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Abstract

Graph-based approximate nearest neighbor search (ANNS)
drives high-performance vector search for AI systems. Nowa-
days, GPU becomes the emerging ANNS platform for its high
performance and cost efficiency. However, GPU’s limited
memory capacity hinders graph ANNS systems from scaling
to billion-level, due to graph’s high memory consumption
(239–334 GB). Existing efforts mitigate this by offloading
graph to CPU memory; however, this incurs severe perfor-
mance penalties due to data transfer overhead and GPU stalls.

We identify the root cause of this inefficiency: a strict step-
level dependency in graph search, where each step relies on
the traversal and computations of all nodes in the previous
step. Our key insight is that this monolithic step-level depen-
dency can be disentangled into a more flexible, fine-grained
node-level dependency. Specifically, for each node, it is first
accessed as a neighbor via an edge (i.e., discovery), and later
selected as a parent to traverse its neighbors (i.e., expansion).
These two stages are typically separated by many steps, expos-
ing a sufficient discovery-expansion window. Leveraging this
time window, the edge fetching to access some neighbors can
be deferred and overlapped with computation. Based on this
insight, we propose FlowANN, a graph-based ANNS system
that efficiently supports billion-scale search on a single GPU.
FlowANN employs a tiered graph structure, offloading the
edges connected to neighbors that have sufficient time win-
dows to the CPU. It effectively pipelines GPU computation
with edge fetching via optimized asynchronous transfer and
dynamic coordination. Evaluations show that FlowANN out-
performs state-of-the-art systems by 4.08–45.7× on average
(up to 172.6×), without compromising search accuracy.

1 Introduction

Approximate nearest neighbor search (ANNS) serves as a
foundational component of modern AI systems, and is widely
used in retrieval-augmented generation (RAG) [1, 2], recom-
mendation systems [3, 4], image retrieval [5], and LLM serv-
ing [6, 7]. These systems embed data into high-dimensional
vectors and employ ANNS to identify nearest vectors to the

∗Both authors contributed equally to this work and should be considered
as co-first authors.
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Figure 1: Step-level dependency vs. node-level dependency. “nbr”
is short for neighbor; “dep” is short for dependency.

query vector, enabling efficient retrieval of relevant informa-
tion. Among all ANNS indexes, graph-based approaches [8–
18] are favored for their superior search efficiency.

The rapid growth of data scales and the explosive computa-
tional demands of ANNS has driven the emerging adoption of
GPUs for ANNS [19–23], leveraging their high computational
efficiency and cost efficiency. GPU’s parallel computing ca-
pabilities naturally align with ANNS’ vector computation re-
quirements, making a single mid-tier GPU achieve over 200×
the throughput of a high-end CPU server1 (Fig.2). Thus, GPU
ANNS has been widely adopted by the community [24, 25]
and industry (Meta [26], NVIDIA [27], etc. [28–30]).

However, the limited memory capacity of GPUs poses
significant challenges for deploying large-scale graph-
based ANNS on GPUs. For instance, even after quantiza-
tion [31, 32], billion-scale graph-based ANNS indexes [33–
36] (datasets in Table 1) still require 258–350 GB memory,
with the graph alone consuming 239–334 GB. This far ex-
ceeds the 80–96 GB memory capacity of mainstream GPUs.

Alternatively, offloading graph to host memory and fetching
data on demand suffers from high data transfer overhead due
to the strict dependencies in the search process. Specifically,
graph ANNS employs a best-first search algorithm, which
proceeds iteratively. In each step, it selects the node closest
to the query from the candidate pool as the parent, fetches
the parent’s edges from the graph to retrieve its neighbors,
computes all neighbors’ distances to the query, and adds them
into the candidate pool for subsequent steps. As the selection
of the parent requires that all neighbors from the previous step

1GPU: NVIDIA H20, with 15% of computing capability (TFLOPS) of H100;
CPU: 2x Intel Platinum 8457C. All experiments follow settings in §7.
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complete the computations and are inserted into the candidate
pool, this rigid step-level dependency results in significant
GPU stalls to wait for edge fetching, as Fig.1 shows.

However, this conventional view of step-level dependency
is overly strict, and the associated waiting may be unnecessary.
We disentangle the step-level dependency into a finer-grained
node-level dependency. From a node’s perspective, during the
search process, it is first reached as a neighbor (i.e., discov-
ery) and then used to find its neighbors (i.e., expansion). The
best-first search algorithm ensures that, in each step, multiple
nodes are discovered and only one node is expanded. There-
fore, for most nodes, there exists a time window (i.e., several
steps) between their discovery and expansion (Insight #1).
For instance, ~95.6% of expanded nodes have an average
window > 5 steps (§3).

Such discovery-expansion windows suggest an opportu-
nity to offload some edges to CPU with (almost) zero over-
head: when expanding a node, its offloaded edges can be
asynchronously fetched to discover the neighbors. As long as
these neighbors have sufficient discovery-expansion windows,
their deferred discoveries will not disrupt the nodes’ expan-
sion order in search process (i.e., preserving best-first search’s
search path). Moreover, such deferred discovery effectively
hides data transfer by overlapping it with computations.

However, though the discovery-expansion window presents
an opportunity for zero-overhead offloading, identifying suit-
able edges for offloading remains challenging, since predict-
ing the window is difficult. We find that the expanded nodes’
nearby neighbors (i.e., connected via short edges) are ex-
panded sooner, leaving insufficient windows for deferred dis-
covery. This is because the node and its nearby neighbors are
close in space, so once one is expanded (i.e., being near the
query), the other is also likely to be close to the query and
expanded soon. Therefore, generally, long edges are more
suitable for offloading, while short edges should reside on the
GPU to ensure timely discovery (Insight #2).

Based on these insights, we propose FlowANN, a GPU
graph ANNS system that efficiently supports billion-scale
search on a single GPU. As Fig.1 shows, at each step, it dis-
covers the parent’s neighbors residing on the GPU and the
nodes deferred from previous steps, while asynchronously
fetching other neighbors from the CPU. We have mathemat-
ically proven that deferred discoveries do not compromise
search accuracy, even if FlowANN might (sometimes) yield a
different search path compared to synchronous edge fetching.

FlowANN further addresses the following challenges.
Challenge #1: Imbalanced graph tiering. While edge length
provides a macroscopic criterion for graph tiering, selecting
on-GPU edges based on a static edge length threshold leads
to critical imbalances. Due to the uneven distribution of data
points in high-dimensional space, edges in dense regions are
typically short, while nodes in sparse regions have few short
edges. Simply using a length threshold causes queries located
in sparse regions to suffer from excessive uncached edges.

Challenge #2: Lagging edge fetching. FlowANN has to fetch
edges to GPU asynchronously. However, despite many meth-
ods to copy data between CPU and GPU (e.g., cudaMemcpy,
unified memory) [37], current GPU ecosystems lack support
for GPU-initiated async transfers. Existing methods either
require returning control to CPU to initiate async copies, or
rely on GPU-initiated synchronous copies. Furthermore, ex-
isting CPU-GPU transfer methods typically rely on DMA.
But DMA’s high initialization overhead severely degrades the
performance of edge fetching, whose size is relatively small.
Challenge #3: Uncoordinated pipelining. Although the
discovery-expansion windows enable deferred discovery, ex-
cessive deferrals lead the search to suboptimal search paths,
thereby sacrificing efficiency. Thus, FlowANN has to wait for
some discoveries if their deferred steps exceed their discovery-
expansion windows. However, estimating the window is chal-
lenging due to its dynamic evolution throughout the search.
Furthermore, GPU computational resources (e.g., CUDA
cores, shared memory) are statically allocated for the GPU
kernel, but deferred discovery leads to dynamically varying
workloads in each step, resulting in resource under-utilization.

To address the challenges, we propose the following de-
signs. Firstly, we design the grouping-based graph tiering,
which partitions the graph by grouping spatially proximate
nodes and places edges between nodes within the same group
on the GPU. Building on recent theoretical advances [38], we
employ a multi-level label propagation scheme for grouping,
which considers both edge lengths and node spatial distribu-
tion. Furthermore, we introduce a compact matrix layout to
store the tiered graph, which reduces memory waste from
padding and enables more edges to reside in GPU memory.

Secondly, we design xCopier to enable GPU-initiated asyn-
chronous data transfers. xCopier coordinates GPU-side ring
queues and CPU-side data-moving threads, and provides
GPU-optimized programming primitives for GPU kernels.
To facilitate edge fetching (i.e., small copies), xCopier em-
ploys MMIO-based data transfer, bypassing the overhead of
conventional DMA-based approaches. xCopier makes edge
fetching in FlowANN both trap-less and asynchronous, en-
abling effective overlap of data transfer and computation.

Finally, we design a coordinated pipeline for efficient exe-
cution. FlowANN employs the adaptive synchronization to
prevent excessively deferred discoveries, which holistically
considers global search convergence and local fluctuations. To
efficiently utilize GPU resources, FlowANN introduces cross-
step balancing, which adaptively balances workloads across
steps to align computing demands with hardware resources.

We evaluate FlowANN on billion-scale datasets [39–41],
and compare it with SOTA GPU ANNS systems from in-
dustry and academia. FlowANN outperforms cluster-based
ANNS systems like cuVS [27], Faiss [24], Rummy [19], and
FusionANNS [22] by 4.08–8.41× on average, while maintain-
ing the same accuracy. It outperforms graph-based systems
like BANG [20] and FlashANNS [42] by 45.7× and 14.3×
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Figure 2: ANNS performance across indexes on GPU/CPU with
different dataset sizes. Recall@10 = 0.9. Recall@α means the
proportion of true neighbors found within the top-α results. We use
Faiss [24] (w/ HNSW [10]) and cuVS [27] for CPU/GPU ANNS.
For CPU ANNS, all (160) cores are used. Detailed settings in §7.

on average, and achieves comparable throughput (using one
GPU) with multi-GPU graph system GGNN [43] using 8
GPUs. FlowANN consistently achieves improvements across
different accuracies, GPUs, and algorithm configurations.

FlowANN is fully open-sourced at https://github.
com/SJTU-IPADS/GPU-Graph-ANN.

2 GPU Graph ANNS: Fast yet Memory-bound

2.1 GPU Graph ANNS Primer
Vector search underpins modern AI systems, such as RAG [1,
2], recommendation systems [3, 4, 30], image retrieval [5],
and LLM inference [6]. These systems embed data (e.g., text,
images) into vectors, and use vector search to retrieve data
relevant to the embedded query vector. The core operation
of vector search is k-nearest neighbor search, which tries to
find the k nearest vectors (top-k) to a query. As exact nearest
neighbor search via brute-force is infeasible at large data
scales (e.g., billion-level [33–35, 41]), modern vector search
adopts approximate nearest neighbor search (ANNS), which
leverages pre-built indexes for efficient approximate retrieval.
Graph-based ANNS. Mainstream ANNS indexes generally
fall into two broad categories: partition-based [44–49] and
graph-based [8–12]. Partition-based indexes divide the dataset
into multiple partitions, such as clusters of spatially proximate
points or discrete buckets mapped via hashing.2 Subsequently,
the search process scans the vectors within the partitions
that are close to the query via brute force. In contrast, graph-
based methods construct a proximity graph to capture the
relationships between vectors, and the search proceeds by
traversing the graph.

Graph-based ANNS systems offer superior search effi-
ciency over cluster-based ones. As shown in Fig.2, they de-
liver 1.6–10.5× higher performance and superior scalability.
This advantage stems from the graph structure, which allows
the search to navigate directly toward nearest neighbors by
graph traversal, significantly reducing distance computations
compared to the brute-force scans of cluster-based methods.

2While partition-based indexes encompass various approaches (e.g., hash-
based and cluster-based ones), our subsequent discussion mainly focuses
on the cluster-based ones.
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Figure 3: Best-first graph search procedure.

KNN graph and best-first search. The graph structure for
ANNS is the K-Nearest Neighbor (KNN) graph, a graph where
each node (vector) is connected to its approximately K nearest
neighbors in the dataset, as determined by distance metrics
like Euclidean distance. The graph is stored as a 2D matrix,
where each row contains the K neighbor IDs for a node.

The graph search algorithm utilizes a best-first search strat-
egy. As illustrated in Fig.3, it maintains a candidate pool that
contains a fixed number of the closest nodes found so far,
sorted by their distance to the query. The algorithm begins
from an entry point (e.g., node 3) and proceeds iteratively. At
each iteration, it selects the nearest unexpanded node from the
candidate pool as the parent and traverses its edges to obtain
its neighbors (❶).3 It then computes the distances between
these neighbors and the query, and inserts them into the pool
(❷). This process repeats until all nodes in the pool have been
expanded, and the algorithm returns the top-k nearest vectors
in the pool as the final result. During the search, each node
undergoes two main stages: ❶ it is reached as a neighbor via
an edge and is inserted into the candidate pool after distance
computation (termed discovery); ❷ it is selected as the parent
to further discover its neighbors (termed expansion).
GPU-based ANNS. Given the growing demand for large-
scale vector processing (e.g., billions of vectors), GPU-based
ANNS is increasingly favored for its parallel capabilities
and cost-efficiency [22]. Currently, GPU-based ANNS is
widely adopted by industry leaders such as Meta [26, 50],
NVIDIA [27, 51], etc. [28–30]. With both data and indexes
(e.g., graph) placed on the GPU, SOTA systems accelerate
key ANNS operations (e.g., distance computation, sorting)
through parallel execution [27, 51, 52], significantly boost-
ing search speed and throughput. As Fig. 2 shows, GPU-
based ANNS achieves a 9.0–222.0× speedup over CPU-based
ones across various dataset sizes. Notably, graph-based GPU
ANNS outperforms cluster-based ones by 5.2–15.1×, high-
lighting the superiority of graph-based ANNS on GPU.

2.2 Memory Strain in GPU Graph ANNS

Although exhibiting computational efficiency, the substan-
tial memory footprint of the graph limits the applicability of
GPU graph ANNS at billion-scale. For example, even after

3A common variant of best-first search selects multiple parents in each step
(i.e., beam search). We also consider it in our evaluations (§7.4.2).
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being expanded, its window size= current step − the step when it
was discovered − 1. We also validate other KNN graph variant (i.e.,
HNSW) exhibits similar results. The HNSW index is from FAISS [24].

quantization4, which reduces the vector memory footprint to
12.5% of the original, graph ANNS on SIFT1B dataset [39]
demands ~258 GB memory. This far exceeds the 80-96 GB
capacity of mainstream GPUs, making it undeployable on a
GPU (Fig.2). Notably, the graph alone consumes ~93% of the
total memory, constituting the key bottleneck. Such memory
consumption is unavoidable to preserve adequate graph con-
nectivity and ensure search quality. Thus, the core challenge
in scaling GPU graph ANNS to billion-scale lies in breaking
the memory bottleneck while maintaining high performance.

2.3 Existing Efforts and Possible Solutions

Multiple GPUs. Although employing multiple GPUs [23, 43]
(e.g., through graph sharding) presents a theoretical solution,
it faces non-trivial challenges. Firstly, efficient graph partition-
ing for ANNS remains challenging, as the search algorithm’s
step-by-step discovery-oriented nature makes the traversal
path for a given query inherently unpredictable. Secondly, it
introduces frequent inter-GPU communication, which con-
sumes computational resources, increases search latency (sev-
eral ms), and degrades throughput, as demonstrated in §7.1.
Unified memory (UM). UM extends memory capacity by cre-
ating a unified address space across CPU and GPU. However,
it is ill-suited for graph traversal, which exhibits virtually no
locality. Consequently, the traversal frequently triggers page
faults and migrations (62 µs), which are exceedingly costly.
CPU-GPU tiering. Another approach is to store the graph
primarily in CPU memory and transfer edges of parent nodes
to GPU on demand (e.g., BANG [20]). However, the strict
step-level dependency in best-first search severely limits
computation-transfer overlap: each step’s new parent selec-

4To enhance computational efficiency, SOTA systems search with lower-
dimensional, quantized vectors, and return a candidate set with more than k
items, which is re-ranked using the full-dimensional vectors to produce the
final top-k results. Product Quantization (PQ) [32] is the most widely used.
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Figure 5: Two phases in the graph search process. The upper
figure shows approach phase, and the lower shows converge phase.

tion depends on all the neighbors of the parent being fetched
and discovered in the previous step. Consequently, it is nearly
impossible to hide transfer latency by overlapping it with
computation (< 10% overlapped). Additionally, this approach
leads to severe GPU memory under-utilization (~50 GB idle
on an 80 GB HBM GPU for the quantized SIFT1B dataset),
as it treats GPU memory merely as a transient staging area.

3 Disentangling Dependency in Graph Search

Given the conventional strict step-level dependency, CPU-
GPU tiering for graph ANNS seems infeasible due to high
data transfer overhead. However, we find that this step-level
dependency is overly rigid and can be disentangled into
node-level dependency. Specifically, at each step of a given
best-first search path, only the node to be expanded needs to
have been discovered. Based on this fine-grained dependency,
we analyze the graph search traces for tens of thousands of
queries on three billion-scale datasets (§7).5 From the anal-
ysis, we identify opportunities to defer certain discoveries,
thereby overlapping data transfer with computation without
sacrificing accuracy.
Observation #1: Discovery-Expansion window. We dis-
cover that during the search process, there exists a time win-
dow between a node’s discovery and expansion (discovery-
expansion window). As Fig.4 shows, for 95.6% of the search
steps, the average discovery-expansion window exceeds 5
steps (6–14 µs per step, depending on the batch size). More-
over, the window size consistently grows throughout the
search process.
Insight #1: Deferrable discovery. The discovery-expansion
window presents an opportunity to defer the discovery of
certain nodes without compromising accuracy. Specifically,
since this window can typically overlap the edges’ host-to-
GPU transfer latency (~8 µs, Fig. 17b), we can offload the
edges connecting to neighbors with sufficient windows to
CPU memory, and defer the discovery of these neighbors
until the edges are fetched to GPU. When fetching the edges,
GPU can continue executing subsequent steps’ computations
without blocking.
Observation #2: Short edges indicate non-deferrable dis-

5We deploy CAGRA [51] (NVIDIA) using UM to capture node-level traces.
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coveries. While the discovery-expansion window presents a
general opportunity for deferrable discovery, not all nodes are
equally suitable for deferral. As Fig. 5 (a) shows, when ex-
panding node F at t2, its neighbor I is less suitable for deferral
than G, as I will be expanded soon. To systematically iden-
tify non-deferrable discoveries, we analyze the correlation
between edge length and window size. Specifically, for each
expanded node, we collect the length of the edge used to dis-
cover it, and analyze edges whose corresponding discoveries
have insufficient windows (conservatively ≤ 5 steps).

Results reveal that discoveries through short edges are less
likely to be deferrable. As Fig.6 shows, shorter edges are more
frequently associated with discoveries that have insufficient
windows. The proportion of edges with insufficient windows
in the shortest-edge bucket (17.7%) is much higher than that in
the longest-edge bucket (0.63%). We also find that short edges
have higher access frequency. Nevertheless, most discoveries
(~90.6%) have sufficient windows (> 5 steps) for deferral,
demonstrating broad applicability of deferrable discovery.
Insight #2: Length-based graph tiering. In the graph, since
discoveries via short edges are less deferrable and more fre-
quently accessed, short edges should be retained in GPU mem-
ory. This effectively utilizes the remaining GPU memory after
storing the quantized vectors. Conversely, long edges can be
safely offloaded to host memory and fetched to GPU on de-
mand, thus maximizing memory efficiency.
Root cause and generality. These observations are derived
from the nature of best-first search, which aims to find the
query’s top-k closest nodes, specifically from its surrounding
region (e.g., shaded area in Fig.5). This process is naturally
divided into two phases: approach and converge [11, 53].

During the approach phase, the search rapidly advances
from the entry point toward the vicinity of the query (e.g.,
node A�F in Fig.5 (a)). Each discovery tends to find nodes
closer to the query, which are then quickly expanded, resulting
in small windows. As Fig.4 shows, the first quartile of window
size (P25) remains close to zero during the first ~22% steps.

However, upon entering the converge phase, the search has
reached the nodes near the query (e.g., node F in Fig.5 (b)).
During this phase, the search generally follows a query-
centric, outward-expanding trend [53] to collect the actual top-
k nearest neighbors. As the search progresses, the likelihood
of discovering a closer node diminishes (e.g., expansion of
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node I at t3 cannot find a closer node than I). Consequently, the
node selected for expansion (i.e., nearest unexpanded node)
is typically the one that was discovered several steps earlier
(e.g., node H at t4), resulting in the presence of a window.

Meanwhile, since the nodes expanded during this phase are
already close to the query, their nearby neighbors (connected
by short edges) are also likely to be close to the query and thus
expanded sooner, resulting in smaller windows. This pattern
is reflected in the overall search behavior (Fig.6) due to the
dominance of the converge phase in the search process.
Correctness and accuracy. Some may concern that precisely
predicting the discovery-expansion windows is difficult, po-
tentially leading to over-deferral of some nodes’ expansion,
and thus compromising accuracy. We mathematically prove
that, given the greedy nature of graph search, even in the worst
case (i.e., all discoveries are over-deferred), FlowANN can
achieve identical accuracy within a bounded and deterministic
number of steps, which is proved in Appendix A. We further
design the synchronization mechanism to proactively prevent
excessive deferral of discoveries (§6.2).

4 FlowANN Overview

We design FlowANN, a graph-based ANNS system that effi-
ciently handles billion-scale vector search on a single GPU.
Workflow. As Fig. 7 shows, FlowANN tiers the graph and
offloads the edges with low access frequency and large
discovery-expansion windows to the CPU. It fuses the en-
tire GPU search process (multiple steps) into a single GPU
kernel. Each step can be divided into four phases. ❶ First, it
selects the closest unexpanded node to the query from the can-
didate pool as the parent. ❷ Subsequently, it asynchronously
fetches the parent’s offloaded edges (i.e., uncached neigh-
bors) from the CPU-tiered graph to the GPU using xCopier.
❸ Meanwhile, for the parent’s cached neighbors and those
neighbors already fetched to the GPU, FlowANN calculates
their distances to the query using their corresponding data
vectors stored on the GPU. Like mainstream systems [24, 27],
for better computational efficiency, the vectors stored on the
GPU are quantized. ❹ Finally, the candidate pool is updated
with these discovered neighbors and re-sorted. ❺ After the
completion of the whole GPU search phase, the nodes in the
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Algorithm 1 FlowANN Search
Require: Query q, tiered graph (Ggpu,Gcpu), pool size L, top-k

1: Initialize candidate pool C with the selected entry points for q
2: Deferred neighbors D← /0

3: while C has unexpanded nodes do
4: v← nearest unexpanded node in C

▷ Async neighbor fetch via xCopier (§6.1)
5: Async fetch v’s neighbors in Gcpu; add to D

▷ GPU-cached neighbors from graph tiering (§5)
6: E← neighbors of v in Ggpu
7: E← E ∪{u ∈ D | transfer completed}; update D;

▷ Adaptive synchronization (§6.2)
8: Sync-wait overdue nodes in D; move to E
9: for each u ∈ E do

10: compute distance between q and u; insert u into C
11: end for
12: end while
13: return Rerank the candidates in C on CPU and return the top-k

candidate pool (i.e., GPU results) are re-ranked on CPU using
the original full-precision vectors to ensure final result accu-
racy. The CPU re-ranking and GPU search are also pipelined
across batches. Algorithm 1 provides the precise pseudocode
of the search procedure.
GPU-CPU graph tiering. FlowANN prioritizes storing short
edges on the GPU. To avoid distributional imbalance of
cached edges caused by a static length threshold, it utilizes
grouping to select edges for GPU residency, considering both
edge length and graph spatial distribution. Specifically, we
employ multi-level label propagation (§5.1) to partition the
graph into balanced groups while maximizing the retention of
short edges within groups, and then place intra-group edges on
the GPU. Moreover, on GPU, FlowANN replaces each node’s
global ID from a billion-scale namespace with a shorter local
ID within each group, and designs a compact matrix graph
layout (§5.2), allowing more edges to reside on GPU.
Trap-less async data transfer. We design xCopier, a system
service that enables GPU-initiated asynchronous data trans-
fer (§ 6.1). xCopier further enhances transfer performance
by leveraging hardware capabilities: it employs Memory-
Mapped I/O (MMIO) via BAR mapping to replace DMA-
based cudaMemcpy, reducing transfer latency by 40× and
ensuring the overlap of data movement and computation.
Coordinated pipeline. FlowANN pipelines GPU computa-
tion and CPU-GPU transfer. To preserve search efficiency, it
prevents excessively deferred expansion through adaptive syn-
chronization, which considers both global search convergence
progress and local fluctuations. FlowANN employs cross-step
balancing to align the dynamically varying per-step workload
with hardware resources, and selects suitable entry points to
shorten the approach phase (§6.2).
Discussions. We discuss FlowANN’s scope and generality.
• Generality for graph structures. FlowANN is based on
the widely-used CAGRA [51] (i.e., NN-Descent [54]) graph.
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Figure 8: Multi-level LPA. The node colors represent groups.

Its motivations and designs are general and adaptable to vari-
ous KNN graphs [9, 10].
• Graph updates. Like prior efforts [19, 20, 22, 55], Flow-
ANN focuses on the search process. It can use existing online
or offline graph update methods [56–59], and update the tiered
graph with minimal effort, e.g., via a single round of label
propagation (§5.1) to assign new nodes to groups.
• Cluster serving and multi-GPU. FlowANN aims to max-
imize single-GPU capability for billion-scale ANNS. It can
be deployed with multiple replicas in clusters. It can be inte-
grated into multi-GPU systems for prospective larger datasets.
• Hardware generality. While FlowANN is implemented on
NVIDIA GPUs, which represent cutting-edge architectures,
it can be adapted to other SIMT-based GPUs (e.g., AMD).

5 Deferrable Discovery with Graph Tiering

Guided by Insight #2 (§3), graph tiering should prioritize plac-
ing short edges on GPU. However, applying a fixed length
threshold to select on-GPU edges causes imbalance due to the
non-uniform distribution of data points in high-dimensional
space. Specifically, in dense regions, many edges are short and
would be stored on GPU, while nodes in sparse regions have
few edges cached. This leads to queries located in sparse re-
gions benefiting little from tiering. Thus, graph tiering should
consider both edge length and spatial node distribution.

We find that after grouping spatially proximate nodes into
the same group (i.e., grouping), the intra-group edges are
suitable for GPU placement: (1) Nodes connected by short
edges are often close to each other and naturally cluster within
the same group, which satisfies the goal of prioritizing short
edges; (2) Grouping holistically considers the spatial distri-
bution of all nodes, preventing nodes in sparse regions from
being excluded by a single edge length threshold.
Challenges. However, designing a high-quality graph group-
ing and tiering scheme is still challenging due to two issues.
First, partitioning a billion-scale graph to maximize the reten-
tion of short edges within groups is an NP-Complete prob-
lem [60, 61]. Simply applying common grouping methods
(e.g., K-means) often causes poor grouping quality, as they
only consider global node distribution while ignoring the
graph’s structural information (e.g., edge connections). For
instance, when grouping via K-means, only ~60% of edges
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Algorithm 2 Multi-level LPA Graph Grouping

Require: KNN graph G = (V,E), max group size Smax
1: Assign edge weight w(e)← mapping(len(e))
2: Assign each node with an initial group label

▷ Coarsening (❶ in Fig.8)
3: while graph is not sufficiently small do
4: ▷ Weighted LPA
5: For each node v, sum edge weights per neighbor label l:

totalWeight(l) = ∑u∈neighbors(v), label(u)=l w(v,u)
6: label(v)← the label l with maximum totalWeight(l)
7: Merge nodes sharing a label into a super-node
8: end while
9: ▷ Initial grouping (❷ in Fig.8)

10: Partition the coarsest graph via recursive bipartitioning
11: ▷ Uncoarsening + refinement (❸ in Fig.8)
12: for each level from coarsest back to original graph do
13: Copy each super-node label to its finer-level nodes
14: Run weighted LPA to adjust boundary nodes
15: end for
16: return the final group label for each node

that have insufficient windows are retained within groups
(Fig. 17a). This necessitates a grouping scheme tailored to
KNN graphs to maximize intra-group short edge retention,
while keeping computational complexity tractable. Second,
after grouping, the number of intra-group neighbors per node
may vary. Continuing to store each node’s neighbors in a 2D
matrix results in non-trivial memory waste due to padding.

5.1 Spatial Locality-aware Graph Grouping
For high intra-group short edge retention, the graph grouping
scheme in FlowANN should consider both edge connections
and node distribution. To achieve this, we employ Multi-level
label propagation (multi-level LPA) for graph grouping, which
is inspired by a theoretical graph grouping scheme [38].
Procedure. Multi-level LPA is based on the size-constrained
weighted label propagation, which proceeds as follows: First,
each edge is assigned a weight, where shorter edges receive
higher weights. Then, each node is initialized with a unique
group label. In each subsequent iteration, every node calcu-
lates the sum of weights from its neighbors for each distinct
label and updates its own label to the one with the highest total
weight [62] (Fig.8).6 To ensure balanced group sizes, we intro-
duce a size constraint to limit the maximum group size during
propagation.7 Notably, the edge weight efficiently incorpo-
rates edge length information, ensuring that shorter edges
have a higher likelihood of being retained within groups.

As Fig. 8 shows, multi-level LPA involves a coarsen-
uncoarsen process: The graph is recursively coarsened by
grouping nodes into super-nodes through LPA until it is suf-

6If all neighbor labels’ summed weights are tied, one is randomly chosen.
7FlowANN chooses the maximum group size that retains the most intra-
group short edges while staying within the current GPU memory budget.
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Figure 9: Graph layout with complement.

ficiently small (❶); Then initial groups are generated on the
coarsened graph via recursive bipartitioning [63] (❷); Finally,
the groups are projected back to the original graph, with LPA
applied during uncoarsening to refine group boundaries (❸).
The full procedure is given in Algorithm 2.
Benefits. Multi-level LPA can effectively preserve short edges
within groups and obtain balanced, high-quality groups from a
global perspective. This is mainly because: (1) local structure
awareness: it captures local graph structure through label
propagation based on edge connections and edge lengths,
ensuring that nodes connected by short edges are grouped
together; (2) global distribution consideration: by generating
groups from a global view of the coarsened graph and refining
them locally during uncoarsening, it holistically takes the
nodes’ distribution into account. Moreover, since LPA mainly
relies on local label propagation, it achieves near-linear time
complexity, making it well-suited for billion-scale graphs.

5.2 Compact Graph Layout with Complement
To ensure quick random access to each node’s neighbors, exist-
ing graph ANNS systems store the graph on GPU using a 2D
matrix with fixed-length rows, where each row corresponds to
a node’s neighbor list, as shown in Fig.9 (a). However, after
grouping, the number of intra-group neighbors for each node
becomes variable. Continuing to use this 2D matrix would
lead to significant memory waste due to padding (Fig.9 (a)).

Through the analysis of intra-group neighbor count distri-
butions, we identify a potential memory-saving opportunity:
the distribution exhibits a quasi-symmetric shape, indicating
that the space saved by the half of nodes with fewer neighbors
effectively complements the extra space required by the half
with more neighbors. Thus, as Fig.9 (b) shows, we employ a
new graph layout for the subgraphs on the GPU and CPU.

For the subgraph on the GPU, nodes are first sorted by their
intra-group neighbor counts. They are then paired by itera-
tively matching the node with the most intra-group neighbors
to the one with the fewest. Each pair is stored in a single row.
The case for CPU is similar. This method not only reduces
space waste from padding (§7.3) but also preserves efficient
random access, as the graph is still stored in a 2D matrix with
a fixed number of neighbor lists per row.

Moreover, leveraging the property that nodes in the GPU-
tiered graph are only connected within the same group, we use
shorter group-local IDs (e.g., 20–24 bits) rather than global
graph-wide IDs (e.g., 32 bits) to represent each node. This
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▶ operators for GPU kernel
func xCheck (tkt) -> ready:
  /* check whether the ticket is 
  between cTail and gTail */
  return ((tkt - xQ.gTail) & MASK)  
  < ((xQ.cTail - xQ.gTail) & MASK);

func xCopy (dst, src, n) -> tkt:
  idx = enqueue(xQ, {dst, src, n});
  return idx;

func xRelease (tkt):
  xQ.cmds[tkt & MASK] = EMPTY;
  // forward gTail if possible …

Figure 10: xQueue operators. The atomic operations are simplified.

enables more edges to reside on the GPU (Fig.17a), thereby
allowing more computation to overlap with data transfer.

6 Execution with Coordinated Pipeline

The tiered graph enables deferred discovery. However, effi-
cient transfer-computation pipelining remains challenging.
We design xCopier to support efficient trap-less asynchronous
transfer (§6.1), and further develop the coordinated pipeline
that ensures search efficiency and hardware utilization (§6.2).

6.1 Streaming Data Movement with xCopier
During search, FlowANN employs an asynchronous data
pipeline to fetch non-cached edges from the CPU to the GPU,
overlapping transfer cost with on-GPU computation.
Challenges. This design, however, is impeded by two fun-
damental constraints in GPU architecture: (1) To minimize
kernel launch overhead, FlowANN fuses all search steps into
a monolithic kernel. However, no existing mechanism permits
a GPU kernel to initiate asynchronous copies between device
and host. (2) The performance of standard CUDA copy op-
erations (e.g., cudaMemcpy) [37, 64] is poor for small data
blocks (typically 64–256 bytes per node’s edges), as they are
bottlenecked by the inherent DMA engine launch overhead.
CPU-GPU data movement. We begin by recapturing exist-
ing data movement mechanisms between the CPU and GPU.
On CPU side, transfers are initiated using cudaMemcpy [37],
which can be asynchronous with GPU computation. On GPU
side, data access to CPU memory is facilitated through two
mechanisms: Unified Memory (UM) and Zero-copy (Pinned)
Memory [37]. UM provides a unified address space, migrating
pages (triggered by GPU page faults) upon access. Zero-copy
Memory enables direct GPU access to CPU memory. Criti-
cally, both are synchronous and block GPU kernel execution.

For FlowANN, each transfer mechanism presents a critical
limitation. CPU-initiated transfers require the search flow
to return to the CPU after each step (i.e., trap) [20], thereby
incurring substantial kernel termination and launch overhead.
Conversely, Unified Memory and Zero-copy Memory forfeit
the ability to construct an asynchronous copy pipeline.
Trap-less async copy with xCopier. We introduce xCopier,
a system-level service for asynchronous data movement ini-
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Figure 11: Copying process of xCopier and cudaMemcpy.

tiated directly from GPU threads, bridging the architectural
gap in the GPU ecosystem. xCopier is built around a GPU-
side ring queue (xQueue) and a CPU-side data-moving thread
(xThread). The xQueue, featuring one head and two tails,
exposes three primitives: xCopy, xCheck, and xRelease.

Specifically, as Fig. 10 shows, a GPU thread initiates an
async transfer via xCopy, which enqueues a transfer com-
mand into xQueue and returns its queue index as the ticket.
The xThread polls xQueue’s head, detects new commands,
executes the data transfers, and finally advances the cTail
(cpu_tail). The GPU thread checks the status of an async trans-
fer with xCheck, which compares the ticket against current
cTail. Once the transfer is confirmed completed, the thread
can reclaim the command slot using xRelease. The release
is a two-step process, which allows out-of-order release: it
first marks the command as invalid, then attempts to advance
gTail (gpu_tail) if there are invalid commands at the tail.

These primitives are highly optimized for GPU parallelism.
We employ batched invocation and warp-level aggregation, so
that all xCopy/xRelease in a warp require just one atomic op-
eration to update head/gTail. xCopier further mitigates atomic
operation contention by supporting multiple xQueues. The
xThread can be scaled to multiple threads under high load.
Efficient data transfer via BAR mapping. In FlowANN,
every data transfer command involves copying the uncached
edges of a parent node (64–256 bytes). Even when batched,
the transfers remain relatively small. However, conventional
DMA-based mechanisms (e.g., cudaMemcpy) perform poorly
for such fine-grained transfers. As Fig.11 (a) shows, this inef-
ficiency stems from the DMA overhead, which involves four
PCIe transactions, two context switches into/from GPU driver,
and runtime overhead. A cudaMemcpy-based xCopier trans-
fer for 64B–1KB data incurs a latency as high as 21–22 µs
(Fig.12), which cannot be overlapped with GPU computation.

To solve this challenge, we employ a novel hardware strat-
egy: GPU’s Base Address Register (BAR) mapping. Leverag-
ing the open-source driver [65]8, xCopier maps the GPU mem-
ory regions directly into CPU’s physical address space. Subse-
quent accesses to the regions are then performed via Memory-
Mapped I/O (MMIO). With hardware write-combining, con-
secutive writes are transparently coalesced into fewer, larger
MMIOs. As Fig.11 (b) shows, this reduces CPU-to-GPU copy

8BAR mapping is also supported by other GPUs, e.g., AMD ROCm [66].
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Each (batched) xCopier transfer requires one D2H copy (xQueue
head read) and two H2D copies (data write, xQueue cTail update).

to a single PCIe transaction, which is executed by CPU SIMD
instructions, eliminating context switches and runtime over-
head, and accelerating small transfers by up to 40× (Fig.12).

In FlowANN, each xQueue is associated with a pre-
allocated (and BAR-mapped) GPU buffer pool for the fetched
edges. As a general-purpose system service [67], xCopier is
readily applicable to other GPU workloads [68–70].

6.2 Pipelining with Adaptive Coordination

Leveraging xCopier, FlowANN pipelines GPU computation
with CPU-GPU edge fetching. At each step, the search kernel
first selects the unexpanded node closest to the query from the
candidate pool as the parent, then asynchronously fetches its
uncached neighbors to GPU (xCopy). Subsequently, it checks
the completion status of previously issued transfer commands
(xCheck), and discovers both the parent’s cached neighbors
and the neighbors that have already been transferred.
Challenges. Efficient pipelining faces non-trivial challenges.
❶ Although discovery-expansion windows enable deferred
discovery, excessive deferrals lead the search to suboptimal
paths, sacrificing efficiency (§6.2.1). ❷ Due to deferred dis-
coveries, the discovery workload per step varies dynamically,
resulting in a mismatch with pre-determined hardware re-
sources (§ 6.2.2). ❸ During the approach phase (§ 3), the
windows are too small to hide edge transfers (§6.2.3).

6.2.1 Near-optimal Search with Adaptive Synchronization

Excessive deferral of discoveries leads the search to subopti-
mal paths, sacrificing efficiency. To avoid unnecessary com-
putation and transfer, FlowANN synchronously waits for the
completion of some discoveries if their deferred steps exceed
their discovery-expansion windows. However, estimating the
window is non-trivial, as it varies with the search process.
Estimating the window size. We find the expanded node’s
position in the candidate pool (Pe) can be an effective indi-
cator to estimate the window size. Specifically, during the
approach phase (§ 3), the search rapidly advances toward
the query, and both the window size and Pe are usually zero.
As the search converges, the window size increases (Fig.4).
Meanwhile, the expanded node’s position shifts rightwards

(i.e., Pe increases), as nodes near the query gradually accu-
mulate at the head of the candidate pool and are successively
expanded. Our analysis across tens of thousands of query
traces confirms the strong correlation between Pe and the win-
dow sizes of the expanded node’s neighbors, with a Pearson
correlation9 = 0.77.

FlowANN thus uses Pe to estimate the window size (W ) of
the expanded node’s neighbors in each step, i.e., W = α∗Pe,
where α is derived from offline profiling with linear regres-
sion. Relying on offline profiling is sufficient here because
α depends primarily on the dataset’s underlying data distri-
bution. Furthermore, this formulation robustly adapts to dy-
namic variations in the approach phase’s length. Specifically,
since Pe typically remains zero during the approach phase,
the estimated window W will also be zero, ensuring accurate
synchronization without depending on offline statistics.

Beyond the normal cases, we observe that fluctuations dur-
ing search convergence can lead to unexpectedly small win-
dows, which manifest as a sharp drop in Pe. This happens
when the search in the converge phase unexpectedly discov-
ers a node much closer to the query (i.e., a sharp drop in
Pe). Once such a node is found, its neighbors become the
prime targets for subsequent expansion, thus their windows
are small. FlowANN needs to handle such cases specially.
Adaptive synchronization based on window size. To handle
the fluctuation cases, when FlowANN detects a sharp drop in
Pe, it waits for all neighbors of the parent node to be fetched.
While this incurs a performance cost, such fluctuations occur
with very low probability (<3%). In our evaluation, Flow-
ANN sets the threshold for a sharp drop in Pe to 10% of
the candidate pool size. Meanwhile, in each step, if some
neighbors from previous steps have been deferred for more
than their estimated windows, FlowANN also waits for their
discoveries to complete.
Stall-less synchronization. To avoid wasting computational
resources, FlowANN yields the hardware threads to schedule
other queries’ computations during the wait. This scheduling
is very lightweight, as it is handled by the hardware scheduler.

6.2.2 Regularizing Workload with Cross-Step Balancing

In previous synchronous execution, the number of nodes dis-
covered per step (i.e., the parent node’s neighbor count) is
deterministic. However, as FlowANN defers some nodes’ dis-
coveries, this count becomes dynamic. This causes severe
GPU under-utilization because computational resources (e.g.,
CUDA cores, shared memory) are statically predetermined.

FlowANN introduces a cross-step balancing mechanism to
align the discovery workload with hardware resources. Specif-
ically, when each step begins, FlowANN identifies three cat-
egories of nodes to discover: ❶ the parent’s neighbors that
reside on the GPU, ❷ deferred nodes that must be discovered
9Pearson correlation measures the linear relationship between two variables,
with values > 0.7 indicating strong correlation [71, 72].
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due to synchronization constraints, and ❸ deferred nodes that
have already been transferred to the GPU but can be further
deferred. If the total number of these nodes does not align
with the hardware resources, FlowANN defers the discovery
of some nodes from category ❸ to the next step. For example,
if 32 thread teams (each team discovers the nodes collabora-
tively) are allocated for each query, FlowANN tries to align
the number of nodes discovered per step to a multiple of 32.
The extra nodes are passed to the next step via shared memory.

6.2.3 Shortening Approach Phase with Entry Points

In the approach phase (§3), the small discovery-expansion
windows necessitate frequent synchronization, leading to non-
negligible overhead. To reduce the proportion of this phase,
FlowANN selects suitable entry points for each query, instead
of starting from random nodes. Inspired by the principles of
cluster-based ANNS, we select a set of representative nodes
from the dataset (e.g., K-means centroids) as candidate entry
points, and choose the ones closest to the query through par-
allel computation. This approach quickly identifies suitable
entry points by leveraging the GPU’s parallel capabilities.
Thanks to the selected nodes’ representativeness, only a very
small number of candidates (one in a million) are required to
reduce the approach phase to ~5% of total search steps.

7 Evaluation

Implementation. We build FlowANN with 14,700 lines of
CUDA/C++ based on CAGRA [51] (i.e., graph-based ANNS
in cuVS [27]), a SOTA system open-sourced by NVIDIA.
Hardware setup and datasets. All experiments run on a
server with 2 Intel Xeon Platinum 8457C CPUs (2.60 GHz,
160 cores), 2 TB DRAM, and NVIDIA H20 GPUs. We also
evaluate FlowANN on other GPUs (§7.4.2). We mainly use
three widely-used billion-scale datasets [39–41]. The specifi-
cations of GPUs and datasets are summarized in Table1.
Baselines. We compare with 8 GPU ANNS systems.
• Quantized cluster-based ANNS. SOTA cluster-based
ANNS systems first search on GPU using quantized vectors
(e.g., PQ [32]), then re-rank the results with full-precision vec-
tors on CPU. We evaluate cuVS-cluster [27] (NVIDIA) and
faiss-cluster [24] (Meta). We carefully implement in-memory
FusionANNS [22] based on cuVS as it is not open-source.
• Full-precision cluster-based ANNS. Rummy [19] stores
all full vectors on CPU and transfers them to GPU on demand,
overlapping data transfer with computation via pipelining.
• Graph-based ANNS. BANG [20] supports in-memory
billion-scale graph ANNS on a single GPU. It stores PQ-
quantized vectors on GPU, while the graph and full vectors are
stored in CPU memory and transferred to GPU on-demand.
• Graph ANNS with related dependency. The latest work,
FlashANNS [42] relaxes step-level dependency for better

Datasets

Dataset Dimension Type #Vector #Queries PQ dim

SIFT1B 128 uint8 1B 10,000 16
DEEP1B 96 float32 1B 10,000 24

SPACEV1B 100 int8 1.4B 29,316 13

GPUs

GPU & Arch. Memory GPU & Arch. Memory

H20 (Hopper) 96 GB HBM3 A800 (Ampere) 80 GB HBM2

L20 (Ada) 48 GB GDDR6 V100 (Volta) 32 GB HBM2

Table 1: Datasets and GPUs used in evaluation.

pipelining. Its step n depends on step (n - 2). We implement
its in-memory version based on its available artifact.

• Unified memory (UM). UM unifies CPU and GPU mem-
ory. We extend CAGRA [51] with UM (CAGRA-UM).

• Multi-GPU. GGNN [43] is the only billion-scale multi-
GPU graph ANNS system known to us.10 It shards data across
multiple GPUs, with each GPU performing searches on its
corresponding subgraph, and then merges the results.
Configurations. Given the characteristics of the datasets and
the constraints of CAGRA, we quantize the vectors to the di-
mensions in Table1 (PQ dim) for GPU search, and apply the
same quantization settings to cuVS-cluster and faiss-cluster.
However, since BANG cannot achieve high accuracy with
these quantization parameters, we use BANG’s default quan-
tization settings (PQ dim = 74) to ensure it attains comparable
accuracy. For FlowANN and all graph-based baselines, we
set the graph degree to 32, following CAGRA [51]’s official
practice. We also measure FlowANN’s performance under
different quantization settings and degrees in §7.2.
Metrics. We measure search accuracy using recall@k [32]:
the fraction of true k nearest neighbors in the returned results.
Without explicit mention, we measure the throughput (i.e.,
queries per second, QPS) and latency at 0.9 recall, a com-
monly used accuracy target in ANNS [11, 36, 73]. We also
evaluate FlowANN under different accuracy targets in §7.1.

7.1 Overall Performance

We evaluate FlowANN and the baseline systems under various
batch sizes (from 16 to 2048) to reflect different application
scenarios, such as online serving (small batch size) and offline
processing (large batch size), similar to prior works [19].
Throughput. As Fig.13 shows, FlowANN outperforms all
baselines across batch sizes and datasets. Compared to cluster-
based baselines, it achieves 8.67× and 8.15× higher aver-
age throughput for batches of 2048 and 16, respectively. The
performance gain improves with larger batches, as the in-
creased per-step computation time better hides data transfer.
The cluster-based methods underperform FlowANN and scale
poorly with batch size as their brute-force intra-cluster search

10A recently proposed system (PathWeaver [23]) cannot support billion-scale
datasets on our testbed due to its high memory consumption.
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Figure 13: Throughput and average latency of FlowANN and baselines. Recall@10 = 0.9. Due to space constraints, we only present the
latency results on SIFT1B; trends on DEEP1B and SPACEV1B are similar. We omit CAGRA-UM in the figure for its low performance.

saturates GPU resources earlier than graph traversal. Fusio-
nANNS outperforms cuVS-cluster because of its heuristic
re-ranking.

FlowANN achieves 9.52× and 78.8× higher throughput
than BANG on average for batch sizes 2048 and 16. This
is because BANG only overlaps edge fetching with limited
computation (i.e., pool updates) and relies on costly cudaMem-
cpy, causing GPU stalls. Smaller batch sizes further worsen
BANG’s overlapping efficiency. In contrast, FlowANN ef-
fectively hides data transfer by leveraging the discovery-
expansion window and ensuring efficient data transfer via
xCopier.

FlowANN outperforms FlashANNS by 3.71× and 21.8×
on average for batch sizes 2048 and 16. FlashANNS’ relax-
ation of step-level dependency is limited and inflexible. It fails
to overlap I/O effectively for small batches. It leads to subop-
timal search paths during the approach phase, and excessive
waiting in the converge phase.

Compared to CAGRA-UM, FlowANN achieves 110.8–
1888.8× higher throughput. Since UM is unaware of the graph
traversal’s random access patterns, frequent page faults and
migrations are triggered, severely hampering performance.
Latency. FlowANN achieves lower latency than all baselines.
It reduces latency by 83.8% and 81.6% on average compared
to baselines for batch sizes of 2048 and 16. Notably, at batch
size 16, it only takes 0.962 ms to process a query. This effi-
ciency stems from its accurate graph traversal and efficient
pipeline, which preserves high accuracy while effectively hid-
ing transfer overhead. It reduces the P99 tail latency by 75.4%
and 86.1% on average for batch sizes of 2048 and 16.

Cluster-based baselines exhibit higher latency than Flow-
ANN, especially in larger batches. Among them, Rummy has
the highest latency, as its full-precision GPU computation
increases processing overhead. BANG and FlashANNS ex-
hibit high latency at small batches as the non-overlapped data
transfer becomes more pronounced with fewer queries.
Comparison with multi-GPU systems. We compare single-

23 24 25 26 27 28 29 210 211
Batch Size

0
20
40
60

Th
ro

ug
hp

ut
 (K

QP
S) GGNN (2 GPUs) GGNN (4) GGNN (8) FlowANN

Figure 14: Throughput of FlowANN and GGNN on SIFT1B.
We use GGNN’s default configurations. When running on 2 GPUs,
GGNN offloads part of the graph and data to CPU memory.

GPU FlowANN with GGNN [43]. As Fig.14 shows, even with
8 GPUs, single-GPU FlowANN outperforms GGNN by 2.22–
15.3× at batch sizes of 8–1024. Only at batch size 2048 does
FlowANN’s throughput slightly lag behind 8-GPU GGNN
(92.2%). GGNN requires 8 GPUs and a large batch to match
FlowANN, because of its high communication overhead and
GPU under-utilization at small batches.

Different accuracy targets. As shown in Fig.15, we measure
FlowANN’s throughput across recall@10 from 0.8 to 0.995
under small (64) and large (2048) batch sizes. We choose
cuVS-cluster as the representative of cluster-based methods,
as it shares fundamental operations (e.g., distance compu-
tation) with FlowANN, enabling a more direct comparison.
FlowANN outperforms baselines across all accuracy levels,
and the performance gap widens at higher accuracy. At recall
= 0.8, FlowANN outperforms cuVS-cluster and BANG by
5.4× and 28.9× on average; At recall = 0.995, these gains
increase substantially to 29.1× and 111.8×, respectively.

Impact of deferred discovery on search steps. We compare
search steps to reach the same accuracy with and without
deferred discovery (via CAGRA-UM). Across three billion-
scale datasets at accuracies from 0.8 to 0.995, FlowANN
introduces no extra steps in most cases (~96%), with only a
few showing a marginal increase of ~0.7–2.1% in steps. This
shows that deferred discovery preserves search correctness
and has a negligible impact on convergence speed in practice.
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7.2 Sensitivity Analysis
We evaluate FlowANN under different configurations, i.e.,
various quantization settings and graph degrees.
Quantization configurations. We evaluate FlowANN under
varying quantized vector lengths, using batch sizes of 64 and
2048 (Fig. 16 (a)). Across different quantization configura-
tions, FlowANN achieves average throughput improvements
of 8.47× (small batch) and 5.12× (large batch) over cuVS-
cluster, demonstrating its adaptability to different quantization
settings. Longer quantized vectors improve traversal accuracy,
reducing search steps to reach target accuracy.
Graph degree. We evaluate FlowANN under varying graph
degrees (i.e., neighbor counts). It outperforms BANG in all
cases, achieving 136.37× (small batch) and 14.72× (large
batch) higher throughput on average (Fig.16 (b)). A higher
graph degree discovers more edges, improving accuracy and
reducing the number of steps, but raising transfer and com-
putational overhead. This degrades FlowANN’s throughput
with small batches; whereas under large batches, the transfer
is overlapped by computation, resulting in performance gains.

7.3 Breakdown Analysis

Graph tiering. To evaluate multi-level LPA, we measure the
GPU edge cache ratio for each discovery-expansion window
size of all queries (Fig.17a). For edges with insufficient win-
dows (i.e., window ≤ 5, § 3), it keeps ~87.9% of them on
the GPU (89.1% for window = 0), a 29.6% improvement over
K-means. Moreover, Fig.17a reveals that FlowANN improves
memory efficiency via group-local node IDs, storing 18.2%
and 30.2% more edges on GPU than K-means and the orig-
inal (no grouping) method. This is because multi-level LPA
generates smaller, more balanced groups than K-means. The

complement-based graph layout reduces space waste, leaving
only ~0.506% padding for billion-scale datasets, reducing
memory waste by ~98.5% compared to the original layout.
xCopier. We evaluate xCopier on different data sizes and con-
currency. As Fig.17b shows, compared to using cudaMemcpy,
xCopier with BAR mapping reduces the end-to-end fetching
latency by 78–80% for 32–8192 B data. xCopier achieves
high scalability to serve 2048 concurrent thread blocks (1024
threads per block) with 64 xQueues during search, thanks to
its lock-free design and thread block-level aggregation.
Adaptive synchronization. We compare the search accuracy
with and without adaptive synchronization, using the same
number of search steps. As Fig.17c shows, adaptive synchro-
nization improves accuracy by 21.7% and 6.2% on average at
batch sizes of 64 and 2048, enabling high-accuracy search of
recall@10 > 0.9. Smaller batches lead to shorter computation
time per step, demanding more proper synchronizations.

7.4 Extensive Studies

7.4.1 Performance Upper Bound and Lower Bound

Gap to ideal upper bound. We compare FlowANN with
CAGRA on small datasets. It caches only 50% of the edges,
while CAGRA retains the entire graph on the GPU. As Fig.18
shows, at batch sizes of 64 and 2048, FlowANN achieves av-
erage throughput equal to 67.9% and 85.4% of CAGRA. This
confirms the efficiency of its tiered graph and edge fetching
pipeline. Its performance nearly matches CAGRA’s at large
batches, which enhances GPU utilization and extends per-step
execution time, providing a wider window for async transfers.
Performance without GPU edge cache. We measure Flow-
ANN’s throughput when all edges reside on the CPU (i.e.,
w/o tiering). As Fig.19 shows, the throughput of FlowANN
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w/o tiering reaches 58.4% (batch size 64) and 78.1% (batch
size 2048) of standard FlowANN. Larger batches narrow this
gap, as they better overlap transfer overhead. It still outper-
forms the baselines (Fig. 13) by 1.5–50.6× (batch 64) and
4.5–12.6× (batch 2048). This shows that even without GPU
edge caching, FlowANN’s optimizations (e.g., xCopier, adap-
tive synchronization) still yield non-trivial performance gains.

7.4.2 Generality for Algorithms and Hardware

Applicability to best-first search variants. A common vari-
ant of best-first search is to expand multiple nodes per step [8]
(i.e., search width > 1) to improve efficiency. We evaluate
FlowANN’s throughput with different search widths (1–8).
As Fig.20 shows, FlowANN outperforms the baseline across
all search widths. Larger search widths allow FlowANN to
find high-quality neighbors faster, reducing total search steps
and improving throughput up to a width of 4. Beyond that,
throughput declines due to higher per-step computation cost
and diminishing improvements in result quality.
Applicability to other GPU architectures. Besides NVIDIA
H20, we also evaluate FlowANN on V100, A800, and L20,
covering mainstream GPUs [74], as Table1 details. As Fig.21
shows, under different architectures and memory capabili-
ties, FlowANN consistently outperforms the baselines (by
4.97–29.4×), demonstrating its generality. For small batches,
its gains over baselines grow with larger memory. For large
batches, the gains increase with GPU compute power, as
longer per-step computation time already overlaps data trans-
fer, amplifying the impact of computational capability.

7.4.3 Preprocessing Cost

FlowANN’s additional preprocessing steps beyond graph
building (offline) include graph tiering, entry point selection,
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Figure 22: Preprocessing time breakdown of FlowANN.

and parameter acquisition for window estimation. Fig. 22
shows the proportion of each step in the total preprocessing
time. The results indicate that the extra overhead introduced
by these new steps is relatively small: only 4.9%, 5.1%, and
8.4% on the three datasets, respectively.

8 Discussion

Offloading strategy and future adaptability. FlowANN
primarily offloads graph connectivity because it constitutes
the main memory bottleneck in current billion-scale work-
loads (e.g., SIFT1B). This rationale aligns with mainstream
tiered ANNS designs [8, 11]. To accommodate the massive
high-dimensional vectors typical of emerging LLM work-
loads, FlowANN’s tiering design can naturally support of-
floading both graph edges and data vectors. In such a case,
the neighbor’s data vector is fetched simultaneously during
the asynchronous neighbor fetch phase.
Compatibility with dynamic updates. While FlowANN
mainly focuses on optimizing the search process, its prepro-
cessing mechanisms do not inherently hinder dynamic graph
updates. FlowANN can readily integrate with existing online
or offline graph update methods. When newly inserted points
are added to the graph, the system does not require a complete,
global re-grouping. For example, a newly inserted node can
be grouped by simply calculating its neighbors’ weights and
joining the valid group with the highest total weight. Only
when the number of groups exceeds a certain threshold, a
global re-grouping is required.
Compatibility with variant graph structures. FlowANN is
compatible with variant graph structures that support best-first
search. The core optimization of FlowANN is disentangling
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step-level dependencies to exploit the time windows between
node discovery and expansion. This mechanism is rooted in
the iterative nature of best-first search. Thus, FlowANN does
not require an exact KNN graph structure and can seamlessly
adapt to diverse proximity graphs.
Cost-effectiveness of GPU for ANNS. Due to the mas-
sive parallelism of GPUs, GPU-based ANNS can yield su-
perior cost-efficiency (i.e., QPS/$) compared to CPU-based
ones [19, 22]. This economic advantage has driven the adop-
tion of GPU-based ANNS in industry [75], further amplified
by hardware repurposing. While older or lower-tier GPUs
(e.g., NVIDIA V100) are no longer suitable for demanding
LLM workloads, they remain highly efficient for ANNS and
can be repurposed for cost-effective deployment.
Scalability of xCopier with MMIO-based data transfer.
xCopier utilizes MMIO-based data transfer (§ 6.1), which
maintains its performance advantage over DMA even under
high concurrency (i.e., large batch sizes). For instance, with
batch size 10 k, the total data transferred in one step is merely
~1 MB, allowing MMIO to maintain its advantage (Fig.12).
As a result, xCopier does not encounter bandwidth bottlenecks
even when all SMs are fully saturated. xCopier will fall back
to DMA-based copying when MMIO is unavailable.
Necessity of deferred expansion. A seemingly straightfor-
ward alternative to deferred expansion is to rely purely on
hardware yielding (i.e., swapping to other queries during data
transfers). However, yielding alone is insufficient to hide la-
tency due to GPU resource limits and batch size constraints.
Because GPU computational resources (e.g., shared memory
and registers) strictly bound the maximum number of queries
simultaneously residing on SMs, yielding during data trans-
fers quickly stalls all active queries, leaving the GPU idle.
Furthermore, pure yielding requires massive batch sizes to
successfully interleave queries, rendering it ineffective for
latency-sensitive online serving. FlowANN’s deferred expan-
sion overcomes both limitations by overlapping transfer over-
head within each individual query, ensuring high performance
without requiring massive concurrency.

9 Related Work

SSD-based ANNS. Prior efforts [76–78] employ pipelining
for fetching data from SSD. Although FlashANNS [42] a
one-step relaxation in the search process, it still maintains the
strict step-level dependency. PipeANN [11] relaxes compute-
I/O order to better saturate SSD I/O bandwidth. However,
it treats all nodes’ expansions equally, which may cause
sub-optimal search paths when some important expansions
are delayed. Additionally, unlike the CPU-SSD setting, the
compute-I/O gap for GPU-CPU is relatively narrow (similar
latency), which limits the degree of I/O parallelism that can
be exploited. FlowANN accounts for the variability in the
discovery-expansion window across nodes, keeping a near-

optimal search path with minimal computational overhead,
improving both latency and throughput.

Moreover, we believe that SSD is unsuitable for GPU-
based graph ANNS’ second-tier storage: (1) SSD’s latency
(~100 µs [79]) far exceeds graph search’s per-step execution
time (6–14 µs), and is hard to be overlapped, leading to low
GPU utilization; (2) GPU servers typically have TB-level
memory [80–82], which is sufficient to hold billion-scale
datasets and graphs.
Distributed ANNS. Distributed ANNS systems [43, 83, 84]
focus on horizontal scaling to support ANNS on multiple
nodes. They are complementary to FlowANN, as FlowANN
primarily focuses on maximizing the search capability of a
single GPU. Additionally, to support the multi-node scenario,
FlowANN can be deployed as multiple replicas.
GPU ANNS’ computational optimizations. Previous works
explore parallelism [21, 51, 85, 86], quantization [22, 55], and
multi-GPU collaboration [23, 43]. They can be (or already
have been) integrated with FlowANN.
Graph-based ANNS on CPU. Many works optimize graph-
based ANNS on the CPU, such as parallelism [87, 88], enhanc-
ing graph structures [9, 10, 57, 89–92], improving quantiza-
tion methods [12, 31, 93, 94], and tuning parameters [46, 95–
99]. These efforts are complementary to FlowANN.

10 Conclusion

We present FlowANN, a graph ANNS system enabling effi-
cient billion-scale vector search on a single GPU. FlowANN
is built on the key insight that the rigid step-level dependency
in graph search can be disentangled into a fine-grained node-
level dependency. Guided by this insight, FlowANN adopts a
tiered graph structure that offloads the edges with sufficient
discovery-expansion windows to the CPU. Leveraging these
windows, FlowANN defers the discovery of some nodes and
overlaps their edge fetching with GPU computation. Evalu-
ations on billion-scale datasets show that FlowANN outper-
forms state-of-the-art systems by 4.08–45.7× on average (up
to 172.6×) without compromising search accuracy.
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A Proof of Correctness and Convergence

We provide a theoretical analysis regarding: (1) Search cor-
rectness, proving that the asynchronous fetching strategy does
not compromise the termination and accuracy of the best-first
search; (2) Convergence speed lower bound, proving that
the worst-case search steps are strictly bounded, ensuring the
system efficiently converges to the target; and (3) Search
budget bound, proving that the required candidate pool size
to guarantee accuracy remains within practical limits.

A.1 Search Correctness
The core concern is whether deferring the discovery of host-
side neighbors prevents the algorithm from finding the true
nearest neighbors. We model the search process as a traversal
on a connected graph G = (V,E).

Lemma 1 (Lossless Candidate Availability). In FlowANN,
for any node u visited at step t, its full neighbor set N(u)
is eventually added to the candidate pool Q . Let N(u) =
NGPU (u)∪NHost(u).

• NGPU (u) is added to Q at step t.

• NHost(u) is added to Q at step t +δ, where δ represents
the asynchronous fetch latency (in steps).

Since δ is finite (δ < ∞), no candidate is permanently dis-
carded.

Theorem 1 (Top-k Convergence Consistency). Given a mono-
tonic distance measure and a connected graph, for any query
q, the deferred discovery mechanism ensures that the final
candidate set R converges to the same set of top-k nearest
neighbors as the synchronous baseline (i.e., the original best-
first search), provided that the search budget is sufficient.

Proof. Let Ct denote the candidate pool at step t, maintaining
the best candidates found so far, sorted by distance to q. The
capacity of Ct is bounded by the search budget L (L≥ k). Let
dL(t) be the distance of the worst candidate in Ct (i.e., the
L-th nearest). If |Ct |< L, we define dL(t) = ∞.

In the synchronous baseline, a node v is added to C if
Dist(q,v)< dL(t).

In FlowANN, consider a potential top-k neighbor v∗ resid-
ing on the host side. Due to the fetch latency, v∗ arrives at
step t +δ instead of t.

• Persistence of entry condition: Since v∗ is a true top-
k neighbor (or a node on the path to one), its distance
Dist(q,v∗) is inherently small.

• Insertion logic: When v∗ becomes available at t + δ,
provided that the search budget is sufficient (i.e., L is
large enough), the system compares v∗ against the cur-
rent state Ct+δ. Even if the pool has evolved during the

delay δ, since v∗ is optimal (one of the true top-k) and L
is sufficient, it holds that:

Dist(q,v∗)< dL(t +δ) (1)

This inequality holds because a sufficient budget L en-
sures that the queue is not filled with L candidates strictly
better than a true top-k neighbor (by definition of top-k).

Therefore, v∗ is successfully inserted into Ct+δ and cor-
rectly sorted. The delay δ only shifts the moment of insertion
but does not prevent the node from displacing a suboptimal
candidate. Thus, under the sufficient budget assumption, the
final set R retains the same top-k accuracy as the strict syn-
chronous execution.

A.2 Bound of Search Convergence Speed
While Theorem 1 establishes the convergence to top-k neigh-
bors under the assumption of a sufficient search budget, it is
imperative to ensure that this required budget remains within
practical limits. If asynchronous fetch latency were to cause
the search path to deviate indefinitely, the system would re-
quire an unrealistically large budget to avoid premature termi-
nation. Therefore, to validate the practicality of the sufficient
budget assumption, we must prove that the additional search
cost induced by asynchronous fetching is strictly bounded.

We assume the goal is to limit the “detour” caused by the
asynchronous fetch latency, and we define the search effi-
ciency by bounding the total traversal steps.

Definitions:

• Let Pbase be the search path of the strict synchronous
baseline (best-first search). Let |Pbase|= T .

• Let Psys be the search path of FlowANN.

• Let τ be the constant fetch latency (in steps) for host-
resident edges.

• Let W (e) be the discovery-expansion window for an
edge e= (u,v) in the best-first search, defined as W (e) =
stepexpand(v)− stepdiscover(u).

Theorem 2 (Bounded Step Deviation). The number of steps
in FlowANN, denoted as |Psys|, is bounded by:

|Psys| ≤ T +
K

∑
i=1

max(0,τ−W (ei)) (2)

where {e1, . . . ,eK} denotes the set of K offloaded edges (i.e.,
neighbors) encountered along the critical path Pbase.

Proof. Consider a critical node v on the optimal path Pbase
reached via edge e= (u,v). We analyze the impact of fetching
latency in three cases:

USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    1583



Case 1: e ∈ EGPU (Cached Edge). The node v is available
immediately at step t. No delay is introduced. The deviation
∆ = 0.

Case 2: e ∈ EHost and W (e)≥ τ (Successful Prediction).
Node u is expanded at step t, and the fetch request for v is
issued. Due to the window property, the baseline algorithm
would not have popped (expanded) v from Q until step t ′ =
t +W (e). In FlowANN, v arrives at Q at step t + τ. Since
τ ≤W (e), it follows that t + τ ≤ t ′. Thus, v arrives before
or exactly when it is needed by the best-first search. The
availability of v matches the baseline’s requirement, so ∆ = 0.

Case 3: e ∈ EHost and W (e)< τ (Prediction Miss). This
is the only scenario causing a detour. The algorithm needs v
at step t +W (e), but v arrives at t +τ. The system is forced to
discover suboptimal nodes for a duration of ∆step = τ−W (e).
Once the τ steps pass, v enters Q and corrects the path.

Conclusion: The total extra cost is the sum of these “wait-
ing gaps” (τ−W (e)). Since the fetch latency τ is effectively
overlapped with computation in most steps (Cases 1 and 2),
and the candidate pool ensures automatic path correction, the
search complexity of FlowANN remains linear O(T ), provid-
ing a guaranteed lower bound on convergence speed compa-
rable to the synchronous baseline.

Quantitative Worst-Case Analysis: We now instantiate
the bound to demonstrate the limits of search expansion un-
der extreme conditions. We assume a catastrophic scenario
where two worst-case conditions occur simultaneously: (1)
Zero cache hit, implying that every node on the search path
resides on the host and requires a fetch operation (i.e., K = T );
and (2) Zero discovery-expansion window, where window
prediction fails completely for every step, meaning data is
needed immediately (i.e., W (ei)≈ 0 for all i).

Substituting these conditions (K = T,W = 0) into Equation
(2), we obtain the general upper bound:

|Psys|worst ≤ T +
T

∑
i=1

(τ−0) = T +T · τ = T (1+ τ) (3)

In practice, xCopier’s asynchronous fetch latency is ~8 µs
(Figure 19, Section 7.3), which does not exceed the duration
of two search steps (6–14 µs per step, Section 3). Therefore,
we set the latency penalty τ≈ 2 steps. Substituting this into
the general formula yields:

|Psys|worst ≤ T (1+2) = 3T (4)

This derivation explicitly quantifies that even in the ab-
solute worst-case scenario—where no caching or window
optimization works—the search complexity remains strictly
linear (O(T )), bounded by a small constant factor of the base-
line steps.

A.3 Bound of Search Budget
While the step bound established in Equation (2) guarantees
time efficiency, it is equally critical to verify the search bud-
get constraints (i.e., candidate pool capacity). A potential risk
introduced by deferred discovery is candidate overflow: the
intermediate nodes visited during the waiting period might
populate the candidate pool with numerous suboptimal can-
didates. To rule out this possibility, we explicitly derive the
upper bound of the required candidate pool size.

Theorem 3 (Bounded Candidate Pool Size). Let Ubase be
the worst-case upper bound of the candidate pool size for
the synchronous baseline. The worst-case candidate pool
capacity Usys required by FlowANN is bounded by:

Usys ≤Ubase · (1+ τ) (5)

where τ is the latency factor defined in Theorem 2.

Proof. The maximum number of candidates stored in the
pool is determined by the number of expanded nodes and the
maximum graph degree. For the synchronous baseline, which
executes T steps (where T = |Pbase|), the worst-case pool size
is bounded by the cumulative number of added neighbors:

Ubase ≈ T ·Dmax (6)

where Dmax represents the maximum node degree in graph G.
For FlowANN, Theorem 2 proves that the search process

expands at most T (1+ τ) nodes in the worst case to recover
the optimal path. Since the node expansion logic remains
identical (adding neighbors of visited nodes), the required
pool capacity scales linearly with the maximum number of
visited steps:

Usys ≤ [T · (1+ τ)] ·Dmax (7)

By rearranging the terms, we can express the bound of
FlowANN in terms of the baseline’s bound:

Usys ≤ (T ·Dmax) · (1+ τ) =Ubase(1+ τ) (8)

Conclusion: This result proves that the space complexity
of FlowANN (i.e., required search budget) remains in the
same order of magnitude as the baseline. Given that τ ≈ 2
in our system, a modest linear increase in the candidate pool
capacity is sufficient to prevent valid candidates from being
evicted, ensuring high recall without unbounded memory con-
sumption.
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