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ABSTRACT world graphs), and hybrid pipelines that layer routing,
High-dimensional data now underpins modern compression, and re-ranking.
applications such as semantic search,

Search Algorithms

recommendation, fraud detection, drug discovery, and

robotics. While exact search remains the gold

standard, the “curse of dimensionality” renders
classical index structures ineffective and brute-force
search prohibitively expensive as dataset sizes and Uninformed Search nformed Search

dimensions grow. This manuscript surveys and

synthesizes optimization strategies for similarity
search in high-dimensional spaces, emphasizing e

Dt FictSesh B BesthFstSearn ey St £ Seth G each
approximate nearest neighbor (ANN) approaches and =

system-level co-design. We first frame the problem

Fig.1 Optimization of Search Algorithms,Source([1])

through the geometry of high dimensions—distance . L. .
Building on these insights, we propose a practical
concentration, hubness, and metric choice—and L. . . .
optimization recipe that couples (1) light metric
discuss why tree-based exact methods deteriorate. We . . . . L.
learning and dimensionality normalization, (2)
then review the literature on hashing (e.g., LSH and . . . . .
centroid-routed inverted lists with product-quantized
multi-probe variants), quantization (e.g., product L.
payloads, (3) a shallow proximity graph over coarse
quantization and its orthogonalized forms), graph- . . .
centroids for fast, robust routing, (4) adaptive search

based structures (e.g., HNSW and navigable small- . . L
budgets driven by uncertainty and early-exit criteria,

and (5) hardware-aware kernels for SIMD/GPU
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acceleration. We validate the recipe via controlled
simulation with synthetic 10M-point datasets in 256
dimensions and report recall-latency—memory trade-
offs across LSH, IVF-PQ, HNSW, and a proposed
hybrid. Results show the hybrid achieves the best
combined recall@10 (97.5%) and mean latency (4.3
ms/query) while keeping index overhead moderate
(2.4 GB beyond the 10 GB raw matrix). We conclude
with actionable guidance for practitioners on
algorithm choice, parameter tuning, and deployment
patterns under varying workload profiles and cost
constraints.

KEYWORDS

high-dimensional indexing; approximate nearest
neighbor; product quantization; HNSW; locality-
sensitive hashing; vector search; metric learning;
hybrid indexing; GPU acceleration; recall-latency
trade-off

INTRODUCTION

Search in high-dimensional spaces (d = 128) is central to
machine learning systems that represent items and queries
as vectors: language embeddings, image and video
descriptors, user/item profiles, molecular fingerprints,
and sensor streams. The canonical task is nearest-
neighbor (NN) or k-NN search under a metric (e.g.,
cosine, Euclidean, or learned Mahalanobis). In low
dimensions, spatial partitioning trees (kd-trees, ball trees,
R-trees) prune large portions of the space efficiently. In
high dimensions, however, the volume of a d-ball
concentrates near its surface; pairwise distances “flatten”
and become hard to separate. As a result, backtracking in
trees grows, theoretical pruning guarantees weaken, and

traversal approaches brute force.

1

Fig.2 High-Dimensional Data Spaces,Source([2])
Exact linear search wusing BLAS/GPU matrix
multiplication is embarrassingly parallel but scales
linearly with dataset size N. For applications with tight
latency targets and large N (millions to billions),
approximate  methods—accepting a small error
probability in exchange for dramatic speedups—offer a
pragmatic solution. ANN methods accelerate search by (i)
hashing to reduce candidate sets, (ii) quantization to
compress and compare efficiently, (iii) graph navigation
to reach near neighbors with sublinear probes, or (iv)
hybrids that combine routing and re-ranking. The
challenge is to optimize this pipeline end-to-end: selecting
metrics, normalizations, index structures, parameters,
hardware kernels, and online control policies to meet
quality of service (QoS) targets (recall, latency,
throughput, memory, and cost).

This paper contributes three things:

1. A structured, practitioner-oriented review of
high-dimensional  search techniques and
why/when they succeed.

2. Apractical optimization recipe that layers metric
shaping, centroid-routed inverted lists, shallow
graphs, quantization, and adaptive early-exit

control.
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3. A simulation study on large synthetic datasets
demonstrating recall/latency/index trade-offs

and offering tuning heuristics.
LITERATURE REVIEW

2.1 Geometry and Metrics in High Dimensions

Three phenomena dominate high-dimensional search.
Distance concentration narrows relative gaps among
points, hurting pruning. Hubness causes a few points to
appear frequently as neighbors, biasing sampling and
navigation. Metric choice (cosine vs. Euclidean, learned
metrics) can improve separability when embeddings
encode angular information. Dimensionality reduction
(random  projections; Johnson-Lindenstrauss) and
whitening/normalization can mitigate concentration
without heavy model training. Lightweight metric
learning (e.g., learning an orthogonal transform) can
further improve local structure.

2.2 Exact Methods

Partitioning trees (kd, ball, cover trees) and vantage-point
structures exploit low-dimensional geometry; in high-d,
their performance degrades to linear scanning due to
excessive backtracking. Exact GPU/BLAS search
(matrix—vector or batched matrix—matrix) is a reliable
baseline, often competitive for small N or heavy batching
but memory and compute costs rise linearly.

2.3 Hashing-Based ANN

Locality-Sensitive Hashing (LSH) maps points so that
similar items collide with high probability. Variants
include E2LSH for Euclidean and sign random projection
(SRP) for cosine. Multi-probe LSH reduces the number
of hash tables by probing nearby buckets. Hashing excels
when data are spread uniformly and when extreme
throughput is needed with modest recall. However,
memory footprint can be large (many tables), and recall
degrades on clustered or anisotropic data unless enhanced
with learned projections.

2.4 Quantization-Based ANN

Product Quantization (PQ) decomposes the space into

subspaces and quantizes each independently, enabling

compact codes and fast Asymmetric Distance
Computation (ADC). Optimized PQ (OPQ) learns an
orthogonal rotation to reduce quantization error. Systems
such as IVF-ADC/PQ place PQ codes in inverted lists
defined by coarse centroids (k-means). At query time, the
system routes to a handful of nearest centroids, scans
codes in those lists using precomputed lookup tables, and
optionally re-ranks a short candidate set with the full
precision vectors. PQ-based systems offer excellent
memory-latency trade-offs and map well to GPUs.

2.5 Graph-Based ANN

Navigable small-world graphs and Hierarchical NSW
(HNSW) link points via proximity graphs. Queries start
from an entry point and greedily descend levels to a local
neighborhood before refining at the base layer. Graphs
often yield state-of-the-art recall-latency, especially on
CPUs, with tunable parameters (connectivity M,
construction efC, search efS). Downsides include higher
build times, non-trivial memory overhead, and sensitivity
to outliers.

2.6 Hybrids and Systems

Practical vector search engines combine techniques:
graph over centroids for routing, inverted lists with PQ
codes for bulk scanning, and exact re-ranking for the top
R candidates. Adaptive policies adjust efS (graph
expansions) or the number of probed lists at runtime based
on predicted query difficulty. Hardware co-design uses
SIMD kernels on CPUs and shared-memory LUTs on
GPUs. Modern libraries expose these patterns with
configurable knobs, enabling multi-tenant deployments
and tiered storage (DRAM for graphs and centroids, SSD
for compressed codes).

METHODOLOGY

3.1 Problem Setting

Given a dataset X={xi}i=INCRdAX=\{x i\} {i=1}"N
\subset \mathbb{R}"d and queries qq, retrieve the top-k
neighbors under a metric D(-,-)D(\cdot,\cdot). We target
large NN (=10"7) and high dd (=256). The primary
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objective is to maximize recall@k subject to tail-latency DRAM, store codes on GPU HBM or fast SSD

constraints (p95 < target) and bounded memory overhead. with prefetch.
3.2 Proposed Optimization Recipe 8. Hyperparameter tuning: Optimize
1. Metric shaping & normalization: L2- (kc,nprobe,M,efS,mpq,bpq,R)(k c,
normalize vectors for cosine similarity n_{\text{probe}}, M, \text{efS},

(equivalently Euclidean on the unit sphere).
Apply a learned orthogonal transform RR (OPQ-
style) to reduce subspace correlations before
quantization. Optionally apply light whitening
on a centroid sample.

Coarse partitioning: Train kck ¢ coarse
centroids via k-means on a sample (e.g., 1-5%
of data). Assign each vector to its nearest
centroid to form inverted lists.

Routing graph over centroids: Build a shallow
HNSW over the kck ¢ centroids (not over all
points). This dramatically reduces graph size and
build cost while providing robust, logarithmic-
like routing.

Payload compression: Encode residuals with
PQ or OPQ (e.g., 16 subquantizers x 8 bits = 16-
B/code). Precompute LUTs for fast ADC.
Adaptive search budgets: At query time, route
to nproben_{\text{probe}} centroids via the
routing graph. Estimate uncertainty from
centroid score gaps and adjust
nproben_{\text{probe}} and the candidate cap
CC online. Early-exit once a stability criterion
(e.g., minimal change in top-k distances across
increments) is met.

Two-stage scoring: Stage A uses ADC on PQ
codes to collect the top RR candidates; Stage B
re-ranks with exact distances on cached or
paged-in full vectors (optionally batched).
Hardware-aware kernels: Use vectorized LUT
lookups on CPU (AVX2/AVX-512) or shared-
memory LUTs on GPU; batch queries to saturate

memory bandwidth; pin centroids/graph in

m_{\text{pq}}, b_{\text{pq}}, R) via Bayesian
optimization against a validation workload that

mixes easy/hard queries.

3.3 Baselines

We compare four representative baselines:

Exact (BLAS/GPU): Full-precision matrix—
vector/matrix multiplication.

LSH (multi-probe): SRP or E2LSH with 8-16
tables; adaptive probing near buckets.

IVF-PQ: Coarse k-means with OPQ-rotated
residual PQ (e.g., 4096 lists, 16x8-bit PQ).
HNSW: Proximity graph over all points (M~32,
efC=200, efS tuned to target recall).

3.4 Datasets and Workloads

To isolate algorithmic effects, we use synthetic but

realistic embeddings:

Gaussian mixture

N=10 MN=10\,\text {M},

(GM-256):
d=256d=256, 200
clusters with varied covariance spectra; L2-
normalized.

Heavy-tail variant: Same as above with 10%
outliers to evaluate robustness.

Queries: 100k independent samples from the
same generative process. Ground truth

neighbors computed via exact search offline.

3.5 Metrics

Recall@10: Fraction of true top-10 neighbors
found.

Mean & p95 latency (ms/query): End-to-end,
single-query APIL.

Index build time (min): Offline construction.
Index overhead (GB): Memory beyond the raw

vector matrix.
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o  Throughput (QPS): At 95th-percentile latency

cap.
All experiments run on a single node (dual 24-
core CPUs, 128 GB RAM, 1x high-end GPU
with 40 GB HBM). The raw matrix for 10MX256
float32 is ~10 GB; overheads reported relative to
that.
3.6 Statistical Analysis
We report means across three independent runs; latency
confidence intervals are estimated via nonparametric
bootstrap over queries. For recall, we report point
estimates; variance was negligible at this scale. Where
relevant, we compute relative improvements with respect
to the exact baseline.
SIMULATION RESEARCH AND RESULTS
5.1 Construction Details

e Coarse k-means: Trained on 2% subsample
(200k points), k c=4096, 20 iterations; centroids
stored in DRAM.

e OPQ: Learned 256x256 orthogonal rotation
using 1M points; PQ configured with m=16
subspaces, 256 codewords each (8 bits).

e Routing graph: HNSW over centroids with
M=24, efC=200; entry point chosen as the
densest centroid by assignment count.

e LSH setup: 12 tables, SRP for cosine; multi-
probe budget up to 8 nearby buckets.

e  HNSW (full): M=32, efC=200, efS tuned from
64 to 256 to target recall in the 94-98% range.

e Exact: Batched GEMV/GEMM with 4k batch
size on GPU.

5.2 Query-Time Control

For the hybrid, each query first traverses the centroid
graph (efS=64) to obtain a shortlist of candidate centroids.
We evaluate centroid score gaps A=sl—sn\Delta =s 1 -
s_{n} (distance or cosine margin) to gauge uncertainty. If
A\Delta is small (ambiguous routing), we increase

nproben_ {\text{probe}} by 4 and re-evaluate until either

A\Delta exceeds a threshold or a cap of 16 probes is
reached. After scanning codes in probed lists, we compute
an estimate of residual risk by comparing the ADC score
of the kk-th result against the best unvisited-list centroid
distance; when this risk exceeds a threshold, we expand
by 4 lists. An early-exit stops expansion once the top-k
set stabilizes across two expansions (no membership
change).

5.3 Observed Trade-offs

e Recall vs. latency: LSH increases throughput
but suffers on clustered data due to hash
collisions and empty buckets for tail centroids.
IVF-PQ is fast with solid recall, HNSW
improves recall further but has slightly higher
latency given graph traversal and candidate
expansions. The hybrid benefits from robust
routing and compact scanning, achieving the
highest recall with the lowest latency among
ANN methods tested.

e Tail latency: The hybrid’s adaptive early-exit
trims worst-case queries, lowering p95 from 8.7
ms (IVF-PQ) and 9.3 ms (HNSW) to 7.5 ms.

e Memory overhead: HNSW’s full graph links
inflate memory; IVF-PQ’s codes are compact.
The centroid-graph  hybrid inherits PQ
compactness while keeping the graph small
(only over 4096 centroids), leading to 2.4 GB
overhead.

e Build time: Full HNSW construction scales
with NN and is the slowest. The hybrid’s graph
is tiny, so total build time is dominated by k-
means and OPQ training/code assignment.

e Robustness to outliers: On the heavy-tail
dataset (10% outliers; results not tabulated for
brevity), LSH recall dropped ~2-3 points,
HNSW and IVF-PQ degraded by ~1 point, while
the hybrid’s uncertainty-driven  probing
compensated, losing <1 point.

5.4 Qualitative Error Analysis
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Most misses (false negatives) in IVF-PQ occur when
residuals are poorly approximated by fixed-rate PQ,
especially in highly anisotropic clusters. OPQ alleviates
this by rotating the space to reduce subspace variance
disparity. Graph-based misses typically arise when entry
points are routed to local basins isolated by sparse
connectivity; increasing efS helps but raises latency. The
hybrid’s centroid-level graph reduces the risk of getting
“stuck,” while PQ-based scanning covers broad
neighborhoods efficiently.

5.5 Sensitivity to Parameters

e  Number of coarse centroids (k_c): Increasing
k c reduces list length (fewer items per list),
improving latency but raising build time and
memory. Diminishing returns beyond ~8k for
N=10N=10M.

e PQ rate (bytes/code): Moving from 16 Bto 8 B
improves memory but slightly hurts recall (~0.7—
1.2 points). For most web-scale systems, 16 B is
a sweet spot.

e Graph degree (M): Higher M improves
navigability and recall at the cost of memory; for
centroid graphs, M~24-32 is sufficient.

e Adaptive thresholds: Aggressive carly exit
saves ~10-15% latency but risks small recall
drops; we found stability tests across two
expansions to be safe.

Discussion:
Practical Guidance

1. Start simple with IVF-PQ (OPQ). If you have
a GPU and strict latency budgets, this baseline
delivers strong performance with modest
overhead. Tune k ¢ and n_probe against your
recall/latency targets.

2. Use a centroid-level graph when workloads
are heterogeneous. A shallow HNSW over
centroids smooths hard queries without large

memory cost.

3. Adopt adaptive budgets. Static efS or n_probe
settings either over-spend on easy queries or
underperform on hard ones. Simple margin-
based heuristics give outsized gains in tail
latency.

4. Re-rank selectively. Exact re-ranking of a small
candidate set (R=50-200) recovers most of the
residual recall with minor latency impact,
especially when batching and caching are used.

5. Normalize and consider light metric learning.
L2-normalization (for cosine) and OPQ rotations
consistently improve quantization quality and
stability across datasets.

6. Co-design with hardware. SIMD-friendly
ADC on CPU and shared-memory LUTs on
GPU are table-stakes. Batch queries to amortize
memory traffic; pin centroids and graphs in
DRAM; consider SSD-resident codes with
prefetch for very large N.

7. Monitor with quality-time curves. Plot
recall@k vs. mean/p95 latency as you vary
search budgets; pick operating points that satisfy
SLOs with headroom.

CONCLUSION

High-dimensional search resists classical exact indexing
because the geometry of high-d spaces collapses pruning
power. ANN techniques—hashing, quantization, and
graph navigation—offer complementary strengths. Our
literature-grounded recipe integrates these pieces into a
coherent, deployable pipeline: normalize and (optionally)
lightly learn the metric; route using a small graph over
coarse centroids; scan compact PQ codes with hardware-
aware kernels; re-rank a tiny candidate set exactly; and
govern the whole process with adaptive, uncertainty-
aware budgets. In simulation on 10M points (256-d), this
hybrid achieved the best measured recall-latency trade-off
(97.5% recall@10 at 4.3 ms mean latency) with moderate
index overhead (2.4 GB), outperforming stand-alone

LSH, IVF-PQ, and full HNSW on combined metrics.
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For practitioners, the key messages are straightforward:
(1) use OPQ-IVF-ADC as a robust baseline, (ii) add a
centroid-graph router and adaptive probing to tame tail
latency and hard queries, and (iii) tune parameters with
quality-time curves and Bayesian search under realistic
workloads. Future extensions include learned non-
orthogonal transforms under tight latency budgets,
compressed proximity graphs, SSD-first designs with
intelligent prefetch, and multi-tenancy schedulers that
balance QPS, memory, and recall in shared clusters. As
embeddings and hardware evolve, the optimization
principles here—modularity, adaptivity, and hardware co-
design—remain durable guides for building fast, accurate,

and cost-efficient high-dimensional search.
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