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Abstract
Large self-supervised speech (SSL) models achieve strong downstream performance, but their size limits deployment
in resource-constrained settings. We present HArnESS, an Arabic-centric self-supervised speech model family trained
from scratch with iterative self-distillation, together with lightweight student variants that offer strong accuracy-efficiency
trade-offs on Automatic Speech Recognition (ASR), Dialect Identification (DID), and Speech Emotion Recognition
(SER). Our approach begins with a large bilingual Arabic-English teacher and progressively distills its knowledge into
compressed student models while preserving Arabic-relevant acoustic and paralinguistic representations. We further
study PCA-based compression of the teacher supervision signal to better match the capacity of shallow and thin
students. Compared with HUBERT and XLS-R, HArnESS consistently improves performance on Arabic downstream
tasks, while the compressed models remain competitive under substantial structural reduction. These results position

HArnESS as a practical and accessible Arabic-centric SSL foundation for real-world speech applications.
Keywords: Self-supervised model, Distillation, Benchmark resources, Arabic downstream tasks

1. Introduction

Self-supervised learning (SSL) has transformed
speech processing by learning transferable repre-
sentations from large amounts of unlabeled audio.
Large SSL models capture rich acoustic and linguis-
tic structure and have shown strong performance
across a wide range of speech tasks (Chen et al.,
2022; Hsu et al., 2021; Baevski et al., 2022; Mo-
hamed et al., 2022; Chung et al., 2021; wen Yang
et al., 2021). These models can be used either as
fixed feature extractors or fine-tuned with limited
labeled data, making them especially attractive in
low-resource settings.

The effectiveness of SSL models, however, de-
pends heavily on the scale, diversity, and balance
of the pretraining data. Multilingual SSL models
such as XLS-R (Babu et al., 2021) have shown clear
advantages for low-resource languages compared
with monolingual models trained on high-resource
languages such as English (Shi et al., 2023). At
the same time, recent evidence suggests that mul-
tilingual models may disproportionately favor lan-
guages with greater pretraining coverage, which
can limit gains for underrepresented languages
(Storey et al., 2024). This motivates closer study
of language-focused SSL models that better reflect
the linguistic and acoustic properties of a target
language.

Arabic is a particularly challenging case for
speech modeling. It is spoken across 22 coun-
tries and exhibits substantial dialectal diversity, with
many varieties differing in phonetics, morphology,
and lexical usage. In addition, Arabic speech of-
ten includes influences from other languages, in-
cluding English and French (Ali et al., 2021). This

"This work was carried out at QCRI.

diversity makes Arabic speech processing diffi-
cult for generic multilingual models, which may
not fully capture dialect-sensitive and culturally
grounded speech patterns. These challenges mo-
tivate Arabic-centric SSL modeling that can better
represent spoken Arabic while remaining robust to
variation across regions and speaking styles.

At the same time, training and deploying
language-focused SSL models remains expensive.
Large-scale pretraining requires substantial com-
pute, long training times, and broad unlabeled
speech collections. These costs also make deploy-
ment difficult in practical and resource-constrained
environments, where model size, memory use, and
latency matter. Model compression is therefore es-
sential for making such systems more accessible
and usable.

Knowledge distillation has emerged as an effec-
tive approach for compressing large speech mod-
els while preserving much of their performance. In
this setting, a smaller student model learns from
a larger teacher model, leading to lower memory
usage and faster inference with limited degrada-
tion in downstream quality. Prior work, including
DistillHUBERT (Chang et al., 2022), FitHUBERT
(Lee et al., 2022), DPHUBERT (Peng et al., 2023),
SKILL (Zampierin et al., 2024), and related meth-
ods (Ashihara et al., 2022; Wang et al., 2022), has
explored task-agnostic distillation for HUBERT-style
models. However, such work has focused primarily
on general-purpose compression, with limited at-
tention to Arabic-centric SSL trained from scratch
and systematically distilled into lightweight models.

While prior studies have applied self-supervised
speech models such as HUBERT and wav2vec 2.0
to Arabic, Arabic-centric SSL remains under-
explored, especially in the setting of large-scale
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training from scratch and deployment-oriented com-
pression. In this work, we focus on both aspects.
We introduce HUBERT-based Arabic and English
Self-Supervised Speech (HArnESS), an Arabic-
centric SSL model family trained from scratch on
large-scale bilingual Arabic-English speech, and
we study iterative self-distillation to build compact
student models that retain strong performance on
ASR, SER, and DID.

We adopt bilingual Arabic-English pretraining for
two reasons. First, English corpora provide ad-
ditional acoustic and phonetic diversity at scale,
which can stabilize representation learning when
Arabic resources are comparatively limited and het-
erogeneous. Second, Arabic speech in real-world
settings often includes borrowed English words and
code-switching, particularly in conversational and
media domains. Our goal is therefore not to weaken
Arabic-centric modeling, but to combine Arabic-
focused coverage with the regularization benefits
of broader bilingual pretraining.

Following the HUBERT training paradigm, we
first train a large teacher model, HArnESS-L, with
24 encoder layers through iterative self-distillation.
We then transfer its knowledge to smaller stu-
dents, yielding HArnESS-S, a shallow variant, and
HArnESS-ST, a shallow (S) and thin (T) variant. In
addition, we investigate low-rank approximation of
the teacher supervision signal to simplify the distil-
lation target space and improve knowledge transfer
to compact students.

We evaluate HArnESS-L, HArnESS-S, and
HArnESS-ST on three downstream tasks spanning
content, dialectal, and paralinguistic information,
namely ASR, DID, and SER. We compare them
against HuBERT-Large, trained primarily on En-
glish, and XLS-R, a multilingual SSL model (Babu
et al., 2021). Our results show that Arabic-centric
pretraining combined with iterative distillation pro-
vides an effective balance between task perfor-
mance and model efficiency.

Our main contributions are as follows:

1. We introduce HArnESS, an Arabic-centric SSL
model family trained from scratch, consisting
of HArnESS-L (large), HArnESS-S (shallow),
and HArnESS-ST (shallow and thin).

2. We study iterative self-distillation as a strategy
for compressing Arabic-centric SSL models
into lightweight deployment-oriented students.

3. We investigate compact supervision through
low-rank approximation of the teacher signal
and analyze its effect on student performance.

4. We benchmark the HArnESS family on ASR,
DID, and SER, covering content, speaker-
related, and paralinguistic speech tasks.

5. We publicly release the distilled models and
benchmark resources to support future re-
search.’

2. HArnESS Models

2.1. HArnESS Model

Figure 1 illustrates the HArnESS training pipeline,
which follows a HuBERT-style iterative self-
distillation procedure. At iteration i, we train a
model M; using discrete pseudo-labels produced
from the previous iteration model M;_;. The core
idea is masked-prediction pretraining: a subset of
time frames is masked, and the model is optimized
to predict the corresponding pseudo-labels.

Iterative self-distillation pipeline. Given an in-
put utterance x, we first obtain frame-level embed-
dings from M;_; and convert them into discrete
targets via clustering (described below), yielding a
pseudo-label sequence 2(—1) = {17 with
2 € {1,...,K}. We then train M to predict
these targets from contextualized frame represen-
tations, where some frames are replaced by a mask
token (or masked spans), forcing the model to use
broader context.

Training regimen and compression schedule.
We perform multiple iterations of refinement. In the
first two iterations, we keep the model architecture
unchanged to encourage progressively stronger
acoustic abstractions. Starting from the third iter-
ation, we distill and compress the model to obtain
efficient variants. Specifically, we explore three
compression axes: (a) reducing Transformer depth
(d) to obtain a shallower model; (b) reducing model
width (encoder dimension, ency) to obtain a thin-
ner model; and (c) reducing attention capacity by
decreasing the number of attention heads (atin).
This schedule yields a teacher-like encoder in early
iterations and a family of compact students in later
iterations.

Model architecture. HArnESS consists of a con-
volutional (CNN) feature extractor followed by a
stack of Transformer encoder layers. Similar to
HUBERT encoders, the CNN front-end comprises
7 temporal convolution layers that transform raw
audio into latent frame features. The Transformer
encoder contains d layers with hidden dimension,
emby. Each layer includes multi-head self-attention
(MHA) with attn heads and a position-wise feed-
forward network (FFN). A linear prediction head

"https://huggingface.co/QCRI/
distillHarness
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Figure 1: Overview of the iterative self-distillation framework used to build the HArnESS model family.

maps contextualized frame representations to a
categorical distribution over K cluster IDs.

Training objective. HArnESS is trained with a
HuBERT-style masked prediction objective. For
each utterance, we mask a subset of time frames
(or spans) in the input representation and train
M, to predict the corresponding discrete pseudo-
labels generated from M,;_;. We use standard
cross-entropy classification over the cluster IDs.
To improve stability, we compute the loss on both
masked and unmasked frames and combine them
with a fixed weighting: the masked-frame loss en-
courages contextual reasoning over surrounding
speech, while the unmasked-frame loss provides
an additional learning signal that helps prevent train-
ing collapse and improves convergence.

Pseudo-label generation. To obtain discrete tar-
gets for iteration i, we extract frame-level embed-
dings from the previous model M;_; and clus-
ter them using K-means, producing a pseudo-
label sequence 20— = {7 with 27V ¢
{1,..., K}. Unless otherwise stated, we use last-
layer embeddings, which provide the most abstract
and stable representations.?

PCA for supervision signal compression. We
also investigate PCA as a way to compress the
teacher supervision signal before clustering. In-
stead of clustering the full teacher embedding, we
optionally project it to a lower-dimensional space
and then derive pseudo-labels from the projected

2We also explored averaged embeddings from se-
lected layers and observed no consistent gains.

representation. Concretely, given an embedding
vector b, € RP from M;_1, we apply PCA to obtain
a compressed representation h, € RP" (D' < D)
and then cluster A;,.

This serves two purposes. First, dimensionality
reduction can remove noisy or redundant directions,
which may improve clustering robustness. Sec-
ond, it produces a simpler target space that better
matches the capacity of compressed students, es-
pecially when model width (enc,) is reduced. In
this sense, PCA does not compress the student in-
put directly; rather, it simplifies the discrete targets
used during distillation.

Initialization and iteration-specific supervision.
For the initial iteration ¢ = 1, we bootstrap pseudo-
labels by extracting MFCC features from raw
speech x and clustering them to obtain z(°). For the
next iteration (: = 2), we generate pseudo-labels
from intermediate representations of My, using the
9" Transformer layer embeddings for clustering.
For all subsequent iterations (i > 3), we generate
pseudo-labels using last-layer embeddings from
M;_,, which provide the most abstract and stable
representations.

For training M; (¢ > 1), we explore two weight
initialization strategies: (a) random initialization
(uniformly sampled weights), and (b) blocked-
averaging initialization, where groups of student
layers are initialized by averaging corresponding
blocks of layers from M;_;. Blocked averaging
provides a smoother transition across iterations
and often improves stability, particularly when com-
pressing depth/width in later iterations.
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3. Experimental Setups

3.1. Pre-training Data

Iterations 1-2 (bilingual pretraining). We pre-
train HArnESS on a mixture of publicly available
Arabic and English speech corpora, including
QASR (Mubarak et al., 2021), MGBS3 (Ali et al.,
2017), LibriSpeech (Panayotov et al., 2015), Com-
mon Voice (Arabic/English) (Ardila et al., 2020),
and GigaSpeech (Chen et al., 2021), among oth-
ers. The base pretraining pool consists of approxi-
mately 4K hours of Arabic and 3.56K hours of
English speech. We further expand the training
data through augmentation to reach approximately
23K hours in total. Of this augmented portion,
around 300 hours come from additive background-
noise augmentation, while the remainder is primar-
ily produced through SpecAugment-based transfor-
mations.

To improve dialectal and cultural coverage, we
also incorporate spoken content from 15 Arabic-
speaking countries crawled from YouTube, covering
diverse Arabic dialects. We provide a coarse di-
alect breakdown of the Arabic data by major region
in Table 1, grouping samples into MSA, Gulf, Lev-
antine, Egyptian, Maghrebi, mixed, and unlabeled
categories where exact dialect labels are unavail-
able. All official development and test partitions are
excluded from pretraining to avoid data leakage.

Category Sub-category / Dialect Duration (Hrs)

7,566.00
3,565.00

Original Clean Data
English Subset

Arabic Subset 4,001.00

MSA / General Arabic 3,603.28

Levantine 107.69

Egyptian 109.20

Gulf 77.13

Maghrebi 69.11

Other 34.59

Augmented Data 15,434.00
Speed Perturbation (0.9x,1.1x) 15,134.00

300.00
23,000.00

Noise Augmentation (Arabic)

Total Training Volume

Table 1: Comprehensive breakdown of the 23,000-
hour training corpus, including language distribu-
tion, dialectal variety, and augmentation strategies.

Iteration 3 (Arabic-only distillation). Our primary
goal is to obtain lightweight Arabic-centric models.
Accordingly, for the distillation/compression itera-
tion, we use approximately 1,100 hours of Arabic
speech drawn from the QASR training data. For
K-means training in this phase, we randomly sam-
ple 30% of the iteration-3 data (approximately 300
hours) to reduce clustering cost while maintaining
linguistic diversity.

3.2. Downstream Tasks and Data

Benchmarking SSL speech encoders for English
is supported by standardized suites such as SU-
PERB (wen Yang et al., 2021). In contrast, Arabic
speech lacks an analogous standardized bench-
mark. To address this gap, we evaluate HAr-
nESS across three representative Arabic tasks:
ASR (content recognition), dialect identification
(DID) (speaker information), and speaker emotion
recognition (SER) (paralinguistic analysis).

ASR. We fine-tune on a 300-hour subset of QASR
and evaluate on the MGB2 (Ali et al., 2019) test
set. To assess out-of-domain generalization, we
additionally report performance on the MGBS3 test
set.

SER. We use KSUEmotion (Meftah et al., 2021),
collected from 23 speakers with six emotion
classes. The dataset is split into train (3.30 h),
dev (0.83 h), and test (1.0 h).3

DID. We use the ADI5 dataset with five region-
based dialect classes (MSA, Egyptian, Levan-
tine, North African, and Gulf) and the official
train/dev/test splits.

Metrics. We report word error rate (WER) for ASR
and classification accuracy (Acc) for DID and SER.

3.3. Pre-training Hyperparameters

We train HArnESS using the fairseqg code-
base (Ott et al., 2019). Table 2 summarizes the key
hyperparameters. Unless stated otherwise, we only
change the supervision source and model capacity
(Table 3).

3.4. Pre-training Procedure

Model configurations for the upstream encoders
are summarized in Table 3.

Iterations 1-2 (HArnESS-L). For the first two it-
erations, we train the large model (HArnESS-L;
24 Transformer layers) on the 23k-hour bilingual
mixture. Iteration 1 is trained for 500k steps and iter-
ation 2 for 700k steps. For iteration 1 pseudo-labels,
we cluster 39-dimensional MFCC features with
K=1000 clusters. For iteration 2 pseudo-labels, we
extract latent representations from the 9th Trans-
former layer of the iteration-1 model and cluster
them with K=1000 clusters to obtain refined tar-
gets.

Iteration 3 (compressed students). For iteration
i=3, we train compressed models using HArnESS-
S and HArnESS-ST, both with a 4-layer Trans-
former encoder and reduced capacity (Table 3).

SWe will release our split for reproducibility.
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Total pre-training audio (Iter 1-2)
K-means training subset (Iter 1-2)
Distillation audio (Iter 3)

K-means training subset (lter 3)

23k hours (Arabic/English =~ balanced)

300 hours
1,100 hours (Arabic-only)
30% =~ 300 hours

# clusters (K)

Feature type for i=0 targets
Embedding layer for i=1 targets
Embedding layer for i>2 targets

1000
MFCC (39-dim)
Layer 9 embeddings of M,
Last-layer embeddings of M;_;

Iteration 1 steps / GPUs / batch
Iteration 2 steps / GPUs / batch
Iteration 3 steps / GPUs / batch

500k / 24xH100 / 62.5s audio per GPU
700k / 24xH100 / 62.5s audio per GPU

300k / 8xH100 / 75s audio per GPU

Mask probability (pmask) 0.80
Mask span length (frames) 10
PCA dimension (D’; when enabled) | 512

Table 2: Key pre-training hyperparameters.

Models \ XR  HuL H-L H-S H-ST H-ST(PCA)
L9%mb L23¢mp PCA(L23emb)
Supervision - - (t=1) (1=12) (:=2)
CNN Encoder
Strides 52,2,2,2,2,2
Kernel Width 10,3,3,3,3,2,2
Channels 512
Transformer
Depth () 24 24 24 4 4 4
Emb. Dim (emb,) | 1024 1024 1024 1024 512 512
FFN Dim (dsn) 4096 4096 4096 2048 2048 2048
Attn. Heads (hatn) 16 16 16 16 16 16
Projection
Dim. (d,) \ 768 768 768 768 768 768
Params
inM \ 300 316 316 65 28 28

Table 3: SSL Model Architecture Comparison. XR: XLS-R, HuL: HUBERT-Large, H-L: HArnESS-Large,
H-S: HArnESS-Shallow, H-ST: HArnESS-Shallow and Thin. Dim. dimension, Emb.: Embedding. Lx¢,s:
Embedding from layer * (e.g. 23) of model from iteration i.

Pseudo-labels are generated by clustering last-
layer embeddings from the iteration-2 HArnESS-L
teacher with K=1000 clusters. Thus, HArnESS-S
and HArnESS-ST correspond to the third-iteration
distilled models trained on 1,100 hours of Arabic
speech.

3.5. Downstream Training

For downstream evaluation, we keep the SSL en-
coder frozen and use it strictly as a feature ex-
tractor. We obtain frame-level representations
from all Transformer layers, average them to form
an utterance-level representation, and train task-
specific downstream models on top of these fixed
features only. No gradients are propagated into the
SSL encoder during downstream training.

3.5.1. DID and SER Architecture

For DID and SER, we train a lightweight classi-
fier on top of the frozen SSL features with a batch

size of 4 for 10k steps. The classifier consists of
three temporal convolution layers with kernel size
5, RelU activations, and dropout of 0.4, followed
by self-attention pooling, a feed-forward layer, and
a final softmax layer. All hidden dimensions are set
to 80. This setup isolates the quality of the learned
SSL representations by keeping the encoder fixed
and limiting the trainable parameters to the down-
stream classifier.

3.5.2. ASR Architecture

For ASR, we train an encoder—decoder model with
a joint CTC/attention objective using the ESPnet
toolkit.* The encoder consists of two Conformer
layers and the decoder consists of two Transformer
layers, each with 8 attention heads and 2048 linear
units. We train for 70 epochs.

4Using ESPnet toolkit.
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4. Results
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Figure 2: Ablation results for the compressed stu-
dent models. a) Effect of student initialization strat-
egy. (b) Effect of reducing the number of attention
heads. (c) Effect of applying PCA to teacher embed-
dings before clustering when generating pseudo-
labels for student training. H-ST(emby, attny,), SPA
means PCA applied for supervision.

Comparison with Upper Bound: SOTA Model
As contextual reference, Table 4 also reports rep-
resentative published results from strong task-
specific systems for Arabic ASR, DID, and SER.
These results come from separate studies and are
not directly comparable to our models because they
differ in architecture, supervision, training data, and

200000

experimental protocol. We therefore use them only
to contextualize performance, not to claim direct
state-of-the-art results. For ASR, we report results
alongside Fanar ASR (Fanar et al., 2025), a spe-
cialized system trained on more than 10K hours of
MSA and dialectal Arabic speech. Under our much
more constrained setup, where ASR fine-tuning
uses only 300 hours of MSA data, HArnESS-L re-
mains within about 5 WER points on MGB2 and
MGB3, and HArnESS-S within about 10 points. For
DID and SER, HArnESS-L also shows strong re-
sults relative to the published reference numbers,
achieving 84.98% on ADI5 compared with 82.5%
(Kulkarni and Aldarmaki, 2023), and 94.66% on
KSUEmotion compared with 85.53% (on ResNet-
based architecture). Although these comparisons
are only approximate, they indicate that HArnESS-
L is competitive with strong specialized systems,
while the distilled students preserve much of the
teacher’s performance with substantially smaller
capacity.

HArnESS-L vs. Existing SSLs for Arabic Com-
pared with HUBERT-L and XLS-R, HArnESS-L per-
forms better across the evaluated Arabic tasks, sug-
gesting that Arabic-centric pretraining is beneficial
for downstream Arabic speech processing. The
compressed HArnESS variants also outperform
the multilingual XLS-R baseline on several tasks,
indicating that iterative distillation preserves useful
task-relevant structure even under heavy compres-
sion.

Effects of structural compression and design
choices. Figure 2 presents three ablation studies
on student design, covering initialization, structural
compression, and supervision compression. For
iteration ¢ = 3, we first examined the effect of stu-
dent weight initialization and observed only minor
differences in downstream performance (Figure 2).
This indicates that initialization plays a limited role
at this stage, and that performance depends more
strongly on the distilled supervision signal.

We then evaluated the effect of reducing model
depth. HArnESS-S achieves 79.4% structural com-
pression relative to HArnESS-L while maintaining
strong performance across tasks. Despite this com-
pression, it still outperforms the multilingual and
English SSL baselines, highlighting the effective-
ness of Arabic-centric distillation. Compared with
HArnESS-L, however, HArnESS-S shows a 4.7
absolute increase in WER, a 3.51-point drop in
SER accuracy, and a 14.4-point drop in DID ac-
curacy. The larger degradation on DID suggests
that dialect-related cues are harder to preserve in
shallower architectures.

Next, we reduced the number of attention heads
from HArnESS-S (attn = 16) to HArnESS-S*
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Models | ASR (WER |) | SER (Acc 1) | DID (Acc 7)
| MGB2 MGB3 | KSUEmotion | ADI5
Published task-specific reference results (context only)
10.24 21.31 85.53% 82.5%

Reference result ‘ (

Fanar et al., 2025) (Fanar et al., 2025) | (Abouzeid et al., 2025) | (Kulkarni and Aldarmaki, 2023)

Our downstream evaluation with frozen SSL encoders

HuBERT-L (English) 22.6* 51.2* 91.92% 64.14%

XLS-R (Multilingual) 22.60* 51.80* 73.32% 42.35%

HArnESS-L (Bilingual: Arabic-English) 15.50* 41.60* 94.66% 84.98%
Compressed HArnESS students distilled with ~1000h Arabic-only data

HArnESS-S (AS = 79.4%) 20.20* 52.80* 91.15% 70.84%

HArnESS-ST (AS = 93.7%) 23.20* 58.20* 89.02% 69.77%

HArnESS-ST= (AS = 93.7%) 22.50* 55.60* 87.34% 61.64%

Table 4: Performance comparison on ASR, SER, and DID. ASR downstream results in our setup are
obtained by training on a 300h QASR subset, results denoted by a *. The top block lists previously
published task-specific reference results from separate studies and is included only for context. These
numbers are not from a unified baseline and are not directly comparable to the models evaluated in our
setup. L denotes the large teacher model, S the shallow student, and ST the shallow-thin student. AS
denotes overall structural compression relative to HArnESS-L.

Test Sets ‘ emby=1024 emb,=512 emb, ;=256
MGB2 (WER ) 20.2 23.20 22.3
KSUEmotion (Acc T) 91.15% 89.02% 79.42%
ADI5 (Acc T) 70.84% 69.77% 53.41%
AS ‘ 70.43% 91.14% 96.52%

Table 5: Performance Comparison for different em-
bedding dimensions. AS: Overall structural com-
pression.

(attn = 4), which yields an additional 26.15% struc-
tural compression, reducing the model from 65M
to 48M parameters. This change has only a lim-
ited effect on ASR and SER, but causes a larger
drop on DID (Figure 2), again indicating that dialect-
sensitive information is more susceptible to archi-
tectural compression.

Finally, we examined embedding-dimension re-
duction (Table 5). At extreme compression (AS =
96.52% relative to HArnESS-L), performance drops
sharply across tasks. This result suggests that
overly aggressive dimensionality reduction weak-
ens the representational capacity of the student
and substantially limits downstream performance.

Effect of compressing the supervision signal.
We also study whether simplifying the teacher su-
pervision signal improves student training. Specif-
ically, in iteration i = 3, we compare knowledge
distillation with and without applying PCA to the
teacher embeddings before clustering. As shown in
Figure 2c, supervision derived from PCA-reduced
embeddings converges faster than supervision
from the original embeddings. This suggests that
reducing redundancy in the teacher feature space
produces a cleaner supervision signal, leading to
more stable and efficient optimization while pre-

serving effective knowledge transfer.

5. Conclusion

In this work, we introduced HArnESS, an Arabic-
centric self-supervised speech model family de-
signed to better capture the diversity of Arabic di-
alectal speech. Using an iterative self-distillation
framework, we transferred knowledge from a
large bilingual teacher model to compact shallow
and shallow-thin student models while preserv-
ing Arabic-relevant speech representations. Ex-
periments on Arabic ASR, SER, and DID show
that HArnESS is competitive with, and in some
cases stronger than, multilingual baselines such
as HUBERT and XLS-R. The compressed HAr-
nESS variants further offer an attractive efficiency-
performance trade-off, making them suitable for
more resource-constrained settings. Our down-
stream evaluation relies on frozen encoders, pro-
viding a controlled assessment of representation
quality, but it does not fully reflect the gains that may
emerge under end-to-end fine-tuning. Future work
will extend the comparison to fine-tuned settings
and broader baselines. We will publicly release the
lightweight models and benchmarking resources
to facilitate future research.
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