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Abstract—In this work, we focus on non-verbal vocal sounds
emotion recognition (NVER). We investigate mamba-based
audio foundation models (MAFMs) for the first time for NVER
and hypothesize that MAFMs will outperform attention-based
audio foundation models (AAFMs) for NVER by leveraging
its state-space modeling to capture intrinsic emotional struc-
tures more effectively. Unlike AAFMs, which may amplify
irrelevant patterns due to their attention mechanisms, MAFMs
will extract more stable and context-aware representations,
enabling better differentiation of subtle non-verbal emotional
cues. Our experiments with state-of-the-art (SOTA) AAFMs
and MAFMs validates our hypothesis. Further, motivated from
related research such as speech emotion recognition, synthetic
speech detection, where fusion of foundation models (FMs) have
showed improved performance, we also explore fusion of FMs
for NVER. To this end, we propose, RENO, that uses renyi-
divergence as a novel loss function for effective alignment of
the FMs. It also makes use of self-attention for better intra-
representation interaction of the FMs. With RENO, through
the heterogeneous fusion of MAFMs and AAFMs, we show
the topmost performance in comparison to individual FMs, its
fusion and also setting SOTA in comparison to previous SOTA
work.

Index Terms—Non-Verbal Emotion Recognition, Mamba-
based Audio Foundation Models, Attention-based Audio Foun-
dation Models

I. INTRODUCTION & RELATED WORK

Emotions play a fundamental role in human commu-
nication, shaping how we express ourselves and connect
with others. They influence not only verbal interactions but
also non-verbal cues, such as facial expressions, gestures,
physiological signals, and vocalizations, which are crucial
in conveying underlying feelings and intentions. However,
non-verbal vocalizations offer a unique and often underex-
plored perspective. Sounds like laughter, cries, and sighs
convey a broad spectrum of emotions that play a crucial
role in communication, enhancing human interactions in
daily life. Recognizing emotions from these non-verbal vocal
cues has diverse applications in areas such as healthcare,
human-computer interaction, customer service, and security,
where understanding emotional context is vital for decision-
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making and improving user experience. Unlike speech emo-
tion recognition (SER), which relies on language, these
vocalizations bypass the need for verbal content and in-
stead communicate emotions directly through their acoustic
features. However, SER has been extensively studied in
comparison to non-verbal vocal sounds emotion recognition
(NVER).

Initial works on SER focused on the usage of handcrafted
spectral features such as MFCC with classical ML algo-
rithms such as SVM, HMM, GMM, decision tree [1], [2],
[3]. Researchers have also leveraged handcrafted features
with neural network-based approaches such as RNN, CNN,
LSTM, Transformer [4], [5], [6]. However, with the advent
of foundation models (FMs) in recent years, SER research
has significantly shifted towards the use of FMs [7], [8], [9].
These models, pre-trained on large datasets, offer superior
performance and the ability to capture complex acoustic pat-
terns, reducing the need for manually engineered features and
enabling more robust emotion recognition in diverse contexts.
These FMs are either attention-based audio FMs (AAFMs)
and mamba-based audio FMs (MAFMs). MAFMs built on
state-space models (SSMs), which offer a computationally ef-
ficient alternative to traditional attention-based architectures.
Unlike attention mechanisms that dynamically assign weights
to input features, SSMs model sequences through structured
recurrence, enabling long-range dependency capture while
maintaining scalability. As such benefits, researchers have
explored building audio FMs with mamba-based modeling
architectures and they have shown superior or comparative
performance in SER in comparison to AAFMs [10].

Despite much advancement in SER, research into NVER
haven’t seen much limelight except few prolific works [11],
[12] despite carrying sufficient potential for emotion recog-
nition. Audio FMs such as Wav2vec2, Whisper have also
shown its efficacy for NVER [13]. However, the Audio
FMs used in previous research are mostly AAFMs and
previous works haven’t investigated MAFMs for NVER and
this leaves a gap towards understanding the potential of
MAFMs for NVER. In this work, we focus on NVER and
explore MAFMs for NVER, to the best of knowledge. We
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hypothesize that MAFMs will outperform attention-based
AAFMs in NVER by leveraging their state-space modeling
capabilities for better capture of intrinsic emotional struc-
tures. In contrast to AAFMs, which may amplify irrele-
vant patterns due to their attention mechanisms, MAFMs
offer more stable and contextually aware representations,
facilitating the differentiation of subtle non-verbal emotional
cues. Our experiments, comparing state-of-the-art (SOTA)
AAFMs and MAFMs, confirm the validity of our hypothesis.
Furthermore, drawing inspiration from related fields such
as speech emotion recognition [14] and synthetic speech
detection [15], where the fusion of FMs has led to per-
formance improvements, we investigate the fusion of FMs
for NVER. To achieve this, we propose RENO, (RENyi
AttentiOn Network), a novel framework to to effectively
align the FMs. RENO incorporates self-attention mechanisms
to enhance intra-representation interactions across the FMs
representational spacne and utilizes Renyi-divergence as a
novel loss function for inter-FM interaction. Through RENO
with the heterogeneous fusion of MAFMs and AAFMs,
we demonstrate superior performance outperforming both
individual MAFMs, AAFMs, baseline fusion methods as well
as homogeneous fusion of AAFMs, thus setting a new SOTA
for NVER.
To summarize, the main contributions of this study are
as follows:

• For investigating the effectiveness of MAFMs for
NVER, we present the first comprehensive compara-
tive study of MAFMs and AAFMs. Our experiments
results shows that MAFMs outperforms its attention-
based counterparts.

• We propose, RENO, a novel framework that leverages
self-attention for intra-FM interaction followed by the
usage of Renyi Divergence loss for inter-FMs alignment.
RENO with the heterogenous fusion of MAFMs and
AAFMs shows the topmost performance in comparison
to individual FMs, baseline fusion techniques, homo-
geneous fusion of AAFMs, and thus achieving SOTA
across benchmark NVER datasets such as ASVP-ESD,
JNV, and VIVAE.

The code and models developed in this study can be accessed
at 1.

II. FOUNDATION MODELS

In this section, we provide an overview of the FMs used
in our study.
Audio-MAMBA2 [10]: It is a selective SSM designed to
learn general-purpose audio representations through self-
supervised learning. It extracts information from randomly
masked spectrogram patches. Pre-trained on the AudioSet
dataset, it consistently shows comparable and sometimes bet-
ter performance than AAFMs across various tasks, including
SER. In our study, we use three versions of Audio-MAMBA:

1https://github.com/Helix-IIIT-Delhi/RENO-Non-Verbal
2https://github.com/SarthakYadav/audio-mamba-official?tab=

readme-ov-file

tiny (4.8M parameters), small (17.9M parameters), and base
(69.3M parameters).

WavLM3 [16]: It is a SOTA AAFM, ranked highly on the
SUPERB benchmark. It uses masked speech modeling with
denoising objectives during its pre-training. We employ the
base version, which consists of 94.70M parameters and is
trained on 960 hours of English speech from the LibriSpeech
dataset.

UniSpeech-SAT4 [17]: It is another SOTA AAFM on the SU-
PERB leaderboard. It follows a self-supervised pre-training
approach with speaker-aware multi-task learning. We utilize
the base version, which has 94.68M parameters and is trained
on 960 hours of English speech from LibriSpeech.

Wav2vec25 [18]: It is an AAFM that employs contrastive
self-supervised learning to learn speech representations. It
masks segments of latent features and optimizes them
through contrastive loss. We use its base version, which
contains 95.04M parameters and is pre-trained on 960 hours
of English speech from the LibriSpeech dataset.

HuBERT6 [19]: It follows a self-supervised learning frame-
work that iteratively refines its representations using k-means
clustering while training on a BERT-style masked prediction
objective. We employ the base version, which has 94.68M
parameters and is trained on 960 hours of English speech
from LibriSpeech.

Resampling to 16 KHz is done for the audio samples before
passing it to the FMs. We obtain representations from the
last hidden state of the frozen FMs including MAFMs and
AAFMs using average pooling. The extracted representations
have the following dimensions: 768 for WavLM, UniSpeech-
SAT, Wav2Vec 2.0, and HuBERT; 1280 for MMS; and for
Audio-MAMBA, 960 for the tiny version, 1920 for the small
version, and 3840 for the base version.

III. MODELING METHODOLOGY

In this section, we discuss the downstream modeling
used with the FMs followed by the discussion of the pro-
posed framework, RENO for the fusion of FMs. We utilize
FCN (Fully connected network) and CNN as downstream
classifiers. The CNN model consists of two convolutional
blocks consisting of 1D CNN layers with 32 and 64 filters,
respectively with filter size of 3. Max-pooling is applied
after each convolutional layer. The extracted features are then
flattened and passed through a FCN block with two dense
layers of 512 and 128 neurons followed by the output layer
with softmax activation function. The output layer outputs
probabilities for the emotion classes. The FCN follows the
same modeling as the FCN block of the CNN model. CNN
models training parameters varies between 0.9 to 1.1M while
FCN models parameters between 0.7 to 1M depending on the
dimension size of input representations.

502



MSA MSA

Input

[

Maxpooling

1D-CNN

2x

Maxpooling

1D-CNN

2x

Representation Representation

Flatten Flatten

Concatenation

FCN

Output

RD

LCE

L = LCE + LRD

LRD

MSA

Fig. 1: Novel Framework: RENO; MSA stands for Multi-head
Self-attention

A. RENO
We propose RENO, a novel framework designed to align

feature representations from distinct FMs. The architecture is
given in Figure 1. RENO leverages self-attention mechanisms
to strengthen intra-representation interactions within the fea-
ture space of FMs followed by employing Rényi divergence
(RD) as a novel loss function to facilitate inter-FM inter-
action. Detailed walkthrough of the proposed framework is
given as follows: The extracted representations from different
FMs are first flattened after passing through convolutional
block as used with individual FM representations above. We
then passed the flattened features through a self-attention
mechanism for better intra-representation interaction. Self-
attention is calculated as follows:

Attention(Q,K,V) = softmax
(
QKT

√
dk

)
V (1)

where dk is the scaling factor. Q, K, Q stands for query, key,
value where Q = WQX, K = WKX, V = WV X.
X represents the input feature matrix and WQ,WK ,WV

are learnable weight matrices. Then the features are passed
through to RD loss. RD quantifies the difference or dissimi-
larity between two probability distributions [20]. Lower RD
higher the similarity. Here in our study, we introduce RD
as novel loss function for measuring the divergence between
feature distributions of two FMs. Given two feature spaces
ea and eb corresponding to two FMs, RD is computed as:

LRD =
1

β − 1
log

 M∑
j=1

(zx,j + δ)β(zy,j + δ)1−β

 (2)

3https://huggingface.co/microsoft/wavlm-base
4https://huggingface.co/microsoft/unispeech-sat-base
5https://huggingface.co/facebook/wav2vec2-base
6https://huggingface.co/facebook/hubert-base-ls960

FM ASVP ESD JNV VIVAE

A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑

FCN

A (T) 66.51 58.71 59.82 58.14 52.21 51.95
A (S) 71.15 68.74 61.17 60.84 57.48 56.31
A (B) 72.64 69.47 62.28 60.97 58.99 58.57
W 52.69 42.86 57.46 56.21 32.54 31.82
W2 61.18 54.32 56.96 55.14 47.85 46.81
U 54.96 53.21 57.52 56.62 34.28 33.68
H 55.67 54.05 58.41 57.96 42.56 41.94

CNN

A (T) 67.59 65.84 62.77 61.14 53.92 53.57
A (S) 72.90 70.64 63.10 61.42 60.41 59.93
A (B) 73.96 71.98 64.29 63.81 62.42 61.29
W 53.94 50.84 59.85 58.89 33.18 32.76
W2 62.96 60.84 59.27 57.14 48.39 48.18
U 55.41 54.16 60.71 59.20 36.69 35.91
H 59.43 58.21 59.26 58.35 49.04 48.36

TABLE I: Evaluation Scores are in %; A and F1 stands for
Accuracy and macro-average F1 score; Audio-mamba (Tiny:
A(T), Small: A(S), Base: A(B)), WavLM (W), Wav2vec2
(W2), and Unispeech-SAT (U); Evaluation scores are given
in average across five folds; The abbreviations used are kept
same for Table II

where M is the feature dimension, β > 1 controls the
divergence order, and δ ensures numerical stability. RD
will align the representation space of the FMs to a joint
feature space and following this, the aligned features are then
concatenated and passed through a self attention block. Self-
attention will lead to further refinement of the fused features.
Finally, the features are passed through a FCN block with
two dense layers with each layer consisting of 512 and 128
neurons. The output layer leverages softmax as activation
and outputs probabilities for the emotion classes. For joint
optimization with cross-entropy loss LCE , we integrate RD
loss LRD with the LCE :

L = λLCE + (1− λ)LRD (3)

where λ is a hyperparameter controlling the trade-off between
LCE and LRD. The training parameters varies between 1.3
to 1.5M depending on the dimensional-size of the input
representations. For self-attention blocks for each individual
repesentation network, we keep the number of heads as 2
and for the self-attention block after concatenation, we set
the number of heads also to 2.

IV. EXPERIMENTS & RESULTS

A. Benchmark Dataset

ASVP ESD: [21]: It comprises thousands of high-quality
audio recordings labeled with 12 distinct emotions, along
with an additional “breath” category. These recordings were
captured in real-world environments. In our study, we specif-
ically utilize only the non-speech component. The audio
samples were sourced from a variety of media, including
movies, television shows, YouTube channels, and other online
platforms.
JNV [22]: The dataset comprises 420 high-quality nonverbal
vocalization samples, recorded from four native Japanese
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ASVP ESD JNV VIVAE

Concat RENO Concat RENO Concat RENO

Combinations A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑ A ↑ F1 ↑

AAFMs + MAFMs

A (T)+W 70.32 68.91 75.42 74.23 66.14 65.43 71.45 70.32 54.29 53.21 61.65 60.45
A (T)+W2 68.54 67.74 74.23 73.56 59.42 58.92 64.54 63.76 56.61 55.03 62.34 61.32
A (T)+U 71.89 70.45 77.34 76.12 65.45 64.41 72.45 71.87 56.87 55.91 63.76 62.43
A (T)+H 74.41 73.71 78.71 77.89 76.56 75.43 79.09 78.41 56.53 55.72 61.45 61.03
A (S)+W 75.08 74.78 81.65 80.23 66.31 65.79 71.67 70.23 64.43 62.99 73.65 72.49
A (S)+W2 73.06 72.32 79.34 78.31 60.56 59.23 67.29 66.31 64.21 63.78 70.31 69.63
A (S)+U 73.67 72.65 82.44 81.34 63.98 62.54 68.43 67.60 64.42 63.02 71.34 70.56
A (S)+H 75.23 74.62 76.20 75.45 74.37 73.11 77.56 76.83 57.83 56.72 62.47 61.43
A (B)+W 75.21 74.47 83.56 82.54 66.74 65.27 72.56 71.09 63.70 62.65 72.76 71.65
A (B)+W2 75.54 74.78 82.65 81.34 67.62 66.09 72.56 71.50 61.03 60.34 68.93 67.32
A (B)+U 75.67 74.84 83.56 82.51 66.72 65.87 69.70 69.04 61.94 60.13 68.53 67.08
A (B)+H 75.09 74.21 77.98 76.48 67.88 66.60 71.90 71.62 67.69 66.51 72.51 71.82

AAFMs + AAFMs

W+W2 63.93 62.32 71.45 70.59 62.01 61.97 69.39 68.51 48.39 47.93 59.31 58.47
W+U 56.73 55.62 67.31 66.10 64.34 63.97 73.41 72.89 38.56 37.54 47.99 46.81
W2+U 65.32 64.75 74.78 73.01 64.53 63.78 71.43 70.89 52.83 51.93 63.42 62.90
H+U 62.57 61.71 66.29 65.72 61.54 60.78 68.21 67.45 54.50 53.02 56.06 55.22
H+W2 64.72 63.90 67.53 66.01 63.65 62.73 69.78 68.65 52.41 51.63 59.71 58.64
H+W 59.72 58.34 63.09 62.21 67.72 66.49 74.51 72.57 55.60 52.71 64.63 62.20

TABLE II: Evaluation scores are in % and average of five folds

speakers (two male, two female). The dataset covers six
distinct emotions—anger, disgust, fear, happiness, sadness,
and surprise—and includes 87 unique phrases.
VIVAE [23]: The dataset comprises 1085 high-quality au-
dio samples of non-speech vocalizations, recorded from
eleven female speakers in a controlled studio environ-
ment. Each sample captures one of six distinct emo-
tional states—achievement/triumph, sexual pleasure, surprise,
anger, fear, and physical pain—expressed at four intensity
levels: low, moderate, strong, and peak.
Training Details: The models were trained using Adam
optimizer with learning rate of 1e-3, a batch size of 32, and
20 epochs. It uses cross-entropy as the classification loss. We
use dropout and early stopping for preventing overfitting. For
experiments with RENO, we fix β = 2, δ = 0.2, and λ = 0.4
for all experiments, as preliminary exploration indicated that
these values yielded the best results. We follow five fold cross
validation for training our models where four folds are used
for training and one fold for testing.

B. Results and Discussion

The evaluation scores for downstream models trained on
SOTA MAFMs and AAFMs are given in Table I. Our results
reveals that MAFMs consistently outperform AAFMs for
NVER achieving the highest accuracy and F1-score across all
datasets. The superior performance of MAFMs is attributed
to their structured state-space modeling, which efficiently
captures long-range dependencies and provides more sta-
ble and context-aware emotional representations and thus
proving our hypothesis. Among the MAFMs, the Audio-
mamba (Base) showed the best performance and this can
be due to its larger size in comparison to small and tiny.
One interesting observation is that despite Audio-mamba
(Tiny) is of 4.8M, it is able to beat large AAFMs. This
further amplifies our hypothesis that MAFMs will be the
most effective for NVER. Overall, the CNN models showed

better performance than FCN models. Among the AAFMs,
we observe mix performance, with some AAFMs performing
better in one dataset and some in other dataset. We also
plot the t-SNE plots of raw representations of Audio-mamba
(Base) and Wav2vec2 in Figure 2. We observe better cluster
for Audio-mamba (Base), thus amplifying our results.

(a) Wav2vec2 (b) Audio-mamba (Base)

Fig. 2: t-SNE plots for ASVP-ESD

(a) (b)

Fig. 3: Confusion Matrix for JNV dataset; Subfigures (a)
Audio-Mamba (Base) with CNN (b) Fusion of Audio-mamba
(Tiny) and HuBERT through RENO
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Table II presents the evaluation scores for different combi-
nations of FMs. We refrain from combining the MAFMs, as
it the same model except slight difference in architecture and
pre-training data. We use concatenation-based fusion as the
baseline fusion technique. We follow the same architectural
details as RENO except the renyi rivergence loss and the
self-attention blocks. We also keep the training details same
as RENO. Our results shows that fusion with RENO leads
to better performance in comparison to concatenation-based
fusion technique as well as individual MAFMs and AAFMs.
We also observe that heterogeneous fusion of MAFMs and
AAFMs generally leads to improved performance in com-
parison to homogeneous fusion of AAFMs. This points out
towards observable emergence of complementary behavior
as both of them have their own unique strengths. With
this heterogeneous fusion of MAFMs and AAFMs through
RENO, we set the new SOTA for NVER. However, there
is no clear winner among which is the best pair for all
the NVER datasets considered, as a particular pair shows
the topmost in one dataset and some other pair in another
dataset. For example, combination of Audio-Mamba (Base)
and Unispeech-SAT with RENO is leading in ASVP-ESD but
Audio-Mamba (Base) and HuBERT is top in VIVAE. This
behavior is most possibly to the dependence on downstream
data distribution variability. We plot the confusion matrices
of CNN model built on Audio-mamba (Base) and fusion of
Audio-mamba (Tiny) with HuBERT through RENO in Figure
3.

V. CONCLUSION
In this work, we establish the potential of MAFMs for

NVER, demonstrating their superiority over AAFMs in cap-
turing intrinsic emotional structures through state-space mod-
eling. Unlike AAFMs, which may amplify irrelevant patterns,
MAFMs provide stable, context-aware representations, en-
hancing the recognition of subtle non-verbal emotional cues.
Our experiments validate this hypothesis, showing MAFMs
outperforming SOTA AAFMs. Additionally, inspired by ad-
vances in SER and synthetic speech detection, we explore
FM fusion for NVER. To this end, we introduce RENO for
effective fusion of FMs. Through the heterogeneous fusion of
MAFMs and AAFMs, RENO achieves the best performance,
surpassing individual FMs, fusion baselines, and sets SOTA
for NVER. Our study will act as a baseline for future research
exploring FMs for NVER.
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