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[Abstract]

Large Language Models have advanced natural language understanding, yet remain limited in handling
complex —multi-hop queries requiring integration across multiple  documents.  Traditional
Retrieval-Augmented Generation adopts a linear query-retrieval-generation pipeline, which often causes
error propagation, incomplete evidence coverage, and reduced reliability. To overcome these issues, this
study proposes a Tree-of-Retrieval based RAG (ToR-RAG). ToR-RAG decomposes queries into binary
sub-queries via LLM prompting, performs retrieval and partial answer generation at each branch, and
evaluates outputs using an LLM-as-a-Judge module. Branches below a quality threshold are pruned,
ensuring efficiency. An MMR-based retrieval strategy (A=0.75) with top-k=5 selection balances relevance
and diversity. Experiments on the MultiHop-RAG dataset show that ToR-RAG improves Exact Match
by +6.42 and F1 by +6.04 compared to Non-RAG, Native-RAG, and CoR-RAG. Performance peaked at
Depth=3, while Depth=4 caused degradation from excessive branching and token usage. These results
demonstrate that ToR-RAG enhances both accuracy and reliability in multi-hop reasoning, suggesting

applicability in domains such as policy analysis, medical decision-making, and financial risk assessment.
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I. Introduction
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II. Preliminaries

1. Related works
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Retrieval-Augmented Generation(RAG)&
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2. Multi-Hop Question Answering and Task
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3. Dataset: MultiHop-RAG

2 A9 Aol Tang & Yang[2]0]
MultlHop RAG Tlo[EAlS AREsIRITE o] HlogAl
5 2.556719] Aolz dEn, ZF Aljo] ozt A=
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4, Evaluation Metrics

AP0 Ho)-SRHQA) BATOIN 23] AHgH
= Exact Match(EM)@} F1 Score & 7}A] A|BS AF&5}
ol 452 B7IIAH13].

» Exact Match (EM): 2 @29] z]& Sddo| A

| UNE 32 198 Sefrra, 297 god

Bogie. Yes/No 9 ©gd QAo A
A3 Alme esch
Fl Score: 22 Sut Ak st
H, AU =(Precision)?} Aj3de(Recall)?] =3} =HH
< AXtRity HERoR dX|ohs LUK g
& lo] EMEL {gt BI7PT 7Hssit

T X EZ 93] AF&3to 24, ToR-RAG7} thadh A
o QX T opat BEA = mAF LoAE JHLS

5. Background Theory
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5.2 Query Decomposition

53 90) el el ¥ AolE Al Bafshe
o] WAaAo|tt. Query DecompositionS Zoj&l A
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III. The Proposed Scheme

2 oM 2 AFoA AQtsl= Tree-of-Retrieval
7|8k RAG (ToR-RAG)9] &8} A 1S 7]asitt.
Aotel BiAle DAL Foff, @7 W Hi 3 B, @
w71 B7% @7HRIR)7], @FF S5 B¢Y Ol ZER
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1. Overall Architecture

ToR-RAGQ] AA| {12 =
A1 BEe F/dHnt

Fig. 10] Lebd et 22o] c}

IS - ;
. ‘ Binary sub-queries |
Query Decomposition ”
L l WH-form enforcement |
[ Vectorps(aiss) |
Branch Retrieval "

y il

M ! LLM-as-a-Judge |

. Sufficiency Non-redundancy
Consistency | Decomposition qual

MMR-based ranking |

Branch Validation

Prune invalid branch

Y !

Recursive Expansion

Expand valid branches

Ranker+Finalizer

|
| |
l Depth <3, Branch < 4 |
l |
|

Conflict resolution

Evidence Aggregation ’

‘ Output: Yes/No/Span/Unknown ‘

Fig. 1. ToR-RAG Workflow and Modules
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4) 71RR]7] €@ &% @E&(Pruner & Expander)
H7} Bl e B7)e 7iR|Al7|(pruning)st 1,
A7t =2 2718 AiHAC2 27 (expansion)

gt} o5 soff @A eyt AEde Al &
B3}
5) 3% 2 4 2-E(Finalizer)
3502 on ooy 244 SYI 542 §
golol LAWY Pt AT $YS AHICL
2. Query Decomposition
= A9 Q= Query Decomposer 252 Fofl + 7
o SYxoln Fumal 319] ol(Q,0)2 FIULE B

AP LM 718 A5 2ol WAlS AEsision),
LLaMA 3.1 8B 228 &H835t0] H Ao]S WH-question
(Who, What, Where, When, Why, How, Which)3Alo
2 yigteict
» o) 71 AHE S19) Mok vk
ojujd Wols F¥e| nustw, (2) FREX A
5&17(40]01% 6‘]—[‘,}.
- Thg2 319 ]
gmE ojAjolct,

(o]

wl Auts Woksp] ¢t By =

template_judge =
You are a "decomposition judge."

TASK: Evaluate whether two sub—questions are a good
Tree—of-Thought style decomposition of the original
question for RAG.

RUBRIC (1 point each):

1) WH-form: Each is a
(who/what/when/where/why/how/which).
2) Specific & measurable: Answerable with concrete
facts/metrics (not opinion).

3) Relevant: Both directly address the original question.
4) Non-overlapping: They are semantically independent
(neither presupposes the other's answer).
5) Completeness: Together they are
answer the original question.

OUTPUT RULES:

— Print exactly one line.

— Format: VERDICT=<VALID|INVALID>; SCORE=<0-5>;
REASONS=<comma-separated tags or empty>

— Always respond in English.

Original question:

{question}

Sub—question 1:

{sub1}

Sub—question 2:

{sub2}

WH-question

sufficient to

prompt_judge =
ChatPromptTemplate.from_template(template_judge)

Fig. 2. Query decomposition prompt (LLM-as—a—-Judge)
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3. Branch Retrieval and Partial Answer
Generation
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¥ BASIINE 248 84 71 5
Aut Hetge = Ajof] gEsHITH1 ],

Retrieve(Qi)— Di, Generate (Qi, Di)— Ai
4, Branch Evaluation (LLM-as-a-Judge)

27] H71= LLaMA 3.1 8B RE-g 7[gto g 488w,
Judge EEmEL “Zojxl ste] MOQ Q)% HE o
(AL A2)9] £30] U BQ)2 SHEShe o FEINY

L ARe Fio2 s

S e

1. $84(Sufficiency): ,Q.0] Aol U Ao

w8 Awshel?

2. H]|5EM(Non-redundancy):

E)X] 911 ==iXolr?
3. %4 2%d(Consistency): A HoJe} 519} 29| It =2
A =2 deh?
4. B3} &% (Decomposition Quality): b4 /3}10]
6H 040] ;{-6&7(40]7}?
AL 7t 7)) ol 0-5%0] 42

g .
2 m2ol AR 6204 o4 A T 2712

i

=
K

5 3i9) et 5%

opt oX



28 Journal of The Korea Society of Computer and Information

SEsITL 5Ei

« A7l Fx AR 0P A] i 2B AESHE
AlEstn, 71027t W2 5tg] HoE sAoz A=

2 Q. Q)5 st we gt
Max-Depth(3)0]] E&351H Balle £Hst 2| 1
ce shgeirt

Judge (Q Q;, Q, A;, Az ) — Score < [0,5]

5. Pruning and Recursive Expansion

7] 47 AR 6 vt B, sl 27 1= 7HRIA]
7|(pruning)=lo] © ol%f SE|A] ¢l=tt. ¥HH ATt
AAR S EZE51H M2 =t SXHexpansion)sH,
£95 3ol AR 02 VHEECE Ea} 710 (Depth)s
A2 B BEEg Aolsly] sl AtEln, £ Ao
A Depth=32 T 71 2 458 7131tk

6. Evidence Aggregation

2o L CoA SAE HE &2 Retrieval MMR A4
(A=0.75)0] T2} SAeH7F R, 9 k=571 &
A AUl (ZF 300 tokens, & A% Zo] 1,500 tokens
ojy)Z 7Istez xF 3Ees =&t

o A7) 717 Y QA= MMR THFY HAE ub
Qgstol 58 FAS FLsi

s 5= oA AeEHe 57 EAE 4 D) 2/ A
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7. Complexity Considerations
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IV. Experiments and Analysis

1. Experimental Setup

AL [angChain ZHYULYIE 7
o}, Table 13} Zo] SUH E7olA] 23sto] A
(ToR-RAG)S] A5 ZZsidct AlE dolel
MultiHop-RAG A& 2,5567[19] Ao]E2 A}L3519on,
train/dev/test £ 0| Zero-shot 7S 488519
ol Agt 7ol 7aA aue MHAoR WS 9
gh 2ok

379 12 5] BE PUES hen 2L Y
204 5851940

e LLM: LLaMA 3.1 8B (temperature= 0.2, short

token limit &-2)

+ A8|d 2l Qwen3-Embedding-0.6B (&2 1Y
1024, tj=o] R|9)
7348 olxl: FAISS(HNSW ¢leial MMR A=0.
o =4 T AUl Zo] 300 tokens, KA 7;31 go]
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© 5 T A SYL Tl

span)o.2 7}A|

l. @
o
4
e
in
)

2

o

ﬂ
W
||

3 (Yes/No, short

Table 1. Experimental Environment
category Details
LLM LLaMa 3.1 8B

(Ollama?|dt, temperature=0.2)

Search Engine | FAISS (HNSW indexing)

Embedding Qwen3-Embedding-0.6B
Model (1024, multilingual support)
. - 0S: Ubuntu 22.04 LTS

Pipeline

- HW: NVIDIA A6000 GPU

UrfplEien Een | Framework: LangChain

Evaluation

Exact Match (EM), F1 score

Metrics

2. Baselines
Alet 7% ToR-RAGE CH} o] U] 7x] whglea)
1 Emie) s )

1) Non-RAG: 2J% A3 4e85HA] ofal LLM mHejo]
Bl XARto g d

2) Native-RAG: @ Ao-gAM-ZHO] A {1&25
71R)= 712 RAG

3) CoR-RAG: ¥ Alog oA BE A7 07 Fofjslo]

SAA AMS. 2885H= Chain-of-Retrieval B4
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4) ToR-RAG: & HLof|A] A|Qt5H= Tree-of-Retrieval  Table 3. Performance Comparison of Methods

719F AAH S . -
|gF ZA x Method MultiHop-RAG Remarke
EM F1
‘ ' _ _ Non-RAG 49.06 50.11
N;:ée Chain Fé:';tneval Tree o(frgs)tneval Native-RAG 53.83 55.92
CoR-RAG 54.26 55.14
ToR-RAG 60.25 61.18 Depth=3

E3H Non-RAG tfH] ToR-RAG= EM +11.19, F1

H .
I HmE B +11.079) 7RIS Hol, DB o) R 2AA AN H2o|
]

T=et LLM S8R0 2t 453kt (Fig.3)

Fig. 3. Retrieval Architectures of baseline methods 2‘2‘

50

48
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Table 2. Benchmark Dataset overview

Table 4. Performance Comparison by Depth

category Details
Name MultiHop-RAG Depth RENONNANGE Remarks
Total Samples 2,556 (queries) EM F1
Document Sources Wikipedia, external knowledge 1 54.58 55.52
based DB 2 56.30 57.61
Query Types Yes/No, THE& (£AH/AMEE]) 3 60.25 61.18 Best
Document Length 600 tokens 4 26.13 30.13
Supporting 2~4 (multi-hop reasoning
Documents . .
per Query reQUIred) 5. AnalySIS

Al BAoA ToR-RAGE Non-RAG, Native-RAG,
€ elcie 592 O GEA I Tl 2Y @ CORRAG ) UBE i 9 uey
Tk

AE2 Yes/No ¥ ©EY 1%, Q@ ko|= A 2o * 7Jo] AA(Depth study): Depth 1~4F 8|3t A},
271 A" 750l FROHZ}L Joltt. Depth=30{|A %|A9} /d5= 7|55ttt

* Judge on/off: Aot 7|Ho] sHAl wEojug He

4. Results ablation& 43§5Hx] ¢49FO L}, baseline (Non-RAG,

(1) e 45 vl Native-RAG)o] AFAA} Judge off £710] oSt

ToR-RAGE EMz} Flo|A] ZH2} +6.42, +6.049] A% o ofl BA-AAR] A 2 A4 THE AG E

F= 245t 71E PHE oy 45 452 EAT 28 it 450 FAL Fouz I AdLE &
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V. Conclusions

2 AoM = 7IE RAGY A molmafel {L&7F 7t
A= sHAIE 2E2517] 95} Tree-of-Retrieval 719t RAG
(ToR-RAG)2 A|ots}Sict. Ao 7|2 Aloj2 o]A] £7]

_,_OHO}_,—L 71— \:17]01]}\1 741\14)_} HH OE} I\H}\-]O /\on
st §, LLM-as-a-Judges Eoff 243 H7lotal 7HA|X]
12 A8HI. olelet AL Ay AuelAg sty
A oF Ade F% 2AE OAE & Aok
MultiHop-RAG HJo]EAl-S o] &35t AJ Au}t ToR-RAG
X Non-RAG, Native-RAG, CoR-RAG tjH] Exact
Match(EM) +6.42, F1 +6.049] A% 1S DAI51oict
E3t Depth=30A &4 d52 7]155t920, Depth=4

oAl o] Aslelo] Egf 7]t g Zo] Aol
BAHYL st

2 9179) sjof ohgat e,

12 3
oA FEA Dgas— aq ang dgHoz 4%
storct.
2 AR ST YA £A, o2 Y, 2§ Pa3
97} 5 DAla ol Q75 S§ ol ToR-RAG
o 5§ 71532 Al

+ ket 7lu ¥7] SRjsk PO, DPO 5 7
e Mgstel B2 MEl RS ALE A

L o 12

* oo]JFE Z3}: Agentic RAG}H oo Ab&A A
o] 2ol ¥ A A3y x|

o 37 A% 2ol AARIE) 2%, Judge on/off,
supporting-facts F1.5 &4 AY 7154 A& =9
ol’de] ZAits Fofl, ToR-RAGE 53 o] & e|ofA]

71E RAG TH] d5 8F A= s sAl 7idstg o

o, XIAIH] RAG A9l f-&3t EH°};%A1 A A

9]o}E 7HAlLY.

ii=kS

REFERENCES

[1] Lewis et al., “Retrieval-Augmented Generation for Knowledge-
Intensive NLP Tasks,” Advances in Neural Information Processing
Systems 33 (NeurIPS 2020), Dec. 2020.

[2] Tang and Yang, “MultiHop-RAG: Benchmarking Retrieval-
Augmented Generation for Multi-Hop Queries,” arXiv:2401.

15391v1, Jan. 2024.

[3] Geva et al., “Did Aristotle Use a Laptop? A Question Answering
Benchmark with Implicit Reasoning Strategies,” arXiv:2101.
02235v1, Jan. 2021.

[4] Wang et al, “Chain-of-Retrieval Augmented Generation,”
arXiv:2501.14342v2, Jan. 2025.

[5] Sharma, “Retrieval-Augmented Generation: A Comprehensive
Survey of Architectures, Enhancements, and Robustness
Frontiers,” arXiv:2506.00054v1, May 2025.

[6] Han et al,
Retrieval-Augmented Generation,” Findings of the Association

for Computational Linguistics (ACL 2025), Paper 10031-10044,

“Fine-grained Knowledge Enhancement for



ToR-RAG: A Tree-of-Retrieval-based Retrieval-Augmented Generation for Complex Question Processing 31

July 2025.

[7] Yang et al., “A Tree-based RAG-Agent Recommendation System:
A Case Study in Medical Test Data,” arXiv:2501.02727v1, Jan.
2025.

[8] Pezeshkpour et al., “Insight-RAG: Enhancing LLMs with

Insight-Driven Augmentation,” arXiv:2504.00187v1, Mar 2025.

[9] Yao et al., “Tree of Thoughts: Deliberate Problem Solving with
Large Language Models,” arXiv:2305.10601v2, Dec 2023.

[10] Long, “Large Language Model Guided Tree-of-Thought,”

arXiv:2305.08291v1, May 2023.

[11] Fatehkia et al., “T-RAG: Lessons from the LLM Trenches,”
arXiv:2402.07483v2, Jun 2024.

[12] Li et al., “CFT-RAG: An Entity Tree Based Retrieval Augmented
Generation Algorithm with Cuckoo Filter,” arXiv:2501.15098v1,
Jan. 2025.

[13] Rajpurkar et al., “SQuAD:100,000+ Questions for Machine
Comprehension of Text. In Proceedings of EMNLP, pp.2383-2392,
2016

[14] Khot et al., “Text Modular Networks: Learning to Decompose
Tasks in the Language of Existing Models”, ACL, Jun 2021

[15] Gao et al., “VRSD: Rethinking Similarity and Diversity for
Retrieval in Large Language Models, arXiv:2407.045735v2, Nov
2024.

[16] Lee, “Transforming Questions and Documents for Semantically
Aligned Retrieval-Augmented Generation,” arXiv:2508.09755v1,
Aug. 2025.

[17] Agrawal et al., “SCMRAG: Self-Corrective Multihop Retrieval
Augmented Generation System for LLM Agents,” ACM Digital
Library, pp. 50-58, May 2025.

[18] Chen et al., “HiQA: A Hierarchical Contextual Augmentation
RAG for Multi-Documents QA,” arXiv:2402.01767v2, Sep 2024.

[19] Wang et al., “Cross-Granularity Hypergraph Retrieval-Augmented
Generation for Multi-hop Question Answering,” arXiv:2508.
11247v1, Aug. 2025.

[20] Siriwardhana et al, “Improving the Domain Adaptation of
Retrieval Augmented Generation(RAG) Models for Open
Domain Question Answering,” arXiv:2210.02627v1, Oct. 2022.

[21] Li et al., “Tree of Reviews: A Tree-based Dynamic Iterative
Retrieval Framework for Multi-hop Question Answering,”
arXiv:2404.14464v1, Apr. 2024.

[22] Zhang et al., “RATT: A Thought Structure for coherent and
Correct LLM Reasoning,” arXiv:2406.02746v1, June 2024.

[23] Shi et al., “Generate-then-Ground in Retrieval Augmented
Generation for Multi-hop Question Answering,” Proceedings of
the 62nd Annual Meeting of the Association for Computational
Linguistics (ACL 2024, Long Papers), pp. 7339-7353, August
2024.

[24] Zhang et al,, “Hierarchical Retrieval-Augmented Generation
Model with Rethink for Multi-hop Question Answering,”

arXiv:2408.11875v1, Aug 2024.

[25] Ramlochan, “Tree of Thought Prompting — Walking the Path
of Unique Approach to Problem-Solving,” Prompt Engineering
and Al Institute, Jun 2023.

[26] Poliakov and Shvia, “Multi-Meta-RAG: Improving RAG for

Multi-Hop Queries using Database Filtering with LLM-Extracted

Metadata,” arXiv:2406.13213v2, Aug. 2024.

F22Labs, “What is Multi-Step RAG (A Complete Guide),”

Retrieved from: https://f22labs.com., Sep 2025.

[28] Zhang et al, “SiReRAG: Indexing Similar and Related
Information for Multihop Reasoning,” arXiv:2412.06206v2, Apr
2025.

[29] Zhu et al., “Knowledge Graph-Guided Retrieval augmented
Generation,” arXiv:2502.06864v1, Feb 2025

[27

—

Authors

Hee-Kyong Yoo received the B.S.degree in
Law from Ehwa Womans University, Korea
in 1993,
Administration from Korea University, Korea,
in 2003.

and M.B.A. degree in Business

She is a Ph.D. candidate in Convergence Al Engineering at
Hoseo University, Since 2023. She has been the
founder and CEO of Data Science Lab, LTD., a venture

Korea.

company specializing in AI and Big Data analytics. Her

research interests include
(RAG),

Intelligence, and Al policy and strategy.

retrieval-augmented  generation

Agent-based  generative Al  systems, Business

Nammee Moon received B.S., M.S., and ph.D
degrees in School of Computer Science and
Engineering from Ewha Womans University

in 1985, 1987 and 1998, respectively. She

. ‘ served as an assistant professor at Ewha

Womans University from 1999 to 2003. From 2003 to 2008,

she is a professor of Department Digital Media, Graduate
School of Seoul Venture Information. Since 2008, she is
currently a professor in the Department of Computer Science
and Engineering, Hoseo University. she is current research
interests include Social Learning, HCI and User Centric Data,

Big-data Processing and Analysis.



