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Abstract
Efficiently modeling user behavior on online payment platforms is

crucial for accurately identifying potential financial risks. With the

rapid growth of online payment platforms, the volume of user trans-

action data has significantly increased. Moreover, users’ payment

behaviors often encompass diverse activities and interactions across

multiple scenarios. Based on observations from online payment

platforms, we identify three key challenges: scarce labels and poor

representation robustness, long user payment behavior sequences,

and complex and heterogeneous amount-aware scenarios.

To address these challenges, we propose a novel Self-Supervised

Hierarchical Two-Tower Transformer (SSH-T
3
), specifically de-

signed for multi-scenario financial risk assessments. We introduce

a masked modeling pre-training task to reconstruct multi-scenario

day-level transaction amount distributions, effectively mitigating

behavior-level noise and enhancing representation robustness. Ad-

ditionally, we propose a hierarchical Multi-Scenario Payment Be-

havior Sequence (MS-PBS) modeling approach tailored to business

needs, which significantly reduces complexity while capturing user

behavior patterns more effectively through day-level representa-

tions. Furthermore, we highlight the critical importance of corre-

lating multi-scenario data in MS-PBS modeling to better identify

∗
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defaulter patterns. To this end, we design a Two-Tower Trans-

former equipped with a specialized attention mechanism that cap-

tures intricate user patterns across scenarios. Extensive experiments

conducted on both offline and online real-world business datasets

demonstrate the effectiveness and applicability of SSH-T
3
.

CCS Concepts
• Computing methodologies → Temporal reasoning.

Keywords
Financial Risk Assessment, Multi-scenario Long Sequence Model-

ing, Pre-training

ACM Reference Format:
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1 Introduction
With the rapid advancement of Internet payment technology, major

online payment platforms have introduced a variety of inclusive

financial services [13, 33, 38] that reach broader user bases than

traditional institutions. However, this also meets challenges. The

surge in users and low default costs heighten default risks in online

inclusive finance [29, 37]. Widespread defaults could destabilize

financial systems, necessitating urgent research on financial risk

assessment methods to safeguard the modern financial ecosystem.

Financial risk assessment evaluates default likelihood via users’

financial histories [3]. While statistical and machine learning-based

methods have advanced in financial risk assessment [1, 15, 23],

they rely heavily on explicit features like user loan repayments
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Figure 1:Model Performance of 3 selectedTransformer-based
models improves with increased input sequence length.

and credit card usage. These data are often inaccessible to online

payment platforms. Instead, these platforms leverage numerous

payment behavior sequences across various scenarios collected

by themselves. In our financial risk assessment business, we have

access to comprehensive payment behavior sequences (PBS), which

capture transaction details (e.g. time, channels, and card numbers).

Furthermore, in our business, the PBS encompasses multiple sce-

narios (e.g. commercial payments, money transfers, top-ups, etc.),

which reflect users’ varied transactional behaviors. In other words,

our PBS are Multi-Scenario Behavior Sequences (MS-PBS).

The MS-PBS implicitly reveals users’ consumption cycles, spend-

ing habits, and creditworthiness, making them ideal for PBS model-

ing to enhance riskmanagement and reduce default risks. Transformer-

based PBS modeling methods have advanced domains like recom-

mendation systems [36], advertising platforms [32], and risk man-

agement [18] by capturing dynamics and internal correlations of

PBS. However, applying these methods to real-world MS-PBS in

our business faces several challenges, which we outline below.

Challenge 1: Scarce Labels and poor representations ro-
bustness. In practical online payment scenarios, it’s noteworthy

that the proportion of labeled user payment sequences is quite lim-

ited, representing merely 0.02% [31]. Self-supervised learning [12,

30, 44] with pre-training task has been deployed to alleviate this

scarcity, yet it is confined to the behavior-level, involving tasks

such as masked behavior modeling or next behavior prediction.

However, This approach overlooks the significant noise present in

behavior sequences, yielding representations with less robustness.

Challenge 2: Long user payment behavior sequences.Meth-

ods based on Transformers [39] excel at processing sequence data.

As shown in Fig. 1, these methods perform better with longer input

sequences. However, the proliferation of PBS on online payment

platforms is expanding rapidly, imposing quadratic time and stor-

age complexity, overlooked in prior work [8, 24]. Some studies have

tried to segment longer PBS, but each has had issues. Time series

work [34, 50] uniformly split sequences into patches, unsuitable for

MS-PBS’s irregular inter-behavior intervals. Other works [20, 24]

employ a defined webpage architecture to divide PBS, yet these

methods are heavily reliant on expert knowledge.

Challenge 3: Heterogeneous amount-aware scenarios. MS-

PBS owns heterogeneous payment scenarios. For instance, when

remitting funds to supermarkets, opt for ‘commercial payments,’

and utilize ‘money transfer’ for tradingwithin group chats. Previous

methods simply integrate scenario-specific features without explicit

Commercial Payment

Money Transfer

Top-up

Normal Users

Defaulters

¥ 3k ¥ 3k
1 min 3 hours

¥ 2k ¥ 2k
1 min

¥ 3k ¥ 1k
1 hour 45 min

¥ 250 ¥100
1 hour 20 min

Various Payment Scenario

Same amount Same amount

Figure 2: This illustration elucidates the divergence in online
payment patterns between defaulters and normal users

modeling, which is insufficient: MS-PBS varies across different pay-

ment scenarios, and uniformmodeling causes conflicting parameter

gradient adjustments. Furthermore, as depicted in Fig. 2, scenarios

are also directly linked to transaction amounts. Defaulters often

make quick cross-scenario transfers due to detection concerns.

To this end, we engineer a Self-Supervised Hierarchical Two-

Tower Transformer (SSH-T
3
) specifically tailored for multi-scenario

financial risk assessments. Our approach is a two-stage method

including pre-training and fine-tuning. We employ masked mod-

eling to reconstruct the day-level representation for pre-training,

using the distribution of transaction amounts across each scenario

as the reconstruction target. This target is more robust, and the

transaction amounts align with our business requirements (Ad-
dressed Challenge 1). For the downstream task, we fine-tune

SSH-T
3
to estimate the users’ default likelihood. Our model does

not focus on the self-supervised task of behavior-level MS-PBS, as

individual behaviors are inherently noisy and hard to align with our

downstream targets. Instead, given the vast scale of MS-PBS, we

adopt a hierarchical pre-training framework to effectively reduce

the high complexity while using Transformers for sequence data

(Addressed Challenge 2). For behavior-level MS-PBS aggrega-

tion, we use our designed Two-Tower Multi-Scenario Transformer,

which comprises a scenario tower and a behavior tower. The sce-

nario tower extracts defaulter transaction patterns from amounts

and scenario sequences. Its output signal highlights corresponding

behavior representations. This interpretable design strengthens ex-

traction of scenario heterogeneity and behavioral defaulter patterns

(Addressed Challenge 3). We highlight our key contributions:

• Robust Representation Learning. We design a masked

modeling pre-training task to reconstruct multi-scenario

day-level transaction amount distributions, transcending

behavior-level noise for robust representation learning.

• Low-complexity interpretable MS-PBS Modeling.We

propose a hierarchical MS-PBS modeling approach tailored

to our business, which significantly decreases the complexity.

Besides, day-level representation reflects user patterns.

• Efficient Heterogeneous Scenario Capture.We empha-

size the critical role of correlating multi-scenario data in

MS-PBS modeling and identifying defaulter patterns. We

introduce a Two-Tower Transformer that leverages a spe-

cialized Attention mechanism to capture user patterns.

• Experiments Findings. Experiments on our 4 large-scale

real-world business datasets demonstrate the effectiveness

and applicability of our proposed method (SSH-T
3
).
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2 Related Work
2.1 Financial Risk Assessment
Financial risk assessment generally pertains to evaluating the risk

exposure and potential default likelihood of individuals or corpora-

tions through an analysis of their financial traits, such as transac-

tional behavior. Initially, financial risk assessments were primarily

based on the financial health and fundamental characteristics of

the enterprise [1].

It is evident that, with the surge in data volume, the incorporation

of machine learning technology has become indispensable. This

technology enhances the efficiency and precision of statistical meth-

ods without the need for restrictive assumptions [3]. Techniques

such as decision trees [2] and support vector machines [23, 31]

capitalize on comprehensive user feature data for their models. Re-

cently, more approaches have employed deep learning to assess

financial risk. These include identifying various forms of financial

malfeasance, such as fraud [14, 21, 25–27, 42, 43], cash-out [17, 19],

money laundering [18], failure to repay [40]. We mainly discuss

defaulters who fail to repay.

2.2 Behavior Sequential Modeling
The modeling of behavior data has seen significant advancements

and growth in applications such as risk management, recommen-

dation systems, and fraud detection [4, 6, 7, 35, 46, 48, 49]. Within

the field of time sequences analysis [5, 34, 41, 45, 50], CNN-based

studies [41, 45] perform sequence modeling by capturing periodic

patterns, while Transformer-based architectures [34, 50] mitigate

complexity and handle long sequences through patching. However,

these approaches are not suitable for our research. The payment

behavior time intervals in MS-PBS vary significantly. Simple patch-

ing leads to significant semantic information discrepancies. In the

recommendation systems domain, there is a growing industry focus

on modeling long sequences of users to enhance goods and video

recommendations. For instance, studies [10, 36, 52] have concen-

trated on leveraging self-supervised methods such as contrastive

learning and Masked Autoencoders for long sequence recommen-

dations. Meanwhile, [11, 30, 47] have delved into the nuances of

different behaviors for sequence recommendation tasks. Unlike

our work, these recommendation systems primarily aim to predict

the next items. Their downstream tasks are different from ours,

necessitating our exploration of alternative self-supervised tasks

and methodologies for modeling across diverse scenarios.

3 Methodology
3.1 Problem Definition

Definition 1 (Multi-Scenario Payment Behavior Seqences

(MS-PBS)). Assume that a certain user has 𝐶 payment behaviors
on the online payment platform, each of which contains payment
features (such as amount, card number, etc.) and corresponding pay-
ment scenarios (such as money transfers, commercial payments, etc.).
We denote behavior sequences as 𝑩𝑢 ∈ R𝐶×𝑓 and scenario sequences
as 𝒔𝑢 ∈ R𝐶 . 𝐶 and 𝑓 denote the number of behaviors and features,
respectively.

Definition 2 (Financial RiskAssessment). We denote the users
set as U = {𝑢1, 𝑢2, . . . , 𝑢 |U | }, where |U| denotes the users count.

Suppose there are |S| types of scenarios. The scenarios set denotes
as S = {𝑆1, 𝑆2, . . . , 𝑆 |S | }. We hope to predict whether a user is a
defaulter through his or her long MS-PBS. Precisely, our objective is
to forecast ground-truth 𝑦 ∈ {0, 1} for a given specific user PBS 𝑩𝑢
and the corresponding scenario sequence 𝒔𝑢 , where 𝑦 = 1 indicates a
defaulter and 𝑦 = 0 indicates a normal user.

3.2 Two-Tower Multi-Scenario Transformer
In the actual online payment transaction business, defaulters ex-

pedite the transfer of funds through alternative scenarios to evade

scrutiny from regulatory platforms. However, current methodolo-

gies do not adequately account for the tactics commonly employed

by defaulters, leading to a deficiency in modeling these behaviors.

Moreover, the distribution of transaction amounts significantly dif-

fers across various scenarios. These practical challenges have driven

us to propose a detailed module that captures the heterogeneity of

transaction scenarios.

Hence, we introduce a novel Two-Tower Multi-Scenario Trans-

former to address this challenge. This framework comprises a sce-

nario tower and a behavior tower, which model sequential depen-

dencies with a focus on behavior level. The former extracts user

payment patterns across various scenarios using Multi Amount-

Aware Scenario (MAAS) Transformer blocks, while the latter fo-

cuses on behavioral dependency. We use sigmoid fusion to integrate

the output of the scenario tower into the output of the behavior

tower. The final output serves as a day-level representation, which

is then used for our day-level pre-training tasks and financial risk

assessment. The pipeline of our model is shown in Fig. 3.

3.2.1 Multi-feature Encoding. MS-PBS encompasses diverse fea-

tures. Prior to feeding these into our model, it is essential that we

first encode the features across various fields. Regarding the trans-

actions, we have taken into account the amount, specific scenarios,

types, and the cards utilized. Furthermore, we have incorporated

hour-of-day temporal information and textual descriptions of the

transactions, formulated as Eqn. (1), where, 𝑯 𝑡𝑟𝑎𝑛𝑠 , 𝑯 𝑡𝑒𝑥𝑡 , and
𝑯ℎ2𝑑 denotes transaction embeddings, payment embeddings and

hour-of-day temporal embeddings, respectively.

𝑯 (0) = Concat (𝑯 𝑡𝑟𝑎𝑛𝑠 , 𝑯 𝑡𝑒𝑥𝑡 , 𝑯ℎ2𝑑 ). (1)

In our scenario, periodicity is a critical factor to consider, as users

exhibit a tendency to make payments within the same hours across

different days. However, the relative position encoding typically

employed in sequence models fails to capture this periodic nature

fully. Moreover, directly utilizing numerical signals as inputs does

not resolve this issue. For instance, the times 23:00 p.m. and 0:00 a.m.

are conceptually close, yet the numerical representation does not

reflect this proximity. Consequently, we have adopted a specialized

transaction time encoding method to address this challenge. The

specific formula for this method is detailed in Eqn. (2). Here, 𝐿

represents the length of a time period. For 𝑯ℎ2𝑑 , we set 𝐿 as 24.

𝜙 (𝑡, 𝐿) = (𝑐𝑜𝑠 (2𝜋𝑡/𝐿), 𝑠𝑖𝑛(2𝜋𝑡/𝐿)), 𝑯ℎ2𝑑 [𝑖] = 𝜙 (𝑡 [𝑖], 𝐿). (2)

We use the vanilla Transformer [39] to generate 𝑯 𝑡𝑒𝑥𝑡 . For 𝑯 𝑡𝑟𝑎𝑛𝑠 ,
the amount (denoted as 𝑨) is a numerical feature. Transaction fea-

tures such as type, scenario, and card, which are categorical, are

converted into embeddings using three distinct lookup matrices
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B1
<latexit sha1_base64="rkzdg6STC5rK02DimePDl1f6arg=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1OOYF48T3AdspaRpuoWlSUlScZT+K148KOLVf8Sb/43p1oNuPgh5vPf7kZcXJIwq7TjfVmVjc2t7p7pb29s/ODyyj+t9JVKJSQ8LJuQwQIowyklPU83IMJEExQEjg2B2W/iDRyIVFfxBzxPixWjCaUQx0kby7fo4ECxU89hcWSf3Myf37YbTdBaA68QtSQOU6Pr21zgUOI0J15ghpUauk2gvQ1JTzEheG6eKJAjP0ISMDOUoJsrLFtlzeG6UEEZCmsM1XKi/NzIUqyKemYyRnqpVrxD/80apjm68jPIk1YTj5UNRyqAWsCgChlQSrNncEIQlNVkhniKJsDZ11UwJ7uqX10n/suleNVv3rUa7U9ZRBafgDFwAF1yDNrgDXdADGDyBZ/AK3qzcerHerY/laMUqd07AH1ifP3qClLw=</latexit>

B0
<latexit sha1_base64="IbS1FJeuykH1L6E5+wc2I+FBEMg=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQi6nHMiyeZ4D5gKyVN0y0sTUqSiqP0X/HiQRGv/iPe/G9Mtx5080HI473fj7y8IGFUacf5tipr6xubW9Xt2s7u3v6BfVjvKZFKTLpYMCEHAVKEUU66mmpGBokkKA4Y6QfTm8LvPxKpqOAPepYQL0ZjTiOKkTaSb9dHgWChmsXmytq5n93lvt1wms4ccJW4JWmAEh3f/hqFAqcx4RozpNTQdRLtZUhqihnJa6NUkQThKRqToaEcxUR52Tx7Dk+NEsJISHO4hnP190aGYlXEM5Mx0hO17BXif94w1dG1l1GepJpwvHgoShnUAhZFwJBKgjWbGYKwpCYrxBMkEdamrpopwV3+8irpnTfdy+bF/UWj1S7rqIJjcALOgAuuQAvcgg7oAgyewDN4BW9Wbr1Y79bHYrRilTtH4A+szx+oGJTa</latexit>

BN
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Trade0
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Time0
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𝐷𝑎𝑦$

Old Recent …

DateT

StatT

<latexit sha1_base64="PPkdaFMzB45t271vvxsd0gbUpFA=">AAAB8nicjVDLSsNAFJ3UV62vqks3g0VwVZJS1GXRTZcV+oI0lslk0g6dzISZGyGEfIYbF4q49Wvc+Temj4WKggcuHM65l3vv8WPBDdj2h1VaW9/Y3CpvV3Z29/YPqodHfaMSTVmPKqH00CeGCS5ZDzgINow1I5Ev2MCf3cz9wT3ThivZhTRmXkQmkoecEigkt32XBY00H2fdfFytOXV7Afw3qaEVOuPq+yhQNImYBCqIMa5jx+BlRAOnguWVUWJYTOiMTJhbUEkiZrxscXKOzwolwKHSRUnAC/XrREYiY9LILzojAlPz05uLv3luAuGVl3EZJ8AkXS4KE4FB4fn/OOCaURBpQQjVvLgV0ynRhEKRUuV/IfQbdeei3rxt1lrXqzjK6ASdonPkoEvUQm3UQT1EkUIP6Ak9W2A9Wi/W67K1ZK1mjtE3WG+fU1yRTA==</latexit>

Hd2y
T

<latexit sha1_base64="lFmGHu6CCkD8MA0bncWjvVt2L/c=">AAAB8nicjVDLSgNBEOyNrxhfUY9eFoPgKeyKqMeglxwj5AWbNcxOZpMhszPLTK8QlnyGFw+KePVrvPk3Th4HFQULGoqqbrq7olRwg5734RRWVtfWN4qbpa3tnd298v5B26hMU9aiSijdjYhhgkvWQo6CdVPNSBIJ1onGNzO/c8+04Uo2cZKyMCFDyWNOCVopqN/lqTLTft6c9ssVv+rN4f5NKrBEo19+7w0UzRImkQpiTOB7KYY50cipYNNSLzMsJXRMhiywVJKEmTCfnzx1T6wycGOlbUl05+rXiZwkxkySyHYmBEfmpzcTf/OCDOOrMOcyzZBJulgUZ8JF5c7+dwdcM4piYgmhmttbXToimlC0KZX+F0L7rOpfVM9vzyu162UcRTiCYzgFHy6hBnVoQAsoKHiAJ3h20Hl0XpzXRWvBWc4cwjc4b5+6jJGP</latexit>

Hpos
T

<latexit sha1_base64="OBtMxgawu7VG1VI3x3nozCgj4HY=">AAAB+HicjVDLSsNAFL2pr1ofjbp0M1gEVyURUZdFN11W6AvaGCaTSTt0MgkzEyGGfokbF4q49VPc+TdOHwsVBQ9cOJxzL/dwgpQzpR3nwyqtrK6tb5Q3K1vbO7tVe2+/q5JMEtohCU9kP8CKciZoRzPNaT+VFMcBp71gcj3ze3dUKpaIts5T6sV4JFjECNZG8u1q87YYJ5yFOJ/6RXvq2zW37syB/iY1WKLl2+/DMCFZTIUmHCs1cJ1UewWWmhFOp5VhpmiKyQSP6MBQgWOqvGIefIqOjRKiKJFmhEZz9etFgWOl8jgwmzHWY/XTm4m/eYNMR5dewUSaaSrI4lGUcaQTNGsBhUxSonluCCaSmayIjLHERJuuKv8roXtad8/rZzdntcbVso4yHMIRnIALF9CAJrSgAwQyeIAneLburUfrxXpdrJas5c0BfIP19glEpZOA</latexit>

Hholiday
T

Datek

StatT

<latexit sha1_base64="PPkdaFMzB45t271vvxsd0gbUpFA=">AAAB8nicjVDLSsNAFJ3UV62vqks3g0VwVZJS1GXRTZcV+oI0lslk0g6dzISZGyGEfIYbF4q49Wvc+Temj4WKggcuHM65l3vv8WPBDdj2h1VaW9/Y3CpvV3Z29/YPqodHfaMSTVmPKqH00CeGCS5ZDzgINow1I5Ev2MCf3cz9wT3ThivZhTRmXkQmkoecEigkt32XBY00H2fdfFytOXV7Afw3qaEVOuPq+yhQNImYBCqIMa5jx+BlRAOnguWVUWJYTOiMTJhbUEkiZrxscXKOzwolwKHSRUnAC/XrREYiY9LILzojAlPz05uLv3luAuGVl3EZJ8AkXS4KE4FB4fn/OOCaURBpQQjVvLgV0ynRhEKRUuV/IfQbdeei3rxt1lrXqzjK6ASdonPkoEvUQm3UQT1EkUIP6Ak9W2A9Wi/W67K1ZK1mjtE3WG+fU1yRTA==</latexit>

Hd2y
T

<latexit sha1_base64="lFmGHu6CCkD8MA0bncWjvVt2L/c=">AAAB8nicjVDLSgNBEOyNrxhfUY9eFoPgKeyKqMeglxwj5AWbNcxOZpMhszPLTK8QlnyGFw+KePVrvPk3Th4HFQULGoqqbrq7olRwg5734RRWVtfWN4qbpa3tnd298v5B26hMU9aiSijdjYhhgkvWQo6CdVPNSBIJ1onGNzO/c8+04Uo2cZKyMCFDyWNOCVopqN/lqTLTft6c9ssVv+rN4f5NKrBEo19+7w0UzRImkQpiTOB7KYY50cipYNNSLzMsJXRMhiywVJKEmTCfnzx1T6wycGOlbUl05+rXiZwkxkySyHYmBEfmpzcTf/OCDOOrMOcyzZBJulgUZ8JF5c7+dwdcM4piYgmhmttbXToimlC0KZX+F0L7rOpfVM9vzyu162UcRTiCYzgFHy6hBnVoQAsoKHiAJ3h20Hl0XpzXRWvBWc4cwjc4b5+6jJGP</latexit>

Hpos
T

<latexit sha1_base64="OBtMxgawu7VG1VI3x3nozCgj4HY=">AAAB+HicjVDLSsNAFL2pr1ofjbp0M1gEVyURUZdFN11W6AvaGCaTSTt0MgkzEyGGfokbF4q49VPc+TdOHwsVBQ9cOJxzL/dwgpQzpR3nwyqtrK6tb5Q3K1vbO7tVe2+/q5JMEtohCU9kP8CKciZoRzPNaT+VFMcBp71gcj3ze3dUKpaIts5T6sV4JFjECNZG8u1q87YYJ5yFOJ/6RXvq2zW37syB/iY1WKLl2+/DMCFZTIUmHCs1cJ1UewWWmhFOp5VhpmiKyQSP6MBQgWOqvGIefIqOjRKiKJFmhEZz9etFgWOl8jgwmzHWY/XTm4m/eYNMR5dewUSaaSrI4lGUcaQTNGsBhUxSonluCCaSmayIjLHERJuuKv8roXtad8/rZzdntcbVso4yHMIRnIALF9CAJrSgAwQyeIAneLburUfrxXpdrJas5c0BfIP19glEpZOA</latexit>

Hholiday
T

Date1

StatT

<latexit sha1_base64="PPkdaFMzB45t271vvxsd0gbUpFA=">AAAB8nicjVDLSsNAFJ3UV62vqks3g0VwVZJS1GXRTZcV+oI0lslk0g6dzISZGyGEfIYbF4q49Wvc+Temj4WKggcuHM65l3vv8WPBDdj2h1VaW9/Y3CpvV3Z29/YPqodHfaMSTVmPKqH00CeGCS5ZDzgINow1I5Ev2MCf3cz9wT3ThivZhTRmXkQmkoecEigkt32XBY00H2fdfFytOXV7Afw3qaEVOuPq+yhQNImYBCqIMa5jx+BlRAOnguWVUWJYTOiMTJhbUEkiZrxscXKOzwolwKHSRUnAC/XrREYiY9LILzojAlPz05uLv3luAuGVl3EZJ8AkXS4KE4FB4fn/OOCaURBpQQjVvLgV0ynRhEKRUuV/IfQbdeei3rxt1lrXqzjK6ASdonPkoEvUQm3UQT1EkUIP6Ak9W2A9Wi/W67K1ZK1mjtE3WG+fU1yRTA==</latexit>

Hd2y
T

<latexit sha1_base64="lFmGHu6CCkD8MA0bncWjvVt2L/c=">AAAB8nicjVDLSgNBEOyNrxhfUY9eFoPgKeyKqMeglxwj5AWbNcxOZpMhszPLTK8QlnyGFw+KePVrvPk3Th4HFQULGoqqbrq7olRwg5734RRWVtfWN4qbpa3tnd298v5B26hMU9aiSijdjYhhgkvWQo6CdVPNSBIJ1onGNzO/c8+04Uo2cZKyMCFDyWNOCVopqN/lqTLTft6c9ssVv+rN4f5NKrBEo19+7w0UzRImkQpiTOB7KYY50cipYNNSLzMsJXRMhiywVJKEmTCfnzx1T6wycGOlbUl05+rXiZwkxkySyHYmBEfmpzcTf/OCDOOrMOcyzZBJulgUZ8JF5c7+dwdcM4piYgmhmttbXToimlC0KZX+F0L7rOpfVM9vzyu162UcRTiCYzgFHy6hBnVoQAsoKHiAJ3h20Hl0XpzXRWvBWc4cwjc4b5+6jJGP</latexit>

Hpos
T

<latexit sha1_base64="OBtMxgawu7VG1VI3x3nozCgj4HY=">AAAB+HicjVDLSsNAFL2pr1ofjbp0M1gEVyURUZdFN11W6AvaGCaTSTt0MgkzEyGGfokbF4q49VPc+TdOHwsVBQ9cOJxzL/dwgpQzpR3nwyqtrK6tb5Q3K1vbO7tVe2+/q5JMEtohCU9kP8CKciZoRzPNaT+VFMcBp71gcj3ze3dUKpaIts5T6sV4JFjECNZG8u1q87YYJ5yFOJ/6RXvq2zW37syB/iY1WKLl2+/DMCFZTIUmHCs1cJ1UewWWmhFOp5VhpmiKyQSP6MBQgWOqvGIefIqOjRKiKJFmhEZz9etFgWOl8jgwmzHWY/XTm4m/eYNMR5dewUSaaSrI4lGUcaQTNGsBhUxSonluCCaSmayIjLHERJuuKv8roXtad8/rZzdntcbVso4yHMIRnIALF9CAJrSgAwQyeIAneLburUfrxXpdrJas5c0BfIP19glEpZOA</latexit>

Hholiday
T

Date0

Stat0

𝐻!
"#$

𝐻!
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𝐻!
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<latexit sha1_base64="WftLWybe3ua9Lu0WBC+OYHsBSbA=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1ONQDx4nuA/YSknTdAtLk5Kk4ij9V7x4UMSr/4g3/xvTrQfdfBDyeO/3Iy8vSBhV2nG+rcra+sbmVnW7trO7t39gH9Z7SqQSky4WTMhBgBRhlJOuppqRQSIJigNG+sH0pvD7j0QqKviDniXEi9GY04hipI3k2/VRIFioZrG5stvcz6a5bzecpjMHXCVuSRqgRMe3v0ahwGlMuMYMKTV0nUR7GZKaYkby2ihVJEF4isZkaChHMVFeNs+ew1OjhDAS0hyu4Vz9vZGhWBXxzGSM9EQte4X4nzdMdXTlZZQnqSYcLx6KUga1gEURMKSSYM1mhiAsqckK8QRJhLWpq2ZKcJe/vEp65033otm6bzXa12UdVXAMTsAZcMElaIM70AFdgMETeAav4M3KrRfr3fpYjFascucI/IH1+QPXO5T5</latexit>

Dk

<latexit sha1_base64="dwIvbd+b5AEoaICCqSfAIE0Wc+4=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1ONQDx4nuA/YSknTdAtLk5Kk4ij9V7x4UMSr/4g3/xvTrQfdfBDyeO/3Iy8vSBhV2nG+rcra+sbmVnW7trO7t39gH9Z7SqQSky4WTMhBgBRhlJOuppqRQSIJigNG+sH0pvD7j0QqKviDniXEi9GY04hipI3k2/VRIFioZrG5stvcz5zctxtO05kDrhK3JA1QouPbX6NQ4DQmXGOGlBq6TqK9DElNMSN5bZQqkiA8RWMyNJSjmCgvm2fP4alRQhgJaQ7XcK7+3shQrIp4ZjJGeqKWvUL8zxumOrryMsqTVBOOFw9FKYNawKIIGFJJsGYzQxCW1GSFeIIkwtrUVTMluMtfXiW986Z70Wzdtxrt67KOKjgGJ+AMuOAStMEd6IAuwOAJPINX8Gbl1ov1bn0sRitWuXME/sD6/AF9lJS+</latexit>

D0
<latexit sha1_base64="b0gii//OfkzewO1K46xuVXR+OQo=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1ONQDx4nuA/YSknTdAtLk5Kk4ij9V7x4UMSr/4g3/xvTrQfdfBDyeO/3Iy8vSBhV2nG+rcra+sbmVnW7trO7t39gH9Z7SqQSky4WTMhBgBRhlJOuppqRQSIJigNG+sH0pvD7j0QqKviDniXEi9GY04hipI3k2/VRIFioZrG5stvcz9zctxtO05kDrhK3JA1QouPbX6NQ4DQmXGOGlBq6TqK9DElNMSN5bZQqkiA8RWMyNJSjmCgvm2fP4alRQhgJaQ7XcK7+3shQrIp4ZjJGeqKWvUL8zxumOrryMsqTVBOOFw9FKYNawKIIGFJJsGYzQxCW1GSFeIIkwtrUVTMluMtfXiW986Z70Wzdtxrt67KOKjgGJ+AMuOAStMEd6IAuwOAJPINX8Gbl1ov1bn0sRitWuXME/sD6/AF/GZS/</latexit>

D1
… … <latexit sha1_base64="fw1EHK7qTuwXgLLWsPYx6o9M7Qs=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQi6nGoB48T9gVbKWmabmFpUpJUHKX/ihcPinj1H/Hmf2O69aCbD0Ie7/1+5OUFCaNKO863VVlb39jcqm7Xdnb39g/sw3pPiVRi0sWCCTkIkCKMctLVVDMySCRBccBIP5jeFn7/kUhFBe/oWUK8GI05jShG2ki+XR8FgoVqFpsru8v9rJP7dsNpOnPAVeKWpAFKtH37axQKnMaEa8yQUkPXSbSXIakpZiSvjVJFEoSnaEyGhnIUE+Vl8+w5PDVKCCMhzeEaztXfGxmKVRHPTMZIT9SyV4j/ecNUR9deRnmSasLx4qEoZVALWBQBQyoJ1mxmCMKSmqwQT5BEWJu6aqYEd/nLq6R33nQvmxcPF43WTVlHFRyDE3AGXHAFWuAetEEXYPAEnsEreLNy68V6tz4WoxWr3DkCf2B9/gC0SJTi</latexit>

DT

<latexit sha1_base64="3Ar/dmYzkcuw8Vea9yXaqDkBfJk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeilx4r2FpoY9lsNu3SzSbsboQQ8je8eFDEq3/Gm//GTZuDtj4YeLw3w8w8L+ZMadv+tipr6xubW9Xt2s7u3v5B/fCor6JEEtojEY/kwMOKciZoTzPN6SCWFIcepw/e7LbwH56oVCwS9zqNqRviiWABI1gbadQZZ3b+mPk4zWvjesNu2nOgVeKUpAEluuP618iPSBJSoQnHSg0dO9ZuhqVmhNO8NkoUjTGZ4QkdGipwSJWbzW/O0ZlRfBRE0pTQaK7+nshwqFQaeqYzxHqqlr1C/M8bJjq4djMm4kRTQRaLgoQjHaEiAOQzSYnmqSGYSGZuRWSKJSbaxFSE4Cy/vEr6F03nstm6azXaN2UcVTiBUzgHB66gDR3oQg8IxPAMr/BmJdaL9W59LForVjlzDH9gff4Al/aRaA==</latexit>
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D
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<latexit sha1_base64="WftLWybe3ua9Lu0WBC+OYHsBSbA=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1ONQDx4nuA/YSknTdAtLk5Kk4ij9V7x4UMSr/4g3/xvTrQfdfBDyeO/3Iy8vSBhV2nG+rcra+sbmVnW7trO7t39gH9Z7SqQSky4WTMhBgBRhlJOuppqRQSIJigNG+sH0pvD7j0QqKviDniXEi9GY04hipI3k2/VRIFioZrG5stvcz6a5bzecpjMHXCVuSRqgRMe3v0ahwGlMuMYMKTV0nUR7GZKaYkby2ihVJEF4isZkaChHMVFeNs+ew1OjhDAS0hyu4Vz9vZGhWBXxzGSM9EQte4X4nzdMdXTlZZQnqSYcLx6KUga1gEURMKSSYM1mhiAsqckK8QRJhLWpq2ZKcJe/vEp65033otm6bzXa12UdVXAMTsAZcMElaIM70AFdgMETeAav4M3KrRfr3fpYjFascucI/IH1+QPXO5T5</latexit>

Dk

<latexit sha1_base64="dwIvbd+b5AEoaICCqSfAIE0Wc+4=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1ONQDx4nuA/YSknTdAtLk5Kk4ij9V7x4UMSr/4g3/xvTrQfdfBDyeO/3Iy8vSBhV2nG+rcra+sbmVnW7trO7t39gH9Z7SqQSky4WTMhBgBRhlJOuppqRQSIJigNG+sH0pvD7j0QqKviDniXEi9GY04hipI3k2/VRIFioZrG5stvcz5zctxtO05kDrhK3JA1QouPbX6NQ4DQmXGOGlBq6TqK9DElNMSN5bZQqkiA8RWMyNJSjmCgvm2fP4alRQhgJaQ7XcK7+3shQrIp4ZjJGeqKWvUL8zxumOrryMsqTVBOOFw9FKYNawKIIGFJJsGYzQxCW1GSFeIIkwtrUVTMluMtfXiW986Z70Wzdtxrt67KOKjgGJ+AMuOAStMEd6IAuwOAJPINX8Gbl1ov1bn0sRitWuXME/sD6/AF9lJS+</latexit>

D0
<latexit sha1_base64="b0gii//OfkzewO1K46xuVXR+OQo=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQy1ONQDx4nuA/YSknTdAtLk5Kk4ij9V7x4UMSr/4g3/xvTrQfdfBDyeO/3Iy8vSBhV2nG+rcra+sbmVnW7trO7t39gH9Z7SqQSky4WTMhBgBRhlJOuppqRQSIJigNG+sH0pvD7j0QqKviDniXEi9GY04hipI3k2/VRIFioZrG5stvcz9zctxtO05kDrhK3JA1QouPbX6NQ4DQmXGOGlBq6TqK9DElNMSN5bZQqkiA8RWMyNJSjmCgvm2fP4alRQhgJaQ7XcK7+3shQrIp4ZjJGeqKWvUL8zxumOrryMsqTVBOOFw9FKYNawKIIGFJJsGYzQxCW1GSFeIIkwtrUVTMluMtfXiW986Z70Wzdtxrt67KOKjgGJ+AMuOAStMEd6IAuwOAJPINX8Gbl1ov1bn0sRitWuXME/sD6/AF/GZS/</latexit>

D1
<latexit sha1_base64="fw1EHK7qTuwXgLLWsPYx6o9M7Qs=">AAAB+3icbVDNS8MwHE3n15xfdR69BIfgabQi6nGoB48T9gVbKWmabmFpUpJUHKX/ihcPinj1H/Hmf2O69aCbD0Ie7/1+5OUFCaNKO863VVlb39jcqm7Xdnb39g/sw3pPiVRi0sWCCTkIkCKMctLVVDMySCRBccBIP5jeFn7/kUhFBe/oWUK8GI05jShG2ki+XR8FgoVqFpsru8v9rJP7dsNpOnPAVeKWpAFKtH37axQKnMaEa8yQUkPXSbSXIakpZiSvjVJFEoSnaEyGhnIUE+Vl8+w5PDVKCCMhzeEaztXfGxmKVRHPTMZIT9SyV4j/ecNUR9deRnmSasLx4qEoZVALWBQBQyoJ1mxmCMKSmqwQT5BEWJu6aqYEd/nLq6R33nQvmxcPF43WTVlHFRyDE3AGXHAFWuAetEEXYPAEnsEreLNy68V6tz4WoxWr3DkCf2B9/gC0SJTi</latexit>
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Figure 3: (Left) The SSH-T3 pipeline processes behavior and scenario sequences using a Multi-Scenario Two-Tower Transformer
for heterogeneous scenario modeling. It is enhanced by hierarchical pre-training for robust, noiseless day-level representations.
The goal of the model is to detect defaulters. (Right) MAAS Transformer Block.

𝑬𝑡𝑦 ∈ R |𝑇𝑦 |×𝑑𝑡𝑦
, 𝑬𝑠𝑐 ∈ R |𝑆𝑐 |×𝑑𝑠𝑐

, and 𝑬𝑐𝑎 ∈ R |𝐶𝑎 |×𝑑𝑐𝑎
, respec-

tively. 𝑯 𝑡𝑟𝑎𝑛𝑠 is the concatenation of above four features.

3.2.2 Scenario Transformer Tower. Defaulters frequently engage

in rapid fund transfers of identical amounts across two different

scenarios. However, when employing a vanilla Transformer block,

these special amount-aware patterns tend to be overlooked. Con-

sequently, we propose the MAAS Transformer Block in the sce-

nario tower. We take the numerical transaction amount sequences

𝑨 ∈ R𝑁 and its corresponding scenario sequences 𝒔 ∈ R𝑁 within

a certain day as the input of this module. 𝑨 has undergone a loga-

rithmic transformation. Here, 𝑁 refers to daily transaction counts.

For Queries, Keys, and Values utilized in the self-attention

calculation, we use different Multi-Layer Perceptrons (MLP) to

map amount sequences 𝑨 (denoted as 𝑨(0)
) into the Embedding

representation of different scenarios respectively, which reflects

our consideration of heterogeneous scenarios. Specific Details are

shown in Eqn. (3). Here, MLPs are determined by 𝑠𝑢 [𝑖], which repre-
sents a corresponding scenario, ∗ can be 𝑸 , 𝑲 or 𝑽 . In other words,

for |S| distinct scenarios, we set |S| different MLPs respectively.

𝑨(𝑙−1)
𝑢 [𝑖] represents the output corresponding to the i-th payment

behavior at the (𝑙 − 1)-th layer.

∗
(𝑙 )
𝑢 [𝑖] = MLP∗,𝑠𝑢 [𝑖 ] (𝑨

(𝑙−1)
𝑢 [𝑖], 𝑠𝑢 [𝑖]), (3)

Instead of computing the dot product between Queries and Keys,
we set a pair-wise transfer matrix𝑾𝑡𝑟𝑎𝑛𝑠 ∈ R( |S |× |S | )×𝑑×𝑑

. This

matrix enables us to capture the inter-correlations within two sce-

narios, explicitly revealing the patterns of users employing diverse

scenarios for swift fund transfers. Similarly, when focusing on mod-

eling relationships within more than two scenarios, we can achieve

this by stacking multiple transfer matrices. The detailed formula is

shown in Eqn. (4):

𝒁 (𝑙 )
(𝑖, 𝑗 ) = (𝑸 (𝑙 )

𝑢 [𝑖] 𝑾𝑡𝑟𝑎𝑛𝑠
(𝑆𝑖 , 𝑆 𝑗 ) (𝑲

(𝑙 )
𝑢 [ 𝑗])𝑇 )/

√
𝑑. (4)

𝒁 (𝑙 ) ∈ R( |S |× |S | )×𝑁×𝑁
stands for the attention map of all

scenario-pairs. Similar to the transform matrix, we set a pair-wise

aggregation matrix𝑾𝑎𝑔𝑔 ∈ R( |S |× |S | )×𝑑×𝑑
. This matrix is used to

aggregate all transactions to obtain the representation of the entire

sequence finally. The aggregation operation is shown in Eqn. (5).

𝑨(𝑙 )
(𝑖, 𝑗 ) = 𝒁 (𝑙 )

(𝑖, 𝑗 ) 𝑾
𝑎𝑔𝑔

(𝑆𝑖 , 𝑆 𝑗 ) 𝑽
(𝑙 )
𝑢 [ 𝑗], 𝑨(𝑙 )

𝑢 [𝑖] =
𝑁∑︁
𝑗=1

𝑨(𝑙 )
(𝑖, 𝑗 ) . (5)

3.2.3 Behavior Transformer Tower. While emphasizing the amount-

aware heterogeneity within MS-PBS, it is imperative to enhance

the feature richness of individual behaviors for sequence modeling.

To accomplish this, we employ Behavior Transformer Tower, which

not only mitigates potential noise from the scenario tower but also

bolsters the robustness of our pipeline. For the input embedding

𝑯 (0)
, we adopt the multi-head self-attention mechanism to model

the sequence dependency. The operation is described in Eqn. (6).

Here, 𝑾𝑄
𝑡 ,𝑾

𝐾
𝑡 ,𝑾

𝑉
𝑡 are learnable parameter matrix to generate

Queries, Keys, and Values respectively. 𝑯 𝑡 is the behavior rep-
resentations of a specific head. The block also including residual

connection, FFN and layer-norm.

𝑯 (𝑙 )
𝑡 = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑸𝑡 (𝑲𝑡 )𝑇 /

√︃
𝑑ℎ1 )𝑽 𝑡 .

𝑸𝑡 ,𝑲𝑡 , 𝑽 𝑡 = (𝑯 (𝑙−1)
𝑡 )𝑇𝑾𝑄

𝑡 , (𝑯
(𝑙−1)
𝑡 )𝑇𝑾𝐾

𝑡 , (𝑯
(𝑙−1)
𝑡 )𝑇𝑾𝑉

𝑡 .

𝑯 (𝑙 ) = Concat (𝑯 (𝑙 )
1

,𝑯 (𝑙 )
2

, . . . ,𝑯 (𝑙 )
ℎ1

) .

(6)

3.2.4 Two-Tower Transformer Fusion. To integrate the amount-

aware scenario signals derived from the Scenario Tower with the

behavior representations from the Behavior Tower, we employ a

Sigmoid fusion. This involves mapping the scenario signals onto

the interval (0, 2) [22] and subsequently engaging in element-wise

multiplication with the behavior representations. Our focus is on

identifying the behavior patterns of defaulters, particularly the
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rapid transfer of identical funds across various scenarios. By high-

lighting the pertinent transaction pairs through this method, our

model is directed to allocate greater attention to these critical be-

havior patterns, thereby enhancing its ability to discern defaulters

from such sequences. The specific formula can be found in Eqn. (7).

𝑨(𝑙 )
and 𝑯 (𝑙 )

represent the outputs from the Scenario Tower and

Behavior Tower, respectively.

𝑨(𝑙 ) = 2 ∗ Sigmoid (𝑨(𝑙 ) ), 𝑯 (𝑙 ) = 𝑯 (𝑙 ) ⊙ 𝑨(𝑙 ) . (7)

Ultimately, we consolidate the integrated representations to form

a day-level representation, which is shown in Eqn. (8). For this

aggregation, we opt for the Top-k method. Alternatives such as

average pooling and max pooling could also be utilized to achieve

this consolidation. 𝑯𝑑𝑎𝑦 ∈ R𝑑 denotes the day-level representation

of a certain day. 𝑫 ∈ R𝑇×𝑑 denotes a day-level sequence.

𝑯𝑑𝑎𝑦 = Topk (𝑯 (𝑙 ) ), 𝑫 = {𝑯𝑑𝑎𝑦
1

,𝑯
𝑑𝑎𝑦

2
, . . . ,𝑯

𝑑𝑎𝑦

𝑇
}. (8)

3.3 Hierarchical MS-PBS Pre-training
As mentioned in the introduction, pre-training tasks based on

behavior-level sequences often ignore the high noise and low se-

mantic information of individual behaviors. In addition, predicting

the next behavior or reconstructing a masked individual behav-

ior is difficult to align with our downstream tasks. Therefore, we

designed a hierarchical MS-PBS pre-training framework. The Two-

Tower Transformer is used to process the representation of the

behavior level, and we use the representation of the day level for

pre-training tasks, that is, to reconstruct the amount distribution

of each scenario every day.

We obtain day-level sequences 𝑫 ∈ R𝑇×𝑑 as the output of the

Two-Tower Transformer. In order to better describe the day-level

representation, we incorporate some other features that are unique

to the day, such as the date feature representing the day and some

statistical features of transactions within the day. The detailed

process is shown in Eqn. (9). 𝑫𝑠𝑡𝑎𝑡 and 𝑫𝑑𝑎𝑡𝑒 are statistics features
and date features respectively. For 𝑫𝑑𝑎𝑡𝑒 , we consider the relative
position in the entire day-level MS-PBS 𝑯𝑝𝑜𝑠 , 𝑯𝑑2𝑦 , and holiday

encoding features 𝑯ℎ𝑜𝑙𝑖𝑑𝑎𝑦 . Similar to 𝑯ℎ2𝑑 , 𝐿 is set to 365 here.

𝑫 (0) = Concat (𝑫,𝑫𝑠𝑡𝑎𝑡 ,𝑫𝑑𝑎𝑡𝑒 ) . (9)

3.3.1 Masked modeling. Masked autoencoders have demonstrated

their effectiveness as a robust backbone for self-supervised learning

in both natural language processing (NLP) [9] and computer vi-

sion (CV) [16]. Inspired by this, we employ a method that involves

masking sequences of day-level tokens and reconstructing them

for self-supervised pre-training. Notably, the representations of

day-level tokens learned through our approach align more closely

with real-world business and downstream tasks. These day-level

representations reflect the periodic payment patterns of each user.

In our downstream tasks, we aim to assess whether a user is at risk

of default based on long-term MS-PBS. If we bypass our hierarchi-

cal design and directly apply masked modeling to behavior-level

tokens, the model is likely to learn significant noise. Furthermore,

predicting the next behavior or reconstructing individual trans-

actions may not be suitable for our downstream objectives. Our

hierarchical MS-PBS pre-training exhibits enhanced robustness.

Specifically, we randomly set 𝑇𝛼 = ⌊𝑇 × 𝛼⌋ days to be masked.

Here, 𝛼 is a hyper-parameter which stands for the masking ratio.

SupposeM as the masked index matrix and the input sequences

will be 𝑫 (0) = 𝑫 (0) ⊙ M. Then, we use the Transformer blocks to

extract day-level dependencies. The detailed formula is shown in

Eqn. (10). Here, 𝑑ℎ2 = 𝑑/ℎ2 .𝑾𝑄
𝑔 ,𝑾

𝐾
𝑔 ,𝑾

𝑉
𝑔 are learnable parameter

matrix to generate Queries, Keys, and Values respectively.

𝑫 (𝑙 )
𝑔 = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑸𝑔 (𝑲𝑔)𝑇 /

√︃
𝑑ℎ2 )𝑽𝑔 .

𝑸𝑔,𝑲𝑔, 𝑽𝑔 = (𝑫 (𝑙−1)
𝑔 )𝑇𝑾𝑄

𝑔 , (𝑫
(𝑙−1)
𝑔 )𝑇𝑾𝐾

𝑔 , (𝑫
(𝑙−1)
𝑔 )𝑇𝑾𝑉

𝑔 .

𝑫 (𝑙 ) = Concat (𝑫 (𝑙 )
1

,𝑫 (𝑙 )
2

, . . . ,𝑫 (𝑙 )
ℎ2

).

(10)

We utilize an MLP as our decoder, mapping the output of encoder

𝑫 (𝑙 )
into |S| dimensions to represent the distribution of transaction

amounts of a user on invisible days. The specific formula is shown

in Eqn. (11). 𝑾1,𝑾2, 𝒃1, 𝒃2 are learnable parameters of the MLP.

It is important to note that we only reconstruct and calculate the

loss for the masked days. Regarding soft labels, we employ the

normalized transaction distributions of |S| scenarios during the

masked days, scaling them to the range [0, 1]. 𝑫̂ stands for the

amount distribution of masked days in different scenarios. We use

the Kullback-Leibler divergence loss function L𝑘𝑙 to represent the

reconstruction loss, which is shown in Eqn. (12).

𝑝𝜃 (𝑫̂ [𝑖, 𝑗] |𝑩,𝑨, 𝒔) = Softmax (𝑾1𝜎 (𝑾2𝑫
(𝑙 ) + 𝒃1) + 𝒃2) . (11)

min

𝜃
L𝑘𝑙 = min

𝜃

1

𝑇𝛼

1

|S|

𝑇𝛼∑︁
𝑖=1

|S |∑︁
𝑗=1

(
𝑫̂ [𝑖, 𝑗] log

(
𝑫̂ [𝑖, 𝑗]

𝑝𝜃 (𝑫̂ [𝑖, 𝑗] |𝑩,𝑨, 𝒔)

))
.

(12)

3.3.2 Training and Inference. While pre-training, our model is

trained by minimizing the loss function shown in Eqn. (12). For

inference, when processing day-level sequences, we no longer set

any [MASK] tokens and remove the Decoder. Instead, we directly

predict the likelihood of a user defaulting based on the input long-

term MS-PBS 𝑩 as well as its corresponding scenario sequences 𝒔
and amount sequences𝑨. Specifically, our loss function is as shown

in Eqn (13). 𝑦𝑝𝑟𝑒𝑑 and 𝑦 stands for the prediction of the model

and the ground truth, respectively. 𝑁𝑡 denotes the represents the

number of labeled training MS-PBS.

L = − 1

𝑁𝑡

𝑁𝑡∑︁
𝑖=1

(𝑦𝑖 𝑙𝑜𝑔(𝑦𝑝𝑟𝑒𝑑,𝑖 ) + (1 − 𝑦𝑖 ) 𝑙𝑜𝑔(1 − 𝑦𝑝𝑟𝑒𝑑,𝑖 )) . (13)

4 Experiments
4.1 Experiments Settings
4.1.1 Dataset Description. We collect three real-world datasets for

offline experiments (Small, Medium and Large) and another dataset

for online simulation experiments
1
, sourced from Tencent Mobile

Payment, while strictly adhering to security and privacy policies.

1
The datasets in this paper are properly sampled only for testing purposes and does

not imply any commercial information. All users’ private information is removed from

the dataset. Moreover, the experiments were conducted locally on Tencent’s server by

formal employees who strictly followed data protection regulations.
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Table 1: Model Performance Comparison. The performance is evaluated using Area Under the Curve (AUC) , Kolmogorov
Smirnov (KS), and Recall at 10% (Recall@10). These metrics collectively reflect both the discriminative ability and the recall
rate of the highest-risk individuals. The best results are with a Red background.

Type Methods Small (60 days) Medium (90 days) Large (90 days)

AUC↑ KS↑ Recall@10↑ AUC↑ KS↑ Recall@10↑ AUC↑ KS↑ Recall@10↑

End2End

Transformer 0.6582 0.2287 0.2597 0.6477 0.2104 0.2456 0.6611 0.2364 0.2574

iTransformer 0.6560 0.2251 0.2542 0.6521 0.2157 0.2520 0.6505 0.2151 0.2502

Informer 0.6557 0.2222 0.2582 0.6628 0.2401 0.2674 0.6543 0.2221 0.2571

Crossformer 0.6518 0.2170 0.2458 0.6552 0.2258 0.2598 0.6515 0.2187 0.2484

PatchTST 0.6450 0.2090 0.2493 0.6564 0.2254 0.2542 0.6404 0.2046 0.2365

Pre-training

BERT4Rec 0.6415 0.2021 0.2381 0.5990 0.1458 0.1903 0.6387 0.2015 0.2392

S
3
-Rec 0.6489 0.2179 0.2432 0.6168 0.1723 0.2138 0.6427 0.2035 0.2373

CBiT 0.6001 0.1466 0.1992 0.6084 0.1600 0.2021 0.6394 0.2037 0.2391

SSH-T
3

End2End 0.6650 0.2366 0.2671 0.6762 0.2567 0.2813 0.6742 0.2551 0.2773

Pre-train 0.6842 0.2683 0.2857 0.6977 0.2869 0.3094 0.6904 0.2742 0.3009

Improve +4.0% +17.3% +10.0% +5.3% +26.1% +15.7% +4.4% +16.0% +16.9%

All datasets include 8 scenarios. In accordance with the company’s

policy, we only provide examples of these scenarios (e.g., Money

Transfer, Top-up). Small Dataset has a 60-day time window while

Medium and Large has a 90-day time window.

4.1.2 Baselines. To better assess the performance of SSH-T
3
, we

compare it with 8 Transformer-based baselines: i) End-to-end se-

quential modeling methods: Transformer [39], Informer [51], Cross-

former [50], PatchTST [34], iTransformer [28]. ii) Pre-trained Se-

quential Modeling Methods: Bert4Rec [36], S
3
-rec [52], CBiT [10].

4.1.3 Implementation Details. Experiments run on a 16×V100 GPU
server (up to 4 GPUs per experiment), with learning rates: 2e-4 for

pre-training, 1e-4 for fine-tuning and end-to-end training. AdamW

optimizer is used. The model dimension and the batch size for the

offline Large dataset and the online dataset is 128. For the offline

Small and Medium datasets, the batch size is 64. For the online

experiments, we use pre-trained SSH-T
3
on the Large offline dataset

and inference on our online deployment platforms.

4.2 Performance Validation
Tab. 1 presents the overall performance results of SSH-T

3
and other

baselines. SSH-T
3
outperforms baselines in both End2End and the

self-supervised framework, with an average 4.56% AUC improve-

ment. We attribute this enhancement to several factors: i) Our
hierarchical modeling framework models the behavior-level MS-

PBS and day-level MS-PBS. The latter reflects the user’s payment

pattern aligned with our real business and the downstream task,

whereas baselines solely rely on noisy behavior-level MS-PBS. ii)
Our Two-Tower Multi-Scenario Transformer captures defaulters’

special payment signals via the MAAS Transformer, which models

the distribution of amounts under various scenarios by the amount-

aware self-attention. During the fusion stage, the signals generated

by the scenario tower are amplified and integrated into the behavior

tower. iii) Our self-supervised representation learning also bolsters

model prediction performance. This is because positive samples

are sparse in financial risk assessment. The pre-training task we

designed alleviates this difficulty and enhances robustness.

Table 2: Results of ablation study.

Model AUC↑ KS↑ Recall@10↑

w/o MAAS 0.6592 0.2280 0.2666

w/o TE 0.6551 0.2229 0.2550

w/o SF 0.6604 0.2326 0.2645

SSH-T
3

0.6650 0.2366 0.2671

Unlike prior Transformer-based models (e.g., Transformer, In-

former, Crossformer, PatchTST) assuming uniform time intervals,

our MS-PBS data has various time intervals. Interval modeling is

critical because defaulters rapidly transfer funds to avoid account

freezes. Variants of Transformers capture time series seasonality

but suffer from MS-PBS noise. PatchTST’s uniform sequence patch-

ing will incorrectly merge transactions in two days into one patch,

reducing robustness. iTransformer focuses more on the feature

correlations over sequence inner dependencies further degrading

performance on our task. Pre-trained models like Bert4rec [36] and

S
3
-rec [52] use behavior-level self-supervision tasks (e.g., masked

behavior modeling) that overlook inherent behavior-level noise.

Predicting future behaviors misaligns with the defaulter prediction

target. CBiT [10] requires multi-pair contrastive learning and suf-

fers from “out-of-memory” issues when processing larger datasets.

4.3 Ablation Study
In this section, we conduct ablation studies to validate the effective-

ness of the key components of SSH-T
3
. We set three variants:

• w/o MAAS: Without adopting MAAS Transformer.

• w/o TE: Without temporal encodings. We remove 𝑯ℎ2𝑑 ,
𝑯𝑝𝑜𝑠 , 𝑯𝑑2𝑦 , and 𝑯ℎ𝑜𝑙𝑖𝑑𝑎𝑦 .

• w/o SF: Without sigmoid fusion. Here we concatenate the

output of two towers instead.

Fig. 2 shows the results of ablation study: our model performs best

across all experiments. The MAAS Transformer explicitly captures

defaulters’ trading patterns, helping the model learn their unique

day-level representations and accelerate convergence. Temporal
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Figure 4: Hyperparameter study on our dataset.

Encoding, integrated into both behavior-level and day-level fea-

tures, enables the model to better comprehend special temporal

signals like periodicity and holidays. Sigmoid Fusion outperforms

single concatenation by highlighting signals of the scenario tower

on the behavior tower, avoiding performance degradation.

4.4 Parameter Sensitivity
We analyze hyperparameter impacts on our dataset, focusing on the

masking ratio 𝛼 and 𝑘 . 𝑘 denotes the number of top behavior-level

representations aggregated into day-level features. Fig. 4 shows

SSH-T
3
performs best at 𝑘 = 3: defaulter signals rarely rely on

single behaviors (max pooling may discard relevant information),

while 𝑘 > 3 introduces more noise. For 𝛼 , higher values improve

performance but increase computational resources. Hence, 𝛼 = 0.3

is used for our experiment.

4.5 Case Study
We conduct a case analysis using our real dataset. Fig. 5 displays the

transaction sequences of two actual defaulting users on a certain

day, along with the attention map captured by the MAAS Trans-

former. During the defaulters’ online payment, both of them exhibit

a peculiar payment pattern where the money of the same amount

transfers across different scenarios. This unusual payment pattern is

effectively detected and assigned a high weight by the MAAS Trans-

former Block. These payment behaviors are highlighted, and SSH-

T
3
identifies these two users as potential defaulters. This demon-

strates the effectiveness of our Two-Tower Multi-Scenario Trans-

former in capturing amount dependencies across multiple scenarios,

and it also underscores the robustness of the SSH-T
3
.

4.6 Complexity Analysis
Fig. 1 shows longer MS-PBS improves model performance, but

Transformer-basedmethods face high time complexity. SSH-T
3
uses

hierarchical sequence modeling to significantly reduce complexity.

The complexity details are in Tab. 3.

Specifically, L denotes the total length of MS-PBS,D the feature

dimension, S the stride for patching (PatchTST [34]), L𝑠𝑒𝑔 the seg-
ment length (Crossformer [50]). For SSH-T

3
, N and T represent

daily payment counts and total days, respectively, withN ×T ≈ L.

Thus, 𝑀𝑎𝑥 (N ,T)2 ≪ L2
. In real business, financial risk assess-

ment features usually satisfy L ≪ D. Notably, the time complexity

of SSH-T
3
is close to PatchTST [34] and Crossformer [50], which

divide MS-PBS into behaviors patches with equal length but fail to

account for non-uniform time intervals, leading to a noisy input.

Emma

$40 $40  $120    $5    $900  $900 $115  $95   $80    $3    

Garrett

$100 $100 $10   $8   $30  $35 $110  $40   $12    $30   

Low

High

Old Recent Old Recent

Top-up

Commercial
Payment

Money
Transfer

Face-to-face

Scenarios

Figure 5: Case Study. Emma and Garrett are two real default-
ers in the dataset. Their behavior of transferring the same
amount of funds across multiple scenarios is captured by the
scenario tower, as highlighted in the attention map.

Table 3: Time complexity comparison.

Model Time Complexity

Transformer [39] 𝑂 (L2 × D)
Informer [51] 𝑂 (L × 𝑙𝑜𝑔L × D)
PatchTST [34] ≈ 𝑂 ( (L/S)2 × D)
Crossformer [50] 𝑂 ( (L/L𝑠𝑒𝑔 )2 × D)
iTransformer [28] 𝑂 (L × D2 )
SSH-T

3
(Ours) 𝑂 (𝑀𝑎𝑥 (N, T)2 × D)

By contrast, our day-level representation captures comprehensive

user’s consumption habits. Shown in Sec. 3.2, SSH-T
3
outperforms

these methods in the financial risk assessment tasks.

4.7 Online Result
Utilizing the online dataset detailed in Sec. 4.1.1, we deploy and

test proposed SSH-T
3
on our real business platform. Owing to the

company’s security policy, we are restricted to presenting relative

enhancements instead of actual numbers. Relative to the online

baseline model, we improve AUC by 3.746%, KS by 15.760%, and
Recall@10 by 11.004%. These advancements signify substantial

progress in the real-world financial risk assessment industry and

contribute to the robustness of the modern financial ecosystem.

5 Conclusion
We propose SSH-T

3
, a novel self-supervised Two-Tower Trans-

former for multi-scenario financial risk assessment. The Two-Tower

Transformer includes a Scenario Tower (capturing defaulters’ cross-

scenario identical-amount transfer patterns viaMAAS Transformer)

and a Behavior Tower (extracting sequence dependencies from rich

features). Our hierarchical MS-PBS pre-training framework miti-

gates behavior-level noise and Transformer computational com-

plexity. SSH-T
3
outperforms SOTA sequence models and excels in

real-world risk assessment scenarios.
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