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Fig 2. The Reinforcement Learning Setup

•Jargon – Use technical terms as referring expressions
“Connect one end of the broadband cable to the broadband filter.”

•Descriptive – Use descriptive referring expressions
“Connect one end of the thin cable with grey ends to the small white box.”

•Tutor – Use both to teach technical terms
“Connect one end of the broadband cable to the broadband filter. The broadband 

cable is the thin cable with grey ends. The broadband filter is the small white box.”

Fig 1. Adaptive dialogue system

Adaptive generation of referring expressions (GRE)  in dialogue systems 
benefits grounding between dialogue partners (Issacs & Clark 1987). For 
instance, in a technical support task, the dialogue agent could use technical 
jargon with experts, descriptive expressions with beginners, and a mixture of 
the two with intermediate users. Similarly, in a city navigation task, the 
dialogue agent could use proper names for landmarks with locals but 
descriptive expressions with foreign tourists. Although adapting to users 
seems beneficial, adapting to an unknown user is tricky and hand coding 
such adaptive GRE policies is cumbersome work. (Lemon, 2008) first 
presented the case for treating NLG as a reinforcement learning problem. In 
this paper, we extend the framework to automatically learn an adaptive GRE 
(NLG) policy for spoken dialogue systems (fig 1).
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Reinforcement Learning
A basic Reinforcement Learning (RL) setup consists of a learning agent, 
its environment, and a reward model (Sutton and Barto, 1998). The 
learning agent explores by taking different possible actions in different 
states and exploits the actions for which the long term environmental 
rewards are high. RL has been successfully used for learning dialogue 
management policies (Levin et al., 1997). In our model, the learning agent 
is the NLG module of the dialogue system, whose objective is to learn a 
GRE policy. The environment consists of a user simulation which interacts 
with the dialogue system (fig 2).

NLG module
The task of the NLG module is to translate the dialogue act into a system 
utterance. It identifies the referring expressions (REs) to use in the utterance 
to refer to the domain objects. It chooses from three kinds of expressions.

Dialogue Manager
The dialogue manager is the central component of the dialogue system. 
Given the dialogue state, it identifies the next dialogue act to give to the user. 
The dialogue management policy is modelled on a simple hand-coded finite 
state automaton. 

• Gives next instruction based on simple finite state dialogue script
• Gives clarification when requested.

Step 1.  P(CRu,t | RECs,t, DKu, H)�

Step 2.  P(Au,t | As,t , CRu,t)�

User Simulation
The User simulation is responsive to system’s RE choices. It simulates users 
with different levels of expertise (DKu) for each dialogue session. First, it 
checks whether the user knows all the referring expressions (RECs,t) based 
on the domain knowledge of the user and the dialogue history (H). Second, it 
selects the appropriate user dialogue act (Au,t) based on the system action 
(As,t) and clarification requests from the previous step (CRu,t).

The NLG module chooses the expressions based on the dynamic user model 
(UMs,u) in the dialogue state (Ss) using the GRE policy. The probability that 
the user knows the technical terms of the domain is updated in the User 
Model during the course of the dialogue. Ideally, the NLG module must be 
adaptive and choose the right expressions based on the user’s estimated 
expertise in the domain. 

The NLG module explores by choosing different REs in different states for 
the utterances during learning. The user simulation rewards the system 
when the system chooses the appropriate REs. The NLG module 
reinforces the choices that obtain more long-term reward from the user 
and avoid the choices that obtain less reward. Rewards are based on 
dialogue features like length, number of CRs, etc. User simulation 
probabilities and the reward function can be set using data collected from 
Wizard-of-Oz studies (Janarthanam and Lemon, 2009b) with real users. 

Evaluation
The learned GRE policies are tested using both simulated and real users. 
(Janarthanam and Lemon, 2009a) show that using manually estimated  
probabilities, adaptive GRE policies can be learned using this RL setup. 
Such policies have also been shown to be better than baseline hand-
coded policies (see table 1). 

Conclusion
A framework for learning referring expression generation (GRE) policies in 
spoken dialogue systems using reinforcement learning has been 
presented. Essential features of various modules like the dialogue 
manager, NLG component, user model, and user simulation have been 
discussed. Although the framework has been presented in the  technical 
support domain, the method is more widely applicable.

Policies can be compared based on metrics like dialogue reward, length, 
etc. Real users can also be asked to subjectively compare the 
performance of  policies.
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Table 1. Average rewards and dialogue length for different policies


