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Abstract

The growing trend of sharing short videos on social me-
dia platforms, where users capture and share moments from
their daily lives, has led to an increase in research efforts fo-
cused on micro-video recommendations. However, conven-
tional methods oversimplify the modeling of skip behavior,
categorizing interactions solely as positive or negative based
on whether skipping occurs. This study was motivated by the
importance of the first few seconds of micro-videos, lead-
ing to a refinement of signals into three distinct categories:
highly positive, less positive, and negative. Specifically, we
classify skip interactions occurring within a short time as neg-
atives, while those occurring after a delay are categorized as
less positive. The proposed dual-level graph and hierarchi-
cal ranking loss are designed to effectively learn these fine-
grained interactions. Our experiments demonstrated that the
proposed method outperformed three conventional methods
across eight evaluation measures on two public datasets.

Introduction
Micro-videos typically refer to self-generated video content
that is usually less than three minutes long, covering a wide
range of daily life aspects such as the latest news, funny
clips, and sports highlights (Zhang, Wang, and Ariffin 2024).
According to a report by Vidico, expenditures on micro-
video advertisements are expected to reach approximately
100 billion dollars in 2024, while video content is projected
to account for 82% of global internet traffic by 2025 (Chaves
2024). Furthermore, recent policies by major companies,
such as the TikTok creator fund policy and YouTube creator
partnership program, underscore the continued global ex-
pansion of investment in micro-videos (Perez 2024). Given
this overwhelming abundance, access to micro-videos is pri-
marily driven by recommendation algorithms rather than
self-searching (Park 2023), and user satisfaction declines
when platforms repeatedly display videos that do not align
with their interests (Gu and Hu 2024). As a result, the need
for highly sophisticated recommendation systems that can
effectively analyze user preferences and identify potentially
interesting micro-videos in a personalized manner has be-
come even more critical (Lu et al. 2023).
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Figure 1: Distribution of video duration and playing time of
the potent skipped interactions in two datasets, MVA (Shang
et al. 2023) and KuaiRand-Pure (Gao et al. 2022b). The
figures include only interactions where the playing time is
shorter than the video duration; thus, playing time can be
considered indicative of the timing of skip behaviors. Most
skips occur within the first five seconds of the video, while
the distribution of video durations remains relatively uni-
form. The conventional approach (Shang et al. 2023) based
on playing time views incomplete viewing as negative, ig-
noring that users might form positive impressions early,
causing slightly delayed skips. The histogram bin range has
been truncated to 0-60 seconds for the sake of clarity.

Conventional approaches for micro-video recommenda-
tion are roughly divided into two strategies. One strategy
involves utilizing the multi-modal information of micro-
videos (Wei et al. 2019; Wang, Wu, and Hoashi 2019), and
the other group aims to capture the different interests of
users (Jiang et al. 2020; Tian et al. 2022). Despite their suc-
cess, conventional methods have limited potential for fur-
ther performance improvements due to their failure to effec-
tively leverage the rich information that playing time con-
veys about both positive and negative interests, such as skip
behavior (Gu and Hu 2024).

While browsing content or using the platform, users
should watch for a few seconds before deciding whether to
continue viewing the video or swipe down to move on to the
next one (Gao et al. 2022a). Due to this skippable nature
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of micro-videos, the significance of the first few seconds
has been highlighted by multimedia stakeholders (Willis
2024; Wang 2021; Banerjee and Pal 2021; Jia et al. 2022).
These initial moments in micro-videos should be carefully
considered to encourage users to watch the video until the
end (Kelemen 2023). Similarly, in Figure 1, the statistics of
Micro-video-A (MVA) (Shang et al. 2023) and KuaiRand-
Pure (Gao et al. 2022b) datasets show that most skips oc-
curred within the first five seconds of interaction, suggesting
a strong negative signal from users for the video content. In
other words, a delayed skip may have different traits from
this strong negative signal, which is our primary focus in
this study.

Inspired by this motivation, we propose a dual-graph-
based micro-video recommender, which contains a dual-
level positive graph receiving help from the less positive
interest separated from skip behavior interactions. Further-
more, negative interactions are integrated into the optimiza-
tion process rather than being included in this graph con-
struction, resulting in a hierarchical ranking loss. We sum-
marize the contributions of this paper as follows:

• The proposed model, an adaptation of the conventional
FRAME model that distinguishes between positive and
negative interactions based on whether skipping occurs,
refines the interaction types into three categories: highly
positive, less positive, and negative. This improved ap-
proach demonstrates superior performance across eight
evaluation measures on two datasets compared to the
three conventional models.

• By considering the delayed skip as a less positive sig-
nal, the proposed dual-graphs using the dual-level posi-
tives demonstrate higher performance compared to both
training with only the highly positive signal or training
without distinguishing between the two levels.

• The quick skip is regarded as carrying a strong negative
signal, which helps in improving training with conven-
tional Bayesian Personalized Ranking (BPR) loss.

Related Work
Early recommendations for micro-videos relied on stan-
dard collaborative filtering systems, which modeled inter-
actions based solely on user and video identifiers (IDs).
These approaches have since evolved to better capture the
dynamic nature of user interests over time. For example,
THACIL (Chen et al. 2018) utilized a hierarchical atten-
tion mechanism to capture video characteristics and user
preferences, while UHMAN (Liu et al. 2020) recommended
hashtags by analyzing video keywords within user histo-
ries. Later models, such as ALPINE (Li et al. 2019) and
MTIN (Jiang et al. 2020), were designed to track and model
user preferences across various time frames. DMR (Lu et al.
2023) further introduced capabilities to capture both histori-
cal and predictive user interest trends.

User-item interactions have been shown to naturally form
a bipartite graph, facilitating complex information extraction
between nodes (Wang et al. 2019, 2020; Rendle et al. 2020).
Given their inherent complexity, micro-videos necessitate

analyses that incorporate visual, acoustic, and textual char-
acteristics. Recommendations based on graph convolution
networks (GCNs) typically integrate user-item interactions
with multi-modal data. MMGCN (Wei et al. 2019) exploits
user-video bipartite graphs for each modality, enhancing
user profiles through data aggregation from multi-hop neigh-
boring nodes. DualGNN (Wang et al. 2021) introduced a
preference learning module to fine-tune interest assessments
across modalities, while ElimRec (Liu et al. 2022) applied
causal inference to minimize biases associated with single-
modality focus. Following models, such as HUIGN (Wei
et al. 2021) and HGCL (Cai et al. 2022a), employed con-
trastive learning for hierarchical and heterogeneous under-
standing of user-video relationships, with A2BM2GL (Cai
et al. 2022b) and LUDP (Lei et al. 2023) further refining
these approaches by optimizing graph weights and user pref-
erence modeling. GRCN (Wei et al. 2020), CONDE (Liu
et al. 2021), and HHFAN (Cai et al. 2021) have investigated
techniques, such as graph refinement and subgraph construc-
tion to enhance computational efficiency and recommenda-
tion accuracy. In a different approach, FRAME (Shang et al.
2023) proposed a refined recommendation method that uti-
lizes dual-graph construction with video clips labeled by
user skip behaviors.

To address the limitations of supervised learning for inter-
action modeling, different strategies have been investigated.
SLMRec (Tao et al. 2022) improved the representation of
feature patterns using data augmentation and contrastive
learning in different modalities. Similarly, MMGCL (Yi
et al. 2022) applied data augmentation but introduced nega-
tive sampling techniques to enhance the learning of modality
contribution and correlation. MMSSL (Wei et al. 2023a) em-
ployed adversarially trained transformed instances for cross-
modal semantic similarity-based contrastive learning, en-
hancing model generalization and interaction capture. In-
vRL (Du et al. 2022) addressed biased correlations from di-
verse data usage by clustering user-video interactions into
different environments, learning invariant representations in
each to model user preferences with causal insight.

Conventional GCNs inherently treat all neighbors equally
during information aggregation, which is a drawback, as
they assign the same weight to all interactions. To address
this issue, attention mechanisms-based GCNs have emerged.
UVCAN (Liu et al. 2019) independently embedded user his-
tories and video features, modeling their dynamic interac-
tions through a co-attention mechanism. MGAT (Tao et al.
2020) built a bipartite graph based on interactions and aggre-
gated weights through a modality-specific attention mecha-
nism to discern user modal preferences. MMKGV (Liu, Li,
and Tian 2022) also employed an attention mechanism, con-
structing a knowledge graph based on video similarities to
weigh user interactions. LightGT (Wei et al. 2023b) utilized
a transformer-based self-attention block to capture complex
patterns and interactions between user-video nodes, effec-
tively using layers.
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Figure 2: Dual-level positive graph construction and negative interest training by ranking loss. The total interactions are initially
divided into Highly Positive Interactions and Skip Behavior Interactions based on Duration/Playing Time. Then, Skip Behavior
Interactions are further divided into Less Positive Interactions and Negative Interactions, with Playing Time 5s as the threshold.
Less Positive Interactions indicate a preference to continue watching the video beyond the initial 5 seconds, a period where skips
are most frequent. Highly Positive Interactions and Less Positive Interactions each form individual adjacency graphs. These
two adjacency graphs are utilized in dual-path positive graph learning. Negative Interactions help the model learn preference
differences between interactions through a ranking loss.

Method
Problem Definition
Let U =

{
u1, u2, · · · , u|U|

}
and V =

{
v1, v2, · · · , v|V|

}
denote the user set and the video set, respectively. The total
historical interactions between users and videos are format-
ted as a sequence of triplets, I =

〈
(ui, vj , yk)

|I|
k=1

〉
where

yk represents the corresponding label indicating whether the
video in the k-th interaction was 100% viewed or skipped
by the user in the k-th interaction. The skip case is denoted
as zero, and the fully viewed case is denoted as one. For ex-
ample, (u1, v3, 1) means that the user u1 watched all of the
video v3 and (u2, v5, 0) means that the user u2 skip the video
v5. The problem in this study can be formulated as follows.
Input: The total interactions I; The visual features Xv ex-
tracted from the image pixels of video frames by pre-trained
image feature extraction model for all videos v in V .
Output: A micro-video recommendation model that esti-
mates the preference score of a user u given video v.

Proposed Method
Dual-Level Positive Graph Construction. To exploit less
positive interest from users, we construct two separate user-
item interaction graphs by leveraging the skip behaviors ob-
served in the first few seconds of video playback. These
graphs are designed to capture highly and less positive sig-
nals from user interactions, respectively.

Given the user u in the set of users as U , the number of
videos skipped within the first few seconds is denoted as
N

(u)
l , while the remaining videos in the interactions are de-

noted as N (u)
h . Duplicated videos caused by duplicate inter-

action are considered highly positive.
For the highly positive signal, we collect all videos from

the interactions of the user u that were not skipped within
the first few seconds to form the highly positive video set
Vh
u , which is defined as

Vh
u = {vh,1u , vh,2u , . . . , v

h,|Vh
u |

u }, (1)

where each vh,ku represents a video from the interaction his-
tory of user u that was not skipped in the first few seconds.

For the less positive signal, we focus on the videos during
which the user u exhibited delayed skipping behavior after
the first few seconds. This forms the less positive video set
V l
u, defined as

V l
u = {vl,1u , vl,2u , . . . , v

l,|Vl
u|

u }, (2)

where each vl,ku represents a video from the interaction his-
tory of user u that was skipped after the first few seconds.

Given the video sets with highly positive signal Vh
u and

less positive signal V l
u for each user, we construct two cor-

responding user-video interaction graphs. These graphs can
be represented using the interaction matrices Rh and Rl for
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Figure 3: A schematic overview of the proposed dual-path positive graph learning. The video features are processed through
distinct paths corresponding to the adjacency matrices from the highly and less positive graphs, reaching the preference pre-
diction layer. The user embedding and video embedding generated from the two paths are then mean-pooled and concatenated.
The fused features are passed through the prediction layer to output the preference score of the user ui for the video vj .

the highly and less positive relationships. For a set of users U
and videos V , the interaction matrices Rh and Rl are defined
as

Rh
ij =

{
1 if vj ∈ Vh

ui
;

0 otherwise;
(3)

whereas

Rl
ij =

{
1 if vj ∈ V l

ui
;

0 otherwise.
(4)

Using these interaction matrices, we construct the dual-
side adjacency matrices for the user-video graphs as

Ah =

(
0 Rh

(Rh)⊤ 0

)
, (5)

whereas

Al =

(
0 Rl

(Rl)⊤ 0

)
. (6)

These matrices are then normalized to construct the adja-
cency matrices Ãh and Ãl for the highly positive and less
positive interactions, respectively. A symmetric normaliza-
tion approach was used, where values were divided by the
square root of the column and row degrees (He et al. 2020).
The normalized adjacency matrices are given by

Ãh = (Dh)−
1
2Ah(Dh)−

1
2 , (7)

whereas

Ãl = (Dl)−
1
2Al(Dl)−

1
2 , (8)

where Dh and Dl are diagonal matrices representing the de-
gree of nodes in the highly and less positive graphs, respec-
tively. Each entry Dii in these matrices denotes the number

of non-zero entries in the i-th row of the corresponding ad-
jacency matrix.

By constructing and normalizing these graphs, we effec-
tively separate highly and less positive signals, where less
positive signals in this study were treated as negative signals
in conventional studies, based on user skip behaviors which
will enable the recommendation model to better understand
and predict user preferences for micro-video content.

Dual-Path Positive Graph Learning. Inspired by GCNs
success in modeling higher-order interactions by aggregat-
ing information from different-hop neighbors, we extend
this approach to user-video interactions. We derive user em-
beddings via the mechanism of embedding propagation in
GCN models, where user embeddings are generated by ag-
gregating the embeddings of their neighbors. For a user,
neighbors are videos they have interacted with, while for a
video, neighbors are users who interacted with it.

We compute two sets of embeddings for each user, corre-
sponding to highly and less positive interactions, as

Hh
u = σ

((
R̃h

)⊤
H(0)

v W
(1)
h

)
, (9)

whereas

H l
u = σ

((
R̃l

)⊤
H(0)

v W
(1)
l

)
, (10)

where H
(0)
v ∈ R|V|×d denotes the initial video embed-

ding matrix, which is derived from the visual features of the
videos. The matrices R̃h and R̃l are the interaction matrices
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defined in Equations (4) and (5), respectively, and σ(·) rep-
resents the nonlinear activation function. The matrices W (1)

h

and W
(1)
l ∈ Rd×d are trainable weight matrices. Thus, Hh

u

and H l
u are the user embeddings that capture highly and less

positive interactions, respectively, and will be used for sub-
sequent prediction tasks.

To capture higher-order relationships between videos, we
perform a two-hop embedding propagation, which is formu-
lated as

Hh
v = σ

((
R̃h

)⊤
Hh

uW
(2)
h

)
, (11)

whereas

H l
v = σ

((
R̃l

)⊤
H l

uW
(2)
l

)
, (12)

where W
(2)
h and W

(2)
l ∈ Rd×d are trainable weight ma-

trices in the second GCN layer. Since both highly and less
positive interactions represent multiple levels of user prefer-
ence, we can combine these embeddings rather than treating
them separately at this stage. Thus, we apply mean pooling
to obtain the final user and video embedding representations,
defined as

Hu = Mean
(
Hh

u , H
l
u

)
, (13)

whereas
Hv = Mean

(
Hh

v , H
l
v

)
. (14)

In summary, we obtain Hu ∈ R|U|×d and Hv ∈ R|V|×d

as the embeddings of users and videos, respectively. These
embeddings incorporate both highly and less positive inter-
actions, allowing them to represent the users and videos col-
lectively and effectively.

Preference Prediction Layer
After fusing dual-side interest embeddings of users and em-
beddings of videos from different GCN layers, we can now
make the prediction. For a given user ui and video vj , we
index the corresponding user embedding hui ∈ Rd and
video embedding hvj

∈ Rd from Hu and Hv , respectively.
These embeddings are then concatenated and multiplied by a
weight matrix, followed by a non-linear activation function,
and finally multiplied by another weight matrix to output the
final preference score

ẑui,vj
= W (2) · σ(W (1) · [hui

,hvj
]), (15)

where W (1) ∈ R2d×d and W (2) ∈ Rd×1 are the weight
matrices, and [·, ·] denotes the concatenation operation.

Optimization
BPR Loss with Highly/Less Positive and Negative Sam-
ples. In this study, we extend the traditional BPR loss by
incorporating highly positive (s), less positive (w), and neg-
ative (n) samples. For each training interaction involving a
user u and a video v, we construct triplets by sampling two
additional items to get one each of highly/less positive and
negative. This triplet-based sampling strategy ensures that
the model learns both from strong preference interest and
from comparisons between varying levels of user preference
and non-preference.

Dataset #Users #Videos #Interactions
Micro-video-A 12,739 58,291 342,694
KuaiRand-Pure

(Random policy) 27,285 7,583 1,186,059

Table 1: Brief statistics of datasets employed in our study

The BPR loss is computed twice: once using the highly
and less positive items and once using the highly positive
and negative items. The final BPR loss is the average of these
two, which helps in balancing the ability of the model to rank
items within different levels of user preference. The BPR
loss for the highly and less positive interactions is defined as

LBPR,h,l = −
∑

(u,h,l)∈Dh,l

lnσs(ẑu,h − ẑu,l), (16)

where σs is the sigmoid function, ẑu,h and ẑu,l are the pre-
dicted scores for the highly and less positive items, respec-
tively, for user u, and Dh,l represents the set of all training
triples (u, h, l). This step ensures that the model can effec-
tively rank items, even among those that the user has already
shown some preference for, refining the precision of the rec-
ommendation system. Similarly, the BPR loss for the highly
positive and negative items is defined as

LBPR,h,n = −
∑

(u,h,n)∈Dh,n

lnσs(ẑu,h − ẑu,n), (17)

where ẑu,h and ẑu,n are the predicted scores for the highly
positive and negative items, respectively, for user u, and
Dh,n represents the set of all training triples (u, h, n). This
step enhances the ability of the model to distinguish be-
tween items that are highly preferred and those that are not
preferred at all, enhancing the discrimination power of the
model. The overall BPR loss is then computed as the aver-
age of these two losses

LBPR =
1

2
(LBPR,h,l + LBPR,h,n) . (18)

Averaging these losses ensures that the model maintains
a balanced perspective, optimizing both intra-preference
ranking between highly and less positive items and inter-
preference ranking between highly positive and negative
items.

BCE Loss for Supervised Learning. To further enhance
the supervision, we integrate binary cross-entropy (BCE)
loss based on whether a video was skipped or not. BCE loss
treats the problem as a binary classification task, where the
label y = 1 indicates that a video was not skipped, and y = 0
indicates that the video was skipped. The BCE loss is de-
fined as

LBCE = − [y · ln(σs(ẑ)) + (1− y) · ln(1− σs(ẑ))] ,
(19)

where y is the true binary label, and ẑ is the logit, which
is the output before applying the sigmoid function to ob-
tain the predicted probability that the video was not skipped.
This loss enables the model to rank videos while simultane-
ously learning to classify them correctly based on whether
they were skipped, providing a supervised learning signal
that complements the ranking provided by the BPR loss.

12008



Model Precision@3 Recall@3 MAP@3 NDCG@3 Precision@5 Recall@5 MAP@5 NDCG@5

Proposed 0.573*
(± 0.002)

0.623*
(± 0.002)

0.739*
(± 0.002)

0.790*
(± 0.002)

0.540*
(± 0.002)

0.882*
(± 0.001)

0.731*
(± 0.002)

0.812*
(± 0.001)

BM3 0.546
(± 0.003)

0.591
(± 0.003)

0.701
(± 0.005)

0.758
(± 0.004)

0.532
(± 0.002)

0.869
(± 0.001)

0.699
(± 0.003)

0.787
(± 0.003)

FRAME 0.538
(± 0.004)

0.581
(± 0.004)

0.697
(± 0.004)

0.753
(± 0.004)

0.528
(± 0.002)

0.863
(± 0.001)

0.694
(± 0.003)

0.784
(± 0.003)

LightGT 0.506
(± 0.003)

0.563
(± 0.003)

0.660
(± 0.004)

0.720
(± 0.004)

0.505
(± 0.001)

0.856
(± 0.001)

0.664
(± 0.003)

0.760
(± 0.003)

Table 2: The experimental results on the MVA dataset. The highest scores are marked in bold, with statistically significant
paired t-test results (p = 0.01) indicated by an asterisk (*).

Model Precision@3 Recall@3 MAP@3 NDCG@3 Precision@5 Recall@5 MAP@5 NDCG@5

Proposed 0.279*
(± 0.004)

0.632*
(± 0.009)

0.545*
(± 0.010)

0.591*
(± 0.009)

0.234*
(± 0.002)

0.760*
(± 0.006)

0.565*
(± 0.008)

0.637*
(± 0.008)

BM3 0.214
(± 0.014)

0.497
(± 0.029)

0.386
(± 0.037)

0.433
(± 0.037)

0.198
(± 0.009)

0.646
(± 0.027)

0.417
(± 0.035)

0.495
(± 0.035)

FRAME 0.263
(± 0.006)

0.606
(± 0.013)

0.501
(± 0.015)

0.551
(± 0.015)

0.227
(± 0.003)

0.744
(± 0.009)

0.526
(± 0.014)

0.604
(± 0.013)

LightGT 0.169
(± 0.002)

0.411
(± 0.006)

0.291
(± 0.003)

0.335
(± 0.004)

0.170
(± 0.001)

0.564
(± 0.005)

0.326
(± 0.003)

0.402
(± 0.003)

Table 3: The experimental results on the KuaiRand-Pure dataset. The highest scores are marked in bold, with statistically
significant paired t-test results (p = 0.01) indicated by an asterisk (*).

Combined Loss. The final combined loss function inte-
grates the averaged BPR loss with the BCE loss, enabling
the model to learn from both ranking and classification per-
spectives. The combined loss is given by

Lcombined = λLBPR + (1− λ)LBCE, (20)
where λ is a hyperparameter that balances the contributions
of the BPR loss and the BCE loss.

By combining these losses, the model benefits from the
strengths of both approaches: the BPR loss ensures effec-
tive ranking of items according to nuanced user preferences,
while the BCE loss supervises the model in accurately clas-
sifying videos based on user skip behavior. This comprehen-
sive learning process results in a more refined and accurate
recommendation system capable of both ranking items and
predicting user engagement.

Experiments
Experimental Settings
Datasets. Table 1 shows brief statistics of two datasets.
The MVA dataset (Shang et al. 2023) was collected from
a mobile app platform. MVA includes interaction records
containing user IDs, video IDs, playing time, video du-
ration, interaction timestamps, and multi-level user behav-
iors such as likes, follows, and forwards. This dataset pro-
vides a rich context for analyzing user behavior by lever-
aging playing time and video duration to calculate the skip
time for each user. For visual features, a pre-trained con-
volutional network is first used to extract features from
each frame of all videos (Shang et al. 2023). Then, K
frames are sampled from each video, and features are ex-
tracted for each frame. These features are averaged to form

a 128-dimensional vector. The MVA dataset consists of
12,739 users, 58,291 videos, and 342,694 interactions. The
KuaiRand-Pure dataset (Gao et al. 2022b), collected from
the Kuaishou app, one of the largest video-sharing platforms
in China, provides an unbiased sequential recommendation
dataset. This dataset distinguishes itself by intervening in
the recommendation policies of the platform through ran-
dom insertion of selected videos over a two-week period,
allowing for the collection of genuine user feedback with-
out their awareness. The dataset captures 12 types of feed-
back signals, including clicks, favorites, and view time. The
KuaiRand-Pure dataset includes 27,285 users, 7,583 videos,
and 1,186,059 interactions, depending on the recommenda-
tion policy applied. Since the KuaiRand-Pure dataset does
not provide video features, we set up learnable parameters
for node embeddings.

Baselines. We employed three state-of-the-art baselines
in our experiments. Specifically, we used two multi-modal
micro-video recommendation models, FRAME (Shang et al.
2023) and LightGT (Wei et al. 2023b), and one multi-media
recommendation model, BM3 (Zhou et al. 2023). FRAME
constructs a positive-negative graph for clip-level learning
and models a dual-side GCN layer. LightGT inherits from
the LightGCN model and Transformer, developing a modal-
specific embedding and a layer-wise position encoder. BM3
bootstraps latent contrastive views in user-item representa-
tions, utilizing dropout augmentation.

Implementation Details. All models were implemented
using PyTorch 2.3. The entire set of interactions is randomly
sampled at a 6:2:2 ratio for each user to generate the train-
ing, validation, and test sets. Each model utilizes the train-
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Figure 4: Comparison results between total interaction,
highly positive only, and proposed dual-level graph.

Figure 5: Comparison results between BPR loss with unseen
interactions and proposed BRP loss.

ing set to construct the adjacency matrix and is trained for
up to 30 epochs. Early stopping is applied if the recall@3
on the validation set does not improve for five consecutive
epochs. The evaluation measures include Top-k recall, pre-
cision, mean average precision (MAP), and normalized dis-
counted cumulative gain (NDCG) at k = {3, 5}. Preference
prediction is conducted on the items associated with users in
the test interactions.

To ensure robust results in a statistical way, data split-
ting, training, and testing were repeated ten times in the
MVA dataset and seven times in the KuaiRand-Pure dataset.
For performance comparison, statistical significance was as-
sessed using a paired t-test implemented via the SciPy open-
source library. Each model was trained with a batch size of
1024 using the AdamW optimizer (Loshchilov and Hutter
2019) with a momentum of 0.9 and a weight decay of 1e-4.
The learning rate starts at 1e-3 and decays to 1e-6 following
a cosine annealing schedule. Each model was trained based
on the loss function suggested in the original papers. The
feature dimension d is set to 128, and λ is set to 0.5.

Experimental Results
Comparison Results. As shown in Tables 2 and 3, the two
experimental results demonstrate that the proposed method
outperforms the comparison models across two different

datasets. Table 2 presents results on the MVA dataset, the
proposed method achieved the highest scores in all evalua-
tion measures. Notably, the proposed method significantly
outperformed other models with statistical significance at
the p=0.01 level across all measures. Table 3 shows the
results on the KuaiRand-Pure dataset, where the proposed
method again achieved the best performance in all evalu-
ation measures. In this dataset, the proposed method also
significantly outperformed the other models with a p=0.01
level of statistical significance. Both experiments consis-
tently demonstrate the superior performance of the proposed
method compared to the conventional models. This consis-
tent superiority across different datasets highlights the effi-
cacy of the proposed method.

Ablation Study. Figures 4 and 5 illustrate the experimen-
tal results of the ablation study on the proposed model. As
shown in Figure 4, we examined the performance of differ-
ent graph construction methods. In the field of micro-video
recommendation, the model can be trained using all interac-
tions as positive signals, especially when there is a lack of
explicit feedback or playing time data. Alternatively, playing
time can be used to filter out data where skipping occurs, al-
lowing the model to learn high-confidence user preferences.
The proposed dual-level positive graph construction method
outperformed both of these approaches. Using total inter-
action data without distinguishing is overly naive and can
hinder the learning process. Furthermore, the relatively su-
perior performance of the proposed model compared to the
only highly approach suggests that less positive interactions
can provide valuable information for interaction modeling.

As seen in Figure 5, we compared the widely used nega-
tive sampling for unseen interactions with the proposed BPR
loss. The proposed BPR loss demonstrated superior perfor-
mance, indicating that negative interactions that mean quick
skip have a clearly defined relative ranking compared to
highly positive interactions that were fully viewed. Further-
more, the dual BPR loss, which includes the less positive in-
teractions, constructs a hierarchical ranking, suggesting that
it warrants further investigation in future research.

Conclusion
This study proposes a dual-graph-based micro-video recom-
mender system that effectively utilizes the granular details
of user interactions, particularly by distinguishing based on
skip behaviors between fully-viewed interactions, delayed
skips, and quick skips. The experimental results demonstrate
that our approach outperforms three conventional methods
across eight evaluation measures on two public micro-video
datasets.

In future research, we aim to develop methods that are
not dependent on specific thresholds, such as 5 seconds,
enabling their application to a wide range of datasets. For
instance, in the KuaiRec dataset (Gao et al. 2022a), many
skips occur even after 10 seconds. This indicates that user
behavior may vary depending on the platform. In addition,
advanced designs such as attention mechanisms (Tao et al.
2020; Liu, Li, and Tian 2022) can be incorporated into sub-
modules to enhance the efficacy of the proposed model.
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