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/ Overview & Motivation \

Research Gap
Existing RAG pipelines usually use fixed chunking, fixed
retrieval, and simple context packing.
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Rauestinn: Who manufactured the scooter upon which the Bajaj Priya
was based off of?

Why It Is Challenging
Sentence chunks are precise but may fragment evidence
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However, multi-nop QA requires different evidence introduce noise. REFI?T R"im REPI?T e R“im
granularities for different questions. Under a limited token budget, naive top-k retrieval often fails

Our Goal to keep complete supporting evidence. mﬁ_ g Eﬁ_ wEE
We propose DMG-RAG, a query-adaptive multi-grained RAG framework. It dynamically allocates retrieval quotas across (L reck ehurks e L e ﬁi_::m,m_mhmks
sentence/paragraph/document indices and selects compact evidence under a fixed budget. Traditional RAG Pipeline OueRAGFipeline

/ Fig. 1: Pipeline comparison between a traditional retrieve then-read RAG
pipeline and our Dynamic Multi-Grained RAG pipeline.
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METHOD \

Multi-Grained Retrieval
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« Build three aligned indices: sentence, paragraph, and document.
« Retrieve candidates from multiple granularities for each query.
* Optionally rerank top candidates with a cross-encoder.
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Router
 Predicts a granularity distribution for each question.
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» Converts it into top-k retrieval quotas.

|

QU estion H QLIIES"' ion H

» Shapes a query-adaptive candidate pool.

_‘J H, 1 Budgeter
"' « Scores candidate chunks using relevance, length, and redundancy
\ / \ signals.
Router module Budgeter module Overall process « Selects high-utility chunks under token budget B.

» Uses deterministic greedy packing for stable generation.

QZ. Overview of DMG-RAG. Router allocates retrieval quotas, and Budgeter performs budget-aware packing. /

RESULTS N\
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Methods HotpotQA 2WikiMultiHopQA Average Mot MuSiQue
EM Fl EM F1 EM Fl EM F1
Direct(qwen2.5-14B) [7] 20.6 27.4 23.2 25.49 21.9 26.5 Direct [7] 5 13.6
Naive RAG [1] 53.1 67.1 39 46.5 46.05 56.8 Naive RAG [1] 18.7  28.3
MoGRAG [6] 40.4 52.37 19 23.61 29.7 37.99 MoGRAG [6] 6.6 12.29
GenGroundRAG [27] 36.59 45.91 21.2 26.42 28.9 36.17 GenGroundRAG [27] 10.87 15.1
Ours 56.8 71.3 49.3 58.1 53.05 64.7 Ours 19.1 29.3
Table. 1. Main results on HotpotQA and 2WikiMultiHopQA. Table. 2. Main results on Musique.
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(a) Router (b) Budgeter
Fig. 4. Sensitivity to training size and training steps.
(a) Hotpot (b) 2WikiMultiHopQA (c) MuSiQue
Fig. 3. Ablation results across three multi-hop QA benchmarks.

CONCLUSION )
 We propose DMG-RAG for query-adaptive multi-grained RAG.
* Router dynamically allocates retrieval quotas across sentence/paragraph/document indices.
« Budgeter selects compact and complementary evidence under a fixed context budget.
\* Experiments on three multi-hop QA benchmarks show consistent improvements. y
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