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Abstract

Scientific talks are a growing medium for disseminating research, and automatically identifying relevant literature that
grounds or enriches a talk would be highly valuable for researchers and students alike. We introduce Reference
Prediction from Talks (RPT), a new task that maps long, and unstructured scientific presentations to relevant papers.
To support research on RPT, we present TALk2REF, the first large-scale dataset of its kind, containing 6,279 talks
and 43,429 cited papers (26 per talk on average), where relevance is approximated by the papers cited in the talk’s
corresponding source publication. We establish strong baselines by evaluating state-of-the-art text embedding
models in zero-shot retrieval scenarios, and propose a dual-encoder architecture trained on TaLk2Rer. We further
explore strategies for handling long transcripts, as well as training for domain adaptation. Our results show that
fine-tuning on TaLk2REF significantly improves citation prediction performance, demonstrating both the challenges of
the task and the effectiveness of our dataset for learning semantic representations from spoken scientific content.
The dataset and trained models are released under an open license to foster future research on integrating spoken
scientific communication into citation recommendation systems.
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In recent years, the number of recorded scien-
tific talks across conferences, academic platforms,
and educational settings has increased dramati-
cally. These recordings represent a rapidly grow-
ing source of scientific communication, enabling
researchers, students, and practitioners to revisit
presentations, lectures, and discussions, and en-
gage with scientific ideas beyond traditional writ-
ten publications. However, identifying related or
thematically relevant work from a scientific talk re-
mains challenging and time-consuming, yet access
to such related content is highly valuable for re-
searchers who wish to explore prior work, follow
up on mentioned ideas, and discover new connec-
tions.

Reference or citation prediction has been exten-
sively studied in the context of written scientific
text, in both local settings, where models predict
in-text references based on the surrounding con-
text (Zhang and Ma, 2020a; Gu et al., 2022a; Celik
and Tekir, 2025; Zhang and Ma, 2020b), and global
settings, which recommend relevant references for
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years, authors

{8 transcript, title, year {5 abstracts, titles, years

Figure 1: lllustration of the TALK2REF dataset and
its use in the task of Reference Prediction from Sci-
entific Talks (RPT), where query talks are paired
with their cited papers. The K2 represents the infor-
mation included in TALk2REF, and £ represents
the input used by our model for predicting cited
papers.

an entire document (Bhagavatula et al., 2018; Li,
2024; Stergiopoulos et al., 2024). In both cases,
methods assume clean, formal, and linguistically
organized inputs that capture the semantics of sci-
entific discourse, allowing models to rely on con-
cise and well-structured representations, such as
abstracts, titles, or surrounding sentences, without
processing the full text.

"The dataset is available at ht tps: //huggingfac
e.co/datasets/s8frbroy/talk2ref.

By contrast, scientific talks are unstructured and
often noisy, containing disfluencies, filler expres-
sions, and spontaneous language (Zifle et al.,
2025) that lacks the precision of academic prose.
Moreover, transcripts are typically long and verbose,
spanning tens of minutes, which poses additional
challenges for effective representation, retrieval,
and modeling. As a result, the entire talk must
be processed to capture its content, unlike written
papers where state-of-the-art methods rely on ab-
stracts and section headings (Bhagavatula et al.,
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2018; Li, 2024; Stergiopoulos et al., 2024).

Importantly, this introduces not only a domain
shift from written to spoken language, but also an
inherent mismatch between the query and retrieval
spaces in style and domain: the queries are derived
from spontaneous spoken content, while the tar-
gets are formal written papers. Capturing semantic
correspondences across these distinct modalities
and linguistic styles is therefore substantially more
difficult, rendering traditional text-based citation pre-
diction models poorly suited for this setting.

To address this gap, we introduce the novel task
of Reference Prediction from Talks (RPT): given a
scientific talk as a query, the query talk, the goal
is to predict the set of papers that are relevant to
the talk, the relevant papers. RPT extends the
paradigm of citation recommendation from written
to spoken scientific communication, opening new
opportunities for integrating spoken research con-
tent into digital scholarly systems. An overview
of the reference prediction setting is illustrated in
Fig. 1.

To the best of our knowledge, no existing dataset
supports research on this problem. We therefore
construct and release TALk2REF, the first large-
scale dataset that pairs scientific presentations with
their corresponding relevant papers, modeling rele-
vance using the papers referenced in each talk’s
source publication. TALk2REF includes 6,279 talks
and 43,429 papers, with an average of 26 refer-
ences per talk, providing a foundation for system-
atically studying reference prediction from spoken
scientific content at scale.

To provide reference points for future research,
we establish competitive baseline models. We be-
gin by evaluating state-of-the-art sentence embed-
ding models, (Reimers and Gurevych, 2019; Cohan
et al., 2020) in a zero-shot retrieval setting, where
both talks and papers are encoded into a shared
embedding space, and the most semantically simi-
lar papers are retrieved for each talk.

We then fine-tune a dual-encoder model
(Karpukhin et al., 2020) on TaLk2REF to better
align representations of talks and their cited pa-
pers. This adaptation enables the model to learn
task-specific associations beyond those captured
by pretrained embeddings. A key challenge in this
setting is the considerable length and complexity
of talk transcripts, which exceed the typical input
limits of Transformer-based encoders (Devlin et al.,
2019; Reimers and Gurevych, 2019; Cohan et al.,
2020). To handle this, we design strategies that
enable the model to represent long talks effectively
while preserving their overall semantics.

Our results show that fine-tuning on TALk2REF
yields substantial improvements over zero-shot
performance, demonstrating that the dataset ef-
fectively supports model adaptation and gener-

alization. Together, these findings indicate that
TaLk2REF not only provides a new research task,
but also offers strong, competitive benchmarks that
future models can build upon.

The main contributions of this work are threefold:

1. We introduce and publicly release the
TaLk2REerF dataset for the new task of RPT
under an open license (CC-BY-4.0)."

2. We establish strong baselines and propose a
dual-encoder framework for modeling citation
prediction from scientific talks, which we also
release under an open license.?

3. We analyse different aggregation mechanisms
and training scenarios for RPT.

2. Related Work

Citation recommendation is commonly divided into
two tasks: local and global citation prediction. Lo-
cal approaches predict in-text references based on
surrounding context (Zhang and Ma, 2020a; Gu
et al., 2022a; Celik and Tekir, 2025; Zhang and Ma,
2020b), while global approaches suggest relevant
references for an entire document (Bhagavatula
et al., 2018; Li, 2024; Stergiopoulos et al., 2024).
As our work targets reference prediction from entire
talks, we focus exclusively on the global task.

Datasets. Unlike local citation tasks—which
benefit from standardized benchmarks such as
FullTextPeerRead (Jeong et al., 2019) or Ref-
Seer (Huang et al., 2014), global citation recom-
mendation lacks widely used datasets. Most prior
work instead builds on large-scale bibliographic
corpora, especially the DBLP-Citation-Network and
ACM-Citation-Network (Tang et al., 2008), both pro-
vided by AMiner®. These datasets contain millions
of papers and citation links in the domain of com-
puter science, enriched with metadata such as title,
abstract, authorship, venue, publication year, and
publisher.

Variants or subsets of these corpora are widely
used to train and evaluate citation recommendation
models. Prior studies rely on smaller subsets of the
DBLP or ACM-Citation-Network containing tens of
thousands of papers (Li, 2024; Bhagavatula et al.,
2018), as well as larger-scale versions comprising
hundreds of thousands of documents and citation
links (Stergiopoulos et al., 2024; Zhang et al., 2024;
Ali et al., 2021a).

’https://huggingface.co/s8frbroy/talk
2ref_query_talk_encoder and https://hugg
ingface.co/s8frbroy/talk2ref_ref key_cit
ed_paper_encoder.

3https ://www.aminer.cn/citation
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Other datasets also complement these large-
scale bibliographic corpora. The ACL Anthology
Network (Radev et al., 2009, AAN) provides a
domain-specific benchmark for natural language
processing research and is frequently reused for
citation recommendation tasks (Zhang et al., 2024;
Ali et al., 2021b). Broader, cross-domain resources
such as the STM-Knowledge Graph (Brack et al.,
2021; Brack et al., 2021, STM-KG), OpenCor-
pus (Bhagavatula et al., 2018), and combined
datasets built from the Microsoft Academic Graph
and CiteSeerX (Li et al., 2006; Sinha et al., 2015;
Ayala-Gomez et al., 2018) have also been em-
ployed to explore large-scale citation and knowl-
edge graph modeling.

Despite this variety, all existing datasets focus ex-
clusively on written-scientific-text papers, abstracts,
or titles, leaving spoken scientific content entirely
unexplored. Our dataset, TALk2REF, addresses
this gap by pairing scientific talks with their cited
papers, enabling research on reference prediction
from talks.

Modeling Approaches. Architectures for global
citation recommendation differ primarily in the
type of input they consider. Some rely only
on document titles (Li, 2024), others use titles
and abstracts (Bhagavatula et al.,, 2018; Ster-
giopoulos et al., 2024), and some leverage full-
text papers (Chokkalingam, 2024). Additional
information such as citation graphs (Li, 2024;
Stergiopoulos et al., 2024) or user profiles (Ster-
giopoulos et al., 2024) has also been incorpo-
rated to improve prediction. These systems can
be broadly categorized into classification-based
and retrieval-based architectures. Classification-
based models (Chokkalingam, 2024; Stergiopou-
los et al., 2024) predict citation relevance for each
query—candidate pair, while retrieval-based models
(Li, 2024; Bhagavatula et al., 2018) precompute
embeddings for all candidates and rank them by
similarity to the query, allowing for more efficient
large-scale recommendation.

3. Task Formulation and Dataset

Global Reference Prediction from Scientific Talks
(RPT) aims to identify the set of relevant references
for a talk, bridging unstructured spoken content
and structured scientific literature. Formally, given
a scientific presentation, the & query talk, T, the
objective is to retrieve a set of [§ relevant papers
{R1, Ry, ..., R,}, where n may differ across talks,
reflecting the varying number of references associ-
ated with each presentation. To support this task,
we introduce TaLk2REF, which, to the best of our
knowledge, is the first dataset of its kind.

3.1. Dataset Construction

To support Reference Prediction from Talks (RPT),
a dataset must pair each query talk, the audio
recording of a scientific presentation, with its rel-
evant papers. In TALk2REF, we model relevance
using the citations in the source publication asso-
ciated with each talk. Each input sample includes
the talk’s audio, transcript, title, publication year,
and source URL, while each cited paper is repre-
sented by its title, abstract, and metadata such as
authorship and year.

The Association for Computational Linguistics
(ACL) Anthology' provides a suitable source, of-
fering talks linked to papers with accessible cita-
tion information. All talks are distributed under the
Creative Commons Attribution 4.0 International Li-
cense, allowing us to use them to construct a new
dataset. To streamline construction, we build on
the NUTSHELL dataset (Zifle et al., 2025), which
aggregates ACL conference talk recordings with
their corresponding paper abstracts and metadata.
Using this foundation, we compile TALk2REF, a
dataset that meets the requirements of RPT by
pairing query talks with the references of their un-
derlying papers.

However, while NUTSHELL provides talk record-
ings and paper metadata, it does not include the
list of references from the query talk papers. We
construct TALk2REF by extracting the references
from the original papers to obtain the full set of cited
papers for each talk. The dataset construction pro-
cess is summarized as follows:

1. & PDF retrieval. Each query talk in NUT-
SHELL provides a link to its ACL page; from
there we obtain the PDF of the corresponding
paper, discarding any corrupted files.

2. § Query talk paper parsing. We parse
the PDF of each query talk paper using Gen-
eRation Of Bibliographic Data (GROBID De-
velopers, 2008, GROBID). From the parsed
document, we extract the paper title (for the
query talk) as well as the structured metadata
of the references, including titles, author lists,
venues, years of publication, and Digital Ob-
ject Identifiers (DOIs). The talk’s audio and
year are obtained from the original metadata.

3. & Transcript generation. We transcribe the
audio of each query talk to produce textual
input for processing, using whisper-large-
v3 (Radford et al., 2023).

4, Abstract retrieval for cited papers. Since
cited papers are not exclusively from ACL and
coverage varies across sources, we use the
metadata obtained in Step 2 for each cited

"https://aclanthology.org
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Avg. len.

Avg. words/

Split Eeﬂ Confs. Sei Years Etz Talks 5% (min) Y transcript % plz‘pl)%rs pTac;::ll's (;li;aatri: " aAI:‘)Igt.r:t,;rdSI
Train ACIIE_',\Al;l\lﬁ/iCL 22001271_ 3971 121 1615.3 26.75 31,064 1948-2021 142.4
Dev ACL 2022 882 9.9 1326.9 26.05 11,805 1967-2022 147.8
Test I'E\‘l\:’l:(l_{ 2022 1426 9.1 1186.1 25.66 16,935 1953-2022 149
Total ACEL,’\A’%\_'QCL 22001272_ 6279 111 1477.6 26.4 43,429 1948-2022 144.8

Table 1: Dataset statistics for our proposed dataset Talk2Ref, that includes & query talks and [ cited
papers. We show that citation years for years with at least 10 references, words are split at whitespace.

paper to query six bibliographic APIs and
datasets to obtain abstracts, including Cross-
ref?, arXiv®, OpenAlex*, Semantic Scholar
(Kinney et al., 2023), the Laion arXiv-abstract
dataset®, and the ACL OCL corpus (Rohatgi
et al., 2022). We prioritize DOI-based queries,
as DOls provide a unique and unambiguous
identifier for each paper; however, they are
not always present in the parsed metadata.
Therefore, we first perform title—author queries,
which may return abstracts directly or allow us
to recover a DOI. Once a DOI is obtained, it
is used for subsequent APl queries, reducing
the risk of mismatches due to title variations.

5. Post-processing. We filter out incorrect or
placeholder abstracts, such as entries contain-
ing only authorship, venue, or year information.

The resulting dataset links each query talk, rep-
resented by its audio, transcript, title, year, and
source URL to its cited papers, which are enriched
with abstracts and metadata such as title, authors,
and publication year.

3.2. Dataset Statistics

Our dataset construction process results in 6,279
query talks linked to 43,429 cited papers in to-
tal. The query talks average 11.1 minutes in dura-
tion, and their transcripts contain on average 1,478
words. Each query talk is associated with an av-
erage of 26.4 cited papers, providing a rich set of
references per talk.

The data split follows the original NUTSHELL
dataset (ZUfle et al., 2025), which partitions talks
chronologically by conference year. Talks in ear-
lier years form the training set (2017-2021), while
those from later years are used for development

2https://www.crossref.org/documentati
on/retrieve-metadata/rest-api/

3https://info.arxiv.org/help/api/basi
cs.html

“https://openalex.org/rest—api

Shttps://huggingface.co/datasets/laio
n/arXiv-abstract

and testing (2022). By preserving this ordering in
TaLk2REF, the test set consists of talks from more
recent years than the training set, providing a re-
alistic, temporally consistent evaluation scenario.
Consequently, there are 3971 query talks in train-
ing, 882 query talks in development, and 1426 talks
in the test split. Detailed dataset statistics are also
provided in Table 1.

In general, the number of references increases
after 2017, mirroring real-world publishing trends
in this field. Further statistics about coverage over
years can be found in Fig. 2 in Section 9. The ten
most cited papers can be fond in Fig. 3.

4. Analysis

We now use our dataset, TALK2REF, to benchmark
baseline models for reference prediction from scien-
tific talks. This analysis serves two purposes: first,
to assess the difficulty of the task, and second, to
evaluate whether models can be effectively trained
on the dataset, thereby establishing its value as a
resource for developing reference prediction sys-
tems.

4.1,
41.1.

Experimental Setting
Input Representations

& Query talk representations. On the query
talk side, we do not use raw audio directly in the
tested models, but rely on long-form transcripts of
the talks. Although the transcripts can be noisy
and lengthy, they enable us to leverage the rich
textual content of the talk, along with its title and
publication year, while keeping the input modality
consistent with the cited-paper side.

Transcribing first also offers practical benefits:
automatic speech recognition systems are mature
and widely available, and their intermediate outputs
are easier to inspect than learned audio embed-
dings. While emerging models such as SONAR
(Duquenne et al., 2023) could, in principle, support
direct speech—text retrieval using similar chunking
and pooling strategies, we leave this exploration to
future work.
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However, working with transcripts introduces an-
other challenge: common pretrained sentence en-
coders like BERT (Devlin et al., 2019), Sentence-
BERT (Reimers and Gurevych, 2019), or Specter
(Cohan et al., 2020) accept only a limited number of
tokens (512), much shorter than the average tran-
script length of 1,478 words. To obtain fixed-size
embeddings for these long transcripts, we compare
several strategies:

1. Truncation: keeping only the first 512 tokens;

2. Chunking with mean pooling: splitting the tran-
script into 512-token segments and averaging
their embeddings;

3. Chunking with max pooling: splitting the tran-
script into 512-token segments and taking the
element-wise maximum of the segment em-
beddings;

4. Chunking with learned weighted mean: split-
ting the transcript into 512-token segments.
A small feed-forward (linear) layer produces
a scalar for each segment. The scalars are
passed through a softmax layer to produce
weights. These weights determine how much
each segment contributes to the weighted
mean.

We experiment with different input configurations,
including using transcripts alone or appended to
the query talk title and publication year.

Cited paper representations. On the output
side, we rely on the title, abstract, and publication
year of the cited papers. We experiment with each
feature individually as well as their combinations.
No truncation or aggregation is needed, as these
inputs fall well within the encoder context length.

4.1.2. Training and Retrieval

We evaluate several models (detailed in Sec-
tion 4.1.3) in both zero-shot and trained settings on
our dataset. Our training strategy is detailed below.

Training. We employ a contrastive learning setup
inspired by dense passage retrieval (Karpukhin
et al., 2020, DPR). We do not initialize from pre-
trained DPR weights due to the mismatch in task
structure: DPR models are trained for open-domain
question answering. Instead we use pretrained sen-
tence embedding models as detailed below. Each
query talk 7" and cited paper R; is mapped to a
vector representation by separate encoders fr and
fr, producing embeddings fr(T) and fr(R;), re-
spectively. The similarity between a talk and a
candidate paper is computed as the dot product
si = fr(T) - fr(R:)-
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The model is optimized to assign higher similarity
scores to correct talk—reference pairs and lower
similarity scores to incorrect talk—reference pairs.

Unlike Karpukhin et al. (2020), where each query
has a single positive, talks often have multiple rel-
evant papers. We therefore replace the original
softmax-based objective with a sigmoid-based bi-
nary classification loss, allowing multiple correct
references per talk:

L=—> [yilogo(s;)+ (1 —yi)log(l—o(si)),

N
—

(2

where y; € {0, 1} indicates whether R; is a true
citation, and o(-) denotes the sigmoid function.

For efficient training, other talk—reference pairs
within the same batch are used as negative exam-
ples. Specifically, for a query talk at index ¢ in the
batch, all cited papers from different talks j # i are
treated as negatives, unless a cited paper is shared
across both query talks.

If fr and fr have different embedding dimen-
sions, a linear projection layer is added to align
them.

Domain adaptation stage. We also experiment
with a task-specific domain adaptation stage of the
pretrained encoders before the main training stage.
This domain adaptation stage follows a contrastive
objective similar to Karpukhin et al. (2020), however,
each query talk T is paired with its own abstract
instead of the cited papers’ abstracts. The resulting
one-to-one alignment enables the use of a stan-
dard softmax-based loss, encouraging the model to
learn meaningful representations before finetuning
on the main citation recommendation task.

The domain adaptation stage serves two pur-
poses. First, it adapts the encoders to the domain
of scientific talks, improving their ability to process
noisy, long-form transcripts. Second, it provides a
simpler learning objective, as mapping a talk to its
own query paper’s abstract is easier than retrieving
cited papers, whose abstracts may only partially
overlap with the talk.

Retrieval and inference. All candidate paper em-
beddings are precomputed and stored in a FAISS
index (Johnson et al., 2021) for efficient retrieval. To
ensure temporal consistency, we restrict retrieved
papers to those published prior to the query talk
paper, preventing the model from selecting “future”
papers. At inference, the query talk transcript is
embedded and compared against the candidate pa-
per embeddings to identify the top-k most relevant
references.



5% Query Input Key Input Precision :’g@ ng@ zRg_D 20@ 1M0AP@ glloAP@
N/A 10-most cited papers 10.33 1748 11.64 9.82 13.82 12.05 7.39
Transcript Abstract 8.89 12.14 9.65 7.79 13.18 6.63 4.49
Transcript Abstract + Title 9.32 12.82 10.02 8.16 13.74 712 4.77
Transcript Abstract + Title + Year 9.32 12.79 10.07 8.21 13.76 712 4.78
Transcript + Title Abstract + Title + Year 9.55 13.32 10.39 858 14.13 7.15 4.83
Transcript + Title + Year  Abstract + Title + Year 9.57 13.29 1042 8.59 14.21 7.33 494
Abstract Abstract + Title + Year 13.19 19.02 14.54 12.05 18.99 11.05 7.50
Abstract + Title Abstract + Title + Year 13.06 18.73 1440 11.97 18.83 10.95 7.45
Abstract + Title + Year Abstract + Title + Year 13.03 18.70 1429 11.86 18.82 10.88 7.39

Table 2: Results (in %) on the Talk2Ref dataset using zero-shot SBERT, truncating inputs to SBERT's
maximum sequence length. We experiment with different features for both query talks and candidate
papers (keys). Using abstracts on the key side is an unrealistic setting, as abstracts are not provided with
the talk; we include them to contextualize the difficulty of the task.

Baselines. Two baselines are considered, ad-
dressing different aspects of the task: (i) Task-
level baseline: predicting the top-k£ most frequently
cited papers across all talks, providing a simple
frequency-based reference for the overall difficulty
of the citation prediction task; and (ii) Model-level
baseline: using only the first « tokens of each tran-
script without any aggregation, serving as a lower
bound for our transcript-encoding strategies.

4.1.3. Models

To assess the effect of different pretrained encoders
on the task, we evaluate four models:

» BERT (Devlin et al., 2019): a general-purpose
language model not trained for retrieval tasks.
A sentence representation is obtained by aver-
aging over the embeddings of each token.

» Longformer (Beltagy et al., 2020): a general-
purpose language model capable of process-
ing sequences of up to 4,096 tokens, thereby
reducing the need for aggressive truncation.

+ SPECTER2 (Cohan et al., 2020): a model pre-
trained on scientific citation data and designed
to encode scientific papers, building on SciB-
ERT (Beltagy et al., 2019), a variant of BERT.

» Sentence-BERT (Reimers and Gurevych,
2019, SBERT): a model optimized for produc-
ing fixed-size sentence embeddings using a
siamese network architecture based on BERT.

All models have a maximum sequence length of
512 tokens, except Longformer, which can handle
up to 4,096 tokens. For BERT and Longformer,
sentence embeddings are obtained by averaging
token embeddings, following the approach recom-
mended by Beltagy et al. (2019). In the same
way, SBERT (Reimers and Gurevych, 2019) uses
mean pooling over tokens (Reimers and Gurevych,

2019), and SPECTER2 (Cohan et al., 2020) uses
the [CcLS] token as its sentence representation, as
done in the original papers.

Further details about the models, including num-
ber of parameters, are provided in Table 4 in Ap-
pendix B.

Training details. We train for up to 72 hours on a
single GPU H100, with early stopping with patience
of four epochs on validation performance. We use
a batch size of 24 for the models with sequence
length of 512, and a smaller batch size of 3 for
Longformer. Detailed hyperparameters are given
in Table 5 in Section 9.

4.1.4. Evaluation

Following prior work on citation recommendation
(Bhagavatula et al., 2018; Chokkalingam, 2024;
Gu et al., 2022b), we evaluate retrieval quality us-
ing Precision, Precision at cutoff k (P@¥k), Recall,
Recall at cutoff &k (R@k), and Mean Average Pre-
cision (MAP) at cutoff £ (MAP@k). These metrics
capture complementary aspects of retrieval quality.
P@k and MAP@¥ focus on the quality of the top-
ranked recommendations, and R@#% measures the
coverage of all relevant references.

We retrieve the top-k most similar papers for
each query talk and compute the metrics with re-
spect to the gold set of cited papers.

We report P@k and MAP@*% for k € {10,20},
R®@k for k € {10, 20,50} following conventions in
previous work (Bhagavatula et al., 2018) and well
aligned with the characteristics of our TALk2REF,
where each query talk cites approximately 26 pa-
pers on average.

4.2. Results

In the following, we report results on TaLk2REr
and analyze different aspects of the task, including

362



3 & (3 P@ P@ R@ R@ MAP@ MAP@

Strate ¥ ¥ Prec.

vy Encoder Max Aggregation 10 20 20 50 10 20
Seq. Len

Top-k most freq. - - - 10.33 1748 1163 9.82 13.81 12.04 7.39
BERT 512 Truncated 0.56 0.67 0.57 0.49 0.82 0.24 0.17
Longformer 4096 - 0.20 0.23 0.21 0.18 0.34 0.08 0.05

Zero-Shot Specter2 512 Truncated 8.31 11.78 910 7.37 12.43 6.15 4.09
SBERT 512 Truncated 9.57 13.29 10.42 859 14.21 7.33 4.94
SBERT 512 Mean 10.60 14.83 11.71 9.54 15.76 8.21 5.56
SBERT 512 Truncated 1294 1723 13.85 11.49 19.59 9.76 6.91
SBERT 512 Mean 1334 17.75 1428 1192 20.35 10.13 715

Finetuned SBERT 512 Learned mean 13.95 18.81 15.12 1259 21.00 10.86 7.69
& Longformer/
o 9 —
SBERT 4096 8.47 10.75 9.15 7.32 14.06 5.12 3.57
SBERT 512 Learned mean 14.18 19.14 1532 1271 21.60 10.98 7.72

Dom. Adapt. & Longformer/

Finetuned 2 -
+ SBERT 4096 890 11.25 9.57 7.28 14.16 5.43 3.78

Table 3: Results (in %) on the Talk2Ref dataset. Query inputs consist of transcript, title, and year,
while cited papers (keys) are represented by title, year, and abstract. We report different aggregation
mechanisms for handling long query transcripts apart from Longformer, where the transcript fits completely,
and show results for finetuning the best zero-shot model on Talk2Ref.

which input features to use, the impact of using
full talk transcripts versus only abstracts, and the
effects of different fine-tuning strategies.

Selecting input features. We begin by explor-
ing various input configurations in the zero-shot
setting to assess which features contribute most
to retrieval quality, using SBERT as the encoder.
The results are reported in Table 2. Starting with
transcripts for the query and abstracts for the candi-
date papers (keys), we incrementally add title and
year information on both sides. We find that includ-
ing these additional features consistently improves
performance, and adopt the final configuration for
subsequent experiments. However, this zero-shot
model is still surpassed by the simple but strong
baseline of always predicting the most frequently
cited papers in the dataset (first row). Results on
more input combinations and higher & for recall can
be found in Table 6 in Appendix C.

Contextualizing Task Difficulty: Spoken vs. Tex-
tual Content We evaluate an alternative setting
in which the long-form, noisy transcript is replaced
by the abstract of the talk’s corresponding paper
(Table 2). While this is an unrealistic scenario, since
talks often do not provide abstracts, it helps contex-
tualize the relative difficulty of retrieving references
from spoken versus textual content. We find that
using abstracts instead of transcripts significantly
improves performance, showing that state-of-the-
art zero-shot models struggle with transcripts as
input. This underscores the need for our newly
introduced TALk2REF dataset.

Evaluating different SOTA models. Next, we
explore which encoder model is most suitable for
our task and can be used for subsequent training,
avoiding the need to train all models for efficiency
reasons. These results can be found in the top lines
in Table 3. Unsurprisingly, a clear difference can
be observed between models specifically trained to
produce meaningful representations for scientific
documents, such as SPECTER2 and SBERT, and
general-purpose language models. Among the spe-
cialized models, SBERT outperforms SPECTER2
and is therefore chosen for the remaining exper-
iments. We also include Longformer due to its
ability to handle longer input sequences, eliminat-
ing the need for truncation or aggregation to fit the
transcript. While its out-of-the-box performance is
lower, we expect it to benefit from fine-tuning on
our retrieval task.

Results for higher recall k£ can be found in Table 7
in Section 9, these do not change the ranking of
the models.

Performance of finetuned models. We now
finetune SBERT and Longformer on TALk2REF.
Since talk transcripts exceed SBERT's input limits,
we apply chunking and aggregation strategies on
the query side as detailed in Section 4.1.1: trun-
cation, mean pooling, and a learnable weighted
mean. On the key side (paper abstracts, titles, and
years), no aggregation is required due to the shorter
lengths.

For Longformer, by contrast, the full transcript fits
within the model’s context window, so no chunking
or aggregation is needed on the query side. How-
ever, on the key side, we continue to use SBERT as
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the encoder, since it provides substantially stronger
representations for abstracts than Longformer as
discussed above.

Results for these trained models are shown in the
middle section of Table 3. Unsurprisingly, training
on TaLk2REF substantially improves performance
for both SBERT and Longformer, with SBERT now
outperforming the top-k most frequent baseline.
Among the different aggregation strategies, the
learned weighted mean performs best for SBERT,
surpassing truncation and simple mean pooling.

For Longformer, finetuning yields a substan-
tial improvement, though the model still performs
slightly worse than zero-shot SBERT, likely be-
cause SBERT has been explicitly trained for rep-
resentation learning, whereas Longformer has not.
We additionally experimented with splitting the input
and applying aggregation mechanisms for Long-
former as well; however, these configurations did
not lead to further gains. The corresponding results
are reported in Table 8 in Appendix C.

Effect of the domain adaptation stage. Finally,
we add a task-specific domain adaptation stage to
our models before finetuning, as described in Sec-
tion 4.1.2. This stage serves two purposes: it pro-
vides a simpler learning task and helps the model
adapt to the scientific domain. We include two
configurations in our evaluation: SBERT (learned
mean), the best-performing model after fine-tuning,
and Longformer/SBERT, which shows significant
gains from fine-tuning.

The bottom rows of Table 3 show that domain
adaptation further improves performance, with only
small gains for Longformer/SBERT but significant
improvements for SBERT (learned mean). In com-
parison to SBERT’s finetuned model with learned
mean (but without domain adaptation stage), it
gains improvements across all metrics. In fact, it
achieves the highest scores across all metrics ex-
cept MAP@10, where the frequency-based base-
line remains superior. These results indicate that
the adaptation stage enhances the model’s ability
to capture semantic relevance beyond surface-level
similarity.

4.3. Discussion

Challenges of TALk2REr. The TaALk2REF
dataset presents several challenges that make
reference prediction from talks a non-trivial task.
First, reference prediction from talks is significantly
harder than from papers or their abstracts, as
shown in Table 2. Second, transcripts are long
and often exceed the input window of standard
encoders, making the production of fixed-size
embeddings challenging. Aggregation strategies,
such as mean or weighted pooling over chunks,

help capture information from longer inputs, as
illustrated in Table 3, though they provide only an
approximate representation.

Our experiments demonstrate that finetuning on
TaLk2REF substantially improves retrieval perfor-
mance, showing that the dataset provides rich and
meaningful training signals. The results also high-
light the benefits of both aggregation strategies
and the domain adaptation stage, confirming that
TaLk2REF supports effective learning for the task
of reference prediction from scientific talks.

Comparison to prior work. Prior work on cita-
tion recommendation, such as Bhagavatula et al.
(2018), achieves competitive results using clean,
structured text (titles and abstracts) on both the
query and key sides. For example, their NNSelect
model reaches P@Q10 = 28.7, P@20 = 23.0, and
R@20 = 36.3 on the DBLP dataset (Tang et al.,
2008). In comparison, our best finetuned model on
TALK2zREF achieves PQ10 = 19.1, PQ20 = 15.3,
and R@Q20 = 12.7. While these numbers are lower,
they remain in a comparable range, highlighting
that our task, predicting references from long, noisy
spoken-language transcripts, is substantially more
challenging. Nonetheless, the results demonstrate
that our dual-encoder models can still produce rea-
sonable and meaningful predictions in this difficult
setting.

5. Conclusion

This work introduces the task of Reference Predic-
tion from Talks (RPT). RPT is practically relevant,
as researchers, lecturers, and students could ben-
efit from automated recommendations of related
works for scientific talks. At the same time, it is
highly challenging, requiring models to map long,
noisy, and unstructured spoken content to the cor-
responding relevant papers.

To support this task, we present TALk2REF, the
first large-scale benchmark for RPT. To our knowl-
edge, it is also the first dataset to incorporate the
spoken modality on the query side of a citation
prediction task.

Despite the challenges, our experiments show
that RPT is tractable. By training dual-encoder
architectures inspired by dense passage retrieval,
we demonstrate that models can effectively learn
semantic representations aligning scientific talks
with their cited references. Finetuning these archi-
tectures on TALK2REF significantly improves per-
formance over zero-shot and heuristic baselines,
confirming that dedicated training is essential for
this modality.

We will release the dataset and the trained mod-
els under an open license, providing the community
with ready-to-use tools for this task. We hope that
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TaLk2REF and the accompanying models will serve
as a foundation for further research at the intersec-
tion of speech, language, and scholarly retrieval.

Future work may explore audio-based represen-
tations of talks, multimodal fusion of speech and
text, and the development of encoders capable of
handling longer input sequences, improving the
ability to accurately predict relevant citations from
spoken scientific content.

6. Ethical Considerations

The TALk2REF dataset is constructed from publicly

available scientific talks and papers, and does not

include any private or sensitive information. As

such, we do not anticipate significant ethical risks

associated with its release. All content is already in

the public domain and intended for scholarly use.
Potential considerations include:

 Biases in scientific citations: Like all cita-
tion datasets, TALk2REF reflects the citation
practices of the underlying field, which may
underrepresent certain authors, institutions, or
geographic regions. Models trained on this
data may inadvertently perpetuate these bi-
ases.

* Misuse for evaluation: the dataset is in-
tended for research on reference prediction
and related tasks. Misuse for ranking or eval-
uating researchers or institutions should be
avoided.

Overall, we consider TALk2REF suitable for re-
search use, while encouraging users to remain
aware of the inherent limitations and potential bi-
ases of citation-based datasets.
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A. Dataset Statistics

The temporal coverage of references is concen-
trated in recent years: the majority of all cited works
were published between 2015 and 2022. A clear
growth trend is visible, with particularly sharp in-
creases in references from 2018 onwards, mirroring
the surge of research activity in natural language
processing, with newer publications dominating the
dataset as cited papers. This temporal skew en-
sures alignment with current research but naturally
reduces representation of older foundational works.
The distribution over years is shown in Fig. 2. The
ten most cited papers in Talk2Ref are shown in
Fig. 3.

B. Encoder Models

Detailed information to the encoder models used in
this work can be found in Table 4. Hyperparmaters
used to train these models are given in Table 5.

Transformer

M | N
ode Version

HF-ID Ref. # Params

sentence-transformers .
A / Reimers  22.7M
all-MiniLM-L6-v2

and
Gurevych
(2019)

Beltagy 148.8M
et al
(2020)

Cohan 110M
et al
(2020)
Devlin 110M
et al
(2019)

SBERT 4513

allenai/

longformer-base-4096 4513

Longformer

allenai/

Specter
P specter2_base

4.51.3

BERT bert-base-uncased 4513

Table 4: Encoder models used in our experiments.
All models use Transformers v4.51.3. For zero-shot
experiments, the same encoder is used for both
query and key encoding without any aggregation or
projection layers. During training, SBERT (Reimers
and Gurevych, 2019) or Longformer (Beltagy et al.,
2020) serve as query encoders, while the key en-
coder remains fixed to SBERT. A linear projection
layer adds approximately 0.3M parameters when
applied, and a learned weighted mean aggregation
layer adds about 0.04M (SBERT) or 0.15M (Long-
former) parameters on the query side.

C. Results and Discussion

This section provides an extended overview of the
experimental results and additional analyses that
complement the findings presented in the main

paper.

C.1.

To determine the most effective input configuration,
we evaluate all combinations of query and key in-
puts using SBERT (Reimers and Gurevych, 2019)

Input representations

Parameter

& Query Encoder SBERT Longformer
Key Encoder SBERT SBERT
Batch size 24 3
Max. Epochs 100 100
Freeze layers (Key side) 2 4
Freeze layers (Query side) 2 8
Gradient accumulation 3 3
Learning rate (base) 6e-6 6e-6
Learning rate (head) 2e-4 2e-4

Weight decay 0.01 0.01

Dropout rate 0.05 0.05
Adam epsilon 1e-8 1e-8
Avg. inference time (s / example) 0.0083 0.0286
Early Stopping in Epochs 4 4

Table 5: Training configurations for finetuning
SBERT (Reimers and Gurevych, 2019) and Long-
former(Beltagy et al., 2020) on the Talk2Ref
dataset.

as encoder (Table 6). On the key and query side,
the combination of abstract, title, and year yields
the best results across nearly all metrics and is
therefore fixed for the remaining experiments.

However, the non-realistic scenario of using text
abstracts instead of transcripts, remain markedly
stronger: Abstract+Title+Year outperforms Tran-
script+Title+Year by ~5.43 P@10 points (18.72
vs. 13.29) and ~5.44 R@100 points (25.43 vs.
19.99). This gap is consistent with transcripts being
long, noisy, and truncated to 512 tokens, whereas
abstracts are concise, well-structured summaries.
Since our goal is citation recommendation from the
talk, we treat abstract-based results as a strong
upper-bound baseline and focus modeling efforts
on transcript-based inputs because talks rarely pro-
vide abstracts or summaries.

C.2. Model Selection

Having fixed the input representation, we next com-
pare encoder architectures to identify the most
suitable model for subsequent training (Table 7).
Across all configurations, SBERT (Reimers and
Gurevych, 2019) consistently outperforms other en-
coders by a clear margin, achieving the highest
precision and recall values for both abstract and
transcript inputs (e.g., P@10 = 18.70 vs. 15.42
for SPECTER2(Cohan et al., 2020) and 13.29 for
transcript-based SBERT). SPECTER2 performs
second-best, followed by Longformer (Beltagy et al.,
2020) and BERT (Devlin et al., 2019), which strug-
gle under the truncated input. Based on these
results, we fix SBERT with the full input configu-
ration (transcript + title + year on the query side;
title + year + abstract on the key side) for all sub-
sequent training experiments to ensure efficiency
and consistency.
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Figure 2: Temporal distribution of cited works and abstracts in the dataset. The majority of references are
concentrated between 2015 and 2022, with a marked increase from 2018 onward, reflecting the surge of
research in natural language processing. This distribution ensures alignment with current research trends
but underrepresents older foundational work.
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BERT: Pre-training of deep bidirectional

transformers for language understanding 3044
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Roberta: A robustly optimized BERT
pretraining approach

Glove: Global vectors for word
representation

Bleu: a method for automatic evaluation
of machine translation

Exploring the limits of transfer
learning with a unified text-to-text
transformer

Transformers: State-of-the-art natural
language processing

Neural machine translation by jointly
learning to align and translate

BART: Denoising sequence-to-sequence
pretraining for natural language
generation, translation, and
comprehension

Long short-term memory
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Frequency

Figure 3: Top 10 most frequently cited papers in the dataset.

C.3. Finetuned Models tation stage, and with subsequent training on do-
main adapted checkpoints. We also include Long-

After identifying SBERT (Reimers and Gurevych, former (Beltagy et al., 2020) due to its capacity
2019) as the most effective encoder and fixing the ~ {OF longer sequences; although its out-of-the-box
input representation (Transcript + Title + Year on perform_ance is Iower,_we expect it to benefit from
the query side, Title + Year + Abstract on the key f|nejtun|r?g on our retrieval task. Results are sum-
side), we trained dual-encoder models under differ- ~ Marized in Table 8.

ent regimes: on training task, on the domain adap- When finetuning, SBERT-based models consis-
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Q Query Input Key Input Prec. 1Po@ zg@ 20@ ?g@ ?g?’ 2(% I1VI0AP@ gloAP@
N/A most cited papers 10.33 17.48 11.64 9.82 13.82 17.25 21.83 12.05 7.39

Transcript Abstract 8.89 12.14 9.65 7.79 13.18 18.87 2549 6.63 4.49
Transcript Title 8.32 11.40 8.94 7.33 1230 17.41 23.70 6.10 4.10
Transcript Title + Abstract 9.32 12.82 10.02 8.16 13.74 19.56 26.08 712 4.77
Transcript Abstract + Year 8.87 12.12 9.59 7.74 13.12 18.77 25.36 6.68 4.50
Transcript Title + Year 7.61 10.60 822 6.78 11.22 1595 21.72 5.46 3.60
Transcript Title + Year + Abstract ~ 9.32 12.79 10.07 821 13.76 19.46 26.10 712 4.78
Transcript + Title Title + Year + Abstract ~ 9.55 13.32 10.39 858 14.13 19.87 26.65 7.15 4.83
Transcript + Year Title + Year + Abstract ~ 9.45 13.07 10.27 8.42 14.04 19.81 26.60 7.25 4.86
Transcript + Title + Year Title + Year + Abstract  9.57 13.29 1042 859 1421 19.99 26.72 7.33 4.94
Title Title + Year + Abstract ~ 9.95 13.56 10.69 9.09 1460 19.92 26.56 7.52 5.21

Title + Year Title + Year + Abstract ~ 9.68 12.92 8.81 10.28 14.22 19.50 25.99 7.19 5.02
Abstract Title + Year + Abstract 13.19 19.02 14.54 12.05 18.99 25.75 33.06 11.05 7.50
Abstract + Title Title + Year + Abstract 13.06 18.73 1440 1196 18.83 2561 3280 10.95 7.45
Abstract + Title + Year Title + Year + Abstract 13.03 18.70 1430 11.86 18.82 2543 32.67 10.88 7.39

Table 6: Results on the Talk2Ref dataset using zero-shot SBERT, truncating inputs to SBERT’s maximum
sequence length. We experiment with different features for both query talks and candidate papers (keys).
Using abstracts on the key side is an unrealistic setting, as abstracts are not provided with the talk; we
include them to contextualize the difficulty of the task.

S
Strategy Q Max. Q _ Prec. P@ P@ R@ R@ R@ R@ MAP@ MAP@
Encoder Aggregation 10 20 20 50 100 200 10 20
Seq. Len
Top-k most freq. — - - 10.33 1748 11.64 _9.82 13.82 1725 21.83 12.05 7.39
SBERT 512 Truncated 9.57 13.29 1042 859 14.21 19.99 26.72 7.33 4.94
Zero-Shot Specter2 512 Truncated 8.31 11.78 9.10 7.37 1243 17.39 23.81 6.15 4.09
Longformer 4096 - 0.177 021 020 0.16 031 049 097 0.10 0.06
BERT 512 Truncated 056 067 057 049 082 143 232 0.24 0.17

Table 7: Results on the Talk2Ref dataset for zero-shot retrieval. Query inputs consist of transcript, title,
and year, while cited papers (keys) are represented by title, year, and abstract.

tently outperform all baselines. Among aggregation
strategies, the learned weighted mean yields the
strongest results (P@20 = 15.12, R@200 = 38.21),
clearly surpassing both simple mean pooling and
truncation. This indicates that weighting informa-
tive segments within long transcripts allows the
model to better capture semantic relations between
talks and their cited papers. Compared to the most-
cited baseline (R@Q200 = 21.82), recall improves
by more than 70%, while precision gains remain
moderate—suggesting that the model retrieves se-
mantically related papers even when not all are
explicitly cited.

Finetuning on the continual pretrained SBERT
(Reimers and Gurevych, 2019) checkpoint further
improves results, with the learned weighted mean
configuration achieving the overall best perfor-
mance (P@Q20 = 15.31, R@200 = 39.04). This
confirms that the domain adaptation stage facili-
tates better representation learning for long-form
transcripts and that finetuning adapts these repre-
sentations effectively to the citation retrieval task.

Models using the Longformer (Beltagy et al.,
2020) encoder perform notably worse, limited by
GPU memory constraints and small batch sizes
(3 vs. 24 for SBERT). Mean aggregation slightly
outperforms the learned weighted mean, implying
that the model struggles to learn attention weights

effectively across extended contexts. Although re-
call at larger cutoffs (e.g., R@200 ~ 29.82) exceeds
the frequency baseline, Precision and MAP values
remain significantly lower. These results suggest
that, despite its architectural suitability for long se-
quences, Longformer (Beltagy et al., 2020) requires
larger datasets and more compute to fully leverage
its capacity.
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& ¢B ¢

P@ P@ R@ R@ R@ R@ MAP@ MAP@

Strategy Query Key Max Prec.
i 10 20 20 50 100 200 10 20
Enc. Enc. Seq. Aggregation
10-most
Top-k most freq. - - - " 10.33 1748 1164 9.82 1382 17.25 21.83 12.05 7.39
cited papers
Zero-shot SBERT SBERT 512 Truncated 9.57 13.29 1042 859 1421 1999 26.72 7.33 4.94
Zero-shot Longformer Longformer 4096 — 020 0.23 o0.21 0.18 034 059 0.109 0.08 0.05
SBERT SBERT 512 Truncated 1294 1723 1385 1149 1959 2734 3588 9.76 6.91
Finetuned SBERT SBERT 512 Learned mean 13.95 18.81 15.12 1259 20.97 29.18 38.21 10.86 7.69
SBERT SBERT 512 Mean 1334 17.75 1428 1192 20.35 28.01 36.65 10.13 7.15
Longformer  SBERT 1024  Truncated 889 1119 953 767 1456 2206 31.65 5.35 3.73
Longformer SBERT 2048  Truncated 8.95 11.20 9.68 7.74 1458 2221 31.72 5.32 3.72
Finetuned Longformer SBERT 4096 - 8.47 10.75 9.15 7.32 14.06 21.41 30.68 5.12 3.57
Longformer SBERT 512 Mean 8.35 10.37 8.90 716 13.70 21.04 29.82 4.57 3.27
Longformer SBERT 1024  Mean 8.14 10.18 8.79 7.00 13.34 20.44 29.32 4.61 3.27
Longformer  SBERT 512 Learnedmean 7.70 959 819 6.57 1278 19.89 28.86 4.45 3.08
Domain Adant SBERT SBERT 512 Truncated 11.36 16.06 12.36 10.37 16.52 2241 29.30 9.04 6.18
pL. SBERT SBERT 512 Learned mean 8.79 1234 9.67 790 12.76 17.93 24.03 6.65 4.49
Domain Adapt. + Finetuned SBERT SBERT 512 Learned mean 14.18 19.14 15.32 12,71 21.60 29.92 39.04 10.98 7.72

Table 8: Results on the Talk2Ref dataset. Query inputs consist of transcript, title, and year, while cited
papers (keys) are represented by title, year, and abstract. We report different aggregation mechanisms
for handling long query transcripts and show results for finetuning the best zero-shot model on Talk2Ref.
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