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Abstract
Conversational machine reading comprehension
(MRC) has proven significantly more challenging compared to traditional MRC since it requires
better utilization of conversation history. However, most existing approaches do not effectively
capture conversation history and thus have trouble handling questions involving coreference or
ellipsis. We propose a novel graph neural network (GNN) based model, namely G RAPH F LOW,
which captures conversational flow in the dialog.
Specifically, we first propose a new approach to
dynamically construct a question-aware context
graph from passage text at each turn. We then
present a novel flow mechanism to model the temporal dependencies in the sequence of context
graphs. The proposed G RAPH F LOW model shows
superior performance compared to existing stateof-the-art methods. For instance, G RAPH F LOW
outperforms two recently proposed models on the
CoQA benchmark dataset: F LOW QA by 2.3%
and SDNet by 0.7% on F1 score, respectively.

when the conversations are incorporated into the MRC task.
During a conversation (Reddy et al., 2018; Choi et al., 2018),
it has been observed that shifts of focus happen frequently
and many questions refer back to the conversation history
via either coreference or ellipsis. We model conversation
flow as a sequence of latent states in the dialog and learn
important latent states associated with these shifts of focus.
To cope with the above challenges, we propose G RAPH F LOW, a Graph Neural Network (GNN) based model for
conversational MRC. As shown in Fig. 1, G RAPH F LOW
consists of three components, Encoding layer, Reasoning
layer, and Prediction layer. The Encoding layer encodes conversation history and the context text that aligns question
embeddings. The Reasoning layer dynamically constructs
a question-aware context graph at each turn, and then applies GNNs to process the sequence of context graphs. In
particular, the graph node embedding outputs of the reasoning process at the previous turn are used as a starting state
when reasoning at the current turn, which is closer to how
humans perform reasoning in a conversational setting, compared to existing approaches. The prediction layer predicts
the answers based on the matching scores of the question
embedding and the context graph node embeddings per turn.

1. Introduction

2. Graph-Flow Approach

Recent years have observed a surge of interest in conversational machine reading comprehension (MRC). Unlike the
traditional setting of MRC that requires answering a single
question given a passage (aka context), the conversational
MRC task is to answer the current question in a conversation given a passage and the previous questions and answers.
The goal of this task is to mimic real-world situations where
humans seek information in a conversational manner.

2.1. Encoding Layer

Despite the success existing works have achieved on traditional MRC (e.g., SQuAD (Rajpurkar et al., 2016)), conversational MRC has proven significantly more challenging
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We denote the context as C which is a sequence of words
tc1 , c2 , ..., cm u and the question at the i-th turn as Qi which
piq piq
piq
is a sequence of words tq1 , q2 , ..., qn u. The details of
encoding the question and context are given next.
Pretrained word embeddings We use 300-dim GloVe
(Pennington et al., 2014) embeddings as well as 1024-dim
BERT (Devlin et al., 2018) embeddings to embed each word
in the context and the question. Following (Zhu et al., 2018),
we pre-compute BERT embeddings for each word using a
weighted sum of BERT layer outputs.
Aligned question embeddings Following (Lee et al., 2016)
and recent work, for each context word cj at the i-th turn, we
piq
incorporate an aligned question embedding falign pcj q “
ř piq Qi
Qi
k aj,k gk where gk is the GloVe embedding of question

