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Abstract

Margin-based Face Recognition (FR) has achieved remark-
able performance by learning discriminative feature represen-
tations that ensure high intra-class compactness and inter-class
separability. While most state-of-the-art methods focus on de-
veloping margin-based loss functions, improving model general-
ization performance is equally critical, especially under open-set
conditions where test identities are absent from training data. Re-
cent developments in learning algorithms have highlighted the
sharpness of the loss surface as a key factor in reducing the gen-
eralization gap. Building on this, Sharpness-Aware Minimization
(SAM) introduced a weight perturbation step to enhance gener-
alization performance, with Adaptive Adversarial Cross-Entropy
(AACE) further refining SAM by modifying the perturbation step.
Inspired by those researches, we propose FlatFace, a novel train-
ing framework for face recognition that adopts weight perturba-
tion into the training process. FlatFace consists of two key steps:
the perturbation step, which perturbs model parameters in both
the feature extractor and class weights toward the worst-case sce-
nario, and the weight updating step, which uses the loss gradient
at the perturbed feature extractor and class weights to update the
parameters. By guiding the model toward flatter minima, Flat-
Face improves generalization performance and accuracy, partic-
ularly for open-set face recognition tasks. Empirical experiments
confirm its effectiveness, demonstrating reduced generalization
gaps and enhanced overall performance.

Introduction

In recent years, Face Recognition (FR) has made extraordi-
nary strides due to advancements in Deep Convolutional Neural
Networks (DCNNs) and large-scale datasets [1, 2, 3, 4]. The piv-
otal challenge in FR lies in learning discriminative feature repre-
sentations that ensure high intra-class compactness and inter-class
separability, particularly under open-set conditions where identi-
ties in testing data are unseen during training [5, 6, 7].

Traditional softmax loss functions, though widely used, still
lack the discriminative power required for open-set face recog-
nition. To address this limitation, several research studies that
modify loss function have been proposed [8, 9, 10]. Among the
numerous modified loss functions, margin-based loss functions
have been introduced and have demonstrated remarkable perfor-
mance. SphereFace introduces the concept of multiplicative an-
gular margin by enforcing feature separability on a hypersphere
manifold, demonstrating significant improvements in intra-class
compactness [11]. CosFace refined this concept by employing an
additive cosine margin penalty for easier optimization [12]. Arc-
Face further advanced this field with additive angular margin loss,
directly optimizing feature angular discrimination [13]. Curricu-
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Figure 1: Training process comparison between normal margin-
based FR and FlatFace.

larFace incorporated curriculum learning to dynamically adjust
margin constraints[14]. AdaFace proposed adaptive feature nor-
malization based on individual sample qualities, improving ro-
bustness for real-world applications [15].

While those margin-based loss functions can enhance face
recognition performance, they are not the sole solution, especially
for open-set tasks. Improving model generalization is equally im-
portant to ensure effective performance on unseen data, a crucial
requirement for open-set conditions. Among the various aspects
of research related to model generalization, some researchers
explored the relationship between the shape of the loss land-
scape and model generalization. Findings indicate that reducing
the sharpness of the loss surface and optimizing generalization
bounds are critical for achieving superior performance across var-
ious tasks [16, 17, 18].

Sharpness-Aware Minimization (SAM) has been proposed to
find flatter regions in the loss landscape by introducing small per-
turbations to model parameters and has proven to be both versatile
and effective across diverse tasks [19]. In addition to SAM, the
Adaptive Adversarial Cross-Entropy (AACE) Loss has been pro-
posed to replace the standard cross-entropy loss and modify the
perturbation calculation in SAM’s perturbation step, demonstrat-
ing further enhancements [20].

In this work, we propose a new training framework named
FlatFace for the FR. Inspired by SAM [19] and AACE [20], we
adopt the concept of parameter perturbation into the margin-based
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FR. Similar to general SAM’s framework, our proposed frame-
work consists of two main steps, as shown in Fig. 1 (b). First,
the perturbation vectors are obtained using the gradients of the
loss at the current position. These calculated perturbation vectors
are used to perturb the learnable parameters, in both the feature
extractor and the class weight vector, toward the worst-case sce-
nario. Then, the model weights are updated using the new gra-
dients calculated at the perturbed position. Moreover, we also
suggest to integrate AACE loss into the perturbation step which
helps enhance the perturbation stability further.

Since FlatFace is a training framework designed as an exten-
sion to FR training, it can be used with various margin-based FR
methods and helps encourages the model to the flatter region in
the loss landscape which leads to better generalization and over-
all robustness of the open-set face recognition task.

Several experiments were conducted using different FR tech-
niques, with ArcFace and AdaFace chosen as they are among
the most popular state-of-the-art methods. The results on various
benchmarks highlight the possibility of applying this new training
framework to different FR methods.

Releated Works
Margin-Based Face Recognition

A standard softmax loss, which is a softmax function fol-
lowed by a standard cross-entropy loss computation, of a set of
samples with batch size N can be expressed as:

ul x,+b

e Vi
772’ g ux,+b o
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where x; € R? is the feature vector of the i-th sample, u i € R4
is the class j-th weight vector, b; is the bias term, y; denotes the
ground-truth class, and C is the number of classes.

For simplicity, the bias is usually set to b; = 0, while we also
fix |luj|| = 1 by I, norm, and the feature is normalized and re-

M.A,

scaled by 5. Moreover, since cos(6;) = 0 is the cosine sim-

ujil||xi
ilarity between x; and u;, the softmax lcl‘schlz‘an now be re-written
as:
scos(9 )

Liormalized = Zi log ——————~ o5c0s(6)) 2
l
The softmax loss lacks explicit constraints on intra-class compact-
ness and inter-class separability, limiting its discriminative power.

Margin-based face recognition has emerged as a significant
approach to improving feature discriminability in deep learning-
based facial recognition systems. The key idea is to enforce larger
inter-class margins and compact intra-class distributions in the
embedding space, leading to enhanced separation between dif-
ferent facial identities. Several modifications have been proposed
to increase the discriminative power of softmax loss.

One of the most widely used margin-based FR methods is
ArcFace [13], which introduces an additive angular margin loss,
which directly optimizes the geodesic distance on a normalized
hypersphere. This is achieved by modifying the standard softmax
loss to include an angular margin m in the computation. The for-
mulation is given by:

& cos (6, +m)
LArcFace = — Zl g £3€08(6y;+m) +ZC escos(6)) 3)
J#Yi
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Another example is AdaFace [15], which further advances
margin-based face recognition by adapting the margin dynami-
cally based on the quality of the input image. This is achieved
by using the feature norm as a proxy for image quality, allowing
the loss to emphasize the harder yet recognizable samples while
de-emphasizing the samples with low quality. The formula can be
expressed as:

es(cos(ﬂv, +8angle ) —§add)

LAdaFace =— Z g 5(cos(8;, +g1mle) ~gaad) +ZC SCOS( ) ( )
where
gangle:_m'l|xi”7 gadd = m ||xil| +m, )
and the normalized feature norm, ||/xi\H, can be computed from:
| el =
xi|| = 6
= [ ©

where i, and o, are mean and standard deviation of all feature
norms ||x;||, |-] denotes clipping the value between -1 and 1, and
h is a pre-defined value controlling the concentration.

Sharpness-Aware Minimization and Adaptive Ad-
versarial Cross-Entropy Loss

Traditional deep neural network training methods, aim to
minimize the loss function. However, this process often results
in convergence to sharp minima in the parameter space where the
loss is low for training data but can be high for unseen data. These
sharp minima are considered less robust and tend to generalize
poorly compared to flat minima.

Stochastic Gradient Descent (SGD) [21] optimizes model
parameters by:

wi9P =w;, —nVL(w), %)

where w; represents the model parameters at iteration ¢, L(w;)
is the training loss, and 1 is the learning rate. The SGD fre-
quently settles at sharp minima. Sharpness-Aware Minimization
(SAM) [19] introduces an innovative training approach to im-
prove the generalization performance of deep learning models.
SAM’s optimization aims to find parameters that minimize the
loss not only at the current position but also within a surrounding
neighborhood:

wetM = wi = nVL(w, +¢), ®)
where
VL(W[)
€ = StopGrad (p 7) )
VLWl

is a perturbation vector that identifies the direction in the param-
eter space where the loss increases most steeply, scaled by the
neighborhood radius p. The StopGrad denotes that € is solely
used for the perturbation and remains fixed during the gradient
computation for weight updates. This method guides the opti-
mizer toward flatter minima, which are generally considered to
offer better generalization to unseen data.
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SAM conventionally uses cross-entropy loss for both the per-
turbation and update steps. However, this is not a strict require-
ment, as SAM can be applied with any type of loss function.
Hence, Adaptive Adversarial Cross-Entropy (AACE) loss, which
increases in both value and gradient magnitude as the model con-
verges, was proposed to replace the standard cross-entropy loss in
SAM’s perturbation calculation, ensuring more stable perturba-
tion directions. Moreover, to make growing perturbation, which
is more preferred than fixed radius perturbation, AACE loss has
been proposed to modify the perturbation vector by not normaliz-
ing the gradient [20]. As a result, Eq. 9 can be replaced with:

eaace = —StopGrad(pVLaacg(wr)) (10)

where Laacg(wr) is an AACE loss which can be defined as:

—— ZZ‘L’AACElog D

LaAck(wr)

Here, g; is the predicted probability corresponding to class j, and

TJAACE is AACE loss’s target probability distribution for class j:
TMCE = £(q)), (12)
where
0, (] =i )
S =9 4 . ; (13)
! Z,Z)j 7 (] # Vi )
and

g; = StopGrad(q;) . (14)

In this paper, we call this method AACE in short. AACE helps en-
hance SAM’s stability and further improves SAM’s performance.

Proposed Method

For open-set face recognition, where real-world applications
primarily focus on unseen test data, enhancing model generaliza-
tion is crucial. It ensures effective performance not only on the
training data but also on unseen data, which is a vital requirement
for this task.

In this study, we draw inspiration from SAM. Specifically,
we propose a new training framework to train the margin-based
FR by incorporating the parameters perturbation step into the
training loop. This method is called FlatFace.

Fig. 1 (a) represents the overall training process of the con-
ventional FR methods. From an optimizer perspective, the weight
updating formula is:

Wffl =Wwr— TIVLmargin(Wt) ) (15)

where w; represents the model weights, including all the learn-
able parameters in the feature extractor and the classification
weights. Lmargin(w,) represents margin-based loss function, such
as LArcRace OF LadaFace- Here, Linargin (wy) of the sample (x,y) with
model weights w; can be expressed as:

Lmargin(wt) =Lcg (f(xv u),y) ) (16)
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where f(x,u) indicates the margin-based modified logits. In prac-
tice, Lmargin(wt) is just a cross-entropy loss of the output from the
margin function. Also, SAM can work with various types of loss
functions, it is possible to adopt a framework that modifies the
training process of margin-based FR by simply incorporating a
weight perturbation step, without requiring further modifications.

In our framework, similar to conventional SAM, the overall
algorithm can be considered as two main steps. First, the per-
turbation step, the algorithm performs backpropagation to obtain
the loss’s gradients needed for the perturbation vector calculation,
then it shifts the model configuration to the worst-case scenario
within a small neighborhood around the current weights where
the loss is maximized. The perturbation vector used for this shift
can be calculated from:

vLmargm(Wz‘) ) (17)

. = StopGrad
€FlatFace-SAM opLra ( HVLm(ugm Wi H2

Then, for the second step, or the weight updating step, it updates
the model parameters at the original position by optimizing the
parameters with the gradients of the loss computed at the per-
turbed position (W; + EpjaFace-sam)- As a result, the parameters
updating formula can be summarized as:

FlatFace-SAM
Wit1 =wy—1 vLmargm (Wt + EFlatFace- SAM) (18)

This variation of FlatFace is called FlatFace-SAM.
Additionally, since AACE loss has been proven to stabilize
SAM’s perturbation, and often improves generalization [20], we

also suggest to use AACE’s perturbation. This modification is
named FlatFace-AACE, which can be expressed as:

FlatFace AACE

Wil = W; — NV Linargin(Wr + EFlatFace-AACE) , (19)
where
EFtaFace-AACE = —StopGrad(pVLaaeE (wr)) , (20)
and
Livirgtn (W) = Laace (f (x,u),y). 1)

which is basically an AACE loss of the output from the margin
function.

In this paper, we use the term FlatFace-[Perturbation
Method]-[FR method name] to refer to the setup. For exam-
ple, FlatFace-SAM-ArcFace indicates ArcFace trained with Flat-
Face framework using standard SAM’s perturbation and FlatFace-
AACE-AdaFace represents AdaFace-based training with AACE’s
perturbation.

Since this training framework is designed to be used as an
extension to the FR training process, it is compatible with most
FR methods. We believe this framework can guide the optimizer
toward flatter minima, which leads to superior generalization and
better performance on unseen data.

Experiments
Implementation Details

For the implementation, we trained the models on the
CASIA-WebFace dataset [22] and MS1MV?2 [13] with ResNet50
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Table 1: The best p value for each setup.

setu FlatFace-SAM- FlatFace-AACE-
p ArcFace AdaFace ArcFace AdaFace
p 0.1 0.05 0.05 0.2

and ResNet100 as backbones. The dataset preparations followed
[13, 14, 15], the samples were cropped to 112 x 112 with five
landmarks. We used SGD as a base optimizer in SAM’s algo-
rithm with momentum 0.9 and weight decay Se-4. For CASIA-
Webface, the models were trained for 50 epochs with an initial
learning rate of 0.1 and divided by 10 at epochs 28, 38, and 46.
On MSIMV2, we trained the models for 24 epochs and divided
the learning rate at epochs 10, 18, and 22. ArcFace and AdaFace,
two widely-used state-of-the-art methods, were chosen as base FR
methods for the experiments. We set the scale parameter for mar-
gin functions to 64. As in the original works, for ArcFace-based
experiments, m was set to 0.5, and for AdaFace-based, we set m
to 0.4 and & to 0.33. As for the testing, we used LFW [23], CFP-
FP [24], AgeDB [25], CPLFW [26], and CALFW [27] datasets as
our benchmarks.

Hyperparameters Tuning

Applying the parameters perturbation step into the algorithm
requires an additional parameter, neighborhood radius p. We re-
alized that increased sensitivity to hyperparameter selection can
add complexity to the practical application. Therefore, we first
conducted the experiments on various setups, using different p to
find the optimum hyperparameter for each setup. We then kept
using the obtained p for the rest of the experiments in this paper
to demonstrate that our methods can be utilized without requiring
re-tuning of this hyperparameter for every single setup. The best
p values for each setup are shown in Table 1.

Results on CASIA-Webface

The empirical experiments were conducted on CASIA-
Webface using ResNet50 as feature extractors. We trained models
on multiple setups of FlatFace. For baselines, we also reproduced
the experiments on conventional ArcFace and AdaFace. We did
the experiments three times for all setups and report the average
accuracies along with standard deviations in Table 2. As seen
in the table, our methods outperform their baseline counterparts,
with FlatFace-A ACE-AdaFace achieving the highest average ac-
curacy, improving by 0.29% over AdaFace.

Furthermore, We observe the generalization gaps, the differ-
ence between training accuracies and average testing accuracies,
of the trained models. As presented in Fig. 2, FlatFace frame-
work significantly reduce the generalization gaps compared to the
standard FR methods.

Results on MS1MV2

To test the performance of our methods on a large-scale
dataset, we also employed the experiments on MS1MV2 dataset
using ResNet100 as backbones for feature extraction. Table 3
presents the results of the experiments. Since the performances
on MS1MV2 dataset are near saturated, the trained models show
only slightly different results. However, FlatFace-SAM-AdaFace
shows the highest average accuracy at 97.21 +0.06%.

Similar to previous experiments, we also investigate the
generalization gaps. As presented in Fig. 3, FlatFace variants still
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Figure 2: Generalization gaps comparison between normal
margin-based FR and FlatFace trained on CASIA dataset.
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Figure 3: Generalization gaps comparison between normal
margin-based FR and FlatFace trained on MS1MV?2 dataset.

have lower generalization gaps compared to their conventional
counterparts, which indicate better generalization.

These empirical experiments confirm the decrease in gener-
alization gaps by adopting FlatFace, which leads to improvement
in generalization and overall performance.

Conclusion

In this work, we propose a new training framework named
FlatFace that modifies the training pipeline of the face recogni-
tion methods by adopting SAM’s weight perturbation techniques.
This training framework consists of two main steps including the
perturbation step that perturbs the model parameter toward the
worst-case position, and the weight updating step that uses the
loss gradient at the perturbed position to update model parame-
ters. FlatFace guides the model toward flatter regions in the loss
landscape, improving model generalization and accuracy in open-
set face recognition tasks. The empirical experiments confirm the
decrease in the generalization gap and the improvement in overall
performance.
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Table 2: Accuracy comparison of models trained on CASIA dataset, tested with different benchmarks

Setup LFW CFP-FP AgeDB CPLFW CALFW Average
ArcFace 99.39£0.05 96.99 £0.01 94.56+0.31 89.46+0.13 93.65=+0.19 | 94.81 £0.10
AdaFace 99.35£0.02 96.84 £0.33 9459+0.15 9024 +£030 93.67+£0.03 | 9494 £0.08
FlatFace-SAM-ArcFace | 9949 £0.01 9724 +£0.16 94.79+0.15 89.78£0.16 93.94 £+ 0.05 | 95.05 £ 0.03
FlatFace-SAM-AdaFace | 99.39+0.07 9690 £0.29 94.80+0.50 90.44 £0.50 93.50 £0.57 | 95.01 £0.37
FlatFace-AACE-ArcFace | 99.30 £0.07 97.28+0.15 94.63 £0.10 89.84 £0.05 93.794+0.06 | 94.97 & 0.06
FlatFace-AACE-AdaFace | 99.38 £0.02 9724 +0.07 9498 £0.30 90.59 +0.27 93.94+0.13 | 95.23 +0.10

Table 3: Accuracy comparison of models trained on MS1MV?2 dataset, tested with different benchmarks

Setup LFW CFP-FP AgeDB CPLFW CALFW Average
ArcFace 99.78 £ 0.04 98.55+0.05 98.10+0.07 9298 +0.12 96.19 +0.01 | 97.12 +0.03
AdaFace 99.80 £0.02 98.34+0.19 98.154+020 93.03+0.37 96.02+0.10 | 97.07 £ 0.10
FlatFace-SAM-ArcFace | 99.81 £0.01 98.40+0.19 9824 +0.08 9279 +0.11 96.07+0.09 | 97.06 &+ 0.05
FlatFace-SAM-AdaFace | 99.79 £0.02 9848 +£0.05 98.19+0.03 9341 +0.17 96.16 +0.08 | 97.21 + 0.06
FlatFace-AACE-ArcFace | 99.79 +£0.01 98.48 £0.09 98.06 +0.18 93.18 £0.05 96.08 £0.16 | 97.12 + 0.07
FlatFace-AACE-AdaFace | 99.78 £0.02 9844 +0.16 98.10+0.02 9320+0.10 96.06 +£0.12 | 97.12 £ 0.05
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