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Abstract

Image retrieval often begins with candidate generation, where a small subset of database
images is selected for subsequent reranking or inspection. Standard multi-table p-stable
locality-sensitive hashing (LSH) is a classical solution for this stage, but its isotropically
sampled projection vectors do not explicitly exploit the principal structure of deep feature
distributions. To address this limitation, this paper proposes a PCA-guided candidate
generation method using the multi-table bucketization and query architecture of p-stable
LSH. Unlike conventional PCA-based feature extraction, PCA is not used here to transform
the image features themselves, but to bias the sampling distribution of projection vectors
during indexing. Experiments on CALTECH101, CIFAR-10, and Tiny-ImageNet, performed
using VGG19, ConvNeXt-Tiny, and ViT-B/16 features, show that the proposed method
generally improves on the standard p-stable baseline across different settings. Additional
comparisons with HNSW and IVF further position the method relative to modern ANN
baselines. The results indicate that PCA-guided projection is an effective lightweight
enhancement for systems based on the multi-table p-stable LSH architecture, improving
candidate coverage and robustness while remaining compatible with the original online
query process.

Keywords: image candidate generation; locality-sensitive hashing; principal component
analysis; deep features; data-dependent projection

1. Introduction

Image retrieval systems typically follow a staged processing pipeline, in which the can-
didate generation stage is responsible for quickly screening a background image database
to obtain a small candidate set that may contain the target sample, thereby providing input
for subsequent reranking or manual inspection [1]. At this stage, the primary objective is
not to make a final decision directly, but rather to maximize coverage of the target sample
under a limited candidate budget. Accordingly, the effectiveness of candidate generation
depends largely on how well the indexing structure preserves neighborhood relationships
in the feature space.

Locality-Sensitive Hashing (LSH) has long been used for candidate generation in
nearest-neighbor retrieval because of its simple structure, relatively high query efficiency,
and suitability for high-dimensional feature spaces [2,3]. Under Euclidean distance settings,
p-stable distribution-based LSH preserves neighborhood relationships through random
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projections and a multi-hash-table mechanism, making it one of the classical approaches to
candidate generation [4]. Although this class of methods offers advantages such as low
implementation cost and a straightforward indexing procedure, its projection vectors are
typically generated by isotropic random sampling and therefore do not explicitly leverage
the intrinsic structure of the data distribution.

For deep visual features, sample distributions are often not uniformly distributed
throughout the entire high-dimensional space, but instead exhibit a principal-direction
structure. Deep feature-based image representation methods have become a major technical
approach in image retrieval [5,6]. When the projection directions are misaligned with the
dominant directions of variation in the data, hash partitioning may fail to adequately
preserve meaningful neighborhood relationships. As a result, target coverage under a
fixed candidate budget may be reduced, and candidate generation may become more
sensitive to parameter settings and content-preserving perturbations [7,8]. Motivated by
this observation, this paper investigates a specific problem in candidate generation: while
preserving the standard multi-table LSH framework and the basic query procedure, can
the principal-direction information of image-database features be used to lightly guide the
projection generation process, thereby improving the coverage of true target neighbors by
the candidate set and enhancing result stability under different perturbation conditions?

To this end, this paper proposes an image candidate generation method based on
PCA-guided projection. The proposed method uses the principal component informa-
tion of image-database features to guide projection generation, thereby introducing data-
distribution awareness into random projections while preserving the standard hash buck-
etization scheme and multi-table retrieval framework. Unlike conventional PCA-based
feature extraction, PCA is not used here to transform or compress the image features
themselves, but only to bias the sampling distribution of projection vectors in the indexing
stage. The objective of this work is not to extend the classical collision-probability theory
of p-stable LSH, but to investigate an empirical data-dependent modification of its offline
projection sampling while retaining the original hash-function form, multi-table bucket
organization, and online candidate-collection procedure.

To evaluate the above idea, this paper retains CALTECH101 as the main controlled
setting for parameter sensitivity analysis, sensitivity analysis of the number of principal
components, and perturbation-stability evaluation, and further includes CIFAR-10 and
Tiny-ImageNet for a multi-dataset comparison. In addition to the original VGG19-based
setting, ConvNeXt-Tiny and ViT-B/16 are introduced as representative modern CNN-
based and Transformer-based feature extractors, respectively. Moreover, HNSW and IVF
are included to position the proposed method relative to modern ANN baselines. The main
contributions of this paper are summarized as follows:

1. This paper proposes a PCA-guided probabilistic projection-sampling strategy for
image candidate generation using the hash-function form and multi-table retrieval ar-
chitecture of p-stable LSH. Unlike PCA-based hashing methods that directly transform
or compress feature vectors and subsequently produce compact binary codes, the pro-
posed method leaves the database and query descriptors unchanged and uses PCA to
parameterize the offline sampling distribution of projection vectors. Unlike learned
hashing and more general data-dependent hashing methods, it does not optimize
binary codes, similarity objectives, or data-dependent partitions. The methodological
innovation therefore lies in introducing principal-direction information at the level of
the projection-sampling distribution, thereby establishing a data-dependent projec-
tion mechanism that retains randomized projection diversity as well as the original
bucketization scheme and online candidate-collection procedure.
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2. This paper develops an experimental evaluation scheme focused on the candidate
generation stage. CALTECH101 is used for detailed parameter sensitivity analysis,
sensitivity analysis of the number of principal components, and perturbation-stability
evaluation, while CIFAR-10 and Tiny-ImageNet are included in a multi-dataset and
cross-backbone comparison. Additional experiments with ConvNeXt-Tiny, ViT-B/16,
HNSW, and IVF place the proposed method in a more current retrieval setting. The re-
sults show that the proposed PCA-guided strategy generally improves over the stan-
dard p-stable baseline across different settings. While modern ANN baselines such
as HNSW and IVF still achieve stronger overall recall, the proposed method pro-
vides a compatible data-dependent projection design for the multi-table p-stable LSH
architecture without modifying its bucketization scheme or online query process.

The remainder of this paper is organized as follows: Section 2 reviews recent image
retrieval, approximate nearest-neighbor indexing, data-dependent hashing, and PCA-based
hashing methods. Section 3 defines the candidate generation problem and introduces the
p-stable LSH baseline. Section 4 presents the proposed PCA-guided projection-sampling
mechanism, index construction procedure, and complexity analysis. Section 5 describes the
experimental settings and reports the parameter, perturbation-stability, and multi-dataset
comparisons. Section 6 concludes the paper and discusses its scope and limitations.

2. Related Work

Image retrieval has progressively evolved from systems based on hand-crafted de-
scriptors to pipelines built on deep visual representations [9,10]. Recent research has
further investigated verification and reranking mechanisms, stronger retrieval benchmarks,
and composed or cross-modal retrieval settings [11-15]. More recent instance-level re-
trieval methods have also explored patch-level representations and product quantization
to improve spatial interpretability and large-scale efficiency [16]. Beyond retrieval-specific
research, recent application-oriented visual systems such as JassidNet and ToRLNet demon-
strate the growing importance of quantization-aware computation, lightweight representa-
tion, and deployment under constrained computational resources [17,18]. Although these
studies address visual detection and phenotyping rather than candidate indexing, their
emphasis on lightweight integration reflects a broader practical demand for improving
individual processing modules without redesigning an entire visual system. In this context,
the present work isolates the front-end candidate generation problem for fixed global image
descriptors and investigates a lightweight modification of projection sampling under a
limited candidate budget.

Alongside advances in visual representation, approximate nearest neighbor (ANN)
indexing methods have become strong baselines for large-scale retrieval. Graph-based
ANN search represented by HNSW has shown strong empirical performance in high-recall
nearest-neighbor search [19,20]. Quantization-based large-scale similarity search systems,
such as FAISS/IVF-style indexing, are also widely adopted in practice because of their
favorable efficiency—accuracy trade-off [21]. These ANN methods are included to position
the proposed approach relative to stronger contemporary indexing baselines.

Within the classical hashing family, locality-sensitive hashing (LSH) remains a repre-
sentative approach for fast candidate generation in Euclidean feature spaces. In particular,
p-stable LSH uses random projections derived from stable distributions and has long
served as a standard baseline for approximate search [4]. Spectral Hashing introduced
a representative data-dependent hashing formulation from the perspective of similarity-
preserving binary coding [22]. Iterative Quantization further improved the quantization
quality of learned binary embeddings through rotation optimization [23]. Kernelized LSH
extended locality-sensitive hashing to more flexible nonlinear similarity settings [24]. More
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recent hashing-based retrieval studies have further incorporated deep representations and
graph-structured learning [25,26].

PCA has also been used directly in image hashing and retrieval. PCA-based hashing
methods generally project descriptors into a lower-dimensional principal subspace and
then quantize the transformed representations into compact binary codes [27]. Recent
PCA-assisted image hashing similarly uses PCA for feature compression before binary-
code generation [28]. In these methods, PCA directly changes the representation on which
similarity search is performed. In the proposed method, neither the database descriptor
nor the query descriptor is PCA-transformed or binarized. PCA is used only to construct a
guidance direction for the offline sampling of projection vectors, after which the original
real-valued hash-function form, bucketization scheme, and online candidate-collection
procedure are retained.

Accordingly, the proposed method constitutes a distinct data-dependent projection-
sampling design within the multi-table p-stable LSH architecture, rather than a binary
representation-learning method or a replacement for modern ANN indices. Its methodolog-
ical distinction lies in the interface at which the data distribution is introduced: standard
p-stable LSH uses isotropic data-independent sampling; PCA hashing transforms and quan-
tizes the feature representation; learned hashing optimizes codes, projections, or similarity
objectives; and the proposed method uses principal-component statistics to parameter-
ize the probability distribution from which randomized projection vectors are sampled.
This design introduces data awareness without transforming the original descriptors or
redesigning the online candidate-generation process.

3. Problem Definition
3.1. Image Representation

The goal of the candidate generation stage is to quickly screen a background image
database under a limited online computational budget in order to obtain a candidate set
likely to contain the target sample, thereby providing input for subsequent reranking or
manual inspection. Accordingly, this stage is primarily concerned with the coverage of the
target sample by the candidate set and the recall performance achieved at a given return
size, rather than the accuracy of the final decision.

Image representation directly determines the form of the input to the subsequent in-
dexing structure. When low-level features such as pixels, color histograms, or local textures
are used, images may exhibit substantial appearance variations under content-preserving
perturbations such as noise, compression, and geometric transformations, thereby weaken-
ing neighborhood relationships between similar samples in the feature space. In contrast,
high-level visual features extracted by deep convolutional networks can retain semantic and
global structural information to some extent and provide more stable representations under
common content-preserving perturbations. They are therefore better suited as indexing
inputs for the candidate generation stage.

Based on the above considerations, this paper uses deep features to represent image
content. In the main controlled setting, VGG19 is adopted as the default feature extraction
network [29]. VGG19 has a well-established architecture and mature public implementa-
tions, which facilitates reproduction of the experimental pipeline in a unified experimental
setting. In addition, its high-level global representation has a fixed dimensionality, allowing
consistent integration with the subsequent indexing module. In this work, VGG19 weights
pretrained on ImageNet are used, and the network parameters are frozen during feature ex-
traction. After standardized preprocessing, each input image is passed through the network
to obtain a fixed-dimensional global feature vector, which serves as a unified representation
for both offline database construction and online query processing. Specifically, each input
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image is resized to a color tensor of 256 x 256 x 3, and the final output is a global feature
vector of dimension 1 x 4096.

To examine whether the proposed candidate generation strategy depends on a spe-
cific visual backbone, additional pretrained feature extractors are also considered in the
comparative experiments. Specifically, ConvNeXt-Tiny is used as a representative modern
CNN-based feature extractor [30], and ViT-B/16 is used as a representative Transformer-
based vision model [31]. Unless otherwise stated, all backbone parameters are frozen,
and the extracted descriptors are only used as the input feature space for subsequent
indexing and candidate generation.

To reduce the effect of feature scale differences on the subsequent random projection
and bucketization process, L2 normalization is applied to the extracted feature vectors.
This step does not change the semantic information carried by the features; rather, it places
different images on a more consistent numerical scale before indexing, thereby improving
the stability of indexing parameters across different query samples. The normalized feature
vectors collectively form the feature set of the background image database and serve as the
input to the subsequent candidate generation model.

On this basis, this paper formulates the candidate generation stage as an approximate
nearest-neighbor search problem in feature space. Let the background image database,
after feature extraction, be represented as a set of feature vectors

X ={x e RN, 1)

where N is the number of images in the database and d is the feature dimensionality. For a
given query image, its corresponding feature vector is denoted by q € R%. The objective
of the candidate generation stage is to rapidly construct a size-controlled candidate set
without exhaustively comparing the query against the entire database,

Clg) &, [Clq)] =N )
so as to maximize the likelihood that the target sample is contained in C(q).

3.2. p-Stable LSH Baseline

As the size of the background image database increases, directly computing distances
between the query feature and all database features incurs a time complexity that grows
linearly with database size, making it difficult to meet the response-time requirements of the
online candidate generation stage. To reduce retrieval cost, candidate generation typically
employs approximate indexing structures that confine the search to local candidate sets
more likely to be relevant to the query. Locality-Sensitive Hashing (LSH) is a representative
approximate indexing method. Its core idea is to map high-dimensional features into
discrete buckets through random mappings, such that samples that are close in the original
space fall into the same bucket with high probability, thereby enabling approximate nearest-
neighbor search by examining samples in the same bucket.

In the Euclidean distance setting, this paper adopts p-stable distribution-based LSH
as the baseline method for candidate generation. For any feature vector v € RY, the hash
function is defined as
a'v+b

r

hap(v) = | ] )

where | -] denotes the floor operation, b is an offset sampled uniformly at random from
(0,7), and r is the bucket width. In standard p-stable LSH, a is a d-dimensional random
vector drawn i.i.d. from a p-stable distribution. This formulation first projects the feature
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vector onto a one-dimensional subspace defined by the random direction a, and then
quantizes the projection value using the bucket width r to obtain a discrete bucket index.

For two feature vectors v; and v, denote their p-norm distance by ¢ = ||v{ — v2|[,.
Under a single hash function, whether the two vectors fall into the same hash bucket
depends on the relative magnitude of their projection difference along the random direction
a with respect to the bucket width . When |a' (v; — v2)| < r, the quantized values of the
two vectors along that projection direction are more likely to coincide, causing them to fall
into the same hash bucket. This indicates that the original distance between samples is
reflected in bucket-collision behavior through random projection differences: samples that
are closer are more likely to collide, whereas those that are farther apart have a relatively
lower probability of collision. Therefore, hash bucket collisions can be used as a coarse-
grained similarity criterion in the candidate generation stage to rapidly narrow the search
space without exhaustively comparing the query against the entire database.

To improve the discriminative power of candidate generation, practical retrieval sys-
tems typically employ composite hashing together with a multi-table mechanism. Specifi-
cally, within a single hash table, k basic hash functions are concatenated to form a composite
hash key

gu(v) = (hamrbm (v), hazz/bfz (V). hafk/b/k (V)) (4)

where ¢ denotes the ¢-th hash table. Increasing k improves bucket selectivity within a single
table and reduces the probability of collisions among irrelevant samples, but it may also
increase the risk that neighboring samples are assigned to different buckets. To mitigate
this issue, L independent hash tables are typically constructed, and each database vector
is inserted into all L tables. During querying, the composite hash key of a given query
vector q is computed for each table, and the corresponding matched buckets are accessed.
The samples retrieved from all matched buckets are then aggregated to form the candidate
set C(q).

Within this framework, candidate generation behavior is jointly determined by the
bucket width 7, the composite key length k, and the number of hash tables L. Specifically,
the bucket width r controls the granularity of projection-value quantization, k determines
the discriminative power of the composite hash key within a single table, and L compen-
sates for potential recall loss caused by single-table partitioning through parallel lookup
across multiple tables. A smaller bucket width and a larger k often reduce the number of
samples per bucket and improve selectivity, but they may also decrease the probability that
the target sample collides with the query. Conversely, a larger bucket width or a smaller
k can improve the hit rate, but may lead to a larger candidate set and weaker filtering
capability. Therefore, p-stable LSH essentially trades off candidate set size against target
coverage through parameter configuration.

It should also be noted that the projection vectors in standard p-stable LSH are gen-
erated by isotropic random sampling. Because this design does not assume any prior
knowledge of the data distribution, it offers strong general applicability. However, when
the deep feature distribution exhibits a pronounced principal-direction structure, a fully
isotropic projection generation strategy may fail to fully exploit the geometric structure
of the data. Accordingly, this paper adopts standard p-stable LSH as the candidate gen-
eration baseline and further examines how projection vector design affects candidate
generation performance while preserving its bucketization scheme and multi-table re-
trieval mechanism.
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3.3. Candidate Generation Problem

Given the normalized database feature set X', a query feature q, and a candidate budget
N¢, this paper considers projection-vector design under a fixed multi-table bucketization
and candidate-collection procedure. Standard p-stable LSH samples projection vectors
independently from an isotropic distribution. Although this sampling rule is independent
of the database distribution, it does not explicitly use directional statistics of the observed
feature space.

The projection direction can affect the relative separation of samples after one-
dimensional projection and consequently alter their bucket-collision behavior, as illustrated
in Figure 1.

Figure 1. Effect of Projection Direction on the Discriminative Power of Bucket Partitioning. The gray
ellipse represents the feature distribution; the red and blue solid lines indicate the two projection
directions; the red and blue points denote the projected sample positions; and the dashed lines show
the corresponding orthogonal projection paths.

The problem addressed in this paper is therefore to introduce database-derived di-
rectional information into projection-vector generation while keeping the feature descrip-
tors, hash-function form, multi-table bucket organization, and online candidate-collection
procedure unchanged. Section 4 presents the corresponding PCA-guided probabilistic
sampling mechanism.

4. Method
4.1. Overall Framework

The proposed method builds on the hash-function form, bucket organization,
and candidate-collection procedure of multi-table p-stable LSH. Its core idea is to use
the principal-direction information of deep features in the image database to lightly guide
the generation of projection vectors while preserving the original hash bucketization scheme
and retrieval procedure, thereby improving the alignment between candidate partitioning
and the feature distribution. The overall pipeline is illustrated in Figure 2.

In terms of the processing pipeline, the proposed method can be divided into two
stages: offline database construction and online query processing. In the offline stage,
feature extraction and L2 normalization are first performed on the background image
database to obtain unified deep feature representations. PCA is then applied to the database
feature set to extract the principal component directions and their corresponding weights,
which are used to construct the guiding information for projection generation. Based on
this information, projection vectors and random offset parameters are generated for each
hash table, composite hash functions are constructed, and all database features are assigned
to the corresponding hash buckets, thereby completing the multi-table index construction.

The online stage follows the standard multi-table LSH query procedure: for a given
query image, its normalized feature representation is first extracted, after which the same
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projection parameters as those used in the offline stage are employed to compute the
composite hash key for each table, probe the matched buckets, and aggregate candidate
samples, ultimately forming a size-controlled candidate set C(q).

A  Offline Database Construction B Online Query
Image Database D Query Image g
! !
Deep Feature Extraction Deep Feature Extraction
vi = f(x) vq = f(9)
1 1
PCA Analysis and Principal Projection
Direction Estimation [Parameters LSH-Based Query
i i
PCA-Guided Projection Direction ____J] Retrieve Same-Bucket Samples
Generation H from LSH Tables
T LSH, Table: T
'
LSH Index Construction [ ---: Top — N, Candidate Set c(q)

Figure 2. Image Candidate Generation Pipeline with PCA-Guided Projection.

Compared with standard p-stable LSH, the proposed method introduces a specific
data-dependent change at the projection-sampling stage. In the standard approach, projec-
tion vectors are generated by isotropic random sampling without assuming any directional
prior. By contrast, the proposed method incorporates the principal component information
of image-database features into the projection vector generation process while preserving
the bucket width r, composite key length k, number of hash tables L, and multi-table
aggregation strategy. Consequently, standard p-stable LSH and the proposed method
remain consistent in indexing structure and online query procedure, with the main dif-
ference lying in the projection distribution itself. This design makes it easier to attribute
performance differences directly to changes in the projection-direction mechanism, rather
than to alterations in the indexing framework or query process.

The empirical feature-distribution analysis supporting this motivation is reported sepa-
rately in Section 5.1.3, while the present section focuses on the methodological formulation.

For an anisotropic feature distribution, when the projection directions are more closely
aligned with the dominant directions of variation in the data, hash partitioning may
better preserve local neighborhood relationships in the feature space. Conversely, when
the projection directions deviate substantially from the principal structure of the data,
the discriminative power of hash partitioning between relevant and irrelevant samples
may be weakened. Motivated by this observation, this paper extends projection vector
generation from purely random sampling to random sampling with a principal-direction
bias. It should be emphasized that the proposed method does not seek to redesign the
overall retrieval framework of standard p-stable LSH, nor does it alter the organization of
the multi-table hash index. Rather, its goal is to introduce awareness of the data distribution
while keeping the original candidate generation procedure essentially unchanged, thereby
increasing the likelihood that the candidate set C(q) covers the target sample under a fixed
candidate budget and improving result stability under different perturbation conditions.

4.2. PCA-Guided Projection Vector Generation

To enable the random projection process to better capture the principal structure of
deep features in the image database, this paper incorporates PCA-based guidance into
the projection generation mechanism of standard p-stable LSH [32]. Let the background
image database, after feature extraction and normalization, be represented as a sample
set {vy, vy, ..., v, }. The sample set is first centered, and PCA is then applied to obtain the
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top kpc principal component directions {p1,p2, ..., pkpc} together with their correspond-
ing eigenvalues {A1, A2, ..., Ay, }. The principal component directions characterize the
dominant directions of variation in the feature distribution, while the eigenvalues quantify
the relative importance of these directions. Because each PCA eigenvector is mathemat-
ically defined only up to sign, a deterministic orientation convention is required before
the principal components are aggregated. The experiments in this work use the same
deterministic sign-flipping convention as the adopted PCA implementation. Specifically,
for each principal component p;, let j = arg max; |p;;|, where the smallest coordinate index
is selected in the event of a tie. The component is then oriented as p; < sign(p,']';f )p;, so that
its loading with the largest absolute magnitude is positive. This rule was already applied
in all reported experiments and is stated here explicitly to ensure reproducibility across
repeated runs and equivalent PCA implementations.

On this basis, this paper constructs a normalized guidance vector using the principal
component directions together with their associated energy weights

kpc
Zii1 Aipi

" e e, ?

2

This vector is a compact aggregation of the deterministically oriented leading principal
components. It combines the variance information represented by the eigenvalues with
the corresponding oriented component directions. It should therefore be understood
as a reproducible guidance vector constructed from a deterministically oriented PCA
basis, rather than as an orientation-free representation of the principal subspace itself.
The use of several components avoids relying exclusively on the first principal direction,
while eigenvalue weighting retains the unequal variance contributions of the selected
components that would be discarded by equal weighting. Alternative designs, such as
randomly selecting individual principal directions, sampling directly within the principal
subspace, or modifying the projection covariance, would produce different projection
distributions and introduce additional design choices. The present formulation instead
uses one normalized guidance vector to introduce a bounded mean shift while retaining
isotropic random variation around it. The effects of the number of components and of
equal versus eigenvalue-weighted aggregation are compared empirically in Section 5.3.

In standard p-stable LSH, projection vectors are drawn independently from an
isotropic random distribution. In contrast, this paper extends the process to a principal-
direction-biased random sampling scheme. Specifically, for each hash function, the random
offset is generated in the same way as in the standard setting;:

b~ U(0,r) (6)
The projection vectors are sampled according to the following distribution:
an~ N(“kacf‘le) @)

where & denotes the guidance strength and controls how strongly the mean of the projection
distribution is biased toward the guidance direction; ¢ controls the sampling randomness,
thereby preserving the diversity of projection directions; and I is the identity matrix.
Under this formulation, the zero-mean isotropic sampling used to generate projection
vectors in standard p-stable LSH is replaced by Gaussian sampling centered at Picoe with a
directional bias. Unlike conventional PCA-based feature extraction, PCA is not used here
to transform the image features themselves, but only to bias the sampling distribution of
projection vectors in the indexing stage, as illustrated in Figure 3.
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The zero-mean Gaussian residual is retained because standard p-stable LSH in the
Euclidean (p = 2) setting uses the Gaussian distribution as its corresponding stable pro-
jection family. The complete mean-shifted distribution in Equation (7) is no longer the
standard zero-mean p-stable distribution, as discussed below, but retaining Gaussian
random variation preserves the connection to the original Euclidean projection setting.
Replacing the residual with a different distribution family would correspond to a different
metric assumption or to a separate non-p-stable extension rather than an interchangeable
implementation choice. The sensitivity of the proposed method to the Gaussian scale
parameter ¢ is evaluated in Section 5.4.

A
\4

Figure 3. Illustration of isotropic projection sampling in standard p-stable LSH and PCA-guided
projection sampling in the proposed method. The arrows indicate the sampled projection vectors and
their corresponding directions.

Under the above formulation, the final hash function still retains the standard bucketi-
zation form given in Equation (3).

Therefore, the proposed method does not modify the hash bucket generation mecha-
nism or the indexing structure of multi-table LSH, but introduces data-dependent informa-
tion only during the sampling of projection parameters. This design allows the proposed
method to incorporate the principal-direction structure of image-database features into the
hash partitioning process while preserving the original retrieval procedure.

It is important to distinguish architectural compatibility with p-stable LSH from
inheritance of its original theoretical guarantee. Let z = x — y denote the difference between
two feature vectors. Under the projection sampling rule in Equation (7), the projected
difference follows

a'z~ N (apf 2, 0%|2)3) ®)
For a fixed projection vector a and a random offset b ~ U(0,r), the conditional

probability that x and y are assigned to the same bucket is determined by their projected
separation. Averaging over the projection distribution gives

r

(-27);

where (1) = max{u,0}. According to Equations (8) and (9), when a > 0, the collision

|a'z|
IZr[ha,b(x) =hap(y) | a] = (1 - >
+

I:};[ha,b (X) = ha,b(Y)] =E,

behavior depends on both the Euclidean magnitude ||z||; and the directional alignment
I"kTpCZ' Therefore, the mean-shifted projection distribution in Equation (7) is not the stan-
dard zero-mean isotropic p-stable distribution and does not directly inherit the classical
Euclidean LSH collision guarantee. In this paper, compatibility with p-stable LSH refers
specifically to retaining the hash-function form in Equation (3), the multi-table bucket
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organization, and the online candidate-collection procedure, while modifying the offline
projection distribution in a data-dependent manner.

The proposed projection generation strategy can be understood in terms of second-
order projection response. Let z denote an arbitrary difference vector. If the projection
vector satisfies

a=apm t+e e~ N(0,0%1) (10)

then it follows that

E[(a"27| = (] 2)" + 0?)lel3 1)

The practical magnitude of the directional preference can also be quantified directly.
Because Pk, is normalized, the norm of the mean shift is ||E[a]||2 = «, whereas the root-

mean-square norm of the isotropic random component is y/E| €||3 = o+/d. Their global

magnitude ratio is therefore p = a/(c\/d). For the 4096-dimensional VGG19 descriptor
with the default setting « = o = 1, this ratio is 1/64 ~ 0.0156, confirming that the
global angular bias is relatively weak. However, along the normalized guidance direction,
al Pipe ™ N (a,0?), and the standardized displacement is a /¢ = 1 under the default setting.
The proposed mechanism should therefore be interpreted as introducing a light global
directional preference together with a nonzero shift along the selected guidance axis, rather
than forcing the projection vectors to align strongly with that axis.

The second-order expression shows that the proposed sampling rule introduces an
additional term associated with the alignment between the difference vector and the
guidance direction. However, this expression alone does not establish improved collision
probability or nearest-neighbor preservation. Whether the additional directional response
is useful depends on whether the selected guidance direction is relevant to the local query-
target neighborhood structure. The analysis is therefore intended as geometric motivation
for the proposed sampling strategy, while its practical effect is evaluated empirically in
Section 5.

From the perspective of candidate generation, changes in the distribution of projection
directions further influence the bucket collision patterns of samples across multiple hash
tables. When the dominant variations are concentrated mainly in the principal subspace,
projections with a principal-direction bias are more likely to produce discriminative re-
sponses along these meaningful directions of variation, thereby altering the proportion of
relevant and irrelevant samples included in the candidate set. In other words, the potential
benefit of the proposed method does not arise from any change in the hash formula-
tion itself, but primarily from the improved alignment between the projection-direction
distribution and the principal structure of the data.

The main comparative experiments use & = 1 and ¢ = 1 as a unified default con-
figuration. To verify that the reported behavior is not tied to an unexamined parameter
choice, the experiments additionally evaluate the guidance strength «, the Gaussian scale
parameter ¢, and the number of hash tables L through a one-factor-at-a-time sensitivity
analysis. The number and aggregation of principal components are examined separately.
These controlled analyses are used to justify the default configuration while avoiding a
large Cartesian-product parameter search.

4.3. Index Construction

After obtaining the PCA-guided projection parameters, this paper builds the candidate
index using the retained multi-table bucket organization of p-stable LSH. For the ¢-th hash
table, the composite hash key remains as defined in Equation (4), where h, b (+) denotes
the j-th basic hash function in the ¢-th hash table. In contrast to standard p-stable LSH,
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the projection vector ay; is generated using the PCA-guided mechanism introduced in the
previous subsection, while the random offset by; continues to be sampled independently in
the standard way.

During offline index construction, for each database feature v;, the composite hash key
is computed for all L hash tables, and the corresponding sample index is inserted into the
associated buckets. As a result, each sample in the background image database is assigned
a bucket location in every hash table, thereby forming a multi-table indexing structure.
The corresponding pseudocode is provided in Algorithm 1.

At query time, for a given query feature q, its composite hash key is computed in
each hash table, and the corresponding matched buckets are accessed to collect candidate
sample indices. The results returned from different hash tables are then aggregated and
deduplicated to form the candidate set C(q). If the number of candidates exceeds the
predefined budget, each candidate is first ranked in descending order according to the
number of hash tables in which it occurs in a query-matched bucket. Candidates with
the same occurrence frequency are further ranked in ascending order according to their
Euclidean distance from the query in the L2-normalized feature space. Any remaining
exact ties are resolved according to the database sample index in ascending order to ensure
deterministic output. The first N, candidates in the resulting order are retained as the final
candidate set.

Algorithm 1: PCA-guided Multi-Table LSH Index Construction

Input: Feature set V = {v;}} |, guidance vector Fioor bucket width 7, number of

hash tables L, number of hash functions in each hash table k, sampling
parameters a, o
Output: Multi-table composite hash index {T;}}_,

1 foreach hash table ¢ € {1,2,...,L} do

Initialize an empty hash table Tj;

forj=1tokdo

Sample by; ~ U(0,7);

Sample a/j ~ N(zx;tkPC,UZI);

a s W N

end

end

foreach feature vector v; € V do

for{ =1to L do

Compute the composite hash key g¢(vi) = (ha,, b, (Vi),-- - Hay b, (Vi)
Insert sample index i into bucket g;(v;) of hash table T;

12 end

13 end

© ® NN o

10
11

1 return {T,}}_;

4.4. Complexity

Let N denote the size of the image database, d the feature dimensionality, L the number
of hash tables, k the composite key length per table, and N, the candidate budget. In this
work, the complexity analysis focuses on three aspects: offline index construction, online
query processing, and index storage.

During offline index construction, each database feature must be mapped into all L
hash tables by computing its composite hash key in each table. Because each composite key
consists of k basic hash functions, and each projection computation has a cost proportional
to the feature dimension d, the dominant time complexity of index construction can be
expressed as

Tindex = O(N - Lk- d) (12)
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Compared with standard p-stable LSH, the proposed method introduces PCA fitting
and guidance-vector construction before the hash index is built. These operations are
performed once during offline preprocessing. After the projection vectors have been gener-
ated, database insertion follows the same multi-table hash-index construction procedure
as standard p-stable LSH. The additional PCA preprocessing therefore does not enter the
per-query online procedure.

In terms of storage, both standard p-stable LSH and PCA-guided LSH store each
database sample in L hash tables, resulting in a dominant inverted-index storage cost of
approximately O(NL). Both methods also store Lk projection vectors of dimensionality
d. PCA-guided LSH additionally stores the selected principal-component information
and the normalized guidance vector, requiring approximately O(kp.d) additional values.
Because kp is small and the inverted-bucket entries remain the dominant index component,
the proposed method preserves the principal memory characteristics of the original multi-
table p-stable LSH architecture.

For comparison, HNSW stores the feature vectors together with graph-neighbor links,
whose graph-storage component is related to the database size and connectivity parameter
M. Its preprocessing stage constructs the navigable graph incrementally. IVFFlat stores the
feature vectors together with coarse-centroid information and inverted-list assignments,
and its preprocessing stage includes coarse-quantizer training and database assignment.
Thus, HNSW, IVF, and PCA-guided LSH allocate their offline cost and memory to different
index components. The proposed method is distinguished by retaining the existing multi-
table bucket structure and adding only PCA guidance information, rather than introducing
a graph or a separately trained coarse-quantization structure.

During online query processing, given a query feature q, the composite hash key
must first be computed for all L hash tables, resulting in a time complexity of O(Lk - d).
Afterward, the corresponding buckets in each table are probed and the retrieved candidates
are aggregated. Let B;(q) denote the matched bucket for query q in the ¢-th hash table.
Then, the total scan cost can be expressed as

L

Sq =Y |Bi(q)| (13)

(=1

Accordingly, the cost of candidate aggregation, deduplication, and ranking can be
approximated as O(Sq + Mlog M), where M < Sq is the number of unique candidates
after deduplication.

Overall, the proposed method does not alter the asymptotic online complexity of
standard multi-table LSH. Its main additional cost is incurred in the offline stage, primarily
due to distributional analysis and guidance parameter generation, while the online stage
still avoids the O(N - d) linear growth associated with exhaustive distance computation over
the entire database. Therefore, while retaining a similar complexity profile, any performance
differences are more likely to stem from changes in the projection-direction generation
mechanism rather than from additional structural overhead in the online retrieval process.

5. Experiments and Analysis
5.1. Experimental Setup

The experiments in this section focus on the candidate generation stage and examine
three aspects. The first concerns the ability of the candidate set C(q) to cover the target
sample under a fixed candidate budget. The second concerns the sensitivity of this behavior
to parameter changes within the standard p-stable LSH framework. The third concerns the
consistency of candidate generation behavior across different datasets, feature extractors,
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and representative ANN baselines. The evaluated methods include standard p-stable LSH,
the proposed PCA-guided LSH, HNSW, and IVE. Among them, standard p-stable LSH
and the proposed PCA-guided LSH share the same indexing structure and query proce-
dure, differing only in how the projection vectors are generated. This design allows their
performance differences to be attributed primarily to changes in the projection distribution.

5.1.1. Dataset

The experiments in this paper use three image datasets. CALTECH101 is adopted
as the main controlled setting for parameter studies, sensitivity analysis of the number
of principal components, and perturbation-stability evaluation [33]. The dataset contains
101 object categories and a total of 9144 images, with each category typically containing
approximately 40-800 images. Owing to its relatively clear intra-class and inter-class
differences, it is well suited for controlled image retrieval experiments.

To extend validation beyond a single benchmark, CIFAR-10 and Tiny-ImageNet are
further introduced for multi-dataset comparison. CIFAR-10 contains 10 object categories
and provides a visually different distribution from CALTECH101 [34]. Tiny-ImageNet
contains 200 categories and serves as a larger and more diverse ImageNet-style subset [35].
In the experiments, these additional datasets are used to compare the behavior of the
proposed candidate generation strategy across independently fitted dataset-specific settings
under a unified evaluation protocol.

5.1.2. Feature Extractors

Deep visual features are used as the image representation for subsequent indexing
and candidate generation. In the main controlled setting, VGG19 is adopted as the default
feature extractor [29]. In addition, ConvNeXt-Tiny is included as a representative modern
CNN-based feature extractor [30], and ViT-B/16 is included as a representative Transformer-
based vision model [31]. Unless otherwise stated, all backbones are used in a pretrained
and frozen manner, and the extracted descriptors are only treated as the input feature space
for subsequent candidate generation.

5.1.3. Feature-Space Anisotropy Check

Before evaluating retrieval performance, a descriptive PCA analysis is performed
on the normalized VGG19 features of CALTECH101 to examine the feature-distribution
premise underlying the proposed sampling design. Figure 4a reports the explained variance
ratios of the leading principal components, while Figure 4b reports the corresponding
cumulative explained variance.

Cumulative Explained Variance

o 40 6
Principal Component Index Principal Component Index

(@) (b)

Figure 4. PCA Analysis Results for the Normalized VGG19 Features of CALTECH101. (a) Dis-
tribution of Explained Variance Ratios Across Principal Components. (b) Cumulative Explained
Variance Curve.
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The leading components explain more variance than the subsequent components,
and the cumulative explained variance increases as additional components are included.
This descriptive result indicates that the evaluated feature distribution is anisotropic rather
than uniformly distributed across all directions. It provides empirical motivation for
examining a projection distribution with a light principal-direction preference. The result is
used only to characterize the feature space; the PCA model and the candidate index are
fitted independently within each evaluated dataset-backbone combination.

5.1.4. Compared Methods

The experimental evaluation involves several categories of candidate generation
methods. Standard p-stable LSH serves as the primary controlled baseline because it
shares the same hash-function form, bucket organization, multi-table structure, and online
candidate-collection procedure as the proposed method. The comparison between standard
p-stable LSH and PCA-guided LSH therefore isolates the effect of modifying the projection-
sampling distribution. Representative modern ANN methods, including HNSW [19] and
IVF [21], are additionally included to position the proposed method relative to stronger
graph-based and quantization-based indexing systems. These methods operate through
different index structures and are treated as system-level reference methods rather than
mechanism-matched variants. For the perturbation-stability evaluation, SimHash LSH [36]
and multi-table SimHash (MTSH) [37] are also included as additional classical hashing-
based baselines.

5.1.5. Query Construction

Although the proposed indexing mechanism can be used as a general candidate
generation approach, the evaluation protocol adopted in this work focuses on exact-instance
and near-duplicate recovery rather than category-level semantic retrieval. Each query is
generated as a content-preserving perturbation of a reference image whose unperturbed
version is registered in the database. Retrieval is considered successful when this registered
target instance is included in the returned candidate set; other images belonging to the
same semantic category are not treated as target matches. Two query construction settings
are considered. The first is used for detailed parameter analysis and perturbation-stability
evaluation, while the second is used for multi-dataset and cross-backbone comparison
under a unified default setting.

The primary challenge considered in the candidate generation stage comes from
content-preserving perturbations, under which the semantic content of an image remains
unchanged while its pixel statistics or spatial arrangement may be altered. To examine
several representative perturbation conditions under a controlled evaluation protocol,
this paper considers additive white Gaussian noise (AWGN), JPEG lossy compression,
speckle noise, and cyclic vertical translation. These operations represent acquisition noise,
compression distortion, multiplicative noise, and controlled cyclic spatial rearrangement,
respectively. They are used as representative query conditions for evaluating the stability
of candidate generation.

Among these perturbations, AWGN is generated using the standard additive model.
For a pixel-domain image I € [0,255], zero-mean Gaussian noise n ~ N(0,0?) is added,
and the resulting image is clipped to ensure that all pixel values remain within the
valid range:

I =clip(I+n, 0, 255) (14)

Speckle noise is generated using a multiplicative noise model. In the pixel domain, let

I=dlip(I+10mns0,25), ns~N(0,02) (15)
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where © denotes element-wise multiplication, and ¢; controls the strength of the
speckle noise.

JPEG compression produces distorted samples by encoding and decoding the image
with a specified quality factor. The translation perturbation is implemented as a cyclic
vertical shift: pixels leaving one image boundary re-enter from the opposite boundary,
without introducing cropping, padding, or missing regions. This controlled perturbation
preserves the complete pixel content while changing its spatial arrangement and is used to
examine the sensitivity of the feature-indexing pipeline to cyclic positional shifts.

For the parameter study, 200 original images are randomly selected from the query set,
and 8 typical content-preserving perturbations are applied to each image, resulting in a total
of 1600 query samples. These samples are used in a grid-based analysis of 54 parameter
combinations, obtained by crossing 6 different hash signature lengths k with 9 different
bucket widths 7, to evaluate their effects on recall and efficiency. The same query set is also
used to compare the effects of different projection strategies on recall and efficiency.

For the stability experiments, multiple intensity levels are specified for each per-
turbation type, and corresponding groups of distorted samples are constructed from
1000 randomly selected original images. Specifically, for each perturbation type, 1000 query
samples are generated at every perturbation intensity level. In total, 4 perturbation types
and 19 intensity levels are considered, resulting in 19,000 query samples for the stability
evaluation. This setup is intended to examine the degradation trends and performance
fluctuations of different methods as perturbation strength gradually increases.

For the multi-dataset and cross-backbone comparison, 1000 reference images are
sampled for each dataset-backbone combination. One JPEG-compressed query image is
then generated from each reference image with a fixed quality factor of ¢ = 10, and the
corresponding original image is treated as the registered target. This design provides a
unified query setting for comparing different datasets, feature extractors, and candidate
generation methods.

5.1.6. Parameter Settings

In the main controlled setting, the indexing input is given by 4096-dimensional global
vectors extracted using VGG19, followed by L2 normalization before indexing to ensure
that retrieval is conducted in a unified feature space. For the multi-dataset and cross-
backbone comparison, the corresponding feature descriptors extracted by each backbone
are used in the same way. Candidate generation adopts the multi-table p-stable LSH
indexing framework, whose key parameters include the bucket width r, hash signature
length k, and number of hash tables L. Unless otherwise stated, the number of hash tables
is set to L = 2, and the PCA-guided projection distribution uses « = 1 and ¢ = 1. These
default values are examined in the sensitivity analyses reported in Sections 5.3 and 5.4.

To avoid notational ambiguity, k is used throughout the manuscript exclusively to
denote the hash signature length, equivalent to the number of hash functions in each
composite hash key, whereas kp,c exclusively denotes the number of principal components
used to construct the guidance vector.

In the parameter study, a grid-based scan over (k, r) is performed to characterize the
trade-off between selectivity and recall and to compare the proposed PCA-guided LSH
with standard p-stable LSH. Unless otherwise noted, the proposed PCA-guided LSH uses
the first 5 principal components by default to construct the guidance vector, i.e., kpc = 5.
In the stability experiments, the candidate budget and indexing parameters are fixed to
reduce the coupling between index settings and perturbation strength: the number of
returned candidates is set to N; = 10, the hash signature length to k = 16, and the bucket
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width to r = 50. Under this unified configuration, candidate generation performance is
compared across different perturbation types and perturbation strengths.

For the multi-dataset and cross-backbone comparison, the same indexing configuration
is used for standard p-stable LSH and PCA-guided LSH. The HNSW and IVF configurations
were selected through bounded preliminary calibration around commonly used practical
settings, with preference given to configurations that provided relatively high recall while
maintaining reasonable indexing and query costs. For HNSW, cosine similarity is used
with M = 16, ef_construction = 200, and ef_search = 50. For IVF, L2-normalized features
are indexed using an IVFFlat structure with inner-product search, where nprobe = 10 and
the number of coarse clusters is set as nlist = min{4\/n, n} according to the database
size n. After this preliminary calibration, the selected configurations were held fixed
across all dataset-backbone combinations. This avoids introducing dataset-specific tuning
advantages and provides a consistent and reproducible comparison protocol, while still
using competitive rather than arbitrary ANN configurations.

All experiments were conducted in a 64-bit Windows environment on a computer
equipped with an AMD Ryzen 7 5800H CPU, 16 GB of system memory, and an NVIDIA
GeForce RTX 3060 Laptop GPU with 6 GB of graphics memory. The experimental pipeline
used Python 3.9, and PCA was implemented using the SVD-based PCA implementation
provided by scikit-learn 1.6.1. Five fixed random seeds were used consistently across the
matched repeated experiments, with the same query set and corresponding seed assignment
used for each compared method. To support reproducibility, the source code, complete
parameter configurations, and exact random-seed list will be made publicly available after
acceptance of the manuscript.

5.1.7. Evaluation Metrics

This paper evaluates candidate generation mainly in terms of recall and runtime.
Under the evaluation protocol used in this work, the unperturbed reference image corre-
sponding to each query is treated as the registered target instance. Recall therefore measures
target-instance recovery: a query is counted as successfully retrieved when its registered
target is included in the returned candidate set. In the multi-dataset and cross-backbone
comparison, target-instance Recall@10 under the unified default setting is reported as the
primary quantitative metric.

Let x*(q) denote the registered target corresponding to query q. Then, recall under a
fixed candidate budget is defined as

LY 1{x'(q) € C(q)) 16)

Recall@N, =
Q]
qeQ

Let #(q) denote the end-to-end query time from feature extraction to the output of the
candidate set for query q. Then, the average response time is

t= @ Z t(q) (17)

Here, recall measures the ability of the candidate generation stage to cover the corre-
sponding target under a fixed candidate budget, and f reflects the end-to-end query cost
under different parameter settings. Offline build time is reported separately and includes
PCA guidance construction, where applicable, together with hash-index construction.

For statistical comparison under the fixed controlled configuration, the two methods
are evaluated using the same query set and five matched random seeds. Statistical sig-
nificance is assessed using a two-sided paired ¢-test on the seed-level Recall@10 values,
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with a significance level of 0.05. A 95% confidence interval is also reported for the mean
paired difference.

In the stability experiments, Recall@10 is adopted to evaluate candidate generation
performance under different image perturbation conditions. Specifically, if the original
registered image x*(q) appears in the Top-10 candidate set of a perturbed query image q,
the query is regarded as successfully recalled. In this part, the mean Recall@10, denoted by
u, is reported, and the standard deviation o; is used to quantify its variability. A higher
mean Recall@10 indicates better target coverage under perturbation, whereas a smaller
standard deviation indicates more stable candidate generation performance across different
samples and perturbation conditions.

5.2. Parameter Sensitivity

This subsection investigates candidate generation performance and the associated
computational cost under different parameter configurations by varying the hash signature
length k and bucket width r, and compares standard p-stable LSH with PCA-guided LSH
under the same indexing framework. To this end, 200 original images are randomly selected
from the query image set, and 8 typical content-preserving perturbations are applied to
each image, yielding a total of 1600 query images. These images form the query set,
with representative examples shown in Figure 5. The background image database remains
CALTECH101, which introduces cross-category distractors and competing neighbors,
thereby making the evaluation scenario closer to the retrieval load encountered in practical
candidate generation. For each parameter configuration, the average recall, offline index
construction time, and average end-to-end query time are reported to analyze the effect of
projection strategy on candidate generation behavior. Unless otherwise stated, the auxiliary
steering-related parameters are kept fixed in the following experiments, so that the present
analysis focuses on the main indexing parameters and the role of principal-direction
information itself. Similar fixed-parameter or unified-protocol evaluation strategies have
also been used in recent ANN studies and benchmarking work. For example, Elliott and
Clark adopt a fixed parameterization in their HNSW analysis to study the effects of data
and intrinsic dimensionality rather than extensive retuning [38]. Benchmark-oriented ANN

comparisons likewise emphasize standardized and reproducible evaluation under unified
settings [39].

e

(¢) JPEG (g = 50)

- ﬁ - TN 2 \ b i
(e) speckle (05 = 0.4) (f) AWGN (¢ = 0.5) (g) JPEG (g =10 (h) Cyclic shift (150 px)

Figure 5. Example Query Samples Used in the Performance Tests.
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Figure 6 presents the Recall@10 results as annotated heatmaps, making the interaction
between the hash signature length k and bucket width r more explicit. PCA-guided LSH
obtains higher Recall@10 than standard p-stable LSH in 48 of the 54 tested parameter
combinations. The improvements are particularly consistent at k = 16, where PCA-guided
LSH performs better for every tested bucket width. However, the proposed method is
not uniformly superior. The configurations in which standard p-stable LSH performs
better are concentrated mainly at k = 2 with large bucket widths (r > 60), together
with a small number of other low-k, large-r settings. These results indicate that PCA
guidance is more beneficial when the hash signature provides sufficient selectivity, whereas
overly short signatures combined with coarse bucketization may weaken the benefit of the
directional bias.

Standard p-stable LSH
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Figure 6. Comparison of Average Candidate Recall across Different Bucket Widths r and Hash
Lengths k.

Figure 7 presents the offline index construction time using annotated heatmaps. PCA-
guided LSH incurs additional offline cost because PCA analysis and guidance-vector
construction are performed before the hash index is built. Nevertheless, the construction
times of the two methods remain within the same practical order of magnitude across the
evaluated parameter grid. This result is consistent with the complexity analysis, because the
additional computation is confined to the offline indexing stage.

https://doi.org/10.3390/ electronics15173977


https://doi.org/10.3390/electronics15173977

Electronics 2026, 15, 3977

20 of 31

Standard p-stable LSH

0.101
2 0.011 0.009 0.011 0.009 0.008 0.008 0.009 0.009 0.010
0.083
4 0.011 0.011 0.011 0.010 0.009 0.010 0.009 0.010 0.010
- 2
= 5 0.011 0.011 0.009 0.009 0.013 0.011 0.011 0.010 0.009 0064 2
2 =
= =
= E
S o
E 6 0.010 0.010 0.009 0.011 0.011 0.010 0.011 0.012 0.010 2
= 0045 =
IS
8 0.012 0.010 0.011 0.011 0.010 0.011 0.010 0.010 0.017
0.027
16 0.020 0.017 0.017 0.018 0.017 0.016 0.029 0.017 0.018
0.008
10 20 30 40 50 60 70 80 90
Bucket width, »
(a) Standard p-stable LSH
PCA-guided LSH
0.101
2 . X 0.079 73 0.087 0.059 . 0.060
0.083
4 0.094 0 0.060 0.029 048 0.091
- Z
,5“ 5 0.053 0. 0.029 0.061 0.060 I X 0.064 g
Ed =
2 3
= 2
2 o
E 6 0.048 . 0.101 0.039 0.029 0.069 0.060 0.027 I £
= 0045 2
3

8 0.05 0.032 0.049 0.032 0.028 0.049 099 .
0.027

0.008

10 20 30 40 50 60 70 80 90

Bucket width, »
(b) PCA-guided LSH

Figure 7. Comparison of Offline Indexing Time across Different Bucket Widths r and Hash Lengths k.

Figure 8 presents the average end-to-end query time, including feature extraction and
candidate generation. The two methods have similar query times across most parameter
combinations, which is consistent with the fact that PCA guidance modifies only the offline
projection-sampling procedure and does not alter the online hash lookup process. Some
isolated high-latency configurations are visible in the heatmaps, indicating that query cost
can still vary with the bucket occupancy and candidate-scanning behavior induced by
particular combinations of k and r. Overall, the proposed method does not introduce a
systematic increase in online query time.

Overall, the parameter study shows that candidate generation performance depends
jointly on the bucket width r and hash signature length k. PCA-guided LSH achieves higher
Recall@10 in most of the tested configurations, while its weaker cases are concentrated
in short-signature and large-bucket settings. The method introduces additional offline
construction cost but maintains an online query-time scale comparable to that of standard
p-stable LSH. These results support PCA guidance as a lightweight empirical refinement
under appropriate indexing configurations, rather than implying uniform improvement
for every parameter combination.
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Figure 8. Comparison of Average End-to-End Query Time across Different Bucket Widths r and Hash
Lengths k.

To further analyze the source of the observed performance gains, this paper compares
standard p-stable LSH and PCA-guided LSH in terms of candidate scan cost and candidate
set size under a fixed parameter setting. The experimental settings are as follows: the
number of returned candidates N; = 10, the number of hash tables L = 2, hash signature
length k = 16, and bucket width r = 50. Using the same query set, five randomized
repeated trials are conducted to report the average Recall@10, average scan volume Sq,
average deduplicated candidate count, and average query time. The corresponding results
are presented in Table 1.

Table 1. Analysis of Candidate Set Size for Standard p-stable LSH and PCA-guided LSH (5 Random-
ized Repeated Trials).

. Mean Unique Mean End-to-End
Method Recall@10 Mean Scan Size Sq Candidates Query Time (s)
Standard p-stable LSH 0.8163 +0.0173 698.76 458.02 0.7958
PCA-guided LSH 0.9000 + 0.0069 711.20 461.53 0.7979

Note: Bold values indicate the best Recall@10 result among the compared methods.
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As shown in Table 1, the average Recall@10 of PCA-guided LSH improves from
0.8163 £ 0.0173 for standard p-stable LSH to 0.9000 £ 0.0069. This indicates that, under the
current setting, the proposed method achieves not only higher average target coverage but
also smaller performance fluctuations. Meanwhile, the two methods differ only slightly in
average scan volume, average deduplicated candidate count, and average query time.
Specifically, PCA-guided LSH increases the average scan volume by about 1.8% and
the average deduplicated candidate count by about 0.8%, while leaving the average query
time almost unchanged.

Because both methods were evaluated using the same query set and the same five
random seeds, a two-sided paired t-test was applied to the seed-level Recall@10 values.
The mean paired improvement obtained by PCA-guided LSH was 0.0837, corresponding
to 8.37 percentage points. The 95% confidence interval of the mean paired difference
was [0.0548, 0.1126]. The test result was statistically significant, #(4) = 8.053, p = 0.0013.
Therefore, under this controlled configuration, the observed improvement is unlikely to be
explained solely by random variation across the matched runs.

These results suggest that the performance gains of PCA-guided LSH under a fixed
candidate budget do not come from substantially enlarging the candidate set or increasing
online computation, but more likely from better alignment between projection partitioning
and the feature distribution. In other words, under similar candidate set size and query
cost, PCA-based principal-direction bias helps improve both the average performance and
the stability of candidate generation.

5.3. Sensitivity to the Number and Aggregation of Principal Components

To further examine the practical role of PCA guidance, this subsection evaluates both
the number of principal components kp. and the rule used to aggregate them. All indexing
parameters and the candidate budget are kept fixed. Standard p-stable LSH is used as
the unguided reference. For eigenvalue-weighted guidance, kp. € {1,3,5,7,10} is tested,
extending the previous range beyond five components. An equal-weighted aggregation of
the first five deterministically oriented components is also included to examine whether
the observed behavior depends specifically on the eigenvalue weights.

For each configuration, index construction and query evaluation are repeated using
the same query set and five random seeds. Recall@10 is reported as mean =+ standard
deviation across the repeated runs, while the timing columns report the corresponding
averages. The end-to-end query time includes feature extraction and candidate generation.
The results are presented in Table 2.

Table 2. Sensitivity of PCA-Guided LSH to the Number and Aggregation of Principal Components.

. . End-to-End

Method Aggregation kpc RIZZ:;;‘ ég; 0 Offll“;;eel?;ﬂd Query Time
(s/Query)

Standard p-stable LSH - - 0.900 £ 0.031 0.016 0.821
PCA-guided LSH Single component 1 0.915 +0.023 0.035 0.824
PCA-guided LSH Eigenvalue-weighted 3 0.910 £0.026 0.056 0.826
PCA-guided LSH Equal-weighted 5 0.907 £0.027 0.048 0.824
PCA-guided LSH Eigenvalue-weighted 5 0.918 £ 0.008 0.050 0.827
PCA-guided LSH Eigenvalue-weighted 7 0.912 £0.018 0.052 0.826
PCA-guided LSH Eigenvalue-weighted 10 0.908 £0.013 0.061 0.830

Note: Bold values indicate the best Recall@10 result among the tested configurations.

The results show a non-monotonic dependence on k.. Eigenvalue-weighted guidance
with kp. = 5 achieves the highest mean Recall@10, 0.918, and the lowest standard deviation,
0.008, among the tested configurations. Extending the range to kpc = 7 and kp. = 10 does
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not yield further improvement; the corresponding mean recalls decrease to 0.912 and 0.908,
respectively. Thus, the choice of five components is not an artifact of the previous upper
boundary. Under the current setting, adding lower-variance components beyond this point
appears to dilute rather than strengthen the useful directional preference.

The aggregation comparison provides additional evidence for the chosen formulation.
With the same five components, equal weighting obtains 0.907 & 0.027, whereas eigenvalue
weighting obtains 0.918 &£ 0.008. The eigenvalue-weighted scheme therefore has a higher
mean and lower variability in this experiment. This result is consistent with retaining the
unequal variance contributions of the selected components, although it is interpreted as an
empirical comparison under the present setting rather than as a universal superiority claim
over all possible subspace-sampling designs.

The timing differences remain small. Increasing kp. mainly affects offline PCA guid-
ance construction, while the end-to-end query times remain between 0.824 and 0.830
s/query for all PCA-guided configurations. Based on the combined recall, variability,
and cost results, kpc = 5 with eigenvalue weighting is used as the default configuration in
the subsequent experiments. The optimal choice may nevertheless vary with the dataset
and feature representation.

5.4. Sensitivity to Guidance and Index Parameters

The preceding experiments analyze the hash signature length k, bucket width r,
number of principal components kp., and aggregation rule. This subsection examines
the remaining scalar parameters in Algorithm 1: the guidance strength &, Gaussian scale
parameter ¢, and number of hash tables L. A one-factor-at-a-time protocol is used so that
the effect of each parameter can be interpreted without a large Cartesian-product search.
When « is varied, ¢ = 1 and L = 2 are fixed; when ¢ is varied, « = 1 and L = 2 are fixed;
and when L is varied, « = ¢ = 1is used. In all cases, kpc = 5,k = 16, r = 50, and N = 10
are kept unchanged. Each configuration uses the same query set and five random seeds.
Recall@10 is reported as mean =+ standard deviation, while the timing columns report
averages and include feature extraction in the end-to-end query time. The corresponding
results are summarized in Table 3.

Table 3. One-Factor-at-a-Time Sensitivity Analysis of Guidance and Index Parameters.

Varied Parameter

Value Average Recall@10 Offline Build Time (s) End-to-End Query Time (s/Query)

o 0.0 0.900 £ 0.031 0.016 0.821
« 0.5 0.906 £ 0.017 0.048 0.824
« 1.0 0.918 + 0.008 0.050 0.827
« 1.5 0.908 £ 0.014 0.051 0.822
I 2.0 0.892 £0.015 0.051 0.823
o 0.5 0.904 £ 0.039 0.043 0.818
o 1.0 0.918 + 0.008 0.050 0.827
o 1.5 0.873 £0.033 0.052 0.820
L 1 0.911 £0.011 0.024 0.818
L 2 0.918 £ 0.008 0.050 0.827
L 4 0.901 £ 0.036 0.082 0.839

The three default rows o« =1, 0 = 1, and L = 2 refer to the same configuration and
therefore share the same measured result. The « = 0 setting uses the standard p-stable
branch because its projection distribution reduces to the zero-mean Gaussian baseline;
consequently, its lower build time does not represent a computational advantage caused by
changing « alone.
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The guidance-strength results are non-monotonic. Increasing a from zero to one raises
the mean Recall@10 from 0.900 to 0.918, whereas stronger shifts reduce recall to 0.908 at
« = 1.5 and 0.892 at « = 2. This behavior supports the use of a moderate mean shift:
insufficient guidance approaches the unguided baseline, while an overly strong shift can
reduce projection diversity.

The Gaussian-scale analysis likewise favors the intermediate setting ¢ = 1, which
achieves higher mean recall and lower variability than the tested values 0.5 and 1.5. Be-
cause o also changes the projection scale relative to the fixed bucket width 7, this result
should be interpreted as empirical sensitivity under the stated bucketization setting rather
than as an isolated distribution-scale effect.

For the number of hash tables, L = 2 achieves the highest mean recall and the lowest
variability among the tested settings. Increasing L to four increases the offline build
time from 0.050 to 0.082 s and the end-to-end query time from 0.827 to 0.839 s/query
without improving recall. Conversely, L = 1 has lower cost but slightly lower recall.
The default L = 2 therefore provides a practical balance between target coverage, stability,
and computational cost in the controlled setting. Together with the preceding analyses of
k, r, and kp, these results cover the scalar indexing and guidance parameters used by the
proposed method.

5.5. Stability Test

To further examine candidate generation performance under content-preserving per-
turbations, this subsection compares standard p-stable LSH and PCA-guided LSH under
four conditions: AWGN, JPEG compression, speckle noise, and translation. In addition,
two baseline methods are introduced for benchmarking. SimHash (SRP) LSH [36] uses
random hyperplane projections with sign-bit hashing to approximately preserve angu-
lar similarity between samples. Multi-table SimHash [37], a variant of SimHash, further
combines random-hyperplane sign hashing with multi-table subcode indexing for candi-
date retrieval. For brevity, these two methods are referred to below as SimHash LSH and
MTSH, respectively. For each perturbation type, multiple intensity levels are considered.
By measuring recall under a fixed candidate budget, the experiments examine how the
target coverage of the candidate set C(q) degrades as perturbation strength increases.

5.5.1. Additive White Gaussian Noise

Additive White Gaussian Noise (AWGN) is a common form of random perturbation
used to simulate additive noise encountered during image acquisition and transmission.
To evaluate the stability of the candidate generation module in the presence of AWGN,
zero-mean Gaussian noise 71 ~ N (0,¢?) is added to the query images, and the recall of
each method is measured at different noise levels o € {0.1,0.2,0.3,0.4,0.5}, as reported in
Table 4.

The results show that under weak noise conditions (o < 0.2), all four methods achieve
a recall of 1.000, indicating that low-level AWGN has almost no effect on candidate gener-
ation. When the noise level increases to o = 0.3, recall begins to decline for all methods,
although the overall performance remains high. In particular, PCA-guided LSH achieves a
recall of 0.994, exceeding SimHash LSH (0.988), p-stable LSH (0.986), and MTSH (0.976).
As the noise level further increases to o = 0.4 and o = 0.5, the performance differences
among the methods become more pronounced. PCA-guided LSH attains recalls of 0.947
and 0.861, respectively, consistently outperforming p-stable LSH (0.882 and 0.757), SimHash
LSH (0.880 and 0.737), and MTSH (0.855 and 0.706).

The standard deviation results further show that recall variability increases for all meth-
ods as the noise level rises. By contrast, under strong noise conditions, PCA-guided LSH
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not only achieves higher average recall but also exhibits smaller fluctuations, demonstrating
greater stability. Overall, although the recall of all methods decreases as noise intensity
increases, PCA-guided LSH maintains higher average recall across most noise levels and
shows a smoother degradation trend. Compared with standard p-stable LSH, PCA-guided
LSH retains better candidate coverage under moderate and high noise conditions, suggest-
ing that the introduction of principal-direction bias makes the projection-based partitioning
more robust to feature perturbations caused by additive noise.

Table 4. Recall under AWGN with noise standard deviation o.

Method

c=0.1

=02

c=03

c=04

=05

p-stable LSH

PCA-guided LSH

SimHash LSH
MTSH

1.000 £ 0.000
1.000 £ 0.000
1.000 £ 0.000
1.000 £ 0.000

1.000 £ 0.000
1.000 £ 0.000
1.000 + 0.000
1.000 + 0.000

0.986 + 0.051
0.994 + 0.034
0.988 £+ 0.047
0.976 £ 0.070

0.882 + 0.167
0.947 + 0.108
0.880 £ 0.164
0.855 = 0.184

0.757 £ 0.223
0.861 £ 0.181
0.737 £ 0.224
0.706 = 0.239

5.5.2. JPEG Compression

JPEG (Joint Photographic Experts Group) compression is used to simulate the lossy dis-
tortion introduced during image storage, transmission, and platform re-encoding. To eval-
uate the stability of the candidate generation module under JPEG compression, JPEG
compression with different quality factors g is applied to the query images, and the recall
of each method is measured at g € {10, 30,50,70,90}, as reported in Table 5.

The results show that, as the quality factor increases, the recall of all methods rapidly
approaches 1.000. When the compression quality is high (g > 50), all four methods achieve
1.000, indicating that mild JPEG compression has almost no effect on candidate generation.
However, when the quality factor is reduced to g = 10, the performance differences among
the methods become pronounced. In this case, PCA-guided LSH achieves a recall of 0.984,
outperforming SimHash LSH (0.935), p-stable LSH (0.933), and MTSH (0.927).

The standard deviation results further show that PCA-guided LSH exhibits smaller
fluctuations under strong compression, indicating that it not only achieves higher average
recall but also shows greater consistency across different categories of samples. Overall,
candidate generation performance degrades gradually as the quality factor decreases,
but PCA-guided LSH maintains recall that is at least comparable to that of standard p-
stable LSH under most compression conditions, and achieves higher recall under some
settings. This suggests that even when images are affected by local frequency-domain
distortion introduced by compression, the principal-direction-guided projection mechanism
can still preserve good target coverage.

Table 5. Recall under JPEG compression with quality factor 4.

Method qg=10

q =30

q=>50

q=170

q =90

p-stable LSH

PCA-guided LSH

SimHash LSH
MTSH

0.933 + 0.113
0.984 + 0.067
0.935 + 0.129
0.927 £ 0.125

0.994 + 0.034
1.000 £ 0.000
0.998 + 0.020
0.998 £ 0.020

1.000 £ 0.000
1.000 £ 0.000
1.000 £ 0.000
1.000 + 0.000

1.000 £ 0.000
1.000 £ 0.000
1.000 £ 0.000
1.000 + 0.000

1.000 £ 0.000
1.000 £ 0.000
1.000 £ 0.000
1.000 + 0.000

5.5.3. Speckle Noise

Speckle noise is a typical form of multiplicative noise commonly encountered in coher-
ent imaging systems, where the noise intensity depends on the original signal. To evaluate
the stability of the candidate generation module in the presence of speckle noise, the pertur-
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bation level is controlled by the noise strength o5, and the recall of each method is measured
atos € {0.1,0.2,0.3,0.4,0.5}, as reported in Table 6.

The results show that under low-level speckle noise (¢ < 0.2), all four methods
achieve a recall of 1.000, indicating that mild multiplicative perturbation has almost no
effect on candidate generation. When the noise strength increases to os = 0.3, recall begins
to decline for all methods, although overall performance remains high. In particular,
PCA-guided LSH achieves 0.998, outperforming SimHash LSH (0.996), MTSH (0.992),
and p-stable LSH (0.978). As the noise strength further increases to cs = 0.4 and s = 0.5,
the performance differences among the methods become more pronounced. PCA-guided
LSH attains 0.949 and 0.878, respectively, consistently outperforming p-stable LSH (0.890
and 0.824), SimHash LSH (0.855 and 0.759), and MTSH (0.800 and 0.700).

The standard deviation results further show that recall variability increases for all
methods as the speckle noise becomes stronger. By contrast, under high noise conditions,
PCA-guided LSH not only achieves higher average recall but also exhibits smaller fluctua-
tions, demonstrating greater stability. Overall, all four methods show gradual performance
degradation as speckle noise increases, but PCA-guided LSH consistently maintains the
best or jointly best performance across the entire test range, with its advantage becoming
more pronounced under moderate and high perturbation levels.

Table 6. Recall under speckle noise with standard deviation ;.

Method s = 0.1 s = 0.2 s = 0.3 s =04 s = 0.5

p-stable LSH 1.000 % 0.000 1.000 % 0.000 0.978 + 0.084 0.890 + 0.147 0.824 + 0.180
PCA-guided LSH 1.000 % 0.000 1.000 % 0.000 0.998 + 0.020 0.949 £+ 0.104 0.878 + 0.149
SimHash LSH 1.000 % 0.000 1.000 %+ 0.000 0.996 + 0.028 0.855 £+ 0.156 0.759 £ 0.205
MTSH 1.000 + 0.000 1.000 + 0.000 0.992 + 0.039 0.800 £+ 0.210 0.700 £ 0.236

5.5.4. Cyclic Vertical Translation

Cyclic vertical translation is used to evaluate the sensitivity of the candidate generation
module to a controlled spatial rearrangement. In the experiments, query images are
cyclically shifted along the vertical direction without cropping, padding, or removing
image content. Specifically, a cyclic vertical translation operator 7;, is applied to the query
images, where 4, € {50, 100,150,200} px denotes the displacement magnitude along the y
direction. The corresponding recall results are reported in Table 7.

The results show that after a cyclic vertical shift of 50 px, all methods still maintain
relatively high recall. Among them, PCA-guided LSH achieves 0.967, outperforming
SimHash LSH (0.927), p-stable LSH (0.886), and MTSH (0.882). As the cyclic displacement
magnitude increases to 100 px and 150 px, the performance of all methods declines further,
and the performance gap widens. PCA-guided LSH attains 0.924 and 0.925, respectively,
consistently exceeding SimHash LSH (0.814 and 0.841), p-stable LSH (0.802 and 0.804),
and MTSH (0.757 and 0.784).

When the displacement magnitude reaches 200 px, the recall of all methods partially
rebounds. PCA-guided LSH reaches 0.975 and remains the best-performing method, while
SimHash LSH, MTSH, and p-stable LSH achieve 0.908, 0.906, and 0.855, respectively. This
non-monotonic behavior may be associated with the cyclic nature of the perturbation
and the response of the deep feature extractor to the resulting spatial rearrangement.
The standard deviation results further show that PCA-guided LSH achieves both higher
average recall and smaller fluctuations under the tested cyclic-shift settings. Because this
operation preserves all pixels through wrap-around, these results should be interpreted
specifically as robustness to controlled cyclic vertical shifts rather than to real image
displacements involving cropping, padding, or missing content.
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Table 7. Recall under cyclic vertical translation with displacement magnitude Jy (pixels).

Method

dy = 50 px

6y = 100 px

Jy = 150 px

dy = 200 px

p-stable LSH

PCA-guided LSH

SimHash LSH
MTSH

0.886 £ 0.155
0.967 £ 0.080
0.927 + 0.118
0.882 + 0.146

0.802 £ 0.183
0.924 £0.119
0.814 + 0.175
0.757 £ 0.232

0.804 £ 0.170
0.925 £0.115
0.841 + 0.157
0.784 + 0.191

0.855 £ 0.182
0.975 + 0.072
0.908 + 0.133
0.906 + 0.136

5.6. Multi-Dataset and Cross-Backbone Comparison

To compare the behavior of the proposed candidate generation strategy across different
evaluation settings, this subsection reports results for three datasets and three feature extrac-
tors under a unified evaluation protocol. CALTECH101, CIFAR-10, and Tiny-ImageNet are
considered together with VGG19, ConvNeXt-Tiny, and ViT-B/16. The compared methods
include standard p-stable LSH, the proposed PCA-guided LSH, HNSW, and IVF. For each
dataset-backbone combination, PCA and the corresponding candidate index are fitted
independently using the database features from that setting. Therefore, this experiment
evaluates the consistency of the method across multiple independently fitted settings rather
than transfering of one fitted PCA model to an unseen dataset.

For each dataset-backbone combination, 1000 reference images are sampled, and
one JPEG-compressed query image is generated from each reference image with a fixed
quality factor of g = 10. The corresponding original image is treated as the registered target.
Recall@10 is reported as the primary quantitative metric under this unified query setting.
The results are summarized in Table 8.

The multi-dataset experiment is designed as a controlled comparison of projection-
sampling behavior across different feature representations rather than as a million-scale
ANN benchmark. This design makes it possible to compare the proposed projection
modification with its mechanism-matched p-stable baseline under consistent query and
candidate-budget conditions. Because the proposed method preserves the original multi-
table index organization, its database-size dependence follows the same index-construction
and bucket-lookup structure as standard p-stable LSH, with PCA guidance contributing an
additional one-time offline preprocessing step.

As shown in Table 8, HNSW achieves the highest Recall@10 in all evaluated settings,
while IVF also provides strong retrieval performance across most dataset-backbone combi-
nations. Compared with standard p-stable LSH, the proposed PCA-guided LSH improves
candidate recall in most settings, indicating that principal-direction-guided projection
sampling is beneficial within the standard p-stable LSH framework.

Table 8. Recall@10 (%) of different candidate generation methods across datasets and fea-
ture extractors.

VGG19 ConvNeXt-Tiny

PCA- PCA- PCA-

Guided Guided Guided ONSW IVF
Caltech101 933 984 998 994 952 988 999 998 941 988  100.0 99.7
CIFAR-10 68 677 786 714 716 722 873 794 705 709 794 732
Tiny-ImageNet 707 726 809 734 767 791 919 834 712 737 869 820

Note: Bold values indicate the highest Recall@10 result for each dataset-backbone combination.

ViT-B/16

Dataset

p-Stable HNSW IVF p-Stable HNSW IVF p-Stable
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The gain of the proposed method is particularly clear on CALTECH101 and Tiny-
ImageNet. On CALTECH101, PCA-guided LSH improves Recall@10 from 93.3% to 98.4%
with VGG19, from 95.2% to 98.8% with ConvNeXt-Tiny, and from 94.1% to 98.8% with
ViT-B/16. On Tiny-ImageNet, the corresponding improvements are from 70.7% to 72.6%,
from 76.7% to 79.1%, and from 71.2% to 73.7%, respectively. On CIFAR-10, the improve-
ments are smaller, increasing from 66.8% to 67.7% with VGG19, from 71.6% to 72.2% with
ConvNeXt-Tiny, and from 70.5% to 70.9% with ViT-B/16. These results suggest that PCA-
guided projection is effective as a lightweight refinement of the standard p-stable baseline
under different feature representations.

The variation in improvement across datasets is consistent with the geometric motiva-
tion of the proposed method. PCA guidance is expected to provide a larger benefit when
the fixed feature representation contains a sufficiently concentrated directional structure
and when the leading variance directions are informative for separating the registered
query-target neighborhoods. Under such conditions, the mean-shifted projection distribu-
tion can exploit directional information that is not used by isotropic sampling. In contrast,
when the feature covariance is more diffuse, or when the locally useful neighborhood
structure is not well represented by a single globally aggregated guidance direction, the dif-
ference from isotropic sampling is expected to be smaller. The relatively limited gains on
CIFAR-10 suggest that less exploitable global directional information is available under the
evaluated feature and query settings. Feature dimensionality alone does not explain the
observed pattern, because the same dataset-dependent tendency is observed across VGG19,
ConvNeXt-Tiny, and ViT-B/16 representations.

A practical boundary arises when the leading eigenvalues are only weakly separated
and the feature covariance is close to isotropic. In this situation, the estimated principal
direction provides limited additional information beyond isotropic sampling, and a strong
directional shift may unnecessarily reduce projection diversity. The eigenvalue distribution
can therefore serve as a preliminary diagnostic for the usefulness of PCA guidance. When
no pronounced directional structure is observed, a smaller guidance strength may be
selected; in the limiting case & = 0, the projection distribution returns to the zero-mean
Gaussian form used by standard p-stable LSH.

HNSW and IVF achieve higher overall Recall@10 in most evaluated settings, reflecting
the stronger search capability of graph navigation and coarse-quantization-based probing.
The proposed method is therefore positioned as a compatible refinement for systems that
already use the multi-table p-stable LSH architecture and wish to introduce data-dependent
guidance without replacing the existing bucket organization or online query procedure.
Its practical advantages lie in limited integration changes, retention of the original hash-
based candidate-generation pipeline, and the confinement of PCA-related computation to
offline index preparation. Accordingly, PCA-guided LSH is not intended as a universal
replacement for HNSW or IVF, but as a lightweight option when architectural compati-
bility, implementation simplicity, or preservation of an existing LSH-based deployment
is important.

Figure 9 further provides qualitative retrieval examples under the unified JPEG query
setting (g = 10). The figure shows that, for representative query cases, the proposed
PCA-guided LSH can return more relevant candidates than standard p-stable LSH and can
place the registered target in a more favorable candidate position.
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Figure 9. Qualitative retrieval examples of standard p-stable LSH and PCA-guided LSH under the
unified JPEG query setting (g = 10).

6. Conclusions

This paper studies the problem of projection-direction design in image candidate
generation and proposes a PCA-guided candidate generation method based on the hash-
function form and multi-table retrieval architecture of p-stable LSH. Without modifying
the original bucketization mechanism or online query procedure, the proposed method
incorporates principal-direction information of deep image features into projection genera-
tion, so as to improve the alignment between candidate partitioning and the underlying
feature distribution. Unlike conventional PCA-based feature extraction, PCA is not used
here to transform the image representation itself, but only to bias the sampling distribution
of projection vectors in the indexing stage.

A deep feature-based candidate generation pipeline is constructed to evaluate the
proposed method. Experimental results from parameter sensitivity analysis, sensitiv-
ity analysis of the number of principal components, perturbation-stability evaluation,
and multi-dataset comparison show that the proposed PCA-guided LSH generally im-
proves on the standard p-stable baseline in most settings. The gain is particularly clear
on CALTECH101 and Tiny-ImageNet, and the method also exhibits more stable retrieval
behavior under multiple content-preserving perturbations. Additional experiments with
ConvNeXt-Tiny, ViT-B/16, HNSW, and IVF further place the proposed method in a broader
and more current retrieval setting.

Overall, the proposed method can be regarded as a lightweight data-dependent
projection-sampling refinement for systems based on the multi-table p-stable LSH architec-
ture. Its main value lies in improving candidate coverage and robustness without changing
the basic retrieval pipeline. At the same time, the results also indicate that modern ANN
baselines remain stronger in overall recall, suggesting that the proposed method is bet-
ter understood as a compatible enhancement of classical p-stable LSH rather than as a
replacement for more advanced ANN indexing structures.
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