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Approximate nearest neighbor search (ANNS) is broadly adopted in numerous scenarios. Real-world appli-
cations seek efficient ways to search billion-scale vectors in high throughput. On-SSD graph-based ANNS
systems have the opportunity to achieve this goal, but the limited CPU computing power becomes a bottleneck.
In this paper, we propose a GPU-centric, CPU-assisted ANNS architecture and design GustANN, a billion-scale
graph-based vector search system for high throughput and cost-effectiveness. We achieve these goals with
three techniques: (1) memory-efficient GPU kernels optimized to minimize the GPU memory usage in the
graph search, which allows higher concurrency for GPU and SSD; (2) CPU-assisted transfer to address the
PCIe bandwidth bottleneck on the GPU-side; (3) pivot search for inter-SSD load balancing. Compared to
existing ANNS systems, GustANN achieves at least 2.50× higher throughput, and is 2.62× more cost-effective
(measured in $/QPS).
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1 Introduction
Approximate nearest neighbor search (ANNS) is widely used in various scenarios, such as web
search [29, 36], recommendation systems [45], and retrieval augmented generation (RAG) [4, 35].
Given a query vector, ANNS finds its 𝑘 approximate nearest neighbors in an ANNS index, which is
pre-built using the vector dataset. In real-world systems, vector datasets can contain billions of
vectors (e.g., in Microsoft [43] and Alibaba [21]), and vector search throughput can reach ∼100K
QPS (e.g., in Google search [3]). Thus, both academia and industry are actively pursuing efficient
methods for billion-scale vector search with high throughput [18, 19, 21, 30, 43, 48].
In this paper, we explore the possibility of high-throughput billion-scale vector search in a

cost-effective (i.e., fewer $/QPS) manner. To this end, we focus on on-SSD graph-based ANNS
indexes [30, 49], because of two reasons: first, billion-scale vectors require terabytes (TBs) of
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space [21, 43], which often exceeds the memory capacity of a single server. It is more cost-effective
to use solid-state drives (SSDs) than memory, because they offer a lower cost per gigabyte and larger
capacity. Second, graph-based ANNS indexes are more cost-effective than other ANNS indexes (e.g.,
cluster-based ones [17, 18, 47]) for high-throughput ANNS. They organize vectors as a fine-grained
graph, thus achieving superior throughput under the same hardware configuration [21, 49].
However, we find that existing CPU on-SSD graph-based ANNS indexes (named CPU-only

architecture) fail to achieve high throughput, due to CPU bottlenecks. With two CPUs, a typical
CPU-based system [30] can only achieve 6 GB/s of SSD bandwidth (60% of a single SSD’s maximum
bandwidth), insufficient to saturate 6 – 24 SSDs in a typical storage server [9, 14]. This is because,
in high-throughput scenarios, the overall computing power of the CPU is insufficient. Specifically,
we find that even when utilizing the theoretical maximum computing power of the CPU, such an
ANNS system can only saturate the bandwidth of 3.6 SSDs (see §3.1 for more details).

To increase throughput, a possible way is to leverage the computing power of GPU. However,
existing GPU-based ANNS show limitations, which can be categorized into:
• CPU-centric, GPU-assisted architecture [47, 56], which uses CPU for graph traversal (by
accessing SSDs) and offloads vector computation (e.g., distance computation) to GPU, still
suffers from the performance bottleneck of CPU search for graph-based ANNS.
• GPU-only architecture [41, 48, 57] solves the aforementioned problem by offloading both
graph traversal and vector computing to GPU and enjoys massive parallelism. However, it
still suffers from the limited GPU memory and inbound data transfer bandwidth, causing only
1.7 SSDs saturated. First, a large batch size is required to saturate the performance of both
GPU and SSDs. However, existing systems [30, 48] require a large amount of GPU memory to
store query-related data structures like visited table (see §4.2.1), which limits the maximum
achievable batch size to only 50%. Second, GPU-only architecture initiates SSD reads directly
from GPU kernels (referred to as GPU direct-access[42]), which causes GPU to utilize only
24GB/s of SSD bandwidth (∼2.4 SSDs saturated) via PCIe 4.0 bus in the ideal scenario.

To address these issues of existing architectures, we propose GustANN1, a high-throughput and
cost-effective graph-based ANNS system. It follows a GPU-centric, CPU-assisted architecture, which
uses GPU for graph traversal but leverages CPU to assist data transfer. The performance of this
architecture is not limited by CPU search. It is also possible to mitigate the inbound bandwidth
bottleneck by CPU-side I/O management.
We start with optimizing the memory footprint of GPU-based search to support larger batch

sizes and ensure high concurrency for both the GPU and SSD. Specifically, we design a memory-

efficient graph traversal GPU kernel by trading redundant computation for less memory space.
While typical CPU-based ANNS algorithms [21, 30, 40] rely on space-consuming data structures
that trade memory usage to eliminate redundant computation, it is inapplicable on GPUs. Our key
observation is that the SIMT architecture of GPUs can natively tolerate some degree of redundant
computation. We design a GPU-friendly parallel algorithm for the graph search to reduce the
overhead for redundant computation. Instead of maintaining a space-consuming data structure (e.g.,
a visited table) to avoid redundant computation, this algorithm first applies all computation tasks
(which may contain redundant computation) in parallel. Then it performs a parallel deduplication
procedure to ensure the correctness of the algorithm.
Second, we design CPU-assisted transfer to mitigate the inbound bandwidth bottleneck of the

GPU-side PCIe link. GPU direct-access (such as BaM [42]) reads data in page granularity. However,
we observe that, for current real-world datasets [18, 31, 44, 52], a graph node is typically smaller
than one SSD page, namely less than 1/4 of an SSD page. Therefore, instead of directly accessing
1GustANN is open-sourced at https://github.com/thustorage/GustANN.

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.

https://github.com/thustorage/GustANN


High-Throughput, Cost-Effective Billion-Scale Vector Search with a Single GPU 334:3

data, we should selectively transfer data to the GPU. To achieve this, GustANN uses CPU to
assist the selection and transfer. Specifically, when accessing a graph node, we first transfer its
corresponding page from the SSD to CPU DRAM, which exploits the aggregated SSD bandwidth.
Then, we only transfer the target node from DRAM to GPU, which saves the limited GPU inbound
bandwidth.

Third, we also observe that placing the graph index across multiple SSDs introduces significant
load imbalance in tail latency (2.17× divergence across SSDs for 99% latency), hindering ANNS
performance. We propose pivot search to tackle this load imbalance. We identify that the load
imbalance issue originates from the single-entry design of the existing graph index. The single-
entry design generates micro-scale load imbalance. By the nature of single-entry design, the first
few traversal rounds only visit a nearby region around the entry node. However, these nodes in the
region are not well-balanced across these SSDs. Such an imbalance is magnified as all queries need
to visit this region in the single-entry design. To tackle the load imbalance, we employ the pivot
search to scatter queries across different regions of the graph. This way can avoid the micro-scale
load imbalance of a single region. To scatter the queries, the pivot search leverages a small pivot
graph on the GPU memory. The pivot graph is built upon a random subset of the whole vector
dataset, representing different regions of the graph. Vector search starts with the pivot search,
which finds the nearest neighbor node to the query vector in the pivot graph, then continues with
an on-disk search starting from this node.
We evaluate GustANN with different public datasets, and compare it against three CPU-based

systems (DiskANN [30], SPANN [18], Starling [49]) and two GPU-based systems (BANG [48],
RUMMY [56]). Using a single GPU and 6 SSDs, GustANN achieves 247K billion-scale vector search
per second and a maximum of 86.7% SSD utilization. Compared to CPU-based systems, GustANN
has 6.98× higher throughput on billion-scale datasets. Compared to GPU-based systems, GustANN
has at least 2.50× higher throughput. In addition, GustANN is at least 2.62× more cost-effective
(measured in $/QPS) than other systems.

To summarize, we make the following contributions:

• We show that the computing power of CPU is the bottleneck to realize high-throughput
on-SSD graph-based ANNS.
• We identify the challenges for utilizing GPU and SSDs for high-throughput and cost-effective
graph-based ANNS.
• We design GustANN, which uses GPU and multiple SSDs to achieve high-throughput and
cost-effective ANNS. It has three main designs: efficient GPU kernels for graph search,
CPU-assisted transfer, and pivot search.
• We implement and evaluate GustANN, proving its efficiency for high-throughput ANNS
and its cost-effectiveness against other ANNS systems.

2 Background
2.1 Approximate Nearest Neighbor Search
Vector search is a critical step in retrieval augmented generation (RAG) [35], which empowers
the ability of large language models (LLM) with domain-specific knowledge. In RAG, knowledge,
essentially multi-modal data (e.g., text, image), is embedded and stored as high-dimensional vectors.
A vector search in the RAG uses vectors that embed questions about the knowledge as input, and
the output vectors (considered as related knowledge) will be sent to LLM for further analysis. Other
fields, such as web search [29, 36], recommendation systems [45], and scientific computing [58],
also adopt vector search.

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.



334:4 Haodi Jiang, Hao Guo, Minhui Xie, Jiwu Shu, and Youyou Lu

4 1

3
8

2

6

5

9

7

Store

Record 1

…Page #1 Page #2 Page #3

vector 2 4 5 7 8 9

neighbors

Record 2 Record 3 Record 4

Fig. 1. Layout of an on-disk graph. Each SSD page stores multiple records representing nodes on the graph.

Each record consists of the vector and the neighbors of the node.

The vector search is realized through the 𝑘-nearest neighbor search (KNNS), which finds the
top-𝑘 nearest vectors in a dataset for a set of query vectors. In practice, approximate nearest
neighbor search (ANNS), which allows errors in KNNS, is adopted because KNNS algorithms for
low dimensions degrade to brute force in high-dimensional scenarios [20]. The accuracy of the
ANNS is typically measured as recall. Let the set of the exact 𝑘-nearest vectors be 𝑋 , and the vectors
returned by an ANNS algorithm be 𝑌 , where |𝑋 | = |𝑌 | = 𝑘 . Then recall@𝑘 is defined as |𝑋∩𝑌 |

𝑘
,

meaning the proportion of exact 𝑘-nearest vectors the algorithm finds.
Graph-based ANNS outperforms in search correctness and performance compared to other

ANNS methods [16, 21, 28, 39, 40]. In graph-based ANNS, the vectors in the dataset are organized
as a directed graph where each node of the graph represents a vector, and the edges of the graph
represent the neighboring relationship of the vectors. The search is performed through a graph
traversal, which will be described in detail in §2.2.

2.2 On-Disk Graph-Based ANNS
Real-world applications typically include billion-scale vectors [21, 43], requiring hundreds of GB
to several TB of storage for the graph index. This often exceeds the DRAM capacity of a server.
Therefore, these indexes are often stored in SSDs, due to their larger capacity and cost-effectiveness
compared to DRAM [27, 30, 49].
Figure 1 shows the on-disk graph layout. The graph is stored as multiple records on SSD pages,

each representing one graph node. A record includes the full-precision vector and a neighbor list,
which contains the IDs of neighbors. The number of neighbors in a node is limited to a global
constant 𝑅, ensuring fixed-size records. No record overlaps between two pages, making sure each
record can be fetched in one SSD page read.
Algorithm 1 illustrates the on-disk search procedure. The algorithm is composed of multiple

iterations (Lines 8 to 17). Several structures are maintained throughout iterations: ➊ The candidate
set 𝑆 contains the nearest 𝐿 (search length) candidates found so far. ➋ The result set 𝐸 contains the
exact distances of the candidates.

The search process starts from a fixed entry node 𝑝 , followed by several iterations. An iteration
consists of the following steps: ➊ Read the SSD page of the current exploring node 𝑢 (Line 9), and
retrieve the full-precision vector and the neighbor list from the corresponding record. ➋ Mark 𝑢 as
explored (Line 10) to make sure each node is explored only once. ➌ Insert 𝑢 into the result set by
calculating the distance to the query vector with the full-precision vector from SSD (Line 11). ➍
Visit all neighbors of 𝑢 and insert them into the candidate set with PQ distance (see below) (Lines 12
to 15). ➎ Resize the candidate set to 𝐿 to limit the number of iterations (Line 14). ➏ Find the new
exploring node with the closest distance to the query vector (Line 16). If all nodes are explored, the

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.
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Algorithm 1 Search Procedure on an SSD-based Graph
1: procedure Search(𝐺)
2: 𝑞 ← query vector, 𝑝 ← entry node
3: 𝐿 ← search length, 𝑘 ← top-𝑘 vectors to search
4: 𝑆 ← {𝑝} ⊲ candidate set
5: 𝐸 ← ∅ ⊲ result set
6: 𝑢 ← 𝑝 ⊲ exploring node
7: Initialize PQ lookup table for 𝑞.
8: while 𝑢 ≠ null do

9: (𝑥, 𝑁 ) ← Read (vector, neighbor) of 𝑢 ⊲ On SSD
10: set 𝑢 as explored in 𝑆

11: 𝐸.insert(𝑢, dist(𝑥, 𝑞))
12: for 𝑣 ∈ 𝑁 do

13: 𝑆 .insert(𝑣, PQ-dist(𝑣, 𝑞))
14: 𝑆 .resize(𝐿) ⊲ Remove farthest candidates
15: end for

16: 𝑢 ← the nearest unexplored node in 𝑆

17: end while

18: return top-𝑘 nearest neighbor in 𝐸.
19: end procedure

DiskANN
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Fig. 2. Limited bandwidth utilization of DiskANN. We measure the SSD read bandwidth of DiskANN. We

also compute its ideal bandwidth, assuming that all disk read latency can be hidden with computation (Ideal

System). The raw bandwidth of our SSDs is shown in the blue dashed line.

search process terminates, and the top-𝑘 nearest nodes in 𝐸 would be returned as the approximate
nearest neighbors.
To reduce the number of fetching full-precision vectors, many on-disk graph-based ANNS

systems keep a copy of in-memory compressed vectors using product quantization (PQ) [30, 34, 49],
and use PQ distance as an approximation when inserting neighbors to the candidate set (Line 13).

3 Motivation
3.1 CPU Limits ANNS Cost-Effectiveness
Current disk-based graph ANNS systems fail to fully exploit the performance of SSDs. DiskANN [30]
is a typical graph-based ANNS on SSDs. We measure its SSD read bandwidth during the search (§5.1

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.
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details the configuration of the experiments; for a more accurate estimation of the computing power,
hyper-threading is disabled in this experiment to prevent interference between hyper-threads).
Figure 2 shows that DiskANN achieves only 6 GB/s of SSD bandwidth, only 60% of the theoretical
maximum bandwidth (10 GB/s) of the SSD.

Although DiskANN spends time on I/Owaiting, we find that overlapping all of the I/Os still shows
undesirable performance. In our experiment, a DiskANN worker thread spends approximately
1/6 of its time computing and 5/6 reading from the SSD. This is because DiskANN traverses the
graph serially. Even with perfect I/O-computation overlap, where no CPU time is wasted waiting
for I/O, the increased computation still cannot fully utilize the SSD bandwidth (Ideal System in
Figure 2). This is because, as the Ideal System spends 6× of the CPU time on computing compared
to DiskANN, it can only achieve 6× of the SSD bandwidth, which equals ∼36 GB/s. The bandwidth
of the ideal system still cannot reach the bandwidth upper bound of 6 SSDs (our configuration, 60
GB/s) because of the limited computing power of the CPU.

Our analysis shows thatCPU limits the high-throughput performance of ANNS. This seems
contrary to previous thoughts that the SSD is the dominating factor in disk-based ANNS [19, 30, 49].
This difference arises because previous works mainly focus on latency-critical scenarios. In these
scenarios, assigning one CPU core per SSD is sufficient, because the latency of synchronous SSD
reads is longer than the computation time, thus limiting the overall latency. However, to achieve
high throughput, the number of CPU cores must match the SSD I/O bandwidth. For example,
storage servers may have 6 – 24 SSDs [9, 14]. As a result, fully saturating the bandwidth requires
approximately 94 – 375 CPU cores (Our 56-core server can serve the bandwidth of ∼3.6 SSDs),
which is difficult to achieve in a single server.

The insufficient CPU computing power limits the cost-effectiveness of ANNS. As CPUs on one
server cannot saturate the bandwidth of the SSDs, more servers are needed to reach the same QPS,
thus increasing the cost of deploying the ANNS service (§5.5).

3.2 Opportunity: GPU for ANNS
Based on the observation above, we use GPU instead of CPU for high-throughput and cost-effective
ANNS, because of the strong computing power of the GPU. Due to its highly parallelized hardware
design, GPU outperforms CPU in both FLOPS and memory bandwidth. For example, NVIDIA A100
can achieve 19.5 TFLOPS for 32-bit floating numbers, and 1935 GB/s memory bandwidth [6]. In
contrast, CPUs havemuch lower FLOPS (1.25 TFLOPS for the 28-core CPU used in our evaluation [2])
and DRAM read bandwidth (typically ∼30 GB/s for each DRAM).

Existing systems using GPU for ANNS show limitations for exploiting multiple SSDs. They can
be categorized into two types:
(1) CPU-centric, GPU-assisted architecture [47, 56]. Only vector computation (e.g., distance) is

offloaded to GPU; the main search process is still executed on CPU. Although this is feasible
for cluster-based [56] indexes due to their high compute density of intra-cluster vectors, this
architecture suffers from the performance bottleneck in graph-based indexes, which is not that
compute-intensive compared to cluster indexes.

(2) GPU-only architecture [41, 48, 57]. All the search tasks are executed on GPU, including graph
traversal and vector computation. It eliminates the bottleneck of CPU search. However, it suffers
from limited GPU memory and the inbound transfer bandwidth of GPU.
To handle these limitations, we propose a GPU-centric, CPU-assisted architecture, where the

search task is executed on GPU, but CPU is utilized to assist data transfer, which is possible to
eliminate the bottleneck of limited in-bound transfer bandwidth. However, this architecture still
faces several challenges:

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.
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3.3 Challenges
Challenge 1. The memory-consuming search process limits the concurrency of the system, which

is required by both GPU and SSD.

Both GPU and SSD are highly concurrent in their designs. GPUs achieve high computing power
with a large number of computing threads. For example, the NVIDIA A100 GPU utilizes 108
streaming multiprocessors (SMs), and each SM supports 2048 threads running concurrently [6]. In
addition, modern SSDs achieve high bandwidth by processing multiple requests simultaneously. As
a result, combining GPU and SSD requires a highly concurrent system design.

However, existing graph-based ANNS systems cannot support high concurrency because of their
high memory consumption. GPU memory is limited (e.g., 40 GB memory in our setup), and most of
its memory (∼75%) is used to store the compressed dataset (PQ codes). Therefore, the memory left
for each query is scarce. However, most current implementations for graph-based ANNS are CPU-
oriented [21, 30, 40] and use memory-consuming per-query data structures. Current GPU-based
ANNS systems inherit this design [48, 57]. Consequently, these structures consume a significant
amount of memory (28 – 45% of the memory usage for different implementations, see §4.2 and §5.3).
As a result, the limited GPU memory restricts the maximum number of concurrent queries (a
maximum of 50% reduction), further preventing the full utilization of the GPU and SSD.

Challenge 2. To mitigate the GPU-side bandwidth bottleneck, how to effectively use CPU to assist

data transfer is under-exploited.

GPU-only methods use GPU direct-access such as BaM [42], GPUDirect Storage (GDS) [7],
to direct transfer from SSDs to the GPU. However, applying GPU direct-access cannot achieve
desirable performance for graph-based ANNS. As Figure 3(a) indicates, a baseline system with GPU
direct-access can only achieve ∼ 40% of GustANN’s maximum performance.
By analysis, we find that the CPU-centric PCIe topology limits efficient GPU access to SSDs.

All PCIe devices are first connected to the root complex, which connects to the CPU and DRAM
through high-bandwidth links. Typically, devices lack direct connections. Such a layout results
in asymmetric transfer bandwidth between SSDs and the GPU. As the number of SSDs grows,
their aggregated bandwidth may exceed the inbound bandwidth to the GPU, which becomes a
bottleneck. Figure 6(a) gives a detailed example.
GPU direct-access suffers from this asymmetric bandwidth. Take BaM [42] as an example. As

shown in Figure 3(b), when adopting BaM as the I/O engine of the ANNS with 6 SSDs, the effective
bandwidth of SSD only reaches 27% of its theoretical maximum. This is because GPU direct-access
methods need to read full SSD pages through the PCIe link, whose bandwidth is only ∼ 40% of the
maximum bandwidth as indicated in the figure.

Challenge 3. Load imbalance exists among SSDs with a RAID-0 layout, which degrades the overall

search performance.

To maximize the bandwidth of multiple SSDs, a natural approach is to distribute SSD pages in
a RAID 0 layout. Although this layout distributes reads evenly (and so is the bandwidth) in our
datasets, it still results in load imbalance in terms of SSD access latency during the search. We
measure the SSD read latency with the RAID 0 layout in the search. As shown in Figure 3(c), the
maximum 99% latency is 2.17× higher than the minimum. Such high tail latency divergence is
unacceptable for search on the GPU due to the bucket effect: the GPU prefers batching for high
concurrency, but the long tail latency of a single query slows down the entire batch. As a result,
both the SSD bandwidth utilization and the search performance drop because of the load imbalance
(See §5.3.3).
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4 Design
4.1 Overview
GustANN uses a GPU-centric, CPU-assisted architecture to achieve high-throughput and cost-
effective ANNS. Its overall architecture is shown in Figure 4.

4.1.1 Data Placement. The data placement on disks of GustANN is similar to DiskANN [30] (§2.2),
which stores vectors and neighbors on disks. In addition, GustANN uses multiple SSDs, and the
data is stored in a RAID 0 scheme. To tackle the load balance issue (Challenge 3), we leverage a pivot
search (§4.4) and store a pivot graph in GPU memory. Also, most data structures (e.g., compressed
vectors) are moved from DRAM to GPU memory.

The main usage of DRAM in GustANN is the bouncing buffers in the CPU-assisted transfer to
enable selective transfer from SSD to GPU. Instead of GPU direct-access, this method can mitigate
the bottleneck of the PCIe bandwidth for the GPU (§4.3). GustANN mainly uses DRAM for its
bandwidth, and its capacity demand is much smaller compared to other DRAM-based billion-scale
ANNS systems, thus reducing costs for servers (§5.5).
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4.1.2 Search Process: Single Vector. GustANN leverages GPU for graph traversal tasks to increase
the bandwidth utilization of SSDs, ensuring search throughput.

Initialization. GustANN initializes a query similarly to DiskANN. In addition, the pivot search
for load balancing is performed (more detail in §4.4) to decide the entry node of the main search.

Search. The search process is led by the CPU, which coordinates reading on SSDs and searching
on the GPU. To overcome the inbound bandwidth limit of the GPU, we leverage the CPU to assist
in initiating the SSD read process (§4.3).

The searching process follows a similar scheme to Algorithm 1 (§2.2), except that most computa-
tion is moved to the GPU. It consists of repeated iterations until all vectors in the candidate set are
explored. In each iteration, there are two main phases:

(1) SSD phase, where we fetch the corresponding SSD page of a selected exploring node 𝑢 from
SSD to DRAM, and then transfer the desired record in the page to GPU (§4.3).

(2) GPU phase, which performs distance calculations and data structure updates on GPU. The
GPU phase also selects the exploring node for the next SSD phase (§4.2).

4.1.3 Search Process: Multiple Vectors. To support high throughput ANNS, GustANN puts queries
into batches to further exploit the computing power of GPU and read bandwidth of SSDs. Note
that we optimize the memory usage of each query (§4.2) to ensure a large batch size and thus a
high concurrency level.

However, batched queries still cannot fully utilize GPU and SSDs. The graph traversal is sequential,
with strong dependencies between stages, such as the exploring node and the record from SSD. As
a result, two phases cannot run simultaneously, and half of the hardware resources are wasted.
To further extract hardware potentials, GustANN introduces inter-query pipelining. Instead

of a single large batch for all queries, we split them into several mini-batches. These batches are
independent of other batches, so both stages can be filled with different mini-batches. Therefore,
all hardware resources can be utilized.

GustANN does not require strong CPU for assistance. During the search process, the main task
of the CPU is only to schedule and dispatch different batches. Therefore, there is no need for CPU
with strong computing power or special hardware features (e.g., advanced SIMD instructions). In
addition, CPU with a low number of cores (e.g., 8 cores) can also serve GustANN efficiently. In
our configuration (§5.1), we only need 2 threads for sending requests to SSDs and the GPU, and 6
threads for SSD I/O queue management (each sending ∼2M IOPS requests to a designated SSD).

4.2 Memory-Efficient Graph Traversal Kernel
In this section, we address the high memory consumption issue in §3.3 (Challenge 1) by redesigning
the GPU kernels for graph ANNS. We first analyze the memory footprint of the ANNS searching
procedure. Then, we point out the limitations of the current implementation and our observations.
Finally, we present our search algorithm to optimize the memory usage.

4.2.1 Memory Footprint Analysis. We analyze the memory footprint of one iteration in the search
process shown in Algorithm 1 (procedure with full-precision vectors is omitted for its negligible
time and memory overhead; Only per-query data structures are included below):

(1) Read all neighbor IDs from the record (on SSD).
(2) Calculate the PQ distance with the PQ lookup table.
(3) Insert the (neighbor ID, PQ distance) pair into the candidate set, which should be (partially)

sorted.
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Note that to keep the correctness of the algorithm, all element IDs in the candidate set should be
distinct. For the CPU-based algorithm, it is natural to maintain an auxiliary data structure (denoted
as the visited table), such as a hash table or bloom filter [30, 48], to identify whether a node has
been calculated before step (2), and thus reduce redundant computation.

The visited table holds up a large proportion of memory. This is because, for each iteration, all 𝑅
neighbors of the current exploring node should be inserted into the visited table. As the search
needs at least 𝐿 iterations to explore all nodes in the candidate set, space for at least 𝐿 × 𝑅 nodes
should be reserved. For example, when 𝐿 = 300 and 𝑅 = 128, and each neighbor uses 4 bytes, the
memory consumption of the visited table is at least 150 KB. In practice, such data structures need to
be half-full to prevent performance degradation, meaning their real size should typically be doubled
(> 300KB). In comparison, the candidate set only stores 𝐿 nodes (1 – 2 KB). Other structures (i.e.,
the record and PQ lookup table) have fixed sizes (∼40 KB) throughout the search. In addition, as
GustANN needs high concurrency (∼40000 concurrent queries), > 11.5 GB of memory is needed
for that single data structure, which is a large memory consumption given the limited GPU memory
space (40 GB in our setup) and the memory need of other global data structures (such as PQ code,
which needs > 30 GB of space for billion-scale datasets).

4.2.2 Sort First, Then Deduplicate. Memory-consuming visited table restricts the batching capability
of GPU due to the limited GPU memory, thus further reducing the search throughput. To save space,
some approach on GPU uses linear lookup and insertion [26]. However, the time consumption is
usually unacceptable.

To save memory space while not incurring much time overhead, we adopt the following obser-
vation: Redundant computation is acceptable on GPU. For ANNS on the CPU, it is natural
to eliminate the duplicate neighbors before distance calculation, so that there is no redundant
computation for PQ distances. However, GPU threads are executed in the granularity of warps
(32 threads each). Threads in the same warp always execute the same instruction or are waiting
(even if they should execute other branches). Therefore, there is no need to eliminate the redundant
computation in one thread, as it will be hidden by other threads.
Based on this observation, we first perform the distance calculation and sorting procedure,

before we deduplicate the sorted array. As a sorted array can be deduplicated with a linear scan
(detailed in §4.2.3), no extra data structures such as the visited table are needed. In addition, the
warp structure of the GPU ensures that the redundant computation in distance calculation and
sorting can be hidden by other threads, and does not cause much time overhead.

4.2.3 Algorithm. We present our search algorithm, which first sorts and then deduplicates. In the
search, we organize the candidate set as a sorted array according to the PQ distance. Each item in
the array contains the candidate node’s ID and the PQ distance. In addition, the information of the
explored node (see Algorithm 1) is stored as an extra bit for each item.

For each search iteration, we first read all neighbors for the current exploring node (SSD phase).
Then we add these neighbors to the candidate set with the following steps (GPU phase), as shown
in Figure 5(a):

PQ distance calculation. We first calculate the PQ distances of the current exploring node’s
neighbors (Step ➊). We use 𝑅 (number of neighbors) GPU threads, each of which calculates
one neighbor’s PQ distance. By assigning distance calculation for each neighbor to one thread,
the redundant computation of duplicated neighbors can be hidden by the computation of other
neighbors due to the warp property of the GPU.

Sorting. After that, all neighbors are appended to the candidate set, and the candidate set is sorted
according to the PQ distances (Step ➋). Sorting consists of two substeps. First, we sort all neighbors
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Fig. 5. The search algorithm on GPU. (a) One search iteration. (b) Parallel deduplication in the iteration. We

show the round 𝑘 = 1, which processes 𝑎4 ∼ 𝑎7. For simplicity, we set 𝐵 = 4 (the number of elements to be

deduplicated in parallel) and 𝐿 = 4 (size of the candidate set) in the figure.

retrieved from the last step. After that, we merge these neighbors with the remaining part of the
candidate set (i.e., sorted nodes from previous iterations). We adopt parallel merge sort [25] for
these two substeps. We also use 𝑅 GPU threads in this step, so that the sorting procedure can be
fused with the PQ distance calculation kernel, making better use of the high-bandwidth shared
memory in the GPU.

Deduplication. After sorting, the candidate set is updated with new neighbors and sorted ac-
cording to the distance, but duplicate items remain. To ensure the correctness of the algorithm,
deduplication must be performed (Step ➌), before selecting the first 𝐿 elements as the new can-
didate set (Step ➍). The deduplication of a sorted array is a traditional algorithm with a linear
scan (for example, std::unique in C++ STL). However, a parallelized deduplication on the GPU is
non-trivial, which needs to handle data dependency carefully.
We first present a non-parallelized version of the deduplication procedure. It is done with a

linear scan of all node IDs in the candidate set, denoted as array 𝑎. During the scan, we maintain 𝑥𝑖 ,
which indicates the number of duplicated elements from 𝑎1 to 𝑎𝑖 . We use the following formula to
compute 𝑥𝑖 : {

𝑥𝑖 = 𝑥𝑖−1 + 𝛿 (𝑎𝑖 , 𝑎𝑖−1), 𝑖 ≥ 1
𝑥0 = 0,

(1)

where 𝛿 (𝑚,𝑛) returns 1 if𝑚 = 𝑛 and 0 otherwise. After that, we move 𝑎𝑖 (and other elements for
that node) to 𝑎𝑖−𝑥𝑖 , for all 𝑖 satisfying 𝑎𝑖 ≠ 𝑎𝑖−1. This step removes all duplicates.
To utilize the parallel ability, we use 𝐵 = 32 GPU threads (a warp) for the scan. However, the

scan must be redesigned to fit the parallel scheme, as illustrated in Figure 5(b). We divide the
scan into multiple rounds, with each round scanning 𝐵 elements in 𝑎 simultaneously. In the 𝑘-th
round of scan, the 𝑖-th thread (0 ≤ 𝑖 < 𝐵) processes the (𝐵𝑘 + 𝑖)-th element. It first calculates
𝑏𝑖 = 𝛿 (𝑎𝐵𝑘+𝑖 , 𝑎𝐵𝑘+𝑖−1) (Step i). After that, each thread broadcasts 𝑏𝑖 to other threads, which can
be done with the warp primitives of CUDA [37] (Step ii). The result can be represented as a 𝐵-bit
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the whole page to the bouncing buffer in DRAM, and then transfer the selected record to GPU.

integer b, where the 𝑖-th bit of b is 𝑏𝑖 . After synchronization, the 𝑖-th thread computes:

𝑥𝐵𝑘+𝑖 = 𝑥𝐵𝑘−1 + 𝑏𝑖𝑡𝑐𝑜𝑢𝑛𝑡 (b0..𝑖 ) (2)

where b0..𝑖 is the first 𝑖 bits in b (Step iii and iv). Note that 𝑥𝐵𝑘−1 has been computed in the previous
round, and we assume 𝑥−1 = 0 for 𝑘 = 0 (first round). Next, each thread performs the data move
mentioned above (Step v).

A further observation is that each duplication appears only twice in the list (once in the neighbor
list and the other in the previous candidate set). As a result, only the first min(𝐿 + 𝑅, 2𝐿) elements
before deduplication may become the new candidate. Therefore, we only perform scans on these
items.

Note that the exploring node for the next iteration can also be found during the scan, by selecting
the first element that has not been explored.

4.3 CPU-Assisted Transfer
Bandwidth between SSDs and the GPU is asymmetric, which degrades SSD utilization, as shown in
Figure 6(a). On the SSD side, as SSDs do not share PCIe lanes, their bandwidth can be aggregated
to around 60 GB/s with 6 SSDs (our setup in §5.1) with PCIe 5.0 x4. However, on the GPU side, the
bandwidth is limited to 24 GB/s with PCIe 4.0 x16 for NVIDIA A100. Therefore, GPU direct-access
to SSDs (such as BaM [42], GDS [7]) cannot fully exploit the bandwidth potential of multiple SSDs.

To address this challenge, we find that only one record is used for each iteration, which typically
accounts for less than 25% of the whole SSD page. During the GPU phase of the search, the GPU
threads read one SSD-resident record, which is typically less than 1KB. For example, the vectors
in the DEEP1B [52] dataset have 96 dimensions, and each dimension of the vector is a 32-bit
floating number. With graph degree 𝑅 = 128, the total record size would be sizeof(float) ×96+
sizeof(int) ×128 = 896 bytes. Meanwhile, SSDs have a read granularity of 4 KB, meaning less
than 25% of the data may be used by the search algorithm.

This observation inspires us that we can selectively transfer data to the GPU. GPU direct-access
cannot achieve selective transfer. Therefore, we leverage CPU to assist this transfer process, with
CPU DRAM used as a bouncing buffer, as shown in Figure 6(b)

Step 1: The whole SSD page is transferred from SSDs to DRAM. As the transfer bandwidth from
the PCIe root complex to DRAM is higher, the full transfer speed of SSDs can be achieved. In our
6-SSD setup, the bandwidth of 4 DRAM chips meets the need for the aggregated SSD bandwidth of
∼60 GB/s. (§5.5.1 further discusses the DRAM usage.)
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Step 2: Only the graph record of the exploring node is sent from DRAM to the GPU. Compared to
GPU direct-access, this method eliminates the transfer of unneeded data to the GPU, thus reducing
> 75% of the GPU inbound bandwidth demand. For example, a maximum of 60 × 25% = 15 GB/s
of GPU inbound bandwidth for the DEEP1B dataset is required, which is within the maximum
bandwidth of the GPU.
Therefore, as GPU inbound bandwidth is no longer a bottleneck in the data transfer process,

the bandwidth strength of multiple SSDs can be fully utilized, thus providing an opportunity for
higher search throughput. In contrast, GPU direct-access methods only support reading in page
granularity, which causes a waste of GPU inbound bandwidth.

Note that some datasets with high dimensions (e.g. OpenAI Embeddings [5] have 1536 dimensions)
may exceed the SSD page size. However, these high-dimensional embeddings can be compressed to
a smaller number of dimensions without losing much precision [23, 34, 51, 52]. Therefore, we can
first reduce their dimensions before storing them.

4.4 Load Balance with Pivot Search
In this section, we first analyze the cause of load imbalance (Challenge 3). After that, we present
our solution with a GPU-resident pivot graph.

4.4.1 Single Entry is not Efficient for Multi-SSDs. Many graph-based methods [21, 30, 39] adopt a
single-entry design, where queries start the graph traversal from the same entry node.
However, such a single-entry design is inefficient as it causes a phenomenon we refer to as

micro-scale load imbalance. This is because all queries only visit the nearby region around the entry
node of the graph in the first few iterations, and only a few nodes are possible to be visited. For
example, only 103 nodes for the first iteration, and 2783 nodes for the second iteration are visited
in a billion-scale dataset [31]. Only nodes around 10−6 of the whole dataset are visited.
Such a small number of nodes are vulnerable to the load imbalance issue. For example, for a

10000-vector query set, while the median access count for the first iteration is 48, the maximum
access count is 657 (13.7×). Such a divergence in access counts results in varied performance of
SSDs, especially in terms of tail latency, as shown in Figure 3(c). This imbalance is further magnified
because all queries need to visit this region in the single-entry design.

4.4.2 Solution: GPU-resident Pivot Graph. Based on the analysis above, we argue that these queries
should be scattered to different regions of the graph instead of the single region around the entry
node. This method has two advantages: first, it mitigates load imbalance because each region now
has fewer nodes, so the divergence will be less significant. In addition, as the target for the first
few iterations in a single-entry graph-based search is to locate the top-1 nearest neighbor of the
query [55], a region closer to the nearest neighbor of the query will result in better search speed.

To find a closer region, we introduce the pivot search technique: we randomly select pivot vectors
from datasets (e.g., 0.1% of a billion-scale dataset) to represent different regions, and build a GPU-
resident pivot graph 𝐺 ′ on the GPU memory. For a query, we first perform a top-1 search on𝐺 ′ (the
pivot search). The result (the nearest vector of the sampled set) will be used as the entry node of
the SSD-resident graph search.

Pivot search has a similar search scheme to §4.2. Here, we mention some key differences: (1) To
reduce the overall search overhead, we use a smaller search length (i.e., the length of the candidate
set) for the pivot search (default value is 4). This is because pivot search does not need high recall
for the nearest neighbor. (2) We use full-precision vectors instead of compressed PQ codes, as the
pivot graph does not consume much memory. (3) We use the selection sort instead of the merge
sort. This is because the search length is small, and the selection sort can be better parallelized
under such circumstances.
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It is worth mentioning that Starling [49] also uses a similar technique called the navigation graph
to reduce the number of SSD I/O. However, GustANN differs from Starling in two aspects: (1)
GustANN introduces the GPU-resident pivot graph to mitigate the load imbalance of SSDs, caused
by the one-entry design. (2) GustANN uses GPU, instead of CPU, to perform the pivot search.
Therefore, a different GPU-based search scheme is adopted, as shown above.

4.5 Discussion
4.5.1 Scalability of Data Size. In this section, we explore the possibility for scaling the data size by
analyzing the storage usage of GustANN. GustANN mainly uses SSD and GPU memory, with a
low DRAM usage (∼200 MB for the bouncing buffers in the search).

On the SSD side, we store the vectors and the graph index as described in Figure 1. Billion-scale
dataset (e.g., DEEP1B [52]) takes up ∼950 GB of SSD space. Given that the capacity of modern SSDs
can reach several TBs (e.g., 3.84 TB in our setup), the SSD will not be the bottleneck for scaling.
The GPU memory is mainly used for two purposes in GustANN. The first part is compressed

vectors for distance approximation. Each compressed PQ vector is 32 bytes, and ∼30 GB is required
for the billion-scale dataset. To support larger datasets, recent quantization techniques such as
LVQ [15], RabitQ [22, 24] attempt to further reduce the memory consumption of compressed
vectors (e.g., from 32 B to 16 B). Such methods could double the dataset size, and are orthogonal to
GustANN.
The GPU memory is also used to manage the search state of the queries. GustANN achieves

a low memory budget for the search (∼40 KB per query) by making the deduplication procedure
memory-efficient. This provides more space for larger datasets.

Another approach for scalability is to increase the GPU memory capacity. For example, with 80
GB GPU memory (2× of our experiment setup), GustANN could support larger datasets (i.e., 2
billion vectors) without performance loss.
Combining larger memory (2×) and better quantization, GustANN could support 4 billion

vectors with a single GPU.

4.5.2 Generalization of the Techniques. While GustANN targets at optimizing on-SSD ANNS with
GPU, some ideas can be generalized to other problems:

• §4.2.3 provides a way to deduplicate with a low memory budget on the GPU. Other dedu-
plication tasks on GPU could be done similarly (e.g., performing DISTINCT constraint). In
the deduplication algorithm, two main techniques can be generalized: ➊ parallel predicates
evaluation for on-GPU databases (Step i in Figure 5), and ➋ prefix sum on GPU with warp
instructions (Step ii to iv).
• §4.3 introduces CPU-assisted selective transfer, which can be generalized to mitigate read
amplification from SSD to GPU, potentially including on-SSD databases that utilize GPU for
processing acceleration (e.g., when data processing on GPU is performed on a filtered subset
of on-SSD data).

4.5.3 Limitation. To exploit the concurrent ability of GPU and SSD, GustANN trades off the search
latency (∼140 ms latency to reach the maximum throughput, see §5.6).
However, emerging applications, such as RAG, are not latency-critical because the latency of

the whole process is mainly on the LLM side (e.g., prefill stage of LLM takes 100ms to 1s) [32, 38].
On the other hand, given the growing need for LLM and RAG applications, the ANNS in such
scenarios are under much higher throughput demand, and we believe GustANN achieves a good
throughput-latency tradeoff.
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Some traditional ANNS applications, such as web search and recommendation systems, are
typically considered latency-critical (e.g., 10 ms scale) [21, 30]. In these scenarios, GustANN may
not achieve the maximum throughput due to the strict latency requirement.

5 Evaluation
In this section, we evaluate GustANN, seeking to answer the following questions:
• How does GustANN compare to other ANNS systems on both CPU and GPU for search
throughput? (§5.2)
• How do designs of GustANN contribute to the search efficiency? (§5.3)
• Is GustANN sensitive to different workloads? (§5.4)
• How does GustANN compare to other ANNS systems in terms of cost-effectiveness? (§5.5)
• How does GustANN perform in terms of latency? (§5.6)

5.1 Experimental Setup
Basic configuration. We use a server with the following configuration for evaluation:
• CPU: 2× 28-core Intel Xeon Gold 5420+;
• RAM: 256 GB (8× 32 GB DDR5 4800MT/s);
• SSD: 6× Samsung PM1743 3.84 TB;
• GPU: NVIDIA A100-40GB;
• OS: Ubuntu 22.04 LTS with Linux kernel 6.2.0;
• CUDA: Version 12.3.

Datasets. We use 4 widely used public datasets for the evaluation:
• SIFT1B [31] is a dataset with 1 billion vectors of 128 uint8 dimensions. The query set size is
10000.
• DEEP1B [52] is a dataset with 1 billion vectors of 96 float dimensions. The query set size is
10000.
• SIFT100M [31] is a subset of SIFT1B with 100 million vectors, and shares the same query set
with SIFT1B.
• DEEP100M [52] is a subset of DEEP1B with 100 million vectors, and shares the same query
set with DEEP1B.

Compared systems. We compare GustANN with two types of ANNS systems: (1) ANNS on CPU
with SSD, and (2) ANNS on GPU with DRAM.

For ANNS on CPUwith SSD, we use DiskANN, Starling, and SPANN. These systems store indexes
in the SSD and use the CPU for computation. DiskANN [30] is a graph-based SSD-resident ANNS
system on the CPU. Starling [49] improves DiskANN by reshuffling the indexing layout of SSDs and
searching procedures. In addition, Starling uses a navigation graph to reduce the SSD I/O counts.
SPANN [18] is a cluster-based ANNS system on the CPU. Cluster-based methods partition vectors
into multiple clusters and search for the query in some selected clusters. SPANN leverages SSDs to
store clustered vectors.
To store the vector index on the SSD, GustANN, DiskANN, and Starling have similar index

structures and need ∼65/∼95 GB of storage space for SIFT100M/DEEP100M respectively. SPANN
needs ∼87/∼235 GB for these two datasets. For the billion-scale dataset, the storage requirement is
roughly 10× of the 100M-scale datasets (e.g., GustANN needs ∼650/∼950 GB for both datasets).
For ANNS on GPU with DRAM, we use BANG and RUMMY in the evaluation. BANG [48] is a

recent graph-based ANNS system, and RUMMY [56] is a cluster-based ANNS system. They store
indexes in DRAM and use the GPU for computation. BANG uses the DiskANN-style graph index
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and needs similar DRAM space (i.e., ∼65/∼95 GB for SIFT100M/DEEP100M), and RUMMY uses ∼36
GB of memory for DEEP100M, mainly for the dataset.

Parameter Settings. We use the same graph SSD index for GustANN, DiskANN, and Starling
with the Vamana [30] algorithm. The main indexing parameters are 𝑅 = 128 and 𝐿 = 200. We
reshuffle the index for Starling. The PQ code length is 32 bytes so it can fit in the GPU memory for
billion-scale datasets. DiskANN and Starling use beam search (i.e., read SSD pages of𝑊 exploring
nodes simultaneously), and𝑊 is set to 4. The implementation of BANG limits the maximum number
of neighbors to 64. Therefore, we select 𝑅 = 64 to build the index for BANG and set the PQ code
length to 64 bytes as suggested in their open-source code.
For the pivot graph used by GustANN, we build the navigation graph by randomly selecting

1M vectors with building parameters 𝑅 = 32 and 𝐿 = 50. It is also used as the navigation graph for
Starling, as they share a similar graph structure. For fair comparison, we cache 1M graph nodes for
DiskANN.

For SPANN, we adopt the configuration presented in [50] for index building and searching. For
RUMMY, we modify the configuration in the open-source repository to produce higher throughput.
We set the training data ratio to be fixed at 1% (1M vectors).

To store the SSD indexes for systems with CPU and SSD, as they use file systems for index storage,
we set up an ext4 file system on the SSDs, with a RAID 0 configuration to support multi-SSD. For
GustANN, we use SPDK [13] for high SSD read performance.
During the search, we use all 112 threads (including hyper-thread) of the experiment server

for all systems except GustANN. Note that GustANN only uses 8 CPU cores in the search, with
2 of them processing queries and 6 of them managing SSD I/O queues. GustANN uses multiple
minibatches (§4.1.3). Unless otherwise stated, we run 40 concurrent minibatches on 2 CPU threads,
and one minibatch processes 1120 vector queries.

Metrics. We mainly compare the following three metrics during the evaluation:
• Search throughput and accuracy. The search throughput is measured in queries per second
(QPS), while search accuracy is measured in recall@𝑘 . We repeatedly send the query vectors
to search for a more precise measurement.
• SSD Bandwidth, the actual SSD pages a system reads per second, measured in GB/s. Note
that for BANG and RUMMY, we do not compare this metric, as they use DRAM instead of
SSDs for the search.
• Cost-Effectiveness, the cost a system needs to set up the server divided by the search
throughput the system can provide, measured in $/QPS.

5.2 Overall Performance
In this section, we show the overall performance of GustANN and the compared systems. We send
queries in the query set for ANNS, and measure the search throughput and the SSD bandwidth
under different recalls.

5.2.1 100M-Scale Datasets. The results of SIFT100M and DEEP100M datasets are shown in Figure 7
and 8 respectively. We make the following observations:

First, GustANN shows high throughput compared to other methods on CPU (DiskANN,
Starling and SPANN) and cluster-based method on GPU (RUMMY).
Compared to DiskANN/Starling, the graph-based ANNS on CPU, GustANN has 6.70×/8.03×

higher search throughput at recall@10=0.9 on SIFT100M. The reason is that GPU can fully utilize
the bandwidth of multiple SSDs. Overlapping computing and I/O on the CPU cannot achieve this.
Namely, DiskANN does not overlap CPU computation and SSD reading in the same thread, but
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Fig. 7. Search results on the SIFT100M dataset. Note that RUMMY does not support uint8 index of SIFT100M,
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Fig. 8. Search results on the DEEP100M dataset.

as §3.1 suggests, CPUs still could not fully consume SSD bandwidth even when fully parallelized.
Starling introduces a pipelining technique, by calculating other records on the same page in the
current iteration while reading the page for the next iteration. However, it does not improve much
throughput for two reasons. First, it introduces redundant computation. Second, the pipelining
does not fully hide I/O latency.

GustANN also outperforms cluster-based ANNS, on both CPU and GPU. The search throughput
of GustANN is 55.69× higher than that of SPANN, and 46.86× higher than that of RUMMY, when
recall@10=0.9 on DEEP100M. This is because cluster-based ANNS needs to scan more vectors per
query than graph-based ANNS. For example, to reach 0.9 of recall@10 in DEEP100M, graph-based
ANNS typically need to check ∼50 nodes for full-precision vectors. However, cluster-based ANNS
needs to scan ∼6000 vectors. The extra computation and I/O induced prevent cluster-based ANNS
from reaching high search throughput.

Second, GustANN outperforms other graph-based algorithm on GPU. GustANN achieves
2.50× higher throughput than BANG at recall@10 = 0.9 on SIFT100M. Several factors contribute to
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Fig. 9. Search results on the SIFT1B dataset.
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Fig. 10. Search results on the DEEP1B dataset.

this: (1) The high read bandwidth of DRAM compared to SSDs does not help when reading from
the GPU, as PCIe inbound bandwidth limits the overall read bandwidth towards the GPU. (2) BANG
has poor coordination between CPU and GPU. BANG frequently copies data between CPU and
GPU, which does not fully overlap with other computations on the GPU. As a result, BANG does
not have a high GPU utilization (43.0% compared to 68.6% of GustANN) and cannot search as
efficiently as GustANN.
Third, GustANN achieves high SSD utilization. GustANN has significantly higher multi-

SSD utilization than other SSD-based ANNS systems. GustANN reaches a maximum of 83.6%
SSD bandwidth utilization (with each SSD offering 10 GB/s read bandwidth) on two datasets. For
DiskANN and Starling, the maximum bandwidth utilization is 13.4% and 11.1% respectively, due to
the inadequate pipelining of compute and I/O, and more importantly, the insufficient computing
power of CPUs.
For SPANN, the maximum SSD bandwidth utilization is higher than DiskANN and Starling

(18.0%) because of a friendlier pattern of I/O (reading several pages in parallel instead of reading
only one page). However, it is at the expense of more SSD reads than graph-based methods (on
average 147.9 pages compared to 31.8 pages of GustANN on each query for recall@10=0.9 in
SIFT100M). As a result, cluster-based ANNS cannot reach the same search throughput even with a
high SSD utilization, compared to graph-based ANNS.

5.2.2 Billion-Scale Datasets. For the two billion-scale datasets, we compare GustANN with
DiskANN. Other methods need a large amount of memory (which exceeds the total memory

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.



High-Throughput, Cost-Effective Billion-Scale Vector Search with a Single GPU 334:19

of our setup) when either building or searching indexes. Therefore, we do not compare them on
the billion-scale datasets.
Figures 9 and 10 show the results of SIFT1B and DEEP1B respectively. GustANN is scalable

for large datasets, providing similar throughput on billion-scale datasets. Compared to SIFT100M,
GustANN reaches 65% search throughput for the same recall@10 = 0.9 on SIFT1B. The reduction
of the throughput is mainly due to the increase in search length. GustANN achieves almost the
same search throughput in SIFT1B with the same search length as in SIFT100M.
GustANN also outperforms DiskANN by 7.81× when recall@10=0.9 on SIFT1B, and 6.98× on

DEEP1B. For SSD bandwidth, GustANN maintains a similar SSD utilization, a maximum of 86.7%,
compared to 13.7% of DiskANN on the SIFT1B dataset.

5.3 Breakdown Analysis
In this section, we analyze the efficiency of the three main designs proposed by GustANN.

5.3.1 Memory Usage of the GPU search. To demonstrate the GPU memory efficiency of GustANN
by deduplicating after sorting (§4.2), we compare GustANN with BANG, which leverages a bloom
filter for duplication detection. We use SIFT100M with 𝑘 = 10 and 𝐿 = 100. We measure the GPU
global memory used for each query (memory shared for all queries such as PQ codes is excluded)
of both systems. For BANG, the memory consumption for each query is 480 KB, while GustANN
uses 40.22 KB of memory. GustANN is 11.93× more space efficient than BANG.
The main reduction of memory consumption is from the visited table, as BANG uses ∼390

KB of memory for this data structure. Even though BANG uses bloom filter to reduce the space
consumption compared to hash table, it still has two disadvantages: (1) bloom filter generates false
positives, which degrades the search efficiency; (2) the bucket size should still be large (proportional
to the number of visited neighbors) to reduce the false positive rate. In comparison, GustANN
addresses these issues because (1) GustANN uses an exact deduplication algorithm without any
approximation; (2) GustANN needs no extra memory during deduplication.
As a result, to support 40000 concurrent queries (which is the minimal number to fully utilize

the pipeline and reach maximum SSD bandwidth), GustANN uses 1.53 GB memory (3.8% of the
40GB GPU memory), while BANG uses 18.3 GB memory (45% of the GPU memory). Considering
the memory consumption of other global data structures (e.g., PQ code needs ∼30 GB of GPU
memory for billion-scale datasets), the large memory consumption of BANG degrades its concurrent
capability (50% reduction of the maximum batch size).
Additionally, GustANN is more cache-friendly for query-specific data structures, which are

frequently accessed by threads in the same streaming multiprocessor.

5.3.2 Effect of the CPU-Assisted Transfer. To demonstrate the sufficiency of the CPU-assisted
transfer (§4.3), we compare GustANN with directly accessing SSDs from the GPU. We implement a
variant of GustANN, which uses BaM [42], the state-of-the-art GPU direct-access system, to read
SSDs from GPU directly. We call this variant BaM-ANN. We do not use NVIDIA GPUDirect Storage
(GDS) [7] because BaM shows better 4KB random access performance (the typical workload of
on-disk ANNS) than GDS [42]. Note that BaM uses the GPU hardware scheduler to hide the latency
of direct I/O, so we do not use CPU pipelining in the I/O path.
Figure 11(a) shows the results for SIFT100M. GustANN consistently outperforms BaM-ANN

by 2.50 – 2.71×. Figure 11(b) shows SSD and PCIe bandwidth usage. Due to the selective transfer
enabled by the bouncing buffer on DRAM, GustANN can transfer much fewer records to GPU
compared to the number of records read from SSDs. Therefore, the PCIe bandwidth requirement
towards GPU is less than the SSD bandwidth (approximately 28.6%).
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PCIe inbound bandwidth to GPU.

w/o Pivot Search w/ Pivot Search

Th
ro

ug
hp

ut
 (Q

P
S

)

100k
200k
300k
400k
500k

recall@10
0.8 0.9

B
an

dw
id

th
 (G

B
/s

)

0

20

40

60

recall@10
0.8 0.9

(b) SSD Bandwidth(a) Throughput

Fig. 12. Comparison of search throughput and SSD bandwidth of GustANN with and without pivot search.

SSD #1 SSD #2 SSD #3 SSD #4 SSD #5 SSD #6

(a) w/o Nav. Graph (b) w/ Nav. Graph

La
te

nc
y 

(µ
s)

10
00

20
00

30
00

Percentage (%)
90 92 94 96 98 100

Percentage (%)
90 92 94 96 98 100

Fig. 13. SSD read latency comparison with and without pivot search.

On the contrary, BaM-ANN needs to read the whole SSD page to the GPU, which includes
unneeded records for this iteration. As a result, the bandwidth requirement of PCIe towards GPU is
identical to the SSD bandwidth (more on the figure because other transferred data is included). As
the bandwidth limit of PCIe is smaller than the aggregated bandwidth of SSDs, the transfer process
is bottlenecked by the GPU inbound PCIe bandwidth.

5.3.3 Effect of the Pivot Search. To illustrate the effect of SSD bandwidth utilization on the pivot
search (§4.4), we remove the pivot graph of GustANN, and compare it with GustANN.
Figure 12 shows the result for search throughput and SSD bandwidth with SIFT1B and 𝑘 = 10.

We find that the pivot search improves the search throughput by at most 1.50×, and SSD bandwidth
by 1.23×. The pivot graph improves the SSD utilization by load balancing. Figure 13 shows the SSD
access latency distribution when 𝐿 = 30. With the introduction of the pivot search, the divergence
of access latency is much reduced. Therefore, the load imbalance in batches improves. We also find
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Fig. 16. Performance comparison on larger query set.

that the improvement is more significant in the lower recall case. This is because the search length
in this configuration is small. Thus it is more vulnerable to the load imbalance around the entry
node.

5.4 Sensitivity Analysis
Vector Dimension. When the vector dimension increases, the benefit from the CPU-assisted

transfer (§4.3) decreases. To understand its impact, we replicate vectors from DEEP100M dataset to
higher dimensions (e.g., concatenating a 96-dimensional vector to itself to get a 192-dimensional
vector). We vary the record size (vector size plus neighbor size) from its original size to a full page (4
KB). Figure 14 shows its result when recall@10=0.9. The throughput and the SSD bandwidth drop
for two reasons: (1) the data transferred as a proportion of the SSD page is increasing, which reduces
the effect of selective transfer and causes the bandwidth to be bounded by the PCIe bandwidth; (2)
more dimensions introduce extra computation, which also reduces the throughput. The throughput
and bandwidth of DiskANN do not change with vector dimensions, as it always reads the whole
page from the SSD to the CPU.

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.



334:22 Haodi Jiang, Hao Guo, Minhui Xie, Jiwu Shu, and Youyou Lu

Table 1. Comparison of cost effectiveness [1, 8, 10–12].

Setup GPU+CPU+SSD CPU+SSD CPU+GPU
CPU / Price (Incl. chassis) 1× 4410Y / $17230 2× 5420+ / $21360 2× 5420+ / $21360

GPU / Price 1× A100 / $12999 - 1× A100 / $12999
DRAM / Price 128 GB / $560 128 GB / $560 1 TB / $4480

SSD / Price 6× PM1743 / $6150 1× PM1743 / $1025 (Measured)
4× PM1743 / $4100 (Ideal) -

Representative System GustANN DiskANN BANG
QPS 380793 56782 (Measured) / 165788 (Ideal) 152262

Cost Eff. ($/QPS) 0.097 0.404 (Measured) / 0.156 (Ideal) 0.255

Number of SSDs. Figure 15 compares GustANN and DiskANN on different numbers of SSDs
with SIFT100M and recall@10=0.9. GustANN shows stable scalability in both throughput and SSD
bandwidth as the number of SSDs increases. In contrast, DiskANN can only saturate 60% – 70% of
an SSD’s bandwidth, regardless of the number of SSDs.

Query Set Size. GustANN shows stable performance regardless of the query set size. All datasets
we use only provide 10000 query vectors. However, GustANN can serve > 40000 queries concur-
rently. To eliminate any potential cache effect during the whole search process, we create a query
set with 106 query vectors based on the query vectors in SIFT1B, and search these vectors on the
SIFT1B dataset.
The result is shown in Figure 16. Even with a larger query vector scale, GustANN can have a

similar search throughput to the original query set, and still outperforms DiskANN by 6.08 – 9.65×
with the same search length set as §5.2.2. The maximum SSD utilization for GustANN is 79.1%.

5.5 Cost Analysis
In this section, we first analyze the hardware resource usage of GustANN. Then we compare the
cost-effectiveness with other ANNS systems on billion-scale ANNS.

5.5.1 Hardware Resource Usage. GustANN can use less hardware resources, namely CPU and
DRAM, than specified in §5.1, without dropping the search performance.

CPU. As mentioned in §4.1.3, GustANN uses very few CPU cores (i.e., 8 cores in the experiment).
Therefore, a weak CPU (e.g., Intel Xeon Silver 4410Y, which has the same frequency but fewer cores
compared to the CPU in §5.1 [1]) will meet the need.

DRAM. GustANN uses a maximum of 33 GB memory space (mostly for data transfer to GPU
during initialization; during the search, only ∼200 MB will be used as the bouncing buffer in §4.3),
61 GB/s DRAM write, and 13 GB/s DRAM read bandwidth. In addition, memory from only one
NUMA node is used for GustANN during the search. Therefore, 4 memory chips (128 GB) on a
single NUMA node suffice.

Apart from these, other hardware for GustANN can be used as described in §5.1.

5.5.2 Cost Comparison. We split all the compared systems into three categories, based on their
hardware requirements, and compare their cost-effectiveness using the system with the highest
throughput (the first system in the list below) when recall@10 = 0.9 on SIFT100M:
(1) GPU+CPU+SSD (GustANN ). The hardware specification is mentioned above.
(2) CPU+SSD (DiskANN, Starling, SPANN). We use hardware specification as mentioned in §5.1,

except that no GPU is needed and DRAM usage can also be 128 GB. These systems can only

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 334. Publication date: December 2025.



High-Throughput, Cost-Effective Billion-Scale Vector Search with a Single GPU 334:23

Th
ro

ug
hp

ut
 (Q

P
S

)

RAG Sys.

0

100k

200k

300k

Latency (ms)
0 50 100 150
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saturate the bandwidth of less than 1 SSD, so we will use 1 SSD for a fair comparison. We
also show the cost-effectiveness of the ideal system mentioned in §3.1 (“Ideal” in the table).
According to the estimation, the ideal system can saturate 3.6 SSDs, so 4 SSDs will be used.

(3) CPU+GPU (BANG, RUMMY). To support a billion-scale dataset, larger DRAM is needed. A
maximum of 1 TB DRAM is needed for DEEP1B. No SSDs are required.

The comparison of the three setups is shown in Table 1. GustANN (GPU+CPU+SSD) is 5.09×
more cost-effective than CPU+SSD system (1.74× than the ideal CPU+SSD system), and 2.62×more
cost-effective than CPU+GPU system. By introducing GPU, GustANN achieves a much higher
search throughput compared to the CPU+SSD system. GustANN also prevents the non-scalable
DRAM in CPU+GPU systems by using high-throughput SSDs.

5.6 Latency Analysis
GustANN trades latency off for throughput, because of the large-scale batched query. We measure
the search latency against search throughput by adjusting the number of minibatches and number of
queries processed per minibatch. We use SIFT1B dataset and show the results for recall@10=0.9. As
shown in Figure 17, to reach the maximum search throughput, the search latency is approximately
140 ms. On the other hand, to ensure an average latency of < 25 ms, about 1/5 of the maximum
search throughput can still be achieved. Such latency is acceptable in RAG workloads because these
applications typically require 100ms-level to 1s-level latency for model processing [32, 38]. Similar
latency is also observed in the RAG systems [53].

6 Related Work
SSD-resident ANNS. To support ANNS for billion-scale datasets, previous works have used SSDs

to avoid storing terabytes of indexes in memory [18, 30, 46, 49, 54]. DiskANN [30] stores the graph
index in the SSD, and reduces the search latency by modifying both index-building and searching
algorithms. Starling [49] further reduces the number of on-disk I/Os by reshuffling the on-disk
index and positioning nearby nodes on the same SSD page. SPANN [18] explores efficient on-disk
indexing for cluster-based ANNS by allowing replication of vectors in its nearby clusters. These
works focus on latency-critical ANNS scenarios, which fail to provide 100K-scale high throughput
due to the limited computing power of CPUs. Instead, we use GPU to exploit multiple SSDs in
graph-based ANNS, achieving high I/O efficiency and throughput. FusionANNS [47] leverages
GPU for on-disk cluster-based ANNS. However, cluster-based methods are coarse-grained and thus
have lower I/O efficiency than graph-based GustANN.

ANNS on GPU. Numerous works have explored how to execute graph-based ANNS [26, 41, 48, 57]
and cluster-based ANNS [33, 56] on GPU. Recent works have also studied GPU search on larger
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datasets. BANG [48] supports graph index for large-scale datasets by coordinating computation on
CPU and GPU. RUMMY [56] enables cluster-based FAISS [33] to support large-scale datasets by
pipelining the transfers between GPU and DRAM. These works store the index in either DRAM or
GPU memory, reducing cost-effectiveness. In addition, GustANN optimizes the GPU-based graph
search algorithm to address the limited GPU memory and achieve better concurrency.

7 Conclusion
In this paper, we propose a GPU-centric, CPU-assisted architecture for ANNS and present Gust-
ANN, a billion-scale ANNS system targeted for high throughput and cost-effectiveness. Experiments
show that GustANN achieves better throughput and is more cost-effective than current systems.
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