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Fig. 12: Memory Usage Comparison

days after the model is trained. In contrast, for PLC_const,
the user and web page memberships learnt from the training
data cannot remain effective when the gap grows.

According to their requirements, the publishers can de-
cide when the model needs to be re-trained in order to keep
high prediction performance upon updating the users and
webpage information. For example, a publisher may select
0.5 as the bottom line for RMSD at any target scroll depth.
In other words, the model has to be re-trained once RMSD
at any target scroll depth increases to 0.5. In this case, based
on the experimental results we present, PLC_const needs to
be re-trained approximately every 10 days, while PLC_dyn
does not have to be updated for more than 20 days.

8.9 Performance on Different Training Data Sizes

TABLE 4: Dataset Partitions with Different Sizes

Training Data
07/26/2015 (1d)
07/17/2015-07/26/2015 (10d)
07/07/2015-07/26/2015 (20d)

Testing Data (1d)

07/27/2015

Web sites receive new users and publish new web arti-
cles all the time. It is very difficult to draw any inference for
these new users and new webpages due to insufficient in-
formation about them in training data set. This “cold-start”
issue is very prevalent in real-life scenarios. The purpose
of this experiment is to test the effect of different training
data sizes on the PLC models’” performance. Generally, the
smaller the training data, the less information is known
about users and webpages. The dataset is re-partitioned
by fixing the testing dates and varying the time period of
the training data, as shown in Table 4. Figure 10 shows the
comparison of PLC_dyn and PLC_const in terms of different
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training data sizes. Figure 11 shows the comparison with 1-
day and 20-day at all target scroll depths.

PLC_dyn has better
RMSD performance with
the increase of the training o
data size because large
training data lead to
optimal weight parameters. z
However, the improvement  ox
becomes smaller when the  °*
training data size keeps
increasing because the
optimal feature weights
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Fig. 10: The Average RMSDs
have been obtained. The with Different Training Sizes
fact that the PLC_dyn across All Target Scroll Depths
has better performance

with small training data indicates that it is more suitable
for handling the “cold-start” issue. The performance of
PLC_const surprisingly decreases when the training data
size increases from 10-days to 20-days. The reason is that
the user interest and article attractiveness change over time,
which subsequently hurt the prediction performance.

8.10 Memory Usage Comparison

Figure 12 shows the memory usage comparison between
the two models. PLC_dyn requires much less memory than
PLC_const for both training and testing. The main reason
is that PLC_const has to store the memberships of all users
and webpages that occur in the training data, which has
N - Nyser and N, - Npgge memberships. N is the number
of latent user classes, while N, is the number of latent
webpage classes. Ny, ¢, is the number of users in the training
data, while N4 is the number of webpages in the training
data. In the experiments, N is set to 8 and N, is set to 7.
The magnitudes of Nyser and Npqge are 10%. On the other
hand, PLC_dyn only has to store the parameters in the linear
functions, ie. «a,3, which have |f“| and |[f%| numbers,
respectively. As stated in Section 6, |f*|is 7 and |f¢] is 5.

9 CONCLUSIONS

To the best of our knowledge, our research is the first to
study the problem of predicting the viewability probability
for a given scroll depth and a user/webpage pair. Solving
this issue can benefit online advertisers to allow them to in-
vest more effectively in advertising and can benefit publish-
ers to increase their revenue. We presented two PLC models,
i.e., PLC with constant memberships and PLC with dynamic
memberships, that can predict the viewability for any given
scroll depth where an ad may be placed. The experimental
results show that both PLC models have substantially better
prediction performance than the comparative systems. The
PLC with dynamic memberships can better adapt to the
shift of user interests and webpage attractiveness and has
less memory consumption.
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