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Abstract

In recent years, Compound-Protein Interaction (CPI) prediction has emerged as one of
the major research focuses within the field of computational chemistry. With the rapid
development of deep learning technologies, an increasing number of neural network-
based CPI prediction methods have been proposed and adopted. Among them,
Transformer models—which leverage the self-attention mechanism—offer strong
modeling capabilities and have thus become widely utilized. However, Transformer-
based approaches still face several challenges in CPI prediction tasks, such as high
computational costs and limited ability to capture three-dimensional spatial interactions,
which in turn affect predictive accuracy. To explore more effective methods beyond the
conventional Transformer architecture, we investigate possible improvements in model
design, input representation, and loss function strategy, aiming to enhance prediction
performance while potentially reducing computational burden. This thesis presents an
improved Transformer-based approach for CPI prediction by building upon the
architecture of CAT-CPI (Ying et al., 2022) and incorporating the compound feature
extraction technique used in TransformerCPI (Chen et al., 2020). TransformerCPI
generates atomic-level features from one-dimensional SMILES sequences, while CAT-
CPI utilizes two-dimensional compound images as input and applies convolutional
neural networks (CNNs) to learn local structural details, achieving promising results.
Our proposed model integrates both approaches by simultaneously using one-
dimensional atomic features and two-dimensional molecular images as inputs, allowing
complementary chemical structure information to enhance prediction capability.
Additionally, we explore alternative model architectures such as Performer and
Conformer to replace the standard Transformer, aiming to improve prediction accuracy
and computational efficiency. We also examine the impact of different loss functions
on training outcomes. Experiments conducted on the Human, Celegans, and Davis
datasets demonstrate that incorporating both atomic features and molecular images
yields better predictive performance compared to using molecular images alone.
Moreover, replacing the Transformer with Performer or Conformer models results in

moderate improvements in accuracy.

Keywords: Deep Learning, CPI, DTI, Molecular Images, Transformer
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Data Format Encoding Learning
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Data Format Encoding Learning
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Horg Hmai g4 32570047 5 % softmax Szt e B A AlEE R 4o
FEONCAVERGIR N L%
1. #+5ELQfrKiefS
2. 3R RAELEBSEEL > L e R AR AT/,
3. & * softmax Sn¥ciff 5 8%

4 Forl VIR g BB -

. QK"
Attention (Q,K,V) = softmax < )V (2.1)

Jax

- EREEL (Wy, W, Wy) #5 - B E 4 5 (Attention Head) -

R R, £

Feac]
X—n
Nu-

Transformer #-3] 7 % - R8¢ 7 5 BiL L 4 5 o & BL RS
WIZFeI R4 on S BIARAFERT AR I RO AP E 2 oL
LAR’E

1§t @ Yoefh RNN 22 CNN > Transformer 2 3 B 7] enfadk et 5 4 » Flpt
FUEFITEFECRBIVRER R pILL A PR j)\ B3¢ 2B
FEZ FopHEE P Ea A3 PRI HI PR RRG AT
PUE A R N RCE R R OB oo gt a3 r 7 s £ i 8 (Residual

Connection/Skip Connections) fr# ## i* 4| (Layer normalization) - & #i-3] {
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Pt efg T e & CPI3ERIY » 1% Transformer $-3]$t 39 F & 7o it £ 4
A EEER T A I Hoap s i 4 o 35 iR &g CPLAE
Bl FE R forc o

A p ZR3F 7 32 (Natural Language Processing,

% 4 e Transformer &2 X
NLP) ~ & "94 4% (Computer Vision, CV) ~ 3 F R EF T E £ 25 > 2534
- AR A E 3B o ehR' 4L Transformer 7 Multi-Head Self-Attention
TRIEREBAE S QKT M ERPRAEREAE S ON) > =HME R
O(N?) > Pl "3+ A4&F o H = > Transformer 82787 v 3 i & JEARRE (5 > w5
HIERBARATARF D RZEWTEMR G (M 3D A5 %) F
Transformer ¥ & JEHip 3 (T % i 4 #@233 o £ &k » @ 2L Transformer ¥ i@
¥ R AL 0 @ A S A Graph B~ 35 T3 3D BAPSH - AR
* @ % Transformer ¥ ac ¢ 4538 3D Z B¢ g3 7% o £.15 » Transformer 53]
¥R Rk R o R CPI FHELF T &7 n X
Transformer % % iEH & - AX NI PR -BFFF AR EA % a8
FI# s e A A i o T A B - 2 E 5 @ 3% Conformer [6] ~ Performer
[7] -~ Linformer [8] i3 Mamba [9] - 4p B 1§ iFlm& Pl ¢ &% = F 343 o
2.2.2 Conformer
& 2020 # ¢ Google % # civghm + @ 4% ) 7 #- Transformer 2 CNN ZE 455 & @ =
137 7 £ Conformer » %S¢ 16 = # & * > p # 3F § %3 (Automatic Speech
Recognition, ASR) kit o Transformer 92 Self-Attention Layer f < # [N 4%
P HCF G R vk o R ak 2L R B K IR icgF s & 220 CNN 0 Convolution
Layer ¥ 17 {43 e B By 3R i i » R A 2B AP 2 & X £ eh gl 7
R o Conformer £2¢ ﬁ { A_# i % & Self-Attention Layer 22 Convolution Layer
L p i gl o - Conformer Ji * »t 4 F * Eird bl L AR P PIF 2% Rk

WSz e B TERIA T 3 A e en Fengp T (B 0 7§ et
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( Layernorm ’
40 ms rate
P 4""""""'1
i ) i
i C(})?)nlforliner XN i 172 x
ocks
E % E \ [ Feed Forward Module ]
| e e e o e o e e 1 T
e 2
Dropout
40 m: rate [ Convolution Module ]

1
1
1
1
1
1
1
]
1
]
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
]
¥ i
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
]
1
1
1
1
1
1
1
1
1
1

1
1
1
1
1
]
1
1
1
]
1
1
1
]
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
' ) :
. 1
Liner | ( ; )‘ N

]
\ i
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
9

40 ms rate T [Mu]ti-Head Self Attention}
Convolution Module
Subsampling

10 ms rate T

e N 1/2 x
L SpecAug ) ‘ Feed Forward Module ’
10 ms rate T %

] 7 Conformer e & 78 4 > 31 % p [6]

el SRR A om0 H T e e - B3P B8 R g A ahlicdy 0 Blde s
+ ZHfrdd T A 7] o Conformer e e 78 4Bl 7 777 - & H 4 FFN & 5 5 &
2§ 3t block F & > ¢ * GLU (Gated Linear Unit) 1 5 % ff ficie @ chzband
Jrp e B 7E X AL 5 Macaron-style S o
2.2.3 Performer

Performer £_2021 # ¢ Krzysztof Choromanski % 4 #73% 1! e #& Transformer
FEE RN 2P ?)}?c A3t 418 5. Transformer © 9% gg p 1 % 4 (Multi-
Head Self-Attention, MHSA) ficle F4 5 E f P PFRFE 2 FAF e R cnfr iV AR
4 (Kernelized Attention) #+#1] o i %t Transformer =7 Self-Attention 3+ & 4§ f& &
5 ON?») - 2¥ N;;ﬁg?]» RAlE B 2@ L BAIFA (odv TR~ A
FETNF) @0 B A aeBiE 8 o a Performer #73% 1! ih Fast

Attention Via positive Orthogonal Random features (FAVOR+) Hjiv » Bl iE 1 T 5
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% 4 i 5+ (Positive Random Features) #-Jk & 7 ¥ 4% f% 7 Softmax Attention 1%

o

(Kernel) {71700 » 7 3 B4 ek '8 5 O(N)
E f8 @ = » Performer #-1# % Attention 3% & ;N iTiude™ @
Attention (Q,K,V) =~ ¢(Q) (¢p(K)TV) (2.2)

e p() Am e stadio¥-h (Q) B4t (K) PRI § B'gB kT R
P bR T 1 Softmax Prenfhih o T i oA FRILE 4 Y SsaEE s
PR e -

pteb o Performer v 3F % iE P B A Pk PR (nb_features) M i A B
BIFEY FRE O o § nb_features 48373t F B Attention Head A& pF »
Performer ¢4 7 iy 4 ¥ i iTH 1 7 gi&% Transformer 7% IR > @ H 3+ 5 s
PIBEF 4B ot PPN * W2 B A K RiE SR T & 3o B chizar s
B o
2.2.4 Linformer

i+ #_Sinong Wang % 4 % 2020 # 73k J¢03 ;% o Linformer % B %t p /1 3, 4
WP L 4 Erie 7 M A f# (Low-rank Matrix Decomposition) > #-3* 8 4F

FER T 2 BE MBI s 2R 0 P E FROE f @ ¥ Transformer

= »

o

N
N

CH TR USRI Y B T
2.2.5 Mamba

Performer {= Linformer 3% £ 2 ** Transformer #cig &0 2 > & Lz B d Albert
Gu fr Tri Dao t 2023 # &k den2 372 2 frd — ANk 5 B3] (SSM)
SR FIEHCEHE o SR 5 R SSM Sl Loy~ endilic 0 it Transformer
R LR A B AR AT SR AJEE B 2By (340 BATHCA T e R

5 Mamba 4 £33 ~ 4 AT ES KR ] Ao o
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2.3 CPI %] v AE

M A BT E - 3% Transformer ZE Jf#m CPI sg -3 > v ‘FK & CPI 3B =
P BiEARE RR s & oo

Interaction Probabilities

I

Fully Connected Layers
Interaction Vector
Protein Sequence l_““““- “““““-i Atom
Representation Transformer Decoder ' Representation
I I 1 I
E Encoder 1 GCN
1
i i |
! I: ConvlD+GLU i I 1
i H Compound Adjacent
i_____________ ] Embedding Matrix
i |
Protein Embedding |
T SMILES

Amino Acid Sequence

B 8 TransformerCPI s3] 28 4 > 31 * A [15]

TransformerCPI [15] & * Transformer #p i g # 4] kx5 ¥ SMILES &
S anE &M oo sZHCA 0 Transformer ch%EHE 0 & 7 RS B NS Fik
= Gated Convolutional Network (Gated CNN) » 12 % #-f% 75 % 11 mask operation
Bre A RRCA T R YRR R S ot BRI RERERE &9 % (label
reversal experiment) X PFEHAEFTE Y IIE L 3 Fce B8 5 H Al & 4f§°

DISAE [19] 2 % & %4 & 71 4t » (Distilled Sequence Alignment
Embedding) & - @& E#-E ML) » ARkie v FRADp EHNEFY A K
T dehded TR F|h& s 2 F o DISAE # 1% #r% Fd FTAR |2 H 5 A7
O (MSA) kFEFD F2Rahr M@ 850 30 Pahipfes it - 3287

7 %3¢ 1l* DISAE #gt » » & % ALBERT [20] i& {793/ 15 > £ 358
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Binding/Not Binding ‘—{ Interaction Vector H Attentive Pooling J

Compound Neural Compound Protein
SMILES Fingerprint Embedding Embedding
e = - e = )
Supervised Fine-Tuning
>

ALBERT
(Pre-trained)
Protein Sequence [ Distilled .
—
(Labeled) Protein Sentence ‘ LB A o1 Reshet
Transformer
i Module (FROZEN)
I‘\ \ A j ’
DISAE oo e —— g
[ Unsupervised é h i
Fine-Tuning ALBERT i
1
1
Protein Sequence Distilled . i
! Transformer i
Module i
\ ~ ;

N,

N ——— —— = e ——————————— —_———

. J

®] 9 MSA-Regularized Protein Sequence Transformer -3 38 4 > 31 % p [19]

Module-Based Fine-Tuning & {7 > £ %] % CPI 3¢ /#] (Whole-Genome CPI Prediction)>
PIFR R B AR T A e A i G Fehit B % & (Chemical Binding) - Bl 9 5 H ¢
)% 4 -

CAT-CPI[21] % & 7 CNN v Transformer % g ip] CPI- v & * CNN £ ¥ i
EF Bl b ma e £ @ * Transformer eh%38 BiiF 25 ¥ (Semantic
Learning) » F-v e ] £.i¢ * k-gram f # % o (Sliding Window Division)
FEREY o AAWBEL L P G Tt AR (Feature Map) 16 > Bfé ¢ *
Feature Relearning -7 fi# 1t & $»fridv B4 fcafn 3 F% e %‘ﬁ P PSR R]
B oo W10 3 H BRI -

MCL-DTI [22] f1* 7 4 7% 3 T3 (Multimodal Information) » /4 %] &_
AR e 13 B B FASTA TE A 85~ 0 L 26 P Y F e fore
BhendE oo gt b al o T e R L E 4 8 4] (Bidirectional Cross-Attention
Mechanism) & # & DTI cfic » H ¢ Multi-head Self Attention * & 3 $& 4% fc &
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Compound/Protein Feature Extraction

 SEEEEE—
Compound Protein
Image Sequence
CNN Block Sub Sequence
l Position Embedding I
Transformer Transformer
Encoder Encoder
Compound Protein
Feature Map Feature Map
\. N z J
~ P

Flatten

Compound
Feature Map

CNN Block MLP H FC layer ]—’ Prediction

Feature Relearning Module

B 10 CAT-CPI #7284 > 31 % p [21]

Eoenp 388 % > @ Multi-head Cross Attention | &_# %3 4% 2 4~ 22 ¥e 8L2 fF cijp
FOER AL A KA o W1 G A

MDL-CPI[23] %_-  Multi-View eE & £ % = 2 o ¥ A 4 * BERT-CNN
Fr GNN &2 3ov Firit S anFa L prsdd| i asrfiez &7 > ¥ e pFig * AE2
(Autoencoder in Autoencoder Networks) & fEB~3-v Firit &4 8 & 7 4p M dfF
BoFot o fE 5 M- AT o Autoencoder H - 8 e ndh BicfRm B2 B E 5 p
U FR S 1 g o 546 BERT-CNN ~ GNN 12 % AE2 iy o idh fde % 17 % &
B AR WA RS Pt S BER NI (EF Tl 4 R AT B 12
PRI

PerceiverCPI [24] #- CPI 4k 5 W jF (Regression) K 4% > ﬁis?l N S-S LR V]
Extended Connectivity Fingerprint (ECFP) fr4 + Bl % 7 » F9 B R| i * Tasks
Assessing Protein Embeddings (TAPE) %78 > ﬁa?] 41 % Binding Score o -3 ek 3+
M p % Perceiver IO [25] 4= Directed Message-Passing Neural Network (D-MPNN) »
I I LA PHRPCEFOTR RS LR 4 (Cross-

Attention) Bl F-d FenFiiue & 0 R A RCCPL enFsn o B 13 5 H 30
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-~ I

Feature
Feature Map Decorder Feature Map

Module
MCA Block MCA Block

———

Drug
Decoder

Target
Decoder

MSA Block MSA Block

4

Feature
Encorder
Module

Drug Image Input Chemical Features Input Target Sequence Input

" 4

B 12 MCL-DTI e45-3] 6 4 > 31 % p [22]

Proteiu
Autoencoder
g AE-net Prediction ’
Encoder De T Result
Compound

) 11 MDL-CPI 7 #C3] 2 4 > 31 % p [23]

e
CAT-DTI [26] & - f&.% & Cross-Attention #+]% Transformer 7 ’f#.ﬁ”"?ﬁ- B

B3 g BRI R TR G a4 o 3% 2 2 A3 GON &
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Compound Information Encoding
Atom
Drug Self.-
Compound Attention
Block
. Binding
) Protein Information Score
Protein Encnding
Residue |
Features
Interaction Module
@] 13 PerceiverCPl sii-d| 2% 4 - 51% A [24]
CNN-Transformer 2 & %n#% % 4~ B BE 4 o F BlE -0 B A 7% ﬁ_ BIT 2

Fricesg s HoAl51 ~ Cross-Attention oA iE (7 840 &1 3vi FTH Hcpe & > F ocdf
BRI M 55 HA ABARS IR R ¢ gl it 4 o CAT-DTI # *
Conditional Domain Adversarial Network (CDAN) i 7 3 ¥ -

SP-DTI [27] &~ f&'% & Fv F 7% Transformer % #Hif 97 >
# w3l ~ Subpocket A~ 47 2 I3 EH T MR o 3% 2 1% AlphaFold Ff
B39 & 3D ..‘%T]& » ¥ 3% i Cavity Identification and Analysis Routine (CAVIAR)
W B2 @ou| X 4 f2 Binding Pocket 3 % % Subpockets - #-3]f & ESM-2 &2
ChemBERTa FE 3" 34t » » i 12 Subpocket-Informed Transformer & 4 % 4 &2 3~
v e 3 %% oSP-DTI % Unseen Protein £ Cross-Domain B3¢ % JLIiEE

BIRE g g R chsg AL a4 e
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5% rahH

30 WAREMN A

Al A2 Transformer [5] <97 % > 2 CAT-CPI [21] 5 A & » % &

TransformerCPI [15] % SMILES & 7|chif§ = 5% > & 2 &30 8 450 o

2 o jxﬁf@]ﬁw#ﬁ&ﬁr@ 14 #5077 » A & & 20T B3

I &5 iy Aig * SMILES A 72 = d a3 Fjcfes BéEe b
+ B E 2D ek F Bl o 42 F € * GCN # 4 + B > CNN v Transformer
Encoder ¥4 + B i 7 F e B> 3]0 BHRIA e g Lo o

2. F9 FHAEPIEARY kgram B 2 %G9 TR AR LG BRI g

£ # * Transformer Encoder ¥t %8 {6 en3 B 7| (7 kB~ 93] - B H 2

I

w;:ha-
o

Sl it S B Red e &
3. R IHE SR R e BEL S - BATEAS R P ARA

MARRI £ e R AR AEE A 6

Compound

Embedding
Atom

Features
Compound Adjacent
SMILES Matrix

Compound Image

Image N Features
Transformer

. Encoder
Compound Feature Extraction Feature Vector

Protein Feature Extraction FC layer

Protein Protein Transformer Protein
Sequence Embedding Encoder Features Pradlieiiem

Bl 14 ~# 7 0 CPIERIHEA % 45
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3.1.1 &P FHRP
£ 4 0 SMILES Fi 7| 12 4% 14 8 S A 5130 5 bl4es 952 3 enR 3 ~
CEEfrF R AR GERLEAFEL LS DA FEREeRS TG M
S & 4 an SMILES B 7)1 5 03] e » > 2 1% RDKit 50 %11 & &
#-SMILES B 7# 4 5 A AT 4L 4o @) 15 #7577 1 - f4.4 F B (Molecular Graphs)-
d J+ ¥ jc (Atom Features) fr% i 4 (Covalent Bonds) = » ¥ — fp|&_ 2D
ek %+ Bl < (Molecular Images) - 2 ¢ » 3 Ficd - B x| 534w g ¢ 3
R+FA-RFRE T AR FH UG- RTZFAERF
WiERehi R i 2N E AT - AP AR P Ds I RAT S
G=W,E& H? VER™ I i3 cduh+ b ZBAT427 5 famksE
EA L ¢ ek B4EE > BEEL (Adjacency Matrix) A € R4 7 o ¥ - =

G i & g PR T g ] Gl R s g e R E s s

l““b

Bl ¥ it ginde2 ~ P ERFEG Mo GlicleE s BERAAFEE -

Reipd A Rt SR FREESAREALN B S HLESE Y (Multimodal
Learning) * & {7 CPLAfiR] - iv 59 b PF 1% Bl B0 ot > - H R 3
I o 5 AR k3 0 % Graph “Ti# 5430 L e Image T ez R L A
BHRED Rk REGREFRMPE T UENL 2o el mait 5 4o o pfRiD
CEF AT T L R F PR e S e ol A 8 B3 IR R R
B F Bt o AP Rt GOCN> BEFEHpERR T HEXEYF BRI O
Fon o A S Bt A > AR * fo CAT-CPI - 1% 5 CNN Block 7 #§ %4~ #
F P~ o ;=% CNN Block #_¢ Convolution Layer, Batch Normalization Layer,
Activation Layer {= Pooling Layer (& = 70 3% % ¢ * — 4 ¢ Transformer %% &

(i F & 22 3P ) 8- HRPFjc e b > AP EFIE 5 DR

(Feature Map) °
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SMILES

CC/C(=C(\C1=CC=CC=C1)/C Atom Feature
2=CC=C(C=C2)OCCN(C)C)/C R
3=CC=CC=C3 . ﬁ'

Y
.‘,,-Ii

..o ||
° AR A Adjacency
A e B Tl Matrix

T4 PRAE
=

Bl 15 hFg @& % it &4 TR o B o & 4% RDKit % SMILE & 5]
#& 4% = Image v Graph {$ &7 5 H-iL 5 ¥

312 36 AR

b3 ARBERS > 0 TR ORI BE ERFAF Y B %
EY AP 20 @A B APERT T kgam A% 2 BEFHT T
Bdv TRAGIAS S kK BEARE - BhF BA| > Btz dd B3 A
FEALE (Corpus)> 5 (6 B AEH2Z* c A2 23 MREE > Fv FAIF NG
WAL NSRPLE TR T AR ARGHEERER TN K
EA T o R Tk RIFM JRBI D+ RAY B2 N BF e o
W%y Fed s 27 «c FR7 LY 20 S5 RHARIFA R D

Transformer S8 & X @izt 3 B 71 > 5 (5 8 3] 3 FendF e -

3.1.3 g

4 BB T A g Reh R BFTY 5 AR E (Multilayer
Perceptron, MLP) £ 5 4 gt B @ 5| - BAThw £ o o487 i3 047 fa

FHUEF A R iedky T B0 L B TR CE R AT
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RisL &% CNN % B— e F15 CNN 3 220 g~ e g 4 - B
$iC G F e Foas i BaRie 7S EE T LG kB BB K enfp I (ER o
OO BPEBREPLSGESEE > NP AR e - Ao r - B2k (Fully
Connected Layer) - 14 g & {6 chiFfics £ 1% 5 ﬁi%l P gigjjr, A BHREND f A
Logits » ¥ 1% 1§ softmax @ Z 3 A 27V EF B v F2 B2 &
FFAER IERS S B Y IR E "*‘“Tﬁ@m&‘? WL ARRIE R o AN

Adam Optimizer % 74 £ 22 i it 7] 42 S o

3.2 Transformer 7§ - in§ B o &

» 13" % F Transformer 7 # % CPIAERIZ %7 ek » ApT 7 F (T 1 417
e AR 4 WA ¥4 0 4 Bl i CAT-CPI - Performer + Conformer 4 %
PerformerConformer ° izt 78 4% % & = »% Transformer Block %2 A # > & &
£k Xk mﬁl%l » ¥ i & 3£ Compound Image ~ Molecular Graph (% i GCN #%
B~ + #F ) £ Protein Sequence °

FPHEEFEHEEIET AR mﬁs?l >R EE R L e 0 ¢ 45 Compound Image
il 8 CNN - Protein Sequence il #f Embedding> & + 4F#cid iF 7 & GCN B~{F {2
BH B R E o T R A R RIRAIF R Y R - RePAg Sk o

Feos Tl fi o

3.2.1 CAT-CPI 2. % #-fa %< &

B 4e-i CAT-CPI ¥ g2 % p Compound Image £ Protein Sequence
Heo BHCAZEHE e 45 CNN #2475~ Compound Image e 11 % & *
embedding + Transformer &2 3-v & 71 > £ #-3 ki 2ty 5 HORE B fGR 7 p
EBapipl e LAY Y > AP iERT CAT-CPI i & 417 % Baseline » ¥ i€ -
*B:}?%foi—!ﬁi%l% KR 4o~ % = BHCAE  Molecular Graph (4 3+ Bl) T30 14 5%
=BT EE S EETE
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7 OB~ BT N AR TransformerCPL e j2 > H#-it & $ en
SMILES # it # 4 = Bt > &85 h+ ~# 5 £ §4 > £ * GCN (Graph
Convolutional Network) # P~k + & secnigipfifice 5 & CAT R4n3 1‘#?’%/&& » $L
M4+ GCN mﬁ‘i%J IV ¥ M 7 Reshape 2236 8 ad® > @ H i dE 5 85 B2 ik £

it (~ /] 5 BxIx256x256) £ ¥ Compoundimage f- Protein Sequence #7i¥

el
oy

e T il i MR B FREHE (Tensor Concatenation) o 45 4% {4 eh= H ik

B BACLEL T o ONN fEi® 1D % ffie- H R4 b3~ 2RRKE

B ORFE - R4 AR CAT 28 e MR 420 1 5u— 3% % Transformer
Block =nE R ¥ & (&]4- Embedding Dimension = 256 » Block #& & =4)> i%
% Baseline «H;é gk s AN i CAT F 4een Transformer Block 1% & 43 i
Bt Tk mgie iy Fi (4c Performer £ Conformer) /&
T o T B R ﬁ_ﬁs?] > HEA E F AR T B TR 0 3 % - K % Embedding
Dimension ~ Block #® ¥ MLP &) » W fx %3 B iE 4 ch- RP B OT M o
3.2.2 Performer
*F 3 @ % performer-pytorch % 2 %3 CAT-CPI e &, 4 #+] k 7 R Performer
7 1¢ o Performer % #§ FAVOR+ Hjis#-R 4 softmax AR TGS HaELiE
B AoV Q247 o i B AT B ARk 42 B2 nb features B 0 TPpR Bt {s chiE

AR B Al g R

1T i softmax M AEAER B E T ARG Ko Vi
performer-pytorch h§ 1F384& » 5 X P! Fxdp T > nb_features EK &
nb_features = |0.5 X dim_head| (3.1)

# ¢ dim_head = embedding dimension/num heads - 14 A% 7 73k T_5 ] 0§

embedding dimension = 256 * num heads =8 P¥ > dim_head = 32> ]yt

-

4y
o
™

nb_features = 16 -

Xd o PP apl R > 3] 0 nb_features ¢ F 3 Attention % 7 ¥ ife
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RE o E@ E A AR o FlPt > AFT Y - ¥ nb features T E ¥ B

\\\Xr
¢
by

FA R I (4e 3264 %) e A7 H HIE R R o

3.2.3 Conformer

4@ 7 #7770 R 40 Conformerblock ¢ 2w B4 & itk > & B 5 : FeedForward
(FFN) — Multi-Head Self-Attention (MHSA) — Convolution Module (Conv) —
FeedForward - = &+ #- % % & 7 LayerNorm ~ 7 % 1§ 527 dropout # {7 - A

:’

AAFTeF T o A0 FEiR2 W Block #FAld- RPFEH R > AN
Conformer Block # * #&_ Self-Attention *v } =& ¥ e & caff it 2 4

* & z Macaron %% GLU - S fificieid * i@ Depthwise Convolution

GELU &2 BatchNorm = » § »Af 38 b 8 R i 2E i 4 o

3.2.4 Performer-Conformer

% % & Performer 73+ % »x % ¥7 Conformer i o AP TR B
T2 ﬁé Performer-Conformer > ~ Y e {2 Conformer ¥ = Self-Attention i3
H# % Performer attention » % ¥ H & % T#%KEP_Z o Aip g * g7 Conformer 4p
¥ e > ¥ % nb_features K3t E F 4 S8k /g% Performer Attention 77

7}3:.]:3‘; °

33 4 sk

AP R-CPIFERIPERAR G - B A A SR 38 o #2005 48> R Fdp 4
(Cross-Entropy Loss) [10] & &% Lenp R dfce 2Ra A7 BR* ¥ » N PFIRER
AR CGIEA TG F KT AL

® w3 T

Rk CPI B f P > fed (FEETF LI % nit E4-F9 FH) 2 f KA
(R2300% chiv ff-Fod [TH) T v § 7 1BA 3 BHFDIR - d 3022 4

4B AT AT E R AR R 0 5 BRI L e TR S BN B B
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& CECUEE
® EANEHR AR 3 B
B CPL AF% > Rt Fod -1t £ 5 en TS RG AT SR A 4 o 2
B TEEAMHRA MR X T FRENERAMILE AR A AL
v B G SAg RE S o

P fRALGERE APFTIFRT FAEE A Sk ¢ 3B RGD
Cross-Entropy Loss ~ #-%F5f %] 7 T w1 48 @ 3K 3+ Focal Loss [11] ~ Asymmetric
Loss [12] ™ 2 34 S8R & anilng o #9350 %2 803 s w7 T HriRT™ ok

IR, o

331 L4 Skh
VLT IR g A 2 e g CPL E A e & i
®  Cross-Entropy Loss (Claude Shannon, 1948)

AR R Y dp A Sl HAWAT R ALA R BV @ R
TR RE BEL Vo R W F T 0k 41 o Cross-Entropy Loss 72> 3% 4e
Iy t"T’/:I' °

Leg =— Z yilogy; (3.2)
i
ooy HEFHRE ARG RIBF LG -
® Focal Loss (Lin et al., 2017)
50 f#iA-#E %A T R 4L > Focal Loss 5B A 5 A fffk Acrig & » R A L M
LA KA 0 BB L BSE W hE Y 2t % o Focal Loss 2 58 4o #rn o

Ly, = — Z a(1—9;)"y;logy; (3.3)

1

Y s ad KT AL o yARE Sl Fy >0 3§ R0
AT AT L B E o R IR R A DB Y LR -
® Asymmetric Loss (Ridnik et al., 2021)
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F4HiR s dg ] 2 T grenfin > Asymmetric Loss 35 #8 # e cnfl )48 4 k'8 i 4%
RPFE T I ADE Y o B A A g Ao
Asymmetric Loss 72 38 40T #75 o

o= { ~(A -9y logy, yi=1 3.4)
@) 1—y)logl—9), ;=0

e oyHey mulipdlz kr g f AL L -

332 REF4 Sk

B2 7% 4p #.*+ Cross-Entropy Loss » Focal Loss = Asymmetric Loss 32 :# F #3372 T
BPenTofl § o enB Y ik o e dek AR HT R R Y S FRIT L E
MER RS o T A Sulies § P INcaE R o 50 R PF]IT Cross-
Entropy Loss ¢ T 14¢2 Focal Loss h5x * § ' it 4 » A di - BR &34
3o (Hybrid Loss) #0 i » SR EA e N8 63 ¥ RAWAH T4
Behp & B4 Bk & i B o 12 Cross-Entropy Loss {v Focal Loss 2 & 5 &) »
A LT NS kg

Liybria = ALcg + (1 — ) Ly, (3.5)
He AZ 42 %98 > 4] Cross-Entropy Loss fv Focal Loss 2. B g & T {7 o A €
"EF P RpE e epoch d % %] > Tt — B 4> Cross-Entropy Loss e 5884 # >

i E_gREFPFR AR KA%-] > Focal Loss B2 2 4p & o ¥ ¢b4 ¥ 1= Focal Loss

$& = Asymmetric Loss > ,T%{:fc R3S FLp [ e Lyg o B EA B SN s

AP HA NS R LR R s R AR R Y N o
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YFr i REHRERE

41 3 TR

B CPLAERIBA et F % ~d ¥ g e §OBFFhCPIERE i3
BEREE - LTI d - B A - B U2 CPLRFLEG R
T e R (0 &

1) KT oo
wAF ¢ o i * Human [28], Celegans [28], 12 2 Davis[29] = f&F #L

FREFRS%H ? > Human fr Celegans #7¢ 3 enit & fedv Fendic® 4piT
PR f At BB 11 SR T e TR B o Davis i E ks R
BEIWMES D RAFKEF LR A T ERR G T OO G o A

v CAT-CPI g2 > 5% > BB B F AL &t 6|2 B TR ~ R & {oplR

FoAFTHREDEN ok | T o
21 AT TR DFHRE2Z B
Dataset Compounds Proteins Samples Positive Samples
Human 1,709 2,043 6,212 3,364
Celegans 1,723 1,708 7,511 3,893
Davis 68 379 11,103 1,506
4.2 t-SNE L4 v A 45

1A A TR PR HGE FARRE 2 47 AL & *  t-distributed Stochastic

Neighbor Embedding (#-SNE) [30] %5 "% &3 j* o -SNE & - fd L4 "% a3t

R ey

WA AR R TP ST S

CEET R

=3

L R R i BN S
HigRREE BRI AT RBTTY R AR DA R A F
RAPIFE A AARE L EEY BE @ AP iy)‘—‘ﬁa\gg:’ &m $hoT ‘}%E’L‘L%A\%iﬁé‘ﬁﬂ

d 3N AFT T AT R m:kifﬁ:qﬁ >R #B o -SNE ic F s et LR S R AR é_q*i
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(Celegans ~ Human ~ Davis) & {748 it - # ¢ » Compound {- Adjacency %t
E3l»+H G=0,86) -
% Human fr Celegans F# % 7 (B 15w 16)  Compound # fcdt » &r 1) 5
PRGOS FERG T fHRA4F B ERIPHFHLPRHFS 5 4L Human

78 e Compound *ﬂTﬁ r lfg‘;%«\g%% ~ig R AP wE 2 SMILES & 7|5
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AA#A SR F FAE F 24| N5 4 o Protein AR £ 2 0 BRARE B R
7 4 Compound - fe & Human FAL¥ + & 38 FBRE H 1§ & 4
# o Adjacency FHcP| Bt FHLE Y ALk PRI > L EBA TR AR
WP EE PR 5 (T B u] .

2% Davis FALE (B 17) d 3t R Afg $ 300 o RS HIR
% 49 $Hi# - Compound ¢ » 17 i § 274 B 5% > e i FB R 83 P 2 Protein e
Adjacency PI% 5 L& AT o T AT T GHSET VS SHIPE
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B 18 Davis 7 & 1 -SNE AR & o A& P peig 2126 B 4p b 1© & 40 chff & 12 2
11 Ap b 3o el A2 FALE 1 A 45

Ferhs B4 (Adjacency ) & om 2 3 TE* 2 g stk

A o

4.3 F#Fip >

$20 CPLARRINCA] g fp > %7 7 3 & Sodieeh Loss 000 > il 4 §

ik R 2 p

I.  AUC (Area Under the ROC Curve) : ROC ¥ T éhg ff > 7120 % KT 0

A aa 4

Precision/Recall : Precision %45 ff k] & & & & ik 4 AR 1
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] Recall £4p#75 B & 5 TR Aehfk &7 2 AR T R 5 L R Aot B
3. Fl-score : % & % Jg Precision f= Recall » % * 31§ = ~ g i o
4. Time : 4 n AT RBLLTIRES KT F PR H i 2 ) o

BRSARING o Wie - B SRR e F SRR AP g
AL LB s BEFR o * mabhz B E A B 20 @ epoch {8
#2175 A CAT-CPL fafday it > 3R LR Ap en® it o & B35 Dk
VTR S F S B RH B L FER R KR A o NUAE A SRR D)
i g #-k & 5 * Cross Entropy Loss 977 i £2 Focal Loss ~ Asymmetric Loss > i#
o fEdp A R £ eh7 E - et e AP EIRSHARR 22 0 3 R TR E Y

LR g B

44 RER*

AP E TS A K S CAT-CPL #0380 = 2 6 e @ ehP % o 2™ 5 0 %
TR R R e Tl R e AR S A S o AU R
% > PR Transformer { :z % Performer = Conformer > 14 2 # Conformer =
Self-Attention % # % Performer 4% i* ;L & # 5 Performer-Conformer o #4f %
B> o oo AP ERE W@ % Focal Loss ~ Asymmetric Loss » = E 31 8 & en
1F 4 S o #-3] % 14 Python 3.10.12 i& 7 % 19-9900KF CPU, 64GB RAM, NVIDIA
TITAN RTX ¥ % + o %8> & & & + 22 CAT-CPI 572 #.4p F » 4o Learning

Rate = 0.001 ~ Batch Size =128 c ™M T 4% = B o w P HEF BT AT ©

441 $HBEY

SRR S R B AE T i §ocde 2 CPL fpiplenEmdd » A7 4> CAT 3
WA # L o A7 % = -4 * Molecular Graph (4 + Bl) T3 > ¥ 5 Compound
Image 4~ > I fr Protein Sequence Ffz+ F ﬁ?ﬂl AR EIER A A A
CAT-CPI % T 2 73 % » %4k 2
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%2 BCAT-CPIZEHT™ > § @R * SHRFY PRHLE > AL 23
Blif (CI) ™2 i * o5 Blifcs + B (CI+MG)

Methods | Loss | ROC-AUC | PR-AUC | Precision | Recall | F1 Time
Human
CI 0.192 0.986 0.987 0.934 0.955 | 0.944 | 187.175
CI+MG | 0.195 0.988 0.989 0.937 0.952 | 0.944 | 268.552
Celegans
CI 0.157 0.991 0.993 0.962 0.952 | 0.957 | 223.161
CI+MG | 0.150 0.992 0.993 0.979 0.954 | 0.967 | 371.709
Davis
CI 0.562 0.912 0.442 0.214 0.853 | 0.343 | 202.457
CI+MG | 0.504 0.916 0.465 0.221 0.842 | 0.350 | 293.519

F % %% %0 0 & Human £ Celegans F 4% % F > 4 » Molecular Graphs
¥4 (CIHMG) 15 >  fcdp ik vg BT H - H0 © 4 Human % &) » ROC-AUC
#_0986 # = 1 0988 PR-AUC j&_0.987 # = 3 0989 >F1 4~ #'a4F 0.944>
FERE i 45 Tz 2 Celegans e L { 5 P AOF1 ~%kd 0957 %2 3 0967
B+ Atomic Features g HP /2 ~ $h & T frengfl ¢ 7 4 4 58 Compound
Images $Fic» £ L pRHFR -
e & Davis L7 » 2% RN R4S o CI ;8T ROC-AUC &
0912 @ CIHMG #3823 0916 PR-AUC ¢ 0442 2 3 0465 F1 » ¥
= b 0343 pMetgde S 1 0350 BEEERE A TG ) Mg o R H VR L & bl

o

4o (d 202457 #5232 293519 ) BERE=S AsFE A

ek

T ko A PR 0 S B R BT T Performer AR e St ARE AL
T 5 F - R o Performer 78 #i¢ * FAVOR+ ez g 4 PEE S SRR

LA R E R E TR RS E (R A3 E AR P o
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# 3 { Performer #4577 - § m ¢ ¥ SHAREY I HREE > ANIE YA

F B (CI) M2 fpprié* &3 Bliffos + B (CIHMG)

Methods | Loss | ROC-AUC | PR-AUC | Precision | Recall | F1 Time
Human
CI 0.217 0.984 0.986 0.939 0.933 | 0.936 | 190.913
CI+MG | 0.199 0.986 0.988 0.939 0.942 | 0.941 | 281.931
Celegans
CIl 0.198 0.988 0.991 0.959 0.939 | 0.949 | 235.84
CI+MG | 0.137 0.994 0.995 0.972 0.957 | 0.964 | 384.737
Davis
CIl 0.577 0.914 0.462 0.204 0.846 | 0.329 | 220.715
CI+MG | 0.515 0.913 0.458 0.221 0.842 | 0.350 | 297.292

% Human F## + »ROC-AUC # 2 3 0.986(CI % 0.984)~PR-AUC #
3 0988-F1 A #cd 0936 = 1 0941; Celegans F#L & ¢ > CI+tMG #i3t
Fl #iE 09640 557F (F* Tt o @ & Davis ALY » CI B~ FI 4
0.329>4c » MG {4+ 2 3 0.350°ROC-AUC % 0.914(CI)¥ 0.913(CI+MG )>
IR X

Ef A BN L FAHSEFEOT R E (40 Human £ Celegans ) ¥
Molecular Graphs # #¢ * Compound Images *7& & F 2 SHF N > TR 2 H
Al it o 28 m fde Davis o8t A3 B L Hrr @,ﬁéfﬁﬁiﬁéﬁmﬁ‘f}t P MG #E

i ek Rl E G P Wl & Performer 2457 » ¥R A2 HFLE o A RTiE

- B GRS S HACE RIS A S AR RS R R Y
e i R -

442 KA EH

B THCA A F %Y 0 AR 58 Transformer 7f 3t CPI 3R] E i eh4
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% 4 12 Human T § & FHR BT %2 % %

Methods Loss | ROC-AUC | PR-AUC | Precision | Recall F1 Time
CAT 0.192 0.986 0.987 0.934 0.955 | 0.944 | 187.175
Performer

0.207 0.985 0.987 0.949 0.952 | 0.950 | 192917
(nb=16)
Performer

0.203 0.985 0.987 0.951 0.936 | 0.943 | 177.569
(nb=32)
Performer

0.196 0.985 0.987 0.942 0.942 | 0.942 | 188.406
(nb=64)
Conformer | 0.217 0.983 0.985 0.951 0.929 | 0.940 | 190.317
Performer-

0.224 0.980 0.981 0.939 0.946 | 0.942 | 200.211
Conformer
AR & 7 4 CAT-CPI % ﬁ‘_( CAT )~ & »x/L % # % * Performer(nb_features

=16~32~64)~ % * ZHpEHcic 4 H Conformer » 11 % AT F K32 i £ 1
Performer-Conformer (nb_features=16) o & F& - > L 1t fi > #75 #3351 * fp e
T IL B N R AR T = B F AR i {73% % Human~ Celegans & Davis>
Bk Ao d 4A~d6 i o

A Human FALE b oo & E AR Y 24 17 > ROC-AUC #27% & 0.980 -
0.986 R »PR-AUC 7= & 0.981 - 0.989 FF - Performer (nb_features=16) P~{¥ i 3
F1 » # (0.950) > @ CAT R|4#%7% # % Recall (0.955) > & R4~ CAT ‘3’}#1’}_
. waAcR Eix¢ v L 4 o Performer-Conformer 7§ 1R & A& T 4 125t - F1
EEHE Y LR RR o B T AT T Y USLP el

T o fj - %4 CAT & 4 nb_features £ Performer © it i & i »Tat o
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# 5 14 Celegans T & T HAIF T 2 B %

Methods Loss | ROC-AUC | PR-AUC | Precision | Recall F1 Time
CAT 0.157 0.991 0.993 0.962 0.952 | 0.957 | 223.161
Performer

0.190 0.988 0.991 0.961 0.939 | 0.950 | 214.805
(nb=16)
Performer

0.155 0.991 0.993 0.959 0.944 | 0.951 | 222.047
(nb=32)
Performer

0.184 0.989 0.991 0.974 0.949 | 0.961 | 227.909
(nb=64)
Conformer | 0.186 0.990 0.991 0971 0.942 | 0.956 | 233.411
Performer-

0.178 0.989 0.990 0.966 0.947 | 0.956 | 245.631
Conformer
% Celegans T4t - #3 Z & { 5 P & - Performer (nb_features=64) 7 #i&

= 24885 % 7 Fl » #(0.961 )2 Precision(0.974 )> % . ig>+ CAT(F1=0.957)-
Conformer ¥? Performer-Conformer 7~ % L2 4% > F1 & #ic'#iE 0956 o1 Al
BRI kA 2s TR > H e S Hfe S % nb features ¥ it 34 5 3] 2]
S 4 o 3 i » Conformer &F% e S ¥ 1 BT 5 4 4 o
Davis FH F Z#A 3 THEE RAFRERE OF 6 (2 L HRA BN
1:6) ¥4 £ 3£ R & 5 8 ¥ - Performer (nb_features=16) P~i¥ &% ROC-AUC
(0919) & F1 A # (0.352) Bgom RMI R 4 {30 dZ & B 7| S48 fesd s o
B2 g4 o 54 Recall % BL%Z £ 8> Performer (nb_features=64) & M 5 % 11>
Recall i£ 3] 0912 &7 ot 1‘# M e { A Rm > 2 Precision ¥ Fl
PR (A uE 0154 &2 0264) . iR B LW A %i’igﬁiﬁ‘lﬁﬁ'fﬁ_ ° 4@
¥ > CAT % ﬁ‘ % Recall # 5 £(0.853); 13‘,_? A #F] &4 PR-AUC(0.442)

2 F1 (0343) * & 234 7 > B 5 IRIE R F< & 4E 2 iE% - Conformer £
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% 6 ™ Davis FH FETHAEHT R %%

Methods Loss | ROC-AUC | PR-AUC | Precision | Recall F1 Time
CAT 0.562 0.912 0.442 0.214 0.853 | 0.343 | 202.457
Performer

0.521 0.919 0.485 0.221 0.863 | 0.352 | 196.493
(nb=16)
Performer

0.581 0.915 0.475 0.205 0.863 | 0.331 | 203.696
(nb=32)
Performer

0.858 0.911 0.454 0.154 0.912 | 0.264 | 204.944
(nb=64)
Conformer | 0.580 0.917 0.454 0.214 0.888 | 0.345 | 206.088
Performer-

0.664 0.916 0.477 0.192 0.891 | 0.316 | 223.256
Conformer

-

Performer-Conformer #% PR-AUC w3 #& = > it & F1 ~ ¥ 5 &P g
MTA S B RS THET DG LR EIEFLBRRE o
e enf %% % > & Human ¥ Celegans FHL & ¢ » LA ¢ £33
k@B rr R > H P Performer 7 nb features=16 & 64 pFil ¥ ¥ B~ & :h Fl
/o #ct Precision @ CAT % Human ¢ £ 3 # % ¢ Recall - Conformer #f i3]
BT A L REPRPFR o & Davis F#2 & 7 > Performer (nb_features

=16) B¥F v H & ¥4 & ROC-AUC & Fl ~ 8% S 5eF o i & 27 T 7

B F & 4> Performer-Conformer % & 7 e A#T 7 ¥ & * ik LK
» nb_features =16 ¥ H jii¢ * 7 Performer (nb_features =16) 7 #-ApfF = 2k @ »

5 —‘ﬁ freae P v ERAE © 0 Human T & 5 &) > 827X Performer (nb_features
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=16) % F1 ~ #} ¢ % (0.950)- & Performer-Conformer % % { % &< (Fl
=0.942)> ¥ % Precision ¥ Recall 2 £ 3] 247 T §7; & Celegans FHL # ¢ >
23 —Ff sy 7 43T (F1 = 0.956~0.961) > % 57 Conformer s+4r » ¥ & 7 3 4¢
nb_features K Tt o A X Performer 15 R 7 Lo

gtk B fhi¢ * Performer #-73|PF > nb_features 3K T ¥Friac B F R Y
nb features =32 ¥ A= BEFHREY BEFHE T B Emi R £ H A
Celegans ¥ i#3| F1 =0.951 > @ nb features = 64 k& % Celegans % i E (F1
=0.961) ie & Davis FAl¢ NP ETF (F1=0264) BT 3 LR 7 i FR
WL AR A AR KEA T 0 FH* H- 4 > Performer (nb_features = 32)
SEBEM Y M2 ESE S FVRLN B 2T S 4 Performer-Conformer (3§ %

nb_features =16) B % & { fETehnd it i 4 & 2 4p g it o

443 fF4 Sk

wi- h kA CPlL FFRIBA A dia 4 B8 THERADRERME ) AF TR
Tw A A SRz BEAE Y H& I ¢ 318 5en Cross Entropy (CE) ~ 444
> Beg 1 e Focal Loss ~ % 3% % $H LA 5] 7 Asymmetric Loss » 17 % —‘ﬁ 4o
& & c7 Hybrid Loss (CE + Focal ) o § Bk % 4r# 4.7~49 « 5§ L d *t 2 4f 2
S¥eent B 3 N2 0 2 i E 4R £ Loss Benk [ 3BT R o

% Human F# & + > CE 4§24 S MEFWME T > £ 753 o ROC-AUC
(0.986) ~ PR-AUC (0.987) ¥# F1 4~ # (0944)> # ¢ Recall = 7z —*F’fﬁxr?
(0.955) BE 7 L& 2 2 M kA A G AT frenfry T v £ 2 4% 4 1 o Hybrid
Loss 8 & F1 (0.937) & Recall (0.929) v i<** CE> it Precision 7 #7F =%
5% 28 (0945) Wk X 3t Focal Loss 110.947 > B B A f e 4 2w P B~

# 24537 % o Focal ¥ Asymmetric Loss B 484 sc v 5 > 43 %] §_ Asymmetric 7%

—

Precision + T "3 & ¥ (0.872)-
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% 7 © Human FH G744 3P %2 %%

Methods Loss | ROC-AUC | PR-AUC | Precision | Recall F1 Time

CE 0.192 0.986 0.987 0.934 | 0.955 | 0.944 | 187.175

Focal 0.032 0.981 0.982 0.947 | 0917 | 0.932 | 183.568

Asymmetric | 0.047 0.985 0.986 0.872 | 0.984 | 0.925 | 190.345

Hybrid 0.034 0.984 0.986 0.945 | 0.929 | 0.937 | 185.052

# 8 1 Celegans FHL & (74 4 S ¥cq k2 B %

Methods Loss | ROC-AUC | PR-AUC | Precision | Recall F1 Time

CE 0.157 0.991 0.993 0.962 | 0.952 | 0.957 | 223.161

Focal 0.022 0.988 0.990 0.974 | 0.949 | 0.961 | 228.864

Asymmetric | 0.033 0.987 0.990 0912 | 0.975 | 0.942 | 228.363

Hybrid 0.021 0.991 0.993 0.966 | 0.947 | 0.956 | 230.044

# 9 1 Davis TAEEFH L IR L B

Methods Loss | ROC-AUC | PR-AUC | Precision | Recall F1 Time

CE 0.562 0.912 0.442 0.214 | 0.853 | 0.343 | 202.457

Focal 0.162 0.898 0.414 0.160 | 0.891 | 0.271 | 201.029

Asymmetric | 0.043 0.878 0.419 0.239 | 0.747 | 0.363 | 202.801

Hybrid 0.123 0.914 0.461 0.214 0.87 | 0.343 | 203.104

& Celegans FAM & ¢ » L3F 4 Sfcd & 4p$+45 ]  Hybrid Loss & CE %
i# =5 F ROC-AUC (0.991) & PR-AUC (0.993) = Hybrid 7 Precision #
% (0.966) > Focal Loss #7 F1 Rt %>t H & 272 (0.961) ° Asymmetric Loss &
Recall 828 % (0.975) & Precision A & i i< (0.912) & pr I H AT g} FofL

RO R AR SR
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Davis T & BB 1173 FAB% o A0 48R 3 T T4 > CE & Hybrid
Loss P~{84pf 7 F1 4 #(0.343)> = Hybrid Loss % PR-AUC(0.461 )¥* ROC-
AUC (0914) F ¥z &> CE (0442 £ 0912) &1 8 af g7 v & Fmit
m 2 %% o Focal Loss % Recall + %37 4% (0.891)> iz Precision & 0.16> ¥
® F1 3% 0271 - Asymmetric Loss % Precision (0.239) ¥ F1 (0.363) # 3
vt ikt Focal » B B A2 T T A FEET R my 22 5 o

CEFTHENSEEET > AR AL GITFEARTITFOFET (4
Human ~ Celegans ) > Cross Entropy # RAEZ ¥ 2o > 2 7 EADE ;A 72 T
T8 T (4o Davis) > Hybrid Loss s 434 & { i R A fg»c%k » £ 2 &
AUC £ Precision a‘ﬁ - { &R o 82 7R Focal &2 Asymmetric Loss % 35+ 4+
HIEA RS TR R LR RSEET U P AR T iR T
P FETRERIE R TR oART T RPN B I A g o

B-HRAEI IR TRFET LR EL A -

FEHG P HRES  APEE DA B isen CPI TR T AT Bk

-] iz 4 ¢ Performer f= Performer-Conformer > i fe i 4579 CAT-CPI frt 2 o

WAL B heT o

® CAT-CPI: Rdiph eicd] » it § @ ® &~ 3 Bit 485 » > 474 38k b Cross-
Entropy Loss

® Performer : nb_features =32 > F & * & 3+ B > 4f 4 & #c 5 Hybrid Loss ©

® Performer-Conformer : nb_features =32 > 5 & * 4 3 B > 4§ £ S # 5 Hybrid
Loss °

AP AR BEHEE T 50 B epoch 5 Bk 0 % % 4o @) 18~20

AT R EED R A e CPL SRRl iEard Ry g kLR -

2

4 s Performer 7% Human ¥ Celegans F il # ¢ ¥ 2~ F & 3 0 F1 » #& PR-
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Bl 20 4 Celegans T Fi&8 (7= 87 b E T H 5%

AUC» B 2 btk A 30frst SHEBGFITnT Y » B § 4Bk end 7 4 200 80

C\"AF

&#ﬁﬁ%iﬁ#ﬁﬂ%ﬁﬁﬁ%ﬂﬁwﬁfﬂ’%w A W2 R Rk
HFRESERLANETARA F RS
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Hm Performer  ® Performer-Conformer m CAT-CPI
B 21 1 Davis T E2F7= 7 b3 Jf#m“’."ﬁé- (RS
Celegans ¥ chssg vs M3t Performer > 2 £ JEt&k-|: etk A2 T fEE FOkAR S
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