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Abstract

Scientific paper retrieval, particularly framed as
document-to-document retrieval, aims to iden-
tify relevant papers in response to a long-form
query paper, rather than a short query string.
Previous approaches to this task have focused
exclusively on abstracts, embedding them into
dense vectors as surrogates for full documents
and calculating similarity between them. Yet,
abstracts offer only sparse and high-level sum-
maries, and such methods primarily optimize
one-to-one similarity, overlooking the dynamic
relations that emerge across relevant papers dur-
ing the retrieval process. To address this, we
propose Chain of Retrieval (COR), a novel iter-
ative framework for full-paper retrieval. Specif-
ically, COR decomposes each query paper into
multiple aspect-specific views, matches them
against segmented candidate papers, and iter-
atively expands the search by promoting top-
ranked results as new queries, thereby forming
a tree-structured retrieval process. The result-
ing retrieval tree is then aggregated in a post-
order manner: descendants are first combined
at the query level, then recursively merged with
their parent nodes, to capture hierarchical re-
lations across iterations. To validate this, we
present SCIFULLBENCH, a large-scale bench-
mark providing both complete and segmented
contexts of full papers for queries and candi-
dates, and results show that COR significantly
outperforms existing retrieval baselines.

1 Introduction

Information Retrieval (IR) is the task of searching
for query-relevant documents from a large exter-
nal corpus, evolving from sparse keyword match-
ing (Sparck Jones, 1972; Robertson et al., 1995) to
dense representation-based similarity (Karpukhin
et al., 2020; Izacard et al., 2021). Notably, in the
era of Large Language Models (LLMs) (Achiam
et al., 2023; Team et al., 2023; Dubey et al., 2024;
DeepSeek-Al et al., 2025), IR has become increas-

ingly important, which allows LL.Ms to utilize up-
to-date external information (Lewis et al., 2020).
In contrast to conventional retrieval tasks, whose
queries are short (such as questions or keywords),
scientific paper retrieval poses unique challenges.
Specifically, queries are structured, long-form doc-
uments that encapsulate diverse aspects, ranging
from research motivation and proposed methodol-
ogy to experimental design and empirical findings.
Also, relevance in this setting is inherently multi-
faceted, as a paper may be considered relevant for
various reasons, such as pursuing similar research
objectives or employing comparable methods.
However, previous work has focused on abstract-
level representations as a proxy for full papers (Co-
han et al., 2020; Yasunaga et al., 2022; Osten-
dorff et al., 2022; Singh et al., 2023; Zhang et al.,
2023a), fine-tuning models on citation-linked pairs
of papers, each represented by its abstract and title.
While they are effective to some extent, abstracts
are inherently sparse and offer only high-level sum-
maries, making them insufficient to capture the
nuanced, multi-faceted relationships between scien-
tific works. As a result, abstract-based approaches
are limited to shallow similarity and struggle with
tasks requiring deeper contextual understanding of
full papers beyond surface-level abstracts, such as
identifying complementary works, synthesizing lit-
erature reviews, or generating novel research direc-
tions (Asai et al., 2024; Baek et al., 2024; Chamoun
et al., 2024; Jin et al., 2024; D’ Arcy et al., 2024).
Nevertheless, it is non-trivial to represent and
retrieve full scientific papers. On the one hand, full
papers often exceed 100K tokens in length, far sur-
passing the context limits of most embedding mod-
els. Even if encoded into a single vector, represent-
ing its diverse aspects (e.g., motivation, methods,
and experiments) within a single embedding may
lead to oversimplification and blur fine-grained dis-
tinctions, particularly when relevance is tied to a
specific aspect. Moreover, existing approaches typi-
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Figure 1: Conceptual illustration of our retrieval method (C) compared to prior retrieval approaches (A and B).

cally optimize semantic similarity between isolated
pairs of papers, overlooking the broader, collec-
tive relations that emerge across relevant works
during retrieval. This design stands in contrast to
human information-seeking behavior in the infor-
mation foraging theory (Pirolli and Card, 1995,
1999), which is dynamic and iterative: humans con-
tinuously refine their understanding by comparing
newly encountered works with prior knowledge.

To address this, we propose Chain of Retrieval
(CoR), a novel framework designed to capture dy-
namic inter-paper relevance while leveraging the
full paper context, operated through a two-phase
process: Exploration and Aggregation, illustrated
in Figure 1. In the Exploration phase, the query
paper is decomposed into multiple aspect-specific
views, and each aspect is handled by a specialized
query optimizer, which is further trained via Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) on a self-generated preference to mitigate the
shortage of realistic supervision for multi-retrieval
systems. After retrieving with these aspect-centric
queries, the retrieved (non-duplicate) papers most
semantically aligned with the original query are
promoted for the next iteration, recursively expand-
ing the search with a tree structure.

In the Aggregation phase, results across different
depths are merged to capture higher-order relations
among retrieved works. Specifically, inspired by
the notion of triadic closure in the network the-
ory (Granovetter, 1973), we design an algorithm
that first merges top-k results among sibling nodes
(papers retrieved from the same parent), then com-
bines these aggregated results with those of their
parent node, and continues this process bottom-up
until convergence at the root. This hierarchical ag-
gregation reinforces strong multi-hop connections
while naturally attenuating weaker, indirect signals,
yielding a robust ranking of relevant papers.

We evaluate COR by extending existing paper re-

trieval benchmarks, as they are originally designed
for abstract-only retrieval, adapting them to include
full papers and more recent publications (to miti-
gate the potential model contamination) in the ML
and NLP domains, which we refer to as SCIFULL-
BENCH. Across experiments on SCIFULLBENCH,
COR consistently outperforms retrieval baselines
(that either rely on abstracts or naively encode full
papers), while remaining compatible with diverse,
domain-agnostic embedding models, highlighting
both the robustness and generality of our COR.

2 Related Work

Scientific Paper Retrieval Scientific paper re-
trieval aims to identify relevant works given a query,
which may take the form of short queries (Ajith
et al., 2024), research proposals (Garikaparthi et al.,
2025), or full papers, and the latter being the focus
of this work. Pioneering work in scientific paper-
to-paper retrieval used bibliometric statistics, such
as influence scores (Zhou et al., 2012; Mohapa-
tra et al., 2019), co-citations (Small, 1973; Haruna
et al., 2018), and bibliographic coupling (Kessler,
1963). Recently, thanks to the capability of neural
models, many studies have focused on calculating
semantic similarities between abstracts of respec-
tive documents (Bhagavatula et al., 2018; Osten-
dorft, 2020), with the embedding models optimized
to this domain. For example, Cohan et al. (2020)
and Ostendorff et al. (2022) fine-tune BERT-based
models (Devlin et al., 2019) using abstract pairs
extracted from the citation graph, and Mysore et al.
(2022) further consider the Wasserstein distance
between sentence segments within abstract pairs.
Moreover, recent studies target multiple tasks (such
as paper classification and citation prediction in ad-
dition to paper retrieval) in a unified framework by
considering their respective representations (Singh
et al., 2023; Zhang et al., 2023a). Complementary
to these, hybrid approaches integrate bibliomet-



ric signals with vector-based retrieval, reweighting
ranks via post-hoc adjustments (Hamedani et al.,
2016; Guo et al., 2022). However, such statistical
indicators (e.g., citations) primarily reflect long-
term scholarly accumulation and tend to capture ret-
rospective importance rather than the contextual in-
formation expressed in the documents themselves.
In contrast, we model paper relations dynamically
during inference using aspect-driven queries gener-
ated from the full content of scientific papers.

Query Optimization with LLMs Effective for-
mulation of queries is central to retrieval perfor-
mance, and has long been studied from classical
relevance feedback approaches (Rocchio Jr, 1971;
Salton and Buckley, 1990) to query expansion tech-
niques (Kuzi et al., 2016; Nogueira et al., 2019).
More recent methods either leverage LLMs them-
selves to reformulate queries (Yu et al., 2023a;
Wang et al., 2023; Gao et al., 2023), or further aug-
ment them with external query-relevant informa-
tion retrieved in an auxiliary step (Yu et al., 2023b;
Shen et al., 2024; Park and Lee, 2024; Lei et al.,
2024). Another line of work seeks to reduce query
ambiguity by decomposing a complex query into
smaller queries (Zheng et al., 2024; Korikov et al.,
2024). We note that our approach aligns with this
decomposition paradigm but extends it to a more
challenging setting: instead of handling short, user-
issued queries, we decompose long-form scientific
documents into multiple aspect-specific subqueries.

3 Methodology

We define the paper retrieval problem and present
Chain of Retrieval (COR), illustrated in Figure 2.

3.1 Preliminary

Paper-to-Paper Retrieval Given a query paper
D (with its abstract as Dpsiract), the goal of paper
retrieval is to return a ranked list of relevant papers
from the corpus C. In contrast to existing studies
that use Dapstract, We utilize its complete version D
for query formulation and corpus construction.

3.2 Aspect-Aware Multi-Vector Retrieval

Aspect-Aware Query Optimization Scientific
papers encapsulate multiple facets, such as research
motivation, method design, and experimental val-
idation following Baek et al. (2024) and Moussa
et al. (2025), which might not be represented by a
single query. To capture this diversity, we formu-
late the query optimization process that transforms

the full paper D into a set of aspect-specific queries.
Formally, we define a family of query optimization
functions: F = {fr, fm, fe}, where each function
f maps D to a query ¢ = f(D) that targets a spe-
cific aspect. Notably, each function is instantiated
with an LLM guided by an aspect-specific template
(see Appendix I). In addition to these fine-grained
queries, we consider the abstract Dgpgract, Since it
reflects a broad view of the overall content (that can
complement specialized views), yielding the final

query set: @ = {fi(D) | fi € F)} U {Dabstract }-

Retrieval with Multi-View Corpora Once the
optimized query set Q is formulated, we perform
retrieval individually for each query ¢ € Q. Specif-
ically, for the abstract-based query D psract, We use
a corpus Capstract that contains candidate abstracts
(as they are comparable in length and structure).
For the other aspect-specific queries derived from
the full paper, we use a segmented version of the
full corpus: Cehunked, Where each paper is split into
fixed-length chunks (likely to capture its specific
aspect) and indexed using multi-vector representa-
tions (Khattab and Zaharia, 2020; Santhanam et al.,
2021). Each query then retrieves its top-k relevant
segments, which are mapped back to their source
papers via the mapping function h(z), as follows:
Ry = {h(x) | z € Retrieve(q,C,k)}. Finally,
the resulting ranked lists of candidate papers from
all queries are aggregated to form the multi-view
retrieval pool, denoted as follows: R = {J,co Rq-

3.3 Iterative Chain-of-Retrieval

Iterative Aspect-Aware Search Expansion The
exploration phase aims to iteratively expand the
search space by promoting promising retrieved re-
sults as new queries. Specifically, starting from the
root query paper, we branch into aspect-specific
queries (namely, motivation, methods, and experi-
ments), using the process described in Section 3.2,
while excluding the abstract view. Then, each query
retrieves a set of top-k candidate papers from the
corpus, which serve as the first layer of expansion.
At each subsequent depth r, every aspect-specific
branch selects a single representative work from
its top-k results and promotes it as the next query
paper, ensuring continuity of semantic relevance
while avoiding divergence from the original query
intent, and this query paper is further decomposed
into aspect-specific queries for the next iteration.
At the end, this process grows a tree-structured re-
trieval space: after r iterations, the search expands



(A) Exploration

Next Query Selection

[Aspect-Aware Retrieval ]

Retrieved Papers

Next Queries
I—1Save Papers and Proceed Next Round]*‘

= | =
.g. - =
| OFe o=
o — — i —
p . € |
Sheme oo :: 1 R = —
Input Paper 'gl . I @

(B) Aggregation

Updated Depth M E
R-1Results R A

Merge Parent
1

M €
A R

Merge iblings

m _E m _E M
B R A R A

Depth R

Siblings #1 Siblings #2 Siblings #k

Figure 2: Overview of Chain-of-Retrieval (CoR), consisting of (A) Exploration and (B) Aggregation (formalized in Algorithm 1).

into 4(3)"~! distinct exploration paths, each corre-
sponding to an aspect-driven exploration chain.
To avoid redundancy and ensure efficiency, we
store previously selected papers in aspect-specific
caches: CACHE|a] for a € {R, M, E}, where each
cache records documents with respect to the initial
branching aspects of the root query paper, so that
any paper stored in the corresponding cache is ex-
cluded from future expansions within that branch
(to avoid repeated visits to the same works). Fur-
ther, every retrieved top-k set across depths is pre-
served in a memory M, which latter supports ag-
gregation across multiple levels of the search tree.

Recursive Post-Order Aggregation After R
rounds of expansion, we aggregate results in a
bottom-up, post-order fashion. Starting from the
leaf nodes (i.e., the final retrieved sets at depth R),
we first merge sibling results that share the same
parent using Reciprocal Rank Fusion (RRF) (Cor-
mack et al., 2009), defined as follows: RRF(P) =
> 4c0 qu(m, where rank, (P) denotes the po-
sition of paper P in the ranked list retrieved by
query g, and k is a smoothing constant. This step
(MERGESIBLINGS in Algorithm 1) emphasizes
documents consistently ranked highly across dif-
ferent aspect queries. The merged sibling sets are
then recursively combined upward with their parent
results (MERGEEDGES), gradually consolidating
evidence across the retrieval tree until the root.

It is worth noting that, through this recursive
process, rank signals from deeper layers are nat-
urally decayed: RRF suppresses the influence of
lower-ranked items, and thus papers retrieved only
at later depths contribute less to the final ranking.
Formally, the effective weight of ranks from depth
R decreases at a rate proportional to o(20)%~1,
where o is the number of query sets per retrieval.
As a result, papers strongly and repeatedly sup-
ported across multiple aspects and iterations are
reinforced, while weaker or spurious signals are

Algorithm 1 Chain-of-Retrieval (COR).
Please see Appendix F for the detailed algorithms.

Require: Root paper D; Max depth R; Top-k per query K;
Corpora C = {Cubstract, Cchunked }
Ensure: Final top-k candidates for D

: Q «+ [(D,Roo0T1)]
M

: CACHE[a] < 0 Va € {R,M,E}

:forr=0to R—1do

Mir] ], Qnex ¢ ]

for all (d, PARENT) € Q do
P < ONEHOPRETRIEVAL(d, PARENT, C, K)
M ([r].EXTEND(P)
Qnext + SELECTNEXTQUERY (P, CACHE, )

10: Q < Qnexl

11: for r = R — 1 downto 1 do

12: S <+ MERGESIBLINGS (M]r])

13: M(r — 1] <~ MERGEEDGES(M[r — 1], 5)

14: return MERGESIBLINGS(M[0])

> Exploration

VoI ns D=

> Aggregation

attenuated, yielding a robust ranking for the query.

3.4 Multi-Aspect Preference Optimization

Offline Policy Exploration To improve the qual-
ity of aspect-specific queries, we further train each
query-generation agent f with the Direct Prefer-
ence Optimization (DPO) algorithm (Rafailov et al.,
2023). A key challenge, however, lies in construct-
ing reliable agent-specific preference datasets, as
collecting human-labeled preferences for multi-
agent systems is both costly and impractical. More-
over, recent studies emphasize that initializing DPO
with the Supervised Fine-Tuned (SFT) model is
crucial to mitigate distributional shift issues (Feng
et al., 2024; Xu et al., 2024; Meng et al., 2024).
To address these challenges, we follow the syn-
thetic preference construction procedure of Meng
et al. (2024), treating an off-the-shelf instruction-
tuned LLM (Py) as the SFT policy (Pspr). Specifi-
cally, for each input paper D, we generate a set of k
rolled-out candidate queries from every functional

. HExp _ (1) (k)
agent: Qd b= UfG{fme,fE}{q(D,f)’ e ’q(D,f)}'

After that, among these candidates, we identify



the best and worst queries according to a reward
s on- oBest ©))
function: q(gff) = arg max; Reward(q(DJ)) and

qg():)f;t) = arg min; Reward(q((g f))' In addition, a

preference pair is retained only if the reward gap be-
tween those two exceeds a margin 7, ensuring that
Dpyrer contains discriminative signals for training.

Reward Formulation Designing an effective re-
ward function is crucial for preference optimiza-
tion, as it determines how query-generation agents
are guided to improve. Our principle is to provide
reward signals that are reliable and reproducible,
cost-efficient to compute, and directly aligned with
retrieval quality; thus, instead of relying on qual-
itative judgments from LLMs (LLMs-as-judge),
which are costly and potentially inconsistent, we
leverage citation links as environmental feedback,
providing direct, objective reward signals (where
we use Recall @k in practice). Also, for each agent
f € {fr, fm, fe}, we define an independent re-
ward function Rewardy, such that the reward for
one agent does not depend on the outputs of others,
under the assumption that reinforcing the quality
of aspect-specific queries individually is sufficient,
since the final retrieval results are aggregated across
agents via a linear combination of their outputs.

4 Experiments

4.1 Experimental Setup

We describe here the setup used to validate our
method. Further implementation details and train-
ing procedures are in Appendix B and Appendix C.

Datasets To evaluate full paper-to-paper retrieval,
we build upon and extend existing abstract-only
benchmarks, which we refer to as SCIFULLBENCH.
Specifically, it preserves the original retrieval for-
mulation and relevance definition, while augment-
ing each query-candidate pair with full-text content
and refreshing the corpus with more recent publi-
cations. In addition, we also evaluate COR under
abstract-only configurations on SCIFULLBENCH
(Table 17) and on an existing benchmark (Table 19),
as well as in a full-paper-to-full-paper variant of
the same benchmark (Table 20), to ensure that our
gains are not specific to the full-paper scenario and
generalize across retrieval regimes, on which COR
consistently outperforms the baselines.

To build SCIFULLBENCH, we follow prior work
on scientific paper retrieval (Singh et al., 2023;
Medi¢ and Snajder, 2022; Cohan et al., 2020) and
define relevance using neighboring relationships in

the academic citation graph, including both incom-
ing citations and outgoing references. Query pa-
pers are collected from major ML (NeurIPS, ICLR)
and NLP (ACL, EMNLP) venues using OpenRe-
view API!, ACL—Anthologyz, and SEA (Yu et al.,
2024). We then retain papers with at least ten rel-
evant neighbors and randomly sample 400 query
papers per venue. For the retrieval corpus, we col-
lect CS-related papers from arXiv (2020-2025)3,
where full text is publicly available, resulting in ap-
proximately 40K papers. Lastly, we post-process
papers by removing reference sections, filtering
citation markers, and eliminating their in-text men-
tions, to avoid hindsight leakage. Further dataset
construction details are provided in Appendix A.

Retrieval Models We compare our method with
existing retrievers developed for scientific paper re-
trieval, as follows: SPECTER2 Base (Singh et al.,
2023); SciNCL (Ostendorft et al., 2022); SciMult-
MHAExpert (Zhang et al., 2023a); SPECTER2
Adapters + MTL CTRL (Singh et al., 2023). We
also consider off-the-shelf general-purpose embed-
ding models, such as Jina-Embeddings-V2-Base-
EN (Giinther et al., 2023), BGE-M3 (Chen et al.,
2024a), and Inf-Retriever-vl-1.5B (Yang et al.,
2025), leveraged further as backbones of COR.

Retrieval Units We consider various retrieval
units, where we denote A for Abstract, F for Full
paper*, and C for chunked context (i.e., segmented
units of the full paper, each capped at 3K tokens).
Using them, we consider four retrieval setups: A2A
(Abstract-to-Abstract), F2F (Full-to-Full), A2C
(Abstract-to-Chunk), and F2C (Full-to-Chunk).

Query Optimizers We instantiate query optimiz-
ers using LLMs: the open-weight instruct models
Llama-3.2-3B-Instruct (Meta, 2024) and QWEN-
2.5-3B-Instruct (Yang et al., 2024; Team, 2024).
For reproducibility, we set the temperature to 0 and
the maximum generation tokens to 2,000.

Training and Inference Configuration For each
query, we retrieve the top-300 candidate papers. To
prevent repeatedly selecting the same candidate as
the next query, we always skip the highest-ranked
results (selected previously) and instead promote
the next-best. During preference pair construction,

'https://openreview.net/

“https://aclanthology.org/

3https://arxiv.org/

*Since full papers often exceed the context length of em-
bedding models, we truncate them up to the maximum length.



Table 1: Main results of various domain-specific and domain-agnostic retrievers on SCIFULLBENCH.

ICLR-NeurIPS ACL-EMNLP
References Citations References Citations
Methods nDCG Recall nDCG Recall nDCG Recall nDCG Recall
Lexical-Based Retrievers
BM-25 (A2A) 28.29 38.21 27.52 37.41 21.02 30.79 20.86 29.37
BM-25 (F2F) 26.34 37.02 36.48 47.47 23.38 35.10 28.08 38.58
Domain-Specific Retrievers (A2A)
SciNCL 36.24 51.80 33.07 47.90 26.12 40.71 25.58 38.91
SPECTER2-Base 35.24 50.41 34.48 49.09 25.07 39.02 26.85 40.21
SPECTER2-Adapter-MTL CTRL 36.22 51.07 33.12 47.38 25.32 38.86 25.48 38.54
SciMult-MHAExpert 0.95 45.04 28.32 41.07 23.11 36.12 22.57 33.79
- Jina-Embeddings-v2-BASE-EN
= Abstract-to-Abstract (A2A) 36.78 49.92 33.85 47.89 24.96 37.90 26.45 38.92
z  Fulltoful@®2F) 3705 5060 3580 4963 2755 4169 2834 4065
= CoOR w/ Llama-3.2-3B-Instruct 38.88 55.50 38.58 56.21 28.34 44.44 31.80 47.03
° COR w/ QWEN-2.5-3B-Instruct 38.91 55.78 39.36 56.97 28.21 44.83 32.54 48.30
& " BGE-M3
)
= Abstract-to-Abstract (A2A) 32.08 44.09 30.31 42.85 22.95 34.55 24.41 36.28
g  Fulo-Full@®F) 3371 4584 3222 4401 2413 3588 2485 3587
E,J CoOR w/ Llama-3.2-3B-Instruct 33.81 49.39 34.54 49.27 24.62 39.22 28.87 42.67
< COR w/ QWEN-2.5-3B-Instruct 34.84 50.43 35.72 50.77 25.22 39.84 29.33 43.72
é Inf-Retriever-v1-1.5B
< Abstract-to-Abstract (A2A) 45.84 61.72 38.61 54.63 33.43 50.10 30.94 45.53
§ FRuloFllF2F 3109 4227 3558 4879 3286 4800 3031 _ 43.64
a CoOR w/ Llama-3.2-3B-Instruct 47.31 65.31 43.66 61.54 34.48 53.63 36.18 52.95
COR w/ QWEN-2.5-3B-Instruct 47.21 64.78 44.21 62.06 34.41 53.30 36.87 53.59
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Figure 3: Retrieval performance comparing different query
formulations against our multi-agent COR framework (after a
single depth of retrieval and with untrained query optimizers).

we generate 16 candidate queries per aspect and
evaluate them based on Recall @30, while exclud-
ing pairs whose reward margin is smaller than 3%.

4.2 Experimental Results and Analysis

In this section, we provide an in-depth analysis of
the experimental results of our method. Please refer
to Appendix E for more experiments and analyses.

Main Results Table 1 presents the main results,
where COR outperforms all baselines across vari-
ous settings, validating the effectiveness of our pro-
posed framework for full paper-to-paper retrieval®.
Notably, when using the same domain-agnostic re-
triever, COR surpasses abstract-to-abstract (A2A)
baselines by an average of 6.37% in Recall, demon-
strating that simply relying on abstracts is subopti-
mal compared to our aspect-driven approach. Also,
interestingly, general-purpose embedding models
such as Jina-Embeddings-V2-Base-EN and BGE-

SWe report results using the top-300 documents, and ad-
ditionally provide results for top-100 and top-200 documents
and additional metrics in the Appendix E.
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Figure 4: Change (A) in retrieval performance (relative to
using all aspects) when excluding individual scientific aspects
(Moti = Motivation, Meth = Method, Expr = Experiment).

M3 (whose A2A performance lags behind represen-
tative domain-specific retrievers) achieve competi-
tive or superior performance once integrated into
CoOR, emphasizing that COR delivers strong perfor-
mance regardless of the retrievers by serving as a
plug-and-play framework. Lastly, when compared
against F2F retrieval with long-context embedding
models, COR achieves average gains of 7.82% in
Recall, confirming that simply embedding entire
papers is insufficient, and that structured, iterative
search expansion with post-order aggregation is
crucial for effective full paper-to-paper retrieval.

Effectiveness of Specialized Query Optimizers
Our results in Figure 3 confirm the effectiveness of
using multiple specialized LLM agents, each ded-
icated to a single aspect. More specifically, using
multiple specialized agents outperforms a single
base agent tasked with generating multiple queries
(without aspect separation). Also, when contrasted
with setups that use either full papers or abstracts
as queries (matched with the same chunked corpus)
and that retrieve the same number of total candi-



Table 2: Performance comparison with and without the
Aspect-Aware Cache in the selection algorithm, reported after
retrieval depths of three using DPO-trained query optimiz-
ers. We report the mean and standard deviation over three
independent runs, and underline statistically significant im-
provements.

ICLR-References ICLR-Citations

Table 3: Performance comparison of specialized agents
trained with DPO versus untrained query optimizers, evaluated
after a single round of retrieval (i.e., one depth). We report the
mean and standard deviation across three independent trials,
and underline statistically significant improvements.

ICLR-References NeurIPS-Citations
{Optimizer} + {Retriever} Recall@100 Recall@300 Recall@100 Recall@300
Llama-3.2-3B-Inst + JEmb-v2

(Optimizer) + (Retriever) _ Recall @300 Recall @200 ey Blotu Zhw dnie guoew
Llama-3.2-3B-Inst + JEmb-v2 Lla“/mginzémlm +BGEMS 3132+ 45.61 + 36.24 + 50.85 +
w/o . 0.00 N 0.00 30.. 0.00 JU.. 0.00
w/o Aspect-Aware Cache 53.63 + o 46.80 =+ 0.3 w/ DPO 3159 Lom 4591 Lon 3655 +om 5049 £ g
w/ Aspect-Aware Cache 54.15 £ 039 47.08 =+ 0.04 Llama-3.2-3B-Inst + Inf-Ret-v1
w/o DPO 4515+ 005 6175005  47.91 £oo  63.04 % om0
Llama-3.2-3B-Inst + BGE-M3 w/ DPO 4592 + 006 62.15+ 005 48.57 £ 005 63.61 + 007
w/o Aspect-Aware Cache 46.88 =+ 0.16 40.82 = 0.8 QW}‘ZND-%(S)-SB-Inst +JEmb-v2 672 4 . A 5820 4
w/o 30. 0.00 D2.43 0.00 R 0.00 . 0.00
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dates as COR of a single retrieval round, our multi-
aspect queries generated with specialized agents
achieve gains of 3.36% and 3.33%, respectively,
highlighting the advantage of decomposing noisy,
monolithic queries into aspect-aware subqueries.

Importance of Multi-Aspect Coverage To ex-
amine the role of aspect diversity in query formu-
lation, we analyze how the retrieval performance
changes as we vary the set of participating query
optimizer agents. As shown in Figure 4, excluding
any single aspect leads to measurable performance
degradation, which supports the necessity of captur-
ing the multifaceted nature of scientific papers. Not
all aspects, however, contribute equally: excluding
experimental or research-motivation queries causes
larger drops in performance than omitting method-
ological queries. We attribute this to the inherent
characteristics of each aspect. Specifically, experi-
mental and research-motivation views often yield
stronger semantic overlap across related papers,
grounded in shared entities such as tasks, baselines,
and datasets. In contrast, methodological details
are more heterogeneous and less entity-driven, de-
manding deeper semantic abstraction and reasoning
to identify commonalities.

Role of Aspect-Aware Cache Table 2 shows the
benefits of incorporating the aspect-aware cache
into our Next Query Selection strategy (described in
Section 3.3), which enables preventing redundant
exploration within each aspect branch and thus en-
couraging more diverse search trajectories. From
this, COR with the aspect-aware cache consistently
outperforms those without it, demonstrating its ef-
fectiveness in steering the retrieval process toward
broader coverage and stronger overall performance.

Efficacy of Query Preference Optimization To
assess the contribution of reinforcing aspect-aware

ICLR-References (JEmb-v2 ICLR-Cited (BGE-M3)
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Figure 5: Retrieval results as a function of retrieval depths,
with DPO-trained Llama-3.2-3B-Instruct as optimizers.
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query optimizers with DPO, we conduct an abla-
tion study isolating the DPO training. As shown in
Table 3, integrating DPO consistently improves per-
formance across diverse LLM-retriever configura-
tions in both the reference and citation setups. No-
tably, although the preference pairs are constructed
in the Reference (outgoing-links) setting using Re-
call as the reward signal, the gains transfer to other
evaluation setups of Citation (incoming-links).

Analysis on Post-Order Aggregation To verify
whether our aggregation mechanism is responsible
for performance improvements beyond those ob-
tained from multi-aspect expansion, we conduct an
analysis. As shown in Figure 5, COR yields per-
formance gains across successive retrieval rounds,
with the gap over baselines widening as depth in-
creases. This confirms the effectiveness of our post-
order aggregation, which progressively attenuates
weak signals from distant connections and thereby
enhances robustness against noise in deeper rounds.
By contrast, the baseline strategy (merging results
from all branches at once) fails to adaptively pe-
nalize such signals, leading to steadily diminishing
performance. However, improvements plateau be-
yond depth 3, which suggests diminishing returns,
likely due to added noise with deeper expansions.

Diversity Analysis Recall that COR is designed
to expand the search space iteratively across mul-
tiple aspects of the query paper, and we further



Table 4: Analysis on the semantic coverage of the Top-300
retrieved documents over ground truth documents with Convex
Hull Volume. The results of COR are reported after 3 rounds
(i.e., depth) with Llama-3.2-3B-Inst as query optimizers.

ACL (Citations) NeurIPS (Citations)
{Type} w/ {Retriever} CHYV Ratio (A) CHYV Ratio (A)

Relative Coverage over A2A
F2F w/ JEmb-v2 1.126 (+12.6%)
F2F w/ BGE-M3 1.088 (+8.8%)
F2F w/ Inf-Ret-v1 1.128 (+12.8%)

Relative Coverage over A2A
COR w/ JEmb-v2 1.190 (+19.0%)
COR w/ BGE-M3 1.107 (+10.7 %)
COR w/ Inf-Ret-v1 1.167 (+16.7 %)

Relative Coverage over F2F
CoR w/ JEmb-v2
COR w/ BGE-M3
COR w/ Inf-Ret-v1

1.135 (+13.5%)
1.069 (+6.9%)
1.097 (+9.7%)

1.198 (+19.8%)
1.097 (+9.7 %)
1.140 (+14.0%)

1.095 (+9.5%)
1.044 (+4.4%)
1.060 (+6.0%)

1.078 (+7.8%)
1.042 (+4.2%)
1.072 (+7.2%)

analyze this by measuring the semantic coverage
of retrieved candidates over ground-truth in the
embedding space using the Convex Hull Volume
Ratio (CHV Ratio), which compares coverage be-
tween two configurations, with the same set (see
Appendix C.3 for details). As shown in Table 4,
COR consistently improves the diversity of seman-
tic coverage among the retrieved documents: rela-
tive to the baseline A2A setup, it achieves a 14.98%
gain in CHV Ratio, surpassing the 10.72% gain of
the F2F setup. Moreover, when directly compared
against F2F, COR still provides an additional 6.52%
improvement. These results highlight that beyond
improving retrieval accuracy, the proposed COR
enables broader semantic exploration, which al-
lows discovering relevant papers that would likely
be missed under the vanilla retrieval strategies.

Generalization to Other Domains To examine
the generality of COR beyond scientific paper re-
trieval, we further evaluate its performance on a
different but challenging document-to-document
retrieval task: patent-to-patent retrieval, which has
substantially long queries (please see Appendix D
for details on task design and implementation). As
shown in Table 5, COR delivers robust gains over
both the domain-agnostic and domain-specific base-
lines, surpassing F2F retrieval by 2.01% and A2A
retrieval by 6.96%. Importantly, these improve-
ments are achieved without any training (i.e., using
the off-the-shelf GPT-40 for query optimization),
highlighting the versatility and broad applicability
of COR for long document-to-document retrieval.

Human Evaluation To further assess the qual-
ity of retrieved results beyond the citation-based
ground truth in SCIFULLBENCH, we conduct a
human evaluation. A total of 15 participants eval-
uate the relevance of the Top-5 retrieved candi-
dates for three methods (A2A, F2F, COR) across 15

Table 5: Experimental results on patent-to-patent retrieval us-
ing PATENTFULLBENCH (self-constructed; See Appendix D).
Results for COR are reported after two rounds of retrieval.

References Citations
Methods Recall@100 Recall@100
Baseline
PAT-SPECTER (A2A) (Ghosh et al., 2024) 47.36 52.16
PaECTER (A2A) (Ghosh et al., 2024) 5277 56.25
BGE-M3 (A2A) 46.42 49.57
BGE-M3 (F2F) 52.30 55.81
© InfRet-vl (A24) 5278 57.94
Inf-Ret-v1 (F2F) 56.23 58.59
~ JEmb-v2-Base-EN (A2A) ¢ 4939 5327
JEmb-v2-Base-EN (F2F) 56.57 59.61
COR (Ours): {Optimizer} + {Retriever}
GPT-40-Mini-2024-0718 + BGE-M3 54.71 56.78
GPT-40-Mini-2024-0718 + Inf-Ret-v1 58.62 63.06
GPT-40-Mini-2024-0718 + JEmb-v2 57.23 60.74

Table 6: Human study on the relevance of ground truth candi-
dates. The results are reported after 3 rounds (i.e., depth) using
DPO-trained QWEN-2.5-3B-Instruct models for query opti-
mizer, and jina-embeddings-v2-base-en model for retriever.

Retrieval Methods Precision@5

Abstract-to-Abstract (A2A) 60.83
(_RulbtoFul®20) _____: 5333 .

Chain-of-Retrieval (COR; Ours) 64.17

query papers, assigning one of four labels to each
candidate (motivation-relevant, method-relevant,
experiment-relevant, or irrelevant). We then com-
pute per-query precision by treating any of the three
aspect labels as relevant and the remaining label
as irrelevant. As shown in Table 6, COR achieves
the highest precision, surpassing A2A and F2F by
3.34% and 10.84%, respectively, indicating that its
improvements extend beyond citation-based met-
rics to human-perceived relevance. To ensure the
reliability of human judgments, we measure inter-
annotator agreement on it with Cohen’s Kappa co-
efficient (Cohen, 1960), obtaining a score of 0.43,
which corresponds to moderate agreement and sup-
ports the reliability of our human evaluation. For
further details, please refer to Appendix C.4.

5 Conclusion

In this work, we introduced Chain of Retrieval (in
short, COR), a novel framework for paper-to-paper
retrieval that iteratively expands the search space
via aspect-aware query optimization (reinforced
with DPO training) and recursively merges results
via post-order aggregation. For evaluation, we pre-
sented SCIFULLBENCH, a large-scale dataset ex-
tended from existing benchmarks for full-context
scientific retrieval, and the results show that COR
consistently outperforms the abstract-level and full-
context baselines, even with off-the-shelf embed-
ding models and for a different patent retrieval task,
highlighting its robustness and generality.



Limitations

While our work introduces a novel retrieval ap-
proach that iteratively expands the search space
via multi-aspect query optimization over the full
context of scientific papers, it still has room for
future work. First, an adaptive branch pruning
mechanism could be further considered during the
exploration phase to more dynamically guide the
search results with the semantic alignment of indi-
vidual papers with the root query, which would be
an interesting direction for future work. Second,
while our framework retrieves diverse and relevant
papers, deeper exploration and repeated LLM infer-
ence introduce additional computational overhead.
While we partially mitigate this with a lightweight
selection mechanism (in place of expensive LLM
verifiers), further optimizations on it would be a
valuable direction, which we leave as future work.

Ethics Statement

Although our Chain of Retrieval (COR) frame-
work improves retrieval performance over prior
approaches, it can still retrieve irrelevant or mis-
leading papers, which may propagate incorrect or
harmful information to both human users and down-
stream Al models. To ensure the development of
trustworthy automated systems, future work should
incorporate robust verification or re-ranking mech-
anisms that can effectively filter irrelevant or poten-
tially harmful documents from the retrieved set.
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A SciFullBench

In this section, we provide more details on the con-
struction process of SciFullBench, with its statistics
and comparison against existing benchmarks.

A.1 Construction Procedure

Step1 We first crawled research papers from top-
tier machine learning venues including ICLR 2024,
2025, NeurIPS 2024, 2023, ACL 2024, 2023, and
EMNLP 2024, 2023 for our query documents. We
scraped existing publications from the main con-
ference for ACL and EMNLP, including both long-
and short- papers from the ACL-Anthology web-
site®, and used the OpenReview’ API to obtain
submitted research papers for ICLR and NeurIPS.
Moreover, for ICLR 2024 and NeurIPS 2023, we in-
cluded a subset of documents uploaded by authors
from SEA (Yu et al., 2024). Afterwards, we ob-
tained metadata from the arXiv database uploaded
to the Kaggle® website, with available data up to
January 2025. Moreover, we constructed our initial
temporary raw corpus where its id starts with 20
to 25 which refers to its uploaded date on arXiv
database, limiting our target corpus to fairly recent
papers. Also, we only filtered papers that are in the
machine learning domain, to those belong in cs.Al,
¢cs.LG, ¢s.CL, ¢s.CV, cs.NE, cs.IR, ¢s.DS, cs.CC,
cs.DL, ¢s.HC, ¢s.RO, cs.MM, ¢s.CG, cs.SY since
our queries are sampled from ML venues.

Step 2 After devising raw data for both queries
and candidates, we subsequently formulate gold
candidates using citations to represent contextual
proximity between scientific documents. We col-
lect the title of papers that cite our potential query
documents using the Semantic Scholar API° and
check the existence of a paper with a matched ti-
tle (case-insensitive) in our arXiv metadata, and
ruled out any potential query documents with fewer
than ten gold candidates that met such conditions.
As for benchmark split with references, we use
Allen Al Science Parse!? released under Apache
2.0 license to obtain reference information for re-
spective documents, and filtered documents based
on the implemented criteria from above. Using
such data, we formulate our raw (query document,
gold candidate) pairs where its abstract informa-

Shttps://aclanthology.org/
"https://openreview.net/
8https://www.kaggle.com/
*https://www.semanticscholar.org
https://github.com/allenai/science-parse

14

tion is intact and where more than 10 deduplicated
candidates exist, organized by splits in respective
years belonging to four venues (ICLR, NeurIPS,
ACL and EMNLP). For each split, we aggregate all
the filtered (query, candidate) set from each venue
without regarding its published year. For example,
we merge all the candidates in the citation split
for ICLR 2024 and ICLR 2025 into a single set of
ICLR-citations split, not ICLR-2024-citations or
ICLR-2025-citations. From this filtered pool, we
randomly sampled 500 potential query candidates
and formulated a corpus containing gold candidates
for each query. This process enables our target cor-
pus to be kept within manageable size. Next, we
assembled the original pdf files of the papers in
our temporarily formulated target corpus. Since
arXiv APIs do not support large-scale requests, we
used the Google Cloud API'! to access the full
paper dump directly and collect the latest updated
versions for each paper by matching its unique ids
within the arXiv database.

Step 3 Subsequently, using the Allen Al Science
Parse tool, we parsed the query and candidate pdf
files collected in Step 2 into a json format file con-
taining title, abstract, main content list containing
dictionaries with header and contents as keys, and
list of reference paper information along with its
mentions for both queries and candidates. Since
we use citation information as the main signal for
measuring document similarities, excluding the ci-
tations and the entire reference section was cru-
cial to validate the fairness of our benchmark. Al-
though Allen AI Science Parse generally separates
reference from main content, several issues persist,
where direct reference information is intermixed
within the main content. Thus, we applied an aux-
iliary filtering algorithm to remove such issues.
Since our tool parses a pdf file into a structured
json file, we were able to obtain text information
segmented into multiple passages. Hence, prior
to reformatting it back to complete text, we elimi-
nated sections or headers that contain at least one
reference title (case-insensitive) completely while
reformatting into a full paper. However, for some
cases the reference section was left vacant. Since
our filtering algorithm depends on the set of ti-
tles within parsed reference section, it was unable
to correctly exclude cases intermixed with refer-
ence information when such data are inaccessible.
Hence, we ruled out any query documents or pa-

"https://cloud.google.com/apis?hl=ko



Table 7: Statistics of query papers in the SCIFULLBENCH benchmark.

ICLR NeurIPS EMNLP ACL
References Citations References Citations References Citations References Citations
domain ML ML ML/CL ML/CL
years included 2024,2025 2023,2024 2023,2024 2023,2024
# of papers per year (141,259)  (324,76) (170,230) (353,47) (226,174) (334,66) (184,216) (256,144)
# of tokens per paper 9402.35 8183.37 11184.39 9035.43 5908.36 6226.45 6190.06 6614.6
average # of candidates per sample 21.74 42.25 24.58 40.37 19.64 39.24 18.05 33.89

minimum # of candidates per sample 10 10

10

10 10 10 10 10

Table 8: Statistics of the corpus in the SCIFULLBENCH.

SCIFULLBENCH
Total # of papers 40,782
Avg. # of tokens per abstract 200.39
Avg. # of tokens per paper 6987.67
Total # of segmented corpus 115,044
Avg. # of tokens per segment 2479.90

pers within our target corpus that did not include
more than four references in the respective parsed
documents. In this way, it resolves problematic
cases in which we give a pass on perturbed doc-
uments that still contained reference information.
Moreover, due to our filtering heuristics, there re-
mains a problem where numerous documents ex-
perience severe loss of their original content, since
any passage or header that had at least 1 reference
title was excluded. To mitigate such concerns, we
excluded documents in which such problematic
passages comprise more than half of the total main-
content list. Furthermore, we ensured to eliminate
any residing title (case-insensitive) included in the
reference section.

Step 4 Based on the preprocessed full document,
we formulate a pseudo-definitive benchmark con-
sisting of (query, gold candidate), and target corpus
set by random sampling 400 query documents per
split in each venue that still 10 gold candidates
residing subsequent to the filtering procedure. Ul-
timately, we formulate a total of 3200 query doc-
uments, along with large-scale target corpora con-
sisting of all the gold candidates of such queries.
Finally, we remove citations and interlinked men-
tions from the entire set of formatted papers and
finalize our benchmark. Since this process does
not lead to exclusion of query document from our
benchmark, we have called the previous stage a
pseudo-definitive benchmark. Citation mentions
are removed using the information provided from
our parsing tool, along with 10 different citation
patterns using the Python regular expression. Con-
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sequently, we devise a definitive, final benchmark
in which all documents for both query and can-
didate corpus consist of title, abstracts, full-paper
text, and list of segmented content of correspond-
ing full-paper text. The overall statistics of our
SciFullBench can be seen at Table 7 and Table 8.

A.2 Comparison with Prior Benchmarks

Previous benchmarks for scientific literature search,
where the full context is available for both query
and candidates, rarely exist. Kanakia et al. (2019)
introduce expert-annotated paper recommendation
benchmark using abstract and citations within Mi-
crosoft Academic Graph (MAG). SciDocs (Cohan
et al., 2020) and SciRepEval (Singh et al., 2023)
reveal an evaluation set to search relevant scientific
literature within a pool of 30 candidates per query
document with 5 gold labels in the computer sci-
ence domain, while MDCR (Medi¢ and Snajder,
2022) disclose a benchmark with 60 candidates per
query from 19 scientific fields sourced from MAG.
RELISH (Brown and Zhou, 2019) also provides
expert-annotated gold candidates that are relevant
to the respective input documents in the biomedi-
cal domain. In addition, Mysore et al. (2021) for-
mulates a CFSCube benchmark to evaluate fine-
grained sentence-wise alignment between abstract
passages. SciMMIR (Wu et al., 2024) also presents
a multimodal document retrieval evaluation set to
evaluate the performance of figure-wise document
retrieval frameworks. However, such benchmarks
do not include candidates or queries in which their
entire lexical content is fully disclosed. Although
Zhang et al. (2023b) intend to evaluate their clas-
sifier pipeline using the complete scientific con-
text, it contains five potential candidates per query,
which is infeasible to evaluate large-scale litera-
ture retrieval frameworks. Meanwhile, MultiCite
dataset (Lauscher et al., 2021) provides full context
with fine-grained citation-intent annotation on the
paper’s citation context (sentences), to evaluate the



model’s ability to accurately identify citation in-
tents. However, its scope is inherently limited to a
trivial classification task, and does not reveal meta-
data information (especially full context) on the
cited papers nor properly filtered and preprocessed,
inappropriate for evaluating real-world paper-to-
paper retrieval frameworks. Conversely, our pro-
posed benchmark consists of fully-disclosed docu-
ment context, along with massive number of target
candidates, adhering to the realistic setting for eval-
uating scientific literature retrieval.

B Training Procedures

In this section, we provide details for the training
data construction process, followed by the prefer-
ence set construction and detailed settings, such as
hyper-parameters and training environment.

B.1 Query and Corpus Construction

Composition Our input query document for of-
fline rollout includes publications and submissions
from leading venues in ML likewise SciFullBench,
but with different published or submitted years.
We incorporate publications and submissions from
ICLR 2017 to 2023, NeurIPS 2016 to 2022 from
the dataset revealed in REVIEWER?2 (Gao et al.,
2024), ACL 2017 to 2022, EMNLP 2017 to 2022,
and NAACL 2017 to 2022. As for the target can-
didate corpus construction, we follow a similar ap-
proach to SciFullBench in which we crawled ML
papers in the arXiv database, with dates ranging
from 2020 to 2025 as mentioned in Appendix A. Ul-
timately, we formulate 15K input query documents
with at least 10 ground-truth candidates, along with
97k target corpus consisting of all the ground-truth
candidates of input query documents.

Formulation Workflow The formulation proce-
dure for building the training set is similar to the
process explained in Appendix A, with several key
differences. First, to prepare query documents that
do not overlap with our SCIFULLBENCH bench-
mark (to prevent data leakage), we collected pub-
lications and submissions from different venues
(or years) from ones in our evaluation set. Yet,
there still exists a slim possibility that duplicate pa-
pers may exist in both the benchmark and train set
since research papers can be resubmitted to other
venues if rejected. To preclude such corner cases,
we excluded query documents from our train set
where its abstracts match (using a custom matching
function, including lowering case, removing empty
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sequences, etc.) the ones in query document of
SCIFULLBENCH. We particularly used abstracts
to check duplicate papers because several queries
in our SCIFULLBENCH may not contain title in-
formation. Secondly, compared to the benchmark
construction process that filters query documents
with at least 10 ground truth documents for each ci-
tation and reference split, we rule out queries with
at least 10 ground truth documents including both
citation and reference split. Moreover, since the
number of our input query documents drastically
exceeds those in SCIFULLBENCH (nearly 5 times),
our target candidate corpus size inevitably becomes
exponentially larger. Thus, we randomly sampled
140K samples from the initial filtered target corpus,
and reformulated our queries accordingly with at
least 10 candidates as well. Finally, another mi-
nor difference in train set construction compared
to SCIFULLBENCH was its order in applying the
filtering algorithm (reference removing, citation
removing), where we executed both algorithms for
query documents immediately after acquiring full
content, followed by repeated citation removing
algorithm to further enhance the extent of removal.

B.2 Preference Set Construction

Using the query documents and the formulated cor-
pus from Appendix B.1, we exclusively used ref-
erences as gold labels. Furthermore, we excluded
query documents that exist in the SciFullBench
corpus, since our trained query optimizer agents
are provided with documents from our benchmark
corpus during the multi-round retrieval process. To
ensure fairness in evaluating the effectiveness of
our algorithm, we excluded potential query docu-
ments from our training set that exist in the corpus
used for the inference setting, as the documents
in the corpus are used as query for later rounds
of retrieval. Moreover, to ensure that data leak-
age does not occur, we additionally checked the
SciFullBench queries for those whose title informa-
tion is available, and additionally filtered queries
in our train set with similar or same titles using the
matching function introduced earlier.

During the offline policy exploration process, we
set the maximum input tokens to 60k and the max-
imum completion tokens to 2000. Moreover, we
set the temperature to 0.7 and the nucleus sampling
ratio to 0.8 to promote exploration, with the branch-
ing factor of 16 per aspect-aware LLM agent, using
a single 48GB NVIDIA A6000 GPU with VLLM
gpu memory utilization rate of 0.8 for each respec-



tive LLM agent + Retriever setup. Note that we ar-
bitrarily stopped exploration under our notion that
enough preference data was accumulated through
self-exploration, indicating that we did not use the
entire dataset constructed in Appendix B.1. Since
our objective is to demonstrate the effectiveness of
DPO in our system compared to untrained query
optimizers instead of directly demonstrating the ef-
fectiveness of our data, such process was sufficient
to validate the effectiveness of our approach while
gaining reasonable efficiency during the training
process. Subsequent to offline exploration, we mea-
sured the recall@30 reward of generated queries
and paired the query response with the highest re-
ward and the lowest reward, sampling only those
with a recall @30 difference of at least 3%.

B.3 Training Details and Hyper-Parameters

We trained two instruct models, Llama-3.2-3B-
Instruct and QWEN-2.5-3B-Instruct, using the Un-
sloth (Daniel Han and team, 2023) library to reduce
memory consumption. We trained the respective
query optimizer agents with LoRA (Hu et al., 2022)
adapters and 4-bit quantization on the default mod-
els. In addition, we set the maximum total number
of tokens to 4000, allocating 2000 tokens each for
input and output. This ensures that the responses
from our preference set match the output token lim-
its in the inference setup, allowing us to exclusively
assess the effect of training rather than other factors.
Meanwhile, shortened input tokens significantly re-
duce training time, mitigating overfitting to details
within the query document, and encourage learning
of favorable patterns from the preferred response
queries. Furthermore, we trained each LLM agent
with a linear scheduler, a learning rate of le-5, a
weight decay rate of 0.01, and a maximum gradient
norm of 0.6 for 3 epochs, with a global batch size
of 32 on a single NVIDIA A5000 GPU with 24GB
size VRAM, while occasionally using NVIDIA
A6000 GPU with 48GB size VRAM to speedup
training process. Under such setup, it required ap-
proximately 14 hours to train a single agent. As
for the LoRA configuration, we set both the rank
and « scale to 64, and applied the adapters to both
the attention layers and the feedforward network,
without leveraging dropout or bias factors.

C Experiment Details

In this section, we provide detailed setup for exper-
iments, including prompts, neural retrievers, query
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optimizers, experiment environment, metrics, and
implementation details. We also provide a detailed
description for human evaluation results in Table 6.

C.1 Inference Settings

Prompt Construction We constructed prompts
for scientific paper-to-paper retrieval based on the
three major aspects that comprise a scientific paper:
Methodology, Experiments, and Research Ques-
tions, inheriting the approaches in conventional
research for the Al-for-Scientific Discovery do-
main (Baek et al., 2024; Wang et al., 2024; Moussa
et al., 2025), widely regarded as the most common
and foundational aspects that constitute scientific
papers. The initial raw prompts were first created
using ChatGPT, and human-in-the loop revision
was conducted, to devise the optimal prompt style
suitable for our framework. The prompts used for
CoR can be found in Appendix I.

Retrieval Setting We primarily use the Eu-
clidean distance to measure similarities between
our adaptively generated queries and candidates,
where we acquired candidates specifically with
the minimum L2 distance. Since minimizing the
L2 distance was objective for most of our base-
line domain-specific embedding models such as
SciNCL, SPECTER?2-Base, SPECTER2-Adapter-
MTL CTRL, we matched such settings when we
used jina-embeddings-v2-base-en, BGE-M3, and
Inf-Retriever-v1-1.5b. However, for SciMult, we
measured MIPs (Maximum Inner Product), since
it was trained to maximize MIPs likewise in DPR.
In addition, we utilize the FAISS library (Douze
et al., 2024), which enables efficient retrieval from
a large-scale corpora. We implemented an efficient
L2 search using FlatL.2 and FlatIP for MIPs.

In addition, we concatenated the title and ab-
stract information for our baseline A2A retrieval
settings, following the conventional retrieval setup
from Cohan et al. (2020) and Singh et al. (2023)
for both query and target candidates. For our F2F
setting, we utilize the entire query and candidate pa-
pers and embed them into single vectors. As for our
CoR framework, when using abstracts as query and
candidates, we use the concatenated version of title
and abstracts for both query and candidates in like-
wise in baseline A2A setup, with the exception of
root depth to balance the effect of title information
of root query paper, where the query optimizers
receive full paper that occasionally includes title
information. This implementation allows objective



comparison on the effect of aspect-aware decom-
position of root paper on a single depth.

Moreover, when mapping the chunked content
of different papers back to the paper representation,
there were several minor overlaps of left over con-
tent (11 out of total segments) consisting of single
"." character and parts of check list for NeurIPS pa-
pers, even though they were from different papers.
When mapping back to the original paper content
for next query selection and evaluation, we map
those segments to an initial origin single paper that
appeared the earliest. Since such contents do not
reveal essential semantics within a paper, we map
such segments to a single paper for convenience.

Query Optimizers We set the repetition penalty
to 1.2. In addition, we used the VLLM (Kwon
et al., 2023) library for faster inference of open
source models. For Llama-3.2-3B-Instruct, we
used the default context window size of 131072,
while using YARN (Peng et al., 2023) to extrapo-
late the default context window size of QWEN-2.5-
3B-Instruct from 32768 to 131072. Moreover, for
inference, we used combinations of three NVIDIA
AS5000/RTX3090/4090 GPUs with 24GB VRAM
size, along with vllm gpu memory utilization rate
of 1.0, to deploy three trained aspect-aware query
optimizer LLM agents simultaneously, using fp16
precision for faster inference. As for the inference
setup for untrained query optimizer models, we
experimented on a combination of single NVIDIA
A6000/RTX 4090 GPU with 48GB VRAM using
the same context window and fp16 precision, along
with a fixed gpu memory utilization rate of 0.7.
When it comes to experiments using GPT-40-Mini-
2024-0718 and GPT-40-2024-11-20 as query opti-
mizers, we used temperature 0 and default hyper
parameters of the OpenAl client.chat.completions
API'?| while completely using the default hyper-
parameter settings for gpt-4.1-2025-04-14 (temper-
ature is also set to default). Moreover, 60 is used
as the hyperparameter k for Reciprocal Rank Fu-
sion. For base agent experiments in Table 3, we
equalized the hyper parameters to those used in
its respective counterpart comparison groups, and
are prompted to generate three different queries
in a structured manner, using the Python Pydantic
BaseModel'? module.

https://platform.openai.com/docs/guides/
Bhttps://docs.pydantic.dev/latest/api
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C.2 Models

Domain Specific Retrievers We compare our
method with retrieval using domain-specific embed-
ding models, as mentioned in the main section, to
demonstrate robust improvement over approaches
that seek to devise optimal representations of pa-
per abstracts through extensive training. For fair
assessment, we mainly compare our method with
models that demonstrated SoTA performance in
previous citation link prediction and paper retrieval
benchmarks. SPECTER2 models with adapters
and its multitask control codes have been reported
to have achieved SoTA performance on the MDCR
benchmark (Medi¢ and Snajder, 2022). We used
proximity control code adapter, as it was special-
ized in acquiring and ranking relevant papers, and
also base models uploaded to huggingface'*. In ad-
dition, we experiment with SPECTER2-base mod-
els, trained with triplet loss by inducing neural
retrievers to favor positive abstract pairs over vice
versa given abstract of query documents sampled
from discrete citation graphs. SciNCL! is also
trained in a similar manner, where its abstract pairs
are derived from the continuous citation embed-
ding space, achieving the strongest performance on
the SciDocs benchmark to date. In addition, we
compare our method with the SciMult-MHAExpert
model implemented with Mixture-of-Experts (Fe-
dus et al., 2022) architecture which compartmen-
talize internal transformer layers for different tasks
in scientific literature tasks, and is reported to out-
perform previous models on the recommendation
benchmark (Kanakia et al., 2019). For SciMult-
MHAEXxpert, we experimented with the model re-
leased on the official SciMult github repository'®,
utilizing an expert model specially trained for link
prediction tasks that predicts linked documents
given the abstract of the source document.

Domain Agnostic Retrievers As for our domain-
agnostic embedding models, we particularly chose
off-the shelf retrievers with long context window.
This was to ensure that we provide fair exper-
imental setting for our baselines, most notably
full document-to-full document retrieval setting.
Since general full-documents exceed the context
window of most embedding models, we specifi-
cally chose long-context window embedding mod-
els to mitigate unfair penalization on our full

“https://huggingface.co/allenai/specter2
Bhtps://huggingface.co/malteos/scincl
"https://github.com/yuzhimanhua/SciMult



document-to-document retrieval baseline. In par-
ticular, for our main experiment, we use three
different neural retrievers, Jina-Embeddings-v2-
Base-EN, and BGE-M3. both highly cited general-
purpose embedding models with a context win-
dow of 8192 tokens, showing that our method is
compatible with the most widely used retriever
models. In addition, we used Inf-Retriever-v1-
1.5B, a lightweight version of Inf-Retriever-vl,
demonstrating SoTA performance among open
source embedding models for long-context re-
trieval(LongEmbed) in MTEB (Muennighoff et al.,
2022)'7 as of September 12th, 2025, with context
window size of 32768, along with SoTA perfor-
mance on AIR-Bench (general QA tasks) bench-
mark (Chen et al., 2024b). This further shows that
our method can perform robustly with the most
recent general purpose embedding models with ad-
vanced long-context handling capabilities.

Furthermore, we provide additional experiments
using other recent general-purpose embedding
models varying in context window size, such as
QWEN3-Embedding-0.6B (Zhang et al., 2025b),
Dewey-EN-Beta (Zhang et al., 2025a), and Granite-
Embeddings-English-R2 (Awasthy et al., 2025).
QWEN3-Embedding-0.6B is a light weight ver-
sion of QWEN3-Embedding model series, recently
released model that displays SoTA performance on
MTEB-multilingual evaluation split, while Granite-
Embeddings-English-R2 is the most recently re-
leased model as of August 2025. In addition,
Dewey-EN-Beta is another recent model that has
a context window size of 131072, which is the
longest among up-to-date existing models, demon-
strating outstanding performance on long-context
retrieval tasks, attaining SOTA performance on the
MTEB LongEmbed benchmark split.

C.3 Metrics

In our experiments, to measure the precision and
relevance of our retrieved candidates, we adopt
three primary metrics for our main results. Re-
call@K is used as our main metric, which measures
the ratio of correct candidates within the Top@k
retrieved results. This aligns with our objective,
where we seek to acquire a more relevant pool of
papers using various aspect-aware queries. More-
over, we report Normalized Discount Cumula-
tive Gain, nDCG @K, Mean Average Precision,
mAP@K, and MRR @K to validate the robustness

https://huggingface.co/spaces/mteb/leaderboard
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of our method. Unlike the standard nDCG metric,
which assigns higher weights to gold candidates
with higher significance, we treat all gold candi-
dates for a given query equally, assigning each a
uniform weight of 1. Moreover, we report our re-
sults using relatively high K values (such as 100,
200, 300), to ensure the fairness of our evaluation
suite. This is due to the large average number of
annotated ground truth candidates per query in our
self-constructed SCIFULLBENCH benchmark (see
Table 7). Hence, to ensure that the retrieved candi-
dates are capable of covering all the ground-truth
candidates, we set K to a relatively high value.

In addition, we provide Convex Hull Vol-
ume (Graham, 1972) as a metric to quantitatively
measure the dispersion of the embedding represen-
tations of retrieved candidates, which computes
the volume of the smallest possible bounding con-
vex closure of the data points after projecting the
embedding vectors to the three-dimensional vector
space, presenting the semantic coverage that each
retrieval method presents. Notably, we employ con-
vex hull volume in two different ways. As for the
analysis provided in Table 4, we measured the rela-
tive convex hull volume ratio of ground-truth candi-
dates present among the Top @300 retrieved results
using the two equal samples (benchmark data with
same query paper, ground truth candidates) used for
binary comparison. This metric represents the rela-
tive semantic coverage of relevant documents from
respective retrieval systems in a more fine grained
manner. To ensure the fairness of our analysis, we
excluded any sample that were unable to compute
convex hull volume using retrieved ground truth
candidates (due to its inability to retrieve sufficient
number of ground-truth candidates) from either
A2A, F2F, and COR on a given benchmark split,
assuring that the comparisons were held using the
same samples for respective three configurations.
On the other hand, as for the experiments regarding
Figure 9, we measured the absolute convex hull
volume of total Top @k retrieved samples, to ana-
lyze the trend of semantic coverage with respect to
retrieval depth progression.

C.4 Human Evaluation Setup

For sampling query papers for human study, we use
NeurIPS, ACL, EMNLP split in SCIFULLBENCH
where its query paper exists for both reference and
citations split, and randomly sampled 15 different
query papers. For A2A, F2F, and COR variant,
we used result variants where jina-embeddings-v2-



base-en is utilized as backbone retriever, and DPO-
trained QWEN-2.5-3B-Instruct model for query
optimizers in COR, with retrieval depth of 3, and
utilized retrieved results from Citations (inward
citation) split. When selecting the top-5 results
for each variant, we excluded the Oth index result,
since the same paper is mostly retrieved due to
the structure of our target corpus. Moreover, we
exclude ground truth candidates for reference and
citations split, in order to measure the efficacy of
CoR on candidates that are regarded as incorrect
by our benchmark, and formulated top-k results
for qualitative evaluation. For each paper we made
two duplicate tasks for evaluation and originally
hired 15 human evaluators studying the field of ma-
chine learning, who willingly consented to perform
evaluation on two different query papers, for ap-
proximately 20 U.S. Dollars for respective evalua-
tor. During the evaluation process, each participant
is provided three retrieval variants with its order
randomly shuffled, each variant consisting of 15
pairs of query, retrieved paper with title and ab-
stracts. The participant is then instructed to choose
one of the following (Method, Experiment, Mo-
tivation/Research Question, and Irrelevant) for
every retrieved result, checking the relevance with
the query paper. The details on human evaluation
guideline can be found at Appendix H.

D Patent-to-Patent Retrieval

In this section, we provide detailed procedures for
constructing the benchmark and experimental set-
tings for the patent-to-patent retrieval task.

D.1 PatentFullBench Construction Workflow

Step 1) Collecting Raw Data: We initially ob-
tained a full XML dump from the USPTO Open
Data portal website'®, and initially crawled US
patents from 2020 to 2025 June 17th.

Step 2) Formatting Raw Data: We parsed XML
dump from the USPTO Open Data portal website,
obtaining publication number, publication date, ap-
plication number, application date, title, abstract,
inventors, priority claims, claims, descriptions, ref-
erences (citations from given patent), and main clas-
sification for respective patents. As for citations
and references, we initially filtered U.S patents ex-
clusively, and ones where its date is over 2020,
and obtained its classified country, date, document

Bhttps://data.uspto.gov/bulkdata/datasets
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Table 9: Statistics of query documents in PatentFullBench.

References Citations
Nation United States
# of documents per split 400 400
# of tokens per abstract 119.50 120.31
# of tokens per document 190335.46  186504.29
average # of candidates per sample 379 53.93

number (id), citation patterns (et al,), collecting a
group of raw patents where each patent at least had
10 citations from the parsed XML dump.

Step 3) Initial Gold Label Annotation and Tar-
get Corpus Construction: After forming a pool
of raw extracted patent contents from XML dump
data, we obtained patent invention title, abstracts,id,
and date, using PatentsView API'® for respective
cited patents from given pool of raw extracted con-
tent via querying its respective document ids. Since
PatentsView API does not support full-content ac-
cess, we made sure to exclude patents where its
id did not belong in our pool of extracted content
from step 2. Furthermore, we made sure to only
include references where its returned year from
PatentsView API was the same as the queried year,
and where there exists a patent whose title matches
the returned title from PatentsView API. After ob-
taining actual reference to full patents per input
query document, we attempt to further label each
query document with inward citations (incoming
links) by labeling with gold documents that cite the
query document, compared to the labels obtained
from step 3, where the query document cites the
gold labels. Using the reference information con-
structed from step 3, we further process citation
relations through traversing all the patent files, and
record the query patent B that cites A patent as B
as ground-truth candidate for inward citation of A,
by matching the exact patent title and document
number. We ensured to check document number to
strictly follow the information provided in the meta-
data. Since the ID format of the source in which
we obtain relevance signals (inward, outward cita-
tion signal) and paper information (title, abstract,
full paper) is homogeneous unlike SciFullBench
construction, we directly use document numbers to
label relevant documents, and use exact title-wise
string-by-string match for finding relevant patent
documents.

Subsequent to obtaining both inward citations
and outward citations (references) for respective

Yhttps://patentsview.org/apis/purpose
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Figure 6: PatentFullBench composition by published year.

query patent documents, we removed duplicate la-
bels that had either the same title or abstract con-
tent (considering the two labels identical if only
one among title, abstract is the same, leaving only
the first one as ground truth label), and ensure that
the patent ids of ground-truth candidates match the
ids of the ids of the raw patent information accu-
mulated in step 2.

For respective splits, we excluded query docu-
ments from our benchmark set that had less than
10 ground truth candidates, and initially randomly
sampled 800 query documents for respective splits.
Successively, we formulated our target corpus via
accumulating the labels that exist within our ran-
domly sampled query document splits without du-
plicates, excluding documents that had either had
the exact same title and abstracts (using the single,
earliest found candidate with novel title, abstract
information). Then, we made sure to filter out gold
candidates within the initially sampled query docu-
ments that did not exist in the target corpus due to
the exclusion of candidates within the target corpus.
This process ensures that our potential gold candi-
dates for queries in our benchmark always exist in
the target corpus. Finally, we randomly sampled
400 queries that had at least 10 gold candidates
after the above filtering step, and reformulated our
target corpus making sure that duplicate candidates
do not exist (considering the two candidates as
identical if one of id, title, abstract are all same, us-
ing the) in our corpus. Finally, we obtain a corpus
consisting a total of 5171 documents.

When comparing duplicates, we compare the
content string-by-string without pre-processing,
since the publication numbers (document id) from
were the priority cue for finding matches, and ex-
act string-by-string match is a conservative mech-
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Table 10: Corpus statistics in PatentFullBench.

PATENTFULLBENCH
Total # of documents 5150
Avg. # of tokens per abstract 120.97
Avg. # of tokens per document 29141.85
Total # of segmented corpus 52584
Avg. # of tokens per segment 2865.06

anism for filtering only the correct documents as
relevant labels, and formulate ground-truth candi-
dates. Since the ground truth candidates for each
query is strictly different string-by-string, our for-
mulated corpus also consists of candidates that are
strictly different string-by-string.

Step 4) Formatting Full Context of Query and
Candidate Documents and Final Filtering Suc-
cessively, we further processed the full context of
documents that are going to be either used as query
or candidates for our evaluation. As for query
documents, we concatenated title, abstract, claims,
and description content, to formulate a full context
for respective patents. Likewise the construction
process of SciFullBench, we made sure to elimi-
nate potential cues that reveal hindsight informa-
tion on cited patents. First, using python regular
expression, we eliminated information from the
section within ""CROSS REFERENCE TO RE-
LATED APPLICATIONS", sentences that start
with ""US", ending with next line sign or phrase
"reference herein''. Moreover, using the citation
information obtained from the XML dump in step
2, we eliminated citation patterns, and document
numbers within the full context of patents. Fi-
nally, using the title and abstract information of
constructed gold candidates from Step 3, we elim-
inated title and abstract information that exist in



the full content of respective patents. During the
processing of candidate documents, we followed
the same procedure as query documents, where in-
stead of using title and abstract information from
the constructed gold labels, we removed every title
and abstract information from the query documents
that use the candidate document as its gold candi-
dates, making sure that the candidate documents do
not reveal direct hints on the relevant patents. After
sanitizing the full documents, we segmented the
full context of candidate documents for every 3000
tokens (based on NLTK, similar to SciFullBench
construction). Since each full-context of patents
had partial overlap, we eliminated the patent candi-
date from our corpus that had at least a single du-
plicate partial chunk, and removed such patent can-
didates from the gold labels (candidates) of queries
in our benchmark split. Finally, we constructed
chunked corpus containing a total of 5150 different
patent documents with both full context and title,
abstracts, and 52584 chunks of patent documents
along with 3000 token granularity. The statistics
for PATENTFULLBENCH can be observed at Ta-
ble 9 and Table 10.

D.2 Experiment Details

Prompt Construction We constructed prompts
for patent-to-patent retrieval based on the three
major aspects that comprise a patent: Claim, Back-
grounds, and Method. Method aspect refers to
technical details and implementation structure of
the novel invention claimed by the given patent,
while Backgrounds provide background informa-
tion on the technical problems of prior works and
its limited technical objectives. Moreover, Claim
aspects comprise of the scope of its legal protection,
and the main technical contributions of the inven-
tion that respective patents intend to claim. The
prompt construction process consumed roughly one
hour to devise appropriate prompts for query op-
timizers, with the help of ChatGPT to generate
initial raw prompts and revising the content and
structure with human feedback to ensure that the
prompts are suitable for patent-to-patent retrieval
featuring multiple aspects. For more details, please
see Appendix L

Inference Setting We evaluate our patent to
patent retrieval setting with the same domain-
agnostic embedding models that we utilized for
our evaluation, additionally reporting abstract-to-
abstract retrieval results with domain-specific re-
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trievers, PAT-SPECTER and PaECTER (Ghosh
et al., 2024), which is the most recent model for
patent retrieval trained via minimizing the triplet
loss using the binary patent abstract samples, sim-
ilar to the training methods employed in devising
domain specific retrievers for paper retrieval in the
academic domain, with its dataset sampled from the
European Patent Office(EPO)?° website, compris-
ing of 30,000 English patents ranging from 1985
to 2022. Moreover, we utilized proprietary LLM,
GPT-40-Mini-2024-0718 for query optimizer and
truncated the input document context to 120000
tokens using the tiktoken?! library since patent con-
text length is significantly longer than scientific
papers, occasionally exceeding the context window
of GPT-40-Mini-2024-0718 model. As for the hy-
per parameters, we set the temperature to 0, same
as mentioned in Appendix C.1.

E Supplementary Experiments

Here, we provide additional experiments to further
support the results and analysis in the main paper.

Consistent Generalization Across Embedding
Models In our main results, we showed three
variations of embedding models to demonstrate
the effectiveness of our COR framework. In this
section, we further provide additional experiments
on other existing long-context embedding models,
namely Granite-Embeddings-R2, QWEN3-0.6B-
Embedding, and Dewey-en-Beta in Table 11. The
experimental results strongly support the robust-
ness and general applicability of our research find-
ings, as even without a trained model, by using pro-
prietary GPT-40-2024-11-20 and GPT-4.1-2025-
04-14 with just a single round (depth) of retrieval,
we were able to observe consistent performance
improvements compared to naive F2F and A2A
retrieval setups.

The improvements achieved using Granite-
Embeddings-R2 indicate that our framework can
perform robustly under a context window of 8192
as repeatedly demonstrated in our main results, and
is compatible with even the most recently released
model. Moreover, the results from the QWEN3-
0.6B-Embedding model imply that our model can
be applied to embedding models with longer con-
text windows (32768) likewise Inf-Retriever-v1-
1.5B in Table 1, as well as to popular state-of-
the-art long-context embedding models for gen-

Phttps://www.epo.org/en
' https://github.com/openai/tiktoken



Table 11: Performance of COR with different LLM back-
bones and neural retrievers under single-round retrieval.

ICLR-Citations NeurIPS-Citations

Model + Retriever Recall@300 Recall@100
Baseline
Granite-Emb-Eng-R2 (A2A) 50.19 41.39
Granite-Emb-Eng-R2 (F2F) 54.00 44.37
" QWEN3-0.6B-Emb (A2A) 5147 476
QWEN3-0.6B-Emb (F2F) 54.03 44.81
" Dewey-en-Beta (A2A) 4176 . 4054
Dewey-en-Beta (F2F) 53.15 42.06
Ours (COR)
GPT-40 + Granite-Emb-Eng-R2 55.64 47.22
GPT-40 + QWEN3-0.6B-Emb 56.94 47.15
GPT-4.1 + Dewey-en-Beta 56.73 47.99

Table 12: Performance analysis of ours when the original
abstract to abstract retrieval is not utilized in our pipeline.

ACL-Citations ICLR-Citations

Retrieval Method Recall@200 Recall@200
Baseline
JEmb-v2 (A2A) 35.33 39.19
JEmb-v2 (F2F) 35.88 42.44
~ BGE-M3(A2A) 3376 3516
BGE-M3 (F2F) 32.64 36.06
Inf-Ret-v1 (A2A) 41.77 45.42
Inf-Ret-v1 (F2F) 38.86 43.00
Ours w/o A2A
QWEN-2.5-3B-Inst + JEmb-v2 41.13 44.41
Llama-3.2-3B-Inst + BGE-M3 35.83 37.49
Llama-3.2-3B-Inst + Inf-Ret-v1 47.05 50.65

eral domain-agnostic multilingual retrieval tasks in
MTEB benchmark.

Furthermore, we provide evaluation results on
Dewey-En-Beta, which is an embedding model
with currently the longest context window among
existing models, while demonstrating State-of-the-
Art performance on LongEmbed benchmark. This
suggests that our paper-retrieval framework is ap-
plicable to models with the longest context win-
dows up-to date, indicating the effectiveness and
robustness of our suggested method to handle long
context retrieval.

Robustness without Abstract-to-Abstract Re-
trieval Meanwhile, in Table 12, the results are
reported when abstract-to-abstract retrieval (A2A)
is not utilized within COR. Despite A2A setup be-
ing omitted from its original multi-aspect queries,
consistent improvement over baselines can be ob-
served, although not to the extent when abstract-
abstract retrieval is integrated into our pipeline, in-
dicating the positive, balancing effect that A2A
retrieval presents, along with robustness of our
method. This in turn highlights the effectiveness
of our pipeline in generating multiple aspect-aware
queries in the absence of complementary abstract to
abstract retrieval, strongly supporting our research
contributions.
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Figure 7: Results across candidate paper granularities.

Comparison with Naive Chaining Table 13
shows the benefits of employing multi-round re-
trieval with COR compared to that of naive chain-
of-retrieval methods using Full Paper-to-Full Pa-
per and Abstract-to-Abstract retrieval setup. The
results indicate that our aspect-guided chain-of-
retrieval along with post-order recursive aggrega-
tion is more effective, and trivial iterative retrieval
is not sufficient. Note that the baseline experiments
were conducted with under the same hyper param-
eter setting, with a cache to avoid redundant sam-
pling likewise our framework, with 300 candidates
retrieved and aggregated via Reciprocal Rank Fu-
sion. This shows that our approach in exploration
and aggregation guided by aspect-centric queries
is more effective compared to iterative top-k re-
trieval using raw content as queries, supporting the
validity of our proposed retrieval system.

Starting Index Hyper Parameter Ablation In
this section, we provide experiments on the hyper
parameter selection starting index -y that we used
for Next Query Selection Algorithm, to choose
the starting point of choosing the representative
paper with highest semantic similarity. In our case,
value 1 is used to report our results in the main
paper (always start from the second highest rank),
to select the paper with highest similarity while
avoiding the same papers as input query that may
exist in our corpus (which inevitably appears at
rank 0O, since same papers display 100% seman-
tic similarity). To further validate the benefits of
selecting paper with highest-semantic similarity
for subsequent retrieval, variations of COR with
different selection starting index -y is reported in
Figure 8. The results demonstrate steady decrease
in performance as selection starting index is in-
creased, implying that chain-of-retrieval using the
nearest-possible paper for next query selection is
more desirable compared to vice versa, due to the
semantic drift that occurs when relatively unrelated
papers are selected as query for subsequent round
of retrieval.



Table 13: Ablation study on the effect of our search frame-
work compared to naive chain-of retrieval methods based on
A2A and F2F retrieval setting.

ICLR-References ICLR-Citations

Model + Retriever Recall@100 Recall@200
Baseline

JEmb-v2 (A2A) 33.04 39.10
JEmb-v2 (F2F) 33.19 41.54

~ BGE-M3(A2A) 2871 3472
BGE-M3 (F2F) 31.00 36.12

" Inf-Ret-vl (A24) . 4250 4467
Inf-Ret-v1 (F2F) 36.67 42.38

Ours (w/o DPO)
Llama-3.2-3B-Inst + JEmb-v2 38.34 46.73
Llama-3.2-3B-Inst + BGE-M3 32.62 41.84
Llama-3.2-3B-Inst + Inf-Ret-v1 46.74 5242
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Figure 8: Hyperparameter Ablation Study on the effect of
selection starting index  on the overall performance. We use
DPO-trained query optimizers on 3 rounds of retrieval.

Corpus Granularity Ablation Study Further-
more, in order to see how the granularity of candi-
date representations affects the performance on our
multi-vector retrieval system, we conduct further
analysis. The results in Figure 7 demonstrate the ef-
fectiveness of our multi-vector approach: segment-
ing each candidate document into 3K-token chunks
yields the best performance, which outperforms not
only abstract-only and full-document single-vector
representations but also coarser chunking strategies
(such as 6K-token segments), suggesting that finer-
grained representations are effective in capturing
diverse and localized signals within full-length pa-
pers, which enables our query to capture a more
multi-faceted dimension of target papers, resulting
in an enhanced performance.

Effect of Reciprocal Rank Fusion We con-
duct an additional ablation study on the effect of
RRF (Reciprocal Rank Fusion) in our hybrid re-
trieval system (single round of COR), compared to
embedding-level merging approach in prior multi-
vector retrieval approaches. We primarily compare
with two traditional approaches in embedding-level
merging strategy, the naive aggregation strategy
that forcefully computes similarities (in our case
L2 distance) between all the sub-vectors of respec-
tive query and candidates and naively sums it up to
acquire similarity score of original query and doc-
uments. In our experiments, to mitigate the unfair
penalization due to document length, we normal-
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Table 14: Analysis on the impact of incorporating rank fusion
to attain unified results of our hybrid retrieval framework on
the EMNLP-Citations split.

Retrieval Method Recall@100 MRR@50
Ours w/o RRF & w/o A2A
Naive Aggregation
GPT-40-Mini-2024-0718 + BGE-M3 21.61 32.61
Late Interaction (MaxSim)
GPT-40-Mini-2024-0718 + BGE-M3 26.00 31.53
Ours w/o A2A
GPT-40-Mini-2024-0718 + BGE-M3 26.88 34.54

Table 15: Performance comparison against baselines aug-
mented with metadata (i.e., author information).

ACL-References ACL-Citations

Retrieval Method Recall@200 Recall@200
Baseline w/ Author Information
JEmb-v2 (A2A) 34.25 34.84
JEmb-v2 (F2F) 36.54 36.04
© BGE-M3(A24) 216 373
BGE-M3 (F2F) 31.62 32.66
" InfRetvl (A24) 4 4666 4236
Inf-Ret-v1 (F2F) 4431 38.92
Ours (COR)
Llama-3.2-3B-Inst + JEmb-v2 39.81 42.93
Llama-3.2-3B-Inst + BGE-M3 35.75 39.48
Llama-3.2-3B-Inst + Inf-Ret-v1 49.30 48.23

ize the aggregated results with the total number of
subvectors used for similarity calculation.
Meanwhile, we also present comparison with
late interaction strategy (Khattab and Zaharia,
2020; Santhanam et al., 2021), where only the max-
imum similarity for subquery and its correspond-
ing sub-documents is aggregated to form original
query, document similarity (in our case, minimum
12 distance). Table 14 illustrates a performance
drop when queries optimized in various aspects are
used as subvector representations of original docu-
ments and are used to compute a single similarity
value when matched with the segmented corpus
of target candidates. This supports the validity
of our design choice, where our ranking-merging
system is more robust to noise, while allowing can-
didates that are strongly aligned in one aspect but
unaligned otherwise to be retrieved as shown in two
metrics Recall@100 and MRR @50, demonstrat-
ing the effectiveness in surfacing the most relevant
candidates among the top-k candidates while as-
suring that more relevant candidates are retrieved,
supporting our motivation for incorporating RRF
compared to vector-merging approaches.

Additional Diversity Analysis In this section,
we provide further analysis on the improved diver-
sity of semantics that our retrieval system presents.
Figure 9 presents a linearly increasing trend where
the Top@300 absolute Convex Hull Volume of
400 samples per benchmark split proportionally
increases with respect to the retrieval depth, indi-
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Figure 9: Diversity Analysis with retrieval depth progression.
Note that we perform evaluation using DPO-trained Query
Optimizers.

Table 16: Latency comparison across retrieval depths. The
results are reported using jina-embeddings-v2-base-en, and
untrained Llama-3.2-3B-Instruct query optimizer.

Depth | A2A F2F CoR
1 0.38 (s) 1.35 (s) 35.29 (s)
2 0.67 (s) 2.28 (s) 189.99 (s)
3 0.54 (s) 3.12 (s) 493.45 (s)

cating that our Chain of Retrieval framework is able
to diversify the semantics of search results as the
rounds progress. Moreover, along with the quanti-
tative metrics to represent the enhanced coverage
that COR presents, we visualize the distribution
of the embedding vectors of Top@300 retrieved
documents for eight sampled queries on a two-
dimensional plane using t-distributed Stochastic
Neighbor Embedding (t-SNE) (Van der Maaten
and Hinton, 2008) and its distribution boundaries
via a two-dimensional convex hull area of the pro-
jected data points in Figure 10. We simultaneously
visualize the distribution of t-SNE data points for
both ground truth candidates, and baseline retrieved
results (including A2A retrieved results and F2F
results using the same embedding model), and re-
trieved candidates from COR. The t-SNE Convex
Hull visualization results also advocate our claim,
where our method typically displays a more dis-
persed embedding distribution compared to disper-
sion of retrieved document embeddings from base-
lines. In addition, the cases in Figure 10 demon-
strate that through improved diversity within the
retrieved pool of papers, COR is able to retrieve
more relevant papers that exist in ground-truth can-
didates, as the coverage of the documents has in-
creased compared to previous retrieval approaches.

Latency Analysis While the primary objective
of our work is to improve retrieval effectiveness
rather than efficiency, we also report the latency of
COR in Table 16, measured on a single NVIDIA
RTX A6000 GPU. Although latency reduction lies
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Table 17: Results of applying COR to the A2A retrieval
setting on SCIFULLBENCH with two retrieval rounds.

ICLR-References ICLR-Citations

Retrieval Method Recall@300 Recall@300
Baseline

JEmb-v2 (A2A) 48.38 44.49

BGE-M3 (A2A) 41.95 39.61

Inf-Ret-v1 (A2A) 59.66 51.56
Ours (COR)

GPT-40-Mini + JEmb-v2 4947 46.41

GPT-40-Mini + BGE-M3 43.12 41.92

GPT-4.1 + Inf-Ret-v1 60.95 53.27

Table 18: Performance analysis when a single comprehensive
query covering the three aspects is used.

ACL-Citations ICLR-Citations

Retrieval Method Recall@200 Recall@200
Single Comprehensive Query w/o A2A

QWEN-2.5-3B-Inst + JEmb-v2 38.66 41.68

Llama-3.2-3B-Inst + BGE-M3 32.45 34.03

Llama-3.2-3B-Inst + Inf-Ret-v1 45.36 48.55
Ours (CoR) w/o A2A

QWEN-2.5-3B-Inst + JEmb-v2 41.13 44.41

Llama-3.2-3B-Inst + BGE-M3 35.83 37.49

Llama-3.2-3B-Inst + Inf-Ret-v1 47.05 50.65

Table 19: Performance of COR on the SciDocs bench-
mark under the A2A setup; statistically meaningful gains
are underlined based on paired t-tests.

Retrieval Method Recall@10 mAP@10 nDCG@10
A2A Retrieval

JEmb-v2 (A2A) 92.46 000 85.53 000 91.66 + 0.00

BGE-M3 (A2A) 90.36 + 000 80.88 =000 88.70 + 0.00

Inf-Ret-v1 (A2A) 95.69 000 90.02 £ 000 94.44 £ 0.0
Ours (COR) w/ A2A

GPT-4.1 + JEmb-v2  93.20 + 009 86.20 £ 008 92.18 + 0.06

GPT-4.1+BGE-M3  90.52 + 007 81.15+ 010 88.88 + 0.04

GPT-4.1 + Inf-Ret-vl  96.16 + 0.0 90.40 £ 0.3  94.80 + 0.04

outside the scope of our work, exploring techniques
such as intermediate-branch or search-space prun-
ing would be an exciting direction for future work.

Generalization to the A2A Retrieval Setting
While our framework is primarily designed for
the full-paper—to-full-paper retrieval setting, we
additionally evaluate whether COR is applicable
to the A2A setting. To this end, we report its per-
formance on the A2A configuration of SCIFULL-
BENCH in Table 17, where title—abstract pairs are
used as inputs and retrieval is performed over an
abstract-only corpus, while keeping the same query-
optimization prompts. The results demonstrate that
CoR is not limited to the full-paper—to-full-paper
setting, but generalizes effectively to the A2A sce-
nario, yielding meaningful performance gains.

Comparison against Metadata-Augmented Base-
lines We also consider a setting where additional
metadata is provided to the baselines by concate-
nating author information to both queries and can-



Table 20: Performance of COR on the SciDocs benchmark
under the F2F setup.

Retrieval Method Recall@5 Recall@10 Average
A2A Retrieval

JEmb-v2 (A2A) 63.61 000 69.86 F000 66.74

BGE-M3 (A2A) 55.56 000 6597 000  60.77

Inf-Ret-v1 (A2A) 65.28 000 76.11 £000  70.70
F2F Retrieval

JEmb-v2 (F2F) 65.97 000 7194 £000  68.96

BGE-M3 (F2F) 5375+ 000 6292 +000 5834

Inf-Ret-v1 (F2F) 65.42 £ 000 73.89 000  69.66
Ours (COR)

GPT-4.1 + JEmb-v2  66.25 + 158 71.53 110  68.89

GPT-4.1 + BGE-M3  58.33 + 064 6681 £09  62.57

GPT-4.1 + Inf-Ret-vl 66.25 + 146 77.50 096  71.88

didate documents. As shown in Table 15, COR
remains effective under this comparison and con-
tinues to outperform the baselines even when they
are augmented with author metadata.

Comparison with a Single Aspect-Aware Com-
prehensive Query To examine the effectiveness
of our multiple aspect-aware query design, we com-
pare COR against a baseline that uses a single com-
prehensive query covering all three aspects simul-
taneously. As shown in Table 18, COR with multi-
ple aspect-specific queries outperforms the single-
query baseline, indicating the benefit of separating
queries by aspect in paper-to-paper retrieval.

Effectiveness on the Existing Benchmark (A2A)
While our main experiments are conducted on SCI-
FULLBENCH, which provides a full-paper—to-full-
paper retrieval setting with more recent publica-
tions, we also examine whether our findings hold
under previously established benchmarks. To this
end, we additionally evaluate COR on the SciDocs-
Cocite split (Cohan et al., 2020), which is originally
defined under an A2A retrieval setting, using 993
queries whose abstract content is available’?. As
shown in Table 19, COR remains effective under
the existing benchmark with A2A setting, yielding
statistically meaningful improvements over base-
line methods.

Effectiveness on the Existing Benchmark (F2F)
In addition to evaluating COR on the existing A2A
benchmark setting of SciDocs, we further extend
this benchmark to a F2F configuration. For this
purpose, we construct a SciDocs-Full variant from
the Cocite, CoRead, and CoView splits of Sci-
Docs (Cohan et al., 2020), where both queries
and candidate documents contain full-paper con-
tent, following the same preprocessing pipeline as

Zhttps://huggingface.co/datasets/allenai/scirepeval
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SCIFULLBENCH introduced in Appendix A. As
shown in Table 20, COR yields consistent improve-
ments over baselines on this extended version of
the benchmark, indicating that our method remains
also effective across different retrieval configura-
tions within the established benchmarks.

Case Study We provide the qualitative examples
of the retrieved results from SCIFULLBENCH and
PATENTFULLBENCH in Table 23 and Table 24, re-
spectively, as well as the examples of the generated
queries from them, in Appendix G.
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Figure 10: t-SNE and convex hull boundary visualization of Top-300 retrieved document embeddings across eight queries from
respective benchmark splits. We report the results with Jina-Embeddings-v2-Base-EN as the embedding model.
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Table 21: Main results with additional metrics.

ICLR NeurIPS
References Citations References Citations
IR Method nDCG@300 Recall@300 nDCG@300 Recall@300 nDCG@300 Recall@300 nDCG@300 Recall@300
Lexical-Based Retrievers
BM-25 (A2A) 24.78 34.69 23.35 32.59 31.79 41.73 31.68 4222
BM-25 (F2F) 31.09 44.54 34.57 46.28 21.59 29.49 38.38 48.65
Domain-Specific Retriever
SciNCL-A2A 34.04 50.51 29.57 44.13 38.44 53.08 36.57 51.67
SPECTER2-Base-A2A 32.71 48.99 30.97 45.23 37.77 51.82 37.99 52.95
SPECTER2-Adapter-MTL CTRL-A2A 33.91 49.98 29.49 43.29 38.54 52.16 36.75 51.46
SciMult-MHAExpert-A2A 28.26 42.56 24.61 36.88 33.64 47.52 32.03 45.25
Jina-Embeddings-v2-BASE-EN
A2A (Abstract-to-Abstract) 34.43 48.38 30.47 44.49 39.12 5145 37.22 51.28
g PFEultoFa) 3527 4938 31 4785 3882 sl6z 3789 Stal
.d: CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 37.19 54.60 36.23 53.08 40.56 56.40 40.93 59.33
= CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 36.82 54.37 36.55 53.59 41.00 57.19 42.17 60.35
5}
& BGE-M3
.2 A2A (Abstract-to-Abstract) 29.51 41.95 27.15 39.61 34.65 46.22 33.48 46.08
g FF@EulltoFu) 3178 410 C 2906 4113 3563 _A1ST 3538 4689
& CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 31.21 47.24 31.96 46.53 36.40 51.53 37.12 52.01
< CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 32.10 48.16 32.94 47.97 37.58 52.69 38.50 53.57
é Inf-Retriever-v1-1.5B
& A2A (Abstract-to-Abstract) 43.03 59.66 35.40 51.56 48.64 63.77 41.81 57.70
E PFGubwRi) 001 5385 3406 4189 237 3069 3700 4969
/2 CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 44.65 63.19 40.66 58.41 49.96 67.43 46.66 64.66
CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 44.65 62.93 41.36 59.24 49.77 66.62 47.06 64.88
ACL EMNLP
References Citations References Citations
IR Method nDCG@300 Recall@300 nDCG@300 Recall@300 nDCG@300 Recall@300 nDCG@300 Recall@300
Lexical-Based Retrievers
BM-25 (A2A) 21.47 31.80 21.90 30.74 20.57 29.78 19.82 28.00
BM-25 (F2F) 22.77 34.64 27.47 37.95 24.00 35.55 28.69 39.21
Domain-Specific Retriever
SciNCL-A2A 26.72 41.63 26.29 39.79 25.52 39.78 24.86 38.02
SPECTER2-Base-A2A 25.82 40.48 27.61 41.19 24.32 37.55 26.09 39.22
SPECTER2-Adapter-MTL CTRL-A2A 25.76 40.13 26.31 39.61 24.87 37.59 24.65 37.47
SciMult-MHAExpert-A2A 24.19 37.49 23.76 35.31 22.02 34.75 21.38 32.26
Jina-Embeddings-v2-BASE-EN
A2A (Abstract-to-Abstract) 25.50 38.80 27.66 40.52 24.41 37.00 25.23 37.32
§ FF(ullwofl) 2727 4166 2880 4095 2783 4173 2787 4034
.d: CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 28.52 44.92 32.76 48.05 28.15 43.96 30.84 46.00
= CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 28.62 45.67 33.40 49.00 27.80 43.99 31.68 47.60
5}
& BGE-M3
.9 A2A (Abstract-to-Abstract) 23.65 35.81 25.95 38.40 22.25 33.29 22.87 34.15
g PFFuloRa) 2439 3667 2578 3701 2388 3508 2392 73
Eﬂ CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 25.12 40.19 30.18 44.46 24.12 38.24 27.55 40.87
< CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 25.77 40.71 30.44 45.29 24.66 38.97 28.22 42.14
é Inf-Retriever-vl-1.5B
& A2A (Abstract-to-Abstract) 34.17 51.51 32.20 47.33 32.68 48.68 29.68 43.72
§ PFEMoRN) 3335 4959 3061 a7 3237 4640 002 43.57
/2 CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 35.09 55.14 36.98 54.13 33.86 52.11 35.37 51.77
CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 35.16 54.68 37.74 54.78 33.65 51.91 35.99 52.40
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Table 22: Main results with additional metrics.

ICLR NeurIPS
References Citations References Citations
IR Method Recall@100 Recall@200 nDCG@200 Recall@100 Recall@100 Recall@200 nDCG@200 Recall@100
Lexical-Based Retrievers
BM-25 (A2A) 24.51 30.77 21.83 22.57 30.86 37.60 30.08 31.17
BM-25 (F2F) 31.66 39.59 32.72 33.01 20.19 25.07 36.84 37.57
Domain-Specific Retriever
SciNCL-A2A 34.92 44.55 27.33 29.49 38.10 47.37 34.40 36.90
SPECTER2-Base-A2A 33.47 43.43 28.66 30.32 36.65 46.15 36.05 37.74
SPECTER2-Adapter-MTL CTRL-A2A 34.51 43.72 27.43 29.13 37.30 46.60 34.70 37.24
SciMult-MHAExpert-A2A 28.44 37.13 22.57 23.51 33.01 41.98 30.14 31.66
Jina-Embeddings-v2-BASE-EN
A2A (Abstract-to-Abstract) 34.71 43.35 28.38 30.09 37.91 46.30 35.16 36.85
g F2F(Full-oFu) 3507 M2 3160 3825 3725 15 3588 - 3143
ﬂ: CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 38.36 48.71 33.94 36.50 41.16 50.57 38.57 42.55
& CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 38.52 48.33 34.16 36.52 41.36 51.07 39.91 43.81
|5}
& BGE-M3
.Q  A2A (Abstract-to-Abstract) 29.69 37.23 25.44 26.66 33.28 41.65 31.69 33.40
g FFFultofa) 3246 3941 2712 2850 3481 4298 357 3431
5‘3 CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 32.88 42.47 29.99 32.13 36.47 46.17 35.29 37.58
< CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 33.76 43.28 30.95 33.07 37.34 47.40 36.50 39.19
é Inf-Retriever-v1-1.5B
& A2A (Abstract-to-Abstract) 44.49 5391 33.03 35.03 48.20 57.89 39.88 4297
E PFGubwoRal) 220 4837 3215 3465 2295 2806 3535 3146
/2 CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 47.15 57.14 38.26 41.44 50.87 61.38 44.45 48.48
CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 46.81 57.22 38.83 41.99 50.78 60.62 44.91 49.11
ACL EMNLP
References Citations References Citations
IR Method Recall@100 Recall@200 mAP@30 Recall@200 Recall@100 Recall@200 mAP@30 Recall@200
Lexical-Based Retrievers
BM-25 (A2A) 23.24 28.45 4.82 27.61 21.50 26.44 4.36 24.64
BM-25 (F2F) 23.68 30.25 7.24 33.81 24.92 31.12 7.44 34.90
Domain-Specific Retriever
SciNCL-A2A 29.18 36.62 5.67 34.69 27.23 34.55 4.87 33.05
SPECTER2-Base-A2A 28.28 35.81 6.21 36.38 25.47 33.12 5.33 34.14
SPECTER2-Adapter-MTL CTRL-A2A 28.42 35.73 5.81 34.77 26.28 33.14 4.88 32.36
SciMult-MHAExpert-A2A 25.96 33.07 5.11 30.78 23.37 30.32 4.13 27.35
Jina-Embeddings-v2-BASE-EN
A2A (Abstract-to-Abstract) 27.75 34.49 6.20 35.33 26.08 32.64 5.24 3243
§ FFFuloRl) 878 346 703 3588 2051 3698 632 3551
,0: CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 31.96 39.81 7.67 42.93 30.76 39.21 6.57 40.31
= CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 32.02 40.41 7.92 43.75 30.83 38.96 6.66 41.86
5}
& BGE-M3
.9 A2A (Abstract-to-Abstract) 25.88 32.01 5.56 33.76 23.50 29.36 4.57 29.63
g PFFuloRa) 2505 3221 598 3264 2481 3084 524 3008
a} CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 28.43 35.75 6.84 39.48 26.19 33.31 5.78 35.63
<« CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 28.65 36.33 6.75 40.22 26.77 34.28 6.01 37.01
& Inf-Retriever-v1-1.5B
& A2A (Abstract-to-Abstract) 37.55 46.24 7.65 41.77 34.73 43.40 6.35 39.00
E PFGuloRl) 3635 4437 781 3886 3465 4183 698 3892
A CoR w/ Llama-3.2-3B-Instruct (w/ DPO) 39.44 49.3 9.13 48.23 37.26 46.81 8.05 46.29
CoR w/ QWEN-2.5-3B-Instruct (w/ DPO) 39.73 49.31 9.60 48.82 36.80 46.37 8.38 46.51
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F Algorithm Details

In this section, we provide further details on the
functional roles of our COR framework with for-
mal algorithms. Specifically, Algorithm 2 defines
an aspect-aware retrieval process from Section 3.2,
where the query optimizers decompose the input
document into aspect-aware queries for exploration
and then the papers are retrieved from multi-vector
corpora. Algorithm 3 describes the aspect-aware
next query selection process in Section 3.3. Algo-
rithm 4 shows the overall exploration process of
COR, using Algorithm 2 and Algorithm 3. Finally,
Algorithm 5 explains the Post-Order Aggregation
algorithm of COR explained in Section 3.3.
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Algorithm 2 Aspect-Aware Multi-Vector Retrieval

1: Require: Input paper D; Input paper abstract Dgpstract; TOp-k per query K;
2: Name of the Parent Retrieved Results PARENT; Corpora C <— {Cabstract, Cchunked };

. Initialize: Functional aspect-aware LLM query optimizer agents F = { fm, fg, fr}

4
5:
6: function ONEHOPRETRIEVAL(D, PARENT, C, K)
7
8
9

R+ 1] > Memory to save aspect-aware retrieved results per document
for all f; € F do
: NAME < PARENT]|| f; > Update name for aspect-aware retrieval for document D
10: q < fi(D)
11: T < Retrieve(q, Cchunkeds K) > Top-K Retrieved Results from chunked corpus
12: Ry« [h(z) |z eT] > Retrieved Results mapped back to paper
13: R.APPEND((R4, PARENT, NAME, f;))
14: NAME <— PARENT ||abstract
15: q < Dabstract
16: T < Retrieve(q, Cabstract; K) > Top-K Retrieved Results from abstract corpus
17: Ry [h(z) |z eT] > Retrieved Results mapped to paper
18: R.APPEND((R,, PARENT, NAME, abstract))
19: return I

Algorithm 3 Aspect-Aware Next Query Selection

1: Require: Root paper D; Max depth R; selection starting index ~y; Top-k per query K
2: Aspect Aware Cache CACHE; memory to save query paper for next round retrieval (pext

3:
4: function INITIALASPECT(NAME) > Obtain Initial Branching Aspect of the root document
5 Parse NAME as (ROOT || aq |[az || -+ +)
6: return a;
7:
8: function SELECTNEXTQUERY(P, CACHE, 7)
9 forallr € Pdo
10: TopPK, PARENT, NAME, PREVIOUS ASPECT ¢ r
11: if PREVIOUS ASPECT = abstract then
12: CONTINUE
13: > Skip selection if previous retrieved results were from abstract query
14:
15: INITIAL ASPECT <— INITIALASPECT(NAME)
16: for j = v to K do
17: Doc < ToprK[j]
18: if DOC ¢ CACHE[INITIAL ASPECT] then
19: CACHEJINITIAL ASPECT].append(DoOC)
20: Qnext-APPEND((DOC, NAME))
21: break
22:
23: > Select most similar document not in aspect-aware cache starting from the ~ index.
24:
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Algorithm 4 Chain-of-Retrieval

1:

®

AN AN

Require: Root paper D; Max depth R; selection starting index ; Top-k per query K; Corpora
C <+ {Cabstracta Cchunked}

Initialize:

query queue @ < [(D,R0OOT)]

memory to save retrieved results M < []

CACHE[a] < 0 Va € {M,E,R} b Initialize Aspect-Aware Cache for Method, Experiment, and
Research Question Aspect

:forr=0to R —1do

Mr] =[], Qnext < []

for all (d, PARENT) in () do
P < ONEHOPRETRIEVAL(d, PARENT, C, K)
M(r]. EXTEND(P)
N(@ < SELECTNEXTQUERY(NQ, P, CACHE, 7)

Q< NQ

Algorithm 5 Recursive Post-Order Merging

10:
11:
12:
13:
14:
15:
16:
17:
18:

19:
20:
21:
22:
23:
24:
25:
26:
27:

1
2
3
4:
S:
6
7
8
9

Require: Root paper D; Max depth R; All Retrieved Results after depth R of retrieval M;

: Ensure: Final top-k candidates for D

function GROUP(L) > Group list of per round retrieved results with same parent nodes
return { p — [« € L : Parent(z) = p] }

: function MERGESIBLINGS(L) > Merge retrieved results with same parent nodes

S« {}
for (PARENT, G) € GROUP(L) do
S[PARENT| <— RRF(G)

return S

function MERGEEDGES(P, S) > Merge retrieved results from parent nodes and merged child nodes
O« ]
for (TopK, PARENT, NAME) € P do
if PARENT € Keys(S) then
O.append(RRF(TopK, S[PARENT]))

return O
r—R-1

while » > 0 do > Post-Order Merge, starting from the bottom level nodes
S <~ MERGESIBLINGS(Mr])
M[r — 1] + MERGEEDGES(M[r — 1], S)
r<r—1

return RRF(M0])
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G Case Study

Table 23: Example of the retrieved documents for the input document with COR from a EMNLP-Citations split in
SCIFULLBENCH. Due to the length of input documents, we provide only the title and abstract for the input, as well
as the titles for the retrieved documents. Retrieved documents that belong to ground truth are highlighted in blue.

Input Document Meta Data [Title] Stance Detection on Social Media with Background Knowledge

[Abstract] Identifying users2019 stances regarding specific targets/topics is a significant route to learning
public opinion from social media platforms. Most existing studies of stance detection strive to learn
stance information about specific targets from the context, in order to determine the user2019s stance on
the target. However, in real-world scenarios, we usually have a certain understanding of a target when
we express our stance on it. In this paper, we investigate stance detection from a novel perspective,
where the background knowledge of the targets is taken into account for better stance detection. To be
specific, we categorize background knowledge into two categories: episodic knowledge and discourse
knowledge, and propose a novel Knowledge-Augmented Stance Detection (KASD) framework. For
episodic knowledge, we devise a heuristic retrieval algorithm based on the topic to retrieve the Wikipedia
documents relevant to the sample. Further, we construct a prompt for ChatGPT to filter the Wikipedia
documents to derive episodic knowledge. For discourse knowledge, we construct a prompt for ChatGPT
to paraphrase the hashtags, references, etc., in the sample, thereby injecting discourse knowledge into
the sample. Experimental results on four benchmark datasets demonstrate that our KASD achieves
state-of-the-art performance in in-target and zero-shot stance detection.

Ground-Truth Document Meta Data [Title] A More Advanced Group Polarization Measurement Approach Based on LLM-Based Agents and
Graphs
[Title] A Survey of Stance Detection on Social Media: New Directions and Perspectives
[Title] Chain of Stance: Stance Detection with Large Language Models
[Title] A Challenge Dataset and Effective Models for Conversational Stance Detection
[Title] Mitigating Biases of Large Language Models in Stance Detection with Counterfactual Augmented
Calibration
[Title] Multi-modal Stance Detection: New Datasets and Model
[Title] A Logically Consistent Chain-of-Thought Approach for Stance Detection
[Title] Stance Detection with Collaborative Role-Infused LLM-Based Agents
[Title] Prompting and Fine-Tuning Open-Sourced Large Language Models for Stance Classification
[Title] Ladder-of-Thought: Using Knowledge as Steps to Elevate Stance Detection
[Title] Investigating Chain-of-thought with ChatGPT for Stance Detection on Social Media

Top@30 Retrieved Document Meta Data [Title] A Survey of Stance Detection on Social Media: New Directions and Perspectives
[Title] Stance Detection with Collaborative Role-Infused LLM-Based Agents
[Title] A Survey on Stance Detection for Mis- and Disinformation Identification
[Title] Prompting and Fine-Tuning Open-Sourced Large Language Models for Stance Classification
[Title] Chain of Stance: Stance Detection with Large Language Models
[Title] A Challenge Dataset and Effective Models for Conversational Stance Detection
[Title] Enabling Contextual Soft Moderation on Social Media through Contrastive Textual Deviation
[Title] Stance Detection on Social Media with Fine-Tuned Large Language Models
[Title] Stance Detection in Web and Social Media: A Comparative Study
[Title] Multi-modal Stance Detection: New Datasets and Model
[Title] TATA: Stance Detection via Topic-Agnostic and Topic-Aware Embeddings
[Title] A Benchmark for Cross-Domain Argumentative Stance Classification on Social Media
[Title] Mitigating Biases of Large Language Models in Stance Detection with Counterfactual Augmented
Calibration
[Title] Advancing Annotation of Stance in Social Media Posts: A Comparative Analysis of Large Language
Models and Crowd Sourcing
[Title] DEEM: Dynamic Experienced Expert Modeling for Stance Detection
[Title] FarExStance: Explainable Stance Detection for Farsi
[Title] Investigating Chain-of-thought with ChatGPT for Stance Detection on Social Media
[Title] Relative Counterfactual Contrastive Learning for Mitigating Pretrained Stance Bias in Stance
Detection
[Title] A Logically Consistent Chain-of-Thought Approach for Stance Detection
[Title] Embeddings-Based Clustering for Target Specific Stances: The Case of a Polarized Turkey
[Title] Reinforcement Tuning for Detecting Stances and Debunking Rumors Jointly with Large Language
Models
[Title] Examining the Influence of Political Bias on Large Language Model Performance in Stance
Classification
[Title] KCD: Knowledge Walks and Textual Cues Enhanced Political Perspective Detection in News Media
[Title] Deciphering Political Entity Sentiment in News with Large Language Models: Zero-Shot and
Few-Shot Strategies
[Title] Argumentative Stance Prediction: An Exploratory Study on Multimodality and Few-Shot Learning
[Title] A More Advanced Group Polarization Measurement Approach Based on LLM-Based Agents and
Graphs
[Title] Beneath the Tip of the Iceberg: Current Challenges and New Directions in Sentiment Analysis
Research
[Title] WIBA: What Is Being Argued? A Comprehensive Approach to Argument Mining
[Title] KGAP: Knowledge Graph Augmented Political Perspective Detection in News Media
[Title] "We Demand Justice!": Towards Social Context Grounding of Political Texts
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Table 24: Example of the retrieved documents for the input document with COR from a Citations split in PATENT-
FULLBENCH. Due to the length of input documents, we provide only the title and abstract for the input, as well as
the titles for the retrieved documents. Retrieved documents that belong to ground truth are highlighted in blue.

Input Document Meta Data [Abstract] The present disclosure describes methods and systems directed towards providing scaled
engagement and views of an e-sports event. Instead of providing the same distribution of live e-sport
event data to all remote viewers of a live e-sports event, features associated with e-sports gaming
network could be used to customize the distribution of live e-sport event data to promote immersive viewer
experience. The enhanced immersion can also be carried out in a virtual reality or augmented reality
setting. The features would be capable of providing additional information, different views, and a variety
of different commentators for the e-sports event so that the viewer can be more engaged when viewing
the particular e-sports event. With the increased engagement from remote viewers, the distribution of live
e-sports event data can also be further modified for monetization by incorporating advertisements as well.

Ground-Truth Document Meta Data [Title] Statistical driven tournaments
[Title] Scaled VR engagement and views in an e-sports event
[Title] Player to spectator handoff and other spectator controls
[Title] Creation of winner tournaments with fandom influence
[Title] User-driven spectator channel for live game play in multi-player games
[Title] Methods and systems to increase interest in and viewership of content before, during and after a
live event
[Title] Discovery and detection of events in interactive content
[Title] Integrating commentary content and gameplay content over a multi-user platform
[Title] Statistically defined game channels
[Title] Online tournament integration
[Title] De-interleaving gameplay data

Top@30 Retrieved Document Meta Data [Title] Methods and systems to increase interest in and viewership of content before, during and after a
live event
[Title] Scaled VR engagement and views in an e-sports event
[Title] Creation of winner tournaments with fandom influence
[Title] Player to spectator handoff and other spectator controls
[Title] Discovery and detection of events in interactive content
[Title] Real-time modifications in augmented reality experiences
[Title] User-driven spectator channel for live game play in multi-player games
[Title] Integrating commentary content and gameplay content over a multi-user platform
[Title] Online tournament integration
[Title] Integrating augmented reality experiences with other components
[Title] AR-based connected portal shopping
[Title] External screen streaming for an eyewear device
[Title] Systems and methods for generating and facilitating access to a personalized augmented rendering
of a user
[Title] Systems, methods and apparatuses of digital assistants in an augmented reality environment
and local determination of virtual object placement and apparatuses of single or multi-directional lens as
portals between a physical world and a digital world component of the augmented reality environment
[Title] Statistically defined game channels
[Title] AR/VR enabled contact lens
[Title] Shared augmented reality unboxing experience
[Title] De-interleaving gameplay data
[Title] Statistical driven tournaments
[Title] Automated augmented reality experience creation based on sample source and target images
[Title] Augmented reality unboxing experience
[Title] Real-time video dimensional transformations of video for presentation in mixed reality-based virtual
spaces
[Title] Systems and methods for pinning content items to locations in an augmented reality display based
on user preferences
[Title] Avatar customization system
[Title] Controlling interactive fashion based on body gestures
[Title] Systems, methods, and apparatus for enhanced headsets
[Title] User interfaces for wide angle video conference
[Title] User interface for multi-user communication session
[Title] Real-time upper-body garment exchange
[Title] Applying animated 3D avatar in AR experiences

34



Document Meta-Data

Abstract: We introduce GAIA, a benchmark for General Al Assistants that, if solved, would
represent a milestone in Al research. GAIA proposes real-world questions that require a set of
fundamental abilities such as reasoning, multi-modality handling, web browsing, and generally
tool-use proficiency. GAIA questions are conceptually simple for humans yet challenging for
most advanced Als: we show that human respondents obtain 92% vs. 15% for GPT-4 equipped
with plugins. This notable performance disparity contrasts with the recent trend of LLMs
outperforming humans on tasks requiring professional skills in e.g. law or chemistry. GAIA’s
philosophy departs from the current trend in Al benchmarks suggesting to target tasks that are
ever more difficult for humans. We posit that the advent of Artificial General Intelligence (AGI)
hinges on a system’s capability to exhibit similar robustness as the average human does on
such questions. Using GAIA’s methodology, we devise 466 questions and their answer. We re-
lease our questions while retaining answers to 300 of them to power a leader-board hereby accessible.

Method-Focused Query:

GAIA, a benchmark for General Al Assistants, presents a novel approach to evaluating the
capabilities of large language models (LLMs) in performing real-world tasks that require a range
of fundamental abilities, including reasoning, multi-modality handling, web browsing, and tool-
use proficiency. The methodology employed in developing GAIA involves creating a set of 466
carefully crafted questions and their answers, covering various assistant use cases such as daily
personal tasks, science, and general knowledge. Each question is designed to admit a short, single
correct answer, enabling simple and robust automatic evaluation.

To address the limitations of traditional LLM benchmarks, GAIA focuses on targeting tasks that
are conceptually simple for humans yet challenging for most advanced Als. The questions are
intended to be easy to create, yet vary, root in the real world, and pose a unique combination of
factual and inferential demands. Furthermore, GAIA’s design principles prioritize interpretability,
robustness against memorization, and easiness of use, aiming to provide a more nuanced evaluation
framework for assessing the capabilities of LLMs.

The development of GAIA involved several stages, starting with the creation of a seed set of
questions by the authors themselves, followed by extensive annotation and validation phases
involving human curators and evaluators. Two independent annotators assessed each question
for ambivalence, and discrepancies were resolved through iterative refinements. This rigorous
process ensured that the questions remained unambiguous and suitable for evaluation.

Upon releasing the benchmark, GAIA evaluates LLMs’ performance across various capabilities,
including web browsing, multi-modality processing, coding, and diverse filetype reading. The
evaluation procedure leverages a zero-shot prompt strategy, utilizing a prefix prompt to guide the
model toward producing a factual answer. Results indicate significant disparities between human
and LLM performances, highlighting the need for more sophisticated evaluation frameworks that
account for the complexities inherent in real-world scenarios.

Notably, GAIA’s methodology diverges from previous benchmarks by focusing on the overall
performance of Al assistants rather than individual tasks or narrow skill sets. This shift under-
scores the importance of considering the broader cognitive landscape encompassed by general
intelligence, particularly in light of the growing emphasis on achieving true Artificial General
Intelligence (AGI). Future directions for GAIA entail exploring extensions to accommodate emerg-
ing topics, incorporating human-in-the-loop feedback, and investigating novel methodologies for
tackling issues such as linguistic and cultural diversity.

Overall, GAIA represents a pioneering endeavor in establishing a standardized benchmark for
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evaluating the capabilities of General Al Assistants, offering valuable insights into the strengths
and weaknesses of contemporary LLM architectures. By fostering a deeper understanding of the
intricacies underlying effective Al assistance, GAIA paves the way for continued innovation in
the pursuit of AGI.

Experiment-Focused Query:
Here’s a detailed summary of the experiment setup, datasets, evaluation metrics, baselines, and
key findings of the paper "GAIA: A Benchmark for General Al Assistants":

Experiment Setup:
The authors propose a novel benchmark called GAIA (General Al Assistant) consisting of 466
carefully crafted questions and their answers. Each question requires a series of steps to arrive
at a factual answer, mimicking real-world scenarios where Al assistants interact with humans.
The questions cover various domains, including science, literature, and everyday life, and are
designed to be conceptually simple yet challenging for current Al systems.

Datasets:
The authors develop a custom dataset of 466 questions, divided into three levels of difficulty:
Level 1 (simplest), Level 2 (moderate), and Level 3 (most challenging). The questions are
paired with their answers, reasoning traces, and metadata describing the required capabilities
and tools.

Evaluation Metrics:
The authors employ a combination of human evaluation and automated scoring to assess the
performance of Al systems on the GAIA benchmark. Specifically:

* Human Score:
The authors annotate a subset of questions with their expected answers and measure the
similarity between the predicted answer and the true answer.

* Automated Scoring:
The authors implement a scoring mechanism that evaluates the correctness of the predicted
answer based on the presence of certain keywords and phrases in the answer.

Baselines:
The authors compare the performance of several popular large language models (LLMs) on
the GAIA benchmark, including GPT-4, AutoGPT, and human evaluators. The baseline
performances serve as a reference point for assessing the effectiveness of the proposed GAIA
benchmark.

Key Findings:

* Despite achieving impressive results on various NLP tasks, current LLMs struggle significantly
on the GAIA benchmark, particularly on Level 3 questions.

* The authors observe that equipping LLMs with external tools and APIs can significantly
enhance their performance on the GAIA benchmark, highlighting the importance of integrating
external resources into Al systems.

* The GAIA benchmark demonstrates the limitations of traditional evaluation metrics, such as
perplexity and BLEU score, in capturing the nuances of human-AlI interaction.

The authors conclude that solving the GAIA benchmark represents a significant milestone
toward developing truly general-purpose Al assistants that can effectively assist humans in a
wide range of contexts.

Overall, the GAIA benchmark offers a comprehensive framework for evaluating the capabilities
of Al systems in simulating real-world human-Al interactions, emphasizing the importance of
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integrating external resources, improving reasoning and decision-making, and enhancing overall
human-AlI alignment.

Research-Question Focused Query:
Here’s a detailed explanation of the scientific paper, focusing on its motivation, research questions,
and contributions:

Motivation:

The paper introduces a novel benchmark called GAIA (General Al Assistant) aimed at assessing
the capabilities of General Al Assistants. The author argues that traditional benchmarks, such
as GLUE and MMLU, are insufficient for evaluating Al systems’ ability to generalize across
various tasks and domains. Current benchmarks tend to focus on narrow tasks, whereas
real-world applications require Al systems to tackle complex, multifaceted problems. GAIA
addresses this limitation by presenting a comprehensive framework for evaluating Al assistents’
reasoning, multi-modality handling, web browsing, and tool-use proficiency.

Research Questions:
The primary research question driving this paper is: "Can we develop a benchmark that
comprehensively evaluates the capabilities of General Al Assistants?" Specifically, the author
seeks to investigate:
* Can Al systems generalize across various tasks and domains?
* How effective are current benchmarks in capturing the complexities of real-world applica-
tions?
To address these questions, the author designs and implements GAIA, a benchmark comprising
466 carefully crafted questions covering various aspects of Al assistance, including reasoning,
multi-modality handling, web browsing, and tool-use proficiency.

Contributions: The paper contributes several significant ideas to the field of Natural Language
Processing (NLP):
1. Comprehensive Benchmark for General Al Assistants: GAIA offers a standardized
framework for evaluating Al assistents’ capabilities, filling the gap left by existing benchmarks.
2. Realistic Task Set: The benchmark features questions that mimic real-world scenarios,
encouraging Al systems to apply their knowledge and skills in context-dependent settings.
3. Focus on Reasoning and Multi-Modality Handling: GAIA emphasizes the importance
of reasoning and multi-modality handling in Al assistents, highlighting areas where current
models fall short.
4. Evaluation Methodology: The paper presents a systematic approach to evaluating Al
assistents, incorporating human evaluation, model-based evaluation, and automatic scoring
techniques.

Overall, the paper demonstrates the feasibility of developing a comprehensive benchmark for General
Al Assistants, paving the way for improved evaluation methodologies and more sophisticated Al
systems. ...
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Document Meta-Data

Abstract: The present disclosure describes methods and systems directed towards providing scaled
engagement and views of an e-sports event. Instead of providing the same distribution of live e-sport
event data to all remote viewers of a live e-sports event, features associated with e-sports gaming
network could be used to customize the distribution of live e-sport event data to promote immersive
viewer experience. The enhanced immersion can also be carried out in a virtual reality or augmented
reality setting. The features would be capable of providing additional information, different views,
and a variety of different commentators for the e-sports event so that the viewer can be more engaged
when viewing the particular e-sports event. With the increased engagement from remote viewers, the
distribution of live e-sports event data can also be further modified for monetization by incorporating
advertisements as well.

Method-Focused Query: The disclosed method for providing scaled engagement and views of a
live electronic sports (e-sport) event involves a systematic approach to enhance viewer immersion
through customized data distribution. Initially, the method collects comprehensive information from
the live e-sport event, including in-game elements, player statistics, and audience reactions. This data
is processed to generate detailed statistics about the players, which are then used to create a dynamic
display of the event from an in-game camera perspective. The generated display is further modified
based on individual viewer preferences, which may include adjustments for augmented reality (AR)
environments, different camera angles, and the integration of advertisements. The modifications
are tailored to enhance the viewer’s experience by providing relevant statistics, commentary, and
interactive features, such as the ability to follow specific players or engage with other viewers. The
final modified display is distributed to the viewer’s device, ensuring a personalized and immersive
viewing experience that can also facilitate monetization through targeted advertisements. The system
architecture includes an event server for data collection, a gaming server for processing and display
generation, and a public network for distribution, all of which work together to deliver a rich,
engaging e-sport viewing experience.

Claim-Focused Query: The claims of this patent outline a method and system for enhancing viewer
engagement and experience during live electronic sports (e-sports) events through customized data
distribution. The independent claim details a method that includes collecting event data, generating
player statistics, and creating a display that presents the event from an in-game camera perspective.
This display is then modified based on viewer preferences, which may include augmented reality
integration and personalized camera angles, before being distributed to remote viewers. The
dependent claims specify refinements such as the inclusion of game-related information from player
devices, audience reactions, advertisement incorporation, and user profile-based modifications that
tailor the viewing experience to individual preferences. Additional claims address the provision
of multiple viewing perspectives, interactive functions for viewers, and audio from other viewers,
enhancing the immersive experience. The system claims describe an architecture comprising an event
server and a gaming server that collectively manage data collection, processing, and distribution,
while also allowing for the integration of advertisements and user interactions. Overall, the claims
provide broad protection for methods and systems that facilitate a customizable and engaging
viewing experience for remote participants in e-sports events.

Background Focused Query: The present invention pertains to the field of electronic sports (e-
sports), specifically focusing on enhancing viewer engagement and experience during live e-sports
events through customized data distribution. Existing methods of broadcasting e-sports events
typically provide a uniform viewing experience to all remote viewers, lacking personalization and
immersive features that could significantly enhance engagement. Current streaming platforms
do not adequately leverage the wealth of data generated during live competitions, such as player
statistics, audience reactions, and in-game dynamics, which limits the depth of viewer interaction and
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understanding of the event. Furthermore, the integration of advanced technologies like virtual reality
(VR) and augmented reality (AR) remains underutilized, preventing viewers from experiencing
events in a more immersive manner akin to being physically present. There is a pressing need
for systems that can dynamically modify the presentation of e-sports data based on individual
viewer preferences, including customizable perspectives, additional commentary, and interactive
features, while also addressing challenges related to monetization through targeted advertisements.
Operating constraints include the need for real-time data processing, compatibility with various user
devices, and the ability to handle high viewer throughput without compromising latency or quality.
The application context spans competitive gaming leagues, online streaming services, and event
organizers, all of whom seek to enhance viewer satisfaction and engagement while navigating the
complexities of data management and user interaction in a rapidly evolving digital landscape.
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H Human Evaluation Guideline

In this section, we provide the guidelines for human
evaluation provided to annotators in Table 6.
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Human Evaluation Guideline

1. Evaluation Guidelines

Each task contains Title, Abstract information of Input Query Document, and has 3 different randomly
shuffled retrieval variants with 5 retrieved documents with their titles and abstracts respectively. You
will annotate each Query—Document pair with EXACTLY ONE of the following labels:

Method

Experiment

Research Question/Motivation
Irrelevant

A total of 15 retrieved documents must be labeled per Input paper.

The evaluation unit is one retrieved document for one query.
For each retrieved document, Exactly One label can be assigned.

2. Evaluation Instruction
1. Evaluation Criteria
1.1 Research Question Definition:
Choose this label when the retrieved document addresses the same or a highly similar research
problem, task, or scientific question as the query.

Criteria:

Same or very similar task/problem/research objectives Overlapping motivation or problem
definition High-level goals align strongly Do not consider overly vague and broad similarities
as Motivation-Wise Related.

Examples:

Correct: Both works aim to address the fundamental challenge of retrieving relevant in-
formation from long-context documents, focusing on the issues of efficiently utilizing the
important content within the query and candidate documents, and mitigate the effect of
irrelevant noise information.

Incorrect: Both papers focus on Large Language Models.

1.2 Method Definition:
Choose this label when the retrieved document is relevant mainly because it provides similar
methodology, to solve its respective problem. Focus on the similarity between Algorithms,
Model Architectures, Training Methods, Optimization Strategies, or Theoretical Frameworks.

Criteria:

1) Similar algorithm or model architecture

2) Methodological or optimization insights overlap

3) Technical design relevant to the query

4) Try to Avoid Overly Vague Methodological Similarities

Examples:

Correct Although the query document A focuses on research agents for solution generation
and the retrieved document B addresses automated web agents, their core methodological
frameworks are highly similar. Both frameworks implement a training-free, self-evolving
memory architecture in which past experiences with the highest rewards are stored during an
offline stage and later retrieved during inference. This mechanism enables the policy model
to generalize to unseen tasks and effectively perform a form of curriculum learning through
experience reuse.
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Incorrect Both Paper A and Paper B leverage large language models as autonomous agents
and employ multi-agent frameworks to address their respective problem settings.

1.3 Experiment Definition:

Choose this label when the retrieved document is primarily relevant due to its experimental
framework: datasets, benchmarks, evaluation methodologies, or baseline setups.

Criteria:

1) Introduces a similar dataset or benchmark used in the query
2) Uses similar evaluation protocol

3) Provides relevant baselines or experiment structures

4) Try to Avoid Overly Vague Experimental Similarities

Examples:

Correct Both paper A and paper B attempts to solve the long-horizon forgetting problem
of automated Agents with different methodologies and research objectives. Both paper A
and paper B performs evaluation on OsWorld benchmark and VisualWebArena benchmark,
while CoACT and UlTars as their strong baselines.

Incorrect Paper A and Paper B both utilize benchmarks to evaluate agents.
1.4 Irrelevant Definition:

Choose this label when the retrieved document does not meaningfully relate to the query in
terms of research question, method, or experimental setup.

Criteria:

1) Only superficial keyword overlap (e.g., both mention “LLM”)
2) Different domain or unrelated task
3) No substantial conceptual or technical relevance

Examples:

Vision Language Model layer compression for GUI Agents for efficiency improvement <->
Preference Optimization for Vision Language Models

2. How to Resolve Ambiguous Cases When a retrieved document could belong to multiple
categories, use the following priority:

Phase 1: Check the aspect that aligns strongly among three given aspects.

Research Question — if the research problem aligns strongly
Method — if the alignment is mainly methodological
Experiment — if the relevance is primarily datasets/benchmarks/evaluation

Phase 2 Irrelevant — if none of the above apply
3. Quality Checklist Before submitting, verify the following:

Exactly one label selected per document

Strong task alignment — Research Question

Methodological overlap — Method

Dataset/evaluation relevance — Experiment

Unrelated documents — irrelevant

There are duplicate candidate documents across variants. Please make sure that the labels are
applied consistently across all query, document pairs.
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I Prompts

Here, we provide prompts used for experiments.

Method-Focused Agent Prompt for Paper-to-Paper Retrieval

Instruction:

You are a specialized research assistant tasked with generating a structured, detailed explanation
of a scientific paper based on its Methodology. Your goal is to provide a clear yet comprehensive
summary that makes it easy to identify relevant papers by emphasizing the methodology of given

paper.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers METHOD wise.
- Make sure that your explanation can retrieve highly relevant papers easily.
- There are also other agents who are tasked with generating explanation on given paper. Unlike
you, they are focused on experiments, and research questions of given paper. You must try to
avoid overlap with possible explanations that the other two agents might generate.

Input:
You will be given the full text of a scientific paper. Carefully analyze its content, with a particular
focus on the METHODOLOGY section, to extract its main approaches.

Key Considerations:
Highlight specific method/approach details, avoiding vague or overly general descriptions. Use
precise language to ensure clarity while maintaining depth.

Output Format:

Generate a well-structured, detailed and yet clear paragraph that effectively captures the paper’s
approach, and key concepts in a concise yet informative manner. Focus on high-level insights rather
than excessive detail.

You must not include title and abstract of given paper in your answer, and try to put it into your own
words with high level reasoning after reading the paper.
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Experiment-Focused Agent Prompt for Paper-to-Paper Retrieval

You are a specialized research assistant tasked with generating a structured, detailed explanation of a
scientific paper’s experimental setup.

Your goal is to clearly outline the datasets, evaluation metrics, baselines, and key experimental
findings, making it easy to understand how the paper validates its approach.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers EXPERIMENT wise.
- Make sure that your explanation can retrieve highly relevant papers easily.
- There are also other agents who are tasked with generating explanation on given paper. Unlike
you, they are focused on methods, and research questions of given paper. You must try to avoid
overlap with possible explanations that the other two agents might generate.

Input:

You will be provided with the full text of a scientific paper. Carefully analyze its content, paying
particular attention to the Experiments, Results, and Evaluation sections to extract the key
experimental details.

Key Considerations:
Datasets & Benchmarks: Clearly specify the datasets and benchmarks used for evaluation.
Baselines & Comparisons: Identify what methods or models the paper compares against.
Key Results & Insights: Summarize the main experimental findings without excessive detail.

Output Format:

Generate a clear, well structured and detailed paragraph that highlights the experimental methodol-
ogy, datasets, evaluation metrics, baselines, and key results. Focus on high-level insights rather than
excessive detail.

You must not include title and abstract of given paper in your answer, and try to put it into your own
words with high level reasoning after reading the paper.
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Research Question-Focused Agent Prompt for Paper-to-Paper Retrieval

Instruction:

You are a specialized research assistant tasked with generating a structured, detailed explanation of
a scientific paper based on its Motivation, Research Questions, and Contributions. Your goal
is to provide a clear yet comprehensive summary that makes it easy to identify relevant papers by
emphasizing the core problem, key contributions, and research objectives.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers RESEARCH QUES-
TION wise.
- Make sure that your explanation can retrieve highly relevant papers easily.
- There are also other agents who are tasked with generating explanation on given paper. Unlike
you, they are focused on experiments, and methods of given paper. You must try to avoid overlap
with possible explanations that the other two agents might generate.

Input:

You will be given the full text of a scientific paper. Carefully analyze its content, with a particular
focus on the Introduction and Conclusion, to extract its main contributions, research questions, and
motivations.

Key Considerations:

Highlight specific motivations, research questions, and contributions, avoiding vague or overly
general descriptions.

Use precise language to ensure clarity while maintaining depth.

Output Format: Generate a well-structured, detailed and yet clear paragraph that effectively
captures the paper’s motivation, problem statement, research questions, and key contributions in a
concise yet informative manner. Focus on high-level insights rather than excessive detail

You must not include title and abstract of given paper in your answer, and try to put it into your own
words with high level reasoning after reading the paper.
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Base Agent Prompt for Paper-to-Paper Retrieval

Instruction: You are a specialized research assistant tasked with generating a structured,detailed
explanation of a scientific paper based three different aspects.

1. Method-Specific Queries:
Generate a structured, detailed explanation of a scientific paper based on its Methodology Your
goal is to provide a clear yet comprehensive summary that makes it easy to identify relevant papers
by emphasizing the methodology of given paper.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers METHOD wise.
- Make sure that your explanation can retrieve highly relevant papers easily.

Input:
You will be given the full text of a scientific paper. Carefully analyze its content, with a
particular focus on the METHODOLOGY section, to extract its main approaches.

Key Considerations:
Highlight specific method/approach details, avoiding vague or overly general descriptions. Use
precise language to ensure clarity while maintaining depth.

Output Format:
Generate a well-structured, detailed and yet clear paragraph that effectively captures the paper’s
approach, and key concepts in a concise yet informative manner. Focus on high-level insights
rather than excessive detail You must not include title and abstract of given paper in your answer,
and try to put it into your own words with high level reasoning after reading the paper.

2. Experiment-Specific Queries:
Generate a structured, detailed explanation of a scientific paper’s experimental setup Your goal
is to clearly outline the datasets, evaluation metrics, baselines, and key experimental findings,
making it easy to understand how the paper validates its approach.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers EXPERIMENT
wise.
- Make sure that your explanation can retrieve highly relevant papers easily.

You will be provided with the full text of a scientific paper. Carefully analyze its content,
paying particular attention to the Experiments, Results, and Evaluation sections to extract the key
experimental details.

Key Considerations:
Datasets & Benchmarks: Clearly specify the datasets and benchmarks used for evaluation.
Baselines & Comparisons: Identify what methods or models the paper compares against.
Key Results & Insights: Summarize the main experimental findings without excessive detail.

Output Format:
Generate a clear, well structured and detailed paragraph that highlights the experimental
methodology, datasets, evaluation metrics, baselines, and key results. Focus on high-level
insights rather than excessive detail. You must not include title and abstract of given paper in
your answer, and try to put it into your own words with high level reasoning after reading the
paper.

3. Research Question-Specific Queries:
Generate a structured, detailed explanation of a scientific paper based on its Motivation, Research
Questions, and Contributions. Your goal is to provide a clear yet comprehensive summary that
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makes it easy to identify relevant papers by emphasizing the core problem, key contributions, and
research objectives.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers RESEARCH
QUESTION wise.
- Make sure that your explanation can retrieve highly relevant papers easily.

Input:
You will be given the full text of a scientific paper. Carefully analyze its content, with a
particular focus on the Introduction and Conclusion, to extract its main contributions, research
questions, and motivations.

Key Considerations:
Highlight specific motivations, research questions, and contributions, avoiding vague or overly
general descriptions. Use precise language to ensure clarity while maintaining depth.

Output Format:
Generate a well-structured, detailed and yet clear paragraph that effectively captures the paper’s
motivation, problem statement, research questions, and key contributions in a concise yet
informative manner. Focus on high-level insights rather than excessive detail You must not
include title and abstract of given paper in your answer, and try to put it into your own words
with high level reasoning after reading the paper.

Output:
Return a structured json file for respective Method-Specific Queries, Experiment-Specific Queries,
and Research Question-Specific queries, with the respective keys as "method_query", "experi-
ment_query", and "research_question_query". Each key should contain the generated explanation

as a string.
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Prompt for Single Comprehensive Query for Paper-to-Paper Retrieval

Instruction:

You are a specialized research assistant tasked with generating a structured, detailed explanation of a
scientific paper based three different aspects. You should generate a single query covering method,
experiment, and research question aspects. Carefully read the below instructions and generate a
single comprehensive query that covers below three aspects.

1. Method-Specific Queries:
Generate a structured, detailed explanation of a scientific paper based on its Methodology. Your
goal is to provide a clear yet comprehensive summary that makes it easy to identify relevant papers
by emphasizing the methodology of given paper.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers METHOD wise.
- Make sure that your explanation can retrieve highly relevant papers easily.

Input:
You will be given the full text of a scientific paper. Carefully analyze its content, with a particular
focus on the METHODOLOGY section, to extract its main approaches.

Key Considerations:
Highlight specific method/approach details, avoiding vague or overly general descriptions. Use
precise language to ensure clarity while maintaining depth.

Output Format:

Generate a well-structured, detailed and yet clear paragraph that effectively captures the paper’s
approach, and key concepts in a concise yet informative manner. Focus on high-level insights
rather than excessive detail You must not include title and abstract of given paper in your answer,
and try to put it into your own words with high level reasoning after reading the paper.

2. Experiment-Specific Queries:
Generate a structured, detailed explanation of a scientific paper’s experimental setup Your goal
is to clearly outline the datasets, evaluation metrics, baselines, and key experimental findings,
making it easy to understand how the paper validates its approach.

IMPORTANT
- Your explanation is going to be used as a query to retrieve similar papers EXPERIMENT wise.
- Make sure that your explanation can retrieve highly relevant papers easily.

You will be provided with the full text of a scientific paper. Carefully analyze its content,
paying particular attention to the Experiments, Results, and Evaluation sections to extract the key
experimental details.

Key Considerations:

Datasets & Benchmarks: Clearly specify the datasets and benchmarks used for evaluation.
Baselines & Comparisons: Identify what methods or models the paper compares against.
Key Results & Insights: Summarize the main experimental findings without excessive detail.

Output Format:

Generate a clear, well structured and detailed paragraph that highlights the experimental method-
ology, datasets, evaluation metrics, baselines, and key results. Focus on high-level insights rather
than excessive detail. You must not include title and abstract of given paper in your answer, and
try to put it into your own words with high level reasoning after reading the paper.

3. Research Question-Specific Queries:
Generate a structured, detailed explanation of a scientific paper based on its Motivation, Research
Questions, and Contributions. Your goal is to provide a clear yet comprehensive summary that
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makes it easy to identify relevant papers by emphasizing the core problem, key contributions, and
research objectives.

IMPORTANT

- Your explanation is going to be used as a query to retrieve similar papers RESEARCH QUES-
TION wise.

- Make sure that your explanation can retrieve highly relevant papers easily.

Input:

You will be given the full text of a scientific paper. Carefully analyze its content, with a particular
focus on the Introduction and Conclusion, to extract its main contributions, research questions,
and motivations.

Key Considerations:
Highlight specific motivations, research questions, and contributions, avoiding vague or overly
general descriptions. Use precise language to ensure clarity while maintaining depth.

Output Format: Generate a well-structured, detailed and yet clear paragraph that effectively
captures the paper’s motivation, problem statement, research questions, and key contributions in
a concise yet informative manner. Focus on high-level insights rather than excessive detail You
must not include title and abstract of given paper in your answer, and try to put it into your own
words with high level reasoning after reading the paper.

Output:
Return a comprehensive query that covers the Methodology, Research Questions, and Experimental
Details within a single paper.
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Method-Focused Agent Prompt for Patent-to-Patent Retrieval

You are a specialized research assistant tasked with generating a structured, detailed explanation of a
patent’s METHOD.

Your goal is to summarize how the invention works in practice: its core technical principles,
implementation procedures, system architecture, and functional mechanisms. This explanation will
be used as a query to retrieve patents with similar methods or implementation techniques.

IMPORTANT
- Focus ONLY on the Detailed Description and Embodiments sections.
- Capture the technical processes, structures, system flows, or algorithms.
- Paraphrase at a high-level while keeping enough technical detail for retrieval.
- Other agents will generate explanations about the invention claims and the background/problems
of the given patent. You must avoid overlap with those aspects.

Input
You will be provided with the full text of a patent. Carefully analyze its Detailed Description,
Examples, and Figures to extract the methodological details.

Key Considerations
Here are some key aspects that you may focus on.
- Core technical principle: what mechanism enables the invention to function?
- Implementation structure: key components, modules, or subsystems.
- Operational flow: how the method proceeds step by step.
- Variants or embodiments: different configurations or modes of execution.
- Integration context: how it interacts with external systems or environments.

Output Format

Produce a single, clear, and well-structured paragraph that captures the METHOD of the invention.
Write in concise, retrieval-friendly technical language that highlights implementation strategies and
system functionality.
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Claim-Focused Agent Prompt for Patent-to-Patent Retrieval

You are a specialized research assistant tasked with generating a structured, detailed explanation of a
patent’s CLAIMS.

Your goal is to clearly outline the legal protection scope: what is being claimed, how broad the
claims are, and what technical features or components are covered.

This explanation will be used as a query to retrieve patents with similar CLAIM structures and
protection scopes.

IMPORTANT
- Focus ONLY on the CLAIMS section.
- Emphasize the scope of protection, claimed components, processes, and relationships among
them.
- Avoid background information, prior art, or detailed embodiments (those are handled by other
agents).
- Do not directly copy claim sentences; paraphrase into concise, high-level, retrieval-friendly
language.
- Include both the broad independent claims (core invention scope) and notable dependent claims
(specific refinements).
- Other agents will generate explanations about the invention details/method and the back-
ground/problems of the given patent. You must avoid overlap with those aspects.

Input
You will be provided with the full text of a patent. Carefully analyze the CLAIMS section.

Output Format
Produce a clear, well-structured paragraph that captures the scope and focus of the CLAIMS. Use
neutral, technical language suitable for retrieval so that patents with overlapping protection scopes
can be surfaced.
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Background-Focused Agent Prompt for Patent-to-Patent Retrieval

You are a specialized research assistant tasked with generating a structured, detailed explanation of a
patent’s Problem / Background (i.e., the technical field and the shortcomings of prior art).

Your goal is to clearly state the problem space—technical domain, prior-art limitations, unresolved
challenges, operating constraints, and desired (non-solution) performance objectives—so that similar
patents can be retrieved by shared problem patterns rather than specific solutions.

IMPORTANT
- Your explanation is going to be used as a query to retrieve patents that are similar in the
PROBLEM SPACE.
- Include concrete domain terms (components, materials, data types), relevant standards/regulations,
operating conditions (e.g., throughput, latency, power, temperature), failure modes, and application
contexts that characterize the problem.
- Other agents will generate explanations about the invention details/method and the claims made
from the input patent. You must avoid overlap with those aspects.

Input
You will be provided with the full text of a patent.

Key Considerations
Here are some key aspects that you may focus on.
- Technical Field: the domain and subdomain (e.g., “wireless edge inference for medical imag-
ing”).
- Prior Art & Limitations: concrete bottlenecks, inefficiencies, failure cases, safety/privacy
concerns, interoperability issues.
- Unmet Technical Objectives: what must be achieved (targets or constraints).
- Operating Constraints & Edge Cases: data distributions, environmental/thermal limits, network
conditions, power/memory budgets, size/weight/cost constraints, lifecycle/maintenance issues.
- Application Contexts & Stakeholders: deployment scenarios, industries, users, and integration
boundaries.

Output Format

Generate a single, clear, well-structured paragraph in neutral technical language that captures ONLY
the Problem / Background. Paraphrase in your own words at a high level; do not copy text or
include any solution, embodiment, or claim content. The paragraph should be information-dense and
retrieval-friendly so that it can surface patents that confront the same technical challenges.
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