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Natural Language Generation (NLG) in dialogue is
often characterised as choosing “how” to say some- o
thing once “what to say” has been determined. In
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Abstract

This paper presents a hew model for adap-
tive Natural Language Generation (NLG)
in dialogue, showing how NLG problems
can be approached as statistical planning
problems using Reinforcement Learning.
This approach brings a number of theo-
retical and practical benefits such as fine-
grained adaptation, generalization, and au-
tomatic (global) optimization. We present
the model and related work in statisti-
cal/trainable NLG, discuss its applications,
and provide a demonstration of the ap-
proach, showing policy learning for adaptive
information presentation decisions (Con-
trast, Cluster, or List items). An adap-
tive NLG policy learned in our framework
shows a statistically significant 27% relative
increase in reward over an “RL-majority”
baseline policy for the same task. We
thereby also show that that such NLG prob-
lems should be approached in combination
with dialogue management decisions, and
we show how to jointly optimize NLG and
dialogue management plans.

Introduction

to choice of intonation markers. In computational
dialogue systems, “what to say” is usually deter-
mined by a dialogue manager (DM) component, via
planning, hand-coded rules, finite state machines, or
learned policies, and “how to say it” is then very of-
ten defined by simple templates or hand-coded rules
which define appropriate word strings to be sent to a
speech synthesizer or screen.

Previous statistical approaches to NLG are re-
viewed in section 2, but none of them have ex-
plored NLG as statisticgblanning Some aspects
of NLG have been treated as planning (Koller and
Stone, 2007; Stone et al., 2003), but not statistically.
Prior dialogue-related work in statistical planning
(e.g. Reinforcement Learning) has dealt only with
policies for planning dialogue acts in an information
gathering phase, and has not been applied to NLG
decisions themselves (though see Rieser and Lemon
(2008) for work in multimodal generation).

Learning approaches have several key potential
advantages over template-based and rule-based ap-
proaches to NLG (we discuss “trainable” NLG in
section 2.1) in dialogue systems:

e ability to adapt to fine-grained changes in dia-
logue context

e data-driven development cycle, with reduced
development costs for industry.

provably optimal action policies with a precise
mathematical model for action selection

principle, NLG in dialogue thus comprises a wide

variety of decisions, ranging over content structur-

o ability to generalize to unseen dialogue states

ing, choice of referring expressions, use of ellip- We aim to illustrate these advantages in the
sis, aggregation, and choice of syntactic structurelemonstration system described in this paper.



2 Prior work in general promise a more practical, effective, and

There are 3 main approaches to generating Sytﬁlr]eoretlcally well-founded approach to adaptivity in

o é_G, because they are not limited by human design
tem utterances in dialogue systems: template-base o i
capacities, and can be trained from data. Conven-

NLG, cgnvel_ntlonal NLS as de\(/jelgptled Iznoé)ré)e textt'onal NLG approaches can also be too slow for real-

?neorira:gggntlltere:tu.re (Reiter an ‘oale, 22 ), an Ime dialogue applications (Stent et al., 2004). There

y, trainable generation (Barzilay an as therefore been recent interest in statistical meth-

Lapata, 2005; Duboue and McKeown, 2003; StenodS in the area of “trainable” NLG

etal., 2004; Walker et al., 2001; Walker et al., 2007). '
Template-basedeneration is typically used inin- 2.1  Trainable NLG

dustrial dialogue systems, and even in most statq_

rainable NLGis a more recent approach, where au-

of-the-art research systems. However, this approa(EQmatiC techniques are used to train NLG modules,

requires that new templates be created by hand far o .
o S or to adapt them to specific domains and/or types
each application, and severely limits that system

S
ability to adapt to dialogue context or user prefer-

of user. However, this work has focussed on local
- . .~ optimization through supervised learning, and has
ences, due to the practical constraints of having tgQ o . .

not explored global decision-theoretic planning ap-

write different templates for each possible combina- . .
. proaches such as Reinforcement Learning.
tion of feature values.

) . o Early work here focused on supervised learning of
Conventional NLGypically follows a pipeline ar-
how to produce surface forms from sentence plans,

chitecture consisting of three main modules (Reiter . . . . . .
d Dale, 2000): using overgeneration and ranking, using either bi-
an ' gram language models (Oh and Rudnicky, 2002),
e (i) a text planner which performs content selecOr ranking rules learned from a corpus of manu-
tion and discourse structuring, ally ranked training examples (Walker et al., 2001).
More recent work has extended this approach to
¢ (ii) a sentence planner which selects attribUte§entence-pIanning (Stent et al., 2004).
for referring expressions, aggregates content |n this work, given a content plan (the propo-
into sentence-size units, and selects lexicaitions to express and discourse relations among
items, and them), a generator first produces a set of text-plan
e (iii) a surface realizer which converts sentencérees’ consisting of_speech_ acts to be communi-
plans into natural language. cated, and the rhetorical relat_lons between them. For
each of these, a set of candidate sentence plans are
This approach has been successfully applied igenerated by a heuristically ordered set of clause-
systems that tailor their presentations to the usersombining operations. The sentence plan ranker is
preferences (Carenini and Moore, 2006; Demberthen trained by using the RankBoost algorithm to
and Moore, 2006; Moore et al., 2004; Walker et al.learn a set of ranking rules from a manually labelled
2004) and to the dialogue context (Isard et al., 2003%et of examples.
but these systems generally use rules that are specif-For content selection, recent research has shown
ically hand-crafted for a particular domain. A ma-that given a corpus of texts and the database of facts
jor problem with these standard NLG approaches isr events it describes, content selection rules can
that hand-coded rules, manually-set thresholds, am@ learned (Barzilay and Lapata, 2005; Duboue and
templates all severely limit the adaptivity that carMcKeown, 2003). In this work, content selection
be achieved in NLG, both in the amount of adaptivhas been treated as a binary classification task. Here,
ity possible and the ability to adapt to fine-grainedsemantic units in the database are first aligned with
changes in the dialogue context, user behaviour, sentences in the corpus, and then classification is
environment (e.g. noise levels). The standard apsed to learn whether or not a semantic unit should
proaches are limited by the expertise of the systeie included in the text.
designer, and the adaptivity that they can encode However, as explained above, these types of su-
in their rules or templates. Statistical approachegervised learning used for NLG do not model the



required optimization and planning of sequences dion of a task. In the most challenging cases, actions

actions-in-context which we propose to capture witlmay affect not only immediate reward, but also the

RL techniques. An interesting issue for future worknext situation and, via that, all subsequent rewards.

is how these types of classifier-based learning can bein general, then, we are trying to find an action

integrated with the MDP approach propsosed herepolicy = which maximises the valu€™(s,a) of
choosing actioru in states, which is given by the

3 The model: NLG as statistical planning  Bellman equation:

This paper treats NLG as a statistical planning and
optimization problem using decision theory in the
framework of Markov Decision Processes (MDPs),
similar to (Rieser and Lemon, 2008). The main ad-

vance here is to treat a.SpeCtS of NLG within the (Here we denote the expected immediate reward
same MDP-based planning and |eal’ning frameWOI’I@y Rss,, ~ iS a discount factor between 0 and l’

as have been successfully applied in speech recogii= () is the value of state’ according tor, see
tion and dialogue management, for example (Levigsutton and Barto, 1998)).

and Pieraccini, 1997; Walker et al., 1998; Singh et |t the transition probabilities are known, an ana-

Q7(s,a) = ) Tow[Rew +V7(s)] (1)

)

al., 2002; Young, 2000). lytic solution can be computed by dynamic program-
We now propose to model the NLG problem as gning. Otherwise the system has to learn the opti-
Markov Decision Process (MDP). Here a stochastigg| strategy by a trial-and-error process, for exam-
system interacting with its environment (in our caseple using Reinforcement Learning methods (Sutton
the user of the dialogue system) through its actiongnd Barto, 1998) as we do in this paper. Trial-and-
is described by a number of statgs;} in which a  error search and delayed rewards are the two main
given number of actionga; } can be performed. In features of Reinforcement Learning.
a dialogue system, the states represent the possiblg, prior work on dialogue strategy learning, only
dialogue contexts (e.g. how much information Wgjiajogue acts (e.g. greet, ask slot, explicit confirm)
have so far obtained from the user) and the actiong,gsen by the system have been optimized. Here we
are now system dialogue and NLG actions. go beneath the level of dialogue acts to plan NLG ac-
Each state-action pair is associated with a transjons such as content structuring. Several key ques-
tion probability 7, : the probability of moving from  tjons thus arise — how to represent different NLG
states at timet to states’ at timet + 1 after having  actions for planning, what context features and state
performed actioru when in states. This transition yepresentations are important in the MDP, and what
is also associated with a reinforcement signal (or rgaward signals can be used to optimize NLG?

ward) ;1 describing how good the result of action \ye now present a fully worked example to show
a was when performed in state In dialogue these e model in use.

reward signals are most often associated with task
completion and dialogue length, but we will also asy Learning for Adaptive Information
sociate them with NLG decisions. Presentation

To control a system described in this way, one
then needs a strategy or polieymapping all states One of the classic problems in NLG is how to
to actions:w(s) = P(a|s) In this framework, a Re- present one or more items to a user, for example by
inforcement Learning agent is a system aiming atimply listing them, contrasting them in respect of
optimally mapping states to actions, i.e. finding thsome attributes, or clustering similar items together
best strategy so as to maximize an overall rewfard (e.g. (Moore et al., 2004; Walker et al., 2007)). For
which is a function (most often a weighted sum) oexample the system may present items like so:
all the immediate rewards. In dialogue (and many
other problems) the reward for an action is often not e LIST: “There are four hotels meeting your cri-
immediate, but iglelayeduntil successful comple- teria. The first is the Royal, the second is”



e CONTRAST: “The Oak is an expensive centralin the MDP, and a second level skill (Presentinfo)
hotel. The Royal is cheap but is not centralwhich is reponsible for the NLG choices. Con-
8 ductDialogue governs the standard dialogue man-
_ agement options, and decomposes into the 4 possi-
o CLUSTER: “There are 7 expensive hotels ang)e action choices (or “Means”) AskASlot, Implic-
11 cheap ones, .". itConfirm_and AskASIot, ExplicitConfirm, and Pre-
We will model these decisions in an MDP, anOlsentlnfo. This allows the system to choose between

solve it using trial-and-error exploration, using Re-these 4 types of dialogue act at any time. More

inforcement Learning methods. First, we model th

states of the system.

4.1 State space

In this example we will have 3 search con
straint slots that the user can fill (for instanc

food type, location, price range for
a restaurant search application, @rti st,

al bum genr e for music browsing). These slots

€

énterestingly, for the NLG component of the sys-

tem we have implemented possible 3 action choices
(or “Means”) for information presentation under

Presentinfo: Contrastltems, Listitems, and Clus-
terltems. Listltems is just the standard list content

structuring operator, while Contrastitems and Clus-

terltems are actions which structure the items pre-

sented to the users by contrasting them and cluster-
ing them respectively, as shown above.

can be either filled or confirmed. Confirmed slotyy 3 Reward function

have 100% chance of being correct, and filled slot
only 80% chance, thereby modeling noise in th
speech recognition environment (see also Lem
and Liu (2007), Rieser and Lemon (2008)). In a
dition we will model the number of “hits” or search
results returned by the system after every user turn

this will be a number from 0 to 100.

4.2 Action set

See figure 1 for the hierarchical structure of the a
tions available to the system, representing the co
bined dialogue management (DM) and NLG task at%

an inter-related planning problem.

¢ [ ConduciDialogue [ ]
D Features
¢ ] Means
D SkillRef [ AskASlot][ ]
D SkillRef [ ImplConfAskASIot][ ]
D SkillRef [ ExplicitConf][ ]
D SkillRef [ Presentinfo ][ ]
¢ [ Presentinfa [ ]
D Features
¢ ] Means
D SkillRef [ Contrastiterns ][ usr=u,dframe=d, grounded_g
D SkillRef [ Listltems ][ usr=u,dframe=d grounded_slot1=

Figure 1: A Hierarchical Plan for NLG and DM

D SkillRef [ Clusteritems ][ usr=u,dframe=d,grounded_sl{

Rlow that we have our states and actions, we need

c?o define a Reward signal (or “Objective function”)

fg)r the learning system. This directs the learner in
terms of its overall goals (e.g. short dialogues where
users rate information presentation highly), while it
is up to the learner to find an action policy which
meets these goals. What makes the learning prob-
lem interesting is that these goals contain conflict-
ing “trade-offs” that the system must learn to bal-
For exam-
le, the goal to have short dialogues conflicts with
e goal to get reliable (i.e. confirmed) search con-
straints from the user and to present small humbers
of items. The learning problem here is then for the
system to decide at each turn whether to ask for more
information/constraints, confirm (explicitly or im-
plicitly) the exisiting information/constraints, or to
List, Contrast, or Cluster the current items returned
from the DB. Note that the system can decide to im-
mediately present information in some way to the
user even if not all slots are filled or confirmed. This
leaves open the option for the system to exploit a
“good” information presentation situation (such as
having only 2 database items to tell the user about
via a Contrast) even if the DM situation (e.g. hav-
ing only 2 filled slots) is not in itself very rewarding.

In this way the NLG and DM decisions are jointly

C-

ance, based on the state that it is in.

m-

Here we see a top-level “skill” (ConductDia- optimised in this setup.
logue) responsible for dialogue management choices For training a system to be deployed with real



users, this reward/objective function would be desimulation that responds appropriately to system ac-
veloped based on a PARADISE-style (Walker et altions. Here the environment is not only the user,
2000) analysis of a small amount of Wizard-of-Ozbut also the database from which items are retrieved
data (Walker et al., 1998; Rieser and Lemon, 2008jor presentation to the user. For policy exploration
Here, to prove the concept of statistical planning fowe use a simple bigram stochastic user simulation
NLG, we simply show that the learner can jointlywith probabilities estimated from COMMUNICA-
optimize the NLG and dialogue management decitfOR data, similar to (Georgila et al., 2006). At each
sions based on a complex reward signal. Nothingystem turn, a number of database hits is randomly
depends on the particular values chosen here — thdgtermined as a function of the number of filled
are for illustration only and can be estimated fronsearch constraint slots, as described above. Note
suitable data. that this user simulation does not need to respond
The overall reward for each dialogue conductedlirectly to the NLG decisions of the system, since
by the system has 3 componentsompletion re- the dialogue closes as soon as the system decides
ward, turn penaltyandpresentation reward/penalty to present information (in whatever manner) to the
Turn penalty is simply -1 per system turn. The comuser. A central open question for this type of MDP
pletion reward is the % probability that the itemsmodel of NLG is how to develop “good” user simu-
presented to the user correctly meet their actuddtions that are sensitive to system NLG choices (Ja-
search constraints, and is therefore a function afarthanam and Lemon, 2008).
the number of filled or confirmed slots. For exam- o _ _
ple, if all 3 slots are confirmed, then (in this noise*-> The “RL-majority” Baseline policy
model) we have 100% chance of having the seardh contrast to other work on policy learning, which
constraints correct. The number of filled/confirmednly uses hand-coded systems for comparison, we
slots stochastically determines the number of itemshoose a more challenging baseline. This is because
that the system can present to the user if it decides bmnd-coded policies have been shown to be inferior
enter the presentation phase. For example if 3 slots learned policies in numerous studies, e.g. (Levin
are filled, then 0-10 items will be presented to thend Pieraccini, 1997; Singh et al., 2002; Lemon and
user, if 2 slots are filled 0-20 items are retrieved, if 1Liu, 2007; Walker et al., 1998), and also, because
slot, 0-100 items. Again, in a real application, theseur task here is a combination of dialogue manage-
distributions would be estimated from data. ment and NLG, we do not want the NLG results to
The presentation reward (PR) for each informabe contaminated by an inferior hand-coded dialogue
tion presentation action is defined as follows,fet management policy. We therefore choose to com-
number of items to be presented: pare against a baseline policy learned for the same
problem domain, but where the learner usesahe
eragemost rewarding action for the NLG compo-
nent (in this case, Cluster items). We call this the
e Contrastltemsi < 1: PR = —100;2 < i < “RL-majority” baseline, because it is the RL ana-
6: PR=2300;7<i:PR=-100 logue of a majority class baseline. This baseline pol-
) icy does not have access to the “DB hits” feature for
* Qlusterltems:o < § b: PR =—-100;5 < yecisions under Presentinfo (it does have this fea-
1<8:PR=0;9<i:PR=300 ture for the top level decisions though), so it learns
This range of rewards/penalties, together with thosée average best NLG action rather than attempting
for filled and confirmed slots and dialogue lengtHo learn the best NLG action for each possible num-
provides a complex environment within which theber of DB hits.
learner must explore different trade-offs.

e Listltems:0 <:<3: PR=100;4 <i<8:
PR=0;9<i: PR=-100

4.6 Training the policies

4.4 Environment and User simulation We use a hierarchical SARSA Reinforcement Learn-
For training a policy given this definition of states,ing algorithm (Sutton and Barto, 1998) with linear
actions, and rewards, we also need an environmefutnction approximation to train the policies. Figure
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Figure 2: Training the adaptive NLG policy (red line = avesatjalogue reward)

2 shows learning for the adaptive NLG problem

Here we see that after 1250 training dialogues the
system has learned to find a high average reward for
the combined NLG and DM problem. At the start_
of training the system explores bad actions in SOM s — = ——-—
states, for example the minimum reward gained i
early training is -153, obtained by contrasting morg¢ \A/\—/\
than 7 items (-100) when only 1 slot is filled (-50)
after 3 system turns (-3). However, by the end @
this training run, the system is able to consistentl
obtain the best possible rewards given the dialogy
situation, for example gaining a top reward of 39¢*7,
for either Contrast or Cluster of appropriate number’ ——~  cwmmmonmmman |
of items (+300), when all slots are confirmed (+100, T T
in system 4 turns (-4). Where no +300 presentatio N\h/
reward is possible (i.e.= 1,7, or8) the system has | .- .. oo i e
learned to Cluster or List (when i=1) the items afte| :
filling and confirming all slots. A similar graph can| £_
be shown for training the Baseline policy.
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4.7 Testing

We trained both policies multiple times until conver- s o
gence (approx. 10K cycles), selected the best poli
in each case, and tested them (with stochastic si
ulated users) for 550 test dialogues each. Table

C
r;h/@’tble 1: Testing the Baseline (top, av. =224.5) and
A}daptive (bottom, av. =286.9) NLG policies

!In the training/testing graphs red lines show average rewar
over windows of 50 dialogues, and for each dialogue blue dots
show total reward (including NLG reward), black dots show
length penalty, and green show completion reward per dislog



| Policy | Av. Reward Av. length| crease in reward of 27.8% for the adaptive NLG sys-
Baseline Learned 2245 4.0 tem. When given a reward signal that provides feed-
Adaptive NLG Learned| 286.9* 4.98 back on content structuring choices (List, Contrast,
Cluster) the system learns to avoid bad decisions
Table 2: Results: learned baseline vs. adaptive NL(§-9- listing lots of items, clustering small numbers
policies. & = p < 0.001) of items, contrasting too few or too many items) and
to choose the best NLG option available depending

. _ on the number of database items returned by the sys-
shows the performance of the 2 policies during test,y, 4t any time.

ing (top= baseline NLG, bottom = adaptive NLG), This demonstrates that our approach brings a

and the results are presented in table 2. ~ number of theoretical and practical benefits such as
These results demonstrate arelative increase in rﬁﬁe-grained adaptation, and automatic optimization.
ward of 27.8% for the adaptive NLG system. Th&-qre challenges include modelling the hierarchi-
adaptive NLG system has learned fine-grained loc@ly srycture of NLG problems using additional hi-
trade-offs for its NLG decisions, which are not avail-o5rchical MDPs. and modelling complex effects of
able to the baseline system. _ NLG choices on dialogue context using larger fea-
So what has been learned? Here is an example ¢iye sets.
alogue with the adaptive NLG system: Many other NLG decisions could be approached
Syst em How can I 'help youg gr eet ) in this way. By using MDPs to represent other NLG
User: | wanta cheap chinese restaurant. (2 slot§roplems we can move to a situation where deter-
filled, 2 database items returned) mination of the best lexical items and referring ex-

System Ok. The Golden Wok is cheap and cenyessions to use in a system utterance, as well as

tral, and the Noodle bar is cheap but in the south Ghe pest syntactic structure and intonation pattern,

the city(Cont r ast ) _ _ are all determined by learned strategies, developed
Here we can see that the adaptive NLG policy cagy reyard-driven learning based on real data. Re-
decide to present information when it is pamCUIarMnforcement Learning could also be applied to deci-
advantageous, even when the information gatheringys of when and how to use anaphora and ellipsis.
part of the system is not complete. The Baseline Overall, this leads us to propose a new develop-
learns a similar policy, but is not sensitive to DB hits,gpt cycle for NLG, whereby the more adaptive
when choosindiowto present the information. NLG components of new dialogue systems can be
automatically trained and optimized before deploy-
ment, and can then be allowed to adapt online to
This paper demonstrates a new data-driven methaber feedback (through continued monitoring of re-
where the NLG components of dialogue systems camards). Moreover, due to the use of state general-
be automatically trained and globally optimized beization techniques such as function approximation,
fore deployment. NLG will even be possible in previously unseen and
We surveyed standard approaches to NLG, anghplanned-for situations.
described general advantages offered by statistical An open question for this type of model is how
planning models together with solution method$o develop “good” user simulations that are sen-
such as Reinforcement Learning. We gave a briefitive to system NLG choices (Janarthanam and
description of MDP models. In section 4 we castemon, 2008). Another important topic is how
a standard NLG problem as an MDP, defining théhe classifier-based learning techniques of “train-
state space, action set, and reward function. We sable” NLG (Barzilay and Lapata, 2005; Duboue and
how Reinforcement Learning can be used to solvblcKeown, 2003; Stent et al., 2004; Walker et al.,
this NLG problem at the same time as optimizing2007) can be integrated with the MDP approach pro-
dialogue management. We then evaluated the adgmsed here. Other avenues to explore are how inter-
tive NLG policy versus a learned RL-majority base-active alignment (Garrod and Pickering, 2001) and
line. The results showed a significant relative insemantic coordination in dialogue (Larsson, 2007)

5 Summary and Future Directions
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