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ABSTRACT

As e-commerce stores broaden their reach into new regions and
introduce new products within established markets, the develop-
ment of effective machine learning models becomes increasingly
challenging due to the scarcity of labeled data. Traditional transfer
learning methods typically require some labeled data from the tar-
get domain and often face computational bottlenecks. Despite the
availability of a few transfer learning techniques, most are primarily
developed for vision and text applications, making them unsuitable
for other types of data. In many industries, however, tabular data
is a predominant and crucial data type. Our work introduces XCap-
sUTL, a novel unsupervised transfer learning framework specifi-
cally designed for tabular data, aiming to fill this significant gap.
Our approach leverages Capsule Neural Networks (CapsNet) to ex-
tract domain-agnostic knowledge. This knowledge is then refined
using a constrained fine-tuning process, ensuring adaptability to the
target task while preserving learned representations. XCapsUTL’s
unique feature encapsulation capabilities within CapsNet promote
effective knowledge transfer without the need for designing effec-
tive feature-wise interaction approaches to capture higher-level
semantics. Extensive experiments demonstrate the robustness and
generalization capabilities of XCapsUTL across multiple domains
and datasets, highlighting its practical significance and utility in ad-
dressing the unique challenges of tabular data in industry settings.
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1 INTRODUCTION

As e-commerce stores expand their reach into new geographies
and introduce innovative products, the need to rapidly deploy ef-
fective machine learning (ML) solutions for various tasks becomes
increasingly crucial. A prime example of this is the extension of
various operational prediction models to new geographies, which
can significantly reduce financial losses and lower operational costs,
resulting in cost savings for these e-commerce stores. One domain
where this is particularly relevant is the financial sector, which
involves the use of various financial instruments and lending prod-
ucts to enable customers to make purchases on credit and repay
through equated monthly installments (EMIs). While such credit
products can increase affordability and customer engagement, its
misuse can result in operational losses. With the lack of sufficient
data for these products, it becomes a challenge to train ML models
and take necessary actions to prevent misuse of these products.
There are multiple approaches to mitigate this bottleneck, wherein
for instance we could use ’similar domain’ models which rely on the
availability of a closely related domain with sufficient training data
to serve as a proxy for the given target label. One could also lever-
age unsupervised methods such as ranking[2] or clustering [31]
to power nearest-neighbor type approaches. However, the most
potent approach is to use transfer learning wherein a model that is
learnt on a related domain (e.g., another geography) is leveraged
to make predictions for the target domain. In most instances, it
is not possible to use the model from the source domain as-is for
prediction in the target domain owing to feature distribution shifts
between the source and target domains. Multiple approaches have
been developed to utilize a limited amount of training samples from
the target domain to help address this co-variate shift. However, in
the absence of any labelled data, it becomes a much harder prob-
lem with only a few techniques that have been developed towards
completely unsupervised transfer learning. Moreover, it is impor-
tant to note that most existing methods are tailored primarily for
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vision [24][30][10][12][33] and text[1][15][20][29][13] data. This
specialization leaves a significant gap in transfer learning applica-
tions for tabular data, which is both prevalent and critical across
many industries. The absence of dedicated methods for tabular data
underscores the need to develop new frameworks tailored specifi-
cally to this domain. To bridge this gap, we have developed a novel
unsupervised transfer learning technique, XCapsUTL, designed for
cross-domain tabular data learning. The key contributions of our
work are as follows:

e Our proposed novel framework requires no labeled target
domain data during training, facilitating transfer learning
across diverse and dissimilar domains.

o To the best of our knowledge, we are the first to introduce
Capsule Neural Networks for tabular data within the transfer
learning paradigm.

e Rather than processing each input feature individually, cap-
sule network encapsulates all the feature values of an input
into vectorial features. This allows our model to directly
learn higher level representations, avoiding the need to de-
sign effective feature-wise interaction approaches to capture
these semantics.

e We present experimental results using the proposed ap-
proach on both an internal e-commerce dataset and a publicly
available external dataset. The internal dataset focuses on de-
tecting bad behaviour in usage of credit products, while the
external dataset pertains to predicting diabetes in patients.
The results demonstrate the robustness and generalization
capabilities of the XCapsUTL framework when compared
with multiple state-of-the-art baselines.

The rest of the paper is organized as follows. Section 2 provides a
comprehensive review of related work in the field. Section 3 details
the methodology of our proposed XCapsUTL framework, outlining
its design principles, mathematical formulation, and theoretical
basis. Section 4 describes the datasets used, the experimental setup,
the presentation of results, and an ablation analysis. Section 5 sum-
marizes the key findings, acknowledges potential limitations, and
outlines promising directions for future research.

2 RELATED WORK

Transfer learning is a technique focused on transferring knowledge
acquired in one domain to another closely related domain, particu-
larly when it’s impractical to train a localized prediction model due
to a scarcity of labeled training examples. One widely adopted class
of methods in this field is domain adaptation [32], which aims to
address the distribution shift between source and target domains to
generate robust predictions for the latter. Various approaches have
been proposed for domain adaptation, encompassing techniques
such as importance weighting [16], which assigns higher impor-
tance to samples in the source domain that are more relevant to the
target domain, and subspace alignment methods [14][6] for map-
ping the distribution shift between domains. Additionally, feature
augmentation-based strategies [18] and minimax learning schemes
[26] have been explored to minimize prediction risk in the target do-
main. While most transfer learning approaches assume some level
of labeling for the target domain, recent research in the unsuper-
vised domain adaptation (UDA) literature has gained momentum.
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Notable UDA approaches include statistical divergence alignment
[14][23], adversarial learning [9][7], generative domain mapping
[27], self-supervision-based methods [28][21], and clustering-based
techniques [25]. Despite their effectiveness, these approaches have
inherent drawbacks and limitations.

For instance, [14] exhibits effectiveness primarily on small datasets,
while being computationally expensive and sensitive to outliers on
larger datasets, [23] leads to negative transfer when strict alignment
is being enforced whereas [9] and [7] suffer from susceptibility to
mode collapse, a phenomenon where the discriminator becomes
too powerful, collapsing multiple real data modes into one, thereby
hindering adaptation. Additionally, [7] relies on a Gradient Reversal
Layer, which is often unstable during training, leading to conver-
gence issues or sub-optimal results. Moreover, [27][28][21] are not
applicable to tabular datasets. Although [25] offers a promising
approach for domain adaptation tasks, insufficient distillation can
lead to inaccurate clustering and classification in the target domain,
raising questions about the approach’s effectiveness.
Furthermore, most of these approaches fail to account for inherent
noise in the feature spaces of source and target domains, resulting
in poor predictive performance in the target domain. In our work,
we aim to address these issues by effectively clustering features
using a potent capsule net architecture [4][22], and employing
self-supervised learning on a pretext task to anchor domain adap-
tation on a clustered knowledge base capable of characterizing
customer traits across different geographies. We compare our ap-
proach against multiple state-of-the-art baselines from the UDA
literature and highlight performance improvements on our internal
and external datasets.

3 XCAPSUTL - METHODOLOGY

In this section we outline our proposed approach, XCapsUTL, for
unsupervised transfer learning with application towards tabular
datasets. To clearly explain the modeling methodology, we take
the example of the internal dataset i.e. customer bad behaviour
intent detection on credit products. The XCapsUTL architecture is
summarized in figure 1. XCapsUTL employs a two-phase training
approach. Phase 1 focuses on knowledge transfer by identifying a
domain-agnostic (pretext) classification task. Jointly training the
model on this task encourages the discovery of shared data patterns,
establishing a foundation for the subsequent phase. In the second
phase, we leverage the pre-trained model from phase 1 and use
it for bad behaviour intent detection in the source domain, while
anchoring the weights of the pre-trained network through a suitably
chosen regularization scheme. This helps to generalize the model for
target domain bad behaviour detection basis joint representation
learning. In the following sub-sections we describe each of the
components of XCapsUTL in more detail.

3.1 Domain-Agnostic Task: Rank Quartile
Classification

To establish a common ground between potentially dissimilar do-
mains, we developed an unsupervised customer ranking method-
ology, which aims to split the customers into multiple cohorts
characterized by their interactions with the e-commerce stores
ecosystem. Our innovation lies in applying this ranking concept
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Figure 1: XCapsUTL Framework

specifically for cross-domain transfer learning, ensuring our XCap-
sUTL framework’s adaptability and novelty across diverse and
dissimilar domains. We generate customer behavior scores within
each domain (source and target). Customers within each domain
are then sorted by these scores and divided into quartiles which
are broadly representative of a customers spend, type of purchases
and other such attributes. These quartile rankings serve as labels
for phase 1 training, allowing the model to learn patterns that gen-
eralize across domains. Once we have the quartile labels for each
customer in both domains, we mix the data from both to prepare
the final phase 1 training set.

3.1.1 Unsupervised Ranking Model and Quartile Genera-
tion. Accurately ranking millions of customers based on behavioral
data presents a formidable computational challenge. The rank ag-
gregation problem, central to this task, is inherently NP-Hard; thus,
as the size of the dataset increases, the complexity of finding an
optimal solution grows exponentially. Even with a relatively small
set of customers, such as 50, the problem becomes computationally
infeasible due to the exponential increase in the number of possible
ranking combinations. This complexity arises from the necessity
to compare each customer against every other, assessing a mul-
titude of behavioral traits to establish a comprehensive ranking.
Each additional customer exponentially increases the number of
comparisons, rendering a direct aggregation approach unscalable
for large customer bases typical in major e-commerce stores.
Given this, we seek an approximate version of the problem that
can be solved efficiently. Instead of focusing on generating a fully
ranked list, we consider a pairwise ranking scheme with the overall
objective of minimizing pairwise discordance between a randomly
selected subset of customers. Given a finite feature set, the pairwise
ranking can be performed in constant time. More specifically, to
rank customers from a given geography, we consider an array of
real-valued features, f = [f 1 f 2., f k ], which represent various
aspects of customer behavior, including spending patterns (e.g.,
last 12-months order value), subscription status (e.g., premium

membership), device preferences (e.g., Apple user), and payment
methods (e.g., credit card usage). We focus on features that are
commonly present in both the source and target domains, helping
to generalize customer traits across multiple geographies. Given
the list of features, we design a pairwise ranking scheme where the
ranks of customer-a (cq) and customer-b (cj) are determined based
on the following inequality:

(carcp), if T I > £i) > 2,
(Cb, Ca):

1)

otherwise

order({cg, cp}) = {

where f° i denotes the i-th feature, and I is the indicator function
which helps to establish the count of features along which customer-
a outperforms customer-b. In the ordered set above, we follow
a convention where first element is ranked higher than the sec-
ond element. Given a large set of these pairwise preferences, I =
{(i, J)ici > Cj}, our goal is to learn a scoring function M(f) such
that M(f;) > M(f}) if ¢; > cj. We use a LambdaMart framework
to learn this scoring function wherein we define the cross-entropy
loss as:

€(i, j) = —pij - log(pij) — (1= pij) - log(1 = pij), @

where p;; indicates the actual probability of ith customer be-
ing ranked higher than j# customer which is 1 in our case. And,
pij indicates the predicted probability for the same. We compute
the predicted probability of ith customer ranked higher than jth

customer using the sigmoid of the difference between two scores
ie.

1
1+ e A0ij’

Substituting above in the loss expression in Equation 2, it simplifies
to

ﬁij = where, 0jj = M(f;) - M(fj) 3)

€(i, j) = —log(pij)- 4
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Further, by summing the pairwise loss over all input pairs in I the
final loss can be expressed as,

L= ) —log(hi). 5)
(i.j)el

We minimize the overall loss represented by Equation 5 to learn
a scoring function M for each domain. With the learnt scoring
function, we score each customer in the respective geography and
sort customers into quartiles to setup the pretext learning task.
Before proceeding, we address a potential concern regarding the
proposed methodology. The synthesized pairs only capture the
ordinal relationship between two customers, while the information
about the magnitude of their differences is lost. However, a closer
examination of the formulation reveals that this is not a significant
issue, thanks to the "law of transitivity." To illustrate this, consider a

Pl P2 P3 P4 PS5 P6 P7

Figure 2: A toy example to illustrate the role of transitivity
in the proposed approach.

feature ranking example where feature values are represented on a
real line. If we take two random pairs, such as (P1, P2) and (P2, P7),
which serve as inputs to our model, it initially appears that we miss
information about the distance: P1 and P2 are much closer compared
to P2 and P7. However, this concern is mitigated because the input
will also include pairs like (P2, P3) and (P3, P7), which help the
model learn that there are many more customers between P2 and
P7 than between P1 and P2. While the final scores may not reflect
the exact magnitudes of differences, they will accurately represent
the ordinal relationships, which is sufficient for our purpose.

3.2 Phase 1: Capsule Network for Knowledge
Discovery

In this phase, we leverage a Capsule Neural Network outlined in
[4] for the transfer learning task. We chose Capsule Neural Net-
work over a traditional neural network due to its ability to directly
learn data-level semantics without feature-wise interactions, this
helps the model capture data patterns quite effectively and effi-
ciently when compared to traditional networks. We jointly train
the network on both source and target domain data for the quartile
classification task, Joint training enables the discovery of domain-
agnostic patterns, forming a strong foundation for the subsequent
phase. The input to the model consists of tabular features that are
pertinent for bad behaviour intent detection and are common across
source and target domains. We apply quantile normalization [17]
on these raw features for improved feature representation before
passing them to the network.

3.2.1 Capsule Network Architecture Overview. The archi-
tecture begins by linearly projecting input features to enhance
their representation. These enhanced features are combined with
the original input features to obtain basal vectorial feature, z €
R™. We then transform this vectorial feature into primary cap-
sules (vector representations) using learnable multivariate Gauss-
ian kernels. Unique communication mechanisms between capsule
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layers are a defining characteristic: Sparse projection generates
"votes"—projections of primary capsule representations onto higher-
level capsules. BoW Routing (Routing by Agreement) intelligently
selects and merges these votes, determining the features of higher-
level (senior) capsules.

Primary Capsules : The Architecture uses different primary
capsules to represent different profiles of a single input. These pro-
files are modeled using multivariate Gaussian kernels. Each input
vectorial feature z is transformed into a primary capsule feature
u; € R™ for the i-th primary capsule using a multivariate Gaussian
kernel k;, as:

exp (-4 (z = )37 (2 - )
(2m)m /2|5

uj = ki(z; pi, 2i) = (6)
The parameters of the kernel y; and X; are learned during training,
allowing the model to discover patterns specific to the dataset. The
model uniquely includes the original vectorial feature z as an addi-
tional capsule feature, preserving raw information alongside the
learned representations.

Essentially, the activation value of a primary capsule indicates
how closely the input record matches the pattern it represents.
By identifying dataset-specific patterns through the Gaussian ker-
nel parameters, model can implicitly capture feature relationships
within the dataset.

Senior Capsules : Model derives senior capsules, representing
target class semantics, through a multi-step process inspired by
ensemble learning. First, primary capsule features are transformed
into "feature votes" using a sparse weight matrix, ensuring focused
information flow. Then, a specialized BoW Routing mechanism
selectively combines the most relevant feature votes to synthesize
the features of each senior capsule. This approach allows model to
flexibly model complex target patterns while maintaining compu-
tational efficiency.

Sparse Projection : The model replaces the standard affinity
projection [22] with a sparse approach. A learned weight matrix is
modified using entmax [19] to select only the most relevant primary
capsule features for generating feature votes.

ﬁj‘l—=uin’“ , Vl/j/lizentmaxa(wj“) 7)

where a = 1.5 as default, Wj’li € R™*" g sparse learnable weight
matrix, é;; € R" is the feature vote for the j-th senior capsule
from the i-th primary capsule. Unlike sparse attention mechanisms,
applying entmax to the weights ensures consistent feature selection
across different inputs.

BoW Routing : The model employ a differentiable Bag-of-Words
(BoW) Routing algorithm to selectively merge feature votes il ;|; and
synthesize senior capsule features. For a comprehensive explanation
of this algorithm, please refer to [5]. This process ultimately yields
the final senior capsule features v;:

vj = BoW_Routing(#;;) (3)

Classification Voting : In this architecture, the vector lengths
of the senior capsule features represent the existence probabilities
of one semantics, and each target class is modelled by multiple
senior capsules motivated by ensemble learning. Suppose there are
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K classes. We divide all the senior capsules into K groups, such that
the features in each group vote for one particular class.

k=" llojllz/lIGK]
Jj€Gk 9
eI ©)

¢ = softmax([/y, ..
7 = argmax(c)

where [; denotes the mean of the senior capsule feature vector
lengths for the k-th class (i.e., in the group Gy), vector ¢ represents
the predicted probabilities for all the K classes, and 7 denotes the
predicted label. The model is trained to minimize the following
margin loss function

K
Ly = Z T, max(0, t* — [t)% + A1 - (1 = T) max(0, I — t7)2, (10)
k=1
where Tp = 1 if the k-th class is the target, and otherwise T = 0.
We set t7 =09, ¢t =0.1, and A; = 0.5 basis [22].

3.3 Phase 2: Cross-domain Transfer Learning
with Capsule Nets

In Phase 2, we leverage the domain-agnostic knowledge acquired
in Phase 1 and focus on our target task of bad behaviour intent
detection. We fine-tune the XCapsUTL model using the source do-
main’s labeled bad behaviour data, enabling it to identify patterns
associated with the problem at hand.

To optimize knowledge transfer, we strategically constrain the
model’s parameter space to prevent the model from significantly
deviating from the domain-agnostic representations learned in
Phase 1. This approach guides the model to learn source domain’s
bad behaviour patterns while maintaining a parameter space con-
ducive to generalization for the target domain. Consequently, the
refined model facilitates unsupervised bad behaviour intent detec-
tion within the target domain, showcasing XCapsUTL framework’s
versatility.

To optimize knowledge transfer during Phase 2, we augment
the margin loss in Equation 10, with an L2 regularization term.
This term constrains the model’s parameter space, encouraging
it to retain similarities with the domain-agnostic representations
acquired in Phase 1. The complete loss function is then given as:

Ly=Li+Az- |62 — 6413 (11)

Where L; denotes the margin loss(Equation 10) for optimization
on the bad behaviour intent detection task. 6; denotes the net-
work parameters learned in phase 1 and 0 represents the current
network parameters during phase 2 training. Additionally, A5 is a
regularization parameter set to A = 0.001.

In the next section, we detail experimental results of applying
XCapsUTL on internal and external datasets.

4 EXPERIMENTAL SETUP
4.1 Datasets

4.1.1 Internal Dataset. Our internal dataset consists of a source
country S; dataset along with datasets of two different target ge-
ographies, T; and T,. As the product was launched much earlier
in the source country, we have access to significant labeled data
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for bad behaviour intent detection. However, at the time of prod-
uct launch in the two new geographies, no labeled datasets were
available. We utilized the S; dataset to build models for detecting
bad behaviour intent using both the XCapsUTL framework and
other transfer learning baselines. The ultimate goal was to generate
predictions for bad behaviour intent in the target geographies, Ty
and Ty. For XCapsUTL model development, we prepared the data
in three groups:

e Unsupervised Ranking : For the input features, we uti-
lized data from the customer base with at-least one purchase
in last 12 months in a geography. We selected customer-
level aggregated features that are commonly present in both
the source and target geographies to construct the ranking
model. For this task, we chose features that are crucial for
determining the ranking between two customers. Since this
was an unsupervised task, no labels were required during
training.

Phase 1 - Joint training : In this phase, we conducted
joint training with both the source and target geographies.
Similar to the unsupervised ranking task, the input included
data from purchase active customer base in last 12 months.
However, this time the features selected were pertinent to
bad behaviour intent detection. The labels used were the
quartiles to which each customer belongs within their re-
spective geography. These quartiles were generated based on
the rankings from the previously mentioned unsupervised
ranking task.

e Phase 2 - Guided Fine-tuning : In this phase, we fine-tuned
the model from Phase 1 using labeled data for bad behaviour
intent from the source geography S;. We employed the same
input features as those used in the Phase 1 training.

We evaluated our model’s performance using three months of data
for bad behaviour labels in T; and T> geographies, which became
available after the model launch. For details on model productioni-
sation approach refer section 4.2.3.

4.1.2 External Dataset. To validate the robustness of our pro-
posed approach, we bench-marked our model using the ’°CDC Dia-
betes Health Indicators’ external dataset[3]. This dataset includes
healthcare statistics, lifestyle survey information, and diabetes diag-
noses for individuals. It comprises 21 variables, such as demograph-
ics, laboratory test results, and survey responses for each patient.
The target variable for binary classification indicates whether a
patient is diabetic/pre-diabetic or healthy. Owing to the paucity of
a public-domain transfer learning dataset for the tabular domain,
we leveraged the diabetes dataset to define a source and a target
domain for our analysis. We split the dataset based on patients’ age
wherein Group 1 (50A) includes patients aged over 50, while Group
2 (50B) includes patients aged below 50. We chose age 50 for the
split as it represents the midpoint of the age distribution. To ensure
generalizability, we first treated Group 1 as the source domain and
Group 2 as the target domain, then reversed the roles, treating
Group 1 as the target domain and Group 2 as the source domain.
The dataset contains 253,680 patient records, with 74,220 below and
179,460 above fifty years of age. For XCapsUTL model training and
scoring, we prepared the data in three groups as follows:
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e Unsupervised Ranking : We selected input features essen-
tial for determining the ranking between two patients. Out of
the 21 available features, we used the following 10: HighBP,
HighChol, BMI, Smoker, Stroke, HeartDiseaseorAttack, Phys-
Activity, Fruits, Veggies, and HvyAlcoholConsump. Since
this task was unsupervised, no labels were required during
training. We performed this task separately for both domains
to obtain the quartiles for each patient.

Phase 1 - Joint training : In this phase, we conducted

joint training with both the source and target domains. We
used all 21 available features for each patient. The labels
were the quartiles to which each patient belongs within their
respective domain, generated based on the rankings from
the previous unsupervised ranking task.
Phase 2 - Guided Fine-tuning : In this phase, we fine-
tuned the model from Phase 1 using the source data. We
used Diabetes_binary as the target label and employed the
same input features as in the Phase 1 training.

We conducted Phase 2 twice separately: first with Group 1 (50A)
as the source domain and Group 2 (50B) as the target domain, and
second with Group 1 (50A) as the target domain and Group 2 (50B)
as the source domain. The results are presented in Table 2.

4.2 Experiments

4.2.1 Results. In order to test the efficacy of our proposed method,
we compared the performance of our model against multiple state-
of-the-art baselines which includes Unsupervised Domain Adap-
tation via Distilled Discriminative Clustering (DisClusterDA) [25],
Maximum Classifier Discrepancy for Unsupervised Domain Adap-
tation (MCD) [23], Maximum density divergence for domain adap-
tation (MMD)[14], Domain-adversarial training of neural networks
(DANN) [7]. We used hyperopt [11] for hyper-parameter tuning of
all the models and the models are trained on a single Nvidia Tesla
T4 GPU. For XCapsUTL, we did a 80-20 split of training data into
train and validation set in each phase for all the datasets. Table
1 summarizes the model performance of different techniques on
bad behaviour intent detection task for the target domains of T
and T. We observe that proxy model like customer ranking [2]
under-perform as compared to all transfer learning methods. Within
transfer learning methods, XCapsUTL has the highest model perfor-
mance for both the geographies (T; and T;).Specifically, XCapsUTL
achieves an AUC improvement of 3.3% for Ty and 2.49% for T, over
the next best method, DisClusterDA. This highlights the superior
capability of our approach in capturing domain-agnostic patterns
and effectively transferring knowledge across dissimilar domains.

Additionally, the results in Table 2 further validate the robustness
of XCapsUTL using the external CDC Diabetes Health Indicators
dataset. When evaluating the model with Group 1 (50A) as the
source domain and Group 2 (50B) as the target domain, XCapsUTL
achieves an AUC of 89.2, outperforming DisClusterDA by 0.53. Sim-
ilarly, when the roles are reversed, our model maintains its superior
performance with an AUC of 84.02, surpassing DisClusterDA by
1.57. These consistent improvements across different datasets and
domains demonstrate the generalization capabilities of XCapsUTL
and its potential for broader applicability in various cross-domain
scenarios.
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Table 1: Relative Performance Comparison of Methods AUC
on internal dataset

Method Ti T
Source only 0% 0%
Customer Ranking (proxy) | 39.88% 29.31%
DANN 43.77%  29.5%
MMD 40.85%  29.88%
MCD 46.49%  32.37%
DisClusterDA 50.00% 33.90%
XCapsUTL (Ours) 53.30% 36.39%

Table 2: Performance Comparison of Methods AUC on exter-
nal dataset

Method 50A— 50B 50B — 50A
Source only 83.55 73.71
DANN 86.12 79.62
MMD 86.19 80.3
MCD 87.93 80.97
DisClusterDA 88.67 82.45
XCapsUTL (Ours) 89.2 84.02

4.2.2 Ablation studies. We conducted an ablation study to vali-
date our hypothesis that a Capsule Network architecture is much
more effective at learning domain-agnostic representations for
transfer learning compared to other architectures. In our approach,
we replaced the Capsule Network base model with a vanilla feed-
forward network and an FT-Transformer [8], as is common in sev-
eral transfer learning approaches.

As shown in Table 3, the Capsule Network consistently out-
performed the alternative architectures across both internal and
external datasets. Specifically, for the internal dataset, the Capsule
Network achieved AUC improvements of 5.45% for T; and 3.64%
for T, compared to the FT-Transformer. Similarly, for the external
dataset, our approach resulted in AUC gains of 1.61 for 50A — 50B
and 2.78 for 50B — 50A over the FT-Transformer. These results
underscore the superior capability of Capsule Networks in learn-
ing complex feature interactions and enhancing transfer learning
performance in diverse domains.

4.2.3 Model launch and Business Impact. XCapsUTL model
was launched in production for bad behaviour intent detection use
case in two geographies where labelled data was unavailable. While
at the time of launch we limited the population leveraging model
scores (to limit any downside risks) but post evaluation we gradually
scaled up the usage of model to handle volume of several million
orders per week using the specific credit instrument. The model
was deployed in real time with average latency of 250 milliseconds
per order. The model score generated by XCapsUTL was used to
drive specific interventions (not disclosed) aimed at preventing
bad behaviour entities from exploiting the system. Through these
interventions, we have been able to achieve several millions of
dollars of cost savings on an annualized basis. We plan to utilize
this framework for bad behaviour intent prediction for all future
geographical launches.
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Table 3: Ablation Study: Relative Performance Comparison of Methods AUC on internal dataset and absolute AUC values on

external dataset.

Methods Ti T 50A— 50B 50B — 50A
Feed Forward Neural Network | 40.27% 29.88% 84.8 78.23
FT-transformer 47.85% 32.75% 87.59 81.24

4.24 Visualization of Primary Capsules. Figure 3 presents a
t-SNE plot for one of the target domain input datasets from the
internal dataset, where different colors represent various primary
capsules of the final XCapsUTL model. The visualization clearly
shows that each primary capsule captures distinct profiles of the
input data. Notably, this distinction is achieved without the model
being explicitly trained on the target domain, demonstrating the
effectiveness of the final trained XCapsUTL model. To create this
visualization, we first reduced the m-dimensional input data to
two t-SNE components. Each input point was then assigned to the
primary capsule with the highest activation value, solely for visu-
alization purposes. Each primary capsule encapsulates a specific
customer profile. For example, the gray-colored primary capsule
(top-right) captures customers with high spending and low degree
of bad behaviour, while the green-colored primary capsule (bottom-
left) represents customers with high degree of bad behaviour and
low spending. This visual distinction highlights the Capsule Net-
work’s ability to effectively distill high-level semantic information
across domains and leverage it for cross-domain transfer learning.

100

TSNE Dimension 2

-100

-100 -50 0 50 100
TSNE Dimension 1

Figure 3: t-SNE plot showing distinct customer profiles cap-
tured by primary capsules in the XCapsUTL model, demon-
strating effectiveness without explicit training on the target
domain.

5 CONCLUSION AND FUTURE WORK

In this study, we present a novel unsupervised transfer learning ap-
proach, XCapsUTL, which effectively learns a joint representation
of source and target domains through a pretext quartile ranking
task. Subsequently, it employs a capsule net framework to transfer
domain knowledge between the source and target domains. The
synergistic combination of a ranking task on low-level features

and knowledge aggregation through capsule networks is particu-
larly effective at distilling high-level information from the source
domain, aiding cross-domain transfer learning. Through rigorous
testing on an internal cross-geography bad behaviour intent detec-
tion task and an external dataset for predicting diabetes in patients
by leveraging patient age for domain stratification, XCapsUTL has
demonstrated a significant performance edge over state-of-the-art
baselines. Its real-world deployment for bad behaviour intent detec-
tion across new geographies (with new products being launched)
in a large e-commerce domain has yielded substantial cost sav-
ings, fueled by enhanced cold-start risk management capabilities.
XCapsUTL’s is use-case agnostic and could be adapted for a wide
array of problems involving tabular data based transfer learning.
However, its current limitation lies in its inability to handle feature
heterogeneity between source and target domains. Addressing this
challenge and extending the model’s capabilities to accommodate
such use cases is a subject of future research.
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