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Retrieval-augmented generation based on cluster
reorganization and pre-parsing

WANG Wenbo', ZHANG Zhifei’, WANG Ruizhi', MIAO Duogian'

(1. School of Computer Science and Technology, Tongji University, Shanghai 201804, China; 2. Project Management Office of
China National Scientific Seafloor Observatory, Tongji University, Shanghai 200092, China)

Abstract: Retrieval-augmented generation(RAG) has garnered remarkable attention for its ability to provide external
knowledge to large language models(LLM). However, existing RAG methods often struggle to simultaneously capture
both local detailed knowledge and non-contiguous multi-hop knowledge within the original text. To address this issue,
this study proposes a novel RAG method based on cluster reorganization and pre-parsing. In the indexing stage, cluster-
ing algorithms are used to group discontinuous but relevant knowledge into new chunks, enhancing the retrieval of
multi-hop information. Furthermore, prompt engineering is applied to pre-parse these chunks, dividing them into finer-
grained sub-units to improve recall during retrieval. In the retrieval stage, all retrieved chunks are restored to their ori-
ginal context blocks and, together with the query, are fed into the LLM to generate the final answer. Ablation and com-
parative experiments conducted on the QUALITY dataset demonstrate the effectiveness of the proposed method, achiev-
ing the best performance on the public leaderboard. The findings of this study provide valuable insights for improving
indexing and retrieval technologies in RAG.

Keywords: deep learning; natural language processing; large language models; vector retrieval; question answering; re-

trieval-augmented generation; clustering algorithms; prompt engineering
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Table 3 Ablation study results %
Sk HERR

Topl Top2 Top5

FrEHRAGH 32.84 41.66 52.68

C-RAG 38.20 47.60 55.25

P-RAG 36.42 43.12 54.78

CAP-RAG 41.10 48.16 55.45

TE: I BACRERR R AR T RIS R

ATLLAE

1) 4 tb T A& RAG, 3 F i 4k 7 v 76 43 [0
Topl. Top2 il Top5 43 He bl &5 A BH o i) 14 BE £
Fo FEA ] Topl A>3 8L, #vZR RAG KRBT
HER R KA 32.84%, 1 C-RAG, P-RAG LA f% CAP-
RAG HYUER R 43 B 3G K T 5.36%. 3.58% F11 8.26%;
TE 4 [\ Top2 Al TopS 43 Hebst, 3 7 k4 | 14
KT 5.94%. 1.46%. 5.04% F12.57%. 2.1%. 2.77%.
XA LI LS R, oI = RIS or e | AR AT
I3 HIA 5L T RS S HAR B 1 AR AT 3 B, kst
AL A PR SCAR A By ST 5 ) J0AH 6 1) i S
SCAR T “E5 Sy 1 A4 1l

2) B R B (R R0 b R 0 R TR
i SRR 4. % 3 o C-RAG £ A 1] Topl .
Top2 il Top5 ™ Hehs}, HER Lk P-RAG 4351l 15
H1.78%., 4.48% 1 0.47%, JRINTET: — 5 12
AR SCHE B Y 1) f A B S TR X AR X, R

AR S A ) ) A T A i SR 3 K B SUAR B
RGP R PERER B, JE 515 A R4 X Fh 24 i
SO HPEE BYIE O 1 — T TR R IR B
Xof AN 3 252 1 TR K SR BT r AR B EGRE O, A
LU T B 3 b Al A A o BN B Tk, R
K B W& & QUALITY X AR AY i K SCA %
g,

AN, R T3 — 20 A R 2 o e | Tl AT 4y
Jogdm kR 2w TIEM, xR R4
AP R AT T Gt b, bl R an e 3
fii7s . T CAP-RAG K52 A i 16 4 HL W] ief £ 7%
TRy YLy T AT 43 He o 245 B SC
ARGy Be, BT LB 30 FH CAP-RAG J7i, A LLER 4T
A8l Topl . Top2 il Top5 4> 43 e 01 O 43 il 42 1
A 2R B o A (RGEiHIERAEA), K13
HH R TR AT A B S A Ko B SC A B FH T A AT
AT B 0 SCAR A B, i <SR TAR AT o B FROR
B X SR 25 43 B L N FH TR AT O AR B A SCAR 4y
Peo WKL 3 dal LUE T 1 p 8 3 A5 21 /Y
T AT S B T SR 2K A AT B 43 Sl A EE
RSP R P I B ) o L, TR
Topl. Top2 #1 Top5 iX 3 # A IS4 T, “Hif Hr
A Ay R 65.38% . 73.41% Fl 77.26%,
M 2R 28 J5 T A AT 2 B 1 o B3 5910 R 32.11%
22.85% F1 17.67%, i B Fl i A e i S 4t v 17 23R
o YRR SC Ay B i) 43 TRl 2R, 38 43 Uk B T A AT
ROL A B BEAh, TR R B A e Rk
a3 YRI5 2S5 VAR AT A B S S k[l
J R oy, Z 5 Bk — 20 Bk L R TR S A B
PR ARG 28 A3 [ 114 454 o Bt ] LA 42 BRO 5 U H 2%
o Pk oy Wi, Forp g B R B 4 Bk
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Fig.3 Distribution of CAP-RAG’s recall results for Topl,
Top2 and Top5 chunks
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Table 4 Experimental results of open-source baselines

on QUALITY %
Tk MRTES

BM25 50.22

DPR!' 50.57

Contriever-MS MARCO!™! 52.87
RAPTOR!? 54.58

CAP-RAG 55.45

TE: IR,
M 4 thT LU

1) 7 QuALITY #4iE 45 I, %5 46 28 7 1k 5 il
LU SR R O IR AR . AR, BR T BM25
J& T 2 MU A 2 ik, LA Ty VR Y TR R
Rk A ULLE LRSS LA B 5,
9K 2R AR I Sk S ARG R R T A

2) R H M F - PR T REA B2 T RAG
IR 2SR . 22 4 v DPR 2 20 B HR 25 16 22 1k
Contriever-MS MARCO J& DPR 1972 Fh, & FH I 24
Embedding A1 (1) 75 X HUAS T 2.30% 48 7t
RAPTOR &7 DPR il 25 & FH T R 245
PAESS, T ZF BT T 4.01% Fl 1.71%;
CAP-RAG Wi 2] T RERH19, HIL T &
WHETET 3.88% F12.58%, R UL S5 1k 4 1o
BRAETT RAG MK R R, B4 S B A M E
) SCA G

3) oA AT 7 1 R SR v 4T R
S 25 AR . RAPTOR & i ok 75 24 1 ] 3 2k
VA 2 A AT 55 5 A% 35 SRS A S A — BR AR TR 45
g, AE TR AT B B A o T R A AR AT S5 R
BRI R Z A H, AT LLIA R ik B4 2T 55 2 — IR
PRI R 48 i o R, T R 46 B e /N R E X AR AR S AR
FI %) 5S4y B s CAP-RAG #H . T- RAPTOR, H %
JESCRY R T — R R0, 22 )5 W) 2o 790 £ At
TR B R AT T R SCAr LR R A 4y e, AR T
0.87% MK BRI K o ] U I80 gk A7 7 s A e R
P R ARER L RE AN ELZ BRI
SR R, B 6% 2 — 25 45 v X 48 9 AR A 4 [l
KR
422 NFHEREIRKR K

T 280k B 5 B O IR AR Y 2 S PRI )

B AT 5 AL HF T I 5 FTR (https:/nyu-mll.
github.io/quality/). M3 5 ] LIE H, A CHEH
) CAP-RAG Ji TR IZ B 35 b IUAS T et 45
R, IPAE e B M AR | ROE 72 E AR B A Uy v
A B E R . AH LT RAPTOR(RAP-
TOR (collapsed tree) + GPT-4) M H:ft it 77 % (RAP-
TOR + gpt-40 w/ query intent & entity understanding),
AT AR I ER R 5T T 5.4% F
4.9%, TEWXET 2 LRI04 TE T 5.6% Fi
4.6%, $ETTRBOCRIN

R 5 QuALITY HBEEAFHATER S T EFERE
Table 5 Top 5 methods and accuracy on the QuALITY

dataset public leaderboard %
. PRI X
ik il
T4
AT AR 93.5  89.1
CAP-RAG + DeepSeek-V3 88.0 81.9
RAPTOR + gpt-40 w/ intent &
Epro whauery Then 3.1 773
entity understanding
RAPTOR (collapsed tree) + GPT-4!'% 82.6 762
Long-context GPT-3.5 (gpt-3.5-turbo-16k) 74.7 64.3

TE: I ARAERAR A TARENE B0 T BRI 4s

43 ZBISH

T T W45 CAP-RAG Y TR R B,
A ] Top5 A~ 28 45 S b B — Bl FEA AR Sl 7
B, 4nz% 6 M3 7 Fron . X F [A] @“What happens
to drafted workers?”, % 6 5 tH T i Al B 4 > 1
i, 2% 7 WJ& CAP-RAG 7EH: R Wy B A ) Tops
g, N 7T RO LUE 15300 s R AR —
R B T IR 2 A HAs B Y A B o B, i Bt
Il 2 A A, 1 SCIR] ) B A — 2, 3T
1800 A3 B, 2R o B 28 e S L, T DA O
1453 3] f MEBA 1Y B SCUE SR, SR RE R AR AL
ML 48 RAG J7 6% a8 L0 R R e 3 A
AHAH DG SCAS T e 45 1 45 R YT D,

&6 EBIiEBME 4 N IED

Table 6 Four options for the question

eI A

A They train and work for a time, then retire with
extra funds.

B They receive no pay, and have to undergo training
and work for some time

C They are called upon throughout their life for
periods of work.

D They work a short period of time, then return to

normal life.
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Table 7 TopS5 recall results of CAP-RAG for case questions in the search stage
oy RE TN _ e
S AT b5 SYHR
HP ke pR
1 = = query(4l§5738R)  What happens to those who are drafted into the labor force?
A few workers put in a reasonable number of hours, while others receive
2 = = summary(4i°15738)  Inalienable Basic stock as unemployment insurance, and can be drafted for labor
if needed.
When new employees were needed, a draft lottery was held. All persons
3 i = context(4i 17 534k) registered in the labor force participated. If you were drawn, you must need
serve.
4 1 = summary (45 733%)  The narrator was surprised to be drafted for labor work.
5 7 A context(41543H) He is now legally.eh.glble for .retlrement. He was. drafted into the worl.(lnfg force
reserves, served his time, and is now free from toil for the balance of his life.
5 % K )L% Seek-R1 incentivizes reasoning in LLMs through rein-
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