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Abstract: Objective Face recognition (FR) has achieved remarkable progress in recent years, largely driven by deep
learning techniques and the availability of massive annotated face datasets. Large-scale models such as ResNet have dem-
onstrated excellent discriminative capability, but their deployment on resource-limited devices like mobile and embedded
systems remains highly challenging due to prohibitive computational and storage demands. Lightweight networks, such as
MobileFaceNet, can reduce complexity and enable real-time applications but often suffer a noticeable accuracy drop, espe-
cially under unconstrained and cross-domain conditions. To address this dilemma, knowledge distillation (KD) has been
introduced as an effective strategy for compressing large teacher models into smaller student models while retaining accu-

racy. However, conventional logit-based distillation is less effective in FR, since this task emphasizes discriminative fea-
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ture embeddings rather than direct classification logits, and faces additional challenges including extremely large class
space and flat soft targets. Recent works have explored feature-based or relational distillation, yet 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 while overlooking rich relational information embedded in the training data. Moti-
vated by these limitations, this paper proposes a novel two-stage contrastive knowledge distillation framework , termed TC-
Face, designed to simultaneously enhance stability, efficiency, and recognition accuracy in lightweight FR models.
Method The proposed TC-Face framework consists of two decoupled yet complementary stages. In Stage One, we intro-
duce 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 inter-sample relations derived from the teacher without being over-
whelmed by noisy gradients. To further improve robustness, a difficulty-aware weighting mechanism is employed. Each
training sample is adaptively assigned a weight according to its alignment difficulty :" simple and overly hard samples are
down-weighted, while moderately challenging samples contribute most to optimization. This balances the knowledge trans-
fer 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 overall loss integrates embed-
ding alignment, contrastive distribution matching, and adaptive weighting. In Stage Two, the student transitions from imi-
tation to independent optimization. Specifically, the classifier parameters pre-trained by the teacher are reused to initialize
the student classifier, reducing redundant training cost and accelerating convergence. With ArcFace-based angular margin
loss, the student network now learns to refine its feature space independently, exploring discriminative embeddings while
avoiding collapse into mere replicas of the teacher. To accelerate early-stage convergence, the classifier is trained with fro-
zen student parameters during the first epochs, followed by joint fine-tuning with shared learning rate schedules. This two-
stage decoupling ensures that the student first absorbs structured relational knowledge from the teacher, then refines its rep-
resentation capacity through direct discriminative optimization. Compared with single-stage or tightly coupled KD, TC-
Face balances imitation and independence, achieving both training stability and strong recognition accuracy. Result We
conduct extensive experiments on multiple public datasets to verify the effectiveness of TC-Face. Training is performed on
MSIMV2 and MSIMV3 datasets (5. 8M and 5. 1M images, respectively) , and evaluation covers seven widely used bench-
marks including LFW, AgeDB, CALFW, CPLFW, CFP-FP, MegaFace, 1JB-B, and 1JB-C. On lightweight backbone
MobileFaceNet (2. 06M parameters, 0. 45 GFLOPs) , our method consistently outperforms prior distillation strategies. For
example, as reported in Table 1, the silhouette coefficient of embeddings trained with vanilla ArcFace is 0. 200, while our
method improves it to 0. 236, surpassing even larger models such as ResNet18 (0. 224). This demonstrates superior intra-
class compactness and inter-class separability in the feature space. Ablation studies on the IJB-C dataset reveal the contri-
bution of each component. Using vanilla KD with MSE loss yields TAR@FAR=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%, respectively. Our full
method with adaptive weighting (CKD+) further raises accuracy to 93. 07% and 88. 33%. Varying the momentum update
rate for the teacher feature bank shows that A=0. 999 achieves the best balance, reaching TAR@FAR=93. 45% at le-4 and
88.51% at le-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 meth-
ods. On MegaFace, our student model achieves Rank-1 accuracy of 94. 2% and TAR@FAR=1e-6 of 87. 6%, outperform-
ing 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.
Importantly, despite the small capacity of the student network, our approach narrows the accuracy gap with teacher net-
works such as ResNet50 and ResNet100 while retaining over 10X efficiency advantages in parameter size and FLOPs.
Training efficiency is also significantly enhanced. Because Stage One avoids training a large classifier and leverages pre-
computed teacher features, the number of trainable parameters is reduced by approximately 47. 9M, and computation cost
is reduced by around 91% compared with standard KD pipelines. Moreover, initializing the classifier in Stage Two with

teacher parameters accelerates convergence, as shown in loss curves where TC-Face converges to a lower training loss with
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fewer epochs compared to conventional approaches. These efficiency gains make the method highly suitable for edge
deployment. Conclusion This work proposes TC-Face, a novel two-stage contrastive knowledge distillation framework for
lightweight face recognition. By decoupling imitation and discriminative optimization, 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, while the second stage enables independent embedding optimization with classi-
fier parameter sharing. Extensive experiments across seven benchmarks demonstrate that TC-Face not only improves accu-
racy by up to 5% TAR on challenging datasets like IJB-C but also accelerates training and maintains efficiency suitable for
mobile deployment. Compared to prior state-of-the-art KD methods, our approach achieves superior stability, faster conver-
gence, and more discriminative embeddings, thus setting 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 explore
extending this framework to other metric learning tasks, such as person re-identification or fine-grained visual categoriza-
tion, where structured relational knowledge and decoupled training could similarly enhance lightweight model performance.
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AR ICHT T ER B 5 B AL 1 DA ) 265 1)
FVREL R I 58 03 T 1 50040 4 0 N TE AR G L (B
T 5 Z R 274 W 4 MBF A5 — R A B BRI
AT A A A 24 50 R AR R BUM R 2R R 1 1ot
FE PRS2 i T HA PR R REAS (B 22 1 S Hfe

AP BIREAS ) o D fig g [al s, i 305 A T — R 5
T , AP BE S A AE oA o) v B REREAR , )7 Lo
WA o A s I 2R oA (5 B AR, 5

AT%E@%MW%@Q:Em@wﬂﬁ$ﬁ¢

FEAS o, BT A0 R Al 1 2 A R B0 R ik 23 A1
Z IR 22 5 (24 D, = 127 A R 465 (R Ak A0 800 19 245
ARFIESE RN FF) o P AR A e R -

Loy = %Zwil)i = %Sexp(_#’Di)Di (8)

i=1

A D, R HE R SN ANAL R B, > 0 2 FE il AL
FEm R OB OB B, AR E E LR
w, = exp( = wD,)o IBLF W A 2 B AR fa7 B RE AR
(D, =0, 1 w,D, ~ 0) FIEMEREA (D, > 1w, Hrp
w, — 0) AL , [RIB P e 7% i BLAT v A8 M B2 AR A
(D, ~ Vu)o KM, 25 G~ > 48 rp 7 4R 43t
(Y S A SO AR5 0 S 48] L 398 i o) T P AR
FRIE B R

Ry it — IR A A S [ TR R L T E R
TRSCEL T BT gl it R RRE R TR ALS . A2 (He 55,
2020) HhEE B - SR 1Y) JE A, I A O B REAE
JE AN S 28 SR 4ot , 338 o M s e R MR R AR ) A
FEME . HARE, X T B0 R B RS RRAE £, A
2P BN LRRAIE £, SR

fi= A+ (A=A ], (9)

XA el0.9, 101230 RE. BARME B
DR P2 2 5 BSOS AE 28 S8 9 5 2 A T 4% ) A
JIT AR A, (A5 A I 2 TE 127 2T B 00 I 28 FO AT
Ik A U] S B A O 246 0o 4 v T 3500 ) 246 v
MIZER R H EWRERE e
1.4 WHEIlZ

SR Y 5 30 R 2R TR A R S PR A SR R R
(U0 ArcFace ) BRG], 7ERE A YIS 72 rh oK
P PR AR 2T I 4 B REAE A3 A, 2000 5 2 R A
IRt B i Bl G T 8%, 25 5 1 e B 1
PHWSOATRE o SRR — i FHZE 1R 4 0% 25 PR 27
AU A B RRIEZS I PR R o X X — ]t , 42
T — P B GRS, 15 AT AR AR T TR
FA ST AR Z ] B 56 2R o

FEE — B B, I 2R i 0 B s e KA 22 A4 ™
L5 XTI 28 TR R R . ELARTT 5, 272 I 48 A
FOT £ 1 W T 2 o) HRRAE R SORRAE 3 A, 3
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B IR AR LA R R TE e HRAR R TR
SRR 5 SO R AR A 52 1 2 DR 45— 2, TR e A
R U b — 2L AR AR 2 i) B TLART O 2%, fili 2 A BE 68
AR ST A A 8] LSRN e & o (EARHE R,
P T2 A AN PO 46 30 L A7 A W 22, 2
PR JC 1 58 4 T BN v koA, DA o B
LR B RRIT RS MRAE R GRAL B AR T AS 2 e 2
AR S AL . o T 3k S U ZRBE A e BERE D5 ) =)
BRAE, 7EiZ B BeBR 1 1 2 AR R A BRI 25 ] ) BE
I3, (R AT RS T I e B A A 3 1
e — BB, YR X ] 9 3 44 52 49 R 3
TR , 2 A R 45 AN PR O ) R A 3, T a2t
BT 45 2% R L (U ArcFace) ST AR AL R AIE 25
], X —Br B AR T ikor e 5o B O i e
J1, TEEA AR IR AL R LR b, B AR
)i 52 N KU . SR e R IR AN R %07
AN 28 B R S v RO ZR IR A, i 2
WAL o T R o XCRE R BT T RE S AT 30 S0 2% 1R
{55 5 0 B 2 A AR b B2 90, A e A 5
WEAh , Shyitt— 25 R A — B B p sk, O B4R
e 2N Gt RS TR Y v S5, M 00 0 45311
GAT RN 73 F RS BRI UG 7 R A 1 73 2R 405
NI |, 532 88 I SRR R E — D20/
HRGs T 00 19 265 B 2 Bm) I A 5 — B B A
ZRINGRIY 432 X RE AT LLIK 3 2 A ) 25 E— 20 A
DT R 2R T B I ZR A IS Y . 5256
FW, IS A Y SE B B B S T, R 24
FEEI P B R PR RE RS 45 . WNIR 2 IR R AR Y
FOM M 2% THPURFAE , T3 22 A 4 S i A
PR o B AL A Bl R A P ST X e
R S il = e 5 O RFAE 25 [ 5% 0 8" —BirEe
NGRS B AR 2% 0 3R 7 2R 4% Bl 20 7328
ISR s SRR AR R, XA B B
G RS AN LG 5T 5 A X 45 08 00 TR B ) A%
R T HARRAE R AR 25 18] T4 B A o3 A Y
BT, DA S8 25 B T T S A IR I o .
e FNHLHIRE LRSS 2. 4735 HEFTEE A HEAN A 43T

2 £ I§

AR I A HE A BT 5T R RS A S

S5 LIGIEI TR TC-Face J5 2 A Rk
2.1 HEE5IEMIER

5 FH MSTIMV2 F1 MSTMV 3 I £5 fir 42t AR Y 5
5 e dE R 2518 (KD) r ik AT A P e, bk
P BE AT 2 MS-Celeb-1M (84, 7391405 580
Ji 1510 J5 3k %

SRS RIRL AR LA SRR AR EE T T
M, EHAr, LFW (labeled faces in the wild) .CFP-FP
(celebrities in frontal-profile) . CPLFW (cross-pose
labeled faces in the wild) . AgeDB (age database) I
CALFW (cross-age labeled faces in the wild ) f& A 7
S E R SR . A ISR AR AL IR
FAf BRI S E A AR FE L B EATE
P i oo A 38 B A AR B B R I R R )
B e Ab , i MegaFace 1 1JB-C (IARPA janus
benchmark-c) . IJB-B (IARPA janus benchmark-b) %%
P AR, 0 S HG P A 2 I L R R I . X Sl
i R KA B (0 B A e i L S SR8 Ak . RN
B RS b, B AT T IR RS S 5 T Y
BERIVERE , B 4N b R T 5 2807 Sy i 5 .
1E LFW . AgeDB .CA-LFW ,CPLFW F1 CFP-FP %k #ii 4
e HE RS FVTAR PSS UE A 28 (% ) PPAR AR
X} F 1JB-B Fl 1IB-C &4l 4 , R AR ME 1: 1IR A Sk
L, I RGN (FAR) A 1e-4 1 1e-5 I i) EL42
Z R (TAR) o X} F Megaface 3£ , fifi ] Rank-1 351
HERA R A TAR=1e-6 B (1 B0 UF HER S84 A IR I M g

T AN O -2 4 XF (IR100-MBF #1
IR50-MBF) Jf-75 45 Fh B of K2 ScHe h iy ik 5 L
A~ SOTA 52 4 X F- A7 L8, o T4 F L TR 100-
MBF 7t MSIMV3 | # 17 9l 5 , IR50-MBF X} 7
MSIMV2 [ 1%k,

2.2 LA

FE NS ME 55 v TS P 5 2 3 o A
DRSS 7R Aob $HE D) 45 B B A, AR 5 25 T T SCARUIR
AR XS 55 3 [ 5E B 112x112 43 3F 3 e )1l 2R
TR B B2 TR b o A B R o X6 T 2 o 285
¥ H ResNet100 (6515 J7 Z % Fil 12. 12Gflops) Fil
ResNet50(4359 75 50 F16. 34 Gflops) , ¥4 fdi H kA
ArcFace it & (N JESHs=64 , i1 HF m=0. 5) % 4§
TEAEFE VL 5120 X TR M4, IS HT Y SOTA
77—, K F MFN (206 J5 2 8 fi1 0. 45GFLOPs) .
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S f FH ) E B % #5 M ¢ 14th Gen Intel (R) Core
(TM) i9-14900 *fr ¢ &b 3 &5 | Nvidia GeForce RTX
4090 &~ o B T2 SO E T AR S OC &R
g ) AR B EEAR A, PR AR B — B B DI 2R
KIS HAR . TGS EE W T 4
4793 J3 (LA MSIMV3 ) , i 2 it 1 il Zrad 2 .
WA K 20T X 248 HE T PR e TR A7 P G A L kA A
B/ R E AT, LR T LKA — B B
YR AR T 20 91% . X 2% 2] R,
{5 FHHT TR BE B 4% 5% 2 > RAE T 51~ epoch M Te-
S AR MR N2 Te-1, SR FH A% % 3 K2 7 3 ik ]
le-8. %FFJF@M%FTW(SCDWEWM&%% ijJ%
470. 9, BLE FE I R 0. 0005, 31X 5 ArcFace — %L .
T 2 A FR bjj,11ﬂ”ﬁﬁ7k¥§mfz1fﬁjj§&%ﬁ
iﬁi BER R 0.5, HBSEECE T X Ht 2k A i)

BZ BTWE N 1 IWEITRRE I b At R R

R K 55T 1000, 980/ 1153 185 1 [R] B O g
f&%ﬂ’ﬂ‘/ﬁrﬁﬁﬁ%ﬁ FIEEM S R R E N
0.999. % i BN TR A B 7 , CKD A w B
{H 0. 9 X TP AS [R5 2R 30, A o F1 B 43 311 53
fi ok 0.3 F10.7. 55 I Bell 2, R ArcFace Bt
BORESHECON 64, 18 R 0. 5, 5 FH BTN 45 1) 55
R EW R T 2245 . HI 20 epoch, R4
MG S AN GEEREZ . 25, s
A R 2 AL AR ] 2 ) SRR L B B e K2R )
RWE N 1e-2, IFFHEAEE U LA B 58 508 R FCHE B .
2.3 TC-Face &R

TC-Face fff FIXF L 2R B T 4 NER R IR ZI 1Y
B, WnFE 2 BT, Horp mbf_vanilla £ 7~ 8 H Are-
Face(Deng %% ,2019) Yl 25 ) MBF #5) , mbf_ada /R
{ifi F adadistill (Boutros 25, 2024) JI| 2 1) MBF ., M3
(25 F 0T LB 2 S 0N 2 AR S B0 HS B vy
(56 B A, UEM] T AR R4 BB or 28
PERE, B E M TS H0E T 10£50) ResNet 18, 7£
I 0 A 5 i B SR 2 A I 2 2 2] AT 1Y)
ZEIRA PIAREAR 8] DG R, 0 SR A7 3800 N 265 19 A
For. WME4AFTR, ZAMFRE R T AR IH 10
=F A UM 25 2 (B A RRAE HL 3
A MR T H—LE R . BARZE AR

LI 7 24 AR RO RRAE Z [ A A S R 5 (1
A AR P 2R B A I 2% 9 U — AR AR L P 2

®2 (ERAARRETEIILZE MBF F% 5 R
Table 2 Using different methods to train the simulation
coefficients of MBF

A mbf vanilla mbf_ada

mbf_ours  iresl8

I3H 0.200 0.210 0.236 0.224

LB IEE #Lélt:smr\
| R HR-2. 04

=) MWM #Hit=1. 00
R, k=100

i! ‘\I\ || l
i u*l'”h" .I“Elgui“il\‘\l\rl “|“||\ f t: hl ‘”rp ‘\ m

o 20 40 60 80 100 100

(a) BERHEIE(H (b) B AR E (5
((a) Modulus length channel value (b) Standardized modulus

length channel value)
P4 At 5 O R 2% AR IR T L
Fig. 4 Comparison of characteristics between student and

teacher networks

P AR AR R B M 2S5 R 19 £ L 38 22 [
SEIT VA AR YIRS R B, 3l A el oy
KSR 7 A5y 4% . TERT A epoch i,
OREE 71 N 26 R B2 LUB e 8, &l 5 s, 7
W FE R ] DGR G T e . 25, 4 H]
=25 o) FH 2 LR 28R 3 e A% BB FE I, ] LA
WE BN St 2k WP 3N , SR o N B, S BUR

WS, SEGEIAT AT L W B By
WS B AR A B 2K , R W] TC-Face 7217 Il 2 h
B o XM S B R T S e 7k
MK TR ZR B PERE , BB T B AR 2R
2.4 SHRELEASR

S — W BOE Rl TR — B B 2R EilEAT T — &R
SITH RS, 78 1UB-C B4l % (7E TAR@FAR=1e-4

T T T T T T T T T
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Rk
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Fig. 5 Comparison of training loss values of different
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AR LU AR PR T O R (3R
3)o B, WFSE T AN 25 0 S X A AR v e
Y520 . SEEH ] T {2 MSE #12k . CKD F1 CKD+
SR, 5 AU MSE 51 2 M FE , CKD #5 7 Hf %
P B T 1.52%, 1 CKD+ 3 i 5 o o 42 T
1. 78%, #%: N, 3R T4 Fe bt 2k v BA B K B il 5%
M, F K A BB Feifpei A M 28 ML i rp 2 S 2 H
B ARSI TR AR . MBS K R O 10,
000 Bf, HEBAPEH: 2 N RE T 21. 42%. SLIRE5 R KR
2 AF K R R 1000 Fif 8505 i -, 0 ot s F v
W% IR, SRR 2O RR AR R 19 3l T R S BN
BN N T ECBOMRRAE R R e, (45 25 A R 2%
PR — B Brit 2 b FRAR R ARAE 25 18], A& A
D28 e 2 L, SEBG R B K N IEE S 0. 999 1]
AT EE

S T B R AR T B SR AT T T sl AT
5, MNFAFTR . BERFW AT I Bl g

R R e SR A P < N T | B S R
THE B B2 IR - {5 MSTMV2 T MSIMV3 1R
YIBEHREE . H45 T UB-C | FAR N 1e-4 (9 A
IS UF TAR, 25 E MSIMV2 ISR E R 50—
B B I 250 R 1 4 R T 2 4. 6%, 1T AR MSTMV3
BT 1 1% M o KRR 5R 9% 7 B
% 1B LAt T KD A9 A UM IR0 oAb,
WLE2 3 55— B B Il 25 J5 AR A5 00 R 1E R R AR A AR
X R R o — B B 2 SO TR IR 2 A N 4 X A
MM RRE . AL 2R 58 B Belll 2R i %
A W FR R H A B AE 2 8], T AR AT 0
FURRAE o PRIIL, AR AIE e B 8, 0F — 20 46 & T ME A
Mo [ R T HEBBE LRI BL 2 (5t 2 25 4 51
IRt T ISR . RS TR BA iR
WS 18 (5 2 i i ArcFace #H EG ), 134 2 HE R
B BN 25 S s B o ) e 4

R3 HELZIR

Table 3 Ablation experiment

1JB-C
T il ST 56 ik
le—4 le-5
ResNet50(Teacher) 96.05 93.96
MFN+Vanilla KD 23 3(2) 91.29 79.79
DZEW Tk MEFN+CKD 2 X(6) 92.81 84.24
MFN+CKD*/A2(8) 93.07 88.33
MFN+CKD* k=10000 71.74 49.51
2VERE JE /N MFN+CKD* k=512(N) 92.81 85.93
MFN+CKD*,k=1000 93.07 88.33
MFN+CKD* k=1000,A=0.9 73.64 57.00
3T R MFN+CKD*k=1000,\=0.99 92.48 85.16
MFN+CKD",k=1000,A=0.999 93.45 88.51

2.5 5SOTA7iEmtLE

P2SCH — B B fit F B A =X (6) Ir ik Fr
TC-Face, — B Bl FHEI A 2 (8) FRA TC-Face+, % X
it T TC-Face Fll TC-Face+ ) &5 2k PEfE , B RS2
AR 2. 2 HEAT T A FERS MR 6, Sl
KD J5 1 (Peng 25,2019 ; Park £ ,2019) il FR 455 KD
(Huang & 20221145 ,2023; Boutros % ,2024 ; Mishra
45 ,2025) I AT T LUER AN R BT XTI RZE

T IR B AT T 3L, 43 ) /& ArcFace (£
5 47 ) (Deng %5, 2019) fil AdaFace (Kim %5 ,
2022) . IR50-MBF & H (1% 52 50 8 51 A (Li 5%
2023; Boutros 4, 2024 ) , 1fii IR100-MBF 2 77 ) 52 56
v & cea il NG TR

TEWI R L5635 & A7, TC-Face 75 K 285G 4
IR e PRl SRR B A T
LFW .CFP-FP ,AgeDB-30 ,CA-LFW il CPLFW %5/NERL
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R4 EARXWIZEMMETOFERRK R IB-C#
Table 4 Feature norm and IJB—C accuracy under differ-

ent experimental settings and stages

S5 [ B SRIRUSN 1JB-C
BB 1.37 85.79
IR50-MBF
BB 4.60 89.70
BB 0.75 91.24
IR100-MBF
£ = 439 92.17

B IE S E b AR SO IR T 76X S50 d 4 [ i o
FF-HME (Avg) , TC-Face £ I1X BB 45 40, 7E
IR100-MBF F1 IR50-MBF A9 i% & T , TC-Face' 7 [t
Unified KD 5% 25 387 P24 SR & T 0. 24%
0. 68, Fr$EH 175 B AE TIB-C Al TJB-B 25 KA B4
£ R A, HIRMF, £ IR100-MBFIXE T,
TC-Face fE IJB-B | TAR@FAR=1e-5 i} 35 15 1. 89%
P o A= B[ R e £ MegaFace FEUE I, TR
()5 B T A VAR T8 b L R 2R 3 etk . TC-

Face 7E °F 4 I+ # 8 5 5 SOTA J7 5 0. 88% #01
1. 23%, 1] TC-Face' ¥t — 0 PEREHYS t5 17 1. 18%
1. 55%.

3 &

ASCHR T — i [ 42 R TR A R Y B
X RN IRZE I HEZE TC-Face., %7 ¥ ol id 3l 2
TR 2R, 5| T2 AR R 2% R 2% ) AR 7R
PRFIE I R 254 s Bt L 76568 — 9 BORI F B0m o3 2348
BRI 22 A 40 26 s T 45 G ArcFace #1710
S EE R TC-Face B F T+ T 2 LA AL (4n
MBF) ¥ BE . 7F 1JB-B Fl 1JB-C %45 £ I, X FAR=
le-5 B, TAR # 4 i £ I8 /7 1 UnifiedKD $2 F+ T
1. 89%, Iir A Ficdis 4 V- 348 i & 0 5k 1. 55%.
TH RS 5 B UE T AR SCA R . TSR IR A PR
il , ASCI IR A FEE 2 R RN 4 i T
WEo JEEEWESE 5 b A T Z 0% i Ak I 2% 150
TR A B

£S5 IR100-MBF 7K &£ ERI 58
Table 5 IR100—MBF score on the test set

11

1JB-C 1JB-B MegaFace
Irik Avg
le—4 le=5 le—4 le=5 Id Ver IdR)  Ver(R)
IR100(teacher) 97.48 9873 9898 9345  88.65 81.03 9698  98.14 9834
MBF(student) 94.19 8936 8192  87.28  74.88 7574  91.02  91.15 9295
FitNet(Romero%#,2014) 9581  93.58  89.85  92.69 8658  79.16 9224 9526 9581
KD(Hinton %,2014) 9538  93.66 9024  91.60  84.50  77.85 9257  93.19  94.23
CCKD(Peng%,2019) 95.04 9342 8998  91.32 8502 7753 9226 9279  93.83
RKD(Park %,2019) 9535 9326  89.40  90.98  84.62  77.97 9340  93.66  95.02
ShrinkTeaNet( Duong %5 ,2019) 95.18 9328  89.59 ~ 91.10  84.64  77.84 9233  93.12  93.95
EKD(Huang %5,2022) 95.05 9323  89.50  91.05 8350 . 77.82 9240 9342 . 93.01
TH-KD(Ben%§,2022) 9533 9338  88.81 9246  86.04 7894 9414 9507 9527
AdaFace(Kim%,2022) 9550  93.82  89.68  91.94 8649 7839 9262 9465  95.12
AdaDistill (Boutros %5,2024) 9533 93.69 9043  91.56 8591  77.03 9179 9250  93.50
UnifiedKD (Mishra 45,2025 ) 95.48 9387 9028  91.64  86.07  77.34 9192 9298  94.12
TC-Face(ours) 9588  94.63  91.57  92.61  87.48 7937 9465 9580  96.14
TC-Face+(ours) 96.17 9475 9217 9293 8796 7953 9499 9622  96.50

T L PO BEF AL fEL. IR (A
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Table 6 IR50—-MBF score on the test set

1JB-C 1JB-B MegaFace
ik Avg
le=4~ le-5 le-4  le=5 1d Ver  Id(R) Ver(R)
IR50(teacher) 96.78 96.05 93.96 9345 88.65 80.62 96.83 98.14 9834
MBF(student) 94.01 89.13  81.65 87.07 74.63 7552 90.80 9091 9271
FitNet(Romero %,2014) 94.07 8776 7371 8635 70.19 7581 90.07 91.16  92.34
KD(Hinton %5 ,2014) 94.00 88.37 80.39 86.08 7430 7581 90.80 91.02 9241
CCKD(Peng%,2019) 94.18 87.99 7875 8653 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 90.56 9073 92.03
EKD(Huang 4§ ,2022) 94.39 90.48  84.00 8835 76.60 7554 91.02 9126  93.08
SH-KD(Ben 4,2022) - 91.75  85.76 - - - - 9251  93.93
ReFO(Li%:,2022) - 9126  85.56 - - - - 9238  93.02
ReFO+(Li%,2022) - 9241  87.02 - - - - 92.41 9375
AdaFace (Kim %,2022) 95.24 9353 .89.33 91.85 83.89 7817 9228 9453 9507
AdaDistill (Boutros % ,2024) 95.43 9327 89.32 9121 8413 7639 9154 9212 . 93.32
UnifiedKD(Mishra %5 ,2025) 95.52 9296 89.21 91.44 8316 7556 9234 9272 9458
TC~Face(ours) 96.78 9378 89.70 91.72 8343 7861 9473 95.69  96.31
TC-Face+(ours) 94.01 9393  89.74 9201 8395 7928 9480 9587  96.52
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