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Abstract: Objective Face recognition (FR) has achieved remarkable progress in recent years mainly because of deep
learning techniques and the availability of massive, annotated face datasets. Large-scale models, such as ResNet, demon-
strate excellent discriminative capability, but their deployment on resource-limited devices, such as mobile and embedded
systems, remains highly challenging because of prohibitive computational and storage demands. Lightweight networks,
including MobileFaceNet, can reduce complexity and enable real-time applications but often suffer from a noticeable accu-
racy drop, especially under unconstrained and cross-domain conditions. To address this dilemma, researchers have intro-

duced knowledge distillation (KD) as an effective strategy for compressing large teacher models into small student models
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while retaining accuracy. However, conventional logit-based distillation is not very effective in FR because this task
emphasizes discriminative feature embeddings rather than direct classification logits and faces additional challenges,
including extremely large class space and flat soft targets. Recent studies have explored feature-based or relational distilla-
tion, but these approaches often couple student and teacher objectives too tightly, leading to gradient interference and
unstable convergence. Furthermore, many methods rely solely on hard labels and overlook the rich relational information
embedded in the training data. Motivated by these limitations, this study proposes a novel two-stage contrastive KD frame-
work called TC-Face, which is designed to simultaneously enhance stability, efficiency, and recognition accuracy in light-
weight FR models. Method The proposed TC-Face framework consists of two decoupled yet complementary stages. At
stage one, we introduce a self-supervised contrastive distillation strategy. Instead of directly relying on logit outputs, the
student network learns from the relational structure of teacher embeddings through a momentum-updated dynamic feature
memory bank. This design allows the student to mimic fine-grained intersample relations derived from the teacher without
being overwhelmed by noisy gradients. A difficulty-aware weighting mechanism is employed to further improve robustness.
Each training sample is adaptively assigned a weight in accordance with its alignment difficulty : simple and overly hard
samples are down-weighted, and moderately challenging samples contribute the most to optimization. This approach bal-
ances the knowledge transfer process and prevents overfitting to ambiguous or mislabeled identities. Moreover, momentum
updating ensures that the teacher feature bank evolves smoothly, stabilizing supervision signals across iterations. The over-
all loss integrates embedding alignment, contrastive distribution matching, and adaptive weighting. At stage two, the stu-
dent transitions from imitation to independent optimization. Specifically, the classifier parameters pretrained by the teacher
are reused lo initialize the student classifier, thereby reducing redundant training cost and accelerating convergence. With
ArcFace-based angular margin loss, the student network now learns to refine its feature space independently; it explores
discriminative embeddings while avoiding collapse into mere replicas of the teacher. The classifier is trained with frozen
student parameters during the first epochs, followed by joint fine-tuning with shared learning rate schedules, to accelerate
early-stage convergence. This two-stage decoupling ensures that the student absorbs structured relational knowledge from
the teacher then refines its representation capacity through direct discriminative optimization. Compared with single-stage
or tightly coupled KD, TC-Face balances imitation and independence, thus achieving training stability and strong recogni-
tion accuracy. Result We conduct extensive experiments on multiple public datasets to verify the effectiveness of TC-Face.
Training is performed on MSIMV2 and MS1MV3 datasets (5. 8 M and 5. 1 M images, respectively) , and evaluation covers
widely used benchmarks, including labeled faces in the wild (LFW) , AgeDB, cross-age labeled faces in the wild
(CALFW), cross-pose labeled faces in the wild(CPLFW ), celebrities in frontal-profile(CFP-FP) , MegaFace, IJB-B, and
TARPA janus benchmark (IJB-C). On the lightweight backbone MobileFaceNet (2. 06 M parameters, 0.45 giga floating
point operations per second ) , our method consistently outperforms prior distillation strategies. For example, the silhouette
coefficient of embeddings trained with vanilla ArcFace is 0.200, whereas our method improves it to 0.236, surpassing
even large models, such as ResNet18 (0.224). This result demonstrates superior intraclass compactness and interclass
separability in the feature space. Ablation studies on the 1JB-C dataset reveal the contribution of each component. Using
vanilla KD with mean squared error loss yields true acceptance rate at false acceptance rate (TAR@QFAR) = 1E-4 of
91.29% and TAR@FAR = 1E-5 of 79.79%. Introducing contrastive KD (CKD) improves performance to 92. 81% and
84.24%. Our full method with adaptive weighting (CKD+) further increases accuracy to 93. 07% and 88. 33%. Varying
the momentum update rate for the teacher feature bank shows that A = 0.999 achieves optimal balance, reaching
TAR@FAR = 93. 45% at 1E—4 and 88. 51% at 1E-5. These results indicate that dynamic memory updating and difficulty-
aware reweighting are essential for optimal knowledge transfer. In large-scale evaluations, TC-Face demonstrates clear
advantages over state-of-the-art methods. On MegaFace, our student model achieves Rank-1 accuracy of 94.2% and
TAR@FAR = 1E-6 of 87. 6%, outperforming AdaDistill-trained MobileFaceNet by more than 2% absolute margin. On 1JB-B
and 1JB-C, where cross-pose and low-quality images present substantial challenges, TC-Face yields TAR improvements of
3% —5% over baseline KD methods. Moreover, despite the small capacity of the student network, our approach narrows
the accuracy gap with teacher networks, such as ResNet50 and ResNet100, while retaining over 10X efficiency advantages

in parameter size and floating point operations per second. Training efficiency is also substantially enhanced. Given that
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stage one avoids training a large classifier and leverages precomputed teacher features, the number of trainable parameters
is reduced by approximately 47. 9 M, and the computation cost is reduced by around 91% compared with standard KD pipe-
lines. Moreover, initializing the classifier at stage two with teacher parameters accelerates convergence , as shown by loss
curves where TC-Face converges to a smaller training loss with fewer epochs compared with conventional approaches.
These efficiency gains make the method highly suitable for edge deployment. Conclusion This work proposes TC-Face, a
novel two-stage contrastive KD framework for lightweight face recognition. By decoupling imitation and discriminative opti-
mization, TC-Face successfully mitigates the limitations of conventional KD methods. The first stage leverages a
momentum-based feature bank and adaptive weighting to stabilize relational knowledge transfer, and the second stage
enables independent embedding optimization with classifier parameter sharing. Extensive experiments across various
benchmarks demonstrate that TC-Face not only improves accuracy by up to 5% TAR on challenging datasets, such as [JB-C,
but also accelerates training and maintains efficiency suitable for mobile deployment. Compared with prior state-of-the-art
KD methods, our approach achieves superior stability, faster convergence, and more discriminative embeddings, thus set-
ting a new standard for lightweight FR training. In summary, TC-Face bridges the gap between large, high-accuracy
teacher models and lightweight, deployable student models, providing a practical solution for real-world face recognition
systems constrained by computational resources. Future work may extend this framework to other metric learning tasks,
such as person re-identification or fine-grained visual categorization, where structured relational knowledge and decoupled
training could similarly enhance lightweight model performance.
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(4)

P; = softmax( <.fil’f}[ >) =

fE. XA B BRI TREAS G R M R 8530 31, X
T oA T 1 A3 A B G TR X R MEREAS Y 1
JEE e, T AE R AE 7R (1)) B8 5 1RU500RG B =2 ] 5
IRAR AT, A7 20006 2 N UM 55 KRS i DX 40 AN
[Fi] B 07 [ A o 2 S P 20K
0T ) 45 Al ) BOb 2 2 T e O AR B A
B A AR X 28 BB A% 2 > BT kg 4 TR B )RR AR
TN o dE IR AR | AR AN B T X Wi
A3 288 501 (8 A1, 34 R 388 2o 2800 ) 286 1 4L B 1 £ B
AR A LR IR, DA T 2R T ARG 4 A REAE DG
FRo ZIIEAEM T EERZ A 5 B R 4 )
RO, R T HAT O M 5l MR 75 1 5 2R A B 2%
PRUERF-1 H AR A AR T T 22 A 25 B
RSP P R . AN, JRbR 2 HIL i 5 20 1)
25 FE N X 24 8] 41 DX 00 A B A AT R A% o 25 2 A
D 28 | A it 2 o asb A R RFAIE 23 1)) B R IR B A R
ARER , e o 300 T R 03z A e ) A ik .
55 1B B g sR R mT LR 9
L=aL,, +BLuw (7)
1.3 BMERNSENE
AR HT TS T R R R AR T BT I 45 1
PR IF 30 00 R T 40080 4R 0 N HE AR DGk L (B
T258Z BRI M 4% MBF A5 A — MR K BR ] -
WA T8 WA A 3 5 HRAL 3 S BN Z= I
TP SE % T 5 A BRI A RE AR (T 22 10 2 M
PAX WA ) o MM Tt [al @t 51 A T — R4
it , BhAS IR 2 R AR L o ) TR I RDEERE AR, B 1B 5 401
G N H N MR Gh A B BRI A

TR RARBD, = 3 Pylog Q) X T A

FEAS o, B T FEABY 2R B Ak T 2 A AV R ik 23 A
Z A 225 (29 D, = 1IN, 5 A R 45 A8 A R 2800l o
ZRBYFFIESESERS 57 ) P AR AR G T Ok

Loy = %Z“&Di = %zexp(_ﬂDi)Di (8)

i=1

A, D Ay X BE BRIA 2R, > 0 S P2 1R AR5
JEE 1) it JEE R 2 50, RE AR AT E S w, = exp (=D, )o
ZMBUR I [ Bh AR AR (D, ~ 0, How, D, ~
0) FIRAEREAS (D, > L, Horfrao, — 0) BB, fE5e
BB A P RREAR (D, = 1) o I, 22K
Zofg o SR A BRSBTS E S 58
191, 8 5 e MR e RS AR )£ A
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Sy i — 2R R A S [ R R LG X 7
TRSCEL T FEF Bl (R AE S S H L] o 52 He S5 A
(2020) #% 3l 1 34 S W 1 J 4, 228 ¥ D0 A6 2800 ) AR A1
JE AN 2 SR 48 , 338 5 o M s e R RAPE R A 1 B
FENE . BRI T, X T B0 rh i B REAE L 1
S X R ERAE f ST, BN

f— M +(1-NFf (9)
X, e[0.9,1.0 &3l RE BARMER B2
WA 12 2 S B A 28 328 9 05 2 A TN 4% () AR
TR, (A5 27 A I 45 TT 2 20 B 0 45 YRR 5
I e P ) 52 A T 246 2ok 4 v T 200 R 4%+ )
5 R A FEHERAET
1.4 WM EIlZ%

SEHT Y 5 38 HR 2R IR AR 5 PR o S K bR
B (N ArcFace ) BRG], 7EREN I i 72 rh#R 2K
=t TR R U I 265 R SRR AE o0 A1, 2800 5 2 A AR
YR B iy il Gt T 8%, 4 5 i ik 1
P GUWSOATRE o SRR — i FH 28 1R 401 2 25 PR i 2
AR [ B RAAEAS [ PR R o BE X — ), 42
T B B R R, 5 AT A R BT R
ST R L Z R K R

55 1B, IZRIAZ O B AR 2 di KAl 2 A X 4%
XM 28 FR AR BRI 7, 22 AR A TR L
T Do 25 (1) W I 2 2 AR AR 7R SRR IE o A, R
T AT SRR R e . AT A PR
Az FEAE 5 0T R IEAE S0 9 A — 35, ik gt 2k
WU 1 — 2 AR AR 2 ] F) TUART G 3R, (22 R RS il
PEFRE AR LA KRN R EAREENZ,
F2E A RO AR N 2% 25 18 A7 7 3% 250, 4 A A
YT 1 58 4 T BT %) w2 48 43 A, DR I B B R
BN AR IR FRAE R G5 Ak VR AN 2 e &1
FRtEAS AL . R 1RGSR A o AR 114 s PR
PR FEZ I BB T 22 AR BR R B BRAEZS (] A fig
el R AT R 4 rp T AR AL % ) S

55 2 B B, I3 =X 1m0 A 204 S 1 T R
i, 2 A I 2 N AR 20 9 e A 5, T A 3 2o
T B AL (A0 ArcFace ) 3 S7 AU ALFRAE 25 6]
X — BB B ARFE T ib2f AR se o B RCH AR RE )
TEE A Z BRI 3Rt 1, B 3 d R A 2 1)
NAEFRNEEE . SRR %0k
FEARNG 2R B S AR e A R 2R A i 2 B

TR LK P A . IXRE R BT RE RS AT RGHE S 25 1R 1
55 0 28 W A B B T AN R A O AR
TE AL

WEAI, SRy ik — 2B i A 2 B B i ksl OF B4R
I 25 H AR AT 1 v 25, R P 2800 R 25 )11
G BRI RASSEIIRAL A A M2 B 3% . N
U 73 e B SRR E — D I B
O, foFH 0 ) 25 1) 2 BRI R AL 56 2 B B A 1 2%
NZRAYIr e dn S RE AT LK B 27 A 0 28 3k — A0 A4y
FOM R R T LI I 2RI sm B . 92863%
BT, Tl SRS (e A A SO 2 T S 2 T, [ I A 224 2
HEMR P Yy R PERE M £ o ANIET 2 s, TR A Y 2L
U0 2 THEIBCRAAE , T F 582 A2 R 2% S Y i A 43
Ko BOMBFAEE o B AE R AL 28 P ST, X e s Ok
Wi A RO RAAEZS B X 55 . S" A — BBl
SR S M 2% o R 7 AR AT Z0m 7326
S . SR R R, XA B B A I
i SR AN DU SR T2 A I 45 68 00 R R B A 2
I R T AR YR RAE 25 ] SRR A
REJ , AT S8 35 4 T T S i NI IR B 2R . L
DE AL AL 2. 4 19 54T R TR 04T

2 £ I

AT TF S AT PRI BT 5 AR R SR
ZEIL, LIUE BT 2 ) TC-Face J5 ik A 50HE
2.1 HE&KESTMAER

fifi FI MSIMV2 (MS-Celeb-IM Version 2) Fi
MSIMV3 Yl k4 t AR, I 5 Se #E MR 26 18 (KD)
Tk AT A R B3R TS HAE R R MS-
Celeb-1M (74, 7353140 7 580 71 F1 510 J7 i Pl o

A THVEAR LAY, 78 7 B RO R EEAT T
ik, Hr LFW (labeled faces in the wild) ,CFP-FP
(celebrities in frontal-profile) . CPLFW (cross-pose
labeled faces in the wild) . AgeDB (age database) Fll
CALFW (cross-age labeled faces in the wild) /& A7
il BB E RO AR . RV X SR AR AL R
PN e o RSy e o w5 N I (2 g (s
DR o Bt PR, 1 S A B i B T R TR
LAY . ek, ff FH MegaFace 1 1JB-C (IARPA janus
benchmark )  1JB-B i 45 , i 26 %4 45 42 £ 91 5 2Pk
APER R o ISR SR R B M A2 R
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B, ek, T, DFH, EIEM
H R AR ZH R AIRZE BT A

A A A ARGR BB GE v, B AE R T
AR KA 5 T R RIPERE , B an i BB T-H &=
IS0 5. £ LFW ., AgeDB., CA-LFW .
CPLFW Fl1 CFP-FP %48 5 I, ¥ 4% F PFAL BRI LA
SR SRIPAR LAY X 1JB-B M 1JB-C 4k 4E |
SR HIARAE 1 LIRA S0 UE PR, 4 15 1 BH 4 2 (false
acceptance rate, FAR) N 1E-4 F1 1E-5 i} () B2 32 %
(ture acceptance rate, TAR) . X} T Megaface J& i , fifi
JH Rank-1 1R 5 HERG ZEH TAR = 1E-6 B 14 5631 1
R RIERE

ARSI T WA 20— 27 A4 % (IR100-MBF #
IR50-MBF) , Jf- 76 45 B SL o Lok 3 Hh i 7 i 5 LA
SOTA (state-of-the-art) 7 S X F AT, N T A
S B #2, TR100- MBF X 78 MSIMV3 | #E 17911 2%,
IR50-MBF X} 7£ MSIMV2 |l %: .
2.2 AT

FE AT 55, S G e S il A K
DRSS 750 Arb 2R L2 R BGRB9S RUAR
AR FF B 2 1 112 x 1118 R38R Fra 4
A A5 B A ARG A o TR PR AR . X U
R4 , % FH ResNet100(6 515 T Z50f112. 12 GFLOPs)
Fil ResNet50(4 359 J7 Z%UH1 6. 34 GFLOPs) , #)fi F
RN ArcFace it & (RESHs = 64,1Him = 0. 5) I
Yro FROFYEREVEE R 5125 % F 245 4% 5 e/
SOTA J7 ¥ — %, & ] MFN (206 J7 2 % #l 0. 45
GFLOPs) o MR 2 F A, Bir A S 56 35 76 4 W] 19
FAF T AT o SEE Al B B RN ¢ 14th Gen
Intel (R) Core (TM) i9-14900 ' J¢ 4b ¥ 2§ , Nvidia
GeForce RTX 4090 .1~ . HH T A SC07 00 5 T AR
AR F 2z 2] MRS AR 2, BRI E S 1 Y
BTG R Aoy . X IR S50
D T 254793 77 (DL MSIMV3 ) , i 0k T
YIZRad R o BRAN 5 2T ) 45 HHE BT (%) 4o iF A7t A 1
£ bR UONMEE IR BT, LR L
P55 1B Bl 2R B R AR 2 91% . X T2 )
RAH BE A0 A AR B B A 5% 2 ) AR S A
epoch M 1E-8 Z& 38 B 1E-1, 4R J5 i FH 43 5% 38 'k
W Uk B 1E-8, R I BHE HLAES B T B (stochastic
gradient descent, SGD)VE NI ILES , shi R 0. 9, 4L
TEUR A 0.000 5,3X 5 ArcFace — 3, X T 224 M 4%
(A BRBE T, A0 AT B AR Bl 3o , 2y
0.5, HESHIEEIN X B P ARESH T

EOA L 1o DNETRAAE e B At A R A RRAE BR i K
T 1000, 98 TR TF B 10 [R) s R R A 8 17 o A
P, BOBHRAE I (9 2l i R B SR 0. 999, 25 i F|
X TS [ A (1 4 4, CKD HP i o U R 0. 90 X
TV AN R 45 2K T, AUEE o A1 B 43 ) 43 B R 0. 3 A
0.7, 2B B, R ArcFace Bl & , REESHL
k64, A 0.5, A FH 0 45 1) 53 2 48 A 1)
AL TEFE TS5 o T 21 epoch , R4 S H: W 4% 2
B AN G ER R . 25, detn i g ks
AH TR ()27 ) SRR o B B ) e K2 ) Ry
1E=2, FF Bl ARFE IR DA 1 2 2l 22 50008
2.3 TC-Face &R

TC-Face fifi FIXF L4512 B T 4 NED G TR ZI 1)
R, WER 2 s, B, mbf_vanilla 78 {8 A Are-
Face(Deng %5 ,2019) Y 254 MBF #57! , mbf_ada %7~
{d1 FH adadistill (Boutros 25,2024 ) Yl i) MBF, M 322
AT LU AR SO RN S5 A A 80 3 30 0 1 ) 4 G
RB A Tz I g4 L Ry 28k RE
LR T SHONE R 1075 ResNet 18,

&2 (EARRETEIIZRE MBF F% 5 75

Table 2 Using different methods to train the simulation

coefficients of MBF
o s
mbf_vanilla 0.200
mbf_ada 0.210
mbf_ours 0.236
ires18 0.224

FERTHR 7 ¥ ANEE SR 22 A2 R 2827 2] DA
F 0 288 IR A Y AREAR (8] G 2R, 3 SR 2000 0 45
AIRFIER 7R o N 4 7, 18 4 (a) AR B R T
I — Ak 1) 2 A RN A 28 22 8] B REAE LA, 17 ]
4(b)MHREER TIHLE R T, HBRE 4
(a) BYAEAR BT 738 22 A2 FBUMRRIE 2Z (R AF 7R A 2 K
(125 5 (B 4 (b) AR P12 B 4 19X % 114 15— 1k
FRUEJLF-E S o 3207 AR AR M B A OS5 5
TERY PRIELE Z [A) SE B 1467

TEIZR A5 2 B B, i 2o ff 28000 43 28 2% 2 4
WG A2 A 24 o TERTPIAS epoch /1, R 45 4 A4
o 2% (0 A0 B2 LA B S . TR S s TR AR BE R
SEIE), VIR R N R, 2, kA )
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Fig. 4 Comparison of feature between student and teacher
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Fig. 5 Comparison of training loss values of different methods

R 2 A 28 1 3 S A IR BB E IS, i) LUULZE 21|
R R I IV IR IR AR E T e, SIS 5
FGEUNZRRLAR L X P BT i oS 30 S AR A4 43
K, KW TC-Face o ¥F I 2 4 S 10) JiE i~ ) o
XA EEGE R T /LG Tk KT R I 2R
PERE, B AR TR AN ZRAA

2.4 SHRELEFSR
2.4.1 SH1BTBONE

PSS LB BON S i AT T — RAVE AT, I
TE1JB-C Hili 4 (/£ TAR@FAR = 1E-4 F3R45, FIA])
VG T IR Y IR 3R . B e, A
TRV R ZE 0 SR s o BB v ff 1 () S ) Sl
FH T AU MSE $ii 2% .CKD Fll CKD+., 455360, 5 {0 fdi
FH MSE $5 26 A1 L, CKD B B R 42 = T 1. 52%, 1
CKD+ZE MR MER RIS T 1. 78%. 4% F o, IRt
Fb A5 2 BA B BE I s o 84K 1 BAF Fe i 24 A
V] R R S A ISR T (ERTER: )| IS o N N
2 A B K EE B 10 000 I, fERR R B TR T
21.42%, SLHR AR LN, Y AFIHC BB E S 1 000
IR AT, P07 i I TER R . B, SR 280 e
TEFER S B H S5 . BN A BRI RAE
TR, A5 25 A 2 AE S 1 B Brad 22 b ) FR AR
FAFEZS 1], A& BT 45 rh2f S Fnii . 5088
FEH W5 AR B R 0. 999 1] 345 s HERA P

R3 HRMSKBAR(ERE)

Table 3 Result of ablation experiment(accurary)

1JB-C/%
B Fik .
1E-4 1E-5
ResNet50(Teacher) 96.05 93.96
MFN + Vanilla KD(3:(2)) 91.29 79.79
WL MEN + CKD(5X(6)) 92.81 84.24
MFN + CKD*((8)) 93.07 88.33
MFN + CKD*,k = 10 000 71.74 4951
iﬁ"%j‘ MFN + CKD*,k = 512(N) 92.81 85.93
MFN + CKD*,k = 1 000 93.07 88.33

MFEN + CKD", k£ =1000,A =0.9 73.64 57.00
FEHLLE MFN + CKD*,k=1000,A =0.99 9248 85.16
MFN + CKD",k=1000,A =0.999 93.45 88.51

2.4.2 2K B

XA 2 B Boll 2R A7 T I RRBIESY, 3R 4 iR o
SR FW AL S 2 W Bl o R MR AT
M o TEPIRPAN IR T VAl T 56 2 B By =2
0] < ff 1] MSTMV2 Fl MSIMV3 4E Rl e Hi 48 | H4
T 1JB-C L FAR & 1E-4 Bf i A& 383 TAR, 4%
T EMSIMV2 YNGR BT, 55 2 B Beilll 2 Mo
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B, ek, T, DFH, EIEM
H R AR ZH R AIRZE BT A

PSR T 204, 6%, MAEMSIMV3 R, EHR T 1. 1%
(Y o 3P B il 12 T e 08 e R At B T KD
ARSI 2R vk o A, AR R0 5S 1 [ BEI 25
Je ARAT B RRAE IR BE AR RCAR . 2 R R A 1 BB
TR R 2 2E W 2 SR L 2O N 48 A RRAE . AH
2L 58 2 B Boll sl i 24 Ak I 4 BRI A Bk
A (8], A=A B RRAE o B, RRAE IR
FEREIN, S T ERE . [FIE R TR
BE 1B B 2 (4 e 45 4 2 e — B A A b R4 T
Y. WE S PR, 5 ¥ ArcFace AH HE , BB 5
ML SN, I35 2 Eb 5 [ B 11 2 5 s B 3 1) e 2%

R4 TRIZEZEMNRAFFERRK R IB-CHERE
Table 4 Feature norm and IJB-C accuracy under

different experimental settings and stages

PAA
2.5 5SOTA &8t

H 55 1 B Bl A 215K (6) I B R TC-Face, {ff
FH 3 X (8) )7 ¥R N TC-Face+ . A R4 T TC-
Face 1 TC-Face+) B L&A , BARSZIIANTTAE2. 2715
AT TR ERSFE 6, 5 H KD )7k (Peng
4, 2019; Park %5, 2019) Fil FR 4% % KD (Huang % ,
2022; Li % ,2023 ; Boutros %5 , 2024 ; Mishra #l Uikey ,
2025) P AT 1AL . D AMEF X AR MR R R O
ISR BB AT T LWL, 43 ) J& ArcFace (£
%5 247) (Deng %5, 2019) il AdaFace (Kim %5 ,2022) .
IR50-MBF & 1 1% 52 56 %0 4l 51 FH Li 558 A (2023) il
Boutros ¢ A (2024) , 1fij IR100-MBF 2 7 (1Y) 52 56 55 415
S I BAE B 2 B

FEWI RN SLG 5 B R, TC-Face 76 K ZHOSIE £ 4

o i RERIC  WBCRO g b b R SRS | SR 4 1
IR50-MBF e 8379 LEW .CFP-FP  AgeDB-30 . CA-LFW Al CPLEW 25/
CROWD BAME 40 ST g b AR TSR LR
IR100-MBF 1B B 0.75 91.24 FF 2ME (Avg) , TC-Face 75X SERHR4E 140156, 78
(MSIMVS) H2 BB 4.39 92.17 IR100-MBF Fl IR50-MBF [ 4 & T , TC-Face+ 7E

%5 IR100-MBF 7R & E Ay 51
Table 5 IR100-MBF score on the test set
1%
1JB-C 1JB-B MegaFace
Jrik IH

1E-4  1E-5 1E-4  1E-5 Id Ver  IdR)  Ver(R)

IR100(teacher) 97.48 98.73 98.98 93.45 88.65 81.03 96.98 98.14 98.34
MBF (student) 94.19 89.36 81.92 87.28 74.88 75.74 91.02 91.15 92.95
FitNet(Romero % ,2014) 95.81 93.58 89.85 92.69 86.58 79.16 92.24 95.26 95.81
KD (Hinton %,2015) 95.38 93.66 90.24 91.60 84.50 77.85 92.57 93.19 94.23
CCKD(Peng%,2019) 95.04 93.42 89.98 91.32 85.02 77.53 92.26 92.79 93.83
RKD(Park %,2019) 95.35 93.26 89.40 90.98 84.62 77.97 93.40 93.66 95.02
ShrinkTeaNet( Duong 55 ,2019) 95.18 93.28 89.59 91.10 84.64 77.84 92.33 93.12 93.95
EKD(Huang%,ZOZZ) 95.05 93.23 89.50 91.05 83.50 77.82 92.40 93.42 93.01
TH-KD(Ben-Baruch %5 ,2022) 95.33 93.38 88.81 92.46 86.04 78.94 94.14 95.07 95.27
AdaFace(Kim%:,2022) 95.50 93.82 89.68 91.94 86.49 78.39 92.62 94.65 95.12
AdaDistill(Boutros % ,2024) 95.33 93.69 90.43 91.56 85.91 77.03 91.79 92.50 93.50
UnifiedKD (Mishra Fl Uikey ,2025) 95.48 93.87 90.28 91.64 86.07 77.34 91.92 92.98 94.12
TC-Face( 4 30) 95.88 94.63 91.57 92.61 87.48 79.37 94.65 95.80 96.14
TC-Face+(4=3) 96.17 94.75 92.17 92.93 87.96 79.53 94.99 96.22 96.50

T L R RIZ RIS % 07 TR T B R A S
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Table 6 IRS50-MBF score on the test set
1%
1JB-C 1JB-B MegalFace
WIRES FEIE
1E-4 1E-5 1E-4 1E-5 Id Ver Id(R) Ver(R)

IR50(teacher) 96.78 96.05 9396 9345 88.65 80.62 96.83 98.14 98.34
MBF (student) 94.01 89.13  81.65 87.07 7463 7552 90.80 9091 92.71
FitNet(Romero %,2014) 94.07 87.76 7371 8635 70.19 7581 90.07 91.16 92.34
KD(Hinton %,2015) 94.00 88.37 80.39 86.08 7430 7581 90.80 91.02 9241
CCKD(Peng%,2019) 94.18 87.99 78775 86.53 7238 7573 90.63 91.17 92.05
RKD(Park %¢,2019) 94.44 89.65 8321 8725 7321 7575 9121 9144 93.08
ShrinkTeaNet( Duong %¢,2019) 94.14 87.80 79.78 8853 7523 7555 9056 90.73  92.03
EKD(Huang%§,2022) 94.39 90.48 84.00 8835 76.60 7554 91.02 91.26 93.08
SH-KD(Ben-Baruch % ,2022) - 91.75 85.76 - - - - 92.51 9393
ReFO(Li%%,2023) - 91.26  85.56 - - - - 92.38  93.02
ReFO+(Li%,2023) - 9241 87.02 - - - - 9241 9375
AdaFace(Kim %§,2022) 95.24 93,53 89.33 91.85 83.89 78.17 9228 9453 95.07
AdaDistill(Boutros %5, 2024 ) 95.43 93.27 89.32 9121 84.13 7639 91.54 9212 9332
UnifiedKD(Mishra Fl Uikey, 2025) 95.52 9296 89.21 9144 8316 7556 9234 9272 9458
TC-Face(A3L) 96.78 9378 89.70 91.72 8343 78.61 94.73 95.69 96.31
TC-Face+(A30) 94.01 93.93 89.74 92.01 8395 79.28 94.80 95.87 96.52

T L R RIZ PR IR & 07 5 P R BRI OIREE 2R, = R 5 | 30 IR

UnifiedKD #5 i55 AL 7 FOES 70 B4R T 7 0. 24% f1 B, TAR 88 4 Hi et J5 ¥ UnifiedKD #2711 1. 89%,
0.68, FTEL NI ETEIB-CFIIB-B A RABEE A BdE4E B Pt e ik 1. 55%. TRl 5s
BRI A, BARME  ZEIRI00-MBFECE T, 63F A SCHE. TR IR AR, A Sy
TC-Face+7E 1JB-B I TAR@FAR=1E-5 {3545 1. 89%  y:i¥ R /e L0 BRI FIATIE, 580757
A5 o 76 HLPRER ) MegaFace FE1E -, T Hi 1) Tl EEZNREMN% IRz T iEN A
TR TGRS FIRARAG W E WG . TC-Face ik

162 1 28 1T SOTA J7 15 0. 88% #i1 1. 23%, ifij

TC-Face+it—E05 P REG 25 HE M) 1. 18% A1 1. 55%. % 2 37 ik (References)
‘
3 z:éu: -[a/[’: Alansari M, Hay O A, Javed S, Shoufan A, Zweiri Y and Werghi N.
2023. GhostFaceNets: lightweight face recognition model from
Z'Kij;—% H:Il T gﬁﬁ [ﬁ]%%g&}\ﬂﬁiﬁgu E/\Jf}j\j BJ/I\_E/Q cheap operations. IEEE Access, 11: 35429-35446 [DOI: 10.1109/
X H IR ZE AR HESE TC-Face, % 71 Jeilid sh i ACCESS.2023.3266068

E%ﬁﬂgjﬁ‘ [:I:;i‘i/f% ) % I EF%EE I@Iéﬁ%’%’lﬁi%"ﬂ %ﬁlﬂﬂﬂ‘ﬁﬂ Ben-Baruch E, Karklinsky M, Biton Y, Ben-Cohen A, Lawen H and

Zamir N. 2022. Tt’ s all in the head: representation knowledge dis-
GERE G B 55K 5 P 200 432 vt
E?’%FT/L 3é g T/]Q,j;iﬁ‘ ’ *JFH%&JT?W%%*X%%BZZ /flt tillation through classifier sharing [EB/OL]. [2022-04-05].
AT I PSR ArcFace SEATILAL . S E https://arxiv.org/pdf/2201.06945 pdf
e = TN
%% EU% , TC-Face i %5'5}[‘ T %E‘ ﬂ:*jﬁ? il ( ﬁn MBF) E/‘J Boutros F, Struc V and Damer N. 2024. AdaDistill: adaptive knowledge
'l‘i ﬁ% ° 7{ 1JB-B %ﬂ 1JB-C ﬁﬁ%i s %], FAR = 1E-5 distillation for deep face recognition//Proceedings of the 18th Euro-



$31% /5 8H] /2026 £ 8 A

B, KXY, FRHE, DFE, HIEM
H R AR ZH R AIRZE BT A

pean Conference on Computer Vision. Milan, Italy: Springer: 163-
182 [DOI: 10.1007/978-3-031-73001-6_10]

Chen S, Liu Y, Gao X and Han Z. 2018. MobileFaceNets: efficient
CNNs for accurate real-time face verification on mobile devices//
Proceedings of the 13th Chinese Conference on Biometric Recogni-
tion. Urumgqi, China: Springer: 428-438 [DOI: 10.1007/978-3-
319-97909-0_46 |

Deng J K, Guo J, Xue N N and Zafeiriou S. 2019. ArcFace: additive
angular margin loss for deep face recognition//Proceedings of 2019
IEEE/CVFE Conference on Computer Vision and Pattern Recogni-
tion. Long Beach, USA: IEEE: 4685-4694 [ DOI: 10.1109/CVPR.
2019.00482 ]

Duong C N, Luu K, Quach K G and Le N. 2019. ShrinkTeaNet: million-
scale lightweight face recognition via shrinking teacher-student net-
works [ EB/OL]. [2019-05-25].
https://arxiv.org/pdf/1905.10620.pdf

Feng Y S, Wang H, Hu H R, Yu L, Wang W and Wang S Y. 2020.
Triplet distillation for deep face recognition//Proceedings of 2020
IEEE International Conference on Image Processing (ICIP). Abu
Dhabi, UAE: IEEE: 808-812 [DOI: 10.1109/ICIP40778.2020.
9190651 |

George A, Ecabert C, Shahreza H O, Kotwal K and Marcel S. 2024.
EdgeFace: efficient face recognition model for edge devices. IEEE
Transactions on Biometrics, Behavior, and Identity Science, 6(2) :
158-168 [ DOI: 10.1109/TBIOM.2024.3352164

Guo Y D, Zhang L, Hu Y X, He X D and Gao J F. 2016. MS-Celeb-
IM: a dataset and benchmark for large-scale face recognition//Pro-
ceedings of the 14th European Conference on Computer Vision.
Amsterdam, the Netherlands: Springer: 87-102 [DOI: 10.1109/
FG.2019.8756593 |

He KM, Fan HQ, Wu Y X, Xie S N and Girshick R. 2020. Momentum
contrast for unsupervised visual representation learning//Proceed-
ings of 2020 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. Seattle, USA: IEEE: 9726-9735 [DOI: 10.
1109/CVPR42600.2020.00975 ]

He KM, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, USA:
IEEE: 770-778 [ DOI: 10.1109/CVPR.2016.90 |

Hinton G, Vinyals O and Dean J. 2015. Distilling the knowledge in a
neural network [ EB/OL]. [2015-03-09].
https://arxiv.org/pdf/1503.02531.pdf

Huang Y G, Wang Y H, Tai Y, Liu X M, Shen P C, Li S X, et al.
2020. CurricularFace: adaptive curriculum learning loss for deep
face recognition//Proceedings of 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle, USA: IEEE:
5900-5909 [ DOI: 10.1109/CVPR42600.2020.00594 |

Huang Y G, Wu J X, Xu X K and Ding S H. 2022. Evaluation-oriented

knowledge distillation for deep face recognition//Proceedings of

2022 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition. New Orleans, USA: IEEE: 18719-18728 [DOI: 10.
1109/CVPR52688.2022.01818 ]

Kim M, Jain A K and Liu X M. 2022. AdaFace: quality adaptive margin
for face recognition//Proceedings of 2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New Orleans, USA:
IEEE: 18729-18738 [DOI: 10.1109/CVPR52688.2022.01819 ]

Kim Y, Park J, Jang Y, Ali M, Oh T H and Bae S H. 2021. Distilling
global and local logits with densely connected relations//Proceed-
ings of 2021 IEEE/CVF International Conference on Computer
Vision. Montreal, Canada: IEEE: 6270-6280 [DOI: 10.1109/
1CCV48922.2021.00623 ]

LiJZ, Guo Z D, Li H, Han S, Baek ] W, Yang M, et al. 2023.
Rethinking feature-based knowledge distillation for face recogni-
tion//Proceedings of 2023 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Vancouver, Canada: IEEE:
20156-20165 [DOI: 10.1109/CVPR52729.2023.01930 ]

Mishra D and Uikey R. 2025. Unified knowledge distillation framework :
fine-grained alignment and geometric relationship preservation for
deep face recognition [ EB/OL]. [2025-08-15].
https://arxiv.org/pdf/2508.11376.pdf

Park W, Kim D, Lu Y and Cho M. 2019. Relational knowledge distilla-
tion//Proceedings of 2019 IEEE/CVFE Conference on Computer
Vision and Pattern Recognition. Long Beach, USA: IEEE: 3962-
3971 [DOI: 10.1109/CVPR.2019.00409 ]

Peng BY, Jin X, LiD D, Zhou SF, Wu Y C, Liu Y H, et al. 2019.
Correlation congruence for knowledge distillation//Proceedings of
2019 IEEE/CVF International Conference on Computer Vision.
Seoul, Korea (South) : IEEE: 5006-5015 [DOI: 10.1109/ICCV.
2019.00511 ]

Romero A, Ballas N, Kahou S E, Chassang A, Gatta C and Bengio Y.
FitNets: hints for thin deep nets [ EB/OL]. [2014-12-19].
https://arxiv.org/pdf/1412.6550.pdf

Rousseeuw P J. 1987. Silhouettes: a graphical aid to the interpretation
and validation of cluster analysis. Journal of Computational and
Applied Mathematics, 20: 53-65 [DOI: 10.1016/0377-0427 (87)
90125-7]

Sang G L, Xiao S D and Zhao Q J. 2023. Soft threshold denoising and
video data fusion-relevant low-quality 3D face recognition. Journal
of Tmage and Graphics, 28 (5): 1434-1444 (S5, 1 B,
U 42 . 2023, 35 00 {25 W A0 ISR Bl il 15 PR IR BT 3 3 48\
R . b B PR DR % 4, 28(5) « 1434-1444) [DOL: 10.
11834/jig.220695 ]

Schroff F', Kalenichenko D and Philbin J. 2015. FaceNet: a unified embed-
ding for face recognition and clustering//Proceedings of 2015 IEEE
Conference on Computer Vision and Pattern Recognition. Boston,
USA: IEEE: 815-823 [DOI: 10.1109/CVPR.2015.7298682 ]

Van Der Maaten L and Hinton G. 2008. Visualizing data using t-SNE.
Journal of Machine Learning Research, 9(86): 2579-2605

2985



2986

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 8,Aug. 2026

Wang H, Wang Y T, Zhou Z, Ji X, Gong D H, Zhou J C, et al. 2018.
CosFace: large margin cosine loss for deep face recognition//Pro-
ceedings of 2018 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA: IEEE: 5265-5274
[DOI: 10.1109/CVPR.2018.00552 ]

Xie Z H, Li Y and Niu J Y. 2021. Hyperspectral face recognition based
on partition bands optimal selection and deep features. Journal of
Image and Graphics, 26(12) : 2870-2878 (&1, 2%, 44—
2021 A 73 BRATE AR D08 A IR BE AR 9 w5 063 A . v
B % B JE % d, 26 (12) : 2870-2878) [DOI: 10.11834/jig.
200158

Xing E P, Ng A'Y, Jordan M I and Russell S. 2002. Distance metric
learning, with application to clustering with side-information//Pro-
ceedings of the 16th International Conference on Neural Informa-
tion Processing Systems. [s.1.] : MIT Press: #2968683 [DOI: 10.
5555/2968618.2968683 |

YuZP, LiuJH, QnHY, WuY C, HuK, Tian] Y, et al. 2023. ICD-
face: intra-class compactness distillation for face recognition//Pro-
ceedings of 2023 IEEE/CVF International Conference on Computer
Vision. Paris, France: IEEE: 20985-20995 [DOI: 10.1109/
1CCV51070.2023.01924 ]

Zhao B R, Cui Q, Song R J, Qiu Y Y and Liang J J. 2022. Decoupled
knowledge distillation//Proceedings of 2022 IEEE/CVF Conference

on Computer Vision and Pattern Recognition. New Orleans, USA:
IEEE: 11943-11952 [DOI: 10.1109/CVPR52688.2022.01165 ]
Zhu Z, Huang G, Deng J K, Ye Y, Huang J J, Chen X Z, et al. 2021.
WebFace260M: a benchmark unveiling the power of million-scale
deep face recognition//Proceedings of 2021 IEEE/CVFE Conference
on Computer Vision and Pattern Recognition. Nashville, USA:

IEEE: 10487-10497 [DOI: 10.1109/CVPR46437.2021.01035

EE =T

&, B LTS AR, RS ) AR MR U AR
2#>J . E-mail:6233111055@stu.jiangnan.edu.cn

PO, BAEEE, 5, B, EEWTIT 0 RN L2t
A TCASURS D AN A R R BT TR IE

E-mail: ghli@jiangnan.edu.cn

SKRRK, T R TR, BT T 1) R A B e R
I AT SoCits % 11> E-mail : zhangfeifei@brmicro.com.cn
R, B AL R A EEARF T 0] g A R TR R
FF2¥>) . E-mail: 6233112034@stu.jiangnan.edu.cn

HAEFH, B LS AE , TSI 8 AR R AE U
JRr A PR FIIR 2 )

E-mail: 6233112011@stu.jiangnan.edu.cn



