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ABSTRACT

In ML-aided decision-making tasks, such as fraud detection or medical diagno-
sis, the human-in-the-loop, usually a domain-expert without technical ML knowl-
edge, prefers high-level concept-based explanations instead of low-level explana-
tions based on model features. To obtain faithful concept-based explanations, we
leverage multi-task learning to train a neural network that jointly learns to predict
a decision task based on the predictions of a precedent explainability task (i.e.,
multi-label concepts). There are two main challenges to overcome: concept la-
bel scarcity and the joint learning. To address both, we propose to: i) use expert
rules to generate a large dataset of noisy concept labels, and ii) apply two distinct
multi-task learning strategies combining noisy and golden labels. We compare
these strategies with a fully supervised approach in a real-world fraud detection
application with few golden labels available for the explainability task. With im-
provements of 9.26% and of 417.8% at the explainability and decision tasks, re-
spectively, our results show it is possible to improve performance at both tasks by
combining labels of heterogeneous quality.

1 INTRODUCTION

Figure 1: Weakly supervised multi-task learning strategies for concept-based explainability: (A)
baseline strategy resorts exclusively to golden explainability labels; (B) two-stage learning strategy
(1) uses noisy explainability labels to pre-train a base model and (2) fine-tuning either using purely
golden batches or hybrid ones; (C) hybrid learning strategy only uses hybrid batches of golden and
noisy explainability labels.

The AI black-box paradigm has led to a growing demand for model explanations (Ribeiro et al.,
2016; Lundberg & Lee, 2017). Concept-based explainability emerges as a promising family of
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methods addressing the information needs of humans-in-the-loop without technical ML knowledge.
It concerns the generation of high-level concept-based explanations (e.g., “Suspicious payment”)
rather than low-level explanations based on model features (e.g., “MCC=7801”).

Concept-based explainability can be implemented using a multi-task learning approach (Kim et al.,
2018; Melis & Jaakkola, 2018; Ghorbani et al., 2019; Koh et al., 2020). With such implementation
both the decision and the explanation are learned jointly. We refer to the individual tasks as deci-
sion (or predictive) task and explainability task. Likewise, we refer to the annotation types used
throughout learning as decision (or class) labels and concepts (or explainability) labels, respectively.

There are two main challenges towards this approach: concept label scarcity and learning to jointly
predict the decision and the concepts that feed that decision. On the one hand, the creation of golden
(or human) labeled datasets remains an arduous and expensive task irrespective of the application
domain. On the other hand, the joint learning depends on several factors (e.g., learning rates and/or
dominance relationships of the involved tasks) and, if done incautiously, may cause deterioration
of the predictions’ quality. Concept-based explainability methods must provide high-level domain
knowledge explanations without compromising the quality of the conventional classification task.

This work aims to implement multi-task learning for concept-based explainability in the context of
a real-world e-commerce fraud detection application. To overcome the aforementioned challenges,
we first resort to weak supervision. Based on a few rule-based predictors available off-the-shelf in
historical production data, we are able to automatically generate noisy concept labels for datasets
with millions of instances. Although imprecise (or weak), these noisy explainability labels prove
valuable assets in training (deep) concept-based explainability models.

Finally, since we also had access to a small set of golden explainability labels, we set out to ex-
plore learning strategies to enhance joint task performance. In particular, we explore the impact of
combining different types of supervision (i.e., weak and full) when training deep learning models.
Figure 1 summarizes the learning strategies we apply.

2 PRELIMINARIES ON CONCEPT-BASED EXPLAINABILITY

Concept-based explainability consists of producing explanations in the format of high-level domain
knowledge concepts. Following this definition, human specialists help devise a concepts taxonomy
with all the relevant concepts for a specific task. These concepts closely reflect the expert’s reasoning
process when performing the task and therefore are perceived as suitable explanations.

Implementation-wise, this explainability paradigm can be incorporated into deep neural networks in
the form of multi-task learning (Ruder, 2017; Zhang & Yang, 2017; Melis & Jaakkola, 2018). To
this end, the model is enlarged with an explainability (or semantic) task and the learning process is
modified to allow for the joint learning of the existing decision (or predictive) task and the explain-
ability task. In practice, depending on the tasks affinity, multi-task learning often boosts individual
task performance (Vandenhende et al., 2021; Zhang & Yang, 2017). Let D = {(x(i),y

(i)
D ,y

(i)
E )}Ni=1

denote a dataset with N instances with d-dimension feature vector x ∈ X = Rd, m-dimension
decision label vector yD ∈ YD = {0, 1}m, and k-dimension explanations yE ∈ YE = {0, 1}k.
The decision task is thus modeled through an m multi-classification task, whereas the explainability
task is modeled as a multi-label classification task with k concepts. Jointly learning the decision and
explainability tasks comes down to learning the function f∗ : X→ (YD,YE).

Figure 2 shows a hard-parameter sharing approach towards achieving concept-based explainabil-
ity (Vandenhende et al., 2021). In practice, we force both tasks to share the parameters of the initial
layers and keep specialized output layers for each individual task. The hierarchy observed in the
output layers presupposes the explainability task carries pertinent information to the decision layer
that is not explicit in the input data. Conversely, removing this dependency and learning both tasks
in parallel may lead to learning decisions that are decoupled from the explanations. A (deep) feed-
forward network with L hidden layers defines a mapping f(x;θ1:L), where θ1:L denotes all the
parameters up to the Lth layer. Parameterized by θE , the explainability layer that follows defines
the mapping ŷE = fE(f(x;θ1:L);θE), hence producing a k-dimensional vector with uncalibrated
probabilities for each concept. These probabilities stem from applying the sigmoid activation func-
tion (one per each neuron unit). In addition to being explanatory, the concepts vector ŷE also serves
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the decision layer, ŷD = fD(fE(x;θ1:E);θD) with θD denoting the parameters of the decision
layer. The m-dimension probability vector ŷD results from applying the softmax function.

Figure 2: Concept-based explainable feedforward model architecture: The explainability layer pro-
duces the concepts (yellow), which are the inputs for the decision layer. The concepts (explanations
of the decision task) are also outputs of the network. Colors indicate layer type: input vector (green);
hidden layer (grey); explainability layer (orange); decision layer (blue); output vectors (dashed box).

Learning f∗ requires mastering both the explainability and the decision tasks. One solution is to
minimize the cross-entropy loss of each task, henceforth denoted LE(ŷE ,yE) and LD(ŷD,yD),
and combine them into a meta-loss L as defined in Equation 1. Here, α ∈ [0, 1] weighs the relative
importance of the decision task over the explainability task and, thus targets different explainability-
accuracy trade-offs.

L(x,yE ,yD) = αLD(ŷD,yD) + (1− α)LE(ŷE ,yE) (1)

During training, the model uses backward propagation of errors (backprop) together with mini-
batch gradient descent algorithm to minimize L (Rumelhart et al., 1986). Obviously, the proposed
models’ generalization capacity heavily depends on the training data availability and its quality.
The following section details how different approaches can be used to reach reasonable predictive
performance at both tasks when departing from a small golden explainability task dataset (low-
resources setting) and a large golden decision task dataset (high-resources setting).

3 METHODOLOGY

In this section, we start by identifying the key properties of concept-based explainability tasks that
propel us into adopting a weak supervision approach. Afterwards, we propose a knowledge-based
labeling technique that produces numerous but imprecise (noisy) concept labels. Finally, we put
forward two learning strategies to better exploit the available labels (i.e., using both noisy and golden
concept labels).

3.1 PROPERTIES FOR WEAK SUPERVISION

Despite empirical success in low-resources natural language tasks (Mintz et al., 2009; Zeng et al.,
2015), weak supervision is seldom applied in algorithmic decision-making tasks. We identify three
main characteristics, inherent to most industry AI solutions, that incentivize the use of weak super-
vision to make feasible the concept-based explainability paradigm.

Abundant Golden Decision Labels. Learning the mapping f∗ : X → (YD,YE) entails having
labels for both the decision and the associated concepts. In many industry settings, it is relatively
straightforward to obtain massive golden labeled datasets (hundreds of thousands or millions of
instances) for the decision task. For example, modern financial fraud prevention systems are already
designed to persist the outcome of payment transactions (legitimate or fraudulent).

Scarce Golden Explainability Labels. Many systems are unprepared (or lack the infrastructure) for
capturing specific concept annotations. Even in cases where companies do accrue information about
the human-in-the-loop thinking process, it is frequently done in an impromptu and unstructured
fashion, making it difficult and impractical to automatically process. Alternatively, recruiting people
to hand-curate tens of thousands of instances can quickly become prohibitively time-consuming and
expensive (Mintz et al., 2009) – a cost that is further exacerbated in multi-label settings.
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Availability of domain knowledge information. At the same time, modern AI-powered systems
often co-exist with rule systems. For instance, in a fraud prevention solution, rules-based systems
can be very effective in short-listing payment transactions based on the triggered rules. Moreover,
enlarging the set of rules with additional business constraints (e.g., automatically reject transactions
with a specific IP) is trivial.

3.2 DISTANT SUPERVISION

Previous research works adopt weak supervision strategies to overcome the label scarcity prob-
lem (Mintz et al., 2009; Zeng et al., 2015). In particular, they draw heuristics based on “distant”
systems, such as databases and dictionaries, to automatically create abundant and imprecise labeled
datasets. This technique is also known as distant supervision (Mintz et al., 2009; Go et al., 2009).

Our work applies a similar technique to overcome the concepts label scarcity inherent to concept-
based explainability. We use distant supervision to heuristically extract imprecise proxy annotations
for the concepts. We draw on the information left by rules-based systems that co-exist with real-
world AI-based solutions. Through the extraction of semantic information within each rule, we
build one-to-many mappings of a set of rules to the corresponding concepts in the taxonomy. Next,
to prevent (some) label noise, domain experts validate the correctness and significance of these
mappings.

Table 1: Rule-to-concept mapping examples

Rule description Mapped concepts

Order contains risky product styles. Suspicious Items
User tried n different cards last week. Suspicious Customer, Suspicious Payment

Table 1 presents two validated rule-to-concept mappings in an e-commerce fraud detection use case.
Each rule comprises a human readable description with enough domain knowledge to discern the
most adequate fraud concepts. A single rule may be linked with more than one domain concept in
the fraud taxonomy. Consider a payment transaction x ∈ X for which no concept labels exist and
for which both rules in the table are activated. The proposed approach automatically attributes the
labels “Suspicious Items” (resulting from the first rule), “Suspicious Customer”, and “Suspicious
Payment” (resulting from the second rule) to x. The true potential of this technique lies in its ability
to bulk annotate large (pre-existing) data volumes, thus allowing us to quickly create multi-label
datasets. Despite still requiring human effort to create these associations, the total human effort is
negligible when compared with the manual annotation of the same volume of data.

As previously mentioned, this work pressuposes the existence of a large dataset encompassing infor-
mation about the set of triggered rules as well as the decision labels (i.e., the labels for the decision
task YD). Then, using the described distant supervision approach, we bulk assign noisy labels
yE ∈ {0, 1}k. We obtain the final weakly labeled dataset, D = {(x(i),y

(i)
D ,y

(i)
E )}Ni=1, ready to

be used for model training. We expect this partially-weak-partially-full supervised dataset to yield
significant performance gains in terms of the explainability task when compared to having no la-
beled data. The ensuing section focus on how to leverage the weak explainability labels obtained to
improve performance through learning.

3.3 LEARNING STRATEGIES

From an empirical standpoint, we consider the interplay between weak (or distant) supervision and
multi-task learning: Are we able to outperform the fully supervised baseline? To answer this ques-
tion, we devise two learning strategies to combine the explainability labels’ quality differently. With
these strategies, the model is given access to larger datasets, which may benefit its generalization
capabilities at both tasks.
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3.3.1 TWO-STAGE LEARNING STRATEGY

We suggest separating the learning process in two sequential stages: the pre-training stage and the
fine-tuning stage. The former refers to the training of a base model using the large but noisy dataset,
whereas the latter intends to specialize the base model using golden labels. Technically speaking,
we use a transfer learning technique (Weiss et al., 2016) in which we learn the model’s parameters
on a related dataset (the noisy dataset) and use it to obtain better performing models on the smaller
target dataset (the golden-labeled dataset). In practice, we assume that, by tuning the model with a
small set of examples labeled by domain-experts, it will entail improved explainability.

Notwithstanding the stated improvements on convergence and training speed during model training,
if applied naively, the proposed approach can cause performance decay (Wang et al., 2018) – an
unpractical scenario specially in high-stakes AI applications. This is often the case when the datasets
on each stage are drawn from different distributions. It may also occur that upon transferring this
knowledge to the target dataset, the model ends up completely discarding previous information. For
instance, using a learning rate value that causes steep updates or even iterating for many epochs,
can be too aggressive and cause the model to unlearn the decision task. Consequently, we suggest
freezing the hidden layers of the concept-based explainability model (grey layers in Figure 2) and
only have the task-specific layers being tweaked and learned in the fine-tuning stage.

3.3.2 HYBRID LEARNING

Depending on the real-world application, the explainability task is likely to assume an auxiliary role
in the learning process. When training this task on the noisy labels, we risk learning a highly biased
model. Although fine-tuning may help to pay off for some of the introduced bias, this strategy can
still be suboptimal.

For that reason, we test a hybrid learning strategy with the intent to promote faster and better results.
Rather than using fully distantly supervised batches to train the multi-task model, we create mixed
batches with part golden, part noisy concept labels. As a consequence, we assume that gradient
updates tend to be more informative and less prone to capture noise.

4 EXPERIMENTS AND RESULTS

We evaluate and compare the proposed learning strategies in a real-world e-commerce fraud detec-
tion application. The main task, i.e., the traditional decision task, aims to discern fraudulent from
legitimate payment transactions (a binary classification setting). Conversely, the explainability task
is perceived as an auxiliary task, whose goal is to improve the human-in-the-loop’s decision-making.
Using a total of 14 domain concepts (extracted from a fraud patterns taxonomy), the explainability
task concerns the attribution of the corresponding concepts to the transaction (a multi-label classifi-
cation setting).

Datasets. We use a privately held dataset totalling approximately 6 million payment transactions.
Each transaction consists of information about the purchase (e.g., number of items, shipping ad-
dress), the fraud decision label, and the information about the triggered rules. We apply the distant
supervision technique (described in Section 3.2) to obtain the noisy explainability labels. Addition-
ally, we have access to smaller subset of the dataset with human-annotated labels for both tasks,
which totals approximately 1.3k transactions, 37% of which are fraudulent. Note that all labels
referring to the fraud decision task are golden and, henceforth, denoted as golden decision labels.
Conversely, the explainability task spans both a small golden explainability dataset and a large noisy
explainability dataset. Figure 3 depicts the datasets timeline and the evaluation splits of our experi-
ments. We follow a three-way holdout evaluation split composed of training (only 2% of instances
are fraudulent), validation (4% of fraud prevalence), and a test set (4% fraudulent events). These are
used for training different model configurations, for selecting the decision label threshold, and for
comparison between the generalization capabilities of each variant.

Learning Variants. We evaluate a total of three settings (all of which depicted in Figure 1) using
two random seeds: (1) full supervision, which trains under a fully supervised low-resources setting;
(2) two-stage learning, which first pre-trains a base model using abundant noisy explainability labels
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and is then refined using few golden explainability labels; and (3) hybrid learning, which combines
both noisy and golden explainability labels into the same batch during learning.

Hyperparameter Optimization. We run the same hyperparameter grid for each of the evaluated
variants, in which we vary the number and dimension of hidden layers, learning rate, as well as the
relative weight α of the importance task over the explainability task (see Section 2). A second hy-
perparameter grid is defined and used during the fine-tuning phase of the two-stage learning strategy.
In this grid, we vary the number of epochs, batch size, and learning rate.

Metrics. We evaluate models in terms of their predictive performance at both tasks in the golden
test set. For the decision task, we are restricted by business requirements to measure fraud recall
at 5% false positive rate (FPR), henceforth, abbreviated as recall@5%. Conversely, we do not
have any business constraint on the explainability performance metric. Instead, we use the mean
Average Precision (mAP) because of its applicability and usefulness in real-world scenarios. In
particular, it focus on the number of correctly predicted concepts and does not impose restrictions
on the explanation size (i.e., how many concepts each explanation should contain).

Figure 3: Datasets timeline and corresponding evaluation splits. Models are trained in the training
set (1), thresholds determined in the validation set (2), and models’ performance compared in the
test set (3).

4.1 FULLY SUPERVISED LEARNING

The baseline represents an aggravated low-resources setting where only a small fraction of the
dataset has golden labels for both tasks and there is no other information to take advantage of.
Thus, we cast the concept-based explainability multi-task problem in a supervised fashion and train
models in 842 payment transactions. In this case, we fix the fraud prevalence in the batch size at
37%. Figure 4a shows the explainability-accuracy trade-off obtained in the golden test sets for all
the models obtained. The larger sized points represents the Pareto optimal models (i.e., the optimal
trade-offs between both tasks) at the two different runs.

Considering the performance at the decision task, most baseline models struggle to discern fraud-
ulent from legitimate transactions with the best model achieving approximately 15% recall@5%.
Similar results can be observed for the explainability task, though with seemingly larger mAP val-
ues. Indeed, only six models achieve mAP values larger than 50%.

In general, the results seem to corroborate the idea that (deep) neural networks need massive datasets
to reach peek performance. Training models for longer and more epochs in low-resource scenarios
quickly results in model overfitting as observed by the higher model density in the bottom-left region
of the plot. We also observe that simpler models (i.e., models with fewer layers and lower learning
rates) reach the best compromises in terms of recall@5% and mAP.

4.2 TWO-STAGE LEARNING

This learning strategy is carried in two stages. The first one, dubbed the pre-training stage, considers
a high-resources scenario with approximately 4.8 million labeled transactions. This data contains
both accurate golden decision labels and imprecise concept labels (or noisy explainability labels).
Using these labels, we run the hyperparameter grid training 27 models per random seed. From this
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(a) Fully supervised learning strategy. (b) Two-stage learning strategy (pre-training).

(c) Two-stage strategy learning (fine-tuning). (d) Hybrid learning strategy.

Figure 4: Explainability and predictive accuracy performance results of each learning strategy in
golden test sets. These comprise the results of both random seeds. The larger-sized points represent
optimal trade-offs of each learning strategy.

pool of models, we pick the Pareto optimal ones, i.e., the ones with the best explainability-accuracy
trade-off. The selected model (dubbed base models) are then used in a second stage involving
different fine-tuning configurations and a small golden explainability dataset.

Pre-training results. Figure 4b shows the results for the first stage. We find a significant increase
in the decision task performance when compared with the former fully supervised approach. As
expected, all the models achieve reasonably high values of fraud recall@5% above 50%. This can
be explained by the size of the training datasets (in the order of millions of transactions). Comparing
with the baseline, this represents a boost of at least 200% in fraud recall@5%. Additionally, we
observe that some models present very low values for decision task, while maintaining relatively
“high” explainability. We find that these models had small learning rate and weighed more heavily
the explainability task.

On the other hand, we see a tendency towards lower values at the explainability task, with mAP
values falling down between 20% and 30%. Comparing to the baseline, this performance metric
deteriorates significantly. One possible reason is due to the noise associated with the explainability
labels, as evidenced by the low Jaccard similarity index between both types of explainability labels.
Nonetheless, from a business perspective, the obtained trade-offs are better than the fully supervised
results, since the performance at the decision task is significantly higher.

Fine-tuning results. For this step, we selected all the base models (as discussed in Section 4.1) rep-
resenting the best trade-offs (the larger sized points in the Figure 4b). The second stage envisions the
amelioration of base models’ explainability performance through fine-tuning and different learning
approaches. In particular, we experiment fine-tuning with fully supervised batches (i.e., pure golden
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label batches), as well as with a more hybrid version (i.e., involving both noisy and golden labels in
the batch)

Figure 4c exhibits the results for all fine-tuned models. We can observe that both learning strategies
boost the pre-trained model’s performance with regards the explainability task, while maintaining
similar values for decision task. However, only very few models were able to achieve better fraud
recall than the base models. When comparing the performance of fine-tuned models with supervised
baseline models (see Figure 4a), we observe not only substantial performance improvements in terms
of fraud recall, but also significant increases at the explainability task.

Interestingly, we also observe two big clusters of models trained with the hybrid fine-tuning vari-
ant (green colored dots). Despite having the same range of values for decision task with values
[0.45, 0.8], these show two different ranges in terms of explainability performance: [0.28, 0.4] and
[0.45, 0.6]. This can be explained with the increase of the golden labels percentage in the batches,
i.e., the greater the golden labels’ fraction in the batch, the higher the values at the explainability
task.

In conclusion, comparing this strategy to the fully supervised approach (baseline), the two-stage
learning strategy seems to be a strong proposal to tackle the concept-based explainability problem
while using a multi-task learning approach.

4.3 HYBRID LEARNING

The last learning strategy concerns the creation of hybrid training batches that include both noisy
and some pre-defined fraction of golden explainability labels. All models are trained from scratch
using these hybrid batches. In this experiment, we used batches of which 10% of its size consisted
of golden explainability labels. Figure 4d shows the obtained results. We find that most trained
models achieve fraud recall values above 54%. When compared to the fully baseline (see Figure 4a),
models trained with the hybrid learning strategy have a substantial improvement in decision task
performance, while maintaining reasonable values for explainability.

Although these models achieve higher explainability values when compared to the two-stage pre-
trained models (see Figure 4b), they attain lower values at the decision task (i.e., lower fraud recall
values). Moreover, when compared to fine-tuned models (see Figure 4c), hybrid learning models
seem to perform worse at both tasks.

4.4 FINAL COMPARISON

In this section, we draw a comparison between each learning strategy in the test set. The results are
shown in Figure 5. These seem to corroborate the idea that it is indeed possible to jointly learn a
predictive (decision) task and the associated explanations. Moreover, when compared with the low-
resources fully supervision learning strategy, both proposed strategies seem to lead to significant
improvements in terms of decision performance at a reduced cost in the explainability performance.
In fact, in the case of the two-stage learning strategy we observe that it is possible to improve
performance at both tasks simultaneously.

The boost in the decision task over the baseline is of no surprise, since the baseline is restricted
to use a very small dataset (with 842 transactions) with golden concept (or explainability) labels
for both tasks. As a result, the model is not able to generalize well for unforeseen instances in the
test set, thus presenting lower decision performance. On the other hand, when using weakly-labeled
concepts we are able to bulk annotate massive golden decision datasets with the corresponding noisy
explainability labels. Having a larger pool of golden labels, these models are able to generalize
better.

Considering the hybrid learning strategy, this seems to yield consistently good trade-offs between
explainability and decision tasks. On the other hand, the two-stage learning strategy spans a wider
region of the explainability-accuracy solution space, reaching the best trade-offs in terms of decision
task, as well as at the explainability task. Interestingly, we observe that the best trade-off1 is achieved
by a model, trained with the two-stage learning strategy and tuned with pure golden batches. This

1Due to business constraints, the best trade-off is the one that does not hurt performance too much and that
attains reasonably high explainability performance.
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Figure 5: Explainability-Accuracy comparison between the learning strategies in the test set. These
comprise the results of all random seeds. The larger-sized points represent optimal trade-offs.

model (top-right larger-sized orange point) achieves considerably high values in explainability, while
mantaining high values at the decision task.

Finally, these results show that it is possible to learn more efficiently in a low-resources settings when
using weak supervision to produce a higher-resources and noisier dataset. Moreover, depending on
the importance of the two tasks, we conclude empirically that both proposed learning strategies
can be used in practice with satisfactory results. Both two-stage and hybrid learning strategies
improves significantly the performance on decision task at reduced (and so times at no) cost in
explainability performance. We also argue that there is no one-size-fits-all learning strategy and
that further experiments comparing the two proposed learning strategies are required (e.g., use more
random seeds, explore a wider region of the models’ hyperparameter space, explore different golden
label fractions for the hybrid strategy).

5 CONCLUSIONS

Concept-based explainability is particularly useful to explain the predictions of a black-box ML
model to a non-technical, but domain expert, human-in-the-loop. A natural approach consists of
training a (deep) neural network to jointly learn the predictions of a decision task and associated
concepts. However, this approach faces two main challenges: concept label scarcity and the joint
learning itself. We proposed to overcome these issues through the use of weak supervision approach
that leverages available off-the-shelf information about expert rules to generate noisy concept labels.
Furthermore, having access to a small set of golden concept labels, we devise two learning strate-
gies to better exploit the different concept label signals (noisy and golden) during training. When
comparing with the low-resources fully supervised approach, obtained results (in a e-commerce
fraud detection use case) show it is possible to improve decision task performance with no (or very
reduced) costs in the explainability task performance.
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