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ABSTRACT
Conventional methods for speaker diarization involve windowing an
audio file into short segments to extract speaker embeddings, fol-
lowed by an unsupervised clustering of the embeddings. This multi-
step approach generates speaker assignments for each segment. In
this paper, we propose a novel Supervised HierArchical gRaph Clus-
tering algorithm (SHARC) for speaker diarization where we intro-
duce a hierarchical structure using Graph Neural Network (GNN) to
perform supervised clustering. The supervision allows the model to
update the representations and directly improve the clustering per-
formance, thus enabling a single-step approach for diarization. In
the proposed work, the input segment embeddings are treated as
nodes of a graph with the edge weights corresponding to the sim-
ilarity scores between the nodes. We also propose an approach to
jointly update the embedding extractor and the GNN model to per-
form end-to-end speaker diarization (E2E-SHARC). During infer-
ence, the hierarchical clustering is performed using node densities
and edge existence probabilities to merge the segments until con-
vergence. In the diarization experiments, we illustrate that the pro-
posed E2E-SHARC approach achieves 53% and 44% relative im-
provements over the baseline systems on benchmark datasets like
AMI and Voxconverse, respectively.

Index Terms— Supervised Hierarchical Clustering, Graph
Neural Networks, Speaker Diarization.

1. INTRODUCTION

Speaker Diarization (SD) is the task of segmenting an audio file
based on speaker identity. The conventional approach for the task
of SD involves multiple steps. In the first step, the audio is win-
dowed into short segments (1-2 s) and fed to a speaker embedding
extractor (for example, x-vectors) [1, 2]. In a subsequent step, these
speaker embeddings are clustered based on similarity scores com-
puted using methods like Probabilitic Linear Discriminant Analysis
(PLDA) scoring [3,4]. The most common clustering approach is the
agglomerative hierarchical clustering (AHC) [5], which merges two
clusters at each time step based on similarity scores until the required
number of clusters/speakers are attained. Other approaches involve
spectral clustering (SC) [6], k-means clustering [7] and graph based
clustering [8, 9].

Recently, the end-to-end neural diarization [10, 11] approaches
involving transformers have proved effective in handling overlaps.
However, due to the difficulty in handling more than 4 speakers,
pairwise metric learning loss is proposed recently [12]. A graph-
based agglomerative clustering called path integral clustering pro-
posed by Zhang et al. [8] is shown to outperform other clustering
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approaches on CALLHOME and AMI datasets [9]. Similarly, metric
learning approaches are introduced in [6, 13] to improve the speaker
similarity scores. In a recent work, Singh et al. [9, 14] introduced
self-supervised metric learning using clustering output labels as the
pseudo labels for model training.

Most of the previous approaches for diarization are trained to
improve the similarity scores. However, they still use an unsuper-
vised clustering algorithm to obtain the final labels. We hypothesize
that this limits their performance as they are not trained with the
clustering objectives. On the other hand, EEND models require a
large amount of data and hundreds of hours of training. We propose
a simple approach to SD which is not data intensive and can han-
dle large number of speakers (more than 7) while training and eval-
uation. The approach is called as Supervised HierArchical gRaph
Clustering algorithm (SHARC). Our work is inspired by the work
on image clustering by Xing et al. [15]. The major contributions are:

1. Introducing supervised hierarchical clustering using Graph
Neural Networks (GNN) for diarization.

2. Developing the framework for joint representation learning
and clustering using supervision.

3. Achieving state-of-the-art performance on two benchmark
datasets.

2. RELATED WORK AND BACKGROUND

GCN: Wang et al. [16] proposed GNN for metric learning. The
inputs to the model are x-vectors/d-vectors and the PLDA similarity
score. The output of the model is a probability score of whether
two nodes are connected or not. The Graph Convolution Network
(GCN) [17], the most common variant of GNNs, are used in [18] for
semi-supervised training using clustering output as “pseudo-labels”.

GraphSAGE: The GCN is inherently transductive and does not gen-
eralize to unseen nodes. The GraphSAGE [19], another variant of
GNN, is a representation learning technique suitable for dynamic
graphs. A function is learnt that generates embeddings by sampling
and aggregating features from a node’s local neighborhood. The ag-
gregate function outputs a single neighborhood embedding by taking
a weighted average of each neighbor’s embedding. The update equa-
tions are as follows:

hl
N(v) = Aggregate(hl−1

u , ∀u ∈ N(v)) (1)

hl
v = σ(W l[hl−1

v ;hl
N(v)])

where, N(v) is the neighborhood of node v, hl
N(v) and hl

v are the
latent representations of N(v) and node v respectively, at layer l ∈
{1, ..., L}. The σ is the activation function and W l is the weight
matrix. hl

v is the hidden representation of node v.IC
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Fig. 1. Block diagram of proposed SHARC method. The ETDNN model and GNN are the extended time delay network model for x-vector
extraction and the graph neural network for score prediction. FFN stands for feed forward network. The left side (a) shows the training steps
and the right side (b) shows the inference steps.

3. PROPOSED APPROACH

The Supervised HierArchical gRaph Clustering algorithm (SHARC)
model is shown in Figure 1. It introduces a hierarchical struc-
ture in the GNN-based clustering. Figure 1(a), shows the training
procedure using R audio recordings r ∈ {1, 2, .., R} where r
is the recording-id assigned to each recording in the dataset. It
involves extracting short segment embeddings such as x-vectors
X = {X1,X2, ...,XR} from an Extended Time Delay Neural
Network (ETDNN) [1] for all recordings where Xr ∈ RNr×F , Nr

is the number of x-vectors for recording r and F is the dimension
of x-vectors. These are used to form graphs at different levels of
hierarchy denoted as G = {G0

1, G
0
2, ..., G

1
1, ..., G

Mr
R } where Gm

r is
a graph of recording r at level m and Mr is the maximum number
of levels created for r. The nodes of the graphs are obtained from
X , and edges are connected using k-nearest neighbors with weights
coming from similarity matrices Sm = {Sm

1 , ...,Sm
R } for level m

where, Sm
r ∈ RNm

r ×Nm
r , Nm

r is number of nodes at level m for
recording r. The graphs are constructed at different clustering levels
by merging the node features of each cluster and recomputing the
similarity matrix. For training, a set of graphs G are fed to the GNN
module in batches. The module comprises of GNN along with a
feed forward network to predict edge weights Êm ∈ RNm

r ×k of all
nodes with their k-nearest neighbors. The loss is computed using
Eq (true edge weights) and Êm (predicted edge weights).

Figure 1(b), shows the inference block diagram. For a test
recording t, x-vectors Xt and St are extracted and a graph G0

t

is constructed at level 0. Then, it is passed to the iterative clus-
tering module using edge predictions from GNN module followed
by merging nodes of same cluster and then, reconstructing graph
for next level m. This process stops if the graph has no edges
(Gm = {ϕ}) or maximum allowed level M is attained. The algo-
rithm (depicted in Algorithm 1) outputs cluster labels for the nodes
at the top level, propagating down to the original embeddings.

3.1. Graph generation

In this step, a hierarchy of graphs, Gm
r = (V m, Em), is created

using Xr and Sm
r where V m = {v1, v2, ..., vn} is the set of the

nodes and Em is the set of the edges. Each graph consists of node
representations Hm

r = {h(m)
1 , h

(m)
2 , ..., h

(m)
n } ∈ RF ′Xn where

n = Nm
r is the number of nodes at level m. Em is obtained using

Sm
r ∈ [0, 1] considering k-nearest neighbors of each node in V m.

At level m = 0, we consider each embedding as individual cluster.
Therefore, node representations are given as H0

r = [Xr;Xr]. For
any level m > 0, the node representation is obtained by concatenat-
ing the identity feature and the average feature of the current cluster.

3.2. GNN scoring and clustering

The node representations Hm at each level m are passed to the GNN
scoring function Φ. It predicts edge linkage probability (pij) which
indicates presence of an edge (vi, vj) ∈ V m along with node den-
sity (d̂i) which measures how densely the node is connected with its
neighbors.

After GNN scoring, the clustering is performed. At each level
of hierarchy m, it creates a candidate edge set ε(i), for the node vi,
with edge connection threshold pτ , as given below.

ε(i) = {j|(vi, vj) ∈ Em, d̂i ≤ d̂j and pij ≥ pτ} (2)

For any i, if ε(i) is not empty, we pick j = argmaxj∈ε(i)êij and add
(vi, vj) to E′

m where êij is the predicted edge weights, given as,

êij = 2pij − 1 ∈ [−1, 1]∀j ∈ Nk
i (3)

Here, Nk
i are the k-nearest neighbors of node vi. After a full pass

over every node, E′
m forms a set of connected components C′

m,
which serves as the designated clusters for the next level (m + 1).
The clustering stops when there are no connected components
present in the graph.
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Algorithm 1: SHARC Inference
Initialize: M ← maximum no. of levels; m← 0;
k ← no. of nearest neighbors; H0 ← [X;X]
while m ≤M do

1. Graph generation: Gm ← graph(Hm,S, k)
If (Gm ← {ϕ}) : M = m; break

2. GNN Scoring: Êm ← Φ(Gm, Hm)

3. C′
m ← Clustering(Êm)

4. Aggregation: Hm+1 ← Ψ(Hm, C′
m)

5. m← m+ 1

end
Output: Predicted Ŷ = {ŷ1, .., ŷN} using C′

{1:m−1}

3.3. Feature aggregation

To obtain node representations for next level Hm+1, the connected
components C′

m obtained from the clustering along with Hm are
passed to an aggregation function Ψ . The function Ψ concatenates
identity feature h̃(m+1)

i and average feature h̄(m+1)
i of each cluster i

to obtain hi
(m+1) = [h̃

(m+1)
i ; h̄

(m+1)
i ]. The identity feature of node

i at level m + 1 is the feature of the node which has highest node
density at level m in the cluster i. The average feature is computed
by taking average of all the identity features from previous level of
that cluster, given as,

h̃
(m+1)
i = h̃(m)

zi ; h̄
(m+1)
i =

1

|ci(m)|
∑

j∈ci
(m)

h̃
(m)
j (4)

where zi = argmaxj∈ci
(m) d̂

(m)
j .

3.4. GNN module architecture and training

GNN scoring function Φ is implemented as a learnable GNN mod-
ule designed for supervised clustering. The module consists of
one GraphSAGE [19] layer with F ′ = 2048 neurons. Each graph
Gm

r , containing source and destination node pairs, is fed to the
GNN module. It takes node representations Hm and their edge
connections as input and generates latent representations denoted as
Ĥ(m) ∈ RF ′×n, with n being the number of embeddings at a level
m. The pair of embeddings are concatenated [ĥi; ĥj ] and passed to
a three-layer fully connected feed-forward network with a size of
{1024, 1024, 2} followed by softmax activation to generate linkage
probability pij . The predicted node density is computed as:

d̂i =
1

k

∑
j∈Nk

i

êijSr(i, j) (5)

The ground truth density di is obtained using ground truth edge
weight eqij = 2qij − 1 ∈ Eq{−1, 1}NrXk, where qij = 1 if nodes
vi and vj belong to the same cluster, otherwise qij = 0. A node
with higher density is a better representative of the cluster than a
node with lower density.

Each node vi has a cluster (speaker) label yi in the training set,
allowing the function to learn the clustering criterion from the data.
The loss function for training is given as follows:

L = Lconn + Lden (6)

Table 1. Choice of hyper-parameters for train, dev, eval split of
AMI and Voxconverse datasets. The parameters k∗ and p∗τ are used
in E2E-SHARC training.

Parameters AMI Voxconverse
Train Dev Eval Train Dev Eval

k 60 60 60 60 30 30
pτ - 0.0 0.0 - 0.5 0.8
k∗ 30 50 50 60 30 30
p∗τ - 0.0 0.0 - 0.9 0.8

where Lconn is the pairwise binary cross entropy loss based on link-
age probability across all the possible edges in E accumulated across
all levels and recordings in a batch. Lden represents mean squared
error (MSE) loss between ground truth node density di and predicted
node density d̂i ∀i ∈ {1, ..., |V |}, where |V | is the cardinality of V .

3.5. E2E-SHARC

The SHARC model described in the previous section also allows
the computation of gradients of the loss function w.r.t the input x-
vector embeddings. The computation of these gradients enables the
fine-tuning of the embedding extractor. We remove the classifica-
tion layer from the 13-layer ETDNN model [20] and connect the
11th affine layer output with the SHARC model input. This model
is trained using 40-D mel-spectrogram feature vectors and similarity
matrices as input. The details of ETDNN embedding extractor are
described in Section 4.2. The training loss is the same as the SHARC
model (Equation 6). This approach is referred as End-to-End Super-
vised HierArchical gRaph Clustering (E2E-SHARC).

4. EXPERIMENTS

4.1. Datasets

• AMI train, dev and eval sets: The AMI dataset [21] contains
meeting recordings from four different sites (Edinburgh, Idiap,
TNO, Brno). It comprises of training, development (dev) and eval-
uation (eval) sets consisting of 136, 18 and 16 recordings sampled
at 16kHz, respectively. The number of speakers and the duration
ranges of each recording from 3-5 and 20-60 mins, respectively.

• Voxconverse dataset: The dataset used for training Voxconverse
model is simulated using Voxceleb 1 and 2 [22, 23] and Lib-
rispeech [24] using the recipe from [10]. We simulated 5000 mix-
tures containing 2-5 speakers with duration ranging from 150-440
s. This generates 1000 hrs of data with 6, 023 speakers. Vox-
converse dev/eval sets are audio-visual diarization datasets [25]
consisting of multi-speaker recordings extracted from YouTube
videos. It is divided into a development (dev) set and an evalua-
tion (eval) set consisting of 216 and 232 recordings respectively.
The duration of a recording ranges from 22-1200 s. The number
of speakers per recording varies from 1-21.

4.2. Baseline system

The baseline method is an x-vector-clustering based approach fol-
lowed in [14, 26]. First, the recording is divided into 1.5 s short seg-
ments with 0.75 s shift. The 40-D mel-spectrogram features are com-
puted from each segment which is passed to the ETDNN model [1]
to extract 512-D x-vectors. The ETDNN model follows the Big-
DNN architecture described in [20] and is trained on the VoxCeleb1
[22] and VoxCeleb2 [23] datasets, for speaker identification task,
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Table 2. DER (%) comparison on the AMI SDM and Voxconverse
datasets with the baseline methods. OVP: overlap, COL: collar.

AMI SDM System with OVP + no COL w/out OVP + COL
Dev. Eval. Dev. Eval.

x-vec + PLDA + AHC [26] 24.50 29.51 7.61 14.59
x-vec + PLDA + SC 19.8 22.29 4.1 5.76
x-vec + PLDA + SHARC 19.71 21.44 3.91 4.88
E2E-SHARC 20.59 19.83 5.15 2.89
− + VBx [27] 19.35 19.82 3.46 2.73

Voxconverse System
x-vec + PLDA + AHC [26] 12.68 13.41 7.82 9.28
x-vec + PLDA + SC 10.78 14.02 6.52 9.92
x-vec + PLDA + SHARC 10.25 13.29 6.06 9.40
E2E-SHARC 9.90 11.68 5.68 7.65
− + VBx [27] 8.29 9.67 3.94 5.51

to discriminate among the 7, 146 speakers. The whitening trans-
form, length normalization and recording level PCA are applied to
the x-vectors as pre-processing steps to compute the PLDA similar-
ity score matrix and perform clustering to generate speaker labels
for each segment. For comparison, we have used two most popular
clustering approaches - AHC [5] and SC [28]. To perform AHC, the
PLDA is used directly. For SC, we convert the scores in [0, 1] range
by applying sigmoid with temperature parameter τ = 0.1.

4.3. Training configuration

For training the SHARC model, we extract x-vectors with a window
of duration 1.5 s with 0.75 s shift, from single speaker regions of the
training set. The similarity score matrices, Sm, are obtained using
baseline PLDA models which are fed to the GNN module described
in Section 3.4. The possible levels of each recording depend on the
number of x-vectors (Nr) and the choice of k.

To train the end-to-end SHARC model, the weights of the x-
vector model are initialized with the pre-trained ETDNN model
while the SHARC model weights are initialized with the one ob-
tained from SHARC training. The input to the model is 40-D
mel-spectrogram computed from 1.5 s with 0.75 s shift. To prevent
overfitting of the embedding extractor, the pre-trained x-vectors are
added to the embedding extractor output before feeding to the GNN.

4.4. Choice of hyper-parameters

The SHARC model is trained with Stochastic Gradient Descent
(SGD) optimizer with a learning rate lr=0.01 (for Voxconverse) and
lr=0.001(for AMI) for 500 epochs. Similarly, the E2E-SHARC is
also trained with an SGD optimizer. In this case, the learning rate
is 1e-06 for the ETDNN model and 1e-03 for the SHARC model,
trained for 20 epochs. The hyperparameters k, pτ are selected based
on the best performance on the dev set for the eval set and vice
versa. The maximum number of levels M is initially set to 15, but
the algorithm converges at M ≤ 3. Table 1 shows the values of
hyperparameters for AMI and Voxconverse.

5. RESULTS

The proposed approaches are evaluated using the diarization error
rate (DER) metric [26]. In our work, we use ground truth speech
regions for performance comparison. The DERs are computed for
two cases. The first case considers overlaps and without collar re-
gions, and the second case ignores overlaps and incorporates a tol-
erance collar of 0.25 s. Table 2 shows that the proposed SHARC

Table 3. DER (%, w/out overlap + with collar) comparison with
state-of-the-art on AMI MDM (without TNO sets) and Voxconverse
datasets.

AMI MDM System Dev. Eval.
x-vec(ResNet101)+AHC+VBx [29] 2.78 3.09
ECAPA-TDNN [30] 3.66 3.01
SelfSup-PLDA-PIC (+VBx) [14] 5.38 (2.18) 4.63 (3.27)
SHARC (+VBx) 3.58 (3.72) 2.29 (2.11)
Voxconverse System Dev. Eval.
Voxconverse challenge [25] 24.57 −
VBx BUT system [31] 4.36 −
Wang et. al. [32] 4.41 5.82
E2E-SHARC +VBx 3.94 5.51

model improves over the baseline systems, and the performance fur-
ther improves with the E2E-SHARC model for both datasets. To
incorporate temporal continuity, we applied a re-segmentation ap-
proach using Variational Bayes inference (VBx) [27] with the E2E-
SHARC clustering labels as initialization, which further boosted the
performance. As shown in Table 2, for the AMI SDM dataset, we
obtain 15.6% and 52.6% relative improvements for the dev and eval
set, respectively over the PLDA-SC baseline (best). Similarly, we
achieve 39.6% and 44.4% relative improvements over the Voxcon-
verse baseline (PLDA- SC) for the dev and eval set, respectively.

Table 3 compares proposed approach performance with state-of-
the-art systems. The widely reported beamformed AMI multi-distant
microphone (MDM) dataset, without TNO recordings, is used for
benchmarking. The beamformed recordings are obtained using [33].

The proposed SHARC model has the lowest DER for eval set
compared to all previous SOTA approaches. For the Voxconverse
dataset, we compare it with the challenge baseline and other pub-
lished results. Here, the E2E-SHARC with VBx shows the best re-
sults compared to previously published results.

6. SUMMARY

We have proposed a supervised hierarchical clustering algorithm
using graph neural networks for speaker diarization. The GNN
module learns the edge linkages and node densities across all levels
of hierarchy. The proposed approach enables the learnt GNN mod-
ule to perform clustering hierarchically based on merging criteria
which can handle a large number of speakers. The method is fur-
ther extended to perform end-to-end diarization by jointly learning
the embedding extractor and the GNN module. With challenging
diarization datasets, we have illustrated the performance improve-
ments obtained using the proposed approach.
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