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Abstract

Dataset Pruning (DP) aims to construct a core-
set that achieves performance comparable to
the original, full dataset. However, few stud-
ies have explored DP in the context of Speech
Classification (SC) tasks. Unlike image or text
classification, SC is particularly challenging
due to the difficulty in capturing the acoustic,
semantic, and contextual representations. In
this study, we propose a novel dataset pruning
method for speech datasets, termed MelTrim,
which uses a two-step coarse-to-fine frame-
work designed to address these challenges.
Specifically, in Step 1, MelTrim coarsely filters
utterance-level redundant samples using DB-
SCAN clustering on Mel-Frequency Cepstral
Coefficients (MFCC) features, which are first
flattened and then reduced in dimensionality us-
ing UMAP. In Step 2, we perform frame-level
redundancy pruning for each utterance via util-
ity pruning, which aims to eliminate irrelevant
frames within each utterance. To the best of
our knowledge, this is the first dataset pruning
approach designed for Speech Classification
tasks, demonstrating outstanding performance
compared to classical general DP methods. No-
tably, for the Speech Emotion Recognition, our
method achieves up to a 49.5% improvement
in WA (Weighted Accuracy) on the MEAD
dataset. For the Speaker Identification tasks,
it results in a 41.9% reduction in EER (Equal
Error Rate) on the VoxCelebl dataset. Our
implementation is publicly available at https:
//github.com/turturturturtur/MelTrim.

1 Introduction

In recent years, the rapid advancement of speech
foundation models such as HuBERT (Hsu et al.,
2021), Wav2Vec 2.0 (Baevski et al., 2020), and
Whisper (Radford et al., 2023), along with the
evolution of large-scale speech and multimodal
models (Chu et al., 2024; Hu et al., 2024), has
positioned speech as a critical modality in intel-
ligent perception and interaction systems. These
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Figure 1: (a) Inter-sample (utterance-level) and (b) Intra-
sample (frame-level) redundancy phenomenon in speech
recognition. We evaluated the cosine similarity within
and across samples based on syllable-level features ex-
tracted from M3ED using Sylber (Cho et al., 2024).

models, typically trained on thousands of hours
of raw audio, aim to capture rich acoustic, seman-
tic, and contextual representations that generalize
across downstream tasks such as speech transla-
tion (ST) (Liu et al., 2024), speaker identification
(SID) (Jung et al., 2022a), speech emotion recog-
nition (SER) (Ma et al., 2024b,a) and automatic
speech recognition (ASR) (An et al., 2024). How-
ever, speech data is inherently high-dimensional,
temporally dense, and structurally redundant (Xu
et al., 2023), resulting in significant storage and
computational burdens in large-scale training.

To mitigate training costs and enhance data ef-
ficiency, data pruning (DP) techniques have been
extensively studied in the computer vision (CV) do-
main, where large-scale datasets often exhibit sub-
stantial redundancy. These methods aim to identify
and retain representative and informative subsets
that enable effective model training while reducing
computational overhead (Paul et al., 2022; Killam-
setty et al., 2021; Margatina et al., 2021; Agarwal
et al., 2020; Coleman et al., 2019; Mirzasoleiman
et al., 2020). Despite their success in CV, such
strategies do not transfer directly to speech data,
where redundancy arises both across utterances and
within utterances at the frame level. Systematic ap-
proaches that explicitly address these unique forms
of redundancy remain largely underexplored.

To address this gap, we begin by empirically
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Figure 2: Pipeline of MelTrim. (a) Step 1: At the coarse stage, we operate on the utterance level by applying density-
based clustering (DBSCAN) to dimensionally reduced MFCC representations. (b) Step 2: At the fine-grained stage,
we prune at the frame level using utility-based selection to discard uninformative segments, retaining only the most
discriminative frames for downstream modeling. (c) The utility is judged by a pre-trained model on whole data.

investigating redundancy in speech data using
syllable-level features extracted from the M3ED
dataset via Sylber (Cho et al., 2024). Specifically,
we compute cosine similarities for intra- and inter-
sample features. As shown in Figure 1, speech data
exhibits two key forms of redundancy:

* Inter-sample redundancy, as shown in Fig-
ure 1(a), where numerous utterances share over-
lapping semantic patterns and thus contribute
limited additional information.

* Intra-sample redundancy, as illustrated in Fig-
ure 1(b), where adjacent frames within an utter-
ance carry redundant information content due to
speech continuity.

These redundancies substantially reduce the utility

density of speech corpora, leading to inefficient

data usage, longer training times, and diminished
scalability for large-model training.

To tackle these challenges, we propose a two-
stage coarse-to-fine pruning framework, MelTrim,
for speech data, as depicted in Figure 2. (i) At
the coarse stage, we operate on the utterance level:
applying density-based clustering (DBSCAN) to
dimensionally reduced MFCC representations to
eliminate low-utility utterances while preserving
acoustic diversity. (ii) At the fine-grained stage,
we prune at the frame level using utility-based se-
lection to discard uninformative segments (e.g., si-
lence, filler, and redundant content), retaining only
the most discriminative frames for downstream
modeling. Our contributions are as follows:

* We explore the redundancy phenomenon in
speech recognition. As illustrated in Figure 1,
we observe that both utterance-level and frame-
level redundancy associated with audio samples
across different datasets.

* To the best of our knowledge, we are the first
to design a generally applicable, coarse-to-fine

pruning framework to eliminate redundancy at
both utterance and frame levels, enhancing the
efficiency and compactness of speech data.

* We validate our method on representative speech
classification tasks, i.e., Speech Emotion Recog-
nition and Speaker Identification, demonstrating
that it achieves substantial data reduction with
minimal impact on model performance. Partic-
ularly, in Speech Emotion Recognition task,
our method achieves up to a 49.5% improve-
ment in WA on the MEAD dataset. In the
Speaker Identification task, it leads to a 41.9%
reduction in EER on the VoxCelebl dataset. Be-
yond speech classification, we also conduct a
small-scale ASR evaluation on MELD with a
Wav2Vec judge; MelTrim yields consistent WER
reductions under low-budget coresets.

* We further show MelTrim’s weak-to-strong abil-
ity for different Whisper architectures, demon-
strating its ability for more efficient cross-
architecture pruning for speech classification.

2 Method: MelTrim

2.1 Preliminaries: Data Pruning

Given a dataset D = {(z;,y;)}I ;. the objective
of data pruning (DP) is to obtain a smaller dataset
D = {(&;, )}, with m < n samples. Note
that each z; can either correspond to an element in
D or be a compressed representation of a sample
x; € D. The desired dataset D should enable
a model to achieve comparable, or even lossless,
performance when compared to a model trained
on D. In practice, the performance is evaluated
on a held-out test dataset Dyog. Specifically, for
amodel f parameterized by 6 trained with cross-
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entropy loss £, the following condition must hold:

)

min 3 [ Lo (@).) ~ Lo (2).0)

(%,y) €Dtest

()
where 6p and 65 denote the parameters of models
trained on the original dataset D and the pruned
dataset D, respectively.

2.2 Step 1: Utterance-level Coarse Filtering

To efficiently prune the speech dataset, we first
perform coarse filtering based on Mel-Frequency
Cepstral Coefficients (MFCC), a classic yet ef-
fective representation in speech signal process-
ing (Xu et al.,, 2004). The objective at this
stage is to preserve the full acoustic diversity of
the data—capturing variations in pitch, timbre,
prosody, and recording conditions—before any
task-specific selection. Unlike deep features from
modern pretrained models (e.g., Whisper) that are
explicitly optimized for semantic invariance and
thus conflate acoustically distinct utterances with
the same content, MFCCs remain highly sensi-
tive to acoustic variability. This property makes
them a principled choice for clustering at the ut-
terance level, ensuring that the resulting coreset
faithfully covers the acoustic manifold rather than
collapsing into semantically homogeneous repre-
sentations. The full process of Step 1 is illustrated
in Figure 2(a).
MFCC Feature Extraction. MFCC features effec-
tively capture both speech and tonal information
within a speech signal, making them essential for
speech feature extraction (Pakyurek et al., 2020;
Deng et al., 2020). The process mainly consists
of five steps, i.e., Pre-emphasis, Framing and Win-
dowing, Fast Fourier Transform, Mel Filter Bank,
and Logarithm and Discrete Cosine Transform.
Formally, given an input waveform x;, we ex-
tract its MFCC representation via a transformation:
Given the established rationale for prioritizing
acoustic fidelity, we operationalize this by employ-
ing the MFCC feature extraction pipeline. This
pipeline is a standard and effective method for
transforming a raw audio waveform into a compact,
informative representation that preserves the essen-
tial spectro-temporal characteristics of the speech
signal (Pakyurek et al., 2020; Deng et al., 2020).
The process systematically distills the acoustic
information through five key stages: Pre-emphasis,
Framing and Windowing, Fast Fourier Transform,
Mel Filter Bank, and Logarithm and Discrete Co-

sine Transform. Formally, given an input waveform
x;, we extract its MFCC representation via a trans-
formation:

X; = MFCC(z;) € R?0*Fi, (2)

where X; is the MFCC feature matrix of the -th
sample, containing the first 20 cepstral coefficients
per frame over L; frames. This approach allows
us to capture the dynamic spectral changes in the
speech signal and provides valuable information
for subsequent clustering and distillation processes.
Flattening. To ensure consistency across the
dataset and enable batch processing for down-
stream analysis, we first zero-pad or truncate each
MFCC feature matrix X; € R20%Li 3 fixed se-
quence length Lgy. This results in a representation:

X; € R0 Fox, 3)

where X; denotes the padded MFCC matrix of i-th
sample. We then flatten each matrix into a vector:
f; = Flatten(X;) € RY, withd = 20 - Lg,. (4)
This yields a fixed-length feature matrix: Xg,e =
[f1,f2,...,fx]" € R4 This uniform structure
allows for efficient dimensionality reduction and
clustering in the subsequent steps.
UMAP Dimensionality Reduction. To fur-
ther reduce computational complexity and en-
able low-dimensional clustering, we apply Uni-
form Manifold Approximation and Projection
(UMAP) (Mclnnes et al., 2018) to the flattened
MFCC feature matrix. Given the unified feature
matrix Xpae € R™*? obtained from the previous
step, UMAP projects it to a 2D space:

Z = UMAP(Xgy) € R™*2, (5)

where Z denotes the 2D representation of all n
samples. UMAP builds a neighborhood graph
in the high-dimensional space and learns a low-
dimensional embedding that preserves the local
manifold structure. This projection facilitates sub-
sequent clustering and visualization.

Clustering with DBSCAN in 2D Space. After
dimensionality reduction, the speech features are
mapped into a 2D plane using UMAP. To further
analyze and select representative samples, we apply
the DBSCAN (Wang et al., 2017) clustering algo-
rithm, which is a density-based clustering method
that can automatically discover clusters of arbitrary
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shape and effectively identify outliers without re-
quiring the number of clusters in advance.

We first apply DBSCAN to the 2D embed-
dings Z = {z;}]"; to obtain cluster labels ¢; €
{1,..., K}U{—1}, where —1 denotes noise points.
All samples labeled as noise are discarded. We then
obtain a pre-selected subset S by sampling repre-
sentative points from the remaining clusters.

Let C, = {z; | ¢; = k} denote the k-th clus-
ter, and let m be the total number of samples to
be selected. To allocate samples proportionally
according to cluster size, we compute:

where |- | denotes the floor function. The cen-
troid of cluster Cy, is defined as:

m= Y m @)

For each cluster, we retain M), points that are
closest to the centroid in terms of Euclidean dis-
tance:

K
S = Top-My, (—|lzi — pill2) . ®
k=1 z,€Cy,
The resulting subset S is used for subsequent selec-
tion, where |S| = m.

2.3 Step 2: Frame-level Fine-grained Pruning

To enhance the representativeness of speech data
and improve model generalization, we further pro-
pose frame-level fine pruning based on utility. The
overall process consists of three steps: utterance
split, utility-based segment scoring, and key frames
selection with the highest utility scores. The entire
process of Step 2 is shown in Figure 2(b).

Utterance Split. Given a pre-selected subset
S = {(xi,vi)}™,, where each z; € RL is a full-
length speech sample, we further split multiple
fixed-length segments from each z; to construct a
frame-level candidate set. Each segment has length
w = %, and its starting point ¢, is sampled uni-
formly from [0, L — w], resulting in:

4 9
ka:xi[tk:tk—l—w}, tkNZ/I(O,L—’LU) 9)
The final candidate set for each x; is:
Pi={&1,%2,---, &Kk}, &reRY (10

Utility Scoring. For each segment, we evaluate its
importance with its Utility towards a pre-trained
Judge Model.

The Judge Model as a Task-Aligned Proxy. To
provide an objective evaluation standard for scor-
ing and pruning, we pre-train a Judge Model, as
illustrated in Figure 2(c). The conceptual role of
this model is to act as a task-aligned, lightweight
proxy for the final downstream model. Its design
follows two key principles:

1. Task-Alignment: The Judge Model must
be trained on the same task (e.g., Speech
Emotion Recognition) as the final evaluation
model. This ensures that the gradients used
for utility scoring are semantically meaningful
and relevant to the downstream objective.

2. Efficiency: The Judge Model should be com-
putationally efficient. We use a lightweight
architecture, as the utility scoring step requires
performing forward and backward passes on
a large number of candidate segments.

Following these principles, the model is trained to
convergence on the full dataset D using a standard
cross-entropy loss. Once trained, its parameters are
frozen, allowing it to serve as a fixed and consis-
tent "teacher" for assessing the semantic utility of
different segments. The specific architecture for
each task is detailed in our experimental setup 3.1.

After obtaining the frozen judge model, we for-
mally introduce the definition of Utility as follows.

Definition 1 (Gradient Flow). Let £; denote the
cross-entropy loss of the model parameterized by
6®) at iteration . The gradient flow computed on a
mini-batch B is defined as:

Li(for (), y; B) - ot

(11)

The gradient flow L;(f, (), y; B) character-
izes the instantaneous rate of change of the loss for
a given example (x,y) during training, providing a
continuous-time approximation of the training dy-
namics. Unlike discrete stochastic gradient descent
updates, which may introduce noise, the gradient
flow offers a smooth analytical perspective to quan-
tify the importance of data points. Leveraging this,
we evaluate the effect of removing a single data
point (z;,y;) and define a utility function below to
serve as a pruning criterion.

Definition 2 (Utility). Based on the gradient flow
defined in Definition 1, consider a data point
(x;,yi) in a dataset D, and let B C D be the mini-
batch at iteration ¢. Define B-; := B\ {(xs, yi)}.
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The importance of (z;, y;) is measured by the max-
imal change in gradient flow over all relevant pairs:

max

U(i, Yi5 for) =
( o) (zj,y;)€D

Lo fo (5), 55 B) = Le(foo (5), y55 Bi) | -

This utility captures the worst-case impact of re-
moving a single data point on the gradient flow,
ensuring it accurately reflects the point’s influ-
ence on training. By maximizing the difference
in Ly(fo (), yj; B) across all (x,y;) € D, the
utility identifies samples with the greatest effect on
training dynamics. This aligns with the objective
of dataset pruning: retaining critical samples while
discarding less impactful ones.

Definition 3 (Gradient Norm). The gradient norm
of a training example (z, y) for a model f parame-
terized by ") at iteration ¢ is given by:

1Vor Le(foor (), ). (12)

Leveraging Definition 3, we show that the utility
can be upper bounded by the gradient norm.

Theorem 4 (Utility is bounded by Gradient Norm,
Proof in Appendix B). Let the utility function U be
defined as in Definition 2. There exists a constant
c > 0 such that:

U(xi, yis for) < el Vo L foor (25),y4)|]. (13)

Based on Theorem 4, we efficiently approximate
the utility of each sample via the upper bound pro-
vided by the gradient norm. This allows direct se-
lection of the most influential samples by choosing
those with the highest gradient norms.

After obtaining the judger fy,., we assess the
representativeness of each segment. Specifically,
for each segment §; ;,, we compute the gradient
norm to approximate its utility as follows:

sik = [IVor L (for (Sin)svillly, (14
where L is the cross-entropy loss, and y; is the
corresponding ground truth label. In the implemen-
tation, we forward propagate and backpropagate for
each segment individually, iterating over all model
parameters, summing the squared gradients, and
then taking the square root to obtain the final score.
This score reflects the frame sensitivity to model
parameter updates, i.e., its semantic complexity
and representativeness.

Next, we retain the most informative segment
for each utterance based on the highest score:

§ =argmaxs;g, ¢; = max 8; (15)
k

where s; i, is the score assigned to the k-th segment

of the ¢-th utterance. This results in a candidate

pool {(&F,yi, ¢F)}i™,. We then select the final

subset D by ranking all £ according to their scores

and retaining the top-m segments:

D = Top-m <{(€?ayi)}i1 » by (b;) - 19

Based on Step 1 and Step 2, we obtain a com-
pressed dataset that incorporates both utterance-
level and frame-level pruning.

3 Experiments

3.1 Experimental Setup

Datasets. We conducted experiments on four
datasets, including three corpora for emotion recog-
nition and one speaker identification corpus, each
corresponding to a distinct classification task.
Specifically, we used the following datasets: (i)
the M3ED dataset, (ii) the MEAD dataset, and
(ii1) the MELD dataset, all from the EmoBox (Ma
et al., 2024a), where we selected four representa-
tive emotion categories—~Neutral, Angry, Happy,
and Sad—for classification; and (iv) the VoxCelebl
dataset (Nagrani et al., 2017), from which we se-
lected 10 speakers with the most data as a subset
to construct a speaker identification task.

Coreset Size. To ensure a fair comparison, we
evaluated performance under different ratios. For
all methods, we chose 1, 5, 10, and 50 samples
per class for each dataset, corresponding to coreset
ratios. For example, choosing 1, 5, 10, and 50
samples per class corresponds to 0.036%, 0.18%,
0.363%, and 1.813% of MEAD dataset.
Baselines. We compared our approach against
a range of widely-used data selection baselines,
covering diversity-based, uncertainty-based, and
influence-based strategies: (i) Random, which uni-
formly samples data from the full training set; (ii)
Herding, a representativeness-based method that
selects samples closest to the class mean; (iii) K-
Center (Sener and Savarese, 2018), which maxi-
mizes the coverage radius by iteratively choosing
the farthest point from current selections; (iv) Least
Confidence (LC) (Coleman et al., 2019), which
selects samples with the lowest predicted confi-
dence; (v) Entropy, which ranks samples based on
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Table 1: Results of WA (%) on MEAD, MELD and M3ED datasets across different coreset ratios.

Dataset | MEAD | MELD | M3ED
Ratio (%) |  0.036 0.18 0.363 1813 | 0.049 0.243 0.485 2426 | 0.026 0.131 0.261 1.307
Random 2296428 28.16+2.6 35.19+2.1 40.71+49 | 37.52447 34.60+32 34.6843.0 38.26+4.9 | 28.40+58 29.99445 32.89+2.1 43.04+5.0
Herding | 23.01+3.1 23.49+34 26.24+43 33.33+17 | 3146482 36.60+23 3327440 24.83+28 | 16.04£00 13.77+44 1333+09 18.77+09
K-Center | 30.29+2.6 32.17+22 38.06+44 50.18+39 | 35.76£92 31.99+50 31.22+26 38.11=11 | 34.03+654 29.73+09 33.76+6.1 36.77+2.0
Entropy | 31.55+22 3431432 37.45+15 44.49+21 | 38.53+47 39.07+65 36.68+29 41.04=4.1 | 32.58+17 30.62+64 31.61+14 44.38+30
Craig | 2826432 34.68+28 35.53+16 40.72+14 | 39.06+23 3742460 24.23£62 24.62+20 | 24.87+22 3372453 36.65+6.7 40.14+37
CD 28.30+44 32.85435 3524415 4239405 | 30.73+32  35.37+27 37.10+£7.0 30.71+3.1 | 38.07+38  40.67+08 38.57+59 38.88+4.0
Cal 32.01+£3.7 31.97+40 38.32+24 44.60+14 | 29.5248.0 50.85+5.1 5522410 57.41+0.1 | 4490454 4445453 46.57+3.0 53.17+1.2
GraND | 2252453 27.42+64 24.85+4.1 3110435 | 22.804102 4153463 2747446 22.06£10 | 3550459 28.65464 38.65+24 39.72462
Forgetting | 28.06+1.4 34.51£00 36.86+29 31.25+0.1 | 38.22459 33.02+44 34.07458 41.64+63 | 31.54+59 3321431 31.50£04 33.35+15
LC 2790421 3271414 3590428 38.09+12 | 47.72460 35.01+88 17.86+42 21.08+47 | 2671439 48.60+12 42.00+17 48.95+4.2
Margin | 31.54+23 34.37+35 37.65+15 4621425 | 39.09+43 39.07+66 35.61433 44.13+55 | 33.57+24 30.66463 31.71+16 43.85+3.1
MelTrim | 44.28+:0.6 51.84+17 5341106 64.67+08 | 5755104 58.10£0.3 58.89:03 60.14:02 | 52.01=11 5278400 53.84:0.7 55.76+08
Whole | 84.68+1.1 | 5834203 | 56.17+0.3
Table 2: Results of UA (%) on MEAD, MELD and M3ED datasets across different coreset ratios.
Dataset | MEAD | MELD | M3ED
Ratio (%) | 0.036 0.18 0.363 1.813 | 0.049 0.243 0.485 2426 | 0.026 0.131 0.261 1.307
Random | 23.59+16 29.62+12 36.43+23 41.05+37 | 26.96+06 28.90+09 32.26+18 30.16+3.6 | 28.45+33 29.80+0.7 30.24+25 32.30+49
Herding | 21.62+2.1 2249421 24.04+3.0 30.24+13 | 24.08+0.7 27.13+04 26.45+0.5 28.97+0.7 | 25.40+1.8 24.99+0.1 2547+1.0 29.77+1.0
K-Center | 29.99+22 32.28+18 38.71436 49.45+30 | 27.83+19 29.86+07 29.79+13 30.73+17 | 27.75+36 29.504+2.1 31.25+23 33.22+17
Entropy | 29.29420 32.80+23 37.07+19 44.61+13 | 26.324+24 28.99+04 32.71+10 34.99+15 | 29.29+20 30.78+£09 32.29+24 35.80+1.7
Craig | 29.41+1.1 33.50+15 35.78+24 41.83+30 | 28.60+1.0 29.89+0.6 29.32426 28.56+29 | 30.18+0.6 28.52420 29.01+08 33.19+20
CD 28.69+32  30.54+13 34.75+2.1 43.11+13 | 27.82+19 30.28+16 28.64+36 33.99+20 | 27.60+2.1 32.81+11 33.36+09 33.96+02
Cal 3031423 29.55+34 3527427 40.01+12 | 2620403 27.96+09 28.39+09 28.63+22 | 26.69+09 28.75+17 29.09+10 35.21+0.2
GraND | 27.41+04 30.63+2.6 3244427 36.40+15 | 27.13+1.9 30.38+0.6 30.07+1.1 30.75+2.1 | 28.79+1.3 28.31+3.0 30.15+1.1 32.53+2.1
Forgetting | 26.42+1.6 32.91+15 33.51419 3551409 | 26.86+04 30.71406 31.40+02 34.13+13 | 24.60+1.1 28.35+0.7 27.18+13 28.70+07
LC 27.37+16 29.43+10 31.48+20 37.73£09 | 26.44+1.1 29.35+10 26.68+23 32.91+14 | 25.10+22 24.98+0.1 24.52+03 27.77+02
Margin | 29.24+18 32.75+25 37.16+19 45.15+2.1 | 2630424 28.95+0.4 33.56+1.1 33.23+14 | 29.10+1.1 30.42+13 32.30+24 36.47+17
MelTrim | 39.79+19 50.17+08 5172421 62.64+04 | 34.73£0.5 37.81+0.6 38.44+15 420404 | 38.16+03 40.62+03 41.92+04 44.80:+06
Whole | 82.86209 | 40.20+09 | 41.89+03
Table 3: Results of F1 (%) on MEAD, MELD and M3ED datasets across different coreset ratios.
Dataset | MEAD | MELD | M3ED
Ratio (%) | 0.036 0.18 0.363 1813 | 0.049 0.243 0.485 2426 | 0.026 0.131 0.261 1.307
Random | 21.40+12 28.59+12 35.60+£15 39.81+43 | 23.41£35 26.31£09 28.41+14 28.67+49 | 22.96+46 26.33+18 28.62+14 28.78+69
Herding | 18.63+1.8 21.43+1.5 21.92+3.0 30.59+1.0 | 17.51+1.7 27.89+04 24.56+15 23.51+13 | 16.73+14 7.59+15 13.78+32 18.15+2.1
K-Center | 27.77+32 31.27+19 36.44439 48.50+433 | 2545429 25.50422 26.09+17 27.20+33 | 23.86£0.7 26.52+1.1 28.17+3.1 32.34+15
Entropy | 26.06+2.5 3224428 35.61+1.5 43.44+17 | 24.18+12 2720415 30.19+17 33.01+17 | 26.06+2.5 27.29+2.1 29.05+0.7 35.04+1.4
Craig | 2630+1.1 32.53+19 33.84425 38.80+2.1 | 26.87+12 2642407 22.03+58 23.98+16 | 22.77+08 24.52420 27.54+29 32.56+15
CD 26.07+43 30.53+13 32.84+17 41.09+08 | 23.73+1.7 24.95+17 2509439 28.58+15 | 23.63+35 31.95+06 32.10+13 32.35+0.1
Cal 27.25+35 27.41+41 32.83+22 38.49+12 | 20.10+38 25.99+04 26.16+16 25.55+36 | 22.95+16 27.10+17 28.14+07 31.58+15
GraND | 18.47+42 21.22+53 21.36+55 30.18+32 | 15.75+4.5 26.06+02 21.89+33 20.99+07 | 24.38+33 24.74+17 29.14+0.7 28.69+3.4
Forgetting | 22.49+10 31.58+13 32.35+20 30.04:409 | 24.7143.1 27.01+12 2853420 31.63+03 | 23.00£15 26.79+12 2626409 27.91+1.0
LC 24.04+30 27.88+07 29.43+24 36.44+16 | 21.31£19 22.57+64 13.88+2.1 20.03+£21 | 20.10+23 11.00+33 15.17+48 16.37+17
Margin | 2622426 32.35+3.0 35.75+15 44.6142.1 | 2439+14 27.15+14 30.16+1.6 32.46+16 | 26.01+23 27.05+22 29.09+0.7 35.08+1.7
MelTrim | 38.60+£24 49.58:0.8 51.09414 61.90+01 | 32.65:25 35.79+0.5 34.94+13 39.45:05 | 36.25+0.5 37.97+0.6 39.21+0.6 451305
Whole | 82.57+12 | 39.41+09 | 38.900.6

output entropy; (vi) Margin, which selects based
on the margin between top two predicted proba-
bilities; (vii) Craig (Mirzasoleiman et al., 2020),
which solves a submodular optimization problem
to approximate the optimal core-set; (viii) Contex-
tual Diversity (CD) (Agarwal et al., 2020), which
selects samples that maximize diversity in repre-
sentation space; (ix) Cal (Margatina et al., 2021),
a calibration-based strategy that selects samples
with high calibration error; (x) GraND (Paul et al.,
2022), which uses gradient norm magnitude to pri-
oritize impactful examples; (xi) Forgetting (Toneva
et al., 2019), which selects samples that are fre-
quently forgotten during training.

Judge Model. To score frame-level utility, we
adopt a lightweight Judge Model that is trained
only for a few initial epochs and then frozen, in-

stead of being optimized to full convergence. For
speech emotion recognition we use a Whisper-tiny
backbone with a randomly-initialized classification
head trained for a small number of epochs (7 on
M3ED/MEAD/MELD) and subsequently frozen.
For speaker identification we use a RawNet3 (Jung
et al., 2022b) model consistent with the final back-
bone. This strategy yields task-aligned gradients
at negligible cost and enables efficient pruning
without requiring a fully converged state-of-the-art
model.

Evaluation. For each setting, we repeated the train-
ing and evaluation 10 times to ensure statistical
reliability. For the emotion classification task, we
reported Weighted Accuracy (WA), Unweighted
Accuracy (UA), and F1-score as evaluation metrics.
For the speaker identification task, we evaluated
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Table 4: Equal Error Rate (EER) results (%) on the
VoxCelebl dataset. Note that lower EER values indicate
better performance.

Method Coreset Ratio
0.261% 1.303% 2.606%  13.031%
Herding | 37.04+05 30.63+25 24.21+33 11.83+0.6
Forgetting | 36.54+0.6 31.25+23 23.46+1.2 8.25+0.1
Cal 357104 26.314£09 19.69+0.1 10.81+0.2
MelTrim  31.38+04 19.79+0.8 12.67+16 4.79+03
Whole | 2.38+03

the models using Equal Error Rate (EER).

3.2 Main Results and Key Observations

Emotion Classification. We first present the
experimental results across the MEAD, MELD,
and M3ED datasets under different coreset ra-
tios, evaluated by Weighted Accuracy (WA), Un-
weighted Accuracy (UA), and F1-score metrics. As
shown in Table 1 2 3, MelTrim consistently outper-
forms all baseline methods across all datasets and
evaluation metrics. For instance, on the MEAD
dataset at the coreset ratio of 1.813%, MelTrim
achieves 64.67% in WA, significantly surpassing
the best-performing baseline method K-Center,
which achieves 50.18%. Notably, on the MELD
dataset we observe an unexpected drop in WA for
most baselines when the selection ratio increases
from 0.243% to 0.485%. This decline suggests
that, beyond a certain point, additional samples
selected by methods like GraND, LC or Craig
may introduce noisy or poorly representative ex-
amples—particularly in MELD’s challenging dia-
logue context—thereby outweighing the gains from
added coverage. In contrast, MelTrim maintains
stronger performance across all ratios.
Speaker Identification. Table 4 reports the
speaker identification results evaluated by Equal
Error Rate (EER) metric, based on different selec-
tion ratios applied to the predefined subset of the
VoxCelebl dataset. We adopt RawNet3 (Jung et al.,
2022b) as the backbone model for this task.
Across all ratios, MelTrim consistently achieves
the lowest EER among all subset selection strate-
gies. Notably, MelTrim reduces the EER to
31.38% at 0.261% ratio, significantly outperform-
ing Herding (37.04%), Forgetting (36.54%), and
Cal (35.71%). As the ratio increases, the advan-
tage of MelTrim remains consistent. At 13.031%
data usage, MelTrim achieves 4.79% EER, closing
the gap with the full-data baseline (2.38%), while
other methods still exhibit higher error rates (e.g.,
Herding: 11.83%). These results demonstrate that

MelTrim is more effective at selecting informative
speech segments for speaker identification.
Automatic speech recognition. We additionally
evaluate MelTrim on the MELD dataset for ASR,
using Word Error Rate (WER) as the metric. With a
Wav2Vec judge and CTC-based scoring, MelTrim
achieves consistent improvements over baselines
across different coreset ratios. Detailed results are
reported in Appendix C.

3.3 Ablation Study

Ablations on Feature Space and Judge Ob-
jective. We validate two design hypotheses un-
derlying MelTrim’s coarse-to-fine scheme. (i)
Coarse filtering needs acoustic fidelity. Replacing
MEFCCs in Step 1 with penultimate-layer Whisper-
tiny embeddings—while keeping the pipeline un-
changed—consistently degrades performance on
MEAD and M3ED, as shown in Table 5, indicating
that semantically invariant deep features induce rep-
resentation collapse for diversity-based sampling.
(ii) Fine pruning requires a semantically grounded
Judge. Substituting the ASR-pretrained Whisper-
tiny Judge with a self-supervised Wav2Vec 2.0
Judge yields less stable and often inferior results.
Table 6 shows that gradients tied to content seman-
tics are critical for utility scoring.

Ablation on Scoring Metrics. To assess the im-
pact of scoring strategies on segment selection, we
compared two approaches: scoring based on (i)
utility and scoring based on (ii) cross-entropy loss.
As shown in Table 7, the utility-based method out-
performs cross-entropy across multiple evaluation
metrics, indicating its superior effectiveness in iden-
tifying informative segments.

Table 7: Ablation study of different scoring methods.
We demonstrate results of WA (%) on MEAD dataset.

Scoring Method ‘ Coreset Ratio
‘ 0.036% 0.18% 0.363% 1.813%

Loss 39.2340.00 49.16+1.16 52.83+1.62 61.274+0.50
Utility 44.28+0.59 51.84+1.67 53.41+0.59 64.67+0.75

Time and Efficiency Analysis. We quantify
MelTrim’s computational benefit by reporting wall-
clock time for each pruning stage and the end-to-
end pipeline (Table 8). Although pruning intro-
duces a one-time selection cost (MFCC extraction,
clustering, Judge pre-training, utility scoring), the
much smaller coreset yields substantially shorter
training, making the fotal time lower than full-data
training. On MELD, end-to-end time drops from
3360.0s to 1313.9s (—60.9%). Thus, MelTrim de-
livers tangible efficiency gains in addition to accu-
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Table 5: Ablation study on the choice of features for utterance-level coarse filtering. We compare using MFCCs
against deep features from Whisper. The results demonstrate the superiority of MFCCs in preserving acoustic
diversity, leading to better downstream performance across all metrics.

Dataset \ MEAD \ M3ED

Ratio (%) ‘ 0.036 0.18 0.363 1.813 ‘ 0.026 0.131 0.261 1.307
Metric: Weighted Accuracy (WA)

MFCC 44.28+0.59 51.84+1.67 53.41+£0.59 64.67+£0.75 | 52.01+1.05 52.784+0.03 53.844+0.65 55.76+0.80
Whisper 3547+0.96 51.75+£3.76  50.99+3.32 61.43+1.32 | 48.83+£2.95 51.81+0.97 54.00+0.53 54.714+0.67
SOTA Baseline | 31.554+2.2  34.68+2.8 38.324+2.4  50.184+3.9 | 44.90+54  48.60+1.2 46.57+3.0 53.17+1.2
Metric: Unweighted Accuracy (UA)

MFCC 39.79+£1.93 50.17+£0.78 51.72+£2.14 62.64+£0.37 | 38.16+0.32 40.62+0.27 41.92+0.39 44.80+0.64
Whisper 37.69+0.68 50.68+1.88 51.98+1.52 60.37+1.53 | 35.394+2.12 38.56+0.36 39.544+0.42 41.69+1.32
SOTA Baseline | 30.31£2.3  33.50£1.5 38.71£3.6  49.45+3.0 | 30.18£0.6  30.78+£0.9  33.36+0.9 36.47+1.7
Metric: F1-score (FI)

MFCC 38.60+2.40 49.58+0.82 51.09+£1.39 61.90+£0.09 | 36.25+0.51 37.97+0.56 39.21+0.63 45.13+0.49
Whisper 31.65+1.42 49.35+2.66 49.47+3.03 59.45+1.44 | 32.89+0.59 36.294+0.69 38.094+0.99 42.10+1.12
SOTA Baseline | 27.77£3.2  32.53£19 3644439 48.50+3.3 | 26.06+2.5 27.29+2.1 32.10+1.3  35.08+1.7

Table 6: We assess the Judge Model’s pre-training objective by replacing our default ASR-pretrained Whisper-tiny
with a self-supervised Wav2Vec 2.0 model. The resulting performance degradation highlights the importance
of strong semantic grounding for effective utility-based pruning. Note that the “SOTA Baseline” is a composite
baseline, representing the best result achieved by any of the evaluated baseline methods from previous experiments

for each specific setting.

| MEAD | MELD | M3ED
Method

‘ 0.036% 0.18% 0.363% 1.813% ‘ 0.049% 0.243% 0.485% 2.426% ‘ 0.026% 0.131% 0.261% 1.307%
Metric: Weighted Accuracy (WA)
SOTA Baseline 31.55 34.68 38.32 50.18 47.72 50.85 55.22 57.41 44.90 48.60 46.57 53.17
MelTrim (Judge: Wav2Vec) 3243 40.67 34.09 57.73 56.81 57.21 57.67 59.79 52.01 52.78 53.84 55.76
MelTrim (Judge: Whisper-tiny) | 44.28  51.84  51.84 64.67 57.55 58.10 58.89 60.14 52.27 55.77 55.09 55.31
Metric: Unweighted Accuracy (UA)
SOTA Baseline 30.31 33.50 38.71 49.45 28.60 30.71 33.56 34.13 30.18 30.78 33.36 36.47
MelTrim (Judge: Wav2Vec) 32.11 36.62  32.67 56.12 25.00 26.62 27.09 32.92 30.36 37.29 37.54 41.02
MelTrim (Judge: Whisper-tiny) | 39.79  50.17  51.72 62.64 34.73 37.81 38.44 42.04 38.16 40.62 41.92 44.80
Metric: F1-score
SOTA Baseline 27.77 32.53 36.44 48.50 26.87 27.89 30.19 33.01 26.06 27.29 32.10 35.08
MelTrim (Judge: Wav2Vec) 29.33 3396 2629 54.60 18.11 21.84 22.68 31.34 28.96 34.76 33.74 39.06
MelTrim (Judge: Whisper-tiny) | 38.60  49.58  51.09 61.90 32.65 35.79 34.94 39.45 36.25 37.97 39.21 45.13

Table 8: Wall-clock time (seconds) for the MelTrim
pruning process and end-to-end training. Although se-
lection incurs a one-time cost, the total time is substan-
tially reduced vs. full-data training (). All timings were
measured on a single NVIDIA H20 (NVLink) GPU.

Stage / Task MELD M3ED MEAD
Pruning Stage Breakdown (One-time Cost)
MEFCC Extraction (Step 1) 130.86 84.59 220.38
Clustering (UMAP & DBSCAN) (Step 1) 126.69 166.13 91.28
Judge Model Pre-training (Step 2) 587.99 228.00 2100.02
GradNorm Scoring (Step 2) 293.34 257.62 278.35
Total Selection Cost 1138.88 736.34 2690.03

End-to-End Time (Selection Cost + Training Cost)
+ Training on 0.049% / 0.026% / 0.036% Coreset 1241.96 +63.0%
+ Training on 0.243% / 0.131% / 0.180% Coreset 1246.40 1629%
+ Training on 0.485% / 0.261% / 0.363% Coreset 1256.76 6%
+ Training on 2.426% / 1.307% / 1.813% Coreset 1313.87 609%

881.78 to13% 284269 123%
887.02 o115 2847,52 4225
89527 160.7% 285583 1320%
949.46 1583% 2910.98 4207%

Baseline
‘Whole Data Training (40 epochs)

racy improvements.

3359.96 2280.00 4200.03

4 Conclusion

We present MelTrim, a novel dataset pruning frame-
work tailored specifically for speech data, employ-

ing a two-stage coarse-to-fine approach that ef-
fectively addresses both inter-sample and intra-
sample redundancies. By integrating utterance-
level clustering with frame-level utility-based se-
lection, MelTrim significantly reduces dataset size
while preserving the critical information neces-
sary for robust model training. Extensive experi-
ments demonstrate that MelTrim surpasses general-
purpose pruning baselines, achieving a 49.5% im-
provement in weighted accuracy on the M3ED
dataset for Speech Emotion Recognition (SER)
and a 41.9% reduction in EER on the VoxCelebl
dataset for Speaker Identification (SID). Beyond
accuracy, MelTrim delivers significant end-to-end
efficiency improvements and exhibits a promising
weak-to-strong transfer effect across model scales.
These results highlight the effectiveness and broad
applicability of our method in improving data effi-
ciency for large-scale speech classification.
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5 Limitations

While MelTrim is designed to be task-agnostic and
operates effectively across various speech classi-
fication tasks, the current study focuses solely on
unimodal acoustic features, without incorporating
auxiliary modalities like transcriptions. Our future
work will explore multimodal pruning strategies
that leverage richer contextual information to im-
prove redundancy estimation.

6 Broader Impact and Ethical
Considerations

Our proposed framework, MelTrim, aims to im-
prove the efficiency and scalability of training
speech models through intelligent data reduction.
By reducing dataset size without compromising
downstream performance, it can substantially lower
the computational cost and carbon footprint associ-
ated with training large-scale models, aligning with
growing concerns over the environmental sustain-
ability of deep learning. The framework’s modular
design also supports plug-and-play integration with
various Judge Models, enabling broad applicability
across speech domains, including emotion recogni-
tion and speaker identification.

Despite these positive impacts, the use of a
utility-driven pruning mechanism introduces criti-
cal ethical considerations. The primary concern is
that the selection process relies on a Judge Model
trained on downstream tasks (e.g., ASR or SER),
which may inadvertently encode or reinforce demo-
graphic, acoustic, or affective biases present in the
training data. This could lead to the disproportion-
ate pruning of data from underrepresented speak-
ers, marginalized communities, or rare emotional
states, particularly if the utility model exhibits un-
even generalization. Furthermore, pruning speech
data at a fine granularity (e.g., frame-level) raises
potential challenges in ensuring speaker privacy
and contextual coherence.

To mitigate these risks in our work, all ex-
periments were conducted on publicly available,
anonymized benchmark datasets with demographic
documentation (e.g., M3ED, VoxCelebl). For
real-world deployment, we believe that combining
utility-based selection with transparent documen-
tation and rigorous, fairness-oriented audits is cru-
cial. Future work should investigate fairness-aware
pruning strategies to ensure the equitable retention
of speech content across diverse speaker attributes
(e.g., age, gender, language variety), thereby foster-

ing responsible, inclusive, and sustainable speech
model development.
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A Related Works

Data Pruning. Dataset pruning, or coreset selec-
tion, aims to reduce the size of a dataset by identi-
fying and selecting the most informative samples
based on predefined criteria. Several approaches,
such as Herding (Welling, 2009) and Moderate (Xia
et al., 2022), measure the distance between sam-
ples in feature space to identify relevant data points.
Entropy-based methods (Coleman et al., 2019) fo-
cus on the uncertainty and decision boundaries
of predicted outputs to assess sample importance.
GradND (Paul et al., 2022) evaluates sample im-
portance by analyzing its gradient norm and loss
difference norm, respectively. In addition, gradient-
matching methods such as GradMatch (Killamsetty
etal., 2021) and Craig (Mirzasoleiman et al., 2020)
minimize the distance between gradients computed
for the full dataset and the coreset. Moreover,
methods like Forgetting (Toneva et al., 2019) and
AUM (Pleiss et al., 2020) have shown the poten-
tial of leveraging training dynamics to assess sam-
ple importance. Despite their effectiveness in var-
ious domains, these methods overlook the unique
characteristics of speech data, rendering them ill-
suited for addressing the specific challenges posed
by speech recognition tasks.

Speech Emotion Recognition. Speech Emo-
tion Recognition (SER) aims to identify and clas-
sify emotions expressed in speech, using acoustic,
prosodic, and sometimes linguistic features. Early
methods (El Ayadi et al., 2011) primarily relied on
handcrafted features like Mel-frequency cepstral
coefficients (MFCC), pitch, and intensity, which
were then classified using techniques such as Gaus-
sian mixture models (GMM) (El Ayadi et al., 2007).
However, with the rise of deep learning, more so-
phisticated techniques such as Convolutional Neu-
ral Networks (CNN) based methods (Issa et al.,
2020) have emerged, offering superior performance
by automatically extracting features and capturing
temporal dependencies in speech. Transfer learn-
ing (Latif et al., 2018) and self-supervised learn-
ing (Morais et al., 2022) have also shown promise
in addressing data limitations and improving gen-
eralization across different domains.

Speaker Identification. Speaker Identification
(SID) aims to recognize an individual speaker
based on unique characteristics embedded in their
speech. In recent years, deep learning-based meth-
ods have become dominant, moving beyond tra-
ditional statistical approaches. End-to-end neural

architectures have shown great promise by auto-
matically learning speaker-discriminative features
from audio. ECAPA-TDNN (Desplanques et al.,
2020) integrates attention-based channel model-
ing and multi-scale representations to improve ro-
bustness under challenging acoustic conditions.
RawNet3 (Jung et al., 2022b) achieves compet-
itive results by integrating learnable filter banks
(ParamFBank), Res2Net-based residual blocks, and
hierarchical feature aggregation. Trained with Ad-
ditive Angular Margin Loss (Deng et al., 2019).
RawNet3 outperforms many spectrogram-based
methods. Extensions such as MR-RawNet (bin
Kim et al., 2024) introduce multi-resolution encod-
ing to enhance robustness to short utterances. With
the development of large-scale speaker datasets and
more sophisticated model architectures, speaker
identification systems have become increasingly
accurate and robust, showing strong generalization
across diverse acoustic conditions.

B Proof of Theorem 4

Proof of Theorem 4. Using the chain rule for gradi-
ent flow, we have

) a0
Li(fow (x),y5:B) = Vi Lt (for) (iﬂj)yyj)'w

and similarly for B_;. Thus, the change in gradient
flow is

oy (@), 5 B) = LalFyo (@), 53 B)

9o a0
_ i

ot ’B ot
Under SGD with learning rate 7, the update step is

26®)
o )B:—n Z Voo Le(fory (), ).
(z,y)eB

9

B

Voo Li(fow (75), ;) - (

Removing (z;,y;) gives

oo
T )B == Y Ve Lilfon (@), y),
- () EBi
Taking the difference,
o9 99
e ’B— 5t |g = T1VewLelfow (xi), 4i).

Substituting this into the gradient flow change gives

[aFo (@), 955 B) = Lo Fyeo a1, 5 B-2)

=10V Le(fowr (x5),y5) - Vo Le(fow (i), yi)|
<V Le(for (), Yl - IV oy Le(fo (24), yi) |
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where the last step follows from the

Cauchy—Schwarz inequality. Let

(Vo Li(fow (x5),y5) ]

c=mn max |
(:vj,yj €D
be a constant independent of (x;, y;). Taking the
maximum over (z;,y;) € D, we obtain

Uz, Y55 forr) < cl|Vow Li( fo (1), 1) |-

Note that ¢ = 7

Vo Le(fow (x5),y;)||  satisfies

ing properties:

1. It is independent of the current measured data
(x4,v;), ensuring that the bound in Theorem 4
holds uniformly for all training examples.

MaX(g;,y;)eD
the follow-

2. It only assumes that the gradient norm
Vo Le(fgwy (z5),y5)|| has an upper bound,
which is a reasonable assumption for any suc-
cessfully converged model.

3. Since the learning rate n can be chosen to be
small in practice, the value of ¢ remains con-
trolled and does not become excessively large.

Parameter Settings 4.

C ASR Results in MELD dataset

Table 9: Word Error Rate (WER) results (%) on the
MELD dataset. Note that lower WER values indicate
better performance.

Coreset Ratio
Method 1% 5% 10%
Random 59.604+0.34 60.05+0.98 60.08+1.39
kCenterGreedy 58.044047 58.70+0.77 56.4440.64
Herding 59.7840.05 58.84+0.61 57.2940.20
ContextualDiversity | 60.32+0.98 59.33+0.82 56.55+1.03
MelTrim 56.24+0.27 55.53+0.36 53.72+0.33
Whole \ 46.00+0.24

D Ablation Studies on Method Variants

Cross-Architecture Performance. Table 10
presents an evaluation of our method’s robustness
and generalizability across different model scales.
We report the Weighted Accuracy (WA) on the
M3ED dataset for four Whisper encoder variants:
tiny (T), base (B), small (S), and medium (M). All
pruned datasets in this evaluation were generated
using the same fixed Judge Model.

Notably, our main results by default utilize the
Whisper-T model. However, we observe that
pruning with the Whisper-T model also bene-
fits larger-scale networks, suggesting a promis-
ing weak-to-strong transfer potential. Across all

settings, MelTrim consistently achieves the best
WA among all compared methods. Under the
1.3% selection ratio, MelTrim reaches 56.35%
WA on the Whisper-M model, significantly outper-
forming Herding (50.65%), Forgetting (46.28%),
and Cal (49.20%). Similar improvements are ob-
served across the Whisper-B and Whisper-S vari-
ants at every ratio. These results demonstrate that
MelTrim maintains high effectiveness across Whis-
per architectures of varying scales, validating its
robustness and generalization ability.

Table 10: WA (%) results on M3ED dataset across Whis-
per architectures and coreset ratios.
Ratio (%) | Method | Whisper-T | Whisper-B | Whisper-S | Whisper-M

28.40+5.76 | 37.32+0.48 | 37.28+4.48 | 45.94+1.15
Herding | 16.04+0.00 | 39.87+0.13 | 41.68+2.47 | 49.57+1.05
0.026 Forgetting | 31.5445.93 | 36.32+6.70 | 37.93+2.42 | 44.91+0.72

Cal 38.07+3.77 | 38.67+3.13 | 46.71+2.24 | 50.01+0.41
MelTrim | 52.01+1.05 | 48.55+3.07 | 50.89+1.54 | 50.52+1.53

29.99+4.48 | 37.72+4.82 | 36.77+3.98 | 37.63+3.03
Herding | 13.77+4.41 | 39.734+2.05 | 44.21+1.89 | 50.65+0.55
0.131 Forgetting | 33.21+3.06 | 42.33+4.35 | 45.56+2.11 | 46.28+0.52

Cal 40.67+0.75 | 42.55+6.35 | 46.29+2.39 | 49.20+0.69
MelTrim | 52.78+0.03 | 49.63+1.11 | 50.70£0.70 | 56.35+0.51

32.89+2.15 | 34.79+5.01 | 37.86+4.93 | 38.30+5.92
Herding | 13.33+£0.90 | 41.28+2.34 | 46.80+1.65 | 51.42+2.72
0.261 Forgetting | 31.50+£0.40 | 43.58+6.35 | 45.61+1.91 | 47.39+2.24

Cal 38.57+5.86 | 45.61+5.13 | 46.67+3.18 | 50.24+0.41
MelTrim | 53.84+0.65 | 50.61+1.59 | 52.16+1.27 | 55.28-:0.99

43.04£5.06 | 47.19+1.00 | 49.02+2.10 | 47.39+1.03
Herding | 18.77+0.85 | 41.88+0.97 | 49.9040.60 | 50.68+0.41
1.307 Forgetting | 33.35+1.54 | 46.98+2.47 | 47.33£1.18 | 47.38+0.45

Cal 38.88£4.00 | 52.12+0.70 | 50.42+4.43 | 55.00+0.35
MelTrim | 55.76+0.80 | 53.47+0.33 | 51.94+0.88 | 55.53+1.51

Whole Dataset | 54.11+1.82 | 5717020 | 58.95+038 | 60.24+031

Random

Random

Random

Random

Comparison of Dimensionality Reduction
Strategies. To evaluate the effectiveness of
dimensionality reduction in coarse filtering, we
replaced the default UMAP module with two
commonly used alternatives: PCA (Pearson, 1901)
and T-SNE (Platzer, 2013). All other components
are kept unchanged during the evaluation. As
shown in Table 11, neither PCA nor T-SNE
outperforms UMAP in any evaluation metric.
This indicates that UMAP is more effective at
preserving the structural information of MFCC in
the low-dimensional embedding space, which in
turn enhances data quality.

Table 11: Ablation study of dimensionality reduction
methods. We show WA (%) results on MELD dataset.

Coreset Ratio

Method | 1194, 0.243% 0.485%
PCA | 37.904652 45114826 47.0547.30

T-SNE 40.77+14.94 46.27+15.78 48.11+10.67

UMAP | 57.55+042 58.10+0.25 58.89-+0.25

Comparison of Clustering Strategies. To further
evaluate the impact of clustering strategies in Step
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1, we replaced the default DBSCAN algorithm with
two alternative methods: KNN-based selection and
K-Means clustering (Likas et al., 2003), while keep-
ing UMAP as the dimensionality reduction method.
As shown in Table 12, DBSCAN consistently out-
performs the other methods across all evaluation
metrics. Results indicate that DBSCAN is more
effective at identifying high-density regions and fil-
tering out noise during clustering, thereby improv-
ing the selection quality of representative speech
samples and enhancing the effectiveness.

Table 12: Ablation study of clustering methods. We
show WA (%) results on MELD dataset.

Coreset Ratio

Clustering Method

0.049% 0.243% 0.485%
KNN 29.50+4.16  49.3949.75 44.34+4.63
K-Means 45.744+1345 40.93+1.72 53.20+1.74
DBSCAN 57.55+0.42 58.10+0.25 58.89+0.25

Sensitivity to Number of Segments and Length.
To evaluate the robustness of our pruning method,
we perform ablation studies on two critical factors
in the splitting process: the number of segments
and the segment length ratio. Specifically, we vary
the number of segments ns; € {4,5,6} and the
segment length ratio from %, %, to % Table 13
shows the results under different segment length
ratios, while Table 14 presents the results across
varying segment numbers. These variations have
minimal impact on the quality of the selected sam-
ples, demonstrating the strong robustness of our
method to splitting configurations. Unless other-
wise specified, we use ng = 5 and a segment length
ratio of % as default settings throughout all experi-
ments.

Table 13: Ablation study of segment lengths. We show
WA (%) results on MELD dataset.

Coreset Ratio
0.049% 0.243% 0.485%

57.09+021 58.49+048 58.81+0.38
57.55+042 58.10+0.25 58.89+0.25
57.50+0.19 58.4340.33 59.03+0.57

Segment Length

2.426%

60.15+0.25
60.14+0.19
60.30-£0.25

173
1/4
1/5

Table 14: Ablation study of different utterance split
settings. We show results of WA (%) on MELD dataset.

Coreset Ratio
0.049% 0.243% 0.485% 2.426%

57.0640.21 58.4240.80 59.73+0.34  60.56+0.27
57.554+042 58.10+0.25 58.8940.25 60.1440.19
58.044+0.26  59.35+0.18 59.6940.47 60.3740.52

Segment Numbers

4
5
6

E Formal Justification for Feature
Selection in Coarse Filtering

In this section, we provide a more formal argument
to justify our choice of MFCCs over deep semantic
features for the utterance-level diversity sampling
in Step 1.

E.1 Objective of Diversity Sampling

The goal of our coarse filtering is to select a subset
(coreset) D. C D that is most representative of
the full dataset’s acoustic diversity. Let A be the
underlying manifold of acoustic properties. An
ideal coreset would effectively cover this manifold.
Many diversity sampling methods, including our
approach which samples from clusters, implicitly
aim to solve an objective like the k-Center problem:

(17)

min  max min d(z,xz.)
D.CD,|De|=m x€D x.D,
where d(z, x.) is a distance metric. Critically, for
our goal, the ideal distance metric d(-,-) should
reflect the acoustic distance between two samples,
we denote it as dycoustic (@, c)-

E.2 The Role of Feature Space as a Proxy

In practice, we cannot compute dycoustic directly. In-
stead, we compute Euclidean distances in a feature
space defined by an extractor f(-). The objective
thus becomes minimizing this distance in the proxy
space:

d(x, xc) = ||f(z) = flxe)ll2

The quality of the resulting coreset is therefore
entirely dependent on how well the feature space
f(D) preserves the geometric structure of the true
acoustic manifold A.

(18)

E.3 Contrasting MFCCs and Deep Features

We analyze the two feature extractors in this con-
text.

MFCCs as a High-Fidelity Proxy (fmrcc)-
MFCCs are designed to capture the spectral en-
velope of a signal. Therefore, we can posit that the
distance in the MFCC space is a reasonably faithful
proxy for acoustic distance. For two samples z;, x;
with acoustic properties a;, a;:

| fmrce (zi) — fvrce(z5) |2 o dacoustic (@i, a;5)
(19)
This means that samples which are acoustically far
apart will also be far apart in the MFCC feature
space.
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Deep Features and Representation Collapse
(fwhisper). Deep features are trained for seman-
tic invariance. This means for two samples z;, x;
with different acoustic properties (a; # a;) but
similar semantic content (s; ~ s;), the model is
explicitly trained to minimize the feature distance.
Specifically, if s; ~ s;, then the feature distance
approaches zero:

HfWhisper(xi) - fWhisper(mj)"Q — 07 (20)
and this holds regardless of the acoustic distance
dacoustic (@i, a;). This is the formal definition of
representation collapse in the context of diversity
sampling. The feature space systematically fails to
distinguish between acoustically different samples.

E.4 Conclusion

When applying a diversity sampling objective (Eq.
1) in the Whisper feature space, the algorithm is
misled. It cannot distinguish between an acousti-
cally rich set of samples (e.g., "hello" spoken by
a man, a woman, and a child) and a redundant set,
because their feature representations are collapsed
into a small region. The resulting coreset will there-
fore poorly represent the true acoustic diversity.

Conversely, because the MFCC space preserves
acoustic distances, solving the k-Center objective
in this space serves as a much better approxima-
tion of the ideal goal. This formally justifies why
MFCCs, despite being a "classic" feature, are the-
oretically superior for the specific task of coarse-
grained, diversity-focused data pruning.

F Hyperparameter Sensitivity Analysis

To assess the robustness of our framework to
the choice of hyperparameters in the coarse fil-
tering stage, we conducted a sensitivity analysis
for the key parameters of UMAP (n_neighbors,
min_dist) and DBSCAN (eps, min_samples).
Figure 3 illustrates the performance (as measured
by Weighted Accuracy on the MELD dataset) as
each parameter is varied while the others are held
at their optimal values.

The results indicate that our method’s perfor-
mance remains stable across a sensible range for
all tested hyperparameters. For example, in Fig-
ure 3(a), while n_neighbors=15 yields the best
results for the largest coreset ratio, varying this
parameter between 10 and 20 does not lead to a
drastic performance collapse. This demonstrates
that our framework is not overly sensitive to the

Figure 3: Hyperparameter sensitivity analysis on the
MELD dataset (WA %). For each sub-figure, one hy-
perparameter is varied while the others are fixed to their
optimal values. The red dashed line indicates the default
value used in our main experiments. The results show
that our method is generally robust to the choice of these
hyperparameters.

precise hyperparameter settings, which enhances
its practical applicability in real-world scenarios
where extensive tuning may not be feasible. Our
final chosen values are highlighted with a dashed
line in each sub-figure.
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