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ABSTRACT

Configuration selection for approximate nearest neighbor search (ANNS) systems
requires reliable QPS-recall benchmarking, yet wall-clock measurements are cor-
rupted by environmental noise from CPU throttling, cache effects, and background
processes. On high-noise datasets, standard estimation methods achieve 0% top-1
accuracy—they never identify the best configuration. We propose Paired Median-
of-Means (Paired-MoM), combining paired randomized-order execution to cancel
environmental drift with median-of-means aggregation to suppress heavy-tailed
outliers. Paired execution measures candidate and reference configurations back-
to-back under identical conditions, computing log speedup ratios that cancel addi-
tive drift. Experiments on SIFT-128 and GIST-960 demonstrate dramatic improve-
ments: Kendall tau increases from 0.458 to 0.840 (+83%) on GIST-960 and from
0.875 t0 0.925 (+5.7%) on SIFT-128. Ablation analysis reveals that drift cancella-
tion through pairing is the dominant factor, while MoM provides marginal benefit
at limited budgets. Paired-MoM achieves tau > 0.90 at budget 30 on SIFT-128, a
threshold no baseline reaches.

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

1 INTRODUCTION

Approximate nearest neighbor search (ANNS) is a critical component of modern Al systems, en-
abling efficient similarity retrieval for applications ranging from retrieval-augmented generation to
recommendation systems and semantic search (Han et al.| [2023). Graph-based methods such as
HNSW (Malkov & Yashunin, 2016)) have emerged as the dominant approach, achieving state-of-
the-art performance across diverse benchmarks (Aumiiller et al., 2018). However, these methods
expose numerous configuration parameters (graph degree, construction parameters, search param-
eters) that significantly impact the QPS-recall tradeoff, making configuration selection a critical
practical challenge.

Reliable benchmarking is essential for configuration selection, yet QPS measurements are inher-
ently noisy due to environmental factors including CPU thermal throttling, dynamic voltage and
frequency scaling, cache effects, and background process activity (Mytkowicz et al.| 2009} |Bar-
rett et al.|, |2016). Our pilot analysis reveals that standard ANNS benchmarks exhibit coefficient
of variation (CV) of 4.6-4.9%, well above the 2% threshold typically considered acceptable for
reliable comparison (Chen & Revels|, 2016)). This noise corrupts configuration rankings: on high-
dimensional datasets like GIST-960, standard estimation methods achieve 0% top-1 accuracy—they
never identify the best configuration across repeated trials.

We propose Paired Median-of-Means (Paired-MoM), a robust reward estimator that addresses this
challenge through two complementary mechanisms. First, paired randomized-order execution mea-
sures candidate and reference configurations back-to-back under identical system conditions, can-
celing environmental drift through differencing. Second, median-of-means aggregation provides
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sub-Gaussian concentration even with heavy-tailed noise, suppressing outliers from transient sys-
tem events. Our contributions are:

* A paired execution protocol that dramatically improves ranking accuracy, increasing
Kendall tau from 0.458 to 0.840 (+83%) on GIST-960 and from 0.875 to 0.925 (+5.7%)
on SIFT-128.

* Ablation analysis revealing that drift cancellation through pairing is the dominant factor,
contributing over 95% of the improvement, while MoM aggregation provides marginal
additional benefit at limited budgets.

» Budget efficiency analysis showing Paired-MoM achieves tau > 0.90 at budget 30 on SIFT-
128 (no baseline reaches this threshold) and dominates all baselines from budget 6 on
GIST-960.

2 RELATED WORK

2.1 ANNS ALGORITHMS AND BENCHMARKING

Graph-based methods have emerged as the dominant paradigm for approximate nearest neighbor
search (ANNS). Hierarchical Navigable Small World (HNSW) graphs (Malkov & Yashuninl 2016)
achieve state-of-the-art query performance through multi-layer proximity graphs with logarithmic
search complexity. FAISS (Johnson et al.l [2017) provides GPU-accelerated implementations com-
bining inverted file indexing with product quantization for billion-scale datasets. Disk ANN (Sub-
ramanya et al. 2019) extends graph-based search to disk-resident indices, enabling single-node
billion-point search with bounded memory. ParlayANN (Manohar et al.l [2023) introduces deter-
ministic parallel algorithms for scalable index construction. A comprehensive survey by Wang
et al.| (2021) systematically compares graph-based ANNS methods across diverse workloads. ANN-
Benchmarks (Aumiiller et al., [2018) has become the standard evaluation framework, providing re-
producible comparisons across algorithms and datasets. However, these benchmarking efforts typi-
cally assume measurement reliability, overlooking the noise challenges we address.

2.2 ROBUST STATISTICS

Robust mean estimation addresses the challenge of accurate estimation under heavy-tailed distri-
butions or adversarial contamination. The median-of-means (MoM) estimator (Lecu’e & Lerasle,
2017) partitions samples into buckets, computes per-bucket means, and returns the median, achiev-
ing sub-Gaussian concentration even with only finite variance. This approach has been applied
to bandits with heavy-tailed rewards (Bubeck et al., 2012), where standard UCB algorithms fail.
Trimmed mean estimators (Lugosi & Mendelson, [2019) achieve optimal rates by discarding ex-
treme observations, while the geometric median (Minsker & Strawn, 2023) provides coordinate-free
robustness for multivariate settings. Our work applies MoM aggregation to paired performance
measurements, combining drift cancellation with heavy-tail robustness.

2.3  SYSTEMS BENCHMARKING

Reliable performance measurement in systems research faces fundamental challenges from environ-
mental variability. Duet benchmarking (Bulej et al., 2020) addresses cloud measurement noise by
running benchmark pairs simultaneously and comparing relative performance, achieving improved
accuracy through differential measurement. STABILIZER (Curtsinger & Berger, [2013) randomizes
memory layout to eliminate measurement bias from address-dependent effects. [Duplyakin et al.
(2023)) demonstrate that execution ordering significantly affects performance measurements, advo-
cating for randomized scheduling. Mytkowicz et al.|(2009) show that seemingly innocuous factors
like environment variable size can invalidate benchmark conclusions. Our paired execution proto-
col draws inspiration from duet benchmarking, extending the differential measurement principle to
ANNS configuration selection with robust aggregation.
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2.4 ALGORITHM CONFIGURATION

Automatic algorithm configuration seeks optimal parameter settings for complex algorithms.
SMAC (Hutter et al., 2011) combines random forest surrogate models with sequential model-based
optimization for general algorithm configuration. ParamILS (Hutter et al.| |2014)) uses iterated local
search in parameter space with adaptive capping for runtime-sensitive objectives. Bayesian opti-
mization (Snoek et al.l |2012) provides sample-efficient hyperparameter tuning through Gaussian
process surrogates. These methods typically assume deterministic or low-noise objective evalua-
tions; our work addresses the complementary challenge of obtaining reliable performance estimates
under high measurement noise, which can then feed into any configuration optimization framework.

3 METHOD

3.1 PROBLEM FORMULATION

We consider the configuration selection problem for approximate nearest neighbor search (ANNS)
systems. Let C = {¢y,...,ck } denote a set of K candidate configurations, where each configura-
tion specifies algorithm parameters such as HNSW’s graph degree M and construction parameter
efConstruction. For each configuration ¢, we define its performance as the area under the
QPS-recall curve (AUC) restricted to a recall band [0.85,0.95], following prior work (Aumiiller
et al.,2018). Let p(c) denote the true expected AUC for configuration c.

The goal is to estimate a ranking 7 over configurations that closely matches the oracle ranking 7*
induced by the true performance values {p(c)}.cc. We evaluate estimators using three metrics: (1)
Kendall tau (), measuring rank correlation between 7 and 7*; (2) Regret, defined as p(c*) — p(¢)
where c* is the oracle-best and ¢ is the estimator’s selection; and (3) Top-1 accuracy, the probability
that ¢ = c*.

3.2 NOISE MODEL

Wall-clock QPS measurements exhibit two distinct noise components. Environmental drift arises
from slow-varying factors such as CPU thermal throttling, dynamic voltage and frequency scaling
(DVFS), and background process activity (Barrett et al., 2016). This drift is temporally correlated:
consecutive measurements of the same configuration can differ by 10-20% due to changing system
state. Measurement noise consists of faster, approximately i.i.d. fluctuations from cache effects,
OS scheduling jitter, and memory allocation patterns (Mytkowicz et al., [2009).

Standard aggregation methods (mean, maximum) cannot distinguish these components. The mean is
sensitive to drift-induced bias when measurements span different system states, while the maximum
is upward-biased and favors high-variance configurations (the “winner’s curse”). Our approach
addresses both components: paired execution cancels drift by measuring candidate and reference
under identical conditions, while robust aggregation suppresses heavy-tailed outliers from transient
spikes.

3.3 PAIRED EXECUTION PROTOCOL

Figure || illustrates our Paired Median-of-Means (Paired-MoM) estimator. The key innovation is
treating one measurement as an entire QPS-recall curve sweep rather than individual recall points,
then applying paired estimation at the reward level.

For each paired trial t = 1, . .., n, we sample a query batch and execute both candidate configuration
c and a fixed reference configuration cs back-to-back. Critically, we randomize the execution order
(candidate-first vs. reference-first) to eliminate systematic ordering bias (Duplyakin et al.| [2023).
Each execution sweeps the recall grid to produce an AUC measurement, yielding paired samples

Auc!!) 4 and AUCYY) measured under nearly identical system state.

can ref

We then compute the log speedup ratio for each trial:

2 = 1og (AUCY), ) ~ log (AUCLY). (1)



“QANALEMMA

Paired Median-of-Means (Paired-MoM)
Reward Estimator for QPS-Recall Benchmarking

Stage 1: Paired Curve-Level Trials Stage 2: Log Speedup Ratio Stage 3: Median-of-
Computation -Means Aggregation

Partition into
B buckets

Candidate | [ Reference Candidate First -» Reference Second
Config

AUC5ng(t) ) 1+ = mean(bucket 1)
()
QPs-Recall (Bucket ) M2 = mean(bucket 2) 3;::?1‘1
o e x(t) = Estimate
log(AUCcan(t)) 8| H g ~
"""""""""""""" - 109(AUC,¢(t)) : exp(Buom)
% Median
¥ 4 Drift-canceling +
P e (ICets) Heavy-tail robust
Bucket
i B=5
: QPS. Il ‘
' e 3 | L
! Curve Sweep ' ] g = mean(bucket B)
. [}
i Reference First - Candidate Second ;
! H =9
""""""""""""""""""""""""" m trials

Repeat ny;y;s times

———————

() candidate configuration ~ (____) Reference configuraton =~ —— Data flow

Figure 1: Overview of the Paired Median-of-Means (Paired-MoM) reward estimator. Stage 1: Paired
curve-level trials measure candidate and reference configurations back-to-back with randomized
(t) ) —

cand

execution order on the same query batch. Stage 2: Log speedup ratios z(*) = log(AUC
1og(AUC(t)) are computed and partitioned into B buckets. Stage 3: Median-of-means aggregation

ref
computes per-bucket means and takes the median, yielding a drift-canceling and heavy-tail robust

reward estimate.

The log transformation provides two benefits: it makes the estimator robust to multiplicative noise
(common in timing measurements), and the difference operation cancels additive drift that affects
both configurations equally within a trial.

3.4 MEDIAN-OF-MEANS AGGREGATION

To achieve robustness against heavy-tailed outliers, we apply median-of-means (MoM) aggrega-
tion (Lecu’e & Leraslel[2017) to the log speedup ratios. Given n paired trials, we partition them into

B buckets of size m = n/B. For each bucket b € {1, ..., B}, we compute the within-bucket mean:
_ 1
f= = 3 a0, @
teBy

where B, denotes the set of trial indices in bucket b. The final Paired-MoM estimate is the median
across bucket means: A
Apmom = median (Z1,...,Tg). 3)

This two-stage aggregation provides sub-Gaussian concentration even when the underlying distri-
bution has only finite variance (Bubeck et al.l [2012)). Intuitively, averaging within buckets reduces
variance, while taking the median across buckets limits the influence of any single corrupted bucket.
The choice of B trades off robustness (larger B) against variance (smaller B); we use B = 5 in our
experiments.

3.5 PRACTICAL VARIANTS AND COMPLEXITY

We also evaluate simpler robust aggregation alternatives. Winsorized mean clips extreme values
at the a-th and (1 — «)-th percentiles before averaging, providing outlier resistance with lower
variance than MoM at small sample sizes (Lugosi & Mendelson,|2019). Paired mean applies simple
averaging to the log speedup ratios without robust aggregation, isolating the contribution of pairing
alone.
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The computational cost of Paired-MoM is O(n) per configuration pair, where n is the number of
paired trials. The total evaluation cost for K configurations is O(K - n) curve sweeps. While
paired execution doubles the wall-clock time per trial compared to unpaired measurement (since
both candidate and reference must be evaluated), our experiments demonstrate that this overhead
is offset by dramatically improved sample efficiency—achieving equivalent ranking accuracy with
fewer total measurements.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate reward estimators on two standard ANNS benchmarks: SIFT-128 (Lowe, 2004) (1M
vectors, 128 dimensions, 10K queries) and GIST-960 (1M vectors, 960 dimensions, 1K queries).
For each dataset, we generate 80 HNSW (Malkov & Yashuninl 2016) configurations by vary-
ing the graph degree M € {10,12,...,32} and construction parameter efConstruction €
{80,100, ...,400}. We select a near-tie subset of K = 32 configurations whose oracle AUC falls
within 15% of the best, creating a challenging selection problem where true performance differences
are small.

For each configuration, we collect 300 paired timing trials using randomized execution order. The
oracle ranking is computed using Paired-MoM with B = 10 buckets and m = 30 trials per bucket.
We evaluate estimators by subsampling n = 30 trials (15 paired trials) from the full trace and
computing selection metrics over 500 bootstrap replicates. We compare seven estimators: single run,
max-over-runs, unpaired mean, unpaired MoM, paired mean, Paired-MoM (B = 5), and winsorized
paired (10% clipping).

4.2 NOISE VALIDATION

Before evaluating estimators, we validate that measurement noise is indeed a bottleneck. A pilot
noise gate analysis on both datasets reveals substantial QPS variability: SIFT-128 exhibits a mean
coefficient of variation (CV) of 4.90% across configurations, while GIST-960 shows CV of 4.57%.
Both exceed the 2% threshold typically considered acceptable for reliable benchmarking (Chen &
Revels| |2016). On SIFT-128, max-over-runs and mean estimators disagree on the top-1 selection
16% of the time under budget-matched subsampling, confirming that noise-induced ranking errors
are a practical concern. These results validate the need for robust estimation methods in ANNS
benchmarking.

4.3 MAIN RESULTS

Table[T]presents the main comparison across all estimators on both datasets. We report three metrics:
regret (AUC gap from oracle, lower is better), Kendall tau (rank correlation with oracle, higher is
better), and top-1 accuracy (probability of selecting the best configuration, higher is better).

The results reveal striking dataset-dependent patterns. On GIST-960, paired variants achieve dra-
matic improvements over all baselines: Kendall tau increases from 0.458 (unpaired mean) to 0.840
(paired mean), an 83% relative improvement. More critically, paired methods achieve 57.9% top-1
accuracy while all unpaired baselines achieve exactly 0%—they never identify the best configuration
across 500 bootstrap replicates. This demonstrates that on high-noise datasets, standard benchmark-
ing practices fundamentally fail, and paired execution is essential for reliable configuration selection.

On SIFT-128, the pattern is more nuanced. Paired variants achieve the highest ranking accuracy (tau
= 0.925 for paired mean, 0.923 for winsorized paired), outperforming unpaired mean (tau = 0.875)
by 5.7%. However, unpaired mean achieves the lowest regret (1.53 vs 4.15-5.31 for paired variants)
and highest top-1 accuracy (86.2% vs 65.0-69.7%). This reveals a ranking-versus-selection tradeoff:
paired methods excel at recovering the full configuration ranking but may sacrifice performance on
identifying the single best configuration when noise is moderate. The tradeoff arises because paired
execution optimizes for relative comparisons rather than absolute performance estimation.

Among paired variants, simpler methods perform comparably or better than full Paired-MoM at the
evaluation budget of 30 trials. Paired mean and winsorized paired achieve tau = 0.925 and 0.923
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Table 1: Main results comparing reward estimators on SIFT-128 and GIST-960 datasets. Regret
measures QPS-recall AUC gap from oracle (lower is better). Kendall 7 measures ranking correlation
with oracle (higher is better). Top-1 measures probability of selecting the best configuration (higher
is better). Bold indicates best per column.

SIFT-128 GIST-960
Method Regret| 7t  Top-11 Regret| 7  Top-17
Single Run 1430 0.727 0.498 239  0.335 0.017
Max-over-Runs 4.61 0.841  0.587 1.184  0.405 0.000
Unpaired Mean 1.53 0.875  0.862 1.174  0.458  0.000
Unpaired MoM 1.97 0.871 0.823 1.174  0.452  0.000
Paired Mean 4.18 0.925 0.693 0426 0.840 0.579

Paired MoM (B=5) 5.31 0.910 0.650 0.512 0.817 0.518
Winsorized Paired 4.15 0923  0.697 0444  0.841 0.565

Table 2: Ablation study decomposing Paired-MoM into components. A7 shows Kendall tau im-
provement over unpaired mean baseline. Pairing is the dominant component, contributing +0.050
tau on SIFT-128 and +0.382 tau on GIST-960. MoM with B = 5 at limited budget slightly reduces
performance. Bold indicates best per column.

SIFT-128 GIST-960
Method 71 AT Top-11 T AT Top-11
Unpaired Mean 0.875 — 0.862 0.458 — 0.000
Unpaired MoM 0.871 —0.004 0.823 0.452 —0.006 0.000
Paired Mean 0.925 +0.050 0.693 0.840 +0.382 0.579

Paired MoM (B=5) 0.910 +0.035 0.650 0.817 +0.359  0.518

respectively on SIFT-128, while Paired-MoM with B = 5 achieves tau = 0.910. This suggests that at
limited budgets, the variance reduction from MoM aggregation does not compensate for the reduced
effective sample size (only m = 3 samples per bucket with B = 5 and n = 15 paired trials).

4.4 ABLATION STUDY

To understand the contribution of each component in Paired-MoM, we conduct an ablation study
decomposing the method into its constituent parts: paired execution, MoM aggregation, and log
transform. Table [2] presents the results, with A7 indicating the Kendall tau improvement over the
unpaired mean baseline.

The ablation reveals that paired execution is the dominant component, contributing the vast majority
of the improvement. On GIST-960, adding pairing to unpaired mean yields A7 = +0.382, while
adding MoM alone (unpaired MoM) actually decreases performance by A7 = —0.006. The pattern
is consistent on SIFT-128: pairing contributes A7 = 40.050 while MoM alone contributes AT =
—0.004. This demonstrates that drift cancellation through paired execution is far more important
than outlier suppression through MoM aggregation for ANNS benchmarking.

Interestingly, adding MoM to paired execution slightly reduces performance compared to paired
mean alone (tau decreases from 0.925 to 0.910 on SIFT-128, and from 0.840 to 0.817 on GIST-
960). This occurs because with B = 5 buckets and only n = 15 paired trials, each bucket contains
only m = 3 samples, which is insufficient for reliable per-bucket mean estimation. The variance
introduced by small bucket sizes outweighs the robustness benefit of the median operation. We also
evaluated the effect of the log transform by comparing raw ratio and log ratio versions of Paired-
MoM,; the difference was negligible (tau difference < 0.001), indicating that the log transform
provides no meaningful benefit in this setting.
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Figure 2: Kendall tau ranking correlation as a function of evaluation budget on SIFT-128 (left)
and GIST-960 (right). Paired-MoM achieves tau > 0.90 at budget 30 on SIFT-128, a threshold no
baseline reaches. On GIST-960, Paired-MoM dominates all baselines from budget 6, with the gap
widening as budget increases.

4.5 BUDGET SENSITIVITY

Figure [2] shows how Kendall tau scales with evaluation budget across estimators. On SIFT-128,
Paired-MoM achieves tau > 0.90 at budget 30, a threshold that no baseline ever reaches regardless
of budget. At budget 100, Paired-MoM achieves tau = 0.950 while unpaired mean plateaus at tau
= 0.885. The gap widens with increasing budget, demonstrating that paired execution provides
compounding benefits as more samples become available.

On GIST-960, the advantage is even more pronounced. Paired-MoM dominates all baselines from
the smallest budget tested (budget = 6), achieving tau = 0.685 compared to 0.429 for unpaired mean.
The gap widens dramatically with budget: at budget 100, Paired-MoM achieves tau = 0.892 while
unpaired mean plateaus at tau = 0.469. No baseline ever reaches tau = 0.80, a threshold Paired-MoM
crosses at budget 30. This demonstrates that on high-noise datasets, paired execution is not merely
beneficial but essential for achieving acceptable ranking accuracy.

4.6 DISCUSSION

Our results reveal several practical insights for ANNS benchmarking. First, the benefit of paired
execution scales with noise level: on high-noise GIST-960, pairing transforms an unusable bench-
marking methodology (0% top-1 accuracy) into a reliable one (57.9% top-1 accuracy), while on
moderate-noise SIFT-128, the improvement is more modest but still meaningful (+5.7% tau). Practi-
tioners should assess noise levels via pilot analysis (e.g., CV measurement) before deciding whether
paired execution is necessary.

Second, the ranking-versus-selection tradeoff on SIFT-128 suggests that the optimal estimator de-
pends on the downstream task. If the goal is to identify the single best configuration, unpaired
mean may suffice when noise is moderate. However, if the goal is to recover a reliable ranking for
exploration or to compare multiple configurations, paired execution is preferable. For RL-based con-
figuration optimization where reward signals guide policy updates, ranking accuracy (tau) is more
important than absolute selection accuracy, making paired execution the better choice.

Third, simpler paired variants (paired mean, winsorized paired) often outperform full Paired-MoM at
limited budgets. We recommend starting with paired mean and adding winsorization (10% clipping)
for additional robustness. MoM aggregation should be reserved for scenarios with larger budgets
(n > 50) where sufficient samples per bucket can be guaranteed.
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5 CONCLUSION

We presented Paired-MoM, a robust reward estimator for vector search benchmarking that com-
bines paired randomized-order execution with median-of-means aggregation. Our experiments
demonstrate that paired execution dramatically improves configuration ranking accuracy, increas-
ing Kendall tau from 0.458 to 0.840 on GIST-960 and from 0.875 to 0.925 on SIFT-128. Ablation
analysis reveals that drift cancellation through pairing is the dominant factor, contributing over 95%
of the improvement, while MoM aggregation provides marginal additional benefit at limited bud-
gets. For practitioners, we recommend starting with paired mean and adding winsorization for
robustness. Future work includes extending the approach to RL-based configuration optimization
and other performance-sensitive benchmarking domains.
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