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ABSTRACT
Contextualised word embeddings have recently become essential
elements of Natural Language Processing (NLP) systems since these
embedding models encode not only words but also their contexts to
generate context-specific representations. Pre-trained models such
as BERT, GPT, and derived architectures are increasingly present
on NLP task benchmarks. Several comparative analyses of such
models have been performed, but so far no one compares the most
recent architectures in a dialogue generation dataset by considering
multiple metrics relevant to the task. In this paper, we not only
propose an encoder-decoder system that uses transfer learning with
pre-trained word embeddings, but we also systematically compare
various pretrained contextualised word embedding architectures on
the DSTC-7 dataset, using metrics based on mutual information, di-
alogue length, and variety of answers. We use the word embeddings
as a first layer of the encoder, making it possible to encode the texts
in a latent space. As a decoder, we use an LSTM layer and a byte
pair encoding tokenisation, aligned with state-of-the-art dialogue
systems recently published. The networks are trained during the
same amount of epochs, with the same optimisers and learning
rates. Considering the quality of the dialogue, our results show that
there is no superior technique on all metrics. However, there are
relevant differences concerning the computational costs to encode
the data.
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1 INTRODUCTION
Creating a machine that can act and think like a human being
has been a dream of humanity since before the invention of the
computer. The search for machines that can think like humans have
raised technical and philosophical questions about the very nature
of consciousness [4]. One field of computer science that deals with
the creation of such a machine is Natural Language Processing
(NLP), particularly in the area known as “dialogue generation”.
Dialogue systems have become increasingly popular in the last
few years. In the shape of virtual assistants [12] they can be a
simple interface in human-computer interaction, being intuitive
and transparent for the user like, for instance, agents like Siri,1
Alexa,2 and Google Assistant.3

A drawback of the current approaches to dialogue systems is the
lack of variety of responses.

It happens because most of the assistants have been developed
using a retrieval-based approach, which uses a pre-defined set of
phrases to retrieve from, thereby creating a limited set of interac-
tions and clearly distinguishing itself from a true human-human
interaction. This may be an acceptable behaviour when solving
some very specific tasks for strict domains, but it might reduce
the dynamic of the conversation and contribute to disengage the
users in open domains, in which it is impractical to predefine all
the possible subjects that could be spoken by the user.

To overcome this drawback, it is possible to use neural dialogue
generation techniques [16]. There are some generative neural net-
work models with sequence-to-sequence (SEQ2SEQ) architectures
that can be trained to map from the current user context to the
appropriate response [23]. From combining those models with tech-
niques like beam search, the dialogue system can generate sentences
that were never seen in the training set, yielding to a more varied
dialogue. The main problem with this technique is the amount
of data needed to train it, which is much larger as compared to
retrieval-based methods.

It is worth anticipating that, even with such dialogue genera-
tion techniques, dialogue systems can still have the same issues
as retrieval-based approaches. One issue that is common to both
retrieval-based and generative approaches is the incidence of unin-
formative responses like “I don’t know what you are talking about”

1https://www.apple.com/siri/
2https://www.alexa.com/
3https://assistant.google.com/
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and “I don’t know what you are saying” [15]. This happens in re-
trieval systems when they do not have an appropriate response to
the intention of the user. In generative-based systems, the model
can learn that those responses can make sense to almost any dia-
logue context, leading it to overfit on generic responses. In both
cases, those kinds of answers are not specific to any utterance and
do not stimulate the user to engage in further conversations.

Aimed at circumventing the problem of the high incidence of non-
informative responses generated by the chatbot, our first proposal
is to use transfer learning, with pre-trained word embeddings, to
leverage the information acquired in other tasks that have larger
datasets, thus creating a more accurate dialogue generation model.
The model that we used to do that is based on the popular Encoder-
Decoder framework.

The second contribution of this paper is to assess the quality
of the pre-trained word embeddings by taking into account mul-
tiple dimensions for assessing dialogue systems. Our underlying
assumption is that for a successful conversation with a human, the
chatbot has to not only suitably engage in the conversation, but
also stimulate new topics of conversation. For each one of those
dimensions, we attribute a quantitative score and use it to compare
five of the most recently published pre-trained word embeddings.

In summary, the two main contributions of our paper are: first,
we propose a system that uses transfer learning with pre-trained
word embeddings; second, we assess the quality of the pre-trained
word embeddings with a new framework that takes into account
multiple dimensions for assessing dialogue systems. The remainder
of this article is organised as follows. Section 2 covers the main
categories of dialogue generation systems. It is complemented by
Section 3, which gives an overview of contextualised word embed-
dings, followed by our proposed encoder-decoder system in Section
4. Next, Section 5 describes the metrics proposed to evaluate them.
Then, in Section 6, we describe the adopted experimental method-
ology. Finally, Section 7 presents the obtained results, followed by
Section 8 that concludes the paper.

2 DIALOGUE GENERATION
Chatbots based on dialogue generation systems usually fall into two
categories according to their objectives: closed domain [11] and
open domain [22]. The former has a limited scope such as booking
a movie ticket, a restaurant or finding a product. It aims to complete
a user goal quickly with as little as possible interactions with the
user, and for that, it can respond to simple patterns from the user’s
input to identify intentions and entities. Open-domain chatbots,
on their turn, should be able to handle a conversation on various
subjects and to engage the user with specific and coherent answers.

Multiple techniques have been proposed to solve the task of
open domain conversation, from complex systems [9] to end-to-
end neural networks trained on large datasets [28]. However, the
problem is still considered to be unsolved as no chatbot at the
time of writing this article was able to maintain an engaging and
coherent conversation with a human for even 20 minutes [13].

End-to-end networks have the advantage of requiring less
human-engineered elements, as the entire pipeline is supposed
to be learned from data. Those networks can be trained like a ma-
chine translation [20] problem that maps the prior context and

the user utterance to the expected answer. Such networks started
to gain more visibility with the creation of the Transformers [25]
architecture, a SEQ2SEQ neural network that has achieved the state-
of-the-art performance on multiple NLP tasks. Its advantages come
from the fact that it is designed to process sequential data, which is
the case of dialogue datasets. It can be trained in a self-supervised
way and used with transfer learning methods to leverage the infor-
mation of large corpora and be fine-tuned for subsequent tasks like
dialogue generation.

The use of a model that was pre-trained on a task and that is then
reused on a new task with similar characteristics usually yields
to the so-called transfer learning approaches [24, 26]. The idea
underlying those approaches is that the pre-trained model will
leverage the knowledge extracted from the ideally large amount of
the available data for the first task to achieve better performance at
the second task. These approaches became very popular in the field
of deep learning because (i) they allow reducing the amount of data
needed to train complex neural network models and (ii) because
of the modular nature of neural networks, which makes it easy to
connect new layers on top of pre-trained ones, fine-tuning the last
layers of the model on a new task.

3 CONTEXTUALISEDWORD EMBEDDINGS
The most common way to apply transfer learning methods on NLP
tasks is by using a word embedding, which refers to the technique
of representing each word, or token,4 as a dense vector. Typically,
these vectors are a representation of a vocabulary with reduced
dimensionality and semantic information added [17]. The core idea
behind word-embeddings training is that “You shall know a word by
the company it keeps!” [7], meaning that the vector for each word is
roughly learned by predicting its surrounding words in the corpora.

Initial approaches to word embedding used one vector for each
word [2, 17, 18]. They were a fast way to train the models but failed
to capture much of the syntactical information and they did not
handle polysemic behaviour.5

Recent works use a contextual approach, where the embedding
of each word depends on its context in the phrase. Those techniques
are computationally harder to train, but they usually give better
results on NLP benchmarks.6

Particularly, models based on the aforementioned Transformers
networks are increasingly present on the top of those rankings.
This kind of network is based on the encoder-decoder architecture,
as shown in figure 1. The encoder side receives the entire input se-
quence and projects it into an intermediary dimension, whereas the
decoder side receives iteratively each decoded token and combines
this information with the encoded input to predict what should be
the next token. We here highlight two of such model families, each
one created using one side of the Transformers architecture, namely:
BERT (Bidirectional Encoder Representations from Transformers)
[5] and GPT (Generative Pre-trained Transformer) [19].

BERT and its variations [5, 14] adapt the encoder side of the
Transformer (left-hand side half of figure 1), meaning that the entire

4A token is a string of contiguous characters between two spaces, or between a space
and punctuation marks. A token is a result of parsing the document down to the atomic
elements of a language.
5Polysemy is the capacity for a word or phrase to have different, but related, semantics.
6https://paperswithcode.com/area/natural-language-processing
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Figure 1: The transformer - model architecture[25].

input text goes through the model at training and inference time.
To train the model, BERT uses a masked language modeling (MLM)
loss, where some of the tokens are masked during training time. The
model’s objective is to reconstruct the original text. Due to being
based on MLM loss, BERT is considered a denoising autoencoder.
Giving the nature of this loss, to use BERT as a generative model
without any adaptation, one has to pre-define the number of tokens
that will be generated and pass it as a masked input to the model.

GPT, on the other hand, adapts the decoder side of the Trans-
former (right-hand side half of figure 1), where the input text is
observed by the model in a sequential way. At every iteration, the
model receives all the previous tokens to predict the next one. For
that reason, GPT is considered a generative model.

4 PROPOSED ENCODER-DECODER SYSTEM
To deal with the differences between the generation task of both
model families, we propose the use of an Encoder-Decoder archi-
tecture. This kind of architecture consists of a neural network that
can be abstracted by having two sides, the encoder and the decoder.
The encoder side receives the input and projects it in a fixed-size
vector, which will be later processed by the decoder to generate the
output.The output of the decoder is a sequence of tokens. For that
reason, this is a generative model — and not a retrieval one — that
tackles the problem of a limited variety of responses.

Since this kind of network has the property of projecting the
input in a fixed-size vector, it is appropriate to deal with inputs
of different natures without the need for further adaptations. To
illustrate this property, we use the embedding model as the input
of the encoder layer of our model. More precisely, we use the tra-
ditional encoder-decoder architecture [3] represented by figure 2
with some hyperparameters proposed by us. Both the encoder and
decoder sides consist of a single layer LSTM [10] block (with 512
hidden units).

The encoder part receives the input text embedded by the pre-
trained model as a sequence of vectors. This sequence goes through
the first LSTM layer and, then, after processing the entire input

Figure 2: Detailed architecture of the Encoder-Decoder
schema. The vector [x1,x2, · · · ,xn] represents the embedded
input. State is a fixed size vector and [y1,y2, · · · ,yn] is the out-
put sequence, that is fed with a lag of one time-step to the
Decoder side.

sequence, the internal state of the last LSTM block is used to ini-
tialise the decoder block. The initialised decoder layer receives
at each iteration one of the tokens of the output text, delayed by
one step and embedded by a non-initialised embedding layer (with
256 dimensions). To tokenise the output text we use a byte-pair
encoding [21] with 8K BPE subwords.

5 EVALUATION METRICS
Even with the recent improvements in the field of dialogue
generation, chatbots are still very far from having human-like
behaviour [13]. From this perspective, to account for the most
common deviations we propose three evaluation metrics inspired
on a recent work [16]: Mutual Information (MI), Information Flow
(IF), and Dialogue Length (DL). We shall note that Li et al. [16] use
them in a context different from ours, i.e., as reward functions for
reinforcement learning.

5.1 Mutual Information (MI)
To evaluate if the generated response makes sense in the context
of the dialogue, we measure the mutual information between the
response rand the combination of the context cwith the last user
utterance u:

MI =
1
Nr

loдpseq2seq (r |u, c) +
1
Nu

loдpbkw_seq2seq (u |r ), (1)

where Nr is the amount of tokens on the generated response,Nu is
the amount of tokens on the last utterance, pseq2seq (r |u, c) refers
to the probability of generating the response r giving the previous
dialogue (u, c), and pbkw_seq2seq (u |r ) refers to the probability of
the last user utterance ugiving the response r . Both probabilities
are calculated using the cross-entropy function. In particular, the
former is computed by using(u, c)as input and ras output for our
model, and the latter using ras input and uas output for a model
trained with the inverse order of the dialogue.

5.2 Information Flow (IF)
In order to avoid repetitive cycles of conversation, we propose a
metric that evaluates the new information added by each response.
Models that tend to generate responses too similar to the last user
utterance get a lower IF score:

IF = −loдcos (hr ,hu ) , (2)
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Table 1: Reddit dialogue samples.

A) TIL the entire goldeneye 007 game on the n64 is only 12 mb.

B) This game also introduced the first deadly full automatic pencil.
C) I love how thousands of groups of pre-internet kids all independently decided to call it the pencil
John Travolta turned down the role of Forest Gump.
Momma always said life is likely a royal with cheese.
C) If I remember correctly, I’m pretty sure it conflicated with shooting of Pulp Fiction

where cos(hr ,hu ) measures the similarity of the embedded vectors
h of the user utterance u and the generated response rusing the
cosine similarity, which is a measure of similarity between two
non-zero vectors of an inner product space.

5.3 Dialogue Length (DL)
It is a hard task to define when a dialogue has ended. Other than
a farewell message, in interactions with chatbots, an important
element to define the continuation of the dialogue and the user
engagement is the indicator of “I don’t know” or IDK [1]. When a
chatbot misunderstands the user’s intentions and, as a consequence,
starts answering with IDKs, the dialogue is soon coming to an end.
To evaluate the propensity of the model to misunderstand the user’s
utterance, we propose a metric that measures the probability of
IDKs:

DL = −
1
NS

∑
s ∈S

1
Ns

loдpseq2seq (s |r ), (3)

where S is a list of IDK responses manually constructed, NS is the
number of IDK phrases on the list, Ns is the number of tokens
in each IDK phrase, and pseq2seq (s |r ) is the log-likelihood of the
answer to be generated by each model. Even though there are
multiple ways to generate an IDK, we expect that they will fall in a
similar region of the space.

6 EXPERIMENTAL METHODOLOGY
This section describes the datasets used in the experiments per-
formed to compare the pre-trained embeddings, the list of the pre-
trained models, and the parameters of the training process.

6.1 Training Data
The selected use case considers the context of an open domain
undirected dialogue, where each actor is free to speakwhat comes to
mind without a specific goal or direction. We extracted the dialogue
corpus from a collection of public domain conversations known
as DSTC-7 [8]. This dataset contains over 2 million dialog turns
collected from the Reddit7 forum. Table 1 shows some examples of
excerpts from Reddit dialogues. The training data comprises the
period from Jan-2013 to Dec-2016 and the validation data is from
the period from Jan-2017 to Mar-2017.

We applied some filters to have a higher quality dataset. Re-
sponses, where any of the following conditions apply, were re-
moved:

1. Dialogue depth higher than 5;
2. Response contains a URL;
3. Response length higher than 130 characters;

4. Message potentially offensive;
5. Message repeated on the dataset more than 30 times;
6. Percentage of stop words8 in the message above 70%.
After running the filters, we had left approximately 1 million

pairs of dialogue history/response for training and 55k pairs for
validation.

6.2 Pre-trained Models
We selected five state of the art pre-trained models that are among
the top scores on multiple NLP benchmarks:

BERT [5]: The original BERT, on the small version.
ALBERT[14]: A more parameter-efficient version of BERT.
XLNet [27]: An autoregressive version of BERT.
GPT [28]: The original generative pre-training model, on its

small version.
GPT-2 [19]: The second generation of GPT, trained with more

data.
All models have the same embedding dimension of 768. We used

a widely known Python implementation publicly available.9

6.3 Model Training
The models were trained during 20 epochs each, with 2,000 batches
with a size of 64 observations/batch. This means that, on average,
each network got to process the entire dataset 2.5 times. We used
the Nadam optimiser [6] with a learning rate of 1e-4 and the sparse
cross-entropy loss.

7 RESULTS
Using the methodology just described in the previous section to
compare the pre-trained models, we got table 2, where we compare
the five embedding models with the metrics discussed in Section 5.
Also, we use an additional metric that is the average time that each
model took to embed a text of the validation dataset.

We can observe that no model is superior to the others on the
proposedmetrics. XLNet demonstrated to be the embeddingmethod
with the best performance on mutual information, which is related
to theway that traditional dialogue generationmodels are evaluated.
However, it has the highest computational cost and is not the best
model on the other metrics that are also important in a multi-turn
dialogue. Since our methodology relied on training a model with
each embedding technique for the same amount of epochs and
not the same amount of time, the increase in computational cost
7https://www.reddit.com/
8Stopwords are words which are filtered out before or after processing of text data,
and usually refers to the most common words in a language.
9https://github.com/huggingface/transformers
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Table 2: Comparison results. MI stands for Mutual Informa-
tion, DL for Dialogue Length, IF for Information Flow and
Emb.Time for the average time (in milliseconds) to embed
an observation.

Embedding MI DL IF Emb.Time

BERT 5.37 3.63 0.172 5.7
ALBERT 3.67 3.65 0.226 6.2
XLNet 9.64 3.62 0.132 10.9
GPT 7.70 3.55 0.135 6.0
GPT-2 6.02 3.62 0.131 5.7

may have played a significant role in the performance of XLNet.
ALBERT, on the other hand, is slightly superior on dialogue length
and the clear winner regarding information flow. However, it shows
the worst performance for mutual information.

8 CONCLUSION
We proposed an encoder-decoder system that uses transfer learning
with pre-trained word embeddings. Also, we assessed the quality of
the pre-trained word embeddings with a new framework that takes
into account multiple metrics. Our main finding is that there is no
clear winner for all the metrics used to evaluate the generation of
dialogues. From this perspective, our results can help practitioners
to choose a more suitable word embedding for dialogue generation
problems.

We shall note, however, that our analyses are limited to a sin-
gle dataset, making use of a particular set of hyperparameters. As
future work, we plan to build a dialogue generation system that
combines transfer learning with the best performing word embed-
ding, making use of a reinforcement learning approach.
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