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Algorithm 1 [ _F i F 52K @

Require: Topic ¢t , Dimension d € D , Corpus P , den-
sity_thresh = § , max_depth=[

1: Ty € T = initialize_taxonomy( ¢, D ) { T .depth =0 }
2: Py C P <+ multi_dim_class( ¢, D ) {Section 3.2}

3: g=queue(VIg €T)

4: while len(q) > 0 and T.depth < I do

5t myq < pop(q)

6: if isLeaf( n; 4 ) then

7: n}d € N} < expand_depth(n; 4,1 ) {Section 22}
8: q -append( n;,q )

9:  else
10: classify_children( n; q,t,d ) {Section 3.3.1}

11: if p(niq) > d then
12: n}4 € NJ « expand_width(n;,q,t) {Section
2?}

13: if [NJ| >0 then
14: classify_children( n,q4,t,d )
15: for n! , € N do
16: if n} , level <landp(nj,) > 6 then
17: q -append( nj-,d )
18: return T’
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(WA ) BY4EE T 18,

Subtopic Clustering. %5 7 45 fis 1 SCHB Fh X
W bR FRoR, RAIX LR AT PALEFR
MR ERIE SR (p(naq) 38 p(niq)
)o WAL, BRI RAATT EHIMET T4,
HE B BURERT) . NEERIESCE. A
F AR LLM 4 82K8E /7 (Viswanathan et al.,
2023; Zhang et al., 2023) , K X HFHATEEW
RPN ROTRDRLEE 115 B R A& 21 =,
FAERATI IR p R B X PR . BLHEAE T
TR R LR [ 5, DA RSEREIIS
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BT (4R RS (B, FES. T
HIR) , PAIREEHR S PAAR SR, IR
i M IR
BEPRE), WSS B IR N | 75
MR N, (SEFEDT ) .

FATH LB G2 HAYRES,
H AT B KL R LR B2 R
FATFESE 1 PRt T B B B 428
MEE . B2, QA SERIC Y R
FIRBN R REEERS, XA RS Lo}
AT R Ty,Vd € D .

4 Sl

FAVEE IR (L1lama-3.1-8B-Instruct ) l[4]
T (GPT-40-mini ) B 45 & K345 K TAXOAD-

APT fPERE. FRATXFEBUE A T /R Wl FEA
G RE ) I 0 A Ak 20 SR D AR 25 25 TR ) 1l
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TEFRATT B 2 B W] DATE T AT & WP s — 80 T
% . B, TP RS AT
. FATBEE T — 42U AR [[ 4y
(540, EMNLP’22 #i1 EMNLP’24) , DAJERE
B Yo Gn ] sz e SR 17 45T 11 2 J

Table 1: 45N ECHRAERY 100 ¢ G SCRcE (R,

Conference Size Topict

EMNLP 2022 828 Natural Language Processing

EMNLP 2024 2954
ICRA 2020 1000 Robotics
ICLR 2024 2260 Deep Learning
Total Papers 7,042

4.1 ek

TaxoAdapt ff 5§ LLM 73 VA H S Ll
(1. ZAERTERIEXTTT . I, FRATERER3
M5 ¥R 5 TR SRS AL T LLM [ 7 v a0t
FTHE. R, AT LLM YR LA
HI GPT-40-mini fENHIRZEA . FATFERT R
2?2 R A R R HENEE .

1. & RKIESHA — Z94% (Zeng et al., 2024)
DB S, AU TR A
(EAERE) B A 2 AH 5 5
PESA, I H M M ES SRR R

2. LLM + iR E — ETHoR: —PMEREL,
PR LIM 5 5% 405, 7 i Jo H:
Xt I8 SCHH I8 L

3. AU FE#HY) — TaxoCom (Lee et al., 2022a)
A ETIERIRE . N T E R IS
SERAESE , A A GER AR ER T R
2, DAY RN T B R 103895

4. “No-Dim” 1 “No-Clustering” +& TaxoAdapt
ITH LSS, 430 25 B T e 4 FE 1) 4] 43 A
TEEERE,

4.2 VEhr ks
AT T A B s E A, B
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Table 2: 75 1A %ite EUEATRI HUEE , X Iry 4EEBCF I ME.. Brf Bda AR el 19— A b B, I3 A
100. AR B o ML AR, 8 R 808 T hsid.

Models EMNLP’22 \ EMNLP’24

Path Sib Dim Rel Cover ‘ Path Sib Dim Rel Cover
Chain-of-Layers 4687  67.67 9461 77.65 5054 | 4956 67677 92567 8213  48.66
With-Corpus LLM ~ 66.14 3393 8882 7287 3935 | 49.51 2974 8356 84.13T 3920
TaxoCom 2385 3389  89.81  91.31 64.53 13.89 5942 8697 9596  64.81
TaxoAdapt 81.09 8292 10000 82.69F7 55811 | 83.04 7786 98.04 88767 60.29f
- No Dim 8847 8230 9949 8146 6226 | 8998 7697  99.05 8623  66.42
- No Clustering 76457 69337 98.49T  81.63 5038 | 65.157  62.15 92.31 80.22  60.80
Models ICRA20 \ ICLR’24

Path Sib Dim Rel Cover ‘ Path Sib Dim Rel Cover
Chain-of-Layers 5292 4346 9506 9500 5596 | 4075  43.16 9592  69.66  48.50
With-Corpus LLM ~ 74.58 3254 9734 9418 4550 | 7044 2970 8837 6778  33.62
TaxoCom 43.05 5421  99.067 96287 60757 | 3000 67.00  91.27 86.88  56.25 7
TaxoAdapt 86.69  91.59 10000 97.82  52.09 | 78.93T 8147 99627 71997 5396
- No Dim 91.82 8959 10000 9295 6797 | 8632 76457 100.00 69.45 = 62.54
- No Clustering 87.74% 8576  100.00 9397 5086 | 65.69  67.85  93.13  68.56  54.60

BNl i VR DR b e s S E I
PRATEAL . 3T R, FATER LLM
PEOUEAM B L] (A SR TER =% 22 )

o (890 BRI . AT g AR 2
PR T HSRZ RIS R (AT
A SR AT R n g EHAR)? i GPT-40
Warh 0 5 1,

o OZWGP) SLasTy i —Ehk: #iE T
nig MBI SEA n; € N' BHENRT —
A B A ) R S A B R R I T .
H1 GPT-4o JEATIFAr, MO L,

o AR HEBEXTSE: W n g 2ESRE
Bt BLERE d FH T 1 GPT-40 3143 0 5§ 1.

o (A EME) WSO Mk A5 05 nig 2
HECHEMED S % KT AT A
GPT-40-mini #4324 0 5 1 (d T3¢ LR
A, RIRAR ) o e AF A HE TR Y
IR S

s (JZ9AE) BRI AE— A58 ni
FILER T R nj € N*, HE niq WA R
WX HH L LI E LA BT S
(M%) . Hi GPT-4o-mini #EATPF4 (M8
BRSO K, R RARR ).

B TR F 2 b, BT
HORRIERT THMIERG AR A TERE A o
Bt T LLM 5 A0 ST, S ATEAE
I B RO T T R RS IR (5
22) 9N

Table 3: HEUPERETE P A KRN RE EROpRIE .

Models Path Sib Dim Rel Cover
Chain-of-Layers 0.078  0.109  0.008  0.043 0.005
With-Corpus LLM ~ 0.054  0.036  0.010  0.027 0.004
TaxoCom 0.041 0.035 0.039 0.016  0.022
TaxoAdapt 0.027  0.021 0.007  0.043 0.015
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path_granularity = (
"Scientific concepts are naturally organized in multi-dimensional taxonomic structures, with more specific concepts being the children of a
broader research topic.\n\n"
f"Given the root topic: '{root}', decide whether this path from the scientific concept taxonomy has good granularity: '{path}' Check whether the
child node is a more specific subaspect of the parent node. \n\n"
"Output options: '<good granularity>' or '<bad granularity>'. Do some simple rationalization before giving the output if possible.™
)

sibling_coherence = (

f"You are determining the coherence of a set of {root} subtopics of the parent topic {parent}.\n\nThe parent topic is: {parent}.\n\nThe set of
siblings, which are child subtopics of the parent, are: '{', '.join(siblings)}'\n\nEvaluate the overall coherence of the sibling set based on their
collective specificity and granularity relative to {parent}. Use the following scoring criteria:\n\n"

f"Score=<no_sibling_coherence>: The set is highly inconsistent or incoherent (only one subtopic), with most topics significantly misaligned in
specificity relative to the parent.\n"

f"Score=<weak_sibling_coherence>: The set shows considerable inconsistency, with several topics deviating noticeably from the expected level of
specificity.\n"

f"Score=<reasonable_sibling_coherence>: The set is generally coherent, with only minor inconsistencies in specificity among the topics.\n"

f"Score=<strong_sibling_coherence>: The set is fully coherent, with all topics properly matching the expected level of specificity and
granularity for the parent.\n"

"Output options: '<no_sibling_coherence>', '<weak_sibling_coherence>', '<reasonable_sibling_coherence>', or '<strong_sibling_coherence>'. Do some
simple rationalization before giving the output if possible."

dimension_alignment = (
"Scientific concepts are naturally organized in multi-dimensional taxonomic structures, with more specific concepts being the children of a
broader research topic.\n\n"
f"Given the root topic: '{root}', decide whether this node from a taxonomy is relevant to the {dim} aspect of the root topic: '{node}'\n\n"
"Output options: '<relevant>' or '<irerelevant>'. Do some simple rationalization before giving the output if possible."
)

paper_relevance = ("Scientific concepts are naturally organized in a multi-dimensional taxonomic structure, with more specific concepts being the children of
a broader research topic.\n\n"

f"Given the root topic: '{root}', here is one of its subtopics: {node_name} and these are some papers: {index_papers}\n\n"

"Provide a list of paper IDs that are relevant to this subtopic.\n\n"

"Qutput options: '<rel_paper> ID1, ID2, ... </rel_paper>'. Do some rationalization before outputting the list of relevant paper IDs.")

Figure 6: JIF I ACKLIE . JUop—2lE. ZERONTE . R SCHI DGR A 2 3K LLM #EAlif 7R .
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