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The vast majority of conversational assistants and dialogue systems being researched
and deployed today are focused on information retrieval (IR) or task-based intent [10].
Dialogue systems designed for facilitating IR aim to understand what piece of information
the user is searching for, before accessing it and relaying it to the user [7]. Similarly, task-
based dialogue systems focus on understanding the user’s intent with respect to a discrete
action to be taken on their behalf. In contrast, relatively few resources have been invested
in developing conversational assistants which help users reason to conclusions and identify
appropriate actions themselves, instead of merely delegating the decision-making process,
missing rich opportunities for promoting user agency.

However, this user-centered approach has been intimately adopted by a different
research field, namely intelligent tutoring systems (ITS) [8, 15]. Developments in ITS
aim to create systems which help actively cultivate both theoretical and practical skills in
students through adaptive exercises and timely feedback. The goal of those systems is
not merely to outsource the problem-solving skills of their users, but instead to nurture
those very skills in their users. Adapting the difficulty of exercises to the current user skill
level and providing hints at strategic points in the curriculum are only a handful of the
techniques which appear to promote the effectiveness of ITS [17].

Unfortunately, developing an ITS requires both a solid understanding of the target
domain and comprehensive knowledge about domain-specific obstacles which students
might face. This is reflected in the niched nature of the ITS literature, consisting largely
in analyses of the effectiveness and design choices of highly specialized systems [8].
In contrast, dialogue systems often strive for generality, being able to conversationally
interface users to large bodies of factual knowledge and vast sets of actions to be taken
on their behalf [10, 18, 14, 7, 11]. To overcome the difficulty in implementing domain-
agnostic ITS, insights from sample-efficient dialogue system development might be
leveraged.

One way in which dialogue systems overcome the low availability of user data across
various domains is by using user simulators [12, 11, 7]. Essentially, the conversational as-
sistants are trained and evaluated against simulators which exhibit procedurally-generated
intents [10]. This can be seen as a specific instance of the more general sim2real paradigm
from Reinforcement Learning (RL), where agents are trained in a virtual environment
due to low interaction costs, before transferring their abilities to real-world environments
[9]. While most sim2real developments are seen in interaction with 3D environments
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mimicking real-world physics, there has been limited interest in using dialogue as a
conversational and textual environment to be navigated.

Moreover, despite the user simulators being trained on limited data to learn how
to mimic user behavior in new situations, the training data is often limited to previous
dialogue datasets [16]. This fails to take advantage of the rich world models internalized as
latent representations by models trained to autoregressively predict text in a general setting,
unbound by conversational contraints [3]. Language models trained on large corpora are
likely to have encoded comprehensive knowledge about the world as an instrumental goal
in reducing perplexity in text generation. This makes them prime candidates for being
employed as plug-and-play world simulators in a broader sense, while still qualifying as
user simulators. The language model essentially becomes the RL agent’s environment,
changing its state as the result of the agent’s actions, and supplying the agent with rewards
accordingly.

In this paper, we investigate the reliability of using pretrained language models as
user simulators in developing conversational tutoring systems. We address this by using
Q-learning to train a tutor agent which is rewarded for helping the user simulator reach
seemingly pertinent and diverse answers to an overarching question selected to guide
the specific dialogue episode (e.g. "What are the most important books ever written?"),
in what we refer to as the Question Answering Assistance (QAA) task. Both state and
action spaces are discretized for simplicity, where states are quantized regions of the latent
space populated by user simulator replies, and actions are selected from a finite set of
approximately 200 intervention prompts (e.g. "How could you approach this differently?").
Following 20,000 10-turn dialogues with the user simulator, the trained tutor agent is then
tested for significance against an untrained tutor agent at helping human users answer
sampled questions, to examine transfer performance.

Whenever the tutor agent performs an action (i.e. replies using an intervention
prompt), the sandbox environment which coordinates the training procedure appends the
reply to a growing dialogue data structure. The environment’s dynamics are based on
prompting the user simulator to generate a user reply to the tutor agent’s intervention. The
simulated user reply is similarly appended to the data structure representing the present
dialogue. Besides observing a new environment state, the tutor agent also receives a
numerical reward following each of its interventions, based on estimated question-answer
relatedness and semantic similarity to previous replies. The agent is based on Q-learning,
with the discrete state space entirely described by the cluster index to which the user reply
is assigned to, and the action space consisting of the set of tutor interventions.

Following an extensive training process consisting of a tutor agent interacting with
the user simulator for 20,000 10-turn dialogues, the tutor agent has then been evaluated in
terms of performance in transfer to a human user by means of comparing it to an untrained
(i.e. random) tutor agent. Both the trained and untrained tutor agents guided five 5-turn
dialogues with a human user instead of the user simulator, while the reward has been
tracked in the same way as during training, except for the human user replacing the user
simulator’s role in conversation. While the trained agent obtained a higher mean reward
than the untrained agent during the human trials, an unpaired one-sided t-test revealed
the difference not to be significant (p = 0.08, t = 1.53). Moreover, the moving average of
the reward history recorded during training exhibited limited signs of reaching a plateau,
continuing its increase even towards the end of the training procedure (see Fig. 1).
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Figure 1. Smoothed reward history recorded during the tutor agent’s training.
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