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ABSTRACT

The goal of general-purpose audio representations is to map acoustically variable
instances of the same event to nearby points, i.e., to resolve content identity in a
zero-shot setting. We introduce VocSim, a training-free benchmark that measures
this capability directly on 125k single-source clips aggregated from 19 corpora
spanning human speech, animal vocalizations, and environmental sounds. By
restricting to single-source audio, VocSim isolates content representation from
source separation confounds. We evaluate embeddings with two training-free
measures: local Precision@k and a point-wise Global Separation Rate (GSR) that
contrasts each item’s nearest inter-class distance with its mean intra-class distance.
To calibrate GSR, we report lift over an empirical random baseline obtained by
label permutation.
Across diverse models, a simple pipeline—frozen Whisper encoder features with
time–frequency pooling and label-free PCA—yields strong zero-shot performance.
Yet VocSim also surfaces a consistent generalization gap: on blind, low-resource
speech, local retrieval (P@k) drops sharply and the GSR lift over baseline is
small, indicating that global class structure is only marginally better than chance.
As external validation, top embeddings predict zebra finch perceptual similarity
(80.9% triplet accuracy) and improve downstream bioacoustic classification. We
release data, code, and a public leaderboard to standardize evaluation of zero-shot
audio similarity and to catalyze representations that better generalize across sound
sources and recording conditions.

1 INTRODUCTION

The ability to judge similarity between arbitrary sounds underpins fundamental behaviors in humans
and animals, from distinguishing phonetic contrasts in infancy (Kuhl, 2004) to song imitation in birds
(Tchernichovski et al., 2001; Doupe & Kuhl, 1999). Biological auditory systems achieve this with
remarkable robustness by extracting a stable content identity, a core acoustic signature that defines
a sound event (e.g., a specific phone, word, or bird call). This process requires generalizing across
nuisance variations such as speed, speaker identity, loudness, and recording conditions. In contrast,
machine-learned audio representations often require extensive task-specific supervision and can fail
when faced with novel sound categories or acoustic distortions (Xie & Virtanen, 2019; Cramer et al.,
2019).

A core challenge for building general audio intelligence is therefore to develop embeddings that,
without any training on the target classes, intrinsically organize sounds by their content identity.
This zero-shot similarity task is a more fundamental test of representation quality than supervised
classification, as it probes the inherent geometry of the learned embedding space. While self-
supervised models such as Wav2Vec 2.0 (Baevski et al., 2020) and Whisper (Radford et al., 2022)
have achieved great success, the evaluation paradigm has largely focused on their performance in
downstream tasks. Evaluation suites like HEAR (Turian et al., 2021) and SUPERB (Yang et al., 2021),
while invaluable for benchmarking the performance of audio models, primarily measure task-specific
adaptability by fine-tuning a model on a suite of downstream tasks. This leaves a critical gap in our
understanding of whether these models have learned truly general principles of sound in their raw,
untuned state.

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

To fill this methodological gap, we introduce VocSim (Figure 1), a benchmark engineered as a
diagnostic instrument for zero-shot content identity. Its design ensures a rigorous evaluation by stress-
testing generalization, aggregating 125,382 clips from 19 corpora diversifying acoustic factors,
and by isolating content representation, focusing exclusively on single-source audio to avoid the
confound of source separation.
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Figure 1: Overview of the VocSim benchmark, an instrument for measuring zero-shot content identity. (a)
Dataset Composition: VocSim is constructed by aggregating 19 corpora spanning human speech (phones-HP,
words-HW, utterances-HU), animal vocalizations (bird syllables-BS, bird calls-BC, otter calls-OC), environ-
mental sounds (ES), and other human sounds (HS). Dot area indicates the number of samples per subset. (b)
Engineered Acoustic Variability: Spectrogram excerpts illustrate three axes of variation engineered to stress-
test generalization: amplitude (soft vs. loud), noise level (clean lab vs. noisy field recordings), and duration (fast
vs. slow renditions). (c) Feature Representations: We evaluate a wide range of embeddings, from baseline
log-Mel spectrograms to self-supervised autoencoders and large pretrained models (e.g., Whisper, EnCodec,
Wav2Vec 2.0). (d) Zero-Shot Evaluation Metrics: (1) Precision@k measures local neighborhood coherence as
the fraction of an item’s k nearest neighbors that share its class label (e.g., P@5 = 0.4 in the example). (2) The
Global Separation Rate (GSR) provides a robust, instance-level measure of global class separation. For each
point (purple star), we compute its average distance to all intra-class neighbors (Avg_ID) (black arrow) and its
distance to its nearest inter-class neighbor (NID) (green arrow). The final GSR is the average of these scores
across all sounds, normalized to a percentage, measuring how consistently points are closer to their own class.
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Our extensive benchmarking of handcrafted features, self-supervised autoencoders, and large foun-
dation models reveal several insights. We show that features from the Whisper encoder, refined
with simple time-frequency pooling and PCA, form a powerful and effective representation for this
task. Crucially, VocSim’s design uncovers and quantifies a critical generalization gap. To do so, we
introduce the Global Separation Rate (GSR), a metric that measures an embedding’s discriminative
power relative to a random baseline. On a blind test set, we find that the lift-over-random of GSR
collapses, revealing that even the best models organize novel classes only marginally better than
chance, despite relatively high absolute GSR. The utility of our benchmark is validated by showing
that the best-performing embeddings align with avian perceptual judgments (Zandberg et al., 2024), a
key measure of biological plausibility given the scarcity of comparable human perceptual datasets,
and achieve superior performance in downstream bioacoustic classification (Goffinet et al., 2021). By
releasing VocSim, we provide a shared platform for developing audio representations that approach
the flexibility and nuanced sensitivity of biological hearing.

Contributions.

• VocSim: a training-free benchmark for zero-shot content identity on 125k single-source clips
spanning speech, animal vocalizations, and environmental sounds.

• A point-wise Global Separation Rate (GSR) with permutation-based calibration; we report lift-
over-random as a geometry-aware signal of global separability.

• A simple, strong zero-shot baseline: frozen Whisper encoder with time–frequency pooling and
label-free, per-subset PCA; Spearman distance is robust across domains.

• A quantified OOD gap: on blind low-resource speech, P@k drops sharply and GSR lift is small,
indicating class structure only marginally better than chance.

• External validation: alignment with avian perceptual similarity and improved fixed-feature bioa-
coustic classification. We release data, code, and a public leaderboard.

2 RELATED WORK

Classical Audio Similarity. Early work on audio matching paired handcrafted spectral features
(MFCCs, spectral centroid) with dynamic-time warping (DTW) or statistical models (Davis &
Mermelstein, 1980; Müller, 2007; Aucouturier & Pachet, 2004). While effective for constrained tasks
like speaker verification and limited-domain retrieval (Tzanetakis & Cook, 2002a; Law et al., 2009),
these methods lack robustness to variation in open-set similarity tasks.

Self-Supervised and Foundation Audio Representations. Inspired by successes in NLP and
vision, the field has shifted to powerful learned audio encoders. The landscape includes raw-audio
models like Wav2Vec 2.0 (Baevski et al., 2020) and HuBERT (Hsu et al., 2021); spectrogram-based
architectures including CNNs (PANNs (Gong et al., 2020)) and transformers (AST (Gong et al.,
2021), PaSST (Koutini et al., 2023)); and masked autoencoders such as AudioMAE (Huang et al.,
2023). More recently, large-scale foundation models for speech, such as Whisper (Radford et al.,
2022); multi-modal audio–language models like CLAP (Elizalde et al., 2023); and neural codecs such
as EnCodec (Défossez et al., 2023), have set new standards. While these models excel on downstream
tasks, their intrinsic zero-shot similarity capabilities remain underexplored.

A Hierarchy of Audio Benchmarks and Evaluation. Existing audio benchmarks form a hierarchy.
High-level benchmarks test Complex Scene Analysis, requiring models to parse polyphonic scenes
(AudioSet (Gemmeke et al., 2017), DCASE (Mesaros et al., 2018), BirdSet (Kahl et al., 2020)).
Success here depends on source separation and multi-label inference. A second level evaluates
Abstract Semantic & Functional Similarity, using labels with high intra-class acoustic variance
(music genre (Tzanetakis & Cook, 2002b), BIRB (Bage et al., 2023)) that measure complex inference
beyond direct acoustic matching.

VocSim operates at the foundational layer: Acoustic Signature & Content Identity. This currently
underserved level evaluates the ability to match sounds based on their consistent spectral-temporal
profile, a prerequisite for higher-level tasks. This focus contrasts with evaluation suites like HEAR
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(Turian et al., 2021) and SUPERB (Yang et al., 2021), which primarily measure task-specific adapt-
ability via fine-tuning. VocSim, instead, is designed to assess the intrinsic, zero-shot organization of
the raw, untuned embedding space.

Zero-Shot Retrieval in Other Modalities. Probing the intrinsic geometry of embeddings is an
established paradigm in vision and NLP. Zero-shot retrieval benchmarks like CUB-200-2011 for
images (Wah et al., 2011) and MTEB for text (Muennighoff et al., 2024) have proven instrumental
for assessing generalization without fine-tuning. Inspired by this progress, VocSim brings this same
foundational rigor to the audio domain, providing a necessary diagnostic for measuring the basis of
general audio intelligence.

Positioning within the benchmark landscape. HEAR and SUPERB primarily assess task-specific
adaptability via fine-tuning across downstream tasks, while VocSim probes the intrinsic geometry of
frozen embeddings in a strictly training-free setting. It complements high-level scene analysis and
abstract semantic similarity by focusing on the foundational layer: single-source content identity
under acoustic variation, measured without supervision.

3 THE VOCSIM DATASET

VocSim is a large-scale benchmark of 125,382 audio clips designed to evaluate zero-shot content
identity. Its primary goal is to test generalization by aggregating 19 distinct corpora (Table 1). This
cross-source aggregation is a principled and standard methodology, shared by influential benchmarks
across domains such as SUPERB in audio (Yang et al., 2021) and GLUE in NLP (Wang et al., 2018),
which are designed to test robust generalization. As detailed in Appendix B.2, creating a novel,
monolithic dataset with VocSim’s engineered variability would be prohibitively difficult, making
aggregation the only feasible approach.

Table 1: Characteristics of the 19 aggregated subsets comprising the VocSim benchmark. Subsets
marked with ’X’ under ’Avail.’ are reserved as blind test sets.

ID # Samples Classes Avg. Sam./Class (range) Avg. Dur. (s) (min-max) ↓ Avail. DRI (dB) *

BS3 9988 46 217.1 (2-1374) 0.07 (0.03-0.20) ✓ 20
BS1 473 6 78.8 (78-79) 0.08 (0.03-0.17) ✓ 20
HP 10687 68 157.2 (8-176) 0.09 (0.03-0.49) ✓ 18
BS2 10001 36 277.8 (6-1209) 0.13 (0.03-0.26) ✓ 15
BS4 7035 64 109.9 (9-129) 0.13 (0.03-0.83) ✓ 31
BC 3321 28 118.6 (6-605) 0.33 (0.03-2.99) ✓ 15
HW2 8827 1324 6.7 (6-7) 0.39 (0.08-1.00) ✓ 19
HW1 11532 754 15.3 (6-100) 0.40 (0.07-1.10) ✓ 20
HU2 17041 1366 12.5 (6-130) 0.64 (0.03-1.49) ✓ 22
BS5 8244 30 274.8 (42-333) 0.70 (0.03-4.99) ✓ 26
OC1 441 21 21.0 (9-32) 0.87 (0.28-5.32) ✓ 23
HS1 1670 14 119.3 (6-713) 0.88 (0.04-2.98) ✓ 26
HW4 3497 215 16.3 (6-46) 0.97 (0.46-2.00) X 15
HU4 1001 80 12.5 (6-44) 0.99 (0.47-1.98) X 15
HW3 4540 368 12.3 (6-24) 1.01 (0.32-2.00) X 20
HU3 1703 183 9.3 (6-24) 1.40 (0.40-3.00) X 20
HS2 8918 236 37.8 (9-93) 2.88 (0.04-6.00) ✓ 28
HU1 14463 1245 11.6 (6-50) 3.21 (1.24-6.10) ✓ 34
ES1 2000 50 40.0 (40-40) 5.00 (5.00-5.00) ✓ 35
* The Dynamic Range Index (DRI) was estimated by comparing the power in high-energy (80th percentile)

versus low-energy (20th percentile) frames. As clips are pre-segmented vocalizations, this serves as a heuristic
for the dynamic range between the signal and ambient noise within the recording.

The benchmark’s construction follows three core principles. Isolation of Content Representation is
achieved by restricting VocSim to single-source recordings, which decouples the core task from the
confound of source separation. Acoustic-to-Label Consistency is maintained by curating subsets
where labels map to acoustic signatures. There is a hierarchy of consistency: labels for atomic sounds
like bird syllables (BS) or human phones (HP) are highly consistent, while labels for words (HW) and
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utterances (HU) are intentionally included to test robustness against the higher intra-class acoustic
variance introduced by different speakers, prosody, and coarticulation. Finally, a Standardized
Audio Format (16 kHz mono) ensures model compatibility and removes spatial cues.

VocSim’s cross-source composition spans three primary domains to test performance across diverse
sound production mechanisms. Human Speech and Vocalizations include a hierarchy of units from
phones and words to utterances from LibriSpeech (Panayotov et al., 2015), VCTK (Yamagishi et al.,
2019), and AMI (Mccowan et al., 2005), plus non-verbal sounds like coughs and vocal imitations
(Cartwright & Pardo, 2015; Kim & Pardo, 2018). Animal Vocalizations provide a robust test on
non-human vocal systems, with six songbird corpora of calls and syllables from zebra finches (Elie
& Theunissen, 2020; 2015; Steinfath et al., 2021), Bengalese finches (Nicholson et al., 2017), and
canaries (Giraudon et al., 2021; Cohen et al., 2022), where syllable labels are made unique per
bird. It also includes 21 giant otter call types (Mumm & Knörnschild, 2014). Lastly, VocSim
incorporates the 2,000 clips from ESC-50 (Piczak, 2015). While primarily single-event, some clips
may contain ambient background sounds (e.g., ’rain’, ’sea waves’), which test robustness to realistic,
non-polyphonic background noise.

This aggregation is explicitly designed to introduce variability along four axes to stress-test general-
ization: (1) Duration (sub-100ms to 5s), (2) Class Granularity (few-shot to many-shot classes),
(3) Recording Realism (studio to noisy field), and (4) Intra-class Variability (speaker identity,
loudness). A critical component is the reserved blind test set, comprising field recordings of low-
resource indigenous languages (Shipibo-Conibo and Chintang (Stoll & Bickel, 2013)). This provides
a true measure of out-of-distribution generalization on data highly unlikely to appear in any model’s
pre-training corpus. Our preprocessing ensures every class contains at least six samples.

The source corpora may contain inherent structural correlations: While our preprocessing mitigates
extreme class imbalance, we consider the remaining variability an integral part of the benchmark’s
realism. A truly general-purpose embedding must identify content despite these nuisance variables.
Since all models are evaluated under identical conditions, their relative performance remains a valid
measure of their ability to form coherent representations from complex, naturalistic audio.

4 BENCHMARK AND METHODS

Our evaluation methodology is designed to probe the intrinsic geometric structure of audio embed-
dings in a zero-shot setting. It involves extracting features from a wide range of models, deriving
standardized fixed-length vectors, computing pairwise distances, and applying two complementary,
training-free metrics that assess both local and global properties of the embedding space.

4.1 FEATURE REPRESENTATIONS

We benchmark an extensive array of audio feature extractors, ranging from traditional spectral features
to large foundation models. These extractors produce either fixed-length vectors or, more commonly,
variable-length sequences of frame-level embeddings. Our evaluation distinguishes between three
categories:

• Spectral Baseline: 128-band log-Mel spectrograms (Davis & Mermelstein, 1980). To create a
simple baseline, spectrograms are padded with zeros to the length of the longest clip in their subset
and flattened.

• Subset-Specific Unsupervised Baselines: A Variational Autoencoder (VAE) and a standard
Autoencoder (AE). These small models are trained unsupervised on a per-subset basis, including
on the unlabeled audio of the blind test sets. They are not presented as generalist contenders but as
a crucial sanity check to establish a strong, domain-specific performance baseline that quantifies
the benefit of large-scale pre-training.

• Zero-Shot Foundation Models: These are large-scale models pre-trained on diverse external
datasets, evaluated here in a strictly zero-shot fashion without any training or fine-tuning on VocSim
data. They include self-supervised speech models (Wav2Vec 2.0 (Baevski et al., 2020), WavLM
(Chen et al., 2022)), a masked autoencoder (AudioMAE (Huang et al., 2023)), and general-purpose
systems like OpenAI’s Whisper Encoder (Radford et al., 2022), its animal-tuned variant WhisperSeg
(Gu et al., 2023), the text-supervised CLAP model (Elizalde et al., 2023), and neural audio codecs
like EnCodec (Défossez et al., 2023).
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For models producing sequential outputs (e.g., a [D × T ] tensor), we derive fixed-length vectors
using several pooling strategies, such as taking the mean over the time axis or the feature axis, or
concatenating time- and feature-aggregates. We then optionally apply Principal Component Analysis
(PCA), fit on a per-subset basis. This step does not use any labels and constitutes a realistic,
lightweight unsupervised adaptation to the target domain’s acoustic statistics. Its purpose is to
project the raw features onto their principal axes of variation, which can mitigate domain mismatch
and improve distance-based metrics. Model weights remain frozen. We report results with and
without this adaptation to transparently evaluate its impact.

4.2 ZERO-SHOT SIMILARITY METRICS

Operating directly on the pairwise distance matrix, we evaluate embeddings using metrics that
probe the geometric structure of the space without requiring label-based training. For each feature
representation, we compute three dissimilarity metrics: Cosine, Euclidean (L2), and Spearman’s
rank correlation dissimilarity (1− ρ) (see Apprendix D).

Precision@k (P@k). A standard local metric that measures neighborhood coherence. For a set of
N clips, let C(i) be the class of clip i and Nk(i) be the set of its k nearest neighbors. P@k is the
average fraction of neighbors that share the same class as their query item:

P@k =
1

N · k

N∑
i=1

∑
j∈Nk(i)

1(C(j) = C(i))

where 1(·) is the indicator function. Unlike retrieval metrics such as mAP or Recall@k, designed for
tasks with few positives, P@k is better suited to VocSim’s goal of assessing dense class coherence,
where every member of a class is a potential positive match.

Global Separation Rate (GSR). We designed the Global Separation Rate (GSR) as a robust
global metric for class separability. For each point, it compares the distance to its nearest inter-
class neighbor (NID) with its average intra-class distance (Avg_ID) using the formula (NID −
Avg_ID)/(NID + Avg_ID + ϵ), where ϵ is a small constant for numerical stability. The final GSR
is the average of these point-wise scores, normalized to a percentage. Because GSR compares a
minimum (NID) to an average (Avg_ID), its expected absolute value depends on the embedding
geometry; we therefore calibrate it via a permutation baseline (Appendix F) and emphasize lift-over-
random as the primary indicator of meaningful separability. GSR maintains strong correlation with
complementary metrics (Appendix F.1).

5 RESULTS

Our extensive evaluation reveals a simple and strong approach to zero-shot audio similarity and pre-
cisely quantifies a persistent generalization gap. Full results for all configurations are in Appendix N.

Whisper Encoder with Unsupervised Adaptation Performs Strongly. A simple pipeline using
a zero-shot Whisper encoder performs strongly on this task (Table 2). The best configuration,
‘EWMTF D100‘ (Whisper large-v3 encoder with time–frequency pooling and label-free PCA to 100D,
Spearman distance), yields high zero-shot performance. On public data, it achieves a mean P@1 of
66.8% and a GSR of 41.7%. However, a clear generalization gap emerges on the blind test sets, where
local retrieval coherence (P@k) drops sharply. Notably, the lightweight PCA adaptation provides no
benefit on this out-of-distribution data, with the raw and PCA-adapted embeddings yielding identical
P@k scores. The strong performance of Spearman distance across many configurations suggests its
rank-based nature is robust to the feature scaling and high-dimensional geometry of these embedding
spaces.

Intrinsic Geometry vs. Local Retrieval Accuracy. Analysis of performance trends reveals
a fundamental difference between our local and global metrics (Figure 2). Local neighborhood
coherence (P@k) is highly sensitive to the structural properties of each subset; it degrades significantly
as the number of samples in a subset or the number of classes increases (Fig 2a-b) and improves
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Figure 2: Generalization of the top 5% of feature–distance configurations on VocSim. (a–e) Mean Precision@1
(dark blue), Precision@5 (sky blue), and Global Separation Rate (GSR) (yellow) plotted against key subset
properties. (f) Distributions of P@1, P@5, and GSR (%) for each sound category.

with more samples per class (Fig 2c). This confirms its role as a measure of local retrieval accuracy
in a given task structure. In contrast, the Global Separation Rate (GSR) remains remarkably stable
across these same conditions, indicating it captures a more intrinsic and task-agnostic property of
the embedding’s geometric organization. Performance also varies by sound category (Fig 2f), with
embeddings performing best on classes with consistent acoustic signatures like Environmental Sounds
(ES) and struggling with the high intra-class variance of Human Words (HW) and Utterances (HU).
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Table 2: Zero-shot performance on VocSim. Values are averaged over public and blind subsets. P@k
is P@1/P@5. Distances: S = Spearman (1–ρ); E = Euclidean. “EWMTF D100” = Whisper encoder
with time–frequency pooling and label-free, per-subset PCA to 100D.

VocSim Public Sets (Avg.) Blind Test Sets (Avg.)

Method Dist P@k (↑) GSR (↑) P@k (↑) GSR (↑)

Whisper Encoder (Top Configurations)
EWMTF D100 (PCA) S 66.8 / 57.4 41.7 11.5 / 7.7 39.4
EWMTF (Raw Pooled) S 61.5 / 53.0 40.2 11.5 / 7.7 39.4

Other Foundation Models
CLAP D100 (PCA) S 63.7 / 55.6 38.1 8.1 / 5.2 36.2
CLAP (Raw Pooled) S 61.7 / 54.4 33.8 8.1 / 5.2 36.2
WavLM D100 (PCA) E 64.1 / 54.4 37.0 4.6 / 3.1 35.8
WavLM (Raw Pooled) E 62.8 / 51.4 35.2 4.6 / 3.1 35.8

Baselines
Log-Mel (M) S 57.7 / 47.3 34.2 3.5 / 2.6 33.0
VAE Latent (VC) E 58.2 / 49.5 34.3 3.8 / 2.8 25.9

What drives P@k vs. GSR differences? P@k rewards dense, label-pure neighborhoods and thus
benefits from many samples per class and low label entropy. GSR penalizes items whose nearest
impostor is closer than their average in-class distance, a worst-case view of boundaries that is less
affected by class cardinality. Consequently, embeddings that form tight cores but with occasional near
impostors can show high P@k but moderate GSR; embeddings with well-separated class hulls but
diffuse interiors can show the reverse. Reporting both metrics provides a fuller picture of geometry.

The Generalization Gap Revealed by GSR. The Global Separation Rate (GSR) quantifies a
critical generalization gap. By calibrating against empirical random baselines from label permutations,
we find the baseline itself rises significantly on out-of-distribution data (from 24.9 % to 33.7 %),
reflecting the denser geometry of the embedded OOD audio. The central finding is the collapse of the
embedding’s lift over this baseline: from a strong 16.9-point advantage on public data to a 5.8-point
advantage on blind data. This demonstrates that the model’s learned class structure is only marginally
better than chance on novel data, revealing a hard performance ceiling even as local coherence (P@k)
remains partially intact. GSR thus provides a powerful diagnostic for true generalization, shifting the
focus from absolute scores to the more meaningful lift over a random baseline.

6 VALIDATION: VOCSIM SCORES PREDICT REAL-WORLD UTILITY

Having established VocSim as a robust measure of an embedding’s foundational quality, we now
investigate a key hypothesis: does strong performance on this zero-shot task predict utility in real-
world applications? We test this by deploying the top-performing embeddings as fixed, off-the-shelf
feature extractors in three distinct domains: unsupervised data exploration, alignment with non-human
biological perception, and challenging supervised bioacoustic classification.

Unsupervised data exploration. Embeddings that achieve high P@k and GSR form coherent
neighborhoods and clear inter-class boundaries, enabling label-free exploration. Applying UMAP
(McInnes et al., 2018) followed by HDBSCAN (McInnes & Healy, 2017) across VocSim subsets,
Whisper (EWMTF D100) yields the best unsupervised weighted purity on average (40% public;
11.4% blind). Absolute blind-set purity is modest due to many low-shot classes and strong OOD
shifts, but the relative ranking mirrors zero-shot retrieval and GSR, supporting VocSim as an early
diagnostic for unsupervised pipelines in new acoustic domains (details in Appendix K.1).

Alignment with avian perception. We test biological plausibility by predicting zebra finch triplet
judgments (Zandberg et al., 2024). Frozen Whisper achieves 80.9% accuracy on the high-consistency
subset, approaching reported inter-bird agreement (80–90%). This suggests that large, speech-trained
encoders learn acoustic dimensions that transfer to non-human perceptual spaces without any bird-
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specific finetuning. Evaluation protocol and baselines are summarized in Table 18 and detailed in
Appendix K.2.

Downstream bioacoustics with fixed features. In a fixed-feature setting, Whisper embeddings
paired with a high-frequency spectrogram frontend yield strong performance on mouse USV tasks
(Goffinet et al., 2021): 99.49% Top-1 for strain classification and 53.1% Top-1 for individual identity,
substantially above prior fixed-feature baselines. This demonstrates that the geometry favored by
VocSim metrics can translate into practical gains on challenging bioacoustic classification when
paired with an appropriate frontend (Appendix K.3, K.4, K.5).

7 DISCUSSION AND CONCLUSION

This paper introduced VocSim, a training-free benchmark that provides a controlled and interpretable
measure of zero-shot content identity in single-source audio. By aggregating 19 diverse corpora,
VocSim enables a cross-source evaluation that reveals both what current embeddings capture well
and where they fail to generalize.

A practical blueprint for zero-shot similarity. Our results provide a simple recipe for strong
zero-shot audio similarity: use a large frozen encoder (e.g., Whisper), apply explicit time–frequency
pooling, and optionally compress with label-free, per-subset PCA. Spearman distance is a robust
default for high-dimensional pooled features. This recipe is effective and efficient, requiring no
finetuning or labels, and produces compact vectors suitable for indexing and retrieval.

Interpreting P@k and GSR. P@k reflects local neighborhood purity and is sensitive to class
structure (e.g., number of classes, samples per class). GSR, calibrated by permutation baselines,
offers a geometry-aware measure of global separability that is more stable across structural shifts and
better aligned with worst-case boundary integrity. Reporting lift-over-random avoids over-interpreting
absolute scores on datasets with different densities and geometries.

A generalization ceiling on OOD speech. On blind low-resource speech, we observe a sharp drop
in P@k and a small GSR lift. This indicates that current embeddings retain structured geometry but fail
to align it with novel class boundaries. Overcoming this ceiling likely requires pretraining objectives
that explicitly reward cross-domain content identity, stronger invariances to speaker/channel/recording
conditions, and better coverage of low-resource phonotactics.

Predictive validity beyond the benchmark. VocSim scores predict utility across three applications.
First, the top embeddings’ structure (high P@k and GSR) yields superior unsupervised clustering
purity in a label-free setting. Second, they achieve strong alignment with avian perceptual similarity
(80.9% triplet accuracy), approaching inter-bird agreement. Third, the same fixed-feature embeddings
produce state-of-the-art results on two mouse USV tasks when combined with a high-frequency
frontend.

Threats to validity and scope. VocSim intentionally focuses on single-source audio to isolate
content representation. This excludes polyphonic mixtures and high-level semantic tasks (e.g., intent
or function). Filtering of frequent tokens in large public corpora mitigates extreme Zipfian skew
and is not applied to blind sets to preserve natural distributions. Bird syllables are labeled per
individual to reflect the lack of cross-individual label semantics. Standardizing to 16 kHz trades some
high-frequency detail for compatibility; our USV results show that appropriate frontends can recover
information beyond this band.

Outlook. We release VocSim as a living benchmark with code and a leaderboard, inviting eval-
uation of new embedding families and pooling schemes. The empirical success of permutation-
calibrated GSR suggests incorporating lift-aware objectives during pretraining. Beyond audio, the
methodology—single-source focus and permutation-calibrated global separability—may inform
training-free evaluation in other modalities.

9
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ETHICS STATEMENT

Two blind test sets (Shipibo–Conibo and Chintang) are evaluated via secure, server-side execution;
raw data are not exposed. These corpora were collected under IRB-approved protocols with informed
consent and remain under community custodianship in line with the Nagoya Protocol. All other
datasets are used under their original licenses (Appendix C.1). This governance model balances data
sovereignty with rigorous out-of-distribution evaluation for the community.

REPRODUCIBILITY STATEMENT

We release code for preprocessing, feature extraction, distance computation, and evaluation (P@k,
GSR), with deterministic pipelines and fixed seeds for stochastic components (e.g., UMAP, permuta-
tion baselines). Configuration files reproduce all tables and figures; processed datasets and a public
leaderboard are provided (Appendix B).

LLM USAGE

In this paper, LLMs were used to:

• Rephrase, reformulate, or suggest synonyms in the text.

• Assist with coding, such as debugging or autocompleting.
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A APPENDIX: SUPPLEMENTAL DETAILS

This appendix provides supplemental information to support the main text. Appendix B details the
public URLs for all code, data, and leaderboards. Appendix C details the sources and preprocessing
of the 19 corpora aggregated in VocSim and provides justification for our aggregation methodology.
Appendix E provides detailed descriptions of our evaluation metrics, including justification for the
GSR metric’s design and robustness, our empirical baseline methodology, and an analysis of metric
correlations. Full, detailed results for all configurations are provided in Appendix N, followed by
further details on applications and benchmark extensibility.

B CODE, DATA, AND LEADERBOARD

All the code to reproduce the results of the paper is available at the following url: https://
github.com/anonymoussubmission0000/vocsim. The code contains feature extraction,
model training (AE/VAE), distance computation, benchmark evaluation (P@k, GSR), clustering
analysis, and application benchmarks (avian perception, mouse classification).

The VocSim dataset is available at the following url: https://huggingface.co/datasets/
anonymous-submission000/vocsim.

A leaderboard for comparing results on the VocSim benchmark will be published after review.

The processed Avian Perception dataset is available at: https://huggingface.co/
datasets/anonymous-submission000/avian-perception-benchmark.

The processed Mouse Strain dataset is available at: https://huggingface.co/datasets/
anonymous-submission000/mouse-strain-classification-benchmark.

The processed Mouse Identity dataset is available at: https://huggingface.co/datasets/
anonymous-submission000/mouse-identity-classification-benchmark.

B.1 LEGEND OF ABBREVIATIONS

To aid readability, this section provides a central legend for the abbreviations used throughout the
paper.

Table 3: Glossary of abbreviations for datasets, features, and distance metrics.
Code Description

Dataset Subset Groups
BS Bird Syllables
BC Bird Calls
OC Otter Calls
HP Human Phones
HW Human Words
HU Human Utterances
HS Human Sounds (Non-verbal)
ES Environmental Sounds

Feature Variants (Whisper Encoder)
EWMTF Encoder Whisper, with features from concat_mean_time_feat pooling.
EWTF Encoder Whisper, with features from concat_first_time_feat pooling.
ET / EF Using only the first_time or first_feat embedding, respectively.

Distance Metrics (in Tables)
C Cosine Distance
S Spearman Distance (calculated as 1 - Spearman’s ρ)

B.2 ON THE METHODOLOGY OF BENCHMARK AGGREGATION

VocSim’s construction by aggregating multiple corpora is a deliberate methodological choice and a
principled strategy shared by many of the most influential benchmarks in machine learning, which
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are designed to test robust generalization across diverse tasks and conditions. Prominent examples
span multiple domains: in natural language processing, benchmarks like GLUE (Wang et al., 2018),
SuperGLUE (Wang et al., 2019), and the Massive Text Embedding Benchmark (MTEB) (Muennighoff
et al., 2024) aggregate numerous existing datasets to form a comprehensive evaluation suite. In
computer vision, the WILDS collection (Koh et al., 2021) curates datasets specifically to test in-the-
wild generalization. This is also a standard practice in the audio domain itself, with both the HEAR
(Turian et al., 2021) and SUPERB (Yang et al., 2021) benchmarks being composed of aggregated
tasks from various sources.

Creating a novel, monolithic dataset with VocSim’s engineered variability would be prohibitively
difficult and resource-intensive. Such an effort would require an immense, multi-disciplinary data
collection campaign spanning both pristine lab environments and noisy, uncontrolled field settings;
capturing a vast dynamic range of signal durations from milliseconds to seconds; and encompass-
ing fundamentally different vocal production systems, from human phonetics to the avian syrinx.
Therefore, aggregation is the only feasible and principled approach to construct a benchmark that can
systematically probe the limits of generalization in the way VocSim is designed to do.

C DATASET DETAILS

This section provides specifics about the datasets aggregated within VocSim and the preprocessing
steps applied.

C.1 VOCSIM AGGREGATION SOURCES

BC − The Vocal Repertoire of the Domesticated Zebra Finch (Elie). Source: Elie & Theunissen
(2020), based on Elie & Theunissen (2015). Contains 3,433 calls from 50 birds across 11 types.
License: CC BY 4.0. URL: https://doi.org/10.6084/m9.figshare.11905533.v1.

BS1 − Deep Audio Segmenter Dataset (DAS). Source: Clemens (2021), used for Ste-
infath et al. (2021). Contains 473 syllables from 1 bird across 6 types. License:
CC0 1.0. URL: https://data.goettingen-research-online.de/citation?
persistentId=doi:10.25625/ZXJJJY.

BS2 − Clustered Subset of "Benchmarking Nearest Neighbor Retrieval..." (Tomka). Source:
Tomka, Tomas et al. (2024). Contains 48,411 vocalizations from 4 birds across 36 types. License:
CC BY 4.0. URL: http://hdl.handle.net/20.500.11850/673918.

BS3 − Bengalese Finch Song Repository (Nicholson). Source: Nicholson et al. (2017), used
by Cohen et al. (2022). Contains >245,000 syllables from 4 birds. License: CC BY 4.0. URL:
https://dx.doi.org/10.6084/m9.figshare.6025748.

BS4− Automated Annotation of Birdsong... (TweetyNet). Source: Cohen et al. (2022). Contains
Bengalese finch syllables. License: CC BY 4.0. URL: https://doi.org/10.7554/eLife.
63853.

BS5 − Labeled songs of domestic canary M1-2016-spring (Serinus canaria) Source: Giraudon
et al. (2021). Contains canary syllables. License: CC BY 4.0. URL: https://doi.org/10.
5281/zenodo.6521932.

ES1 − ESC50: Dataset for Environmental Sound Classification. Source: Piczak (2015).
Contains 2,000 recordings across 50 classes (40 clips/class). License: CC BY 4.0. URL:
https://doi.org/10.1145/2733373.2806390.

HP, HW1 − LibriSpeech Corpus w/ Alignments. Source: Core data from Panayotov et al.
(2015), with alignments generated via MFA McAuliffe et al. (2017). Contains segmented phones
(HP) and words (HW1) derived from read English speech. License: CC-BY-4.0. URL: https:
//huggingface.co/datasets/gilkeyio/librispeech-alignments.
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HU1 − CSTR VCTK Corpus. Source: Yamagishi et al. (2019). Contains segmented utter-
ances (HU1) from English speakers with various accents. License: CC-BY-4.0. URL: https:
//huggingface.co/datasets/CSTR-Edinburgh/vctk.

HS2 − Vocal Sketch & Vocal Imitation Set (VocImSet). Source: Cartwright et al. (2018); Kim &
Pardo (2018), used in Cartwright & Pardo (2015); Kim & Pardo (2018). Contains 10,690 vocal imita-
tions after filtering. Licenses: Open (Vocal Sketch), CC BY 4.0 (VocImSet). URLs: https://doi.
org/10.5281/zenodo.1251982, https://doi.org/10.5281/zenodo.1340763.

HS1, HW2, HU2 − AMI Meeting Corpus. Source: Mccowan et al. (2005). Contains 100 hrs of
meetings with segmented vocal sounds (HS1), words (HW2), utterances (HU2). License: CC-BY-4.0.
URL: https://groups.inf.ed.ac.uk/ami/corpus/.

HW3, HU3 − Shipibo-Conibo Language Corpus (ACQDIV). Source: Stoll & Bickel (2013).
Contains 75,000 transcribed utterances (words HW3, utterances HU3). Status: Blind Test Set
(Non-public). URL: https://www.acqdiv.uzh.ch/en/resources.html.

HW4, HU4 − Chintang Language Corpus (ACQDIV). Source: Stoll & Bickel (2013). Contains
>1M transcribed words (words HW4, utterances HU4) from 90 sessions used here. Status: Blind
Test Set (Non-public). URL: https://www.acqdiv.uzh.ch/en/resources.html.

OC1− The Vocal Repertoire of... Giant Otters. Source: Mumm & Knörnschild (2014). Contains
441 recordings across 21 call types. License: CC BY 4.0. URL: https://doi.org/10.1371/
journal.pone.0112562.

C.2 VOCSIM PREPROCESSING

The following steps were applied after aggregating the source datasets:

1. Resampling: All audio waveforms were resampled to 16 kHz using ‘torchaudio‘.

2. Outlier Removal: For each subset, audio samples with durations in the top 2% (98th
percentile) were removed to exclude extreme outliers that might skew results.

3. Minimum Class Size: Classes (defined by the ’label’ column) containing fewer than six
samples were removed. This ensures that metrics like P@k (especially k=5) and GSR are
meaningful and that classes have sufficient examples for robust comparison.

4. Subset Size Capping (for AE/VAE training): If a subset contained more than 10,000
samples after the above steps, a random selection of classes was performed to bring the
sample count to approximately 10,000-17,000, while maintaining class distributions as much
as possible. This step was primarily to manage training time for the subset-specific AE/VAE
models. The benchmark evaluation itself uses the data after steps 1-3.

5. Frequency Filtering (for some sources): The removal of top-frequency classes is applied
only to large, public speech corpora (e.g., LibriSpeech, AMI) to mitigate extreme class
imbalances where a few stop words would otherwise dominate the dataset. The blind test
sets, sourced from low-resource languages, do not exhibit such extreme distributions and are
therefore used in their entirety to ensure a realistic evaluation scenario, as detailed below:

• BC (Elie Finch Calls): Calls ’10.wav’, ’16.wav’ removed (considered outliers/non-
standard).

• BS5 (Canary Syllables): Classes ’TRASH’, ’SIL’, ’call’ removed.
• VCTK and LibriSpeech (HP/HW1/HU1): No phone classes removed (HP). Top 50

most frequent words removed from HW1. Top 12 most frequent utterances removed
from HU1. This addresses extreme class imbalance common in speech corpora.

• AMI (HS1/HW2/HU2): Top 3 vocal sounds (laugh, other, cough) removed from HS1.
Top 25 words removed from HW2. Top 35 utterances removed from HU2. Again, this
mitigates extreme frequency imbalances.
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6. Unique Labeling for Birds: For birdsong subsets (BS1-BS5), labels were made unique per
individual bird (e.g., ‘bird1_syllA‘, ‘bird2_syllA‘) as syllable labels often lack consistent
acoustic meaning across different individuals. This ensures comparisons are made within an
individual’s repertoire unless explicitly comparing across birds (not the primary focus here).

7. Final Format: The processed data was structured and saved using the Hugging Face
‘datasets‘ library format.

The overall preprocessing pipeline is summarized in Algorithm 1.

C.3 JUSTIFICATION FOR ASYMMETRIC PREPROCESSING OF SPEECH CORPORA

Our preprocessing pipeline includes a step to filter out the most frequent words and utterances from
large, public English speech corpora (LibriSpeech, AMI) but does not apply this filtering to the
low-resource blind test sets (Shipibo-Conibo, Chintang). This is a deliberate methodological choice
to ensure a meaningful evaluation.

Large, general-language corpora exhibit a Zipfian distribution where a few common function words
(e.g., "the," "a," "is") account for a massive fraction of the data. Without filtering, the benchmark
would disproportionately reward models for recognizing these few, acoustically varied, and often
short tokens, rather than testing performance across a broader vocabulary. This filtering ensures the
task remains a challenging test of content identity over a diverse set of words.

The blind test sets, being smaller and sourced from documentation of low-resource languages, do
not suffer from this same pathological imbalance. Their word frequency distribution is a natural
property of the collected corpus. Applying a frequency filter here would be inappropriate, as it would
artificially alter the nature of the data and remove what might be scientifically relevant, frequent
vocalizations. This asymmetric approach ensures that both the public and blind evaluations are as fair
and representative as possible for their respective data types.

Algorithm 1 Data Preprocessing Procedure
Require: Aggregated dataset D containing multiple subsets.
Ensure: Processed dataset Dproc.

1: Dproc ← ∅
2: for each subset S in D do
3: Resample all audio in S to 16 kHz.
4: Remove samples with duration > 98th percentile duration in S.
5: Identify classes CS in S.
6: Remove classes c ∈ CS where |c| < 6.
7: Apply source-specific frequency/class filtering (e.g., LibriSpeech-aligned, VCTK, AMI).
8: if S is a birdsong subset then
9: Make labels unique per bird. ▷ e.g., ‘bird1_syllA‘

10: Let Sfiltered be the resulting subset.
11: if |Sfiltered| > 17000 then ▷ Optional step for AE/VAE training efficiency
12: Rank classes in Sfiltered by size descending.
13: Uniformly select classes to form S′

filtered with |S′
filtered| ≈ 10k − 17k.

14: Sfinal ← S′
filtered

15: else
16: Sfinal ← Sfiltered

17: Add Sfinal to Dproc.
18: return Dproc

C.4 VAE AND AE TRAINING DETAILS

Our evaluation includes custom unsupervised models to serve as strong, domain-specific baselines.
All models were trained without access to any labels.
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Per-Subset Models (Domain-Specific Baselines) The primary custom baselines reported in our
results (labeled VC for VAE and AC for AE) were trained on a per-subset basis. For each of the 19
subsets in VocSim, including the blind test sets, a separate AE and VAE model was trained exclusively
on the unlabeled audio from that specific subset. This approach does not create a single generalist
model; instead, it establishes a strong, domain-specific performance baseline for each task. This
allows us to directly quantify the benefit of large-scale pre-training by comparing foundation models
against a simple unsupervised model that is perfectly adapted to the target domain’s acoustic statistics.

VAE Training The VAE compresses 128×128 log-Mel spectrogram patches into a 32-dimensional
Gaussian latent (µ, σ2) and reconstructs them via a symmetric decoder. Its loss is the negative
Evidence Lower Bound (ELBO), based on Goffinet et al. (2021):

LVAE = Eq(z|x)[− log p(x|z)]︸ ︷︷ ︸
reconstruction error

+ DKL

[
q(z|x) ∥N (0, I)

]︸ ︷︷ ︸
latent regularization

.

Training hyperparameters:

• Optimizer: Adam, α = 1× 10−3, betas (0.9, 0.999)
• Batch size: 64 spectrogram chunks (50% overlap)
• Epochs: up to 50, with early stopping after 10 epochs without ELBO improvement
• Spectrogram frontend: 512-sample FFT, 256-sample hop, 128-band Mel filter, log-scaling

Because the KL term enforces a smoothly varying latent space, reconstructions preserve overall
patterns but exhibit modest smoothing of fine spectral detail (Figure 3).

AE Training The AE encodes full-length Mel spectrograms into a 256-dimensional bottleneck and
decodes them back. Its objective is pure reconstruction with L1 loss plus a small sparsity penalty on
the bottleneck, based on Best et al. (2023):

LAE = ∥X − X̂∥1 + 0.01 ∥Z∥1.
Training hyperparameters:

• Optimizer: AdamW, α = 3× 10−4, weight decay 1× 10−2

• Batch size: 128 full-spectrograms
• Epochs: up to 50, with ReduceLROnPlateau (factor 0.5, patience 5) and early stopping after

10 epochs without loss improvement
• Mixed-precision training enabled for GPU

Because it optimizes only reconstruction fidelity, the AE reproduces fine spectro-temporal details
very closely, resulting in sharp, high-fidelity outputs (Figure 4).

Log-M
agnitude (M
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Log-M
agnitude (M
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Figure 3: VAE reconstruction (HW2). Left: Original log-Mel input. Right: Reconstructed output, showing
smoothness due to KL regularization.

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

Log-M
agnitude (M

el Scale)

Log-M
agnitude (M

el Scale)

Figure 4: AE reconstruction (HW2). Left: Original log-Mel input. Right: Decoded output, closely matching
fine spectral details.

C.5 FEATURE EXTRACTION PROCEDURE

All audio clips in VocSim were first resampled to 16 kHz (except where models internally require a
different rate) and amplitude-normalized. We then extracted a variety of feature embeddings, some
learned directly on VocSim, others borrowed from large pretrained networks, and, where necessary,
applied pooling or dimensionality reduction to obtain fixed-length vectors.

Log-Mel Spectrograms (M) We compute 128-band log-Mel spectrograms with a 512-sample
FFT window and 256-sample hop (Hann window), followed by log(1 + x) compression (Davis &
Mermelstein, 1980). Each clip yields a 128× T time-frequency matrix, which we flatten to a single
vector for distance calculations.

VAE Embeddings (VC) Using our convolutional variational autoencoder trained on all VocSim
sounds (Appendix C.4), we split each clip into overlapping 128× 128-frame spectrogram patches.
Each patch is mapped to a 32-dimensional latent mean vector by the encoder. We obtain 32xT-D
representation per clip (Goffinet et al., 2021).

AE Embeddings (AC) Our convolutional autoencoder compresses full-length Mel spectrograms
into a 256-D bottleneck. After feeding a clip’s spectrogram through the encoder, yielding a 256xT-D
vector per clip (Best et al., 2023).

Whisper Encoder (EW) We employ the encoder of OpenAI’s Whisper model
(openai/whisper-large-v3) (Radford et al., 2022). Input audio is padded or trun-
cated to its required 30-second context window. The transformers library implementation
automatically handles an attention mask for the decoder, but the encoder itself processes the full
padded input sequence. It learns to produce meaningful representations for padding from the
zeroed-out mel frames. The encoder outputs a sequence of hidden states with a fixed shape of
[1500× 1280] (T × D). Our simple post-hoc pooling operations (e.g., mean over the time axis) are
applied to this full output sequence. While this means the embeddings of padded frames are included
in the average, this common heuristic is empirically effective and has a mild regularizing effect.

1. Encoder Self-Attention: The transformers library implementation correctly uses an attention
mask. This ensures that when the model computes the representation for a valid audio frame, its
self-attention mechanism only attends to other valid audio frames and ignores the padded regions.
This is critical for generating a meaningful contextual representation of the audio content itself.
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2. Post-Hoc Pooling: Our simple post-hoc pooling operations (e.g., mean over the time axis) are
applied to the full [1500 × 1280] output sequence without an explicit mask. The output vectors
corresponding to padded input frames are not zero; they are valid "padding embeddings" that the
model learns to produce for silent or non-audio inputs. Including these vectors in a simple mean
pooling operation has a mild regularizing effect, pulling the final vector slightly towards a neutral,
"no-audio" representation based on the clip’s duration. While masked pooling (which would involve
explicitly excluding these padding embeddings from the mean calculation) is a valid alternative, our
approach serves as a simple, common, and empirically effective heuristic for creating fixed-length
representations from the variable-length encoder outputs.

WhisperSeg Encoder (E) A CTranslate2-converted Whisper variant with a custom voice-activity
detection front end (Gu et al., 2023) processes each clip into a sequence of 1280x750-D embeddings.
This model is tuned for animal sounds and delivers frame-level features comparable to standard
Whisper.

Wav2Vec 2.0 (W2V) and WavLM (WLM) We extract contextualized features from pretrained
Wav2Vec 2.0 (768-D per frame) (Baevski et al., 2020) and WavLM (768-D per frame) (Chen et al.,
2022). Raw waveforms are fed directly, and the final Transformer layer’s activations are used as our
sequence features.

CLAP (CLP) From the Contrastive Language–Audio Pretraining model (Elizalde et al., 2023),
we take the final audio embedding (typically 512-D) produced for each clip after audio–text joint
training on web data.

AudioMAE (MAE) A masked-spectrogram autoencoder (Huang et al., 2023) yields a fixed
768×512 feature map per clip. We flatten this map into a single vector.

EnCodec Codes (CC) Using a pretrained neural audio codec (Défossez et al., 2023), we extract
discrete codebook indices (e.g., 8 codebooks × T frames), which we concatenate into a long integer-
valued vector representation.

Derived Fixed-Length Vectors For models that produce a sequence of embeddings, we adopt a
canonical shape of [T x D] (Time frames x Feature dimensions). We derive fixed-length vectors using
one or more of the following explicit pooling operations:

• mean_time: Mean pooling across the time axis (axis 0), yielding a single vector of length
D.

• mean_feat: Mean pooling across the feature axis (axis 1), yielding a vector of length T.

• first_time: Taking the full feature vector from the first time frame (t=0), yielding a vector of
length D.

• first_feat: Taking the activation values of the first feature dimension (d=0) across all time
frames, yielding a vector of length T.

• Concatenated Pooling: Concatenating vectors derived from two of the above methods,
such as concat_mean_time_feat (length D+T) or concat_first_time_feat (length D+T).

After pooling, we optionally apply Principal Component Analysis (PCA) fit on each VocSim subset
to produce the final embeddings.

Below are two concise tables: one for the base extractors and one for the pooled+PCA variants.

Notes:

• T = number of time frames;

• “–” under PCA indicates the raw pooling (no dimensionality reduction).

• “first_row_col” concatenates the first time-frame and first frequency-band features.

• “mean_row_col” concatenates the mean over time and mean over frequency features.
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Table 4: Base Feature Extractors and Their Raw Output Shapes (Canonical [T x D] format)
Short Extractor Raw Output Shape [T x D]

M Log-Mel spectrogram [T x 128]
VC VAE latent mean [T x 32]
AC AE bottleneck [T x 256]
EW Whisper encoder [1500 x 1280]
E WhisperSeg encoder [750 x 1280]
WLM WavLM encoder [T x 768]
W2V Wav2Vec 2.0 encoder [T x 768]
CLP CLAP audio embedding [512] (Already fixed-length)
MAE AudioMAE masked-spectrogram features [512 x 768]
CC EnCodec discrete codes [T x 8]

Table 5: Derived Fixed-Length Embeddings via Pooling and PCA
Base (Shape [T x D]) Pooling / Variant (Ex-

plicit Name)
PCA Dims Final Length

Whisper (EW) [1500x1280]

first_time (ET) – 1280
+ PCA (ET

D30/D100)
30/100 30 / 100

first_feat (EF) – 1500
+ PCA (EF

D30/D100)
30/100 30 / 100

concat_first_time_feat
(EWTF)

– 2780

+ PCA (EWTF
D30/D100)

30/100 30 / 100

concat_mean_time_feat
(EWMTF)

– 2780

+ PCA (EWMTF
D30/D100)

30/100 30 / 100

WhisperSeg (E) [750x1280]

first_time (ET) – 1280
+ PCA (ET

D30/D100)
30/100 30 / 100

first_feat (EF) – 750
+ PCA (EF

D30/D100)
30/100 30 / 100

concat_first_time_feat
(ETF)

– 2030

+ PCA (ETF
D30/D100)

30/100 30 / 100

concat_mean_time_feat
(EMTF)

– 2030

+ PCA (EMTF
D30/D100)

30/100 30 / 100

CLAP / MAE / CC / WavLM / W2V + PCA (D30/D100) 30/100 30 / 100

D NOTES ON SPEARMAN DISSIMILARITY.

Spearman’s rank-based dissimilarity is computationally heavier than Cosine or Euclidean, but offers
two advantages in our setting: (i) reduced sensitivity to feature scaling and marginal distributions
induced by pooling and PCA; and (ii) mitigation of hubness in high-D spaces by emphasizing
relative order rather than absolute magnitudes (Radovanović et al., 2010). Its consistent gains across
foundation models suggest rank-order relationships are a good fit for content-identity geometry.
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E BENCHMARK METHODS DETAILS

Our evaluation pipeline is deterministic: for a given dataset, feature extractor, and distance metric, the
resulting distance matrix and all subsequent benchmark scores are identical on every run. Therefore,
run-to-run stochasticity is zero, and we report point estimates. This section details the algorithms for
the metrics used in our analysis.

E.1 PRECISION@K (P@K) ALGORITHM

Precision@k is a standard local metric that measures the purity of an item’s immediate neighborhood.
It is a direct and intuitive measure of the local coherence of the embedding space.

1. Input: A square pairwise distance matrix D of size N ×N , a list of class labels L of length
N , and a set of integers k (e.g., {1, 5}).

2. Data Filtering: Items with no valid labels are excluded from the evaluation.
3. Per-Point Precision Calculation: For each evaluable data point i:

3.a. Let C(i) be the class of point i.
3.b. Identify the set Nk(i) of the k nearest neighbors to point i (excluding i itself) based on

the distances in D.
3.c. Count the number of neighbors in Nk(i) that share the same class as point i.

CorrectNeighborsk(i) = |{j | j ∈ Nk(i), C(j) = C(i)}|
4. Aggregation: The final P@k score is the total number of correct neighbors across all points,

divided by the total number of neighbors considered (Nevaluable × k). This is equivalent to
the average proportion of correct neighbors.

P@k =

∑
i CorrectNeighborsk(i)

Nevaluable × k

5. Output: The final P@k score, a value in [0, 1].

E.2 GLOBAL SEPARATION RATE (GSR) ALGORITHM

The Global Separation Rate (GSR) is a robust, point-wise global metric that averages the local
separation of every point in the dataset. It provides a more continuous and outlier-resistant measure
than binary, percentile-based methods.

The algorithm is implemented as follows:

1. Input: A square pairwise distance matrix D of size N ×N , a list of class labels L of length
N , and a minimum class size parameter min_class_size (e.g., 2).

2. Data Filtering: Items with no valid labels or belonging to classes with fewer than
min_class_size samples are excluded from the evaluation.

3. Per-Point Score Calculation: For each evaluable data point i:
3.a. Let C(i) be the class of point i.
3.b. Find the Average Intra-class Distance (Avg_ID): The mean of distances from point i

to all other points within its own class.

Avg_IDi = Mean ({d(i, j) | j ̸= i, C(j) = C(i)})
3.c. Find the Nearest Inter-class Distance (NID): The distance from point i to the closest

point from any other class.

NIDi = min
k:C(k)̸=C(i)

d(i, k)

3.d. Calculate the Local Separation Score for point i, which ranges from -1 (total overlap)
to +1 (perfect local separation).

Local_Scorei =
NIDi − Avg_IDi

NIDi + Avg_IDi + ϵ
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4. Calculate Final GSR Score: The final score is the average of all local scores, normalized
to the range [0, 1].

GSRnorm =
1

2

( ∑
i Local_Scorei

Number of evaluable points
+ 1

)
This score is then multiplied by 100 to be presented as a percentage in all result tables.

GSR = GSRnorm × 100

5. Output: The final normalized GSR score.

E.3 CLASS SEPARATION RATIO (CSR) ALGORITHM

The Class Separation Ratio (CSR) is a point-wise metric, similar in spirit to GSR, but it compares
the nearest inter-class distance to the furthest intra-class distance. It evaluates how well a class is
separated from others relative to its own internal spread.

1. Input: A square pairwise distance matrix D of size N ×N , a list of class labels L of length
N , and a minimum class size parameter min_class_size.

2. Data Filtering: Items with no valid labels or belonging to classes with fewer than
min_class_size samples are excluded.

3. Per-Point Score Calculation: For each evaluable data point i:
3.a. Let C(i) be the class of point i.
3.b. Find the Maximum Intra-class Distance (MID): The distance from point i to the

furthest point within its own class.

MIDi = max
j:j ̸=i,C(j)=C(i)

d(i, j)

3.c. Find the Nearest Inter-class Distance (NID): The distance from point i to the closest
point from any other class.

NIDi = min
k:C(k)̸=C(i)

d(i, k)

3.d. Calculate the Local Class Separation Score for point i, ranging from -1 to +1.

Local_CSRi =
NIDi −MIDi

NIDi + MIDi + ϵ

4. Aggregation: The local scores are first averaged within each class. The final score is the
weighted average of these per-class scores, weighted by class size.

CSRraw =

∑
c∈Classes |c| ×Mean({Local_CSRi | i ∈ c})

Total number of evaluable points

5. Normalization: The final score is normalized to the range [0, 1], where 1.0 is best.

CSR =
1

2
(CSRraw + 1)

E.4 F-VALUE BENCHMARK (CS) ALGORITHM

The F-Value, which we abbreviate as CS (Class Separation), is a class-pair-wise metric that measures
the ratio of inter-class separation to intra-class compactness. A higher score indicates better separation.

1. Input: A distance matrix D and labels L.
2. Per-Class Statistics: For each valid class Ci (with at least min_class_size samples):

• Calculate the Average Intra-class Distance:

AvgIntra(Ci) = Mean({d(a, b) | a, b ∈ Ci, a ̸= b})
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3. Per-Class-Pair Calculation: For every ordered pair of distinct classes (Ci, Cj):

• Calculate the Average Inter-class Distance:

AvgInter(Ci, Cj) = Mean({d(a, b) | a ∈ Ci, b ∈ Cj})

• Calculate a separation ratio, where a larger value indicates better separation between
the class pair.

Sij =
AvgInter(Ci, Cj)

AvgIntra(Ci) + ϵ

• To create a bounded score in the range [0, 1] where higher is better, we transform this
ratio:

Ftransformed,ij =
Sij

1 + Sij

4. Aggregation: The final CS score is the mean of all transformed F-Values over all M ×
(M − 1) ordered class pairs.

E.5 CLASS SEPARATION CONFUSION FRACTION (CSCF) ALGORITHM

CSCF is an intuitive, class-pair-wise metric that counts the fraction of "confused" class pairs. A lower
raw score is better.

1. Input: A distance matrix D and labels L.

2. Per-Class Statistics: As with the F-Value, calculate AvgIntra(Ci) for each class Ci.

3. Per-Class-Pair Calculation: For every ordered pair of distinct classes (Ci, Cj):

• Calculate AvgInter(Ci, Cj).
• A confusion event occurs if the average distance between the classes is smaller than

the average internal distance of the anchor class Ci.

IsConfused(i, j) =
{
1 if AvgInter(Ci, Cj) < AvgIntra(Ci)

0 otherwise

4. Aggregation: The final CSCF score is the total number of confusion events divided by the
total number of ordered class pairs.

CSCF =

∑
i̸=j IsConfused(i, j)

M × (M − 1)

E.6 CLUSTERING PURITY BENCHMARK ALGORITHM

This benchmark evaluates how well an embedding’s intrinsic structure aligns with the ground-truth
labels in a completely unsupervised setting.

1. Data Preparation: Start with the fixed-length embeddings for all samples in a subset.

2. Dimensionality Reduction (UMAP): Project the high-dimensional embeddings into a 2D
space using UMAP (McInnes et al., 2018). This step helps preserve both local and global
structure in a space that is more amenable to density-based clustering.

3. Clustering (HDBSCAN): Apply the HDBSCAN algorithm (McInnes & Healy, 2017) to the
2D UMAP projection. HDBSCAN is used for its ability to find clusters of varying shapes
and densities, and for its robustness in identifying points that do not belong to any cluster
(noise).

4. Weighted Purity Calculation: The quality of the resulting clusters is measured against the
ground-truth labels.

4.a. For each cluster discovered by HDBSCAN (excluding noise points), identify the
majority ground-truth class among its members.

4.b. The purity of that cluster is the fraction of its members belonging to that majority class.
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4.c. The final Weighted Purity is the size-weighted average of these individual cluster
purities:

Purityweighted =

∑
j |Cj | × purity(Cj)∑

j |Cj |
where Cj is the set of items in the j-th cluster found by HDBSCAN.

Silhouette Score The Silhouette Score is a metric that quantifies the quality of clusters by measuring
how similar an object is to its own group (cohesion) compared to other groups (separation). In our
benchmark, we compute this score not on clusters discovered by an algorithm, but directly on the
ground-truth classes. This "supervised" use of the metric serves as a well-established measure of the
geometric coherence of the true classes within the embedding space. For each data point, it compares
its average distance to other points in its own class with its average distance to points in the nearest
neighboring class. A high score indicates that the ground-truth classes are dense and well-separated.

1. Intra-Cluster Cohesion (a(i)): The average distance between point i and all other points
within the same ground-truth class. A low value for a(i) indicates that the point is well-
matched to its own cluster.

2. Inter-Cluster Separation (b(i)): The average distance from point i to all points in the
single nearest neighboring cluster (i.e., the cluster that is closest to point i, to which i does
not belong). A high value for b(i) indicates that the point is well-separated from neighboring
clusters.

The silhouette score for point i is then given by the formula:

s(i) =
b(i)− a(i)

max{a(i), b(i)}

The overall score is the mean of s(i) for all points. The score ranges from -1 to +1, where a value
near +1 indicates dense and well-separated clusters, a value near 0 indicates overlapping clusters, and
a value near -1 suggests that points have likely been assigned to the wrong cluster.

E.7 P@K BASELINE CALCULATION

To rigorously evaluate whether the observed Precision@k (P@k) scores reflect true class structure or
are simply an artifact of the embedding’s intrinsic geometry, we established an empirical random
baseline using permutation tests. This procedure allows us to determine the P@k score that would be
expected by chance for a given embedding space and to test the statistical significance of the observed
score.

Procedure The test was conducted for the top-performing configuration (Whisper ‘EWMTF D100‘
embeddings with Spearman distance) on each of the 19 VocSim subsets.

1. Calculate Observed Score: For a given subset, the pairwise distance matrix is computed
once. The true P@k scores (for k=1 and k=5) are then calculated using this matrix and the
ground-truth labels.

2. Create Null Distribution: The core of the method involves creating a null distribution
of scores that could occur by chance. To do this, we hold the distance matrix fixed and
randomly shuffle the ground-truth labels 1,000 times. For each of these permutations, we
recalculate the P@k scores. This process generates a distribution of P@k scores expected
under the null hypothesis that there is no relationship between the embedding geometry and
the class labels.

3. Calculate Statistics: From this null distribution, we compute:
• The Baseline Mean P@k: The average of the 1,000 permuted P@k scores, which

serves as our empirical random baseline.
• The 95% Confidence Interval (CI): The range containing 95% of the permuted scores

(from the 2.5th to the 97.5th percentile), indicating the expected spread of random
scores.
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• The p-value: The proportion of permuted scores that were greater than or equal to
the originally observed P@k score. A low p-value (e.g., p < 0.001) indicates that the
observed score is highly unlikely to have occurred by chance.

This analysis provides a robust statistical foundation for interpreting the P@k results. The aggregated
results are summarized in Table 6 and Table 7.

Table 6: Empirical Permutation Test for P@1 Significance. Results compare the observed P@1 of
the top-performing embedding against a baseline derived from 1000 label permutations per subset.

Set Type Observed P@1
(Mean %)

Baseline P@1
(Mean %)

Baseline 95% CI
(Mean)

p < 0.001
(Count)

Public 66.80 5.80 [5.36, 6.13] 15/15
Blind 11.45 0.92 [0.70, 1.18] 4/4
Note: Baseline for EWMTF D100 (PCA) with Spearman distance.

Table 7: Empirical Permutation Test for P@5 Significance. Results compare the observed P@5 of
the top-performing embedding against a baseline derived from 1000 label permutations per subset.

Set Type Observed P@5
(Mean %)

Baseline P@5
(Mean %)

Baseline 95% CI
(Mean)

p < 0.001
(Count)

Public 57.35 5.80 [5.62, 6.01] 15/15
Blind 7.67 0.91 [0.80, 1.02] 4/4
Note: Baseline for EWMTF D100 (PCA) with Spearman distance.

F GSR BASELINE CALCULATION

To rigorously evaluate whether the observed Global Separation Rate (GSR) scores reflect true class
structure or are simply an artifact of the embedding’s intrinsic geometry, we established an empirical
random baseline using permutation tests. This procedure allows us to determine the GSR score that
would be expected by chance for a given embedding space and to test the statistical significance of
the observed score.

Procedure The test was conducted for the top-performing configuration (Whisper ‘EWMTF D100‘
embeddings with Spearman distance) on each of the 19 VocSim subsets.

1. Calculate Observed Score: For a given subset, the pairwise distance matrix is computed
once. The true GSR score is then calculated using this matrix and the ground-truth labels.

2. Create Null Distribution: The core of the method involves creating a null distribution
of scores that could occur by chance. To do this, we hold the distance matrix fixed and
randomly shuffle the ground-truth labels 1,000 times. For each of these permutations, we
recalculate the GSR score. This process generates a distribution of GSR scores expected
under the null hypothesis that there is no relationship between the embedding geometry and
the class labels.

3. Calculate Statistics: From this null distribution, we compute:
• The Baseline Mean GSR: The average of the 1,000 permuted GSR scores, which

serves as our empirical random baseline.
• The 95% Confidence Interval (CI): The range containing 95% of the permuted scores

(from the 2.5th to the 97.5th percentile), indicating the expected spread of random
scores.

• The p-value: The proportion of permuted scores that were greater than or equal to
the originally observed GSR score. A low p-value (e.g., p < 0.001) indicates that the
observed score is highly unlikely to have occurred by chance.

This analysis provides a robust statistical foundation for interpreting the GSR results. The aggregated
results are summarized in Table 8.
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Table 8: Empirical Permutation Test for GSR Significance. Results compare the observed GSR of the
top-performing embedding against a baseline derived from 1000 label permutations per subset.

Set Type Observed GSR
(Mean %)

Baseline GSR
(Mean %)

Baseline 95% CI
(Mean)

p < 0.001
(Count)

Public 41.76 24.90 [24.82, 24.98] 15/15
Blind 39.52 33.74 [33.69, 33.80] 4/4
Note: Baseline for EWMTF D100 (PCA) with Spearman distance.

F.1 INTERPRETATION OF METRIC CORRELATIONS

The correlation matrix (Table 9) reveals the relationships between different evaluation metrics. For
this analysis, all metrics were transformed such that higher scores indicate better performance
(e.g., CSCF becomes 1 − CSCFraw). The correlations are calculated using Spearman’s ρ and are
averaged across all public VocSim subsets.

Table 9: Spearman Rank Correlation (ρ) of Key Performance Metrics on Public Subsets. All metrics
are transformed such that higher values indicate better performance.

GSR Silhouette P@1 P@5 CSR CS CSCF

GSR 1.00 0.82 0.77 0.83 0.95 0.15 0.77
Silhouette 0.82 1.00 0.80 0.85 0.72 0.40 0.82
P@1 0.77 0.80 1.00 0.95 0.71 0.46 0.85
P@5 0.83 0.85 0.95 1.00 0.75 0.49 0.90
CSR 0.95 0.72 0.71 0.75 1.00 -0.05 0.74
CS 0.15 0.40 0.46 0.49 -0.05 1.00 0.32
CSCF 0.77 0.82 0.85 0.90 0.74 0.32 1.00

To generate the correlation matrix in Table 9, we followed a two-step process. First, for each
feature-distance configuration (e.g., ’EWMTF D100 - Spearman’), we calculated its average score on
each metric (P@1, GSR, etc.) across all 15 public VocSim subsets. This yielded a single summary
value per metric for each of the configurations evaluated. Second, we computed the Spearman rank
correlation (ρ) between the vectors of these summary scores. This analysis reveals how the ranking
of different embedding methods according to one metric corresponds to their ranking according to
another.

High Correlations (ρ > 0.8): The analysis reveals a cluster of highly inter-correlated metrics,
suggesting they measure a similar underlying quality of embedding geometry.

• GSR vs. CSR (0.95): This very high correlation is expected. Both metrics assess the
integrity of class boundaries relative to internal class spread, with GSR operating on a
point-wise basis and CSR on a class-wise basis. Their strong agreement confirms they
capture the same fundamental property.

• P@1 vs. P@5 (0.95): This is also an intuitive result. An embedding that correctly identifies
the single nearest neighbor (high P@1) is highly likely to have multiple correct neighbors
within its top five (high P@5).

• Silhouette, P@5, and CSCF (ρ ≥ 0.82): These three metrics exhibit strong positive
correlations with each other and with GSR. This indicates that embeddings with good cluster
cohesion versus separation (Silhouette) also tend to have pure local neighborhoods (P@5)
and well-separated class averages (CSCF).

Moderate Correlations (0.7 < ρ < 0.8): This group shows solid relationships, reinforcing the
connections between different aspects of a well-structured embedding space.

• Boundary Metrics (GSR/CSR) vs. Neighborhood Purity (P@k): The correlations here
range from 0.71 to 0.83. This demonstrates that embeddings with clear, well-defined class
boundaries (high GSR/CSR) reliably produce pure local neighborhoods where a point’s
nearest neighbors share its class.
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• Boundary Metrics (GSR/CSR) vs. Centroid Separation (CSCF): With correlations
around 0.74 to 0.77, the data shows a strong tendency for embeddings with sharp class
boundaries to also have well-separated class averages.

Low or Near-Zero Correlations: The most significant insight comes from the CS (Class Separation
/ F-Value) metric, which behaves largely independently from the other metrics. This highlights that
CS measures a distinct geometric property.

• Consensus Metrics (GSR, CSR, P@k, Silhouette, CSCF): This large group is moderately
to highly inter-correlated, collectively rewarding embeddings that produce distinct, internally
consistent clusters with sharp boundaries and pure local neighborhoods.

• Outlier Metric (CS): This metric is based on the ratio of the average distance between all
inter-class pairs to all intra-class pairs. It is sensitive to the global placement of clusters’
"centers of mass" but less so to the integrity of their boundaries.

This distinction explains the uniquely low correlations involving CS:

• CS vs. CSR (ρ = −0.05): This near-zero correlation is a crucial finding. It demonstrates
that achieving sharp class boundaries (high CSR) has no systematic relationship with
maximizing the average distance between clusters (high transformed CS). An embedding
can produce extremely tight, compact clusters (which is favorable for CSR) while these
clusters remain geometrically close to one another, resulting in a modest CS score.

• CS vs. All Other Metrics (ρ ≈ 0.15− 0.49): CS shows only weak positive correlations
with the entire consensus group. This indicates that knowing an embedding’s CS score is a
poor predictor of its performance on metrics that measure boundary integrity (GSR, CSR),
local neighborhood purity (P@k), or cluster cohesion (Silhouette).

In summary, the analysis reveals a strong agreement among six key performance metrics. The CS
metric stands apart, measuring a different aspect of embedding quality that is not strongly correlated
with the properties measured by the rest.

F.2 DETAILS ON GLOBAL SEPARATION RATE (GSR)

The formulation of GSR establishes a theoretical neutral point at 50%, corresponding to the mathe-
matical case where the nearest inter-class distance (‘NID‘) equals the average intra-class distance
(‘Avg_ID‘). However, this theoretical point does not represent the performance of a random baseline
on a real-world embedding space. Because GSR compares a minimum (‘NID‘) with an average
(‘Avg_ID‘), its expected value on a structured but randomly labeled space is non-obvious and depends
entirely on the embedding’s geometry.

A high GSR score requires both clear class boundaries (a large ‘NID‘) and high intra-class com-
pactness (a small ‘Avg_ID‘). Its significance is therefore best measured by its improvement over
an empirical random baseline, which must be calculated for each dataset via permutation testing
(Appendix F). As our results show, this baseline varies (e.g., 24.9 % for public sets vs. 33.7 % for
blind sets), as it is sensitive to the intrinsic geometric structure of the point cloud for each data subset.

This formulation gives GSR two key advantages over the Silhouette Score. First, by using the distance
to the single nearest inter-class neighbor (NID), GSR provides a much stricter, point-wise test of the
class boundary for every single sample. Second, this reliance on the NID makes GSR inherently
more robust to the non-convex manifold shapes common in audio, as it does not assume a coherent
"neighboring cluster." While each local score is sensitive to outliers, the final GSR metric achieves
robustness by averaging thousands of these scores across the dataset, yielding a stable, global measure
of class separability.

G COMPUTATIONAL COST AND FEASIBILITY

To address the practical feasibility of using different embeddings, we analyzed the computational
requirements for feature extraction. While large foundation models like Whisper offer the best
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performance, they are computationally intensive and best suited for post-hoc analysis in a server
or lab environment rather than real-time, resource-constrained deployment. Our analysis, shown in
Table 10, provides a guide to the trade-offs between zero-shot performance and computational cost.
The success of PCA compression on large model embeddings offers a valuable pathway to creating
smaller, more efficient representations for downstream tasks.

Table 10: Computational analysis of benchmarked models. MACs were estimated using the ‘fvcore‘
library for a 1-second, 16kHz audio input. Peak memory is for inference with batch size 1 on an
NVIDIA RTX 3090 GPU. Model names and parameter counts are verified against their official
sources.

Model Pipeline Parameters (M) MACs (G/s) Peak Memory (GB)

Large-Scale Pretrained Models
Whisper-L-v3 635.05 953.06 6.41
WavLM-Large 206.30 377.19 8.10
Wav2Vec2-Base 89.65 201.65 8.28
AudioMAE 85.25 43.71 0.38
CLAP 68.55 14.94 0.83

Smaller & Custom Models
EnCodec (24kHz) 7.43 44.73 0.50
Paper VAE (Custom) 8.73 0.79 0.19
Paper AE (Custom) 1.96 1.35 0.10

Baselines
Mel Spectrogram 0.00 0.00 Minimal

H FULL PERFORMANCE TREND VISUALIZATIONS

The main text analyzes performance trends using the top 5% of configurations for clarity (Figure 2).
This appendix provides the corresponding visualizations for broader selections of the data.

Figure 5 illustrates the performance trends for the top 50% of all evaluated feature–distance config-
urations. Each subplot shows the relationship between performance (P@1, P@5, and GSR) and a
specific structural property of the VocSim subsets.

Figure 6 presents the identical analysis but includes all (100%) of the configurations, incorporating
the full performance range from the best models down to the weakest baselines.
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Figure 5: Generalization trends for the top 50% of configurations. The patterns observed, such as the
sensitivity of P@k to class structure and the stability of GSR, are consistent with the analysis of the top 5% in
the main text, albeit with more variance due to the inclusion of less optimal configurations.

I EVALUATING CUSTOM MODELS ON VOCSIM

VocSim’s evaluation framework is designed to accommodate new audio embedding methods in three
main steps: (1) implement a compatible feature extractor, (2) register it in the VocSim configuration,
and (3) execute the existing zero-shot pipeline.

1. Define a Custom Extractor Create a class that adheres to the VocSim extractor interface:
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Figure 6: Generalization trends for all (100%) configurations. While the inclusion of all baseline and
suboptimal methods introduces significant noise and lowers the average performance, the fundamental trends
remain visible. This supports our decision to focus on the top 5% for a clearer presentation in the main text.

• It must accept as input a raw waveform (array or tensor) and its sampling rate.

• It must output either

– A fixed-length vector (1D embedding), or
– A sequence of frame/patch embeddings (2D array of shape [frames× dim]).

• Optionally, it may produce higher-dimensional structures (e.g., codebook indices, spectrogram
patches) that VocSim’s pooling routines can reduce.
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• The extractor’s constructor should handle loading any pretrained weights or model files and placing
the model on the correct device.

2. Configure VocSim to Use the Extractor In your VocSim YAML configuration:

• Add an entry under feature_extractors with

– A unique name and short_name for reporting,
– The Python import path and class name of your extractor,
– Any constructor parameters (e.g., model checkpoint path),
– A list of distance metrics to compute (e.g., cosine, euclidean).

• To define pooled or PCA-compressed variants, add additional entries that reference the base
extractor, specify pooling (e.g., mean_time, first_frame), and the target PCA dimension.

3. Run the Zero-Shot Pipeline Invoke the VocSim runner with the updated configuration, selecting
the steps you wish to execute. This will:

1. Extract features: Apply all registered extractors to each VocSim subset.

2. Compute distances: Build pairwise distance matrices for each feature–metric pair.

3. Evaluate benchmarks: Compute P@1, P@5, and GSR (and any additional benchmarks config-
ured).

4. Inspect and Share Results After completion, VocSim produces CSV/JSON summaries of all
metrics per feature and subset. Compare your custom model’s scores against existing baselines to
assess its zero-shot generalization. We encourage publishing these results on the public VocSim
leaderboard to facilitate community comparison and progress.

5. Blind-Test set Evaluation via GitHub Pull Request To include your extractor in the blind-test
evaluation, please fork the VocSim repository, add your feature-extractor implementation and updated
YAML configuration, and submit a pull request. Once we verify that your code adheres to the
interface and configuration requirements, we will run the blind test subsets on your behalf and merge
your extractor into VocSim. We will also update the Leaderboard to reflect your model’s performance.

J PRINCIPLED SCOPE AND LIMITATIONS

VocSim’s design involves deliberate, principled choices to ensure a focused and interpretable evalua-
tion. Its primary scope is to measure zero-shot content identity in single-source audio. This focus
means other important aspects of audio understanding are explicitly outside its scope.

• Polyphony and Scene Analysis: By design, VocSim does not evaluate performance on
overlapping sources. This is a deliberate choice to isolate core representation quality from
the distinct challenge of source separation.

• Abstract Semantics and Music: The benchmark focuses on classes with strong acoustic-
to-label consistency. It excludes tasks requiring high-level cultural inference (e.g., music
genre) or functional reasoning where acoustic variance within a class is extremely high.

• Metric Properties: Our metrics provide a powerful but specific view. P@k is purely local.
GSR is a strict, global, worst-case measure for each point; an embedding might have a
moderate GSR but still exhibit useful class-average separation, a property not captured by
this metric.

Unifying Content Identity via Acoustic Signatures. We acknowledge the conceptual heterogene-
ity of class labels across the aggregated subsets, which span phones, words, individual-specific animal
syllables, and environmental sound categories. This diversity is a deliberate feature of VocSim’s de-
sign, intended to test an embedding’s ability to resolve content identity under a hierarchy of real-world
invariances. The unifying principle across all tasks is the matching of a consistent spectro-temporal
profile, or acoustic signature. For a phone, this signature is highly stereotyped. For a word, the core
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signature must be identified across variations in speaker identity, prosody, and coarticulation. For
a bird syllable labeled ‘bird1_syllA‘, the task is to recognize that specific acoustic form within the
bird’s repertoire, correctly treating it as distinct from ‘bird2_syllA‘, which is acoustically unrelated
despite the shared arbitrary label. For an environmental sound like "siren," the signature must be
robust to different siren types and recording conditions. By collapsing these tasks, VocSim does not
propose a single, narrow definition of content; rather, it evaluates an embedding’s fundamental ability
to form coherent geometric clusters based on the acoustic evidence of the signal’s shape, which is the
foundational requirement for any higher-level audio understanding.

Preprocessing and Labeling Schemes details. Our preprocessing choices, such as frequency
filtering and individual-specific bird syllable labeling, are necessary interventions to ensure a fair
and meaningful evaluation. The frequency filtering applied to public speech corpora was a targeted
correction for extreme class imbalances not present in the low-resource blind sets. For instance,
public corpora like LibriSpeech contain stop words that appear orders of magnitude more frequently
than other vocabulary, and without filtering, the benchmark would devolve into a test of recognizing
a few common words. The blind sets did not exhibit this pathological imbalance and were therefore
used in their entirety.

Similarly, labeling bird syllables as unique per individual (e.g., ‘bird1_syllA‘ vs. ‘bird2_syllA‘) is a
methodological necessity. Syllable labels in ornithology are often arbitrary annotations (’A’, ’B’, ’C’)
that do not imply any acoustic similarity across different individuals. Treating them as a single class
would be scientifically invalid, as it would force a model to merge acoustically distinct vocalizations,
creating incorrect and unlearnable intra-class variance. Our approach correctly frames the task as
identifying consistent acoustic signatures within a given bird’s repertoire, a valid and challenging
form of within-category identity matching.

Standardization of Audio Sample Rate. The decision to resample all audio to 16 kHz is a prag-
matic and standard practice for evaluating general-purpose audio models. This ensures compatibility
with the majority of influential pretrained architectures, including Whisper and Wav2Vec 2.0, which
are designed for and expect this sample rate. While we acknowledge that this may discard discrimina-
tive high-frequency information for certain animal vocalizations (e.g., harmonics in birdsong above 8
kHz), this is a known trade-off in building a general-purpose benchmark. Crucially, all models are
evaluated under these identical conditions, ensuring that their relative performance remains a valid
and fair comparison of their ability to process standard-resolution audio. Our downstream validation
on mouse ultrasonic vocalizations (USVs), where we successfully employ a custom high-frequency
frontend, further demonstrates our awareness of this issue and validates that the top-performing em-
beddings are powerful feature extractors when paired with an appropriate, domain-specific frontend.

K APPLICATIONS: FURTHER DETAILS

K.1 UNSUPERVISED CLUSTERING

To understand whether embeddings naturally partition sounds by their true categories without any
label supervision, we apply a two-stage unsupervised pipeline, UMAP for dimensionality reduction
followed by HDBSCAN for clustering, and evaluate the resulting clusters against the ground-truth
labels using weighted purity.

Procedure

1. Data Preparation.
• Remove any samples lacking valid class labels.
• If using raw embeddings, replace any NaNs or infinities with finite values (e.g., global

min/max) to ensure numerical stability.
• If using a precomputed distance matrix, confirm its diagonal is zero.

2. Dimensionality Reduction (UMAP).
• Project high-dimensional features (or precomputed distances) into 2D (or another low-

dimensional space) using UMAP (McInnes et al., 2018).
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• UMAP preserves local and global structure, facilitating clustering in a compact space.
3. Clustering (HDBSCAN).

• Run HDBSCAN (McInnes & Healy, 2017) on the UMAP embedding to discover clusters
of variable shape and density.

• Parameters such as min_cluster_size ensure clusters have meaningful support;
points not belonging to any dense region are labeled as noise.

4. Weighted Purity Calculation.
• For each non-noise cluster, identify the majority true class among its members.
• Compute the cluster’s purity as the fraction of members belonging to that majority class.
• The weighted purity is the size-weighted average of these cluster purities:

Purityweighted =

∑
j |Cj | × purity(Cj)∑

j |Cj |
,

where Cj is the set of items in cluster j.

A high weighted purity (near 1) indicates that the embedding space, when clustered without labels,
aligns closely with the true class structure. Conversely, low purity suggests that same-class items
are scattered across multiple clusters or mixed with other classes, revealing weaknesses in the
embedding’s global organization. This unsupervised clustering benchmark complements local
metrics (such as P@k) by evaluating the global geometry of the embedding space.

K.2 ALIGNMENT WITH AVIAN PERCEPTUAL SIMILARITY

This benchmark tests whether zero-shot audio embeddings mirror zebra finches’ own judgments of
song-syllable similarity, using behavioral data from Zandberg et al. (2024) (Zandberg et al., 2024). In
that study, finches performed a two-alternative-forced-choice (2AFC) task, associating each probe
syllable X with one of two training sounds (A or B), and also yielded derived triplets (A,P,N)
where P was judged closer to anchor A than N . Their measurements establish an empirical ceiling
(≈80–90% accuracy) based on bird–bird consistency.

We evaluate our embeddings against the high-consistency subset of these finch judgements in two
tasks:

Probe (2AFC) Task For each trial (X,A,B) with bird decision D ∈ {A,B}:

1. Look up distances d(X,A) and d(X,B) in the precomputed distance matrix.
2. The model “chooses” the closer sound.
3. Accuracy is the fraction of trials where model choice matches D.
4. A binomial test (chance=50%) checks significance.
5. Optionally, compute Spearman’s ρ and Kendall’s τ between the signed distance difference

d(X,A)− d(X,B) and the bird’s choice encoded as +1 (chose A) or −1 (chose B).

Triplet Task For each derived triplet (A,P,N) drawn from high-consistency trials:

1. Retrieve d(A,P ) and d(A,N) from the distance matrix.
2. The model “agrees” if d(A,P ) < d(A,N).
3. Accuracy is the percentage of triplets where the inequality holds.
4. A binomial test assesses significance against 50% chance.
5. Optionally, correlate d(A,P )− d(A,N) with a constant bird-choice indicator (e.g., +1 for each

triplet) to quantify rank-order alignment.

In Zandberg et al. (2024), zebra finches themselves agree on the same similarity judgment only about
80–90% of the time, both when different birds are compared (inter-bird consistency, around 80%) and
when the same bird is retested on identical probes (intra-bird consistency, up to about 90%). These
figures set a practical “ceiling” for any model attempting to mimic avian perception:
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• An 80% model accuracy matches the average agreement level one bird’s choices have with
another’s, indicating the model performs as well as a typical zebra finch on this task.

• A 90% model accuracy approaches the repeatability of a single bird’s own judgments, and
so represents a near-maximal alignment with avian perception given the natural variability
in behavior.

Thus, a computational embedding that achieves ∼80% accuracy is within the expected range of
bird–bird agreement, while pushing toward 90% suggests the model captures nearly all of the reliably
perceived distinctions.

K.3 METHODOLOGY FOR ULTRASONIC VOCALIZATION (USV) ANALYSIS

The state-of-the-art results for the mouse USV tasks were achieved by feeding the standard Whisper
encoder model a specialized input representation suitable for high-frequency audio.

Spectrogram Generation Method. The log-Mel spectrogram was computed directly from the
original 250 kHz audio waveforms. This was accomplished by dynamically adjusting the Short-Time
Fourier Transform (STFT) parameters to be appropriate for the high sample rate, thereby preserving
the spectral information in the ultrasonic range (>20 kHz).

Implementation. In our framework, this high-frequency spectrogram generation is implemented
within the ‘WhisperSegExtractor‘. The embeddings used for the downstream classification tasks
reported in the main text were generated using this extractor.

K.4 DOWNSTREAM CLASSIFICATION: MOUSE STRAIN

To assess the practical value of our embeddings in bioacoustic applications, we predict the genetic
strain of laboratory mice from their ultrasonic vocalizations (USVs) (Van Segbroeck et al., 2017;
Goffinet et al., 2021). This task tests whether embeddings capture strain-specific acoustic cues beyond
generic similarity.

Dataset and Preprocessing We use a publicly available USV dataset in which each syllable is
labeled by mouse strain (e.g., C57 vs. DBA) and the identity of the individual mouse. Audio is
segmented into individual syllables and preprocessed as described in Appendix K.3 to generate
fixed-length embeddings (e.g., Whisper-based, VAE latents, log-Mel+PCA).

Classification Protocol To ensure a rigorous evaluation of generalization to unseen individuals and
prevent data leakage, syllables from the same mouse never appear in both training and testing sets of
a fold. We employ group-stratified 5-fold cross-validation by mouse identity. For each embedding
set, we evaluate three off-the-shelf classifiers:

• Standardize features per fold (zero mean, unit variance).
• k-Nearest Neighbors (k=3,10,30).
• Random Forest (max depth=10,15,20; balanced class weights).
• Multi-Layer Perceptron (one hidden layer, L2 regularization α ∈ {0.1, 0.01, 0.001}).

Hyperparameters are selected by grid search within each training fold.

Metrics and Baselines We report mean Top-1 and Top-5 accuracies (±standard deviation) across
folds. As baselines, we reproduce results for spectrogram+PCA and VAE latents from Goffinet et al.
(2021) under the same evaluation protocol. Higher accuracy signals that the embedding encodes
subtle spectral and temporal markers distinctive of mouse strains.

K.5 DOWNSTREAM CLASSIFICATION: MOUSE IDENTITY

We further evaluate embeddings by testing whether they capture fine-grained individual signatures in
mouse ultrasonic vocalizations (USVs). Each syllable is labeled by the emitting mouse’s identity (36
individuals), making this a challenging multi-class task that probes subtle, consistent vocal traits.
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Dataset and Preprocessing We use a publicly available USV dataset in which each syllable is
tagged with the individual mouse identity. Audio is segmented into discrete syllables and preprocessed
as described in Appendix K.3 to generate fixed-length embeddings (e.g., Whisper-based, Mel+PCA,
VAE latents).

Classification Setup

• Classifier: A Multi-Layer Perceptron (MLP) with one or two hidden layers. We sweep L2
regularization strengths (α ∈ {0.01, 0.001, 0.0001}) and hidden-layer sizes (e.g., 400 or [200,200]
neurons).

• Cross-Validation: For the closed-set task of identifying a mouse from a known set of 36 individuals,
we used 5-fold stratified cross-validation. This strategy partitions the syllables for each mouse
across the folds, ensuring that the training set in each fold contains examples from every identity,
and the test set contains held-out syllables from those same identities. This approach correctly
tests the model’s ability to learn a discriminative signature for each of the known mice and classify
new vocalizations from that same set, which is the appropriate methodology for a closed-set
identification task.

• Feature Scaling: Within each training fold, embeddings are standardized to zero mean and unit
variance; the same scaling is applied to the test fold.

Performance Metrics

• Top-1 Accuracy: Percentage of syllables correctly assigned to their true individual.
• Top-5 Accuracy: Fraction of cases where the correct identity appears among the classifier’s top five

predictions.

Baselines for Comparison We compare against the results from Goffinet et al. (2021) (Goffinet
et al., 2021), who evaluated spectrogram+PCA, MUPET, and VAE latent features under similar
MLP settings. These published accuracies serve as direct reference points. High Top-1 and Top-5
accuracies, substantially above the chance level of 1/36 ≈ 2.8%, indicate that embeddings encode
idiosyncratic vocal characteristics unique to individual mice.

L COMPUTE RESOURCES

All experiments were run on a single workstation with an NVIDIA RTX 3090 GPU (24 GB VRAM),
an AMD Ryzen 9 5950X CPU, and 128 GB DDR4 RAM. Reproducing the full pipeline end-to-end
requires roughly 6 days (≈ 144 h) of wall-clock time, broken down as: Feature extraction (≈ 72
h), Distance matrix computation (≈ 48 h), and Benchmark evaluations (P@k, GSR, clustering,
applications) (≈ 24 h).

M LIMITATIONS AND FUTURE EXTENSIONS.

VocSim excludes polyphonic mixtures by design; complementary training-free benchmarks could
target mixture-aware similarity or separation-invariant matching. Our PCA adaptation is deliberately
simple; future work may compare other label-free normalizations (e.g., whitening, ICA) under a
training-free constraint. Finally, expanding single-source coverage (e.g., isolated musical notes,
percussion) would further probe cross-mechanism generalization.

N FULL RESULTS
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Table 11: P@1 Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EWMTF D100 S 76.2 99.2 95.8 93.6 93.4 95.1 75.9 30.3 79.5 30.5 99.7 22.0 16.3 13.3 49.4 14.3 8.6 7.6 46.7 66.8 11.5
EWMTF S 65.5 99.2 92.2 89.0 93.4 95.1 75.9 15.9 78.7 20.0 99.7 22.0 16.3 13.3 15.1 14.3 8.6 7.6 46.7 61.5 11.5
EWTF D100 S 80.5 98.5 97.2 95.3 95.6 95.8 74.8 18.9 77.6 30.0 92.3 25.8 15.3 10.6 19.4 9.3 7.8 6.1 51.5 64.2 9.9
EWTF S 73.3 98.5 97.2 92.4 95.6 95.8 74.8 11.4 77.4 21.7 92.3 25.8 15.3 10.6 9.7 9.3 7.8 6.1 51.5 61.8 9.9
EMTF S 61.7 97.5 95.4 84.9 92.3 95.0 69.3 15.7 76.4 15.1 99.0 26.5 15.4 10.0 16.1 16.8 8.2 5.9 43.5 60.3 9.9
EMTF D100 S 73.2 98.5 95.4 92.9 92.3 95.0 69.3 27.7 78.2 26.7 99.0 26.5 15.4 10.0 52.5 16.8 8.2 5.9 43.5 65.8 9.9
EWT S 73.2 98.5 97.2 92.1 95.7 95.8 74.1 11.6 76.9 22.4 91.9 27.7 14.9 10.0 9.8 9.3 7.8 6.4 49.2 61.7 9.8
EWT D100 S 79.7 98.5 97.0 95.4 95.7 95.8 74.1 18.7 79.4 29.4 91.9 27.7 14.9 10.0 19.1 9.3 7.8 6.4 49.2 64.1 9.8
EWTF D100 E 78.2 99.4 96.8 95.0 95.5 95.8 73.1 15.6 80.5 29.4 88.6 23.7 13.5 11.2 17.1 7.9 7.2 5.6 47.2 62.9 9.4
EWTF E 75.0 99.4 95.7 93.5 95.5 95.8 73.1 11.7 79.5 24.4 88.6 23.7 13.5 11.2 10.2 7.9 7.2 5.6 47.2 61.4 9.4
EWTF D100 C 79.2 99.4 96.7 95.0 95.5 95.7 72.5 15.8 80.0 29.3 88.5 24.6 13.4 11.1 17.2 7.9 7.2 5.8 47.8 63.0 9.4
EWTF C 75.8 99.6 97.1 93.4 95.5 95.7 72.5 11.9 79.5 24.6 88.5 24.6 13.4 11.1 10.4 7.9 7.2 5.8 47.8 61.6 9.4
EWT D100 C 78.7 99.4 96.6 94.7 95.2 95.8 72.4 15.7 79.6 28.7 88.0 27.3 13.3 11.1 17.1 7.9 7.0 5.9 47.8 63.0 9.3
EWT C 75.3 99.4 97.1 93.3 95.2 95.7 72.4 11.8 79.8 24.1 88.0 27.3 13.3 11.1 10.3 7.9 7.0 5.9 47.8 61.7 9.3
EWT D100 E 78.2 99.4 96.8 94.8 95.3 95.8 73.1 15.3 80.2 28.7 88.1 18.1 13.2 10.9 17.0 7.9 6.8 5.8 47.4 62.4 9.2
EWT E 74.6 99.4 95.8 93.2 95.3 95.8 73.1 11.6 78.9 24.0 88.1 18.1 13.2 10.9 10.1 7.9 6.8 5.8 47.4 60.9 9.2
ETF D100 S 77.7 98.9 95.8 94.4 93.7 95.7 74.3 21.9 78.2 28.4 95.4 29.7 14.3 8.7 25.2 10.9 7.3 5.1 48.5 64.6 8.9
ETF S 69.4 98.9 95.8 89.9 93.7 95.7 74.3 15.3 76.7 20.3 95.4 29.7 14.3 8.7 11.5 10.9 7.3 5.1 48.5 61.8 8.9
ET S 68.6 98.9 91.4 94.5 93.9 95.7 74.0 14.7 76.3 20.0 95.3 29.6 14.0 9.0 11.6 10.6 7.2 5.2 48.5 61.6 8.8
ET D100 S 76.8 98.9 95.6 94.5 93.9 95.6 74.0 22.1 78.7 27.8 95.3 29.6 14.0 9.0 25.3 10.6 7.2 5.2 48.5 64.5 8.8
EWMTF D100 C 68.3 98.9 93.9 91.1 91.3 94.3 69.3 20.0 79.8 23.1 95.3 28.0 11.3 10.8 26.7 6.0 5.8 5.9 46.9 62.2 8.4
EWMTF C 64.9 98.7 94.6 88.7 91.3 94.3 69.3 14.0 79.2 18.8 95.3 28.0 11.3 10.8 13.2 6.0 5.8 5.9 46.9 60.2 8.4
EW C 64.9 99.6 97.1 88.7 91.3 93.2 69.3 14.0 79.2 18.8 95.3 28.0 11.3 10.8 13.2 6.0 5.8 5.9 46.9 60.4 8.4
EW E 65.0 99.6 94.0 88.6 91.3 93.2 67.8 13.5 78.6 18.4 95.8 17.2 11.0 10.5 12.3 6.0 5.8 5.5 45.8 59.1 8.2
EWMTF D100 E 67.8 99.2 94.0 90.9 91.3 94.1 67.8 19.7 78.6 22.6 95.8 17.2 11.0 10.5 25.9 6.0 5.8 5.5 45.8 61.1 8.2
EWMTF E 65.0 99.2 94.0 88.6 91.3 94.1 67.8 13.5 78.6 18.4 95.8 17.2 11.0 10.5 12.3 6.0 5.8 5.5 45.8 59.2 8.2
ETF D100 C 75.9 99.2 95.6 93.9 93.5 95.8 73.0 21.0 80.1 27.5 92.9 29.4 13.7 7.6 23.5 9.7 6.5 4.9 49.4 64.0 8.2
ETF C 71.6 99.2 95.6 91.1 93.5 95.8 73.0 16.8 78.3 22.1 92.9 29.4 13.7 7.6 13.6 9.7 6.5 4.9 49.4 62.1 8.2
ET C 71.1 99.2 95.4 91.0 93.3 95.8 72.5 16.6 78.4 21.9 92.8 29.2 13.7 7.6 13.6 9.5 6.4 4.7 46.9 61.8 8.1
ET D100 C 75.4 99.2 95.4 93.8 93.3 95.6 72.5 20.9 79.8 27.0 92.8 29.2 13.7 7.6 23.4 9.5 6.4 4.7 46.9 63.6 8.1
CLP D100 S 83.0 98.9 96.9 94.4 95.2 95.8 95.7 21.3 81.3 33.0 46.6 24.1 13.5 7.9 25.3 8.9 5.8 5.2 54.9 63.7 8.1
CLP S 76.1 98.9 96.9 91.2 95.2 95.9 95.7 15.9 81.6 26.0 46.6 24.1 13.5 7.9 17.8 8.9 5.8 5.2 54.9 61.7 8.1
CLP D100 C 83.0 99.4 96.4 94.5 94.2 95.7 96.5 20.0 83.6 32.7 36.2 24.1 12.3 8.9 26.0 9.3 5.5 4.9 59.2 63.4 7.9
CLP C 79.8 99.2 95.3 93.0 94.2 95.9 96.5 17.7 83.7 28.9 36.2 24.1 12.3 8.9 21.3 9.3 5.5 4.9 59.2 62.3 7.9
ETF D100 E 76.0 99.2 95.5 93.9 93.4 95.8 73.8 20.2 80.6 27.5 93.2 29.2 12.5 7.5 23.3 9.7 6.3 5.0 50.3 64.1 7.8
ETF E 71.6 99.2 96.2 91.3 93.4 95.8 73.8 16.5 76.5 22.4 93.2 29.2 12.5 7.5 13.4 9.7 6.3 5.0 50.3 62.1 7.8
ET D100 E 75.5 99.2 95.3 93.7 93.2 95.6 73.5 20.2 79.6 27.2 93.0 28.9 12.3 7.6 23.1 9.6 6.3 4.9 49.2 63.8 7.8
ET E 71.7 99.2 95.3 91.0 93.2 95.8 73.5 16.3 77.7 22.1 93.0 28.9 12.3 7.6 13.3 9.6 6.3 4.9 49.2 62.0 7.8
CLP D100 E 82.3 99.4 96.6 94.5 94.4 95.7 96.5 19.2 82.5 32.4 36.4 24.0 11.7 8.6 26.0 8.7 5.3 4.4 56.5 63.0 7.5
CLP E 79.7 99.4 96.7 93.3 94.4 95.9 96.5 17.3 82.0 28.9 36.4 24.0 11.7 8.6 21.3 8.7 5.3 4.4 56.5 62.1 7.5
EWTF D30 C 75.8 99.6 95.8 93.4 94.1 95.2 67.3 11.9 79.5 24.6 64.8 20.9 9.9 10.9 10.4 4.5 4.7 4.4 45.4 58.9 7.5
EWT D30 C 75.3 99.4 95.8 93.3 94.1 95.2 67.6 11.8 79.8 24.1 64.1 27.3 9.9 10.7 10.3 4.6 4.8 4.4 44.9 59.2 7.4
EMTF C 62.1 98.1 92.5 85.1 89.1 93.9 62.6 14.6 75.1 14.4 80.6 30.1 10.5 8.9 15.0 7.6 5.4 4.0 45.8 57.8 7.2
E C 62.1 98.1 3.4 85.1 89.1 94.7 62.6 14.6 75.1 14.4 80.6 30.1 10.5 8.9 15.0 7.6 5.4 4.0 45.8 51.9 7.2
EMTF D100 C 66.3 98.7 92.5 88.9 89.1 93.9 62.6 20.1 76.3 18.6 80.6 30.1 10.5 8.9 29.6 7.6 5.4 4.0 45.8 60.0 7.2
EWT D30 E 74.6 99.4 95.8 93.2 94.3 95.3 67.5 11.6 78.9 24.0 65.5 18.1 9.9 9.3 10.1 4.5 4.8 4.6 42.6 58.4 7.1
EWTF D30 E 75.0 99.4 95.7 93.5 94.3 95.2 67.8 11.7 79.5 24.4 66.1 19.0 10.0 9.1 10.2 4.6 4.8 4.4 43.5 58.7 7.1
EMTF E 61.5 99.2 93.6 84.8 89.7 93.7 61.6 13.8 74.0 13.8 80.5 19.3 10.1 8.9 13.8 7.9 5.2 3.9 42.0 56.6 7.0
E E 61.5 99.2 95.3 84.8 89.7 94.7 61.6 13.8 74.0 13.8 80.5 19.3 10.1 8.9 13.8 7.9 5.2 3.9 42.0 56.8 7.0
EMTF D100 E 66.4 99.2 93.0 88.9 89.7 93.7 61.6 19.9 74.2 18.0 80.5 19.3 10.1 8.9 29.3 7.9 5.2 3.9 42.0 58.9 7.0
EWTF D30 S 73.3 98.9 95.4 92.4 93.1 94.3 65.1 11.4 77.4 21.7 59.0 20.2 9.5 9.3 9.7 4.1 4.2 3.7 47.8 57.6 6.7
EWT D30 S 73.2 98.7 95.4 92.1 93.0 94.5 64.9 11.6 76.9 22.4 60.8 27.7 9.6 8.2 9.8 4.1 4.2 4.2 43.5 57.9 6.6
ET D30 C 71.1 99.2 93.2 91.0 91.0 94.8 68.1 16.6 78.4 21.9 76.7 29.2 9.5 7.7 13.6 5.2 4.5 3.5 44.4 59.6 6.3
ETF D30 C 71.6 99.2 93.2 91.1 91.3 94.8 68.8 16.8 78.3 22.1 77.2 29.4 9.6 7.7 13.6 5.4 4.4 3.4 47.4 60.0 6.3
CLP D30 C 79.8 99.2 95.3 93.0 92.7 95.5 95.8 17.7 83.7 28.9 23.7 24.1 9.7 6.9 21.3 6.9 4.6 4.0 55.3 60.9 6.3
EWMTF D30 C 64.9 98.7 92.4 88.7 89.4 93.0 63.0 14.0 79.2 18.8 85.7 28.0 7.6 8.6 13.2 3.0 3.4 4.8 44.0 58.4 6.1
ETF D30 E 71.6 99.2 93.4 91.3 91.6 95.1 68.8 16.5 76.5 22.4 77.9 29.2 9.3 7.0 13.4 5.1 4.4 3.3 44.4 59.7 6.0
EWMTF D30 S 65.5 97.7 92.6 89.0 89.0 92.3 63.7 15.9 78.7 20.0 86.1 22.0 8.5 7.6 15.1 3.5 3.6 4.2 42.9 58.3 6.0
ET D30 E 71.7 99.2 93.2 91.0 91.3 95.1 68.3 16.3 77.7 22.1 77.3 28.9 9.4 6.9 13.3 5.1 4.1 3.2 42.6 59.5 5.9
CLP D30 E 79.7 99.4 95.4 93.3 93.0 95.5 96.0 17.3 82.0 28.9 23.9 24.0 9.7 6.2 21.3 6.7 3.9 3.8 52.4 60.6 5.9
CLP D30 S 76.1 98.9 94.0 91.2 91.6 94.9 94.8 15.9 81.6 26.0 22.1 24.1 8.7 7.0 17.8 5.3 3.6 3.8 48.5 58.9 5.8
EWMTF D30 E 65.0 99.2 92.5 88.6 89.6 92.9 61.5 13.5 78.6 18.4 86.7 17.2 6.6 8.7 12.3 2.8 3.1 4.3 43.8 57.5 5.7
EMTF D30 C 62.1 98.1 90.4 85.1 86.2 92.5 56.7 14.6 75.1 14.4 60.1 30.1 8.3 7.9 15.0 3.5 3.2 3.0 43.8 55.2 5.6
ET D30 S 68.6 98.3 91.4 89.4 89.5 94.2 65.8 14.7 76.3 20.0 70.7 29.6 8.3 7.3 11.6 4.0 3.7 3.0 43.5 57.9 5.6
ETF D30 S 69.4 98.3 91.8 89.9 89.4 94.2 65.0 15.3 76.7 20.3 70.9 29.7 8.6 7.1 11.5 4.0 3.6 2.7 45.4 58.1 5.5
EMTF D30 E 61.5 98.5 90.8 84.8 86.8 92.3 56.1 13.8 74.0 13.8 60.4 19.3 8.0 7.6 13.8 3.4 3.1 3.1 40.4 54.0 5.5
EMTF D30 S 61.7 97.5 90.4 84.9 85.2 92.1 56.5 15.7 76.4 15.1 68.3 26.5 7.5 6.4 16.1 4.0 3.7 3.7 43.3 55.6 5.3
WLM S 48.8 98.9 87.8 84.0 90.0 93.2 34.4 24.1 73.0 10.9 99.4 11.3 6.8 6.9 78.3 33.7 3.0 4.4 50.1 61.2 5.3
WLM D100 S 58.2 98.9 92.3 89.1 90.0 92.1 34.4 26.3 75.7 14.8 99.4 42.0 6.8 6.9 84.5 33.7 3.0 4.4 50.1 65.4 5.3
WLM C 50.3 99.2 89.2 85.5 89.5 93.3 34.4 25.1 74.8 12.3 99.2 45.0 5.5 7.6 80.3 33.9 2.4 4.1 49.0 64.1 4.9
WLM D100 C 56.6 99.2 92.2 89.0 89.5 92.2 34.4 26.3 75.8 14.7 99.2 45.0 5.5 7.6 84.9 33.9 2.4 4.1 49.0 65.5 4.9
WLM D100 E 55.6 99.4 92.2 89.1 89.6 92.2 34.0 26.3 74.5 14.9 99.2 30.1 4.9 7.2 84.7 33.1 2.5 3.9 46.3 64.1 4.6
WLM E 49.8 99.2 89.3 85.7 89.6 93.4 34.0 24.9 74.0 12.4 99.2 30.1 4.9 7.2 80.5 33.1 2.5 3.9 46.3 62.8 4.6
M C 83.9 100.0 98.8 97.2 95.6 95.0 31.8 22.2 69.5 12.5 98.7 24.6 5.8 6.2 29.6 10.2 3.1 3.3 50.8 61.4 4.6
M E 82.4 99.8 98.9 97.2 95.9 95.1 31.4 21.3 66.9 12.4 98.5 23.5 5.1 5.8 31.2 10.5 2.5 2.9 49.2 60.9 4.1
VC C 77.1 100.0 97.5 96.1 94.7 95.6 34.5 17.8 70.8 14.4 88.1 23.7 3.9 7.0 22.3 8.2 2.2 3.2 46.7 59.2 4.1
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Table 11: (Continued) P@1 Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

VC E 76.8 100.0 97.6 95.9 94.3 95.4 35.1 17.4 67.4 14.5 81.3 19.2 4.0 6.0 21.3 7.9 2.1 3.1 48.1 58.2 3.8
AC S 80.0 100.0 98.0 93.1 93.8 94.7 34.2 12.0 69.3 15.3 98.6 21.1 4.8 5.6 15.5 5.7 2.3 1.8 35.6 57.8 3.6
WLM D30 C 50.3 99.2 89.2 85.5 86.8 90.8 30.2 25.1 74.8 12.3 94.6 45.0 3.5 5.9 80.3 27.8 1.8 3.3 45.1 62.5 3.6
M S 78.2 100.0 97.6 96.0 94.1 93.6 21.4 14.6 67.5 11.1 98.5 22.1 3.9 5.0 19.4 8.1 2.3 2.7 43.5 57.7 3.5
WLM D30 E 49.8 99.2 89.3 85.7 86.7 90.8 29.4 24.9 74.0 12.4 95.2 30.1 3.2 5.7 80.5 27.9 1.7 2.8 45.4 61.4 3.4
WLM D30 S 48.8 98.9 87.8 84.0 83.8 88.6 26.7 24.1 73.0 10.9 91.3 11.3 3.4 4.7 78.3 25.6 1.7 3.2 45.6 58.6 3.2
EF D100 C 58.7 98.5 91.3 88.3 87.7 91.8 23.8 14.8 65.9 7.3 61.4 19.1 4.1 5.1 10.1 2.1 1.2 2.1 41.0 50.8 3.1
EF C 56.1 98.3 91.3 85.1 87.7 91.8 23.8 12.5 66.8 6.9 61.4 19.1 4.1 5.1 7.2 2.1 1.2 2.1 41.0 50.1 3.1
EF S 55.6 97.5 88.4 84.3 88.2 92.3 19.1 11.6 65.2 5.8 65.0 21.7 3.1 5.1 6.7 2.6 1.5 2.5 38.8 49.5 3.0
EF D100 S 58.9 97.5 92.2 89.5 88.2 92.3 19.1 17.0 66.5 6.2 65.0 21.7 3.1 5.1 13.2 2.6 1.5 2.5 38.8 51.2 3.0
AC C 77.4 100.0 97.8 93.3 93.1 94.2 33.3 11.2 68.3 13.6 94.2 20.4 3.5 4.4 15.1 5.1 1.8 1.9 35.1 56.8 2.9
AC E 77.3 100.0 97.7 93.3 93.1 94.1 29.8 11.0 61.5 11.6 90.1 13.1 3.6 4.3 14.6 4.9 1.8 1.9 35.6 55.2 2.9
EF E 55.0 98.7 91.9 84.8 87.9 91.8 20.8 12.3 64.6 6.8 61.2 19.1 3.6 4.7 6.8 2.0 1.1 2.1 40.1 49.6 2.9
EF D100 E 57.6 98.7 91.2 88.3 87.9 91.8 20.8 14.5 64.7 7.0 61.2 19.1 3.6 4.7 9.8 2.0 1.1 2.1 40.1 50.3 2.9
EF D30 E 55.0 98.5 88.8 84.8 85.6 90.5 23.2 12.3 64.6 6.8 37.5 19.1 3.3 4.7 6.8 1.6 1.0 1.8 37.9 47.5 2.7
EF D30 S 55.6 97.5 88.4 84.3 84.3 89.9 19.4 11.6 65.2 5.8 30.7 21.7 2.7 4.8 6.7 1.6 1.2 1.8 37.2 46.7 2.6
EF D30 C 56.1 98.3 88.9 85.1 85.4 90.4 24.1 12.5 66.8 6.9 37.4 19.1 3.4 4.2 7.2 1.6 1.0 1.7 37.6 47.8 2.6
VC S 64.5 99.6 93.9 92.4 91.5 92.0 25.0 13.3 63.8 7.7 58.7 19.2 2.6 4.1 12.0 3.5 1.0 1.8 39.7 51.8 2.4
EWF S 56.0 98.9 92.8 86.1 87.9 88.8 21.0 10.0 67.1 5.4 89.9 19.3 2.3 3.7 3.9 1.4 1.2 1.8 42.4 51.4 2.3
EWF D100 S 61.1 98.9 92.8 90.5 87.9 88.8 21.0 14.4 64.3 6.0 89.9 19.3 2.3 3.7 8.1 1.4 1.2 1.8 42.4 52.4 2.3
MAE S 43.8 98.7 85.2 81.1 74.8 78.1 64.6 7.0 62.5 6.9 77.1 0.8 1.9 4.1 2.2 0.9 0.8 1.9 34.7 47.9 2.2
MAE D100 S 50.6 98.7 85.2 89.5 74.8 80.0 64.6 9.2 64.3 11.4 77.1 - 1.9 4.1 3.5 0.9 0.8 1.9 34.7 53.2 2.2
W2V D100 S 36.0 82.0 61.1 46.6 47.6 74.4 20.1 6.5 61.4 7.1 99.3 22.5 2.3 4.2 56.7 12.6 0.9 1.3 27.7 44.1 2.2
W2V S 32.8 75.5 56.7 41.4 47.6 74.2 20.1 5.2 59.2 5.5 99.3 22.5 2.3 4.2 39.7 12.6 0.9 1.3 27.7 41.3 2.2
EWF C 55.9 98.9 88.0 86.4 85.6 88.2 25.4 10.1 65.9 6.2 75.9 17.4 2.6 3.2 4.4 1.1 1.2 1.2 42.4 50.1 2.1
EWF D100 C 58.1 98.5 90.9 89.3 85.6 88.2 25.4 12.4 65.9 6.7 75.9 17.4 2.6 3.2 6.0 1.1 1.2 1.2 42.4 50.9 2.1
EWF D30 C 55.9 98.5 88.0 86.4 81.6 86.3 26.2 10.1 65.9 6.2 55.0 16.8 2.2 3.7 4.4 1.0 1.1 1.1 43.5 48.4 2.0
W2V C 33.6 78.9 56.9 42.0 45.2 74.8 20.1 5.3 61.2 5.7 99.3 24.4 1.6 4.1 42.8 11.6 1.0 1.2 26.8 41.9 2.0
W2V D100 C 35.0 81.2 59.6 44.9 45.2 74.6 20.1 6.0 62.7 7.0 99.3 24.4 1.6 4.1 55.7 11.6 1.0 1.2 26.8 43.6 2.0
EWF E 55.1 98.9 87.9 86.2 85.3 88.1 22.4 9.8 65.0 6.3 75.8 17.3 2.2 2.9 4.3 0.9 1.2 1.4 42.9 49.7 1.9
EWF D100 E 58.0 98.9 90.7 89.0 85.3 88.1 22.4 12.0 62.9 6.6 75.8 17.3 2.2 2.9 6.0 0.9 1.2 1.4 42.9 50.4 1.9
MAE E 43.5 97.0 82.7 80.9 71.0 80.9 59.3 6.6 63.3 7.3 61.5 2.5 1.7 3.7 2.3 0.8 0.8 1.4 30.4 46.0 1.9
MAE D100 E 47.7 98.1 82.7 86.7 71.0 76.8 59.3 8.0 63.4 10.3 61.5 2.5 1.7 3.7 3.1 0.8 0.8 1.4 30.4 46.8 1.9
MAE C 44.0 97.7 77.4 80.9 71.4 80.8 62.3 6.6 64.5 7.4 62.2 16.3 1.9 3.5 2.3 0.7 0.7 1.5 30.2 47.0 1.9
MAE D100 C 48.8 97.7 82.8 87.0 71.4 77.2 62.3 8.2 65.6 10.3 62.2 16.3 1.9 3.5 3.4 0.7 0.7 1.5 30.2 48.3 1.9
EWF D30 S 56.0 98.5 88.0 86.1 80.7 85.8 22.0 10.0 67.1 5.4 56.5 16.6 1.5 3.8 3.9 0.7 0.9 1.4 41.3 47.9 1.9
EWF D30 E 55.1 98.9 87.9 86.2 81.3 86.2 25.1 9.8 65.0 6.3 55.4 14.7 2.0 3.3 4.3 1.0 1.0 1.1 44.4 48.1 1.9
W2V D100 E 34.1 79.9 59.3 43.7 44.6 73.7 18.1 5.9 59.2 6.6 99.3 8.5 1.5 3.6 52.5 9.5 0.9 1.2 27.7 41.5 1.8
W2V E 33.5 78.0 56.8 40.9 44.6 73.4 18.1 5.3 58.8 5.6 99.3 8.5 1.5 3.6 41.2 9.5 0.9 1.2 27.7 40.1 1.8
W2V D30 S 32.8 75.5 56.7 41.4 40.6 68.6 18.0 5.2 59.2 5.5 99.0 22.5 1.3 3.7 39.7 7.0 0.8 1.1 27.0 39.9 1.7
W2V D30 C 33.6 78.9 56.9 42.0 41.1 70.3 18.4 5.3 61.2 5.7 99.1 24.4 1.3 3.8 42.8 8.3 0.8 1.0 27.7 41.0 1.7
MAE D30 C 44.0 96.0 77.4 80.9 62.8 66.4 58.7 6.6 64.5 7.4 37.6 16.3 1.5 3.5 2.3 0.5 0.7 1.1 27.4 43.2 1.7
MAE D30 S 43.8 95.8 77.3 81.1 61.4 66.5 56.5 7.0 62.5 6.9 37.6 - 1.3 3.8 2.2 0.5 0.6 1.1 29.7 44.9 1.7
W2V D30 E 33.5 78.0 56.8 40.9 40.2 69.7 17.2 5.3 58.8 5.6 99.1 8.5 1.5 3.3 41.2 7.7 0.8 1.0 28.6 39.4 1.6
MAE D30 E 43.5 95.6 77.4 80.9 62.8 66.2 56.8 6.6 63.3 7.3 37.1 2.5 1.4 3.4 2.3 0.6 0.6 1.1 28.3 42.1 1.6
CC E 33.8 89.6 72.7 47.6 58.6 68.1 2.7 3.9 57.4 1.6 18.7 15.1 0.8 3.8 1.8 0.2 0.6 1.0 16.8 32.6 1.5
CC S 30.4 90.7 70.0 40.7 47.5 61.2 4.2 3.6 56.5 1.9 46.4 15.1 1.0 3.3 1.7 0.2 0.4 0.9 17.5 32.5 1.4
CC C 31.4 89.0 71.9 44.8 55.1 62.2 2.8 3.4 56.2 1.4 25.6 15.1 0.7 3.2 1.9 0.2 0.4 0.7 18.6 32.0 1.3
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Table 12: P@5 Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EWMTF D100 S 68.0 96.1 94.5 91.6 90.7 93.5 62.6 24.2 68.7 19.7 60.9 8.1 10.9 9.1 35.8 7.3 5.4 5.3 38.5 57.4 7.7
EWMTF S 58.9 96.1 89.4 86.0 90.7 93.5 62.6 12.1 67.7 12.9 60.9 8.1 10.9 9.1 9.6 7.3 5.4 5.3 38.5 53.0 7.7
EMTF S 55.1 96.2 93.6 81.3 89.2 94.0 57.3 12.7 64.6 10.0 64.7 11.4 10.1 7.6 10.9 8.3 5.1 4.3 38.1 52.5 6.8
EMTF D100 S 65.8 96.2 93.6 90.9 89.2 94.0 57.3 23.4 67.0 16.8 64.7 11.4 10.1 7.6 37.8 8.3 5.1 4.3 38.1 57.0 6.8
EWTF S 66.6 98.0 96.1 90.3 94.3 95.1 59.7 9.0 66.0 13.5 20.0 10.6 9.8 7.6 5.5 4.5 4.8 4.1 39.0 51.2 6.6
EWTF D100 S 73.2 98.0 96.1 93.9 94.3 95.1 59.7 14.6 67.3 17.7 20.0 10.6 9.8 7.6 10.5 4.5 4.8 4.1 39.0 53.0 6.6
EWT D100 S 72.7 97.5 96.1 93.8 94.2 95.0 60.0 14.4 66.8 17.4 19.8 11.4 9.7 7.3 10.4 4.5 4.7 4.0 38.0 52.8 6.4
EWT S 66.5 97.5 96.1 90.0 94.2 95.1 60.0 9.2 66.2 13.6 19.8 11.4 9.7 7.3 5.5 4.5 4.7 4.0 38.0 51.2 6.4
EWTF D100 C 71.9 99.1 95.3 93.2 93.6 95.0 58.7 11.7 69.0 17.2 19.2 9.7 8.7 7.1 9.0 3.6 4.1 3.8 39.3 52.4 5.9
EWTF C 69.0 98.9 95.7 91.3 93.6 95.0 58.7 9.0 67.8 14.7 19.2 9.7 8.7 7.1 5.7 3.6 4.1 3.8 39.3 51.4 5.9
ETF S 61.8 97.1 94.4 87.6 91.6 94.8 61.1 12.3 64.5 12.5 22.2 12.9 8.9 6.6 7.3 5.0 4.3 3.7 38.8 50.9 5.9
ETF D100 S 69.9 97.1 94.4 92.8 91.6 94.8 61.1 17.9 66.9 17.0 22.2 12.9 8.9 6.6 15.5 5.0 4.3 3.7 38.8 53.2 5.9
EWT C 68.7 98.8 95.7 91.1 93.5 95.0 58.5 9.0 67.6 14.5 19.1 11.2 8.5 6.9 5.6 3.6 4.1 3.8 38.0 51.3 5.8
EWT D100 C 71.7 99.1 95.2 93.0 93.5 95.0 58.5 11.6 69.0 17.0 19.1 11.2 8.5 6.9 9.0 3.6 4.1 3.8 38.0 52.3 5.8
ET D100 S 69.0 96.7 94.1 92.6 91.1 94.7 60.6 17.9 65.9 16.7 22.0 12.9 8.8 6.3 15.3 5.0 4.4 3.7 37.9 52.8 5.8
ET S 61.8 97.1 89.4 92.6 91.1 94.8 60.6 12.2 64.6 12.3 22.0 12.9 8.8 6.3 7.3 5.0 4.4 3.7 37.9 50.8 5.8
EWTF D100 E 70.9 98.9 95.4 93.1 93.8 95.1 58.6 11.3 69.5 17.3 19.2 9.5 8.4 7.2 9.1 3.5 3.9 3.7 37.9 52.2 5.8
EWTF E 68.4 99.0 94.4 91.3 93.8 95.1 58.6 9.0 67.8 14.8 19.2 9.5 8.4 7.2 5.6 3.5 3.9 3.7 37.9 51.2 5.8
EWT D100 E 70.7 98.8 95.3 92.9 93.7 95.0 58.4 11.2 69.3 17.0 19.2 9.1 8.2 7.2 9.0 3.5 4.0 3.6 37.1 52.0 5.7
EWT E 68.3 99.0 94.3 91.2 93.7 95.1 58.4 8.9 67.6 14.6 19.2 9.1 8.2 7.2 5.6 3.5 4.0 3.6 37.1 51.0 5.7
ETF C 65.1 98.9 93.8 89.3 90.4 94.8 59.7 13.1 66.6 13.5 21.0 12.8 8.4 6.5 8.2 4.4 3.9 3.5 41.3 51.5 5.6
ETF D100 C 68.7 99.2 93.8 92.0 90.4 94.8 59.7 16.5 68.3 16.3 21.0 12.8 8.4 6.5 13.6 4.4 3.9 3.5 41.3 52.9 5.6
ET D100 C 68.2 99.1 93.6 91.7 90.1 94.8 59.4 16.4 67.9 16.0 20.9 12.6 8.3 6.2 13.4 4.4 3.9 3.5 40.3 52.6 5.5
ET C 64.4 99.1 93.6 89.0 90.1 94.8 59.4 13.0 66.8 13.2 20.9 12.6 8.3 6.2 8.1 4.4 3.9 3.5 40.3 51.3 5.5
EW C 58.7 98.6 95.7 85.6 87.2 90.3 55.8 10.5 66.5 11.8 36.1 11.8 7.1 7.3 8.0 2.8 3.5 3.8 33.2 50.2 5.4
EWMTF C 58.7 97.5 92.1 85.6 87.2 92.1 55.8 10.5 66.5 11.8 36.1 11.8 7.1 7.3 8.0 2.8 3.5 3.8 33.2 50.0 5.4
EWMTF D100 C 61.0 97.5 91.4 87.9 87.2 92.1 55.8 14.7 67.1 14.3 36.1 11.8 7.1 7.3 15.5 2.8 3.5 3.8 33.2 51.2 5.4
ETF D100 E 68.1 98.9 94.0 91.9 90.7 95.0 59.4 16.0 69.4 16.3 20.9 12.6 8.0 6.5 13.4 4.4 3.7 3.4 40.5 52.8 5.4
ETF E 64.3 98.9 94.4 89.4 90.7 95.0 59.4 12.8 66.3 13.5 20.9 12.6 8.0 6.5 7.8 4.4 3.7 3.4 40.5 51.4 5.4
ET E 63.9 98.9 93.8 89.1 90.3 95.0 58.7 12.7 66.8 13.3 20.8 12.4 7.9 6.3 7.8 4.3 3.7 3.4 39.3 51.1 5.3
ET D100 E 67.6 98.8 93.8 91.7 90.3 95.0 58.7 15.9 68.9 16.1 20.8 12.4 7.9 6.3 13.3 4.3 3.7 3.4 39.3 52.5 5.3
CLP D100 C 75.4 99.1 95.4 92.9 91.9 94.8 93.7 16.6 73.4 20.5 12.2 9.7 7.9 6.4 16.4 4.6 3.4 3.3 47.4 56.3 5.3
CLP C 72.5 98.9 94.2 91.5 91.9 94.8 93.7 15.2 73.0 18.4 12.2 9.7 7.9 6.4 14.3 4.6 3.4 3.3 47.4 55.5 5.3
CLP D100 S 75.7 96.8 95.6 93.2 93.0 94.7 92.7 17.0 69.3 20.5 14.2 9.6 7.8 6.2 15.8 4.7 3.5 3.4 41.7 55.6 5.2
CLP S 69.0 98.1 95.6 89.5 93.0 94.8 92.7 14.0 70.0 16.6 14.2 9.6 7.8 6.2 11.9 4.7 3.5 3.4 41.7 54.4 5.2
EWMTF E 58.0 97.7 91.5 85.3 87.4 91.8 55.2 10.2 68.2 11.5 37.2 9.3 6.5 7.1 7.4 2.7 3.4 3.6 32.4 49.7 5.2
EWMTF D100 E 60.4 97.7 91.5 87.6 87.4 91.8 55.2 14.1 68.2 14.0 37.2 9.3 6.5 7.1 14.8 2.7 3.4 3.6 32.4 50.9 5.2
EW E 58.0 98.6 91.5 85.3 87.4 90.3 55.2 10.2 68.2 11.5 37.2 9.3 6.5 7.1 7.4 2.7 3.4 3.6 32.4 49.7 5.2
CLP E 72.5 99.2 95.4 91.6 91.9 94.8 93.4 14.8 72.1 18.4 12.2 9.7 7.3 6.2 14.0 4.4 3.2 3.0 47.1 55.4 4.9
CLP D100 E 75.0 99.2 95.3 93.0 91.9 94.8 93.4 16.1 73.1 20.1 12.2 9.7 7.3 6.2 16.2 4.4 3.2 3.0 47.1 56.1 4.9
EWTF D30 C 69.0 99.2 94.3 91.3 91.8 94.4 53.9 9.0 67.8 14.7 16.6 7.4 6.6 6.2 5.7 2.2 3.0 3.2 37.6 50.3 4.8
EWT D30 C 68.7 99.1 94.2 91.1 91.5 94.3 53.5 9.0 67.6 14.5 16.5 11.2 6.6 6.2 5.6 2.2 3.0 3.2 36.6 50.4 4.7
EWTF D30 E 68.4 99.0 94.4 91.3 92.2 94.5 53.6 9.0 67.8 14.8 16.8 7.0 6.4 6.4 5.6 2.2 2.9 3.1 37.3 50.2 4.7
EWTF D30 S 66.6 98.6 94.0 90.3 90.7 93.6 52.0 9.0 66.0 13.5 15.9 7.0 6.5 6.4 5.5 2.2 2.9 3.1 37.2 49.5 4.7
EMTF D100 C 57.2 97.2 89.8 85.0 84.8 92.5 48.8 15.6 63.8 11.1 33.4 13.6 6.9 6.0 18.1 3.6 3.1 2.9 35.3 50.0 4.7
E C 53.3 97.0 0.7 80.7 84.8 93.0 48.8 11.5 63.1 8.9 33.4 13.6 6.9 6.0 9.6 3.6 3.1 2.9 35.3 42.5 4.7
EMTF C 53.3 97.0 89.8 80.7 84.8 92.5 48.8 11.5 63.1 8.9 33.4 13.6 6.9 6.0 9.6 3.6 3.1 2.9 35.3 48.4 4.7
EWT D30 S 66.5 98.4 94.1 90.0 90.2 93.5 52.0 9.2 66.2 13.6 16.1 11.4 6.4 6.4 5.5 2.2 2.8 3.2 36.2 49.7 4.7
EWT D30 E 68.3 98.7 94.3 91.2 92.0 94.5 53.4 8.9 67.6 14.6 16.7 9.1 6.3 6.4 5.6 2.1 2.9 3.1 36.6 50.2 4.7
CLP D30 C 72.5 98.9 94.2 91.5 89.9 94.4 93.2 15.2 73.0 18.4 9.3 9.7 6.9 5.8 14.3 3.9 2.8 2.8 46.5 55.0 4.6
EMTF D100 E 56.3 97.4 90.2 85.2 85.1 92.4 48.0 15.2 64.6 10.9 33.7 10.7 6.7 5.6 17.9 3.5 2.8 2.7 34.6 49.7 4.5
E E 53.0 97.4 93.8 80.7 85.1 92.9 48.0 11.1 63.4 8.5 33.7 10.7 6.7 5.6 9.0 3.5 2.8 2.7 34.6 48.4 4.5
EMTF E 53.0 97.4 90.9 80.7 85.1 92.4 48.0 11.1 63.4 8.5 33.7 10.7 6.7 5.6 9.0 3.5 2.8 2.7 34.6 48.1 4.5
CLP D30 E 72.5 99.2 94.2 91.6 90.1 94.4 93.0 14.8 72.1 18.4 9.4 9.7 6.2 5.7 14.0 3.6 2.8 2.6 45.9 54.9 4.3
ET D30 C 64.4 99.1 91.3 89.0 87.6 94.0 54.5 13.0 66.8 13.2 18.4 12.6 6.5 5.3 8.1 2.6 2.7 2.7 38.7 50.2 4.3
ETF D30 C 65.1 99.2 91.6 89.3 87.9 94.0 55.0 13.1 66.6 13.5 18.5 12.8 6.5 5.2 8.2 2.6 2.7 2.8 39.7 50.5 4.3
EWMTF D30 C 58.7 97.5 89.6 85.6 85.1 90.5 51.2 10.5 66.5 11.8 25.1 11.8 5.4 6.3 8.0 1.6 2.3 3.1 32.7 48.4 4.3
EWMTF D30 S 58.9 96.3 90.3 86.0 84.7 90.3 52.7 12.1 67.7 12.9 26.4 8.1 5.7 5.9 9.6 2.0 2.3 3.1 33.3 48.8 4.2
EWMTF D30 E 58.0 97.8 89.6 85.3 85.3 90.0 50.3 10.2 67.6 11.5 25.7 9.3 4.9 6.4 7.4 1.5 2.3 3.0 31.6 48.1 4.1
ET D30 E 63.9 98.8 91.4 89.1 88.0 94.1 54.3 12.7 66.8 13.3 18.6 12.4 6.0 5.1 7.8 2.5 2.6 2.6 39.1 50.2 4.1
ETF D30 E 64.3 98.8 91.6 89.4 88.2 94.1 54.8 12.8 66.3 13.5 18.6 12.6 5.9 5.1 7.8 2.5 2.6 2.6 39.3 50.3 4.1
CLP D30 S 69.0 98.1 92.4 89.5 88.7 93.8 92.0 14.0 70.0 16.6 8.6 9.6 5.9 5.1 11.9 3.1 2.5 2.8 41.0 53.2 4.1
EMTF D30 S 55.1 96.2 88.2 81.3 81.0 90.6 44.7 12.7 64.6 10.0 25.2 11.4 5.5 5.6 10.9 2.3 2.2 2.6 34.8 47.3 4.0
ET D30 S 61.8 97.8 89.4 87.3 85.9 93.2 52.2 12.2 64.6 12.3 17.7 12.9 5.8 5.0 7.3 2.3 2.6 2.5 36.6 48.9 4.0
ETF D30 S 61.8 97.7 89.8 87.6 86.2 93.4 52.0 12.3 64.5 12.5 17.7 12.9 5.7 5.0 7.3 2.2 2.5 2.5 37.5 49.0 3.9
EMTF D30 C 53.3 97.0 87.5 80.7 81.9 90.7 44.0 11.5 63.1 8.9 21.0 13.6 5.4 5.3 9.6 2.0 2.1 2.3 34.1 46.6 3.8
WLM S 43.7 97.8 86.2 81.5 86.4 90.7 25.9 21.1 58.8 7.2 37.0 9.3 4.2 5.3 62.7 18.7 1.9 2.9 34.2 50.8 3.6
WLM D100 S 50.4 97.1 90.5 87.0 86.4 90.4 25.9 23.1 62.3 9.3 37.0 22.6 4.2 5.3 69.7 18.7 1.9 2.9 34.2 53.6 3.6
EMTF D30 E 53.0 97.5 87.8 80.7 81.9 90.6 43.3 11.1 63.4 8.5 21.0 10.7 5.2 4.8 9.0 1.9 2.0 2.1 33.3 46.2 3.5
WLM C 44.9 98.6 87.5 83.0 85.6 91.3 26.2 21.5 60.1 8.0 30.9 25.9 3.5 5.2 64.5 18.2 1.6 2.7 37.6 52.3 3.2
WLM D100 C 49.5 98.5 90.5 86.6 85.6 90.2 26.2 22.8 61.7 9.2 30.9 25.9 3.5 5.2 69.9 18.2 1.6 2.7 37.6 53.5 3.2
WLM E 45.1 98.5 87.5 83.1 85.5 91.2 24.7 21.4 59.6 8.0 30.3 20.2 3.2 5.1 64.2 17.5 1.6 2.6 34.7 51.4 3.1
WLM D100 E 49.1 98.5 90.4 86.6 85.5 90.2 24.7 22.7 62.0 9.0 30.3 20.2 3.2 5.1 69.3 17.5 1.6 2.6 34.7 52.7 3.1
M C 77.0 99.9 98.2 96.4 94.2 93.1 22.8 17.1 56.2 7.2 23.5 9.0 3.4 5.0 17.9 4.7 1.8 2.2 37.5 50.3 3.1
VC C 70.7 99.9 97.0 95.3 93.5 94.6 24.8 15.0 56.8 9.2 20.8 9.4 3.2 4.9 15.3 4.5 1.6 2.2 39.0 49.7 3.0
VC E 70.2 99.8 96.9 95.2 93.4 94.3 26.5 14.8 56.7 9.2 19.6 8.5 3.3 4.6 14.4 4.5 1.5 1.9 38.0 49.5 2.8
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Table 12: (Continued) P@5 Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

WLM D30 C 44.9 98.6 87.5 83.0 82.8 88.2 23.3 21.5 60.1 8.0 22.9 25.9 2.8 4.8 64.5 14.7 1.3 2.3 37.2 50.9 2.8
WLM D30 E 45.1 98.5 87.5 83.1 82.8 88.3 22.9 21.4 59.6 8.0 22.8 20.2 2.7 4.6 64.2 14.5 1.2 2.2 36.1 50.3 2.7
M S 70.7 100.0 96.7 94.8 92.2 91.2 15.0 11.3 53.6 6.3 22.8 7.7 2.7 4.3 11.1 3.8 1.5 2.0 33.0 47.3 2.6
M E 75.5 99.7 98.2 96.4 94.4 93.2 22.1 17.1 55.1 6.9 24.3 8.7 2.6 4.5 18.8 4.7 1.5 1.9 36.9 50.1 2.6
WLM D30 S 43.7 97.8 86.2 81.5 80.3 86.7 21.0 21.1 58.8 7.2 22.7 9.3 2.6 4.0 62.7 13.7 1.2 2.3 35.6 48.6 2.5
EF D100 C 50.8 97.8 88.9 85.0 83.7 89.1 18.4 11.8 53.7 4.6 16.4 6.0 2.6 4.2 6.5 1.2 1.0 1.8 34.6 43.2 2.4
EF C 48.6 97.5 88.9 81.3 83.7 89.1 18.4 10.1 53.1 4.6 16.4 6.0 2.6 4.2 5.0 1.2 1.0 1.8 34.6 42.6 2.4
AC S 71.7 100.0 97.2 92.1 92.1 93.5 22.5 9.5 56.7 9.3 21.4 7.3 2.8 3.9 9.5 2.7 1.4 1.5 29.2 47.6 2.4
EF E 48.3 98.4 89.5 80.9 83.7 88.9 17.2 9.9 52.9 4.5 16.2 6.1 2.6 4.1 4.7 1.2 0.9 1.7 32.8 42.4 2.3
EF D100 E 50.0 98.4 88.7 84.6 83.7 88.9 17.2 11.6 53.7 4.6 16.2 6.1 2.6 4.1 6.1 1.2 0.9 1.7 32.8 42.9 2.3
EF D30 E 48.3 97.8 86.4 80.9 81.1 87.3 18.2 9.9 52.9 4.5 11.7 6.1 2.5 4.0 4.7 1.0 0.7 1.7 32.0 41.5 2.2
EF D100 S 51.8 95.9 89.6 87.0 84.5 89.7 14.7 13.8 52.1 4.3 17.0 7.8 2.4 3.9 8.6 1.4 0.9 1.8 31.3 43.3 2.2
EF S 48.2 97.4 86.2 80.6 84.5 89.7 14.7 9.9 52.4 4.3 17.0 7.8 2.4 3.9 4.8 1.4 0.9 1.8 31.3 42.0 2.2
EF D30 C 48.6 97.5 86.5 81.3 81.1 87.2 18.7 10.1 53.1 4.6 11.7 6.0 2.6 3.9 5.0 1.1 0.8 1.6 33.7 41.8 2.2
EF D30 S 48.2 97.4 86.2 80.6 79.9 87.1 15.3 9.9 52.4 4.3 10.1 7.8 1.9 3.9 4.8 1.1 0.9 1.6 32.6 41.2 2.1
VC S 57.2 99.0 91.5 89.7 88.8 88.8 17.2 11.3 51.4 5.2 14.8 6.4 2.2 3.7 8.1 2.0 0.8 1.5 30.5 44.1 2.1
AC C 69.0 99.1 96.9 91.9 91.6 92.7 22.1 9.1 54.4 8.0 20.7 6.8 2.3 3.6 8.9 2.4 1.0 1.4 25.3 46.6 2.1
EWF C 48.9 97.9 84.6 82.4 79.2 83.2 19.5 8.1 51.5 4.1 18.5 5.0 2.3 3.4 2.9 0.7 0.9 1.4 34.8 41.4 2.0
EWF D100 C 50.7 97.8 87.8 85.5 79.2 83.2 19.5 9.1 51.3 4.3 18.5 5.0 2.3 3.4 3.7 0.7 0.9 1.4 34.8 42.1 2.0
AC E 68.1 99.1 96.9 91.7 91.5 92.5 19.3 9.0 52.3 6.9 19.9 5.2 2.1 3.5 8.7 2.4 1.0 1.3 24.9 45.9 2.0
EWF D100 S 51.9 95.6 90.7 87.4 82.8 84.1 17.5 11.5 51.2 3.7 20.5 6.4 1.8 3.5 5.1 0.8 0.8 1.6 32.9 42.8 1.9
EWF S 48.1 95.6 90.7 82.3 82.8 84.1 17.5 8.2 50.6 3.7 20.5 6.4 1.8 3.5 3.0 0.8 0.8 1.6 32.9 41.8 1.9
EWF E 48.3 98.0 84.5 82.2 79.0 82.9 17.6 8.1 51.7 4.1 18.4 5.0 2.1 3.3 2.8 0.7 0.9 1.4 33.7 41.1 1.9
EWF D100 E 50.0 98.0 87.7 85.4 79.0 82.9 17.6 9.1 51.3 4.2 18.4 5.0 2.1 3.3 3.5 0.7 0.9 1.4 33.7 41.8 1.9
EWF D30 S 48.1 97.2 84.9 82.3 73.7 81.3 17.2 8.2 50.6 3.7 15.3 4.6 1.8 3.4 3.0 0.6 0.8 1.4 32.9 40.2 1.9
EWF D30 E 48.3 97.9 84.5 82.2 74.0 81.2 19.0 8.1 51.7 4.1 14.7 4.2 1.9 3.3 2.8 0.6 0.8 1.4 32.8 40.4 1.8
EWF D30 C 48.9 97.8 84.6 82.4 74.5 81.6 20.0 8.1 51.5 4.1 14.6 4.6 2.0 3.3 2.9 0.6 0.8 1.3 33.3 40.6 1.8
W2V C 28.7 77.2 53.7 37.4 38.4 68.4 14.5 4.7 47.3 4.1 32.2 9.2 1.5 3.7 29.6 5.9 0.7 1.2 24.2 31.7 1.8
W2V D100 C 29.7 77.8 55.9 39.9 38.4 68.8 14.5 5.1 48.5 4.5 32.2 9.2 1.5 3.7 40.0 5.9 0.7 1.2 24.2 33.0 1.8
W2V S 28.6 75.4 53.4 37.2 40.8 68.4 15.0 4.7 46.7 3.7 34.8 7.8 1.8 3.0 27.0 6.7 0.8 1.2 23.8 31.6 1.7
W2V D100 S 30.4 76.2 57.5 41.6 40.8 69.7 15.0 5.6 48.8 4.4 34.8 7.8 1.8 3.0 41.3 6.7 0.8 1.2 23.8 33.6 1.7
W2V E 28.2 76.8 53.4 36.9 37.9 67.1 12.6 4.5 46.4 3.9 31.5 4.7 1.3 3.6 27.8 4.8 0.7 1.1 23.1 30.6 1.7
W2V D100 E 29.5 77.5 55.5 38.9 37.9 67.8 12.6 4.9 46.5 4.3 31.5 4.7 1.3 3.6 36.7 4.8 0.7 1.1 23.1 31.8 1.7
W2V D30 S 28.6 75.4 53.4 37.2 35.3 64.1 12.9 4.7 46.7 3.7 27.5 7.8 1.4 3.5 27.0 4.0 0.6 1.0 24.6 30.2 1.6
W2V D30 C 28.7 77.2 53.7 37.4 35.3 64.9 14.0 4.7 47.3 4.1 28.2 9.2 1.4 3.4 29.6 4.3 0.7 1.1 24.2 30.8 1.6
W2V D30 E 28.2 76.8 53.4 36.9 34.5 64.4 13.4 4.5 46.4 3.9 28.1 4.7 1.3 3.4 27.8 3.9 0.7 1.0 23.2 30.0 1.6
MAE D100 S 45.0 95.6 81.5 86.4 67.7 73.1 49.2 7.8 50.8 7.1 18.5 - 1.2 3.2 2.7 0.6 0.6 1.3 26.4 43.7 1.6
MAE S 38.8 95.6 81.5 76.2 67.7 68.7 49.2 6.2 49.1 4.6 18.5 0.8 1.2 3.2 1.8 0.6 0.6 1.3 26.4 39.0 1.6
MAE D100 C 41.7 93.9 78.9 82.6 64.6 68.9 48.1 7.1 50.9 6.1 15.0 4.3 1.3 3.4 2.4 0.5 0.6 1.1 24.0 39.3 1.6
MAE C 38.5 93.9 72.6 75.3 64.6 72.3 48.1 6.1 50.0 4.6 15.0 4.3 1.3 3.4 1.8 0.5 0.6 1.1 24.0 38.1 1.6
MAE E 38.0 93.8 78.7 75.0 64.3 72.4 44.2 6.1 49.5 4.6 14.9 1.5 1.4 3.2 1.7 0.5 0.6 1.1 23.8 37.9 1.6
MAE D100 E 41.0 93.7 78.7 82.3 64.3 68.5 44.2 7.1 50.6 5.9 14.9 1.5 1.4 3.2 2.3 0.5 0.6 1.1 23.8 38.6 1.6
MAE D30 S 38.8 92.6 73.1 76.2 56.1 58.6 42.5 6.2 49.1 4.6 10.8 - 1.2 3.0 1.8 0.4 0.5 1.1 23.0 38.1 1.4
MAE D30 C 38.5 92.3 72.6 75.3 56.2 57.6 44.4 6.1 50.0 4.6 10.3 4.3 1.2 3.1 1.8 0.4 0.5 0.9 22.7 35.8 1.4
MAE D30 E 38.0 92.5 72.4 75.0 56.1 57.2 42.9 6.1 49.5 4.6 10.2 1.5 1.3 2.9 1.7 0.4 0.5 0.9 21.6 35.3 1.4
CC E 30.6 85.8 68.9 42.4 51.2 60.6 3.6 3.5 44.9 1.4 6.4 3.4 0.8 3.0 1.6 0.2 0.5 0.9 14.4 27.9 1.3
CC C 28.3 85.0 68.5 40.0 47.5 54.7 3.6 3.4 45.3 1.1 8.2 3.4 0.8 2.9 1.5 0.2 0.4 0.8 14.6 27.0 1.2
CC S 27.2 89.0 67.8 38.3 42.2 50.6 3.8 3.3 42.5 1.4 12.9 3.4 0.9 2.8 1.5 0.2 0.5 0.7 14.1 26.5 1.2
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Table 13: GSR Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EWMTF D100 S 39.3 53.7 43.5 42.5 45.1 43.4 41.5 36.4 39.5 36.8 37.8 43.3 40.3 39.9 40.4 40.5 38.9 38.4 42.3 41.7 39.4
EWMTF S 36.5 53.3 44.5 39.7 45.1 43.4 41.5 32.0 35.7 32.5 37.8 43.3 40.3 39.9 34.8 40.5 38.9 38.4 42.3 40.2 39.4
ET E 36.5 53.3 43.3 39.6 44.9 43.3 41.4 32.1 35.9 32.5 37.7 43.2 40.3 39.9 34.8 40.5 38.9 38.4 42.3 40.1 39.3
ET D100 E 39.3 53.5 43.3 42.4 44.9 43.3 41.4 36.4 39.5 36.7 37.7 43.2 40.3 39.9 40.4 40.5 38.9 38.4 42.3 41.7 39.3
M E 41.0 58.6 50.8 47.1 47.9 39.3 36.6 31.9 32.0 34.4 39.4 35.4 40.3 39.3 38.4 38.3 39.4 38.3 39.1 40.7 39.3
CLP D100 E 38.7 54.6 45.1 43.9 44.8 39.9 51.1 35.0 38.9 36.6 33.9 38.2 39.6 39.1 39.2 38.8 38.2 37.4 42.8 41.4 38.6
CLP E 36.0 54.4 45.3 42.1 44.8 40.3 51.1 31.8 36.0 33.2 33.9 38.2 39.6 39.1 36.3 38.8 38.2 37.4 42.8 40.3 38.6
EWTF D100 E 38.3 56.3 44.5 43.2 46.1 41.7 41.4 32.9 38.7 35.9 34.5 38.4 39.8 38.8 37.1 38.7 38.4 37.2 41.6 40.6 38.6
EWTF E 35.8 57.5 43.1 41.0 46.1 41.7 41.4 28.5 35.3 31.7 34.5 38.4 39.8 38.8 31.3 38.7 38.4 37.2 41.6 39.1 38.6
EWT D100 E 38.2 56.0 44.4 43.0 45.9 41.7 41.4 32.9 38.8 35.8 34.4 41.7 39.8 38.8 37.1 38.6 38.3 37.1 41.5 40.8 38.5
EWT E 35.8 57.5 43.0 40.8 45.9 41.7 41.4 28.5 35.4 31.6 34.4 41.7 39.8 38.8 31.3 38.6 38.3 37.1 41.5 39.3 38.5
EMTF S 24.7 42.5 40.4 28.9 42.5 40.1 39.0 19.7 26.2 20.2 46.9 33.6 37.7 37.4 25.3 37.5 35.1 35.0 40.2 33.8 36.3
EMTF D100 S 36.0 44.7 40.4 39.7 42.5 40.1 39.0 31.6 36.8 32.4 46.9 33.6 37.7 37.4 40.3 37.5 35.1 35.0 40.2 38.8 36.3
CLP S 27.3 45.6 41.8 34.2 44.0 30.7 50.2 21.2 28.7 21.6 30.6 27.8 37.3 37.5 25.5 35.8 35.2 34.8 41.5 33.8 36.2
CLP D100 S 37.1 45.3 41.8 41.3 44.0 38.7 50.2 32.2 38.3 31.9 30.6 27.8 37.3 37.5 35.6 35.8 35.2 34.8 41.5 38.1 36.2
ETF E 24.3 45.7 28.5 29.8 42.1 39.7 38.8 18.5 26.3 20.3 46.3 27.7 37.2 37.3 23.6 36.3 34.7 34.4 40.2 32.5 35.9
ETF D100 E 35.3 45.7 40.0 39.8 42.1 39.7 38.8 31.0 36.7 31.6 46.3 27.7 37.2 37.3 39.5 36.3 34.7 34.4 40.2 38.1 35.9
WLM D100 E 26.2 53.5 42.8 34.4 37.0 35.0 37.0 24.1 33.6 33.7 40.2 40.8 36.5 37.0 41.9 37.6 34.7 35.0 37.5 37.0 35.8
WLM E 20.4 53.0 39.2 29.4 37.0 40.6 37.0 19.7 29.4 27.3 40.2 40.8 36.5 37.0 38.2 37.6 34.7 35.0 37.5 35.2 35.8
EMTF D100 E 33.1 49.0 39.5 37.3 40.9 36.3 37.1 31.6 32.6 30.4 39.0 38.0 36.6 36.1 38.4 36.6 35.2 34.2 38.0 37.2 35.5
EMTF E 30.3 49.0 40.6 34.5 40.9 36.3 37.1 27.6 29.6 26.7 39.0 38.0 36.6 36.1 33.3 36.6 35.2 34.2 38.0 35.8 35.5
E E 30.3 49.0 43.3 34.5 40.9 44.3 37.1 27.6 29.6 26.7 39.0 38.0 36.6 36.1 33.3 36.6 35.2 34.2 38.0 36.5 35.5
ETF S 27.4 45.4 40.9 31.9 43.7 40.7 38.5 20.8 26.9 21.0 33.2 38.2 36.7 36.6 23.4 36.1 34.6 34.1 40.6 33.9 35.5
ETF D100 S 36.7 45.4 40.9 40.6 43.7 40.7 38.5 31.7 37.0 31.4 33.2 38.2 36.7 36.6 35.6 36.1 34.6 34.1 40.6 38.0 35.5
ET S 27.4 45.4 33.9 40.6 43.4 40.5 38.4 20.8 27.0 20.9 33.1 37.4 36.7 36.6 23.3 36.1 34.6 34.0 40.4 33.9 35.5
ET D100 S 36.8 45.4 40.7 40.6 43.4 40.5 38.4 31.7 37.1 31.4 33.1 37.4 36.7 36.6 35.6 36.1 34.6 34.0 40.4 37.9 35.5
CLP D30 E 36.0 55.5 43.7 42.1 43.0 37.7 51.0 31.8 36.0 33.2 30.1 38.2 36.5 35.9 36.3 35.8 34.7 33.9 40.9 39.4 35.2
EWMTF E 31.4 54.2 37.5 35.0 40.8 35.0 37.1 23.3 31.8 27.1 40.8 34.8 36.3 35.8 28.1 32.0 34.9 33.9 38.0 35.1 35.2
EWMTF D100 E 33.7 54.2 37.5 37.3 40.8 35.0 37.1 27.2 31.8 30.7 40.8 34.8 36.3 35.8 33.4 32.0 34.9 33.9 38.0 36.3 35.2
EW E 31.4 55.9 37.5 35.0 40.8 35.0 37.1 23.3 31.8 27.1 40.8 34.8 36.3 35.8 28.1 32.0 34.9 33.9 38.0 35.2 35.2
ETF D30 E 36.5 54.7 41.2 39.7 43.0 41.3 38.8 32.0 35.7 32.5 32.2 43.3 36.1 36.2 34.8 35.6 34.3 34.2 39.9 38.7 35.2
ET D30 E 36.5 54.4 41.0 39.6 42.8 41.2 38.7 32.1 35.9 32.5 32.1 43.2 36.1 36.2 34.8 35.6 34.3 34.2 39.8 38.7 35.2
EF E 28.0 51.8 42.3 35.2 42.2 36.9 39.9 24.9 25.9 24.9 36.9 35.3 35.6 35.6 30.3 34.4 34.1 33.7 38.3 35.1 34.8
EF D100 E 33.7 51.9 41.2 39.4 42.2 36.9 39.9 30.0 31.6 31.0 36.9 35.3 35.6 35.6 35.6 34.4 34.1 33.7 38.3 37.2 34.8
EWT S 26.9 45.6 41.4 34.1 45.2 39.6 37.6 18.8 26.8 19.7 28.5 35.3 36.1 35.9 19.3 34.2 34.0 33.0 40.0 32.9 34.7
EWT D100 S 35.7 45.6 41.3 41.5 45.2 39.6 37.6 29.7 36.4 29.8 28.5 35.3 36.1 35.9 30.9 34.2 34.0 33.0 40.0 36.8 34.7
EWTF D100 S 35.7 45.6 41.4 41.5 45.4 39.5 37.6 29.7 36.4 29.9 28.7 32.9 36.1 35.9 30.9 34.2 34.0 32.9 40.0 36.6 34.7
EWTF S 26.9 45.6 41.4 34.0 45.4 39.5 37.6 18.8 26.8 19.8 28.7 32.9 36.1 35.9 19.2 34.2 34.0 32.9 40.0 32.7 34.7
EWTF D30 E 35.8 57.5 43.1 41.0 44.1 39.6 38.5 28.5 35.3 31.7 28.7 33.6 35.9 35.2 31.3 33.8 34.1 33.2 39.3 37.5 34.6
EWT D30 E 35.8 57.2 43.0 40.8 43.9 39.8 38.5 28.5 35.4 31.6 28.6 41.7 35.8 35.2 31.3 33.8 34.1 33.1 39.2 37.9 34.6
EWF E 28.1 52.4 31.8 32.5 38.2 35.7 38.3 21.5 25.5 22.7 33.3 33.1 34.9 34.3 23.9 30.8 33.2 31.9 37.9 32.4 33.6
EWF D100 E 32.6 52.4 35.9 36.4 38.2 35.7 38.3 26.4 30.9 28.7 33.3 33.1 34.9 34.3 30.7 30.8 33.2 31.9 37.9 34.8 33.6
WLM S 10.1 46.6 29.3 19.8 30.8 35.2 34.9 8.7 21.3 16.1 37.0 24.2 34.1 34.8 28.2 31.7 31.9 31.9 33.4 27.1 33.2
WLM D100 S 18.0 46.6 35.9 31.9 30.8 30.2 34.9 15.9 31.4 28.5 37.0 36.0 34.1 34.8 36.6 31.7 31.9 31.9 33.4 31.9 33.2
EF D100 S 31.6 44.8 37.9 38.4 39.7 35.9 38.8 30.1 33.7 30.2 31.8 29.0 33.9 34.9 33.2 31.2 31.8 31.9 39.0 35.0 33.2
EF S 18.7 44.0 28.7 28.0 39.7 35.9 38.8 16.4 21.2 15.7 31.8 29.0 33.9 34.9 19.0 31.2 31.8 31.9 39.0 29.1 33.2
M S 35.9 65.8 50.2 44.2 44.2 29.9 30.5 17.5 22.9 25.7 29.1 25.7 34.0 33.4 27.0 29.6 32.8 31.6 34.0 34.2 33.0
AC S 32.4 64.8 47.6 40.4 41.1 35.8 29.2 22.8 30.6 24.9 35.0 28.8 35.5 32.8 31.7 30.0 33.1 30.4 35.6 35.4 32.9
M C 35.7 67.7 51.3 44.4 45.5 31.7 27.9 20.0 24.9 25.2 28.3 26.5 34.9 32.8 28.4 30.1 33.0 30.6 29.8 34.5 32.8
W2V D100 E 18.8 39.9 25.8 28.8 29.6 29.5 34.0 21.2 28.0 29.3 41.2 34.0 33.3 33.9 37.9 33.2 31.0 31.2 34.2 31.0 32.4
W2V E 12.4 37.8 22.0 26.2 29.6 33.6 34.0 17.0 22.3 21.9 41.2 34.0 33.3 33.9 33.0 33.2 31.0 31.2 34.2 28.8 32.4
EMTF D30 E 30.3 48.9 37.1 34.5 38.7 33.5 34.3 27.6 29.6 26.7 33.7 38.0 32.9 32.7 33.3 32.0 31.2 30.5 35.7 34.3 31.8
EWMTF D30 E 31.4 54.5 35.4 35.0 38.7 32.6 34.1 23.3 29.1 27.1 35.6 34.8 32.7 32.4 28.1 27.0 31.1 30.2 35.8 33.5 31.6
W2V D100 S 13.2 38.4 22.5 23.9 22.5 25.5 34.4 18.5 28.5 28.1 39.4 30.1 33.5 33.0 34.5 30.0 30.0 29.3 32.2 28.1 31.4
W2V S 5.5 31.2 12.6 16.0 22.5 29.7 34.4 8.7 16.4 12.9 39.4 30.1 33.5 33.0 24.5 30.0 30.0 29.3 32.2 23.1 31.4
EWF D100 S 30.8 44.7 36.2 36.0 36.7 33.9 38.7 27.8 32.0 27.4 27.7 23.0 31.9 32.8 28.9 27.5 29.5 29.7 38.7 32.7 31.0
EWF S 18.6 44.7 36.2 24.4 36.7 33.9 38.7 12.8 20.1 13.5 27.7 23.0 31.9 32.8 12.4 27.5 29.5 29.7 38.7 27.3 31.0
CC C 23.0 32.7 23.4 13.8 18.9 31.1 39.1 10.7 26.2 30.3 40.6 25.3 29.6 33.3 28.8 26.0 28.4 31.5 35.0 27.0 30.7
WLM D30 E 20.4 53.0 39.2 29.4 34.4 30.4 31.2 19.7 29.4 27.3 31.0 40.8 31.1 32.6 38.2 33.9 28.7 29.7 32.1 32.7 30.5
ETF C 25.0 55.6 37.8 30.5 39.9 36.7 33.4 18.3 23.8 18.8 26.5 36.7 31.4 31.2 22.1 31.5 28.9 28.2 35.4 31.5 30.0
ETF D100 C 30.1 58.5 37.8 35.7 39.9 36.7 33.4 25.0 30.3 25.3 26.5 36.7 31.4 31.2 31.4 31.5 28.9 28.2 35.4 34.3 30.0
ET C 25.1 58.0 37.4 30.4 39.6 36.4 33.3 18.4 24.1 18.7 26.3 36.5 31.4 31.2 22.1 31.5 29.0 28.2 35.4 31.5 29.9
ET D100 C 30.1 58.0 37.4 35.6 39.6 36.4 33.3 25.1 30.5 25.2 26.3 36.5 31.4 31.2 31.4 31.5 29.0 28.2 35.4 34.2 29.9
EF D30 E 28.0 52.4 37.1 35.2 38.3 31.3 34.5 24.9 25.9 24.9 30.6 35.3 30.2 30.3 30.3 29.1 28.3 28.1 34.1 32.8 29.2
CLP C 23.8 61.9 38.1 34.4 39.2 30.3 52.0 18.3 24.5 20.0 20.5 27.3 30.4 29.7 24.3 29.0 27.9 26.8 36.5 32.0 28.7
CLP D100 C 28.5 60.5 40.6 37.8 39.2 30.4 52.0 23.1 29.3 25.5 20.5 27.3 30.4 29.7 29.4 29.0 27.9 26.8 36.5 34.0 28.7
EWTF C 24.1 60.2 40.0 32.7 42.0 33.8 33.1 14.0 23.3 17.8 21.4 27.8 30.5 29.3 17.3 28.5 28.0 26.3 34.1 30.0 28.5
EWTF D100 C 28.5 62.5 39.8 36.8 42.0 33.8 33.1 20.0 29.2 24.0 21.4 27.8 30.5 29.3 25.9 28.5 28.0 26.3 34.1 32.5 28.5
EWT C 24.1 59.7 40.0 32.5 41.7 33.7 33.1 14.1 23.4 17.6 21.2 34.3 30.4 29.2 17.3 28.5 28.0 26.2 33.9 30.3 28.5
EWT D100 C 28.4 61.8 39.5 36.6 41.7 33.7 33.1 20.1 29.3 23.8 21.2 34.3 30.4 29.2 25.9 28.5 28.0 26.2 33.9 32.8 28.5
MAE E 20.7 45.4 28.2 24.3 28.6 36.2 37.7 16.2 24.9 22.0 32.7 37.0 29.4 29.3 24.7 29.2 27.5 26.7 36.2 29.6 28.2
MAE D100 E 25.8 44.0 28.2 29.4 28.6 27.3 37.7 20.7 30.3 28.9 32.7 37.0 29.4 29.3 30.3 29.2 27.5 26.7 36.2 31.1 28.2
EWF D30 E 28.1 52.4 31.8 32.5 33.9 30.5 32.6 21.5 25.5 22.7 27.1 24.3 29.3 29.0 23.9 24.6 27.4 26.0 34.0 29.7 27.9
MAE D100 S 23.1 43.3 24.7 27.9 22.9 26.0 37.1 17.6 29.0 25.6 29.7 - 28.1 28.8 26.8 25.3 25.2 25.2 35.0 28.1 26.8
MAE S 12.2 43.3 24.7 15.7 22.9 24.0 37.1 8.4 17.1 12.7 29.7 - 28.1 28.8 15.1 25.3 25.2 25.2 35.0 23.1 26.8
VC E 30.7 64.0 47.5 42.6 46.1 38.2 28.4 20.9 27.2 24.3 27.2 26.2 27.9 26.8 28.3 28.8 25.3 23.5 33.5 34.3 25.9
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Table 13: (Continued) GSR Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

W2V D30 E 12.4 37.8 22.0 26.2 24.6 25.0 29.3 17.0 22.3 21.9 32.9 34.0 26.3 28.2 33.0 28.1 24.0 24.7 28.4 26.3 25.8
CLP D30 S 27.3 45.6 37.3 34.2 37.2 30.9 50.3 21.2 28.7 21.6 19.2 27.8 27.0 27.0 25.5 25.2 24.0 23.7 34.0 31.1 25.5
WLM D100 C 13.7 55.2 37.4 23.3 26.8 25.9 26.7 11.2 24.4 22.3 30.4 37.2 26.7 27.4 34.1 28.4 23.2 23.8 29.0 28.4 25.3
WLM C 7.9 55.3 32.1 16.4 26.8 34.3 26.7 7.1 17.5 13.7 30.4 37.2 26.7 27.4 27.0 28.4 23.2 23.8 29.0 26.0 25.3
AC E 33.8 55.6 46.7 41.6 44.1 35.8 25.6 28.6 24.4 22.2 36.0 30.1 27.4 23.6 34.7 33.3 26.2 22.1 32.1 35.0 24.8
ET D30 S 27.4 45.1 33.9 32.1 35.8 34.0 29.9 20.8 27.0 20.9 20.1 37.4 26.0 26.7 23.3 24.5 23.3 23.2 32.9 29.7 24.8
ETF D30 S 27.4 45.1 34.4 31.9 36.1 34.7 29.8 20.8 26.9 21.0 20.3 38.2 26.1 26.5 23.4 24.4 23.3 23.3 32.7 29.8 24.8
EMTF D30 S 24.7 42.5 32.2 28.9 32.7 30.7 29.1 19.7 26.2 20.2 28.6 33.6 26.2 26.4 25.3 23.8 22.7 22.7 31.0 28.6 24.5
EWTF D30 S 26.9 46.7 36.8 34.0 38.6 32.6 29.4 18.8 26.8 19.8 16.4 21.7 26.0 26.0 19.2 22.8 23.1 22.5 32.3 28.2 24.4
EWT D30 S 26.9 46.3 36.6 34.1 38.5 33.0 29.5 18.8 26.8 19.7 16.3 35.3 25.8 26.0 19.3 22.8 23.1 22.4 32.0 29.1 24.3
EWMTF D30 S 24.3 46.9 32.0 29.8 33.1 30.2 29.1 18.5 26.3 20.3 28.2 27.7 25.3 25.7 23.6 21.3 21.8 22.1 31.3 28.2 23.7
EMTF C 16.8 48.4 30.1 22.1 32.5 25.8 26.6 13.1 16.1 12.0 28.8 28.1 25.4 24.5 20.0 25.2 23.1 21.8 27.8 24.9 23.7
EMTF D100 C 20.9 48.7 30.1 26.6 32.5 25.8 26.6 18.0 20.0 16.3 28.8 28.1 25.4 24.5 28.0 25.2 23.1 21.8 27.8 26.9 23.7
E C 16.8 48.4 - 22.1 32.5 38.5 26.6 13.1 16.1 12.0 28.8 28.1 25.4 24.5 20.0 25.2 23.1 21.8 27.8 25.4 23.7
EW C 18.0 61.2 40.0 23.1 32.4 23.3 27.0 8.6 15.9 12.6 31.4 22.7 25.1 24.4 13.1 18.2 22.9 21.8 27.7 25.0 23.5
EWMTF C 18.0 58.3 27.4 23.1 32.4 23.3 27.0 8.6 15.9 12.6 31.4 22.7 25.1 24.4 13.1 18.2 22.9 21.8 27.7 24.0 23.5
EWMTF D100 C 21.4 58.0 27.6 26.7 32.4 23.3 27.0 12.4 19.4 16.9 31.4 22.7 25.1 24.4 19.9 18.2 22.9 21.8 27.7 25.7 23.5
CLP D30 C 23.8 61.9 38.1 34.4 35.6 26.5 51.2 18.3 24.5 20.0 15.3 27.3 24.9 24.3 24.3 23.8 22.0 21.1 32.6 30.5 23.1
ETF D30 C 25.0 60.0 33.6 30.5 35.6 32.4 28.3 18.3 23.8 18.8 17.9 36.7 24.2 24.6 22.1 23.2 21.4 21.3 30.5 29.1 22.9
ET D30 C 25.1 59.4 33.2 30.4 35.3 32.1 28.2 18.4 24.1 18.7 17.8 36.5 24.2 24.6 22.1 23.2 21.4 21.3 30.5 29.0 22.9
MAE D30 E 20.7 42.0 23.0 24.3 23.5 20.6 32.5 16.2 24.9 22.0 23.3 37.0 23.9 24.1 24.7 23.8 21.9 21.4 31.5 26.0 22.8
EF D100 C 21.2 54.5 33.7 30.1 34.7 25.9 31.6 16.4 18.7 17.2 25.5 23.0 23.8 23.8 23.7 22.2 21.5 21.1 28.5 27.1 22.5
EF C 13.5 54.8 33.7 23.4 34.7 25.9 31.6 10.7 12.2 10.0 25.5 23.0 23.8 23.8 16.1 22.2 21.5 21.1 28.5 24.4 22.5
EWTF D30 C 24.1 64.4 37.3 32.7 37.9 29.8 27.9 14.0 23.3 17.8 13.8 20.2 23.8 23.0 17.3 20.6 21.1 19.9 29.5 27.4 21.9
EWT D30 C 24.1 63.6 37.0 32.5 37.6 30.0 27.9 14.1 23.4 17.6 13.7 34.3 23.7 22.9 17.3 20.5 21.1 19.9 29.3 28.2 21.9
EF D30 S 18.7 44.0 28.7 28.0 31.1 23.7 26.9 16.4 21.2 15.7 18.7 29.0 22.1 23.4 19.0 18.2 19.7 19.7 27.9 24.5 21.2
WLM D30 S 10.1 46.6 29.3 19.8 24.4 22.3 23.2 8.7 21.3 16.1 19.1 24.2 22.0 23.7 28.2 23.7 19.1 19.8 22.1 22.6 21.2
EWF C 14.1 52.9 19.7 20.0 28.0 24.0 29.9 7.4 11.4 8.1 19.8 19.7 22.8 22.3 9.1 17.1 20.2 18.7 27.8 20.6 21.0
EWF D100 C 19.8 54.4 25.1 25.7 28.0 24.0 29.9 12.1 17.5 14.3 19.8 19.7 22.8 22.3 16.6 17.1 20.2 18.7 27.8 23.4 21.0
W2V D100 C 6.4 33.1 12.1 15.2 16.0 17.7 22.7 8.2 17.0 16.6 32.2 28.5 22.0 23.1 30.0 24.1 18.9 19.1 24.6 20.3 20.8
W2V C 2.7 29.3 8.5 12.1 16.0 23.8 22.7 4.9 10.3 8.6 32.2 28.5 22.0 23.1 21.6 24.1 18.9 19.1 24.6 18.0 20.8
EWF D30 S 18.6 44.4 25.2 24.4 24.8 23.4 26.2 12.8 20.1 13.5 16.1 13.1 20.2 20.7 12.4 13.2 17.4 16.7 27.7 21.1 18.8
EWMTF D30 C 18.0 58.3 24.5 23.1 28.8 19.8 22.3 8.6 15.9 12.6 22.9 22.7 19.5 19.4 13.1 12.2 17.3 16.7 23.9 21.8 18.2
EMTF D30 C 16.8 48.4 26.2 22.1 28.5 21.7 22.2 13.1 16.1 12.0 20.6 28.1 19.7 19.4 20.0 18.3 17.3 16.4 23.9 22.5 18.2
W2V D30 S 5.5 31.2 12.6 16.0 13.5 15.8 22.1 8.7 16.4 12.9 22.2 30.1 19.2 20.1 24.5 19.8 15.8 15.6 20.5 18.1 17.7
CC S 2.6 38.0 18.3 9.7 4.4 2.9 42.7 1.5 7.4 17.0 28.9 2.0 16.4 19.2 11.5 11.2 17.6 17.3 3.5 13.4 17.6
WLM D30 C 7.9 55.3 32.1 16.4 22.8 20.0 18.1 7.1 17.5 13.7 16.4 37.2 18.1 19.9 27.0 21.9 14.8 16.1 19.7 22.2 17.2
EF D30 C 13.5 54.8 27.0 23.4 27.7 17.5 22.4 10.7 12.2 10.0 16.1 23.0 16.0 16.5 16.1 15.0 13.9 13.8 21.9 20.7 15.1
MAE D30 S 12.2 38.4 14.1 15.7 13.2 12.6 25.8 8.4 17.1 12.7 13.0 - 16.1 17.0 15.1 14.0 13.1 13.6 23.8 16.9 14.9
MAE C 7.3 38.9 9.6 10.1 14.9 24.2 29.4 4.5 10.7 7.9 19.6 26.3 16.1 15.9 10.4 15.5 13.7 12.7 25.9 17.0 14.6
MAE D100 C 12.2 38.9 14.8 15.8 14.9 13.6 29.4 7.7 16.9 14.9 19.6 26.3 16.1 15.9 16.6 15.5 13.7 12.7 25.9 18.9 14.6
EWF D30 C 14.1 54.2 19.7 20.0 21.4 16.6 20.6 7.4 11.4 8.1 12.1 9.9 15.1 15.2 9.1 10.0 12.8 11.6 21.6 17.1 13.7
W2V D30 C 2.7 29.3 8.5 12.1 10.5 12.0 15.7 4.9 10.3 8.6 19.0 28.5 12.7 14.7 21.6 16.3 10.4 10.9 15.8 14.4 12.2
AC C 21.2 59.1 42.4 33.5 37.2 24.0 15.6 13.8 9.9 9.5 25.5 15.8 14.6 10.3 22.0 20.0 12.6 8.9 19.4 24.6 11.6
VC C 15.8 75.8 45.3 35.4 40.9 27.0 14.1 6.9 12.3 9.2 11.5 10.4 12.6 11.4 13.3 13.3 9.8 8.2 19.3 23.4 10.5
MAE D30 C 7.3 35.6 9.6 10.1 9.3 7.1 21.3 4.5 10.7 7.9 9.0 26.3 10.0 10.0 10.4 9.7 8.1 7.6 18.3 13.1 8.9
VC S 10.4 62.0 26.1 21.3 28.1 19.5 8.8 3.7 10.2 5.9 5.7 5.1 8.7 8.1 6.6 6.1 5.7 4.9 15.5 15.7 6.9
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Table 14: CSR Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

ETF E - 42.7 33.4 28.1 32.6 28.5 34.8 24.9 - 26.6 33.2 - 36.6 35.8 29.6 37.4 35.1 34.3 36.8 33.1 35.4
ETF D100 E - 42.1 31.8 31.5 32.6 28.5 34.8 30.0 - 31.9 33.2 - 36.6 35.8 36.3 37.4 35.1 34.3 36.8 34.3 35.4
ET D100 E - 41.9 31.6 31.4 32.4 28.3 34.6 30.0 - 31.8 33.1 - 36.5 35.8 36.3 37.4 35.1 34.3 36.8 34.2 35.4
ET E - 42.7 31.6 28.0 32.4 28.3 34.6 25.0 - 26.6 33.1 - 36.5 35.8 29.6 37.4 35.1 34.3 36.8 33.0 35.4
EWTF D100 E - 40.5 31.4 30.5 33.5 26.8 35.1 26.1 - - 30.2 - 36.0 34.8 33.4 35.6 34.6 33.0 36.2 33.2 34.6
EWTF E - 40.3 29.1 27.6 33.5 26.8 35.1 21.3 - 26.1 30.2 - 36.0 34.8 26.7 35.6 34.6 33.0 36.2 31.7 34.6
EWT E - 40.3 28.9 27.4 33.3 26.6 35.0 21.3 - 26.0 30.1 - 36.0 34.8 26.7 35.6 34.5 33.0 36.1 31.6 34.6
EWT D100 E - 40.2 31.2 30.3 33.3 26.6 35.0 26.1 - 31.2 30.1 - 36.0 34.8 33.4 35.6 34.5 33.0 36.1 33.0 34.6
CLP D100 E - 41.7 32.0 31.7 31.9 26.2 42.4 27.7 - - 29.0 - 35.5 34.7 34.0 34.8 34.1 32.9 37.1 33.7 34.3
CLP E - 41.8 32.4 28.8 31.9 26.8 42.4 24.2 - 26.6 29.0 - 35.5 34.7 30.6 34.8 34.1 32.9 37.1 32.7 34.3
CC E 24.0 33.1 27.3 20.5 23.6 29.6 41.1 16.3 24.4 31.4 41.1 26.5 33.3 34.9 32.9 31.8 32.2 33.3 34.1 30.1 33.4
M E - 48.4 40.1 36.8 35.5 24.5 25.8 17.7 - - 32.2 - 34.5 30.9 30.2 32.4 33.1 - 31.9 32.4 32.9
CLP D100 S 30.2 38.0 32.4 31.4 31.8 28.3 39.6 26.4 32.0 26.7 26.2 20.3 33.3 33.6 30.4 31.8 31.2 30.7 36.3 31.1 32.2
CLP S 18.3 33.6 32.4 20.4 31.8 13.2 39.6 14.5 20.5 15.3 26.2 20.3 33.3 33.6 19.0 31.8 31.2 30.7 36.3 26.4 32.2
EMTF S 16.3 30.8 31.1 17.3 30.3 28.7 31.8 13.6 18.7 14.4 39.5 25.4 33.5 33.3 18.8 33.3 31.0 30.8 35.1 27.0 32.2
EMTF D100 S 29.1 37.5 31.1 30.3 30.3 28.7 31.8 25.9 30.8 27.2 39.5 25.4 33.5 33.3 34.2 33.3 31.0 30.8 35.1 31.5 32.2
EWMTF S 16.1 38.1 13.0 17.7 30.4 29.2 31.2 12.7 18.7 14.2 39.0 20.4 33.0 33.2 17.5 32.2 30.6 30.1 34.9 25.9 31.7
EWMTF D100 S 28.4 38.1 30.8 29.8 30.4 29.2 31.2 25.4 30.7 26.3 39.0 20.4 33.0 33.2 33.7 32.2 30.6 30.1 34.9 30.9 31.7
ETF D100 S 30.0 38.0 31.7 30.8 30.5 29.1 31.3 26.3 31.3 26.7 28.1 33.4 32.8 33.0 30.9 32.4 30.9 30.2 35.5 31.2 31.7
ETF S 18.7 38.0 31.7 19.1 30.5 29.1 31.3 14.6 19.6 15.3 28.1 33.4 32.8 33.0 17.8 32.4 30.9 30.2 35.5 27.5 31.7
ET S 18.7 38.0 21.0 30.8 30.4 29.0 31.3 14.6 19.6 15.3 28.0 32.6 32.7 33.0 17.8 32.4 30.8 30.2 35.3 27.5 31.7
ET D100 S 30.1 38.0 31.6 30.8 30.4 29.0 31.3 26.4 31.3 26.7 28.0 32.6 32.7 33.0 30.9 32.4 30.8 30.2 35.3 31.1 31.7
WLM D100 E - 41.6 28.8 24.1 23.2 22.4 31.3 17.2 - - 34.4 - 32.0 32.0 33.1 32.0 30.2 30.1 30.2 29.5 31.1
WLM E - 39.5 23.2 18.5 23.2 28.1 31.3 13.5 - - 34.4 - 32.0 32.0 28.4 32.0 30.2 30.1 30.2 28.4 31.1
EWT D100 S 28.7 37.8 31.7 30.7 31.9 28.6 30.5 24.7 30.8 25.4 24.1 30.7 32.2 32.2 26.9 30.6 30.2 29.2 34.7 30.1 31.0
EWT S 17.8 37.8 31.7 19.7 31.9 28.6 30.5 13.2 19.6 14.4 24.1 30.7 32.2 32.2 14.8 30.6 30.2 29.2 34.7 26.5 31.0
EWTF D100 S 28.7 37.9 31.7 30.8 32.0 28.6 30.6 24.7 30.8 25.5 24.3 28.4 32.2 32.2 26.9 30.6 30.2 29.2 34.8 30.0 30.9
EWTF S 17.8 37.9 31.7 19.8 32.0 28.6 30.6 13.2 19.5 14.5 24.3 28.4 32.2 32.2 14.8 30.6 30.2 29.2 34.8 26.4 30.9
ET D30 E - 41.5 28.5 28.0 29.5 23.9 30.7 25.0 - 26.6 27.0 - 31.4 31.5 29.6 31.8 29.6 29.3 33.4 29.8 30.5
ETF D30 E - 41.7 28.6 28.1 29.6 24.1 30.8 24.9 - 26.6 27.1 - 31.4 31.5 29.6 31.8 29.6 29.2 33.4 29.9 30.4
CLP D30 E - 41.5 29.4 28.8 29.0 23.1 40.8 24.2 - 26.6 24.9 - 31.8 31.0 30.6 31.4 30.0 28.9 34.4 30.4 30.4
EWTF D30 E - 40.3 29.1 27.6 30.4 23.6 31.0 21.3 - 26.1 24.1 - 31.2 30.5 26.7 30.1 29.5 28.2 33.1 28.9 29.9
EWT D30 E - 39.9 28.9 27.4 30.3 23.5 31.0 21.3 - 26.0 24.1 - 31.2 30.5 26.7 30.1 29.5 28.3 33.0 28.8 29.9
WLM D100 S 13.5 37.5 26.4 22.7 17.8 20.7 29.6 12.8 26.6 24.5 29.8 25.7 30.9 31.3 25.2 25.6 28.7 28.4 28.5 25.6 29.8
WLM S 6.3 33.0 16.8 10.2 17.8 20.0 29.6 5.7 15.8 11.8 29.8 37.9 30.9 31.3 16.5 25.6 28.7 28.4 28.5 22.3 29.8
EF D100 S 25.6 37.8 29.2 29.6 29.0 27.2 33.7 24.8 28.7 26.0 27.1 20.1 30.7 31.4 28.5 28.0 28.6 28.3 34.0 28.9 29.8
EF S 12.2 32.1 16.8 16.9 29.0 27.2 33.7 11.4 15.4 11.5 27.1 20.1 30.7 31.4 14.1 28.0 28.6 28.3 34.0 23.6 29.8
EMTF D100 E - 35.7 25.6 24.5 26.9 18.6 25.2 22.0 - - 30.4 - 30.5 29.6 31.2 31.6 29.2 27.3 29.6 27.8 29.1
E E - 35.7 31.6 21.6 26.9 34.7 25.2 18.2 - 17.0 30.4 - 30.5 29.6 26.0 31.6 29.2 27.3 29.6 27.8 29.1
EMTF E - 35.7 27.0 21.6 26.9 18.6 25.2 18.2 - 17.0 30.4 - 30.5 29.6 26.0 31.6 29.2 27.3 29.6 26.5 29.1
W2V D100 S 10.2 31.9 16.9 18.2 16.2 18.6 29.5 15.2 24.5 24.3 32.7 20.6 30.6 29.8 28.0 26.4 27.2 26.3 27.8 23.9 28.5
W2V S 3.5 22.3 7.4 9.9 16.2 17.9 29.5 6.2 12.3 9.5 32.7 20.6 30.6 29.8 17.2 26.4 27.2 26.3 27.8 19.7 28.5
EF E - 39.2 29.4 22.3 29.9 24.0 33.4 15.2 - 18.0 31.5 28.1 30.4 28.5 24.2 30.1 28.1 26.3 30.1 27.6 28.3
EF D100 E - 39.0 28.0 27.1 29.9 24.0 33.4 19.6 - 24.0 31.5 28.1 30.4 28.5 29.7 30.1 28.1 26.3 30.1 28.7 28.3
EWMTF E - 37.3 23.2 21.2 27.5 20.2 24.8 15.0 - 17.5 32.7 - 30.2 28.1 20.7 26.7 28.6 25.8 29.1 25.5 28.2
EWMTF D100 E - 37.3 23.2 23.4 27.5 20.2 24.8 18.3 - - 32.7 - 30.2 28.1 25.7 26.7 28.6 25.8 29.1 26.8 28.2
EW E - 39.1 23.2 21.2 27.5 20.2 24.8 15.0 - 17.5 32.7 - 30.2 28.1 20.7 26.7 28.6 25.8 29.1 25.7 28.2
EWF D100 S 25.0 37.5 27.6 27.3 27.0 26.0 33.5 22.9 27.1 23.5 23.1 14.9 28.9 29.6 24.9 24.7 26.4 26.4 33.7 26.8 27.8
EWF S 12.4 37.5 27.6 14.3 27.0 26.0 33.5 8.9 14.6 9.8 23.1 14.9 28.9 29.6 9.2 24.7 26.4 26.4 33.7 22.6 27.8
AC S 23.2 45.3 28.5 22.7 21.3 20.6 20.2 16.4 22.0 18.9 28.8 23.5 30.8 27.0 26.1 25.7 28.3 24.7 28.8 25.4 27.7
M S 22.7 47.4 32.6 28.8 25.7 13.7 22.9 8.3 13.2 17.9 20.6 15.6 28.7 28.0 18.3 23.0 27.5 25.9 23.9 23.4 27.5
EWF E - 36.4 18.7 19.9 26.9 24.6 29.5 13.8 - 16.0 27.3 - 30.0 27.2 19.0 26.8 28.0 24.5 29.7 24.9 27.4
EWF D100 E - 36.3 22.3 23.6 26.9 24.6 29.5 17.9 - 21.5 27.3 - 30.0 27.2 25.5 26.8 28.0 24.5 29.7 26.4 27.4
M C 26.9 46.1 30.9 27.5 23.9 14.9 17.1 11.4 15.6 17.6 20.3 19.6 29.9 26.7 20.2 24.4 27.5 24.2 21.9 23.5 27.1
W2V D100 E - 28.9 15.4 18.2 19.3 18.8 25.6 11.7 - - 34.3 - 27.7 27.8 30.3 28.1 25.1 25.0 26.3 24.2 26.4
W2V E - 26.3 12.3 16.0 19.3 22.4 25.6 9.2 - 14.5 34.3 - 27.7 27.8 24.6 28.1 25.1 25.0 26.3 22.8 26.4
WLM D30 E - 39.5 23.2 18.5 18.9 17.1 23.6 13.5 - - 25.2 - 26.1 27.3 28.4 27.6 23.7 24.3 24.1 24.1 25.4
ET C 15.0 38.4 21.6 15.2 21.1 15.5 23.7 12.1 17.0 12.9 20.7 30.9 26.4 26.6 16.2 26.9 24.3 23.5 27.7 21.9 25.2
ET D100 C 20.4 38.4 21.6 20.5 21.1 15.5 23.7 18.8 24.1 19.5 20.7 30.9 26.4 26.6 25.8 26.9 24.3 23.5 27.7 24.0 25.2
ETF D100 C 20.4 38.9 21.8 20.6 21.2 15.8 23.8 18.7 23.8 19.5 20.9 31.2 26.5 26.6 25.8 26.9 24.3 23.5 27.7 24.1 25.2
ETF C 15.0 35.9 21.8 15.3 21.2 15.8 23.8 12.0 16.8 13.0 20.9 31.2 26.5 26.6 16.2 26.9 24.3 23.5 27.7 21.8 25.2
EMTF D30 E - 34.9 23.0 21.6 24.4 16.1 22.1 18.2 - 17.0 25.3 - 26.4 25.8 26.0 26.8 24.9 23.3 26.9 23.9 25.1
EWMTF D30 E - 36.9 21.2 21.2 25.1 18.1 21.5 15.0 - 17.5 27.5 - 26.2 24.6 20.7 21.8 24.5 22.0 26.7 23.2 24.3
MAE D100 S 18.9 35.8 17.9 19.5 15.3 20.1 30.9 14.4 24.6 21.9 24.9 - 25.6 25.9 23.4 22.9 22.6 22.4 31.0 23.2 24.1
MAE S 8.4 35.8 17.9 8.3 15.3 14.8 30.9 5.8 12.6 9.4 24.9 50.0 25.6 25.9 11.5 22.9 22.6 22.4 31.0 20.8 24.1
CC C 14.9 20.1 12.4 6.9 10.6 19.2 33.0 6.3 16.9 21.2 35.6 18.4 23.0 26.5 22.1 21.0 21.3 24.3 26.8 20.0 23.8
EWTF C 13.4 32.9 19.9 14.6 22.3 14.2 24.1 9.1 16.4 12.5 16.8 22.6 25.5 24.4 12.9 24.2 23.4 21.5 26.3 19.8 23.7
EWTF D100 C 17.7 35.8 20.3 18.7 22.3 14.2 24.1 14.4 22.9 18.8 16.8 22.6 25.5 24.4 21.5 24.2 23.4 21.5 26.3 21.9 23.7
EWT D100 C 17.7 35.0 20.0 18.5 22.2 14.1 24.1 14.5 23.0 18.7 16.6 28.9 25.4 24.4 21.5 24.2 23.4 21.4 26.1 22.1 23.6
EWT C 13.4 32.2 19.9 14.5 22.2 14.1 24.1 9.1 16.6 12.4 16.6 28.9 25.4 24.4 12.9 24.2 23.4 21.4 26.1 20.1 23.6
CLP D100 C 17.6 40.0 21.5 19.3 20.0 14.2 36.8 15.7 21.2 18.7 14.9 19.7 25.0 24.4 22.3 23.6 22.8 21.5 28.2 22.5 23.4
CLP C 13.2 39.0 17.6 15.4 20.0 12.7 36.8 11.3 16.3 13.3 14.9 19.7 25.0 24.4 17.0 23.6 22.8 21.5 28.2 20.7 23.4
EF D30 E - 37.8 22.7 22.3 24.0 17.9 25.7 15.2 - 18.0 24.5 28.1 24.4 22.9 24.2 24.5 22.0 20.6 25.2 23.5 22.5
MAE E - 32.4 16.6 13.3 18.1 26.5 27.5 9.4 - 15.1 25.2 - 23.8 22.6 18.9 25.0 21.6 20.3 28.8 21.6 22.1
MAE D100 E - 30.0 16.6 17.2 18.1 18.0 27.5 12.7 - 21.4 25.2 - 23.8 22.6 24.6 25.0 21.6 20.3 28.8 22.1 22.1
EWF D30 E - 35.4 18.7 19.9 22.1 18.9 22.0 13.8 - 16.0 20.8 - 24.0 21.8 19.0 20.6 22.0 18.8 25.2 21.2 21.6
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Table 14: (Continued) CSR Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

WLM D100 C 8.5 39.8 15.9 12.4 10.2 11.3 19.8 8.0 20.3 17.8 23.5 32.7 22.6 23.2 21.4 21.6 19.1 19.7 23.0 19.5 21.1
WLM C 4.1 36.5 11.0 7.0 10.2 19.6 19.8 4.3 13.0 9.5 23.5 32.7 22.6 23.2 14.7 21.6 19.1 19.7 23.0 17.6 21.1
CLP D30 S 18.3 33.6 22.5 20.4 20.1 16.1 33.8 14.5 20.5 15.3 14.5 20.3 21.8 21.9 19.0 20.2 19.1 18.6 26.1 20.9 20.3
VC E - 47.7 31.3 25.8 28.0 21.3 18.4 12.1 - - 20.4 - 21.9 19.9 20.1 23.1 19.0 - 24.4 23.8 20.3
ET D30 S 18.7 33.3 21.0 19.3 19.1 15.1 20.5 14.6 19.6 15.3 15.2 32.6 20.9 21.6 17.8 20.0 18.5 18.3 25.1 20.3 19.8
ETF D30 S 18.7 33.4 21.1 19.1 19.2 15.3 20.3 14.6 19.6 15.3 15.3 33.4 21.0 21.4 17.8 20.0 18.6 18.3 24.9 20.4 19.8
W2V D30 E - 26.3 12.3 16.0 14.6 14.6 20.2 9.2 - 14.5 25.2 - 20.4 21.7 24.6 22.1 18.0 18.3 20.1 18.6 19.6
EWTF D30 S 17.8 34.3 22.4 19.8 20.6 16.1 20.1 13.2 19.5 14.5 12.5 16.5 20.8 20.8 14.8 18.5 18.4 17.6 24.6 19.1 19.4
EWT D30 S 17.8 34.1 22.3 19.7 20.7 16.3 20.1 13.2 19.6 14.4 12.3 30.7 20.7 20.8 14.8 18.5 18.3 17.6 24.3 19.8 19.4
EMTF D30 S 16.3 30.8 19.3 17.3 17.6 14.6 19.8 13.6 18.7 14.4 21.1 25.4 20.9 21.0 18.8 19.1 17.8 17.6 23.4 19.3 19.3
EWMTF D30 S 16.1 33.6 19.5 17.7 18.6 16.1 19.5 12.7 18.7 14.2 21.0 20.4 20.1 20.4 17.5 17.1 17.2 17.1 23.6 19.0 18.7
E C 7.8 28.0 - 10.0 14.7 23.5 15.5 7.5 10.0 6.4 18.9 18.1 19.1 18.5 13.3 19.5 17.4 15.9 18.6 15.7 17.7
EMTF D100 C 10.5 29.5 14.2 13.2 14.7 7.9 15.5 11.2 13.2 9.4 18.9 18.1 19.1 18.5 20.3 19.5 17.4 15.9 18.6 16.1 17.7
EMTF C 7.8 28.0 14.2 10.0 14.7 7.9 15.5 7.5 10.0 6.4 18.9 18.1 19.1 18.5 13.3 19.5 17.4 15.9 18.6 14.8 17.7
ET D30 C 15.0 36.4 16.6 15.2 16.2 10.5 17.8 12.1 17.0 12.9 12.8 30.9 18.8 19.2 16.2 18.3 16.5 16.2 21.7 17.9 17.7
ETF D30 C 15.0 37.0 16.7 15.3 16.3 10.6 17.9 12.0 16.8 13.0 12.9 31.2 18.8 19.2 16.2 18.3 16.5 16.2 21.7 18.0 17.7
EWMTF C 8.9 30.4 9.7 9.8 15.0 9.0 15.2 4.7 9.8 6.8 21.7 13.7 19.0 18.3 8.0 13.0 17.3 15.9 18.8 14.0 17.6
EW C 8.9 35.2 19.9 9.8 15.0 9.0 15.2 4.7 9.8 6.8 21.7 13.7 19.0 18.3 8.0 13.0 17.3 15.9 18.8 14.7 17.6
EWMTF D100 C 11.3 31.3 13.2 12.3 15.0 9.0 15.2 7.2 12.7 9.8 21.7 13.7 19.0 18.3 13.1 13.0 17.3 15.9 18.8 15.2 17.6
CLP D30 C 13.2 39.0 17.6 15.4 15.8 10.6 33.2 11.3 16.3 13.3 10.3 19.7 19.2 18.7 17.0 18.3 16.8 15.8 23.4 18.2 17.6
EF D100 C 11.8 35.2 16.6 15.7 17.1 11.7 24.0 10.1 13.0 11.5 19.0 14.7 18.5 18.1 17.6 17.7 16.3 15.6 19.0 17.0 17.1
EF C 6.3 32.8 16.6 10.1 17.1 11.7 24.0 6.0 7.7 6.0 19.0 14.7 18.5 18.1 10.9 17.7 16.3 15.6 19.0 15.2 17.1
WLM D30 S 6.3 33.0 16.8 10.2 9.4 9.4 16.7 5.7 15.8 11.8 13.7 37.9 18.0 19.2 16.5 17.1 15.3 15.7 16.1 16.0 17.0
MAE D30 E - 27.2 12.4 13.3 13.1 12.5 21.1 9.4 - 15.1 16.6 - 18.4 17.7 18.9 19.5 16.4 15.4 23.8 16.9 17.0
EF D30 S 12.2 32.1 16.8 16.9 15.8 12.5 19.9 11.4 15.4 11.5 13.8 20.1 17.9 18.8 14.1 14.6 15.7 15.4 21.0 16.6 17.0
EWTF D30 C 13.4 34.6 17.0 14.6 17.7 10.4 17.9 9.1 16.4 12.5 9.9 14.8 18.3 17.6 12.9 16.2 16.2 14.9 20.9 16.1 16.8
EWT D30 C 13.4 33.7 16.7 14.5 17.6 10.4 18.0 9.1 16.6 12.4 9.9 28.9 18.3 17.6 12.9 16.2 16.2 14.9 20.7 16.7 16.7
W2V D100 C 3.2 22.5 5.9 8.3 7.5 8.9 16.0 5.5 13.0 12.0 24.4 23.9 17.7 18.8 21.8 19.5 15.0 15.2 18.5 14.6 16.7
W2V C 1.2 18.7 3.6 6.0 7.5 13.9 16.0 3.1 7.0 5.6 24.4 23.9 17.7 18.8 13.6 19.5 15.0 15.2 18.5 13.1 16.7
EWF C 7.4 26.6 8.2 8.5 13.6 12.4 21.8 4.2 7.2 4.8 13.8 12.2 17.9 17.1 6.0 13.2 15.7 13.8 18.8 12.8 16.1
EWF D100 C 11.5 30.9 11.8 12.5 13.6 12.4 21.8 7.4 11.9 9.2 13.8 12.2 17.9 17.1 11.9 13.2 15.7 13.8 18.8 14.6 16.1
AC E - 37.7 27.6 23.9 27.4 18.0 13.7 17.2 - 11.3 27.2 - 17.3 13.4 25.1 26.7 15.7 - 20.1 21.5 15.5
EWF D30 S 12.4 32.6 14.7 14.3 13.7 13.4 19.0 8.9 14.6 9.8 11.6 9.7 16.5 16.7 9.2 10.6 13.9 13.1 20.5 14.5 15.0
W2V D30 S 3.5 22.3 7.4 9.9 7.3 8.5 16.2 6.2 12.3 9.5 15.9 20.6 15.7 16.2 17.2 15.4 12.7 12.4 14.9 12.9 14.3
CC S 2.0 22.3 8.7 4.0 1.3 0.9 40.0 0.8 5.5 12.9 21.2 1.3 13.4 14.8 7.0 8.9 13.9 12.9 2.1 10.2 13.8
WLM D30 C 4.1 36.5 11.0 7.0 6.5 6.4 11.2 4.3 13.0 9.5 11.4 32.7 14.0 15.3 14.7 15.1 11.1 12.0 13.4 13.1 13.1
EWMTF D30 C 8.9 30.4 10.9 9.8 12.1 7.0 11.2 4.7 9.8 6.8 14.7 13.7 13.9 13.7 8.0 8.2 12.3 11.4 15.3 11.7 12.8
EMTF D30 C 7.8 28.0 11.2 10.0 11.6 5.8 11.8 7.5 10.0 6.4 12.5 18.1 13.9 13.7 13.3 13.3 12.2 11.3 14.9 12.3 12.8
MAE D30 S 8.4 27.3 7.9 8.3 6.3 8.0 17.9 5.8 12.6 9.4 9.5 - 13.2 13.8 11.5 11.4 10.6 10.8 18.3 11.7 12.1
MAE C 3.9 21.3 3.9 3.4 5.9 12.9 21.2 2.7 7.3 5.0 13.8 19.8 12.5 11.9 7.0 12.1 10.3 9.2 19.8 10.7 11.0
MAE D100 C 7.2 21.3 7.0 6.3 5.9 8.1 21.2 5.0 12.6 10.5 13.8 19.8 12.5 11.9 12.3 12.1 10.3 9.2 19.8 11.9 11.0
EF D30 C 6.3 32.8 10.7 10.1 10.3 6.0 14.1 6.0 7.7 6.0 10.5 14.7 11.3 11.5 10.9 11.0 9.7 9.4 12.8 11.2 10.5
EWF D30 C 7.4 29.3 8.2 8.5 8.8 6.9 12.0 4.2 7.2 4.8 7.5 6.0 10.9 10.8 6.0 7.1 9.1 7.9 12.9 9.2 9.7
W2V D30 C 1.2 18.7 3.6 6.0 4.0 4.7 9.8 3.1 7.0 5.6 12.6 23.9 9.2 10.8 13.6 11.6 7.5 7.8 10.0 9.0 8.8
VC C 7.1 46.9 19.5 12.8 14.2 7.8 7.1 2.9 6.7 5.2 6.9 5.8 8.3 6.8 7.1 8.3 6.1 4.7 10.7 10.3 6.5
MAE D30 C 3.9 17.3 3.9 3.4 2.9 3.8 12.9 2.7 7.3 5.0 5.6 19.8 7.2 6.9 7.0 7.0 5.7 5.1 12.5 7.4 6.2
AC C 7.1 29.2 13.8 10.6 14.2 5.6 5.2 4.4 2.9 2.9 15.8 7.5 6.9 4.0 11.1 12.7 5.3 3.2 8.6 9.0 4.9
VC S 5.5 35.3 11.0 7.6 10.5 7.0 5.0 1.7 5.8 3.5 3.6 3.1 6.1 5.3 3.7 4.0 3.8 3.1 9.8 7.1 4.6
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Table 15: CS Results Across Subsets and Distances (↓ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EWMTF D30 C 35.8 20.2 28.5 31.0 22.2 29.3 34.7 46.2 44.4 43.2 32.5 41.2 44.9 47.0 45.0 44.7 47.2 46.8 38.5 38.1 46.5
EWTF D30 C 36.2 18.9 23.1 25.7 18.6 25.2 36.5 47.3 44.5 45.7 43.2 43.9 45.0 47.3 46.4 45.4 47.5 47.0 38.7 38.2 46.7
EWMTF C 35.8 20.2 29.6 31.0 23.3 30.2 36.1 46.2 44.4 43.2 32.4 41.2 45.3 47.2 45.0 44.6 47.3 47.1 39.5 38.4 46.7
EWMTF D100 C 36.6 21.2 29.2 31.7 23.3 30.2 36.1 46.3 44.7 43.7 32.4 41.2 45.3 47.2 44.5 44.6 47.3 47.1 39.5 38.5 46.7
EW C 35.8 20.8 26.5 31.0 23.3 36.5 36.1 46.2 44.4 43.2 32.4 41.2 45.3 47.2 45.0 44.6 47.3 47.1 39.5 38.6 46.7
EWT D30 C 36.3 19.1 23.2 25.8 18.8 25.2 36.6 47.3 44.6 45.9 43.3 46.2 45.0 47.4 46.5 45.5 47.5 47.1 38.8 38.4 46.7
CLP D30 C 36.9 25.0 22.4 25.8 20.4 28.4 22.2 43.8 42.4 43.2 42.9 42.8 45.3 47.3 40.2 41.3 47.4 47.3 36.7 36.9 46.8
AC C 32.5 16.5 23.9 25.1 16.8 30.0 36.8 43.8 40.7 42.3 36.2 38.9 45.4 46.9 40.7 39.3 47.7 47.3 36.3 36.2 46.8
EMTF D30 C 36.5 26.4 30.0 34.8 24.2 24.5 37.0 45.4 46.0 43.7 32.3 40.5 45.2 47.3 42.9 43.0 47.5 47.3 38.8 38.6 46.8
ETF D30 C 38.5 24.7 28.4 31.4 22.1 23.1 35.8 45.8 45.1 45.2 41.9 45.8 45.1 47.7 44.8 44.1 47.5 47.5 37.8 39.1 47.0
ET D30 C 38.8 25.0 28.7 31.5 22.4 23.3 35.9 45.9 45.1 45.3 42.1 45.8 45.2 47.7 44.9 44.2 47.6 47.5 38.0 39.2 47.0
EMTF C 36.5 26.4 31.1 34.8 25.6 25.6 38.1 45.4 46.0 43.7 32.1 40.5 45.6 47.6 42.9 43.2 47.6 47.6 39.8 39.0 47.1
EMTF D100 C 37.2 27.8 31.1 35.5 25.6 25.6 38.1 45.7 46.2 44.1 32.1 40.5 45.6 47.6 42.6 43.2 47.6 47.6 39.8 39.1 47.1
E C 36.5 26.4 21.5 34.8 25.6 37.8 38.1 45.4 46.0 43.7 32.1 40.5 45.6 47.6 42.9 43.2 47.6 47.6 39.8 40.1 47.1
EWTF D100 C 38.1 21.3 24.9 27.8 21.4 27.8 39.1 47.6 45.5 46.6 43.2 45.0 45.8 47.8 46.5 46.0 47.8 47.6 40.7 39.5 47.3
EWTF C 36.2 22.3 26.5 25.7 21.4 27.8 39.1 47.3 44.5 45.7 43.2 45.0 45.8 47.8 46.4 46.0 47.8 47.6 40.7 39.3 47.3
EF D30 C 36.5 23.1 25.5 32.8 21.0 28.3 41.3 44.9 46.8 45.8 36.5 42.4 46.4 47.4 43.1 42.2 47.8 47.5 37.1 38.8 47.3
EWT D100 C 38.2 21.4 25.0 27.8 21.5 27.7 39.2 47.6 45.6 46.7 43.4 46.2 45.9 47.9 46.6 46.0 47.8 47.6 40.8 39.6 47.3
EWT C 36.3 22.3 26.5 25.8 21.5 27.8 39.2 47.3 44.6 45.9 43.4 46.2 45.9 47.9 46.5 46.0 47.8 47.6 40.8 39.4 47.3
CLP D100 C 38.6 27.3 25.1 28.1 22.8 30.6 26.8 44.8 43.4 44.4 43.6 42.8 46.0 47.8 41.6 42.5 47.8 47.7 38.9 38.4 47.3
CLP C 36.9 25.0 22.4 25.8 22.8 31.2 26.8 43.8 42.4 43.2 43.6 42.8 46.0 47.8 40.2 42.5 47.8 47.7 38.9 37.8 47.3
VC C 35.0 9.5 14.5 16.6 12.1 25.2 37.5 39.8 44.6 44.6 41.7 37.8 46.8 46.8 35.1 36.3 48.0 47.8 35.8 34.5 47.4
EWMTF D30 S 42.7 38.8 33.9 35.6 29.5 34.0 38.7 47.1 45.7 45.2 38.0 44.2 46.1 47.9 43.8 44.9 47.9 47.7 43.7 41.9 47.4
EWTF D30 S 41.7 39.1 31.4 32.0 24.9 31.3 39.3 47.7 45.3 46.5 44.1 45.2 46.2 48.0 46.7 46.1 47.8 47.8 43.2 41.8 47.5
EWT D30 S 41.9 39.2 31.7 31.9 25.1 31.4 39.3 47.7 45.2 46.5 44.2 46.5 46.3 48.1 46.7 46.1 47.9 47.8 43.1 41.9 47.5
ETF D100 C 40.5 27.9 30.7 33.3 25.0 27.1 38.3 46.6 45.9 46.1 42.1 45.8 46.1 48.2 45.2 45.0 47.9 48.0 40.3 40.5 47.5
ETF C 38.5 29.2 30.7 31.4 25.0 27.1 38.3 45.8 45.1 45.2 42.1 45.8 46.1 48.2 44.8 45.0 47.9 48.0 40.3 40.2 47.5
ET C 38.8 28.1 30.9 31.5 25.3 27.1 38.4 45.9 45.1 45.3 42.3 45.8 46.1 48.2 44.9 45.1 48.0 48.0 40.4 40.3 47.6
ET D100 C 40.7 28.1 30.9 33.4 25.3 27.2 38.4 46.7 45.9 46.2 42.3 45.8 46.1 48.2 45.3 45.1 48.0 48.0 40.4 40.6 47.6
CLP D30 S 41.6 40.3 29.9 33.7 28.4 33.2 25.8 46.1 43.7 45.2 44.1 43.0 46.5 48.0 42.6 43.7 47.9 48.0 42.5 40.7 47.6
ETF D30 S 42.2 40.4 34.8 35.7 28.2 28.5 39.5 46.9 45.6 46.4 43.0 46.2 46.4 48.2 45.5 45.4 48.0 48.1 42.8 42.2 47.6
EMTF D30 S 43.6 41.8 35.7 38.7 31.0 31.2 40.5 46.9 46.1 46.0 38.1 44.0 46.4 48.1 43.6 44.6 48.0 48.0 43.3 42.4 47.6
ET D30 S 42.3 40.5 35.2 35.9 28.6 29.0 39.5 46.9 45.7 46.5 43.2 46.2 46.4 48.2 45.5 45.4 48.0 48.1 42.7 42.3 47.7
EWF D30 C 37.4 21.5 28.5 32.3 25.3 33.2 40.8 45.9 45.2 45.6 35.9 40.7 46.8 47.8 45.1 43.4 48.1 47.9 37.4 39.4 47.7
EF C 36.5 23.1 28.9 32.8 25.1 31.2 43.9 44.9 46.8 45.8 38.9 42.4 47.1 47.9 43.1 43.4 48.2 48.0 39.1 39.8 47.8
EF D100 C 38.5 25.9 28.9 35.0 25.1 31.2 43.9 45.4 47.1 46.4 38.9 42.4 47.1 47.9 44.1 43.4 48.2 48.0 39.1 40.3 47.8
VC S 39.3 17.7 20.3 23.3 17.9 29.5 40.4 41.6 45.6 45.9 43.2 40.3 47.4 47.4 38.4 39.4 48.4 48.1 38.6 37.5 47.8
EWMTF D100 S 46.1 46.5 39.1 40.0 36.3 40.7 43.3 47.7 47.1 47.0 36.3 44.2 46.9 48.4 42.7 44.9 48.2 48.3 46.8 44.2 48.0
EWMTF S 42.7 46.5 32.5 35.6 36.3 40.7 43.3 47.1 45.7 45.2 36.3 44.2 46.9 48.4 43.8 44.9 48.2 48.3 46.8 43.3 48.0
EWMTF D30 E - 31.6 37.5 39.1 33.1 37.8 41.2 47.7 - 46.1 39.3 - 47.2 48.4 47.1 47.0 48.4 48.3 43.7 42.7 48.1
EWF D100 C 39.1 22.9 30.0 33.8 27.4 35.7 43.5 46.2 45.6 46.1 37.9 42.7 47.4 48.3 45.5 44.3 48.5 48.2 39.3 40.7 48.1
EWF C 37.4 23.2 28.5 32.3 27.4 35.7 43.5 45.9 45.2 45.6 37.9 42.7 47.4 48.3 45.1 44.3 48.5 48.2 39.3 40.3 48.1
AC E - 28.4 34.5 35.0 28.7 37.6 40.6 46.7 - 45.2 40.8 - 47.4 48.2 45.1 44.4 48.8 - 42.0 40.9 48.1
WLM D30 C 35.1 20.4 19.1 28.0 14.8 25.3 40.8 42.3 46.7 45.5 41.2 44.6 47.7 48.1 28.1 36.2 48.6 48.4 38.9 36.8 48.2
EWTF D30 E - 31.2 34.2 35.9 30.7 35.1 42.5 48.5 - 47.6 45.8 - 47.3 48.5 48.0 47.5 48.6 48.4 43.7 42.7 48.2
EWT D30 E - 31.3 34.3 35.9 30.8 35.1 42.6 48.5 - 47.7 45.9 - 47.3 48.5 48.0 47.5 48.6 48.4 43.8 42.8 48.2
EWMTF E - 32.5 38.1 39.1 34.0 38.4 42.1 47.7 - 46.1 39.4 - 47.4 48.5 47.1 47.0 48.5 48.4 44.2 43.0 48.2
EWMTF D100 E - 32.5 38.1 39.6 34.0 38.4 42.1 47.8 - - 39.4 - 47.4 48.5 46.9 47.0 48.5 48.4 44.2 42.9 48.2
EW E - 32.0 38.1 39.1 34.0 42.5 42.1 47.7 - 46.1 39.4 - 47.4 48.5 47.1 47.0 48.5 48.4 44.2 43.3 48.2
CLP D30 E - 35.7 33.8 36.1 32.0 36.9 33.9 46.7 - 46.3 45.9 - 47.4 48.6 44.7 45.4 48.6 48.5 42.7 42.1 48.3
EMTF D30 E - 36.4 38.7 41.5 34.8 34.1 42.6 47.4 - 46.3 39.2 - 47.4 48.6 46.2 46.2 48.7 48.5 43.9 43.1 48.3
EWTF D100 S 45.8 46.7 37.8 38.6 33.9 40.1 44.0 48.4 46.8 47.9 44.0 46.5 47.4 48.7 46.9 46.9 48.4 48.7 46.8 45.0 48.3
EWTF S 41.7 46.7 37.8 32.0 33.9 40.1 44.0 47.7 45.3 46.5 44.0 46.5 47.4 48.7 46.7 46.9 48.4 48.7 46.8 44.2 48.3
EMTF D100 S 46.6 47.3 41.0 42.0 37.7 40.0 44.3 47.8 47.3 47.5 36.4 44.0 47.4 48.8 42.9 45.0 48.4 48.7 46.7 44.7 48.3
EMTF S 43.6 41.8 41.0 38.7 37.7 40.0 44.3 46.9 46.1 46.0 36.4 44.0 47.4 48.8 43.6 45.0 48.4 48.7 46.7 43.9 48.3
EWT S 41.9 46.7 37.8 31.9 34.1 40.1 44.0 47.7 45.2 46.5 44.1 46.5 47.4 48.8 46.7 46.9 48.4 48.6 46.8 44.2 48.3
EWT D100 S 45.9 46.7 38.0 38.7 34.1 40.2 44.0 48.4 46.9 47.9 44.1 46.5 47.4 48.8 46.9 46.9 48.4 48.6 46.8 45.0 48.3
ETF D30 E - 35.3 37.9 39.6 33.0 33.4 42.2 47.7 - 47.4 45.2 - 47.3 48.8 47.2 46.8 48.6 48.7 43.2 43.3 48.3
ET D30 E - 35.5 38.0 39.7 33.2 33.6 42.2 47.8 - 47.4 45.3 - 47.3 48.8 47.2 46.9 48.7 48.7 43.3 43.3 48.4
VC E - 24.0 28.0 29.1 25.0 34.7 41.8 44.5 - - 44.0 - 48.1 48.3 42.1 42.4 48.8 - 42.2 38.8 48.4
W2V D30 C 35.6 32.5 30.6 36.6 26.0 31.5 44.9 46.9 46.9 46.7 39.0 45.1 48.0 47.9 36.7 41.2 48.8 48.9 40.0 40.7 48.4
E E - 37.3 39.5 41.5 35.8 43.2 43.2 47.4 - 46.3 39.3 - 47.6 48.7 46.2 46.4 48.7 48.7 44.5 44.0 48.4
EMTF D100 E - 37.3 39.5 42.0 35.8 35.1 43.2 47.6 - - 39.3 - 47.6 48.7 46.1 46.4 48.7 48.7 44.5 43.4 48.4
EMTF E - 37.3 40.1 41.5 35.8 35.1 43.2 47.4 - 46.3 39.3 - 47.6 48.7 46.2 46.4 48.7 48.7 44.5 43.6 48.4
ETF S 42.2 47.0 40.1 35.7 36.1 39.7 44.0 46.9 45.6 46.4 43.1 46.2 47.6 48.9 45.5 46.5 48.6 48.8 46.7 44.5 48.4
ETF D100 S 46.2 47.0 40.1 40.8 36.1 39.7 44.0 48.2 47.0 47.9 43.1 46.2 47.6 48.9 46.0 46.5 48.6 48.8 46.7 45.2 48.4
ET D100 S 46.1 47.0 40.3 40.9 36.4 39.8 44.0 48.2 47.0 47.9 43.2 46.2 47.6 48.9 46.0 46.5 48.6 48.8 46.7 45.3 48.5
ET S 42.3 47.0 35.2 40.9 36.4 39.7 44.0 46.9 45.7 46.5 43.2 46.2 47.6 48.9 45.5 46.5 48.6 48.8 46.7 44.6 48.5
EF D30 E - 33.9 35.5 40.0 32.0 36.6 45.0 47.0 - 47.5 42.1 45.7 47.9 48.6 46.3 45.6 48.8 48.6 42.7 43.2 48.5
CC S 34.3 24.8 24.2 33.9 19.9 30.7 49.0 45.8 46.5 47.3 41.0 39.0 48.4 47.8 43.1 43.9 49.0 48.7 37.2 39.7 48.5
EWTF D100 E - 33.2 35.6 37.4 33.0 37.1 44.1 48.7 - - 45.9 - 47.7 48.8 48.1 47.8 48.8 48.7 45.0 43.3 48.5
EWTF E - 31.2 34.2 35.9 33.0 37.1 44.1 48.5 - 47.6 45.9 - 47.7 48.8 48.0 47.8 48.8 48.7 45.0 43.3 48.5
EWT D100 E - 33.2 35.7 37.4 33.1 37.1 44.2 48.7 - 48.2 46.0 - 47.8 48.8 48.1 47.9 48.8 48.7 45.0 43.7 48.5
EWT E - 31.2 34.3 35.9 33.1 37.1 44.2 48.5 - 47.7 46.0 - 47.8 48.8 48.0 47.9 48.8 48.7 45.0 43.3 48.5
CLP E - 37.5 36.2 36.1 33.9 39.0 37.0 46.7 - 46.3 46.4 - 47.8 48.8 44.7 46.1 48.8 48.8 44.0 43.0 48.6
CLP D100 E - 37.3 35.8 37.7 33.9 38.6 37.0 47.2 - - 46.4 - 47.8 48.8 45.5 46.1 48.8 48.8 44.0 42.9 48.6
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Table 15: (Continued) CS Results Across Subsets and Distances (↓ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

WLM D100 C 38.3 24.5 22.1 30.5 17.5 28.7 42.8 43.9 47.3 46.7 41.4 44.6 48.2 48.5 31.0 38.4 48.9 48.7 42.1 38.6 48.6
WLM C 35.1 20.4 19.1 28.0 17.5 35.8 42.8 42.3 46.7 45.5 41.4 44.6 48.2 48.5 28.1 38.4 48.9 48.7 42.1 38.0 48.6
CLP D100 S 45.9 46.9 38.7 40.7 37.1 41.0 36.4 48.1 46.3 47.4 46.1 43.0 48.0 48.9 45.6 46.4 48.8 48.9 46.8 44.8 48.6
CLP S 41.6 40.3 38.7 33.7 37.1 31.5 36.4 46.1 43.7 45.2 46.1 43.0 48.0 48.9 42.6 46.4 48.8 48.9 46.8 42.8 48.6
EF D30 S 43.8 40.7 34.1 37.8 28.8 35.1 45.7 47.3 47.2 47.8 43.4 43.4 48.3 48.5 45.1 45.7 49.0 48.7 43.4 43.3 48.6
ETF D100 E - 37.6 39.4 40.9 35.3 36.6 43.7 48.2 - 47.9 45.4 - 47.9 49.0 47.5 47.4 48.9 48.9 44.8 44.3 48.7
ETF E - 38.5 40.8 39.6 35.3 36.6 43.7 47.7 - 47.4 45.4 - 47.9 49.0 47.2 47.4 48.9 48.9 44.8 44.3 48.7
ET E - 38.5 39.5 39.7 35.5 36.6 43.7 47.8 - 47.4 45.4 - 47.9 49.0 47.2 47.4 48.9 49.0 44.9 44.3 48.7
ET D100 E - 37.7 39.5 41.0 35.5 36.7 43.7 48.2 - 47.9 45.4 - 47.9 49.0 47.5 47.4 48.9 49.0 44.9 44.4 48.7
EWF D30 E - 32.4 37.3 39.8 34.9 40.1 44.6 47.6 - 47.4 41.3 - 48.2 48.8 47.3 46.3 49.0 48.8 42.9 43.5 48.7
WLM D30 S 42.3 39.4 28.9 32.8 20.1 31.3 44.9 44.1 47.4 46.9 42.3 48.0 48.3 48.7 30.0 37.3 49.0 49.0 42.6 40.7 48.7
M C 43.3 24.1 26.3 29.6 22.9 34.4 40.1 44.2 46.5 47.5 40.9 43.5 48.5 48.6 42.2 44.0 49.0 48.8 41.7 40.3 48.7
EWF D30 S 44.5 40.3 33.9 37.3 33.1 38.2 45.4 47.7 46.9 47.8 42.3 45.3 48.2 48.8 46.6 46.6 49.0 48.9 43.5 43.9 48.7
EF D100 E - 36.0 38.0 41.5 35.3 39.0 46.6 47.4 - 47.9 43.7 45.7 48.4 48.9 46.8 46.4 49.0 48.8 44.0 44.3 48.8
EF E - 36.4 38.7 40.0 35.3 39.0 46.6 47.0 - 47.5 43.7 45.7 48.4 48.9 46.3 46.4 49.0 48.8 44.0 44.2 48.8
W2V C 35.6 32.5 30.6 36.6 29.1 38.9 45.7 46.9 46.9 46.7 40.4 45.1 48.5 48.5 36.7 43.0 49.0 49.1 42.3 41.7 48.8
W2V D100 C 37.4 34.3 32.3 38.2 29.1 33.7 45.7 47.3 47.4 47.2 40.4 45.1 48.5 48.5 38.8 43.0 49.0 49.1 42.3 42.0 48.8
M S 41.6 26.3 29.8 33.5 24.9 34.3 45.0 45.1 45.4 47.0 40.4 42.1 48.6 48.6 42.6 43.9 49.1 48.9 41.9 41.0 48.8
WLM D30 E - 30.4 28.8 34.3 23.4 33.0 44.5 45.1 - - 44.2 - 48.6 48.9 36.9 42.3 49.2 49.1 43.3 40.1 48.9
EWF D100 E - 33.7 38.6 40.8 36.6 41.8 46.3 47.8 - 47.7 42.7 - 48.6 49.1 47.6 46.8 49.2 49.0 44.0 44.4 49.0
EWF E - 33.9 37.3 39.8 36.6 41.8 46.3 47.6 - 47.4 42.7 - 48.6 49.1 47.3 46.8 49.2 49.0 44.0 44.2 49.0
W2V D30 E - 39.9 38.3 42.0 34.9 38.0 46.9 48.0 - 48.0 42.4 - 48.7 48.8 42.3 44.9 49.2 49.3 43.8 44.1 49.0
AC S 44.0 22.2 30.9 30.4 23.1 36.7 43.4 47.6 44.9 47.2 44.6 46.3 48.7 49.0 46.3 46.1 49.4 49.1 46.0 41.9 49.1
CC C 42.8 37.2 36.1 41.0 34.0 40.6 48.8 47.7 47.6 48.1 45.7 44.7 49.0 48.7 46.3 46.7 49.4 49.3 44.6 44.7 49.1
W2V D30 S 43.6 42.7 39.0 43.2 37.4 37.8 47.1 48.7 48.4 47.7 41.6 43.6 48.7 49.0 39.7 43.2 49.3 49.4 44.8 44.5 49.1
M E - 34.9 35.4 38.5 31.5 37.8 43.2 46.8 - - 44.1 - 49.0 49.1 45.8 46.6 49.3 - 45.1 42.7 49.1
WLM D100 E - 33.9 32.0 36.7 26.5 36.2 45.9 46.2 - - 44.3 - 48.9 49.1 39.0 43.6 49.3 49.2 44.9 41.7 49.1
WLM E - 30.4 28.8 34.3 26.5 40.2 45.9 45.1 - - 44.3 - 48.9 49.1 36.9 43.6 49.3 49.2 44.9 41.2 49.1
WLM D100 S 46.4 45.9 37.2 39.8 28.0 39.6 47.4 47.0 47.9 48.3 42.2 43.8 48.9 49.2 33.7 40.4 49.4 49.3 46.3 43.7 49.2
WLM S 42.3 39.4 28.9 32.8 28.0 35.3 47.4 44.1 47.4 46.9 42.2 48.0 48.9 49.2 30.0 40.4 49.4 49.3 46.3 41.9 49.2
MAE D30 C 42.3 29.0 30.2 30.1 22.5 42.5 38.4 46.0 47.3 47.1 41.1 47.7 48.6 49.5 47.0 46.7 49.3 49.4 43.8 42.0 49.2
W2V D100 E - 41.1 39.6 43.1 37.4 39.9 47.5 48.3 - - 43.6 - 49.0 49.1 43.5 45.9 49.4 49.4 45.1 44.8 49.2
W2V E - 39.9 38.3 42.0 37.4 42.0 47.5 48.0 - 48.0 43.6 - 49.0 49.1 42.3 45.9 49.4 49.4 45.1 44.8 49.2
EF D100 S 47.2 47.1 41.0 43.1 38.4 42.7 48.2 48.5 48.3 48.9 45.9 43.4 49.1 49.2 46.5 47.5 49.5 49.3 47.3 46.4 49.3
EF S 43.8 40.7 34.1 37.8 38.4 42.7 48.2 47.3 47.2 47.8 45.9 43.4 49.1 49.2 45.1 47.5 49.5 49.3 47.3 45.0 49.3
EWF D100 S 47.4 46.9 40.4 42.3 39.2 44.0 48.0 48.7 48.0 48.9 44.8 43.4 49.0 49.4 47.2 47.9 49.4 49.4 47.3 46.4 49.3
EWF S 44.5 46.9 40.4 37.3 39.2 44.0 48.0 47.7 46.9 47.8 44.8 43.4 49.0 49.4 46.6 47.9 49.4 49.4 47.3 45.8 49.3
MAE D100 C 43.1 31.1 31.4 31.3 24.6 43.0 40.9 46.3 47.5 47.5 42.4 47.7 48.8 49.6 47.4 47.2 49.3 49.5 45.1 42.8 49.3
MAE C 42.3 31.1 30.2 30.1 24.6 45.0 40.9 46.0 47.3 47.1 42.4 47.7 48.8 49.6 47.0 47.2 49.3 49.5 45.1 42.7 49.3
MAE D30 S 45.9 40.9 36.7 36.4 30.4 42.9 41.9 47.7 47.5 47.8 43.9 - 48.9 49.3 47.7 47.6 49.5 49.5 45.7 44.5 49.3
CC E 43.8 42.3 41.7 44.3 38.6 43.1 49.2 48.6 47.7 48.7 47.5 46.0 49.3 49.2 47.8 47.9 49.6 49.6 46.3 46.4 49.4
MAE D30 E - 37.1 37.0 37.5 30.9 45.5 43.6 47.5 - 48.3 44.4 - 49.2 49.6 48.3 48.1 49.5 49.6 46.6 44.5 49.5
MAE S 45.9 46.7 40.3 36.4 37.1 45.4 45.3 47.7 47.5 47.8 45.4 50.0 49.2 49.5 47.7 48.5 49.6 49.7 47.8 46.2 49.5
MAE D100 S 47.7 46.7 40.3 40.3 37.1 44.4 45.3 48.6 47.9 48.5 45.4 - 49.2 49.5 48.4 48.5 49.6 49.7 47.8 46.4 49.5
W2V D100 S 47.4 47.5 44.9 46.8 44.2 43.3 48.6 49.3 48.4 48.8 43.0 43.6 49.3 49.6 41.9 45.6 49.6 49.7 47.6 46.8 49.5
W2V S 43.6 42.7 39.0 43.2 44.2 37.6 48.6 48.7 48.4 47.7 43.0 43.6 49.3 49.6 39.7 45.6 49.6 49.7 47.6 45.3 49.5
MAE E - 40.0 38.2 37.5 33.1 47.1 45.0 47.5 - 48.3 45.4 - 49.3 49.6 48.3 48.4 49.6 49.7 47.4 45.3 49.5
MAE D100 E - 38.7 38.2 38.6 33.1 45.9 45.0 47.8 - 48.6 45.4 - 49.3 49.6 48.5 48.4 49.6 49.7 47.4 45.2 49.5
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Table 16: CSCF Results Across Subsets and Distances (↓ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EWMTF D100 S 0.1 0.0 0.2 0.8 0.0 0.1 0.0 0.2 0.0 0.4 0.0 9.4 5.5 11.6 0.0 0.4 8.1 8.9 0.2 2.4 8.6
EWMTF S 1.5 0.0 1.2 2.3 0.0 0.1 0.0 1.3 2.7 1.3 0.0 9.4 5.5 11.6 1.7 0.4 8.1 8.9 0.2 3.0 8.6
EMTF S 1.1 0.0 0.2 2.1 0.0 0.1 0.0 0.7 3.8 1.7 0.0 6.7 9.7 8.3 1.3 0.4 10.3 10.0 0.2 3.0 9.6
EMTF D100 S 0.4 0.0 0.2 1.5 0.0 0.1 0.0 0.2 0.0 0.7 0.0 6.7 9.7 8.3 0.0 0.4 10.3 10.0 0.2 2.6 9.6
EWTF D100 S 0.3 0.0 0.1 1.2 0.0 0.1 0.0 0.2 0.0 0.5 0.0 2.7 8.9 13.8 1.8 2.3 9.1 10.4 0.2 2.7 10.6
EWTF S 0.7 0.0 0.1 1.7 0.0 0.1 0.0 1.3 0.0 1.6 0.0 2.7 8.9 13.8 8.7 2.3 9.1 10.4 0.2 3.2 10.6
EWT D100 S 0.3 0.0 0.2 1.0 0.0 0.1 0.0 0.3 0.0 0.5 0.0 4.9 8.8 13.8 1.8 2.4 9.3 10.5 0.2 2.9 10.6
EWT S 0.8 0.0 0.1 1.5 0.0 0.1 0.0 1.4 0.0 1.6 0.0 4.9 8.8 13.8 8.7 2.4 9.3 10.5 0.2 3.4 10.6
ETF S 0.7 0.0 0.1 2.4 0.0 0.1 0.0 0.7 6.6 1.6 0.0 3.5 8.6 12.0 3.1 1.3 10.4 13.8 0.0 3.4 11.2
ETF D100 S 0.1 0.0 0.1 2.5 0.0 0.1 0.0 0.2 1.1 0.7 0.0 3.5 8.6 12.0 0.4 1.3 10.4 13.8 0.0 2.9 11.2
ET D100 S 0.3 0.0 0.1 2.5 0.0 0.1 0.0 0.2 1.1 0.9 0.0 3.7 9.0 11.8 0.4 1.3 10.8 13.4 0.0 2.9 11.3
ET S 0.7 0.0 0.9 2.5 0.0 0.1 0.0 0.7 8.2 1.9 0.0 3.7 9.0 11.8 3.1 1.3 10.8 13.4 0.0 3.6 11.3
ETF D100 C 0.4 0.0 0.8 2.8 0.0 0.1 0.2 1.3 2.2 1.8 0.2 4.9 11.8 15.1 0.9 2.7 13.4 15.7 1.4 4.0 14.0
ETF C 0.9 0.0 0.8 3.2 0.0 0.1 0.2 2.2 6.0 2.3 0.2 4.9 11.8 15.1 3.6 2.7 13.4 15.7 1.4 4.5 14.0
EWTF C 1.6 0.0 0.2 2.5 0.0 0.1 0.0 3.7 5.5 2.1 0.4 3.9 10.6 17.2 9.8 4.6 13.8 14.9 1.4 4.9 14.1
EWTF D100 C 1.2 0.0 0.2 2.3 0.0 0.1 0.0 2.2 2.2 1.4 0.4 3.9 10.6 17.2 3.3 4.6 13.8 14.9 1.4 4.2 14.1
ET D100 C 0.4 0.0 0.7 2.9 0.0 0.1 0.2 1.2 2.2 1.9 0.2 6.0 12.0 15.5 0.9 2.8 13.4 15.9 1.7 4.1 14.2
ET C 0.7 0.0 0.7 3.2 0.0 0.1 0.2 2.0 6.0 2.4 0.2 6.0 12.0 15.5 3.7 2.8 13.4 15.9 1.7 4.6 14.2
EWT C 1.5 0.0 0.2 2.5 0.0 0.1 0.0 3.7 4.9 2.2 0.4 8.9 10.8 17.5 10.0 4.6 13.9 14.9 1.7 5.1 14.3
EWT D100 C 1.2 0.0 0.2 2.3 0.0 0.1 0.0 2.2 2.2 1.5 0.4 8.9 10.8 17.5 3.4 4.6 13.9 14.9 1.7 4.5 14.3
EWMTF D30 S 1.5 0.0 0.2 2.3 0.1 0.1 0.0 1.3 2.7 1.3 0.1 9.4 9.0 19.3 1.7 4.8 15.2 13.7 0.5 4.4 14.3
CLP D100 S 0.1 0.0 0.0 0.9 0.0 0.1 0.0 0.4 1.1 0.7 0.4 5.8 12.5 17.7 0.7 1.8 14.4 14.3 0.2 3.7 14.7
CLP S 0.4 0.0 0.0 2.9 0.0 0.2 0.0 0.9 2.7 1.7 0.4 5.8 12.5 17.7 1.3 1.8 14.4 14.3 0.2 4.1 14.7
EWTF D30 S 0.7 0.0 0.2 1.7 0.0 0.1 0.0 1.3 0.0 1.6 1.4 6.0 12.6 17.1 8.7 7.3 14.6 14.7 0.5 4.7 14.7
ETF D30 S 0.7 0.0 0.8 2.4 0.0 0.1 0.0 0.7 6.6 1.6 0.8 3.5 12.4 15.7 3.1 5.2 15.1 16.5 0.2 4.5 14.9
EWT D30 S 0.8 0.0 0.3 1.5 0.0 0.1 0.0 1.4 0.0 1.6 1.3 4.9 12.5 17.8 8.7 7.3 15.3 15.6 0.7 4.7 15.3
EMTF D30 S 1.1 0.0 1.0 2.1 0.1 0.1 0.1 0.7 3.8 1.7 0.1 6.7 12.9 15.0 1.3 3.9 16.5 16.8 0.2 4.4 15.3
ET D30 S 0.7 0.0 0.9 1.9 0.0 0.1 0.0 0.7 8.2 1.9 0.8 3.7 12.9 17.0 3.1 5.2 15.5 17.4 0.2 4.8 15.7
CLP C 1.1 0.0 0.2 3.2 0.1 0.2 0.0 2.0 4.9 2.5 3.2 6.0 12.7 19.1 2.1 3.0 14.9 16.4 0.7 4.9 15.8
CLP D100 C 0.9 0.0 0.2 2.9 0.1 0.1 0.0 1.7 4.4 2.3 3.2 6.0 12.7 19.1 1.5 3.0 14.9 16.4 0.7 4.7 15.8
CLP D30 S 0.4 0.0 0.1 2.9 0.0 0.1 0.0 0.9 2.7 1.7 2.2 5.8 13.6 20.0 1.3 2.8 15.2 16.1 0.7 4.6 16.2
ETF D30 C 0.9 0.0 1.0 3.2 0.1 0.2 0.2 2.2 6.0 2.3 1.7 4.9 13.9 18.4 3.6 5.9 16.2 17.8 1.2 5.3 16.6
EWMTF C 6.7 0.0 0.9 2.9 0.3 0.5 0.5 6.3 5.5 4.9 0.8 10.2 12.6 19.7 12.0 12.9 17.3 16.8 2.9 7.0 16.6
EWMTF D100 C 6.3 0.0 0.5 2.9 0.3 0.5 0.5 5.2 4.4 4.5 0.8 10.2 12.6 19.7 5.8 12.9 17.3 16.8 2.9 6.5 16.6
EW C 6.7 0.0 0.2 2.9 0.3 1.6 0.5 6.3 5.5 4.9 0.8 10.2 12.6 19.7 12.0 12.9 17.3 16.8 2.9 7.1 16.6
CLP D30 C 1.1 0.0 0.2 3.2 0.1 0.1 0.0 2.0 4.9 2.5 4.6 6.0 13.2 20.3 2.1 3.6 15.9 17.3 0.7 5.2 16.7
EWTF D30 C 1.6 0.0 0.3 2.5 0.1 0.1 0.1 3.7 5.5 2.1 2.7 6.3 13.3 20.2 9.8 8.5 17.1 17.0 1.9 5.9 16.9
ET D30 C 0.7 0.0 1.0 3.2 0.1 0.2 0.2 2.0 6.0 2.4 1.7 6.0 14.2 19.1 3.7 5.9 16.3 18.1 1.4 5.4 16.9
EWT D30 C 1.5 0.0 0.3 2.5 0.1 0.1 0.1 3.7 4.9 2.2 2.8 8.9 13.5 20.5 10.0 8.6 17.1 17.3 1.7 6.1 17.1
EWMTF D30 C 6.7 0.0 0.6 2.9 0.3 0.6 0.7 6.3 5.5 4.9 2.8 10.2 14.3 21.9 12.0 17.7 20.2 18.5 3.1 7.9 18.8
EWTF E 2.6 0.0 0.2 3.2 0.0 0.1 0.0 16.6 2.7 3.4 0.4 6.0 13.1 24.3 15.7 9.0 19.0 21.9 2.9 7.4 19.6
EWTF D100 E 4.9 0.0 0.2 3.2 0.0 0.1 0.0 22.8 1.1 3.0 0.4 6.0 13.1 24.3 9.8 9.0 19.0 21.9 2.9 7.5 19.6
EWT D100 E 4.8 0.0 0.2 3.3 0.0 0.1 0.0 25.2 1.6 3.3 0.5 10.3 13.3 24.6 10.1 9.4 19.2 22.0 2.9 7.9 19.8
EWT E 2.6 0.0 0.2 3.4 0.0 0.1 0.0 18.1 3.3 3.6 0.5 10.3 13.3 24.6 16.0 9.4 19.2 22.0 2.9 7.9 19.8
EMTF D100 C 7.7 0.0 1.4 3.1 0.2 1.4 0.7 4.0 8.2 6.2 2.3 7.6 15.9 22.2 1.3 5.7 20.2 21.5 2.1 6.9 19.9
E C 7.8 0.0 0.0 3.5 0.2 2.3 0.7 5.0 9.3 6.7 2.3 7.6 15.9 22.2 4.1 5.7 20.2 21.5 2.1 7.2 19.9
EMTF C 7.8 0.0 1.4 3.5 0.2 1.4 0.7 5.0 9.3 6.7 2.3 7.6 15.9 22.2 4.1 5.7 20.2 21.5 2.1 7.2 19.9
EWTF D30 E 2.6 0.0 0.2 3.2 0.0 0.1 0.0 16.6 2.7 3.4 2.3 7.0 14.0 24.3 15.7 10.6 20.6 21.2 1.2 7.7 20.0
EWT D30 E 2.6 0.0 0.2 3.4 0.0 0.1 0.0 18.1 3.3 3.6 2.5 10.3 14.3 24.1 16.0 10.9 20.8 21.4 1.4 8.1 20.2
ETF E 0.4 0.0 1.1 3.6 0.0 0.1 0.2 3.4 1.6 3.4 0.1 6.0 13.8 25.2 5.4 4.5 20.3 22.6 1.0 5.9 20.5
ETF D100 E 0.5 0.0 1.0 3.7 0.0 0.1 0.2 5.7 0.5 3.3 0.1 6.0 13.8 25.2 2.0 4.5 20.3 22.6 1.0 5.8 20.5
ET D100 E 0.7 0.0 1.0 3.7 0.0 0.1 0.2 6.0 1.1 3.4 0.2 6.4 13.9 25.5 2.1 4.8 20.7 23.2 1.2 6.0 20.8
ET E 0.4 0.0 1.0 3.5 0.0 0.1 0.2 3.5 2.2 3.5 0.2 6.4 13.9 25.5 5.5 4.8 20.7 23.2 1.2 6.1 20.8
ETF D30 E 0.4 0.0 1.0 3.6 0.0 0.1 0.1 3.4 1.6 3.4 1.2 6.0 15.6 24.9 5.4 6.8 21.4 22.3 1.0 6.2 21.1
CLP D30 E 0.9 0.0 0.2 3.5 0.0 0.1 0.0 4.0 1.6 3.9 3.9 5.3 16.2 24.0 1.8 4.3 20.3 23.9 0.7 6.0 21.1
ET D30 E 0.4 0.0 1.1 3.5 0.0 0.1 0.1 3.5 2.2 3.5 1.3 6.4 15.8 25.1 5.5 7.0 21.7 22.6 1.0 6.4 21.3
EMTF D30 C 7.8 0.0 1.4 3.5 0.4 1.7 0.9 5.0 9.3 6.7 5.4 7.6 17.8 23.5 4.1 9.6 22.4 23.0 2.9 8.1 21.7
CLP E 0.9 0.0 0.3 3.5 0.0 0.3 0.0 4.0 1.6 3.9 3.1 5.3 17.1 24.8 1.8 4.7 21.1 24.8 0.7 6.2 22.0
CLP D100 E 0.9 0.0 0.3 3.5 0.0 0.2 0.0 4.1 1.6 5.2 3.1 5.3 17.1 24.8 2.1 4.7 21.1 24.8 0.7 6.3 22.0
WLM D100 S 2.1 0.0 1.0 3.0 0.7 0.1 0.1 0.4 1.1 1.7 0.0 32.6 21.3 23.0 0.0 0.2 23.2 21.0 0.2 6.9 22.1
WLM S 5.0 0.0 1.2 3.6 0.7 4.6 0.1 0.9 3.3 3.5 0.0 3.7 21.3 23.0 0.1 0.2 23.2 21.0 0.2 6.1 22.1
EF D100 S 0.8 0.0 0.2 3.1 0.0 0.1 0.8 0.2 0.0 2.6 0.3 12.7 24.2 17.6 0.8 5.3 26.9 22.4 0.0 6.2 22.8
EF S 1.9 0.0 0.8 3.6 0.0 0.1 0.8 1.1 2.2 4.5 0.3 12.7 24.2 17.6 4.3 5.3 26.9 22.4 0.0 6.8 22.8
EWF D100 S 0.8 0.0 0.2 2.5 0.0 0.1 0.5 0.3 0.5 1.9 0.1 13.0 19.9 29.3 1.6 6.2 24.3 24.0 0.2 6.6 24.4
EWF S 2.8 0.0 0.2 3.2 0.0 0.1 0.5 2.0 2.7 4.1 0.1 13.0 19.9 29.3 9.2 6.2 24.3 24.0 0.2 7.5 24.4
EF D30 S 1.9 0.0 0.8 3.6 0.0 0.2 1.6 1.1 2.2 4.5 2.8 12.7 24.7 22.9 4.3 9.6 28.6 26.2 1.4 7.8 25.6
EWMTF D100 E 8.3 0.0 0.4 4.7 0.0 0.6 3.1 10.5 4.9 10.5 0.7 8.7 19.9 30.0 9.1 15.3 27.2 28.5 8.6 10.0 26.4
EWMTF E 7.1 0.0 0.4 4.8 0.0 0.6 3.1 11.0 4.9 10.3 0.7 8.7 19.9 30.0 14.2 15.3 27.2 28.5 8.6 10.3 26.4
EW E 7.1 0.0 0.4 4.8 0.0 0.8 3.1 11.0 4.9 10.3 0.7 8.7 19.9 30.0 14.2 15.3 27.2 28.5 8.6 10.3 26.4
E E 15.1 0.0 1.0 6.8 0.2 1.4 2.9 9.0 6.6 11.3 1.5 6.9 21.4 29.0 7.6 10.4 27.3 27.9 8.1 10.2 26.4
EMTF D100 E 10.6 0.0 1.5 6.5 0.2 0.8 2.9 9.1 6.0 11.4 1.5 6.9 21.4 29.0 4.3 10.4 27.3 27.9 8.1 9.8 26.4
EMTF E 15.1 0.0 1.6 6.8 0.2 0.8 2.9 9.0 6.6 11.3 1.5 6.9 21.4 29.0 7.6 10.4 27.3 27.9 8.1 10.2 26.4
WLM D100 C 8.2 0.0 2.3 4.2 2.1 2.0 4.0 1.2 3.3 4.9 0.1 0.6 24.2 26.5 0.0 0.5 28.0 28.1 1.2 7.4 26.7
WLM C 8.5 0.0 2.3 4.5 2.1 4.0 4.0 1.6 4.4 5.9 0.1 0.6 24.2 26.5 0.1 0.5 28.0 28.1 1.2 7.7 26.7
WLM D30 S 5.0 0.0 1.2 3.6 2.0 0.8 1.2 0.9 3.3 3.5 1.3 3.7 25.3 29.0 0.1 0.7 27.2 27.1 0.5 7.2 27.2
EWMTF D30 E 7.1 0.0 0.4 4.8 0.1 0.6 3.1 11.0 4.9 10.3 1.6 8.7 21.0 30.6 14.2 18.3 28.3 29.0 7.9 10.6 27.2
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Table 16: (Continued) CSCF Results Across Subsets and Distances (↓ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EMTF D30 E 15.1 0.0 1.5 6.8 0.2 0.9 2.7 9.0 6.6 11.3 2.9 6.9 23.1 29.4 7.6 13.3 28.7 28.7 8.1 10.7 27.5
EWF D30 S 2.8 0.0 0.2 3.2 0.0 0.1 1.3 2.0 2.7 4.1 1.9 9.5 24.4 32.7 9.2 12.6 27.8 28.8 1.0 8.6 28.4
EF D100 C 6.9 0.0 1.7 4.0 0.2 0.8 5.1 5.5 6.0 7.9 4.8 15.2 26.3 29.5 4.5 11.6 31.0 29.6 5.5 10.3 29.1
EF C 7.3 0.0 1.7 4.2 0.2 0.8 5.1 6.1 7.7 8.4 4.8 15.2 26.3 29.5 7.0 11.6 31.0 29.6 5.5 10.6 29.1
EWF D100 C 7.3 0.0 0.9 4.0 0.3 0.5 4.5 5.7 9.9 7.8 4.6 16.2 25.1 32.3 10.3 16.1 29.1 31.2 3.3 11.0 29.4
EWF C 8.1 0.0 0.9 4.2 0.3 0.5 4.5 6.1 11.5 8.4 4.6 16.2 25.1 32.3 14.4 16.1 29.1 31.2 3.3 11.4 29.4
WLM D30 C 8.5 0.0 2.3 4.5 2.7 2.5 4.7 1.6 4.4 5.9 2.0 0.6 26.5 30.8 0.1 1.0 30.4 30.7 2.1 8.5 29.6
EF D30 C 7.3 0.0 2.0 4.2 0.2 1.0 5.6 6.1 7.7 8.4 6.9 15.2 27.0 29.7 7.0 13.5 31.8 30.1 6.0 11.0 29.6
EWF D30 C 8.1 0.0 0.9 4.2 0.5 0.7 5.1 6.1 11.5 8.4 7.1 13.2 26.2 32.6 14.4 18.4 30.4 32.0 3.1 11.7 30.3
W2V S 9.5 3.3 3.0 7.4 0.7 7.6 1.3 5.5 11.0 5.3 0.0 28.0 27.7 29.3 0.8 3.5 31.4 35.9 3.8 11.3 31.1
W2V D100 S 6.3 0.0 2.1 5.7 0.7 0.9 1.3 2.8 2.2 2.8 0.0 28.0 27.7 29.3 0.2 3.5 31.4 35.9 3.8 9.7 31.1
MAE S 5.0 0.0 0.4 2.9 0.3 2.3 0.0 4.5 7.1 4.6 0.2 0.0 30.2 30.4 14.4 14.4 34.5 - - 8.9 31.7
MAE D100 S 2.4 0.0 0.4 0.7 0.3 0.1 0.0 1.6 3.8 1.5 0.2 - 30.2 30.4 8.4 14.4 34.5 36.0 0.2 9.2 32.8
EF D30 E 10.6 0.0 1.5 6.8 0.2 0.2 7.5 11.4 4.9 13.3 5.1 14.0 30.0 34.2 9.2 14.6 33.8 34.6 7.9 12.6 33.1
EF D100 E 9.9 0.0 1.6 7.2 0.2 0.2 8.6 11.7 5.5 14.5 4.0 14.0 30.0 34.2 7.2 14.0 33.6 35.0 9.5 12.7 33.2
EF E 10.6 0.0 1.5 6.8 0.2 0.2 8.6 11.4 4.9 13.3 4.0 14.0 30.0 34.2 9.2 14.0 33.6 35.0 9.5 12.7 33.2
VC S 7.3 0.0 0.7 4.3 0.0 0.7 5.7 5.1 7.1 9.4 10.2 7.6 33.4 33.5 3.1 6.9 33.3 33.6 4.0 10.8 33.5
VC C 7.9 0.0 0.6 3.3 0.0 0.5 6.5 3.2 6.0 9.3 8.4 7.1 32.0 33.7 2.0 5.1 33.9 34.5 3.8 10.4 33.5
EWF E 7.8 0.0 1.0 5.8 0.1 0.8 14.1 8.4 5.5 13.1 3.1 14.5 28.3 37.1 14.0 16.2 32.7 36.2 7.1 12.9 33.6
EWF D100 E 11.0 0.0 1.2 6.1 0.1 0.8 14.1 8.4 4.9 13.7 3.1 14.5 28.3 37.1 11.2 16.2 32.7 36.2 7.1 13.0 33.6
EWF D30 E 7.8 0.0 1.0 5.8 0.2 0.7 14.2 8.4 5.5 13.1 5.0 13.3 28.6 36.8 14.0 16.8 32.8 36.2 6.7 13.0 33.6
W2V D30 S 9.5 3.3 3.0 7.4 3.0 1.3 3.2 5.5 11.0 5.3 1.2 28.0 31.4 30.6 0.8 5.8 34.8 38.0 2.6 11.9 33.7
AC S 5.3 0.0 0.2 3.8 0.1 0.1 12.7 10.7 7.1 9.8 1.3 10.6 33.2 36.8 6.3 10.2 38.2 38.4 6.9 12.2 36.7
M C 1.9 0.0 0.2 2.0 0.0 2.4 20.7 13.0 18.1 24.8 6.0 9.0 36.5 34.4 3.7 8.8 40.9 37.1 4.5 13.9 37.2
MAE D30 S 5.0 0.0 1.3 2.9 1.4 0.6 0.2 4.5 7.1 4.6 3.9 - 33.7 36.9 14.4 19.1 40.5 39.3 0.2 12.0 37.6
VC E 9.4 0.0 0.3 2.8 0.0 0.3 11.5 6.1 8.8 19.9 11.7 6.6 35.6 37.2 3.3 5.4 39.5 39.6 7.9 12.9 38.0
W2V C 13.0 0.0 4.0 7.6 3.5 2.9 8.4 13.8 11.0 10.1 0.9 6.8 38.4 33.6 1.8 9.8 40.7 40.3 7.9 13.4 38.3
W2V D100 C 12.6 0.0 4.0 7.3 3.5 3.6 8.4 13.2 10.4 9.5 0.9 6.8 38.4 33.6 0.8 9.8 40.7 40.3 7.9 13.2 38.3
WLM D30 E 20.6 0.0 2.5 5.4 1.7 1.5 6.5 8.7 19.2 24.6 1.9 20.3 37.8 37.9 0.1 3.9 39.6 38.2 23.1 15.5 38.4
M S 37.8 0.0 0.5 3.4 0.1 4.5 16.1 29.5 21.4 22.8 9.7 21.2 38.8 35.5 6.5 14.3 42.1 39.7 31.9 19.8 39.0
W2V D30 C 13.0 0.0 4.0 7.6 4.3 3.9 8.4 13.8 11.0 10.1 4.4 6.8 39.0 34.2 1.8 11.8 41.9 41.6 5.5 13.8 39.1
WLM E 20.6 0.0 2.5 5.4 1.6 3.6 5.8 8.7 19.2 24.6 0.4 20.3 39.3 42.0 0.1 4.4 40.7 40.8 32.1 16.4 40.7
WLM D100 E 32.7 0.0 2.5 6.2 1.6 1.1 5.8 12.7 15.9 29.2 0.4 20.3 39.3 42.0 0.0 4.4 40.7 40.8 32.1 17.3 40.7
AC C 11.5 0.0 0.6 6.4 0.1 6.3 23.1 14.2 22.0 25.8 10.2 20.0 40.5 43.0 13.6 16.8 43.4 42.3 11.4 18.5 42.3
CC C 10.8 0.0 1.7 11.4 3.2 9.0 - 22.2 22.5 26.6 11.3 20.6 42.4 38.2 16.1 27.7 46.9 42.0 13.3 20.3 42.4
AC E 10.2 0.0 0.3 6.0 0.1 3.0 11.3 13.5 6.6 19.0 7.0 15.1 40.6 44.4 12.8 16.3 45.3 43.5 14.3 16.3 43.4
M E 33.7 0.0 0.2 5.2 0.0 3.8 11.9 18.2 12.1 28.8 4.6 27.1 42.3 44.4 6.2 23.2 44.9 43.5 20.7 19.5 43.8
W2V D30 E 25.0 0.0 4.4 10.7 4.5 6.7 19.7 32.8 16.5 27.1 3.8 29.1 44.5 40.3 3.7 25.0 47.6 46.4 23.3 21.6 44.7
W2V D100 E 24.7 0.0 4.0 11.1 4.1 8.6 21.1 38.6 19.2 28.9 1.3 29.1 45.8 43.6 4.3 29.5 48.5 47.5 38.8 23.6 46.3
W2V E 25.0 0.0 4.4 10.7 4.1 14.6 21.1 32.8 16.5 27.1 1.3 29.1 45.8 43.6 3.7 29.5 48.5 47.5 38.8 23.4 46.3
CC S 22.2 3.3 3.7 15.5 5.1 11.8 - 28.3 33.5 30.2 17.8 25.5 46.8 42.8 22.0 30.5 50.4 48.0 20.5 25.4 47.0
CC E 34.1 0.0 2.3 13.3 3.7 13.3 - 38.6 33.5 35.9 16.6 31.1 47.3 43.3 22.1 35.2 50.5 50.6 36.4 28.2 47.9
MAE C 15.6 0.0 2.6 5.2 1.5 3.2 0.9 10.6 14.3 9.7 5.6 31.3 42.9 53.0 21.9 23.7 48.1 50.4 2.4 18.0 48.6
MAE D100 C 14.0 0.0 1.8 4.7 1.5 0.7 0.9 10.3 11.0 7.4 5.6 31.3 42.9 53.0 18.9 23.7 48.1 50.4 2.4 17.3 48.6
MAE D30 C 15.6 0.0 2.6 5.2 2.3 1.5 1.4 10.6 14.3 9.7 10.3 31.3 44.4 53.6 21.9 25.4 49.2 50.6 2.9 18.6 49.4
MAE E 13.6 0.0 1.5 6.1 1.2 3.2 5.0 22.1 11.5 19.1 11.3 26.9 48.6 51.8 27.6 30.9 51.1 51.6 20.2 21.2 50.8
MAE D100 E 15.1 0.0 1.5 6.6 1.2 1.5 5.0 27.0 12.1 19.3 11.3 26.9 48.6 51.8 27.0 30.9 51.1 51.6 20.2 21.5 50.8
MAE D30 E 13.6 0.0 2.1 6.1 1.5 1.7 3.3 22.1 11.5 19.1 14.6 26.9 48.5 52.2 27.6 30.4 51.0 51.7 10.0 20.7 50.9
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Table 17: Weighted Purity Results Across Subsets and Distances (↑better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

EWMTF D100 S 59.5 97.7 87.5 82.1 81.4 81.4 54.9 16.2 66.8 2.2 33.6 8.7 11.9 15.5 16.9 6.3 8.2 10.1 35.1 40.8 11.4
EWMTF S 51.2 97.7 72.9 73.2 81.4 81.4 54.9 11.7 66.3 11.7 33.6 8.7 11.9 15.5 1.0 6.3 8.2 10.1 35.1 38.6 11.4
VC S 59.2 96.6 83.8 82.0 82.6 81.4 24.8 17.8 59.4 12.7 9.9 11.3 12.3 14.5 14.0 8.1 8.9 9.1 40.4 38.4 11.2
EWT S 56.2 98.9 90.3 83.1 89.2 86.7 52.5 11.5 64.7 13.1 2.7 9.4 13.0 14.7 6.9 6.0 7.9 9.0 32.4 39.4 11.1
EWT D100 S 62.0 98.9 93.8 89.6 89.2 86.5 52.5 12.3 62.9 14.4 2.7 9.4 13.0 14.7 7.4 6.0 7.9 9.0 32.4 40.2 11.1
EWTF S 57.8 98.9 90.3 80.9 87.6 86.7 50.8 1.9 45.1 12.9 2.9 9.3 12.5 14.6 6.9 6.7 7.7 9.2 36.7 37.9 11.0
EWTF D100 S 63.7 98.9 90.3 86.1 87.6 86.7 50.8 2.0 64.9 14.6 2.9 9.3 12.5 14.6 7.6 6.7 7.7 9.2 36.7 39.6 11.0
ETF S 56.2 98.7 86.1 74.2 81.2 89.0 52.9 12.6 60.8 11.6 4.0 0.8 12.5 15.2 7.9 0.1 7.5 8.1 9.1 36.2 10.8
ETF D100 S 64.5 98.7 86.1 88.3 81.2 89.0 52.9 1.8 63.6 2.2 4.0 0.8 12.5 15.2 9.0 0.1 7.5 8.1 9.1 36.6 10.8
ET E 54.4 99.2 83.6 84.3 80.3 86.9 44.5 12.4 64.6 2.5 4.1 0.8 12.2 14.3 1.0 0.1 8.1 8.6 39.2 36.9 10.8
ET D100 E 57.9 99.2 83.6 80.2 80.3 86.1 44.5 1.8 63.6 13.7 4.1 0.8 12.2 14.3 8.8 0.1 8.1 8.6 39.2 37.2 10.8
ETF E 53.4 99.2 84.0 82.9 79.7 86.9 47.6 13.2 66.2 2.6 4.2 9.6 12.3 14.5 1.0 6.1 7.5 8.6 40.6 37.9 10.7
ETF D100 E 58.5 99.2 70.9 88.0 79.7 86.9 47.6 1.9 65.9 13.4 4.2 9.6 12.3 14.5 8.9 6.1 7.5 8.6 40.6 38.1 10.7
CLP S 58.3 82.9 88.1 82.5 88.8 90.1 90.8 13.4 68.9 14.6 5.1 9.3 12.3 13.8 0.9 6.8 7.8 8.8 42.9 41.4 10.7
CLP D100 S 65.5 82.9 88.1 90.5 88.8 86.9 90.8 13.9 68.3 16.9 5.1 9.3 12.3 13.8 1.2 6.8 7.8 8.8 42.9 42.1 10.7
ETF C 55.6 99.2 70.9 75.7 78.8 87.7 47.5 12.7 66.2 2.4 4.4 0.8 11.6 14.2 8.5 0.1 7.8 8.7 35.4 36.2 10.6
ETF D100 C 60.9 99.2 70.9 88.1 78.8 87.7 47.5 1.9 64.5 2.4 4.4 0.8 11.6 14.2 8.9 0.1 7.8 8.7 35.4 36.5 10.6
EWTF D30 E 58.4 99.2 89.6 74.5 83.0 86.7 45.4 11.1 45.7 13.3 4.0 8.5 11.6 14.2 7.4 0.2 7.4 8.9 41.3 37.4 10.5
EWT C 58.5 98.9 90.6 82.8 87.2 89.9 47.0 10.1 65.3 13.2 3.2 0.8 12.4 13.5 7.2 5.0 7.4 8.7 9.1 37.4 10.5
EWT D100 C 47.6 98.9 91.1 87.8 87.2 87.7 47.0 11.0 66.1 14.4 3.2 0.8 12.4 13.5 7.7 5.0 7.4 8.7 9.1 37.2 10.5
CLP D30 C 60.5 99.6 86.3 87.0 81.3 88.5 92.3 2.0 70.8 16.0 3.3 0.8 11.2 13.2 10.5 6.6 8.2 9.1 14.5 40.1 10.4
EWT D30 S 56.2 99.2 90.3 83.1 79.8 85.4 42.9 11.5 64.7 13.1 3.6 9.4 10.9 14.4 6.9 5.9 7.7 8.7 34.5 38.3 10.4
CLP C 60.5 99.6 86.3 87.0 85.4 87.7 92.7 2.0 70.8 16.0 6.5 0.8 11.2 14.0 10.5 6.3 7.4 8.8 42.0 41.9 10.3
CLP D100 C 64.7 99.6 87.4 87.5 85.4 88.3 92.7 14.9 70.1 16.7 6.5 0.8 11.2 14.0 1.2 6.3 7.4 8.8 42.0 42.4 10.3
MAE S 41.4 60.9 66.0 60.8 56.5 48.3 41.1 11.4 55.6 8.5 6.3 33.8 8.6 12.0 1.0 1.0 1.0 1.0 1.0 36.5 10.3
ETF D30 S 56.2 98.5 80.3 74.2 74.2 84.0 43.6 12.6 60.8 11.6 5.9 0.8 10.7 14.5 7.9 5.7 7.0 8.7 40.8 36.7 10.2
EW E 50.1 96.4 78.6 72.5 76.6 78.6 44.6 2.5 62.0 10.5 13.7 9.3 10.9 13.6 0.9 0.4 7.4 9.0 32.9 35.3 10.2
EWMTF E 50.1 97.0 78.6 72.5 76.6 76.5 44.6 2.5 62.0 10.5 13.7 9.3 10.9 13.6 0.9 0.4 7.4 9.0 32.9 35.2 10.2
EWMTF D100 E 49.1 97.0 78.6 75.7 76.6 76.5 44.6 2.3 62.0 11.4 13.7 9.3 10.9 13.6 0.9 0.4 7.4 9.0 32.9 35.4 10.2
ETF D30 C 55.6 99.2 69.3 75.7 75.5 85.4 44.0 12.7 66.2 2.4 5.5 0.8 11.3 13.5 8.5 0.1 7.3 8.7 41.7 36.0 10.2
CLP D30 S 58.3 82.9 85.3 82.5 79.3 88.0 88.5 13.4 68.9 14.6 3.0 9.3 11.3 14.0 0.9 6.3 7.2 8.3 42.4 40.2 10.2
EWTF C 56.6 97.5 90.6 84.3 86.3 89.9 48.7 10.9 64.9 13.8 2.9 9.1 11.6 12.3 7.3 5.3 7.7 8.9 9.1 37.8 10.1
EWTF D100 C 60.1 98.9 93.4 87.0 86.3 89.9 48.7 1.9 64.4 14.1 2.9 9.1 11.6 12.3 7.6 5.3 7.7 8.9 9.1 37.8 10.1
ETF D30 E 53.4 99.2 79.5 82.9 76.8 88.3 41.5 13.2 66.2 2.6 5.4 9.6 10.8 13.5 1.0 5.8 7.3 8.8 39.9 37.1 10.1
ET D30 S 54.1 98.7 80.2 80.9 74.4 85.9 41.2 12.6 44.9 12.0 5.4 9.5 11.1 13.4 7.9 5.4 7.5 8.2 42.0 36.6 10.0
ET D30 E 54.4 99.2 69.1 84.3 73.8 87.2 40.8 12.4 64.6 2.5 5.8 0.8 11.6 13.7 1.0 0.1 6.7 8.1 41.3 35.6 10.0
EWTF D30 C 56.6 98.9 89.0 84.3 82.6 85.7 43.9 10.9 64.9 13.8 4.4 8.4 10.7 13.3 7.3 4.7 7.2 8.5 32.2 38.3 9.9
EMTF D30 S 26.3 97.7 60.5 68.6 66.9 73.8 36.8 12.8 61.6 6.7 0.7 0.8 10.2 14.5 8.2 5.5 6.7 8.1 36.5 31.7 9.9
EWMTF D30 S 51.2 93.9 73.9 73.2 74.0 76.0 46.6 11.7 66.3 11.7 5.0 8.7 10.9 13.5 1.0 3.2 6.5 8.5 36.5 35.4 9.8
E C 44.1 82.2 45.0 66.3 74.5 83.4 36.1 12.0 59.6 9.9 11.9 0.8 10.9 13.3 8.4 6.0 6.9 8.0 32.0 32.2 9.8
EMTF C 44.1 82.2 67.6 66.3 74.5 84.1 36.1 12.0 59.6 9.9 11.9 0.8 10.9 13.3 8.4 6.0 6.9 8.0 32.0 33.4 9.8
EMTF D100 C 44.7 97.5 67.6 72.1 74.5 84.1 36.1 13.3 60.5 10.0 11.9 0.8 10.9 13.3 9.4 6.0 6.9 8.0 32.0 34.7 9.8
E E 43.1 98.1 83.6 67.0 71.0 82.9 4.7 1.9 60.2 9.6 1.0 1.0 10.7 11.9 1.2 0.2 7.3 8.6 31.3 31.3 9.6
EMTF E 43.1 98.1 80.9 67.0 71.0 83.6 4.7 1.9 60.2 9.6 1.0 1.0 10.7 11.9 1.2 0.2 7.3 8.6 31.3 31.2 9.6
EMTF D100 E 44.8 98.1 79.8 72.3 71.0 83.6 4.7 1.9 58.3 1.8 1.0 1.0 10.7 11.9 1.2 0.2 7.3 8.6 31.3 31.0 9.6
EMTF D30 C 44.1 82.2 74.4 66.3 71.4 75.6 33.4 12.0 59.6 9.9 8.7 0.8 10.7 12.5 8.4 5.3 6.7 8.2 31.5 32.7 9.5
EWF D30 C 46.6 94.9 70.6 70.4 64.3 66.3 3.5 10.2 56.9 8.4 7.8 7.1 8.9 13.7 6.0 4.2 6.5 8.6 37.0 31.2 9.4
EW C 49.2 92.6 90.6 69.8 75.1 74.9 45.8 2.1 61.8 11.0 12.4 0.9 9.3 12.1 1.0 3.2 7.3 8.9 31.1 34.7 9.4
EWMTF C 49.2 96.0 78.3 69.8 75.1 76.8 45.8 2.1 61.8 11.0 12.4 0.9 9.3 12.1 1.0 3.2 7.3 8.9 31.1 34.3 9.4
EWMTF D100 C 51.4 93.9 78.0 74.7 75.1 76.8 45.8 2.1 61.0 12.0 12.4 0.9 9.3 12.1 1.0 3.2 7.3 8.9 31.1 34.6 9.4
EMTF D30 E 43.1 97.9 75.2 67.0 71.1 75.9 35.0 1.9 60.2 9.6 9.3 1.0 10.7 11.3 1.2 0.2 7.3 8.1 32.7 32.6 9.4
W2V D30 E 39.1 75.1 48.4 27.0 22.9 50.9 17.8 5.2 55.0 1.3 10.6 7.5 8.8 13.7 1.1 6.3 6.6 8.3 34.5 23.2 9.3
EWMTF D30 C 49.2 96.0 74.8 69.8 72.9 75.6 39.5 2.1 61.8 11.0 0.6 0.9 10.4 11.7 1.0 3.0 6.8 8.3 32.0 33.0 9.3
WLM D30 E 44.2 96.6 70.2 65.6 72.4 77.4 22.5 18.7 59.0 10.3 10.9 14.5 8.3 13.9 44.6 10.1 6.7 8.2 35.4 36.3 9.3
WLM D30 S 46.5 96.8 75.6 65.8 71.0 79.0 21.9 18.6 60.9 9.8 10.4 27.0 8.7 13.3 44.5 9.5 6.3 8.6 32.4 37.2 9.2
EWF C 46.6 96.0 70.6 70.4 69.3 68.4 3.6 10.2 56.9 8.4 6.6 6.0 8.5 13.5 6.0 4.1 6.3 8.4 36.1 31.4 9.2
EWF D100 C 45.9 94.7 74.1 70.2 69.3 68.4 3.6 10.0 55.2 1.1 6.6 6.0 8.5 13.5 6.2 4.1 6.3 8.4 36.1 31.0 9.2
EWF D30 E 44.9 96.2 72.8 67.3 63.6 65.3 3.6 9.1 55.7 8.6 5.1 7.1 9.2 13.2 6.0 3.5 6.3 7.9 32.9 30.4 9.1
MAE D30 S 41.4 89.2 50.2 60.8 45.1 44.3 36.5 11.4 55.6 8.5 1.7 1.0 9.1 13.2 6.2 5.1 6.1 8.0 28.3 28.9 9.1
WLM C 45.6 99.2 69.8 65.4 74.8 82.2 3.8 18.9 59.0 10.2 12.8 15.2 8.6 13.1 45.8 0.2 6.5 8.2 38.5 35.7 9.1
WLM D100 C 46.7 99.2 76.9 71.1 74.8 80.6 3.8 16.9 57.8 9.7 12.8 15.2 8.6 13.1 51.6 0.2 6.5 8.2 38.5 36.4 9.1
W2V D30 S 39.0 75.3 49.5 27.3 23.9 53.1 17.4 5.4 49.5 1.4 0.8 6.8 8.9 12.8 15.4 6.3 6.5 7.9 32.0 23.1 9.0
WLM D30 C 45.6 99.2 69.8 65.4 71.7 77.9 3.8 18.9 59.0 10.2 11.3 15.2 9.3 11.5 45.8 10.2 6.9 8.3 39.9 35.8 9.0
EWF E 44.9 96.8 72.8 67.3 67.0 66.2 3.7 9.1 55.7 8.6 8.0 6.4 8.9 12.5 6.0 3.7 6.3 8.3 33.3 30.8 9.0
EWF D100 E 45.9 96.0 74.1 71.0 67.0 66.2 3.7 9.5 55.6 8.3 8.0 6.4 8.9 12.5 5.5 3.7 6.3 8.3 33.3 31.1 9.0
W2V D30 C 40.1 75.7 49.3 27.6 23.9 52.3 17.2 4.5 54.9 8.6 5.0 7.8 9.3 12.2 16.1 6.5 6.5 7.9 31.1 24.0 9.0
M C 67.9 99.8 96.3 93.2 86.6 84.7 19.8 6.7 59.6 8.4 8.5 5.5 8.6 12.8 2.4 0.2 6.5 7.9 38.5 37.6 8.9
WLM E 44.2 96.6 70.2 65.6 76.2 81.3 3.8 18.7 59.0 10.3 0.5 14.5 8.5 12.7 44.6 0.2 6.5 7.9 36.3 34.6 8.9
WLM D100 E 45.8 99.2 77.4 72.4 76.2 80.8 3.8 15.7 43.8 10.1 0.5 14.5 8.5 12.7 50.6 0.2 6.5 7.9 36.3 34.9 8.9
ET S 54.1 98.7 80.2 88.7 81.6 89.0 50.0 12.6 44.9 12.0 3.7 9.5 12.4 13.7 7.9 0.1 0.6 8.8 9.1 35.7 8.9
ET D100 S 62.1 96.8 86.1 88.7 81.6 88.2 50.0 1.9 46.5 2.0 3.7 9.5 12.4 13.7 9.2 0.1 0.6 8.8 9.1 35.3 8.9
MAE D30 C 34.1 89.9 52.9 58.0 45.7 41.0 36.0 1.7 56.3 8.7 2.3 8.0 8.5 13.2 6.9 5.3 6.2 7.5 32.0 27.1 8.8
AC C 57.2 98.1 91.4 87.8 80.8 83.3 18.8 1.7 57.4 10.1 8.5 8.5 8.2 12.7 8.5 6.0 6.6 8.0 29.5 36.0 8.8
CLP D30 E 61.9 99.6 87.9 86.9 82.9 89.7 92.5 1.8 46.0 15.9 3.4 0.8 12.1 14.0 0.9 6.5 7.5 1.6 14.5 38.2 8.8
W2V C 40.1 75.7 49.3 27.6 23.2 53.4 17.2 4.5 54.9 8.6 10.0 7.8 8.7 12.1 16.1 6.4 6.5 7.8 31.3 24.3 8.8

Continued on next page
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Table 17: (Continued) Weighted Purity Results Across Subsets and Distances (↑ better)

Method Dist BC BS1 BS2 BS3 BS4 BS5 ES1 HP HS1 HS2 HU1 HU2 HU3 HU4 HW1 HW2 HW3 HW4 OC1 Avg Avg
(Blind)

W2V D100 C 39.2 77.0 49.4 27.6 23.2 55.8 17.2 5.0 54.9 8.4 10.0 7.8 8.7 12.1 21.4 6.4 6.5 7.8 31.3 24.7 8.8
EF D30 S 40.4 94.5 77.4 69.0 68.0 74.9 5.5 5.3 55.4 1.4 3.0 8.7 9.3 11.8 4.2 4.1 6.2 7.6 37.6 30.8 8.7
EWF D30 S 45.2 94.3 70.9 68.0 64.7 68.8 6.2 10.5 57.1 1.6 4.6 6.9 9.2 11.3 6.4 4.5 6.3 8.1 39.0 30.7 8.7
MAE D30 E 40.9 88.4 56.0 57.5 43.0 40.8 31.9 11.1 55.9 8.6 1.9 7.7 8.7 12.1 7.0 5.3 6.4 7.7 27.9 27.3 8.7
EF D30 E 44.1 91.3 75.6 69.0 67.6 74.8 3.7 3.7 55.0 8.7 2.3 7.4 9.7 11.2 3.4 2.2 5.2 8.7 33.6 30.4 8.7
MAE C 34.1 88.6 52.9 58.0 49.7 52.8 36.0 1.7 56.3 8.7 1.7 8.0 8.9 11.5 6.9 5.2 6.2 8.1 26.8 27.5 8.7
MAE D100 C 40.1 88.6 62.6 63.3 49.7 51.4 36.0 11.6 56.4 8.8 1.7 8.0 8.9 11.5 7.1 5.2 6.2 8.1 26.8 29.1 8.7
W2V E 39.1 75.1 48.4 27.0 22.8 53.1 16.3 5.2 55.0 1.3 11.5 7.5 8.0 11.4 1.1 6.4 6.3 8.5 26.1 22.6 8.6
W2V D100 E 39.4 77.2 50.2 27.4 22.8 54.1 16.3 5.9 53.4 8.3 11.5 7.5 8.0 11.4 19.8 6.4 6.3 8.5 26.1 24.2 8.6
EWT E 57.1 99.2 89.8 81.6 86.1 88.9 47.2 2.0 65.1 13.8 2.8 8.8 12.2 12.6 7.2 0.2 7.6 1.5 37.9 38.0 8.4
EWT D100 E 60.0 99.4 90.3 88.2 86.1 88.9 47.2 11.7 45.7 14.4 2.8 8.8 12.2 12.6 8.3 0.2 7.6 1.5 37.9 38.1 8.4
EWTF E 58.4 99.2 89.6 74.5 88.1 88.9 47.6 11.1 45.7 13.3 3.5 8.7 1.9 14.5 7.4 0.1 7.9 9.5 37.6 37.2 8.4
EWTF D100 E 60.8 99.4 92.2 87.2 88.1 88.9 47.6 1.8 63.2 15.0 3.5 8.7 1.9 14.5 7.6 0.1 7.9 9.5 37.6 38.7 8.4
EF E 44.1 96.0 78.0 69.0 69.8 75.3 3.7 3.7 55.0 8.7 0.7 7.4 8.6 10.4 3.4 3.9 6.3 8.4 12.2 29.7 8.4
EF D100 E 39.4 95.1 73.1 73.7 69.8 75.3 3.7 6.1 45.4 8.5 0.7 7.4 8.6 10.4 5.9 3.9 6.3 8.4 12.2 29.2 8.4
EF D30 C 42.2 93.2 77.9 70.4 69.3 74.4 3.8 6.9 56.0 8.6 1.4 6.0 6.6 12.3 4.1 2.2 6.2 8.4 34.9 30.8 8.4
EF S 40.4 94.5 77.4 69.0 72.7 79.1 18.4 5.3 55.4 1.4 6.4 8.7 8.7 12.7 4.2 2.9 4.8 6.8 32.0 31.6 8.3
EF D100 S 44.1 96.6 77.6 79.5 72.7 79.1 18.4 13.3 53.5 1.1 6.4 8.7 8.7 12.7 5.5 2.9 4.8 6.8 32.0 32.9 8.3
MAE E 40.9 90.9 61.7 57.5 46.7 51.7 33.9 11.1 55.9 8.6 0.8 7.7 7.4 11.6 7.0 5.2 6.2 7.8 28.6 28.5 8.2
MAE D100 E 23.0 88.2 61.7 62.8 46.7 50.0 33.9 11.4 45.9 1.4 0.8 7.7 7.4 11.6 7.1 5.2 6.2 7.8 28.6 26.7 8.2
ET D30 C 55.5 99.2 80.0 82.4 77.0 88.8 42.6 1.8 64.3 2.1 5.4 0.9 10.5 13.6 8.0 5.9 0.6 8.3 39.5 36.1 8.2
VC C 62.2 96.4 93.3 91.1 82.9 82.5 24.8 15.7 60.2 11.4 10.4 9.9 9.9 13.4 12.1 0.1 0.6 8.8 41.5 38.3 8.2
EWMTF D30 E 50.1 96.6 74.0 72.5 73.0 74.2 43.8 2.5 62.5 10.5 0.5 9.3 10.0 13.4 0.9 2.9 0.8 8.4 32.4 33.6 8.1
M E 66.9 99.8 96.1 93.3 87.5 84.6 20.2 11.7 57.3 1.1 2.5 0.8 6.0 12.3 9.3 6.3 6.2 7.9 36.3 37.2 8.1
EWF S 45.2 91.8 76.1 68.0 71.2 69.8 2.1 10.5 57.1 1.6 5.2 1.1 8.3 12.8 6.4 2.1 4.3 6.7 30.6 30.0 8.0
EWF D100 S 45.9 91.8 76.1 76.2 71.2 69.8 2.1 10.6 56.0 6.2 5.2 1.1 8.3 12.8 4.7 2.1 4.3 6.7 30.6 30.6 8.0
EWT D30 E 57.1 97.7 89.8 81.6 82.9 85.4 42.2 2.0 65.1 13.8 4.2 8.8 10.9 5.0 7.2 0.3 7.5 8.8 32.4 37.0 8.0
EMTF S 26.3 97.7 84.6 68.6 75.1 85.9 46.9 12.8 61.6 6.7 37.5 0.8 2.0 13.4 8.2 7.0 7.4 9.2 37.6 36.3 8.0
EMTF D100 S 57.6 98.9 84.6 87.4 75.1 85.9 46.9 17.8 65.9 2.1 37.5 0.8 2.0 13.4 20.0 7.0 7.4 9.2 37.6 39.8 8.0
EWT D30 C 58.5 98.9 89.8 82.8 82.1 82.5 43.8 10.1 65.3 13.2 3.3 0.8 11.3 4.5 7.2 0.1 6.6 9.3 32.4 37.0 7.9
EWTF D30 S 57.8 98.9 88.9 80.9 82.3 82.4 45.2 1.9 45.1 12.9 3.8 8.6 9.9 4.9 6.9 0.1 6.9 9.3 39.7 36.1 7.7
AC S 62.0 100.0 92.7 87.8 82.0 83.3 2.7 11.7 57.8 1.2 9.1 8.6 9.4 13.2 8.5 6.3 6.9 1.5 9.1 34.4 7.7
EF C 42.2 93.2 73.7 70.4 71.5 76.5 14.8 6.9 56.0 8.6 4.3 6.0 7.3 9.0 4.1 3.9 5.8 8.3 34.7 31.4 7.6
EF D100 C 39.2 95.1 73.7 74.3 71.5 76.5 14.8 3.8 55.0 1.1 4.3 6.0 7.3 9.0 6.1 3.9 5.8 8.3 34.7 31.1 7.6
VC E 62.5 100.0 94.5 92.4 85.3 80.9 25.5 2.3 59.7 11.5 9.8 9.5 1.6 13.1 11.3 7.2 6.3 8.1 37.6 37.8 7.3
WLM S 46.5 96.8 75.6 65.8 77.5 80.4 22.1 18.6 60.9 9.8 13.6 27.0 1.5 13.0 44.5 11.5 6.4 8.2 30.6 37.4 7.3
WLM D100 S 47.5 98.7 79.4 71.2 77.5 80.4 22.1 16.2 61.3 10.4 13.6 0.9 1.5 13.0 53.5 11.5 6.4 8.2 30.6 37.0 7.3
CLP E 61.9 99.6 88.3 86.9 84.9 88.9 92.5 1.8 46.0 15.9 6.5 0.8 12.6 13.5 0.9 6.8 0.9 1.7 43.1 39.7 7.2
CLP D100 E 62.1 99.8 87.7 84.6 84.9 90.0 92.5 14.0 46.0 17.1 6.5 0.8 12.6 13.5 1.2 6.8 0.9 1.7 43.1 40.3 7.2
M S 63.3 100.0 91.1 90.3 87.2 82.1 16.2 5.1 57.2 7.7 3.6 6.4 1.8 12.5 4.0 5.4 6.4 7.7 35.1 36.0 7.1
MAE D100 S 42.2 60.9 66.0 76.4 56.5 57.4 41.1 11.5 56.2 9.0 6.3 1.0 8.6 12.0 1.0 0.1 6.2 1.5 26.1 29.9 7.1
AC E 58.3 98.1 87.1 85.4 79.5 80.9 18.9 11.9 56.5 9.5 7.9 8.4 6.1 5.5 0.9 5.9 6.6 7.8 10.0 34.0 6.5
ET C 55.5 99.2 84.4 82.4 79.9 87.7 48.9 1.8 64.3 2.1 4.1 0.9 2.4 13.9 8.0 0.1 7.7 1.4 37.2 35.9 6.4
ET D100 C 61.2 99.2 84.4 85.2 79.9 87.8 48.9 1.9 63.5 13.4 4.1 0.9 2.4 13.9 8.7 0.1 7.7 1.4 37.2 36.9 6.4
CC E 37.8 63.8 46.7 37.4 43.9 31.6 1.0 3.9 46.8 1.1 0.7 1.0 1.0 1.0 1.5 4.2 5.2 7.0 26.5 23.9 6.1
W2V S 39.0 75.3 49.5 27.3 24.9 53.5 16.2 5.4 49.5 1.4 0.6 6.8 1.5 12.3 15.4 6.8 0.6 8.1 27.2 22.2 5.6
W2V D100 S 39.1 61.7 47.4 27.8 24.9 58.2 16.2 5.9 46.5 7.6 0.6 6.8 1.5 12.3 22.3 6.8 0.6 8.1 27.2 22.2 5.6
CC S 39.0 87.3 54.5 34.6 36.2 39.1 1.0 6.0 56.0 7.0 3.7 1.0 1.0 1.0 3.4 1.8 4.2 6.8 33.6 27.5 5.5
CC C 38.1 70.4 56.3 36.2 40.8 8.1 1.0 7.4 47.4 5.7 6.7 1.0 1.0 1.0 5.8 4.0 0.6 6.3 18.6 23.5 3.5
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Table 18: Avian Perception Alignment: Triplet Accuracy (High Consis-
tency)

Method Triplet Acc. (%)

EW (C) 80.9
EW (E) 80.9
EW (S) 80.6
EWTF (S) 74.8
EWF (S) 73.0
EWTF (C) 73.0
EWTF (E) 72.9
EWF (C) 72.8
EWF (E) 72.7
EMB-LUA ∗ 72.7
ETF (D=100, PCA) (E) 72.1
ETF (E) 71.7
ETF (S) 71.7
ETF (C) 71.6
EF (C) 71.6
EF (E) 71.4
E (S) 71.2
EF (S) 71.0
E (E) 70.1
E (C) 69.9
Luscinia-U ∗ 69.8
CLAP (C) 67.6
CLAP (E) 67.6
CLAP (S) 67.4
CLP D100 (E) 67.3
ETF (D=100, PCA) (C) 66.5
CLP D30 (E) 66.2
ET (S) 66.0
Luscinia ∗ 66.0
ET (C) 64.8
ET (E) 64.4
SAP ∗ 64.0
CC (E) 62.8
CC (C) 62.6
CLP D30 (C) 62.1
CLP D100 (C) 61.9
CLP D30 (S) 61.9
M (E) 61.4
ETF (D=100, PCA) (S) 60.4
CLP D100 (S) 60.2
AC (S) 60.0
CC (S) 59.2
MAE D100 (E) 59.0
AC (C) 58.8
MAE D30 (E) 58.4
M (C) 57.9
MAE (S) 57.7
MAE (C) 57.3
VC (S) 57.2
WLM (S) 57.1
MAE (E) 57.1
Raven ∗ 57.0

Continued on next page
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Table 18: (Continued) Avian Perception Alignment: Triplet Accuracy
(High Consistency)

Method Triplet Acc. (%)

VC (E) 56.1
MAE D100 (C) 56.1
MAE D30 (C) 56.0
WLM (C) 55.8
MAE D30 (S) 55.3
VC (C) 55.3
WLM (E) 54.9
W2V D100 (S) 54.3
W2V D30 (C) 54.3
W2V D100 (C) 54.2
MAE D100 (S) 53.9
WLM D30 (C) 53.7
WLM D100 (C) 53.7
WLM D30 (S) 53.6
WLM D100 (E) 53.3
W2V D30 (S) 52.9
W2V D100 (E) 52.0
WLM D100 (S) 52.0
W2V D30 (E) 51.9
WLM D30 (E) 51.8
AC (E) 51.8

*Reference values from Zandberg et al. (2024) Zandberg et al. (2024).
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Table 19: Predicting mouse strain. Classification accuracy (Top-1, %) and
std over 5 splits. Only MLP at α = 0.001 is shown.

Method k-NN RF MLP (α = 0.001)
k=3 k=10 k=30 depth=10 depth=15 depth=20 Top-1 (%) ± std

EWTF 98.00 96.96 95.14 93.25 96.12 96.57 99.49 (0.12)
EWTF D30 97.19 96.30 94.82 89.87 94.86 94.99 97.90 (0.27)
EWTF D100 99.04 98.61 97.77 92.77 96.18 96.40 98.77 (0.22)
EWT 98.00 96.96 95.14 93.25 96.12 96.57 99.49 (0.12)
EWT D30 97.95 97.19 95.64 89.61 94.96 95.09 98.14 (0.11)
EWT D100 99.34 98.99 97.99 93.34 96.69 96.76 99.22 (0.13)
EWF 97.18 95.82 93.73 91.49 95.25 95.80 99.18 (0.08)
EWF D30 96.06 94.14 91.61 89.53 94.41 94.76 95.95 (0.10)
EWF D100 97.66 96.55 94.28 90.60 95.02 95.27 97.46 (0.18)
EWMTF 97.01 95.77 93.45 92.44 95.46 95.97 99.25 (0.19)
EWMTF D30 96.89 95.75 93.67 89.38 94.43 94.57 96.79 (0.31)
EWMTF D100 98.80 98.29 96.90 92.44 95.79 96.10 98.39 (0.09)
Spectrogram D=10∗ 68.1 71.0 72.8 72.8 73.1 73.2 72.4 (0.4)
Spectrogram D=30∗ 76.4 78.2 78.5 76.6 78.0 78.3 78.5 (0.8)
Spectrogram D=100∗ 82.3 82.7 81.3 79.1 80.5 80.7 82.8 (0.1)
MUPET D=9∗ 86.1 87.0 86.8 87.4 87.9 87.9 87.9 (0.2)
DeepSqueak D=10∗ 79.0 80.7 81.0 81.2 82.1 81.9 82.4 (0.3)
Latent D=7∗ 89.8 90.7 90.3 88.1 89.6 89.6 90.4 (0.3)

Results with (*) are from Goffinet et al. (2021). Values are Top-1 accuracy (%) ± std.

53



2862
2863
2864
2865
2866
2867
2868
2869
2870
2871
2872
2873
2874
2875
2876
2877
2878
2879
2880
2881
2882
2883
2884
2885
2886
2887
2888
2889
2890
2891
2892
2893
2894
2895
2896
2897
2898
2899
2900
2901
2902
2903
2904
2905
2906
2907
2908
2909
2910
2911
2912
2913
2914
2915

Under review as a conference paper at ICLR 2026

Table 20: Predicting mouse identity. Classification accuracy (Top-1, %)
and std over 5 splits.

Feature Set α = 0.01 α = 0.001 α = 0.0001
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

EF (D=100) 35.0 (0.5) 65.9 (0.3) 35.3 (0.5) 66.0 (0.2) 35.0 (0.4) 65.9 (0.4)
EF (D=30) 30.1 (1.1) 66.0 (0.5) 30.0 (0.4) 66.0 (0.4) 30.4 (0.5) 66.2 (0.4)
ETF (D=100) 51.9 (0.9) 79.3 (0.5) 52.1 (0.4) 79.5 (0.2) 52.0 (0.4) 79.6 (0.2)
ETF (D=30) 41.6 (0.6) 74.0 (0.4) 42.5 (0.4) 74.4 (0.5) 42.5 (0.2) 74.3 (0.2)
ET (D=100) 53.1 (0.4) 80.0 (0.5) 52.8 (0.4) 79.9 (0.3) 52.6 (0.5) 79.8 (0.3)
ET (D=30) 42.8 (1.1) 74.5 (0.5) 42.9 (0.4) 74.5 (0.2) 42.9 (0.5) 74.5 (0.4)
EMTF (D=100) 48.2 (0.4) 76.6 (0.3) 48.2 (0.5) 76.6 (0.2) 47.9 (0.5) 76.4 (0.2)
EMTF (D=30) 38.3 (0.6) 71.7 (0.3) 37.9 (0.7) 71.5 (0.4) 38.1 (0.1) 71.7 (0.2)
Spectrogram D=10∗ 9.9 (0.2) 36.6 (0.4) 10.8 (0.1) 38.6 (0.2) 10.7 (0.2) 38.7 (0.5)
Spectrogram D=30∗ 14.9 (0.2) 45.1 (0.5) 17.3 (0.4) 50.7 (0.6) 17.3 (0.3) 50.8 (0.3)
Spectrogram D=100∗ 20.4 (0.4) 55.0 (0.3) 25.3 (0.3) 62.9 (0.4) 25.1 (0.3) 63.2 (0.4)
MUPET D=9∗ 14.7 (0.2) 46.5 (0.3) 19.0 (0.3) 54.0 (0.2) 20.6 (0.4) 57.3 (0.4)
Latent D=8∗ 17.0 (0.3) 49.9 (0.4) 22.7 (0.5) 59.2 (0.6) 24.0 (0.2) 61.6 (0.4)

Results with (*) are from Goffinet et al. (2021). Values are accuracy (%) ± std over 5 folds.
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