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Abstract

Surface realisers in spoken dialogue sys-
tems need to be more responsive than con-
ventional surface realisers. They need to
be sensitive to the utterance context as well
as robust to partial or changing generator
inputs. We formulate surface realisation as
a sequence labelling task and combine the
use of conditional random fields (CRFs)
with semantic trees. Due to their extended
notion of context, CRFs are able to take
the global utterance context into account
and are less constrained by local features
than other realisers. This leads to more
natural and less repetitive surface realisa-
tion. It also allows generation from partial
and modified inputs and is therefore ap-
plicable to incremental surface realisation.
Results from a human rating study confirm
that users are sensitive to this extended no-
tion of context and assign ratings that are
significantly higher (up ta4%) than those
for taking only local context into account.

Introduction

h. cuayahui t1 |

o. |l enbn@w. ac. uk

challenge is often to keep track of cohesion over
several utterances. In addition, since interactions
are dynamic, generator inputs from the dialogue
manager can sometimes be partial or subject to
subsequent maodification. This has been addressed
by work on incremental processing (Schlangen
and Skantze, 2009). Since dialogue acts are passed
on to the generation module as soon as possible,
this can sometimes lead to incomplete generator
inputs (because the user is still speaking), or in-
puts that are subject to later modification (because
of an initial ASR mis-recognition).

In this paper, we propose to formulate surface
realisation as a sequence labelling task. We use
conditional random fields (Lafferty et al., 2001,
Sutton and McCallum, 2006), which are suitable
for modelling rich contexts, in combination with
semantic trees for rich linguistic information. This
combination is able to keep track of dependen-
cies between syntactic, semantic and lexical fea-
tures across multiple utterances. Our model can
be trained from minimally labelled data, which re-
duces development time and may (in the future)
facilitate an application to new domains.

The domain used in this paper is a pedestrian
walking around a city looking for information and

Surface realisation typically aims to produce out-recommendations for local restaurants from an
put that is grammatically well-formed, natural and SDS. We describe here the module for surface re-
cohesive. Cohesion can be characterised by lexicallisation. Our main hypothesis is that the use of
or syntactic cues such as repetitions, substitutionglobal context in a CRF with semantic trees can
ellipses, or connectives. In automatic languageead to surface realisations that are better phrased,
generation, such properties can sometimes be difnore natural and less repetitive than taking only
ficult to model, because they require rich contextdocal features into account. Results from a human
awareness that keeps track of all (or much) of whatating study confirm this hypothesis. In addition,
was generated before, i.e. a growing generatiowe compare our system with alternative surface
history. In text generation, cohesion can span ovefealisation methods from the literature, namely, a
the entire text. In interactive settings such as genkank and boost approach anejrams.

eration within a spoken dialogue system (SDS), a Finally, we argue that our approach lends itself
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to surface realisation within incremental systemssentence generator (Walker et al., 2007). SPaRKy
because CRFs are able to model context acrosgas also developed for the domain of restaurant
full as well as partial generator inputs which mayrecommendations and was shown to be equivalent
undergo modifications during generation. As ato or better than a carefully designed template-
demonstration, we apply our model to incremen-based generator which had received high human
tal surface realisation in a proof-of-concept study.ratings in the past (Stent et al., 2002). It generates
sentences in two steps. First, it produces a ran-
2 Related Work domised set of alternative realisations, which are
_ then ranked according to a mapping from sentence
Our approach is most closely related to Lu etyang to predicted human ratings using a boosting
al. (2009) V\(ho_also use CRFs to_flnd the bes Igorithm. As in our approach, SPaRKy distin-
surface realisation from a semantic tree. Theyyishes Iocal and global features. Local features
conclude from an automatic evaluation that usingaye only information of the current tree node into
CRF-based generation which takes long-range desccqnt, including its parents, siblings and chil-
pendencies into account outperforms several basggen while global features take information of the

lines. However, Lu et al’s generator does not takntire ytterance into account. While SPaRKYy is
context beyond the current utterance into accounty,g\wn to reach high output quality in compari-

and is thus restricted to local features. Further-sOn to a template-based baseline, the authors ac

more, their model is not able to modify generationyqjedge that generation with SPaRKYy is rather
results on the fly due to new or updated inputs. o, when applied in a real-time SDS. This could
In terms of surface realisation from graphical present a problem in incremental settings, where
models (and within the context of SDSS), our ap-generation speed is of particular importance.
proach is also related to work by_GeorgiIa etal. The SPaRKy system is also used by Rieser et
(2002) and Dethlefs and Cuayahuitl (2011b), whoy) (2011), who focus on information presentation
use HMMs, Dethlefs and Cuayahuitl (2011a) whogyategies for restaurant recommendations, sum-
use Bayes Nets, and Mairesse et al. (2010) Whgharies or comparisons within an SDS. Their sur-
use Dynamic Bayes Nets within an Active Leam-face realiser is informed by the highest ranked
ing framework. The last approach is also con-spaRrKy outputs for a particular information pre-

cerned with generating restaurant recommendasentation strategy and will constitute one of our
tions within an SDS. Specifically, their system op-y55elines in the evaluation.

timises its performance online, during the interac-  \1ore work on trainable realisation for SDSs
tion, by asking users to provide it with new textual genera|ly includes Bulyko and Ostendorf (2002)
descriptions of concepts, for which it is unsure of o use finite state transducers, Nakatsu and
the best realisation. In cpntrast to thgse relatedynite (2006) who use supervised learning, Varges
approaches, we use undirected graphical mode{$nog) who uses chart generation, and Konstas

which are useful when the natural directionality 5, Lapata (2012) who use weighted hypergraphs
between the input variables is unknown. among others. ’

In terms of surface realisation for SDSs, Oh and
Rudnicky (2000) present foundational work in us-3 Cohesion across Utterances
ing ann-gram-based system. They train a surface _ .
realiser based on a domain-dependent languagel Treée-based Semantic Representations
model and use an overgeneration and ranking aprhe restaurant recommendations we generate can
proach. Candidate utterances are ranked accoréhclude any of the attributes shown in Table 1.
ing to a penalty function which penalises too longlt is then the task of the surface realiser to find
or short utterances, repetitious utterances and uthe best realisation, including whether to present
terances which either contain more or less inforthem in one or several sentences. This often is
mation than required by the dialogue act. Whilea sentence planning decision, but in our approach
their approach is fast to execute, it has the disit is handled using CRF-based surface realisation.
advantage of not being able to model long-rangerhe semantic forms underlying surface realisation
dependencies. They show that humans rank thegan be produced in many ways. In our case, they
output equivalently to template-based generationare produced by a reinforcement learning agent
Further, our approach is related to the SPaRKwvhich orders semantic attributes in the tree ac-
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Tlmlng and Ordering (a) The Beluga is a great Italian restaurant
. vo ) )
Interaction N A
Ma nager |Micro-turn dialogue \’,’
act, inform(food=Thai) KBRS .
semantics of = ‘
user utterance M
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User . "'!,;}") o0 5-“\ inform( inform( inform(
-/ o Yo~ ©10 name= type= venue=
< Beluga) Italian) Restaurant)
Figure 1: Architecture of our SDS with a focus on The Beluga is a great ltalian restaurant

the NLG components. While the user is speaking,

. . (c)
the dialogue manager sends dialogue acts to the
NLG module, which uses reinforcement learning
to order semantic attributes and produce a seman-
tic tree (see Dethlefs et al. (2012b)). This paper foFigure 2: (a) Graphical representation of a linear-
cuses on surface realisation from these trees usinghain Conditional Random Field (CRF), where
a CRF as shown in the surface realisation moduleempty nodes correspond to the labelled sequence,

shaded nodes to linguistic observations, and dark

—~

Beluga v" y

"‘M the
Italian

Slot Example squares to feature functions between states and ob-

ADDRESS  The venue’s addressis ... servations; (b) Example semantic trees that are up-

éREA 'Ttr']s 'Ocatted n . dated at each time step in order to provide linguis-
O0oD e restaurant serves ... cuisine. . .

NAME The restaurant’s name is . .. tic f_eatgres. to the CRF (only one poss_lble surfacg

PHONE The venue’s phone number s . .. realisation is shown and parse categories are omit-

POSTCODE  The postcode is ... ted for brevity); (c) Finite state machine of phrases

QuALITY  Thisisa...venue. (labels) for this example.

PRICE Itis located in the ... price range.

SIGNATURE  The venue specialisesiin ...

VENUE Thisvenueisa...

{S,T, N, H}, whereS is a start symbol, typically
Table 1: Semantic slots required for our domainthe root node of the tre€! = {to,t1,t2...%7}
along with example realisations. Attributes can bés a set of terminal symbols, corresponding to sin-
combined in all possible ways during generation. gle phrasesN = {ng,n1,n2...n|y|} is a set of
non-terminal symbols corresponding to semantic
_ _ _ _ . _ categories, and! = {hq, h1,h ... by} is a set
cording to their confidence in the dialogue. Thisof production rules of the formm — «, where
is because SDSs can often have uncertainties With < N o € 7 U N. The production rules rep-
regard to the user’s actual desired attribute valuegesent alternatives at each branching node where
due to speech recognition inaccuracies. We therghe CRF is consulted for the best available expan-
fore model all semantic slots as probability distri-sjon from the subset of possible ones. All nodes
butions, such amform(food=Indian, 0.6) or in- in the tree are annotated with a semantic concept

form(food=ltalian, 0.4)and apply reinforcement (ghtained from the semantic form) as well as their
learning to finding the optimal sequence for pre-parse category.

sentation. Please see Dethlefs et al. (2012b) for N _
details. Here, we simply assume that a semantig-2 Conditional Random Fields for
form has been produced by a previous processing  Phrase-Based Surface Realisation

module. The main idea of our approach is to treat surface

As shown in the architecture diagram in Fig- realisation as a sequence labelling task in which a
ure 1, a CRF surface realiser takes a semantisequence of semantic inputs needs to be labelled
tree as input. We represent these as context-fregith appropriate surface realisations. The task is
trees which can be defined formally as 4-tuplegherefore to find a mapping between (observed)
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lexical, syntactic and semantic features and a (hidThe semantics for each node are derived from the
den) best surface realisation. input dialogue acts (these are listed in Table 1) and
We use the linear-chain Conditional Randomare associated with nodes. The lexical items are
Field (CRF) model for statistical phrase-based surpresent in the generation context and are mapped
face realisation, see Figure 2 (a). This probabilisto semantic tree nodes.
tic model defines the posterior probability of la-
bels (surface realisation phrasgsfy, ...,y }
given featurex={z1, ..., |y } (informed by a se-
mantic tree, see Figure 2 (b)), as

L I K
P(y[x) = WHGXP{; Qk@k(yuyt—hxt)} :

whereZ(x) is a normalisation factor over all pos-
sible realisations (i.e. labellings) ®fsuch that the
sum of all terms is one. The parametdisare
weights corresponding to feature functiobg(.),
which are real values describing the label state
at timet based on the previous label stgte; and
featuresx;. For example: from Figure 2 (c¥p;
might have the valu@; = 1.0 for the transition
from “The Beluga”to “is a great Italian”, and0.0
elsewhere. The parametdlsare set to maximise
the conditional likelihood of phrase sequences i
the training data set. They are estimated using th
gradient ascent algorithm.

After training, labels can be predicted for new Since global utterance features capture the full

sequences of observations. The most likely phrasgeneration context (i.e. beyond the current ut-
sequence is expressed as terance), we are also able to model phenomena

such as co-references and pronouns. This is useful
for longer restaurant recommendations which may
span over more than one utterance. If the genera-
tion history already contains a semantic attribute,
e.g. the restaurant name, the CRF may afterwards
choose a pronoun, e.g, which has a higher like-
lihood than using the proper name again. Simi-
larly, the CRF may decide to realise a new attribute
The fO”OWing features define the generation CON4s constituents of different order, such as a sen-
text used during training of the CRF. The generatence or PP, depending on the length, number and
tion context includes everything that has been genparse categories of previously generated output. In
erated for the current utterance so far. All featureshis way, our approach implicitly treats sentence
can be obtained from a semantic input tree. planning decisions such as the distribution of con-
tent over a set of messages in the same way as (or
as part of) surface realisation. A further capabil-
ity of our surface realiser is that it can generate
complete phrases from full as well as partial dia-
logue acts. This is useful in interactive contexts,

We use the StanfordParééMarneffe et al., 2006) where we need as much robustness as possible. A

to obtain the parse category for each tree nodeQemonstration of this is given in Section 5 in an
S application to incremental surface realisation.

As an example, for generating an utterance (la-
bel sequence) such @ke Beluga is a great restau-
rant. It is located in the city centreeach gen-
eration step needs to take the features of the en-
tire generation history into account. This includes
all individual lexical items generated, the seman-
tic types used and the parse categories for each
tree node involved. For the first constitueiihe
Beluga this corresponds to the featurés BE-

GIN NAME } indicating the beginning of a sentence
(where empty features are omitted), the beginning
of a new generation context and the next semantic
slot required. For the second constituent great
restaurant the features aréTHE BELUGA NAME

NP VENUE}, i.e. including the generation history
(with lexical items and parse category added for
the first constituent) and the semantics of the next
nrequired slotVENUE. In this way, a sequence of
surface form constituents is generated correspond-

f?]g to latent states in the CRF.

y* = arg max P(y[x)

which is computed using the Viterbi algorithm.
We use the Mallet packagéMcCallum, 2002) for
parameter learning and inference.

3.3 Feature Selection and Training

Lexical items of parents and siblings,
Semantic types in expansion,

Semantic types of parents and siblings,
Parse category of expansion,

Parse categories of parents and siblings.

http://mallet.cs. umass. edu/

2http://nlp. stanford. edu/ sof t war e/
| ex- parser.shtm

To train the CRF, we used a data set53R
restaurant recommendations from the website The
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List.® The data contains recommendations such a8lgorithm 1 Grammar Induction.

Located in the city centre, Beluga is a stylish yet 1:
laid-back restaurant with a smart menu of modern

European cuisine 2

3:
3.4 Grammar Induction 4;

The grammary of surface realisation candidates s:
is obtained through an automatic grammar induc- &
tion algorithm which can be run on unlabelled .
data and requires only minimal human interven-

tion. This grammar defines the surface realisa- &

tion space for the CRFs. We provide the human.
corpus of restaurant recommendations from Secil:
tion 3.3 as input to grammar induction. The al- g
14:
fies all semantic attributes of interest in an utter-15:
ance, in our case those specified in Table 1, and rnl—G:

gorithm is shown in Algorithm 1. It first identi-

function FINDGRAMMAR (utterancesu, semantic at-
tributesa) return grammar

for each utterance do
if u contains a semantic attribute framsuch as
venue, cuisine, etc.then
Find and replace the attribute by its semantic
variable, e.g$venue$.
end if
Parse the sentence and induce a set of rules
3, wherea is a semantic variable ardlis its parse.
Traverse the parse tree in a top-down, depth-first
search and
if expansions existsthen
continue
else ifnon-terminaky existsthen
add new expansiaf to a.
elsewrite new rulea. — .
end if
Write grammar.
end for
end function

places them by a variable. These attributes include
food types, such aslexican, Chineseparticular
parts of town, prices, etc. Abodt% of them can
be identified based on heuristics. The remainder

CRFs and other state-of-the-art methods, we also
compare our system to two other baselines:

needs to be hand-annotated at the moment, which ¢ CLASSIC corresponds to the system re-

includes mainly attributes like restaurant names or
quality attributes, such adelicate, exquisiteetc.
Subsequently, all utterances are parsed using the
Stanford parser to obtain constituents and are inte-
grated into the grammar under construction. The
non-terminal symbols are named after the auto-
matically annotated semantic attributes contained
in their expansion, e.gNAME_QUALITY — The
$name$ is of $quality$ quality. In this way, each
non-terminal symbol has a semantic representa-
tion and an associated parse category. In total, our
induced grammar contains more th&io rules.

ported in Rieser et al. (2014)which gen-
erates restaurant recommendations based on
the SPaRKy system (Walker et al., 2007), and
has received high ratings in the past. SPaRKy
uses global utterance features.

n-gramsrepresents a simplegram baseline
that is similar to Oh and Rudnicky (2000)’s
system. We will sample from the most likely
slot realisations that do not contain a repeti-
tion and include exactly the required slot val-
ues. Local context only is taken into account.

4.1 Human Rating Study

4 Evaluation

We carried out a user rating study on the Crowd-

To evaluate our approach, we focus on a subFlower crowd sourcing platform. Each partici-
jective human rating study which aims to deter-Pant was shown part of a real human-system dia-
mine whether CRF-based surface realisation thdP9ue that emerged as part of the CLASSIC project
takes the full generation context into accountgvaluation (Rieser et al., 2011). All dialogues
calledCRF (global), is perceived better by human and data are freely available fromtp: // ww.
judges than one that uses a CRF but just takes loc&l @ssi ¢- proj ect. org. Each dialogue contained

context into account, calle@RF (local). While

two variations for one of the utterances. These

CREF (global) uses features from the entire generalarations were generated from two out of the four
tion history, CRF (local) uses only features fromSystems described above. The order that these
the current tree branch. We assume that cohdVere presented to the participant was counterbal-
sion can be identified by untrained judges as natu@nced. Table 2 gives an example of a dialogue seg-
ral, well-phrased and non-repetitive surface formsMent presented to the participants.

To examine differences in methodology between “In Rieser et al. (2011), this system is referred to as the

TIP system, which generates summaries, comparisons or rec-

Shttp://www. list.co.uk ommendations for restaurants. For the present study, we com
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SYS Thank you for calling the Cambridge Information POSSIny this is because the local context taken
system. Your call will be recorded for research pur- into account by both systems was not enough to
poses. You may ask for information about a place ensure cohesion across surface phrases. It is not
to eat, such as a restaurant, a pub, or a cafe. How ibl ¢ f ithi |
may | help you? possible, e.g., 1o cqver co-references within a lo-

USR | want to find an American restaurant which is in cal context only or discourse m"f‘rkers that refer be-
the very expensive area. yond the current utterance. This can lead to short

SYS  The restaurant Gourmet Burger is an outstanding, and repetitive phrases, such Make your way to

A expensive restaurant located in the central area.  Ggurmet Burger. The food quality is outstanding.

SYS Gourmet Burger is a smart and welcoming restau- The prices are expensivgenerated by the-gram
B rant. Gourmet Burger provides an expensive dining

experience with great food and friendly service. If Paseline.
you're looking for a central meal at an expensive  The CLASSIC baseline, based on SPaRKy, was

price.. the most competitive system in our comparison.
USR Whatis the address and phone number? - None-the-less CRF (global) is rated higher across
SYS Sf;ggﬁfoulrgzeg 'glozggségem Streetand its phone o1 qories and significantly so fofatural (p <
USR  Thank you. Good bye. 0.05) andRepetitive(p < 0.005). ForPhrasing
there is a trend but not a significant difference (p
Table 2: Example dialogue for participants to< 0.16). All comparisons are based on a 1-sided
compare alternative outputs in italics, USR=userMann Whitney U-test. A qualitative comparison

SYS A=CRF (global), SYS B=CRF(local). between the CRF (global) and CLASSIC outputs
showed the following. CLASSIC utterances tend
System Natural Phrasing Repetit. ~ tobelonger and contain more sentences than CRF
CRF global 3.65 3.64 3.65 (global) utterances. While CRF (global) often de-
CRF local  3.10 319 313 cides to aggregate attributes into one sentence,
CLASSIC  3.53 3.59 3.48 such asthe Beluga is an outstanding restaurant
n-grams 3.01 3.09 3.32 in the city centre CLASSIC tends to rely more on

individual messages, such@ke Beluga is an out-
Table 3: Subjective user ratings. Significance withstanding restaurant. It is located in the city cen-
CREF (global) at pc0.05 is indicated as. tre. A possible reason is that while CRF (global)
is able to take features beyond an utterance into
44 participants gave a total of 1,830 ratings ofdccount, CLASSIC/SPaRKYy is restricted to global

utterances produced across the four systems. Fla@atures of the current utterance.

ent speakers of English only were requested and We can further compare our results with Rieser
the participants were from the United States. Theyt &l- (2011) and Mairesse et al. (2010) who also
were asked to rate each utterance on a 5 point LjKdenerate restaurant recommendations and asked
ert scale in response to the following questionsSim”ar questions to participants as we did. Rieser

(where 5 corresponds totally agreeand 1 cor- et al. (2011)'s system received an average rating
responds taotally disagreg: of 3.58% in terms ofPhrasingwhich compares to

our 3.64. This difference is not significant, and
e The utterance was natural, i.e. it could havein line with the user ratings we observed for the

been produced by a humarNdtural) CLASSIC system above (3.59). Mairesse et al.
e The utterance was phrased weRh{asing  (2010) achieved an average scorel @ in terms
e The utterance was repetitiveRégpetitivg of Natural in comparison to ous.65. This differ-
ence is significant at0.05. Possibly their better
4.2 Results performance is due to the data set being more “in

We can see from Table 3 that across all the cated0main” than ours. They collected data from hu-
gories, the CRF (global) gets the highest overalfmans that was written specifically for the task that
ratings. This difference is significant for all cat- the system was tested on. In contrast, our system
egories compared with CRF (local) andgrams @S trained on freely available data that was writ-

(using a 1-sided Mann Whitney U-test<p0.001). ten by professional restaurant reviewers. Unfort_u—
nately, we cannot compare across other categories,

pare only with the subset of recommendations.
Sht t p: // ww. cr owdf | ower . com ®This was rescaled from a 1-6 scale.
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USR1 I'mlooking for a nice restaurant in the centre. 5.1 Application to Incremental SR

SYS1  inform(area=centre [0.2], food=Thai [0.3]) This section will discuss a proof-of-concept appli-
gform(f‘arlnefa”fgko"T[g'gf]) cation of our approach to incremental surface re-
O youTe jooring fora 1hat ... alisation. Table 4 shows an example dialogue be-

USR2 [barges in]No, I'm looking for a restaurant d h . b
with good quality food. tween a user and system that contains a number

SYS2  inform(quality=good [0.6], name=Beluga [0.6]) of incremental phenomena that require hypothe-

Oh sorry, so a nice restaurant located . .. sis updates, system corrections and user barge-
USR3 [barges in]...in the city centre. ins. Incremental surface realisation for this dia-
SYS3 inform(area=centre [0.8]) logue is shown in Figure 3, where processing steps

Table 4: E le dial h the dial are indicated as bold-face numbers and are trig-
avle @ Ltxample dlalogue where the dialogu€ o g by partial dialogue acts that are sent from

manager needs to send incremental updates to ttﬁe dialogue manager, suchiaform(area=centre

NLG' Increme_nta! surfacg reallsatlgn fr_om Seman'[0.2]). The numbers in square brackets indicate
tic trees for this dialogue is shown in Figure 3.

the system’s confidence in the attribute-value pair.
Once a dialogue act is observed by the NLG sys-
_ tem, areinforcement learning agent determines the
because the authors tested only Rimasingand  orqer of attributes and produces a semantic tree, as
Natural, respectively. described in Section 3.1. Since the semantic forms
are constructed incrementally, new tree nodes can
L be attached to and deleted from an existing tree,
5 Incremental Surface Realisation depending on what kind of update is required.
In the dialogue in Table 4, the user first asks
Recent years have seen increased interest fior a nice restaurant in the centreThe dialogue
incremental dialogue processing (Skantze andhanager constructs a first attribute-value siot,
Schlangen, 2009; Schlangen and Skantze, 2009prm(area=centre [0.2], ...)and passes it on to
The main characteristic of incremental architec-NLG.” In Figure 3, we can observe the corre-
tures is that instead of waiting for the end of a useisponding NLG action, a first tree is created with
turn, they begin to process the input stream as soguist a root node and a node representing the area
as possible, updating their processing hypothesedot (step 1). In a second step, the semantically
as more information becomes available. From annotated node ge¢xpandedinto a surface form
dialogue perspective, they can be said to work orthat is chosen from a set of candidates (shown in
partial rather than full dialogue acts. curly brackets). The CRF is responsible for this
last step. Since there is no preceding utterance, the

With respect to surface realisation, incremen-b face f i< ch based on th .
tal NLG systems have predominantly relied on est surface form is chosen based on the semantics

pre-defined templates (Purver and Otsuka, 20035}|0ne- Active tree nodes, i.e. those currently under
Skantze and Hjalmarsson, 2010; Dethlefs et al generation, are indicated as asterisks in Figure 3.
2012a), which limits the flexibility and quality of Currently inactive nodes are shown as circles.
output generation. Buschmeier et al. (2012) have St€P 3 then further expands the current tree
presented a system which systematically take@dding & node for the food type and the name of
the user's acoustic understanding problems inté restaurant that the dialogue manager had passed.
account by pausing, repeating or re-phrasing ifVe see here that attributes can either be primitive
necessary. Their a{pproach is based on SPUBF complex. Primitive attributes contain a single
(Stone et al., 2003), a constraint satisfaction-basegéMantic type, such asea whereas complex at-

NLG architecture and marks important progresdfiPutes contain multiple types, suchfasd, name -
towards more flexible incremental surface realisa@"d néed to be decomposed in a later processing

tion. However, given the human labour involved in St€P (See steps 4 and 6). Step 5 again uses the CRF

constraint SpeCIflcatlon’ Cphesmn is often limited "Note here that the information passed on to the NLG is

to a local context. Especially for long utterancesdistinct from the dialogue manager’s own actions. In the ex-

or such that are separated by user turns, this ma}:nple_z, the NLG is asked to generate a recommendation, b’ut
lead to surface form increments that are not Welt) e dialogue manager actu_ally deC|de_s to clarl_fy_the user’s
ea references due to low confidence. This scenario is an exam-
connected and lack cohesion. ple of generator inputs that may get revised afterwards.
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root root
root ® °

*
inf inf N inform(food=Thai " /\
(1) inform inform(area= name=Bangkok) N orm(area= inform(food=Thai,

= L ]
(area=centre) centre) . * centre) . name=Bangkok)
(2) Right in the city centre, . . . ‘ Right in'the city centre,
{located in $areas, if Right in the city centre, . .
you're looking to eat (4) inform(name= (6) inform
in $area$, in $area$, ...} Bangkok)* * (food=Thai)
(5) Bangkok
root root {the $names$,
2 ® it is called $name$, ...}
inform(area/\(Zz)énfgga(g:gleﬁz:;)ery inform(area/\inform(quality=nice,
centre) F4 *g ! 9 centre) é .name=BeIuga)

Right in the city centre, *

inform(name= inform (8) inform(name/\(lo) infogm(quality:
Bangkok) T * (food=Thai) Beluga) { \very good)

(9) the Beluga (11) is of very good quality.

{$name$, the venue {is a $quality$ venue, if you want $quality$
called $name$, ...} food, $quality$, a $quality$ place ...}

Right in the city tentre, J«

Bapgkok

Figure 3: Example of incremental surface realisation, wheach generation step is indicated by a num-
ber. Active generation nodes are shown as asterisks antibdelare shown as crossed out. Lexical and
semantic features are associated with their respectivesnddlyntactic information in the form of parse
categories are also taken into account for surface realisdiut have been omitted in this figure.

to obtain the next surface realisation that connectsealisation. Since CRFs are not restricted by the
with the previous one (so that a sequence of realMarkov condition, they are less constrained by lo-
isation “labels” appearsRight in the city centre cal context than other models and can take non-
andBangkol. It takes the full generation context local dependencies into account. For our applica-
into account to ensure a globally optimal choice.tion, the maximal context is 9 semantic attributes
This is important, because the local context wouldfor a surface form that uses all possible 10 at-
otherwise be restricted to a partial dialogue actfributes). While their extended context aware-
which can be much smaller than a full dialogueness can often make CRFs slow to train, they are
act and thus lead to short, repetitive sentences. fast at execution and therefore very applicable to

The dialogue continues as the system implicitlythe incremental scenario. For applications involv-
confirms the user's preferred restaurant (SYS1)ing longer-spanning alternatives, such as texts or
At this point, we encounter a user barge-in correctParagraphs, the context of the CRF would likely
ing the desired choice. As a consequence, the didlave to be constrainedJpdatesare triggered by
logue manager needstpdateits initial hypothe-  the hypothesis updates of the dialogue manager.
ses and communicate this to NLG. Here, the las¥Vhenever a new attribute comes in, it is checked
three tree nodes need to beletedfrom the tree  @dainst the generator's existing knowledge. If it
because the information is no longer valid. ThisiS inconsistent with previous knowledge, an up-
update and the deletion is shown in step 7. Afterdate is triggered and often followed byleletion.
wards, the dialogue continues and NLG involvesWWhenever generated output needs to be modified,
mainly expanding the current tree into a full se-0ld expansions and surface forms are deleted first,
quence of surface realisations for partial dialogud*€fore new ones can be expanded in their place.

acts which come together into a full utterance.

This example illustrates three incremental pro-5'2 Updates and Processing Speed Results

cessing steps: expansions, updates and deletiorfSince fast responses are crucial in incremental sys-
Expansionsare the most frequent operation. Theytems, we measured the average time our system
add new partial dialogue acts to the semantic tredook for a surface realisation. The timel80ms
They also consult the CRF for the best surfaceon a MacBook Intel Core 2.6 Duo with 8GB in
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