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What is a ship? 3. Füllen des Schemas
• Graph durchlaufen

description/

example/

example/

end-seq/

example/

FILL IDENTIFICATION>

Die “Generation Gap”

a b

Textplaner sagt:
drücke {sleeps(a)} aus

“Der weiße Hase schläft.”

Realisierer: generiert Satz aus
{sleeps(a), rabbit(a), white(a)}

Woher kommt
{rabbit(a), white(a)}?



Referierende Ausdrücke

• Ein charakteristisches Problem der 
Satzplanung: wie referiert man auf Objekte?

• Ziel: Hörer muss verstehen, welches Objekt 
in der Welt man meint.

• Sehr aktives Teilgebiet der NLG-Forschung.



Noch ein Beispiel



Noch ein Beispiel

Isard et al. (2003)

“This exhibit is a lekythos, created during 
the archaic period. It dates from circa 500 
BC. It was painted by Amasis with the red 
figure technique and it originates from 
Attica.”

“... Unlike the previous exhibit, it 
originates from Attica.”

“Questo reperto è una lekythos.”

“Αυτοʹ′ το εʹ′κθεµα ειʹ′ναι µια 
  ληʹ′κυθος.”



Noch ein Beispiel



Dieser Vortrag

• Ansätze für RE-Generierung:
‣ Dale & Reiter: inkrementeller Algorithmus

‣ Krahmer et al.: graphbasierter Algorithmus

• Ansätze zur Evaluierung von RE-Systemen:
‣ TUNA-Challenge



Attribute

• Dale & Reiter generieren einfache REs, d.h. 
eine Menge von Attributen.

• Attribute sind Eigenschaften von Objekten 
in der Welt, z.B.
‣ Objekttypen: Knopf, Stuhl, Hase, ...

‣ Farben: rot, blau, ...

‣ Positionen: oben, links, ...

• REs werden als NPs realisiert, Attribute als 
Adjektive.



RE-Problem nach D&R

• Ein referierender Ausdruck (RE) für Zielobjekt 
t ist eine Menge S von Attributen, so dass
‣ t alle Attribute in S hat

‣ kein anderes Objekt im Universum alle Attribute in S 
hat

• REs referieren also eindeutig auf t.

• Andere Objekte, die die (unvollständige)
Beschreibung S erfüllen, heißen Distraktoren.



blau

Als Bild
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b2
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Knopf

grün: Zielobjekt; schwarz: Distraktoren



Wie berechnet man REs?

• Erster Ansatz: “Full Brevity”-Algorithmus 
(Dale 1992).

• Versuche, t mit einem einzigen Attribut zu 
beschreiben; dann mit allen Kombinationen 
von zwei Attributen; usw.

• Eindeutig referierenden Attributmenge 
gefunden ⇒ gib sie zurück.



Full Brevity
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Full Brevity

b1 b2

b3
c1

Knopf
grün

blau

rot
Stuhl

ausgewählte Attribute:
 {Knopf, blau}



Full Brevity: Diskussion

• Vorteil: Unter allen REs, die es gibt, 
berechnet FB-Algorithmus eine kürzeste.

• Nachteil: Berechnung von kürzesten REs ist 
NP-vollständiges Problem, d.h. es geht nicht 
effizient.

• Nachteil: Optimieren Menschen REs auf 
Länge?



Der inkrementelle Algorithmus

• Grundidee: Manche Typen von Attributen 
“kognitiv einfacher” als andere:
‣ Objekttyp > Farbe > Größe > ....

• Inkrementeller Algorithmus:
‣ betrachte Attribute der Reihe nach, sortiert von 

einfach nach schwierig

‣ wenn t ein Attribut hat, füge es zur RE hinzu

‣ wenn es keine Distraktoren mehr gibt, sind wir fertig

‣ wenn uns vorher die Attribute ausgehen, gibt es keine 
RE

(Dale & Reiter 1995)



Der inkrementelle Algorithmus

b1 b2

b3
c1

Knopf
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blau
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Stuhl

Attribute:
- Knopf
- Stuhl
- blau
- grün
- rot
....

✓

✓



IA: Diskussion

• Der inkrementelle Algorithmus ist der 
Standardalgorithms für RE-Generierung.

• Vorteile:
‣ effizient

‣ ganz einfach

‣ kognitiv plausibel (?)



Nachteil 1: Unnatürliche REs

b1

b2

b3

b4

Knopf

links

grünblau

oben

IA ist ein greedy Algorithmus
⇒ trifft manchmal suboptimale Entscheidungen

ausgewählte Attribute:
 {Knopf, blau, links, oben}



Nachteil 2: Relationale REs

b1 b2

c1

Knopf

Stuhl

lt1
Lampe

über neben

kann mit dem IA
nicht generiert werden



Relationale REs

• Erweiterung von REs:
‣ nicht nur Attribute

‣ sondern erlaube auch binäre Relationen
(neben, über, in, ...)

• Generierung von relationalen REs ist 
trickreiches Problem, z.B. muss man unendliche 
Regression vermeiden:

in

contains



Krahmer et al.

• Krahmer et al. 03: Graphbasierter 
Algorithmus.

• Idee:
‣ Welt und RE als gerichteten Graphen darstellen

‣ Objekte sind Knoten

‣ Attribute und Relationen sind Kanten

‣ RE referiert eindeutig = RE-Graph kann nur an einer 
Stelle in Welt-Graphen eingebettet werden.



Ein Beispiel

b1 b2

c1

Knopf

Stuhl

lt1
Lampe

über neben

Welt:

Knopf

Referierende 
Ausdrücke:

Knopf
Knopf

Stuhl über

“der Knopf
über dem Stuhl”



Algorithmus (Grundstruktur)

findGraph(t, H) {
   wenn H nur bei t matcht, haben wir RE gefunden

   für jede zu H adjazente Kante e:
      findGraph(t, H+e)
}

REs für t berechnen: findGraph(t, [{t},∅])



Kosten

• Erweiterung des Ansatzes:
‣ Kanten und Knoten haben Kosten

‣ suche RE mit minimalen Kosten

• Algorithmus kann so erweitert werden, 
dass RE mit minimalen Kosten berechnet 
wird.

• Ersetzt Dale & Reiters Attributanordnung.



Komplexität

• Krahmers Algorithmus muss in jedem 
Schritt testen, wo H in den Graphen 
eingebettet werden kann
= Subgraph-Isomorphismus-Problem.

• Dieses Problem ist als NP-vollständig 
bekannt.

• In vernünftigen Fragmenten kann 
Algorithmus trotzdem effizient sein.



Zusammenfassung, Teil 1

• Referierende Ausdrücke: eindeutige 
Beschreibung eines Objekts.

• Ansätze:
‣ Dale & Reiter: Standardalgorithmus für einfache REs

‣ Krahmer et al.: Algorithmus für relationale REs

• Offene Frage: Woher weiß ich, welcher RE-
Algorithmus besser ist?



Evaluierung von RE-Algorithmen

• Seit 2007: jährlicher Shared Task zur 
Evaluierung von RE-Algorithmen

• Ansatz:
‣ Menschen annotieren REs für gegebene Szenen

‣ Generierungssystem muss möglichst genau die 
annotierte RE wieder berechnen



Daten: TUNA-Korpus

“der kleine blaue 
Ventilator”

“der Ventilator 
links unten”

Annotator 1

Annotator 2



Evaluation

• NLG-Systeme erhalten Beschreibung der 
Szene als Input und generieren RE.

• RE wird mit annotierten REs verglichen:
‣ Accuracy: Anteil exakt reproduzierter REs

‣ BLEU: Überlappung von n-Grammen

‣ String edit distance

‣ DICE: Überlappung von ausgewählten Attributen



Ergebnisse

All development data People Furniture
Accuracy SE BLEU Accuracy SE BLEU Accuracy SE BLEU

IS-FP-GT 9.71% 4.313 0.297 4.41% 4.764 0.2263 15% 3.863 0.3684
GRAPH – 5.03 0.30 – 5.15 0.33 – 4.94 0.27
NIL-UCM-EvoTAP 6% 5.41 0.20 3% 6.04 0.15 8% 4.87 0.24
NIL-UCM-ValuesCBR 1% 5.86 0.19 1% 5.80 0.17 1% 5.91 0.20
USP-EACH – 6.03 0.19 – 7.50 0.04 – 4.78 0.31
NIL-UCM-EvoCBR 3% 6.31 0.17 1% 6.94 0.16 4% 5.77 0.18

Table 4: Participating teams’ self-reported automatic intrinsic scores on development data set with single
human-authored reference description (listed in order of overall mean SE score).

All test data People Furniture
Acc SE BLEU NIST Acc SE BLEU NIST Acc SE BLEU NIST

GRAPH 12.50 6.41 0.47 2.57 8.93 7.04 0.43 2.16 16.07 5.79 0.51 2.26
IS-FP-GT 3.57 6.74 0.28 0.75 3.57 7.04 0.37 0.94 3.57 6.45 0.13 0.36
NIL-UCM-EvoTAP 6.25 7.28 0.26 0.90 3.57 8.07 0.20 0.45 8.93 6.48 0.34 1.22
USP-EACH 7.14 7.59 0.27 1.33 0.00 9.04 0.11 0.46 14.29 6.14 0.41 2.28
NIL-UCM-ValuesCBR 2.68 7.71 0.27 1.69 3.57 8.07 0.23 0.94 1.79 7.34 0.28 1.99
NIL-UCM-EvoCBR 2.68 8.02 0.26 1.97 0.00 9.07 0.19 1.65 5.36 6.96 0.35 1.69
HUMAN-2 2.68 9.68 0.12 1.78 3.57 10.64 0.12 1.50 1.79 8.71 0.13 1.57
HUMAN-1 2.68 9.68 0.12 1.68 3.57 10.64 0.12 1.41 1.79 8.71 0.12 1.49

Table 5: Automatic intrinsic scores on test data set with two human-authored reference descriptions
(listed in order of overall mean SE score).

string-edit distance, BLEU-3 and NIST-5. Accu-
racy measures the percentage of cases where a
system’s output word string was identical to the
corresponding description in the corpus. String-
edit distance (SE) is the classic Levenshtein dis-
tance measure and computes the minimal number
of insertions, deletions and substitutions required
to transform one string into another. We set the
cost for insertions and deletions to 1, and that for
substitutions to 2. If two strings are identical, then
this metric returns 0 (perfect match). Otherwise
the value depends on the length of the two strings
(the maximum value is the sum of the lengths). As
an aggregate measure, we compute the mean of
pairwise SE scores.
BLEU-x is an n-gram based string comparison

measure, originally proposed by Papineni et al.
(2001; 2002) for evaluation of Machine Transla-
tion systems. It computes the proportion of word
n-grams of length x and less that a system out-
put shares with several reference outputs. Setting
x = 4 (i.e. considering all n-grams of length ≤ 4)
is standard, but because many of the TUNA de-
scriptions are shorter than 4 tokens, we compute
BLEU-3 instead. BLEU ranges from 0 to 1.
NIST is a version of BLEU, but where BLEU

gives equal weight to all n-grams, NIST gives more
importance to less frequent n-grams, which are
taken to be more informative. The maximum NIST
score depends on the size of the test set.

Unlike string-edit distance, BLEU and NIST are
by definition aggregate measures (i.e. a single
score is obtained for a peer system based on the
entire set of items to be compared, and this is not
generally equal to the average of scores for indi-
vidual items).
Because the test data has two human-authored

reference descriptions per domain, the Accuracy
and SE scores had to be computed slightly differ-
ently to obtain test data scores (whereas BLEU and
NIST are designed for multiple reference texts).
For the test data only, therefore, Accuracy ex-
presses the percentage of a system’s outputs that
match at least one of the reference outputs, and SE
is the average of the two pairwise scores against
the reference outputs.

Results: Table 4 is an overview of the self-
reported scores on the development set included in
the participants’ reports (not all participants report
Accuracy scores). The corresponding scores for
the test data set as well as NIST scores for the test
data (all computed by us), are shown in Table 5.
The table also includes the result of comparing
the two sets of human descriptions, HUMAN-1 and
HUMAN-2, to each other using the same metrics
(their scores are distinct only for non-commutative
measures, i.e. NIST and BLEU).
We ran6 a one-way ANOVA for the SE scores.

6We used SPSS for all statistical analyses and tests.
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(TUNA Challenge 2009)

Vergleich der menschlichen
Annotatoren miteinander



Fluency und Adequacy

• Zweite Klasse von Evaluationsmaßen: REs 
von frischen menschlichen Annotatoren 
bewertet.

• Zwei Maße:
‣ Fluency: ist die RE vernünftiges Englisch?

‣ Adequacy: beschreibt die RE das Zielobjekt richtig?



Ergebnisse

(TUNA Challenge 2009)

All test data People Furniture
Adequacy Fluency Adequacy Fluency Adequacy Fluency

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
GRAPH 84.11 21.07 85.81 17.52 85.30 18.10 87.70 14.42 82.91 23.78 83.93 20.11
USP-EACH 77.72 28.33 84.20 20.27 81.04 26.48 81.82 24.47 74.41 29.93 86.57 14.79
NIL-UCM-EvoTAP 76.16 28.34 61.95 26.13 78.66 27.48 59.13 29.78 73.66 29.22 64.77 21.79
HUMAN-2 74.63 34.77 73.38 27.63 80.93 31.83 73.16 30.88 68.34 36.68 73.59 24.23
NIL-UCM-ValuesCBR 72.34 33.93 59.41 33.94 68.18 37.37 46.23 34.92 76.50 29.86 72.59 27.43
HUMAN-1 70.38 34.92 71.52 30.79 83.39 24.27 72.39 28.55 57.36 39.08 70.64 33.13
NIL-UCM-EvoCBR 63.65 37.19 55.38 35.32 56.61 40.20 41.45 37.38 70.70 32.76 69.30 26.93
IS-FP-GT 59.46 40.94 66.21 30.97 88.79 19.26 65.27 32.22 30.14 35.51 67.16 29.94

Table 6: Human-assessed intrinsic scores on test data set, including the two sets of human-authored
reference descriptions (listed in order of overall mean Adequacy score).

Adequacy Fluency
GRAPH A GRAPH A
USP-EACH A B USP-EACH A B
NIL-UCM-EvoTAP A B HUMAN-2 B C
HUMAN-2 A B C HUMAN-1 C D
NIL-UCM-ValuesCBR A B C IS-FP-GT C D E
HUMAN-1 B C D NIL-UCM-EvoTAP D E
NIL-UCM-EvoCBR C D NIL-UCM-ValuesCBR E
IS-FP-GT D NIL-UCM-EvoCBR E

Table 7: Homogeneous subsets for Adequacy and Fluency. Systems which do not share a letter are
significantly different at α = .05.

over People and Furniture Items. On Adequacy,
there were main effects of SYSTEM (F (7, 880) =
7.291, p < .001) and DOMAIN (F (1, 880) =
29.133, p < .001), with a significant interac-
tion between the two (F (7, 880) = 15.30, p <

.001). On Fluency, there were main effects of
SYSTEM (F (7, 880) = 18.14) and of DOMAIN
(F (7, 880) = 17.20), again with a significant
SYSTEM × DOMAIN interaction (F (7, 880) =
5.60), all significant at p < .001. Post-hoc Tukey
comparisons on both dependent measures yielded
the homogeneous subsets displayed in Table 7.

5.3 Extrinsic task-performance evaluation

As for earlier shared tasks involving the TUNA
data, we carried out a task-performance experi-
ment in which subjects have the task of identifying
intended referents.

Design: The extrinsic human evaluation in-
volved descriptions for all 112 test data items from
all six submitted systems, as well as from the two
sets of human-authored descriptions. We used a
Repeated Latin Squares design with fourteen 8×8
squares, so again there were a total of 896 individ-
ual judgments and each system received 112 judg-
ments, however this time it was 7 from each sub-
ject, as there were 16 participants; so half the par-
ticipants did the first 56 items (the first 7 squares),

and the other half the second 56 (the remaining 7
squares).

Procedure: In each of their 5 practice trials and
56 real trials, participants were shown a system
output (i.e. a WORD-STRING), together with its cor-
responding domain, displayed as the set of corre-
sponding images on the screen. In this experiment
the intended referent was not highlighted in the on-
screen display, and the participants’ task was to
identify the intended referent among the pictures
by mouse-clicking on it.10
In previous TUNA identification experiments

(Belz and Gatt, 2007; Gatt et al., 2008), sub-
jects had to read the description before identify-
ing the intended referent. In ASGRE’07 both de-
scription and pictures were displayed at the same
time, yielding a single time measure that com-
bined reading and identification times. In REG’08,
subjects first read the description and then called
up the pictures on the screen when they had fin-
ished reading the description, which yielded sepa-
rate reading and identification times.

10Due to limitations related to the stimulus presentation
software, the images in this experiment were displayed in
strict rows and columns, whereas the display grid in the web-
based TUNA elicitation experiment and the intrinsic human
evalution experiment were slightly distorted. This may have
affected timings in those (very rare) cases where a description
explicitly referenced the column a target referent was located
in, as in the chair in column 1.
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Taskbasierte Evaluation

• Dritter Ansatz: frische Probanden 
bekommen Szene und RE gezeigt und 
müssen Objekt identifizieren.

• Zwei Maße:
‣ identification accuracy: welcher Anteil von REs wurde 

korrekt aufgelöst?

‣ identification speed: wie lange brauchen Probanden, 
um RE aufzulösen?



Ergebnisse

All test data People Furniture
ID acc. ID. speed ID acc. ID. speed ID acc. ID. speed

% Mean SD % Mean SD % Mean SD
GRAPH 0.96 3069.16 878.89 0.95 3081.01 767.62 0.96 3057.31 984.60
HUMAN-1 0.91 3517.58 1028.83 0.95 3323.76 764.59 0.88 3711.41 1214.55
USP-EACH 0.90 3067.16 821.00 0.86 3262.79 865.61 0.95 2871.53 730.15
NIL-UCM-EvoTAP 0.88 3159.41 910.65 0.88 3375.17 948.46 0.89 2943.65 824.17
NIL-UCM-ValuesCBR 0.87 3262.53 974.55 0.80 3447.50 1003.21 0.93 3077.56 916.87
HUMAN-2 0.83 3463.88 1001.29 0.89 3647.41 1045.95 0.77 3280.35 927.79
NIL-UCM-EvoCBR 0.81 3362.22 892.45 0.75 3779.64 831.91 0.88 2944.80 748.69
IS-FP-GT 0.68 3167.11 964.45 0.89 2980.30 750.78 0.46 3353.91 1114.68

Table 8: Identification speed and accuracy per system. Systems are displayed in descending order of
overall identification accuracy.

Human-assessed, intrinsic Extrinsic Auto-assessed, intrinsic
Fluency Adequacy ID Acc. ID Speed Acc. SE BLEU NIST

Fluency 1 0.68 0.50 -0.89* .85* -0.57 0.66 0.30
Adequacy 0.68 1 0.95** -0.65 .83* -0.29 0.60 0.48
Identification Accuracy 0.50 0.95** 1 -0.39 0.68 -0.01 0.49 0.60
Identification Speed 0.89* -0.65 -0.39 1 -0.79 0.68 -0.51 0.06
Accuracy 0.85* 0.83* 0.68 -0.79 1.00 -0.68 .859* 0.49
SE -0.57 -0.29 -0.01 0.68 -0.68 1 -0.75 -0.07
BLEU 0.66 0.60 0.49 -0.51 .86* -0.75 1 0.71
NIST 0.30 0.48 0.60 0.06 0.49 -0.07 0.71 1

Table 10: Correlations (Pearson’s r) between all evaluation measures. (∗significant at p ≤ .05;
∗∗significant at p ≤ .01)

Fluency and Identification Speed, implying that
more fluent descriptions led to faster identifica-
tion. While these results differ from previous find-
ings (Belz and Gatt, 2008), in which no significant
correlations were found between extrinsic mea-
sures and automatic intrinsic metrics, it is worth
noting that significance in the results reported here
was only observed between human-assessed in-
trinsic measures and the extrinsic ones.

6 Concluding Remarks

The three editions of the TUNA STEC have at-
tracted a substantial amount of interest. In addi-
tion to a sizeable body of new work on referring
expression generation, as another tangible out-
come of these STECs we now have a wide range
of different sets of system outputs for the same set
of inputs. A particularly valuable resource is the
pairing of these outputs from the submitted sys-
tems in each edition with evaluation data.
As this was the last time we are running a STEC

with the TUNA data, we will now make all data
sets, documentation and evaluation software from
all TUNA STECs available to researchers. We are
planning to add to these as many system outputs
as we can, so that other researchers can perform
evaluations involving these.
We are also planning to complete our evalua-

tions of the evaluation methods we have devel-
oped. Among such experiments will be direct
comparisons between the results of the three vari-
ants of the identification experiment we have tried
out, and a direct comparison between different
designs for human-assessed intrinsic evaluations
(e.g. comparing the slider design reported here to
preference judgments and rating scales).
Apart from the technological progress in REG

which we hope the TUNA STECs have helped
achieve, perhaps the single most important scien-
tific result is strong evidence for the importance
of extrinsic evaluations, as these do not necessar-
ily agree with the results of much more commonly
used intrinsic types of evaluations.
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Korrelationen

All test data People Furniture
ID acc. ID. speed ID acc. ID. speed ID acc. ID. speed

% Mean SD % Mean SD % Mean SD
GRAPH 0.96 3069.16 878.89 0.95 3081.01 767.62 0.96 3057.31 984.60
HUMAN-1 0.91 3517.58 1028.83 0.95 3323.76 764.59 0.88 3711.41 1214.55
USP-EACH 0.90 3067.16 821.00 0.86 3262.79 865.61 0.95 2871.53 730.15
NIL-UCM-EvoTAP 0.88 3159.41 910.65 0.88 3375.17 948.46 0.89 2943.65 824.17
NIL-UCM-ValuesCBR 0.87 3262.53 974.55 0.80 3447.50 1003.21 0.93 3077.56 916.87
HUMAN-2 0.83 3463.88 1001.29 0.89 3647.41 1045.95 0.77 3280.35 927.79
NIL-UCM-EvoCBR 0.81 3362.22 892.45 0.75 3779.64 831.91 0.88 2944.80 748.69
IS-FP-GT 0.68 3167.11 964.45 0.89 2980.30 750.78 0.46 3353.91 1114.68

Table 8: Identification speed and accuracy per system. Systems are displayed in descending order of
overall identification accuracy.

Human-assessed, intrinsic Extrinsic Auto-assessed, intrinsic
Fluency Adequacy ID Acc. ID Speed Acc. SE BLEU NIST

Fluency 1 0.68 0.50 -0.89* .85* -0.57 0.66 0.30
Adequacy 0.68 1 0.95** -0.65 .83* -0.29 0.60 0.48
Identification Accuracy 0.50 0.95** 1 -0.39 0.68 -0.01 0.49 0.60
Identification Speed 0.89* -0.65 -0.39 1 -0.79 0.68 -0.51 0.06
Accuracy 0.85* 0.83* 0.68 -0.79 1.00 -0.68 .859* 0.49
SE -0.57 -0.29 -0.01 0.68 -0.68 1 -0.75 -0.07
BLEU 0.66 0.60 0.49 -0.51 .86* -0.75 1 0.71
NIST 0.30 0.48 0.60 0.06 0.49 -0.07 0.71 1

Table 10: Correlations (Pearson’s r) between all evaluation measures. (∗significant at p ≤ .05;
∗∗significant at p ≤ .01)

Fluency and Identification Speed, implying that
more fluent descriptions led to faster identifica-
tion. While these results differ from previous find-
ings (Belz and Gatt, 2008), in which no significant
correlations were found between extrinsic mea-
sures and automatic intrinsic metrics, it is worth
noting that significance in the results reported here
was only observed between human-assessed in-
trinsic measures and the extrinsic ones.

6 Concluding Remarks

The three editions of the TUNA STEC have at-
tracted a substantial amount of interest. In addi-
tion to a sizeable body of new work on referring
expression generation, as another tangible out-
come of these STECs we now have a wide range
of different sets of system outputs for the same set
of inputs. A particularly valuable resource is the
pairing of these outputs from the submitted sys-
tems in each edition with evaluation data.
As this was the last time we are running a STEC

with the TUNA data, we will now make all data
sets, documentation and evaluation software from
all TUNA STECs available to researchers. We are
planning to add to these as many system outputs
as we can, so that other researchers can perform
evaluations involving these.
We are also planning to complete our evalua-

tions of the evaluation methods we have devel-
oped. Among such experiments will be direct
comparisons between the results of the three vari-
ants of the identification experiment we have tried
out, and a direct comparison between different
designs for human-assessed intrinsic evaluations
(e.g. comparing the slider design reported here to
preference judgments and rating scales).
Apart from the technological progress in REG

which we hope the TUNA STECs have helped
achieve, perhaps the single most important scien-
tific result is strong evidence for the importance
of extrinsic evaluations, as these do not necessar-
ily agree with the results of much more commonly
used intrinsic types of evaluations.
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Lehren aus TUNA

• Beste NLG-Systeme generieren bessere
(= verständlichere) REs als Menschen.

• Automatische Evaluierung von NLG-
Systemen auf Grundlage von Korpora ist 
problematisch.



Aktuelle Forschungsrichtungen

• Grundlegende Frage: Was für REs soll ein 
NLG-System generieren?

• Psycholinguistische Ergebnisse: Menschen 
sind bei Produktion und Verstehen von REs 
relativ faul.

• Was macht REs verständlich?

• Realistischere Szenarien.



Schluss

• RE-Generierung ist aktives Teilgebiet von 
Satzplanung.

• Evaluations-Challenges für REs zeigen: In 
kleinen Domänen sind Systeme jetzt besser 
als Menschen.

• Generierung von verständlichen REs in 
komplexen Szenarien weiterhin interessant.


