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Vector search and database systems have become a keystone component in many AI applications. While
many prior research has investigated how to accelerate the performance of generic vector search, emerging
AI applications require running more sophisticated vector queries efficiently, such as vector search with
attribute filters. Unfortunately, recent filtered-ANNS solutions are primarily designed for CPUs, with few
exploration and limited performance of filtered-ANNS that take advantage of the massive parallelism offered
by GPUs. In this paper, we present VecFlow, a novel high-performance vector filtered search system that
achieves unprecedented high throughput and recall while obtaining low latency for filtered-ANNS on GPUs.We
propose a novel label-centric indexing and search algorithm that significantly improves the selectivity of ANNS
with filters. In addition to algorithmic level optimization, we provide architecture-aware optimizations for
VecFlow’s functional modules, effectively supporting both small batch and large batch queries, and single-label
and multi-label query processing. Experimental results on NVIDIA A100 GPU over several public available
datasets validate that VecFlow achieves 5 million QPS for recall 90%, outperforming state-of-the-art CPU-based
solutions such as Filtered-DiskANN by up to 135 times. Alternatively, VecFlow can easily extend its support
to high recall 99% regime, whereas strong GPU-based baselines plateau at around 80% recall.
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1 Introduction

Dense vectors have become a key form of data representation in the era of AI. Deep learning models
encode various entities, such as text [38, 41], images [36, 50], and code snippets [33], into dense
continuous vectors, enabling a growing number of vector-based online applications, including
image search [31], web search [27, 66], question and answering [64], ad-hoc retrieval [14, 25, 43],
mobile search [3], and product search [58]. More recently, vector search has also become an integral
component for building generative AI systems, such as retrieval-augmented generation for large
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language model (LLM)-based applications [35, 39]. To provide an interactive user experience at
scale, these applications require high-performance deployment to achieve high throughput and
recall with low query latency. As a result, there have been numerous studies on optimizing vector
search performance by developing compute and memory-efficient approximate nearest neighbor
search (ANNS) algorithms [5, 7, 18, 20, 21, 30, 32, 40, 44, 45].
Despite many advancements, prior work often focuses on optimizing unconstrained top-K re-

trieval, where the algorithm searches a vector dataset for the K closest vectors based purely on
their geometric distance from the query. However, real-world and emerging applications often
require finding Top-K results under certain filtering or label constraints. For example, Google
Multisearch [23] allows users to search images with additional text hints, advertising engine apply
filters to display region-relevant ads, and enterprise search places access control to displayable
documents based on users’ permission levels.
One straightforward approach to enable ANNS with filters is to combine ANNS with post-

processing, where one first runs a standard vector search over the entire dataset to obtain a list
of candidates and then applies a filter operator on the given label to select the top-K elements
with the given filter. This approach allows one to leverage existing high-performance solutions
developed for unconstrained top-K ANNS. However, it is very challenging to predict exactly how
many returned candidates will pass the filter operation. Therefore, the number of final candidates
that match the query’s labels can be much less than K, or in the worst-case scenario, none at all.

In practice, post-processing methods perform poorly. As such, academia and industry companies
such as Milvus [42], Weaviate [61] and Pinecone [49] that offer ANNS-as-a-service have explored
alternative methods to support ANNS with filters. Alternatively, Filtered-DiskANN [22] proposes
building a graph index with enhanced navigability for filtered searches and achieves state-of-the-art
results with tens of thousands of query-per-second (QPS) at >0.9 recall. One gap in this approach
is that Filtered-DiskANN [22] assume that a query only has one label while, in practice, queries
can contain multiple labels, involving OR and AND operations. This is an important use case, so
new filtered ANNS approaches should consider multiple query labels in their design.
ANNS index construction and search are computationally expensive operations, so modern

GPU architectures offer an opportunity to significantly improve performance. Researchers have
developed several GPU-based vector search algorithms for unconstrained top-K ANNS [46, 57, 68].
The state-of-the-art GPU-based vector search system from NVidia, CAGRA [46], builds GPU-
friendly graph indices to accelerate the vector search on GPUs, offering over an order of magnitude
higher QPS than CPU-based solutions. Despite achieving high ANNS speed on GPUs, few studies
have explored high-performance design and implementations optimized for GPU-based filtered
ANNS, due to several challenges. First, the hardware architecture of GPUs is very different from
CPU. While the GPU has a much higher parallelism and memory bandwidth than CPU, one has
to redesign the parallelism strategy for an algorithm to map it to the GPU architecture to extract
sufficient parallelism to fully utilize the hardware resources. Second, directly applying filter-aware
partitioning algorithms leads to huge memory redundancy, yet GPU global memory is a scarce
resource. Therefore, it is important to optimize the memory efficiency of GPU-based filtered-ANNS.
Third, existing GPU-based ANNS algorithms primarily focus on maximizing throughput when
the batch size is large. However, in online serving scenarios, queries are often coming in through
small batch sizes, making it difficult to achieve high GPU utilization while maintaining a low query
latency.
In this paper, we investigate the following research question: How to build a high-performance

system for filtered ANNS that can effectively leverage GPU hardware? To address the aforementioned
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Fig. 1. System overview of VecFlow. The architecture shows how vectors with labels are managed through
VecFlow’s Dual-Structured Label-Centric IVF design. High-specificity data are handled via graph-based
indexing with a redundancy-bypassing layout (IVF-Graph), while low-specificity data use an optimized
brute-force index (IVF-BFS). The system includes GPU-tailored optimizations such as GPU-centric parallel
search, persistent kernels for streaming search of small batch sizes, supports for both efficient single-label
and multi-label queries with AND/OR logic.

challenges, we present VecFlow1, a high-performance vector filtered-search system for GPUs. Fig. 1
shows the overview of VecFlow’s design. Different from recent graph-based solutions [22, 46],
VecFlow adopts a label-centric IVF (inverted file indexing) design to improve the selectivity of
ANNS with filters, where data points are grouped based on shared labels instead of spatial proximity
or distance. VecFlow partitions the IVF posting lists into high-specificity and low-specificity groups,
each characterized by distinct label distribution patterns. § 4.1.1 provides detailed definition of
specificity, which is a measure of how uniquely a label identifies data points. We design a dual-
structured index along with tailored search algorithms for the two groups, maximizing GPU
utilization to enable fast and accurate filtered-ANNS (§ 4.1). In addition, VecFlow designs high-
performance GPU kernels to achieve (1) redundancy-bypassing IVF-Graph (§ 4.2.1) that reduces
memory usage by avoiding redundant vector replication, (2) interleaved-scan-based IVF-BFS (§ 4.2.2)
that maximizes GPU memory bandwidth efficiency for brute-force distance computations, and (3)
persistent kernels for streaming small batches (§ 4.2.3) that eliminate kernel launch overhead and
maintain high GPU utilization. Together, these optimizations deliver unprecedented performance
for filtered ANNS. Finally, unlike prior work that assumes each query only has one label, VecFlow
introduces a high-performance algorithm to efficiently tackle queries with multiple labels with OR
and AND conditions (§ 4.3).

1Source code for VecFlow is available at https://github.com/Supercomputing-System-AI-Lab/VecFlow
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Fig. 2. Three common approaches to enable filtered-ANNS.

Our experiments show that VecFlow achieves significantly speedups over state-of-the-art filtered-
ANNS solutions on both CPU and GPU over both real-world and semi-synthetic filtered search
datasets (§ 5). In particular, VecFlow achieves 5 million QPS for recall 90%, outperforming state-
of-the-art CPU-based solutions such as Filtered-DiskANN by up to 135 times. VecFlow can easily
extend its support to reach the high recall regime (>99%), whereas strong GPU-based baselines
plateau at around 80% recall for these use cases.

2 Background

2.1 Filtered ANNS

As one of the core components for data management, there are numerous algorithms for ANNS
with diverse index construction methods and a range of trade-offs concerning indexing time, search
time, and recall [5, 7, 18, 20, 21, 30, 32, 40, 44, 45]. Several work have done an excellent survey
and comparison of ANNS algorithms [4, 37, 47, 60]. However, most existing research addresses
the unconstrained ANNS problem from the perspective of improving search efficiency [18, 40],
reducing the memory and compute costs [30, 51], enabling fresh updates to the index [55]. With
the increasingly central role of ANNS in dense retrievers, new capabilities are required for ANNS,
including search with filters (filtered-ANNS).
Filtered-ANNS extends ANNS by allowing users to search for similar vectors that also satisfy

specific metadata constraints, combining both vector similarity and attribute-based filtering to
deliver more precise and contextually relevant results. In filtered-ANNS, each data point contains
both a vector embedding and metadata labels. As shown in Fig. 1, the data point (a vector, e.g., [0.1,
0.5, ..., 0.3]) is associated with a list of labels (e.g., ["2015" (ID:0), "Italy" (ID:1), "Cat" (ID:4), "Green"
(ID:5)]). During search, the system combines vector similarity with label constraints, e.g., "Find
images visually similar to this reference image, but only consider those taken in ‘Italy’ in ‘2015’."
Here, vector similarity determines visual resemblance, while labels "2015" and "Italy" constrain the
search space to return only results matching both labels.
There has been several recent works on filtered-ANNS, such as vbase [67], NHQ [59], IVF2 [6],

and Filtered-DiskANN [22]. We categorize existing approaches to filtered-ANNS into three major
types, as illustrated in Fig. 2. Ad-hoc methods integrate filtering through pre-/post-processing
or inline filtering on top of existing ANNS systems. For example, FAISS-IVF [16] supports inline
filtering by associating metadata with index entries to skip mismatched points during traversal.
Weaviate [61] and Milvus [42] support inline-processing by maintaining inverted file indexing
(IVF) where each label constraint has an "approved list" containing data IDs that fulfill the label
constraints. Systems like pgvector [1], PASE [63], Analytic DB-V [62] and SingleStore-V [10] use
similar mechanism on top of general-purpose ANNS and build unified SQL and vector search
backends. However, all ad-hoc methods just modify the search process, do not modify the index
building.
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Filtered-DiskANN [22] builds a specialized filtered-ANNS index. It achieves excellent results by
building filtered search on top of Vamana graph-based ANNS solution DiskANN [29]. In particular,
Filtered-DiskANN builds separate proximity graph for data points associated to each label and
stitches multiple small graphs together to eliminate redundant edges. By leveraging the geometric
relation between points and incorporating label information during index construction, Filtered-
DiskANN achieves much better search efficiency than prior filtered-ANNS methods based on
IVF/LSH indices. More recently, IVF2 introduces a label-centric IVF-based (inverted file indexing)
method that wins the NeurIPS’23 Big-ANN Competition Filter Track[9]. Unlike these existing
filtered-ANNS solutions, ours is the first to explore achieving optimal filtered-ANN performance
on GPUs. Furthermore, different from prior work that only considers simple filters, such as exact
matches with one filter in Filtered-DiskANN, we address more complex filtering conditions, in-
cluding efficient search with the disjunction (OR) and conjunction (AND) of multiple filters, which
have been less explored in previous research.

2.2 GPU-based Vector Search

The high computational throughput of modern GPU architectures has made it a key resource to
solve computationally difficult problems [26]. In recent years, increasingly computationally difficult
operations, such as ANNS, have become commonplace in database systems, necessitating hardware
acceleration [17, 52]. Early work to efficiently accelerate ANNS using GPUs focused on developing
fast k-selection algorithms based on product quantization [12, 31]. Subsequently, several studies
proposed to build graph-based search algorithm on GPUs [24, 57, 65, 68, 69]. For example, GGNN
builds hierarchical kNN graphs on GPUs [24]. BANG [57] employs a heterogeneous CPU-GPU
vector search solution, using compressed data for distance computations on GPUswhile maintaining
the graph and actual data points on the CPU. Although these methods achieve promising speedups,
they primarily focus on adapting or optimizing GPU resource utilization over existing CPU-designed
graphs, without fully leveraging the GPU’s capabilities. More recently, Ootomo et al. [46] proposed
CAGRA, an enhanced GPU algorithm for solving k-ANNS. CAGRA designs hardware-friendly
proximity graph structures to fully leverage the compute and memory bandwidth of modern
GPU, outperforming both well-known CPU-based ANNS such as HNSW [40] and state-of-the-art
GPU-based ANNS, such as GGNN [24] and GANNS [65], achieving the state-of-the-art results for
k-ANNS. Different from those work, VecFlow focuses on solving the filtered-ANNS problem on
GPUs. In addition, although VecFlow leverages CAGRA graphs, it is fundamentally different. First,
CAGRA can only perform k-ANNS without filters. Although CAGRA can be combined with post-
processing to support filtered-ANNS, the performance is quite sub-optimal. In contrast, VecFlow’s
novel index and search algorithms are specifically designed to enable significantly higher QPS
and recall on filtered-ANNS. Second, while CAGRA achieves high throughput with very large
batch sizes, VecFlow introduces a persistent kernel-based method to achieve filtered-ANNS high
throughput in streaming scenarios with small incoming query batch sizes.

3 Problem Formulation

Definition 1 (Filtered Nearest Neighbor Search (Filtered-NNS)). Given a finite
data point set 𝑋 of 𝑁 points in a vector space R𝐷 , each data point (a.k.a. vector) 𝑥 ∈ 𝑋 has an
associated set of labels 𝐿𝑥 ⊆ L, where L is a finite set of labels. The goal of filtered-NNS is to answer a
given query point 𝑞 ∈ R𝐷 with labels 𝐿𝑞 ⊆ L by finding the closest point 𝑥 ∈ 𝑋 with 𝐿𝑞 , i.e., points in
𝑋 that have the label 𝐿𝑞 associated with them.

Note that the query point 𝑞 may or may not be in the point set 𝑋 , and the above definition
generalizes naturally to Top-K Filtered-NNS, i.e., finding A𝑡𝑜𝑝𝑘 = {x| top-K nearest points to q in 𝑋 }.
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Given that 𝑁 is often quite large and the service level objective (SLO) is stringent, we define an
approximated form of the above problem.

Definition 2 (Filtered Approximated Nearest Neighbor Search (Filtered-ANNS)).
The goal of 𝜖-filtered-NNS is to design an algorithm that answers a given query point 𝑞 ∈ R𝐷 with
labels 𝐿𝑞 ⊆ L by maximizing the recall of finding the top-k closest points 𝐴𝑡𝑜𝑝𝑘 ∈ 𝑋 with 𝐿𝑞 while
minimizing the search time spent to return 𝐴𝑡𝑜𝑝𝑘 .

Assume the ground truth top-𝐾 nearest neighbors of 𝑞 is𝐺𝑇𝑡𝑜𝑝𝐾 , the recall is defined as follows:

𝑅𝑒𝑐𝑎𝑙𝑙 =

��𝐴𝑡𝑜𝑝𝐾 ∩𝐺𝑇𝑡𝑜𝑝𝐾 ����𝐺𝑇𝑡𝑜𝑝𝐾 �� =

��𝐴𝑡𝑜𝑝𝐾 ∩𝐺𝑇𝑡𝑜𝑝𝐾 ��
𝐾

(1)

4 Design and Implementation of VecFlow

As described in § 1, the core of VecFlow is the Dual-Structured Label-Centric IVF index and search
algorithm, which processes data differently based on label specificity. This design enables VecFlow
to flexibly and efficiently handle the full spectrum of label distributions. The remainder of this
section details the key design components of VecFlow: § 4.1 presents the dual-structured IVF
approach and motivates the separation of high- and low-specificity labels. § 4.2 describes our
GPU-optimized indexing and search kernel design, including redundancy-bypassing data layout for
IVF-Graph, interleaved memory organization for IVF-BFS and techniques for streaming small-batch
queries via persistent kernels. § 4.3 extends the design to multi-label queries with support for both
AND and OR operations utilizing parallel GPU search.
4.1 Dual-Structured Label-Centric IVF

We start by considering two popular approaches for ANNS with filters, namely the graph traversal-
based approach such as Filtered-DiskANN [22], and the clustering-based method employed in
Milvus [42] and Weaviate [61], which relies on inverted file indexing (IVF) [34]. Filtered-DiskANN
proposes to exploit both geometric relationship between data points and the labels that each point
has to construct a navigable graph index and perform graph traversal with inline-filtering, which
achieves excellent performance in Filtered-ANNS and outperforms filtered-ANNS methods based
on IVF/LSH indices on CPU.

Despite its promising results, Filtered-DiskANN uses a single graph index for all points, meaning
that multiple queries with different labels must use the same method to search this single graph
index. When the number of data points with associated labels is high, the single index approach
performs similarly to unfiltered search. However, we observe that the label distribution in many
datasets exhibits a long tail distribution, with a few frequent labels and many rare ones, as shown
in Figure 3. Challenges arise when data points with certain rare labels fall into the long tail, as
most distance computations in the index search process become unnecessary, negatively impacting
query performance. In addition, it is difficult to ignore vectors that do not pass the filter during
graph traversal, as this can break the connectivity that the graph-based index relies on to achieve
high recall. When the graph is large and the frequency of data points corresponding to a given
label is very low, the search performance of Filtered-DiskANN becomes problematically low. As
we later show in the evaluation, FilteredVamana achieves a maximum recall of only 50%, while
StitchedVamana reaches at most just 70% on the YFCC dataset. Both methods struggle to reach
high recall because YFCC has many rare labels, making it challenging to predict how many top-K
returned candidates will include those rare labels. Consequently, the number of final candidates
that match the query’s labels is less than K. Moreover, a large graph degree is required to maintain
search quality (96 for FilteredVamana and 64 for StitchedVamana, as reported in [22]). This further
impacts search efficiency, as a higher graph degree results in slower search performance. This
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(a) SIFT-1M (b) YFCC-10M

Fig. 3. Label specificity distribution in different datasets.

motivates us to consider algorithms that leverage the high computational throughput of GPUs to
achieve high recall even on these cases with rare labels, which may be prohibitively costly on CPU
systems.

Different from graph-based methods, IVF indexing is another fundamental technique in ANNS
that partitions vectors into clusters to reduce the search space [11, 30]. In traditional IVF methods,
vectors are clustered based on their distance to the cluster centroids (typically using k-means
clustering), creating "inverted lists" where the cluster centroid becomes the keyword, i.e., the
descriptor of the cluster, and the posting list comprises all vectors in the corresponding cluster.
During a search, the system first identifies the most promising clusters by comparing the query
vector with centroids, then performs exact searches only within those selected posting lists. In
contrast to traditional IVF, one can construct an inverted index where the keyword is the label,
and the posting list contains vectors that share the same label [6, 49]. This label-centric IVF knows
exactly which posting list to search for each query based on its labels, eliminating the cluster
selection overhead. This approach works effectively like setting 𝑛_𝑝𝑟𝑜𝑏𝑒𝑠 = 1 in traditional IVF
search, but without the accuracy trade-off, as it guarantees searching the exact cluster containing
the matching vectors. Prior studies show that IVF-based filtered-ANNS solutions can also achieve
competitive performance compared to graph-based solutions such as Filtered-DiskANN [54].
To address the issue, we introduce a dual-structured label-centric IVF that leverages the high

computational throughput and parallelism of GPUs for high-performance filtered-ANNS. VecFlow
adopts a label-centric IVF design to improve the selectivity of ANNS with filters, because a query
only needs to search the posting list that has the query’s label. In addition, we define label specificity,
a metric for quantifying the density of a given label in a dataset, and we divide the IVF posting
lists into distinct groups, each with its own characteristics of label distribution. VecFlow employs
a dual-structured index and search algorithms to achieve fast and accurate filtered ANNS. For
each group, we design high-performance GPU kernel optimizations to maximize GPU resource
utilization. We first describe this algorithm and then introduce several optimizations to map the
algorithm to GPUs.

4.1.1 Specificity Definition We start with the definition of specificity, a property that measures the
fraction of data points in 𝑋 that have the label 𝑙 ∈ L associated with them. More specifically:

specificity(𝑙) = number of data points with label 𝑙
total number of data points 𝑁

This definition is similar to prior work [29, 48]. Different from prior work, we further classify a
label as:
• High-specificity (HS): specificity(𝑙) ≥ 𝑇 /𝑁
• Low-specificity (LS): specificity(𝑙) < 𝑇 /𝑁
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where T is a chosen specificity threshold. A data point 𝑥 therefore can also be categorized
according to its labels:
• High-specificity data: 𝑥 has at least one high-specificity label
• Low-specificity data: 𝑥 has at least one low-specificity label

Note that in scenarios where a data point can have multiple labels, a data point can have both high-
and low-specificity labels simultaneously.

4.1.2 Decoupling High/Low-Specificity Labels with Label-Centric IVF and Dual-Structured Indices
We construct an inverted index where the keyword is the label, and the posting list contains data
point indices. Specifically, for each label 𝑙 ∈ L, we define 𝐶𝑙 = {𝑖 | 𝑙 ∈ 𝐿𝑋𝑖

, 0 ≤ 𝑖 < |𝑋 |}, which
stores the global indices of points in 𝑋 associated with label 𝑙 . Using 𝐶𝑙 , we can efficiently retrieve
the actual vectors for label 𝑙 as 𝑋𝑙 = {𝑋𝑖 | 𝑖 ∈ 𝐶𝑙 } without scanning the entire data point set. Once
we build the Label-Centric IVF, we divide the posting lists into two groups: the high-specificity
group (HS) and the low-specificity group (LS), and develop a dual-structured index construction and
search algorithm to enable efficient filtered-ANNS for both HS and LS. We note that classifying data
based on labels is a long-standing idea in database systems [13, 19]. However, our approach mainly
focuses on optimizing filtered-ANNS on GPUs, given the long-tailed distribution of real-world
filtered search scenarios. For the HS partition, we build a separate GPU-friendly graph index (e.g.,
CAGRA [46]) over an individual posting list 𝐶𝑙 (IVF-Graph). This allows VecFlow to avoid an
exhaustive search within a posting list while taking advantage of the hardware-friendly GPU-based
ANNS solution, achieving performance similar to unfiltered search. For the LS partition, we directly
resort to brute force search (IVF-BFS).
The rationale for adopting this dual-structured index is that for LS data, each IVF list contains

a relatively small number of points, making the construction and maintenance of a graph-based
index unnecessarily complex and potentially counterproductive. For example, CAGRA’s search
behavior is primarily governed by its internal top-k (itopk) parameter rather than the actual
dataset size. This parameter determines both the number of iterations and the number of distance
computations performed, regardless of cluster size. Our experimental analysis demonstrates this
scaling inefficiency – when testing across different cluster sizes from 100 to 20,000 points with
constant itopk(32), CAGRA’s throughput remains relatively flat (2.6M QPS for 100-point clusters vs.
2.3M QPS for 20,000-point clusters), as shown in Fig. 4(a).
Despite showing excellent performance, graph traversal incurs iterative neighbor expansion

that leads to additional synchronization overhead. Fig. 4(b) demonstrates that for queries with low-
specificity labels in the YFCC dataset, an average of 71.29% of the CAGRA search time (itopk=32) is
allocated to actual distance computations, while the remaining time is distributed across graph
traversal overhead, including initialization (8.04%), parent node selection (5.41%), and internal top-k
maintenance (14.79%). Consequently, when a label corresponds to only a small number of points,
it becomes more efficient to directly compare the query vector against all points in the IVF list,
avoiding the overhead of initializing and traversing a graph.
For low-specificity data, brute-force search (BFS) offers advantages over graph-based methods

because BFS can be more easily parallelized to efficiently leverage modern GPUs, especially when
the number of data points is relatively small. Essentially, the distance computation between a query
and a set of vectors can be effectively formulated as a batched matrix-vector multiplication (GeMV)
operation, which can be tiled across Streaming Multiprocessors (SMs) on a GPU. This approach
helps to maximize the utilization of the GPU’s compute and memory bandwidth. GeMV is primarily
a memory bandwidth bound operation and the peak memory bandwidth for a GPU (e.g., Nvidia
A100) is often over 2 Terabytes per second (2TB/s), which is over 20x higher than modern CPU
bandwidth (often <100GB/s). Thus, BFS on GPUs offers significant speedups over CPUs, on which
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(a) (b)

Fig. 4. (a) Scaling efficiency of IVF-Graph and IVF-BFS varying the number of data points within a cluster.
(b) Time decomposition of CAGRA search process.

BFS may be prohibitively slow. By employing BFS, execution time is optimized by focusing on
the distance computation, eliminating graph traversal overhead entirely. This makes BFS a more
efficient choice for low-specificity scenarios where the benefits of graph traversal are minimal.

During the search, whether a query searches the HS or LS partition is determined by the specificity
threshold 𝑇 . Given a query with label 𝑙 , we route the query based on the size of its corresponding
cluster |𝐶𝑙 |:

method =

{
IVF-BFS if |𝐶𝑙 | < 𝑇
IVF-Graph otherwise

(2)

Finding the optimal threshold 𝑇 analytically is non-trivial as it depends on many architectural
parameters and specificity distribution. However, it is not necessary in practice. 𝑇 can be carefully
chosen to represent the crossover point where the brute force approach becomes less efficient than
graph traversal for a given number of data points. This is determined through offline profiling query
performance across different cluster sizes and auto-tuning, e.g., by comparing the performance of
HS and LS search to identify a threshold 𝑇 that maximizes the overall query throughput.

4.2 Index and Search Strategies of VecFlow on GPUs

4.2.1 Bottom-Level IVF-Graph with Redundancy-Bypassing for HS

Indexing. While combining IVF with graphs significantly improves the search speed, building an
individual graph index for each IVF list leads to one major challenge – the memory consumption
becomes much higher compared to a single index for all data points. We observe that directly
building IVF-Graph index for each posting list leads to a 10.8× increase in memory compared to
a single graph index over the entire YFCC dataset. Why does the memory consumption increase
dramatically? We dive deep into how graph-based ANNS index is constructed for GPUs and find out
that this is caused by memory redundancy in IVF-Graph. Taking CAGRA as an example, for a given
set of data points, CAGRA builds a k-NN graph with fixed out-degree using NN-descent [15] on
GPUs and performs rank-based reordering to improve the graph’s navigability. The final CAGRA-
based IVF-Graph list for each label 𝑙 , consists of two components (1) vectors 𝑋𝑙 requiring |𝐶𝑙 | × 𝐷
memory, and (2) a graph structure consisting geometric relation requiring |𝐶𝑙 | × 𝑅 memory, where
𝐷 is the vector dimension and 𝑅 is the graph out-degree. When a data point 𝑋𝑖 belongs to multiple
labels (e.g., 𝑖 ∈ 𝐶𝑙1 and 𝑖 ∈ 𝐶𝑙2), its vector must be duplicated in both 𝑋𝑙1 and 𝑋𝑙2. Since vectors
typically dominate memory consumption (e.g., 𝐷 = 192 in YFCC dataset versus 𝑅 = 16), this
redundant storage of vectors across multiple IVF lists causes the substantial memory increase.
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Fig. 5. The data layout used in VecFlow ’s redundancy-bypassing IVF-Graph index and search.

To address the redundancy issue, we propose an approach called IVF-Graph with Redundancy-
Bypassing. For each label 𝑙 , VecFlow builds a local virtual graph 𝐺𝑙 , where each virtual graph only
contains the graph structure information expressed via local vertex IDs. Alongside these graphs,
VecFlow has a single global vectors 𝑋 that contains all data points. In addition, VecFlow maintains
a local-global index mapping table𝑀𝐻𝑆 that translates these local vertex IDs (within each 𝐺𝑙 ) to
their corresponding global indices in the global vectors. This mapping mechanism allows VecFlow
to maintain only a single copy of data point set while having multiple virtual graphs to share the
same global vectors.
Current graph-based ANNS algorithms typically use a single graph structure represented by

adjacency lists, where each row uniquely corresponds to the neighbors of a specific data point.
However, VecFlow introduces multiple virtual graphs to enable filtered search. If these virtual
graphs were stored separately, processing queries with different labels would require frequent
index switching, hindering the parallel performance of methods like CAGRA for large batches.
On the other hand, storing multiple graphs together in a single index is not supported by existing
ANNS libraries. To address the issue, we design a readily integrable and GPU-efficient index
structure to implement our approach. In particular, we compact all virtual graphs into a single,
continuous memory space, organized and ordered by their label 𝑙 . This compacted structure not
only avoids the overhead of switching between indices but also represents multiple virtual graphs
as a unified structure. As a result, it seamlessly integrates into any graph-based ANNS algorithm by
replacing the original single-graph structure, enabling filtered searches without requiring significant
modifications to the index structure. Furthermore, since our combined index is compatible with
single-graph structures, any optimization techniques designed for single indices can be directly
applied to our unified graph.
The layout of VecFlow’s compacted Label Graphs 𝐺𝐻𝑆 is illustrated in Fig. 5. To make this

structure functional, VecFlow maintains three key metadata components: (1) Label Sizes 𝑆𝐻𝑆 : the
number of data points in each posting list 𝐶𝑙 , (2) Label Offsets 𝑂𝐻𝑆 : the starting position of label’s
virtual graph 𝐺𝑙 within the compacted Label Graphs 𝐺𝐻𝑆 , which together help VecFlow efficiently
locate𝐺𝑙 , and (3) Index Mapping𝑀𝐻𝑆 : which translates local vertex IDs in𝐺𝑙 to their global indices
in 𝑋 . As shown in Algorithm 1, to manage labels, VecFlow’s indexing follows a two-pass process:
first, VecFlow collects all data points’ indices associated with each label 𝑙 into posting list 𝐶𝑙 . Then,
VecFlow builds separate virtual graphs for each high-specificity label while establishing metadata
for each label that includes size, offset, and mapping information. This approach allows VecFlow
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Algorithm 1: VecFlow Index Construction
Input: Data point set 𝑋 ; 𝐿𝑥 for each 𝑥 ∈ 𝑋 ; Graph Degree 𝑅; specificity-threshold 𝑇 .
Output: IVF-Graph-Index; IVF-BFS-Index.

1 L ← ⋃
𝑥∈𝑋 𝐿𝑥 ⊲ Set of unique labels

2 𝐶𝑙 = {𝑖 | 𝑙 ∈ 𝐿𝑋𝑖
, 0 ≤ 𝑖 < |𝑋 |} for all 𝑙 ∈ L

3 foreach 𝑙 ∈ L do

4 𝑋𝑙 = {𝑋𝑖 |𝑖 ∈ 𝐶𝑙 }
5 if |𝐶𝑙 | ≥ 𝑇 then

6 SetMetadata(𝐶𝑙 , 𝑆𝐻𝑆 [𝑙],𝑂𝐻𝑆 [𝑙], 𝑀𝐻𝑆 [𝑙])
7 𝐺𝐻𝑆 ← vstack(𝐺𝐻𝑆 , BuildCAGRAGraph(𝑋𝑙 , 𝑅))
8 else

9 SetMetadata(𝐶𝑙 , 𝑆𝐿𝑆 [𝑙],𝑂𝐿𝑆 [𝑙], 𝑀𝐿𝑆 [𝑙])
10 𝑋𝐿𝑆 ← StoreInterleaved(𝑋𝐿𝑆 , 𝑋𝑙 )

11 return (𝑋,𝐺𝐻𝑆 , 𝑆𝐻𝑆 ,𝑂𝐻𝑆 , 𝑀𝐻𝑆 ), (𝑋𝐿𝑆 , 𝑆𝐿𝑆 ,𝑂𝐿𝑆 , 𝑀𝐿𝑆 )

Algorithm 2: VecFlow Search Algorithm
Input: Query batches 𝑄 ; 𝐿𝑞 for each 𝑞 ∈ 𝑄 ; IVF-Graph-Index(𝑋,𝐺𝐻𝑆 , 𝑆𝐻𝑆 ,𝑂𝐻𝑆 , 𝑀𝐻𝑆 );

IVF-BFS-Index(𝑋𝐿𝑆 , 𝑆𝐿𝑆 ,𝑂𝐿𝑆 , 𝑀𝐿𝑆 ). specificity-threshold 𝑇 ;
Output: Top-𝑘 nearest neighbors for each query.

1 (𝑄𝐻𝑆 , 𝐿𝐻𝑆 ), (𝑄𝐿𝑆 , 𝐿𝐿𝑆 ) ← ClassifyQueries(𝑄, 𝐿𝑞,𝑇 )
2 foreach (𝑞, 𝑙) from (𝑄𝐻𝑆 , 𝐿𝑞) in parallel do
3 𝐺𝑙 ← 𝐺𝐻𝑆 [𝑂𝐻𝑆 [𝑙] : 𝑂𝐻𝑆 [𝑙] + 𝑆𝐻𝑆 [𝑙] − 1]
4 𝑡𝑜𝑝𝑀, 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠 ← InitializeSearch(𝐺𝑙 )
5 for search iterations do
6 𝑑𝑖𝑠𝑡𝑠 ← GetDist(𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠, 𝑞, 𝑙, 𝑋,𝑀𝐻𝑆 ,𝑂𝐻𝑆 )
7 𝑇𝑜𝑝𝑀 ← 𝑈𝑝𝑑𝑎𝑡𝑒𝑇𝑜𝑝𝑀 (𝑇𝑜𝑝𝑀, 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠, 𝑑𝑖𝑠𝑡𝑠)
8 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠 ← 𝐺𝑙 [𝑡𝑜𝑝𝑀 [first unvisited node]]

9 foreach (𝑞, 𝑙) from (𝑄𝐿𝑆 , 𝐿𝑞) in parallel do
10 BruteForceSearch(IVF-BFS-Index, 𝑞, 𝑙 )
11 return Merge results and map to global IDs

index to construct multiple virtual graphs into a compacted Label Graphs 𝐺𝐻𝑆 referencing a single
global vectors 𝑋 , thereby reducing memory consumption while preserving search efficiency.

Search. For queries with high-specificity labels, VecFlow routes the query to the HS partition
and performs the graph-based search in the posting lists that have the query’s labels. Algorithm 2
demonstrates how VecFlow utilizes its indexing structures during search. The key step 𝐺𝑙 ←
𝐺𝐻𝑆 [𝑂𝐻𝑆 [𝑙] : 𝑂𝐻𝑆 [𝑙] + 𝑆𝐻𝑆 [𝑙] − 1] extracts precisely the portion of local virtual graph𝐺𝑙 for label
𝑙 , using both the Label Sizes and Label Offsets metadata The actual search follows the top-M list
and candidate list expansion procedure in CAGRA, where VecFlow starts with random sampling
(e.g., VecFlow uses Label Sizes to confine the range of random sampling) to get the initial candidate
list and performs iterative graph traversal iterations, i.e., sort itopk, pick up next parents, compute
distance for child node, expand the candidate list until the top-M list converges, i.e., the top-M list
remains unchanged from the previous iteration. Along the search process, VecFlow uses the same
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elemental technologies from CAGRA [46] to boost the GPU utilization for the graph traversal on
GPUs, including (1) warp splitting that divides a warp into fine-grained thread groups (a.k.a, teams)
to allow all threads within each warp to maximize the bandwidth utilization through 128-bit load
instructions, (2) single warp-level bitonic sort to quickly sort the priority queue in the registers of a
single warp without the shared memory footprint, and (3) the forgettable hash table management
to keep the hash table in the fast shared memory for managing the visited node list.
Like CAGRA search, all of our search operations, such as top-𝑘 computations and internal list

updates, are performed using local vertex IDs within 𝐺𝑙 with values in the range [0, 𝑆𝐻𝑆 [𝑙]). Only
when computing distances, VecFlow’s Index Mapping 𝑀𝐻𝑆 [𝑙] translates the local vertex IDs to
corresponding global indices in the global vectors.

4.2.2 Bottom-Level GPU-Friendly Brute Force Search for LS While BFS for LS is conceptually
straightforward, requiring only target vectors and query vectors, performing BFS on GPUs presents
challenges, especially when processing multiple queries in parallel (e.g., batch size > 1), as each
query in the batchmust search different parts of the dataset based on its labels. Recent advancements
in GPU-based KNN search introduced in the NVidia cuVS library [2], provide two efficient BFS
implementations with bitmap filtering. For these approaches, each row of the bitmap represents a
different query’s label and each column represents a data point in the dataset, with bits set to 1
indicating label matches between queries and data points. In the first method, a tiled brute force
kNN search implementation is used to achieve high compute efficiency between the queries and the
entire data points, followed by applying the bitmap as a post-processing filter to get the final results.
However, this approach becomes computationally expensive with large datasets like YFCC, which
has 10M data points, as it requires computing distances between each query and all data points
regardless of whether they match the query’s labels or not. The second approach transforms the
kNN search into a sparse computation by converting the bitmap into the Compressed Sparse Row
(CSR) format, which only stores the coordinates of the matching pairs. This enables masked matrix
multiplication that computes distances only between each query vector and its label-matching data
vectors. The implementation processes all queries together in a single masked matrix multiplication
operation, followed by a k-selection step to find the nearest neighbors for each query. This approach
requires both extra memory accesses to load the CSR mask and leads to scattered memory accesses
from sparse computation patterns, which are less efficient than the contiguous accesses typical
in dense operations. As a result, it is unclear how to achieve high performance filtered kNN on
large-scale datasets for large batches.
Unlike these cuVS brute-force search methods, VecFlow introduces an interleaved scan based

IVF-BFS method for low-specificity data. This method is specifically designed for high-throughput
distance computations on GPUs. The approach is built on top of cuVS IVF-Flat. During the index
construction phase, VecFlow employs an interleaved memory layout where vectors within each
posting list of IVF are organized into blocks of interleaved components. As shown in Figure 6,
VecFlow divide vectors into groups of 32 to match the GPU warp size. Within each group, instead
of storing vectors sequentially ((𝑣0 [0 : 𝐷], 𝑣1 [0 : 𝐷], ...)), VecFlow stores them in an interleaved
pattern where components are grouped based on veclen = 16/sizeof(𝑇 ), where 𝑇 is the data type.
For example, with float32 vectors (sizeof(𝑇 ) = 4), veclen = 4, so VecFlow stores (𝑣0 [0 : 3], 𝑣1 [0 :
3], ..., 𝑣31 [0 : 3], 𝑣0 [4 : 7], 𝑣1 [4 : 7], ...). This organization enables efficient memory access patterns
in two ways. First, when 32 threads in a warp process different vectors simultaneously, they access
contiguous memory locations, allowing the GPU to coalesce these accesses into fewer memory
transactions. Second, each thread can use wide load instructions (LD.E.128) to fetch 16 bytes at
once, as the components for each vector are stored in chunks sized according to veclen. This dual-
optimization of coalesced access across threads and vectorized loading within threads significantly
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Fig. 6. Interleaved memory layout for VecFlow’s IVF-BFS over LS partition.

improves utilization of GPU memory bandwidth during distance computations. In addition, this
interleaved layout improves instruction-level parallelism and instruction pipeline efficiency by
letting threads begin performance distance computations while vector coordinates continue to be
fetched from memory.
For the search process, VecFlow uses ivfflat_interleaved_scan kernel by cuVS which achieves

high throughput through hierarchical parallelism and efficient distance computation. At the grid
level, each CUDA block processes one query that searches inside its corresponding label-specific
posting list from the IVF index. Within each block, the query vector is first loaded into shared
memory for fast access by all threads. The block then processes vectors in its assigned posting list
through coordinated warp execution. Each warp processes one group of 32 interleaved vectors
from the memory layout described in Figure 6. Within a warp, each thread computes the distance
between one vector from the current group and the shared query vector. Another important step
during the brute force search is to filter out the top-k candidates. The kernel fuses an optimized
block-select-k operation into the distance computation to identify nearest neighbors efficiently.
This approach outperforms cuVS’s brute force search implementations by avoiding extra distance
computations through label-specific IVF posting lists and achieving better memory bandwidth
utilization with optimized interleaved memory layout. This hierarchical organization naturally
aligns with the structure of small label-based clusters: blocks can independently process different
query-label pairs, while warps provide efficient parallel distance computation and sorting within
each cluster. Overall, this ensures complete coverage for exhaustive search without the overhead of
graph traversal.

Same as IVF-Graph Redundancy-Bypassing , IVF-BFS maintains three key metadata components
for each label, which are Label Sizes 𝑆𝐿𝑆 , Label Offsets 𝑂𝐿𝑆 and Indexing Mapping 𝑀𝐿𝑆 .Algorithm 1
and Algorithm 2 also show the index construction and search process of IVF-BFS. We note that, for
low-specificity data points, VecFlow introduces additional memory overhead compared to using
base vectors directly. This overhead arises because vectors are stored within each label’s IVF list in
a continuous, interleaved layout to optimize GPU memory bandwidth utilization. Since a single
data point may be associated with multiple low-specificity labels, its vector needs to be stored in
multiple IVF lists. The total memory overhead can be expressed as 𝑁 × 𝐷 × 𝐹 , where 𝐹 represents
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the average number of low-specificity labels per point. For example, in the YFCC dataset, about
5.95M points (59.5% of the dataset) have at least one low-specificity label (e.g., labels associated
with fewer than 1,000 points), with these points appearing on average in 3.54 low-specificity IVF
lists (21.1M total entries across low-specificity IVF lists divided by 5.95M points), leading to 3.54x
memory overhead compared to the original vector storage for LS partition.

4.2.3 Persistent Kernel-based Search for Small BatchQueries Since all queries within a batch are
independent, VecFlow uses a single-kernel implementation for handling batched queries but use an
individual CUDA thread-block (single-CTA) within a kernel to handle large batch sizes, similar
as how CAGRA handles large batch sizes. Overall, when the batch size is large (e.g., >100), each
query is mapped to a single thread block, and multiple of these blocks are executed in parallel. This
approach effectively harnesses themassive parallelism of GPUs, maximizing their compute potential.
However, when the batch size is small (e.g., <100), the GPU resource can be left underutilized with
the single-CTA implementation.

In practice, vector search services often must execute queries in small batches and maintain low
latency. However, traditional GPU-based methods like CAGRA are optimized for large batches
and suffer from high overhead when processing small batches due to repeated kernel launching
overhead. One may wonder whether it is possible to hide the kernel launching overhead to some
extent by launching a few kernels in parallel using streams, thereby overlapping the launch overhead
with the execution of other kernels. However, this strategy also does not work very well in practice
because of CPU thread synchronization overheads. Modern GPUs require hundreds of thread blocks
running in parallel to achieve maximum throughput. At this scale, even a few CUDA host API calls
per-thread can become a bottleneck due to shared CUDA context locking. To address this, VecFlow
introduces a persistent kernel approach that maintains a continuously running kernel on the GPU
to process queries as they arrive, which not only eliminates the repeated kernel launch overhead
but also avoid synchronization at all costs by using atomic-based control structures.

Fig. 7 shows our persistent kernel design, which uses a job queue system with atomic ring buffers
to manage incoming queries and a worker queue to track available GPU thread blocks. When a
query arrives, it is assigned a job ID and mapped to an available worker. The persistent kernel
continuously monitors for new work, with each thread block handling one query independently.
This approach enables efficient parallel processing while maintaining high GPU utilization despite
small batch sizes.

4.2.4 Memory Consumption. We express the memory consumption as the sum of bytes required
to store both the HS and LS partition indices. Let 𝐹 denote the average number of labels per point,
with 𝐹𝐻𝑆 and 𝐹𝐿𝑆 representing the averages for the HS and LS partitions, respectively. Without
applying the redundancy-bypassing algorithm, the memory consumption of the HS partition is
𝑁 × 𝐹𝐻𝑆 × (𝐷 +𝑅) ×𝑏, where 𝑅 is the length of the out-degree, and 𝑏 is the number of bytes of data
type. After applying the redundancy-bypassing optimization, VecFlow stores a single shared copy
of the base data vectors while maintaining separate neighbor lists for each label-specific graph.
This reduces memory usage significantly because 𝐷 is often much larger than 𝑅. The memory
consumption of the HS partition becomes 𝑁 × (𝐷 + 𝐹𝐻𝑆 × 𝑅) × 𝑏. Furthermore, the average cluster
size per label is much smaller than𝑁 in practice. For example, in the YFCC dataset, this average label
size reduces from 10M to 540. Consequently, we use a much smaller out-degree 𝑅′, which shows no
performance degradation based on empirical observation. Thus, the final memory consumption for
the HS partition is 𝑁 × (𝐷 + 𝐹𝐻𝑆 × 𝑅′) × 𝑏. Instead, we store only the base data in the LS partition,
resulting in a memory consumption of 𝑁 × 𝐷 × 𝐹𝐿𝑆 × 𝑏. Thus the total memory consumption is
𝑁 × (𝐷 + 𝐹𝐻𝑆 × 𝑅′) × 𝑏 + 𝑁 × 𝐷 × 𝐹𝐿𝑆 × 𝑏. Assume we have 100 million points, with the following
parameters: 𝐷 = 128, 𝑅 = 64, 𝐹 = 3.17, 𝐹𝐻𝑆 = 3.0, 𝐹𝐿𝑆 = 0.17, 𝑏 = 4, 𝑅′ = 16. Substituting the values,
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Fig. 8. Multi-label query processing in VecFlow.

the memory consumption is 65.57GB + 8.11GB = 73.67GB, which is slightly higher than a single
index’s memory consumption of 71.53GB, calculated as 𝑁 × (𝐷 + 𝑅) × 𝑏. For metadata, the total
memory consumption for local-global index mapping is 𝑁 × 𝐹 × 𝑏, which is 1.18GB. Regarding
label metadata (Label Size and Label Offset, 2 integers for each label), since the number of labels is
typically in the range of several thousands, its memory usage is negligible. For example, even in
the YFCC dataset with 200K labels (which already represents a relatively large label set), the label
metadata only accounts for 1.49MB. This value is sufficiently small that it can be ignored in most
cases.

4.3 Multi-LabelQuery Processing with Predicate Filtering and Early Stopping

Prior work often assumes queries have a single label. However, in practice, one query is often
associated with multiple labels, which introduces challenges. VecFlow’s label-centric indexing
handles multi-label queries efficiently through GPU parallelism, where each thread block processes
one query label. As shown in Fig. 8, VecFlow implement different strategies for OR operations
(parallel processing with result merging) and AND operations (either parallel search with filtering
or selective greedy search, while both using predicate verification).

Proc. ACM Manag. Data, Vol. 3, No. 4 (SIGMOD), Article 271. Publication date: September 2025.



271:16 Jingyi Xi et al.

4.3.1 Handling OR Operations For multi-label query connected by OR operations, we can sim-
ply convert it into single-label search problem, treating each label as a separate search request
and launch multiple standard single-label searches in parallel, using IVF-Graph search for high-
specificity labels and IVF-BFS for low-specificity labels, followed by merging results to find the
nearest neighbors that satisfy any of the query labels.

4.3.2 Handling AND Operations It becomes challenging to handle AND operations efficiently
because a point must satisfy all query labels simultaneously. For example, when looking for points
that satisfy both label A AND B, even if label A and B individually have many matching points,
the set of points satisfying both constraints may be sparsely distributed in the single graph index.
This forces the search to explore many irrelevant paths and points before finding valid results
that satisfy all constraints. Our key insight to support efficient AND Operations is that it is not
necessary to check all paths to identify candidates that satisfy A AND B. Instead, we develop a
predicate function that efficiently verifies whether a point contains all specified labels and uses
this predicate function to obtain a selective early-stopping search strategies for both HS and LS
partitions to handle AND queries effectively.

Predicate function for efficient multi-label verification. To efficiently verify whether a data point
contains all specified labels, we use a compact data structure based on three arrays: a global label
array, a label offset array, and a label size array. The global label array stores the label of all data
points sequentially, keeping each data point’s labels contiguous and sorted. The label offset array
marks where each point’s labels begin in the global array, and the label size array records how many
labels each point has. We choose this structure over a matrix representation 𝑁 × |L|𝑚𝑎𝑥 (where
|L|𝑚𝑎𝑥 represents the max label size), because of highly variable label sizes. In the YFCC dataset,
while the average is 10.8 labels per point, some points have up to 1,500 labels. A matrix approach
would waste memory by allocating 1,500 columns for every point. Our array-based approach stores
only the actual labels each point has, reducing memory fragmentation and enabling efficient GPU
parallel processing through a compact, contiguous memory layout.
For each data point, we employ a binary search algorithm to retrieve its portion of labels from

the global label array. For instance, if a data point’s offset is 1000 and it has 15 labels, we search
within positions 1000 to 1014 of the global array. The search adjusts two pointers iteratively based
on comparisons with the target label. If found, it returns true and the label’s position; otherwise, it
returns false, indicating the point fails the AND predicate.

For queries with multiple labels, we optimize the search process by first sorting the query labels.
It then searches from the smallest and largest query labels to establish the valid range that must
contain all other query labels. For example, suppose a point has labels [1,3,5,7,9,11,13,15] and the
algorithm needs to verify query labels [5,9,11]. It first searches for the smallest label 5, finding
it at index 2. If label 5 is not found, it immediately returns false. Otherwise, it searches for the
largest label 11, finding it at index 5. If label 11 is not found, it returns false. After finding both
boundary labels, it establishes that all remaining query labels must exist within range [3,4]. For the
middle label 9, it only needs to search this smaller range. This approach maintains the worst-case
complexity of 𝑂 ( |L𝑞 | log 𝐹 ), but typically performs better in practice as intermediate searches
operate on a much smaller range. The function returns true only if all query labels are found.

IVF-Graph AND search for HS. For queries with multiple labels connected by AND operations
in the high-specificity partition, we develop a greedy search policy that combines IVF list selec-
tion with inline-processing during graph traversal. The key idea is to minimize the search space
while maintaining high accuracy through two main components. Our search space selection is
straightforward: given a query with multiple labels connected by AND operations, the search
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selects the IVF list corresponding to the label with the lowest specificity. For example, if a query
asks for points with labels A associated with 10,000 points AND B associated with 1,000 points
AND C associated with 5,000 points, the search chooses label B’s IVF list. This ensures we search
within the smallest possible search space. For each iteration of graph traversal, we employ the
inline-processing approach that integrates label verification directly into the search process. After
computing distances at each graph expansion iteration, we apply our predicate function to check
whether candidate points contain all the rest higher-specificity labels from the query. Points that fail
this verification step are removed from consideration before the next iteration begins. This filtering
strategy ensures that graph traversal expands only from points that satisfy all label requirements.

This combined approach provides performance benefits through improved selectivity. By starting
from the IVF list of the lowest-specificity label and using higher-specificity labels as filters during
traversal, we increase the relative selectivity to points that satisfy all label constraints. For example,
when searching for points with labels A AND B where A is associated with 50,000 points and B
with 5,000 points, searching in B’s IVF list reduces the initial search space by 90% compared to
searching in A’s list. Meanwhile, since a point in the dataset has a higher probability of having
label A, filtering for label A during graph traversal becomes more effective. This means when we
verify if a point has label A during traversal, we have a better chance of finding valid neighbors,
making the search more efficient in exploring the relevant regions of the graph.
If very high accuracy is desired, we also provide a full parallel search policy for handling AND

queries in the HS partition. This approach converts AND queries into single-label search problems,
similar to what we do for OR operators, but incorporates inline processing with our predicate
function. Instead of starting from the IVF list with the lowest specificity, we launch parallel searches
in each label’s IVF list. Each search applies the predicate function during graph traversal to verify
if points contain all other labels in the query. For instance, when searching for points with labels A
AND B, two parallel searches are launched: one in label A’s IVF list filtering for label B, and another
in label B’s IVF list filtering for label A. Each search is executed by a dedicated CTA. After all CTAs
complete their searches, the final results are obtained by merging the top-K candidates from all
parallel searches. This method delivers higher QPS, particularly when the recall target is high (e.g.,
>90%).

IVF-BFS AND search for LS. For queries with multiple labels connected by AND operations in the
low-specificity partition, we select the IVF list corresponding to the label with the lowest specificity.
This choice is sufficient since BFS will traverse all points in the selected list. Before performing a
brute-force search within the selected IVF list, we apply our predicate function to verify whether
each point satisfies all query labels. This pre-processing strategy effectively eliminates unnecessary
distance computations for points that do not meet all label constraints.

5 Evaluation

In this section, we experimentally evaluate VecFlow.

5.1 Evaluation Methodology

Datasets.We use public datasets from prior work to evaluate our system, as listed below:
• YFCC. The YFCC-10M dataset [56], utilized in the NeurIPS’23 Big-ANN Competition Filter
Track [9], contains 10 million images transformed into CLIP [50] embeddings with 192
dimensions. Each is associated with labels extracted from multiple sources including image
descriptions, camera model information, capture year, and location data. The dataset features
200,386 unique labels (|L| = 200, 386) following a highly skewed distribution – a small
number of labels appear frequently while most appear rarely. On average, each data point is
associated with 10.8 labels.
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• WIKI-ANN. Wiki-ANN [28] is a dataset introduced in [8], designed to evaluate AND
predicates. Each query in the dataset is associated with two labels connected by an AND
operator. The dataset contains 35 million Wikipedia passages transformed into embeddings
with 768 dimensions. The set of all possible labels L consists of the 4,000 most frequent
words in passages, where each passage’s labels are those words from L that appear in its
text. With the total embedding size exceeding 100GB, which surpasses single GPU memory
capacity, we use a 1-million-point subset for our experiments, with each data point having
an average of 22.5 labels.
• Semi-synthetic dataset. Following the approach used in Filtered-DiskANN [22], we em-
ploy Zipf’s law to generate labels for the base dataset, effectively simulating the skewed
distributions commonly observed in real-world applications. For the base dataset, we use
SIFT-1M(D=128), with a set of |L| = 50 unique labels, and an average of 3.17 labels assigned
per data point. Additionally, to assess the scalability of our algorithm, we use the same
method to generate |L| = 2, 500 unique labels for the DEEP-50M(D=96) dataset, with an
average of 5.88 labels per data point.

Metrics.We evaluate Filtered-ANNS search efficiency using recall and queries processed per second
(QPS). The recall measures the fraction of the top-𝐾 query results retrieved by the Filtered-ANNS
that match exact nearest neighbors with query labels(measured by brute force search). In practice,
we usually choose 𝐾 = 10 and take QPS at 90% recall as an important metric. In addition, we also
measure average latency (time to run a single batch) in latency mode (single-batch mode), and
memory footprint consumption of our algorithm.
Baselines. We compare with the following baseline methods:
• Filtered-DiskANN [22]: We include the two algorithms from Filtered-DiskANN: FilteredVa-
mana and StichedVamana. We use the parameters listed in the Filtered-DiskANN paper to
build the index and search.
• FAISS [16]: The baseline from the NeurIPS’23 Competition BigANN Filter track.
• IVF2 [6]: The best-performing solution from the NeurIPS’23 Competition BigANN Filter track
that uses CPU for filtered-ANNS. It is tailored for the YFCC dataset.
• CAGRA + Post-processing (CAGRA-Post) [46]: We include a strong baseline by extending
CAGRA with post-processing. We build a CAGRA graph for the entire dataset, query as usual,
and employ post-processing to select only those results returned by the index that match the
query filter.
• CAGRA + Inline-processing (CAGRA-Inline) [46]: This offers a stronger baseline by extending
the state-of-the-art GPU-based ANNS solution CAGRA with on-the-fly filtering, i.e., the
graph traversal skips points in the graph that do not match the filters of the query.

Testbeds Experiments are conducted on nodes with NVIDIA A100 GPU (40GB) and AMD EPYC
7763 CPU (2.45 GHz, 128 cores, 256GB memory) and NVIDIA Grace Hopper GH200 Superchip
(96GB).

5.2 Main Result

Our first experiment demonstrates the search performance across different datasets. We compare
VecFlow with the state-of-the-art CPU-based Filtered-DiskANN, IVF2, and our GPU-based baselines
CAGRA-Inline and CAGRA-Post. For Filtered-DiskANN, we build graphs with 𝐿 = 90 and 𝑅 = 96
for FilteredVamana, 𝑅𝑠𝑚𝑎𝑙𝑙 = 32, 𝐿 = 100 and 𝑅𝑠𝑡𝑖𝑡𝑐ℎ𝑒𝑑 = 64 for StitchedVamana; For IVF2 we use
parameters suggested in [53]. For CAGRA-Inline and CAGRA-Post we build a single CAGRA graph
with R = 32 as suggested in [46]. For VecFlow, we set the specificity threshold 𝑇 = 2000, and we
build the CAGRA graphs with R = 16 for the HS group.
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Our results, as shown in Fig. 9 that follows the style of [6, 22, 46], highlight VecFlow’s significant
advantage in QPS-vs-recall across different datasets. We achieve these plots by varying search
parameters for each algorithm to improve recall and reduce throughput: search width (𝐿𝑠 from [22])
for FilteredVamana and StitchedVamana, and 𝑖𝑡𝑜𝑝𝑘 for the CAGRA-based approaches and VecFlow.
Overall, it is worth noting that VecFlow achieves million-scale QPS at 90% recall (K=10), which is
one to two orders of magnitude higher than both CPU and GPU baselines.

On the semi-synthetic SIFT-1M dataset, FilteredVamana achieves a maximum recall of 60% even
with a large 𝐿𝑠 value. This suggests that traditional proximity graph with inline-filtering cannot
effectively capture label-specific information within the graph’s connections. StitchedVamana
performs better than FilteredVamana, achieving 37K QPS at 90% recall and capable of reaching
100% recall. This is because the stitched graph retains some label-related connections, which helps
improve filtered graph search. CAGRA with post-processing and CAGRA with inline-processing
both outperform StitchedVamana, thanks to CAGRA’s highly optimized search capability on GPUs.
In comparison to those existing methods, VecFlow achieves an impressive 5M QPS at 90% recall,
which is 135 times higher than StitchedVamana. VecFlow is able to achieve high performance
because the dataset has only 50 labels, all of which are high specificity (the least specific label
cluster contains 14,000 data points). This causes each query to only search a small IVF list, resulting
in significantly reduced distance computation. In addition, VecFlow leverages CAGRA’s high
performance within each IVF, achieving high throughput and high recall by leveraging GPU-
friendly graph traversal. This use case illustrates that VecFlow performs very well for datasets
without extreme label distributions.

(a) SIFT-1M (b) YFCC-10M (c) WIKI-1M (d) DEEP-50M
Fig. 9. The QPS vs. recall comparison results on (a) SIFT, (b) YFCC, (c) WIKI and (d) DEEP respectively.

Despite the more extreme filter labels for the YFCC-10M dataset, we observe similar trends with
the performance of various methods. FilteredVamana struggles with lower recall levels even with
large 𝐿𝑠 , highlighting its limitations in capturing label-specific connections on a larger dataset.
StitchedVamana also begins to struggle to achieve high recall, getting less than 70% even with very
large 𝐿𝑠 . This is because YFCC contains over 200K labels, many of which exhibit low specificity.
FAISS achieves high recall but with very low QPS because it needs to explore a larger portion of
vectors. For this dataset, IVF2 performs the best among the CPU baselines, achieving 48K QPS at 90%
recall. This is because it employs a label-centric IVF method similar to ours, which is particularly
well-suited for datasets like YFCC that have a large number of labels with low specificity. CAGRA
+ Post-processing and CAGRA + Inline-processing outperform StitchedVamana again, leveraging
GPU efficiency for rapid search, but are unable to achieve more than 80% recall. Finally, VecFlow
continues to outperform all other methods, achieving a remarkable QPS of 2.6M at 90% recall,
demonstrating its scalability and effectiveness on a real dataset as large as YFCC-10M and as
complex as 200K labels.

The WIKI-1M dataset is particularly challenging due to the multi-label search queries. FilteredVa-
mana and StitchedVamana are not included in the results because they do not support multi-label
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filter searches. FAISS achieves high recall by performing BFS for almost every query due to the
extremely small intersection between two labels. However, the time taken to find the intersection
for each query is too slow. Both CAGRA Post-processing and Inline-processing methods achieve
nearly 0 recall due to the extremely small intersection between two labels, making it unlikely to
find points with the same label as the query. In contrast, VecFlow still delivers high performance,
achieving 150K QPS at 90% recall. This is attributed to our highly efficient predicate function
and optimized search policy for multi-label queries described in § 4.3. Finally, our evaluation on
DEEP-50M, which is the largest dataset that can accommodate on a NVidia A100 40GB GPU, reveals
that VecFlow achieves around 3M QPS at 90% recall, whereas other methods struggle to surpass
50% recall and many fail to even reach 20% recall, which is consistent with our previous analysis
over SIFT-1M.

5.3 Analysis Results

Next we will justify each part of our design by conducting related performance evaluations. We
also evaluate VecFlow’s effectiveness over other type of GPUs.

How does redundancy-bypassing IVF-Graph bring benefits? In § 4.2.1 we introduce the IVF-Graph
with redundancy-bypassing (RB) optimization. We evaluate its effectiveness over SIFT-1M and
WIKI-1M datasets by comparing (i) single-index graph-based approach using CAGRA (ii) IVF-Graph
without RB, and (iii) IVF-Graph with RB, in the same graph degree of 32, where "without RB"
means without additional layers of indirection but with data vectors copied for each IVF-Graph.
In addition, we also report IVF-Graph with reduced degree. Fig. 10 shows that without RB, the
memory consumption of IVF-Graph increases dramatically, especially when each data point is
associated with a large number of labels. In contrast, the RB optimization drastically reducing index
size to 1.45× and 1.89× for the single-index baseline for SIFT-1M and WIKI-1M, respectively. This
is achieved through our local virtual graph plus local-global mapping that enables sharing of the
embedding vectors across IVF lists, effectively eliminating redundancy.

Fig. 10. Memory efficiency of redundancy-bypassing.

What is the speed-memory trade-off of redundancy-bypassing? We study VecFlowwith andwithout
RB on the SIFT dataset for filtered search. Fig. 11 shows that at recall 0.925, VecFlow with RB
achieves 4.7M QPS while VecFlow without RB achieves 5.3M QPS, indicating that the additional
layer of indirection causes approximately 11.6% performance loss. We consider this a desirable
trade-off given that VecFlow with RB uses only 45% of the memory required by VecFlow without
RB as shown in Fig. 11.

Is it necessary to perform IVF-BFS for search in LS? Fig. 12 presents the performance comparison
between IVF-BFS and two baseline methods on the YFCC dataset for clusters with sizes less than
2000. The results show that IVF-BFS achieves 26M QPS, which is 2167 times and 9455 times faster
compared to baseline BFS search with CSR format and BFS search with postprocessing, respectively.
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Fig. 11. Comparison results between VecFlow with Redundancy-bypassing and VecFlow without Redundancy-
bypassing.

Fig. 12. IVF-BFS performance analysis on YFCC dataset(T = 2000).

Additionally, it is 1.32 times faster than IVF-Graph at 90% recall. This performance advantage
comes from our interleaved scan-based kernel optimization, which makes IVF-BFS suitable for
accelerating search in LS.

How does VecFlow’s multi-label search policy perform? Fig. 13 illustrates the comparison between
the two search strategies we proposed for the AND query. Here, we discuss the advantages and
disadvantages of both approaches. The results show that the parallel strategy outperforms the
greedy policy, especially in the high-recall region. For instance, on the wiki dataset, the greedy
policy achieves a maximum recall of only 94% even with the largest itopk. However, with the same
itopk size, greedy policy searches only the cluster with the lowest specificity label, resulting in
reduced computational costs while achieving faster search speeds. As shown in the figure, with the
same itopk, the QPS of the greedy policy is significantly higher than that of the parallel strategy,
with minimal loss in accuracy.

We also evaluate single-label and double-label queries separately on the YFCC dataset. As shown
in Fig. 16, both types of queries can achieve high recall of > 97%. Regarding QPS, single-label
queries are 4 times faster than double-label queries at 90% recall, as the inline-processing slows
down the search for double-label queries.

How does persistent kernel improve the performance of small batch queries? We test VecFlow on
single-batch mode. For QPS, the persistent kernel achieves an average speedup of 5.68x and a
maximum speedup of 6.39x on the SIFT dataset than the baseline, as well as an average speedup of
6.72x and a maximum speedup of 7.08x on the YFCC dataset. For the average latency per query,
the persistent kernel achieves an average speedup of 1.54x and a maximum speedup of 1.71x on
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(a) YFCC (b) WIKI

Fig. 13. The comparison of multi-label search policy in VecFlow. The itopk size used for each point is labeled
next to the corresponding data point.

the SIFT dataset, and an average speedup of 1.73x and a maximum speedup of 1.82x on the YFCC
dataset, as shown in Figure 14. Persistent kernel-based search improves the QPS when batch size is
small because it uses a single-kernel to process incoming queries, without launching additional
kernels, largely reducing the kernel launching overhead. In addition, by continuously accepting
new queries to process, it effectively increases the GPU utilization, achieving high QPS.

(a) SIFT-1M (b) YFCC-10M
Fig. 14. Persistent kernel results on SIFT and YFCC datasets.

How does the choice of specificity threshold T affect the search performance? To analyze the impact
of the specificity threshold𝑇 on our algorithm, we vary𝑇 and observe its influence on performance,
as shown in Fig. 15. The parameter 𝑇 controls the transition between IVF-BFS-only search (𝑇 = ∞)
and IVF-Graph-only search (𝑇 = 0). At 𝑇 = 0, the graph search results in worse performance
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compared to BFS due to its constant overhead, as analyzed in § 4.1.2. At moderate thresholds, such
as 𝑇 = 2000 or 𝑇 = 5000, the algorithm achieves a balanced trade-off, providing both competitive
QPS and high recall. As 𝑇 increases further, BFS becomes less efficient due to its exhaustive nature.
This demonstrates that the threshold 𝑇 is a key parameter for tuning to get the best performance.

Fig. 15. VecFlow varying the specificity threshold 𝑇 on YFCC dataset.

How does VecFlow perform on different GPUs? Fig. 17 shows the comparison of VecFlow over
different types of GPUs. On GH200, VecFlow achieves 8.3M, 4M, and 300K QPS on the DEEP, YFCC,
and WIKI datasets, respectively, which are 1.66x, 1.6x, and 2x faster than the results on A100. This
is expected because H200 GPU has a memory bandwidth of 4.8TB/s, which is 2.4x higher than
A100.

Fig. 16. Performance of single label and double label
query on YFCC dataset.

Fig. 17. Performance of VecFlow on NVidia GH200
GPU.

How does VecFlow perform on real-world production workloads? We evaluated VecFlow on a
real-world recommendation dataset containing 4 million vectors (D=64) with over 10,000 labels
showing a long-tailed distribution. Using a specificity threshold of 2000, VecFlow processed 110
high-specificity labels through IVF-Graph and 10,000 low-specificity labels with IVF-BFS. At 92%
recall, VecFlow achieves 6.51 million QPS, while baseline approaches struggle with accuracy –
CAGRA with post-processing reaches only 53% recall even at reduced throughput (175K QPS), and
CAGRA with inline filtering achieves only 55% recall at 135K QPS. This demonstrates VecFlow’s
ability to maintain both high throughput and high accuracy in real production environments, where
filtered-ANNS is critical for personalized recommendations.

Does VecFlow add high index construction time? Fig. 18 compares the index construction times for
CAGRA, FilteredVamana, StitchedVamana, and VecFlow. CAGRA demonstrates exceptional index
build speed, primarily due to its efficient GPU-based implementation. In contrast, FilteredVamana
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and StitchedVamana, which rely on CPU computation, show considerably slower performance.
StitchedVamana, in particular, is further hindered by the additional overhead of constructing and
stitching separate indices. For our method, VecFlow first collects the data IDs associated with each
label. For IVF-Graph, VecFlow aggregates the vectors belonging to each label 𝑋𝑙 = {𝑋𝑖 |𝑖 ∈ 𝐶𝑙 } with
𝐶𝑙 which contains data point indices and use multiple CUDA streams to construct different label
graphs concurrently while sharing the same memory pool. After construction, VecFlow releases
the vectors per label since VecFlow’s final index shares only one global vector storage. For IVF-BFS,
VecFlow has a highly optimized kernel that arranges the data in an interleaved format without
requiring computational operations like ANN-based graph indexing, making this component’s
processing time negligible due to GPU’s high memory bandwidth. This approach enables VecFlow
to achieve significantly faster build times than both FilteredVamana and StitchedVamana, except on
the YFCC-10M dataset with 200K labels, where building separate graph indices takes longer than
FilteredVamana’s single-index approach. However, VecFlow still lags behind CAGRA’s single-index
construction speed. Enhancing its index construction efficiency remains an important area for
future research, particularly for large-scale applications requiring frequent index updates.

Fig. 18. Index construction time comparison.

6 Conclusion

Modern AI-based applications require ANNS with filtered search. However, indexing and search
algorithms with filters on GPUs must be re-designed to achieve high performance potential. We
present a new GPU-based indexing and search algorithm called VecFlow, which applies a hierar-
chical and divide-and-conquer design of filtered-ANNS for GPUs. Furthermore, VecFlow designs
redundancy-bypassing IVF-Graph and interleaved-scan based IVF-BFS to achieve high compute
and memory efficiency while attaining high accuracy. Evaluation on both public and semi-synthetic
datasets show that VecFlow outperforms existing solutions by two orders of magnitude in QPS and
establishes the new state-of-the-art for ANNS with filters.
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