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ABSTRACT

The challenges in applying contrastive learning to speaker
veri cation (SV) are that the softmax-based contrastive loss
lacks discriminative power and that the hard negative pairs
can easily in uence learning. To overcome the rst challenge,
we propose a contrastive learning SV framework incorporat-
ing an additive angular margin into the supervised contrastive
loss in which the margin improves the speaker representa-

tion's discrimination ability. For the second challenge, Werjg 1. ||lustration of our basic idea. An embedding space
introduce a class-aware attention mechanism through whicQ jeared in which the same-speaker pairs stay close to each
hard negative samples contribute less signi cantly to the Sugther while different-speaker pairs remain far apart. For sim-

pervised contrastive loss. We also employed gradient-basegjicity, we only illustrate three speaker pairs.
multi-objective optimization to balance the classi cation and

contrastive loss. Experimental results on CN-Celeb and Vox-

celebl show that this new learning objective can cause the egyts them into negative pairs. The goal is to pull the embed-
coder to nd an embedding space that exhibits great speakefings in the positive pairs closer together and push those in
discrimination across languages. the negative pairs apart. Many studies [7—9] used the NT-Xent

Index Terms— Speaker veri cation; contrastive learn- 0SS, a variant of the cross-entropy loss with a softmax func-

ing; additive angular margin; attention mechanism; multi-tion, to achieve this goal. However, recent studies [10-12]
objective optimization have demonstrated that the traditional softmax-based loss is

effective in optimizing the inter-class difference but not as ef-
fective in reducing the intra-class variation. As a result, the
1. INTRODUCTION learned features are discriminative for closed-set classi ca-
o ) ) tion but insuf cient for open-set speaker recognition. Also,
Speaker veri cation (SV) requires learning a speaker repremost contrastive approaches focus on determining the pos-
sentation through which utterances are encoded as xed-sizgg\e and negative pairs and improving the learning frame-
embedding vectors. Similar speakers will have their embedyork [13-15]. The optimization objective is seldom explored.
ding vectors close, whereas different speakers will have their A hard sample is de ned as one for which the deep learn-
embedding vectors far apart. For SV tasks, contrastive re'?ﬁg model struggles to accurately predict the label. However,

resentation learning, such as InstDisc [1], SIMCLR [2], andy 5 sample mining methods used in prior studies [16] do
MoCo [3], are natural ts to this requirement. These meth-p o account for hard negative samples. Therefore, incorporat-

ods aim to discover representations by maximizing the Cor,, har negative samples during training may lead to a higher
cordance among various augmentations or views of the Samginin loss due to the presence of potential outliers,
instance in a latent space.

Contrastive learning has attracted growing attention [4—6
in the SV community. The technique considers the augmente,
“views” of an utterance to be spoken by the same person an
put them into positive pairs. It treats different utterances an
their augmented views to be spoken by different speakers aria

To alleviate the above challenges, we propose a frame-
ork for learning discriminative speaker representations via
lassAwareAttention-base@€ontrastive learning wittMar-
in, CAAMarginCon. We incorporate an additive angular
argin into the supervised contrastive loss, which increases
e discrimination capability of the speaker representation
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ignore very hard negatives. In addition, we employed groblem, we propose a new training objective for speaker rep-
multi-objective optimization technique to balance the classiresentation learning by adding an additive angular margin
cation loss and contrastive loss. Fig. 1 illustrates our ideaWe name iSupervisedMargin Contrastive (SupMarginCon)
from a high-level perspective. Experiments conducted otoss, which can be formulated as follows:

CN-Celeb1&2 and VoxCelebl demonstrate the superiority of

the proposed model over the standard ones. In addition, wleSupMarginCon
conducted an ablation study to determine the contributions of y 1 X
different components of the proposed loss function. —

p €Xp (cos (ip + M) =)

= POI e aza(i) €XP(cos(ia) =)
2. METHODOLOGY 3)
In this loss, the decision boundary zof for speci ¢ p anda
Our objective is to train an audio-based feature embeddin ip + M = ia, Which pusheg; further towards the area

network using labeled audio. Similar speakers' embeddingvhere , decreases and., increases. Therefore, adding
vectors should be close, whereas those of dissimilar speaR-margin can increase the compactness of same-speaker rep-
ers should be far apart. We performed data augmentation orresentations and the disparity between the different-speakers
batch of input samples to produce an augmented batch. Undegpresentations. This aid results in improved alignment and
various augmentations, the embedding vectors derived fromniformity [19] — two quality measures fundamental to con-
the same instance should remain unchanged; on the othiastive learning. These measures indicate how close positive-
hand, the embeddings from different instances should be digair embeddings are to one another and how uniformly dis-
tinct. As illustrated in Fig. 2, an encoder network receivedributed the embeddings are. In addition, the decision bound-
the spectrograms of both types of instances (the originals araty leaves an additional margin from the boundary,, +
their augmentations) as input and generates normalized e = 5, Which is frequently employed during inference,
beddings as output. At the network's output, an attentionmaking the boundary more noise-tolerant and resilient. All of
based class-aware contrastive loss with additive angular maihese properties make the SupMarginCon loss more discrim-
gin is computed. inative than the conventional loss, such as the SupCon loss
(Eq. 1).
2.1. Angular Margin-based Contrastive Learning
2.2. Class-Aware Attention
We incorporated the original and augmented speaker embed-

dings into a supervised contrastive loss [17,18]: As indicated in [20, 21], hard samples can easily in uence
sample mining, resulting in a suboptimal local minimum for

L suocon = P N1 P | Jog B SXR(sIMziiZp)=) . the trained modeI: Usually, we pay more attention to more
P =P 2P0 aza (i) XP(SIM(Zi:22)= i challenging negatives; however, some of them may be out-
where sinfzi: z,) is the cosine similarity. In Eq lz-(is) Iiers. To determine the relationship between speeeh_embed-
an anchor,zl'ispa negative samplé (i) is. an index set of dings and their c!asses, we compute the compatibility be-
negative sarzinples with respect1n z is a positive sample tween an embedding vector and its class vector. The dot prod—
; : LA ..~ uct of the two vectors can be used to measure their compati-
with respect taz;, andP (i) contains the indices of positive ility [22]
sample? i_n the augmented batch (original + augmentation). We aeply a classi cation branch after the speech embed-
.2 .R IS a _scalar temperature parameter. Al.thOUQh '.[hedings to learn the class vectors. The class vectors are trainable
training objective attempts to pull the representations of sim-

. .~ and can be updated by gradient descent. Dehm;tgle as
ilar speakers closer together and push the representatlonst r}ec class vectors. In our cas€, is the number of speak-

different speakers apart, these representations may not be SUl5 in a mini-batch. For utteranceandj , we compute their

ciently discriminative or r.esment. to noise. class-aware attention (CAA) score:
Let us denote the cosine similarity as

oy o exp(zy cy, ) . @)
i p i [ N C > ’
Rk (2) )

_ ) wherey; is the class label of; . Through gradient descent,
where i, is the angle between the embeddingand zp,. fcgS., will be able to represent tH@ classes.
The decision boundary of; for specic p andais i, =
i-a » Wherep anda are indexes to positive and negative sam-,
ples, respectively. A tiny perturbation of embedding vectors™
around the decision boundary may result in an incorrect corAfter nishing the optimization via the contrastive loss, xing
clusion if no decision margin is present. To overcome thighe encoder's parameters is typically required before training

3. Multi-objective Optimization for Weighted Loss



Fig. 2. The proposed architecture leverages additive angular margin and class-aware attention for supervised contrastive learn-
ing. CAA aims to address the impact of hard negative samples.

a linear classi cation layer. However, we advocate achieving 3. EXPERIMENTS AND RESULTS
both contrastive and classi cation tasks simultaneously. To
this end, we introduce AAMSoftmax [11] to our classi ca- 3.1. Implementation Details
tion task, which is optimized alongside the contrastive Iosz§Ne adopted 80-dimensional Fbank as the input features. We
during training. We employed gradient-based mUIti'Ob]eCt'Veutilized SpecAugment [24] on the log-mel spectrograms .We
optimizatiop [.23] to perform this muti-task Ie'ar.ning. Th?s ap'daugmented the original utterances with noise, music, ch'atter,
proach optw_ngs a proxy objective to minimize a weighte and reverberation effects. Our training process was divided
linear comblnatlon of losses. N into three stages using 200, 400, and 600 frames. The Adam
Following AAMSoftmax [11], we expressvy zi =  ,hqgGD optimizers were used interchangealys a scalar
kwy, Kkzikcos y, as the dot product between the classp,ameter, and we set the marginto 0.2. We set the to
weight of they; -th training speaker and the embeddng 35 The minj-batch size ranges between 512 and 4096. The
of thei-th utterance. Here, the class weighy, is the weight oo ciive learning temperaturavas set to 0.07.
vector corresponding to clagsat the last layer of the classi-
er, y; is the speaker label af, and , is the angle between
wy, andz;. We x the norm of class weights and embedding
vectors to 1 bylz-normalization and re-scale it & We pro-  \We conducted experiments on CN-Celeb1&2 and Voxceleb1.
pose a class-aware attention margin contrastive softmax f@or each metric, the best and the second-best are highlighted
supervised embedding learning by combining AAMSoftmaxin bold and underline, respectively. The evaluation results are
and SupMarginCon: shown in Table 1, from which we can see that CAAMargin-
Con outperforms the previous approaches.

3.2. Results and Analysis

LcaaMargincon =

X + : .
Wl log exp(s COS-,:( L m)) Table 1. The experimental results of the CAAMarginCon and
iz eXp(s cos(y, + m))+ L6, €XP(S COS )  conventional methods on the CN-Celeb evaluation set.
1 X exp(cos(ip + M) ip=) Network Loss Function EER(%) minDCF
2 — log P P Lp P~ . DisSpk-1 [25] Cross Entropy 11.15 0.56
iy P 02P () aza(i) €XP(COs(ia) ia=) DisSpk-2 [25] Cross Entropy ~ 11.52 0.55
(5) DisSpk-3 [25] Cross Entropy 11.27 0.55
. . . ETDNN [26] Softmax 10.30 0.55
where i, is the CAA score of pa|(gi ; z_p) and 5 is t_he HNN [26] Softmax 918 050
CAA score of pair(z;;z,). By considering the centroid of MSHNN [26] Softmax 9.05 0.48
Z, instead ofz, itself, we can scale down the contribution of ENSEMBLE [26] Softmax 8.94 0.48
the hard negatives in Eq. 5 via the CAA scores in Eq. 4. This ~ TPNN-ASP [27] BCE&GE2E[28]  9.90 0.56
. is lossh h ina th ResNet34|  RAM-Softmax [12] 11.05 N/A
is becausey, is lesshard when compared @,. Using the  gcapa-TpNN-1 [27] AAMSoftmax [11]  10.54 0.58
same reasoning, Eq. 5 will pay less attention togasyposi- ECAPA-TDNN-2 [27] AAMSoftmax [11] 9.51 0.56
tive because i, is less than 1.0 even#, is almost identical =~ ECAPA-TDNN-3 [27] AAMSoftmax [11] 8.93 0.50
ECAPA-TDNN [29] | CAAMarginCon (ours) 8.66 0.48

to z;.



Although ENSEMB and MSHNN [26] achieve the same  Table 4 shows that CAAMarginCon is superior on Vox-
minDCF as ours, our EER is lower than theirs. Zestg celebl. The EER and minDCF of Softmax (cross-entropy)
al. [27] proposed an excellent attention-based backend blpss is the highest, suggesting that the additive angular mar-
employing scaled-dot self-attention and feedforward selfgin contributes signi cantly to the performance improvement.
attention networks that learn the relationships among the

enrollment utterances. The different classi cation results Table 4. The in uence of loss functions on VoxCeleb.

of ECAPA-TDNN in [27] were caused by the fact that this Encoder Loss Function EER(%) minDCF
method uses different backends for evaluating similarity. Cross Entropy 772 0.70
Our proposed model performs better than the discrimina- AMSoftmax [10] 5.03 0.48
tive speaker embedding with serialized multilayer multi-head ECAPA-TDNN [29] | RAMSoftmax [12] 5.18 0.47
attention in [25] because our model is equipped with a dis- AAMSoftmax [11] 2.96 0.30
CAAMarginCon 2.85 0.29

criminative margin and pays less attention to the hard negative
samples.

We also explored the performance induced by the CAA- We explored the importance of CAA and margin by re-

MarginCon loss on VoxCelebl. The results are shown in Tal VN9 One component at a time from the CAAMarginCon

ble 2. We can see that CAAMarginCon enables our networkSS: For simplicity, we set the batch _size to 512, and ran for
to perform on par with or better than many state-of-the-ar?00 gpochs. Table 5 shows thaf[ adding amargin to SupCon
systems can improve performance. Similarly, adding CAA can also

improve performance; when the two are combined, the per-
formance is the best.

Table 2 The experimental results of the proposed CAA-
MarginCon and conventional methods on the VoxCeleb1 evaffable 5. The in uence of CAA and Margin on CAAMargin-

uation set. The training set is VoxCeleb1-dev.

Con. Results are based on CN-Celeb1&2 or Voxcelebl-dev

Network Loss Function EER(%) minDCF  fqr training and CN-Celeb1-test or Voxcelebl-test for evalua-
MACCIF-TDNN [30] | AAM-softmax [11] 3.60 036 oo
ECAPA-TDNN [31] | Triplet(semi-hard) [20] 3.37 0.22 * . - =
ECAPA-TDNNLite [32] | AAM-softmax [11] 3.00 0.32 Loss EECS (yce'ebl. tgsctF EE\é°§/°e'9b1. thCtF

ECAPA-TDNNLite [32] |  AAM-softmax [11] 2.96 0.31 _ (%) min (%) min

ECAPA-TDNN [29] |  AAM-softmax [11] 2.96 0.30 CAAMarginCon 10.31 0.61 0.46

ECAPA-TDNN [29] | CAAMargCon (ours) 2.85 0.29 w/o Margin 10.22 0.64 0.46

w/o CAA 10.39 0.62 411 0.46

w/o CAA and Margin| 11.03 0.66 4.32 0.47

We also performed experiments on Voxceleb to explore
the effect of the CAA and margin. As shown in Table 5, both
To verify the effectiveness of the proposed loss function, wean improve the model's performance. But unlike the perfor-
used different loss functions but kept the encoder the sam#&iance on CN-Celeb, the effect of the CAA module is not so
As seen from Table 3, our proposed contrastive loss achievégmarkable. We conjecture that Voxceleb has less noise than
the best performance, demonstrating the robustness of otite CN-Celeb, i.e., fewer outliers. The CAA module has more
proposed model across language. In addition to the crossontribution to performance under challenging conditions.
entropy loss, CAAMarginCon has a decision margin. It can
be seen that the losses with a decision margin are much bet-
ter than the ordinary softmax (cross-entropy) loss. Compared
to AAMSoftmax, CAAMarginCon is superior because of theIn this work, we propose CAAMarginCon, a supervised
class-aware attention mechanism. This indicates that a betteontrastive learning framework for learning discriminative
strategy for mining negative samples can improve the discrimspeaker representations. CAAMarginCon incorporates an an-
inative power of networks trained with contrastive objectivesgular margin and a class-aware attention mechanism into the
supervised contrastive loss. We optimized the classi cation
and contrastive tasks using a gradient-based multi-objective
optimization method. The experimental results of CN-Celeb
and VoxCelebl demonstrate that both techniques bring sub-

3.3. Comparing Loss Functions

4. CONCLUSIONS

Table 3. The in uence of loss functions on CN-Celeb.

Encoder Loss Function EER(%) minDCF vea
Cross Entropy  16.07 0.82 Stantialimprovement.
AMSoftmax [10] 13.39 0.71
ECAPA-TDNN [29] | RAMSoftmax [12] 13.25 0.72 5. REFERENCES
AACI\QSA?\?Z::;%E';]] 887672 % [1] Zhirong Wu, Yuanjgn Xipng, Stella X Yu., apd Dahua'Lin: “.Uns'uper-'
: : vised feature learning via non-parametric instance discrimination,” in




(2]

(3]

(4]

(5]

(6l

(7]

(8]

El

(10]

(11]

(12]

(13]

(14]

(15]

(16]

Proceedings of the IEEE Conference on Computer Vision and Patterfl7]
Recognition2018, pp. 3733-3742.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hin-
ton, “A simple framework for contrastive learning of visual representa-
tions,” in Proc. International Conference on Machine Learni2§20,

pp. 1597-1607.

Kaiming He, Haogi Fan, Yuxin Wu, Saining Xie, and Ross Girshick,
“Momentum contrast for unsupervised visual representation learning,”

in Proceedings of the IEEE/CVF Conference on Computer Vision and19l
Pattern Recognition2020, pp. 9729-9738.

Yanxi Tang, Jianzong Wang, Xiaoyang Qu, and Jing Xiao, “Contrastive
learning for improving end-to-end speaker veri cation,”Rmoc. Inter-
national Joint Conference on Neural Networks (IJCN2O21, pp. 1-7.

(18]

[20]

Haoran Zhang, Yuexian Zou, and Helin Wang, “Contrastive self-
supervised learning for text-independent speaker veri cationPric.

IEEE International Conference on Acoustics, Speech and Signal Pro[21]
cessing2021, pp. 6713-6717.

Yuhao Zhang, Hongji Zhu, Yongliang Wang, Nan Xu, Xiaobo Li, and
Bingiang Zhao, “A contrastive framework for learning sentence repre-
sentations from pairwise and triple-wise perspective in angular space(?2]
in Proceedings of the 60th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Paper&p22, pp. 4892-4903.

Yuanmeng Yan, Rumei Li, Sirui Wang, Fuzheng Zhang, Wei Wu, and[23]
Weiran Xu, “Consert: A contrastive framework for self-supervised sen-
tence representation transfeaf’Xiv preprint arXiv:2105.117412021.

John Giorgi, Osvald Nitski, Bo Wang, and Gary Bader, “DeCLUTR: [24]
Deep contrastive learning for unsupervised textual representations,” in
Proceedings of the 59th Annual Meeting of the Association for Com-
putational Linguistics and the 11th International Joint Conference on

Natural Language Processing (Volume 1: Long Pape28p1, pp. 879—  [25]
895.

Tianyu Gao, Xingcheng Yao, and Dangi Chen, “SimCSE: Simple con-
trastive learning of sentence embeddings,’Pimoceedings of the 2021  [26]

Conference on Empirical Methods in Natural Language Processing
2021, pp. 6894-6910.

Feng Wang, Jian Cheng, Weiyang Liu, and Haijun Liu, “Additive mar-
gin softmax for face veri cation,1EEE Signal Processing Lettergol.
25, no. 7, pp. 926-930, 2018.

Jiankang Deng, Jia Guo, Niannan Xue, and Stefanos Zafeiriou, “Arc-
face: Additive angular margin loss for deep face recognition,Plio-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition 2019, pp. 4690-4699. (28

Lantian Li, Ruigian Nai, and Dong Wang, “Real additive margin soft-
max for speaker veri cation,” ifProc. IEEE International Conference
on Acoustics, Speech and Signal Process?0@2, pp. 7527-7531. [29]

Zhengyang Chen, Shuai Wang, and Yanmin Qian, “Self-supervised
learning based domain adaptation for robust speaker veri cation,” in
Proc. IEEE International Conference on Acoustics, Speech and Signal
Processing2021, pp. 5834-5838. [30]

Mufan Sang, Haoqi Li, Fang Liu, Andrew O Arnold, and Li Wan, “Self-
supervised speaker veri cation with simple siamese network and self-
supervised regularization,” iRroc. IEEE International Conference on
Acoustics, Speech and Signal Processiip2, pp. 6127-6131.

Wei Xia, Chunlei Zhang, Chao Weng, Meng Yu, and Dong Yu, [31]
“Self-supervised text-independent speaker veri cation using prototypi-
cal momentum contrastive learning,” froc. IEEE International Con-
ference on Acoustics, Speech and Signal Procesg®@{l, pp. 6723—
6727.

Hailin Shi, Yang Yang, Xiangyu Zhu, Shengcai Liao, Zhen Lei, Weishi
Zheng, and Stan Z Li, “Embedding deep metric for person re-
identi cation: A study against large variations,” Proc. ECCV 2016,

pp. 732-748.

(27]

(32]

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong
Tian, Phillip Isola, Aaron Maschinot, Ce Liu, and Dilip Krishnan, “Su-
pervised contrastive learning,Advances in Neural Information Pro-
cessing Systemeol. 33, pp. 18661-18673, 2020.

Zhe Li and Man-Wai Mak, “Speaker representation learning via con-
trastive loss with maximal speaker separability,”Hroc. Asia-Paci c
Signal and Information Processing Association Annual Summit and
Conference (APSIPA AS(X022, pp. 962-967.

Tongzhou Wang and Phillip Isola, “Understanding contrastive rep-
resentation learning through alignment and uniformity on the hyper-
sphere,” inProc. International Conference on Machine Learni2§20,

pp. 9929-9939.

Florian Schroff, Dmitry Kalenichenko, and James Philbin, “FaceNet: A
uni ed embedding for face recognition and clustering,Aroceedings

of the IEEE Conference on Computer Vision and Pattern Recognition
2015, pp. 815-823.

Yin Cui, Feng Zhou, Yuanging Lin, and Serge Belongie, “Fine-grained
categorization and dataset bootstrapping using deep metric learning
with humans in the loop,” ifProceedings of the IEEE Conference on
Computer Vision and Pattern Recognitj@916, pp. 1153—-1162.

Saumya Jetley, Nicholas A Lord, Namhoon Lee, and Philip HS Torr,
“Learn to pay attention,” ifProc. International Conference on Learn-
ing Representation018.

Ozan Sener and Vladlen Koltun, “Multi-task learning as multi-
objective optimization,” Advances in Neural Information Processing
Systemgsvol. 31, 2018.

Daniel S Park, William Chan, Yu Zhang, Chung-Cheng Chiu, Barret
Zoph, Ekin D Cubuk, and Quoc V Le, “SpecAugment: A simple data
augmentation method for automatic speech recognitionPrac. In-
terspeech2019, pp. 2613-2617.

Hongning Zhu, Kong Aik Lee, and Haizhou Li, “Discriminative
speaker embedding with serialized multi-layer multi-head attention,”
Speech Communicatipwol. 144, pp. 89-100, 2022.

Jahangir Alam, Woo Hyun Kang, and Abderrahim Fathan, “Hybrid
neural network-based deep embedding extractors for text-independent
speaker veri cation,” inProc. The Speaker and Language Recognition
Workshop (Odyssey 2022022, pp. 33-40.

Chang Zeng, Xin Wang, Erica Cooper, Xiaoxiao Miao, and Junichi Ya-
magishi, “Attention back-end for automatic speaker veri cation with
multiple enroliment utterances,” iRroc. IEEE International Confer-
ence on Acoustics, Speech and Signal Process6g82, pp. 6717-
6721.

] Li Wan, Quan Wang, Alan Papir, and Ignacio Lopez Moreno, “Gen-

eralized end-to-end loss for speaker veri cation,” Rnoc. |IEEE In-
ternational Conference on Acoustics, Speech and Signal Processing
(ICASSP)2018, pp. 4879-4883.

Brecht Desplanques, Jenthe Thienpondt, and Kris Demuynck,
“ECAPA-TDNN: Emphasized channel attention, propagation and ag-
gregation in TDNN based speaker veri cation,” Rroc. Interspeech
2020, pp. 3830-3834.

Fangyuan Wang, Zhigang Song, Hongchen Jiang, and Bo Xu,
“MACCIF-TDNN: Multi aspect aggregation of channel and context in-
terdependence features in tdnn-based speaker veri cationPrag.
IEEE Automatic Speech Recognition and Understanding Workshop
(ASRU) 2021, pp. 214-219.

Zhongxin Bai, Jianyu Wang, Xiao-Lei Zhang, and Jingdong Chen,
“End-to-end speaker verication via curriculum bipartite ranking
weighted binary cross-entropy,IEEE/ACM Transactions on Audio,
Speech, and Language Processingl. 30, pp. 1330-1344, 2022.
Qingjian Li, Lin Yang, Xuyang Wang, Xiaoyi Qin, Junjie Wang, and
Ming Li, “Towards lightweight applications: Asymmetric enroll-verify
structure for speaker veri cation,” ifProc. IEEE International Con-
ference on Acoustics, Speech and Signal Proces2®2, pp. 7067—
7071.



