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Abstract

In this work, we introduce a paralinguistic-
supervision paradigm for low-resource mul-
tilingual speech emotion recognition (LRM-
SER) that leverages non-verbal vocalizations
to exploit prosody-centric emotion cues. Un-
like conventional SER systems that rely heav-
ily on labeled verbal speech and suffer from
poor cross-lingual transfer, our approach re-
formulates LRM-SER as non-verbal-to-verbal
transfer, where supervision from a labeled
non-verbal source domain is adapted to un-
labeled verbal speech across multiple target
languages. To this end, we propose NOVA-
ARC, a geometry-aware framework that mod-
els affective structure in the Poincaré ball, dis-
cretizes paralinguistic patterns via a hyperbolic
vector-quantized prosody codebook, and cap-
tures emotion intensity through a hyperbolic
emotion lens. For unsupervised adaptation,
NOVA-ARC performs optimal-transport-based
prototype alignment between source emotion
prototypes and target utterances, inducing soft
supervision for unlabeled speech while be-
ing stabilized through consistency regulariza-
tion. Experiments show that NOVA-ARC de-
livers the strongest performance under both
non-verbal-to-verbal adaptation and the com-
plementary verbal-to-verbal transfer setting,
consistently outperforming Euclidean counter-
parts and strong SSL baselines. To the best
of our knowledge, this work is the first to
move beyond verbal-speech–centric supervi-
sion by introducing a non-verbal–to–verbal
transfer paradigm for SER.

1 Introduction & Background

Affective understanding from voice is essential for
conversational agents that aim to communicate nat-
urally and respond appropriately to users’ emo-
tional states (Tzirakis et al., 2023; Antoniou et al.,
2023). Emotional cues in the human voice arise

*Equal contribution as a first author.
†Corresponding author.

from two complementary sources—prosodic pat-
terns in verbal speech and non-verbal vocal bursts
(Cowen et al., 2019) (e.g., laughter, sighs, cries,
screams, moans)—with the latter often convey-
ing affect largely independent of lexical content
(Liebenthal et al., 2016). Non-speech vocalizations
can also serve as critical communicative signals,
particularly for individuals with profound disabili-
ties or limited speech, for whom vocal sounds may
remain a usable channel of expression in the ab-
sence of fluent speech (McCormack et al., 2010).
Reliance on labeled verbal speech makes SER hard
to scale beyond a few well-resourced languages: an-
notations are scarce in low-resource settings (Gong
et al., 2025), and multilingual corpora differ in
label conventions, speakers, and recording con-
ditions, producing substantial domain mismatch
(Mote et al., 2025, 2024). To mitigate such mis-
match, prior work has explored unsupervised do-
main adaptation (UDA) for SER, including adver-
sarial alignment for cross-lingual transfer (Latif
et al., 2019), as well as approaches that reduce do-
main shift via KNN-based voice conversion (Mote
et al., 2024) or vector-quantized discrete represen-
tations shared across languages (Mote et al., 2025).
However, these UDA formulations still assume that
emotion supervision originates from labeled ver-
bal speech. Even so, SER supervision remains
dominated by labeled speech, while non-verbal
emotion recognition has only recently received
broader attention (Phukan et al., 2025b). While
multilingual pretraining and transfer learning im-
prove robustness, the fundamental bottleneck per-
sists: emotion supervision is still collected from
verbal speech and is unevenly distributed across
languages (Upadhyay et al., 2024; Sharma, 2022;
Han et al., 2025). Consequently, progress has
largely come from improving encoders and trans-
fer recipes, while leaving the supervision signal
unchanged. A growing line of research now tar-
gets non-verbal vocalizations directly, motivated

41881



by their affective richness and the distinct mod-
eling challenges they pose (Shah and Johnson,
2025). Taken together, these observations moti-
vate revisiting the source of emotion supervision
in SER—especially in multilingual settings where
labeled data is scarce. The central motivation of
this study is that the observation that non-verbal
vocalizations offer a stronger supervision signal
for multilingual SER by disentangling affective
expression from language-dependent lexical con-
tent. In verbal speech, emotion labels are inevitably
entangled with words, phonotactics, and language-
dependent expressive conventions; consequently,
models trained on verbal emotion corpora can over-
fit to lexical/phonetic correlates that do not transfer
across languages and domains where as Non-verbal
vocalizations offer a cleaner alternative: laughter,
sobs, gasps, and sighs arise from shared physio-
logical mechanisms and are dominated by paralin-
guistic acoustics—voicing, spectral tilt, intensity
dynamics, and temporal modulation—making their
emotion supervision inherently more transferable
and language-agnostic. We hypothesize that train-
ing emotion models on labeled non-verbal vocaliza-
tions—where affect is disentangled from linguistic
content—learns a language-agnostic affective rep-
resentation that forms a stronger and more trans-
ferable foundation for verbal emotion recognition
across languages than models trained on verbal
speech. To validate this hypothesis, we conceptual-
ize multilingual SER as unsupervised non-verbal-
to-verbal transfer, where emotion supervision is
learned from labeled non-verbal vocalizations and
adapted to unlabeled verbal speech across lan-
guages without target-language emotion labels. In
this study, we introduced NOVA-ARC: NOn-verbal
to Verbal Adaptation via hyperbolic Alignment,
Radial calibration, and Codebook tokens, is a
geometry-aware framework for unsupervised non-
verbal-to-verbal emotion transfer. The model first
learns affective representations from labeled non-
verbal vocalizations using a self-supervised back-
bone, which are projected into hyperbolic space to
capture hierarchical emotion structure. Prosodic
patterns are discretized via a hyperbolic vector-
quantized codebook and fused with continuous
embeddings through a hyperbolic bottleneck. To
adapt to unlabeled verbal speech across languages,
NOVA-ARC aligns target utterances to source emo-
tion prototypes using hyperbolic optimal prototype
transport, inducing soft supervision without target
emotion labels. Consistency regularization further

stabilizes adaptation on unlabeled target speech.
Accordingly, this study make the following con-
tributions:

• We propose a new formulation for multilin-
gual SER: we leverage labeled non-verbal ex-
pressions to supervise training and adapt to
unlabeled verbal utterances from the target
domain without accessing emotion labels.

• We conduct comprehensive experiments
on ASVP-ESD (non-verbal & verbal) and
five verbal SER datasets (MESD, AESDD,
RAVDESS, Emo-DB, CREMA-D).

• We introduced NOVA-ARC, a geometry-
aware approach that uses hyperbolic repre-
sentations to capture affective structure and a
prototype-transport objective to adapt to un-
labeled verbal speech, together with mecha-
nisms for prosody tokenization and intensity
calibration.

• We find that NOVA-ARC reliably improves
over competitive speech-SSL baselines and
Euclidean transfer baselines across datasets
and languages under an unlabeled-target set-
ting.

• To the best of our knowledge, NOVA-ARC
is the first end-to-end framework to formu-
late low-resource multilingual SER as unsu-
pervised transfer from labeled non-verbal vo-
calizations to unlabeled verbal speech.

2 Pre-Trained Representation

We consider a set of speech foundation en-
coders, including voc2vec0 (Koudounas et al.,
2025), WavLM1 (Chen et al., 2022), wav2vec 2.02

(Baevski et al., 2020), and MMS3 (Pratap et al.,
2024). wav2vec 2.0 and WavLM are self-
supervised PTMs trained with masked prediction
objectives; WavLM additionally incorporates a
denoising-oriented pretraining design to improve
robustness and downstream generalization. MMS
scales wav2vec 2.0-style self-supervised pretrain-
ing to broad multilingual coverage by training
wav2vec 2.0 models for 1,406 languages on ∼491K
hours of unlabeled speech, drawing data from mul-
tiple corpora. To better model non-verbal vocal-
izations, we additionally use voc2vec, a founda-
tion model explicitly tailored for non-verbal human

The project page is available at the following link: https:
//helixometry.github.io/NOVA-ARC---ACL26/.

0https://github.com/koudounasalkis/voc2vec
1https://huggingface.co/microsoft/wavlm
2https://huggingface.co/facebook/wav2vec2
3https://huggingface.co/facebook/mms-1b
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Figure 1: Proposed Framework Overview: NOVA-ARC

sounds, pre-trained with SSL on 10 open-source
non-verbal datasets totaling ∼125 hours; it is built
on the wav2vec 2.0 framework and follows the
wav2vec 2.0 base architecture. For feature extrac-
tion, we resample all audio to 16,kHz and average-
pool the final hidden-layer frame representations
to obtain utterance-level embeddings. Representa-
tion dimensionalities are 768 (voc2vec, WavLM,
wav2vec 2.0) and 1024 (MMS-1B). A detailed de-
scription of the pretrained models used in this study
is provided in Appendix A.1.

3 Modeling

3.1 Downstream classifier

The frame-level representations extracted from
each front-end model are used as input to a
lightweight temporal CNN. We adopt a CNN head,
widely used downstream choice in related work
(Phukan et al., 2025b). The classifier consists of
two convolutional blocks, where each block in-
cludes a 1D convolution followed by max-pooling
along the temporal axis. The first block uses 64
filters with a kernel size of 3, and the second block
uses 128 filters with the same kernel size. The re-
sulting feature maps are then flattened and passed
through a fully connected layer with 128 hidden
units (ReLU). Finally, a softmax output layer pro-
duces emotion posteriors, with the number of out-
put neurons set to the number of target emotion
classes. Across the different front-end represen-
tations, the total number of trainable parameters
in the CNN head ranges from 5.2M to 8.5M, de-
pending on the embedding dimensionality of the
front-end.

3.2 Proposed Framework: NOVA-ARC

We propose, NOVA-ARC, a hyperbolic prosody-
tokenization and prototype-transport framework
that leverages labeled nonverbal vocalizations to
adapt SER to unlabeled verbal speech. The overall

Data
V2C WVM WV2 MMS

A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑

Verbal

APD (V) 32.67 30.41 84.39 82.57 80.56 77.90 87.63 85.78
MESD 49.02 46.91 68.35 67.24 72.63 71.98 96.47 93.85
AESD 35.86 34.19 84.27 82.94 73.41 70.98 61.59 60.12
RVDS 36.51 33.97 85.69 82.90 76.38 74.69 83.67 82.05
EMDB 44.69 42.28 96.31 94.82 97.67 95.38 94.15 91.82
CRMD 42.31 41.06 86.71 85.20 86.02 84.47 79.23 76.91

Non Verbal

APD (NV) 95.26 93.79 63.61 60.92 58.92 56.47 46.03 43.65

Table 1: Cross-corpus performance. Abbreviations used :
V2C = voc2vec, WVM = WavLM, WV2 = wav2vec 2.0, MMS
= MMS. Datasets: APD = ASVP-ESD (V = verbal split, NV =
non-verbal split), MESD = MESD, AESD = AESDD, RVDS =
RAVDESS, EMDB = Emo-DB, CRMD = CREMA-D. Results
are reported as accuracy (A) and macro-F1 (F1). The same
abbreviations are used in Tables 2 and 3.

pipeline of NOVA-ARC is illustrated in Figure 1. We
study unsupervised domain adaptation (UDA) for
speech emotion recognition (SER) from labeled
non-verbal vocalizations (NVV) as source to unla-
beled verbal speech (UVS) as target. We define the
labeled source domain as a set of NVV waveforms
paired with emotion labels:

DS = {(xSi , yi)}NS
i=1, yi ∈ {1, . . . , C}

where xSi is a NVV waveform (e.g., laugh/cry/sigh)
and yi is its emotion label. We define the unlabeled
target domain as a set of UVS waveforms:

DT = {xTj }NT
j=1

where xTj is a UVS waveform containing lexical
content, and we do not use transcripts or emotion
labels during target training. We share all model
components across NVV and UVS and denote the
parameters as:

θ = {E, Wp, bp, C, Wb, bb, α, w, We, be}

Here, E is a self-supervised acoustic encoder;
(Wp, bp) projects encoder features to the latent
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space; C is a hyperbolic VQ codebook; (Wb, bb) is a
bottleneck projection; α is the Hyperbolic Emotion
Lens (HEL) parameter; w is the attention pooling
vector; and (We, be) is the emotion classifier head.
In our experiments, we instantiate E with voc2vec,
WavLM, wav2vec 2.0, or MMS. To make the geom-
etry comparison as fair as possible, we construct a
Euclidean counterpart of NOVA-ARC with the same
overall architecture and training setup, replacing
only the hyperbolic operations with Euclidean ones.
The Euclidean model retains the same key compo-
nents, including prototype-based transport, prosody
tokenization, and intensity calibration. This allows
the comparison to mainly isolate the role of repre-
sentation geometry.
Hyperbolic Preliminaries: We model embeddings
in the d-dimensional Poincaré ball with curvature
−c (c > 0):

Dd
c = {x ∈ Rd : c∥x∥2 < 1}

Why hyperbolic geometry? We adopt hyperbolic
geometry because it provides a low-distortion space
for organizing representations that exhibit hierar-
chical structure; in our setting, this helps retain the
relative organization of affective cues when moving
from NVV to UVS. This is well matched to the hier-
archical nature of emotions, where broad affective
families can be refined into more specific categories
and intensities. Recent SER work (Phukan et al.,
2025a) shows that aligning and combining speech
representations in hyperbolic space better preserves
their hierarchical relationships and reduces geomet-
ric distortion, leading to more effective integration
of complementary cues. Motivated by these find-
ings, NOVA-ARC operates in the Poincar’e ball
for prosody tokenization, continuous–discrete in-
tegration, and prototype alignment. Next, for any
hyperbolic operations, we use the exponential and
logarithmic maps at the origin, Möbius addition,
and the associated Poincaré distance, and we add
a small ε > 0 wherever needed for numerical sta-
bility. We map tangent vectors to the Poincaré ball
using the exponential map at the origin:

expc0(v) = tanh(
√
c∥v∥) v√

c∥v∥+ ε

Next, we map points from the Poincaré ball back
to the tangent space using the logarithmic map at
the origin:

logc0(x) =
1√
c
arctanh(

√
c∥x∥) x

∥x∥+ ε

Möbius addition and Poincaré distance. We com-
bine two hyperbolic points using Möbius addition
and measure similarity using the corresponding
Poincaré distance. For x,y ∈ Dd

c , we define

x⊕ y =
(1 + 2c⟨x,y⟩+ c∥y∥2)x+ (1− c∥x∥2)y

1 + 2c⟨x,y⟩+ c2∥x∥2∥y∥2

and

dc(x,y) =
2√
c
arctanh

(√
c ∥ − x⊕ y∥

)

Shared Forward Pass Given an utterance x (ei-
ther xS from NVV or xT from UVS), we compute
frame-level hyperbolic features and an utterance-
level embedding using a shared network. We first
pass x through the encoder E to obtain frame-wise
features {zt}Tt=1 that summarize local acoustic pat-
terns over time. We then project these features
and map them into the Poincaré ball, producing
hyperbolic frame embeddings {xt}Tt=1:

zt = E(x)t, xt = expc0(Wpzt + bp)

Next, we perform prosody tokenization with a hy-
perbolic VQ codebook C: each hyperbolic frame
xt is assigned to its nearest codeword under the
Poincaré distance, yielding a discrete hyperbolic to-
ken qt. We optimize this module with the standard
codebook and commitment terms (stop-gradient),
ensuring the discrete tokens remain close to the
continuous hyperbolic frames while preserving sta-
ble assignments. We then fuse the continuous and
discrete cues directly in hyperbolic space using
Möbius addition, and compress the fused represen-
tation through a bottleneck. Concretely, we com-
bine xt and qt in the Poincaré ball, map the result
to the tangent space at the origin, apply a linear bot-
tleneck, and map back to hyperbolic space. This
yields bottlenecked hyperbolic frame embeddings
{bt}Tt=1 ∈ Ddb

c . To reduce intensity mismatch be-
tween NVV and UVS, we apply the Hyperbolic
Emotion Lens (HEL) as a learnable radial calibra-
tion. We log-map each bt to the tangent space,
decompose it into radius and direction, apply a
power-law warp controlled by α, and map it back
to the Poincaré ball, producing calibrated frames
{b̃t}Tt=1. Finally, we form an utterance-level em-
bedding by attention pooling in the tangent space.
We log-map the calibrated frames, compute atten-
tion weights with a shared vector w, and take the
weighted sum to obtain the utterance representa-
tion u♭. We also keep its hyperbolic counterpart
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b̃ = expc0(u
♭) for prototype matching and trans-

port. Emotion prediction is produced from u♭ using
a linear classifier and softmax:

pθ(y | x) = softmax(Weu
♭ + be)

Hyperbolic Emotion Prototypes With utterance
embeddings available for the labeled NVV source,
we summarize each emotion class by a prototype in
the same hyperbolic space. Let b̃S

i ∈ Ddb
c denote

the utterance-level embedding of the i-th source
sample xSi . For each class c ∈ {1, . . . , C}, we
compute its hyperbolic prototype as the Fréchet
mean that minimizes the sum of squared Poincaré
distances to all source embeddings in that class:

µ(c) = arg min
z∈Ddb

c

∑

i: yi=c

d2c(z, b̃
S
i ), µ(c) ∈ Ddb

c

We collect all class prototypes into M =
{µ(1), . . . , µ(C)}, which serves as a compact hy-
perbolic representation of the source emotion struc-
ture and is later used to guide adaptation on UVS.
Target Adaptation via Hyperbolic Optimal Pro-
totype Transport After forming the source proto-
type set M, we adapt to unlabeled UVS by aligning
target utterances to these prototypes in hyperbolic
space. For a target minibatch BT = {xTj }nj=1, we
compute utterance embeddings b̃T

j ∈ Ddb
c using

the same shared forward pass. We then define a
prototype-to-target cost based on squared Poincaré
distance:

Mcj = d2c

(
µ(c), b̃T

j

)
∈ RC×n

We solve an entropically regularized optimal trans-
port problem to obtain a soft alignment between
prototypes and target samples. We set the target
marginal to be uniform, reflecting no prior knowl-
edge of target labels, and we set the prototype
marginal to the source class prior, which preserves
the emotion mass distribution observed in NVV:

b =
(
1
n , . . . ,

1
n

)
∈ ∆n, ac =

Nc∑C
k=1Nk

,

a = (a1, . . . , aC) ∈ ∆C

We compute the transport plan Π∗ ∈ RC×n
+ with

Sinkhorn iterations:

Π∗ = argmin
Π≥0

⟨Π,M⟩+ ε
C∑

c=1

n∑

j=1

Πcj(logΠcj − 1)

s.t. Π1n = a, Π⊤1C = b

The resulting transport plan induces soft pseudo-
labels for target samples. Since

∑
cΠ

∗
cj = bj =

1/n, we define

qcj =
Π∗

cj

bj
= nΠ∗

cj ,

C∑

c=1

qcj = 1

We supervise target adaptation using two comple-
mentary objectives. The first encourages geometric
alignment by minimizing the transport cost in hy-
perbolic space:

LOPT(BT ) = ⟨Π∗,M⟩ =
C∑

c=1

n∑

j=1

Π∗
cj d

2
c

(
µ(c), b̃T

j

)

The second uses the OT-induced soft labels to train
the classifier on target samples via a soft cross-
entropy loss:

LOT-CE(BT ) = − 1

n

n∑

j=1

C∑

c=1

qcj log pθ(y = c | xT
j )

Together, these two terms align UVS utterances to
the NVV prototype structure while keeping predic-
tions consistent with the transported emotion mass.
Overall Objective and Inference At each iteration,
we jointly learn from labeled NVV and unlabeled
UVS. Concretely, we sample a labeled source mini-
batch BS and an unlabeled target minibatch BT ,
and minimize a unified objective that combines
source supervision with target alignment:

L(BS ,BT ) = LS(BS) + λOPTLOPT(BT )

+ λOTLOT-CE(BT )

Here, LS trains the model to recognize emotions on
NVV, while the two target terms encourage UVS
utterances to follow the same prototype structure
and produce consistent soft-label predictions. At
inference time, we use the same forward pass and
output the most likely emotion class:

ŷ = arg max
c∈{1,...,C}

pθ(y = c | xtest)

Training Details and Hyperparameters We train
NOVA-ARC using AdamW for 30 epochs with co-
sine decay and a 10% warmup. We use a batch size
of 16 for both source and target minibatches, opti-
mize the encoder with a learning rate of 3× 10−5

and newly added layers with 1×10−4, apply weight
decay of 0.01, and clip gradients at 1.0. We set
the hyperbolic curvature to κ = −1.0 with la-
tent dimension d = 256 and bottleneck dimension
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db = 128, use a VQ codebook of size K = 256
with β = 0.25 and λVQ = 1.0, and apply entropic
OT with εOT = 0.05 for 50 Sinkhorn iterations,
with λOPT = λOT = 1.0. We refresh prototypes
once per epoch. Detailed information is provided
in Appendix A.2, summarized in Table 5

4 Experiment & Result

4.1 Benchmark Dataset

In this work, we evaluate across diverse corpora
spanning multiple languages, recording conditions,
speaker demographics, and speaking styles, provid-
ing a challenging testbed for nonverbal-to-verbal
emotion transfer.
ASVP-ESD (Landry et al., 2020): It is a realis-
tic emotional audio corpus that includes both non-
speech vocalizations and speech utterances. In our
setting, we use the non-speech subset as labeled
source supervision and treat the speech subset as
unlabeled target data.
MESD (Duville et al., 2021): The dataset includes
three voice categories (female adult, male adult,
and child) and was recorded in a professional stu-
dio environment. In our setting, dataset is used as
a verbal target corpus for evaluating nonverbal-to-
verbal emotion transfer.
AESDD (Vryzas et al., 2018): It is an acted speech
corpus in Greek. It contains approximately 500 ut-
terances. We use it as unlabeled verbal target data
in our transfer setting.
RAVDESS (Livingstone and Russo, 2018): It is a
validated emotional expression dataset comprising
7356 recordings. We use the audio-only speech
subset as an unlabeled verbal target dataset.
Emo-DB (Burkhardt et al., 2005): It is an acted
German emotional speech corpus with 800 utter-
ances from 10 speakers across seven emotions; we
use it as unlabeled verbal target data.
CREMA-D (Cao et al., 2014): It is a crowd-
sourced multimodal acted emotion dataset. The
corpus includes 12 emotionally neutral sentences.
We use the audio-only modality as verbal target-
domain speech (labels reserved for evaluation). To
ensure a fair and consistent evaluation, we stan-
dardize all datasets to a shared class label space:
happy, anger, disgust, sadness, fear.
We consider the subset of emotion categories that
can be matched most reliably across all datasets
and standardize all corpora to a shared five-class
space: happy, anger, disgust, sadness, and fear.
The resulting protocol provides a cleaner basis for

evaluating transfer across languages and corpora.

Data
V2C WVM WV2 MMS

A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑

APD NV

APD (V) 62.23 60.87 43.65 42.26 42.79 39.14 39.48 37.61
MESD 54.71 51.90 40.13 38.91 45.36 44.02 41.62 38.97
AESD 56.86 55.12 39.34 36.71 41.23 39.58 43.65 42.39
RVDS 60.01 58.42 46.79 43.90 41.38 39.72 38.58 35.87
EMDB 57.93 55.16 45.08 42.51 43.75 42.29 41.63 39.67
CRMD 61.27 59.46 39.62 36.91 36.78 35.11 30.91 28.69

APD V

MESD 30.87 28.41 25.62 24.19 26.53 23.98 21.76 20.34
AESD 26.09 23.92 20.47 18.63 23.71 21.05 16.86 15.43
RVDS 33.46 31.78 14.89 13.05 18.31 15.92 13.21 11.67
EMDB 29.78 28.14 19.66 17.31 23.92 22.09 14.11 11.24
CRMD 36.12 34.78 12.03 9.41 17.86 16.21 10.64 7.98

Table 2: Zero-shot cross-corpus. APD NV as the labeled
source and evaluates on verbal targets (APD(V), MESD,
AESD, RVDS, EMDB, CRMD). APD V as the labeled source
and evaluates on the same verbal targets. Results are reported
as accuracy (A) and macro-F1 (F1). Abbreviations follow
Table 1.

4.2 Results and Discussion
In this section, we present results for individual
front-end models with the shared CNN head, and
evaluate our proposed framework, NOVA-ARC, for
non-verbal-to-verbal transfer. Table 1, examine
how self-supervised acoustic representations be-
have under two supervision regimes: voc2vec
trained with non-verbal emotion labels, and speech-
oriented SSL encoders (WavLM, wav2vec 2.0,
MMS) trained with verbal emotion labels. Under
non-verbal supervision, voc2vec is clearly the most
effective in its native setting, achieving 95.26%
accuracy on APD(NV), far ahead of the speech-
pretrained alternatives. This indicates that voc2vec
captures emotion cues driven more by paralinguis-
tic patterns than by lexical or phonetic content. We
also see a sharp drop for speech-oriented encoders
under non-verbal supervision, pointing to a mis-
match between their learned feature spaces and the
acoustic structure of non-verbal vocalizations. Un-
der the conventional SER setup, where training and
evaluation are both performed on verbal emotional
speech, the speech-oriented SSL encoders consis-
tently outperform voc2vec in Table 1. This trend
is expected: WavLM, wav2vec 2.0, and MMS are
optimized for speech and tend to encode phonetic
structure and speech-driven prosodic regularities
that are helpful when emotion is conveyed through
spoken utterances. In comparison, voc2vec—while
highly effective for non-verbal affect—appears less
tailored to modeling verbal speech content, and
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DATA

V2C WV2 WVM MMS

EUC HYP EUC HYP EUC HYP EUC HYP

A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑

APD NV (Source)

APD V 87.31 85.06 92.40 89.79 81.24 78.91 86.91 84.53 86.51 85.17 91.03 88.92 83.78 81.46 89.43 88.15
MESD 84.58 81.92 90.67 89.05 78.69 76.30 84.05 81.76 83.47 80.92 81.09 79.36 81.43 78.90 86.79 83.93
AESD 79.63 78.21 84.39 82.92 74.61 71.92 79.43 77.21 78.31 76.56 82.98 81.06 76.14 74.67 82.03 80.24
RVDS 87.04 85.53 93.79 90.61 81.23 80.41 87.57 85.94 85.19 83.78 92.47 90.31 84.37 83.02 89.51 87.69
EMDB 86.71 83.69 92.46 90.68 80.11 77.62 85.63 82.73 86.04 85.21 91.26 88.93 82.97 80.56 88.11 85.74
CRMD 85.26 84.03 91.32 89.87 79.92 77.04 85.46 83.21 83.94 82.06 90.76 89.29 82.51 79.92 87.94 85.22

APD V (Source)

MESD 75.04 72.91 81.33 80.12 68.76 66.51 75.28 73.98 67.49 64.37 74.62 72.08 70.81 68.20 76.56 75.39
AESD 72.46 71.05 79.19 76.68 65.92 63.51 71.22 69.43 66.45 63.91 71.03 70.24 68.39 67.58 73.11 70.67
RVDS 81.92 79.23 86.76 83.60 72.34 70.58 77.61 74.98 73.16 71.81 78.53 76.02 76.42 73.66 81.39 79.56
EMDB 74.31 71.84 80.59 79.02 66.15 63.68 73.61 72.38 64.87 62.55 71.42 68.90 67.29 65.82 76.63 75.11
CRMD 72.42 70.19 79.61 74.82 63.94 60.13 69.70 66.58 62.01 60.47 70.39 68.25 66.08 65.76 74.19 72.44

Table 3: Cross-corpus adaptation results of NOVA-ARC.

Method Acc ↑ F1 ↑
Euclidean space (E) 87.31 85.06
Euclidean w/o EEL 70.01 46.61
No VQ (cont. only) 74.22 70.43
Token only (disc. only) 76.90 73.18
Concat/MLP (no Möbius) 65.36 62.24
No HEL 72.75 51.44
Euclidean OT 80.24 75.64
Adversarial DA 53.49 43.76
OT-UDA baseline 50.78 41.33

NOVA-ARC (full) 92.40 89.79

Table 4: Ablation study on NVV-to-UVS transfer (APD NV
as source, APD V as target).

therefore trails the speech-SSL representations in
this regime.

Table 2 reports zero-shot transfer results with the
shared CNN head under two training setups. First,
we train on the non-verbal split of the Audio Set
of Vocalizations with Perceived Emotions Speech
Dataset (ASVP-ESD; APD NV) and evaluate on
multiple verbal SER datasets: MESD, AESDD-
AESD, RAVDESS-RVDS, Emo-DB-EMDB, and
CREMA-D-CRMD. Second, we train on the ver-
bal split of ASVP-ESD-APD V and evaluate on
the same set of verbal datasets as a conventional
reference. Under supervision from APD(NV),
voc2vec consistently yields the highest zero-shot
performane on all verbal target corpora. On
APD(V), it reaches 62.23%, and it remains strong
on RAVDESS 60.01% and CREMA-D 61.27%.
In comparison, speech-oriented SSL encoders de-
grade substantially under the same non-verbal su-
pervision, with accuracies typically below 47%.
This suggests that voc2vec retains emotion-related
cues learned from non-verbal vocalizations that re-

main useful on spoken utterances, whereas speech-
pretrained encoders are less compatible with the
acoustic structure of non-verbal affect. Gener-
alization between verbal corpora also turns out
to be challenging. Performance drops across
all encoders, although voc2vec remains compar-
atively stronger (36.12% on CRMD and 33.46%
on RVDS). To check whether the gains come
from the representations or simply from the trans-
fer setting, Table 2 also reports zero-shot cross-
corpus verbal SER using APD(V) as the source.
In this verbal-only case, speech-oriented encoders
(WavLM, wav2vec 2.0, MMS) tend to rank higher
than voc2vec, consistent with their stronger mod-
eling of speech structure. Even so, performance
remains well below in-domain results, showing that
cross-corpus generalization is difficult even within
verbal speech due to differences in recording con-
ditions, speakers, scripts, and label distributions.
Overall, the ranking flips across regimes: speech
SSL is most effective for verbal-to-verbal transfer,
while voc2vec is most effective when supervision
comes from non-verbal vocalizations.

Table 3 reports cross-dataset results for Eu-
clidean and hyperbolic variants within our pro-
posed adaptation framework, NOVA-ARC. For a
fair comparison, the training and evaluation pro-
tocol is kept identical within each front-end, and
the Euclidean and hyperbolic variants differ only
in the underlying representation geometry and the
associated distance operations. The gains are
strongest when APD(NV) is used as the source,
which matches the main goal of this work: adapting
emotion supervision learned from non-verbal vocal-
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Figure 2: Sensitivity and codebook analysis of NOVA-ARC under the APD(NV)→APD(V) setting, showing: (a) curvature
sensitivity, (b) sensitivity to entropic OT regularization ϵOT, (c) codebook-size sensitivity, and (d) codebook utilization across
different codebook sizes.

izations to verbal emotional speech. In this setting,
voc2vec with hyperbolic modeling achieves the
best overall accuracy on RVDS 93.79% and also
performs strongly on APD(V) 92.40% and EMDB
92.46%. We also conduct an additional evaluation
on APD(NV)→APD(V) under a controlled 10 dB
SNR condition by adding noise to the verbal tar-
get speech. In this setting, the Euclidean variant
achieves 67.01% accuracy and 62.35% F1, while
the hyperbolic variant reaches 79.44% accuracy
and 78.09% F1. This result further strengthens the
empirical picture and shows that the advantage of
the hyperbolic variant is retained under moderate
noise. The same trend holds for the speech-oriented
encoders after fine-tuning, where the hyperbolic
variant improves performance across all verbal tar-
gets, showing that the proposed adaptation is not
tied to a single front-end. Using the verbal split
as the source, NOVA-ARC delivers consistent gains
across all verbal target corpora and across all en-
coders, indicating that the improvements are sys-
tematic rather than model-specific. This broad,
front-end-agnostic behavior strengthens the case
that NOVA-ARC contributes a genuinely transferable
adaptation mechanism, not just a better feature ex-
tractor, and is especially effective in the non-verbal-
supervised setting targeted in this work. In terms of
operating behavior, NOVA-ARC is expected to work
best when emotion is expressed mainly through
paralinguistic cues that are shared between non-
verbal vocalizations and verbal speech, such as
pitch movement, energy variation, speaking rate,
and voice quality. This is especially useful in set-
tings where lexical content is weakly informative or
potentially misleading, since the model is encour-
aged to focus on how something is spoken rather
than on language-specific verbal patterns. By con-
trast, transfer becomes more difficult when emotion

categories are close in their acoustic realization or
when the correct label depends more heavily on se-
mantic or discourse context than on prosody alone.
In such cases, the model may exhibit more con-
fusion between nearby affective states, which is
consistent with the qualitative patterns observed in
the appendix A. For qualitative analysis, we report
both t-SNE plots of the utterance embeddings and
confusion matrices in the Appendix A: A.3.1 and
A.3.2, which illustrate clearer class separation and
more consistent prediction patterns after adapta-
tion.
Additional Experiment: To further validate, we
also evaluate NOVA-ARC on the same setup used
in (Mote et al., 2025). Using their benchmark con-
figuration, our framework attains 76.89% accuracy
and 71.43% F1, supporting that our hyperbolic tok-
enization and prototype-transport design remains
effective even when compared against a representa-
tive VQ-based UDA formulation.

4.3 Ablation Study

Table 4 analyzes the contribution of each compo-
nent of NOVA-ARC for NVV-to-UVS transfer,
using APD NV as the source and APD V as the
target. The full model achieves 92.40% accuracy
and 89.79% F1, and every ablation leads to a clear
degradation, confirming that NOVA-ARC bene-
fits from the joint design of hyperbolic modeling,
prosody tokenization, intensity calibration, and
transport-based alignment. Replacing the hyper-
bolic space with a Euclidean variant reduces perfor-
mance to 87.31%, showing that the hyperbolic ge-
ometry contributes meaningful structure for cross-
domain transfer. Further ablating the Euclidean
intensity calibration step reduces performance to
70.01% accuracy and 46.61% F1, indicating that
calibration remains beneficial even within the Eu-
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clidean setting. Removing the prosody tokenization
branch also hurts performance: the continuous-only
variant drops to 74.22%, and the discrete-only vari-
ant reaches 76.90%. This indicates that continuous
cues and discretized prosody tokens are comple-
mentary, and NOVA-ARC benefits from using both.
The way these cues are integrated is also important.
Replacing Möbius integration with a tangent-space
concatenation/MLP results in a large drop 65.36%.
Removing HEL decreases accuracy to 72.75% and
substantially reduces F1 to 51.44, highlighting that
calibrating intensity is necessary to reduce mis-
match between NVV and UVS. Finally, we ablate
the adaptation mechanism. Performing OT in Eu-
clidean space lowers performance to 80.24%, in-
dicating that prototype transport is more effective
when distances and geometry are consistent with
the hyperbolic embedding space. Standard alterna-
tives are notably weaker: adversarial domain adap-
tation achieves 53.49% and OT-based SER UDA
baselines reach 50.78%. Collectively, the ablation
results show that NOVA-ARC’s gains come from
the synergy between hyperbolic prosody tokeniza-
tion, intensity-aware embedding calibration, and
hyperbolic prototype transport. Figure 2 comple-
ments the ablation study with a sensitivity anal-
ysis under the same APD(NV)→APD(V) setting.
Across curvature, entropic OT regularization, and
codebook size, the selected values fall in stable op-
erating regions rather than narrow optima. The
codebook-utilization results further show that a
moderate codebook size provides a good balance
between representational capacity and effective us-
age.

5 Conclusion

In this study, we introduced a new perspective
on low-resource multilingual SER by reframing
it as unsupervised non-verbal-to-verbal transfer:
learn emotion supervision from labeled non-verbal
vocalizations. Through extensive evaluations on
ASVP-ESD and five verbal SER benchmarks, we
showed that non-verbal and verbal emotion cues
induce a clear representation shift in common
SSL encoders. To address this gap, we introduce
NOVA-ARC, a structured adaptation approach that
combines hyperbolic geometry, prosody-aware
discretization, and prototype-based optimal
transport for domain alignment. Across encoders
and datasets, NOVA-ARC consistently improved
cross-dataset generalization. Our findings establish

a strong baseline for using non-verbal affect as
scalable supervision for multilingual SER under
realistic label constraints.

Limitations and Future Work

The current evaluation across multiple publicly
available benchmarks demonstrates the effective-
ness of proposed framework for non-verbal-to-
verbal transfer in multilingual SER. A remaining
direction is broader validation on spontaneous con-
versational speech, particularly in settings involv-
ing spontaneous dialogue and overlapping speakers
that are not fully represented in the present experi-
mental setting.

Ethical Considerations

This study explores low-resource multilingual SER
by transferring supervision from labeled non-verbal
vocalizations to unlabeled verbal speech. We use
only publicly available datasets and do not collect
any new data. Our framework is developed for re-
search and benchmarking purposes. We emphasize
that emotion predictions are inherently uncertain
and context-dependent, and the proposed system
should not be used as a stand-alone tool in high-
stakes settings.

References
Nikolaos Antoniou, Athanasios Katsamanis, Theodoros

Giannakopoulos, and Shrikanth Narayanan. 2023.
Designing and evaluating speech emotion recognition
systems: A reality check case study with iemocap.
In ICASSP 2023 - 2023 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing
(ICASSP), pages 1–5.

Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed,
and Michael Auli. 2020. wav2vec 2.0: A framework
for self-supervised learning of speech representations.
Advances in neural information processing systems,
33:12449–12460.

Felix Burkhardt, A. Paeschke, M. Rolfes, Walter F.
Sendlmeier, and Benjamin Weiss. 2005. A database
of german emotional speech. In Interspeech 2005,
pages 1517–1520.

Houwei Cao, David G. Cooper, Michael K. Keutmann,
Ruben C. Gur, Ani Nenkova, and Ragini Verma. 2014.
Crema-d: Crowd-sourced emotional multimodal ac-
tors dataset. IEEE Transactions on Affective Comput-
ing, 5(4):377–390.

Sanyuan Chen, Chengyi Wang, Zhengyang Chen,
Yu Wu, Shujie Liu, Zhuo Chen, Jinyu Li, Naoyuki

41889

https://doi.org/10.1109/ICASSP49357.2023.10096808
https://doi.org/10.1109/ICASSP49357.2023.10096808
https://doi.org/10.21437/Interspeech.2005-446
https://doi.org/10.21437/Interspeech.2005-446
https://doi.org/10.1109/TAFFC.2014.2336244
https://doi.org/10.1109/TAFFC.2014.2336244


Kanda, Takuya Yoshioka, Xiong Xiao, and 1 oth-
ers. 2022. Wavlm: Large-scale self-supervised pre-
training for full stack speech processing. IEEE
Journal of Selected Topics in Signal Processing,
16(6):1505–1518.

Alan Cowen, Disa Sauter, Jessica L. Tracy, and Dacher
Keltner. 2019. Mapping the passions: Toward a high-
dimensional taxonomy of emotional experience and
expression. Psychological Science in the Public In-
terest, 20(1):69–90. PMID: 31313637.

Mathilde M. Duville, Luz M. Alonso-Valerdi, and
David I. Ibarra-Zarate. 2021. The mexican emotional
speech database (mesd): elaboration and assessment
based on machine learning. In 2021 43rd Annual
International Conference of the IEEE Engineering
in Medicine & Biology Society (EMBC), pages 1644–
1647.

Ziwei Gong, Pengyuan Shi, Kaan Donbekci, Lin
Ai, Run Chen, David Sasu, Zehui Wu, and Julia
Hirschberg. 2025. Learning More with Less: Self-
Supervised Approaches forLow-Resource Speech
Emotion Recognition. In Interspeech 2025, pages
151–155.

Zhichen Han, Tianqi Geng, Hui Feng, Jiahong Yuan,
Korin Richmond, and Yuanchao Li. 2025. Cross-
lingual speech emotion recognition: Humans vs. self-
supervised models. In ICASSP 2025 - 2025 IEEE
International Conference on Acoustics, Speech and
Signal Processing (ICASSP), pages 1–5.

Alkis Koudounas, Moreno La Quatra, Sabato Marco
Siniscalchi, and Elena Baralis. 2025. voc2vec: A
foundation model for non-verbal vocalization. In
ICASSP 2025 - 2025 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing
(ICASSP), pages 1–5.

Dejoli Landry, Qianhua He, Haikang Yan, and Yanx-
iong Li. 2020. Asvp-esd: A dataset and its bench-
mark for emotion recognition using both speech and
non-speech utterances. Global Scientific Journals,
8:1793–1798.

Siddique Latif, Junaid Qadir, and Muhammad Bilal.
2019. Unsupervised adversarial domain adaptation
for cross-lingual speech emotion recognition. In
2019 8th International Conference on Affective Com-
puting and Intelligent Interaction (ACII), pages 732–
737.

Einat Liebenthal, David A. Silbersweig, and Emily
Stern. 2016. The language, tone and prosody of
emotions: Neural substrates and dynamics of spoken-
word emotion perception. Frontiers in Neuroscience,
Volume 10 - 2016.

Steven R. Livingstone and Frank A. Russo. 2018. The
ryerson audio-visual database of emotional speech
and song (ravdess): A dynamic, multimodal set of fa-
cial and vocal expressions in north american english.
PLOS ONE, 13(5):1–35.

Jane McCormack, Sharynne McLeod, Linda J. Harrison,
and Lindy McAllister. 2010. The impact of speech
impairment in early childhood: Investigating parents’
and speech-language pathologists’ perspectives using
the icf-cy. Journal of Communication Disorders,
43(5):378–396.

Pravin Mote, Donita Robinson, Elizabeth Richerson,
and Carlos Busso. 2025. Vector Quantized Cross-
lingual Unsupervised Domain Adaptation for Speech
Emotion Recognition. In Interspeech 2025, pages
126–130.

Pravin Mote, Berrak Sisman, and Carlos Busso. 2024.
Unsupervised Domain Adaptation for Speech Emo-
tion Recognition using K-Nearest Neighbors Voice
Conversion. In Interspeech 2024, pages 1045–1049.

Orchid Chetia Phukan, Girish, Mohd Mujtaba Akhtar,
Swarup Ranjan Behera, Pailla Balakrishna Reddy,
Arun Balaji Buduru, and Rajesh Sharma. 2025a. HY-
Fuse: Aligning Heterogeneous Speech Pre-Trained
Representations in Hyperbolic Space for Speech
Emotion Recognition. In Interspeech 2025, pages
131–135.

Orchid Chetia Phukan, Mohd Mujtaba Akhtar, Girish,
Swarup Ranjan Behera, Sishir Kalita, Arun Balaji
Buduru, Rajesh Sharma, and S.R Mahadeva Prasanna.
2025b. Strong alone, stronger together: Synergiz-
ing modality-binding foundation models with opti-
mal transport for non-verbal emotion recognition.
In ICASSP 2025 - 2025 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing
(ICASSP), pages 1–5.

Vineel Pratap, Andros Tjandra, Bowen Shi, Paden
Tomasello, Arun Babu, Sayani Kundu, Ali Elkahky,
Zhaoheng Ni, Apoorv Vyas, Maryam Fazel-Zarandi,
and 1 others. 2024. Scaling speech technology to
1,000+ languages. Journal of Machine Learning Re-
search, 25(97):1–52.

Siddhant Bikram Shah and Kristina T. Johnson. 2025.
N-CORE: N-view consistency regularization for dis-
entangled representation learning in nonverbal vocal-
izations. In Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Processing,
pages 33362–33379, Suzhou, China. Association for
Computational Linguistics.

Mayank Sharma. 2022. Multi-lingual multi-task speech
emotion recognition using wav2vec 2.0. In ICASSP
2022 - 2022 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP),
pages 6907–6911.

Panagiotis Tzirakis, Alice Baird, Jeffrey Brooks,
Christopher Gagne, and Kim. 2023. Large-scale
nonverbal vocalization detection using transformers.
In ICASSP 2023 - 2023 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing
(ICASSP), pages 1–5.

Shreya G. Upadhyay, Carlos Busso, and Chi-Chun Lee.
2024. A Layer-Anchoring Strategy for Enhancing

41890

https://doi.org/10.1177/1529100619850176
https://doi.org/10.1177/1529100619850176
https://doi.org/10.1177/1529100619850176
https://doi.org/10.1109/EMBC46164.2021.9629934
https://doi.org/10.1109/EMBC46164.2021.9629934
https://doi.org/10.1109/EMBC46164.2021.9629934
https://doi.org/10.21437/Interspeech.2025-1006
https://doi.org/10.21437/Interspeech.2025-1006
https://doi.org/10.21437/Interspeech.2025-1006
https://doi.org/10.1109/ICASSP49660.2025.10889008
https://doi.org/10.1109/ICASSP49660.2025.10889008
https://doi.org/10.1109/ICASSP49660.2025.10889008
https://doi.org/10.1109/ICASSP49660.2025.10890672
https://doi.org/10.1109/ICASSP49660.2025.10890672
https://doi.org/10.1109/ACII.2019.8925513
https://doi.org/10.1109/ACII.2019.8925513
https://doi.org/10.3389/fnins.2016.00506
https://doi.org/10.3389/fnins.2016.00506
https://doi.org/10.3389/fnins.2016.00506
https://doi.org/10.1371/journal.pone.0196391
https://doi.org/10.1371/journal.pone.0196391
https://doi.org/10.1371/journal.pone.0196391
https://doi.org/10.1371/journal.pone.0196391
https://doi.org/10.1016/j.jcomdis.2010.04.009
https://doi.org/10.1016/j.jcomdis.2010.04.009
https://doi.org/10.1016/j.jcomdis.2010.04.009
https://doi.org/10.1016/j.jcomdis.2010.04.009
https://doi.org/10.21437/Interspeech.2025-2123
https://doi.org/10.21437/Interspeech.2025-2123
https://doi.org/10.21437/Interspeech.2025-2123
https://doi.org/10.21437/Interspeech.2024-1248
https://doi.org/10.21437/Interspeech.2024-1248
https://doi.org/10.21437/Interspeech.2024-1248
https://doi.org/10.21437/Interspeech.2025-2191
https://doi.org/10.21437/Interspeech.2025-2191
https://doi.org/10.21437/Interspeech.2025-2191
https://doi.org/10.21437/Interspeech.2025-2191
https://doi.org/10.1109/ICASSP49660.2025.10889257
https://doi.org/10.1109/ICASSP49660.2025.10889257
https://doi.org/10.1109/ICASSP49660.2025.10889257
https://doi.org/10.18653/v1/2025.emnlp-main.1693
https://doi.org/10.18653/v1/2025.emnlp-main.1693
https://doi.org/10.18653/v1/2025.emnlp-main.1693
https://doi.org/10.1109/ICASSP43922.2022.9747417
https://doi.org/10.1109/ICASSP43922.2022.9747417
https://doi.org/10.1109/ICASSP49357.2023.10095294
https://doi.org/10.1109/ICASSP49357.2023.10095294
https://doi.org/10.21437/Interspeech.2024-469


Cross-Lingual Speech Emotion Recognition. In In-
terspeech 2024, pages 4693–4697.

Nikolaos Vryzas, Rigas Kotsakis, Aikaterini Liatsou,
Charalampos Dimoulas, and George Kalliris. 2018.
Speech emotion recognition for performance inter-
action. Journal of the Audio Engineering Society.
Audio Engineering Society, 66:457–467.

A Appendix

Appendix

In this appendix, we provide:

• A: Detailed Information for Pretrained
Models.

• B: Training Details and Hyperparameters.
(Table 5).

• C: Visualization Analysis. Supplementary
qualitative analyses through confusion matri-
ces (Figure 3) and t-SNE visualizations (Fig-
ure 4).

A.1 Detailed Information for Pretrained
Models

voc2vec4 (Koudounas et al., 2025): It is a
self-supervised pretrained model developed for
non-verbal human vocalizations. The model
follows the wav2vec 2.0 framework and is trained
with self-supervised learning on 10 open-source
datasets containing approximately 125 hours of
non-verbal audio. The pretraining corpus includes
vocalization-focused subsets from AudioSet and
FreeSound, as well as datasets containing baby
cries, affective dyadic interactions, communicative
vocalizations, vocal imitations, and spontaneous
human non-speech sounds. This pretraining setup
is intended to produce representations that are
better aligned with non-verbal acoustic and affec-
tive structure than conventional speech-pretrained
models.

WavLM5 (Chen et al., 2022): It is a large-scale
self-supervised pretrained speech model developed
for full-stack speech processing. It extends masked
speech prediction with an additional denoising
objective, allowing the model to learn not only
content-related information but also features useful
for non-ASR speech tasks. The model further
incorporates gated relative position bias in the

4https://github.com/koudounasalkis/voc2vec
5https://huggingface.co/microsoft/wavlm

Transformer backbone. In its large-scale setting,
WavLM is pretrained on 94k hours of unlabeled
speech drawn from Libri-Light, GigaSpeech, and
VoxPopuli, covering diverse recording conditions
and speaking styles.

wav2vec 2.06 (Baevski et al., 2020): It is a
pretrained speech encoder built for self-supervised
representation learning from raw waveform input.
The model uses a convolutional feature encoder
to produce latent speech representations, which
are then processed by a Transformer context
network. Its pretraining masks spans in the latent
space and learns to identify the correct quantized
target among distractors through a contrastive
objective. To define these targets, wav2vec
2.0 jointly learns a quantization module that
discretizes the latent representations into speech
units, allowing pretraining to combine continuous
contextual modeling with discrete target prediction.

MMS7 (Pratap et al., 2024): It is a multilingual
self-supervised speech model that scales wav2vec
2.0-style pretraining to very broad language
coverage. The pretrained MMS models are
trained on about 491K hours of unlabeled speech
spanning 1,406 languages, using data drawn from
multiple corpora, including MMS-lab-U, MLS,
CommonVoice, VoxLingua-107, BABEL, and
VoxPopuli. This large-scale multilingual design
is intended to provide broad cross-lingual speech
representations, especially for languages with
limited supervised resources.

A.2 Training Details and Hyperparameters

Table 5 lists the full set of NOVA-ARC hyperpa-
rameters used across all experiments, including the
hyperbolic geometry settings, VQ configuration,
optimal transport parameters, and optimization de-
tails.

A.3 Visualization Analysis

A.3.1 Confusion Matrices

Figure 3 reports confusion matrices for representa-
tive NOVA-ARC settings on ASVP-NV (source)
→ ASVP-V (target). These plots provide a class-
wise view of prediction behavior.

6https://huggingface.co/facebook/wav2vec2
7https://huggingface.co/facebook/mms-1b

41891

https://doi.org/10.21437/Interspeech.2024-469
https://doi.org/10.17743/jaes.2018.0036
https://doi.org/10.17743/jaes.2018.0036
https://github.com/koudounasalkis/voc2vec
https://huggingface.co/microsoft/wavlm
https://huggingface.co/facebook/wav2vec2
https://huggingface.co/facebook/mms-1b


(a) (b) (c) (d)

Figure 3: Confusion matrices for: (a) NOVA-ARC APD-V(Source)-RAVDESS-V(Target) using Euclidean; (b) NOVA-ARC APD-
V(Source)-RAVDESS-V(Target) using Hyperbolic; (c) NOVA-ARC APD-NV(Source)-RAVDESS-V(Target) using Euclidean;
(d) NOVA-ARC APD-NV(Source)-RAVDESS-V(Target) using Hyperbolic. The plots provide a class-wise view of prediction
reliability and the dominant error patterns under each setting.

Hyperparameter Value

Hyperbolic curvature κ = −1.0
Hyperbolic latent dim d = 256
Hyperbolic bottleneck dim db = 128

VQ codebook size K = 256
VQ commitment weight β = 0.25
VQ loss weight λVQ = 1.0

HEL exponent (init) α = 1.0 (learned)
HEL stabilizer ε = 10−8

OT entropic reg. εOT = 0.05
Sinkhorn iterations Lsk = 50
OPT loss weight λOPT = 1.0
OT-CE loss weight λOT = 1.0

Optimizer AdamW
AdamW betas (0.9, 0.98)
AdamW epsilon 10−8

Weight decay 0.01
LR (encoder) 3× 10−5

LR (new layers) 1× 10−4

Gradient clipping 1.0
Epochs 30
Schedule 10% warmup + cosine decay

Batch size B = 16
Prototype refresh once per epoch

Table 5: NOVA-ARC hyperparameters used in all experi-
ments.

A.3.2 t-SNE Plots
Figure 4 visualizes the learned utterance represen-
tations using t-SNE.
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(c) (d)

(e) (f)

(g) (h)

Figure 4: Representing PHOENIX-Mamba configurations. Each displays true versus predicted class distributions across the
combined diagnosis and severity categories: (a) ASVP-NV WavLM; (b) ASVP-NV Voc2vec; (c) ASVP-NV Wav2vec 2.0; (d)
ASVP-NV MMS; (e) NOVA-ARC on Voc2vec for ASVP-NV(Source)-RAVDESS(Target); (f) NOVA-ARC on Voc2vec for
ASVP-NV(Source)-CREMA-D(Target); (g) NOVA-ARC on Voc2vec for ASVP-NV(Source)-MESD(Target); (h) NOVA-ARC
on Voc2vec for ASVP-NV(Source)-AESDD(Target);. These matrices highlight classification consistency and error patterns for
each fusion pairing.
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