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I Motivation
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Time-consuming data pre-processing:

After comparing the time required for data pre-
processing (WSI cropping, feature extraction)
and MIL network classification, it is clear that
data pre-processing is the main speed
bottleneck.

Redundant irrelevant patches:

For example, in a randomly selected WSI,
numerous instances have extremely low
attention scores, indicating their minimal
contribution, if any, to the bag-level classification.

Based on the above analysis, a straightforward idea to reduce the inference
time is discarding irrelevant instances based on attention scores.



I Related work PElr'N E

ﬁxﬂLUﬂIJﬁfﬂiférl'EﬁﬂnﬁE

SMT employs cascading vision transformer (ViT) blocks to gradually search for
“suspicious” areas and ultimately uses only a small area of the entire WSI for
classification. The classification performance of SMT heavily relies on
accurately identifying potential tumor areas. However, the pathological
information provided by the low-resolution thumbnails, used as the initial input
of SMT, is insufficient, which can easily lead to inappropriate regions of interest
being focused. Consequently, the accumulation of errors results in inferior
classification performance of SMT when compared to other non-accelerated
MIL methods.
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feature extractor: 5
projection: -

attention scores: A; nr = [¢(Fi,zrV) © o(F; urU)|W,
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bag-level representation: Efj}‘}ﬂic = o(AiHre) ® Finre ce€ {1,2}.
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Student Branch and Self-Distillation
the student branch is designed to compute bag-level representations using
only a subset of instances with larger attention scores
we incorporate the Gumbel Noise to “sigmoid” the un-normalized attention
ices. A Hre+Gre — G
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bag-level representations:



I Method
o |Xiug
- Finr

Feature Attention || ~

Extri;ictor M(}f]ule Tra o -l
i HR,2 <

Projection = :

Module Dr .. Teacher Branch

CKA Classi

ifier

ParN,C

FAttern Recognition an

BEIGHAISHLEIT 87

o NEwral Computing

ut S Fonie
.' FO— g o Gumbel-

hed A ey

4 Ystu\ ﬁ._é, g = lefergntlgble — o

' L inarization i,HR,2
EEN Myna . Bitamation | 4
Y; iL,HR,2
........ R@!?fn_.@!?f_s_i]?ﬂﬂg_m Sitidant Biatich ©

we employ the iterative form of K-order Chebyshev polynomials to represents

the basis functions TK(x):
1 represents a bag-level representation, Ty(z) = 1 and T3 (x)

Here,

prediction:

le
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Specifically, the  16x16 patches obtained from

Cross-distillation
training (Step2)

-----------------------------------------

are directly fed into

LIPN, generating dual-branch prediction matrices , 1, 2
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I Experiment

Comparative Camelyonl6 TCGA-NSCLC TCGA-BRCA
Methods AUCT ACCT Time(s)| | AUCT ACCT Time(s)] | AUCT ACCT Time(s)]
Max—Pooling 83.261_54 82.41(}_?3 23.46 9466233 86.403_73 57.16 88.'[]37_76 86.053_38 36.49
MBHH-PDO]ing 61.802_15 70.541_41 23.46 92.823_54 84.934_78 H7.16 8823557 86.7’-12_44 36.49
ABM]L[I_L)] 84.883.38 82.792,53 23.46 9/1.922.29 88.033‘55 57.16 87.705_15 87.683.51 36.49
CLAMSB [34] | 83.49446 79.61440 23.46 [95.05572 88.74339 5H7.16 |88.25¢6.12 87.98492 36.49
CLAMMB [34] | 87.51393 82.56311 23.46 [95.992.16 88.01338 57.16 |90.225,8 88.27352 36.49
DSMIL [27] 79.9410.81 75.356.12 23.46 |92.11597 83.67350 o7.16 |83.33748 82.59366 36.49
TransMIL [47] | 82966+ 81.0lgse 2347 945745 882150z STIT |88.3%: 55 875557 36.19
DTFDAFS [61] | 87.403 17 85.12545 23.46 |95.595 08 88.76389 57.16 |87.247 35 86.83398 36.49
DTFDMAS [61] | 87.752.07 85.43203 23.46 [95.02935 89.0257,8 o7.17 |87.809¢5 87.48413 36.49
S4MIL [10] 86.401.99 80.392.79 23.47 [96.191.89 89.69286 O7.17 [90.40573 88.17385 36.49
MambaMIL [ST] 8706619 8326293 2047 953717[} 8962313 97.16 8969591 8778427 36.49
HDMIL 9317183 889255, 2346 (964725 89.7528 57.16 |90.43,5c 88.685:7 36.49
HDMIL 90.88, 75 88.6150s 16.75 |96.35,55 89.785 11 44.71 [90.45,,, 88.275.47 33.86

Table 1. Comparison of HDMIL with the state-of-the-art MIL methods on Camelyon16, TCGA-NSCLC, and TCGA-BRCA. The 10-fold
test AUC and accuracy (ACC) scores are reported in the form of meangq. The best and second best results are indicated in red and blue,
respectively. The average processing time per WSI on each test sets are also shown. HDMIL{ means using only DMIN for inference.
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Methods| Dataset |[LIPN Crop  Fea DMIN| Total
HDMIL{ - 13.45 10.00 0.02 | 23.46
Camel6|HDMIL |0.01 10.88 5.84 0.02 | 16.75
A - —191%—41.6% - |—28.6%

HDMIL}| - 47.02 10.12 0.02 | 57.16
NSCLC |HDMIL |0.01 37.21 7.48 0.02 | 44.71
A - —=209%—-26.1% - |—21.8%

HDMIL{| - 27.17 9.30 0.02 | 36.49

BRCA |HDMIL |0.01 25.84 8.00 0.02 | 33.86
A - —490%—14.0% - |-7.2%

Table 2. Comparison of HDMIL and HDMIL{ when splitting the
inference time (seconds) into four stages: instance pre-screening
(LIPN), WSI cropping (“Crop”), feature extraction (“Fea™), and
bag classification (DMIN).
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I Experiment

DMIN LIPN Camelyonl6 TCGA-NSCLC TCGA-BRCA Average
CKA | SelfDist AUC ACC AUC ACC AUC ACC AUC ACC
X X X 94.67451 91.54538 | 95.365.51 89.44451 | 88.826.41 86.47421 | 92.95 89.15
v X X 97.15397 93.85486 | 99.19501 89.67357 | 91.225 49 89.00342 | 94.52 90.84
v v X 9770254 95.00451 | 95.58327 90.29590 | 93.33,535 89.83:7; | 95.54 91.71
v v v 97.64; 95 95.38397 | 9588302 90.503 44 | 93.274 57 88.703.92 | 95.60 91.53

Table 3. The effect of each component in HDMIL on classification performance. The 10-fold validation AUC and ACC scores are reported
in the form of meangiq. “SelfDist” is the abbreviation for self-distillation.
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