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Abstract

Adopting Convolutional Neural Networks (CNNs) in the daily routine of primary diagno-1

sis requires not only near-perfect precision, but also a sufficient degree of generalization2

to data acquisition shifts and transparency. Existing CNN models act as black boxes,3

not ensuring to the physicians that important diagnostic features are used by the model.4

Building on top of successfully existing techniques such as multi-task learning, domain5

adversarial training and concept-based interpretability, this paper addresses the challenge6

of introducing diagnostic factors in the training objectives. Here we show that our archi-7

tecture, by learning end-to-end an uncertainty-based weighting combination of multi-task8

and adversarial losses, is encouraged to focus on pathology features such as density and9

pleomorphism of nuclei, e.g. variations in size and appearance, while discarding misleading10

features such as staining differences. Our results on breast lymph node tissue show sig-11

nificantly improved generalization in the detection of tumorous tissue, with best average12

AUC 0.89 ± 0.01 against the baseline AUC 0.86 ± 0.005. By applying the interpretabil-13

ity technique of linearly probing intermediate representations, we also demonstrate that14

interpretable pathology features such as nuclei density are learned by the proposed CNN15

architecture, confirming the increased transparency of this model. This result is a start-16

ing point towards building interpretable multi-task architectures that are robust to data17

heterogeneity. Our code is available at https://bit.ly/356yQ2u.18
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1. Introduction20

The analysis of tissue images by Convolutional Neural Networks (CNNs) is an important21

part of computer-aided systems for cancer detection, staging and grading (Litjens et al.,22

2017; Janowczyk and Madabhushi, 2016; Campanella et al., 2019; Ilse et al., 2020). The23

automated suggestion of Regions of Interest (RoIs) is one task, in particular, that may24

help pathologists in increasing their performance and inter-rater agreement in the diagno-25

sis (Wang et al., 2016). The training of CNNs for this task, however, presents multiple26

challenges, including the generalization to data shifts (Janowczyk and Madabhushi, 2016;27

Campanella et al., 2019). While physicians can naturally adapt to the variability of imaging28

modalities, the features learned by these architectures often suffer from unwanted biases.29

For example, the bias towards textures introduced by pretraining on ImageNet (Geirhos30

et al., 2018) affects the classification of tumorous tissue (Graziani et al., 2018), and impacts31

the generalization of the models. As a consequence, the applicability of CNNs methods32

to the frequently updating settings, protocols and equipment of the clinic is surrounded33

by uncertainty on whether the model performance will be sufficiently reliable for trusting34

the algorithm outputs. An analysis of the reliability of the models may come from their35

generalization capability as well as from other evaluations, for instance, from an analysis36

of the mechanisms involved in the decision making by interpretability. The importance of37

transparent and interpretable models for healthcare was underlined in several works (Caru-38

ana et al., 2015; Rudin, 2019; Tonekaboni et al., 2019). One way to investigate the relevance39

of pathology features in already trained CNNs was proposed by concept attribution with40

Concept Activation Vectors (Kim et al., 2018) and Regression Concept Vectors (RCVs)41

Graziani et al. (2018, 2020). RCVs, in particular, predict the value of a clinical measure42

(e.g. nuclei size) from the internal CNN activations. This method was used to explain a43

CNN for tumor detection in histology images. The explanations were given in terms of44

clinical concepts describing nuclear pleomorphism such as the area, shape and appearance45

of the nuclei.46

Research is still needed to introduce concept-based explanations within the training47

process of CNNs to obtain built-in interpretability, as recommended in Rudin (2019). This48

paper proposes a way to fill this gap. The main objective is the design of a novel archi-49

tecture with improved transparency and generalization. In the proposed architecture, the50

learning of arbitrary interpretable concepts is encouraged during training, and this is ben-51

eficial to the generalization on unseen datasets. Even more, our approach allows to guide52

the CNN learning process during training to modify the learning of a concept. For example,53

one may encourage the learning of highly informative clinical factors (e.g. nuclei neoplastic-54

ity) and discourage the learning of a confounding concepts (e.g. staining variability). The55

existing knowledge on clinical features depicting tumor regions can thus be exploited to56

increase the CNN robustness to dataset shifts and attention to relevant features. The main57

technical innovation to guide the training consists of combining the successful techniques of58

multi-task learning (Caruana, 1997) and adversarial training (Ganin et al., 2016) to learn59

interpretable tasks, namely the linear regression of clinical features.60

Similarly to how learning happens in humans, multi-task architectures aim at simulta-61

neously learning multiple tasks that are related to each other (Ruder, 2017). As explained62

by Caruana (1997), multi-task learning leads to various benefits if the tasks are linked by63
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(a) (b) (c)

Figure 1: Intuitive illustration about multi-task learning in (a): given two related tasks M
and A, the optimization process is driven to choose solutions that satisfy both tasks. In
(b) no connection exists between the tasks, hence the multi-task approach may result in
negative transfer, providing only sub-optimal models for all the tasks. In (c), an adversarial
task is added and the optimization is pushed to representations that satisfy both main and
auxiliary tasks, but that avoids the minimum of the adversarial task.

a valid relationship, namely if what is learned for each task can help the other tasks to be64

learned better. Under these conditions, the multi-task configuration improves the gener-65

alization error bounds and reduces the risk of overfitting (Baxter, 1995). Figure 1 helps66

understanding this concept by illustrating the explanation in Caruana (1997). We suppose67

that a complex model, e.g. a CNN, is trained on a main task M. In Figures 1 (a) and (c)68

the optimization objective of M has two local minima, represented as the set {a, b}. The69

auxiliary task A is related to the main task, with which it shares the local minimum in a in70

Figure 1 (a). The joint optimization of M and A is likely to identify the shared local minima71

a as the optimal solution (Caruana, 1997). The search is biased by the extra information72

given by the task A towards representations that lay at the intersection of what could be73

learned individually for each task. In Figure 1 (b), the auxiliary task is totally unrelated74

to the main task. No local minima are shared in this case and a negative transfer may75

happen without positive improvements to the performance. Finally, Figure 1 (c) shows our76

proposed extension given by adding of an extra adversarial task C to the optimization. In77

this case, the main task M has local minima in {a, b, c}, but the minimum in c is also a78

solution of the adversarial task C. By being adversarial to C, the optimization is likely to79

prefer solutions that satisfy M and A, while avoid solutions that satisfy the adversarial task80

C. Hence, the solution a should be favored by the concurrent action of both tasks A and C.81

As in Ganin et al. (2016), the adversarial task is obtained by a gradient reversal operation.82

This ensures that the network parameters are optimized to maximize the loss for that task,83

creating a competition between the main task and the adversarial branch during training.84

We propose an application of this architecture on the histopathology task of breast85

cancer classification, with the aim of enforcing the learning of diagnostic features that match86

the physicians’ diagnosis procedure, such as nuclei morphology and density. Diagnostically87

relevant concepts, namely nuclei density, area and texture, called desired targets, are learned88

during training. At the same time, the model is invariant to undesired targets, for example89

to domain shifts due to the tissue staining, fixation, processing and digitalization of multiple90

data acquisition procedures. We bring new insights on balancing these multiple tasks, a91
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problem that has been only little investigated in the digital pathology landscape (Gamper92

et al., 2020b). As our experiments show, the main challenge of the proposed architecture93

is the combination various multi-task and adversarial losses that may have differing error94

metrics. The review of the weighting strategies by Gong et al. (2019) claims no clear95

winner among the approaches, with often a uniform weighting strategy being sufficient.96

Alternatively to uniform weighting, we evaluate in this work the the use of uncertainty97

estimates as weighting coefficients as proposed by Kendall et al. (2018). From our analysis98

of loss weighting strategies, it actually emerges that this uncertainty-based approach best99

handles the convergence and stability of the joint optimization. Our results show that the100

proposed method leads to a significant increase in the performance and generalization to101

unseen data. The results are reported in Section 2 and discussed in Section 3. Further102

details on experimental setup and methods are presented in Section 5.103

2. Results104

2.1 Single-task baseline model105

In the baseline model, only the main task branch is trained and no extra tasks are used. The106

results for the baseline are shown in the first row of Table 1, that is identified by a unique107

ID, namely model-ID 1. The experiments are performed on the dataset configuration in108

Table 3, where an internal and external test sets are used to evaluate the generalization.109

Two columns are used to report the results on the internal (int.) and external (ext.) test110

sets. Where not stated otherwise, the average AUC (avg. AUC) over ten repetitions with111

multiple initialization seeds is used for the evaluation.112

2.2 Double-task combinations113

An ablation study is performed by adding to the baseline model a single additional task at114

a time. This study aims at identifying the benefits of encouraging each task individually.115

The desired and undesired targets described in Section 5.6 are added as extra branches116

to the backbone architecture detailed in Section 5.5. The gradient reversal operation is117

only active for the center branch. The losses of each task are combined by two strategies,118

namely a vanilla and the uncertainty-based approach in Kendall et al. (2018). In the vanilla119

configuration, the loss weight values are set to 1 for all branches. The results for single task120

combinations are reported in Table 1 with unique IDs ranging from 2 to 5. Model-ID 2,121

for example, is given by the combination of the main task branch with the additional task122

area, namely of predicting the area of the nuclei in the images. A single auxiliary branch123

already outperforms the baseline (int. avg AUC 0.819±0.001, ext. avg. AUC 0, 868±0.005,124

int. avg. F1 0.783 ± 0.002, ext. avg. F1 0.315 ± 0.001), as for example in model-ID 3 by125

encouraging nuclei count (int. avg AUC 0.836 ± 0.005, ext. avg. AUC 0, 890 ± 0.009, int.126

avg. F1 0.768 ± 0.001, ext. avg. F1 0.660 ± 0.003) The avg. F1 score of model-ID3 on127

the two test sets is at 0.746 ± 0.009, a significantly higher value than the 0.701 ± 0.001 of128

the baseline model. On the external test set, the best generalization is achieved by adding129

count as a desired target (ext. avg. AUC 0.890± 0.009).130
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2.3 Multi-task adversarial combinations131

The most promising branches are then combined together to further improve performance.132

The following combinations of multiple auxiliary and adversarial tasks are tested in the133

experiments: center + density, center + area, center + density + area. The combination134

of all the branches in model-ID 8 leads to the best performance on the int. test (int.135

avg. AUC 0.874 ± 0.009), with an increase of 0.05 AUC points compared to the baseline.136

Model-ID 6 reports comparable performance on the external test set to model-ID 3. The137

addition of the center adversarial branch in model-ID 6 leads to the best model overall with138

overall avg. AUC (on both internal and external sets) at 0.824± 0.006 and avg. F1 score139

0.755± 0.005 for the uncertainty trained model. This represents a significant improvement140

compared to the overall avg. AUC 0.79 ± 0.001 and avg. F1 score 0.701 ± 0.004 of the141

baseline model, with p−value < 0.001. The statistical significance of the results is evaluated142

by the non-parametric Wilcoxon test (two-sided) applied on the bootstrapping of the test143

set as described in Sec. 5.5.144

Table 1: Average AUC on the main task and standard deviations from different starting
points of the network parameter initialization. Results for the vanilla and uncertainty based
weighting strategies. The adversarial task, i.e. center, is marked by an overline.

ID main area count contrast center int. test ext. test

1 ✓ 0.819±0.001 0.868±0.005

vanilla unc. vanilla unc.

2 ✓ ✓ 0.718±0.11 0.834±0.01 0.560±0.06 0.871±0.01

3 ✓ ✓ 0.853±0.03 0.836±0.005 0.874±0.02 0.890±0.009

4 ✓ ✓ 0.854±0.07 0.835±0.008 0.883±0.02 0.876±0.007

5 ✓ ✓ 0.845±0.10 0.822±0.005 0.884±0.04 0.871±0.005

6 ✓ ✓ ✓ 0.863±0.06 0.841±0.004 0.623±0.10 0.890±0.01

7 ✓ ✓ ✓ ✓ 0.838±0.05 0.848±0.003 0.490±0.03 0.864±0.01

8 ✓ ✓ ✓ ✓ ✓ 0.858±0.02 0.874± 0.009 0.686±0.20 0.825±0, 01

2.4 Sanity checks145

To confirm the benefit of the added related tasks, we compare these results with those146

obtained with random noise as additional targets. This experiment is performed as a sanity147

check, where an auxiliary task is trained to predict random values. As expected, the overall,148

internal and external avg. AUCs are lower for this experiment and have larger standard149

deviations (overall avg. AUC 0.819± 0.04, int. test AUC 0.834± 0.001 and ext. avg. AUC150

0.879 ± 0.03). This shows that the selected tasks are more relevant to the main task than151

the regression of random values.152

2.5 Interpretability and visualizations153

At this point, one may ask whether it is possible to interpret the internal representation154

of the model to verify that the additional tasks were learned by the guided architectures.155

Table 2 evaluates how well the representations of nuclei area, count and contrast are learned156

by the baseline and the proposed CNNs. For model-ID3 (trained with the uncertainty-based157
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weighting strategy), the prediction of the nuclei count values has average determination158

coefficient R2 = 0.81± 0.05, showing that the concept was learned during training, passing159

from an initial Mean Squared Error (MSE) of the prediction of 0.46 to 0.17 at the end of160

training. Similar results apply to the other model-IDs 2 to 4 when only a single branch161

is added. Table 2 compares the performance on the extra-tasks to learning the concepts162

directly on the baseline model activations, where the network parameters are not optimized163

to learn the extra tasks. The classification of the center in model-ID 5 reduces in accuracy as164

the gradient reversal is used during training. The centers of the validation sets are predicted165

with accuracy 0.29 ± 0.01 at the end of the training (starting from an initial accuracy of166

0.53 ± 0.01). When more extra tasks are optimized together the performance on the side167

tasks is affected, with Model-IDs 6, 7 and 8 not reporting high R2 values. The average R2
168

of nuclei count for model-ID 6, for example, decreases from −2.25 ± 0.05 and plateaus at169

around −0.63± 0.05.170

Table 2: Performance on the extra-tasks for the baseline and guided models with the
uncertainty-based strategy. The average and standard deviation of the determination coef-
ficient are reported (the closer to 1 the better).

ID area count contrast

baseline 0.66± 0.003 0.85± 0.007 0.56± 0.01

2 0.70± 0.005 - -

3 - 0.88 ± 0.004 -

4 - - 0,64± 0.003

Figure 2 shows the dimensionality reduction of the internal representations learned by171

the baseline and model-ID 3. The visualization is obtained by applying the Uniform Mani-172

fold Approximation and Projection (UMAP) method by McInnes et al. (2018) (the hyper-173

parameters for the visualization were kept to the default values of 15 neighbors, 0.1 minimum174

distance and local connectivity of 1). Note that the model-ID 3 selected for visualization175

was trained with the uncertainty-based weighting strategy. In the representation, the two176

classes are represented with different colors, whereas the size of the points in the plot is177

indicative of the values of nuclei counts in the images. The top row shows the projection of178

the internal representation of the last convolutional layer (known as mixed10 in the standard179

InceptionV3 implementation) of the two models. The bottom row shows the projection of180

the first fully connected layer after the GAP operation. Since the nuclei count values were181

normalized to zero mean and unit variance, these are represented in the plot as ranging182

between a minimum of -2 and a maximum of 2. For clarity of the representation, the image183

shows the UMAP of a random sampling of 4000 input images.184

3. Discussion185

The central question of this work is whether expert-knowledge can be used as a guidance186

to induce the learning of robust representations that generalize better to new data than the187

classic training of CNNs. The proposed experiments give multiple insights on this question188

that we discuss in this section.189
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Figure 2: Uniform Manifold Approximation and Projection (UMAP) representation of the
internal activations of the baseline and guided model-ID3 (obtained with the UMAP default
hyperparameter set up). The top row shows the activations at the last convolutional layer
of both models, known as mixed10 in the standard implementation of InceptionV3 (Szegedy
et al. (2016)). The bottom row shows the activations of the first fully connected layer after
the GAP operation.
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The clinical features used for diagnosis can be modeled as auxiliary and adversarial190

tasks. Since the extra tasks are modeled as regression tasks, this approach favors model191

transparency, since it ensures that specific features of the data are learned during network192

training. The features area and contrast, for example, were already modeled by Graziani193

et al. (2018) as linear regression tasks that were used to probe the internal activations of194

InceptionV3 fine-tuned on the Camelyon data. These features emerged as relevant concepts195

learned by the network to drive the classification. The architecture in this paper further196

guides the training towards learning a predictive relationship for these concepts. This197

is obtained by jointly optimizing the extra regression tasks together with the main task,198

encouraging even further the attention of the backbone CNN on these aspects through multi-199

task learning (Caruana, 1997). Our results in Table 1 show that the overall performance200

is significantly better than the baseline approach, even when a single extra task is added201

to the training as in model-ID3, for example. For this model, the representations of the202

positive class organize in a more compact cluster than in the baseline model, as shown by203

the UMAP visualization in Figure 2. The representations on the right side of the figure (for204

model-ID3) also appear more structured than those on the left, being organized as following205

a direction for increasing values of the nuclei count.With the feature values being extracted206

automatically, this modification does not require extra annotations, and only introduces a207

neglectable increase in complexity. One extra task, for instance, requires the training of208

only 2049 additional parameters, namely the 0.008% of Inception V3.209

The auxiliary and adversarial tasks are balanced in the same end-to-end training without210

additional tuning of the loss weight nor of a specific training schedule that would help the211

convergence of the adversarial task. This novel approach exploits the benefits of another212

paper in the machine learning research field that uses task-dependent uncertainty to balance213

structurally different losses such as MSE and BCE (Kendall et al., 2018). The multi-214

task framework is sensitive to the choice of the auxiliary tasks. Tasks to include during215

training should be selected based on prior knowledge and existing observations on whether216

they may cooperate or compete towards learning the main task. The result of concept-217

based interpretabily analyses in Graziani et al. (2020) was informative about for us to218

choose the tasks that were included in this study. The structured framework for identifying219

cooperating and competing tasks suggested in Standley et al. (2020) may be used when the220

prior knowledge about each tasks is not sufficient to establish whether a concept should221

be encouraged or discouraged. It is important to notice that appropriate weighting is222

also fundamental to avoid that the additional tasks overtake the main task. The vanilla223

weighting of the losses shows instability on unseen domains and poor performance on the224

external test set. The uncertainty-based approach, conversely, is robust to data variability225

and consistent over random seed initializations for all model-IDs. The stability to data226

variability is shown by the performance on the external test set and by the testing with227

bootstrapping. The consistency over seed reinitializations is shown by the small standard228

deviation of the AUC on both test sets. This gives insight on how to handle the multiple229

loss types for the multi-task modeling on histopathology tasks. With the uncertainty-based230

weighting strategy the architecture did not require any specific tuning of the loss weights,231

whereas a fine-tuning of the weighting parameters appears highly necessary in the vanilla232

approach, particularly for the combinations with more than one extra task (model-IDs 6,233

7, 8). The manual fine-tuning of the loss weights in the vanilla approach may lead to the234
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over-specification of the model to the specific requirements of the test data considered in235

this study. These results not only extend the preliminary work by Gamper et al. (2020b)236

to a different histology tissue and model architecture, but also give more insights on how237

to handle multiple auxiliary losses and adversarial losses without requiring tedious tuning238

of hyper-parameters.239

4. Conclusion240

We show how expert-knowledge can be used pro-actively during the training of CNNs to241

drive the representation learning process. Clinically relevant and easy-to-interpret features242

describing the visual inputs are introduced as extra tasks for the learning objective, sig-243

nificantly improving the robustness and generalization performance of the model. From244

a design perspective, our framework aligns ethically with the intent of not replacing hu-245

mans, but rather making them part of the development of deep learning algorithms. Our246

experiments focus on tumor detection, but other tasks may benefit from a similar architec-247

ture. Deepfake detection, for example, may be improved by the auxiliary task of classifying248

checkerboard artifacts (Wang et al., 2020). Human-computer interfaces, besides, may be249

designed to directly collect user-specific feedback. The extra tasks may be used as a weak-250

supervision to extend the training data with unlabeled datasets at a marginal cost of some251

extra automatic processing such as the extraction of nuclei contours or texture features.252

One may argue that additional annotations may be required for other clinical features.253

This represents, however, only a minor limitation of this method since a few annotated254

images may already suffice to train the extra tasks.255

A few limitations of our method require further work and analyses. Our analysis is256

restricted to uncertainty-based weighting strategies, although several approaches were pro-257

posed in the literature (Leang et al., 2020). The results on center do not show a marked258

improvement by the adversarial branch. This could be due to the fact that the acquisition259

centers were not annotated for the PanNuke dataset. An unsupervised domain adapta-260

tion approach such as the domain alignment layers proposed by Carlucci et al. (2017) may261

be used to discover this latent information. Depending on the application, a different loss262

weighting approach may be used for the adversarial task and other undesired control targets263

can also be included, such as rotation, scale and image compression methods. In addition,264

our experiments show that the auxiliary tasks become harder to learn when they are scaled265

up in number, with model-ID 8 having a lower R2 for the regression of the individual fea-266

tures than those reported for model-IDs 2 to 5 in Table 2. As explained also by Caruana267

(1997), the poor performance on the extra tasks is not necessarily an issue as long as these268

help with improving the model performance and generalization on unseen data. Further269

research is necessary to verify how this architecture may be improved to ensure high perfor-270

mance on all the extra tasks, while maintaining its transparency and complexity at similar271

levels. In future work we will also focus on extracting extra features solely from unlabeled272

data and on introducing them during training as weak supervision.273
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Figure 3: Multi-task adversarial architecture

5. Methods274

5.1 Proposed Architecture275

The architecture for guiding the training of CNNs is described in this section for a general276

application with pre-defined features. This general framework can be applied to multiple277

tasks. The diagnosis of cancerous tissue in breast microscopy images is proposed in this278

paper as an application for which the implementation details are described in Sections 5.5279

and 5.6.280

In the following, we clarify the notation used to describe the model. We assume that281

a set of N observations, i.e. the input images, is drawn from an unknown underlying282

distribution and split into a training subset {xi}
n
i=1 and a testing subset {xi}

N
i=n+1. The283

main task, namely the one for which we aim at improving the generalization, is the prediction284

of the image labels y = {yi}
n
i=1, for which ground truth annotations are available. A285

CNN of arbitrary structure is used as a feature encoder, of which the features are then286

passed through a stack of dense layers. The model parameters up to this point are defined287

as θf . The parameters of the label prediction output layers are identified by θy. The288

structure described up to this point replicates a standard CNN with a single main task289

branch that is addressing the classification. The remaining parameters of the architecture290

implement (i) the learning of auxiliary tasks by multi-task learning (Caruana, 1997) and (ii)291

the adversarial learning of detrimental features to induce invariance in the representations,292

as in the domain adversarial approach by Ganin et al. (2016). We combine these two293

approaches by introducing K extra targets representing desired and undesired tasks that294

must be introduced to the learning of the representations. The targets are modeled as the295

prediction of the feature values {ck,i}
N
i=1, where k ∈ 1, . . . ,K is an index representing the296

extra task being considered. The feature values may be either continuous or categorical.297

Additional parameters θk are trained in parallel to θy for the K extra targets. We refer to298

all model outputs for all inputs x as f(x) ∈ RK+1 .299
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The architecture is illustrated in Figure 3 and consists of two blocks. The first block is300

used to extract features from the input images. A state of the art CNN of arbitrary choice301

without the decision layer is used as a feature encoder generating a set of feature maps.302

The feature maps are passed through a Global Average Pooling (GAP) operation that is303

performed to spatially aggregate the responses and connect them to a stack of dense layers.304

For this specific architecture, we use a stack of three dense layers of 1024, 512 and 256 nodes305

respectively. The second block comprises one branch per task, taking as input the output306

of the first block. The main task branch consists of the prediction of the labels y and has307

as many dense nodes as there are of unique classes in y. For binary classification tasks,308

e.g. discrimination of tumorous against non-tumorous inputs, the main task branch has a309

single node with a sigmoid activation function. K branches are added to model the extra310

targets. We refer to extra tasks for all the additional targets to the main task whether311

desired or undesired. Auxiliary tasks refer to the modeling of the desired targets, while312

adversarial tasks refer to that of undesired targets. The extra tasks are modeled by linear313

models as in Graziani et al. (2018). For continuous-valued targets, the extra branch consists314

of a single node with linear activation function. For categorical targets, the extra branch315

has multiple nodes followed by a softmax activation function. A gradient reversal operation316

(Ganin et al., 2016) is performed on the branches of the undesired targets to discourage the317

learning of these features.318

5.2 Objective Function319

The objective function of the proposed architecture balances the losses of the main task and320

the extra tasks for the desired and undesired targets. This is obtained by a combination of321

multi-task and adversarial learning. The main task loss is Liy(θf ,θy) = Ly(xi, yi;θf ,θy),322

where θf are the parameters of the first block (namely of the CNN encoder and the dense323

layers) in Figure 3 and θy those of the main task branch in the second block of the same324

figure. The extra parameters θk (k ∈ 1, . . . ,K) are trained for the branches of the desired325

and undesired target predictions, with the loss being Lik(θf ,θk) = Lk(xi, ck,i;θf ,θk).326

Training the model on n training and (N −n) testing samples consists of optimizing the327

function:328

E(θy,θf ,θ1, . . . ,θK) = λm
1

n

n
∑

i=1

Liy(θf ,θy) +
K
∑

k=1

λk

1

N

N
∑

i=1

Lik(θf ,θk). (1)

The gradient update is:329

θf ← θf −

(

λm

∂Liy
∂θf

+
K
∑

k=1

λkαk

∂Lik
∂θf

)

, (2)

330

θy ← θy − λm

∂Liy
∂θy

, (3)

331

θk ← θk − λk

∂Lik
∂θk

, (4)
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where λm and λk are positive scalar hyperparameters to tune the trade-off between the332

losses. For each extra branch, the hyperparameter αk ∈ {−1, 1} is used to specify whether333

the update is adversarial or not. A value of αk = −1 activates the gradient reversal operation334

and starts an adversarial competition between the feature extraction and the corresponding335

kth extra branch. The main task is only trained on the training data, since Liy = 0 for i > n336

in Eq. (2) and (3). Following the work in Ganin et al. (2016), the extra tasks are learned337

on both training and test data. The training on test data can also be removed, since it is338

not always possible to fully retrain a network for new data.339

5.3 Loss weighting strategy340

The proposed architecture requires the combination of multiple objectives in the same loss341

function. The vanilla formulation in Eq. 1 simply performs a weighted linear sum of the342

losses for each task. This is the predominant approach used in prior work with multi-343

objective losses (Gong et al., 2019) and adversarial updates (Ganin et al., 2016; Lafarge344

et al., 2017). The appropriate choice of weighting of the different task losses is a major345

challenge of this setting. The tuning of the hyperparameters may reveal tedious and non-346

trivial due to the combination of classification and regression tasks with different ranges of347

the loss function values (e.g. combining the bounded binary cross-entropy loss in [0,1] with348

the unbounded mean squared error loss).349

An optimal weighting approach may be learned simultaneously with the other tasks by350

adding network parameters for the loss weights λm and λk. The direct learning of λm and351

λk, however, would just result in weight values quickly converging to zero. Kendall et al.352

(2018) proposed a Bayesian approach that makes use of the homoscedastic uncertainty353

of each task to learn the optimal weighting combination. In loose words, homoscedastic354

uncertainty reflects a task-dependent confidence in the prediction. The main assumption to355

obtain an uncertainty-based loss weighting strategy is that the likelihood of the task output356

can be modeled as a Gaussian distribution with the mean given by the model output and357

a scalar observation noise σ:358

p(y|f(x)) = N (f(x), σ2) (5)

This assumption is also applied to the outputs of the extra tasks. The loss weights λm359

and λk are then learned by optimizing the minimization objective given by the negative log360

likelihood of the joint probability of the task outputs given the model predictions. To clarify361

this concept, let us focus on a simplified architecture with the main task being the logistic362

regression of binary labels (e.g. tumor v.s. non-tumor) with noise σ1 and one auxiliary363

task consisting of the linear regression of feature values c = {ci}
N
i=1, with noise σ2. The364

minimization objective for this multi-task model is:365

− log p(y, c|f(x)) ∝
1

2σ2
1

Ly(θf ,θy) +
1

2σ2
1

Lk(θf ,θk) + log σ1 + log σ2 (6)

By minimizing Eq. 6 with respect to σ1 and σ2, the optimal weighting combination is366

learned adaptively based on the data (Kendall et al., 2018). As σ1 increases, the weight for367

its corresponding loss decreases, and vice-versa. The last term log σ1 + log σ2, besides, acts368

as a regularizer discouraging each noise to increase unreasonably. This construction can be369
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extended easily to multiple regression outputs and the derivation for classification outputs370

is given in Kendall et al. (2018).371

5.4 Dataset372

The experiments are run on three publicly available datasets, namely Camelyon 16, Came-373

lyon 17 (Litjens et al., 2018a) and the breast subset of the PanNuke dataset (Gamper374

et al., 2019, 2020b)(The data are available for download at the links https://camelyon17.375

grand-challenge.org and https://warwick.ac.uk/fac/cross_fac/tia/data/pannuke,376

last accessed in January 2022).. The Camelyon challenge collections of 2016 and 2017 con-377

tain respectively 270 and 899 WSIs. All training slides of both challenges contain annota-378

tions of metastasis type (i.e. negative, macro-metastases, micro-metastases, isolated tumor379

cells), and 320 of them contain manual segmentations of tumor regions. The analysis also380

includes the breast tissue scans in the PanNuke dataset, for which multiple nuclei types were381

annotated by the semi-automatic instance segmentation tool in Gamper et al. (2019). La-382

bels of neoplastic, inflammatory, connective, epithelial, and dead nuclei are given together383

with the images by the dataset creators. We pre-process the data by extracting smaller384

patches of 224 × 224 pixels at the highest magnification level and reducing the staining385

variability by Reinhard normalization Reinhard et al. (2001). Training, validation and test386

splits are build as in Table 3. Oversampling is applied to the PanNuke images to balance387

their under-representation. For each input we extract smaller image patches located in the388

center, upper left, upper right, bottom left and bottom right corners of the image. The389

three pre-existing PanNuke folds were used to separate the patches in the splits by using390

two folds in the training set and the third fold in the internal testing set. No PanNuke391

images were used for the external validation since all the three folds contain images for the392

multiple centers.

Table 3: Summary of the train, validation, internal and external test splits.

Cam16 Cam17 (5 Centers) PanNuke (3 Folds)

Label C. 0 C. 1 C. 2 C. 3 C. 4 F. 1 F. 2 F. 3

Train
Neg. 12954 31108 25137 38962 25698 0 1425 1490 0

Pos. 6036 8036 5998 2982 1496 0 2710 2255 0

Val.
Neg. 0 325 0 495 0 0 0 0 0

Pos. 0 500 0 500 0 0 0 0 0

Int. Test
Neg. 0 0 274 483 458 0 0 0 1475

Pos. 0 500 999 0 0 0 0 0 2400

Ext. Test
Neg. 0 0 0 0 0 500 0 0 0

Pos. 0 0 0 0 0 500 0 0 0

393

5.5 Main task and architecture backbone394

The main task that we address is the binary classification of input images that include tumor395

tissue from those without tumor. Inception V3 pretrained on the ImageNet (Szegedy et al.,396

2016) is used as the backbone CNN for feature encoding. The parameters up to the last397

convolutional layer are kept frozen to avoid overfitting to the pathology images. The output398
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of the CNN is passed through the GAP and the three fully connected layers as illustrated399

in Figure 3. The fully connected layers have respectively 2048, 512 and 256 units. A400

dropout probability of 0.8 and L2 regularization are added to these three fully connected401

layers to avoid overfitting. The main task is the detection of patches containing tumor as402

a binary classification task. The branch consists of a single node with sigmoid activation403

function connected to the output of the third dense layer. The architecture as described404

up to here, hence without extra branches, is used as the baseline for the experiments. The405

extra tasks consist of either the linear regression or the linear classification of continuous or406

categorical labels respectively. For linear regression, the extra branch is a single node with407

linear activation function. The Mean Squared Error (MSE) between the predicted value408

and the label is added to the optimization function in Eq. 1. For the linear classification,409

the extra branch has a number of dense nodes equal to the number of classes to predict410

and a softmax activation function, also connected to the third dense layer. The Categorical411

Cross-Entropy (CCE) loss is added to the optimization in Eq. 1. Further details about the412

extra branches used for the experiments are given in Section 5.6.413

The architecture is trained end-to-end with mini-batch Stochastic Gradient Descent414

(SGD) with standard parameters (learning rate of 10−4 and Nesterov momentum of 0.9).415

The main task loss function is the class-Weighted Binary Cross-Entropy (WBCE). The class416

weights are set to weight more heavily every instance of the positive class, for instance they417

are set to the ratio of negative samples 136774/29513+ 136774 = 0.82 for the positive class418

and the ratio of positive samples 0.18 for the negative class.419

We evaluate the convergence of the network by early stopping on the total validation loss420

with patience of 5 epochs. The Area Under the ROC Curve (AUC) is used to evaluate model421

performance. For each experiment, we perform five runs with multiple initialization seeds422

to evaluate the performance variation due to initialization. The splits are kept unchanged423

for the multiple seed variations. To evaluate the performance on multiple test splits, we424

perform bootstrapping of the test sets. A number of 50 test sets of 7589 images (the total425

number of test images in the two sets) are obtained by sampling with repetition from the426

total pool of testing images. This method evaluates the variance of the test set without427

prior assumption on the data distribution and it shows the performance difference due to428

variation of the sampling of the population.429

5.6 Configuration of the extra targets430

The experiments focus on the integration of four desired and one undesired target with431

multiple combinations. The auxiliary targets relate to the main task, being important432

diagnostic features. We expect that learning of these desired features will improve the so-433

lution robustness and generalization of the model. Discarding the undesired targets may434

improve the invariance of the learned features to confounding factors. The Nottingham435

Histologic Grading (NHG) of breast tissue identifies the key diagnostic features for breast436

cancer (Bloom and Richardson, 1957). By analyzing this we derived the desired and un-437

desired features that are illustrated in Figure 4. From this set, we retain cancer indicators438

at the nuclear level, since the input images are at the highest magnification. We model the439

variations of the nuclei size, appearance (e.g. irregular, heterogeneous texture) and density440

shown in Figure 4 as real-valued variables. Because of the heterogeneity of the data, we also441
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Figure 4: Control targets for breast cancer. C and D stand for continuous and discrete
respectively.

guide the network training to discard information about staining and tissue representation442

differences in the images. The processing center of the slides is modeled as an undesired443

target, encouraging feature invariance to staining and acquisition differences.444

Hand-crafted features representing the variations in the nuclei size and appearance are445

automatically extracted either from the images of from the nuclear contours. The nuclear446

contours are available in the form of manual annotations only for the PanNuke data. Au-447

tomated contours of the nuclei in the Camelyon images are obtained by the multi-instance448

deep segmentation model in Otálora et al. (2020). This model is a Mask R-CNN model (He449

et al., 2017), fine-tuned from ImageNet weights on the Kumar dataset for the nuclei segmen-450

tation task (Kumar et al., 2017). The R-CNN identifies nuclei entities and then generates451

pixel-level masks by optimizing the Dice score. ResNet50 (He et al., 2017) is used for the452

convolutional backbone as in (Otálora et al., 2020). The network is optimized by SGD with453

standard parameters (learning rate of 0.001 and momentum of 0.9).454

The number of pixels inside nuclear contours is averaged for each input image to repre-455

sent variations of the nuclei area, referred to as area in the experiments. Nuclei density is456

estimated by counting the nuclei in the image. Haralick descriptors of texture contrast and457

correlation (Haralick, 1979) are also extracted from the entire input images as in Graziani458

et al. (2018). Being continuous and unbounded measures, the values for these features are459

normalized to have zero mean and unitary standard deviation before training the model. In460

the paper, we refer to these features as area, density, contrast and correlation. The values461

of these features are used as prediction labels for the auxiliary target branches, that are also462

named as the feature that they should predict. These auxiliary branches perform a linear463

regression task, trying to minimize the Mean Squared Error between the predicted value of464

the feature and the extracted values used as labels.465

Information about the center that performed the data acquisition is present in the466

dataset as metadata. We model it as a categorical variable that may take values from 0467

to 7, namely one for each known center in the training data. Since there is no specific468

information on acquisition centers in Camelyon16 and PanNuke, these have been modeled469
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as two distinct acquisition centers in addition to the five known centers of Camelyon17.470

This information is partly inaccurate, since we know that in both datasets more than a471

single acquisition center was involved (Litjens et al., 2018b; Gamper et al., 2020a). The472

noise introduced by this information may limit the benefits introduced by the adversarial473

branch but it should not affect negatively the performance. In the future, unsupervised474

domain alignment methods may also be explored. The prediction of this variable is added475

to the architecture as an undesired target branch, referred to as center in the experiments.476
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