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Abstract

Graph-based Retrieval-Augmented Generation
(RAG) is increasingly used to explore long, het-
erogeneous, and weakly structured corpora, in-
cluding historical archives. However, in such
settings, naive full-corpus indexing is often
computationally costly and sensitive to OCR
noise, document redundancy, and topical dis-
persion. In this paper, we investigate corpus
pre-targeting strategies as an intermediate layer
to improve the efficiency and effectiveness of
graph-based RAG for historical research.

We evaluate a set of pre-targeting heuristics
tailored to single-hop and multi-hop of his-
torical questions on HistoriQA-ThirdRepublic,
a French question-answering dataset derived
from parliamentary debates and contemporary
newspapers. Our results show that appropriate
pre-targeting strategies can improve retrieval
recall by 3–5% while reducing token consump-
tion by 32–37% compared to full-corpus in-
dexing, without degrading coverage of relevant
documents.

Beyond performance gains, this work high-
lights the importance of corpus-level optimiza-
tion for applying RAG to large-scale historical
collections, and provides practical insights for
adapting graph-based RAG pipelines to the spe-
cific constraints of digitized archives.

1 Introduction

Retrieval-Augmented Generation (RAG) has be-
come a central paradigm for grounding large lan-
guage models in external textual evidence, enabling
more reliable generation in knowledge-intensive
settings (Lewis et al., 2020; Gao et al., 2023;
Poibeau, 2025). Recent work has shown that RAG
can scale to long documents and complex queries,
particularly when combined with graph-based rep-
resentations that support multi-hop reasoning and
global semantic structure (Larson and Truitt, 2024;
Xiang et al., 2025). As a result, RAG-based sys-
tems are increasingly considered for exploratory

access to large textual collections, including his-
torical corpora. Beyond simple full-text search–
often the default option for historians with limited
digital experience–, RAG supports a more system-
atic, large-scale exploration of very large (and es-
pecially serial) sources. It also enables researchers
to “dialogue” with their corpus, surfacing leads, as-
pects, and themes that were previously unknown, or
less visible to domain experts, and that can subse-
quently be investigated through conventional meth-
ods of historical research.

At the same time, this promise comes with sub-
stantial practical challenges in archival settings.
Historical archives constitute a particularly de-
manding testbed for such approaches. These docu-
ments are typically long, weakly structured, hetero-
geneous in genre, and are often affected by OCR
noise (Piotrowski, 2012; Strange et al., 2014), a re-
current issue in DH corpora that often diverge from
NLP benchmark assumptions (McGillivray et al.,
2020). They also can exhibit strong redundancy
and uneven information density, with large por-
tions of text that are procedurally repetitive or only
marginally relevant to a given research question.
In this context, naive full-corpus indexing is not
only computationally expensive, but can also am-
plify noise and degrade retrieval quality, especially
in graph-based pipelines where indexing decisions
directly affect graph construction costs.

While most existing work on RAG focuses on
retrieval models, ranking strategies, or generation
architectures (Gao et al., 2023), comparatively little
attention has been paid to corpus-level decisions
that precede retrieval, such as how much of a cor-
pus should be indexed and under which constraints.
This issue is particularly salient for historical re-
search, where recent studies have shown both the
potential and the limitations of applying RAG to
digitized newspapers and parliamentary debates
(Tran et al., 2024; Pellet et al., 2024). For large
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historical collections, full-corpus indexing may be
neither necessary nor desirable.

In this paper, we investigate corpus pre-targeting
as an intermediate layer between raw historical
archives and graph-based RAG pipelines. Pre-
targeting consists in selectively reducing the in-
dexed corpus based on query characteristics, with
the goal of preserving relevant documents while fil-
tering out material that is unlikely to contribute to
answering a given class of questions. Building on
recent proposals for pre-targeted RAG (Silvestre de
Sacy et al., 2024), we hypothesize that different
types of historical questions impose different re-
trieval constraints, and tailored pre-targeting strate-
gies can improve the trade-off between retrieval
effectiveness and computational cost.

We evaluate this hypothesis on HistoriQA-
ThirdRepublic, a French-language question answer-
ing dataset derived from parliamentary debates and
contemporary newspapers (Pellet et al., 2026). We
distinguish between single-hop questions, which
typically rely on localized factual information, and
multi-hop questions, which require aggregating
evidence across multiple documents. Our contri-
butions are threefold: (1) a systematic evaluation
of corpus pre-targeting strategies for graph-based
RAG applied to historical archives; (2) empirical
evidence that appropriate pre-targeting improves
recall by 3–5% while reducing token consumption
by 32–37%; and (3) practical insights for adapt-
ing RAG pipelines to the specific constraints of
digitized historical collections.1

2 Related Work

Our work connects three research threads: (i) insti-
tutional and scholarly needs for source-grounded
exploration of large historical archives, (ii) emerg-
ing Digital Humanities uses of RAG on noisy, het-
erogeneous collections, and (iii) graph-based RAG
pipelines and corpus-reduction strategies that trade
indexing cost for retrieval effectiveness.

Archive exploration, transparency, and account-
ability. Beyond academic use, access to institu-
tional archives is increasingly framed in terms of
transparency and accountability: computational
methods can enable traceable, source-grounded
claims over large documentary collections, pro-
vided that provenance and citation granularity re-
main explicit (Jo and Gebru, 2020; Cafiero, 2023;

1Scripts available at Github

Cafiero et al., 2025). In that spirit, recent in-
stitutional initiatives experiment with question-
answering interfaces over archival holdings, aim-
ing to lower the barrier to exploration for non-
specialists while preserving the ability to inspect
underlying sources. For example, the National Li-
brary of Luxembourg has deployed a chatbot for
exploring historical Luxembourgish newspapers
(Bibliothèque nationale du Luxembourg, 2023),
while the European Parliament Historical Archives
provides an “Ask the EP archives” tool within a
broader content-analysis environment for multilin-
gual parliamentary material (European Parliament
Historical Archives, 2024b,a).

RAG for historical research in Digital Human-
ities. RAG was initially introduced to ground
generation on retrieved evidence for knowledge-
intensive tasks (Lewis et al., 2020), and later work
systematized a broad design space of retrieval,
reranking, and generation modules (Gao et al.,
2023). In Digital Humanities, RAG has been ex-
plored as a pragmatic approach to query long, het-
erogeneous, and OCR-noisy corpora where tradi-
tional search and close reading alone do not scale.
As a result, RAG is increasingly being evaluated
for examining large collections of historical docu-
ments (Nandula and Shenoy, 2024; Fan et al., 2025;
Lee et al., 2025). Representative case studies in-
clude, in particular, historical newspapers (Tran
et al., 2024) and reflections on RAG for parliamen-
tary debates, with explicit discussion of method-
ological benefits (rapid exploration, cross-source
synthesis) and risks (retrieval failures, over-trusting
generated summaries) (Pellet et al., 2024). A re-
curring conclusion in this literature is that cor-
pus characteristics–redundancy, uneven informa-
tion density, OCR artifacts, and document structure–
often dominate downstream performance, some-
times more than the choice of generator model.

Graph-based RAG and corpus reduction via
pre-targeting. Graph-augmented RAG methods
aim to improve evidence aggregation and multi-
hop retrieval by exploiting explicit structure (en-
tities/relations, neighborhoods, traversals) rather
than relying solely on local semantic similar-
ity. Survey work clarifies the main families
of GraphRAG–like pipelines–graph construction,
graph-guided retrieval, and graph-enhanced genera-
tion—and discusses when graphs help compared to
simpler RAG stacks (Peng et al., 2025; Zhang et al.,
2025a; Xiang et al., 2025). Concrete peer-reviewed
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Figure 1: Overview of the pipeline. A task-aware pre-targeting layer reduces the indexed corpus differently
for single-hop (positive filtering; union or budgeted Reciprocal Rank Fusion) and multi-hop questions (negative
filtering). The filtered corpus feeds a shared Graph-based RAG indexing and QA stack, improving the recall–cost
trade-off.

instantiations include HippoRAG, which combines
LLM-driven graph induction with graph traversal
mechanisms to improve multi-hop retrieval (Gutiér-
rez et al., 2024), and TRACE, which constructs
knowledge-grounded reasoning chains over triples
extracted from retrieved documents to integrate dis-
persed evidence (Fang et al., 2024).

However, graph construction can become the
dominant cost on large archives, and indexing ev-
erything can amplify OCR noise and procedural
redundancy. This motivates corpus reduction strate-
gies that act before indexing, by filtering the corpus
under query- or task-specific constraints while at-
tempting to preserve gold evidence. Pre-targeted
RAG formalizes this idea as a pre-filtering layer
that reduces the indexed set prior to retrieval and
generation (Silvestre de Sacy et al., 2024). We
extend this line of work in a historical setting by
(i) tailoring pre-targeting to question type (single-
hop vs. multi-hop) and (ii) evaluating the resulting
trade-offs specifically within a graph-based RAG
pipeline on OCR-noisy parliamentary debates and
newspapers.

3 Methodology

In this section, we outline our methodology. We
begin by introducing the HistoriQA-ThirdRepublic
dataset, and then present the strategies employed in

the pre-targeting process along with the evaluation
protocol used to assess their effectiveness.

3.1 HistoriQA-ThirdRepublic

HistoriQA-ThirdRepublic is a French-language
question answering corpus derived from parliamen-
tary debates and newspapers of the French Third
Republic (1870-1940) (Pellet et al., 2026). The
dataset contains historical questions designed to
evaluate RAG systems in domain-specific contexts,
specifically focusing on complex reasoning pat-
terns typical of historical inquiry.

The dataset is constructed from three pri-
mary sources, focusing specifically on texts from
1887: parliamentary debates from the Chamber of
Deputies, and two contemporary newspapers, Le
Gaulois and L’Intransigeant. For the parliamentary
debate texts, content not directly related to debates,
such as agendas, procedural notes, and vote lists,
was removed in advance. After applying a spe-
cific segmentation strategy, the final text corpus
comprises 78 documents from Le Gaulois, 79 doc-
uments from L’Intransigeant, and 3,227 documents
from parliamentary debates, as shown in figure 2.

Questions were then generated through iterative
refinement using prompt engineering and validated
by a historian to ensure factual and contextual co-
herence. Single-hop questions were generated ex-
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Figure 2: Corpus sources and OCR quality. The OCR texts are generated from scanned historical documents, and
the recognition accuracy information is obtained from the corresponding Gallica pages.

clusively based on the content of parliamentary
debates, whereas multi-hop questions were con-
structed following two strategies, newspaper-to-
debate and newspaper-to-newspaper, resulting in
three types of questions: follow-up questions (iden-
tifying opinions in debates and examining press
reactions), comparative questions (contrasting dif-
fering viewpoints across sources), and bridge-entity
questions (connecting sources through shared ref-
erences).

To clarify the task distinction, we pro-
vide representative examples from HistoriQA-
ThirdRepublic.

• Single-hop example. A question answerable
from one debate document (localized factual
evidence): Quel est le rôle du bureau d’âge
et comment est-il composé lors de l’ouverture
de la session ordinaire de la Chambre des
députés en 1887 ? (What was the role of the
Bureau of Age and how was it composed at the
opening of the ordinary session of the Cham-
ber of Deputies in 1887?)

• Multi-hop example. A question requiring
evidence aggregation across at least two doc-
uments/sources (e.g., debate + newspaper, or

newspaper + newspaper): En 1887, comment
le baron de Mackau critique-t-il la politique
éducative du gouvernement, et quelle analyse
l’article de presse en donne-t-il ? (In 1887,
how did Baron de Mackau criticize the govern-
ment’s educational policy, and what analysis
did the newspaper article provide?)

These examples reflect the operational criterion
used in our experiments: single-hop targets lo-
cal evidence, whereas multi-hop requires cross-
document synthesis.

The final QA dataset comprises 897 single-hop
questions and 885 multi-hop questions, the index-
ing data (document ID) required to answer the ques-
tions is also integrated into the QA dataset.

The corpus contains OCR noise as shown in Fig-
ure 2. We adopted a fast and deliberately conserva-
tive heuristic to estimate the word error rate (WER),
treating as errors words that exceed 20 characters in
length, contain interleaved digits and letters, or in-
clude non-French characters. This approach yields
an estimated WER of approximately 2.73%, which
should be regarded as a lower bound, as the OCR
error rates reported by Gallica, the digital library
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of the Bibliothèque nationale de France, for these
sources are generally higher.2

3.2 Pre-targeting strategies regarding
different type of questions

Overall, our approach is inspired by the method-
ology proposed by Silvestre de Sacy et al. (2024)
The core objective is to define constraints for pre-
filtering the corpus based on the characteristics of
the query under investigation, thereby reducing the
amount of text to be indexed as much as possible
while preserving the target documents (gold doc-
uments) required to answer the questions. This
strategy aims to lower the cost of graph construc-
tion and indexing time, partially mitigate the im-
pact of OCR noise, and ultimately improve the
performance of RAG systems during the question-
answering stage.

With respect to question types, existing RAG
approaches generally perform better on single-hop
questions than on multi-hop questions (Larson and
Truitt, 2024; Gutiérrez et al., 2025). This discrep-
ancy stems from the fundamentally different nature
of the two question types. Single-hop questions can
be answered using information contained within
a single document and are typically tied to con-
crete facts. In most cases, answers can be directly
extracted from the original text. In contrast, multi-
hop questions require aggregating and synthesiz-
ing information across multiple related documents,
which places higher demands on the robustness
of the retrieval stage as well as the long-context
processing capabilities of large language models.

These observations directly motivate our exper-
imental design. We evaluate the effectiveness of
pre-targeting separately for single-hop and multi-
hop questions in order to identify the most suitable
strategies for each case. For each question type, we
randomly sample ten sets of fifty questions from
the HistoriQA-ThirdRepublic QA dataset without
replacement and report the average performance of
different pre-targeting strategies across the ten sets.

For single-hop questions, we assume that pre-
cise semantic matching is sufficient to rapidly lo-
calize the documents required to answer a given
question. Accordingly, we adopt three complemen-
tary strategies. First, we apply GLiNER (Zaratiana
et al., 2024), an advanced named entity recogni-
tion model, to detect four types of entities, includ-
ing person, location, date, and organization, in the

2OCR error information is available on the document’s
Gallica page, here is an example.

query, and subsequently search for these entities in
the text corpus to retrieve the corresponding doc-
uments. Second, after tokenizing the query, we
perform a bag-of-words retrieval over the entire
corpus using BM25 (Robertson et al., 2009) and
retain the top 500 ranked documents. Third, we
segment the corpus into chunks of 1,000 tokens
with an overlap of 200 tokens, compute the co-
sine similarity between the query and each chunk
using the Qwen3-Embedding-0.6B model (Zhang
et al., 2025b), and treat the document containing a
chunk as a candidate document whenever the sim-
ilarity exceeds 0.7. We further evaluate the union
of the results produced by these three strategies to
assess whether their combination yields additional
improvements in retrieval performance.

In contrast to single-hop questions, multi-hop
questions exhibit weaker direct semantic alignment
with individual documents. Consequently, the ob-
jective of pre-targeting shifts from directly locating
relevant texts to filtering out documents with low
information density or those potentially unrelated
to the question-answering task. We again employ
three strategies. First, we define a stop word list
and consider a document to be low in informational
content if stop words account for more than 20%
of its text, in which case the document is filtered
out.3 Second, we rank all documents using BM25
for each question and exclude any document that
appears among the bottom 500 documents for at
least one question. Finally, we compute cosine
similarity using the same embedding model, but
with a different criterion: if a document’s similarity
score with respect to all questions does not exceed
0.6, it is considered as unrelated documents. These
strategies yield three lists of excluded documents,
and we further explore the union of these lists to
identify the most effective combination of filtering
strategies.

The thresholds and cutoffs used in pre-targeting
(e.g., cosine thresholds, BM25 rank cutoffs, stop-
word ratio) are operational hyperparameters se-
lected for this corpus and task configuration, not
universal constants. Our objective is to evaluate
whether task-aware corpus reduction can improve
the recall–cost trade-off under realistic archival con-
straints, rather than to claim corpus-independent
optimal values. In practice, these parameters
should be re-calibrated when corpus characteristics

3The stop-word list is available in our GitHub repository
(block 19).
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change (OCR quality, document length distribu-
tion, genre balance, or language), and we therefore
interpret the reported gains as evidence of the ap-
proach’s usefulness in this setting, with external
transfer requiring additional validation.

3.3 Retrieval performance

Based on the selection of the optimal pre-targeting
strategies, we choose three filtered corpora and
compare their performance against full-corpus in-
dexing on the corresponding question sets. We
adopt HippoRAG 2, one of the state-of-the-art
RAG frameworks (Gutiérrez et al., 2025; Xiang
et al., 2025), for retrieval and generation. For em-
bedding and generation models, we use Qwen3-
Embedding-0.6B and DeepSeek-V3.2 (Liu et al.,
2025), respectively. To support the former, we im-
plement additional scripts to enable compatibility
between HippoRAG 2 and the Qwen 3 model ar-
chitecture, while the latter is accessed via an API.
Finally, we report both the recall performance of
the different configurations and their token con-
sumption. Figure 3 illustrates an example of a
knowledge graph generated under full-corpus in-
dexing.

4 Results

4.1 Pre-targeting stage results

We first evaluate the performance of different fil-
tering strategies in the pre-targeting stage. Table 1
summarizes the results using three key metrics: re-
call percentage, which measures the proportion of
gold documents retained relative to the total set of
gold documents; precision percentage, represent-
ing the proportion of gold documents in filtered
corpus; document count, indicating the number of
documents remaining after filtering; and document
coverage, defined as the percentage of documents
preserved from the original corpus.

For single-hop questions, individual filtering
strategies showed varying performance characteris-
tics. BM25 Filtering achieved the highest recall at
97.00% while maintaining relatively low document
coverage (34.93%, 1182.8 documents). In con-
trast, NER Filtering demonstrated 84.00% recall
but required substantially more documents (1891.7
documents, 55.87% coverage), and Cosine Similar-
ity Filtering achieved only 62.80% recall with the
smallest document set (120.5 documents, 3.56%
coverage).

When combining strategies, BM25 + Cosine
Similarity (Union) emerged as the optimal ap-
proach, achieving 97.20% recall with 1185.4 doc-
uments (35.01% coverage). The motivation for
adopting the union of the results is to account for
the complementary information captured by bag-of-
words models and dense vector representations. In
addition, we apply Reciprocal Rank Fusion (RRF)
(Cormack et al., 2009) to combine these two lists of
results by weighting documents according to their
positions in each list, while constraining the size
of the fused list to the longer of the two inputs to
prevent an excessive expansion of the candidate set,
thereby assessing their relative importance under
the two ranking schemes. We observe that RRF at-
tains the same recall as the union strategy, suggest-
ing that it successfully fuses the complementary
features captured by the two retrieval strategies in
an efficient manner. Although the union of all three
strategies (NER + BM25 + Cosine) reached the
highest recall at 98.80%, it came at the cost of sub-
stantially increased document coverage (64.75%),
making it less efficient for practical deployment.

For multi-hop questions, which require rea-
soning across multiple documents, reverse filter-
ing strategies proved efficient. Among individ-
ual strategies, Reverse Cosine Similarity Filtering
achieved the best balance with 98.64% recall using
1828.6 documents (54.00% coverage), outperform-
ing both Reverse BM25 Filtering (98.15% recall,
61.52% coverage) and Reverse Stopwords Filter-
ing (84.95% recall, 72.15% coverage). Combined
strategies further improved performance, with Re-
verse BM25 + Cosine (Union) reaching 99.39%
recall at 74.96% coverage. The most comprehen-
sive approach, combining all three reverse strate-
gies, achieved near-perfect recall at 99.52% but
required processing 98.74% of the document col-
lection (3343.3 documents), offering minimal prac-
tical advantage over simpler combinations.

Based on these results, we selected BM25 + Co-
sine Similarity (RRF) for single-hop questions and
Reverse Cosine Similarity Filtering for multi-hop
questions as our optimal strategies for the subse-
quent RAG pipeline (Figure 1), as they provide the
best balance between high recall and computational
efficiency.

These results should be read as corpus- and
setup-specific: they show that simple task-
aware heuristics can be effective on HistoriQA-
ThirdRepublic, but they do not imply that the same
thresholds will transfer unchanged to other histori-
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Figure 3: Knowledge graph generated from the HistoriQA-ThirdRepublic dataset under full-corpus indexing. The
network comprises 30,514 nodes and 648,792 edges. We employed the Louvain algorithm (Blondel et al., 2008)
for community detection, identifying 332 distinct communities with a modularity of 0.619, indicating a robust
community structure. For visualization, the nodes are color-coded by their community membership, and the network
layout is optimized using the Yifan Hu multilevel force-directed algorithm (Hu, 2005) to enhance interpretability.

cal collections. The main transferable claim is the
principle of differentiated pre-targeting for single-
hop versus multi-hop questions.

4.2 RAG performance

We then compared the performance of default full
indexing against the pre-targeting approach across
different retrieval depths (top-3, top-5, and top-10)
for both question types. Table 2 presents the recall
rates and token consumption for each strategy, with
numbers in brackets representing the total tokens
used across all three experimental runs.

For single-hop questions, the pre-targeting strat-
egy demonstrated consistent improvements over
full indexing across all retrieval depths. Pre-
targeting achieved average recall rates of 55.33%
at top-3, 62.00% at top-5, and 70.67% at top-
10, representing improvements of 4.66, 2.67, and
2.00 percentage points respectively over full in-
dexing (50.67%, 59.33%, and 68.67%). These

improvements were achieved while using substan-
tially fewer tokens on average: 12,156,845.7 tokens
compared to 19,434,237 for full indexing, repre-
senting a 37.5% reduction in computational cost.
The standard deviations across runs (±6.80, ±7.12,
and ±6.60 for top-3, top-5, and top-10 respectively)
indicate reasonable stability in performance.

The advantages of pre-targeting were more pro-
nounced for multi-hop questions. Pre-targeting
achieved recall rates of 43.00%, 52.67%, and
62.67% at top-3, top-5, and top-10 respectively,
outperforming full indexing by 5.00, 4.34, and
2.00 percentage points. The performance gains
were accompanied by a 32.1% reduction in av-
erage token usage (13,194,585.3 tokens versus
19,434,237 for full indexing). The lower stan-
dard deviations for multi-hop questions (±5.66,
±4.71, and ±2.87) suggest more stable performance
compared to single-hop questions, particularly at
higher retrieval depths where the standard deviation
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Strategy Recall (%) Precision (%) Doc Count Doc Coverage (%)

Single-Hop Questions
Individual Strategies:

NER Filtering 84.00 2.28 1891.7 55.87
BM25 Filtering 97.00 4.10 1182.8 34.93
Cosine Similarity Filtering 62.80 26.69 120.5 3.56

Combined Strategies:
BM25 + Cosine Similarity (Union) 97.20 4.10 1185.4 35.01
BM25 + Cosine Similarity (RRF) 97.20 4.11 1182.8 34.93
NER + BM25 + Cosine (Union) 98.80 2.29 2192.3 64.75

Multi-Hop Questions
Individual Strategies:

Reverse Stopwords Filtering 84.95 2.79 2443.0 72.15
Reverse BM25 Filtering 98.15 3.79 2083.1 61.52
Reverse Cosine Similarity Filtering 98.64 4.35 1828.6 54.00

Combined Strategies:
Reverse BM25 + Cosine (Union) 99.39 3.14 2538.3 74.96
Reverse Stopwords + BM25 + Cosine (Union) 99.52 2.39 3343.3 98.74

Table 1: Average Performance of Individual and Combined Filtering Strategies (10 sets). The bold rows indicate
our selected optimal strategies for the subsequent RAG pipeline. The low precision is a result of sparsity of gold
documents relative to the scale of the corpus.

Strategy Recall@3 (%) Recall@5 (%) Recall@10 (%) Token Consumption (total)

Single-Hop

Full Indexing 50.67 59.33 68.67 19,434,237
Pre-targeting (std.) 55.33 (±6.80) 62.00 (±7.12) 70.67 (±6.60) 12,156,845.7 (36,470,537)

Multi-Hop

Full Indexing 38.00 48.33 60.67 19,434,237
Pre-targeting (std.) 43.00 (±5.66) 52.67 (±4.71) 62.67 (±2.87) 13,194,585.3 (39,583,756)

Table 2: Comparison of Full Indexing and Pre-targeting Performance. The information of token consumption is
obtained from the official API platform.

dropped to ±2.87. Additionally, it is noteworthy
that despite the substantial disparity in the total
number of documents between the single-hop and
multi-hop text corpora, their token consumption
remains relatively close. This phenomenon can
be attributed to the significant variation in token
counts across texts from different sources in the
original dataset (Pellet et al., 2026).

The pre-targeting approach demonstrated sub-
stantial computational efficiency gains while im-
proving retrieval performance across both question
types. For single-hop questions, the strategy re-
duced token usage by 37.5% while consistently
improving recall rates. For multi-hop questions,
despite requiring more tokens than single-hop pre-
targeting due to the inherent complexity of multi-
hop reasoning and also the different filtering strate-
gies, pre-targeting still achieved a 32.1% reduction
in computational cost compared to full indexing.
These results indicate that pre-targeting not only
enhances retrieval quality but also provides mean-

ingful computational benefits, making it a more
practical solution for large-scale RAG applications.

5 Discussion

Our results demonstrate that corpus pre-targeting is
a viable strategy for enhancing graph-based RAG,
achieving 3–5% higher recall while reducing to-
ken consumption by 32–37% in our experimental
setting. This suggests that optimizing the docu-
ment preprocessing pipeline can complement on-
going improvements in model architectures and re-
trieval algorithms, particularly for domain-specific
applications where computational resources are
limited. It should be noted, however, that practi-
cal deployment requires corpus-specific calibration
(e.g., threshold tuning and rank cutoffs), since the
heuristics evaluated here are not expected to gen-
eralize unchanged across collections with different
OCR quality, textual genres, or language distribu-
tions.
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Our approach assumes effective document identi-
fication through lexical-semantic similarity, which
may not generalize to all query types. The upfront
filtering cost (12-13M tokens) remains substantial
for single queries, though this amortizes across mul-
tiple queries on the same corpus. Additionally, our
evaluation on a single historical dataset requires
validation across diverse domains and languages.

Promising directions include developing
lightweight query routers for automatic strategy
selection, adaptive filtering with dynamic thresh-
olds, iterative pre-targeting to recover initially
missed documents, and extending to multi-lingual
scenarios. Incorporating OCR noise evaluation and
the impact of the level of noise on performance
could help refine our approaches depending on the
corpus treated.
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