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01.연구내용

• 기존의 검색 기반 대화 시스템 중 일부는 대화 전체를 하나의 문장으로 간주하여 모델의 입력으로 넣기 때문에, 발화

단위의 자질 정보를 충분히 담지 못하는 한계가 존재합니다. 기존 많은 연구들이 RNN기반의 모델로 설계되었기 때문에

대화의 길이가 길어질 경우 대화 초반과 중반에 있는 발화 정보를 손실할 수 있습니다.

• 아래 그림은 본 연구에서 제안한 모델의 전체 구조도입니다. 자연어 추론 (Natural Language Inference)에서 좋은 성능을

보였던 ESIM (Enhanced Sequential Inference Model)을 기반으로 하여 대화 내 단어 단위 정보를 학습하였고, 발화 단위

임베딩을 추가해 Attention 방식으로 중요한 정보들을 추가해 줌으로써 향상된 성능을 얻을 수 있었습니다.
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Task Dataset R@1 R@10 R@50 MRR

Task 1

Ubuntu 0.471 0.700 0.926 0.5570

Advising 1 0.290 0.614 0.868 0.4019

Advising 2 0.106 0.436 0.800 0.2071

Task 4

Ubuntu 0.487 0.772 0.936 0.5932

Advising 1 0.340 0.782 0.974 0.4926

Advising 2 0.196 0.544 0.898 0.3154

Overview

• The proposed model is based on word-level ESIM (Enhanced

Sequential Inference Model) augmented with utterance-level

attention. In a dialog system, it is important to consider

utterance-level representation in addition to word-level

representation to select the most likely response from a set of

candidates.

• We propose a novel method of using utterance embeddings,

which are formed with several features; sentence sequence

representation, utterance order, and user information.

• Using both word-level ESIM and utterance-level attention to

choose a proper response, we obtain significant improvement

for task 1 and task 4 in terms of Recall@1 and MRR (Mean

Reciprocal Rank) comparing to the existing baselines.

• Results evaluated on Test Sets

make position embeddings proposed in the previous work (Vaswani

et al. 2017) that help the model to easily learn relative positions.

hidden states

Avg. word 

embedding
𝑤1

𝑤2

𝑤3

Figure: Process of generating utterance embeddings

Model Architecture

Our Approach

• Sentence Embeddings
Concatenated vectors of an average of the word embeddings and

the bidirectional gated recurrent unit sequence representations.

Experimental Results

• User Embeddings
In dyadic conversation, each user has their own role and purpose in

speaking. A one-hot encoding (e.g. advisor : [1, 0], student : [0, 1])

of each user is used as one of the utterance features to encode user

information.

• Position Embeddings
In a multi-turn dialog system, the utterances close to the end of the

dialog are likely to be related to the response. We follow the way to

• Comparison with Baselines 

Method
Ubuntu Advising

R@1 MRR R@1 MRR

Dual Encoder 

w/LSTM
0.211 | 0.215 0.320 | 0.351 0.074 | 0.162 0.162 | 0.228

ESIM 0.367 | 0.378 0.465 | 0.500 0.086 | 0.156 0.187 | 0.278 

ESIM + SE(Glove) 0.377 | 0.386 0.473 | 0.507 0.098 | 0.170 0.204 | 0.293

ESIM + SE + UE + PE

(GloVe)
0.384 | 0.394 0.480 | 0.512 0.112 | 0.190 0.214 | 0.311

ESIM + SE + UE + PE

(ELMo)
0.406 | 0.417 0.505 | 0.533 0.106 | 0.186 0.213 | 0.291

Table: Model performance evaluated on dev sets (task1 | task4)
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• 본 연구에서는 1) Sentence 2) Utterance Position 3) User 와 같이 다양한 발화 정보를 모델링하여, 발화 단위 정보를

학습할 수 있도록 설계하였습니다. 각 임베딩은 모두 결합 (concatenation)되어 모델의 입력으로 들어가게 되며, 발화

임베딩을 구성하는 방식은 아래의 그림과 같습니다.
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• (Sentence Embedding)문장 내 단어 임베딩의 평균과 양방향 GRU 문장 자질들을 결합하여 발화의 문맥적 자질 정보를

추출하였습니다.

• (Utterance Position Embedding) 대화 내 각 단어들이 어떤 발화에 포함되는지를 학습시키기 위해 발화 위치 정보를

모델링하였습니다. 위치 정보를 모델링하는 과정에는 Vaswani et al. (2017)1에서 제안한 Sinusoid방법을 사용하였습니다.

• (User Embedding) 일대일 또는 여러 명의 화자 간의 대화에서는 각 화자들의 역할 등이 정해져 있습니다. 본 연구에서

사용한 Advising Corpus를 예로 들면, 한 명은 수업 수강을 위한 조언을 구하는 학생의 입장, 다른 한명은 수강 신청을

위해 상담을 해주는 상담사의 역할을 합니다. 이처럼 각 화자는 대화 내에서 각자의 역할을 지니고 있으며, 이러한

정보를 모델이 포착할 수 있도록 모델링하였습니다.

02.실험및결과

• 아래 표는 DSTC 7 Track 1의 task 1과 task 4에 대한 validation set 성능 비교를 진행한 결과 입니다. 두 개의 task 모두

주어진 응답 후보 100개에 대해 하나의 정답을 고르는 문제이며, task 4의 경우 정답이 없는 경우가 존재합니다.

• ESIM을 baseline으로 두어 SE (Sentence Embedding), PE (Position Embedding), UE (User Embedding)를 추가한 결과 향

상된 성능을 얻었으며, 단어 임베딩으로 ELMo를 사용하였을 때 GLoVE를 사용하였을 때보다 효과적이라는 사실 또한

확인하였습니다.

Task 1 Ubuntu Advising

R@1 R@2 R@5 R@10 R@50 MRR R@1 R@2 R@5 R@10 R@50 MRR

(Lowe et al. 2015) 0.211 0.307 0.446 0.569 0.921 0.320 0.074 0.108 0.210 0.342 0.802 0.162
(Dong and Huang 2018) 0.367 0.452 0.558 0.651 0.917 0.465 0.086 0.156 0.256 0.376 0.834 0.187

ESIM + SE (GloVe) 0.377 0.460 0.568 0.657 0.929 0.473 0.098 0.160 0.294 0.430 0.834 0.204
ESIM + SE + PE + UE (GloVe) 0.384 0.464 0.575 0.662 0.921 0.480 0.112 0.166 0.298 0.438 0.859 0.214
ESIM + SE + PE + UE (ELMo) 0.406 0.493 0.606 0.691 0.928 0.505 0.106 0.160 0.306 0.460 0.858 0.213

(a) Model performance for task 1

Task 4 Ubuntu Advising

R@1 R@2 R@5 R@10 R@50 MRR R@1 R@2 R@5 R@10 R@50 MRR

(Lowe et al. 2015) 0.215 0.328 0.500 0.622 0.925 0.351 0.162 0.200 0.262 0.346 0.736 0.228
(Dong and Huang 2018) 0.378 0.507 0.634 0.717 0.931 0.500 0.156 0.242 0.400 0.546 0.888 0.278

ESIM + SE (GloVe) 0.386 0.512 0.636 0.722 0.939 0.507 0.170 0.278 0.406 0.536 0.894 0.293
ESIM + SE + PE + UE (GloVe) 0.394 0.515 0.651 0.728 0.941 0.512 0.190 0.272 0.424 0.578 0.908 0.311
ESIM + SE + PE + UE (ELMo) 0.417 0.542 0.662 0.735 0.938 0.533 0.186 0.266 0.386 0.498 0.854 0.291

(b) Model performance for task 4

Table 3: Model performance for each task evaluated on Ubuntu and Advising development sets. 1 in 100 Recall@k, where
k = (1, 2, 5, 10, 50), is denoted as R@k

Evaluation Metric
We follow the evaluation metric 1 in n Recall@k, which is
used in the previous work (Lowe et al. 2015). Each response
selection model predicts k most likely utterances from n re-
sponse candidates. If the ground truth is in the k selected re-
sponses, Recall@k becomes 1, otherwise 0. The final mean
value of Recall@k can be defined by 1

D
∑D

i=1 yi, where D
is the number of dialogs and y is binary value of Recall@k
. We also use another evaluation metric MRR (Mean Re-
ciprocal Rank) (Voorhees and others 1999), denoted as 1

D∑D
i=1

1
ranki

where rank is the rank of the ground truth re-
sponse among predicted responses for each dialog.

Negative Sampling
Each dialog context has 100 response candidates that con-
sist of 99 negative responses and 1 positive response. Train-
ing the model using all candidates takes a longer time and
even results in lower performance than when the number of
candidates is smaller. Therefore, we reduce the set of candi-
dates from 100 to 20, specifically, 19 negative responses and
1 positive response. The number of negative samples is de-
cided by several experiments, increasing the candidates by
5 from 10 to 30. We obtain the best performance when the
number of candidates is 20. Every epoch, we randomly se-
lect negative responses among all candidates because using
different negative samples shows better performance.

Training Details
The model is implemented using the Tensorflow (Abadi et
al. 2016) library. We experiment using either the pre-trained
ELMo embeddings (Peters et al. 2018) or 300-dimensional

pre-trained GloVe embeddings (Pennington, Socher, and
Manning 2014) as initial word embeddings. For ELMo, we
freeze the embeddings, for GloVe, they are fine-tuned dur-
ing the training. We apply output dropout (Gal and Ghahra-
mani 2016) with a dropout rate of 0.2, and we use the Adam
(Kingma and Ba 2014) optimizer with an initial learning rate
of 0.001. The number of hidden units of GRU is set to 128
and the batch size is set to 16. The same hyperparameters
are used for both the Ubuntu and Advising datasets.

For task 4, we add a 〈NONE〉 tag to a pool of candidates to
predict when the proper response does not exist in the pool.
Hence, the total number of candidates is 101, including orig-
inal candidates and the 〈NONE〉 tag.

Results
We conduct experiments on two tasks, task 1 and 4, with
Ubuntu and Advising development sets. Table 3a and 3b
show the experiment results for task 1 and 4 respectively. We
summarize the results using evaluation metrics Recall@k
where k = (1, 2, 5, 10, 50) and MRR (Mean Reciprocal
Rank).

Dual Encoder with LSTM (Lowe et al. 2015) and ESIM
(Dong and Huang 2018) models are used as baselines to
compare with our model.
• Dual Encoder with LSTM uses word-level LSTM se-

quence representations of dialog contexts and response
candidates.
• ESIM applies a context-aware and response-aware

attention mechanism to capture important words for
the dialog and response.
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Each dialog context has 100 response candidates that con-
sist of 99 negative responses and 1 positive response. Train-
ing the model using all candidates takes a longer time and
even results in lower performance than when the number of
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1 positive response. The number of negative samples is de-
cided by several experiments, increasing the candidates by
5 from 10 to 30. We obtain the best performance when the
number of candidates is 20. Every epoch, we randomly se-
lect negative responses among all candidates because using
different negative samples shows better performance.
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al. 2016) library. We experiment using either the pre-trained
ELMo embeddings (Peters et al. 2018) or 300-dimensional

pre-trained GloVe embeddings (Pennington, Socher, and
Manning 2014) as initial word embeddings. For ELMo, we
freeze the embeddings, for GloVe, they are fine-tuned dur-
ing the training. We apply output dropout (Gal and Ghahra-
mani 2016) with a dropout rate of 0.2, and we use the Adam
(Kingma and Ba 2014) optimizer with an initial learning rate
of 0.001. The number of hidden units of GRU is set to 128
and the batch size is set to 16. The same hyperparameters
are used for both the Ubuntu and Advising datasets.

For task 4, we add a 〈NONE〉 tag to a pool of candidates to
predict when the proper response does not exist in the pool.
Hence, the total number of candidates is 101, including orig-
inal candidates and the 〈NONE〉 tag.

Results
We conduct experiments on two tasks, task 1 and 4, with
Ubuntu and Advising development sets. Table 3a and 3b
show the experiment results for task 1 and 4 respectively. We
summarize the results using evaluation metrics Recall@k
where k = (1, 2, 5, 10, 50) and MRR (Mean Reciprocal
Rank).

Dual Encoder with LSTM (Lowe et al. 2015) and ESIM
(Dong and Huang 2018) models are used as baselines to
compare with our model.
• Dual Encoder with LSTM uses word-level LSTM se-

quence representations of dialog contexts and response
candidates.
• ESIM applies a context-aware and response-aware

attention mechanism to capture important words for
the dialog and response.

1Vaswani et al. (2017) Attention is all you need. In NIPS 2017.
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