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Overview

* We propose a pseudo-label guided contrastive learning (PLGCL) framework

Pseudo-labels generated from SemiSL aids CL by providing additional guidance

Class-discriminative feature learning in CL aids multi-class segmentation in SemiSL

Introduce a novel contrastive loss term on top of InfoNCE loss [Oord et al.]

Alleviates the requirement of pretext training

Outperforms SoTA in medical image segmentation tasks from three different modalities (CT,
MRI, Histopathology)

[Oord et al., 2018]: Representation learning with contrastive predictive coding
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Our Solution: Combining SemiSL in CL

Problem 1: Class collision — semantically similar objects forcefully contrasted in CL

Solution: We propose average patch-entropy based patch sampling for guided sampling of pos. and neg.
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Problem 2: Defining pretext task difficult, insusceptibility to multiple domains for CL

Solution: Alleviate pretext training, instead use single training stage. Produces SoTA performance on multiple
modalities (CT, MRI, Histopathology)

Problem 3: Biased pseudo-labels, limited segmentation performance in SemiSL

Solution: Class-specific information learnt in CL aids multiclass segmentation performance. Pseudo-labels generated
in SemiSL provides additional guidance to unsupervised metric learning, i.e. CL
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Step 4: Refine pseudo-labels using mean-teacher network
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Step 1: Generate pseudo-label Y;' from input image I;
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Step 5: Utilize labelled data in supervised training
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Step 3: Extract feature embeddings, define pos. and neg.
for CL and compute contrastive loss
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Step 6: Compute total loss, model trained iteratively
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Results

: i ; labeled Evaluation Metrics
Method dla:;elt;: Evaluation Metrics Method d:t,a ) : valuation - elrics
ata (%) pere HD9S | ASD ) ‘VpSCt HDYS | ASD |
UA-MT [6:5] 0El6 1235 362 UA-MT [05] 0.871 11.74 3.56
Double-UA |56 0%33 531 1.92 SASSNet [29] 0888 832 2.34
MC-Net [59] 01563 7.08 2.08 CoraNet | 15] 0882 821 2.44
MC-Net+ [ 5%] — 0871 6.68 2.0 DIC 2] 250% (885 7499 2.40)
SASSNet |29 ' 0541 140 GBDL [51]
DTC 57 0827 1081 2.99 Triple-UA [52] 0878 7.94 242
LCLPL [ 10)] 5.11 1.81 Double-UA [51] 0887 804 2.34
Ours 0591 448 Ours 0.905 675 175
UA-MT [15] 0857 406 1.54 UA-MT [15] 08483 946 259
URPC [34] 0.851 426 177 SASSMet [20] 0.891 7.54 2.51
MC-Net |59] 0878 1.52 CoraNet [45] 0898 723
MO-Net+ [ 55] _ 0885 435 1.54 DIC 157 105 0894 7.31 1.91
SASSNet [29] = 0571 5.84 215 GBDL [51] 151
DT [52] 0863 614 z1l Triple-UA [52] 0887 7.55 2.12
LCLPL | 10)] Double-UA [51] 0895 742 2.16
Ours 0912 342 .49 Ours 0919 632 151
Supervised 00% 0923 3.66 1.41 Supervised 1005 0934 610 1.44
(a) ACDC (b)) KiTS19
Method .::d::::.;:: Evaluation Metrics
ata (%) poet HD9S,  ASDY
ICT [45] 0862 1.52 2.39
. ] Double-UA [56] 2.56
Table: Quantitative HCE [26] 0.874  1.31
. . DTC [32] 107 0841 1.81 2.61
comparison with SOTA  rcsm 0853 152 246
UA-MT [6:5] 0816 1.89 258
Ours 0.882 1.50 242
ICT [45] 0866 1.46 222
Double-UA [506] 0883 1.28
HCE [206] 1.23 211
DTC [32] 200% 0.859 1.70 2.24
TCSM [0 0877 1.41 230
UA-MT [65] 0856 1.69 213
Ours R 201
Superviscd 1 0211 119 1.845
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Figure: Qualitative visualization



Ablation Experiments

Table: Quantitative analysis for

contribution of individual components

Method ACDC Kils1Y

CRAG

Warm-up PLGCL  DSCT  HDY5] ASD] DSCT HD95] ASD]
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Table: Comparison of different metrics
for patch sampling on the ACDC dataset.

DSCT HDYS|  ASD)

Similarity metric

Label = 10% Label = 20%

DSCT HD9Y95] ASD| DSCT HD95|

ASD|

0.820 9.118 6.016 0.832 7.611
0.873 5.091 2878 0.877 4497
0.891 4.980 1.802 0912 3.823

4.445
2.014
1.491

w/o PLGCL

QOurs

10 epoch 100 epoch 300 epoch

(A) ACDC

w/o PLGCL

¥ ¥ (0.794 w77 444 (431 8.4 11 0813 236 344
' X (1.822 754 36l (855 1.72 262 0814 24 352 Cosine similarity
% "y 0885 521 204 0801 6.41 1Al (.873 .64 253 Class Confidence
Ent
v v (1.8Y1 4.98 L0 (0.919 6.32 151 (1.8&2 1.50) 242 ntropy (ours)
10 epoch 100 epoch 300 epoch

wi/o PLGCL

10 epoch 100 epoch 300 epoch

Ours

QOurs

(B) CRAG

(A) KiTS19

Figure: Clustering performance with and without PLGCL
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Conclusion

* We propose a novel pseudo-label guided patch-based contrastive learning approach for
medical image segmentation

* Pseudo-label from semi-supervised learning improves contrastive learning and vice versa

* We also introduce a new contrastive loss named PLGCL which is defined as the
expectation of InfoNCE loss over the joint distribution of positives and negatives

 We also introduce a guided positive and negative sampling strategy for CL using average

patch entropy.

* Achieves SoTA performance for multiclass medical image segmentation on three datasets
from multiple modalities (CT, MRI, Histopathology)
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