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ABSTRACT
Although Approximate Nearest Neighbor (ANN) search has been

extensively studied, large-𝑘 ANN queries that aim to retrieve a large

number of nearest neighbors remain underexplored, despite their

numerous real-world applications. Existing ANN methods face sig-

nificant performance degradation for such queries. In this work,

we first investigate the reasons for the performance degradation

of quantization-based ANN indexes: (1) the inefficiency of existing

top-𝑘 collectors, which incurs significant overhead in candidate

maintenance, and (2) the reduced pruning effectiveness of quantiza-

tion methods, which leads to a costly re-ranking process. To address

this, we propose a novel bucket-based result collector (BBC) to en-

hance the efficiency of existing quantization-based ANN indexes

for large-𝑘 ANN queries. BBC introduces two key components: (1)

a bucket-based result buffer that organizes candidates into buckets

by their distances to the query. This design reduces ranking costs

and improves cache efficiency, enabling high-performance mainte-

nance of a candidate superset and a lightweight final selection of

top-𝑘 results. (2) two re-ranking algorithms tailored for different

types of quantization methods, which accelerate their re-ranking

process by reducing either the number of candidate objects to be

re-ranked or cache misses. Extensive experiments on real-world

datasets demonstrate that BBC accelerates existing quantization-

based ANN methods by up to 3.8× at recall@𝑘 = 0.95 for large-𝑘

ANN queries.
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1 INTRODUCTION
Driven by the rapid process of large-scale machine learning and

generative AI techniques, efficient vector search has become a

critical capability in modern data systems [56, 63, 67, 87]. Vector

databases [60, 61, 79, 80] now serve as the foundation for querying

embeddings generated by deep learning models, where Approx-

imate Nearest Neighbor (ANN) search is the core computational
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primitive [60, 82], trading off minor accuracy for significantly im-

proved efficiency [31, 84]. In practice, ANN algorithms are typically

extended to retrieve approximate 𝑘-nearest neighbors to meet the

demands of real-world applications.

Although ANN queries have been extensively studied, most

existing studies design and evaluate their methods under small 𝑘

settings, which are typically in the range of a few tens to a few

hundreds [13, 46]. This setting is well-suited for some applications

such as retrieval-augmented generation (RAG) [43], where an ANN

index retrieves the top-10 relevant documents for a large language

model to generate the final responses. However, many real-world

applications involve large 𝑘 scenarios (e.g., 𝑘 ≥ 5,000), where a

large number of nearest neighbors need to be retrieved for each

query. We refer to such queries as large-𝑘 ANN queries and next

present several of their applications.

(1) In model training or fine-tuning scenarios, it is often necessary

to efficiently retrieve a large set of highly relevant data samples

to construct the training dataset. These samples typically num-

ber in the tens of thousands in many real-world applications,

such as retrieving videos or images that capture specific types

of dangerous driving behavior. In such cases, the initial query

is often ambiguous, such as an image representing a driving

behavior. Data engineers usually need to perform multiple iter-

ations of search, refining the query by selecting better examples

from the retrieved results before identifying an effective query

and obtaining a satisfactory set of results.

(2) In document retrieval, state-of-the-art methods often adopts a

retrieve-and-rerank pipeline [41]. Documents are encoded into

embeddings using pre-trained language models [93]. An ANN

index built on these embeddings retrieves tens of thousands

of candidate documents for each query. Subsequently, a more

sophisticated model, such as ColBERT [39], which encodes

queries and documents into token embeddings and computes

similarity by aggregating token-level similarities, re-ranks the

candidates to obtain the final results.

(3) In industrial recommendation systems [22, 38], hundreds of

thousands of candidates are first retrieved via anANN index and

then re-ranked using more computationally expensive models

to produce the final recommendations.

However, existingANNmethods face significant performance degra-

dation when handling large-𝑘 ANN queries, as demonstrated in our

evaluation on four representative ANN indexes: the IVF [37], the

popular graph-based method HNSW [50], and two quantization-

based methods IVF+RaBitQ [21] and IVF+PQ [34]. An example

result on the C4 dataset is shown in Figure 1 and similar trends are

observed across other datasets. We observe that at recall@𝑘 = 0.95,

when 𝑘 increases from 100 to 5,000, the throughput of IVF+RaBitQ
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Figure 1: Querying Performance of IVF, HNSW, IVF+PQ, and
IVF+RaBitQ on the C4 dataset at 𝑘 = 100 and 𝑘 = 5000.

drops from 227 queries per second (QPS) to 47 QPS, a 4.8 × slow-
down; HNSW’s throughput falls from 113 QPS to 20 QPS, show-

ing a larger 5.7× slowdown. In this work, we focus on optimizing

quantization-based methods for large-𝑘 ANN queries for two rea-

sons: 1) quantization-based methods exhibit superior performance

for large-𝑘 ANN queries; and 2) our empirical results and analysis
1

show that quantization-based methods are more robust to increase

of 𝑘 compared with graph-based methods such as HNSW.

Challenge 1. Quantization-based methods often face significant

slowdowns in large-𝑘 ANN queries due to two primary challenges.

The first stems from the inefficiency of existing top-𝑘 collectors

when handling large 𝑘 . These collectors are responsible for main-

taining the 𝑘 nearest candidates by storing each candidate’s ID

and distance to the query. Whenever a closer candidate is found, it

replaces the farthest one, whose distance serves as the comparison

threshold. Existing ANN studies commonly employ a binary-heap

priority queue as the top-𝑘 collector. However, when 𝑘 is large,

the heap becomes inefficient under modern memory hierarchies

consisting of L1, L2, L3 caches and main memory. The inefficiency

arises because the heap size exceeds the capacity of the fastest L1

cache. For example, when 𝑘 = 100, the distance–ID pairs occupy

only 800 bytes, which is well within the 32 KB L1 cache capac-

ity, allowing the heap reside entirely in the L1 cache and achieve

low latency. However, when 𝑘 = 5,000, the heap grows to 40,000

bytes, exceeding the L1 cache capability and causing frequent L1

cache misses that significantly increase latency. For example, in

IVF+RaBitQ, its share of runtime rises from 2% at 𝑘 = 100 to 23%

at 𝑘 = 5,000 under recall@𝑘 = 0.95, as shown in Figure 2. This ob-

servation is consistent with prior findings [40] that link priority

queue performance to L1 cache misses.

Challenge 2. As 𝑘 increases, the pruning effectiveness of quanti-

zation methods drops. These methods accelerate ANN search by

estimating distances to quickly prune distant objects and can be

grouped into two categories: (1) unbounded methods that prune

solely by estimated distances (e.g., PQ), and (2) bounded methods

that provide probabilistically guaranteed distance bounds (e.g., Ra-

BitQ). Although they differ in querying strategies, both types of

approaches require re-ranking a growing number of candidates as

𝑘 increases. In bounded methods, the candidate set is maintained by

a top-𝑘 collector, and any object whose estimated bounds overlap

with the current threshold is re-ranked. As 𝑘 grows, the number

of such objects increases, leading to higher re-ranking overhead.

1
The suboptimal performance of HNSW at large𝑘 arises from the fact that graph-based

ANN indexes are designed for small 𝑘 . These methods construct a proximity graph

during indexing and use it to navigate queries toward nearby objects to reduce search

space. However, when 𝑘 is large, the graph traversal inevitably expands to a larger

portion of the graph, incurring significant additional overhead, as shown in Figure 2.

Figure 2: Time Overhead Breakdown of four methods at dif-
ferent 𝑘 , where “Distance computation” denotes exact dis-
tance computation, “FastScan” denotes estimated distance
computation, “Heap” denotes heap operations, and “Other”
covers the remaining costs.

For example, in IVF+RaBitQ, the runtime share of exact distance

computation rises from 27% at 𝑘 = 100 to 40% at k = 5,000, as shown

in Figure 2. Similarly, unbounded methods retrieve and re-rank a

candidate set whose size is typically several times larger than 𝑘 , to

maintain high recall. Consequently, as 𝑘 increases, the re-ranking

cost grows roughly linearly, resulting in a significant slowdown.

Our Method. To address the first challenge, we observe that ex-

isting collectors typically maintain an exact top-𝑘 set, where each

stored candidate may be accessed and replaced. When 𝑘 is large

and the stored distance-id pairs exceed the L1 cache capacity, this

results in frequent L1 cache misses and high maintenance overhead.

To overcome this, we propose a novel bucket-based result buffer
(BBC) that reorganizes candidate storage to maximize cache effi-

ciency, preserving exact results without maintaining exact top-𝑘 or-

der. Specifically, it partitions the estimated distance range between

the query and data objects into non-overlapping sub-ranges through

one-dimensional quantization. Each sub-range corresponds to a

bucket consisting of two linear buffers that sequentially store the

IDs and distances of candidates falling within this sub-range. This

design offers two key benefits: (1) it lowers ranking complexity by

organizing candidates into buckets based on distance, maintaining

ordering across buckets while avoiding orderingwithin each bucket;

(2) it reduces L1 cache misses, as the sequential insertion pattern

within each bucket enables the hardware prefetching mechanism to

proactively prefetch relevant memory blocks into the L1 cache for

subsequent candidate insertions. Leveraging both bucket-level rank-

ing and the number of objects stored in each bucket, we efficiently

identify the buckets that contain the exact top-𝑘 results and the

threshold bucket that holds boundary candidates near the threshold

distance. Together, these buckets form a candidate superset. The
upper bound distance of the threshold bucket serves as a relaxed
threshold. Both the candidate superset and the relaxed threshold can
be maintained at low cost, since only a small number of buckets are

involved. This design eliminates per-object access and replacement

by operating only on bucket-level structures, where distant buckets

are implicitly pruned once they become irrelevant. When the exact

top-𝑘 set is required, the final selection is restricted to the threshold

bucket, as the bucket-level ranking guarantees that all preceding

buckets contain only closer candidates. Leveraging the distance

concentration phenomenon [31, 84], we further show that under an

equal-depth partition of the distance range, the error between the

relaxed and exact thresholds are on the order of 10
−2
, keeping the
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selection cost negligible, as supported by both theoretical guidance

(Section 3.2) and empirical evaluation (Section 4.2).

To address the second limitation, we design two new re-ranking

algorithms tailored to different quantization methods. For bounded
methods, we aim to skip re-ranking objects that are guaranteed to

be either within or outside the top-𝑘 based on their estimated dis-

tance bounds, and re-rank only uncertain ones. We first formulate

an minimal re-ranking scenario that minimizes the number of re-

ranked objects without sacrificing accuracy and design a solution

to achieve it. However, this approach incurs substantial heap over-

head that offsets its benefits. To address this, we design a greedy

re-ranking algorithm that integrates seamlessly with the proposed

result buffer, significantly reducing the number of re-ranked objects

with a small extra cost. For unbounded methods, the number of

re-ranked objects cannot be reduced since their estimated distances

lacking guaranties. Instead, we propose an early re-ranking strategy

that tightly couples re-ranking with the result buffer. It computes

exact distances for objects predicted to enter the re-ranking pool

when their data are accessed, thus effectively reducing cache misses

during exact distance computation.

Building on these techniques, we develop a novel bucket-based

result collector (BBC) that substantially enhances the efficiency

of existing quantization-based methods for large-𝑘 ANN queries

without compromising accuracy. BBC integrates the proposed result

buffer to gather candidates efficiently and incorporates the newly

designed re-ranking algorithms to produce the final results.

The main contributions of this work are summarized as follows:

(1) We identify and analyze two major limitations of quantization-

based methods for large-𝑘 ANN queries: inefficiency of top-𝑘

collectors and declined pruning effectiveness, both of which

cause substantial performance degradation. To our knowledge,

these findings have not been reported in prior work.

(2) We propose a novel bucket-based result collector (BBC), which

introduces a bucket-based result buffer serving as a cache-

efficient top-𝑘 collector and two new re-ranking algorithms

tailored to bounded and unbounded quantization methods. To

the best of our knowledge, this is the first framework explicitly

designed for large-𝑘 ANN queries.

(3) Extensive experiments on real-world datasets show that: (1)

BBC accelerates existing quantization-based methods on large-

𝑘 ANN queries by up to 3.8× speedup at recall@𝑘 = 0.95; (2)

the proposed result buffer reduces the overhead of the top-𝑘

collector by an order of magnitude; and (3) the new re-ranking

algorithms speed up the re-ranking efficiency by up to 1.8×.

2 BACKGROUND AND MOTIVATIONS
Problem Statement. Given a dataset 𝐷 of 𝑁 data objects, each

represented by a 𝑑-dimensional vector, the Approximate Nearest

Neighbor (ANN) query involves two phases: indexing and querying.

In the indexing phase, it constructs a data structure based on the

data vectors. In the querying phase, given a query 𝑞, it aims to

efficiently retrieve the 𝑘 nearest vectors using the data structure

under a similarity metric. Most existing studies [33, 34, 49, 80] focus

on the setup where 𝑘 is small (e.g., 𝑘 = 100). However, as discussed

in Section 1, the query with large 𝑘 (e.g., 𝑘 ≥ 5, 000) is important

in many applications and introduces new challenges in algorithm

design. In this study, we aim to develop an efficient solution for

large-𝑘 ANN queries (𝑘 ≥ 5,000) under commonly used similarity

metrics in vector spaces, such as metric distances like Euclidean

distance, as well as cosine similarity and inner product. Unless

otherwise specified, we adopt Euclidean distance as the default

metric and also discuss extensions to other similarity measures.

Modern Memory Hierarchy. The modern memory hierarchy

typically consists of L1, L2, and L3 caches and main memory. The

L1 cache, located closest to the CPU core, provides the fastest access

speed but has the smallest capacity, typically 32 KB. It stores the

most frequently accessed data and instructions to minimize access

latency. The L2 and L3 caches are located farther from the CPU

cores, offering slower access than L1 but faster than main memory.

Although main memory is much larger, typically ranging from

several tens to hundreds of gigabytes (GB), its high access latency

makes it slower. Therefore, the data required by the CPU are loaded

into the L1 cache before processing. The transfer of data from

main memory or from the L3/L2 caches to the L1 cache results

in L1 cache misses, which introduce high latency, as shown in

prior experimental evaluations [40]. To reduce L1 cache misses,

modern hardware automatically prefetchesmemory blocks adjacent

to the currently accessed data into the L1 cache, while evicting less

frequently used blocks to lower cache levels or main memory.

Top-𝑘 Collector.Most ANN studies employ a binary-heap priority

queue to maintain the 𝑘 nearest neighbors. Despite the binary heap

achieving low latency when 𝑘 is small, it incurs frequent L1 cache

misses and significantly higher latency at larger values of 𝑘 , as

discussed in Section 1. Although modern hardware supports L1

cache prefetching, it is only effective for data structures with regular

memory access patterns, such as sequentially stored linear buffers.

For data structures with irregular and unpredictable access patterns,

such as binary heaps, its applicability is much more limited [48].

Quantization. Quantization methods accelerate ANN search by

efficiently estimating distances to prune distant candidates. During

indexing, they construct a quantization codebook, assign each data

vector to their nearest codebook vector, and store the codebook ids

as compact quantization codes. At query time, they (1) pre-compute

distances between the query and the codebook vectors, and (2) use

these pre-computed distances to efficiently estimate query-object

distances from the stored quantization codes, also known as quan-

tized distances. In practice, these methods are often integrated with

an inverted file (IVF) index [37] to improve querying performance,

with IVF+RaBitQ [21] and IVF+PQ [34] being representative meth-

ods. The IVF index partitions the data vectors into 𝑛𝑐𝑙𝑢𝑠𝑡𝑒𝑟 clusters

using the k-means algorithm during indexing and routes each query

to the 𝑛𝑝𝑟𝑜𝑏𝑒 nearest clusters at query time, thereby reducing the

search space. Within these clusters, quantization methods execute

their querying algorithm to obtain the final results.

Based on their pruning mechanisms and query processing strate-

gies, quantization methods can be categorized into two types. In

particular, bounded methods such as RaBitQ [20, 21] provide an

estimated distance range with a high probabilistic guarantee (e.g.,

99%) and leverage these bounds for pruning. Specifically, it em-

ploys a top-𝑘 collector to maintain the currently found 𝑘 nearest

neighbors and re-ranks any objects whose lower bounds fall be-

low the collector’s current threshold, as they may potentially enter

the top-𝑘 results. Because the objects stored in the collector often
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Figure 3: Illustration of the Proposed Bucket-based Result Collector.

change rapidly during the early stage, the number of re-ranked

objects is typically several times larger than 𝑘 , as shown in Sec-

tion 4.2. When 𝑘 increases, this results in a significantly higher

re-ranking cost, as shown in Figure 2. Unbounded methods such as

Product Quantization (PQ) [34] generally preset a hyperparameter

𝑛𝑐𝑎𝑛𝑑 ≫ 𝑘 (e.g., 𝑛𝑐𝑎𝑛𝑑=3,000 and 𝑘=100) to determine how many

candidates are retrieved based on their estimated distances. When

a query arrives, these methods employ a top-𝑘 collector to gather

𝑛𝑐𝑎𝑛𝑑 candidates according to their estimated distances, which are

then re-ranked to produce the final results. Here, 𝑛𝑐𝑎𝑛𝑑 is typically

several times larger than 𝑘 to achieve high recall. As 𝑘 increases,

the number of re-ranked objects increases linearly, leading to a

significant increase in the re-ranking cost, as shown in Figure 2.

Motivations. While many ANN methods have been developed, no

prior work has specifically investigated large-𝑘 ANN queries. There-

fore, we evaluate several representative ANN methods on large-𝑘

ANN queries, where the top-𝑘 collector is implemented using a

binary-heap priority queue. We present the evaluation results on

the C4 dataset in Figure 1, which contains over 14 million passages.

Figure 2 further presents a breakdown of time overheads under

different 𝑘 based on VTune profiling. Details of the experimen-

tal setup are given in Section 4.1. The experimental results reveal

the performance degradation of these methods on large-𝑘 ANN

queries, and we have highlighted two major limitations of existing

quantization-based methods in the Introduction. This motivate us

to design a new algorithm for large-𝑘 ANN queries.

3 THE BBC METHOD
3.1 Overview
In this section, we propose a novel bucket-based result collector

(BBC), composed of two new components: a bucket-based result

buffer serving as the top-𝑘 collector and two re-ranking algorithms.

We proceed to give an overview of the two components.

First, the result buffer partitions the estimated distance range be-

tween the query and data objects into non-overlapping sub-ranges

using one-dimensional quantization, as shown in Figure 3. Each

sub-range corresponds to a bucket that contains two linear buffers,

which sequentially store the IDs and distances of candidates. As

presented in the Introduction, this design (1) provides bucket-level

ranking of candidates based on their distances to the query, where

candidates are ordered across buckets but remain unordered within

each bucket (e.g., objects in Bucket 1 always have smaller distances

to the query than those in Bucket 2). This design differs from bi-

nary heaps, which maintain a strict bucket-level order throughout,

thereby reducing the ranking cost; and (2) exploits the hardware

prefetching mechanism to reduce L1 cache misses. This is because

only the tail of the recently accessed linear buffer typically resides

in the L1 cache, while the preceding elements are evicted, substan-

tially alleviating L1 cache pressure.

Leveraging both bucket-level ranking and the number of objects

stored in each bucket, we can efficiently identify the buckets that

contain the exact top-𝑘 results and the threshold bucket that holds

boundary candidates near the threshold distance. For example, in

Figure 3, when 𝑘 = 8, bucket 5 serves as the threshold bucket be-

cause the cumulative number of objects in the first five buckets

reaches 8 (before inserting the object 9 with distance 4.9). The can-

didates within these buckets together form a candidate superset.
The upper bound distance of the threshold bucket serves as the

relaxed threshold, which is 6 in this case. At query phase, both can

be efficiently updated. For example, when inserting a new object

(e.g., object 9 with distance 4.9 in Fig. 3), we compute its bucket ID

based on its distance to the query, compares it with the threshold

bucket ID (e.g., Bucket 5), and appends the distance and ID to its

corresponding bucket (e.g., pushing object 9 to Bucket 4). After in-

sertion, the threshold bucket can be updated by traversing buckets

in order until the accumulated number of candidates reaches 𝑘 , as

the buckets are organized by distance range. In Figure 3, when 𝑘 = 8,

the threshold bucket shifts from bucket 5 to bucket 4 after inserting

object 9. The more distant buckets (e.g., Bucket 5) are no longer

visited and are implicitly dropped without incurring additional cost.

Finally, we only need to select a subset of objects from the threshold
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bucket and combine them with the objects in the preceding buckets

to obtain the exact top-𝑘 results.

Second, two re-ranking algorithms are designed for different

types of quantization approaches to accelerate their re-ranking pro-

cess, as illustrated in Figure 3. For bounded methods, we establish a

theoretical minimal re-ranking set that minimizes the number of

re-ranked objects without accuracy loss and propose a solution to

achieve it. However, this solution incurs considerable heap over-

head. To mitigate this, we propose a re-ranking algorithm built

on our result buffer. It skips re-ranking objects that are definitely

either inside or outside the top-𝑘 and re-ranks only the uncertain

ones near the threshold bucket. For unbounded methods, we pro-

pose a novel early re-ranking algorithm that re-ranks many objects

predicted to enter the re-ranking pool when accessing their data,

reducing L1 cache misses from random memory access.

In the rest of this section, we present the two components of

BBC: (1) the result buffer (Section 3.2) and (2) the two re-ranking

algorithms, along with the improved search algorithm (Section 3.3).

3.2 Result Buffer
We now describe how the result buffer partitions the estimated dis-

tance range between the query and objects into𝑚 non-overlapping

sub-ranges, as defined by the codebook 𝐶:

𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑚+1}, 𝑐𝑖 < 𝑐𝑖+1 . (1)

Accordingly, the sub-ranges are formally defined, each correspond-

ing to a bucket 𝐵 [𝑖]:
𝐵 [𝑖] = [𝑐𝑖 , 𝑐𝑖+1), 𝑖 = 1, 2, . . . ,𝑚. (2)

For each input distance–ID pair, the result buffer determines the

corresponding bucket by locating the interval in which the dis-

tance falls. Specifically, an object 𝑜𝑖 is assigned to bucket 𝐵 [ 𝑗] if
its distance from the query, Dist(𝑞, 𝑜𝑖 ), satisfies 𝑐 𝑗 ≤ Dist(𝑞, 𝑜𝑖 ) <
𝑐 𝑗+1. The distance Dist(𝑞, 𝑜𝑖 ) can refer to either the exact distance

Distexact or the estimated distance Distquant. Next we turn to the

three core operations of the result buffer: Push, Update, and the

Collect function, which are used to collect the top-𝑘 results.

The Push function in Algorithm 1 details the procedure for in-

serting an object into the result buffer. Specifically, when a new

object is inserted, the result buffer first computes its distance to the

query and the corresponding bucket ID (line 2). It then compares

this bucket index with the threshold bucket ID (line 3) and appends

the distance–ID pair to the assigned bucket if the index does not

exceed the threshold bucket ID (line 4). Here, using the threshold

bucket ID for comparison essentially treats the upper bound of

the threshold bucket’s distance range as the relaxed threshold. In

addition, bucket ID comparisons can benefit from fast SIMD-based

integer comparison instructions, enabling simultaneous compari-

son of batches of objects. The quantization code computation can

also be accelerated using SIMD instructions, as discussed later.

The update function in Algorithm 1 (lines 5-11) describes the

process of updating the threshold bucket. In particular, the buckets

in the result buffer are arranged in ascending order of distance range,

as shown in Figure 3. We accumulate the number of candidates in

buckets in order until the total number reaches or exceeds 𝑘 (lines

6-9). Once this condition is met, the visited bucket is identified as

the threshold bucket and returned (line 10). If the total number

Algorithm 1: The Workflow of Result Buffer

Input: Result buffer 𝐵; a set of clusters 𝑐𝑙 to be scanned; retrieval

size 𝑘 ;

Output: The result buffer 𝐵
1 Function Push(𝑞, 𝑜𝑖 , 𝜏 , 𝐵):
2 Compute Dist(𝑞,𝑜𝑖 ) and bucket ID 𝑗 ;

3 if 𝑗 ≤ 𝜏 then
4 Append (dist, 𝑜𝑖 ) to the tail of 𝐵 [ 𝑗 ];

5 Function Update(𝐵, 𝑘):
6 𝑠 ← 0;

7 foreach 𝐵 [𝑖 ] ∈ 𝐵 do
8 𝑠 ← 𝑠 + |𝐵 [𝑖 ] |;
9 if 𝑠 > 𝑘 then
10 return 𝑖 ;

11 return∞;
12 Function Collect(𝑞, 𝑐𝑙 , 𝐵, 𝑘):
13 Initialize threshold bucket 𝜏 ←∞;
14 Construct codebook𝐶 for 𝐵;

15 foreach 𝑐𝑟 ∈ 𝑐𝑙 do
16 foreach 𝑜𝑖 ∈ 𝑐𝑟 do
17 Push(𝑞, 𝑜𝑖 , 𝜏 , 𝐵);

18 𝜏 ← Update(𝐵,𝑘 ) ;
19 𝑅𝑒𝑠 ← ∅;
20 for 𝑖 ← 0 to 𝜏 − 1 do
21 𝑅𝑒𝑠 ← 𝑅𝑒𝑠 ∪ 𝐵 [𝑖 ];
22 𝑠 ← 𝑘 − |𝑅𝑒𝑠 |;
23 Select the top-𝑠 candidates from 𝐵𝜏 and append to 𝑅𝑒𝑠 ;

24 return 𝑅𝑒𝑠 ;

of objects stored in the result buffer is less than 𝑘 , the threshold

bucket is set to∞, allowing all objects to be accepted (line 11). Since
only dozens of buckets are involved, the update cost is negligible.

Once the threshold bucket is updated, the more distant buckets are

no longer accessed and are implicitly dropped, thus incurring no

additional time cost for candidate maintenance.

The collect function in Algorithm 1 describes the workflow

of collecting top-𝑘 results based on (estimated) distance in IVF-

based ANN methods. Specifically, we first initialize the threshold

bucket to ∞ and construct the codebook 𝐶 for the result buffer,

whose generation will be discussed later (lines 13–14). Objects are

then inserted into the result buffer 𝐵 within each cluster using

the Push function (lines 15–17). The threshold bucket is updated

after processing each cluster using the Update function (line 18).

This update is performed once per cluster because the relaxed

threshold is very close to the exact threshold (as will be discussed

later), and updating once per cluster helps to reduce the update cost.

Once all clusters have been processed, the objects in the buckets

preceding the threshold bucket are inserted into the result set 𝑅𝑒𝑠

(lines 19-21). This is because the bucket-level ranking of candidates

ensures that these objects are closer to the query than those in the

subsequent buckets, thus falling within the top-𝑘 candidates. Finally,

we compute the number of objects 𝑠 that need to be selected from

the threshold bucket (line 22), choose the top-𝑠 objects from it, and

add them to 𝑅𝑒𝑠 (line 23). 𝑅𝑒𝑠 now contains the exact top-𝑘 results

3472



and is returned (line 24). This design substantially reduces the cost

of maintaining exact top-𝑘 results, as the selection operation is

performed only once in the final stage within a single bucket.

Deciding the Number of Buckets 𝑚. A key consideration is

how to determine the number of buckets𝑚. If𝑚 is too large, the

increased number of vectors to be written raises the L1 cache miss

rate. If𝑚 is too small, objects are concentrated in just a few vectors,

resulting in a costly final selection process (as shown in Section 4.2).

To balance these factors, we aim to maximize𝑚 based on the L1

cache capacity 𝐶𝐿1, while accounting for the space required by

quantization codes 𝐶𝑞𝑢𝑎𝑛𝑡 and lookup tables 𝐶𝑙𝑢𝑡 . Accordingly, the

number of buckets𝑚 is given by the following equation:

𝑚 =
𝐶𝐿1 −𝐶𝑞𝑢𝑎𝑛𝑡 −𝐶𝑙𝑢𝑡

256

, (3)

where𝐶𝑞𝑢𝑎𝑛𝑡 = 2×32× 𝑑
𝑀
× 𝐵

8
is the space for quantization codes of

the current and subsequent processed batches. Here, 𝑑 is the dimen-

sionality,𝑀 is the number of sub-vectors, and 𝐵 denotes the bits per

sub-vector.𝐶𝑙𝑢𝑡 =
𝑑
𝑀
×2𝐵 is the size of the lookup table. The denom-

inator 256 reflects hardware prefetching considerations: the result

buffer maintains two separate linear buffers for IDs and distances,

and modern hardware typically prefetches two 64-byte cache lines

for sequential access, we reserve𝑚 × 2 × 2 × 64 = 256𝑚 bytes to

ensure the active tails of all buckets reside in the L1 cache. Since

Equation 3 incorporates hardware parameters,𝑚 adapts to changes

in hardware settings. It also accounts for the memory overhead

of the ANN algorithm and not all buckets are frequently accessed,

thus small variations in𝑚 do not lead to significant increases in L1

cache misses or latency (see Exp-6).

Deciding the Codebook 𝐶. We now describe how to construct

the codebook 𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑚+1}. The codebook is designed

to satisfy two critical properties: (1) Precision, ensuring that the

relaxed threshold (e.g., 𝑐𝑖 ) remains close to the precise value. This

is crucial because it affects the efficiency of the final selection, and

significant deviations could make the process time-consuming; (2)

Efficiency, ensuring low latency in both codebook generation and

quantization code computation. Since the result buffer serves as the

top-𝑘 collector in the ANN search, slow generation and computation

would offset its benefits. Note that the codebook requires dynamic

generation for each query, rather than pre-computation, as query-

object distance distributions vary across queries.

To quantify precision, we formalize it as the total quantization

error. Given a query 𝑞, for each object 𝑜𝑖 ∈ 𝐷 , let Dist(𝑞, 𝑜𝑖 ) denote
its distance to the query and 𝑎𝑖 denote its assigned quantization

code. Each code corresponds to a bucket whose upper boundary is

𝑐𝑎𝑖+1 . The precision objective 𝐶𝑜𝑠𝑡 (𝐶, 𝐷) is then defined as:

𝐶𝑜𝑠𝑡 (𝐶, 𝐷) =
𝑁∑︂
𝑖=1

|︁|︁𝑐𝑎𝑖+1 − Dist(𝑞, 𝑜𝑖 )|︁|︁, (4)

The corresponding optimal solution {𝐶, 𝐷} is given by:

{𝐶, 𝐷} = arg min

{𝐶,𝐷 }
𝐶𝑜𝑠𝑡 (𝐶, 𝐷). (5)

The problem is then to find a centroid codebook 𝐶 that minimizes

Equation 4. Because computing the distance for all objects is im-

practical, an exact solution to this problem becomes infeasible. The

Figure 4: The probability density function (PDF) of distances
between the query and data vectors on the C4 dataset.

two common approximate methods for one-dimensional quantiza-

tion are equal-depth partition and equal-width partition, which are

described as follows:

• Equal-depth partition [58]: This method divides the data range

into intervals with equal data points, resulting in non-uniform

intervals based on the data distribution. While it maximizes

bucket utilization and has higher precision, it involves a slower

generation and computation process.

• Equal-width partition [66]: This method divides the data range

into intervals of equal width, regardless of the data distribution.

While it enables faster codebook generation and code computa-

tion, it suffers from lower precision because it does not adapt to

the data distribution.

First, we demonstrate that the precision level of equal-depth quan-

tization meets our requirements. In particular, in high-dimensional

space, the distance concentration phenomenon [31, 84] causes dis-

tances between vectors to concentrate around a value with only a

small deviation. Based on this, we provide (1) a quantitative analysis

with a proof sketch, with the full proof deferred to the technical

report [91] and (2) experimental validation on real-world high-

dimensional datasets (see Exp-4).

Theorem 3.1 (Expected Mean Absolute Error). Let 𝑞, 𝑜 ∈ R𝑑

be random vectors with norms satisfying 𝛼 < ∥𝑞∥2, ∥𝑜 ∥2 < 𝛽 , and let
𝑅 = ∥𝑞−𝑜 ∥2 ∈ [0, 2𝛽] denote their Euclidean distance. Assume that 𝑅
has a sub-Gaussian left tail around a concentration value 𝜇 ∈ [𝛼, 2𝛽],
i.e., there exist absolute constants 𝑐1, 𝑐0 > 0 such that for any 𝑥 ≤ 𝜇,

P(𝑅 ≤ 𝑥) ≤ 2𝑐1 exp(−𝑐0𝑑 (𝜇 − 𝑥)2) .
For an integer𝑚 ≥ 2, let 𝑏1, . . . , 𝑏𝑚+1 be an equal-depth partition of
[0, 𝜇] with 𝑏1 = 0 and 𝑏𝑚+1 = 𝜇, satisfying

P(𝑅 ≤ 𝑏𝑖 ) =
𝑖 − 1
𝑚

P(𝑅 ≤ 𝜇), 𝑖 = 1, . . . ,𝑚 + 1.

Define the quantized distance ˆ︁𝑅 by mapping 𝑅 ∈ [𝑏𝑖 , 𝑏𝑖+1] to 𝑏𝑖+1.
Then the expected absolute quantization error over [0, 𝜇] satisfies

E|𝑅 − ˆ︁𝑅 | ≤ 𝑐1

√︃
𝜋

𝑐0𝑑
+

√︄
log(2𝑐1𝑚)

𝑐0𝑑
.

Proof Sketch. The key idea is to view the quantization error

as the area between two cumulative distribution functions, i.e., the

integral of the difference between the true CDF and the quantized

CDF, which can be represented as

∫ 𝜇

0
Δ(𝑥) 𝑑𝑥 , where Δ(𝑥) = P(𝑅 ≤

𝑥) − P(ˆ︁𝑅 ≤ 𝑥). We partition the integration regions [0, 𝜇] into two

regions: [0, 𝑧] and [𝑧, 𝜇], where the transition point is chosen as
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𝑧 = 𝜇 −
√︂

log(2𝑐1𝑚)
𝑐0𝑑

according to sub-Gaussian concentration. For

[0, 𝑧], the integral is bounded by the Gaussian integral∫ 𝑧

0

Δ(𝑥)𝑑𝑥 ≤
∫ 𝑧

0

P(𝑅 ≤ 𝑥)𝑑𝑥 ≤ 2𝑐1

∫ 𝜇

−∞
𝑒−𝑐0𝑑 (𝜇−𝑥 )

2

𝑑𝑥 = 𝑐1

√︃
𝜋

𝑐0𝑑

For [𝑧,
√
2], we use a worst-case bound of 1 on the CDF difference,

so the contribution is bounded by the interval width

√︂
log(2𝑐1𝑚)

𝑐0𝑑
.

Summing the two contributions yields the stated bound. □

Extension of Theorem 3.1 to real-world datasets. First, when 𝑑
is in the hundreds and𝑚 from Equation 3 is on the order of dozens,

the bound is on the order of 10
−2
, which is sufficiently tight. Second,

the assumption that 𝑅 has a sub-Gaussian left tail around a con-

centration value follows from the distance concentration phenome-

non [1, 21, 31, 84], and is widely observed in real-world datasets.

We further illustrate this phenomenon on the C4 dataset (Figure 4),

where the query-data distances concentrate around 5.2, with most

values lying in [4, 8]. Third, we restrict quantization to [0, 𝜇] be-
cause the result buffer targets collecting the top-𝑘 results, so equal-

depth quantization is applied only to this subset rather than the

entire dataset. Figure 4 illustrates this: distances between the query

and the top-100,000 candidates (e.g., 3.8324) are significantly smaller

than the concentration distance (e.g., 5.2), making the theoretical

bound conservative. Skewed data distributions and extreme out-

liers far from the query therefore do not affect the bound, since

such points are excluded from the equal-depth quantization process.

We empirically validate the above bound on real-world datasets,

showing that the gap between the quantized values and the true

threshold values is on the order of 10
−2

or smaller (see Exp-4).

Codebook Generation Based on Estimated Distance. We now

detail how to construct the codebook𝐶 for the result buffer. To effi-

ciently estimate the distance range of the result buffer, we sample a

subset of the dataset, denoted as 𝐷sample, which typically consists of

tens of thousands of objects, and quickly compute their estimated

distances. In practice, 𝐷sample is formed using objects from the 5–10

nearest clusters. We then perform a partial sort on the estimated

distances to obtain the top-𝑘 results. Since the partial sort is per-

formed only once, its computational cost is negligible. Afterwards,

we derive the minimum distance 𝑑min and maximum distance 𝑑max

from the local top-𝑘 results. It is evident that the 𝑑max are necessar-

ily farther than the true top-𝑘 estimated distance. Therefore, the

estimated distance range will not overflow at 𝑑𝑚𝑎𝑥 , any potential

overflow can only occur at 𝑑𝑚𝑖𝑛 , which rather rare and can be safely

handled by the boundary control, as described below. To maintain

computational efficiency, we follow the approach of [57], which

first computes 𝑛𝑒𝑤 equal-width buckets and then reassigns these

buckets into𝑚 equal-depth buckets, where a lookup table map is

used to preserve the correspondence between them.

Quantization Code Computation. For inserted objects, we first

compute their equal-width codes and subsequently clamp those

outside the range [0,𝑚] to prevent boundary overflow, and then

obtain the mapping ID via the lookup table, as formulated below:

𝑎𝑖 =map

[︃
clamp

(︃⌊︃
Dist(q, oi) − 𝑑min

𝛿

⌋︃
, 0,𝑚

]︃ )︃
(6)

where clamp(𝑥,𝑦, 𝑧) =max(𝑦,min(𝑥, 𝑧)). SIMD instructions can be

employed to accelerate the computation of

⌊︂
Dist(q,o

i
)−𝑑

min

𝛿

⌋︂
as well

Algorithm 2: Minimal Re-ranking solution of IVF+RaBitQ

Input: Query 𝑞, retrieval size 𝑘 , and the object set𝑂 to be scanned.

Output: Top-𝑘 results

1 Initialize max-heap 𝐻𝑢 and min-heap 𝐻𝑙 ;

2 foreach 𝑜 ∈ 𝑂 do
3 Compute the lower and upper bounds 𝑜𝑙𝑏 , 𝑜𝑢𝑏 from 𝑜 to 𝑞;

4 if 𝑜𝑢𝑏 < 𝐻𝑢 .top𝑢𝑏 then
5 Insert (𝑜, 𝑜𝑙𝑏 , 𝑜𝑢𝑏 ) into 𝐻𝑢 ;

6 if |𝐻𝑢 | > 𝑘 then
7 Move top item from 𝐻𝑢 to 𝐻𝑙 ;

8 else if 𝑜𝑙𝑏 < 𝐻𝑢 .top𝑢𝑏 then
9 Insert (𝑜, 𝑜𝑙𝑏 ) into 𝐻𝑙 ;

10 𝑉𝑖𝑠 ← ∅;
11 while 𝐻𝑢 .top𝑢𝑏 > 𝐻𝑙 .top𝑙𝑏 do
12 Select 𝑜 from 𝐻𝑢 or 𝐻𝑙 with smaller lower bound;

13 Compute exact distance of 𝑜 and insert into 𝐻𝑢 ;

14 𝑉𝑖𝑠 ← 𝑉𝑖𝑠 ∪ {𝑜 };
15 if |𝐻𝑢 | > 𝑘 then
16 Move top item from 𝐻𝑢 to 𝐻𝑙 if not visited;

17 return 𝐻𝑢 ;

as the clamp operation, enabling the batch processing of dozens

of objects. We fix 𝑛ew to 256, so that the mapping can be stored

using uint8, which requires only 256 bytes in total, allowing it to

reside in L1 cache with minimal memory overhead. Besides, AVX

instructions can process 4× as many uint8 values per instruction

as float32 values, which speeds up batch comparison.

Complexity Analysis. The time complexity of the Push opera-

tion is 𝑂 (1), dominated by the bucket ID computation, which is

much cheaper than the 𝑂 (log(𝑘)) cost of binary heap. The update
operation has a time complexity of 𝑂 (𝑚). Since 𝑚 computed by

Equation 3 is typically dozens and the operation is performed pe-

riodically, its amortized time complexity can be considered O(1),

which is more efficient than the𝑂 (log(𝑘)) cost of binary heap. The

collect operation has a time complexity of 𝑂 (𝑁 ) but is invoked
only once at the end of the query process, its cost is negligible.

3.3 Re-rank Algorithms
We now discuss how to integrate the result buffer with existing

quantization-based methods: IVF+RaBitQ and IVF+PQ. We aim

to enhance their efficiency for handling large-𝑘 ANN queries. To

achieve this, we introduce several new techniques.

Integrating with IVF+RabitQ. We introduce a novel re-ranking

algorithm based on our result buffer by exploiting the bound prop-

erty [21], namely, the true distance fall within the estimated bound

with high probability (e.g., 99%). This property enables us to effi-

ciently estimate the distance range between each visited data object

and the query. As a result, it is unnecessary to re-rank data objects

that are guaranteed to be within the top-𝑘 or definitively outside the

top-𝑘 . Re-ranking is required only for ambiguous candidates whose

inclusion in the top-𝑘 remains uncertain. Based on this insight, we

formally define the minimal re-ranking scenario.

Observation 1 (Minimal Re-ranking Scenario). Dist𝑘 denotes
the distance between the query and the boundary top-𝑘 object. When
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Algorithm 3: Improved Search Algorithm of IVF+RaBitQ

Input: Query 𝑞, retrieved size 𝑘 , and the clusters to be scanned 𝑐𝑙 .

Output: Top-𝑘 results.

1 Initialize two result buffers 𝐵𝑢 and 𝐵𝑙 ;

2 Generate codebook𝐶 for 𝐵𝑢 and 𝐵𝑙 ;

3 foreach 𝑐𝑟 ∈ 𝑐𝑙 do
4 foreach 𝑜𝑖 ∈ 𝑐𝑟 do
5 Compute the lower/upper bounds 𝑜𝑙𝑏 /𝑜𝑢𝑏 for 𝑜𝑖 and their

respective quantization codes 𝑎𝑙𝑏 , 𝑎𝑢𝑏 ;

6 if 𝑎𝑢𝑏 < 𝜏 then
7 Insert 𝑜𝑖 into 𝐵𝑢 ;

8 else if 𝑎𝑙𝑏 < 𝜏 then
9 Insert 𝑜𝑖 into 𝐵𝑙 ;

10 𝜏 ← Update(𝐵𝑢 , 𝑘 ) ;
11 Insert objects from 𝐵𝑢 into 𝐵𝑙 ;

12 𝑖 ← 0, 𝑗 ← 𝜏 ;

13 Initialize result buffer 𝐵exact with codebook𝐶 ;

14 while 𝑖 < 𝑗 do
15 foreach 𝑜 ∈ 𝐵𝑙 [𝑖 ] ∪ 𝐵𝑢 [ 𝑗 ] do
16 Compute exact distance 𝐷𝑖𝑠𝑡 exact (𝑞,𝑜 ) ;
17 Insert 𝑜 into 𝐵exact based on 𝐷𝑖𝑠𝑡 exact (𝑞,𝑜 ) ;
18 Clear 𝐵𝑙 [𝑖 ] and 𝐵𝑢 [ 𝑗 ];
19 𝑖 ← 0, 𝑗 ← index of the threshold bucket in 𝐵𝑢 ∪ 𝐵exact;

20 while 𝐵𝑙 [𝑖 ].empty() do
21 𝑖 ← 𝑖 + 1;

22 return the objects in 𝐵𝑢 ∪ 𝐵exact as the final top-𝑘 results;

the objective is to minimize the number of objects to be re-ranked,
the minimal re-ranking scenario for bounded quantization method
is to re-rank only those objects 𝑜 ∈ 𝐷 whose lower and upper bounds
satisfy [𝑜𝑙𝑏 , 𝑜𝑢𝑏 ] ∩ {Dist𝑘 } ≠ ∅. This set represents the theoretical
minimal set of objects that must be re-ranked without accuracy loss.

Figure 3 illustrates a top-2 case. Objects 6 and 45 are the true top-

2 results, with object 45 as the boundary item. The estimated ranges

are RaBitQ distance bounds. Candidates whose ranges overlap with

the boundary distance must be re-ranked (e.g., objects 45 and 12),

forming the theoretical minimal re-ranking set.

Solution to the Minimal Re-ranking Scenario.We design Al-

gorithm 2 to achieve the minimal re-ranking scenario described

in Observation 1, which consists of two phases. In the candidate

collection phase, it maintains the top-𝑘 candidates with the smallest

upper bounds in a max-heap 𝐻𝑢 , while storing objects whose lower

bounds fall below the 𝑘-th upper bound in a min-heap𝐻𝑙 (lines 2-9).

Then it iteratively selects the object with the smaller lower bound

from the tops of the two heaps for exact distance evaluation, and

updates the heaps accordingly (lines 11–16). The process terminates

when the largest upper bound in 𝐻𝑢 is smaller than the smallest

lower bound in 𝐻𝑙 (line 13). The correctness proof is provided in

the technical report [91]. Figure 3 illustrates this process, where

re-ranking stops once objects 6 and 8 reach the top, as the lower

bound of object 8 exceeds the upper bound of object 6. However,

maintaining a max-heap of size 𝑘 and an unbounded min-heap

incurs prohibitively high overhead when 𝑘 is large. As a result, this

approach can even be slower than IVF+RaBitQ (Section 4.2).

Algorithm 4: Improved Search Algorithm of IVF+PQ

Input: Query 𝑞, the number of objects to be retrieved 𝑘 , the

clusters to be scanned 𝑐𝑙 , the number of objects to be

re-ranked 𝑛𝑐𝑎𝑛𝑑 .

Output: Top-𝑘 results.

1 Initialize result buffer 𝐵;

2 Sample a subset 𝐷sample ⊂ 𝐷 ;

3 Produce codebook𝐶 for 𝐵;

4 Generate the predicted threshold bucket 𝜏pred;

5 foreach 𝑐𝑟 ∈ 𝑐𝑙 do
6 foreach 𝑜𝑖 ∈ 𝑐𝑟 do
7 Compute Distquant (𝑞,𝑜𝑖 ) and bucket id 𝑎𝑖 ;

8 if 𝑎𝑖 < 𝜏 then
9 if 𝑎𝑖 < 𝜏pred then
10 Compute exact distance Distexact (𝑞,𝑜𝑖 ) ;
11 Insert 𝑜 and Distexact (𝑞,𝑜𝑖 ) into 𝐵;
12 else
13 Insert 𝑜 and Distquant (𝑞,𝑜𝑖 ) into 𝐵;

14 Update 𝜏pred and 𝜏 ;

15 Re-rank remaining candidates in 𝐵;

16 return top-𝑘 results;

To address this, we propose a greedy re-ranking algorithm, which

significantly reduces the number of items to be re-ranked. Figure 3

provides an example, where we replace the two heaps with two

result buffers, and only re-rank items within some boundary buck-

ets, thereby enabling early termination of the re-ranking process.

Algorithm 3 summarizes the enhanced search algorithm. Specifi-

cally, we maintain two result buffers that share the same codebook

(lines 1–2). Next, we collect candidates based on the lower and

upper bounds of 𝑜𝑖 . In particular, when the object’s upper bound

lies within the top-𝑘 upper bounds, the object is inserted into 𝐶𝑢 ;

otherwise, if its lower bound falls below the threshold, it is inserted

into 𝐶𝑙 as a possible top-𝑘 item (lines 3-9). For the collected candi-

dates, we first re-collect the falsely dropped candidates into𝐶𝑙 from

𝐶𝑢 (line 11). Then we greedily re-rank all items in the marginal

buckets, that is, the top bucket of C𝑙 and the threshold bucket of

C𝑢 , and insert the results into a new result buffer Cexact for storing

items with exact distance (lines 15-17). After each computation

iteration, we clear the candidate buckets and update the marginal

buckets until 𝑖 ≥ 𝑗 (lines 18-21). The loop stops when 𝑖 ≥ 𝑗 as

there is no further potential candidates exist. Finally, we return the

results in C𝑢 ∪Cexact as the final results. Experiments show that this

method achieves near-minimal re-ranking reduction, leading to a

substantial decrease in re-ranking time (as shown in Section 4.2).

Integrating with IVF+PQ. Due to the unbounded nature of the PQ
algorithm, we cannot reduce the number of objects to be re-ranked.

Therefore, we propose an early re-ranking algorithm built upon

our result buffer to reduce the cache misses caused by the random

memory access patterns of IVF+PQ, as illustrated in Figure 3. In

particular, we optimize the memory data layout to store each ob-

ject’s PQ code and embedding contiguously. When estimating the

distance of an object from its PQ code, we predict whether it will

enter the re-ranking pool based on the estimated distance. If so, we

immediately compute its exact distance to reduce L1 cache misses.
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Table 1: Dataset Statistics

Dataset |𝐷 | 𝑑 |𝑄 | Size (GB)

WiKi 10,000,000 1,536 1,000 58

C4 14,252,691 1,024 1,000 54

MSMARCO 18,000,000 768 1,000 51

Deep100M 100,000,000 96 10,000 35

Algorithm 4 details our proposed re-ranking approach and sum-

marizes the improved search algorithm. During the sampling stage

of codebook generation (line 2), we use the bucket containing(︂ |𝑂
sample

|
|𝑂 | × 𝑛𝑐𝑎𝑛𝑑

)︂
-th quantized distance as the predicted thresh-

old bucket 𝜏pred (line 3). Then, during the scanning phase, for each

object in a bucket preceding the threshold bucket, we compute the

exact distance if its bucket ID 𝑎𝑖 < 𝜏pred and insert the exact value;

otherwise, we insert its quantized distance (lines 5-13). After scan-

ning each cluster, we update the predicted threshold 𝜏pred using

the

(︂
|𝑂

scanned
|

|𝑂 | × 𝑛𝑐𝑎𝑛𝑑
)︂
-th quantized distance and update the thresh-

old bucket 𝜏 as described in Algorithm 1 (line 14). This approach

leads to a substantial reduction in L1 cache misses and re-ranking

time, as verified in Exp-5. A concern is that 𝜏pred might be too

large, causing unnecessary re-ranking. In practice, this does not

occur because clusters are traversed from nearest to farthest based

on query-centroid distance (line 5), which produces a distribution

skewed toward smaller values, thereby keeping 𝜏pred low.

Extension to different Metrics. Our proposed result buffer ap-

plies to various similarity measures, including metric distances

such as Euclidean distance, as well as cosine similarity and inner

product, as these measures exhibit the distance concentration phe-

nomenon in high-dimensional spaces [1] and our result buffer does

not rely on specific properties of metric distances. Similarly, the two

re-ranking algorithms are compatible with any distance measure

supported by PQ, RaBitQ, or other ANN techniques, as they do not

depend on specific properties of metric distances as well.

4 EXPERIMENTS
4.1 Evaluation Setup
Datasets. We conduct experiments on four real-world datasets

2
.

Specifically, we evaluate our method and baselines on the Wiki,

C4, MSMARCO, and Deep100M datasets. The statistics of these

datasets are listed in Table 1. Details of each dataset are stated in

the technical report due to page limitations [91].

Baselines. First, we evaluate four representative ANN methods for

large-𝑘 ANN queries, as described in the Introduction and detailed

in the technical report [91]. We integrate our proposed BBCwith ex-

isting quantization-based methods, IVF+PQ and IVF+RabitQ, yield-

ing IVF+PQ+BBC and IVF+RaBitQ+BBC. We compare them with

their original counterparts and also include the minimal re-ranking

solution for IVF+RaBitQ, described in Section 3.3 and denoted as

IVF+RaBitQ+MIN, as a baseline. We also include brute-force search,

denoted as BFC, as a baseline for comparison. Second, to compare

the efficiency of our proposed result buffer, denoted as RB, for col-

lecting the top-𝑘 results, we consider four baselines: the binary heap

2
Note that our techniques introduce negligible additional space overhead. Therefore,

we defer the memory cost analysis to the technical report [91].

(denoted as Heap), the cache-optimized d-ary Heap [36] (denoted

as d-Heap), the sorted linear buffer used in [2] (denoted as Sorted),

and the lazy update method (denoted as Lazy). In particular, Sorted

maintains candidates in a sorted linear buffer, shifting the entire

buffer upon each insertion. Lazy stores candidates whose distances

to the query are below the current threshold in a linear buffer and

updates both the buffer and the threshold using a SIMD-optimized

partial sorting operation, after each cluster is processed.

Evaluation metrics. First, for ANN query, we use recall rate

recall@𝑘 = R∩ ˜R
𝑘

[46, 82] to evaluate the accuracy of search re-

sults and queries per second QPS =
|𝑄 |
𝑡

[18] to evaluate the search’s

efficiency. Here, R represents the result retrieved by the ANN in-

dex,
˜R denotes the ground-truth result computed by the brute-force

search. QPS=
|𝑄 |
𝑡

[18] is the ratio of the number of queries (|𝑄 |)
to the total search time (𝑡 ), representing the number of queries

processed per second. We also report the relative error between the

distances of approximate nearest neighbors in R and true nearest

neighbors in
˜R to assess the quality of the retrieved results. The

relative error [46, 73] is computed as
1

𝑘

∑︁𝑘
𝑖=0 (

Dist(𝑞,R[𝑖 ] )
Dist(q, ˜R[i] ) −1), where

𝑞 denotes the query,
˜R[𝑖] is the 𝑖-th true nearest neighbor of 𝑞 in

˜R, and R[𝑖] is the 𝑖-th approximate nearest neighbor retrieved by

the ANN algorithm. Second, to compare our proposed result buffer

with alternative approaches, we evaluate the time overhead (mil-

liseconds) of collecting top-𝑘 results under varying dataset sizes

and different values of 𝑘 using VTune profiling.

Parameter Settings. Following the suggestion from Faiss [37],

the number of clusters for IVF, IVF+RaBitQ, and IVF+PQ is set

to approximately

√︁
|𝐷 |, which is 4,096 in our experiments. For

IVF+RaBitQ, we use the default quantization parameters from the

original paper [21], 𝜖0 = 1.9 and 𝐵𝑞 = 4. For IVF+PQ, the number of

sub-vectors𝑀 is set to
𝑑
4
, and the number of bits per sub-vector is set

to 4, resulting in 𝐵 = 𝑑 , following the original settings [4, 27, 37]. For

HNSW, during indexing, we set the candidate list size 𝑒 𝑓construction
and the maximum number of edges per node 𝑀 to 200 and 32,

respectively, following previous studies [50]. To evaluate the capa-

bility of methods in handling large-𝑘 ANN queries under different 𝑘 ,

we vary 𝑘 from 5,000 to 100,000, which are widely used in practical

scenarios [22, 41]. Additionally, we also present results for 𝑘 values

ranging from 100 to 1,000, showing that BBC does not slow down

existing methods for small 𝑘 . At query time, IVF and IVF+RaBitQ

vary the number of clusters for routing 𝑛𝑝𝑟𝑜𝑏𝑒 from 10 to 1,200

and IVF+PQ use the same 𝑛𝑝𝑟𝑜𝑏𝑒 as IVF+RaBitQ. For IVF+PQ, for

each dataset and given 𝑘 , the 𝑛𝑐𝑎𝑛𝑑 parameter is then fine-tuned

to maximize QPS at a target recall of 0.95, under the constraint

that the configuration must also be capable of achieving 0.98 recall,

which is listed in the full version due to page limitations [91]. For

HNSW, we increase 𝑒 𝑓search from 𝑘 in increments of
𝑘
2
. For BBC,

since our CPU, like most modern CPUs, has an L1 cache of𝐶𝐿1 = 32

KB, we set the number of buckets𝑚 according to Equation 3: 56 for

Wiki, 80 for C4, 92 for MSMARCO, and 120 for Deep100M.

Implementations. The baselines and our method are all imple-

mented in C++. First, we use the hnswlib implementation [51], a

widely adopted industry-standard library, for HNSW. For IVF+RaBitQ,

we adopt its open-source implementation [21]; and for IVF and
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(a) Wiki

(b) C4

(c) MSMARCO

(d) Deep100M

Figure 5: The accuracy-efficiency trade-off results under different 𝑘 (upper and right is better).

IVF+PQ, we implement these methods based on IVF+RaBitQ be-

cause they share a common index structure. Second, for Heap, we

use the STL implementation. For d-Heap, we use the Boost Library.

For Sorted, we use its official implementation. For Lazy, we use

the x86simdsort library. All experiments are run on a machine

equipped with an AMD Ryzen Threadripper PRO 5965WX 7.0GHz

processor (supporting AVX2) and 128 GB of RAM.

4.2 Experimental Results
Exp-1: ANN Query Performance. The querying results over the

four datasets are shown in Figure 5. We have the following ob-

servations: (1) BBC achieves 1.4×–3.8× speedup over existing
quantization-based methods for large-𝑘 ANN queries. Specifi-
cally, on the Deep100M dataset, when 𝑘 = 100,000 and recall@𝑘 =

0.95, IVF+PQ+BBC requires 61 ms per query, compared to 233 ms

per query for IVF+PQ, achieving a 3.8× speedup. When 𝑘 = 5,000,

on the Wiki dataset at recall@𝑘 = 0.98, IVF+PQ+BBC achieves a

1.4× acceleration over IVF+PQ (42 ms vs. 61 ms). The gain stems

from the high efficiency of our proposed result buffer and the ef-

fectiveness of the newly designed re-ranking algorithm. (2) The
acceleration provided by BBC becomes more significant as 𝑘
increases. For example, on Deep100M at recall@𝑘 = 0.95, as 𝑘 in-

creases from 5,000 to 100,000, the acceleration ratio of IVF+PQ+BBC

over IVF+PQ increases from 2.9× at 𝑘 = 5,000 (2.8 ms vs. 8.2 ms)

to 3.8× at 𝑘 = 100,000 (61 ms vs. 233 ms). This is because, as

𝑘 increases, existing collectors and re-ranking algorithms incur

significantly higher costs, whereas our proposed result buffer re-

mains efficient (Exp-3), and the newly designed ranking algorithm

can further reduce the re-ranking cost substantially (Exp-5). (3)
When 𝑘 is large, IVF+RaBitQ+MIN is significantly slower
than IVF+RaBitQ+BBC, and even slower than IVF+RaBitQ.
Across the four datasets, IVF+RaBitQ+MIN performs worse than

IVF+RaBitQ and IVF+RaBitQ+BBC at 𝑘 = 5,000 and the perfor-

mance gap widens considerably as 𝑘 increases. This can be attrib-

uted to the high cost of heap operations, which outweighs the

efficiency gained from re-ranking fewer objects and leads to higher

overhead when 𝑘 is large, consistent with our previous analysis.

(4) IVF+RaBitQ+BBC and IVF+PQ+BBC are comparable to
IVF+RaBitQ and IVF+PQ at 𝑘 = 100, while outperforming
them when 𝑘 ≥ 500, with the performance gap widening as
𝑘 increases. This suggests BBC should be used when 𝑘 ≥ 500 to

improve query performance. (5) Brute-force search is signifi-
cantly slower than existing ANN indexes. For example, on the

Wiki dataset, at recall@100, 000 = 0.98, BFC takes 1.8s per query,

whereas the slowest ANN method, IVF+PQ, requires only 0.5s.

Exp-2: Relative error for large-𝑘 ANN queries. Figure 6 reports
the relative error of large-𝑘 ANN queries on the C4 dataset, and sim-

ilar trends are observed across the other datasets. The results show

that (1) As recall increases, the relative error drops sharply
from 0.3% (recall@5,000 = 0.89) to 0.01% (recall@5,000 = 0.98),
and (2) the relative error remains nearly constant across dif-
ferent 𝑘 . These indicate that retrieved results remain highly accu-

rate for large-𝑘 ANN queries, regardless of the value of 𝑘 .

Exp-3: Latency of Top-𝑘 Collectors.We evaluate the time over-

head of our proposed result buffer, denoted as RB, and compare it

with four baselines. Using quantized distances from IVF+RaBitQ as
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Figure 6: Relative error of large-𝑘 ANN queries on the C4 dataset (lower is better).

Figure 7: Comparison of threshold values generated by the result buffer and binary heap on the C4 Dataset.

Figure 8: Overhead of top-𝑘 collectors under varying numbers of evaluated objects on the Deep100M dataset.

keys, we use these methods to gather top-𝑘 results, with 𝑘 ranging

from 5,000 to 100,000, under varying numbers of evaluated objects.

The number of evaluated objects is controlled by 𝑛𝑝𝑟𝑜𝑏𝑒 , which is

tuned as in the previous experiment. The isolated time overhead

of these methods is measured by VTune. Due to page limitations,

we present the results on Deep100M in Figure 8 for IVF+RaBitQ,

while similar trends are observed on other datasets and IVF+PQ.We

find that: (1) Our result buffer RB is significantly faster than
existing collectors, achieving up to an order of magnitude
improvement. For example, on the Deep100M dataset, when 𝑘

= 100,000 and 𝑛𝑝𝑟𝑜𝑏𝑒 = 210, for IVF+RaBitQ, RB takes only 2.0 ms,

compared to 30.6 ms for Heap and 12.3 ms for Lazy, achieving an

order-of-magnitude speedup. (2) RB remains efficient at higher
values of 𝑘 , while Lazy and Heap face significant degradation.
For example, on Deep100M, when 𝑘 = 5,000 and 𝑛𝑝𝑟𝑜𝑏𝑒 = 210, for

IVF+RaBitQ, RB takes 0.9 ms, compared to 1.5 ms for Lazy and 1.9

ms for Heap. When 𝑘 = 100,000 and 𝑛𝑝𝑟𝑜𝑏𝑒 = 210, RB takes 2.0 ms,

while Lazy takes 12.3 ms and Heap takes 30.6 ms. This efficiency

is due to RB avoiding maintaining an exact top-𝑘 set throughout,

which is consistent with previous experimental results. We further

report the overall time for top-𝑘 collection, including collectors,

quantized distance computation, and other operations, and the total

L1 cache misses during this process in the technical report [91] to

validate that our speedup stems from reduced cache misses.

Exp-4: Gap between the relaxed and exact thresholds. We

compare the threshold values generated by our proposed result

buffer with those produced by the binary heap, thereby empirically

validating the effectiveness of the equal-depth method. The experi-

mental results on the C4 dataset are shown in Figure 7. It indicates
that the gap between the relaxed and exact threshold values

remains consistently small, with differences on the order of
10
−2, thereby validating the effectiveness of Theorem 3.1.

Exp-5: Comparison of Re-ranking Algorithms.We compare

our proposed re-ranking algorithm with the naive algorithm. In

particular, Figure 9 presents the recall@𝑘 and the correspond-

ing re-ranking times/re-ranked objects on the C4 dataset, based

on VTune profiling results. The key observations are as follows:

(1) Our re-rank algorithms significantly accelerate the re-
ranking process. Specifically, when 𝑘 = 20,000 and recall@𝑘 =

0.95, IVF+RaBitQ+BBC requires about 32 ms per query, whereas

IVF+PQ takes around 18 ms, achieving a 1.8× speedup. Similarly,

when 𝑘 = 20,000 and recall@𝑘 = 0.95, IVF+PQ+BBC requires ap-

proximately 45 ms per query for re-ranking, compared to about

60 ms for IVF+PQ, resulting in a 1.3× speedup. The speedup of

IVF+RaBitQ+BBC mainly results from a reduction in the num-

ber of re-ranked items, while the speedup of IVF+PQ+BBC can

be attributed to reduced cache misses, as detailed below. (2) The
number of re-ranked objects in IVF+RaBitQ+BBC is signifi-
cantly reduced compared to IVF+RaBitQ. Specifically, when 𝑘 =

100,000 and recall@𝑘 = 0.95, IVF+RaBitQ re-ranks 450,067 objects,

whereas IVF+RaBitQ+BBC re-ranks 223,142 objects, representing

a reduction of nearly 50%. This result is consistent with the 1.8×
speedup observed above. Notably, the number of re-ranked objects

in IVF+RaBitQ+BBC is only slightly higher than that in the mini-

mal re-ranking scenario of IVF+RaBitQ+MIN, demonstrating the

effectiveness of our method. Due to page limitations, we report

the L1 cache miss counts of different re-ranking methods in the

technical report [91] to further demonstrate the effectiveness of

our proposed re-ranking method.
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(a) Re-ranking Time

(b) Number of Re-ranked Objects

Figure 9: Re-ranking Time and Number of Re-ranked Objects on the C4 Dataset

Table 2: Top-𝑘 collection time (ms) under varying values of
𝑚 on the C4 dataset (𝑛𝑝𝑟𝑜𝑏𝑒 = 90)

𝑚\𝑘 5,000 10,000 20,000 40,000 100,000

8 4.74 5.22 5.65 5.91 6.28

32 3.59 3.74 3.99 4.28 4.91

80 3.50 3.68 3.82 4.14 4.81

128 3.58 3.72 3.89 4.16 4.87

256 3.70 3.74 3.91 4.28 5.00

Exp-6: Parameter Sensitivity Study.We evaluate the impact of

the number of buckets𝑚 following the procedure in Exp-3. Specifi-

cally, we measure the top-𝑘 collection latency of IVF+RaBitQ+BBC

on the C4 dataset with 𝑛𝑝𝑟𝑜𝑏𝑒 = 90 and vary𝑚 from 8 to 256. The

experimental results are shown in Table 2, where 𝑚 = 80 is the

optimal number of buckets as determined by Equation 3. The results

indicate that (1) the value of𝑚 computed by Equation 3 achieves

the lowest latency; (2) small deviations from this value result in

only marginal latency increases; (3) very small values of𝑚 cause a

substantial latency increase because objects become concentrated

in a few buckets, making the final selection costly; and (4) very

large values of 𝑚 also increase latency due to more frequent L1

cache misses induced by the large𝑚.

5 RELATEDWORK
Approximate Nearest Neighbor Search. Various Approximate

Nearest Neighbor (ANN) search methods have been proposed [46,

54, 61, 64], which are typically classified into four categories: graph-

basedmethods [8, 17, 18, 26, 28, 49, 50, 82, 89, 90], quantizationmeth-

ods [9, 15, 20, 21, 23, 24, 34, 35, 52, 62, 70, 77, 85, 92], hashing-based

methods [12, 19, 29, 30, 42, 45, 47, 59, 65, 75–77, 81], and tree-based

methods [5, 10, 11, 69, 88]. Among these methods, IVF and graph-

based indexes are widely used in industry [44, 61] and quantization

methods have proven highly effective in savingmemory and acceler-

ating query processing [4, 21, 27, 32]. For a comprehensive overview,

we refer readers to recent tutorials [14], benchmark/experimental

evaluations [6, 7, 13, 71, 83], and surveys [54, 60, 61] for details.

Although ANN queries have been extensively studied, to the best

of our knowledge, the large-𝑘 ANN query studied in this work has

not yet been specifically investigated.

Quantization.We focus on improving quantization-basedmethods.

The quantization of high-dimensional vectors has been extensively

explored in the literature [9, 20, 21, 23, 27, 34, 35, 53, 55, 62, 85, 92].

Early research on quantization focuses on reducing quantization

error, with Product Quantization (PQ) [23, 34] as the representative

method. Recently, RaBitQ [20, 21] is proposed, which provides theo-

retical bounds for estimated distances. With the help of SIMD-based

implementations (a.k.a. FastScan), these methods have achieved

great success in accelerating other ANN approaches [3, 20, 21, 25, 27,

32]. In this study, we integrate BBC into IVF+PQ and IVF+RaBitQ

to demonstrate its plug-and-play ability to improve the efficiency

of quantization methods for large-𝑘 ANN queries.

Priority Queue. Priority queues have been extensively studied,

with the binary heap and its variants being the most common im-

plementations due to their 𝑂 (log(𝑛)) insertion and deletion time

complexity [86]. However, in large-𝑘 ANN queries, this theoretical

efficiency is no longer effective, as L1 cache misses dominate the

runtime overhead. This observation is consistent with previous

experimental evaluations [40], which report a strong correlation

between the priority queue’s processing time and L1 cache miss

rates. Consequently, studies that focus on optimizing the theoret-

ical time complexity of priority queues [16, 68, 78] offer limited

benefits in our context. It is noted that [2] replaces the heap with a

sorted linear buffer, which is also used as a baseline for comparison.

Several top-k collectors are designed for GPUs [37, 72, 74], such as

FAISS’s WarpSelect. However, as reported in [37], these methods

also face performance degradation when 𝑘 is large.

6 CONCLUSIONS AND FUTURE DIRECTIONS
In this paper, we propose a novel bucket-based result collector (BBC)

to accelerate quantization-based methods for large-𝑘 ANN queries,

which consists of two key components: a bucket-based result buffer

and two re-ranking algorithms. One potential future direction is to

modify the BBC to support graph-quantization methods for large-𝑘

ANN queries. Another promising direction is adapting BBC for

GPU settings to accelerate batch large-𝑘 ANN queries.
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