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ABSTRACT

Approximate nearest neighbor (ANN) search on SSD-backed in-

dexes is increasingly I/O-bound (I/O accounts for 70–90% of query

latency). We present an I/O-�rst framework for disk-based ANN

that organizes techniques along three dimensions: memory lay-

out, disk layout, and search algorithm. We introduce a page-level

complexity model that explains how page locality and path length

jointly determine page reads, and we validate the model empirically.

Using consistent implementations across four public datasets, we

quantify both single-factor e�ects and cross-dimensional syner-

gies. We �nd that (i) memory-resident navigation and dynamic

width provide the strongest standalone gains; (ii) page shu�e and

page search are weak alone but complementary together; and (iii)

a principled composition, OctopusANN, substantially reduces I/O

and achieves 4.1–37.9% higher throughput than the state-of-the-art

system Starling and 87.5–149.5% higher throughput than DiskANN

at matched Recall@10=90%. Finally, we distill actionable guide-

lines for selecting storage-centric or hybrid designs across diverse

concurrency levels and accuracy constraints, advocating system-

atic composition rather than isolated tweaks when pushing the

performance frontier of disk-based ANN.
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1 INTRODUCTION

Approximate nearest neighbor (ANN) search is fundamental to

modern retrieval-intensive applications [2, 3, 21, 57, 87], including

information retrieval [18, 42], pattern recognition [15, 47], data

mining [33, 37], machine learning [10, 14], recommendation sys-

tems [59, 71], retrieval-augmented generation (RAG) [49], and vec-

tor databases [31, 87, 90]. Among various approaches—hashing-

based [27, 34], tree-based [3, 72], and quantization-based [23, 44,

66]—graph-based algorithms have emerged as state of the art for

search quality and e�ciency [7, 89, 94]. Representative methods

such as HNSW [57], NSG [21], SSG [20], and Vamana [77] achieve

exceptional performance with high recall and low latency. How-

ever, their substantial memory overhead renders them infeasible

for billion-scale datasets on commodity hardware [13, 77, 88].

As datasets scale to billions of vectors, the prohibitive cost of

DRAM necessitates a shift toward disk-resident solutions for vec-

tor search [26, 73, 77]. While in-memory indices have been ex-

tensively studied [7, 53, 89, 94], disk-resident graph indices face

fundamentally di�erent challenges driven by the I/O bottleneck. Un-

like in-memory search, which is compute-bound, disk-based graph

traversal becomes I/O-bound due to high I/O latency and random

I/O access patterns: each hop may trigger �ne-grained random

reads whose per-request latency dominates distance computation.

This fundamental shift leads to severe performance degradation

and an optimization landscape that di�ers markedly from that of

in-memory systems. Consequently, this work focuses exclusively

on improving the I/O e�ciency of disk-based graph indices.

Among existing disk-based solutions, DiskANN [77] has estab-

lished itself as the de facto industrial standard [74, 76], widely

adopted by major commercial vector databases including Microsoft

Azure [62] and Huawei GaussDB [35], etc. It employs a three-layer

architecture: a disk storage layer for the full graph and vectors, a

memory layer for compressed navigation vectors, and a cache for

high-degree nodes. Despite its robust design, our analysis reveals

that I/O operations still account for 70–90% of total query latency.

This bottleneck stems from four critical ine�ciencies: (1) poor data

locality, where scattered vertices cause massive I/O waste [88]; (2)

low bandwidth utilization due to strictly sequential I/O-compute

execution [29, 92]; (3) long search paths that require excessive disk
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round-trips [29, 77, 88]; and (4) frequent cache misses resulting from

unpredictable random access patterns [39, 40, 77, 92].

There has been extensive work addressing these issues, includ-

ing caching strategies [39, 77, 92], quantization methods [77, 97],

hierarchical structures [88, 97], and I/O pipelining approaches [29].

Although several studies [7, 53, 89, 94] have examined graph-based

indexes, no survey systematically explores I/O optimizations. This

gap motivates us to conduct an in-depth investigation of I/O e�-

ciency. This paper explores I/O optimization methods for on-disk

graph-based ANN indexes and focuses on answering the following

three questions.

Q1: How to classify I/O e�ciency optimizations systemati-

cally to highlight the di�erences and connections among var-

ious methods? Existing optimization techniques are studied in iso-

lation without a uni�ed classi�cation framework. Although numer-

ous approaches have been proposed—vector quantization [77, 97],

hierarchical structures [13, 88], I/O pipelining [29, 92], and reorgani-

zation of data layout [80, 88]—they target di�erent I/O bottlenecks

without a systematic understanding of their orthogonal boundaries,

making it di�cult to navigate the design space.

Q2: What is the e�ectiveness of each individual optimization

and its contribution to I/O performance? Some optimization

methods, such as pipeline and dynamicwidth [29], have been shown

to work synergistically, signi�cantly improving I/O performance.

However, the e�ectiveness of each of these optimizations when

applied independently remains unclear.

Q3: Do combinations of individual optimizations yield mul-

tiplicative performance improvements? While state-of-the-art

solutions such as Starling [88] and PipeANN [29] represent sig-

ni�cant advances, systematic investigation into whether multidi-

mensional optimization combinations can achieve breakthrough

performance improvements remains lacking. The potential for care-

fully orchestrated combinations to deliver synergistic performance

gains is largely unexplored.

To address these questions, this paper presents a systematic study

of the I/O optimization design space for disk-based ANN search

algorithms. We introduce a comprehensive three-dimensional tax-

onomy that organizes optimization techniques into orthogonal cat-

egories: (i) memory layout optimization, (ii) disk layout optimization,

and (iii) search algorithm optimization. Using this framework and

consistent experimental methodology across four public datasets,

we conduct controlled evaluations that quantify both individual

optimization impacts and reveal synergistic combinations. Our key

insight is that carefully orchestrated multi-dimensional approaches

yield synergistic improvements by jointly increasing page-level

utility and shortening convergence paths.

Our work makes three key contributions:

(1) Systematic taxonomy framework.We establish a comprehen-

sive taxonomy for I/O optimization algorithms, identifying three or-

thogonal dimensions that unify previously fragmented approaches

and provide an objective function for the navigation optimization

landscape.

(2) Optimization evaluation and empirical �ndings.We con-

duct a controlled, apples-to-apples evaluation across four massive

datasets to quantify the e�ectiveness and costs of individual I/O opti-

mizations, and to extract a set of empirical �ndings that characterize

when each technique is bene�cial, marginal, or counterproductive.

(3) Combination case study and actionable guidelines. Build-

ing on the above �ndings, we further study how orthogonal opti-

mizations can be composed in practice, and present OctopusANN

as a representative e�ective combination. It substantially improves

upon existing methods—achieving 4.1–37.9% higher throughput

than Starling and 87.5–149.5% over DiskANN at 90% recall—while

our �ndings provide evidence-based guidelines for selecting and

combining techniques under di�erent workload and resource

regimes.

2 BACKGROUND

2.1 Nearest Neighbor Search

Approximate Nearest Neighbor Search. Given a dataset� ⊂ R
3

containing = points, the :-nearest neighbor (:-NN) search problem

seeks the : closest points (∗ to query point @ ∈ R
3 , i.e., ? ∈ � \ (∗,

?′ ∈ (∗, | |?, @ | | ≥ | |?′, @ | |, where | | · | | is a distance function, e.g., Eu-

clidean or Cosine distance. While exact and robust search requires

$ (=3) time complexity [53], approximate nearest neighbor search

(ANN) trades accuracy for e�ciency by returning approximate near

neighbors ( at lower computational cost. The query accuracy of

ANN methods is measured by the recall value, Recall@: =

|(∩(∗ |
:

.

Graph-Based ANN methods. Among various ANN search ap-

proaches, proximity-graph methods [58, 70] are widely used. Prior

studies [4, 50, 53, 89] report strong performance for graph-based

methods. Graph-based ANN search constructs graphs where ver-

tices represent vectors and edges connect similar vectors. Main

approaches include Delaunay graphs [19] (good geometric proper-

ties), :-nearest neighbor graphs [67] (predictable degree), relative

neighborhood graphs [85] (sparse connectivity), minimum span-

ning trees [48] (minimal edges), and small-world graphs [56] (e�-

cient for search). Modern algorithms such as HNSW [57], NSG [21],

SSG [20], NGT [41], SPTAG [60], Vamana [77], g-MG [68], and

ELPIS [6] have shown strong performance in practice.

Best-�rst search. Graph-based ANN search commonly employs

best-�rst search [32] or beam search [82], maintaining a priority

queue of candidate nodes sorted by distance to the query. The search

iteratively selects the closest unvisited node (beam search is a width-

limited variant in which each iteration selects the closest top-l

unvisited nodes, where l is the beam width), explores neighbors,

and adds new candidates until identifying the required nearest

neighbors. Search e�ciency depends on entry point quality [7, 89],

graph structure quality [9, 94], distance computation [1, 12, 16, 22,

91], and early termination strategies [51].

Limitations of graph-based ANN methods.While in-memory

graph-based methods achieve excellent search performance, they

face signi�cant memory limitations with large-scale (e.g., billion-

scale) datasets. Memory overhead increases substantially with

dataset size—for example, HNSW on a billion-scale dataset in

128 dimensions can consume hundreds of gigabytes of memory

(e.g., 800 GB under common settings), often exceeding typical work-

station RAM capacity. When dataset sizes exceed available memory,
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Figure 1: DiskANN data layout. Each record is page-aligned

and packed into 4 KB pages.

traditional in-memory approaches become infeasible, prompting

disk-based ANN search algorithms.

2.2 Disk-Based ANN

To address the memory constraints that necessitate disk-resident

search, we adopt DiskANN as a canonical model to illustrate how

a three-layer architecture organizes on-disk vectors and graph tra-

versal, setting the stage for our I/O-centric analysis in §3.

DiskANN overview and architecture. DiskANN [26, 38, 73, 77]

is a de facto standard disk-based ANN system adopted by prod-

ucts such as Milvus [100], Azure Database [62], Timescale [84],

and GaussDB [35], and serves as a standard baseline in public

benchmarks [74, 76]. As shown in Figure 1, DiskANN follows a

three-layer architecture: (1) a disk storage layer that stores full-

precision vectors and neighbor lists in page-aligned records; (2)

amemory quantization layer (e.g., Product Quantization, PQ)

that keeps compressed codes for fast, memory-resident �ltering;

and (3) a cache management layer that retains hot vertices. This

design implements an “approximate guidance, precise re�nement”

work�ow: memory-resident PQ codes guide candidate selection,

while disk-resident full vectors enable �nal re-ranking.

Representative disk-based systems. Beyond DiskANN, repre-

sentative systems can be categorized into three orthogonal routes.

Starling/DiskANN++ [63, 88] are layout-centered, employing an

in-memory navigation graph and locality-aware page shu�ing (op-

tionally in-page search) to raise per-page utility and shorten search

paths. PipeANN [29] is algorithm-centric, using I/O–compute

pipelining with dynamic width; it may trigger speculative reads un-

der concurrency. AiSAQ/LM-DiskANN [65, 80] are storage-centric,

placing PQ codes on SSD to minimize memory usage but risk-

ing read ampli�cation and a larger on-disk footprint. Other vari-

ants include GRIP/Zoom [96, 97] (memory-�rst: PQ with hierar-

chical navigation/MemGraph under moderate memory budgets)

and SPANN/BBANN [13, 99] (partitioned/hierarchical navigators

with storage-aware locality). This organization directly impacts

per-page utility and traversal hops, which we analyze through an

I/O-centric lens in §3. We use DiskANN as a running reference to

anchor later analysis of I/O e�ciency challenges and to provide a

consistent baseline for design-space comparisons.

2.3 I/O is the Main Bottleneck

Although disk-based graph indices address the memory bottle-

neck of in-memory indices, they still face signi�cant I/O e�ciency

0 20 40 60 80 100
Latency (%)

SIFT

DEEP

SPACEV

GIST

72% 28%

72% 28%

70% 30%

90% 10%

IO Compute

Figure 2: Latency breakdown across four datasets.

challenges [29, 88]. Figure 2 shows the percentage breakdown of

compute and I/O latency for DiskANN queries across four datasets.

The �gure reveals that I/O latency dominates query latency, ac-

counting for approximately 70%–90% of the total (note that dataset

descriptions are provided in §5; the GIST dataset has higher dimen-

sionality and requires more search hops). This dominance stems

from the fundamental nature of graph-based vector search: (1)High

I/O latency, where fetching nodes from disk is orders of magni-

tude slower than in-memory distance computation; (2) Random

I/O access patterns, as graph traversal inherently induces �ne-

grained random I/Os that fail to exploit the internal parallelism and

throughput of modern SSDs.

3 I/O CHALLENGES ANALYSIS

3.1 I/O Complexity for Best-First Search

To establish a formal foundation for analyzing I/O e�ciency, we

�rst introduce key terminology speci�c to graph-structured disk-

resident indices, then present the I/O complexity model.

Overlap Ratio. To ground the I/O complexity analysis, we �rst

formalize page-level utility via an overlap ratio. Speci�cally, we

de�ne a local, page-utility-oriented overlap ratio at the vertex level

and then aggregate it to obtain the global $'(�). The overlap

ratio for individual vertex D quanti�es the proportion of its graph

neighbors that reside on the same disk page:$'(D) =
|� (D )∩# (D ) |

=?−1
,

where �(D) represents the set of vertices stored in the same disk

page as vertex D, and # (D) denotes the set of graph neighbors of

vertex D. The denominator =? − 1 excludes vertex D itself, focusing

on the co-location of its neighbors. For example, if a page stores

=?=16 records and |�(D) ∩ # (D) |=2, then $'(D) = 2/(16−1) =

13.3%. For a graph index � = (+ , �), aggregating local overlap

ratios gives the global overlap ratio as the vertex-wise average:

$'(�) =
∑

D∈+ $' (D )
|+ |

.

I/O complexity model. We adopt the disk-resident best-�rst

search model [88] to illustrate the I/O challenge. Let the disk-

resident graph index be � = (+ , �). Let � denote the expected

hop count per query, '̄ the average out-degree, and =? the number

of records per page. Under a uniform page size % (e.g., 4 KB) and

record size Brec, we have =? = ⌊%/Brec⌋. Based on the terminol-

ogy and overlap ratio de�ned above, the page I/O complexity for

disk-resident best-�rst search satis�es1

Page reads per query = $

(

'̄ · �

$'(�) · =?

)

(1)

1This model does not account for optimization techniques such as quantization,
caching, and MemGraph, etc.
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Intuition.Aquery performs$ ('̄·� ) e�ective neighbor expansions;

each page read contributes an expected$'(�) ·=? useful neighbors,

so the number of unique page reads scales as$
(

'̄ ·�/($'(�) ·=? )
)

.

Intuitively, shorter convergence paths (� ↓) and higher page-level

utility ($'(�) ↑, =? ↑) reduce I/Os, while larger '̄ expands the

frontier and increases I/Os.

3.2 Objectives

Grounded in the theoretical model above and the pro�ling results

in Figure 2, we systematically identify four root causes of I/O ine�-

ciency: (1) I/O waste occurs when graph traversal reads disk pages

containing vertices that are never explored during best-�rst search,

resulting in substantial wasted I/O operations [88]; (2) low band-

width utilization arises from sequential I/O–compute execution,

where disk I/O remains idle during computation phases, leaving

bandwidth underutilized [29, 92]; (3) long search paths emerge when

entry points are far from query targets, requiring extensive graph

traversal with numerous hops, each demanding independent disk

access and dramatically increasing I/O operations [29, 77, 88]; and

(4) frequent cache misses occur during best-�rst search due to un-

predictable access patterns, necessitating e�ective cache strategies

to reduce miss rates [39, 40, 77, 92].

Through a systematic survey of existing work [11, 13, 23, 29, 39,

40, 44, 45, 63, 65, 69, 77, 78, 80, 83, 88, 92, 96, 97, 99], we organize

mainstream I/O optimization techniques into an orthogonal three-

dimensional taxonomy: Memory Layout Optimization (§4.1),

Disk Layout Optimization (§4.2), and Search Algorithm Op-

timization (§4.3), encompassing eight representative techniques.

Table 1 maps each technique to the four bottlenecks above, reveal-

ing how di�erent optimizations address speci�c I/O challenges. §4

provides detailed descriptions of each technique.

Scope. We target general-purpose SSDs and �x DiskANN’s

Vamana-based logical graph structure; our study focuses on phys-

ical data layout and search scheduling under realistic memory

budgets. Beyond traditional SSD-based settings, specialized de-

vices—e.g., SmartSSD [45, 78, 83], Persistent Memory [11, 69], and

CXL [39, 40, 46, 79]—are out of scope. While alternative logical

graph structures can in�uence performance [94], this work con-

�nes its scope to the physical graph structure under DiskANN’s

Vamana-based logic.

4 DESIGN SPACE

4.1 Memory Layout Optimization

Memory layout optimization strategies reduce the frequency of disk

I/O by maintaining carefully designed auxiliary data structures in

memory. This dimension encompasses three approaches: (1) vector

quantization for compressing high-dimensional data [23, 44, 77, 96,

97]; (2) cache management for keeping frequently accessed vertices

in memory [39, 40, 77]; and (3) hierarchical graphs for reducing

search path length through coarse-grained navigation [13, 63, 99].

4.1.1 Product �antization (PQ). Product quantization [24, 25, 44]

is a critical technique for achieving memory e�ciency, aiming

to reduce memory footprint and disk I/O by compressing high-

dimensional vector representations. As shown in Figure 3, the core

Table 1: Eight techniques versus four I/O challenges (I/O

waste, bandwidth utilization, long search paths, high cache

misses). ➚: Improve; ➘: cost; -/-: Reduce.

Method I/O waste Bandwidth
utilization

Long search
path

High cache
misses

PQ ➚ -/- -/- -/-
Cache -/- -/- -/- ➚

MemGraph -/- -/- ➚ -/-
PageShuffle ➚ -/- -/- -/-

All-in-Storage ➘ -/- -/- -/-
DynamicWidth ➚ -/- ➚ -/-
Pipeline ➘ ➚ -/- -/-

PageSearch ➚ ➘ -/- -/-

Search w/ PQSearch w/o PQ

1

2 0
3

7

6

5
4

1

2 0
3

7

6

5
4

Load from SSD PQ in memory 

Calculate distance 
using PQ vectors 

Quantized
Vectors

Memory

Figure 3: Quantization reduces disk reads by moving most

distance calculation to memory.

bene�t of quantization lies in maintaining compressed vector rep-

resentations in memory (with compression rates of tens of times)

while storing full-precision vectors on disk. This enables a two-stage

search process: ➊ approximate �ltering using memory-resident

quantized vectors to identify promising candidates, followed by ➋

precise re�nement with disk-based full vectors only for top candi-

dates. The key insight is that distance calculations can be performed

directly using quantized coordinates in memory, eliminating the

need to read full vectors from disk for initial candidate ranking. In

the illustrated example (Figure 3), traditional DiskANN requires

7 disk I/O operations for vector distance computations, while the

quantization-optimized approach reduces this to only 3 I/O opera-

tions primarily for neighbor topology retrieval, achieving signi�-

cant I/O e�ciency improvement. Formally, with PQ optimization,

the I/O complexity from Equation 1 is reduced to:

Optimized page reads = $

(

�

$'(�) · =?

)

(2)

This improvement eliminates the '̄ factor in the numerator because

distance computations are performed in memory and no longer

require disk reads. Theoretically, the lower bound for page reads is

$ (�/=? ) (i.e., all required vectors are co-located on the same page).

However, this ideal page locality is di�cult to attain in practice due

to the inherent randomness of graph traversals and the complexity

of optimizing physical layouts for dynamic query patterns.

However, vector quantization introduces precision loss, creating

a trade-o� between memory e�ciency and search accuracy. To

mitigate this limitation, typical approaches expand the candidate

set during search and perform precise re-ranking using full vectors

from disk for �nal Top-k results. DiskANN’s co-location design

stores vector data and neighbor information together, ensuring

that reading neighbor IDs for candidate expansion simultaneously

retrieves associated vector data, avoiding additional disk I/Os for

the re-ranking phase.
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Figure 5: Entry-point optimization. An in-memory navigation graph supplies high-
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Vector quantization methods vary signi�cantly in accuracy; we

focus on classic Product Quantization (PQ) [44] as the representa-

tive quantization technique. We experimentally evaluate quantiza-

tion’s impact on I/O e�ciency and search performance in DiskANN

systems.

4.1.2 Cache Management (Cache). E�cient cache management

is crucial for reducing disk I/O and improving DiskANN’s query

performance. Similar to hierarchical index structures like B+

trees [28, 64], where near root nodes are accessed more frequently,

nodes closer to search entry points in graph traversal exhibit higher

access probability. DiskANN’s current caching strategy employs

Single-Source Shortest Path (SSSP) [17] algorithm to pre-load nodes

within certain hops from the search entry point (Figure 4). However,

this static approach may not adapt well to diverse query patterns

and varying access distributions across datasets.

Various caching approaches exist with di�erent characteristics:

(1) SSSP caching: Pre-loads vertices within a �xed number of hops

from entry points; (2) Frequency-based caching [88]: Dynamically

tracks and caches vertices with the highest access frequencies; (3)

LRU caching [86]: Maintains recently accessed vertices based on

temporal locality assumptions. We focus on the widely adopted

SSSP caching strategy in our experimental evaluation.

4.1.3 Hierarchical Graphs (MemGraph). As established in Fig-

ure 5a, entry point quality fundamentally determines search path

length and I/O e�ciency. While DiskANN employs static entry

point selection, this naive approach fails to leverage the geometric

structure of high-dimensional vector spaces. Hierarchical graph

structures address this limitation by implementing a two-level

search strategy: a fast in-memory coarse-grained navigation fol-

lowed by precise disk-based re�nement [13, 29, 63, 88, 96, 97, 99].

The hierarchical approach, illustrated in Figure 5b, maintains a

memory-resident subgraph constructed from strategically sampled

vertices. During query processing, the algorithm �rst traverses

this in-memory structure to identify promising regions, then uses

the discovered vertices as high-quality entry points for disk-based

search. This design exploits the principle that e�ective entry points

should be geometrically close to query targets, signi�cantly re-

ducing the expected number of disk I/O operations required for

convergence.

The e�ectiveness of hierarchical graphs critically depends on

two key design choices: sampling ratio and sampling strategy. The

sampling ratio determines the trade-o� between memory overhead
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Figure 6: Page shu�le groups neighboring vertices onto the

same page to improve locality.

and search path reduction—insu�cient sampling fails to provide ad-

equate coverage for e�ective entry point selection, while excessive

sampling introduces substantial memory overhead and prolongs

in-memory search phases. Di�erent sampling strategies exist, in-

cluding random sampling [88], which provides uniform coverage,

and clustering-based sampling [63], which selects cluster centroids

for better geometric representation. We employ standard random

sampling in our experimental implementation.

4.2 Disk Layout Optimization

This section discusses optimization methods for di�erent physical

storage structures under the same logical graph topology. Varying

storage structures can signi�cantly impact the I/O access process.

We will primarily discuss the following two storage structures:

4.2.1 Page Shu�le (PS). The fundamental I/O e�ciency challenge

identi�ed in §3 stems from poor data locality [54]—traditional

DiskANN’s vertex-ID-based sequential storage scatters graph neigh-

bors across di�erent disk pages (cf. Figure 6a), resulting in extremely

low overlap ratios (e.g., 6.25% on SIFT1B dataset [88]). Page shuf-

�e addresses this core limitation by reorganizing physical data

placement to maximize overlap ratio during graph traversal. Star-

ling [88] introduces page shu�e to transform scattered neighbor

distributions into locality-aware arrangements. As illustrated in

Figure 6b, the technique ensures that each disk I/O operation serves

multiple navigation steps by grouping graph neighbors within the

same pages. This dramatically improves the vertex overlapping

ratio (Eq. 1).

4.2.2 All-in-Storage Layout (AiS). Alternatively, an all-in-storage

layout stores both full-precision vectors and PQ codes on SSD,

thereby reducing the memory footprint. All-in-Storage ANN with
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Figure 8: Dynamic search width. The beam width increases

progressively across the approach and converge phases.

Product Quantization (AiSAQ) [80] exempli�es this design by mov-

ing full-precision vectors and PQ codes frommemory to storage. As

shown in Figure 7, AiSAQ co-locates vector data, neighbor IDs, and

the PQ codes of neighboring vertices within the same storage units.

This design reduces memory requirements from gigabytes to merely

megabytes for billion-scale datasets while maintaining competitive

search performance. The approach o�ers signi�cant advantages for

memory-constrained environments and enables rapid switching

between multiple large-scale indexes—a crucial capability for ap-

plications like retrieval-augmented generation (RAG) that require

dynamic switching between multiple indices [43]. However, we

do not include AiSAQ in our experimental evaluation, as it targets

memory-constrained scenarios with fundamentally di�erent design

trade-o�s. Comparing AiSAQ against methods that utilize more

substantial memory budgets (as in our evaluation setup) would

be unfair, since AiSAQ’s primary optimization goal—minimizing

memory footprint—con�icts with our focus on I/O e�ciency under

realistic memory budgets.

4.3 Search Algorithm Optimization

Beyond optimizing data layout, search algorithm optimization fo-

cuses on improving the execution e�ciency of graph traversal it-

self. This dimension addresses two critical algorithmic bottlenecks:

(1) vertex utilization ine�ciency when accessing disk pages, and

(2) bandwidth underutilization caused by sequential I/O–compute

execution. These strategies complement layout improvements by

maximizing the e�ectiveness of each disk access operation.

4.3.1 Dynamic Width (DW). The best-�rst search or beam search

process can be naturally divided into two distinct phases: the ap-

proach phase and the converge phase. As illustrated in Figure 8,

during the ➊ approach phase, the search rapidly navigates toward

the vicinity of the target query vector. In the ➋ converge phase,

the search gradually converges to the target query vector. This

two-phase phenomenon has been discussed extensively in multiple

studies [29, 95, 98]. PipeANN [29] leverages the progressive conver-

gence characteristics of beam search by adopting a smaller search

width during the approach phase to avoid unnecessary I/O opera-

tions, since larger search widths do not improve recall e�ectiveness

in this phase. Subsequently, the search width is gradually increased
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Figure 9: Pipelined processing: (a) overlap compute and I/O

to improve utilization; (b) continuous I/O pipelining to max-

imize bandwidth e�ciency.

during the converge phase to accelerate the convergence process

and improve search e�ciency. To make this intuition precise, we

de�ne the I/O utilization as

*io ≜
#e�

#read

=

#e�

#e� + #rbu

, (3)

where #read is the number of nodes retrieved from SSD, #e� is the

number of retrieved nodes that are actually explored (expanded) by

the search, and #rbu denotes “read-but-unexplored” nodes. Increas-

ing beam width l tends to in�ate #rbu (especially in the approach

phase where extra reads rarely improve recall), thus lowering *io

and wasting I/O. Dynamic width mitigates this by keeping l small

early to suppress wasted reads, and gradually increasing, later

whenmore retrieved candidates are likely to be explored, improving

both I/O utilization and convergence.

4.3.2 Pipeline Search (Pipeline). Traditional disk-based graph

search su�ers from severe bandwidth underutilization due to se-

quential execution patterns. As illustrated in Figure 9a, beam

search’s alternating I/O and computation phases leave storage de-

vices idle during processing, resulting in actual bandwidth utiliza-

tion far below hardware capabilities.

Pipeline search addresses this limitation through two progressive

optimizations. First, asynchronous I/O-compute overlap [92] en-

ables simultaneous execution of distance calculations and disk reads,

improving resource utilization. Second, continuous I/O pipelin-

ing [29] eliminates batch processing delays by immediately is-

suing new I/O requests upon completion of individual opera-

tions, as demonstrated in Figure 9b. This approach maintains near-

continuous disk activity, achieving high bandwidth utilization and

signi�cantly reducing query latency.

4.3.3 Page Search (PSe). While pipeline search optimizes band-

width utilization, page search addresses vertex utilization ine�-

ciency within loaded disk pages. Given that distance computation

overhead is orders of magnitude lower than disk I/O latency, page

search exploits this asymmetry by computing distances to all ver-

tices within each accessed page, not just the target neighbors.

This approach transforms the fundamental trade-o� in disk-

based search: instead of minimizing distance calculations, page

search maximizes the utility of expensive disk accesses. When re-

trieving a neighbor during graph traversal, the algorithm evaluates

all colocated vertices within the same page, potentially discovering

closer candidates without additional I/O operations. This strategy

e�ectively increases the number of search nodes without propor-

tional I/O overhead, improving search quality while maintaining
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Table 2: Coverage of representative systems across the three optimization dimensions.

Algorithms
Memory Layout Optimization Disk Layout Optimization Search Algorithm Optimization
PQ Cache MemGraph PageShuffle All-in-Storage DynamicWidth Pipeline PageSearch

DiskANN [77] ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗

Starling [88]/DiskANN++ [63] ✓ ✗ ✓ ✓ ✗ ✗ ✗ ✓

AiSAQ [80]/LM-DiskANN [65] ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗

PipeANN [29] ✓ ✗ ✓ ✗ ✗ ✓ ✓ ✗

GRIP [97]/Zoom [96] ✓ ✗ ✓ ✗ ✗ ✗ ✗ ✗

SPANN [13]/BBANN [99] ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗

Table 3: Datasets and parameters used in the evaluation. �

and" are memory budgets (GB).

Dataset Statistics Index-Build Param.
Dataset Dim Type #Vec #Q R L " B M
SIFT [36] 128 uint8 100M 10K 64 125 1.2 4.0 50
DEEP [8] 96 �oat 100M 10K 64 125 1.2 4.0 50

SPACEV [61] 100 int8 100M 29K 64 125 1.2 3.0 40
GIST [36] 960 �oat 1M 10K 64 125 1.2 0.2 3

I/O e�ciency. The key insight is that leveraging the full content

of each disk page can enhance search e�ectiveness at minimal

computational cost.

4.4 Algorithmic Landscape Analysis

Grounded in our three-dimensional taxonomy, we position rep-

resentative systems against the eight techniques summarized in

Table 2. This mapping clari�es each system’s design center and

expected I/O behaviors within the design space. In short, recent

progress has moved from single-axis tweaks to multi-dimensional,

synergy-driven designs that directly address the four I/O bottle-

necks identi�ed earlier.

5 EXPERIMENTAL TESTBED

5.1 Experimental Settings

Hardware.We run experiments on a server with an Intel Xeon w7-

3455 (24 cores), 128 GB DDR4 memory, and a 4 TB NVMe SSD, on

Ubuntu 22.04. Using fio [5], we measure 4KB random read IOPS of

819 K and random read bandwidth of 3,200 MB/s, representative

of high-performance SSDs. We also measure 16KB random read

IOPS of 318 K and random read bandwidth of 4,962 MB/s.

Datasets. We evaluate on four widely adopted public datasets,

SIFT [36], DEEP [8], SPACEV [61], and GIST [36], covering natural

clustering, deep embeddings, and production-scale data. Dataset

statistics and index build parameters are summarized in Table 3.

Performance indicators.We report search e�ciency (queries per

second, QPS; mean per-query latency), accuracy (Recall@10), space

footprint (disk and memory), and I/O metrics (I/O operations per

query, I/O operations per second, IOPS; bandwidth in MB/s). Unless

otherwise stated, comparisons are made at matched Recall@10. We

do not separately report Eq. 3, as it is strongly correlated with the

number of I/O operations per query.

Implementation and parameters. We build on DiskANN [75]

and integrate representative optimizations from Starling [81] and

PipeANN [30]. As io_uring is a system-level optimization that all

algorithmes can be applied but currently only PipeANN use it. To

ensure fairness, we disable io_uring [55] in PipeANN so that all
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Figure 10: Performance comparison of SPANN and DiskANN

on four datasets.

methods use the same asynchronous I/O engine (libaio). Note that

all the I/O operations are performed in DIRECT_IO mode, i.e., with-

out using the �le system page cache. We run with 48 workers;

device utilization (IOPS and bandwidth) is sampled at 1 s intervals

via iostat. For index construction, we adopt product quantization

under a memory budget �, partition data via overlapping clustering,

and build per-shard indexes under budget" using Vamana param-

eters: maximum out-degree ' = 64, candidate set size ! = 125, and

pruning with U = 1.2; shards are then merged and stored with a

4 KB page size (we use 8 KB or 16 KB pages for GIST due to its

larger per-record size). During query processing, we use a beam

width l = 8 with dynamic-width expansion up to l = 32. For

MemGraph, we sample 0.1% vertices to construct an in-memory

navigation graph (' = 48, ! = 128) and employ a Single-Source

Shortest Path (SSSP)-based cache with 0.1% records. Results are

averaged over �ve independent runs. Dataset-speci�c budgets and

settings are summarized in Table 3.

5.2 Graph-based vs. Inverted Indices

Although this paper primarily focuses on evaluating graph-based

indexing techniques, we �rst investigate whether graph indices con-

sistently outperform inverted indices. We evaluated SPANN [13]

following SPFresh [93] parameter settings; note that we enable

the replica feature and set the replication factor to 8. As shown

in Figure 10, for low-dimensional data, SPANN’s performance de-

grades much more rapidly than DiskANN’s as the recall target

increases. This is because achieving higher recall requires SPANN

to read coarse-grained posting lists, leading to more I/O operations

and consequently faster performance degradation. Furthermore,

on high-dimensional datasets, SPANN exhibits poor performance

due to the curse of dimensionality, which signi�cantly increases

the di�culty of e�ective clustering. Consequently, SPANN outper-

forms DiskANN only on low-dimensional datasets under low recall

requirements. More evaluation details could be found in our tech-

nique report [52]. Therefore, we decided to exclude SPANN from

our subsequent detailed evaluation.
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Figure 11: Recall–QPS trade-o�: seven optimizations across four datasets.
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Figure 12: Latency–Recall@10 trade-o� across seven optimizations and four datasets.
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Figure 13: I/O operations per query across four datasets (Recall@10 matched).

Finding 1: SPANN outperforms DiskANN only on low-

dimensional datasets under low recall requirements. On high-

dimensional datasets, SPANN exhibits poor performance due to

the curse of dimensionality, which signi�cantly increases the di�-

culty of e�ective clustering. Moreover, SPANN’s index size is 1.5×

to 3.4× larger than DiskANN’s.

6 INDIVIDUAL OPTIMIZATION EVALUATION

In this section, we evaluate seven representative methods intro-

duced in §4: Baseline (PQ), Cache, MemGraph, PageShuffle,

DynamicWidth, Pipeline, and PageSearch.

6.1 Search Performance Analysis

On top of the PQ baseline, we ablate each of the six techniques

to quantify their standalone e�ects. For completeness, these tech-

niques span all three dimensions of our taxonomy: memory layout

(Cache, MemGraph), disk layout (PageShuffle), and search algo-

rithm optimization (Pipeline, DynamicWidth, PageSearch). We

report Pareto fronts across multiple recall targets in Figures 11, 12,

and 13, covering throughput (QPS), average latency, and I/O per

query, respectively. Intuitively, Figures 12 and 13 exhibit highly

consistent trends, reinforcing the latency breakdown in Figure 2. Be-

cause end-to-end latency scales with the number of I/O operations,

improving I/O yields proportional latency reductions, validating

our I/O-centric optimization focus.

Finding 2: I/O operations dominate query latency across

datasets. Latency–recall and I/O-per-query curves align closely,

indicating that improving I/O translates into proportional latency

reductions in disk-based ANN systems.

Next, we group all those algorithms into three classes: (1) tech-

niques that deliver obvious performance improvements; (2) tech-

niques with negligible or marginal gains; and (3) techniques that

are counterproductive when used alone.

E�ective single-factor optimizations. Optimizations targeting

memory layout and search-width adaptivity provide the strongest

standalone gains across all four datasets. With SIFT, MemGraph re-

duces I/O by about 45% and increases QPS by about 90% at relaxed

accuracy (e.g., ! = 10 with Recall@10 ≈ 0.7); even at high accuracy

(e.g., ! = 100 with Recall@10 ≥ 0.95), it still reduces I/O by about

19% and boosts throughput by about 25%. Its overhead is modest:

sampling 0.1% vertices for an in-memory navigation graph adds

only ∼30-50MB (cf. Table 5). The Cache policy accelerates early-

hop I/O by retaining nodes near entry points in memory. Because

this SSSP-based caching is sensitive to graph quality, it delivers

especially strong gains on SPACEV, as SPACEV’s graph index con-

tains many low-degree nodes that concentrate early-hop paths near

the entry points.

Finally, DynamicWidth improves I/O utilization by adapting the

search width between the approach and converge phases: at relaxed
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Table 4: Disk Metrics Comparison.

SIFT DEEP SPACEV GIST
Method

IOPS BW IOPS BW IOPS BW IOPS BW
(K) (MB/s) (K) (MB/s) (K) (MB/s) (K) (MB/s)

Baseline 791 3091 819 3200 768 3001 313 4889
Cache 808 3156 813 3177 815 3182 322 5029
MemGraph 818 3194 814 3181 813 3177 318 4973
PageShu�le 803 3136 803 3136 741 2895 309 4832
Pipeline 806 3197 808 3158 776 3030 323 5050
DynamicWidth 796 3109 783 3060 765 2987 315 4930
PageSearch 690 2698 796 3111 470 1834 315 4917

recall requirements, it reduces I/O operations by about 25% and

raises QPS by about 50%. This adaptivity can, however, slightly re-

duce accuracy compared with a �xed widthl con�guration; e.g., on

GIST with ! = 10, recall decreases from 66% to 50%. On high-

dimensional datasets with high recall requirements, DynamicWidth

exhibits severe performance degradation. This occurs because the

number of search iterations increases signi�cantly, causing the

search width to grow progressively larger and consequently trigger-

ing substantially more I/O operations. Therefore, in such scenarios,

we do not recommend using DynamicWidth in isolation; instead, it

should be combined with other techniques that reduce hop counts.

Finding 3: The strongest single-factor gains come from

memory layout and search width adaptivity. MemGraph and

Cache reduce I/O by providing better entry points that shorten disk

traversal paths, while DynamicWidth reduces I/O by eliminating

wasteful exploration in early search phases. These optimizations

target the root causes of I/O ine�ciency: poor starting positions

and over-expansion during approach phases.

Optimizations with limited standalone impact. PageShuffle

increases inter page neighbor locality, yet average I/O drops by

only ∼9% on SIFT. In beam search, most I/O is incurred by pages

along the multi-hop expansion path; improving one-hop neighbor

locality seldom alters that path and therefore does little to reduce

page I/O operations.

PageSearch leaves I/O counts essentially unchanged in our

setup but increases in-page computation by computing all records

on each fetched page; For uint8 datasets such as SIFT and SPACEV,

where each page contains more than 10 vector records, PageSearch

introduces substantial per-page computational overhead, which

sharply degrades SSD performance (cf. Table 4). The extra compu-

tation prolongs SSD idle time and reduces IOPS (cf. Fig. 9a). Prior

work (e.g., Starling) reports strong gains when PageShuffle and

PageSearch are combined; we evaluate this claim in the combina-

tion study below.

Finding 4: PageShuffle and PageSearch underperform in

isolation. Locality gains and per-page computing do not translate

into fewer I/Os; PageSearch may even introduce performance

degradation on SIFT and SPACEV. Their value may emerge when

used together.

Counterintuitive degradations from advanced techniques.

As shown in Table 4, Pipeline fails to improve disk I/O because

baseline algorithms already saturate disk performance under high

concurrency. Instead, Pipeline widens the exploration frontier
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Figure 14: Performance impacts of memory budget.

by issuing I/O requests before the best candidate is con�rmed,

leading to speculative reads. This increases the total number of I/O

operations (cf. Figure 13), which paradoxically degrades end-to-end

performance rather than improving it.

Finding 5: Pipeline optimization can be counterproductive.

Pipeline widens the exploration frontier by speculative reading,

which introduces more IO operations and reduces the overall per-

formance.

6.2 Memory Budget Analysis

As we know, increasing memory budgets yields substantial perfor-

mance improvements: larger MemGraph sampling graphs provide

better performance gains, and allocating more memory to PQ en-

ables higher-dimensional quantized vectors, thereby improving

search accuracy. However, when memory headroom exists, the

question of how to optimally allocate budgets between PQ and

MemGraph warrants investigation.

Quantized coordinates require storing compressed representa-

tions for every vector in the dataset, achieving compression ratios

of tens-to-one compared to the original data, yet the resulting mem-

ory footprint remains substantial. In contrast, MemGraph samples

a small fraction of the original graph and stores only topological

information (no coordinate data), resulting in memory overhead

that is typically much smaller than PQ compressed coordinates.

Figure 14 compares performance under di�erent PQ coordinate

and MemGraphmemory budgets on the SIFT dataset. Two key obser-

vations emerge. First, under identical search conditions, increasing

PQ coordinate dimensions improves recall accuracy but has mini-

mal impact on throughput. Second, increasing MemGraph sampling

ratios (the �gure shows ratios of 1/10,000, 1/1,000, and 1/100) sub-

stantially improves throughput but has little e�ect on recall. At

high sampling ratios, further increasing the sampling frequency

yields diminishing performance returns.

Finding 6:When memory headroom exists, prioritize allo-

cating a modest budget to MemGraph sampling, then incre-

mentally increase PQ coordinate memory to achieve optimal

performance.

6.3 Graph Index Construction Overhead

As shown in Table 5, we evaluate the index construction over-

head, including build time, peak memory consumption during con-

struction, and index structure size (covering both on-disk index
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Table 5: Index Construction Overhead. Columns: BT = total build time (seconds), MaxM = peak memory consumption during

construction (GB), Disk = total on-disk index size (GB), Mem = total in-memory auxiliary structure size (GB).

SIFT DEEP SPACEV GIST
Method

BT MaxM Disk Mem BT MaxM Disk Mem BT MaxM Disk Mem BT MaxM Disk Mem

Baseline 8814 31.9 39.06 3.81 14960 41.5 65.11 3.82 9393 36.4 39.31 3.81 1135 14.25 5.1 0.2
Baseline + MemGraph 8817 31.9 39.06 3.84 14981 41.5 65.11 3.87 9398 36.4 39.31 3.84 1135 14.25 5.1 0.204
Baseline + MemGraph + PageShu�e 11095 87.7 39.06 4.61 17303 90.8 65.11 4.70 11760 109.66 39.31 4.61 1158 14.25 5.1 0.209

storage and in-memory auxiliary structures). The Baseline con�g-

uration represents DiskANN’s original disk structure construction.

Among the evaluated techniques, MemGraph and PageShuffle re-

quire additional o�ine preprocessing, while the other methods are

query-time optimizations that incur no extra construction over-

head. MemGraph constructs a small in-memory navigation graph by

sampling a subset of vertices; its total overhead is modest. However,

PageShuffle imposes substantial costs. First, the shu�ing phase

is time-consuming because it involves multiple iterations to solve

an NP-hard optimization problem. Second, its memory footprint is

large: the algorithm must load both the full graph and its reverse

graph into memory, signi�cantly increasing peak memory require-

ments—this constraint explains why our evaluation is limited to

datasets up to 100 million vectors. Additionally, since records are

reordered, the system must maintain an in-memory mapping struc-

ture between record IDs and page IDs, which further enlarging the

memory index footprint.

Finding 7: PageShuffle is both time-intensive andmemory-

intensive. If practitioners adopt PageShuffle to mitigate

DiskANN’s read ampli�cation by reorganizing page layouts, they

must allocate additional build time and carefully evaluate mem-

ory capacity constraints, particularly for large-scale deployments.

7 COMBINATION EFFECT EVALUATION

This section evaluates representative multi-factor combinations

across memory layout, disk layout, and search scheduling, reports

their cumulative e�ects and interactions, and compares the best

combination against state-of-the-art systems.

7.1 Combination Evaluation

7.1.1 Combination Design. To keep the study tractable and, more

importantly, interpretable, we select a small set of combinations

guided by three principles: (i) complementarity—prioritizing pairs

whose goals are orthogonal and therefore likely to yield synergy,

(ii) minimal stepwise deltas—adding at most one new factor at a

time so that marginal e�ects remain attributable.

Concretely, we exclude two techniques from the combination

space: AiS, which incurs substantial on-disk expansion and read am-

pli�cation; and SSSP-based Caching, which is less �exible in our

setting due to static entry-point dependency and is rarely adopted

in recent systems compared with MemGraph (cf. Table 2). As ref-

erences, we keep three single-factor baselines from §5: Baseline

(PQ), MemGraph, and DynamicWidth.

Based on these criteria, we instantiate �ve progressive combi-

nations beyond the PQ baseline to reveal cumulative e�ects and

potential con�icts/synergies. Speci�cally, we considerC1 (PS + PSe),

which enables PageShuffle and PageSearch on top of Baseline;

Table 6: Disk Metrics for �ve combination algorithms.

SIFT DEEP SPACEV GIST
IOPS BW IOPS BW IOPS BW IOPS BWMethod
(K) (MB/s) (K) (MB/s) (K) (MB/s) (K) (MB/s)

Baseline 791 3091 819 3200 768 3001 313 4889
MemGraph 818 3194 814 3181 813 3177 318 4973
DynamicWidth 796 3109 783 3063 765 2987 315 4930
PS+PSe 756 2954 809 3160 705 2755 309 4828
Pipe+DW 829 3238 827 3230 811 3166 321 5020
MemG+PS+PSe 751 2934 793 3099 683 2668 312 4872
MemG+Pipe+DW 818 3202 816 3189 826 3226 311 4951
MemG+PS+PSe+DW 704 2748 745 2910 643 2512 314 4909

C2 (Pipe + DW), which enables Pipeline and DynamicWidth on

top of Baseline; C3 (MemG + PS + PSe), which adds MemGraph

to C1; C4 (MemG + Pipe + DW), which adds MemGraph to C2; and

C5 (MemG + PS + PSe + DW), which combines MemGraph with PS,

PSe, and DynamicWidth. Pilot sweeps over additional permutations

(e.g., PS+DW, PSe+DW, PS+Pipe) did not change conclusions and

are omitted for brevity and space constraints.

7.1.2 Combination Optimization Performance Analysis. By examin-

ing Figures 15–16 and Table 6, we obtain three main observations:

PageShu�le + PageSearch exhibit strong complementarity. PS

increases the likelihood that useful candidates are colocated within

fetched pages; PSe then fully exploits each page by computing all

in-page records. As shown in Figures 15 and 16, under the same

! constraint, C1 attains higher recall (e.g., about a 10% gain on

SIFT); moreover, even at high-accuracy settings (e.g., ! = 100 with

Recall ≈ 98%), C1 still delivers roughly a 27% QPS improvement.

Adding MemGraph (a.k.a,C3) further reduces the number of required

hops by improving entry-point quality, compounding the bene�t.

Finding 8: PS + PSe deliver robust synergy: PS raises locality

while PSe raises per-page utility. Their goals are complemen-

tary, jointly mitigating locality waste and underutilized pages.

With MemGraph (C3), both throughput and latency improve fur-

ther (vs. PQ baseline at matched Recall@10).

Pipeline and DynamicWidth are complementary but not co-

equal. DynamicWidth substantially mitigates the useless page reads

induced by speculative I/O in pipeline search, making it a natu-

ral complement to Pipeline. In the single-factor results, Pipeline

alone underperforms the PQ baseline (see Figure 11); in the combi-

nation study, however, C2 improves over the baseline by roughly

38% at matched accuracy (Figure 15). Nevertheless, C2 still trails

the DynamicWidth-only con�guration, which is consistent with

Finding 5: under common high-concurrency conditions, Pipeline

is often counterproductive and should not be enabled. For high-

dimensional datasets, practitioners should tune the growth rate of

DynamicWidth to mitigate potential adverse e�ects.
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Figure 15: Recall–QPS trade-o�: �ve combinations (C1–C5) across four datasets.
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Figure 16: Latency–Recall@10 trade-o�: �ve combinations (C1–C5) across four datasets.

Finding 9: Pipeline and DynamicWidth are complementary,

but DynamicWidth dominates. C2 (Pipe + DW) improves over

the PQ baseline yet remains below DynamicWidth-only. Due to

speculative reads and contention, Pipeline is unsuitable under con-

currency; enable it only for single-thread, device-exclusive cases.

Full combination (C5) and de�nition of OctopusANN. Integrat-

ing MemGraphwith PageShuffle, PageSearch, and DynamicWidth

achieves the best overall results among the evaluated combina-

tions (throughput, latency, and I/O performance) under our set-

tings, while keeping resource overhead modest (see Figures 15–16

and Table 6). The gains arise from complementary e�ects—higher

page-level utilization (PS + PSe) and shorter convergence paths

(MemGraph + DynamicWidth)—that together amplify I/O e�ective-

ness. We refer to this full combination (C5) as OctopusANN. On

SPACEV, C5 attains up to a 133% improvement. The additional

cost is minor: small memory and disk overheads, plus extra o�ine

building time for page shu�e during index construction.

Finding 10: The multi-positive combination PQ + MemGraph

+ PS + PSe + DynamicWidth (C5) delivers the strongest overall

results with modest cost—small memory/disk overheads and extra

o�ine page shu�e time—while the online bene�ts dominate via

better page utilization and faster convergence (vs. PQ baseline at

matched Recall@10).

7.2 State-of-the-Art Comparison

We compare our best combination (OctopusANN, C5) against

state-of-the-art disk-based ANN systems at Recall@10=90%

and Recall@10=95%. The competitors include DiskANN [77],

Starling [88], and PipeANN [29]. At Recall@10=90%, Octopu-

sANN delivers 4.1–37.9% higher QPS than Starling, and 87.5–

149.5% over DiskANN (Figure 17). At the more stringent Re-

call@10=95%, the throughput advantage over Starling nar-

rows to 1.6–14.6% (Figure 18), indicating diminishing gains for

DynamicWidth at higher accuracy.
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Figure 17: QPS comparison of state-of-the-art algorithms at

90% recall across 4 datasets; OctopusANN vs. Starling (+16.8–

32.3%) and vs. DiskANN (+34.4–86.6%).
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Figure 18: QPS comparison of state-of-the-art algorithms at

95% recall across four datasets; OctopusANN shows higher

throughput.

Figure 19 shows the QPS comparison of four algorithms on the

top-100k dataset. The relative performance trends among algo-

rithms are similar to those observed for top-10 queries. However,

for high-recall requirements (e.g., Recall@100 > 90%), OctopusANN

shows less pronounced improvements. This is because the e�ec-

tiveness of DynamicWidth diminishes as the number of search iter-

ations increases, and top-100 queries typically require substantially

more iterations than top-10 queries.

OctopusANN breakdown analysis. To clarify the cumulative

e�ects of our systematic optimizations, Figure 20 presents a break-

down of the OctopusANN strategy and quanti�es each technique’s

incremental contribution to overall performance on SIFT dataset.

The leftmost bar denotes the baseline; subsequent bars add opti-

mizations cumulatively from left to right.
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The breakdown analysis reveals critical insights into our sys-

tematic optimization approach. The QPS improvements (left)

show that MemGraph provides the foundation with 54.2% im-

provement over baseline, followed by PageShuffle&PageSearch

(28.9%), and DynamicWidth (12.5%). The I/O performance analysis

(right) demonstrates dramatic reductions in read pages per query:

MemGraph reduces pages by 32.5%, PageShuffle&PageSearch by

28.3%, and DynamicWidth by 25.2%. This dual perspective validates

that performance gains stem from I/O optimization.

Finding 11: Systematic multi-dimensional optimization

is most e�ective at moderate accuracy: at 90% recall, Octo-

pusANN outperforms Starling by 4.1–37.9% and DiskANN by

87.5–149.5%, whereas at 95% recall the gains are limited.

7.3 Discussion

High-Dimensional Data and Page Size Trade-o�s. For high-

dimensional data (e.g., approaching or exceeding 1,000 dimensions),

the standard 4KB page size is insu�cient to store a single vec-

tor record, necessitating larger page sizes. Figure 21 compares the

QPS of Baseline and PS+PSe on the GIST dataset under 8 KB and

16KB page con�gurations, revealing three key trade-o�s. First,

optimization e�ectiveness varies signi�cantly: with 8KB pages,

PS+PSe provides no performance improvement because each page

accommodates only a single record, rendering intra-page shuf-

�ing ine�ective; conversely, 16 KB pages enable e�ective shuf-

�ing by holding multiple records per page. Second, index sizes

di�er substantially—7.7GB for 8 KB pages versus 5.1GB for 16 KB

pages—because the smaller page size incurs substantial storage

waste from unused space, while 16 KB pages accommodate three

records per page, reducing overhead. Third, despite the storage

ine�ciency, the 8 KB con�guration achieves better overall query

performance than 16KB because smaller pages reduce per-I/O la-

tency, even though they increase the total number of I/O operations.
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Figure 21: The impact of page sizes.
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Finding 12: For high-dimensional datasets, layout opti-

mizations become less e�ective.When each page holds fewer

vector records, PageShuffle+PageSearch may not provide sig-

ni�cant performance improvements. The I/O ampli�cation prob-

lem for high-dimensional data warrants further investigation by

the research community.

8 CONCLUSION

In this paper, we present an I/O-�rst, three-dimensional taxonomy

for disk-based ANN and show on 100M-scale datasets that com-

posing techniques across memory layout, disk layout, and search

enhances both QPS and end-to-end latency. To translate the �nd-

ings into practice, Figure 22 provides a concise decision guide. The

work�ow proceeds as follows: (i) when memory is su�cient, prefer

mature in-memory indexes (e.g., HNSW, Vamana); (ii) when mem-

ory is tight and fast cold-start is required, All-in-Storage is a

convenient choice despite higher on-disk expansion; (iii) for low-

dimensional datasets under relaxed accuracy targets, inverted-index

approaches such as SPANN can be a pragmatic choice; (iv) other-

wise, decide by concurrency—under low concurrency, PipeANN can

be competitive; under high concurrency, choose OctopusANN for

high Recall@10 or deploy a lightweight MemGraph when moderate

Recall@10 su�ces. This matches our empirical results and clari�es

when each method is the best �t.
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