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Abstract

In binary classification tasks of machine learning, loss functions are pivotal in determining model
performance. Nevertheless, traditional loss functions frequently fail to directly optimize critical
evaluation metrics like accuracy and F1-score. Aiming at this problem, this study integrates two
innovative approaches and proposes the Score-Oriented Loss with approximate Heaviside function
(SOLH). The research approximates the Heaviside step function with a gradient-friendly function,
regards the classification threshold as a random variable, and calculates the expectation of the

XESH: AT DRGSR BRI R D). Siit2: 5 R, 2025, 14(7): 115-123.
DOI: 10.12677/5a.2025.147189


https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2025.147189
https://doi.org/10.12677/sa.2025.147189
https://www.hanspub.org/

EIES S

approximate step function, thus achieving end-to-end differentiability of evaluation metrics and
constructing the loss function. Theoretical analysis indicates that this loss function meets the
Lipschitz continuity condition, rendering it suitable for optimization. Experiments conducted on the
AIDS Clinical Trials Group dataset show that when optimizing for the F1-score, SOLH outperforms
baseline methods significantly. When it comes to accuracy optimization, although SOLH lags slightly
behind the binary cross-entropy loss function, it still surpasses other baseline methods. This study
successfully combines two cutting-edge concepts, bridging the gap between training and evaluation.
It not only offers a theoretical foundation for the properties of loss functions but also validates the
effectiveness of improving model performance through experiments, opening up new avenues for
the research and practical application of loss function design in the field of machine learning.
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1. 5|8

TENLE 2 21808, JUH R e FAESSH, HURREN R T R e 2 o0 B2, ARk
PR, WA SUEPUR, BARTEVF 25 FPRIR L, (HENIEA LR B 1 sl it A8 3 7E R e VP
fhfabr LRI B, 2 XOREHRIFABE E MR Accuracy BX F1 370554645, 10X S48 bR 7E SLBR
MR EE, Kk, FFREAN— BERR Ok R, R 7R I o R v B R
FEOCAIX Le OB () PEREFR A o

EXFERE =T, WiEEA TR A CE S R T HRIFER, F. Marchett (2022) [1]#&H T —Fpkk
TR G FE P 2 B 8, B89 5 M) 45 5 (Score-Oriented Loss, SOL) BRI, 1% bR S0 VFE I ZRB B 2%
oHh i KA RERS 7, MM AE VI G #2 B3 I R PP B AR I VERE . N. Tso (2022) [2]M A\ 55—/ F B HH
Ko PEH T — R T HRAEIRE R S — IRV HESE . 1% 5158 B Heaviside [ K eR 2501 7T Al fA A
Je | NREE SR @ FERE S AR BB IE HREAE, AT A BT & M PRAS Fabm ol 3, [ 1S 7E VI i RE rh Re i B 4%
AL E BT REFE AR o

TEARH, B HITIX PR RN T, 2 e G WA E g — MR sk s, JEEeqifE
G W AR EE 2 A AR 4R BRI R . ARSI IR AN BRI LE 7 vk, AT DUOANLES 5 2] Ak
W e A SE g F S A IMEM S E /G 7R .

A FBEGTERAI R 1) 8 f S B R VR IE A M A A SR VRS R R I T ik, BRI T — Rl A R L
2) XA AT IS o0 M 3) I SIS S5 LR LR T vEAR L, R B A SO VR R AT R
2. HHXTIE
2.1. EZHEIR

TEAEG I e IR m i, JRIEHMERE— e TR, HTF ISR nriae. il B EKiEs:
) T ARE 2 1 480 R B BRI R AR 2, (ELIX A R L () s 343 AR 0 i 2 PR 1 BB VPAy 7 I 35 R

VP ={piPyoer p, | BRI IRER LSS YV = {1, 3y,00 0, | IR RIAESEARRE, 7€ (0,1) NBIME,
H (p,7) N Heaviside BR#]:

=1
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0 ifp<r,

H(p’r):{l if p>r. M

TS IR EFE P TR T LRI A
TP:Zn:y[H(pi’T)’ FN:iyi(l_H(pr)),
P )
FP:Z(I—yi)H(pi,r), TN:Z(l_yi)(l_H(PwT))-

Horp TP 1 FN 43 AR FBA T (True Positives) FME [J] 7 (False Negatives)I1{E . FP I TN 73l AR AR FHPE
(False Positives) 1 L BH P (True Negatives)fI{H -

T VRIE FERE W] DA 3 4 K2 M REAS 7

Score = Score(TP,FN,FP,TN). 3)

22. BETHIERBEERNSZ

BT WIS VRVEHE BRI RS- T — PR ORI, K RERNLA— N BENLAR R, A A E . X
FhOTER A 7 RIS R NE S, IR R B A& M2 20 A R SR S e R e . HR O FE T
O R R AL, VPRV G BE Hh BB R PR Re TR bR g AT AL

BIME 7 e (0,1) WAL ABHLAL &, HMEBEEZRECN £ (7)), MEDMRENF(r), BA:

E, [H(p,r)] = j;H(p,T)f(r)dr :Iopf(r)dr =F(p). 4
A, SRR IE R ) T 3 W] AR R A
E[TP]:_znjyl.F(pi), E[FN]=Zn:yi(1—F(pl.)),
i=1 i=1 (5)

E[FP)=2(1-3)F (p). E[IN]=2(1-5)(1-F(p))
T T DA ST ST SRR 40 K bR B
Ly, =1-Score( E[TP],E[FN],E[FP],E[TN]). (6)
23. ETREREEENGE
T RPN GRAN VPl SR8 X 2 — 73 RAS 2 M 2200, T HAIRIAFE R 17 i3, (] Heaviside
IR bR ) T AR DA L 2 o P S S BE M A SR VR AL . SRS B SRR AR R T B 3

bR, WAL AL S RIE F R, IXFEA] DA T &5 VP R AR T, AT A IE 40 2k R
il Heaviside ik e % H' v

Tm

p-m ifp<r—7,

H = p.m3+(1—5—m{r+%”D ifp>z’+%",

p-m, +(0.5—m,7) otherwise. ()
0 1-20 o .
m, = ,  omy= ,  omy= . 1, =min{z,1-7}.
2 T,
r—_m m l—g—m
2
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HBHONE M e (0,0) IRESH S, CHEARENm . my A m, ML EGERK.
AR I 1 7E 2 T A

=Sy H (p7).  FN, =Y 5,(-H (p,.0),
i=1 i=1
) ; ®)
FP =3 (1-y)H' (p0), TN, =3 (1= y,)(1— H' (p,. 7).
i=1 i=l
AT, LA SO Tk T A 47k B
L, =1-Score(TP,,FN,,FP,,TN,). 9)

3. &R

ASCHR W T —Fhih & S VR VB FE R AR SR IR VB FE R TV, BP0 2% — 70 53 2R 28 1 I 25
MIPEAL IR ZIKIE’JE&IEﬁW/I\ﬁB?, e, HA T RIBE B U 5 BeeR B /Y AT I A
Heaviside FYEREREL. 2805, B BRMEMCA—DNBENIASE, ST R ek SR IAEE . X AR5 nT LUE T BB R
BRI I BRI TR FE R (48 AR o X B0 )7 vE AL 8 bm H A s 3 3y 1) AT Gl L 2% 1 380 0B 1) 404
BRI G e AT T RT DA AR R i 407 2K bR 4

BIfE 7 e (0,1) WAL ABHLAL &, HMEREERECN f(7), MEDMRENF(r), BA:

E. [H'(p,r J=J'OH1 p,r)f(r)dx

2p5(j Dz j j o<p<%,

2p5j@Lj)dr, %S p=<l,
2p 3
[ [(zpa 25) _3T+1}/(T)df, 0<p<2,
AR (10)
1 2p-1 1 3
102{(2]75—25)2_31+l}f(r)dr+J.; l:(2p5—25):+1:|f(r)d2', 2Pt
'fzpp[p(l—25)l+2§—0.5}f(r)dr, 0<p <%,
3 T
1 1 2p+l1 _ 1 3
+ j%[p(1—25);+25—0.5}](1)0114;3 [(1—25)?_;4—0.5}/(1)517, J5P<
21)3+1 p-t 3
e [(1-25) & +0.5}f(r)dr, Jepst
PRI, T LU R o K 0 B VRE R R O TC 3R 7T LA R
E[TR)=3 v [H (por)].  E[FN]=30,(1-E. [ (p.7)])
zznl inzl (11)
E[FPS]=Z(1—yi)Er[Hl(pi,T):|, E[TNS]:Z(I_yi)(l_Er[Hl(pi’r):')'
A7 IS oA
F(x)zx-l{0<x<l}. (12)

A7 TR 5L A
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FC(#’é)(x) :%(14-x;"u+%sin(x;‘ﬂ7rjjl{,u—5<x</1+§}+I{/1+5Sx<1}. (13)

T, T LLSE X Ly, 5195 (Score-Oriented Loss with approximate Heaviside funcation, SOLH) %1 F :
L,y =1-Score(E[TP],E[FN,],E[FP,],E[TN,]). (14)
4. B EAH
4.1. Lipschitz ZE4EM4
AN TSN THREMER [ XSRS R .. HAAEHRL>0, 5% vx,x, e X A:
£ (x) = f (3| < Ll = x,]. (15)

MR f 72 Lipschitz ZEZEH), i LKA f 1 Lipschitz # 4.
SEHE 4.1, (N. Tso (2022)) [2]4:1: Heaviside ¥l H' (p,7) /& Lipschitz #4:1, 3t Lipschitz # %t
N M =max{m,m,,my} , FHXvp,p, e[0,1]H:

|H! (p7)=H' (p,7)| < M|p, = p,|. (16)
HEH 41 HESH, FEFHE M >0, H18% vp,, p, €[0,1] F:
E,[H' (p,,0)|-E[H' (p.7)]| < [|H' (p17) = H' (P () dr
<M|p,-p,|[ f(r)dz (17)

:M|P1 —p2|-

FTLLE, [Hl (p,r)} #& Lipschitz L/ .
AN TER E[TR) R E.[H' (p,.7) | WZNEALE , Lipschitz 5192k k41 & (¥ Lipschitz M40k

\E[TP)(p))-E[TP])(p,)|= ‘ZlyE [H' (po7)] —gy,«Ef [#!(p,07)]

< é:y,'M|p1,i —p2,,~|

3
i=1
< M||p] —p2||1 :
K, HAbTTER E[FP),E[TN,], E[FN,] ti# 2 Lipschitz 2 {F
R Krzysztof Dembezynski (2017) [31FIM s, T IRIEH FERIFEAR WA 2 . Fg-Score % #RE Lip-
schitz JEZE ). X HA Lipschitz HELE R A R A1 98 2 Lipschitz JE4E 1), LA 2 Lipschitz 2 {4
IR EE E[TP, |, E[FP ], E[TN, ], E[FN, | 4L K 8 %1 L, 172 Lipschitz L) .

4.2. BEDH

Woe(x) NEEAR x FIHFER S, w BB RO RCE, IR A Y O RESR O p = G(WTC()C)) , Hrho 2
sigmoid PR %L,
I EE IR, B R R A

(18)

P~ p2,i|

OScore

OE[FF]

B OScore [ ] OScore
8E[TF§] v ’ aE[FN]

s

VWE[FR]+ OScore
6E[TN ]

s

w‘C’SOLH -

VWE[FNT]+

V,E[TN,]|. (19)
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TRVERE RS & TC R HIRR S «
VWE[TPS]:iyivwErl:Hl(pi’T):" VWE[FNS]:_iyivwErl:Hl(pi’T):l’
lznl i:] (20)
V.E[FR]=2(1-2)V,E, [H#'(p,.7) ]V, E[TN,] = 2 (-3 V.E, [H' (p.7)].
Hrp
V. E[H (p.7)]=V,E[H (p.7)]V,p, o
=V,E[H' (p.7)]p,(1-p)e()
V,E [H'(p.r)| #RWT:
V,E[H' (p.7)]
25{[22_‘1](57) r—f(2p)+_[i—d;;(_r) r} 03p<%,
e s, 1 (2p+ 1
25|:J2p}+1gd7 3f( 3 ):| 4<P<1
ZTP f(r) 2 (2p),_ 3
28] 2_—3Tdr+§f[Tj(l 5), 0P <7
+
L), e f(0) 3 @)
25{]02_31 adl T |+201-6) f(2p-1), s,
[2(1-26)L f(ear+ 257 (20)+ f( j((s ), 0<p <1,
3 T
2 L A 2 2p+1) 1 3
+ j%(l 25)— T )dr+j (1-25) Tf( r)dr+= (5 l)f( 3”)+ 5f( p;} 1<
2 e —rsf[zl’”j (26-2) 7 (291, Spar
PAHERS 2 H bR 453 2% R 2R
V. Loy = —%i(zyl. ~WWV,E.[H (p.7)]p,(1-p,)e(x). (23)
LA F1 Score Ay H B R4 2% R Hi R4 2«
V. Lo =
28309, . (1 (55)] (1= )e() |24 S0-209,£, [ (5.5)] 0. (- )e() | 21
) (24+BY’ ’
o
A:Zn:yiEr[Hl(PnT)Ja
' (25)

B= _z( v)E[H' (p,, T)]+y(1 E[H'(p. T)])
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5. SEIR4ER

AR YRS B Bt FE 380 AR BCHE SRR T S e AR I8 2L AT T B 4R (4] BB SR & A X2 H AIDS
(1 B BT ORAE ST B A 7 K15 B o SBIE BT 1996 KA. TIAT55 72 Wil &4~ 3 = B AE
AR A A ZET . SRR T 2139 MREA, HAPIESRM LN 24.36%.

KSR T — TR E ML, AT A EREGENE), B2 5 ERM ReLU B Mm%, 5IA
JEZt, JFHINA Dropout JZH T IEMML. ASCRA T Adam ALSFIL[S], ZEEA U TS 5T 5%
B THERRE R WAET R . SHCER O NABERE L A AR A & A AR AR H AR AL S
BOM B B ) ) R RS ECE ERREE G TR

ALAE 500 A epoch EHEATIIZE, 24 7 A epoch PIGIET BT 15 B BGE PR E DN T 5T
0.0001)if, &M T — AN HHE LA BT HERERAR 2, ASCHIE T HE# (Accuracy) M F1 15493
(F1-Score) EAI 1# & LA :

TP+TN
Accuracy = ,
TP+TN + FP+ FN
F1-Score :L.
2TP+ FP+ FN (26)

BRI EFHARZ A C(1,6) (FEu =05F 6 =01, 03, 0.5 KEHT), ACHETHH
1) =058 S5 2% (Binary Cross-Entropy Loss) 2 T #EEIRIEHMERIR £« T WSV 6 BE ) Bk
Ly, VSR E PRI ITIERIAR: Ly o ARG VP BRI BIE 0.5 15 5670 2 KA 1% 6 1) e AR BUAE 7 1Y)
PEREAR 3 RS RN ZR AR ERRI. N BRBENLI S, Seoea FE =X E LI i) 351E .

Table 1. Comparison of loss functions with accuracy as the target

< 1. LA Accuracy Jy B #REUHR SR R BAI ELER

Train Test
Loss
Epoch  Accuracy T Accuracy (7°) Accuracy Accuracy (7%)
BCELoss 93 0.8988 0.4267 0.9042 0.8591 0.8630
L, 77 0.8956 0.0633 0.9073 0.8455 0.8484
L, (c(05,0.1)) 55 0.8559 0.4167 0.8590 0.7930 0.7959
£,,(€(05,0.3)) 68 0.8575 0.2733 0.8629 0.8115 0.8066
£,,(€(05,0.5)) 84 0.9065 0.2067 0.9097 0.8494 0.8503
L, (u) 79 0.8949 0.1767 0.9065 0.8387 0.8416
£,,,,(€(0.5,0.1)) 58 0.8590 0.1500 0.8614 0.8008 0.8076
L, ((05.03)) 87 0.8949 0.1200 0.9081 0.8455 0.8533
£,,,,(¢(05,05)) 70 0.8917 0.1267 0.9034 0.8397 0.8455
Ly (1) 82 0.8925 0.0733 0.9073 0.8377 0.8377

ASCEET4 1 RN 2 saG B, XL Accuracy F1 F1-Score A H bR (40 2% R B E AT T R Gi LA
S3Ht. TELL Accuracy W HFRIISERRH( 1), £, (€(0.5,03)) RIULIKT BCELoss, HMNR A HERM:F ik
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0.8455, ffEEE NI 0.8533.

FELL F1-Score A HARMISER (3£ 2), £, (€(05.03)) 5 Ly, () EMIRSERDURAE, #T# % TBRIA
BI{E ) F1-Score 15434 0.7213, Ja3& X T E HEBI{HH) F1-Score 154379 0.7307

ZESITRY: RXHHMW L, £ F1-Score AT IRABE, REE Accuracy A A K
BCELoss, fH2ME T 5Lk £, LLI £, A ATHE Tt PRSI0 IL RS0 UE | O34 2% of SO B2 14 Re 4 1 77
T A 28501

Table 2. Comparison of loss functions with fl-score as the target

%% 2. LA F1-Score Jg E#RHI5 5 oF # AU EL 58

Train Test
Loss
Epoch  Fl-Score T F1-Score () F1-Score F1-Score ()
BCELoss 98 0.3167 0.7800 0.7800 0.7056 0.7203
L, 55 0.5367 0.7844 0.7844 0.6951 0.6926
£, (c(05,0.1)) 64 0.4933 0.7585 0.7585 0.6928 0.6864
£, (c(05,03)) 54 0.5233 0.7843 0.7843 0.6952 0.6952
£,,(¢(05.05)) 67 0.6000 0.7821 0.7821 0.7042 0.6931
Ly, (1) 57 0.5467 0.7908 0.7908 0.7078 0.7169
L., (¢(05,0.1)) 59 0.3633 0.7807 0.7807 0.7100 0.7179
L,,,(c(05,03)) 69 0.5600 0.7869 0.7869 0.7213 0.7123
£,,,(¢(05,05)) 52 0.3733 0.8025 0.8025 0.7018 0.7082
Loy (1) 59 0.4000 0.7892 0.7892 0.7187 0.7307
6. Lip

PRI IR AR e e W 2 — 0 SR A N B AT A RO U B R AR B (H BT B AR R ZRA DA
MR B A WATER S B AR AR W 2RI R b B AL PP AG Fa bR, AU ZRAN PP At
FEORFE B IMIRT 70 AR L fE

BT RIRIEFERE A D7 8 DR BB RENL A &, R 5 T R AR M 1 R i B, BRI
IPRPERESR bR . HAL AL T AN ZEWIA € B — B, T2 R BER A e A A AR T i ek g
ﬁ%?%ﬁﬁﬂﬁ%ﬁ%%o@ﬁ%%%ﬁﬁﬁﬁ@%ﬁ%%%éﬁ&mTM%,Mﬁa%ﬁﬁﬁ&ﬁ
FAAMS AL

BT B IRIE R BRI 7 V08 5 51N AT R AL Heaviside BREUCRIKAE S, M8 T — NMEI R fE v aT
CLiH AT R R AR 2R o L0 A T T AW i P BB A B0, JF HOE I R & RES R TRVE RE R
B FALES T . Heaviside BR BRI W] RO AU O) 1 78 I 10 A& FRIN AOBEE THERL, 7T DLA RGEAT
SHEH

ARSI S5 X PR T A1 T — B SR B Ly, » BEOT 0B X IR M BUN S, I
T BMERIBER AT, 98 T BURR S B IE R A 8 . BRI HTRI T Ly, 72 Lipschitz ZEZE1 . L4,
ASCHEIE IR %R RATYE, JF ERIL T H 7 RS P REIR T, JCHAZ X UL FL /55009 H AR
PERESRTT AR BT

AR, PRt — B0 FAZTTER AR T . WITERII AR, W LLRZTT iR TR B IRl PF A
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