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ABSTRACT

It is widely acknowledged that discriminative representation
for speaker verification can be extracted from verbal speech.
However, how much speaker information that non-verbal
vocalization carries is still a puzzle. This paper explores
speaker verification based on the most ubiquitous form of
non-verbal voice, laughter. First, we use a semi-automatic
pipeline to collect a new Haha-Pod dataset from open-source
podcast media. The dataset contains over 240 speakers’
laughter clips with corresponding high-quality verbal speech.
Second, we propose a Two-Stage Teacher-Student (2S-TS)
framework to minimize the within-speaker embedding dis-
tance between verbal and non-verbal (laughter) signals. Con-
sidering Haha-Pod as a test set, two trial sets (S2L-Eval)
are designed to verify the speaker’s identity through laugh
sounds. Experimental results demonstrate that our method
can significantly improve the performance of the S2L-Eval
test set with only a minor degradation on the VoxCeleb1 test
set. The resources for the Haha-Pod dataset can be found at
https://github.com/nevermoreLin/HahaPod.

Index Terms— speaker verification, laughter, non-verbal
vocalization.

1. INTRODUCTION

In recent years, remarkable advancements have been made
in Automatic Speaker Verification (ASV) by extracting deep
speaker embeddings with large-scale neural networks such as
ECAPA-TDNN [1] and ResNet [2]. Margin-based loss func-
tions like AM-SoftMax [3] and AAM-SoftMax [4] further en-
force higher similarity for intra-class samples and larger dis-
tance for inter-class samples. Typically, large-scale datasets
comprising numerous speakers’ verbal utterances serve as the
foundation for speaker verification models and techniques.
However, verbal vocal clues for authentication may not be
sufficient in certain situations, like tracing the suspect from
only non-verbal sounds. For this reason, properly modeling
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“garbage” non-verbal vocalizations is a challenging yet inter-
esting task for ASV research (e.g., Catch the joker in Gotham
through his characteristic laughter).

Among a couple of non-verbal sounds, the laugh sound
occupies a leading proportion under most conversational sce-
narios [5]. Besides, laughter is commonly associated with a
vocal expression of joy——often spelled “haha” stereotypi-
cally. Nevertheless, researchers have noted that the acoustic
characteristics of laughter vary significantly across different
speakers [6], which provides a strong impetus for our re-
search. Consequently, laughter is an appropriate starting point
for exploring Non-Verbal Speaker Verification.

Despite the popularity of studies on non-verbal vocaliza-
tion in other speech processing fields like emotion recogni-
tion [7, 8] and speech detection [9, 10], there is a lack of
works on the task of non-verbal speaker verification [11, 12,
13, 14]. In recent years, Zhang et.al [15] employ d-vector
to capture embeddings from short-duration trivial events (in-
cluding laughter). Dumpala et.al [16] incorporate i-vector
to perform speaker verification tasks on speech-laughter and
laugh utterances. They aim to correctly determine whether
two non-verbal utterances belong to the same speaker, yet
their methods are conventional ones. However, a more typ-
ical scenario is that only the verbal speech is provided as an
enrollment utterance, and we need to authenticate the identity
by testing on non-verbal segments.

Although some non-verbal vocalization corpora contain
various types of non-verbal audio (including laughter) [17,
18, 19], the number of certain non-verbal segments is often
limited [17], or they do not contain verbal utterances of speak-
ers [18, 19] as enrollment templates. To address this, we build
a relatively large-scale dataset comprising both non-verbal
and verbal speech from the same speaker. Using laughter as
a starting point, we collect a new dataset, named as Haha-
Pod, with both laugh segments and the corresponding utter-
ances through our semi-automatic data collection pipeline.
Next, two kinds of Speech-Laugh evaluation trial sets (S2L-
Eval) are constructed based on Haha-Pod. We have develop a
Two-Stage Teacher-Student (2S-TS) technique to further im-
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prove the performance in the laughter-based speaker verifi-
cation scenario with little degradation in the original verbal
speech-based situation. The main contribution can be sum-
marized as follows:

• We introduce a new dataset Haha-Pod which involves
both non-verbal laughter and verbal speech segments
from 242 speakers.

• We design two types of evaluation trial sets as bench-
marks in the laughter-based speaker verification sce-
nario.

• We propose a 2S-TS approach to enhance the perfor-
mance of the S2L-Eval trial sets with minimal impact
on the conventional VoxCeleb1 test set.

The remaining paper is organized as follows. Section. 2
describes the construction pipeline of Haha-Pod and the de-
signing details of the evaluation trial sets. Section. 3 intro-
duces our proposed 2S-TS Framework. Section. 4 shows the
experimental setup and results. Conclusions are drawn in Sec-
tion. 5.

2. THE HAHA-POD DATASET

Given that laughter is a common aspect of human conversa-
tion (e.g.phone calls, meetings, and interviews), our objec-
tive is to extract laughter fragments from these spontaneous
speech signals. For simplicity, we introduce the interview-
style podcast in open-source media as our data source.

2.1. Data Collection Pipeline

We use a semi-automatic pipeline to assemble our Haha-Pod,
as illustrated in Fig. 1. The key stages are discussed in detail
in the following paragraphs:

Stage 1. Candidate Listing. The initial step is to com-
pile a candidate list of podcast hosts of interest on YouTube.
The hosts manage their podcasts and schedule the host-guest
interview in many videos they publish. In other words, each
host’s podcast has a fixed interviewer, while the guests vary
with each episode.

Stage 2. Audio Downloading. We proceed to download
the audio of these interviews and group them according to
the hosts (interviewers). During this phase, we have amassed
over 1,000 interview audio from 8 distinct hosts, with a com-
bined duration exceeding 1,200 hours.

Stage 3. Laughter Extraction. We utilize the toolkit
proposed by Gillick et al. [20] to capture laugh segments.
Specifically, this resnet-based laughter detector demonstrates
excellent robustness in noisy environments. The minimum
clip length is set as 1.5 seconds, and the threshold of each
frame is 0.5. Subsequently, all the segments that qualify as
laughter are defined as Alaughter.

Fig. 1. An overview of our data collection pipeline.

Stage 4. Host Voice Detection. Since segments from
both the guest and host appear in the interviewing audio, it is
imperative to distinguish “who spoke when.”. For this reason,
the Sequence-to-Sequence Target-Speaker Voice Activity De-
tection (Seq2Seq-TSVAD) [21] based diaritization system is
implemented to record the timestamps of segments uttered
from the hosts and guests. Ten short segments are manually
labeled for each host to obtain the target speaker embeddings,
which are then fed into the TSVAD model during the infer-
ence stage. The accurate time annotations generated by the
TSVAD model aid us in retrieving the hosts’ segments and
subsequently obtaining the guests’ speech components from
the remaining pieces.

Stage 5. Data Filtering. The speech signals can be seg-
regated into two distinct sets according to the TSVAD sys-
tem results. Those originating from the hosts are allocated to
Ahost while those from guests are assigned to Aguest. Since
we only want the laugh clips from the guests, once a de-
tected laugh clip is accidentally marked as from Ahost, it is
promptly removed from Alaughter to ensures that every clip
in Alaughter exclusively pertains to the guest. For the verbal
speech signals, we randomly select 15 segments per speaker
from Aguest. To maintain quality and stability, we only re-
serve the designated segments for a duration ranging from 5
to 20 seconds.

Stage 6. Audio Cropping. According to the data filtered
from Alaughter and Aguest at the previous stage, the seg-
ments are cropped from their original interviewing audio and
compose our Haha-Pod dataset jointly. In a preliminary sam-
pling, we estimated the laughter accuracy of the Haha-pod to



Fig. 2. Left: the histogram of duration for laugh segments;
Right: the distribution of speaker gender information.

be roughly above 90% after we set an appropriate threshold.

2.2. A Glimpse of Data

Table. 1 displays general statistics while Fig. 2 depicts an
overview of utterance length and gender distribution. The
Haha-Pod dataset consists of 844 laugh segments and 3,630
verbal utterances, contributed by 242 English-speaking indi-
viduals across various professions, accents, and age groups.
Although our laughter detector has the capability of capturing
potential laughter, it is inevitable to have a few speech-with-
laugh components. This situation is ignored as it has mini-
mal impact, and further separating these components would
be challenging. Notably, the majority of speakers in Haha-
Pod are males, accounting for about 67%. Due to the quiet
environment and utilization of high-fidelity microphones dur-
ing the podcast interviews, the audio quality of the Haha-Pod
segments is relatively high. All audio segments are sampled
at a frequency of 16 kHz and have undergone the voice activ-
ity detection (VAD) module in Librosa [22].

Table 1. Dataset statistics for Haha-Pod.
Types of Utterances Laughter Speech

Utterances 844 3,630
Average duration(s) 2.092 17.361
Average utterances per speaker 3.48 15

2.3. Trials Construction

The Haha-Pod dataset is well-suited as a test dataset for
laughter-based speaker verification. For each testing laugh
segment, we randomly select five positive and five negative
verbal speech segments as the positive and negative enroll-
ment utterances for trial construction, which we refer to as
S2L-Eval-O. Taking into account the high similarity of laugh
sounds within each gender, we develop another evaluation
protocol named S2L-Eval-H, in which the negative pairs
are spoken by different speakers of the same gender. Both
evaluation trial sets consist of an equal number of 8,440 pairs.

3. METHODOLOGY

We propose a novel framework called the Two-Steps Teacher-
Student (2S-TS) method, which comprises two distinct proce-
dures.

Our primary objective is to enhance the capability to iden-
tify the speaker associated with laughter accurately. However,
obtaining a substantial amount of dedicated training data ex-
clusively for laughter and its corresponding speech is chal-
lenging, as such data is limited and difficult to simulate. We
suggest an alternative approach to address this issue by uti-
lizing the logits output from a laugh detection model. By
integrating the laugh detection model into the speaker veri-
fication model, we can effectively capture the distinct speaker
characteristics of laughter.

Furthermore, to improve the generalization and robust-
ness of the model, we introduce the Teacher-Student (T-S)
framework to avoid over-fitting. This method could also bring
a closer distance between laughter and speech from the same
speaker. The overview of our model training method is illus-
trated in Fig. 3.

3.1. Stage 1. Laughter-Like Segments Detection

Due to the inability to obtain laughter for training, we in-
corporate the “soft” result provided by the laugh detector.
To capture laughter-like clips at the segment level, we cus-
tomize a sliding window of 2 seconds, which closely aligns
with the average duration of laughter in the Haha-Pod dataset.
Since the frozen laugh detector outputs frame-level logits,
the sliding window moves along the frames from the begin-
ning and simultaneously calculates the average probability
inside. Afterward, we discover a segment with the highest
inner-window average probability from each utterance in the
training set (e.g., VoxCeleb2). The majority of these selected
segments are not genuine laughter, but they do share some
similarities with it.

3.2. Stage 2. Teacher-Student Framework

Laughter-based speaker verification can be seen as a trans-
fer learning task aiming to achieve high performance not
only in laughter-based speaker verification, but also in gen-
eral speaker verification scenarios. A conventional approach
involves fine-tuning the model directly with target domain
data (Segments from Stage 1). However, such approach often
leads to over-fitting [23]. To address this, we propose a simple
yet effective method, the Teacher-Student model. This ap-
proach leverages the knowledge learned by a generic model
to improve the performance of a specific model, ensuring
generalization and mitigating over-fitting.

The T-S model has been widely used for robust modeling
short-duration utterances [24] and far-field utterances [25] in
ASV. As shown in Fig. 3, the laughter-like segment with a
short duration flows into the student model, and the vanilla



utterance is fed into the teacher model concurrently. During
the training process, the student model can gradually mimic
the probability distribution of the teacher model. Inspired by
[24], we introduce three objective functions to bridge the gap
between one’s laughter and verbal speech.

Distribution-level Loss. Conventionally in T-S learning,
the student model learns from the teacher model by minimiz-
ing the Kullback-Leibler divergence between the teacher and
student output distributions when given parallel data. The loss
function is shown as follows:

Lkld = −
J∑

j=1

I∑
i=1

Pt(yi|xt,j) log(Ps(yi|xs,j)) (1)

i and j refer to the speaker and utterance indices, respec-
tively; xt,j and xs,j represent the input to the teacher model
and the student model. Since yi symbolizes i-th speaker,
Pt(yi|·) and Ps(yi|·) provide the speaker i-posterior from the
head of the teacher model and student model, respectively.
With Lkld, the student model is imposed to generate similar
posteriors as the teacher model.

Embedding-level Loss. A discriminate embedding is a
powerful representation for identity authentication. Thus, en-
forcing embedding distance can further improve the laughter-
based speaker verification system. Researchers have shown
that constraining the similarity of embeddings between par-
alleled utterances is efficient in T-S learning [26, 27]. In our
study, We apply cosine-embedding loss as follows:

Lemb =
1

N

N∑
i=1

(1− zis · zit
∥zis∥ · ∥zit∥

) (2)

Here, N indicates batch size, and zis and zit refer to the i-
th speaker embedding flowed from the student and teacher
model, respectively. By introducing a cosine-distance-based
metric, the gap between one’s laughter and verbal speech can
be further reduced at the embedding level.

Speaker-level Loss. To retain the ability to recognize dif-
ferent speakers, we maintain the ArcFace loss as the speaker-
level loss, which also contributes to preventing over-fitting.
Eventually, three types of loss are jointly trained with differ-
ent weights by introducing a multi-task objective function as
Eq. 3. This joint objective function can help promote both the
speaker’s discriminative power and the similarity of embed-
dings between laughter and verbal speech.

LTotal = λcla · Lcla + λemb · Lemb + λkld · Lkld (3)

4. EXPERIMENTAL RESULTS

4.1. Experimental Settings
Dataset. We train our 2S-TS model on the VoxCeleb2 [28]
dataset, which consists of 2,442 hours of audio from 5,994
speakers. For evaluation, we test on the Haha-Pod dataset

with the S2L-Eval trial set and the VoxCeleb1 [29] test set
with common trials.

Data Processing. The acoustic features are 80-dimensional
log Mel-filterbank energies with a frame length of 25ms and
a hop size of 10ms. In our 2S-TS framework, the duration of
laughter-like segments and original utterances are truncated
to 2s and 5s, respectively.

Network. We utilize ResNet34 [30] as the model back-
bone, followed by a statistic pooling layer. The widths (chan-
nel number) of the residual blocks are { 64, 128, 256, 512
} and a fully connected layer with 256 dimensions followed
after the pooling layer is adopted as the speaker embedding
layer. The ArcFace (m=0.2, s=32) classifier is introduced to
identify speakers.

Training Details. In the pre-training stage, we adopt the
on-the-fly data augmentation [31] and follow a similar train-
ing setting in [32]. During the 1st stage, as shown in Fig. 3,
the hop length of frames is set to 10ms to calculate laughter-
like probability. While in the 2nd stage, The SGD optimizer
is employed to update the model parameters and the multi-
step learning rate (LR) scheduler with 10−3 initial LR drop
to 10−6 for convergence. The original input utterance will
be truncated to 5 seconds to calculate acoustic features. The
hyperparameters λcla,λemb and λkld are set at 1, 2, 2, respec-
tively.

Evaluation Measures. Cosine similarity is used for trial
scoring. Verification performances are measured by Equal Er-
ror Rate (EER) and the minimum normalized detection cost
function (mDCF) with Ptarget = 0.05.

4.2. Results and Analysis
4.2.1. From Loss Function

As shown in Table. 2, the model pre-trained on VoxCeleb2
is used as the baseline for our proposed S2L-Eval trails on
Haha-Pod, which obtains degraded performance in the laugh-
speech scenario. M2 denotes we use only laughter-like seg-
ments from stage 1 as the training data to fine-tune our pre-
trained model, while M3 and M4 show ablation results based
on different loss compositions. M6 presents the performance
of our proposed complete 2S-TS framework, which involves
three loss functions from different aspects.

According to the results, optimized with M3 and M4 sig-
nificantly outperform our baseline M1 in terms of EER at
relevant 21.3% and 21.1%, respectively. It implies that the
consistency constraint on the speaker embeddings and prob-
ability distributions between laughter and verbal speech seg-
ments of the same speaker is practical. M2 offers an alter-
native approach that helps the network recognize different
types of laughter. Despite achieving 19.7% and 16.6% rela-
tive EER reductions, M2 fails to enforce the distance between
one’s laughter and verbal speech. Finally, we yield the best
performance on S2L-Eval-O and S2L-Eval-H with the high-
est EER reduction of 26.9% and 24.5% in M6 by composing



Fig. 3. An overview of our 2S-TS framework

three types of loss with our 2S-TS framework.

Table 2. Experimental results of S2L-Eval trial sets on
Haha-Pod, from the perspective of loss function compositions.

ID Strategy S2L-Eval-O S2L-Eval-H

EER[%] mDCF EER[%] mDCF

M1 Pre-trained baseline 25.83 0.80 26.35 0.88

M2 Lcla (Finetune)* 20.88 0.69 21.97 0.74
M3 Lcla+Lemb 20.31 0.67 21.43 0.72
M4 Lcla+Lkld 20.38 0.68 21.46 0.73

M6 2S-TS 18.89 0.62 19.88 0.66(Lcla+Lemb+Lkld)

* M2 only uses classification loss, which is equivalent to fine-tuning the
pre-trained model using target domain data

4.2.2. From Student Input

Table 3. Experimental results of S2L-Eval trials on Haha-
Pod, from the perspective of different student input.

ID Strategy S2L-Eval-O S2L-Eval-H

EER[%] mDCF EER[%] mDCF

M1 Pre-trained baseline 25.83 0.80 26.35 0.88

M5 Random 2s segment 20.92 0.70 22.16 0.75

M6 2S-TS 18.89 0.62 19.88 0.66(Laughter-like segment)

Due to a mismatch in the duration between registered au-
dio and test audio in the testing set of the haha-pod, it makes
sense that the duration gap can be bridged by feeding the T-S
model with vanilla utterances of varying lengths. As shown
in Table.3, we randomly truncate a 2s segment rather than
laughter-like segment into the student model. Even though
M2 gains a relative 19% and 16% relative EER improvement
on S2L-Eval-O and S2L-Eval-H, we can observe that it still

can not match M6 because it merely compensates for short
utterances rather than laugh segments.

4.2.3. From Robustness

As a problem of Transfer learning, robustness determines its
practicability. In our expectation, our proposed system should
not only work well on laughter-speech test protocols but also
maintain robustness on vanilla speech testing segments. Thus
we evaluate our proposed system on the VoxCeleb1 test set.
As shown in Table. 4, in terms of EER, we can discover that
directly fine-tuning the pre-trained model with laughter-like
segments results in a severe degradation on the Vox1 test set.
In detail, the performances of Vox-O, Vox-E, and Vox-H de-
crease by 6.5%, 8.5% and 19.5%, respectively. Our 2S-TS
framework makes little side-effects (<3% relatively) on both
Vox-O and Vox-E and a tolerable degradation (<6% rela-
tively) on Vox-H. This result interprets that the T-S framework
can effectively alleviate over-fitting. Furthermore, the result
suggests the robustness of our 2S-TS framework and proves
its application potential.

Table 4. Experimental results on VoxCeleb1 test set.

ID Strategy Vox-O Vox-E Vox-H

M1 Pre-trained baseline 0.86 1.14 1.94
M2 Lcla (Finetune) 0.91 1.23 2.32

M6 2S-TS 0.87 1.16 2.06

4.3. Visualization

To further demonstrate the effectiveness of our method, we
extract all laugh segments and verbal speech from a randomly
selected group of five speakers in Haha-Pod. After extracting
the speaker embedding from two distinct models, we adopt t-



SNE to visualize the distribution of embeddings in 2-D space
in Fig. 4.

Fig. 4. A figure of 2D embedding (after T-SNE) compari-
son between M1 (Left) and M6 (Right). “L-” and “S-” in the
legend correspond to the embeddings derived from the non-
verbal laugh segments or the verbal speech, respectively.

When using a pre-trained model (M1) as the feature ex-
tractor, it can be discovered that there is a relatively large dis-
tance between the embeddings of one’s laughter and verbal
utterance. Upon applying our 2S-TS framework (M6), we
can observe that the intra-class distance is enforced, which
indicates a higher similarity of speaker embedding between
non-verbal laughter and verbal speech from the same speaker.

Furthermore, a clustering effect can be found among all
the laughter embeddings, suggesting that different speakers’
laughter may share certain commonalities, such as contents
and pitches. Nonetheless, due to the limited personalized in-
formation conveyed by laughter, a distinct performance gap
still exists between non-verbal laughter and verbal speech.
This indirectly proves the challenge of using laughter to ver-
ify human voices, which needs further investigation

5. CONCLUSION

Non-verbal speaker verification is an emerging topic of in-
terest with potential applications. In this paper, we present
our approach to laughter-based non-verbal speaker verifica-
tion. We begin by describing a semi-automatic data collection
pipeline that allows us to construct a new dataset called Haha-
Pod, which contains both verbal speech and non-verbal laugh-
ter. Next, we introduce a two-stage teacher-student frame-
work that enables us to minimize the distance between the
embeddings of non-verbal laughter and verbal speech from
the same speaker. Experimental results and ablation study
demonstrate that our method can substantially boost laughter-
based non-verbal speaker verification performance without
sacrificing performance in the normal speech-to-speech test-
ing scenario.
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