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ABSTRACT

Predicting B2B lead conversion requires not only modeling long-range depen-
dencies in richly sequenced customer interactions but also ensuring fair perfor-
mance across under-represented geographies. While our DeepScore transformer
backbone improved overall AUPR from 0.266 to 0.360, it exhibited significant
geo-skew: majority-region (America) signals dominated feature learning (AUPR
0.474), leaving East-Asia (0.262) under-served. To address this, we embed a
Domain-Adversarial Neural Network (DANN) module into DeepScore’s archi-
tecture. A gradient-reversal layer connects a single geography discriminator to
the shared transformer encoder, enforcing a minimax game that drives hidden
representations to be predictive of conversion outcomes while remaining uninfor-
mative about geographic origin. Simultaneously, lightweight geo-specific classifier
heads capture region-specific conversion patterns while maintaining shared feature
representations, preventing model divergence across geographic markets. Geo-
DANN DeepScore achieves a 4.3% relative gain in macro-AUPR and reduces
inter-region AUPR gaps by up to 12.3%, all without degrading Americas accuracy.
Empirically, we find that natural fixes such as geo-specific heads and inverse geo
re-weighting can worsen performance in under-represented regions, whereas a
simple Geo-DANN module improves East-Asia while maintaining or improving
performance in the Americas.

1 INTRODUCTION

Predicting whether a prospective B2B lead will convert, known as lead scoring, is essential for
allocating scarce sales resources effectively. For instance, enterprise cloud services sales typically
require significant investment of Account Executive time for multiple lengthy meetings and technical
demos with senior decision-makers, while Solution Architects need to develop custom proofs-of-
concept and address specific technical requirements. Modern pipelines generate long sequences
of time-stamped interactions (emails, ad clicks, webinars, calls), which tree-ensemble methods
(XGBoost, LightGBM) struggle to model without extensive feature engineering. Transformer-based
architectures, by applying self-attention over all touchpoints, have recently matched or surpassed
these baselines on structured and sequential tasks (Lim et al., 2021bj |Author} [2025)), simplifying
preprocessing while capturing long-range dependencies.

However, a single global model trained on pooled data often privileges majority regions (e.g., North
America) and under-serves lower-volume markets (e.g., East-Asia), yielding significant geo-skew
in performance metrics. To address this, we introduce Geo-DANN DeepScore: a transformer
backbone augmented with (i) a gradient-reversal layer connecting a single geography discriminator
that encourages representations to be invariant to geographic origin, and (ii) lightweight per-region
classifier heads that learn residual local patterns on top of this shared representation. On a dataset
of 1.4M leads across 10 geographic markets, Geo-DANN DeepScore achieves a 4.3% relative gain
in macro-AUPR and reduces inter-region performance gaps by up to 12.3%, all without harming
majority-region performance. This work is the first to apply adversarial domain adaptation at scale for
B2B lead scoring, offering a practical blueprint for fair, high-fidelity predictions across heterogeneous
markets.

In our deployment, overall conversion rates lie in the low single digits, and sales teams can realistically
pursue only a fraction of incoming leads, making ranking quality at the top of the list critical. Because
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a single global model is used across many regions, geographic disparities in model quality translate
directly into disparities in sales opportunity: leads in under-served regions receive systematically
worse scores, even when they represent equally promising prospects. We refer to this as a problem of
geo-fairness of utility: all geographies should benefit comparably from the model’s ranking quality,
subject to maintaining high overall performance. Given the extreme class imbalance, we use area
under the precision—recall curve (AUPR) as our primary threshold-free metric and conversion-rate
Lift@30% to capture the business value of the top-ranked 30% of leads.

1.1 MOTIVATION AND PRIOR APPROACHES

Traditional lead scoring approaches have predominantly relied on region-specific model deployment
strategies, wherein distinct predictive models are developed and maintained for individual geographic
regions or business units. These conventional methods typically employ gradient boosting algorithms
(such as LightGBM) and necessitate extensive feature engineering processes tailored to regional
characteristics. While such region-specific modeling can effectively capture local market dynamics
and behavioral patterns, this approach presents significant scalability and operational challenges. The
maintenance of multiple parallel models substantially increases computational overhead, complicates
feature pipeline architecture, and impedes systematic performance evaluation across regions. These
operational inefficiencies and performance disparities highlight the need for a more unified and
adaptable modeling framework.

1.2 THE DEEPSCORE ARCHITECTURE

To address these limitations, we developed DeepScore, a unified transformer-based architecture with
three key design goals: (1) consolidate multiple regional models into a single, globally-deployable
model, (2) leverage fine-grained sequential interaction data rather than aggregated tabular features,
and (3) minimize reliance on manual feature engineering.

DeepScore processes customer interactions as sequences through a transformer encoder, analyzing
both temporal patterns and textual content associated with each touchpoint. This approach captures
the full customer journey, from initial website visits to email exchanges, without destroying sequential
information through aggregation. Initial evaluations demonstrated substantial improvements over
gradient boosting baselines (see Section[5.2)).

However, analysis revealed significant regional performance disparities: high-volume regions with
abundant training data saw improvements exceeding 60%, while lower-volume markets experienced
gains below 20%. Such disparities stem from global loss minimization that naturally overfits to
majority domains, a problem that standard class-imbalance techniques like SMOTE can actually
exacerbate (Piccininni et al., 2024} van den Goorbergh et al.,[2022; (Carriero et al., 2025)).

1.3 ALTERNATIVE APPROACHES AND THEIR LIMITATIONS

Multi-Head Architecture. We initially explored a multi-head variant inspired by multi-task learn-
ing, where a shared transformer encoder feeds $G$ independent region-specific classifiers. The
hypothesis was that each head would capture regional patterns while the shared backbone would
benefit from pooled data. However, this approach yielded mixed results with a net decrease in
macro-AUPR.

Three factors explain this failure: (i) Gradient interference: Back-propagation from high-volume
regions dominates updates, causing the shared encoder to preferentially encode majority-region
statistics (Yu et al., [2020; [Standley et al., |2020). (ii) Representation entanglement: Without
explicit regularization against geographic information, the encoder embeds regional cues that prevent
effective cross-region transfer (Bousmalis et al., [2016;|Ganin et al.| 2016). (iii) Sample inefficiency:
Region-specific heads receive limited mini-batches, leading to slow convergence and high gradient
variance (Zamir et al.,|[2018; [Ruder, 2017).

Given these limitations, we explored simpler rebalancing strategies before adopting the adversarial
approach.
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Loss re-weighting strategies. We also experimented with two re-weighting schemes: (i) inverse-
frequency weighting based on regional training data availability (w, = Nt /N,), and (ii) inverse-
performance weighting where regions are weighted proportionally to 1/AUPR,, from initial validation
runs. As we show in Section [5.2] both variants reduced macro-AUPR and did not close gaps in
low-volume regions. This confirms that changing the optimization emphasis alone is insufficient
when the encoder still learns geography-specific patterns rather than geo-invariant features.

Class rebalancing and other simple approaches. Traditional rebalancing techniques (SMOTE,
random over/undersampling), focal loss, progressive fine-tuning, and ensembles also failed to close
geo gaps without unacceptable trade-offs in overall performance or operational complexity. These
methods primarily treat geo imbalance as a sample-size problem and either discard large portions of
data or overfit small regions, without addressing cross-geo distribution shift. Section [5.2]provides
a detailed post-hoc analysis of why inverse weighting, in particular, harms East-Asia performance
despite explicitly upweighting that region.

1.4 DOMAIN-ADVERSARIAL SOLUTION

The analysis above suggests that geographic performance gaps in DeepScore are driven primarily
by distribution shift and representation bias rather than by simple class imbalance. Reweighting or
resampling strategies (e.g., inverse-frequency and inverse-performance loss weighting, SMOTE-style
oversampling) change which examples are emphasized during training but leave the underlying
representation unchanged, and in our experiments they either degrade overall performance or worsen
minority-region metrics. What we would like instead is a representation that preserves conversion-
predictive signal while discarding geography-specific idiosyncrasies, so that data-rich regions can
share useful structure with data-poor regions under a single global model.

To achieve this, we adopt domain-adversarial training (DANN) (Ganin et al.| 2016) with geography
as the domain. Geo-DANN DeepScore augments the DeepScore backbone with two components:
(i) a set of geo-specific classifier heads {Cy, }5_; on top of the shared representation fo(x), and
(ii) a geography discriminator D,; connected to fy(x) via a gradient-reversal layer. During training
we minimize the lead-conversion loss while training D,, to predict geography from fg(x) and
training the encoder to confuse D,,. This min—max game encourages fy(z) to be predictive of
conversion outcomes while being as uninformative as possible about geographic origin, so that the
shared representation captures geo-invariant patterns and the geo-specific heads learn modest residual
adjustments. Section [3] details this architecture, including the GRL schedule and discriminator
parameterization.

Geo-DANN is attractive in our deployment setting for three reasons. First, it directly targets the root
cause of the observed imbalance—cross-geo distribution shift—rather than class imbalance, and thus
complements rather than competes with the class-imbalance mitigation techniques already used in
our pipeline. Second, it preserves the operational simplicity of a single globally-deployable model
while enabling cross-geo knowledge transfer from data-rich to data-poor markets. Third, as we show
in Section[5.2] naively increasing model capacity improves performance in the data-rich Americas
region but widens geographic gaps, whereas with Geo-DANN the same capacity increases improve
both Americas and low-volume regions and reduce inter-geo gaps. Section [ interprets this behavior
through a standard domain-adaptation bound.

Contributions. Domain-adversarial training (DANN) is a standard tool for domain adaptation
(Ganin et al.|[2016), and domain-adaptation theory provides conditions under which learning domain-
invariant representations improves target-domain error (Ben-David et al.,|2010). Our contribution is
using domain-adversarial training to mitigate geographic performance disparities in a large-scale
sequential lead-scoring model, enabling a single model to learn trends from well represented geos in
a way that benefits those that are poorly represented. Concretely, we:

(1) Diagnose why standard fixes fail to improve under-represented regions in a real global
lead-scoring system. We show that a strong transformer-based lead-scoring model, trained as a
single global model, exhibits substantial differences in AUPR and Lift@30% across geographies:
data-rich regions such as Americas benefit the most, while low-volume regions lag behind. We
systematically evaluate natural fixes—multi-head modeling, loss re-weighting (inverse-frequency
and inverse-performance), and standard class rebalancing techniques (e.g., SMOTE)—and find that
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they either degrade overall performance or worsen minority-region metrics. This analysis supports a
key insight of our work: geographic performance gaps in this setting stem primarily from distribution
shift and representation bias, not mere class imbalance.

(2) Propose Geo-DANN DeepScore for cross-geo knowledge transfer and geo-fairness. We
introduce Geo-DANN DeepScore, a simple architecture that combines a shared interaction-sequence
encoder, lightweight geo-specific classifier heads, and a single geography discriminator trained via a
gradient-reversal layer. This design encourages the shared representation to be geo-invariant while
allowing modest per-region adjustments, enabling signal to transfer from data-rich to data-poor
markets and supporting a single globally-deployable model with reduced operational complexity
compared to region-specific baselines.

(3) Provide a deployment-scale empirical evaluation and ablations. On 1.4M leads across
10 geographies, Geo-DANN DeepScore improves macro-AUPR by 4.3% and reduces inter-geo
AUPR gaps by up to 12.3% without degrading Americas performance. We compare against a
production LightGBM model, single-head and multi-head DeepScore variants, and loss re-weighting
baselines, and study the behavior of Geo-DANN under model-capacity scaling and adversarial
design choices (GRL schedule, conditional discriminator). Across these experiments, the proposed
configuration consistently improves both majority and minority regions and narrows geographic
gaps. We further show that, unlike the baseline multi-head model, Geo-DANN allows us to increase
encoder capacity while improving performance in both Americas and low-volume regions, instead of
widening geographic performance gaps.

(4) Interpret Geo-DANN through a domain-adaptation lens. Using a standard domain-adaptation
bound (Ben-David et al.,2010) as a guiding abstraction, we view Geo-DANN as encouraging the
shared encoder to reduce cross-geo divergence while geo-specific heads capture irreducible regional
differences. This provides a conceptual explanation for why the same architecture can both raise
overall performance and narrow geographic gaps, without changing the class-imbalance structure of
the data.

2 RELATED WORK

2.1 THE EVOLUTION OF LEAD SCORING

Lead scoring has evolved from rule-based systems encoding sales heuristics (D’Haen et al.| 2013) to
modern machine learning approaches. The current industry standard commonly employs gradient
boosting methods, XGBoost (Chen & Guestrin, [2016) and LightGBM (Ke et al., 2017), due to their
strong performance on tabular data. These methods typically require extensive feature engineering
and aggregation, which can destroy the sequential nature of customer journeys (Khurana et al., 2018]).

Recent work has explored deep learning for lead scoring, but primarily through simple neural
networks on the same aggregated features (Gonzalez-Flores et al.| [2025). The critical insight, that
the journey itself is the signal, has been overlooked in favor of incrementally improving feature
engineering.

2.2 GEO-AWARE AND CROSS-DOMAIN MODELING

Geo-aware modeling in traffic forecasting, environmental prediction, and large-scale recommendation
often uses a shared encoder with lightweight local heads or city/domain-specific adaptations (Yu
et al.,2018;|Zhang et al.|[2025; Ma et al.,|2024; Xu et al.| 2022; |Wang et al., [2022)). These approaches
show that shared representations plus modest local specialization can capture spatial heterogeneity
without training separate models for each region. Our work applies a similar high-level idea in a B2B
lead-scoring setting, but combines it with explicit domain-adversarial alignment for geography rather
than relying solely on multi-head architectures.

2.3 DOMAIN-ADVERSARIAL LEARNING

Ganin et al. (2016b) introduced Domain-Adversarial Neural Networks (DANN), embedding a
gradient-reversal layer and domain discriminator into back-propagation so that feature extractors
become domain-confusing while label predictors remain discriminative. Ben-David et al. (2010)
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provided generalization bounds for domain adaptation in terms of an HAH divergence between
source and target distributions. Subsequent work has extended DANN to high-capacity backbones
in vision and remote sensing, and highlighted the importance of allowing some domain-specific
modeling when conditional distributions differ (Zhao et al.,|2019)). Related fairness-aware training
approaches such as Group DRO and IRM optimize worst-group performance or invariance penalties
across groups, and Wasserstein variants such as WDGRL modify the divergence term; adapting these
methods to our proprietary, large-scale sequential setting with many overlapping groups and strict
training budgets is an important direction for future work. We adopt the standard DANN formulation
with geography as the domain and geo-specific heads on top of a shared encoder; technical details
and our domain-adaptation perspective are presented in Sections [3]and {]

Transformers have also been widely adopted for heterogeneous sequential and structured/tabular
data, including Temporal Fusion Transformers and TabTransformer, as well as numerous variants
for classification and tabular representation learning (Lim et al.,2021a; [Huang et al.,[2020; Devlin
et al., 2019;Liu et al.,|2019; Badaro et al., 2023 |[Somvanshi et al., |2024; Ruan et al., 2024} |Gorishniy,
et al 2021} |Arik & Pfister, 2021} [Singh et al.| 2023} |Wang & Sun, [2022} |Chen et al., 2024} [Fan &
'Waldmann, |2024)). DeepScore follows this line by applying self-attention over long customer-journey
sequences with static profile features; Appendix [A.2] provides additional background on this literature.

Geographic fairness and B2B lead scoring. Models trained on data from a few dominant regions
often exhibit substantial performance drops in under-represented geographies, raising fairness con-
cerns in vision, language, and recommendation systems. Much of this work focuses on robustness
or average target performance. In contrast, we focus on fairness of utility across geographies in a
business decision system: the goal is to reduce performance disparities between high-volume and
low-volume regions under a single global model, rather than to optimize any one region in isolation.
Prior work on B2B lead and opportunity scoring has largely focused on overall predictive accuracy or
uplift and does not explicitly address cross-geo domain shift or fairness.

3 METHODOLOGY
3.1 DEEPSCORE BACKBONE
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DeepScore represents each lead as a sequence of timestamped marketing and sales interactions
(emails, ads, calls, webinars) together with a static profile. For each touch we learn embeddings for
metadata (channel, product, etc.), text, and relative time; these are concatenated into a single “touch”
vector. A profile embedding summarizes static categorical and numerical attributes of the account.

We prepend the profile token and feed the padded sequence into a transformer encoder, using
standard positional and time embeddings. The encoder’s [CLS]-style token serves as the dense lead
representation ( fy(z)), which is mapped by a linear layer to the conversion logit. Full architectural
details, including feature lists, embedding sizes, and layer dimensions, are provided in Appendix
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3.2 MULTI-HEAD PREDICTION DESIGN
To improve the models ability to focus on distinct geos, we replace the single linear classifier by a
torch.nn.ModuleDict that stores ten single-layer MLP heads. During a forward pass we look

up the geography ID for every lead, select the corresponding head, and compute its logits, where C' is
the individualized classification heads:

logits; = C%(i)(fg(xi)), g(i) € {1,...,10}.
3.3 GEO-DANN - DOMAIN-ADVERSARIAL NEURAL NETWORK
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Figure 2: Information flow with a Gradient-Reversal Layer (GRL). During back-propagation the
domain-loss gradient is sign-flipped, forcing the encoder to learn geography-invariant features while
the task-loss gradient is propagated unchanged, following the formulation of Ganin et al. (2016a).
Diagram from ResearchGate| (2025)).

The Geo-DANN module injects an adversarial game into the otherwise supervised training of
DeepScore. Its goal is to learn features that remain predictive of conversion while being maximally
confusing with respect to geography. We implement three key components:

(1) Adversarial principle: Our approach follows the min—max framework of|Ganin et al.[(2016)—we
minimize the lead-conversion binary cross-entropy loss while maximizing the error of a geography
discriminator D, that attempts to recover the geography label from the shared representation fg(x).
This adversarial game encourages the encoder to remove geography-specific information from fy(x)
while preserving conversion-predictive signal. Combined with geo-specific classifier heads on top
of fo(x), this yields a representation that is approximately invariant across geographies while still
allowing modest regional specialization.

Formally, let X’ denote the input space and )V = {0, 1} the binary conversion label. Each training
example (z;,y;, g;) consists of features x; € X, a conversion label y; € ), and a geography
gi €{1,...,G}. The encoder fy maps z; to a shared representation h; = f(x;) € R%. We attach
a geo-specific classifier U, for each geography g, which produces a logit z; = C, . (h;) and a
conversion probability §; = o(z;). The task loss is the binary cross-entropy

N
1 . N
Liask = —N;[yilogyri'(l—yi)log(l—yi)]- (M

The geography discriminator D, takes h; as input and outputs a softmax distribution p (g | h;) over
the G regions. The domain loss is

N
1
Edomain = _N ZIngw (gi | hz) (2)

i=1
We optimize a combined objective
Etotal(t) = Etask + a(t) Edomaim (3)

where a(t) € [0, 1] is a time-dependent weight on the domain loss. Because a gradient-reversal layer
multiplies the gradient of Ljomain by —A(t) when it flows into the encoder, the effective encoder
update at step ¢ is

vHﬁencoder = vGACtask - a(t) /\(t) v(9‘Cdomain- (4)
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Thus the encoder is encouraged to both reduce conversion error and confuse the geography dis-
criminator, learning representations that are predictive of conversion but less informative about

geography.

(2) Gradient-reversal layer (GRL): Instead of alternating optimization, the adversarial element
is optimized simultaneously in a single back-prop pass by inserting a gradient-reversal layer
(GradRev) between the encoder and D,;. First proposed by (Ganin & Lempitsky| (2015) and later
popularized in computer vision (Tzeng et al., 2017; Shen et al., 2018), GRL is the identity in the
forward pass but multiplies incoming gradients by —Aggrr on the backward pass. This simple trick
lets us leverage off-the-shelf optimizers and preserves the speed of standard training loops. The
detailed implementation with exact layer specifications is shown in Figures {] and[7]

Adversarial schedules. We follow the standard curriculum of Ganin et al. (2016) and use a
time-dependent weight on the domain loss: a logistic annealing schedule for the gradient-reversal
strength combined with a short warm-up period early in training. This prevents the adversary from
overpowering the encoder at the start while gradually encouraging geography-invariant representa-
tions. The exact formulas and hyperparameters for \(¢) and «/(t) are given in Appendix

Discriminator parameterization and CDAN ablation. The geography discriminator (D) is a
small two-layer MLP with dropout. Appendix provides architectural details and describes a
conditional domain-adversarial (CDAN) variant that we evaluate as an ablation; its performance is
similar to Geo-DANN on our data.

4 DOMAIN-ADAPTATION PERSPECTIVE: WHY DANN LEVELS GEO
PERFORMANCE

Let Ps and Pr denote the source and target distributions over (X, Y) for two geographies, with a
common hypothesis class 7. Ben-David et al. (Ben-David et al.,2010) show that the target error e
of a hypothesis i € H can be bounded as

er(h) < es(h) + 3dyan(Ps,Pr) + A%, 5)

where eg(h) is the source error, dy a3 measures how easily hypotheses in H can distinguish Pg
from Pr, and A\* is the error of the optimal joint hypothesis on both domains.

In our setting, we treat the data-rich Americas region as the source domain and low-volume regions
(e.g., Europe and East-Asia) as target domains. The geography discriminator D,, in Geo-DANN ap-
proximates the dy A -divergence between these domains, and the gradient-reversal training objective
encourages the encoder to reduce this divergence, making fy () increasingly geo-invariant. From this
perspective, simply increasing model capacity on the source domain (Americas) tends to reduce the
source error term but can increase the dy a3 term, widening geographic gaps. By adding the DANN
objective, we explicitly penalize this divergence, so increasing capacity can simultaneously reduce
source error and cross-geo divergence in our setting, matching the empirical behavior observed in
Section Attaching small geo-specific classifier heads on top of the shared representation then
allows modest residual regional adjustments without enforcing full invariance; Appendix [[] provides a
more detailed discussion.

5 RESULTS

5.1 DATA

To compare with the production LIGHTGBM baseline, we train all models on the same two-year
window of marketing-qualified leads (May 2022-May 2024) from ten regional business units, com-
prising 1.4M labeled examples, and evaluate on a subsequent 2.5-month hold-out period. Features are
computed only from events observed before each lead’s qualification time so that no post-decision
information leaks into training or evaluation.

We report average precision—recall (AUPR) and Conversion-Rate Lift@30%, which quantify overall
ranking quality and relative conversion rate within the top-ranked 30% of leads. We use macro-AUPR
together with per-geo AUPR and Lift@30% to study both aggregate performance and geographic
disparities; further details of the temporal split and base-rate prevalence are provided in Appendix
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5.2 QUANTITATIVE ANALYSIS

Our primary goal is not only to maximize overall ranking quality, but to reduce geographic
performance disparities under a single global model. We therefore evaluate each model us-
ing both: (i) macro-AUPR across regions and (ii) simple geo-fairness metrics derived from per-
geo AUPR and Lift@30%. In particular, we consider the inter-geo AUPR gap Gap,ypr =
max, AUPR, —min, AUPR,, and relative minority ratios such as AUPR gyt Asia/ AUPR Americas, Which
are implicitly summarized in Tables[5.2]and [5.2] A model is more geo-fair in our sense if it achieves
high macro-AUPR while reducing Gap ;pgr and improving minority-region ratios.

Baselines. We compare Geo-DANN DeepScore against the following baselines: (i) a feature-
engineered LIGHTGBM model representative of current practice; (ii) Single-Head DeepScore,
which applies the transformer encoder and a single global classifier head to all geographies; (iii)
Multi-Head DeepScore, which shares the encoder but uses one classifier head per geography
without any adversarial loss; and (iv) two reweighting variants of Single-Head DeepScore based on
inverse geography frequency and inverse per-geo performance. All models share the same encoder
architecture and training budget; differences arise only from the heads and loss terms. Variants of the
adversarial objective (including a CDAN-style conditional loss) are treated as ablations and reported
in Appendix D]

Table 1: Average Precision-Recall (AUPR) performance across geographic regions

Model Macro East-Asia Europe Americas
DeepScore DANN 0.360 0.288 0.271 0.474
DeepScore Multi-Head 0.345 0.262 0.258 0.459
DeepScore Single-Head 0.350 0.270 0.255 0.464
Benchmark (LightGBM) 0.266 0.249 0.227 0.287
Inverse frequency weighting 0.356 0.179 0.247 0.448
Inverse performance weighting  0.343 0.177 0.265 0.469

Table 2: Relative AUPR improvements across  Table 3: Conversion rate Lift@30% across re-

regions compared to Americas gions
Model East-Asia  Europe Model Macro EU E-Asia AM
DANN 0.625 0.572 DANN 2,510 2589 2294 2485
Multi-Head 0.572 0.562 M-Head 2470 2535 2401 2458
Single-Head 0.582 0.549 S-Head 2465 2501 2416 2.450

Table[5.2] shows that adding the domain-adversarial objective (+ DANN) lifts macro AUPR from 0.345
to 0.360, an absolute gain of +0.015 or +4.3% over the strongest non-adversarial baseline (multi-
head). The improvement is driven largely by closing the gap in under-represented regions: East-Asia
increases from 0.221 to 0.235 (+6.3%) and Europe from 0.258 to 0.271 (+5.0%). Performance

in the data-rich Americas market is increased from 0.459 to 0.474 (—|—3.2%), indicating that the
adversarial pressure does not harm the majority domain.

A similar pattern appears in the business-facing Conversion-Rate Lift30 (Table 3] right). The DANN
raises the macro lift from 2.47 to 2.51 and yields the highest lift in every geography. Because sales
teams operate under quota constraints, even a 1%-2% relative lift in the top-ranked segment translates
into a measurable increase in bookings.

Why America also improves. One might expect adversarial alignment to trade off accuracy in the
majority domain for gains elsewhere, yet America AUPR rises (Table[5.2). Two factors explain this
behavior.

First, regularization via noise injection: The gradient-reversal signal imposes an additional con-
straint on the encoder—features that overfit America-specific artifacts (e.g. US holiday spikes,
region-specific email templates) are actively penalized. This behaves like a structured noise injection,
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discouraging brittle correlations and acting as a form of regularization. Empirically we observe a
3.5% reduction in the generalization gap between training and validation loss for America, suggesting
that the adversary mitigates mild overfitting and therefore improves true America performance.

Second, specialized head retains local signal: Although the shared representation is geography-
agnostic, the America-specific prediction head is free to relearn legitimate local patterns. In practice it
captures macro-economic cycles and channel saturation effects unique to the American funnel, while
benefiting from the cleaner, less noisy feature space delivered by the adversary. The combination of a
robust encoder plus a flexible local head yields the modest yet consistent lift observed in every offline
fold. Prior work shows that predictive lead scoring improves sales performance and ROI, and that
slow response to leads leads to large conversion losses (Wu et al., 2023} [Oldroyd et al.|[2011).

Why Inverse weighting is not helping Our experiments reveal a significant degradation in East-
Asia performance under inverse weighting approaches compared to both DeepScore variants. Specif-
ically, the inverse frequency weighting model achieves an AUPR of only 0.179 in East-Asia, sub-
stantially lower than DeepScore Single-Head (0.270) and Multi-Head (0.262). This counter-intuitive
result, where explicit compensation for data imbalance actually harms minority region performance,
can be attributed to three key factors: First, aggressive upweighting of sparse East-Asia samples
amplifies noise and region-specific outliers, leading to unstable gradient updates during training.
Second, the weighting mechanism fails to address the fundamental distribution shift between regions,
merely adjusting sample importance without learning truly transferable features. Third, and most
critically, our East-Asia training data likely suffers from selection bias or data collection inconsisten-
cies that create a distribution shift between training and test sets. This hypothesis is confirmed by
examining train-validation versus test performance: East-Asia shows a train-val AUPR of 0.290 but
drops to 0.179 on test data under inverse weighting, while Americas maintains consistent performance
(train-val: 0.412, test: 0.448). The unweighted model shows much smaller train-test gaps across all
regions.

When unweighted, the model largely ignores these corrupted samples and successfully transfers
patterns learned from cleaner Americas/Europe data. However, inverse weighting forces the model
to memorize these non-representative East-Asia training patterns, causing catastrophic failure on
the properly-distributed test set. This explains why the unweighted model (0.270) significantly
outperforms the weighted version (0.179). This finding reinforces our theoretical analysis that
geographic performance gaps stem from distribution misalignment rather than simple class imbal-
ance, highlighting why our DANN-based approach, which explicitly optimizes for domain-invariant
representations, proves more effective. By learning geography-invariant features, DANN sidesteps
potentially corrupted regional signals entirely, explaining its superior performance (0.288) even
compared to the unweighted baseline.

Calibration. We also assess probability calibration using Brier scores (Appendix [D.4). Geo-
DANN maintains calibration comparable to the non-adversarial Multi-Head DeepScore model across
Americas, Europe, and East-Asia while substantially reducing inter-geo performance gaps in AUPR
and Lift@30%.

5.2.1 ABLATION: GRL SCHEDULE

We ablate the GRL schedule parameter . Table [5] (Appendix) reports macro-AUPR and regional
AUPR for v € {2,5,10}. Performance is fairly stable across this range; lower values (7 = 2) show
minimal differences from the baseline. For the main results we therefore use v = 10 as a simple and
robust choice.

5.2.2 MODEL CAPACITY, GEOGRAPHIC DISPARITY, AND THE EFFECT OF GEO-DANN

We next study how model capacity affects geographic performance with and without Geo-DANN.
Figure 3] shows AUPR performance across regions as a function of model complexity (measured in
millions of parameters) for three architectures: Single-Head DeepScore, Multi-Head DeepScore, and
Multi-Head + DANN (Geo-DANN DeepScore).

Without DANN (left and center panels), increasing model capacity maintains substantial performance
gaps between regions: Americas (green) consistently outperforms East-Asia (red) and Europe (purple)
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Figure 3: Complexity-Performance by Architecture Type. AUPR performance across geographic
regions as a function of model complexity (parameters in millions) for three architectures: Single-
Head DeepScore (left), Multi-Head DeepScore (center), and Multi-Head + DANN (right). Shaded
bands show 95% confidence intervals from 1000 bootstrap samples. Without DANN, increasing
capacity maintains or widens inter-region gaps. With DANN, the gap between Americas and East-
Asia/Europe narrows substantially while maintaining strong overall performance.

by significant margins, and these gaps persist or even widen with increased capacity. The single-head
model shows the most stable but widely separated performance curves, while the multi-head model
exhibits some convergence at lower capacities but maintains clear regional disparities.

With Geo-DANN (right panel), the regional performance curves converge dramatically. The gap
between Americas and East-Asia/Europe narrows from approximately 0.20 AUPR points to less than
0.05, while macro performance (blue) remains competitive or improves. This empirical behavior
mirrors the domain-adaptation perspective in Section[d} unconstrained capacity reduces source error
but increases divergence between source and target geographies, whereas the adversarial objective
explicitly penalizes this divergence, allowing larger models to improve performance across regions in
our setting rather than further amplifying disparities.

6 CONCLUSION

DeepScore with the geo-DANN module combines transformer sequence modeling with domain-
adversarial alignment to deliver state-of-the-art lead-conversion prediction across heterogeneous ge-
ographies while narrowing performance gaps without harming majority domains, laying groundwork
for applying adversarial adaptation to other business-critical models such as churn or lifetime-value
estimation. Our results indicate that commonly recommended interventions such as inverse geo
re-weighting can severely hurt low-volume regions under distribution shift, while domain-adversarial
alignment makes scaling a single global model much safer across geographies. For comprehensive
surveys on domain adaptation theory and deep unsupervised domain adaptation methods, see Redko
et al.[|(2020) and Wilson & Cookl (2020).

Limitations and future work. Our study has several limitations. First, the data are proprietary and
drawn from a single organization; while we provide detailed architectural and training descriptions,
we cannot release the dataset, per-geo prevalence, or full confusion matrices for confidentiality
reasons. Second, we focus on geography as the primary domain attribute and study only one family
of adaptation methods (DANN and a CDAN variant) on a specific transformer backbone; we do not
implement group-robust or invariant training objectives such as Group DRO, IRM, or WDGRL, and
leave a systematic comparison with these approaches to future work. Third, we evaluate temporal
robustness on a single hold-out period aligned with the median qualification-to-opportunity lag;
broader evaluation across multiple future periods is an important direction. Finally, we evaluate
geo-fairness primarily through ranking metrics (AUPR and Lift@30%) and Brier scores; a more
detailed calibration and threshold-based error analysis across additional axes is left for future work.

10



Under review as a conference paper at ICLR 2026

REFERENCES

Sercan O. Arik and Tomas Pfister. TabNet: Attentive Interpretable Tabular Learning. In Proceedings
of the AAAI Conference on Artificial Intelligence, volume 35, pp. 6679-6687, 2021.

C. Author. Transformers boost the performance of decision trees on tabular data. arXiv preprint
arXiv:2502.02672, 2025.

Gilbert Badaro, Mohammed Saeed, and Paolo Papotti. Transformers for Tabular Data Representa-
tion: A Survey of Models and Applications. Transactions of the Association for Computational
Linguistics, 11:755-771, 2023.

Shai Ben-David, John Blitzer, Koby Crammer, Alex Kulesza, Fernando Pereira, and Jennifer Wortman
Vaughan. A theory of learning from different domains. Machine Learning, 79(1):151-175, 2010.

Konstantinos Bousmalis, George Trigeorgis, Nathan Silberman, Dilip Krishnan, and Dumitru Erhan.
Domain separation networks, 2016. URL https://arxiv.org/abs/1608.060109.

Alex Carriero, Kim Luijken, Anne de Hond, Karel G. M. Moons, Ben van Calster, and Maarten
van Smeden. The Harms of Class Imbalance Corrections for Machine Learning Based Prediction
Models: A Simulation Study. Statistics in Medicine, 44(3—4):¢10320, 2025. doi: 10.1002/sim.
10320.

Jintai Chen, Zhen Lin, Qiyuan Chen, and Jimeng Sun. Cross-Table Pretraining Towards a Universal
Function Space for Heterogeneous Tabular Data. arXiv preprint arXiv:2406.00281, 2024.

Tianqi Chen and Carlos Guestrin. Xgboost: A scalable tree boosting system. In Proceedings of the
22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, pp.
785-794, 2016.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT: Pre-training of Deep
Bidirectional Transformers for Language Understanding. In Proceedings of the 2019 Conference
of the North American Chapter of the Association for Computational Linguistics, pp. 4171-4186,
2019. doi: 10.18653/v1/N19-1423.

Jeroen D’Haen, Dirk Van den Poel, and Dirk Thorleuchter. Predicting customer profitability during
acquisition: Finding the optimal combination of data source and data mining technique. Expert
Systems with Applications, 40(6):2007-2012, 2013.

Yuhua Fan and Patrik Waldmann. Tabular Deep Learning: A Comparative Study Applied to
Multi-Task Genome-Wide Prediction. BMC Bioinformatics, 25:322, 2024. doi: 10.1186/
$12859-024-05940-1.

Yaroslav Ganin and Victor Lempitsky. Unsupervised domain adaptation by backpropagation. In
International Conference on Machine Learning, pp. 1180-1189, 2015.

Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, Pascal Germain, Hugo Larochelle, Francois
Laviolette, Mario Marchand, and Victor Lempitsky. Domain-adversarial training of neural networks.
Journal of Machine Learning Research, 17(59):1-35, 2016.

Laura Gonzalez-Flores, Jessica Rubiano-Moreno, and Guillermo Sosa-Gémez. The relevance of
lead prioritization: a B2B lead scoring model based on machine learning. Frontiers in Artificial
Intelligence, 8:1554325, 2025. doi: 10.3389/frai.2025.1554325.

Yuri Gorishniy, Andrey Malinin, and Dmitry Vetrov. Revisiting Deep Learning Models for Tabular
Data. arXiv preprint arXiv:2106.11959, 2021.

Xin Huang, Ashish Khetan, Milan Cvitkovic, and Zohar Karnin. TabTransformer: Tabular Data
Modeling Using Contextual Embeddings. arXiv preprint arXiv:2012.06678, 2020.

Guolin Ke, Qi Meng, Thomas Finley, Taifeng Wang, Wei Chen, Weidong Ma, Qiwei Ye, and Tie-
Yan Liu. Lightgbm: A highly efficient gradient boosting decision tree. In Advances in Neural
Information Processing Systems, volume 30, 2017.

11


https://arxiv.org/abs/1608.06019

Under review as a conference paper at ICLR 2026

Udayan Khurana, Horst Samulowitz, and Deepak S. Turaga. Feature engineering for predictive
modeling using reinforcement learning. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 32, pp. 3407-3414, 2018.

Bryan Lim, Sercan O Arik, Nicolas Loeff, and Tomas Pfister. Temporal fusion transformers for
interpretable multi-horizon time series forecasting. International Journal of Forecasting, 37(4):
1748-1764, 2021a.

Bryan Lim, Sercan O. Arik, Nicolas Loeff, and Tomas Pfister. Temporal fusion transformers for
interpretable multi-horizon time series forecasting. International Journal of Forecasting, 37(4):
1748-1764, 2021b.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. RoBERTa: A Robustly Optimized BERT Pretraining
Approach. In arXiv preprint arXiv:1907.11692, 2019.

Mingsheng Long, Zhangjie Cao, Jianmin Wang, and Michael I. Jordan. Conditional adversarial
domain adaptation. In Advances in Neural Information Processing Systems, pp. 1647-1657, 2018.

Wenming Ma, Zihao Chu, Hao Chen, and Minggqi Li. Spatio-temporal envolutional graph neural
network for traffic flow prediction in UAV-based urban traffic monitoring system. Scientific
Reports, 14:26800, 2024. doi: 10.1038/s41598-024-78335-0.

James B. Oldroyd, Kristina McElheran, and David Elkington. The short life of online sales leads.
Harvard Business Review, 89(3):28—, March 2011.

Marco Piccininni, Michael Wechsung, Ben van Calster, Jan Lukas Rohmann, Sven Konigorski,
and Maarten van Smeden. Understanding Random Resampling Techniques for Class Imbalance
Correction and Their Consequences on Calibration and Discrimination of Clinical Risk Prediction
Models. Journal of Biomedical Informatics, 155:104666, 2024. doi: 10.1016/].jb1.2024.104666.

Ievgen Redko, Emilie Morvant, Amaury Habrard, Marc Sebban, and Younes Bennani. A sur-
vey on domain adaptation theory: learning bounds and theoretical guarantees. arXiv preprint
arXiv:2004.11829, 2020.

ResearchGate.  Incremental unsupervised domain-adversarial training of neural networks
— scientific figure on researchgate. |https://www.researchgate.net/figure/
Graphical-overview—-of-the-DANN-architecture-consisting-of-three-blocks-feature_
figl 344838973} 2025. Accessed May 4, 2025.

Yucheng Ruan, Xiang Lan, Jingying Ma, Yizhi Dong, Kai He, and Mengling Feng. Language
Modeling on Tabular Data: A Survey of Foundations, Techniques and Evolution. arXiv preprint
arXiv:2408.10548, 2024.

Sebastian Ruder. An overview of multi-task learning in deep neural networks. arXiv preprint
arXiv:1706.05098,2017. URL https://arxiv.org/abs/1706.05098.

Peter Shaw, Jakob Uszkoreit, and Ashish Vaswani. Self-attention with relative position representations.
In Proceedings of NAACL, pp. 464-468, 2018.

Jiaqi Shen, Yiging Shen, Zhongyi Zhang, Ricardo Ottoni, Yiming Ma, Brandon Rothrock, and Dong
Yu. Wasserstein distance guided representation learning for domain adaptation. In AAAZ, 2018.

Usneek Singh, Piyush Arora, Shamika Ganesan, Mohit Kumar, Siddhant Kulkarni, and Salil R.
Joshi. Comparative Analysis of Transformers for Modeling Tabular Data: A Case Study Using
Industry-Scale Dataset. arXiv preprint arXiv:2311.14335, 2023.

Shriyank Somvanshi, Subasish Das, Syed Aaqib Javed, Gian Antariksa, and Ahmed Hossain. A
Survey on Deep Tabular Learning. arXiv preprint arXiv:2410.12034, 2024.

Trevor Standley, Amir R. Zamir, Bharath Chen, Jitendra Malik, and Silvio Savarese. Which tasks
should be learned together in multi-task learning? In Proceedings of the 37th International
Conference on Machine Learning (ICML), volume 119, pp. 9120-9132, 2020. URL http:
//proceedings.mlr.press/v119/standley20a.html.

12


https://www.researchgate.net/figure/Graphical-overview-of-the-DANN-architecture-consisting-of-three-blocks-feature_fig1_344838973
https://www.researchgate.net/figure/Graphical-overview-of-the-DANN-architecture-consisting-of-three-blocks-feature_fig1_344838973
https://www.researchgate.net/figure/Graphical-overview-of-the-DANN-architecture-consisting-of-three-blocks-feature_fig1_344838973
https://arxiv.org/abs/1706.05098
http://proceedings.mlr.press/v119/standley20a.html
http://proceedings.mlr.press/v119/standley20a.html

Under review as a conference paper at ICLR 2026

Yao-Hung Hubert Tsai, Shaojie Bai, Paul Pu Liang, J Zico Kolter, Louis-Philippe Morency, and
Ruslan Salakhutdinov. Multimodal transformer for unaligned multimodal language sequences.
In Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics, pp.
6558-6569, 2019.

Eric Tzeng, Judy Hoffman, Kate Saenko, and Trevor Darrell. Adversarial discriminative domain
adaptation. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pp- 7167-7176, 2017.

Guido van den Goorbergh, Maarten van Smeden, Dennis Timmerman, and Ben van Calster. The
Harm of Class Imbalance Corrections for Risk Prediction Models: Illustration and Simulation
Using Logistic Regression. Journal of the American Medical Informatics Association, 29(9):
1525-1534, 2022. doi: 10.1093/jamia/ocac093.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Fukasz
Kaiser, and Illia Polosukhin. Attention is all you need. Advances in Neural Information Processing
Systems, 30, 2017.

Yuyan Wang, Arun Singh, and Sarah Lee. Recommending for a three-sided food delivery marketplace.
Marketing Science, 41(3):439-461, 2022.

Zifeng Wang and Jimeng Sun. TransTab: Learning Transferable Tabular Transformers Across Tables.
arXiv preprint arXiv:2205.09328, 2022.

Garrett Wilson and Diane J. Cook. A survey of unsupervised deep domain adaptation. ACM
Transactions on Intelligent Systems and Technology, 11(5):51:1-51:46, 2020. doi: 10.1145/
34000066.

Migao Wu, Pavel Andreev, and Morad Benyoucef. The state of lead scoring models and their
impact on sales performance. Information Technology and Management, pp. 1-30, 2023. doi:
10.1007/s10799-023-00388-w. Online ahead of print.

Tongkun Xu, Weihua Chen, Yu Pu, and Wenqgiang Wang. Cdtrans: Cross-domain transformer for
unsupervised domain adaptation. In International Conference on Learning Representations, 2022.

Bing Yu, Haoteng Yin, and Zhanxing Zhu. Spatio-temporal graph convolutional networks: A
deep learning framework for traffic forecasting. In Proceedings of the 27th International Joint
Conference on Artificial Intelligence (IJCAI), pp. 3634-3640, 2018.

Tianhe Yu, Saurabh Kumar, Abhishek Gupta, Karol Hausman, Sergey Levine, and
Chelsea Finn. Gradient surgery for multi-task learning. In Proceedings of the
34th International Conference on Neural Information Processing Systems (NeurIPS), pp.
5827-5838, 2020. URL https://proceedings.neurips.cc/paper/2020/file/
3fe78a8acftbfda99de95303940a2420c—-Paper.pdf.

Amir R. Zamir, Alexander Sax, William Shen, Leonidas Guibas, Jitendra Malik, and Sil-
vio Savarese. Taskonomy: Charting the transferability of visual tasks. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp.
3712-3722,2018. URL https://openaccess.thecvf.com/content_cvpr_2018/
html/Zamir_Taskonomy_Charting_the_CVPR_2018_paper.htmll

Wenhui Zhang, Shifen Cheng, and Feng Lu. A geographic evolutionary framework with multi-task
optimization of automatic hyperparameter tuning for spatially stratified machine learning models.
International Journal of Geographical Information Science, 2025. doi: 10.1080/13658816.2025.
2502769. Online first.

Han Zhao, Shir Zhang, Guanhang Wu, Geoffrey J. Gordon, and Eric P. Xing. On learning invariant

representations for domain adaptation. In Proceedings of the 36th International Conference on
Machine Learning, ICML, pp. 7523-7532, 2019.

13


https://proceedings.neurips.cc/paper/2020/file/3fe78a8acf5fda99de95303940a2420c-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/3fe78a8acf5fda99de95303940a2420c-Paper.pdf
https://openaccess.thecvf.com/content_cvpr_2018/html/Zamir_Taskonomy_Charting_the_CVPR_2018_paper.html
https://openaccess.thecvf.com/content_cvpr_2018/html/Zamir_Taskonomy_Charting_the_CVPR_2018_paper.html

Under review as a conference paper at ICLR 2026

A ADDITIONAL RELATED WORK

A.1 GEO-AWARE AND CROSS-DOMAIN MODELING

Global platforms and scientific applications have adopted a variety of strategies to balance shared
learning with local adaptation. In traffic forecasting, Spatio-Temporal Graph Convolutional Net-
works (STGCN) learn a single graph-based encoder over an entire road network, while more recent
evolutionary GNNs dynamically update region-specific adjacency structures to capture local traffic
patterns without training separate models for each city (Yu et al., 2018; Ma et al.,|2024)). In large-scale
recommendation systems, two-tower embedding architectures train a global user-item model that is
then fine-tuned or re-indexed at the city level, reducing the need for thousands of city-specific models
and lowering operational overhead (Wang et al., 2022)

Environmental and spatial forecasting have employed multi-task frameworks with a shared backbone
plus lightweight domain-specific heads, demonstrating improved spatial generalization while avoiding
fully separate regional models (Zhang et al.,|2025). CDTrans combines self-attention pseudo labels to
close domain gaps across diverse image datasets, offering a blueprint for single-model multi-domain
deployment without per-domain retraining (Xu et al., [2022).

A.2 TRANSFORMERS FOR SEQUENTIAL AND STRUCTURED DATA

Extending transformers beyond text requires handling heterogeneous inputs and irregular timing.
Temporal Fusion Transformers (Lim et al., 2021a) introduced specialized components for time
series forecasting with static covariates. TabTransformer (Huang et al., [2020) applies attention to
tabular features but doesn’t model true sequences. Most relevant is the line of work on multi-modal
transformers (Tsai et al.| 2019), though these typically handle aligned modalities (e.g., video and
audio) rather than the diverse interaction types in customer journeys.

Since their introduction for sequence modeling, transformers have been broadly adopted for clas-
sification across multiple modalities. In natural language processing, pretrained encoders such as
BERT fine-tuned on GLUE benchmarks have set new state-of-the-art on sentence and document
classification tasks Devlin et al.[(2019); |Liu et al.|(2019).

TabTransformer first demonstrated that self-attention contextualizes categorical embeddings to rival
tree-ensemble models on tabular tasks Huang et al.[(2020). Subsequent surveys chronicle dozens
of transformer-based variants for tabular representation learning Badaro et al.|(2023)); Somvanshi
et al.|(2024); Ruan et al.| (2024); |Gorishniy et al.[(2021); |Arik & Pfister| (2021)); Singh et al.| (2023);
Wang & Sun|(2022); (Chen et al.| (2024)); Fan & Waldmann| (2024), but none address domain shift in
business-scale B2B marketing sequences at the scale tackled here.

B GEO-DANN IMPLEMENTATION DETAILS

B.1 ADVERSARIAL SCHEDULES

If the adversary is too strong too early, the encoder may collapse to features that are useless for
conversion; if too weak, it never removes geographic artifacts. We therefore follow the logistic
curriculum of |Ganin et al.|(2016) and apply both a schedule on the gradient-reversal strength and a
warmup on the domain loss.

Let ¢ denote the current training step and T the total number of steps, and define normalized training
progress p(t) = min(1,t/T). We set
2
A(t) = _
1+ exp(—p(t))

with steepness parameter v = 10. Early in training \(¢) ~ 0, allowing the encoder to discover
predictive structure; as p(t) — 1 the term approaches 1, steadily raising the adversarial pressure.

1, (6)

In addition, we apply a linear warmup to the domain-loss weight:

a(t) = min(l, ! @)

W)
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where W = E,, x B is the number of warmup steps, E,, is the number of warmup epochs (we use
E,, = 3), and B is the number of batches per epoch. If W = 0 then «(t) = 1 for all ¢. The product
a(t)A(t) therefore controls the total adversarial pressure on the encoder over training.

B.2 DISCRIMINATOR AND CDAN VARIANT

The geography discriminator D, is a two-layer multilayer perceptron with ReLU activations and
dropout rate 0.2 between hidden layers. In some runs we apply spectral normalization to the
discriminator weights, W = W/g (W) where o (W) is the largest singular value, to prevent the
discriminator from overpowering the encoder during adversarial training; this improves stability but
has little effect on final performance.

We also evaluated a conditional domain-adversarial variant (CDAN;|Long et al.|[2018) as an ablation.
In this case the discriminator is conditioned on both the shared representation and the task predictions
via the outer product g; = softmax(Cy, (h;)) ® h;, enabling class-conditional domain alignment.
As discussed in Section [D] CDAN achieves similar macro-AUPR and inter-geo AUPR gaps to
Geo-DANN on our data.

C IMPLEMENTATION DETAILS FOR GEO-DANN

For completeness we record the exact schedules and hyperparameters used in Geo-DANN DeepScore.
The gradient-reversal strength A(¢) follows the logistic schedule

J— 2 p—
~ 14exp(—yp(t))

with steepness parameter v = 10 and 7 the total number of training steps. The domain-loss weight
uses a linear warmup

(%) 1, p(t) = min(1,¢/T), 8)

at) = min(l, %), )

where W = E,, X B is the number of warmup steps, E,, is the number of warmup epochs, and B is
the number of batches per epoch. If W = 0 then «(t) = 1 for all ¢. The effective adversarial gradient
to the encoder is

Vo Lencoder = VoLiask — Oé(t) )\(t) V o Ldomain- (10)

The geography discriminator Dy, uses two hidden layers with ReLU activations and 0.2 dropout;
when enabled, spectral normalization rescales each weight matrix as W = W/o(W), where (W)
is the largest singular value, which stabilizes adversarial training in our setting.

D CDAN ABLATION

In preliminary experiments we evaluated a conditional domain-adversarial objective (CDAN; (Long
et al.,2018))), where the discriminator receives both the shared representation fy(x) and the classifier
logits as input, allowing it to model the interaction between predicted labels and domain features.

Table [ compares Geo-DANN DeepScore with a CDAN-style conditional adversarial objective on
the same encoder and geo-specific heads. Across all regions, Geo-CDAN achieves slightly lower
macro-AUPR (0.325 vs. 0.331) with higher variance, while maintaining comparable inter-geo AUPR
gaps. The East-Asia region shows a marginal improvement with CDAN (0.302 vs. 0.299) but this is
within the standard error. CDAN does not change the qualitative capacity—fairness behavior, and for
simplicity and stability, we adopt the standard DANN formulation as the default adversarial objective
in Geo-DANN DeepScore.

D.1 GRL SCHEDULE ABLATION

Table [5|reports the impact of different GRL schedules on macro-AUPR and regional AUPR. Perfor-
mance remains relatively stable across the tested range, with v = 10 and A,,,x = 1.0 providing a
good balance between convergence and stability.
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Table 4: Ablation of adversarial objective: DANN vs. CDAN. Macro AUPR and AUPR for Americas
and East-Asia on the held-out test set.

Model Macro AUPR  AUPR (Americas) AUPR (East-Asia)
Geo-DANN 0.331 +0.010 0.489 4+ 0.008 0.299 4+ 0.019
Geo-CDAN (ablation) 0.325 + 0.015 0.486 + 0.010 0.302 £ 0.007

Table 5: GRL schedule ablation. Macro AUPR and Americas AUPR and East-Asia AUPR and
Europe AUPR on the held-out test set.

Schedule (v, Amax) Macro AUPR  Americas AUPR  East-Asia AUPR  Europe AUPR
(10, 1.0) 0.308 £ 0.007  0.476 £ 0.006 0.298 +0.002  0.266 £ 0.012
2, 1.0 0.309 & 0.008  0.478 £ 0.006 0.298 4+ 0.001 0.266 £ 0.012
(5, 1.0 0.310 = 0.008  0.479 + 0.006 0.296 4+ 0.005 0.270 4+ 0.010

D.2 COMPREHENSIVE DANN PARAMETER ABLATION

Table [ presents a comprehensive ablation study of DANN parameters, demonstrating the model’s
sensitivity to discriminator architecture and training dynamics.

Table 6: Comprehensive DANN parameter ablation study.”

Parameter Setting Macro AUPR  Americas AUPR  East-Asia AUPR  Europe AUPR
Disc Dims [128, 128] 0.315+0.000  0.483 + 0.000 0.299 +£0.000  0.276 £ 0.000
Disc Dims [312, 312] 0.307 £0.000  0.468 + 0.000 0.301 £0.000  0.276 £ 0.000
Disc Dims [128, 128, 128] 0.300 £ 0.000  0.471 £ 0.001 0.295 £0.004  0.253 £ 0.002
Disc Dropout 0.1 0.315+£0.000  0.483 + 0.000 0.299 +£0.000  0.276 £ 0.000
Disc Dropout 0.3 0.3154+£0.000  0.483 =+ 0.000 0.299 +£0.000  0.276 £ 0.000
Disc Dropout 0.2 0.312 £0.007  0.480 + 0.006 0.296 £0.006  0.273 £ 0.007
Disc Dropout 0.0 0.301 £0.002  0.471 £ 0.001 0.297 £0.002  0.255 £ 0.007
GRL v 5 0.310 £0.008  0.479 + 0.006 0.296 £0.005  0.270 £ 0.010
GRL ~ 2 0.309 £0.008  0.478 £ 0.006 0.298 £0.001  0.266 £+ 0.012
GRL v 10 0.308 £ 0.007  0.476 + 0.006 0.298 £0.002  0.266 £ 0.012
Warmup Mult. 5 0.312 +£0.007  0.480 & 0.005 0.299 +£0.001  0.271 £ 0.010
Warmup Mult. 1 0.309 £0.008  0.478 £ 0.006 0.298 £0.001  0.267 £ 0.012
Warmup Mult. 3 0.306 = 0.007  0.474 + 0.006 0.297 £0.005  0.264 £ 0.011

D.3 HYPERPARAMETERS

*Disc = Discriminator

Table[7]lists the key hyperparameters used for training Geo-DANN DeepScore.

D.4 CALIBRATION ANALYSIS

We also examine calibration using Brier scores, defined as the mean squared error between predicted
conversion probabilities and observed binary outcomes. Our training pipeline logs root-mean-squared
Brier (RMSE Brier) per model and region; Table [§|reports the corresponding Brier scores obtained
by squaring these values.

Overall calibration is comparable across the three neural models. Multi-Head DeepScore achieves the
lowest overall Brier score, while Geo-DANN maintains similar calibration in Americas and East-Asia
and slightly improves calibration in Europe relative to Single-Head. Thus, Geo-DANN’s gains in
geo-fairness (AUPR and Lift@30% gaps) do not come at the cost of degraded probability calibration.
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Table 7: Key hyperparameters for DeepScore and Geo-DANN.

Hyperparameter Value
Transformer layers L 3
Attention heads H 8
dmode] 312
Transformer FFN dim [128, 128]
Dropout 0.1
Weight Decay 0.0001
Sequence length T’ 100
Batch size 64
Optimizer AdamW
Betas [0.9, 0.99]
Initial learning rate 0.0001
Scheduler cosine_with_restarts
Scheduler Restarts 2
Warmup steps 10
GRL v 10
Disc dims [312,312]
Disc dropout 0.0
Semantic Model Qwen2-1.5B-instruct
Epochs 50
Max Gradient Norm 1.0
Feature Embedding Dim 16

Table 8: Brier scores (lower is better) on the held-out test set. Values are obtained by squaring the
reported root-mean-squared Brier scores for each model/region.

Model Overall Americas FEurope East-Asia

Single-Head  0.231 0.245 0.181 0.199
Multi-Head 0.219 0.229 0.180 0.187
Geo-DANN  0.223 0.233 0.178 0.187

E DEEPSCORE ARCHITECTURE DETAILS

E.1 DEEPSCORE BACKBONE

DeepScore turns the full marketing and sales history of a lead into one long sequence and feeds it to
a Transformer encoder. Every interaction (e.g. e-mail open, ad click, webinar attendance, phone call)
is first mapped to a learned touch embedding. This is done through learning feature level embeddings
for the various metadata attributes for a touch, and encoding the textual context into a semantic
embedding. These feature embeddings, semantic embeddings, and numerical values are concatenated
and fed into a linear reduction layer, producing the learned touch embedding. Alongside those touch
tokens, we concatenate four discrete time embeddings (year, month, day-of-month, weekday) so the
model can reason about seasonality and working-day effects; borrowing from|Lim et al.|(2021b). We
also adapt the bucketed bias introduced for TS5 in to encode relative position because relative distances
are more descriptive with very large sequences Shaw et al.| (2018)). The result is a sequence of lead
interactions in the following shape: [ Touch , Time , RelPos |; [ Touch, Time, RelPos |5 ...
——" ~— | S——

embedding embeddings bias

We then learn a representation for static “’profile” information about the lead, using 241 categorical
and 37 numerical features. This is handled in a similar way to the touch embeddings, where we learn
feature-level embeddings for the categorical features, concatenate them with numerical features and
reduce them into a profile embedding. We concatenate the lead interaction sequence with the profile
information using a separator token and then front pad each sequence to meet a fixed distance T' =
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1536. This information is fed into a transformer encoder with 3 layers and 8 attention heads, following
Vaswani et al.| (2017). The sequence representation is: [ pad , touch/time/pos, [SEP], profile ]
-~ —— —~—

xXT—k Xk 1

The encoder produces hidden states hidden € RT*312 " Ag in BERT(Devlin et al., 2019), the
penultimate position is reserved as a [CLS]-style token that summarizes the sequence; the model
selects that vector and treats it as the dense lead representation fo(x). A single linear layer then
converts fg(z) into the logit of conversion, yielding the backbone’s binary prediction. Figures
provide the complete architectural specification with all layer dimensions and connection patterns.

F DETAILED ARCHITECTURE

Figure [ provides the complete architectural blueprint of the Geo-DANN DeepScore model. The
architecture consists of: (1) Six parallel embedding modules processing different categorical features
(embedding depth 3 with various output dimensions), (2) Three separate embedding branches for
touch/time/position information feeding into concatenation layers, (3) Layer normalization and
dropout regularization at multiple stages, (4) The core transformer encoder with positional encoding,
(5) Parallel paths for the gradient-reversal geography discriminator and geo-specific task heads, and
(6) Final classification layers with domain discriminator and cross-entropy loss computation. All
tensor shapes are preserved throughout the forward pass, enabling end-to-end gradient flow for both
the primary task and adversarial objectives.

F.1 COMPONENT-LEVEL ARCHITECTURAL DETAILS

To facilitate precise implementation and ablation studies, we provide detailed diagrams of the four
key architectural components. These diagrams show exact tensor dimensions at each layer, enabling
reproduction of our results.

Embedding Processing (Figure [5): The touch embedding pipeline processes heterogeneous input
features by first encoding textual context using the Qwen2-1.5B-instruct model, producing 1536-
dimensional embeddings. Three categorical features are embedded separately into 16-dimensional
vectors each. These components are concatenated (1536 + 3X16 = 1584 dimensions) and then
projected to 312 dimensions through a learned linear transformation. A parallel ProfileEmbeddings
module (shown in Figure ) handles static lead features using a similar concatenation and projection
architecture.

Transformer Encoder (Figure[6): Our transformer backbone implements a modified architecture op-
timized for sequential lead scoring. Each encoder layer contains: (i) Multi-head attention with 8 heads
operating on 312-dimensional representations (dmode; = 312), producing context-aware embeddings
through scaled dot-product attention; (ii) A position-wise feedforward network with intermediate
dimension 128 and dropout rate 0.3 for regularization; (iii) Layer normalization (eps=10~%) and
residual connections following the standard transformer design (Vaswani et al.,[2017). The encoder
stack consists of 3 such layers, chosen to balance model capacity with training efficiency on our
1.4M-lead dataset.

Domain-Adversarial Module (Figure[7): The DANN component implements adversarial training
through a gradient reversal layer (GRL) connected to a domain discriminator. The discriminator
is a 3-layer network with two 312X312 hidden layers and a final 312X16 output layer, where the
16-dimensional output matches the feature embedding dimension for binary cross-entropy (BCE) loss
computation across geography classes. The network uses GELU activations and no dropout (p=0.0)
to ensure stable adversarial training. During forward propagation, the GRL acts as identity; during
backpropagation, it multiplies gradients by —Aggrr, following the schedule in Equation 3. The BCE
loss from geography classification is computed and backpropagated with reversed gradients, forcing
the encoder to learn geography-invariant representations.

Prediction Heads (Figure[8): The geo-specific prediction module contains 10 lightweight heads (one
per geography), each implemented as a single linear layer. Each head processes the 312-dimensional
shared representation through dropout (p=0.3) for regularization, then projects directly to scalar
logits. This simple design allows each geography to learn modest regional adjustments while relying
primarily on the shared geo-invariant representation from the encoder.
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Figure 4: Complete DeepScore architecture with detailed layer specifications. The diagram shows the
full information flow from input embeddings through the transformer encoder to the final predictions,
with all components annotated with tensor dimensions and layer specifications.
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Figure 5: Touch embeddings processing pipeline. Textual context is encoded using Qwen2-1.5B-
instruct producing 1536-dimensional embeddings, which are concatenated with three 16-dimensional
categorical feature embeddings (total: 1584 dimensions), then projected to 312 dimensions via a
linear layer. A similar process handles profile embeddings (see Figure ().

F.2 IMPLEMENTATION DETAILS

The complete architecture processes sequences of up to 100 timesteps, with each input token combin-
ing learned embeddings for touch interactions, temporal features (4 discrete time embeddings), and
relative position encodings. As shown in the component diagrams (Figures [SH8), the information
flow proceeds through four distinct stages:

Stage 1 - Input Processing: The embedding pipeline (Figure[5)) encodes textual context using the
Qwen2-1.5B-instruct model to produce 1536-dimensional embeddings. Three categorical features
are embedded into 16-dimensional vectors each and concatenated with the text embeddings (1536 +
3X16 = 1584 dimensions total). This concatenated representation is then projected to 312 dimensions
through a learned linear transformation.

Stage 2 - Sequence Modeling: The transformer encoder (Figure [6) applies self-attention across the
full sequence using 8 attention heads operating on 312-dimensional representations (d,,oqe; = 312).
Each of the 3 encoder layers includes multi-head attention, position-wise feedforward networks (with
intermediate dimension 128), layer normalization (eps=10~2), and dropout regularization (p=0.3).
This configuration was optimized through extensive hyperparameter search to balance model capacity
with training stability on our 1.4M-lead dataset.

Stage 3 - Adversarial Alignment: The DANN module (Figure[/) implements geography-invariant
learning through a gradient reversal layer feeding a 3-layer discriminator network with architecture
[312, 312, 16]. The discriminator uses GELU activations and no dropout (p=0.0) to ensure stable
adversarial training. During backpropagation, gradients are multiplied by —Aggrp according to the
schedule in Section creating an adversarial signal that removes geographic artifacts from the
shared representation.

Stage 4 - Geo-Specific Prediction: The prediction module (Figure[8) contains 10 lightweight heads,
one per geography, each implemented as a single linear layer with dropout (p=0.3) for regularization.
These heads learn modest regional adjustments while relying primarily on the shared geo-invariant
representation from the encoder.

This modular design enables targeted ablations of individual components while maintaining end-to-
end differentiability. The detailed tensor dimensions shown in each component diagram (Figures [5H)
facilitate exact reproduction and guide implementation decisions for practitioners adapting this
architecture to related problems.

G REPRODUCIBILITY STATEMENT

To ensure reproducibility of our results, we provide comprehensive experimental details throughout
the paper and appendices. Our dataset covers a two-year window of marketing-qualified leads with a
2.5-month hold-out period, as detailed in Section[5.2] The complete model architecture, including
all layer specifications, embedding dimensions, and connection patterns, is fully documented in
Appendix [ (Figures BH8). The transformer backbone configuration (3 layers, 312 hidden dimensions,
8 attention heads), attention mechanisms, and DANN components are specified in Section E] with
detailed component-level diagrams in Appendix |[F| Key hyperparameters for the DANN module
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Figure 7: DANN module with gradient reversal. Gradient reversal layer feeding a 3-layer domain
discriminator with two 312X312 hidden layers and a final 312X16 output layer (16 matches feature
embedding dimension), using GELU activations and no dropout (p=0.0) for stable adversarial training.
BCE loss is computed on the 16-dimensional output.
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Figure 8: Geo-specific prediction heads. Each of the 10 geographic regions has a lightweight single-
layer linear classifier with dropout (p=0.3) that projects the 312-dimensional shared representation to
scalar logits.
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include the gradient reversal scheduling (AggrL and <) described in Section and tabulated in
Table [/l All experiments were conducted with AdamW optimizer. For model training, we used a
fixed sequence length 7' = 1536, Qwen2-1.5B-instruct for text embeddings, and the architectural
specifications shown in Figures [5H8] Performance metrics (AUPR and Conversion-Rate Lift@30%)
are clearly defined in Section[5.2] All reported results are averaged across multiple hyperparameter
optimization runs to account for stochastic variations. While we cannot share proprietary business
data, our methodology section and architectural diagrams provide sufficient detail for implementation
on similar B2B lead scoring datasets.

H DATA AND TEMPORAL SPLIT DETAILS

To enable a like—for—like comparison with the production LIGHTGBM baseline, every DeepScore
variant is trained on the same two-year window of marketing-qualified leads (May 2022-May 2024).
The corpus comprises ten regional business units and 1.4M labeled examples. Generalization is
assessed on the subsequent 2.5-month hold-out period (Jul 2024—Sep 2024), a horizon long enough
to capture genuine market drift yet short enough to respect the median 60-day qualification-to-
opportunity lag.

We evaluate all models with two complementary metrics: average precision—recall (AUPR), which
summarizes ranking quality under extreme class imbalance, and Conversion-Rate Lift@30%, which
measures relative conversion rate within the top-ranked 30% of leads and reflects how quota-
constrained sales teams triage prospects in practice. We report macro-AUPR and per-geo AUPR and
Lift@30% to quantify both overall performance and geographic disparities. Our temporal split uses
May 2022-May 2024 for training and July-September 2024 for testing, with a one-month gap to
respect the median 60-day qualification-to- opportunity lag. This design captures realistic business
drift while avoiding label leakage; due to internal constraints we do not evaluate on multiple future
time windows and leave a broader temporal robustness analysis to future work.

For each lead we truncate the interaction sequence at the qualification time and compute features only
from events observed up to that time; any post-decision events are excluded from the input. Each
lead appears in exactly one of {train, validation, test}, ensuring that information does not leak across
splits. The positive class (conversion) is rare, with an overall prevalence in the low single digits.
Regional prevalences are similar, with the highest-prevalence geography having less than 1.2x the
prevalence of the lowest-prevalence geography. Due to business confidentiality, we cannot report
exact per-region base rates or normalized AUPR values, but our primary metrics—macro-AUPR
and per-geo AUPR and Lift@30%—are unaffected by this and allow us to quantify both overall
performance and cross-geo disparities.

I MULTI-HEAD GEO-SPECIFIC RESIDUALS

Complete invariance is not desirable when conditional distributions P(Y | X, G) differ across
geographies. Following |[Zhao et al. (2019), we address this by attaching a small classifier C'y, for
each geography g on top of the shared encoder. After the encoder has reduced cross-geo divergence,
these heads model residual differences without re-introducing large divergence. This provides a
compact interpretation of our empirical findings: Geo-DANN reduces the divergence term while
geo-specific heads keep the joint-error term A* small, improving under-represented regions without
hurting the majority domain.

J THE USE OF LARGE LANGUAGE MODELS (LLMS)

Large Language Models (LLMs) were utilized in multiple capacities during the preparation of this
research. Specifically, we employed LLMs as research assistants to aid in literature discovery and
background research. This involved using LLM-powered tools to search for relevant prior work,
generate keyword lists for comprehensive literature searches, and create comparison tables of related
studies. These tools helped us efficiently navigate the vast landscape of scientific literature, ensuring
a thorough and up-to-date background section. Additionally, LLMs were used as writing assistance
tools to improve clarity, suggest alternative phrasings, and refine grammar. However, all scientific
contributions, including the core idea of applying DANN to B2B lead scoring, theoretical analyses,
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architecture design, experimental methodology, and result interpretations, are original work conceived
and developed by the authors. No LLMs were used for research ideation, experimental design, or
data analysis. All technical claims and empirical results were independently verified through rigorous
experimentation. We take full responsibility for the paper’s contents, having thoroughly fact-checked
all statements, including those refined with LLM assistance. The scientific novelty and intellectual
contributions of this work are entirely attributable to the human authors listed.
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