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Abstract

Document clustering is a common technique used in sparse retrieval
to group similar documents together. The K-means method has been
widely adopted to group similar sparse vectors together, but it is
not scalable when dealing with a large number of clusters, and
the bipartite graph partitioning (BP) method is a preferred choice
for block-based document retrieval to partition a large document
set efficiently. This paper revisits such a partitioning approach
and proposes a balanced K-means-guided bisection method with
log-linear complexity while maintaining a good similarity-based
clustering quality. Our evaluation with several IR datasets for block-
based sparse retrieval algorithms show that the proposed method
outperforms the baseline variants of K-means in scalability with
29-414x faster partitioning even for small datasets and reduces
retrieval latency by up to 32% compared to BP when clustering
8.8M MS MARCO passages using SPLADE++ embeddings.
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1 Introduction

Document clustering is extensively used in sparse document re-
trieval in which documents are divided into a set of blocks of similar
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documents for fast index skipping [6, 8, 30, 35, 36, 39]. The bipartite
graph partitioning (BP) [14] with bisection is used by live-block
filtering, BMP, and superblock pruning [8, 9, 35, 36] to produce a
larger number of clusters, while a variant of K-means [10] is used
in the Seismic retriever [6] for clustering. Anytime Ranking and
ASC [30, 39] adopt a combination of K-means and BP methods for
document reordering and clustering. In this paper we use “block”
and “cluster” interchangeably to describe a group of documents.

The K-means algorithm [10] is a popular method to divide a
dataset of n vectors into K clusters by minimizing the mean distance
from documents to the cluster centroids. There are various studies
to optimize K-means for sparse datasets [13, 17, 18, 23, 27, 38] and
their time complexity is at least O(n - K). The main advantage of
BP over K-means and these variants is BP’s log-linear complexity,
scalable in producing up to O(n) clusters. That is desired by the
BMP [36] and LSP [9] retrieval engines, as witnessed by their con-
figuration setting for MS MARCO’s 8.8M passages with around one
million blocks. The motivation of having such a large number of
blocks is to avoid the loose estimation by block-level rank maximum
scores and increase the chance of block-level index pruning.

This paper revisits the problem of scalable clustering with K-
means and proposes Guided K-means Partitioning (GuideKP) to
inject the centroid distance cost of K-means into the bisection par-
adigm of BP while retaining its low complexity. During bisecting
steps, GuideKP incorporates low-cost gain prediction to swap docu-
ments between two partitions and produces uniform partition sizes
suitable for retrieval with BMP and LSP.

Our evaluation with small BEIR datasets shows that GuideKP
produces clusters of the best quality compared to the four tested
variants of K-means on multiple metrics while being two to three
orders of magnitude faster (or more) in partitioning time. For MS
MARCO with around 1M clusters, which is too large for these K-
means variants to handle, GuideKP yields up to 32% shorter retrieval
latency than BP with more successful runtime index pruning with
manageable extra offline partitioning time.

2 Background and Related Work

Document clustering. K-means [28] minimizes the sum of squared
error (SSE) in the targeted K clusters, where c; is the centroid of
cluster Bg: SSE = Z;{:l erBj |lx — ¢;||%. Bisecting K-means [43]
is shown to be competitive with a complexity O(m - logK - I -
r) for balanced splitting. But in practice binary splitting is often
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unbalanced, which yields actual complexity O(m - K - I - r), similar
to that of the standard K-means algorithm. Here, m is the number
of non-zero elements in all data vectors, I is the maximum number
of iterations per K-means split to converge, and r is the number of
trials for varying different initial splits.

Previous studies for improving K-means on sparse data typically
consider a number of clusters in an order of thousands, and their
algorithmic complexity remains at least O(n - K), not scalable to
a large number of clusters [1, 13, 17, 18, 23, 27, 38]. Another cate-
gory of K-means studies target dense vectors with different storage
structure and dimensionality considerations [2, 11, 37, 42].

Sparse document retrieval. Given a query q for searching a
collection of n documents, sparse retrieval computes the dot product
similarity of a given query q and a document d as: RankScore(d) =
L(q) - L(d) where L(.) is a sparse vector of weighted terms for a
document or a query based on the BM25 formula [40] or a learned
neural representation [20, 26, 33, 41, 46]. L(.) may contain original
and/or expanded terms. Online sparse retrieval historically uses an
inverted index to assist fast query processing.

Block or cluster based sparse index pruning. The state-of-
the-art fast retrieval algorithms for learned sparse retrieval BMP,
Seismic, and Superblock Pruning all use block- or cluster-based
pruning strategies [6, 8, 9, 36]. These methods follow or extend
classical index skipping techniques [5, 15, 16, 35, 45]. Block-based
index skipping divides documents into blocks to estimate the block-
wise maximum rank score for pruning [15, 35, 36]. Cluster-based
skipping uses a similar strategy [7, 22, 30, 39]. Assume a docu-
ment collection is divided into a set of K blocks {By, - - - , Bk }. The
key to block-level pruning is computing the BoundSum for each
block: BoundSum(B;) = X.;c( qr - BlockMax(B;,t) where each
BlockMax(B;,t) = maxgep; Wiq and is precomputed offline for
every block and term in an index. The visitation to block B; can
be safely pruned if BoundSum(B;) < 0, where 6 is the current top-
k threshold. While BoundSum(B;) is the upper bound of possible
rank scores within this block, the tightness of this bound depends
on the ratio of BlockMax(B;, t) and average term weights of ¢ in
each block and can greatly affect the chance of pruning such a block
during retrieval [39]. Thus, it is critical to group documents with
similar term structures together.

BMP optimizes BoundSum tightness by using a massive num-
ber of fine-grain blocks and efficiently scoring them using SIMD
operations [36]. SP and LSP add a two-level hierarchy that first con-
ducts coarse-grain pruning which enables the use of smaller blocks
(with tighter BoundSums ) [8, 9]. Seismic relies on an approximate
query-centroid distance rather than BoundSum but improves its
cluster selection accuracy by using a small set of unique clusters
per posting list [6]. In terms of clustering or block assignment meth-
ods, all of the above studies employ a similarity-based method to
group similar documents together. BMP, SP, and LSP use BP [14, 29],
whereas Seismic uses an approximate K-means algorithm [10].

Bipartite graph partitioning. BP [14, 29] recursively divides
a document set D into two partitions to minimize the following
cost (called LogGap) when swapping documents between parti-
tions: ), |Deg(t)|log, %. Here |D| is the document set size
and |D|/(Deg(t) + 1) approximates the average gap between two
consecutive document IDs in the posting list of term ¢. As such a

Parker Carlson, Sammy Lesner, Antonio Mallia, and Tao Yang

loss exploits the term structure during bisection, BP is effective for
index compression by arranging similar documents in contiguous
blocks [31, 34].

The purpose of employing BP in BMP and Superblock Pruning
is solely for grouping similar documents, but not for compressing
document IDs [8, 36]. This is because the small block structure in
BMP and SP allows compact ID coding within each block instead
of delta encoding. Since the LogGap cost in BP was designed for
the ID-gap based compression with delta encoding, we revisit the
traditional K-means approach which can align better with BMP and
SP’s goal to group similar documents in each block.

3 K-Means Guided Partitioning

3.1 Design considerations

Clusters produced by K-means have nonuniform sizes, while the
BMP and SP retrieval algorithms use a uniform block size. This can
simplify index compression and reduce the overhead of accessing
blocks during online retrieval. There have been various balanced
K-means studies [4, 13, 25, 32] with hard or soft constraints so that
each cluster has n/K data points. These techniques target various
K-means applications (e.g. workload balancing) that demand rela-
tively equal cluster sizes, and their complexity varies from O(n®)
to O(n?K) and O(n - K), which is too high when K = O(n).

Our strategy is to adopt the cost function of K-means but impose
a balanced partition size constraint while retaining the near linear
time complexity advantage of BP, which scales to large sparse
datasets when both n and K grow large. For the datasets tested,
our evaluation shows imposing the size balancing restriction does
not have a visible impact on the goal of minimizing the overall SSE
metric in GuideKP.

3.2 Proposed GuideKP method

Given a document collection with n documents, we aim to divide
the document set into K blocks with uniform size b: By, By, - - - , Bk
where K = [2]. GuideKP conducts a sequence of bisection steps to
recursively divide a data partition D into D; and D; (near) evenly
until the partition does not exceed size b. Algorithm 1 shows the
substeps involved in partitioning D, which minimizes the following
cost:
J(DuDy) = Y x=cill+ 3 el

xeDy xeDy

Algorithm 1 Partitioning in GuideKP during each bisection step

(1) Split D into D; and D, with |Ds| = [217 % p and D, = D - D;.

(2) Compute centroids of D; and D; as ¢; and c;.

(3) For each document in D;, compute the gain to move D; to D,.
Sort these documents by their gain. Select a top list L;.

(4) For each document in D,, compute the gain to move D; to Dy.
Sort these documents by their gain. Select a top list L,.

(5) For selected pairs of Ly and Ly, perform a swap if there is a gain.

(6) Repeat Substeps (3) to (5) for r times or until no more swapping.

We use two heuristics to guide our algorithm:

e The gain for moving a single document u from D; to D, is esti-
mated as SingleMove(u, D1, D2) = J (D1, D2)— 9 (D1 —{u}, Do+
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{u}). A positive gain of SingleMove(u, D1, D;) means that there
is a potential cost decrease when moving u from D; to D,. This
indicates a document could belong better in the other cluster, but
does not take into account the documents in the other cluster.

o The true gain of switching documents u and v is SwapGain(u, v) =
J (D1, D;) = J (D7, D;), where D} = Dy — {u} + {v} and D; =
D, —{v} +{u}. This confirms that a swap improves the clustering.
Details on the swapping in bisection Substep (5) is shown in Al-

gorithm 2. The SingleMove computed earlier is used to estimate the

possible gain of exchanging u and v, and reject unpromising swap-
ping in advance. Additional details on SingleMove and SwapGain
are described in Section 3.3. Note the partitioning choice in Substep

(1) of Algorithm 1 aligns the clusters with the blocks used during

indexing with BMP or SP, not splitting evenly like BP.

Algorithm 2 Swapping in Substep (5) of Algorithm 1 for GuideKP
Remove u from L; with the highest SingleMove;
Remove v from L, with the highest SingleMove;
If SingleMove(u, Dy, D3) + SingleMove(v, D2, Dy) > 0

and if SwapGain(u,v) > 0, swap u and v.
Repeat the above steps until L; or L, becomes empty or
SingleMove(u, D1, D;) + SingleMove (v, D2, D1) < 0.

3.3 Gain computing and GuideKP complexity

We present low cost methods for our two gain estimators. Let
ny = |Dy| and ny = |Dy|.

SingleMove(u, Dy, D;). The new partitions after moving u are
Dy’ =Dy —{u} and D," = D, + {u}. Their centroids are:
,_Cim—u U—ocy ,_czn2+u_ U—=Ccy

=C1 — ; €y = =cC + .
n—1 ny—1 ny +1 ny +1

1

We will use the following property for a centroid ¢ of set D:

Dol =cll? = lxl®) = Dllell® (1)

xeD x€eD
Then, SingleMove can be calculated as:

SingleMove(u, D1, D) = J (Dy, Ds) — j(D;)D;) )
= (%) = mlleall? + (7 lxl®) = nalleal? 3)
xeDq x€D;y
= (7 Il = (n = D] 1
xEDi
= (O %P = (m2 + Dl 12
xeDj,

= (n = DI = mlledll® + (nz + Dl N? = nalleall* (4)

ny
= (llerll® = 2e1 - u + Jlull?) )
ny — 1

ny
+1

le1]|? and ||c2||* can be precomputed in Substep (2) of Algo-
rithm 1. The cost of u - ¢; and u - ¢; is proportional to the number of
nonzeros in u. Thus, for all documents in D; and D; in all partitions
at the same bisection depth, the total cost including sorting for
Substeps (3) and (4) is O(m + nlogn) where m is the number of
nonzeros in all documents.

2 2
(lleall” = 2¢2 - u + [[ull%).
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SwapGain(u, Dy, v, D2). The centroids for the new partitions D]
and Dj are:

" + v—-u + u—v
c; =¢ — C,=C _—
PTTAD T T T Dy
Then,
SwapGain(u,0) = J (D1, Dy) — J (D}, Dj) ©
= (lull® = lloll? = nallesI* + mallci 1) (7)
+ (loll* = llull® = nallcall* + nzllc311%)
= ni(=lledl® + et ll®) + na(=lle2ll + lles 1I*) (8
v—u
=ny(=llegll® + ller + —11%) )
ny
u-—-o
+mp(=llezll + llea + —1I%)
na
1 1
=2(cz—c) (w—o) +flu-o|*{ —+—]. (10)
ny ny

Following the same argument for computing SingleMove, the
above expression can be computed at the same complexity level.
Notice that SwapGain(u,v) is called in Substep (5) once for every
ranked-pair of documents in the candidate list, then the time com-
plexity of Substep (5) is O(m) for all documents at the same bisec-
tion depth. Substep (2) costs O(m). The total complexity of all sub-
steps of GuideKP for all bisection steps is O(r(m + nlogn) log K)),
which is the same as the BP algorithm.

4 Evaluation

We extend the Faster BP code using Rust [31], compiled with -O3
optimization. Our code is publicly available.! We compare GuideKP
with BP [14, 29, 31] and also the following four variants of K-means:
1) Bisect-KM: Bisecting K-means [43] which is competitive with
regular K-means and can outperform other hierarchical methods.
It has high complexity as its splitting is often not balanced. 2)
SparseKM [38]: A state-of-the-art efficient implementation of K-
means for large sparse datasets. Its complexity is O(m - K). 3) Bi-
SparseKM: We implement a variant of Bisecting-KM [43] using
SparseKmeans [38] to perform each bisecting step. 4) BKM++ [13]:
A balanced K-means algorithm with complexity O(n - K).

We examine our partitioning quality on the four smallest publicly-
available BEIR datasets (NFCorpus, SciFact, Arguana, SciDocs) [44],
ranging in size from 3,633 to 25 thousand documents. We choose
these small datasets because the above K-means variants are too
slow to handle larger datasets with a large number of clusters.
We also evaluate the scalability of our partitioning using the MS
MARCO passage dataset [12] with 8.8 million English passages,
with standard metrics (Recall and mean query latency) on the devel-
opment (Dev) query set of 6980 queries. All online query latencies
are collected after multiple runs with a single thread on a Linux
server using Intel i7-1260P with 12 cores, AVX2 SIMD support, and
64GB memory. Before timing queries, all posting lists and metadata
for tested queries are pre-loaded into memory, following the com-
mon practice. All partitioning times are run using 12 threads. We
select SPLADE++ as a representative learned sparse retrieval model
and use its embeddings for all datasets and methods [19, 20]. We

!https://github.com/pisa-engine/guidekp
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found similar results with SPLADEv3 embeddings [24], but omit
these results from most tables for space.

Partitioning time and quality. Table 1 compares the document
partitioning time and cluster quality of all baselines over four BEIR
datasets when b=8, and targeted K = 7. Each dataset reports the
size and number of clusters as N and K respectively. This table
reports the following metrics. (1) Partitioning time. (2) The average
sum of squared errors (SSE). (3) The standard deviation of cluster
sizes (o) which reveals if partitioning is balanced or not [3, 13].
(4) The estimated BoundSum tightness (Bound Tight.), which is
the average, over all terms, of the ratio of the maximum weight
divided by the average weight for each term within a block. This is a
query-independent tightness estimation, and prior work has linked
tighter BoundSum estimation with improved query latency [8, 39].
(5) LogGap, which is the cost metric used in BP.

Table 1: Partitioning time and quality metrics on BEIR-4.

Partition Bound

Method Time (s) | SSE | (10°) o | Tight. T LogGap |

NFCorpus (N = 3633, K = 454)
Random - 161 0.329 0.112 3.48
Bisect-KM 12 4.13 8.96 0.377 2.95
SparseKM 2.9 7.67 19.9 0.350 3.41
Bi-SparseKM 39 6.65 8.41 0.319 3.45
BKM++ 17200 4.61 0.329 0.296 3.41
BP 0.04 4.16  0.329 0.372 2.85
GuideKP 0.10 3.98 0.329 0.416 291

SciFact (N =5183,K = 647)

Random - 189  0.039 0.120 3.61
Bisect-KM 30 4.80 9.29 0.427 3.05
SparseKM 43 11.9 30.2 0.400 3.61
Bi-SparseKM 56 7.69 8.17 0.341 3.62
BP 0.05 4.83  0.039 0.408 2.93
GuideKP 0.14 4.65 0.039 0.462 3.00

Arguana (N = 8674, K = 1084)
Random - 153 0.182 0.080 3.80
Bisect-KM 58 3.51 9.05 0.403 2.99
SparseKM 9.0 13.7 429 0.295 3.34
Bi-SparseKM 101 5.62 8.27 0.276 3.48
BP 0.11 3.58 0.182 0.390 291
GuideKP 0.27 3.37 0.182 0.451 2.97

SciDocs (N = 25657, K = 3207)
Random - 145 0.124 0.094 3.90
Bisect-KM 455 3.53 10.8 0.441 3.20
SparseKM 43 19.2 41.4 0.304 3.89
Bi-SparseKM 359 6.51 9.79 0.308 3.90
BP 0.32 3.58 0.124 0.410 3.03
GuideKP 1.1 3.41 0.124 0.487 3.16

In terms of partitioning time, BP and GuideKP are significantly
faster than traditional K-means algorithms. The released code of
BKM++ was too slow to converge on any dataset except NFCorpus,
where it took 4.8 hours to complete, and GuideKP is 172,000x faster.
This was caused by the high dimensionality of our sparse vectors
and large number of clusters. GuideKP is 29-414x faster than other
K-means variants, while it is 62% slower than BP.

For partitioning quality measured by SSE and BoundSum tight-
ness, GuideKP performs the best, followed by Bisect-KM which
is the best variant of traditional K-means. SparseKM is the fastest
of the traditional K-means, but is still 29x slower than GuideKP.
Bi-SparseKM is 15-295% better than SparseKM in terms of SSE, but
tends to be slightly worse on estimated BoundSum tightness. As the
number of clusters increases, Bi-SparseKM begins to perform much
better than SparseKM. All of the unbalanced K-means methods
have high variance in their cluster sizes (o), while GuideKP, BP,
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and BKM++ produce balanced clusters with a low ¢ value. BP per-
forms best on LogGap, which it directly minimizes, while GuideKP
and Bisect-KM are also competitive. Later we show that SSE and
BoundSum tightness are better clustering metrics than LogGap for
predicting retrieval latency.

Table 2: Effect of max_iter (r) on MS MARCO.

Partitioning Time (s) | SSE | (10%) Bound Tightness T
max_iter = 1 3 5 20 1 3 5 20 ‘ 1 3 5 20
' " SPLADE++ '
BP 453 109 163 382 | 1.75 154 151 148 | 0336 0402 0407 0410
GuideKP 104 230 332 804 | 1.57 138 137 135 | 0.386 0.444 0.450 0.455
+ Unaligned | 113 214 279 812 | 1.62 145 144 142 | 0350 0402 0407 0.412
SPLADE-v3
BP 63.0 133 208 577 | 3.01 259 253 248 | 0375 0458 0465 0.470
GuideKP 139 259 380 975 | 2.65 230 2.27 225 | 0441 0.501 0.507 0.510
+ Unaligned | 166 289 413 970 | 276 244 241 238 | 0401 0457 0463 0.466

(r) for BP and GuideKP on MS MARCO. The default setting of BP
uses r = 20, with smart early stopping from [31]. When r = 3 for
GuideKP, it already outperforms BP in terms of both the SSE and
BoundSum tightness. Choosing r > 3 has diminishing returns and
thus we recommend r = 5 for fast clustering and r = 20 for the
best quality. All experiments use r = 20 unless otherwise noted. “+
Unaligned” replaces our block-aligned partitioning from Substep (1)
of Algorithm 1 with BP’s even split. This only decreases SSE by 3-5%,
but decreases BoundSum tightness by about 10%. For SPLADE-v3,
varying max_iter shows a similar pattern, with r = 3 still achieving
better SSE and Bound Tightness than BP at r = 20.

Design choices. Table 2 shows the impact of varying max_iter

Table 3: Relation between cluster count (K) and quality on
BEIR-4. SSE scaled by a factor of 10%, “BT” is Bound Tightness.

K=84 K =165 K =337 K =674 K =1348
SSE| BTT [SSE| BTT [SSE| BTT |SSE| BTT [SSE| BTT

Bisect-KM | 77.4 0.128 38.1 0.170 18.4 0.227 8.74 0.300 3.99 0.410
SparseKM 134 0.143 | 86.0 0.166 42.6 0.215 24.5 0.260 13.1 0.332
BP 77.5 0.131 38.3 0.170 18.5 0.222 6.78  0.294 4.04 0.394
GuideKP 76.4  0.135 | 37.5 0.181 | 18.1 0.237 | 8.51 0.326 | 3.85 0.452

Impact of varying the number of clusters K on quality.
Table 3 studies the cluster quality when varying K from 84 up to
1348 for the 4 BEIR datasets. In terms of SSE, GuideKP is the best
for 4 out of 5 cases and outperforms all K-means variants. In terms
of the estimated BoundSum tightness, GuideKP outperforms all
K-means variants except for small K = 84. Thus for a modestly
large number of clusters K, GuideKP outperforms these K-means
variants in both metrics. GuideKP outperforms BP in all cases except
SSE with K = 674. Considering results of Table 2 for MS MARCO,
GuideKP outperforms BP in both metrics with large K values.

Correlation to retrieval latency. To test if LogGap, SSE and
estimated BoundSum tightness are good clustering metrics for
retrieval, we compute their correlation separately with retrieval
latency in Figure 1 using two block-based retrievers BMP and
LSP [9, 36]. Notice that for each retriever, we have applied either
BP or GuideKP while the correlation efficient R? is computed by
aggregating them together. Figure 1 shows that all three metrics
are correlated with retrieval time, but SSE and BoundSum tightness
have a stronger correlation than LogGap. SSE has the best corre-
lation with query latency for both retrievers, with a correlation
coefficient R? of over 0.75. BoundSum tightness still has strong
correlation with a R? of 0.71 to 0.80, while LogGap only has a R?
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Correlation between metrics and query latency on MS MARCO
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Figure 1: Correlation between LogGap, Est. Bound. Tightness, SSE and retrieval latency with two block-based retrieval engines.
The Y axes show the mean query latency (MRT) at retrieval depth 10, with the latency of BMP (using safe search) shown in blue,
and the latency of LSP (using their recommended “Config. 1”) in orange. Indexes partitioned using BP are shown with an “X”
marker, whereas indexes partitioned with GuideKP are shown with an “O”. Both BP and GuideKP vary max_iter={1,3,5,20}.

of about 0.38. All metrics demonstrate the improvement of parti-
tioning by GuideKP has a stronger effect on BMP than LSP. For
example, with a 18% drop in BoundSum tightness resulting in a 19%
drop in query latency in BMP, versus a 13% drop in LSP.

When we compute the correlation efficient R? separately for BP
and GuideKP in each metric, the correlation between BMP’s latency
and LogGap, SSE, and BoundSum tightness of indexes built using
GuideKP is 0.999, 0.998, and 0.999 respectively. LSP also achieves
correlations above 0.97 to the retrieval time on GuideKP indexes.
In comparison, BP indexes have correlations ranging from a decent
0.54 to strong 0.81. Thus, clustering with GuideKP yields a higher
correlation coefficient to the retrieval time than with BP, and an
improvement of any of these three metrics with GuideKP will likely
reduce retrieval latencies.

Table 4: Mean response time (us) at a fixed recall budget or
on a fixed configuration on MS MARCO Dev with BMP & LSP

Recall 95% 97% 99% Fixed
Preserved MRT MRT MRT Config.
k=10

BMP+BP 1724 (+16%) 2082 (+16%) 2696 (+17%) | 7800 (+2.2%)
BMP+GuideKP | 1482 1788 2305 7630
LSP+BP 145 (+11%) 184 (+22%) 267 (+31%) 303 (+13%)
LSP+GuideKP | 131 151 204 269

k=1000
BMP+BP 1474 (+6.0%) 1820 (+7.2%) 2652 (8.0%) | 17600 (+32%)
BMP+GuideKP | 1390 1697 2456 13300
LSP+BP 573 (+11%) 583 (+13%) 878 (+8.5%) | 1220 (+9.9%)
LSP+GuideKP | 516 516 809 1110

Impact of GuideKP partitioning on retrieval latency. Table 4
compares retrieval latency of indexes clustered with GuideKP and
BP across fixed configurations and targeted recall budgets (95% to
99%) for both BMP and LSP. For fixed configurations, BMP uses
safe search (b=8) and LSP follows the recommended “Config. 1
To ensure a fair comparison, we use a grid search? to identify
the fastest BMP/LSP configuration for each index that meets the
targeted recall. This is because GuideKP typically yields higher
recall than BP under identical retrieval parameters, and Columns 2
to 4 represent the best speedup achievable under each budget.

Details omitted for space; they are included with our code release.

Across all configurations, GuideKP yields a latency shorter than
BP by 16-31% at k=10 and 7-11% at k=1000. Even with fixed config-
urations, GuideKP produces faster indexes with a 2.2-32% speedup
for BMP and a 10-13% speedup for LSP. These gains are driven by
GuideKP’s strong clustering quality, which enables more aggres-
sive pruning without sacrificing recall. For instance, using LSP at a
99% recall budget, GuideKP achieves an 8.5% speedup at k=1000 by
reducing the number of blocks scored by 23% while keeping Bound-
Sum computation stable. The impact is even more pronounced at
k=10, where a 31% speedup is realized; here, improved clustering
allows for a 66% reduction in blocks scored and a 17% decrease in
BoundSum computation time.

5 Conclusion

We proposed a simple balanced K-means guided bisection algorithm
with a log-linear complexity to both n and K. Our evaluation shows
that GuideKP is 29-414x faster than the three variants of K-means
while having similar or better clustering quality metrics. GuideKP
outperforms the fourth variant (BKM++) in all metrics on one
dataset while BKM++ is too slow to cluster on the remaining small
datasets. On MS MARCO passages with SPLADE++, the four K-
means variants cannot handle it due to its size, and GuideKP can
outperform BP in both quality metrics SSE and BoundSum tightness
and result in up to 32% query latency improvement. GuideKP has
the same time complexity as BP, while being up-to 2.1x slower for
clustering MS MARCO passages with 1 million clusters, which is
still reasonable and scalable for offline processing.

We assessed the impact of GuideKP on retrieval latency using
LSP and BMP because they require a very large number of blocks.
The future work is to study the effects with different learned sparse
representations [21, 26, 33, 41, 46] and other retrievers [6].
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