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Abstract
Retrieval-augmented generation (RAG) is increasingly applied to financial question an-
swering over long regulatory documents, yet evaluations typically measure only chunk-
level retrieval or end-to-end answer quality, leaving a systematic understanding of where
and why pipelines fail out of reach. We introduce an oracle-based evaluation framework
that decomposes retrieval performance into document, page, and chunk discovery, pro-
viding empirical upper bounds at each granularity and exposing a consistent retrieval gap
that persists even when the correct document is found. We systematically evaluate sev-
eral retrieval strategies on 150 FinanceBench questions, spanning dense, sparse, hybrid,
hierarchical, query reformulation, and reranking methods using a shared multi-document
index. Our analysis shows that while methods such as Multi-HyDE and cross-encoder
reranking improve document recall, page-level retrieval substantially lags behind ora-
cle bounds across all baselines. We further break down performance by question type
and document type, revealing that retrieval difficulty varies significantly across these
dimensions and that no single strategy closes the gap uniformly. As a targeted inter-
vention, we introduce a domain fine-tuned page scorer that ranks pages before chunk
retrieval, achieving strong gains under cross-validation, suggesting that domain-specific
and page-level modeling is a promising direction.
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1. Introduction

Financial question answering over financial documents poses a distinct challenge for
retrieval-augmented generation (RAG) [1]. Documents are long, repetitive, semi-structured,
and numerically sensitive, while answers often hinge on specific tables or statements buried
within hundred-page reports. In this setting, retrieval quality is the primary determinant
of answer correctness, yet it is rarely measured carefully.

Most prior work on financial RAG evaluates retrieval at a single granularity, typically
chunk-level recall, or relies on end-to-end answer quality as a proxy [2, 3]. Neither provides
the diagnostic depth needed to understand why and where systems fail. Since generative
quality is directly conditioned on what is retrieved, a drop in answer accuracy could reflect
poor document-level coverage, failure to locate the right page within the correct document,
imprecise chunk selection, or a generation error given otherwise adequate context. Without
decomposing retrieval across these levels, it is difficult to attribute failures, compare methods
meaningfully, or know which component of the pipeline most needs improvement.

We address this with a systematic evaluation study centered on three contributions. First,
an oracle-based evaluation framework that decomposes retrieval into document, page, and
chunk discovery, providing empirical upper bounds at each level and a diagnostic frame-
work for any RAG pipeline. Second, a systematic comparison of several retrieval strategies,
dense, sparse, hybrid, hierarchical, query rewriting, and reranking, evaluated jointly on
document, page, and chunk metrics on a shared index, making results directly compara-
ble across methods. Third, a fine-grained performance breakdown by question type and



document type, showing that retrieval difficulty is not uniform and that different strategies
have distinct strengths and failure modes. Beyond the evaluation, we introduce a domain
fine-tuned page scorer as a proposed method and show that explicit domain and page-level
modeling yields further gains. Initial results are promising, though the small dataset and
cross-validation setup mean that generalization claims require evaluation on held-out data
and larger benchmarks.

2. Task Setup and Evaluation Framework

2.1. Dataset

We use the open-source 150-question subset of FinanceBench [4], which provides gold
document annotations, gold page numbers, and reference answers for questions over financial
documents. The dataset covers three question types of 50 questions each: domain-relevant,
metrics-generated, and novel-generated. It draws from four document types: 10-K (74.7%),
10-Q (10%), earnings call (EC) transcripts (9.3%), and 8-K (6%). The skew toward 10-K
document is an important caveat for interpreting aggregate results.

2.2. Oracle Retrieval Conditions

The core of our evaluation framework is a set of three retrieval conditions defined by pro-
gressively restricting the candidate search space. Standard retrieval operates over the full
corpus. Oracle-Doc restricts candidates to the gold document d⋆, simulating perfect docu-
ment discovery. Oracle-Page further restricts candidates to the gold pages P ⋆, simulating
perfect page localization.

These conditions provide empirical upper bounds for our experimental setup, where
Oracle-Doc quantifies headroom from imperfect page and chunk discovery, and Oracle-Page
quantifies headroom from imperfect chunk selection given the correct pages.

2.3. Evaluation Metrics

For retrieval we report document recall DocRec@k, page recall PageRec@k = |P ⋆ ∩ {pi |
di = d⋆}ki=1|/|P ⋆|, and chunk-level maximum BLEU [5] and ROUGE-L [6] against the con-
catenated gold evidence. For generation, we report ROUGE-L on predicted answers against
expected answers, and a numeric match metric on the 50 metrics-generated questions, us-
ing ±3% absolute/relative tolerance. These automatic generation metrics are a practical
proxy but are limited since they only measure lexical overlap without capturing semantic
equivalence or factual correctness. All results use k = 5.

3. Retrieval Methods

Documents are chunked into overlapping spans of 1024 tokens with 128-token overlap
[7]. Each chunk (c, d, p) carries its source document d and page number p. For a query q,
a retriever returns the top-k chunks Rk(q) = {(ci, di, pi)}ki=1, and the generator produces
ŷ = Gθ(q,Rk(q)) using Qwen-2.5-7B-Instruct with fixed prompting and decoding. All
methods operate over this shared index.

We evaluate several retrieval strategies. Dense retrieval uses BGE-M3 [8]. Sparse meth-
ods include BM25 [9] with finance-oriented tokenization and SPLADE [10]. Hybrid fusion
combines BM25 and BGE-M3 via Reciprocal Rank Fusion [11]. A Parent-Child hierarchy
indexes fine-grained child chunks and maps retrievals to larger parent spans [12]. HyDE and
Multi-HyDE [3, 13] generate hypothetical passages to bridge lexical mismatch, using Qwen-
2.5-7B-Instruct at temperature 0.7. Cross-encoder reranking uses BAAI/bge-reranker-v2-m3



over 20 first-stage candidates. Finally, we include a domain fine-tuned page scorer as de-
scribed below.

To directly target the within-document retrieval gap, we fine-tune a bi-encoder Eθp ini-
tialized from BGE-M3 to score page-level relevance. Pages are scored by cosine similarity
spage(q, d, p) = cos(Eθp(q), Eθp(N (d, p))), where N normalizes page text. The top P = 20
pages are selected and chunk retrieval is restricted to those pages. Training uses Multiple
Negatives Ranking loss with in-batch negatives [14], pairing each question with its gold
pages, and document-level 5-fold cross-validation to prevent leakage.

4. Results and Analysis

4.1. Results Across All Methods

Table 1 presents the main comparison. We observe consistent patterns across all methods.
First, the retrieval gap is present, across all methods, page recall substantially lags document
recall, confirming that retrieving the correct document does not guarantee finding the right
page or chunk. Dense retrieval (BGE-M3) outperforms sparse methods, consistent with prior
work [15], owing to lexical mismatch between conversational queries and formal document
language. BM25 in particular achieves only 0.32 document recall, showing that keyword
matching alone is insufficient for document retrieval in this domain.

Second, query reformulation and reranking help but do not close the gap. Multi-HyDE
and cross-encoder reranking progressively improve both page recall and generative perfor-
mance, with the best combined pipeline reaching a page recall of 0.46 and numeric match
of 0.38, yet page recall remains 0.14 below the Oracle-Doc bound of 0.60. This gap persists
despite the pipeline achieving near-perfect document recall (0.93), underscoring that within-
document retrieval is the primary bottleneck for current methods. The page scorer closes
this gap further to a page recall of 0.55 and numeric match of 0.50, surpassing even Oracle-
Doc (0.44). We surpass Oracle-Doc because it does not optimize for ranking. The oracle
bounds confirm substantial remaining headroom, Oracle-Page reaches a numeric match of
0.70, suggesting that perfect page retrieval would imrpove performance of the best baseline.

Retrieval Generative
Method DocRec PageRec BLEU ROUGE-L ROUGE-L Num. Match
BM25 0.32 0.07 0.04 0.12 0.05 0.04
SPLADE 0.81 0.31 0.24 0.36 0.06 0.22
Dense (BGE-M3) 0.88 0.34 0.26 0.35 0.06 0.24
Hybrid (BM25 + BGE-M3) 0.61 0.23 0.13 0.27 0.09 0.20
Parent-Child 0.91 0.32 0.23 0.34 0.09 0.25
Dense + Multi-HyDE 0.85 0.42 0.27 0.39 0.10 0.32
Dense + ReRanker 0.87 0.41 0.19 0.34 0.11 0.32
Dense + Multi-HyDE + ReRanker 0.93 0.46 0.28 0.40 0.12 0.38
Learned Page Scorer (Ours) 0.95 0.55 0.33 0.46 0.15 0.50
Oracle-Doc 1.00 0.60 0.25 0.42 0.13 0.44
Oracle-Page 1.00 1.00 0.40 0.59 0.16 0.70

Table 1. Retrieval and Generative Results at k=5.

4.2. Breakdown by Question and Document Type

Figure 1 breaks down document and page recall by question type, revealing that the
retrieval gap is not uniform. On metrics-generated questions, most methods achieve near-
perfect document recall and strong page recall, reflecting that these questions target financial
tables in structurally predictable locations. On domain-relevant and novel questions, the gap
between document recall and page recall is wider, as these require locating narrative context



that is harder to distinguish from surrounding boilerplate. This suggests that different
question types call for different retrieval strategies, and that aggregate numbers can mask
significant variation.

Figure 1. Document and page recall at k = 5 by question type (50 questions per type).

Table 2 reports performance by document type and reinforces this point. On 10-K docu-
ments, which make up 75% of the data, the page scorer achieves page recall of 0.62, exceeding
both the best baseline (0.45) and Oracle-Doc (0.56), suggesting that domain-tuned page em-
beddings generalize well within the structured format of annual reports. On earnings call
transcripts, however, the page scorer drops sharply to 0.10 against an Oracle-Doc bound
of 0.64, while the best baseline reaches 0.36. The conversational and unstructured nature
of earnings calls is poorly matched to a model trained predominantly on 10-K documents,
and this effect may be further amplified by class imbalance. Performance on 10-Q and 8-K
documents similarly underperforms relative to oracle bounds, pointing to both distribution
shift and data imbalance as key limitations. These results highlight that document type is
a critical axis of evaluation that aggregate benchmarks tend to obscure.

10K (n=112) 10Q (n=15) 8K (n=9) EC (n=14)
Method D@5 P@5 D@5 P@5 D@5 P@5 D@5 P@5
Dense + Multi-HyDE + ReRanker 0.96 0.45 0.87 0.47 0.89 0.78 0.86 0.36
Learned Page Scorer (Ours) 0.97 0.62 0.87 0.40 0.89 0.56 0.86 0.10
Oracle-Doc 1.00 0.56 1.00 0.60 1.00 0.89 1.00 0.64

Table 2. Document (D@5) and page (P@5) recall at k = 5 by document type.

5. Conclusion

We presented a systematic evaluation of retrieval strategies for financial question an-
swering organized around an oracle-based framework that decomposes retrieval failures into
document discovery, page localization, and chunk-level retrieval. Across several methods on
FinanceBench, page recall consistently lags document recall across all baselines, and oracle
analysis confirms that closing this within-document gap would yield meaningful generative
gains. Performance varies by question type and document type, suggesting that aggregate
benchmarks can obscure important failure patterns and that no single retrieval strategy
consistently performs best across all settings. These findings suggest that improving within-
document retrieval is the key bottleneck for reliable financial RAG systems.

The dataset is small and skewed toward 10-K documents, limiting generalization, and
the page scorer requires a more rigorous evaluation on held-out external data. Generative
evaluation relies on automatic metrics that capture lexical overlap and numerical precision
but lack the context needed to assess factual correctness. Future work includes retraining
the page scorer on external financial corpora, a systematic study of chunking strategies, and
applying the oracle diagnostic framework to larger and more diverse financial benchmarks.
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