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ABSTRACT

Multi-task problems frequently arise in machine learning when
there are multiple target variables, which share a common syn-
ergy while being sufficiently different that optimizing on any of
the task does not necessarily imply an optimum for the others. In
this work, we develop PEMBOT, a novel Pareto-based multi-task
classification framework using a gradient boosted tree architec-
ture. The proposed methodology involves a) generating multiple
instances of Pareto optimal trees, b) diverse subset selection using
a determinantal point process (DPP) model, and c) ensembling of
diverse Pareto optimal trees to yield the final output. We tested
our framework on a problem from an e-commerce domain wherein
the task is to predict at order placement time the different adverse
scenarios in the order shipment journey such as the package getting
lost or damaged during shipment. This model enables us to take
preemptive measures to prevent these scenarios from happening
resulting in significant operational cost savings. Further, to show
the generality of our approach, we demonstrate the performance
of our algorithm on a publicly available wine quality prediction
dataset and compare against state-of-the-art baselines.
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1 INTRODUCTION

In various fields, tackling multiple objectives simultaneously is a
common challenge. Multi-task models are instrumental in this con-
text, as they empower simultaneous prediction and management of
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several interrelated tasks. These models capitalize on the shared in-
formation and underlying patterns across different tasks, enabling
more robust and generalizable solutions. By addressing multiple ob-
jectives concurrently, multi-task models optimize performance, and
enhance decision-making. Consequently, this approach has gained
significant attention and is widely used in real-world applications,
where diverse variables and outcomes need to be considered collec-
tively.

For example, consider e-commerce operations, where the logis-
tics network handles millions of orders. While a large majority of
these orders are successfully fulfilled, a small fraction of these or-
ders can result in a refund claim due to various types of defects (lost
packages, incorrect item being shipped or returned, damaged pack-
age, etc.) in the forward leg or reverse leg of the fulfilment cycle.
While each of these different defect types have significant amount
of synergistic information owing to overlapping elements in the
supply-chain, they require different business levers (e.g. secure
packaging, attended delivery) to prevent them. Thus, it is impera-
tive to be able to predict which order is likely to result in a particular
type of defect and dynamically assign the appropriate business lever
to minimise operational losses. Training and maintaining a separate
prediction model for each type of defect is resource intensive and
places enormous burden on technical resources for model mainte-
nance and troubleshooting. This disjointed approach also does not
take into account the synergies between the various defect types.
Our proposed work mitigates this limitation through deployment
of a single unified model for multi-task prediction that is capable
of exploiting label synergies to bring about improvements in the
predictive performance.

The various elements of an e-commerce supply chain can often
be characterized by a set of categorical and continuous features thus
rendering the problem to be one of tabular data prediction. Gradient
boosted trees have been the method of choice for predictions on
tabular data owing to their superior performance and computational
efficiency [17]. In this study, we propose a novel Pareto Ensembled
Multi-task BOosted Tree (PEMBOT) architecture for predictions
on tabular data. Specifically, the major contributions of our work
are as follows:

e We propose a novel multi-task prediction architecture pa-
rameterized by a gradient boosted tree to generate solutions
along the Pareto front.
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e Subset selection scheme based on a determinantal point pro-
cess algorithm to select the most diverse solutions along
the Pareto front, and use them in the ensemble for real-time
inferencing without the need to specify any task specific
weights.

e Extensive experimentation on a real-world and a public
dataset to demonstrate superiority of the proposed approach
compared to state-of-the-art baselines. By leveraging multi-
task synergies, we deliver significant performance gains es-
pecially for the minority tasks with limited training data
and/or severe class imbalance.

In the next section, we start with introducing the related work in
the tabular prediction domain and provide a detailed description of
the proposed methodology in following sections.

2 RELATED WORK

Multi-task (or multi-objective) models primarily arise when there
are multiple target variables, which share a common synergy while
being sufficiently different such that optimizing on any of the task
does not necessarily imply an optimum for the others. In fact, very
often, optimizing for a particular task degrades the performance
of the other tasks and therefore it becomes impossible to define a
single global optimum that is optimal for all the tasks. The generic
approach for optimizing these models is to employ linear scalaraiza-
tion wherein the multiple objectives are combined through a prede-
termined weighting scheme [23]. Selection of weights however is
very subjective and may have a large influence on the final perfor-
mance. Despite these challenges, a multi-task setup has the potential
to significantly improve the generalization performance by lever-
aging the domain-specific information contained in all the related
tasks [5]. This aspect has been exploited by researchers to design
frameworks wherein a part of the network is common between all
the tasks to learn the synergistic information. A neural network
based model consisting of shared hidden layers followed by a task
specific layer was first reported in [4]. It was shown in [1] that
the risk of overfitting the parameters in the shared layer of this
network was N times smaller than that in the task specific layers
(where N is the number of tasks) and this is what led to a superior
generalization performance of the multi-task algorithm. A varia-
tion of this concept does away with the concept of shared layers,
but instead trains a different neural network for each task while
ensuring that the parameters of the trained models are as similar
to each other as possible [14, 32]. These neural networks can be
trained using alternate sampling (or any other sampling strategy)
or loss weighting of the training examples to represent each of the
tasks. Deep learning approaches have also been extended to multi-
task learning wherein for example Deblina et. Al, [2] proposed a
transformer based architecture for learning a shared representation
across the task and Duan et. Al, [13] proposed a CNN architecture
for addressing the multi-task problem in the robotics domain. These
approaches are however more tuned towards vision tasks and do
not readily extend to other domains. These methods works well
when the tasks are non-competing which is usually never the case.
In practice, a multi-task problem is often also a multi-objective
problem where the different tasks compete with each other [29].
More recently, a gated additive tree ensemble [21] method was
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proposed for multi-task prediction that uses a gating mechanism
along with a non-linear decision tree ensemble to achieve signifi-
cant performance gains over multiple SOTA baselines.

Predictions based on tabular input features continue to hold
significant importance for multiple industrial domains wherein
gradient boosted tree models have been the method of choice [17].
Advances in deep learning methodologies attempt to bridge this
gap by either using a transformer based dense representation of
categorical features as postulated in TabTransfomer [20] or attempt-
ing to mimic a tree based feature selection as in TabNet[30]. More
recently, several modifications have been proposed to the trans-
former architecture with FT-Transformer [16] employing a feature
tokenizer prior to the transfomer layer and SAINT [31] employing
row and column attention to encode the tabular features. These ap-
proaches can also be extended for multi-task learning using either
linear scalarization or simply training them for each individual task.

Multi-objective problems are often characterized using a Pareto
front wherein the solutions along the Pareto front represent differ-
ent tradeoffs between the multiple objectives and by definition it is
not possible to find a different optimum wherein the performance
on all the tasks is improved simultaneously (such a solution is said
to be un-dominated). There have been a slew of methods involving
both gradient-based and gradient-free optimization to approximate
solutions along the Pareto front. In the gradient-free approach,
evolutionary algorithms have been the method of choice wherein
parameterizations that lead to undominated solutions are propa-
gated over others [15, 19]. This approach has also been extended
to evolve multi-objective decision trees [10, 33]. Evolutionary ap-
proaches however tend to quickly break down with scale and are
not feasible but for the simplest of problems [6]. Gradient based
approaches involve finding a descent direction at each iteration
such that the performance on all the objectives is simultaneously
improved with the iterations continuing until a feasible solution
exists [11, 28]. Gradient based methods are much more resilient to
scale, but may end up generating solutions that bunch together in
a narrow zone of the Pareto front [25]. More recently, a multi-task
learning framework was proposed wherein the authors decom-
posed the original problem into multiple sub-problems with each
sub-problem characterizing a different trade-off between the mul-
tiple objectives [25]. The way this was done was by constraining
the parameter vector to lie within a certain zone and then solv-
ing the ensuing constrained optimization problem. This method
however cannot be extended towards optimizing multi-objective
decision trees as it is not possible to create an explicit parameteriza-
tion of a decision tree apriori. The proposed PEMBOT architecture
overcomes several of the limitations stated above and achieves
state-of-the-art performance for multi-task tabular data prediction
problems.

The rest of the paper is structured as follows. In section 3, we
briefly touch upon Pareto optimality and discuss the conditions
under which a solution is Pareto stationary. In section 4.1, we de-
scribe the multi-objective GBT framework in detail and elaborate
on a scheme to sample solutions from the Pareto frontier. In section
4.2, we outline a novel determinantal point process (DPP) based
algorithm to select a subset of the most diverse Pareto-optimal GBT
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models. In section 5, we elaborate on a real-world e-commerce prob-
lem pertaining to supply chain loss prevention and demonstrate
the application of the proposed methodology to drive incremental
operational cost savings. In section 6, we test the approach on a
public wine-quality dataset and compare the performance against
multiple state-of-the-art baselines. Finally, some conclusions and
future work is outlined in section 7.

3 PRIMER ON PARETO OPTIMALITY

Consider a multi-task binary classification task with M objectives
defined by minimization problem:

m@in F(0) = méi'n{Fl(G),Fg(G), e FM1(0)} (1)

where 0 is the parametric representation of an instance of any
classification model (neural network, GBT, etc) and F;(6) is the
binary cross-entropy loss for the ith task given by:

N
Fi((xy):0) = Y fil(xjy):0) (@)
j=1

J
N
= > yjlog(p;(9)) + (1 = y;) * log(1 - p;(0)); y; € [0,1]
j=1

where (xj,y;) is a training data pair from the ith task instance,
N is the number of training samples for the i*” task and p 7(0) is the
probability that y; = 1 given the model 0. For notational simplicity
we avoid an explicit task specific index for the training samples and
instead assume that the training samples correspond to the loss
function that is being referenced.

Eq 1 can be optimized by finding a descent direction for the
parameter 0, at each iteration, such that each of the objectives is
simultaneously minimized i.e

Fi (01 < F;(0%), Vie [1,M] 3)

Here we have omitted an explicit reference to the training data
pair (x, y) for the i*" task from the expression for F; for convenience.
More formally, let q(6), represent a unit vector along a descent
direction satisfying eq 3. g(6) must then satisfy:

—v(F;(65)).q(6%) > 0,V i € [1,M] )

One way to find the descent direction satisfying eq 4 is to solve
the following quadratic optimization problem (see [28] for details):

M 2 M
ming (|| Y, @+ V(E(O)|| } st @20l ) ja=1 (9)
i=1 2 i=1

Eq 5 can be solved using a constrained quadratic optimization
program with the descent direction satisfying eq 4 being inferred
from the optimal a’s (°P? ) as [28]:

M
q(0F) == > &« v(F(0%)) ©)
i=1

The absolute minimum for eq 5 is obtained when the convex
hull formed by the gradients contains the zero vector. In such a
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scenario, q(Hk ) = 0 and there is no descent direction for which
eq 4 is satisfied (for every other case q(Gk ) yields a valid descent
direction). Such a point is said to be Pareto stationary wherein it
is not possible to simultaneously minimize the value of all of the
objectives without degrading at least one. The descent direction
obtained by solving eq 5 is by no means unique and there are several
other descent directions that are likely to satisfy eq 4. A procedure
to obtain a set of such feasible descent directions is elaborated in
[3]. Each descent direction, will however eventually terminate at a
Pareto stationary point. A complete set of Pareto stationary points
defines the Pareto frontier for the multi-task problem.

In the next section, we make use of the Pareto stationarity prop-
erty to detail the construction of a novel multi-task learning frame-
work using gradient boosted decision trees wherein each task is an
instance of a binary classification problem.

4 PROPOSED APPROACH

4.1 Pareto based multi-class gradient boosted
trees

Gradient boosted trees (GBT) are a popular choice for classification

problems, especially when the feature set consists of many categor-

ical variables. GBT involves fitting tree stumps as weak learners
(see [26]):

Sm(x) =Sm-1(x) +y * hyp(x) for m =1....npoosr (7)

where h;;, (x) is a decision tree weak learner and Sy (x) is some
chosen initialization. hy,(x) can be obtained by fitting a decision
tree weak learner (6) to the pseudo-residual 7, (x;) computed
from the loss function f as follows:

_f (> Sm-1(x;))
OSm-1 (xj)
Eq 7 and 8 are akin to a gradient descent procedure with the itera-

tions terminating when the gradient of the loss function approaches
Zero i.e.

rim(xj) = & hm(x) = 0(rjm(x), j) lj=1...N

N
vF:va(yj,xj)zo )
=

In the case of a multi-task framework, we can define a scalariza-
tion loss function L, which lies in the convex hull of the individual
loss functions, as (see [12] for more details):

M
Zai =1 (10)

M
F= ) aiFi((xy):0), 2 0lizy.
i=1 i=1
When a GBT model is trained on the entire multi-task data with
the loss being computed as in 10, then at convergence the gradient

of the loss should ideally approach zero:

M
VFZZ(ZI'*VF,'%O (11)
i=1

@



KDD ’24, August 25-29, 2024, Barcelona, Spain

Eq 11 happens to satisfy the very criteria for Pareto stationarity
as outlined in Eq 5 and thereafter. Therefore, the output Sy, (x),
which is obtained after ny,,; rounds of boosting is an instance of a
locally Pareto stationary solution if the gradient upon convergence
is less than a certain threshold (VF < €). Our method in-part is
inspired by a multi-task neural network, comprising of a shared
hidden layer and a task specific final layer. To mimic this aspect in
a boosted decision tree, we continue boosting the Pareto stationary
solution Sy, , (x) With n444itional rounds but with the task spe-
cific loss function F;(x,y),Vi € [1, M], to yield a final prediction
output (T%) for each of the individual tasks. The initial portions of
the gradient boosted tree encode synergistic information from the
various tasks, while the later portions extend this to learn a more
task specific nuance.

The proposed methodology overcomes the limitation of having to
specify task weights to learn the joint representation, but the output
is likely to be significantly influenced by the point of convergence of
the Pareto stationary solution along the Pareto front. For instance,
as in the previous section, choosing the min-norm combination
of &’s in the convex-hull leads to one such realization. In order to
overcome this, we sample several sets (N, ~ 100) of a’s satisfying
the condition laid out in eq 10 and build gradient boosted trees
using the procedure described above to yield multiple instances of
Pareto stationary solutions which are likely representative of the
entire Pareto front. The task specific predictions, T;, obtained by
extending the Pareto stationary solutions, are then ensembled to
yield the final prediction for each task:

Ny
pred =T} iz m (12)
-~

Here the super-script i (i € [1, M]), indexes the task and the
sub-script j (j € [1, Ny]), indexes the pareto-stationary solutions.
T} is obtained by boosting the j! pareto stationary solution with

the task specific extension for the ith task. It must be noted that
it is essential to have a large enough Ny so as to obtain solutions
that are representative of the Pareto front. While this is feasible
for offline predictions, it is computationally intractable to perform
inference for such large number of models for real-time applica-
tions. In order to solve this bottleneck, we make an assumption that
solutions that are far apart along the Pareto front are likely to yield
boosted decision trees that are more diverse as opposed to solutions
that are close together. To make the methodology computationally
tractable, we select a much smaller subset (~10) from the entire set
of Pareto stationary solutions by ensuring that the selected subset
is maximally diverse. This is achieved using a novel determinan-
tal point process (DPP) based subset selection methodology for
decision trees, which is described in detail in the next sub-section.

4.2 Diverse Model Subset Selection

Here, we describe our methodology based on Determinantal Point
Processes (DPPs) to select a subset of k-diverse models from a set
of Ny GBT models. We first create a vector representation of each
of the trained GBT models by utilizing the inherent tree structure.
This approach entails capturing the decision paths traversed by
data points within the trees into embeddings. Following this, our
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DPP based algorithm then picks a diverse subset of models by
incrementally maximizing the volume of the parallelepiped spanned
by the GBT model embeddings. Maximizing the volume translates
to maximizing the determinant of the matrix det(GTG) since this
represents the squared volume of feature vectors associated with
selected GBT models G = (g1, . .., gi)- Selecting k diverse models
from an overall list of N, models can be formulated as a DPP
problem when we have the Ny X N, similarity matrix.

4.2.1 GBT Model Embeddings. In our work, we explored 3 differ-
ent vectorization schemes to create GBT model representations
based on features picked up by individual boosted trees within a
booster object — (i) Use one-hot encodings of independent features
(ii) Use natural logarithm of information gain associated with the
features (iii) Use natural logarithm of coverage associated with the
independent features. To illustrate, let’s say we train a GBT model
with t iterations. In each of the iterations we build a decision tree
using a subset of all the available features in the dataset and thus,
we have t individual decision trees in the given booster object. We
create one-hot encoding of features used by decision tree at each
iteration. Assuming the number of features in the training dataset
as f, we get a vector with binary values having a shape of [1 X f]
associated with each decision tree. By concatenating the vectors
of all the decision trees, we create an overall representation for a
booster object with shape of [1 X t * f]. Similarly, instead of using
a one-hot representation, we use natural logarithm of information
gain/coverage associated with independent features to create vector
representation of each decision tree which can then be concatenated
in a similar fashion. Based on empirical performance, we selected
method (ii) based on logarithm of information gain associated with
features for our experimentation. Additionally, in order to reduce
the dimensionality and create a more dense representation, we used
Singular Value Decomposition (SVD) [24] technique. By applying
SVD, we create a compact and dense d-dimensional representation
for each GBT model. The distance between any two GBT mod-
els can then be computed by taking a cosine similarity/euclidean
distance between their vector representations.

4.2.2 DPP Overview. A point process Pon aset S = {1,2.., N} is
a probability distribution on the powerset of S. That is, VS C S, P
assigns some probability P(S), and },gcs P(S) = 1. DPPs represent
a family of such probability distributions whose parameters can
be tuned such that the probability of a subset, P(S) is proportional
to a combined measure of quality and diversity of these items.
Although DPP is able to assign probability to subsets of all size, we
are interested in selecting a subset with fixed size k. In this case,
the DPP can be specialized to k-DPP where P(X = K) o« det(Sk)
if |K| = k and 0 otherwise. Thus, the more diverse the set k, the
higher the volume of the parallelepiped of the represented items and
consequently the higher its probability of being sampled. Although
there are other reasonable methods such as Maximal Marginal
Relevance (MMR) to take diversity into account, we chose DPP
because of two reasons - (i) Basis the literature survey, DPPs tend
to outperform other methods [7] (ii) DPPs are probabilistic in nature
and therefore we can take advantages of algorithms for probabilistic
operations.
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Table 1: Notations used in section 4.2.3 along with descriptions

Notation Description

Ny Total number of models trained basis methodology described in above section

J Subset of indices corresponding to a subset of models

I Identity matrix

L Matrix of latent vector representations of all the N, models

Ly Submatrix of L having vector representations of models restricted to indices in J
S Similarity matrix of models obtained as LTL where S; j=<LiLj>

qj Quality score of j-th GBT model generated using out-of-sample F1-scores

4.2.3  Greedy-DPP algorithm for subset selection. We use the no-
tations as indicated in Table 1 for further discussions. Basis what
we have mentioned in the DPP overview section, we can formulate
our objective of finding k diverse models as set out in the equation
below with |J| = k

max qu + A (log det(Syy + nl)) (13)
JI=k 55
In Eq 13, the first term represents the quality score of the Pareto
optimal GBT model and promotes the selection of best performing
models. The second term in the objective prefers diverse models
to be picked up. Here, 1 is a trade-off parameter that balances
between the twin objective of performance and diversity.  is a pre-
specified constant that keeps the objective function well defined
and numerically stable. The log-determinant is undefined if the
input matrix is singular (i.e., non-invertible) and hence, adding the
scaled identity matrix 5l ensures that the resulting matrix is always
positive definite (and hence, invertible), thereby avoiding the log-
determinant from being undefined. In practice, the constant 7 is
typically chosen to be a small positive value to ensure numerical
stability while minimally perturbing the original matrix. It can be
seen as an instance of Tikhonov regularization for solving ill-posed
problems. S is a similarity matrix of dimension Ny X Ng and Sy is
of dimension k X k.

We use a greedy algorithm (Greedy DPP) to solve for the above
objective. The algorithm adds an index to a running index set in
each iteration to solve for the reformulated objective where we
replace S with matrix structure L jL}" inEq 14.It hasa (1 —1/e)
approximation guarantee with respect to the objective in Eq 13.
This greedy procedure can be viewed as seeking the mode of the
DPP. While this combinatorial problem is hard to solve, since the
objective is submodular and monotone, Nemhauser’s result applies
to the objective [7, 27].

max qj+Alogdet( ) L LT+ nl) (14)
JilJI=k JZE; ! J; 7

5 E-COMMERCE LOSS PREVENTION
5.1 Problem Scope

E-commerce operations typically involve shipping millions of or-
ders through an intricate network of logistic hubs to reach the end-
customer. While a large majority of these orders are successfully

Algorithm 1 Greedy Determinental Point Process (Greedy DPP)
based Algorithm

1: function GDPP(L, ¢, k, A, 1) J{max iq j}
2 while |J| < kdo JJ U {j*} where

3: J* « argmaxjgg (qj + Alog det(L]L]T + LijT + ;7[)
(15)

fulfilled a tiny fraction could result in operational losses stemming
from either supply-chain defects or fraudulent claims. We consider
three main types of operational losses categorized into a) customer
claims of having never received the package, b) claims arising from
a damaged or materially different product being delivered and c)
losses from incorrect / fake items being returned. Predicting the loss
propensity for each order and for each loss-type enables remedial
actions to be triggered to minimize the occurrence of such losses.
The process schematic for loss-intervention is presented in figure 1
wherein we do not disclose the nature of interventions to preserve
confidentiality. Given that the supply-chain elements are common
between these tasks and that fraudulent entities typically exploit
all available avenues to commit fraud, we expect the task labels to
share a high-degree of synergistic information.

Given the scale of e-commerce operations, any improvement in
loss prediction can have a significant impact on the overall opera-
tional cost savings. In following sub-sections, we detail the experi-
mental evaluation of PEMBOT and the business impact stemming
from implementing this framework for loss minimization on a large
e-commerce domain.

5.2 Dataset & Baselines

We considered all e-commerce orders placed in a given month
and tagged each order with a one-hot vector of binary class labels
indicative of whether the indexed aforementioned loss-type was
encountered for the given order. To represent these operational
loss-types we use the generic nomenclature of op_loss1, op_loss2
and op_loss3 without specifying which index corresponds to which
loss-type in order to preserve confidentiality of business critical
information. To facilitate prediction, we curate a feature set for each
order comprising of 187 features spanning across product,logistics
and customer level historical aggregates. In practise, these losses
are rare and the overall incidence rate of these losses (combined)
is less than 5% constituting a class imbalanced dataset for each of
the tasks. In order to mitigate the class imbalance in the training
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Figure 1: Loss Prevention Process Flow

data we performed a stratified sampling comprising of all orders
(from a given time period) which belonged to either of the loss
types and augmented this data with a 10% sample of orders that
were successfully delivered (no losses). Test data comprised of all
orders from a future time period.

To test the efficacy of the proposed approach on the multi-task
prediction problem, we compare against the hugely popular gradi-
ent boosted tree benchmarks of XGBoost [8] and LightGBM [22]
and also a more recent multi-task tree based ensemble approach
GATE [21]. In addition, we also did a comparative analysis against
state-of-the-art deep-learning architectures for tabular data learn-
ing including TabTransformer [20], TabNet [30], SAINT [31], FT-
Transformer [16] and ResNet based tabular data architecture [16].
The hyper-parameters of all baseline models were tuned basis a
simple grid search.

5.3 Experimental Setup

We implemented PEMBOT framework atop the XGBoost library. For
training multiple instances of pareto optimal boosted trees in the
first stage (~100 models per task), we adopt a stochastic approach for
the max depth parameter by varying it randomly between 7 to 15.
We use binary logistic function as the training objective with 0.07
learning rate. We generate 128 dimensional embeddings for each of
the trained GBT models based on the methodology detailed in 4.2.1.
We reduce the number of models used in the final ensemble to 10
through DPP based subset selection. As a general principle we have
observed that setting Ny to ~ 30 X Ni,qs and the number of DPP
selected models to ~ 10% of Ny yields an optimal operating point.
The hyper parameters for model training are selected basis grid-
search across multiple runs. To ensure the reliability of our results,
we repeat all the experiments 10 times and report the average value
across the runs.

5.4 Results

To evaluate the performance of multiple approaches and measure
the quality of predictions, we looked at standard classifier eval-
uation metrics such as precision, recall, area under the precision
recall curve (AUC-PR) and area under the curve (AUC-ROC). The

AUC-PR for PEMBOT and all other baselines, for each loss-type, is
summarized in Table 9 with AUC-ROC being presented in Table 3.
From an operational standpoint, our objective is to identify the
top 5% of risky orders and apply necessary interventions to ensure
a successful delivery. Table 4 summarizes the model recall for all
the models when the top 5% of the risky orders (from each model)
are considered. Note that we are more interested in identifying the
total order value at risk instead of just the number of risky orders,
so we report value recall in the table. Following from the AUC-PR
metrics, we observe a significant (~10%) improvement in task-2
recall with the PEMBOT model as opposed to all other baselines.
Figure 2 depicts the precision / recall curve for each of the tasks
wherein we observe that PEMBOT achieves a superior performance
compared to baseline models at any chosen operating point.

The largest recall gain (table 4) of ~30% is realized for op_loss2
which had the lowest label incidence rate among all the loss-types.
We postulate that the shared tree construction with the loss speci-
fied in eq 10 enables the minority task to learn synergistic patterns
from other tasks which help augment the label information present
in the minority task leading to significant predictive performance
gains.

5.4.1 Ablation Study. We performed an ablation study on the val-
idation set, using recall metric as performance criterion. We ad-
dressed few specific questions with this study - (i) Does the ap-
proach based on diverse model subset selection using greedy DPP
algorithm result in better performance than using random k mod-
els? (ii) How sensitive is the performance of our approach to the
value of k during inference stage?

Results presented in Table 5 confirm that using a DPP model
for diverse subset selection on Pareto based multi-class gradient
boosted trees leads to a better performance than random selection
of models. Table 6 demonstrates that the value recall increases as
the value of k increases till 8 and then the performance almost
flattens out.
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Table 2: AUC PR for Proposed approach and Baselines

Label ‘PEMBOT XGBoost ‘ LightGBM | ResNet | SAINT | TabNet | GATE | TabTransformer | FT-Transformer

op_loss1 16.21% 13.16% 10.30% 11.79% | 14.46% 9.96% 11.07% 7.72% 12.69%
op_loss2 17.25% 14.11% 12.50% 12.56% | 14.71% 12.16% | 12.10% 10.03% 13.56%
op_loss3 35.58% 32.86% 31.70% 31.81% | 33.52% | 31.39% | 31.59% 24.85% 32.24%

Table 3: Model AUC-ROC for Proposed approach and Baselines

Label | PEMBOT | XGBoost | LightGBM | ResNet | SAINT | TabNet | GATE | TabTransformer | FT-Transformer

op_loss1 82.18% 80.17% 79.00% 79.24% | 80.41% | 75.68% | 77.56% 74.28% 78.31%
op_loss2 93.28% 92.68% 92.00% 91.69% | 92.65% | 91.73% | 91.75% 90.89% 92.43%
op_loss3 93.10% 92.52% 91.50% 92.03% | 92.22% | 91.47% | 91.68% 90.05% 92.29%

Table 4: Value Recall for Top 5% risky orders as flagged by various models

Label ‘ PEMBOT ‘ XGBoost ‘ LightGBM | ResNet | SAINT ‘ TabNet ‘ GATE ‘ TabTransformer ‘ FT-Transformer
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op_lossl 23.30% 20.12% 20.52% 19.83% | 20.12% | 20.67% | 22.47% 18.97% 19.88%

op_loss2 40.00% 31.30% 29.05% 25.99% | 21.45% | 37.31% | 20.54% 33.24% 24.84%

op_loss3 57.75% 55.52% 37.73% 23.88% | 49.02% | 53.13% | 20.75% 41.52% 29.66%

op_lossl op_loss2 op_loss3

—— PEMBOT —— PEMBOT PEMBOT
—— XGBoost 0.9 —— XGBoost 0.9 XGBoost
—— LightGBM —— LightGBM LightGBM
—— ResNet 08 —— ResNet 0.8 '\ ResNet
—— SAINT —— SAINT SAINT
—— TabNet 07 —— TabNet 0.7 TabNet

GATE
—— TabTransformer 0.6
FT-Transformer

Precision

Precision
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Figure 2: Precision Recall Plot for E-Commerce dataset

5.5 Implementation & Overall Impact

To enable real-time inferencing with the PEMBOT model, we dis-
tribute the pareto ensemble computation over multiple cores to
allow for fast parallel computation. We observed the following
average inference time per order: PEMBOT - 0.7 ms, XGBoost -
0.02 ms, LightGBM - 0.01 ms, SAINT - 17.6 ms, TABNET - 56.8 ms,
TabTransformer - 21.2 ms and FT-Transformer - 21.31 ms. XGBoost,
LightGBM and PEMBOT inference was performed on a 64-core
vCPU machine while we used the NVIDIA T4 GPU instance, with
4-GPU cores and 192 GB memory, for inference with the deep-
learning architectures. Although, PEMBOT is slower than XGBoost,
it is still much faster than other approaches and < 1 ms latency
allows for scaling the model for high throughput real-time compu-
tations.

PEMBOT has been deployed in production for an emerging mar-
ketplace and is invoked for every order that is placed to predict
the loss propensities and trigger appropriate interventions. By re-
placing the legacy gradient boosted tree framework, PEMBOT was
able to prevent additional operational losses to the tune of 5 basis
points of revenue resulting in several millions of dollars of overall
cost savings.

6 WINE QUALITY PREDICTION

We also evaluated PEMBOT on a publicly available wine quality
dataset [9]. While multi-task challenges with synergistic task labels
are common in e-commerce and associated fields, tabular datasets
that capture such complexities, are seldom found in the public
domain. The wine-quality prediction dataset from the UCI Ma-
chine Learning Repository provides the closest approximation to
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Table 5: Comparison of value recall of top 5% risky orders for diverse subset models vs random k models with k = 10

Label op_loss1 | op_loss2 | op_loss3
Random k GBT models with varying hyper-parameters 1.16% 32.66% 56.10%
Random k Pareto-optimal models 22.32% 37.49% 57.14%
Diverse subset models from greedy k-DPP 23.30% 40.00% 57.75%

Table 6: Comparison of recall of top 5% risky orders for different values of k in inference stage

Label | 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 | 10

op_loss1 | 20.95% | 22.42% | 22.68% | 22.71% | 22.78% | 22.97% | 23.14% | 23.26% | 23.28% | 23.30%
op_loss2 | 32.60% | 37.25% | 38.07% | 38.18% | 38.39% | 39.01% | 39.52% | 39.84% | 39.95% | 40.00%
op_loss3 | 55.85% | 57.03% | 57.25% | 57.27% | 57.33% | 57.48% | 57.62% | 57.74% | 57.75% | 57.75%

Table 7: Wine Quality dataset
Basic Statistics of Training and Evaluation data-sets

‘ Training ‘ Evaluation
Statistic Value Incidence % | Value Incidence %
# Observations | 5,193 - 1,299 -
Quality 3 24 0.46% 6 0.46%
Quality 4 173 3.33% 43 3.31%
Quality 5 1,710 32.93% 428 32.95%
Quality 6 2,269 43.69% 567 43.65%
Quality 7 863 16.62% 216 16.63%
Quality 8 154 2.97% 39 3.00%

Table 8: AUC PR for Wine Quality Prediction

Label | PEMBOT | XGBoost | LightGBM | ResNet | SAINT | TabNet | GATE | TabTransformer | FT-Transformer
AUC PR Quality 3 | 10.01% 8.05% 8.48% 037% | 330% | 3.08% | 2.72% 6.48% 13.66%
AUCPR Quality 4 | 28.45% | 24.49% 2556% | 1628% | 1541% | 4.98% | 14.61% 15.38% 22.38%
AUCPR Quality 5 | 76.56% | 75.67% 7481% | 63.70% | 62.53% | 56.07% | 64.74% 57.79% 65.34%
AUCPR Quality 6 | 75.61% | 73.24% 73.35% | 61.78% | 57.60% | 55.89% | 59.30% 59.14% 61.12%
AUCPR Quality 7 | 66.66% | 6227% 64.30% | 42.82% | 44.24% | 35.60% | 44.50% 35.19% 42.89%
AUCPR Quality 8 | 48.81% | 40.30% 45.15% | 11.28% | 18.19% | 4.32% | 11.51% 8.64% 15.64%

this scenario, allowing prediction tasks to exploit the interplay
between various wine qualities basis 11 physio-chemical input fea-
tures. While the repository contains two datasets for red and white
wines, for our analysis, we have created a combined dataset to
increase the sample size. The target variable wine-quality takes 7
distinct values-3,4,5,6,7,8,9. Quality grade 9 has only 5 samples in
the entire data and no meaningful train-test split can be obtained
for this class. Hence, we drop this class without forfeiting the pur-
pose of this analysis. The dataset consisting of 6,492 observations
is divided into training (80%) and evaluation (20%) set and data
distribution of training and evaluation data is depicted in table 7.

6.1 Results

We compare the model performances in table 8 and note that PEM-
BOT consistently outperforms other strong baselines across all tasks

barring task 3, wherein FT-transformer achieves a higher AUC-PR.
In line with the e-commerce example, we once again observe larger
improvements for minority classes of Quality 3, 4 and 8 wherein
PEMBOT is able to harness label synergies to drive performance
lifts.

7 CONCLUSION

In this study, we have proposed a novel Pareto-based multi-task
learning framework using a gradient boosted tree architecture. We
presented a DPP based model for diverse model subset selection to
make the inference computationally tractable. We demonstrated
that the framework is general, flexible and performs well on a highly
imbalanced dataset from the e-commerce domain and a publicly
available wine-quality dataset. We compared the performance of
PEMBOT against multiple state-of-the-art algorithms and observe
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that PEMBOT is able to significantly outperform these baselines
for multi-task problems with inherent label synergies. We have
deployed this model in production for a large e-commerce domain
with a throughput comprising of millions of orders per-day and
have realized significant cost-savings from the improved predictive
performance. While we have used GBT as the base-architecture,
our method could potentially be adapted for any architecture such
as transformer networks, CNNs and graphical models. Future work
also entails extending PEMBOT towards multi-task image clas-
sification problems that is of particular significance to multiple
e-commerce applications. [18]
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Table 9: E-commerce Data: Std Deviation of AUC PR for Proposed approach and Baselines

Label ‘PEMBOT XGBOOST | LIGHTGBM | ResNet | SAINT | TabNet | GATE | TabTransformer | FT-Transformer

op_loss1 0.451% 0.435% 0.440% 1.211% | 1.231% | 0.136% | 1.348% 0.974% 1.257%
op_loss2 1.160% 1.151% 1.155% 1.163% | 1.192% | 0.144% | 0.135% 1.186% 0.158%
op_loss3 0.441% 0.429% 0.445% 1.263% | 1.271% | 2.384% | 0.055% 0.375% 1.253%
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