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Pathology Whole Slide Image (WSI)

 Lack of patch level annotation (generally slide level diagnosis label will be given)

 Large scale of resolution pixels (hindering parallel training)
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Related Works

Focus on WSI architecture: CLAM [1], TransMIL [2] ...
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[1] Ming Y Lu, et, al. Data- eff|C|ent and weakly supervised computanonal pathology on Whole slide |mages Nature Blomedlcal Engineering 2021.
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The Proposed Method

y DIStIIIIng WSI |nt0 Slmpllfled bag a. ImageNet-1k b. Full Supervision
v-score: 0.285 v-score: 0.745
Variational information bottleneck is a useful attributing tool to find the T
minimal sufficient statistical of WSI. Htat o
« Fine-tuning pretrained backbone (after ImageNet transfer or SSL) - seffsupervised 4. 18 Fine-tuning (ours)
v-score: 0.394 v-score: 0.538
utilizes less than a 1% fraction of full patch annotation g«@
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 Versatile training-time augmentations i Ehi

e.g. Color jitter, rotation are the most common simulation to the variants for
digital pathology slides.
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The Proposed Method

* Qverview of framework

Instance sampling

Stage 3: retrain WSI
head with new encoder

Agg Cls

* Using all instances
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The Proposed Method

« WSI-MIL definition (original methods)
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The Proposed Method

 Information Bottleneck for MIL sparsity

Objective: maximizing R;g = I(Z,Y) — BI(Z,X)
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The Proposed Method

* stages

Instance sampling

Stage 3: retrain WSI
head with new encoder

Agg Cls

* Using all instances
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Algorithm 1: PyTorch-style pseudocode for WSI
task-specific IB sparsity learning

Experiments

for (X,y) in data_-loader:
with torch.no_grad():
° Datasets model.eval ()
Z_0 = model (X)

Camelyon-16 [1]: public, metastasis detection in breast cancer e,

model .train ()

TCGA-BRCA [2]: public, breast invasive carcinoma cohort 4 IB is a sequential FCs

M = IB(Z.0)

LBP-CECA : our private data, cytology for cervical cancer logits = torch.sigmoid (M)
p-z = Bernoulli (logits)
Camelyon-16-C [3]: generated with random synthetic domain shift zmask = p-z.sample ()

r_.z = Bernoulli (m)

Camelyon-17 [4]: public, metastasis detection in breast cancer e

Z.1 = Z_0-(M+Z_mask) /2

Y = model_ wsi(Z_1)

lossl CrossEntropyLoss (Y, y)

: : : lossZ2 KL_divergence (p_z, _Z)

* Runtime, implementations e

optimizer.zerb_grad(}

loss .backward()

optimizer.step()

[1] Babak Ehteshami Bejnordi, et, al. Diagnostic assessment of deep learning algorithms for detection of lymph node metastases in women with breast cancer.
Jama 2017.

[2] Nicholas A Petrick, et, al. Spie-aapm-nci breastpathq challenge: an image analysis challenge for quantitative tumor cellularity assessment in breast cancer
histology images following neoadjuvant treatment. Journal of Medical Imaging 2021.
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Camelyon-16 TCGA-BRCA LBP-CECA

Method F1 AUC F1 AUC F1 AUC
Full Supervision 0.967+0.005 0.992+0.003 - - 0.741+0.006 0.942+0.002
RNN-MIL [7] 0.834+0.017 0.86140.021 0.77640.035 0.87140.033 - -
AB-MIL [19] 0.82840.013 0.85140.025 0.77140.040 0.869+0.037 0.525+0.017 0.845-+0.002
DS-MIL [25] 0.857+0.023 0.892+0.012 0.775+40.044 0.87540.041 - -
CLAM-SB [20] 0.839+0.018 0.87540.028 0.79740.046 0.879+0.019 0.587+0.014 0.860+0.005
TransMIL [2%] 0.846+0.013 0.8834-0.009 0.80640.046 0.88940.036 0.53340.006 0.85040.007
DTFD-MIL [45] 0.882+0.008 0.93240.016 0.81640.045 0.89540.042 0.56940.026 0.847+0.003
FT+ CLAM-SB 0.911+0.017 0.9564-0.013 0.845+40.032 0.9354-0.027 0.718+0.010 0.907+0.005
FT+ TransMIL 0.923+0.012 0.967+0.003 0.848+40.044 0.945+0.020 0.72040.024 0.918+0.004
FT+ DTFD-MIL 0.921+0.007 0.962+0.006 0.849+0.027 0.951-+0.016 0.723+0.008 0.922-+0.005
Mean-pooling 0.629+0.029 0.591+0.012 0.818+0.022 0.910-+£0.032 0.350+0.017 0.735-0.006
Max-pooling 0.805+0.012 0.824+0.016 0.644+0.179 0.826+0.096 0.63640.064  0.89340.019
KNN (Mean) 0.468+0.000 0.5060.000 0.63340.066 0.7494-0.055 0.39340.000 0.65040.000
KNN (Max) 0.559+0.000 0.53540.000 0.524+40.032 0.63940.063 0.47740.000 0.74340.000
FT+ Mean-pooling 0.842+0.006 0.831+0.007 0.866+0.035 0.952+0.018 0.68540.014 0.900+-0.002
FT+ Max-pooling 0.927+0.011 0.969-+0.004 0.852+0.043 0.948+0.019 0.695+0.013 0.912-+0.004
FT+ KNN (Mean) 0.505+0.000 0.52640.000 0.784+0.044 0.907+0.034 0.529+0.000 0.737+0.000
FT+ KNN (Max) 0.905+0.000 0.916+40.000 0.802+0.063 0.882+0.036 0.676+0.000 0.875+0.000

Table 1. Slide-Level Classification by using the IN-1K pre-trained backbone or the proposed fine-tuned (FT) in three datasets. Top Rows.
Different MIL architectures are compared to select the top 3 SOTA methods to validate the transfer learning performance using the IN-1K
pre-trained backbone or the FT. Bottom Rows. The competition of various traditional aggregation and feature evaluation methods by using

pre-trained IN-1K or the FT.
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Experiments

Method F1 AUC Camelyon-16-C | Camelyon-17
IN-1K © _ 0.8840.059 Method F1 AUC F1 AUC
IN-1K 0.797+0.046 0.879+0.019 Max-pooling 0.689 0.742 | 0.578 0.670
/w FT 0.845+0.032 0.935+0.027 /w FT 0.816 0.892 | 0.687 0.720
SimCLR [11]3 - 0.879+0.069 CLAM-SB [20] 0.742  0.836 | 0.624 0.702
MoCo [17] 0.804+0.042 0.904+0.030 fwET 0823 0362 | 0676 0.725
/w FT 0.851+0.029 0.948+0.026 TransMIL [35] 0.748  0.842 | 0.657 0.706
DINO 0.801+0.045 0.891+0.043 DTFD-MIL [45] 0.775 0799 | 0.576  0.676
/w FT 0.848+0.027 0.944+0.036 /w FT 0.804 0.838 | 0.689 0.717

Table 3. Generalization on Domain Shift. The generalization
ability of all methods is compared between fine-tuning(FT) and
IN-1K features on two datasets with domain shift. Camelyon-16-C
and Camelyon-17 are synthetic and real corruptions respectively.

Table 2. Combination of SSL and Fine-tuning. We compare
SSLs with IN-1K and their further improvement via fine-tuning
(FT) on TCGA-BRCA. The symbol % indicates the result released

in previous publication [Y, 10].
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Experiments

* Ablations and visualizations

fine-tuning learning rate

LR | Fl1 AUC
3-stages results. le-3 N/A N/A
Se-4 N/A N/A
le-4 0.682 0.744
Se-5 0.713 0.741
le-5 0.899 0.944
Se-6 0.876 0.908
le-6 0.806 0.804
Method | AUC
CLAM-SB 0.875
stage-1 0.865
stage-2 0.944
stage-3 0.956
stage-2 random | 0.731
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Experiments

 Ablations
Top-k and beta selection during VIB training.

W

Top-K Fl AUC B Fl AUC
128 0.840+0.011 0.870-+0.010 Upper bound 0.839+0.018 0.87540.028
256 0.843+0.009 0.870=+0.010 le-3 0.835+0.008 0.86040.012
512 0.843+0.005 0.866+0.011 le-2 0.833+0.006 0.860+0.028
1024 0.845+0.007 0.864+0.011 le-1 0.849--0.010 0.865+0.014
2048 0.846-+0.004 0.875-+0.010 1 0.839+0.015 0.85240.018
all | | 0.839+0.018 0.875+0.028 10 0.838+0.016 (0.862+0.020
100 0.828+0.010 0.853+0.007
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