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Abstract

We introduce CharmBana, a cutting-edge social chatbot created by the team at
the University of Illinois at Urbana-Champaign to compete in the Alexa Prize
SocialBot Grand Challenge 5. CharmBana’s primary innovation lies in its abil-
ity to harness Internet search and proactively gather the latest information and
knowledge from the web, relating to any given subject in real-time, and seamlessly
integrate it into a conversation through progressive response generation. We delve
into CharmBana’s system design and architecture, elucidate the implementation
specifics of major modules, and explore the research and development undertak-
ings throughout the competition to enhance CharmBana. Furthermore, we share
valuable insights gleaned from experiments and the competition, emphasizing
novel methods devised for progressive response generation utilizing real-time in-
ternet search, and presenting preliminary findings on the automated evaluation of
conversation quality.

1 Introduction

The Alexa Prize SocialBot Grand Challenge' provides resources and opportunities to study and
advance the state of the art technologies in developing open-domain social bots that can conduct
meaningful conversations on any topic with human users. The University of Illinois at Urbana-
Champaign (UIUC) team has developed a novel chatbot, called CharmBana?, for participating in
the Alexa Prize SocialBot Grand Challenge 5 (Johnston et al., 2023). Past teams in the Alexa Prize
SocialBot Grand Challenge have made innovation, including, e.g., user personalization (Konrad et al.,
2021) and modeling (Juraska et al., 2021), structured dialog control (Chi et al., 2021), templated
generation (Chi et al., 2022) and incorporating knowledge graphs (Pichl et al., 2020).

Despite advancements in chatbot technology, current systems are yet to achieve the goals set by
Amazon, as numerous complex technical obstacles must be overcome.

Effective chatbots must engage users in casual, informal conversations on a variety of topics that
cannot be predetermined. To create captivating and informative discussions, chatbots need to access
external knowledge to enrich the dialog. Engaging in knowledge-driven conversations (Komeili
et al., 2022; Dinan et al.) typically requires leveraging external sources to gather the most relevant
information for continuing the conversation. Chatbots might use a pre-built knowledge base to obtain

'https://www.amazon.science/alexa-prize/socialbot-grand-challenge
2CharmBana is meant to be a “Charming Social Bot"
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information about a subject, but the information may be outdated or unsuitable for discussing current
topics. Similarly, a large language model (LLM) trained with a static text collection, regardless of
size, would face the same limitations. Utilizing a web search engine could potentially address this
issue by explicitly generating search queries that help retrieve the most current information from the
web in real-time.

While such queries are more obvious when the user explicitly asks for certain information, a.k.a.
conversational information seeking (Zamani et al., 2022), it is, however, unclear what information
should be pursued when users are passive, disengaged, and do not provide clear guidance for
the conversation (Hardy et al., 2021). Additionally, as open-domain conversations allow users to
discuss any topic, developing a comprehensive algorithm that offers relevant queries in response to a
random topic presents a unique and complex challenge unexplored in previous studies. Furthermore,
generating responses based on real-time web search results inevitably leads to delays in response
times. Thus, addressing the latency issue associated with real-time internet searches poses yet another
challenge.

In this competition, we address these challenges and devise innovative techniques to allow CharmBana
to harness the power of Internet search in proactively obtaining the latest information and knowledge
related to any given subject in real time while seamlessly integrating it into a conversation through
progressive response generation. Specifically, we propose a novel methodology that integrates social
commonsense reasoning into the generation of search queries in knowledge-powered conversations.
Social commonsense (Moore, 2006) refers to the general understanding of social situations and
human behavior that helps connect conversational topics and navigate discussions.

We therefore hypothesize that by leveraging a deeper understanding of social commonsense and
the implicit cues that steer human conversation, chatbots can become more proficient at navigating
passive conversations. Concretely, we introduce a novel framework that uses a commonsense response
as a latent directive for an instruction-following query generator. Our approach incorporates the use
of topic tracking to first identify the main point of discussion, followed by generating commonsense-
based responses that can link concepts to the main topic, resulting in a latent commonsense directive.
Finally, we use instruction-driven query generation to produce a search query that adheres to the
latent directive within the commonsense response.

To tackle the issue of latency, we propose using a progressive response generation strategy aimed
at reducing the user’s waiting time. This involves the chatbot initially delivering a swift, general
response, followed by a more comprehensive and detailed answer based on internet search. In the
competition, we utilized a commonsense response as our preliminary response (refer to §2.3) and
integrated a follow-up flow (discussed in §2.5). As discussed later in this report, our innovative
techniques for progressive responses combined with real-time internet search have proven effective,
significantly enhancing CharmBana’s performance.

We have also studied the challenge of automating the evaluation of conversation quality in chatbots.
This would allow for estimating ratings for numerous discussions that lack manual ratings and
potentially also serve as a reward function for reinforcement learning to optimize dialog strategies.
As part of the scientific track, we introduced an innovative information-theoretic metric to evaluate
conversation quality at turn level across multiple dimensions. This new measure has been demon-
strated to outperform several existing state-of-the-art metrics, enabling a more detailed analysis of
our chatbot’s performance. Furthermore, we assessed various representative, cutting-edge machine
learning algorithms for predicting human ratings of these conversations. Both classification and
regression tasks were utilized, with results indicating that leveraging machine learning for automated
assessment is a promising direction.

In the rest of this technical report, we will present CharmBana’s system design and architecture,
outline the implementation specifics of its primary components, and delve into the research and
development efforts undertaken during the competition to enhance CharmBana. Additionally, we
will discuss several promising future research avenues to advance the cutting-edge of social chatbot
technology, building upon the methodologies we already devised.



2 System Design and Implementation

In this section, we provide an overview of CharmBana’s design and implementation specifics. Our
framework operates on the principle of “progressive response generation”, where a quick general
response is initially given to the user, followed by a comprehensive, search-driven follow-up response
for a more in-depth reply. The progressive response strategy is meant to simulate how a human
makes the tradeoff between giving a response quickly and giving a well-thought response (which
may require more processing time). This strategy allows for progressive refinement or construction
of a response, naturally leading to an anytime algorithm that can flexibly support multiple response
generation algorithms that have variable computational complexity.

The system’s architecture is illustrated in Figure 1 and comprises the following key elements, which
are discussed further below:

Dialog Manager: This component orchestrates the dialog strategy, focusing on the selection of
appropriate responders (i.e. responder selection) and determining whether an internet search is
needed (i.e. search decision).
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Figure 1: The overall framework for CharmBana following the progressive responses methodology
with dedicated modules for initial and follow-up responses.
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Figure 2: Flowchart showing the flow of information in CharmBana via different prompts, along with
the average latency for each component.



Initial Response Generation: This module produces a basic yet coherent initial response, paving
the way for a more informed follow-up reply.

Content Selection: Employed for choosing pertinent content from the internet to enhance the
follow-up response, this module is activated only when the “search decision” is true. We note that the
content selection module runs only when the “search decision” is true.

Follow-up Response Generation: This final component integrates the extracted search information
to formulate a follow-up response that builds upon the chatbot’s initial reply.

2.1 Architecture

Our architecture employs the Cobot toolkit (Ram et al., 2018), constructed with a modular design
approach, enabling developers to easily alter or replace components or modules as needed. Cobot,
as a system, facilitates the integration of remote modules for offloading processing while managing
the required logic, akin to a microservice architecture. With this principle in mind, our primary
focus was on implementing selection and ranking strategies using custom logic, while delegating
more computationally intensive tasks to remote modules. These tasks encompass topic tracking,
LLM-based response generation, internet search, and more. Additionally, the Cobot framework offers
features for Named Entity Recognition (NER), dialogue intent detection, and punctuation correction,
which we utilized.

2.2 Dialog Manager

2.2.1 Topic Tracking

Topic tracking (Nakata et al., 2002) aims to identify the primary subject of the discussion in free-form
dialogs, and has been demonstrated (Guo et al., 2018) to improve the coherence of dialog systems.
Unlike previous approaches (Khatri et al., 2018) that track a fixed set of broad high-level topics (e.g.,
movies, sport), our objective is to detect unconstrained, finer-grained topics (such as movie/actor
names or feams). For fine-grained topic tracking, we apply an instruction-tuned model (Chung et al.,
2022) to identify the current topic from the dialog context.

We utilize the prompt in Figure 2 and rely on instruction-tuned —
models with strong zero-shot abilities (Wei et al., 2021) due to TheCo
lack of training data for such topic tracking in dialog®. In partic-
ular, we employ Flan-T5 large (770M) for the purpose of topic
tracking. To enhance its performance, we generate silver data you seen them before?
by obtaining ChatGPT labels for topic tracking on the Wizard
of Internet (Wol) training set (Komeili et al., 2022). Additional
information regarding performance enhancements from* are Try "Alexa, let's talk about something else”
provided in §3.1. Notably, the topic tracking results are also
displayed on the screen of the Alexa device, as illustrated in  Figure 3: Topic tracking output as
Figure 3. An alternative topic tracking approach could follow shown on the Alexa device.
Shuster et al. (2022a); Adolphs et al. (2022), extracting topics

as relevant entities grounding the final response.

| love The Conjuring movies! Have

2.2.2 Engagement Classifier

In determining how to seamlessly transition within dialogues, we found that employing an engagement
tracker enhances our bot’s capability to manage dialog shifts. Drawing inspiration from Ghazarian
et al. (2020)’s predictive engagement metric, we designed a model that uses a Bi-directional Long
Short-Term Memory (Bi-LSTM) network that takes BERT embeddings as inputs. This setup leverages
the strengths of both models - the sequential data processing of Bi-LSTM and the semantic under-
standing of BERT. Subsequently, these embeddings are processed through a Multi-Layer Perceptron
(MLP) classifier, which is structured with three-layer networks comprising 64, 32, and 8 hidden

3We note that topic tracking is related to open-domain dialog, and is different from state tracking (Williams
et al., 2013) which is specific to task-oriented dialog.
*Finetuned model is available on Huggingface here.


https://huggingface.co/gangiswag/flan_t5_small_entity

units, and uses cross-entropy as its loss metric. The model was initially trained on the ConvAI2
dataset Dinan et al. (2020) and then later fine-tuned on Daily-Dialogue dataset (Li et al., 2017). When
integrated into the bot’s framework, it assesses the engagement score of the last dialogue interaction
to determine the subsequent course of action. This gives our bot a data-driven way to respond to the
user’s level of engagement, making it more effective at maintaining meaningful conversations.

2.2.3 Topic Transitions

The model, as it stands, struggles to naturally shift topics after a certain number of exchanges,
often causing the conversation to circle back and lose its engagement. To address this, we’ve
introduced custom transition mechanisms to diversify and broaden the discussion. Details of these
topic transitioners can be found in the appendix. To make the shift between topics smoother, we craft
a connecting sentence using a response generator that seamlessly ties the previous conversation into
the new topic. Our decision to transition is guided by a rule-based system that takes into account
the number of turns, the user’s dialog intent, and the engagement tracker’s output. If the user is
specifically seeking information, we maintain the current topic. However, if a single topic extends
beyond six turns or any turn reflects diminished engagement, we introduce a new topic using our
tailored acknowledgment and transition response.

2.2.4 Responder Selection

Responder Selection determines which responders are most appropriate for a given conversation turn.
This decision is currently made by using a combination of rules as well as patterns to determine
which responders fit well for the particular turn in question. The heuristics make use of the intents,
topic of the dialog and patterns in the user message to decide whether to use our custom LLM-based
responders or the default responders that are provided. Some selection criteria include analyzing
topic depth, recognized intents, and punctuation present in the user’s text.

2.2.5 Search Decision

A module on when to search or make a search decision is crucial for an open-domain chatbot to
ensure its efficiency, relevance, and user satisfaction. Such a module helps the chatbot to determine
the appropriate moments to search for extra information or expand its knowledge base in response
to user queries. Additionally, the search decision module contributes to optimizing the chatbot’s
performance by regulating unnecessary searches, thus saving resources and reducing response times.

To construct a search decision model, we adopt the approach outlined by BlenderBot 3 (Shuster
et al., 2022b), which finetunes an encoder-decoder model using data obtained from various datasets,
including Wizard of Internet (Komeili et al., 2022), Wizard of Wikipedia (Dinan et al.), ConvAI2
(Dinan et al., 2020), Empathetic Dialog (Rashkin et al., 2018), and Multi-Session Chat (Xu et al.,
2021). In total, the training set is composed of 312870 samples, with the model being trained to
generate __do_search__ token for samples containing a search query and a __do_not_search__
token for those without queries.

Considering latency constraints, we employ Flan-T5 Base (250M) as the encoder-decoder model and
use the prompt: Does this conversation require a search query? as a prefix. The model is finetuned
in three epochs with a batch size of four. During inference, the log-probability of the do-search
token serves as the search decision probability. A heuristic threshold of 0.70 is applied for the search
decision confidence, allowing for roughly a 50% likelihood of performing a search.

2.3 Initial Response Generation

As part of our progressive response generation strategy, we aim to generate an initial reply that fulfills
two objectives: (a) The initial response is a swift, coherent reaction from the bot without needing
any internet search, and (b) The initial response serves as a guide for generating search queries to
obtain relevant information for a more informative follow-up response. To achieve this, we employ a
collection of neural response generators (discussed in §2.3.1), including social commonsense-based
dialogue systems (Kim et al., 2022; Zhou et al., 2021) and instruction-tuned large language models
(Chiang et al., 2023; StabilityAl, 2023), to create a set of potential initial responses. These candidates
are then inputted into the Alexa Cobot ranker to pick one. Additionally, we incorporate a factuality



check module (explained in Section 2.3.2) to specifically eliminate candidate responses containing
potentially fabricated or factually incorrect information.

2.3.1 Neural Response Generators

Cosmo (3B): Social commonsense-based dialog systems typically demonstrate a fundamental
understanding of handling and responding to specific topics or situations. They involve either using
external commonsense knowledge graphs such as ConceptNet (Speer et al., 2017) or ATOMIC (Sap
et al., 2019) to collect triples for response generation (Zhou et al., 2022), or distilling such knowledge
into large language models (LLM) through large-scale pretraining (Kim et al., 2022; Chen et al.,
2023) for direct response generation. In this work, we adopt the latter approach, by using an LLM
pretrained with commonsense dialog data to derive the bot response.

Specifcally, we use Cosmo (Kim et al., 2022), a 3B parameter LLM trained on 1.5M socially-grounded
synthetic dialogues generated by prompting InstructGPT (Ouyang et al., 2022) using contextualized
commonsense knowledge from ATOMIC. Cosmo takes a situation narrative and role instruction as
input, and generates a response based on the dialog context. We also integrate the topic tracking
output into the situation narrative definition, as illustrated in Figure 2.

StableLM (7B): StableLM (StabilityAl, 2023), proposed by Stability Al, is a language model
trained on the new dataset that build on The Pile, which contains 1.5 trillion tokens, roughly 3x
the size of The Pile. The context length for these models is 4096 tokens fine-tuned with Stanford
Alpaca’s procedure using a combination of five recent datasets for conversational agents: Stanford’s
Alpaca, Nomic-AI’s gptdall (NomicAl, 2023), RyokoATI’s ShareGPT52K datasets (RyokoAl, 2023),
Databricks labs’ Dolly (DataBricks, 2023), and Anthropic’s HH (Anthropics, 2023).

Vicuna (13B) We leverage the Wizard-Vicuna-13B-Uncensored-HF LLM from HuggingFace to
generate better suited responses that could be incorporated into our bot responses. The model is
based on Wizard’s dataset (Xu et al., 2023), ChatGPT’s conversation extension, i.e. expanding into
various areas of conversation in one conversation using ChatGPT 3.5 for training and Vicuna’s tuning
method (Chiang et al., 2023), i.e. using approximately 70K user-shared conversations gathered from
ShareGPT.com with public APIs. The model was cited to perform 7% better than the Vicuna-13b
and 9% better than the Wizard-7B model. In principal, the model adopts the approach of WizardLM,
extending a single problem more in-depth. However, using individual instructions, the model expands
it using Vicuna’s conversation format and applies Vicuna’s fine-tuning techniques. Firstly, the model
expands various areas in the same topic using the 7k conversations created by WizardLM. Howeyver,
instead of the instruction format, the model was trained in a continuous conversation format. Starting
with the WizardLM’s instructions, the model training expands into various areas in one conversation
using ChatGPT-3.5. The model is used in our pipeline at 3 different stages - initial response, follow-up
flow and search incorporated response and transition incorporation response.

2.3.2 Factuality Check

Large language model-based response generators are prone to creating hallucinatory content, which
can involve inaccuracies or distortions of facts and figures. Since explicitly fact-checking the
response can be time consuming as it involves verifying against an external knowledge source, we
take the approach of the proactively eliminating candidate responses that have too many new entities
mentioned in them. This "safer" strategy can detect potentially hallucinated content but may lead to
false positives. Nonetheless, it offers low latency as it only necessitates identifying entities within the
response.

We keep track of the entities referenced in the conversation history to determine the newly introduced
entities in each potential response at every interaction. Basic regular expression matching was used
for numerical entities, while Named Entity Recognition (NER) from Cobot was employed for proper-
noun entities. Responses containing over two proper-noun entities or more than one numerical entity
were discarded. This module was selectively deployed for neural response generators, specifically
Cosmo, StableLM, and Cobot’s EmpathyNRB and ATM-5B models.

After examining 1000 conversations from logs, we found that 8.2% of cases were flagged for factual
issues by this module. The distribution of removed responses for each model is as follows: Cosmo:
4 out of 972, StableLM: 26 out of 851, EmpathyNRG: 23 out of 976, and ATM5B: 35 out of 906.



Human evaluation of these eliminated responses revealed that 26% were false positives. Figure 4
shows hypothetical situations demonstrating how our factuality check module tags responses as valid

and invalid.

USER: Do you know about the oscars?
BOT: Yes | know about about oscars
USER: tell me more about golden globes

Global set of previously mentioned entities:
[“Oscars”, “Golden Globes”]

NRG response: Golden Globes is an award that
acknowledges excellence in the artistic and technical merit

of Hollywood's highest-grossing film in the United States

New entities detected in response:
[ 'Hollywood', 'United States']

Numerical Entities (ne) =0
New Proper-noun entities (npne) = 2

Resuilt :- Since ne < 2 and npne <= 2 the response is valid

USER: Have you driven an electric car before?
BOT: No, | haven'’t but would love to know how it feels
USER: | have driven a Tesla and it is very fast

Global set of previously mentioned entities:
[“Tesla”, “electric car”]

StableLM response: The Model S version of Tesla is the
fastest electric car with a top speed of 420 - 450 km/h,

depending on the configuration.

New entities detected in response:
[Model S, 420, 450]

Numerical Entities (ne) =2
New Proper-noun entities (npne) = 1

Result :- Since ne >= 2, the response is invalid

Figure 4: Examples of simulated dialogue situations with valid responses (left) and invalid responses

(right) as determined by factuality check module.

2.4 Content Selection

2.4.1 Search Query Generation

Given the dialog context, conversation topic and a latent directive in the form of a initial response,
we aim to generate a search query to obtain relevant information for continuing the conversation.
We utilize an instruction-tuned model (Chung et al., 2022) for query generation, by prompting (see
Figure 2) it to transform the initial response into a search query, while incorporating the fine-grained
topic to enhance relevance and specificity.

In particular, we employ Flan-T5 large (770M) for the purpose of query generation. We use ChatGPT
to obtain silver labels for search queries within the Wizard of Internet (Wol) training set (Komeili
et al., 2022). To create finetuning data, we choose turns corresponding to internet search from the

Wol training set, yielding 20k examples.

2.4.2 Internet Search

Our objective is to obtain a pertinent snippet for
the given search query. To achieve this, we utilize
the Evi Question Answering (QA) API to provide
an answer to the query. If the Evi API yields an
empty response, we resort to the Bing Search API
to acquire the top-5 relevant results from the web.
Due to latency constraints, we utilize the brief
snippets (shown on the right) returned by Bing
as the relevant results. Subsequently, we employ
a re-ranker (Garg et al., 2020) to select the most
relevant snippet. We see that directly using the top-
1 search result without re-ranking may introduce
noise since the Bing API often places sponsored
ads at the top. Additionally, the top image re-
trieved by the Bing Image API is displayed on the
device screen. A sample is shown in Figure 5.

Query: what are some other horror movies similar to the conjuring

13 Movies Like The Conjuring to Watch If You Love Horror ... %

hitp: ign -

‘Add some more fright to your life with these Conjuring-adjacent films. Insidious

(2010) The Changeling (1980) Poltergeist (1982) Oculus (2013) The Exorcism of

Emily Rose (2005) The Exorcist (1973) The Amityville Horror (1979) The Haunting in
\_C icut (2009) Sinister (2012) The Others (2001) The ... See more J

Stream The Conjuring Movies | Stream Without Limits
https:/www.max.com ~
'ad Stream iconic movies, the best series, fresh originals, and much more. Sign up for iconic )

series, award-winning movies, fresh originals, and more on Max
max.com has been visited by 10K+ users in the past month
\ Family Favorites - Timeless Classics - Download and Go - Romantic Comedies )

40+ Movies Like The Conjuring That Will Give You ... ¢
https://www.scarymommy.com/entertainment/movies-like-the-conjuring ~

Author: Sabienna Bowman

(7. Poltergeist (1982) YouTube video player. While Poltergeist inspired two
2. Paranormal Activity (2007) YouTube video player. Found footage films are
3. The Amityville Horror (1979) YouTube video player. Interestingly, The

4. Insidious (2010) YouTube video player. Directed by James Wan and starring
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Hi, this is an Alexa Prize Socialbot. | hope
you are doing well. I'm all geared up to chat
about whatever tickles your fancy. Got
something on your mind you'd like to

ALEXA PRIZE SOCIALBOT GRAND CHALLENGE

Indian cuisine

unpack together?

What kind of food would you enjoy eating
at home?

Eall i like spicy indian food

It's great that you like spicy food! There are
many delicious Indian dishes to choose

from, such as the classic biryani that is slow-
cooked with aromatic basmati rice and
tender meat or vegetables. Have you ever
tried biryani before?

Information

It's great that you
like spicy food!
There are many
delicious Indian
dishes to choose

| N

Try "Alexa, let's talk about something else"

Figure 5: Example with a hypothetical dialog situation showing the retrieved image from web search

for a discussion about Indian cuisine.

2.5 Follow-up Response Generation

To keep users engaged while a compre-
hensive reply is being prepared, we utilize
what’s termed as “’progressive responses.”
Essentially, these are interim SSML con-
tent elements — encompassing both text-
to-speech and brief audio clips — that
Alexa plays during the wait for a complete
skill response. However, in our terminol-
ogy, “progressive response” defines an en-
tire module, that not only dispatches an
initial response to maintain user engage-
ment but also issues a follow-up response.
The initial response is selected from one
of the prior response generators in the sys-

’ Follow up Flow \

Multiple responses
+ Follow up

Get Search
Results

Follow up

" Getfollow up
question from

|
|
|
|
|
Ranker function |
|
|
|
|
|
|
LLMs ‘

Initial response +
Multiple follow ups

Figure 6: Figure showing the follow up response gener-
ation flow in our bot.

tem. The subsequent flow for follow-up

response is intricate and involves multiple steps. It consists of functions like the search decision
module, search query formulation, web search and content selection, and response generation through
LLMs. Additionally, there are multiple candidate follow-up responses that are generated. Concluding
this sequence, we have a ranker module that picks the most suitable response to the user.

Figure 6 illustrates the flow our system uses to generate follow-up responses. Given the search
query, we retrieve results from the Bing Search API. This search content is then processed using
large language models, generating multiple search responses that integrate the content along with
related follow-up questions. In the absence of a search query, the system directly crafts several
follow-up questions using large language models, based on the initial input. Both search responses
and initial responses are then merged with the generated follow-up questions. These are evaluated by
our ranking function, which identifies and returns the most relevant follow-up response to the user.
We leverage the Vicuna-13B as the instruction-tuned LLM for follow-up response generation. The
Vicuna prompts allow for the bot to effectively incorporate the search response and ask a follow up
question based on the given response.

2.6 Offensive Filtering

With the fast-evolving world of LLMs, there is still a lingering problem of toxicity in the generated
responses; recent research (Deshpande et al., 2023) has shown even the best models, such as ChatGPT
suffer from it. Alexa is a customer-facing application with the largest user base and we can’t risk
inappropriate content; we recognized the need for a filter to handle such content. This was done
for compliance regulations, ethical responsibility, and the best user experience. To achieve this,
we implemented a filtering system with two components. The first component involved using an
Offensive Classification API provided by Cobot to classify user inputs as offensive or non-offensive.



The second component utilizes regular expressions Utterance
(regex) to perform additional checks on user inputs, in- 1
cluding financial, medical, and legal phrases, an extensive

offensive word list, and identity-based questions. We also [ User ] [ Sensilive ] [ Regex Checks ]

Responder

Offensive Speech
Classifier

incorporated a whitelist to avoid false positives with com- 1 s | o

mon phrases containing offensive words. When offensive

inputs were detected, our chatbot responded empatheti- { Hard-coded ] {Language - ]
Bot Response [« Responses

cally and redirected the conversation to a more suitable
topic, ensuring a respectful and safe user experience. Fig-
ure 7 shows a flowchart demonstrating our offensive filter-
ing module.

Figure 7: Flowchart showing how dif-
With empathetic responses such as I'm sorry if I upset you. ferent scenarios are handled within our
Let’s talk about something else, we addressed user dis- offensive filtering module.

comfort while reassuring them that their personal details

were not accessible or requested. This filtering approach detected 2% of the total turns as having
inappropriate content. In total, 9.5% of the conversations had at least one turn with offensive content.
Detecting such utterances and responses accurately and empathetically replying to them led to a safer
and more enjoyable interaction for Alexa users.

3 Experiments and Analysis

3.1 Performance of Topic Tracking

We experiment with finetuning both Flan-T5 large (770M) and Flan-T5 XL (3B) on the Wizard of
Internet (Wol) Dataset, with ChatGPT labels as the ground truth. The training set consists of 60,000
samples, and both models were trained over two epochs. We assessed the models’ performance
using the F1 metric. Table 1 displays the scores for both the 0-shot and the fine-tuned models on the
validation set.

The results suggest that through instruction-tuning,
both models improve their performance in topic track-
ing by 20% to 30%. When comparing the 770M model Flan-T5 Large ZérO_ShOt S7.19
to the 3B model, the larger model typically exhibits su- Finetune 76.56
perior performance in topic tracking. The enhancement Flan-T5 X1, | Zero-Shot | 63.27
from using a large model is more pronounced in the Finetune 71.57
zero-shot version than in the finetuned version. Hence, ] . .
given latency constraints, our bot uses the finetuned Table 1: Pe.rformance of the topic tracking
version of the Flan-T5 large model. Based on our eval- model, against ChatGPT lab@lled ground-
uations, the topic tracking model encounters difficulties truth, before and after finetuning.

when the topic shifts in the last few dialog turns. In these situations, the model might extract topics
from earlier turns without recognizing the topic change in latest user utterances.

Model Type F1 Score

3.2 Performance of Query Generation

In our evaluation, we focus on Wol test set with dialog turns that had search queries annotated for
generating responses, while specifically targeting “passive turns” where users don’t explicitly request
information. Using an intent detection model Khatri et al. (2018), we identify and remove turns
related to information or opinion requests, and randomly selected 200 examples for human evaluation.
We conducted a human study with four experienced NLP students to evaluate the quality of generated
search queries and responses. Queries were assessed based on relevance, specificity, usefulness, and
potential to maintain user engagement in the dialog. Responses were evaluated for engagement,
coherence, and informativeness. Recent studies, like G-EVAL Liu et al. (2023) and GPTScore Fu et al.
(2023), show that LLMs such as GPT-4 can effectively evaluate natural language generations and
align well with human assessments. Therefore, we utilize GPT-4 for automatic evaluation, prompting
it to provide an overall score (ranging from 1-10) for search queries and final responses. Additionally,
we use a ranker model Hedayatnia et al. (2022) trained on Alexa Prize Socialbot response selection
data Ram et al. (2018) for response evaluation.



Query Generation Search Query Final Response
Approach Human Automatic Human Automatic
Rel. Spe. Use. Int. GPT-4 Eng. Info. Coh. Ranker  GPT-4
No Query - - - - - 2.71 1.87 3.11 78.9 66.2
Blender Bot 3 313 229 261 228 35.1 2.85 3.19 2.88 75.4 68.0
_FlanTSwioCosmo | 338 321 306_ 302 | 443 | 301 327 292 | 769 _ 676 _
Ours (Zero-shot) 359 351 339 329 49.9 3.13 3.35 3.00 78.6 70.6
__Ours (Finetuned) | 416 405 398 391 | 722 || 329 331 310 | 807 721
ChatGPT 4.51 4.49 4.48 4.45 80.7

Table 2: Evaluation of different query generation approaches on the Wol dataset, based on the quality
of search queries and final responses. For query generation (left), Finetuned refers to leveraging
dataset dialogs, while zero-shot corresponds to instruction-tuned. For response generation (right),
responses from ChatGPT are conditioned on internet search results obtained using the corresponding
queries. The acronyms for human evaluation are: Relevance, Specificity, Usefulness, Interestingness,
Engagement, Informativeness, and Coherence.

Table 2 (left) shows the results of human and automatic evaluation of search queries. Mainly, we
notice that instruction-tuned models outperform Blender Bot 3 significantly, and using Cosmo’s
commonsense response as a directive for guiding query generation with Flan TS5 shows consistent
improvements. Additionally, substantial enhancements in query quality are observed upon fine-tuning
the zero-shot system with ChatGPT annotations. By computing the Spearman correlation between
automatic metrics (GPT-4) and overall score for human evaluations (average of four aspect ratings),
we found a strong correlation (0.674) between the two measures.

Table 2 (right) shows results for evaluation of the generated responses. We see that directly generating
a response from ChatGPT without internet search can still lead to a very coherent response, but is
less engaging and very uninformative. Our proposed query generation framework leads to consistent
improvements across all aspects of the final response, particularly with high engagement scores.
Notably, boosting engagement, or the likelihood of continued human-bot interaction, is crucial in
passive conversations.

3.3 Performance of Incorporating Search Content

In open-domain conversations, users can talk about a variety of topics with the chatbot. For the
system to generate insightful responses related to the topic of discussion, it is vital that it can leverage
external knowledge. To achieve this, we leverage the performance of LLMs to follow instructions and
specifically prompt the model to incorporate search content. To assess how effectively Vicuna-13B
incorporates knowledge, we calculate the ROUGE score (Lin, 2004) using the search content as a
reference and then contrast it with the ROUGE score of ChatGPT. This score is determined based on
the longest common subsequence between the generated response and the reference content. A higher
ROUGE score indicates a greater overlap with the search content, signifying superior knowledge
incorporation. A comparative analysis of the ROUGE scores for ChatGPT and Vicuna-13B can be
found in Table 3.

Based on the ROUGE scores, ChatGPT per-

forms better at incorporating search content into Model R-L R-1 R-2
its final responses.In contrast, the limited model (?hatGPT 0.2364 | 0.2691 | 0.1172
size of Vicuna-13B hampers its effectiveness in Vicuna-13B | 0.1038 | 0.1180 | 0.0181

this regard, making it less proficient than Chat-
GPT in incorporating search content. A repre-
sentative example from a hypothetical dialogue
situation can be found in Table 4. In real-world
applications, ChatGPT effectively leverages in-
formation from search content to craft coherent and informative responses. Meanwhile, Vicuna-13B
occasionally struggles to comprehend the prompt sufficiently to incorporate knowledge. Nonetheless,
the responses produced by Wizard-Vicuna-13B align well with the dialogue context and, in certain
instances, are even more engaging than those from ChatGPT.

Table 3: ROUGE overlap between generated re-
sponses and search results, as a measure of the
extent to which the search content is incorporated
into the response.
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Examples of Search Content Incorporation
bot: Why don’t you and your friends try taking a salsa lesson together? It’s a great opportunity to learn a new
style of dance and have fun together! Have you ever tried salsa dancing before?
user: Yes idid.
bot: That sounds like a great option! Have you considered checking out the cultural centers in the Upper East
Dialogue Context Side for a 15-session class taught by Latin dance and music experts?
user: We went to list Salsa Blue Mountain in Toronto.
bot: Absolutely! And it’s even better knowing that TD Salsa in Toronto and the TD Salsa on St. Clair Street
Festival are produced by a not-for-profit organization. Have you ever been to any of their events before?

user: Yes.
Search Query What is the TD Salsa on St. Clair Street Festival and what are the upcoming events?

The 19th annual TD Salsa on St. Clair Street Festival will completely transform midtown Toronto into the
Search Content ultimate fiesta with over 350 Canadian and International performers, a marketplace of fiery authentic eats and

treats, and the colorful La Fiesta Parade on JULY 8 & 9, 2023.

ChatGPT Response (ROUGE-L Score: 0.307)

You should definitely check out the TD Salsa on St. Clair Street Festival in Toronto on July 8 & 9, 2023, it’s an
event not to be missed! Have you ever been to a salsa festival before?

Responses Vicuna-13B Response (ROUGE-L Score: 0.227)

I hope you’ve had a chance to check out some of those salsa classes in the Upper East Side. What do you think?
Also, have you heard about this year’s TD Salsa on St. Clair Street Festival?

Table 4: Examples for hypothetical dialog situations showing search content being incorporated into
the final responses from ChatGPT and Vicuna-13B models.

3.4 Analysis of Progressive Responses

Our bot incorporates progressive response generation to be able to leverage web search while ensuring
a low user wait time. Here, to illustrate the direct contribution of progressive responses to our bot’s
performance, we delve into an analysis of the influence of progressive responses on ratings drawn
from the Alexa Prize SocialBot challenge. The below analysis is based on conversations over the
month of June.

Frequency of Progressive Responses: Firstly, we show how frequently progressive responses
occur in conversations with our social bot. Conversations are categorized into four groups based on
the count of progressive responses: 0, 1-2, 3-5, or more than 5. Figure 8 plots the distribution of
progressive responses in the conversations. We see that progressive responses are used in at least
72% of the conversations, with 15.7% having more than 5 progressive responses.

Frequency distribution of No of Progressive Responses o Fating
®0 @12 35 @>5 36
g §
© 34
o
[
g 33
[
3
Number of Progressive Responses
Figure 8: Distribution of no. of pro- Figure 9: Plot showing average rating based on number
gressive responses in a conversation. of progressive responses in the conversations.

Effect of Use of Progressive Responses on the Ratings: We analyze the impact of incorporating
progressive responses on the user ratings of our bot. Figure 9 plots the average ratings of the
conversations against the frequency of progressive responses in the conversation. We observe that
conversations with more progressive responses generally yield a higher average rating. To further
analyze this, Figure 10 shows the distribution of ratings for different frequencies of progressive
responses in the conversation.

It is evident that as the count of progressive responses increases, there is a decline in the percentage
of conversations receiving lower ratings (either 1 or 2). Significantly, conversations with more than
5 progressive responses see up to 55% of them rated between 4 and 5, in contrast to the 45% for
conversations without any progressive responses.
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Figure 10: Distribution of ratings based on number of progressive responses in the conversation.

Moreover, we evaluate the influence of progressive

responses by controlling for the number of turns in the a4

conversation. Conversations are categorized into groups %2 ‘
based on the number of turns: <5, 6-10, 11-14, 16-20, .

and >21. Figure 11 below shows the average ratings for '

these categories, differentiating between conversations ]

without any progressive responses and those with at least
one. Predictably, we see an uptrend in the average rating < 610 s 1620 >21

as the number of turns in the conversation increases. umber ofDlooTums

Mainly, we observe that conversations containing at least Figure 11: Figure demonstrating the ben-
one progressive response consistently achieve higher efit of using progressive responses for di-
ratings than those without any progressive responses. alogs with varying number of turns.

Average Rating
e

N
@

[l
o

Effect of Response Length on the Ratings: We observe Without progressive Responses Wih Progressive Respanses

2

that the dialog turns that use progressive responses to in-
corporate the search content, tend to have significantly
longer response length compared to those that don’t. In
this section, we study how such longer responses affect
the ratings. Firstly, we examine the impact of progressive
responses on the length of bot utterances. Figure 12 shows
the distribution of bot utterance length in characters: those 00s ©50im ©imio 1m0 520
using progressive responses (to the right) and those that
don’t (to the left). From the charts, we can see that in the
absence of progressive responses, the majority of utter-
ances fall within the 50-150 character span, with very few (11.9%) above 200 characters. On the
other hand, with progressive responses, over 40% of bot interactions surpass the 200-character mark.

Figure 12: Response length (in chars) for
with and without progressive responses.

Next, we plot the ratings against the average bot utterance length. Additionally, for dialogs that
include progressive responses, we plot the ratings for these against the average length of such
progressive responses in the conversation. Figure 13 shows these graphs. Firstly, we see an upward
trend in ratings as the bot’s responses lengthen. Notably, conversations with longer progressive
responses tend to receive higher ratings.

Other Analysis: We observed that Vicuna-13B was fa-
vored by the ranker in 77% of instances for follow-up
responses, compared to ChatGPT’s 23%. One reason
for this preference is that Vicuna-13B incorporates
the dialog context, thereby leading to more coherent
responses, whereas ChatGPT only receives the initial

response due to privacy considerations. Finally, in Fig- e ot oy e

ure 14, we display the average ratings of our bot from

late February to late June 2023. Notably, there was a  Figure 14: Weekly average rating in 2023.
significant decline in ratings during the first week of

March 2023, attributed to an unexpected bot malfunction. However, beyond this setback, the ratings
have been on a gradual upward trajectory, indicating that the enhancements we’ve made to the bot
over time have been largely effective.

Average Rating
o
4
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Figure 13: Graphs depicting the relationship between average ratings and overall bot utterance length
(on the left) and the average length of progressive responses (on the right).

3.5 Error Analysis

A prevalent issue in the current system is the bot’s tendency to reference past dialogues, even when
users shift topics. For instance, if a user transitions from discussing movies to food, the bot might
merge the topics and mention movies related to food rather than solely addressing food. This problem
arises from ingesting the entire chat history, occasionally leading to responses that are off-topic.
Another issue involves the bot preemptively anticipating a user’s reply within its own response. This
can muddy the user’s original intention and hinder engagement. The root of this error lies in the
prompt for the bot’s follow-up response.

Our thorough review of the conversation flow revealed other areas of concern. The bot struggles with
seamless topic transitions. Despite having an engagement tracker and a transition feature, abrupt
shifts in conversation still occur. Additionally, our Alexa ranker doesn’t always select the most
appropriate response, sometimes favoring subpar options over superior ones from other models.
Upon analyzing user-bot interactions, we found that many conversations were short-lived. Several
low-rated interactions were not genuine conversations but rather users attempting to bait the bot with
inappropriate language. Given our bot’s design to sidestep offensive topics, these provocations often
resulted in low ratings. To truly gauge our bot’s efficacy, it’s crucial to focus on authentic dialogues.

Notably, our system lacks a comprehensive multimodal architecture. Conversations aren’t enriched by
the device’s multimodal capabilities; instead, we simply rely on web-sourced images. Consequently,
user engagement on the multimodal aspect is restricted, reflected in lower ratings in that domain.
These insights underscore the need for continual refinements to ensure our bot aligns more closely
with user expectations and behavior. Our goal is to elevate conversation quality and enhance user
interactions.

3.6 Towards Automated Assessment of Conversations

Accurate evaluation of a chatbot’s performance is vital for both determining the potential value
of a chatbot and advancing research in the field. At present, evaluations mainly rely on human
judgment. Although this manual method is necessary and highly reliable, it is also time-consuming
and expensive, limiting the number of conversations that can be evaluated. Ideally, we should
automate the evaluation process by developing objective metrics and employing machine learning
techniques that learn from human annotations. An added advantage of automated evaluation is that it
allows chatbots to use the automated assessor as a source of reward for optimizing dialogue strategies,
such as employing reinforcement learning to maximize the estimated reward.

In exploring how to automatically assess conversations, we made progress in two directions. Firstly,
we proposed a novel information-theoretic measure to evaluate the conversation quality at a turn level
in multiple dimensions. The proposed measure has been shown to outperform multiple state of the
art measures and allows us to conduct a more comprehensive analysis of our chatbot’s performance.
Further, we could potentially enhance response selection by utilizing the new metric to estimate the
optimal response from a candidate. Secondly, we evaluated several representative state-of-the-art
Machine Learning (ML) algorithms for predicting human ratings of conversations through both
classification and regression tasks. In the following sections, we will discuss these two lines of work
in more detail.
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3.6.1 Conditional Pointwise Mutual Information based Turn-level Metric

The Alexa Prize feedback skill ratings offer valuable feedback at the conversation level, which can
be utilized to enhance chatbot performance. However, determining the effectiveness of specific
system components based solely on dialog-level ratings is challenging. Therefore, we investigate
the development of an effective measure for automatically assessing the quality of conversations at a
turn-level, enabling more precise analysis of individual elements and direct feedback for improvement.

Specifically, we developed a novel turn-level measure, called Conditional Pointwise Mutual In-
formation (C-PMI), improves upon existing evaluation metrics by directly capturing user-system
interactions, which was not addressed in prior work. Comprehensive experiments demonstrated that
our C-PMI-based turn-level metrics provide more accurate evaluations of dialog responses compared
to current state-of-the-art methods. We refer the reader to Ren et al. (2023) for more details.

Furthermore, our C-PMI metric is unreferenced and training-free, which makes it immediately
useful for improving our chatbot (e.g: optimizing response selection and analyzing effectiveness
of individual components at the turn-level). C-PMI values could also potentially serve as a reward
function for reinforcement learning applications, facilitating the optimization of dialogue strategies.

3.6.2 Prediction of Amazon Ratings

Since feedback ratings are only available for a subset of all conversations, we explored the possibility
of using machine learning algorithms to automatically predict the rating given a conversation. To
achieve this, we trained several machine learning models using data derived from conversations
between users and our chatbot between May 23 to June 19. For training these models, we extracted
44 features from each conversation, covering various aspects such as average conversation text length,
average bot and user response lengths, counts of questions from both parties, frequency of internet
search and also the type of responder chosen. Additionally, we examined the frequency of occurrence
for each type of dialog act intent and intent topic within the conversations.

We explored this problem using two different formulations. In the first approach, we defined the
problem as a binary classification task. Specifically, we categorized the ratings into two groups: 1 and
0. A rating of 1 was allocated if the initial rating exceeded 2.5, while a rating of 0 was assigned if the
initial rating was below 2.5. We evaluated the performance using classification accuracy, enabling us
to determine the degree to which a machine learning algorithm can differentiate between high-quality
and low-quality conversations. In the other formulation, we framed the problem as a regression task,
where we trained machine learning models to predict the user ratings, which ranged from 0 to 5. We
assessed the performance using both the R2 score and Root Mean Square Error (RMSE).

Table 5 presents a summary of the machine learning models used in our research, along with their
respective performance. The findings indicate that Gradient Boosting, Support Vector Machines, and
Linear Discriminant Analysis outperformed other algorithms for the binary classification task, achiev-
ing a classification accuracy of 0.64. However, XG-boost and Decision Tree exhibited overfitting, as
they performed exceptionally well on the training set but poorly on the test set.

For the regression task, Ridge Regression emerged as the best performer, with an R2 score of 0.049
and an RMSE of 1.48. Overfitting was observed again in the cases of XG-boost, Random Forest, and
Extra Tree. These initial findings demonstrate the potential of utilizing machine learning to automate
score prediction. Nevertheless, there is considerable scope for enhancing prediction accuracy. We
are currently exploring the errors in both problem formulations and examining various approaches
to improve the machine learning algorithms. Potential improvements include incorporating our
proposed C-PMI measure for constructing additional features and utilizing semi-supervised learning
to analyze unrated conversations.

4 Summary and Future Work

Our overall experimentation and research have led to steady improvement of our bot over time by
iteratively enhancing the bot in many different ways. The results of our experiments demonstrated
that the general strategy of progressive response generation based on real-time Internet search has
worked well, enabling CharmBana to conduct longer conversations. The search-based response
algorithms enable CharmBana to make interesting conversations about a new topic using up-to-date
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Classification Regression

ML model Train acc.  Test acc. ML model Train R2S. TestR2S. Test RMSE
XG-boost 0.986 0.589 XG Boost 0.861 -0.134 1.617
GradientBoosting C.  0.702 0.636 Lasso Regressor ~ 0.019 0.028 1.497
Support vector C. 0.637 0.637 Support vector R.  0.028 0.036 1.491
K-Neighbours C. 0.717 0.564 K-Neighbours R.  0.191 -0.190 1.657
Naive Bayes 0.457 0.460 Ridge Regressor  0.036 0.049 1.481
Decision Tree 0.997 0.549 Random forest R.  0.849 0.017 1.506
LDA 0.636 0.638 Extra Tree R. 0.992 -0.030 1.542
MLP R. 0.003 -0.064 1.567

Table 5: Results after training machine learning models to predict feedback ratings using conversation
data. The performance evaluation was carried out separately for classification and regression tasks.
The abbreviations used in the table are C:Classifier, R:Regressor, S:Score, ML:Machine Learning,
and acc.:Accuracy.

information obtained from the Internet. The progressive response principle has helped reduce the
waiting time of users and enabled us to explore some relatively complex algorithms.

Our research and development accomplishments so far have paved way for many exciting directions
for future research, some of which we are already working on. Specifically, we envision to further
explore the following directions:

1. Image-based follow-up questions: Ask follow-up questions that are relevant to the image being
shown. One way to do that is to incorporate a multimodal understanding model. But an easier
way to do it for now is to condition the question generation on the caption of the image.

2. Real-time suggested answers for follow-up questions: Some follow-up questions can be of the
type of needing to pick a candidate answer among a fixed/limited set of types (for e.g. boolean
questions - yes/no, what topic to talk about - movies/sports/food, which NBA team will win today
- list of finalists, ...). For such questions, we can show the answer options to the user in an MCQ
format so that they can choose an answer. While this is easily doable for pre-defined questions
(like the one on what topic to talk about) since you already know the candidate answers to those, it
is hard to do it on-the-fly for real-time follow-up questions since it involves: (a) identifying which
kind of types are MCQ type (for e.g. how/why kind of questions cannot be MCQ type) (b) doing
real-time QA against the internet to get the answers to MCQ type of questions.

3. More extensive framework for factuality check: A safe approach we have taken currently to
ensure the factuality of responses in a real-time basis is to drop those that mention novel entities
in the response. Novel entities are those entities which appear in the bot’s response but are not
mentioned anywhere in the dialog context. However, this can extended to handle false positives
and false negatives as follows: (a) For false negatives: On top of entity extraction to identify novel
entities, also need to do relation extraction to check whether bot is making up new (meaning
potentially hallucinated) relations between the entities mentioned in the context. (b) For false
positives: Incorporating a common-sense knowledge check to not consider entities that are part of
common sense knowledge as not novel entities (for instance, saying Oscars are the most reputed
award in Hollywood for a dialog about movies - Oscar and Hollywood are new entities but the
mentioned relation is common sense knowledge)

4. Incorporation of machine learning: Add more machine learning mechanisms into the chatbot,
enabling optimization of interaction with users in a more principled way and learn continuously
from user conversations over time. Specifically, our proposed C-PMI and rating prediction
algorithms can be used as a reward function to enable our bot to use reinforcement learning to
learn an optimal policy for choosing specific components in the system in an end-to-end fashion.

5. Improvement of automated assessment: Improve the current algorithms for automated assess-
ment of conversations and develop new multi-dimensional assessment algorithms to predict refined
ratings of conversations in specific dimensions such as coherence, interestingness, and empathy.
This would reduce human effort on rating the conversations and provide more informative reward
functions to be used in the reinforcement learning framework.
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6. Personalization and persona development: Develop detailed user modeling techniques to track
dialogue state and enable more engaging personalized conversations. We currently have used
various heuristics to enhance engagement; it is important to develop more principled approaches
to generation of interesting questions based on the estimated multidimensional user and dialogue
state representation so as to project a coherent persona of the chatbot.
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Examples of custom transitioners for topic switching

Oh, by the way, have you tried any interesting cuisine lately? What’s your favorite food?

You know what, I've been thinking about travel. Can you share a memorable travel experience of yours?

Random question, but if you could pick up any language instantly, what would it be and why?

Hey, I was just wondering. Is there a particular book that left a deep impression on you?

Just out of curiosity, what kind of music gets you grooving? Any particular artist or genre you're into?

Since we’re chatting, I’'m curious about your artistic preferences. Do you have a favorite artist or artwork?

Here’s a fun hypothetical. If you could have dinner with any historical figure, who would it be and why?

Random question, On the note of innovations, if you could invent something to make life easier, what would
it be?

Oh, by the way, Talking about different perspectives, have you ever watched a movie that made you view
things differently?

Just for fun, do you have a dream adventure or expedition you’d love to go on someday?

Oh, by the way, On the topic of personal growth, is there a new skill or hobby you’ve been wanting to learn?

Switching gears a bit, do you have a favorite sport or physical activity you enjoy doing to unwind?

Speaking of trends, is there a current fashion trend you’re really into or one you wish would come back?

Random thought, but do you have a favorite quote or piece of advice that’s stuck with you over the years?

Hey, just thought of this, but if you could teleport anywhere in the world right now, where would you go and
why?

You know, I’ve been wondering about your cooking adventures. What’s the most challenging dish you’ve
ever attempted to make?

By the way, what’s the most fascinating thing you’ve learned recently?

Just curious, if you could be a character from any film or TV show, who would you be and why?

On the topic of storytelling, do you have a favorite podcast or audiobook you’d recommend?

Out of the blue, but if you had a time machine, would you travel to the past or the future, and why?

Just a fun thought, but if you could have any superpower, what would it be and how would you use it?

Hey, on a different note, have you ever tried any exotic fruits or vegetables? What was that like?

Switching topics a bit, if you could spend a day in someone else’s shoes, whose would they be and why?

Random thought, but do you have a favorite piece of technology you couldn’t live without?

By the way, have you ever attended a concert or live event that you’ll always remember?

Just for fun, if you could be an animal for a day, which one would you be and why?

Changing gears a bit, do you have a favorite season or time of year? What makes it special for you?

Curious question, if you could make a cameo in any TV show or movie, which one would it be and why?

On a different note, have you ever had a chance to volunteer or do charity work? Can you share the
experience?

Randomly wondering, is there a specific childhood toy you still remember fondly?

By the way, have you ever tried any adrenaline-pumping activities like skydiving or bungee jumping?

Just out of curiosity, do you have a favorite board or video game that you could play for hours?
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