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Topics

! Today / Next Wed (Monday is a holiday!)
! semantic role labeling (SRL)

! inserting empty elements in parse trees

! compositional semantics

! learning to parse to meaning

! After that

! discourse 

! applications



Semantic Role Labeling (SRL)

! Characterize clauses (with one verb) as relations with 
roles:

[Judge She] blames [Evaluee the Government] [Reason for failing to 
do enough to help]

Holman would characterise this as blaming [Evaluee the poor]

The letter quotes Black as saying that [Judge white and Navajo 
ranchers] misrepresent their livestock losses and blame  
[Reason everything] [Evaluee on coyotes]

! Typical pipeline:
! Parse, then label roles
! Almost all errors locked in by parser
! Q: Given good parses, how hard is SRL?



Thematic Roles
! There is a systematic relationship between syntactic 

positions and meaning (verb role/argument assignment): 
! Joe ate an apple.
! An apple was eaten (by Joe).

! And, certain options do not seem to be possible
! *An apple blahed (where blahed is a verb meaning “was eaten”)

! But, it is not always so easy
! The sergeant played taps.
! *Taps played.
! Taps played quietly in the background.
! The sergeant played a beat up old bugle.

! Relations like subject are syntactic, relations like agent or patient 
are semantic
! Many linguistic theories use a small number (approx. 15) of 

semantic roles: Agent, Patent, Instrument, Location, Time, 
Manner, Purpose, etc.



SRL Example

S1

NP1-ARG1

Final-hour trading

VP1

VBD1 PRED

accelerated

PP1 ARG4

TO1

to

NP2

108.1 million shares

NP3 ARGM-TMP

yesterday

Figure 1: An example tree from the PropBank with Semantic Role Annotations.

other nodes, but also dependencies between the la-
bel of a node and input features of other argument
nodes. The features are specified by instantiation of
templates and the value of a feature is the number of
times a particular pattern occurs in the labeled tree.
Templates
For a tree t, predicate v, and joint assignment L

of labels to the nodes of the tree, we define the can-
didate argument sequence as the sequence of non-
NONE labeled nodes [n1, l1, . . . , vPRED, nm, lm] (li
is the label of node ni). A reasonable candidate ar-
gument sequence usually contains very few of the
nodes in the tree – about 2 to 7 nodes, as this is the
typical number of arguments for a verb. To make
it more convenient to express our feature templates,
we include the predicate node v in the sequence.
This sequence of labeled nodes is defined with re-
spect to the left-to-right order of constituents in the
parse tree. Since non-NONE labeled nodes do not
overlap, there is a strict left-to-right order among
these nodes. The candidate argument sequence that
corresponds to the correct assignment in Figure 1
will be:

[NP1-ARG1,VBD1-PRED,PP1-ARG4,NP3-ARGM-TMP]

Features from Local Models: All features included
in the local models are also included in our joint
models. In particular, each template for local fea-
tures is included as a joint template that concatenates
the local template and the node label. For exam-
ple, for the local feature PATH, we define a joint fea-
ture template, that extracts PATH from every node in
the candidate argument sequence and concatenates
it with the label of the node. Both a feature with
the specific argument label is created and a feature
with the generic back-off ARG label. This is similar
to adding features from identification and classifi-
cation models. In the case of the example candidate
argument sequence above, for the node NP1 we have

the features:

(NP!S")-ARG1, (NP!S")-ARG

When comparing a local and a joint model, we use
the same set of local feature templates in the two
models.
Whole Label Sequence: As observed in previous
work (Gildea and Jurafsky, 2002; Pradhan et al.,
2004), including information about the set or se-
quence of labels assigned to argument nodes should
be very helpful for disambiguation. For example, in-
cluding such information will make the model less
likely to pick multiple fillers for the same role or
to come up with a labeling that does not contain an
obligatory argument. We added a whole label se-
quence feature template that extracts the labels of
all argument nodes, and preserves information about
the position of the predicate. The template also
includes information about the voice of the predi-
cate. For example, this template will be instantiated
as follows for the example candidate argument se-
quence:

[ voice:active ARG1,PRED,ARG4,ARGM-TMP]
We also add a variant of this feature which uses a
generic ARG label instead of specific labels. This
feature template has the effect of counting the num-
ber of arguments to the left and right of the predi-
cate, which provides useful global information about
argument structure. As previously observed (Prad-
han et al., 2004), including modifying arguments in
sequence features is not helpful. This was confirmed
in our experiments and we redefined the whole label
sequence features to exclude modifying arguments.
One important variation of this feature uses the

actual predicate lemma in addition to “voice:active”.
Additionally, we define variations of these feature
templates that concatenate the label sequence with
features of individual nodes. We experimented with

Final-hour trading accelerated to 
108.1 million shares yesterday.



PropBank / FrameNet

! FrameNet: roles shared between verbs
! PropBank: each verb has it’s own roles
! PropBank more used, because it’s layered over the 

treebank (and so has greater coverage, plus parses)



PropBank
! Core Arguments (mostly verb specific)

! Arg0: the prototypical agent
! Arg1: the prototypical patient or theme
! Arg2 ... ArgN: verb specific additional arguments

! Additional arguments (ArgMs) shared across verbs
! LOC: location, EXT: extent, DIS: discourse connectives, ADV: 

general-purpose, NEG: negation marker, MOD: modal verb, 
CAU: cause, TMP: time, PNC: purpose, MNR: manner, DIR: 
direction

! Frameset: verb word sense and core argument list 
! 3,300 verbs marked in data
! 4,500 total framesets

! Three year annotation effort: 10-15 minutes to make a verb 
frame, except for highly ambiguous cases. 30 annotators.



PropBank Example

Arg1:  Sales
REL:   fell
Arg2:  to $251.2 million
Arg3:  from $278.7 million

Sales fell to $251.2 million from $278.7 million.

fall.01
sense: move downward
Arg1:   thing falling
Arg2:   extent, distance fallen
Arg3:   start point
Arg4:   end point



PropBank Example

Many of Wednesday’s winners were losers yesterday 
as investors quickly took profits and rotated their 
buying to other issues, traders said.

Arg0:  investors
Rel:    rotated
Arg1:  their buying
Arg3:  to other issues

rotate.02
sense:   shift from one thing to 

another
Arg0:     causer of shift
Arg1:     thing being changed
Arg2:     old thing
Arg3:     new thing



PropBank Examples
The Central Council of Church Bell Ringers aims 

to improve relations with vicars
aim.01:

Sense: intend, plan
Arg0: aimer, planner
Arg1: plan, intent

Arg0: The Central Council of Church
      Bell Ringers

Rel:    aims
Arg1: to improve relations with vicars

Banks have been aiming packages at the elderly.

aim.02:
Sense: point (weapon) at
Arg0: aimer
Arg1: weapon, etc.
Arg2: target

Arg0: Banks
Rel:   aiming
Arg1: packages
Arg2: at the elderly



Shared Arguments

massive internal debt forced the government to 
borrow massively



Split Constituents

Frameset say 
Arg0: speaker
Arg1: utterance
Arg2: listener 

[Arg1 By addressing those problems], [Arg0 Mr. 
Maxwell] said, [Arg1 the new funds have become 
“extremely attractive to Japanese and other investors 
outside the U.S.”] (wsj 0029)

By addressing those problems, Mr. Maxwell said, the 
new funds have become “extremely attractive to 
Japanese and other investors outside the U.S.”



SRL: Approach

S1

NP1-ARG1

Final-hour trading

VP1

VBD1 PRED

accelerated

PP1 ARG4

TO1

to

NP2

108.1 million shares

NP3 ARGM-TMP

yesterday

Figure 1: An example tree from the PropBank with Semantic Role Annotations.

other nodes, but also dependencies between the la-
bel of a node and input features of other argument
nodes. The features are specified by instantiation of
templates and the value of a feature is the number of
times a particular pattern occurs in the labeled tree.
Templates
For a tree t, predicate v, and joint assignment L

of labels to the nodes of the tree, we define the can-
didate argument sequence as the sequence of non-
NONE labeled nodes [n1, l1, . . . , vPRED, nm, lm] (li
is the label of node ni). A reasonable candidate ar-
gument sequence usually contains very few of the
nodes in the tree – about 2 to 7 nodes, as this is the
typical number of arguments for a verb. To make
it more convenient to express our feature templates,
we include the predicate node v in the sequence.
This sequence of labeled nodes is defined with re-
spect to the left-to-right order of constituents in the
parse tree. Since non-NONE labeled nodes do not
overlap, there is a strict left-to-right order among
these nodes. The candidate argument sequence that
corresponds to the correct assignment in Figure 1
will be:

[NP1-ARG1,VBD1-PRED,PP1-ARG4,NP3-ARGM-TMP]

Features from Local Models: All features included
in the local models are also included in our joint
models. In particular, each template for local fea-
tures is included as a joint template that concatenates
the local template and the node label. For exam-
ple, for the local feature PATH, we define a joint fea-
ture template, that extracts PATH from every node in
the candidate argument sequence and concatenates
it with the label of the node. Both a feature with
the specific argument label is created and a feature
with the generic back-off ARG label. This is similar
to adding features from identification and classifi-
cation models. In the case of the example candidate
argument sequence above, for the node NP1 we have

the features:

(NP!S")-ARG1, (NP!S")-ARG

When comparing a local and a joint model, we use
the same set of local feature templates in the two
models.
Whole Label Sequence: As observed in previous
work (Gildea and Jurafsky, 2002; Pradhan et al.,
2004), including information about the set or se-
quence of labels assigned to argument nodes should
be very helpful for disambiguation. For example, in-
cluding such information will make the model less
likely to pick multiple fillers for the same role or
to come up with a labeling that does not contain an
obligatory argument. We added a whole label se-
quence feature template that extracts the labels of
all argument nodes, and preserves information about
the position of the predicate. The template also
includes information about the voice of the predi-
cate. For example, this template will be instantiated
as follows for the example candidate argument se-
quence:

[ voice:active ARG1,PRED,ARG4,ARGM-TMP]
We also add a variant of this feature which uses a
generic ARG label instead of specific labels. This
feature template has the effect of counting the num-
ber of arguments to the left and right of the predi-
cate, which provides useful global information about
argument structure. As previously observed (Prad-
han et al., 2004), including modifying arguments in
sequence features is not helpful. This was confirmed
in our experiments and we redefined the whole label
sequence features to exclude modifying arguments.
One important variation of this feature uses the

actual predicate lemma in addition to “voice:active”.
Additionally, we define variations of these feature
templates that concatenate the label sequence with
features of individual nodes. We experimented with

! How would you solve this problem?
! Make use of parse trees?
! Define features?  Which ones? How do 

we use the trees?
! Multi-class classification to find 

arguments? Independently or jointly?



Path Features

Path:
VB!VP"PP                    
VB!VP!S"NP
VB!VP"NP
VB!VP!VP!S"NP 
VB!VP"ADVP
NN!NP!NP"PP               

Description:
PP argument / adjunct
subject
object
subject (embedded VP)
adverbial adjunct
prepositional complement of noun



A Joint Model for SRL

! Problem: arguments are identified independently
! Answer: do joint classification 

! Learn local classifiers
! Make a n-best list with global constraints 

! Hard: arguments do not overlap (hard to 
compute?)

! Soft: features that test (potentially arbitrary) global 
properties
! example: indicator for each possible sequence of 

arguments

! Do re-ranking on the n-best list 
! multi-class classification with a log-linear model

[Toutanova et al 04]



Joint Model: Results
[Toutanova et al 04]

Task CORE ARGM
F1 Acc. F1 Acc.

Identification 95.1 84.0 95.2 80.5
Classification 96.0 93.3 93.6 85.6
Id+Classification 92.2 80.7 89.9 71.8

Table 2: Performance of local classifiers on identification, classification, and identification+classification on
section 23, using gold-standard parse trees.

N CORE ARGM
F1 Acc. F1 Acc.

1 92.2 80.7 89.9 71.8
5 97.8 93.9 96.8 89.5
20 99.2 97.4 98.8 95.3
30 99.3 97.9 99.0 96.2

Table 3: Oracle upper bounds for performance on the complete identification+classification task, using
varying numbers of top N joint labelings according to local classifiers.

Model CORE ARGM
F1 Acc. F1 Acc.

Local 92.2 80.7 89.9 71.8
Joint 94.7 88.2 92.1 79.4

Table 4: Performance of local and joint models on identification+classification on section 23, using gold-
standard parse trees.

We report results for two variations of the seman-
tic role labeling task. For CORE, we identify and
label only core arguments. For ARGM, we identify
and label core as well as modifier arguments. We
report results for local and joint models on argu-
ment identification, argument classification, and the
complete identification and classification pipeline.
Our local models use the features listed in Table 1
and the technique for enforcing the non-overlapping
constraint discussed in Section 3.1.

The labeling of the tree in Figure 1 is a specific
example of the kind of errors fixed by the joint mod-
els. The local classifier labeled the first argument in
the tree as ARG0 instead of ARG1, probably because
an ARG0 label is more likely for the subject position.

All joint models for these experiments used the
whole sequence and frame features. As can be seen
from Table 4, our joint models achieve error reduc-
tions of 32% and 22% over our local models in F-
Measure on CORE and ARGM respectively. With re-
spect to the Frame Accuracy metric, the joint error
reduction is 38% and 26% for CORE and ARGM re-
spectively.

We also report results on automatic parses (see
Table 5). We trained and tested on automatic parse

trees from Charniak’s parser (Charniak, 2000). For
approximately 5.6% of the argument constituents
in the test set, we could not find exact matches in
the automatic parses. Instead of discarding these
arguments, we took the largest constituent in the
automatic parse having the same head-word as the
gold-standard argument constituent. Also, 19 of the
propositions in the test set were discarded because
Charniak’s parser altered the tokenization of the in-
put sentence and tokens could not be aligned. As our
results show, the error reduction of our joint model
with respect to the local model is more modest in this
setting. One reason for this is the lower upper bound,
due largely to the the much poorer performance of
the identification model on automatic parses. For
ARGM, the local identification model achieves 85.9
F-Measure and 59.4 Frame Accuracy; the local clas-
sification model achieves 92.3 F-Measure and 83.1
Frame Accuracy. It seems that the largest boost
would come from features that can identify argu-
ments in the presence of parser errors, rather than
the features of our joint model, which ensure global
coherence of the argument frame. We still achieve
10.7% and 18.5% error reduction for CORE argu-
ments in F-Measure and Frame Accuracy respec-
tively.

Oracle upper-
bound with

N-best:

Hand-labeled
parses:

Automatic
parses:

Task CORE ARGM
F1 Acc. F1 Acc.

Identification 95.1 84.0 95.2 80.5
Classification 96.0 93.3 93.6 85.6
Id+Classification 92.2 80.7 89.9 71.8

Table 2: Performance of local classifiers on identification, classification, and identification+classification on
section 23, using gold-standard parse trees.

N CORE ARGM
F1 Acc. F1 Acc.

1 92.2 80.7 89.9 71.8
5 97.8 93.9 96.8 89.5
20 99.2 97.4 98.8 95.3
30 99.3 97.9 99.0 96.2

Table 3: Oracle upper bounds for performance on the complete identification+classification task, using
varying numbers of top N joint labelings according to local classifiers.

Model CORE ARGM
F1 Acc. F1 Acc.

Local 92.2 80.7 89.9 71.8
Joint 94.7 88.2 92.1 79.4

Table 4: Performance of local and joint models on identification+classification on section 23, using gold-
standard parse trees.

We report results for two variations of the seman-
tic role labeling task. For CORE, we identify and
label only core arguments. For ARGM, we identify
and label core as well as modifier arguments. We
report results for local and joint models on argu-
ment identification, argument classification, and the
complete identification and classification pipeline.
Our local models use the features listed in Table 1
and the technique for enforcing the non-overlapping
constraint discussed in Section 3.1.

The labeling of the tree in Figure 1 is a specific
example of the kind of errors fixed by the joint mod-
els. The local classifier labeled the first argument in
the tree as ARG0 instead of ARG1, probably because
an ARG0 label is more likely for the subject position.

All joint models for these experiments used the
whole sequence and frame features. As can be seen
from Table 4, our joint models achieve error reduc-
tions of 32% and 22% over our local models in F-
Measure on CORE and ARGM respectively. With re-
spect to the Frame Accuracy metric, the joint error
reduction is 38% and 26% for CORE and ARGM re-
spectively.

We also report results on automatic parses (see
Table 5). We trained and tested on automatic parse

trees from Charniak’s parser (Charniak, 2000). For
approximately 5.6% of the argument constituents
in the test set, we could not find exact matches in
the automatic parses. Instead of discarding these
arguments, we took the largest constituent in the
automatic parse having the same head-word as the
gold-standard argument constituent. Also, 19 of the
propositions in the test set were discarded because
Charniak’s parser altered the tokenization of the in-
put sentence and tokens could not be aligned. As our
results show, the error reduction of our joint model
with respect to the local model is more modest in this
setting. One reason for this is the lower upper bound,
due largely to the the much poorer performance of
the identification model on automatic parses. For
ARGM, the local identification model achieves 85.9
F-Measure and 59.4 Frame Accuracy; the local clas-
sification model achieves 92.3 F-Measure and 83.1
Frame Accuracy. It seems that the largest boost
would come from features that can identify argu-
ments in the presence of parser errors, rather than
the features of our joint model, which ensure global
coherence of the argument frame. We still achieve
10.7% and 18.5% error reduction for CORE argu-
ments in F-Measure and Frame Accuracy respec-
tively.

Model CORE ARGM
F1 Acc. F1 Acc.

Local 84.1 66.5 81.4 55.6
Joint 85.8 72.7 82.9 60.8

Table 5: Performance of local and joint models on identification+classification on section 23, using Charniak
automatically generated parse trees.

6 Related Work

Several semantic role labeling systems have success-
fully utilized joint information. (Gildea and Juraf-
sky, 2002) used the empirical probability of the set
of proposed arguments as a prior distribution. (Prad-
han et al., 2004) train a language model over label
sequences. (Punyakanok et al., 2004) use a linear
programming framework to ensure that the only ar-
gument frames which get probability mass are ones
that respect global constraints on argument labels.

The key differences of our approach compared
to previous work are that our model has all of the
following properties: (i) we do not assume a finite
Markov horizon for dependencies among node la-
bels, (ii) we include features looking at the labels
of multiple argument nodes and internal features of
these nodes, and (iii) we train a discriminative model
capable of incorporating these long-distance depen-
dencies.

7 Conclusions

Reflecting linguistic intuition and in line with cur-
rent work, we have shown that there are substantial
gains to be had by jointly modeling the argument
frames of verbs. This is especially true when we
model the dependencies with discriminative models
capable of incorporating long-distance features.
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Interaction with Empty Elements
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Figure 1: Example of empty and nonlocal annota-
tions from the Penn Treebank of English, including
null complementizers (0), relativization (*T*-1), right-
extraposition (*ICH*-2), and syntactic control (*-3).

1.1 Previous Work
Previous work on nonlocal dependency has focused
entirely on English, despite the disparity in type and
frequency of various non-local dependency con-
structions for varying languages (Kruijff, 2002).
Collins (1999)’s Model 3 investigated GPSG-style
trace threading for resolving nonlocal relative pro-
noun dependencies. Johnson (2002) was the first
post-processing approach to non-local dependency
recovery, using a simple pattern-matching algorithm
on context-free trees. Dienes and Dubey (2003a,b)
and Dienes (2003) approached the problem by pre-
identifying empty categories using an HMM on un-
parsed strings and threaded the identified empties
into the category structure of a context-free parser,
finding that this method compared favorably with
both Collins’ and Johnson’s. Traditional LFG pars-
ing, in both non-stochastic (Kaplan and Maxwell,
1993) and stochastic (Riezler et al., 2002; Kaplan
et al., 2004) incarnations, also divides the labor of
local and nonlocal dependency identification into
two phases, starting with context-free parses and
continuing by augmentation with functional infor-
mation.

2 Datasets
The datasets used for this study consist of the Wall
Street Journal section of the Penn Treebank of En-
glish (WSJ) and the context-free version of the
NEGRA (version 2) corpus of German (Skut et al.,
1997b). Full-size experiments on WSJ described in
Section 4 used the standard sections 2-21 for train-
ing, 24 for development, and trees whose yield is
under 100 words from section 23 for testing. Ex-
periments described in Section 4.3 used the same
development and test sets but files 200-959 of WSJ
as a smaller training set; for NEGRA we followed
Dubey and Keller (2003) in using the first 18,602
sentences for training, the last 1,000 for develop-

ment, and the previous 1,000 for testing. Consistent
with prior work and with common practice in statis-
tical parsing, we stripped categories of all functional
tags prior to training and testing (though in several
cases this seems to have been a limiting move; see
Section 5).
Nonlocal dependency annotation in Penn Tree-

banks can be divided into three major types: unin-
dexed empty elements, dislocations, and control.
The first type consists primarily of null complemen-
tizers, as exemplified in Figure 1 by the null rela-
tive pronoun 0 (c.f. aspects that it sees), and do not
participate in (though they may mediate) nonlocal
dependency. The second type consists of a dislo-
cated element coindexed with an origin site of se-
mantic interpretation, as in the association in Fig-
ure 1 of WHNP-1 with the direct object position
of sees (a relativization), and the association of S-
2 with the ADJP quick (a right dislocation). This
type encompasses the classic cases of nonlocal de-
pendency: topicalization, relativization, wh- move-
ment, and right dislocation, as well as expletives and
other instances of non-canonical argument position-
ing. The third type involves control loci in syntac-
tic argument positions, sometimes coindexed with
overt controllers, as in the association of the NP
Farmers with the empty subject position of the S-
2 node. (An example of a control locus with no
controller would be [S NP-* [VP Eating ice cream ]]
is fun.) Controllers are to be interpreted as syntac-
tic (and possibly semantic) arguments both in their
overt position and in the position of loci they con-
trol. This type encompasses raising, control, pas-
sivization, and unexpressed subjects of to- infinitive
and gerund verbs, among other constructions.2
NEGRA’s original annotation is as dependency

trees with phrasal nodes, crossing branches, and
no empty elements. However, the distribution in-
cludes a context-free version produced algorithmi-
cally by recursively remapping discontinuous parts
of nodes upward into higher phrases and marking
their sites of origin.3 The resulting “traces” cor-
respond roughly to a subclass of the second class
of Penn Treebank empties discussed above, and in-
clude wh- movement, topicalization, right extrapo-
sitions from NP, expletives, and scrambling of sub-

2Four of the annotation errors in WSJ lead to uninter-
pretable dislocation and sharing patterns, including failure to
annotate dislocations corresponding to marked origin sites, and
mislabelings of control loci as origin sites of dislocation that
lead to cyclic dislocations (which are explicitly prohibited in
WSJ annotation guidelines). We corrected these errors manu-
ally before model testing and training.

3For a detailed description of the algorithm for creating the
context-free version of NEGRA, see Skut et al. (1997a).



Empty Elements

! In the PTB, three kinds of empty elements:
! Null items (usually complementizers)
! Dislocation (WH-traces, topicalization, relative 

clause and heavy NP extraposition)
! Control (raising, passives, control, shared 

argumentation)

! Need to reconstruct these (and resolve 
any indexation)



Example: English
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Figure 1: Example of empty and nonlocal annota-
tions from the Penn Treebank of English, including
null complementizers (0), relativization (*T*-1), right-
extraposition (*ICH*-2), and syntactic control (*-3).

1.1 Previous Work
Previous work on nonlocal dependency has focused
entirely on English, despite the disparity in type and
frequency of various non-local dependency con-
structions for varying languages (Kruijff, 2002).
Collins (1999)’s Model 3 investigated GPSG-style
trace threading for resolving nonlocal relative pro-
noun dependencies. Johnson (2002) was the first
post-processing approach to non-local dependency
recovery, using a simple pattern-matching algorithm
on context-free trees. Dienes and Dubey (2003a,b)
and Dienes (2003) approached the problem by pre-
identifying empty categories using an HMM on un-
parsed strings and threaded the identified empties
into the category structure of a context-free parser,
finding that this method compared favorably with
both Collins’ and Johnson’s. Traditional LFG pars-
ing, in both non-stochastic (Kaplan and Maxwell,
1993) and stochastic (Riezler et al., 2002; Kaplan
et al., 2004) incarnations, also divides the labor of
local and nonlocal dependency identification into
two phases, starting with context-free parses and
continuing by augmentation with functional infor-
mation.

2 Datasets
The datasets used for this study consist of the Wall
Street Journal section of the Penn Treebank of En-
glish (WSJ) and the context-free version of the
NEGRA (version 2) corpus of German (Skut et al.,
1997b). Full-size experiments on WSJ described in
Section 4 used the standard sections 2-21 for train-
ing, 24 for development, and trees whose yield is
under 100 words from section 23 for testing. Ex-
periments described in Section 4.3 used the same
development and test sets but files 200-959 of WSJ
as a smaller training set; for NEGRA we followed
Dubey and Keller (2003) in using the first 18,602
sentences for training, the last 1,000 for develop-

ment, and the previous 1,000 for testing. Consistent
with prior work and with common practice in statis-
tical parsing, we stripped categories of all functional
tags prior to training and testing (though in several
cases this seems to have been a limiting move; see
Section 5).
Nonlocal dependency annotation in Penn Tree-

banks can be divided into three major types: unin-
dexed empty elements, dislocations, and control.
The first type consists primarily of null complemen-
tizers, as exemplified in Figure 1 by the null rela-
tive pronoun 0 (c.f. aspects that it sees), and do not
participate in (though they may mediate) nonlocal
dependency. The second type consists of a dislo-
cated element coindexed with an origin site of se-
mantic interpretation, as in the association in Fig-
ure 1 of WHNP-1 with the direct object position
of sees (a relativization), and the association of S-
2 with the ADJP quick (a right dislocation). This
type encompasses the classic cases of nonlocal de-
pendency: topicalization, relativization, wh- move-
ment, and right dislocation, as well as expletives and
other instances of non-canonical argument position-
ing. The third type involves control loci in syntac-
tic argument positions, sometimes coindexed with
overt controllers, as in the association of the NP
Farmers with the empty subject position of the S-
2 node. (An example of a control locus with no
controller would be [S NP-* [VP Eating ice cream ]]
is fun.) Controllers are to be interpreted as syntac-
tic (and possibly semantic) arguments both in their
overt position and in the position of loci they con-
trol. This type encompasses raising, control, pas-
sivization, and unexpressed subjects of to- infinitive
and gerund verbs, among other constructions.2
NEGRA’s original annotation is as dependency

trees with phrasal nodes, crossing branches, and
no empty elements. However, the distribution in-
cludes a context-free version produced algorithmi-
cally by recursively remapping discontinuous parts
of nodes upward into higher phrases and marking
their sites of origin.3 The resulting “traces” cor-
respond roughly to a subclass of the second class
of Penn Treebank empties discussed above, and in-
clude wh- movement, topicalization, right extrapo-
sitions from NP, expletives, and scrambling of sub-

2Four of the annotation errors in WSJ lead to uninter-
pretable dislocation and sharing patterns, including failure to
annotate dislocations corresponding to marked origin sites, and
mislabelings of control loci as origin sites of dislocation that
lead to cyclic dislocations (which are explicitly prohibited in
WSJ annotation guidelines). We corrected these errors manu-
ally before model testing and training.

3For a detailed description of the algorithm for creating the
context-free version of NEGRA, see Skut et al. (1997a).

Control

Dislocation

Null item



Example: German 

S

VAFIN VP $, $.

AP wird PP VVPP .

ADV NP ADJD PROAV begonnen , VP

Erst ADJA NN später damit NP VZ

lange Zeit ART NE PTKZU VVINF

den RMV zu schaffen

S

AP-2

ADV

Erst
not until

NP

ADJA

lange
long

NN

Zeit
time

ADJD

später
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VAFIN

wird
will

VP

*T2* PP

PROAV

damit
with it

*T1*
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begonnen
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$,

,

VP-1

NP
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RMV
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“The RMV will not begin to be formed for a long time.”

Figure 2: Nonlocal dependencies via right-extraposition
(*T1*) and topicalization (*T2*) in the NEGRA cor-
pus of German, before (top) and after (bottom) transfor-
mation to context-free form. Dashed lines show where
nodes go as a result of remapping into context-free form.

jects after other complements. The positioning of
NEGRA’s “traces” inside the mother node is com-
pletely algorithmic; a dislocated constituent C has
its trace at the edge of the original mother closest
to C’s overt position. Given a context-free NEGRA
tree shorn of its trace/antecedent notation, however,
it is far from trivial to determine which nodes are
dislocated, and where they come from. Figure 2
shows an annotated sentence from the NEGRA cor-
pus with discontinuities due to right extraposition
(*T1*) and topicalization (*T2*), before and after
transformation into context-free form with traces.

3 Algorithm
Corresponding to the three types of empty-element
annotation found in the Penn Treebank, our algo-
rithm divides the process of CF tree enhancement
into three phases. Each phase involves the identifi-
cation of a certain subset of tree nodes to be oper-
ated on, followed by the application of the appro-
priate operation to the node. Operations may in-
volve the insertion of a category at some position
among a node’s daughters; the marking of certain
nodes as dislocated; or the relocation of dislocated
nodes to other positions within the tree. The content
and ordering of phases is consistent with the syntac-
tic theory upon which treebank annotation is based.
For example, WSJ annotates relative clauses lacking
overt relative pronouns, such as the SBAR in Fig-
ure 1, with a trace in the relativization site whose
antecedent is an empty relative pronoun. This re-
quires that empty relative pronoun insertion precede
dislocated element identification. Likewise, dislo-
cated elements can serve as controllers of control
loci, based on their originating site, so it is sensible

to return dislocated nodes to their originating sites
before identifying control loci and their controllers.
For WSJ, the three phases are:

1. (a) Determine nodes at which to insert null
COMPlementizers4 (IDENTNULL)

(b) For each COMP insertion node, determine
position of each insertion and insert COMP
(INSERTNULL)

2. (a) Classify each tree node as +/- DISLOCATED
(IDENTMOVED)

(b) For each DISLOCATED node, choose an ORI-
GIN node (RELOCMOVED)

(c) For each pair !DISLOCATED,origin", choose
a position of insertion and insert dislocated
(INSERTRELOC)

3. (a) Classify each node as +/- control LOCUS
(IDENTLOCUS)

(b) For each LOCUS, determine position of inser-
tion and insert LOCUS (INSERTLOCUS)

(c) For each LOCUS, determine CONTROLLER (if
any) (FINDCONTROLLER)

Note in particular that phase 2 involves the classifi-
cation of overt tree nodes as dislocated, followed
by the identification of an origin site (annotated
in the treebank as an empty node) for each dislo-
cated element; whereas phase 3 involves the iden-
tification of (empty) control loci first, and of con-
trollers later. This approach contrasts with John-
son (2002), who treats empty/antecedent identifi-
cation as a joint task, and with Dienes and Dubey
(2003a,b), who always identify empties first and de-
termine antecedents later. Our motivation is that it
should generally be easier to determine whether an
overt element is dislocated than whether a given po-
sition is the origin of some yet unknown dislocated
element (particularly in the absence of a sophisti-
cated model of argument expression); but control
loci are highly predictable from local context, such
as the subjectless non-finite S in Figure 1’s S-2.5 In-
deed this difference seems to be implicit in the non-
local feature templates used by Dienes and Dubey
(2003a,b) in their empty element tagger, in partic-
ular lookback for wh- words preceding a candidate
verb.
As described in Section 2, NEGRA’s nonlocal

annotation schema is much simpler, involving no
4The WSJ contains a number of SBARs headed by empty

complementizers with trace S’s. These SBARs are introduced
in our algorithm as projections of identified empty complemen-
tizers as daughters of non-SBAR categories.

5Additionally, whereas dislocated nodes are always overt,
control loci may be controlled by other (null) control loci,
meaning that identifying controllers before control loci would
still entail looking for nulls.

English Translation: 
The RMV will not begin to be formed for a long time.



Types of Empties

Antecedent POS Label Count Description
NP NP * 18,334 NP trace (e.g., Sam was seen *)

NP * 9,812 NP PRO (e.g., * to sleep is nice)
WHNP NP *T* 8,620 WH trace (e.g., the woman who you saw *T*)

*U* 7,478 Empty units (e.g., $ 25 *U*)
0 5,635 Empty complementizers (e.g., Sam said 0 Sasha snores)

S S *T* 4,063 Moved clauses (e.g., Sam had to go, Sasha explained *T*)
WHADVP ADVP *T* 2,492 WH-trace (e.g., Sam explained how to leave *T*)

SBAR 2,033 Empty clauses (e.g., Sam had to go, Sasha explained (SBAR))
WHNP 0 1,759 Empty relative pronouns (e.g., the woman 0 we saw)
WHADVP 0 575 Empty relative pronouns (e.g., no reason 0 to leave)

Table 1: The distribution of the 10 most frequent types of empty nodes and their antecedents in sections 2–
21 of the Penn Treebank (there are approximately 64,000 empty nodes in total). The “label” column gives
the terminal label of the empty node, the “POS” column gives its preterminal label and the “Antecedent”
column gives the label of its antecedent. The entry with an SBAR POS and empty label corresponds to an
empty compound SBAR subtree, as explained in the text and Figure 3.

SINV

S-1

NP

NNS

changes

VP

VBD

occured

,

,

VP

VBD

said

SBAR

-NONE-

0

S

-NONE-

*T*-1

NP

NNP

Sam

Figure 3: A parse tree containing an empty com-
pound SBAR subtree.

be regarded as an instance of the Memory-Based
Learning approach, where both the pattern extrac-
tion and pattern matching involve recursively visit-
ing all of the subtrees of the tree concerned. It can
also be regarded as a kind of tree transformation, so
the overall system architecture (including the parser)
is an instance of the “transform-detransform” ap-
proach advocated by Johnson (1998). The algorithm
has two phases. The first phase of the algorithm
extracts the patterns from the trees in the training
corpus. The second phase of the algorithm uses
these extracted patterns to insert empty nodes and
index their antecedents in trees that do not contain
empty nodes. Before the trees are used in the train-
ing and insertion phases they are passed through a

common preproccessing step, which relabels preter-
minal nodes dominating auxiliary verbs and transi-
tive verbs.

2.1 Auxiliary and transitivity annotation
The preprocessing step relabels auxiliary verbs and
transitive verbs in all trees seen by the algorithm.
This relabelling is deterministic and depends only on
the terminal (i.e., the word) and its preterminal label.
Auxiliary verbs such as is and being are relabelled as
either a AUX or AUXG respectively. The relabelling
of auxiliary verbs was performed primarily because
Charniak’s parser (which produced one of the test
corpora) produces trees with such labels; experi-
ments (on the development section) show that aux-
iliary relabelling has little effect on the algorithm’s
performance.

The transitive verb relabelling suffixes the preter-
minal labels of transitive verbs with “ t”. For ex-
ample, in Figure 1 the verb likes is relabelled VBZ t
in this step. A verb is deemed transitive if its stem
is followed by an NP without any grammatical func-
tion annotation at least 50% of the time in the train-
ing corpus; all such verbs are relabelled whether or
not any particular instance is followed by an NP.

Intuitively, transitivity would seem to be a power-
ful cue that there is an empty node following a verb.
Experiments on the development corpus showed that
transitivity annotation provides a small but useful
improvement to the algorithm’s performance. The



A Pattern-Matching Approach
! Problem: Treebank parsers do not 

mark empty elements
! Approach: build a set of rules to 

automatically add them to parser 
output

[Johnson 02]

Template:



Pattern-Matching Details
! Something like transformation-based learning
! Extract patterns

! Details: mark transitive verbs, auxiliaries
! Details: match legal subtrees

! Rank patterns
! Pruning ranking: by correct / match rate on training 

set
! Application priority: by depth

! Breadth first traversal (parent before children)
! Greedy match 

! favors matching large patterns first (why?)



Top Patterns Extracted
Count Match Pattern

5816 6223 (S (NP (-NONE- *)) VP)
5605 7895 (SBAR (-NONE- 0) S)
5312 5338 (SBAR WHNP-1 (S (NP (-NONE- *T*-1)) VP))
4434 5217 (NP QP (-NONE- *U*))
1682 1682 (NP $ CD (-NONE- *U*))
1327 1593 (VP VBN t (NP (-NONE- *)) PP)

700 700 (ADJP QP (-NONE- *U*))
662 1219 (SBAR (WHNP-1 (-NONE- 0)) (S (NP (-NONE- *T*-1)) VP))
618 635 (S S-1 , NP (VP VBD (SBAR (-NONE- 0) (S (-NONE- *T*-1)))) .)
499 512 (SINV ‘‘ S-1 , ’’ (VP VBZ (S (-NONE- *T*-1))) NP .)
361 369 (SINV ‘‘ S-1 , ’’ (VP VBD (S (-NONE- *T*-1))) NP .)
352 320 (S NP-1 (VP VBZ (S (NP (-NONE- *-1)) VP)))
346 273 (S NP-1 (VP AUX (VP VBN t (NP (-NONE- *-1)) PP)))
322 467 (VP VBD t (NP (-NONE- *)) PP)
269 275 (S ‘‘ S-1 , ’’ NP (VP VBD (S (-NONE- *T*-1))) .)

Table 2: The most common empty node patterns found in the Penn Treebank training corpus. The Count
column is the number of times the pattern was found, and the Match column is an estimate of the number of
times that this pattern matches some subtree in the training corpus during empty node recovery, as explained
in the text.

derived from the corpus to be evaluated. Then as is
standard, the precision P , recall R and f-score f are
calculated as follows:

P =
|G ! T |
|T |

R =
|G ! T |
|G|

f =
2P R

P + R

Table 3 provides these measures for two different
test corpora: (i) a version of section 23 of the
Penn Treebank from which empty nodes, indices
and unary branching chains consisting of nodes of
the same category were removed, and (ii) the trees
produced by Charniak’s parser on the strings of sec-
tion 23 (Charniak, 2000).

To evaluate co-indexation of empty nodes and
their antecedents, we augment the representation of
empty nodes as follows. The augmented represen-
tation for empty nodes consists of the triple of cat-
egory plus string positions as above, together with
the set of triples of all of the non-empty nodes the
empty node is co-indexed with. (Usually this set
of antecedents is either empty or contains a single
node). Precision, recall and f-score are defined for

these augmented representations as before.

Note that this is a particularly stringent evalua-
tion measure for a system including a parser, since
it is necessary for the parser to produce a non-empty
node of the correct category in the correct location to
serve as an antecedent for the empty node. Table 4
provides these measures for the same two corpora
described earlier.

In an attempt to devise an evaluation measure for
empty node co-indexation that depends less on syn-
tactic structure we experimented with a modified
augmented empty node representation in which each
antecedent is represented by its head’s category and
location. (The intuition behind this is that we do
not want to penalize the empty node antecedent-
finding algorithm if the parser misattaches modi-
fiers to the antecedent). In fact this head-based an-
tecedent representation yields scores very similiar
to those obtained using the phrase-based represen-
tation. It seems that in the cases where the parser
does not construct a phrase in the appropriate loca-
tion to serve as the antecedent for an empty node,
the syntactic structure is typically so distorted that
either the pattern-matcher fails or the head-finding
algorithm does not return the “correct” head either.



Results

Empty node Section 23 Parser output
POS Label P R f P R f

(Overall) 0.93 0.83 0.88 0.85 0.74 0.79
NP * 0.95 0.87 0.91 0.86 0.79 0.82
NP *T* 0.93 0.88 0.91 0.85 0.77 0.81

0 0.94 0.99 0.96 0.86 0.89 0.88
*U* 0.92 0.98 0.95 0.87 0.96 0.92

S *T* 0.98 0.83 0.90 0.97 0.81 0.88
ADVP *T* 0.91 0.52 0.66 0.84 0.42 0.56
SBAR 0.90 0.63 0.74 0.88 0.58 0.70
WHNP 0 0.75 0.79 0.77 0.48 0.46 0.47

Table 3: Evaluation of the empty node restoration procedure ignoring antecedents. Individual results are
reported for all types of empty node that occured more than 100 times in the “gold standard” corpus (sec-
tion 23 of the Penn Treebank); these are ordered by frequency of occurence in the gold standard. Section 23
is a test corpus consisting of a version of section 23 from which all empty nodes and indices were removed.
The parser output was produced by Charniak’s parser (Charniak, 2000).

Empty node Section 23 Parser output
Antecedant POS Label P R f P R f

(Overall) 0.80 0.70 0.75 0.73 0.63 0.68
NP NP * 0.86 0.50 0.63 0.81 0.48 0.60
WHNP NP *T* 0.93 0.88 0.90 0.85 0.77 0.80

NP * 0.45 0.77 0.57 0.40 0.67 0.50
0 0.94 0.99 0.96 0.86 0.89 0.88
*U* 0.92 0.98 0.95 0.87 0.96 0.92

S S *T* 0.98 0.83 0.90 0.96 0.79 0.87
WHADVP ADVP *T* 0.91 0.52 0.66 0.82 0.42 0.56

SBAR 0.90 0.63 0.74 0.88 0.58 0.70
WHNP 0 0.75 0.79 0.77 0.48 0.46 0.47

Table 4: Evaluation of the empty node restoration procedure including antecedent indexing, using the mea-
sure explained in the text. Other details are the same as in Table 4.

Hand-labeled 
parses

Parses with errors (state 
of the art in 2002)



A Machine-Learning Approach

! Build two classifiers:
! First one predicts where empties go
! Second one predicts if/where they are bound
! Use syntactic features similar to SRL (paths, 

categories, heads, etc)

[Levy and Manning 04]

*F1 for individual roles, Accuracy for completely correct sentences



Semantic Interpretation
! Back to meaning!

! A very basic approach to computational semantics
! Truth-theoretic notion of semantics (Tarskian)
! Assign a “meaning” to each word
! Word meanings combine according to the parse structure
! People can and do spend entire courses on this topic
! We’ll spend about an hour!

! What’s NLP and what isn’t?
! Designing meaning representations?
! Computing those representations?
! Reasoning with them?

! Supplemental reading will be on the web page.



Meaning
! “Meaning”

! What is meaning?
! “The computer in the corner.”
! “Bob likes Alice.”
! “I think I am a gummi bear.”

! Knowing whether a statement is true?
! Knowing the conditions under which it’s true?
! Being able to react appropriately to it?

! “Who does Bob like?”
! “Close the door.”

! A distinction:
! Linguistic (semantic) meaning

! “The door is open.”
! Speaker (pragmatic) meaning

! Today: assembling the semantic meaning of sentence from its parts



Entailment and Presupposition
! Some notions worth knowing*:

! Entailment:
! A entails B if A being true necessarily implies B is true
! ? “Twitchy is a big mouse” ! “Twitchy is a mouse”
! ? “Twitchy is a big mouse” ! “Twitchy is big”
! ? “Twitchy is a big mouse” ! “Twitchy is furry”

! Presupposition:
! A presupposes B if A is only well-defined if B is true
! “The computer in the corner is broken” presupposes that 

there is a (salient) computer in the corner

*Technically, this is pragmatics



Truth-Conditional Semantics

! Linguistic expressions:
! “Bob sings”

! Logical expressions:
! sings(bob)
! Could be p_1218(e_397)

! Denotation:
! [[bob]] = some specific person (in some context)
! [[sings(bob)]] = ???

! Types on logical expressions:
! bob : e   (for entity)
! sings(bob) : t (for truth-value)

S

NP

Bob
bob

VP

sings
"y.sings(y)

sings(bob)



Truth-Conditional Semantics
! Proper names:

! Refer directly to some entity in the world
! Bob : bob          [[bob]]W " ???

! Sentences:
! Are either true or false (given
 how the world actually is)
! Bob sings : sings(bob)

! So what about verbs (and verb phrases)?
! sings must combine with bob to produce sings(bob)
! The "-calculus is a notation for functions whose arguments are 

not yet filled.
! sings : "x.sings(x)
! This is predicate – a function which takes an entity (type e) and 

produces a truth value (type t).  We can write its type as e!t.
! Adjectives?

S

NP

Bob
bob

VP

sings
"y.sings(y)

sings(bob)



Compositional Semantics
! So now we have meanings for the words
! How do we know how to combine words?
! Associate a combination rule with each grammar rule:

! S : #($) ! NP : $   VP : #      (function application)
! VP : "x . $(x) % #(x) ! VP : $    and : &   VP : #   (intersection)

! Example:

S

NP VP

Bob VP and

sings

VP

dances
bob

"y.sings(y) "z.dances(z)

"x.sings(x) % dances(x) 

["x.sings(x) % dances(x)](bob) 

sings(bob) % dances(bob)



Denotation
! What do we do with logical translations?

! Translation language (logical form) has fewer 
ambiguities

! Can check truth value against a database
! Denotation (“evaluation”) calculated using the database

! More usefully: assert truth and modify a database
! Questions: check whether a statement in a corpus 

entails the (question, answer) pair:
! “Bob sings and dances” ! “Who sings?” + “Bob”

! Chain together facts and use them for comprehension



Other Cases

! Transitive verbs:
! likes : "x."y.likes(y,x)
! Two-place predicates of type e!(e!t).
! likes Amy : "y.likes(y,Amy) is just like a one-place predicate.

! Quantifiers:
! What does “Everyone” mean here?
! Everyone : "f.'x.f(x)
! Mostly works, but some problems

! Have to change our NP/VP rule.
! Won’t work for “Amy likes everyone.”

! “Everyone likes someone.”
! This gets tricky quickly!

S

NP VP

Everyone VBP NP

Amylikes
"x."y.likes(y,x)

"y.likes(y,amy)

amy

"f.'x.f(x)

["f.'x.f(x)]("y.likes(y,amy))

'x.likes(x,amy)



Indefinites
! First try

! “Bob ate a waffle” : ate(bob,waffle)
! “Amy ate a waffle” : ate(amy,waffle)

! Can’t be right!
! ( x : waffle(x) % ate(bob,x)
! What does the translation
 of “a” have to be?
! What about “the”?
! What about “every”?

S

NP VP

Bob VBD NP

a waffleate



Grounding
! Grounding

! So why does the translation likes : "x."y.likes(y,x) 
have anything to do with actual liking?

! It doesn’t (unless the denotation model says so)
! Sometimes that’s enough: wire up bought to the 

appropriate entry in a database

! Meaning postulates
! Insist, e.g 'x,y.likes(y,x) ! knows(y,x)
! This gets into lexical semantics issues

! Statistical version?



Tense and Events
! In general, you don’t get far with verbs as predicates
! Better to have event variables e

! “Alice danced” : danced(alice)
! ( e : dance(e) % agent(e,alice) % (time(e) < now)

! Event variables let you talk about non-trivial tense / 
aspect structures
! “Alice had been dancing when Bob sneezed”
! ( e, e’ :  dance(e) % agent(e,alice) %
   sneeze(e’) % agent(e’,bob) %
   (start(e) < start(e’) % end(e) = end(e’)) %
   (time(e’) < now)



Adverbs
! What about adverbs?

! “Bob sings terribly”

! terribly(sings(bob))?

! (terribly(sings))(bob)?

! (e present(e) % type
(e, singing) % agent
(e,bob) % manner(e, 
terrible) ?

! It’s really not this 
simple..

S

NP VP

Bob VBP ADVP

terriblysings



Propositional Attitudes
! “Bob thinks that I am a gummi bear”

! thinks(bob, gummi(me)) ?
! thinks(bob, “I am a gummi bear”) ?
! thinks(bob, ^gummi(me)) ?

! Usual solution involves intensions (^X) which are, 
roughly, the set of possible worlds (or conditions) in 
which X is true

! Hard to deal with computationally
! Modeling other agents models, etc
! Can come up in simple dialog scenarios, e.g., if you want to talk 

about what your bill claims you bought vs. what you actually 
bought



Trickier Stuff

! Non-Intersective Adjectives
! green ball : "x.[green(x) % ball(x)]
! fake diamond : "x.[fake(x) % diamond(x)] ?

! Generalized Quantifiers
! the : "f.[unique-member(f)]
! all : "f. "g ['x.f(x) ! g(x)]
! most?
! Could do with more general second order predicates, too (why worse?)

! the(cat, meows), all(cat, meows)
! Generics

! “Cats like naps”
! “The players scored a goal”

! Pronouns (and bound anaphora)
! “If you have a dime, put it in the meter.”

! … the list goes on and on!

"x.[fake(diamond(x))



Multiple Quantifiers
! Quantifier scope

! Groucho Marx celebrates quantifier order ambiguity:
 “In this country a woman gives birth every 15 min.
     Our job is to find that woman and stop her.”

! Deciding between readings
! “Bob bought a pumpkin every Halloween”
! “Bob put a warning in every window”
! Multiple ways to work this out

! Make it syntactic (movement)
! Make it lexical (type-shifting)



! Add a “sem” feature to each context-free rule
! S ! NP loves NP

! S[sem=loves(x,y)] ! NP[sem=x] loves NP[sem=y] 
! Meaning of S depends on meaning of NPs

! TAG version:

Implementation, TAG, Idioms

NPV
loves

VP

S

NP
x

y

loves(x,y)

NP
  the bucket

V
kicked

VP

S

NP
x

died(x)

! Template filling: S[sem=showflights(x,y)] ! 
      I want a flight from NP[sem=x] to NP[sem=y]



Modeling Uncertainty

! Gaping hole warning!
! Big difference between statistical disambiguation and statistical 

reasoning.

! With probabilistic parsers, can say things like “72% belief that the PP 
attaches to the NP.”

! That means that probably the enemy has night vision goggles.
! However, you can’t throw a logical assertion into a theorem prover 

with 72% confidence.
! Not clear humans really extract and process logical statements 

symbolically anyway.
! Use this to decide the expected utility of calling reinforcements?

! In short, we need probabilistic reasoning, not just probabilistic 
disambiguation followed by symbolic reasoning!

The scout saw the enemy soldiers with night goggles.


