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Abstract

This paper describes our submission to TREC RAG 2025 from the
University of Tokyo and Hitotsubashi University. Our approach
integrates hybrid retrieval combining sparse retrievers (BM25 and
SPLADE) with dense retrievers (BGE-small and Qwen3-Embedding-
0.6B), Hypothetical Document Embeddings (HyDE) for query aug-
mentation, and LLM-based reranking. A key contribution is our
HyDE Vector Mix strategy, which creates a weighted combination
of original query and hypothetical answer embeddings with a mix-
ing ratio . Our four-method hybrid retrieval system achieved first
place in the Retrieval task among 12 participating teams (46 runs),
with nDCG@30 of 0.693, nDCG@100 of 0.613, and recall@100 of
0.257. We participated in all three tasks: Retrieval (R), Augmented
Generation (AG), and RAG.
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1 Introduction

Retrieval-Augmented Generation (RAG) [5] has emerged as a power-
ful paradigm for knowledge-intensive natural language processing
tasks. By combining retrieval mechanisms with generative models,
RAG systems can leverage external knowledge sources to produce
more accurate and grounded responses. The TREC RAG 2025 track
provides a comprehensive evaluation framework for such systems,
challenging participants to retrieve relevant passages from the
MS MARCO v2.1 corpus and generate well-cited answers to user
queries.

This paper presents the system developed by The University of
Tokyo and Hitotsubashi University (UTokyo-HitU) for the TREC
RAG 2025 track. In designing our system, we prioritized maximizing
retrieval accuracy without initial constraints on computational cost,
adopting techniques that improve performance even at the expense
of increased computational requirements. This design philosophy
led our system to achieve first place in the Retrieval task among 12
participating teams (46 runs).

Our approach builds upon three key technical contributions.
First, we propose HyDE Vector Mix, a novel method for incorpo-
rating hypothetical document embeddings that outperforms both
the original HyDE [4] approach and text concatenation strategies.
Second, we demonstrate the effectiveness of four-method hybrid
retrieval, combining sparse methods (BM25 [8] with keyword ex-
pansion and SPLADE [3]) with dense methods (BGE-small [11]
and Qwen3-Embedding-0.6B [13]) through Reciprocal Rank Fusion.
Third, we show that LLM-based reranking with document URL
context significantly improves ranking quality.
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Table 1: System components overview

Component Method Model/Tool

HyDE [4], Keyword Exp. GPT-4.1

Sparse Retrieval BM25 [8], SPLADE [3] Anserini [12]

Dense Retrieval Embedding BGE-small [11], Qwen3 [13]
Fusion RRF [1] k =60

Query Preprocessing

Reranking Sliding Window [9] GPT-4.1-mini
Generation Answer + Citation GPT-4.1, Ragnarok [7]
2 Methods

2.1 System Architecture

Our system follows a multi-stage pipeline architecture as illustrated
in Figure 1. The pipeline consists of query preprocessing, four-
method hybrid retrieval, RRF fusion, LLM reranking, and optional
augmented generation. Table 1 summarizes the components and
models used in each stage of our system.

2.2 Query Preprocessing

The query preprocessing phase prepares augmented representa-
tions for both sparse and dense retrieval.

HyDE Generation. HyDE [4] generates a hypothetical answer
to the query using an LLM, then uses this answer for dense retrieval.
Importantly, this generation relies solely on the LLM’s internal
knowledge and does not access any documents from the target
corpus. We use GPT-4.1 to generate approximately 150-word hypo-
thetical answers. The prompt instructs the model to produce natural
passages containing information relevant to the query without re-
quiring factual correctness. For example, given the query “what is
vicarious trauma and how can it be coped with?”, the model gener-
ates a passage describing vicarious trauma as the emotional impact
experienced by individuals indirectly exposed to others’ traumatic
experiences, along with coping strategies such as self-care and
setting professional boundaries.

Keyword Expansion. For sparse retrieval enhancement, we
expand each query with related keywords using GPT-4.1, includ-
ing synonyms, related terms, technical terminology, abbreviations,
and common variations. This expansion addresses vocabulary-
mismatch issues inherent to lexical-matching approaches.

2.3 HyDE Vector Mix

Dense retrieval systems face a fundamental challenge: user queries
are typically short and abstract, while target documents are detailed
and explanatory. While HyDE addresses this by using hypothetical
answer embeddings for retrieval, it completely replaces the original
query, potentially discarding important information such as specific
named entities or domain-specific terminology.


https://orcid.org/0009-0001-9682-7224

Preprocessing Dense
HyDE BGE-small Faiss
/7 Generator | Embeddings | Search \
/ (GPT-4.1) Vector Mix | —moeadings | \\
a=0.7 <__| Qwen3-0.6B Faiss \\

/ Keyword / Embeddings Search\ \
/' Expander |, / RRF Fusion
/ M { Sparse (k=60)

N
, /,/ Query + BM25 Index Lucene y
\ Keywords (Anserini) Search /
1 /
\ SPLADE Sparse
Index |.>P 4
Search
(cocondenser)

Fukada et al.

LLM Answer
Reranker . Retrieval Generator Generate + RAG
~Reranking .
(GPT-4.1- Output (GPT-4.1 + Cite Output
mini) Ragnarok)

Figure 1: System architecture overview. The pipeline integrates query preprocessing with HyDE and keyword expansion, four
complementary retrieval methods, RRF fusion, and LLM-based reranking,.

We propose HyDE Vector Mix, which combines the embeddings
of both the original query and the hypothetical answer through
weighted averaging. Let g denote the original query and h denote
the hypothetical answer. We define their embedding vectors as:
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where f represents the embedding encoder. HyDE Vector Mix cre-

ates the final query representation q’ using mixing ratio ¢ € [0, 1]:

, (1-a)q +ah
= 2)
(1 - a)q + ahll
This formulation generalizes the existing approaches: @ = 0
corresponds to standard dense retrieval, while @ = 1 corresponds
to the original HyDE. We use o = 0.7 based on development set
optimization.

2.4 Sparse Retrieval

We employ two complementary sparse retrieval methods. BM25
is implemented through Anserini/Lucene with queries augmented
by the generated keywords. SPLADE [3] uses the naver/splade-
cocondenser-ensembledistil model to obtain learned sparse rep-
resentations that provide both term expansion and importance
weighting.

2.5 Dense Retrieval

For dense retrieval, we employ two embedding models: BGE-small-

en-v1.5 [11] (33M parameters, 384 dimensions) and Qwen3-Embedding-

0.6B [13] (600M parameters, 1024 dimensions). Both models apply
HyDE Vector Mix with a = 0.7. We use the mixed query vector q’
from Equation (2) to search against pre-computed segment embed-
dings. All segment embeddings are generated offline using the same
encoder f and stored in a Faiss [2] index. We use IndexFlatIP (exact
inner product search without approximation) with cosine similarity
as the distance metric, enabled by L2-normalizing all vectors.
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Figure 2: Sliding window reranking process. Documents are
reranked in windows, moving from lower to higher ranks
across multiple passes.

2.6 Result Fusion

We combine results from all four retrieval methods using Reciprocal
Rank Fusion (RRF) [1]:
RRF(d)

1
=) T ®3)
; k + rank, (d)

where d is a candidate document, R is the set of retrieval methods,
r € R denotes an individual method, and rank, (d) is the rank
of document d in the result list returned by method r. We use
k = 60 as the smoothing parameter. In our system, R consists of
four methods: BM25 with keyword expansion, SPLADE, BGE-small
with HyDE Vector Mix, and Qwen3 with HyDE Vector Mix. Each
method contributes its top 1,000 candidates, and the fused results
retain the top 1,000 documents for subsequent reranking.

2.7 LLM Reranking

We employ LLM-based reranking using the sliding window ap-
proach [9] with the RankLLM framework [6] and GPT-4.1-mini.
Figure 2 illustrates the reranking process. Starting from lower ranks,
we extract a window of documents, rerank them with the LLM, then
move up by a stride and repeat until reaching the top. We repeat
this process for multiple passes.
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Table 2: Reranking parameters

Parameter Value

Model GPT-4.1-mini
window_size 10

stride 5

num_passes 3

top_k_candidates 200

Context fields Title + URL + Segment text

Table 3: Comparison of sparse retrieval methods

Method P@100 nDCG@5 nDCG@10 nDCG@20
BM25 0.333 0.362 0.348 0.342
BM25 + Keywords 0.338 0.452 0.428 0.402
SPLADE 0.435 0.481 0.467 0.453

Table 2 summarizes our reranking parameters. A notable aspect
is the inclusion of document URL information as context, which
helps the LLM understand document credibility and domain rele-
vance.

2.8 Augmented Generation

For the AG and RAG tasks, we use GPT-4.1 with the Ragnarok
framework [7]. The pipeline builds a prompt from the query and the
top-20 retrieved segments, generates an answer, performs sentence
segmentation with SpaCy, and extracts citations.

3 Experiments

3.1 Experimental Setup

We developed and validated our methods using TREC RAG 2024
queries (100 queries) with UMBRELA relevance judgments [10] on
the MS MARCO v2.1 Segment corpus.

3.2 Sparse Retrieval Comparison

Table 3 compares the sparse retrieval methods. Keyword expan-
sion improves BM25’s nDCG@5 by 24.9%. While SPLADE achieves
higher standalone performance, BM25 retrieves different relevant
documents, making both methods valuable for fusion.

3.3 HyDE Strategy Comparison

Table 4 compares different strategies for incorporating hypothetical
document embeddings. HyDE Vector Mix with @ = 0.7 consistently
achieves the highest performance across all metrics and embedding
models. For BGE-small, Vector Mix improves nDCG@10 from 0.493
(no HyDE) to 0.564, a 14.4% relative improvement. Notably, using
HyDE embeddings alone decreases P@100 compared to no HyDE
(0.401 vs. 0.444), while Vector Mix improves it to 0.473.

3.4 Hybrid Retrieval Ablation

Table 5 presents an ablation study of our hybrid retrieval approach.
The full four-method configuration achieves P@100 of 0.610, a
40.2% relative improvement over the BM25+BGE baseline. Each
additional method contributes unique relevant documents.

Table 4: Comparison of HyDE strategies on development data.
Vector Mix uses o = 0.7.

Model Strategy P@100 nDCG@5 nDCG@10 nDCG@20
BGE-small No HyDE 0.444 0.510 0.493 0.468
BGE-small HyDE Only 0.401 0.533 0.497 0.475
BGE-small Text Concat  0.466 0.566 0.539 0.520
BGE-small Vector Mix 0.473 0.578 0.564 0.535
Qwen3 0.6B  No HyDE 0.332 0.390 0.386 0.372
Qwen3 0.6B  HyDE Only 0.456 0.542 0.520 0.510
Qwen3 0.6B  Vector Mix 0.496 0.570 0.554 0.538

Table 5: Ablation study of hybrid retrieval methods.

Configuration P@100 nDCG@5 nDCG@10 nDCG@20
BM25 + BGE 0.435 0.486 0.468 0.449
Qwen-HyDE + SPLADE 0.557 0.602 0.593 0.580
+ BGE-HyDE 0.565 0.615 0.606 0.591
+ BM25-KW (Full) 0.610 0.629 0.626 0.618

Table 6: Effect of reranking configurations on BM25+BGE
baseline.

Configuration P@100 nDCG@5 nDCG@10 nDCG@20
No reranking 0.435 0.486 0.468 0.449
Basic reranking  0.454 0.673 0.657 0.604
+ URL context 0.454 0.691 0.662 0.606
+ 3 passes 0.454 0.697 0.669 0.640
+ Top-200 0.511 0.730 0.701 0.635
Full config 0.661 0.778 0.769 0.753

3.5 Reranking Analysis

Table 6 analyzes the impact of different reranking configurations.
LLM reranking dramatically improves ranking quality, with nDCG@5
increasing from 0.486 to 0.778. Key findings include: URL informa-
tion improves reranking by providing domain context; increasing
top_k_candidates from 100 to 200 significantly improves P@100;
and smaller windows (10) with more passes (3) outperform larger
windows with fewer passes.

3.6 Submitted Runs

We submitted runs for all three tasks: two for Retrieval, one for AG,
and two for RAG. Our primary Retrieval run (4method_merge) uses
the full four-method hybrid pipeline with GPT-4.1-mini reranking,
while the secondary run (qwen_splade) uses only Qwen-HyDE
and SPLADE. For AG and RAG tasks, we used GPT-4.1 with the
Ragnarok framework.

3.7 Official Results

Table 7 presents our official results. Our primary submission achieved
first place among 12 teams (46 runs) in the Retrieval task. Table 8
summarizes our AG and RAG task performance.



Table 7: Official Retrieval task results (1st place among 12
teams, 46 runs).

Run nDCG@30 nDCG@100 recall@100
4method_merge 0.693 0.613 0.257
qwen_splade 0.652 0.529 0.217

Table 8: Official AG and RAG task results.

Task Run vital sub_cov w_prec w_rec

AG gpt41 0.54 0.86 0.572 0.545

RAG r_4method 0.53 0.79 0.499 0.480
RAG r_2method 0.56 0.84 0.450 0.421

4 Discussion

The success of HyDE Vector Mix stems from its ability to bal-
ance two complementary signals. The original query embedding
(weighted at 1 — @ = 0.3) preserves user-specified terminology,
named entities, and the precise information need expressed by the
user. Meanwhile, the hypothetical answer embedding (weighted
at a = 0.7) provides richer semantic context that better matches
the typical writing style of relevant documents. This asymmetric
weighting reflects our empirical finding that semantic expansion
from hypothetical answers is more valuable than exact query match-
ing, while some original query signal remains essential to prevent
semantic drift.

The substantial gains from hybrid retrieval stem from the com-
plementary nature of different retrieval paradigms. BM25 with
keyword expansion excels at exact term matching and handles
rare or domain-specific terms effectively. SPLADE provides learned
sparse representations with automatic term expansion and impor-
tance weighting. Dense models capture semantic similarity at the
embedding level, finding relevant documents even without lexical
overlap. RRF allows each method to contribute its unique strengths
without requiring learned fusion weights, making it robust across
different query types.

Several approaches did not yield improvements during our de-
velopment experiments. Query paraphrasing, where we generated
alternative phrasings of the original query, consistently decreased
retrieval accuracy, likely due to semantic drift from the user’s in-
tended meaning. Using GPT-5-mini for reranking showed no im-
provement over GPT-4.1-mini. More complex AG pipelines incor-
porating MMR-based segment re-ranking, LLM-based relevance
filtering, and multi-step citation generation showed no improve-
ment over direct generation with Ragnarok. We also experimented
with e5-small as an alternative embedding model, but it performed
worse than BGE-small and was not adopted.

5 Conclusion

This paper presented the UTokyo-HitU system for TREC RAG 2025,
achieving first place in the Retrieval task among 12 participating
teams. Our primary contributions include: (1) HyDE Vector Mix, a
simple yet effective strategy for combining query and hypothetical
document embeddings with a tunable mixing ratio; (2) four-method
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hybrid retrieval combining sparse and dense approaches through
RRF fusion; and (3) optimized LLM reranking with URL context
information.

Future work includes developing methods to optimize the mix-
ing ratio o on a per-query basis, as our analysis suggests that
different query types may benefit from different balances between
original query and hypothetical answer signals. We also plan to
investigate larger embedding models such as BGE-large and Qwen3-
Embedding-4B to further improve retrieval accuracy.
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A  Prompts

This appendix provides the prompts used for query preprocessing
in our system.

A.1 HyDE Generation Prompt

The following prompt is used with GPT-4.1 to generate hypothetical
answers for dense retrieval:
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Generate a hypothetical answer of approximately

150 words for the following query to improve

dense retrieval accuracy. The answer doesn’t

need to be factually correct, but should be a

natural passage containing information relevant

to the query.
Example Input: “what is vicarious trauma and how can it be coped
with?”
Example Output: “Vicarious trauma refers to the emotional and
psychological impact experienced by individuals who are indirectly
exposed to others’ traumatic experiences, often seen in profes-
sionals like therapists, social workers, and first responders. This
secondary trauma can lead to symptoms similar to post-traumatic
stress disorder, including anxiety, emotional numbness, and diffi-
culty concentrating. Coping with vicarious trauma involves several
strategies such as practicing regular self-care, including mindful-
ness and relaxation techniques, setting clear professional bound-
aries to avoid emotional overload, and seeking peer support or
supervision to process difficult feelings.”

A.2 Keyword Expansion Prompt

The following prompt is used with GPT-4.1 to generate keywords
for BM25 query expansion:
Generate approximately 10 related keywords for
the following query to improve BM25 retrieval
accuracy. Include synonyms, related terms, technical
terminology, abbreviations, and common variations.
Example Input: “what is vicarious trauma and how can it be coped
with?”
Example Output: “vicarious trauma, secondary traumatic stress,
compassion fatigue, empathic strain, indirect trauma, trauma expo-
sure response, psychological impact of trauma, coping strategies for
vicarious trauma, self-care for trauma workers, stress management
in helping professions.”
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