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Figure 3: Procedure of tuning β and a1 for POH-All. The red
dotted line marked the optimal settings

Figure 4: Performance comparison on Tau of Hypergraph
and POH-based methods w.r.t. different k .

of student’s t-test between POH-based methods and all the other
methods are smaller than 0.05, indicating the significance of the
performance improvements.

As we constructed hypergraphs by connecting a vertex with its
k-nearest vertices, larger k makes the POH-based methods con-
sider more vertex pairs with the given partial-order relations (these
pairs would be eliminated if the vertex pair is not connected by
any hyperedge). It is thus interesting to see how does the setting
of k impact the performance of POH learning. Figure 4 shows the
performance of Tau of Hypergraph and our POH-based methods
on different k . Note that other hyperparameters have been fairly
tuned for each setting of k . As can be seen, all POH-based meth-
ods outperform the Hypergraph on all settings. It demonstrates
that the proposed POH learning consistently outperforms the con-
ventional hypergraph, regardless of the underlying hypergraph
structure. Moreover, all POH-based methods achieve performances
better than those reported in Table 1, which shows the performance
of POH methods on the optimal k of Hypergraph only. It reveals
the potential of POH-based methods on further improvements if a
better hyperparameter tuning strategy is applied.

5.2.2 Result Analysis. To understand the results better, we per-
formed finer-grained error analysis. Given the result generated by
a method, we generated an array of rank positions (integers from
1 to N ) for universities, computing the absolute error on the rank
position on each university.

Figure 5 depicts the distribution of the absolute rank errors as a
boxplot. As can be seen, the rank error distribution of POH-based
methods is more dense and centralizes at smaller medians than
that of Simple Graph and Hypergraph. It provides sufficient ev-
idence on the better ranking generated by the POH-based methods.
Moreover, we find that Simple Graph and Hypergraph make er-
rors larger than 5 on about 25% of the universities, which is rarely

Figure 5: Distribution of absolute rank errors.

Figure 6: Percentage of correctly ranked university pairs.

seen from POH-based methods. Meanwhile, the largest error made
by Simple Graph and Hypergraph is almost two times that of
POH-based methods. These results demonstrate that POH-based
methods are more robust, thus being more applicable in real-world
applications. Among the baselines, GMR achieves the smallest
rank error, which is comparable with POH-Salary. This signifies
the usefulness of modelling the relations among data from differ-
ent channels, which could be a future direction to be explored by
POH-based methods.

Besides the investigation on pointwise rank errors, we further
performed an analysis on pairwise ranks. For each method, we
counted the number of university pairs that are ranked correctly,
and drew the percentage of correct pairs in Figure 6. As shown,
POH-based methods manage to generate ranks with correct order
on 1% more university pairs than Simple Graph, Hypergraph,
and GMR, further demonstrating the accuracy and advantage of
POH-based methods. Considering that there are more than 80,000
university pairs, an improvement of 1% (correctly ranking 800+
pairs) is a significant improvement.

Finally, we studied whether the ranking generated by ourmethod
POH-All is consistent with the four popular Chinese university
ranking systems of year 2016 (cf. Section 5.1.1). We evaluated the
pairwise correlation (Tau) and listwise correlation (Rho) between
the ranked lists of the five ranking systems (POH-All and the four
existing systems). The results are shown in Table 2. We can see that
our method achieves rather high correlations with existing ranking
systems, and it correlates most with WH. This shows that our
result is relatively consistent with these manually devised ranking
systems, implying that our POH-based re-ranking method shall be
acceptable by the general readers.
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Table 2: Pairwise and listwise correlations between the ranking results of POH-All and four Chinese university ranking sys-
tems. Entries in bold denote the most correlated result to the method of the corresponding column.

Tau Rho
CUAA WSL WH iPIN POH CUAA WSL WH iPIN POH

CUAA - 0.763 0.778 0.431 0.765 - 0.903 0.903 0.573 0.886
WSL 0.763 - 0.823 0.459 0.806 0.903 - 0.950 0.627 0.943
WH 0.778 0.823 - 0.469 0.832 0.903 0.950 - 0.645 0.961
iPIN 0.431 0.459 0.469 - 0.569 0.573 0.627 0.645 - 0.750
POH 0.765 0.806 0.832 0.569 - 0.886 0.943 0.961 0.750 -

6 POPULARITY PREDICTION
Predicting the popularity of online content is a hot research topic in
social media mining and has varying problem statements [16, 33].
Following the recent work on micro-video popularity prediction [5],
we formulated the task as a semi-supervised regression problem.
Given N +U items with a feature matrix X ∈ R(N+U )×M and the
ground-truth popularity of the N items y ∈ RN , the objective is to
learn a function ŷi = f (xi) that maps an item from the feature space
to the popularity space. To solve the problem, we first constructed
a POH with partial-order relations on some important numerical
features (detailed later in experiments). We then derived an instanti-
ation of the general framework Equation (8) for the semi-supervised
regression task as follows:

Γ = ŷT Lŷ + λ
N∑
i=1

(ŷi − yi )2 + β
R∑
r=1

ar
|Hr |

∑
{i, j |H r

i j,0}
ReLU ((ŷj − ŷi )H r

i j ),

(13)
where ŷ = [ŷ1, · · · , ŷN , ŷN+1, · · · , ŷN+U ] ∈ RN+U , denoting the
prediction of all items (both with labels and without labels).

6.1 Experiment Settings
6.1.1 Dataset. We employed the same dataset as [5] for experi-

ments. It contains 9,719 micro-videos collected from Vine6, posted
between July 1st and October 1st, 2015. Each micro-video has vi-
sual, audio, and textual contents, as well as the profile of the user
who posted it. With these data, the authors of [5] extracted a rich
set of popularity-oriented features, such as user activities, object
distribution, aesthetic description, sentence embedding, and tex-
tual sentiment polarity, to represent a micro-video. To measure
the popularity of a micro-video, they employed four popularity-
related indicators, namely, the number of comments (n_comments),
the number of likes (n_likes), the number of reposts (n_reposts),
and the number of loops (n_loops); the four indicators were aver-
agely fused ((n_comments + n_likes + n_reposts + n_loops)/4) as
the popularity ground-truth for a micro-video.

6.1.2 Evaluation. We performed 10-fold cross-validation and
evaluated the performance in terms of three metrics. From the
regression perspective, we followed the previous work [5] and
employed normalized mean square error (nMSE). Meanwhile, we
utilized two ranking-oriented metrics, Tau and Rho correlation
coefficients. Besides, we carried out the student’s t-test and reported
the p-values where necessary.

6.1.3 Methods. We compare with following baselines:

6https://vine.co/.

• Simple Graph [49]: We applied the same setting as the Simple
Graph described in Section 5.1.3.

• Hypergraph [3]: We also adopted the same setting as the Hy-
pergraph in Section 5.1.3.

• TMALL [5]: This method first calculates a simple graph Lapla-
cian matrix with features from each modality (visual, audio, etc.).
It then learns a common space Laplacian matrix by considering
the relations among different modalities and fusing the corre-
sponding graph Laplacian matrices. It finally performs a simple
graph learning like Simple Graph on the common Laplacian
matrix. We followed the settings as reported in their paper.

• GCN [21]: This is the state-of-the-art graph learning method by
using graph convolutional neural networks. We replaced the log
loss term in their implementation with the same mean squared
loss in Equation (13) for a fair comparison. We carefully tuned
four hyperparameters, namely, learning rate, dropout ratio, l2-
norm weight and hidden layer size.

• LR-HG: This method is similar to Hypergraph. Instead of di-
rectly learning ŷ, we parameterized it as a linear regression (LR)
model on features. The optimization process learns the parame-
ters of LR, which is then used to predict ŷ.

We evaluated several POH methods on the same hypergraph struc-
ture of Hypergraph:

• POH-Follow: This method considers a partial-order relation on
the follower feature (i.e., the number of followers of the user who
posted the video). It encodes the logical rule f ollowers>(xi, xj) →
popularity>(xi, xj), meaning that xi would be more popular than
xj if the user of xi has more followers than that of xj.

• POH-Loop: This method has the same setting as POH-Follow,
besides that it encodes another partial-order relation on the loop
feature (i.e., total number of views of all videos posted by a user).

• POH-All: This method jointly encodes the two partial-order rela-
tions in POH-Follow and POH-Loop. We set the corresponding
rule importance hyperparameters as a1 and 1 − a1, respectively.

• LR-POH: Similar to LR-HG, this method parameterizes the ŷ
of POH-All as a linear regression model on input features.

6.1.4 Hyperparameter Tuning. We employed the same proce-
dure as described in Section 5.1.4 to tune the hyperparameters of
POH methods. Optimal hyperparameter settings of each compared
method will be released together with their codes. We investigated
the sensitivity of our proposed POH-based methods by taking POH-
All as an example. Figure 7 illustrates the performance of POH-All
while varying one hyperparameter and fixing the others with opti-
mal values. Again, the results demonstrate that our model is not
sensitive to the parameters around their optimal settings.
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Figure 7: Procedure of tuning β and a1 for POH-All. The red
dotted line marks the optimal settings.

Table 3: Performance comparison on popularity prediction.
Methods nMSE Tau Rho

Simple Graph 0.999 ± 1e-3 0.137 ± 2e-2 0.200 ± 2e-2
Hypergraph 1.000 ± 4e-5 0.165 ± 3e-2 0.240 ± 4e-2
TMALL7 0.979 ± 9e-3 - -

POH-Follow 1.000 ± 4e-4 0.393 ± 3e-2∗ 0.562 ± 3e-2∗
POH-Loop 0.997 ± 2e-3 0.376 ± 2e-2∗ 0.540 ± 3e-2∗
POH-All 0.989 ± 9e-3 0.419 ± 2e-2∗∗ 0.592 ± 3e-2∗∗

GCN 0.919 ± 6e-2 0.171 ± 2e-2 0.252 ± 3e-2
LR-HG 0.846 ± 1e-1∗ 0.117 ± 2e-2 0.182 ± 3e-2
LR-POH 0.724 ± 2e-1∗∗ 0.350 ± 2e-2∗ 0.496 ± 3e-2∗

∗ and ∗∗ denote that the corresponding performance is significantly better
(p-value < 0.05) than all baselines and all other methods, respectively.

6.2 Experiment Results
6.2.1 Method Comparison. We first investigated the effective-

ness of the proposed methods. Table 3 shows the performance of
all the compared methods. We have the following findings:
(1) Hypergraph outperforms Simple Graph w.r.t. Tau and Rho,
although they achieve the same performance level on nMSE. It
verifies that considering the higher-order relations among videos
leads to popularity prediction with more accurate relative orders.
(2) POH-Follow and POH-Loop further surpass Hypergraph
with an average improvement of 133.03% and 129.58% on the pair-
wise and listwise ranking metrics; meanwhile, slight improvement
is obtained on the pointwise regression metric nMSE. This indicates
that considering meaningful partial-order relations is particularly
helpful for better predicting the relative order of the videos.
(3) POH-All outperforms POH-Follow and POH-Loop with a
significant average improvement on Tau (+8.97%) and Rho (+7.44%)
as well as a slight improvement on nMSE. It validates that jointly
considering multiple partial-order relations is useful.
(4) Comparing Hypergraph with LR-HG, we can see that better
nMSE can be achieved by using LR as the predictive model, but
the two ranking metrics become worse. The same situation can be
observed for POH-All and LR-POH. This provides evidence that
using a sophisticated model can better fit the labels and help to
minimize the regression loss, however, the ranking performance
may not be necessarily improved. The same finding has been ob-
served before in popularity prediction [16] and another orthogonal
application of item recommendation [7]. In our case of graph-based
learning, the regularizers (for smoothness and partial-order rules)
carry strong signals for learning the relative orders between ver-
tices. However, the regularization effects might be weakened when

7This result is directly copied from the corresponding paper since we exactly followed
their experimental settings.

Figure 8: Performance comparison on Tau of Hypergraph
and POH-based methods w.r.t. different k .

a specialized model is used to fit the label in the meantime. We
leave more detailed exploration of this hypothesis as future work.
(5) GCN outperforms POH-All w.r.t. nMSE, while Tau and Rho
indicate that its ranking performance is worse. The lower nMSE
of GCN can be credit to the strong representation power of the
underlying neural network, which can fit the labels well. However,
GCNmay overfit the data and fail to predict the popularity ranking
well without regularization on the relative orders of vertices.
(6) LR-POH achieves the best performance with significantly better
nMSE than all the other compared methods as well as tremendously
better Tau and Rho than all the baseline methods. This further
demonstrates the effectiveness of our proposed POH learning.

We further studied whether the performance improvements of
the proposed POH-based methods are consistent under different
hypergraph settings. We compared the optimal performance of
Hypergraph, POH-Follow, POH-Loop, and POH-All under dif-
ferent values of k , which controls the number of videos connected
by a hyperedge. As illustrated in Figure 8, all POH-based methods
outperform the Hypergraph under all the values of k by a large
margin. It is worth noting that the optimal performance of POH
methods are better than that shown in Table 3 (Table 3 shows the
results of POH on the optimal setting of Hypergraph). This is con-
sistent with the university ranking task, which implies the potential
of further improving POH learning with a better hyperparameter
tuning strategy.

7 CONCLUSIONS
In this paper, we proposed a novel partial-order hypergraph that
improves conventional hypergraphs by encoding the partial-order
relations among vertices. We then generalized existing graph-based
learning methods to partial-order hypergraphs by integrating the
second-order logic rules that encode the partial-order relations;
moreover, the time complexity of learning remains unchanged.
Experimental results on university ranking and video popularity
prediction demonstrate the effectiveness of our proposed methods.

In future, we will explore the proposed POH to address more
graph-based applications. Besides, we will further improve POH
learning by replacing the linear prediction function from feature to
label spaces with the advanced deep neural networks. Moreover,
we plan to optimize the spatial complexity of POH with discrete
hashing techniques like [46]. Furthermore, we would like to investi-
gate the automatic extraction of partial-order relations and logical
rules to construct POH.
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