926

IEEE SIGNAL PROCESSING LETTERS, VOL. 25, NO. 7, JULY 2018

Additive Margin Softmax for Face Verification
Feng Wang , Jian Cheng , Weiyang Liu, and Haijun Liu

Abstract—In this letter, we propose a conceptually simple and intuitive learning objective function, i.e., additive margin softmax, for
face verification. In general, face verification tasks can be viewed
as metric learning problems, even though lots of face verification
models are trained in classification schemes. It is possible when a
large-margin strategy is introduced into the classification model
to encourage intraclass variance minimization. As one alternative,
angular softmax has been proposed to incorporate the margin. In
this letter, we introduce another kind of margin to the softmax loss
function, which is more intuitive and interpretable. Experiments
on LFW and MegaFace show that our algorithm performs better
when the evaluation criteria are designed for very low false alarm
rate.
Index Terms—Deep learning, face verification, metric learning.

I. INTRODUCTION
ACE verification is widely used for identity authentication
in numerous areas, such as finance, military, public security, etc. Nowadays, most face verification models are built upon
deep convolutional neural networks and supervised by classification loss functions [11], [20], [21], [23] or metric learning
loss functions [15], [18], [19]. Metric learning loss functions
usually require sample mining strategies and the final performance largely depends on these strategies, so increasingly more
researchers focus their attentions on improving classification
loss functions [11], [21], [23].
Current prevailing classification loss functions are mostly
based on the widely used softmax loss. The softmax loss is good
at optimizing the interclass variance, but is unable to reduce the
intraclass variation. To address this, many new loss functions are
proposed to minimize the intraclass variation. In [23], Wen et al.
proposed to add a regularization term to penalize the feature-tocenter distances. In [14], [17], [21], researchers proposed to use
a scale parameter to control the “temperature” [3] of the softmax
loss, producing higher gradients to the well-separated samples
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to further shrink the intraclass variance. In [11] and [12], Liu
et al. introduced an angular margin to push the classification
boundary closer to the weight vector of each class. Liu et al.
[11] also provided a theoretical guidance of training a metric
learning model using classification loss functions.
To better understand our algorithm, we will first give a
brief review of the original softmax and the angular softmax
(A-Softmax) loss [11]. The formulation of the original softmax
loss is given by
1
eW y i f i
log c
LS = −
T
n i=1
eW j f i
n

T

j =1

n
1
eW y i f i cos(θ y i )
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where f is the input of the last fully connected layer, Wj is the
jth column of the last fully connected layer. WyTi fi is also called
as the target logit [16] of the ith sample.
In the A-Softmax loss, the authors proposed to normalize the
weight vectors (making Wi  to be 1) and generalize the target
logit from fi cos(θy i ) to fi ψ(θy i )
1
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where ψ(θ) is usually a piecewise function defined as follows:
ψ(θ) =

(−1)k cos(mθ) − 2k + λcos(θ)
1+λ
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θ∈
,
m
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(3)

where m is an integer larger than 1 and λ is a hyperparameter to
control how hard the classification boundary should be pushed.
During training, λ is annealing from 1000 to a small value to
make the angular space of each class more and more compact.
In their experiments, they set the minimum value of λ to be 5
and m = 4, which is approximately m = 1.5 (see Fig. 1).
In this letter, we propose a novel and more interpretable way
to import the angular margin into the softmax loss. We formulate an additive margin via cos θ − m, which is simpler than
[11] and yields better performance. From (3), we can see that
m is multiplied to the target angle θy i , so this type of margin
is incorporated in a multiplicative manner. Since our margin is
a scalar subtracted from the cosθ, we call our loss function additive margin softmax (AM-Softmax). Another recent additive
margin form is described in [8], which is based on the original
softmax, whereas ours is based on NormFace [21]. Recently
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Fig. 1. ψ(θ) for conventional softmax, A-Softmax [11] and our proposed
hard margin softmax. For A-Softmax, we plot the logit curve for three parameter sets. From the curves we can infer that m = 4, λ = 5 lies between
conventional softmax and A-Softmax with m = 2, λ = 0, which means it is
approximately m = 1.5. Our proposed AM-Softmax with optimized parameter
m = 0.35 is also plotted and we can observe that it is similar with A-Softmax
with m = 4, λ = 5 in the range [0◦ , 90◦ ], in which most of the real-world
θs lie.

Fig. 2. Conventional softmax’s decision boundary and AM-Softmax’s decision boundary. For conventional softmax, the decision boundary is at P 0 , where
W 1T P 0 = W 2T P 0 . For AM-Softmax, the decision boundary for class 1 is at P 1 ,
where W 1T P 1 − m = W 2T P 1 = W 1T P 2 . Note that the distance marked on this
figure does not represent the real distances. The real distance is a function of
the cosine of the angle, whereas in this figure, we use the angle as the distance
for better visualization effect. Here we use the word “center” to represent the
weight vector of the corresponding class in the last inner-product layer, even
though they may not be exactly the mean vector of the features in the class. The
relationship between the weight vector “agent” and the features’ mean vector
“center” is described in [21, Fig. 6].

two concurrent works [1], [22] also shows the effectiveness of
additive margin based on softmax loss function.
Experiments on LFW BLUFR protocol [9] and MegaFace [6]
show that our loss function achieves better results than the current state-of-the-art approaches on the evaluation criteria with
very low false alarm rate (FAR), e.g., 1e−4 on BLUFR or 1e−6
on MegaFace.
II. ADDITIVE MARGIN SOFTMAX
In this section, we will first describe the definition of the
proposed loss function. Then, we will discuss about the intuition
and interpretation of the loss function.

Fig. 3. Feature gradient norm w.r.t. the feature norm for softmax loss with and
without feature normalization. The gradients are calculated using the weights
from a converged network. The feature direction is selected as the mean vector
of one selected target center and one nearest class center. Note that the y-axis
is in logarithmic scale for better visualization. For softmax loss with feature
normalization, we set s = 30. That is why the intersection of these two curves
is at 30.

the loss function is
A. Definition
Compared with ψ(θ) defined in A-Softmax [11] (3), our definition is more simple and intuitive, given by
ψ(θ) = cosθ − m.

(4)
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During implementation, the input is actually x = cos θy i =
W yTi f i
W y i f i  ,

so the forward propagation is
Ψ(x) = x − m.

(5)

Since we use cosine as the similarity to compare two face
features, we follow [14] and [21] to apply both feature normalization and weight normalization to the inner product layer in
order to build a cosine layer. Then, we scale the cosine values
using a hyperparameter s as suggested in [14] and [21]. Finally,

T

esW j

fi

. (6)

In this letter, we assume that the norm of both Wi and f are
normalized to 1 if not specified. In [21], Wang et al. propose
to let s to be learned through backpropagation. However, after
the margin is introduced into the loss function, we find that s
will not increase and the network converges very slowly if we
let s to be learned. Thus, we fix s to be a big value, e.g., 30, to
accelerate the optimization.
During training, m is linearly increased from 0 to the target
margin value. This annealing strategy was proposed in [12] and
has been empirically proven to be effective to avoid network
divergence.
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Fig. 4. Feature distribution visualization of several loss functions. Each point on the sphere represents one normalized feature. Different colors denote different
classes. For SphereFace [11], the hyperparameter is almost the most harsh one we can set. When λ is set below 0.5, the model starts to degrade and some of the
classes are mixed up. The accuracies of these models are also provided. Note that the feature dimension is set to only 3 and those loss functions are not designed
for classification except for softmax loss. The accuracies here are not comparable with state-of-the-art models.

B. Discussion
1) Geometric Explanation: Our margin scheme has a clear
geometric meaning on the hypersphere manifold. In Fig. 2, we
draw a schematic diagram to show the decision boundary of both
conventional softmax loss and our AM-Softmax. The decision
boundary for softmax loss is a d − 2 dimensional hyperplane on
d − 1 dimensional hypersphere in d-dimensional feature space.
For example, in Fig. 2, the features are of two dimensions. After
normalization, the features are on a one-dimensional (1-D) circle
and the decision boundary P0 is a 0-D point. In this condition,
we have W1T P0 = W2T P0 at the boundary P0 .
For our AM-Softmax, the boundary becomes a marginal region. At the new boundary P1 for class 1, we have W1T P1 − m =
W2T P1 . If we assume that all the classes have the same intraclass variance and the boundary for class 2 is at P2 , we can
get W1T P1 − m = W1T P2 . Thus, m = W1T (P1 − P2 ), which
means that the margin m is actually the width of the marginal
region.
2) Angle Margin or Cosine Margin: In SphereFace [11], the
margin m is multiplied on θ, thus we call this kind of margin as
multiplicative margin. In our proposed loss function, the margin
is subtracted from cos θ. We call our margin form as additive
margin. Someone may find that despite the operation, these
two margin forms are different in the base values, one is θ and
another is cos θ. So the question comes, whether to use the angle
margin or the cosine margin?
Our answer is that it depends on which similarity measurement (or distance) the final loss function is optimizing.
Obviously, our modified softmax loss function is optimizing the cosine similarity, not the angle. This may not be a
problem if we are using the conventional softmax loss because the decision boundaries are the same in these two forms
(cos θ1 = cos θ2 ⇒ θ1 = θ2 ). However, when we are trying to
push the boundary, we will face a problem that these two similarities (distances) have different densities. Cosine values are
more dense when the angles are near 0 or π.
If we want to optimize the angle, an arccos operation is
necessary after W T f is gotten.
3) Feature Normalization: In the SphereFace model [11],
the authors added the weight normalization based on large margin softmax [12], leaving the feature still not normalized. Our
loss function, same with [14], [17], [21], applies feature normalization and uses a global scale factor s to replace the samplespecific feature norm in SphereFace [11]. So whether add the
feature normalization or not?

TABLE I
EFFECT OF OVERLAP REMOVAL ON MODIFIED RESNET-20

Our answer is that it depends on the image quality. In [17,
Fig. 1], we can see that the feature norm is highly correlated
with the quality of the image. Note that backpropagation has a
property that
y=

x
α

⇒

dy
1
= .
dx
α

(7)

Thus, after normalization, features with small norms will get
much bigger gradient compared with features that have big
norms (see Fig. 3). By backpropagation, the network will pay
more attention to the low-quality face images, which usually
have small norms. Its effect is very similar with hard sample
mining [10], [18]. The advantages of feature normalization are
also revealed in [13]. As a conclusion, feature normalization is
the best suitable for tasks whose image quality is very low.
From Fig. 3, we can see that the gradient norm may be extremely big when the feature norm is very small. This potentially
increases the risk of gradient explosion, even though we may
not come across many samples with very small feature norm.
Maybe some re-weighting strategy whose feature-gradient norm
curve is between the two curves in Fig. 3 could work better. This
is an interesting topic to be studied in the future.
4) Feature Distribution Visualization: To better understand
the effect of our loss function, we designed a toy experiment to
visualize the feature distributions trained by several loss functions. We used Fashion MNIST [24] to train several seven-layer
CNN models, which output 3-D features. The state-of-the-art
results on this dataset are similar with Cifar-10 dataset [7], but it
is much easier to train CNN models on it. After we got the 3-D
features, we normalize and plot them on a two-sphere (ball) in
3-D space (see Fig. 4).
From the visualization, we can intuitively conclude that our
AM-Softmax performs similarly with the best SphereFace [11]
(A-Softmax) model when we set s = 10 and m = 0.2. Moreover, our loss function can further shrink the intraclass variance
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TABLE II
PERFORMANCE ON MODIFIED RESNET-20 WITH VARIOUS LOSS FUNCTIONS

Note: Forcenter loss [23] and NormFace [21], we used modified ResNet-28 [23] because we failed to train a model using center loss on modified ResNet-20 [11] and the
NormFace model was fine-tuned based on the center loss model. In this table, “VR” is short for verification rate and “FN” is short for feature normalization. Bold values are
the highest scores among the tested loss functions.

by setting a bigger m without performance degradation, while
A-Softmax starts to degrade when λ < 0.5.
III. EXPERIMENT
A. Implementation Details
Our loss function is implemented using Caffe framework [5].
We follow all the experimental settings from [11], including
the image resolution, preprocessing method, and the network
structure.
Specifically speaking, we use MTCNN [26] to detect faces
and facial landmarks in images. Then, the faces are aligned
according to the detected landmarks. The aligned face images
are of size 112 × 96, and are normalized by subtracting 128 and
dividing 128. Our network structure follows [11], which is a
modified ResNet [2] with 20 layers.
All the networks are trained from scratch. We set the weight
decay parameter to be 5e−4. The batch size is 256 and the learning rate begins with 0.1 and is divided by 10 at the 16k, 24k, and
28k iterations. The training is finished at 30k iterations. During
training, we only use image mirror to augment the dataset.
In the testing phase, we feed both frontal face images and
mirror face images and extract the features from the output of
the first inner-product layer. Then, the two features are summed
together as the representation of the face image. When comparing two face images, cosine similarity is utilized as the
measurement.
B. Dataset Overlap Removal
The dataset we use for training is CASIA-Webface [25],
which contains 494 414 training images from 10 575 identities. To perform open-set evaluations, we carefully remove the
overlapped identities between training dataset (CASIA-Webface
[25]) and testing datasets (LFW [4] and MegaFace [6]). Finally,
we find 17 overlapped identities between CASIA-Webface and
LFW, and 42 overlapped identities between CASIA-Webface
and MegaFace set1. Note that there are only 80 identities in
MegaFace set1, i.e., over half of the identities are already in the

training dataset. The effect of overlap removal is remarkable
for MegaFace (see Table I). To be academically rigorous, all
the experiments in this letter are based on the cleaned dataset.
We have made our overlap checking code publicly available1
to encourage researchers to clean their training datasets before
experiments.
Since we know that most of previous works did not remove
the duplicated identities sufficiently, we select some previous
loss functions and re-train them on the cleaned dataset as the
baselines for comparison.
C. Effect of Hyperparameter m
There are two hyperparameters in our proposed loss function,
one is the scale s and another is the margin m. The scale s has
already been discussed sufficiently in several previous works
[14], [17], [21]. In this letter, we directly fixed it to 30 and will
not discuss its effect anymore.
The main hyperparameter in our loss function is the margin
m. In Table II, we list the performance of our proposed AMSoftmax loss function with m varies from 0.25 to 0.5. From the
table, we can see that from m = 0.25 to 0.3, the performance
improves significantly, and the performance become the best
when m = 0.35–0.4.
We also provide the result for the loss function without feature normalization (noted as w/o FN) and the scale s. As we
explained before, feature normalization performs better on lowquality images, such as MegaFace [6], and using the original
feature norm performs better on high-quality images, such as
LFW [4].
IV. CONCLUSION
In this letter, we propose to import a margin strategy to the
target logit of softmax loss with feature and weight normalized.
We also provide a geometric explanation to analyze the decision
boundary for both softmax and our AM-Softmax. Experiment
shows that our loss function performs better than A-Softmax
[11] on BLUFR [9] and MegaFace [6].
1 https://github.com/happynear/FaceDatasets
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