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A RAG Method based on Query-Conditioned Retrieval Units

Yeong-A Kim*', Seon-Mi Jeong*’, Hyun-Ju Kim*’, and Chang-Geun Kim**
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Abstract

This paper proposes DRAG, a Retrieval-Augmented Generation (RAG) method based on query-conditioned
Retrieval Units. Existing RAG systems often rely on fixed-size chunking or sliding-window methods, which do not
sufficiently reflect query semantics and document structure. DRAG reformulates document segmentation as a
query-conditioned retrieval unit construction task and dynamically constructs Retrieval Units by considering both query
semantics and document structure. Experimental results show that DRAG improves Recall@20 by 9.0% and reduces
the Redundant Context token Ratio (RTR) by 14.1% compared with Fixed Chunking, while improving F1 Score by
7.0% compared with Semantic Chunking. These results demonstrate that the proposed method effectively enhances

both retrieval performance and context utilization efficiency.
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Algorithm 1. Retrieval Unit construction algorithm
Input:
q,Cq ©
Output:
RU()

1. Relevance Filtering

Select c_i satisfying Rel(c_i,aq) > 6.
2. Deduplication and Noise Removal

Remove duplicated, irrelevant, and noisy elements.
3. Context Expansion

Add paragraph and heading information if needed.
4. RU Construction

Organize selected elements into RU(Q).

Goal:
Generate a query—conditioned Retrieval Unit.
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Algorithm 2. Context progress judgment and re-retrieval
algorithm

Input: Query g, Initial Retrieval Unit RU_0(q),
Document Database DB, Threshold T
Qutput: Final Retrieval Unit RU*(q)

1. Initialize RU_t(@) < RU_0(q)
2. Compute P_t(g) for RU_t(q)
3. if P_tl@ > T then

4 return RU*(@) < RU_t(g)

5. else
6. Identify insufficient context elements
7. Retrieve additional candidate contexts from DB

8. Apply filtering, deduplication, and context
expansion

9. Update RU_t(g) with the selected contexts
10. Repeat Steps 2-9 until P_t(@) >

Goal: Determine whether the RU is sufficient and
refine it when needed.
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Table 1. Experimental environment

Component Specification
CPU Intel core i7-8700 320 GHz
Memory 20 GB RAM
Storage 512 GB SSD x 8
Operating system Linux Ubuntu 22.04.1 LTS
LLM GPT-40 mini (OpenAl API)
Embedding model BAAI/bge-m3
Vector store FAISS
Corpus Document corpus (100GB)
Queries 1,000
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Table 2. Performance evaluation results

Method R@20 EM F1 RTR(%)
Fixed 054 0.38 0.46 347
Sliding 0.55 042 0.51 29.8
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(proposed)

3% 2014 DRAGE Recall@20, Exact Match, F1
Scoreol| Al 7MY =2 TS EH S, Redundant
Token Ratioe= 7H¢ Y& #H& 7|53k
Recall@20& Fixed Chunking®] 0.54%4 DRAG2]
0.632.2 9.0% F¥EJeH, Hlu 7|H F /M =
& A%< ¥9l Semantic Chunking¥} BRI % 2.0%

=T}E Fl Scoret= Semantic Chunking®] 0.5791A4]
DRAGY] 0.64% Z7}5F911, Exact Match HA] 0.55
2 71 =4 YelgthFixed Chunking ¥ 17.0%
A, RTRS Fixed Chunking®] 34.7%°14 DRAGS]
20.6%% 14.1% 7r48k910m, Semantic Chunking}
HIWS| S 5.0% W& gh= B3

olgj3t A= DRAGZF AME R £4E 4
o] 7ol we} Retrieval Unit G2 Ao =
A FHY x3 HES =0, Y FEA
As T FES A BUS B Wi
ojth. w3 Ao H#A o] EAY FEH S A
AgoEn o7 #4394 &9 &8 58S WM &
F8lHTh olE 53] DRAGE 7|& &9 +4 w4
Hoh 2 A4 Ade d9sH A 24
HA, A T8 EZ AE-E Solv 94E g9
kAT

71E RAG Az=dle AHgAL Aejoll dis) A
g ddsta, AaE 39 2ee Ay mde
[©)

2 Agse Fzoln o] ¥

1>
rlo
-
el
o
L
2= My o =

oA ot ok

I AN ARE wEA AT & oy, A
Folo] Aol 24e FH3| WEsh=A Brdsl=
4o 23k3lA] gtk weba AA At
Wol XA, HogHol| "ag Fuo] o
THEE A HE 87 F4o] A3k Utk
AN 718 RAG Al2’lE 7
BE ZAE g)sty] a8 F7F A
gtk AAA 7)HF RAGE HZ AN Axp
o 39 F7F EUS Frd 4 glon HA
S or] H9Z AFAFAY =9 7 3
gote FAHL2 AgtFolt), o2 <l F
Fsleigte AR Edlo] wEz o7
Ao, A TA HAEH= E9o &
obd 4 it
Ao 71 HAA Aol A 2 Abo]of A
B E™S Retrieval Unit @92 AFAsI, &
28 S FA3H= DRAG 10|t} 7]&FS
H3l=
N s

A% ARNE sAse] 25D

ofy
N

=
:
o

i pe A

o
1=

o

_?1_!
i}
WOy o ox ME IR mor @

4
I
o
=

A

oL
o

MoorR 2 Aol



Journal of KIIT. Vol. 24, No. 8, pp. 69-80, Aug. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 77

1=
(o
FI
1:101'

tomM, W BA A%E 44 Boo
Z AR “6‘]'1: 7]12 RAGS] IS B3}

71E RAG AN2=®T AIjE 71HHe) #2374 Alol&
% 33 0o,

¥ 3. 7|F RAG £HE1 DRAGS H|W
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