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Abstract
The task of Next Utterance Classification in dialog learning
highly resembles that of Question Answering, but there has
not been much attention to applying models across the two
fields, especially not in more practical dialog modeling scenarios. Hence, this paper presents end-to-end Question Answering (QA) style models for the goal-oriented dialog system task in Dialog System Technology Challenges (DSTC) 7.
We first provide a comprehensive quantitative and qualitative
analysis of the newly introduced Advising dataset and show
the heavy reliance of the data on an external Knowledge Base
(KB) of course offerings. Based on such analysis, we model
the dialogs with popular approaches from both dialog and QA
literature, and show that QA methods perform comparably
well to the former, despite they were designed for a fairly different task. We mainly compare Hierarchical RNNs (Serban
et al. 2017) and a modified version of the BiDAF model (Seo
et al. 2017a). We then employ large-scale KB query methods from DrQA (Chen et al. 2017) to incorporate external
knowledge into the dialog. Furthermore, contrary to a recent
previous work (Tao et al. 2018), we show that Embeddings
from Language Models (ELMo) (Peters et al. 2018) do significantly improve the performance in dialog systems without
fine-tuning.

Introduction
Task-oriented dialog systems have been traditionally modeled in a pipeline-oriented design that normally does not
allow error propagation (Lemon et al. 2006; Williams and
Young 2007; Young et al. 2013; Wang and Lemon 2013).
These systems are known to be stable, reliable, and interpretable, but the inherent credit assignment and scalability
issues hinder the generalization to different tasks, domains,
and datasets. Some recent works have tried to overcome
these limitations by end-to-end learning combined with a
modularized network structure that follows the pipeline architecture (Wen et al. 2017; Williams, Asadi, and Zweig
2017).
Meanwhile, as shown from the recent re-branding of
DSTC 6 (Boureau, Bordes, and Perez 2017), fully endto-end modeling approaches to task-oriented dialogs have
been actively researched, which aims to implicitly learn
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and model dialog states as distributed vector representations (Bordes, Boureau, and Weston 2017; Serban et al.
2017; Zhao et al. 2017; Wu et al. 2017a; Madotto, Wu, and
Fung 2018). However, while achieving near perfect accuracy in simulated bAbI dialog (Bordes, Boureau, and Weston
2017), many of these models are not suitable to generalize
well to more practical and realistic scenarios, such as incorporating large databases or when no clear answer exists.
On the other hand, Question Answering models have
been extensively explored in many such situations (Chen
et al. 2017; Seo et al. 2017a; Rajpurkar, Jia, and Liang
2018). We observe that the task of dialog next utterance selection is highly similar to conventional question answering tasks, in which we can view the dialog history as the
story, and the candidate responses as queries. Memory Networks (Sukhbaatar et al. 2015; Bordes, Boureau, and Weston
2017) and Query Reduction Networks (Seo et al. 2017b)
have acknowledged similar intuitions, but have been only
applied in simulated bAbI dialogs.
In light of this, we propose to apply Bi-Directional Attention Flow (BiDAF) (Seo et al. 2017a) for dialog next
utterance classification, and use the DrQA TF-IDF scoring
method (Chen et al. 2017) for Knowledge Base extraction.
We combine these methods with contextualized word embeddings (ELMo) (Peters et al. 2018) used as sentence encoders (Perone, Silveira, and Paula 2018) and show significant improvements from several baseline models strong in
simulated dialog.

Task Description
DSTC 7 Track 1 organizers aim to push end-to-end dialog models towards more real-life situations. The organizers
propose a new dataset called Advising, which contains 500
complete dialogs between students and advisors regarding
course selection, split into 100k samples. They also modified the original Ubuntu dialog corpus (Lowe et al. 2015) by
extracting new dialogs with a new extraction process as described in (Kummerfeld et al. 2018) and also uses 100 candidate responses instead of 10. For both corpora, the main
task is to choose the next utterance, given the dialog history and 100 candidate responses. For Advising, the system
should simulate the advisor, and the answerer for Ubuntu.
Five subtasks are proposed as realistic scenarios:
1. Next Utterance Classification (NUC) - Both

Speaker
Advisor
Student
Advisor
Student
Advisor
Student
Advisor
Student
Advisor
Student
Advisor

Utterance
Hello, what can I do for you?
Hi, I need some advice on what I should be
taking this semester.
Which year are studying?
I am a senior student
I will gloss over your transcript
Thanks!
It appears you haven’t taken EECS 281. It
is a prerequisite for most upper-level EECS
classes.
So you think I must take 281 then?
You need to sign up for this class to graduate.
I will take the class, but is there anything else
you might recommend?
Correct: Any interest in logic circuit synthesis and optimization?

Advising Dataset
Avg. Turns

9.2

Uniq. Responses

28k

Max Turns

41

KB Triples

22.3k

Avg. User Words

9.3 (6.2)

Vocab

6.4k

Avg. Sys Words

10.9 (9.2)

+ KB

18.4k

Avg. Cand Words

12.6 (7.7)

Avg. UNK (dev)

1.36%

Max Stud. Words

57

Training

100k

Max Adv. Words

375

Dev Set

500

Table 1: Example Dialog from Advising Dataset. Italicized
parts and the correct answer can only be known with KB.

Table 2: Advising data statistics. Values in parenthesis are
standard deviations.

2. NUC from 120k response candidates - Ubuntu

tioned in the dialog. We also see if these mentioned courses
were in the provided student meta data (course history and
system suggested courses). From the top four rows of Table 3, we can see that around 70% of the dialogs mention
at least one course, at least once, and 40% for the correct
response. Most of these mentioned courses are not from the
student’s course history nor the system suggested courses.
We can conclude that a majority of the 70% come from
the external Knowledge Base of course offering information.
Similar for the correct responses
For qualitative measurement, we sample 200 dialog examples from the training set and estimate the usage of KB
in this dataset by manually labeling each dialog from 1 to
5 (from No use of KB to Impossible to solve). The bottom
five rows of Table 3 also indicate a similar trend, but much
more fine-grained. For instance, only 30% of the dialogs do
not require any course information from the KB, which is
consistent with the quantitative results from above (70% require KB). Furthermore, we can see that from the row on
“Local KB”, 30% of the courses require only the meta data
given in each dialog, which is also consistent with the above
quantitative analysis.
The remaining rows with “Global KB” indicate the ones
that actually require external KB information. Single Hop
means a simple retrieval is suitable, and Multi Hop refers
when comparison is required, such as finding an easier
course than another. Therefore, from both assessment methods, we show that information of knowledge base is crucial
in modeling this dataset, and without extensively leveraging KB information or meta-data, for this dataset, the upper
bound in performance can be set to approximately 30%.

3. NUC with multiple answers from paraphrases - Advising
4. NUC with no answer - Both
5. Knowledge Grounded (KG) NUC - Both
In this paper, we focus on the main next utterance classification (NUC) task and the Knowledge Grounding (KG)
task. The KG task provides both dialog corpora with external knowledge bases (course offering information for Advising and Linux manpages for Ubuntu) to improve the NUC
task accuracy. Evaluation metrics are mainly Recall@k and
Mean Reciprocal Rank. An example dialog which requires
KB information is given in Table 1. In addition to the course
offerings, Advising data also provide student meta-data,
such as course history, system suggested courses, and current term/semester.

Data Analysis
In this section, we report the data statistics we collected for
Advising dataset, as it is a newly introduced dataset with no
public information regarding it. We first conducted a corpuswide quantitative analysis, by collecting the statistics. We
then measure the usage of KB throughout the dialogs both
quantitatively and qualitatively.
First of all, from Table 2, we can see that without inclusion of the KB, the original vocabulary size is very small
(6.4k) compared to the training set size of 100k dialogs. This
is mainly because the original data consists of only 500 complete dialogs that were sliced apart. Meanwhile, there were
approximately 28k unique responses indicating a relatively
large response space. The very low unknown token ratio indicates that the validation set has a similar distribution as the
training.
For quantitative measuring, we collect the token overlap
ratio between the dialogs and their corresponding correct responses, count the number of times any course was men-

Methodology
Preliminary Baselines
Dual Encoder Initially, we experiment with the Dual Encoder baseline (Lowe et al. 2017) provided by the DSTC

Type

KB Usage

Context (%)

Avg. Dialog-Response overlap
Quantitative

Qualitative

Response (%)

14.3

Course mentioned in

68.3

39.9

+ not in prior

58.7

37.4

+ not in suggested

39.8

19.5

No Use of KB

30

34.5

Local KB - Suggestions

29

27.5

Global KB - Single Hop

20

18

Global KB - Multi Hop

14

15

Impossible to solve

7

5

Table 3: Quantitative and Qualitative Analysis of Advising data KB usage.
7 Track 1 Organizers. This model simply encodes the context and response candidates each with separate RNNs and
passes the final hidden states through a bi-linear module that
calculates similarity. We also experiment with a variant of
this model, Shared RNN, which ties the weights of the two
RNNs and replaces the bi-linear module with a simple dot
product, which is implemented as a Batch Matrix Multiplication (BMM) layer. Input layer utilizes GloVe (Pennington,
Socher, and Manning 2014).
Memory Network Following the approaches of (Bordes,
Boureau, and Weston 2017) which showed outstanding results for bAbI dialog tasks in multi-hop reasoning, we implement the same model with tied embedding weights, and
use an RNN encoder for the response candidates. We treat
the dialog history as the story and the last utterance as the
query. Again, the similarity measure is a simple dot product.

Hierarchical RNN + ELMo
Although inspired by (Serban et al. 2017), the Hierarchical
RNN model we propose is not exactly identical to the original one. Instead of using a vanilla RNN for encoding wordlevel features, we use ELMo (Peters et al. 2018) which itself
is a 2-layer bidirectional LSTM Language Model combined
with a Character-level CNN. Following the works of (Perone, Silveira, and Paula 2018) we use this ELMo layer as a
sentence encoding layer yielding a 3072-dimensional vector
for each utterance. We then model the dependency between
each utterance with a sentence-level Gated Recurrent Unit
(GRU) (Chung et al. 2014) Encoder. Meanwhile, as shown
in Figure 1, the ELMo encoded response candidates pass
through a Multi-layer Perceptron (MLP) for dimensionality
reduction that matches the HRNN output. Similarity is measured through dot products.

Bidirectional Attention Flow + ELMo
Figure 2 describes a modified and simplified version of the
model from (Seo et al. 2017a) and (Peters et al. 2018)
that has achieved state-of-the-art results on (Rajpurkar et al.
2016) leader-board. Here, we treat the dialog context as the
story, and each response candidates as individual queries. As
there are no temporal dependencies between each responses,
we strip off the query LSTM encoder, and directly feed
the encoded responses vectors to the Bidirectional Attention
Flow module. This module, in its essence, creates contextaware query representations and query-aware context representations. To prevent over-parameterization, we also strip
off the modeling layer after the attention flow layer, and directly classify with dot product similarity measures (Simplified BiDAF).

DrQA + CNN
In both Figures 1 and 2, we see an orange module called
DrQA Ranker connected with a CNN. This ranker uses
the TF-IDF scoring method from (Chen et al. 2017) to extract relevant Knowledge Base entries given the dialog context. Given top 10 relevant KB entries, after passing them
through the ELMo layer, these vectors are forwarded to a
1-dimensional CNN layer to model the dependencies between each KB entries. The final KB feature vector k obtained from the CNN is added to the story vectors hcT and
gTc . The dotted lines in the figures indicate the flow of information when KB is decided to be used. Hence, when KB is
used, hcT + k and gTc + k is fed instead to the BMM layer.

Experiments and Results
For training, we preprocess all input apriori, including the
ELMo layer outputs, so we do not fine-tune the pre-trained

Figure 1: HRNN + ELMo model. Left side is for Subtask 1, and the right side is for Subtask 5. Dotted lines are not used during
Subtask 1. c is context, r is response, h is encoded hidden states, and k is KB entry.

Figure 2: BiDAF + ELMo model. Left side is for Subtask 1, and the right side is for Subtask 5. Dotted lines are not used during
Subtask 1. c is context, r is response, h is encoded hidden states, g is context aware responses, and k is KB entry.

Model

R@1

R@10

R@50

Dual Encoder

6.2%

29.6%

72.8%

Shared RNN

10.2%

38.2%

82.6%

MemN2N

8.4%

32.8%

75.2%

HRNN + ELMo

13.2%

52.4%

89.8%

BiDAF + ELMo

9.4%

45.4%

88.2%

Table 4: Validation results of Preliminary Baselines on Advising Subtask 1.
embedding vectors. We ran a grid search over various hyperparameter settings:
1. Learning Rate: [1e-3, 1e-4, 1e-5]
2. Hidden Size: [64 (BiDAF), 128, 256, 512 (HRNN)]
3. MLP Layer Num: [1, 2, 3]
4. Binary vs 1-hot labels
5. BiDAF vs Simplified BiDAF
where the bold ones are best hyperparameters we use for our
experiments.

Results and Discussion
For evaluation, we mainly discuss R@1 and R@10. Table 4 shows the results of the Preliminary baselines and proposed models on Advising Subtask 1. We can clearly see that
”HRNN + ELMo” is the best performing model in the validation set, while the Dual Encoder baseline performs the
worse. Interestingly, in terms of accuracy (R@1), Shared
RNN, which is a variant of Dual Encoder, perform better
than both End-to-End Memory Networks (MemN2N) and
BiDAF + ELMo models. This result can most likely be attributed to the over-fitting of the more powerful (more parameters) models as Advising dataset is inherently small indicated by its very small vocabulary size. This is also evident
in the comparison of the Dual Encoder and Shared RNN,
in which the only difference is the number of parameters.
However, in terms of R@10, which is what the organizers
evaluate on, BiDAF is comparable to HRNN.
Furthermore, our results from Table 4 also show that
just by using better representations (ELMo vectors), the
model matches much better. These results contradict the
recent findings from (Tao et al. 2018) which claims that
ELMo does not help, but, in fact, hurts the performance
of the matching framework in dialog learning. They instead propose to train Embeddings from generative Conversational Models. It is interesting to note that although created differently, both Ubuntu datasets (Lowe et al. 2015;
Kummerfeld et al. 2018) come from the similar distributions
(although with different size and number of candidates),
ELMo seems to hurt the Sequential Matching Network (Wu
et al. 2017b) both with and without fine-tuning, while in

our case it significantly improves the RNN model even any
without fine-tuning. We are not certain of why this is the
case, but we assume that the Bag of Words sentence embedding method captures good representations of sentences
more than words, and it is possible that because we use a
larger dimensionality of 3072 that it works good.
To continue, results from Table 5 1 corroborates the statement above regarding over-fitting. It is clearly shown that in
the Ubuntu dataset, for R@1, BiDAF performs as well as
HRNN, although HRNNs are marginally better in general.
This could be also attributed to the larger number of parameters that BiDAF has to train compared to HRNNs. Nevertheless, for Ubuntu dataset, we can see that both HRNN
and BiDAF show very similar performances in terms of both
R@1 and R@10. This shows the effectiveness of a model
designed for Question Answering performing as good as a
model designed for dialog learning.
However, it is no surprise that these results are similar.
The bidirectional attention flow module, in fact, closely resembles the Sequential Matching Networks and Sequential Attention Networks (Wu et al. 2017b), specifically designed for this task. Such resemblance shows the innate similarity of the two tasks and motivates further investigation
into leveraging insights from Question Answering tasks (e.g.
dataset, model).
In general, from Table 5 we can see that Test 2 results
are more or less similar with Dev set results, while Test 1
results are very high. This is because there was a small leakage (announced by the organizers) into the Test 1 data from
the Training set, hence the high results.
In addition, although we mainly focused on Subtasks 1
and 5, we also fine-tuned the best model on Subtask 3. The
results are somewhat interesting, and does not follow the
trends of other subtasks. For instance, the supposedly leaked
Test case 1 has very low accuracy and recall compared to the
Dev set. More intersetingly, Test 2 results are very high, almost 3 times of the dev set accuracy.
Meanwhile, surprisingly incorporating KB information
did not help much in improving the accuracy for the Advising dataset. It is interesting, yet unfortunate, that the KB
encoder also hurts the overall test performance in Subtask
5. We hypothesize that the model over-fits due to the increased number of parameters of training another CNN encoder, and believe that the case might be slightly different
for the Ubuntu dataset, which we were not able to train in
time.

Conclusion
In this paper, we show that QA style models like Bidirectional Attention Flow (BiDAF) can be as effective as dialog learning models like Hierarchical RNNs. BiDAF, despite
having been designed for Question Answering, and having
been simplified, performs especially good in the Ubuntu dialog corpus where the data is much more diverse than that
of Advising. Our results indicate the potential applications
and cross-overs between Question Answering and Dialog
1
Note that these results are different from the official test results
due to some mistakes during final submission of test predictions.

Advising
Subtask 1

HRNN + ELMo

BiDAF + ELMo

Ubuntu

Subtask 3

Subtask 5

Subtask 1

Test 1

Test 2

Dev

Test 1

Test 2

Dev

Test 1

Test 2

Dev

Test

Dev

R@1

29.6

12.2

13.2

3.8

19.4

7.2

24.6

10.8

13.6

24.8

22.6

R@10

68.6

49

52.4

31

58.4

46

63.4

44

44.8

62.2

59.1

R@50

94

87.2

89.8

82.6

92.8

87.8

92.6

85.6

89.6

92.4

91.4

MRR

0.422

0.237

0.248

0.121

0.321

0.189

0.374

0.215

0.235

0.364

0.347

MAP

0.422

0.237

0.248

0.113

0.372

0.189

0.374

0.215

0.235

0.364

0.347

R@1

23.4

9.0

9.0

13.6

6.2

10.2

23.6

22.0

R@10

63.8

43.2

45.4

54.4

37.6

39.6

61.6

57.5

R@50

92.8

82.4

88.2

82.4

81.8

85.8

92.4

89.8

MRR

0.360

0.198

0.200

0.268

0.166

0.198

0.358

0.338

MAP

0.360

0.198

0.200

0.268

0.166

0.198

0.358

0.338

-

Table 5: Full results for test and validation results for all evaluated tasks, datasets, and test cases. All recall@k is in percentage.
Official results show at chance level performance for most tasks except Subtask 3 due to a mix up in submission files.
Learning models in more practical and realistic scenarios.
Although we have not achieved the best results compared to
the competitors, we would like to stress out that we wanted
to keep the model as generic as possible and show that Questions Answering models could work well in dialog, and vice
versa. For our future works, we plan to design a model that
will perform well in both Question Answering and Dialog
Learning, thereby closing the gaps between the two subdomains even more.

tions in conversation disentanglement research through the
lens of a new dataset and model. CoRR abs/1810.11118.
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