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* One of the main challenges for feature representation in deep learning-based classification is
the design of appropriate loss functions that exhibit strong discriminative power.

* The classical softmax loss does not explicitly encourage discriminative features.

* A popular direction of research is to incorporate margins in well-established losses.

* We explain the margin-based losses by formulating it as learning towards the largest margins.
* In this work, we introduce two measures: class margin and sample margin.

* The loss function should promote the largest possible margins for both classes and samples.

* Furthermore, we derive a generalized margin softmax loss to draw general conclusions for the
existing margin-based losses, which can also guide the design of new tools, including sample
margin reqularization and largest margin softmax loss for class-balanced cases, and zero-
centroid reqularization for class-imbalanced cases.



The Softmax Loss “5 ICLR

* With a Labeled dataset D = {(x;, y;)}\-,, the softmax loss for a k-classification problem is

formulatedas

L1 = exp(Wy,z) 1i - exp(lwy, I, il cos Biy,)
= N . 0og = N, og
1=1 i=1

k
T-1exp(w/ z;) i1 exp(||lwj]l Izl cos 6;))

* where z; = ¢g(x;) € R? (usually k < d + 1) is the learned feature representation vector , ¢g
denotes the feature extraction sub-network, W = (w, ..., w;,) € R4*k denotes the linear
classifier which is implemented with a linear layer at the end of the network, 6;; denotes the
angle between z; and wj, and [|-||; denotes the Euclidean norm, where wy, ..., wy can be
regarded as the class centers or prototypes. For simplicity, we use prototypes to denote the
weight vectors in the last layer.

Theorem 0. Ve € (O, %), if the domain of wy, ..., wy, z¢, ..., Zy i R%, then there exist prototypes

that achieve the infimum of the softmax loss and have the class margin ¢.



Class Margin “5 ICLR

| = MNIST CIFAR-10 CIFAR-100
For the prototypes w , o, Wi € R , We define the class margin 1.3
1 k

as the minimal pairwise angle distance, i.e.,

T 1.225
Wi W]

Kk .
m.({w;}i=;) = min £(w;, w;) = arccos | max ,
C( . ) t#] v t#] ||Wi||2||Wj”2 1.15
where £(w;, w;) denotes the angle between the vectors w; and 1
w;. Notice that we omit the magnitudes of the prototypes in
the definition, since the magnitudes tend to be very close. 1
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Figure 1: The curves of ratio between
maximum and minimum magnitudes
of prototypes on MNIST and CIFAR-
10/-100 using the softmax loss. The
ratio is roughly close to 1 (< 1.3).
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— MNIST CIFAR-10 CIFAR-100
For the prototypes wy, ..., wy, € R4, we define the class margin 13

as the minimal pairwise angle distance, i.e.,

T 1.225
Wi W]

Kk .
m.({w;}i=;) = min £(w;, w;) = arccos | max ,
C( . ) t#] v t#] ||Wi||2||Wj”2 1.15
where £(w;, w;) denotes the angle between the vectors w; and 1

w;. Notice that we omit the magnitudes of the prototypes in
the definition, since the magnitudes tend to be very close. 1
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To obtain better inter-class separability, we seek the largest , ,
Figure 1: The curves of ratio between

class margin, which can be formulated as maximum and minimum magnitudes
ma}cx m, ({Wi i'(=1) = ma}cx min L(Wl-, Wj) : of prototypes on MNIST and CIFAR-
Wiki—q witiz, %) 10/-100 using the softmax loss. The

ratio is roughly close to 1 (< 1.3).
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« W perform £, normalization to effectively restrict the prototypes on the unit sphere $¢~1.
Under this constraint, the maximization of the class margin is equivalent to the configuration
of k points on S¢~1 to maximize their minimum pairwise distance:

arg max min £Z(w;, w;) = arg max ”Wl — W]”
{Wl}k csd-1 ] {Wl}l 1C§d 1

 The right-hand side is well known as the k —points best-packing problem on spheres, whose

solution leads to the optimal separation of points. And the best-packing problem turns to be

the limiting case of the minimal Riesz energy problem:

1
min lim T = arg max ”Wl — W]”

{Wi}£€=1C§d_1 t= i%j ”Wl — W]”2 {Wl}l 1CSd 1

[1] Sergiy V Borodachov, Douglas P Hardin, and Edward B Saff. Discrete energy on rectifiable sets. Springer, 2019.
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Under this constraint, the maximization of the class margin is equivalent to the configuration
of k points on S¢~1 to maximize their minimum pairwise distance:

arg max min £Z(w;, w;) = arg max ”Wl — W]”
{Wl}k csd-1 ] {Wl}l 1C§d 1

 The right-hand side is well known as the k —points best-packing problem on spheres, whose

solution leads to the optimal separation of points. And the best-packing problem turns to be

the limiting case of the minimal Riesz energy problem:
. . 1
min L]lm = arg max ”Wl — W]”
. —1 {—00
wiss we=willy w5

I#]

« Lemma 1.[Optimality of Maximizing Class Margin] For any wy, ..., w;, € $S¢71,d > 2, and
2 <k <d+ 1, the solution of minimal Riesz t-energy and k—points best-packing
configurations are uniquely given by the vertices of regular (k — 1)-simplices inscribed in

_ 1.
S4-1, Furthermore, w] w; = ———, Vi # j.
Lt k—1

[1] Sergiy V Borodachov, Douglas P Hardin, and Edward B Saff. Discrete energy on rectifiable sets. Springer, 2019.
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According to the definition in Koltchinskii et al.!Z, for the network f(x; 0, W) = WT¢g(x): R™ -
R¥ that outputs k logits, the margin of a sample (x, y) is defined as

y(,y) = f(x), — r]r_lia;(f(x)j =W,z — max wiz,
where z = ¢g(x) denotes the corresponding feature. Let n; be the number of samples in class j
and §; = {i:y; = j} denote the sample indices corresponding to class j. We can define the sample

margin for samples in class j as

Y; = miny(x;,y;:),

iESj
and the minimal sample margin over the entire dataset is y,,,;, = min{yy, ..., Vx }-

[2] Koltchinskii V, Panchenko D. Empirical margin distributions and bounding the generalization error of combined classifiers[J]. The Annals of Statistics, 2002, 30(1): 1-50.
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According to the definition in Koltchinskii et al.!Z, for the network f(x; 0, W) = WT¢g(x): R™ -
R¥ that outputs k logits, the margin of a sample (x, y) is defined as

y(oy) = [0y —maxf(x); = wyz - r]nayxw] z,

where z = ¢g(x) denotes the corresponding feature. Let n; be the number of samples in class j

and §; = {i:y; = j} denote the sample indices corresponding to class j. We can define the sample
margin for samples in class j as

Vi = miny (x;, y;),

=y
and the minimal sample margin over the entire dataset is y,,,;, = min{yy, ..., Vx }-

Theorem 2. For any wy, ..., wx € S~ (where n]>0) the optimal solution {w;}_,, {z/})_, of

maximizing Ymin is obtained if and only if {w; } _, maximizes the class margin mc({wl =1), and

Wyl _Wyl

k — Xk
W,,.—W,,;.
” Yi TVilly

z; = , where wy,. denotes the centroid of the vectors {w;: j maximizes w; W;l.,j * v}

J

[2] Koltchinskii V, Panchenko D. Empirical margin distributions and bounding the generalization error of combined classifiers[J]. The Annals of Statistics, 2002, 30(1): 1-50.
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Proposition 3. For any wy, ..., Wy, Zq, ..., zy € S%71,d > 2,and 2 < k < d + 1, the maximum of

if and only if Vi # j, w/w; = —

Ymin 1S -~ k-1 = Wy

Theorem 2 and Proposition 3 show that the best separation of prototypes is obtained when
maximizing the minimal sample margin y,,,in-
On the other hand, let L, ;[f] = Pr[r]gg;{f(x)jr > f(x); — y] denote the hard margin loss on

samples from class j, and let lA,y’j denote its empirical variant. When the training dataset is
separable, Cao et al.l3l provide a class-balanced generalization error bound, i.e., for Y; > 0 andall
f € F, with a high probability we have

Pr [maxf(x) y > f(x)y] < kZ( +y R, (F) + q()f;))
]

where ﬁ\%j (F) denotes the empirical Rademacher complexity.

[3] Cao K, Wei C, Gaidon A, et al. Learning Imbalanced Datasets with Label-Distribution-Aware Margin Loss[J]. Advances in Neural Information Processing Systems, 2019, 32: 1567-1578.



Margin-based Losses

What loss can learn towards the largest margins? Can CE?

Theorem 4. Ve € (O, g), if the domain of wy, ..., wy, 24, ..., Zy IS R4, then there exists prototypes that

achieve the infimum of the softmax loss and have the class margin «.
This theorem reveals that, the original softmax loss may produce an arbitrary small class margin.
Therefore, many works emphasize the normalization of both features and prototypes.

A unified framework3! that covers A-Softmax!¥ with feature normalization, NormFacel®], CosFace!®! /AM-
Softmax!’ and ArcFace!®! as a special cases can be formulated with hyper-parameters my, m,, ms:

exp(s(cos(mlﬁiyi + mz)) — m3)
exp(s(cos(mleiyi + mz)) — m3) + Z]-iyi exp(s COS Hl-j) '

[4] Liu et al. SphereFace: Deep hypersphere embedding for face recognition. In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 212-220, 2017.

[5] Wang et al. NormFace: L2 hypersphere embed- ding for face verification. In Proceedings of the 25th ACM international conference on Multimedia, pp. 1041-1049, 2017.

[6] Wang et al. CosFace: Large margin cosine loss for deep face recognition. In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 5265-5274, 2018b.
[7] Wang et al. Additive margin softmax for face verification. IEEE Signal Processing Letters, 25(7):926—930, 2018a.

[8] Deng et al. ArcFace: Additive angular margin loss for deep face recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, pp. 4690-4699, 2019.

L; = —log

l



Margin-based Losses “5 ICLR

The setting of these hyper-parameters always guarantees that Cos(mlﬁiyi +m,) <

: 1

Cos m, cos 0;,,., and m, usually set to satisfy > -. Let @« = cosm, and f = —m3 < 0, we have
2 Ly 2 3

exp(s(cx COS Hl-yi) + ,8)

exp(s(acosbyy,) +B) + X, exp(scosb;;)’
which indicates that the existing well-designed normalized softmax loss functions are all
considered as the upper bound of the RHS, and the equality holds if and only if 8;,,, = 0.

L; > —log

Generalized Margin Softmax Loss. We can derive a more general formulation:
exp(s(ail coS Hl-yl.) + ,Bil)

exp(s(aiz COoS Hl-yl.) + ,Biz) + Zjiyi exp(s CoS Hl-j)'
where a1, a;», f;1 and f;, are the hyper-parameters to handle the margins in training, which are

L; = —log

- : 1
set specifically for each sample. We also require that a;; = > Qi = Qjp, S > 0, Bi1, Bi» € R.
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Class-balanced Cases

Theorem 5. For balanced datasets (i.e., each class has the same number of samples), wy, ..., wy,
Zi, e, Zy €S9, d > 2,and 2 < k < d + 1, learning with GM-Softmax (where a;; = ay, a;; =

as, Bi1 = P1, Biz = b>) leads to maximizing both the class margin and the sample margin. More
specifically, the optimal solutions

exp(s(ail coS Hl-yl.) + ﬁm)
(aiz CoS Hl-yl.) + ,Biz) + Z]-iyi exp(s CoS Hl-j)

has the largest class margins m, = arccos le1’ and the largest sample margin y,,,in = kle . The
lower bound of the risk is log [exp(s(al + 6, —a, — ,82)) +(k—1) exp(—s(k_—_l1 + a; + ,81))],

which is obtained if and only if Vi # j, Wl-ij —k% and z; = wy,..

Wi, {z}¥, = argmin —z—lo
exp(s

wiliz; Josa- 1 N
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-1 : k
has the largest class margins m, = arccos Y and the largest sample margin y,,,in = Pl The

lower bound of the risk is log [exp(s(cxl + 6, —a, — ,82)) +(k—-1) exp(—s(k_—_l1 + a; + ,81))],

which is obtained if and only if Vi # j, Wl-ij —k% and z; = wy,..

Wi, {z}¥, = argmin —z—lo
exp(s

wiliz; Josa- 1 N

Proposition 6. For the balanced dataset, wy, ..., Wy, 23, ..., Zy € Sa-1 d>2 and2<k<d+1,
learning with the loss functions A-Softmax with feature normalization, NormFace, CosFace/AM-
Softmax, and ArcFace share the same optimal solution.
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In order to encourage learning towards the largest margins, we try to explicitly leverage the sample
margin as the loss function, which is defined as

Re(x,y) = — (W;z ~ max W]-TZ) .
The empirical risk %Zlivzl R, (x;,y;) is a lower-bound surrogate of =y, in, i-€., —Vmin =
%Z’ivzl R, (x;,y;), while directly minimizing —,,,;» is too difficult to optimize a neural network.
When k < d + 1, learning with new loss would promote the learning towards the largest margins:

Theorem 7. For the balanced dataset, wy, ..., wy, z4, ..., Zy € SA4-1 d>2 and2<k<d+1,
learning with R, leads to the maximization of the class margin and the sample margin.

Although learning with R, theoretically achieves the largest margins, in practical implementation,
the optimization by the gradient-based methods shows unstable and non-convergent results for
large scale datasets. Alternatively, we turn to combine R, as a regularization or complementary
term with commonly-used losses.
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Sample Margin Regularization
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Figure 9: Histogram of similarities and sample margins for CosFace (s = 20) with/without sample
margin regularization Ry, on CIFAR-10 and CIFAR-100. (a-c) and (g-1) denote the cosine similarities

on CIFAR-10 and CIFAR-100, respectively. (d-f) and (j-1) denote the sample margins on CIFAR-10
and CIFAR-100, respectively.



Largest Margin Softmax Loss “5 ICLR

Theorem 2 provides a theoretical guarantee that maximizing y,,,;,, would lead to maximizing the
class margin regardless of the feature dimension, the class number, and class balancedness.
However, directly maximizing y.,,;5, is difficult to optimize a neural network with only one sample

margin. As a consequence, we introduce an appropriate surrogate loss, which is called Largest
Margin Softmax (LM-Softmax) loss:

1 exp(sw) z)
L(x,y;s) =—-1 .
(x,y;5) = —log 5 exp(sw'7)

Actually, based on the limiting case of the log—sum -exp operator, we have

—~Vmin = ll_)nologlogz z exp (w Zi — Wy, Zl))

=1 j#y;
Since log is strictly concave we can derive the following inequality

—logEZexp (W Zl—WyZl Z—ZL(xl,yl,S)+—logN.

=1 j#Yy;
Thus, we can achieve the maximizing of y,,,;,, by learning W|th L(x,y;s).




Largest Margin Softmax Loss
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(a) NormFace (68.50°) (b) CosFace (71.86°) (C) ArcFace (67.74°) (d) LM-Softmax (74.46°)

Figure 1: Visualization of the learned prototypes (red arrows) and features (green points) using NormFace, CosFace,
ArcFace and LM-Softmax on S? for eight classes. The optimal solution of Tammes problem!3! for N = 8 have the
class margin 74.86°%,, where the class margin of learning with the losses NormFace, CosFace, ArcFace and LM-

Softmax are 68.50°, 71.86°, 67.74° and 74.46°, respectively.

[9]“Tammes Problem” (2021) Wikipedia. Available at https://en.wikipedia.org/wiki/Tammes problem (Accessed: 8 March 2022)
[10] L. L. Whyte. Unique arrangements of points on a sphere. The American Mathematical Monthly, 59 (9):606—611, 1952. ISSN 00029890, 19300972.
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Learning Towards the Largest for “5 ICLR
Class-Imbalanced Cases

Theorem 8. For balanced or imbalanced cases, wy, ..., Wy, Z¢, ..., Zy € §4-1 d>2and2 <k <
d+1,if Z{-‘zl w; = 0, then learning with GM-Softmax leads to maximizing both the class margin

and the sample margin. More specifically, the optimal solutions {w;}¥_,, {z}_, has the largest
: . -1 : k
class margins m_. = arccos P and the largest sample margin y,,,in, = PR The lower bound of the

risk is %Zli\,:l log[exp(s(ail +fin — iz — ,Biz)) + (k- 1) exp(—s(ﬁ + a;; +pi1))], which'is

obtained if and only if Vi # J, wl:rwj = —i, and z; = wy,..
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Theorem 8. For balanced or imbalanced cases, wy, ..., Wy, Z¢, ..., Zy € §4-1 d>2and2 <k <
d+1,if Z{-‘zl w; = 0, then learning with GM-Softmax leads to maximizing both the class margin

and the sample margin. More specifically, the optimal solutions {w;}¥_,, {z}_, has the largest

: -1 : k
class margins m,; = arccos P and the largest sample margin y,,,in, = PR The lower bound of the

risk is %Zlivﬂ log[exp(S(ail +fin — iz — ,Biz)) +(k—1) exp(—s(ﬁ + a;; +pi1))], which'is

L ey 1
obtained if and only if Vi # J, Wl-TWj = -7 and z; = wy,..

Zero-Centroid Regularization. As a consequence, we propose a straight regularization term as
follows, which can be combined with commonly-used losses to remedy the class-imbalanced

problem:
2

k
k 1
j=1 )

The zero centroid regularization only applies to the prototypes at the last inner-product layer.
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Table 2: Test accuracies (acc) and class margins (m.;s) on imbalanced CIFAR-10. The results with

Table 1: Test accuracies (acc), class margins (meis) and sample margins (msamp) on MNIST, CIFAR-10and - citive oains are highlighted (where * denotes coupling with zero-centroid regularization term).

CIFAR-100 using loss functions with/without Ry in (3.4). The results with positive gains are highlighted.

Dataset | MNIST | CIFAR-10 | CIFAR-100 Dataset | Imbalanced CIFAR-10 | Imbalanced CIFAR-100
Metric | ace Mets  Msamp | acc Mets  Msamp | acc Mels  Msamp Imbalance Type | long-tailed | step | long-tailed | step
CE 99.11  87.39°  0.5014 | 9412 81.73°  0.6203 | 7456 6538°  0.1612 Imbalance Ratio | 100 | 10 | 100 | 10 | 100 | 10 | 100 | 10
CE + 0.5 R 99.13  9541°  1.026 | 9445 9631° 09744 | 7496  90.00°  0.4955
Metri
CosFace (s = 10) 9898 9593° 09839 | 9439 96.00° 09168 | 74.44 8331° 04578 ere [ ace meis | ace mets | ace mes | ace meis | ace meis | ace meis | ace mos | ace meis
CosFace (s = 20) 99.06 9324° 08376 | 9413  91.22° 07955 | 7326 79.17° 03078 CE 70.88 77.41° |88.17 79.63°|62.21 76.50° |85.06 82.24°|40.38 64.73° |60.42 66.24° |42.36 60.32° |56.88 62.82°
CosFace (s = 64) 9925 89.50 07581 | 9353  64.14 0.6969 | 73.87  72.56 02233 Focal 66.30 74.14° |87.33 74.48° |60.55 63.31°|84.49 75.16° |38.04 54.67°|60.09 59.29° |41.90 55.98° |57.84 55.72°
— o o o
Costace Ej = ;8;:8-22“" POV o Ol I s S IS AT - ot CosFace 69.28 58.77°|87.02 81.61°|53.64 19.78° |84.86 75.96° |34.91 4.731° |60.60 70.81°|40.36 0.764°|47.56 8.559°
= 5Rem } ! . . . X . X . o o o o o o o o
CosFace (s — 64)+ 0.5R | 9927 9535° 1019 | 9420 9548° 09075 | 7453 8531°  0.3817 CosFace* 69.52 91.90° |87.55 95.46° |62.49 95.86° |85.59 96.12° |40.98 80.93° |60.77 84.97° |41.17 41.59° |57.97 83.93
ArcFace (s = 10) 99.05  94.64° 0.8225 | 9450 91.23°  0.8501 7396  76.91° 0.4313 ArcFace 72.20 65.86° |89.00 85.23° |62.48 54.29° |86.32 80.51°|42.77 13.22°|63.21 67.73°|41.47 0.497°|58.89 0.369°
ArcFace (s = 20) 99.11  90.84° 0.6091 94.11  53.98° 0.5707 7474  60.91° 0.3010 ArcFace* 72.23 92.30° |89.22 96.23° |64.38 93.51° |86.65 96.23° |44.68 56.60° |63.80 73.45° [44.26 32.10° |60.79 79.85°
ArcFace (s = 64) 99.21  82.63°  0.4038 - - - - - -
O > = NormFace 72.37 62.72°(89.19 82.60°|63.69 51.00°|86.37 77.82°|43.71 16.11°|63.50 71.26° |41.93 1.363°|59.85 21.32°
ArcFace (s = 10) + 0.5 Ry 99.14  95.42° 1.034 9421  9627° 09651 | 7447  90.13° 05143 NormFace* 72.07 94.95° |89.30 94.50° | 64.07 93.06° |86.49 96.28° |44.25 64.85° |63.81 79.85° |44.51 36.30° | 60.22 80.83°
ArcFace (s = 20) + 0.5 Ry 99.19 91.38 1030 | 9432  96.15 09571 | 7464 8873 0.4804
ArcFace (s = 64) + 0.5 Rsm 99.14  9529°  1.019 - - - - - LDAM 72.86 73.30° |88.92 88.19°|63.27 61.42° |87.04 85.21°|43.28 7.733° |63.62 73.19° |41.65 0.852° |58.32 6.085°
NormFace (s — 10) 9906 9434° 07750 | 9416 9440° 08004 | 7423 79.10° 04250 LDAM* 72.86 91.75° |89.51 96.26° |64.99 96.04° |86.74 96.26° |45.23 70.96° |64.18 85.03° |44.48 43.26° |60.83 75.22°
NormFace (s = 20) 99.09  89.27° 05263 | 9409 7432°  0.6001 | 73.87 77.47° 02498
NormFace (s = 64) 9900  82.08° 02621 0401  36.50° 0.2633 7342 52.37° 0.0993 LM-Softmax 65.32 4.4202 88.69 68.912 50.47 0.4522 86.08 52.202 41.52 4.500: 63.26 68.312 41.53 0.467‘:J 55.44 1.3722
LM-Softmax* |73.21 92.57° [89.12 95.73° |65.91 93.84° |87.07 96.05° [45.28 69.53° | 63.77 81.99° |46.23 43.15° |60.73 74.78
NormFace (s = 10)+ 0.5Rsm | 99.16  95.38°  1.034 | 9423 96.28° 09650 | 74.54 90.10°  0.5160
NormFace (s = 20) + 0.5Ry, | 9919  9537° 1031 | 9438 96.17° 09519 | 7475 88.86°  0.4773 ) )
NormFace (s = 64)+ 0.5Rym | 9934  9529° 1021 | 9442 93.87° 09508 | 7433  76.02°  0.3665 ;Fable 3: The results on Market-1501 and DukeMTMC
or person re-identification task. The best three results are
Table 3: The results on Market-1501 and DukeMTMC highlighted.
for person re-identification task. The best three results are Dataset | Market-1501 | DukeMTMC
highlighted.
Dataset | Market-1501 | DukeMTMC Method |mAP Rankl Rank@5|mAP Rank@1 Rank@5
Method |mAP Rankl Rank@5|mAP Rank@1 Rank@5 CE |828 927 975 [730 835 930
CE |82.8 927 975 |73.0 835 93.0 ArcFace (s = 10) 67.5 84.1 92.1 37.7 587 72.7
ArcFace (s = 20) 79.1 908 965 |614 783 886
ArcFace (s = 10) 675 841 921 |37.7 587 727 ArcFace (s = 64) 804 926 974 |676 834 914
ArcFace (s = 20) 79.1 90.8 96.5 [614 783 88.6
ArcFace (s = 64) 804 92.6 974 |67.6 834 91.4 CosFace (s 10) 68.0 84.9 92.7 39.3 60.6 73.1

CosFace (s = 10) 680 849 927 [393 606 731 g"sgace ES = 22; gg; gi'g g;'} gg; g;? gg'z
CosFace (s = 20) 805 920 971 |642 813 897 ostace(s = : . : - : -

CosFace (s = 64) 787 920 971 682 8.1 925 NormFace (s = 10) |812 91.6 963 [63.7 793 885
NormPFace (s = 10) 81.2 91.6 96.3 63.7 793 88.5 NormFace (s = 20) 83.2 935 97.9 71.6 83.8 93.3
NormFace (s = 20) [83.2 935 979 |716 838 933 NormFace (s = 64) |77.5 90.0 969 |60.1 752 88.1
NormFace (s = 64) |77.5 %00 99 [601 752 8.1 LM-Softmax (s — 10)| 833 92.8 97.1 |722 858  92.4
LM-Softmax (s = 10)|83.3 928 97.1 |722 858 924 LM-Softmax (s = 20)| 84.7 938 97.6 |741 864 935
LM-Softmax (s = 20)| 847 938 97.6 |741 864 935 LM-Softmax (s = 64)| 84.6 939 981 |742 866  93.5

LM-Softmax (s = 64)| 84.6 939 981 |742 86.6 93.5



Thanks for your attention!

Any question? Please contact us!

Xiong Zhou: cszx@hit.edu.cn
Xianming Liu: csxm@hit.edu.cn



