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Graph-based Approximate Nearest Neighbor Search (ANNS) is a cornerstone of modern Al systems; however, its
practical utility is undermined by a severe long-tail latency problem in which outlier queries jeopardize Service-
Level Objectives (SLOs). This paper presents the first systematic study to establish the hubness phenomenon,
an intrinsic property of high-dimensional data, as the fundamental cause of this performance instability. Our
theoretical analysis reveals that hubness induces topologically skewed proximity graphs, characterized by
overly centralized hubs and isolated anti-hubs. This topological imbalance invalidates the greedy traversal
heuristic underpinning graph-based search, explaining why queries targeting anti-hubs become performance
outliers. We propose a unified framework that deconstructs mainstream ANNS algorithms, reinterpreting their
designs as a taxonomy of distinct hubness-mitigation strategies. Extensive experiments on datasets scaling up
to 100 million vectors validate this framework, linking an algorithm’s mitigation strategy to its effectiveness
in balancing graph topology and optimizing outlier performance. Furthermore, our analysis uncovers critical
design challenges, specifically the inherent trade-off between suppressing hubs and ensuring the reachability
of anti-hubs. Building on these insights, we introduce a hubness-aware pruning optimization that efficiently
refines graph topology. This approach yields performance improvements with negligible processing overhead,
validating the potential of designing robust graph-based ANNS indexes by integrating hubness information.
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1 Introduction

The proliferation of large-scale Al applications has established high-dimensional vector embeddings
as the de facto standard for representing complex data [47, 57, 61]. Efficient similarity search over
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Fig. 1. The outlier query phenomenon in graph-based ANNS. (a) The latency-recall trade-off on the GIST
dataset. (b) A conceptual illustration of hubness-induced search failure, where a high-degree hub captures
the greedy search path, isolating the true nearest neighbor (anti-hub).

these vectors is integral to foundational domains such as data mining [7, 11] and recommenda-
tion systems [46, 64]. More recently, the advent of Large Language Models (LLMs) has propelled
paradigms like Retrieval-Augmented Generation (RAG) to the forefront, creating a critical de-
pendence on high-performance vector search that is increasingly supported by vector database
systems [9, 51]. However, the inherent curse of dimensionality imposes a severe computational
bottleneck on exact nearest neighbor search [33], rendering it infeasible for production systems
governed by stringent real-time Service-Level Objectives (SLOs). Consequently, Approximate Near-
est Neighbor Search (ANNS) has emerged as an indispensable field of study, aiming to strike an
optimal balance between retrieval accuracy and query efficiency [5, 54, 58].

Among the spectrum of ANNS paradigms, graph-based algorithms have emerged as the dominant
approach [17, 26, 40, 44, 53, 63], consistently delivering state-of-the-art performance. These methods
operate in two distinct phases: offline index construction and online query processing. In the offline
phase, the dataset is organized into a proximity graph, where vertices represent data vectors and
directed edges denote proximity relationships. During the online phase, the search initiates at
predefined entry points and executes an iterative greedy traversal. In each step, the algorithm
transitions to the neighbor that minimizes the distance to the query, exploiting the geometric
gradient to steadily converge on the global nearest neighbors. The efficacy of this paradigm is
fundamentally predicated on the transitive proximity heuristic [13, 17]—the assumption that a
neighbor’s neighbor is likely also to be a neighbor.

Notwithstanding their demonstrated superiority, the practical utility of graph-based ANNS
algorithms is hampered by the long-tail latency problem [4, 18, 31, 50, 56]. In real-world deployments,
certain outlier queries exhibit substantially poorer performance than average. For these queries,
attaining the target recall requires disproportionately long graph traversals, manifesting as a severe
long-tail latency effect. This phenomenon is quantified in Figure la, which plots the latency-
recall trade-off on the GIST dataset for a sample of 100 typical and 100 outlier queries. While
typical queries achieve higher recall with only a moderate increase in latency, outlier queries
demand an order of magnitude higher computational cost to reach the same recall targets, revealing
a drastic performance disparity. This unpredictability poses a critical challenge to production
systems, where ensuring low tail latency is essential to meeting stringent Service-Level Objectives
(SLOs) [23, 25, 28, 34].

Prior work has sought to alleviate this performance instability along three complementary direc-
tions: (i) modeling and adapting to dataset-dependent difficulty [6, 12, 18], (ii) improving the graph
construction and search procedures [17, 36, 44], and (iii) reducing the computational overhead of
high-dimensional distance evaluations [1, 21, 52]. The first direction develops adaptive mechanisms
tailored to specific data distributions [18, 31]. The second direction refines algorithmic components,
including neighbor selection [17, 44] and routing strategies [36, 60]. The third direction leverages
compression techniques (e.g., product quantization) to accelerate distance computations [22, 27].
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Despite these efforts, outlier queries and the resulting long-tail latency remain persistent in prac-
tice [56]. This motivates a fundamental question: what intrinsic factor governs the long-tail latency
of graph-based ANNS?

To answer this question, we examine the traversal behavior of mainstream graph-based ANNS
algorithms on outlier queries. We find that the ground-truth nearest neighbors of these queries
exhibit atypical topological characteristics, which implicates the hubness phenomenon [15, 41, 45].
Hubness is an intrinsic property of high-dimensional data and is manifested in proximity graphs as a
highly skewed in-degree distribution, yielding two classes of vertices: hubs with disproportionately
large in-degrees and anti-hubs with near-zero in-degrees. This structural imbalance offers an
explanation for outlier queries (Figure 1b): when the true nearest neighbor is an anti-hub, greedy
traversal is repeatedly attracted toward nearby hubs that dominate local choices, resulting in
substantially longer search paths and the long-tail latency observed in practice (Figure 1a).

The intrinsic connection between outlier queries and hubness calls for a re-examination of
graph-based ANNS from a topological perspective. In this paper, we present the first systematic
study centered on this relationship. We first provide a theoretical analysis of how hubness shapes
proximity-graph topology and can undermine the greedy traversal heuristic. We then revisit
representative ANNS indexes through the lens of hubness and develop a unified framework that
views their designs as a sequence of hubness-mitigation strategies. Building on these insights, we
propose hubness-aware optimizations and distill practical implications for designing more robust
indexes. To facilitate reproducibility, all artifacts are publicly available!.

Our contributions are summarized as follows:

o We identify hubness as the root cause of outlier queries in graph-based ANNS and theoretically
show how it skews graph topology and breaks the greedy traversal heuristic.

o We reinterpret mainstream ANNS designs as a taxonomy of hubness-mitigation strategies,
providing a unified framework to analyze their strengths and limitations.

o We present an experimental study that empirically links hubness-mitigation efficacy to outlier-
query performance, confirming that topological balance is a governing predictor of search
efficiency.

e We propose a hubness-aware pruning optimization that leverages topological signals to refine
graph construction, yielding more balanced indexes and improved performance with negligible
indexing overhead.

o We distill key insights into the trade-off between reducing in-degree skewness and preserving
local connectivity, and derive practical implications for robust graph-based ANNS design.

The rest of this paper is structured as follows. Section 2 defines the greedy search process, outlier
queries, and hubness. Section 3 establishes the theoretical link between hubness, graph topology,
and greedy-search failure. Section 4 revisits mainstream ANNS indexes through the lens of hubness.
Section 5 provides empirical validation and evaluates our hubness-aware pruning optimization.
Section 6 discusses key insights and future directions, and Section 7 concludes the paper.

2 Preliminaries

This section establishes the formal foundation for graph-based Approximate Nearest Neighbor
Search (ANNS). We define the greedy search process and its properties, standardizing core termi-
nology such as local region and local proximity. We then empirically characterize the outlier-query
phenomenon that degrades performance stability and introduce the concept of hubness.

Thttps://github.com/H40NaN/Graph ANNS-Hubness
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Fig. 2. The long-tail latency phenomenon in graph-based ANNS. The distribution of per-query latency to
reach 99% Recall@10 on the GIST dataset is strongly right-skewed.
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Fig. 3. In-degree distributions across representative datasets. The stark shift from SIFT’s symmetric distribu-
tion to the right-skewed profiles of LAION and GIST highlights severe topological imbalance.

2.1 Graph-based Greedy Search

Graph-based methods [5, 8, 10, 59] are widely regarded as state-of-the-art solutions for high-
dimensional ANNS. They typically operate in two phases: offline index construction and online
search. In the construction phase, a dataset S = {x1,x5,...,x,} C RY is organized into a directed
proximity graph G = (V, E), where each vertex x, € V corresponds to a data point x; € S and
each edge (x,,x,) € E denotes that x, is selected as a neighbor of x;, under a similarity metric
d(+, -). Different graph-based indexes primarily differ in how they select and prune edges to obtain
a sparse yet navigable graph.

Given a query g € R?, online search traverses G to retrieve approximate nearest neighbors. For
subsequent analysis, we describe this procedure via three components:

o Entry Points. The search starts from a seed set S;.eq € V. While better seeds can speed up
convergence, the small-world property of modern indexes often enables effective and efficient
navigation even from random seeds.

o Greedy Search Path. The traversal induces a vertex sequence P = (xpo, Xppsenns xpT). At step t,
the algorithm explores the local region defined by the neighborhood N(x,,). The transition to
the next vertex x,,,, is governed by local proximity—specifically, the heuristic of selecting the
neighbor that minimizes the distance to q (i.e., xp,,, = argminyen(x,,) 6(¢v)). Ideally, this path
is monotonic [17], implying 8(q, x,,,) < 8(q, xp,)-

e Termination. The process stops at a local optimum x,- such that Vx, € N(x,), §(q,x,) >
5(q, xp+).

In practice, the greedy heuristic is commonly instantiated as beam search (Algorithm 1) to reduce
sensitivity to local optima. The algorithm maintains a priority queue of candidates keyed by 8(gq, -)
and a visited set. Iteratively, it expands the closest unvisited candidate, inserts its neighbors into
the queue, and prunes the queue to a fixed beam width L, finally returning the top-k results.

2.2 The Outlier Query Phenomenon

Although graph-based ANNS is efficient on average, it often exhibits long-tail latency in practice [50,
56]. In production settings, a subset of queries requires disproportionately high computation to
reach the same target recall, resulting in substantial performance variance and complicating the
enforcement of tail-latency Service-Level Objectives (SLOs), such as P99 latency.
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Algorithm 1: Greedy Search on a Proximity Graph

Input: A graph index G = (V, E); a query vector g; seed vertices Sgeeq; the number of results k;
beam width L (L > k).

Output: The set R of k approximate nearest neighbors to g.

// Initialize candidates with seeds
1 Let C4 be a priority queue initialized with Sgeq;
2 Let Vyisirea = 0 be the set of visited vertices;
Let R be a result set, initially empty;
while C; is not empty do
xp+ < Cq.pop() ; // Extract the closest candidate
if x,+ has been visited then

L Continue;

Vvisifed-add(xp*); ﬁ.add(xp*);
9 if |R| > k then

10 L R remove(farthest vertex from qQ);

NN G e W

// A common termination condition
11 if 6(q, xp+) > 8(q, farthest vertex in R) and |R| == k then

12 L Break;

13 for Vx, € Noyu:(xp+) do // Explore neighbors
14 if x, € Vyisiteqa then

15 Cq-add(v);

16 if |Cy| > L then

17 L Cq-remove(farthest vertex from g);

18 return The k vertices in R closest to q;

Figure 2 illustrates this phenomenon on the GIST dataset. For three representative algorithms,
the per-query latency to achieve 99% Recall@10 is strongly right-skewed: most queries complete
quickly, whereas a small set of outlier queries incur substantially higher latency than the median.
The consistent presence of such outliers across algorithms suggests that long-tail latency is intrinsic
to greedy graph traversal rather than an implementation artifact. Our goal is to characterize this
behavior and analyze its root cause.

2.3 The Hubness Phenomenon

We posit that the hubness phenomenon underlies the outlier-query problem. In high-dimensional
spaces, hubness is an effect in which the distribution of nearest-neighbor occurrences becomes
skewed, so that a small fraction of points appear disproportionately often in other points’ k-NN
lists [45, 49]. To make this notion precise, we formalize hubness using the concept of k-occurrence.

DEFINITION 1 (k-OCCURRENCE). Given a dataset S = {xy,...,x,} C R? and a similarity metric
8(+,-), the k-occurrence of a point x; € S, denoted Ny (x;), represents the frequency with which x;
appears in the k-nearest neighbor (k-NN) lists of other points in S. Formally:

n

Ne(xi) = > I(x; € k-NN(x;), (1)

J=Lj#i
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where I(-) is the indicator function and k-NN(x;) denotes the set of k-nearest neighbors of x;. In the
context of a k-NN graph constructed on S, Ni.(x;) corresponds precisely to the in-degree of vertex x;.

This skewness in the Ny distribution induces a clear topological dichotomy: hubs, which have
disproportionately large Nj values (high in-degree), and anti-hubs, which have negligible Ny values
(often close to zero) and are therefore topologically isolated.

To quantify the severity of hubness, we measure the skewness of the Ny distribution via its
standardized third moment [45, 48]:

3

gy, = FLN = p)*] o

N
Here, yn, and o, are the mean and standard deviation of N, respectively. Larger positive values of
Sn, indicate stronger right-skewness (i.e., a heavier right tail) and thus more pronounced hubness.
As shown in Figure 3, the effect becomes increasingly salient as dimensionality grows: the SIFT
dataset exhibits an approximately symmetric in-degree distribution, whereas LAION and GIST
display markedly right-skewed distributions with substantially higher skewness. These observations
confirm that hubness is an intrinsic topological property of high-dimensional data and motivate

examining its implications for greedy graph traversal.

3 Theoretical Analysis of Hubness on Graph Traversal

This section provides a theoretical analysis of how hubness distorts proximity-graph topology. We
show that hubness undermines the transitive proximity heuristic guiding greedy traversal, providing
a foundation for the outlier-query phenomenon.

3.1 Proximity Graphs in Idealized Low-Dimensional Settings

As a baseline, we consider low-dimensional data S = {x1,...,x,} C R? with small d, where points
are drawn i.i.d. from a well-behaved distribution (e.g., a unimodal Gaussian [42]). In this regime,
k-NN occurrences are approximately uniform across points, so the in-degree distribution P(Ny)
of the k-nearest neighbor graph (KNNG) concentrates around its mean and resembles that of an
Erd6s-Rényi (ER) random graph G(n, p) [14].

DEFINITION 2 (ERDOS-RENYI RANDOM GRAPH [19]). The G(n, p) model describes a probability
distribution over graphs with n vertices, where each potential edge is included independently with a
fixed probability p.

In low-dimensional settings, the KNNG exhibits ER-like topology, including short average path
lengths and high clustering coefficients—i.e., small-world structure [29, 39, 40]. This regularity
supports the transitive proximity heuristic [13]: if x,, is close to x, and x, is close to x,,, then x,, is
likely close to x,.

In an ER-like topology, the heuristic is effective because a vertex’s neighborhood is a statistically
representative sample of its local region. Consequently, local proximity—selecting the neighbor
that minimizes the distance to the query—tend to move the search toward the global target. This
consistency yields an approximately monotonic trajectory and enables efficient convergence without
being confounded by topological irregularities.

3.2 Topological Distortion

The topological homogeneity observed in low-dimensional settings degrades significantly under the
influence of the curse of dimensionality. This distortion is primarily governed by the phenomenon
of distance concentration: as d — oo, the distribution of pairwise distances becomes increasingly
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concentrated, causing the ratio of standard deviation to mean, o /ia, to converge to zero [30]. While
this implies that points become metrically equidistant in a relative sense, the remaining variations
in distance are not random. Instead, they are systematically dictated by the high-dimensional
geometry. A seminal result by Radovanovic et al. [45] demonstrates that high dimensionality
disproportionately amplifies the metric advantage of points located near the geometric center of
the data distribution.

LEMMA 1 (AMPLIFICATION OF SPATIAL CENTRALITY [45]). Let x, and x, be two points in R drawn
i.i.d. from a unimodal distribution (e.g., a Gaussian), with x, closer to the distribution mean than xp.
Let 5(x, S) denote the expected distance from x to all other points in S. Then the gap in their average
distances, AS = §(xp, S) — 5(x4,S), is a monotonically increasing function of d for sufficiently large d.

This lemma formalizes spatial centrality: points nearer the data mean are, on average, closer to
other points, and this advantage strengthens with increasing d. In a KNNG, this geometric bias
induces a strongly right-skewed in-degree distribution, as central points are more likely to appear
in many k-NN lists. As a result, the topology departs from the homogeneous ER model and becomes
polarized into high-degree hubs and near-isolated anti-hubs.

3.3 Hubness-Induced Search Failure

The topological imbalance induced by hubness invalidates the transitive proximity heuristic dis-
cussed in Section 3.1. As dimensionality increases, the graph departs from an approximately
homogeneous ER-like regime and becomes increasingly centralized. In this topology, hubs act as
attractors that bias greedy transitions, making local proximity a poor predictor of global progress.

3.3.1 Hub Capture. A greedy search path is susceptible to being captured by a hub. At each step
t, the algorithm selects the next vertex x,,,, from the current neighborhood N(x,,) according to
local proximity. A hub vertex x; functions as a topological attractor for this process due to the
combination of high spatial centrality (a geometric property) and high in-degree (a topological

property).

TuHEOREM 1 (HUB CAPTURE). In a KNNG exhibiting hubness, let x,,, denote the current vertex in a
greedy traversal. Conditioned on a hub xy, € N(xp,), the probability of selecting it next, P(xp,,, = xp |
xp € N(xp,)), approaches 1 as the spatial centrality of x;, increases relative to the other candidates in
N(xp,).

Proor SkeTcH. The event x,,,, = x;, occurs when §(g, xp,) is smaller than §(qg, x,) for all other
candidates x, € N(x,,) \ {x1.}. Due to its high spatial centrality, §(g, x;,) is drawn from a distribution
with a smaller mean than those of less-central neighbors. As d increases, Lemma 1 amplifies this
mean separation, while distance concentration shrinks the variance, so x; becomes the argmin
with probability approaching one. Finally, the hub’s high in-degree increases the likelihood that x;
appears in N(x,,), making capture prevalent. A formal proof is provided in Appendix A.1'. O

3.3.2  Anti-hub Isolation. Hub capture exacerbates the isolation of anti-hubs. Let x, denote an
anti-hub that is the true nearest neighbor of a query g. By definition, x, has negligible in-degree
Ni(x4), and thus a small gateway set Vgare = {xy € V' | (x0, x4) € E}. Therefore, a greedy search
can reach x, only if its trajectory intersects Vgate.

THEOREM 2 (ANTI-HUB ISOLATION). Let x, be an anti-hub with gateway set Vyqe. For a greedy
search path P = (xp, Xp,, . . ., Xp;) of length T, the probability of hitting Veare, P(3t < T : xp, € Vgate),
approaches 0 as the skewness of the in-degree distribution Sy;, increases.
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Proor SKeTcH. We model the greedy search as a stochastic process on the graph G. The premise
of high in-degree skewness (S, ) implies a high variance in spatial centrality across vertices (per
Lemma 1). This variance introduces a systematic bias into the transition probabilities at each step,
heavily favoring transitions toward high-centrality hubs. This functional bias partitions the graph
into a strongly attractive core (hubs) and a weakly connected periphery (where Vg4 resides). For a
search of finite length, the probability of navigating into the low-density gateway set before being
absorbed by a hub’s basin of attraction vanishes as skewness intensifies. This dynamic renders
the anti-hub topologically unreachable via greedy traversal. (See Appendix A.2! for the formal
derivation.) )

4 Revisiting Graph-based Algorithms through the Lens of Hubness

Building on Section 3, we revisit mainstream graph-based ANNS algorithms through the lens of
hubness. We argue that their effectiveness depends largely on how they (often implicitly) counteract
hubness-induced distortions during index construction. As summarized in Figure 4, we organize
existing methods by increasing mitigation complexity and analyze how their designs shape two
core stages: candidate acquisition (neighbor discovery) and neighbor selection (edge pruning). This
perspective yields a unified framework that traces the progression from topological diversification,
to parameterized pruning, and finally to data-driven adaptivity.

4.1 Topological Diversification

HNSW (Hierarchical Navigable Small World graph) [40] and NSG (Navigating Spreading-out
Graph) [17] constitute the foundational tier of our hubness mitigation taxonomy (Figure 4). Their
primary design objective is to enforce local topological diversification. While often framed in
literature as a means to improve graph navigability via small-world shortcuts [43, 55], we reinterpret
their neighbor selection mechanism as a direct, albeit implicit, countermeasure to hub capture,
functioning by breaking the edge concentration that naturally accumulates around high-centrality
nodes.

4.1.1 Core Mechanism. Both HNSW and NSG employ a pruning heuristic derived from the Mono-
tonic Relative Neighborhood Graph (MRNG) [17, 24, 54]. For a node x,, and a candidate neighbor
x;, the edge (x, x;) is retained only if no existing neighbor x; € N(x,) provides a shorter route to
xj, i.e.,

Vxj € N(xp), (xp,x;) < 8(xj,x;). (3)

HNSW applies this rule online during incremental, layer-wise construction: after collecting can-
didates via greedy search, it prunes them to avoid redundant connections within a single dense
cluster. NSG applies the same principle offline as a refinement step: starting from an approximate
KNNG, it prunes each node’s candidate pool to break dense edge concentrations around hubs and
improve angular coverage.

4.1.2  Hubness Mitigation Analysis. The MRNG rule counteracts the amplification of spatial cen-
trality (Lemma 1) by suppressing redundant connections to hubs. In a standard KNNG, a hub
attracts edges largely because it is close to many points (i.e., it frequently minimizes §(xp, Xpup))-
Under MRNG pruning, this distance advantage is insufficient: even when x4, is close to x,, the
edge is removed if an existing neighbor x; € N(x,) provides a shorter route to the hub (i.e,
6(xj, Xpup) < 8(xp, Xpup)). This occlusion rule filters geometrically redundant edges, limits hub
in-degree growth, and promotes spatially diverse neighborhoods. As a consequence, the in-degree
distribution becomes less skewed, reducing hub-induced trapping and improving reachability of
peripheral regions.
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Table 1. Hubness mitigation strategies in representative graph-based ANNS algorithms.

Strategy |Algorithm| Core Mechanism Hubness Mitigation Interpretation Mitigation Focus
Topological | HNSW I.ncremental Buil.d Enforces spatial (%iversity of neighjbors via MRNG rule, Hub Capture
Diversification with MRNG Pruning| preventing over-connection to hubs
i KNNG Refinement Applies MRNG rule to diversify a dense graph,
NSG . . . . . Hub Capture
with MRNG Pruning| dismantling clusters around existing hubs
Parameterized| Vamana Relaxed MRNG Rule Reta%ns long-range edge's to creat§ Anti-hub Isolation
Prunin (ar-parameter) navigational shortcuts to distant regions
u
& Relaxed MRNG Rule|  Ensures guaranteed traversal progress per hop, . .
-MG . ; . Anti-hub Isolation
(r-monotonicity) creating reliable paths to remote nodes
Data-Driven LSG Locgl Den51ty—b'ased Reshapes metric space to make a}n'tl—h.ubs more Hl.lb Capture &
Adaptivit Distance Scaling competitive and hubs less competitive in selection |Anti-hub Isolation
pvity . Connectivity-based Boosts candidate search for anti-hubs and Hub Capture &
Vista . . . . . .
Resource Allocation| actively manages high-degree node connections  |Anti-hub Isolation

4.2 Parameterized Pruning

Vamana [26] and the 7-monotonic graph (7-MG) [44] form the second tier of our taxonomy (Figure 4).
They move beyond strict diversification by introducing parameterized pruning rules. This shift is
consequential: rather than solely suppressing hubs through occlusion, these methods relax pruning
to preserve long-range edges, thereby mitigating anti-hub isolation (Theorem 2) and improving
reachability of sparsely connected regions.

4.2.1 Core Mechanism. Vamana implements parameterized pruning through a two-stage construc-
tion governed by a relaxation parameter « > 1. In the first stage (¢ = 1), it applies strict MRNG
pruning to obtain a locally diversified graph. In the second stage (& > 1), it relaxes occlusion: the
edge (x,, x;) may be retained even when a neighbor x; is closer to x;, provided that

O(xp, x1) < a - 6(xj, x;).

(4)
This multiplicative relaxation preserves long-range edges that would otherwise be removed by

local neighbors. In contrast, 7-MG uses an additive relaxation motivated by r-monotonicity. It
retains (xp, x;) as long as the detour penalty is bounded by

6(xp, x;) < 8(xj,x;) +37, T20.

®)
This criterion enforces a minimum rate of progress per hop, yielding traversal paths that are less
susceptible to local detours.

4.2.2  Hubness Mitigation Analysis. Both methods mitigate anti-hub isolation by relaxing MRNG
pruning to preserve long-range edges that connect vertices to sparsely connected regions. Despite
this shared objective, their mechanisms differ. Vamana’s multiplicative relaxation () preferentially
retains long hops that act as navigational shortcuts, reducing the number of steps required to reach
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isolated nodes. By contrast, 7-MG’s additive relaxation (r) is coupled with a progress guarantee,
biasing the traversal toward consistent distance reduction and lowering the risk of stalling in local
optima before reaching an anti-hub.

4.3 Data-Driven Adaptivity

LSG (Local Scaling Graph) [50] and Vista [18] comprise the third tier of our taxonomy (Figure 4),
shifting from uniform geometric heuristics to data-driven adaptivity. Rather than applying a single
pruning rule globally, these methods exploit per-node proxies inferred from the data (e.g., local
density or preliminary connectivity) to modulate construction decisions. This design explicitly
recognizes spatial heterogeneity in high-dimensional data and allocates connectivity accordingly.

4.3.1 Core Mechanism. LSG mitigates hubness by re-scaling the metric using a local-density proxy,
since anti-hubs tend to lie in sparse regions. For each point x;, it computes the average k-NN
distance y; and defines a locally scaled distance

A 4
015 (x5, x5) = 6(x;, x5) - (H—) , (6)
Hiflj
where [ is the global mean of ;. This transformed metric then governs candidate acquisition and
pruning, reducing density-induced bias in neighbor selection.
By contrast, Vista adopts connectivity-guided resource allocation. It uses the in-degree of an initial
approximate KNNG as a proxy for hubness and expands the candidate budget for low-connectivity
nodes (potential anti-hubs) via

C; =L+ (L — min(L, Nr(x;))), (7)

where L is a baseline budget. It further applies dynamic edge exchange to reroute outgoing edges
from high-degree nodes, limiting their centralizing effect while preserving global connectivity.

4.3.2  Hubness Mitigation Analysis. Both methods mitigate hubness by adapting construction to
local data characteristics. LSG intervenes at the metric level: its local scaling reduces density-induced
distance disparities (Lemma 1), which in turn suppresses the emergence of extreme in-degree skew.
Vista intervenes at the topology level: using preliminary connectivity as feedback, it selectively
strengthens anti-hub gateway sets (Theorem 2) while constraining the influence of hubs (Theorem 1).
Together, these designs highlight a common principle: effective mitigation requires non-uniform
construction rules that reflect the inherent heterogeneity of high-dimensional data.

4.4 Summary

Table 1 summarizes mainstream graph-based ANNS designs within a taxonomy of hubness mitiga-

tion. The taxonomy highlights an increasing level of control over topological skew:

e Topological Diversification. HNSW and NSG use rigid geometric occlusion to implicitly
suppress hub formation and maintain basic navigability.

e Parameterized Pruning. Vamana and 7-MG relax occlusion to preserve long-range shortcuts,
improving reachability of isolated anti-hubs.

e Data-Driven Adaptivity. LSG and Vista use distributional proxies to modulate construction
decisions, enabling fine-grained and asymmetric topology control.

This perspective clarifies the design logic of existing methods and motivates the next step: explicit
hubness-aware optimizations that leverage direct topological signals to refine the index.
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Table 2. Overview of benchmark datasets.

Dataset Size Dim. #Queries Type

SIFT? 1IM~100M 128 10,000 Image Features (SIFT)
LAION® 1M~100M 768 10,000 Image Embeddings (CLIP)

GIST* 1M 960 1,000  Image Features (GIST)
DBPedia® 0.99M 1,024 10,000 Text Embeddings (OpenAl)
Yelp® 1M 3,072 10,000 Text Embeddings (Gemini)

5 Experimental Evaluation

This section empirically validates the theoretical framework and mitigation strategies established
in Sections 3 and 4. We structure our evaluation around four research questions:

e RQ1: How do intrinsic data properties (e.g., dimensionality) influence the emergence and severity
of topological skew in proximity graphs? (Section 5.2)

o RQ2: To what extent does topological imbalance explain the performance degradation incurred
by outlier queries? (Section 5.3)

e RQ3: Do current mitigation strategies derive their efficiency gains from the restoration of
topological balance? (Section 5.4)

o RQ4: Can we leverage explicit hubness signals to refine graph topology and optimize search
performance? (Section 5.6)

5.1 Experimental Setup

5.1.1 Evaluation Environment. To ensure fair and reproducible comparisons, we implemented
all methods within a unified evaluation testbed. All experiments were run on a dedicated server
equipped with an Intel Xeon Platinum 8375C CPU (2.90 GHz) and 1 TB of RAM. The codebase was
compiled with GCC 13.3.0 under the -03 optimization flag. To eliminate I/O effects, both index
construction and search were executed fully in memory, using 128 threads for indexing and 10
parallel threads for query execution.

5.1.2  Datasets. We evaluate five public benchmark datasets (Table 2), with sizes ranging from
1M to 100 M vectors. The collection includes classic computer-vision descriptors (SIFT and GIST)
as well as modern foundation-model embeddings (LAION, DBPedia, and Yelp). Together, these
datasets cover a broad spectrum of intrinsic properties, with ambient dimensionalities from 128 to
3,072, enabling evaluation across heterogeneous data distributions.

A key objective of our analysis is to characterize performance heterogeneity across queries,
emphasizing topologically challenging cases. To this end, we partition each workload based on
inherent geometric difficulty rather than algorithm-specific artifacts. We first construct a control
baseline: a standard KNNG generated via brute force, with no heuristic pruning or hubness-
mitigation mechanisms, and run the full query set on this vanilla index. We then label the slowest
50% of queries (by search latency) as outlier queries (OQ) and the remaining 50% as typical queries
(TQ). This procedure isolates query difficulty attributable to the underlying data geometry.

Zhttp://corpus-texmex.irisa.fr/

Shttps://sisap-challenges.github.io/2024/datasets/

“https://www.cse.cuhk edu.hk/systems/hash/gqr/datasets.html
Shttps://huggingface.co/datasets/filipecosta90/dbpedia-openai- 1M-text-embedding-3-large-1024d
®https://huggingface.co/datasets/okay124/yelp-review-gemini-embedding

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 243. Publication date: June 2026.


http://corpus-texmex.irisa.fr/
https://sisap-challenges.github.io/2024/datasets/
https://www.cse.cuhk.edu.hk/systems/hash/gqr/datasets.html
https://huggingface.co/datasets/filipecosta90/dbpedia-openai-1M-text-embedding-3-large-1024d
https://huggingface.co/datasets/okay124/yelp-review-gemini-embedding

243:12 Xiaoliang Xu, Haonan Dai, Can Li, Mengzhao Wang, and Qiang Yue

1.0 7 1.0 1.0
—— Hubs F4
w --- Anti-hubs/’ w W
Qo5 Qo5 8 0.5
0.0 250 500 750 0'%.5 1.0 1.5 0.00
Distance Distance Distance
(a) SIFT (b) LAION (c) GIST
1.0 1.0
o o
o 0.5 o 0.5
0'QI.O 1.2 1.4 0'?).5 1.0 1.5
Distance Distance
(d) DBPedia (e) Yelp

Fig. 5. Distance distributions for hubs versus anti-hubs. The CDF illustrates the L, distances to randomly
sampled reference points. Notably, hubs consistently exhibit smaller distance compared to anti-hubs.

5.1.3 Compared Algorithms. We evaluate representative graph methods that cover the main
hubness-mitigation strategies:

e HNSW [40]7 and NSG [17]%. They use implicit geometric occlusion to suppress hub formation.

e Vamana [26]° and 7-MG [44]°. They utilize parameterized pruning to improve anti-hub reach-
ability.

e LSG [50]!! and Vista [18]'2. They leverage distributional proxies to dynamically modulate the
topology.

We use publicly available implementations whenever possible and integrate them into a unified

testbed. Since Vista has no public codebase, we re-implemented it according to the paper on top

of NSG. Unless stated otherwise, we set the maximum out-degree to R = 32 and the number of

returned results to k = 10; all remaining hyperparameters follow the official recommended settings.

5.1.4  Evaluation Metrics. We evaluate search quality, efficiency, and the resulting index topology.
Unless stated otherwise, all experiments use Euclidean (L;) distance, following common prac-
tice [5, 32, 54]. Our findings are not specific to Ly, since maximum inner product search (MIPS)
and cosine similarity can be reduced to nearest-neighbor search in a metric space via standard
transformations [10, 20]. (i) Search quality. We report Recall@k, defined as the fraction of the
true top-k neighbors retrieved. We also report the average distance ratio (ADR), computed as
the mean distance of retrieved neighbors divided by that of the ground-truth neighbors; values
closer to 1 indicate better approximations. (ii) Search efficiency. We report the number of distance
computations (NDC) as an implementation-independent proxy for computational cost [16].We
further report query latency (mean and tail, including P99.9) and throughput (queries per second,
QPS). We also record hops, i.e., the number of edge traversals per query. (iii) Index topology. To
quantify hubness, we compute k-occurrence (Ny), i.e., the number of times a point appears in
other points’ k-NN lists (equivalently, its in-degree). We additionally report the skewness Sy, (the
standardized third moment of the Nj distribution), where larger positive values indicate stronger
hub domination.

"https://github.com/nmslib/hnswlib
8https://github.com/ZJULearning/nsg
“https://github.com/microsoft/Disk ANN
Ohttps://github.com/csypeng/taumng_sigmod
Uhttps://github.com/19-hanhan/LSG
2https://github.com/YujianFu97/Vista- Technical-Report
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Table 3. LID statistics across benchmark datasets.

SIFT LAION GIST DBPedia Yelp

25% 15.18 17.26 34.05 21.15 26.51
50% 19.00 24.02 46.49 27.25 35.64
75% 23.22 33.22 57.24 34.13 44.54
Mean 19.42 27.52 45.62 27.96 35.84

5.2 Intrinsic Data Properties

We establish that hubness is not merely an algorithmic artifact but an intrinsic property of the
underlying data manifold. We support this claim through two complementary analyses: (i) we
use local intrinsic dimensionality (LID) to quantify manifold complexity and relate it to hubness
severity; and (ii) we examine the geometric disparity between hubs and anti-hubs to empirically
corroborate the amplification of spatial centrality (Lemma 1).

5.2.1 Intrinsic Dimensionality Analysis. A dataset’s susceptibility to hubness is primarily deter-
mined by the intrinsic dimensionality of its underlying manifold rather than by its ambient dimen-
sion. We quantify intrinsic dimensionality using Local Intrinsic Dimensionality (LID), estimated
with the Maximum-Likelihood Estimator (MLE) [2, 3]. For a point x, LID is defined as

ITI]\)(x)— —lzkllo ri(x) )
=1 % g ; ®)

— " r(x)

where r;(x) is the distance from x to its i-th nearest neighbor. Larger LID means sparser neighbor-
hoods [2], worsening topological skew.

Table 3 reveals a complexity ordering that is not aligned with ambient dimensionality. For example,
GIST (ambient d = 960) has a substantially higher mean LID (45.62) than Yelp (ambient d = 3072,
mean LID 35.84). This observation supports our claim that intrinsic dimensionality, rather than
ambient dimension, better captures the geometric distortion that drives hubness. Beyond the mean,
heterogeneity also matters: GIST exhibits both the highest mean LID and the largest interquartile
range (IQR = 23.19), indicating pronounced non-uniformity across the manifold, whereas SIFT
has a lower mean LID (19.42) and a smaller IQR (8.04). Such heterogeneity naturally separates the
manifold into dense, low-LID regions (hubs) and sparse, high-LID regions (anti-hubs) [49].

5.2.2  Geometric Disparity of Hubs and Anti-hubs. To empirically validate the spatial-centrality
principle, we analyze distance distributions for topologically distinct nodes. We partition each
dataset by k-occurrence, selecting the top 0.01% as hubs and the bottom 0.01% as anti-hubs, and
compute their distances to a random sample of 100,000 reference points.

As shown in Figure 5, the Cumulative Distribution Functions (CDFs) exhibit a clear geometric
stratification. The hub distance profiles (solid blue lines) are consistently shifted left relative to
those of anti-hubs (dashed red lines), indicating smaller mean distances. This confirms that hubs
are geometrically more central, whereas anti-hubs lie closer to the periphery. Such a positional
difference provides a geometric basis for in-degree skew: central points are more likely to “capture”
greedy search trajectories. The magnitude of the separation correlates with intrinsic complexity.
On the high-LID GIST dataset (Figure 5c), the gap is stark: the hub median distance is smaller than
the anti-hub 25th-percentile distance. In contrast, on the low-LID SIFT dataset (Figure 5a), the
CDFs are crossed with each other, indicating a weaker geometric hierarchy. Overall, these results
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Fig. 6. Performance gap between Outlier Queries (OQ) and Typical Queries (TQ) on the GIST dataset.
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Fig. 7. Multi-dimensional performance analysis of search on a baseline KNNG for the GIST dataset.

support our hypothesis that intrinsic manifold complexity—in particular, heterogeneity—induces a
center—periphery structure that impairs graph traversal.

5.3 Impact of Hubness on Search Performance

We evaluate the impact of hubness on search performance, focusing on two key dimensions: the
stability of query performance and the efficacy of mitigation strategies.

5.3.1 Performance of Outlier Queries. We first quantify the performance instability induced by
topological skew. Figure 6 illustrates the NDC-Recall trade-off for typical (TQ) versus outlier (OQ)
queries on GIST, revealing a pervasive “stability gap” across all algorithms. Achieving high recall
for OQs necessitates a disproportionate computational budget—often an order of magnitude higher
than for TQs. For instance, with HNSW (Figure 6a), 90% recall costs ~1,500 NDCs for TQs but surges
to over 5,000 for OQs. This consistent disparity identifies hubness as a factor that compromises
performance stability, even in state-of-the-art methods.

To dissect the sources of this instability, we analyze an unoptimized KNNG baseline. Results
on GIST (Figure 7) show that OQs degrade performance across all metrics. User-facing metrics
deteriorate markedly: both mean and P999 latencies increase substantially for OQs (Figures 7a
and 7b), which in turn reduces throughput (QPS; Figure 7c) and threatens stringent service-level
objectives (SLOs). Internal metrics expose the underlying cause. To achieve comparable recall, OQs
require longer graph traversals (hops; Figure 7d) and more distance computations (NDC; Figure 7e).
Moreover, the penalty extends to result quality: at the same computational cost, OQs yield a higher
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Fig. 8. Search performance comparison of graph-based algorithms across million-scale datasets.

average distance ratio (ADR), indicating a poorer approximation of the true nearest neighbors
(Figure 7f). These results confirm that greedy traversal becomes both inefficient and inaccurate
when navigating toward OQs.

5.3.2  Efficacy of Mitigation Strategies. We assess the effectiveness of various mitigation strategies
in reducing performance instability, with a particular focus on outlier queries. Figure 8 summarizes
the performance on the 1M-scale datasets, plotting throughput (QPS), mean latency, and NDC against
recall.
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Fig. 9. NDC-Recall performance on larger datasets.

A performance hierarchy emerges, the distinctness of which is governed by both the sophistica-
tion of the mitigation strategy and the inherent complexity of the dataset. First, across all datasets
and metrics, the KNNG (red squares) consistently exhibits the worst performance. This significant
disparity highlights that unmitigated hubness presents a topological barrier to search efficiency;
without algorithmic intervention to optimize the index, achieving high recall incurs prohibitive
computational costs. Second, among the graph-based algorithms, a positive correlation is observed
between the adaptability of the mitigation strategy and search efficiency, although the magnitude
of this improvement is dataset-dependent.

On datasets with lower intrinsic dimensionality, such as SIFT (Figures 8a—c), the performance
curves of different algorithms are tightly clustered. This indicates that when hubness is mild, the
specific choice of mitigation strategy yields only marginal differences, and data-driven adaptivity
provides limited benefits over standard topological diversification (e.g., HNSW and NSG). In contrast,
on topologically complex datasets such as GIST (Figures 8g—i) and Yelp (Figures 8m-o), the hierarchy
becomes pronounced. Here, data-driven algorithms (LSG and Vista) demonstrate a clear advantage
over static methods, achieving materially higher QPS and lower latency at high recall levels (e.g.,
99%). This divergence underscores that static geometric heuristics become insufficient as intrinsic
complexity increases. The superior performance of LSG and Vista on complex workloads can be
attributed to their capacity to adaptively modify graph topology.

Our large-scale evaluation (up to 100M vectors; Figure 9) reveals that scaling amplifies topological
imbalance and exposes performance differences that are less apparent at 1M. For example, on SIFT,
methods with similar performance at 1M diverge significantly at 100M (Figure 9b), indicating
that even mild irregularities accumulate as graph size increases. Additionally, the KNNG remains
the least efficient at all scales, reinforcing that unmitigated hubness is a scalable bottleneck that
requires explicit mitigation.

5.4 Topological Analysis of Graph Indexes

We analyze the index topology to answer whether performance improvements can be attributed to
hubness mitigation.
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Fig. 10. In-degree (k-occurrence) distributions across five datasets, visualized as violin plots. The plots
illustrate the topological balance achieved by each algorithm; narrower, less skewed distributions indicate
more effective hubness mitigation.

Table 4. In-degree skewness (Sn, ) comparison across the evaluated graph indexes. Lower values indicate a
more balanced topology.

Dataset KNNG HNSW NSG Vamana 7-MG Vista LSG
SIFT (1M) 1.02 0.85 0.27 0.96 0.27 035 0.31
SIFT (10M) 0.94 1.00 0.31 0.79 0.31 0.29 0.36

SIFT (100M) 0.96 1.07  0.34 0.88 034 032 043
LAION (1M) 1.32 0.54 0.29 0.90 0.18 0.42 0.64
LAION (10M) 1.41 0.56  0.32 0.92 024 049 0.64
LAION (100M) 1.46 0.58 0.51 1.03 049 0.75 0.58

GIST 2.15 0.98  0.81 1.68 131 0.84 0.59
DBPedia 0.68 0.99 0.34 0.82 0.62 030 0.57
Yelp 1.44 0.99  0.37 1.29 0.90 0.68 0.57

5.4.1 In-Degree Distribution. We examine in-degree distributions, which directly quantify hubness
in the graph topology. To enable stable comparisons across methods, we reduce sensitivity to
extreme values by trimming the top and bottom 3% of nodes by in-degree in each graph before
computing skewness.

Figure 10 and Table 4 show a clear trend toward stronger topological control. The KNNG exhibits
highly skewed in-degrees (e.g., 2.15 on GIST), indicating that naive construction largely inherits
the dataset’s geometric imbalance. HNSW and NSG substantially reduce skewness on GIST to 0.98
and 0.81 via MRNG-style pruning. As summarized in Table 5, this improved balance is achieved
with sparser graphs, suggesting that pruning primarily removes redundant edges that over-connect
hubs. Vamana and 7-MG introduce a different trade-off: by relaxing the MRNG criterion to retain
longer-range edges, they improve anti-hub reachability but may suppress hubs less aggressively
(e.g., Vamana reaches 1.68 on GIST). In contrast, LSG and Vista employ data-driven strategies
to adaptively regulate topology; for instance, LSG reduces GIST skewness to 0.59, aligning with
its superior search performance. However, skewness reduction does not translate directly into
performance gains. This is due to the tension between in-degree skewness and local connectivity:
excessive hub suppression may remove locally valuable edges and hinder greedy traversal. Thus,
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Table 5. Comparison of the mean out-degrees across the evaluated graph indexes, with the maximum degree
parameter (R) set to 32 for all graphs.

Dataset KNNG HNSW NSG Vamana 7-MG Vista LSG

SIFT 32 22 26 28 26 21 27
LAION 32 19 22 24 27 16 27
GIST 32 16 18 20 25 15 30
DBPedia 32 23 31 32 32 24 29
Yelp 32 19 22 24 27 16 27

Table 6. Mean in-degree (k-occurrence) of ground-truth results for the Typical (TQ) and Outlier (OQ) queries.

KNNG HNSW NSG Vamana -MG Vista LSG
Dataset TQ OQ TQ OQ TQ O0Q TQ OQ TQ O0Q TQ O0Q TQ O0Q
SIFT 341 1.01 426 410 6.70 7.08 1.00 1.00 6.69 7.10 5.00 5.23 6.90 8.53

LAION 0.42 0.00 2.69 1.65 3.86 139 1.67 0.00 520 1.57 2.85 1.67 4.92 447
GIST 593 1.63 529 316 752 477 458 246 896 560 673 470 9.86 9.72
DBPedia 4.35 279 844 895 793 865 7.11 735 472 390 512 551 6.55 643
Yelp 1.6 039 4.83 3.06 549 347 394 249 650 3.89 581 538 190 0.78

effective designs must balance global in-degree skewness with local connectivity. Beyond intrinsic
complexity, data scale further exacerbates topological skew. As shown in Table 4, the KNNG on
LAION becomes increasingly imbalanced as the dataset grows (1.32 at 1M to 1.46 at 100M). This
trend extends even to datasets with inherently mild hubness; on SIFT, methods such as HNSW and
7-MG exhibit increased skewness at larger scales, indicating that topological irregularities naturally
accumulate with graph size.

5.4.2 Ground-Truth Target Connectivity. To investigate the structural causes of outlier queries,
we examine the connectivity of their ground-truth nearest neighbors. Table 6 highlights the most
challenging cases by reporting the average in-degree of the 100 ground-truth nearest neighbors
with the lowest connectivity.

The results generally support the connection between outlier queries and topological isolation,
particularly in the unoptimized baseline. In the case of KNNG, the ground-truth neighbors for OQs
exhibit negligible in-degrees (e.g., 0.00 on LAION), rendering them structurally invisible to greedy
traversal. Advanced algorithms address this by strengthening these weak points; for example, LSG
increases the mean OQ target in-degree on LAION from 0.00 to 4.47. Crucially, instances where
OQ targets exhibit higher in-degrees (e.g., HNSW on DBpedia) highlight that query efficiency
is determined by topological reachability, not merely raw connectivity. A target with a higher
in-degree remains isolated if its incoming edges connect exclusively to other inaccessible anti-hubs.
In contrast, a low-degree target becomes accessible if connected to a central hub that serves as a
navigational pathway. Therefore, mitigating isolation requires not just increasing edge counts, but
also establishing effective search paths from the graph’s navigable core.

5.5 Parameter Sensitivity Analysis

We analyze the sensitivity of our results to the maximum out-degree (R) and the number of returned
neighbors (k). We show that the performance hierarchy is driven by intrinsic hubness-mitigation
designs rather than specific parameter choices.
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Fig. 11. Impact of maximum out-degree (R) on the in-degree (k-occurrence) distribution for all evaluated
algorithms on the GIST dataset.
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Fig. 12. NDC-Recall performance on the GIST dataset for different numbers of requested neighbors (k).

5.5.1 Sensitivity to Graph Density (R). The maximum out-degree R directly controls the density of
the graph index. We evaluate its impact on the topological properties of graphs constructed on the
GIST dataset. As shown in Figure 11, increasing R from 16 to 64 leads to an overall reduction in
in-degree skewness across all algorithms; for instance, the skewness of the HNSW index decreases
from 1.39 to 1.00. This result indicates that constructing a denser graph can partially alleviate
topological imbalance. However, the relative effectiveness of the mitigation approaches remains
consistent. Even at higher density (R = 64), the data-driven algorithms (LSG, Vista) continue to
produce significantly more balanced graphs than the other methods. This consistency suggests that,
while density matters, the algorithmic strategy for mitigating hubness is the primary determinant
of topological quality.

5.5.2  Sensitivity to Number of Neighbors (k). We verify that our conclusions hold across different
search granularities by varying the number of requested neighbors, k. Our experiments confirm
that the relative performance ranking among the evaluated algorithms remains stable across all
tested values of k. As shown for HNSW in Figure 12, the NDC-Recall curves for k = 1 and k = 100
exhibit similar characteristics, and this pattern holds across all algorithms. On complex datasets like
GIST, data-driven methods such as LSG consistently provide superior search efficiency, regardless
of whether we retrieve k = 1 or k = 100 neighbors. This stability is expected. The underlying
challenge—efficiently navigating a skewed graph to locate topologically isolated anti-hubs—is a
structural problem whose difficulty persists irrespective of the number of neighbors being sought.
Algorithms that construct more balanced graphs therefore provide a fundamental advantage for
any search traversal. This consistent performance across different search granularities confirms
that efficiency gains are rooted in the underlying graph topology engineered by each algorithm,
rather than in the specifics of the search task.

5.6 Hubness-Aware Pruning Optimization

We propose hubness-aware pruning to empirically validate the potential of explicit topological
correction. This lightweight post-processing strategy refines the proximity graph by leveraging
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Fig. 13. Effect of hubness-aware pruning on NDC—-Recall across graph-based ANNS algorithms on GIST (a—f)
and LAION (g-x). Curves labeled “w. Opt” correspond to the optimized indexes and demonstrate improved
search efficiency after refinement.

in-degree as a direct topological signal. Specifically, we augment the standard MRNG pruning
with a dynamic factor, y: we relax the pruning criteria (y > 1) for low-in-degree nodes (potential
anti-hubs) to foster connectivity, while tightening the criteria (y < 1) for high-in-degree nodes
(hubs) to curb over-centralization. (See our repository! for implementation details.)

This optimization effectively regularizes index topology. On GIST (Table 7), it consistently reduces
in-degree skewness, with a pronounced effect on Vamana (1.68 — 0.92). Crucially, this efficacy
extends to large-scale datasets: on LAION-100M, Vamana’s skewness drops from 1.03 to 0.70. This
improved balance directly translates to search efficiency. As shown in Figure 13, the NDC-Recall
curves for optimized graphs shift favorably to the right, indicating reduced computational costs for
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Fig. 14. Index construction time before (w/0) and after (w.) applying hubness-aware pruning.

Table 7. In-degree skewness of graphs, before (w/o0) and after (w.) applying hubness-aware pruning.

HNSW NSG Vamana 7-MG Vista LSG

GIST w/o 0.98 0.81 1.68 1.31 0.84 0.59

0.92 0.64 0.92 0.91 0.90 0.64

w/o 0.54 0.29 0.90 0.18 042 0.64

LAION (1M) 0.39 0.11 0.13 0.07 0.32 0.41
w/0 0.56 0.32 0.92 0.24 0.49 0.64

LAION (10M) 0.40 0.12 0.12 0.07 0.33 0.27
w/o 0.58 0.51 1.03 0.49 0.75 0.58

LAION (100M) 0.50 0.50 0.70 0.39 0.58 0.31

the same recall; this trend holds consistent across LAION-10M and LAION-100M. Furthermore,
these gains incur negligible overhead: indexing time increases by merely +0.2% for HNSW and
+0.4% for 7-MG (Figure 14c).

We observe that the magnitude of improvement is baseline-dependent: advanced methods like
Vista and LSG show smaller marginal gains. This reflects the diminishing returns of post-hoc
optimization, as the trade-off between suppressing hubs and preserving local greedy navigabil-
ity becomes more challenging. Furthermore, as a post-processing step, this approach is strictly
constrained by the connectivity of the initial graph; severely isolated anti-hubs may rarely appear
in candidate pools, rendering them unrepairable. These results highlight the value of topological
signals and the necessity for hubness-native construction strategies that structurally prevent skew
accumulation during index building.

6 Discussion

This section synthesizes the primary findings of our analysis and outlines the implications for
future studies.

6.1

6.1.1 The Connectivity-Skewness Dilemma. The design of graph-based indexes is constrained by a
tension between local connectivity—which preserves neighborhood structure—and global in-degree
skewness—which supports efficient global navigability. This conflict is exemplified by two boundary
cases: a pure KNNG maximizes local connectivity but suffers from significant topological skew,
whereas a random graph yields a more uniform in-degree distribution but lacks the nearest-neighbor
structure essential for search accuracy. Consequently, modern ANNS methods occupy different
points along this trade-off, each aiming to preserve local proximity while improving access to
anti-hubs, thereby balancing search accuracy and efficiency.

Key Insights
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6.1.2  Topological Isolation Drives Outlier Latency. This dilemma between local connectivity and
topological uniformity manifests as the long-tail latency problem. Our findings pinpoint the cause:
outlier queries are those that target topologically isolated anti-hubs. In a baseline proximity graph,
these nodes have near-zero in-degrees. A greedy traversal, biased toward the gravitational pull of
high-centrality hubs, cannot reliably reach them, leading to severe search inefficiency.

6.1.3 Intrinsic Complexity Governs Topological Skew. This skew is governed less by ambient di-
mensionality than by intrinsic manifold complexity. In particular, Local Intrinsic Dimensionality
(LID) and manifold heterogeneity are key drivers of hubness. Consistent with this view, the GIST
dataset—with higher mean LID and greater heterogeneity—induces substantially more pronounced
in-degree imbalance than the higher-dimensional Yelp dataset. Robust index design should therefore
adapt to intrinsic complexity rather than nominal dimensionality.

6.1.4 Topological Balance Predicts Performance. This insight points directly to the solution: opti-
mizing for topological balance. Across graph-based ANNS methods, the evolution of construction
heuristics reflects a steady shift toward reducing in-degree skew and improving anti-hub connectiv-
ity. Empirically, these topological indicators predict tail performance: methods that produce more
balanced graphs consistently achieve lower latency on outlier queries. This reframes index design
from purely geometric heuristics to explicit topological optimization.

6.1.5 The Trade-off: Hub Suppression vs. Anti-hub Reachability. Optimizing graph topology necessi-
tates navigating a structural trade-off. As demonstrated by Vamana, strategies aimed at enhancing
reachability—such as relaxing pruning criteria to connect more distant nodes—may inadvertently
reinforce the prominence of central hubs. Effective mitigation of this issue demands a sophisticated
edge selection policy that not only suppresses the dominance of central hubs but also ensures the
establishment of reliable navigational paths to the graph’s periphery, thereby maintaining global
accessibility without compromising local connectivity.

6.1.6  In-Degree as a Signal for Refinement. Despite the aforementioned trade-off, direct topological
control remains tractable. A node’s in-degree, as an inherent property of the graph’s structure,
offers a valuable signal for such interventions. Our hubness-aware pruning experiment serves as a
proof of concept, demonstrating the viability of this approach. The effectiveness of this post-hoc
refinement provides compelling evidence that explicitly engineering for topological balance is a
feasible strategy for creating more robust graph indexes.

6.1.7  Toward Implicit Topological Control. Graph-based ANNS has progressed from proximity-first
designs to methods that explicitly optimize graph topology. Early approaches primarily enforced
local proximity [13, 39]. Subsequent techniques—notably diversification in HNSW [40] and relaxed
pruning in Vamana [26]—were introduced to improve navigability. Our analysis suggests that these
mechanisms act as indirect yet effective responses to hubness: beyond adding shortcuts, they reduce
hub capture and increase anti-hub reachability. This work formalizes this topological perspective
and highlights directions for further algorithmic development.

6.2 Future Directions

The hubness perspective suggests several directions for future work. Below, we outline opportunities
spanning index construction, query processing, storage management, and auto-tuning, with an
emphasis on system-oriented implications for the database community.

6.2.1 Hubness-Native Index Construction. We advocate a shift from post-hoc hubness mitigation
to hubness-native index construction. Existing pipelines largely induce topology as a byproduct
of geometry-driven rules, treating degree skew as a downstream artifact. A more direct approach
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is to incorporate topological objectives during construction. For example, an index builder can
maintain in-degree statistics and enforce bounded-degree constraints: it can reject edges into
saturated hubs and preferentially allocate connectivity to peripheral anti-hubs, thereby limiting
skew accumulation during ingestion. This elevates topological balance from an incidental outcome
of geometric heuristics to an explicit optimization target.

6.2.2 Adaptive Query Processing. The query processor can be adaptive. A promising direction
is to co-design indexing and search so that traversal can exploit topological signals online. For
example, a search agent can detect hub capture—e.g., consecutive hops with diminishing distance
improvement—and trigger a mode switch (beam widening or randomized backtracking) to escape
local optima without a full restart. Entry-point selection can likewise move beyond random seeding
to topology-aware placement (e.g., gateways to distinct regions), increasing the probability of
starting near sparsely connected targets.

6.2.3 Topology Management in Complex Scenarios. Topological skew is often exacerbated by practi-
cal system constraints; however, these settings also create opportunities for principled optimization.
In disk-resident indexes [26, 53], topological centrality provides a useful signal for tiered storage
management. High-degree hubs serve as frequently visited navigational junctions and are therefore
strong candidates for placement in low-latency tiers (e.g., L3 cache, HBM, or DRAM), whereas topo-
logically isolated anti-hubs are rarely traversed and can be assigned to capacity-oriented tiers (e.g.,
SSDs) to improve cost efficiency without materially degrading traversal quality. The challenge is
further amplified in dynamic scenarios [35, 37], where naive insertions and deletions can introduce
new degree imbalances, break navigational paths, or isolate previously reachable nodes. Developing
bounded-cost update mechanisms that preserve degree regularity and global reachability—without
triggering full index rebuilds—remains an important open problem for production deployments.

6.2.4 Predictive Modeling of Tail Latency. Index validation still relies heavily on workload-specific
empirical benchmarks, which provide limited predictive guidance beyond the measured setting [38,
62]. A key direction is to formalize how an index’s static topological structure translates into
dynamic search behavior. Specifically, we seek analytical models that predict tail-latency metrics
(e.g., P999 latency) from measurable topological descriptors such as in-degree skewness and anti-
hub connectivity. Such models would enable topology-aware auto-tuning: by analyzing an index
offline, a system could anticipate P99/SLO violations and proactively adjust search parameters (e.g.,
beam width) prior to deployment, reducing reliance on trial-and-error tuning.

7 Conclusion

This paper revisits graph-based ANNS through the lens of hubness, identifying this intrinsic property
of high-dimensional data as a root cause of long-tail latency. Our theoretical analysis shows that
hubness induces severe topological skew—manifested as over-centralized hubs and isolated anti-
hubs—which undermines the greedy-traversal heuristic underlying graph search. Building on this
perspective, we reinterpret mainstream algorithms as a taxonomy of hubness-mitigation strategies
that counteract the resulting imbalance. Extensive experiments validate the framework and establish
a quantitative link between an algorithm’s mitigation strategy, the topological balance of its index,
and its robustness to outlier queries. We further show that topological uniformity, quantified by
in-degree skewness, predicts search performance. Finally, we present a simple topological-signal-
guided optimization that explicitly rebalances the graph and yields substantial efficiency gains.
Overall, our study provides a principled basis for designing robust graph indexes and suggests clear
directions for future work.
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