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Multiple Instance Learning (MIL) Method: the proposed model
Multiple Instance Learning (MIL) is a weakly supervised learning paradigm that is particularly useful when We build on top of the well-known ABMIL |1}, proposing two modifications.
obtaining fine-grain annotations is expensive. This is the case of medical imaging and drug discovery:.

SmAP. We add the smooth operator Sm in the attention pooling. It accounts for local interactions.

The training data consists of pairs of the form (X, Y) where X = [xq,...,xy]' € RY*? is a bag, and

xp € RY are the instances. The instances have labels {yq, ..., yx} C {0, 1}, which are not observed. Only
the bag label Y is observed, and it holds Y = max{y1,...,yn} € {0,1}.

SmTAP. We use a transformer encoder to account for global interactions. We add the smooth operator Sm
both in the transformer and in the attention pooling, accounting for both global and local interactions.
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At test time, given a new bag, we want to predict the bag label (classification task), and the instance labels 1 U omaiNerl by 1 T
(localization task).
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Figure 2. Computerized Tomography (CT) scan (bag) and labeled slices (instances). EXPerimeﬂt51 quantitative evaluation
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Figure 3. Architecture of deep MIL methods without interactions (left) and with interactions (right).

Experiments: attention histograms and attention maps
Problem. These methods have been designed to target the classification task... what about localization”

The implications of their design choices in this task have not been studied! We examine the attention histograms and the attention maps produced by each model on the CAMELYON16
How to solve this? We propose a method to be competitive in both tasks! dataset. The proposed SmAP and SmTAP stand out at separating positive and negative instances.
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Observation. Instance labels show spatial dependencies: an instance is likely to be surrounded by
instances with the same label (see Figures 1 and 2).

If we want to use the attention values f to predict the instance labels, they should inherit this smoothing 0.0 mm 0.0 J J U.OJIE#[JL 0.0 d L O.O#M
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Method: modelling the smoothness
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We represent each bag as a graph, where the nodes are the instances and the edges represent the spatial

connectivity between instances. We interpret the attention values f € RV as a function defined on the bag o " i & o
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Goal. We want to produce smooth f, i.e., to output f with low Dirichlet energy £p (f). SmTAP TransMIL SETMIL GTP CAMIL
Bounding &p (f). We can bound the Dirichlet energy of the attention values using the previous layers. For Figure 5. Attention histograms on CAMELYONIG.

example, modelling f as in ABMIL [1], we have
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Ep (f) < |lwll2€p (F) < [[wli3 [WI5Ep (X)

where f = Fw, F = tanh (XWT>, and w, W are trainable weights. This results generalizes for arbitrary & & & &
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depth (see the paper!). o @ @ o

Approach. We can act on f itself and on the output of previous layers. We develop the smooth operator Patch labels smTAP TransMIL, CTP CAMIL
to decrease the Dirichlet energy of any kind of layer.

Figure 6. Attention maps on CAMELYON16.

Method: the smooth operator Sm
References Check our code!

Given U € RVXP and v € RT, the Smooth operator (Sm) is defined as
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Learning with local and global consistency:.
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Sm decreases the Dirichlet energy. If L is the normalized Laplacian matrix, then

Ep (8m(U)) < &p (U).

Sm is cheap to compute. It can be computed iteratively,

Sm(U) = lim G(t),

t—00

G0)=U; Gt)=aI-L)G{¢—1)+(1—a)U.
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