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Abstract

Modern ads ranking systems update models daily or hourly to track
shifting user behavior. However, continual training exposes CVR
prediction to heterogeneous and non-stationary label noise from
accidental clicks, delayed attribution, and system artifacts. Such
noisy updates can overwrite stable user preference patterns, leading
to catastrophic forgetting.

We introduce RoLGaL (Robust Learning with Gauardrail-guided
Labeling), a framework for robust continual CVR training. RoL-
GaL combines label diffusion, guardrail-guided correction, and a
multi-head auxiliary architecture to construct adjusted labels for
robust auxiliary training. Rather than replacing the serving target,
RoLGalL uses these adjusted labels only in an auxiliary task, im-
proving representation robustness while preserving primary-head
calibration and adding zero inference latency.

On the Criteo Attribution dataset, RoLGaL improves AUC by
0.25% and reduces LogLoss by 0.55%. Under simulated label cor-
ruption, it achieves 0.31% and 0.34% AUC lifts at 1% and 5% noise,
respectively. In large-scale A/B testing at a leading advertising
platform, RoLGaL achieves a statistically significant 0.23% lift in a
primary revenue-related business metric with zero inference over-
head. It has since been deployed across 10+ production CVR models,
demonstrating practical impact at scale.
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1 Introduction

Post-click conversion (CVR) models are central to online adver-
tising, estimating the likelihood of valuable user actions such as
purchases or app installs. To adapt to shifting user behavior and
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market dynamics, production systems continually refresh these
models on recent data, often daily or hourly.

However, continual training also exposes CVR models to het-
erogeneous and non-stationary label noise. Observed conversion
labels may be affected by accidental clicks, delayed or cross-device
attribution, sparse feedback, and system-level logging artifacts. Be-
cause this noise varies across time, users, devices, and attribution
windows, models must learn from recent data without allowing cor-
rupted supervision to dominate the update. When noisy labels enter
the training stream, their gradients can overwrite stable historical
patterns, leading to noise overfitting and catastrophic forgetting.

Existing approaches typically address noisy-label learning or
continual learning separately. Noisy-label methods often assume
stationary corruption or rely on clean validation signals, while
continual-learning methods usually assume reliable incoming data.
In large-scale ads ranking, both assumptions are restrictive: labels
are delayed and non-stationary, clean validation signals are difficult
to obtain, and preserving calibrated CVR estimates is critical for
downstream auction bidding.

We propose RoLGaL (Robust Learning with Guardrail-Guided
Labeling), a calibration-preserving framework for robust contin-
ual CVR training. RoLGaL combines three components: (1) label
diffusion, a diffusion-inspired probabilistic correction step that
produces denoised soft targets; (2) temporal guardrails, which
compare recovered labels against stable reference signals to flag
high-risk updates; and (3) a multi-head auxiliary architecture,
which aggregates multiple denoising views to improve robustness
under heterogeneous noise. RoLGaL is implemented as an auxiliary
task in a multi-task learning setup: the primary head trains on
observed labels to preserve calibration, while the auxiliary head
learns from adjusted labels to regularize the shared representation.
This design places robustness in the representation learning process
while leaving the bid-critical serving target unchanged. At infer-
ence time, the auxiliary head is discarded, yielding zero latency
overhead.

Our contributions are:

e We introduce RoLGalL, a calibration-preserving robust con-
tinual training framework that combines probabilistic label
correction and guardrail-guided adjustment for noisy CVR
supervision.

Offline experiments on Criteo show a 0.25% AUC improve-

ment and stronger robustness under simulated label corrup-

tion, with 0.31% and 0.34% AUC lifts at 1% and 5% noise.

o A large-scale production A/B test shows a statistically signif-
icant 0.23% lift in a primary revenue-related business metric
with zero inference latency overhead, followed by deploy-
ment across 10+ production CVR models.
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