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[Abstract]

Multi-document Question Answering (Multi-document QA) is an essential component of question
answering systems in real-world environments. It requires extracting and integrating the necessary
information from multiple documents to generate accurate responses. The DS-RAG framework is
optimized for real-world multi-document QA tasks. It improves the system’s overall accuracy and
efficiency by using a document selection module that selects only the core documents retrieved after
question decomposition, which are necessary for response generation. However, this process requires
additional computational resources and additional training, making it difficult to apply in resource-limited
environments. To address this limitation, this study proposes a Lightweight DS-RAG framework that
achieves selection effects through importance-weighted query generation, thereby eliminating the need for
a separate selection module. The proposed approach identifies key information within a question and
generates importance-weighted queries. This enables retrieval focused on the most relevant information
while maintaining both efficiency and accuracy. This approach maintains high retrieval accuracy while
significantly reducing computational overhead, and can be applied in resource-constrained environments
without domain-specific training. Experimental results demonstrate that the Lightweight DS-RAG
framework achieves 95% of the retrieval performance of the original DS-RAG, as measured by the
Fl-score. Additionally, it exhibited an average performance improvement of 67.5% over RAG without a
selection module. These results demonstrate that a high level of accuracy can be maintained without a
separate selection module or additional training, indicating that the Lightweight DS-RAG framework can

serve as a practical alternative in resource-constrained environments.
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III. The Proposed Scheme
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1. Anchor-Aware Question Graph Construct

Structured Question Graph Construct Anchor Point and Anchor Section Identification
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2. Anchor-based Query Generation

Generate core anchor queries and supportive context queries based on the identified
anchor points and anchor sections

Fig. 1. Lightweight DS—-RAG Framework
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"Who has the for Taylor Swift and Neil Armstrong, who grew up in Wapakoneta?"
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Fig. 2. Anchor—Aware Question Graph Construction Example
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Algorithm 1 Anchor Node and Anchor Section Identification
Require: G,;: Question graph where each node contains:
e entity: semantic element represented by the node

e edges: set of outgoing edges
Each edge contains:
e relation: semantic meaning of the connection
Ensure:
ancher nede: identified anchor node
anchor_section: group of target nodes and anchor node connected by the
same relation

1: anchor node +— NULL, anchor_section < []
2: component.list « weakly.connected components(G,)
3: for all component G, in component_list do
4 G, + remove._cycles(G.)
5 root nodes « mnodes in &, with in-degree 0
6:  root node < root nodes|(]
7: current_node < root_node
8. while current_node is not a leaf do
9: out_edges ¢+ outgoing edges(current node)
10: if has_duplicate relation(out_edges) then
11 anchor node ¢+ current_node
12: anchor_section.add(current. node)

13: targets < l-hop target nodes with duplicated relations
14: anchor_section.add(targets)

15: break

16: end if

17: current _node < select,next,node(current,node)
18:  end while

19: end for

20: return anchor_node, anchor_section

Fig. 3. Algorithm of Anchor Node and Anchor Section
Identification
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Table 1. Experimental Results on Ranking and Comparison Question Datasets

Data Type Method Question-to-Context Ratio Precision Recall F1-Score [ NS
EPQD RAG 0.343 0.971 0.502 8.58
DS-RAG 0.726 0.973 | 0.832 3.95
Lightweight DS-RAG (Method 1) 0.710 0742 | 0.719
0.5:0.5 0.707 0.738 | 0.716
Ranking Type | . ... . [0604 0.789 0.825 | 0.800
peorae " [07:03 0.831 0.867 | 0.841 3.18
(Method 2) 0.8:0.2 0.863 0.900 | 0.874
0.9:0.1 0.884 0.922 | 0.895
Average 0.815 0.850 0.825
EPQD RAG 0.353 0.850 | 0.494 7.48
DS-RAG 0.921 0.925 [ 0923 3.01
Lightweight DS-RAG (Method 1) 0.795 0.783 0.780
c . 0.5:0.5 0.726 0714 | 0.712
Ao weiant | 0604 0.856 0.838 | 0.838
yP oemae o [07:03 0.904 0.884 | 0.884 2.97
(Method 2) 0.8:0.2 0.912 0.895 | 0.893
0.9:0.1 0.911 0.894 | 0.892
Average 0.862 0.845 0.844
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3. Experiments and Results
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3.3 Experimental Results and Analysis
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