Journal of Technology Informatics and Engineering (JTIE)
Vol. 5 No. 1 April 2026

E-ISSN: 2961-9068; P-ISSN: 2961-8215, Pages 361-378

DOI: https://doi.org/10.51903/jtie.v511.537

OPEN ACCESS

LLM-Inspired Offline Reranking for Financial Search: Query
Rewriting, Hybrid Retrieval, and Listwise Relevance Ranking on
FiQA

Siquan Meng!, Jing Chen*?, Isa Zheng?
Email: msqharry@gmail.com
'Applied Business Analytics, Boston University, MA, USA
YIndustrial Engineering and Operations Research, UCB, CA, USA
3Information Technology, Carnegie Mellon University, PA, USA
*Corresponding Author

Abstract

Financial search has high practical value because investors and retail users often ask natural-language
questions whose wording differs from relevant financial passages. This paper evaluates a multi-stage
retrieval pipeline on FiQA, a financial question-answering retrieval collection in BEIR. The systems
include BM25, Dense LSA, BM25-LSA hybrid retrieval, reciprocal-rank fusion, a compact linear reranker,
fixed pointwise and listwise relevance rubrics inspired by LLM reranking, query rewriting, and the
proposed query rewriting plus hybrid retrieval plus listwise reranking pipeline. The evaluation used the
full 57,638-document FiQA corpus, 6,648 available queries, and the 648-query BEIR FiQA test qrels with
1,706 binary relevance judgments. BM25 was the best-performing system, with nDCG@10 = 0.2285, MAP
= 0.1863, MRR = 0.2994, and Recall@100 = 0.5207. The proposed full pipeline underperformed BM?25.
The listwise rubric ranked second on nDCG@I10 (0.2228) and improved over the pointwise rubric,
suggesting that candidate-list normalization can be useful in this setting. The rubric rerankers are fixed
local scoring rules, so these results should be read as an evaluation of LLM-inspired ranking logic rather
than as a benchmark of an actual prompt-based LLM reranker. Dense LSA retrieval alone was weak
mDCG@10 = 0.0287), which shows the limitation of a conservative non-neural dense baseline in financial
semantic matching. Query rewriting reduced average effectiveness. The findings recommend strong lexical
baselines, conservative rewrite gating, and careful evaluation before adopting prompt-based or model-
based LLM rerankers in financial search.

Keywords: Financial Information Retrieval, BM25, Hybrid Retrieval, Query Rewriting, LLM-Inspired
Reranking.

I INTRODUCTION

Financial search is a specialized information retrieval problem in which the user’s question may
combine ordinary language with domain-specific entities, tax concepts, investment instruments,
account types, and regulatory vocabulary. A user may ask whether a credit card reward is taxable,
whether a business expense is deductible, or how a retirement-account rule applies. The most
relevant passage may not repeat the same surface wording. This mismatch motivates multi-stage
retrieval, where a fast first-stage retriever gathers candidate passages and a more expensive

reranker orders them by relevance.

The same architecture underlies many retrieval-augmented generation systems, but financial
search adds a domain constraint: precision errors can mislead users, while missed relevant
evidence can weaken downstream answers. FiQA is a suitable empirical test bed because it was
designed around financial opinion mining and question answering, and BEIR frames it as

financial article retrieval for financial queries (Maia et al., 2018; Thakur et al., 2021). The dataset
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is small enough for full experimentation on a CPU-only environment and large enough to expose
realistic vocabulary mismatch. The official BEIR FiQA test grels include 648 test queries and

1,706 relevant query-document pairs; the full corpus contains 57,638 documents.

This paper therefore treats FiQA as a controlled financial search setting rather than as a generic
QA dataset. The research question is whether query rewriting, hybrid sparse-dense retrieval, and
listwise reranking can improve financial search relevance over simple baselines. The design
compares ten systems, including BM25, dense latent semantic analysis (LSA), hybrid BM25-
LSA, reciprocal-rank fusion, a linear feature cross-encoder, fixed pointwise and listwise scoring
rubrics inspired by LLM reranking, query rewriting ablations, and the proposed query rewriting
plus hybrid plus listwise pipeline. The rubric variants are included to compare pointwise and
listwise relevance logic in a local retrieval setting, not to evaluate an actual generative LLM

model.

The main contribution is not a claim that complex reranking always wins. Instead, the paper
provides a full-corpus evaluation showing that BM25 remains a strong financial baseline, that
lightweight listwise scoring can be competitive, and that aggressive financial query expansion
can reduce effectiveness. These findings are useful because recent work on LLM ranking shows
strong promise for listwise and pairwise prompting, yet deployment decisions require empirical
checks on the target domain (Qin et al., 2023; Sun et al., 2023). In financial search, stronger
methods must be judged against robust lexical retrieval, transparent costs, and measured error

patterns rather than against assumed gains.

Financial search is a demanding setting because many user questions are short, risk-sensitive, and
context dependent. A query about debt, taxes, bonds, mortgages, or equities may use everyday
wording while the relevant answer passage uses technical vocabulary. A retrieval system must
therefore balance exact lexical evidence with semantic matching, but it must also avoid broad
expansions that retrieve financially related but non-answer documents. This paper frames LLM-
inspired reranking methods as ranking logic that should be tested against this practical constraint

rather than accepted as an automatic improvement.

The study makes three empirical contributions. First, it evaluates sparse, dense, hybrid, cross-
encoder-style, pointwise rubric, listwise rubric, and proposed end-to-end configurations on the
same FiQA grels. Second, it separates candidate recall from top-rank ordering so that reranking
gains are not confused with first-stage retrieval coverage. Third, it analyzes query rewriting, dense

retrieval, and listwise reranking as separate design choices within the same local experiment.
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II. LITERATURE REVIEW

Classical retrieval models remain important in specialized domains. BM25 is derived from the
probabilistic relevance framework and uses term frequency, inverse document frequency, and
document-length normalization to score sparse lexical matches (Robertson et al., 1995; Robertson
& Zaragoza, 2009). Divergence-from-randomness models offer another probabilistic view of term
informativeness (Amati & van Rijsbergen, 2002). These methods are attractive because they are
fast, transparent, and robust when relevant documents share key terms with the query. Their
weakness is the vocabulary gap: passages that are semantically relevant but use different wording

may not be retrieved.

Standard IR evaluation metrics such as nDCG, MAP, MRR, and recall quantify different parts of
this trade-off (Jarvelin & Kekéldinen, 2002; Voorhees, 2002). Dense retrieval addresses
vocabulary mismatch by mapping queries and documents into a shared vector space. Dense
passage retrieval demonstrated that dual encoders can outperform sparse retrieval in open-domain
QA when trained with relevant positives and hard negatives (Karpukhin et al., 2020). Sentence-
BERT and later embedding models similarly made vector search practical for semantic retrieval

(Reimers & Gurevych, 2019; Wang et al., 2022).

However, dense methods are sensitive to domain shift, training data, and model choice. MTEB
showed that embedding quality varies across tasks and languages, and BEIR emphasized that
zero-shot generalization across retrieval domains is difficult (Muennighoff et al., 2023; Thakur et
al., 2021). The present study uses a lightweight LSA dense baseline rather than a downloaded
neural encoder; this makes the dense result a conservative baseline rather than a state-of-the-art
embedding result. Hybrid retrieval combines sparse and dense signals. Sparse retrieval captures
exact financial terms such as “IRS,” “401k,” or “deductible,” while dense retrieval can capture
broader semantic similarity. Hybrid fusion can be implemented by score normalization or by rank-
based fusion. Reciprocal-rank fusion is a simple, robust method that combines ranked lists without

requiring calibrated scores (Cormack et al., 2009).

Reranking adds a second-stage model over candidate documents. Cross-encoders based on BERT
read query and document text jointly and can substantially improve relevance ordering because
attention operates across both inputs (Devlin et al., 2019; Nogueira & Cho, 2019). Sequence-to-
sequence rerankers such as monoT5 extend this idea by scoring relevance through a pretrained
text-to-text model (Nogueira et al., 2020). Late-interaction models such as ColBERT reduce the
cost of full cross-encoding while preserving token-level matching (Khattab & Zaharia, 2020).
These methods are powerful but computationally heavier than first-stage retrieval. In the present

study, the linear cross-encoder is a compact feature-based approximation that reads query and
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document evidence jointly without requiring a downloaded transformer model (Zheng et al.,

2023).

Large language models changed the reranking discussion because they can interpret instructions
and compare candidate passages directly. Work on RankGPT and related methods showed that
generative LLMs can be prompted to produce relevance permutations, while pairwise ranking
prompting reduces some prompt complexity by asking the model to compare two passages at a
time (Qin et al., 2023; Sun et al., 2023). Open-source listwise rerankers such as RankVicuna and
RankZephyr further suggested that instruction-tuned LLMs (Sun et al., 2024) can learn document-
ordering behavior (Pradeep et al., 2023a, 2023b). These approaches are attractive for RAG
systems because they can reason over a candidate list and apply natural-language relevance
criteria. They also introduce latency, cost, context-length, and deployment-stability issues. A
hosted model can change over time, and a full listwise prompt over many financial passages can

be expensive.

Query rewriting is a pre-retrieval strategy that attempts to transform the user’s wording into a
form better aligned with the index. Rewrite-retrieve-read pipelines have shown that LLMs (Kuo
et al., 2025) can improve retrieval-augmented tasks by clarifying the search query before retrieval
(Ma et al., 2023). Hypothetical document embeddings are a related idea: generate a plausible
answer-like document and retrieve against it to bridge query-document gaps (Gao et al., 2023).
In finance, rewriting can add useful terms such as “deduction,” “IRS,” “retirement plan,” or
“credit balance.” The same expansion can also cause query drift if added terms dominate the
original user intent. This paper explicitly tests query rewriting instead of assuming that it improves

results.

The broader retrieval-augmented generation literature motivates the pipeline. RAG joins retrieval
with generation so that language models can condition on external evidence (Lewis et al., 2020).
Transformers made this style of evidence-aware language processing practical, but retrieval
quality remains a bottleneck because a generator cannot reliably use evidence that was not
retrieved (Vaswani et al., 2017). Financial search is therefore a good setting for evaluating

retrieval and reranking directly, before adding a final answer generator.

Prior retrieval work shows why the baselines in this paper are necessary. BM25 remains a strong
first-stage method because it rewards discriminative term matches and normalizes for document
length. Dense retrieval can capture paraphrase and semantic similarity, but it depends heavily on
the representation used and on whether the encoder has learned the target domain. Hybrid retrieval

attempts to combine these signals, yet a hybrid score can be worse than its sparse component
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when the dense component is weak or noisy. The experiment therefore treats hybrid retrieval as

an empirical hypothesis, not as a guaranteed improvement.

Reranking research provides a second motivation. Cross-encoders, sequence-to-sequence rankers,
and LLM listwise methods are designed to improve the ordering of a candidate list after first-
stage retrieval. Their advantage is richer query-document comparison; their limitation is
dependence on candidate quality and computational cost. In this paper, the LLM-inspired methods
use explicit financial relevance features and listwise normalization, so their behavior is
interpretable. This design provides a conservative way to test LLM-style ranking logic under

controlled local conditions.

III. RESEARCH METHOD

The experiment used the FiQA financial question-answering retrieval data. The corpus contained
57,638 document passages, the query file contained 6,648 questions, and the raw query-document
file contained 17,110 available positive judgments. The final evaluation used the BEIR FiQA test
grels, which include 648 test queries and 1,706 binary positive judgments. Table 1 summarizes
the dataset used in the experiment, and Table 2 reports the distribution of relevant documents per

test query. The evaluation used a fixed random seed of 42.

From the non-test qrels, 500 queries were assigned to a development set for tuning the hybrid
interpolation and listwise combiner. A separate 500-query subset was used to train the compact
supervised reranker from positives plus sampled negatives. The final reported metrics used only
the BEIR test grels. No test labels were used to train or tune the systems. BM25 used k1 = 1.2
and b = 0.75 with lowercase tokenization, stop-word removal, inverse document frequency, and
document-length normalization. Dense LSA used a TF-IDF matrix with 30,000 maximum
features, minimum document frequency of 2, sublinear term frequency, English stop-word

removal, and TruncatedSVD with 64 components followed by L2 normalization.

Table 1. FiQA dataset and evaluation split loaded by the experiment

Item Value
Corpus documents 57638
Total queries 6648
Raw FiQA grels rows 17110
BEIR FiQA test queries 648
BEIR FiQA test grels 1706
Test relevance labels Binary (I1=relevant)
Language English
Random seed 42

Hybrid retrieval min-max normalized BM25 and dense scores within each query and used a
development-tuned interpolation weight of 0.75 for BM25 and 0.25 for dense. Reciprocal-rank

fusion used k = 60. The query rewriting module used a fixed financial lexicon to add up to three
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expansion terms for detected concepts such as business, tax, loan, mortgage, stock, investment,
retirement, credit, bank, bond, and dividend. It also normalized common acronyms such as IRS,
LLC, 401k, IRA, APR, and APY. This direct expansion strategy was intentionally simple, so its

effect on retrieval could be measured without adding a separate rewrite model.

Table 2. Distribution of relevant documents per BEIR FiQA test query

Relevant documents per Number of test queries
query
1 220
2 184
3 103
4 56
5 29
6 20
7 13
8 8
9 3
10 6
11 1
12 2
13 1
15 2

Reranking was applied over the top 200 candidates. The linear cross-encoder used logistic
regression over joint query-document features, including normalized BM25 score, dense score,
hybrid score, reciprocal ranks, token overlap, query coverage, Jaccard overlap, IDF-weighted
overlap, financial-term overlap, document length, query length, and an exact phrase indicator.
The pointwise rubric used a fixed weighted scoring formula over hybrid confidence, BM25
confidence, dense confidence, query coverage, IDF coverage, financial-term coverage, and phrase
match. The listwise rubric added query-level normalization over the candidate list, allowing the

score to consider the candidate set rather than each candidate independently.

Evaluation: nDCG@10, MAP, MRR, Precision@10, Recall@10/20/50/100 on BEIR FiQA test grels

Figure 1. Architecture of query rewriting, hybrid retrieval, and listwise reranking
The proposed pipeline combined query rewriting, hybrid retrieval, and a development-tuned

listwise combiner. These rubric scores were computed locally from explicit ranking features. The
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metrics were nDCG@10, MAP, MRR, Precision@]10, and Recall@10/20/50/100. nDCG@10

emphasizes the order of the top results, MAP measures average precision over the returned ranked

list, MRR captures the rank of the first relevant document, and Recall@100 evaluates candidate

coverage. Figure 1 shows the system architecture, and Table 3 lists all systems and configurations.

Table 3. Retrieval and reranking systems evaluated

System Role Configuration

BM25 Lexical sparse retrieval k1=1.2, b=0.75, top 200

Dense LSA Dense latent semantic retrieval | TF-IDF 30,000 features, 64 SVD components

Hybrid BM25-LSA | Linear hybrid retrieval 0.75 BM25 + 0.25 Dense; dev-tuned alpha

RRF BM25-LSA Rank fusion Reciprocal-rank fusion, k=60

Linear cross- | Feature cross-encoder reranker | Logistic regression over concatenated query-

encoder document features; 500 training queries

Pointwise rubric Pointwise reranker Fixed feature-based scoring over hybrid
candidates; 200 candidates/query

Listwise rubric Listwise reranker Query-level normalized candidate-list scoring;
200 candidates/query

BM25 query rewrite | Query rewriting ablation Financial lexicon rewrite then BM25

Hybrid query | Query rewriting + hybrid | Financial lexicon rewrite then hybrid retrieval

rewrite ablation

Proposed QR- | Proposed pipeline Query rewrite + hybrid retrieval + tuned

hybrid-listwise listwise combiner

The experimental design treated retrieval as a two-stage measurement problem rather than as a
single score comparison. The first stage measured whether each candidate generator could place
relevant documents within the top 100, because a reranker cannot recover evidence that never
entered its candidate pool. The second stage measured whether the ordering of the leading
candidates improved once financial term overlap, entity overlap, score normalization, and listwise
candidate context were used. This separation is important for FiQA because a short investor
question can contain a ticker, product, tax term, or personal-finance phrase that is decisive for
lexical matching. Consequently, the paper reports both top-rank measures and recall measures,

and the interpretation of each method is tied to both kinds of evidence.

Model settings were held constant across the final test evaluation. BM25 used k1 = 1.2 and b =
0.75; the dense component used TF-IDF followed by a 64-dimensional truncated SVD projection;
hybrid retrieval used a tuned interpolation weight of 0.75 on BM25 and 0.25 on Dense LSA;
rerankers processed the top 200 candidates produced by the chosen candidate generator. The
query rewriting module used a fixed financial lexicon and capped expansion terms. These settings
make the role of each component clear in the comparison. Before scoring, the qrels were filtered
to judged test pairs whose query and document identifiers existed in the FiQA files. This step kept
all systems on the same 648-query test set and avoided mismatches between the loaded corpus

and the relevance judgments.

(ITiE
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The evaluation deliberately reports several metrics because a single metric can hide important
ranking behavior. nDCG@10 is the primary top-rank measure because it rewards relevant
documents near the top of the results page. MAP summarizes precision over the ranked list, MRR
emphasizes the first relevant hit, and Recall@100 evaluates whether the first-stage system gave
later stages enough relevant material. When a reranker improves nDCG but recall is fixed, the
improvement is an ordering gain. When query rewriting changes recall, the effect is partly a

candidate-generation change.

IV. RESULT AND FINDINGS

Table 4 reports the main effectiveness metrics. BM25 was the best system on nDCG@10, MAP,
MRR, Precision@10, and Recall@100. It reached nDCG@10 = 0.2285, MAP = 0.1863, MRR =
0.2994, Precision@10 = 0.0634, and Recall@100 = 0.5207. This result confirms that exact lexical
evidence is highly important in FiQA. Many financial questions contain terms whose exact
presence matters, such as tax forms, bank accounts, business structures, and retirement products.
The result is consistent with BEIR’s warning that robust sparse baselines remain difficult to beat

out of domain (Thakur et al., 2021).

Table 4. Main effectiveness results on the BEIR FiQA test set

System nDCG@10 MAP MRR P@10
BM25 0.2285 0.1863 0.2994 0.0634
Listwise rubric 0.2228 0.1805 0.2908 0.0620
Hybrid BM25-LSA 0.2198 0.1785 0.2847 0.0617
Pointwise rubric 0.2189 0.1764 0.2837 0.0620
Proposed QR-hybrid-listwise 0.1851 0.1459 0.2348 0.0517
BM25 query rewrite 0.1775 0.1448 0.2295 0.0491
Linear cross-encoder 0.1766 0.1441 0.2496 0.0431
Hybrid query rewrite 0.1686 0.1359 0.2176 0.0477
RRF BM25-LSA 0.1132 0.0905 0.1535 0.0390
Dense LSA 0.0287 0.0233 0.0404 0.0097

The listwise rubric was the strongest reranking variant by nDCG@10, reaching 0.2228. It did not
surpass BM25, but it improved over the pointwise rubric (0.2189) and over the hybrid retrieval
baseline (0.2198). This difference supports the listwise intuition: once the candidate set is known,
query-level normalization and candidate-list context can adjust scores better than independent
pointwise scoring. The gain is small, so the result should be interpreted as evidence for cautious

reranker design rather than as proof that a lightweight rubric is enough for production ranking.

Dense LSA retrieval alone was weak, with nDCG@10 = 0.0287 and Recall@100 = 0.1726. This
result does not imply that dense retrieval is generally ineffective. Instead, it shows that the
conservative LSA representation used here was not sufficient for FiQA financial matching.

Trained dense models and sentence embedding models can be much stronger (Karpukhin et al.,
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2020; Reimers & Gurevych, 2019). Hybrid retrieval partly compensated by relying heavily on
BM25, but the hybrid nDCG@10 of 0.2198 remained below BM25.

Table 5. Recall@k results on the BEIR FiQA test set

System Recall@10 Recall@20 Recall@50 | Recall@100
BM25 0.2855 0.3621 0.4489 0.5207
Listwise rubric 0.2811 0.3568 0.4378 0.5163
Hybrid BM25-LSA 0.2789 0.3654 0.4387 0.5077
Pointwise rubric 0.2791 0.3507 0.4408 0.5165
Proposed QR-hybrid-listwise 0.2421 0.2868 0.3501 0.4134
BM25 query rewrite 0.2276 0.2857 0.3752 0.4358
Linear cross-encoder 0.1975 0.2156 0.2499 0.3489
Hybrid query rewrite 0.2209 0.2784 0.3642 0.4216
RRF BM25-LSA 0.1696 0.2654 0.4045 0.4799
Dense LSA 0.0466 0.0737 0.1183 0.1726

Query rewriting degraded average effectiveness. Table 6 summarizes this ablation: BM25 with
rewriting fell from 0.2285 to 0.1775 nDCG@10, and hybrid retrieval with rewriting fell from
0.2198 to 0.1686. The proposed query rewriting plus hybrid retrieval plus listwise combiner
achieved nDCG@10 = 0.1851, which was better than rewritten hybrid retrieval but still worse
than the original-query BM25 and hybrid baselines. Figure 6 shows that the effect was uneven:
some queries improved, but many degraded. The main explanation is query drift. Financial
expansions such as “company,” “deduction,” “IRS,” or “credit” can be helpful for short

ambiguous questions, but they can also over-broaden a query that already contains enough

context.
Table 6. Query rewriting ablation results
Comparison nDCG@10 MAP Recall@1 | Change vs base
00 nDCG@10
BM25 0.2285 0.1863 0.5207 +0.0000
BM25 query rewrite 0.1775 0.1448 0.4358 -0.0510
Hybrid BM25-LSA 0.2198 0.1785 0.5077 +0.0000
Hybrid query rewrite 0.1686 0.1359 0.4216 -0.0512
Proposed QR-hybrid-listwise 0.1851 0.1459 0.4134 -0.0347

Table 5 shows recall values, and Figure 3 visualizes the recall curves for the top systems. BM25
had the highest Recall@100 among the reported systems. RRF had weaker nDCG@10 but
relatively high Recall@50 and Recall@100, showing that rank fusion can improve candidate
diversity while hurting the very top ranks. This matters for multi-stage systems because high recall
is useful if a downstream reranker is powerful enough to recover the correct order. In this
experiment, however, the lightweight rerankers did not fully recover from weaker candidate

ordering.

Table 8 reports runtime and configuration, and Figure 4 presents the corresponding efficiency-

performance trade-off. The local CPU experiment completed in 362.16 seconds, including
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indexing, dense projection, retrieval, tuning, and reranking. The pointwise and listwise rubrics
used feature-based scoring over the top-200 candidate lists. A future system that uses a hosted or
locally deployed LLM reranker would need to report its own latency and cost.

Table 7. Reranker ablation results

Reranking variant nDCG@10 MAP MRR Delta from Hybrid
nDCG@10
Hybrid BM25-LSA 0.2198 0.1785 0.2847 +0.0000
Linear cross-encoder 0.1766 0.1441 0.2496 -0.0432
Pointwise rubric 0.2189 0.1764 0.2837 -0.0009
Listwise rubric 0.2228 0.1805 0.2908 +0.0030
Proposed QR-hybrid-listwise 0.1851 0.1459 0.2348 -0.0347

Taken together, the results show why the interpretation is conservative. Figure 2 visualizes the
main nDCG@]10 comparison, Figure 3 shows the recall curves for the strongest systems, Figure
5 displays the test-query relevance distribution summarized in Table 2, and Figure 6 shows the
query-rewriting nDCG@10 changes. Table 7 isolates reranker behavior, and Table 9 lists
representative per-query rewriting cases. The proposed pipeline combines several reasonable
components, but the measured effect of rewriting reduces the quality of the candidate pool before
listwise reranking can help.

Table 8. Runtime and experimental configuration

Item Value Notes
Full experiment wall-clock | 362.16 s Local CPU run including indexing, retrieval,
tuning, and reranking
Candidate  depth ~ for | 200 documents/query Same top-200 candidate depth used before
retrieval/reranking reranking
Dense representation 64 components TF-IDF followed by TruncatedSVD
Training data for | 500 queries Positive qrels plus sampled negatives from
supervised reranker retrieval candidates
Rubric rerankers Pointwise and listwise | Local feature-based scoring
scores over  top-200
candidates

Together, Figures 2 through 6 provide the visual counterpart to Tables 2, 4, 5, 6, 7, 8, and 9: they
show top-rank effectiveness, recall behavior, efficiency-performance, relevance-count
distribution, and per-query rewrite effects in the same order as the quantitative discussion above.
A closer reading of the ranking table suggests that the failure mode is not simple underfitting.
BM25 retrieved many relevant documents into the top one hundred, and its top-ten ordering was
also the best. The dense component did not add enough new high-quality evidence to offset the

noise introduced by semantic projection.

In finance, short terms such as “bond,” “tax,” “IRA,” “loan,” and “basis” carry precise meanings
that are sometimes diluted when projected into a low-dimensional unsupervised space. This
explains why the hybrid model used a high development-tuned BM25 weight of 0.75. The hybrid

still benefited from dense coverage in selected cases, but the average top-rank gain was not large
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enough to beat the lexical model. This is an important negative result because it shows that a

hybrid architecture is not automatically superior; its dense component must be strong and domain-

appropriate.
Table 9. Query rewriting case studies based on per-query nDCG@10 deltas
Direction | Query ID Original query Delta
nDCG@10

Improved | 2676 Tax question about selling a car +1.0000

Improved | 5710 Bucketing investments to track individual growths +1.0000

Improved 1815 Rules for SEP contributions in an LLC? +0.5693

Improved | 5616 How and where do companies publish financial | +0.4307
reports?

Improved | 5134 Why does Yahoo Finance's data for a Vanguard fund's | +0.3947
dividend per share not match the info from Vanguard?

Degraded | 5646 Do I need multiple credit monitoring services? -0.8127

Degraded | 9481 What are reasonable administrative fees for an IRA? -0.8503

Degraded | 11054 Short Term Capital Gains tax vs. IRA Withdrawal Tax | -0.9197
w/o Quarterly Est. Taxes

Degraded | 691 How to categorize credit card payments? -1.0000

Degraded | 4700 Better to get loan from finance company or bank | -1.0000
considering the drop of credit score?

FiQA test nDCG@10 by system

Figure 2. nDCG@10 bar chart for all evaluated systems

The reranker comparison in Table 7 also shows the difference between candidate generation and
candidate ordering. A reranker can only promote relevant documents that are present in its
candidate set. The listwise rubric improved over the hybrid baseline in nDCG@10, but the
improvement was small because the candidate order was already dominated by BM25 and
because the rubric did not read text with a pretrained transformer. The linear cross-encoder
underperformed more sharply, especially in Recall@100 after reranking, because it reordered

only the first candidate block and its learned feature weights favored some short lexical patterns
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too strongly. In a production system, this result would motivate two changes: preserve a deep

candidate pool after reranking, and calibrate the reranker to avoid suppressing recall.

Recall curves (top seven systems by nDCG@10)
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Figure 3. Recall@k curves for the top systems
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Figure 4. Efficiency-performance trade-off measured by relative scoring passes per query

The query rewriting findings are especially relevant to LLM-based retrieval design. The rewrite
module added plausible financial terms, yet the average result was negative. This does not

contradict the query rewriting literature; it identifies when rewriting is risky. FiQA questions often
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already contain enough context, and adding generic words can shift the ranking toward broad
financial discussions rather than the specific answer passage. A better LLM rewrite policy would
preserve the original query as a required clause, generate multiple rewrites, retrieve from both

original and rewritten queries, and use a validation stage to drop rewrites that reduce lexical

specificity.
FiQA test grels distribution
200 ~
8 150
@
3
o
-
o
2 100 A
£
3
=
50
0 o
0 2 4 6 8 10 12 14 16

Relevant documents per query

Figure S. Distribution of relevant documents per FiQA test query
The case-study table supports this interpretation: the largest improvements occur on
underspecified or acronym-heavy queries, while the largest degradations occur when the original
query already has a narrow financial intent. The query-rewriting examples in Table 9 help explain
the negative average result. The module often added reasonable financial vocabulary, but
reasonable expansions were not always retrieval-effective under FiQA's judged relevance labels.
In several questions, the original wording already contained the discriminative terms needed by
BM25, and the added terms shifted scoring toward documents with topical vocabulary rather than
direct answers. This behavior is consistent with the quantitative decline in Table 6 and with the

distribution shown in Figure 6.

It also explains why the proposed full pipeline did not outperform the strongest baseline despite
combining rewriting, hybrid retrieval, and listwise reranking. The efficiency-performance
comparison therefore has a concrete operational implication. The listwise rubric required
additional scoring passes and produced the best reranker-only value, yet BM25 remained the most

effective and simplest overall configuration in this run. A production financial search system
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should not assume that an LLM-style reranking layer automatically improves retrieval quality.
Instead, it should evaluate candidate recall and rank changes against financial qrels before adding

reranking to the pipeline.

Query rewriting effect distribution

400 A

w
o
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Number of queries
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Delta nDCG@10 (BM25 rewrite - BM25)

Figure 6. Distribution of query rewriting changes in BM25 nDCG@10

This is especially important when query rewriting is applied before retrieval, because rewriting
can change both recall and precision at the same time. The detailed tables also explain why the
final interpretation is cautious. The proposed configuration combined three reasonable ideas, but
the full pipeline underperformed because query rewriting reduced candidate quality before
listwise reranking was applied. The listwise rubric itself was competitive among rerankers, which
indicates that the ranking formula was not the sole problem. The experiment therefore supports a
narrower claim: listwise ordering can be useful over a strong candidate set, but query rewriting
and dense fusion need to be validated on the target financial test set before they are added to a

production-style retrieval pipeline.

Limitations

Several limitations should be noted. The rubric rerankers in this study are fixed local scoring rules
inspired by LLM-style relevance prompts; they do not represent the behavior of a hosted or open-
weight generative LLM reranker. Dense LSA is also a conservative non-neural dense baseline
and should not be treated as a proxy for modern neural dense retrievers or domain-adapted

financial embedding models. Finally, the nDCG@10 gap between BM25 (0.2285) and the listwise
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rubric (0.2228) is small. Without a paired significance test, the safer conclusion is that the

proposed pipeline did not demonstrate an improvement over BM25.

V. CONCLUSION AND RECOMMENDATION

This paper evaluated a financial search ranking pipeline on FiQA using the complete 57,638-
document corpus and the 648-query BEIR FiQA test qrels. BM25 was the strongest method in
this local CPU setup, while the proposed query rewriting plus hybrid retrieval plus listwise
reranking pipeline did not outperform it. Hybrid retrieval, lightweight dense retrieval, query
rewriting, and reranking did not automatically improve final relevance. The listwise rubric was
competitive and ranked second on nDCG@10, but its gain over the pointwise rubric was modest

and it did not exceed the lexical baseline.

The results lead to three recommendations. First, financial retrieval studies should always include
a strong BM25 baseline and should report recall as well as top-rank precision. In FiQA, exact
terms and financial acronyms are often decisive. Second, query rewriting should be gated rather

than applied aggressively.

The rewrite module should detect when the original query is underspecified, preserve original
terms, and reject expansions that create query drift. Third, LLM reranking should be evaluated
under explicit latency and cost constraints. Listwise reasoning is promising, but full prompt-based
reranking can be expensive; fixed rubrics, distillation, or small open-source rerankers can be
useful stepping stones before hosted LLM deployment. Future work should run the same
experimental setup with stronger neural encoders such as ES-small, MiniLM sentence
transformers, or domain-adapted financial embeddings, and then compare those results with

actual LLM pointwise, pairwise, and listwise prompts.

A second extension should train rewrite gating on development queries instead of using a fixed
lexicon. A third extension should add calibration and statistical significance testing, because small
nDCG differences among BM25, hybrid retrieval, and listwise reranking may not justify added
system complexity. For the present dataset and implementation, the conservative conclusion is
clear: robust lexical search is the safest default for FiQA, while listwise reranking is a useful
candidate for carefully constrained optimization. Overall, the FiQA experiment supports a
conservative deployment strategy: start with robust lexical retrieval, add dense retrieval or query
rewriting only when development results justify them, and evaluate any LLM-based reranker
against the same candidate set under realistic latency and cost constraints. On the FiQA
experiment reported here, the simplest lexical system remained the best measured choice,

providing a useful baseline for later improvements.
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