cutoffs k for
SPLADEV3, the best-performing model answer ev-
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Figure 6: Number of evidence sentences (left), paragraphs (middle), and non-consecutive chunks (right) per question

with annotated answer evidence.

idence retrieval task. This model is used as a re-
trieval model for the retrieval augmented answer
generation experiments.
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Figure 7: Recall@k of SPLADEv3 on the answer evi-
dence retrieval task in the paragraph setting. The para-
graphs retrieved by SPLADEv3 are used in the RAG ex-
periments.

G Answerability Prompts

We use the following prompts to determine whether
a question is answerable or not in the setting where
we provide the full text (§G.1), the gold or retrieved
paragraphs (§G.2).

G.1 Full-Text

Read the following paper and answer the
question. If the paper does not answer
the question, answer with "No Answer”.
Question: {question}

Paper: {paper}

Answer:

G.2 RAG

Read the following paragraphs of a
paper and answer the question. If the
paragraphs do not provide any information

to answer the question, answer with "No
Answer" .

Question: {question}

Paragraphs: {paragraphs}

Answer:

H Answer Generation Prompts

We use the following prompts to generate answers
in the full-text (§H.1) and RAG (§H.2) setting.

H.1 Full-Text

Read the following paper and answer the
question.

Question: {question}

Paper: {paper}

Answer:

H.2 RAG

Read the following paragraphs of a paper
and answer the question.

Question: {question}

Paragraphs: {paragraphs}

Answer:

I Model Sizes and Computational
Resources

Answer Retrieval The number of parameters for
each retrieval model is reported in Table 7. The
retrieval experiments have been conducted on a
Titan RTX 24GB.

Answerability & Answer Generation Sizes
for the models used in the answerability and an-
swer generation task are reported with the model
names. The number of parameters for the propri-
etary GPT-3.5 and GPT-40 models are unknown,
and we use it via the Azure API. We deploy the
other models on a single A100 80GB GPU, except
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Model Parameters (M)
MiniLM-L12-v2 33
Contriever 110
Dragon+ 110
GTR-XL 1240
ColBERTV2 110
BM25 _
SPLADEv3 110

Table 7: Number of parameters in Millions of the evalu-
ated retrieval models.

Command-R for which we require 2 A100 GPUs to
fit also the longest paper fully into memory. All
generation experiments use greedy decoding and
use the v11lm library (Kwon et al., 2023) in version
0.4.2.

J Evaluation Metric Details

Answer Evidence Retrieval To evaluate the an-
swer evidence retrieval task, we use the mean
reciprocal rank and recall implemented by the
pytrec_eval (Van Gysel and de Rijke, 2018) pack-
age in version 0.5.

Un/Answerability To compute the precision, re-
call, accuracy and F1 scores of the question answer-
ability task, we use the classification report pro-
vided by scikit-learn (Pedregosa et al., 2011)
version 1.4.0.

Free-Form Answer Generation The generated
answers are evaluated with Rouge (Lin, 2004),
AlignScore (Zha et al., 2023) and Prometheus (Kim
et al., 2024). For Rouge, we use the longest com-
mon subsequence (Rouge-L) between the gener-
ated answer and the reference answer. We use
the rouge-score package in version 0.1.2 via
Hugging Face’s datasets package (Lhoest et al.,
2021). We also stem the generated and reference
answer before computing the metric with the Porter
Stemmer. All reported Rouge-L scores are F1 met-
rics. For AlignScore, we use the fine-tuned check-
point based on RoBERTa-large (Liu et al., 2019)
and use the n1i_sp mode, which splits the genera-
tion into sentences and uses a 3-way classification
head to obtain scores. We use the original imple-
mentation in version 0.1.3.2° For Prometheus, we
use the prometheus-eval package with version

20https ://github.com/yuh-zha/AlignScore/commit/
a0936d5afee642a46b22f6c02a163478447aa493

0.1.20%! and the 7B-v2.0 model?* and instruct the
model to evaluate the correctness with respect to
the reference answer. Following Kim et al. (2024)
and the score rubric proposed by Fiorucci (2024)
we use the following prompt:

###Task Description:

An instruction (might include an Input
inside it), a response to evaluate, a
reference answer that gets a score of
5, and a score rubric representing a
evaluation criteria are given.

1. Write a detailed feedback that assess
the quality of the response strictly based
on the given score rubric, not evaluating
in general.

2. After writing a feedback, write a score
that is an integer between 1 and 5. You
should refer to the score rubric.

3. The output format should look as
follows: "(write a feedback for criteria)
[RESULT] (an integer number between 1 and
5)"

4. Please do not generate any other
opening, closing, and explanations.
###The instruction to evaluate:

Your task is to evaluate the generated
answer against the reference answer for
the question: {question}

###Response to evaluate:

{generation}

###Reference Answer (Score 5):
{reference answer}

###Score Rubrics:

Correctness

Score 1: The answer is not relevant to
the question and does not align with the
reference answer.

Score 2: The answer is relevant to the
question but deviates significantly from
the reference answer.

Score 3: The answer is relevant to
the question and generally aligns with
the reference answer but has errors or
omissions.

Score 4: The answer 1is relevant to
the question and closely matches the
reference answer but is less concise or
clear.

21https://github.com/prometheus-eval/
prometheus-eval/releases/tag/v0.1.20

22https://huggingface.co/prometheus—eval/
prometheus-7b-v2.0
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Score 5: The answer is highly relevant,
fully accurate, and matches the reference
answer in both content and clarity.
###Feedback:

Human Evaluation of AlignScore Zha et al.
(2023) has evaluated correlation with human judg-
ments extensively, particularly on factual consis-
tency datasets. To show the reliability of Align-
Score on our data, we manually label 100 randomly
generated answers. Specifically, we compare the
free-form and generated answer on a 1-5 Likert
scale, evaluating whether the generation matches
the free-form answer. This yields a significant
(p<0.01) Spearman correlation of 0.449, indicating
a moderate alignment between Human evaluation
and the AlignScore metric.
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K Annotation Instructions and Interface

K.1 Contact Email

Figure 8 shows an instance of an email that in-
vited the authors to participate in the data collection.
Email addresses have been extracted from papers
or, in the case of EGU and F1000, addresses to cor-
responding authors are provided online. To prevent
spamming authors, we have ensured that no author

Dear Authors,

My name is

received more than 3 emails (e.g., when they were
listed as authors on multiple papers of a venue).
Email addresses were only used to contact authors
and are not part of the dataset. We also do not
publicize the code to extract email addresses from
papers.

We are developing an expert-annotated Question Answering dataset for science and are seeking your expertise! We believe this
dataset can ultimately streamline the peer review process and enhance efficiency in paper reading, benefiting scientists like yourself.

We reach out to you because your paper "

" went through an open peer review process

(OpenReview). We have extracted questions from your reviews and are now looking for your expertise to determine the answers. The task is
simple: highlight the sentences in your paper that are relevant to the question and provide a free-form answer. It will only take a few
minutes of your time, and your participation is crucial to the success of this initiative.

To facilitate the process, you can provide your answers on our platform [1]. We also created a 2-minute video [2] introducing the task. In
case of doubts, please refer to our guideline [3] or reply to this email. Your credentials for the platform are:

Username:
Password:

3 Watch Introduction % Answer Questions

9 View Guideline

We sincerely thank you for your time! In case of any questions, please feel free to contact me anytime. If you would like to be informed upon

publication of the dataset, please provide your email in this form [4].

TL;DR: We are developing an expert-annotated, scientific Question Answering dataset. We extracted questions from the reviews of your

paper "

" and now require your expertise to determine the answers. You can use the

buttons and links above to watch a 2-minute introduction video [2] and answer the questions [1].

Best Regards,

PS: If any of your co-authors' email addresses are not up to date, kindly forward this email to them.

Figure 8: Exemplary contact email that has been sent to authors requesting their participation in answering the

questions.
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K.2 Annotation Interface

The annotation interface for providing answers is
shown in Figure 9. The camera-ready PDF of the
publication is shown on the right-hand side, while
answer annotations can be provided on the left side.
In 1.2 Question Feedback, authors can leave free-
form feedback about the question, e.g., if it should
be removed or modified. By clicking on the Add
button in 2.1 Answer Evidence, text spans in the

i= Dashboard

PDF can be highlighted. One highlight can span
over several sentences or even pages. Multiple
spans can be added by clicking the Add button
again. In 2.2. Answer Free Text, the free-form an-
swer to the question can be given. Finally, in 3.1.,
the authors can also mark the question as unanswer-
able or provide further feedback to the question. If
none of the categories apply, feedback on why the
question is unanswerable can also be provided in
No Answer Reason Free Text.
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2.1 Answer Evidence
Answer Evidence Red Abstract where the questioner asks questions about a specific
: : topic, and the answerer provides answers based on
or human evaluation and analysis, we Conversational question answering aims to pic, P o y h
; provie natural language answers i aoees in an evidence passage and the conversational history.
choose the following four information-secking conversations. _Existing When evaluating conversational QA systems, a set
conversational QA models with dif- conversational QA benchmarks compare mod- of held-out conversations are used for asking mod-
els with pre-collected human-human conver- els questions in turn. Since the evaluation builds
[ J + Add sations, using ground-truth answers provided on pre-collected conversations, the gold history of
in conversational history. It remains unclear the conversation is always provided, regardless of
"‘,’he‘*f’e' ve can relly on this »‘“‘:C evalua- models’ actual predictions (Figure 1(b)). Although
2.2 Answer Free Text tion for model development ﬁmd whether cur- current systems achieve near-human F1 scores on
. . rent systems can well generalize to real-world this static evaluation, it i tionable whether thi
We try to select models with different human-machine conversations. In this work, s : ‘?mﬁ] “ﬂﬂ"";l is dq‘;eftlm erfW ether this
. - i » N can faithfully reflect models true performance in
model architectures and trainin we conduct the first large-scale human evalua eflec
9 tion of state-of-the-art conversational QA sys- real-world applications. To what extent do human-
tems, where human evaluators converse with machine deviate from hi h
31 No Answer Reason x models and judge the correctness of their an- conversations? What will happen if models have no
swers. We find that the distribution of human- access to ground-truth answers in a conversation?
No Answer in the Paper e machine conversations differs drastically from To answer these questions and better understand
that of human-human conversations, and there X
| h R Py is a disagreement between human and gold- the performance of conversational QA systems,
ncoherent Question history evaluation in terms of model rank- we carry out the first large-scale human evalua-
. - ing. We further investigate how to improve tion with four state-of-the-art models on the QUAC
Ambigious Question e automatic evaluations, and propose a question dataset (Choi et al., 2018) by having human eval-
- - rewriting mechanism based on predicted his- uators converse with the models and judge the
Duplicate Question e tory, which better correlates with human judg- correctness of their answers. We collected 1,446
ments. Finally, we analyze the impact of var- . L .
0 fous modeling strategies and discuss future di- ‘human-machine conversations in total, with 15,059
Other Reason (please specify) ) rections towards building better conversational question-answer pairs. Through careful analy-
; question answering systems." sis, we notice a significant distribution shift from
human-human conversations and identify a clear in-
3.2 No Answer Reason Free Text i
.2 No Answer Reason Free Te: 1 Introduction consistency of model performance between current
Conversational question answering aims to build evalufmon p rotocol 'and human .Judgemenls. .
machines to answer questions in conversations and This ﬁ“d‘“g motivates us (o improve automatic
has the promise to revolutionize the way humans in- evaluation such that it is better aligned with hu-
- Oldle Technische Universitat Darmstadt -- Computer Science Department -- INCEpTION -- 31.0 (2024-02-06 23:22:40, build 8e5dd706) o 4

Figure 9: Screenshot of the annotation interface. The annotation consists of four parts. First, the annotator can
provide feedback to the question, e.g., to correct its meaning or provide their interpretation. Second, answer evidence
is annotated by highlighting sentences in the PDF. Third, a free-form answer can be provided, directly answering
the question. Lastly, if a question is unanswerable or is of low quality, the interface provides an option to flag the
question.
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L Question Sunburst

We visualize the starting 4-grams of all questions
in Figure 10. All words have been lowercased and
lemmatized, and rare n-grams have been discarded.

Figure 10: Sunburst diagram of the 4-grams in the PeerQA questions.
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M Question Topics

Figure 11 reports the result of applying BERTopic
(Grootendorst, 2022) on the labeled (11a) and unla-
beled (11b) questions. Table 8 additionally shows
representative questions for the topics. We use
the standard all-MinilLM-L6-v2 sentence trans-
former model to compute embeddings. After em-
bedding, stopwords have been removed, and the
words have been lemmatized using spacy (Honni-
bal et al., 2020) to improve the keyword extraction.
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In §3.2, we analyzed the topics of the labeled ques-
tions cluster. We found them to be focused on the
scientific community and its subtopics or related to
elements in the paper. We observe similar clusters
in the unlabeled data (e.g., topic #4 for NLP, topic
#12 for Geoscience, #6 focusing on (pre-)training,
#5 on figures and plots).

Topic #3 (4.84%) Topic #4 (4.32%)

area

carbon attribution
soil separability
ratio causality
environment keep
study equal
iron solvable
0.00 0.02 0.04 0.000 0.025 0.050 0.075

Topic #7 (3.63% Topic #8 (3.28%
performance label
difference tuning
compare smoothing
reason tune
model hyperparameter|
Imbase baseline
pe performance
cgexpan qm9

0.00 0.05 0.10 0.00 0.05 0.10

0.0 0.1 0.2 0.00 0.05 0.10 0.15

(a) Topics of Labeled Questions

Topic #2 (2.48%

table
deviation
report
column
result|
standard
reason
confidence

0.000 0.002 0.004 0.00 0.05 0.10
Topic #5 (1.93%) Topic #6 (1.86%)

hyperparameter| image
tune segmentation

criterion object

ppo pose

lambda render|

select pixel

figure pretraine
plot training
represent train
color time
red long
xaxis pretraining
line process
curve teacher,
0.00 0.05 0.10 0.00 0.02 0.04
Topic #9 (1.31%
model
architecture
improvement
performance
good
impact
moe
realworld
0.00 0.01 0.02 0.03 0.00 0.05 0.10

Topic #3 (2.02%

sentence
multilingual
translation
vocabulary
english
modeling
0.00 0.02 0.04 0.000  0.025  0.050 0.075

Topic #7 (1.53%) Topic #8 (1.38%)

0.00  0.05 010 0.5 0.00 002 004 006
Topic #11 (1.21% Topic #12 (1.07%

sediment
erosion
concentration
river

soil

0.00 0.01 0.02 0.03 0.00 0.02 0.04 0.06

(b) Topics of Unlabeled Questions

Figure 11: Top 8 keywords for the top 12 question topics. The first topic contains all questions that could not be
assigned during clustering. The bar shows the keyword’s c-TF-IDF score. The top figure shows the topics for the

labeled questions and the bottom for the unlabelled.
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#  Size Representative Questions

1 354% Why does the baseline have significantly better performance on ACE 2004 and ACE 2005 compared to Yu et al.
(2020), but similar performance on OntoNotes 5 and CoNLL 2003? Does the proposed alternate way to use
linear by computing the mean absolute value of the weights associated with it differ from the original linear
model proposed by Dalvi et al. (2019)? Is the design of the proposed method arbitrary for all layers of a given
VIT model, or are some layers fixed?

2  10.9% How does your method differ from existing methods for visual and language understanding with multilinguality,
such as VQA, captioning, and retrieval? What other downstream tasks, such as natural language inference,
question answering, and semantic role labeling, have been tested using an encoder that has been transferred
from language 1 to language 2 without any parameter updates? How can the authors ensure that the natural
language sentences produced from the "ground truth" activity graphs accurately describe the scene?

3  4.8% Is the authors’ conclusion about the accuracy of the CMIP6 climate models in simulating the processes based
on the agreement between the observed data and the models’ predictions in terms of the residual variability? Do
the authors assume that iron is sourced from the platform when considering the feasibility of coastal seaweeds,
which have a very low surface-to-volume ratio, competing for iron against the typically small and specialized
open ocean phytoplankton that have a high surface-to-volume ratio? Can we assume that coastal seaweeds,
which have a very low surface-to-volume ratio, would be competitive in iron uptake against the mostly small
and specialized open ocean phytoplankton that have a high surface-to-volume ratio, especially in iron-limited
areas?

4 43%  Can the authors provide a justification for why only four datasets were used to evaluate the visual search models,
rather than a more diverse collection of datasets? Why should associations that are solvable by Al be kept in
the framework, when the purpose of the framework is to collect associations that are difficult for models but
solvable by humans? Does the proposed approach address issues related to assigning different attributions to
features that have the same effect on the model or assigning positive attributions to features with no effect?

5 4.0% How does the paper incorporate section titles into the BOS representation? What is the purpose of multiplying
the scalar sc(omega, q) by the inner product of omega and q in equation 5? What is the difference between the
\odot and \cdot symbols in the equation for computing the overall source mask from the k masks?

6 3.8% Is it possible to consistently find perturbations to empirically robust adversarial examples that result in a
correctly classified image? How does the paper define the concept of an "adversarial L2 ball" when it appears
to suggest that every sample should have the same classification as \tilde {x}, contrary to the expectation
that each sample within the ball should have a different classification compared to x? Could the authors provide
further justification for their claim that the gradient-based attack is responsible for the shift between test and
training data observed in the adversarial attack?

7  3.6% What is the performance of larger GLM models compared to state-of-the-art results, given that hardware
resources do not appear to be a constraint? What is the expected relationship between the performance of
the algorithms and the number of updates per sample, memory size, and batch size? What could explain the
difference in performance between the DICTA test set and the new test set, particularly the difference between
the cha and wor scores?

8 3.3%  What protocol did you use to decide when to stop training and to select hyperparameters for each dataset when
no labeled target data is available? Does label smoothing always improve performance, or are there cases where
it can degrade performance? Does label smoothing always improve the performance of the hyperparameter-fine
tuning procedure?

9 3.1% What are the vertical uncertainty bars in Figure 13?7 What would be the correct classification for the image in
Figure 1 where the space bar is hidden? What is the reason for the sudden change in the green and blue curves
in Figure 2 at epoch 90?

10 3.1%  What is the impact of adjusting ¢ on the results of Table 1? Is the coreference resolution pipeline depicted in
Table 1 universally accepted in the field of coreference resolution? What is the difference between the results in
Table 1 and Table 2(a)?

11 2.8% Is there an optimal number of MSD points to use in order to minimize the error on the estimated parameters,
and is there an option to automatically determine this number? Why is a new metric, concept purity, introduced
instead of using the same set of metrics provided in Yuan et al. (2020)? What benefits does improving the upper
bound for the Information Gain evaluation metric provide in practice?

12 24%  Are all participants in the trial pregnant women who are less than 36 weeks gestation? What is the rationale for
changing the data distribution if the KB was compiled by medical papers? What ethical considerations were
taken into account when selecting the data for the dataset?

Table 8: Questions clustered into the top 12 topics by BERTopic. Representative Questions are automatically
identified by BERTopic.
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N Example Annotations

Question

Answer Evidence

Free-Form Answer

GPT-4 Augmented Answer

‘What benefits does improving the up-
per bound for the Information Gain
evaluation metric provide in practice?

to measure the quality of such models An interpretable alternative evaluation metric for likelihood-based
models is Normalized Information Gain ( NInGa )

interpretable and robust evaluation of
full likelihood models

Improving the upper bound for the Information Gain evaluation metric
provides the benefit of enabling a more interpretable and robust evalua-
tion of full likelihood models in practice.

ICLR 22 |ICLR 23

Does the expected label always match
the most probable label given the
noisy data?

This makes it clear that, overall, the pattern zig-zags, first moving towards the unknown true label before
eventually turning to memorize the wrong label

No, that is why zig-zag might happen
for the hard labels.

No, the expected label does not always match the most probable label
given the noisy data. This is indicated by the observed zig-zag pattern,
where the process initially moves towards the true label but eventually
turns to memorize the incorrect label.

What criteria were used to select the
videos and classes for the study?

This is inspired by the fact that complex human activities in real-world settings are usually hierarchical and
compositional across space and time.

‘We selected videos and classes that con-
tain complex human activities that are
hierarchical and compositional.

The criteria for selecting the videos and classes for the study were based
on the presence of complex human activities that are hierarchical and
compositional in nature.

ARR 22 | NeurIPS 22

‘What impact does the layer norm ap-
proximation have on the performance
of the tasks discussed in the paper?

Another challenge of THE-X is the attention score input of layer normalization.

In most cases, the scale of multi-head attention output is very dense around [-1,1].

However, before normalization, we also observe the attention scores are scarily sparse, with some extreme
values reaching le4, which is difficult for our LN-distill stage.

To prevent the overflow attention scores, we use the weight decay of Adam optimizer as regularization.

Layernorm approximation may lead to
attention overflow, which dramastically
affect the performance of downstream
tasks

The approximation of layer normalization can potentially lead to at-
tention overflow. This can significantly impact the performance of the
downstream tasks discussed in the paper.

COLING 20

What measures were taken to ensure
that paths were not shared between
the training and test sets?

To avoid giving an unfair advantage to the path-based models, we filtered both validation and test sets to
only include hyponym queries that are unseen anywhere in the full taxonomy paths of the training data.
We also exclude hyponyms from the test and validation sets which appear as hyponyms in the training set7
to prevent the models from merely copying.

All queries observed during path train-
ing and all hyponyms in the training set
that also appear as hyponyms in the test
set are eliminated.

The authors implemented measures to ensure that paths were not shared
between the training and test sets by filtering both validation and test
sets to only include hyponym queries that were not present in the full
taxonomy paths of the training data. Additionally, any hyponyms that
appeared in the training set were excluded from the test and validation
sets to prevent the models from simply replicating the data.

ACL 17

What would be the impact of not hav-
ing access to pre-trained embeddings
on the performance of this method?

Our main contribution is to show that the context sensitive representation captured in the LM embeddings
is useful in the supervised sequence tagging setting. When we include the LM embeddings in our system
overall performance increases from 90.87% to 91.93% F 1 for the CONLL 2003 NER task, a more then 1%
absolute F1 increase, and a substantial improvement over the previous state of the art. We also establish
a new state of the art result (96.37% F 1) for the CoONLL 2000 Chunking task. Importantly, the LM
embeddings amounts to an average absolute improvement of 1.06 and 1.37 F 1 in the NER and Chunking
tasks, respectively.

Performance decreases by about 1%
on the CoNLL 2003 NER task, and
by 1.4% on the CoNLL 2000 Chunk-
ing task when removing pretrained lan-
guage model embeddings.

The absence of pre-trained language model embeddings would result in
a decrease in performance by approximately 1% on the CoNLL 2003
NER task, and by around 1.4% on the CoNLL 2000 Chunking task.

CoNLL 16

Why were post-editing rates chosen
over prediction (h)ter for intrinsic un-
certainty evaluation?

Our decision to focus on post-editing time was based on the fact that time is a more complete measure of
post-editing effort, capturing not only technical effort like HTER, but also cognitive effort ( Koponen et al.,
2012).

Additionally, time is more directly applicable in real translation environments — where uncertainty estimates
could be useful, as it relates directly to productivity measures.

The authors state that normalised post-
editing times (i.e. post-editing rates)
are a more realistic measure with re-
spect to operational effort, and can be
adapted to different application scenar-
ios.

The authors opted for post-editing rates over prediction (h)ter for intrinsic
uncertainty evaluation because they believed that time is a more compre-
hensive measure of post-editing effort. This measure not only captures
technical effort, like HTER, but also cognitive effort. Furthermore, time
is more directly applicable in real translation environments, where uncer-
tainty estimates could be beneficial, as it correlates directly to productiv-
ity measures. Thus, post-editing rates provide a more realistic measure
of operational effort and can be adapted to various application scenarios.

ESD 23

What is the impact on detection or
signal-to-noise ratio (SNR) if RR-
based fingerprint construction is not
applied?

robust detection and attribution (D&A) of forced change in the water cycle are impaired by low signal-to-
noise ratios.

The concept of detection and attribution is to use climate model simulations in which the applied forcings
are known and internal variability can be reduced by averaging multiple realisations, to estimate a so-called
fingerprint that represents the effect of the applied forcings on climate variables of interest.

detection won’t be possible if no SNR-
maximising method/process is applied
to the noise observational data

If the RR-based fingerprint construction is not applied, it could po-
tentially impair the detection process due to the low signal-to-noise
ratios. This could make detection impossible without the application
of a method or process that maximizes the signal-to-noise ratio in the
observational data.

ESurf 23

Does the orientation of the grid, with
potentially more north-facing slopes
in the Elwha area than in the Quinault
area, affect the absorption of solar ra-
diation, thereby influencing glacier
distribution?

Our flowline model captures the variability in the direction of the steepest precipitation gradients but
neglects variability across the valleys that may be important, especially for spatially variable drivers of
ablation, such as topographic shading.

‘We do not include topographic shading
as a factor influencing melting in the
model - so the answer to this question is
no - not in our model. In the real world,
the north-facing slopes of the Elwha
headwaters may have been important
in the mass balance of past glaciers.

The authors’ model does not account for topographic shading as a factor
influencing melting, thus the orientation of the grid does not affect
the absorption of solar radiation in their model. However, in reality,
the north-facing slopes of the Elwha headwaters may have played a
significant role in the mass balance of past glaciers.

F1000 22

How was the conceptual model in Fig-
ure 2 developed?

Participants were recruited from their schools and colleges through the activity recruitment poster and *
‘Word-of-Mouth ” from the teachers and lecturers.

Then, their crafts will be evaluated by art teachers and ranked on a leaderboard.

The participants who were ranked on the leaderboard will receive certificates and prizes.

After experiencing two-level EGL, 29 students were purposively selected as FGD participants.

Figure 2 shows the overview of the EGL activity flow.

It is based on the procedures of the
EGL activity from participation to fo-
cus group discussion.

The conceptual model depicted in Figure 2 was developed based on the
procedures of the Experiential Group Learning (EGL) activity. This pro-
cess ranged from participant recruitment to the focus group discussion.

, answer evidence, and free-form answers of the PeerQA dataset from all venues.

ions

Exemplary quest

Table 9
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O Question Classes

Table 10 reports the number of questions per class
and representative questions for that class. The
definitions for each class are the following:

Method Clarification Questions to better under-
stand a specific detail (e.g., a parameter) or inner
workings of a proposed or used method, including
methods used for obtaining data or details about
the experiment setup/process.

Data Clarification Questions to understand the
process of obtaining data or properties of the used
data for an experiment, however, excluding ques-
tions about a method to obtain data.

Justification/Rationale Questions that challenge
an assumption, ask the authors to motivate a de-
cision’s reasoning or are critical towards a pro-

Analysis Questions asking for a better under-
standing of a result, e.g., why a method works or
questions asking about what factors contribute to a
result/finding.

Implication Questions about potential
real-world applications, transfers of the
data/method/findings to other applica-
tions/domains/tasks, or wider-scoped conse-

quences of the findings.

Definition Questions about the (intended) mean-
ing of a certain phrase or term used in the paper.

Comparison Questions asking for comparisons
or differences between methods/data or different
studies.

Evaluation/Evidence Questions asking for de-
tails about a result (excluding analysis of results),
details of the evaluation process, or evidence to

cess/finding.

support a certain claim.

Class Size

Representative Questions

Method Clarifica- 31%
tion

How was the fine tuning done for the step sizes in the experiments?, Did the baselines in both
experiments 1 and 2 only use a single seed? What is the set of signed input gradients in the
second paragraph of section 4.2?

Data Clarification 13%

Do the experts who annotated the dataset have expertise in linguistics or in the domain of the
dataset? What is the time resolution of the forcing data used in the study, specifically, is it
daily? Do the vocabulary items of the templates used in the paper have adequate representation
in the training data?

Justification/Rationale 12%

What motivated the authors to theoretically analyze the dense case and then empirically
evaluate the sparse case? Are ten locations sufficient to represent the variety of surfaces in
urban environments? Why is the chosen metric appropriate for evaluating the results?

How does the proposed method compare to other types of vision transformers, such as
Swin Transformer or Multiscale Vision Transformers? What is the difference between the
MOMA dataset and the MOMA-LRG dataset? How does the performance of the filter-kd
model compare to models trained using label smoothing and knowledge distillation with the
optimum temperature?

What factors influence the degree of separability when adapting a model to a task? Is it clear
what the source of the improvements of Histruct+ (Roberta-base) over Bertsumext are? What
factors were responsible for the success of the path-based model?

Comparison 11.5%
Analysis 9%
Implications 8%

What are the potential applications of the data presented in this paper? Can the proposed data
augmentation be applied to other tasks besides ILA? Do you think that the same framework
on variance of ensembles would work equally well in the semantic feature space as in the
space of logits?

Evaluation/Evidence 8%

What is the evidence that the generative model is successful in synthesizing new molecules?
Do you evaluate playing strength of agents by restricting them by MCTS iteration counts or by
time limits? Did the authors run multiple trials to evaluate the performance of the graph-based
neural network?

Definition 7.5%

What is the definition of difficulty used in the paper to analyze the learning path of the
network’s predicted distribution? What is the variational approximation of ¢ given by the
query and support sets? What is the definition of f;41?

Table 10: Distribution of question classes based on 100 questions randomly sampled from PeerQA. Representative
Questions shows manually picked questions that best correspond to the definition of the class.

536



P Answerability Evaluation

Table 11 shows detailed evaluation metrics for the
answerability task, and Figure 3 visualizes them.
We report Precision, Recall, and F1-Score on both
the answerable and unanswerable questions, as
well as the average accuracy, weighted, and macro

F1-Score.
Answerable (N = 383) Unanswerable (N = 112) Average

Model Ctx. Prec. Recall F1 Prec. Recall F1 Acc. W-F1 M-F1
G 1.0000 0.4517 0.6223 - - - 04517 0.6223 0.3112
10 0.8407 0.3995 0.5416 0.2652 0.7411 03906 0.4768 0.5074 0.4661
Llama-3 20 0.8796 0.2480 0.3870 0.2558 0.8839 0.3968 0.3919 0.3892 0.3919
1T-8B-8k 50 0.7907 0.1775 0.2900 0.2298 0.8393 0.3608 0.3273 0.3060 0.3254
100 0.7667 0.1802 0.2918 0.2247 0.8125 0.3520 0.3232 0.3054 0.3219
FT 0.8168 0.5587 0.6636 0.2747 0.5714 0.3710 0.5616 0.5974 0.5173

G 1.0000 0.4047 0.5762 - - - 0.4047 0.5762 0.2881
10 0.8326 0.4804 0.6093 0.2737 0.6696 0.3886 0.5232 0.5593 0.4989
Llama-3 20  0.8182 04700 0.5970 0.2618 0.6429 0.3721 0.5091 0.5461 0.4846
IT-8B-32k 50 0.8056 0.3786 0.5151 0.2444 0.6875 0.3607 0.4485 0.4802 0.4379

100 0.7984 0.2585 0.3905 0.2345 0.7768 0.3602 0.3758 0.3837 0.3754
FT  0.8488 0.3812 0.5261 0.2663 0.7679 0.3954 0.4687 0.4965 0.4608

G 1.0000 0.8877 0.9405 - - - 0.8877 0.9405 0.4703
10 0.7854 0.9269 0.8503 0.3488 0.1339 0.1935 0.7475 0.7017 0.5219
Mistral 20 0.7790 09295 0.8476 0.2895 0.0982 0.1467 0.7414 0.6890 0.4971
IT-v02-7B-32k 50 0.7768 0.9086 0.8375 0.2553 0.1071 0.1509 0.7273 0.6822 0.4942
100 0.7824  0.9295 0.8496 0.3250 0.1161 0.1711 0.7455 0.6961 0.5103
FT  0.7803 0.9739 0.8664 0.4118 0.0625 0.1085 0.7677 0.6949 0.4875

G 1.0000 0.7232  0.8394 - - - 0.7232  0.8394 0.4197

10 0.7985 0.8172 0.8077 03204 0.2946 0.3070 0.6990 0.6944 0.5574

Command-R 20 0.8025 0.8381 0.8199 0.3474 0.2946 03188 0.7152 0.7065 0.5694
v01-34B-128k 50 0.8031 0.8198 0.8114 0.3365 0.3125 0.3241 0.7051 0.7011 0.5677
100 0.7949 0.8094 0.8021 0.3048 0.2857 0.2949 0.6909 0.6873  0.5485

FT 08113 0.7520 0.7805 0.3214 0.4018 0.3571 0.6727 0.6847 0.5688

G 1.0000 0.4935 0.6608 - - - 0.4935 0.6608 0.3304
10 0.8107 0.4360 0.5671 0.2526 0.6518 0.3641 0.4848 0.5211 0.4656
GPT-3.5 20 0.8248 0.5039 0.6256 0.2720 0.6339 0.3807 0.5333 0.5702 0.5032
Turbo-0613-16k 50  0.8168 0.5587 0.6636 0.2747 0.5714 03710 0.5616 0.5974 0.5173
100 0.8507 0.4465 0.5856 0.2789 0.7321 0.4039 0.5111 0.5445 0.4948
FT  0.8348 0.2507 0.3855 0.2447 0.8304 0.3780 0.3818 0.3838 0.3818

G 1.0000 0.4465 0.6173 - - - 0.4465 0.6173  0.3087

10 0.8439 0.5222 0.6452 0.2907 0.6696 0.4054 0.5556 0.5909 0.5253

GPT-40 20  0.8560 0.5744 0.6875 0.3151 0.6696 0.4286 0.5960 0.6289  0.5580
0806-128k 50 0.8604 0.5953 0.7037 0.3261 0.6696 0.4386 0.6121 0.6437 0.5712
100 0.8543 0.5666 0.6813 0.3112 0.6696 0.4249 0.5899 0.6233  0.5531

FT  0.8458 0.5300 0.6517 0.2941 0.6696 0.4087 0.5616 0.5967 0.5302

Table 11: Evaluation results on the answerability task of various LLMs, with different context settings (G = Gold
Evidence, FT = Full-Text, 10/20/50/100 = Top-k passages). Note that the class distribution is imbalanced. There are
a total of 383 answerable and 112 unanswerable questions. W-F1 is Weighted F1, M-F1 is Macro F1.
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Q Answer Generation Evaluation

Table 12 reports the exact numbers of the free-form
answer generation experiment for all models and
contexts, corresponding to Figure 4.

Rouge-L AlignScore Prometheus
Model Ctx. AE FF GPT-4 FF AE FF GPT-4 FF FF GPT-4 FF

G 01683 0.2295 0.2569 0.5731  0.1098 0.2643 3.1102 3.1593
10 0.1670 0.2113 0.2479 0.3839 0.1107 0.2107 3.1347 3.1828
Llama-3 20  0.1771  0.2074 0.2458 0.3719  0.1041 0.1965 3.1878 3.2454
IT-8B-8k 50 0.1621  0.2050 0.2357 0.3402  0.1062 0.1958 3.0122 3.0313
100 0.1418  0.2069 0.2278 0.3255 0.1067 0.2184 2.8082 2.7885
FT  0.1484 0.1736 0.2037 0.2719  0.0653 0.1159 2.7510 2.9321

G 0.1648  0.2286 0.2567 0.5778 0.1016 0.2436 3.1673 3.1749
10 0.1513  0.2258 0.2464 0.3970 0.1142 0.2177 3.1388 3.1410
Llama-3 20 0.1558  0.2204 0.2425 0.4001 0.1115 0.2109 3.1388 3.1227
IT-8B-32k 50 0.1546  0.2061 0.2397 0.3750  0.0999 0.2011 3.0571 3.1358
100 0.1664  0.2099 0.2412 0.3785  0.1037 0.2008 3.0000 3.2010
FT  0.1835 0.1948 0.2260 0.3311 0.0711 0.1450 3.1959 3.2167

G 0.2442  0.1922 0.2432 0.6407  0.0827 0.1977 3.4245 3.4517
10 0.1967 0.1667 0.2032 0.3573  0.0612 0.1094 3.2490 3.3629
Mistral 20 0.2039 0.1670 0.2011 0.3449  0.0505 0.1107 3.2408 3.2663
v02-7B-32k 50  0.2023 0.1572 0.1943 0.3211  0.0496 0.1017 3.1306 3.1958
100 0.2023  0.1593 0.1927 0.3142  0.0634 0.1209 3.0245 3.0809
FT  0.1883 0.1344 0.1678 0.2599  0.0328 0.0750 2.9796 3.1227

G 0.1310 0.2294 0.2081 0.5604  0.1362 0.3059 3.0571 3.0052
10 0.1211  0.2104 0.1973 0.3767 0.1221 0.2275 3.1551 3.1723
Command-R 20 0.1220 0.2164 0.1978 0.3823 0.1245 0.2213 3.0490 3.0052
v01-34B-128k 50 0.1229  0.2188 0.1941 0.3872  0.1223 0.2247 3.1224 3.0026
100 0.1244  0.2200 0.1853 0.3688 0.1112 0.1976 3.0245 3.0052
FT  0.1230  0.2085 0.1859 0.3530 0.1015 0.1939 2.9020 2.9869

G 0.1540  0.2414 0.2688 0.5596  0.1378 0.3175 3.0408 3.0705
10  0.1342 0.2212 0.2462 0.4410 0.1412 0.2531 29184 3.0313
GPT-3.5 20 0.1388  0.2211 0.2465 0.4255  0.1446 0.2394 29714 3.0888
Turbo-0613-16k 50  0.1365  0.2205 0.2437 0.4159  0.1356 0.2374 2.9918 3.0914
100 0.1297  0.2207 0.2437 0.4092  0.1360 0.2301 2.9102 3.0470
FT  0.1162 0.1895 0.2188 0.3341  0.0771 0.1524 2.7143 2.9060

G 0.1992 0.2266 0.2739 0.6410 0.1224 0.2802 3.4612 3.4308

10 0.1765 0.2048 0.2455 0.4055 0.0884 0.1963 3.5143 3.5222

GPT-40 20 0.1798  0.2039 0.2453 0.4094  0.0963 0.1830 3.5510 3.5927
0806-128k 50 0.1771  0.2058 0.2433 0.4164 0.0971 0.1926 3.5592 3.6423
100 0.1793  0.2036 0.2436 0.4120 0.0936 0.1886 3.5714 3.5614

FT  0.1821 0.1981 0.2372 0.3900 0.0713 0.1790 3.5673 3.6057

Table 12: Evaluation results on the answer generation task of various LLMs, with different context settings (G =
Gold Evidence, FT = Full-Text, 10/20/50/100 = Top-k passages) and the metric computed against different ground
truths (AE = Answer Evidence Paragraph, FF = Free-Form Answer, GPT-4 FF = GPT-4 rephrased Free-Form
Answer). Rouge-L measures lexical overlap; AlignScore measures factual consistency; Prometheus measures
answer correctness using an LLM-as-a-judge approach between the generation and the annotated Free-Form Answer
or Answer Evidence.
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R Answer Generation Error Analysis

As outlined in §5.3, we conducted an error analysis on GPT-3.5’s generations. Table 13 defines each error
class, and Table 14 provides an example for each class.

R.1 Error Classes

Error Class Definition

Evaluation Error The generated answer is correct; however, at least one of the metrics provides a low score.

Partially Correct The generated answer is correct; however, the free-form answer provides additional details
that are not covered by the generation.

Reasoning Error The generation is incorrect. The model fails to arrive at the same conclusion as the
free-form answer.

Implicit Evidence Only The generation is incorrect. The evidence only implies the correct answer, making it
challenging for the model to infer it.

Insufficient Context The answer is incorrect because further context is required to interpret the evidence

correctly (e.g., abbreviations in the context are not resolved, or information established
earlier in the paper is missing from the evidence).

Insufficient Free-Form Answer  The author’s free-form answer points only to an answer in the paper but does not contain
an answer (e.g., "The architecture is depicted in Figures D.3 and D.4").

Insufficient Evidence The highlighted context by the authors does not provide sufficient information to answer
the question well.

Table 13: Error classes definitions for analyzing the failure modes of the generation models.
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R.2 Error Examples

Error Class

Question

Evidence

Reference Answer

Generated Answer

Evaluation Error

‘What does "but train the detector head
with () online in a single stage" mean?

To obtain the features for a region b, we apply the VLM pooling layer P(*) on the cropped
backbone output features F(I) (see Sec. 3.2 for notations). Because the pooling layer requires
fixed-size inputs, e.g. 7x7 for R50 (Radford et al., 2021), we crop and resize the region features
with ROI-Align R(*) (He et al., 2017) (see Fig. 2b). Unlike existing works (Gu et al., 2022;Du
et al., 2022), we do not crop and resize the RGB image regions and cache their embeddings in
a separate offline process, but train the detector head in one stage. This is simpler and more
space-efficient. In addition, we do not crop VLM region features with R(¢) during training because
the backbone features are frozen.

It means that we train the detection coor-
dinates and the class labels for all boxes
simlutanously and jointly, similar to Mark-
RCNN and related algorithms, as opposed
to cropping individual object boxes and
feeding their features to a separate model.

"But train the detector head with r(-) on-
line in a single stage" means that the detec-
tor head is trained during the same stage
as the rest of the training process, rather
than in a separate offline process.

Partially Correct

Does the term "aes" refer to the phe-
nomenon that smiling faces are estimated
to be older than neutral faces in direct age
estimations, or does it also refer to the
phenomenon that smiling face group is ret-
rospectively estimated to be younger?

Interestingly, several studies have reported that humans have a counterintuitive bias regarding
age. We associate smiling with youth, that is, it is generally believed that when people see a
smiling person, they feel that person is younger. Indeed, previous research has provided evidence
that individuals with a smile appear younger than those with other facial expressions (Hass et
al., 2016;Voelkle et al., 2012). However, contrary to the commonly held association between
smiling and youth, Ganel (2015) showed that a smiling face is estimated to be older than a neutral
face. This phenomenon, in which smiling faces are evaluated as being older than neutral faces, is
called the aging effect of smiling (AES; Ganel & Goodale, 2021). AES is attributed to wrinkles
around the eyes caused by smiling (Ganel, 2015;Ganel & Goodale, 2021). In contrast, when
participants were asked to retrospectively estimate the mean age of several faces (i.e., face group),
they estimated that the smiling face group was younger than the neutral face group (Ganel &
Goodale, 2018). These studies indicate that the effect of emotional expressions on age estimation
depends on the method of estimation (i.e., directly or retrospectively).

The term AES refers specifically to the
phenomenon that a smiling face makes one
look older.

The term "aes" refers to both the phe-
nomenon that smiling faces are estimated
to be older than neutral faces in direct age
estimations and the phenomenon that the
smiling face group is retrospectively esti-
mated to be younger.

Reasoning Error

How are the depth and normal maps com-
bined for training the proposal network in
phase 1?

There are two possible ways to ensemble geometric cues: (1) Stack the two geometric cues
together and train a single object proposal network on these stacked inputs in Phase-I; (2) Train
two object proposal networks and extract pseudo boxes separately, then merge them into a single
pseudo box pool for Phase-II training. The details of the merging process is described in Appendix
A. We conduct ablation studies on these two methods. From Figure 6a, we demonstrate that
empirically, ensembling pseudo labels is slightly better than using stacked inputs for Phase-I
training. Throughout the paper, we use the pseudo label ensembling for GOOD-Both.

They are combined by merging their
pseudo labels.

The depth and normal maps are combined
by stacking them together and training a
single object proposal network on these
stacked inputs in Phase 1.

Implicit Evidence
Only

Does combining RGB, depth, and normals
improve the performance of the model for
smaller classes?

More comparison of GOOD-Both and GOOD-AIL

For GOOD-ALI, the performance gains in detecting small objects (AR s ) are too small to
compensate for the losses in detecting larger objects (AR m and (AR 1)), leading to overall inferior
performance.

The combination of RGB, depth, and nor-
mals does not significantly improve the
model’s performance for smaller classes.
The gains in detecting small objects are
too small to offset the losses in detecting
larger objects, leading to an overall infe-
rior performance.

The combination of RGB, depth, and nor-
mals does not significantly improve the
model’s performance for smaller classe:
The gains in detecting small objects are
too small to offset the losses in detecting
larger objects, leading to an overall infe-
rior performance.

Insufficient Con-
text

Do the training languages used for the non-
baseline models in the cross-lingual exper-
iments have any overlap with German?

In our experiments we make use of the following datasets: The English Nancy Krebs dataset
(16h) from the Blizzard challenge 2011 (Wilhelms-Tricarico et al., 2011;King and Karaiskos,
2011); The German dataset of the speaker Karlsson (29h) from the HUI-Audio-Corpus-German
(Puchtler et al., 2021); The Greek (4h), Spanish (24h), Finnish (11h), Russian (21h), Hungarian
(10h), Dutch (14h) and French (19h) subsets of the CSS10 dataset (Park and Mulc, 2019). In order
to investigate the effectiveness of our proposed LAML procedure, we train a Tacotron 2 model
and a FastSpeech 2 model on the full Karlsson dataset as a strong baseline. We also train another
Tacotron 2 model and another FastSpeech 2 model on speech in 8 languages with one speaker per
language (Nancy dataset and CSS10 dataset) and fine-tune those models on a randomly chosen
30 minute subset from the Karlsson dataset. To our surprise, we did not only match, but even
outperform the model trained on 29 hours with the model fine-tuned on just 30 minutes in multiple
metrics.

The pretraining data does not overlap with
German. Only the data used for fine-
tuning is in German.

Yes, the training languages used for the
non-baseline models in the cross-lingual
experiments have overlap with German.
The German dataset of the speaker Karls-
son is used for training, along with the
English Nancy Krebs dataset and subsets
of the CSS10 dataset which include Dutch
and French.

Insufficient
Evidence

Can the parameters of the BLOSUM ma-
trix be estimated by the model instead of
being pre-computed?

In the first ablation study, we investigate the influence of the BLOSUM embeddings by removing
them as input to the GRU. Overall, the absence of the BLOSUM embeddings slows down
convergence and sometimes make the learning process unstable, but ultimately does not strongly
affect accuracy (see Figure 5). 3). The results without the BLOSUM embeddings are shown in
pink (MAP) and purple (marginal).

The Blosum matrix is used to serve as
a very simple to compute encoding tech-
nique to stabilize and accelerate the learn-
ing process. With larger datasets it is not
necessary to use the Blosum encodings or
averaged blosum embedding.

No, the parameters of the BLOSUM ma-
trix cannot be estimated by the model in-
stead of being pre-computed.

Insufficient Free-
Form Answer

‘What is the architecture of the system be-
ing discussed in the paper?

<Omitted for brevity>

The architecture is depicted in Figures D.3
and D.4

The architecture is depicted in Figures D.3
and D.4

Examples for each error class.

Table 14
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S Answer Generation Correlation Analysis

S.1 Recall

at different cutoffs and the answer generation per-
formance measured by different metrics.

Figure 12 visualizes the relationship between the
recall of the retrieval model (in this case SPLADEV3)
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Figure 12: Pearson correlation () with the corresponding p-value between the recall (x-axis) at k (columns) and the
answer generation performance (y-axis) according to different metrics (rows). Therefore, each circle represents a
single QA pair of a specific model. We added 0.03 x-jitter to the markers to improve visibility.

541



S.2 Mean Evidence Position

Figure 13 visualizes the Pearson correlation be-
tween the answer generation metric (Rouge-L,
AlignScore, or Prometheus-2 compared to either
the answer evidence, the annotated free-form an-
swer or the GPT-4 augmented free-form answer as
ground truth) and the mean token position of the
answer evidence. All generations are taken from
the full-text setting, i.e., where the entire paper text
was given as input to the model. To compute the
mean token position for each answer evidence, we

Free-Form

H
g

Llama-3-IT-8B-8k

Llama-3-IT-8B-32k

compute the number of tokens in the paper before
the evidence sentence. If a question has multiple
answer evidence, we take the average position. We
only find a weak relationship that is statistically
insignificant in many cases. Nevertheless, some
p-values show statistical significance, indicating
that for some settings, the generation performance
declines when the answer evidence is relatively to-
wards the end of the paper. This finding is also
consistent with related work such as Buchmann
et al. (2024).
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Figure 13: Pearson correlation () with the corresponding p-value between the answer generation evaluation metric

Mean Token Position of Evidence

Mean Token Position of Evidence

Mean Token Position of Evidence

Mean Token Position of Evidence

Mean Token Position of Evidence

(y-axis) and the mean token position of the annotated answer evidence (x-axis).
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T Answer Generation Similarities

We compute the average similarity of the generated
answers between all models. We embed the gen-
erated answers with al1-MiniLM-L6-v2 and com-
pute the cosine similarity between the generations
of the models. Figure 14 visualizes the similarities
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with the gold and retrieved evidence and full-text
settings. We find that all models produce fairly
similar outputs for the gold setting, i.e., where the
annotated answer evidence is provided. With in-
creasing retrieved evidence as context (i.e., RAG-
10 - RAG-100), the similarity between the model
outputs decreases but remains relatively high.
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Figure 14: Semantic similarity of the generated answers between models with different context settings.

U Attributable Question Answering

MRR Recall@10

SPLADEvV3 0.4536 0.6661
GPT-3.5-Turbo-0613-16k 0.2440 0.2762
GPT-40-0806-128k 0.5429 0.5339

Table 15: Evidence retrieval scores in the attributable
question answering setting.

We have considered answer generation based on
the top retrieved paragraphs (RAG) or using the
full context (§4.2). In the RAG setup, the answer
generation can generally be attributed to the re-
trieved passages (assuming the model is faithful to
the context). However, when using the full text as

context, attribution to the passage level is not triv-
ial. Recently, attributable question answering has
gained momentum (Bohnet et al., 2022; Gao et al.,
2023; Malaviya et al., 2024), where in addition to
generating an answer, the model is supposed to cite
evidence supporting it. Therefore, we also conduct
an experiment where the model is conditioned on
the full text of the paper and is tasked to "cite" any
paragraphs on which the generated answer is based.
We prepend an id before each paragraph and in-
clude an instruction on how to cite. Specifically,
we use the following prompt:

Read the following paper and answer
the question. Provide one or several
evidence paragraphs that can be used to
verify the answer. Give as few paragraphs
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as possible, but as many that provide
evidence to the answer. Your answer must
have the following format: "<answer> [X]
[Y]". In your reply, replace <answer>
with your answer to the question and add
any references in square brackets. Your
answer must be followed by the ids of
the relevant segments from the document.
Question: {question}

Paper: {paper}

Answer:

This setting has the challenge that the model
does not provide a ranked list of all paragraphs
but an unordered list of what it considers relevant.
Therefore, we rank the cited paragraphs in the order
in which the LLM generates them.

Table 15 reports the results of the evidence re-
trieval with the attributable question answering

setup. We find that for GPT-3.5, the scores fall
far behind the performance of a dedicated retrieval
model (e.g., SPLADEv3). For GPT-40, the MRR
outperforms SPLADEv3, however, the Recall@10 is
inferior.

We further investigate the answer generation
performance of the attributable QA setup, report-
ing the results in Table 16. Compared with the
RAG setting using the top 20 paragraphs retrieved
by SPLADEV3, the attributable QA setup performs
worse. A RAG setup is also significantly more cost
and compute-efficient, particularly considering the
long context of papers. Specifically, the average
paragraph in PeerQA has 94 tokens, leading to an
average of 1880 tokens to encode in the RAG-20
setting. In contrast, on average, a paper has 11723
tokens. Therefore, the full-text setup is 6.24 times
more expensive than the RAG-20 setting.

Rouge-L AlignScore Prometheus

Model Ctx. AE FF GPT-4 FF AE FF GPT-4 FF FF GPT-4 FF
GPT-35 20 0.1388  0.2211 0.2465 0.4255  0.1446 0.2394 2.9714 3.0888
T rbo—b613—16k FT 0.1162  0.1895 0.2188 0.3341 0.0771 0.1524 2.7143 2.9060
b FT Cite 0.1099 0.1846 0.2057 0.2453  0.1128 0.1564 2.4340 2.4837
GPT-40 20 0.1798  0.2039 0.2453 0.4094 0.0963 0.1830 3.5510 3.5927
0806-128K FT 0.1821 0.1981 0.2372 0.3900 0.0713 0.1790 3.5673 3.6057
FT Cite 0.1262 0.1857 0.1602 0.2678  0.1177 0.1622 27143 2.5614

Table 16: Answer generation scores in the attributable question answering setting ("FT Cite") and two baselines for

comparisons. In bold the best performing setup per metric.
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