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Multi-turn Response Selection

An Effective Domain Adaptive Post-Training Method for BERT in Response Selection

• Whang, T., Lee, D., Lee, C., Yang, K., Oh, D., & Lim, H. (2020). An effective domain adaptive post-training method for BERT in
response selection. In Proceedings of 22nd INTERSPEECH (pp. 1585-1589).

• Github: https://github.com/taesunwhang/BERT-ResSel

01.연구내용

• 대용량 코퍼스에 대해 언어 문맥을 고려하며 학습을 진행한 pre-trained language model BERT는 다양한 자연어처리

분야에서 state-Of-The-Art (SOTA)의 성능을 보여주었습니다. 뛰어난 성능을 보여준 비지도 학습의 목적 함수인 Masked
Language Model (MLM)과 Next Sentence Prediction (NSP)에도 불구하고, 대화의 경우 일반적으로 BERT모델이 학습했던

코퍼스 (e.g., English Wikipedia, Book Corpus)와는 다른 점이 존재합니다.

• 문어체의 문장 구조가 많고 일반적으로 많이 활용되는 단어 또는 문장들로 구성되어 있는 일반적인 코퍼스와 달리, 대화

코퍼스의 경우 문법 구조에 맞지 않는 구어체, 줄임말, 은어, 오타 등의 다양한 특징들이 존재합니다.

• 이러한 점을 보완하고자 본 연구에서는 대화 코퍼스를 위한 효율적인 BERT 추가 학습 (Post-Training) 방법을 제안하

였으며, 이를 Response Selection task에 적용함으로써 대화를 위한 추가 학습이 뛰어난 성능 향상을 불러온다는 것을

입증하였습니다.

• 아래 그림은 본 연구에서 제안한 Response Selection을 위한 모델 구조도를 나타낸 것입니다. 모델의 입력으로는 대화와

응답 발화가 [SEP]을 통해 구분지어져 들어가게 되며, 대화의 각 발화 사이에는 [EOT]라는 새로운 토큰이 추가된 구조입

니다. [EOT] 토큰을 추가함으로써 모델은 하나의 문장과 같이 들어간 구조에서 발화 간의 관계를 학습할 수 있게 되며,

이에 대한 효과는 뒤의 ablation 실험에서도 확인할 수 있었습니다.

Corpus V1. We demonstrate that NSP is es-
pecially considered as an important task for re-
sponse selection, since classifying whether given
two sentences are IsNext or NotNext is the ulti-
mate objective of response selection. Also, we ap-
pend [EOT] to the end of utterance that model
can learn relationships among utterances during
the period of post-training. Furthermore, our ap-
proach outperforms previous state-of-the-art per-
formance by 5.9% onR10@1. We also evaluate on
the recently released data set in the dialog system
technology challenges 7 (DSTC 7) (Chulaka Gu-
nasekara and Lasecki, 2019) and outperforms the
1st place of the challenges.

2 Related Work

Lowe et al. (2015) introduced a new benchmark
dataset Ubuntu IRC Corpus and simultaneously
proposed a baseline for the task (e.g.,TF-IDF,
RNN, LSTM). Bi-directional LSTM and Convolu-
tional neural networks are also applied in the pre-
vious work of Kadlec et al. (2015). Zhou et al.
(2016) utilized both token-level and utterance-
level representations. Token-level gated recur-
rent units (GRU) representations and hierarchi-
cally constructed utterance-level representations
are matched. CNN based utterance-response
matching technique is applied to enhance relation-
ships between dialog context and response (Wu
et al., 2017; Zhang et al., 2018). The response
selection task is similar to natural language infer-
ence problem; therefore, the most recent works are
based on Enhanced Sequential Inference Model
(ESIM) (Dong and Huang, 2018; Gu et al., 2019;
Chen and Wang, 2019). Some approaches using
transformer encoder are introduced recently. Deep
attention matching network (DAM), for example,
which showed positive performance of aggregat-
ing self-attention and cross-attention (Zhou et al.,
2018). Tao et al. (2019) proposed fusion strategy
that fuses multiple types of representations, such
as word, contextual, and attention-based represen-
tations.

3 BERT for Response Selection

Our overall approach is described in Figure 1. We
transform the task of ranking responses from the
candidates pool into binary classification problem
by approaching a pointwise method. We denote
a training set as a triples D = {(ci, ri, yi)}Ni=1,
where c = {u1, u2, ..., um} is a dialog context

Figure 1: BERT for Response Selection

consists of a set of utterances. An utterance ui =
{wi,1, wi,2, ..., wi,li} is composed of a set of word
tokens wi,k, where 1 ≤ k ≤ li and li is the
length of ith utterance. Response is denoted as
ri = {r1, r2, ..., rn} (n is the number of tokens in
the response), and ground truth yi ∈ {0, 1}. Maxi-
mum sequence length of each dialog and response
is denoted as p and q − p, respectively. We de-
fine BERT input x = ([CLS], u1, [EOT], u2,
[EOT], ..., um, [SEP], r1, ..., rn, [SEP]). Un-
like general sentence, multi-turn dialog system is
composed of a set of utterances. Therefore, we
append “ End Of Turn ” tag [EOT] to the end
of each turn to make the model catch each utter-
ance is finished at the point. Position, segment,
and token embeddings are added and fed into the
BERT layers. The BERT contextual representa-
tions of [CLS] token, T[CLS], is utilized to clas-
sify whether a given dialog context and response
is IsNextUtterance or not. We feed T[CLS]

to single-layer perceptron to compute the model
prediction score g(c, r)

g(c, r) = σ(W>
taskT[CLS] + b) (1)

where Wtask is a task-specific trainable param-
eter. We use cross entropy loss as the objective
function to optimize our model, formulated as

Loss = −
∑

(c,r,y)∈D

ylog(g(c, r))

+ (1− y)log(1− g(c, r)) (2)

3.1 Domain Post-Training
BERT is designed to be easily applied to other nlp
tasks with a fine-tuning manner. Since it is pre-

02.실험및결과

• 본 연구에서는 Response Selection에서 가장 많이 사용되는 Ubuntu Corpus V1(왼쪽)과 DSTC 7에서 공개한 Advising
Corpus(오른쪽)에 대해 모델 성능 평가를 진행하였습니다. 기존 RNN기반의 모델에서부터 Attention, Transformer기반의

모델들까지 baseline으로 설정하고 성능을 비교하였습니다.
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• BERT 관련 모델의 경우 Google에서 공개한 BERT𝑏𝑎𝑠𝑒, 본 연구에서 제안하는 방식으로 추가 학습을 진행한 BERT-DPT,
Fine-tuning 단계에서 BERT의 상위 𝑘개의 layer만 학습을 진행한 BERT-VFT, 마지막으로 Pointwise 방식으로 학습할 때

Positive 응답과 Negative 응답의 비율을 기존 1:1에서 1:4로 증가시킨 BERT-VFT(DA)에 대해서 실험을 진행하였습니다.

• 실험 결과, BERT-DPT가 BERT𝑏𝑎𝑠𝑒 에 비해 두 데이터 모두에 대해서 Recall@1이 3.4% 향상된 것을 확인하였습니다. 뿐만

아니라, BERT-VFT, Data Augmentation도 BERT 모델의 효과적인 Fine-tuning을 가능하게 하였습니다.

of words, contexts, and attention.

IoI [7] build interaction blocks to help model conduct deep interactions between ut-

terances and response. All representations extracted from the blocks are aggregated to

obtain a relevance score.

MSN [8] is a previous state-of-the-art model, which proposed multi-hop selector net-

work to control which dialog context information is reflected for matching response.

In Ubutu Corpus V1, it is observed that BERT-VFT achieves new state-of-the-art

performance and it obtains performance improvement by 5.5%, 2.9%, 0.7% in terms of

R10@k, where k={1, 2, 5} respectively, compared to the previous state-of-the-art method

(i.e., MSN). Focusing on R10@1 metric, the performance of a vanilla BERTbase is 0.817

and comparing our main approach, which is BERT-DPT, shows better result (improve-

ment by 3.4%).

Model R10@1 R10@2 R10@5

DualEncoderrnn 0.403 0.547 0.819

DualEncodercnn 0.549 0.684 0.896

DualEncoderlstm 0.638 0.784 0.949

DualEncoderbilstm 0.630 0.780 0.944

MultiView 0.662 0.801 0.951

SMN 0.726 0.847 0.961

AK-DE-biGRU 0.747 0.868 0.972

DUA 0.752 0.868 0.962

DAM 0.767 0.874 0.969

MRFN 0.786 0.886 0.976

IoI 0.796 0.894 0.974

MSN 0.800 0.899 0.978

BERTbase 0.817 0.904 0.977

BERT-DPT 0.851 0.924 0.984

BERT-VFT 0.855 0.928 0.985

BERT-VFT(DA) 0.858 0.931 0.985

Table 5.1: Model comparison on Ubuntu Corpus V1.

In addition, we especially point out comparing BERT-VFT with other self-attention-
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based models, such as DAM, IoI, and MSN, since all models are built with similar model

architecture. Especially, domain-specific optimized BERT-VPT model shows performance

improvement by 8.8% in terms of R10@1 compared to the general transformer based model

(i.e., DAM). In the case of MSN, even though it uses word2vec [25] as pre-trained word

embeddings, it shows comparable results with BERTbase model. However, BERT-VFT

that understands domain specific corpus shows 5.5% higher results in terms of R10@1,

which has significant gap between two models.

5.1.2 Performance on Advising Corpus

Model R100@1 R100@10 R100@50 MRR

Vig and Remma [9] 0.186 0.580 0.942 0.312

Chen et al. [18] 0.214 0.630 0.948 0.339

BERTbase 0.236 0.656 0.946 0.359

BERT-DPT 0.270 0.668 0.942 0.395

BERT-VFT 0.274 0.654 0.932 0.400

BERT-VFT(DA) 0.274 0.664 0.942 0.399

Table 5.2: Evaluation results on the Advising Corpus.

As shown in Table 5.2, we compare our approach with two existing baselines on Ad-

vising Corpus, proposed by Vig and Remea [9] and Chen et al. [18] in DSTC 7. The

former baseline evaluate BERTbase model on the Advising Corpus, but there is substan-

tial performance difference from what we obtain. We believe that different implementation

frameworks and hyperparameters, such as learning rates, are the main reason why perfor-

mance differences exist between our work and that of Vig and Remea [9]. The first place

of the challenge was the work conducted by Chen et al. [18], BERT-VFT outperforms 6%

in terms of R10@1. DPT shows its effectiveness on Advising Corpus, leading 3.4% higher

results in terms of R10@1 compared to the BERT baseline.
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• 아래 표는 발화 간 관계를 학습하기 위해 추가한 [EOT] 토큰 및 BERT의 각 비지도 목적 함수에 대해 Ablation을 진행한

결과를 나타낸 것입니다.

• Ablation 결과 [EOT] 토큰의 추가와 관계 없이 MLM과 NSP를 함께 학습하였을 때, 가장 높은 성능을 보여주었습니다. 각

목적 함수를 비교하였을 때, 문장의 문맥 정보 학습에는 MLM이 많은 영향을 미치는 것을 본 실험을 통해 확인 하였으며,

[EOT] 토큰의 추가가 대화 이해를 위한 BERT 추가 학습에 많은 영향을 준다는 것도 확인할 수 있었습니다.

Post-Training
Special

Token
R10@1 R10@2 R10@5 MRR

NSP
without

EOT

0.816 0.903 0.977 0.884

MLM 0.834 0.916 0.981 0.896

MLM + NSP 0.839 0.920 0.982 0.900

NSP
with

EOT

0.819 0.906 0.978 0.886

MLM 0.838 0.918 0.982 0.899

MLM + NSP 0.851 0.924 0.984 0.907

Table 6.1: Comparison of MLM and NSP on Ubuntu Corpus

V1. Experiments are conducted depending on the use of special

token EOT.

The effectiveness of [EOT] token is observed when conducting MLM + NSP task, 1.1%

and 0.007 higher results is obtained, in terms of R10@1 and MRR respectively, compared

to the case without using [EOT] token. We demonstrate that each utterance represents

different information for predicting the next utterance. Also, capturing information from

the dialog utterances that are significantly relevant to the response.

6.3 Visualization

We visualize several responses with attention weights. In Table 6.2, examples of re-

sponse that are predicted as a correct response for each dialog are described. Among the

tokens that get higher attention weights, many of them are related to ubuntu operating

system. Some ubuntu terminologies in the responses, such as alsamixer, gnome-shell, ntfs-

3g, and apt-get, are more focused and considered as relevant words to the dialog contexts.
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