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Figure 1. The training pipeline of face recognition models with class center loss.

A. The previous class center loss analysis

Fig. 1 clearly illustrates about four components of a training
pipeline with class-center-loss-based methods, where we
can target improvements to enhance face recognition per-
formance, specifically, model architecture, training dataset,
training strategy and objective (loss) function – the target of
the following analysis. Based on the criteria mentioned in
Sec. 1 in our main paper, the loss function shows its most
potential approach. Recall that the general formula of the
class center loss is shown as follows.
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where yi is an identity label of an image i, and

F (M, θ) = cos(m1θ +m2)−m3 where M = {m1,m2,m3} (2)

where m1, m2 and m3 express three margin types to ad-
just the decision boundary in Lsm, Tab. 1 details margin
components (i.e., M = {m1,m2,m3}) in positive modu-
lation function (i.e., F ), negative modulation function (i.e.,
N ) and regularization loss (i.e., Lreg) of previous studies
(e.g., [5, 10, 15, 20, 23, 24]).

B. Technical Terminology Definition

The following definitions are common in the face recogni-
tion community and are mentioned in our main paper.
• Knowledge accumulation (aka learning capacity) is a

concept used to express the model property. It means how
much knowledge (aka useful information) a deep learning
model can extract (aka learn) from a dataset.

• Knowledge capacity is used to express the data quality.
Specifically, it describes the degree of diversity and effect
of noise (e.g., mislabeled samples) of datasets.

• Image recognizability is a human-perceptual variable
used to express the image property, which quantifies the
ease of recognizing an image. Specifically, it is a mea-
surement of how easy an image can be recognized.

• Recognizability capacity is used to express the usefulness
of an embedded feature in representing a face image.

• Mislabeled sample refers to a sample with an incorrect
label, which is a common problem in large-scale datasets.

• Hypersphere is an embedded feature space, which is
technically defined by choosing the number of dimen-
sions of embedded features. Higher values can represent
more data diversity, but they are easily prone to over-
fitting and cause high computational cost. The suitable
value is frequently chosen based on dataset scale and by
conducting experiments. The value 512 is the common
embedded dimension in most well-known studies (e.g.,
[5, 10, 15, 20, 23, 24]).

C. Lemma & Property Proofs
Recall that the formulas of the gradients affecting the
actual-class proxy, the non-actual (misclassified) -class
proxy, feature direction and magnitude are respectively
shown as follows.
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Table 1. The detail of each component in Eq. (1) of previous class center loss solutions. m expresses a constant coefficient, um, lm, ua

and la are respectively upper and lower bounds of additive angular margin and feature magnitude ∥z∥, ∥̂z∥ is batch normalized value of
∥z∥, and t expresses mis-classified coefficient.

Additive function componentsMethod
m1 m2 m3

N g

SphereFace [15] m 0 0 cos(θj) 0
CosFace [23] 0 0 m cos(θj) 0
ArcFace [5] 0 m 0 cos(θj) 0
MV-Arc-Softmax [24] 0 m 0 t.cos(θj) + t− 1 0
CurricularFace [10] 0 m 0 (t+ cos(θj)).cos(θj) 0
MagFace [17] 0 um−lm

ua−la
.(∥z∥ − la) + lm 0 cos(θj)

1
∥z∥ + ∥z∥

u2
a

AdaFace [13] 0 −m.∥̂z∥ m.(∥̂z∥+ 1) cos(θj) 0
QCFace (Ours) 0 m 0 cos(θj) grc(∥z∥, prc)
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The probability output at class k (i.e., P
(i)
k ) and deriva-

tives of Fncik with respect to direction (i.e., cos(θwk,zi
))

and magnitude (i.e., ∥zi∥) are calculated as follows.
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Lemma 1. Let z1, z2 ∈ Rd where d denotes the embedding
dimension. If ∥z1∥ > ∥z2∥, then ∥gθ(z1)∥ < ∥gθ(z2)∥.
Proof. Let f(∥zi∥) = cos(θwk,zi). Subsequently, we have
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Figure 2. The plot of negative correlation between magnitude
value of embedded features and mean values of gradient mag-
nitude in an FR model trained with IResNet18 and CASIA-
WebFace.

Now, we compute the norm of this gradient as follows to
compare the magnitudes.
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Let us define the projection of wk onto zi as follows.
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Then the numerator becomes wk−projzi
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ponent of wk orthogonal to zi. Thus, we have
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Based on (11), we derive that ∥∇zif(zi)∥ ∝ 1
∥zi∥ . Be-

sides, based on (5), we also have ∥gθ∥ ∝ ∥∇zi
f(zi)∥,



thus, ∥gθ∥ ∝ 1
∥zi∥ . Therefore, we can derive that if

∥z1∥ > ∥z2∥, then ∥gθ(z1)∥ < ∥gθ(z2)∥, and Lemma 1
is completely demonstrated. The correctness of Lemma 1 is
also validated by Fig. 2 experimentally.
Lemma 2. Suppose that a1, a2 ∈ R are two independent
variables, and a function f(a1, a2) : R2 → R. If f can be
described as a form of f(a1, a2) = f1(a1) + f2(a2) where
f1, f2 : R → R, then the mutual overlapping gradient cal-
culated from the derivative of f does not exist.
Proof. We first calculate the derivatives with respect to a1
and a2 as follows.

∂f
∂a1

= ∂f1
∂a1

+ ∂f2
∂a1

= ∂f1
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∂f
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+ ∂f2
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= ∂f2
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Applying gradient descent for a1 and a2 to minimize f , the
optimization process is shown as follows.anew1 ← O1(a

old
1 , ga1

)

anew2 ← O2(a
old
2 , ga2

)
(12)

where O1 and O2 are optimization (aka update) operations
(e.g., SGD, Adam, etc.) for two variables, a1 and a2. We
can easily observe that

∂ga1

∂a2
= ∂2f1

∂a1∂a2
= 0 ∀a2 ∈ R =⇒ ∂O1

∂a2
= 0

∂ga2

∂a1
= ∂2f2

∂a2∂a1
= 0 ∀a1 ∈ R =⇒ ∂O2

∂a1
= 0

(13)

Therefore, based on (13), the optimization processes of two
variables (i.e., a1 and a2) are not affected by each other’s
previous values, and Lemma 2 is completely demonstrated.
Property 1. In Eq. (1), if m2 is a strictly increasing con-
vex function of ∥zi∥ (i.e., m2(∥zi∥)), then the norm ∥zi∥
influences the gradient with respect to θ (i.e., gθ), while θ
in turn affects the gradient with respect to ∥zi∥ (i.e., gi

∥z∥).
This manifests as a mutual overlapping gradient.
Proof. Based on (5) and (6), the component in the loss func-
tion that may lead to a mutual overlapping gradient problem
between gi

θ and gi
∥z∥, is the margin function F (M, θ) (see

Eq. (2)). Specifically, if m2 is a strictly increasing con-
vex function of ∥zi∥ (i.e., m2(∥zi∥)), based on (9) and
(10), the gradients influencing the updates of two inde-
pendent attributes of the embedded feature, i.e. direction
(i.e., cos(θwk,zi

)) and magnitude (i.e., ∥zi∥), depend on
each other’s previous values. In contrast to the findings of
Lemma 2, we have
∃ ∥zi∥ ∈ R+ such that ∂gi

θ

∂∥zi∥ ̸= 0 =⇒ ∂Oθ

∂∥zi∥ ̸= 0

∃ θwk,zi ∈
[
−π

2 ,
π
2

]
such that

∂gi
∥z∥

∂θwk,zi
̸= 0 =⇒ ∂O∥z∥

∂θwk,zi
̸= 0

where Oθ and O∥z∥ are update functions for direction and
magnitude of embedded feature. Consequently, the mutual
overlapping gradient exists in this situation.

Let us recall the formulas of regularization loss (Lreg)
and guidance value (pd) of QCFace for the proofs of the
following properties.

Lregi = k.pdi.
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u2
a

)
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(
1
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e
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Property 2. In Eq. (15), pd is bounded in [0, 1].
Proof. We rewrite Eq. (15) as pdi = evyi∑n

j=1 evj
. Accord-

ingly, we haveevt > 0 ∀vt ∈ R =⇒ pdi > 0∑n
j=1 e

vj ≥ evt ∀vt ∈ R =⇒ pdi ≤ 1

Therefore, pdi is a bounded value in [0, 1].
Property 3. Suppose that z1, z2 ∈ Rd where d denotes
the embedding dimension, and let their corresponding guid-
ance values (i.e., pd1, pd2 ∈ [0, 1]) be computed by Eq. (15).
If pd1 > pd2, then ∥gθ(z1)∥ < ∥gθ(z2)∥ ∀z1, z2.
Proof. We easily observe that both pd and P

(i)
k are

bounded in [0, 1] (see Property 1). Moreover, pd

and ∥
∑n

k=1

[
P

(i)
k − 1(k = yi)

]
∥ exhibit opposite trends.

Thus, we can derive as

pd1 > pd2 =⇒∣∣∣∣∣
n∑
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On the other hand, ∥gθ∥ ∝
∣∣∣∑n

k=1

[
P

(i)
k − 1(k = yi)

]∣∣∣
when θwyi

,zi
→ 0 and θwk,zi

→ ±π
2 ∀k ̸= yi. Conse-

quently, if pd1 > pd2, then ∥gθ(z1)∥ < ∥gθ(z2)∥ ∀z1, z2.

D. Constraints for QCFace
In this section, we establish and prove three constraints for
the convergence of optimization and hyperparameter selec-
tion in QCFace. Firstly, we demonstrate the convergence
ability of QCFace (see Sec. D.1). Secondly, we establish
a condition to ensure the linearity of magnitude encoding
(see Sec. D.2). Lastly, we add a constraint for bias value to
observe whether Lreg converges (see Sec. D.3).

D.1. Constraint for convergence
In Eq. (14), la and ua are respectively set to 1 and 100,
which are lower and upper bounds of the recognizability
score of a face image (i.e., score ∈ [1, 100]), according to
the work by Chen et al. [2]. To certainly reach the expected
convergence point in the optimization process, Lreg is re-
quired to have the following three properties for all images:
• Lreg is a strictly convex downward function.



• Lreg has an optimal unique value in range [la, ua] (i.e.,
∥z∥∗ ∈ [la, ua]).

• The optimal magnitude value (∥z∥∗) of Lreg for each
value pd is monotonically increasing as the recognizabil-
ity expressed by guidance value (pd) increases.
For the demonstrations, we first introduce and prove

three lemmas.
Lemma 3. If k > 0 and pd ∈ [0, 1], then Lreg is a strictly
convex downward function.
Proof. We first calculate the first and second order deriva-
tives of the loss Lreg with respect to ∥z∥.

∂Lreg

∂∥z∥ = k.pd.
(
− 1

∥z∥2 + 1
u2
a

)
+ (1− pd).

(
− 1

∥z∥2 + 1
l2a

)
=⇒ ∂2Lreg

(∂∥z∥)2 = [1 + (k − 1).pd] .
2

∥z∥3

By analyzing each component in ∂2Lreg

∂∥z∥2 , we have

∥z∥ ≥ 0 ∀z ∈ Rd =⇒ 2
∥z∥3 > 0

and
1 + (k − 1).pd > 0 ∀k > 0, ∀pd ∈ [0, 1]

Subsequently, ∂2Lreg

(∂∥z∥)2 > 0, thus, Lreg is a strictly convex
downward function.
Lemma 4. If la < ua and k > 0, then Lreg has an opti-
mal unique magnitude value in range [la, ua] (i.e., ∥z∥∗ ∈
[la, ua]).
Proof. According to Lemma 1, Lreg is a strictly convex
downward function if k > 0, we have

∂Lreg

∂∥z∥i
>

∂Lreg

∂∥z∥ii
∀∥z∥i, ∥z∥ii ∈ [la, ua]

if ua ≥ ∥z∥i > ∥z∥ii ≥ la

Therefore, if there exists an optimal solution ∥z∥∗ ∈
[la, ua], then it is an unique solution.
Let us consider the value of derivatives of Lreg of la, ua

∂Lreg

∂∥z∥ (ua) = (1− pd).
(
− 1

u2
a
+ 1

l2a

)
∂Lreg

∂∥z∥ (la) = k.pd.
(
− 1

l2a
+ 1

u2
a

)
We also have ua > la since they are upper and lower bounds
of ∥z∥, respectively. Thus, we can derive

∂Lreg

∂∥z∥ (ua) > 0

∂Lreg

∂∥z∥ (la) < 0

As ∂Lreg

∂∥z∥ is monotonically and strictly increasing, there
must exist an optimal unique value ∥z∥∗ ∈ [la, ua] which
has a 0 derivative.
Lemma 5. If k > 0 and la < ua, then the optimal magni-
tude value (i.e., ∥z∥∗) of Lreg for each pd value is mono-
tonically increasing as pd increases.
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Figure 3. The visualization of function analysis of f(pd)
∀pd ∈ [0, 1].

Proof. Assume that k, la and ua have already been chosen.
To find the formula of the optimal magnitude value ∥z∥∗
depending on pd, we resolve ∂Lreg

∂∥z∥ = 0

=⇒ ∥z∥∗ =
√

[1+(k−1).pd].u2
a.l

2
a

u2
a+(k.l2a−u2

a).pd

(∥z∥∗ > 0 ∀z ∈ Rd)

= fz(pd)

(16)

To make ∥z∥∗ be monotonically increasing as pd increases,
we have to satisfy

∂fz
∂pd

> 0

⇐⇒ k.(u2
a − l2a) > 0

(17)

We also have u2
a − l2a > 0 since ua > la, and k > 0 by the

constraint of convergence (see Lemma 3), thus, the Propo-
sition (17) is always true. Therefore, ∥z∥∗ is monotonically
increasing as pd increases.
Theorem 1. The regularization loss function Lreg certainly
converges at the expected point in training when k > 0,
la < ua and 0 ≤ pd ≤ 1.
Proof. Immediate from Lemmas 3, 4 and 5.

D.2. Constraint for balancing encoding value
To enhance the ability of recognizability representation, the
∥z∥∗ value must be guaranteed to be linearly increasing
as pd increases. This constraint makes the value of fea-
ture magnitude linearly distributed in the range value of pd
(pd ∈ [0, 1]). Fig. 3 shows the effect of the value k on the
linearity of fz(pd) (see Eq. (16)).
Therefore, to balance the range of encoded values, k must
be chosen to satisfy

f(pd = 0) = la

f(pd = 1) = ua

f(pd = 0.5) = la+ua

2
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The first two constraints are always fulfilled when replacing
pd = 0 and pd = 1 in f(pd). Thus, the third equation is a
main condition for k selection. After resolving it, we have

k =
u2
a.
[
(ua + la)

2 − 4.u2
a.l

2
a

]
l2a. [4.u

2
a − (ua + la)2]

(18)

However, the choice of k must satisfy the constraint of con-
vergence in training (see Lemma 3), specifically, k > 0. Let
us consider the numerator and denominator of Eq. (18){

u2
a.
[
(ua + la)

2 − 4l2a
]

> 0

l2a.
[
4u2

a − (ua + la)
2
]

> 0
⇐⇒ 2la < ua+ la < 2ua

(19)
Proposition (19) is always true since ua > la. Therefore,
the chosen k following Eq. (18) still satisfies the conver-
gence constraint.

D.3. Constraint for tracking regularization loss
By replacing ∥z∥ in Eq. (14) by ∥z∥∗ in Eq. (16), setting
value b to 0 and choosing la, ua and k followed the two
above constraints (i.e., Secs. D.1 and D.2), the optimal val-
ues ofLreg are plotted by Fig. 4. However, this value makes
them difficult to track the convergence point of Lreg since
each value of pd yields a distinct value of optimal loss value
Lreg(pd, ∥z∥∗), where ∥z∥∗ is an optimal magnitude value
for each pd. To get over this problem, b is used as a (reduc-
tion) offset value to make Lreg(pd, ∥z∥∗) = 0.

=⇒ b = k.pd.
(

1
∥z∥∗ + ∥z∥∗

u2
a

)
+ (1− pd).

(
1

∥z∥∗ + ∥z∥∗

l2a

)
Fig. 5 shows the heat maps of the loss value. With the

reduction offset, the heat map turns out that Lreg achieves
a value of zero at all optimal points. Besides, the gradients
from the loss function of both situations (i.e., with and with-
out reduction offset) are similar to one another since b is a
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Table 2. The details of evaluation datasets.

No. PairsDataset Positive Negative No. Images

AgeDB-30 [18] 3k 3k 12k
CFP-FP [21] 3.5k 3.5k 12k
LFW [9] 3k 3k 12k
CALFW [28] 3k 3k 12k
CPLFW [27] 3k 3k 14k
XQLFW [14] 3k 3k 13.233k
IJB-B [26] 10k 8M 228k
IJB-C [16] 19.5k 15M 469k

constant value and does not contribute to the update gradi-
ent. Consequently, b is only used to monitor whether Lreg

reaches a value of zero, without affecting the optimal result.

E. Datasets and augmentation

For evaluation datasets, AgeDB-30 [18], CFP-FP [21],
LFW [9], CALFW [28], CPLFW [27], XQLFW [14], IJB-
B [26], IJB-C [16] and TinyFace [3] are used as benchmark
datasets, which are widely used in almost SoTA studies.
They all play an important role in the comprehensive evalu-
ation of model recognition ability and fair comparison with
other methods. The details of each evaluation dataset are
shown in Tab. 2. In addition, the details of augmentation,
which also affect the learning improvement of a model, are
shown in Tab. 3.

F. Warming-up in QCFace training

Based on the evaluation with IResNet18, the negative ef-
fect of proxy oscillation readily emerges, as demonstrated
by the convergence evaluation results. Specifically, the FR
model must be pre-trained with ArcFace before applying
QCFace in order to obtain a meaningful guidance value,



Table 3. The details of the experimental augmentations.

Augment
Operator Details

Horizontal &
Vertical Flip p=0.3

Rotation p=0.3; angle=90o

Blur p=0.3; type={Gaussian, Median}
CLAHE p=0.3
Brightness &
Contrast p=0.3

Image
Compression p=1.0; quality (%) = [20, 100]

Second phaseFirst phase
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Figure 6. The training loss visualization of QCFace.**

Table 4. The verification performance of QCFace-Arc in differ-
ent training configurations. Cfg-1, Cfg-2 and Cfg-3 express non-
warm-up, non-augmentation and full setting, respectively.**

Config AgeDB-30 CFP-FP LFW CALFW CPLFW
Cfg-1 49.900 53.700 81.600 70.650 53.900
Cfg-2 91.217 88.457 98.783 91.683 82.200
Cfg-3 92.050 91.429 99.117 92.150 84.700

called warm-up training phase. Fig. 6 shows that without
the warm-up phase, Lsm and Lrc do not decrease simulta-
neously in the first phase; even so, both loss values start in-
creasing at epoch 11, and cannot be optimized later. In con-
trast, with the warm-up, the convergence process is smooth
in both training phases. Tab. 4 further demonstrates in veri-
fication accuracy of the necessity of the warm-up phase for
the frozen proxy guarantee, and provides a comparison be-
tween Cfg-1 and Cfg-2. However, as we mentioned in the
main paper, this problem can be overcome by a large-size
backbone and a large-scale training dataset.

G. Augmentation Effect

In Tab. 4, the use of augmentation in QCFace yields per-
formance gains of 0.740%, 4.003%, 0.304%, 0.709%,
and 3.211% on AgeDB-30, CFP-FP, LFW, CALFW, and
CPLFW, respectively. This substantial effect appears
when utilizing small-scale training datasets (e.g., CASIA-
WebFace [6]) and small-size backbones (i.e., IResNet18).

H. Extended visualization & Experiments

In this section, we extend the visualization of the geomet-
rical representation of the embedded feature (see Sec. H.1).
Moreover, we show the comprehensive evaluation of verifi-
cation and identification with two backbone scales of IRes-
Net [8], i.e. IResNet18 and IResNet100 (see Sec. H.2).

H.1. Embedded feature distribution comparison

We add the embedded feature representations of ArcFace
[5] and CurricularFace [10], whose embedded features are
also uniformly distributed in the low range of magnitude
value (< 15), similar to AdaFace (Figs. 7a, 7b and 7d).
Meanwhile, QCFace shows its superiority with its widest
range of feature magnitude for representing the diversity of
the recognizability level of face images.

H.2. Verification and Identification evaluation

For the comprehensive evaluation, we also show the ver-
ification and identification benchmarks of both IResNet18
and IResNet100 based on high-quality (see Tabs. 5 and 6),
mixed-quality and low-quality benchmark datasets (see
Tabs. 7 and 8 for verification benchmarks, and Tabs. 9
and 10 for identification benchmarks as well as MegaFace
Challenge [12]).

For high-quality benchmarks, the negative effect of
proxy oscillation readily emerges, clearly shown by the
evaluation results of (Q)QCFace-Cur and (Q)QCFace-
MVS trained with IResNet18, while (Q)QCFace-Arc also
achieves top-1 and top-2 verification accuracy.

The limitation in recognizing very low-quality images
is clearly demonstrated by the evaluation results of QC-
Face using backbone IResNet18 as its feature extractor (see
Limitations in main paper). Specifically, the recognition
performance dramatically drops when benchmarking on the
mixed-quality (i.e., IJB-B and IJB-C) and low-quality (i.e.,
TinyFace) datasets (see Tabs. 8 and 10). Consequently,
the large-scale backbone can enhance generalization ability,
mitigating the limited impact of low-recognizability images
in the presence of mislabeled data in low-magnitude repre-
sentative region.

**These experimental results are done with the IResNet18 backbone.
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Figure 7. The non-normalized geometrical representation of the feature space optimized by QCFace-Arc and the cutting-edge methods.
The feature vectors of each image extracted by face backbones are projected to the hyperplane formed by two proxies of two identities
in the CASIA-WebFace dataset by the Gram-Schmidt algorithm. The bold red and green lines express the proxies of two identities. The
actual proxy of each mapping feature point has the same color as that of feature. The gray dashed lines are the internal and external
bisectors. The number below each image sample is the magnitude of the mapping feature vectors.
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Table 5. Comparison in verification accuracy and AUC-ROC on high-quality datasets with IResNet100. The bold, underlined and italic
numbers correspondingly express top-1, top-2 and top-3 accuracy. In notation (Q)QCFace-X, (Q) expresses the use of [22] as a simi-
larity score calculation instead of cosine similarity in decision making, X expresses the name of softmax loss (i.e., Arc - ArcFace, Cur -
CurricularFace, MVS - MVSoftmax). Green and red backgrounds express the use of margin-based and misclassified softmax losses.

AgeDB-30 CFP-FP LFW CALFW CPLFW XQLFWYear Method Ver AUC Ver AUC Ver AUC Ver AUC Ver AUC Ver AUC
2015 FaceNet [20] 58.150 61.360 70.314 77.734 79.417 87.862 59.567 64.095 62.633 64.760 66.650 72.543
2017 SphereFace [15] 96.100 98.843 93.729 97.783 99.600 99.852 95.400 97.983 88.917 93.759 79.883 87.493
2018 CosFace [23] 97.033 98.866 95.743 98.497 99.750 99.862 95.467 97.866 90.317 94.635 81.783 90.128
2019 ArcFace [5] 97.133 98.917 95.100 98.521 99.633 99.878 95.517 97.921 90.217 94.707 81.833 90.087
2020 MV-Arc-Softmax [24] 97.100 98.972 95.757 98.541 99.700 99.826 95.617 97.918 90.233 94.414 83.150 90.814
2020 CurricularFace [10] 97.100 98.962 94.686 98.418 99.550 99.846 95.700 97.929 90.083 94.607 82.650 90.265
2021 MagFace [17] 96.867 98.797 95.357 98.593 99.600 99.889 95.517 97.797 89.583 94.105 81.233 89.090
2021 VPLFace [7] 97.183 98.984 94.257 98.163 99.700 99.865 95.683 97.858 89.617 94.483 83.117 90.677
2022 SphereFace2 [25] 96.000 98.777 94.029 98.210 99.583 99.878 95.283 97.949 90.100 94.677 83.933 91.551
2022 Elastic-Arc [1] 97.283 98.930 94.329 98.004 99.467 99.851 95.500 97.799 89.800 94.156 82.467 89.896
2022 Elastic-Cos [1] 97.417 98.979 95.357 98.432 99.700 99.890 95.733 97.837 89.400 94.395 82.350 89.729
2022 AdaFace [13] 96.817 98.924 95.614 98.723 99.717 99.866 95.733 97.790 90.917 94.957 82.017 89.839
2023 QAFace [19] 96.783 98.942 95.243 98.469 99.733 99.887 95.400 97.877 89.817 94.430 83.550 90.946
2023 QMagFace [22] 97.250 98.895 96.014 99.119 99.700 99.916 95.617 97.801 90.683 96.042 81.483 88.922
2023 UniFace [29] 97.083 98.903 95.686 98.749 99.617 99.829 95.667 97.856 90.683 95.029 82.700 90.755
2023 UniTSFace [11] 97.217 99.008 95.371 98.550 99.667 99.889 95.717 97.936 90.450 94.835 83.517 91.171
2024 TopoFR [4] 97.500 99.021 95.871 99.015 99.750 99.876 95.650 97.913 90.383 95.490 83.583 91.070
Now QCFace-Arc 98.100 99.129 98.200 99.372 99.800 99.872 95.950 98.031 92.483 95.624 86.067 93.327
Now QQCFace-Arc 98.183 99.175 98.457 99.524 99.800 99.879 95.950 98.087 92.833 96.403 86.267 93.634
Now QCFace-Cur 97.700 98.979 98.200 99.515 99.783 99.895 96.083 98.031 92.383 96.404 83.283 91.060
Now QQCFace-Cur 97.917 99.013 98.271 99.528 99.767 99.900 96.067 98.032 92.467 96.718 83.283 91.466
Now QCFace-MVS 93.200 98.101 96.229 98.971 99.483 99.897 91.683 96.853 89.133 93.874 82.833 91.058
Now QQCFace-MVS 93.517 98.066 96.186 99.001 99.467 99.892 91.833 96.757 88.817 93.692 84.300 92.166

Table 6. Comparison in verification accuracy and AUC-ROC on high-quality datasets with IResNet18. The bold, underlined and italic
numbers correspondingly express top-1, top-2 and top-3 accuracy. In notation (Q)QCFace-X, (Q) expresses the use of [22] as a simi-
larity score calculation instead of cosine similarity in decision making, X expresses the name of softmax loss (i.e., Arc - ArcFace, Cur -
CurricularFace, MVS - MVSoftmax). Green and red backgrounds express the use of margin-based and misclassified softmax losses.

AgeDB-30 CFP-FP LFW CALFW CPLFW XQLFWYear Method Ver AUC Ver AUC Ver AUC Ver AUC Ver AUC Ver AUC
2015 FaceNet [20] 66.300 71.282 71.429 79.354 84.250 92.479 66.183 71.948 63.283 67.745 62.483 67.077
2017 SphereFace [15] 81.117 89.157 83.757 91.786 95.317 99.128 81.767 89.814 75.383 82.828 70.167 76.479
2018 CosFace [23] 89.633 95.895 82.114 91.183 98.433 99.833 90.683 96.340 79.867 85.792 64.950 67.418
2019 ArcFace [5] 90.017 96.285 78.243 88.674 98.500 99.818 91.217 96.381 79.150 83.315 64.150 67.732
2020 MV-Arc-Softmax [24] 86.383 93.664 80.629 89.069 97.600 99.677 87.767 94.898 76.033 82.560 64.867 67.384
2020 CurricularFace [10] 88.767 95.758 83.629 91.859 98.617 99.808 90.900 96.411 79.517 85.891 65.833 66.843
2021 MagFace [17] 89.483 96.100 83.286 92.320 98.667 99.804 91.767 96.567 79.550 86.057 65.933 70.257
2021 VPLFace [7] 91.150 96.989 87.671 94.571 98.550 99.759 92.050 96.774 83.567 89.949 71.983 79.611
2022 SphereFace2 [25] 91.683 96.875 88.214 94.793 98.717 99.774 92.000 96.599 82.850 89.916 75.317 82.526
2022 Elastic-Arc [1] 89.617 96.010 84.729 92.704 98.317 99.725 90.933 96.369 80.467 87.350 76.150 83.565
2022 Elastic-Cos [1] 88.167 95.249 84.357 91.783 97.933 99.692 90.533 96.146 80.833 87.970 76.233 84.555
2022 AdaFace [13] 89.000 95.262 83.014 88.513 98.433 99.873 91.117 96.502 80.133 85.569 66.433 66.590
2023 QAFace [19] 51.067 51.813 50.886 51.563 52.667 54.955 51.983 52.106 51.383 50.680 52.317 51.745
2023 QMagFace [22] 89.633 95.997 80.800 86.973 98.917 99.868 91.817 96.833 80.250 84.760 61.717 64.426
2023 UniFace [29] 89.167 95.638 87.600 94.662 98.617 99.808 91.400 96.366 82.533 89.709 70.050 76.759
2023 UniTSFace [11] 91.133 96.930 88.671 95.301 98.950 99.824 92.433 96.846 84.067 90.176 76.317 84.031
2024 TopoFR [4] 87.183 94.154 77.457 86.262 97.600 99.598 89.567 95.465 76.950 83.268 79.667 87.483
Now QCFace-Arc 92.067 97.335 91.429 97.143 99.083 99.871 92.150 97.133 84.700 91.298 75.633 83.475
Now QQCFace-Arc 91.833 97.369 90.900 96.888 99.000 99.885 92.483 97.149 84.750 90.755 74.883 82.362
Now QCFace-Cur 79.783 88.209 81.314 89.590 96.150 99.317 82.917 90.405 75.217 83.205 72.117 79.008
Now QQCFace-Cur 79.517 87.831 80.343 88.777 96.233 99.315 82.833 90.652 75.633 83.170 71.417 78.954
Now QCFace-MVS 78.817 87.213 79.857 88.222 95.617 99.232 83.283 90.844 75.500 84.020 72.333 78.991
Now QQCFace-MVS 78.167 86.612 78.829 87.097 95.733 99.178 83.300 90.906 76.283 83.773 72.017 78.753
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Table 7. Comparison in verification performance on IJB dataset with IResNet100.

IJB-B (TAR@FAR) IJB-C (TAR@FAR)Year Method 10-6 10-5 10-4 10-3 10-2 10-1 AUC 10-6 10-5 10-4 10-3 10-2 10-1 AUC
2015 FaceNet [20] 0.44 0.89 2.46 7.55 25.59 69.98 90.25 0.43 1.06 2.85 9.16 29.24 71.29 90.29
2017 SphereFace [15] 33.33 57.43 79.64 92.04 96.74 98.73 99.46 27.76 54.16 79.74 93.20 97.34 98.97 99.53
2018 CosFace [23] 37.81 84.36 91.82 95.27 97.45 98.81 99.44 82.44 90.02 94.07 96.45 98.01 99.06 99.57
2019 ArcFace [5] 36.71 85.15 91.61 95.09 97.23 98.74 99.47 82.85 89.40 93.66 96.22 97.88 99.04 99.59
2020 MV-Arc-Softmax [24] 39.02 80.41 90.87 94.73 97.23 98.70 99.44 79.61 87.82 93.26 96.05 97.97 99.09 99.59
2020 CurricularFace [10] 37.63 84.99 92.27 95.22 97.15 98.68 99.40 85.12 90.79 94.20 96.35 97.84 99.00 99.53
2021 MagFace [17] 38.10 83.59 91.47 95.16 97.38 98.64 99.32 81.64 88.81 93.38 96.17 97.93 99.00 99.51
2021 VPLFace [7] 36.90 85.55 91.64 95.19 97.36 98.70 99.42 86.52 90.26 93.79 96.29 97.94 99.05 99.55
2022 SphereFace2 [25] 36.79 80.86 90.10 94.50 97.26 98.93 99.50 78.70 86.67 92.34 95.73 97.87 99.20 99.63
2022 Elastic-Arc [1] 36.48 83.97 91.79 95.01 97.16 98.75 99.45 80.43 89.95 94.33 96.18 97.81 99.07 99.56
2022 Elastic-Cos [1] 34.37 83.72 91.67 95.03 97.30 98.79 99.50 82.48 89.65 93.80 96.19 97.95 99.05 99.61
2022 AdaFace [13] 35.01 85.07 92.44 95.31 97.27 98.52 99.38 80.43 89.95 94.33 96.49 98.05 98.98 99.56
2023 QAFace [19] 40.00 80.19 89.49 93.99 97.26 98.82 99.54 79.02 87.17 92.27 95.63 97.92 99.13 99.63
2023 QMagFace [22] 36.80 83.42 88.25 93.17 96.57 98.29 99.38 81.24 87.28 91.23 95.16 97.69 98.90 99.61
2023 UniFace [29] 37.16 85.46 92.16 95.30 97.45 98.74 99.41 82.62 90.35 94.21 96.47 98.08 99.15 99.57
2023 UniTSFace [11] 34.35 82.71 91.64 95.20 97.40 98.84 99.47 79.78 88.66 93.64 96.42 98.10 99.14 99.64
2024 TopoFR [4] 40.25 82.88 91.25 95.25 97.41 98.87 99.49 77.94 88.28 93.30 96.42 98.08 99.20 99.63
Now QCFace-Arc 34.42 89.39 94.30 96.23 97.73 98.75 99.44 88.85 93.82 95.84 97.37 98.45 99.16 99.62
Now QQCFace-Arc 37.89 88.80 93.93 95.90 97.28 98.51 99.48 80.57 91.70 95.48 97.01 98.12 98.93 99.66

Table 8. Comparison in verification performance on IJB dataset with IResNet18.

IJB-B (TAR@FAR) IJB-C (TAR@FAR)Year Method 10-6 10-5 10-4 10-3 10-2 10-1 AUC 10-6 10-5 10-4 10-3 10-2 10-1 AUC
2015 FaceNet [20] 0.93 2.33 6.23 18.47 43.25 78.80 93.34 0.92 2.62 7.52 7.52 45.09 79.83 93.50
2017 SphereFace [15] 4.77 11.74 28.29 51.25 75.54 93.69 97.59 5.17 14.24 30.60 53.56 77.44 94.70 97.89
2018 CosFace [23] 0.10 0.22 1.22 15.84 70.88 95.23 97.72 0.05 0.18 0.91 15.73 69.41 95.37 97.70
2019 ArcFace [5] 0.03 0.15 0.33 9.60 71.94 94.70 97.55 0.04 0.10 0.23 9.22 70.35 94.97 97.54
2020 MV-Arc-Softmax [24] 0.26 1.03 7.92 37.19 77.31 95.23 97.98 0.24 1.54 8.84 37.55 76.41 95.21 98.00
2020 CurricularFace [10] 0.35 1.30 7.64 33.45 76.11 95.30 97.97 0.38 1.80 8.44 34.60 75.62 95.74 98.04
2021 MagFace [17] 0.11 0.37 2.22 28.19 79.66 95.71 98.15 0.10 0.28 2.17 28.70 79.12 95.97 98.19
2021 VPLFace [7] 31.95 60.81 73.35 84.00 92.15 97.49 99.00 56.51 68.83 78.13 86.72 93.77 97.96 99.21
2022 SphereFace2 [25] 28.22 59.82 74.55 84.99 92.91 97.70 99.10 54.87 68.08 78.73 87.57 94.23 98.18 99.23
2022 Elastic-Arc [1] 33.61 54.86 69.17 81.22 90.91 97.23 98.95 49.30 61.72 72.98 83.70 92.10 97.70 99.10
2022 Elastic-Cos [1] 27.56 52.57 68.88 81.29 90.93 97.14 98.91 47.67 60.88 73.62 84.21 92.67 97.71 99.10
2022 AdaFace [13] 0.13 0.25 2.41 36.39 82.28 96.04 98.23 0.06 0.27 2.85 37.02 82.14 96.42 98.31
2023 QAFace [19] 0.03 0.07 0.17 0.49 1.94 12.82 55.29 0.03 0.05 0.16 0.49 2.16 13.59 56.05
2023 QMagFace [22] 0.19 0.28 0.67 4.08 44.52 75.41 86.75 0.05 0.09 0.43 3.07 40.79 76.21 88.63
2023 UniFace [29] 6.97 26.88 57.83 78.58 90.64 97.40 98.98 13.47 35.51 60.35 79.63 91.34 97.75 99.09
2023 UniTSFace [11] 32.53 61.27 74.66 85.19 92.78 97.95 99.20 57.66 68.11 78.70 87.44 94.17 98.34 99.35
2024 TopoFR [4] 0.00 0.05 14.15 62.94 85.28 95.28 98.07 0.01 0.04 8.73 61.07 86.56 95.80 98.21
Now QCFace-Arc 0.68 2.78 31.73 71.87 91.58 97.79 99.16 0.74 3.74 29.82 72.81 92.60 98.10 99.24
Now QQCFace-Arc 0.69 2.59 29.10 67.52 89.52 96.25 98.39 0.70 3.28 25.86 68.36 91.11 97.10 98.77
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Table 9. Comparison in identification performance on IJB, TinyFace and MegaFace datasets with IResNet100. In the MegaFace bench-
mark, Iden expresses Rank-1 in identification and Veri is TAR@FAR=10−6. The similarity score calculation of [22] is not supported by
MegaFace devkit, expressed by the notation “-”.

IJB-B IJB-C TinyFace MegaFaceYear Method Rank-1 Rank-5 Rank-1 Rank-5 Rank-1 Rank-5 Iden Veri
2015 FaceNet [20] 8.997 19.628 7.788 16.240 11.534 17.167 0.724 2.209
2017 SphereFace [15] 89.075 93.204 90.088 93.411 51.261 57.350 89.597 91.387
2018 CosFace [23] 93.554 95.891 94.789 96.392 60.381 64.941 95.617 96.260
2019 ArcFace [5] 93.204 95.852 94.314 96.193 57.672 62.607 95.242 95.895
2020 MV-Arc-Softmax [24] 92.882 95.813 94.233 96.172 59.120 64.297 94.188 94.944
2020 CurricularFace [10] 93.476 95.794 94.794 96.366 60.649 64.941 95.637 96.316
2021 MagFace [17] 92.911 95.803 94.187 96.045 57.833 62.527 94.965 96.052
2021 VPLFace [7] 93.427 96.076 94.666 96.448 57.913 62.446 94.937 95.978
2022 SphereFace2 [25] 92.162 95.170 93.610 95.743 57.994 63.251 92.595 94.224
2022 Elastic-Arc [1] 92.911 95.813 94.391 96.203 57.779 62.607 95.674 96.429
2022 Elastic-Cos [1] 93.262 96.008 94.473 96.315 60.086 64.565 94.989 95.602
2022 AdaFace [13] 93.525 96.018 94.814 96.524 60.837 64.995 95.888 96.694
2023 QAFace [19] 92.687 95.764 94.018 96.320 57.967 62.983 93.510 94.738
2023 QMagFace [22] 91.870 95.560 93.707 96.213 57.833 62.527 - -
2023 UniFace [29] 93.350 95.979 94.886 96.402 60.327 64.887 95.961 96.350
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Now QCFace-Arc 94.761 96.884 96.157 97.468 62.634 66.738 98.347 98.500
Now QQCFace-Arc 94.898 96.923 96.172 97.484 64.941 68.160 - -

Table 10. Comparison in identification performance on IJB, TinyFace and MegaFace datasets with IResNet18. In the MegaFace benchmark,
Iden expresses Rank-1 in identification and Veri is TAR at FAR=10−6. The similarity score calculation of [22] is not supported by
MegaFace devkit, expressed by the notation “-”.

IJB-B IJB-C TinyFace MegaFaceYear Method Rank-1 Rank-5 Rank-1 Rank-5 Rank-1 Rank-5 Iden Veri
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Now QQCFace-Arc 79.231 84.732 79.824 84.556 48.578 55.123 - -
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