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Abstract

In video recommendation systems, accurately predicting watch
time is crucial for enhancing user engagement and retention. Tra-
ditional methods typically apply label transformations or mitigate
duration bias to improve performance but overlook that erroneous
instance representations are the primary cause of significant pre-
diction errors. Moreover, these approaches predominantly rely on
point perdition, limiting their robustness. To address these chal-
lenges, we propose LDA, a novel prediction paradigm that optimizes
instance representations by explicitly leveraging label distributions
as anchors within the model, enabling more accurate and robust
predictions. Our analysis reveals that watch ratio across different
duration groups exhibit distinct multi-peak distributions, reflecting
the strong aggregation of user behavior. Based on this finding, we
employ Vector Quantized Variational Auto-encoder (VQ-VAE) to
convert the continuous watch ratio distribution into representa-
tive anchors that capture these multi-peak characteristics within
each duration group. Subsequently, we project both instance repre-
sentations and anchors into a common space and utilize Optimal
Transport (OT) to generate pseudo-labels aligned with the anchor
distribution, allowing instances to obtain structured coordinates
within this space during training. Finally, we derive optimized in-
stance representations for watch time prediction by aggregating
anchor vectors through weighted integration. Extensive offline ex-
periments on two datasets and large-scale online A/B testing on a
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short-video platform with over 300 million DAUs demonstrate the
consistent superiority of LDA in watch time prediction.
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1 Introduction

Recently, video sharing platforms (e.g., TikTok and Douyin) have
emerged as some of the most popular applications, wherein their
recommendation systems play a pivotal role in aligning user pref-
erences with appropriate content [15, 22, 30, 31, 37, 40]. On these
platforms, videos are automatically displayed on users’ screens
without requiring active clicks, rendering traditional metrics such
as click-through rate less applicable in this scenario. Instead, watch
time has ascended as a critical metric for evaluating users’ interest
in video content [16, 19, 23, 36, 43]. It not only provides an intuitive
reflection of content quality and user experience but also plays a sig-
nificant role in driving advertising strategies and personalized ser-
vices. Consequently, accurately predicting watch time has emerged
as a critical task in video recommendation systems|[9, 31, 44].

In early research, YouTube introduced the Weighted Logistic Re-
gression (WLR) method [3], which reformulated the watch time pre-
diction problem into a weighted binary classification task, thereby
providing an initial solution for the field. Subsequently, Zhan et.al
proposed a D2Q [43] method tp achieved more precise predictions
by transforming watch time. Lin et al. proposed the Tree-based
Progressive Model (TPM) [20] method decomposed prediction into
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Figure 1: (a) The watch ratio distributions of different duration buckets exhibit distinct multi-peak patterns. (b) The core idea

of our proposed LDA method.

a series of ordinal classification tasks with conditional dependen-
cies using a tree structure, in order to capture the inherent ordi-
nal relationships. Another line of research focuses on eliminating
duration bias by employing causal inference frameworks to im-
prove prediction performance; for example, the DVR, D?Co, and
CWM [46, 47, 49] methods adopt this technique, demonstrating its
effectiveness.

However, these methods primarily focus on label transformation
or eliminating duration bias, overlooking the fact that erroneous
instance representations within the model are the fundamental
cause of prediction errors. Moreover, relying on point predictions
prevents capturing the overall structure of user behavior in complex
label distributions, undermining robustness.

To address the aforementioned issues, we first analyzed, from
a mathematical perspective, the relationship between prediction
error and the quality of instance representations, and then pro-
posed a novel two-stage prediction paradigm—Leveraging Label
Distributions as Anchors (LDA). Different from traditional methods,
LDA explicitly employs label distributions as anchors to guide the
learning of instance representations, thereby optimizing these rep-
resentations and enhancing prediction performance. Specifically,
we first utilize a Vector Quantized Variational Auto-Encoder (VQ-
VAE) [33] to discretize the continuous watch ratio distribution into
representative anchors, effectively capturing the multi-peak char-
acteristics within each duration group. Subsequently, the anchor
vectors are directly incorporated into the recommendation model
as parameters, and both instance representations and anchors are
projected into a common latent space. Furthermore, LDA leverages
Optimal Transport (OT) [34] to generate pseudo-labels for each
instance based on the anchor distribution, enabling the model to ac-
quire more structured coordinate information during training and
to align closely with the anchors. Finally, the optimized instance
representations are derived through a weighted integration of the
anchor vectors, leading to more accurate and robust watch-time
predictions. Our contributions can be summarized as follows:

e We propose the Leveraging Label Distributions as Anchors
(LDA) method, which explicitly utilizes label distributions
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as anchors to guide the learning of instance representations,
thereby improving watch-time prediction performance.

We employ VQ-VAE to generate anchor vectors from the
label distribution, explicitly capturing the multi-peak char-
acteristics of the watch time distribution.

We propose using Optimal Transport to generate pseudo-
labels for each instance under the anchor distribution, thus
obtaining more accurate instance representations.
Extensive offline experiments on three datasets, along with
large-scale online A/B testing on a short video platform,
validate the significant advantages of the LDA method.

2 Related Work

2.1 Watch Time Prediction in Video
Recommendation

Video recommender systems [5, 45] play a critical role in platforms
like YouTube, TikTok, and Instagram, delivering personalized con-
tent to users. The watch-time metric has long been considered the
core evaluation target in these systems, as it offers detailed insights
into user engagement with videos. Early research employed time-
weighted logistic regression to handle the semi-closed watch-time
intervals during training [3]. Later studies revealed a strong relation-
ship between watch-time distribution and video length, prompting
the development of duration-based prediction methods [43, 47, 49].
For instance, methods like D2Q [43] and D?Co [47] leverage du-
ration bias to correct predictions, while DVR [49] approaches this
challenge with a debiased metric and adversarial learning. ome
works focus on modeling complex distribution patterns. TPM [20]
constructs a watch-time prediction tree that allows probabilistic
modeling at hierarchical quantiles, while CREAD [29] employs
ordinal regression to discretize watch time and predict the like-
lihood of reaching each quantile. The CQE[19] method extends
distribution modeling by formulating a quantile regression prob-
lem, enabling the model to capture the variability of watch-time
across any quantile. SWAT [38] leverages a user-centric statistical
framework with behavior-driven assumptions and bucketization
techniques to model watch time.
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2.2 Deep Clustering Method

Unsupervised clustering has traditionally relied on algorithms such
as K-means [18], Gaussian Mixture Models (GMM) [27], and DB-
SCAN [12]. While effective for low-dimensional and well-separated
data, these methods struggle with high-dimensional, non-linearly
separable datasets. Deep learning has significantly advanced clus-
tering by learning meaningful representations, with autoencoder-
based and contrastive learning approaches being among the most
common solutions [11, 17]. Contrastive learning method [1, 2]has
recently been adopted to improve clustering by enforcing instance-
wise discriminative features. While these methods improve latent
representation quality, they rely on high-quality negative samples
and have poorer training stability. Autoencoder methods can ef-
fectively compress data into a latent space, but they still need an
extra traditional clustering step. Compared to the above, Vector
Quantized Variational Autoencoders (VQ-VAEs) [32] have emerged
as a pivotal approach in the domain of deep clustering for un-
supervised learning tasks, effectively overcoming the limitations
of previous clustering methodologies. These methods can learn
discrete data embeddings for clustering without additional opera-
tions. They introduce discrete latent space by quantizing continu-
ous latent vectors to codebooks, supported by techniques like the
Straight-Through Estimator (STE) [39] and Gumbel-Softmax [10]
for end-to-end training. The learned codebook act as cluster cen-
troids [35, 48], enabling applications in conditional image genera-
tion [6, 26], multi-modal language modeling [14, 41], and recom-
mender systems [21, 25].

3 Preliminaries

OT is a mathematical framework that transports a probability mea-
sure y; onto another measure p with a minimum cost measured
by some function d(-, -)., which has been extensively studied and
applied in domains such as domain adaptation and recommender
systems. In Kantorovich’s relaxed formulation, OT seeks an optimal
coupling M € II(p1, p2), defined as the joint probability distribu-
tion that minimizes a cost function over the space IT(y1, pi2) of
probability distributions over R? with marginals y; and 2.

inf

OT(p1, pr2) =
R MeTI(p11,412)

/R2 d(ox1, x2) dM(x1, x2), (1)
where d(x1, x2) is the cost of moving x1 to x2 (drawn from distri-
butions p and g, respectively). In the discrete versions of OT, i.e.
when 1 and pip are defined as empirical measures based on vectors
in R, (1, p2) ={M € R%”HMIm = pl,MTln = po} denotes the

polytope of matrices M. Then, OT distance is formulated as the
following optimization problem:

OT(p1,p2) =  min (M, C) (2
g MeTI(p11,12)
where (-, -) is the Frobenius dot product, C € R%m is a cost matrix,

representing the pairwise costs of transporting bin i to bin j. Di-
rectly solving this problem is computationally challenging due to
the complexity of the constraints. Entropic regularization addresses
this by introducing a regularized version of OT:

OT: (1, p2) = i M, C) — eH(M 3
e (1, p2) MeﬁI}ﬁ},M< ) — eH(M) (3
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Here, H(M) = - }}; j Mjj log(M;j) is the entropy of the transport
plan, promoting sparsity, and € > 0 is a regularization parameter
that balances transport cost minimization with the smoothness of
the solution. This regularization facilitates the use of the Sinkhorn-
Knopp algorithm, which efficiently computes a transport plan by
iteratively normalizing the rows and columns of an initial matrix
to meet the marginal constraints.

4 Method

Section 4.1 presents the problem definition. Section 4.2 analyzes the
motivation from both visualization and mathematical perspectives.
Sections 4.3 and 4.4 provide a detailed content to our proposed two-
stage LDA approach, and Section 4.5 discusses the time complexity.
Fig3. shows the architecture of LDA.

4.1 Problem Definition

LetU = {uy, .., ujqq} and V = {01, ..., 0|9 } denote the set of users
and videos, respectively, where || is the number of users and |V|
is the number of items. The user-item historical interactions are
represented by D = {(x;, wi)|x = (u,0),u € U,v € (V}é\ip where
N is the number of samples and w € R* denotes the watch-time.
The target is to learn a deep recommendation model f(X;0f) and
aregressor g(f(X;0r); 0,) to predict the watch-time w of user u of

video v, where 07 and §; is the parameters of f and g, respectively.

4.2 Motivation

In this section, we investigate the impact of instance representa-
tions on watch-time prediction performance from two perspec-
tives—intuitive visualization and rigorous theoretical proof—to pro-
vide comprehensive analysis of our work. First, from a visualization
standpoint, we performed dimensionality reduction with PCA on
instance representations for which the true values y € [0.0,0.1] (Fig.
2(a))and y € [2.0,2.1] (Fig. 2(b)). In visualizations, samples depicted
in red correspond to those with a prediction error |y — g| < 0.01,
while darker hues in the viridis colormap indicate larger prediction
errors. Observations reveal that, in both intervals, samples with
lower prediction errors tend to cluster closely around a certain
ideal center, whereas those with higher errors are more widely dis-
persed and lie farther from this center. This phenomenon intuitively
demonstrates that when the instance representations are closer to
their corresponding ideal centers, the model’s predictions are more
accurate; conversely, greater deviations from the ideal centers lead
to significantly larger prediction errors. This observation provides
a strong empirical basis for exploring methods to optimize instance
representations in order to enhance prediction accuracy.

Second, from a theoretical perspective, we further establish the
intrinsic relationship between the deviation of instance representa-
tions and prediction errors.

PROPOSITION 4.1. Let instance representation of a sample (x,y)
be f(x), ideal center defined as y1y = E[f(x) | y] for value y. Define
the representation distance deviation as D = ||f(x) — pyl|. Let the
model’s prediction be {j and the prediction error be Ay = |y — §|. Ax
is proportional to D, thereby indicating that the erroneous instance
representation is the primary source of prediction errors.
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Figure 2: Dimensionality reduction visualization of sample
representations with true values y in the ranges [0,0.1] and
[2.0,2.1]. Red indicates samples with a prediction error less
than or equal to 0.01, while darker hues in the viridis col-
ormap correspond to larger prediction errors.

proof : Consider a regression model with the output given by
§ = ReLU(Wf(x) + b),

where W € R4 and b € R. Assume that the true value can be
expressed as
y =ReLU(Wpy +b) +e¢,

where the noise € ~ N (0, 0?) is independent of f(x).
For the majority of samples, we assume that Wf(x) +b > 0 (i.e.,
they lie in the activation region). Then, we have

§=Wf(x)+b and y=Wpuy+b+e

Consequently, the prediction error is
Ax = ‘W(,uy - f(x) + e|.
Squaring and taking expectations (noting that E[€] = 0) yields
E[AL] ~ W (py = FGIP + 0% = [WI - [1£(x) = pyll* + 0.

Thus, aside from the constant noise term, the error is predominantly
governed by || f(x) — pyll-

4.3 Vector Quantize Label Distributions

The label Y is a one-dimensional sequence of length N. Transform-
ing it into high-dimensional vectors while preserving its original
distributional properties is a challenging task. We observe that the
watch-ratio distributions Y in different video-duration buckets of-
ten exhibit pronounced aggregation and multi-peak characteristics;
employing a single global modeling strategy may obscure the local
structures within each bucket. Therefore, we partition Y into D
sub-distributions Y; based on video duration and learn each one
independently, thereby more effectively retaining the multi-peak
characteristics present in each bucket.

For each bucket, we sample L equal-length one-dimensional
sequences {sl, s2, .. .,sL}, where each sequence serves as an ap-
proximate distribution of its bucket. To convert them into discrete
and high-dimensional representations, we employ a Vector Quan-
tized Variational Autoencoder (VQ-VAE) [33], training each bucket’s
sequences independently. The detailed procedure is as follows:

(1) Encoder: The sampled sequence s is fed into the encoder
E(;©g), yielding a latent representation z, = E(s).
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(2) Vector Quantization: From the codebook A € RK*4 we
select the anchor vector a; that minimizes the Euclidean
distance to z, thereby discretizing z. into an anchor repre-
sentation z:

2= arg min [z - ;.
J

Here, K denotes the number of anchor vectors, and each
aj € R4 encapsulates a particular distributional feature.

(3) Decoder: The discrete anchor z is then passed to the decoder
D(+) to reconstruct the original sequence s.

To address the gradient-blocking effect of the arg min operation,
VQ-VAE adopt the Straight-Through Estimator (STE) [32] to approx-
imate the backpropagation process. The training loss is formulated
as follows:

Lyo-vae = s — D(E(s) +sg[z— E(S)])Hg
+ [lse[E@] -l + BlIES) - se[2];-

Here, sg[-] denotes the stop-gradient operation. Through this pro-
cess, we learn D sets of discrete anchors Ay = {ay,...,ag} € RK*d
that capture multi-modal distributional characteristics, transform-
ing the originally hard-to-model ultra-long one-dimensional vector
into a high-dimensional discrete space.

4.4 Aligning Instance Representations to
Anchors via Optimal Transport

First, for each sample x;, we identify its duration bucket d and
retrieve the corresponding anchor matrix Ay = {ay,...,ag}. Next,
we apply the mapping function ¢(-) to project both the instance
representation f(x;) and the anchor vectors into a common space,
resulting in

h; = ¢(f(xi)), ®)

To further optimize instance representations and align them with
the anchors, we employ Optimal Transport (OT) to generate pseudo-
labels for each instance. These pseudo-labels provide alignment
supervision during training, ensuring that f(x;) effectively matches
the corresponding anchors in the common space.

Pr = ¢(ax)-

4.4.1 Pseudo-labels generations. We begin by defining a cost matrix
C that quantifies the dissimilarity between each representation h;
and anchor py. based on cosine similarity:

C;x =1~ cosine(h;, py), (6)

A smaller C; . indicates higher similarity between h; and py. Using
the cost matrix C, we apply OT to compute the transport plan Q*:

Q* = UOTK(C, U1, 42), (7)

where & = &, is a Dirac delta distribution representing the in-
dividual sample h;, and gy = Zle Opy. is the weight distribution
over the K anchors pg. The regularization parameter x controls
the entropic smoothing of the transport plan. It ensures that each
representation h; is softly associated with multiple anchors based
on their similarities.
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Figure 3: The framework of LDA, consisting of two stages: (a) anchors generations. and (b) alignment.

4.4.2  Alignment. Recall that each instance is projected into the
common space as h;, and each anchor is represented as py. We
define f; i as the coordinate of instance x; with anchor py:

exp (h] * py)

fik=—F——F—.
! Zﬁ.(:l exp (hiT *Ppj)

®

Next, the transport plan Q* acts as pseudo-labels to guide the align-
ment between instance representations h; and the anchor vectors
Pk- Specifically, we refine the representations by minimizing the
following supervised loss:

K
1 *
Lsup = _E Z Qi,k * log ﬁl’,k )
k=1

where 7 is a temperature parameter controlling the sharpness of
the distribution. This loss ensures that each h; is re-represented
in a way that reflects its relationships with the anchors pg. The
supervised loss essentially pushes each h; closer to the anchors
it is most similar to (as indicated by Q*), while simultaneously
discouraging similarity to unrelated anchors.

4.4.3  Prediction. After alignment, we use aregressor g(-) to predict
the watch time with the linear combination of anchors. Specifically,

K
9=90)" Bk * pi, (10)
k=1

where g(-) = ReLU(W - +b). The mean squared error (MSE) loss is
defined as:

Limse = (yi — 9i)° (11)
We then formulate the total loss as:
1 N
Liotal = N ; Lmse + aLsup. (12)

Here, o balances the importance of the supervised alignment loss
and the primary prediction objective. This approach effectively
captures the inherent structure of the label distribution, enhancing
the model’s robustness and leading to more accurate predictions.
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4.5 Complexity analysis

In this section, we provide a detailed analysis of the computational
overhead of LDA. LDA is a two-stage training scheme, and the
anchor generation process using VQ-VAE is independent of the
recommendation model’s training, rendering its time overhead neg-
ligible. During the training phase of the recommendation model,
the primary computational cost arises from using OT to generate
pseudo-labels for each sample based on the anchor vectors cor-
responding to each bucket. According to the Sinkhorn algorithm,
this process has a time complexity of O(K - log(1/€)). Additionally,
computing the final prediction involves a linear combination of
multiple anchors, which incurs a time complexity of O(K). There-
fore, the overall time complexity per sample during training is
O((1 +1og(1/€)) * K). In the testing phase, as the OT module is
removed, the inference overhead reduces to O(K).

5 Experiment
5.1 Dataset

We conduct our offline experiments on two publicly available datasets
and one proprietary industrial dataset: Wechat (collected from the
Wechat App), KuaiRec [7] (collected from the Kuaishou App), and
Indust (collected from Kuaishou’s production environment). Each
dataset is randomly partitioned into training, validation, and test
sets following a 6:2:2 ratio.

1) WeChat:This dataset was adopted in WeChat Big Data Challenge,
which records the behavior of users on short videos in two weeks.
It contains 20,000 users, 96,428 items, and 7,210,290 impression
records. The user_id,device_id, video_id, author_id, duration_level
and multi-model content feature vectors are used as inputs.

2) KuaiRec: KuaiRec is a real-world dataset collected from the
recommendation logs of the video-sharing mobile app Kuaishou.
It comprises 7,176 users, 10,728 distinct items, and 12,530,806 im-
pression records, while its evaluation subset includes 1,411 users,
3,327 items, and 4,676,570 impression records. In our experiments,
we select user_id, video_id, duration_level, author_id and music_id
as our feature inputs.

3) Indust: The Indust dataset aggregates data from 0.5 million
active users and 24 million items, encompassing almost 70 million
interactions. We adopt the same feature inputs as those used in
KuaiRec.
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Table 1: Statistical information of datasets.

Dataset ‘ #user #item #interaction #duration
WeChat | 20,000 96,428 7,210,290 5
KuaiRec 7,176 10,728 12,530,806 5

Indust 500,000 24,000,000 70,000,000 10

5.2 Setup
5.2.1 Baselines. We adopt the following methods as baselines in

our experiments:

e VR(Value Regression). This approach predicts watch time
values directly by minimizing the mean squared error loss
between the prediction and the ground truth.

o WLR (Weighted Logistic Regression) [3]. This method
employs a weighted logistic regression model and uses the
learned odds as the predicted watch time.

e OR(Ordinal Regression) [4]. This method employs ordi-
nal regression techniques, emphasizing the relative order
of watch times, making it suitable for fitting data to predict
categorical levels of watch duration.

e D2Q(Duration-Deconfounded Quantile) [43].As a state-
of-the-art approach approach in watch time prediction, this
model addresses duration bias through backdoor adjust-
ment and fits duration-dependent watch time quantiles using
mean squared error.

e TPM(Tree-based Progressive Model) [20]. This method
employs a series of tree-structured classification tasks, tak-
ing into account ordinal ranks and prediction variance, and
incorporates backdoor adjustments to reduce bias. It offers a
detailed and comprehensive approach to enhancing watch
time predictions in video recommendation systems.

¢ CWM(Counterfactual Watch Model) [46]. This meth-
ods proposes to use counterfactual reasoning to mitigate
duration bias.

5.2.2 Evaluation Metrics . To evaluate the performance of each
model, we utilized two widely adopted metrics:

o MAE(Mean Absolute Error) is used to evaluate the average
discrepancy between generated and real data; the calculation
is as follows:

l n
MAE = — " [y = §il. (13)
=

e XAUC[42] is an extension of AUC designed for continuous
values. For each pair of samples(i, j), if the predicted watch-
time values gj; and ¢j; are in the same order as the ground
truth, the score is 1; otherwise, the score is 0. We uniformly

sample these pairs from the test set and average their scores
to obtain XAUC. The formal definition is:

2

(i.j)eS

1
XAUC = —

S| (14)

L[ > 35) = (y: > y))]

where S represents the set of all sampled pairs, and I(-) is the
indicator function. Intuitively, XAUC measures how closely
the ranking induced by the predicted watch times aligns
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Table 2: Watch-time prediction results on KuaiRec and
WeChat.

Method KuaiRec Wechat Indust

MAE XAUC MAE XAUC MAE XAUC

VR 6.25 0.523 20.89 0.601 10.64  0.558
WLR 5.83 0.532 20.17 0.626 10.25  0.572
D2Q 5.21 0.563 19.05 0.633 9.88 0.589
OR 5.11 0.548 19.88 0.631 9.81 0.577
CWM 4.83 0.579 19.21 0.639 9.57 0.599
TPM 4.35 0.603 18.97 0.642 9.26 0.611
LDA 3.22 0.611 18.42 0.655 8.72 0.628

with the ideal ranking. A higher XAUC value indicates better
model performance.

5.2.3 Implementation Details. We set the embedding dimen-
sion for all features to 64. For TR and OR, both models are based
on an MLP comprising three hidden layers, and ReLU[8] is used
as the activation function. For other baseline methods, we follow
the experimental design and tune the parameters to achieve opti-
mal performance. On both datasets, we train all models using the
Adam([13] optimizer with a batch size of 512. To prevent overfitting,
we set the dropout[28] rate to 0.2 and adopt earlystopping[24] mech-
anism with a patience of 10. Specifically, we search for the learning
rate in {le-3, le-4, le-5}, tune « from 0.0 to 0.2 in increments of 0.05,
and explore K in {5, 10, 15, 20, 25, 30}.

5.3 Performance Comparison

We evaluated the performance of the proposed LDA method against
several baseline models on three real-world industrial datasets:
KuaiRec, WeChat, and Indust. The results, as presented in Table 1,
clearly demonstrate the superiority of LDA across all evaluation
metrics, including MAE and XAUC.

Considering the model performance, LDA outperforms all other
baselines, demonstrated by increased XAUC (i.e., better model per-
formance) and reduced MAE (i.e., more reliability of prediction
results). In contrast, the traditional method VR demonstrate the
weakest performance across all datasets. This is likely due to its
reliance on direct regression of watch time values, which fails to
leverage the underlying distribution characteristics of the data.
WLR, while showing improvements over VR, still falls short in
comparison to other models, as it only captures the distribution
of the odds and does not explicitly address duration biases or the
complex relationships in the data. Similarly, OR provides a slight
improvement by emphasizing the relative order of watch times
but still lacks the robustness needed for more accurate predictions.
D2Q enhances performance by addressing duration bias through
backdoor adjustments, leading to better prediction accuracy. How-
ever, while D2Q outperforms the basic models like VR and WLR, it
still does not reach the performance levels of TPM. TPM, with its
tree-structured classification tasks, shows further improvements
by capturing the dependency and uncertainty in the data. However,
even TPM falls short of LDA’s performance.

LDA’s outstanding results are a direct consequence of its novel
approach that optimizes instance representations by aligning them
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Table 3: Ablation results of different modules of LDA.

Model KuaiRec Wechat Indust
MAE XAUC MAE XAUC MAE XAUC
LDA 3.22 0.611 18.42 0.655 8.72 0.628
w/o VQ-VAE 3.84 0.587 19.03 0.624 9.55 0.591
w/o OT 4.17 0.572 19.35 0.609 9.78 0.580
w/o LDA 6.25 0.523 20.89 0.601 10.64  0.558

with a distribution of representative anchors. This ensures that in-
stances are accurately mapped to their corresponding positions in a
shared space, where pseudo-labels generated via Optimal Transport
(OT) align with anchor distributions. This design allows the model
to effectively mitigate confusion in instance representations and
enhances the robustness of predictions. By leveraging these anchor
points, LDA captures the underlying distribution properties of user
behavior more effectively than traditional regression-based meth-
ods. Its ability to utilize label distributions as anchors, combined
with the power of VQ-VAE and OT-based alignment, positions LDA
as the most accurate and robust method for watch time prediction
in video recommendation systems.

5.4 Ablation Study

We conduct ablation studies on LDA to assess the individual im-
pact of its components on model performance. Table 3 presents
the XAUC and MAE metrics across various datasets, comparing
performance with and without each component. Since LDA aims
to enhance model performance by leveraging label distributions
as anchors, in conjunction with the power of VQ-VAE and OT-
based alignment, we can indirectly evaluate the contribution of
each component by analyzing their effects on these metrics.

5.4.1 Effectiveness of different modules of LDA. We con-
ducted further ablation studies to demonstrate the effectiveness
of the components of LDA, with the relevant results presented in
the Table 3. We compare LDA with its three variants. The results
indicate that removing any single module results in a performance
decline, proving that each component of LDA is crucial for enhanc-
ing the model’s performance.

1) w/o VQ-VAE: It means that anchors are not generated from the
continuous watch ratio distribution but are randomly initialized as
parameters within the neural network. Removing VQ-VAE leads to
a significant performance drop, highlighting the critical role of con-
verting the continuous watch ratio distribution into representative
anchors in effectively improving model performance.

2) w/o OT: In this variant, OT is removed. The drop in metrics
is particularly notable, indicating that OT helps better align the
distributions of instances and anchor, thereby enhancing predictive
ability.

3) w/o LDA: Without LDA, the approach degenerates into Value
Regression.

5.4.2 Different anchor generation methods. To further vali-
date the effectiveness of using VQ-VAE to generate representative
anchors, we compared two different generation strategies: KMeans,
and random generation. As shown in Table 4, the performance of
KMeans slightly declines, indicating that the representative anchors
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from VQ-VAE exhibit better clustering structures, making it easier
for instance representations to align. KMeans generates anchors
by directly clustering instance representations, but its performance
suffers due to greater sensitivity to noise and potential errors. The
random method performs the worst because it fails to provide a
representative reference for alignment, which negatively impacts
the model’s prediction performance. Additionally, we observe that
models using the random and K-means methods converge more
slowly compared to those using VQ-VAE. This is because the an-
chors constructed through VQ-VAE contain posterior information
about the label distributions, which guides the CPF learning pro-
cess, allowing it to search for the global optimum more quickly and
accurately.

Table 4: Ablation study on different anchor generation.

Anchor KuaiRec Wechat Indust
generation MAE XAUC MAE XAUC MAE XAUC
VQ-VAE 3.22 0.611 18.42 0.655 8.72  0.628
Kmeans 3.81 0.592 18.99 0.626 9.49 0.595
Random 3.84 0.587 19.03 0.624 9.55 0.591

5.4.3 Different alignment methods. We also compared differ-
ent alignment methods, as shown in Table 5. OT achieves the best
performance across all datasets, which demonstrates the effective-
ness of OT-based alignment. This approach considers global distri-
bution alignment, offering strong robustness and interpretability.

To validate the effectiveness of OT, we use the L2 distance to
assign instances to relevant anchors. Specifically, we calculate the
L2 distance between instances and anchors, and then apply the
negative L2 distance in a softmax function to obtain the corre-
sponding anchor weights. By leveraging these weights, we employ
weighted linear combinations of the anchors to represent the in-
stances. This approach directly aligns two representations, focusing
on point-wise alignment without considering the global distribu-
tion. It makes it susceptible to the influence of outliers. As shown
in Table 5, this limitation restricts the performance of L2 distance.
Additionally, w/o alignment also sees a significant performance
decline in both metrics across all the datasets, as it directly uses
the linear combination of anchors to represent the instances. In
conclusion, OT-based alignment more effectively enhances model
performance.

5.4.4 Impact of the number of anchors K. In Figure 4, we
show the impact of the number of anchors K on model perfor-
mance. As the number of anchors increases, performance improves
accordingly. However, defining too many anchors leads to slight
fluctuations in performance, which may be caused by the introduc-
tion of noise. Given the trade-off between the MAE and XAUC, we
adopt K = 20 in all our experiments.

5.4.5 Results on Different Duration Buckets. We further in-
vestigate the performance of our model by evaluating it across
various duration buckets, without any direct comparisons to other
methods. Table 6 presents the results for short, medium, and long-
duration buckets. Overall, our model demonstrates steady perfor-
mance across different buckets, indicating that it can effectively
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Table 5: Ablation results on different alignment methods.

Model KuaiRec Wechat Indust
MAE XAUC MAE XAUC MAE XAUC
oT 3.22 0.611 18.42 0.655 8.72 0.628
L2 distance 3.58 0.608 18.79  0.650 9.02 0.615
w/o alignment 431  0.599 19.55  0.635 9.91  0.586
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Figure 4: Impact of the number of anchors K.

handle the variation in watch-time patterns associated with differ-
ent video lengths.

Table 6: Results on different duration buckets.

Duration KuaiRec Wechat
bucket MAE XAUC | MAE XAUC
0 2.58 0.615 6.34 0.657
1 3.06 0.602 9.78 0.648
2 3.28 0.588 14.90 0.646
3 5.59 0.592 | 23.68 0.625
4 7.62 0.557 | 37.88 0.628

5.5 Online A/B Testing

To validate the efficacy of LDA, we deploy it within the feed recom-
mendation pages of two applications (Main and Light) of KuaiShou
for online A/B test. Specifically, our recommendation system is a
cascaded system comprising four stages: recall, pre-ranking, rank-
ing, and re-ranking. We conduct A/B test in the re-ranking stage,
using D2Q as the baseline model. As shown in Figure 5, we add
a pre-generated anchor A € RP*K *d in the final fully connected
layer, where D represents the number of buckets, K is the number
of anchors in each bucket, and d denotes the hidden dimension.
We evaluate the performance of LDA within a practical application
context of Kuaishou, referencing primarily the subsequent four met-
rics: (1) #Watch Time: a crucial measure reflecting user engagement
and satisfaction. (2) #Average app usage time: the average duration
users spend on the app, serving as a key indicator of overall plat-
form engagement.(3) #Like: a measure of user interaction, reflecting
how much users appreciate or engage with the content.(4) #Follow:
the number of new followers gained, indicating the effectiveness
of recommendations in driving long-term user engagement.
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Figure 5: The development of LDA.

Table 7: Results of online A/B test.

APP  watch time app usage like follow
Main +0.039% +0.021%  +0.401% +0.108%
Light +0.122% +0.098% +0.379% +0.147%

The A/B test spanned 15 consecutive days, with the average
performance on the four aforementioned metrics tabulated in Ta-
ble 7, allowing us to formulate the ensuing conclusions. Initially,
LDA exhibits a noticeable increase in Watch Time, highlighting
the model’s effectiveness in enhancing user engagement and re-
tention. Following this, the improvement in App Usage further
demonstrates the model’s positive impact on user activity within
the app. Additionally, the uplift in likes and follows confirms that
the model contributes to fostering user interaction and expanding
the user base.

In conclusion, LDA improves all four metrics compared to the
baseline D2Q, proving that LDA can effectively achieve accurate
watch-time prediction and better recommendation.

6 Conclusion

In this work, we proposed LDA, a novel paradigm for watch time
prediction that leverages label distributions as anchors to optimize
instance representations. By employing VQ-VAE to derive repre-
sentative anchors from multi-peak watch ratio distributions and
utilizing Optimal Transport to generate aligned pseudo-labels, our
method enhances both accuracy and robustness. Extensive exper-
iments on two datasets and large-scale online A/B testing on a
platform with over 300 million DAUs confirm the effectiveness of
our approach, highlighting its potential to improve video recom-
mendation systems.
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