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Abstract: Deep learning-based pathological image classification is a key technical foundation for efficient and reli-
able computer-aided pathological analysis, which is of great significance for intelligent analysis of pathological images, ac-
curate identification of lesion regions and automatic discrimination of tissue types. Current mainstream pathological image
classification methods mostly rely on static feature extraction at a single time point, which makes it difficult to effectively
represent the continuous evolution process of pathological states from normal, developmental abnormalities to malignant
transformation, and cannot fully model the complex hierarchical structure and spatial distribution features at the tissue level.
As a result, the recognition ability for similar pathological regions and subtle lesion structures is obviously limited, and the
discrimination accuracy and generalization performance of the model are difficult to further improve. To address the above
issues, this paper proposes a dynamic temporal-guided diffusion model for pathology (DT-DPath), which constructs a uni-

fied classification framework for pathological images. Based on the diffusion model, this framework simulates the forward
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noise addition and reverse denoising processes as the degradation and reconstruction of tissue morphology. By aggregating
temporal dynamic features at different noise levels during the diffusion process, it constructs discriminative representations
that depict the pathological evolution process, accurately captures subtle structural differences at the cellular level, and effec-
tively models the complex hierarchical and spatial distribution relationships within tissues. In the feature extraction stage,
this paper designs a temporal dynamic channel attention (TDCA) mechanism, which extends channel attention to the tempo-
ral dimension and adaptively focuses on feature responses at key temporal stages to enhance the model’s ability to represent
temporal evolution information. To optimize training efficiency, a non-uniform importance sampling strategy based on tem-
poral contribution is adopted, which dynamically constructs the sampling distribution according to the classification salien-
cy and information density of each time step, and preferentially retains intermediate denoising stages with high discrimina-
tive power. This strategy significantly improves training speed and stability while maintaining classification performance.
Experiments are conducted on a variety of public pathological image datasets including colorectal cancer, breast cancer and
lymph node metastasis. Compared with state-of-the-art methods such as CNN, Transformer, diffusion model classifiers and
pathological foundation models, the results show that DT-DPath achieves comprehensive superiority in accuracy, precision,
recall and F-score, with performance improvements ranging from 0.65~3.59 percentage points. Ablation experiments verify
the effectiveness of temporal dynamic channel attention and non-uniform importance sampling, and visualization analysis
shows that the model can accurately focus on key regions for pathological discrimination, with significantly better feature clus-
tering effects than traditional methods. The proposed method realizes the paradigm shift from static feature modeling to dynam-
ic temporal evolution representation, provides a new technical path for intelligent classification of pathological images, and al-
so offers an interpretable research idea for the application of diffusion models in the field of pathological image analysis.
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pling; image classification; pathological image
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Figure 2 Flowchart of temporal dynamic feature generation in diffusion model
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B ARG X IX B F oy BOR SR BN 0 . AR 250 2R AT
S, SR F BT A R

K

1 Precision, x Recall,
Fi= ?;2 . Precision, + Recall,
2.1.3 XWSHEEE

AR SC T A 52 ¥ AE PyTorch 2.1 5231, I 76 84>
Ubuntu 20.04 Iz 45 #% b 5¢ B . 66 4 e & A0 45 — i
AMD EPYC 776 364 ¥ Ab B 2% (503 GiB A7 .1 020 GB
fifi 2%, LA K — 5K B 7% 4 80 GB ) NVIDIA RTX A800 i
+, Uit R i CUDA 11.8 UEA7 i i .

S8 BT o8 R A PRGBS0 AE A T3 280 B — T
hE e TAR A R F R B IH —fk = [0, 1]
DX (A, I 9 4% 2R R R 5 Bl s 0 FH — 28 91 45040 1 o
FEWE AL FE BEPLIER: (A BEVE I - £15°) K-F- B0 Ak
BLA5 e 4 B30 B 0.9~1.1) o 4 ik X ) 1 4% 5 ik T
9 B IR B G5 R R B TR R S 20 A A I AR R
FE B AR R L () B i P A5 78 X6 R A8 Ak 1) 65 4 1

AL AT 100 5 YN 25, IF 51 A KA HLEI LB
1B LA o BRI AL 2% 3k ) Adam , 90 4R 24 2 R B
H1x 107, IF R BB X R W, 5 28 10 38 11l i
M EPE . AN, SR TR I T E RN 041
Dropout )22 , DA — 20 3 i A5 AU TE AL R . BT A7 52
6 2% WL 24 3 TR AR AT I AL IR E S AR S (S BE
Ve S oy S i oo N WU N1 7 R S A R A e A S
W RITE LS srh iz Ak g
2.2 KWERSSH
2.2.1 XtLEAEERIEEA

T BRSSO IR AT RO FRATTH L S ARk
JUZE i i B G o A R AT R L3 . T i
B %o L AL 7 6 55 i 80 CNN | Transformer . 37 B0 Y
G322 DA T g BRI R A AR ELIR IR AN R

(1)VGG16'»' %A R F 28 #iL () VGG (Visual
Geometry Group ) 4244 , 38 i:f 22 )23 45 BRI Ak 45 #9 A7 2%
PEICEG A AR G = GURRAE o AS B 53 2R FH I 2504
HEIATSHWIG AL, A B2 S ik (R A
2H 255 PR MG 1 20 24 55 v e 30 o 8 v T TR A

(2) DenseNet201' 2/ % A5 14 3R ] 2% 4 1% £ HL il
PR — )2 5 00 R A )2 A, SCEURRAE (R Y
S5BRER E 8E 4K o FEA SO, DenseNet201 BE% LA
ISR R B 2 ROE R, 28 M B 52 1 2k 1)
FBL, I S 2 B R /NI RN AR A A2 A U

(3) Xception—TL[ ] %R AR Inception B R Rl
ST BE ] 3 i A AR 38 5 i R T S R A DG
PR, TR e A5 AL SRR AR ) 09 [m] B i S RRAIR 1R AR
e fEA ,Xception-TLi@ﬁfﬁ@%gﬁE@Z%%{
LA AT S IR AA S5 1 55 A 2% S, R SR THR 2
DX 3l 7 7 A 0

(4) ResNet-50 (Transfer Learning, TL)'®', %5 %Y
M A | 2 3 AT A DR TR R T 2% 1) 1B Al T R
FEZASCH, ResNet-50 (TL ) FE A 58 K (14 T8 i 47 11E 4
WURE )l 1A 2 2T A AKX O3 e oAk S AR A
DA, 348 0 P 5 Mt 7 R e 8, 2 S ) 5 1

(5)ViT-B/16"* %A AL JF 4 VisionTransformer
P BEA AR, 38 2ok g (R 03 BT B T AL b
BRF 5, SEI AL A R AR . AE R B EUR A
ViT-B/16 RESS AR PR OC 2 L i FH T RS 2H 2R 45
PRl (B O 2 T N A B RYPERE

(6) DeiT-Base'?) % 5 5 2 %5 ¥ 1 &% i 1] 1%
Transformer , i 12 1 2€ 18 1 2 7 WL A6 DI 22k
P, S D AR IR AR . AR 2 S H 2 KR Sy
&, DeiT-Base A % PR i I 55 5 11 55, 32 T+ %) 4 i
TEAMA RPN RAERE S, CHAER T Z R 5 T
I

(7) Swin-Transformer V2'2*' | {F Jy — Fh 2kt gk
Transformer 22 1) , 158 U Sk F 43 )2 o 11 10 78 I AL
P VI ARSCR MRE SR IRE Ty o TEBE AR S B
7, Swin-Transformer V2 1@ i AbF £ R A, 3k —2
FET& 10k o B PTG A S ASORS B, 3 ] T e g G D00 1
TS5 o

(8) HGPT'7' . 1% A5 /Y & — Ff 2 WK & 4 7 8%
Transformer , i i3 4 % Hb ) F 21 4043 A5 B9 L] 367,
HE— 25 45 Th T A AR s B R 0 AR BE S . HGPT
REME R & 2 2 R A (5 2, SE B B 2R 2UB By
K2

(9) Diffusion classifiers'®’, T2 AT FH 4 B 7R
VE R FBREA G e, 3 % A T e BLER 43 26, i
Tows BN o FE 9 B R AT 55 1, Diffusion classifi-
ers BE B8 Az 7802 I 25 o $2 BOH] 301 PR R AR, SR
FEASS 50T 09 g 001

(IO)ImmunoDiff[m]o AR — P T YRR
B 5 R A PIIAELE , 8 b AP0 AR A2 AL Tl . 7R 21
R B 2220 HT H, ImmunoDiff BE 4% A= % 5 Ab BE %, IF
e A R 2 R T S o A

(LT UNIPY R A S — A~ 58 1 o 240 Pl 15 3
BRlRE A |, 3 2o 7 LA g B HIE 4 B R4 T A M Tl
Yk, 555X s ) R EG EAE, BR S 4R I
P RFAE | 3 FH T 22 s BG4 284 55 . AR 4H Y
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U 25 R AL 21 25 4y A5 T 2% B0 3 ()12 AL RE D«

(12) CONCH'™ | %A Y S — >4 Sy o B R4 3%
T 2 A2 LA A AY | 38 2o 15E A RS RN SCAS 1 T Il
g, gh A W R R o) | RS A K B s B IR %
WA I SO RN R SCRRAE o AR B RO AR AT 45
R SO = 2 o

2.2.2 HFEMREXTLE

h 4 T VFAL DT-DPath 75 9 38 B R 53 25 b iy o4
e, AR SCEEHL T NCT-CRC-HE-100K . BreakHis Fl PCam
X 3N 1 AN (] 2 228 Y 5 45 2u B2 1) 8 T B 4
5 CNN . Transformer , 3" 5 BY DL Kz & b 455 TR0 47 T
RGN, LR S5 R AN 2 FE s .

%2 FENCT-CRC-HE-100K ,BreakHis .PCam $1#E £ _F #9> F 14 E X EE i %
Table 2 Comparison of classification performance on the NCT-CRC-HE-100K, BreakHis, and PCam datasets unit:%
Vodel(Year NCT-CRC-HE-100K BreakHis PCam
Ace Pre Rec F, Acc Pre Rec F, Acc Pre Rec F,

VGG16™ 9574 | 9426 | 9498 | 94.61 | 8549 | 8621 | 8596 | 86.14 | 96.50 | 9640 | 96.40 | 96.40
DenseNet201 9750 | 97.45 | 9740 | 9742 | 8720 | 87.10 | 87.05 | 87.08 | 98.90 | 98.90 | 98.80 | 98.90
Xception-TL* 97.80 | 9775 | 9770 | 97.72 | 9332 | 9298 | 9236 | 9244 | 9820 | 98.15 | 98.10 | 98.12
ResNet-50/* 9870 | 9433 | 9233 | 9332 | 91.50 | 91.20 | 91.00 | 91.10 | 98.60 | 98.55 | 98.50 | 98.52
ViT-B/16! 96.80 | 96.72 | 96.68 | 96.70 | 92.10 | 91.95 | 91.88 | 91.91 | 9840 | 98.36 | 9832 | 9834
DeiT-Base'” 9730 | 9725 | 9720 | 97.22 | 92.80 | 92.65 | 9258 | 92.61 | 98.65 | 98.60 | 98.56 | 98.58
Swin-Trans V22! 97.85 | 97.80 | 97.76 | 97.78 | 93.40 | 9325 | 93.18 | 9321 | 98.90 | 98.86 | 98.82 | 98.84
HGPT! 9820 | 98.16 | 98.12 | 98.14 | 93.90 | 9375 | 93.68 | 9371 | 99.05 | 99.01 | 98.97 | 98.99
Diff-classifiers”” 9853 | 98.49 | 9847 | 98.51 | 9437 | 9433 | 9431 | 9435 | 9620 | 96.16 | 96.14 | 96.18
ImmunoDiff*” 98.47 | 9893 | 9891 | 98.95 | 94.81 | 9477 | 9475 | 9479 | 97.10 | 97.06 | 97.04 | 97.08
UNIP! 98.80 | 9878 | 9875 | 98.76 | 93.00 | 9295 | 93.00 | 9297 | 99.00 | 99.00 | 98.95 | 9897
CONCH™ 96.50 | 96.48 | 96.45 | 96.46 | 92.80 | 9275 | 92.80 | 9277 | 98.80 | 98.80 | 98.75 | 98.77
DT-DPath (our) 99.33 | 9931 | 9928 | 9929 | 94.85 | 94.67 | 9485 | 9470 | 99.45 | 9932 | 9931 | 99.32

Y IHLSSCH 27 B

1£ NCT-CRC-HE- 100K 45 B 7 J8 2H 239 LI 1% 11
JUA AT 55, DT-DPath BUS T 99.33% A #E 1 5%, AH
BT 45 AR R v i) B LR A $2 T - L ResNet-
50(98.70% ) #& 5 0.63 N H 43 B, 3 AE 5% Transformer 28
AR HGPT (98.20% ) # 71 113N E 73 i ML Tl
WY B A ImmunoDiff (98.97% ) 0.36 /> 1 43 54, %5 5
fill 5 4 UNT(96.80% ) $& F+ i B2 35 2.53 1~ A 43 i o 1E
Hofl B 45 B -, DT-DPath 75 4 i &5 T HoAth % b A
B RS B 2 (Pre ) 35 99.31% , % ImmunoDiff (98.93% ) #
TF0.38 4 43 5 A 1113 (Ree ) M 99.28% , % Immuno-
Diff (98.91% ) 4 &5 0.37 4> F 43 1 s F 43 Bk 51 99.29% ,
A ImmunoDiff (98.95% ) $£ 1 0.34 N H 7 i . % L
RN L A 42 R 7E NCT-CRC-HE-100K JL4
JAT: 45 DT-DPath HEH7 R 35 99.33% , Bt A HL 4k 42 7
0.36~2.53 1A 4, AR IR T IILEAH OB = A
ARL AR e, 3 3 8 25 B P R AE A5 S A 3 4R B Ak
25

TE BreakHis /\ V. 76 | B 98 95 B M5 70 24T 55
DT-DPath 5Z Bl T 94.85% 14 fE # % , 1 #& 0 T Hfh 2%
B F AR A L A8 CNN 28 g pe i A Xception-TL Tt
1.53 > H 473 05, 8 Transformer 28 G AE AL A HGPT #2 /5
0.95 1~ [ 43 A, AL il A 7 UNT(93.00% ) 5 CONCH

(92.80% ) 41 ] 45 56 1.85 4~ A 43 &0 5 2.05 1~ A 7 Ao
AR — 02, REY SRR EATE S h R,
Diffusion classifiers 1 ImmunoDiff 73 5| 5 ] 94.37% 5
94.81% 1Y HEHH 2, DT-DPath {75 52 ¥8 % — % (19 88 8% , If:
TE F, 5380 L 94.70% {1 F ImmunoDiff (1) 94.79% . %
22 [ X LB N 45 7 M, 7E BreakHis /\ P AT
% th DT-DPath 7fE # % 94.85% , 47 J¢ 9" B A 0.04~
1.53 4N 43 15, TDCA 5 5 B SR A 208 R R o i 5%
R B, S 2R B I R R A

TE PCam Ik L 2556 8 — 43 24T 45 1, DT-DPath B
157 99.45% Wy HERG 2, 16 T A3 % Loy vk b R B A .
HARW 5, HEw 25 CNN 2K % A8 DenseNet201
(98.90%) ¥ T+ 0.55 1 F 40 25, WAL 4¢ Transformer 25 f¢
FEBLAS HGPT (99.05% ) $2 T+ 0.40 A~ 43 55, 38 L Al 154
1 UNI(99.00% ) $2 T 0.45 4~ F 43 44, - B &0 T8
F R ImmunoDiff (97.10% ) 2.35 ™ B 43 . . 18 H Al 56
g F8 B I, DT-DPath 75 4 107 455G < K 56 2 (Pre) i&
99.32%, % HGPT (99.01% ) #& F+ 0.31 A~ A 43 & 5 A 1
% (Rec) H 99.31% , # HGPT (98.97%) 4% &5 0.34 I
Oy 55 F 0y Bk #1) 99.32%, 8¢ HGPT (98.99% ) 4 7t
0.33 4~ H 43 a5,

Z:7% |3 Lo B AR SR R 1 7E PCam — 4%
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FAE: % DT-DPath #f 1 %% 99.45% , & F} 0.40~2.35 1
T R A B 5ER  AS kE 2h A BUE PRI W AR
T I B TH /N b RS B

2 LTk, DT-DPath 78 3 4~ B 48 14 45 T 15
b B ¥ AL T Fra 4 R, SCER 25 R R, HOF
4 o i SR B A CNN B AL 4R T 0.90 4~ B 4, B i
B AE 5% Transformer F55 B R TF 0.83 N H 40 i1, Wi /™
OB ARUARETE 0.95 4 F 43 45, B e A SE R AR AU B T 1.61 1>
B PEREI I 5 B e T A S I AR AR 2%
S B G R 2 R T R B R — R S R S R
fiE, T DT-DPath 38 12 % 435 A 3h 25 16 1k 1o 7 1 S =X e
SCHLT ARG . Y ARSI A T EEE
e W g P e = G R AE LAY S R HLE . A

T, DT-DPath i &8 BF 5 4RO 7 52 0 55 8 2 R A 3R
W, 6 W5 K65 o 3R 4 T EHL2 W7 v B EL 0 3 Y sh 2 v
(PR A, ) 2 DA TRIOU 240 g 1) 22 WAL 210 22 22 IR I —
HPERIR o X — T 0E T % G A R AR AR Y
IR B 1E 5 2% 2278 ()95 B 37 o vp R B BT 5 R 72
i
2.2.3 HERLIE

9 5 4iE DT-DPath £ 88 e (9 A 20 M, A SCHE
NCT-CRC-HE-100K . BreakHis Fl PCam 3% 3 4448 4 I
AT T RGE R IHE SR . S5 e B R B )
K FE B[] 20 AT RRAE SR & A4 OB B A A baseline,
WL BT AR A 8 PG T AR 5 R
AE B BTk, BAARLE A2 3 R .

%3 FENCT-CRC-HE-100K BreakHis .PCam #{ 3 £ - #Y34 RASC I8 v %
Table 3 Ablation experiments on the NCT-CRC-HE-100K, BreakHis, and PCam datasets unit:%
e NCT-CRC-HE-100K BreakHis PCam
Baseline | MM | TDCA | Acc Pre Rec F, Acc Pre Rec F, Acc Pre Rec F,
N 97.42 | 9728 | 97.27 | 97.28 | 91.23 | 91.45 | 91.51 | 91.48 | 96.56 | 96.75 | 96.72 | 96.74
N N 97.93 | 97.94 | 97.89 | 97.91 | 91.66 | 91.67 | 91.99 | 91.63 | 97.12 | 97.33 | 97.32 | 97.33
N N 99.23 | 9921 | 99.20 | 99.20 | 93.55 | 93.21 | 93.25 | 93.23 | 99.13 | 99.19 | 99.20 | 99.20
N N N 99.33 | 9931 | 99.28 | 99.29 | 94.85 | 94.67 | 94.85 | 9470 | 99.45 | 99.32 | 99.31 | 99.32

T MRS 2R B AR

7£ NCT-CRC-HE-100K 5 #5 4 |, 3 2% 455 50 ) 43
25 UE 1 K R 97.42% , K 1 R h 97.28%, A [l FK N
97.27% , F, 53 50 °h 97.28% . i i ¥ 349 51 R FE B2 ¥ Ry
PR R RE MR 3R T & 97.93% (+0.51 A~ E 4
)RR A R R, A B0 ) B R 97.94% |
97.89% 11 97.91% , & B} T Bk R AF 58 A #0030k £ 5K
I A, 498 5 A R0 S X % T A LA 6 T . A
FL LAY v i B 3 T LS AR
PE1R & 99.23% (+1.81 1A 43 40 MG 1 3 4 [l A0
F 535055 135 51 99.21% ,99.20% F199.20% , i /R 1AL
T BE 78 4342 1 A [7) 388 T8 0 1) 25 B4R AE L ok — 2B 32 T
Y RVERE . B, S5 A LM R AR R Y T
ML i DT-DPath # %! /£ NCT-CRC-HE-100K I Hit 15 %
FEFR B, ME R N 99.33% , K5 1 K 1 99.31% , 4 ] K
4 99.28% , F, 4384} 99.29% . £ BreakHis £ £ |-,
F 28 45 R ) ME A R R 91.23%, i 5] A BB B M R FE S
ZHE A 91.66% (+0.43 A E 43 1), A B 7 38 18 1
FIHLHI 5 3K 93.55% (+2.32 4 EH 43 45 , A A W& 5
1 o 93.85% , K i % A BRI F, A B R B R A R
Tb, 2 9N 91.45% . 91.51% . 91.48% 34 % 93.67% .
93.85%.93.70% ., 1t PCam U84 I, 5k 2 455 70 v o
K 96.56% , 5| A R A S 2 97.12% (+0.56
ANE A5 A B 3 G T R 1ML S ik 99.13%
(4275 EH 5, A A TG fe s R 99.45% , 4 1

A BRI F B R DR 53 SN 96.75% |
96.72% .96.74% 3 % 99.32% .99.31% .99.32% . 341
T B 10 2 B 5 SR — B0 W, M SR A ORI Y 3 A
B HLH BT TR e, L BT B
FEA B UE T DT-DPath B8 15 11 1) & B FLL 2

T RSB AR A R R B B AR A
X 43 2 Rl 0 TR, LA B 2 IR RRAE B A B A R
FRATT LA F £ 55 1 45 B A i 4y ¥ Wi R AR AIE (1=0) Sk 3
filt, 6 RRAE 3R A 2 B b 2 AL o 2 ) 9w 0
(1=600~800, ¥ 3T 1E # 41 219k & By Bt ) | 1 (1=300~
500, 58 & T L VE B B ) AN ] (1=1~200 , 35k REAE
b R B ) A BRI 1) 25 Y B R AE UL 45 i B AR AiF Yo
STRMEREM I AR . LR R M E 4R, L
F A, BRI R AE (R IE R AL IR E ) B
25 R AR A PR, 5 2 7 R e R 4R L AT R R BUR
PEREVE o), X 5 R B e s v B AR BB O
T IE H ALY R PR 55 B R E AR AT 5 o b 3 R AR
ORI I 5 380 5 1 R B Ao ) 4 ok T — 5 I 1) 4
T, AFL I 2 R X I RN 5 T 0 g 30 R AE O R W PR
TR B B ) i o 19 M BB B2 TH o5 oh W 35, 7E 3 B 4
PRI i 3 25 . X R BT IO AL A S5 4 2 g
B B AR B AT, X 3 3 Ak v i kg DGR R R T S
7 Ak (G A 25 ) ) B S0 UK 0 A A S R A
I 4 HAT s 1 HERE ) .
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Table 4 Performance comparison of original features superimposed with single—timestep features from different denoising stages unit:%
B NCT-CRC-HE-100K BreakHis PCam
FRAERFEILLE
Acc | Pre | Rec F, Acc | Pre | Rec F, Acc | Pre | Rec F,

L 1= 0 JE AR RAIE 97.31 | 97.25 | 97.24 | 97.24 | 91.18 | 91.19 | 91.23 | 91.22 | 96.59 | 96.72 | 96.82 | 96.81
t= 0+ 7 RHIE(F ~ 700) 96.86 | 96.85 | 97.84 | 97.84 | 90.88 | 90.89 | 90.82 | 90.83 | 96.05 | 96.02 | 96.02 | 96.01
1= 0+HUIRFIE(r ~ 400) 97.22 | 97.18 | 97.15 | 97.16 | 91.02 | 91.11 | 91.08 | 91.09 | 97.31 | 97.34 | 97.30 | 97.31
t= 0+ 1iE (£~ 100) 99.19 | 99.19 | 99.10 | 99.11 | 93.95 | 94.08 | 94.03 | 94.07 | 99.09 | 99.12 | 99.09 | 99.10
t= 0+ 4B I T 4AE 99.33 | 99.31 | 99.28 | 99.29 | 94.85 | 94.67 | 94.85 | 94.70 | 99.45 | 99.32 | 99.31 | 99.32

T IR AR R B LM

[ S TR 5T 22 I P R 2R 5 AT S0, FRAT 1%
G815 T B SR R ALl g AR 30 ) A T R O
SRS )20 AT R RORICR . LR A RN R 5 PR .
SER R, B 5 G I e 25 e 3, BRI RE 7 31
B e L BB EIHR B T RER SR
10 13 T BRI A 20 i 52 7 2% 5 15~25 Ak ] 2P

Jev 32 B Wi i A /1 5 8 B 30 A ik [ 2 1 e

AT P 100 A o 33k 2 B E e Al 2 o) B R R SR A
YA DA Sk I 8] 28 v v 47 29 39% 1Y G B By B B AT 58
O34 B B AL L ) EEAGIE R, BE R T
I 25 55 4 BEAL, () IF 36 3IE 1 I 5 5 AE 2R 5 5 1Y

[ § e

®5 REAEHEXERBSIFERMERITLL BT %
Table 5 Performance comparison of aggregating features from varying numbers of key timesteps unit:%
NCT-CRC-HE-100K BreakHis PCam
RG] AL
Acc Pre Rec F, Acc Pre Rec F, Acc Pre Rec F,

1 97.31 97.25 97.24 97.24 91.18 91.19 91.23 91.22 96.59 96.72 96.82 96.81

10 98.42 98.28 98.27 98.28 93.23 93.45 93.51 93.48 97.56 97.75 97.72 97.74

15 98.86 98.84 98.87 98.85 93.92 93.91 93.87 93.90 98.81 98.83 98.81 98.82

25 99.12 99.15 99.12 99.14 94.38 94.38 94.43 94.40 99.08 99.10 99.08 99.10

30 99.33 99.31 99.28 99.29 94.85 94.67 94.85 94.70 99.45 99.32 99.31 99.32

VE LSO 27 S
2.3 AL
2.3.1 FENABERTALSH

Ry R 7 i) Ty 2l A% 38 3 1 1 L] (TDCA ) 78 DT-
DPath A5 A1 o 47 412 55 B T Ak S B v [ S 0 BB 7, 1R 4
XF EE TN R AR A R A T O AR R E S
TDCA 5 5 4y A 38 18 1 8 A E 3k 47 25 () 1 5
U — b A BEAS 21, FH LAz BRASE 78 XoF P15 AN i) X3 1) G
TR TR B R T R A R R
5 D) 2 7R AN R AT

i 3 5 H A b AR R B i T B R AT AR
SCHIF i H A DT-DPath A58 e BLH T 8 2 A . il an
T NCT-CRC-HE-100 x 10° %4 4 -, HAB AR 5 7 2
IR R T e (1) IX R £ A e T AE 2T HE A B
DX 38 B SR AFRAE 4 ok S MR (HL S PR b e — N RS Y IX
35, 17 DT-DPath A #F 5 7 £ 5% — 5 Y X IR [A] B
RE 08K B 22 (%) 10 7 00 4 v 7E A O R AE T A 1Y) B T 24
e 33— DX A I LA 2 G R S S B R AR
JITTE . 3X W DT-DPath #5551 58 0% 57 A b 1R 50 1 58 £
FXF o 25 TR LA LSS5 A O A T AN B
M) A BRI ERE T T, 7R 455 4515, A]

LA £ DT-DPath A5 5%F_F A0 X 35k 4 285 1 s b B2 4 i
AR R DX 4 BE S A 3 . AR TR R A% e 2 2] R 200 it %) 4
JHOA% 240 BB LA K 240 0 300 S A5 S SR R T A5 2 R AR, I8
TR A e Sk SE DI, DT B A A A 75025
2.3.2 t-SNE/[#4L 5347

T 33— 25 B3 DT-DPath 45 #7855 AF 72 BUA 43
AT 5 g BB, A Sl 1 -SNE (¢-distributed Sto-
chastic Neighbor Embedding) X} DT-DPath 1£ A~ [A] Y| 2%
By B BG4 2 25 IR IE AT T -SNE [ 2, 122 il T 4
N7 B AT PR Ak ] LA S 540 1 o0 A 4% D o

DT-DPath #% %1 #£ NCT-CRC-HE-100K % 4% % - (1
t-SNE 1] WAk 45 5w & 5 7w, 43 1 6k Rz I 2k S %2
15 % 2545 3555 .45 5 RN 55 58 Ji (1) 43 25 45 FLARAE 43
Ao IS AT LLE Y, B A IR0y AT, R AE 5 0
A B N AR S RIS AR (548, B 5(a))
JE 7 53 45 R AR AR 1353 AT BN 3 H, A TR 28 1 1Y
TR Z A AF A — 2 P T &, 3% 38 BB AL ZE I 250 40 o R
56422 X BB Y N TE S50 RRIE R OR e 1855 o B
BN HIELT(15~35% K 5(h) A1 (e)) Fim , FRAE 5
BRI B R RIS AN TR 2 I B R AR T IR
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Figure 4 Attention heatmap visualization

B, X KW DT-DPath B i 7 2 T KB IE Y AFEZNARFIE LB B 1M R, JLF- 504 W
AR, IF RS A AL X ARG B XK, ARV ZRIR ] W ES, X RV R B E 2 B 1 BORIRY
(4555558, K 5(e) WMD) FFE At — 220 fk,  AESEHUR 73 2ERETT .

I-100|

—-100 —50 0 50 100 —-100 —50 [ 50 100 -100  -75 =50 =25 0 25 50 75 100

(d) 354 (e) 45% (f) 55%¢
%5 (-SNE nJ#4k

Figure 5 ¢-SNE visualization
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2.3.3 HMEMBESKRERSTENECTHRLS M

N T A B B DT-DPath B8 b 4 i 2
Mg o 2 5 B % B Xl 4R 0 T 2 SN I B B
A1 % 228 35 27 AL AL, FRATT % B NCT-CRC-HE-
100K Hi 45 4 v i) — 7k S 700 25 157 fig i i P 5 A S AR e bk
Joa 191, 43 A7 FLAE B2 1) 7 BT R v Y DG S e ] 25 2 B
H5 B P AL X R o R . B 6 BN T 1%

6 IS ] 2 AT 2R 205 IR 25 T R Ak T #LAE

G AE B 022 el 72 b 9 4 A4S A By B (R =
700 . F 1 1~400 . )5 ] =250 1 1] e~100) Y 2 15 i)
BEMG (A7) S R i 2 3R CR AT, Ak e
AR R L S SRR R A T L A I . B LM
HEFE ) E | RGN 1 MR 7 (R AR R 285 528 25 Wk &2 1
A VI D IRE o =W [ o T W A S A R A
A

1%

L

Figure 6 Visualization of feature manifestations and pathological morphological attention evolution across time steps

RIH B BETF U, 1 B O AL, R R R
15 B H R A8 B AR U BE L2 o0 A1, 2800 T B Ak rp
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