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Computer-aided diagnosis utilizes machine learning techniques to conduct a
pathological diagnosis concerning biomedical imaging data collected from various
pathological modalities, such as computed tomography [19], magnetic resonance
imaging [11], ultrasound [23], and angiography [9]. With the assistance of CAD
techniques, the clinicians merely need to check the possible pathological regions
narrowed down by computer-aided diagnosis method, significantly reducing the
entire diagnosis time. With the recent success of deep learning, researchers are
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Abstract. Machine learning based Computer-Aided Diagnosis (CAD)
alms to assist clinicians in the pathological diagnosis process. While
dealing with video pathological diagnosis such as colonoscopy polyp
detection, the recent SOTA method employs Weakly-supervised Video
Anomaly Detection (WVAD) in the Multiple Instance Learning (MIL)
scenarios to concern the temporal correlation within data and to formu-
late the concept of the interest disease simultaneously. Such a MIL-based
WVAD method leverages video-level annotations to detect frame-level
diseases and shows promising results. This paper casts the video patho-
logical diagnosis as a MIL-based WVAD task and introduces Contrastive
Feature Decoupling (CFD) network to decouple normal and abnormal
feature ingredients per snippet. With such decoupled features, we are
able to highlight the abnormal feature ingredients for accurately reason-
ing the disease score per snippet. The core components within our CFD
model are the memory bank and contrastive loss. The former is used to
learn atoms for representing normal features, and the latter is used to
encourage our model to gain robust disease detection. We demonstrate
that our CFD network is achieving new SOTA performance on the exist-
ing Polyp dataset and the introduced PANDA-MIL dataset. Our dataset
are available at https://github.com/Jhih-Ciang/PANDA-MIL.
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able to raise the reliability of CAD methods and assist clinicians in diagnosing
more complex clinical tasks. However, a reliable machine learning-based CAD
method usually relies on the supervision of abundant annotated training data.
Yet diseased pathological data are rare and diverse, and acquiring reliable patho-
logical annotations are labor-intensive and expertise-required. As a result, the
difficulty of data collection restricts the development of the supervised CAD.

Due to the difficulty of acquiring the abundant annotated training data, the
current SOTA method, i.e., CSM [14], proposes a MIL-based WVAD manner to
specifically tackle one specific disease detection task, i.e., colorectal cancer diag-
nosis via colonoscopy. Considering the case of colonoscopy, the CSM’s anomaly
detection setting is used to handle the rare and diverse diseased pathological
data by commonly assuming that only video-level annotations are available for
training. Furthermore, its video setting concerns the temporal correlation within
data. The setting of such MIL-based weakly supervision prevents the need for
abundant annotated training data by assuming that merely the video-level anno-
tations, including normal and diseased ones, are available for training.

Similar to the previous MIL-based WVAD methods [4,13,14], our model
assumes all training snippets (consecutive video frames) within a non-diseased
video are all normal snippets, yet each diseased video has at least one abnor-
mal snippet. Furthermore, the proposed contrastive feature decoupling network
treats disease detection as an out-of-distribution task. Precisely, our CFD learns
a memory bank to learn normal features. A snippet that failed to be well recon-
structed with these normal features is considered diseased. On the other hand,
the residual of a snippet and its reconstructed one reveals the snippet’s abnor-
mal ingredients. Consequently, we are able to decouple each snippet as normal
ingredients (reconstructed parts) and abnormal ingredients (residual parts) by
leveraging the memory bank. With the decoupled snippet-level feature ingredi-
ents, our CFD employs both the normal and abnormal feature ingredients via a
contrastive learning paradigm to concurrently optimize video-level and snippet-
level disease scores for pursuing more accurate detection.

To assess the proposed contrastive feature decoupling network, we conduct
experiments on two datasets, i.e., Polyp and PANDA-MIL. The main contribu-
tions are summarized as follows.

— Our contrastive feature decoupling network learns a memory bank to learn
normal atoms for decoupling each snippet as normal and diseased feature
ingredients as opposite contrastive learning samples. Such a feature decou-
pling intrinsically fits the contrastive learning paradigm for optimizing MIL
objectives on bags and instances. The ablation study shows the decoupled
diseased ingredients enable accurate disease detection, and the accompanied
contrastive learning paradigm provides further improvement.

— We introduce the new biomedical imaging dataset for prostate cancer detec-
tion, i.e., PANDA-MIL. The dataset is organized to fit the MIL-based WVAD
task, including video-level annotations and video-wise format data.

— We demonstrate the generalization of CFD by achieving new SOTA perfor-
mance on two biomedical imaging datasets concerning different pathological
modalities, i.e., the colonoscopy videos in Polyp and prostate tissue biopsies
in PANDA-MIL.
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2 Related Work

2.1 Disease Detection

With the evolution of artificial intelligence techniques in the past decades, deep
learning has shown its potential for computer-aided diagnosis of various symp-
toms [6,8,14,17,22]. For example, Li et al. [8] established a large-scale attention-
based database and designed a specialized model using retinal fundus images for
detecting glaucoma. Windsor et al. [17] constructed a transformer-based model
to detect spinal cancer for MRI scans. More recently, Tian et al. [14] formu-
lated polyp detection in a WVAD scheme while tackling polyp detection using
colonoscopy videos to search colon polyps in the temporal sequence. Unlike pre-
vious methods of handling one specific pathological modality, we simultaneously
address disease detection across pathological modalities of colonoscopy videos
and prostate tissue biopsies using our contrastive feature decoupling network.

2.2 Contrastive Learning

The characteristics of self-supervised learning are defining the proxy objective
or addressing pretext tasks using pseudo labels for the unlabeled instances.
One popular branch is contrastive learning which shows a remarkable ability to
obtain the desired semantic representation from various perspectives. For exam-
ple, CoLA [21] tackled action localization by proposing snippet contrast loss to
refine the feature representations of hard snippets according to the easily dis-
criminative snippets. CSM [14] borrowed the concept from CoLA and defined the
hard/easy snippets for representing normal/abnormal from colonoscopy videos.
They empirically selected hard snippets based on the transitional edge and
missed disease snippets, such as an occlusive polyp. In this work, we employ
a similar contrastive learning strategy as CSM while preventing their rule-based
contrastive training samples selection by intrinsically leveraging the decoupled
features derived from our feature decoupling process via memory bank.

3 Method

We aim to design a MIL-based WVAD model for tackling disease detection across
different pathological modalities. Our model contains an offline trained memory
bank to store feature atoms before the CFD training procedure, which associates
a contrastive loss to boost the model performance using decoupled features per
instance. Winin the MIL scenario, our model employs two classifiers to enable
reasoning of the disease scores at instance and bag levels. Figure 1 overviews the
working flow of the proposed contrastive feature decoupling network.
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Fig. 1. Tllustration of our contrastive feature decoupling (CFD) network. Given a bag
composing multiple instances (also known as a video comprising snippets in Polyp or a
‘WSI consisting of patches in PANDA-MIL), our CFD employs I3D as feature encoder
E to generate bag-level feature F, which subsequently decoupled as the normal proxy
FZ and abnormal proxy F? through the offline trained memory bank M. The gray
dotted arrows indicate the required normal features for constructing M. Besides the
regular MIL-based losses, i.e., Lsep and L5, we employ auxiliary losses of Lgmootn and
Lsparse to regularize the decoupled features within each bag and employ contrastive
loss Leon to regularize the opposite decoupled features across bags. The notations ¢
and ¢! denote the bag-level and instance-level classifiers, respectively. The green box
indicates a normal bag/instance, while the red box represents abnormal ones.

3.1 Memory Bank Construction

Given dataset D comprising normal sub-dataset Dy and abnormal sub-dataset
D, we first encode all instances per bag B € D into instance-level feature set
F = {f1}1_, € RT*C via a pre-trained feature extractor E. That is, F = E(B), T
is the number of instances, and C' represents the instance-level feature dimension.
We then collect all normal instance-level features f € R from Dy to learn
the memory bank M by using the dictionary learning technique [7] via

T
argmin Z thl(nft—MWtHz-i-)\HWtHO)a (1)

Miwi} pep,

where Dy is the normal sub-dataset collected from the training split, wy is the
learned weights within the memory bank learning process, and A is a hyperpa-
rameter to constrain the memory bank sparsity.

3.2 Contrastive Feature Decoupling

With the learned normal instance features stored in the memory bank M, we
are able to reconstruct a normal version for any given bag-level feature F. Such
a normal version is denoted as a normal-like feature F¥. To this end, we recon-
struct a given F concerning M via the following equation

Fi =g (¢7(F)o" (M)T) 6" (M), (2)
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where o stands for the softmax function; ¢, ¢*, and ¢V respectively represent
the query, key, and value linear projections, as introduced in the self-attention
framework [15]. To make a robust learning process by mining the hard and easy
instances for the subsequent contrastive loss, CSM [14] designed a rule-based
instances selection concerning the transitional edge and missed disease instances,
such as occlusion or invisibility from the polyp. Different from the CSM model,
we generate the disease-like feature F? referring to F as follows:

FP=woF, (3)

where w € R'¥¢ is the weight for reweighting F by channel-wise multiplication.

For depicting the degree of disease/abnormal to estimate the channel-wise
weight w, we consider attending to the distant features with respect to the normal
ones, i.e., F1. In practice, we estimate the degree of disease/abnormal based on
the difference between F and F by

w = sigmoid(¢”(G(¥(F) — w(F7)))), 4)

where ¢, G, and ¥ are linear projections, global average pooling, and the multi-
scale temporal network [13], respectively.

With the decoupled features F and FP, our MIL-based instance-level clas-
sifier aims to carry out the discriminating decision, and the bag-level classifier
seeks the prediction as fitting annotation y as possible. Following recent MIL-
based methods, we select top-K instances of normal and abnormal in each bag
to form the separation loss as

Locp= Y, > (0= I{F Y xll| + I{F7 Y xll2) . (5)

FID €Dy K
F7D €D,

where § is the hyperparameter for constrained margin and {-}x is the operator
that selects top-K instances. The other common loss used in the recent MIL-
based works is the classification loss building upon the binary cross entropy

Ecls = BCE({S}Ka y) + BCE(§’ y) ) (6)

where S = ¢!(FP) represents the instance-level prediction inferred by an
instance-level classifier ¢! and 5 = ¢Z(G((1 — w) ® F¥)) means the bag-level
prediction resulting from a bag-level classifier ¢Z.

3.3 Regularization

Motivated by the recent WVAD methods [4,13,14,18], which adopt auxiliary
losses to regularize the learning procedure, we consider the conventional regu-
larization losses, such as temporal smoothness and sparsity, as follows

D]l D]l

1 T—1 1 T
Lomootn = 3 7= S0 W= FIPL Loparse = 2 30, I7H- (D)
=1 i=1
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By using the decoupled features F” and FP, we are ready to regularize
the opposite decoupled features across bags with the aid of a contrastive loss.
An expected contrastive loss aims to make our model attract features from the
same category while distracting the features from distinct classes. In practice,
we formulate such a contrastive loss by

exp [1(FP)TF]]

Lcon = IOg ’
02, D TP D] + Soag e, oo PP

(8)

where 7 denotes the temperature parameter in the normalized temperature-
scaled loss. Notice that (8) is simplified for the sake of clarity. A complete objec-
tive should consider the symmetric form by switching D; and Dy in (8).

4 Experiments

4.1 Dataset and Metric

We evaluate our model against SOTAs on the existing Polyp [14] dataset and
the PANDA-MIL dataset introduced in this work. We employ the same eval-
uation criteria as the previous work for a fair comparison. Please refer to the
supplementary material for the statistics of the two datasets.

Polyp. This dataset collects colonoscopy videos from Hyper-Kvasir [1] and
LDPolypVideo [10]. Its training split contains 163 videos of video-level anno-
tations, and the testing split includes 90 videos of frame-level annotations.

PANDA-MIL. The Prostate cANcer graDe Assessment (PANDA) challenge
[2] comprises over 10K whole-slide images (WSIs) of digitized hematoxylin
and eosin-stained biopsies originating from Radboud University Medical Cen-
ter and Karolinska Institute. PANDA-MIL collects the eosin-stained biopsies
with region-based masks indicating the benign (normal) and cancerous (abnor-
mal) tissue, combined by stroma and epithelium. To fit the MIL-based WVAD
task, we non-overlapped partition each WSI (bag) into patches (instances) and
only keep those patches comprising tissue over the 50% patch size. Each kept
patch gets its patch-level annotations from PANDA, and a WSI comprising any
abnormal patch is treated as an abnormal WSI. In sum, PANDA-MIL’s training
split contains 3,925 bags of bag-level annotations, and the testing split includes
975 bags of instance-level annotations.

Metric. We follow the previous methods [4,13,14] to employ the instant-level
Area Under Curve (AUC) and the Average Precision (AP) for a fair comparison.
The larger values of both metrics mean better disease detection performance.
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Table 1. Comparison with AUC and AP metrics on Polyp and PANDA-MIL datasets.

Method Publication | Polyp PANDA-MIL
AUC | AP AUC | AP

MIST [4] |CVPR’21 |94.53 | 72.85 |82.84 |75.45
RTFM [13] | ICCV’21 96.30 | 77.96 |85.12 |78.17
S3R [18] ECCV’22 98.32 | 86.21 |86.19 |78.33
CSM [14] |MICCAI'22|98.41 |86.63 |76.52 |73.12
CFD 99.51 | 88.13 | 87.28 | 80.78

4.2 Implementation Details

All the evaluated methods in the experiment used the same feature encoder,
i.e., I3D [3] pre-trained on Kinetics-400 [5], for a fair comparison. Our method
is trained using Adam optimizer with the learning rate of 0.001, batch size 32,
and 200 epochs. Each bag/video is encoded into T' = 32 snippets among both
datasets via linear interpolation.

4.3 Comparison Results

Table 1 shows the compared results of our CFD model against recent WVAD
methods [4,13,14,18] for tackling the disease detection task. The results in
Table 1 demonstrate that our CFD consistently outperforms all the other meth-
ods on two datasets. Precisely, our model achieves the new SOTA by 1.1%
AUC and 1.5% AP improvements on the Polyp dataset and 1.09% AUC and
2.45% AP improvements on the PANDA-MIL dataset. Please refer to the sup-
plementary material for the completed results, including more WVAD methods
[12,16,20,24].

Figure 2 visualizes one disease detection result of our CFD model on the
PANDA-MIL dataset. The disease score per instance/patch predicted by our
method is close to the ground-truth annotations, in which the clear margin
between cancerous and benign validates the robust prediction of the proposed
CFD model.

4.4 Ablation Study

We analysis on why the CFD network performs better than other methods listed
in Table 1 by ablating the contributed components in CFD. The ablation study in
Table 2 is conducted on the PANDA-MIL dataset to evaluate the effectiveness of
the memory bank and loss functions in our model. Row one in Table 2 indicates
our CFD model without regularization, yet it has shown better AUC values
than other methods besides the S3R. While employing the three loss functions for
regularization, as described in Sect. 3.3, each loss function shows its improvement
in our model performance. The contrastive loss contributes the most to AUC
improvement, enabling our model to achieve the SOTA performance.
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Fig. 2. Qualitative results of our CFD model on one testing prostate tissue biopsy of
the PANDA-MIL dataset. Our disease detection results are close to the ground-truths.

Table 2. Ablation study on model components with the AUC metric on PANDA-MIL.

M | Lsparse | Lsmootn | Leon | AUC
v 85.36
RS 85.79
v v v 86.15
v |V v v 87.28

5 Conclusion

This paper casts disease detection as a MIL-based WVAD task and introduces
Contrastive Feature Decoupling (CFD) network to learn a memory bank boosted
with contrastive learning. With the learned feature atoms stored in the memory
bank, our contrastive feature decoupling is able to decouple each snippet as nor-
mal and abnormal proxies. Further, the decoupled abnormal proxies highlight the
abnormal feature ingredients for better reasoning the disease score. Our feature
decoupling intrinsically fits the contrastive learning paradigm to define opposite
training samples for model optimization. Besides, we introduce a new dataset
of prostate cancer detection, i.e., PANDA-MIL, to provide a biomedical imag-
ing dataset concerning a different pathological modality. Experiments demon-
strate that our CFD network achieves new SOTA performance on the Polyp
and PANDA-MIL datasets, indicating that our method effectively addresses the
disease detection task across different pathological modalities.
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