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What do we know already?

• Ordered Narrative Chains by Chambers & Jurafsky 2008 (C&J08)

• Key Properties:

• event relations centered around one entity - protagonist

• partially ordered temporally 

• for evaluation, clustered to form discrete chains
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Figure 6: An automatically learned Prosecution Chain.
Arrows indicate the before relation.

likely events from consideration. It is advantageous
to consider a space of possible narrative events and
the ordering within, not a closed list.

However, it is worthwhile to construct discrete
narrative chains, if only to see whether the combina-
tion of event learning and ordering produce script-
like structures. This is easily achievable by using
the PMI scores from section 4 in an agglomerative
clustering algorithm, and then applying the ordering
relations from section 5 to produce a directed graph.

Figures 6 and 7 show two learned chains after
clustering and ordering. Each arrow indicates a be-
fore relation. Duplicate arrows implied by rules of
transitivity are removed. Figure 6 is remarkably ac-
curate, and figure 7 addresses one of the chains from
our introduction, the employment narrative. The
core employment events are accurate, but cluster-
ing included life events (born, died, graduated) from
obituaries of which some temporal information is in-
correct. The Timebank corpus does not include obit-
uaries, thus we suffer from sparsity in training data.

7 Discussion

We have shown that it is possible to learn narrative
event chains unsupervised from raw text. Not only
do our narrative relations show improvements over
a baseline, but narrative chains offer hope for many
other areas of NLP. Inference, coherence in summa-
rization and generation, slot filling for question an-
swering, and frame induction are all potential areas.

We learned a new measure of similarity, the nar-

Figure 7: An Employment Chain. Dotted lines indicate
incorrect before relations.

rative relation, using the protagonist as a hook to ex-
tract a list of related events from each document.
The 37% improvement over a verb-only baseline
shows that we may not need presorted topics of doc-
uments to learn inferences. In addition, we applied
state of the art temporal classification to show that
sets of events can be partially ordered. Judgements
of coherence can then be made over chains within
documents. Further work in temporal classification
may increase accuracy even further.

Finally, we showed how the event space of narra-
tive relations can be clustered to create discrete sets.
While it is unclear if these are better than an uncon-
strained distribution of events, they do offer insight
into the quality of narratives.

An important area not discussed in this paper is
the possibility of using narrative chains for semantic
role learning. A narrative chain can be viewed as
defining the semantic roles of an event, constraining
it against roles of the other events in the chain. An
argument’s class can then be defined as the set of
narrative arguments in which it appears.

We believe our model provides an important first
step toward learning the rich causal, temporal and
inferential structure of scripts and frames.
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A new structure?
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Overview

• Motivation

• Narrative Schemas

• Typed events

• Similarity between events and event slots

• From chain to schema

• Evaluation

• Quantitative evaluation using Narrative Cloze

• Conclusion
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Motivation

• Problem 1: Arguments in chains in C&J08 are untyped

• Problem 2: Only protagonist contributes to event similarity, no other 
role
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2 Background

This paper addresses two areas of work in event
semantics, narrative event chains and semantic
role labeling. We begin by highlighting areas in
both that can mutually inform each other through
a narrative schema model.

2.1 Narrative Event Chains

Narrative Event Chains are partially ordered sets
of events that all involve the same shared par-
ticipant, the protagonist (Chambers and Jurafsky,
2008). A chain contains a set of verbs represent-
ing events, and for each verb, the grammatical role
filled by the shared protagonist.

An event is a verb together with its constellation
of arguments. An event slot is a tuple of an event
and a particular argument slot (grammatical rela-
tion), represented as a pair �v, d� where v is a verb
and d � {subject, object, prep}. A chain is a tu-
ple (L, O) where L is a set of event slots and O is
a partial (temporal) ordering. We will write event
slots in shorthand as (X pleads) or (pleads X) for
�pleads, subject� and �pleads, object�. Below is
an example chain modeling criminal prosecution.

L = (X pleads), (X admits), (convicted X), (sentenced X)
O = {(pleads, convicted), (convicted, sentenced), ...}

A graphical view is often more intuitive:

In this example, the protagonist of the chain
is the person being prosecuted and the other un-
specified event slots remain unfilled and uncon-
strained. Chains in the Chambers and Jurafsky
(2008) model are ordered; in this paper rather than
address the ordering task we focus on event and ar-
gument induction, leaving ordering as future work.

The Chambers and Jurafsky (2008) model
learns chains completely unsupervised, (albeit af-
ter parsing and resolving coreference in the text)
by counting pairs of verbs that share corefer-
ring arguments within documents and computing
the pointwise mutual information (PMI) between
these verb-argument pairs. The algorithm creates
chains by clustering event slots using their PMI
scores, and we showed this use of co-referring ar-
guments improves event relatedness.

Our previous work, however, has two major
limitations. First, the model did not express
any information about the protagonist, such as its
type or role. Role information (such as knowing
whether a filler is a location, a person, a particular
class of people, or even an inanimate object) could
crucially inform learning and inference. Second,
the model only represents one participant (the pro-
tagonist). Representing the other entities involved
in all event slots in the narrative could potentially
provide valuable information. We discuss both of
these extensions next.

2.1.1 The Case for Arguments
The Chambers and Jurafsky (2008) narrative
chains do not specify what type of argument fills
the role of protagonist. Chain learning and clus-
tering is based only on the frequency with which
two verbs share arguments, ignoring any features
of the arguments themselves.

Take this example of an actual chain from an
article in our training data. Given this chain of five
events, we want to choose other events most likely
to occur in this scenario.

hunt

use

accuse

suspect

search

fly

charge
?

One of the top scoring event slots is (fly X). Nar-
rative chains incorrectly favor (fly X) because it is
observed during training with all five event slots,
although not frequently with any one of them. An
event slot like (charge X) is much more plausible,
but is unfortunately scored lower by the model.

Representing the types of the arguments can
help solve this problem. Few types of arguments
are shared between the chain and (fly X). How-
ever, (charge X) shares many arguments with (ac-
cuse X), (search X) and (suspect X) (e.g., criminal
and suspect). Even more telling is that these argu-
ments are jointly shared (the same or coreferent)
across all three events. Chains represent coherent
scenarios, not just a set of independent pairs, so we
want to model argument overlap across all pairs.

2.1.2 The Case for Joint Chains
The second problem with narrative chains is that
they make judgments only between protagonist ar-
guments, one slot per event. All entities and slots
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Figure 2: Merging typed chains into a single unordered Narrative Schema.

figure 3. However, the object of (pull over A)
is not present in any of the other chains. Police
pull over cars, but this schema does not have a
chain involving cars. In contrast, (Y search) scores
well with the ‘police’ chain and (search X) scores
well in the ‘defendant’ chain too. Thus, we want
to favor search instead of pull over because the
schema is already modeling both arguments.

This intuition leads us to our event relatedness
function for the entire narrative schema N , not
just one chain. Instead of asking which event slot
�v, d� is a best fit, we ask if v is best by considering
all slots at once:
narsim(N, v) =

�

d�Dv

max(�, max
c�CN

chainsim�(c, �v, d�)) (5)

where CN is the set of chains in our narrative N . If
�v, d� does not have strong enough similarity with
any chain, it creates a new one with base score �.
The � parameter balances this decision of adding
to an existing chain in N or creating a new one.

3.4.3 Building Schemas
We use equation 5 to build schemas from the set
of events as opposed to the set of event slots that
previous work on narrative chains used. In Cham-
bers and Jurafsky (2008), narrative chains add the
best �e, d� based on the following:

max
j:0<j<m

chainsim(c, �vj , gj�) (6)

where m is the number of seen event slots in the
corpus and �vj , gj� is the jth such possible event
slot. Schemas are now learned by adding events
that maximize equation 5:

max
j:0<j<|v|

narsim(N, vj) (7)

where |v| is the number of observed verbs and vj

is the jth such verb. Verbs are incrementally added
to a narrative schema by strength of similarity.

Figure 3: Graphical view of an unordered schema
automatically built starting from the verb ‘arrest’.
A � value that encouraged splitting was used.

4 Sample Narrative Schemas

Figures 3 and 4 show two criminal schemas
learned completely automatically from the NYT
portion of the Gigaword Corpus (Graff, 2002).
We parse the text into dependency graphs and re-
solve coreferences. The figures result from learn-
ing over the event slot counts. In addition, figure 5
shows six of the top 20 scoring narrative schemas
learned by our system. We artificially required the
clustering procedure to stop (and sometimes con-
tinue) at six events per schema. Six was chosen
as the size to enable us to compare to FrameNet
in the next section; the mean number of verbs in
FrameNet frames is between five and six. A low
� was chosen to limit chain splitting. We built a
new schema starting from each verb that occurs in
more than 3000 and less than 50,000 documents
in the NYT section. This amounted to approxi-
mately 1800 verbs from which we show the top
20. Not surprisingly, most of the top schemas con-
cern business, politics, crime, or food.

5 Frames and Roles

Most previous work on unsupervised semantic
role labeling assumes that the set of possible
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mately 1800 verbs from which we show the top
20. Not surprisingly, most of the top schemas con-
cern business, politics, crime, or food.
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• Extend the definition of a narrative chain to include argument types
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• tuple (L, O) with L = set of event slots and O = partial ordering of L

• C&J09: Typed narrative chains:

• tuple (L, P, O) with L, O and P = set of argument types (using the CBC 
clustering method to cluster argument roles)

• An argument is a role of a set of types R (clusters of head words)
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in the space of events should be jointly considered
when making event relatedness decisions.

As an illustration, consider the verb arrest.
Which verb is more related, convict or capture?
A narrative chain might only look at the objects
of these verbs and choose the one with the high-
est score, usually choosing convict. But in this
case the subjects offer additional information; the
subject of arrest (police) is different from that of
convict (judge). A more informed decision prefers
capture because both the objects (suspect) and
subjects (police) are identical. This joint reason-
ing is absent from the narrative chain model.

2.2 Semantic Role Labeling

The task of semantic role learning and labeling
is to identify classes of entities that fill predicate
slots; semantic roles seem like they’d be a good
model for the kind of argument types we’d like
to learn for narratives. Most work on semantic
role labeling, however, is supervised, using Prop-
bank (Palmer et al., 2005), FrameNet (Baker et
al., 1998) or VerbNet (Kipper et al., 2000) as
gold standard roles and training data. More re-
cent learning work has applied bootstrapping ap-
proaches (Swier and Stevenson, 2004; He and
Gildea, 2006), but these still rely on a hand la-
beled seed corpus as well as a pre-defined set of
roles. Grenegar and Manning (2006) use the EM
algorithm to learn PropBank roles from unlabeled
data, and unlike bootstrapping, they don’t need a
labeled corpus from which to start. However, they
do require a predefined set of roles (arg0, arg1,
etc.) to define the domain of their probabilistic
model.

Green and Dorr (2005) use WordNet’s graph
structure to cluster its verbs into FrameNet frames,
using glosses to name potential slots. We differ in
that we attempt to learn frame-like narrative struc-
ture from untagged newspaper text. Most sim-
ilar to us, Alishahi and Stevenson (2007) learn
verb specific semantic profiles of arguments us-
ing WordNet classes to define the roles. We learn
situation-specific classes of roles shared by multi-
ple verbs.

Thus, two open goals in role learning include
(1) unsupervised learning and (2) learning the
roles themselves rather than relying on pre-defined
role classes. As just described, Chambers and Ju-
rafsky (2008) offers an unsupervised approach to
event learning (goal 1), but lacks semantic role

knowledge (goal 2). The following sections de-
scribe a model that addresses both goals.

3 Narrative Schemas

The next sections introduce typed narrative chains
and chain merging, extensions that allow us to
jointly learn argument roles with event structure.

3.1 Typed Narrative Chains

The first step in describing a narrative schema is to
extend the definition of a narrative chain to include
argument types. We now constrain the protagonist
to be of a certain type or role. A Typed Narrative
Chain is a partially ordered set of event slots that
share an argument, but now the shared argument
is a role defined by being a member of a set of
types R. These types can be lexical units (such as
observed head words), noun clusters, or other se-
mantic representations. We use head words in the
examples below, but we also evaluate with argu-
ment clustering by mapping head words to mem-
ber clusters created with the CBC clustering algo-
rithm (Pantel and Lin, 2002).

We define a typed narrative chain as a tuple
(L, P, O) with L and O the set of event slots
and partial ordering as before. Let P be a set of
argument types (head words) representing a single
role. An example is given here:

L = {(hunt X), (X use), (suspect X), (accuse X), (search X)}
P = {person, government, company, criminal, ...}
O = {(use, hunt), (suspect, search), (suspect, accuse) ... }

3.2 Learning Argument Types

As mentioned above, narrative chains are learned
by parsing the text, resolving coreference, and ex-
tracting chains of events that share participants. In
our new model, argument types are learned simul-
taneously with narrative chains by finding salient
words that represent coreferential arguments. We
record counts of arguments that are observed with
each pair of event slots, build the referential set
for each word from its coreference chain, and then
represent each observed argument by the most fre-
quent head word in its referential set (ignoring pro-
nouns and mapping entity mentions with person
pronouns to a constant PERSON identifier).

As an example, the following contains four
worker mentions:
But for a growing proportion of U.S. workers, the troubles re-
ally set in when they apply for unemployment benefits. Many
workers find their benefits challenged.
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examples below, but we also evaluate with argu-
ment clustering by mapping head words to mem-
ber clusters created with the CBC clustering algo-
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We define a typed narrative chain as a tuple
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and partial ordering as before. Let P be a set of
argument types (head words) representing a single
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3.2 Learning Argument Types
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by parsing the text, resolving coreference, and ex-
tracting chains of events that share participants. In
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taneously with narrative chains by finding salient
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• Scoring a new event slot in C&J08:

• Extension of sim function to include argument a

• Scoring entire chain for argument a

• Score a new event slot based on the arg that max. the chain's score
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L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:

sim(�e, d� ,
˙
e�, d�

¸
, a) =

pmi(�e, d� ,
˙
e�, d�

¸
) + � log freq(�e, d� ,

˙
e�, d�

¸
, a)

(2)

where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:

sim(�e, d� ,
˙
e�, d�

¸
, a) =

pmi(�e, d� ,
˙
e�, d�

¸
) + � log freq(�e, d� ,

˙
e�, d�

¸
, a)

(2)

where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in

605

L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:

sim(�e, d� ,
˙
e�, d�

¸
, a) =

pmi(�e, d� ,
˙
e�, d�

¸
) + � log freq(�e, d� ,

˙
e�, d�

¸
, a)

(2)

where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in

605

L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:

sim(�e, d� ,
˙
e�, d�

¸
, a) =

pmi(�e, d� ,
˙
e�, d�

¸
) + � log freq(�e, d� ,

˙
e�, d�

¸
, a)

(2)

where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:
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where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:
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where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:
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where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in

605

Narrative Schemas
Similarity between event slots
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X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:
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where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:
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where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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• A narrative schema models all actors of a narrative

• all event slots are part of one (and only one) chain

• Definition:

• N = (E, C) with E = set of events and C = set of typed 
chains over event slots, not explicitly ordered
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Figure 2: Merging typed chains into a single unordered Narrative Schema.

figure 3. However, the object of (pull over A)
is not present in any of the other chains. Police
pull over cars, but this schema does not have a
chain involving cars. In contrast, (Y search) scores
well with the ‘police’ chain and (search X) scores
well in the ‘defendant’ chain too. Thus, we want
to favor search instead of pull over because the
schema is already modeling both arguments.

This intuition leads us to our event relatedness
function for the entire narrative schema N , not
just one chain. Instead of asking which event slot
�v, d� is a best fit, we ask if v is best by considering
all slots at once:
narsim(N, v) =

�

d�Dv

max(�, max
c�CN

chainsim�(c, �v, d�)) (5)

where CN is the set of chains in our narrative N . If
�v, d� does not have strong enough similarity with
any chain, it creates a new one with base score �.
The � parameter balances this decision of adding
to an existing chain in N or creating a new one.

3.4.3 Building Schemas
We use equation 5 to build schemas from the set
of events as opposed to the set of event slots that
previous work on narrative chains used. In Cham-
bers and Jurafsky (2008), narrative chains add the
best �e, d� based on the following:

max
j:0<j<m

chainsim(c, �vj , gj�) (6)

where m is the number of seen event slots in the
corpus and �vj , gj� is the jth such possible event
slot. Schemas are now learned by adding events
that maximize equation 5:

max
j:0<j<|v|

narsim(N, vj) (7)

where |v| is the number of observed verbs and vj

is the jth such verb. Verbs are incrementally added
to a narrative schema by strength of similarity.

Figure 3: Graphical view of an unordered schema
automatically built starting from the verb ‘arrest’.
A � value that encouraged splitting was used.

4 Sample Narrative Schemas

Figures 3 and 4 show two criminal schemas
learned completely automatically from the NYT
portion of the Gigaword Corpus (Graff, 2002).
We parse the text into dependency graphs and re-
solve coreferences. The figures result from learn-
ing over the event slot counts. In addition, figure 5
shows six of the top 20 scoring narrative schemas
learned by our system. We artificially required the
clustering procedure to stop (and sometimes con-
tinue) at six events per schema. Six was chosen
as the size to enable us to compare to FrameNet
in the next section; the mean number of verbs in
FrameNet frames is between five and six. A low
� was chosen to limit chain splitting. We built a
new schema starting from each verb that occurs in
more than 3000 and less than 50,000 documents
in the NYT section. This amounted to approxi-
mately 1800 verbs from which we show the top
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figure 3. However, the object of (pull over A)
is not present in any of the other chains. Police
pull over cars, but this schema does not have a
chain involving cars. In contrast, (Y search) scores
well with the ‘police’ chain and (search X) scores
well in the ‘defendant’ chain too. Thus, we want
to favor search instead of pull over because the
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The � parameter balances this decision of adding
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best �e, d� based on the following:
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figure 3. However, the object of (pull over A)
is not present in any of the other chains. Police
pull over cars, but this schema does not have a
chain involving cars. In contrast, (Y search) scores
well with the ‘police’ chain and (search X) scores
well in the ‘defendant’ chain too. Thus, we want
to favor search instead of pull over because the
schema is already modeling both arguments.

This intuition leads us to our event relatedness
function for the entire narrative schema N , not
just one chain. Instead of asking which event slot
�v, d� is a best fit, we ask if v is best by considering
all slots at once:
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�v, d� does not have strong enough similarity with
any chain, it creates a new one with base score �.
The � parameter balances this decision of adding
to an existing chain in N or creating a new one.

3.4.3 Building Schemas
We use equation 5 to build schemas from the set
of events as opposed to the set of event slots that
previous work on narrative chains used. In Cham-
bers and Jurafsky (2008), narrative chains add the
best �e, d� based on the following:
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corpus and �vj , gj� is the jth such possible event
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that maximize equation 5:
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L = {X arrest, X charge, X raid, X seize,
X confiscate, X detain, X deport }

P = {police, agent, authority, government}

Figure 1: A typed narrative chain. The four top
arguments are given. The ordering O is not shown.

The four bolded terms are coreferential and
(hopefully) identified by coreference. Our algo-
rithm chooses the head word of each phrase and
ignores the pronouns. It then chooses the most
frequent head word as the most salient mention.
In this example, the most salient term is workers.
If any pair of event slots share arguments from this
set, we count workers. In this example, the pair (X
find) and (X apply) shares an argument (they and
workers). The pair ((X find),(X apply)) is counted
once for narrative chain induction, and ((X find),
(X apply), workers) once for argument induction.

Figure 1 shows the top occurring words across
all event slot pairs in a criminal scenario chain.
This chain will be part of a larger narrative
schema, described in section 3.4.

3.3 Event Slot Similarity with Arguments
We now formalize event slot similarity with argu-
ments. Narrative chains as defined in (Chambers
and Jurafsky, 2008) score a new event slot �f, g�
against a chain of size n by summing over the
scores between all pairs:

chainsim(C, �f, g�) =
nX

i=1

sim(�ei, di� , �f, g�) (1)

where C is a narrative chain, f is a verb with
grammatical argument g, and sim(e, e�) is the
pointwise mutual information pmi(e, e�). Grow-
ing a chain by one adds the highest scoring event.

We extend this function to include argument
types by defining similarity in the context of a spe-
cific argument a:

sim(�e, d� ,
˙
e�, d�

¸
, a) =

pmi(�e, d� ,
˙
e�, d�

¸
) + � log freq(�e, d� ,

˙
e�, d�

¸
, a)

(2)

where � is a constant weighting factor and
freq(b, b�, a) is the corpus count of a filling the
arguments of events b and b�. We then score the
entire chain for a particular argument:

score(C, a) =
n�1X

i=1

nX

j=i+1

sim(�ei, di� , �ej , dj� , a) (3)

Using this chain score, we finally extend
chainsim to score a new event slot based on the
argument that maximizes the entire chain’s score:

chainsim�(C, �f, g�) =

max
a

(score(C, a) +
nX

i=1

sim(�ei, di� , �f, g� , a))
(4)

The argument is now directly influencing event
slot similarity scores. We will use this definition
in the next section to build Narrative Schemas.

3.4 Narrative Schema: Multiple Chains
Whereas a narrative chain is a set of event slots,
a Narrative Schema is a set of typed narrative
chains. A schema thus models all actors in a set
of events. If (push X) is in one chain, (Y push) is
in another. This allows us to model a document’s
entire narrative, not just one main actor.

3.4.1 The Model
A narrative schema is defined as a 2-tuple N =
(E,C) with E a set of events (here defined as
verbs) and C a set of typed chains over the
event slots. We represent an event as a verb v
and its grammatical argument positions Dv �
{subject, object, prep}. Thus, each event slot
�v, d� for all d � Dv belongs to a chain c � C
in the schema. Further, each c must be unique for
each slot of a single verb. Using the criminal pros-
ecution domain as an example, a narrative schema
in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
tations of the typed chains that are combined in
this schema. The first represents the event slots in
which the criminal is involved, the second the po-
lice, and the third is a court or judge. Although our
representation uses a set of chains, it is equivalent
to represent a schema as a constraint satisfaction
problem between �e, d� event slots. The next sec-
tion describes how to learn these schemas.

3.4.2 Learning Narrative Schemas
Previous work on narrative chains focused on re-
latedness scores between pairs of verb arguments
(event slots). The clustering step which built
chains depended on these pairwise scores. Narra-
tive schemas use a generalization of the entire verb
with all of its arguments. A joint decision can be
made such that a verb is added to a schema if both
its subject and object are assigned to chains in the
schema with high confidence.

For instance, it may be the case that (Y
pull over) scores well with the ‘police’ chain in
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in this domain is built as in figure 2.

The three dotted boxes are graphical represen-
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Qualitative Evaluation
FrameNet

Prof. Pinkal's turn!
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Quantitative Evaluation
Narrative Cloze

• Similar to C&J08's Narrative Cloze evaluation

• Leave-one-out cross validation on identical test set of 69 articles from 
NYT with 740 cloze tests, training size appr. 1M words

• Difference to C&J08: Verbs and argument roles are lemmatized

• Different evaluations are conducted:

• Typed vs. untyped narrative chains

• Untyped narrative chains vs. untyped narrative schemas

• Typed narrative schemas

13



Narrative Cloze
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Figure 6: Results with varying sizes of training
data.

We parse the text into typed dependency graphs
with the Stanford Parser (de Marneffe et al., 2006),
recording all verbs with subject, object, or prepo-
sitional typed dependencies. Unlike in (Chambers
and Jurafsky, 2008), we lemmatize verbs and ar-
gument head words. We use the OpenNLP1 coref-
erence engine to resolve entity mentions.

The test set is the same as in (Chambers and Ju-
rafsky, 2008). 100 random news articles were se-
lected from the 2001 NYT section of the Gigaword
Corpus. Articles that did not contain a protagonist
with five or more events were ignored, leaving a
test set of 69 articles. We used a smaller develop-
ment set of size 17 to tune parameters.

6.3 Typed Chains

The first evaluation compares untyped against
typed narrative event chains. The typed model
uses equation 4 for chain clustering. The dotted
line ‘Chain’ and solid ‘Typed Chain’ in figure 6
shows the average ranked position over the test set.
The untyped chains plateau and begin to worsen
as the amount of training data increases, but the
typed model is able to improve for some time af-
ter. We see a 6.9% gain at 2004 when both lines
trend upwards.

6.4 Narrative Schema

The second evaluation compares the performance
of the narrative schema model against single nar-
rative chains. We ignore argument types and use
untyped chains in both (using equation 1 instead

1http://opennlp.sourceforge.net/

of 4). The dotted line ‘Chain’ and solid ‘Schema’
show performance results in figure 6. Narrative
Schemas have better ranked scores in all data sizes
and follow the previous experiment in improving
results as more data is added even though untyped
chains trend upward. We see a 3.3% gain at 2004.

6.5 Typed Narrative Schema
The final evaluation combines schemas with ar-
gument types to measure overall gain. We eval-
uated with both head words and CBC clusters
as argument representations. Not only do typed
chains and schemas outperform untyped chains,
combining the two gives a further performance
boost. Clustered arguments improve the re-
sults further, helping with sparse argument counts
(‘Typed Schema’ in figure 6 uses CBC argu-
ments). Overall, using all the data (by year 2004)
shows a 10.1% improvement over untyped narra-
tive chains.

7 Discussion

Our significant improvement in the cloze evalua-
tion shows that even though narrative cloze does
not evaluate argument types, jointly modeling the
arguments with events improves event cluster-
ing. Likewise, the FrameNet comparison suggests
that modeling related events helps argument learn-
ing. The tasks mutually inform each other. Our
argument learning algorithm not only performs
unsupervised induction of situation-specific role
classes, but the resulting roles and linking struc-
tures may also offer the possibility of (unsuper-
vised) FrameNet-style semantic role labeling.

Finding the best argument representation is an
important future direction. The performance of
our noun clusters in figure 6 showed that while the
other approaches leveled off, clusters continually
improved with more data. The exact balance be-
tween lexical units, clusters, or more general (tra-
ditional) semantic roles remains to be solved, and
may be application specific.

We hope in the future to show that a range of
NLU applications can benefit from the rich infer-
ential structures that narrative schemas provide.
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as argument representations. Not only do typed
chains and schemas outperform untyped chains,
combining the two gives a further performance
boost. Clustered arguments improve the re-
sults further, helping with sparse argument counts
(‘Typed Schema’ in figure 6 uses CBC argu-
ments). Overall, using all the data (by year 2004)
shows a 10.1% improvement over untyped narra-
tive chains.

7 Discussion

Our significant improvement in the cloze evalua-
tion shows that even though narrative cloze does
not evaluate argument types, jointly modeling the
arguments with events improves event cluster-
ing. Likewise, the FrameNet comparison suggests
that modeling related events helps argument learn-
ing. The tasks mutually inform each other. Our
argument learning algorithm not only performs
unsupervised induction of situation-specific role
classes, but the resulting roles and linking struc-
tures may also offer the possibility of (unsuper-
vised) FrameNet-style semantic role labeling.

Finding the best argument representation is an
important future direction. The performance of
our noun clusters in figure 6 showed that while the
other approaches leveled off, clusters continually
improved with more data. The exact balance be-
tween lexical units, clusters, or more general (tra-
ditional) semantic roles remains to be solved, and
may be application specific.

We hope in the future to show that a range of
NLU applications can benefit from the rich infer-
ential structures that narrative schemas provide.
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• Typed vs. untyped 
narrative chains:  
6.9% gain at 2004

• Untyped narrative 
schemas vs. untyped 
narrative chains:  
3.3% gain at 2004

• Typed narrative schemas:  
10.1% improvement over 
untyped narrative chains in 
2004

Narrative Cloze
Results



Conclusion

• Novel, unsupervised method for modeling a narrative's structure

• Narrative event schemas include automatically induced argument roles 
similar to semantic roles

• Narrative Cloze Evaluation showed the merit of jointly modeling 
arguments with events

• Future work

• Representation of arguments → include traditional roles?

• Solve temporal ordering of schemas
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Thanks for your attention!

Questions, feedback, etc.?
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