The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Relative Advantage Debiasing for Watch-Time Prediction in Short-Video
Recommendation

Emily Liu, Kuan Han*, Minfeng Zhan, Bocheng Zhao, Guanyu Mu, Yang Song

ByteDance Inc.
{emily.zfliu, kuan.han, zhanminfeng, zhaobocheng, muzhuoyu } @bytedance.com, ys@sonyis.me

Abstract

Watch time is widely used as a proxy for user satisfaction in
video recommendation platforms. However, raw watch times
are influenced by confounding factors such as video dura-
tion, popularity, and individual user behaviors, potentially
distorting preference signals and resulting in biased recom-
mendation models. We propose a novel relative advantage
debiasing framework that corrects watch time by comparing
it to empirically derived reference distributions conditioned
on user and item groups. This approach yields a quantile-
based preference signal and introduces a two-stage archi-
tecture that explicitly separates distribution estimation from
preference learning. Additionally, we present distributional
embeddings to efficiently parameterize watch-time quantiles
without requiring online sampling or storage of historical
data. Both offline and online experiments demonstrate sig-
nificant improvements in recommendation accuracy and ro-
bustness compared to existing baseline methods.

Extended version — https://arxiv.org/abs/2508.11086

Introduction

Immersive video viewing experience, such as TikTok and
Reels, allows users to dive into a continuous stream of
content that captures attention through full-screen visuals
and intuitive swipe-based interactions. It also brings unique
challenges to recommender systems compared to traditional
ones, as explicit interaction signals are often missing (e.g.,
clicks, ratings) or sparse (e.g., likes, comments, shares) (Lin
et al. 2023; Davidson et al. 2010). This scarcity reduces
the effectiveness of explicit feedback for learning user
preferences. As a result, the duration a user spends viewing
a video, commonly referred to as watch time, has become
the standard implicit proxy for user interest. While watch
time provides a continuous and behaviorally grounded
measure of engagement, it is inherently confounded by
factors unrelated to genuine preference (Zhan et al. 2022).
For example, longer videos accumulate higher watch times
regardless of true interest, leading to duration bias and a
tendency to over-recommend long-form content (Zhan et al.
2022; Zhao et al. 2024). Such biases can distort preference
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estimation and undermine recommendation quality (Zheng
et al. 2022). To overcome these limitations, robust debiasing
strategies are needed to recover authentic user interests and
ensure both fairness and effectiveness in recommendations
(Wang et al. 2021b).

Prior work has primarily targeted duration bias by
partitioning watch-time into length-based buckets and
applying transformations such as quantile normalization
(Zhan et al. 2022), residual-gain adjustment (Zheng et al.
2022; Tang et al. 2023), and counterfactual or nonlinear
mappings (Zhao et al. 2024). While these techniques
effectively mitigate video-length distortions, they offer
limited protection against other confounders such as content
popularity or variations in user engagement patterns. More
recent approaches model the full conditional watch-time
distribution by conditioning on each user—video pair to
address variability in watch-time estimation (Lin et al.
2025a), and may further incorporate additional context such
as demographics and content category (Lin et al. 2025b).
While this comprehensive approach captures uncertainty
and heterogeneity, it suffers from the “single-observation”
problem: in practice, users rarely replay the same video, so
there is almost never more than one sample under identical
conditions. Consequently, distribution estimates derived
from these methods tend to be noisy, prone to overfitting,
and may introduce unintended dependencies between
distribution fitting and recommendation goals, ultimately
undermining preference modeling.

To address these challenges, we propose a relative ad-
vantage framework that debiases watch time by mapping
each observed watch time onto two empirical reference
distributions: one conditioned on video ID (aggregating
all viewers’ watch times for that video) and the other on
user ID (aggregating that user’s watch times across videos).
Converting a watch time into its empirical quantile within
each umbrella-conditioned distribution yields a uniform,
bias-corrected signal that reflects relative engagement
within each context. These umbrella factors can either
be applied individually to correct video- and user-level
confounders such as video length, popularity, and individual
viewing habits, or combined through Bayesian evidence
fusion to produce a robust and calibrated preference score.
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Figure 1: An overview of the RAD framework. First, distributional embeddings for user- and video-side confounders are learned
from historical data. Then, these embeddings are used to measure the CDF of a biased watch-time value conditioned on user and
video confounding variables. User-side and video-side signals are merged through Bayesian fusion to create a single bias-free

label for preference learning.

This design consists of two stage. The first stage involves
estimating conditioned distributions; the second stage
involves modeling preferences, ensuring modularity, numer-
ical stability, and interpretability. Both offline benchmarks
and live A/B tests demonstrate significant improvements
in recommendation accuracy and robustness compared to
existing baselines.

The major contributions of this work are:

* A novel relative advantage debiasing framework for im-
plicit watch-time feedback, correcting both item- and
user-level confounders beyond simple duration bias.

A two-phase architecture that explicitly decouples distri-
bution estimation from preference modeling, enhancing
training stability and model interpretability.

A distributional embedding method to parameterize
watch-time quantiles directly, eliminating the need for
additional online indexing or historical data storage.

Comprehensive offline and online evaluations demon-
strating significant improvements in recommendation
accuracy, robustness, and fairness over state-of-the-art
baselines.

Related Work

Watch-time Prediction Predicting video watch time is
fundamental for video recommendation systems, as it serves
as a primary proxy for user engagement. Early models,
such as Weighted Logistic Regression (WLR) (Covington,
Adams, and Sargin 2016) weight impressions by view dura-
tion but fail to handle the heavy-tailed and varying video
length distributions, which are typical of short-form con-
tent. To better capture ordinal and uncertain aspects of watch
time, Tree-based Progressive Regression (TPM) (Lin et al.
2023) discretizes watch time into ordered intervals and uses
a hierarchical tree of binary classifiers. By contrast, CREAD
(Sun et al. 2024) introduces error-adaptive bucketization to
balance classification and restoration, effectively handling
the long-tailed distributions commonly observed in stream-
ing platforms.
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Watch-time Debiasing A range of duration-debiasing
methods have recently emerged. DVR (Zheng et al.
2022) introduces Watch-Time-Gain, normalizing watch
time within duration groups using adversarial learning.
D2Q (Zhan et al. 2022) applies causal backdoor adjust-
ments to control for duration effects, while CVRDD (Tang
et al. 2023) uses counterfactual inference to directly elimi-
nate duration bias at prediction time. Further developments
also address measurement noise: D2Co (Zhao et al. 2023)
simultaneously corrects for duration bias and noisy watch-
ing through GMM-based bias/noise estimation and correc-
tion, and CWM (Zhao et al. 2024) introduces counterfac-
tual watch time to recover engagement truncated by video
duration. In contrast to these approaches, our method inte-
grates both item-side and user-side relative advantage sig-
nals to jointly correct a range of biases, such as duration,
popularity, and engagement patterns, within a single unified
model, paving the way for a more generalizable and scalable
debiasing framework.

Quantile Regression Quantile regression estimates con-
ditional quantiles (such as the median or tail probabilities),
providing a more comprehensive characterization of out-
come distributions than summary statistics such as the con-
ditional mean, especially in non-Gaussian or heavy-tailed
data (Koenker and Bassett 1978; Meinshausen 2006; An-
grist, Chernozhukov, and Fernandez-Val 2004). This tech-
nique has been effectively incorporated into machine learn-
ing models, including neural networks (Padilla, Tansey, and
Chen 2022) and random forests (Meinshausen 2006), to
yield uncertainty estimates and enhance robustness. In the
context of video recommendation, D2Q (Zhan et al. 2022)
was among the first to leverage quantile regression within
duration buckets to correct for duration bias in watch-time
prediction. Conditional Quantile Estimation (CQE) (Lin
et al. 2025a) extends this approach by predicting multiple
watch-time quantiles per user—video tuple, enabling more
flexible and context-aware modeling. AlignPxtr (Lin et al.
2025b) further extends this paradigm by aligning predicted
quantiles across various bias conditions (such as duration,
demographics, or content category) through quantile map-
ping, further separating user interest from confounding ef-



fects. However, both CQE and AlignPxtr estimate condi-
tional quantiles from only a single watch-time observation
per user—video pair, which can lead to unstable and overfit-
ted quantile estimates. In contrast, our approach aggregates
watch-time distributions on both the item and user sides,
enabling more robust and generalizable relative-advantage
metrics. This separation of distribution estimation from pref-
erence modeling allows us to capture uncertainty and correct
for multiple biases within a unified framework.

Method
A Generative Model of Watch Time

We treat each observed watch time S, ; as a generative
model with two sources: the true underlying preference user
u has for video ¢, and any systematic confounding factors
outside of this preference, formally as

Su,i = Cu,i + Puz + Eu,is (1)

where C,,; captures the aggregate effect of confounders,
P, ; reflects the genuine user-video preference, and €,, ; de-
notes irreducible noise.

To make the impact of confounding explicit, let C rep-
resent the collection (or o-algebra) generated by all fine-
grained confounders. Applying the law of total variance, the
variability in observed watch time decomposes as

Var(S,,;) = Var (E[S,; | C]) + E[Var(S.; | C)]. (2)

bias variance residual variance

Here, Var(E[S,, ; | C]) quantifies the bias variance, i.e., sys-
tematic differences in watch time induced by confounders,
while E[Var(S,; | C)] is the residual variance attributable
to true preferences or irreducible noise. By conditioning on
confounders, we seek to minimize the bias variance, en-
abling the model to focus on the residual variation that more
accurately reflects genuine user—video preferences and re-
sults in more stable, interpretable preference learning.

Umbrella Conditioning for Variance Reduction

In large-scale recommendation systems, the sheer number
of confounders makes it impractical to correct for each
one individually. However, many real-world confounders
are deterministic functions of higher-level identifiers—what
we refer to as umbrella factors. For instance, every video-
side confounder—such as duration, category, creator, or
popularity—denoted ¢V, ..., ¢ is determined by the
video ID 7. For K confounders dependent on video ID, let
o(cW, ..., c¥)) be the o-algebra generated by these fine-
grained confounders, and o(7) that generated by video ID.
Since

0(0(1), el C(K)) C o(7),

we have the following variance reduction property.

3

Proposition 1 (Variance monotonicity under umbrella suffi-
ciency). For any video-side confounder c¢(*),

Var(E[S,; | i]) > Var(E[S,, | ¢®)]). “4)
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Proof of this statement is provided in the Appendix.
Intuitively, conditioning on video ID collapses con-
founders—such as duration, category, creator, and popular-
ity—into a single context; the same logic applies to user
ID, which subsumes factors like activeness level, device,
and viewing habits. While any conditioning variable reduces
bias variance to some extent, the amount removed depends
on how much between-group variation it captures. Since
user and video IDs encompass a broad range of real-world
confounders, umbrella conditioning offers a scalable and ef-
fective way to produce cleaner residual signals for robust
preference modeling.

Conditional Quantile Transformation

To achieve robust debiasing, we transform each observed
watch time by its conditional cumulative distribution func-
tion (CDF), conditioned on an umbrella factor such as video
or user ID. Let Fi(s) = Pr(S < s | G) denote the con-
ditional CDF for umbrella factor G € {i,u}. The within-
context quantile is then defined as

Qu.i(G) = Fs1a(Sui) € (0,1). )
Proposition 2 (Statistics and Independence of Quantile La-
bels). For any umbrella factor G, the quantile label Q,, ;(GQ)
has mean E[Q.,;(G)] = % and variance Var(Q.,;(G))

<5, and is statistically independent of G, i.e., Q. ;(G) 1L G.

A proof of Proposition 2 is provided in the Appendix.
This mapping ensures that quantile labels are bias-free,
bounded, and homoskedastic, stabilizing both the quantile
signal and optimization process. Notably, after this transfor-
mation, Q(Q) is statistically independent of confounders in-
cluded in G—that is, all systematic group-level biases are
removed, and the remaining variation reflects latent user—
video preference. These properties make quantile (CDF) la-
bels an effective and principled choice for preference mod-
eling over alternatives like z-scores.

User-Side Duration Heterogeneity Unlike video ID,
which encapsulates duration as an intrinsic attribute, user
ID cannot fully account for duration—an especially domi-
nant source of bias in watch-time (Zhan et al. 2022). To
address this, we first split all watch times into D near-equal-
mass bins (e.g., D 4) based on duration (Zhan et al.
2022). For each bin, we estimate the empirical user-side
CDF FS|u,bin(S)’ and assign the bin-specific quantile label
to each watch time:
Qiu;ser,bin) _

FS\u,bin(Su,i) € (Oa 1) (6)
This additional conditioning ensures that user-side RAD la-
bels remain robust to heterogeneity in video length—a cor-
rection not required for video ID umbrella as duration is al-
ready captured.

Relative Advantage Debiasing (RAD)

Based on the conditional quantile transformation introduced
above, we propose Relative Advantage Debiasing (RAD),
a two-stage procedure leveraging hierarchical umbrella con-
ditioning. RAD transforms watch times into quantile-based
labels, providing stable, bounded, and unbiased signals of
relative user engagement.



Stage 1: RAD Label Estimation. For each umbrella fac-
tor (video or user), we estimate empirical watch-time distri-
butions from historical logs and derive quantile labels:

¢ Video-side RAD (RAD-V): For each video 7, we com-

pute its empirical CDF, Fig);(s), as quantile labels:

= FS\z(Suz) = Pl"(Su/’i S S»U“i | Z)
,u/ ’

(video)

Qui @)

e User-side RAD (RAD-U): We partition watch times into
D bins, and compute the empirical CDF specific to the d-
th bin as quantile labels:

QU5 = Fsjua(Sui) = Pr(Sue < Sui | w,d). ®)

Stage 2: Preference Modeling. Given these debiased
RAD labels, we train a parametric model (e.g., MLP, DCN,
etc) to predict RAD-U or RAD-V label. Separating two
stages yields disentangled, stable targets to learn.

We evaluate RAD with two hypotheses. First, the bounded
and homoskedastic nature of RAD labels makes training
more stable and efficient, leading to lower watch-time pre-
diction error (e.g., reduced MAE) when mapped back to
raw values. We validate this by comparing RAD-based mod-
els with standard baselines on watch-time prediction. Sec-
ond, by removing systematic biases, RAD labels offer a
cleaner measure of user engagement, which should yield
better ranking performance—higher XAUC/XGAUC and
improved online metrics. We confirm this by ranking with
RAD predictions and measuring gains in both offline and
online evaluation.

Dual-sided Bayesian Evidence Fusion

While RAD-U and RAD-V each correct user- and video-side
biases, fusing them yields a unified, robust preference score.
We achieve this by first mapping each quantile label into
z-score space using the probit (inverse normal CDF) trans-

form:
Q) @Y. ©

2 7(Luiser) _ (:[371
We then combine the two z-scores through a weighted aver-
age, and mapping the fused score back to quantile space::

(user) + B ZI(Z;deO)

u,t

N

where o and [ are precision weights that reflect the reli-
ability of each signal. In offline experiments, we set these
weights proportional to the statistical support, that is, the
number of samples used to estimate the user— and video—side
CDFs. In large-scale or online deployment, we use equal
weights (¢ = # = 1), since both user and video CDFs
are well-supported with sufficient data and this simplifies
deployment.

This Bayesian fusion produces a stable, calibrated, and
interpretable score that jointly corrects user- and video-side
biases, naturally weighting each view by its confidence.
The unified label integrates directly into downstream models
and improves robustness, especially in cold-start scenarios
where one side has limited data. The effect of the ratio 5/«
on results, and the robustness of RAD to distributional shift,
is discussed in the Appendix.
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Experiments

We show that Relative Advantage Debiasing (RAD) signif-
icantly improves both watch-time prediction accuracy and
ranking quality over state-of-the-art baselines. Further anal-
ysis confirms the effectiveness of RAD’s two-stage learn-
ing and Bayesian fusion, and highlights an efficient strategy
for distribution learning. Finally, large-scale online A/B tests
demonstrate clear gains in user engagement, underscoring
RAD’s real-world impact.

Dataset and Experiment Setup

Datasets We conduct offline experiments on two large-
scale short-video datasets: (1) KuaiRand-Pure: A public
benchmark from the KuaiShou platform, widely used for
debiasing tasks in sequential video recommendation. We
use the KuaiRand-Pure subset as recommended by prior
work (Gao et al. 2022), chronologically splitting data us-
ing a sliding timestamp cut-off, allocating training (79.6%),
validation (8.7%), and test (11.6%) sets. Users in valida-
tion or test sets are filtered to ensure they also appear in
training. The final split contains 26,592 users, 7,146 items,
and 1,384,425 user—video interactions. (2) An Offline In-
dustrial Dataset: We further evaluate RAD on a offline in-
dustrial dataset sampled from a large-scale short-video plat-
form. The snapshot contains well over a billion user—video
interactions, making it orders of magnitude larger than
KuaiRand. Data are split chronologically: the first 14 days
form the training set, and the following day is used for
testing. This large-scale setting allows us to assess whether
RAD’s improvements persist under high-data conditions.

Baselines We compare our method against a comprehen-
sive set of state-of-the-art baselines covering direct regres-
sion, normalization, noise correction, and quantile-based
modeling. Baselines include: Value Regression (VR), Play
Completion Rate (PCR) (Zhao et al. 2024), Weighted Lo-
gistic Regression (WLR) (Covington, Adams, and Sargin
2016), Watch-time Gain (WTG) (Zheng et al. 2022), De-
biased and Denoised Correction (D2Co)(Zhao et al. 2023),
Duration-debiased Quantiles (D2Q) (Zhan et al. 2022),
Counterfactual Watch Model (CWM) (Zhao et al. 2024), and
Conditional Quantile Estimation (CQE) (Lin et al. 2025a).
Detailed descriptions of baselines are given in the appendix,
while implementations follow the corresponding papers and
established protocols (Zhao et al. 2024; Lin et al. 2025a).

Backbones and Hyperparameters All methods are im-
plemented with the following backbone architectures to test
generalizability, including multi-layer perceptron (MLP),
the state-of-the-art Deep & Cross Network (DCN) (Wang
et al. 2017), and its recent extensions, DCN_v2 (Wang et al.
2021a) and GDCN (Wang et al. 2023). A description of hy-
perparameters is given in the Appendix.

Evaluation Metrics We evaluate models using standard
metrics from literature (Zhan et al. 2022), including: (1)
mean absolute error (MAE), which measures the average
absolute difference between predicted and true watch times;
(2) XAUC, an extension of AUC for continuous outcomes
to assess how well model predictions preserve the ranking



Metric | Backbone VR PCR WLR  WTG  D2Co D2Q CWM CQE | RADV RADU | RADUV
MLP 21.525 45912 21.229 22,627 22.123 19.763 20.330 21.434 | 18.050 18.221 18.050
MAE DCN 23332 46.095 21.369 23225 23.046 19.888 19.906 21.672 | 18.114 18.223 18.088
DCNV2 | 23.120 45.804 21376 22718 21.990 19.823 20.026 21.245 | 18.083 18.213 18.068
GDCN 23718 45.899 21.388 22.820 22.235 19.808 20.693 21.600 | 18.071 18.218 18.058
MLP 0.6781 0.5679 0.4566 0.6925 0.6978 0.6888 0.7096 0.7000 | 0.7137 0.7151 0.7178
XAUC DCN 0.6871 0.5672 0.3771 0.6880 0.6900 0.6863 0.7099 0.7037 | 0.7134 0.7160 | 0.7181
DCNV2 | 0.6845 0.5673 0.3856 0.6922 0.6978 0.6864 0.7092 0.7034 | 0.7119 0.7150 | 0.7172
GDCN 0.6712 0.5673 0.3907 0.6911 0.6964 0.6869 0.7091 0.7015 | 0.7140 0.7153 | 0.7181
MLP 0.6521 0.5925 0.5335 0.6617 0.6641 0.6549 0.6645 0.6658 | 0.6672  0.6717 | 0.6725
XGAUC DCN 0.6630 0.5921 0.4633 0.6600 0.6609 0.6542 0.6641 0.6676 | 0.6686 0.6716 | 0.6735
DCNV2 | 0.6624 0.5922 0.4687 0.6616 0.6632 0.6542 0.6642 0.6672 | 0.6671 0.6718 | 0.6729
GDCN 0.6578 0.5921 0.4671 0.6612 0.6636 0.6543 0.6646 0.6669 | 0.6690 0.6722 | 0.6739

Table 1: Raw watch-time error and accuracy metrics for relative advantage debiasing methods versus baselines.

order of engagement between item pairs; and (3) group-
XAUC, which measures whether predicted scores preserve
the true watch-time ordering of item pairs within each group.
For online A/B tests, we track common engagement met-
rics such as watch time, finish rate, skip rate, etc. Extensions
such as generalized group AUC for user or video cohorts, as
well as user clustering procedures, are introduced and dis-
cussed in the relevant result sections. Duration binning is
also employed, as described earlier in the methods.

Watch-Time Prediction

Our primary hypothesis is that RAD’s bounded, ho-
moskedastic quantile labels can reduce prediction error by
stabilizing training and removing systematic biases from
watch-time data. To test this, we train models with user-side
(RAD-U) and video-side (RAD-V) labels across multiple
backbone architectures. After training, predicted quantiles
are mapped back to the watch-time domain using empiri-
cal inverse CDFs estimated from the training set. Following
most standard practice in previous works (Zhan et al. 2022;
Lin et al. 2025a), watch time is not truncated at video dura-
tion. Because users frequently watch videos past the initial
“finish” point of the video, untruncated watch time provides
additional preference signals.

Table 1 reports mean absolute error (MAE), XAUC, and
XGAUC across all architectures. Both RAD-U and RAD-
V outperform all baselines, confirming that quantile-based
labels lead to more accurate and robust watch-time predic-
tion. Specifically, RAD achieves lower MAE, stronger rank-
ing performance (XAUC), and superior user-centric ranking
(XGAUC) compared to all other methods. These results sup-
port our hypothesis that quantile-based, distributionally nor-
malized labels not only improve overall accuracy, but also
enhance the model’s ability to capture relative user prefer-
ences in a more stable and consistent way.

To further leverage complementary information from user
and video perspectives, we average their watch-time predic-
tions after transforming the predicted quantiles back to the
watch-time domain using the empirical inverse CDF from
the training data. This combined approach (RAD-UV) con-
sistently achieves the best or near-best results for all metrics,
outperforming either RAD-U or RAD-V individually. The
improvement suggests that each perspective captures differ-
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ent aspects of user engagement, and their prediction errors
offset each other. By averaging, we reduce individual model
biases and variance, leading to more robust, accurate, and
user-centric predictions, highlighting the value of integrat-
ing both perspectives in debiased modeling.

Relative Preference Modeling

While previous sections focused on reconstructing raw
watch time from debiased RAD predictions, our broader
goal is to assess how well the proposed methods capture un-
derlying user preferences—that is, whether debiased labels
yield more accurate orderings within each user and within
each video. To this end, we model RAD labels directly and
evaluate whether they preserve the ordering of watch time
across both axes. This formulation enables a focused as-
sessment of each model’s ability to capture latent prefer-
ence structures using RAD labels, independent of engage-
ment magnitude.

Group-level Metrics To assess each model’s ability to
capture user—video preferences, we generalize the standard
XAUC metric into two group-level variants tailored for eval-
uating our quantile-based approach.

The original XGAUC evaluates, for each user, how well
the predicted watch-time order matches the true watch-time
order, after mapping RAD predictions back to the watch-
time scale. This score is then averaged across users. In
our framework, we directly compare the orderings given by
RAD predictions in the quantile space to the actual watch-
time order, focusing on scale-free preference modeling.

* User Group XAUC: For each user, measures how well
the RAD-V prediction’s order matches the true watch-
time order across videos.

* Video Group XAUC: For each video, measures how
well RAD-U predictions can rank users in a consistent
way compared to their actual watch times.

These group-based metrics provide a more robust and in-
terpretable evaluation of preference modeling by focusing
directly on orderings in the quantile space.

Relative Preference Prediction Table 2 reports XAUC
scores computed directly on model-predicted CDF values.
Across models, debiasing-based approaches—including



. RAD- RAD- RAD-
Metric Backbone VR PCR WLR WTG D2Co D2Q CWM CQE VCDF VCDF | UV CDF

MLP 0.6909 0.6613 0.6068 0.7047 0.7054 0.6984 0.7050 0.7050 — 0.7105 0.7127

UGroup DCN 0.7017 0.6603 0.5463 0.7044 0.7043 0.6971 0.7065 0.7067 — 0.7092 0.7132

XAUC DCNV2 | 0.6994 0.6607 0.5551 0.7048 0.7044 0.6975 0.7068  0.706 — 0.7105 0.7124

GDCN 0.6954 0.6603 0.5521 0.7053 0.7052 0.6971 0.7055 0.7057 — 0.7101 0.7128

MLP 0.6389 0.6748 0.5172 0.6752 0.6739 0.6755 0.6713 0.6728 | 0.6803 — 0.6786

VGroup DCN 0.6599 0.6751 0.4592 0.6725 0.6722 0.6747 0.6716 0.6742 | 0.6793 — 0.6783

XAUC DCNV2 | 0.6533 0.6749 0.4749 0.6754 0.6749 0.6745 0.6716 0.6736 | 0.6785 — 0.6776

GDCN 0.6306 0.6753 0.4853 0.6749 0.6747 0.6743 0.6700 0.6728 | 0.6805 — 0.6771

Table 2: User and video grouped XAUC metrics. In relative advantage debiasing methods, XAUC is calculated directly based
on CDF values. The combined RAD method, RAD-UYV, estimates a joint CDF computed via Bayesian evidence fusion.

D2Q, CWM, and all RAD variants—consistently outper-
form classical baselines such as VR, PCR, and WLR. This
highlights the importance of explicitly correcting for con-
founding effects in modeling user engagement and pref-
erence. Among all debiasing methods, RAD achieves the
strongest overall performance: RAD-U achieves the highest
scores on User Group XAUC, while RAD-V leads on Video
Group XAUC, supporting our hypothesis that side-specific
debiasing improves intra-group preference modeling.

Notably, the fused RAD-UV model, which combines
user- and video-side predictions in the latent space, matches
or exceeds the performance of the single-sided models and
all baselines on group XAUC (Table 2). This demonstrates
a clear benefit of jointly modeling both sides for a balanced
and robust performance. Overall, these findings demonstrate
that quantile-based debiasing with RAD, particularly when
integrating different umbrella factors, yields the most accu-
rate and robust preference rankings.

Method Wasserstein Distance
CQE + MLP 9.3945
CQE + DCN 9.0804
CQE + DCNV2 9.2101
CQE + GDCN 9.1529
MQ + MLP 2.2793
Min Wasserstein Distance 2.1500

Table 3: Average Wasserstein distance per estimated user
group distribution, comparing CQE with MLP based mul-
tiquantile estimation.

Two-Stage Architecture Ablations

RAD uses umbrella factors to debias a wide range of con-
founding signals, outperforming single-factor methods such
as D2Q. Interestingly, RAD also surpasses CQE, although
both leverage watch-time distributions for preference learn-
ing. The key distinction is that RAD explicitly separates
distribution estimation from preference modeling, whereas
CQE entangles both in a single joint process. In this abla-
tion, we address two key objectives: (1) evaluating whether
RAD’s two-stage design offers advantages over the one-
stage CQE architecture, and (2) testing whether costly per-
ID empirical quantiles can be replaced by a compact, learn-
able distributional embedding without sacrificing accuracy
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XGAUC CQE MQ+RAD-U RAD-U
MLP 0.7044 0.7101 0.7131
DCN 0.7071 0.7105 0.7136

DCNV2  0.7066 0.7099 0.7128
GDCN  0.7059 0.7100 0.7130

Table 4: RAD with multiquantile estimation of the user-
side distribution (RAD-U + MQ) consistently outperforms
CQE, and closely matches performance of RAD-U with ex-
act CDF labels.

or overall model performance.

Learnable Distribution Embedding In online deploy-
ment, converting watch times to RAD labels typically re-
quires storing and querying large watch-time histories,
which adds overhead from additional indexing services and
increases latency. To address this, we propose a distribu-
tional embedding approach that learns the distributional in-
formation directly as neural network parameters, thereby
eliminating the need for historical data retrieval. Each um-
brella factor (e.g., user or video cohort) is mapped to a
learned embedding, which is then processed by a shared
MLP to produce K = 100 raw logits. After a ReLU activa-
tion and cumulative sum, these logits form a non-negative,
strictly increasing sequence of quantile estimates.The model
is trained using quantile regression to align the predicted
quantiles with empirical watch-time quantiles. At inference,
this setup enables the quantile function to be generated with-
out external lookup. In our ablation studies, we systemati-
cally compare the accuracy of this learnable embedding ap-
proach with baseline methods, including empirical quantile
estimation and CQE.

Mitigating Sparsity with User Clustering Accurately
learning user- or video-side distributional information
through quantile embeddings requires robust and sta-
tistically supported quantile estimates. However, in the
KuaiRand dataset, neither individual user nor video cohorts
offer enough samples for stable quantile learning. For ex-
ample, the lowest 10th percentile of user and video co-
horts—ranked by sample size—contains no more than ten
samples per cohort (see Appendix), raising concerns about
the reliability of quantile embedding learning and its eval-
uation. To mitigate this potential issue in our ablation anal-
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Figure 2: Gaussian kernel density estimates of predicted versus ground-truth watch-time distributions for user-side clusters
grouped by training-set size quartile: (A) bottom 25 %, (B) 25-50 %, (C) 50-75 %, and (D) top 25 %. CQE’s single-stage
estimates (blue) fail to capture the lower-value regions in (A) and (D), miss secondary modes in (B) and (C), and underestimate
heavy tails in (A), (B), and (D), leading to larger errors. In contrast, the MQ + MLP multiquantile model (red) more closely
follows the ground-truth curves (green) across all cohort sizes, effectively modeling both typical and irregular shapes.

Methods CQE RAD-U RAD-V RAD-UV
User Group XAUC | 0.623  0.642 — 0.637
Video Group XAUC | 0.594 — 0.631 0.625

Table 5: Group XAUC for offline industrial dataset.

Metric RAD-U RAD-V  RAD-UV
Active Days 0.0225%  0.0160%  0.0290%
Watch Time 0.2530%  0.0562%  0.3246%
Watch Count 0.0451%  0.2554%  0.0744%
Finish Playing  1.3296%  0.7531% 1.1125%
Skip Rate | -0.4347% -0.1887% -0.8640%

Table 6: Metrics for online experiments with relative advan-
tage debiasing

yses, we cluster users into ten groups using K-modes clus-
tering (Chaturvedi, Green, and Caroll 2001) on sparse user
features (see Appendix), treating each group as a clustered
analogue of the user ID. This approach helps ensure each
cohort has sufficient samples for robust quantile estimation
and embedding training. In our ablation studies, these clus-
ter IDs serve as the umbrella condition for deriving user-side
RAD labels.

Two-stage Benefits and Embedding Efficiency To eval-
uate the two-stage architecture and distributional embed-
dings, we compare (1) RAD-U with empirical quantiles
(two-stage), (2) RAD-U with learnable distribution embed-
dings (two-stage + embeddings), and (3) CQE (one-stage).

We first assess distribution matching quality using the 1-
Wasserstein distance (Table 3), where the empirical-quantile
baseline (no learning) sets the minimum achievable error be-
tween training and test sets. For CQE, predicted user—video
distributions are aggregated into a user-side cohort distribu-
tion via Monte Carlo mixture sampling (Neal 1992). RAD-
U’s learned embeddings closely approach this lower bound
and outperform CQE, demonstrating that separating CDF
estimation from preference learning produces more accu-
rate distribution fits without requiring storage of watch-time
logs. Figure 2 provides representative examples, showing
that RAD-U’s multiquantile embeddings consistently align
with the ground truth for various user group sizes, while
CQE’s estimates diverge.
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To evaluate preference modeling, we compare methods
using User Group XAUC (Table 4). Across all architectures,
both RAD-based approaches, either with empirical quan-
tiles or learned distribution embeddings, consistently outper-
form the one-stage CQE method. This further underscores
the advantage of the two-stage design observed in distribu-
tion matching. We also report MAE and XAUC for watch-
time prediction, where both two-stage methods consistently
surpass CQE, with the embedding-based approach achiev-
ing results close to those of empirical quantiles. Taken to-
gether, these findings highlight the robustness and accuracy
of the two-stage architecture. At the same time, distribu-
tional embeddings deliver near equivalent predictive per-
formance while providing greater efficiency and scalability,
making them more practical for real-world deployment.

Offline Industrial Dataset We also evaluate RAD and
CQE on a large-scale offline industrial dataset. In this set-
ting, RAD employs distributional embeddings to estimate
quantiles for real-world systems. Models are trained on 14
days of data and evaluated on a held-out day. With ample
samples per umbrella factor, group XAUC is computed di-
rectly for both user-side (RAD-U) and video-side (RAD-V)
without clustering. As shown in Table 5, RAD consistently
and substantially outperforms CQE on both user-group and
video-group XAUC, validating its robustness in high-data
scenarios for industrial recommendation.

Online A/B Experiments

We further evaluate the RAD methods in a large-scale short-
video recommendation platform. In this setting, the abun-
dance of data allows us to test robustness and effectiveness
in high-data regimes and real-world settings.

Implementation Details We directly learn and deploy
three RAD-based models, RAD-U, RAD-V, and their
Bayesian fusion (RAD-UV), as candidate rankers for
user—item preference. The current production model serves
as the baseline. For online evaluation, we compare the out-
comes of these three new models against the baseline, form-
ing four experimental groups. Each group is assigned an
equal portion of platform traffic, ensuring fair comparison
under consistent conditions.



Results Table 6 reports the results of large-scale online ex-
periments. RAD-U produces the largest gain in Finish Play-
ing, while RAD-V achieves the highest result for Watch
Count, reflecting the complementary advantages of user- and
video-side debiasing. All RAD-based methods improve user
engagement over the baseline, with the combined RAD-UV
model showing the most balanced gains, leading in Active
Days, Watch Time, and Skip Rate. These findings highlight
both the overall effectiveness of RAD-based debiasing and
the added value of integrating user- and video-side signals
for real-world recommendation.

Conclusion

We have presented Relative Advantage Debiasing (RAD),
a principled framework for mitigating confounding effects
in watch-time-based recommendation. By reframing raw
watch time as a cohort-relative quantile, RAD systematically
and jointly corrects both user- and item-side biases through
the utilization and integration of umbrella factors. Our learn-
able distributional embedding enables efficient, scalable de-
ployment without the need for historical data storage. Both
offline and online experiments demonstrate that RAD con-
sistently improves watch-time prediction and ranking qual-
ity over existing baselines, with the hybrid RAD showing
most balanced gains across key engagement metrics.

RAD opens several promising directions for the broader
recommendation and learning community. For example,
RAD quantiles make it possible to jointly optimize watch
time with various interaction signals (such as likes and com-
ments) within a normalized space, thus providing a natural
foundation for multi-task learning (Lu, Dong, and Smyth
2018). In the context of reinforcement learning, quantile-
based rewards can help stabilize policy optimization and
readily connect to reward transformation frameworks such
as Group Relative Policy Optimization (GRPO) (Shao et al.
2024). These normalized signals may also enhance gener-
ative listwise recommendation (Liu et al. 2023), supply-
ing calibrated feedback for more effective credit assign-
ment in sequence or slate-based models (Bello et al. 2018).
Moreover, since quantile labels inherently adjust for du-
ration and popularity, future work should investigate their
effects on fairness, robustness, and cold-start performance
(Zhu et al. 2021), as well as their applicability to other do-
mains—including music, news, and e-commerce (Chen and
Lee 2024).
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