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Abstract

Assessing a cited paper’s impact is typically
done by analyzing its citation context in isola-
tion within the citing paper. While this focuses
on the most directly relevant text, it prevents
relative comparisons across all the works a pa-
per cites. We propose CRISP, which instead
jointly ranks all cited papers within a citing
paper using large language models (LLMs).
To mitigate LLMs’ positional bias, we rank
each list three times in a randomized order and
aggregate the impact labels through majority
voting. This joint approach leverages the full
citation context, rather than evaluating citations
independently, to more reliably distinguish im-
pactful references. CRISP outperforms a prior
state-of-the-art impact classifier by +9.5% ac-
curacy and +8.3% F1 on a dataset of human-
annotated citations. CRISP further gains effi-
ciency through fewer LLM calls and performs
competitively with an open-source model, en-
abling scalable, cost-effective citation impact
analysis. We release our rankings, impact la-
bels, and codebase to support future research.

1 Introduction

Funding agencies, hiring committees, and re-
searchers routinely rely on measures of scientific
impact to make consequential decisions; yet most
such measures reduce a paper’s influence to noisy
proxy measures such as citation count (Garfield,
1972). Citation count alone provides a poor mea-
sure of impact because not all citations are equally
important (Zhu et al., 2015; Aguinis et al., 2012).
For example, a citation providing background infor-
mation contributes less to the citing paper than one
that adopts the cited paper’s methodology (Hassan
et al., 2017).

These challenges have motivated a line of re-
search on citation intent and impact classification
(e.g., Valenzuela et al., 2015; Jurgens et al., 2018;
Arnaout et al., 2025), which aims to assess the im-
pact and intent behind each citation to a prior work
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Figure 1: A citing paper p (left) references papers
{A, B,C, D} (right), with each arrow denoting a ci-
tation edge (p — p) for p € {A, B,C,D}. CRISP
considers all cited papers jointly to assess the relative
impact p had on p, unlike prior work that considers only
p and p in isolation, evaluating impact independently.

mentioned in a given paper. As illustrated in Fig-
ure 1, these approaches evaluate each citation edge
independently, assessing each citation based on its
surrounding text, capturing how and why a paper
is cited — and to classify citations as meaningful
or incidental. Focusing on each citation context in
isolation is a natural choice: it concentrates on the
most directly relevant text as highlighted in Fig-
ure 1, and keeps context length short to avoid the
risk of positional biases and the cost of inference.
Yet evaluating citations in isolation discards a valu-
able signal: the relative importance of a reference
compared to the other works cited alongside it.
We propose CRISP, a method that jointly ranks
all cited papers within a citing paper using LLMs
to characterize their relative impact (§4). As shown
in Figure 1, jointly analyzing all citation contexts
within a single citing paper introduces this compar-
ative dimension, even though the additional con-
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Figure 2: Overview of CRISP, which characterizes the relative impact of a target paper p* on each of its citing
papers, e.g. ¢, . @ Identify all citing papers of p* (¢1, 2, q3). @ For each citing paper, rank its references by impact
(e.g., p1, p2, p* for qq). Q The result is an impact-based ranking of ¢;’s references. See §4 for details.

text risks distracting the model. To mitigate LLMs’
known positional bias (Tang et al., 2024), we rank
the list of cited papers three times, each with a
random order, and aggregate the resulting impact
labels via majority voting. Surprisingly, this joint
ranking approach—leveraging comparative context
rather than evaluating citations in isolation—more
effectively distinguishes impactful references, out-
performing a prior state-of-the-art impact classifier
(Arnaout et al., 2025) by +9.5% in accuracy and
+8.3% F1 on average across different LLMs on
their dataset of citations with human-annotated im-
pact labels (§6). We release rankings for 1,338
cited papers covering 442 citing papers and impact
labels for citations from this dataset. CRISP also of-
fers an efficiency advantage and performs compet-
itively with an open-source model, enabling scal-
able, cost-effective citation impact analysis (§4.1).
In summary, our contributions are: (a) We pro-
pose CRISP, a method that jointly ranks all cited
papers within a citing paper using LLMs to as-
sess their relative impact. (b) We show that this
joint ranking approach outperforms a prior state-
of-the-art citation impact classifier. (c¢) We find
that CRISP is more efficient and performs competi-
tively with an open-source model. (d) We release
rankings for 1,338 cited papers covering 442 citing
papers, along with impact labels and our code. !

2 Notation and Terminology

Citation graph: We consider a universe of papers
‘P, where each element p € P corresponds to a
unique scholarly document. We model citations
as a directed graph over P, where a directed edge
(p — p) indicates that paper p cites paper p.

'Codebase and data will be released.

Given this convention, we define two neighbor-
hood operators. The outgoing neighborhood of a
paper p is the set of papers cited by p:

Nout(p) = {]5677 : (p—>]§)} (D

Conversely, the incoming neighborhood of a paper
p is the set of papers that cite p:

Ni(p) == {p€P : (p—p)}. @

Citation contexts: We assume that each citation
edge (p — p) is accompanied by one or more
citation contexts, i.e., spans of text in p that refer
to p. We denote by Ctx(p, p) the set of all such
contexts:

Ctx(p —» p) = {cgp_)ﬁ),...,clgp_)ﬁ)}, 3)

where each cgp ~P) is a sentence- or paragraph-level

excerpt from p containing an in-text citation to p.
We also define the collection of citation contexts
of all references made within a citing paper p:

Ctxan(p) := {Ctx(p = q) : ¢ € Now(p)}.

Intuitively, Ctx(p) provides a paper-level con-
text which we use to provide better calibrated judg-
ments of impact for any particular citation (p — q).

3 Prior Work and Broader Context

Citation Content Analysis: Early studies conduct
manual analysis to assess citation quality. For ex-
ample, Moravcsik and Murugesan (1975) propose
a four-dimensional framework assessing citation
function and quality. We define citation impact
by building upon this framework (refer to §5 for
details). However, manual analysis does not scale



as the literature continues to grow rapidly. Natural
language processing tools have thus been applied to
address this challenge. Kinney et al. (2023) release
a platform that extracts citation contexts from pa-
pers. This extraction enables downstream citation
analysis tasks, such as citation intent classification.
Citation Intent Classification: Prior work focuses
on classifying citation intents based on their func-
tion. Jurgens et al. (2018) and Cohan et al. (2019)
classify each citation context Ctx(p — p) with a
single label, while Lauscher et al. (2022) extend
this to multiple labels. Similarly, Arnaout et al.
(2025) propose a method that generates a sentence
describing how a paper p references a paper p, con-
sidering all the sentences where p cites p. They
then use this intent with an LLM-judge to predict ci-
tation impact. However, these approaches evaluate
each citation independently based on Ctx(p — p),
without comparing it to other references in the same
paper. Our approach addresses this by considering
Ctxan(p), the full set of citation contexts within a
citing paper, which enables calibrated judgments
that reflect the relative importance of each refer-
ence within its specific citation environment.
Applications of Citation Content Analysis: Iden-
tifying impactful citations is an important task, as
it can enhance other applications, such as assess-
ing the novelty of scientific ideas (Shahid et al.,
2025), improving the retrieval of papers for solv-
ing research problems (Garikaparthi et al., 2025),
and tracing the sources of key contributions across
publications (Zhang et al., 2024). It also enables
more nuanced research evaluation by distinguish-
ing substantive intellectual influence from perfunc-
tory citations (Manchanda and Karypis, 2021).

4 Evaluating Relative Impact via CRISP

We present CRISP, our approach for characterizing
the relative impact of citations. As illustrated in
Figure 2, the method proceeds as follows:

(1) Downstream corpus retrieval: Given a target
paper p*, we use the Semantic Scholar API (Kinney
et al., 2023) to retrieve all papers that cite it, de-
noted Ni, (p*). In Figure 2, Ni,(p*) = {q1, ¢2, g3}
(2) Citation context extraction: For each down-
stream paper ¢ € Ni(p*), we extract its full refer-
ence list Noy(q) and their associated citation con-
texts Ctx,y(q) via the same APL. Figure 2 shows
this process for q1, where Noyw(q1) = {p1,p*, p2}-
(3) Citation-calibrated impact labeling: We as-
sign an impact label to each citation edge (¢ — p)

for every cited paper p € Nou(q). Formally, we
define an impact labeling function as:

flg—=p) = f(Ctx(g = p)|Ctxanq)) € L,

where L is a discrete label space.

In the simplest setting, £ = {0, 1} indicates
whether the citation (¢ — p) reveals impact or not.
As shown in Figure 2, we denote our impact labels
as £ = {0, 1, 2} for low, medium, and high impact.

In practice, f is instantiated by an LL.M-based
judge (e.g. Vital et al. (2024), Ikoma and Matsub-
ara (2023), Lahiri et al. (2023) and Koloveas et al.
(2025)). The key modeling choice in (4) is that the
impact label for a citation (¢ — p) is predicted
relative to the full citation environment of the citing
paper q. This enables calibration against paper-
specific citation conventions, such as whether ¢
tends to cite prior work superficially or relies heav-
ily on a small number of core references.

In our approach, the LLM judge simultaneously
ranks ¢’s references by their impact, as shown
in Figure 3. Prior work by (Wang et al., 2024;
Tang et al., 2024) demonstrates that LLMs ex-
hibit position bias that can affect listwise ranking.
We mitigate this bias with the Permutation Self-
Consistency (PSC) approach proposed in Tang et al.
(2024). We randomize the order of references and
perform three independent runs of the classifica-
tion, each with a different randomized reference
order. We then determine the impact category of
the target paper p* through majority voting, select-
ing the most frequent label across the three runs.

Additionally, we propose an alternative approach
to majority voting in which we aggregate the three
generated ranking files with Reciprocal Rank Fu-
sion (Cormack et al., 2009) and predict citation im-
pact using an ordinal regression model (Pedregosa-
Izquierdo, 2015). Please refer to §C.

4.1 Computational Cost

One might expect that jointly processing all cita-
tion contexts within a paper incurs greater computa-
tional cost than scoring each citation independently.
We argue the opposite is true.

Number of LLM calls: Consider a citation graph
with n citing papers and m citation edges. CRISP
makes three LLM calls per citing paper, resulting in
O(n) calls in total. The UKP approach, by contrast,
scores each citation edge independently, requiring
O(m) calls. Since each paper typically cites many
others, m > n in practice, making CRISP asymp-



Model Method Acc. P R F1
Baseline Random 49.9+t1.2 33.1 50.9 40.1
UKP 66.7+1.1  49.6 63.5 55.7
GPT-5.1 CRISP 78.6+1 72.2 63.7 67.7
A +11.9 4226 +4+0.2 +12.0
UKP 63.0+1.1  46.1 73.6 56.7
o4-mini CRISP 65.4+1.1 76.3 57.1 65.3
A +2.4 +30.2 —16.5 +8.6
UKP 60.8+1.2 44.5 76.7 56.3
Qwen3  CRISP 75.1+1 70.0 53.3 60.5
A +14.3 +25.5 —23.4 +4.2

Table 1: Comparison of model performance between
our approach (CRISP) and prior state-of-the-art method
UKP (Arnaout et al., 2025) for identifying impactful
citations. Reported accuracies (in percentages) include
standard error (& SE). Green cells show positive A :=
CRISP— UKP. Our approach outperforms the prior
method across all models as indicated by the positive
gains in A. The model with the highest F1 is bold.

totically more efficient in terms of LLM calls and
thus more scalable for large collections.

Token budget: The total number of tokens pro-
cessed by each approach is roughly the same be-
cause both ultimately consume the same citation
contexts. However, CRISP has lower prompt over-
head than UKP: because CRISP makes O(n) calls
compared to UKP’s O(m), the prompt is repeated
far fewer times. In practice, this overhead is further
reduced by prompt caching, which renders repeated
system prompts essentially free.

5 Experimental Setup

Data: Our experiments use a human-labeled
dataset of citation contexts, Ctx(p, p), in which
each instance is annotated with a binary impact
label £ = {0, 1} denoting whether the citation is
impact-revealing or other (Arnaout et al., 2025).
We augment this dataset with the Semantic Scholar
API (Kinney et al., 2023). For every cited paper
in the dataset whose title is non-empty, we obtain
its Semantic Scholar identifier; for every citing pa-
per p with a valid Semantic Scholar identifier in
Arnaout et al. (2025), we retrieve the full reference
list and all associated citation contexts Ctxy(p).
We discard citing papers whose Semantic Scholar
API response contains no references, as well as
duplicate entries and repeated annotations of the
same citation context. After filtering, the dataset
comprises 442 citing papers and 1,338 cited papers.
Baseline: We include a random classifier as a base-

line for comparison. We also compare against the
prior state-of-the-art method for identifying impact-
ful citations proposed by Arnaout et al. (2025).

LLM-based judge: We use an LLM-based judge
to assign the impact labels to citation contexts
Ctx(p, p) and rank the cited papers by impact for
a given citing paper p. Our definition of impact is
provided in the LLM prompt 3.

We compare several LLMs of different families
and sizes for this task. Specifically, we use GPT-
5.1 and o4-mini as our closed-source models, and
Qwen3-30B-A3B-Instruct-2507-FP8 (Team, 2025)
as our open-source model. We adopt the recom-
mended temperature and top-p settings for each
model (0.7 and 0.8 for Qwen; defaults for GPT-
5.1 and o4-mini). These models all support large
context windows of at least 200K tokens.

Evaluation Measures: We evaluate our model
using the ground-truth, human-labeled dataset re-
leased by Arnaout et al. (2025), which contains im-
pactful and non-impactful citations. For the system
of Arnaout et al. (2025), the predicted labels are
compared directly with the ground-truth categories
of impact-revealing and other. For our system, we
define the label set £ = {0, 1,2}, corresponding
to low, medium, and high impact. We map low
and medium to other and high to impact-revealing,
reducing £ to {0, 1} for direct comparison.

We compute model accuracy as the fraction of
citations whose predicted labels match the ground
truth. We also report precision, recall, and F1 score
for the impact-revealing class in Table 1.

6 Results and Conclusion

We evaluate on 442 citing papers and 1338 cited
papers in Table 1. Our method outperforms prior
state-of-the-art impact classifier by +9.5% in ac-
curacy and +8.3% in F1 score on average across
all three models. We also find that Qwen3-30B is
a strong alternative to GPT-5.1, offering compet-
itive performance at lower cost. Figure 5 shows
the qualitative results and reveals that 04-mini and
Qwen3-30B achieve higher recall on UKP only be-
cause they tend to favor the impact-revealing class.

In conclusion, we show that considering all
references jointly within a citing paper provides
richer signal than classifying each citation indepen-
dently. Combined with its efficiency and strong
open-source model performance, CRISP enables
scalable, cost-effective citation impact analysis.



Limitations

This work analyzes citing papers from psychol-
ogy, medicine, and computer science. While this
captures variations in the number of references in
papers and citing practices across different fields, it
does not comprehensively represent all disciplines.
Additionally, only scientific papers written in En-
glish were analyzed.

In practice, as the list of references grows, mod-
els struggle to rank the complete list despite having
sufficiently large context windows. The number
of unranked references differs across models, with
GPT-5.1 showing the best performance, suggest-
ing this limitation will diminish as models improve.
Further analysis can be found in §B.

It is also worth noting that if the Semantic
Scholar API (Kinney et al., 2023) fails to retrieve
information for a given paper (some responses for
reference details are empty), the subsequent steps
of our pipeline cannot be completed.

Finally, an open problem is that authors some-
times cite work differently from what they perceive
as impactful, as revealed by interviews in our pilot
study. More details can be found in §D.

Ethics Statement

The dataset used in CRISP consists of publicly
available scholarly data obtained through the Se-
mantic Scholar API (Kinney et al., 2023), used in
accordance with its terms of service. This data
contains author names as part of the standard bibli-
ographic record, but no sensitive personal informa-
tion. Therefore, no additional anonymization was
performed.

CRISP is intended for research purposes only.
Potential future applications include generating im-
pact reports for authors to review how their work is
cited over time. We note, however, that a potential
risk of characterizing impact from citation contexts
is that it could incentivize authors to strategically
frame their citations to influence impact scores.
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A Experiment Details

Figure 3 shows our definition of citation impact
and the instruction used to rank a citing paper’s
references, with a sample output in Figure 4. Fig-
ure 8 displays the aggregated rankings from three
independent runs using GPT-5.1. We use these ag-
gregated ranking files to predict impact labels via
an ordinal regression model (§C).

B Analysis of Missing References

As noted in §5, we rank references by their impact
on the citing paper. We find that as the number
of references grows, models struggle to rank the
complete list despite having large context windows
of at least 200k tokens. Figure 6 shows this effect.

When the citing paper contains fewer than 40 ref-
erences, all three models successfully rank nearly
every reference. However, as the reference list
grows, the number of missing references increases
sharply. GPT-5.1 and Qwen3-30B degrade more
gracefully, with GPT-5.1 omitting roughly 70 ref-
erences on average for papers with 200-240 ref-
erences. In contrast, o4-mini exhibits the steepest
decline, failing to rank over 170 references on av-
erage in the same range.

These results suggest that, although the models
can technically ingest long contexts, they struggle
to rank all items as the reference list grows.

C Alternative Impact Label Assignment
Approach

While majority voting performs strongly as an ag-
gregation technique for impact classification (§4),
a limitation of this approach is that the resulting la-
bels are not guaranteed to decrease monotonically
with rank. For example, the paper ranked fifth
could receive a Low label, while the paper ranked
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sixth could receive a Medium label. This violates
the assumption that impact categories follow the
order High > Medium > Low.

To address cases where an aggregated ranking
with references sorted by impact is needed, we
propose an alternative method based on ordinal
regression that ensures labels respect this ordering.
Aggregating Ranks:

We aggregate the three rankings generated by
the LLLM judge for each citing paper using Recip-
rocal Rank Fusion (RRF) (Cormack et al., 2009).
Following Cormack et al. (2009), we compute the
RREF score as

N
1
RRF-score(p) = —_
; k + rank;(p)

where p denotes a cited paper, N = 3 since each
citing paper produces three rankings, k is a constant
(we set k = 60), and rank;(p) is the rank of paper
p in the ¢-th ranking.

As noted in §B, some references do not appear
in all ranked lists. For such cases, we compute
the mean of the non-empty values among rank; (p),
ranks(p), and ranks(p), and use this value to im-
pute the missing ranks. If a paper does not appear
in any of the three rankings, it is excluded from the
final aggregated list. In addition, hallucinated refer-
ences that are not present in the original reference
list are discarded during aggregation. Furthermore,
if a cited paper appears multiple times within the
same ranking, we retain only its lowest (best) rank.
For example, if a paper p is ranked both 1 and 3 in
the same ranking r;, we use 1 as rank;(p).

We release the dataset of aggregated rankings
produced by the LLM judges using the models
GPT-5.1, 04-mini, and Qwen3-30B-A3B-Instruct-
2507-FP8 (Team, 2025). Specifically, the dataset
contains the aggregated rankings for each of the
442 citing papers per model we generated in our ex-
periments (§5), for a total of 1,326 files. A sample
aggregated ranking is shown in Figure 8.
Predicting Impact Labels with an Ordinal Re-
gression Model:

Training Data Construction. For each of the 442
citing papers, we collect the ranked reference lists
produced by the three independent LLLM runs de-
scribed in §4. For each cited reference, we con-
struct a feature vector consisting of the raw ranks
from each run (rq,ro, rg), the normalized ranks
(r;/N, where N is the total number of references
in the citing paper), the standard deviation across

Citation Impact  Model Acc. P R F1
Classifier

GPT-5.1 78.9+1 736 627 67.7

Ours (Ord. Reg.)  04-mini 64.3+1.1 764 545 622

Qwen3 30B 75.9+1 756 48.6 59.1

Table 2: Results using an ordinal regression model to
predict impact labels. Reported accuracies include the
standard error (£ SE).

the three runs, and the mean rank. If a reference
is missing a rank from one or two runs, we im-
pute the missing value(s) with the median of the
available ranks. Normalizing by the reference list
length ensures comparability across citing papers
with different numbers of references. The impact
label (Low, Medium, or High) for the training data
is determined by majority vote over the three runs’
impact category assignments.

To prevent data leakage, we exclude all (citing

paper, cited paper) pairs that appear in our held-out
test set prior to model fitting. The held-out test
set consists of the 1,338 cited papers for which
we have ground-truth impact annotations from the
dataset released by Arnaout et al. (2025). There-
fore, the training data comprises only the remaining
references that were ranked alongside the test pairs
during the per-paper ranking step but do not them-
selves appear in the evaluation set. Importantly,
the normalization factor NV is computed from the
full reference list before exclusion, preserving the
original scale of the citing paper.
Model Training. We train a single global ordinal
regression model pooled across all citing papers,
rather than fitting per-paper models, to maximize
training signal. We use the Immediate-Threshold
variant of ordinal logistic regression (Pedregosa-
Izquierdo, 2015) from the mord library, which re-
spects the natural ordering of the three impact cat-
egories through shared threshold parameters. The
model is regularized with an L2 penalty (o = 1.0).
Prediction. At inference time, we apply the
trained global model to the aggregated ranking pro-
duced by RRF (§C) for each citing paper. For
every reference in the aggregated list, we construct
the same feature vector used during training from
its per-run ranks and predict an impact category
(Low, Medium, or High). The predicted label is
then assigned to the corresponding entry in the
RRF-aggregated ranking, yielding a final output in
which each cited reference has both an aggregated
rank and a predicted impact category. A sample
output is shown in Figure 8.



Results. Table 2 reports the performance of the
ordinal regression model. These results are evalu-
ating the same 1,338 cited papers described in §5.
Our method outperforms the approach of Arnaout
et al. (2025) across all models. Compared to our
majority-vote approach (Table 1), ordinal regres-
sion yields similar overall performance: GPT-5.1
improves slightly in accuracy (78.9 vs. 78.6) while
maintaining the same F1 of 67.7. For o4-mini and
Qwen3-30B, the model trades recall for higher pre-
cision, resulting in slightly lower F1 scores. These
results suggest that ordinal regression provides a
lightweight post-processing refinement over ma-
jority vote without requiring additional LLM calls,
with the largest benefit when the underlying LLM
judge is already strong. The qualitative results are
shown in Figure 7.

D Pilot Study

Prior to running the experiments described in §5,
we conducted a pilot study to evaluate the effective-
ness of the prompt shown in Figure 3 for ranking
references by their impact on their citing papers.
Using a custom annotation interface we designed,
six annotators ranked references from a paper they
co-authored according to our predefined impact
criteria. The annotators were PhD students from
our lab who volunteered to participate; no mone-
tary compensation was offered and all names are
anonymized.

Figures 9-12 illustrate the custom annotation in-
terface we designed for the study. Figure 9 shows
the main annotation task layout. Figure 10 displays
the complete list of references for an annotator’s
paper. Figure 11 demonstrates the feature we added
to reveal cited papers’ citation context. Lastly,
Figure 12 presents the final ranked list generated
within the interface. As shown in Figure 12, the
impact definition for each category was available
to the annotators throughout the task, and citations
were color-coded according to their corresponding
impact category.

We compute the Spearman rank correlation be-
tween each annotator’s ranking and the ranking gen-
erated by GPT-5.1 using the same prompt from our
experiments (Figure 3). As shown in Figure 13, all
correlation values exceeded 0.7, indicating strong
agreement. These results suggest that our prompt
produces rankings that closely align with how au-
thors would rank their citations, though we defer a
more comprehensive evaluation to future work.

E Disclosure on the Use of Generative
Assistants

The authors adhered to ACL’s guidelines for ap-
propriate use of generative assistance in authorship.
In particular, we used generative assistants to pol-
ish our original writing. Additionally, we used
LLM-powered tools, such as (Allen Institute for
Al, 2025), for literature search.



Impact label assignment to every cited paper in N, «(p)

The task is to rank all of the references R (where R is a list of papersr_1,r_2, ...) of a given paper P based on how impactful
and influential each r_n was on P.

The paper P you will be analyzing is:
Title: {main_paper_title}
Abstract: {main_paper_abstract}

The list of references is given below (each reference includes paper ID, title, and context of citation): {references_text}
Impact categories:

1. High-impact citations: These are the papers without which your own work would not have been possible. They supply
essential conceptual, methodological, or operational ingredients.

- Conceptual or operational indispensability: The reference provides a unique conceptual insight, methodological
innovation, dataset, or technique that is directly instrumental to your paper. Examples: a specific algorithm your method
extends; a benchmark or dataset your study critically depends on; a theoretical formulation your contribution builds on.

- Organic necessity: The reference is uniquely and genuinely required for a reader to understand how your paper works or
how its core logic unfolds. Without this citation, the intellectual lineage of your method would be opaque or incomplete.

- Typical quantity: 1-5 papers (or even 1).

2. Medium-impact citations: These are papers that helped you write your paper, but were not fundamentally irreplaceable.
You could have used an alternative prior work or formulation, but you chose this one because it was particularly useful, clear,
or canonical.

- Conceptual or operational contribution (non-unique): The reference conveys an idea, dataset, or model family that
meaningfully helped your setup, but other comparable alternatives exist. Examples: selecting LLaMA-1 vs LLaMA-2; choosing
one evaluation protocol among several similar ones; relying on one of several formulations of a known concept.

- Organic helpfulness: The reference is genuinely helpful for understanding your paper, but not uniquely necessary. It
situates your work clearly, but your contribution does not hinge on this specific citation.

- Typical quantity: roughly 5-15 papers.

3. Low-impact citations: These citations provide background, context, or perfunctory acknowledgement, but the core
contribution of your paper is not dependent on them in any strong way.

- Background or definitional citations: References used to define a task (e.g., Question Answering), introduce a general
problem area, or acknowledge standard terminology. The same role could have been fulfilled by many other papers.

- Perfunctory or field-signaling citations: The reference mainly signals that prior work exists in the broad area. The citing
paper does not substantively depend on the specific ideas of the cited work.

- Typical quantity: the majority of citations.

Please output the ranked references as a **JSON array**, where each entry has:
- "rank": integer

- "paperld": string

- "title": string

- "contexts": string (all citation contexts)

- "reason": string (why this rank was assigned)

- "category": string ("High", "Medium", "Low")

INN N

Return **valid JSON only**, without any extra text. DO NOT wrap the output in ~™" or ~*"json.

DO NOT include any explanation, commentary, or text outside the JSON array.

Figure 3: Shows the prompt used in our system to define impact and rank cited papers based on their impact
category.



{

"rank": 1,

"paperId”: "5507d267bbfob4cdb9f893c3c0960a45016f7010",

"title”: "Deep Leakage from Gradients”,

"contexts”: "For DLG [1], as described by the authors, we start the procedure with the randomly initialized dummy
data and outputs ( x (cid:48), y (cid:48) ), then iteratively update them to minimize the gradient matching
objective. | Recent work by Zhu et al. [1] presents an approach (DLG) to steal the proprietary data protected
by the participants in distributed learning from the shared gradients. | In this section, we empirically
demonstrate the advantages of our (iDLG) method over DLG [1]. | However, recent work by Zhu et al., \"Deep
Leakage from Gradient\"” (DLG) [1] showed the possibility to steal the private training data from the shared
gradients of other participants. | ...for 300 iterations, and evaluate the performance in terms of (i) the
accuracy of the extracted labels c (cid:48), and (ii) the fidelity of the extracted Dataset DLG iDLG MNIST
89.9% 100.0% CIFAR-100 83.3% 100.0% LFW 79.1% 100.0% Table 1: Accuracy of the extracted labels for DLG [1] and

iDLG. | Following the settings in [1], we use the randomly initialized LeNet for all experiments. | - We
empirically demonstrate the advantages of iDLG over DLG [1] via comparing the accuracy of extracted labels and
the fidelity of extracted data on three datasets. | This enables us to always extract the ground-truth labels
and significantly simplify the objective of DLG [1] in order to extract good-quality data.”,

"reason": "The entire contribution of iDLG is explicitly positioned as an improvement over DLG. The problem setting,

core optimization objective (gradient matching), baseline method, experimental protocol (including LeNet and
evaluation metrics), and even the paper’s name are derived from or defined relative to this work. The logic of
iDLG--both conceptually (what it improves) and empirically (what it compares against)--is unintelligible
without DLG. Thus it is conceptually and operationally indispensable, making it a high-impact citation.”,

"impactCategory”: "High”

},
{

"rank": 2,

"paperId”: "6a6ad9eb495739f4c80e7c09598720c3d5c5dff7",

"title": "Federated Learning: Collaborative Machine Learning without\nCentralized Training Data”,

"contexts”: "In multi-node distributed learning systems such as Collaborative Learning [2, 3, 4] and Federated
Learning [5, 6, 7], it is widely believed that sharing gradients between nodes will not leak the private
training data.”,

"reason": "This is a canonical paper defining the federated learning paradigm, which provides the main application
context where gradient sharing occurs. iDLG’s motivation--privacy leakage in distributed / federated setups--
relies on this paradigm. However, any of several federated learning introductions could have served a similar
role; the iDLG method itself does not technically depend on this specific paper. Hence it is important context

but replaceable, so medium impact.”,

"impactCategory”: "Medium”

},
{

"rank": 3,

"paperId”: "7fcb90f68529cbfab49f471b54719ded7528d0oef ",

"title": "Federated Learning: Strategies for Improving Communication Efficiency”,

"contexts”: "In multi-node distributed learning systems such as Collaborative Learning [2, 3, 4] and Federated
Learning [5, 6, 7], it is widely believed that sharing gradients between nodes will not leak the private
training data.”,

"reason": "This work further characterizes federated learning systems and communication strategies, reinforcing the
setting where gradients are shared. It supports the real-world relevance of the attack scenario but is not
directly used in the method or experiments. Other federated learning references could substitute it, so it is
context-setting and thus medium rather than high impact.”,

"impactCategory”: "Medium”

3,
% omitted entries for brevity
{

"rank": 7,

"paperId”: "f2f8f7a2eclb2ede48cbcdi189b376ab9fa0735ef",

"title”: "Privacy-preserving deep learning”,

"contexts”: "In multi-node distributed learning systems such as Collaborative Learning [2, 3, 4] and Federated
Learning [5, 6, 7], it is widely believed that sharing gradients between nodes will not leak the private
training data.”,

"reason": "This paper offers an early privacy-preserving framework for deep learning and is cited to indicate that
prior work assumed gradient/parameter sharing can preserve privacy. It supports the contrast between perceived
and actual privacy guarantees that iDLG exposes. Nonetheless, the iDLG algorithm does not depend on any of
its mechanisms or theory; the citation is mainly motivational and background, so medium impact."”,

"impactCategory”: "Medium”

3,
{

"rank": 8,

"paperId”: "5d90f@6bb70a0a3dced62413346235c02b1aa086",

"title”: "Learning Multiple Layers of Features from Tiny Images"”,

"contexts”: "We perform experiments on the classification task over three datasets: MNIST [8], CIFAR-100 [9], and
LFW [10] with 10, 100, and 5749 categories respectively."”,

"reason”: "This technical report defines the CIFAR-100 dataset, which is one of the main benchmarks used to evaluate
iDLG’s label extraction and data reconstruction performance. The choice of CIFAR-100 helps demonstrate
scalability across many classes and more complex images, but in principle another comparable dataset could
have been used. It operationally supports experiments but is not uniquely necessary, making it a low-to-medium
impact citation; given the categories, it best fits low impact as a standard dataset reference.”,

"impactCategory”: "Low"

},
% omitted entries for brevity
{

"rank": 11,

"paperId”: "1267fe36b5ece49a9d8f913eb67716a040bbcced”,

"title": "On the limited memory BFGS method for large scale optimization”,

"contexts”: "L-BFGS [11] with learning rate 1 is used as the optimizer.”,

"reason": "This optimization paper is referenced to justify the use of L-BFGS for matching gradients when
reconstructing data and labels. While L-BFGS may influence convergence behavior in practice, the conceptual
contribution of iDLG--the analytic label recovery from gradients--does not depend on this specific optimizer.
Many gradient-based optimizers could fill this role with similar effect. Thus it is an implementation-level,
replaceable choice and so low impact.”,

"impactCategory”": "Low"

}
]

Figure 4: Shows a sample output using Prompt 3 with GPT-5.1. This is the impact label assignment and
ranked references of the citing paper iDLG: Improved Deep Leakage from Gradients.
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Figure 5: Confusion matrices per model for assigning impact labels through majority vote. Rows represent actual
labels; columns represent predicted categories. To compare both approaches (collapsing High to impact-revealing
and Medium/Low to other, as described in 5), we find that our method produces more discriminative boundaries,
substantially reducing false positives across all three models. Notably, GPT-5.1 achieves this while maintaining
comparable recall (0.65 vs. 0.64), demonstrating that our method improves precision without sacrificing sensitivity.
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Figure 6: Mean number of missing references in the aggregated ranks per model as a function of the number of
references in the citing paper. All three models rank nearly all references when the reference list is less than 40.
However, they omit more references as the list grows longer. 04-mini exhibits the steepest degradation, while

GPT-5.1 and Qwen3-30B are more robust.
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Figure 7: Confusion matrices per model for assigning impact labels with an ordinal regression model. Rows
represent actual labels; columns represent predicted categories. GPT-5.1 achieves the best performance in identifying
impactful citations and reducing false positive. However, we see a slight decrease in performance with Qwen3-30b.
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"rank": 1,

"paperId”: "5507d267bbfOb4cdb9f893c3c0960a45016f7010",
"title": "Deep Leakage from Gradients”,

"rrf_score”: 0.04918032786885246,
"num_rankings_found": 3,

"predicted_impact”: "High"

"rank": 2,

"paperId"”: "6a6ad9eb495739f4c80e7c09598720c3d5c5dff7",

"title”: "Federated Learning: Collaborative Machine Learning without\nCentralized Training Data”,
"rrf_score”: ©.04788306451612903,

"num_rankings_found": 3,

"predicted_impact”: "Medium"”

"rank": 3,

"paperId”: "7fcb90f68529chfab49f471b54719ded7528d0oef",

"title": "Federated Learning: Strategies for Improving Communication Efficiency”,
"rrf_score”: 0.047619047619047616,

"num_rankings_found": 3,

"predicted_impact”: "Medium”

"rank": 4,

"paperId"”: "8a564ee@7fa930ebc1176019deacdc9951063a99",
"title”: "Collaborative Learning for Deep Neural Networks"”,
"rrf_score”: 0.046153846153846156,

"num_rankings_found”: 3,

"predicted_impact”: "Medium”

"rank": 5,

"paperId”: "49bdeb0@7b045dd77f0bfe2b44436608770235a23",

"title": "Federated Learning: Challenges, Methods, and Future Directions”,
"rrf_score”: 0.04595588235294118,

"num_rankings_found": 3,

"predicted_impact”: "Medium"”

"rank": 6,

"paperId"”: "8bdf6f@3bde08c424c214188b35be8b2dec7cdea”,
"title”: "Inference Attacks Against Collaborative Learning”,
"rrf_score”: 0.045228403437358664,

"num_rankings_found"”: 3,

"predicted_impact”: "Medium”

"rank": 7,

"paperId”: "f2f8f7a2eclb2ede48cbcd189b376ab9fa0735ef",
"title": "Privacy-preserving deep learning”,
"rrf_score”: 0.04500226142017187,
"num_rankings_found": 3,

"predicted_impact”: "Medium"”

"rank": 8,

"paperId”: "1267fe36b5ece49a9d8f913eb67716a040bbcced”,

"title”: "On the limited memory BFGS method for large scale optimization”,
"rrf_score”: 0.04429804634257156,

"num_rankings_found": 3,

"predicted_impact”: "Low"

"rank": 9,

"paperId”: "5d90f06bb70a0a3dced62413346235c02b1aa086",

"title": "Learning Multiple Layers of Features from Tiny Images”,
"rrf_score”: ©.04390451832907076,

"num_rankings_found": 3,

"predicted_impact”: "Low"

"rank": 10,

"paperId”: "c6b3ca4f939e36a9679a70el4ce8blbbbc5618f3",

"title": "Labeled Faces in the Wild: A Database forStudying Face Recognition in Unconstrained Environments”,
"rrf_score”: ©.0432712215320911,

"num_rankings_found": 3,

"predicted_impact”: "Low"

"rank": 11,

"paperId”: "162d958ff885f1462aeda91cd72582323fd6alf4",

"title": "Gradient-based learning applied to document recognition”,
"rrf_score”: 0.04265593561368209,

"num_rankings_found": 3,

"predicted_impact”: "Low"

Figure 8: Shows a sample output of the ordinal regression model predicting impact labels for the ranked
references of the citing paper iDLG: Improved Deep Leakage from Gradients.
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INSTRUCTIONS TASK User:

Instructions
You will receive a list of papers (r,, r,, r,, ...) that you cited in a paper P you co-authored. First, you will rank the papers based on their impact on P. Once you have finished sorting, you will place the impact category separators (high,
medium, low impact) in the list. Papers positioned under a separator belong to that category, and their colors will reflect the category they are placed under.

Definitions of impact categories:

High-impact citations
These are the papers without which your own work would not have been possible. They supply essential conceptual, methodological, or operational ingredients.
Useful criteria:
« Conceptual or operational indispensability: The reference provides a unique conceptual insight, methodological innovation, dataset, or technique directly instrumental to your paper. Examples: a specific algorithm your method extends; a benchmark or dataset your
study critically depends on; a theoretical formulation your contribution builds on.

+ Organic necessity: The reference is uniquely and genuinely required for a reader to understand how your paper works or how its core logic unfolds. Without this citation, the intellectual lineage of your method would be opaque or incomplete.
« Typical quantity: 1-5 papers (or even 1).

Medium-il

pact citations

Papers that helped you write your paper but were not fundamentally irreplaceable. You could have used an alternative prior work or formulation, but you chose this one because it was particularly useful, clear, or canonical.
Useful criteria:

« Conceptual or operational contribution (non-unique): idea, dataset, or model family helped your setup but alternatives exist. The reference conveys an idea, dataset, or model family that meaningfully helped your setup, but other comparable alternatives
exist.Examples: selecting LLaMA-1 vs LLaMA-2; choosing one evaluation protocol among several similar ones; relying on one of several formulations of a known concept.

« Organic helpfulness: genuinely helpful but not uniquely necessary. It situates your work clearly, but your contribution does not hinge on this specific citation.

« Typical quantity: roughly 5-15 papers.

Low-impact citations

Provide context, or but the core of your paper is not dependent on them in any strong way.
Useful criteria:
+ Background or definitional citations: References used to define a task (e.g., Question Answering), introduce a general problem area, or acknowledge standard terminology. The same role could have been fulfilled by many other papers.

« Perfunctory or field-signaling citations: The reference mainly signals that prior work exists in the broad area. The citing paper does not substantively depend on the specific ideas of the cited work.
« Typical quantity: the majority of citations.

Figure 9: The main layout of the custom annotation interface used in the pilot study, showing the overall task setup
and instructions for ranking references by impact.

INSTRUCTIONS TASK User:

1. Please sort/reorder the papers you cited in Efficacy of Language Model Self-Play in Non-Zero-Sum Games based on their impact on your paper. Drag to reorder. You can click on the Instructions tab at
any time to check how we define impact.

2. Click on "Add Impact Categories" when you are done sorting and put the papers under their impact category in order. The colors of the papers will reflect the category under which they are on.

If you want to see how you cited these papers, click on "Show Citation Contexts". Thank you so much for your help!

Deal or No Deal? End-to-End Learning of Negotiation Dialogues
Core dataset, task, and game contexts; the experiments, evaluation, and even initialization directly depend on Lewis et al. (2017).

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
Closest domain-specific prior on negotiation self-play; directly frames methodological contrast and baseline expectations for improvements.

and of Digital Agents
Methodologically central as prior on terative filtered behavior cloning, highlighting similarities and differences (single-agent vs multi-agent).

STaR: i ing With i
Canonical reference for filtered behavior cloning/bootstrapped filtering that underpins the training algorithm.

BAIL: Best-Action Imitation Learning for Batch Deep Reinforcement Learning
Provides the best-actionffitered imitation idea that motivates selecting high-quality trajectories for behavior cloning

Collaborating with Humans without Human Data
Conceptually central: articulates the limitations of self-play in collaborative settings that this paper directly investigates and challenges.

Nacisinn.Oriantad Nialnaua far Human.Al Callaharatinn

SHOW CITATION CONTEXTS ADD IMPACT CATEGORIE:

Figure 10: The full list of references from an annotator’s paper displayed within the interface, allowing users to rank
their references by dragging and reordering them according to the impact criteria.
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INSTRUCTIONS TASK User:

1. Please sort/reorder the papers you cited in Efficacy of Language Model Self-Play in Non-Zero-Sum Games based on their impact on your paper. Drag to reorder. You can click on the Instructions tab at
any time to check how we define impact.

2. Click on "Add Impact Categories" when you are done sorting and put the papers under their impact category in order. The colors of the papers will reflect the category under which they are on.

If you want to see how you cited these papers, click on "Show Citation Contexts". Thank you so much for your help!

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
Closest domain-specific prior on negotiation self-play; directly frames methodological contrast and baseline expectations for improvements

Context: Another closely related work is Fu et al. (2023), which uses self-play to refine language models for a bargaining task. | A wave of recent work has focused on meth-ods for
autonomously improving large language models at training (Ouyang et al., 2022; Bai et al., 2022; Abdulhai et al., 2023) or inference (Shinn et al., 2023; Yao et al., 2023; Wu et al., 2024) time. |
Further, while our work focuses on finetuning models, Fu et al. (2023) present models with in-context demonstrations of previous games and natural language feedback from a critic model
(similar to Re-flexion (Shinn et al., 2023)), leading to less major performance improvements.

Al { Closest domain-specific prior on r iation self-play; directly frames methodological contrast and baseline expectations for improvements.

and of Digital Agents

Methodologically central as prior on iterative filtered behavior cloning, highlighting similarities and differences (single-agent vs multi-agent).

Context: More closely related to our work is Pan et al. (2024), which iteratively trains models for device-control tasks using filtered behavior cloning; however, in contrast to our work, Pan et al.
(2024) studies a single agent interacting with an environment, rather than multiple agents interacting with... | ...related to our work is Pan et al. (2024), which iteratively trains models for device-
control tasks using filtered behavior cloning; however, in contrast to our work, Pan et al. (2024) studies a single agent interacting with an environment, rather than multiple agents interacting with
one another. | To apply similar methods not just in game-playing domains but in real-world scenarios, we anticipate that models will need to rely on feedback from general-purpose, learned
reward models (e.g., as in Du et al., 2023; Pan et al., 2024).

Al Rationale: Methodologically central as prior on iterative filtered behavior cloning, hit imilarities and (single-agent vs multi-agent).

STaR: i ing With il

Canonical reference for filtered behavior cloning/bootstrapped filtering that underpins the training algorithm.

Context: We implement a straightforward algorithm for language model self-play based on filtered behavior cloning (filtered BC; Chen et al., 2020, 2021; Zelik-man et al., 2022).
Al Rationale: Canonical reference for filtered behavior cloning/bootstrapped filtering that underpins the training algorithm.

BAIL: Best-Action Imitation Learning for Batch Deep Reinforcement Learning
Provides the best-action/filtered imitation idea that motivates selecting high-quality trajectories for behavior cloning

HIDE CITATION CONTEXTS ADD IMPACT CATEGORIES

Figure 11: A feature of the interface that reveals the citation context when the "Show Citation Contexts" button is

clicked, illustrating how each reference was cited in the paper.

INSTRUCTIONS TASK User:

1. Please sort/reorder the papers you cited in Efficacy of Language Model Self-Play in Non-Zero-Sum Games based on their impact on your paper. Drag to reorder. You can click on the Instructions tab at
any time to check how we define impact.

2. Click on "Add Impact Categories" when you are done sorting and put the papers under their impact category in order. The colors of the papers will reflect the category under which they are on.

If you want to see how you cited these papers, click on "Show Citation Contexts". Thank you so much for your help!

High-impact citations

High-impact citations: These are the papers without which your own work would not have been possible. They supply essential conceptual, methodological, or operational ingredients.

Useful criteria:

- Conceptual or operational indispensabilty: The reference provides a unique conceptual insight, methodological innovation, dataset, or technique that is directly instrumental to your paper. Examples: a specific algorithm your method
extends; a benchmark or dataset your study critically depends on; a theoretical formulation your contribution builds on.

- Organic necessity: The reference is uniquely and genuinely required for a reader to understand how your paper works or how its core logic unfolds. Without this citation, the intellectual lineage of your method would be opague or
incomplete.

- Typical quantity: 1-5 papers (or even 1).

Deal or No Deal? End-to-End Learning of Negotiation Dialogues
Core dataset, task, and game contexts; the experiments, evaluation, and even initialization directly depend on Lewis et al. (2017).

Medium-impact citations

Medium-impact citations: These are papers that helped you write your paper, but were not fundamentally irreplaceable. You could have used an alterative prior work or formulation, but you chose this one because it was particularly
useful, clear, or canonical.

Useful criteria:

+ Conceptual or operational contribution (non-unique): The reference conveys an idea, dataset, or model family that meaningfully helped your setup, but other comparable alternatives exist. Examples: selecting LLaMA-1 vs LLaMA-2;
choosing one evaluation protocol among several similar ones; relying on one of several formulations of a known concept.

- Organic helpfulness: The reference is genuinely helpful for understanding your paper, but not uniquely necessary. It situates your work clearly, but your contribution does not hinge on this specifc citation.

- Typical quantity: roughly 5-15 papers.

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
Closest domain-specific prior on negotiation self-play; directly frames methodological contrast and baseline expectations for improvements.

SHOW CITATION CONTEXTS SUBMIT

Figure 12: The final ranked list of references generated within the interface, showing the outcome of the annotation

task with color-coded impact categories. Annotators submit their final ranked list of references.
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Figure 13: Shows the Spearman correlation between each annotator’s ranking and the ranking generated by GPT-5.1
using the same prompt from our experiments. The n value above each bar represents the total number of references
ranked in that paper. All correlation values exceeded 0.7, indicating strong agreement.
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