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ABSTRACT

We present a fast hierarchical method to detect a presence
of cancerous tissue in histological images. The image is
not examined in detail everywhere but only inside several
small regions of interest, called glimpses. The final clas-
sification is done by aggregating classification scores from
a CNN on leaf glimpses at the highest resolution. Unlike in
existing attention-based methods, the glimpses form a tree
structure, low resolution glimpses determining the location
of several higher resolution glimpses using weighted sam-
pling and a CNN approximation of the expected scores. We
show that it is possible to perform the classification with
just a small number of glimpses, leading to an important
speedup. Learning is possible using image labels only, as in
the multiple instance learning (MIL) setting. In both cases,
the performance decrease is very small. Using more glimpses
and strongly supervised learning, performance is on par with
existing methods.

Index Terms—

1. INTRODUCTION

We shall address the task of detecting the presence of an ob-
ject or texture of interest in the image. In particular, we shall
demonstrate our method on the task of detecting metastases in
whole-slide histological images (WSI) of lymph nodes, as de-
fined in the CAMELYON16 challenge [1]. In that case, pixel-
level annotated training data is available, so that we know,
which part of the image contains the feature of interest, in
this case a tumor. Here we shall also consider a more dif-
ficult setting, called multiple instance learning (MIL), when
only image-level annotations for the training data are avail-
able, not pixel-wise segmentations. The standard approaches
usually divide the (very large) images into patches, classify
each of them using a CNN, and then aggregate the patch-wise
predictions [1, 2]. This strategy works very well, outperform-
ing even an expert human reader. However, this approach is
also slow, requiring the whole slide to be examined in detail.

This project was supported by the Czech Science Foundation project 17-
15361S and the OP VVV project CZ.02.1.01/0.0/0.0/16 019/0000765, Re-
search Center for Informatics.
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Fig. 1. Illustration of a three level hierarchical model for scal-
ing factors 1,4, and 16. The glimpse location (color dots) is
determined by random sampling from the Q heatmap calcu-
lated at the previous level.

To speed up the process, we shall proceed as a human
histopathology expert: We use low resolution version of the
image to identify potentially positive (suspicious or relevant)
regions of interest (called glimpses) at higher resolution, thus
limiting the size of the area to be examined, until the highest
resolution is reached, where the final classification is done.
This idea has been explored before, using recurrent visual at-
tention [3] or reinforcement learning [2]. In these approaches,
the glimpses are sampled in a linear sequence, each depend-
ing only on the preceding state. In contrast, we propose a tree
pattern, where the contents of each glimpse determines the



location of several smaller glimpses at the next higher resolu-
tion. We also show that focusing on glimpses estimated to be
positive can replace an explicit MIL aggregation. Finally, in
our formulation we attempt to predict the score calculated at
the final level with lower-resolution glimpses, which is a well-
defined and relatively easy to optimize task, sidestepping the
difficulty of the notoriously difficult to optimize reinforce-
ment learning and recurrent models.

2. METHODS

At testing time, the method proceeds recursively, see Fig. 1.
It starts at level l = 0 with a root glimpse (rectangle) g0 cov-
ering the whole input image I . Each glimpse gj at level l gen-
erates nl glimpses at level l + 1, using a policy. The glimpse
gj is a rectangular region extracted around a central coordi-
nate cj cut from the original image downscaled by a factor sl,
which we shall denote Il = Rsl(I). We choose to increase
the resolution by 4 between each level, i.e. sl = 4lfinal−l, where
lfinal is the final level, such that Ilfinal = I . All glimpses at all
levels have the same size 304× 304 pixels.

2.1. Classification

At the final level lfinal a classifier produces a glimpse clas-
sification ŷj = C(gj) for each glimpse gj . The classifica-
tion network C is an Inception-V3 network [4] and its output
ŷj ∈ [0, 1] is the probability that a glimpse gj is positive, i.e.,
contains a tissue of interest, in our case a tumor. There are
NG =

∏lfinal
i=0 ni leaf glimpses at level lfinal. Their classifica-

tions ŷj are aggregated into a final image classification Ŷ by
taking a maximum.

2.2. Glimpse sampling

For any level except the final, l < lfinal, a glimpse gj is fed
into a policy network Pl, to obtain a heatmap qj = Pl(gj)
of the same size as gj . The policy network is a U-Net archi-
tecture [5], independent for each scale layer. The idea is that
the values in the heatmap qj at level l, which can be calcu-
lated cheaply from reduced resolution image Il, approximate
the final classification C at the same location, which however
needs full-resolution images and is therefore much more ex-
pensive to calculate. In particular, we would like(

Kl+1 ∗ qj
)
(ck) = E

[
ŷk
]

with ŷk = C(gk) (1)

where gk is a glimpse at the final level l = lfinal centered at
point ck and Kl+1 is a box ({1, 0}) kernel corresponding to
the spatial extent of glimpses at level l + 1. This smoothing
encourages the expected score E

[
ŷk
]

to be a smooth function
of the glimpse center coordinates ck, which we assume to be
the case; it also simplifies the learning.

The nl glimpse centers c at level l + 1, direct descen-
dants of gj , are chosen using Boltzmann exploration [6], i.e.

randomly with probabilities proportional to a transformed
heatmap Q

Prob
[
c = x

]
∝ Ql(x) (2)

Ql(x) = exp

(
−
(
Kl+1 ∗ qj

)
(x)

T

)
(3)

where T is a temperature. The idea is the same as in simu-
lated annealing: In the beginning, when the policy networks
Pl are not well trained, we choose large temperature T and
the new glimpse centers at level l + 1 are sampled almost
uniformly within the their parent glimpse gj . Later on, when
the policy prediction accuracy improves, T is gradually de-
creased, so that only points with high K ∗ q values are con-
sidered. In the limit, when T → 0, a maximum location
would be always taken. At training time, T is decreased
following a decay schedule. At test time, T is set to some
small value, determined by cross-validation; for our applica-
tion T = 0.01 ∼ 0.1 seems to work well.

To avoid resampling the same location multiple times,
which would result in many overlapping glimpses, we per-
form standard maximum suppression — after one glimpse
center c is randomly chosen, the area around it correspond-
ing to its spatial extent (identical to Kl+1) is set to zero. This
way, the promising regions are explored more efficiently, with
minimum overlap between glimpses. Borders are also zeroed
for glimpses to be full included in the parent glimpse.

2.3. Training

We have two training strategies, which we call supervised
and MIL. The supervised strategy assumes that we can find
out the reference (ground truth) classification y∗k for any leaf
glimpse gk, as in the CAMELYON16 dataset, using the pro-
vided pixel-level classifications. The classification networkC
is trained using binary cross entropy loss function LC . Since
each training image leads to NG leaf glimpses, the total loss
per image is ∑

gk

LC(ŷk, y∗k) (4)

where the sum is taken over all training glimpses (patches) at
the finest level.

The policy network is trained to minimize the sam-
pled squared difference derived from (1). In particular, let
gτ(0)=0, gτ(2), . . . , gτ(lfinal)=k be a sequence of glimpses (re-
ferred to as a trajectory) from the root glimpse gτ(0)=0 to
a leaf glimpse gτ(lfinal)=k, with centers cτ(0), . . . , cτ(lfinal)=k,
such that gτ(l) is a parent of gτ(l+1). The loss function for
one input image will be a sum over all Ng trajectories τk for
all leaf glimpses gk.

LP =
∑
τk

lfinal−1∑
l=0

((
Kl+1 ∗ qτ(l)

)
(cl+1)− ŷτ(lfinal)

)2
(5)



Fig. 2. (A) Input image at initial scale with a glimpse marked in blue, (B) second level glimpse with two successor glimpses,
(C) the policy-net output corresponding to B, (D) Q-map after Boltzmann transformation at T = 0.1 with ground truth overlay
and the two sampled glimpse centers and (E, F) the sampled leaf glimpses and their score by the classification network.

The MIL strategy is used when pixel-level classification is not
available, i.e. when only image labels Y ∗ are provided. Two
modifications must be performed in (4). First, as we no longer
have a set of labeled glimpses, we start from a full training im-
age I and use the glimpse sampling (Section 2.2) to get a set
of NG leaf glimpses gk. Second, the glimpse labels y∗j are re-
placed by a single image label Y ∗

I . This works, if for positive
images the policy network is sufficiently well trained to se-
lect more positive than negative glimpses, so that the majority
of glimpse labels is correct. For negative images, where all
glimpses are negative by definition of the MIL problem, the
label is always correct.

As shown below, training from scratch using the MIL
strategy works. In more difficult cases, we can pretrain both
networks on a small dataset using the supervised strategy and
then fine-tune using the MIL strategy on a bigger dataset with
image annotations only.

3. EXPERIMENTS

3.1. Evaluation data

We extract tiles of size 5000×5000 px at the 20× magni-
fication level from CAMELYON 16 dataset. Using tiles is
necessary due to GPU memory limitations. They are pro-
cesses independently but the results are combined at image
level. We perform a stain-specific color normalization [7].
Its by-product is a tissue mask, used to limit processing to
tissue only. The training set consists of 714 images (406 nor-
mal), the testing set has 259 images (147 normal). To assess
the variance from random sampling, we repeat the evaluation
for each parameter settings 10 times and report the mean and
standard deviation (SD) of the image-level AUC.

3.2. Supervised training

We initialize the Inception-V3 classification network C with
ImageNet-weights and train it on patches extracted at the
highest resolution by minimizing the cross-entropy loss LC .
Initially, the policy network is not used at all. Instead, we
sample glimpses uniformly from known positive and negative
classes. Later on, when C is already partially trained, we

T NG
mean AUC Time

MIL Supervised [s] per WSI

0.05
4 0.9166 0.9200 1.05
8 0.9362 0.9455 1.18

16 0.9409 0.9540 1.43

0.1
4 0.9216 0.9275 1.02
8 0.9373 0.9534 1.17

16 0.9428 0.9549 1.42

- All 0.9582 0.9667 12.16

Ben Taieb [3] 0.95∗ – ∼ 4

Wang et al. [2] – 0.96∗ n/a

Table 1. Testing-set AUC comparison for different choice of
leaf glimpses and two temperatures. (∗) values reported for
the full CAMELYON16 testing set.

train two-level policy networks P0, P1 at levels l = 0, 1, with
lfinal = 2, corresponding to downscaling factors s0 = 16 and
s1 = 4, respectively. We alternate training of P and C at odd
and even epochs. The initial learning rate is 10−3 and a decay
factor 0.1 every 1000 steps.

Results are shown in column Supervised in Table 1 and
as solid lines in Fig. 4 and Fig. 3. As expected, reducing the
number of glimpses reduces the evaluation time. For exam-
ple using 8 leaf patches is about 12× faster than testing all
patches, while AUC decreases by only about 1%. The accu-
racy of the reinforcement learning method [2] is between our
method run with 16 glimpses and all glimpses.

3.3. MIL scenario

In the second experiment, only weak image-level labels are
used for training. The architecture parameters are the same.
The classification network C except the last layer is initial-
ized by pre-trained ImageNet weights. The policy networks
P1 is trained from scratch. We use the image-level labels Y ∗

as glimpse labels y∗k, following standard MIL approach. As



Fig. 3. Comparison of the models trained in fully-supervised
(solid line) and MIL manner (dashed line). Each line shows
the mean AUC over 10-fold repetitions.

the policy networks start to be better trained, mostly positive
regions are chosen in positive images, improving the label
purity further and enabling better training of C and then Pl.
Results are shown in column MIL in Table 1, and by dashed
lines in Fig 4 and Fig. 3. As expected, the model trained
from weak labels (MIL) performs slightly worse compared
to the supervised one but the difference is small, about 1%.
Both the speed and performance of the attention method [3]
is between our method run with 16 glimpses and all glimpses.
Glimpse and heatmap examples from the MIL training sce-
nario are shown in Fig. 2.

4. CONCLUSION AND DISCUSSION

We have shown that our sparse hierarchical detection method
is faster than dense methods with only a small performance
drop, it is also faster than existing attention-based methods.
We observed experimentally that our method is easier to train,
possibly because the tree exploration pattern is more powerful
than a linear on for this task, and because predicting a score is
easier than predicting a location. Our method can learn from
weak, image-level labels, solving the MIL problem. It can be
easily adapted to other detection tasks.

Fig. 4. Comparison of the models trained in fully-supervised
(solid line) and MIL manner (dashed line). Each line shows
the mean AUC over 10-fold repetitions, with ±σ error band.
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