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Abstract

Production search indices operate under strict storage and latency
budgets that prevent indexing the full corpus (e.g.: web documents).
When only a fraction of documents can be retained, the system
must decide which ones to keep. Existing pruning methods make
this decision using query-agnostic signals, including lexical qual-
ity, embedding magnitude, and corpus centrality or single-feature
query-aware heuristics (e.g., query similarity, nearest-neighbour
coverage), without optimising which documents actually contribute
to answering the queries the system will serve. We recast index
pruning as query-aware subset selection: given a fixed budget and
an expected query workload, the goal is to retain the document
subset that maximises retrieval performance for the queries the
system will serve. We introduce Query-aware Document Selection
(QDS), a lightweight framework that scores documents using 13
retrieval-structural features derived from query-document interac-
tions and index redundancy, capturing how many queries a docu-
ment serves, whether viable alternatives exist, and how replaceable
the document is within the retained set. A linear scorer trained
with Evolution Strategies optimises nDCG@10 of the pruned index
end-to-end, requiring no differentiable surrogate while remaining
fully interpretable. Across 10 IR benchmarks (1K-120M documents),
four dense encoders plus BM25, and three modalities (text, image,
audio), QDS consistently outperforms query-agnostic and single-
feature query-aware baselines under aggressive pruning budgets.
We show that coverage-oriented heuristics degrade at web scale by
over-selecting high-frequency hard negatives, i.e., documents that
are nearest neighbours to many queries but relevant to none. Given
its simplicity, QDS can operate on existing indexes of 100M-1B
documents in minutes with limited hardware.
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1 Introduction

Dense retrieval encodes documents and queries into a shared em-
bedding space for nearest-neighbour lookup [22, 41], and has be-
come the dominant first stage in both classical IR and retrieval-
augmented generation pipelines.! As corpora grow to millions or
billions of passages, every production system faces a hard budget:
GPU memory, serving latency, or infrastructure cost caps the num-
ber of documents that can be indexed. Reducing the index while
preserving retrieval quality, index pruning, is therefore a core op-
erational problem at the intersection of information access and
resource-efficient Al. At web scale, this constraint is unavoidable:
modern retrieval systems operate over corpora of billions of doc-
uments that far exceed what can be fully embedded and served
under practical hardware budgets.

The natural response has been to score documents by query-
agnostic properties: lexical quality, such as Information-to-Noise
ratio [45] (ITN), embedding magnitude [19], supervised passage-
quality estimators [11], and geometric heuristics such as centroid
distance or k-NN density. All of these treat every document as
equally likely to be needed. But production query traffic is heavily
skewed: a small fraction of query types drives most of the volume,
and only a subset of documents is critical to answering them. Under
a fixed budget, the question is therefore not which documents are
intrinsically good? but which documents serve the queries users will
actually issue? When this mismatch is ignored, the consequences
can be severe: on MSMARCO v1 (8.8M passages), coverage-based
selection, a widely used query-aware heuristic, plateaus at 14-17%
retention, worse than uniform random sampling, because it fills the
index with high-frequency hard negatives rather than documents
that answer real queries.

We introduce QDS (Query-aware Document Selection). The core
idea is to score each document by its marginal contribution to re-
trieval quality under the expected query workload, rather than by in-
trinsic properties. We operationalise this through 13 per-document
features that directly measure workload dependency: how many
queries a document serves as top result, whether backup documents
exist for those queries, how redundant the document is with the
rest of the index, and how similar it is to documents known to
be relevant. These features are combined by a linear scorer with
just 13 learnable weights, trained via Evolution Strategies [31] to

1Code and data: https://github.com/sirCamp/qds-index-pruning
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maximise the nDCG@10 of the resulting pruned index under a
fixed budget B (B-document index). Unlike prior work, which ei-
ther applies heuristics without optimisation (Coverage, Magnitude)
or trains a classifier on a proxy objective (“is this passage relevant to
some query?” [11]), QDS optimises the actual retrieval metric of the
pruned index end-to-end: the reward is the nDCG@10 of running
retrieval on the selected subset, with no differentiable surrogate
in the loop. Because the scorer has only 13 weights, each one is
directly readable: a positive weight means “prefer documents with
this property,” a negative weight means “avoid them.” This lets prac-
titioners inspect the selection strategy per dataset. For instance, on
adversarial retrieval tasks the optimiser assigns a negative weight to
coverage, learning that popular nearest neighbours are distractors
to be removed, not documents to be retained. QDS is orthogonal
to per-document compression (PQ [21], Matryoshka [23], dimen-
sion pruning [34]) and to ANN structures (e.g.: HNSW [44]), which
compose multiplicatively in a deployed system; it also serves as
an analysis instrument for studying query-aware pruning across
retrievers, scales, and modalities.

Our contribution is QDS, a query-aware document selection
framework that combines 13 inspectable retrieval-structural fea-
tures through a 13-parameter linear scorer trained with Evolution
Strategies to directly maximise the non-differentiable nDCG@10
reward of the pruned index. We validate QDS along four axes.
Scale and modality: across 10 corpora spanning five orders of mag-
nitude (1K-120M documents), 4 dense encoders, BM25, and two
non-text modalities, QDS outperforms every query-agnostic and
single-feature query-aware baseline at aggressive pruning budgets,
and retains 85.7% of full-corpus performance at 120M passages with
only 30% of documents indexed (Sections 4.2-4.6). Comparison to
neural quality estimation: a 13-parameter linear scorer beats a re-
trained 220M-parameter T5 classifier on 9 of 10 dataset-budget cells
with 5-15% lower variance (Section 5.1). Decomposition: the feature
framework alone contributes +5-15 pp over single-feature heuris-
tics, with ES adding a further +5-7 pp over evaluation-matched
random search (Section 5.2). Interpretability: per-dataset weights
expose the learned strategy directly, revealing for instance that
QDS assigns a negative weight to coverage on ArguAna’s adver-
sarial structure, driving the >100% Less-is-More retention regime
(Section 5.3).

2 Related Work

2.1 Index Pruning

Reducing index size has a long history in information retrieval.
Classic static index pruning for inverted indices removes posting
list entries [9] or entire documents [7] based on term-level statis-
tics, and query logs have long been used to guide those decisions:
Lam et al. [24] showed that query-log information substantially
improves over query-agnostic pruning, Garcia [18] prunes post-
ing lists by how often a document appears in the top-k results of
past queries, and Altingovde et al. [2] combine the same document-
popularity counts with query views to prune entire documents.
Our coverage_count feature (fy), and the Coverage baseline built
on it, are the dense-retrieval analogue of that signal. We differ in
two respects: we operate on embedding geometry rather than term
statistics, and we show that the count alone is insufficient and can
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even be harmful, requiring combination with redundancy, margin,
and fallback signals through a learned, task-dependent scorer.

With the rise of dense retrieval [22, 41], Chang et al. [11] pro-
posed neural passage quality estimation: a T5 model trained on
MSMARCO predicts whether a passage is relevant to any query,
enabling query-agnostic pruning across pipelines. Their score is an
absolute notion of passage quality, whereas we learn a relative func-
tion ranking documents by utility to a specific workload. We use
their largest released checkpoint, qt5-base (~220M parameters),
as a zero-shot baseline (QualT5-zs), and for a head-to-head com-
parison re-train T5-base on two BEIR collections, ArguAna and Sci-
Docs, chosen for their adversarial-similarity and citation-network
structure. This approximates Chang et al’s setup, substituting BEIR
qrels for MSMARCO-style triples, which BEIR does not provide,
while keeping their prompt and language-model head reduction
(Section 5.1).

Separately, Hofstétter et al. [19] observed that bi-encoders trained
without embedding normalisation (TAS-B) encode a quality signal
in the L2 norm of the document vector, which Chang et al. [11] re-
use as a pruning baseline. We include this as Magnitude, alongside
ITN (unique-to-total term ratio) [45] and two geometric heuristics
(centroid distance, k-NN density) that appear as informal baselines
in prior work without a single attribution.

Several recent lines prune at granularities orthogonal to docu-
ment selection: Matryoshka representations [23] and product quan-
tisation [21] compress per-document storage; Siciliano et al. [34]
and Faggioli et al. [15] prune embedding dimensions (offline and
per-query); Acquavia et al. [1] prune token-level ColIBERT embed-
dings; Tonellotto and Macdonald [36] trim the candidate pool at
query time. None reduces the number of indexed documents, and
all compose with document-level selection: a deployed system can
apply QDS to choose which documents to index, then any of the
above to shrink how they are stored.

2.2 Document-Level Signals and Optimisation

Our features draw on several traditions. Retrievability [3] quantifies
how easily a document can be found, recently extended with topic-
focused measures [10]. Coverage-based selection, inspired by set
cover [16], retains documents serving as nearest neighbours to
the most queries; we use it as one of 13 features rather than the
sole criterion, and show that the single-criterion version is actively
harmful when nearest neighbours are distractors. Redundancy and
diversity, studied through MMR [8] and result diversification [32],
traditionally operate at query time; our features adapt them to
corpus construction, addressing which documents to store rather
than which results to show.

We optimise the linear scorer with Evolution Strategies (ES) [31],
a derivative-free method that estimates gradients of an expected
reward through Gaussian perturbations. ES fits because the re-
ward requires running the full retrieval pipeline on a discrete doc-
ument subset: both the top-B selection and nDCG@10 are non-
differentiable, leaving no path from parameters to metric. Prior
approaches to non-differentiable ranking metrics do not transfer.
LambdaRank and its descendants [6] define lambda gradients over
document pairs within a fixed candidate list, but this presupposes
a stable candidate set per query, whereas here changing w changes
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the candidate pool itself. Closer to our setting, ES-Rank [20] learns
a ranking function against IR metrics with evolution strategies, but
optimises a ranker over a fixed corpus rather than the corpus itself.
The same structure drives a renewed wave of evolutionary methods
in reinforcement learning: robust gradients for noisy rewards [12],
hard-thresholded ES for sparse policies [17], proximal CMA-ES [28],
a survey of ~100 studies [27], and REINFORCE-style preference op-
timisation [33]. Our contribution here is application-oriented rather
than algorithmic: a 13-parameter linear scorer rather than a deep
policy, with the same Gaussian-perturbation / scalar-reward loop
applied, to our knowledge for the first time, to budget-constrained
index pruning.

3 Method

3.1 Problem Formulation

Consider a dense retrieval system with a corpus C = {dy,...,dn}
of N documents, an embedding model ¢ that maps both documents
and queries to R™, and a set of training queries Q = {q1,...,qm}

with associated relevance judgments. Given a budget B < N (e.g.,
B =0.1N for a 10% budget), we seek the subset S* C C of exactly
B documents that maximizes retrieval quality when used as the
dense index:

1
max o ZnDCG@lO(q, Retrieve(¢(g),S)) (1)
|S|=B q€Q

where Retrieve(4(q), S) returns the top-10 documents from S
ranked by cosine similarity to ¢(q).

Linear relaxation. We relax this discrete optimisation into a scor-
ing problem. Each document receives a scalar score s(d) = w' f(d),
where f(d) € R is a feature vector (Section 3.2) and w € R!? are
learned weights, yielding a deterministic selection:

S(w) = top-B({s(d)}1,) @

We adopt this linear form for its 13-parameter interpretability and
inductive bias against overfitting; non-linear variants (MLP head)
are evaluated in Section 5.2. QDS trains one weight vector w per
budget B independently, since the optimal trade-off between cov-
erage, redundancy, and relevance shifts with how aggressive the
pruning is.

3.2 Document Features

We characterise each document through 13 features spanning six
complementary axes, query utility, retrieval frequency, corpus re-
dundancy, coverage of unique intents, diversity, and relevance an-
choring, all computed once from the training query set Q and
corpus embeddings using GPU-accelerated batched operations. Let
sim(q, d) = cos(¢(q), ¢(d)) denote cosine similarity in the embed-
ding space, NN(gq) the nearest corpus document for query ¢, and
kNN(d) the k=10 nearest documents to d. Table 1 summarises all
13 features; the families are described below.

Query Relevance (fi—f;). The most direct selection signal is how
relevant a document is to the queries the system serves [22]. f; cap-
tures the peak similarity to any training query (a document with
low f; is far from every known information need and is a strong
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Table 1: The 13 QDS features. All are min-max normalised to
[0,1] across the corpus, so learned weights are comparable
in scale.

ID  Name Definition (sketch) Family

h max_query_sim Query Relevance
f mean_query_sim

f top_k_query_sim
fi  retrievability

f5  weighted_ret

maxgeq sim(q, d)
sim(q,d) overq € Q Query Relevance
Mean of top-10 query similarities ~ Query Relevance
|{q : d € top-100(q) }| Retrievability
Rank-discounted retrievability =~ Retrievability
(nDCG-style)

Mean sim to kKNN(d) Redundancy
Max sim to any other corpus doc  Redundancy

fo redundancy_mean
f redundancy_max

fs  isolation 1 — f7 (complement) Redundancy
fo coverage_count |{q :d =NN(q)}| Coverage
fio coverage_margin Mean gap to 2nd-NN over queries ~ Coverage

d tops
fir  backup_count [{q:d € top-3(q) \{NN(q)}}| Coverage
fiz  uniqueness 1 — f (complement) Diversity
fis  relevant_doc_sim  @(d) T @rer/llPrerll over qrels Anchoring

removal candidate); f, measures broad-coverage relevance (docu-
ments above the mean across queries rather than peak-relevant
to one); f3 with k=10 interpolates between the two and surfaces
documents that serve a focused cluster of related queries, a pattern
common in specialised domains like finance (FiQA) or biomedicine
(NFCorpus).

Retrievability (fi, f;). Adapted from Azzopardi and Vinay [3]: a
document may be relevant yet effectively invisible if other docu-
ments consistently outrank it. f; counts the training queries for
which d appears among the top-100 nearest neighbours; f5 rank-
discounts the count so high-rank appearances dominate, analogous
to the gain function in nDCG:

3 ¥[d € top-100(q)]
Sd) = q;’z log, (rank(d, q) + 1)

®)

Redundancy (fs—f). Under budget constraints, retaining two near-
identical documents wastes a slot. These features adapt the intuition
behind MMR [8] and result diversification [32] from query-time
ranking to corpus-time index construction. f; averages similarity
to the 10 nearest corpus neighbours (high values indicate dense
regions where documents are interchangeable); f; measures sim-
ilarity to the single nearest neighbour (the closest replacement);
fs = 1 — f; flips the sign so that isolated documents, those that
cannot be easily replaced, score high.

Coverage (fo—f11). Coverage features quantify how many queries
depend on a document as their primary retrieval target, drawing on
greedy set-cover [16] and query-log-driven index pruning [24]. fy
is the standard count of queries for which d is the nearest document
(the Coverage baseline’s sole signal). The two further features are
novel in this paper: fi, adds the confidence dimension by averaging
the margin between sim(q, d) and the second-nearest similarity
over the queries d tops; fi; adds the fallback dimension by counting
queries for which d is the 2nd or 3rd nearest. Section 5.3 shows
that the optimizer regularly assigns large weights to fio and fi,
sometimes inverting the sign of f; entirely.

Diversity (fi2) and Relevance Anchoring (fi3). fiz = 1 - f¢
surfaces documents in sparse embedding regions, complementing f3
so that the linear scorer can express either-end preferences without
requiring negative weights. fi3 is the only supervised feature: given
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the union D,,; = {d : 3¢ € Q, (¢, d) € grels*} of training-relevant
documents, fi3 scores each corpus document by its cosine similarity
t0 Prer, the centroid of D,.;. Conceptually, fi3 is a one-dimensional
projection of the labelled supervision; it is critical on small datasets
where unsupervised signals saturate (Section 5.3).

These features span three signal types: unsupervised query-
dependent (fi - f5, fo — fi1), unsupervised corpus-geometry (fs - fs,
fi2), and supervised relevance-anchoring (fi3). Crucially, the query-
dependent features are workload-aware by construction: f, fi, fs,
and fio directly measure how many training queries depend on
each document and with what confidence, so training the linear
scorer on them is an explicit optimisation for the query distribution
that Q represents.

3.3 Optimization via Evolution Strategies

Having defined the linear score s(d) = w' f(d) and the top-B se-
lection it induces (Eq. 2), the remaining question is how to learn
w. Standard gradient-based optimisation is not directly applicable:
a small change in w may swap two documents near the selection
boundary, causing a discontinuous jump in nDCG@10. The objec-
tive in Eq. 1 is therefore non-differentiable with respect to w, and
this is by design, not a limitation to work around. The alternative
would be to replace nDCG@10 with a differentiable surrogate and
top-B selection with soft gating, as standard in learning-to-rank; but
such relaxations decouple the training objective from the deploy-
ment objective and do not transfer to BM25 or cross-modal retrieval
where no continuous scoring function exists (Sections 4.4, 4.5).
At each iteration t, ES estimates the gradient of the expected
reward by evaluating perturbed weight vectors:
(1) Perturb: Sample K noise vectors ex ~ N (0, c°I), for k =
1,...,K.
(2) Select: For each perturbation, compute the document scores
(w; + €x) "f(d;) for all d; and select the top-B documents.
(3) Evaluate: Compute Ry = nDCG@10(Qyain, Sk) by running
retrieval over the selected subset.
(4) Normalize: Compute advantages Ay = (Rx—R)/(std(R)+¢)
to reduce variance.
(5) Update:

K
a
Wisl = Wit 2 ;Ak €k (4)

The scalar Ry, is the end-to-end retrieval reward under the per-
turbed selection, not a differentiable surrogate. The update in Eq. 4
is equivalent to REINFORCE on a Gaussian-perturbed parameter
policy [31]; it differs from GRPO [33], which trains a stochastic
token-level policy rather than a fixed-dimensional parameter vector.
Section 5.2 verifies empirically that ES is necessary: evaluation-
matched random search on the unit sphere reaches weaker and
substantially less stable solutions, trailing ES by 5-7 pp at aggres-
sive budgets with 2-10x higher seed-to-seed variance, isolating the
value of the guided gradient estimate from the value of the feature
framework itself.

4 Main Experiments

The goal of this section is to evaluate whether QDS provides a
robust and scalable solution for budget-constrained index pruning.
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Specifically, we test whether query-aware document selection im-
proves retrieval quality retention under fixed document budgets,
whether the learned selection strategy is robust across retrievers
and modalities, and whether the method remains effective at web
scale. The experiments are organized to progressively stress the
method: we first compare QDS against query-aware, query-agnostic,
and supervised pruning baselines on standard IR benchmarks; then
test robustness across dense encoders, BM25 retrieval, and non-
text modalities; and finally evaluate scalability on a 120M-passage
corpus.

4.1 Experimental Setup

Our setup tests three questions: (i) whether query-aware pruning
improves retention under fixed indexing budgets, (ii) whether the
learned signals transfer across retrieval paradigms and represen-
tation families, and (iii) whether the observed behaviours persist
beyond textual retrieval.

Datasets. We evaluate on 10 corpora spanning five orders of magni-
tude in size, six text domains, and two non-text modalities (Table 2).
Five BEIR [35] benchmarks (ArguAna, FiQA, SciDocs, SciFact, NF-
Corpus) range from 3.6K to 57.6K documents and cover argumen-
tative, financial, scientific, and biomedical IR; these are standard
for retrieval evaluation but operate well below production scale, a
consideration we revisit in Section 5.4. HotpotQA [43] (5.2M), MS-
MARCO v1 [4] (8.8M), and MSMARCO v2 [5] (120M, deduplicated
from 138M) test larger corpora. MSCOCO [26] (123K image/caption
pairs) and Clotho [14] (1,045 audio clips) test generalisation beyond
text.

Data splits. We use native splits where available (FiQA, NFCorpus,
HotpotQA); hold out 20% of training queries for SciFact (no dev
set); create 70/15/15 splits for ArguAna, SciDocs (test only) and
Clotho (audio-level); split MSMARCO-v1 training queries 90/10 for
train/dev, using the official dev as test; and adopt the Karpathy?
splits for MSCOCO. TREC DL-2022 queries [13] serve as test set
for MSMARCO-v2. Features requiring relevance judgements are
computed exclusively from the training partition; dev queries are
used only for ES early stopping.

Indexing and embedding models. As dense retrievers we use
MiniLM-L6-v2 [38] (33M, 384-dim), BGE [40] (109M, 768-dim),
Qwen3-0.6B and Qwen3-4B [42], with MiniLM as default unless
stated otherwise; MSCOCO and Clotho use CLIP ViT-B/32 [29] and
CLAP-HTSAT-fused [39]. No retriever is fine-tuned.

Baselines. We compare against eight baselines grouped by the
signal they use. Query-aware heuristics (2): Query Relevance se-
lects the highest f; (max_query_sim); Coverage selects the highest
fo (coverage_count), a greedy set-cover heuristic. Query-agnostic
heuristics (5): Random samples uniformly; Magnitude [19] uses the
L2 norm of the un-normalised embedding; Dissimilarity selects doc-
uments farthest from the corpus centroid; kNN density selects the
densest embedding regions (k=10); ITN [45] uses the ratio of unique
to total terms. Supervised (1): QualT5-zs [11], the released qt5-base
checkpoint (~220M parameters) trained on MSMARCO v1 and ap-
plied zero-shot everywhere; this is the strongest available model-
based baseline (Section 2). The grouping disentangles three effects:

2https://huggingface.co/datasets/yerevann/coco-karpathy
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Table 2: Dataset statistics. nDCG@10 with MiniLM-L6-
v2 (text), CLIP ViT-B/32 (MSCOCO), and CLAP-HTSTAT
(Clotho).
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Table 3: Retention (%) with MiniLM-L6-v2. Bold denotes best
results. *): Welch’s ¢, p < .05 vs. best non-QDS.

DS Method 10% 30% 50% 70% 90%
Dataset #Docs Train Dev Test nDCG  Domain Random 225+3.1 509+27 735+£36 859+24 94.0%1.9
QueryRel. 0.8 65.7 87.1 99.2 99.4
ArguAna 8,674 984 212 212 36.6  Argument o Coverage 0.0 103.9 104.9 102.8 101.1
FiQA 57,638 5,500 500 648 36.8  Finance £ KNN-density 0.8 104 22.6 44.1 77.7
SciDocs 25,657 700 150 150 20.3  Scientific g, Dissim. 13,5 36.5 52.6 73.9 87.5
SciFact 5,183 648 161 300 645 Biomedical & Magnitude 455 993 954 922 985
NFCorpus 3,633 2,590 324 323 31.6  Biomedical ITN 433 812 997 110.9 101.0
P ; , : QualT5-zs 1.1 305 53.6 74.3 98.2
MSMARCOvI  88M 452646  50.293 6.980 265  Web QDS (Ours) 60.5+0.7* 103.9 + 1.8 119.0 + 1.4* 117.6 + 1.9* 114.2 £ 0.0
HotpotQA 52M 85000 7,405 7,405 46.5  Multi-hop Random 19.0+2.0 424+18 625+03 784+0.6 94.0+1.4
MSMARCOv2 120M 452,646 50,293 76 (DL-22) 37.8  Web QueryRel. 24.0 62.3 84.5 97.4 99.9
Coverage 23.2 48.0 66.2 80.6 94.2
MSCOCO 123287 113287 5,000 5000 1566 Image « kNN-density 7.0 30.6 57.9 80.1 94.9
Clotho 1,045 731 157 157 438  Audio S Dissim. 7.9 425 715 89.2 97.3
% Magnitude 20.3 45.6 66.2 79.5 94.0
ITN 7.7 19.9 33.4 50.0 80.7
h buti ¢ inf . £l . bine f QualT5-zs 25.8 54.4 74.6 87.3 98.7
the contribution of query information, of learning to combine fea- QDS (Ours) 28.7+0.2" 67.6+0.4" 90.7+0.2" 98.5+0.2° 100.4 +0.2"
tures rather than using one, and of a trained language model. Random  280+25 564%57 72754 87023 95721
Training. We fix 0 = 0.3, @ = 0.1, K = 16 a priori across all QueryRel. 25.2 45.0 67.3 86.3 95.3
. . . ., Coverage 26.0 45.6 60.8 83.3 98.1
experiments, without per-dataset tuning; these are standard ES & KNN-density 4.0 24.7 53.4 74.2 89.8
: ; ; A Dissim. 147 46.8 67.4 83.1 93.1
defaults [31] and halving or doubhr'lg o changes final retention T Magnitude 238 163 s 793 036
by <1pp on BEIR. We train one weight vector per budget B for ITN 30.6 51.7 75.4 85.8 93.8
¢ t 2.000 iterati heckine dev nDCG@10 10 and QualT5-zs 31.6 485 62.0 77.4 96.1
at most ¢, 1terations, checking dev n @10 every 10 an QDS (Ours) 312+0.3 583+2.0" 852+0.8° 96.7+0.6° 98.8+0.6°
retaining the best checkpoint; the dev plateau is typically reached Random 142520 367438 589558 756446 915230
within 200-500 iterations on BEIR. On large corpora (MSMARCO, QueryRel. 345 54.6 68.9 86.6 95.8
. .. . . . . Coverage 45.3 61.8 79.6 90.9 98.4
HotpotQA), where evaluating all training queries per iteration is % kNN-density 9.0 28.4 474 75.4 93.8
it : ; & Dissim. 8.0 33.6 53.0 73.3 90.7
prohibitive, we use a r.otatmg re}ndom stubsample of 5,000 queries. 2 Magnitude oa a9 o s 92
Feature computation is a one-time offline cost: seconds on BEIR, ITN 13.1 32.0 52.8 72.8 88.7
~30 minutes on MSMARCO v1 with a single GPU, and sharded QualT5-zs 60 04 o23 698 o
g ) QDS (Ours) 47.0+0.2" 63.0£0.6° 71.2+0.1 89.5+08 96.2%14
across machines at 120M scale; ES optimisation then runs in 1-3 Random 308123 BS82L16 727121 B43i09 O52ils
hours depending on corpus size. QueryRel. 30.7 56.7 71.1 81.9 95.4
. 2 Coverage 31.9 59.3 70.9 79.4 95.5
Evaluation protocol. For each dataset we apply all methods at Z KNN-density 223 551 710 86.7 977
; ; S Dissim. 25.9 48.0 64.8 82.8 95.4
€
budgets B € {10%, 30%, 50%, 70%, 90%} of the corpus size, ret'rleve S Magnitude e e o 850 o
the top-10 documents for each test query from the pruned index Z TIN 335 60.9 73.6 86.0 95.0
. . . QualT5-zs 28.7 55.5 72.7 83.5 93.5
using the dense retriever (or BM25 where specified), and compute QDS (Ours) 37.6+ 0.6° 62.2+ 03" 76.8+0.8° 867403 954402
nDCG@}O, We report retention, the performance of the pruned in- Rondom 112207 369209 569104 718203 918202
dex relative to the full one: Ret% = nDCG@10,ryned/NDCG@10g,1 ¥ 8ueryRel- ggg gz-g 2(1)-2 zg-‘ll gg-g
. . . overage .. . . . .
100, with full-corpus values in Table 2. Stochastic methods (Random, S kNN-degnsity 20.8 493 721 80.4 98.6
QDS) are run over 5 seeds and averaged; tables report a one-tailed % Dissim. 24.9 34.0 74.0 87.8 96.7
, . . T Magnitude 35.2 53.2 63.5 81.2 93.8
Welch’s t against the strongest non-QDS competitor at p < 0.05 ITN 8.1 25.8 46.3 70.2 93.6
(df= 4). We prefer cross-seed Welch to a per-query paired boot- QualTs-zs 22.1 49.6 702 87.2 99-6
iy p h oo o e p (i yp " the foll QDS (Ours) 65.2+0.2" 81.4+0.6" 91.9+0.4° 96.8+0.3" 99.8+0.2"
st’rap. ecause each seed 1s an indepen ent rea 1sat¥on oft 1e fu Random 112400 327+07 527407 722+06 90.5+0.2
pipeline (ES initialisation, query subsample, selection, retrieval), QueryRel. 24.0 34.2 56.5 72.3 95.3
hich t the domi t . Coverage 14.5 15.5 16.6 17.3 95.8
which captures the dominant variance source. = KNN-density 9.1 320 56.5 779 956
@ Dissim. 145 32.4 53.9 72.6 91.9
. Magnitude 5.5 7.6 9.1 74.3 72.2
4.2 Main Results ITN 10.7 30.3 50.8 71.9 94.5
.. QualT5-zs 40.0 74.0 89.7 97.0 99.9
We first evaluate whether query-aware document selection im- ODS (Ours) 27.8+0.1 49.5+03 68.0=09 81.0+0.1 96.9+0.2

proves retrieval retention under fixed indexing budgets across stan-
dard IR benchmarks and web-scale retrieval settings. Table 3 re-
ports per-budget retention on seven datasets with MiniLM-L6-v2
as dense retriever, spanning 3.6K to 8.8M documents. QDS achieves
the best retention in 24 of 35 dataset-budget cells (19/25 on BEIR, all
5 on HotpotQA). The remaining cells concentrate on MSMARCO v1,
where QualT5-zs dominates every method. This is the single dataset
on which QualT5-zs was originally trained [11]: its advantage is
therefore expected and does not transfer, as we show on the other
9 corpora here and on MSMARCO v2 in Section 4.6, where QDS
leads at 120M-passage scale with the same architecture. We return

to this case below and provide a direct in-domain T5 comparison
in Section 5.1.

We identified multiple key insights:

First, ArguAna [37] requires retrieving counter-arguments, thus
semantically similar documents are often distractors rather than
answers. At 10% budget, Coverage (0.0%) and Query-Relevance
(0.8%) collapse and they retain the nearest neighbors that are sys-
tematically wrong. Magnitude and ITN (45.5, 43.5%) select textually
rich documents regardless of their relevance for queries, and this
richness allows them to achieve >90% retention in a budget of
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Table 4: Average rank across 5 BEIR datasets x 5 budgets (25
cells per model; rank 1 = best retention).

Method MiniLM  BGE Qwen-0.6B Qwen-4B  Avg
QDS (Ours) 14 1.0 11 11 1.2
QueryRel. 4.0 4.2 3.3 3.8 3.8
Coverage 4.6 4.2 4.1 5.1 4.5
ITN 5.2 4.8 4.7 4.8 4.9
QualT5-zs 4.2 5.6 5.1 4.7 4.8
Random 5.7 5.4 5.6 5.5 5.6
Magnitude 5.6 6.2 5.7 6.2 5.9
Dissim. 59 6.6 6.1 6.2 6.2
kNN-density 6.9 6.7 8.0 7.7 7.4

50%. QualT5-zs, despite being a 220M-parameter neural quality
estimator, shows worse performance compared to baselines on
this dataset. We hypothesise that this is due to its training on MS-
MARCO, where the quality signal does not capture argumentative
relevance. In contrast, QDS consistently achieves higher retention,
exceeding 100% relative. The model learns a negative weight on
the coverage_count feature, penalising relevant but too general
documents that are otherwise incorrectly retrieved (see Section 5.3).

Second, the strongest competitor shifts across datasets: Query
Relevance on FiQA, Coverage on HotpotQA, ITN on SciDocs and
NFCorpus, while QDS is consistently first or second. QualT5-zs is
competitive on FiQA (25.8 at 10%, second to QDS) but inconsistent:
on HotpotQA it reaches only 49.6 at 30% vs. QDS’s 81.4.

Third, SciFact pairs each claim with a single gold passage in
a corpus of only 5183 documents. At this scale, hard negatives
are sparse and Coverage reliably identifies gold passages, making
it a near-optimal heuristic at >50% budget. QDS still wins at the
aggressive 10/30% budgets.

MSMARCO v1 (8.8M passages) shares SciFact’s one-positive-
per-query structure but at three orders of magnitude more docu-
ments and 452K training queries, saturating the corpus with hard
negatives—passages that are nearest neighbours to hundreds of
queries yet relevant to none. Coverage-based selection cannot dis-
tinguish these from true positives and greedily fills the index with
them, plateauing at 14-17% retention for budgets 10-70%, worse
than uniform random sampling. QDS avoids this trap and beats every
heuristic baseline (27.8 / 49.5 / 68.0 / 81.0 / 96.9), but does not match
QualT5-zs (40.0 / 74.0 / 89.7 / 97.0 / 99.9). The gap is distributional,
not structural: QualT5-zs was trained on MSMARCO v1 itself [11],
giving it direct access to the relevance distribution that QDS’s struc-
tural features must infer from query—document geometry alone.
The advantage is dataset-specific: on the other 9 corpora QualT5-zs
trails every heuristic-aware method (mean rank 4.8 across encoders,
Table 4), and on MSMARCO v2 (120M passages) QDS overtakes
it at 3 of 5 budgets (Section 4.6). We explore the gap further in
Section 5.1, where re-training T5-base in-domain on BEIR qrels
does not reverse the verdict elsewhere.

4.3 Robustness Across Embedding Models

We next test whether the learned retrieval-structural signals trans-
fer across embedding architectures and representation scales. The
results above use MiniLM-L6-v2 as the default retriever; here, we
re-run all methods on the BEIR benchmarks with three additional
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embedding models: BGE-base (109M), Qwen3-Embedding-0.6B, and
Qwen3-Embedding-4B. Each encoder defines its own retrieval space
and full-corpus nDCG@10, against which retention is computed
independently.

Table 4 summarises the outcome. For each dataset-budget pair
(5 datasets X 5 budgets), we rank all 9 methods by retention from
1 (best) to 9 (worst) and report the average rank. QDS achieves a
mean rank of 1.0-1.4 with every encoder, being always the best
method on average. The next-best method, QueryRel., averages 3.8
and varies across models. QualT5-zs is competitive on MiniLM (4.2)
but degrades on BGE (5.6) and Qwen-0.6B (5.1), confirming that its
MSMARCO-trained signal does not transfer across encoders.

The average rank difference between QDS and all other sys-
tems indicates (i) QDS remains consistently robust across datasets,
pruning budgets, and embedding models; (ii) all other methods
are domain-dependent, ranking well on some configurations and
poorly on others, with no single baseline maintaining a stable posi-
tion across the board. QDS requires no domain-specific tuning and
adapts to each configuration through its learned feature weights.

Beyond aggregate ranks, one qualitative pattern recurs across
encoders: ArguAna’s Less-is-More regime holds with all four mod-
els, with every encoder exceeding 100% retention at budgets >30%.
The distractor-removal strategy is therefore a property of the task
topology, not of the embedding space, a point we return to in Sec-
tion 5.3, where the learned negative weight on coverage_count
explains the mechanism.

4.4 BM25 Robustness

A natural concern with dense-retrieval-based pruning is that the
learned selections may not transfer beyond dense embedding spaces.
We evaluate this in two progressively stronger settings, both under
Pyserini BM25 [25, 30] (k;=0.9, b=0.4). First, we directly apply the
dense-trained QDS weights to BM25 retrieval (dense— BM25 trans-
fer). Second, we recompute all features from BM25 query-document
interactions and re-optimise the weights entirely under sparse re-
trieval (BM25-native). Table 5 reports retention on all five BEIR
datasets. For reference, the dense-setting baselines are included
in the same table, while BM25-native win counts discussed below
are computed against BM25-recomputed baselines. Full per-dataset
comparisons are included in the code release.

Transfer test: dense selections under BM25. We take QDS’s se-
lections trained from MiniLM-L6-v2 dense features and re-evaluate
them with BM25 instead of dense retrieval. Nothing changes except
the evaluation retriever. QDS wins or ties the best baseline in 18 of
25 cells, and ArguAna’s Less-is-More effect strengthens, peaking at
126.9% at 30% vs. 119.0% dense. Where QDS loses, the winners are
BM25-aligned heuristics, such as ITN on ArguAna at 70%, where a
term-frequency retriever naturally rewards lexically diverse pas-
sages, and Coverage on SciFact (the same one-to-one relevance
pattern as in the dense setting). This confirms that the structural
signal QDS learns is not an artefact of the dense embedding space.
Native test: BM25 features for training, BM25 evaluation.
The transfer test still computes features from dense embeddings.
A stronger question is whether QDS works with no dense embed-
dings at all. We re-instantiate the entire framework under BM25:
all 13 features are recomputed from lexical query—document scores
(rank_bm25) and TF-IDF cosine for document-document similarity,
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Table 5: BM25 evaluation on BEIR. Two QDS rows per dataset:
dense—BM25 and BM25-native; baselines from the dense
setting. Bold: best per cell; * as in Table 3.
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Table 6: Cross-modal retention (%) on MSCOCO (CLIP ViT-
B/32) and Clotho (CLAP-HTSAT-fused); only the encoder
changes. Bold: best per cell; * as in Table 3.

DS Method 10% 30% 50% 70% 90% Dataset Method 10% 30% 50% 70% 90%
Random 241+21 521+45 743+70 855+52 938422 Random  23.6+14 483+16 659+12 829+18 95104
QueryRel. 1.0 69.6 87.7 98.9 98.9 o QueryRel. 20.0 46.9 65.9 81.6 95.1

g Coverage 0.0 106.3 107.7 104.6 101.9 9 Coverage 28.2 615 72.1 101.9 100.6

£ kNN-density 493 84.6 98.6 98.7 100.2 S KNN-density 5.7 21.9 414 63.6 87.9

2 Dissim. 14.2 473 69.7 81.0 95.4 2 Dissim. 17.1 415 63.8 83.0 953

2 Magnitude 28.8 50.9 69.1 84.4 90.2 Magnitude 24.4 48.9 65.9 79.5 935
ITN 47.7 94.1 111.4 127.8 106.0 QDS (Ours) 28.1+ 1.2 62.0 +0.4* 87.0 +0.7* 102.0 + 0.5 106.4 = 0.2*
QualT5-zs 13.6 29.1 54.8 76.3 100.0
QDS (dense — BM25) 63.8 +5.1% 126.9 + 1.8" 125.6 £ 1.6* 123.3+1.5 119.9 +0.0* gf:;:i;glel 12?0113'9 31~6291222~4 44~18121-6 54;3633-3 75-%;—’328-3

-nati 9+ 1. 3+1. 9+0. 5+ 0. 9+0. - - - - - .
QDS (BM25-native) 65.9+1.9 1183+15 131.9+0.3 133.5+0.4 118.9+0.3 ° Coverage s e o So oy
Random 205+26 458+3.9 65337 792+14 93.6+18 2 KNN-density ~ 16.7 34.9 51.0 73.4 91.5
QueryRel. 21.9 55.9 81.9 96.1 100.0 @) Dissim. 21.9 418 65.4 79.8 97.5
Coverage 21.5 483 65.4 79.2 93.6 Magnitude 15,5 425 64.2 82.7 91.9
KNN-density 16.3 36.8 61.1 81.0 95.7 QDS (Ours) 15.8+0.0 46.8+0.9" 68.3 + 1.3* 84.2+2.9 96.7+13

&, Dissim. 9.2 445 72.2 88.6 96.4

& Magnitud 20.0 48.0 63.6 76.5 95.8

B ppnitude P 177 999 1 e Table 7: MSMARCO v2 (120M passages), TREC DL-2022 (76
QualT5-zs 28.5 534 742 &1 - 984 queries), MiniLM-L6-v2. Full-corpus nDCG@10 = 0.378.

QDS (dense — BM25) 26.0+0.9 60.3+0.1* 855+0.2° 97.8+03" 99.5+0.1

QDS (BM25-native) 44.7+0.4 85.7+0.6 97.1+0.4 99.1+0.1 100.1+0.0

Random 256+56 588+57 71.8+53 883+34 974%12 Method 10% 30% 50% 70%  90%
QueryRel. 18.6 413 68.1 90.6 95.4

Coverage 19.3 39.6 58.0 83.4 100.0 Random 40.1 70.1 825 938 98.1

g IISNN-densﬂy 2;‘;(7) Zg% zgg ggg 1;’324 Coverage 53.3 67.3 783 902 96.8

1SS1m. . . . . "

& Magnitude 22.7 57.0 663 85.8 95.0 QueryRel. ~ 47.9 841 942 977  99.7

A TIN 273 44.9 72.5 87.7 95.2 kNN-density 10.5 27.4 504 69.4 89.2
QualT5-zs 29.1 60.2 75.7 87.9 93.9 Dissim. 42.6 75.6 842 94.6 100.6
QDS (dense — BM25) 27.4+0.3 53.8+1.0 83.8+2.8" 92.7+14" 97.9+04 Magnitude 417 640 793 90.3 96.8
QDS (BM25-native) 28.2+1.8 625+1.6 804+0.2 90.1+12 99.3+0.5 ITN 353 545 685 820 943
Random 134419 354+27 57.5+49 745+42 911+25 QualT5-zs  63.2 80.5 922 99.2 100.8
QueryRel. 32.4 53.2 69.0 85.2 95.0 QDS (Ours) 61.2 85.7 96.2 101.3 100.0
Coverage 42.9 61.8 79.7 90.8 99.1

& kNN-density 10.0 29.8 57.1 77.2 92.3

< issi . . g

5 Bf;ggt'ude S0 22 a2 Tet oo pruning signals transfer across modalities, we apply QDS to text-
ITN 10.9 29.7 51.7 72.1 89.6 to-image retrieval on MSCOCO [26] using CLIP ViT-B/32 [29],
QualT5-zs 5.4 29.2 51.5 68.6 91.1 . . .

ODS (dense — BM25) 453+ 0.1* 58.7+02 71.6+0.1 868+06 953+0.8 and to text-to-audio retrieval on Clotho [14] using CLAP-HTSAT-
QDS (BM25-native) 54.4+0.4 689+0.2 864+0.2 93.9+02 99.4+0.5 fused [39]. Media items serve as “documents” and captions as
Random 28640 551+41 703%36 831x16 942+14 “queries”; the only change is the encoder backbone.

QueryRel. 25.7 52.7 67.9 82.1 93.9 . .

., Coverage 27.7 57.2 69.9 78.5 96.1 QualT5-zs and ITN are omitted because they rely on modality-

2 KNN-density 22.7 449 64.0 76.9 93.5 . : .

&' Dissim. 177 414 3.5 814 959 spe(.:1ﬁc te.xtual signals that do not trz'msfer naturally to image or

Q %‘?\%mmde 32»8 ggg ;g.g 22‘42; gg.‘gl audio retrieval. Table 6 reports retention across five budgets.

~ QualT5-zs 228 547 712 86.0 96.1 On MSCOCO, QDS wins at every budget, leading Coverage by
QDS (dense — BM25) 32.8+0.6* 59.9+0.2" 76.0+0.6" 86.8+02 93.0+0.4 15 pp at 50% (87.0 vs. 72.1) and entering the Less-is-More regime at

QDS (BM25-native) 38.8+0.7 65.9+0.4 82.4+0.1 90.6+0.1 98.9+0.5

and ES trains on a BM25 nDCG reward.? Baselines are also recom-
puted from BM25 scores, so the comparison is end-to-end lexical.
QDS wins 23 of 25 cells (vs. 18 in the transfer setup), and ArguAna’s
Less-is-More peaks at 133.5%. On SciFact, where the dense-transfer
variant lost to Coverage at >30%, the native variant leads at ev-
ery budget. The 13 structural slots accommodate a fully lexical
instantiation: the signals QDS captures are retrieval-structural, not
embedding-specific.

4.5 Multi-Modal Transfer: Image and Audio
Retrieval

The 13 QDS features depend only on query—-document interactions

and corpus geometry in the retrieval space; nothing in the formu-

lation is specific to textual retrieval. To test whether the learned

3We use rank_bm25 for the in-memory score matrix ES requires at training throughput,
with the same Porter stemmer and stopword list as Pyserini. Final test evaluation is
always Pyserini.

>70% alongside Coverage as both benefit from MSCOCO’s redun-
dancy (five captions per image). On Clotho, QDS wins 3 of 5 budgets
(30/50/70%) by 4—-6 pp over the strongest heuristic; at 10%, Dissim-
ilarity edges QDS on a 1,045-clip corpus where variance is high
reflecting the small corpus size (1,045 clips). The relevance patterns
mirror the text setting: Coverage is competitive on MSCOCO’s one-
to-one structure (as on SciFact), and coverage_margin saturates
near +1 on both cross-modal datasets (Section 5.3). To our knowl-
edge, QDS is the first learned, query-aware index-pruning method
that operates uniformly across text, image, and audio retrieval.

4.6 Scalability to 120M Documents

To verify that QDS scales beyond single-GPU corpora, we evaluate
on MSMARCO v2 [5] (120M passages, deduplicated from 138M)
with TREC DL-2022 [13] queries (Table 7). Feature computation
is sharded across 16 partitions on 4 machines with no cross-shard
communication: each shard computes its 13 features independently,
and ES optimisation runs on the concatenated feature matrix as
on any other dataset. Due to the computational cost of evaluating
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120M passages per perturbation, we report a single ES run and omit
significance markers from Table 7; at inference, the learned weights
score documents in microseconds per shard.

Table 7 reports retention across five budgets. QDS leads at 30—
70% budget, with the largest margin at aggressive pruning: at 10%
budget (a 10X index reduction), QDS retains 61.2% vs. 53.3% for Cov-
erage and 40.1% for Random. At 30%, QDS leads Query Relevance by
+1.6 pp (85.7 vs. 84.1) and QualT5-zs by +5.2 pp (85.7 vs. 80.5). At 70%
QDS exceeds the full index (101.3%), confirming the Less-is-More
effect at 120M scale. QualT5-zs leads at 10% (63.2 vs. 61.2) and 90%
(100.8 vs. 100.0), but unlike on MSMARCO v1 where it dominates
every budget, on v2 QDS wins 3 of 5 budgets, suggesting that the
v1 gap reflects distributional proximity to QualT5’s training data
rather than a fundamental limitation of structural features. The
framework generalises across five orders of magnitude in corpus
size (1K to 120M) without architectural or hyperparameter change.

5 Generalization Analysis

Section 4.2 showed that QualT5-zs leads on MSMARCO v1, the
dataset on which it was trained, but trails QDS elsewhere. This
raises a generalisation question: is QualT5-zs’s MSMARCO v1 lead
the property of a stronger neural quality estimator, or an artefact
of in-distribution training data? We analyse this and three further
generalisation properties of the framework: (i) whether re-training
a 220M-parameter T5 classifier in-domain on a different corpus
preserves its MSMARCO advantage (Section 5.1), (ii) which QDS
design choices drive the observed gains (Section 5.2), (iii) what
selection strategies the optimiser learns and how they relate to
dataset structure (Section 5.3), and (iv) how QDS’s retention varies
across queries of decreasing similarity to the training workload
(Section 5.4).

5.1 In-Domain T5-Base Comparison

Section 4.2 attributed QualT5-zs’s MSMARCO v1 lead to its training-
set exposure rather than to a fundamental advantage of neural
quality estimators. We test this directly by re-training T5-base
(~220M parameters) in-domain on two BEIR collections, ArguAna
and SciDocs, chosen as representatives of adversarial and stan-
dard retrieval. We follow Chang et al’s prompt and head reduction
exactly, training with binary cross-entropy on corpus-level qrels
(every passage positive in any training qrel is labelled 1, the rest 0)
for 5 seeds.*

Table 8 reports the comparison. QDS wins 9 of 10 cells. The sin-
gle T5-favourable cell (ArguAna 30%) falls inside T5’s 6.3 pp seed
envelope and is not distinguishable from a tie. Beyond mean reten-
tion, the stability gap is striking: T5-base shows +6-10 pp variance
on ArguAna at low budgets, while QDS stays within +0.0-2.0 pp.
A 13-parameter linear scorer thus yields both better mean perfor-
mance and more reproducible selection than a 220M-parameter
neural classifier given the same target-domain labels.

4This approximates Chang et al’s protocol: they train on MSMARCO query-grouped
triples, which BEIR does not natively provide.
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Table 8: QDS vs. QualT5 trained in-domain on BEIR qrels (5
seeds). Bold: best per cell; * as in Table 3.

Dataset Method 10% 30% 50% 70% 90%

QualT5-tr 46.7+10.3 108.2+6.3 107.5+13 1044+0.5 101.3+0.2

ArguA
TBUAN oS 60.5+£0.7* 103.9%1.8 119.0+ 1.4* 117.6 = 1.9* 114.2 £ 0.0*

QualT5-tr 27.1+22 524+3.0 77.6+2.6 923+19 97.3+13

SeiDocs ong " 31.2+0.3" 58.3+£2.0° 85.2+0.8° 96.7+0.6" 98.8%0.6"

5.2 Algorithm Design

Having shown that a 13-parameter linear scorer outperforms a
220M-parameter in-domain neural classifier, we turn to three nat-
ural objections about QDS’s own configuration: that the linear
scorer cannot capture feature interactions, that it ignores neural
quality signals, and that Evolution Strategies may be unnecessary
for optimising only 13 parameters. We test all three on the five
BEIR datasets with MiniLM-L6-v2 (Table 9). QDS+MLP replaces
the linear head with a 32-hidden-unit MLP over the same 13 fea-
tures. QDS+QualT5-feat adds the QualT5-zs passage-quality score
as a 14" feature to the linear scorer, testing whether a neural qual-
ity signal complements the structural ones. QDS-RS replaces ES
with random search on the unit sphere S'? under equal compute
budget: at each of K X T iterations trials we sample a unit vector
w ~ N(0,)/|| - ||, score documents, evaluate nDCG@10 on the
top-B selection, and retain the best-scoring w on the dev set. This
isolates the value of the guided gradient estimate from the value of
the feature framework itself.

Across all 25 cells the average gain over base QDS is +0.6 pp for
QDS+MLP, —0.4 pp for QDS+QualT5-feat, and —4.6 pp for QDS-RS.
The first two extensions fluctuate in both directions with no system-
atic pattern and remain within seed-to-seed standard deviations;
the third reveals a clear gap. Random search trails ES by a median
+5.2 pp at 10% budget, +7.2 pp at 30%, and +4.7 pp at 50%, collaps-
ing to +1.5pp at 90% as the problem becomes underconstrained
and most weight vectors yield comparable selections. Beyond mean
retention, ES exhibits 2-10x lower seed-to-seed variance (e.g. FiQA
30%: £0.4 vs +2.3; SciDocs 50%: +£0.8 vs +6.4), mirroring the stability
gap against in-domain T5 in Section 5.1.

This decomposes the QDS contribution along two axes. The
13-feature framework alone, optimised even with weak random
search, already beats every single-feature heuristic by 5-15 pp at
aggressive budgets (cf. Coverage, QueryRel., ITN in Table 3); ES
then adds a further 5-7 pp by exploiting the local structure of the
reward landscape that random sampling cannot capture. The base
configuration thus sits at a sweet spot: simpler optimisation loses 5—
7 pp at aggressive budgets, while more expressive scoring or richer
features do not consistently help. We retain the linear scorer trained
with ES: 13 parameters are sufficient, feature interactions do not
help on average, neural signals do not complement the structural
ones, the guided gradient estimate is necessary precisely in the
aggressive-pruning regime where selection matters most, and each
weight remains directly interpretable.

5.3 Learned Strategies, Ablation

Because QDS uses only 13 linear weights, the learned selection
strategy is directly readable per dataset. Figure 1 shows the nor-
malised weights at 30% budget for four representative tasks. The
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Table 9: Design-choice ablations on BEIR (MiniLM-L6-v2, 5
seeds). Bold: best per cell.

DS Variant 10% 30% 50% 70% 90%
£ QDS 60.5+0.7 103.9+18 119.0+14 117.6+1.9 114.2+0.0
<§ QDS+MLP 594+44 1201£12 1188+15 117.6+08 1141+£0.3
2 QDS+QualT5-feat 53.8+2.5 122.2+1.8 119.2+14 1159+13 1140+0.1
< QDS-RS 553+38 96.7+£50 1046+3.8 113.0+3.8 111.1+£1.0
QDS 28702 67.6+04 90.7 £0.2 98.5+£0.2 100.4+£0.2
81 QDS+MLP 29.4+0.3 65306 90.7+0.1 98.7+0.2 100.5%+0.5
i ODS+QualT5-feat 26.7+23 69.1+1.1 92.6+04 98.6+05 100.0+0.3
QDS-RS 253+3.0 59.8+23 86.0 £0.7 97.3+0.2 99.1+0.6
s QDS 31.2+03 583+20 852+08 96.7+0.6 98.8+0.6
QO QDS+MLP 295+13 521+08 859+0.9 96.6%1.1 99.0 0.2
S ODS+QualT5-feat 31.6+0.7 553 +2.3 782+ 1.6 85.7+2.0 97.5+0.2
9 QDS-RS 29.1+£59 532+47 78.0+6.4 91.6+2.5 95.9+0.9
2 QDS 47.0+0.2 63.0+0.6 71.2%0.1 89.5+08 96.2+14
& QDS+MLP 53.4+0.1 65.7+0.6 76.2+22 875+x16 97.9+0.3
'S QDS+QualT5-feat 46.4+0.2 62.1+0.3 702+ 1.4 85.8+1.0 953+0.9
@ QDS-RS 405+17 534+24 68.4+3.4 81.8+2.7 94.7 £ 0.6
4 QDS 37.6+0.6 62.2+03 768+0.8 86.7+0.3 95.4+0.2
£ QDS+MLP 39.9+03 622+04 77.5+0.1 87.8+0.6 96.7+0.3
8 QDS+QualT5-feat 36.4+0.9 61.5+0.4 74.7 0.6 86.3+£0.9 94.6 £ 0.8
E QDS-RS 31.8+04 57.9+20 723+2.0 85.5+0.6 953+0.2
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HotpotQA —0.59 +0.14 —0.34 —0.18 —0.35 +0.04 +0.09 +0.36 +0.58 +0.15 +0.39 +0.24
MSCOCO |+0.37 —0.27 —0.24 =0.52 —0.34 —0.21 +0.12 +0.07 —0,15.—&16 +0.22 +0.24
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Figure 1: Normalised QDS weights at 30% budget for four
representative tasks (blue: push out, red: pull in).

overarching finding is that the optimiser discovers strategies driven
by task topology, not by media type or corpus scale: ArguAna (text)
and MSCOCO (image) cluster together, as do NFCorpus (text) and
Clotho (audio). Three weight patterns recur across all 8 datasets
tested.

Anti-popular vs. pro-coverage. On ArguAna, where nearest
neighbours are distractors, the optimiser assigns a negative weight

to coverage_count (f5) and a strongly negative weight to mean_query

_sim (f3), learning to push out documents that are generically simi-
lar to many queries. On NFCorpus and HotpotQA, both features
receive positive weights: coverage is helpful when nearest neigh-
bours are genuinely relevant.

Hard-negative detection via f,. A negative weight on mean_query
_simappears on every dataset where hard negatives are prevalent
(ArguAna, SciFact, HotpotQA, MSCOCO) and stays near zero else-
where. Documents with high f; are nearest neighbours to many
queries but relevant to none, the same class that drives Coverage’s
collapse on MSMARCO. The optimiser learns to detect and remove
them without explicit hard-negative labels.

Coverage margin on one-to-one tasks. coverage_margin (fio)
saturates near +1 on MSCOCO, where each caption uniquely identi-
fies one media item and the margin to the runner-up is the cleanest
relevance discriminator. The same pattern appears more weakly on
SciFact (one passage per claim) and HotpotQA (clustered bridges).
Ablation validates the weight patterns. Table 10 reports the
leave-one-out A retention at 30% budget for BEIR datasets. The fea-
tures that matter most in the ablation are precisely those with
the largest weights in Figure 1: dropping mean_query_sim (f2)
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costs —16.2 pp on ArguAna, where it carries the strongest neg-
ative weight; dropping relevant_doc_sim (fi3) costs —15.6 pp on
ArguAna, where it saturates at +0.97; dropping redundancy_max
(f7) costs —14.1 pp on SciDocs. No single feature is critical across all
datasets, the most impactful feature shifts with the task, which is
why a learned combination outperforms any single heuristic. The
supervised feature fi3 dominates only on small-train datasets (Ar-
guAna: 984 queries) and is negligible on larger ones (FiQA: +0.9 pp),
consistent with the near-zero weight the optimiser assigns it there.
Robustness tracks training-set size: FIQA and NFCorpus (>2.6K
queries) keep max |A| < 3.5 pp; ArguAna and SciDocs (<984) lose
>14 pp when a key feature is removed.

Table 10: Leave-one-out ablation: A retention (%) at 30% bud-
get (MiniLM-L6-v2). Negative = feature was helpful. Bold:
|A| > 3.

Dropped feature ArguAna  FiQA  SciDocs  SciFact ~ NFCorpus
max_query_sim +4.0 +0.4 +7.0 —0.6 +2.7
mean_query_sim —16.2 -1.1 +0.8 —0.0 —0.0
top_k_query_sim —0.2 —-0.9 -3.6 +0.1 —0.6
retrievability +0.6 +0.1 —0.2 +0.3 —0.2
weighted_ret +0.1 -13 -1.9 +0.3 +0.4
redundancy_mean —15 +0.0 —-1.6 +0.8 —0.4
redundancy_max +1.1 +0.1 —14.1 +0.4 —0.9
isolation —0.4 +0.1 +0.3 +1.4 —-0.0
coverage_count +0.4 —-0.2 —-0.3 +0.1 —-0.1
coverage_margin —0.6 -1.9 —-0.8 +0.8 +1.3
backup_count -0.9 +0.1 —-5.3 +1.8 —3.5
uniqueness +0.4 +0.1 +0.5 +0.3 —0.0
relevant_doc_sim —15.6 +0.9 +1.6 +0.8 +0.4

5.4 Generalisation Across Query Frequency:
Head/Torso/Tail

QDS is trained on a fixed query set Q that proxies the expected
workload. A natural question is whether the resulting selection
generalises beyond the most common query patterns in Q, or
whether retention concentrates on queries that look like train-
ing and collapses on rarer ones. We test this in two respects: (i)
QDS should retain common-topic queries better than rare-topic
queries (workload-awareness is an explicit design property), but
(ii) it should not produce a degenerate selection that gives up on
the rare tail.

For each test query we compute its mean cosine similarity to
the k=10 nearest training queries and split the test set into tertiles:
head (top 33%, queries on densely-covered training topics), torso
(middle), and tail (bottom 33%, rarest topics relative to training). The
same selections produced in Section 4.2 are re-evaluated per bucket
against the corresponding per-bucket full-corpus nDCG@10. We
caveat that on the smaller BEIR corpora the tail bucket is populated
by queries whose ground-truth document is intrinsically distinctive
(NFCorpus, SciDocs, SciFact, all <26K documents) and therefore
well-retrieved even with minimal training support; the strongest
evidence comes from FiQA (57K), HotpotQA (5.2M), and ArguAna
where the adversarial structure removes the confound.

Table 11 reports head and tail retention per method across all
five budgets on six text-retrieval datasets. Two findings emerge.
Workload-awareness pays off where pruning is aggressive.
The gap between head and tail retention is largest at aggressive
budgets and shrinks as more of the corpus is retained. Across the
six datasets, QDS’s head retention exceeds its tail by a median
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of +29pp at 10% budget and only +4 pp at 90%, indicating that
workload-aware selection contributes precisely where it matters
most. ArguAna is the exception: the head—tail gap stays in the +17
to +25 pp range at every budget (e.g. 30%: head 131.2, tail 107.2;
90%: head 126.3, tail 109.2), because distractor removal benefits both
buckets but the head more strongly. On SciDocs at 50% the pattern
inverts (head 89.6, tail 97.3) due to an absolute-difficulty confound:
SciDocs tail queries are niche citation requests that the full corpus
already retrieves with high nDCG@10, so the head’s relative gain
shrinks even when both buckets are well-preserved.

No tail collapse. A natural concern is whether QDS’s head advan-
tage comes at the expense of rare-query retention. Table 11 shows
that this is not the case. On FiQA (57K documents), QDS wins both
head and tail at 30, 50, and 70% budgets (e.g. 30%: head 87.9, tail
54.2 vs. next-best 53.9); on HotpotQA (5.2M documents), QDS leads
both buckets at 10, 30, 50, and 90% budgets, with margins reaching
+22 pp on tail at 30% (70.5 vs. Coverage 63.2). MSMARCO v1 (8.8M
passages) tells the most revealing story: QDS retains 32.8 pp of tail
at 30% budget and 52.6 pp at 50%, while Coverage stays below 7 pp
on the tail at every budget under 90% and QueryRel. retains only
15.2 and 29.8 pp at the same budgets. QualT5-zs is the one method
that leads both buckets on MSMARCO v1 (tail 73.1 pp at 30%), but it
benefits from training directly on MSMARCO v1 itself (Section 5.1);
among methods without that in-distribution access, QDS is the only
one that retains a balanced head/tail profile rather than collapsing
on the rare side. QDS therefore avoids the failure mode that defines
Coverage and QueryRel. at web scale (Coverage MSMARCO v1 tail
at 50%: 6.0 vs. QDS 52.6; QueryRel. tail at the same budget: 29.8):
the workload-aware signal shifts the operating point along the
Pareto frontier without producing a degenerate solution on either
end. Where another method edges QDS on tail, typically Coverage
on SciFact, or QualT5-zs on small-corpus NFCorpus and SciDocs
(<26K documents, where the tail bucket is intrinsically easy), the
same baselines concede 8-32 pp on the head.

6 Conclusion

We introduced QDS, a query-aware pruning framework that scores
documents using 13 retrieval-structural features combined through
an ES-trained linear scorer that directly optimises nDCG@10 un-
der fixed indexing budgets. Across dense, sparse, and multimodal
retrieval settings, four findings emerge. First, optimal pruning is
strongly dataset-dependent, and no single heuristic transfers re-
liably across retrieval regimes. Second, coverage-based selection
degrades sharply at web scale by over-selecting high-frequency
hard negatives. Third, lightweight retrieval-structural signals match
or exceed a 220M-parameter in-domain T5 classifier in most set-
tings with substantially lower variance. Finally, the gains decom-
pose cleanly: the feature framework already outperforms individual
heuristics, with ES adding a further 5-7 pp over evaluation-matched
random search.

When QDS does not lead. Two regimes constrain the framework.
On SciFact at >50% budget, the near one-to-one query—document
structure makes set-cover near-optimal and a learned combination
cannot improve on it. On MSMARCO v1, the in-domain QualT5-zs
checkpoint dominates because it has direct access to the training
distribution; QDS still beats every purely heuristic baseline and
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Table 11: Retention (%) on head and tail buckets across bud-
gets; tertiles by mean cosine similarity to the 10 nearest train-
ing queries. Bold: best per cell.

10% budget 30% budget 50% budget 70% budget 90% budget
Dataset Method Head Tail Head Tail Head Tail Head Tail Head Tail

Random 11.2 254 26.2 555 590 80.7 73.2 910 83.7 96.0

<
g QueryRel. 0.0 0.0 854 333 99.9 688 998 98.0 99.8 98.5
2 Coverage 00 00 96.4107.7 101.2 108.1 100.9 1047 100.3 101.7
3 QualT5-zs 54 143 40.6 217 57.3 566 743 650 984 945
QDS 58.0 33.0 131.2 107.2 134.8 109.7 132.0 106.5 126.3 109.2
2 Random 440 205 711 497 841 640 945 77.6 946 97.8
8 QueryRel. 485 190 754 397 87.5 517 94.8 691 993 86.7
8 Coverage 423 229 67.7 508 783 664 87.0 80.3 98.6 94.6
£ QualT5-zs 349 258 584 619 743 734 835 860 934 964
Z QDS 50.9 27.5 75.6 49.5 849 646 916 759 99.6 79.2
Random 109 164 393 522 688 741 80.0 80.9 939 926
3 QueryRel. 602 13.1 87.3 240 899 514 982 69.9 100.6 88.3
= Coverage 710 22.8 825 442 92.6 752 999 90.7 1003 101.0
A QualT5zs 27 108 29.9 286 480 586 58.6 833 929 958
QDS 73.1 225 89.6 43.6 911 58.1 99.9 745102.6 94.2
” Random 222 36.0 568 68.5 758 744 828 859 958 952
g QueryRel. 527 9.1 842 195 952 4391012 734 998 90.9
a Coverage 55.1 17.5 547 444 843 520 937 89.7102.7 96.6
3 QualT5-zs 397 163 57.8 644 765 767 925 80.0 928 867
QDS 488 155 821 458 89.6 97.3 968 943 998 97.1
Random  28.1 154 483 348 678 535 800 722 924 932
< QueryRel. 51.2 116 86.2 454 98.1 713100.0 94.3100.0 99.3
Gt Coverage 422 174 563 435 712 645 829 755 934 932
= QualT5zs 31.6 24.6 540 539 72.8 750 837 89.9 960 99.1
QDS 436 227 87.9 542 978 82.0 99.9 97.8100.0 100.2
< Random 148 133 374 349 586 556 757 743 915 92.
2 QueryRel. 79.6 29.7 90.8 484 957 652 98.4 80.8 99.7 95.2
S, Coverage 785 442 897 632 924 726 957 838 99.0 943
3 QualT5-zs 158 142 40.0 374 60.6 558 762 743 920 915
= QDS 86.3 44.8 94.0 70.5 96.8 850 982 953 99.8 98.8
Random 240 155 546 414 707 59.9 852 77.2 945 920
s QueryRel. 603 51 884 152 984 298 96.0 56.4 100.0 89.9
@ Coverage 358 52 388 55 403 60 408 6.9 987 939
= QualT5zs 49.6 38.2 78.9 73.1 923 884 980 96.4 100.0 99.8

QDS 54.5 105 763 328 90.1 52.6 974 69.4100.1 96.7

retains practical advantages, including hours rather than days of
training, interpretable weights, and no dependence on a 220M-
parameter neural backbone. The gap closes on MSMARCO v2 at
120M scale, where QualT5-zs loses its distributional advantage and
QDS leads at 3 of 5 budgets.

Limitations and future work. The linear scorer cannot model
feature interactions: the MLP variant improves individual cells
but averages only +0.6 pp while sacrificing interpretability. A su-
pervised regression or learning-to-rank baseline over the same 13
features is a natural comparison, but requires a differentiable surro-
gate for nDCG@10, which is precisely the constraint ES removes.
Given precomputed features, reoptimisation on shifting workloads
is inexpensive: ES takes minutes on BEIR-scale corpora and a few
hours at web scale, enabling periodic retraining on fresh query
logs and supporting deployment in continuously evolving produc-
tion environments. Natural extensions include multi-stage retrieval
pipelines where document selection interacts with reranking, and
finer-grained budgeting that allocates different retention targets
to head, torso, and tail query classes rather than a single global
budget.

These results suggest that corpus pruning is fundamentally a
retrieval-structure problem rather than a document-quality prob-
lem, opening directions for workload-aware budgeting in dynamic
retrieval systems.
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