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Multi-turn Response Selection

Utterance Manipulation Strategies for Multi-turn Response Selection

• Whang, T.∗, Lee, D.∗, Oh, D., Lee, C., Han, K., Lee, D. H., & Lee, S. (2021). Do response selection models really know what’
s next? utterance manipulation strategies for multi-turn response selection. In Proceedings of 35th AAAI Conference on
Artificial Intelligence (pp. 14041-14049).

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

01.개요

• Response Selection은 검색 기반 대화 시스템에서 시스템의 자연스럽고 정확한 응답을 위해 주어진 응답 후보 (candidates)
중에서 대화에 이어지는 응답을 찾아내는 것입니다.

• 대화 문맥 정보를 바탕으로 주어진 대화에 가장 밀접하고 관련성이 높은 응답을 사용자에게 제공해 주는 것을 목표로

하며, 챗봇을 위한 대화 시스템 분야에서 생성 기반 모델과 더불어 많은 연구가 진행되고 있습니다. 기존의 연구들로는

RNN 기반의 모델에서부터 Attention 기반의 대화-응답 matching 모델 등이 있으며, 최근에는 Transformer Encoder를
기반으로 하는 연구가 좋은 성능을 보여 주었습니다.

• 아래 예시는 검색 기반 대화 시스템에서 대화에 이어지는 다음 발화를 예측하는 예시입니다. 본 예시에서는 Ubuntu
운영체제에서 문제가 발생한 질문자와 해결책을 제시하는 답변자의 대화를 예로 들었으며, 질문자의 마지막 발화에

어울리는 답변자의 예상 답변을 선택하는 것이 Response Selection task의 목적입니다.

36

1, 기술 설명

• 검색 기반 대화 시스템이란 대화의 마지막 응답을 후보들(candiates) 중에서 찾아 제공하는 대화 시스템

• 대화 문맥 정보를 활용하여 가장 관련 있는 응답을 찾아 사용자에게 답변을 제공해 주는 것을 목표로 하며, 검색 기반 대화 시스템

은 챗봇을 위한 대화 시스템 분야에서 많은 연구가 진행되고 있음 

Ubuntu troubleshoot과 관련된 대화와 이에 대한 응답 예측하는 예

2. 기술 방법

• 본 기술은 문장을 효과적으로 표현할 수 있는 LSTM Encoder와 또한 대화의 문맥에서 중요한 부분에 대해 집중적으로 모델에 반영

하기 위해 단어 단위의 Attention mechanism을 사용하여 모델을 개발하였음

• 대화 내 발화의 중요 특징(사용자 정보, 발화의 순서, 문장 임베딩)들을 반영하여, 대화 문맥 정보를 더욱 잘 표현할 수 있도록 모델 

개발

3. 기술 활용 및 응용 분야

• 본 기술은 검색을 기반으로 하는 챗봇 시스템 구축 및 학습에 활용될 수 있으며, 도메인 영역에 관련 없이 활용될 수 있음

4. 실험 

4.1 실험 개요

• DSTC7에서 제공한 Ubuntu Dialog Corpus와 Adviisng Dataset을 사용하여 response selection task에 대해 실험을 진행한 결과는 

아래와 같음

• 본 기술은 DSTC7에서 제공한 Ubuntu와 Advising 데이터 셋에 대해서 실험을 진행하였으며, ESIM+SE+PE+UE(ELMO) 모델이 기존 

Baseline 모델들의 성능보다 좋은 성능을 보여주었음

1. have you tried right shift?

2. there are several apps for data backup, after that do a 64 bit clean install

3. Don't be silly, it's a cross-platform issue

99. It is cool, one sec

100. thanks for the link 

Response Selection 

My skype doesn't start, anyone knows why?

Skype is having an issue; https://twittercomM/Skype

So I can only wait?

At this time, that's what I suggest

Thanks, better to know that its in progress than missing out. 

Maybe skype has this problem with Ubuntu because MS bought skype

검색 기반 대화 시스템에서의 정답 예측 기술03

02.연구내용

• 최신 언어 모델 기반한 Response Selection모델은 대화와 응답 후보군을 입력받으면, 후보 문장의 적정성 여부를 binary
classification한 결과를 내놓습니다. 본 연구에서는 의미적 유사도를 기반으로 점수를 내는 언어 모델의 특성상, 응답으로

적절하지 않은 문장에 정답보다 더 높은 점수를 부여하는 경향성을 보이는 기존 방식의 한계를 지적했습니다. 한가지

예로, LM에 기반한 최신의 응답 선택 모델이 대화에 이어지는 응답보다, 대화의 맥락에 적절하지 않지만 의미적 유사도가

높은 문장 (대화 내 존재하는 문장)에 더 높은 점수를 부여하는 것을 확인하였습니다.

• 본 연구에서는 기존의 한계를 극복하고자 UMS (Utterance Manipulation Strategies)를 제안했습니다. 이 기법은 대화에

서 특정 발화가 어느 위치에 삽입돼야 하는지 (insertion), 현재 대화 흐름에서 어떤 발화가 올바르지 않은지 (deletion),
특정 발화의 바로 이전 발화의 위치가 어딘지 (search)를 배우는 3가지 task로 구성됩니다. Self-supervised learning을
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통해 사람이 따로 라벨링 작업을 할 필요가 없고, 기존의 응답 선택 모델을 따로 조정할 필요 없이 fine-tuning단계에서

joint-training을 진행합니다.

Good morning! What can I do for you?

How much does a seven-day tour by bus cost?

Two thousand dollars. 

Does that include hotels and meals?

Oh, yes, and admission tickets 
for places of interest as well.

That sounds reasonable. 

With pleasure. We arrange two kinds of tourist programs for 
California, a seven-day tour by bus and a five-day flying journey.

(a)

(b)

(d)

(e)

(c)

(a)

(b)

(c)

(d)

I'd like to taste some local dishes. What would you recommend?

(a)

(b)

(c)

(d)

I'm thinking of traveling to California in May. 
Could you recommend some tourist programs for that?

(e)

(f)

[Utterance Insertion]

[Utterance Deletion] [Utterance Search]

(a) Response Selection

(b) Utterance Manipulation Strategies

[Dialog Context]

[Response]

I'm thinking of traveling to California in May. 
Could you recommend some tourist programs for that?

I'm thinking of traveling to California in May. 
Could you recommend some tourist programs for that?

With pleasure. We arrange two kinds of tourist programs for 
California, a seven-day tour by bus and a five-day flying journey.

With pleasure. We arrange two kinds of tourist programs for 
California, a seven-day tour by bus and a five-day flying journey.

How much does a seven-day tour by bus cost?

Two thousand dollars. 

Does that include hotels and meals?

Two thousand dollars. 

With pleasure. We arrange two kinds of tourist programs for 
California, a seven-day tour by bus and a five-day flying journey.

I'm thinking of traveling to California in May. 
Could you recommend some tourist programs for that?

How much does a seven-day tour by bus cost?

Does that include hotels and meals?

Two thousand dollars. 

Speaker 1

Speaker 2

Target Utterance

Previous
Utterance

Random
Dialog Oh, yes, and admission tickets 

for places of interest as well.

How much does a seven-day tour by bus cost?

Figure 2: An overview of Utterance Manipulation Strategies. Input sequence for each manipulation strategy is dynamically
constructed by extracting k consecutive utterances from the original dialog context during the training period. Also, target
utterance is randomly chosen from either the dialog context (Insertion, Search) or the random dialog (Deletion).

Utterance Deletion Recent BERT-based models for multi-
turn response selection regard the task as a dialog–response
binary classification. Even though they are extended in
a multi-turn manner using separating tokens (e.g., [SEP],
[EOT] ), these models lack utterance-level interaction between
dialog context and response. To alleviate this, we propose a
highly effective auxiliary task, utterance deletion, to enrich
utterance-level interaction in multi-turn conversation.

As with utterance insertion, k consecutive utterances are
extracted from the original dialog context, and then an utter-
ance from a random dialog is inserted among the k extracted
utterances. In other words, k + 1 utterances are composed
of k utterances from the original conversation and one from
different dialogs. To train the model to find an unrelated utter-
ance, [DEL] tokens are positioned before each utterance. The
objective of the utterance deletion task is to predict which
utterance causes inconsistency. We denote the input sequence
for utterance deletion as

XDEL = [[CLS] [DEL]1 u1 [DEL]2 u2 ...[DEL]t

urand [DEL]t+1 ut ... [DEL]k+1 uk [SEP]],

where urand is the utterance from the random dialog and
[DEL]t is the target deletion token.
Utterance Search Whereas two previous auxiliary tasks are
performed in a properly ordered dialog, we design a novel
task, utterance search, which aims to find an appropriate
utterance from randomly shuffled utterances. The objective
of this task is to learn temporal dependencies between seman-
tically similar utterances.

Given k consecutive utterances same as the previous tasks,
we shuffle utterances except for the last utterance and insert
[SRCH] tokens before each shuffled utterance. The utterance

search aims to find the previous utterance of the last utterance
from the jumbled utterances. Input sequence for utterance
search is denoted as

XSRCH = [[CLS] [SRCH]1 u
′
1[SRCH]2 u

′
2 ...

[SRCH]t u
′
t ... u

′
k−1[SEP]uk [SEP]],

where {u′t}k−1t=1 is a set of utterances which are randomly
shuffled except for the last utterance uk. The previous utter-
ance of uk is denoted as u′t (i.e., uk−1) and [SRCH]t is the
target search token.

Multi-Task Learning Setup
The input sequence of each task is fed into the language
models. The output representations of special tokens (i.e.,
[INS], [DEL], and [SRCH] ) are used to classify whether each
token is in a correct position to be inserted, deleted, and
searched. Target tokens for each task (i.e., [INS]t, [DEL]t,
and [SRCH]t) are labeled as 1, otherwise 0. We calculate the
probability of the token being a target as follows:

p(yTASK = 1|XTASK) = σ(w>xTASK + b), (2)

where TASK∈{INS, DEL, SRCH} and xTASK is the output repre-
sentations of each special token. We use binary cross-entropy
loss for all auxiliary tasks to optimize each model. The final
loss is determined by summing the response selection loss
and UMS losses with the same ratio.

Experimental Setup
Datasets
We evaluate our model on three widely used response se-
lection benchmarks: Ubuntu Corpus V1 (Lowe et al. 2015),

03.실험및결과

• 본 연구에서는 Multi-turn Response Selection에서 주요 benchmark 데이터셋으로 활용되는 Ubuntu Corpus V1 (English),
Douban Corpus (Chinese), E-commerce Corpus (Chinese), 그리고 새로 구축한 Kakao Corpus (Korean)에 대해서 UMS 방

법에 대한 성능 평가를 진행 하였습니다. 기존 RNN, Attention, Transformer 기반의 모델에서부터 pre-trained LM 기반의

모델들까지 baseline으로 설정하고 성능을 비교하였습니다.

• pre-trained LM의 경우 BERT와 ELECTRA 두 가지 언어 모델에대해서 실험을 진행하였고, 기존 baseline 모델들과 공정한

비교를 위해 각 언어모델을 task-specific corpus에 post-training을 진행한 모델 (BERT+, ELECTRA+)에 대해서도 평가를

진행하였습니다.

• 실험 결과, UMS 방법을 적용하였을 때 모든 benchmark 데이터셋에서 주목할 만한 성능 향상을 보여주었습니다. 특히

UMS𝐵𝐸𝑅𝑇 + 모델이 기존 baseline과 비교했을 때 state-of-the-art (SOTA)의 성능을 보여주었습니다.

Models Ubuntu Douban E-commerce
R10@1 R10@2 R10@5 MAP MRR P@1 R10@1 R10@2 R10@5 R10@1 R10@2 R10@5

CNN (Kadlec, Schmid, and Kleindienst 2015) 0.549 0.684 0.896 0.417 0.440 0.226 0.121 0.252 0.647 0.328 0.515 0.792
LSTM (Kadlec, Schmid, and Kleindienst 2015) 0.638 0.784 0.949 0.485 0.537 0.320 0.187 0.343 0.720 0.365 0.536 0.828
BiLSTM (Kadlec, Schmid, and Kleindienst 2015) 0.630 0.780 0.944 0.479 0.514 0.313 0.184 0.330 0.716 0.365 0.536 0.825
MV-LSTM (Wan et al. 2016) 0.653 0.804 0.946 0.498 0.538 0.348 0.202 0.351 0.710 0.412 0.591 0.857
Match-LSTM(Wang and Jiang 2016) 0.653 0.799 0.944 0.500 0.537 0.345 0.202 0.348 0.720 0.410 0.590 0.858
Multi-View (Zhou et al. 2016) 0.662 0.801 0.951 0.505 0.543 0.342 0.202 0.350 0.729 0.421 0.601 0.861
DL2R (Yan, Song, and Wu 2016) 0.626 0.783 0.944 0.488 0.527 0.330 0.193 0.342 0.705 0.399 0.571 0.842
SMN (Wu et al. 2017) 0.726 0.847 0.961 0.529 0.569 0.397 0.233 0.396 0.724 0.453 0.654 0.886
DUA (Zhang et al. 2018) 0.752 0.868 0.962 0.551 0.599 0.421 0.243 0.421 0.780 0.501 0.700 0.921
DAM (Zhou et al. 2018) 0.767 0.874 0.969 0.550 0.601 0.427 0.254 0.410 0.757 0.526 0.727 0.933
IoI (Tao et al. 2019b) 0.796 0.894 0.974 0.573 0.621 0.444 0.269 0.451 0.786 0.563 0.768 0.950
MSN (Yuan et al. 2019) 0.800 0.899 0.978 0.587 0.632 0.470 0.295 0.452 0.788 0.606 0.770 0.937
BERT (Gu et al. 2020) 0.808 0.897 0.975 0.591 0.633 0.454 0.280 0.470 0.828 0.610 0.814 0.973
BERT-SS-DA (Lu et al. 2020) 0.813 0.901 0.977 0.602 0.643 0.458 0.280 0.491 0.843 0.648 0.843 0.980
SA-BERT (Gu et al. 2020) 0.855 0.928 0.983 0.619 0.659 0.496 0.313 0.481 0.847 0.704 0.879 0.985
BERT (ours) 0.820 0.906 0.978 0.597 0.634 0.448 0.279 0.489 0.823 0.641 0.824 0.973
ELECTRA 0.826 0.908 0.978 0.602 0.642 0.465 0.287 0.483 0.839 0.609 0.804 0.965
UMSBERT 0.843 0.920 0.982 0.597 0.639 0.466 0.285 0.471 0.829 0.674 0.861 0.980
UMSELECTRA 0.854 0.929 0.984 0.608 0.650 0.472 0.291 0.488 0.845 0.648 0.831 0.974
BERT+ 0.862 0.935 0.987 0.609 0.645 0.463 0.290 0.505 0.838 0.725 0.890 0.984
ELECTRA+ 0.861 0.932 0.985 0.612 0.655 0.480 0.301 0.499 0.836 0.673 0.835 0.974
UMSBERT+ 0.875† 0.942† 0.988† 0.625 0.664 0.499 0.318 0.482 0.858 0.762 0.905 0.986
UMSELECTRA+ 0.875 0.941 0.988 0.623 0.663 0.492 0.307 0.501 0.851 0.707 0.853 0.974

Table 2: Results on Ubuntu, Douban, and E-Commerce datasets. All the evaluation results except ours are cited from published
literature (Tao et al. 2019b; Yuan et al. 2019; Gu et al. 2020). The underlined numbers mean the best performance for each block
and the bold numbers mean state-of-the-art performance for each metric. † denotes statistical significance (p-value < 0.05).

They mainly utilize speaker information of each utterance in
the dialog context to extend BERT into a multi-turn fashion.

Results and Discussion
Quantitative Results
Table 2 lists the quantitative results on Ubuntu, Douban, and
E-Commerce datasets. In our experiments, we set two con-
ditions for pre-trained language models. 1) Two different
pre-trained language models (i.e., BERT and ELECTRA) are
utilized for fine-tuning. 2) We adapt domain-specific post-
training approach (each post-trained model is denoted as
BERT+ and ELECTRA+). Based on these initial settings,
we explore how effective UMS are for multi-turn response
selection.

For all datasets, models with UMS significantly out-
perform the previous state-of-the-art methods. Specifically,
UMSBERT+ achieves absolute improvements of 2.0% and
5.8% in R10@1 on Ubuntu and E-Commerce datasets, re-
spectively. For Douban datset, MAP and MRR are consid-
ered to be main metrics rather than R10@1 because the test
set contains more than one ground truth in the candidates.
UMSBERT+ achieves absolute improvements of 0.5% in these
metrics.

To evaluate the effectiveness of UMS, we compare the
models with UMS and those without them. Since existing
BERT-based approaches (Lu et al. 2020; Gu et al. 2020) re-
ported different performances of BERT, we reimplemented it
for a fair comparison with our proposed UMSBERT. The mod-
els with UMS consistently show performance improvement
regardless of whether language models are post-trained on
each corpus or not. For the models without post-training,
different results are obtained depending on the dataset.
ELECTRA mainly shows better results for the Ubuntu and

Test Split Approach MAP MRR P@1 R10@1 R10@2 R10@5

Web BERT 0.671 0.720 0.555 0.391 0.599 0.890
UMSBERT 0.699 0.751 0.606 0.428 0.623 0.911

Clean BERT 0.726 0.792 0.648 0.395 0.612 0.888
UMSBERT 0.761 0.834 0.716 0.431 0.663 0.903

Table 3: Evaluation Results on Kakao Corpus.

Douban datasets, while BERT shows better results for the
E-Commerce dataset. By contrast, BERT+ achieves the best
performance for all corpora in comparison among the models
with post-training. We believe that post-training on domain-
specific corpus provides the model with more opportunities
to learn whether given two dialogs are relevant through NSP;
this has the effect of data augmentation.
Results on Kakao Corpus We report the evaluation results
on the Kakao Corpus in Table 3. As ELECTRA for Korean is
unavailable, we only compare BERT and UMSBERT for two
test splits. Clean shows better results than Web with respect
to all metrics regardless of using UMS. This might be be-
cause Clean contains fewer grammatical errors and typos that
interfere with an accurate understanding of the context. Also,
UMSBERT significantly improves performance compared to
the baseline for both split; specifically, it achieves absolute
improvements of 5.1% and 6.8% in P@1 on Web and Clean,
respectively.

Adversarial Experiment
Even though BERT-based models have shown state-of-the-art
performance for response selection task, we experiment to
know if these models are trained to predict the next utterance
properly. Inspired by Jia and Liang (2017) and Yuan et al.
(2019), we design an adversarial experiment to investigate
whether language models for response selection are trained

• 추가로 adversarial실험을 설계하여 UMS방법을 통해 학습한 모델이 response selection task에 robust한 것을 검증하고자

하였습니다. adversarial 실험은 대화 내 임의의 한 발화를 response candidate 안에 포함시켜 모델의 candidate ranking
결과를 평가하였습니다. 실험 결과, UMS를 통해 학습한 모델이 그렇지 않은 모델보다 adversarial test set에서 더 좋은

성능을 보여주었습니다.
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