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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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2 Related Work

Existing methods in conversion prediction typically treat noisy-
label learning, continual learning, and knowledge distillation in
isolation. In learning from noisy labels, approaches like transition
matrices [14] or loss-based sample selection [5, 10] often assume
stationary noise patterns. Recent recommendation models [2, 6]
improve implicit feedback modeling but do not directly address
non-stationary supervision in continual ads training. This is lim-
iting in ads systems, where noise can fluctuate by time, device,
attribution window, and logging condition. RoLGaL addresses this
dynamic environment through instance-level soft-label correction
and temporal guardrails.

Continual learning methods use regularization [9] or replay [12]
to mitigate catastrophic forgetting. However, they usually assume
reliable incoming data; replaying noisy samples may preserve cor-
rupted patterns. Similarly, meta-learning approaches for sample
reweighting [15, 16] often require clean validation sets, which are
difficult to obtain in streaming ads systems. RoLGaL instead vali-
dates incoming supervision against temporal reference signals and
applies corrected targets through an auxiliary task, keeping the
primary task trained on observed labels for calibration.

RoLGal is also related to knowledge distillation [4, 7, 19] and
label smoothing [17]. Unlike standard distillation, which transfers
teacher supervision broadly, RoLGaL uses dynamic checkpoint-
based references as guardrails and applies correction selectively
to high-risk samples. Unlike label smoothing, which applies a uni-
form penalty to all labels, RoLGaL produces instance-dependent
adjusted labels. We compare against both methods experimentally.
The main distinction of RoLGalL is its production-oriented inte-
gration: guardrail-guided label adjustment regularizes the shared
representation while keeping the serving head and inference path
unchanged.

3 Problem Formulation

In continual ads ranking, time is discretized into steps t = 1,...,T.
At each step, the system receives a batch D; = {(x;, y,—)}ﬁi‘l, where
x; denotes user-ad features and y; € {0, 1} is the observed conver-
sion label. The model fy(x) € [0, 1] is initialized from the previous
checkpoint and updated on the current batch using binary cross-
entropy.

Observed labels may differ from latent user intent ¢; due to
accidental clicks, delayed or cross-device attribution, logging ar-
tifacts, and other system-level effects. We model this as instance-
and time-dependent noise:

P(yi # i | x1) = n(xi,1).

Unlike standard noisy-label settings with stationary corruption,
ads label noise changes over time and across segments. Continual
training on such streams can cause both noise overfitting and cat-
astrophic forgetting, where gradients from recent noisy batches
overwrite stable historical preference patterns.

Our goal is to minimize the expected risk with respect to latent
intent,

J(6) =Ex ) [e(fo(x). 9],
while only observing corrupted labels. In production CVR systems,
however, directly replacing observed labels may shift the predicted
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probability distribution and harm calibration. RoLGaL therefore ap-
proximates this objective by constructing denoised surrogate labels
for auxiliary regularization, while keeping the primary prediction
task trained on observed labels.

4 RoLGaL Framework

To address noisy continual training and catastrophic forgetting,
we introduce RoLGaL. RoLGalL constructs adjusted labels for ro-
bust auxiliary training rather than directly replacing the primary
training target. The framework refines raw observed labels through
three sequential stages.

(1) Label Diffusion: A diffusion-inspired probabilistic correc-
tion step that produces denoised soft labels.

(2) Guardrail-guided Judgment: Validating the recovered la-
bels against stable reference signals.

(3) Adaptive Label Adjustment: Combining the recovered
signal and guardrail judgment into a final adjusted label y*
for the auxiliary task.

To improve robustness against heterogeneous noise, we extend this
pipeline into a Multi-Head architecture. Instead of relying on a
single set of correction parameters, multiple parallel heads run the
above stages with different noise and guardrail sensitivities. This
provides multiple denoising views while keeping the serving path
unchanged.

Finally, we integrate these components using a Joint Training
Strategy. The adjusted labels supervise an auxiliary task, while
the primary ranking task continues to use raw observed labels.
This design allows RoLGaL to improve representation robustness
without directly shifting the primary prediction target, helping
preserve calibration for production CVR serving. Figure 1 illustrates
the overall framework.
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Figure 1: RoLGaL Framework. The framework operates
within a shared-bottom multi-task learning architecture. The
noisy stream is processed by parallel RoLGaL heads, shown
here with two heads for illustration. Each head applies label
diffusion and guardrail-guided judgment to produce adjusted
labels. The main task is supervised by raw observed labels
y°b% to preserve calibration, while the RoLGaL auxiliary task
is supervised by adjusted labels y* to improve representation
robustness. At serving time, the auxiliary head is discarded,
yielding zero inference overhead.
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4.1 Label Diffusion

The Label Diffusion module produces soft corrected labels from
noisy observations. Inspired by diffusion-style denoising, it uses a
lightweight one-step probabilistic relaxation: an observation model
that accounts for label noise, followed by Bayesian recovery of
a soft target. Unlike full generative diffusion models, our goal is
not to learn an iterative reverse process, but to obtain an efficient
denoised label estimate suitable for continual ranking training.
Step 1: Noise Injection (Observation Model). For each latent
conversion intent §j; € {0, 1}, we view the observed label y;’bs asa
noisy relaxed observation generated around the latent label:

y" | i ~ N(iji. o), 1)

where o2 controls the assumed label-noise level.
Step 2: Bayesian Recovery. Given the noisy observation, we
compute the posterior probability that the latent label is positive:

1
1-pi 12y )’
1+(pi)exp( 707

where p; denotes the prior conversion probability, approximating
E[§; | x;] for input feature x;. The resulting y; is a soft corrected
label that smooths unreliable binary supervision before guardrail-
based validation.

yi =P =1]y") = ()

4.2 Guardrail-guided Judgment

While Label Diffusion provides a soft corrected label, it cannot by
itself determine whether the correction is consistent with histor-
ically learned user-ad patterns. To address this, we introduce a
guardrail label yig , a temporal reference signal used to detect high-
risk deviations. This signal can be derived from the production
model or previous checkpoint predictions, a teacher model that
provides soft supervision, or heuristic rules that encode domain
constraints such as dwell-time thresholds.

In our framework, yig acts as a conservative reference rather than
a clean-label oracle. Unlike model ensembles that mainly reduce
variance, or self-training methods that may amplify memorized
noise, the guardrail compares the recovered label against a slower-
moving reference signal. This helps identify samples whose cor-
rected labels strongly contradict established patterns, while still
allowing moderate changes that may reflect genuine distribution
shift.

Specifically, we evaluate the quality of the recovered label y; by
computing its distance from the guardrail. If this distance exceeds
a stability threshold 7, the sample contradicts established patterns
and is flagged as Risky (r; = 1); otherwise, it is deemed Safe
(r i = 0)

ri =1 (Dist(y,y)) > 7). (3)

This distance metric can be an absolute difference or alog odds ratio.
In our experiments, we use the log odds ratio and set 7 € [1,2].
This selective judgment reduces the impact of abrupt noise-driven
updates while allowing the model to adapt when the recovered
signal remains consistent with the temporal reference.
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4.3 Adaptive Label Adjustment

The final stage combines the recovered label y; and the guardrail-
guided risk indicator r; into an adjusted label y{. This label is used
as the supervision target for the RoLGaL auxiliary task.

We use an adaptive mixing strategy:

yr=(—r) -y +ri-(cy! + (1—c)yj), (4)

where ¢; € [0, 1] controls how strongly the guardrail label is trusted
for risky samples. Safe samples (r; = 0) use the recovered label y},
while risky samples (r; = 1) interpolate between the recovered label
and the guardrail label.

In our standard setup, we set ¢; = 1 for confirmed high-risk
samples, simplifying the logic to a direct gating mechanism:

¥ if r; = 0 (Safe)
yi=it T )
y; if r; =1 (Risky)
The adjusted label is applied only to the auxiliary task, allowing
RoLGaL to regularize the shared representation without directly
changing the primary calibrated training target.

4.4 Multi-Head Architecture

A single noise variance o2 or guardrail threshold 7 may not fit all
samples in a non-stationary ads stream. To reduce sensitivity to any
single correction setting, RoLGaL uses a lightweight multi-head

auxiliary design. Each head k € {1, ..., K} runs the same correction
pipeline with a distinct configuration:
P = {0}, 7} (6)

a

This produces head-specific adjusted labels y, ,
to a different noise and guardrail sensitivity.
The auxiliary loss aggregates the supervision from all heads:

each corresponding

K
Laux(B) = ) 0k - tocr (6% Be), (7)
k=1

where wy, is the head weight, typically uniform with w; = 1/K. For
each head,

e (P By) = — Z [ka log pf + (1 -y ) log(1=p7) . (8)
i€B
This averaged auxiliary objective prevents the representation
from depending on a single correction view. In practice, we keep K
small to avoid unnecessary complexity; unless otherwise specified,
we use K = 2.

4.5 Implementation: Joint Training Strategy

Directly replacing observed labels with adjusted labels may shift the
predicted distribution, which is undesirable in ads systems where
auction bidding depends on calibrated CVR estimates. To balance
robustness and calibration, RoLGaL is implemented as an auxiliary
task in a Shared-Bottom multi-task learning (MTL) architecture.
Architecture & Joint Loss. A shared encoder fp maps input
x; to a latent representation h;. This feeds into two branches: a
Primary Head predicting $™ = Sigmoid(h! Wyain) trained on
raw labels yf’” to preserve the serving target distribution, and
a RoLGaL Auxiliary Head predicting $* = Sigmoid(h! waux)



AdKDD ’26, August 9-13, 2026, Jeju, South Korea

trained on adjusted labels y{ to regularize the shared representation.
The model is trained end-to-end via:

Liotarl = tBce(P™; B) + ALaux (B) ()]

where A controls the strength of the auxiliary robustness objec-
tive. By jointly optimizing these objectives, RoLGaL improves the
shared representation using corrected supervision while keeping
the production-serving head trained on empirical labels.

Inference. At serving time, the auxiliary head is discarded, yield-
ing zero inference latency overhead.

5 Experiments

We evaluate RoLGaL in two complementary settings. First, we
conduct public benchmark experiments on the Criteo Attribution
Dataset to evaluate offline ranking quality, robustness to injected
label noise, and component-level contributions. Second, we validate
RoLGal in a large-scale production ads system through online A/B
testing and subsequent deployment across multiple conversion
ranking models.

This design separates controlled methodological validation from
deployment validation. The public benchmark experiments use
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as guardrail labels {7}, anchoring the judgment to the model’s
previously learned distribution.

Noise Injection Simulation. To evaluate robustness under
controlled corruption, we flip each training label with probability

Nnoise*

P(yobs * g) = Nnoise-

We evaluate 1,5i5e € {0.01,0.05,0.10} to test model stability
from mild to aggressive label corruption.

5.2 Public Benchmark Results

We compare RoLGaL with the baseline model and two common
robust-training baselines: Label Smoothing (LS) and Knowledge
Distillation (KD). Each configuration is evaluated across three inde-
pendent trials; we report mean performance, standard deviation,
and relative lift. Unless otherwise specified, Multihead RoLGaL uses
K =2 heads.

Table 1: Main Results on Criteo. We report Mean + Std and
relative lift from the baseline across 3 trials.

Method AUC (7) LogLoss (|)
reproducible noisy-label stress tests to compare methods as super-
L. . . s Baseline 0.9027 £+ 0.0002 0.12563 + 0.00013
vision quality degrades. These synthetic corruptions do not capture )
Label Smoothing 0.9027 + 0.0003 (+0.00%)  0.12556 + 0.00008 (-0.08%)

every form of production attribution noise, but they provide a con-
trolled setting for measuring robustness. The production evaluation
then tests whether the same auxiliary-task design translates into

Knowledge Distillation 0.9047 + 0.0003 (+0.22%) 0.12488 + 0.00025 (-0.60%)
Singlehead RoLGaL 0.9048 £ 0.0003 (+0.23%) 0.12506 + 0.00017 (-0.46%)
Multihead RoLGaL 0.9050 + 0.0003 (+0.25%) 0.12494 + 0.00021 (-0.55%)

practical gains under real ads-system constraints, including cali-
bration requirements, serving latency, and online business impact.
For public experiments, we report AUC and LogLoss. For produc-
tion validation, we report online lift on a primary revenue-related
business metric, together with deployment efficiency and rollout
evidence.

5.1 Public Benchmark Setup

Criteo Attribution Dataset. We conduct our primary controlled
experiments on the Criteo Attribution Dataset [3], a widely adopted
benchmark for industrial conversion prediction. The dataset con-
tains over 16.5M chronologically ordered interactions with sparse
conversion labels, making it suitable for streaming CVR prediction
under label noise.

Baseline Model. We use DCN-v2 [18], a strong backbone for
conversion prediction, as the base architecture for all methods. This
ensures that observed gains come from RoLGaL’s robust-training
strategy rather than backbone differences.

Streaming Setup and Guardrail Generation. We simulate
continual learning using a chronological split. The first 14 of 31
days are used as a warm-up period to train an initial stable model.
The next 7 days are used to train the baseline and RoLGaL models
from the warm-up checkpoint. For the remaining 10 days, we use
streaming evaluation: the model is updated on daily batch D, and
evaluated on the subsequent day Dy.;.

To generate guardrail labels without data leakage, we use histor-
ical self-supervision. For each incoming batch D, the frozen check-
point from the previous step, f,_,, performs forward inference
before any update on the current batch. These predictions serve

Main Performance. Table 1 shows that LS provides limited ben-
efit on clean Criteo data, while KD is a strong baseline, approaching
RoLGaL in AUC and achieving the best point-wise LogLoss. Mul-
tihead RoLGaL obtains the best AUC lift (+0.25%), and Singlehead
RoLGalL is comparable to KD (+0.23% vs. +0.22%). These results
show that RoLGaL is competitive with strong teacher-based su-
pervision under clean benchmark conditions. We next evaluate
robustness under injected label noise, where selective guardrail-
guided correction becomes more important.

5.3 Robustness to Label Noise

To evaluate robustness under controlled label corruption, we inject
random label noise into the Criteo training stream. For each training
sample, we flip the observed label with probability 1, while keeping
the evaluation labels unchanged. This setup is a controlled stress
test rather than a complete model of production attribution noise.

Table 2: Robustness under Injected Noise (7 = 0.01). RoLGaL
outperforms LS and KD under noisy supervision.

Method AUC (1) Lift
Baseline 0.8989 + 0.0002 -
Label Smoothing 0.8988 +0.0001 -0.01%

Knowledge Distillation 0.9006 + 0.0002 +0.19%
Multihead RoLGaL  0.9016 +0.0001 +0.31%




RoLGalL: Robust Learning for CVR Prediction via Guardrail-Guided Labeling

Comparison with LS and KD.. Table 2 shows that LS fails to
improve over the noisy baseline, while KD achieves a +0.19% AUC
lift. In contrast, Multihead RoLGaL achieves a +0.31% lift, a 63%
relative improvement over KD. This suggests that selective label
correction is more robust than uniform smoothing or broad teacher
supervision when the training stream contains corrupted labels.

KD remains highly competitive on relatively clean benchmark
data, where the teacher provides a useful stabilizing signal. Under
explicit label corruption, however, teacher supervision is less tar-
geted because it does not directly identify which samples should
be corrected. RoLGaL applies correction selectively: label diffusion
produces a soft corrected target, and the guardrail flags high-risk
samples whose recovered labels strongly deviate from temporal
references.

Noise-Level Sensitivity. We further vary the label-flipping prob-
ability n € {0.01,0.05,0.10} and compare Singlehead and Multihead
RoLGaL against the corresponding noisy baseline.

Table 3: Robustness under Injected Label Noise.

Noise (1) Baseline Singlehead RoLGaL Multihead RoLGaL
K=1) (K =2)

0.01 0.8989 +0.0002 0.9013 + 0.0002 (+0.27%) 0.9016 + 0.0001 (+0.31%)

0.05 0.8900 + 0.0002 0.8930 + 0.0002 (+0.34%) 0.8931 + 0.0001 (+0.34%)

0.10 0.8814 + 0.0003 0.8850 + 0.0003 (+0.41%) 0.8852 + 0.0004 (+0.43%)

Table 3 shows that RoLGalL consistently outperforms the base-
line across all tested noise levels. The relative AUC lift increases
from +0.31% at n = 0.01 to +0.43% at n = 0.10, indicating that the
framework remains effective as injected label noise becomes more
severe.

Parameter Tuning. To reduce tuning bias, we use the same
learning rate of 1e — 3 across all models and fix RoLGaL hyperpa-
rameters across experiments. Unless otherwise specified, we set
A = 1 and use fixed diffusion variance and guardrail threshold
configurations for each head.

5.4 Component Ablation Study

We conduct ablation studies to understand the contribution of each
RoLGaL component under injected label noise. Table 4 reports
results at 7 = 0.01, covering multi-head scaling and the contribution
of the guardrail and label diffusion modules.

Increasing the number of heads from K = 1to K = 2 improves the
AUC lift from +0.27% to +0.31% and reduces variance. Using K = 3
achieves similar performance, suggesting diminishing returns from
additional heads in this setting. Removing the guardrail causes the
largest performance drop, reducing the lift to +0.12%, confirming
that reference-guided correction is the most important component.
Removing label diffusion also reduces performance, showing that
soft-label correction complements guardrail-based filtering.

5.5 Online Production Validation

To evaluate practical impact, we deployed RoLGalL in a large-scale
ads delivery system and compared it against the production baseline
in an online A/B test.
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Table 4: Component Ablation (r = 0.01). We report AUC Mean
+ Std and relative lift.

Configuration AUC (Mean =+ Std) Lift (A%)

A. Multi-Head Scaling (Full RoLGaL)

Baseline 0.8989 = 0.0002 0.00%
RoLGaL (K = 1) 0.9013 =+ 0.0002 +0.27%
RoLGaL (K = 2) 0.9016 + 0.00005 +0.31%
RoLGaL (K = 3) 0.9016 + 0.00008 +0.30%

B. Module Contribution (Fixed K = 2)

No Guardrail 0.8999 + 0.0001 +0.12%
No Label Diffusion 0.9015 + 0.0001 +0.29%
Full RoLGaL 0.9016 + 0.00005 +0.31%

Deployment Efficiency. RoLGaL is implemented as an auxil-
iary training task. During serving, the auxiliary head is discarded
and only the optimized main head is retained. Therefore, RoLGaL
introduces zero inference latency overhead.

Offline Production Validation. Before launch, RoLGaL was
evaluated on a hold-out production dataset and achieved a -0.29%
improvement in Normalized Entropy (NE) over the baseline. This
provides a calibration-sensitive offline signal before online testing,
while preserving the serving graph.

Online A/B Test. We conducted a 12-day online A/B test on
global traffic. As shown in Table 5, RoLGaL achieved a statistically
significant +0.23% lift on a primary revenue-related business metric
(p < 0.05), while adding no inference latency.

Table 5: A/B Test Results (12-day window). RoLGaL achieves
statistically significant gains over the baseline on a primary
revenue-related business metric.

Metric Segment  Relative Lift

Global Traffic

+0.23% + 0.18%

Broader Deployment. The online A/B test was conducted on a
flagship production ranker and served as the initial validation of
RoLGaL under live traffic. After this positive result, the framework
was adopted across 10+ production CVR models spanning differ-
ent conversion objectives, including purchases, app installs, and
other lower-funnel events. This broader rollout suggests that the
auxiliary-task design is not tied to a single model or objective and
can be integrated into mature ranking systems while preserving
serving-time efficiency.

Overall, the public experiments and production results provide
complementary evidence: RoLGaL improves robustness under con-
trolled noisy-label stress tests, remains practical under strict serving
constraints, and generalizes across multiple production conversion
objectives.

6 Conclusion and Future Work

We introduced RoLGaL, a robust continual training framework
for CVR prediction under heterogeneous label noise. By combin-
ing label diffusion, guardrail-guided correction, and auxiliary-task
training, RoLGaL improves representation robustness while pre-
serving the primary serving target and adding zero inference-time
overhead.
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Public benchmark experiments show that RoLGaL improves of-
fline ranking quality and is more robust than Label Smoothing and
Knowledge Distillation under injected label noise. Production vali-
dation further demonstrates practical impact: RoLGaL achieves a
statistically significant +0.23% lift in a primary revenue-related busi-
ness metric in online A/B testing and has been adopted across 10+
production CVR models. Together, these results show that selective
label correction can improve continual ads ranking systems under
both controlled noisy-label settings and real production constraints.

Future Directions. RoLGaL can be extended to broader ads and
recommendation settings. First, RoLGaL can be extended to CTR
prediction models, where click labels are more abundant but still
noisy due to accidental clicks, exploratory browsing, and position
or presentation bias. Our additional Avazu experiment in Appen-
dix A provides preliminary evidence that RoLGaL remains robust
in a public CTR prediction setting. Second, future work can adapt
label diffusion and guardrail filtering to pairwise or listwise ob-
jectives [11, 13], where one corrupted label may affect multiple
comparisons. Third, for sequential recommendation models such
as SASRec [8], RoLGaL could provide reliability-aware attention
masks that downweight noisy historical interactions. Finally, future
work will evaluate RoLGaL under more structured attribution-delay
noise, delayed-feedback baselines, and richer offline calibration di-
agnostics.
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A Additional Results on Avazu

To further evaluate whether RoLGaL generalizes beyond the Criteo
Attribution dataset, we conduct an additional experiment on the
Avazu CTR Prediction dataset [1]. Although Avazu is a CTR dataset
rather than a CVR benchmark, it provides a different public ads
prediction setting with distinct feature and noise characteristics.
We use a streaming-style setup with injected label noise (n = 0.10)
and compare RoLGaL against Knowledge Distillation (KD), the
strongest baseline from the clean Criteo experiment.

Table 6: Additional Results on Avazu with Injected Noise
(n = 0.10). RoLGaL maintains robustness on a different public
ads dataset.

AUC (1)  Lift (A%)

Baseline 0.7536 + 0.0004 -
Knowledge Distillation 0.7535 +0.0010  -0.01%
Multihead RoLGaL (K =2) 0.7543 +£0.0007 +0.10%

Configuration

As shown in Table 6, RoLGaL maintains a positive AUC lift
on Avazu under injected noise, while KD slightly underperforms
the baseline. This result is directionally consistent with the Criteo
noise experiments: teacher-based stabilization can be competitive
when labels are relatively clean, but it is less effective when ex-
plicit label corruption is introduced. Although Avazu is not a CVR
benchmark, the result provides supporting public evidence that
RoLGaL-style robust training can extend to another ads prediction
task. We therefore view Avazu as complementary validation, while
leaving broader cross-task evaluation for future work.
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