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Abstract

Retrieval-augmented generation (RAG) de-
pends critically on the quality and granularity
of retrieved evidence. Large retrieval units pre-
serve context but often introduce irrelevant con-
tent, which can dilute answer-bearing evidence
and worsen long context utilization. Fine-
grained units are more compact, but they may
be difficult to retrieve reliably because short
chunks can lack semantic, lexical, or bridging
cues needed to match the query. We propose
Uncertainty-aware Multi-Granularity RAG
(UMG-RAG), a training-free hybrid retrieval
framework that adapts retrieval across chunk
granularities based on query-specific reliability
estimates. Instead of training a new retriever
or modifying the generator, UMG-RAG uses
existing dense and sparse retrievers as comple-
mentary experts across multiple chunk granu-
larities. For each query, it converts each expert-
granularity score list into an evidence distribu-
tion, estimates reliability from distribution en-
tropy, and fuses candidates according to query-
specific semantic, lexical, and granularity con-
fidence. We further introduce UMGP-RAG, a
parent promotion variant that uses fine-grained
hits to locate relevant evidence while returning
broader non-redundant parent chunks for local
coherence. Experiments on question answer-
ing benchmarks show that uncertainty-aware
fusion and parent promotion improve genera-
tion quality in a training-free, plug-and-play
retrieval pipeline. 1

1 Introduction

Retrieval-augmented generation (RAG) (Lewis
et al., 2020) has become a standard framework for
grounding large language models in external knowl-
edge. In a typical pipeline, a retriever first selects
relevant text units from a database, and a generator
then produces an answer conditioned on the re-
trieved context. Although this framework reduces

1https://github.com/HoinJung/
Uncertainty-aware-Multi-Granularity-RAG

the need for fully parametric knowledge storage,
its effectiveness depends heavily on the granular-
ity and precision of retrieval (Zhang et al., 2025b).
When retrieved units are too large, the generator re-
ceives a mixture of relevant and irrelevant content.
This can push the model into long context regimes
where useful evidence may be diluted or placed in
positions that are poorly utilized by the reader, of-
ten called the lost-in-the-middle phenomenon (Liu
et al., 2024). When retrieved units are too small,
such as isolated sentences, the retrieved evidence
may be compact but difficult to recover reliably,
because short units may lack semantic cues, entity
aliases, or bridging context needed for matching
the query. We frame this tension as a retrieval-stage
granularity tradeoff between coarse units that pre-
serve context but introduce noise and fine-grained
units that provide compact evidence but risk being
missed or fragmented.

Figure 1 illustrates this tradeoff. Coarse retrieval
can return a long context that contains the answer
but also includes substantial irrelevant information,
making the generator less likely to use the answer-
bearing evidence and potentially reintroducing po-
sitional bias in long-context reading. Fine-grained
retrieval can avoid this noise, but the exact local
evidence may be missed when the query requires
surrounding information that is not present in the
small unit. This suggests that neither coarse nor
fine retrieval units are universally preferable. In-
stead, an effective retriever should be able to exploit
both: fine-grained units are useful when they pro-
vide high-confidence evidence, while coarser units
are useful when local context is needed to make the
evidence retrievable or coherent.

Existing solutions often address only one side of
this tradeoff. Long-context interventions calibrate
positional attention (Hsieh et al., 2024; Jung and
Wang, 2026), adjust positional encodings (Zhang
et al., 2024), reorder documents (Wang et al., 2025),
or compress prompts (Jiang et al., 2024a) to reduce
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Query: 
Which city will 
host the first 
match of the 
2026 FIFA World 
Cup?

Retriever
Coarse Retrieval The 2026 FIFA World Cup will be 

the 23rd FIFA World Cup, 
the quadrennial international 
men's soccer championship ...

.. First match(es) will be 
played: June 11, 2026. June 11, 
2026 1:00 p.m. UTC−6 Mexico 
Match 1 South Africa. Estadio 
Azteca, Mexico City....

...

Retrieved Long Context

Retriever

Chunk 1: The 2026 FIFA World Cup 
will be ...

Fine-grained  Retrieval

Retrieved Short Units

Chunk 2: The United 2026 bid ...

Chunk 3: First match(es) will be 
played ...

Chunk 4: A player or team official is 
...

Reader (Generator)

lost-in-the-middle

irrelevant 
context  
dilutes 

evidence

Reader
Struggles

Insufficient Matching Cues

Reader (Generator)

Chunk 1

Chunk 2

Chunk 4

Exact Evidence Missed

fails to 
retrieve the 
exact local 

context

Retriever
Struggles

Figure 1: Motivation of retrieval granularity tradeoff in RAG. Coarse retrieval units preserve document-level
context but may introduce irrelevant content that dilutes answer-bearing evidence. Fine-grained units are more
compact, but they may lack sufficient semantic or lexical cues, causing the retriever to miss the exact local evidence.

the effect of lost-in-the-middle. These methods
are valuable, but they generally assume that the
relevant evidence has already been retrieved and
placed somewhere in the prompt. As a result, they
do not directly resolve the retrieval-stage decision
of whether the system should retrieve a compact
local chunk, a broader parent context, or a combina-
tion of both. Advanced RAG systems address frag-
mentation by constructing knowledge graphs (Guo
et al., 2025), retrieving at multiple abstraction lev-
els (Zheng et al., 2025), or inferring sentence-level
relations (Tao et al., 2025). However, these meth-
ods often require graph construction, abstraction-
level indexing, or post-retrieval sentence linking,
and they do not explicitly estimate query-specific
reliability across retrieval sources and granularities.

In this work, we propose Uncertainty-aware
Multi-Granularity RAG (UMG-RAG), a training-
free hybrid retrieval framework for compact long-
document RAG. Instead of training a new retriever
or modifying the generator, UMG-RAG uses exist-
ing dense and sparse retrievers as complementary
experts. Dense retrieval captures semantic simi-
larity, while sparse retrieval captures lexical and
entity-level matching. Each expert retrieves candi-
dates across multiple chunk granularities, and the

method estimates the confidence of each expert–
granularity pair from the sharpness of its candidate
score distribution. A peaked distribution indicates
that the expert has a clear retrieval preference for
the query, while a flat distribution indicates higher
retrieval uncertainty. UMG-RAG uses this con-
fidence to fuse dense and sparse evidence into a
single ranked list, as shown in Figure 2.

We further introduce UMGP-RAG, a parent-
promotion extension that improves local coherence
without giving up fine-grained retrieval precision.
When a highly ranked chunk comes from a fine-
grained unit, UMGP-RAG promotes it to a broader
parent chunk and removes redundant overlaps. This
design allows fine-grained retrieval to act as a pre-
cise locator of relevant regions, while the final con-
text returned to the generator remains locally co-
herent. Importantly, the framework is training-free
and can be applied on top of existing dense and
sparse retrieval backbones.

Our contributions are as follows:

• We formalize a retrieval granularity tradeoff in
long-document RAG, where coarse units im-
prove contextual coverage but add distracting
content, while fine-grained units are compact
but harder to retrieve reliably.
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• We propose UMG-RAG, a training-free
uncertainty-aware hybrid retrieval method that
estimates query-specific reliability for each ex-
pert and granularity pair, and further introduce
UMGP-RAG, a parent-promotion extension
that converts fine-grained hits into broader
non-redundant contexts for generation.

• We evaluate the proposed methods on long-
document RAG benchmarks with multiple
dense retrievers and generators, showing that
the complete pipeline improves generation
quality without retriever or generator training.

2 Related Work

2.1 Long Context Interventions for Lost in the
Middle

Prior work has shown that language models often
fail to use relevant evidence when it appears in the
middle of a long prompt (Liu et al., 2024). Recent
methods address this issue mainly at the reader
or prompt level. FITM (Hsieh et al., 2024) cali-
brates positional attention bias using dummy docu-
ments. MS-PoE (Zhang et al., 2024) modifies ro-
tary positional encodings to improve long-context
utilization. PINE (Wang et al., 2025) reassigns
document positions based on content importance.
LongLLMLingua (Jiang et al., 2024a) compresses
long prompts through question-aware pruning and
reordering. These approaches are complementary
to ours, but they generally assume that relevant evi-
dence has already been retrieved. In contrast, we
intervene earlier in the RAG pipeline by construct-
ing a compact, high-signal retrieval context before
generation.

2.2 Retrieval Granularity and Hybrid
Retrieval in RAG

Another line of work modifies the retrieval unit
or retrieval structure. LongRAG (Jiang et al.,
2024b) increases the retrieval unit size to preserve
document-level context, while LightRAG (Guo
et al., 2025) constructs a knowledge graph to re-
trieve connected entities and relations. MAL-RAG
(Zheng et al., 2025) retrieves from multiple ab-
straction levels, including summaries, paragraphs,
and sentences. SAKI-RAG (Tao et al., 2025) uses
sentence-level attention knowledge to recover logi-
cally connected evidence. These methods highlight
the importance of retrieval granularity, but they of-
ten rely on predefined retrieval structures, graph

construction, or additional evidence-connection
mechanisms.

Hybrid dense-sparse retrieval is also widely used
in RAG because dense retrievers capture seman-
tic similarity while sparse retrievers are effective
for lexical and entity-level matching. Prior RAG
systems such as HyPA-RAG (Kalra et al., 2024)
combine dense and sparse retrieval, often using
Reciprocal Rank Fusion as a simple fusion rule
(Cormack et al., 2009). However, fixed fusion
does not account for query-specific reliability. A
lexical query may favor sparse evidence, while a
paraphrastic query may favor dense evidence, and
both may require different chunk granularities. Our
method differs by estimating confidence for each
expert-granularity pair from its score distribution,
allowing dense-sparse fusion and retrieval granu-
larity to adapt per query without training a new
retriever or modifying the generator.

3 Proposed Method

3.1 Overview and Problem Setup

We propose an uncertainty-aware hybrid retrieval
framework for retrieval-augmented generation. Un-
like training-based methods, our framework does
not introduce a new retriever, train an adapter, or
modify the generator. Instead, it uses existing pre-
trained dense and sparse retrievers as complemen-
tary retrieval experts and adaptively selects evi-
dence across multiple chunk granularities without
any training.

As motivated in Figure 1, RAG faces a retrieval
granularity tradeoff. Coarse units preserve local
context but may introduce distractors, while fine-
grained units are compact but can be harder to re-
trieve reliably. We address this tradeoff by retriev-
ing from multiple granularities and estimating, for
each query, which retrieval source and granularity
are reliable.

Let D = {d1, . . . , dN} denote a document cor-
pus and let q denote an input query. Each docu-
ment is segmented into overlapping sentence-level
chunks with multiple granularities. We define the
granularity set as G = {2, 4, 8, 16, 32}, where
g ∈ G denotes the number of sentences in a re-
trieval unit. Let Ug be the set of chunks generated
at granularity g, and let U =

⋃
g∈G Ug be the com-

plete multi-granularity retrieval space.
We use two retrieval experts,

E = {dense_retriever, sparse_retriever}.
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The 2026 FIFA World Cup will be hosted ...S1

Mexico, the United States, and Canada ...S2

The opening match ... Estadio Azteca...S3

Estadio Azteca is located in Mexico City ...S4

The tournament will begin on June 11 ...S5

Mexico was placed in Group A ...S6
Several venues across North America ...S7

The event will feature 48 teams ...S8

Source Document

Which city will host the first match of the 
2026 FIFA World Cup?

Query

Chunk Granularity

S1 S2 S3

Dense Expert
(semantic matching)

Candidate Chunk Score

Chunk 2 (S3 – S4) 0.86

Chunk 4 (S2 – S5) 0.63

Chunk 8 (S1 – S8) 0.41

...

Sparse Expert
(lexical/entity matching)

Candidate Chunk Score

S4 S5 S6

...

S7 S8Chunk 2

S1 S2 S3 S4 S5 S6 S7 S8Chunk 4

S1 S2 S3 S4 S5 S6 S7 S8Chunk 8

Chunk 2 (S3 – S4) 0.80

Chunk 4 (S2 – S5) 0.39

Chunk 8 (S1 – S8) 0.15

Uncertainty-aware
Expert x Granularity Pair Weighting

Expert x Granularity Pair Weight

Chunk 2 (S3 – S4)Dense
Chunk 4 (S2 – S5)Dense
Chunk 8 (S1 – S8)Dense

...

Chunk 2 (S3 – S4)Sparse
Chunk 4 (S2 – S5)Sparse
Chunk 8 (S1 – S8)Sparse

...

Fused Candidates by UMG-RAG score
Chunk 2 (S3 – S4)

...

0.95

Chunk 4 (S2 – S5) 0.51

Chunk 8 (S1 – S8) 0.22

sharper score distribution → 
higher confidence

Figure 2: Overview of uncertainty-aware multi-granularity RAG. A source document is segmented into
overlapping chunks of different granularities. Existing dense and sparse experts retrieve candidates from these
granularities. UMG-RAG estimates query-specific confidence for each expert–granularity pair from the sharpness
of its score distribution, then fuses the candidates into a single ranked list.

The dense expert captures semantic similarity,
while the sparse expert captures lexical and entity-
level matching. The framework is model-agnostic
and only requires each expert to score a query-
chunk pair.

For each expert e ∈ E and granularity g ∈ G, the
retriever assigns a raw relevance score

se,g(q, u) ∈ R, u ∈ Ug.

A central challenge is that these scores are not di-
rectly comparable. Dense scores, sparse scores,
and scores from different chunk granularities may
have different scales and distributions. Therefore,
fixed fusion does not explicitly account for query-
specific differences in retriever and granularity re-
liability. A fixed weight assumes that the same
retriever and granularity are equally reliable for
every query, although lexical, entity-centric, and
paraphrastic queries may require different retrieval
behavior.

Therefore, instead of combining raw scores with
a fixed dense–sparse weight, we estimate the query-
specific confidence of each expert–granularity pair.
This confidence is derived from the uncertainty of
its candidate score distribution and determines how
much that retrieval source contributes to the final
context.

3.2 Uncertainty-Aware Multi-Granularity
RAG

We now describe UMG-RAG. As shown in Fig-
ure 2, the method retrieves candidates from each

expert-granularity pair, converts their scores into
normalized evidence distributions, estimates uncer-
tainty using entropy, and fuses candidates into a
single ranked list.

For a query q, each expert–granularity pair (e, g)
first retrieves an intermediate candidate set

Ce,g(q) = TopMu∈Ug
se,g(q, u),

where M is the number of candidates retained from
each expert–granularity pair before fusion. In our
implementation, we set M = 100. This value
is intentionally larger than the final retrieval size
K so that the fusion stage can compare a suffi-
ciently diverse set of candidates from both dense
and sparse experts across granularities. At the same
time, M = 100 keeps the intermediate pool com-
putationally manageable, since the final context is
selected only after uncertainty-aware fusion.

To compare score distributions across experts
and granularities, we normalize the raw scores
within each candidate set:

s̃e,g(q, u) =
se,g(q, u)− µe,g(q)

σe,g(q) + ϵ
,

where µe,g(q) and σe,g(q) are the mean and stan-
dard deviation of the scores in Ce,g(q), and ϵ is a
small constant for numerical stability.

We then convert the normalized scores into a
score-induced evidence distribution:

pe,g(u | q, Ce,g) =
exp(s̃e,g(q, u))∑

v∈Ce,g(q) exp(s̃e,g(q, v))
.

47896



This distribution is defined only over the retrieved
candidate set. It should not be interpreted as a cal-
ibrated probability over the full corpus. Instead,
it represents how expert e at granularity g concen-
trates its evidence on candidate u relative to its
other candidates.

This distribution provides a query-specific relia-
bility signal. If an expert–granularity pair assigns
most probability mass to a small number of candi-
dates, it has a clear retrieval preference for the cur-
rent query. If the distribution is nearly uniform, the
expert–granularity pair cannot clearly distinguish
among its candidates. We quantify this ambiguity
using normalized entropy:

He,g(q) = −
∑

u∈Ce,g(q) pe,g(u|q,Ce,g) log pe,g(u|q,Ce,g)
log |Ce,g(q)| .

The entropy value lies in [0, 1]. Low entropy indi-
cates concentrated evidence and therefore low re-
trieval uncertainty. High entropy indicates diffuse
evidence and therefore high retrieval uncertainty.
This uncertainty is defined relative to the retrieved
candidate list and should not be interpreted as a
calibrated probability of retrieval correctness.

We convert this uncertainty into confidence:

ce,g(q) = 1−He,g(q).

The confidence values are then normalized across
all experts and granularities:

we,g(q) =
ce,g(q)∑

e′∈E
∑

g′∈G ce′,g′(q) + ϵ
.

This weighting makes the retrieval process
uncertainty-aware by assigning larger weights to
expert–granularity pairs with lower entropy and
smaller weights to pairs with higher entropy.

The final evidence probability of a chunk is de-
fined as the confidence-weighted mixture of candi-
date distributions:

P (u | q) = ∑
e∈E

∑
g∈G we,g(q)pe,g(u | q, Ce,g)I[u ∈ Ce,g(q)].

Here, P (u | q) measures the evidence mass as-
signed to chunk u after accounting for both re-
triever confidence and granularity confidence.

Because the generator should receive compact
context, we rank chunks by evidence utility:

R(u | q) = P (u | q)√
ℓ(u)

.

Here, ℓ(u) is the approximate token length of u.
The square-root penalty mildly favors compact

chunks while still allowing longer chunks when
they receive strong evidence support.

The final retrieval context is constructed by se-
lecting the top K chunks according to R(u | q):

SK(q) = TopKu∈Ucand
R(u | q),

Ucand =
⋃

e∈E
⋃

g∈G Ce,g(q) is the fused candidate
pool. The selected chunks in SK(q) are concate-
nated and used as the retrieval context for the gen-
erator. Following common top-K RAG evaluation
practice, we set K = 5 in the main experiments
and use the same value across all retrieval methods
for a fair comparison.

3.3 Parent Promotion with Overlap-Aware
Deduplication

We further extend UMG-RAG with parent promo-
tion, denoted UMGP-RAG. The goal is to use fine-
grained chunks as precise retrieval signals while
returning a broader local unit to the generator.

Let π8(u) denote the parent chunk of u at granu-
larity 8. In our implementation, retrieved chunks
from granularity 2 or 4 are promoted to their corre-
sponding parent chunk:

ρ(u) =

{
π8(u), u ∈ U2 ∪ U4,

u, otherwise,

where ρ(u) is the unit returned after parent promo-
tion. Thus, fine-grained chunks serve as retrieval
locators, while the returned parent chunks provide
the neighboring sentences needed for local coher-
ence.

After applying ρ(·), multiple fine-grained can-
didates may map to the same parent chunk. We
merge such duplicates using the same bounded evi-
dence aggregation used in the implementation. Let
M(v) = {u ∈ Ucand : ρ(u) = v} be the set
of candidates mapped to promoted chunk v. We
define

A(v | q) = 1−
∏

u∈M(v)

(1− P (u | q)) .

This aggregation increases the evidence score of a
parent chunk when multiple retrieved candidates
support it, while keeping the score bounded in [0, 1].
Promoted candidates are then ranked by

RP(v | q) = A(v | q)√
ℓ(v)

.

To avoid returning redundant contexts, we remove
promoted candidates that substantially overlap with
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already selected chunks. Let span(v) denote the
sentence span covered by candidate chunk v. For a
candidate v and a previously selected chunk s, we
define span overlap as

overlap(v, s) =
|span(v) ∩ span(s)|

min(|span(v)|, |span(s)|) .

A candidate is skipped if at least 75% of the shorter
span overlaps with any previously selected chunk.
This rule removes near-duplicate or nested con-
texts while allowing partially overlapping chunks
to remain when they may provide complementary
evidence.

The final context is constructed by selecting the
top K non-redundant promoted chunks:

SP
K(q) = TopKDedupv∈{ρ(u):u∈Ucand}RP(v | q),

where Ucand is the fused candidate pool produced
by UMG-RAG. The selected promoted chunks are
concatenated and used as the final retrieval con-
text for the generator. The detailed algorithm is
described in Algorithm 1 in Appendix A.

4 Implementation Details

4.1 Models and Datasets

We evaluate our RAG pipeline on Natural Ques-
tions (NQ) (Kwiatkowski et al., 2019) and Hot-
PotQA (Yang et al., 2018), following prior long-
document RAG evaluation settings (Li et al., 2024;
Petroni et al., 2021). NQ evaluates factual ques-
tion answering over external knowledge, while Hot-
PotQA requires more compositional evidence re-
trieval and provides a complementary testbed for
multi-hop reasoning.

For each dataset, we construct a task-specific re-
trieval corpus from the KILT (Petroni et al., 2021)
validation split. The corpus contains all Wikipedia
documents appearing in the gold provenance anno-
tations, plus 10,000 randomly sampled distractor
Wikipedia documents that do not overlap with the
positive set. This results in 14,274 documents for
NQ, consisting of 4,274 positive documents and
10,000 distractors, and 20,519 documents for Hot-
PotQA, consisting of 10,519 positive documents
and 10,000 distractors. We use the same corpus
for all retrieval methods to ensure that performance
differences come from the retrieval strategy rather
than the candidate document pool.

For generators, we use Qwen2.5-3B-Instruct
(Yang et al., 2024) and Llama-3.2-3B-Instruct

(Grattafiori et al., 2024). For dense retrievers, we
evaluate BERT (Devlin et al., 2019), BGE-M3
(Chen et al., 2024), and Qwen3-Embedding-4B
(Zhang et al., 2025a). For sparse retrieval, we use
SPLADEv3 (Lassance et al., 2024). All methods
are evaluated without task-specific training or fine-
tuning, so performance differences reflect retrieval
and context construction rather than updates to the
retriever or generator parameters.

4.2 Evaluation Metrics
We evaluate both retrieval quality and generation
quality. For retrieval, we report answer recall at five
retrieved chunks (AR@5). A retrieval is counted as
successful if the normalized gold answer appears
in any of the top five retrieved contexts.

For generation, we report token-level F1 and
answer recall (AR). F1 measures token overlap
between the generated answer and the gold an-
swer after normalization. Generation AR measures
whether the normalized gold answer appears in the
generated response. We follow standard question
answering normalization by lowercasing text, re-
moving punctuation, and removing articles. Higher
values indicate better performance for all metrics.

For readability, the main tables report mean per-
formance. We additionally report standard devia-
tions estimated from 1,000 bootstrap resamples in
Appendix G.

4.3 Baselines
We compare our methods against standard and
long context RAG baselines. The standard RAG
baseline retrieves from a fixed retrieval unit and
passes the retrieved text directly to the genera-
tor. Summarized RAG compresses retrieved docu-
ments using the Falcon summarization model (Fal-
consai, 2023). REPLUG (Shi et al., 2024) rep-
resents a retrieval-augmented black-box language
modeling baseline that combines retrieved docu-
ments without updating the generator. LongLLM-
Lingua (Jiang et al., 2024a) represents prompt-
compression-based context selection, while MS-
PoE (Zhang et al., 2024) and PINE (Wang et al.,
2025) represent long-context reader-side interven-
tions for mitigating position bias. LongRAG (Jiang
et al., 2024b) uses larger retrieval units to preserve
broader context.

We also include a simple hybrid retrieval base-
line. Following common hybrid retrieval practice
in RAG (Kalra et al., 2024), we combine dense
and sparse retrieval results using Reciprocal Rank
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Retriever Method Retrieval
AR@5 ↑

Qwen2.5-3B-Instruct Llama-3.2-3B-Instruct

F1 ↑ AR ↑ F1 ↑ AR ↑
SPLADEv3 RAG 0.7994 0.4745 0.4529 0.4923 0.4741

BERT

RAG

0.4477

0.2270 0.2013 0.2414 0.2178
Summarized RAG 0.1704 0.1491 0.1972 0.1703
LongLLMLingua 0.2304 0.2080 0.2573 0.2429

MS-PoE 0.2239 0.1974 0.2435 0.2192
REPLUG 0.1373 0.1174 0.2254 0.1896

PINE 0.1915 0.1843 0.2084 0.2097

LongRAG 0.4441 0.2093 0.1851 0.2318 0.2094
Hybrid 0.7011 0.4265 0.4018 0.4504 0.4293

UMG-RAG (Ours) 0.6852 0.4350 0.4110 0.4514 0.4304
UMGP-RAG (Ours) 0.7797 0.4572 0.4307 0.4811 0.4533

BGE-M3

RAG

0.8562

0.4407 0.3994 0.4941 0.4593
Summarized RAG 0.3243 0.2880 0.3520 0.3127
LongLLMLingua 0.4581 0.4184 0.4631 0.4462

MS-PoE 0.4432 0.4015 0.5005 0.4709
REPLUG 0.4701 0.4216 0.4962 0.4459

PINE 0.4547 0.4420 0.4452 0.4603

LongRAG 0.9101 0.4598 0.4219 0.5113 0.4910
Hybrid 0.8241 0.4927 0.4727 0.4986 0.4766

UMG-RAG (Ours) 0.8023 0.4809 0.4593 0.4873 0.4716
UMGP-RAG (Ours) 0.8759 0.5052 0.4794 0.5128 0.4878

Qwen3-
Embedding-4B

RAG

0.8601

0.4427 0.3990 0.4939 0.4621
Summarized RAG 0.3333 0.2915 0.3537 0.3162
LongLLMLingua 0.4459 0.4057 0.4561 0.4346

MS-PoE 0.4481 0.4064 0.5046 0.4720
REPLUG 0.4796 0.4367 0.5120 0.4642

PINE 0.4628 0.4466 0.4291 0.4438

LongRAG 0.9253 0.4744 0.4329 0.5145 0.4949
Hybrid 0.8114 0.4803 0.4621 0.4916 0.4741

UMG-RAG (Ours) 0.7949 0.4807 0.4582 0.4974 0.4790
UMGP-RAG (Ours) 0.8745 0.4961 0.4748 0.5220 0.4984

Table 1: Results on the Natural Questions dataset. The best retrieval and generation scores within each retriever
block are highlighted in bold, and the second best scores are underlined.

Fusion (RRF) (Cormack et al., 2009), denoted Hy-
brid. This baseline tests whether fixed dense-sparse
fusion is sufficient. In contrast, our UMG-RAG
estimates query-specific confidence for each expert
and granularity before fusion. UMGP-RAG fur-
ther promotes fine-grained hits to parent chunks
and removes redundant overlaps. All comparison
methods are used in a plug-and-play setting without
additional training, to isolate the effect of retrieval
strategy.

5 Results and Analysis

Tables 1 and 2 report retrieval AR@5 and genera-
tion performance with two instruction-tuned gen-
erators. Across most retriever–generator combi-
nations, UMGP-RAG achieves the strongest or
highly competitive generation performance. The
BERT variants remain below the strong SPLADE-

only retriever but substantially improve over BERT-
based RAG baselines, while the results with BGE-
M3 and Qwen3-Embedding-4B show that the
framework also benefits from stronger dense ex-
perts.

Retrieval recall and generation quality are not
perfectly aligned: standard dense retrieval and Lon-
gRAG can obtain high AR@5 when an answer ap-
pears somewhere in a retrieved passage, even if the
surrounding context is difficult for the generator to
use. UMGP-RAG instead uses fine-grained hits as
evidence locators and returns coherent parent con-
texts. Comparing UMG-RAG with UMGP-RAG
further isolates context construction: the former
performs uncertainty-aware fusion across retrievers
and granularities, while the latter adds parent pro-
motion and overlap-aware deduplication. The con-
sistent improvement from UMG-RAG to UMGP-
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Retriever Method Retrieval
AR@5 ↑

Qwen2.5-3B-Instruct Llama-3.2-3B-Instruct

F1 ↑ AR ↑ F1 ↑ AR ↑
SPLADEv3 RAG 0.6043 0.4613 0.3850 0.4798 0.3966

BERT

RAG

0.3638

0.2599 0.2087 0.2803 0.2279
Summarized RAG 0.2275 0.1864 0.2469 0.2025
LongLLMLingua 0.2833 0.2271 0.3021 0.2362

MS-PoE 0.2612 0.2112 0.2860 0.2339
REPLUG 0.1798 0.1466 0.2560 0.1984

PINE 0.2424 0.2039 0.2557 0.2180

LongRAG 0.3230 0.2299 0.1861 0.2625 0.2104
Hybrid 0.5207 0.4081 0.3311 0.4245 0.3479

UMG-RAG (Ours) 0.5134 0.4163 0.3416 0.4223 0.3470
UMGP-RAG (Ours) 0.5830 0.4453 0.3645 0.4460 0.3655

BGE-M3

RAG

0.7811

0.4613 0.3798 0.4913 0.4048
Summarized RAG 0.3856 0.3161 0.4109 0.3366
LongLLMLingua 0.4706 0.3807 0.4668 0.3771

MS-PoE 0.4622 0.3805 0.5001 0.4123
REPLUG 0.3941 0.3150 0.4287 0.3362

PINE 0.4442 0.3787 0.4409 0.3941

LongRAG 0.7457 0.4658 0.3845 0.4799 0.3984
Hybrid 0.6471 0.4775 0.3975 0.4986 0.4175

UMG-RAG (Ours) 0.6273 0.4749 0.3957 0.4827 0.4018
UMGP-RAG (Ours) 0.7002 0.5034 0.4216 0.5133 0.4275

Qwen3-
Embedding-4B

RAG

0.7971

0.4883 0.4041 0.4991 0.4132
Summarized RAG 0.3976 0.3261 0.4315 0.3546
LongLLMLingua 0.4603 0.3693 0.4644 0.3738

MS-PoE 0.4948 0.4073 0.5172 0.4295
REPLUG 0.4075 0.3252 0.4343 0.3411

PINE 0.4621 0.3980 0.4463 0.4027

LongRAG 0.7280 0.4524 0.3748 0.4765 0.3961
Hybrid 0.6091 0.4626 0.3837 0.4709 0.3904

UMG-RAG (Ours) 0.5845 0.4622 0.3820 0.4752 0.3929
UMGP-RAG (Ours) 0.6761 0.4919 0.4071 0.5068 0.4200

Table 2: Results on the HotPotQA dataset. The best retrieval and generation scores within each retriever block are
highlighted in bold, and the second best scores are underlined.

RAG shows that converting localized evidence into
coherent, non-redundant parent context is a major
source of the overall gain.

Table 3 evaluates whether uncertainty-derived
confidence is informative about retrieval correct-
ness. Correct retrieval pairs receive higher confi-
dence on average, and the highest-confidence quar-
tile has higher Hit@5 than the lowest-confidence
quartile for both dense and sparse experts. These
trends support its use as a query-relative fusion
signal, while the modest correlations show that
it is not a calibrated correctness estimate. Ap-
pendix D provides representative dense, sparse, and
overconfident-failure cases, and Appendix C iso-
lates fusion and parent promotion under controlled
inputs.

Table 4 motivates the fixed promotion target
without treating it as universally optimal. The

eight-sentence parent gives the strongest retrieval
for both dense retrievers and the strongest BGE-
M3 generation result, while a larger parent can
help a particular retriever–generator pair. Table 5
shows that the retrieval gains extend beyond the
two Wikipedia QA evaluations. A controlled com-
parison with LLM reranking is provided in Ap-
pendix C.

Computational cost. Table 6(a) decomposes on-
line latency into retrieval and context construc-
tion, generation, and total latency. UMG-RAG
and UMGP-RAG incur higher retrieval-side latency
because they search multiple dense and sparse in-
dexes across granularities and fuse the resulting
candidates. Their similar retrieval costs indicate
that parent promotion and overlap-aware dedupli-
cation add relatively little overhead beyond multi-
granularity fusion.
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Scope Pairs Conf. hit Conf. miss Pearson r Low-Q Hit@5 High-Q Hit@5 ∆

All 1,000 0.6212 0.5203 0.1327 0.7560 0.8840 +0.1280
Dense 500 0.6821 0.5747 0.1514 0.7120 0.8880 +0.1760
Sparse 500 0.5612 0.4624 0.1266 0.7520 0.9200 +0.1680

Table 3: Confidence–correctness diagnostic. A query–retriever pair is a hit when its top-5 candidates contain the
gold answer. Uncertainty-derived confidence is higher for hits than misses, while the modest correlations show that
it is informative but not calibrated. Low-Q and High-Q denote the lowest- and highest-confidence quartiles.

BERT BGE-M3

Target AR@5 LLaMA F1 AR@5 LLaMA F1

4 0.7441 0.4726 0.8470 0.5019
8 0.7797 0.4750 0.8759 0.5136
16 0.7638 0.4838 0.8604 0.5109
32 0.7106 0.4605 0.8142 0.4889

Table 4: NQ parent-target summary. Eight sentences
provide the most stable retrieval–generation trade-off
across retrievers and generators, although a 16-sentence
parent is strongest for BERT–LLaMA F1. Full Qwen
and LLaMA results and window-length statistics are
provided in Appendix E.

Method SciFact R@5 FiQA R@5

Standard 0.1633 0.0432
CombSUM 0.6900 0.3920
CombMNZ 0.6867 0.3920
UMG-RAG 0.6967 0.3827
UMGP-RAG 0.7400 0.4290

Table 5: Additional retrieval benchmarks. Retrieval-
only R@5 results with BERT on SciFact and FiQA.

Table 6(b) shows that the compact contexts pro-
duced by the proposed methods reduce generation-
stage memory relative to Standard RAG and several
long-context baselines. The corresponding reduc-
tion in generation time does not offset the addi-
tional retrieval cost in total single-query latency.
The proposed methods therefore trade retrieval-
side computation and index storage for improved
retrieval quality and more efficient context con-
sumption by the generator. Offline segmentation
and index construction are performed once per cor-
pus, whereas multi-index search remains an online
per-query cost.

6 Conclusion

We introduced UMG-RAG, a training-free
uncertainty-aware hybrid retriever that estimates
query-relative retrieval reliability, and UMGP-
RAG, which returns coherent parent contexts from

(a) Online latency (s/question)

Method Ret./ctx. Generation Total

Standard RAG 0.15 0.71 0.86
Summ. RAG 0.15 0.28 0.43
LongLLMLingua 0.15 4.70 4.85
MS-PoE 0.15 0.71 0.86
REPLUG 0.15 1.01 1.16
PINE 0.15 1.03 1.18
LongRAG 0.15 0.71 0.86

Hybrid 1.59 0.27 1.86
UMG-RAG 5.16 0.30 5.46
UMGP-RAG 5.36 0.33 5.69

(b) Peak memory (MiB)

Method Ret./ctx. Generation

Standard RAG 7954 7558
Summ. RAG 7954 7594
LongLLMLingua 7954 24398
MS-PoE 7954 7554
REPLUG 7954 9452
PINE 7954 7558
LongRAG 7954 7618

Hybrid 8396 6908
UMG-RAG 8396 6762
UMGP-RAG 8396 6716

Table 6: Stage-wise online computational cost on NQ.
All methods use Qwen3-Embedding-4B and Llama-3.2-
3B-Instruct. (a) Retrieval/context-construction, gener-
ation, and total online latency. (b) Peak memory mea-
sured separately for retrieval/context construction and
generation. Retrieval/context construction includes fu-
sion, parent promotion, and deduplication where appli-
cable. Offline segmentation and index construction are
excluded.

fine-grained evidence. The complete pipeline
achieves strong generation performance across re-
trievers and generators without model updates. Ad-
ditional analyses show that uncertainty-derived con-
fidence is informative about retrieval correctness
and that parent promotion contributes across fusion
rules.
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Limitations

Retrieval preprocessing cost. UMG-RAG and
UMGP-RAG construct and search dense and sparse
retrieval units at multiple granularities. This in-
creases retrieval-side computation and index stor-
age compared with single-granularity RAG. The
corpus-side cost can be amortized when an index is
reused, but the benefit depends on corpus stability
and query volume. UMGP-RAG returns a compact
context that reduces generation time and memory;
it is not cheaper at every stage. Table 6 separates
retrieval/context construction from generation.

Relative rather than calibrated uncertainty.
Normalized entropy measures ambiguity within
each expert–granularity candidate list rather than
a calibrated probability of retrieval correctness. A
concentrated distribution may still correspond to an
overconfident distractor, near-duplicate candidates,
or a score-scale artifact. Consequently, the derived
confidence is used only as a query-relative fusion
weight.

Dependence on existing retrieval experts. The
proposed framework does not update the dense
retriever, sparse retriever, or generator. Its per-
formance therefore depends on the underlying ex-
perts. If both retrievers fail to score answer-bearing
chunks highly, uncertainty-aware fusion cannot re-
cover evidence absent from their candidate lists.
UMG-RAG complements rather than replaces
strong retrieval models.

Evaluation scope. The main evaluation uses NQ
and HotPotQA corpora constructed from KILT
provenance documents and sampled Wikipedia dis-
tractors. Additional retrieval-only results cover
SciFact (Wadden et al., 2020) and FiQA (Maia
et al., 2018), but the experiments do not fully rep-
resent web-scale, enterprise, multilingual, domain-
specific, or rapidly updated collections. The fixed
eight-sentence parent is also a robust empirical
compromise rather than an optimum for every
query or generator.

Ethical Considerations

This work aims to improve retrieval and context
construction for RAG systems. The proposed
method does not introduce new training data, does
not finetune the retriever or generator, and does not
require collecting user information. However, it
relies on external corpora and pretrained retrieval

and generation models, which may contain fac-
tual errors, outdated information, or social biases.
Improving retrieval quality may increase the like-
lihood that a model uses retrieved evidence, but
it does not guarantee that the final generated an-
swer is correct, unbiased, or safe. In real-world
deployments, corpus curation, privacy protection,
and output monitoring remain necessary.
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A Detailed Algorithm of UMGP-RAG

B Reproducibility Details

Table 7 consolidates the retrieval and context-
construction settings used in the main experi-
ments. The same corpus, final top-K context count,
retrieved-context prompt, and decoding configura-
tion are used across methods; no method-specific
prompt or decoding tuning is applied.

Setting Value

Sentence granularities {2, 4, 8, 16, 32}
Chunk overlap / stride 50% / g/2
Candidates per source M = 100
Final contexts K = 5
Dense maximum length 512 tokens
SPLADE maximum length 256 tokens
Hybrid RRF constant k = 60
Score normalization Candidate-list z-score
Fine-grained locators 2 and 4 sentences
Promotion target Start-aligned 8-sentence parent
Unpromoted levels 8, 16, and 32 sentences
Duplicate aggregation Bounded evidence aggregation
Span-overlap cutoff 0.75 of the shorter span

Table 7: Consolidated retrieval and context-construction
settings.

Dense and sparse scores are normalized sepa-
rately within each expert–granularity top-M list

Algorithm 1 UMGP-RAG
Require: Query q, experts E , granularities G, M = 100,

K = 5, overlap cutoff 0.75
Ensure: Selected context chunks S
1: Ucand ← ∅
2: for all (e, g) ∈ E × G do
3: Ce,g(q)← TopMu∈Ug

se,g(q, u)

4: Compute pe,g(u | q, Ce,g) from normalized scores
5: Compute He,g(q) and ce,g(q) = 1−He,g(q)
6: Ucand ← Ucand ∪ Ce,g(q)
7: end for
8: Normalize {ce,g(q)} to obtain we,g(q)

9: Compute P (u | q) and R(u | q) = P (u | q)/
√

ℓ(u) for
all u ∈ Ucand

10: Sort Ucand by R(u | q) in descending order
11: Upromoted ← ∅, A(v | q)← 0
12: for all u in ranked Ucand do
13: v ← π8(u) if u ∈ U2 ∪ U4; otherwise v ← u
14: Upromoted ← Upromoted ∪ {v}
15: A(v | q)← 1−

(
1−A(v | q)

)(
1− P (u | q)

)
16: end for
17: Compute RP (v | q) = A(v | q)/

√
ℓ(v) for all v ∈

Upromoted

18: Sort Upromoted by RP (v | q) in descending order
19: S ← ∅
20: for all v in ranked Upromoted do
21: if |S| = K then
22: break
23: end if
24: if S = ∅ or maxs∈S overlap(v, s) < 0.75 then
25: S ← S ∪ {v}
26: end if
27: end for
28: return S

before the softmax evidence distribution is com-
puted. Fine-grained chunks are deterministically
mapped to the enclosing start-aligned parent win-
dow. Multiple children mapped to the same parent
are combined by 1−∏

i(1−Pi), and a candidate is
discarded when at least 75% of its shorter sentence
span overlaps a previously selected context.

C Controlled Fusion, Promotion, and
Reranking Analyses

Table 8(a) compares equal-weight multi-granularity
pooling, CombSUM and CombMNZ (Fox and
Shaw, 1993), margin-based confidence, entropy
fusion without the square-root length penalty, and
the proposed configuration. Retrieval AR@5 is
evaluated on the full NQ evaluation set, whereas
LLaMA F1 is evaluated on a fixed 200-question
subset shared across all methods. The 200 ques-
tions used for generation were randomly sampled
and fixed before evaluating the compared methods.

The comparison supports three conclusions.
Multi-granularity evidence is useful even with sim-
ple fusion; parent promotion is a major contributor
across fusion rules; and the fusion stage remains
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(a) Fusion and parent-promotion ablation

Method BERT AR@5 BERT–LLaMA F1 BGE-M3 AR@5 BGE-M3–LLaMA F1

Standard 0.4477 0.2241 0.8562 0.4847
Equal MG 0.6754 0.4462 0.8047 0.4921
CombSUM 0.6754 0.4520 0.8047 0.4931
CombMNZ 0.6983 0.4497 0.8058 0.4924
Margin confidence 0.6792 0.4543 0.8058 0.4959
Entropy, no length penalty 0.7515 0.4765 0.8421 0.5067
UMG-RAG 0.6852 0.4504 0.8023 0.4919

Equal MG + parent 0.7896 0.4880 0.8766 0.5162
CombSUM + parent 0.7913 0.4902 0.8773 0.5141
CombMNZ + parent 0.7949 0.4855 0.8763 0.5178
Margin confidence + parent 0.7649 0.4736 0.8731 0.5097
Entropy, no length penalty + parent 0.7938 0.4897 0.8689 0.5124
UMGP-RAG 0.7797 0.4824 0.8759 0.5105

(b) Comparison with an LLM reranker

Retriever Method AR@5 LLaMA F1

BERT Standard RAG 0.4477 0.2241
BERT LLM reranker 0.7350 0.3954
BERT UMGP-RAG 0.7797 0.4824

BGE-M3 Standard RAG 0.8562 0.4847
BGE-M3 LLM reranker 0.7700 0.4566
BGE-M3 UMGP-RAG 0.8759 0.5105

Table 8: Controlled fusion, promotion, and reranking analyses on NQ. In both analyses, retrieval AR@5
is evaluated on the full NQ evaluation set, while LLaMA F1 is evaluated on a fixed 200-question subset. (a)
Multi-granularity fusion substantially improves the BERT pipeline, while parent promotion provides a further gain
across fusion rules. (b) UMGP-RAG is compared with an additional LLM reranking pass.

consequential because it changes which evidence is
promoted. Several conventional fusion rules with
promotion are competitive with or stronger than
UMGP-RAG in this controlled comparison, so the
results do not establish a unique empirical advan-
tage for entropy weighting. The no-length-penalty
configurations are also competitive, showing that
the square-root penalty is an optional compactness
heuristic rather than an essential source of improve-
ment.

Table 8(b) compares UMGP-RAG with an LLM
reranker. Retrieval AR@5 is evaluated on the full
NQ evaluation set, while LLaMA F1 is evaluated
on the same fixed 200-question subset used in Ta-
ble 8(a). Reranking improves the BERT pipeline
over Standard RAG but remains below UMGP-
RAG in both retrieval and generation. With BGE-
M3, it does not improve over the standard retriever.
This comparison indicates that an additional LLM
pass is not consistently beneficial across retrievers.

D Confidence–Correctness Cases

Table 9 complements the aggregate diagnostic in
Table 3. The first two cases show the intended
adaptive behavior, while the third shows that a con-
centrated score distribution can still be wrong.

E Parent Granularity and Document
Length

The parent target controls the trade-off between
local coherence and context expansion. Table 10(a)
shows that the eight-sentence level provides sub-
stantially more context than the fine-grained loca-
tors while remaining much shorter than 16- and
32-sentence windows.

Table 11 supports eight sentences as a stable
operating point rather than a universal optimum. It
gives the strongest retrieval and Qwen F1 for both
retrievers, whereas a 16-sentence parent is slightly
stronger for BERT–LLaMA generation.

Table 10(b) shows that both corpora contain a
substantial long tail: the median document is mod-
erate, but the 90th percentile exceeds 3,000 tokens
and the maximum exceeds 26,000 tokens. In con-
trast, the generator receives only the five selected
contexts.

F Paired Significance Tests

We compute paired bootstrap 95% confidence inter-
vals and paired randomization/sign-flip tests from
per-example LLaMA outputs. Table 12 reports
comparisons against Standard RAG and Hybrid
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Type Query Answer Dense / sparse conf. Outcome

Dense success first jnanpith award was an author of which language Malayalam 0.848 / 0.424 Dense hits; sparse misses
Sparse success who gave the famous objective correlative theory T. S. Eliot 0.169 / 0.766 Sparse hits; dense misses
Failure who is the leading african producer of wool South Africa 0.873 / 0.636 Dense misses; sparse hits

Table 9: Representative uncertainty-weighting cases. The failure illustrates an overconfident distractor and motivates
treating entropy-derived confidence as a query-relative signal rather than calibrated correctness.

(a) Sentence-window token lengths

NQ HotPotQA

Granularity Median P90 Median P90

2 38 65 41 71
4 78 122 83 131
8 162 231 164 237
16 332 443 331 445
32 671 867 657 846

(b) Corpus document lengths

Dataset Docs. Mean Median P75 P90 P95 Max

NQ 14,274 1,212.8 333 1,130 3,379 5,761 33,243
HotPotQA 20,519 1,175.7 424 1,245 3,136 5,200 26,730

Table 10: Length statistics in whitespace tokens. (a) Token lengths of the sentence-window granularities used for
retrieval. (b) Document lengths in the cached retrieval corpora.

BERT BGE-M3

Target AR@5 Qwen EM Qwen F1 LLaMA EM LLaMA F1 AR@5 Qwen EM Qwen F1 LLaMA EM LLaMA F1

4 0.7441 0.3405 0.4514 0.3588 0.4726 0.8470 0.3676 0.4859 0.3761 0.5019
8 0.7797 0.3394 0.4590 0.3585 0.4750 0.8759 0.3846 0.5048 0.3951 0.5136
16 0.7638 0.3394 0.4562 0.3750 0.4838 0.8604 0.3655 0.4861 0.3994 0.5109
32 0.7106 0.3299 0.4378 0.3479 0.4605 0.8142 0.3595 0.4750 0.3726 0.4889

Table 11: NQ ablation over fixed promotion targets under the same top-5 context setting. Retrieval is generator-
independent. Target 8 provides the most stable trade-off across retrievers and generators, while target 16 is strongest
for BERT–LLaMA generation.

RRF for the BERT and BGE-M3 retrievers.

G Statistical Robustness with Bootstrap
Resampling

The main results report mean retrieval and genera-
tion performance for readability. To assess statisti-
cal robustness, we additionally estimate standard
deviations using 1,000 bootstrap resamples over
the evaluation examples. Each bootstrap sample is
drawn with replacement from the original evalua-
tion set, and all metrics are recomputed on the re-
sampled set. Tables 13 and 14 report the bootstrap
results on Natural Questions with Qwen2.5-3B-
Instruct and Llama-3.2-3B-Instruct, respectively.
Tables 15 and 16 report the corresponding results
on HotPotQA.

Overall, the bootstrap results show that the main
trends are stable. UMGP-RAG consistently im-
proves over UMG-RAG, supporting the benefit

of parent promotion and overlap-aware dedupli-
cation. The results also show that the strongest
retrieval AR@5 does not always correspond to the
strongest generation performance. For example,
long-context retrieval methods can achieve high
answer coverage, but the resulting context may
still include distractors or place answer-bearing
evidence in less favorable positions for the gener-
ator. In contrast, UMGP-RAG tends to produce
stronger generation performance by constructing
compact and locally coherent contexts.

The standard deviations are small relative to
most observed differences. Together with the
paired tests in Appendix F, these results support
the full UMGP-RAG comparisons while leaving
the contribution of individual fusion rules to the
controlled analysis in Table 8.
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Dataset Retriever Comparison Base F1 UMGP F1 ∆ (95% CI) p

NQ BERT Standard RAG 0.2414 0.4811 +0.2397 [0.2212, 0.2585] 0.0005
NQ BERT Hybrid RRF 0.4504 0.4811 +0.0306 [0.0167, 0.0449] 0.0005
HotPotQA BERT Standard RAG 0.2803 0.4460 +0.1657 [0.1529, 0.1783] 0.0005
HotPotQA BERT Hybrid RRF 0.4245 0.4460 +0.0215 [0.0106, 0.0318] 0.0005
NQ BGE-M3 Standard RAG 0.4941 0.5128 +0.0187 [0.0030, 0.0347] 0.0265
NQ BGE-M3 Hybrid RRF 0.4986 0.5128 +0.0142 [0.0014, 0.0279] 0.0435
HotPotQA BGE-M3 Standard RAG 0.4913 0.5133 +0.0220 [0.0109, 0.0331] 0.0010
HotPotQA BGE-M3 Hybrid RRF 0.4986 0.5133 +0.0147 [0.0052, 0.0244] 0.0035

Table 12: Paired LLaMA F1 comparisons. All confidence intervals exclude zero.

H Computational Infrastructure and
Budget

All experiments were conducted on a single
NVIDIA RTX A5000 GPU with 24GB mem-
ory. Because the proposed methods are training-
free and do not update retriever or generator pa-
rameters, the computational budget is reported
as retrieval/context-construction time, generation
time, and peak memory usage per question rather
than training GPU hours.
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Retriever Method Retrieval
AR@5 ↑

Qwen2.5-3B-Instruct

F1 ↑ AR ↑
SPLADEv3 RAG 0.7994±0.0074 0.4745±0.0083 0.4529±0.0094

BERT

RAG

0.4477±0.0090

0.2270±0.0069 0.2013±0.0072
Summarized RAG 0.1704±0.0064 0.1491±0.0068
LongLLMLingua 0.2304±0.0071 0.2080±0.0078

MS-PoE 0.2239±0.0070 0.1974±0.0074
REPLUG 0.1373±0.0059 0.1174±0.0059

PINE 0.1915±0.0066 0.1843±0.0072

LongRAG 0.4441±0.0093 0.2093±0.0070 0.1851±0.0073
Hybrid 0.7011±0.0086 0.4265±0.0090 0.4018±0.0093

UMG-RAG (Ours) 0.6852±0.0088 0.4350±0.0084 0.4110±0.0092
UMGP-RAG (Ours) 0.7797±0.0078 0.4572±0.0087 0.4307±0.0091

BGE-M3

RAG

0.8562±0.0068

0.4407±0.0085 0.3994±0.0089
Summarized RAG 0.3243±0.0080 0.2880±0.0085
LongLLMLingua 0.4581±0.0083 0.4184±0.0089

MS-PoE 0.4432±0.0083 0.4015±0.0092
REPLUG 0.4701±0.0082 0.4216±0.0093

PINE 0.4547±0.0084 0.4420±0.0092

LongRAG 0.9101±0.0055 0.4598±0.0083 0.4219±0.0093
Hybrid 0.8241±0.0071 0.4927±0.0085 0.4727±0.0092

UMG-RAG (Ours) 0.8023±0.0074 0.4809±0.0081 0.4593±0.0093
UMGP-RAG (Ours) 0.8759±0.0063 0.5052±0.0086 0.4794±0.0092

Qwen3-
Embedding-4B

RAG

0.8601±0.0067

0.4427±0.0084 0.3990±0.0092
Summarized RAG 0.3333±0.0084 0.2915±0.0086
LongLLMLingua 0.4459±0.0085 0.4057±0.0089

MS-PoE 0.4481±0.0083 0.4064±0.0090
REPLUG 0.4796±0.0084 0.4367±0.0094

PINE 0.4628±0.0084 0.4466±0.0096

LongRAG 0.9253±0.0050 0.4744±0.0084 0.4329±0.0093
Hybrid 0.8114±0.0071 0.4803±0.0088 0.4621±0.0092

UMG-RAG (Ours) 0.7949±0.0077 0.4807±0.0082 0.4582±0.0093
UMGP-RAG (Ours) 0.8745±0.0064 0.4961±0.0085 0.4748±0.0091

Table 13: Results on the Natural Questions dataset (Qwen2.5-3B-Instruct). The best retrieval and generation
scores within each retriever block are highlighted in bold, and the second best scores are underlined.
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Retriever Method Retrieval
AR@5 ↑

Llama-3.2-3B-Instruct

F1 ↑ AR ↑
SPLADEv3 RAG 0.7994±0.0074 0.4923±0.0081 0.4741±0.0097

BERT

RAG

0.4477±0.0090

0.2414±0.0074 0.2178±0.0076
Summarized RAG 0.1972±0.0068 0.1703±0.0071
LongLLMLingua 0.2573±0.0079 0.2429±0.0081

MS-PoE 0.2435±0.0073 0.2192±0.0076
REPLUG 0.2254±0.0071 0.1896±0.0071

PINE 0.2084±0.0067 0.2097±0.0074

LongRAG 0.4441±0.0093 0.2318±0.0073 0.2094±0.0077
Hybrid 0.7011±0.0086 0.4504±0.0083 0.4293±0.0092

UMG-RAG (Ours) 0.6852±0.0088 0.4514±0.0080 0.4304±0.0097
UMGP-RAG (Ours) 0.7797±0.0078 0.4811±0.0086 0.4533±0.0093

BGE-M3

RAG

0.8562±0.0068

0.4941±0.0082 0.4593±0.0094
Summarized RAG 0.3520±0.0081 0.3127±0.0086
LongLLMLingua 0.4631±0.0083 0.4462±0.0096

MS-PoE 0.5005±0.0086 0.4709±0.0091
REPLUG 0.4962±0.0085 0.4459±0.0089

PINE 0.4452±0.0080 0.4603±0.0093

LongRAG 0.9101±0.0055 0.5113±0.0081 0.4910±0.0095
Hybrid 0.8241±0.0071 0.4986±0.0083 0.4766±0.0097

UMG-RAG (Ours) 0.8023±0.0074 0.4873±0.0078 0.4716±0.0095
UMGP-RAG (Ours) 0.8759±0.0063 0.5128±0.0084 0.4878±0.0094

Qwen3-
Embedding-4B

RAG

0.8601±0.0067

0.4939±0.0084 0.4621±0.0093
Summarized RAG 0.3537±0.0083 0.3162±0.0087
LongLLMLingua 0.4561±0.0083 0.4346±0.0098

MS-PoE 0.5046±0.0083 0.4720±0.0094
REPLUG 0.5120±0.0084 0.4642±0.0088

PINE 0.4291±0.0082 0.4438±0.0095

LongRAG 0.9253±0.0050 0.5145±0.0082 0.4949±0.0096
Hybrid 0.8114±0.0071 0.4916±0.0083 0.4741±0.0096

UMG-RAG (Ours) 0.7949±0.0077 0.4974±0.0080 0.4790±0.0093
UMGP-RAG (Ours) 0.8745±0.0064 0.5220±0.0084 0.4984±0.0094

Table 14: Results on the Natural Questions dataset (Llama-3.2-3B-Instruct). The best retrieval and generation
scores within each retriever block are highlighted in bold, and the second best scores are underlined.
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Retriever Method Retrieval
AR@5 ↑

Qwen2.5-3B-Instruct

F1 ↑ AR ↑
SPLADEv3 RAG 0.6043±0.0065 0.4613±0.0061 0.3850±0.0063

BERT

RAG

0.3638±0.0067

0.2599±0.0055 0.2087±0.0053
Summarized RAG 0.2275±0.0053 0.1864±0.0054
LongLLMLingua 0.2833±0.0055 0.2271±0.0056

MS-PoE 0.2612±0.0054 0.2112±0.0054
REPLUG 0.1798±0.0049 0.1466±0.0047

PINE 0.2424±0.0052 0.2039±0.0053

LongRAG 0.3230±0.0062 0.2299±0.0051 0.1861±0.0053
Hybrid 0.5207±0.0066 0.4081±0.0062 0.3311±0.0060

UMG-RAG (Ours) 0.5134±0.0068 0.4163±0.0062 0.3416±0.0064
UMGP-RAG (Ours) 0.5830±0.0067 0.4453±0.0061 0.3645±0.0065

BGE-M3

RAG

0.7811±0.0057

0.4613±0.0064 0.3798±0.0065
Summarized RAG 0.3856±0.0058 0.3161±0.0064
LongLLMLingua 0.4706±0.0061 0.3807±0.0065

MS-PoE 0.4622±0.0059 0.3805±0.0066
REPLUG 0.3941±0.0060 0.3150±0.0061

PINE 0.4442±0.0062 0.3787±0.0065

LongRAG 0.7457±0.0059 0.4658±0.0061 0.3845±0.0065
Hybrid 0.6471±0.0063 0.4775±0.0063 0.3975±0.0063

UMG-RAG (Ours) 0.6273±0.0064 0.4749±0.0062 0.3957±0.0066
UMGP-RAG (Ours) 0.7002±0.0061 0.5034±0.0062 0.4216±0.0068

Qwen3-
Embedding-4B

RAG

0.7971±0.0053

0.4883±0.0060 0.4041±0.0065
Summarized RAG 0.3976±0.0058 0.3261±0.0063
LongLLMLingua 0.4603±0.0061 0.3693±0.0063

MS-PoE 0.4948±0.0060 0.4073±0.0067
REPLUG 0.4075±0.0060 0.3252±0.0063

PINE 0.4621±0.0061 0.3980±0.0065

LongRAG 0.7280±0.0062 0.4524±0.0061 0.3748±0.0066
Hybrid 0.6091±0.0063 0.4626±0.0060 0.3837±0.0062

UMG-RAG (Ours) 0.5845±0.0068 0.4622±0.0060 0.3820±0.0064
UMGP-RAG (Ours) 0.6761±0.0064 0.4919±0.0060 0.4071±0.0066

Table 15: Results on the HotPotQA dataset (Qwen2.5-3B-Instruct). The best retrieval and generation scores
within each retriever block are highlighted in bold, and the second best scores are underlined.
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Retriever Method Retrieval
AR@5 ↑

Llama-3.2-3B-Instruct

F1 ↑ AR ↑
SPLADEv3 RAG 0.6043±0.0065 0.4798±0.0062 0.3966±0.0069

BERT

RAG

0.3638±0.0067

0.2803±0.0055 0.2279±0.0057
Summarized RAG 0.2469±0.0055 0.2025±0.0053
LongLLMLingua 0.3021±0.0057 0.2362±0.0057

MS-PoE 0.2860±0.0057 0.2339±0.0056
REPLUG 0.2560±0.0053 0.1984±0.0052

PINE 0.2557±0.0052 0.2180±0.0055

LongRAG 0.3230±0.0062 0.2625±0.0056 0.2104±0.0056
Hybrid 0.5207±0.0066 0.4245±0.0059 0.3479±0.0064

UMG-RAG (Ours) 0.5134±0.0068 0.4223±0.0060 0.3470±0.0067
UMGP-RAG (Ours) 0.5830±0.0067 0.4460±0.0059 0.3655±0.0063

BGE-M3

RAG

0.7811±0.0057

0.4913±0.0061 0.4048±0.0064
Summarized RAG 0.4109±0.0060 0.3366±0.0061
LongLLMLingua 0.4668±0.0062 0.3771±0.0062

MS-PoE 0.5001±0.0062 0.4123±0.0068
REPLUG 0.4287±0.0060 0.3362±0.0065

PINE 0.4409±0.0060 0.3941±0.0065

LongRAG 0.7457±0.0059 0.4799±0.0059 0.3984±0.0066
Hybrid 0.6471±0.0063 0.4986±0.0060 0.4175±0.0069

UMG-RAG (Ours) 0.6273±0.0064 0.4827±0.0059 0.4018±0.0068
UMGP-RAG (Ours) 0.7002±0.0061 0.5133±0.0060 0.4275±0.0066

Qwen3-
Embedding-4B

RAG

0.7971±0.0053

0.4991±0.0060 0.4132±0.0065
Summarized RAG 0.4315±0.0060 0.3546±0.0061
LongLLMLingua 0.4644±0.0060 0.3738±0.0063

MS-PoE 0.5172±0.0059 0.4295±0.0065
REPLUG 0.4343±0.0061 0.3411±0.0064

PINE 0.4463±0.0059 0.4027±0.0067

LongRAG 0.7280±0.0062 0.4765±0.0061 0.3961±0.0063
Hybrid 0.6091±0.0063 0.4709±0.0060 0.3904±0.0066

UMG-RAG (Ours) 0.5845±0.0068 0.4752±0.0060 0.3929±0.0068
UMGP-RAG (Ours) 0.6761±0.0064 0.5068±0.0059 0.4200±0.0064

Table 16: Results on the HotPotQA dataset (Llama-3.2-3B-Instruct). The best retrieval and generation scores
within each retriever block are highlighted in bold, and the second best scores are underlined.

47911


