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Abstract

Typical Bayesian methods for models with latent variables (or random ef-
fects) involve directly sampling the latent variables along with the model
parameters. In high-level software code for model de�nitions (using, e.g.,
BUGS, JAGS, Stan), the likelihood is therefore speci�ed as conditional on
the latent variables. This can lead researchers to perform model comparisons
via conditional likelihoods, where the latent variables are considered model
parameters. In other settings, typical model comparisons involve marginal
likelihoods where the latent variables are integrated out. This distinction
is often overlooked despite the fact that it can have a large impact on the
comparisons of interest. In this paper, we clarify and illustrate these issues,
focusing on the comparison of conditional and marginal Deviance Informa-
tion Criteria (DICs) and Watanabe-Akaike Information Criteria (WAICs) in
psychometric modeling. The conditional/marginal distinction corresponds
to whether the model should be predictive for the clusters that are in the
data or for new clusters (where �clusters� typically correspond to higher-level
units like people or schools). Correspondingly, we show that marginal WAIC
corresponds to leave-one-cluster out (LOcO) cross-validation, whereas con-
ditional WAIC corresponds to leave-one-unit (LOuO). These results lead to
recommendations on the general application of these criteria to models with
latent variables.

Keywords: Bayesian information criteria, conditional likelihood, cross-
validation, DIC, IRT, leave-one-cluster out, marginal likelihood, MCMC,
SEM, WAIC.
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from the left- and right-handed couplings extracted from forward-backward asymmetries and
charge asymmetries in two-fermion processes, different high-scale models can be discriminated
(cf. e.g. [25]).

One final remark: if something similar like the 2 TeV anomaly in WW/WZ/ZZ at the end
of the 8 TeV run or the 750 GeV anomaly in diphotons will remain at the end of run II or the
high-lumi run, then the ILC is the only option in the near future to comfirm or refute such a
signal.

3 Summary

In this talk I tried to collect the facts in favor of a future high-energy lepton collider (that
is capable to reach at least 500 GeV) with the focus lying on new physics beyond the SM. Both
the two main SM pillars, the Higgs boson and top quark measurements serve as indirect tools
for new physics searches, but there is also a plethora of direct search opportunities at such a
machine. Most prominent examples are dark matter searches, searches for other light weakly
coupling particles, and a scan over all weakly interacting particles. The interplay of the ILC
with the LHC, but more importantly with future hadron machines is elucidated. Conditions,
or better, scenarios for possible BSM discoveries at the ILC have been given. Several prime
examples for the BSM potential of the ILC have been highlighted.
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maries extracted by RNES are of higher quality than sum-
maries produced by previous works.

Table 2: Performance comparison on CNN/Daily Mail test
set, evaluated with full-length F1 ROUGE scores (%). All
scores of RNES are statistically significant using 95% con-
fidence interval with respect to previous best models.

Model R-1 R-2 R-L
Lead-3 39.2 15.7 35.5
(Nallapati et al. 2016) 35.4 13.3 32.6
(Nallapati et al. 2017) 39.6 16.2 35.3
(See et al. 2017) 39.53 17.28 35.38
NES 37.75 17.04 33.92
RNES w/o coherence 41.25 18.87 37.75
RNES w/ coherence 40.95 18.63 37.41

Though RNES with the coherence reward achieves higher
ROUGE scores than baselines, there is a small gap between
its score and that of RNES trained without coherence model.
This is because that the coherence objective and ROUGE
score do not always agree with each other. Since ROUGE
is simply computed based on n-grams or longest common
subsequence, it is ignorant of the coherence between sen-
tences. Therefore, enhancing coherence may lead to a drop
of ROUGE. However, the 95% confidence intervals of the
two RNES models overlap heavily, indicating that their dif-
ference in ROUGE is insignificant.

Table 3: Comparison of human evaluation in terms of infor-
mativeness(Inf), coherence(Coh) and overall ranking. Lower
is better.

Model Inf Coh Overall
RNES w/o coherence 1.183 1.325 1.492
RNES w/ coherence 1.125 1.092 1.209

We also conduct a qualitative evaluation to find out
whether the introduction of coherence reward improves the
coherence of the output summaries. We randomly sample
50 documents from the test set and ask three volunteers to
evaluate the summaries extracted by RNES trained with or
without coherence as the reward. They are asked to compare
and rank the outputs of two models regarding three aspects:
informativeness, coherence and overall quality. The better
one will be given rank 1, while the other will be given rank
2 if it is worse. In some cases, if the two outputs are iden-
tical or have the same quality, the ranks could be tied, i.e.,
both of them are given rank 1. Table 3 shows the results of
human evaluation. RNES model trained with coherence re-
ward is better than RNES model without coherence reward
in all three aspects, especially in the coherence. The result
indicates that the introduction of coherence effectively im-
proves the coherence of extracted summaries, as well as the
overall quality. It is surprising that summaries produced by
RNES with coherence are also more informative than RNES
without coherence, indicating that ROUGE might not be the
gold standard to evaluate informativeness as well.

Table 4 shows a pair of summary produced by RNES with

or without coherence. The summary produced by RNES
without coherence starts with pronoun ‘That’ which is refer-
ring to a previously mentioned fact, and hence it may lead to
confusion. In contrast, the output of RNES trained with co-
herence reward includes the sentence “The earthquake dis-
aster . . . ” before referring to this fact in the second sentence,
and therefore is more coherent and readable. This is because
the coherence model gives a higher score to the second sen-
tence if it can form a coherent sentence pair with the first
sentence. In REINFORCE training, if the second sentence
receives a high coherence score, the action of extracting the
first sentence before the second one will be strengthened.
This example shows that coherence model is indeed effec-
tive in changing the behavior of RNES towards extracting
summaries that are more coherent.

Table 4: Examples of extracted summary.
Reference: Peter Spinks from the Sydney Morning Herald re-
ported on Amasia. Within 200 million years, he said the new
supercontinent will form. One researcher recently travelled to
Nepal to gather further information. He spotted that India, Eura-
sia and other plates are slowly moving together.
RNES w/o coherence: That’s according to one researcher who
travelled to the country to study how the Indian and Eurasian
plates are moving together. And using new techniques, re-
searchers can now start examining the changes due to take
place over the next tens of millions of years like never before.
Earth’s continents are slowly moving together, and in 50 to 200
million years they are expected to form a new supercontinent
called Amasia. In 2012 a study suggested this may be centered
on the North Pole. The idea that Earth is set to form a new
supercontinent-dubbed Amasia - is not new.
RNES w/ coherence: The earthquake disaster in Nepal has
highlighted how Earth’s land masses are already in the pro-
cess of forming a new supercontinent. That’s according to
one researcher who travelled to the country to study how the In-
dian and Eurasian plates are moving together. And using new
techniques, researchers can now start examining the changes
due to take place over the next tens of millions of years like
never before. Earth’s continents are slowly moving together, and
in 50 to 200 million years they are expected to form a new su-
percontinent called Amasia.

Conclusion
In this paper, we proposed a Reinforced Neural Extractive

Summarization model to extract a coherent and informative
summary from a single document. Empirical results show
that the proposed RNES model can balance between the
cross-sentence coherence and importance of the sentences
effectively, and achieve state-of-the-art performance on the
benchmark dataset. For future work, we will focus on im-
proving the performance of our neural coherence model and
introducing human knowledge into the RNES.
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Abstract

Gesture typing is a method of text entry that is ergonomically well-suited to the form factor of
touchscreen devices and allows for much faster input than tapping each letter individually. The
QWERTY keyboard was, however, not designed with gesture input in mind and its particular
layout results in a high frequency of gesture recognition errors. In this paper, we describe a
new approach to quantifying the frequency of gesture input recognition errors through the use of
modeling and simulating realistically imperfect user input. We introduce new methodologies for
modeling randomized gesture inputs, efficiently reconstructing words from gestures on arbitrary
keyboard layouts, and using these in conjunction with a frequency weighted lexicon to perform
Monte Carlo evaluations of keyboard error rates or any other arbitrary metric. An open source
framework, Dodona, is also provided that allows for these techniques to be easily employed
and customized in the evaluation of a wide spectrum of possible keyboards and input methods.
Finally, we perform an optimization procedure over permutations of the QWERTY keyboard to
demonstrate the effectiveness of this approach and describe ways that future analyses can build
upon these results.

Keywords: touchscreen keyboards, gesture input, model-based design, Monte Carlo simulation

1. Introduction

The advent of smartphones and tablets has made the use of touchscreen keyboards pervasive
in modern society. However, the ubiquitous QWERTY keyboard was not designed with the
needs of a touchscreen keyboard in mind, namely accuracy and speed. The introduction of
gesture or stroke-based input methods significantly increased the speed that text could be entered
on touchscreens [Montgomery (1982); Zhai and Kristensson (2003); Zhai et al. (2009); Kushler
and Marsden (2006)]. However, this method introduces some new problems that can occur when
the gesture input patterns for two words are too similar, or sometimes completely ambiguous,
leading to input errors. An example gesture input error is illustrated in Figure 1. A recent study
showed that gesture input has an error rate that is about 5-10% higher compared to touch typing
[Bi et al. (2013)]. With the fast and inherently imprecise nature of gesture input the prevalence
of errors is unavoidable and the need to correct these errors significantly slows down the rate
of text entry. The QWERTY keyboard in particular is poorly suited as a medium for swipe
input. Characteristics such as the “u”, “i”, and “o” keys being adjacent lead to numerous gesture
ambiguities and potential input errors. It is clearly not the optimal layout for gesture input.
Preprint submitted to International Journal of Human-Computer Studies May 28, 2020

(d)

Figure 4: Documents selected for our preliminary cognitive experiment.
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Doc 1 Doc 2 Doc 3 Doc 4
Q1 Q2 AVG Q1 Q2 AVG Q1 Q2 AVG Q1 Q2 AVG

A 1 1.48 3.81 2.65 19.52 25.27 22.40 11.91 4.12 8.02 12.98 29.12 21.05
A 2 9.23 4.44 6.84 5.12 5.63 5.38 24.5 31.62 28.06 7.02 4.92 5.97
A 3 3.76 2.76 3.26 7.19 5.77 6.48 9.19 5.77 7.48 3.93 12.55 8.24
A 4 8.66 21.05 14.86 3.49 2.9 3.20 15.9 11.2 13.55 6.9 17.96 12.43

Table 6: Time (in seconds) taken by each annotator to answer each question. Average per document is also reported.
Yellow cells indicate that the document layout was provided for corresponding documents and annotators.

Each model is trained from scratch on the MIX
dataset for 10k steps with a batch size of 8, except
for Longformer which was trained with a smaller
batch size of 4 due to memory limitations. We
use the Adam optimizer with weight decay fix
(Loshchilov and Hutter, 2017), a weight decay of
0.01 and (β1, β2) = (0.9, 0.999). The learning
rate is set to 1e−4 and linearly warmed up over the
first 100 steps. The maximum sequence length is
set to n = 512, with the exception of Longformer
and LongSkimformer, for which n = 2, 048. Fol-
lowing BERT, we mask 15% of the text tokens in
MVLM, among which 80% are replaced by a spe-
cial token [MASK], 10% are replaced by a random
token, and 10% remains the same.

Document Layout Analysis Each model pre-
trained on MIX is fine-tuned on DocBank’s doc-
ument layout analysis task for 10 epochs, with a
learning rate of 5e−5 and a batch size of 8 (except
for Longformer which was fine-tuned with a batch
size of 4). The models are extended with a token-
classification head on top, consisting of a linear
layer followed by a softmax layer, and are trained
using cross-entropy.

For SkimmingMask, we select the Skim-
Attention module from the Skimformer model pre-
trained from scratch on MIX. We then plug it into
a BERT model, also pre-trained from scratch on
MIX. The resulting model is fine-tuned with the
same settings as described previously.

C Benchmark

Using Hugging Face’s Transformers benchmark-
ing tools (Wolf et al., 2020), we benchmark Skim-
former and LayoutLM on both speed and required
memory for pre-training. We consider the base
variant of LayoutLM, and use the implementation
from the Transformers library. In addition to the
full Skimformer, we evaluate a variant in which the
small Transformer contextualizing layout embed-
dings is removed (Skimformer-no-context). The
batch size is fixed to 8, and memory and time per-

formance is evaluated for the following sequence
lengths: 8, 32, 128 and 512. We use Python 3.7.10,
PyTorch 1.8.1+cu101 (Paszke et al., 2019), and
Transformers 4.6.0.dev0. All experiments were
conducted on one Tesla T4 with 15GB of RAM.

Figure 5b reports the time (figure 5a) and peak
memory consumption (figure 5b) with respect to
the sequence length.

D Attention Visualization

Figure 6 contains the attention maps obtained by
Skimformer on two documents sampled from Pub-
LayNet (Zhong et al., 2019). For each sample, we
average the attention scores of tokens belonging
to a given semantic unit, and map the result to the
document image. In the first document (figure 6a),
we focus on the top table (left) and the bottom one
(right). In the second sample (figure 6b), we inves-
tigate the title (left), the authors (center) and the
abstract (right).
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(a) Time usage for pre-training. (b) Memory usage for pre-training.

Figure 5: Comparison of time and memory usage for LayoutLM (green), Skimformer with layout contextualizer
(orange) and without (blue). Results are plotted against sequence length.

(a) Skim-attention maps corresponding to the top table (left) and the bottom table (right).

(b) Skim-attention maps corresponding to the title (left), the authors (center) and the abstract (right).

Figure 6: Skim-Attention maps on two sample documents.


