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Abstract
Retrieval-based dialogue agents aim at selecting a proper response according to multi-turn conversational history.
Existing methods have achieved great progress in terms of retrieval accuracy on benchmarks with pre-trained
language models. However, these methods simply concatenate all turns in the dialogue history as the input,
ignoring the dialogue dependency and structural information between the utterances. Besides, they usually
reason the relationship of the context-response pair at a single level of abstraction (e.g., utterance level), which
can not comprehensively capture the fine-grained relation between the context and response. In this paper, we
present the multi-grained conversational graph network (MCGN) that considers multiple levels of abstraction
from dialogue histories and semantic dependencies within multi-turn dialogues for addressing. Evaluation
results on two benchmarks indicate that the proposed multi-grained conversational graph network is helpful for di-
alogue context understanding and can bring consistent and significant improvement over the state-of-the-art methods.
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1. Introduction

Encouraged by the applications in virtual assistants
such as Amazon Alexa and social chatbots such
as Microsoft XiaoIce, there is a surge of interest in
building a dialogue system that can conduct natural
conversations with humans on open domain topics
(Vinyals and Le, 2015; Liu et al., 2021). Existing
implementations of such systems either select a
proper response from existing conversations with
information retrieval techniques (Lowe et al., 2015;
Zhou et al., 2018; Humeau et al., 2020), or synthe-
size a response with natural language generation
techniques (Vinyals and Le, 2015; Madotto et al.,
2020; Roller et al., 2021; Liu et al., 2021). In this
work, we study retrieval-based methods for open-
domain dialogues, since retrieval models are su-
perior in terms of response fluency and response
informativeness, and thus play an important role in
industrial products.

Real-world dialogues usually contain multiple ut-
terances, where a retrieval model should select the
most proper response by measuring the matching
degree between multi-turn dialogue context and a
bundle of response candidates. The key problem is
how to make better use of multi-turn context infor-
mation. Currently, there are two lines of research to
represent the multi-turn dialogue context. One is to
model each turn of utterance individually first and
then aggregate a sequence of utterance-response
matching features to get a final score (Wu et al.,
2017; Zhou et al., 2018; Gu et al., 2019), which are
known as the representation-matching-aggregation
paradigm. The other line is to concatenate all turns
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of utterances into a long sequence first and make
them fully interact with each other by RNNs (Lowe
et al., 2015; Zhou et al., 2016; Chen and Wang,
2019) or transformer layers (Humeau et al., 2020;
Whang et al., 2020; Gu et al., 2020).

Although existing mainstream methods have
achieved impressive results in context modeling
and response prediction, there are still two ma-
jor limitations of these approaches. Firstly, exist-
ing models that fully concatenate all utterances or
independently represent the information of each
dialogue turn ignore the dialogue dependency
and structure information between the utterances,
which may lead to sub-optimal context represen-
tations and response matching features. Previous
studies (Jia et al., 2020) have demonstrated that
the semantic dependency among utterances is cru-
cial for multi-turn response selection. Thus, how
to model the dependencies in utterances remains
a challenging problem for context understanding.
Second, current response selection models usually
represent the dialogue context and the response
candidates and reason their relationship at single
levels of abstraction (e.g., utterance level). We ar-
gue that explicitly representing multiple levels of ab-
straction (such as word-level and utterance-level)
should make it easier for models to remember and
reason over long-term context, and to predict ap-
propriate responses with compositional structure.
For example, it have been validated that keyword-
levels of abstraction is effective in modeling the text
sequence on dialogue generation (Serban et al.,
2017a) and story generation (Chen et al., 2021).

To overcome the weaknesses of existing models
and strive for better modeling multi-turn dialogues,
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we present the multi-grained conversational graph
network (MCGN) that considers multiple levels of
abstraction from dialogue histories and semantic
dependencies within multi-turn dialogues to rea-
son the relationship of the response candidates.
More specifically, our MCGN consists of two graph-
based branches to model the semantic flow of dia-
logue. In the first branch, we extract word informa-
tion in utterance sequences to construct a word-
level graph for the given multi-turn dialogue, so as
to model the fine-grained topic transition dynamics.
In the second branch, to model the semantic coher-
ence of dialogue turns, we construct a discourse-
level graph based on all utterances in dialogue
and utilize the chronological order to indicate the
weight of the edges. Our model employs the re-
cent pre-trained language models (PLMs) (Devlin
et al., 2019) to encode all inputs for better repre-
senting both dialogue context and candidate re-
sponses, and exploits the advantage of graph at-
tention network (GAT) (Veličković et al., 2018) in
properly aggregating information from other utter-
ances over the two constructed graphs. By this
means, our model can not only identify relevant
contexts scattered across utterances but also cap-
ture more accurate semantic transition information
with compositional graph structure.

We conduct experiments with two benchmarks,
including DailyDialog Corpus (Li et al., 2017) and
PersonaChat (Zhang et al., 2018a). On both bench-
marks, the model is required to select the most
appropriate response from a bundle of candidates.
Evaluation results show that our proposed MCGN
is significantly better than all state-of-the-art mod-
els on both datasets. Compared with the previous
state-of-the-art methods, our model achieves 1.8%
absolute improvement in terms of hits@1 (namely
R10@1) for the DailyDialog and 1.6% absolute im-
provement for the PersonaChat. In summary, our
contributions are three-fold as follows:

• We propose a multi-grained conversational
graph network (MCGN) for retrieval-based di-
alogue.

• We consider multiple levels of abstraction of
dialogue including the word- and discourse-
level for relationship representation.

• We achieve new state-of-the-art results on
two benchmark datasets of open-domain dia-
logue.

2. Related Works

2.1. Retrieval-based Dialogue

Early work for retrieval-based dialogue systems
studies single-turn response selection where the
input of a matching model is a message-response

pair (Wang et al., 2013; Ji et al., 2014; Wang et al.,
2015). Recently, more attention is drawn to context-
response matching for multi-turn response selec-
tion. Representative methods include the dual
LSTM model (Lowe et al., 2015), the multi-view
matching model (Zhou et al., 2016), the sequen-
tial matching network (SMN) (Wu et al., 2017),
the deep attention matching network (DAM) (Zhou
et al., 2018), and the multi-hop selector network
(MSN) (Yuan et al., 2019).

Recently, pre-trained language models (Devlin
et al., 2019; Liu et al., 2020) have shown signifi-
cant benefits for various downstream natural lan-
guage processing tasks, and many researchers
have tried to exploit them on response selection.
Vig and Ramea (2019) utilize BERT to represent
each utterance-response pair and fuse these repre-
sentations to calculate the matching score; Whang
et al. (2020) treat the context as a long sequence
and conduct context-response matching with BERT.
Besides, the model also introduces the next utter-
ance prediction and masked language model tasks
borrowed from BERT to incorporate in-domain
knowledge for the matching model; Gu et al. (2020)
heuristically incorporate speaker-aware embed-
dings into BERT to promote the capability of con-
text understanding in multi-turn dialogues.

2.2. Multi-turn Context Modeling

As a crucial problem in dialogue systems, multi-
turn context modeling and understanding has
raised great interest in the past few years. Espe-
cially for generation-based methods, various mod-
els adopt hierarchical encoder-decoder framework
to model sequential context sentences (Serban
et al., 2016, 2017c; Chen et al., 2018). Serban et al.
(2017b) propose a multi-resolution RNN for model-
ing sequential data at multiple language granularity.
Zhang et al. (2019) present ReCoSa model where
attention weights between each context and re-
sponse representations are computed and used in
the further decoding process. (Hu et al., 2019) and
Li et al. (2021) generalize existing sequence-based
models to graph-structured neural network for di-
alogue generation. In retrieval-based dialogue,
Zhang et al. (2018b) empirically concatenate the
last utterance to other turns, and then use gated
self-attention to obtain a query-aware utterance
representation. Yuan et al. (2019) utilize multi-hop
selectors to select the useful information in dia-
logue history and then perform the matching with
the filtered context. Wu et al. (2018) introduce the
topic information to enrich the semantics of the
context and the response candidate, and introduce
extra matching channels.
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U1：Say , Jim , how about going 

for a few beers after dinner ?

U2：You know that is tempting but is really not 

good for our fitness .

U3：What do you mean ? It will help us to 

relax .

R：Do you really think so ? I don't . It 

will just make us fat and act silly .
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Figure 1: Overall architecture of our MCGN model.

3. Problem Formalization

Suppose that there is a multi-turn dialogue
dataset D = {ci, ri, yi}Ni=1, where ci =
{ui,1, ui,2, . . . , ui,mi

} denotes a dialogue context
with ui,t representing the utterance of the t-th turn,
ri denotes a response candidate, and yi ∈ {0, 1}
denotes a label with yi = 1 indicating that ri
is a proper response for ci (otherwise, yi = 0).
Our task is to learn a context-response matching
model g(·, ·) from D so that for any new context
c = {u1, u2, . . . , um} and a response candidate r,
g(c, r) ∈ [0, 1] can compute the matching degree
between c and r.

4. Model

4.1. Model Overview

The architecture of our proposed model is illus-
trated in Figure 1. The model has two graph-based
branches that model the semantic flow of dialogue
based on output representations generated by pre-
trained language models. The first branch extracts
topic-word information in utterance sequences to
construct a word-level graph for the given multi-
turn dialogue. This branch models the fine-grained
topic transition dynamics. The second branch con-
structs a discourse-level graph based on all ut-
terances in dialogue to capture the semantic co-
herence of dialogue turns. Our model uses the
advanced graph attention network to aggregate
information from other utterances over the two con-
structed graphs. Finally, our model computes the
final matching score based on the aggregated fea-
tures produced by both graphs and features pro-
duced by PLMs. By doing so, our model can iden-
tify relevant contexts scattered across utterances
and capture more accurate semantic transition in-

formation with the multi-grained graph structure.

4.2. Encoding With BERT

We make use of the most recent pre-trained lan-
guage models (PLMs) to encode all inputs, which
helps in better representing both dialogue context
and candidate responses. This serves as the foun-
dation for the subsequent graph construction and
response matching. Prior to diving into two seman-
tic extraction branches, we introduce the details
of multi-turn response selection with pre-trained
language models (PLMs).

In particular, given a dialogue history h =
{u1, u2, ..., um} where ui represents the i-
th turn in the history, as well as a re-
sponse candidate r, we concatenate all se-
quences as a single consecutive tokens se-
quence with special tokens. This is formulated
as x = {[CLS], u1, [SEP], . . . , [SEP], um, [SEP],
r, [SEP]}. Here, [CLS] and [SEP] are classifica-
tion symbols and segment separation symbols re-
spectively. For every token in x, BERT utilizes a
summation of three kinds of embeddings, includ-
ing WordPiece embedding (Wu et al., 2016), seg-
ment embedding, and position embedding. Sub-
sequently, the embedding sequence of x is fed
into BERT, giving us the contextualized embed-
ding sequence {E[CLS],E2, . . . ,Elx}. E[CLS] is an
aggregated representation vector which contains
the semantic interaction information between the
context and response candidate.

4.3. Word-Level Graph Construction

In the first branch, we build a dialogue graph at
the word level by utilizing the keyword informa-
tion present in both the dialogue context c and
response candidate r. The goal is to capture the
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coherence of the topic in a dialogue. The graph
is denoted as Gw = (Vw, Ew,Aw). Here, Vw rep-
resents a set of keyword nodes, Ew depicts a set
of edges between topic words, and Aw represents
the weight of the relational edge. We provide the
details below.

Vertices. To establish the vertices in Gw, we
make use of a feature-based keyword extractor
that combines both TF-IDF and POS (Huang et al.,
2020) to extract the keywords of c and r. The key-
words in c form the context-keyword vertices of Gw,
denoted as Vw

c = {t1, t2, ..., tp}. Similarly, the key-
words in r form the response-keyword vertices of
Gw, denoted as Vw

r = {tp+1, tp+2, ..., tp+q}, where
p and q are the numbers of keywords in the con-
text c and the response r respectively. Therefore,
Vw = Vw

c ∪ Vw
r . Once we have selected the ver-

tices, we obtain vertex representations {hw
i }

p+q
i=1 )

by using mean-pooling of the token representation
produced by PLMs.

Edges. We only take into account the edges be-
tween the context nodes Vw

c and the response
nodes Vw

r because our objective is to predict the
semantic coherence between the dialogue context
and the response candidate. Moreover, we con-
sider Gw as a weighted undirected graph and as-
sign a weight to each edge of Gw by using the hop
information in the ConceptNet (Speer and Havasi,
2013), referred to as hop-attention weights. Specif-
ically, let the weighted adjacency matrix of Gw be
denoted as Aw, then the hop-attention weight of
the edge between the nodes Vw(i) and Vw(j) (i.e.,
Aw

ij) is determined by:

Aw
ij =

1

d
(
Vw
c (i),Vw

r (j)
) , (1)

where d(·) represents the shortest path between
Vw
c (i) and Vw

r (j) over the ConceptNet graph. The
idea is to redefine the distances between keyword
nodes so that the nodes that are far away from
each other have low weight values. Following Rong
et al. (2020), we randomly deactivate a certain
number of edges from Gw at each training step
and normalize the adjacency matrix Aw to prevent
over-smoothing. The process is defined as:

Āw
= (Dw + I)−1/2(Aw + I)(Dw + I)−1/2, (2)

where Āw is the augmented normalized adjacency
matrix, Dw is the corresponding degree matrix of
Aw, and I is the identity matrix.

4.4. Discourse-Level Graph

I can definitely reword each sentence. Here’s the
result:

We create a discourse-level graph that utilizes
all dialog utterances to capture the semantic coher-
ence of the conversation, in addition to the word-
level graph.

To represent a conversation with m utter-
ances, we construct an undirected graph Gd =
(Vd, Ed,Ad), where Vd is the utterance nodes, Ed

is the edges between words, and Ad is the weight
of the relational edge.

We create the graph by following these steps:

Vertices: Each turn in the dialog history c =
{u1, . . . , um} and the response candidate r are
treated as a vertex Vd(i). Thus, there are m + 1
vertices in Gd.

To initialize each vertex, we use BERT (Devlin
et al., 2019) to encode each utterance in context
and the response. We then take the representa-
tion of [CLS] as the utterance-level contextualized
representation. The vertex representation of Gd is
denoted as {hd

i )}
m+1
i=1 .

Edges: We define the dialogue as an undirected
complete graph where each vertex has an edge to
all other vertices.

We utilize the chronological order to indicate the
edge weight, since each utterance is contextually
dependent on its adjacent utterances in a conver-
sation.

For vertex Vd(j), we compute the weight of in-
coming edge Ad

ij as follows:

Ad
ij =

1

||i− j||+ 1
(3)

To prevent over-smoothing, we perform the same
operation as described in Equation (2) follow-
ing Rong et al. (2020). We denote the smoothed
weighted adjacency matrix of Gd as Ād.

4.5. Graph Updating and Aggregation

We use both the word-level graph Gw and
discourse-level graph Gd to reason through a graph
attention network (GAT) (Veličković et al., 2018).
This allows us to explicitly model the dynamics of
topic and semantic transitions. In mathematical
formalization, we don’t differentiate between the
two graphs using superscript notation. GAT takes
all nodes as input and updates the node feature hi

based on its neighboring nodes in the graph. The
node’s aggregated representation z

(l)
i at layer l is

formulated as follows for the node V(i):

z
(l)
i = LeakyReLU

( ∑
j∈Ni

αijWgh
(l)
j

)
, (4)

where h
(0)
i = h̄i, Ni is the neighboring nodes of

V(i) in the dialogue graph, Wg ∈ Rd×d is learnable
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parameters, αij is the attention coefficient, which
can be calculated by:

αij =
exp (eij)∑

k∈Ni
exp (eik)

,

eij = Āij ∗
(
aT
l

[
h
(l)
i ;h

(l)
j

])
,

(5)

In the l-th layer, al ∈ R2d is a set of learnable
parameters. It should be noted that the attention
coefficients are scaled with the augmented normal-
ized adjacency matrix Ā, as shown in Equation (5).
This is done to ensure that the network pays more
attention to the nodes that are closer to vi in the
ConceptNet graph during aggregation.

Afterwards, the aggregated representation z
(l)
i

is combined with the ith node representation h
(l)
i

to obtain the updated node representation h
(l+1)
i .

h
(l+1)
i = ELU

(
Wah

(l)
i + z

(l)
i

)
, (6)

where Wa ∈ Rd×d is the weight matrix to transform
h
(l)
i and ELU(·) is an exponential linear unit (Clevert

et al., 2016).
After performing the above graph updating and

aggregation L times, we can obtained the overall
graph representation v based on representations
of all nodes in L-th layer, which is formulated as:

V = fMLP(mean({h(L)
i })), (7)

where h
(L)
i is the i-th node representation at the

last layer, mean represents mean pooling and
fMLP(·) is a fully-connected layer with a ELU ac-
tivation. The above computation can be applied to
the word-level graph and the discourse-level graph,
yielding the word-level graph representation Vw

and the discourse-level graph representation Vd.

4.6. Computing Matching Score

Finally, we first concatenate the word-level graph
representation, discourse-level graph representa-
tion and BERT features E[CLS], and then fed them
into a non-linear layer to calculate the final match-
ing score, which is formulated as:

g(c, r) = σ(W [Vw;Vd;ECLS] + b) (8)

where W and b is training parameters for response
selection task, σ is a sigmoid function.

We learn g(·, ·) by minimizing cross entropy with
D. Let Θ denotes the parameters, then the learning
objective of our model is:

JΘ = −
N∑
i=1

yi log(g(ci, ri))+

(1− yi) log(1− g(ci, ri)).

(9)

All the learning objectives are optimized using back-
propagation with Adam algorithm (Kingma and Ba,
2015).

5. Experiments

We test our MCGN on two benchmarks for multi-
turn response selection in open-domain dialogue.

5.1. Dataset and Evaluation Metrics

DailyDialog (Li et al., 2017): The dataset is a
multi-turn dialogue benchmark that covers various
topics about our daily life. Specifically, the dataset
includes 13118/1000/1000 dialogues for training, val-
idation, and testing respectively. To augment more
data for training and testing, we reconstruct each
set by taking each consecutive five utterances as
a sub-dialogue. In each sub-dialogue, the first four
utterances are treated as dialogue history and the
last turn is the gold response. The negative re-
sponse is randomly selected from the rest of the
subset. Therefore, the training set contains abound
40K context-response pairs with the ratio of posi-
tive examples and negative examples as 1:1. Both
the validation set and test set contain 16K pairs
with the ratio of positive examples and negative
examples as 1:9.

PersonaChat (Zhang et al., 2018a): The dataset
is a crowd-sourced dataset that consists of 8939
chit-chat dialogues for training, 1000 for validation,
and 968 for testing. Positive responses are true
responses from humans and negative ones are
randomly sampled from the dataset. The ratio
between positive and negative responses is 1:1
in the training set, and 1:9 in the validation and
testing sets. Following Wu et al. (2017), we also
employ hits@k (equivalent to Rn@k, n = 10), and
mean reciprocal rank (MRR) as evaluation metrics.
Table 1 give more details about two datasets.

why not test the model on UTC/Douban

5.2. Baselines

We compared our model with the following repre-
sentative models.

• Dual-LSTM (Lowe et al., 2017): the model
first concatenates all utterances in the context
to form a single sequence, and then uses an
LSTM to produce the representations for the
context and response individually. Finally, the
model calculates a matching score based on
their representations.

• SMN (Wu et al., 2017): the model lets each
utterance in the context interacts with the re-
sponse candidate, and forms matching vec-
tors through CNNs. The matching vectors of
all pairs are then aggregated with an RNN to
calculate a matching score.

• DAM (Zhou et al., 2018): the model performs
matching in a similar way as SMN but context
utterances and a response are represented
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Aspects DailyDialog PersonaChat

Train Dev Test Train Dev Test

# context-response pairs 40K 16K 16K 34K 10K 10K
# candidates per context 2 10 10 2 10 10
# positive candidates per context 1 1 1 1 1 1
Avg. # turns per dialogue 8.29 8.48 8.21 12.28 12.34 12.21
Avg. # words per dialogue 83.52 81.60 83.62 153.39 153.29 152.80

Table 1: Details of the DailyDialog and the PersonaChat dataset.

DailyDialog PersonaChat

Model hits@1 hits@2 hits@5 MRR hits@1 hits@2 hits@5 MRR

Dual-LSTM (Lowe et al., 2015) 50.21 71.16 92.43 69.63 39.83 63.97 90.03 61.77
SMN (Wu et al., 2017) 55.06 74.06 94.12 71.12 45.53 67.30 90.82 63.77
ESIM (Chen and Wang, 2019) 60.44 78.56 95.88 75.03 48.09 69.10 91.33 65.25
DAM (Zhou et al., 2018) 63.13 79.50 95.06 76.49 50.76 69.81 91.39 66.18
IoI (Tao et al., 2019) 63.06 80.56 94.81 76.56 52.97 70.43 92.66 66.53
Bi-Enc (Humeau et al., 2020) 79.31 90.69 98.75 87.49 64.60 79.30 95.20 77.21
Poly-Enc (Humeau et al., 2020) 79.88 91.19 98.44 87.77 65.20 80.80 94.70 77.69
Cross-Enc (Humeau et al., 2020) 86.75 95.75 99.69 92.41 75.30 87.20 97.50 84.62

MCGN 88.56 96.06 99.31 93.29 76.90 89.00 97.40 85.75

Table 2: Results on DailyDialog and PersonaChat dataset. Scores in bold are statistically significantly
better than the state-of-the-art with p < 0.05 according to t-test.

with stacked self-attention and cross-attention
layers. The matching vectors are aggregated
with a 3-D CNN as a matching score.

• ESIM (Chen and Wang, 2019): the model
first concatenates all utterances in the con-
text into a single sequence, and then employs
ESIM structure derived from NLI for context-
response matching.

• IOI (Tao et al., 2019): the model lets the
context-response matching process goes
deep by stacking multiple interaction blocks.
The matching information within an utterance-
response pair is extracted and flows along the
chain of the blocks via representations.

• Bi-Encoder (Humeau et al., 2020): the model
is similar to Dual-LSTM, but a pre-trained lan-
guage model is utilized to acquire context and
candidate representations individually.

• Poly-Encoder (Humeau et al., 2020): the
model uses the BERT to encode context and
candidate, respectively. The context is repre-
sented with multi-vectors instead of just one
in Bi-encoder. Context representations are
then aggregated into a vector with an atten-
tion mechanism and interact with response
representation.

• Cross-Encoder (Humeau et al., 2020): the
model concatenates all utterances in the con-
text and the response candidate, and fed them

into BERT to perform full interactions. The fi-
nal matching score is calculated based on the
aggregated feature.

5.3. Implementation Details

In our experiments, we encode context and the
response candidate through the English uncased
BERTbase. For each example, we limit the maxi-
mum length of the concatenated context and re-
sponse to 150 and 50 respectively. Intuitively, the
last tokens in the dialogue history and the previ-
ous tokens in the response candidate are more
important, so we cut off the previous tokens for the
context but do the cut-off in the reverse direction
for the response candidate. We vary the layer of
GAT (L) in {1, 2, 3, 4, 5}, and find that L = 3 is the
best choice. We select the number of keywords in
each utterance in {1, 3, 5, 7, 9} and choose 3. We
train our model using Adam optimizer (Kingma and
Ba, 2015). The initial learning rate is 0.00003 and
keeps decaying during training. We set dropout as
0.1 and batch size as 32. We use the validation set
to fine-tune hyper-parameters, and report results
on the test set.

5.4. Evaluation Results

Table 2 reports evaluation results of our MCGN
as well as the baseline methods on the two data
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Figure 2: Performance of our MCGN and its vari-
ants across different turns of contexts.

sets. We can see that our proposed multi-grained
conversational graph network can achieve better
performance than all baseline models on both data
sets, and improvement is statistically significant
(t-test with p-value< 0.05) on most metrics. In par-
ticular, compared with the previous state-of-the-
art method, our model achieves 1.8% absolute
improvement in terms of hits@1 for the DailyDi-
alog and 1.6% absolute improvement for the Per-
sonaChat. Our multi-grained conversational graph
network brings more obvious improvement on Dai-
lyDialog than that on PersonaChat. The difference
may stem from that the conversations in DailyDi-
alog are more natural and contain less topic shift
than the PersonaChat, and therefore the structure
modeling is more useful for DailyDialog.

Ablation Study. To investigate the impact of dif-
ferent graphs, we conducted a comprehensive ab-
lation study. We keep the architecture of the match-
ing model and remove each conversational graph
individually from the model, and denote the model
as “MCGN w/o. T ", where T ∈ {WG, DG} stand
for word-level graph and discourse-level graph re-
spectively. The detailed results are reported in
Table 3. First of all, we find that two graphs are
useful as removing any of them causes a perfor-
mance drop on both datasets. Second, we can
conclude that the discourse-level graph plays an
important role in improving the response selection
task. The reason might be that the discourse-level
graph can encourage the model to consider the
semantic coherence between the context and a
response candidate, which is helpful to reason
the relationship and acts as complementary to the
word-level semantic interaction in PLMs and the
word-level graph. It is also noted that removing any
one leads to the more obvious decrease of the per-
formance of response selection on DailyDialog, as
the dialogues in PersonaChat include more topic
shifts.
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Figure 3: Performance of MCGN across different
number of keywords.

5.5. Discussions

Performance across different turns of context.
To analyze how the performance of our proposed
MCGN varies with different context lengths, we
compare MCGN with Bi-Encoder, Poly-Encoder,
and Cross-Encoder. Context length is measured
by the number of turns in the dialogue history. Fig-
ure 2 shows how the performance of the four mod-
els varies across contexts with different lengths
on PersonaChat. We can observe that the per-
formance of all models increases monotonically
as the context length increases. The results are
rational since the model could capture more use-
ful information for matching when more utterances
are available in the context. Across the different
lengths of the context, our MCGN can generally
achieve better performance than Cross-Encoder
as well as other baselines. It is worth noting that
the performance of our MCGN is significantly bet-
ter than other models for a long context. The re-
sults imply that our MCGN improves the capability
to deal with long contexts with the multi-grained
conversational graph structure.

Parameter Analysis. We first study how the num-
ber of keyword in the word-level graph influence
the performance of our proposed model. Fig-
ure 3 shows how the performance of the models
changes with respect to different numbers keyword
on the test set of PersonaChat. We observe a simi-
lar trend for all models: they first increase monoton-
ically until context length reaches 5, and then de-
creases when the number of keyword length keeps
increasing. The reason might be that when only a
few keywords are available in contexts, the model
could not capture enough information for matching,
but when keywords become enough, the noise will
be brought to matching. Then we further analyze
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DailyDialog PersonaChat

Model hits@1 hits@2 hits@5 MRR hits@1 hits@2 hits@5 MRR

MCGN 88.56 96.06 99.31 93.29 76.90 89.00 97.40 85.75
MCGN w/o. DG 87.06 96.19 99.69 92.61 75.90 88.80 97.80 85.15
MCGN w/o. WG 87.56 96.44 99.44 92.88 76.00 88.60 97.80 85.21

Table 3: Ablation studies on DailyDialog and PersonaChat.
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Figure 4: Performance of MCGN across different
layers of GAT.

the effect of the number of layers (L) in GAT. Fig-
ure 4 illustrates how the performance of MCGN
changed with respect to different (L ∈ 1, 3, 5, 7, 9)
on the test set. It can be seen that the perfor-
mance of our MCGN was obviously improved as L
increased at the beginning, which shows the effec-
tiveness of incorporating the contextual information
between nodes with graph-based attention layers.
Then, the performance was stable and dropped
slightly. The reason might be that models begin to
overfit due to a larger set of parameters.

6. Conclusion

In this paper, we consider the problem of multi-turn
response selection in open-domain retrieval-based
dialogue systems. Considering the fact that exist-
ing models usually ignore the dialogue dependency
information between multi-turn utterances and rea-
son the relationship of a context-response pair at
single level of abstraction (e.g., utterance-level),
we propose multi-grained conversational graph net-
work (MCGN) for multi-turn response selection.
The model considers multiple levels of abstrac-
tion of a dialogue and introduces two graphs to
reason the relationship between the multi-turn con-
text and the response candidates. We conduct

experiments on two benchmarks and evaluation
results show that the proposed multi-grained con-
versational graph Network are helpful for dialogue
context understanding and can bring consistent
and significant improvement over the state-of-the-
art models. In the future, we would like to explore
more dialogue structure information (such as event
graph) to enhance the performance of the multi-
turn response selection. We also want to valid the
effectiveness of the proposed multi-grained con-
versational graph network (MCGN) on multi-turn
response generation and conversational QA.
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