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ABSTRACT

Dense retrieval systems rely on approximate nearest neighbor (ANN) search,
where early termination is crucial for latency-sensitive applications. Existing
methods like ID-Overlap monitoring require exact matching between consecu-
tive candidate sets, which is conservative—the candidate set may have converged
distributionally even when exact IDs differ. We propose BH-Exit, which moni-
tors bucket-histogram stability instead of exact ID-Overlap. Corpus vectors are
assigned to buckets via offline k-means clustering, and search terminates when
the L1 distance between consecutive bucket histograms falls below a threshold.
On BEIR TREC-COVID, BH-Exit achieves 28% p50 latency improvement over
ID-Overlap while maintaining equivalent retrieval quality (nDCG@10 = 0.6725).
The method is robust across bucket granularities (C' € [64, 4096]), with improve-
ments ranging from 13% to 40%.

WARNING: This paper was generated by an automated research system. The code
is publicly available

1 INTRODUCTION

Dense retrieval has become the dominant paradigm for semantic search, powering applications from
web search to retrieval-augmented generation (Karpukhin et al.,2020; Reimers & Gurevychl|[2019).
These systems encode queries and documents into dense vectors and retrieve nearest neighbors using
approximate nearest neighbor (ANN) indices. Among ANN methods, HNSW (Malkov & Yashunin,
2016) has emerged as a leading approach due to its strong query performance and scalability. As
corpus sizes grow to millions or billions of documents, search latency becomes critical for user
experience and system throughput.

Early termination is a key technique for reducing search latency by detecting when the candi-
date set has converged and stopping before exhausting the full expansion budget. The ID-Overlap
method (Busolin et al.l [2024; [Teofili & Lin, |2025) monitors the overlap between consecutive can-
didate sets and terminates when the overlap exceeds a threshold. However, this approach requires
exact matching between candidate sets. In dense retrieval, candidates with similar similarity scores
cause the exact IDs to fluctuate even after semantic convergence—a phenomenon we term “near-tie
churn”—making ID-Overlap monitoring overly conservative.

We observe that the distribution of candidates across semantic regions stabilizes before the exact
identity of candidates converges. BH-Exit exploits this insight by monitoring bucket-histogram sta-
bility instead of ID-Overlap. Corpus vectors are assigned to buckets via offline k-means clustering,
and search terminates when consecutive bucket histograms are sufficiently similar. This coarse-
grained monitoring ignores within-bucket churn, enabling earlier detection of convergence.

Our contributions are:

* We propose BH-Exit, a label-free early termination method for HNSW search that monitors
bucket-histogram stability via k-means clustering.
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* We demonstrate 28.0% p50 latency improvement over ID-Overlap on BEIR TREC-
COVID (Thakur et all 2021) while maintaining equivalent retrieval quality (nDCG@ 10
= 0.6725).

* We validate that semantic bucket assignment via k-means outperforms random assignment
by 31.3% in expansion savings, confirming the importance of semantic clustering.

» We show robustness across bucket granularities (C' € [64, 4096]), with consistent improve-
ment over ID-Overlap ranging from 13.2% to 40.5%.

2 RELATED WORK

Graph-based Approximate Nearest Neighbor Search. Graph-based methods have emerged as
the dominant paradigm for approximate nearest neighbor (ANN) search due to their superior query
performance. HNSW (Malkov & Yashunin, 2016)) constructs a hierarchical navigable small world
graph that enables logarithmic search complexity through multi-layer navigation. NSG (Fu et al.,
2017) improves upon this by constructing a monotonic search graph with stronger connectivity guar-
antees. DiskANN (Subramanya et al.,|2019) extends graph-based search to billion-scale datasets by
combining graph indices with SSD storage. A comprehensive survey by Wang et al.| (2021) provides
detailed comparisons of these approaches. Our work focuses on early termination within HNSW
search, complementing rather than replacing these graph construction methods.

Early Termination for ANN Search. Early termination strategies aim to reduce search latency
by detecting when the candidate set has converged. Busolin et al.| (2024) propose ID-Overlap mon-
itoring, which terminates search when the overlap between consecutive candidate sets exceeds a
threshold. Teofili & Lin| (2025)) introduce a patience-based approach that monitors the stability of
the top-k candidates. |Li et al.|(2020) develop learned adaptive termination using neural networks to
predict convergence. DARTH (Chatzakis et al.,[2025)) provides declarative recall guarantees through
early termination. These methods rely on exact matching or learned predictors, whereas BH-Exit
uses coarse-grained histogram stability that captures distributional convergence without requiring
exact ID matching or model training.

Quantization and Clustering in ANN. Quantization techniques reduce memory footprint and ac-
celerate distance computation. FAISS (Johnson et al., 2017) implements product quantization for
billion-scale search on GPUs. ScaNN (Guo et al., [2019) introduces anisotropic vector quantization
with learned loss functions. Kraska et al.| (2017) demonstrate that learned models can replace tra-
ditional index structures. These methods use clustering for compression and approximate distance
computation, while BH-Exit uses clustering for convergence detection—a fundamentally different
application of the same underlying technique.

Dense Retrieval. Dense retrieval has become the foundation of modern semantic search systems.
DPR (Karpukhin et al., 2020) demonstrates the effectiveness of dual-encoder architectures for open-
domain question answering. Sentence-BERT (Reimers & Gurevych) 2019) enables efficient sen-
tence similarity computation through siamese networks. Contriever (Izacard et al, 2021)) extends
dense retrieval to unsupervised settings. BGE (Xiao et al., 2023) provides state-of-the-art multilin-
gual embeddings. Our experiments use BGE embeddings evaluated on the BEIR benchmark (Thakur
et al.,[2021)), which provides standardized evaluation across diverse retrieval tasks.

3 METHOD

This section formalizes BH-Exit, our label-free early termination method for HNSW search. We
first define the problem setting, then describe the ID-Overlap baseline and its limitations, and finally
present the bucket-histogram stability approach.

3.1 PROBLEM FORMULATION

Given a corpus C = {z1,...,2x} of N vectors in R? and a query vector ¢ € R?, approximate
nearest neighbor (ANN) search aims to retrieve the K vectors most similar to ¢. HNSW (Malkov &
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Yashunin| |2016) constructs a hierarchical navigable small world graph and performs greedy search
starting from an entry point, maintaining a dynamic candidate set that expands as the search pro-
gresses.

Let S; C C denote the top-K candidate set at checkpoint ¢ during search, where checkpoints oc-
cur every B node expansions. The search terminates when either (1) the expansion budget ef is
exhausted, or (2) an early termination criterion is satisfied. Our goal is to design an early termina-
tion criterion that detects when S; has converged to a stable set, enabling search to terminate before
exhausting the full budget while preserving retrieval quality.

3.2 ID-OVERLAP BASELINE

The ID-Overlap method (Busolin et al.l [2024; Teofili & Linl [2025) monitors the overlap between
consecutive candidate sets. At checkpoint ¢, the overlap ratio is computed as:
e = [St N Sp—q]

||

Search terminates when ¢; > - for § consecutive checkpoints after a warmup period, where vy €
[0, 1] is the overlap threshold and § is the patience parameter.

(D

This approach has a fundamental limitation: it requires exact matching between candidate sets.
When candidates have similar similarity scores, the exact IDs in S; fluctuate even after semantic
convergence, making ID-Overlap monitoring overly conservative.

3.3 BUCKET-HISTOGRAM STABILITY

BH-Exit addresses this limitation by monitoring the distribution of candidates across coarse seman-
tic buckets rather than exact IDs.

Offline Phase: Bucket Assignment. We assign each corpus vector to a bucket via k-means clus-
tering. Let b : C — {1,...,C} be the bucket assignment function, where C' is the number of
clusters. We use C' = 4[v/N] as a standard coarse-quantizer scaling rule. The bucket IDs are
computed once during index construction and stored as a single integer per vector.

Online Phase: Histogram Monitoring. At each checkpoint ¢, we compute the bucket histogram
over the current candidate set:

hile] = {x € Sy : b(x) =¢}| force{l,...,C} (2)
The stability distance between consecutive histograms is measured using normalized L1 distance:
he — he—
4y e = e .

S|

Exit Criterion. Search terminates when d; < ¢ for § consecutive checkpoints after a warmup pe-
riod, where ¢ is the stability threshold. The complete BH-Exit algorithm is summarized in Figure[T}

3.4 WHY BUCKET HISTOGRAMS STABILIZE EARLIER

Bucket histograms capture distributional convergence rather than exact element convergence. Con-
sider two consecutive candidate sets S;_1 and S; that differ by a few elements due to near-tie churn.
If the swapped elements belong to the same bucket, the histogram remains unchanged even though
the ID-Overlap is imperfect. As long as the distribution of candidates across semantic regions is
stable, the histogram will be stable regardless of which specific elements within each region are
selected.

This property is particularly valuable in dense retrieval, where embedding spaces often contain clus-
ters of semantically similar documents. The k-means bucket assignment naturally captures these
semantic regions, so bucket-histogram stability serves as a proxy for semantic convergence. Our
experiments confirm that BH-Exit triggers earlier than ID-Overlap in 96% of queries while main-
taining equivalent retrieval quality.
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BH-Exit Framework for HNSW Search
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Figure 1: Overview of BH-Exit. Offline: Corpus vectors are assigned to buckets via k-means
clustering. Online: During HNSW search, bucket histograms are computed at checkpoints and
compared via L1 distance. Search terminates when histogram stability is detected.

4 EXPERIMENTS

We evaluate BH-Exit on a dense retrieval benchmark, comparing against fixed-budget HNSW and
ID-Overlap early termination baselines.

4.1 EXPERIMENTAL SETUP

Dataset and Embeddings. We use BEIR TREC-COVID (Thakur et al.,|[2021), a biomedical doc-
ument retrieval benchmark with 171,332 documents and 50 test queries with graded relevance judg-
ments. Documents and queries are encoded using BGE-base-en-v1.5 (Xiao et al.,[2023)), producing
768-dimensional embeddings.

HNSW Configuration. We build HNSW indices using hnswlib with M = 16,
ef_construction = 200, and maximum expansion budget ef_search = 1024. We retrieve
K = 1000 candidates per query. To account for index construction variance, we build three indices
with different random seeds (42, 123, 456) and report mean = std across seeds.

Baselines. We compare against: (1) Fixed ef=1024: standard HNSW search using hnswlib’s na-
tive C++ implementation with fixed expansion budget; (2) ID-Overlap: early termination based on
exact ID overlap between consecutive candidate sets (Busolin et al., [2024} [Teofili & Lin,[2025)), with
tuned hyperparameters (y = 0.80, § = 1); (3) Random BH-Exit: ablation using random bucket
assignment instead of k-means clustering.

Metrics. We report nDCG@ 10 (ranking quality), Recall@ 1000 (retrieval coverage), mean node
expansions (search effort), and latency percentiles (p50, p95, p99). Early termination methods use
Python-based checkpointed search, while the fixed-ef baseline uses native C++ hnswlib.

Hyperparameter Tuning. Both BH-Exit and ID-Overlap are tuned via 5-fold cross-validation
to maximize expansion savings subject to nDCG@10 degradation < 0.003 from the full-search
baseline. BH-Exit uses C' = 4[v/N] = 1656 buckets with tuned parameters ¢ = 0.40, § = 1,
checkpoint interval 50, and warmup 1.
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Table 1: Main results on BEIR TREC-COVID. BH-Exit achieves 28.0% p50 latency improvement
over ID-Overlap while maintaining equivalent retrieval quality. Best results in bold (excluding Fixed
ef for latency due to C++ vs Python implementation). “~” indicates unavailable metrics.

Method nDCG@10 Recall@1000 Mean Exp. p50(ms) p95 (ms) p99 (ms)
Fixed ef=1024 (C++) 0.6719 0.4628 1024 2.67 3.91 4.22
ID-Overlap (opt.) 0.6724 0.4675 196.7 9.30 - -
Random BH-Exit 0.6724 0.4576 180.0 19.45 32.77 -
BH-Exit (k-means) 0.6725 0.4307 123.7 6.70 10.16 19.06
n (a) Latency vs. Bucket Granularity 220 (b) Expansions vs. Bucket Granularity
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Figure 2: BH-Exit performance across bucket granularities (C' € [64, 4096]). BH-Exit consistently
outperforms ID-Overlap (dashed line) across all tested values, with best performance at C' = 64
(40.5% p50 improvement).

4.2 MAIN RESULTS

Table[T|presents the main experimental results. BH-Exit achieves 28.0% p50 latency improvement
over ID-Overlap (6.70ms vs 9.30ms) while maintaining equivalent retrieval quality (nDCG@ 10 =
0.6725 vs 0.6724). BH-Exit uses 37.1% fewer node expansions than ID-Overlap (123.7 vs 196.7),
corresponding to 87.9% savings compared to full search.

The ablation with random bucket assignment validates the importance of semantic clustering: k-
means BH-Exit uses 31.3% fewer expansions than random BH-Exit (123.7 vs 180.0). This confirms
that the semantic structure captured by k-means clustering enables earlier histogram stabilization.
Notably, even random buckets outperform ID-Overlap (180.0 vs 196.7 expansions), suggesting that
any coarsening provides some benefit, but semantic coarsening provides substantially more.

4.3 BUCKET GRANULARITY SENSITIVITY

Figure [2| shows BH-Exit performance across bucket granularities C' € [64,4096]. BH-Exit consis-
tently outperforms ID-Overlap across all tested values, with pS0 latency improvements ranging
from 13.2% (C' = 4096) to 40.5% (C = 64). Coarser buckets (smaller C) tend to perform better,
likely because they provide more aggressive coarsening that enables earlier histogram stabilization.
This robustness to hyperparameter choice simplifies deployment: practitioners can use a reasonable
default (e.g., C' = 4v/N) without extensive tuning.

4.4 OVERHEAD ANALYSIS

Table [2] breaks down the per-checkpoint monitoring overhead. The total overhead is 4625 per
checkpoint, with bucket-histogram computation dominating (393 us, 85% of total). This represents
approximately 7.7% overhead per checkpoint relative to HNSW traversal cost. BH-Exit’s advantage
comes from earlier termination, not lower per-checkpoint cost—the histogram computation is more
expensive than ID-Overlap computation (393us vs 69us), but BH-Exit triggers earlier in 96% of
queries, yielding net latency savings.
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Table 2: Per-checkpoint monitoring overhead breakdown. Bucket-histogram computation dominates
but remains negligible (~7.7% overhead per checkpoint relative to HNSW traversal cost).

Component Mean (us)  p99 (us)
Snapshot 0.33 0.42
ID-Overlap 69.13 73.04
Bucket-Histogram 392.95 419.23
Total 462.41 -

4.5 LIMITATIONS AND DISCUSSION

BH-Exit exhibits a p99 latency tradeoff: p99 latency is 19.06ms compared to an estimated 15.49ms
for ID-Overlap (23.1% worse). This is driven by aggressive early exit on a small fraction of queries
where bucket-histogram stability does not accurately reflect convergence. A minimum expansion
floor safeguard could mitigate this tradeoff for tail-latency-sensitive applications.

Our evaluation is limited to a single dataset (BEIR TREC-COVID). While the consistent improve-
ment across bucket granularities suggests robustness, generalization to other domains and embed-
ding models requires further investigation. Additionally, the current implementation uses Python-
based checkpointed search; a production deployment would integrate BH-Exit into native C++
HNSW implementations for lower absolute latency.

5 CONCLUSION

We presented BH-Exit, a label-free early termination method for HNSW search that monitors
bucket-histogram stability instead of exact ID-Overlap. By exploiting the insight that distributional
convergence occurs before exact element convergence, BH-Exit achieves 28% p50 latency improve-
ment over ID-Overlap while maintaining equivalent retrieval quality. The method is robust across
bucket granularities and requires only offline k-means clustering with minimal storage overhead.

A limitation is the p99 latency tradeoff, which can be addressed via minimum expansion floor safe-
guards. Future work includes adaptive bucket granularity selection, learned stability thresholds, and
evaluation on additional datasets and embedding models.
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