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Abstract

Retrieval-Augmented Generation (RAG) systems rely on
document retrieval to ground language model responses in
external knowledge. However, most retrieval pipelines treat
retrieval as a ranking problem, selecting the top-k docu-
ments according to similarity scores. While dense retrieval
achieves strong performance under ranking metrics, it of-
ten returns highly redundant passages that occupy similar
semantic regions, wasting limited context window capac-
ity. We investigate retrieval as a coverage-aware optimiza-
tion problem rather than a pure ranking task. We intro-
duce dual residual tracking, a diversification strategy that
iteratively updates dense and sparse query representations
after each document selection by removing explained se-
mantic directions and downweighting covered query terms.
We compare this approach with other diversification strate-
gies including Maximal Marginal Relevance (MMR), which
penalizes candidate documents based on their similarity
to the most similar already selected document, and hy-
brid pricing, which penalizes similarity across the entire se-
lected set. Experiments on the TREC Deep Learning bench-
mark derived from MS MARCO show that dense retrieval
achieves the highest ranking score (nDCGQEk = 0.612)
but produces highly redundant results (Red@Qk = 0.770)
for a query. Dual residual tracking reduces redundancy
to 0.406 while maintaining competitive ranking perfor-
mance (nDCGQk = 0.561). Diversification also improves
set-level retrieval quality: MMR and dual residual track-
ing achieve higher semantic coverage (0.739, 0.738) than
dense retrieval (0.721) and BM25 (0.707), while maintain-
ing strong early retrieval performance (HitQ3 up to 0.80).
These results show that coverage-aware retrieval strategies
can substantially reduce redundancy while preserving rank-
ing performance and improving evidence diversity for RAG
systems and query retrieval.
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1. Introduction

Large language models have demonstrated strong capabil-
ities across a wide range of natural language processing
tasks, but they remain fundamentally limited by the knowl-
edge encoded in their training data in a parametric man-
ner. Because model parameters are static after training,
LLMs may produce outdated or incorrect information when
answering knowledge intensive questions. Retrieval Aug-
mented Generation (RAG) was introduced to address this
limitation by integrating external document retrieval into
the generation process, allowing language models to ground
their responses in retrieved evidence [9]. In a typical RAG
pipeline, a query is encoded into a vector representation and
used to retrieve the top-k most relevant documents from a
corpus, which are then provided as context to a language
model that generates the final answer. While RAG has
become a widely adopted architecture for grounding lan-
guage models in external knowledge, recent work has high-
lighted several limitations in current implementations [5].
Most systems rely on similarity-based ranking heuristics
when selecting documents for retrieval. Dense retrieval
models rank documents according to embedding similarity,
while sparse methods such as BM25 rely on lexical over-
lap between the query and candidate documents. Hybrid
approaches combine these signals through score fusion or
reranking. Although these methods achieve strong perfor-
mance under standard information retrieval metrics such as
nDCG, they implicitly assume that the highest-ranked doc-
uments will collectively provide diverse and sufficient ev-
idence for answering a query. In practice, this assump-
tion often fails. Dense retrieval systems frequently pro-
duce clusters of highly similar documents that repeat the
same information, leading to redundant context that wastes
the limited token budget available to the language model.
In our experiments, dense retrieval produces redundancy
as high as 0.770, indicating that many of the top-ranked
passages occupy nearly identical semantic regions while
achieving strong ranking performance with nDCGQk =
0.612. Sparse retrieval methods exhibit the opposite failure
mode, often missing semantically relevant passages when



lexical overlap is weak. Prior work suggests that these lim-
itations arise because ranking-based retrieval optimizes rel-
evance for individual documents rather than the informa-
tional value of a document set [19]. As a result, retrieved
contexts may contain individually relevant passages that
nevertheless provide overlapping evidence and fail to cover
all aspects of a query. This issue is particularly important
in RAG systems, where language models must reason over
a limited number of retrieved passages. These observations
suggest that the standard formulation of retrieval in RAG
systems may be incomplete. Most current approaches treat
retrieval as a ranking problem in which documents are in-
dependently scored and the top k results are selected ac-
cording to similarity. However, the usefulness of a retrieved
document depends not only on its relevance to the query
but also on the information already contained in previously
selected documents. In this work, we investigate retrieval
as a resource allocation problem rather than a pure rank-
ing task. Instead of selecting documents solely based on
similarity scores, we consider the marginal informational
contribution of each candidate document relative to those
already retrieved. This perspective aligns retrieval with the
objective of RAG systems: constructing a document set
that maximizes informational coverage while minimizing
redundancy within a limited context window. We evaluate
several diversification-based retrieval strategies that incor-
porate both sparse lexical and dense semantic signals. In
addition to traditional ranking metrics, we analyze retrieval
behavior using coverage-oriented metrics that better reflect
the needs of downstream language model reasoning. Ex-
periments on the TREC Deep Learning benchmark show
that diversification substantially reduces redundancy rela-
tive to dense retrieval, lowering redundancy from 0.770 to
0.406 in the best coverage-oriented configuration and to ap-
proximately 0.20 in more extreme settings. Importantly,
these gains do not arise from randomly selecting diverse
documents: diversification methods maintain competitive
ranking performance, with MMR achieving nDCGQk =
0.592 and dual residual tracking achieving 0.561 compared
to 0.612 for dense retrieval. At the same time, seman-
tic coverage slightly improves, increasing from 0.721 un-
der dense retrieval to 0.738 under diversification-based re-
trieval. These results highlight a tension between ranking-
based evaluation and coverage-oriented retrieval objectives,
suggesting that improving RAG performance may require
both new retrieval algorithms and new evaluation frame-
works.

2. Related Work

2.1. Sparse Methods

Traditional sparse retrieval methods like TF-IDF and BM25
have dominated information retrieval due to their compu-

tational efficiency and exact matching capabilities. DrQA
[3] established the modern two-stage paradigm for open-
domain question answering by pairing TF-IDF retrieval
with a neural reader for answer extraction. However, DrQA
documented severe performance degradation when moving
from reading comprehension to open-domain settings, with
exact match scores dropping from over 80% to below 40%.
This highlighted retrieval quality as a critical bottleneck.
Wang et al. [18] improved the reader component through
global normalization across multiple passages while con-
tinuing to rely on BM25 for retrieval. These works demon-
strate that while sparse methods excel at exact term match-
ing and maintain fast query times, they fundamentally strug-
gle with vocabulary mismatch. This limitation motivates the
development of methods that can capture semantic similar-
ity beyond lexical overlap.

2.2. Dense Methods

Dense retrieval addresses the vocabulary mismatch problem
by encoding queries and documents as continuous vectors
in a shared semantic space. ORQA [8] demonstrated that
dense retrieval could outperform BM25 on open-domain
question answering, achieving 33.3% exact match on Nat-
ural Questions, although this required weeks of large-scale
pretraining. Subsequent work on Dense Passage Retrieval
(DPR) showed that dense and sparse retrieval make com-
plementary errors [6]. For example, BM25 can retrieve pas-
sages containing salient phrases such as “Thoros of Myr”
that dense models miss, while dense retrieval excels at se-
mantic matching, such as linking “body of water” to “Irish
Sea”.

DPR also explored combining BM25 and dense retrieval
through linear score fusion, yielding modest improvements.
However, fixed weighting schemes cannot adapt to query
characteristics, provide no mechanism for selecting com-
plementary passages, and ignore computational trade-offs
between retrieval signals. As a result, simple score fusion
does not necessarily produce better document sets. More
broadly, both sparse and dense retrieval methods rely on
ranking heuristics that approximate relevance at the indi-
vidual document level. This limitation motivates treating
context retrieval as a structured optimization problem that
accounts for the overall informational value of the retrieved
document set.

2.3. Redundancy and Diversification Methods

When documents are selected purely based on similarity to
the query, retrieval pipelines often return clusters of highly
similar passages that repeat the same information, reduc-
ing the effective coverage of the retrieved context and con-
suming tokens that could otherwise provide complemen-
tary evidence. Zero-RAG [11] examines redundancy from
the perspective of overlap between model-internal knowl-
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Figure 1. Comparison of standard top-k retrieval (left) versus coverage-aware retrieval (right). Standard retrieval ranks documents by
similarity to the query, often selecting redundant documents (Doc 1, 2, 3 shown in blue). Coverage-aware retrieval iteratively selects
documents that maximize marginal information gain, resulting in diverse coverage (shown with different colors: blue, green, orange).

edge and external corpora. The authors show that retrieving
passages containing knowledge already internalized by the
model can degrade performance. Their experiments demon-
strate that adding redundant passages to questions the model
can already answer reduces accuracy by approximately 20
percentage points. To address this issue, they introduce a
mastery-based metric that estimates whether a model al-
ready possesses the information contained in a passage and
prune documents with high mastery scores. Using this ap-
proach, Zero-RAG removes roughly 30% of a Wikipedia
corpus while preserving RAG performance and improving
retrieval efficiency [11].

While such approaches reduce redundancy at the corpus
level, most retrieval systems still rely on ranking heuris-
tics during document selection. These methods operate
within ranking frameworks and rely on heuristic trade-offs
between relevance and diversity. This limitation motivates
approaches that treat retrieval as an explicit optimization
problem over document sets rather than independent rank-
ing decisions.

2.4. Combining Sparse and Dense Signal

Hybrid retrieval systems aim to leverage the complemen-
tary strengths of dense and sparse query representations.
Recent surveys categorize hybrid retrieval approaches into
several classes, including parallel score fusion, sequen-
tial reranking pipelines, and unified hybrid indexing strate-
gies [12]. In parallel fusion systems, sparse and dense
scores are combined through weighted aggregation or re-

ciprocal rank fusion. Sequential pipelines instead use
sparse retrieval to generate candidate documents that are
subsequently reranked using dense neural models. Uni-
fied hybrid systems integrate lexical and semantic repre-
sentations within a shared retrieval architecture. These ap-
proaches have demonstrated improved retrieval effective-
ness on benchmarks such as MS MARCO and BEIR by bal-
ancing lexical precision with semantic matching capability
[12]. In RAG systems, Blended RAG [16] combines BM25
keyword search, dense vector retrieval, and sparse encoder-
based semantic search within hybrid query pipelines. Ex-
periments on Natural Questions and TREC-COVID datasets
show that hybrid retrievers significantly improve retrieval
accuracy compared to single-method approaches, achiev-
ing 88.77% top-10 retrieval accuracy on Natural Questions.
Similarly, dual-retrieval RAG systems combine dense se-
mantic retrieval with sparse keyword search to improve fac-
tual coverage and reduce hallucination in domain-specific
tasks such as medical question answering [7]. While these
approaches demonstrate the benefits of combining sparse
and dense signals, they typically rely on score fusion or
multi-stage ranking pipelines rather than explicitly optimiz-
ing the final document set.

2.5. Pricing Method

Using convex geometry and pricing-guided discrete selec-
tion for retrieval-augmented generation (RAG), Sridhar [17]
introduces a two-stage optimization framework that re-
frames context retrieval as a certified discrete optimization



procedure. This approach demonstrates that pricing algo-
rithms can retrieve document sets with lower redundancy
than traditional ranking-based methods, providing a com-
putationally efficient advancement for RAG systems. How-
ever, although Sridhar positions this framework outside of
traditional retrieval paradigms, it still relies on a single sig-
nal, a dense semantic representation, to guide optimization.
While such representations may adequately capture the se-
mantic intent of a query, they can still leave a substantial
lexical gap. Consequently, we motivate the development of
a hybrid pricing algorithm that jointly optimizes dense and
sparse signals, enabling retrieval that captures both seman-
tic meaning and lexical specificity rather than relying on a
single signal.

3. Methods
3.1. Dataset

We plan to evaluate our retrieval methods using the
MS MARCO passage retrieval benchmark together with
the TREC Deep Learning (TREC-DL) query sets. MS
MARCO is a large-scale dataset constructed from
anonymized Bing search queries and web documents, de-
signed to support research on machine reading comprehen-
sion and information retrieval [1]. The passage ranking task
in MS MARCO contains approximately 8.8 million pas-
sages extracted from web documents, along with queries
that were sampled from real user search logs.

For evaluation we use the TREC Deep Learning 2019
and 2020 query sets, which provide a curated benchmark
for passage retrieval systems [4]. Unlike the original MS
MARCO training data, the TREC-DL benchmark includes
graded relevance judgments for each query and document
set, with relevance levels ranging from O (not relevant) to 3
(highly relevant). These graded labels enable evaluation us-
ing ranking metrics such as normalized Discounted Cumu-
lative Gain (nDCG), which rewards systems for retrieving
highly relevant documents earlier in the ranking.

To construct the evaluation set used in our experiments,
we first load all queries and relevance judgments from the
TREC-DL 2019 and 2020 benchmarks. Queries that do
not contain any relevant documents in the qrels are re-
moved, ensuring that each query in the dataset has at least
one judged relevant passage. After filtering, the resulting
dataset contains 97 queries with graded relevance annota-
tions.

Rather than retrieving documents from the full MS
MARCO corpus during experimentation, we constructed a
controlled candidate document pool consisting of the union
of all passages that appear in the relevance judgments for
the selected queries. This candidate pool contains both rel-
evant and no relevant documents and provides a tractable
environment for comparing retrieval algorithms.

Using this restricted candidate pool allows us to directly
compare retrieval strategies without the computational cost
of searching the full MS MARCO corpus. However, it also
introduces a structural limitation, which is that because the
pool consists primarily of judged documents, relevant pas-
sages may cluster closely in embedding space.

3.2. Document Representations

To support both semantic and lexical retrieval signals, we
represent documents using two complementary representa-
tions, which are dense semantic embeddings and sparse lex-
ical representations. These representations enable compari-
son between retreival methods focusing on semantic mean-
ing, and those focusing on keyword appearances, as well as
hybrid approaches that combine both signals.

Dense Representations. For dense retrieval, each pas-
sage is encoded as a fixed dimensional embedding vector
using a pretrained sentence transformer model [14]. Sen-
tence transformers are designed to produce semantically
meaningful embeddings for sentences and short passages,
allowing similarity between texts to be computed using vec-
tor operations.

Let ¢ € R? denote the embedding of a query and
d; € R? denote the embedding of document i. We com-
pute document relevance using cosine similarity:

q-d;

SCOr€dense (¢, di) = Nalllld:]l
T

Sparse Representations. In addition to dense embed-
dings, we construct a sparse lexical representation of each
passage using the BM25 ranking function [15]. BM25 is
a probabilistic information retrieval model that ranks doc-
uments according to term frequency and inverse document
frequency statistics computed from the corpus.

For a query ¢ containing terms ¢, the BM25 score for
document d is computed as:

SCOresparse (¢, d) = ZIDF(t)- ft,d)- (k1 +1)

= F(td) + k(1= b+ bl

where f(t,d) denotes the frequency of term ¢ in docu-
ment d, |d| is the document length, and avgdl is the average
document length in the corpus. The parameters k; and b
control term frequency saturation and length normalization.

Sparse representations capture lexical matching behavior
that dense embeddings often fail to model, particularly for
rare terms, named entities, and exact phrase matches.

)



3.3. Retrieval Algorithms

We evaluate several retrieval strategies that combine sparse
lexical signals and dense semantic embeddings. All meth-
ods operate on the same candidate document pool and select
documents from said pool.

Dense Retrieval. The dense baseline ranks documents us-
ing cosine similarity between the query embedding ¢ and
document embedding d

Sdensc(Q7d) =q-d (D

where both embeddings are normalized to unit length.
Documents are retrieved by selecting the top k documents
according to this score.

Sparse Retrieval (BM25). The sparse baseline ranks
documents using the BM25 scoring function discussed
above. Documents are retrieved by selecting the top-k
BM25 scores.

Hybrid Score Fusion. To combine sparse and dense sig-
nals, we use linear score fusion:

Sfusion(d) =« Sdense(qa d) + (]- - a) Ssparse(q7 d) (2)

where o € [0, 1] controls the relative weight of semantic
and lexical similarity. Scores are normalized before fusion,
and alpha is swept through to determine the optimal setting.

Hybrid Maximal Marginal Relevance (MMR). To re-
duce redundancy among retrieved documents, we imple-
ment a hybrid version of Maximal Marginal Relevance
(MMR) [2]. At each step the next document is selected by
maximizing

smmr(d) = ar(d) — /\Itsﬂeaéi sim(d, ) 3)
where r(d) is the hybrid relevance score, S is the set of
already selected documents, and sim(d, s) is cosine simi-
larity between document embeddings. In other words, this
method penalizes new documents for the already chosen
document they are most close to. This minimizes highly
redundant documents from being chosen.

Hybrid Pricing. Pricing-based selection penalizes redun-
dancy across the entire selected set rather than the most sim-
ilar document. At each step we select

Sprice(d) = r(d) — )\ﬁ Z sim(d, s) 4)

seS

where 7(d) is the hybrid relevance score and S is the set
of selected documents.

Dual Residual Tracking. Instead of directly penalizing
document similarity, dual residual tracking updates the
query representation after each document selection. Let g
denote the dense query representation at iteration ¢ and d the
selected document embedding. The dense residual update is

qir1 = q: — n(qe - d)d &)

which removes the semantic direction explained by the
selected document. In parallel, sparse query weights are
reduced for tokens appearing in selected documents, en-
couraging lexical coverage across different query aspects.
Retrieval then proceeds using the updated dense and sparse
residual queries.

3.4. Evaluation Metrics

Standard information retrieval metrics evaluate retrieval
quality by measuring how well individual documents are
ranked by relevance. However, for RAG systems the rel-
evant question is not whether each retrieved document is
individually relevant, but whether the retrieved set collec-
tively provides sufficient and diverse evidence to answer
the query. To capture this distinction, we evaluate meth-
ods along ranking metrics, which measure individual docu-
ment relevance and ordering, but coverage-oriented metrics,
which measure the informational breadth of the retrieved
set as a whole. This dual evaluation framework is central
to our argument that ranking based metrics alone are insuf-
ficient for assessing retrieval quality in RAG settings, as a
set of highly relevant but redundant documents may score
well under nDCG while providing little additional value,
and actually confusing and worsening a downstream lan-
guage model.
The metrics used in our experiments are as follows.

nDCG @k (Normalized Discounted Cumulative Gain).
For a ranked list of documents up to position k,

k

2reli -1
DCGak = z:zl log, (i + 1)

where rel; denotes the relevance score of the document
at rank 7. The normalized score is computed as

DCGQk

nDCGOk = 5 e0ak

where I DCGQE is the ideal DCG obtained from the op-
timal ranking. This metric evaluates ranking quality by re-
warding highly relevant documents appearing near the top
of the list.
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Figure 2. Ranking methods often select documents clustered around the highest similarity region, while diversification-based methods aim

to cover multiple semantic aspects of the query.

Red.@Fk (Redundancy). Let Dy, = {di,da,...,d;} de-
note the top-k retrieved documents. Redundancy is defined
as the average pairwise similarity:

RedQk = > sim(di, d;)
1<J

2
k(k — 1)

where sim(d;,d;) represents cosine similarity between
document embeddings. Higher values indicate greater re-
dundancy among retrieved documents.

Hit@3. Hit@3 measures whether a relevant document ap-
pears within the first three results:

HitQ3 — 1 at least.one relevant doc in the top 3
0 otherwise

Across a set of queries (), the metric is averaged as

> hit,

q€Q

1
Hit@Q3 = —
@

This metric captures retrieval success of the most rele-
vant documents.

SemCov@Fk (Semantic Coverage). Let S denote the set
of semantic aspects of a query and let .S; denote the top-
k retrieved documents. Semantic coverage measures the
fraction of the query’s semantic content captured by the re-
trieved set.

In practice, we approximate semantic aspects using
dense document embeddings. Let R, denote the set of
judged relevant documents for query ¢. Each relevant doc-
ument is treated as representing a potential semantic inter-
pretation of the query. Coverage of an aspect r € R, is
measured by the maximum cosine similarity between that
relevant document and any retrieved document:

e(r) = max cos(e(r),e(d))

where e(-) denotes the embedding of a document. The
semantic coverage score is then computed as

1
m Z c(r)

9 reR,

SemCov@k =

This metric rewards retrieved sets that collectively cap-
ture multiple semantic interpretations of the query rather
than repeatedly retrieving passages from the same seman-
tic region.



SparseCov@F£ (Lexical Coverage). Let T, denote the set
of query terms for query q. Sparse coverage measures how
well the retrieved documents collectively cover the query’s
lexical content.

Ule terms(d;) N T,
T4
where terms(d;) denotes the set of tokens appearing in
retrieved document d;. This metric measures how well the

retrieved documents collectively cover the query’s lexical
terms.

SparseCov@k =

Irr.@k (Irrelevance). Irrelevance measures the fraction
of non-relevant documents in the top-k results:

k
1
IrrQk = z Z_Zl 1(rel(d;) = 0)
where 1 is the indicator function. Lower values corre-
spond to higher precision in the retrieved set.

4. Results

4.1. Overview

Figure 3 illustrates the core motivation for this work on a
representative query. For the query is caffeine a narcotic,
dense retrieval selects ten documents that cluster tightly
around the query vector in embedding space, ignoring the
large portion of the relevant document space that lies fur-
ther away. MMR begins to spread its selections across the
space, while dual residual tracking also reaches substan-
tially further, retrieving documents from semantic regions
that dense retrieval never explores. Critically, many of the
grade-3 documents,shown in orange, are scattered across
the space rather than concentrated near the query, meaning
that pure similarity-based retrieval systematically misses
them, but both dual residual and MMR are able to find at
least one grade 3 document. Note that these visualizations
project document embeddings from 384 dimensional space
into two dimensions using UMAP, so the apparent cluster-
ing and separation in the plot understate the true geometric
relationships.

We evaluate dense retrieval, BM25, linear fusion, hy-
brid MMR, hybrid pricing, and dual residual tracking on
the frozen TREC-DL query set described in Section 3. Our
goal is not only to identify the single best configuration, but
to characterize the tradeoffs between ranking quality, redun-
dancy, semantic coverage, lexical coverage, and retrieval ef-
ficiency across method families. Table | reports an average
configuration for each family.

Across all experiments, the most important qualitative
result is that traditional retreival methods achieve high re-
dundancy scores without fail. Methods that achieve the
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Figure 3. Dense retrieval clusters all selections near the query vec-
tor, missing the majority of highly relevant documents scattered
across the space. MMR spreads selections more broadly, and dual
residual tracking reaches the widest semantic range.

highest nDCG are also the most redundant, clustering se-
lections around the query rather than spreading across the



full document space. Diversification and pricing methods
intentionally move away from this cluster, improving cov-
erage and reducing redundancy at the cost of lower nDCG,
a tradeoff we discuss in detail throughout this section.

4.2. Ranking Performance

We begin with ranking quality under nDCG@k. Dense re-
trieval and fusion are essentially tied at the top, achieving
nDCG@Fk of 0.612 and 0.613 respectively, with fusion at
a = 0.95 edging ahead by a negligible margin. This con-
firms that adding a small lexical component does not hurt
ranking quality and can marginally improve it. Among the
hybrid methods, pricing reaches 0.604 and MMR 0.602,
both remaining competitive with dense retrieval under a
ranking oriented evaluation. Although dual residual only
reaches 0.586, this still maintains near the same perfor-
mance as dense. BM25 alone falls well behind at 0.386,
which strongly signals that sparse only retrieval is insuffi-
cient as a standalone method in this setting.

A revealing signal comes from Hit@3, which once again
measures whether at least one grade-3 (most relevant) doc-
ument appears in the selected documents. Here the order-
ing reverses noticeably. Dense retrieval scores only 0.722,
lower than all pricing methods, while dual residual and hy-
bridpricing both reach 0.773 at their best configurations and
MMR reaches 0.763. These differences of 4 — 5% are
significant differences. Diversification methods are there-
fore more reliably surfacing the most relevant documents,
even when their overall nDCG is slightly lower. This sug-
gests that dense retrieval’s nDCG advantage comes not from
finding better documents, but from aggressively clustering
selections around the highest-scoring relevance region plac-
ing many very similar at least somewhat relevant passages
near the top.

Examining redundancy across all configurations reveals
that every top-10 nDCG configuration has redundancy
above 0.69, which shows that high ranking performance and
high redundancy are closely linked, a pattern we examine in
detail in Section 4.3.

4.3. Redundancy Reduction

As noted in Section 4.2, high nDCG and high redundancy
are closely linked. It has been proven that redundancy in
documents during RAG leads to higher rates of hallucina-
tion [10]. This section examines redundancy directly and
asks whether reducing it comes at the cost of retrieval qual-
ity.

Dense retrieval has the highest redundancy of any fam-
ily at 0.756, fixed across all configurations since it has no
mechanism for multiple configurations. Fusion remains
similarly clustered, ranging from 0.578 to 0.756 across
its alpha sweep, with the balanced configuration sitting at
0.736. MMR and pricing begin to separate from this cluster.

The balanced MMR configuration reaches 0.691 and bal-
anced pricing 0.718, both reducing redundancy while main-
taining nDCG above 0.587 and 0.604 respectively. BM25
is the least redundant of the fixed methods at 0.523, though
this comes alongside a much weaker ranking performance.

Dual residual tracking is qualitatively different from all
other families. Across its full parameter sweep, redun-
dancy ranges from 0.201 to 0.695, with a family mean of
0.576. No other method family explores redundancy be-
low 0.430. Its best ranking-oriented configuration achieves
redundancy 0.675, comparable to MMR, while its most ag-
gressive coverage-oriented settings push redundancy below
0.21. This behavior follows directly from the residual up-
date mechanism, which forces that once a document is se-
lected, its semantic direction is subtracted from the query
representation, making the method structurally biased to-
ward complementary evidence rather than simply penaliz-
ing similar candidates as MMR and pricing do.

Figure 4 makes this geometric picture concrete. Each
point represents a retrieved document, plotted by its dis-
tance to the query vector (z-axis) and its distance to the
centroid of the full selected set (y-axis). Dense retrieval pro-
duces a tight cluster in the bottom-left corner, all ten selec-
tions sit close to both the query and each other, confirming
that the method retrieves a highly similar set of passages.
MMR spreads its selections further from both the query and
the centroid, with distances to the query ranging up to 0.45
and internal spread reaching 0.32. Dual residual tracking
reaches substantially further still, with one selection as far
as 0.63 from the query and 0.58 from the centroid, a docu-
ment that dense retrieval would never have retrieved. This
geometric spread is the direct consequence of the residual
update: each selection shifts the query representation away
from already-covered directions, structurally forcing subse-
quent selections into new regions of the embedding space.

4.4. Coverage vs Redundancy Tradeoff

The previous subsection shows that diversification meth-
ods are successful in spreading selections across a wider
geometric region than dense retrieval. This section fo-
cuses on figure 5, and asks whether that geometric spread
translates into better coverage of the relevant document
space. The plot reveals two important patterns.First, all
non-dual-residual methods cluster tightly in the upper-right
corner, achieving high semantic coverage only alongside
high redundancy. Second, dual residual’s best configura-
tions match or exceed those methods on semantic coverage
while sitting at lower redundancy. This begins to answer the
question of whether reducing redundancy comes at the cost
of coverage quality.

On semantic coverage, the differences across families
are modest but meaningful, and they move in the oppo-
site direction to nDCG. Dense retrieval achieves seman-



Family nDCG@k Red.@k

Hit@3

SemCov@k  SparseCov@k Irr.@k  Docs

0.612 0.756
0.605 0.733
0.587 0.691
0.604 0.718
0.554 0.576
0.386 0.523

0.722
0.753
0.763
0.753
0.763
0.649

Dense

Fusion

Hybrid MMR

Hybrid Pricing
Dual Residual
BM25

0.737
0.733
0.753
0.737
0.748
0.692

0.871
0.905
0.929
0.899
0.999
0.973

2.23 10.0
242 10.0
2.56 10.0
2.40 10.0
2.84 8.9
4.71 10.0

Table 1. Average configuration per retrieval family.
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Figure 4. Distance to query vs. distance to selection centroid per
retrieved document for three methods on how does granulation
tissue start. Dense retrieval clusters tightly near the query; MMR
and dual residual tracking spread selections progressively further,
reflecting greater geometric diversity in the retrieved set.
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Figure 5. Semantic coverage vs. redundancy across all configura-
tions. Non-dual-residual methods cluster in the upper-right corner,
achieving high semantic coverage only alongside high redundancy.
Dual residual spans a much wider region, with its best configura-
tions matching other methods on semantic coverage at substan-
tially lower redundancy.

tic coverage of 0.737, fixed across all configurations. Fu-
sion reaches 0.739 at its best, marginally ahead of dense.
The clearest gains come from MMR and dual residual, as
MMR’s best semantic coverage configuration reaches 0.744
at a redundancy of 0.640, and dual residual reaches 0.748
at redundancy 0.693. Ceritically, both of these best cover-
age configurations are less redundant than dense retrieval,
confirming that the redundancy of dense retrieval is not nec-
essary to achieve strong semantic coverage, but is solely a
structural artifact of ranking based selection that diversifi-
cation methods can shed without cost.

The contrast is far stronger on sparse coverage, where the
ordering of methods changes dramatically. Dense retrieval
covers only 0.871 of weighted query terms on average, the
lowest of any family. This is consistent with its mecha-
nism, as by clustering selections around the highest simi-
larity semantic region, it repeatedly covers the same lexi-
cal evidence without seeking out terms present elsewhere
in the candidate pool. Fusion improves this to 0.905 in the
balanced configuration, and MMR and pricing reach 0.929
and 0.899 respectively. Dual residual is in a different class



entirely. Its worst sparse coverage configuration across all
2,592 parameter settings is 0.938, already higher than dense
retrieval’s best of 0.871. Its balanced configuration reaches
0.999, essentially full query term coverage, while maintain-
ing semantic coverage of 0.738 and nDCG of 0.574. This is
the direct consequence of the sparse residual update, which
explicitly downweights already covered query terms after
each selection, forcing the method to seek out lexical evi-
dence that has not yet been retrieved.

Figure 6 highlights the mismatch between ranking and
coverage objectives. Dense retrieval is no longer dominant
once the evaluation shifts from ranking to set level cover-
age. Instead, the best semantic and lexical coverage con-
figurations come from diversification oriented methods, es-
pecially dual residual, MMR, and pricing. BM25 remains
competitive on sparse coverage because of its lexical bias,
but it falls significantly behind on both nDCG and semantic
coverage as we have seen.
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Figure 6. Sparse and Semantic Coverage for each Family

4.5. Coverage Efficiency and Early Stopping

Coverage alone is not the full story for RAG systems. A
method that achieves high coverage only after retrieving
many documents may still be inefficient in practice, espe-
cially because LLM’s become confused once there is too

much context [13]. We therefore evaluate how many doc-
uments are required to reach fixed coverage thresholds and
whether early stopping reduces the retrieval budget.

Dense retrieval always retrieves the full budget of 10
documents, as do fusion, MMR, pricing, and BM25. Dual
residual is the only family that regularly terminates early.
Across its parameter sweep, the number of retrieved docu-
ments ranges from 2.1 to 10, with a family mean of 8.48.
The most aggressive coverage-oriented dual residual con-
figuration retrieves only 6.0 documents on average while
maintaining sparse coverage 0.993. This is one of the
strongest practical arguments for the residual formulation,
as it can concretely reduce the number of retrieved passages
without collapsing lexical coverage.

On semantic coverage, the picture is more mixed. Dense
retrieval requires 5.60 documents on average to reach 0.80
semantic coverage. Hybrid pricing improves this to 4.88
documents, and the best dual residual configurations reach
the same threshold in as few as 1.60 documents, though this
occurs alongside a large drop in nDCG to 0.170. Dual resid-
ual can therefore be substantially more efficient semanti-
cally, but only if one is willing to move well away from
ranking-based objectives.

For sparse coverage the gains are clearer and come at
a lower cost. MMR and pricing reach 0.80 sparse cov-
erage in as few as 1.74 and 1.62 documents respectively
at their best configurations. Dual residual is most efficient
of all, reaching the same threshold in just 1.41 documents
while maintaining nDCG of 0.527, and 0.90 sparse cover-
age in 1.75 documents. This is a far more favorable tradeoff
than the semantic efficiency configurations. These improve-
ments are consistent with the sparse residual mechanism,
because already-covered terms are downweighted after each
selection, the method quickly seeks out passages containing
uncovered lexical evidence rather than retreading the same
terms.

Figure 7 shows that the full-budget methods are con-
centrated at 10 retrieved documents, whereas dual resid-
ual spans a wide horizontal range. The semantic cov-
erage panel suggests that some early-stopped dual resid-
ual settings remain competitive with full-budget methods,
while the sparse coverage panel shows that even low-budget
dual residual configurations often maintain very high lexi-
cal coverage. This indicates that the residual stopping rule is
not simply truncating retrieval at random; rather, it is termi-
nating after much of the useful lexical evidence has already
been collected.

4.6. Main Takeaways

Three conclusions emerge from these results.

First, as expected, dense retrieval remains the strongest
baseline under traditional ranking metrics. In this candidate
pool, it achieves the highest nDCG and the fewest irrelevant
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Figure 7. Docs retrieved vs. semantic coverage (top) and sparse
coverage (bottom). All non-dual-residual methods are fixed at 10
documents. Dual residual spans the full range; notably, dual resid-
ual and pricing methods achieve higher sparse coverage than dense
retrieval at full budget while remaining comparable on semantic
coverage, suggesting that diversification improves lexical breadth
without sacrificing semantic quality.

documents, but it does so by retrieving highly redundant
sets of passages.

Second, moderate diversification improves set quality
even when it slightly lowers ranking performance. MMR
and pricing both reduce redundancy and maintain strong se-
mantic and sparse coverage, suggesting that ranking alone
does not fully capture retrieval quality for RAG.

Third, dual residual tracking exposes the clearest trade-
offs. Its best ranking oriented configuration remains com-
petitive with the hybrid baselines while improving cover-
age and reducing redundancy relative to dense retrieval. Its
more aggressive configurations can dramatically lower re-
dundancy, improve sparse coverage, and retrieve fewer doc-
uments through early stopping, but only at the cost of much
lower nDCG. This makes dual residual the most promising
family for contexts in which the retrieval budget is limited
and evidence diversity matters more than pure ranking per-

formance.
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