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Abstract

Citation practices are crucial in shaping the
structure of scientific knowledge, yet they are
often influenced by contemporary norms and
biases. The emergence of Large Language
Models (LLMs) introduces a new dynamic to
these practices. Interestingly, the characteris-
tics and potential biases of references recom-
mended by LLMs that entirely rely on their
parametric knowledge, and not on search or
retrieval-augmented generation, remain unex-
plored. Here, we analyze these characteristics
in an experiment using a dataset from AAAI,
NeurIPS, ICML, and ICLR, published after
GPT-4’s knowledge cut-off date. In our ex-
periment, LLMs are tasked with suggesting
scholarly references for the anonymized in-text
citations within these papers. Our findings re-
veal a remarkable similarity between human
and LLM citation patterns, but with a more
pronounced high citation bias, which persists
even after controlling for publication year, ti-
tle length, number of authors, and venue. The
results hold for both GPT-4, and the more ca-
pable models GPT-40 and Claude 3.5 where
the papers are part of the training data. Ad-
ditionally, we observe a large consistency be-
tween the characteristics of LLM’s existing and
non-existent generated references, indicating
the model’s internalization of citation patterns.
By analyzing citation graphs, we show that the
references recommended are embedded in the
relevant citation context, suggesting an even
deeper conceptual internalization of the cita-
tion networks. While LLMs can aid in citation
generation, they may also amplify existing bi-
ases, such as the Matthew effect, and introduce
new ones, potentially skewing scientific knowl-
edge dissemination.

1 Introduction

Large Language Models (LLMs) have revolution-
ized natural language understanding and genera-
tion, driving scientific research forward by assist-
ing in all steps of the scientific process, ranging

from identifying research gaps to accelerating com-
plex data analysis (Boiko et al., 2023; Merchant
et al., 2023; Romera-Paredes et al., 2024; Zheng
et al., 2023).! One particularly interesting applica-
tion is the generation of suggestions for appropriate
scholarly references (Qureshi et al., 2023; Walters
and Wilder, 2023). Yet, without the aid of web
browsing or retrieval-augmented generation, these
models rely entirely on their parametric knowledge
encapsulated during their (pre-)training (Brown
et al., 2020; Bubeck et al., 2023; Kaddour et al.,
2023; Wei et al., 2022a). Our research focuses on
this intrinsic citation behavior of GPT-4, exploring
how the model recommends references based on its
training data, and highlighting the potential biases
that arise from this internalized knowledge (Acerbi
and Stubbersfield, 2023; Manerba et al., 2023).
Biases in citation practices have long been a sub-
ject of scrutiny in the scientific community (Fortu-
nato et al., 2018; Smith, 2012). Besides normative
theory (Kaplan, 1965; Garfield, 1965), citations are
well-known to be used for different motives, such
as for instance rhetorical persuasion (Nigel Gilbert,
1977). On the other hand, the choice of citing
work is also influenced by biases in the charac-
teristics of the referenced work itself. In a sem-
inal paper, Price (Price, 1976) demonstrated the
“success breeds success” dynamic (cumulative ad-
vantage or preferential attachment). This dynamic
underpins the “Matthew effect”, in which highly
cited papers accumulate even more citations (Wang,
2014). Beyond preferential attachment, other com-
mon biases include a preference for recent pub-
lications (Bornmann and Daniel, 2008), shorter
titles (Letchford et al., 2015), high-profile publica-
tion venues (Lawrence, 2003). By examining how
these biases manifest in LLM-generated references,
we aim to uncover underlying patterns that could

'Data and code are available at https://zenodo.
org/records/11299894 and https://github.com/
AndresAlgaba/LLM_citation_patterns
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Convolutional Neural Networks (CNNs) have dominated in
Computer Vision (CV) field as the backbone for various tasks
like classification [1,2,3,4,5,6,7], object detection [8,9,10] and
segmentation [11,12,13]. These years have witnessed the
rapid growth of another promising alternative architecture
paradigm, Vision Transformers (ViTs). They have already
exhibited great performance in common tasks, such as
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Figure 1: Overview of our experiment evaluating the characteristics and biases of LLM generated references,
when tasked to suggest references for anonymized in-text citations. We collect 166 papers from the cs.LG
category on arXiv which are published in the main tracks of AAAI, NeurIPS, ICML, and ICLR, and only appeared
available online after GPT-4’s knowledge cut-off date. We split the main content, which includes the author
information, conference information, abstract, and introduction, from the ground truth references. GPT-4, GPT-40
and Claude 3.5 are prompted to generate suggestions of scholarly references for the anonymized in-text citations
in the main content. We verify the existence of the generated references via Semantic Scholar and compare the
characteristics, such as title length, publication year, venue, and number of authors, of the existing and non-existent
generated references with the ground truth. For the existing generated references, we also compare additional
characteristics, such as the number of citations and references, and analyze the properties of their citation networks.

amplify existing biases or introduce new ones, po-
tentially reinforcing feedback loops.

In our experiment, we let GPT-4, GPT-40
and Claude 3.5 suggest scholarly references for
anonymized in-text citations within a paper and
compare the characteristics and citation networks
of the LLM generated references against the ground
truth. We provide a comprehensive analysis of 166
papers which are published in the main tracks of
AAALI NeurIPS, ICML, and ICLR, encompassing
3,066 references in total. All the papers are only
first available online on arXiv after GPT-4-0613’s
knowledge cut-off date and belong to the cs.LG
category. While this experimental setup may not
fully reflect real-world usage of LLMs for citation
generation, which often involves more interactivity
and reliance on external data sources, it provides
a controlled laboratory setting to assess the para-
metric knowledge and inherent biases of LLMs.
Furthermore, our focused sample of papers ensures
a homogeneous dataset, which allows us to min-
imize confounding factors that could arise from
cross-disciplinary differences in citation practices.

Our setting differs from previous work which
either let LLMs generate short papers or literature
reviews, or is prompted for the most important pa-
pers on a certain topic (Walters and Wilder, 2023).
We argue that these methods are more suscepti-
ble to the LLM’s memorization capabilities (Chen
et al., 2024; Kadavath et al., 2022). Moreover, the

evaluation of the suggested references mostly fo-
cuses on their existence, bibliometric accuracy, or
qualitative judgement by domain experts (Qureshi
et al., 2023). Finally, another strand of the lit-
erature focuses on improving LLMs via search
and retrieval-augmented generation (Lewis et al.,
2020) or to reduce their hallucination rate via self-
consistency (Agrawal et al., 2024) to enhance their
capabilities in systematic literature reviews (Susn-
jak et al., 2024).

In our experiment, we find that GPT-4 exhibits
strong preferences for highly cited papers, which
persists even after controlling for multiple con-
founding factors such as publication year, title
length, venue, and number of authors. Additionally,
we observe a large consistency between GPT-4’s
existing and non-existent generated references, in-
dicating the model’s internalization of citation pat-
terns. The same results hold for the more capable
models GPT-40 and Claude 3.5 where the papers
are part of the training data. By analyzing citation
graphs, we show that the references recommended
by GPT-4 are embedded in the relevant citation
context, suggesting an even deeper conceptual in-
ternalization of the citation networks. While LLMs
can aid in citation generation, our results under-
score the need for identifying the model’s biases
and for developing balanced methods to interact
with LLMs in general (Navigli et al., 2023).
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2 Generating Citations with LLMs

Our data consists of 166 papers published at AAAI
(25), NeurIPS (72), ICML (38), and ICLR (31) for
a total of 3,066 references. Our data collection
process is depicted in Figure 1 (see Appendix A for
more details) and begins by retrieving all the rele-
vant papers from arXiv, focusing on those within
the machine learning category (cs.LG) and posted
between March 2022 and October 2023 (after GPT-
4-0613’s knowledge cut-off date). The papers are
verified on Semantic Scholar where we store addi-
tional metadata, such as all the reference titles with
corresponding Semantic Scholar IDs to construct
the citation networks (see Appendix Table C3 for a
full list of all the included papers).

We split the main content, which includes the au-
thor information, conference information, abstract,
and introduction, from the ground truth references.
Next, we prompt GPT-4, GPT-40 and Claude 3.5 to
generate scholarly reference suggestions (see Ap-
pendix A for the prompts). We then post-process
the responses to extract the title, venue, publication
year, author names, and number of authors for each
generated reference (see Appendix A for more de-
tails). To assess the robustness of this approach, we
repeat this “vanilla” approach three (GPT-40 and
Claude 3.5) to five (GPT-4) times.

A well-known issue in text generation by LLMs
are hallucinations or confabulations, which refer to
generated content that is nonsensical or untruthful
in relation to certain sources, i.e., factual mistakes
about historical events (Zhang et al., 2023). This
is particularly problematic for the generation of
scholarly references, as LLMs can fabricate ref-
erences that do not exist or introduce subtle er-
rors, making it impossible to retrieve the actual
references (Walters and Wilder, 2023). There are
two main approaches to verify the existence of
LLM-generated references: one involves asking
additional questions to the LLM to verify its self-
consistency (Agrawal et al., 2024), and the second
approach utilizes external databases to verify a ref-
erence’s existence (Fabiano et al., 2024). In our
experiment, we opt for the latter and determine
via title and author names matching with Semantic
Scholar entries whether the generated references
exist (see Appendix A for more details). Finally,
we also build on our “vanilla” approach, by intro-
ducing an “iterative” approach where we continue
to prompt GPT-4 after having indicated which gen-
erated references do not exist and ask to replace

those with existing ones (see Appendix A for more
details). The previously existing generated and the
newly generated references are then merged.

In Table 1, we report the GPT-4 summary statis-
tics for each of the five vanilla (iterative) runs. On
average, 65% (86%) of the generated references
match with an entry in Semantic Scholar, while
13% (14%) and 17% (20%) of them appear in the
introduction or paper itself, respectively. We fur-
ther show that about 7% (7%) of the generated and
ground truth references match pairwise and 13%
(14%) if we only consider the uniquely identifiable
references (i.e., omitting references included in [4—
8] as there is no one-to-one correspondence) which
indicates that GPT-4 has not memorized the refer-
ences. In Appendix Table C1, we show that the
average overlap between generated sets is 17%.

3 Reflecting Human Citation Patterns

Figure 2 displays the characteristics of the ground
truth and GPT-4 generated references, and sepa-
rately the characteristics of the generated refer-
ences which match with a Semantic Scholar en-
try, and those which do not exist according to this
database. Overall, we observe a remarkable similar-
ity between human and LLM citation patterns and
a large consistency between GPT-4’s existing and
non-existent generated references, indicating the
model’s internalization of citation patterns. All me-
dian differences between ground truth and (existing
and non-existent) generated references shown are
significant at the 1% level according to the pairwise
two-sided Wilcoxon signed-rank test. In Appendix
Figure B1, we also show that the newly generated
papers from the “iterative” approach show nearly
identical distributions.

The distributions of the title lengths show that
existing generated reference titles tend to be the
shortest, while non-existent generated reference ti-
tles are more similar in length to the ground truth,
which indicates a learned pattern. Overall, the
first effect dominates, so the average is skewed to
shorter titles for generated references (Figure 2b).
The temporal analysis reveals a similar pattern
where non-existent generated references follow a
distribution that is more similar to the ground truth
than the existent ones (Figure 2c¢).

The distribution of the number of authors high-
lights a notable difference, with ground truth refer-
ences typically involving three authors versus two
for generated references, though the frequent use
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Vanilla (Iterative) Runl Run2 Run3 Run4 Runb5

Existing generations in Semantic Scholar database (%)  64.3 63.3 62.8 64.2 67.6
(87.0) (85.5) (88.0) (86.8) (86.3)

Existing generations cited in the original paper (%) 17.5 17.1 15.7 16.8 18.0
(20.0) (20.1) (18.4) (19.2) (20.8)

Existing generations cited in the original intro (%) 13.4 13.2 12.2 12.9 13.9
(14.5) (15.0) (13.5) (14.3) (15.3)

Existing generations with a pairwise match (%) 7.0 7.2 6.3 6.9 6.7
(for all references) 7.1 (@3) (®©6) (7.0 (7.1

Existing generations with a pairwise match (%) 12.5 13.7 12.5 13.7 13.3
(for uniquely identifiable references) (12.5) @14.1) (129 (13.7) (14.0)

Table 1: Summary statistics of GPT-4 generated references (in % with respect to total number of references).

of “et al.” in the generated references complicates
exact author counts (Figure 2d). To further exam-
ine the potential impact of the “et al.” problem,
we only consider the existing generated references
and their ground truth counterpart in Appendix Fig-
ure B2. There, we compare the characteristics of
the references between two data sources, namely
the original source (the paper or GPT generation)
and the available information on Semantic Scholar.
The similarity between the distributions of all char-
acteristics shows that the data source has no impact
and “et al.” does not cause this observation.

The publication venue distributions show that
for most venues the ground truth has the highest
relative representation, followed closely by exist-
ing generated references, with non-existent gener-
ated references displaying the largest proportion of
“Others” (Figure 2e). In Appendix Figure B3, we
observe that the distributions of publication venues
for both ground truth and generated references are
very similar across the various conferences, i.e.,
AAALI, NeurIPS, ICML, and ICLR. The pairwise
transition matrix from ground truth to generated
publication venues at the reference level indicates
a large overall agreement, but with a strong pref-
erence in GPT-4 generated references for arXiv,
NeurlIPS, and “Others” in the case of disagreement.
The preference for NeurIPS may be due to the rela-
tively large number of NeurIPS papers in our sam-
ple and the large share of arXiv and “Others” points
to favoring a wider array of venues which may po-
tentially dilute the perceived relevance of key con-
ferences. Finally, the scatter plot affirms the strong
pairwise correlation between the ground truth and
generated references to the top conferences at the

individual paper level.

Most prominently, we observe a significant cita-
tion bias in the existing generated references, which
have a median citation count of 1, 326 higher than
ground truth references (Figure 2f). The skew-
ing of citation distributions caused by preferential
attachment is very pronounced for the generated
references. In Appendix Figure B6, we compare
the characteristics for the corresponding ground
truth references of existing and non-existent refer-
ences, and for the existing references which also
appear in the paper itself. We observe that the
ground truth papers which correspond to existing
references that appear in the paper itself have by
far the most citations, followed by the existing ref-
erences, and the ground truth papers corresponding
to non-existent references have the lowest numbers
of citations. These findings further indicate the ten-
dency for GPT-4 to more easily generate references
to highly cited papers. Finally, the distribution of
references indicates that ground truth references
cite slightly more papers than existing generated
references (Figure 2g).

In Appendix Figures B4 and B5 and Table C2,
we find similar results for three GPT-40 and Claude
3.5 runs, but with a higher existence rate which may
be due to the models’ capabilities or the papers
being part of the training data.

4 Heightened Citation Bias

Figure 3 demonstrates that the citation bias ob-
served in GPT-4 generated references is not merely
a consequence of the recency of ground truth ref-
erences. Specifically, the existing generated refer-
ences show consistently higher citation counts com-
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Figure 2: Properties of the ground truth and GPT-4 generated introduction references for the vanilla strategy.
This figure displays the properties of the ground truth (n = 14,554, in blue) and GPT-4 generated references
(n = 14, 554, in green), further subdividing the generated references into existing (n = 9, 376, in orange) and
non-existent (n = 5,178, in red), from the original data sources of five runs for the vanilla strategy with GPT-4.
a, The average percentage of existing generated references in total (64.4%) and for each publication venue under
the vanilla and iterative strategy, with dots representing the percentage for each of the five runs with GPT-4. b,
The distribution of the number of characters in the title shows some differences between the ground truth (median
62) and generated (median 58) references with the non-existent being slightly longer and with a larger variance
compared to the existing generations. ¢, The distribution over time reveals that ground truth references are relatively
more recent than generated references, with most references post-2010. The temporal distribution of the non-existent
generated references aligns more with the ground truth than the existing generated references. d, The distribution of
the number of authors demonstrates a disparity between the ground truth and generated references, having median
values of three and two, respectively. However, GPT-4 more often generates “et al.” which does not allow for an
exact computation, especially for the non-existent references. e, The distribution of publication venues shows that
for most venues the ground truth has the highest relative representation, followed closely by existing references.
The non-existent references deviate more from the ground truth as the proportion of “Others” is substantially larger.
f, The distributions of citations for ground truth and existing generated references reveal a substantial citation bias
in the generated references with a difference in median citations of 1, 326. g, Finally, the distribution of references
shows that ground truth references cite slightly more papers than the existing generated references with a median
difference in median references of 6.
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Figure 3: The citation bias in existing GPT-4 generated references is not due to the recency of ground truth
references. This figure shows that the existing GPT-4 generated references (n = 9, 376, in orange) consistently
exhibit a higher citation count compared to their corresponding ground truth (n = 9, 376, in blue) across subperiods.
a, The citation counts across time for the ground truth and existing generated references reveal that the most recent
references have a relatively low number of citations. The difference in median citations between the existing
generated references and their corresponding ground truth references is 1,257. Since the ground truth references are
relatively more recent compared to the existing generated references, we examine whether the observed citation
bias is related to the recency of ground truth references. b, The distributions of citations by subperiod reveal that
the existing generated references consistently exhibit a higher citation count than their corresponding ground truth
counterparts. ¢, The difference in median citations is most pronounced in the early and late subperiods, i.e., < 1988,

2010-2016, and 2017-2023.

pared to their ground truth counterparts across var-
ious subperiods. Figure 3a illustrates that ground
truth references, particularly the most recent ones,
tend to have lower citation counts. Despite the
ground truth references being more recent on av-
erage, the citation counts of existing generated
references remain significantly higher. Figure 3b
further breaks down the citation distributions by
subperiods, reaffirming that generated references
consistently have higher citation counts than their

corresponding ground truth references. Figure 3¢
highlights that this citation discrepancy is most
pronounced in both the earliest (<1988) and the
most recent (2010-2016 and 2017-2023) subperi-
ods, indicating that the citation bias persists across
different time frames.

In Appendix Figure B7, we find that the height-
ened citation bias in generated references remains
also after controlling for other possible confound-
ing factors, such as title length, number of au-
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thors, and publication venue. In Appendix Fig-
ure B8 and Appendix Figure B9, we confirm that
our findings are robust for the influential cita-
tion count which can be retrieved from Semantic
Scholar (Valenzuela-Escarcega et al., 2015). This
consistency across multiple factors underscores the
inherent bias of LLMs towards generating refer-
ences to highly cited papers, irrespective of other
characteristics of the references.

5 LLMs and Human Citation Networks

Figure 4 displays the properties of the ground truth
and GPT-4 generated citation networks. One of the
primary purposes of this analysis is to provide an
initial intuition about how plausible the generated
references are and how easily they can be identi-
fied. Interestingly, the local citation networks of
the generated references are strikingly similar to
those of human-generated citations, indicating that
they are not merely random selections of highly
cited papers. While some systematic differences
remain, the observed alignment suggests that GPT-
4 has internalized key aspects of human citation
behavior on the level of citation networks. In Fig-
ure 4a, we identify the focal paper (in blue), gen-
erated references that appear in the introduction
(in green) or later in the paper (in yellow), gener-
ated references that are linked to ground truth or
other generated references (in orange), generated
references that are completely isolated (in purple),
and ground truth references that are not cited by
GPT-4 (in gray). The majority of generated refer-
ences (> 50%) is non-isolated, i.e., linked to the
ground truth or generated references but not present
in the focal paper itself, followed by a substantial
amount of generated references appearing in the
introduction and only a small fraction that do not
appear in the introduction but still within the fo-
cal paper (Figure 4b). The remainder of generated
references is completely isolated from the citation
network. If GPT-4 did not pick up on human cita-
tion patterns, the generated citation network would
resemble a random network containing only iso-
lated citations. The heightened citation bias is also
most pronounced for references that appear within
the introduction or paper, with isolated generated
references having the lowest number of citations
(Figure 4c¢). This finding further indicates the ten-
dency for GPT-4 to more easily identify and gener-
ate references to highly cited papers. The number
of references is similar across all categories, except

for the isolated generated references which have
substantially less references (Figure 4f).

The normalized average clustering coefficients
(Watts and Strogatz, 1998) of the ground truth
(green and grey nodes) and the existing gener-
ated references (green, yellow, orange, and purple
nodes) indicate that GPT-4’s internalization of cita-
tion patterns extends to citation network properties
(Figure 4d). This internalization is also reflected
by the tight connection between the non-isolated
generated and ground truth references. The con-
nection appears on an individual level as measured
by the Boolean edge density, as well as on the
aggregate level as measured by the edge expan-
sion. For instance, in the central graph shown
in Figure 4a, a Boolean edge density of % sug-
gests one non-isolated generated reference links
only within its group, while an edge expansion of
2% indicates strong connections between the other
two non-isolated generated references and the ac-
tual ground truth references. So, we can exclude
the possibility of GPT-4 generating suggestions
of scholarly references that are connected to each
other but move further and further away from ac-
tual content of the introduction. Regardless, three
of the four categories (green, yellow and orange)
are well embedded in the given citation context. It
reflects how tight the connection between the non-
isolated generations to the ground truth references
is and the deeper conceptual internalization of the
citation networks.

6 Discussion

We present an experiment to explore the intrinsic ci-
tation behavior of LLMs and their potential biases
when generating scholarly references. Whereas,
previous work focuses on LLMs generating short
papers or literature reviews (Qureshi et al., 2023;
Walters and Wilder, 2023), we let GPT-4, GPT-40
and Claude 3.5 generate suggestions of scholarly
references for anonymized in-text citations. Impor-
tantly, we do not enhance the LLM through search
and retrieval-augmented generation, but evaluate
the model’s internalization of citation patterns in
its parametric knowledge obtained during training.
While, our experimental setup may not fully reflect
real-world usage of LLMs for citation generation,
which often involves more interactivity and reliance
on external data sources, it provides a controlled
laboratory setting to assess the parametric knowl-
edge and inherent biases of LLMs.
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Figure 4: The GPT-4 generated references display similar citation network properties as the ground truth
references but with a heightened citation bias. This figure displays how the existing GPT-4 generated references
(n = 2945, first run of vanilla strategy) are embedded in the citation network of the focal papers (m = 166 in
total). a, We depict the connections between the focal paper, the ground truth references, and the existing generated
references by showing the underlying citation graphs. An arrow from A to B indicates that A cites B. We identify
the focal paper (in blue), generated references that appear in the introduction (in green) or in the paper (in yellow),
generated references that are linked to ground truth or other generated references (in orange), generated references
that are completely isolated (in purple), and ground truth references that are not cited by GPT-4 (in gray). b, The
majority of generated references does not appear in the introduction or paper itself, but is somehow connected to the
ground truth references as only a small fraction of generated references is completely isolated. ¢, The heightened
citation bias is most emphasized for generated references that appear in the introduction or the paper, with isolated
generated references having the lowest number of citations. d, The normalized average clustering coefficients (Watts
and Strogatz, 1998) of the ground truth (green and grey nodes) and the existing generated references (green, yellow,
orange, and purple nodes) indicate that GPT-4’s internalization of citation patterns extends to citation network
properties. The clustering coefficient for a node A is given by #poﬁgglaenﬁliz;;}]‘;:‘:ﬁlﬁgh +. The average is computed
across the coefficients of all nodes in the respective graph (excl. nodes with coefficient zero) and indicates the
tendency of the respective references to appear in clusters. e, The non-isolated generated references are tightly
connected to the ground truth references, both on an individual level (Boolean edge density) as well as an aggregate
level (edge expansion). The Boolean edge density is the fraction of non-isolated generations (orange nodes) that
are connected to at least one ground truth reference (green and grey nodes) per focal paper. The edge expansion
between those two sets is defined as the number of edges between the two sets divided by the smallest set size. f,
The number of references is similar across all categories, except for the isolated generated references which have
substantially less references.
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Our findings are significant as they represent a
first step towards understanding the real-world im-
pact of LLMs in scientific research (Boiko et al.,
2023; Lu et al., 2024; Zheng et al., 2023). By high-
lighting the heightened citation bias in LLM gen-
erated references, we demonstrate the models’ ten-
dency to favor highly cited papers, which could ex-
acerbate existing biases in scientific discourse. This
evaluation moves beyond more traditional LLM
benchmarks (Srivastava et al., 2022), emphasizing
the practical implications of deploying these mod-
els in academic contexts (Jimenez et al., 2024). The
results suggest that while LLMs have the potential
to streamline various aspects of research, careful
consideration is needed to mitigate the amplifica-
tion of biases, such as the “Matthew effect.” If left
unaddressed, these biases could reinforce citation
inequalities, potentially disadvantaging emerging
research and underrepresented scientific communi-
ties.

One plausible hypothesis for the heightened ci-
tation bias observed in LLMs is the increased fre-
quency of citations to heavily cited papers within
the model’s training data. This prevalence makes
these references more likely to be generated ac-
curately and recognized as existent. Additionally,
such biases may stem from generic training effects,
where models preferentially learn patterns that are
more common in the data, leading to biases towards
shorter titles, more heavily cited, and slightly less
recent works (Kandpal et al., 2023). These ten-
dencies may persist despite improvements in data
quantity or model sophistication as indicated by
our experiments with GPT-40 and Claude 3.5. Fu-
ture research could explore targeted debiasing tech-
niques that explicitly encourage LLMs to generate
a more balanced set of citations. Potential strate-
gies include fair prompting methods that guide the
model towards suggesting a diverse range of ref-
erences (Ma et al., 2023), penalty-based training
objectives that discourage over-reliance on highly
cited works, and dynamic citation augmentation us-
ing controlled retrieval mechanisms that prioritize
underrepresented but relevant research.

We develop and open-source an extensible, auto-
mated pipeline to systematically analyze the refer-
ences generated by LLMs. Although our methodol-
ogy is robust, it is not without limitations. The use
of simple prompts and the zero-shot setting (Ko-
jima et al., 2022) aims to minimize bias in the
generation process, but this simplicity might not
capture the full spectrum of potential LLM capabil-

ities. There are numerous alternative approaches
and prompt designs that future research can explore
to enhance the accuracy and relevance of generated
references (Wang et al., 2022; Wei et al., 2022b;
Yao et al., 2024). However, our iterative approach
indicates that biases remain inherent in these gen-
erations. Additionally, future research can also ex-
tend the experiment beyond our specific sample of
papers and observe the impact of cross-disciplinary
differences in citation practices.

Beyond the immediate implications for LLM-
generated citations, our findings raise broader con-
cerns about the potential feedback loops that Al-
driven citation generation might introduce. As
LLMs become increasingly integrated into scien-
tific workflows, their tendency to favor highly cited
papers could reinforce and accelerate existing cita-
tion disparities, leading to even greater concentra-
tion of attention on a small subset of already domi-
nant papers. This could diminish the visibility of
novel or less frequently cited works, potentially dis-
torting the trajectory of scientific progress. While
our study provides an initial framework for measur-
ing these effects, a longitudinal approach involving
real-world usage patterns and human-in-the-loop
citation generation is needed to fully assess the
downstream consequences.

In conclusion, while LLMs can significantly aid
in citation generation, they also risk amplifying ex-
isting biases and introducing new ones, potentially
skewing the structuring and the dissemination of
scientific knowledge. Our study underscores the ne-
cessity for developing balanced methods to interact
with LLMs, incorporating diverse datasets, and im-
plementing bias mitigation strategies. Fair prompt-
ing techniques (Ma et al., 2023), for instance, can
be employed to reduce bias, but continuous vigi-
lance and methodological innovation are required
to ensure that the integration of LLMs into aca-
demic workflows promotes accurate knowledge
dissemination.
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Limitations

We aim to assess, in a controlled laboratory set-
ting, the parametric knowledge and inherent bi-
ases when generating reference suggestions with
LLMs. While this approach may not fully cap-
ture real-world usage patterns (Skarlinski et al.,
2024; Susnjak et al., 2024; Tilwani et al., 2024; Wu
et al., 2024), it allows for a focused examination of
LLMs’ internal capabilities. The use of a vanilla
prompt, chosen for its neutrality, potentially con-
strains the full spectrum of LLM capabilities. Our
carefully curated sample of papers ensures dataset
homogeneity but necessarily limits generalizabil-
ity across disciplines (Radicchi et al., 2008; Wang
et al., 2013). However, to our knowledge, our study
presents one of the first systematic comparisons of
human and LLM citation patterns.

The observed biases in LLM-generated citations
are presented without implementing specific miti-
gation strategies, as our primary aim was to identify
and characterize these biases. While we uncover
significant patterns in LLLM citation behavior, in-
cluding a pronounced “Matthew effect” (Lariviere
and Gingras, 2010), the causal mechanisms remain
an open question for future research. Our analysis
provides a snapshot of current LLM capabilities,
but does not capture the potential dynamic effects
on the evolution of scientific knowledge networks
(Price, 1965).

Our methodological choice to focus on
LLMs’ parametric knowledge, excluding retrieval-
augmented generation, stems from the hypothesis
that current external database-reliant methods may
not substantially alter information dissemination
patterns (Evans, 2008; Fortunato et al., 2018). This
approach, while limiting direct comparisons with
retrieval-based methods, offers insights into LLMs’
potential as independent reasoning engines in sci-
entific inquiry (Truhn et al., 2023).

Ethical Considerations

Our findings reveal potential risks of amplifying ex-
isting biases in scientific discourse, particularly the
preferential attachment to highly-cited works. This
could inadvertently reinforce the “Matthew effect”
in science, potentially impeding the dissemination
of novel ideas and diverse perspectives.

Our work contributes to the responsible develop-
ment of Al in scientific applications by providing a
rigorous analysis of LLM internal citation patterns.
By elucidating these patterns, we aim to inform the

scientific community about the potential influences
of Al tools on research practices. We believe this
awareness is crucial for developing strategies to
mitigate biases and ensure that Al systems enhance
rather than hinder the diversity and momentum of
scientific progress.
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Appendix

We detail our data processing in Appendix A and
show supplementary figures and tables.

A Data

We describe the steps of our automated pipeline
to retrieve all the necessary information for our
analysis. Our data collection resulted in 166 pa-
pers published at AAAI (25), NeurIPS (72), ICML
(38), and ICLR (31) for a total of 3,066 references
(see Appendix Table C3 for a full list of included
papers). The data collection pipeline uses GPT-4-
0613 to postprocess parts of the data, which costs
approximately 14 dollars for our experiment. Note
that these steps only have to be carried out once
for the data collection. However, steps 4 and 5 are
also used to postprocess and enrich the informa-
tion of the generated references and will need to be
carried out for each run. The experiment was run
on 4 November 2023 and each step was manually
verified and tested. Besides using GPT-4-0613, we
also ran steps 6 and 7 for GPT-40-2024-05-13 and
Claude-3-5-sonnet-20240620 on 27 July 2024.

Step 1. ArXiv We search for all papers on arXiv
originally posted between 1 March 2022 and 31
October 2023 in the machine learning (cs.LG) cat-
egory which refer to AAAI, NeurlIPS, ICLR, or
ICML in their journal reference. Note that we also
verify whether we can use all these arXiv papers
given their data licenses and attribute their partic-
ipation in Appendix Table C3. We use keywords
(i.e., workshop, tiny paper, 2020, 2021, track on
datasets and benchmarks, and bridge) to remove
papers that do not appear in the conference pro-
ceedings or earlier than 2022. We download and
unzip the tar. gz file provided by the authors to arXiv
and check whether the paper exists on Semantic
Scholar via title matching. We store the title, ID,
and date from arXiv and Semantic Scholar. Addi-
tionally, we store all the reference titles with their
corresponding ID from Semantic Scholar (Kinney
et al., 2023).

Step 2. Tex We check whether there is a main
tex file in the unzipped paper folder by looking for
a single file that contains \begin{document} and
\end{document}. If we find a main tex file we start
the cleaning process, otherwise, we exclude the
paper from our analysis. The cleaning process con-
sists of three steps. First, we remove everything

except for the author information, conference in-
formation, abstract, introduction, and references.
Second, we remove figures, tables, references to
sections and appendices, ... Finally, we transform
all citations to numbers between square brackets.
After the cleaning, we look at whether there is a
bib or bbl file available and compile the fex to PDF.
If neither file is available or the paper has compila-
tion errors, we exclude the paper from our analysis
(Appendix Table C4). Note that a bib file allows
for both PDFLatex and bibtex compilation, while
only a bbl file does not allow for bibtex compilation.
As a consequence papers with only a bbl file may
potentially contain papers in their reference list that
are not cited in the introduction of the paper. We
solve this issue in the next step.

Step 3. PDF We transform the PDF to txt and
split the main content of the paper (author infor-
mation, conference information, abstract, and in-
troduction) from the references. We then look for
all in-text citations by using a regex pattern to cap-
ture numbers in between square brackets and match
them with the reference list. This approach ensures
that we only keep references that are cited in the
introduction. We store the main content of the pa-
per and the references cited in the introduction in
separate £xt files.

Step 4. Postprocessing A large number of vari-
ations and inconsistencies in the reference lists
makes it difficult to structurally extract and ana-
lyze all the author information, title, publication
venue, and year. We noticed that this behavior was
even more outspoken in the LLM-generated ref-
erences. Therefore, we examine the capabilities
of GPT-4 to impose a structure on the reference
list by postprocessing the data. We feed GPT-4
the reference list in £xt accompanied by the default
system message: “You are a helpful assistant” and
the following postprocessing prompt:
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Below, we share with you a list of
references with their corresponding citation
number between square brackets. Could
you for each reference extract the authors,
the number of authors, title, publication
year, and publication venue? Please only
return the extracted information in a
markdown table with the citation number
(without brackets), authors, number of
authors, title, publication year, and
publication venue as columns.

[LLM generated reference list]

We then store the markdown table in a csv. GPT-
4 successfully structures the information and makes
it more consistent, for example, by removing syl-
lable hyphens. Sometimes a small hick-up is in-
troduced (e.g., adding a final row with “...”"), but
these are manually solved in the verification pro-
cess. Note that we also prompt for the number of
authors. While we can easily compute the number
of authors via the meta-data from Semantic Scholar,
it allows us to verify the accuracy of GPT-4 on this
task as we will use it later on to postprocess the
generated references where a ground truth may be
unavailable.

Step 5. Semantic Scholar We enrich the infor-
mation from the introduction references by match-
ing the extracted title from the csv file in the previ-
ous step with the reference titles that we extracted
from Semantic Scholar in step 1. This approach
provides an extra check that GPT-4 does not change
the title information in Step 4. After matching, we
can use the Semantic Scholar ID to retrieve the
publication venue, year, authors, citation count,
influential citation count, and reference count (Kin-
ney et al., 2023). Additionally, we store the IDs
of the papers to which the introduction references
themselves refer.

Step 6. “Vanilla” prompting We prompt GPT-4-
0613 with the main content, which includes the au-
thor information, conference information, abstract,
and introduction, accompanied by the default sys-
tem message: “You are a helpful assistant” and the
following prompt:

Below, we share with you a written
introduction to a paper and have omitted
the references. Numbers between square

brackets indicate citations. Can you give us
a suggestion for an explicit reference
associated with each number? Do not
return anything except the citation number
between square brackets and the
corresponding reference.

[main content]

We then post-process GPT-4’s response to ex-
tract the title, venue, publication year, author
names, and number of authors for each generated
reference using the same approach as described in
step 4. We repeat this “vanilla” approach five times
for all 166 papers.

Step 7. Existence check We determine whether
the generated references exist via title and au-
thor names matching with Semantic Scholar en-
tries (Kinney et al., 2023). We search Semantic
Scholar for the three best matches based on the ref-
erence’s title and then compute the title and author
names similarity. For titles, we measure the simi-
larity between the Semantic Scholar match and the
generated reference by comparing the best match-
ing substring. For authors, we compare them by
splitting into tokens (words), removing duplicates,
and then calculating the similarity based on the best
partial match of the sets of tokens. In case of “et
al.,” we only consider the first author. The simi-
larity is computed by character-level comparison.
We determined the thresholds for the title and au-
thors scores by manually labelling 100 matches as
true or false and minimizing the false positive rate.
We obtain on this sample an accuracy of 95% with
5 false positives, i.e. generated references falsely
classified as non-existent.

Step 8. “Iterative” prompting We also build on
our “vanilla” approach, by introducing an “iterative’
approach where we prompt GPT-4-0613 with the
main content accompanied by the default system
message: “You are a helpful assistant” and the
following prompt:

’
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[vanilla prompt + LLM’s response ]
The following references associated with
these citation numbers:
[numbers of non-existent generated
references |
do not exist. Can you replace all these
non-existent references with existing ones?
Keep the other references as they are. Do
not return anything except the citation
number between square brackets and the
corresponding reference.

[main content]

J

We again postprocess GPT-4’s response using
the same approach as described in steps 4, 5, and
7. The previously existing generated and the newly
generated references are then merged.
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Figure B1: | Properties of the ground truth and GPT-4 generated introduction references for the iterative
strategy are consistent with the properties of the vanilla strategy. This figure displays the properties of the
ground truth (n = 5, 178, in blue) and GPT-4 generated references (n = 5, 178, in green), further subdividing the
generated references into existing (n = 3, 244, in orange) and non-existent categories (n = 1,934, in red), from the
original data sources of five runs for the iterative strategy with GPT-4. Note that these are the references which
are labelled “non-existent” in the vanilla strategy. a, b, ¢, d, e, f and g, The iterative results exhibit very similar
properties to the vanilla results shown in Figure 2.
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Figure B2: | The properties of the existing GPT-4 generated references and their corresponding ground
truth are consistent between the original data sources and Semantic Scholar data. This figure compares the
computation of the properties of the existing GPT-4 generated references (n = 9.376) and their corresponding
ground truth (n = 9.376) between the data from the original sources (in dark blue and orange, as shown in Figure
2) and from Semantic Scholar (in light blue and orange). a, The distributions of the number of characters in title
for the existing generated references and their corresponding ground truth are very similar between the data from
the original sources and Semantic Scholar. b, There is a discrepancy between the data from the original sources
and Semantic Scholar for the number of authors in the existing generated references due to the extensive use of
“et al”. This discrepancy results in a relatively larger portion of three authors or more, but does not change the
previous conclusions. ¢, The distributions over time are very similar between the data from the original sources and
Semantic Scholar. d, There is a discrepancy between the data from the original sources and Semantic Scholar for the
publication venues. The discrepancy is consistent across the existing generated references and their corresponding
ground truth as both have a lower number of arXiv papers and a larger number of ICLR papers.
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Figure B3: | A high consistency in publication venue distributions between ground truth and GPT-4 generated
references with a notable bias towards arXiv, NeurIPS, and “Others”. This figure displays the distributions
and pairwise transition of publication venues for ground truth and GPT-4 generated references at the conference
and individual paper and reference level. a and b, We observe that the distributions of publication venues for
both ground truth and generated references are very similar across the various conferences, i.e., AAAI, NeurIPS,
ICML, and ICLR. ¢ and d, The pairwise transition matrix from ground truth to generated publication venues at the
reference level indicates a large overall agreement, but with a strong preference in GPT-4 generated references for
arXiv, NeurIPS, and “Others” in the case of disagreement. The preference for NeurIPS may be due to the relatively
large number of NeurIPS papers in our sample and the large share of arXiv and “Others” points to favoring a
wider array of venues which may potentially dilute the perceived relevance of key conferences. e, The scatter plot
shows for each paper the number of ground truth references to one of the top conferences, i.e., AAAI, NeurIPS,
ICML, and ICLR, and the corresponding number of generated references (x5 for five runs) which refer to the same
conference.The strong pairwise correlation between the ground truth and generated references to the top conferences
at the individual paper level affirms the high consistency in publication venue distributions between ground truth
and GPT-4 generated references.
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Figure B4: | Properties of the ground truth and GPT-4o generated introduction references are consistent with
the properties of GPT-4. This figure displays the properties of the ground truth (n = 8,961, in blue) and GPT-40
generated references (n = 8,961, in green), further subdividing the generated references into existing (n = 6, 552,
in orange) and non-existent categories (n = 2,409, in red), from the original data sources of three runs for the
vanilla strategy with GPT-4o0. a, b, ¢, d, e, f and g, The GPT-40 generated references exhibit very similar properties
to the GPT-4 results shown in Figure 2, except for the existence rate which may be due to the papers now being part
of the training data and the model’s enhanced capabilities.
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Figure B5: | Properties of the ground truth and Claude 3.5 generated introduction references are consistent
with the properties of GPT-4. This figure displays the properties of the ground truth (n = 2,893, in blue) and
Claude 3.5 generated references (n = 2,893, in green), further subdividing the generated references into existing
(n = 2,611, in orange) and non-existent categories (n = 282, in red), from the original data sources of three runs
for the vanilla strategy with GPT-40. a, b, ¢, d, e, f and g, The Claude 3.5 generated references exhibit similar
properties to the GPT-4 results shown in Figure 2, except for the existence rate which may be due to the papers now
being part of the training data and the model’s enhanced capabilities. Additionally, Claude 3.5, on average, generates
non-existent references with shorter titles and proportionally published more in arXiv, Nature, and “others.”
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Figure B6: | Ground truth papers which correspond to existing GPT-4 generated references that appear in
the paper have substantially more citations. This figure displays the properties of the ground truth references
which correspond to existing GPT-4 generated references (n = 9, 376, in yellow), the subset of existing generated
references which appear in the paper itself (n = 2,474, in blue), and the non-existent generated references
(n = 5,178, in green), from the original data sources of five runs for the vanilla strategy with GPT-4. a, b, ¢, d,
e and f, The ground truth papers which correspond to existing references which appear in the paper have by far
the most citations, followed by the existing references, and the ground truth papers corresponding to non-existent
references have the lowest numbers of citations. These findings further indicate the tendency for LLMs to more
easily generate references to highly cited papers. The distributions of all other characteristics are very similar.
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Figure B7: The citation bias in existing GPT-4 generated references is consistent across title length, number
of authors, and publication venue. This figure shows that the existing GPT-4 generated references (n = 9, 376, in
orange) consistently exhibit a higher citation count compared to their corresponding ground truth (n = 9, 376, in
blue) across title length, number of authors, and publication venue. a, The citation counts across the number of
characters in title reveals that the discrepancy in number of citations between the existing generated and ground
truth references is consistent over various title lengths. b and ¢, The distributions of citation counts per number of
authors and publication venues show that the existing generated references consistently exhibit a higher citation
count than their corresponding ground truth counterparts.
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Figure BS: | The influential citation bias in existing GPT-4 generated references is unrelated to the recency
of ground truth references. This figure shows that the existing GPT-4 generated references (n = 9,376, in
orange) consistently exhibit a higher influential citation count compared to their corresponding ground truth
(n =9, 376, in blue) across subperiods. a, b and ¢, Note that the influential citation count is retrieved from Semantic
Scholar (Valenzuela-Escarcega et al., 2015).
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Figure B9: | The infuential citation bias in existing GPT-4 generated references is unrelated to title length,
number of authors, and publication venue. This figure shows that the existing GPT-4 generated references
(n =9, 376, in orange) consistently exhibit a higher influential citation count compared to their corresponding
ground truth (n = 9, 376, in blue) across title length, number of authors, and publication venue. a, b and ¢, Note
that the influential citation count is retrieved from Semantic Scholar (Valenzuela-Escarcega et al., 2015).
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Vanilla Runl Run2 Run3 Run4
Run2 17.90

Run3 17.11 17.30

Run4 17.73 16.69 16.35

Run5 18.26 17.78 17.06 18.44

Table C1: Overlap between generated sets of references of different runs by GPT-4. We see on average a 17%
overlap between different runs, which indicate that the models do not suffer from mode collapse (numbers in %
with respect to total number of references).

Vanilla GPT-40 Claude 3.5
Runl Run2 Run3 Run1l Run2 Run3

Existing generations in Semantic Scholar database (%) 74.34 73.10 71.92 90.25 89.53 83.66
Existing generations cited in the original paper (%) 32.16 33.28 33.71 42.08 41.50 39.26
Existing generations cited in the original intro (%)  24.15 26.23 25.81 34.23 33.53 31.85

Existing generations with a pairwise match (%) 10.34 10.62 10.39 18.04 17.24 14.74
(for all references)

Existing generations with a pairwise match (%) 17.49 19.10 18.28 29.75 29.25 25.64
(for uniquely identifiable references)

Table C2: Summary statistics of generated references by GPT-40 and Claude 3.5. (numbers in % with respect
to total number of references).
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Conference | Authors Title
AAAI Jakob Weissteiner, Jakob Heiss, Julien | Bayesian Optimization-based Combinatorial
Siems, Sven Seuken Assignment
AAAI Gobinda Saha, Kaushik Roy Continual Learning with Scaled Gradient Pro-
jection
AAAI Ruizhe Zheng, Jun Li, Yi Wang, Tian | ScatterFormer: Locally-Invariant Scattering
Luo, Yuguo Yu Transformer for Patient-Independent Multi-
spectral Detection of Epileptiform Discharges
AAAI Sahil Manchanda, Sayan Ranu Lifelong Learning for Neural powered Mixed
Integer Programming
AAAI Joris Guérin, Kevin Delmas, Raul Sena | Out-Of-Distribution Detection Is Not All You
Ferreira, Jérémie Guiochet Need
AAAI Taha Belkhouja, Yan Yan, Janardhan | Training Robust Deep Models for Time-Series
Rao Doppa Domain: Novel Algorithms and Theoretical
Analysis
AAAI Minsoo Kang, Suhyun Kim GuidedMixup: An Efficient Mixup Strategy
Guided by Saliency Maps
AAAI Su Kim, Dongha Lee, SeongKu Kang, | Learning Topology-Specific Experts for
Seonghyeon Lee, Hwanjo Yu Molecular Property Prediction
AAAI Daniel Silver, Tirthak Patel, Devesh Ti- | QUILT: Effective Multi-Class Classification
wari on Quantum Computers Using an Ensemble
of Diverse Quantum Classifiers
AAAI Kevin Osanlou, Jeremy Frank, Andrei | Solving Disjunctive Temporal Networks with
Bursuc, Tristan Cazenave, Eric Jacopin, | Uncertainty under Restricted Time-Based Con-
Christophe Guettier, J. Benton trollability using Tree Search and Graph Neu-
ral Networks
AAAI Joar Skalse, Alessandro Abate Misspecification in Inverse Reinforcement
Learning
AAAI Edward Ayers, Jonathan Sadeghi, John | Query-based Hard-Image Retrieval for Object
Redford, Romain Mueller, Puneet K. | Detection at Test Time
Dokania
AAAI Shubham Gupta, Sahil Manchanda, | TIGGER: Scalable Generative Modelling for
Srikanta Bedathur, Sayan Ranu Temporal Interaction Graphs
AAAI Fanchen Bu, Dong Eui Chang Feedback Gradient Descent: Efficient and
Stable Optimization with Orthogonality for
DNNs
AAAI Shota Saito Hypergraph Modeling via Spectral Embedding
Connection: Hypergraph Cut, Weighted Ker-
nel k-means, and Heat Kernel
AAAI Haoran Luo, Haihong E, Ling Tan, | DHGE: Dual-View Hyper-Relational Knowl-
Gengxian Zhou, Tianyu Yao, Kaiyang | edge Graph Embedding for Link Prediction
Wan and Entity Typing
AAAI Yujin Kim, Dogyun Park, Dohee Kim, | Naturallnversion: Data-Free Image Synthesis
Suhyun Kim Improving Real-World Consistency
AAAI Tairan He, Weiye Zhao, Changliu Liu | AutoCost: Evolving Intrinsic Cost for Zero-
violation Reinforcement Learning
AAAI Shijie Liu, Andrew C. Cullen, Paul | Enhancing the Antidote: Improved Pointwise

Montague, Sarah M. Erfani, Benjamin
L. P. Rubinstein

Certifications against Poisoning Attacks

Table C3: Papers included in the analysis.
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Authors
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AAAI

AAAI

AAAI

AAAI

AAAI

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

Fan Zhou, Chen Pan, Lintao Ma, Yu
Liu, Shiyu Wang, James Zhang, Xinxin
Zhu, Xuanwei Hu, Yunhua Hu, Yangfei
Zheng, Lei Lei, Yun Hu

Christopher W. F. Parsonson, Alexandre
Laterre, Thomas D. Barrett

Sourya Basu, Prasanna Sattigeri,
Karthikeyan Natesan Ramamurthy,
Vijil Chenthamarakshan, Kush R.
Varshney, Lav R. Varshney, Payel Das
Harry Rubin-Falcone, Joyce Lee, Jenna
Wiens

Pierre Le Pelletier de Woillemont, Rémi
Labory, Vincent Corruble

Kai Klede, Leo Schwinn, Dario Zanca,
Bjorn Eskofier

Dhananjay Bhaskar, Kincaid MacDon-
ald, Oluwadamilola Fasina, Dawson
Thomas, Bastian Rieck, Ian Adelstein,
Smita Krishnaswamy

Shiro Takagi

Yue Yu, Yuchen Zhuang, Jieyu Zhang,
Yu Meng, Alexander Ratner, Ranjay Kr-
ishna, Jiaming Shen, Chao Zhang
Lingfeng Sun, Haichao Zhang, Wei Xu,
Masayoshi Tomizuka

Yang Yue, Rui Lu, Bingyi Kang, Shiji
Song, Gao Huang

Jiaqi Leng, Yuxiang Peng, Yi-Ling
Qiao, Ming Lin, Xiaodi Wu

Kyriakos Flouris, Ender Konukoglu

Yuchen Bai, Jean-Baptiste Durand, Flo-
rence Forbes, Grégoire Vincent
Lorenzo Giambagli, Lorenzo Buffoni,
Lorenzo Chicchi, Duccio Fanelli
Hanbyul Lee, Qifan Song, Jean Honorio

Zhang-Wei Hong, Aviral Kumar, Sath-
wik Karnik, Abhishek Bhandwaldar,
Akash Srivastava, Joni Pajarinen, Ro-
main Laroche, Abhishek Gupta, Pulkit
Agrawal

Xiang Zhang, Ziyuan Zhao, Theodoros
Tsiligkaridis, Marinka Zitnik

SLOTH: Structured Learning and Task-based
Optimization for Time Series Forecasting on
Hierarchies

Reinforcement Learning for Branch-and-
Bound Optimisation using Retrospective Tra-
jectories

Equi-Tuning: Group Equivariant Fine-Tuning
of Pretrained Models

Forecasting with Sparse but Informative Vari-
ables: A Case Study in Predicting Blood Glu-
cose

Automated Play-Testing Through RL Based
Human-Like Play-Styles Generation
FastAMI — a Monte Carlo Approach to the Ad-
justment for Chance in Clustering Comparison
Metrics

Diffusion Curvature for Estimating Local Cur-
vature in High Dimensional Data

On the Effect of Pre-training for Transformer
in Different Modality on Offline Reinforce-
ment Learning

Large Language Model as Attributed Training
Data Generator: A Tale of Diversity and Bias

PaCo: Parameter-Compositional Multi-Task
Reinforcement Learning

Understanding, Predicting and Better Resolv-
ing Q-Value Divergence in Offline-RL
Differentiable Analog Quantum Computing
for Optimization and Control

Canonical normalizing flows for manifold
learning

Semantic segmentation of sparse irregular
point clouds for leaf wood discrimination
How a student becomes a teacher: learning
and forgetting through Spectral methods
Support Recovery in Sparse PCA with Incom-
plete Data

Beyond Uniform Sampling: Offline Reinforce-
ment Learning with Imbalanced Datasets

Self-Supervised Contrastive Pre-Training For
Time Series via Time-Frequency Consistency

Table C3: Papers included in the analysis.
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Conference

Authors
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NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

Antonin Schrab, [lmun Kim, Benjamin
Guedj, Arthur Gretton
Wanyun Cui, Xingran Chen

Aurelien Lucchi, Frank Proske, Antonio
Orvieto, Francis Bach, Hans Kersting
Minsik Cho, Saurabh Adya, Devang
Naik

Guangxi Li, Ruilin Ye, Xuangiang
Zhao, Xin Wang

Xinrui Wang, Wenhai Wan, Chuanxin
Geng, Shaoyuan LI, Songcan Chen

Zihan Liu, Yun Luo, Lirong Wu,
Zicheng Liu, Stan Z. Li

Dingfan Chen, Raouf Kerkouche,
Mario Fritz

Zhan Yu, Hongshun Yao, Mujin Li, Xin
Wang

Ibrahim Alabdulmohsin, Xiaohua Zhai,
Alexander Kolesnikov, Lucas Beyer
Manzil Zaheer, Kenneth Marino, Will
Grathwohl, John Schultz, Wendy Shang,
Sheila Babayan, Arun Ahuja, Ishita
Dasgupta, Christine Kaeser-Chen, Rob
Fergus

Dohyun Kwon, Ying Fan, Kangwook
Lee

Zhaoqi Li, Lillian Ratliff, Houssam
Nassif, Kevin Jamieson, Lalit Jain
Masaki Adachi, Satoshi Hayakawa,
Martin Jgrgensen, Harald Oberhauser,
Michael A. Osborne

Zhigin Yang, Yonggang Zhang, Yu
Zheng, Xinmei Tian, Hao Peng,
Tongliang Liu, Bo Han

Daniel Vial, Sujay Sanghavi, Sanjay
Shakkottai, R. Srikant

Fabian Zaiser, Andrzej S. Murawski,
Luke Ong

Cheng Chi, Amine Mohamed Abous-
salah, Elias B. Khalil, Juyoung Wang,
Zoha Sherkat-Masoumi

Mathieu Molina, Patrick Loiseau

Efficient Aggregated Kernel Tests using In-
complete U -statistics

Instance-based Learning for Knowledge Base
Completion

On the Theoretical Properties of Noise Corre-
lation in Stochastic Optimization

PDP: Parameter-free Differentiable Pruning is
All You Need

Concentration of Data Encoding in Parameter-
ized Quantum Circuits

Beyond Myopia: Learning from Positive and
Unlabeled Data through Holistic Predictive
Trends

Towards Reasonable Budget Allocation in Un-
targeted Graph Structure Attacks via Gradient
Debias

Private Set Generation with Discriminative In-
formation

Power and limitations of single-qubit native
quantum neural networks

Getting ViT in Shape: Scaling Laws for
Compute-Optimal Model Design

Learning to Navigate Wikipedia by Taking
Random Walks

Score-based Generative Modeling Secretly
Minimizes the Wasserstein Distance
Instance-optimal PAC Algorithms for Contex-
tual Bandits

Fast Bayesian Inference with Batch Bayesian
Quadrature via Kernel Recombination

FedFed: Feature Distillation against Data Het-
erogeneity in Federated Learning

Minimax Regret for Cascading Bandits

Exact Bayesian Inference on Discrete Mod-
els via Probability Generating Functions: A
Probabilistic Programming Approach

A Deep Reinforcement Learning Framework
For Column Generation

Bounding and Approximating Intersectional
Fairness through Marginal Fairness
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NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

NeurIPS

Shuai Zhang, Hongkang Li, Meng
Wang, Miao Liu, Pin-Yu Chen, Songtao
Lu, Sijjia Liu, Keerthiram Murugesan,
Subhajit Chaudhury

Changlong Wu, Mohsen Heidari,
Ananth Grama, Wojciech Szpankowski
Ching-Yao Chuang, Stefanie Jegelka

Felix Biggs, Antonin Schrab, Arthur
Gretton

Thomas Fel, Victor Boutin, Mazda
Moayeri, Rémi Cadéne, Louis Bethune,
Léo andéol, Mathieu Chalvidal,
Thomas Serre

Manel Baradad, Chun-Fu Chen, Jonas
Wulff, Tongzhou Wang, Rogerio Feris,
Antonio Torralba, Phillip Isola

Yang Ni

Gauthier Guinet, Saurabh Amin, Patrick
Jaillet
Kyungmin Lee, Jinwoo Shin

Yihe Wang, Yu Han, Haishuai Wang,
Xiang Zhang

Artyom Sorokin, Nazar Buzun, Leonid
Pugachev, Mikhail Burtsev

Yipeng Kang, Tonghan Wang, Xiaoran
Wu, Qianlan Yang, Chongjie Zhang
Niv Giladi, Shahar Gottlieb, Moran
Shkolnik, Asaf Karnieli, Ron Banner,
Elad Hoffer, Kfir Yehuda Levy, Daniel
Soudry

Jack Richter-Powell, Yaron Lipman,
Ricky T. Q. Chen

Peide Huang, Mengdi Xu, Jiacheng
Zhu, Laixi Shi, Fei Fang, Ding Zhao

Mark D. McDonnell, Dong Gong,
Amin Parveneh, Ehsan Abbasnejad, An-
ton van den Hengel

Haoyuan Sun, Kwangjun Ahn, Christos
Thrampoulidis, Navid Azizan

Rui M. Castro, Fredrik Hellstrom, Tim
van Erven

On the Convergence and Sample Complexity
Analysis of Deep Q-Networks with e-Greedy
Exploration

Precise Regret Bounds for Log-loss via a Trun-
cated Bayesian Algorithm

Tree Mover’s Distance: Bridging Graph Met-
rics and Stability of Graph Neural Networks
MMD-FUSE: Learning and Combining Ker-
nels for Two-Sample Testing Without Data
Splitting

A Holistic Approach to Unifying Automatic
Concept Extraction and Concept Importance
Estimation

Procedural Image Programs for Representa-
tion Learning

Bivariate Causal Discovery for Categorical
Data via Classification with Optimal Label
Permutation

Effective Dimension in Bandit Problems under
Censorship

RenyiCL: Contrastive Representation Learn-
ing with Skew Renyi Divergence

Contrast Everything: A Hierarchical Con-
trastive Framework for Medical Time-Series
Explain My Surprise: Learning Efficient Long-
Term Memory by Predicting Uncertain Out-
comes

Non-Linear Coordination Graphs

DropCompute: simple and more robust dis-
tributed synchronous training via compute
variance reduction

Neural Conservation Laws: A Divergence-
Free Perspective

Curriculum Reinforcement Learning using Op-
timal Transport via Gradual Domain Adapta-
tion

RanPAC: Random Projections and Pre-trained
Models for Continual Learning

Mirror Descent Maximizes Generalized Mar-
gin and Can Be Implemented Efficiently
Adaptive Selective Sampling for Online Pre-
diction with Experts
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