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Abstract

As researchers delve more deeply into their
work, paper search requirements may become
more flexible, sometimes involving specific de-
tails such as module configuration rather than
being limited to coarse-grained topics. How-
ever, previous paper search systems are unable
to meet these flexible-grained requirements,
as previous systems mainly collect paper ab-
stract to construct corpus index, which lacks
detailed information to support retrieval by
some finer-grained queries. In this work, we
propose PaperRegister, which transforms tradi-
tional abstract-based index into a hierarchical
index tree, thereby supporting queries at flexi-
ble granularity. Experiments on paper search
tasks across a range of granularity demon-
strate that PaperRegister achieves the SOTA
performance, and particularly excels in the fine-
grained scenarios, highlighting good potential
as an effective solution for flexible-grained pa-
per search in real-world applications. https:
//github.com/icip-cas/PaperRegister.

1 Introduction

Paper search is an important and almost every-
day activity for researchers (Kuhlthau, 1991; Ellis
et al., 1993; Hemminger et al., 2007; Case and
Given, 2016). Typically, this process begins when
user submits a natural-language query describing a
topic, and then retrieval system matches this query
against paper corpus and returns subset of papers
with the highest relevance (Wadden et al., 2020; Co-
han et al., 2020; Ajith et al., 2024; He et al., 2025).
As researchers delve more deeply into their work,
paper search requirements can become increasingly
flexible. For example, the view of query may re-
fer to detailed module configuration or method-
ological operation, rather than being limited to the
level of coarse-grained topic (Mysore et al., 2021;
Kang et al., 2024; Wang et al., 2023; Zhang et al.,
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Figure 1: PaperRegister supports flexible-grained paper
search via hierarchical register, while traditional method
fails due to abstract cannot contain required details.

2025). Therefore, a paper search system supporting
queries at flexible granularity is of important value.

Unfortunately, existing paper search systems
cannot effectively handle queries across flexible
granularity, since they mainly use paper abstract to
construct corpus index for retrieval (Zheng et al.,
2020; Gao et al., 2023; Mackie et al., 2023; Lei
et al., 2024). When the view of query involves finer-
grained information that does not appear in abstract,
they fail to retrieve relevant papers. As shown in
Figure 1, the query “Retrieve papers about jointly
training encoder and generator via minimizing neg-
ative marginal log-likelihood without doc encoder”
focuses on a detailed training operation. For this
query, the target papers cannot be successfully re-
trieved by traditional abstract-based index, because
paper abstract does not mention such a detailed
training operation. Therefore, building a paper
search system supporting queries at flexible granu-
larity remains a valuable and unresolved challenge.

To this end, we propose PaperRegister, which
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transforms traditional abstract-based index into a
hierarchical index tree, thereby supporting queries
at flexible granularity. Specially, PaperRegister
includes offline hierarchical indexing and online
adaptive retrieval. In the offline stage, to construct
the hierarchical index tree for paper corpus, Paper-
Register uses a hierarchical register schema, which
is consisted of information nodes at various granu-
larity, and each node path represents a kind of view.
Based on this schema, PaperRegister first extracts
fine-grained node contents, then aggregates node
contents bottom-up, layer by layer, yielding hierar-
chical register for each paper. And then the hierar-
chical index tree is constructed by merging register
of all papers. In the online stage, to adaptively
retrieve via the hierarchical index tree, PaperRegis-
ter first employs a view recognizer to identify the
views of query, which associates to suitable indexes
from the tree, and then matches query against these
indexes to achieve the precise paper search.

One key aspect of PaperRegister is the view rec-
ognizer, which must be both low-latency and high-
accuracy. To this end, we construct the view recog-
nizer by training a small-scale language model via
hierarchical-reward reinforcement learning. Firstly,
to alleviate online latency, we adopt a language
model with 0.6 billion parameters as base. Then, to
equip the model with basic identifying ability, we
perform supervised fine-tuning, where query is the
input and golden view is the label. Furthermore, to
enhance accuracy of view recognizer, considering
the hierarchical dependency of nodes in register
schema, we design a hierarchical reward as rein-
forcement learning signal, which is calculated by
the closeness level between predicted view and
golden view in hierarchical register schema. And
then we employ this reward on group relative pol-
icy optimization (GRPO) (Shao et al., 2024) to
enhance the capability of view recognizer.

In experiments, we compare PaperRegister with
several common-used methods on paper search,
across various levels of granularity. Results show
PaperRegister achieves the SOTA performance,
with the improvement being more pronounced as
query granularity is finer, confirming that Paper-
Register is a robust solution for the challenging
flexible-grained paper search task. The main contri-
butions of this work can be summarized as follows:

• We construct PaperRegister, which can sup-
port paper search queries at flexible granular-
ity via the hierarchical register indexing.

• We design hierarchical-reward reinforcement
learning, which can train a powerful and low-
latency view recognizer for PaperRegister.

• We conduct extensive experiments and analy-
sis, which show PaperRegister is an advanced
system for flexible-grained paper search.

2 PaperRegister

Existing paper search systems fail to handle queries
at flexible granularity due to they primarily collect
paper abstract to construct index of corpus, which
does not contain detailed information to support
queries at finer granularity. To this end, we propose
PaperRegister, which can support flexible-grained
paper search via hierarchical register indexing. As
illustrated in Figure 2, in the offline stage, a hier-
archical index tree is built for paper corpus, and in
the online stage, adaptive retrieval is performed by
selecting and using suitable indexes from the tree.

2.1 Task Formulation

The task involved in this work provides a query
q as input, with the goal of retrieving M relevant
papers {p(m)}Mm=1 based on the index I of paper
corpus C, which can be expressed as follows:

{p(m)}Mm=1 = F(q, I) (1)

For regular paper search, view of query q is typi-
cally a coarse-grained topic that user is interested
in, and systems mainly construct index I based on
paper abstract to match against q. As user’s require-
ments become more flexible, the view may refer to
details such as module configuration and training
operation. In this context, since this detailed infor-
mation typically do not appear in abstract, existing
paper search systems cannot retrieve accurately.

2.2 Offline Hierarchical Indexing

Considering the granularity of query view can be
flexible across very fine-grained, moderately fine-
grained, to coarse-grained, PaperRegister offline
constructs a hierarchical index tree for paper corpus
to support flexible paper search. Specifically, based
on a hierarchical register schema, PaperRegister
obtains hierarchical register for each paper through
fine-grained content extracting and bottom-up con-
tent aggregating, and then hierarchical index tree
is constructed by merging register of all papers.

Hierarchical Register Schema. To obtain the
hierarchical register for each paper, we first design
a hierarchical register schema, which consists of

17562



Offline Hierarchical Indexing

Online Adaptive Retrieval

# Title
RAG for …

# Introduction
Models are …

# Background
Query needs a
big amount of
knowledge ...

…

Papers

Query
Papers about jointly training enc.
and gen. via minimizing negative
marginal loglike. w/o doc encoder.

View-based MatchingView Identifying
Top-𝑲 Views

1.Abstract-Method-Implement-Opera.
2.Abstract-Experiment

Paper        
Opera. 0.9 0.5 0.6
Experi. 0.4    0.3    0.7

Query
Recognizer Matching Result

Rank-1:  
Rank-2:  
Rank-3:  

Query

𝒑𝟏

Finding      Model is weak in ... 

Module      Use BERT 330 …

Dataset      WQA, TriviaQA …

Results Memory can help… 

Implementation
Train bart as the lm, and
train bert as the enc…

Conclusion
RAG is useful and extra
source quality is key …

Method
Use a retriever
to give seq2seq
extra docs to…

Experiment
QA tasks, three
tuned baselines
and conclude ...

Fine-grained Extracting Bottom-up Aggregating

Content summary and aggregating

Motivation
Model parametric is not
reliable, so augment …

Setting
Compare the fine-tuning
baselines in QA tasks …

Thought    Do augment via …

Operation  Jointly train enc …

Baseline   Seq2seq models …

Analysis Different models …
… …

…

…

Hierarchical Register for

𝑝" 𝑝# 𝑝$ 𝑝"
𝑝$
𝑝#

𝒑𝟏

Max of each column

Schema

…

𝑝"-operation 𝑝#-operation 𝑝$-operation

𝑝"-experiment 𝑝#-experiment 𝑝$-experiment

Abstract
N-parametric
explicit mem.
differentiable
for pretrained
models, which
has so far only
been invest …

Hierarchical Index Tree  
Abstract

𝑝"-abstract 𝑝#-abstract…

Method

𝑝"-method 𝑝#-method …

Motivation

𝑝"-motiva. 𝑝#-motiva. …

Module
𝑝"-module 𝑝#-module …

Experiment

𝑝"-experi. 𝑝#-experi. …

Implementation

𝑝"-imple. 𝑝#-imple. …

Operation
𝑝"-operation 𝑝#-operation … …

…

…

Very Coarse Gr.

Coarse Grained

VeryFineGrained
Fine Grained

Figure 2: PaperRegister includes hierarchical indexing and adaptive retrieval. Offline, PaperRegister constructs
hierarchical index tree via fine-grained content extracting and bottom-up content aggregating based on a hierarchical
register schema. Online, PaperRegister first identify views of query and then conduct view-based matching.

information nodes as the following formula:

Ni,j = {ni,j : (ci,j , {Ni+1,j′}Zj′=1)} (2)

where Ni,j is the j-th information node at the i-
th layer, ni,j is node name, ci,j is expected node
content from specific paper, Ni+1,j′ is a sub-node
of Ni,j , Z is number of sub-nodes under each node,
and i ∈ [1, ..., L], L is number of layers in schema.

In hierarchical register schema, shallow-layer
nodes represent coarse-grained information, and
deep-layer nodes represent finer-grained informa-
tion. For example, in the i+1-th layer, Ni+1,j′ and
Ni+1,j′+1 respectively denote module configura-
tion and training operation of paper, which are two
kinds of relatively fine-grained information. While
their common parent in the i-th layer, Ni,j , denotes
method implementation, which is a coarser-grained
summary of Ni+1,j′ and Ni+1,j′+1, thereby form-
ing schema with hierarchical-dependency nodes.

In addition, since different types of papers have
different styles and formats, we design five kinds
of schema, corresponding to five paper types, and
use a large language model to determine the type of
each paper. Details are presented in Appendix A.

Fine-grained Content Extracting. Based on the
above hierarchical register schema, in order to ob-
tain fine-grained contents as much as possible, Pa-
perRegister first extracts content for each informa-
tion node at the L-th layer from paper p(m), which
can be represented as the following formula:

c
(m)
L,j = Mextract(p

(m), nL,j) (3)

where nL,j represents name of information node
NL,j and Mextract is the extracting module.

To achieve accurate extraction, learning from
several widely recognized works, in which large
language models are proven to possess reliable ca-
pabilities for content extraction tasks (Edge et al.,
2024; Li et al., 2025c), PaperRegister employs a
large language model as extracting module. Specif-
ically, PaperRegister takes the node name and text-
formatted paper as input, uses instructions to guide
in outputting corresponding content for the infor-
mation node, and leaves it blank if the paper does
not include corresponding content. The detailed
process and instructions are in the Appendix B.

Bottom-up Content Aggregating. After extract-
ing all the finest-grained contents, in order to
smoothly obtain a complete hierarchical register,
PaperRegister aggregates node contents layer by
layer from bottom to top based on the hierarchical
register schema, represented as following formula:

c
(m)
i,j = Maggregate({c(m)

i+1,j′}Zj′=1) (4)

where the layer i is from L − 1 to 1, thereby ob-
taining content for each information node in the
hierarchical register schema for the paper p(m).

To achieve accurate aggregation, like extraction
process, PaperRegister uses a large language model
as the aggregating module Maggregate. Specifi-
cally, PaperRegister takes contents of sub-nodes as
input and uses instructions to guide large language
model in summarizing, condensing, and removing
details to turn into summary text, thus obtaining
content for upper-layer information node. The de-
tailed process and instructions are in Appendix C.

At this point, PaperRegister obtains node con-
tents at various granular levels to compose the hier-
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Figure 3: Illustration of view recognizer training, including SFT and GRPO via hierarchical reward, which is
calculated based on the closeness level of predicted view and golden view in the hierarchical register schema.

archical register for p(m). And then merges register
of all papers in corpus C to construct hierarchical
index tree Ih, as shown in following formula:

Ih = {{Ii,j}Zj=1}Li=1 = {{Midx{c(m)
i,j }|C|m=1}Zj=1}Li=1 (5)

where Midx is the indexing module such as BM25
and DPR, each Ii,j is an index in hierarchical index
tree, corresponding to a kind of view for corpus.

2.3 Online Adaptive Retrieval

Based on the offline hierarchical indexing above,
PaperRegister perform online adaptive retrieval
via suitable indexes from hierarchical index tree.
Specifically, PaperRegister first identifies views in-
volved in the query, determining corresponding
indexes from hierarchical index tree, then conduct
retrieval by matching query against these indexes.

View Identifying. To achieve adaptive retrieval,
PaperRegister first uses a view recognizer to iden-
tify the view vk in query q, represented as follows:

{vk}Kk=1 = Midentify(q) (6)

where the candidate set of vk is all node paths in
the hierarchical register schema, Midentify is em-
ployed base on a small-scale language model with
special training, which will be explained in next
section. And to ensure that identifying results can
cover the real views of query as more as possible,
Midentify uses the beam search strategy (Holtz-
man et al., 2020) to sample the top-K output views.

View-based Matching. After identifying views
in query, PaperRegister looks up corresponding
indexes from hierarchical index tree Ih, as follows:

{Ik}Kk=1 = Mlookup(Ih, {vk}Kk=1) (7)

where Ik is consisted of {c(m)
k }|C|m=1 as Formula 5.

Then these indexes are used to calculate rele-
vance score of input query q and each paper p(m) :

s(q, p(m)) = max{Mrel(q, c
(m)
k )Kk=1} (8)

where Mrel is relevance module such as BM25.
Finally, papers with top-M relevance score,

{p(m)}Mm=1, are selected as final results for query.

3 View Recognizer Training

For PaperRegister system, view recognizer is a key
module, which must both alleviate latency and en-
sure accuracy. To this end, as in Figure 3, we use
a small-scale language model with 0.6B parame-
ters as base, first do supervised fine-tuning (SFT),
and then further enhance capability by hierarchical-
reward group relative policy optimization (GRPO).

Training Data. The format of training dataset to
support SFT and GRPO is shown as follows:

Dtrain = {qj , vj}|Dtrain|
j=1 (9)

where qj is a query, vj is golden view of query,
which is node path in hierarchical register schema.

Supervised Fine-tuning. To give small-scale
view recognizer basic identifying ability and make
it easier for subsequent reinforcement learning, we
first perform SFT by minimizing following loss:

LSFT (θ) = −E(q,v)∼Dtrain

∑|v|
t=1 log πθ(vt|q, v<t) (10)

where πθ is model, vt is the t-th golden view token.

Hierarchical-reward GRPO. To strengthen the
capability of small-scale view recognizer, we con-
duct GRPO (Shao et al., 2024) with hierarchi-
cal reward, which is calculated via the closeness
level of predicted view and golden view in hi-
erarchical register schema. Specially, consider-
ing the hierarchical-dependency feature of register
schema, different wrong predicted views should
not be treated equally. For example, the golden
view of query is represented as Abstract-Method-
Implementation-Operation in schema, and two pre-
dicted views are Abstract-Method-Implementation-
Module and Abstract-Experiment-Dataset respec-
tively. Although both are wrong, the first one is
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better than the second because it is closer to golden
view in hierarchical register schema, suggesting a
higher information overlap with golden view.

Based on this, we measure path overlap between
predicted view v̂j and golden view vj in hierarchi-
cal register schema, obtaining hierarchical reward:

r =
Moverlap(vj , v̂j)

|v̂j |
+

Moverlap(vj , v̂j)

|vj |
(11)

where Moverlap returns overlap level of inputs, |v̂j |
means path length of predicted view in hierarchical
register schema, and |vj | is that of golden view.

Then this hierarchical reward is used in GRPO,
which is by maximizing the following objective:

JGRPO(θ) = E[q∼Dtrain,{vi}Gi=1∼πθold (v|q)]
1

G

G∑

i=1

1

|vi|

|vi|∑

t=1

{

min

[
πθ (vi,t | q, vi,<t)

πθold (vi,t | q, vi,<t)
Âi,t, clip(

πθ (vi,t | q, vi,<t)

πθold (vi,t | q, vi,<t)
, 1− ϵ, 1 + ϵ)Âi,t

]

− βDKL [πθ ∥ πref]

}
, where Âi,t =

ri −mean({r1, r2, ..., rG})
std({r1, r2, ..., rG})

(12)

where πθold is initialized by SFT model, G is num-
ber of each group, ϵ and β are hyper-parameters.

4 Experiments

4.1 Experimental Settings

Datasets. To conduct experiments for flexible-
grained paper search, we first use LitSearch (Ajith
et al., 2024), which mainly contains coarse-grained
queries, and then we build Flexible-grained Search,
a new dataset covering queries across various gran-
ularity, including data for test, development and
training. The metrics reported in experiments are
R@5 (recall@5) and R@10 (recall@10). And de-
tailed statistical information is in the Appendix D.

(1) LitSearch (Ajith et al., 2024). By using
GPT-4 to rewrite citations in papers and asking
authors to write, this dataset constructs 597 paper
search queries, mainly involving coarse-grained
topics like “Where can I find some researches on
evaluating consistency in generated summaries”.

(2) Flexible-grained Search. We collect 4,200
papers in the arXiv platform as corpus and perform
the offline hierarchical indexing. To build train-
ing and development data, we pick 2,100 paper
registers, and generate query based on each node
content in each register by LLM, where the node
path is golden view of query. Then we randomly
split, getting 13,824 training data and 695 develop-
ment data, training data are used in view recognizer
training, and development data are for analysis in
Table 3. The format of training and development
data is {qj , vj , pj}. To build test data across var-
ious granularity, we pick the other 2,100 paper

registers. And in order to prevent data leakage, we
do not directly use node content to generate query.
Instead, we employ LLM to find original paper text
related to each node, then generate queries based
on these text, obtaining 5,644 test data. Thanks to
the hierarchical feature of register, test data cover:
F.g.Search-1 (general granularity), F.g.Search-2
(fine granularity), and F.g.Search-3 (very fine gran-
ularity). Format of each test data is {qj , pj}, and
LLM in this section is Qwen3-32B (Qwen, 2025).

Selected Baselines. We select baselines from
commonly used or advanced methods suitable for
paper search tasks. (1) Direct Matching. These
methods directly use the paper title or abstract to
construct corpus index, and then perform retrieval
by matching query with these contents. In addition,
to demonstrate that the effectiveness of PaperReg-
ister does not simply stem from using total paper
text, we include a method that constructs the corpus
index using the total paper text into this category of
baselines. (2) Query Enhancing. These methods
aim to improve paper search performance by para-
phrasing the input query, including: Rewriting (Ma
et al., 2023), which uses a LLM to rewrite original
query. HyDE (Gao et al., 2023), which uses a LLM
to generate a fake document based on input query
and retrieves real documents by this fake document.
CSQE (Lei et al., 2024), which initially retrieves
several documents and then uses a LLM to expand
original query based on these initially-retrieved
documents. We use Qwen3-32B as LLM for these
baselines. (3) Multi-field Indexing. These meth-
ods split original document into multiple parts, get
flat multi-field index, then calculate similarity by
selected indexes and integrate to determine overall
relevance (Li et al., 2025b). In experiments, due to
the lack of a universal multiple-filed partitioning
for all kinds of paper, we employ four settings, in-
cluding splitting the original paper to fixed length
of 512-token chunk or by raw paragraph, taking av-
erage similarity or maximum similarity of all parts
as final score, represented as Chunkavg, Chunkmax,
Paragraphavg, and Paragraphmax, respectively.

Implementation Details. In the offline stage, we
employ Qwen3-32B (Qwen, 2025) as the large lan-
guage model in process of fine-grained content
extracting and bottom-up content aggregating, and
deploy it as API by vllm1 on two A-100 80G GPU
for convenience. In the online stage, we set K as 5

1https://pypi.org/project/vllm/
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Method

BM25-based Paper Search DPR-based Paper Search

LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3 LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3

R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10

Direct Matching

Title 54.2 59.5 42.0 47.3 36.1 42.0 30.4 35.3 66.8 73.1 52.0 58.8 45.8 52.1 40.6 47.1
Abstract 67.1 71.3 63.7 69.0 57.4 62.9 54.2 59.7 77.7 83.2 69.4 74.3 62.1 68.1 58.2 63.1
Total Paper 64.2 68.9 79.7 82.4 81.4 83.5 84.2 86.2 74.8 81.9 72.9 78.7 68.8 73.8 65.8 71.0

Query Enhancing

Rewriting (Ma et al., 2023) 61.9 69.6 58.4 64.2 54.1 59.8 50.9 56.3 76.0 83.2 67.1 72.6 60.4 65.2 55.2 60.9
HyDE (Gao et al., 2023) 68.9 75.4 60.3 66.3 54.3 60.0 51.5 57.6 76.5 83.4 66.8 72.3 58.9 65.7 56.3 62.4
CSQE (Lei et al., 2024) 69.0 73.8 59.1 64.4 54.2 58.6 51.3 55.9 77.9 81.7 65.8 71.1 60.2 65.5 55.2 60.9

Multi-field Indexing

Chunkavg (Li et al., 2025b) 58.1 67.6 68.1 74.2 66.6 71.9 65.9 71.6 49.7 58.6 51.1 58.3 46.4 53.4 46.4 52.2
Chunkmax (Li et al., 2025b) 67.9 75.5 80.0 83.1 81.4 84.7 85.3 87.6 72.6 79.7 79.8 83.1 76.6 80.5 79.0 82.1
Paragraphavg (Li et al., 2025b) 29.7 38.3 58.9 66.6 59.8 66.5 58.2 66.2 20.5 22.8 23.3 30.6 23.1 29.8 22.4 29.2
Paragraphmax (Li et al., 2025b) 64.3 70.9 73.8 78.8 75.4 79.9 80.8 83.9 79.5 85.0 79.2 82.8 76.5 81.4 78.8 81.8

Hierarchical Register Indexing

PaperRegister (Ours) 69.7 76.4 89.7* 90.9* 88.0* 89.0* 87.5* 88.7* 81.0* 87.1* 84.1* 87.1* 79.9* 82.5* 80.8* 82.9*

Table 1: Main results on paper search across various granularity, where granularity is coarse-to-fine from LitSearch
to F.g.Search-3. Results shows that PaperRegister is an effective system for flexible-grained paper search and the
advantage of PaperRegister become more pronounced at finer granular tasks. The * indicates statistical significance
(p < 0.05) compared with the best baseline. And experiment results by more metrics are reported in Appendix E.

and M as 5 or 10, use Qwen3-0.6B (Qwen, 2025)
as the base model of view recognizer, employ a
prefix tree-based restricted decoding strategy (Tang
et al., 2024) in view identifying process to prevent
the model outputting irrelevant token, and conduct
view-based matching process via rank-bm252 for
BM25 and gte-Qwen2-7B-instruct (Li et al., 2023)
for DPR. For the view recognizer training, we use
TRL3 framework to conduct SFT and GRPO, with
train epoch as 5 in SFT, G as 5 and train epoch as 2
in GRPO, and all other parameters as default value.

4.2 Overall Results

Results compared with baselines are shown in the
Table 1, there are two main conclusions:

(1) PaperRegister is an effective system to
addressing flexible-grained paper search. As
shown in the Table 1, PaperRegister demonstrates
excellent performance in paper search tasks at vari-
ous granularity, outperforming all baselines in both
BM25-based matching and DPR-based matching
settings, on both recall@5 and recall@10 met-
rics. For example, in F.g.Search-3, under the DPR-
based matching setting, PaperRegister achieves a
recall@5 score of 80.8, while using abstract-based
index yields only 58.2, where PaperRegister can
achieve a performance improvement of 22.6. All
in all, PaperRegister can improve a lot compared
with various previous paper search methods.

(2) Compared to traditional methods, advan-

2https://pypi.org/project/rank-bm25/
3https://github.com/huggingface/trl

tage of PaperRegister become more pronounced
at finer granular queries. According to exper-
imental setting, from LitSearch to F.g.Search-1
to F.g.Search-2 to F.g.Search-3, the granularity of
query becomes increasingly finer. Experimental re-
sults show performance improvement of PaperReg-
ister over abstract-based method becomes larger.
For example, under the DPR-based matching set-
ting, PaperRegister achieves recall@5 scores of
81.0, 84.1, 79.9, and 80.8 on the four datasets,
respectively, while using the abstract-based index
yields scores of 77.7, 69.4, 62.1, and 58.2. Here, Pa-
perRegister delivers performance improvements of
3.3, 14.7, 17.8, and 22.6, respectively. This can to
some extent validate rationality of our motivation,
traditional paper search methods via abstract-based
index struggles to handle fine-grained queries.

4.3 Ablation Results

To validate importance of hierarchical register in-
dexing, we employ ablation by simplifying register
schema. As shown in Table 2, where “w/ only layer-
1” means retaining only the coarsest-grained nodes,
“w/ only layer-2” means retaining only the medium-
grained nodes, and “w/ only layer-3” means re-
taining only the finest-grained nodes. Base on the
ablation results, we get the following conclusions:

(1) Hierarchical register indexing is impor-
tant for ensuring accurate paper search. Com-
pared to using complete hierarchical register
schema, using a schema composed of nodes from
any single layer leads to obvious performance drop.
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Method

BM25-based Paper Search DPR-based Paper Search

LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3 LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3

R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10 R@5 R@10

PaperRegister 69.7 76.4 89.7 90.9 88.0 89.0 87.5 88.7 81.0 87.1 84.1 87.1 79.9 82.5 80.8 82.9
w/ only layer-1 64.5 70.4 87.8 90.6 77.4 80.2 73.5 76.7 79.0 83.5 82.5 85.2 73.4 77.1 68.1 72.2
w/ only layer-2 66.8 73.8 84.4 86.5 87.1 88.8 82.0 84.4 78.9 84.2 81.1 84.9 79.3 82.2 73.5 77.9
w/ only layer-3 64.6 71.7 79.9 81.8 83.7 85.0 86.8 88.1 78.8 85.2 77.8 81.1 77.3 80.0 80.4 82.6

Table 2: Ablation for hierarchical register indexing. Results show that hierarchical index tree is important for
flexible-grained paper search and different layers in hierarchical register schema serve queries at different granularity.
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Figure 4: Performance of PaperRegister with different
view recognizer. The figure shows a strong recognizer
is with obvious positive impact on the overall system.

For example, recall@5 of LitSearch under BM25-
based matching drops from 69.7 to 64.5, 66.8, 64.6
for “w/ only layer-1”, “w/ only layer-2”, “w/ only
layer-3”, respectively. And other datasets also show
similar situation. Therefore, results strongly prove
the importance of hierarchical register indexing.

(2) Different layers in hierarchical register
schema serve queries at different granularity.
For example, under “w/ only layer-1” setting,
the DPR-based matching and recall@5 metric of
F.g.Search-1 drops from 84.1 to 82.5 (1.6 decrease),
while F.g.Search-1 is from 80.8 to 68.1 (12.7 de-
crease), which is significantly larger than 1.6. Con-
versely, under “w/ only layer-3” setting, F.g.Search-
1 drops from 84.1 to 77.8 (6.3 decrease), while
F.g.Search-3 is from 80.8 to 80.4 (0.4 decrease),
which is much smaller than 6.3. Therefore, nodes
of different layers play specific roles in handling
queries of different granularity, further strongly
proving necessity of hierarchical register indexing.

4.4 Detailed Analysis
In this section, we conduct detailed analysis to ex-
plore the compatibility and real-world practicality
of PaperRegister. Due to the space constraint, we
only report DPR-based performance for analysis.

Effect of View Recognizer and Training. In or-
der to strictly analyze the role of view recognizer
in PaperRegister and the necessity of our training,
we first examine relationship between the capabil-
ity of view recognizer and the final performance

Recognizer ACC ↑ Latency (s) ↓

Qwen3-32B 30.5 28.3
Qwen3-32B (few-shot) 47.8 37.8
View Recognizer in PaperRegister 83.5 2.3

w/ only SFT 80.9 -
w/o hierarchical reward 81.7 -

Table 3: Comparison and ablation for the view recog-
nizer training. The table shows that the training process
in this work is an effective approach to obtain a view
recognizer with both high performance and low latency.

of PaperRegister in Figure 4, then compare with
Qwen3-32B and conduct ablation in Table 3. The
detailed process and findings are in following:

As shown in Figure 4, where “Bad Recog-
nizer”,“Random Recognizer”,“Weak Recognizer”
represent the completely incorrect, randomly pre-
dicting, and weak-performing view recognizers,
respectively, the curve demonstrates a clear pos-
itive correlation between the capability of view
recognizer and final performance of PaperRegister.
Therefore, building an accurate view recognizer is
a key factor for the PaperRegister system to achieve
high performance in complex paper search.

As shown in Table 3, We compare accuracy and
latency of view identifying between the view rec-
ognizer in PaperRegister and Qwen3-32B (enable
thinking) under zero-shot and few-shot settings.
The results show the view recognizer in PaperReg-
ister is with better accuracy and latency than pow-
erful Qwen3-32B. Furthermore, we only keep SFT
for the view recognizer training, or replace the hi-
erarchical reward with direct 0-1 reward in GRPO
training. Results show that accuracy decreases
to some extent. Therefore, hierarchical-reward
GRPO is effective to enhance the view recognizer
achieving both high performance and low latency.

Compatibility with PaSa. Given that some com-
plex information retrieval frameworks such as
PaSa (He et al., 2025) incorporate various modules
like rewriting, retrieval, iteration, and filtering, to
explore whether PaperRegister can be compatible
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Figure 5: Performance of combining PaperRegister into
PaSa framework. The figure shows that PaperRegister
can greatly cooperate with complex modules in PaSa.

with such complex frameworks and further enhance
paper search performance, we conduct experiment
by replacing the original search module in PaSa
with PaperRegister. As shown in Figure 5, Paper-
Register can further improve performance of PaSa
on paper search tasks across various granularity.
Therefore, PaperRegister can be effectively adapted
as a search system into complex frameworks and
further enhance the paper search capability.

Online Search Efficiency. Considering that the
efficiency of online paper search system is a very
crucial aspect for ensuring its usability in real-
world scenarios, we compare the online search ef-
ficiency of PaperRegister with multiple baselines.
As shown in the Table 4, the online latency of these
baselines is significantly higher than that of Paper-
Register, which limits the practical applicability of
these methods in real-world scenarios. In contrast,
PaperRegister demonstrates relatively acceptable
online latency, proving it has a good potential for
application in the real-world paper search tasks.

Reducing Indexing Time. Although PaperReg-
ister achieves excellent performance, it requires a
relatively long time for offline indexing. Therefore,
we explore whether it can sacrifice a certain amount
of performance to reduce time consumption. As
shown in Table 5, we replace original two-step reg-
istering (extracting and aggregating) with directly
extracting all contents. Results show this can sig-
nificantly reduce the offline indexing time with ac-
ceptable performance degradation, which provides
an alternative approach allowing a trade-off based
on specific requirements in real-world application.

5 Related Work

Query Enhancing. Previous works mainly im-
prove paper search by query enhancing, such as
using LLM rewriting (Ma et al., 2023; Anand
et al., 2023), generating pseudo-documents to re-
place original query (Gao et al., 2023; Li et al.,

Method Avg. R@5 Avg. R@10 Online Latency (s) ↓

Rewriting 64.7 70.5 9.3
HyDE 64.6 70.9 20.7
CSQE 64.8 69.8 33.5
Chunkmax 77.0 81.4 5.4
PaperRegister (Ours) 81.5 84.9 2.5

Table 4: Comparison of online latency. PaperRegister is
with less latency for better real-world applicability.

Method Avg. R@5 Avg. R@10 Indexing Time (h) ↓

Abstract 66.9 72.1 /
PaperRegister (Ours) 81.5 84.9 47.6

w/o two-step registering 76.1 78.9 14.5

Table 5: PaperRegister can support sacrificing certain
performance to alleviate offline time consumption.

2024a), employing powerful models as agent sys-
tem for multi-round expansion (He et al., 2025; Ren
et al., 2025), augmenting via initially retrieved doc-
uments (Lei et al., 2024; Li et al., 2025a), or extract-
ing keywords from corpus to enrich query (Kang
et al., 2024; Zhang et al., 2025). Although these
methods can improve regular paper search, they fail
to address flexible-grained paper search because do
not solve fundamental flaw of abstract-based index.

Multi-filed Indexing. Recently, several studies
improve by splitting documents into multiple parts
to build a flat, multi-field index (Sotaro et al., 2024;
Li et al., 2025b; Shi et al., 2025; Chen et al., 2025).
However, these works are mainly limited to a sin-
gle granularity level, still struggling to adapt to
paper search that demands varying degrees of gran-
ularity. In contrast, PaperRegister fundamentally
differs by introducing a hierarchical register index.
Tree-structured organization contains information
across various granularity, enabling system to con-
duct matching at the appropriate levels, thereby ef-
fectively supporting flexible-grained paper search.

6 Conclusion

In this work, we propose PaperRegister, which can
support paper search queries at flexible granularity.
Specially, PaperRegister offline constructs a hier-
archical index tree and online adaptively retrieve
based on this tree. Furthermore, we design a pow-
erful and low-latency view recognizer by apply-
ing supervised finetuning and hierarchical-reward
group relative policy optimization. Experiments on
flexible-grained paper search tasks demonstrate Pa-
perRegister is an effective solution, with improve-
ment being more pronounced as granularity finer.
This work offers a promising direction for develop-
ing more powerful paper search systems in future.
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7 Limitations

PaperRegister transforms raw paper into hierarchi-
cal paper register, thereby achieving strong perfor-
mance in flexible-grained paper search. The main
limitations are on the consumption associated with
LLM utilization and risks stemming from the in-
herent limitations of LLM. Firstly, using LLM for
offline hierarchical indexing requires substantial
computational and storage resources. When the
paper corpus is large, this may place high demands
on computer hardware. Secondly, our experiments
are conducted only on normal paper corpus, where
LLM could effectively accomplish the specified
task. We have not yet do validate under extreme
conditions, such as with incomplete papers or pa-
pers from niche domains, primarily due to a lack of
relevant experimental data. Therefore, mitigating
computational resource consumption of PaperReg-
ister, as well as verifying and improving effective-
ness and robustness across a broader range of paper,
remain important directions for the future work.
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A Detailed illustration for hierarchical
register schema

Since different types of papers have the different
styles and formats, we design five kinds of hierar-
chical register schema, corresponding to five types
of paper including algorithm innovation, bench-
mark construction, mechanism exploration, sur-
vey, and theory proof. We use a large language
model to determine the type of input paper and
then assign the corresponding hierarchical register
schema. The details of each kind of schema is in
Figure 6 7 8 9 10. And the instruction used to help
LLM to do determine is ==Instruction== Deter-
mine the category of the paper based on its abstract.
The category options are as follows: Algorithm
Innovation: Proposes new systems, new models,
new training methods, new inference approaches,
new data organization methods, etc. Benchmark
Construction: Introduces a new benchmark. Mech-
anism Exploration: Investigates and analyzes the
mechanisms of existing systems, algorithms, phe-
nomena, or functionalities. Theory Proof: Proves
a certain theory or formula. Survey and Review:
Summarizes the research landscape of a particu-
lar field. Your final output should be only the best
correct category of the paper, do not contain any
other information or explanation. ==Abstract==
abstract

B Detailed process and instructions for
fine-grained content extracting

Learning from several widely recognized works, in
which large language models are proven to possess
reliable capabilities for content extraction (Edge
et al., 2024; Li et al., 2025c, 2024b,c), PaperReg-
ister uses a large language model as the extracting
module. PaperRegister takes the node name and
the text-formatted paper as input, uses instructions
to guide in outputting corresponding content for
the information node, and leaves it blank if the
paper does not include corresponding content. In
addition, PaperRegister also retrieve relevant paper
text after the extracting as supplement to improve
the register content. The instruction used for LLM
is ==Instruction== You are an content extraction
expert, particularly skilled at extracting structured
records from academic papers. Below, I need you
to perform extraction based on a given schema.
Please note the following: 1. Your extraction does
not need to preserve the original text verbatim. You
may paraphrase or summarize the content to make

Dataset Name # Corpus # Query

LitSearch 3400 597
F.g.Search-1 4200 1,922
F.g.Search-2 4200 1,922
F.g.Search-3 4200 1,800

Table 6: Statistics of test data in experiments.

the extracted content more comprehensive and flu-
ent. 2. Not all field names in the schema will have
corresponding content in the paper. If you cannot
find a precise match in the paper, leave that field
empty. 3. Your final output must strictly adhere
to the original schema in JSON format, starting
with ’“‘json’ and ending with ’“‘’. ==Schema==
schema ==Paper== paper

C Detailed process and instructions for
bottom-up content extracting

PaperRegister takes contents of sub-nodes as input
and uses instructions to guide the large language
model in summarizing, condensing, and removing
details to turn into summary text, thus obtaining
the content for upper-layer information node. In
addition, PaperRegister also retrieve relevant pa-
per text after the extracting as supplement to im-
prove the register content. The instruction used for
LLM is ==Instruction== You are an information
integration expert, and now I need your help to
complete an information integration task. I will
provide you with a two-level tree structure, includ-
ing a root node and two child nodes. Ideally, the
content of the root node should be a summary and
generalization of the two child nodes. Your task
is to generate the content of the root node based
on the content of the two child nodes. Note the fol-
lowing: 1. The input I provide you is a dictionary
in JSON format, including the keys ‘root_name‘
and ‘children‘, where the value of ‘children‘ is
a list of child nodes. 2. Each child node con-
tains three fields: ‘node_name‘, ‘node_desc‘, and

‘node_value‘. You should primarily use the content
of ‘node_value‘ for summarization and generaliza-
tion. 3. The ‘root_value‘ field should provide an
abstraction and summary of the two child nodes’
contents. In other words, the root_value must not
repeat keywords from the child nodes; instead, it
should abstract based on those keywords. More
strictly, the root_value length must not exceed that
of either child node. 4. Your output should be a
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dictionary in JSON format, meaning the input dic-
tionary will have content for the ‘root_value‘ field.
The final output should start with ’“‘json’ and end
with ’“‘’. ==Input Tree== tree

D Detailed statistical information of
dataset for experiments

We first use LitSearch, mainly containing coarse-
grained queries. And then we build a new dataset,
Flexible-grained Search, covering queries across
various granularity and including data for test, de-
velopment, and training. Due to limited compu-
tational resources, we are unable to conduct ex-
periments based on an ultra-large-scale paper cor-
pus. For LitSearch, we extract 3,400 papers as
the corpus, using the original 597 paper search
queries. For Flexible-grained Search, we col-
lect 4,200 papers as the corpus. The numbers of
queries included in F.g.Search-1, F.g.Search-2, and
F.g.Search-3 are 1,922, 1,922, and 1,800, respec-
tively. The statics is in Table 6.

E Experimental results by more metrics

To provide a more comprehensive illustration of
the advancements of PaperRegister over baseline
methods, we present experimental results in the
Table 7, 8, 9 across six metrics: Precision@5, Pre-
cision@10, MAP@5, MAP@10, NDCG@5, and
NDCG@10. The data consistently support the con-
clusions drawn in our main experimental tables, fur-
ther confirming that PaperRegister is an effective
system for addressing flexible-grained paper search
and the advantages of PaperRegister become more
pronounced when handling finer-grained queries.

"Algorithm Innovation": {
"1 Problem": {
"1.1 Task Description": [
{
"node_name": "Task Flow",
"node_desc": "Overall description of the task, including input/output data flow",
"node_value": ""

},
{
"node_name": "Research Value",
"node_desc": "The value of studying this task for domain development or practical

applications",
"node_value": ""

}
],
"1.2 Motivation": [
{
"node_name": "Defects in Existing Work",
"node_desc": "What are the shortcomings of previous related work on this task",
"node_value": ""

},
{
"node_name": "Objectives of This Work",
"node_desc": "What goals can this paper achieve for this task",
"node_value": ""

}
]

},
"2 Method": {
"2.1 Core Innovation": [
{
"node_name": "Inspiration Source",
"node_desc": "What inspiration or revelation led to the algorithm in this paper",
"node_value": ""

},
{
"node_name": "Core Improvement",
"node_desc": "What is the core improvement of this algorithm compared to previous

methods",
"node_value": ""

}
],
"2.2 Implementation Details": [
{
"node_name": "Algorithm Components",
"node_desc": "What existing components are used in this algorithm",
"node_value": ""

},
{
"node_name": "Implementation Process",
"node_desc": "What is the complete implementation process of this algorithm",
"node_value": ""

}
]

},
"3 Experiment": {
"3.1 Experimental Design": [
{
"node_name": "Baseline Methods",
"node_desc": "Which baseline methods were selected for the experiments",
"node_value": ""

},
{
"node_name": "Experimental Datasets",
"node_desc": "Test datasets and evaluation metrics used in the experiments",
"node_value": ""

}
],
"3.2 Result Analysis": [
{
"node_name": "Main Conclusions",
"node_desc": "Main conclusions and findings from the experiments",
"node_value": ""

},
{
"node_name": "Analytical Conclusions",
"node_desc": "Conclusions drawn from other analytical experiments or case studies",
"node_value": ""

}
]

}
},

Figure 6: The first kind of hierarchical register schema
(algorithm innovation).
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Method

BM25-based Paper Search DPR-based Paper Search

LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3 LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3

P@5 P@10 P@5 P@10 P@5 P@10 P@5 P@10 P@5 P@10 P@5 P@10 P@5 P@10 P@5 P@10

Direct Matching

Title 11.4 6.3 8.4 4.7 7.2 4.2 6.1 3.5 14.0 7.8 10.4 5.9 9.2 5.2 8.1 4.7
Abstract 14.1 7.6 12.7 6.9 11.5 6.3 10.8 6.0 16.4 8.8 13.9 7.4 12.4 6.8 11.6 6.3
Total Paper 13.5 7.3 15.9 8.2 16.3 8.4 16.8 8.6 16.0 8.8 14.6 7.9 13.8 7.4 13.2 7.1

Query Enhancing

Rewriting (Ma et al., 2023) 13.0 7.4 11.7 6.4 10.8 6.0 10.2 5.6 16.0 8.8 13.4 7.3 12.1 6.5 11.0 6.1
HyDE (Gao et al., 2023) 14.6 8.0 12.1 6.6 10.9 6.0 10.3 5.8 16.2 8.9 13.4 7.2 11.8 6.6 11.3 6.2
CSQE (Lei et al., 2024) 14.4 7.8 11.8 6.4 10.8 5.9 10.3 5.6 16.5 8.7 13.2 7.1 12.0 6.5 11.0 6.1

Multi-field Indexing

Chunkavg (Li et al., 2025b) 12.2 7.2 13.6 7.4 13.3 7.2 13.2 7.2 10.5 6.2 10.2 5.8 9.3 5.3 9.3 5.2
Chunkmax (Li et al., 2025b) 14.3 7.9 16.0 8.3 16.3 8.5 17.1 8.8 15.2 8.5 16.0 8.3 15.3 8.1 15.8 8.2
Paragraphavg (Li et al., 2025b) 6.2 4.1 11.8 6.7 12.0 6.7 11.6 6.6 4.3 2.4 4.7 3.1 4.6 3.0 4.5 2.9
Paragraphmax (Li et al., 2025b) 13.5 7.5 14.8 7.9 15.1 8.0 16.2 8.4 16.7 9.0 15.8 8.3 15.3 8.1 15.8 8.2

Hierarchical Register Indexing

PaperRegister (Ours) 14.6 8.0 17.9 9.1 17.6 8.9 17.5 8.9 17.1 9.3 16.8 8.7 16.0 8.3 16.2 8.3

Table 7: Precision@5 and Precision@10 results on paper search across various granularity.

Method

BM25-based Paper Search DPR-based Paper Search

LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3 LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3

M@5 M@10 M@5 M@10 M@5 M@10 M@5 M@10 M@5 M@10 M@5 M@10 M@5 M@10 M@5 M@10

Direct Matching

Title 42.2 42.9 33.4 34.1 28.8 29.6 23.5 24.2 54.9 55.9 41.3 42.2 36.3 37.2 32.2 33.0
Abstract 52.4 53.0 54.9 55.6 49.4 50.1 45.8 46.5 65.1 65.9 59.8 60.5 51.9 52.7 47.2 47.8
Total Paper 51.7 52.4 74.3 74.6 76.1 76.4 79.1 79.3 60.5 61.6 63.2 64.0 59.2 59.9 55.6 56.3

Query Enhancing

Rewriting (Ma et al., 2023) 47.2 48.3 48.7 49.5 44.8 45.5 41.2 41.9 62.3 63.4 56.7 57.4 50.1 50.8 44.8 45.6
HyDE (Gao et al., 2023) 54.1 55.1 50.1 50.9 44.6 45.3 41.7 42.6 64.3 65.3 56.4 57.1 48.7 49.6 45.1 45.9
CSQE (Lei et al., 2024) 54.1 54.8 41.2 42.0 37.8 38.4 36.7 37.4 65.2 65.8 54.1 54.9 48.4 49.1 44.4 45.1

Multi-field Indexing

Chunkavg (Li et al., 2025b) 40.6 42.0 54.4 55.2 54.9 55.6 54.4 55.2 34.9 36.1 39.4 40.4 36.6 37.5 35.1 35.9
Chunkmax (Li et al., 2025b) 56.1 57.1 73.6 74.0 75.3 75.8 79.5 79.8 62.0 63.0 71.7 72.2 68.4 68.9 69.4 69.9
Paragraphavg (Li et al., 2025b) 19.0 20.2 44.9 46.0 46.2 47.1 44.8 45.9 15.0 15.3 15.9 16.8 15.7 16.6 15.1 15.9
Paragraphmax (Li et al., 2025b) 50.7 51.7 66.4 67.0 67.2 67.8 73.2 73.6 66.1 67.0 70.8 71.3 68.5 69.1 68.7 69.1

Hierarchical Register Indexing

PaperRegister (Ours) 57.4 58.3 86.2 86.4 84.9 85.0 85.3 85.5 70.0 70.9 77.4 77.8 73.7 74.0 72.9 73.1

Table 8: MAP@5 and MAP@10 results on paper search across various granularity.

Method

BM25-based Paper Search DPR-based Paper Search

LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3 LitSearch F.g.Search-1 F.g.Search-2 F.g.Search-3

N@5 N@10 N@5 N@10 N@5 N@10 N@5 N@10 N@5 N@10 N@5 N@10 N@5 N@10 N@5 N@10

Direct Matching

Title 45.4 47.1 35.6 37.3 30.6 32.5 25.2 26.8 58.2 60.3 44.0 46.2 38.7 40.7 34.3 36.4
Abstract 56.3 57.7 57.1 58.8 51.4 53.1 47.9 49.6 68.5 70.3 62.2 63.8 54.5 56.4 50.0 51.5
Total Paper 55.0 56.6 75.6 76.5 77.5 78.1 80.3 81.0 64.4 66.8 65.7 67.5 61.6 63.3 58.2 59.8

Query Enhancing

Rewriting (Ma et al., 2023) 51.2 53.7 51.1 53.0 47.1 48.9 43.6 45.4 66.0 68.4 59.3 61.1 52.7 54.3 47.4 49.3
HyDE (Gao et al., 2023) 58.1 60.3 52.7 54.6 47.0 48.9 44.2 46.1 67.6 69.9 59.0 60.8 51.3 53.5 47.9 49.8
CSQE (Lei et al., 2024) 58.0 59.7 45.7 47.4 41.9 43.4 40.4 41.9 68.6 69.8 57.1 58.8 51.4 53.0 47.1 48.9

Multi-field Indexing

Chunkavg (Li et al., 2025b) 45.2 48.4 57.8 59.8 57.8 59.5 57.3 59.1 38.8 41.8 42.3 44.7 39.1 41.3 37.9 39.8
Chunkmax (Li et al., 2025b) 59.2 61.7 75.2 76.2 76.8 77.9 81.0 81.7 64.9 67.3 73.8 74.8 70.5 71.7 71.8 72.8
Paragraphavg (Li et al., 2025b) 21.8 24.7 48.4 50.9 49.6 51.7 48.2 50.8 16.4 17.2 17.7 20.0 17.5 19.7 16.9 19.0
Paragraphmax (Li et al., 2025b) 54.4 56.6 68.2 69.9 69.3 70.7 75.1 76.1 69.7 71.5 72.9 74.1 70.5 72.1 71.2 72.2

Hierarchical Register Indexing

PaperRegister (Ours) 60.7 62.9 87.1 87.5 85.7 86.0 85.9 86.3 73.0 75.0 79.1 80.1 75.2 76.1 74.9 75.5

Table 9: NDCG@5 and NDCG@10 results on paper search across various granularity.
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"Benchmark Construction": {
"1 Problem": {

"1.1 Task Description": [
{

"node_name": "Task Flow",
"node_desc": "Input/output and data flow of the task in the benchmark",
"node_value": ""

},
{

"node_name": "Research Value",
"node_desc": "The value of studying this task for domain development or practical 

applications",
"node_value": ""

}
],
"1.2 Motivation": [

{
"node_name": "Defects in Existing Benchmarks",
"node_desc": "Various shortcomings of previous benchmarks",
"node_value": ""

},
{

"node_name": "Objectives of New Benchmark",
"node_desc": "What goals this benchmark aims to achieve",
"node_value": ""

}
]

},
"2 Method": {

"2.1 Construction Method": [
{

"node_name": "Data Sources",
"node_desc": "Sources and scope of data collection for building the benchmark",
"node_value": ""

},
{

"node_name": "Annotation Scheme",
"node_desc": "How raw data is cleaned and annotated",
"node_value": ""

}
],
"2.2 Evaluation System": [

{
"node_name": "Evaluation Dimensions",
"node_desc": "Dimensions for evaluating a system using this benchmark",
"node_value": ""

},
{

"node_name": "Evaluation Metrics",
"node_desc": "Specific evaluation metrics and calculation methods for this benchmark",
"node_value": ""

}
]

},
"3 Experiment": {

"3.1 Experimental Design": [
{

"node_name": "Selected Methods for Testing",
"node_desc": "Which existing methods were tested using this benchmark",
"node_value": ""

},
{

"node_name": "Experimental Settings",
"node_desc": "Specific settings for the testing",
"node_value": ""

}
],
"3.2 Result Analysis": [

{
"node_name": "Main Conclusions",
"node_desc": "Main conclusions drawn from testing with this benchmark",
"node_value": ""

},
{

"node_name": "Analytical Conclusions",
"node_desc": "Conclusions drawn from other analytical experiments or case studies",
"node_value": ""

}
]

}
},

Figure 7: The second kind of hierarchical register
schema (benchmark construction).

"Mechanism Exploration": {
"1 Problem": {

"1.1 Research Subject": [
{

"node_name": "Scientific Problem",
"node_desc": "What is the problem this work aims to explore",
"node_value": ""

},
{

"node_name": "Research Value",
"node_desc": "What is the importance of exploring this problem",
"node_value": ""

}
],
"1.2 Motivation": [

{
"node_name": "Defects in Existing Work",
"node_desc": "What limitations exist in previous exploration work",
"node_value": ""

},
{

"node_name": "Objectives of This Work",
"node_desc": "What conclusions or goals this paper expects to achieve",
"node_value": ""

}
]

},
"2 Method": {

"2.1 Practical Exploration": [
{

"node_name": "Components",
"node_desc": "What existing methods, data, or models are used in the exploration 

process",
"node_value": ""

},
{

"node_name": "Implementation Process",
"node_desc": "What process is used to achieve the exploration objectives of this work",
"node_value": ""

}
],
"2.2 Theoretical Derivation": [

{
"node_name": "Fundamental Theories",
"node_desc": "What fundamental theories underlie this derivation process",
"node_value": ""

},
{

"node_name": "Derivation Process",
"node_desc": "Specific process of theoretical derivation",
"node_value": ""

}
]

},
"3 Experiment": {

"3.1 Conclusion Presentation": [
{

"node_name": "Exploration Conclusions",
"node_desc": "Main conclusions drawn about the explored problem in the paper",
"node_value": ""

},
{

"node_name": "Supporting Evidence",
"node_desc": "Specific evidence supporting these conclusions",
"node_value": ""

}
],
"3.2 Guidance": [

{
"node_name": "Technical Improvement Directions",
"node_desc": "Recommendations for technical development based on the paper's 

conclusions",
"node_value": ""

},
{

"node_name": "Other Discussions",
"node_desc": "Other discussions and suggestions for research in this field",
"node_value": ""

}
]

}
},

Figure 8: The third kind of hierarchical register schema
(mechanism exploration).

17574



"Survey and Review": {
"1 Overview": {

"1.1 Field Status": [
{

"node_name": "Research Scope",
"node_desc": "Boundaries and temporal coverage of the research field in this review",
"node_value": ""

},
{

"node_name": "Development Context",
"node_desc": "Key developmental stages and milestone events in the field",
"node_value": ""

}
],
"1.2 Motivation": [

{
"node_name": "Existing Review Limitations",
"node_desc": "Deficiencies in coverage or analytical depth of previous related reviews",
"node_value": ""

},
{

"node_name": "Review Objectives",
"node_desc": "Systematic cognitive improvement goals this paper aims to achieve",
"node_value": ""

}
]

},
"2 Taxonomy": {

"2.1 Classification System": [
{

"node_name": "Classification Dimensions",
"node_desc": "Core dimensions for constructing the research classification system in the 

field",
"node_value": ""

},
{

"node_name": "Typical Methods",
"node_desc": "Representative methods and their characteristics under each classification 

dimension",
"node_value": ""

}
],
"2.2 Key Issue Analysis": [

{
"node_name": "Technical Challenges",
"node_desc": "Core technical challenges facing the field's development",
"node_value": ""

},
{

"node_name": "Methodological Limitations",
"node_desc": "Analysis of common defects at the methodological level",
"node_value": ""

}
]

},
"3 Future Directions": {

"3.1 Trend Prediction": [
{

"node_name": "Technology Evolution Path",
"node_desc": "Future development directions predicted based on current progress",
"node_value": ""

},
{

"node_name": "Cross-domain Opportunities",
"node_desc": "New opportunities arising from interdisciplinary collaboration",
"node_value": ""

}
],
"3.2 Research Recommendations": [

{
"node_name": "Breakthrough Directions",
"node_desc": "Key research directions recommended for priority breakthroughs",
"node_value": ""

},
{

"node_name": "Evaluation Framework",
"node_desc": "Proposed new evaluation framework for future research",
"node_value": ""

}
]

}
},

Figure 9: The fourth kind of hierarchical register schema
(survey and review).

"Theory Proof": {
"1 Problem": {

"1.1 Theoretical Problem": [
{

"node_name": "Mathematical Formulation",
"node_desc": "Transforming the research problem into formal mathematical 

expressions",
"node_value": ""

},
{

"node_name": "Research Value",
"node_desc": "Significance of solving this theoretical problem for disciplinary 

development",
"node_value": ""

}
],
"1.2 Motivation": [

{
"node_name": "Theoretical Deficiencies",
"node_desc": "Existing loopholes or incompleteness in current theoretical systems",
"node_value": ""

},
{

"node_name": "Proof Objectives",
"node_desc": "Core theorems or corollaries this paper aims to prove",
"node_value": ""

}
]

},
"2 Framework": {

"2.1 Theoretical Construction": [
{

"node_name": "Fundamental Axioms",
"node_desc": "Basic assumptions or axioms underlying the theoretical system",
"node_value": ""

},
{

"node_name": "Conceptual System",
"node_desc": "Core concepts and their relationships required for theory construction",
"node_value": ""

}
],
"2.2 Proof Techniques": [

{
"node_name": "Proof Tools",
"node_desc": "Main mathematical tools and proof techniques employed",
"node_value": ""

},
{

"node_name": "Innovative Methods",
"node_desc": "Novel methodological innovations in proof proposed in this paper",
"node_value": ""

}
]

},
"3 Validation": {

"3.1 Rigorous Proof": [
{

"node_name": "Proof Process",
"node_desc": "Complete derivation chain from premises to conclusions",
"node_value": ""

},
{

"node_name": "Boundary Conditions",
"node_desc": "Analysis of specific conditions under which the theory holds",
"node_value": ""

}
],
"3.2 Application Validation": [

{
"node_name": "Case Validation",
"node_desc": "Verification of theory's applicability through typical cases",
"node_value": ""

},
{

"node_name": "Extended Applications",
"node_desc": "Potential extension applications of the theory to other scenarios",
"node_value": ""

}
]

}
}

Figure 10: The fifth kind of hierarchical register schema
(theory proof).
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