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Abstract

In real-world conversations involving humans, a conversation con-

text is often dynamic, not only depending on the conversation history

(previous utterances) but also by being influenced by other factors

such as speakers’ personalities, surrounding objects, etc. Moreover,

the same message can be responded to in various manners by different

persons.

Producing human-like responses is challenging. While the responses

are expected to be correct or relevant, diversity or engagingness is also

often considered as a human-like quality. We argue that incorporating

additional information could help the model capture the conversation

context and improve the conversation tasks’ performance. Following

this postulate, we have two aims in our study: (1) to drive generated

responses to resemble a real person’s style, and (2) to provide a better

conversation context through a multi-modal (visual and language) ap-

proach. To realize these aims, we experimented on the models for each

aim: (1) response generation models with user-specific information,

and (2) response classification models augmented with conversation

scene images.

Our experiment results show that our first model can produce more

resembling responses to the actual users than the baseline, and using

conversation scene images can improve the response classification task

performance in the second work.
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1 Introduction

1.1 Background

In recent years, dialogue or conversation tasks have been gaining a lot of

attention (Li et al., 2016b; Zhou et al., 2017b; Gao et al., 2019; Zhang et al.,

2020a; Zheng et al., 2020). In favor of a large amount of textual data available

on the Internet, fully data-driven neural network models are now dominating

the dialogue tasks. Starting with simple end-to-end sequence-to-sequence

models, that simply generate responses given the contexts (Ritter et al., 2011;

Sordoni et al., 2015a; Sutskever et al., 2014), some studies have introduced

various approaches to integrate more information and features in an attempt

to improve the quality of the responses.

While mimicking actual human conversations is the ultimate goal, as

it is proven to be difficult, studies on conversation tasks often need to fo-

cus on limited aspects. Also, in real-world conversations involving humans,

conversation context is often dynamic, not only depending on the previous

utterances but also by being influenced by other factors such as speakers’

personalities, surrounding objects, etc. One particular problem that is re-

peatedly being addressed is that neural network models tend to generate

safe and general responses, e.g., “I don’t know” or “I’m OK” (Sordoni et al.,

2015b; Li et al., 2016b). While this type of response is not wrong, actual

conversations involving humans would produce more interesting and non-

monotonous responses. Moreover, the same utterance might elicit various

answers from different people. Therefore, we argue that incorporating more

information to improve the model’s ability to “understand” the conversation

context is necessary.

In conversation tasks, using single-modality (text-only) is the most straight-

forward method. However, according to recent studies on multi-modal tasks

(Mostafazadeh et al., 2017; Das et al., 2017; Murahari et al., 2019), adding

corresponding images grounded to the conversation context has proven use-

ful in improving model performance. However, in existing studies on multi-

modal conversation tasks, it is common to use topic/object images as visual

clues. We argue that to understand the conversation context better, a visual

1



clue that includes the conversation scenes might be more useful than only

the object.

In order to satisfy our intention to improve the quality of automated re-

sponses and also to investigate the effectiveness of visual conversation scenes

in conversation task performances, we have two aims in our study: (1) to

produce more diverse and human-resembling responses, and (2) to improve

conversation task performance through better context with visual conversa-

tion scenes.

For the first aim, following several studies on user-specific features or

persona for conversation tasks (Li et al., 2016b; Bak and Oh, 2019; Li et al.,

2020), we experimented on capturing the user-level characteristic to drive a

response generation model to generate “stylized responses” that resemble the

ones from an intended user. We define the “stylized response” as a response

that contains frequently used words or characters from the user. To conduct

this experiment, we crawled Twitter as our source to construct the dataset.

In addition to the conversation text, in the format of tweets and replies,

we also collected the usernames as the user-identity features and individual

non-reply tweets from each retrieved username, that was converted to user-

specific information later.

For the second aim, while other studies on visual and language models

for dialogue tasks mainly focused on topic object images as a visual clue, as

we previously mentioned, we intend to explore the potential of scenic images

in conversational settings. For instance, in Figure 1, since we can see the

conversation scene, we can understand why the woman needs to pick up the

little girl because the horse is taller than her. Also, in some real-world cases,

for example, a conversation agent (robot) sometimes witnesses an interaction

between humans in front of it; and such a situation requires the capability

to understand a conversation from a third-person view.

To investigate the impact of visual conversation scenes on conversation

tasks, we constructed a new third-person-view visual conversation scene

dataset (VCSD). This proposed dataset provides scenic images corresponding

to conversation utterances; each pair of data consists of (1) an original image,

(2) the first utterance and its response, and (3) the corresponding speaker, re-

spondent, and topic object annotations in the conversation image. Given the

2



Girl: Can I pet it?
Woman: Yes, let me pick you up so you can pet it.

Figure 1: Woman’s response (picking girl up) can be fully understood only
by seeing whole scene. Blue boxes marked with S and R denote a speaker
and a respondent, respectively; Topic object is marked with yellow box.

popularity of transformer-based models, and to confirm our hypothesis that

visual clues positively improve the task performance, we first experimented

with a BERT (Devlin et al., 2019) (text-only) model as a baseline. We then

proceeded to use our proposed dataset with the existing visual-and-language

model and our proposed model. In our proposed model, we treated different

focused part(s) of the images as additional image features, as opposed to

other models which treated the visual input as regional features (Das et al.,

2017; Tan and Bansal, 2019). By treating focused part(s) of the images as

separate image features, we argue that it would increase the model’s capacity

to learn and associate the visual information with textual context better.

1.2 Objectives

Our research objectives are as follows:

• Proposing a model/framework and learning strategy that can pro-

3



duce responses that resemble human-produced ones: By utilizing user-

specific information, that consists of usernames and the set of users’

own frequently used words, we propose a response-generation frame-

work that can produce stylized responses that resemble the correspond-

ing users.

• Proposing a multi-modal conversation dataset: Visual Conversation

Scenes Dataset (VCSD). To our knowledge, this dataset is one of the

first attempts to address the impact of visual conversation scenes in con-

versation tasks. We selected images from the Visual Genome1 dataset,

that contains scenes where a conversation is considered possible, and

then annotated the images with conversation utterances. We believe

this dataset would be fruitful for future research in bridging visual and

language conversation tasks. To propose a strategy for capturing both

language and visual contexts, especially using scenic images, we propose

an approach for using various parts of one scenic image to optimize the

model’s ability to associate the corresponding textual context to the

visual one.

1.3 Field of Study

A language is a primary tool for human communications in daily life, involv-

ing speaking, listening, reading, and writing. Languages that are commonly

used and naturally developed by humans are called natural languages. The

study of natural languages from the computational perspective that focuses

on the interactions between computers and human languages is called Natu-

ral Language Processing (NLP).

One of the commonly studied tasks in NLP is dialogue systems or con-

versational agents. Please note that the terms ‘dialogue’ and ‘conversation’

are often used interchangeably. This task focuses on the interaction between

computers and humans in a conversational setting. Generally, the computer

agents would learn how to respond to a given utterance by humans. These

conversational agents can employ one or more input modalities, such as text,

speech (audio), graphics (still images or videos), etc.

1https://visualgenome.org
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In our study, we address the possibility of using specific user-level features

to enrich the system’s ability to respond to the given utterance. In conversa-

tion tasks, it is common to have a pair of previous utterance(s) as the context

and a response utterance as the expected output. However, using only pre-

vious utterance(s) might be insufficient to generate engaging responses as

humans do. Therefore, we believe that adding additional features besides

the conversation utterances would improve the system’s performance.

The recent advance of computer vision fields, such as image recogni-

tion and object detection, also impacts the NLP fields, including the dia-

logue/conversation tasks. Several studies show that combining information

extracted from images (still or videos) corresponding to the conversation text

utterances could improve the performance for the tasks. In our study, we ex-

plore the potential of using a new type of image to improve the conversation

performance.

1.4 Contributions

Our study offers contributions to the NLP field as follows:

• We propose a response-generation model/framework that can produce

stylized responses driven by user-specific information. Using two types

of user-specific features, our proposed model can handle unseen/unknown

users, i.e., users that do not exist in the training data, and generate

more resembling responses to the actual users than the baselines.

• We introduce a new multi-modal conversation dataset. To our knowl-

edge, our third-person-view dataset is one of the first attempts to ad-

dress the impact of visual conversation scenes in conversation tasks.

• We investigate and analyze the effectiveness of using a visual scene and

its components to improve the conversation task performance. Our

analysis offers a new approach for using scenic images, as opposed to

commonly used topic images, as a visual clue. We also propose a neural

network model that achieves better results than the baselines.

• We propose new visual conversation types that can help navigate future

work on cross-modal conversation tasks.

5



1.5 Outline of Thesis

This thesis presents frameworks and strategies to improve the performance of

conversation tasks, especially in user-level resemblance and multi-modality

(visual and language) settings. This thesis also introduces a new multi-

modal dataset that contains conversation scenic images and its focused parts

(speaker, respondent, and topic object) and the corresponding conversation

utterances. We outline our thesis as follows:

Chapter 2 describes the work related to two sub-tasks in this study, re-

sponse generation tasks (in general and the varieties) and visual and language

(multi-modal) conversation tasks.

Chapter 3 describes our framework and strategy to improve response

generation tasks using user-specific information. The chapter starts with

the task definition, dataset construction, method, and experiments and their

results.

Chapter 4 describes our framework and strategy for improving conversa-

tion tasks with the visual scene dataset. This chapter starts with the scenario

description and task definition, which is essential to understand the strategy

on the dataset construction. We then continue to describe the experiments

and the results.

Chapter 5 describes our conclusion from our research and its sub-tasks.

We also highlight the main contributions of our research and provide insights

for future work.
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2 Related Work

2.1 Response Generation Tasks

Research on neural conversation models has been progressing particularly fol-

lowing the adaptation of sequence-to-sequence encoder-decoder framework of

Sutskever et al. (2014). Some earlier studies are using previous utterances

to predict the next utterance (Vinyals and Le, 2015; Sordoni et al., 2015a;

Shang et al., 2015). However, as it has been acknowledged that one input can

elicit various responses (Shang et al., 2015; Li et al., 2016a), using only previ-

ous utterances as the conversation context might not be sufficient to produce

human-like natural responses. To address this issue, several approaches have

been proposed: either by incorporating some specific mechanisms to alter the

way responses are generated or by integrating additional information aside

from the conversation utterances.

One of the early attempts to modify the response to follow some specific

“styles” using a specific mechanism is proposed by Miyazaki et al. (2015).

Using specific sentence-end expression on a Japanese corpus to determine

the personal attributes, such as gender and age, their proposed model con-

verted the conversation sentences to match the intended characteristic style.

Another early attempt to convert dialogue sentences to express more indi-

viduality was proposed by Mizukami et al. (2015). Based on the statisti-

cal translation model, they combined paraphrasing and statistical language

model techniques to transform the sentences to include the characteristic of

the target. While Miyazaki et al. (2015) defined the specific attributes, a

study by Zhou et al. (2017b) assumed that there exists a latent feature that

acts as a responding mechanism that could be learned by the neural model.

Using this feature, conditioned on the output of the input encoder, the model

can generate diverse responses given the same utterance conditioned on dif-

ferent mechanisms. We argue that this work can be regarded as a foundation

that we can associate some set of words to some specific features. Another ex-

ample of this approach is the work by Zhang et al. (2020a), which attempts

to diversify responses while maintaining the consistency of the persona of

the users/speakers. Instead of using an additional specific feature to identify
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the speakers, they extracted the persona or conversation topic from previous

utterances/conversation history.

We can classify the strategy for integrating additional information into

three categories: (1) adding abstract information, e.g., user-identification fea-

tures, (2) incorporating character classifications, and (3) adding readable text

information. In the first category, Li et al. (2016b) proposed a persona-based

encoder-decoder model, which utilized a feature called speaker embeddings

that is based on the user’s identity. The speaker embeddings were learned

together in the decoding phase with the intention of associating each speaker

with some specific words. Correspondingly, some “nearby” speakers might

have similar words. Similar to Li et al. (2016b), Wu et al. (2020) takes similar

input information, while using a different variational generation approach to

generate diverse responses. They utilized two regularization terms to guide

the model to pay more attention on user’s hidden information and user’s

language preference. Another variational generation approach was also pro-

posed by Bak and Oh (2019). Using identity features from both speaker

and respondent, they adopted variational hierarchical RNN architecture to

personalized the responses. A study from Sato et al. (2017) also added some

specific discrete variables to represent conversational situations such as in-

volved users or conversation’s timing. They treat these variables as additional

input to the model.

In the second category, Li et al. (2020) introduced an approach to con-

struct human-level attributes from movie character tropes and use them in a

response selection task. They learned the language styles of the movie char-

acters associated with a number of traits, and then retrieved the suitable

response associated with the same traits with the target character. A similar

attempt to infer persona information in a form of movie character tropes has

been also previously proposed by Chu et al. (2018). Using attentive memory

network, they classify the character trope given the dialogue snippets.

In the third category, Wang et al. (2017) proposed a way to steer the

output style using some small sets of sentences called scenting datasets, where

each set is based on one figure or persona. These sets consist of spoken-like

sentences, e.g., speeches, movie subtitles, song lyrics, etc. While there is

evidence that this method could produce a different style for each scenting

8



dataset, since a model is trained to focus only on a style, it is not capable

to produce multiple styles at once. A similar approach was done by Zhang

et al. (2018) and Mazaré et al. (2018). Using a set of introductory sentences

as the user’s profile/persona information, they attempted to let the model

learn and “memorize” the way a user speaks.

While Wang et al. (2017) and Zhang et al. (2018) are utilizing par-

allel conversation-styled texts to guide the model, Gao et al. (2019) pro-

posed a structured shared latent space, that enables the model to bridge

between a conversation modelling and non-parallel style transfer using non-

conversation texts. The work of Zheng et al. (2020) is also an attempt to

capture the styles of unpaired non-conversational texts. Using Transformers-

based encoder-decoder model (Vaswani et al., 2017), initialized with pre-

trained GPT weights (Radford et al., 2019), they introduced an inverse di-

alogue module that aims to produce a pseudo input utterance from a once-

stylized response. This pseudo input utterance then would be fed to the

dialogue module to help maintain the conversation context while having the

response stylized.

With the increasing popularity of Transformer-based models, Zhang et al.

(2020b) extended the text generation model GPT-2 (Radford et al., 2019)

to address the challenge of neural response generation. Inheriting the archi-

tecture of GPT-2, DialoGPT models a multi-turn dialogue session as a long

text and frames the generation task as language modeling. Although not us-

ing user-specific information or mechanisms to capture user-specific response

style, since this model is pretrained with a huge number of data and contains

multi-layer self-attentive mechanisms, it is claimed to be able to capture the

conversation style.

Our goal is similar to Mizukami et al. (2015) that we aim to express

more individuality rather than pre-defined personality characteristics. In

terms of input information, our work is similar to Li et al. (2016b) in using

user-specific features to compute embedddings to help our model associate

words to a specific user. However, we also incorporate a parallel readable

text as style information for the corresponding user, which is similar to Zeng

et al. (2019) that used user’s description and numeric feature as additional

information. Using this approach, our model can deal with multiple user-
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Dataset Setting #Images #Dialogues
VisDial (Das et al., 2017) Series of QAs for content of image 120K 120K
GuessWhat?! (de Vries et al., 2017) Series of QAs for object in image 66K 150K
MMD (Saha et al., 2018) Dialogue between shopper and agent 4M 150K
IGC (Mostafazadeh et al., 2017) Natural conversation about image 4K 4K
Image-Chat (Shuster et al., 2020) Natural conversation about image 202K 202K
PhotoBook (Haber et al., 2019) Conversation in image identification game - 2.5K
VFD (Kamezawa et al., 2020) Natural conversation from first-person view 35K 308K
VCSD (ours) Natural conversation of people in image 8K 22K

Table 1: Existing dialogue datasets associated with visual information.

styles hence producing diverse responses, even for unseen users in the training

dataset.

2.2 Visual and Language Conversation Tasks

2.2.1 Image-based Conversation Datasets

There are several situations where conversations are coupled with visual in-

formation, and many tasks and datasets have been proposed to better deal

with these situations by using intelligent systems or robots. In these situa-

tions, the relationship between a speaker and an image can be classified into

three cases: the speaker cannot see the image, the speaker can see the image,

and the speaker is inside the image.

Visual Dialog (Das et al., 2017) and GuessWhat?! (de Vries et al., 2017)

can be classified into a task setting where a person who cannot see an image

repeatedly asks questions about the image to the person who can see it.

These tasks can be seen as visual question-answering Antol et al. (2015)

with multiple turns.

In the IGC (Mostafazadeh et al., 2017) and Image-Chat (Shuster et al.,

2020) datasets, both speakers can see an image and talk about their im-

pressions of the image. Huber et al. (2018) collected 1 million conversations

associated with images from Twitter. They analyzed the influence of scene

sentiment and facial expression features on conversation response generation

tasks. The MMD dataset (Saha et al., 2018) simulates a process in which

a shopper tries to find a product to buy with help from an agent. In the

dialogue, the shopper and the agent can see multiple product images from

which to select. PhotoBook (Haber et al., 2019) is a dataset for studying
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how people achieve common ground in a dialogue using a multi-round online

image-identification game online.

VFD (Kamezawa et al., 2020) assumes a “first-person view” setting where

an agent (a person or a robot) sees a visual scene provided as an image and

talks to a person within the image.

Our dataset differs from the previous studies above in that it considers a

situation where two people having a conversation exist in the images. This

setting is useful for developing conversation agents that can understand a

conversation in a visual context from a third-person view. The characteristic

properties of the datasets described in this section are summarized in Table

1.

2.2.2 Vision and Language Models

With the advancement of deep learning, the performance of image recogni-

tion and language processing has been greatly improved, and methods for

integrating images and texts have been actively researched. Since the suc-

cess of BERT (Devlin et al., 2019), pre-trained vision and language models

have been quickly becoming popular due to their improved performance on

a wide variety of vision and language tasks. Pre-trained vision and language

models can be classified into two architecture types. In single-stream archi-

tecture models such as UNITER (Chen et al., 2020), a single transformer

module takes both visual and textual inputs. In two-stream architecture

models such as LXMERT (Tan and Bansal, 2019) and ViLBERT (Lu et al.,

2019), one transformer module takes textual inputs, and another module

takes visual inputs.

While many vision and language studies on dialogue tasks utilize still

images and texts as the inputs, Hori et al. (2019) introduced a dialogue task

which uses audio and visual features to emulate a scene as the conversation

topic. Following their work, Alamri et al. (2019) introduced an audio-visual

scene-aware dialogue (AVSD) dataset for the scene-aware dialogue task. In

this scene-aware dialogue task, a conversation agent is tasked to answer ques-

tions about the scene in a short video, which means the video is treated as the

conversation topic and the speakers are not involved in the scene. In contrast
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with the scene-aware dialogue task’s setting, in our setting the conversation

is situated between two speakers within the image. Therefore, instead of us-

ing the visual scene only as a the conversation topic from outsider’s point of

view, our setting treats the conversation as being a part of the visual scene.

Thus, unlike scene-aware dialogue task that uses any type of scenes (in video

format), our setting required us to exclusively use conversation scene images.

We argue that our proposed setting is more challenging and can be useful to

study the ability of the model to understand the conversation scenes better.
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3 User-specific Response Generation

3.1 Task Definition

In this study, we based our dialogue module on encoder-decoder model us-

ing end-to-end sequence-to-sequence approach. Given the input sequence

of words X = (x1, x2, ..., xnX
), the model aims to produce output sequence

Y = (y1, y2, ..., ynY
) as a generated response. Since we aim to improve the

output by using user-specific information by producing user-level stylized re-

sponse, let I = (i1, i2, ..., inI
) denotes the set of users in dataset. Please note

that, we defined “stylized response” as a response that contained frequently

used words or characters from the corresponding user. For each i, we extract

the user-identity feature and other user-specific features as the means for

the model to learn the user-level response “style”, i.e., user’s frequently used

words or characters.

3.2 Datasets

Since our target is to incorporate and emphasize the user-level speaking

styles of actual human, i.e., the respondents, we need user identifications

to be attributed to the conversation sentences. Therefore, we constructed

our datasets from tweets, collected using Twitter API. We constructed two

types of datasets: conversation dataset and user-info dataset.

3.2.1 Conversation Dataset

As the name implied, this dataset is designated to train the model to generate

a conversation response given an input utterance. We crawled the conver-

sations from Twitter, and retrieved only the tweets that satisfy following

conditions: (1) the tweets have to be reply tweets, i.e., responses to other

tweets, (2) the corresponding users have had engaged in the conversations

with a minimum of three turns. We paired each reply with the tweet that

it is a response of, as response and input utterance, respectively. Then, we

used the respondents’ usernames as the user identification attribute, hence

user embeddings. Note that, in order to associate the user embeddings with
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their respective sentences, we only constructed user embeddings from this

conversation dataset.

To improve the data quality, we pre-processed the retrieved tweets to re-

move some noises, such as tweets with non-ASCII characters, duplication,

and non-English tweets. To simplify the conversations, we also removed

URLs, hashtags, and mentions from the tweets. Then, we filtered to only

include sentence with maximum 15 words. The final conversation dataset

consists of 233,293 pairs of input utterances and responses associated with

207 human users. We limited the vocabulary tokens to 35,000 words with

average lengths of utterances and responses are 8.35 and 8.3 tokens respec-

tively.

3.2.2 User-info Dataset

We constructed this user-info dataset from individual tweets, i.e., non-reply

tweets, from the same users in the conversation dataset. There are two desig-

nated purposes for this dataset: (1) to be a complementary style information

for available users in the conversation dataset, and (2) as a mean to handle

unseen users, i.e., non-existing users in the training phase. The usage of this

dataset will be explained more later in Section 3.3.3.

As the numbers of available single tweets from each user are greatly varied,

135 tweets in average with 395 tweets as the highest, we intend to normal-

ize and extract the important words only. To extract the selected words,

we compared several scoring methods: word frequency (selecting the most

frequent words), TF-IDF Sparck Jones (1988), and pointwise mutual infor-

mation (PMI) Church and Hanks (1990). We treated all the words in the

retrieved tweets as the input of every method, then extracted top N words

for each method. Hence, we have three sets of N words initially. We then

deployed these sets in a separated preliminary experiments and evaluated the

results qualitatively. We asked two fluent English speakers to compare the

quality of generated responses using the three sets of words. We provided

three sets of samples of the generated responses and asked them to evaluate

the fluency and relevance to the input message. Based on their evaluation,

we decided to choose TF-IDF as the scoring method to extract the important
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words for our user-info dataset. We limited the maximum number of each

user’s words to 50 and regard this set of words as user’s style characteristic.

From all users in the conversation dataset, about 15% of users don’t have

this set of words.

While we collected the sentences from the users in conversation dataset,

we can also use this dataset independent of those corresponding users in a

“mix-and-match” setting. For example, we can use user-info dataset from

user A and use it to enhance the style of user B. More details will be explained

in Section 3.3.3.

3.3 Method

As described in Section 2.1, there are various approaches to integrate “styles”

into the generated or selected responses. To accommodate our intention to

use user-embeddings (user identification features) and user-info embeddings

(user’s frequent choice of words) mentioned in Section 3.2, we need our model

to take these features into account in generating stylized-response. Consid-

ering the effectiveness of RNN and sequence-to-sequence approach in con-

versation tasks (Li et al., 2016b; Sato et al., 2017; Bak and Oh, 2019), we

decided to follow Li et al. (2016b) and Zeng et al. (2019) to use RNN for

our architecture and to use attention mechanism as our strategy to guide the

response generation.

3.3.1 Encoder-Decoder Model

For our encoder-decoder model we adopt the Long Short-termMemory (Hochre-

iter and Schmidhuber, 1997) for the encoder to compute the representation

of the input sequence. Given the input sequence X = (x1, x2, ..., xnX
), the

model aims to produce output sequence Y = (y1, y2, ..., ynY
) as a gener-

ated response. Then, we keep the encoder hidden state h̄s to feed into the

decoder unit. We use attention-mechanism (Luong et al., 2015) in the decod-

ing phase to pay attention to the input utterance and also user-specific style

information. In general, the decoding process can be interpreted through the
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following equations:

p(yt|y<t, x) = softmax(Wsh̃t), (1)

h̃t = tanh(Wc[ct;ht]), (2)

ht = LSTM(yt−1, ht−1), (3)

ct =
S∑

s=1

at(s)h̄s, (4)

at(s) = softmax(h⊤
t Wah̄s), (5)

=
exp(h⊤

t Wah̄s)∑
s′ exp(h

⊤
t Wah̄s′)

With yt denotes the response token at the time step t, the objective is to

learn its probability distribution given the preceding response tokens y<t and

previous utterance x. The model measures the alignment scores at(s) be-

tween the source hidden states h̄s and the current encoder output ht. Then,

we calculate the current context ct by weight averaging the alignment scores

at(s) and the source hidden states h̄s. Please note that we also calculate the

alignment scores for the user-specific style information that will be explained

in the next section. Then, we concatenate all contexts and apply tanh func-

tion to obtain h̃t to feed into softmax function to produce the response token

distribution; Wa, Wc, and Wa denote decoder learned parameters.

Following Luong et al.2015, we also apply input-feeding approach as an

attempt to make the model capture the previous alignment. Input-feeding

is done by concatenating h̃t to the decoder input a the next time step. For

both the encoder and the decoder, we employ two-layer LSTM architectures.

3.3.2 User-specific Information

As our intention is to capture the characteristics of the users, i.e., the persons

who respond to the given utterance, we argue that using user related infor-

mation would be useful to achieve that objective. Different with Li et al.

(2020) which classified the movie characters into a number of associated

traits, we wanted the model to learn the style on the user-level. Follow-

ing the approach from persona-based model by Li et al. (2016b), we aim to
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pair conversation utterances with corresponding users-identity features and

train them together. However, as this approach can only accommodate users

present in the training data, we intend to overcome this limitation by adding

a small dataset for each user to serve as another characteristic feature.

We defined two types of user-specific information: user embeddings and

user-info embeddings. User embedings are derived from usernames in the

training data, while user-info embeddings are derived from separate collec-

tions of the words that frequently used by the corresponding users in the

conversation dataset.

Following the setup described in Section 3.3.1, let Itrain denote the set

of users (respondents) in the training data, Kword the dimension of word

embeddings, and Kuser the dimension of user embeddings. We convert each

input sequence X to embeddings with size Kword. Then, we define a user

identity embedding ui with size Kuser for each user i ∈ Itrain. The user

embedding ui is shared to all conversations involving user i.

The second type of user-specific information involves a collection of users’

selected words. In order to capture the characteristic, especially the speaking

style, of each user, we argue that we need to define a feature or a set of

information that can capture it. As the “speaking style” is an abstract

concept, we define our user-specific style as a set of selected words that can

represent each user’s behaviour in common/daily conversation.

Let I denotes the set of users. Note that Itrain is a subset of I. For

each user in I, several sentences can be collected. From this collection of

sentences, we then extract N words to represent the characteristics of the

user. As described in Section 3.2.2, we extracted the selected words using

TF-IDF method. Each of these words was then converted to an embedding

of dimension Kword, hence user-info embeddings. Please note that as we

extracted the selected words for each user in I, we have the corresponding

style information not only for the user in Itrain but also for all users in I

if available. Therefore, our user-info embeddings also can be used for users

that not found in the training data.
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3.3.3 Attentional Conversation Model

Our attentional LSTM model takes three features as input: input word em-

beddings, user embeddings, user-info embeddings ; The input word embeddings

are used in encoding phase, while user embeddings and user-info embeddings

are used in decoding phase. Since our model also incorporates the input-

feeding approach, the input for the decoding phase is the concatenation of

the output of the previous decoding time step yt−1, user embedding ui, and

input-feeding h̃t−1. The user-info embeddings will be used later as the in-

put for additional attention mechanism. Hence, the decoding process can be

described as follows:

ht = LSTM([yt−1;ui; h̃t−1], ht−1). (6)

The user-info embeddings are constructed from the collection of topN ranked

words uttered by intended users, where the users are not necessarily present

in the training data. Using the same embeddings as input word embeddings,

we compose Pi = {pi1 , ..., piN} (∀k, pik ∈ RKword) as user-info embeddings

for user i.

The model is trained to attend not only to the input source, i.e., the

hidden states of the encoder, but also to the user-info embeddings. Therefore,

since this model uses two contexts, we need to adjust Equation 3 to

h̃t = tanh(Wc[c
(X)
t ; c

(P )
t ;ht]), (7)

where we define c
(X)
t as the context for input source and c

(P )
t as the context

for user-info embeddings. This proposed model is illustrated in Figure 2. We

can see in the Figure that the user-info embeddings that co-attended are fed

directly to the attention module. By doing this, we can inject any user’s

user-info embeddings as the pair of the user embeddings in “plug-and-play”

mechanism, even for the non-existing user in the training data.

In terms of using co-attention beside the main attention on the input

source, our model is similar with Zeng et al. (2019) which applied co-attention

to the user’s self-description sentence. However our model is different on what

to attend to and how we treat the user-level features. We argue that adding
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attention to a user-related word collection would be more effective than to a

self-description sentence which sometimes has no correlation to the identity

of the user. In terms of user-identifying feature, we use user embeddings

as the feature and concatenate these embeddings to the decoder inputs in

every time step. In comparison, they used embeddings from user’s numeric

feature, such as age and gender, and applied gated memory module on the

embeddings before combine them together with other decoder inputs. We

postulate that including the user embeddings in each time step of decoding

phase would let the model learn easier of the user-level styling.

Figure 2: Overview of our neural conversation model with attention to user-
specific information. We use two-layer LSTM for both encoder and decoder.
The attention layer attends to source hidden states h̄s′ and user-info embed-
dings Pi for user i. User embeddings ui are concatenated to decoder input
at every step.

3.4 Experiment

3.4.1 Data

We used both conversation dataset and user-info dataset as described in

Section 3.2. For validation, we used 1000 pairs of utterances and responses

of 6 users from conversation dataset alongside the user-info dataset with the

average of 47 tokens for each user. For test phase, we extracted different set

of tweets sentences from 12 random users in conversation dataset resulting
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in 100 pairs of utterances and responses. To test the learned model against

unseen users, we simply replaced the users to the new users, not existing in

the training data, which then will be concerted to unknown (UNK ) token.

3.4.2 Implementation

We implemented our model using PyTorch2 framework. Both our encoder

and decoder employed two-layer LSTM. Some hyper-parameter details are

as follows:

• Each LSTM layer contains 300 hidden units.

• Embedding size is set to 300.

• Network parameters are initialized with uniform distribution [−0.05, 0.05].

• Training batch size is set to 128.

• Learning rate for the encoder is set to 0.0001, multiplied by 2.5 for the

decoder.

• Dropout rate is set to 0.1.

• Vocabulary size is 35,000.

We trained the model by using the Adam optimizer(Kingma and Ba,

2014a) with different learning rates between the encoder and decoder. We

conducted several procedures to determine the training stop condition. We

observed the decrease in loss Hy′(y) := −
∑

i y
′
i log(yi). We set the epoch to

50, then we set the early stop condition to when the loss difference is less

than 7% for a long period. As we were cautious to rely on numbers only, we

also asked two fluent English speakers to evaluate the trained model quality

by evaluating a small set of generated responses. Finally, we stopped training

at the 47th epoch. We also limited the maximum length of an utterance to

15 words per sentence. The training was run on a single Titan X GPU for

about three days.

2https://pytorch.org/
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The input utterance and user-info embeddings were initialized with GloVe

embeddings (Pennington et al., 2014a). We replaced the words not in the

vocabulary with UNK tokens. The same treatment was applied to unseen

users in user embeddings. We set the UNK token embedding to a vector of

all zeroes at the initial stage. To select the token prediction, we applied the

greedy approach.

3.4.3 Baseline and Comparison Models

We adopted the persona-based model of Li et al. (2016b) to serve as the

benchmark for our model. Their model utilizes user-identification attribute,

named speaker embeddings, in the decoding phase to let the model associate

words that often appear together with some specific users. Therefore, user-

specific associated words can be regarded as user’s style.

In terms of using user embeddings in the decoding phase, our model are

similar to their model. However, as mentioned in Section 3.2, user embed-

dings cannot cover unseen users. Our model overcomes that issue by using

user-info embeddings. The decoder input of both ours and their model can

be represented by Equation 6. Since the baseline model does not have user-

info embeddings, our model’s attentional hidden h̃t is different from theirs.

The attentional hidden of the baseline model would be the same as 3, while

our model’s is represented by Equation 7.

We prepare a variant of our proposed model, using unseen (UNK ) users

for user embeddings. The rationale for this setting is to investigate whether

our model could generate better responses against our baseline’s handicap.

We only used this variant in the evaluation phase. We also compare our

model with the standard sequence-to-sequence (seq2seq) model, without user

embeddings and user-info embeddings. This baseline can also work as an ab-

lation study to verify whether additional user-specific features can actually

improve the generation in general, particularly in real-world type conversa-

tion. The summary of the baseline comparison models is shown in Table

2.

As the transformer-based (Vaswani et al., 2017) models are gaining pop-

ularity, we argue that it would be useful to compare our model’s outputs to
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Models
User-specific Features

user embeddings user-info embeddings
User + Info (Main) ✓ ✓

UNK + Info UNK token ✓
UserOnly (Baseline) ✓ -

Seq2Seq - -

Table 2: Comparison models on the effectiveness of the proposed user-specific
information features.

the transformer-based model’s. For this evaluation, we adopted DialoGPT

(Zhang et al., 2020b) as our comparison model. DialoGPT is a large neural

response generation model that extends GPT-2 (Radford et al., 2019) on the

conversation data from Reddit. We fine-tuned DialoGPT on our conversa-

tion dataset and generated responses using the same set of conversation pairs

used in the previous stages. Please note that the DialoGPT model does not

utilize user-specific information features.

3.4.4 Evaluation Setup

Compared with other generation tasks that have finite groundtruth, e.g.,

machine translation, a conversation task can have multiple correct outputs

given the same input. Therefore, an evaluation metric that can measure

an output prediction against multiple references is preferable, for example,

BLEU(Papineni et al., 2002). Originally designed to evaluate the machine

translation task, BLEU measures the overlapping words or n-grams between

the output and references.

Despite the common usage of BLEU in evaluating conversation tasks

(Sordoni et al., 2015a; Li et al., 2016b; Zheng et al., 2020), according to Liu

et al. (2016), BLEU score is lowly correlated with human judgments of di-

alogue systems. To overcome this issue, several studies have proposed new

metrics to evaluate open-domain dialogue systems(Lowe et al., 2017; Ghaz-

arian et al., 2019; Yuma et al., 2020). However, these new metrics require

learning models to measure the scores. Therefore, we decided to still use

BLEU and perplexity as the means to compare the models performance. We

also included Distinct (dist-1 and dist-2 ) scores to represent the diversity
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on the generated responses, calculated by averaging the amount of n-gram

by the total generated tokens (Li et al., 2016b).

To complement the automatic evaluation metrics, we also provide human

evaluation on our models’ outputs. We hired human evaluators from Amazon

Mechanical Turk service to evaluate the quality of our generated responses.

We asked the evaluators to evaluate the responses using the following criteria:

• fluency or naturalness : Whether the response could be produced

by a (English speaking) human.

• relevance or adequacy : Whether the response could be accepted as

a suitable answer or contains useful information regarding the input

utterance.

• style : Whether the response could be produced by the same person if

some profile information was provided.

Aside from measuring the style , we also wanted to ascertain that the model

is able to produce fluent sentences while maintaining relevance to the con-

versation context. Hence, the fluency and relevance criteria.

Since evaluating style is supposed to be more difficult compared to other

criteria, we conducted the evaluation in two stages: 1) assessing fluency

and relevance at one time, 2) evaluating style similarity. For these stages,

we prepared a separate set to produce the model-generated responses. We

randomly picked 12 users from the conversation dataset and retrieved tweets

that they replied to as input utterances. As we retrieved 5 to 10 tweets from

each user, 100 tweets were collected. Each pair of an input utterance and its

response was then evaluated by 10 judges.

In the first stage, we provided the human evaluators with pairs of input

utterances and the respective response from each baseline model. Since we

have four baseline models, each input utterance is paired with four response

alternatives. We used a three-point Likert scale labeled {bad, enough, good},
which later converted to {-1, 0, +1} respectively, and asked the evaluators

to score every response alternative in terms of fluency and relevance .

For the second stage, since we wanted to investigate the effect of user-

specific information, we only evaluate models that utilize user-specific fea-

23



ture(s), i.e., we omitted vanilla Seq2Seq in this stage. We provided the

evaluators with Twitter user bio, i.e., a user’s short biography or profile in-

formation that commonly contains keywords, and some sample tweets from

the respective users. We asked the evaluators to compare the style of gener-

ated responses to the sample tweets of each respective user. We also required

the evaluators to take into account the user’s bio when judging the responses.

An example of the provided user’s information is shown in Figure 3. As we

need to see which model can generate responses with more resemblance to the

user-specific style, the evaluators were required to rank the response alterna-

tives from each model. We used 5-score ranks with 1 as the most resembling

style and 5 as the least resembling one; tie scores were permitted.

Figure 3: Example of a user’s Twitter bio and sample tweets used in style
evaluation. We censored any mentions of other accounts.

To evaluate and compare the generated responses from both our models

and the fine-tuned DialoGPT, we recruited three volunteers, who evaluated
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Models
Fluency (%) Relevance (%)

BLEU-1 Perplexity
Distinct

bad enough good bad enough good dist-1 dist-2

UserOnly 19.5 27.3 53.2 51.8 25.2 23.0 0.0705 294.14 0.047 0.0941
Seq2Seq 8.2 25.8 66.0 40.1 29.4 30.5 0.0625 280.8 0.0735 0.1456

User + Info 17.5 26.4 56.1 44.9 28.2 26.9 0.069 291.15 0.0745 0.165
UNK+ Info 9.0 23.7 67.3 37.4 31.2 31.4 0.0754 - 0.066 0.1378

Table 3: Automatic (BLEU, perplexity, distinct) and Human evalua-
tion results for fluency and relevance, presented as raw score percentages.
UNK + Info does not have validation set hence no perplexity for this model.
Our UNK + Info model with unseen users gains 26.5% more for fluency and
36.5% more for relevance compared to the baseline.

the same 100 pairs of conversation. We asked the evaluators to compare two

response alternatives from our model and DialogGPT and to choose which

one is preferable given the input utterance. We randomly assigned the two

response alternatives as Response 1 or Response 2 to help the evaluators

stay objective. Then, we asked the evaluators to choose from {Response 1,

Response 2, Neither} options.

3.5 Results and Discussion

3.5.1 Automatic and Human Evaluation

The summary of the evaluation can be seen in Table 3. In automatic evalua-

tion, we find that our model User + Info which being fed with seen users and

user-info embeddings can achieve higher diversity on the generated words

both shown by dist-1 and dist 2 scores. It is also interesting that our model

which being fed with unseen users in the testing phase, UNK + Info, achieved

highest BLEU score compared to other settings. To help understand the

models’ performance, we argue that qualitative evaluation is required.

For human evaluation, we first evaluated all models in Table 2 in terms

of fluency and relevance. For both criteria, the evaluators needed to assign

a score from three choices: bad, enough, and good. To compare the models,

first we counted the number of each score label every model received, we

call this scores as raw scores. According to these scores, for both criteria,

UNK + Info (our model with unseen users) received the highest good score,
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followed by the Seq2Seq model. The UNK + Info gains 26.5% more fluency

point compared to the baseline. To calculate this gain, we simply compared

the percentage obtained by UNK + Info (67.3%) against UserOnly (53.2%).

To determine the overall quality of the response generation, in terms of

fluency and relevance, we also need to include the enough scores from both

criteria. We combined enough and good scores as acceptable. According

to the acceptable score, as shown in Table 4a, Seq2Seq model achieved the

highest score in terms of fluency, gaining 0.87% more point compared to our

UNK + Info model. As the gain is arguably small, we consider our model is

good enough in terms of fluency.

In terms of relevance, we can see from Table 3 that all models received

higher bad score compared to their good score. We argue that this occurrence

implies that relevance is harder to achieve than fluency. Yet, our UNK +

Info achieved the highest acceptable score in this criteria, gaining 36.5% more

compared to the baseline.

We also calculated the average scores by converting the {bad, enough,
good} scores to {-1, 0, 1} respectively for each model; the results are shown

in Table 4b. According to these average scores, our UNK + Info tops in both

fluency and relevance criteria. Using one-way ANOVA as the significance

test, we confirmed that our main model (User + Info) is significantly better

than the baseline (UserOnly) in the relevance criteria.

In the second stage, we measured the style similarity between the gener-

ated responses and the corresponding user’s sample tweets. As in the first

stage, each of the 100 input-response pairs was evaluated by 10 human eval-

uators, resulting in 1,000 samples, from which we removed some results that

did not show consistency, e.g., results with identical responses with different

rank scores. As described in Section 3.4.4, since our intent was to investigate

the influence of user-specific information, we evaluated only three models in

this stage. The results can be seen in Table 5a.

As we asked the evaluators to assign a rank score in scale of 1 to 5 (smaller

number is better), according to the Table 5a, the average scores relatively

positioned in the middle rank, i.e., around rank three. It suggests that, in

general, all models only generate “good enough” responses in terms of style.

Nevertheless, both our models achieved higher rank compared to baseline,
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Models
Fluency (%) Relevance (%)
acceptable acceptable

UserOnly 80.5 48.2
seq2seq 91.8 59.9
User + Info 82.5 55.1
UNK+ Info 91.0 62.6

(a) Acceptable or “Good enough” re-
sults with good and enough scores
combined. seq2seq tops fluency, but
our model with unseen users gets the
highest relevance score.

Models Fluency Relevance

UserOnly 0.337 ± 0.06 -0.28 ± 0.06
seq2seq 0.578 ± 0.05 -0.09 ± 0.06
User + Info 0.386 ± 0.06 -0.18 ± 0.06
UNK+ Info 0.583 ± 0.05 -0.06 ± 0.06

(b) Average scores for fluency and
relevance criteria. For relevance ,
our model achieved significantly bet-
ter scores than the baseline (one-way
ANOVA, p < 0.05).

Table 4: Results on fluency and relevance criteria of four alternative models.
From table on the left (a), we can learn that the vanilla Seq2Seq model
achieved the highest acceptable response on fluency. However, from table on
the right (b), in average, UNK + Info achieved the highest scores on both
criteria.

and we confirmed by Friedman Test that UNK + Info is significantly better

than the baseline. Some examples generated by our models can be seen in

Table 6.

As we noticed that our UNK + Info model performed better than other

models, we further compared the responses generated by UNK + Info to the

outputs of DialoGPT Zhang et al. (2020b). Following the setup described

in Section 3.4.4, we recruited three volunteers who evaluated 100 pairs of

conversation. The volunteers are asked to choose the preferred response

from two alternatives generated by our model and DialoGPT. The results

can be seen in Table 5b.

We can see that DialoGPT’s outputs got selected more times at 40.67%

than our UNK + Info model at 35.67%. Considering that DialoGPT’s capac-

ity and model size is bigger than our model, we argue that our achievement is

decent. Additionally, we measured the inter-annotator agreement among the

evaluators by calculating the Fleiss’ Kappa Fleiss et al. (1971) of the results,

resulting in 0.2068 for the Kappa score. This low score indicates a slight

agreement among the evaluators Landis and Koch (1977). We argue that

the slight agreement could indicate the similar quality between our model

and DialoGPT, which makes the evaluation relatively difficult.
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Models Style Rank

UserOnly 3.37 ± 0.09
User + Info 3.29 ± 0.09
UNK + Info 3.16 ± 0.09

(a) Results of style evaluation.
Smaller values are better. Our vari-
ant model was significantly better
than the baseline (Friedman Test,
p < 0.05).

Models Preferred

UNK + Info 35.67%
DialoGPT 40.67%
Neither 23.67%

(b) Results of the comparison be-
tween UNK + Info and DialoGPT.
The Fleiss’ Kappa score of 0.2068
shows a slight agreement among the
evaluators.

Table 5: Table on the left (a) shows that UNK + Info achieved better style
compared to the baselines with user-specific information. In the table on the
right (b), we further compared the outputs from UNK + Info and DialoGPT
in the preferable measure. We argue that the low agreement among the
evaluators (0.2068 on Fleiss’ Kappa) shows the similar quality between the
two response alternatives.

3.5.2 Discussion

Our main intention is to incorporate an individual user’s characteristics to

machine-generated responses. We specifically attempted to incorporate more

user-specific information to emphasize the response style of different users.

Therefore, we conducted the experiments to incorporate additional user-

specific information, and the evaluation we performed has shown that the

human evaluators recognized a better change in response style.

Furthermore, one aspect that distinguishes our model from others is the

application of external resources in addition of user-specific features. Gen-

erally, if a conversation model was trained to pick up some user-specific

or persona-specific traits, such features should be included in the training.

However, our external resource (user-info dataset) can be used even without

existing corresponding user in the training. Our work also can serves as an

evidence of the usability of using external resources for response generation

model with simple architecture.

An interesting finding is that the UNK + Info model, which being fed

with unseen users, achieved better scores than our User + Info model on

the style preference by human judges. Despite achieving lower scores on

the distinct evaluation metric, which is considered to represent the diversity,
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User Input
Responses

User+ Info UNK+ Info

User1

i’m going to have
a cardiac episode
and my wife is not
here

i love you what if i do

hate to burst your
bubble it snowed
last night & this
morning

and now you get to the
game

ahh ! ! ! i was so ex-
cited !

they cut so much
out of the finale !

i was thinking it was it was a good season ! !

User2

if lebron loses
this series does he
leave and where
does he go ?

he scored the house and
got his back house

he was playing with his
rb / 3

he was five for his
last 50 you liter-
ally had to pound
the middle of the
zone three times

are you saying that were
no reason ?

he has a good draft ?

hey guess what
? the bills will
draft a few foot-
ball players this
weekend

lol you got that man ! !
! ! ! !

you beat me ?

User3

this is such a
mood and i can’t
even explain why

did you get braces or
walmart ?

hello ! ! !

you can skip iron
man 3

do i get some rest ? yeah i am

heard he cheated
on her

don’t forget she was a lesbian

Table 6: Examples of responses from different users generated by our model,
using known users and their user-info respectively, and its variant model,
using unseen users and the same user-infos.

this UNK + Info model also achieved the highest BLEU score compared to

others. Although these scores could imply that BLEU correlate negatively

with response diversity, we would need more experiments and analysis to
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achieve the conclusion. However, we argue that these scores imply that style

preferability is not always aligned with the response diversity.

Another point to analyze is that using both user-specific information,

i.e., seen user embeddings and user-info embeddings, might overwhelm the

response generation that leads the outputs to be too “stylized”. Through

manual observation, we assume that a model with more injected information

can be too focused on the styles and lose some relevance to the input utter-

ance. However, the baseline, with less information, still received lower scores

on automatic and human evaluation. We postulate that our architecture

with co-attention to external information could manage to generate better

response in terms of style without loosing the relevance and other expected

quality.

We also evaluated the human preference between the generated responses

from UNK+ Info model and DialoGPT. Considering that DialoGPT is bigger

than our model, it is not surprising that DialoGPT acquired the higher score

in this evaluation. However, given the low agreement between the evaluators,

we can assume that even for a big transformer-based model, the open-domain

response generation task with real-world conversations is a difficult task.

Therefore, we argue that our model’s performance is acceptable.

In conclusion, a problem still persists in styling generated responses. Re-

gardless of the results being better than the baseline, generating fluent and

relevant responses with an expected style is challenging. Nevertheless, we

expect that with the popularity of the transformers-based model and other

big pre-trained methodology, incorporating a specific and intended style into

the generated responses would be possible in the near future.
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4 Response Classification with Visual Scene

Dataset

4.1 Scenario and Task Definition

4.1.1 Scenario Description

In a real-world situation, a conversation agent (robot) sometimes witnesses

an interaction between humans in front of it, so the capability to understand

conversation from a third-person view is necessary. This agent needs to

determine which humans are having a conversation and what they are talking

about by evaluating their utterances and visual clues. Figure 1 illustrates a

scene captured by the agent. Given the first utterance and the visual clues, we

task the agent with predicting the correct response from available candidates,

i.e., we implement this task as a multi-modal conversation response-selection

task.

The minimal inputs for the robot are (1) an original image (a conversation

scene), (2) an utterance made by a speaker, and (3) a response candidate. As

a novel feature of our dataset, we can choose to input (4) a speaker or (5) a

respondent from the conversation scene. We consider specifying the speaker

and the respondent to be a natural setting for robots since it should be clear

who made an utterance and who should respond to it. Another interesting

possible input to the robot, though not realistic, is (6) a topic object. This

setting is where the robot has prior knowledge of what the conversation’s

content is.

4.1.2 Task Definition

In this sub-task of our research, because our aim is to investigate the effec-

tiveness of the visual clues on conversation tasks, we decided to simplify the

task to be a response binary classification task. Let x and r be a pair of

input and output of a conversation classification model, respectively. Then,

the model would be required to predict whether r is the correct response for

input x or not. Given the multi-modal setting, the variable x could consist

of conversation utterance text sequence and accompanied by other modality
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features; visual clues in this case.

4.2 Dataset

4.2.1 Dataset Construction

We constructed our dataset by annotating the images from the Visual Genome

dataset (Krishna et al., 2017) with three stages of crowdsourcing. We defined

an image as a conversation scene if it satisfies three criteria: (1) having two

or more persons, (2) the speakers are relatively close to each other, and (3)

there is at least one nearby object that can be used as a general conversa-

tion topic. We used Visual Genome annotations such as “person,” “man,”

“woman,” and “kid” for speakers and respondents, while topic objects could

be any object, e.g., building, sky, or hat. We call this set of images poten-

tial images. The obtained 16,333 potential images were then annotated by

crowd-workers via Amazon Mechanical Turk. The number of workers who

participated in this study was 1539. We specified English-speaking countries

and native fluency as the minimum requirements. Three stages of crowd-

sourcing were done by different groups of workers.

In the first stage of crowdsourcing, we filtered out images unsuitable as

conversation scenes. Using Visual Genome’s annotations, for each image, we

marked two speaker/respondent objects with bounding boxes. Please note

that one image can contain several “person” objects; hence, one image can

have multiple potential speaker/respondent pairs. Then, we asked the crowd-

workers to determine whether the pair of speakers appear to be talking. The

crowd-workers needed to choose among five answers: yes, likely, possibly, no,

and invalid (no visible two speakers). We kept only the images labeled with

yes and likely, amounting to 8,356 images.

In the second stage, we asked the crowd-workers to choose between one

of the two annotated speakers as the first speaker and then select one object

from the image as the general topic of conversation. Afterward, the crowd-

workers were required to pose as the first speaker and write an appropriate

first utterance. To increase the conversation diversity, we annotated each

image four times. Therefore, the same image could have different first speak-

ers or topics. We also asked the crowd-workers to label whether a sentence
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was natural or not. Later, we dismissed the data labeled as unnatural.

The last annotation stage was to collect responses appropriate to the first

speaker’s utterances. The crowd-workers were required to pose as the second

speaker and write a relevant response to the first utterance. While we asked

the annotators to take into account the topic object, the response did not

need to explicitly contain the topic word. The response could refer to the

topic object implicitly. For example, if the topic object was “a building”,

it was possible to respond with “do you want to go there?”. Annotators

could also include a comment if the topic object was unclear, e.g., blurry,

or the image quality was low. We removed the data that they regarded as

unclear. By the end of this stage, we collected 22,331 pairs of image-first

utterance-response data.

Figure 4: Distribution of conversation topics in VCSD. Each conversation is
represented by GloVe vector and colored according to its cluster, i.e., Food,
Fashion, Sport, and Animal.

4.2.2 Dataset Analysis

To help to investigate whether visual scenes are necessary to improve conver-

sation tasks, we performed qualitative analysis on the utterance and response

pairs. We sampled 100 pairs from our dataset and evaluated them, especially

the utterance, with two questions: (1) “Is the image necessary to understand

the context?”, and (2) “Do we need context understanding to respond to the

utterance?” In this analysis, we hid the corresponding images from the asses-

sors. Our finding shows that 75% of a conversation needed to be accompanied
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by visual information to be correctly understood. However, only 58% of the

conversation utterances required context understanding to be responded to.

For example, with the “Let’s pick up the cones” utterance, we need to see the

visual clue to understand the context, but this utterance can be responded

to with a simple “Yes” or “Sure, no problem.” This phenomenon indicates

that the ability to respond does not necessarily corresponded to context un-

derstanding.

We also performed cluster analysis on the conversation text to understand

the distribution of conversation topics. Using GloVe embedding (Penning-

ton et al., 2014b), we converted words to 300-dimensional vectors and then

averaged the word embeddings to obtain a vector representation of every

pair in conversations. Then, we used Agglomerative Clustering (Rokach and

Maimon, 2005; Pedregosa et al., 2011) to obtain 60 clusters of conversations.

The clusters showed that our dataset has a diverse set of conversation top-

ics. We selected four clusters, reduced the vector dimensions using principal

component analysis (PCA), and visualized them in Figure 4. From these

four clusters, i.e., food, fashion, sport, and animal, we can observe that a

conversation from one cluster is sometimes similar to one in another cluster.

For instance, conversations on the topic of animal might be related to those

on the topic of sport, and vice versa. We also found that the conversation

topics in our dataset cover topics indicated not only by “nouns” but also

“verbs,” e.g., travel or transportation, that can be indicated by the words

“go,” “come,” or “drive.” We can argue that this shows that the focus of

natural human conversations is not necessarily about objects but often about

actions regarding the objects.

To assure the quality of the collected data, we recruited four people from

our research group to perform a quality assessment for 400 randomly sampled

pairs; each person assessed 100 samples. We defined four assessment criteria:

(1) the relevance of the utterance-response pair, (2) the reasonability of the

topic object, (3) the reasonability of the speaker-respondent pair, and (4) the

naturalness of the conversation given the visual scene.

The assessors were required to assign an assessment score on a 4-point

scale, with 1 as the lowest score (clearly wrong), 2 (inappropriate), 3 (ques-

tionable), and 4 as the highest score (good). From the results shown in
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Assessment Score clearly
wrong

inappr-
opriate

questio-
nable

good

Relevance 1% 1.25% 10.25% 87.5%

Object 2.25% 8% 26.25% 63.5%

Speakers 3.25% 4.75% 16.25% 75.75%

Naturalness 2.25% 7.25% 14.5% 76%

Table 7: Quality assurance for image-conversation in terms of utterance-
response relevance, object and speakers appropriateness, and naturalness.

Table 7, we concluded that the amount of “noisy” data (about 1% to 3%)

was acceptable.

4.3 Experiment

4.3.1 Data

We split our 22,331 pairs of data into training, validation, and test sets

at a ratio of 70:15:15; 15,631 for the training set and 3,349 each for the

validation and test sets. We used these data as positive instances. For

negative instances, for each first utterance, we selected a random response

from a set of four responses given the same image. However, as described

in Section 4.2.1, we removed pairs of data that were considered unclear or

completely wrong. This removal caused some images to have less than four

response alternatives. Nevertheless, we made sure the negative samples are

selected from the conversation using the same original images. In the rare

cases where there is no alternative conversation with the same image, we

selected other conversations with different images as the negative pairs. Some

examples can be seen in Figure 6. We set the ratio of positive and negative

instances to 1:1, resulting in over 30K instances for the training set and over

6K each for the validation and test sets.

Following the scenario described in Section 4.1.1, we needed a method

to utilize the parts of the images that were focused on, i.e., the speakers

and possibly the topic objects also. One approach is to use annotations

for image object regions (bounding box positions), as used in Faster-RCNN

(Ren et al., 2015) for object-detection tasks. Another approach is to use
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cropped image parts together with the original images, as used in (Minh et al.,

2018). By doing this, the model can learn both representations for an entire

image and the parts focused on. Since our proposed dataset actually uses

Visual Genome’s annotations, we can use either approach to include partial

information from images. However, using cropped images can increase the

capacity of visual information and might be useful for model performance.

4.3.2 Transformer-based Baselines and Error Analysis

To confirm our hypothesis that multiple modalities, more specifically, using

conversational scene images, can improve the conversation task, we first ex-

perimented with a single-modal (text only) model. We used BERT (Devlin

et al., 2019) as the baseline for this task. We fine-tuned the BERT base

model with first utterance - response pairs from our dataset with labels of 1

and 0 for positive and negative samples, respectively, i.e., as binary classifi-

cation. While we expected BERT to achieve a moderate accuracy score on

this task, according to our analysis in Section 4.2.2, wherein about 50% of

cases would require context understanding, BERT exceeded our expectation

by achieving an accuracy score of above 85%.

Then, we proceeded to experiment with LXMERT (Tan and Bansal, 2019)

as a BERT counterpart for a cross-modal model. For this experiment, we

trained LXMERT from scratch and did not use the pre-trained models. Since

LXMERT accepts one image for each corresponding text, we used the original

images. We trained the model using the same binary-classification task; the

model learned to predict whether a pair of utterance-response and a visual

scene belong to the same conversation. Since LXMERT expects the input

images to be annotated by bounding boxes, we decided to use two variants

of annotations: (1) speaker, respondent, and object bounding boxes, and (2)

all Visual Genome’s densed-annotation bounding boxes. While both settings

produced considerably high scores, respectively 79.4% and 80.65%, they were

still lower than BERT’s achievement. We postulate that BERT’s higher

performance is due to its pretraining that utilizes a large text corpus. While

LXMERT is also based on the BERT architecture, its textual component is

not extensively pre-trained compared with BERT.
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To better understand these phenomena, we did an error analysis of BERT’s

outputs through a manual qualitative observation of randomly sampled out-

puts. We discovered that, when there were enough details in the text to as-

sume that a response follows the first-utterance, visual clues are not necessary

to complete this task. For example, in Figure 5, BERT successfully predicted

the label while LXMERT failed to do so. We suspected that LXMERT failed

to associate the textual context of “warm” and “sweating” with the “cold”

scene. This example shows that, in some cases, textual context would suffice

to respond to an utterance correctly. Afterward, from about 15% of cases

where BERT failed to predict the correct label, we randomly sampled 100

pairs of false negative cases. Then, we analyzed whether the visual informa-

tion was actually required to correctly predict the label. We found out that

23% of the samples might not require visual clues to be classified correctly,

thus they resulted in the complete failure of BERT classification.

Utterance: Are we warm enough?
Response: I’m sweating, you?

Figure 5: LXMERT failed to predict this pair as correct, while BERT and
our model correctly predicted it.

For the rest of the 77%, we classified the conversation pairs into three

types: (1) visual question-answering type, (2) image-referring response type,

and (3) scene-understanding type. The visual question-answering type is

pretty obvious; it involves cases where both the speaker and the respondent
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are mainly asking and answering about the same specific object in an image.

The image-referring response type is where the speaker does not explicitly

refer to or mention an object, but the respondent does. We can see this

as the opposite of the standard case where the speaker asks or talks about

an object, and the respondent only needs to respond accordingly. The last

one, the scene-understanding type, is more complicated to set a boundary

to. As the name implies, this type requires contextual understanding both

from the textual and its corresponding visual context. It might also require

common-sense or specific assumptions on the conversation topic. Guided by

these definitions, we observed that 35% of the data were of the first type,

11% were of the second type, and 31% were of the third type.

From the examples in Figure 6, we can see that, in the image-referring

response type, the object “dog” in the response text needs to be referred to in

the image. While it is similar, in the “scene-understanding” type, the textual

context must be related to the scene. Considering these phenomena, we argue

that we need an approach for extracting related and useful information from

an image to complement the textual context.

Utterance: I am getting great pictures
from the boat.
Positive: You want the dog in some of
them?
Negative: Yes, we’ll keep riding from
here.

Utterance: Are you going to make it to
the lift?
Positive: I’m going to jump out from
this snow
Negative: Sure, someday I would love
to climb the mountain.

Figure 6: Examples of visual conversation types: image-referring response
(top) and scene-understanding (bottom).
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4.3.3 Conversation Secene Image Augmented Model

To complement the above investigation into the impact of visual scenes on

conversation tasks, and to confirm whether we can improve the performance

of transformer-based models, we continued our experiments by using the

cropped part(s) of the conversation scene images to aid the conversation text

in this task. To accommodate our need for feeding multiple images and

their pairs of utterance-response corresponding to the model, we developed

a neural network model with a simple architecture. Figure 7 shows the

architecture of our model.

(a) Main architecture

(b) Stacked Attention

Figure 7: (a) Overview of our model architecture being used in experiments.
(b) We applied attention over visual features.

We adapted the architecture for visual question-answering (VQA) tasks

by Kazemi and Elqursh (2017) and combined it with the strategy of Minh
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et al. (2018) for an addressee recognition task to optimize the extraction

of visual information for the parts focused on. We modified the objective to

predict whether a given pair is appropriate or not, i.e., as binary classification.

The objective can be formulated as

a∗ = argmax
a∈[0,1]

p(a|x, r; θ), (8)

where x is multi-modal input representation including text utterance u, orig-

inal image i, and cropped image area c, while r is a response candidate, we

computed the probability of a, where the value is between 0 and 1, to get

the classification a∗. To calculate the p(a|x, r; θ), we first encode all the

inputs and the response using separate neural encoders: vu = fu(u), vi =

fi(i), vc = fi(c) and vr = fr(r). We represent the text encoder as fu and

the image encoder as fi, respectively, to produce the vectors vu,vi, and vc.

We used the same (shared) image encoder for both the original image i and

the cropped image c. Since a cropped image is a part of an original image,

we assume it would be more useful for the encoder to be able to learn the

mutual information between these visual clues. In contrast, we used a differ-

ent text encoder fr for response r. We used one-layer bi-directional LSTM

(Hochreiter and Schmidhuber, 1997) for the text encoder and ResNet (He

et al., 2016), pre-trained with the Places356 dataset Zhou et al. (2017a), for

the image encoder.

For the original image vector vi, a soft attention mechanism was used to

align the information from image features and textual context, vu and vr.

We adapted stacked attention used by Kazemi and Elqursh (2017) for this

mechanism. This attention mechanism results in vectors vui and vri , which

represent the alignment for the text utterance and response, respectively.

Then, we combined both alignment vectors by element-wise addition:

v′i = vuα + vrα. (9)

Experiment Settings

We used Adam Kingma and Ba (2014b) as the optimizer for training and

fixed the learning rate at 0.0001. The mini batch size was fixed at 20. We
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defined an early-stopping condition, as the training convergence indicator,

using a parameter called patience. We defined patience as the maximum

consecutive iterations allowed when the average training loss is increasing

greater than a threshold. For instance, if we set the patience to 10 and the

threshold to 5%, the training should stop if the average loss is increasing

above 5% (compared to the best average loss) for ten consecutive iterations.

In our experiments, we fixed the patience at 5 and set the threshold to 5%.

We trained our models on an Nvidia Titan RTX GPU with a 24-GB GPU-

memory capacity. We limited the maximum training epoch to 50 epochs.

Typically, the training converged in approximately 12 hours for our model.

The dimensions of word embeddings and LSTM were set to 300 and 512,

respectively, while we set the dimension of image features to 2048. As for

input images, which consists of one original image and its three cropped

parts, we pre-processed all images, original and cropped images, to have

equal dimension of 256 × 256. Then, we applied data augmentation to the

images during training, including random cropping, horizontal flipping, and

normalization transformation.

4.4 Result and Discussion

A summary of the results can be seen in Table 8. Using the model described

in Section 4.3.3, we achieved higher scores than BERT. We evaluated several

input settings for combinations of cropped images. In line with our analysis

on visual conversation types, feeding a cropped image of either the corre-

sponding speaker/respondent/object seemed effective. Particularly, cropped

object-images, which achieved an accuracy of 86.04%, got higher scores than

BERT. Our analysis showed that this was related to the visual question-

answering type, where BERT failed to capture the context from the provided

text.

In comparison with LXMERT’s results, our model with a cropped image

as additional input feature also resulted in better scores. Please note that, as

describe in Section 4.3.2, because LXMERT treats an image as a set of region

features, we fed the image and focused region parts (speaker, respondent,

and topic object) as the region features, i.e., not as cropped images. In our
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Model
Input

Accuracy Precision Recall F1
Text

Scene Focused-on Part
Image S R O

BERT ✓ - - - - 85.28 0.849 0.857 0.853
LXMERT ✓ ✓ ✓ ✓ ✓ 79.4 0.78 0.82 0.8
LXMERT ✓ ✓ - - - 80.65 0.79 0.83 0.81

Ours ✓ - - - - 64.77 0.641 0.667 0.653
Ours ✓ ✓ ✓ - - 82.88 0.806 0.867 0.835
Ours ✓ ✓ - ✓ - 84.2 0.829 0.86 0.844
Ours ✓ ✓ - - ✓ 86.04 0.843 0.884 0.863
Ours ✓ ✓ ✓ ✓ - 88.8 0.871 0.909 0.89
Ours ✓ ✓ ✓ - ✓ 91.18* 0.894 0.933 0.911
Ours ✓ ✓ - ✓ ✓ 90.07 0.889 0.914 0.901
Ours ✓ ✓ ✓ ✓ ✓ 91.0* 0.897 0.924 0.911

Table 8: Results of our models with different input settings. Original images
were inputted as scene images by default. S, R, and O denote speaker,
respondent, and topic object cropped images, respectively. Difference between
a pair of * marked scores was not statistically significant. Differences between
all other pairs (from our model) were significant (with T-test, p < 0.05).

experiments, we have two variants of inputs for LXMERT: (1) Original image

with focused-on Speaker, Respondent, and Object (SRO) regions, and (2)

Original image without focused part, instead, we used all object annotations

by Visual Genome which typically contains ten or more region features. The

corresponding results of these input settings can be seen in Table 8. Also,

in our experiments, we used same image features for both LXMERT and

our model – we did not use Faster-RCNN to extract the image features for

LXMERT.

Our experiments with two cropped images showed more improvement in

terms of accuracy and F1 score, particularly with speaker and object com-

ponents. We saw this improvement as conforming to our visual conversa-

tion categories of the image-referring response type and scene-understanding

type. In Figure 8, we can see one example where our proposed model correctly

predicted the pair as correct, while BERT failed to do so. Using two cropped

images, in particular, the speaker and object, can help the model to focus

on the important parts. Furthermore, in some cases, utterance and response

text might refer to different foci. For example, in both pictures in Figure 6,

the topics of the utterance and response might seem unrelated. Therefore,

having two related components could help the model to learn the relation-

ship between each text pair and the visual information better. This setting
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of using speaker and object components can be seen as a natural conversation

scene, considering that, in actual conversations, the respondent occasionally

needs to see the partner and/or the object of the topic to understand the

context.

Utterance: Hey dude, look at that pretty girl watching us.
Positive: They are under age man.
Negative: You are going to bust your ass.

Figure 8: Cropped object image (yellow box) provides more information for
understanding the conversation context.

Regarding BERT’s performance, according to our findings, we postulate

that when the responses could be perceived as semantically following the ut-

terances, it would be enough for BERT to predict the label. As described in

Section 4.3.2, in Figure 5 BERT predicted the label correctly while LXMERT,

with visual information, failed to do so. However, our model with speaker

and object (a sweater) cropped images could also correctly predict the label.

We argue that since our model had a clearer object-related visual clue — a

cropped image compared with the bounding boxes of LXMERT — it could

associate the textual context of “warm” even though the scene was arguably

“cold.” Therefore, we argue that in order to capture a better context for

the conversation, visual scene information is essential, particularly for the

three visual conversation types: visual question-answering, image-referring

response, and scene-understanding. Nevertheless, we found that in some
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Utterance: Will our bikes be safe?.
Positive: Did you lock yours?
Negative: Do you have a key to unlock it.

Figure 9: Example case when both BERT and our model failed to predict
the positive response correctly.

particular cases, for example, in Figure 9, even with the visual scene infor-

mation, the model could not correct BERT’s errors. This failure might have

been caused by an inability to associate the visual clue of “bikes” with the

response text.

Since the negative pairs were generated from conversations with the same

images, we also analyzed sampled results from false-positive cases. We did

this analysis to investigate whether the models’ failure were caused by “nat-

urally positive” conversations that made it difficult for the models to predict

the negative label. While we found that some false-positive predictions were

produced by negative pairs that can be considered a “natural positive con-

versation”, especially if the input utterance was written in an open-question

manner. However, as the models are supposed to consider not only the text

but also the visual clue with different focused parts, e.g., different topic ob-

jects, such cases are very rare once visual contexts are taken into accounts.

Since the number of false-positive answers is significantly smaller to the true-

negative ones, for example, about 600 vs 2700 for LXMERT or 400 vs 2800

for our models, we argue that the negative samples worked as intended and
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the failures were not mainly caused by false-positive cases.
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5 Conclusion and Future Work

5.1 Conclusion

To improve the quality of automated responses in conversation/dialogue

tasks, we arranged our research objective into two: (1) improving generated

response quality with user-level styles (resemblance to the ones of intended

users), and (2) improving the performance of conversation tasks using multi-

modal (visual and language) contexts.

For the first objective, we proposed a framework and strategy to use user-

specific information, consisting of usernames and user-info dataset (users’

frequently-used words), to stylize the output response to resemble the ones

of intended users. The evaluation through human judgment showed that

the outputs of our model are better than the baseline overall, especially the

variant with unseen users. Although our model has a simple architecture

and is small in size, it could produce responses with acceptable quality. We

believe that our experiments can serve as evidence that, even with a limited

size, a simple and intuitive architecture can improve the response quality.

For the second objective, we experimented on visual and language con-

versation tasks using specific scenic images as a visual clue. We presented

a new multi-modal dataset containing pairs of conversation scene (third-

person view) images, their corresponding focused part annotation, and con-

versation utterances. Using this dataset, we investigated the effectiveness

of visual clues on a conversation task performance. Our findings show that

visual information is necessary when context understanding is required. We

also identified three types of visual conversations where visual conversation

scenes are essential to understanding the conversation context: (1) visual

question-answering type, (2) image-referring response type, and (3) scene-

understanding type. On the basis of this analysis, we also proposed an ap-

proach for using scene components in the tasks, particularly the speaker, re-

spondent, and topic object parts. Our model could significantly outperform

the baseline models by partially coping with the first and second conversation

types, obtaining 91% accuracy.

Regarding the simplicity of our second task, that is binary classification,
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as mentioned in Section 4.1.2, we chose this task because our aim is to investi-

gate the effectiveness of using still conversation scene images in conversation

tasks. Nevertheless, we believe that we can apply the same strategy with

more response candidates or labels to create more variation. Furthermore, it

is also possible to use our dataset in, for example, a generation task. Since

our conversation utterances are situated within the images rather than by

outsiders observing the images, we postulate that we can learn a better con-

versation context in a more natural conversation scene.

5.2 Future Work

It still remains challenging to produce automated responses of human-like

quality, such as engagingness and the ability to infer the context not only

from utterances. Particularly in response generation tasks, it is difficult

to properly incorporate and emphasize specific factors, such as style, to a

response while maintaining the context or its relevance.

To improve the generation quality in general, especially in terms of fluency

and engagingness, we believe that adopting pre-trained models, such as GPT-

2, would help. However, incorporating specific response styles, especially at

the user level, would be more complicated. We postulate that exploring

the possibility of using graphs to represent the user-level information and to

associate it with the utterances would be useful for future research.

As we proved that using scenic images in a conversation task improved

the performance, we believe that more research in this field would be fruitful

in the future. One possible future task is to improve the visual-conversation

dataset by using images from movie scenes. We believe that increasing the

data, especially the image-referring response and scene-understanding types,

would improve the model’s ability to “understand” the conversation context

more. Another important future task is to explore more options in cross-

modality processing. While our current method works for a simple task,

improving alignment between visual and language information would be es-

sential for visual and language research, including conversation tasks.
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