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attend to the customers via the textual chat channel. A single human
operator may attend to several customers simultaneously.
While this approach has its advantages, it also raises some challenges for the human operator to deal with. As the number of tasks
that the operators have to perform simultaneously grows, so may
their stress. Operators also need to prioritize the tasks, keep track of
each individual’s information while assisting different clients, and
provide help without making any client wait too long. We propose
to mitigate these challenges by assisting the human operator in
creating an advising agent [8]. This kind of agent works alongside
the operator during the chat session, and suggests on-line advice to
help the operator deal with a given situation. However, building an
advising agent and training it to the specific service domain can be
a long and expensive process that requires both domain expertise
and system engineering knowledge.
In this work we present a design for an automated agent that
assists the operator during textual chat interactions with customers
in real-time, by providing the operator with advice about possible
actions and relevant information. Our design combines standard ML
methods with domain-expert annotations, and tries to predict the
actions and suggestions of the expert. The novelty of our method is
twofold: First, the assistance of the agent is not focused on providing
answers to customers’ questions (as in former works, e.g [2, 3]), but
rather in guiding the operators as to what questions they should
ask in order to get the required information to provide service.
Second, the process of training the agent to a new domain is short
and does not require many resources or domain knowledge from
outer sources. Finally, we field-test our design on a specific domain
and present our findings.

ABSTRACT
Call centers, in which human operators attend clients using textual
chat, are very common in modern e-commerce. Training enough
skilled operators who are able to provide good service is a challenge.
We propose a methodology for the development of an assisting
agent that provides online advice to operators while they attend
clients. The agent is easy-to-build and can be introduced to new
domains without major effort in design, training and organizing
structured knowledge of the professional discipline. We demonstrate the applicability of the system in an experiment that realizes
its full life-cycle on a specific domain, and analyze its capabilities.

KEYWORDS
Human study; advising agent; human-agent interaction; call center
ACM Reference Format:
Aviram Aviv[1], Yaniv Oshrat[1], Samuel Assefa, Toby Mustapha, Daniel
Borrajo, Manuela Veloso, and Sarit Kraus. 2022. Advising Agent for ServiceProviding Live-Chat Operators: Extended Abstract. In Proc. of the 21st International Conference on Autonomous Agents and Multiagent Systems (AAMAS
2022), Online, May 9–13, 2022, IFAAMAS, 3 pages.

1

INTRODUCTION

In modern e-commerce, many business services are provided via the
Internet. For example, banks are increasingly closing their physical
branches and moving services, formerly provided only face-to-face,
to the internet [7]. There are many actions that customers can
perform by themselves, without human intervention, either by a
self-service application or by maintaining a textual chat with a
conversational chatbot. However, when customers want to perform
actions that do not yet have an online solution, or when they fail to
do it by themselves, they still need to approach the bank’s customer
service and seek human help. In these cases, human operators
* Equal

2 THE PROPOSED MODEL
2.1 Agent’s Life-Cycle
The process of building an advising-agent for a new domain is
performed in three phases, as follows:
(1) The Apprentice Phase (Phase 1) – experienced human
operators serve human customers regarding the new domain
of service. The operators tag the information they find important in the chat conversation: They may do it in real-time,
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as the chat goes on, or afterwards. The collected data is fed
to the learning process. This phase exists only for the sake
of collecting information for the next phases, and does not
include any agent assistance.
(2) The Novice-Advisor Phase (Phase 2) – this phase contains
both data collection and service to clients: the agent works
alongside a non-experienced human operator who attends
clients, and it simultaneously advises and learns. For advising
the human operator, the agent uses the tagging from the chat
conversation to predict messages that the operator should
send or actions it should perform, and offers them to the
operator. The operators may use this advice or not, as suits
them. In addition, the data collected in this phase may be fed
into the agent’s machine learning model in order to improve
its tagging and advising capabilities.
(3) The Expert-Advisor Phase (Phase 3) – The agent works
alongside a non-experienced human operator and provides
advice based on former tags and a learned model. The agent
is not engaged in further learning, since its capabilities have
already reached an adequate level. This phase is the final
and steady state of the agent in the current domain.

2.2

Figure 1: NASA-TLX questionnaires’ data (lower is better).
chose this metric because there can be a large variation based on
the operator’s preferences, even with a small amount of data.

3

EXPERIMENT

We performed a user experiment with human subject to test our
model. We chose the domain of students loans in the US, and implemented a "WhatsApp-like" chat interface as a textual channel. The
experiment articulates Phases 1 and 2 in the aforementioned model:
In the first part of the experiment, testing Phase 1, four subjects
played the role of a human operator in 76 sessions, and the collected
data was used to train the virtual agent. In the second part, testing
Phase 2, 29 subjects played the role of the operator, each of them
playing two sessions: One with an assisting agents and one without
it. At the end of each session, we asked the participants who played
the operators to fill out a NASA-TLX questionnaire [5]. These opinions were analyzed in order to evaluate the performance of the
agent and its contribution to the performance of the operators.
We measured the performance of the operators in two methods:
The subjective grades the participants filled out in the NASA-TLX
questionnaires, and the objective time performance of the service
they provided. The questionnaires analysis showed that in the total
TLX and in the temporal TLX, the operators that were assisted by
a virtual agent experienced less workload than those who were not
assisted. In all the time performance measures the service of the
assisted operators was 2.5% to 31% shorter than the non-assisted.

The Learning Process

In order to provide advice, the agent relies on a predictive model
learned from observations of the domain: Operators conduct chat
sessions with clients and attend to their needs. During the chat
sessions, the operators tag the vital information items they used to
reach the satisfactory outcomes. An information item may include
a single word or a phrase, and it depends on the specific domain in
which the service is provided. All the tagging is done during the
chat conversation or after it; there is no tagging in advance.
Each session’s tag-list is turned into an information vector.
Each time a new tag is added, the vector’s current version is saved
to be used later in the learning process as an information vector.
For the learning algorithm, we wanted to find an algorithm with
the ability to work efficiently on several domains and handle messy
and conflicting data. The first model that came to mind was Random
Forest [1], a model that works well but cannot fully utilize the vast
amount of data usually available in such domains. To deal with
this problem, we thought of using neural networks. That idea was
relatively successful, but an architecture that works on one domain
might fail to learn on another. With all that in mind, we decided
to combine them as an ensemble method of neural networks [4]
where each network takes the information known about a customer
at a certain time and outputs the recommended set of advice for the
situation. Each network in the ensemble was trained on a subset of
the data and had a random number of layers of an arbitrary length.
The final set of advice was chosen using a majority voting variation. We also tested this method against other variations of Random
Forest (LGBM [6] and regular Random Forest) and other crowd related algorithms (SVM and KNN). This method outperformed the
others in an 80:20 cross-validation where the target label needed
to be in the top 2 recommendations (the ensemble reached 87%
accuracy, regular and gradient boosted Random Forests with 84%,
KNN with 83%, neural network with 77% and SVM with 70%). We

4

CONCLUSIONS

We suggested a three-phase process to build and to train an assisting
agent for textual service to clients. The experiment we performed
to test this process showed that it is possible to train this model
using on-going service sessions of real human operators, without
any preliminary domain information, and the agent built using this
process can improve the performance of human operators.
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