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Abstract—Contrastive learning across various augmentations
of the same utterance can enhance speaker representations’
ability to distinguish new speakers. This paper introduces a
supervised contrastive learning objective that optimizes a speaker
embedding space using label information from training data.
Besides augmenting different segments of an utterance to form
a positive pair, our approach generates multiple positive pairs
by augmenting various utterances from the same speaker. How-
ever, employing contrastive learning for speaker verification
(SV) presents two challenges: (1) softmax loss is ineffective in
reducing intra-class variation, and (2) previous research has
shown that contrastive learning can share information across
the augmented views of an object but could discard task-
relevant nonshared information, suggesting that it is essential
to keep nonshared speaker information across the augmented
views when constructing a speaker representation space. To
overcome the first challenge, we incorporate an additive angular
margin in the contrastive loss. For the second challenge, we
maximize the mutual information (MI) between the squeezed
low-level features and speaker representations to extract the
nonshared information. Evaluations on VoxCeleb, CN-Celeb, and
CU-MARVEL validate that our new learning objective enables
ECAPA-TDNN to identify an embedding space that exhibits
robust speaker discrimination.

Index Terms—Speaker verification; contrastive learning; mu-
tual information; additive angular margin;

I. INTRODUCTION

Speaker representation learning is crucial for speaker veri-
fication (SV). Its goal is to learn a feature embedding space
characterized by 1) same-class compactness, ensuring that the
embedding vectors of the same speaker are close; 2) different-
class dispersion, where the embedding vectors belonging to
different speakers are far apart. Recent years have witnessed
significant advancements in this area, a result of the ad-
vancements in deep neural network (DNN) architectures [1],
[2], [3], complex loss functions [4], [5], [6], [7], innovative
pooling strategies [8], [9], and effective domain adaptation
methods [10], [11], [12]. However, the models are still not
sufficiently robust to noisy labels [13], [14] and are sensitive
to input perturbation unless a notion of margin is introduced
to their loss function [15], [16]. Research indicates that these
shortcomings can reduce the models’ generalization capabili-
ties [17], [18], [19], [20].
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Several methods have been developed to increase intra-class
compactness and bolster inter-class separation in embedding
spaces. Wen et al. [21] proposed a regularization term to
penalize the gaps between features and their corresponding
centers. Building upon this idea, Ranjan et al. [22] and
Wang et al. [23] suggested constraining the L2 norm of the
feature representations for the softmax loss so that they lie
on a hypersphere with a fixed radius, and Liu et al. [24]
proposed optimizing the cosine similarity between the feature
representations and their class centroids. These adjustments
result in well-separated classes in the representation space
and reduce intra-class dispersion, resulting in larger gradi-
ents during training. Furthermore, Liu et al. [16] argued for
an enlarged classification margin, emphasizing that a more
challenging learning objective can stimulate the acquisition
of more discriminative features. Similarly, Liu et al. [25]
introduced an angular distance metric. This metric evaluates
the dissimilarity of objects based on their geodesic distance
within a hypersphere manifold and uses an angular margin to
heighten the strictness of decisions.

Contrastive learning is increasingly gaining attention in the
SV community [26], [27], [28], [29]. This approach creates
positive pairs using augmented samples of an utterance from
the same speaker. It considers different utterances and their
augmented versions as being from distinct speakers, thus
forming negative pairs. The overarching goal is to draw the
embeddings of the positive pairs closer while distancing the
embeddings of the negative pairs. Because the supervised in-
formation for one view comes from the other view, contrastive
learning can leverage the shared information across views, but
often overlooks nonshared task-relevant information. Shared
information corresponds to speaker features relevant to the
SV task, and the features are shared across different views
of the utterances. For example, a waveform after noise con-
tamination will still contain some information about the same
speaker. Nonshared information, on the other hand, refers to
speaker features that are specific to the test speakers but not
shared between different views during contrastive learning;
Wang et al. [30] also theoretically proved that the nonshared
information cannot be ignored; otherwise, the representation
learned through contrastive learning may not be sufficient for
the downstream tasks.

A speaker embedding network optimized by contrastive
learning will also tend to ignore nonshared information be-
cause the network can never see the test speaker population
during contrastive training. An intuitive approach to reinforce
the nonshared information in the embeddings is to explicitly
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maximize the mutual information between low-level features
and segment-level embeddings. This encourages the embed-
dings to capture speaker information preserved in lower-level
representations [19], [31].

To facilitate maximal speaker separability, many investiga-
tions [32], [33], [34] have employed the NT-Xent loss, which is
essentially a variant of the cross-entropy loss integrated with a
softmax function. Nevertheless, recent findings [7], [35], [36]
suggest that while the conventional softmax-based loss can
effectively enlarge inter-class discrepancies, it is ineffective in
minimizing intra-class variations. This phenomenon implies
that the resulting features, although discriminative for closed-
set classification, are inadequate for open-set speaker recogni-
tion. Moreover, the widespread contrastive strategies empha-
size distinguishing between positive and negative pairs [37],
[38], [39], with little attention to exploring optimization ob-
jectives.

To alleviate the above challenges, we designed a speaker
verification framework to learn discriminative speaker rep-
resentations using mutual information-enhanced contrastive
learning with margin. The capability of speaker representation
is enhanced by incorporating an additive angular margin into
the supervised contrastive loss. Meanwhile, our framework
increases the mutual information between the speaker rep-
resentation and the first convolutional layer of the speaker
encoder to capture more nonshared information.

This paper substantially extends our earlier work in [40],
[41]. Firstly, the paper empirically verifies that the minimal
sufficient representation [30] is not sufficient for speaker
verification because it misses the nonshared information across
the augmented views. We maximize the mutual information
between the low-level features and utterance-level embeddings
to enhance the preservation of useful information. Our compre-
hensive experiments demonstrate that incorporating squeezed
frame-level phonetic information into the embedding extractor
consistently improves speaker verification performance. Sec-
ondly, the paper adds comprehensive analyses to investigate
the impacts of the proposed method on speaker representation.
The analyses include a detailed exploration of the angular
margin’s influence, an investigation into the impact of varying
the number of positive samples, and an analysis of alignment
and uniformity. Thirdly, we have extended our experimental
evaluations from the VoxCeleb1 dataset to encompass the
larger and more challenging VoxCeleb2 dataset. This expan-
sion ensures a more comprehensive validation of our proposed
method across different datasets. Fourthly, we investigate the
behavior of our method under low-resource scenarios using
a Cantonese dataset called CU-MARVEL. The dataset was
originally developed for dementia detection, and we repur-
posed it for speaker verification research under low-resource
conditions.

II. METHODOLOGY

We aim to develop a speaker representation network based
on contrastive learning using labeled audio data. The em-
bedding vectors should cluster together for similar speakers
and be distant apart for dissimilar speakers. To this end, for

each training batch, we apply data augmentation to create
diverse samples for each utterance in the batch. Despite
various augmentations, the embedding vectors of the same
instance should remain consistent. Conversely, embeddings
from different samples should be distinct.

As depicted in Fig. 1, an encoder network processes the
spectrograms of both the original instances and their aug-
mented samples. This process yields a set of normalized em-
beddings. At the end of this process, we maximize the mutual
information between the representation and the frame-level
embedding from the encoder. We also compute the contrastive
loss with an additive angular margin on the network’s output.

A. Representation Learning Framework

Inspired by recent contrastive learning methods, our method
aims to enhance representation learning. It maximizes the
agreement across various augmented views of the same data
via contrastive loss in the embedding space. As illustrated in
Fig. 1, the framework consists of four pivotal components.

a) Data Augmentation: For each input sample, we gen-
erated one or multiple random augmentations, denoted as
x̂i = Augmentation(xi). Each augmentation provides a
unique data perspective and comprises some of the original
sample’s information. Following the Kaldi’s recipe [42], we
employed augmentation techniques such as adding noise, mu-
sic, and chatter from the MUSAN dataset [43]. Additionally,
we generated reverberation effects by convolving the original
waveforms with room impulse responses (RIR) from the RIR
dataset [44]. We also employ speed perturbation [45].

b) Encoder Network: Our primary objective involves
training an encoder network using a labeled audio dataset
X = {x1,x2, . . . ,xn}. hθ(·) denotes the first convolutional
layer in the speaker encoder followed by global pooling,
transforms each input audio xi into a low-dimensional vector
hi = hθ (xi) ∈ RT×d, where T is the number of frames
and d represents the dimension. Both original and augmented
samples are independently fed into the same encoder, resulting
in two representation vectors hi and ĥi.

c) Projection Network: The projection network, denoted
as gϕ(·) in Fig. 1, is a shallow network with one linear output
layer responsible for transforming the encoder’s output into
a space where we apply the contrastive loss. We normalize
the network’s output to ensure the embedding vectors lie on
a unit hypersphere. This normalization enables us to estimate
distances in the projection space using inner products.

B. Recap of Supervised Contrastive Learning with Margin

1) Supervised Contrastive Learning: As shown in Fig. 2,
we explore the supervised contrastive loss, where positive
examples of a given class are contrasted with negative exam-
ples from different classes, utilizing the provided labels. We
incorporated the original and augmented speaker embeddings
into a supervised contrastive loss [40], [46]:

LSupCon =

N∑
i=1

−1

|P(i)|
∑

p∈P(i)

log
exp(sim(zi, zp)/τ)∑

a∈A(i) exp(sim(zi, za)/τ)
,

(1)
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Fig. 1: Our architecture uses additive angular margin for mutual information-enhanced supervised contrastive learning.
The encoder transforms acoustic features (MFCC or FBank) into normalized embedding vectors. Invariance occurs for the
embeddings (e.g., z1 and ẑ1) whose acoustic features (x1 and x̂1) come from the same speaker. On the other hand, embeddings
(e.g., z1 and z2) whose acoustic features (x1 and x2) belong to different speakers are far apart.
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Fig. 2: Our basic idea is illustrated by contrasting all samples
from the same class (positives) against those from other
classes (negatives) in a batch. By incorporating class label
information, we create an embedding space where similar
speakers stay close to each other while dissimilar ones are
far apart. In this example, x1 and x2 come from the same
speaker, whereas x3 comes from another speaker.

where sim(zi, zp) is the cosine similarity. In Eq. 1, zi is an
anchor, za is a negative sample, A(i) comprises the indices of
the negative samples with respect to zi, zp is a positive sample
with respect to zi, and P(i) contains the indices of positive
samples in the augmented batch (original + augmentation).
τ ∈ R+ is a scalar temperature parameter.

2) Angular Margin Based Contrastive Learning: Although
the training objective attempts to pull the representations of
similar speakers closer together and push the representations
of different speakers apart, these representations may not
be sufficiently discriminative or robust against noise. Let us
denote the cosine similarity as

cos θi,p =
z⊤
i zp

∥zi∥ ∥zp∥
, (2)

where θi,p is the angle between the embeddings zi and zp. A
similar formula applies to zi and za. The decision boundary

of zi for specific p and a is θi,p = θi,a, where p and a index
to the positive and negative samples, respectively (Fig. 3a.
A small perturbation of the embedding vectors around the
decision boundary may result in an incorrect decision if no
decision margin exists (Figs. 3b and 3c. To overcome this
problem, we advocate adding an additive angular margin m
to the decision boundary. We name the resulting objective
as supervised margin contrastive (SupMarginCon) loss [41],
which is formulated as:

LSupMarginCon =
N∑
i=1

−1

|P (i)|
∑

p∈P (i)

log
exp (cos (θi,p +m) /τ)∑
a∈A(i) exp (cos (θi,a) /τ)

.
(3)

As shown in Fig. 3d, in this loss, the decision boundary of zi
for specific p and a is θi,p + m = θi,a. The minimization
of Eq. 3 will push zi further towards the area where θi,p
decreases and θi,a increases. Therefore, adding a margin can
increase the compactness of same-speaker representations and
the divergences between the different-speaker representations.
This aid improves alignment and uniformity – two quality
measures fundamental to contrastive learning [47]. These
metrics indicate how close positive-pair embeddings are to
one another and how uniformly distributed the embeddings
are. These properties make the SupMarginCon loss more
discriminative than the conventional loss, such as the SupCon
loss (Eq. 1).

C. Leveraging Nonshared Speaker Information

In contrastive learning, the augmented views provide su-
pervision information for an anchor. For example, the input
x̂i in Fig. 1 and Fig. 2 provides a supervision signal to
xi because they come from the same utterance. The signal
plays a similar role as class labels in supervised learning [48].
The analyses in [30] suggest that in contrastive learning, the
minimal sufficient representation falls short for downstream
tasks due to the missing nonshared task-related information in
the representations. Additionally, contrastive learning tends to
produce a minimal sufficient representation (i.e., ignoring the
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Fig. 3: (3a) Without a decision margin, the decision boundary for zi is θi,p = θi,a. (3b) – (3c) A small perturbation on zp or
za but in the wrong directions can lead to incorrect decisions. (3d) SupMarginCon incorporates an additive angular margin m,
ensuring the decision boundary for zi satisfies θi,p +m = θi,a for specific positive and negative samples. With the tolerance
m, both zp and za can be subject to a larger perturbation without causing a wrong decision for zi.

nonshared information between multiple views of the same
object), thus risking overfitting the shared information across
views.

Unlike contrastive learning methods that use InfoNCE [49],
[50] to maximize the similarity between positive samples [51],
[52], [53] or the approaches that leverage mutual informa-
tion to disentangle speaker embeddings from factors such
as age and domain [54], [55], [56], our method employs
InfoNCE [50] to increase the mutual information between
low-level features and utterance-level embeddings. We extract
additional nonshared information from hi and ĥi. hi is the
output of the first convolutional layer of the speaker encoder
followed by global pooling, sharing the same dimensionality
as zi. ĥi is the augmented version of hi. We maximize the
mutual information I(zi,hi) and I(ẑi, ĥi) to enhance the
speaker information in zi and ẑi. Given the symmetry between
hi and ĥi, our objective is to maximize

I (zi,hi) + I
(
ẑi, ĥi

)
. (4)

For optimizing I (zi,hi) and I
(
ẑi, ĥi

)
, we choose the In-

foNCE as the lower bound estimates of mutual information.
Concretely, the InfoNCE lower bound is [30]

ÎNCE(z,h) = E

[
1

N

N∑
i=1

ln
p (zi | hi)

1
N

∑N
l=1 p (zl | hi)

]
, (5)

where {zl}Nl=1 are sampled from the conditional distribution
p(z|h), with hi drawn from the mini-batch, and N is the batch
size.

To compute the InfoNCE [50] lower bound, we require a
probabilistic model for p(z|h) from which N samples of z,
{zl}Nl=1, are drawn. Following [30], [57], we employ the repa-
rameterization trick during training. Specifically, we model
p(z|h) as a Gaussian distribution N (z; fθ(h), σ

2I), where σ2

is a pre-defined variance and fθ(h) is a deterministic function
implemented by a DNN parameterized by θ. Consequently,
we have z = fθ(h) + σϵ, with ϵ ∼ N (0, I). Then, ÎNCE is
equivalent to

ÎNCE(z,h) = E

[
− 1

N

N∑
i=1

ln

N∑
l=1

exp
(
−ρ ∥zl − fθ (hi)∥22

)]
,

(6)

where ρ is a scale factor. For estimating I(ẑi, ĥi), the approach
is the same. Therefore, the loss function for maximizing the
mutual information is:

LInfoNCE = −ÎNCE(z,h)− ÎNCE(ẑi, ĥi). (7)

D. Model Training

After finishing the contrastive loss minimization, the en-
coder’s parameters are typically frozen before training a linear
classification layer. However, we advocate achieving both
contrastive and classification learning simultaneously. To this
end, we introduce AAMSoftmax [7] to our classification
task, which is optimized alongside the contrastive loss during
training.

The SupMarginCon, incorporating InfoNCE loss [50], [30],
can be added to the total loss as a regularization term. The
combination can be implemented as follows:

L = LAAMSoftmax + LSupMarginCon + λLInfoNCE. (8)

We aim to enhance the sufficiency of the information in the
representations without compressing it. Additionally, we must
avoid introducing excessive nonshared information to z from
h. We utilize a coefficient λ to control this.

E. Analysis and Discussion

Our proposed SupMarginCon loss function (Eq. 3) incorpo-
rated margin into SupCon (Eq. 1). The SupCon loss leads to
an innovative contrastive approach that allows multiple posi-
tives for each anchor. Our proposed loss effectively leverages
label information in contrastive learning and derives highly
discriminative features essential for speaker verification. The
proposed supervised contrastive learning-based framework has
the following advantages:

• Generalization to arbitrary positives. Within a mul-
tiview batch, every anchor benefits from its augmented
sample and other samples with the same label, contribut-
ing to the loss function’s numerator. The supervised loss
guides the encoder to generate representations that closely
align with their respective classes, resulting in denser
speaker clusters within the embedding space.

• Enhanced contrastive capability with increased neg-
atives: As indicated by Eq. 3, the loss function has a
sum over the negatives in the denominator. As a result,
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the capability to distinguish between noise and signal is
enhanced when more negative samples are added.

• Additive margin increases discriminative power: The
additive-angular-margin supervised contrastive loss im-
proves speaker discrimination by increasing the decision
margin in the angular space.

III. EXPERIMENTS AND RESULTS

A. Implementation Details

We incorporated the proposed loss function into the models
in the 3D-Speaker toolkit [58] and evaluated them on the Vox-
Celeb [59], [60], CN-Celeb [61], [62], and CU-MARVEL [63]
datasets for speaker verification. We used various architec-
tures in the 3D-Speaker toolkit and the ERes2NetV2 ar-
chitecture [64] for the encoder. We utilized 80-dimensional
Fbank vector as input features. Our experiments incorporated
four types of data augmentations: room impulse responses,
music, background noise, and babble noise. We employ speed
perturbation [45] with scaling factors of 0.9 and 1.1. We use
mini-batches of size 1024, and for each utterance in a mini-
batch, we randomly extracted a 3-second segment. The Adam
optimizer was used. The parameter m in Eq. 3 was set to 0.2
or 0.3. The margin and scale in AAM-Softmax were set to
0.3 and 32, respectively. The contrastive learning temperature
τ was set to 0.07. For Eq. 6, σ = 0.1 and ρ = 0.05.

B. Results and Analysis

Table I presents a comprehensive evaluation of vari-
ous speaker encoders trained on VoxCeleb2 and tested on
VoxCeleb1-O, VoxCeleb1-E, and VoxCeleb1-H. Multiple ar-
chitectures including Res2Net, ResNet34, ECAPA-TDNN,
ERes2Net, CAM++, and ERes2NetV2 were evaluated across
several loss functions: Cross-Entropy, AM-Softmax, AAM-
Softmax, and our proposed loss function combining AAM-
Softmax, supervised contrastive learning with margin, and
mutual information enhancement (Eq. 8).

Across all architectures and test sets, our proposed method
consistently achieved superior performance. Specifically, the
ERes2NetV2 architecture with our proposed loss achieved
the best overall results, obtaining EERs of 0.53%, 0.66%,
and 1.21%, and minDCFs of 0.049, 0.071, and 0.121 on
VoxCeleb1-O, VoxCeleb1-E, and VoxCeleb1-H respectively.
This represents notable improvements over the baseline AAM-
Softmax loss with relative reductions of approximately 14.5%,
14.3%, and 17.1% in EER, highlighting the effectiveness of
our approach.

The results further illustrate that margin-based losses (AM-
Softmax, AAM-Softmax, and our loss) significantly outper-
form traditional cross-entropy across all tested architectures
and datasets, reinforcing the efficacy of margin-based con-
straints in speaker verification. Moreover, our approach consis-
tently outperforms standard AAM-Softmax, demonstrating the
complementary advantages provided by supervised contrastive
learning and mutual information enhancement, particularly in
the more challenging test set VoxCeleb1-H.

Our proposed method demonstrates consistent superiority
on the CN-Celeb evaluation set, achieving the best results

across all speaker encoders and loss functions. As shown in
Table II, the ERes2NetV2 architecture combined with our loss
function achieves an EER of 5.73% and a minDCF of 0.341,
outperforming the second-best AAM-Softmax baseline (6.14%
EER, 0.370 minDCF). This trend holds across all architectures,
with our method consistently reducing EER and minDCF
over traditional loss functions. The improved performance on
CN-Celeb, which includes diverse and challenging real-world
scenarios, further underscores the generalization capability of
our method. These results align with the findings on VoxCeleb,
confirming the effectiveness of our hybrid optimization strat-
egy across different datasets and evaluation protocols.

C. Comparing with Margin-based Contrastive-based Loss

To verify the effectiveness of our proposed loss function,
we compare it against several well-known contrastive learning
and margin-based methods, including AMC-loss [69], triplet
loss [11], [70], angular prototypical loss (Ang-Prototy) [71],
and CBRW-BCE [72]. AMC-Loss [69] combines traditional
cross-entropy loss with an angular margin, explicitly minimiz-
ing geodesic distances within classes and maximizing inter-
class angular separations. Triplet loss [70] is closely related to
supervised contrastive learning, representing a special case of
contrastive loss that uses exactly one positive and one negative
sample per anchor. Angular prototypical loss [71] does not
require explicit speaker identities for each utterance; instead,
positive pairs are sampled from within the same utterance
and negative pairs from different utterances. CBRW-BCE [72]
leverages a bipartite ranking method to mitigate the imbalance
of trials, integrating curriculum learning that gradually selects
harder negative samples, thus improving training stability and
model performance.

Table III summarizes the comparison results. When
ECAPA-TDNN was used as the speaker encoder, the proposed
loss achieved an EER of 0.74% and minDCF of 0.096,
significantly outperforming AMC-Loss (2.54% EER), triplet
loss (2.30% EER), angular prototypical loss (1.19% EER), and
CBRW-BCE (1.10% EER). These results demonstrate the clear
advantage of our method in terms of speaker discriminative
capability.

Table III also shows that under the AAM-Softmax loss, the
speaker encoder CAM++ [68] and ECAPA++ [73] achieve a
similar performance (0.66% and 0.65% EER, respectively) but
outperform IM-ECAPA-SimAM [74] and NeXt-TDNN [75]
(0.79% EER). Notably, when trained with our proposed loss,
CAM++ [68] can achieve an even better performance (0.59%
EER, 0.076 minDCF), surpassing both ECAPA++ [73] and
NeXt-TDNN [75], despite these two encoders are more ad-
vanced. This observation indicates that our proposed loss func-
tion can significantly enhance the performance of encoders
with simpler architectures, demonstrating its robustness and
effectiveness across different speaker encoders.

D. Ablation Study

To further understand the contributions of each component
in our proposed loss function, we conducted an ablation
study using the ERes2NetV2 architecture, shown in Table IV.
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TABLE I: Performance comparison of speaker encoders trained on VoxCeleb2 and evaluated on VoxCeleb1 test sets (VoxCeleb1-
O, VoxCeleb1-E, and VoxCeleb1-H), using various loss functions, including Cross-Entropy, AM-Softmax, AAM-Softmax, and
our proposed one (AAM-Softmax + supervised contrastive learning with margin + mutual information enhancement). The best
results are highlighted in bold.

Speaker Encoder Loss function VoxCeleb1-O VoxCeleb1-E VoxCeleb1-H
EER (%) minDCF EER (%) minDCF EER (%) minDCF

Res2Net [65]

Cross-Entropy 4.12 0.453 4.31 0.461 5.52 0.552
AM-Softmax 1.63 0.181 1.52 0.161 2.61 0.301

AAM-Softmax 1.56 0.151 1.42 0.149 2.48 0.231
Ours (Eq. 8) 1.41 0.132 1.26 0.136 2.21 0.212

ResNet34 [66]

Cross-Entropy 3.95 0.431 4.16 0.441 5.21 0.531
AM-Softmax 1.26 0.121 1.26 0.121 2.11 0.201

AAM-Softmax 1.05 0.108 1.12 0.117 1.99 0.193
Ours (Eq. 8) 0.93 0.099 0.99 0.106 1.79 0.176

ECAPA-TDNN [3]

Cross-Entropy 3.71 0.411 3.86 0.421 5.91 0.511
AM-Softmax 1.06 0.121 1.16 0.121 2.01 0.201

AAM-Softmax 0.87 0.117 0.98 0.113 1.91 0.194
Ours (Eq. 8) 0.74 0.096 0.83 0.103 1.63 0.166

ERes2Net [67]

Cross-Entropy 4.51 0.391 3.66 0.401 4.61 0.491
AM-Softmax 1.01 0.101 1.06 0.105 1.81 0.192

AAM-Softmax 0.85 0.089 0.97 0.103 1.79 0.176
Ours (Eq. 8) 0.69 0.083 0.76 0.091 1.49 0.149

CAM++ [68]

Cross-Entropy 3.31 0.371 3.46 0.381 4.31 0.471
AM-Softmax 0.71 0.095 0.91 0.101 1.61 0.181

AAM-Softmax 0.66 0.087 0.82 0.095 1.59 0.164
Ours (Eq. 8) 0.59 0.076 0.71 0.086 1.36 0.136

ERes2NetV2 [64]

Cross-Entropy 3.16 0.351 3.31 0.361 4.01 0.451
AM-Softmax 0.68 0.076 0.81 0.092 1.58 0.161

AAM-Softmax 0.62 0.055 0.77 0.083 1.46 0.144
Ours (Eq. 8) 0.53 0.049 0.66 0.071 1.21 0.121

TABLE II: The performance of the proposed and conventional
loss functions on the CN-Celeb evaluation set using different
speaker encoders. Each metric’s best result is in bold.

Speaker Encoder Loss function CN-Celeb1-Test
EER (%) minDCF

Res2Net [65]

Cross-Entropy 12.12 0.682
AM-Softmax 8.35 0.523

AAM-Softmax 7.96 0.452
Ours (Eq. 8) 7.21 0.423

ResNet34 [66]

Cross-Entropy 11.95 0.663
AM-Softmax 7.39 0.507

AAM-Softmax 6.92 0.421
Ours (Eq. 8) 6.48 0.395

ECAPA-TDNN [3]

Cross-Entropy 11.63 0.651
AM-Softmax 8.08 0.442

AAM-Softmax 8.01 0.445
Ours (Eq. 8) 7.45 0.413

ERes2Net [67]

Cross-Entropy 10.84 0.623
AM-Softmax 7.11 0.468

AAM-Softmax 6.69 0.388
Ours (Eq. 8) 5.98 0.348

CAM++ [68]

Cross-Entropy 10.51 0.602
AM-Softmax 6.93 0.451

AAM-Softmax 6.78 0.393
Ours (Eq. 8) 5.95 0.353

ERes2NetV2 [64]

Cross-Entropy 10.22 0.585
AM-Softmax 6.65 0.433

AAM-Softmax 6.14 0.370
Ours (Eq. 8) 5.73 0.341

Specifically, we evaluated the individual and combined effects
of MI (Eq. 6), SupCon (Eq. 1), and SupMarginCon (Eq. 3).

Table IV shows that incorporating MI alone with AAM-
Softmax provides a slight performance improvement, reducing
the EER from 0.65% to 0.63% on VoxCeleb1 and from
6.14% to 6.08% on CN-Celeb1. The addition of supervised

TABLE III: Performance comparison of the proposed loss
function and existing margin-based and contrastive learning
methods on VoxCeleb1-O.

Speaker Encoder Loss Function VoxCeleb1-O
EER(%) minDCF

ECAPA-TDNN [3]

AMC-Loss [69] 2.54 0.195
Triplet (semi-hard) [76] 2.30 0.185
Ang-Prototy Loss [71] 1.19 0.113

CBRW-BCE [72] 1.10 0.088
Ours 0.74 0.096

NeXt-TDNN [75] AAMSoftmax [7] 0.79 0.086
IM-ECAPA-SimAM [74] AAMSoftmax [7] 0.79 0.064

ECAPA++ [73] AAMSoftmax [7] 0.65 0.079
CAM++ [68] AAMSoftmax [7] 0.66 0.087
CAM++ [68] Ours 0.59 0.076

contrastive learning (SupCon) significantly enhanced perfor-
mance, further decreasing EER to 0.57% on VoxCeleb1 and
5.90% on CN-Celeb1. When introducing the margin into
supervised contrastive learning (SupMarginCon), additional
gains were observed, reducing the EER to 0.54% and 5.80%,
respectively. Finally, combining all three components (AAM-
Softmax, SupMarginCon, and MI) results in the best overall
performance, achieving an EER of 0.53% on VoxCeleb1 and
5.73% on CN-Celeb1, demonstrating the effectiveness of each
component and their synergistic combination.

E. Effect of Maximizing Mutual Information

We selected three classic contrastive learning mod-
els—SimCLR [77], MOCO [78], and SupCon [46] (Eq. 1)—as
our baselines to evaluate the impact of increasing the mutual
information between frame-level features and speaker embed-
dings. The results on VoxCeleb1-O and CN-Celeb1-test are
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TABLE IV: Ablation study of the proposed loss components on ERes2NetV2.

Loss Components VoxCeleb1-test CN-Celeb1-test
EER (%) minDCF EER (%) minDCF

AAM-Softmax 0.62 0.055 6.14 0.370
AAM-Softmax + MI 0.60 0.055 6.08 0.368
AAM-Softmax + SupCon 0.57 0.053 5.90 0.350
AAM-Softmax + SupMarginCon 0.54 0.050 5.80 0.345
AAM-Softmax + SupMarginCon + MI (Ours) 0.53 0.049 5.73 0.341

TABLE V: Effect of increasing mutual information on con-
trastive learning. Results are based on CN-Celeb1&2 or
VoxCeleb2-dev for training and CN-Celeb1-test or VoxCeleb1-
test for evaluation.

Model VoxCeleb1-O CN-Celeb1-test
EER(%) minDCF EER(%) minDCF

SimCLR 6.78 0.548 15.88 0.677
SimCLR+MI 6.63 0.523 15.47 0.652

MOCO 7.46 0.627 16.17 0.706
MOCO+MI 7.34 0.608 15.89 0.692

SupCon 2.07 0.238 10.44 0.597
SupCon+MI 2.02 0.231 10.26 0.583

displayed in Table V. Maximizing mutual information between
the frame-level output and the utterance-level representation
introduces nonshared information, enhancing performance no-
tably in self-supervised learning. This suggests that the shared
information between views is insufficient for speaker verifica-
tion, where enhanced mutual information leads to substantial
improvements. Previous best practices [20] have shown that
using the output of the first convolutional layer of the speaker
encoder followed by global pooling as h achieves the optimal
results. We follow this recipe in our approach. Furthermore,
its effectiveness across different contrastive learning models
indicates that our findings are broadly applicable.

F. Effect of Increasing the Role of Mutual Information

Accurately quantifying mutual information between high-
dimensional variables is challenging and frequently results
in imprecise estimations. We hypothesize that the hyper-
parameter λ plays an important role in regularizing the non-
shared information in the embedding. Specifically, a larger
λ will introduce more nonshared information across views,
enriching speaker information in the embeddings. To test this
hypothesis, we varied λ and set it to 0.001, 0.01, 0.1, 0.5,
and 1.0 and assessed the performance of the proposed loss
function (Eq. 8) using ERes2NetV2 as the speaker encoder.
Fig. 4 shows the EER against different values of λ. We
observe a non-monotonic V-shape in EER with varying λ,
suggesting that increasing mutual information consistently
enhances performance in speaker verification, but excessively
increasing mutual information could introduce noise along
with useful information.

G. Effect of Angular Margin

The angular margin m in the SupMarginCon (Eq. 3) loss
function affects the model’s ability to discriminate. To explore
this effect further, we systematically varied m from 0 to 0.5
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(a) Results are based on the VoxCeleb2-dev training and
VoxCeleb1-O test sets.
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(b) Results are based on the CN-Celeb1&2 training and CN-
Celeb1 test sets.

Fig. 4: EER with varying hyper-parameter λ in Eq. 8.

degree in increments of 0.1 degrees. When the margin m is
set to 0, SupMarginCon naturally degenerates into the SupCon
(Eq. 1). The results are shown in Fig. 5.

As shown in Fig. 5a, the model achieves optimal per-
formance on VoxCeleb1-O when m = 0.2. Fig. 5b shows
that the best performance (EER = 10.18%) on CN-Celeb is
achieved when m = 0.3. Any deviation from these optimal
values results in a performance drop. This observation aligns
with the common intuition, i.e., excessively small m causes
the contrastive objective to lose discriminative power, while
unnecessarily large m makes training difficult, causing subop-
timal embedding networks.

H. Effect of Contrastive Learning

We further validated the capability of the proposed con-
trastive learning paradigm by visualizing the embedding of 20
speakers in the VoxCeleb1. Each speaker has 100 utterances.
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Figure 1: The impact of angular margin on equal error rate
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(a) Results are based on VoxCeleb2-dev for training and
VoxCeleb1-O for evaluation.
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(b) Results are based on CN-Celeb1&2 for training and CN-
Celeb1-test for evaluation.

Fig. 5: Effect of the angular margin m in the SupMarginCon
(Eq. 3) loss on EER.

We used t-SNE to project the high-dimensional embedding
vectors to a 2D space.

Fig. 6a shows the embeddings obtained from AAMSoftmax,
while Figs. 6b, 6c, and 6d provide visualizations of SupCon,
SupMarginCon, and our loss, respectively. Figs. 6c and 6d
show that incorporating the margin makes the speaker clusters
more compact. Our loss combines AAMSoftmax, SupMargin-
Con, and MI, leveraging both the enhanced classification ca-
pability of AAMSoftmax and the distinctive feature separation
ability of SupMarginCon. This combination not only results
in tighter speaker clusters but also leads to clear boundaries
between different speakers. This enhanced clustering confirms
the effectiveness of our model in distinguishing between
different speakers and further validates the efficacy of our
proposed contrastive learning approach.

I. Effect of Number of Positives

We investigated the effect of positive samples by incremen-
tally increasing their number up to k per anchor. It is important
to ensure that these samples do not appear in the denominator
of the loss function in Eq. 3. This exclusion ensures that the
model does not consider them negative.

We utilized the ECAPA-TDNN encoder and conducted
experiments on the VoxCeleb1 dataset with a batch size of
1024. We trained the network for 300 epochs. Fig. 7 shows the
results. A noticeable trend emerges from the result: introducing

more positives consistently enhances the model’s performance.
Therefore, we conclude that more positive samples encourage
the encoder to give closely aligned representations, resulting
in compact speaker clusters in the embedding space.

J. Sensitivity of Temperature Parameter

The loss function in contrastive learning is typically con-
structed from a softmax function of feature similarities to
contrast between the positive and negative pairs, with the
similarity scaled by a temperature parameter τ (see Eq. 1).
We observe that contrastive loss, a hardness-aware function,
optimizes hard negative samples by penalizing them based on
their difficulty. The temperature parameter controls the severity
of penalties applied to the hard negatives. Specifically, a small
temperature in contrastive loss results in stronger penalties on
the hardest negative samples, promoting greater separation in
their local structure and a more uniform embedding distri-
bution. Conversely, with a large temperature, contrastive loss
becomes less responsive to hard negative samples, diminishing
its hardness-aware characteristics when the temperature ap-
proaches +∞. The hardness-aware characteristic significantly
contributes to the efficacy of softmax-based contrastive loss.
As demonstrated in Fig. 8, a temperature of 0.07 leads to
competitive SV performances.

K. Alignment and Uniformity Analysis

Alignment and uniformity are two closely related properties
in contrastive learning and serve as valuable metrics for eval-
uating the quality of representations. Specifically, alignment
refers to how an encoder generates similar representations for
similar samples. It can be quantitatively defined by calculating
the expected distance between the embeddings of positive
pairs:

ℓalign = E
x,xp∼ppos

∥f(x)− f (xp)∥22 , (9)

where ppos denotes the distribution of positive samples. Uni-
formity refers to how uniform the distribution of the embed-
ding is, which helps preserve information. It is defined as

ℓuniform = log E
x,y

i.i.d∼ pdata

e−2∥f(x)−f(y)∥2
2 , (10)

where pdata represents the distribution of all data.
To evaluate the alignment and uniformity of our method,

we conducted an assessment using the CN-Celeb dataset. For
every 10 iterations, we computed the alignment and uniformity
of SupMarginCon and compared them against the alignment
and uniformity of the original supervised contrastive learning.
The results are presented in Fig. 9. SupMarginCon consistently
enhances alignment and uniformity throughout the training
process compared to supervised contrastive learning. These
findings validate the intuition behind our approach and indicate
that incorporating margin can significantly enhance the quality
of speaker representations.
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(a) AAMSoftmax (b) SupCon (Eq. 1) (c) SupMarginCon (Eq. 3) (d) Our loss (Eq. 8)

Fig. 6: t-SNE plots of the embeddings of 20 speakers in VoxCeleb1. Each color represents one speaker. The graphs show the
speaker clustering effects produced by four different loss functions using the ECAPA-TDNN: (6a) AAMSoftmax (1st term of
Eq. 8), (6b) SupCon (Eq. 1), (6c) SupMarginCon (2nd term of Eq. 8), and (6d) our proposed loss (Eq. 8).
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(a) Results were based on VoxCeleb2 for training and
VoxCeleb1-O for evaluation.
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(b) Results were based on CN-Celeb1&2 for training and CN-
Celeb1-test for evaluation.

Fig. 7: EER versus the maximum number of positives in P(i).
Adding more positives reduces EER.

L. Low-resource Scenario

We investigated the behavior of our loss under a low-
resource scenario. To this end, we applied our proposed loss
on an ERes2NetV encoder using the CU-MARVEL dataset,
a Cantonese dataset for dementia detection [63]. It comprises
280 speakers with the majority of audio recordings shorter than
2 seconds. We repurposed the dataset for speaker verification,
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(a) Results are based on VoxCeleb2-dev for training and
VoxCeleb1-test for evaluation.
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(b) Results are based on CN-Celeb1&2 for training and CN-
Celeb1-test for evaluation.

Fig. 8: EER versus the temperature parameter τ in the loss
function in Eq. 3. The results are based on an ERes2NetV2
speaker encoder optimized by minimizing the total loss in
Eq. 8 with λ = 0.1.

and the statistics of CU-MARVEL are shown in Table VI.
Table VII presents the performance and the conventional

methods on CU-MARVEL version 0915. When using the
ERes2NetV2 encoder with Fbank features, applying data
augmentation and utilizing the AAMSoftmax loss function
results in an EER of 6.80% and a minDCF of 0.74. When
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Fig. 9: The alignment and uniformity of SupCon (Eq. 1) and SupMarginCon (Eq. 3). (9a) lalign measures the alignment between
positive pairs. (9b) lUniformity measures the uniformity of the embedding distribution. For both metrics, a lower value indicates
better performance.

TABLE VI: Statistics of CU-MARVEL.

Data Split # of Speakers # of Utterances # of Trials
Train 280 206,034 N/A
Test 53 43,319 400,000

TABLE VII: The performance of the proposed loss and
conventional losses on CU-MARVEL. Fbank features were
used as the input to an ERes2NetV2 speaker encoder.

Loss Function EER(%) minDCF
AAMSoftmax 6.80 0.74
SupCon 5.95 0.72
SupMarginCon 5.72 0.71
SupMarginCon + MI 5.63 0.70
SupMarginCon + MI + AAMSoftmax (Ours) 4.98 0.67

we employed the SupCon loss function, we observed a
significant performance improvement, achieving an EER of
5.95% and a minDCF of 0.72. When we sequentially add
margin and mutual information, performance improves with
each addition. We noted that under low-resource conditions,
contrastive learning loss outperforms classification-based loss.
We attribute this performance gain to the training objectives.
Speaker verification is an open-set task where a limited
number of utterances are insufficient to train a robust classifier
for unseen samples. However, the goal of contrastive learning
is to enhance discriminative ability, which allows it to perform
better on unseen test datasets under insufficient training data
scenarios.

IV. CONCLUSIONS

We introduce a supervised contrastive learning framework
designed to learn discriminative speaker representations. Our
approach incorporates mutual information into contrastive
learning, enhancing speaker-related information. We use an
angular margin to improve the discriminative power of the con-
trastive learning loss. These enhancements improve speaker
representation learning. The experimental results from CN-
Celeb, VoxCeleb, and CU-MARVEL show that both tech-
niques significantly enhance the performance of the speaker

encoder in contrastive learning. On the low-resource CU-
MARVEL dataset, our contrastive learning method even out-
performs the classification loss.
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