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1. Face Recognition Introduction
1.1 What is face recognition?

1.2 Application 
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What is face recognition?
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Identification 

System
Who is she?

Verification 

System

Are they the 

same person?



Application
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The efficiency of FR in the system integration:

• Non-requirement for personal cooperation

• User-friendly

• High confidence

…
Source: Google Images



2. Face Recognition Approach
2.1   Traditional Image Processing

2.2   Deep Learning
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Traditional Image Processing
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→ Limitations:

Source: Google Images



Deep Learning
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Deep Learning

8

Feature 

Extractor

𝑣1 ∈ ℝ𝑑

Anchor

Sample-to-Sample 

base

Class center base

Decision 

Making

Recognition 

Result
Source: Liu, W., Wen, Y., Yu, Z., Li, M., Raj, B., & Song, L. (2017).

SphereFace: Deep hypersphere embedding for face recognition.

In Proceedings of the IEEE conference on computer vision and pattern

recognition (pp. 212-220).



Class Center Loss - Literature
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𝒎



3. Problem Statement
3.1   Inefficient exploitation of feature magnitude 

3.2   Mutual overlapping effect
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Inefficient exploitation of feature magnitude
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Mutual overlapping effect (MagFace(*))
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𝓛𝒕𝒐𝒕𝒂𝒍 = 𝓛𝒔𝒎 + 𝝀. 𝓛𝒓𝒆𝒈

(*) Meng, Q., Zhao, S., Huang, Z., & Zhou, F. (2021). MagFace:

A universal representation for face recognition and quality

assessment. In Proceedings of the IEEE/CVF conference on

computer vision and pattern recognition (pp. 14225-14234).



Mutual overlapping effect (MagFace)
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𝓛𝒕𝒐𝒕𝒂𝒍 = 𝓛𝒔𝒎 + 𝝀. 𝓛𝒓𝒆𝒈

𝓛𝒔𝒎

𝒈𝒂𝒄, 𝒈𝒎𝒄

𝒈𝒔𝒎 = 𝒈 𝒛 − + 𝒈𝜽
𝓛𝒓𝒆𝒈 → 𝒈 𝒛 +
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𝓛𝒔𝒎 = −𝐥𝐨𝐠
𝒆
𝒔.𝑭 𝕄,𝜽𝒘𝒚𝒊,𝒛𝒊

𝒆
𝒔.𝑭 𝕄,𝜽𝒘𝒚𝒊,𝒛𝒊 + σ𝒋≠𝒚𝒊

𝒏 𝒆
𝒔.𝑵 𝒕,𝜽𝒘𝒋,𝒛𝒊

(𝑨. 𝟎. 𝟏)



Research Questions
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• RQ1: Do margin value adjustment strategies influence the effectiveness of face

representation learning?

• RQ2: How to design a new margin strategy with explicit enforcement

mechanisms that correlate recognizability levels with magnitude value during

face representation learning?

𝒎



4. Proposal
4.1   Hard margin strategy

4.2   QCFace
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Margin strategy
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Small representation!

→ RQ1



Margin strategy
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Hard margin strategy
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Finding optimal 𝜽 Finding optimal 𝑧

𝓛𝒕𝒐𝒕𝒂𝒍 = 𝓛𝒔𝒎 + 𝝀. 𝓛𝒓𝒆𝒈

→ RQ2
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QCFace
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𝒑𝒅 =
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𝒔.cos 𝜽𝒘𝒚𝒊,𝒛𝒊

𝒆
𝒔.cos 𝜽𝒘𝒚𝒊,𝒛𝒊 + σ𝒋≠𝒚𝒊

𝒏 𝒆
𝒔.cos 𝜽𝒘𝒋,𝒛𝒊

(𝑪. 𝟎. 𝟏𝟑)



5. Experimental Results
5.1   Representation Results

5.2   Recognition Performance
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Representation Results–Magnitude Encoding
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(a) ArcFace (b) Curricular Face
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Representation Results–Magnitude Histogram
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(a) MagFace (b) QCFace



Representation Results–Magnitude Histogram
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Recognition Performance–Verification Accuracy (HQ)
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Table 1: Comparison in verification accuracy and AUC-ROC on high-quality datasets. 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 [65] as a similarity 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.



Recognition Performance–Verification Accuracy (MQ)
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Table 2: Benchmarking results on IJB dataset based on TAR@FAR.



Recognition Performance–Identification Accuracy (LQ)
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Table 3: Benchmarking results of identification performance on IJB, TinyFace and MegaFace datasets. In the

MegaFace benchmark, Iden refers Rank-1 identification accuracy and Veri expresses verification performance based on

TAR@FAR= 10−6. The notation “-" denotes lack of support for similarity score calculation of “qmf” by MegaFace devkit.



Magnitude Assignment – Performance Impact (1)
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Magnitude Assignment – Performance Impact (2)
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7. Conclusion (1)
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• Proposing hard margin strategy in hypersphere planning to avoid 

mutual overlapping effects in recognizability representation.

• Modeling hard margin strategy by QCFace loss function with 

guidance value to orientate magnitude encoding.

• Experimental results show the superiority of QCFace over the SoTAs in 

face recognition, on recognizability representation and recognition 

ability.



7. Conclusion (2)
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Note:

• BMAP: Boundary Margin for Actual Proxies

• BMMcP: Boundary Margin Misclassified 

Proxies

• Aa: Additive angular margin

• AAa: Anguar & Additive angular margin

• MS: Margin Strategy

• RRL: Recognizability Representation Level

• MC: Memory Cost

Table 4: Comparison between class center loss variants



References

30

Liu, W., Wen, Y., Yu, Z., Li, M., Raj, B., & Song, L. (2017). Sphereface: Deep hypersphere

embedding for face recognition. In Proceedings of the IEEE conference on computer vision

and pattern recognition (pp. 212-220).

Deng, J., Guo, J., Xue, N., & Zafeiriou, S. (2019). Arcface: Additive angular margin loss for

deep face recognition. In Proceedings of the IEEE/CVF conference on computer vision and

pattern recognition (pp. 4690-4699).

Meng, Q., Zhao, S., Huang, Z., & Zhou, F. (2021). Magface: A universal representation for

face recognition and quality assessment. In Proceedings of the IEEE/CVF conference on

computer vision and pattern recognition (pp. 14225-14234).

Deng, J., Guo, J., Zhang, D., Deng, Y., Lu, X., & Shi, S. (2019). Lightweight face recognition

challenge. In Proceedings of the IEEE/CVF International Conference on Computer Vision

Workshops (pp. 0-0).

[1]

[2]

[3]

[4]


