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Abstract
The aim of conversational speech processing is to analyze human conver-
sations in natural settings. It finds numerous applications in personality
traits identification, speech therapy, speaker identification and verification,
speech emotion detection, and speaker diarization. However, large-scale an-
notated datasets required for feature extraction and conversational model
training only exist for a handful of languages (e.g. English, Mandarin, and
French) as the gathering, cleaning, and annotation of such datasets is tedious,
time-consuming, and expensive. We propose two scalable, language-agnostic
algorithms for automatically generating multi-speaker, variable-length, spon-
taneous conversations. These algorithms synthesize conversations using ex-
isting non-conversational speech datasets. We also contribute the resulting
datasets (283 hours, 50 speakers). As a comparison, we also gathered the
first spontaneous conversational dataset for Urdu (24 hours, 212 speakers)
from public talk shows. Using speaker diarization as an example, we evalu-
ate our datasets and report the first baseline diarization error rates (DER)
for Urdu (25% for synthetic dataset-based models, and 29% for natural con-
versations). Our conversational speech generation technique allows training
speaker diarization pipelines without the need for preparing huge conversa-
tional repositories.

Keywords: conversations, conversational datasets, dataset generation,
corpus generation, synthetic dataset generation, speaker diarization,
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1. Introduction

Humans are social beings having innate abilities to interact. In addition
to gestures and expressions, a verbal conversation is a fundamental element
in human communication. Beyond pure linguistic content, conversations also
contain personality traits of individuals including conscientiousness [1], em-
pathy [2], and emotional cues [3]. To analyze such traits, numerous conver-
sational speech datasets are available albeit, for a handful of languages such
as English [4, 5, 6], French [7] and Mandarin [8]. With 171 million speak-
ers, Urdu is the 11th most widely spoken language in the world [9]. Despite
this, we do not find any conversational datasets or conversational speech
processing applications available for Urdu. However, we do find several non-
conversational datasets of Urdu spontaneous speech. The Baang dataset
contains 1, 207 hours of telephonic speech extracted from public forums incor-
porating 4, 678 speakers [10]. This speech repository has asynchronous audio
posts of various users of a social media platform hence, real-time multi-user
one-to-one correspondence, turn-taking, and speech overlaps are not cap-
tured in these utterances. Another repository developed for speech activity
detection (SAD) contains 3000 hours of telephonic conversations for Urdu
and other languages [11]. This repository is not multi-speaker, and the an-
notation is restricted to speech activity detection which is just one module
inside the speaker diarization pipeline. These datasets cannot be used for
multi-speaker conversational speech processing. Further, these repositories
contain purchasable licenses and are not publicly available to the research
community. A dire need exists for a natural conversational speech database
that could be utilized for analyzing traits of conversations and their partici-
pants.

In this paper, we provide a scalable approach to generate language-
agnostic datasets by proposing two algorithms: Autogen1 and Autogen2
that automatically generate spontaneous multiparty conversations along with
ground labels from unique speaker profiles that mimic the real-time natural
human discussions embedded with diverse ambient noise profiles. Addition-
ally, we provide individual speaker profiles and spontaneous conversations:
Autogen1 database and Autogen2 database generated from the aforementioned
algorithms. We also discuss the development of the first 24- hours dataset:
Conversational speech repository for Urdu Language (CONVURL) that con-
tains natural spontaneous conversations in Urdu with 212 unique speakers.
Each clip contains at least five speakers (with possible speech overlaps) fo-
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cusing on scholarly debates and political talk shows. Furthermore, each clip
has been manually annotated and provided with standardized NIST Rich
Transcription Time Marked (RTTM), and Unpartitioned Evaluation Map
(UEM) files [12].

Conversational datasets can be evaluated using numerous applications of
which speaker diarization is an important one – the question of who spoke and
when. Diarization requires large conversational speech repositories. Recent
works utilize deep learning algorithms to reduce speaker diarization error
rate (DER) using a robust open-source toolkit named Pyannote Audio [13].
Such systems provide speaker diarization baseline results for English. We
use speaker diarization to perform extensive experimentation and report that
both natural and synthetic conversations aid speaker diarization problems.
To the best of our knowledge, these are the first Urdu speaker diarization
benchmarks. Moreover, we show that synthetic conversations can be utilized
for training speaker diarization pipelines by using transfer learning without
the need for the preparation of manually annotated datasets. We support
this claim by performing experiments on AMI and CONVURL corpus. In
summary, this work makes the following contributions:

1. We present two language-agnostic algorithms for automatically gen-
erating synthetic multi-speaker conversations from non-conversational
datasets.

2. We develop the first multi-speaker conversational speech repository for
Urdu with standard annotations.

3. We provide the first baseline results for Urdu speaker diarization using
the aforementioned datasets.

4. Lastly, we report novel benchmarks based on fine-tuning pre-trained
speaker diarization models (English-Urdu, Urdu-English).

2. Related Work

Some of the widely used datasets involving conversations include CALL-
HOME (LDC2000IS97), AMI [4], ICSI [5], and CHIME [6]. CALLHOME
or NIST SRE 2000 (Disk-8) is a 20-hour long repository containing 2 to
7 speakers engaged in telephonic communication in six languages including
Arabic, English, German, Japanese, Mandarin, and Spanish. AMI corpus
is a 100-hour dataset targeting meeting sessions conducted by 3 to 5 speak-
ers in English [4]. 72- hour ICSI meeting corpus caters increased number of
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speakers ranging from 3 to 10 engaged in meeting sessions of four different
types [5]. CHIME-5 contains 50 hours of speech containing four speakers
recorded in the kitchen and living rooms of a house [6]. VoxConverse is a
recent dataset containing conversations retained from Youtube videos with a
maximum of 21 speakers per conversation [14]. Apart from CALLHOME, all
datasets are in English. A set of DIHARD challenges were also introduced
for robust speaker diarization [15].

There also exists an audio-visual conversational speech repository con-
taining 30 minutes long conversation with 120 dialogues spoken in the Swedish
[16]. E-Tape is a 30-hour long repository consisting of radio and TV broad-
casts covering multiple speaking styles available for the French [7]. A 200-
hour telephonic speech corpus is available for Mandarin containing 2100
speakers. There are 1206 audio clips of 10-minute duration containing spon-
taneous conversations [8].

Conversational databases for low-resource languages such as Hindi and
Turkish also exist for speaker recognition [17, 18]. Such datasets for low-
resource languages are hard to find and restricted to the speaker recognition
task. Considering natural spontaneous speech conversations, only a handful
of such datasets exist for Urdu. One such repository contains 1, 207 hours
of telephonic speech extracted from open public forums incorporating 4, 678
speakers [10]. This speech repository has asynchronously recorded audio
posts of various users hence real-time, multi-user, one-to-one correspondence,
and speech overlaps are not captured in such utterances. Another dataset
developed for speech activity detection contains 3, 000 hours of telephone
conversations for Urdu and other languages [11]. This repository is void
of multi-speakers and annotation is restricted for speech activity detection
which is just one module inside the speaker diarization pipeline. Another
45 hours corpus incorporating 82 speakers exists for speaker-independent
automatic speech recognition system [19]. Such datasets cannot be used for
multi-speaker diarization systems because of the ground labels being limited
to a particular module in the diarization pipeline and a lack of real-time
spontaneous speech. Further, these repositories contain purchasable licenses
or are publicly not available to the research community. There is a dire for a
natural conversational speech database that could be utilized for discerning
interesting insights into conversations and their participants. In this paper,
we develop the first 24- hours dataset: CONVURL which contains natural
spontaneous conversations in Urdu with 212 unique speakers. Table 1 enlists
the conversational datasets with descriptions.
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All of the former repositories have been carefully collected, prepared, and
annotated manually and made available for further experimentation. Such
datasets require a lot of time, effort, and resources for collection and prepa-
ration. Also, these repositories exist only for a few languages whereas nearly
7, 000 languages are being spoken all over the world [9]. Further, to auto-
mate such a process, an algorithm must be devised to generate conversations
mimicking real-time conversations. Recent research is focused on improving
dialogue generation systems for human-robot conversations which produce
responses to spoken conversations. Most of this work focuses on Seq2sec
models which produced incoherent responses [20]. Improvements were made
by using ensemble technique [21], utilizing additional knowledge [22], reward
function [23], and goal sequence planning [24]. While this work is much
more suitable for machine-to-human interaction, it lacks realism in multi-
party conversations taking place between humans. Datasets collected for
speaker diarization are also available [25, 26, 27].

It would be interesting to predict speaking turns, personality traits, and
emotional cues present in a conversation. To the best of our knowledge,
there exists no technique which provides language-agnostic spontaneous con-
versation generation with variable time duration and the number of speakers.
We devise a novel algorithm that automatically generates conversations with
ground labels from a smaller dataset saving us from the laborious task of
collection, preparation, and annotation. We are interested in making use of
such datasets in the speaker diarization problem which deals with who spoke
and when.

3. Methodology

Procuring a multi-speaker, multi-dialect, and multi-accent speech corpus
for a language is an arduous task. Our goal is to provide an efficient al-
gorithm for generating natural conversations without the need for extensive
data collection and a laborious resource labeling process. Further, we prepare
a natural conversational repository leveraging spontaneous talks present in
the wild. This dataset can be utilized for the majority of applications involv-
ing conversations and also for evaluating our synthetic dataset. We describe
the collection process for spontaneous natural conversations. Secondly, we
discuss the process for artificially generating conversations followed by re-
sults.
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Table 1: Summary of conversational datasets for languages (Lang.) English (En.), Urdu
(Ur.), French (Fr.), Mandarin (Ch.), and Swedish (Sw.) along with the number of speakers
(Sp.) per conversation.

Dataset Lang. Size (hr) #sp.
CALLHOME En. 20 2− 7

AMI [4] En. 100 3− 5
ICSI [5] En. 72 3− 10

CHIME [6] En. 50 4
DIHARD II Track 1,2 [15] En. 46 1− 8
DIHARD II Track 3,4 [15] En. 293 4

VoxConverse [14] En. 74 1-21
E-Tape [7] Fr. 30 -

Spontal [16] Sw. 60 -
HKUST/MTS [8] Ch. 200 2

Baang Dataset [10] Ur. + others 1, 207 2
RATS [11] Ur. + others 3, 000 -

CONVURL Ur. 24 4− 5
Autogen 1 & 2 Ur. 259 5

3.1. Natural conversational speech dataset
The first and foremost step is to identify interesting discussion scenarios

containing multiple speakers engaged in natural discussions such as meetings,
lunch and dinner time discussions, press conferences, talk shows, courtroom
decisions, online video lectures, scholar debates, and political talk shows. The
aforementioned keywords were searched on Youtube which resulted in English
videos. Thus, the search was reduced to selecting the videos using Urdu.
These outcomes were carefully analyzed based on spoken language, number
of videos, and speakers. We shortlisted religious scholar debates and political
talks for our dataset: CONVURL. Numerous YouTube videos were screened
to ensure that Urdu is spoken for the maximum time throughout the audio
clip. Lastly, the rationale for choosing Urdu instead of code-mixed language
was to perform language-agnostic experimentation, which will appear in the
latter sections.

To mimic real-time human conversations, we carefully hand-pick videos
containing discussions targeting at least five speakers with possible speech
overlaps. Further, videos with a focal person such as an anchor or modera-
tor with at least four participants were selected for meaningful discussions.
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Scholarly debates and political talk shows in Urdu were finalized as the cat-
egories of choice because of spoken Urdu proficiency throughout the videos
and the consistent structure of discussions in terms of the number of speak-
ers. There are 18 clips spanning 12 hours and 17 minutes related to scholar
debates where male moderators start a debate on a topic chosen from the
religious domain and four participants are invited for discussions. In 18 of
these audio clips, two moderators overlap throughout resulting in 99 unique
speakers. Similarly, there are 20 clips worth 11 hours and 58 minutes contain-
ing political talks where female anchors initiate discussions among politicians
focusing on national topics. Two anchors overlap in these videos resulting
in a total of 113 unique speakers. The clips contain natural ambient noise
along with starting, ending, and intermission music clips. Additional speak-
ers are added by the anchors to the discussion depending on the scenarios.
Also, no noise cancellation filters were applied. All clips have one channel
(mono), 8-kHz sample rate, 16- bit sample size, and 128-kbps average bit
rate. CONVURL is available to the research community for experimentation
and possible extensions at https://tinyurl.com/2p9x9ptb under a Cre-
ative Commons Attribution-NonCommercial-ShareAlike license. The details
for each category for the repository have been explained in Table 2.

3.1.1. Groundtruth collection and processing
Once the videos were obtained, the ground truth files had to be pre-

pared for measuring the performance of the applications for conversational
scenarios. The task for attaining the tags for each video is complex in nature
[28, 29, 30]. Moreover, all supervised machine and learning algorithms utilize
these datasets for training purposes, hence numerous user-friendly annota-
tion tools for speech processing are available such as audino, PRAAT, Gecko,
etc. [29, 31, 32].

For ground-truth preparation, each video has been manually annotated
by introducing speaker tags with timestamps using a state-of-the-art anno-
tation tool Gecko [32]. For a 40 minutes audio clip, it takes around three
to four hours for annotation with full concentration as the speaker identi-
ties and speech overlaps have to be carefully marked. The tool provides a
user-friendly interface for identifying and tagging the speaking time of each
participant. Users can select a part of the audio clip and label the speaker
with pre-defined identities. The ground-truth files are saved in the stan-
dardized NIST RTTM formats [12]. Furthermore, UEM files containing the
boundaries of each file’s starting and ending duration are also provided with
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Table 2: Statistics for CONVURL comprising of discussion category, number of clips,
number of unique speakers (Spks.), average duration (Av. du.) per clip in minutes, and
the total duration (Tot. dur.).

Cat. No. of clips Spks. Av. du. Tot. dur.
Scholarly Debates 18 99 40.9 12 h 17 m

Political Talk shows 20 113 35.9 11 h 58 m
Full repository 38 212 38.3 24 h 15 m

convurl.pdf

Figure 1: This figure elaborates the preparation of CONVURL starting from selection of
conversational scenarios followed by retention of selected videos. Last step is to annotate
each conversation to finally prepare the dataset.

audio clips. Figure 1 elaborates our data collection process for CONVURL.
Due to the unavailability of resources, only one annotator was engaged to
perform the task hence, a candidate with good Urdu speaking skills and
holding a Master’s degree from Lahore city, as hometown, was selected to
perform the annotation. It took approximately 100 hours for the annotator
to tag a 24-hours dataset which is still a relatively small repository compared
to state of the art. Therefore, there is a need to develop an automatic mech-
anism to generate natural conversations along with labels. Such a technique
would produce training and testing data in a scalable manner with variables
to control the number of speakers and duration of the audio clips. Further-
more, 10% of CONVURL has been annotated by another evaluator belonging
to Lahore city, holding an intermediate education. It took 12-hours for the
second evaluator to annotate the subset of these conversations. We have
leveraged Pygamma agreement [33], an open-source package to measure
the inter- evaluator’s score. This package takes RTTM files of different an-
notators and calculates the gamma- agreement. The value obtained resides
between 0 and 1, closer to 1 means the evaluators’ annotations are similar.
On 10% of CONVURL, we achieve 0.75, which is a satisfactory value.
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3.2. Synthetic Conversational speech dataset
The structure of discussions plays an important part while generating

synthetic conversations. While collecting CONVURL, it was observed that
speakers talk with each other for variable time duration while changing at-
tention from one speaker to another along with possible overlaps and pauses.
Further, every speaker participating in the discussion has an ambient noise
different from his/her fellow speakers due to factors like distance from the
microphone (video/audio conferencing in a meeting room), fan positions,
speaker orientation, the direction of arrival of sound on the microphone and
different microphones (video conferencing). The difference in distance from
the mic to the speaker also changes the loudness level within a discussion.
Lastly, the number of speakers per conversation and the duration of the call
vary according to the scenario. All the aforementioned factors were consid-
ered while generating synthetic conversations.

Apart from conversational settings, preparing ground labels for each dis-
cussion is a crucial and time taking step, which needs to be automated to
reduce efforts and increase efficiency. As previously mentioned, ground la-
bels are allotted to each person with their timestamp and duration of talking.
This entire process is hard and the annotator is required to view the speakers
from the video to assign speaker identities accordingly. Keeping in mind the
aforementioned settings, we designed an algorithm for generating variable-
length conversations.

We break down each conversation into two parts: dialogue where a speaker
talks followed by silence where a gap is observed between two adjoining speak-
ers. Moreover, the standard ground-truth file is tagged with the starting time
and the duration of speech followed by the speaker’s identity and some other
formal tags which can be handled through the code. Formally, the ground
truth file has 10 fields for one speaker turn [12]. Hence, if we can control
the speakers and their talking, we can automatically generate conversations
along with the gold labels.

To simulate a conversation, the first step is to collect audio clips with
unique speaker profiles where only one speaker is talking throughout the
clip. The next step is to prune these clips on silences and keep these smaller
chunks against each speaker, this step will result in dialogues for each speaker.
Further, we retrieve the silence profiles containing ambient noise for each clip
which will serve as silences. We randomly choose the speakers from the list,
retrieve speaker-wise chunks in a random order (without replacement), and
finally fetch silence profiles randomly. Note that no dialogue will be repeated
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Figure 2: This figure elaborates on the process for automatic conversation generation. The
first step is to extract unique speaker profiles followed by a cleaning step to eliminate any
extra speakers. Further, clips are pruned on silences, and dialogue and noise profiles are
sequenced together to form conversations.

since we selected clips in a random order without replacement. The next step
is to pick one chunk from the shuffled array and a silence profile, place them
in sequence and update the ground-truth file. We repeat this process till
the required length of conversation is reached. Figure 2 elaborates on the
summarized process of automatic conversation generation.

Next, we describe two algorithms for generating conversations. Auto-
matically generated conversations will be denoted by Autogen followed by a
number indicating variations.

3.2.1. Speaker profiles
An audio clip spoken by a unique speaker is defined as a speaker profile

si ∈ S, where S is the set of all speakers. For the dialogue module, we have
collected 50 unique speaker profiles of variable length containing 20 female
and 30 male public representatives respectively. Each audio clip contains
a speech for one unique speaker. For acquiring these clips, keywords like
<politician name> national assembly address were queried on YouTube’s
search engine. The clips where only the selected politician spoke were se-
lected. Also, there were some clips embedded with starting and ending with
another speaker, all such clips were trimmed so that only one speaker per
audio file was retained. The rationale for selecting the keyword address was
to ensure such clips where there was no communication with the media or
other parties. After cleaning, we were left with 12 hours of speech. Lastly,
to get dialogues of variable size, we segmented the whole clip based on si-
lences. These speaker profiles along with the names of public representatives
are available to the research community for experimentation and possible
extensions at https://tinyurl.com/2p9x9ptb under a Creative Commons
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Attribution-NonCommercial-ShareAlike license.

3.2.2. Autogen
We elaborate our various conversational settings in this section. Algo-

rithm 1 represents the generic pseudo-code for our two variations namely
Autogen1 and Autogen2. The differences in the code are reflected in the
colors: orange and teal for Autogen1 and Autogen2 respectively. In the Au-
togen1 setting, unique speaker profiles are segmented into dialogues based
on silences and kept in unique speaker folders. Further, silences in between
dialogues greater than α second with the threshold of β decibels relative to
full scale (dBFS) are extracted using the Pydub library [34]. These silences
are maintained in one folder only, without any speaker identity because of
the random selection of dialogues from the speakers’ folders. This step has
been explained in Algorithm 1, line 3−7 and takes O(|S|) where S is the set
of speaker profiles. The order will not matter as explained in the later steps.

We define the number of variables for generating conversations of the
user’s choice. We denote the number of speakers per conversation by n, the
number of conversations (outer bound) as m, and the maximum duration of
conversation t (minutes). We randomly choose n speaker identities without
replacement for each conversation. For each sequence, we retrieve all chunks
against speaker identities and shuffle them, letting the size of this list be
k. Next, we randomly select k silence profiles. Select speaker chunk and
silence profile and embed them in sequence. Maintain the RTTM file for
ground truth by appending the speaker id, start time, and total speaking
time duration. Repeat this process till the duration of the conversation is
less than or equal to t. Repeat the process for m conversations. there could
be a case where dialogues and silences remain after making a conversation
of t duration. We choose α = 0.5 and β = −40 for each speaker profile. We
also apply loudness normalization to each conversation.

As an example, for n = 3,m = 2, t = 2, Assume that speaker identities
are selected in order: [(1, 5, 8), (6, 9, 10)] indicating that the first conversation
will contain speakers with identities 1, 5 and 8 and so on. The algorithm will
collectively retrieve all chunks of speakers 1, 5 and 8 of size k. Also randomly
retrieve k silence profiles. For m times, sequentially it will extract chunks
and silence profiles to generate conversations ≤ t. Repeat this for a sequence
(6, 9, 10). Algorithm 1 elaborates the steps involved in the construction of
the conversation using Autogen1.

It is interesting to note that Autogen1 has silence clips randomly embed-
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ded throughout the conversation. The speaker’s noise profile will be con-
catenated with another speaker’s dialogue and noise profiles independent of
speakers i.e. not present in the speaker profiles do not exist in these con-
versations. Thus, we propose another variation of the algorithm to generate
conversations namely Autogen2 which contains speaker dialogues embedded
with their noise profiles and silences which are not present in any speaker’s
clip.

For Autogen2, we extract γ variable-length ambient noise profiles from
audio clips different from 50 speaker profile clips (Algorithm 1, line 14).
Also, while chunking, we sequentially retrieve silence profiles and embed each
chunk with this noise by splitting silence into two equal parts and adding
them before and after each chunk in a prefix/postfix manner. This step has
been explained in Algorithm 1, line 7. For the silence module, we randomly
select noise from 20 clips and embed it in between the dialogues as mentioned
in the former paragraph. Algorithm 1 elaborates the steps involved in the
construction of the conversation using Autogen2. We set γ = 20 for the
ambient noise profiles. Figure 3 elaborates the detailed process for Autogen1
and Autogen2 with n = 2. Algorithm 1 executes in O(|S| + m × Σn

j=1Θj),
where Θj = is the total number of dialogues and silences for the speaker
sj ∈ S. Independent of speakers’ audio clips specifications, all conversations
generated from the algorithms have one channel (mono), 352 kbps bit rate,
and 22050-Hz sample rate.

4. Results

The following sections elaborate on the evaluation of our natural and
synthetic datasets. We utilize these conversations in the speaker diarization
problem by using an open-source pipeline Pyannote.audio [13]. Lastly, we
perform extensive experimentation on Convurl, Autogen1, Autogen2, and
AMI corpus to match the state-of-the-art results.

4.1. Speaker Diarization
The task of determining who spoke when in an audio signal is called

speaker diarization. This problem has diverse applications e.g. meeting
transcriptions, behavioral analysis, and automatic speech recognition systems
[35]. The performance of this problem is measured in Diarization Error Rate
(DER) which is composed of a sum of false alarm (duration of non-speech
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Algorithm 1 Autogen
Input: Set of speaker profiles (S), number of speakers (n, n ≤ |S|), num-
ber of conversations (m), duration of conversation (t), ambient noise 6∈ S
(silence′)
Output: saved conversations, RTTM, UEM, and LST files

1: silence← ∅
2: dialogues ← ∅ : a dictionary for maintaining dialogues against each

speaker
3: for si ∈ S do
4: Autogen1:
5: silence, dialogues[si] ← Get si’s dialogues and silences from its re-

spective speaker profile
6: Autogen2:
7: dialogues[si] ← Embed silence in pre and post-positions of si’s dia-

logues
8: for i ≤ m do
9: C ← extract dialogues of randomly selected n speakers without re-

placement
10: C ← randomly shuffle C
11: Autogen1:
12: Sil← randomly choose |C| silences from silence
13: Autogen2:
14: Sil← randomly choose |C| silences from silence′

15: Iterate over C and Sil to make conversations within time limit t
16: Update RTTM, LST, and UEM files
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Figure 3: A detailed diagram for automatic conversation generation for two speakers. The
first step is to extract clips where only one person is speaking throughout the clip. For
each such clip extract dialogues and noise profiles. Shuffle the dialogues and noise profiles
to generate Autogen1. For Autogen2, dialogues are embedded with noise profiles in the
post and prefix location of the clip. Further, 20 noise profiles are retained from audio
clips not present in the dataset. Now, these dialogues and noises are sequenced together
to generate conversations.
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classified as speech), missed detection (duration of speech classified as non-
speech), and confusion (duration of miss classified speaker) divided by the
total time duration of the conversation. The formula for DER is:

DER =
F.A+M.D + C

T

where F.A. is a false alarm, M.D is missed detection, C is confusion and T
is the total duration of the clip. Traditional approaches to speaker diariza-
tion focus on extracting speaker embeddings at frame level using traditional
clustering methods [36, 37, 38, 39]. i-vectors, d-vectors, and x-vectors are
some commonly used speaker embeddings [40, 41, 42]. Clustering methods
are robust for an unidentified number of speakers but suffer optimization for
minimizing diarization loss as it is an unsupervised learning method. Fur-
thermore, overlapping speech cannot be determined using these techniques.
Cluster-free methods include an end-to-end neural diarization (EEND) which
robustly identifies speakers and the overlapped speech but is restricted to a
fixed number of speakers [43]. The same authors resolve this limitation by
leveraging conditional inference methods based on speaker-wise chain rule
[44]. Numerous recent works improve state-of-the-art results by introducing
new deep learning architectures for this problem [45, 46, 47, 48, 49, 50]. This
problem utilizes rich conversational datasets such as AMI meeting corpus [4],
CHIME [6], ICSI meeting corpus [5], and DIHARD challenge datasets [15]
for training. Among numerous applications for conversations, CONVURL is
one such dataset that can be used for speaker diarization problem targeting
Urdu conversations in the wild. To the best of our knowledge, we are the
first ones to provide a speaker diarization system for Urdu.

For the aforementioned task, we utilize Pyannote.audio [13], an open-
source, robust toolkit that incorporates trainable modules that can be used
and optimized collectively for the speaker diarization task. These modules
include speaker activity detection (SAD) for extracting speech segments,
speaker change detection (SCD) for identifying speaker change followed by
speaker embeddings (EMB) to extract distinct speaker identities, and finally
the clustering module for grouping embeddings against speaker identity. Fig-
ure 4 elaborates this problem in a step-wise manner. Each task can be indi-
vidually trained and used collectively for speaker diarization problem. The
authors reported state-of-the-art results as Diarization Error Rate (DER) for
three datasets namely AMI meeting corpus [4], DIHARD [15] and E-TAPE
[7] as 29.6, 34.4 and 24.0 respectively. Speaker embeddings task is trained on
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VoxCeleb [51] dataset containing more than 7000 unique speakers with one
million utterances worth 2000 hours. In the following section, we describe
our experiments in detail.

4.2. Results of experimentation
As explained in the previous section, we have utilized Pyannote audio

version 1.1.1 1 for speaker diarization with the default settings for each
pipeline [13] on the machine with Nvidia 24 GB Quadro P6000 GPU, In-
tel(R) Xeon(R) Silver 4110 CPU @ 2.10GHz with CentOS Linux 7 (Core)
operating system. We have used 0-ms collar with overlap while evaluating our
results. While we have trained SAD and SCD modules from scratch for 10
epochs respectively, we have used a speaker embedding model trained on the
VoxCeleb dataset for the embedding task. We directly apply our dataset to
get the speaker embeddings. Following the trend of state-of-the-art datasets
[4, 6]; we have pre-defined the splits for the whole dataset: 80% training,
10% validation, and 10% testing splits for each type of dataset. These splits
are based on the time duration of the clips, and speakers can overlap within
the splits. For CONVURL, scholars, anchors, and politicians can overlap
between the sessions because they are called again in the show or the video
is divided into two parts. For Autogen, each speaker is randomly selected,
so there is a chance of overlap. We have also included results on dataset
based on Autogen1, Autogen2 and CONVURL conversations. We call it Au-
togen3. The training split of CONVURL is merged with 50 conversations
of Autogen1 and 50 conversations of Autogen2. The validation and testing
splits of CONVURL are each merged with 10 conversations of Autogen1 and
Autogen2 each. Details against each dataset are shown in Table 3.

For the CONVURL dataset, after training the whole pipeline, we get
29.12 DER(%) with 71.63% correct detection, 0.84% false alarm, 6.86%
missed detection and 21.51% confusion respectively. We have a high con-
fusion rate since the Pyannote pipeline does not help in detecting overlap.
For automatically generated conversations, we set the number of speakers
per conversation n as 5, because we wanted to compare these results with
the CONVURL dataset. Further utilizing the algorithm 1 described in the
former section, we set m = 150, t = 40 and m = 20, t = 40 for training
and validation/testing splits. For the Autogen1 dataset, after training the

1https://github.com/pyannote/pyannote-audio
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whole pipeline and testing on CONVURL, we get 68.91 DER(%) with 31.63%
correct detection, 0.54% false alarm, 33.85% missed detection, and 34.51%
confusion respectively. For the Autogen2 dataset, after training the whole
pipeline and testing on CONVURL, we get 65.32 DER(%) with 37.74% cor-
rect detection, 3.06% false alarm, 4.82% missed detection, and 57.44% con-
fusion respectively. We observe that the error is huge because no fine-tuning
has been performed at this step. We have applied the CONVURL test set
because the test case will always be a real dataset, not a synthetic one. Fur-
thermore, we train the whole pipeline for Autogen3. This variation contains
Autogen1+Autogen2+CONVURL conversations in all train, validation, and
test splits. We get 28.97 DER(%) with 73.94% correct detection, 2.91% false
alarm, 10.51% missed detection, and 15.51% confusion respectively. We have
also optimized the pipeline for CONVURL validation split and tested on its
test set, we get 30.26 DER(%) with 71.77% correct detection, 2.02% false
alarm, 8, 90% missed detection, and 19.33% confusion respectively. Next, we
fine-tune CONVURL on trained SAD and SCD modules of Autogen1 and
Autogen2 respectively for testing the quality of the auto-generated dataset
and if it could be used for training speaker diarization pipelines. We get 25.35
DER(%) with 75.21% correct detection, 0.56% false alarm, 11.96% missed
detection, and 12.64% confusion respectively when CONVURL fine-tuned on
Autogen1. We get 25.26 DER(%) with 75.80% correct detection, 1.06% false
alarm, 10.72% missed detection, and 13.48% confusion respectively when
CONVURL fine-tuned on Autogen2. As observed, there is no difference be-
tween the results, but we get 25% DER for both settings, and the error has
been reduced from 29% to 25%. When we directly apply the CONVURL’s
test set on the trained Autogen model, we get DER 68.91% and 65.32% for
Autogen1 and Autogen2 respectively. This shows the fact that the synthet-
ically generated dataset can be used for training purposes without the need
to prepare extensive datasets. For cross-lingual experimentation, we also
fine-tuned the AMI meeting corpus on the trained Autogen3 models. We
get 43.00 DER(%) with 57.62% correct detection, 0.62% false alarm, 32.56%
missed detection, and 9.82% confusion, respectively when AMI fine-tuned
on Autogen3. We also fine-tune Autogen3 on the trained AMI models. We
get 31.37 DER(%) with 71.03% correct detection, 2.41% false alarm, 8.85%
missed detection, and 20.11% confusion, respectively when Autogen3 fine-
tuned on AMI. All these results are elaborated in Table 4. From the results,
we conclude that both variations are suitable for natural conversations in the
Urdu language, especially if finetuned individually on Autogen1 and Auto-
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Table 3: Dataset split statistics with Name, training (Tr.), validation (Val.) and testing
(Test) splits.

Name Tr. Val. Test
CONVURL 18 h 59 m 2 h 41 m 2 h 34 m
Autogen1 102 h 54 m 13 h 43 m 13 h 28 m
Autogen2 102 h 28 m 13 h 23 m 13 h 22 m
Autogen3 67 h 55 m 16 h 12 m 16 h 27 m

Table 4: Speaker Diarization results on various datasets: CONVURL, Autogen1, Auto-
gen2, Autogen3, and AMI. DER % is reported based on correct detection, false alarm,
missed detection, and confusion. Finetune model represents that the dataset in the train,
validation, and test set has been fine-tuned on. Results with training and testing on AMI
corpus reported in [13]. We add the results shown on their GitHub repository.

Train Test Finetune Model DER%
CONVURL CONVURL - 29
Autogen1 CONVURL - 68
Autogen2 CONVURL - 65

CONVURL CONVURL Autogen1 25
CONVURL CONVURL Autogen2 25

Autogen3 Autogen3 - 28
Autogen3 CONVURL Autogen3 30
Autogen3 Autogen3 AMI 31

AMI AMI - 32
AMI AMI Autogen3 43

gen2 trained models. However, since the AMI corpus consists of 100 hours
of speech, it did not converge well with the baseline settings hence reaching
an error rate of 43%. More optimization is required and parameter tweaking
of individual models is required to achieve better results. Lastly, fine-tuning
is a necessary step for achieving good results in natural conversations.

5. Discussion

The section elaborates the process, implications, and challenges faced
during data collection followed by the application of conversations. Lastly,
we also highlight the limitations of our work.
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speakerdiarization.pdf

Figure 4: A schematic diagram for speaker diarization problem. The module is to perform
SAD, followed by SCD. The next step is to extract speaker embeddings and cluster them
accordingly. After re-segmentation, predicted labels are assigned to audio chunks.

5.1. First Conversational Dataset for Urdu
In this work, we present the first conversational dataset containing spon-

taneous speech based on scholarly discussions and political debates for Urdu.
This contribution will open a novel avenue for research and also be useful
for native Urdu speakers of Pakistan. Speaker identification and validation,
active and passive speaker recognition, identifying gender discrimination by
analyzing speech turns allowed for a particular speaker involved in a con-
versation, topic identification and summarization of a conversation are some
of the applications which native speakers can utilize to discover interesting
insights.

5.2. Scalable approach to generate language-agnostic datasets
Keeping in mind the overhead involved in the video selection and an-

notation process, we provide a scalable approach to automatically generate
datasets for any language with a variable number of speakers and time dura-
tion using unique speaker audio profiles. We provide two algorithms that gen-
erate such conversations eliminating the need of spending time and resources
for procuring a conversational dataset. Furthermore, the experimentation on
such datasets for speaker diarization shows that results are comparable with
the conversations in the wild (CONVURL) hence, eliminating the time and
resource constraint which is typically involved in the creation of all datasets.
Furthermore, irrespective of the context, the idea is to mimic real scenario
conversations that could be used for training, validation, and testing some
applications of conversations. Lastly, such an algorithm would create hours
long repository by utilizing just a handful of speaker profiles.

5.3. Real conversation scenarios
The Autogen (algorithm 1) embeds ambient noise within dialogues and

mimics the scenarios involved in real-time conversations in the following ways.
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Let’s consider a scenario where a telephonic or conference call is concerned,
each speaker has its ambient noise and variable mic quality and distance.
Further, conversations are involved within the same conference room where
speakers are seated around the table with the same ambient noise but dif-
ferent microphone distances. These all scenarios are being mimicked by Au-
togen1 conversations where random silences are embedded within dialogues.
Further, there is no restriction on the number of speakers within a conversa-
tion and our algorithm provides that functionality. Lastly, Autogen2 handles
more robust came where each speaker’s ambient noise is embedded along with
silence profiles not present in speakers’ clips.

5.4. Applications
Communication among humans mostly takes place in form of conversa-

tions. These discussions inherently manifest meaningful information regard-
ing participants’ behaviors, levels of interactivity, and intentions. Automatic
systems for detecting personality traits have been developed using a simu-
lated tourist call center’s conversations [1]. A recent work utilizes the use of
capsule neural networks for personality trait detection for speakers [52]. Fur-
ther applications include automatic empathy recognition from conversations
[2], mood and emotion detection from conversations [53], suicide ideation [54],
quantifying privacy in human interactions [55] and identification of compet-
itiveness and cooperation in speech overlaps occurring in daily interactions
[56]. All above-mentioned applications would prove fruitful if applied to con-
versations spoken in Urdu.

Overlaps and speaker turns are inherent features for any natural sponta-
neous human interactions. Consider a meeting/debate/talk show scenario,
it would be interesting to discern if all speakers are given the same time to
elicit their views, inequality in screen time would indicate either passiveness
or bias. The Addition of gender information can help in identifying gen-
der issues. Incorporated with emotional cues, a system could be developed
that automatically recognizes the aforementioned traits present in one-to-
one human conversations. Speaker diarization problem could be utilized and
enhanced for such applications.

5.5. Limitations
This work provides the first speech conversational dataset for Urdu and

a universal algorithm for conversation generation with limitations. The fact
of employing one annotator for extracting ground truth is our limitation
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for this work due to limited resources and we plan to improve this in the
future. Regarding the spontaneous speech dataset, the duration of the entire
repository is not comparable with the state-of-the-art datasets available for
other languages in terms of time duration. We have made this repository
available for researchers to add diverse conversations covering various topics.

Further, our automatically generated conversations are void of context
because we are embedding different dialogues and silences randomly from
different speaker profiles. Moreover, the dialogue of one particular speaker
could be segmented in the middle where a break in speech is considered
as silence by the algorithm, the conversation generated will not have any
semantic meaning. Generating context-dependent conversations is our future
work.

Moreover, these conversations do not appear natural when compared
with spontaneous human conversations because of incomplete dialogues and
abrupt silence embeddings. This problem would be solved if by devising
an algorithm that generates conversations on dialogues hence providing a
context and a natural flow to a discussion.

The natural conversation includes an overlap in speaker turns where more
than one speaker is talking simultaneously. Our algorithm does not generate
such conversations. It would be an interesting direction to pursue while an
appropriate speaker diarization pipeline handling such overlaps should also
be utilized as the current model does not train on overlapped speech.

6. Conclusion

In this study, we have developed the first conversational repository for
Urdu. Secondly, keeping in mind the arduous task of speech tagging, we pro-
pose an algorithm that produces language-agnostic conversations of variable
time and number of speakers in a scalable manner. For evaluation of our
dataset, we have chosen the speaker diarization problem and reported DER
in various experimental settings. From our results we conclude that these
datasets can prove fruitful for training speaker diarization pipelines without
the preparation of huge datasets, hence saving a lot of time and effort.
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