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A Topicwise consistency

We study trends in topic-wise accuracy of models
as they read more context information. Bert
no-para model does not have access to any
context or paragraph, except the language model’s
background knowledge from Wikipedia. By
reading the paragraph context Bert with-para
model performs much better on certain topics
such as Pollination, blood, mountain,
evaporation but the impact of reading is much
less on topics such as Igneous rocks, plant
crops, solar eclipse, DNA replication.
Topics such as blood are very popular on
Wikipedia and distributed across several very
different articles. These topics are harder for BERT
as it requires additional paragraph context to
understand the question.

topic BERT (no para) BERT
igneous rock 0.66 0.64
plant crops 0.61 0.61
solar eclipse 0.43 0.43
frog 0.59 0.62
DNA replication 0.58 0.63
water cycle 0.63 0.69
fish 0.5 0.57
pumpkin 0.61 0.69
pollination 0.62 0.75
blood 0.62 0.76
mountain 0.57 0.72
evaporation 0.42 0.67

Table 1: As the Bert model (that has access to the
paragraph in context) reads more paragraphs in con-
text, its accuracy is better. Reading helps certain
topics such as Pollination, blood, mountain,
evaporation more than others
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B Crowdsourcing Influence Graphs

We crowdsource influence graphs by getting the
graphs constructed progressively, with the help of
five questions stated in Figure 3. At first, the turkers
see an empty graph in Figure 1.

Figure 1: At the start of the process to annotate an in-
fluence graph for a given paragraph, the annotators see
a blank influence graph with the basic structure.

Figure 2: As the annotators answer questions in Fig. 3,
a partial influence graph emerges. As they answer ques-
tions, the annotators found it useful to validate their an-
swers by examining the emerged influence graph.

When the annotators answer the first question



Figure 3: The interface shown to the annotators on Mechanical turk platform. Given a paragraph in yellow back-
ground, the annotators answer the five questions and an influence graph emerges from their answers.

(shown in Fig. 3), two nodes of the partial influence
graph are filled (depicted in Fig. 2).

Once all the questions are answered, the influ-
ence graph will be ready. During the process of
annotation, there are appropriate validations for
quality control.

C Sample Influence Graphs

To get an impression of our crowdsourced influence
graph repository, we display four paragraphs (not
hand picked) in Figures 4, 5, 6, 7. These range
from natural process, to human body process and
mechanical process.



Figure 4: Influence graph for a paragraph from the topic evaporation

Figure 5: Influence graph for a paragraph from the topic flashlight



Figure 6: Influence graph for a paragraph from the topic lungs

Figure 7: Influence graph for a paragraph from the topic minerals


