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Abstract
This paper seeks to explore orthogonal training in end-to-end
speaker verification (SV) tasks. In various end-to-end speaker
verification systems, cosine similarity has been used as the dis-
tance measurement for speaker embeddings. However, the ef-
fectiveness of cosine similarity is based on the assumption that
the dimensions of the speaker embeddings are orthogonal. In
our previous orthogonal training work, we have shown that in
SV systems with cosine similarity backend, introducing orthog-
onality on the weights in speaker-discriminative deep neural
networks can significantly improve the system performance. In
this paper, we introduce two orthogonality regularizers to end-
to-end speaker verification systems. The first one is based on the
Frobenius norm, and the second one utilizes restricted isometry
property. Both regularization methods can be handily incorpo-
rated into end-to-end training. We build systems based on the
state-of-the-art end-to-end models. Two network architectures,
LSTM and TDNN, are used in order to investigate the effects of
orthogonality regularization on different types of models. Sys-
tems are assessed on the Voxceleb corpus and significant gains
are obtained with our new regularized orthogonal training.

1. Introduction
Speaker verification (SV) is the process of verifying whether
an utterance belongs to the claimed speaker, based on some
enrolled reference utterances. The typical speaker verification
process has three stages: training, enrollment and evaluation.
The training stage aims to learn a low-dimensional embedding
rich in speaker information, and a scoring function for comput-
ing similarity between embeddings. The enrollment stage is to
estimate a speaker model for every new speaker using a lim-
ited amount of his/her utterances. Finally the evaluation stage
is to score unknown utterances against estimated speaker mod-
els. The unknown utterance is considered to be produced by the
claimed speaker if the evaluation score is above a pre-defined
threshold, but is rejected otherwise. Speaker verification can
be categorized in to text-dependent and text-independent. The
text-dependent SV system requires the same set of phrases for
enrollment and test, while the text-independent system has no
constraints on the spoken content for enrollment and test.

Hybrid systems have been the dominant solutions to SV
tasks over the years. They usually consist of multiple modules.
The speaker embeddings can be learned from i-vectors [1], hy-
brids of i-vector and deep neural networks (DNNs) [2, 3, 4, 5],
or purely speaker discriminative neural networks [6, 7, 8]. The
scoring function is commonly built with a probabilistic linear
discriminant analysis (PLDA) classifier [9].

In these hybrid systems, each module is optimized with re-
spect to its own target function, which is usually not the same
as the final system metrics. Moreover, speaker verification is

an open-set classification problem. It needs to handle unknown
speakers that are not contained in the training dataset, so the
generalization ability of the system is important. Recently more
and more SV systems are trained in an end-to-end fashion.
Compared to the hybrid system, end-to-end system simplified
the training pipeline and is optimized in a more consistent man-
ner. Besides, it enables learning a task-specific metric during
the training stage. In SV tasks, the metric is usually aimed to
minimize intra-speaker variations and maximize inter-speaker
differences, which can help the system generalize to unseen
speakers in the verification stage.

End-to-end training has been widely used in text-dependent
SV tasks. [10] presented an integrated approach that maps a test
utterance and a few enrollment utterances directly to a single
score. It used long short-term memory recurrent neural net-
works (LSTMs) or DNNs to learn the speaker embeddings, co-
sine similarity to measure the distant between embeddings and
a simple logistic regression layer to produce the final output. In
both training and verification stages, one test utterance together
with N enrollment utterances were fed to the network as an in-
put sample. The network first produced speaker embeddings for
all the utterances, and estimated a target speaker model by aver-
aging over the enrollment embeddings. Then cosine similarity
was computed between the test utterance and the target speaker
model. Finally the logistic regression layer took this similarity
score as input and output a score indicating the probability the
the test utterance is spoken by the target speaker. [11] improved
the work in [10] by adapting the attention mechanism in the
target speaker model estimation step. [12] used a similar frame-
work, but convolutional neural networks (CNNs) were used to
learn speaker embeddings. Besides, it incorporated phonetic in-
formation as additional input features. [13, 14, 15] extended the
end-to-end training to text-independent tasks. In [13, 14], deep
CNNs and LSTMs were used to learn speaker embeddings, and
triplet loss [16, 17] was adopted to optimize the whole system.
The training of triplet loss based system requires non-trivial
triplet sampling schemes. [15] proposed a generalized end-to-
end loss based on [10]. It made the training more efficient and
did not require any special training examples selection.

In the above mentioned end-to-end systems, all the loss
functions try to minimize the distance between embeddings
from the same speaker and maximize the distance between em-
beddings from different speakers. Most of them use the simple
cosine distance [10, 11, 12, 15]: the cosine of the angle between
two embedding vectors measures the distance between two em-
beddings. The major underlying assumption for the effective-
ness of the cosine similarity measure is that the embeddings
space is orthogonal. In our previous work, we have shown that
introducing orthogonality of weights in speaker discriminative
neural networks can significantly improve the effectiveness of
cosine similarity measurements in hybrid SV systems.
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In this work, orthogonal training is further explored in end-
to-end SV systems. In addition, we propose two orthogonality
regularizers: the first one is based on the Frobenius norm, and it
requires the Gram matrix to be close to the identity. The second
one utilizes restricted isometry property and aims to minimize
the largest singular value of the Gram matrix.

The proposed regularizers are evaluated on different types
of end-to-end SV systems: LSTM-based and time-delay neu-
ral network (TDNN)-based, building from frameworks in [15].
System performance is assessed on Voxceleb corpus. Experi-
mental results show that orthogonality regularizations can sig-
nificantly improve the performance. Besides, they can be di-
rectly incorporated into end-to-end training loss without much
extra work.

The rest of this paper is organized as follows. Section 2 in-
troduces the end-to-end loss and two neural network structures
used in this work. Section 3 introduces orthogonal training and
two orthogonality regularizers. We discuss the experiments in
Section 4 and analyze the results in Section 5. Section 6 con-
cludes the paper.

2. End-to-end System
Generalized end-to-end (GE2E) loss for speaker verification is
proposed in [15]. It greatly improves system performance, and
also makes the training of end-to-end SV systems more effi-
cient. In this work we built two systems trained with GE2E
loss, one used LSTM network for speaker representation lean-
ing, and the other used TDNN instead.

2.1. GE2E loss

In our system, one mini-batch consists of N × M utterance,
meaning N different speakers and M utterances from each
speaker. Let xij (1 ≤ i ≤ N , 1 ≤ j ≤ M ) represents the
acoustic feature vector computed from the whole utterance j of
speaker i. Each input xij is fed to the neural network, and the
network produces a corresponding embedding vector eij . The
centroid of the embedding vectors ci from the i-th speaker [ei1,
· · · , eiM ] is defined as

ci =
1

M

M∑

j=1

eij . (1)

The similarity matrix Sij,k is defined as the scaled cosine
distances between each embedding vector eij to all centroids
ck (1 ≤ i, k ≤ N , 1 ≤ j ≤M ):

Sij,k = w · cos(eij , ck) + b, (2)

where w and b are trainable parameters. The weight w is con-
strained to be positive so that the similarity will be larger when
cosine distance is larger.

During the training, we want each utterance embedding eij

to be close to its own speaker’s centroid ci, while far away from
other speakers’ centroids ck, k 6= i. Here we put a softmax on
Sij,k for k = 1, · · · , N , we want the output equals to 1 only
when i = k, and 0 otherwise. Thus the loss on each eij is
defined as:

L(eij) = −Sij,i + log
N∑

k=1

exp(Sij,k). (3)

The final GE2E loss LG is the summation of losses over all
embedding vectors:

LG =
∑

i,j

L(eij). (4)

In practice, it is found that when computing the similarity
Sij,i between embedding eij and its own speaker centroid ci,
it’s better to remove eij when computing the centroid ci, so Eq.
2 is actually implemented as:

Sij,k =

{
w · cos(eij , c

(−j)
i ) + b, if k = i

w · cos(eij , ck) + b, otherwise
(5)

c
(−j)
i =

1

M − 1

M∑

m 6=j

eim, (6)

2.2. Neural network structure

We explored two types of neural networks in this work. The
LSTM-based system uses a 3-layer LSTM with projection [18].
Each LSTM layer has 768 hidden nodes and the projection size
is 256. After processing the input utterance, only the last frame
output from LSTM is kept as the summary of the whole utter-
ance.

The TDNN-based system uses the same TDNN structure
as in Kaldi’s x-vector model [7]. The configuration is depicted
in Table 1, where T represents the length of the input speech
segments.

Table 1: The architecture of TDNN.

Layer Layer Context Total Context Input × Ouput
frame1 [t-2, t+2] 5 200×512
frame2 {t-2, t, t+2} 9 1536×512
frame3 {t-3, t, t+3} 15 1536×512
frame4 {t} 15 512×512
frame5 {t} 15 512×1500

stats pooling [0,T) T 1500T×3000
segment6 {0} T 3000×512
segment7 {0} T 512×256

The embedding vector is computed as the L2 normalization
of the network output.

3. Orthogonality Regularizations
Imposing orthogonality on linear transformations has been
widely explored in deep convolutional neural networks (CNNs)
and deep recurrent neural networks (RNNs). An important
property of orthogonal matrices is that they preserve gradient
norm during back-propagation. Therefore encouraging orthog-
onality on linear transformations can help solve the gradient
vanishing or exploding problem when training very deep neural
networks or networks with long term dependencies. [19, 20]
also show that orthogonal weights can stabilize the distribu-
tion of layer activations in CNNs, and make optimization more
efficient. Various work have explored gradient stability, con-
vergence and training speed of orthogonal training/initialization
techniques [21, 22, 23, 24].

Orthogonality regularizations have been applied in many
classification problems [22, 24, 25, 26] and obtained encour-
aging improvements. In our previous work, we investigated or-

18



thogonal training in the hybrid SV system with a cosine sim-
ilarity backend. We found that enforcing orthogonality on the
weight matrices in the speaker-discriminative neural network
greatly improve the system performance. The reason is that it
makes the speaker embedding space orthogonal and thus im-
proves the effectiveness of the cosine similarity backend.

In this work, we explore the orthogonality regularization in
end-to-end SV systems. We introduce two regularizers in this
section, which can be applied to any fully-connected layers.

3.1. Soft orthogonality regularization

Suppose a fully connected layer has weight matrix W ∈
Rm×n. One straightforward way to impose orthogonality on
matrices can be done via a soft constraint of the form:

λ ‖WTW − I ‖2, (7)

where λ is the regularization coefficient and ‖ · ‖ represents
standard Frobenius norm. Soft orthogonality regularization re-
quires the Gram matrix of W to be close to identity. The gra-
dient of soft orthogonal regularization term w.r.t the weight W
can be computed in a stable form. So this regularization term
can be directly added to the original loss function and optimized
together.

3.2. Spectral restricted isometry property regularization

The restricted isometry property (RIP) [27] characterizes ma-
trices which are nearly orthonormal and is widely used in the
field of compressed sensing. [25] takes an extreme case of RIP
and makes a new criterion that enforces matrix to be close to
orthogonal. The new criterion can be formulated as:

∣∣∣∣
‖Wz ‖2
‖ z ‖2 − 1

∣∣∣∣ < δW,∀z ∈ Rn, (8)

where δW ∈ (0, 1) is a small constant, and z ∈ Rn is an n-
dimensional vector.

In order to enforce the orthogonality of W, we wish to min-
imize the constant δW in Eq.8, which equals to minimize the
supremum of

∣∣∣ ‖Wz‖2
‖z‖2 − 1

∣∣∣. Since the spectral norm of W is
defined as:

σ(W) = sup
z∈Rn,z6=0

‖Wz ‖2
‖ z ‖2 , (9)

where σ(·) represent the spectral norm and sup(·) means the
supremum of a set, the spectral norm of WTW − I can then
be written as:

σ(WTW − I) = sup
z∈Rn,z6=0

∣∣∣∣
‖Wz ‖2
‖ z ‖2 − 1

∣∣∣∣ . (10)

Therefore, the criterion finally equals to minimize the spec-
tral norm of WTW − I.

The spectral restricted isometry property regularization is
formulated as:

λ · σ(WTW − I), (11)

where λ is the regularization coefficient. It requires all singular
values of W to be close to 1.

Since the spectral norm of a matrix equals to its largest
singular value, computing regularization term Eq.11 requires
eigenvalue decomposition, and resulting in non-stable gradi-
ents. Power iteration is thus used to approximate the spectral

norm computation [28, 25]:

u← (WTW − I)v

v← (WTW − I)u

σ(WTW − I)← ‖ v ‖‖ u ‖ .
(12)

In our experiments, we randomly initialize the vector v ∈ Rn

and the above iterative procedure is performed two times.

3.3. Regularization coefficient schedule

The choice of regularization coefficient plays an important role
in the training process as well as final system performance. We
investigate two schedules:

• Constant: keep a constant coefficient (λ = 0.1) through-
out the training stage.

• Decreasing: start with λ = 0.2, and gradually reduce λ
to 0.

For the LSTM-based systems, the maximum number of training
epochs is set to 100. The λ is reduced to 1e-2, 1e-4, 1e-6 after
20, 40, 60 and 80 epochs, respectively, and it is set to 0 after 80
epochs. For the TDNN-based systems, the maximum number
of training epochs is set to 50. The λ is reduced to 1e-2, 1e-4,
1e-6 after 10, 20, 30 and 40 epochs, respectively, and it is set to
0 after 40 epochs.

4. Experiments
4.1. Training data

The training data consists of 133,778 utterance from 1,211
celebrities from the training set of Voxceleb1[29], which are
extracted from YouTube videos. Each person in the corpus has
18 videos on average. Each of these videos has been split into
approximately 123 short speech utterances of an average du-
ration of 8.2 seconds. The four data augmentation techniques
described in [7], namely, babble, music, noise, and reverb are
applied to increase the amount of training data and to improve
the robustness of the system. The clean data, together with the
augmented data are used as the training set, and 10% of them
are held out for validation during training.

The input acoustic features are 40-dimensional filterbank
coefficients with a frame length of 25ms that are mean-
normalized over a sliding window of up to 3 seconds. An
energy-based VAD is employed to filter out non-speech frames
from the utterances.

4.2. Evaluation

System performance is assessed on the Voxceleb1 evaluation
set. The test set consists of 4715 utterance from 40 speak-
ers. System performance is reported in terms of equal error rate
(EER) as well as the normalized detection cost function (DCF)
at PTarget = 0.01 (DCF2) and PTarget = 0.001 (DCF3).

4.3. Training scheme

In all the experiments we use N = 64 speakers and M = 8
segments per speaker in each batch. We also tried with M =
10 segments per speaker, and the performance is similar to the
system trained with M = 8. We finally choose M = 8 mainly
due to the concern of our GPU memory capacity. To generate
one batch, we first randomly sample 64 speakers, then sample
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8 segments for each speaker from all his/her utterances. The
segment length are randomly sampled from [140, 180] for every
batch, following the settings in [15].

The network is trained with SGD with initial learning rate
of 0.01, and the rate is decreased by half if the loss on validation
set increases for 2 epochs. The training will be terminated if the
validation loss does not decrease for 6 epochs. The weight de-
cay is set to 1e-5 and the momentum is set to 0.8. The L2-norm
of a gradient is clipped at 10 [30]. Dropout is also used and its
probability [31] is set to 0.8 when training LSTM networks.

In this work, we apply the orthogonality constraints on the
weight matrix of speaker embedding producing layer; i.e., the
last projection layer in LSTM-based systems, and layer seg-
ment7 in TDNN-based systems. Since the bias will disrupt the
orthogonality, we use a linear layer without bias for speaker em-
bedding producing layer.

5. Results
The overall results on two types of end-to-end systems are sum-
marized in Table 2 and Table 3. Regularizer ‘None’ means no
orthogonality regularization is employed during training, i.e.,
a baseline system. SO represents the use of soft orthogonality
regularization and SRIP represents the use of spectral restricted
isometry property regularization introduced in Section 3.1 and
Section 3.2, respectively. Two regularization coefficient sched-
ules, Constant and Decreasing, are discussed in Section 3.3.

Table 2: Results of orthogonality regularization with LSTM-
based systems on Voxceleb.

Regularizer λ schedule EER(%) DCF2 DCF3
None None 2.35 0.311 0.428
SO Constant 1.99 0.289 0.482
SO Decreasing 1.98 0.279 0.427

SRIP Constant 2.17 0.275 0.434
SRIP Decreasing 1.89 0.249 0.346

Table 3: Results of orthogonality regularization with TDNN-
based systems on Voxceleb.

Regularizer λ schedule EER(%) DCF2 DCF3
None None 2.12 0.245 0.408
SO Constant 2.09 0.279 0.425
SO Decreasing 1.83 0.221 0.342

SRIP Constant 1.95 0.230 0.390
SRIP Decreasing 1.85 0.229 0.333

5.1. Results on LSTM-based systems

Table 2 compares the performance of various LSTM-based sys-
tems. To summarize, SRIP regularization outperforms SO as
well as the baseline system without any regularization with re-
markable performance gains; i.e., 20% improvements in EER,
DCF2 and DCF3 compared to the baseline. SO regularization
improves the system performance in terms of EER and DCF2
under both λ schedules, but no gain is obtained in DCF3. The
best system with SO regularization obtained 16% improvement
in EER, 10% improvement in DCF2 and similar performance in
DCF3 compared to the baseline system. Besides, the decreas-
ing schedule of λ performs better than constant schedule for
both regularizers. The systems trained with constant λ schedule
have worse performance in terms of DCF3, and the decreasing
schedule is effective under all the 3 evaluation metrics.
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Figure 1: DET curves for LSTM-based systems.

We plot DET curves for the baseline and the best LSTM-
based system trained with SRIP regularization and decreasing
λ schedule in Figure 1.

5.2. Results on TDNN-based systems

Table 3 compares the performance of various TDNN-based sys-
tems. The SRIP regularization gives consistent improvement
when trained with different λ schedules. Even when λ was kept
constant throughout the training stage, it still achieves 8%, 6%
and 4% improvement in EER, DCF2 and DCF3, respectively.
The best system is obtained with SRIP regularization and de-
creasing λ schedule, and it is 12% better in EER and 18% better
in DCF3 when compared to the baseline.

Unlike its performance in LSTM-based systems, SO reg-
ularization can be beneficial to TDNN-based systems. When
trained with decreasing λ schedule, the system is 14% better
in EER, 9% better in DCF2 and 16% better in DCF3 than the
baseline.

We plot the DET curves for the baseline and two of the best
TDNN-based systems trained with 2 regularizers and decreas-
ing λ schedule in Figure 2.

The performance of SRIP regularizer trained under differ-
ent schedules on TDNN-based systems is consistent with that
on LSTM-based systems. In most cases, SRIP regularizer pro-
vides improvements and it is a better choice than SO. For the
regularization coefficient training schedules, gradually reduc-
ing λ in the training stage leads to better system performance in
all cases.

5.3. System performance comparison

Performance of our systems and other recent studies using the
VoxCeleb dataset are compared in Table 4. Systems in the first
part of the table use only development set of Voxceleb for train-
ing. [33] adopts attentive pooling into the X-vector framework
and acheives the best EER of 3.85%. [35] proposes an end-
to-end speaker verification system that starts directly from raw
waveforms. The system comprises two DNNs, one for speaker
embedding extraction and the other for back-end classification,
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Table 4: System performance comparison on VoxCeleb.
Training Data Architecture EER(%)

Nagrani et al.[29] Voxceleb VGG-M 7.8
Hajibabaei et al.[32] Voxceleb ResNet-20 + Additive margin loss 4.3

Okabe et al.[33] Voxceleb TDNN + Attentive pooling 3.85
Shon et al.[34] Voxceleb 1D-CNN 5.9
Jung et al.[35] Voxceleb RawNet + Center loss + Between-class variation loss 4.0
Heo et al.[36] Voxceleb ResNet-34 + Between-class variation loss + End-to-end loss 5.5

Chung et al.[37] Voxceleb2 ResNet-50 3.95
Heo et al.[36] Voxceleb2 ResNet-34 + Between-class variation loss + End-to-end loss 2.66

Zeinali et al.[38] Voxceleb2 ResNet-160 + Additive angular margin loss 1.31
Kaldi recipe[39] Voxceleb + Voxceleb2 X-vector 3.13

Ours Voxceleb TDNN + GE2E 2.12
Ours Voxceleb TDNN + GE2E + Orthogonality regularizer 1.83
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Figure 2: DET curves for TDNN-based systems.

it achieves an EER of 4.0%. [36] proposes two end-to-end loss
functions, one is to conduct hard negative mining, and the other
is designed to increase the inter-speaker variation. The inter-
speaker variation loss is the sum of non-diagonal elements of
the Gram matrix of last hidden layer weight matrix. It is simi-
lar to the soft orthogonality regularizer in this paper. The main
difference is that, the inter-speaker variation loss only requires
the weight vectors to be orthogonal to each other, while the soft
orthogonality regularizer has an additional constraint that the
Frobenius norm of each weight vector should be close to 1. The
additional constraint provides normalization on weight vectors,
it can avoid the norm of certain weight vectors become too large
when the training data has some level of class imbalance, and
thus improve the effectiveness of cosine similarity.

Systems in the second part of the table are trained on larger
training datasets, Voxceleb2 or its combination of Voxceleb.
The standard X-vector framework in Kaldi acheives an EER of
3.13%. [38] proposes various advanced architectures and loss
functions, and the EER of its best single system is 1.31%.

Our baseline systems with GE2E loss have surpassed all the
previous systems trained on Voxceleb dataset, with an EER of
2.12%. By introducing orthogonality regularization terms, the
EER is further reduced to 1.83%.

5.4. Effect of orthogonality regularizations

To explore the effect of orthogonality regularization during
training, we plot the validation loss curves in Figure 3 and Fig-
ure 4. The validation loss here is the GE2E loss, indicating the
discriminability of the system.

Figure 3 shows the validation loss curves for all the LSTM-
based systems. Notice that the actual number of training epochs
is different for different systems. As described in Section 4.3,
it is because we set the maximum number of training epochs to
100, and stop training if the validation loss does not decrease
for 6 consecutive epochs. From the validation loss curves we
can see that all the regularizers accelerate the training process
in the early training stage, and maintain at lower loss throughout
training compared to the baseline. In general, SRIP regulariza-
tion achieves lower validation loss than SO regularization, and
this finding is consistent with their system performance. Be-
sides, for both regularizers, training with a constant λ leads to
more training epochs and lower final loss. However, according
to the results reported in Table 2 and 3, training with a decreas-
ing λ schedule always results in better performance. One pos-
sible reason is that at the final training stage, changes of model
parameters are very small and it’s more like a fine tuning phase.
Keeping the same regularization strength throughout training
might be overly strict at this stage. By decreasing the coeffi-
cient λ, we loosen the orthogonality constraint and allow the
model parameters having more flexibility in the final stage, thus
leading to better system performance.
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Figure 3: Validation loss curves during training of LSTM-based
systems.
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Figure 3 shows the validation loss curves for all the TDNN-
based systems. Compared to the LSTM-based models, TDNN-
based systems converge much faster and can achieve lower loss.
Systems trained with orthogonality regularization have lower
validation loss in the final training stage, but the gap is much
smaller than that in LSTM-based systems. In general, from the
validation loss curves, we do not see clear differences or char-
acteristics between regularizers and their training schemes. We
conjecture that we should train the TDNN-based system with
more batches in each epoch. In the current training scheme,
we randomly sample 2500 batches in every epoch and use them
to train the systems. Since one batch has 64 speakers and 8
segments from each speaker, we have around 1 million seg-
ments trained in one epoch, and the segment length ranges from
1.4 to 1.8 seconds. Compared to the standard x-vector training
scheme, which takes 2-5 million segments with lengths ranging
from 2-4 seconds to train one epoch, the amount of data used in
training our TDNN-based systems is much smaller.
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Figure 4: Validation loss curves during training of TDNN-based
systems.

6. Conclusion
We introduced two orthogonality regularizers in training end-
to-end text-independent speaker verification systems. The first
one is based on the Frobenius norm. It requires the Gram ma-
trix to be close to the identity. The second regularizer aims to
minimize the largest singular value of the Gram matrix based on
the restricted isometry property. We tried different regulariza-
tion coefficient training schedules and investigated their effect
on the training stage as well as the evaluation performance. SV
systems in this work are all built with the generalized end-to-
end loss. Two different neural network architectures, LSTM
and TDNN, were investigated in order to explore the effective-
ness of orthogonality regularization under different model struc-
tures. All the systems were evaluated on the Voxceleb corpus.
We find that spectral restricted isometry property regularization
performs best in all the cases, and achieves, in the best case,
20% improvement under all the criteria. Moreover, both reg-
ularizers can be easily combined into the original training loss
and optimized together with little computation overhead.

In our current experiments, we only incorporated orthogo-
nality regularization on the weight matrix of the speaker em-
bedding producing layer. It is worth trying with more layers. In
the future, we will investigate other orthogonality regularization

methods and other model architectures.
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