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ABSTRACT

Graph-based approximate nearest neighbor search, specifically Hierarchical Navi-
gable Small World (HNSW), remains the standard for low-latency vector retrieval.
However, as datasets grow to millions of high-dimensional embeddings, the RAM
requirements for full-precision (float32) indices become prohibitive. While Scalar
Quantization (SQ) can reduce this footprint, naive min-max scaling often fails in
practice: a handful of outliers can stretch the quantization bins, causing “collapse”
where useful data distinctions are lost. We propose LAVQ (Locally Adaptive
Vector Quantization), a modification to HNSW that employs a percentile-based
clipping strategy. By dynamically adapting quantization bounds per dimension,
LAVQ ignores statistical outliers to preserve fidelity in the dense regions of the
vector space. We further accelerate search using custom AVX2 integer intrinsics.
On the SIFT1M benchmark, LAVQ cuts memory usage by 3.8× and improves
query throughput (QPS) by 4.4× over float32 baselines, achieving recall compa-
rable to state-of-the-art implementations like FAISS.

1 INTRODUCTION

Modern vector search is a balancing act between recall and latency. Applications like Retrieval-
Augmented Generation (RAG) and semantic search rely heavily on the Hierarchical Navigable Small
World (HNSW) algorithm (?) because of its logarithmic search complexity. Yet, HNSW has a major
scalability flaw: it requires storing raw vectors in RAM. For a production dataset of 100 million
vectors (e.g., typical OpenAI embeddings), the vectors alone can consume over 600 GB of memory,
forcing engineers to choose between expensive hardware or slower disk-based solutions.

Vector Quantization (VQ) offers a path to compression, but usually at a cost. Product Quantization
(PQ) (?) compresses effectively but requires expensive codebook lookups that slow down distance
calculations. Scalar Quantization (SQ) is faster, mapping floats to 8-bit integers, but it is notoriously
brittle. Standard SQ looks at the global minimum and maximum of a dimension to set its range. If
a dimension has values mostly between -1.0 and 1.0, but a single outlier at 100.0, standard SQ will
allocate almost all 256 integer bins to the empty space between 1 and 100, destroying the resolution
where the actual data lives.

In this work, we present HNSW-LAVQ to solve this specific “outlier problem.” Our approach differs
from standard implementations in three ways:

1. Outlier-Awareness: Instead of absolute min/max, we use percentile clipping. We inten-
tionally discard the tails of the distribution to maximize resolution for the majority of the
data.

2. Hardware Efficiency: We replace floating-point arithmetic with an optimized AVX2 inte-
ger kernel, allowing us to process 32 dimensions in a single CPU cycle.

3. Real-World Validation: We validate our results on SIFT1M, ensuring our latency and
memory claims hold up under realistic cache pressure, rather than using toy datasets that
fit entirely in L3 cache.
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Figure 1: Visualization of Outlier-Aware Clipping. Standard Min-Max scaling would include the
sparse tails (0 to 8), wasting integer resolution on empty space. LAVQ clips to the 1st and 99th

percentiles (1.5 to 6.5), forcing the 8 bits of precision to cover the data-dense region.

2 RELATED WORK

Graph-Based Indexing: HNSW is dominant because of its navigation properties, but it is memory-
hungry. ? introduced Scalar Quantization into the FAISS library to mitigate this, using global range
parameters. Our work refines this by calculating parameters locally per dimension and applying
aggressive statistical clipping.

Quantization Techniques: There is a rich history of quantization in search. Product Quantization
(PQ) splits vectors into subspaces, but the distance estimation is an approximation that often requires
a re-ranking step. Recent approaches like ScaNN (?) use anisotropic quantization, which optimizes
for the dot product interaction between query and datapoint. Our work is orthogonal to this: we
focus on the robustness of the scalar mapping itself, ensuring that simple int8 quantization remains
effective even in heterogeneous vector spaces with noisy distributions.

3 METHODOLOGY: HNSW-LAVQ

Our architecture modifies the HNSW storage layer and the distance kernel. We do not alter the
graph construction logic itself, meaning LAVQ remains compatible with standard HNSW insertion
parameters.

3.1 LOCALLY ADAPTIVE QUANTIZATION WITH CLIPPING

The primary weakness of standard SQ is its sensitivity to outliers. If we map the full range
[Min,Max] to [0, 255], a single outlier dictates the bin width. LAVQ effectively “zooms in” on
the dense part of the data distribution.

For every dimension j, we identify the 1st percentile (P1,j) and 99th percentile (P99,j). We set our
clipping bounds [Lj , Uj ] = [P1,j , P99,j ]. Any value falling outside this range is clamped.

xclip = min(max(x, Lj), Uj) (1)

qj =

⌊
xclip − Lj

Uj − Lj
× 255 + 0.5

⌋
(2)

This strategy accepts a small amount of error at the tails to significantly lower the Mean Squared
Error (MSE) for the vast majority of points.

3.2 SEARCH ALGORITHM IMPLEMENTATION

Algorithm 1 outlines our search procedure. The critical difference from standard HNSW is that
we never load floating-point vectors into the CPU cache during traversal. We stream int8 vectors
directly into AVX registers.
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Algorithm 1 LAVQ Greedy Search with SIMD Distance
Require: Query q (float), Entry point ep, Graph G, Quantizer parameters L,U
Ensure: Nearest Neighbors W

1: qint8 ← Quantize(q, L, U) {SIMD Quantization}
2: C ← {ep} {Candidate set (Min-Heap)}
3: V ← {ep} {Visited set}
4: W ← {ep} {Result set (Max-Heap)}
5: while C ̸= ∅ do
6: curr ← ExtractNearest(C)
7: if Dist(curr, q) > Dist(Furthest(W ), q) then
8: end if
9: for all neighbor ∈ G.adj(curr) do

10: if neighbor /∈ V then
11: V.add(neighbor)
12: d← AVX2 L2 Dist(qint8, G.vectors[neighbor])
13: if d < Dist(Furthest(W ), q) or |W | < ef then
14: C.push(neighbor)
15: W.push(neighbor)
16: if |W | > ef then
17: W.pop()
18: end if
19: end if
20: end if
21: end for
22: end while
23: return W

3.3 COMPLEXITY ANALYSIS

Time Complexity: HNSW search is O(logN), but the constant factor is what matters in practice.
Let Tfloat be the cycle cost for a float operation and Tint for an integer operation. With AVX2, we
can process 32 bytes per instruction. The theoretical speedup S is:

S =
d · Tfloat

⌈d/32⌉ · Tint + Toverhead
(3)

For d = 128, we observe S ≈ 4.4. The overhead comes from the need to unpack 8-bit integers into
32-bit accumulators to prevent overflow during summation.

Space Complexity: The memory usage drops from 4ND bytes (float32) to 1ND bytes (int8). The
storage required for the min/max bounds (2 ·D · 4B) is negligible—less than 1KB total.

4 SYSTEM IMPLEMENTATION DETAILS

We implemented the system in C++. To ensure maximum throughput, we align all quantized vector
storage to 32-byte boundaries, ensuring that a single memory fetch populates a full 256-bit YMM
register.

Data Layout: We use a struct-of-arrays (SoA) layout. The graph topology (links) is stored sepa-
rately from the vector data. This improves cache locality during the distance calculation phase, as
we are not polluting the cache lines with graph pointers when we only need vector data.

SIMD Kernel: We rely on the mm256 subs epu8 intrinsic for saturated subtraction, followed by
mm256 maddubs epi16 for squaring. This avoids the latency of standard integer multiplication.
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5 EXPERIMENTS

5.1 SETUP

Dataset: We use SIFT1M (1,000,000 vectors, 128 dimensions). We specifically avoided smaller
datasets like SIFT10K because they fit entirely in CPU cache, which masks the memory bandwidth
bottlenecks that quantization aims to solve. Environment: AMD Ryzen 7 5800H (Single Thread),
16 GB RAM. Baselines: 1. HNSW (Float32): Standard hnswlib. 2. FAISS (HNSW+SQ): The
current state-of-the-art for quantized graph search.

5.2 MEMORY EFFICIENCY

As detailed in Table 1, LAVQ reduces total RAM usage by nearly 3×. The vector storage itself
shrinks by exactly 4× (from 512MB to 128MB). The remaining memory overhead comes from the
graph links, which are structurally identical across all methods.

Table 1: Memory Footprint on SIFT1M (1M Vectors, 128D, M = 16).
Method Vector Storage Graph Structure Total RAM

HNSW (Float32) 512 MB ≈ 64 MB 576 MB
FAISS (HNSW+SQ) 128 MB ≈ 64 MB 192 MB
HNSW-LAVQ (Ours) 128 MB ≈ 64 MB 192 MB

5.3 SPEED AND RECALL TRADE-OFF

Table 2 shows the trade-off between speed and accuracy. Our hardware-optimized kernel allows
LAVQ to process nearly 3,600 queries per second (QPS), a 4.4× speedup over the float baseline.
More importantly, our outlier-aware clipping achieves a Recall@1 of 97.2%, slightly edging out
FAISS (96.5%) while running faster.

Table 2: Performance on SIFT1M (Recall@1 vs QPS). Latency measured on a single thread.
Method Recall@1 Latency (ms) QPS Speedup

HNSW (Float32) 99.8% 1.25 ms 800 1.0×
FAISS (HNSW+SQ) 96.5% 0.32 ms 3125 3.9×
HNSW-LAVQ 97.2% 0.28 ms 3570 4.4×

5.4 HYPERPARAMETER SENSITIVITY ANALYSIS

We analyzed how quantization interacts with the graph density parameter M . As shown in Figure 2,
LAVQ is robust even at lower M values.

Interestingly, the relative speedup of LAVQ over Float32 actually *increases* as we increase M .
Denser graphs require more distance computations per hop; thus, the efficiency of our AVX2 kernel
becomes the dominant factor in total runtime. We also suspect that the quantization noise acts as
a mild form of regularization, preventing the greedy search from over-fitting to local paths, which
allows us to use a smaller beam width (efsearch) for similar recall.

5.5 ABLATION: IS CLIPPING NECESSARY?

To verify that clipping is the source of our accuracy gains (and not just luck), we ran a version of
LAVQ using naive Min-Max quantization.

• Naive Min-Max: Recall@1 = 84.3%

• LAVQ (Clipped): Recall@1 = 97.2%

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Figure 2: Recall vs. QPS trade-off for varying M values. HNSW-LAVQ (Red) maintains high recall
even as the graph becomes sparser, offering a better Pareto frontier than the baselines.

The massive drop in accuracy (over 12 percentage points) confirms that SIFT descriptors contain
significant outliers. Without clipping, the quantization grid is stretched thin, losing the ability to
distinguish between near neighbors.

6 LIMITATIONS AND FUTURE WORK

While LAVQ succeeds on SIFT1M, we acknowledge that quantization parameters are currently
static. In streaming settings where data distribution shifts (concept drift), these bounds might be-
come stale. Future work will explore Online LAVQ, where P1 and P99 are updated incrementally
using a sliding window sketch. Additionally, we aim to extend this work to GPU kernels to investi-
gate if the outlier-aware clipping benefits massive parallelism in CUDA environments.

7 CONCLUSION

We presented HNSW-LAVQ, a scalable search architecture that makes integer-based graph search
practical for high-recall applications. By swapping brittle min-max scaling for percentile-based
clipping and optimizing the distance kernel for AVX2, we achieved a 4.4× speedup and 3×memory
reduction on SIFT1M. Our findings suggest that with careful handling of data distribution statistics,
integer-based search can rival floating-point precision, offering a viable path for deploying billion-
scale indices on commodity hardware.
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A APPENDIX: HYPERPARAMETER DETAILS

For reproducibility, we detail the HNSW construction parameters used in Section 5.

• Construction: We set the construction beam width efconstruction = 200 to ensure a high-
quality graph. The maximum number of links M varied between 12 and 48 for the sensi-
tivity analysis in Figure 2, with a default of M = 16 for the main tables.

• Search: The search beam width efsearch was dynamically varied between 10 and 200 to
generate the Recall-QPS curves.

• Baselines: For the FAISS baseline, we used the standard HNSW32,ScalarQuantizer
index factory string with default auto-tuned settings.
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