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Abstract

We present Hanzo Vector, a high-performance
vector search engine implemented in Rust,
designed for retrieval-augmented generation
(RAG) pipelines and semantic search in AI ap-
plications. Vector implements Hierarchical Nav-
igable Small World (HNSW) graphs with config-
urable distance metrics (cosine, Euclidean, dot
product), scalar and product quantization for
memory efficiency, and filtered search with pre-
and post-filtering strategies. The engine sup-
ports collections of up to 100 million vectors
with 99% recall at 1ms p95 latency for 1536-
dimensional embeddings. Key innovations in-
clude: (1) a hybrid quantization scheme that se-
lects scalar or product quantization per segment
based on dimensionality, (2) filtered HNSW
traversal that prunes the search graph using
metadata predicates during navigation, and (3) a
write-ahead log with snapshot isolation for con-
current reads and writes.

1 Introduction

The emergence of embedding-based retrieval
as a core component of AI applications—from
RAG [2] to semantic search to recommendation
systems—has created demand for specialized
vector databases. Existing solutions (Pinecone,
Weaviate, Qdrant [3]) provide managed services
or general-purpose engines, but AI platform op-
erators need an embeddable engine that can be
deployed as a sidecar, integrated into existing
infrastructure, and tuned for specific workload
characteristics.
Hanzo Vector is designed as an embeddable

Rust library with an optional gRPC server mode.
It prioritizes three properties: (1) predictable la-
tency under concurrent load, (2) memory effi-
ciency through adaptive quantization, and (3)
filtered search performance that does not de-
grade with restrictive filters.

Contributions.

• An HNSW implementation with segment-
level adaptive quantization selecting be-
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Figure 1: Vector search engine architecture.

tween scalar and product quantization
based on dimensionality and recall require-
ments.

• Filtered HNSW traversal integrating meta-
data predicates into graph navigation,
avoiding the recall degradation of post-
filtering.

• A WAL-based storage engine with snap-
shot isolation enabling concurrent reads and
writes without lock contention.

• Benchmarks demonstrating 99% recall at
1ms p95 latency on 10M vectors with 1536
dimensions.

2 Architecture

2.1 System Design

Vector organizes data into collections, each con-
taining segments (Figure 1). Each segment
maintains an HNSW index for vector similarity
search and an inverted index for metadata fil-
tering. The query engine merges results across
segments.

2.2 HNSW Index

The HNSW algorithm [1] constructs a multi-
layer navigable graph where each layer is a subset
of the layer below. Search begins at the top layer
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and greedily navigates to the nearest neighbor,
then descends to the next layer for refinement.

Vector’s HNSW implementation uses the fol-
lowing parameters:

• M = 16: Maximum connections per node
(default).

• efconstruction = 200: Search width during in-
dex building.

• efsearch: Configurable per query (default:
128).

The expected search complexity is O(M ·
logN) where N is the number of vectors.

2.3 Quantization

Vector implements two quantization strategies:

Scalar Quantization (SQ). Maps each
float32 dimension to uint8:

qi = round

(
xi −mini

maxi−mini
× 255

)
(1)

reducing memory by 4x with typical recall loss
under 1%.

Product Quantization (PQ). Divides the
vector intom subspaces, each quantized to k cen-
troids via k-means:

PQ(x) = (c1(x
1), c2(x

2), . . . , cm(xm)) (2)

reducing memory by up to 32x for high-
dimensional vectors.

The adaptive quantizer selects SQ for dimen-
sions ≤ 256 and PQ for higher dimensions, based
on empirical recall-memory tradeoff analysis.

3 Key Features

3.1 Filtered Search

Metadata filters are integrated into HNSW
traversal rather than applied as post-processing:

1 pub struct SearchRequest {

2 pub vector: Vec <f32 >,

3 pub top_k: usize ,

4 pub filter: Option <Filter >,

5 pub ef: Option <usize >,

6 }

7

8 pub enum Filter {

9 Eq(String , Value),

10 Range(String , Value , Value),

11 And(Vec <Filter >),

12 Or(Vec <Filter >),

13 Not(Box <Filter >),

14 }

During HNSW traversal, candidate nodes are
checked against the filter predicate before being
added to the result set. If the filter is highly
selective (estimated selectivity < 0.1), the engine
falls back to a pre-filter strategy that scans the
metadata index first and restricts HNSW search
to matching IDs.

3.2 Multi-Tenancy

Collections support a tenant id field that par-
titions the HNSW index into per-tenant sub-
graphs. Queries are automatically scoped to the
authenticated tenant’s partition, providing iso-
lation without separate collections.

3.3 Streaming Upserts

The WAL-based storage engine enables concur-
rent reads and writes. New vectors are appended
to the WAL and become searchable within 10ms
(the flush interval). Background compaction
merges WAL entries into immutable segments
with optimized HNSW indexes.

4 Implementation

Vector is implemented in 28,000 lines of Rust.
The HNSW index uses unsafe Rust for SIMD-
accelerated distance computations (AVX2 on
x86, NEON on ARM). The gRPC API uses
tonic; the HTTP API uses axum.

Memory Usage. Full precision: 61GB for
10M×1536. SQ: 15GB. PQ: 2.4GB.
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Table 1: Search performance (10M vectors, 1536-
dim).

Config Recall@10 p50 (ms) p95 (ms)

Full precision 99.5% 0.6 1.0
SQ (uint8) 98.8% 0.3 0.6
PQ (m=96, k=256) 97.2% 0.2 0.4

+ Filter (10%) 99.1% 0.8 1.4
+ Filter (1%) 98.5% 1.2 2.1

5 Security

Authentication. All API calls require a valid
Hanzo IAM token. Collection-level ACLs re-
strict read/write access per tenant.

Encryption at Rest. Segment files are en-
crypted with per-collection keys from Hanzo
KMS. The WAL is encrypted with a separate
key rotated daily.

Network Security. gRPC endpoints require
mTLS. The HTTP API supports TLS 1.3.

Input Validation. Vector dimensions are val-
idated against the collection schema. Metadata
values are type-checked. Malformed requests are
rejected before reaching the index.

6 Conclusion

Hanzo Vector provides an embeddable, high-
performance vector search engine designed for
AI workloads. Adaptive quantization, filtered
HNSW traversal, and WAL-based storage enable
99% recall at sub-millisecond latency on collec-
tions of tens of millions of vectors. The Rust
implementation ensures predictable performance
without garbage collection pauses, making Vec-
tor suitable for latency-sensitive RAG pipelines.
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