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INTRODUCTION
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» (Cancer remains a leading cause of death worldwide, prompting the deep- A = S exp {w7 (tanh(A;x;) ® sigmoid(Asx;))} (5)
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learning based computer vision community to develop various models to

address this critical issue [17. * This module aggregates sequence into a point prediction.
* However, we note that the deep learning community has neglectea v’ Objective functions

microscopy images, which have significant practical advantages over | I vmeeeereeressssssssssnnnrenanesneeeeneseraerans ,

scanned images. Specifically, nearly every existing research has been
conducted on scanner-based images [ 2]. Microscopes are significantly
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more affordable than scanners thereby offering significantly different Fig. 4. Static target and proposed implicit target.
accessibility to patients in th|rd world nations [ 3]. )
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| SR <7 | and  aregion captured by a e Lo
ol i o 1: microscopeg I\/Iicropscopy ’ L= Adtwhatw + Aaplap + AalignLatign (8)
S Images are composed of * The algorithm maps dynamic-length sequences closer to pre-defined
Whole View v overlapping sequences target sequence. Because this is non-differentiable dynamic
Arbitrary Locations X manually captured by domain programming, we leverage the novel solution, Soft-DTW [4] D(-,+).
Duplications X experts * Wwe propose using the cumulative distribution function of a Beta(3,20)

as an implicit target to address the weakly supervised nature of our
image sequences (Fig. 4.). It is grounded in the empirical observation
that experts find it challenging to capture regions exhibiting symptoms
in a first frame due to the manual, high-zoom nature of the

1. ArbitrarylLocations : Microscopic images are periodically produced,
making it impossible to accurately capture the coordinates of where the
produced images were acquired.

2. InconsistentLength: The number of images captured per slide varies

due to the automatic image acquisition process. MICTOSCOPE,
3. Duplications: The image acquisition process often results in a large EXPERIMENT
number of redundant images. v Settings
4. WeakLabel : The absence of a whole-view, hundreds of images | n(Images)  n(Cases) . Average
_ o _ Magnitudes Images/Case Table 1 Dataset
produced, make it very difficult for experts to annotate each images N M N M N M it
separatel 40 652 1,370 27 24 description. N and M
p y Breakd; 100 x 644 1,437 24 53 27 25 . .
METHOD reakHis 200 623 1,390 26 24 Indicates normal and
OO w122 221 malignant respectively.
- ;’t ’ 40x,100x,200x | 52,076 84,100 492 423 106 199
erd ente -
p— v Quantitative results Table. 2. Comparison results
Q § I Y, AnonymousCenter BreakHis (n=28)
ﬁ, g g g 2 g g g 7 — Yattn Ine 186) 40 ok 200% 200 %
;'> - : ! e 5 F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy
= § H § H § H - § & | L= Yap LSTM [12] 0975 0976 | 0940 0914 0923 0893 0938 0914 0925 0893
= g -k S le - % e 21 GRU [13] 0.978 0980 | 0916 0879 0945 0921 0933 0907 0927  0.900
g g ] & 5 i1 O g ] & 3 _ Transformer [9] 0.981 0.983 0.928 0.900 0.943 0.921 0.932 0.907 0.949 0.929
. . . : i 17 i AP _T ABMIL [14] 0982 0984 | 0891  0.850 0913 0.871 0911 0871 0904  0.857
Time Series Differencing | 1 = Al oo 4 | Module TransMIL [15] 0977 0978 | 0941 0914 0924 0893 0918 0886 0924  0.893
L4 AP 0.990 0.991 0.954 0.936 0.947 0.929 0.945 0.921 0.954 0.936
. : DTW Distan 0.988 0.989 0.962 0.950 0.951 0.936 0.947 0.929 0.969 0.957
X @: Feature Extractor | : Forward  § : Residual Ours KNN | 099 0991 | 0954 0936 0952 093 0953 0936 0970 0957
. Voting 0.990 0.991 0.964 0.950 0.952 0.936 0.958 0.943 0.964 0.950
Fig. 2.  Overall Framework | | |
v Data processing » Various inference strategies Our proposed method offers four
Az, Tiv1) = ||@iss — CB@H% (1) inference strategies: ¥,, prediction, DTW distance between Jg¢en anc

vy, KNN using 984" and 9,460, and @ majority voting of them.

* Quantitative results Our proposed method can predict the entire
seqguence without truncation and aggregate the entire sequence for
a single prediction, combining the advantages of both approaches.

- Time series differencing \We extract a feature sequence X = {x;eR%|i =
1,2, ...,n} using pretrained extractor. We applied time series differencing to
remove duplications (Equation 1).

* Wavelet transformation Experts often capture narrow regions, causing

similar symptoms to be filmed repeatedly. On the other hand, they v' Ablation study

occasionally move the slide glass to acquire images from entirely different v, _ar

regions. To mimic this pattern, we employ Wavelet transformation Fig. 4. We ablate (1) @)/ ’
v ittention module p | - Wavelet transformation (it gj :; j ))f( .)/( j -P:

| | . /OKT Implicit target (iii) y A,

Attention(Q, K, V') = sigmoid ( NGD ) V (2) Reference sequence yideal (d)v X _ e
. . : (1Iv) L,:0n (V) Attention v X v v v ~ ﬁ[ura{y ]
CrossAttention = Ay, - Attention(Q, Ky, Vitp) gn HXv v v Vv / )

+ Arpd - Attention(Q, K, pd, Vipa)  (3)

| | | We present combinations of ablations from (a) to (f) and plot the performance
* We used self-attention module for input sequence and corss-attention for

decreases compared to the fully equipped model.

Xstbr Xrpd.
JstorXrpa | CONCLUSION
Attention Pooling (AP) module +  We propose a novel framework that treats microscopic image
pP— Z a;z; € R (4) seqguences as time-series data. By employing various inference

— strategies and a voting mechanism, we achieved superior results.
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